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Figure 1. Given video frames of a real-world dynamic scene, our FreeGave can learn the underlying physics and accurately predict the
future motion of a purple pen going through the hole of a tape, while existing baselines cannot.

Abstract

In this paper, we aim to model 3D scene geometry, ap-
pearance, and the underlying physics purely from multi-
view videos. By applying various governing PDEs as PINN
losses or incorporating physics simulation into neural net-
works, existing works often fail to learn complex physi-
cal motions at boundaries or require object priors such as
masks or types. In this paper, we propose FreeGave to learn
physics of complex dynamic 3D scenes without needing any
object priors. The key to our approach is to introduce a
physics code followed by a carefully designed divergence-
free module for estimating a per-Gaussian velocity field,
without relying on the inefficient PINN losses. Extensive
experiments on three public datasets and a newly collected
challenging real-world dataset demonstrate the superior
performance of our method for future frame extrapolation
and motion segmentation. Most notably, our investigation
into the learned physics codes reveals that they truly learn
meaningful 3D physical motion patterns in the absence of
any human labels in training. Our code and data are avail-
able at https://github.com/vLAR-group/FreeGave

1. Introduction

Obtaining an accurate physical model for complex dy-
namic 3D environments is a key enabler for many emerging
applications, including robot planning, embodied interac-
tion, and dynamic 3D/4D generation. Represented by NeRF
[47], 3DGS [28] and their variants [5, 29, 33, 51, 68, 75],
recent advancements in 3D learning have demonstrated an
unprecedented level of fidelity in modeling dynamic 3D

scenes, achieving excellent performance in novel view in-
terpolation and/or 3D shape reconstruction. However, the
majority of these approaches lack the core ability of future
prediction, essentially because they fail to effectively learn
physical properties of 3D space.

To learn physical properties, one line of works intro-
duces various governing PDEs, commonly known as PINN
[53], into the learning process of dynamic 3D scenes. While
achieving encouraging results in modeling 3D physics such
as velocity and viscosity [13, 30, 31, 66], the integration
of PINN losses often compromises the accuracy of learned
physics in boundary regions, leading to blurred predic-
tions for future frames. Another line of works explicitly
incorporates various physics models into neural networks
[6, 24, 67, 83], showing impressive results in learning phys-
ical properties and further transferring to simulation. Never-
theless, these methods are usually limited to specific types
of objects or motions, as the encoded physics models are
often less generic than PINN constraints, necessitating ad-
ditional boundary conditions such as object masks.

In this work, we aim to present a simple and general
method for learning physics of complex dynamic 3D scenes
using only multi-view videos, without needing any PINN
losses or extra priors such as object types or masks, which
are often needed by existing methods. Among various phys-
ical properties of a dynamic 3D scene, we follow the recent
work NVFi [30] and focus on learning 3D velocity as it di-
rectly governs 3D dynamics and future predictions.

Given video frames containing an unknown number of
objects/parts exhibiting diverse motions, at a single glance,
it is extremely challenging to learn velocities of all (un-
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known) objects or parts in 3D space, due to the lack of
physics and semantics in raw pixels. Nevertheless, the
whole dynamic 3D scene can be simply regarded as a col-
lection of many 3D rigid particles with their own sizes, ori-
entations, and motion patterns. The dynamics of each par-
ticle are actually governed by its hidden physical parame-
ters, such as mass and forces. Thus, our challenge of learn-
ing complex 3D scene dynamics can be naturally framed as
learning dynamics of these 3D particles in general.

With this motivation, we propose an elegant pipeline to
simultaneously learn 3D geometry, appearance, and veloc-
ity of dynamic scenes. Treating each 3D Gaussian kernel
as a rigid particle, we extend the successful 3DGS [28]
to learn an additional physics code for each 3D Gaussian.
With such a code, the 3D velocity of each Gaussian is
then learned from visual pixels without relying on PINN
losses. Particularly, our pipeline comprises three major
components: 1) a canonical 3D representation module
which adopts a vanilla 3DGS to learn the dynamic 3D scene
geometry and appearance at a canonical timestamp; 2) a
neural divergence-free Gaussian velocity module to esti-
mate per-Gaussian velocity based on the introduced latent
physics code; and 3) a deformation-aided optimization
module to drive the velocity to be physically meaningful.

