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Abstract

In this paper, we aim to model 3D scene dynamics from multi-view videos. Unlike
the majority of existing works which usually focus on the common task of novel
view synthesis within the training time period, we propose to simultaneously learn
the geometry, appearance, and physical velocity of 3D scenes only from video
frames, such that multiple desirable applications can be supported, including future
frame extrapolation, unsupervised 3D semantic scene decomposition, and dynamic
motion transfer. Our method consists of three major components, 1) the keyframe
dynamic radiance field, 2) the interframe velocity field, and 3) a joint keyframe and
interframe optimization module which is the core of our framework to effectively
train both networks. To validate our method, we further introduce two dynamic 3D
datasets: 1) Dynamic Object dataset, and 2) Dynamic Indoor Scene dataset. We
conduct extensive experiments on multiple datasets, demonstrating the superior
performance of our method over all baselines, particularly in the critical tasks of
future frame extrapolation and unsupervised 3D semantic scene decomposition.
Our code and data are available at https://github.com/vLAR-group/NVFi

1 Introduction

The 3D world around us is constantly changing over time, where objects are falling, vehicles moving,
and clocks ticking. Humans can effortlessly learn the geometry and physical properties of such
dynamic 3D scenes, and further predict their future motions following the learned physics rules, just
by watching the things for a few seconds. Giving machines such ability to automatically infer the
geometry and physics of complex dynamic 3D scenes is essential for many cutting-edge applications
in augmented reality, games, and the movie industry. Recent advances in the emerging area of

neural radiance field [37] and its succeeding variants [46, 4, 6, 19, 75, 40] have shown excellent
results in modeling dynamic 3D scenes such as deformable things [4, 58] and articulated objects
[39, 55]. While showing superior performance in interpolating novel views within the observed time

period, almost all these methods tend to fit training image sequences, without explicitly learning
the physical properties such as object velocities, thus being unable to extrapolate and predict future
motion patterns of 3D scenes.

More recently, a few studies [47, 14, 8, 32, 2] start to integrate physics priors into implicit neural
representations to model dynamic 3D scenes such as floating smoke or simple moving objects.
By introducing the governing PDEs, a.k.a., PINN [48], these methods demonstrate promising
reconstruction of 3D scene geometry, appearance, velocity and/or viscosity fields. However, the
learned physical properties are either tightly coupled with the target objects [14] in the scene or
require additional foreground segmentation masks in the loop [32]. This means that the estimated
physics knowledge from dynamic video frames is not clearly disentangled, thereby not transferable
from one scene to another.
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Figure 1: The three major components of our framework: Keyframe Dynamic Radiance Field,
Interframe Velocity Field, and the Joint Keyframe and Interframe Optimization module.

In this regard, we ask an ambitious questi@an we learn disentangled physical properties alongside
recovering geometry and appearance of dynamic 3D scenes purely from multi-view video frames?
Among various physical properties in the scene, we choose to focus on velocity as it primarily governs
scene movement dynamics. Such disentangled velocity elds, once successfully learned, are expected
to unlock multiple desirable applications: 1) Future frame extrapolation and prediction beyond the
observed time period in training. For example, after watching a football ying in the penalty area,
we can predict what will happen next. 2) Dynamics transformation from one scene to another. For
instance, after watching a bird ipping wings, we can imagine the same physical behavior on the
body of an airplane. 3) Semantic decomposition of 3D scenes. Intuitively, once the velocity eld of
an entire dynamic 3D scene is learned, all individual objects or parts undergoing different moving
patterns can be easily segmented, without needing any extra human annotations for training.

However, accurately learning the physical velocity of a whole 3D scene space is particularly chal-
lenging, primarily due to the lack of ground truth 3D velocity annotations, the unknown object types
or materials in the scene, and the sparse yet long-time visual trajectory in training. In addition,
when separately learning the velocity eld, it is usually an under-constrained problem even with the
commonly used PINN technique [14].

To tackle these challenges, we introduce a new general framework to simultaneously model the
geometry, appearance, and disentangled velocity of a dynamic 3D scene only from multi-view video
frames. In particular, as shown in Figure 1, our framework consists of three major components: 1) a
keyframe dynamic radiance eld to learn time-dependent volume density and appearance for every
3D point in space; 2) aimterframe velocity eld to learn time-dependent 3D velocity for every
point as well; and 3) @int keyframe and interframe optimization method together with physics
informed constraints to train both networks. For the rst component, itis exible to adopt any of the
existing time-dependent NeRF architectures such as HexFihoeK-Planes [L9]. For the second
component, the neural network actually can be as simple as MLPs.

The core of our framework is the third component, where we explicitly apply three types of loss
functions to jointly optimize both networks: 1) the keyframe photometric loss, 2) the interframe
photometric loss, and 3) the governing PDE losses. With these losses, our framework can precisely
learn disentangled velocity elds, without needing additional regularization terms on volume density
or information on object masks, types, or materials. Overall, our framework models general dynamic
3D scenes by learningeuralvelocity elds with physical priors. Our method is nani¢dFi and

our contributions are:

» We introduce a general framework to model dynamic 3D scenes as physics-informed radiance
elds from multi-view videos, without requiring information on object types, materials, or masks.

» We design a neural velocity eld together with a joint keyframe and interframe optimization method
to effectively train the networks.

» We demonstrate three applications for the learned velocity elds on two newly collected dynamic 3D
datasets and a challenging real-world dataset, showing superior results in future frame extrapolation,
semantic decomposition, and velocity transferring across 3D scenes.

