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Figure 1. Given video frames of a real-world dynamic scene, our TRACE can learn the underlying physics and accurately predict the future
motion of a rode passing through a hyperbolic slot and a track keep going forward, while the existing method cannot.

Abstract

In this paper, we aim to model 3D scene geometry, appear-
ance, and physical information just from dynamic multi-
view videos in the absence of any human labels. By leverag-
ing physics-informed losses as soft constraints or integrat-
ing simple physics models into neural nets, existing works
often fail to learn complex motion physics, or doing so re-
quires additional labels such as object types or masks. We
propose a new framework named TRACE to model the mo-
tion physics of complex dynamic 3D scenes. The key nov-
elty of our method is that, by formulating each 3D point as
a rigid particle with size and orientation in space, we di-
rectly learn a translation rotation dynamics system for each
particle, explicitly estimating a complete set of physical pa-
rameters to govern the particle’s motion over time. Ex-
tensive experiments on three existing dynamic datasets and
one newly created challenging synthetic datasets demon-
strate the extraordinary performance of our method over
baselines in the task of future frame extrapolation. A nice
property of our framework is that multiple objects or parts
can be easily segmented just by clustering the learned phys-
ical parameters. Our datasets and code are available at
https://github.com/vLAR-group/TRACE.

1. Introduction
Regarding our daily dynamic 3D scenes such as falling
balls, rotating fans, and folding chairs, precisely model-
ing their geometry, appearance, and physical properties, and
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further predicting their future states are crucial for emerg-
ing applications in robotics, mixed reality, and embodied
AI. With the advancement of recent 3D representations
such as NeRF [35] and 3DGS [19], a plethora of works
[40, 52, 55] have been proposed to model various dynamic
3D scenes, achieving excellent performance in interpolating
novel views within the observed time. However, they often
fail to extrapolate future frames, essentially because they do
not learn the underlying physics priors of 3D scenes.

To learn physics priors, existing methods mainly con-
sist of two categories: 1) physics-informed neural network
(PINN) based methods [43] which integrate the governing
partial differential equations (PDEs) into loss functions to
drive neural networks to learn physically plausible dynamic
3D scenes such as floating smoke [42] and simple mov-
ing objects [24]. While demonstrating promising results in
modeling 3D geometry and physics such as velocity and
viscosity, these methods usually need boundary constraints
such as accurate object/foreground masks which may not
always be available in practice. In addition, adding PINN
losses is not a free lunch, but significantly sacrifices the ef-
ficiency in training and accuracy at boundary regions. 2)
Physics model based methods [18, 51, 61] which encode
various physics systems into neural networks to model elas-
tic objects, fluids, etc.. Thanks to the explicit physics priors
added, these methods obtain impressive results in physical
properties learning and simulation. Nevertheless, they are
often limited to specific types of objects, materials, or mo-
tions due to the lack of generality of encoded physics priors,
thus being unable to predict future motions of complex dy-
namic 3D objects and scenes.
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In this paper, we aim to introduce a new framework
to model dynamic 3D scenes just from multi-view RGB
videos, without needing any additional human labels such
as object types or masks, ultimately being able to predict
future frames viewing from arbitrary angles. Among vari-
ous physical properties of a dynamic 3D scene, following
the recent work NVFi [21], we also choose to learn a veloc-
ity field as it directly governs 3D scene movement. How-
ever, to accurately learn the physical velocity from RGB
videos is extremely challenging, essentially due to the lack
of sufficient physics constraints from raw color pixels. This
problem is even harder when multiple objects or parts are
undergoing rather different motion patterns. For example,
regarding two adjacent objects moving in opposite direc-
tions in 3D space, the velocity of neighboring 3D surface
points at the intersection region tends to have particularly
distinct patterns. This means that the latent representation
of per-point dynamics in 3D space could be discrete in na-
ture. Therefore, it is more desirable to model per-point dy-
namics independently, thus every point having its unique
motion. For generality, we regard each 3D point in space
as a rigid particle with its size and orientation. If its size is
zero, the rigid particle degenerates to a point.

With this insight, for each rigid particle in space, we pro-
pose to learn an independent dynamics system that includes
a complete set of physical parameters to govern its motion
over time. According to the laws of classical mechanics,
for a specific rigid particle traversing 3D space over time,
its motion can always be regarded as a rotational movement
about a rotation center which has its own translation. In this
regard, we choose to learn a translation rotation dynamics
system for each rigid particle, allowing its future motion
to be derived accordingly. Alongside learning the core dy-
namics, we must also model the geometry and appearance
of 3D scenes. In this paper, we naturally choose 3D Gaus-
sian Splatting (3DGS) [19] as the representation, thanks to
its unprecedented fidelity in reconstruction and its particle
(a Gaussian kernel) based representation in nature, which
shares the basic concept of our defined rigid particle.