The core to our pipeline lies in the latter two mod-
ules. Basically, given video frames of a dynamic 3D scene,
our neural divergence-free Gaussian velocity module to-
gether with the optimization strategy explicitly drives the
per-Gaussian physics code to describe the corresponding
motion patterns in latent space. This ensures that the es-
timated velocities adhere to fundamental physics rules, ulti-
mately enabling precise predictions of future frames. Figure
1 shows qualitative results of a challenging dynamic scene.
Our method is named FreeGave and our contributions are:
• We introduce a general framework for learning physics of

dynamic 3D scenes solely from RGB videos, eliminating
the need for any object priors, such as types and masks.

• We propose to learn per-Gaussian velocities from latent
physics codes, guided by a carefully designed divergence-
free ingredient instead of inefficient PINN losses.

• We showcase superior results in future frame extrapola-
tion on three existing datasets, and a newly collected real-
world dataset featuring highly challenging dynamics.

2. Related Works

3D Representation Learning: Classic methods for rep-
resenting 3D geometry mainly include point clouds [14],
meshes [26], voxels [73], and primitives [84]. However,
the fidelity of 3D shapes is often limited by the spatial res-
olution inherent in these explicit representations. To ad-
dress this limitation, a line of neural 3D representations
has been introduced recently, including un/signed distance

fields [12, 49, 65], occupancy fields [10, 45], and radiance
fields [47]. Leveraging coordinate-based MLPs, these rep-
resentations have demonstrated remarkable performance in
novel view rendering and 3D shape recovery [60, 63, 71].
Nonetheless, the integration of coordinate-based represen-
tations leads to slow extraction of 2D views and 3D sur-
faces. To resolve this issue, 3DGS [28] is introduced to rep-
resent a 3D shape as a set of 3D Gaussian kernels with vari-
ous properties, achieving real-time rendering speeds as well
as exceptional quality in novel view synthesis [4, 8, 16]. In
our pipeline, we adopt 3DGS as our 3D shape and appear-
ance representation, treating each Gaussian kernel as a rigid
particle for learning its physics code and velocity.

Dynamic 3D Reconstruction: To reconstruct dynamic
3D objects and scenes, existing works are primarily built
on established static 3D representations such as SDF [49],
NeRF [47], and 3DGS [28]. Given dynamic visual input
over time, current methods [7, 15, 18, 19, 23, 38, 41, 50, 59,
61, 62, 74, 77, 81] commonly add the time dimension into
a static 3D representation to learn the underlying motion
for rigid or deformable targets. While obtaining impressive
accuracy in novel view rendering, especially when utilizing
3DGS as the 3D representation [2, 27, 34, 36, 42, 46, 52,
56, 68, 76], these methods can only synthesize high-quality
views within the observed time, lacking the ability to predict
physically meaningful future frames. This limitation arises
because these methods fail to encode physics priors into the
learning process, but just fit the visual observations during
training. In our pipeline, we explicitly learn a physics code
for each Gaussian via our Gaussian velocity module and the
divergence-free parameterization.

Video Prediction: Some studies focus on directly pre-
dicting future video frames [17, 20]. Thanks to the powerful
diffusion model and Transformer-based architectures, many
of these methods [9, 21, 22, 39, 48, 64, 69, 80] have demon-
strated superior performance in video generation. However,
they are prone to predicting physically implausible motions,
primarily because their networks do not explicitly incorpo-
rate physics priors in training, as discussed in [25, 40].

3D Physics Learning: Inspired by recent physics-
informed neural networks (PINN) [53], a series of subse-
quent methods [3, 23, 54, 66] learn various physical proper-
ties of 3D objects and scenes by converting different types
of PDEs into loss functions as soft constraints. While
achieving encouraging results in physics learning and future
prediction, they often struggle to model complex physics in
boundary regions. Another class of methods directly in-
corporates physics systems [24, 37, 44, 72, 82, 83] such as
graphs and springs into the network to learn the dynam-
ics of specific targets including fluids and elastic objects.
In our pipeline, we directly encode the generic divergence-
free constraint into the learning process, thereby avoiding
the use of PINN losses to train neural networks.
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Figure 2. The leftmost block shows the canonical 3D Gaussians module, the middle bottom block shows the deformation-aided optimization
module and the right block shows our divergence-free Gaussian velocity module.