2 Related Works

Static 3D Representations:Conventional representations for static 3D objects and scenes include
voxels [L3, 71, 77], point clouds [ 7], octrees §7, 64], meshes?8, 23], and primitives [ 7]. Due to

the discretization issue of these explicit representations, the delity of 3D shapes is usually limited by
spatial resolution and memory footprint. Inspired by the seminal warks3p, 41], recently, there



Figure 2: The left block illustrates the network architecture of our keyframe dynamic radiance eld
based on HexPlane [6], and the right block shows the architecture of our interframe velocity eld.

has been a strong interest in representing 3D data in implicit neural functions. These methods are
generally classi ed as: 1) occupancy elds (OE)] 36], 2) signed distance elds (SDF}], 3)
unsigned distance elds (UDF).P, 67], and 4) radiance elds (NeRF}[/, 3, 59. Basically, these

neural representations simply take 3D point locations as input and directly regress the corresponding
point information, such as occupancy, distance to surface, color, sematiti¢s], et al, via MLPs.
Compared with traditional explicit representations, these implicit neural representations allow for
continuous shape and appearance modeling at a particularly low memory footprint.

Dynamic 3D RepresentationsRecent techniques in this category are primarily built on the appealing
NeRF architectureq/], thanks to its unprecedented level of delity in representing various 3D objects
and scenegj] 19). Given video sequences of dynamic scenes, these NeRF based methods usually
take the time as an additional input dimension and then optimize the entire network using the
standard photometric loss. Generally, the techniques can be classi ed as: 1) deformation-based

methods {2, 58, 4, 46,5, 18, 74], 2) ow-based methods{1, 33, 16, 63, 35], and 3) direct space-time
based method<s5p, 1, 31, 43]. In parallel, there are also a number of domain- speci ¢ NeRFs to
model particular dynam|c objects such as human bodigs), 45, 70, 68] and faces{, 20, 66,

Although all these methods have shown excellent performance in novel view synthesis on a wide
range of dynamic datasets, they are primarily designed to interpolate frames within the time period of
training data, lacking the ability to predict future frames. By contrast, our NVFi aims to model the
underlying physical principles of 3D scenes, thus being easily able to extrapolate future dynamics.

Physics Informed Deep Learning: Unlike traditional numerical methods such as nite element
methods, recent physics-informed neural networks (PINK)fepresent tensor elds with neural
networks, converting the PDE solutions into optimizing network weights via PDE-based loss functions.
Inspired by the pioneering workg§, 52, 30], a plethora of succeeding works1], 49, 1

have been developed, demonstratmg excellent results in a wide range of appllcatlons such as acoustics
[53,56], uids [ 60, 22, 15], 3D scene representatiorts [L4, 32, 47], et al, thanks to its mesh-free
formulation. More details can be found in the recent survéysi4]. In our framework, we nd that

the commonly-used PINN constraints are insuf cient to learn accurate 3D velocity elds. To tackle
this issue, we further propose the keyframe based velocity propagation module.

3 NVFi

3.1 Overview

As shown in Figure 2, our framework consists of two neural networks together with their optimization
methods. Given a set of images of a dynamic scene with known camera poses and intrinsics, the
keyframe dynamic radiance eld fq simply takes a 3D poinp = ( x;y;2), viewing angle(q;f ),

and timestamp as input, directly regressing the volume densitgnd colorc = (r;g;b). For the
network architecture, we simply adopt the recent HexPlgheliich shows excellent performance in

ef ciently modeling dynamic video frames, though other NeRF variants can also be used. Formally,
our keyframe dynamic radiance eld is de ned below and implementation details are in Appendix.

(s;0)= fo(xy;zq,f;t) Qare trainable parameters. (1)
For theinterframe velocity eld gr, it takes the 4D vectdix;y; zt) as input, and predicts the 3D
velocity v = (vy; W; Vz) for point p at timet. For simplicity, the networlgr is parameterized by
simple MLPs, though more advanced architectures can be applied as well. Formally, the velocity
eld is de ned below and implementation details are in Appendix.

v=ge(pit) = ge(Xy;zt) F are trainable parameters of MLPs. (2)



With these two networks and training images sampled from a dynamic 3D scene, the key challenge
is to effectively optimize these networks, such that the nal learned velocity eld is precise and
disentangled, supporting future frame extrapolation, motion transfer, and semantic decomposition.

3.2 Optimization of Keyframe Dynamic Radiance Fields

Given dynamic video frames af timestampd1l t Tg, there are two potential strategies to
optimize dynamic neural radiance elds.

« Strategy 1 - Dense Frame Optimization:This strategy uses all available video frames of a speci c
dynamic 3D scene in the training set to optimize a dynamic radiance eld. This means that for the
network fg, the time dimensiohis densely sampled during optimization. Formally:

fo(xy;zq;f;t): t2f1 t Tg 3)

However, it has two limitations: 1) It is inef cient to learn accurate 3D geometry and appearance

because this strategy is somewhat equivalent to modeling a dense number of static radiance elds

for all timestamps. 2) It is hard to obtain a disentangled physical velocity eld for the entire 3D

scene, as the change of physical geometries is tightly encoded within the dynamic radiance eld.
 Strategy 2 - Canonical Frame Optimization: This strategy optimizes a canonical representation

of 3D geometry and appearance, usually joined with another deformation or transportation network

to warp the futurdT 1) timestamps back to the rst timestamp. It can be seen as:

fo(xy,zq;f;t): t2fig (4)

However, such a strategy has a strong assumption that the corresponding point appearances
across different timestamps keep unchanged. Therefore, for dramatically changing 3D scenes, the
optimized geometry, appearance, and possible jointly learned physics properties tend to be inferior.

