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Abstract

This paper addresses the problem of dynamic scene sur-
face reconstruction using Gaussian Splatting (GS), aim-
ing to recover temporally consistent geometry. While exist-
ing GS-based dynamic surface reconstruction methods can
vield superior reconstruction, they are typically limited to
either a single object or objects with only small deforma-
tions, struggling to maintain temporally consistent surface
reconstruction of large deformations over time. We propose
“4DSurf”, a novel and unified framework for generic dy-
namic surface reconstruction that does not require specify-
ing the number or types of objects in the scene, can han-
dle large surface deformations and temporal inconsistency
in reconstruction. The key innovation of our framework is
the introduction of Gaussian deformations induced Signed
Distance Function Flow Regularization that constrains the
motion of Gaussians to align with the evolving surface.
To handle large deformations, we introduce an Overlap-
ping Segment Partitioning strategy that divides the sequence
into overlapping segments with small deformations and in-
crementally passes geometric information across segments
through the shared overlapping timestep. Experiments on
two challenging dynamic scene datasets, Hi4D and CMU
Panoptic, demonstrate that our method outperforms state-
of-the-art surface reconstruction methods by 49% and 19%
in Chamfer distance, respectively, and achieves superior
temporal consistency under sparse-view settings.

1. Introduction

Dynamic surface reconstruction aims to recover temporally
consistent 3D geometry from video sequences, serving as a
foundation for numerous applications such as digital avatars
and virtual reality. Unlike the reconstruction of static sur-
faces that recovers a single shape, dynamic surface recon-
struction must faithfully model continuous deformations for
a scene of multiple shapes over time. Here, we address
dynamic surface reconstruction from sparse-view video se-
quences (fewer than 10 views), a practical setup, while
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Figure 1. Left: Using only a sparse set of input videos. Right: Our
approach sets a new state-of-the-art benchmark in surface recon-
struction for dynamic scenes on the CMU Panoptic dataset [13],
compared with recent dynamic surface reconstruction methods

(Neural SDF-Flow [26], Sparse2DGS [46], GauSTAR [56], D-
2DGS [55], and ST-2DGS [42]).

maintaining large scene coverage (shown in Fig. 1).

Recent advances in neural implicit and Gaussian-based
representations have significantly advanced dynamic sur-
face reconstruction. Dynamic Neural Radiance Fields
(NeRFs) [1, 2, 26, 40, 47] can capture detailed geometry
and view-dependent effects, yet suffer from slow optimiza-
tion and limited scalability. In contrast, Gaussian Splat-
ting (GS)-based approaches [10, 43—45] enable real-time
rendering and efficient optimization, but often struggle to
reconstruct accurate geometry. To achiever better geome-
try, several GS—based dynamic surface reconstruction meth-
ods [3, 20, 24, 25, 55] are proposed, but they only perform
well on the case of a single object with small deformations.
Therefore, they struggle with large deformations, which of-
ten result in surface jitter and inconsistent geometry over
time. Some methods [12, 16, 17] introduce priors such as
SMPL-X [32] for human-specific dynamic surface recon-
struction or depth and normal priors from pre-trained mod-
els [17] to regularize the surface reconstruction.
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By contrast, we present “4DSurf”, a prior-free method
to handle an unconstrained scene that may contain mul-
tiple (non-) rigid shapes and undergo large deformations.
Furthermore, we address the issues of surface jittering and
temporal inconsistency in existing methods by constraining
the temporal evolution of the surface. It is well known that
a static Signed Distance Function (SDF) field can repre-
sent arbitrary surface. When extended to dynamic scenes, a
time-dependent SDF field can be used to represent the sur-
face that changes consistently over time. Therefore, we can
leverage SDF flow [26] to characterize the temporal sur-
face evolution, which is the temporal derivative of time-
dependent SDF field and represents how signed distances
evolve over the time. The SDF flow constrains that, for any
locally smooth surface point, its temporal change equals the
negative projection of its scene flow onto the surface nor-
mal [26]. To achieve Gaussian-based temporal SDF field
representation, we introduce Gaussian Velocity Field to de-
scribe the deformation of Gaussians from canonical shape
to any timestep by predicting the motion of Gaussians. It
explicitly models the scene flow of any surface point on
each Gaussian. We then can derive SDF flow from the mo-
tion of Gaussians. Moreover, our dynamic Gaussian repre-
sentation enables the approximation of SDF flow from ren-
dered depth maps, providing an additional constraint from
geometry changes in 3D space. Together, these constraints
promote temporally consistent surface reconstruction.