3. FreeGave
Given dynamic multi-view RGB videos with known cam-
era poses and intrinsics over time, all frames are denoted
as

{
{I1

0 · · · I
n
0 · · · I

N
0 } · · · {I

1
T · · · I

n
T · · · I

N
T }

}
, where N

represents the total number of cameras and T the greatest
timestamp in training. Our pipeline is designed to simulta-
neously learn 3D geometry, appearance, and velocity infor-
mation of the captured dynamic scene. As shown in Figure
2, the first component - canonical 3D representation mod-
ule - aims to learn a set of 3D Gaussian kernels to repre-
sent the 3D scene geometry and appearance in a canonical
space, which is elaborated in Section 3.1. The second com-
ponent - neural divergence-free Gaussian velocity module
- attempts to learn the 3D velocity of each Gaussian ker-
nel, which is detailed in Section 3.2, while the third module
- deformation-aided optimization - is discussed in Section
3.3.

3.1. Canonical 3D Representation Module
Following the vanilla 3DGS [28], this module aims to learn
a set of 3D Gaussian kernels P 0 to represent the canonical
scene geometry and appearance at time t = 0. Each kernel
is parameterized by a 3D position p0, scaling s0, covariance
matrix converted from quaternion r0, opacity σ, and color c
converted from spherical harmonics (SH). Following prior
works of dynamic Gaussian [68, 75], we assume the opacity
σ and color c of each Gaussian are not changed over time,
but constantly associated and transported with the kernel.

We exactly follow 3DGS to train canonical kernels. Hav-
ing the N images at time t = 0, we first initialize all canon-
ical kernels P 0 randomly or based on sparse point clouds
created by SfM [55], and then project kernels into camera
space, rendering 2D images and optimizing Gaussian pa-
rameters via ℓ1 and ℓssim losses as used in 3DGS:{
· · (p0, r0, s0, σ, c) · ·

}︸ ︷︷ ︸
P 0

render
−−−−−→←−−−−−
ℓ1+ℓssim

{
I1
0 · ·I

n
0 · ·I

N
0

}
(1)

3.2. Divergence-free Gaussian Velocity Module
This module aims to model the velocity of each Gaussian
kernel. A naı̈ve solution is to implement a simple net-

work similar to the prior work NVFi [30] to take each
Gaussian as input and directly regress the corresponding
3D velocity, followed by commonly-used PINN losses to
drive the estimated velocity to be physically meaningful,
i.e., divergence-free. However, there are two key limita-
tions. First, it is extremely hard to learn distinct 3D veloc-
ities for neighboring Gaussians exhibiting radically differ-
ent motions, as a neural network just models a continuous
and smooth function. Second, PINN losses are inefficient
in learning physics priors as they involve dense sampling in
both spatial and temporal dimensions during training. To
this end, we tackle the problem of Gaussian velocity learn-
ing by introducing the following new technique ingredients.

Physics Code: For each canonical Gaussian, we propose
to learn a vector z, which is regarded as a latent physics
code to generally describe the underlying physical informa-
tion possibly including mass, forces, etc.. Basically, this
code aims to explain the motion type of a Gaussian kernel
over a whole period of time. Therefore, the code z is shared
across all timestamps. In particular, we feed the position of
each canonical Gaussian into an MLP-based network fcode,
directly predicting its physics code z:

z = fcode(p0), z ∈ RL (2)
Technically, we may assign a learnable code to each canon-
ical Gaussian independently. Nevertheless, such a strategy,
albeit flexible, involves too many parameters to learn and
we empirically find it is inferior as verified in our ablation
study. Now, all canonical Gaussians P 0 are as follows:

P 0 ←
{
· · · (p0, r0, s0, σ, c, z) · · ·

}
(3)

Divergence-free Velocity: Having the physics code of
a Gaussian kernel, our goal is to estimate its velocity field
over the whole time period, without relying on the ineffi-
cient PINN losses. However, the estimated velocity field for
each Gaussian must satisfy the basic divergence-free prop-
erty. Otherwise, the extrapolated future frames will not be
physically meaningful.

To this end, we treat each canonical Gaussian p0 as a
rigid particle with its size and orientation, whose future mo-
tion is governed by a divergence-free velocity field v(pt, t),
where pt indicates the Gaussian position at time t. To learn
the divergence-free velocity field v(pt, t) for a rigid parti-
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cle, we propose to disentangle v(pt, t) into six basic ve-
locity components: Vt ← [vxt , v

y
t , v

z
t , w

z
t , w

y
t , w

x
t ] and a

basis matrix B(pt), where vxt /v
y
t /v

z
t represent the linear

velocities along x/y/z axes respectively, and wz
t /w

y
t /w

x
t

represent the angular velocities of the rigid particle around
z/y/x axes respectively. Mathematically, the velocity field
v(pt, t) is decomposed as follows:
v(pt, t) = Vt · B(pt), Vt ∈ R1×6 B(pt) ∈ R6×3 (4)

where B(pt) is a set of basis vectors defined as follows:

B(pt) =

1 0 0 −pyt pzt 0
0 1 0 pxt 0 −pzt
0 0 1 0 −pxt pyt

T

(5)

where pxt /p
y
t /p

z
t represent the values of pt at x/y/z axes.