Our Strategy - Keyframe Optimization: In this regard, we propose to adopt a keyframe based
strategy to learn the dynamic radiance €ig. In particular, we uniformly sampli timestamps out
of the totalT stamps to optimizég. Formally:
n o}
fo(xyiza;fit): 2 T=K;2T=K;3T=K; T (5)

Color images are rendered from the above keyframe dynamic radiance elds by sampling points
along rays. For each pixéle. rayr, in a keyframe at timg, the appearandg(r;ty) is obtained by
volume rendering of NeRF[/]. Then the networkq can be optimized by the following keyframe
photometric loss. Details of the rendering equation are in Appendix.

“keyframe= JJC(r;tk) C_:(r;tk)jj; Whereé(r;tk) is the ground truth color observation.  (6)

This keyframe optimization strategy, albeit simple, has two unigue advantages: 1) It allows to
suf ciently and accurately t the sparsely sampled dynamic 3D scene geometry and appearance given
the same network capacity. 2) It allows the remaining interframes belonging {@ th&) time
stamps to be used for optimizing a disentangled velocity eld, as discussed in Section 3.3.

3.3 Optimization of Interframe Velocity Fields

As to our separate interframe velocity el it is impossible to directly supervise it using ground

truth labels as they cannot be collected in practice. However, there are some physics rules to regularize
the velocity eld. The objects are transported by the velocity eld, and the velocity eld is transported

by itself according to some unobservable hidden forces. In order to keep the mass and appearance
of the objects, the velocity eld needs to be divergence-free and obeys the basic law of momentum
conservation, whose details are in Appendix. Note that, more complex physics dynamics beyond
the daily 3D scenarios are out of the scope of this paper. In this regard, our velocityi.e|d,

v= gr(p;t), needs to rstly satisfy the following two constraints.

Npv=0, v Npv= a ()
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We simply turn these PDEs into the following two PINN loss&d fo optimize the velocity eld.
Here we use&/(p;t) as the network to avoid abuse of notation.

) divergence free = Ji Pn V(Pn; tm)]j

i Tv(Pn;tm)
Ttm

wherep, is uniformly sampled in the whole 3D scene volume, gns uniformly sampled from

0 to the interested maximum extrapolation titag, anda is the general acceleration term learned
by another MLP-based networkx;y;zt) | a, whose details are in Appendix. Nevertheless, with
such PINN losses, it is insuf cient to optimize the velocity eld itself, since there are in nitely many
solutions. To tackle this, we introduce an additional interframe optimization strategy.

+ V( pn;tm) anV( pn;tm) a.” (8)

momentunT

z z
z"‘ z"‘

T Qo= T Qo=
Qoz imoz

d

Interframe Optimization Strategy: Naturally, the 3D scene geometry and appearance encoded in
the keyframe dynamic radiance eld, once appropriately transported by the velocity eld, should be
able to render 2D images to match with the ground truth observations in interframes belonging to
the remainingT K) timestamps. To enforce such a constraint, the key challenge is to determine
the color and density values for all 3D points at each interframe timestamp, such that the volume
rendering equation can be applied to estimate RGB for each pixel at the interframe timestamp, after
which the photometric loss can be adopted. To tackle this, we propose the following Algorithm 1.

Algorithm 1 At a speci ¢ interframe timestamfp, given a light rayr; with viewing angle(q;f ) andSsample
pointsfp; Ps Psg along the ray, the objective of this algorithm is to determine the color and density
values for theSpoints alongrj, denoted asf (€1;S1) (Cs;Ss)  (€s;Ss)g. In the meantime, we also have the
keyframe dynamic radiance elf and velocity eldgr.
Note that, we shall not directly queffis to obtain color and density for trgpoints because: 1) the dynamic
radiance eldfg is never trained on interframe timestamps, thus the queried values are inaccurate; 2) the velocity
eld gr will not be involved, and therefore the interframes cannot provide additional constraints to oimize
Input:
The ray directior(q;f ), the interframe timestanmp theSsample points onthe rdyp; ps PsG;
TheK keyframe timestampit; tx  tkQ;
The initialized and ongoing training networkky andgr ;
Output:
The color and density values f@sample points along the raf/(ci;s1) (Cs;Ss) (Cs;S9)Q;
Preliminary step:
Find the nearest keyframe timestafpfor the interframe timestamip

fx = argmin jt,
t

for psinfpl Ps . Psg do . . . . . . . .
Transportps to its corresponding poirp? at its nearest keyframe timestarfpaccording to its velocity
eld. The position ofpg can be obtained by:

Zj
pg: ps+ ‘ Or (ps(t);t)dt;  Runge-Kutta 2 solver [9] is applied in our implementation.
t

Retrieve the volume densig2and view-agnostic color feature vecegfor point p
(sded) fo(pSf); Note: HexPlane backbone [6] can output a view-agnostic color feature \edctor

Assign the retrieved features pg to the original pointpg: (Ss; €s) (sgeg).
Obtain the coloxcs for point pg:

Cs fQ(eS; q;f); Note: fQ is a subnetwork of HexPlane backbone [6] as detailed in Appendix.

Output(cs; ss) for point ps.
After the abovdor loop, we obtain all color and density values 8sample points.

Having the color and density values of all 3D points alongmanp the interframe of timestanip
the appearandg(r;;t;) is obtained by volume rendering of NeR¥/]. Then both networksg and
Or can be optimized by the following interframe photometric loss.