To tackle large deformations over long sequence, we
adopt an Overlapping Segment Partitioning strategy by di-
viding the sequence into overlapping segments trained in-
crementally. The geometry of each segment is modeled by
a canonical shape and its associated learnable Gaussian Ve-
locity Field. Furthermore, we develop a Low-Rank Adapta-
tion (LoRA) [8]-based incremental motion tuning to model
the Gaussian Velocity Field for each segment, efficiently
adapting motion parameters with less storage. This makes
our method scalable for handling long motion sequences
without losing performance, as shown in our experiments.
Our main contributions are summarized as follows:

* We propose a prior-free, generic geometry- and motion-
consistent surface reconstruction method “4DSurf” of dy-
namic scenes from sparse view videos.

* We enforce temporally consistent reconstruction by reg-
ularizing the surface evolution so that the SDF flow
matches that induced by Gaussian deformations.

* We develop an Overlapping Segment Partitioning strategy
to handle large deformations, which can mitigate error ac-
cumulation and enhance scalability, and an incremental
motion tuning variant that further reduces storage usage
while maintaining competitive performance.

Extensive experiments on two challenging dynamic scene

datasets [13, 54] with multiple shapes and varying defor-

mations, demonstrating our method achieves state-of-the-

art performance and strong generality on reconstructing dy-
namic scene surface from sparse view videos.

2. Related Work

Novel View Synthesis for Dynamic Scenes. NeRFs [27]
have greatly advanced novel view synthesis and been ex-
tended to dynamic scenes. Dynamic NeRFs can be roughly
divided into three types: (1) those accelerating train-
ing and rendering via representation decoupling or hash
encoding [11, 22, 35, 39]; (2) those using deformation
fields with a canonical space [30, 31, 34, 38]; and (3)
incremental ones reusing a static NeRF from previous
frames [18, 36]. Recent 3D-GS [15] achieves a better ef-
ficiency—quality trade-off and inspires dynamic GS. Some
model dynamics via Gaussian-based canonical spaces and
deformation fields [10, 52], while others incorporate hash
encoding or decoupled representations for faster optimiza-
tion [45, 48]. Incremental schemes reuse Gaussians from
prior timesteps [5, 37, 50, 56]. Other works extend Gaus-
sians into higher-dimensional space [6, 53], enrich Gaussian
attributes [21, 43], or leverage priors such as optical flow or
depth from foundation models [23, 44]. However, most of
them neglect geometric representation over time, resulting
in temporally inaccurate and inconsistent geometry.

Dynamic Surface Reconstruction. Early works [14, 19,
29, 41, 49] deform predefined templates, while NeRF-based
methods [1, 2, 26, 40, 47] learn implicit fields. How-
ever, template-based methods rely heavily on templates, and
NeRF-based methods suffer from slow training and limited
scalability. Recently, many GS-based dynamic surface re-
construction methods have been proposed. DG-Mesh [24]
integrates deformable Gaussians with a differentiable Pois-
son solver [33], while later methods adopt 2D-GS [42, 55]
or planar-based Gaussians [3]. MaGS [25] jointly optimizes
mesh vertices and Gaussians, DGNS [20] couples SDF-
based NeRF with dynamic GS, and GauSTAR [56] adap-
tively regenerates Gaussians for finer surfaces. Human-
specific reconstruction methods [12, 16, 17] often depend
on priors such as SMPL-X [32]. Despite recent progress,
above methods are still confined to specific scenarios (e.g.,
single-object or multi-human setups with dense views) and
rely on priors like depth, optical flow, normals, or SMPL-X.
Some recent works [26, 42] relax such foundation priors but
still struggle with large deformations. In contrast, we pur-
sue a generic dynamic scene surface reconstruction method
from sparse view videos, which is not dedicated to any spe-
cific objects and can handle large deformations.

3. Preliminary: 2D Gaussian Splatting

Our goal is to model geometry, therefore we adopt
2DGS [9] in our framework, as it can model better geome-
try compared to 3DGS [15]. Each primitive is defined by
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(a) Overall Training Pipeline

(c) SDF Approximation

Figure 2. Overview: (a) Overall Training Pipeline. We first divide the sequence into N segments, each containing K +1 timesteps with
one overlapping virtual timestep. For the 1% segment, the initialization is derived from the visual hull reconstructed from all frames of its
first timestep. After training the first segment, the Gaussians of virtual timestep serves as the initialization for training the next segment.
Each segment maintains its own canonical space and Gaussian Velocity Field. (b) Gaussian Velocity Field. Given the Gaussian center
i in the canonical space and a specific timestep ¢, the Gaussian Velocity Field Fg(-) predicts its velocity v(u;,t), angular velocity
w(pi,t) and expansion velocity e(p;,t) at timestep t. These are then converted to position u!, rotation g, and scale &!, which are fed
into the differentiable rasterizer for image rendering. (¢) SDF Approximation. Following previous works [7, 28], we compute the distance

between the center and its corresponding depth point to estimate the signed distance.