Our framework consists of two major components: 1) a
3D scene representation module to learn dynamic scene
geometry and appearance at a canonical timestamp, which
is implemented by a vanilla 3DGS [19], though other vari-
ants can be adopted as well; 2) a translation rotation dy-
namics system module to learn a full set of physical pa-
rameters for each input rigid particle, which is just realized
by multilayer perceptrons (MLPs). Based on these system
parameters, the rigid particle’s velocity is then derived ac-
cording to the laws of classical mechanics, without needing
additional physics priors such as PINN [43] in training.

The key to our framework is the second module which
simply regards each 3D Gaussian kernel as a rigid particle
and takes it as input into MLPs. Nevertheless, we empiri-

cally find that it is hard to optimize this module due to the
inaccuracy and instability of Gaussian kernels regressed at
early training epochs. To tackle this issue, we simply train
an auxiliary deformation field in parallel with our second
module using an existing work such as [55] and [52].

Different from current works for modeling dynamic
scenes, including NeRF-based methods, e.g., D-NeRF[40]/
TiNeuVox[13]/ HexPlane[5], and 3DGS-based methods
such as DefGS [55] and 4DGS [52], our core novelty is
the introduced translation rotation dynamics system with
an effective optimization strategy, allowing us to truly learn
physical parameters, ultimately achieving future frame ex-
trapolation. By comparison, all those existing methods fail
to do so, as extensively verified in Tables 1.

By leveraging 3D Gaussians to model scene geome-
try and appearance, our method, named TRACE, learns
translation rotation dynamics systems for estimating accu-
rate physical dynamics. Figure 1 shows our qualitative re-
sults. Our contributions are:
• We introduce a new framework to model motion physics

of complex dynamic 3D scenes, without needing prior
knowledge of object shapes, types, or masks.

• We propose to learn a translation rotation dynamics sys-
tem for each 3D rigid particle, thus allowing the veloc-
ity field to be derived without needing additional physics
constraints in training.

• We demonstrate superior results in future frame extrapo-
lation on three existing datasets, and one newly collected
synthetic dataset with extremely challenging dynamics.
The concurrent work FreeGave [22] addresses a similar

task to ours. However, the key difference is that TRACE ex-
plicitly models the changes (accelerations, jerks, or higher
order) of physical motions, allowing continuous derivation
of velocities over time, whereas FreeGave simply fits a ve-
locity network over observed time in an implicit manner.

2. Related Works

3D Shape Representations: Static 3D objects and scenes
are traditionally represented by voxels, point clouds,
meshes, etc., but they usually have limited representation
capabilities due to the nature of discretization. Recently,
implicit representations have been developed in the liter-
ature, including occupancy fields (OF) [7, 34], un/signed
distance fields (U/SDF) [9, 37], and radiance fields (NeRF)
[35]. Although demonstrating excellent performance in
novel view synthesis and shape reconstruction, they are
time-consuming to render 2D images or extract 3D shapes
due to the integration of their continuous coordinate-based
representations. To tackle this issue, the very recent 3D
Gaussian Splatting [19] turns to represent a 3D shape as
a set of explicit Gaussian kernels with various properties,
achieving real-time rendering speed. In our framework, we
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adopt this particle-based representation, as it is amenable to
our particle-based physics learning framework.

Dynamic 3D Reconstruction: Recent advances in dy-
namic 3D reconstruction primarily follow the development
of static 3D techniques such as SDF, NeRF, and Gaus-
sian Splatting. To model the temporal relationship, exist-
ing works [3–5, 12, 13, 15, 16, 23, 25, 31, 32, 38, 39, 48–
50, 53, 58] usually add the time dimension into static 3D
representations to learn a motion or deformation field for
rigid or deformable objects and scenes. Despite achieving
excellent performance in novel view synthesis, especially
when integrating 3DGS as the backbone [20, 26, 29, 33,
52, 55], these works can only interpolate 2D views within
the observed time, instead of predicting physically mean-
ingful future frames. Basically, this is because the com-
monly learned motion or deformation field does not encode
physics priors in nature, but just fits the correlation between
pixels. In this paper, the key difference between these works
and ours is that we separately learn translation rotation dy-
namics systems for 3D rigid particles, thus allowing us to
infer physically meaningful future frames, but they cannot.