“interframe= JiC(ri;t) (_:(ri;ti)jj; WhereE(ri;ti) is the ground truth color observation.  (9)



3.4 Joint Keyframe and Interframe Optimization

Technically, the keyframe dynamic radiance eﬂg can be rstly trained by keyframeOnly, and then
the interframe velocity eldgr by "givergencefree* momentunt inter frame

Nevertheless, we empirically nd that simultaneously propagating errors of interframes back to the
radiance eldfg helps achieve better performance overall. Therefore, we adopt the following joint
keyframe and interframe strategy to optimize both networks.

fQ (\keyframe"' ‘interframé OF (‘divergence_zfree"' " momentuni \interframp) (10)

4 Experiments

Datasets: Our framework primarily focuses on learning meaningful physical velocity elds for
dynamic 3D scenes, instead of simply tting video frames. Although there are a number of dynamic
3D scene datasets in the literature, they are mainly collected for the popular task of novel view
synthesis within the training time periaice., interpolation in time dimension. Besides, the underlying
motions of these scenes tend to be chaotic, and estimating their future motions or transferring their
motions are hardly meaningful or entertaining in practice. In this regard, we introduce two new
synthetic datasets: 1) Dynamic Object dataset, and 2) Dynamic Indoor Scene dataset.

1) Dynamic Object Dataseffhis dataset consists of 6 distinct 3D objects, each of which displays

a unique motion pattern, including either rigid or deformable movements in 3D space. These 3D
objects and their realistic motions are all designed by unknown external practitioners from SketchFab,
and we purchased their Licenses and will make them available for free use in the community.

For each 3D object, we collect RGB images at 15 different viewing angles over 1 second, where
each viewing angle has 60 frames captured. We reserve the rst 45 frames at randomly picked 12
viewing angles as the training spilite., 540 frames, while leaving the 45 frames at the remaining 3
viewing angles for testing interpolation abilifye., 135 frames for novel view synthesis within the
training time period, and keeping the last 15 frames at all 15 viewing angles for evaluating future
frame extrapolation.e., 225 frames. More details are in Appendix.

2) Dynamic Indoor Scene Datasét’e also collect another synthetic dynamic 3D dataset, which
includes 4 indoor scenes with multiple complex 3D objects undergoing different rigid body motions.
There are about 4 objects such as tables or chairs in each 3D scene. Basically, such an indoor dataset
aims to simulate potential scenarios for robotics or VR applications to understand dynamic 3D scenes.

Since the indoor scene is signi cantly more challenging, for each 3D scene, we collect RGB images
at 30 viewing angles over 1 second, where each viewing angle has 60 frames captured. Similarly,
we reserve the rst 45 frames at randomly picked 25 viewing angles as the training.split125

frames, while leaving the 45 frames at the remaining 5 viewing angles for testing interpolation ability,
i.e., 225 frames, and keeping the last 15 frames at all 30 viewing angles for evaluating future frame
extrapolationj.e., 450 frames. The ground truth object segmentation masks are also collected for
evaluating the semantic decomposition capability in Section 4.2. More details are in Appendix.

While existing dynamic 3D scene modeling techniques and the commonly used datasets in literature
are mainly designed for novel view rendering/interpolation within the training time period, rather
than for extrapolation beyond the training time period, we evaluate our method on two selected scenes
from a real-world dataset: NVIDIA Dynamic Sceri€]. It captures real-world dynamic scenes by a
static camera rig with 12 cameras. For each scene, we clip 60 frames with reasonable and predictable
motions. We reserve the rst 46 frames at randomly picked 11 cameras as the traininiges 30,6

frames, while leaving the 46 frames at the remaining 1 camera for testing interpolation abilithe

frames for novel view synthesis within the training time period, and keeping the last 14 frames at all
12 cameras for evaluating future frame extrapolati@n, 168 frames.

Baselines:We carefully choose three representative groups of methods as our baselines: 1) dense
frame optimization method T-NeRE§] and NSFF B3], 2) canonical frame optimization methods
D-NeRF (6] and TiNeuVox [LE], 3) PINN methods T-NeR#nyn and HexPlangnn. Both methods

are adapted by us via integrating a separate velocity eld supervised by the same PINN losses as ours.

Metrics: For evaluating both interpolation and future frame extrapolation and motion transfer, the
standard metricBSNR, SSIM, andLPIPS scores are reported across testing views. For evaluating



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.

Dynamic Object Dataset

Dynamic Indoor Scene Dataset

Interpolation

Extrapolation

Interpolation

Extrapolation

PSNR' SSIM' LPIPS#

PSNR SSIM' LPIPS#

PSNR' SSIM' LPIPS#

PSNR SSIM' LPIPS#

T-NeRF[46]| 13.163 0.709 0.353 13.818 0.739 0.324 24.944 0.742 0336 22.242 0.700 0.363
D-NeRF[46] 14.158 0.697 0.352 14.660 0.737 0.312 25.380 0.766 0,300 20.791 0.692 0.349
TiNeuVox[18]| 27.988 0.960 0.063| 19.612 0.940 0.07329.982 0.864 0.213 | 21.029 0.770 0.281
T-NeRFpnN | 15.286 0.794 0.293 16.189 0.835 0.280 16.250 0.441 0,638 17.290 0.477 0.618
HexPlanginn | 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[33] - - - - - - 29.365 0.829 0.27824.163 0.795 0.289
NVFi(Ours) {29.027 0.970 0.039 27.594 0.972 0.036 30.675 0.877 0.211 29.745 0.876 0.204

Table 2: Quantitative results of our method and baselines on the NVIDIA Dynamic Scene dataset.
Truck Skating

Interpolation
PSNR SSIM' LPIPS#

Extrapolation
PSNR SSIM' LPIPS#

Interpolation
PSNR SSIM' LPIPS#

Extrapolation
PSNR SSIM' LPIPS#

TiNeuVox[18]| 27.230 0.846 0.229|24.887 0.848 0.209 | 29.377 0.889 0.20224.224 0.878 0.220
HexPlanginn | 25.494 0.768 0.337124.991 0.768 0.325 24.4470.867 0.225| 23.955 0.868 0.232
NVFi(Ours) |27.276 0.840 0.235|28.269 0.855 0.220 | 26.999 0.848 0.227 28.654 0.896 0.208

semantic decomposition, the Average PrecisidR)( Panoptic QualityQ) andF1 scores with an
loU threshold of 0.5, together with the mean Intersection over Umidol() scores are reported.