a center p € R3, two orthogonal tangent vectors t,,t,
(parameterized via quaternion q), and a scale vector £ =
(&u, &v). The primitive is defined in the local tangent plane
as P(u,v) = p + & tyu + &yt v, and the Gaussian value
can be calculated by G(u) = exp(—(u? + v?)/2). Each
primitive also carries an opacity « and a view-dependent
color c represented by spherical harmonics. The pixel color
is rendered via alpha blending: ¢(p) = >, c;w;,w; =
@;G;(u(p)) H;;ll (1 - ;G;(u(p))). Depth is rendered
as: D(p) = 32, widi/(32,_, Wi +€), where d; is the in-
tersection depth between the ray and the ¢-th Gaussian disk.

4. Method

We present our overall training pipeline in Fig. 2(a). In
this section, we first describe our SDF Flow Regulariza-
tion (Sec. 4.1) induced by Gaussian Velocity Field. Then,
we introduce our Overlapping Segment Partitioning strat-
egy that can handle large deformations (Sec. 4.2). Next, we
introduce the incremental motion tuning to minimize stor-
age while maintaining competitive performance (Sec. 4.3).
Lastly, we present the overall training objective (Sec. 4.4).

4.1. SDF Flow Regularization

Our method enforces consistency between SDF flow de-
rived from the motion of the Gaussians and SDF flow es-
timated from 3D geometric changes, jointly yielding tem-
porally consistent surface evolution. Below we first revisit
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the definition of SDF flow in [26] followed by our defined
Gaussian Velocity Field and the derived regularization.

Revisit SDF Flow from Point-Wise Motion.

SDF field for static scene defines a scalar field s(%X) : R® —
R, where s(%X) denotes the signed distance from point X
to the closest surface. The surface is given by the zero-
level set {X | s(X) = 0}, and the normal is defined as
n(X) = Vgs(X). When extended to dynamic scenes, the
SDF field becomes time-dependent, s(X,t) : R3 x R — R,
and its temporal derivative % characterizes how the signed
distance evolves. Following [26], when At — 0, for a lo-
cally rigid point with line velocity v and angular velocity
w, its SDF flow is given by:

s _ o As o ox]
Ot At—so At Ot

nX) = —(wx x+v) n&

)
ey
which directly links SDF changes to the underlying scene
flow %i‘, demonstrating how the surface evolves over time.
However, Eq. (1) only considers point-wise motion in-
dependently on the surface and its relations to its SDF
changes, which cannot be directly applied for the points on
the Gaussians in the canonical space. Therefore, we intro-
duce the Gaussian Velocity Field to describe the deforma-
tions of Gaussians from canonical shape to any timestep by
modeling the motion of Gaussians. With such Gaussian Ve-
locity Field, we can explicitly model the scene flow of any
surface point on each Gaussian. Then we can derive the



relationship between the motion of the Gaussian and its in-
duced SDF changes to all surface points of the Gaussian. In
the following, we first describe the Gaussian Velocity Field
and then derive the SDF flow from the motion of Gaussians.

Gaussian Velocity Field

To explicitly describe the scene flow of Gaussians, we
use Gaussian Velocity Field to predict motions of Gaus-
sians to model deformations at each timestep instead of di-
rectly predicting the absolute deformation. The Fig. 2(b)
shows the overall procedure. Specifically, given the cen-
ter p; of the i Gaussian in the canonical space and the
timestep ¢ € R, the Gaussian Velocity Field Fg predicts
three types of motion parameters: velocity v(u;,t) € R3,
angular velocity w(u;,t) € R3, and expansion veloc-
ity e(p,t) € R? (velocity of scale changes). Formally,
v(pist), w(pit), e(pi,t) = Fo(v(pi),~(t)), where
~(+) denotes the positional encoding function. Then, we can
obtain the following parameters describing the deformation
of the i™ Gaussian at timestep t: p! = p; +v(pi, t)t, gt =
S (w(Hint) 1) ® i, & = & + e(pi, 1) t, where () repre-
sents a function that can convert rotation vectors to quater-
nions, and ® denotes quaternion multiplication. These
Gaussian parameters can enable differentiable rasterization
rendering at arbitrary timestep within each segment.