The left three columns correspond to the linear velocities
vxt /v

y
t /v

z
t , whereas the right three columns correspond to

the angular velocities wz
t /w

y
t /w

x
t . Note that, to guarantee

the divergence-free property of v(pt, t), we will design Vt

to be irrelevant to pt.
For any specific rigid particle at time t, we can easily

collect its canonical position p0 and physics code z =
fcode(p0). To learn Vt, a naı̈ve solution is to feed z
and t into an MLP-based network, directly decoding a 6-
dimensional vector. Nevertheless, we empirically find that
this is too flexible and results in inferior performance as
shown in our ablation study. To tackle this issue, we opt
for a simple design illustrated in Figure 3.
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Figure 3. An illustration of the network architecture to learn basic
velocity component Vt.

In particular, we first feed the physics code z into several
MLP layers fneck, obtaining a bottleneck vector h ∈ RK ,
where K is a relatively small hyperparameter. In parallel,
we feed the timestamp t into another several MLP layers
fweight, obtaining a K × 6 vector. This is followed by a
reshape operation and we get a matrix W t ∈ RK×6. The
basic velocity component Vt is obtained by a matrix multi-
plication as follows:

Vt = h ·W t = fneck(z) · fweight(t) (6)
Basically, our insight behind this simple design is that: the
physics code z tends to be decoded into K types of motion
patterns by fneck, whereas fweight tends to generate a set
of weights to select the decoded motion patterns at a par-
ticular timestamp t. Empirically, such a simple architecture
achieves superior results and we leave more sophisticated
designs for future exploration. All implementation details
of the physics code, the velocity module, and the proof of
divergence-free property are in Appendix A.

3.3. Deformation-aided Optimization
Regarding each Gaussian kernel, we need to effectively op-
timize its physics code z and basic velocity components
Vt, such that the corresponding per-Gaussian velocity field
v(pt, t) is physically meaningful. However, this is particu-
larly challenging because there are only multi-view images
at sparse timestamps as supervision without any other pri-
ors. We empirically find that directly training all networks
is hard to converge as shown in our ablation study.

In this work, we introduce an auxiliary deformation field
to aid the optimization process of our pipeline. In particular,
we feed each canonical Gaussian kernel p0, timestamp t,
and its physics code z into an MLP-based network fdeform,
predicting the corresponding position displacement δp, and
the change of quaternion δr and scaling δs from timestamp
0 to t. Naturally, all Gaussians P t at time t can be com-
puted by transporting all canonical Gaussians as follows.
The deformation operations ◦ and ⊙ follow [75].

(δp, δr, δs) = fdeform(p0, t,z), z = fcode(p0) (7)
pt = p0 + δp, rt = r0 ◦ δr, st = s0 ⊙ δs

P t ←
{
· · · (pt, rt, st, σ, c, z) · · ·

}
With our design of physics code z, basic velocity compo-

nents Vt, and the deformation field fdefom, we now discuss
how to link and train them together, ultimately driving the
learned per-Gaussian velocity field to be truly learned.

First, given training images
{
{I1

0 · ·I
N
0 } · ·{I

1
T · ·I

N
T }

}
and the canonical Gaussians P 0, we sample a timestamp
t from training set and another timestamp t′, where ∆t =
t−t′ is predefined to be small enough. We can obtain Gaus-
sians P t′ via the auxiliary deformation field fdeform(Eq 7):

P t′ ←
{
· · · (pt′ , rt′ , st′ , σ, c, z) · · ·

}
(8)

Second, we feed the set of Gaussians P t′ at time t′ and
the sampled interval ∆t into our interleaved mid-point Al-
gorithm 1, predicting the set of Gaussians P t at time t trans-
ported by our per-Gaussian velocity field.
Algorithm 1 Interleaved mid-point method.