3D Physics Learning: To learn various physical proper-
ties for 3D objects and scenes, the recent physics-informed
neural networks (PINN) [2, 6, 17, 36, 42–44, 60] are widely
applied to convert PDEs into loss functions as soft con-
straints, driving neural networks to learn physically mean-
ingful targets. However, it is often inefficient to train PINNs
due to the large amount of data samples needed to reg-
ularize, and the soft constraints are usually not sufficient
to obtain satisfactory results. In this paper, we do not
rely on such inefficient PINN losses to incorporate physics
priors to train neural networks. Another line of works
[10, 14, 41, 51, 54] integrate explicit physics systems such
as springs, graphs, etc., into the learning process to model
elastic objects [30, 59, 61], fluids [18, 27], etc., achieving
impressive results in physics learning and simulation. In
this paper, we also opt to learn physics systems. However,
the core difference is that we learn a translation rotation dy-
namics system which is applicable to common deformation
and transformation dynamics, whereas existing works of-
ten learn a spring or fluid system only applicable to elastic
objects or fluids.

3. TRACE
Our framework mainly comprises two modules together
with an auxiliary deformation field to model 3D geome-
try, appearance, and physics. Given dynamic multi-view
RGB videos with known camera poses and intrinsics, the
3D scene representation module aims to learn a set of 3D
Gaussian kernels to represent the 3D scene geometry and
appearance in a canonical space. The auxiliary deformation
field is designed to predict the translation and distortion of
each Gaussian kernel given the current training time t. For

these two components, we simply follow the design of ex-
isting works [19, 55] briefly elaborated in Section 3.1. No-
tably, the deformation field alone cannot extrapolate frames
beyond the training time. Our core module of the transla-
tion rotation dynamics system aims to learn a set of physical
parameters for each 3D rigid particle, governing its motion
dynamics over time, which is detailed in Section 3.2.

3.1. Preliminary

For the input multi-view RGB videos, T represents the
greatest timestamp in training and N the total number of
cameras. For training stability, we first use all frames
{I1

0 · · · In
0 · · · IN

0 } at time t = 0 to train a reasonable static
3DGS model as an initialization of the 3D scene geome-
try and appearance, and then use the remaining frames to
jointly optimize our translation and rotation dynamics sys-
tem and the auxiliary deformation field.

Canonical 3D Gaussians: Following the vanilla 3DGS
[19], we employ a set of learnable 3D Gaussian kernels G0

to represent the canonical scene geometry and appearance
at t = 0. Each kernel is parameterized by a 3D position x0,
covariance matrix obtained from quaternion r0, scaling s0,
opacity σ, and color c computed from spherical harmonics.
Following prior works [52, 55], we assume the opacity σ
and color c of each Gaussian will not be updated, but con-
stantly associated with the kernel and transported over time.

Given the N images at timestamp t = 0, we either ini-
tialize all canonical 3D Gaussian kernels G0 randomly or
based on sparse points created by SfM [46]. To train all ker-
nels, we exactly follow 3DGS [19] by 1) projecting Gaus-
sian kernels into camera space, 2) rendering the projected
kernels into image space, and 3) optimizing all kernel pa-
rameters via ℓ1 and ℓssim losses used in 3DGS as follows.{
· · (x0, r0, s0, σ, c) · ·

}︸ ︷︷ ︸
G0

project+render
−−−−−−−−→←−−−−−−−−

ℓ1+ℓssim

{
I1
0 · ·IN

0

}
(1)

Auxiliary Deformation Field: To aid the learning of our
translation and rotation dynamics system, we leverage an
existing deformation field [55], but we are also amenable to
other deformable Gaussian methods such as 4DGS [52], as
demonstrated in our experiments in Section 4.1. In partic-
ular, the 3D position x0 of each canonical Gaussian kernel
and the current timestamp t are fed into an MLP-based de-
formation network, denoted as fdefo, directly predicting the
corresponding position displacement δx, and the change of
quaternion δr and scaling δs from timestamp 0 to t. All
Gaussians Gt at time t can be easily computed as follows,
where the operations ◦ and ⊙ follow [55].

xt = x0 + δx, rt = r0 ◦ δr, st = s0 ⊙ δs, σ, c (2)

All these deformed Gaussians will be projected and op-
timized by visual images at timestamp t in a later stage,
as clarified in Section 3.3, where the deformation net fdefo
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Figure 2. The proposed translation rotation dynamics system for a specific rigid particle. The rigid particle will be driven by its learned
physical parameters over time, forming a trajectory in 3D space.

will be optimized from scratch. All details are provided in
Appendix 5.1 and 5.2.

