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Figure 1. Persistent Dynamic Novel-View Synthesis and Tracking Results. Novel-view (unseen) renders of color images and depth maps
across 5 scenes (columns) and 2 views (rows) at the same timestep. Each scene is parameterized by 200-300k Dynamic 3D Gaussians which
move over time. We render (with occlusions) the 3D trajectories of 2.5% of these over the last 15 timesteps (0.5s). [Videos]

Abstract
We present a method that simultaneously addresses the
tasks of dynamic scene novel-view synthesis and six degree-
of-freedom (6-DOF) tracking of all dense scene elements.
We follow an analysis-by-synthesis framework, inspired by
recent work that models scenes as a collection of 3D Gaus-
sians which are optimized to reconstruct input images via
differentiable rendering. To model dynamic scenes, we al-
low Gaussians to move and rotate over time while enforcing
that they have persistent color, opacity, and size. By regu-
larizing Gaussians’ motion and rotation with local-rigidity
constraints, we show that our Dynamic 3D Gaussians cor-
rectly model the same area of physical space over time, in-
cluding the rotation of that space. Dense 6-DOF tracking
and dynamic reconstruction emerges naturally from persis-
tent dynamic view synthesis, without requiring any corre-
spondence or flow as input. We demonstrate a large num-
ber of downstream applications enabled by our representa-
tion, including first-person view synthesis, dynamic compo-
sitional scene synthesis, and 4D video editing. 1

1. Introduction
Persistent dynamic 3D world modeling would be transfor-
mative for both discriminative and generative artificial in-
telligence. On the discriminative side, this would enable a
metric-space reconstruction of every part of the scene over
time. Modeling where everything currently is, where it
has been, and where it is moving, is crucial for many ap-
plications including robotics, augmented reality and self-
driving. In generative AI, such models could enable new
forms of content creation such as easily controllable and ed-
itable high resolution dynamic 3D assets for use in movies,
video games or the meta-verse. Many such applications re-
quire scalable approaches that can be run on high-resolution
imagery in real-time. Thus far, no approach has been
able to produce photo-realistic reconstructions of arbitrary
dynamic scenes with highly-accurate tracks and visually-
appealing novel-views, all while being able to be trained
quickly and rendered in real-time.

1. Project Website.
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In this paper we present such an approach by simultane-
ously tackling the discriminative tasks of dynamic 3D scene
reconstruction and dense non-rigid long-term 6-DOF scene-
tracking, while addressing the generative task of dynamic
novel-view synthesis. We formulate both of these tasks in
an analysis-by-synthesis framework, i.e., we build a persis-
tent dynamic 3D representation of the moving scene that
is consistent with all the input observations (images from
different timesteps and cameras) and from which tracking
emerges as a product of correctly modelling the underlying
scene with physically plausible spatial consistency priors.
3D Gaussian Splatting [17] has recently emerged as a
promising approach to modelling 3D static scenes. It rep-
resents complex scenes as a combination of a large number
of coloured 3D Gaussians which are rendered into camera
views via splatting-based rasterization. The positions, sizes,
rotations, colours and opacities of these Gaussians can then
be adjusted via differentiable rendering and gradient-based
optimization such that they represent the 3D scene given by
a set of input images. In this paper we extend this approach
from modelling only static scenes to dynamic scenes.
Our key insight is that we restrict all attributes of the Gaus-
sians (such as their number, color, opacity, and size) to
be the same over time, but let their position and orienta-
tion vary. This allows our Gaussians to be thought of as a
particle-based physical model of the world, where oriented
particles undergo rigid-body transformations over time. In
order to reconstruct such particles from raw camera im-
agery, we exploit the property that at any time, they can
be efficiently splatted onto to any camera viewpoint, allow-
ing them to be optimized with an image reconstruction loss.
Crucially, particles allow us to operationalize physical pri-
ors over their movement that act as regularizers for the opti-
mization: a local rigidity prior, a local rotational-similarity
prior, and a long-term local isometry prior. These priors
ensure that local neighborhoods of particles move approxi-
mately rigidly between timesteps, and that nearby particles
remain closeby over all timesteps.
Previous approaches to neural reconstruction of dynamic
scenes can be seen as either Eulerian representations that
keep track of scene motion at fixed grid locations [5, 10, 36]
or Lagrangian representations where an observer follows a
particular particle through space and time. We fall in the
latter category, but in contrast to prior point-based repre-
sentations [1, 45], we make use of oriented particles that
allow for richer physical priors (as above) and that directly
reconstruct the 6-DOF motion of all 3D points, enabling a
variety of downstream applications (see Fig. 3 and 7).
We perform experiments using synchronized multi-view
video (27 training cameras, 4 testing cameras) from the
CMU Panoptic Studio dataset [15]. Our approach achieves
28.7 PSNR on dynamic novel view rendering while render-
ing at 850 FPS. It is trained on 150 timesteps with 27 train-