Input: (1) Gaussians at t′:
{
· · (pt′ , rt′ , st′ , σ, c,z) · ·

}
, and (2) ∆t

Output: Gaussians at t, i.e., at (t′ +∆t):
{
· · (pt, rt, st, σ, c,z) · ·

}
• v(pt′ , t)← fneck(z) · fweight(t

′) · B(pt′ ), (ref to Eqs 4/5/6)
• pmid ← pt′ +

∆t
2
v(pt′ , t)

• vmid ← fneck(z) · fweight(t
′ + ∆t

2
) · B(pmid)

• pt ← pt′ +∆tvmid

• Convert quaternion to rotation: Rt′ ← rt′

•Rt ← (I+∆t ∂vmid
∂pmid

)Rt′ , (following the approximation in [70])
• Convert rotation to quaternion: rt ← Rt

• Assign st′ to st: st ← st′ , (each Gaussian is a rigid particle with
its size fixed over time, ensuring the divergence-free property)
Return: All gaussians at t:

{
· · (pt, rt, st, σ, c,z) · ·

}
Third, having the set of Gaussians P t transported from

t′ by our per-Gaussian velocity field, we project them to 2D
space, rendering RGBs supervised by the total N training
views {I1

t · ·I
N
t } at time t via the standard 3DGS losses:
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{P 0, fcode, fneck, fweight, fdeform} ← (ℓ1 + ℓssim) (9)
Implementation and training details are in Appendix B & C.

4. Experiments
Datasets: Our method focuses on learning physical in-

formation from dynamic videos for accurate future frame
predictions, rather than fitting training views for interpola-
tion. In this regard, the closest work to us is NVFi [30],
and we mainly evaluate our method on its two synthetic dy-
namic datasets: 1) Dynamic Object Dataset which con-
sists of 6 dynamic objects undergoing different rigid or de-
formable motions; and 2) Dynamic Indoor Scene Dataset
which comprises 4 complex indoor scenes with 3 to 6 ob-
jects exhibiting challenging motions. For the sake of mo-
tion diversity, we also evaluate another synthetic 3) Parti-
cleNeRF Dataset[1], which includes various motions from
robot manipulation to harmonic oscillation. All datasets
have test splits for novel view interpolation and future frame
extrapolation. More details of datasets are in Appendix D.

While NVFi [30] is evaluated on a real-world dataset,
it just has two simple scenes selected from NVIDIA Dy-
namic Scene Dataset [79] which is not primarily collected
for physics learning. Since this field of study is still in its in-
fancy and there is lack of real-world datasets in high-quality,
we opt to collect a new real-world dataset particularly for
benchmarking 3D physics learning, which is the first of its
kind to the best of our knowledge and will be made public.

4) FreeGave-GoPro Dataset: We capture 6 dynamic
scenes with 20 GoPro cameras (GoPro Hero 10 Black). All
cameras are rigged on tripods and placed around an oper-
ation platform, as illustrated in Figure 4. The 6 dynamic
scenes consist of particularly challenging physical motions
such as a moving object is tightly beside a static object, or a
thin object is moving through a tiny hole of another object.

Figure 4. The camera settings for our dataset collection.
We use voice to synchronize all videos and use

COLMAP [55] on the first frames of all 20 views to esti-
mate camera poses. Since all cameras are fixed under a sta-
bilizing mode, the camera poses do not change over time.
For each dynamic scene, we select 89 frames from each
view, and resize images to be a resolution of 960 × 540.
We reserve the first 67 frames at 17 picked viewing angles
as the training split, i.e., 1139 frames, while leaving the

67 frames at the remaining 3 viewing angles for evaluating
novel view interpolation within the training time period, i.e.,
201 frames. We keep the last 22 frames at all 20 viewing
angles for evaluating future frame extrapolation, i.e., 440
frames in total. More details are in Appendix D.

Baselines: We choose the following baselines: 1) NVFi
[30]. It is the closest work to us, but relies on PINN losses to
learn physics priors whereas we directly build a divergence-
free velocity field for each rigid particle. 2) T-NeRF [51],
3) D-NeRF [51], 4) NSFF [32], and 5) TiNeuVox [15].
All these baselines adopt NeRF framework as the back-
bone, thus being short in 3D reconstruction compared to
3DGS. As our method adopts 3DGS, for a fair compari-
son, we also include the following two baselines. 6) De-
fGS [75]. This recent method Deformable 3D Gaussians is
excellent to model dynamic 3D scenes for novel view in-
terpolation, but lacks the ability for future prediction. In
this regard, we build the most comparable baseline to us
7) DefGSnvfi by combining DefGS with the velocity field
proposed by NVFi. It shows strong ability in novel view
synthesis (inherited from DefGS) and extrapolation ability
(inherited from NVFi framework). To be fair, we combine
the original deformation field of DefGS with exactly the
same velocity field of NVFi. The same deformation-aided
optimization as our FreeGave is used to train DefGSnvfi.