3.2. Translation Rotation Dynamics System

This module aims to learn physical parameters that govern
the motion of 3D scenes. However, the dynamics of an en-
tire space are extremely complex. Here, we simplify this
problem and formulate it into just learning per rigid parti-
cle dynamics, where we treat each (canonical or deformed)
Gaussian kernel as a rigid particle with size and orientation.
According to the laws of classical mechanics, for a specific
rigid particle P ∈ R3, its motion in a 3D world coordinate
system can be regarded as a rotational movement about a
rotation center which has its own translation. To this end,
we aim to learn the following two groups of physical pa-
rameters for each 3D rigid particle P :
• Group #1 - Rotation Center Parameters including: 1) the

center’s position Pc ∈ R3, 2) the center’s velocity vc ∈
R3, and 3) acceleration ac ∈ R3 in world coordinate.

• Group #2 - Rigid Particle Rotational Parameters includ-
ing: 1) the rigid particle’s rotation vector wp ∈ R3 with
regard to its center Pc, and 2) the rigid particle’s angular
acceleration ϵp ∈ R3.
As illustrated in Figure 2, our translation rotation dynam-

ics system module, denoted as ftrd, takes a rigid particle P
and a time t as input, directly predicting the physical pa-
rameters of its rotation center and its own rotational infor-
mation. Then, this rigid particle will be driven by its learned
physical parameters, forming its motion dynamics, as illus-
trated by the trajectory in Figure 2. The composite velocity
for the rigid particle P at time t is derived as follows.
vt
p = wt

p×(P−P t
c )+vt

c = wt
p×P+(vt

c−wt
p×P t

c ) (3)

Nevertheless, the rightmost block of above equation
shows that the estimation of the center’s velocity vt

c and
center’s position P t

c is compounded. Thus, instead of sep-
arately learning these two parameters, we turn to learn an
equivalent (compounded) center velocity v̄t

c. Similarly, we
instead learn an equivalent center acceleration āt

c:
v̄t
c = vt

c −wt
p × P t

c , āt
c = at

c − ϵtp × P t
c . (4)

More details about the definition of equivalent parame-
ters and the proof for equivalence are provided in Appendix

5.3. This ftrd module is implemented by simple MLPs as:
{(v̄t

c, ā
t
c), (w

t
p, ϵ

t
p)} = ftrd(P , t) (5)

Notably, for an input rigid particle P , the elegance of
this module ftrd is that it only needs to learn this full trans-
lation rotation dynamics system at one specific time t, and
that particle’s future motion will be governed by the learned
dynamics system according to the laws of mechanics.

Due to the complex change of direction of rotation vector
wp driven by the angular acceleration ϵp for a particle, we
use Runge-Kutta 2nd-order method to numerically calculate
the evolving dynamics to derive the future parameters, as
detailed in Algorithm 1.

Instead of using 2nd-order updating scheme, we can also
extend to higher orders or reduce to lower orders with re-
gard to future time. Intuitively, a higher order relationship
is expected to capture extremely complex dynamics such
as a rolling ball suddenly breaking up into pieces due to
unknown explosives inside, whereas a much lower order
relationship tends to only capture static or constant speed
scenes, thus being oversimplified. In this paper, we opt for
the above 2nd-order scheme to update dynamics parameters
for two primary reasons:

• In many applications such as robot manipulation, the need
for future prediction usually involves a relatively short
interval, e.g., in milliseconds. In this case, a 2nd-order
update is usually sufficient to achieve decent approxi-
mations. Additionally, a simple sliding window based
approach can be applied to continuously predict future
frames given the newest visual observations from sensors.

• In our daily life, the majority of common physical move-
ments such as rolling balls or moving cars can be gener-
ally described by a 2nd-order relationship. In fact, both
Newton’s First and Second Law of Motion can be cap-
tured. Notably, since the whole 3D scene comprises a
large number of rigid particles, each has up to 2nd-order
dynamics. Therefore, the compounded dynamics for the
entire 3D scene can be rather complex, including various
deformations and transformations in our daily lives.

Nevertheless, it is still interesting yet non-trivial to learn
much higher-order relationships, and we leave it for future
exploration. Implementation details are in Appendix 5.5.
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3.3. Training
With our translation rotation dynamics module and the aux-
iliary deformation field, we now discuss how to train them
together, such that physical parameters can be truly learned.

First, for two timestamps t′ and t, where t is usually
sampled from the training set and ∆t = t − t′ is prede-
fined to be small enough, we can easily obtain Gaussians
Gt′ from the deformation field fdefo based on Equation 2.