SDF Flow from Motion of Gaussians

Given the definition of above Gaussian Velocity Field, we
then can derive the SDF flow induced by the motion of
Gaussians, which can be introduced as a constraint for en-
suring temporally consistent reconstruction of surfaces.
Assumption. At timestep t, the motion of a 3D point
x € R3 in the canonical space of a Gaussian can be approx-
imated by a rigid transformation parameterized by rotation
R! € SO(3) and translation T* € R3. After an interval
At — 0, we can get the displacement of the point:

x4t — xt = ARR'x + AT, )

where AR € SO(3) and AT € R3 denote the incremental
rotation and translation.

Theorem. For any 3D point x in the canonical space
of a Gaussian, the temporal derivative £ of its SDF equals
the negative projection of the induced scene flow onto the
surface normal n (normal of the Gaussian):

f = —(wx R'x+v) 'n(R'x), 3)

where £ € R denotes the SDF flow, w € R? and v € R®
are the angular and linear velocities of the points on the
Gaussian, and n(R'x) is the surface normal at R'x.
Please refer to Supplementary Material Sec. 7 for a detailed
derivation. Note that, we compute the SDF flow at center of
each Gaussian in practice for efficient regularization.

SDF Flow from Geometry Changes

On the other hand, SDF flow can be derived by measuring
the changes of SDF values of each point in the 3D space.
The rendered depth can be interpreted as a pseudo-surface
of a time-dependent SDF. Here we look at the Gaussian cen-
ters at time ¢ and use these signed distances as our approxi-
mated SDF values, for convenient computation and compat-
ibility with the existing GS rasterizer. Indeed, ideally, the
SDF values of Gaussian centers are zero for time ¢{. How-
ever, SDF flow measures their changes due to the evolving
of the surface induced by the motion of Gaussians. We fol-
low previous works [7, 28] to do the SDF approximation
efficiently, which also leverages depth map as a pseudo-
surface for SDF estimation. We exploit the temporal deriva-
tive of those SDF values. Thus, given a Gaussian center p!,
we can approximate the SDF value 5(u!, t) at timestep ¢ as:

g(“iv t) = D(p*a t) - d(”’f? t)a “4)

where d(p!,t) € R denotes the distance from the camera
origin to the ! along the optical axis, and D(p*, t) repre-
sents the corresponding surface depth point at the projected
pixel p* on the depth map. The process can be referred to
Fig. 2(c). Then we can get its temporal derivative to obtain
the SDF flow f; € R from geometry changes:

j_ 05(ult) _ 0D(p",1)  0d(pt,t)
T 9t ot ot

See Supplementary Material Sec. 8 for more details of
above formula. By matching SDF flow from the motion
of Gaussians and geometry changes, we can achieve tem-
porally consistent surface evolution. Formally, SDF flow
regularization Lo = >, £ — £f|, where f! and f! denote
the SDF flow from the motion of Gaussians and geometry
changes of the i Gaussian at timestep ¢, respectively.

®)

4.2. Segment Partition

Existing works [20, 25, 55] can reconstruct dynamic scenes
with small deformations using one deformation field and
canonical shape. However, they struggle with large defor-
mations. To address this issue, we subdivide the video se-
quence into consecutive segments train the the model in-
crementally. We allow overlaps between neighboring seg-
ments, where each segment shares a virtual timestep with
the following one (the first timestep of the next segment).
Thus, each segment contains /{41 timesteps. We name this
strategy as Overlapping Segment Partitioning. Within each
segment, we model the geometry using a canonical shape
along with a Gaussian Velocity Field that describes the de-
formation. After training one segment, the Gaussians at its
virtual timestep are used as the initialization for training the
next segment, ensuring consistent geometry can pass to later
segments. Also, new Gaussians will be created in previ-
ously unseen regions. This process is shown in Fig. 2(a).
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Figure 3. Incremental Motion Tuning (IMT). After training the
Gaussian Velocity Field of the 1% segment, for the later N seg-
ment (N > 2), its Gaussian Velocity Field Fyn is initialized from
the 07~ of previous segment and fine-tuned using LoORA AQY .

During mesh extraction, the reconstructed mesh of the vir-
tual timestep is discarded to avoid duplication.