4.1 Evaluation of Future Frame Extrapolation

We rst evaluate the extrapolation capability of our framework. In particular, our method and 5
baselines except NSFF are trained from scratch on each of the 6 objects in Dynamic Object dataset,
and all methods on each of the 4 scenes in Dynamic Indoor Scene dataset, all in a scene-specic
fashion. Intotal(6 6)+(7 4)= 64models are trained for comparison. The keyframe number

K is set as 16 in our method for Dynamic Object Dataset and 4 for Dynamic Indoor Scene Dataset.
As for real-world NVIDIA Dynamic Scene dataset, we evaluate our model and 2 baselines with
comparable performance on our own datasets, where the keyframe nikinssat as 4 in our method.

Analysis: Table 1 compares all methods regarding the quality of view synthesis for future frame
extrapolation. The view synthesis for interpolation is also included for comparison. It can be seen
that: 1) our NVFi achieves signi cantly better results than all baselines on both dynamic datasets,
particularly on the critical task of future frame extrapolation, although the strong baseline TiNeuVox
shows excellent performance for interpolation. 2) Naively adding physics priors into an existing
dynamic NeRF tends to be inferior as shown by T-Ngjrk and HexPlangnn. This clearly veri es

the effectiveness of our special design of the joint keyframe and interframe optimization strategy.
More qualitative results are in Figure 4(a). Table 2 compares our method and two best baselines. It
can be seen that, even if our NVFi only gets comparable performance in interpolation, it still achieves
the best performance in extrapolation without any performance drop compared with interoplation
thanks to the accurate motion predictions. More qualitative results are in Figure 3.

4.2 Evaluation of 3D Semantic Scene Decomposition

Having the well-trained keyframe dynamic radiance dgland interframe velocity eldyr for each

3D scene in the Dynamic Indoor Scene dataset in Section 4.1, naturally, all individual 3D objects such
as chairs and tables undergoing different movements are supposed to be automatically discovered,
segmented, and tracked without needing any extra object annotations as supervision signals.

In order to achieve this desirable unsupervised object decomposition objective, a naive strategy is to
guery the velocity values of dense 3D points in space, followed by a velocity clustering module to
group points into objects. However, such a strategy fundamentally fails to recognize object shapes
but just identi es similar motions, thereby tracking objects is also infeasible. A more elegant strategy
is to directly learn an object cods, (usually one-hot) for each 3D poiptwithin the entire 3D scene
volume at the initial timestamip= 0, without retraining any neural layer of the well-trained networks

fo andgr but just using them. This would clearly allow all dynamic 3D objects in the scene to be
segmented and tracked over time. To this end, we simply introduce a simple 4-layer MLP as the



semantic scene decomposition netwbyk It takes a 3D poinp as input, directly regressing its
object codenp, i.e., 0p = hy (p) which is optimized using the following steps:

* First, given the well-trained keyframe dynamic radiance ég we uniformly sample dense 3D
points at timestamp= 0, obtaining their density values. Only 3D points with suf ciently large
densities are kept as valid points for the subsequent steps.

» Second, the valid 3D points are fed into our new object segmentation nettwdikitialized but
yet to be trained), obtaining their corresponding object codes.

« Third, the valid points are transported to their correspondences at a random timg&taing the
well-trained velocity eldge . Motion vectors of these points from Otfbare computed.

« Lastly, given per-point motions, we employ the dynamic rigid consistency and spatial smoothness
losses proposed in OGC [54] to optimize the object segmentation nehwork

Once the object segmentation netwbikis learned, all dynamic objects at tihe 0 are segmented.

With the aid of the well-trained velocity eld, in any subsequent timestamps, all these identi ed
objects can be naturally tracked. In addition, with the aid of well-trained keyframe dynamic radiance
eld fg, we simply use the accumulated weights computed in volume rendering to combine point
object codes along a given light ray, thus rendering accurate object segmentation 2D masks for any
camera poses at any given timestamps. More details of the implementation are in Appendix.

We evaluate the semantic scene decompositipgple 3: Quantitative results of scene decomposi-

ability on the Dynamic Indoor Scene dataset. lflon on the Synthetic Indoor Scene dataset.
particular, we render all 2D object segmentatior AP" PO FI' mioU"

masks from our network at the 30 viewing an-
gles over 60 frames for all scenés,, 7200 2D Mask2Former [11]65.37 73.14 78.29 64.42
masks, and then evaluate them against ground D-NeRF [46] 57.26 46.15 59.02 46.58
truth masks. For a fair comparison, we also train NVFi(Ours) 91.21 78.74 93.75 67.64
a similar object segmentation network for the
baseline D-NeRF/6] at timet = 0, using its learned deformation vectors as supervision signals and
tracking signals. Note that, the deformation vectors are converted back as motion vectors. In addition,
we include an image-based object segmentation method, the powerful Mask2Foijneeftrained

on COCO B4] dataset, as a fully-supervised baseline. More implementation details are in Appendix.