Second, having our translation rotation dynamics mod-
ule ftrd at hand, we naturally regard the transportation of all
kernels from t′ to t is governed by the corresponding phys-
ical parameters estimated by ftrd at time t′ as defined in
Equation 5. Then we use the Runge-Kutta 2nd-order (RK2)
method to numerically derive the future physical parame-
ters. Thus we can easily compute the kernel’s orientation rt
from rt′ and the kernel’s position translation xt from xt′ .
The kernel’s translation consists of two parts: 1) the equiv-
alent translation of its rotation center, and 2) the equivalent
displacement caused by the kernel’s rotation with regard to
its center. In particular, the RK2 method is defined as:

Algorithm 1 Runge-Kutta 2nd-order (RK2) method

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

}
, and (2) ∆t

Output: Gaussians at t = (t′ +∆t):
{
· · (xt, rt, st, σ, c) · ·

}
• {(v̄t′

c , āt′
c ), (wt′

p , ϵt
′
p )} ← ftrd(xt′ , t

′), (ref to Eq 5)

• v̄mid
c ← v̄t′

c + ∆t
2
āt′
c

•wmid
p ← wt′

p + ∆t
2
ϵt

′
p

• xt ← xt′ +∆t(v̄mid
c +wmid

p × xt′ )
• Convert quaternion to rotation matrix: Rt′ ← rt′
• Calculate the Cross-Product Matrix, denoted by Wp ∈ R3×3, for

the normalized vector wmid
p /∥wmid

p ∥. Details are in Appendix 5.4.
• ∆R ← I + (sin∆θ)Wp + (1 − cos∆θ)W 2

p , where ∆θ =

∆twmid
p , following Rodrigue’s Formula [45]

•Rt ← (∆R)Rt′

• Convert rotation matrix to quaternion: rt ← Rt

• Assign st′ to st: st ← st′ , as each Gaussian is rigid with the
same scale by definition
Return: All Gaussians at t:

{
· · (xt, rt, st, σ, c) · ·

}
Third, we render all the above Gaussians kernels at time

t to 2D image space following 3DGS, comparing with the
training images at time t. All parameters are trained with:

(G0, fdefo, ftrd)←− (ℓ1 + ℓssim) (6)

4. Experiments
Datasets: Our method is designed to learn meaningful
physical information of 3D dynamic scenes, aiming at ac-
curately predicting future motions, instead of just fitting ob-
served video frames. In this regard, the closest work to us is
the recent NVFi [21]. Following NVFi, we primarily eval-
uate our method on its three dynamic datasets: 1) Dynamic
Object dataset consisting of 6 dynamic objects. Each ob-
ject displays a unique motion pattern belonging to either

rigid or deformable movement. 2) Dynamic Indoor Scene
dataset with 4 complex indoor scenes. Each scene has mul-
tiple objects undergoing different rigid body motions. 3)
NVIDIA Dynamic Scene dataset [57]. It consists of two
chosen real-world dynamic 3D scenes.

Upon a closer look at the above three datasets, we find
that their dynamics captured are relatively simple. In our
daily life, the majority of objects and scenes have multi-
ple parts undergoing radically different motions over time,
showing challenging physical patterns to learn. To further
evaluate the effectiveness of our design, we collect a new
synthetic dataset, named 4) Dynamic Multipart dataset.

Our new synthetic dataset comprises 4 objects. Each has
2 to 5 distinct motion patterns on different object parts. Fol-
lowing [21], for each object, we collect RGBs at 15 dif-
ferent viewing angles, where each viewing angle has 60
frames captured. We reserve the first 46 frames at ran-
domly picked 12 viewing angles as the training split, i.e.,
552 frames, while leaving the 46 frames at the remaining
3 viewing angles for testing interpolation ability, i.e., 138
frames for novel view synthesis within the training time pe-
riod, and keeping the last 14 frames at all 15 viewing angles
for evaluating future frame extrapolation, i.e., 210 frames.

Baselines: We select the following baselines: 1) NVFi
[21]: This is the closest work to us, but differs from us
in two folds. First, NVFi relies on PINN losses to learn
physics priors, but we directly learn physical parameters.
Second, NVFi adopts NeRF as a backbone, being short
in 3D scene geometry and appearance modeling, but our
method is amenable to and adopts the powerful 3DGS in
nature. 2) T-NeRF [40]. 3) D-NeRF [40]. 4) TiNeuVox
[13]. The latter four methods are based on NeRF and de-
signed for novel view interpolation. Therefore they are ex-
pected to be rather weak for future frame extrapolation. For
a fair and extensive comparison, we also include the follow-
ing two baselines. 5) DefGS [55], and 6) 4DGS [52]. Both
very recent deformable 3D Gaussians methods are partic-
ularly strong to model dynamic 3D scenes for novel view
synthesis using 3DGS as a backbone. 7) DefGSnvfi. We
build this baseline by combining DefGS with the velocity
field proposed by NVFi. This baseline has the powerful
3DGS as a backbone as well as the current state-of-the-art
NVFi learning strategy. It is trained with exactly the same
settings as our method. To demonstrate the flexibility of our
framework, we also adopt 4DGS as our auxiliary deforma-
tion field, denoted as TRACE4dgs.