4.3. Incremental Motion Tuning

The Overlapping Segment Partitioning-based incremental
training strategy can mitigate error accumulation and han-
dle large deformations, but it increases the number of Gaus-
sian velocity fields and canonical shapes, leading to higher
storage costs. Merging canonical shapes of all segments is
non-trivial, so that we aim to reduce storage of Gaussian Ve-
locity Fields. Since all segments depict the same dynamic
scene, their primary difference lies in motion. We pro-
pose Incremental Motion Tuning (IMT), which incremen-
tally adapts the Gaussian Velocity Field from the previous
segment in a parameter-efficient manner. To be specific, af-
ter training the Gaussian Velocity Field of the first segment,
for later N'th segment (N > 2), we fine-tune the Gaussian
Velocity Field from its previous segment by using LoRA [8]
instead of learning a new one from scratch (see Fig. 3). For-
mally, the Gaussian Velocity Field parameters of the N"
(N > 2) segment is defined as: 8V = V-1 + AV,
where 8"V denotes the Gaussian Velocity Field parameters
of segment N, and AN = ANBY represents the low-rank
update, with AN € RIXr and BN € R*™9 where r < d.
By storing only A@" for each segment, IMT can reduce the
storage cost while maintain competitive performance.

4.4. Optimization

We employ a photometric loss Ling, three regularization
losses, and a mask loss Lp,. Ling follows prior works [10,
55] and combines an £; with D-SSIM term. We also
adopt the normal alignment loss £, and depth distortion loss
L4 from 2DGS [9], which align splat normals with depth-
derived normals for coherent surface and regularize geom-
etry by encouraging concentrated ray—splat intersections to
reduce depth ambiguity. Then, followed by our SDF flow
regularization Lq.y. Finally, we incorporate a mask loss to
reduce background artifacts. Formally, £,, = £;(M*, M),
where M* and M denote rendered and ground-truth alpha
masks. Here is the total training objective Lo

Liotal = Eimg + ALy + ALy + A3Lpow + /\4£m7 (6)

where A1, A2, A3, A4 denote the weights of each loss term.

5. Experiments

5.1. Settings

Datasets. We conduct experiments on two public datasets:
CMU Panoptic [13] and Hi4D [54]. Following [26], we use
four scenes from the CMU Panoptic: Ian3, Haggling
b2, Bandl, and Pizzal, each captured with a circular rig
of 10 RGB-D cameras at 1920 x 1080 resolution. Each
scene spans 24 timesteps and provides ground-truth point
clouds. From the Hi4D, we select six scenes: Backhug02,
Basketalll3,Fightl7,Footballl8, Talk22,and
Cheers37, each is captured with 8 RGB cameras at 940
x 1280 resolution. On average, each sequence contains 118
timesteps and each timestep is annotated with a high-quality
textured 3D mesh. Compared with CMU Panoptic, Hi4D
features larger motions, longer sequences, and multi-human
scene. Since our goal is surface reconstruction, we use all
RGB views for training and only evaluate the meshes.

Evaluation Metrics. We follow prior works [26, 42, 46]
and adopt Chamfer Distance (CD) that measured in terms of
Accuracy | (Acc), Completeness | (Comp), and Overall |
(the average of Acc and Comp) as our comparison metrics.

Baselines. We focus on generic dynamic scene surface re-
construction without relying on external priors, with the
emphasis on GS-based methods. We mainly compare
our method against GS-based dynamic surface reconstruc-
tion methods, including Space-Time-2DGS [42], Dynamic-
2DGS [55], and GauSTAR [56]. Note that GauSTAR recon-
structs dynamic scenes from dense-view videos using opti-
cal flow and depth priors, and performs incremental learn-
ing at each timestep. For completeness, we also compare
some NeRF-based dynamic surface reconstruction methods
on CMU Panoptic dataset, they are NDR [2] and Neural
SDF Flow [26], as they require long training time. Some
dynamic novel view synthesis methods are also included,
such as Tensor4D [35], 4DGS [45], SC-GS [10], and Free-
TimeGS [43], which demonstrate strong novel-view synthe-
sis performance, with FreeTimeGS representing the state-
of-the-art in novel view synthesis from multi-view dynamic
scenes. We further consider Sparse2DGS [46], a state-
of-the-art static surface reconstruction method from sparse
views, which we apply independently to each timestep
for fair comparison. We exclude Space-Time-2DGS on the
Hi4D due to unavailable code, and also omit MonoFu-
sion [44], DG-Mesh [24], and MaGS [25] for their reliance
on strong priors or task-specific assumptions.