Metrics: The standard metrics PSNR, SSIM, and
LPIPS are reported for RGB view synthesis in two tasks:
novel view interpolation and future frame extrapolation.

4.1. Evaluation for Future Frame Extrapolation

We evaluate our method on all four datasets for both novel
view interpolation and future frame extrapolation. All base-
lines are evaluated on the Dynamic Object Dataset and Dy-
namic Indoor Scene Dataset. We select 4 representative
baselines to compare on our new FreeGave-GoPro Dataset,
including TiNeuVox, NVFi, DefGS and DefGSnvfi.

Results & Analysis: From Tables 1&2, it can be seen
that: 1) Our FreeGave achieves the best performance on all
datasets, clearly surpassing all baselines by a large margin
on the challenging task of future frame extrapolation, show-
ing that our method can indeed learn the underlying phys-
ical information, thus predicting accurate future motions.
2) Our method also achieves better scores on the task of
novel view interpolation, notably outperforming the strong
baselines DefGS and DefGSnvfi. We hypothesize that the
effective incorporation of physics priors allows our method
to fully utilize all Gaussian kernels for representing 3D ge-
ometry and appearance. As shown in Figure 6, our method
makes promising predictions, especially in dynamic multi-
object scenes, such as the pen-through-tape scene, where
only our method succeeds while others all fail. More quan-
titative and qualitative results are in Appendix K to O.
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Table 1. Quantitative results of all methods for both novel view interpolation and future frame extrapolation on Dynamic Object Dataset
and Dynamic Indoor Scene Dataset, and future frame extrapolation on ParticleNeRF Dataset. Bold numbers indicate the best performance.

Dynamic Object Dataset Dynamic Indoor Scene Dataset ParticleNeRF Dataset
Interpolation Extrapolation Interpolation Extrapolation Extrapolation

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
T-NeRF [51] 13.163 0.709 0.353 13.818 0.739 0.324 24.944 0.742 0.336 22.242 0.700 0.363 - - -
D-NeRF [51] 14.158 0.697 0.352 14.660 0.737 0.312 25.380 0.766 0.300 20.791 0.692 0.349 - - -

T-NeRFPINN 15.286 0.794 0.293 16.189 0.835 0.230 16.250 0.441 0.638 17.290 0.477 0.618 - - -
HexPlanePINN 27.042 0.958 0.057 21.419 0.946 0.067 25.215 0.763 0.389 23.091 0.742 0.401 - - -

NSFF [32] - - - - - - 29.365 0.829 0.278 24.163 0.795 0.289 - - -
TiNeuVox [15] 27.988 0.960 0.063 19.612 0.940 0.073 29.982 0.864 0.213 21.029 0.770 0.281 20.407 0.888 0.102

NVFi [30] 29.027 0.970 0.039 27.594 0.972 0.036 30.675 0.877 0.211 29.745 0.876 0.204 18.173 0.867 0.119
DefGS [75] 37.865 0.994 0.007 19.849 0.949 0.045 29.926 0.916 0.130 21.380 0.819 0.188 19.205 0.900 0.083
DefGSnvfi 37.316 0.994 0.008 28.749 0.984 0.013 30.170 0.915 0.133 31.096 0.945 0.077 22.730 0.931 0.050

FreeGave (Ours) 39.393 0.995 0.005 31.987 0.990 0.007 32.287 0.930 0.092 35.019 0.966 0.051 26.657 0.956 0.030

Table 2. Quantitative results for both novel view interpolation and
future frame extrapolation on FreeGave-GoPro Dataset.

FreeGave-GoPro Dataset
Interpolation Extrapolation

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
TiNeuVox [15] 19.026 0.740 0.319 20.600 0.760 0.292

NVFi [30] 18.947 0.739 0.322 22.747 0.756 0.393
DefGS [75] 28.408 0.920 0.091 21.344 0.858 0.170
DefGSnvfi 28.217 0.920 0.092 26.431 0.903 0.124

FreeGave (Ours) 28.451 0.920 0.091 28.094 0.914 0.112

4.2. Analysis of Physics Code and Motion Patterns

Our divergence-free Gaussian velocity module is designed
to learn the velocity field for each Gaussian particle. With
our design of bottleneck vector decomposition, our model
can naturally group Gaussian kernels according to the
learned motion patterns. To validate this nice property of
bottleneck vector, we conduct the following experiments.