Analysis: As shown in Table 3, we can see that: 1) Our object segmentation performance is superior to
D-NeRF [£6], essentially because our velocity eld learns better scene dynamics than the deformation
eld, thus enabling the object segmentation network to be better optimized. 2) We also clearly surpass
the powerful pre-trained Mask2Former]] on all metrics. The reasons are two-fold. First, we
fundamentally rely on motion patterns rather than appearances to discover objects, thus being able
to generalize to unseen object types ("Genome") or scenes ("Factory") better than Mask2Former
[11]. Second, our learned object eld inherently leverages multi-view consistency, thus allowing the
segmentation of partially occluded objects. Figure 4(b) shows qualitative results.

4.3 Evaluation of Motion Transfer

We further demonstrate the ability of our model to transfer a well-trained velocity eld to another
separately trained static scene. All objects in the new scene are expected to undergo the same
dynamics as learned in the velocity eld. The more accurate the learned velocity eld, the more
realistic and entertaining the new 3D scene will be, after applying the learned dynamics.

In order to evaluate the performance, we create a ngdple 4: Quantitative results of motion trans-
3D scene, calle@nome-newbeing similar to the fer on Synthetic Indoor Scene dataset.
sceneGnomein our Dynamic Indoor Scene dataset: ; ;

We apply the same dynamics @homeon Gnome- PSNR' SSIM” LPIPS:
new recording 30*60 = 1800 frames as its groun®-NeRF [46] 16.124 0.327 0.550
truth observations. To explicitly show the advantag®VFi(Ours) 16.178 0.334 0.551
of our learned disentangled velocity eld, we sepa-
rately train a static TensoRF][model for Gnome-newonly using its frames at time= 0. Note

that, any other NeRF variants are also applicable here. We then pick up the well-trained velocity
eld of Gnomein Section 4.1, after which we directly apply the learned velocity eld on the newly
trained static TensoRF model, rendering 30*60 frames for a comparison with the ground truth images.
Similarly, we apply the deformation eld learned by D-NeRF in Section 4.1 in the same transferring
pipeline, rendering 2D images for comparison. More implementation details are in Appendix.




Figure 3: Qualitative results of baselines and our method on NVIDIA Dynamic Scene dataset.

Analysis: Figure 4(c) shows that our method clearly keeps the geometry and appearance of the new
static object, thanks to the accurately learned disentangled velocity eld, whereas D-NgR&ilg

to do so. However, we observe that in Table 4 our advantage is not so signi cant. This is because the
static reconstruction dsnome-neviacks supervision signals for ground planes occluded by objects,
leading to rendering artifacts in these regions when objects are moved away by motion transfer. Our
strong ability of motion transfer is further validated by additional experiments on our Dynamic Object
Dataset in Appendix.

4.4 Ablation Study

(1) Without Joint Optimization: We only use Taple 5: Quantitative results of ablation
“keyframe 10 train the keyframe dynamic radianctydies on Dynamic Object dataset.

eld fq, followed by the(\divergencgfree"’ " momentunit Extrapolation
“interframe) tO Separately train the velocity elgr. Joint Physics K [PSNR SSIM' LPIPS#

(2) Removing Physics ConstraintsThe PINN losses 3 16| 27.594 0.972 0.036
(" divergencefree* momentunh @re removed to traigr . 7 16| 24.792 0.955 0.059
(3) Choice of Keyframe NumberK: We set the 3 16| 25.537 0.968 0.040

keyframe numbeK as 8 and 32, while we choose 3 8 |27.490 0.974 0.036
K = 16 in main experiments. 3 32| 24.902 0.964 0.037

W W W

(4) Reducing the Number of Cameras:we reduce Taple 6: Quantitative results of ablation
the number of cameras used in our Dynamic Objegdies on Dynamic Object dataset.

datasets to half of the numbee., 6 cameras, and one Extrapolation
quarter of the number.e., 3 cameras. Camera Numbers PSNRSSIM™ LPIPS#
Table 5 and Table 6 shows the ablation results for future 12 27594 0.972 0.036
f t lati D ic Obiect dat t 6 25.114 0.959 0.122
rame extrapolation on our Dynamic Object dataset. 3 51370 0917 0084

We can see that: 1) The joint keyframe and interframe
optimization strategy is critical to enable our method to learn accurate velocity eld as well as
dynamic radiance eld. 2) Once the keyframe numKdoecomes larger, the extrapolation capability
clearly drops, validating that the dense supervision is inferior to help learn physics velocity overall. 3)
The extremely sparse camera views are unlikely to capture suf cient visual information for physical
motion learning. More ablation results are in Appendix.

5 Conclusion

In this paper, we extend the appealing radiance eld to represent dynamic 3D scenes from multi-
view videos. Unlike most of the existing methods which focus on novel view synthesis within the
training time period, our method learns to disentangle the physical velocity eld from the geometry
and appearance of 3D scenes by jointly optimizing two neural networks: the keyframe dynamic
radiance eld and the interframe velocity eld. Extensive experiments on three dynamic datasets
demonstrate that our framework learns accurate velocity, enabling successful applications in future
frame extrapolation, semantic scene decomposition, and motion transfer.



Figure 4: Qualitative results of baselines and our method on the three tasks. More qualitative results
can be found in Appendix and our project page: https://vlar-group.github.io/NVFi.html
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A Appendix

The appendix includes:

» Rendering equation.

» Implementation details of keyframe dynamic radiance eld and velocity eld.
Additional details of physics prior.

* Implementation details of joint optimization.

Additional details of datasets.

* Implementation details about semantic scene decomposition.
Implementation details about motion transfer.

Additional quantitative results for ablation study.

Additional quantitative & qualitative results for future frame extrapolation.
 Additional quantitative & qualitative results for semantic scene decomposition.
» Additional qualitative results for motion transfer.

In addition, we provide a@emo videofor better visualization of qualitative results on multiple tasks,
appended in the supplementary materials.