Metrics: We report PSNR/ SSIM/ LPIPS scores for
RGB synthesis in future frame extrapolation.

4.1. Main Results of Future Frame Extrapolation
All methods are trained in a scene-specific fashion. As a
common practice, the actual time length in all datasets is
normalized to be one time unit, where the first (0 ∼ 0.7)
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Table 1. Quantitative results of all methods for future frame extrapolation on all four datasets.

Dynamic Object Dynamic Indoor Scene NVIDIA Dynamic Scene Dynamic Multipart

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
T-NeRF[40] 13.818 0.739 0.324 22.242 0.700 0.363 21.120 0.707 0.358 10.064 0.576 0.537
D-NeRF[40] 14.660 0.737 0.312 20.791 0.692 0.349 20.633 0.709 0.327 13.344 0.767 0.340

TiNeuVox[13] 19.612 0.940 0.073 21.029 0.770 0.281 24.556 0.863 0.215 20.804 0.923 0.090
T-NeRFPINN 16.189 0.835 0.230 17.290 0.477 0.618 17.975 0.605 0.428 - - -

HexPlanePINN 21.419 0.946 0.067 23.091 0.742 0.401 24.473 0.818 0.279 - - -
NVFi[21] 27.594 0.972 0.036 29.745 0.876 0.204 28.462 0.876 0.214 25.235 0.955 0.046

DefGS[55] 19.849 0.949 0.045 21.380 0.819 0.188 24.240 0.895 0.140 20.664 0.930 0.067
DefGSnvfi 28.749 0.984 0.013 31.096 0.945 0.077 27.529 0.927 0.102 28.455 0.979 0.017
4DGS[52] 20.354 0.950 0.052 21.107 0.793 0.274 22.510 0.703 0.408 20.564 0.935 0.067

TRACE4dgs (Ours) 30.327 0.983 0.019 30.607 0.896 0.209 22.554 0.721 0.390 32.317 0.985 0.016
TRACE (Ours) 31.597 0.987 0.009 34.824 0.965 0.054 29.341 0.933 0.074 33.481 0.990 0.007

time unit is training time and the remaining is test time. In
training and test, we set ∆t to be 2 divided by the train-
ing set frame rate. To extrapolate future frames, the time t′

for our auxiliary deformation field fdefo is set as 0.7. The
future frames are progressively calculated by Algorithm 1
with the same time interval ∆t.

Our primary goal is to extrapolate meaningful future
frames as a continuum of the last training observations. In
our evaluation, we follow the second step in Section 3.3 to
extrapolate future frames from the last timestamp of train-
ing frames. We also compare novel view (past frame) inter-
polation with baselines, but this is less important. Details of
interpolation and the results are provided in Appendix 5.7.

Results & Analysis: Table 1 compare future frame ex-
trapolation of all methods on four datasets. We can see that:
• Compared with NeRF and 3DGS based dynamic scene

modeling methods such as T-NeRF/ D-NeRF/ TiNeuVox/
DefGS/ 4DGS, both versions of our method achieve about
10 points higher on PSNR for future frame extrapolation.
This means that, without explicitly learning physical in-
formation like us, these methods completely fail to pre-
dict the future, highlighting the core value of our method.

• Compared with the closest and also strongest baselines
NVFi/ DefGSnvfi, our method is still constantly bet-
ter than them on all datasets for future frame extrapo-
lation. Notably, on the Dynamic Indoor Scene dataset
and our newly collected Dynamic Multipart dataset, there
are much more complex motion dynamics such as dif-
ferent objects or parts moving in distinct directions, but
our best results are constantly about 3 points higher on
PSNR than them. Fundamentally, this is because both
NVFi and DefGSnvfi rely on PINN losses as soft con-
straints to incorporate physics priors, whereas we directly
integrate hard physics by learning translation rotation pa-
rameters, thus being more effective in learning dynamics.

• Lastly, our framework is indeed amenable to existing de-
formation fields such as DefGS and 4DGS, and both ver-
sions achieve superior results for future frame extrapola-
tion on most datasets.

Figure 4 shows qualitative results. More results are in Ap-
pendix 5.16 / 5.17 / 5.18 / 5.19. We also report the train-
ing/test time, memory cost, etc., in Appendix 5.6.