For each Gaussian, we query its learned velocity by uni-
formly sampling 10 timestamps to form a velocity trajectory
{v0, . . . ,v10}. Then, we apply K-means [43] to group the
learned bottleneck vectors h = fneck(z) into C groups. In
each group, we sample a number of Gaussian kernels and
the queried velocity trajectories, followed by rendering to
2D space. We color the velocity trajectory based on the
velocity direction. As shown in Figure 5, we can see that
Gaussian kernels in the same group share the same velocity
trajectory, while Gaussian kernels in different groups have
totally different motion trajectories.

We further quantitatively evaluate the objectness after
grouping our learned physics codes on Dynamic Indoor
Scene dataset. In particular, we follow [78] to render the
group masks as 2D object segmentation masks for all 30
views over 60 timestamps on all 4 scenes, i.e., 7200 im-
ages in total. We compare our performance with D-NeRF,
NVFi, DefGS and DefGSnvfi. We follow NVFi to get
the segmentation details of D-NeRF and NVFi. For the
3DGS based baselines, we also adopt OGC [57, 58] to seg-
ment Gaussians based on scene flows calculated from their
learned deformation fields. Implementation details are in
Appendix I. In addition, we include a powerful image-based

Table 3. Quantitative results of scene decomposition on the Syn-
thetic Indoor Scene Dataset.

AP↑ PQ↑ F1↑ Pre↑ Rec↑ mIoU↑

Mask2Former [11] 65.37 73.14 78.29 94.83 68.88 64.42
D-NeRF [51] 57.26 46.15 59.02 56.55 62.94 46.58

NVFi [30] 91.21 78.74 93.75 93.76 93.74 67.64
DefGS [75] 51.73 57.60 66.43 63.21 70.07 54.46
DefGSnvfi 55.26 62.75 69.83 69.39 72.91 56.82

FreeGave (Ours) 99.75 96.27 99.99 99.99 99.93 80.52

object segmentation method, Mask2Former [11] pre-trained
on COCO [35] dataset, as a fully-supervised baseline.

As shown in Table 3 and Figure 6, we can see that our
method achieves nearly perfect object segmentation results
on all metrics, clearly outperforming all baselines. This
shows that our learned physics codes truly represent ob-
ject physical motion patterns which can be easily used to
identify individual objects accordingly without needing any
human labels to train a separate segmentation network.

4.3. Ablation Study
Our framework comprises 3DGS as the scene representa-
tion backbone and the neural divergence-free Gaussian ve-
locity module with a deformation-aided optimization mod-
ule. We conduct the following groups of ablation experi-
ments to validate the choices of our method. All ablation
experiments are conducted on the Dynamic Objects dataset.

(1) Replacing fcode by a learnable code z in Eq 2: In-
stead of feeding the position of each canonical Gaussian
to fcode to learn its physics code z, we assign a learnable
z ∈ RL for each Gaussian respectively.

(2) Removing divergence-free parametrization: In-
stead of decomposing the velocity field by divergence-free
parametrization in Eqs 4/5/6, we directly define the veloc-
ity field as v(pt, t) = fneck(z) · fmotion(pt, t), where
fmotion : R4 7→ RK is an MLP-based network. Notably,
now fmotion is based on pt, so it is not divergence-free.

(3) Removing bottleneck vector decomposition for ve-
locity components in Eq 6: Instead of decomposing veloc-
ity components network Vt by bottleneck vector in Eq 6,
we directly define Vt as a single MLP: Vt = MLP(z, t).
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Dynamic Indoor Scene Dataset

FreeGave-GoPro Dataset

Figure 5. Qualitative results of decomposed motion patterns (colored objects) and their corresponding velocity fields (colored trajectories).

Table 4. Quantitative results of ablation studies on Dynamic Ob-
ject Dataset.

Extrapolation
Code z fdeform v(pt, t) K PSNR↑ SSIM↑ LPIPS↓

(1) learnable full full 16 25.961 0.975 0.025
(2) field full w/o B(pt) 16 29.400 0.986 0.010
(3) field full w/o decomp 16 29.432 0.985 0.009
(4) field full full 8 30.972 0.989 0.009
(4) field full full 32 31.438 0.990 0.007
(5) field ✗ full 16 17.927 0.922 0.088
(6) field w/o z full 16 31.217 0.988 0.009
(7) field w/o δs full 16 31.704 0.990 0.007

FreeGave field full full 16 31.987 0.990 0.007

(4) Different choices of motion patterns K: We com-
pare 3 choices for the number of motion patterns in fneck /
fweight: {8, 16, 32}, while K=16 in our main experiments.