A.1 Rendering Equation

Neural radiance elds were initially introduced ] to model 3D scenes by associating the coordinate
(x;y;2) and view directior(q;f ) of each point in space with its color, represented by vectand
density, denoted by . We keep the same rendering equation to obtain the expected3{o|ot;) of

a pixel in the image captured by a camera at tima rayr;(s) = o; + sd; is involved, which marches
from the camera's center towards the pixel. Hexegndd; represent the ray's origin and direction,
respectively, whiles signi es the distance from a point to the camera, ranging from a prede ned near
bounds, to a far bounds;. The pixel color is rendered by sampling a series of points along the ray
and performing classical volume rendering:

N
CN=aT(l exp sid)c;

i=1 - (11)

Ti=exp( @ sjdy);
j=1

whered; represents the distance betweenithand(i + 1), sample point, and N denotes the number
of sampled points. Equatiqiil) connects real 3D points with image pixels by accumulating colors
¢ and densities; of sample points along the ray.

A.2 Implementation Details of Keyframe Dynamic Radiance Field

We adapt HexPlang] to parameterize volumetric keyframes. It is a direct extension of static
TensoRF[] to a dynamic radiance eld. Instead of using concatenation to combine the features from
different planes as TensoRF and HexPlane, we use Hadamard Production as used in kPlane[
which shows stronger ability in representing complex geometries. The formal de nition of our
Keyframe Dynamic Radiance Field is as follows:

If we denotety as the time step corresponding to #fekeyframe, we can write:
Alxit) = B(fi(i;v) gzt fa(xiiz)  ga(yist)  falyisz)  gs(xiitk),  (12)
and
s(xi;t) = 17 (ha(x;yi)  ka(zit)  ha2(x;2)  ka(yitk)  ha(yisz)  ka(xistk)

wheres (xj;tk) is the predicted sigma for poimf, A(X;;ty) is the predicted appearance feature. And
fj, hj, gj andk; are vector-valued grid functions with output dimenshg or Map respectively. The
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nal density values is the summation of th®s dimension density feature, and the nal appearance
feature is a weighted sum of thé,,, dimension output feature, wheBeis a simple linear layer.

Note unlike HexPlané&] and K-Planes[9], we only do grid interpolation to nd the feature values

for spatial coordinates, while we pick the time dimension according to the corresponding keyframe
index. The nal RGB colorc is regressed from a 2-layer MLP with appearance feature and view
direction as inputs. With points' densisy and colorsc, images are rendered via volumetric rendering
Equation (11).

In our implementation, for all the experiments, we Blgtas 24 andviypp as 48, while for different
experiments, we use different keyframe numbers. For object extrapolation task, we set keyframe
number as 16, due to the more complex dynamics of the deformable objects. For both indoor
extrapolation task and segmentation task, we set keyframe number as 4. The color decoder MLP has
2 hidden layers, each with 128 nodes.

A.3 Implementation Details of Velocity Field
The velocity eld is de ned as follows:

v=ge(pit) = ge (X y;zt) = We (XY, zt)My(Xy;2)  F are trainable parameters of MLPs. (13)

Here we decompose the velocity eld as a weight MluP along with a velocity basis eld. In our
experiment, we nd this can make the velocity convergence faster. The velocity basis eld is de ned

: 2 3
as 1 0 0
0 1
0O O
Mv(Xy;2) = z 0 X (14)
y x O
0 zy

The weight MLP is implemented as 4 hidden layers with 128 nodes, with a positional encoder of dim
3 asin B7]. The output is a weight vectar 2 R, which could be regarded as the linear velocity in
X, Y, Z directions and angular velocity rounding x, y, z axis respectively.

A.4 Additional Details of Physics Prior

We enforce the appearance and volume density features, dendtdubéts admit the conservation
laws characterized by the divergence-free implicit velocity e{d;t):

fi ~ fi - - Df; - D . . L
%+ N (vfi)= %+ v Nfi+ fiN v= FtlJr fiN v=0; Wherea is the material derivative.
Intuitively, we assume the objects moved by the velocity eld have a property of local rigidity, and
the implicit velocity eld should be incompressible (or in other words free of sources or sinks of
mass). Then we can get the divergence-free constraint= 0.

The momentum of a velocity eld is de ned to brev, per unit volume. Newton's second law of
motion states that momentum is conserved by a mechanical system of masses if no forces act on the
system. IfF(x;t) is the force acting on the velocity, per unit volume, then we immediately have

Dv;

r—==~F,

Dt
where we assume the implicit velocity eld has uniform mass densitjs a result, the momentum
conservation constraint could be derived as:

Dvi _ ﬂv+

- F
oMt va-r——a. (15)

A.5 Implementation Details of Joint Optimization

During training, our keyframe radiance eld starts with a space grid siz#dand increases its
resolution in log scale at 2k, 4k, 6k, 8k, 10k iterations2{iC®. The learning rate for feature planes is
0.02, and the learning rate for color decoding neural network and velocity eld is 0.001. All learning
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rates are exponentially decayedlitdlOat nal iteration 30k. We use Adamp] for optimization with
b1 = 0:9;b, = 0:99. We apply Total Variational loss’[ 6, 19] on all feature planes with = 0:001
for spatial axes.

We sample 262144 points uniformly in the spécd.; 1]° and time[0; 1] for dynamic object datasets,

and 1310672 points for dynamic indoor scene datasets every iteration. The jacobians of velocity
required is calculated by using autograd from functozéh[For all the sampled points, we only
evaluate the physics losses at occupied region, where the gridaalphla exp s 0:01 0:0001

We set the loss weight for divergence-free loss as 5, and the weight for momentum conservation loss
as 0.1. All scenes are trained for 1.5 hours on a single NVIDIA RTX 3090 GPU respectively.