4.2. Analysis of Dynamics Parameters
Our core translation rotation dynamics system module is
designed to learn per rigid particle’s physical parameters.
Ideally, for those particles undergoing the same motion pat-
tern such as all surface points of a single rigid part, they
should have the same or similar physical parameters. Given
this, multiple dynamic objects or parts with distinct motions
can be automatically segmented based on the similarity of
learned physical parameters. By comparison, the prior work
NVFi [21] can hardly achieve this autonomous dynamic
segmentation by its own design, unless an additional mo-
tion grouping method is applied. To further evaluate this
nice property of our method, we conduct the following steps
to analyze the learned dynamics parameters.

First, after training our method on the Dynamic Object
dataset, Dynamic Multipart dataset, and Dynamic Indoor
Scene dataset, for each dynamic scene, we have a set of
well-trained canonical 3D Gaussians, an auxiliary deforma-
tion field, and our translation rotation dynamics parameters.

Then, we use the auxiliary deformation field fdefo to de-
form the canonical 3D Gaussians G0 to time t = 0.7, which
is the maximum time the deformation field can query in our
training. At this timestamp, the motions of different objects
and parts normally achieve a steady state.

Lastly, we query all the learned physical parame-
ters at this time, i.e., {(v̄t

c, ā
t
c), (w

t
p, ϵ

t
p)}. We choose

(∥v̄t
c∥, v̄t

c, ∥wt
p∥,wt

p/∥wt
p∥) as the features to cluster Gaus-

sians via a simple K-means algorithm. As shown in Figure
3, all Gaussians can be grouped into physically meaningful
objects or parts according to their actual motion patterns.
More results are in Appendix 5.21 / 5.22.

We further quantitatively evaluate our motion grouping
results on Dynamic Indoor Scene Dataset. In particular,
we follow Gaussian Grouping [56] to render 2D object seg-
mentation masks for all 30 views over 60 timestamps on

8825



Dynamic Multipart Dataset Dynamic Indoor Scene Dataset
Figure 3. Clustering of translation rotation physics parameters.

Table 2. Quantitative results of motion segmentation results on
Dynamic Indoor Scene dataset.

AP↑ PQ↑ F1↑ Pre↑ Rec↑ mIoU↑
M2F[8] 65.37 73.14 78.29 94.83 68.88 64.42

D-NeRF[40] 57.26 46.15 59.02 56.55 62.94 46.58
NVFi[21] 91.21 78.74 93.75 93.76 93.74 67.64

DefGS[55] 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

TRACE (Ours) 95.82 93.28 97.90 96.21 99.86 79.55

all 4 scenes, i.e., 7200 images in total. We compare with
D-NeRF, NVFi, DefGS and DefGSnvfi. We follow NVFi
to obtain segmentation results of D-NeRF and NVFi. For
the 3DGS-based baselines, we also adopt OGC [47] to seg-
ment Gaussians based on scene flows induced from their
learned deformation fields. All implementation details are
in Appendix 5.9. We also include a strong 2D object seg-
mentation method, Mask2Former [8] pre-trained by human
annotations on COCO [28] as a fully supervised baseline.

As shown in Table 2, our method achieves almost per-
fect object segmentation results on all metrics, significantly
outperforming all baselines. This shows that our learned
physical parameters correctly model object physical motion
patterns and can be easily used to identify objects according
to their motions, without needing any human annotations.

4.3. Continual Learning
We include an additional continual learning experiment to
show that our framework can easily adapt to new observa-
tions to learn rapidly changing dynamics. We test on Parti-
cleNeRF dataset [1]. It has 6 dynamic objects. Each object
undergoes various rigid motions from robot manipulation to
harmonic oscillation or deformable motions such as cloth.
Details of the dataset are in Appendix 5.11.

Particularly, we first feed frames of (0 ∼ 0.15) time unit
to train the network, and evaluate future frame extrapolation
on (0.15 ∼ 0.30). Next, we include (0.15 ∼ 0.30) to con-
tinue training, and then evaluate future frame extrapolation
on (0.30 ∼ 0.45). We keep adding a time unit of 0.15 till
training on (0 ∼ 0.75), and extrapolate on (0.75 ∼ 0.9).

We compare our extrapolation performance with DefGS
and DefGSnvfi. Table 3 shows quantitative results. It can
be seen that DefGS and DefGSnvfi struggle in making right
future predictions based on novel observations, while our
model can stably adapt to new observations and achieve
excellent future frame predictions. This means that even
though the 3D scene dynamics are radically and rapidly
changing over time, our model can continue capturing those
dynamics given new observations. We believe this would

be a key enabler for robot perception and manipulation
in highly dynamic environments. Qualitative extrapolation
and past time interpolation results are in Appendix 5.11.