(5) Removing the auxiliary deformation field fdeform:
To demonstrate the necessity of our deformation-aided op-
timization scheme, we additionally train our velocity field
without the deformation field. Particularly, we use Algo-
rithm 1 to directly transport canonical Gaussians from t = 0
to target time t. Since this requires autoregressive integra-
tion of all Gaussians by several steps, the memory cost ac-
cumulates rapidly, so we choose ∆t = t

2 to control the
memory cost same as our main setting.

(6) Removing the physics code from deformation field
fdeform: Instead of feeding the physics code into the defor-
mation field, we compare with the deformation field same
as DefGS [75], i.e, (δp, δr, δs) = fdeform(p0, t).

(7) Removing the scaling deformation from defor-
mation field: We remove the scaling deformation from
the output of fdeform, forcing the motion of each Gaus-
sian to be volume-preserving all time, i.e., (δp, δr) =
fdeform(p0, t,z). Gaussian scales are not updated all time.

Results & Analysis: From Table 4, we can see that: 1)
Removing deformation field is the most influential. Since
autoregressive integration is needed in this case, in order
to fit the memory cost, we have to use a large integration
time interval, as large as half of the target time. This in-

curs instability and noise in training, making the network
totally unable to converge. The noise also leads to large
gradients for all Gaussian kernels, resulting in unreasonable
densification and ultimately making the network totally col-
lapse on Dynamic Indoor Scene Dataset. 2) Replacing the
physics code network by assigning a learnable physics code
to each Gaussian kernel shows the next greatest impact on
performance, demonstrating that the local continuity prop-
erty of an MLP is helpful for network converging. 3) Ei-
ther removing divergence-free parametrization or removing
motion pattern decomposition diminishes the performance,
due to the drastically increase in the degree of freedom and
complexity of velocity field. 4) Feeding physics codes as
input to the deformation field can enhance the performance.
5) Too few motion patterns decomposition hurts the perfor-
mance, while over-parametrization is not sensitive. Com-
plete ablation results are in Appendix J.

5. Conclusion
Our method extends 3D Gaussian splatting to simultane-
ously learn 3D scene geometry, appearance, and the critical
physics information just from multi-view videos, without
needing any object priors. By introducing a physics code
and a divergence-free velocity field for each Gaussian ker-
nel, our method can effectively learn precise physical mo-
tion patterns without needing the inefficient PINN losses.
Extensive experiments on three public datasets and our
newly captured challenging real-world dataset demonstrate
extraordinary performance of our method for future frame
prediction and object motion decomposition. It would be
interesting to apply our method in 4D generation where 3D
physics learning is crucial to generate plausible motions.

Acknowledgment: This work was supported in part by
Research Grants Council of Hong Kong under Grants
25207822 & 15225522.

12439



TiNeuVox NVFi DefGS DefGSnvfi FreeGave (Ours) GT

D-NeRF NVFi DefGS DefGSnvfi FreeGave (Ours) GT

Future Frame Extrapolation

2D Masks for Motion Segmentation

In
te

rp
.

Ex
tra

p.
In

te
rp

.
Ex

tra
p.

In
te

rp
.

Ex
tra

p.
In

te
rp

.
Ex

tra
p.

MaskFormer

Fa
n

C
he

ss
bo

ar
d

Pe
n 

&
 T

ap
e

W
ris

tR
es

t

t =
 0

t =
 0

.5
t =

 1

t =
 0

t =
 0

.5
t =

 1

t =
 0

t =
 0

.5
t =

 1

t =
 0

t =
 0

.5
t =

 1

t =
 0

t =
 0

.5
t =

 1

t =
 0

t =
 0

.5
t =

 1

t = 0 t = 0.5

t = 1

t = 0 t = 0.5

t = 1

t = 0 t = 0.5

t = 1

t = 0 t = 0.5

t = 1

t = 0 t = 0.5

t = 1

t = 0 t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

t = 0

t = 0.5

t = 1

Figure 6. Qualitative results of our method and baselines for future frame extrapolation and unsupervised motion segmentation.
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