A.6 Additional Details of Datasets

Dynamic Object dataset: This dataset comprises 6 distinct objetdisplaying a variety of motion
types, including both rigid and deformable movements. We use a total of 15 views, of which 12 are
allocated for training and 3 for testing. Each view consists of 60 frames over 1 second; however, only
the rst 45 frames are used in the training set, with the remaining 15 frames for evaluation. Details of
the 6 dynamic objects are:

« Falling Ball: A basketball is falling freely through a hoop. The basketball is accelerated by
gravity, which should be learned by the model.

» Telescope:A telescope is given, whose upper part is rotating while the lower part remains
static.

e Fan: An antique fan is given. The outer part of the fan is static, while the inner fan is
rotating. The embedded motion makes this scene dif cult.

» Bat: A batis apping its wings. Since the wing is extremely thin, and the motion isin a
great extent, it's hard to reconstruct the motion.

» Shark: A shark is shaking its tail left and right.
* Whale: A whale is apping its tail up and down.

Dynamic Indoor Scene dataset: This dataset consists of 4 indoor scenes, each containing several
rigid objects? undergoing different rigid body motions. Since the indoor scene is more challenging,

it comprises 30 views, with 25 for training and 5 for testing. Like the rst dataset, we use the rst 45
frames from the 60-frame views for training and reserved the remaining frames for evaluation. A set
of ground-truth segmentation masks is provided for evaluation. The segmentation mask is rendered
by blender object index, which is perfectly accurate as ground truth. We have in total 4 scenes:

» Gnome House:3 objects are moving outwards from the center of a house: a gnome, a sofa,
and a treasure chest.

» Chessboard:5 objects are moving towards each other on a chessboard: a horse statue, a
marble bust, and a china vase from one side, a wooden elephant and a brass vase from the
other side.

» Factory: 5 objects are moving towards nearly the same direction, among which 2 objects
are rotating at the same time: three barrels with different appearance, a cardboard box, and a
compost bag.

 Dining Table: 4 objects are falling down onto a dining table from the surrounding air: an
apple, a cake, a croissant, and a lime.

A.7 Implementation Details about Semantic Scene Decomposition

NVFi(Ours): Figure 5 illustrates the optimization pipeline of our method for scene decomposition
task:

1Basketball is downloaded from TurboSquid, licensed under the TurboSquid 3D Model License:
https://blog.turbosquid.com/turbosquid-3d-model-license. Other objects are purchased from SketchFab, li-
censed under the SketchFab Standard License: https://sketchfab.com/licenses

2All objects and textures are freely downloaded from Poly Haven, licensed under Poly Haven asset License:
https://polyhaven.com/license
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Figure 5: The optimization pipeline of our method for scene decomposition. The solid black lines
represent forward inference while the dashed gray lines represent backward supervision.

 First, we sample dense 3D points at timestamp0 and query their density values through the
well-trained keyframe dynamic radiance efd. By removing 3D points with low densities, we
obtain a non-empty point stwith N points at timestamp= 0,i.e., P2 RN 3.

» Second, we feed the point d&tinto the to-be-trained scene decomposition netwgrland obtain

per-point object code® 2 (0; 1)N K whereK is a prede ned number of objects that the network

is expected to predict in maximum.

Third, the points irP are transported to their corresponderlélgsusing the well-trained velocity

eld ge. Thus, we can compute the per-point motion vecMis2 RN 3 asMt’= P° P,

* Lastly, we apply two losses proposed in OG@][onto the predicted object codek. Dynamic
rigid consistency: For thek!" object, We rst retrieve its (soft) binary mag®¥, and feed the tuple

f P; P!, 0Xg into the weighted-Kabsch algorithm to estimate its transformation g R* 4
belonging toSK(3) group. Then the dynamic loss is de ned as:

d (T« B (p+ni) (16)

T Qox

. 1,
dynamic— N a
p2P 1

whereo';, represents the probability of being assigned todhebject for a speci ¢ poinip, and

m’2 R3 represents the motion vector pfirom timestamp to t% The operation applies the
rigid transformation to the point. This loss serves to discriminate objects with different matjons.
Spatial smoothnessWe rst searchH nearest neighboring points for each pgin P. Then the
smoothness loss is de ned as:

. 1 5 1
smooth— 7
N op H

kop 0Op k1 a7
1

T Qo

whereop 2 (0; 1)K represents the object assignment of center gmjaindop, 2 (0; 1)K represents

the object assignment of it§" neighbouring point. This loss servers to avoid the over-segmentation
issues. We refer readers to [54] for more details.

For our scene decomposition netwdrk, we adopt a simple 4-layer MLP with 128 neurons in each
hidden layer. The maximum number of predicted obj&cts set to 8. A softmax activation is applied
onto the predicted object code. During optimization, we adopt the Adam optimizer with a learning
rate of 0.005 and optimize the network for 1000 iterations. The two l0ggggnicand smoothare
weighted by {1.0, 0.1}.

D-NeRF: For D-NeRF, we adopt exactly the same architecture of scene decomposition network as
ours. The optimizer and other hyperparameters are also consistent with ours.

Mask2Former: We use the implementation of Mask2Former from MMDetecfipwhere we

choose the most powerful Swin-L backbone. The model is pretrained on COCO dataset for panoptic

segmentation task. Since we aim to decompose objects with different motions only, the ground plane

and the wall in each scene are regarded as a whole static background, while the pre-trained model
may separate them into different parts. For a fair comparison, we manually merge the segments in
model's predictions corresponding to the static background.

Shttps://github.com/open-mmlab/mmdetection
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