Implementation Details. We build our model upon [55]
and use same parameters for the optimization of Gaus-
sians. The initial point cloud is obtained by constructing
a visual hull [51] from all-view foreground masks at the
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Table 1. CMU Panoptic [13] comparisons. We evaluate performance with Chamfer Distance (unit: mm). The top three results for each

metric are highlighted with , , and , respectively. Ours consistently achieves the best performance on the Overall metric.
Methods Bandl Ian3 Haggling b2 Pizzal
i Accl Comp| Overall] Acc] Compl Overall] Accl Compl Overall] Acc] Comp| Overall]
NDR [2] 159 237 198 218 207 213 125 228 177 177 250 213
Tensor4D [35] 171 292 232 154 228 190 137 253 195 183 235 229
Neural SDF-Flow [26] 130 214 172 141 175 15.8 831 186 135 115 206 16.1
4DGS [45] 124 224 17.3 88 172 13.0 90 199 144 121 221 17.1
SC-GS [10] 122 222 17.2 8.4 17.3 12.8 8.3 19.2 13.8 11.7 22.1 16.9
FreeTimeGS [43] 128 229 17.9 88 173 13.1 106 199 153 129 225 17.7
Sparse2DGS [46] 126 227 17.7 787 172 12.5 84 203 144 11 227 16.9
Space-Time-2DGS [42] 119 20.9 16.4 86 165 12.6 86 189 137 112 204 15.8
GauSTAR [56] 142 211 176 101 173 137 110 187 148 114 179 14.7
Dynamic-2DGS [55] 121 199 16.0 95 | 154 12.5 93 180 137 126 198 16.2
Ours w IMT-64 10 145 12.8 82 | 126 104 85 135 10 | 108 135 12.1
Ours wo IMT 1.1 | 144 127 83 | 126 10.5 84 | 133 108 109 134 122

Table 2. Hi4D [54] comparisons. We evaluate performance using Chamfer Distance (unit: cm). The top three results for each metric are

highlighted in , ,and , respectively. Ours significantly outperforms all baselines on the Overall metric.
Methods Cheers37 Talk22 Footballls8 Fight1l7 Basketballl3 Backhug02
¢ s Acc| Comp] Overall| Acc] Comp] Overall] Acc] Comp] Overall] Acc] Comp] Overall] Acc] Comp]| Overall] Acc] Comp]| Overall |

4DGS [45] 3.05 143 224 3.73 3.75 3.74 3.05 222 2.63 253 2.94 273 2.96 2.53 2.74 3.05 5.36 421
SC-GS [10] 1.58 0.97 127 1.62 321 241 1.47 1.81 1.64 1.58 2.65 2.11 1572] 1.90 1.81 1.87 5.16 3.51
FreeTimeGS [43] 2.34 1.22 1.78 3.21 2.21 2.71 2.20 1.64 1.92 3.71 2.14 2.93 3.04 3.10 3.07 2.61 3.81 3.21
Sparse2DGS [46] 2.66 0.96 1.81 3.21 1.86 2.54 1.94 0.98 1.46 1.27 0.75 1.01 4.87 2.10 3.48 2.00 1.59 1.79
GauSTAR [56] 2.10 252 231 2.74 1.96 235 2.74 0.49 1.62 332 225 2.79 4.15 1.04 2.59 2.18 1.99 2.09
Dynamic-2DGS [55]  2.62 1.96 229 275 0.88 1.82 1.76 0.44 1.10 2.33 1.20 1.77 3.55 0.98 2.27 1.59 0.55 1.07
Ours w IMT-64 0.71 0.25 0.48 1.09 0.59 0.84 0.81 0.30 0.56 0.82 0.46 0.64 1.09 0.69 0.89 0.93 0.60 0.76
Ours wo IMT 0.70 0.24 047 1.06 0.62 0.84 0.73 0.29 0.51 091 0.35 0.63 0.90 0.50 0.70 1.01 0.68 0.84

first timestep. The segment size is set to 5 with one vir-
tual timestep, and each segment is trained for 30K iter-
ations (about 30 mins). The network structure of Gaus-
sian Velocity Field is similar to the deformation network
in [52]. If with IMT-64, only the three heads are train-
able, while other linear layers are fine-tuned using LoRA
(rank=64). All experiments are conducted on one NVIDIA
RTX 3090Ti GPU. For mesh extraction, a TSDF volume [4]
is constructed by fusing RGB-D images from all training
views following [9, 55]. More details of datasets, baselines
and implementation are in Supplementary Material Sec. 10.

5.2. Comparisons

We compare our methods against recent GS-based dynamic
surface reconstruction baselines on CMU Panoptic [13] in
Tab. 1 and Hi4D [54] in Tab. 2. We consider two versions
of our method: one learns Gaussian Velocity Fields from
scratch for each segment (Ours wo IMT), while another ver-
sion (Ours w IMT-64) employs IMT-64 by fine tuning the
Gaussian Velocity Fields. We present qualitative compar-
isons on both CMU in Fig. 4 and Hi4D in Fig. 5. Baselines
used for qualitative comparisons are selected from three
categories introduced in Sec. 5.1, with one representative
baseline chosen from each category, they are: Dynamic-
2DGS [55], Sparse 2DGS [46], and FreeTimeGS [43].