Table 3. Quantitative results (PSNR) of continual learning.
Observed Time 0.15 0.30 0.45 0.60 0.75 AverageExtrap Till 0.30 0.45 0.60 0.75 0.90

DefGS[55] 19.856 18.652 20.141 20.813 19.131 19.718
DefGSnvfi 26.105 25.987 27.122 26.051 25.640 26.181

TRACE (Ours) 26.731 27.623 27.168 28.422 27.777 27.544

4.4. Ablation Study
To verify different choices of our method, we conduct the
following five groups of ablation experiments.

(1) Different choices of time difference ∆t in train-
ing stage: Given the time interval between two consecutive
frames in the training set as δt, we compare three choices of
the time difference ∆t in the training stage: {δt, 2δt, 3δt}.
We choose ∆t = 2δt in our main experiments.

(2) Different choices of the order of physical dynam-
ics: Our translation rotation dynamic systems choose to
learn 2nd-order dynamics in our main experiments. We
compare the choices for the 1st order (no acceleration) and
the 3rd order (acceleration of acceleration).

(3) Removing the auxiliary deformation field fdefo:
We feed Gaussian s at time t′ = 0 directly into ftrd, and
use the output physical parameters to progressively move s
to a target future time t with ∆t = 2δt.

(4) Removing the physics derivation: Instead of using
the physics parameters queried at time t′ to derive the future
motion states at time t > t′, we query the physics parame-
ters from ftrd(P , t) for future timestamps.

(5) Removing the equivalence parametrization: In-
stead of learning the equivalent velocity and acceleration
for the centers as Equation 4, we directly learn the original
parameters, implemented by a same MLP only with a mod-
ified output layer: {(P t

c ,v
t
c,a

t
c), (w

t
p, ϵ

t
p)} = ftrd′(P , t′).

Table 4. Ablation studies on three datasets.
Dynamic Multipart Dynamic Object Dynamic Indoor Scene

order fdefo physcis equiv PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

(1) δt 2 ✓ ✓ ✓ 32.852 0.989 0.010 31.597 0.987 0.009 33.831 0.958 0.078
(1) 2δt 2 ✓ ✓ ✓ 33.481 0.990 0.007 31.511 0.988 0.006 34.824 0.965 0.054
(1) 3δt 2 ✓ ✓ ✓ 33.003 0.989 0.008 29.787 0.983 0.011 34.778 0.965 0.054

(2) 2δt 1 ✓ ✓ ✓ 33.125 0.989 0.010 28.522 0.984 0.012 34.576 0.963 0.076
(2) 2δt 3 ✓ ✓ ✓ 33.312 0.989 0.008 31.044 0.987 0.007 34.086 0.961 0.056

(3) 2δt 2 ✗ ✓ ✓ 19.206 0.907 0.120 - - - - - -
(4) 2δt 2 ✓ ✗ ✓ 29.602 0.983 0.012 - - - - - -
(5) 2δt 2 ✓ ✓ ✗ 29.986 0.985 0.012 - - - - - -

Results & Analysis: Table 4 shows all ablation results
for future frame extrapolation. To demonstrate the robust-
ness of our hyperparameters selected, the first two groups of
ablations are extensively conducted on three datasets. The
remaining ablations are primarily conducted on our new
Dynamic Multipart dataset. It can be seen that: 1) The
greatest impact is caused by the removal of the deformation
field fdefo. While this deformation field itself is unable to
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Figure 4. Qualitative results of RGB view synthesis for future frame extrapolation on four datasets.

learn physics, it significantly aids our core translation rota-
tion dynamics system module to learn physical parameters
given motion information. 2) The choice of time difference
∆t is also important. Once it is as small as the interval be-
tween two consecutive frames, the performance drops, be-
cause the motion in short intervals is too subtle to be distin-
guished. For example, a rotation may be learned as a trans-
lation. However, if ∆t is too large, the appearance fitting
could be sacrificed, so the performance is slightly weaker.
3) If physical parameters are learned but not derived, the
lack of physics consistency will influence motion learning.
Ablation results for interpolation are in Appendix 5.13.

5. Conclusion
In this paper, we have demonstrated that complex motion
dynamics can be explicitly learned just from multi-view

RGB videos without needing additional human labels such
as object types and masks. This is achieved by a new
generic framework that simultaneously models 3D scene
geometry, appearance and physics by extending the appeal-
ing 3D Gaussian Splatting technique. In contrast to existing
works which usually rely on PINN losses as soft constraints
to learn physics priors, we instead directly learn a complete
set of physical parameters to govern the motion pattern of
each 3D rigid particle in space via our core translation ro-
tation dynamics system module. Extensive experiments on
three public dynamic datasets and a newly created dynamic
multipart dataset have shown the extraordinary performance
of our method in the challenging task of future frame extrap-
olation over all baselines. In addition, the learned physical
parameters can be directly used to segment objects or parts
according to the similarity of parameters.
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