CMU Panoptic Dataset. As shown in Tab. 1, our two meth-
ods consistently outperforms all the baselines and achieves
the lowest Overall values across all four scenes. Compared
with second-best results, Ours w/o IMT surpasses them by
over 19%. We visualize the scene Bandl and Ian3 in

Fig. 4. Since Bandl involves a more complex scene, we
show two different viewpoints at two distinct timesteps.
Our methods consistently produce smoother and more de-
tailed reconstructions, whereas the baselines show uneven,
noisy, and incomplete surfaces as highlighted in Fig. 4.

Hid4D Dataset. As shown in Tab. 2, our two methods
also achieve lowest Overall values on all six scenes. Ours
wo IMT improves upon second-best results by over 49%.
We visualize reconstructed scenes Basketballl3 and
Fight17 at two long-range timesteps from the same view-
point in Fig. 5. It can be clearly observed that our methods
reconstruct smoother surfaces and more complete meshes
than other baselines. Last but not least, both Dynamic-
2DGS and FreeTimeGS exhibit severe geometric inconsis-
tencies and accumulated errors over timesteps. Also, their
reconstructed surfaces become noticeably coarse and jitter-
ing. While our methods maintain best geometric consis-
tency and smooth surface across long-range timesteps.

5.3. Ablation Studies & Discussion

We perform ablation studies and discussion on Hi4D [54]
because it has longer sequences with larger deformations.

Ablation Studies. We conduct ablation studies on each
component and present quantitative and corresponding
qualitative results in Tab. 3 and Fig. 6. We first replace
the deformation field in Dynamic-2DGS [55] with our pro-
posed Gaussian Velocity Field while keeping the depth and
normal regularization, photorealistic and mask losses un-
changed (row a, Fig. 6(a)). Subsequently, we incorpo-
rate the SDF Flow Regularization (row b, Fig. 6(b)) to en-
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Figure 4. Qualitative results on CMU Panoptic [13]. We compare our methods with three baselines (Dynamic-2DGS [55],

Sparse2DGS [46], FreeTimeGS [43]) at two timesteps of the Band1 and Ian3 scene. Bounding boxes highlight major differences.

Basketball13

Fight17

Figure 5. Qualitative results on Hi4D [54]. We compare our methods with three baselines (Dynamic-2DGS [55], Sparse2DGS [46],
FreeTimeGS [43]) at two timesteps of the Basketballl3 and Fight17 scene. Bounding boxes highlight major differences.

courage consistent surface evolution from motion of Gaus-
sians and geometry changes across time, which leads to
a noticeable improvement in reconstruction performance.
As shown in Fig. 6(b), using regularization can be much
smoother than not using this regularization term and ar-
tifacts are reduced. We then apply Independent Segment
Partitioning, dividing the sequence into independent seg-
ments of size 5 (row ¢, Fig. 6(c)). This design effectively
reduces error accumulation in both Acc, Comp and Over-

all. However, lacking geometric information passing across
segments, we introduce the Overlapping Segment Partition-
ing strategy (row d, Fig. 6(d)), which further improves per-
formance. Comparing Fig. 6(¢) and (d), it is easy to see
that with the Gaussians of the previous segment’s virtual
timestep as the initialization of the next segment, the geo-
metric quality and consistency are improved, and the sur-
face becomes smoother. Finally, adopting IMT-64 (row e,
Fig. 6(e)) achieves comparable performance quantitatively
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Table 3. Ablation Studies on the Hi4D dataset [54]. We calculate
the average of the three metrics (Acc, Comp, and Overall) for the
six scenes. GVF: Gaussian Velocity Field. SF-Reg: SDF-Flow
Regularization. I-Segment: Independent Segment Partitioning. O-
Segment: Overlapping Segment Partitioning. IMT-64: Incremen-
tal Motion Tuning with LoRA rank 64.

GVF SF-Reg I-Segment O-Segment IMT-64 Acc| Comp| Overall|

@ .75 123 1.49
® v 1.18 0.86 1.02
© Vv Vv 106 047 0.77
@ v v 089 045 0.67
e Vv Vv N 0.91 0.48 0.70
]
Image (@) (b) (c) (d) (e)

Figure 6. Qualitative comparison of each ablation study on scene
Cheers37. Subscripts correspond to rows in Tab. 3. (a): Gaus-
sian Velocity Field with normal & depth regularization from [9],
photorealistic and mask losses. (b): Add SDF Flow Regularization
based on (a). (¢): Training (b) with Independent Segment Parti-
tioning. (d): Training (b) with Overlapping Segment Partitioning.
(e): Adopting Incremental Motion Tuning (LoRA rank 64) on (d).

Table 4. Temporal stability comparison on the Hi4D dataset [54].
STD: standard deviation. It shows the average STD of the three
metrics (Acc, Comp, and Overall) across six scenes. The best and
the second-best are highlighted in bold and underlined.

Methods AccSTD | Comp STD | Overall STD |
Dynamic-2DGS [55] 1.50 1.30 1.19
GauSTAR [56] 0.53 4.39 2.70
Sparse2DGS [46] 0.95 0.50 0.68
Ours w IMT-64 0.28 0.37 0.28
Ours wo IMT 0.22 0.17 0.18

Table 5. Different LoRA ranks comparison on Hi4D dataset [54].
It shows the average of the three metrics (Acc, Comp, and Overall)
in six scenes under different LoORA ranks.

Method Acc] Comp| Overall|
Ours w IMT-16  1.07 0.70 0.89
Ours w IMT-32  1.00 0.64 0.82
Ours w IMT-64 091 0.48 0.70

Ours wo IMT ~ 0.89 0.45 0.67

and qualitative while reducing storage. Below, we compare
the stability of our method with that of other baselines and
the performance of IMT with varying ranks. Additionally,
please see Supplementary Material for more experiments.

Temporal Stability. We evaluate the temporal stability us-
ing the average standard deviation (STD) of three metrics
on six scenes of Hi4D dataset [54]. Tab. 4 shows that our
methods achieve the lowest average STD across all metrics,
demonstrating superior temporal stability compared with
other baselines. Specifically, our method without IMT-64
reduces the STD of CD (Overall metric) to only 0.18, signif-

Ours wo IMT
Ours w IMT-64

Ours w IMT-32
Ours w IMT-16

Ours wo IMT

Ours w IMT-64 11

Ours w IMT-32 101

Ours w IMT-16 1.0

40 27.12 MB .93.93.93
0.

0.8 76 7577

Storage (MB)
w
53
)
4

20 14.12 MB]

10 7.07 M} . 60 __ 60

0 0.5
0 5 10 15 20 25 30 Acc Comp & Overall

Segment ID Chamfer Distance (Unit: cm)

Figure 7. LoRA rank and storage analysis on scene Backhug02.
Left: As the number of segments increases, Ours wo IMT exhibits
growing storage of Gaussian velocity fields, while Ours w IMT-
{LoRA-rank} effectively curb the storage growth. Righs: For dif-
ferent LoRA ranks, Ours w IMT maintains strong performance
(even at rank 16), achieving competitive results to Ours wo IMT.

icantly lower than Sparse2DGS [46] (0.68) and Dynamic-
2DGS [55] (1.19). This indicates that the reconstructed sur-
faces from our methods exhibit substantially fewer surface
jitter and are more temporally consistent.

LoRA Rank & Storage Analysis. We try different LORA
ranks (16, 32, 64) on fine-tuning Gaussian Velocity Fields
using IMT, excluding rank 128 as its parameters approach
full fine-tuning. Results in Tab. 5 show that lower ranks
slightly reduce performance due to limited capacity but still
maintain competitive results. Take the scene Backhug02
as an example. While canonical shape storage per seg-
ment remains stable on all settings (38-39 MB), Fig. 7(left)
shows all Gaussian Velocity Fields’ storage drops from
57.7 MB (Ours wo IMT) to 30.6, 16.5, and 9.4 MB for IMT-
64, IMT-32, and IMT-16, respectively. Fig. 7(right) demon-
strates that IMT maintains well reconstruction quality with
different ranks, making IMT scalable for long sequences.

6. Conclusion

In this paper, we introduce a novel method “4DSurf” for
generic dynamic scene surface reconstruction from sparse
view videos. Our key idea is to regularize geometry evolu-
tion by matching the SDF flow from motion of Gaussians
and geometry changes, which enforces temporally consis-
tent surface evolution. To further alleviate deformation er-
ror accumulation and storage usage, we propose Overlap-
ping Segment Partitioning and Incremental Motion Tun-
ing, respectively. Extensive experiments on two challeng-
ing datasets demonstrate that our method achieves the low-
est and temporally-stablest in Chamfer distance.
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