ing cameras in each timestep in only 2 hours on a single
RTX 3090 GPU. Furthermore, our approach results in ac-
curate metric 3D dense non-rigid long-term scene tracking
with an average L2 error of only 2.21cm in 3D over 150
timesteps, and having an average of 1.57 normalized-pixel
error on 2D tracking metrics, which is an order of magni-
tude (10x) better than previous state-of-the-art. Our method
is also able to track the rotation of every 3D point in space,
enabling full 6-DOF dense scene tracking. We show visual
results in Fig. 1.
An remarkable feature of our approach is that tracking
arises exclusively from the process of rendering per-frame
images. No optical flow, pose skeletons, or any other form
of correspondence information is given as input. Due to its
persistent and naturally decomposable nature, Dynamic 3D
Gaussians are naturally amenable to a number of creative
scene editing techniques such as propagating edits over all
timesteps, adding or removing dynamic objects to a scene,
or having cameras follow scene elements, as seen in Fig 7.
Furthermore, the extremely fast rendering and training time
make them much easier to work with than previous ap-
proaches for dynamic reconstruction [14], and enable real-
time rendering applications.

2. Related Work
In this work, we are interested in solving the combina-
tion of dynamic novel-view synthesis, long-term point-
tracking and dynamic reconstruction in a unified analysis-
by-synthesis framework.
Dynamic Novel-View Synthesis. The general field of
novel-view synthesis exploded in popularity with the re-
lease of NeRF [25] in 2020. Since then there have been
a large number of ‘dynamic NeRF’ papers extending the
idea of fitting a 3D radiance field to the 4D dynamic do-
main. Most of these use monocular video as input, whereas
we focus on using multi-camera capture. Typically these
methods belong to one of the following 5 categories:
(a) Methods that fit a separate representation per timestep,
and cannot model correspondence over time [2, 43].
(b) Methods that represent the scene using an Eulerian rep-
resentation on a 4D space-time grid, often with various grid
decompositions for efficiency such as planar decomposition
or hash functions [5, 10, 36]. Such Eulerian approaches also
do not give rise to correspondence over time.
(c) Methods that represent the 3D scene in a canonical
timestep and use a deformation field to warp this to the
rest of the timesteps [8, 21, 22, 28, 29, 32, 40, 44]. Such
methods naturally result in one-directional backward corre-
spondences between each frame and the reference frame,
but by default, not the forward correspondences which
are required to generate correspondences between any two
timesteps. [11] advocates for expensive ad hoc root-finding
to determine and evaluate such correspondences. A num-
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ber of methods speci�cally parameterize their warp-�elds
in a way that is easily invertable such as linear-blend-
skinning [35, 44], or reversible neural networks [40], in or-
der to obtain correspondences. While this often works quite
well [35, 40, 44], requiring a single canonical view for a
scene greatly restricts the dynamic representation ability.
(d) Template guided methods [13, 20, 42], which model
dynamic scenes in restricted environments where the mo-
tion can be modelled by a prede�ned template e.g. a set of
human-pose skeleton transformations. This approach often
requires a-priori knowledge of what is to be reconstructed
and thus is not a solution for general scenes.
(e) Point-based methods [1, 45], which compared to all of
the above categories, hold the most promise for representing
dynamic scenes in a way where accurate correspondence
over time can emerge due to their natural Lagrangian repre-
sentation. However, these haven't achieved as much atten-
tion because the point-based rendering approaches haven't
worked as well as MLP [25] or grid based approaches [26].
While a number of view-synthesis works have used Gaus-
sians for static scenes [17, 18, 39], to the best of our knowl-
edge we are the �rst to use them to reconstruct dynamic
scenes. We build our dynamic Gaussian renderer upon the
the static renderer `3D Gaussian splatting' [17] which is
currently the state-of-the-art static scene reconstruction al-
gorithm in terms of both accuracy and speed.
Other than rendering accuracy and speed, modeling the dy-
namic world with Gaussians has a distinct advantage over
points as Gaussian's have a notion of `rotation' so we can
use them to model the full 6 degree-of-freedom (DOF) mo-
tion of a scene at every point and can use this to construct
physically-plausible local rigidity losses.
Long-Term Point Tracking. Traditionally video track-
ing algorithms have been focused on tracking whole objects
(as bounding boxes or segmentation masks) [19, 30, 38], or
tracking dense scene points but only between two timesteps
(e.g. optical-�ow / scene �ow) [4, 37]. Recently, a num-
ber of approaches have started tackling the task of long-
term dense point tracking [6, 7, 12, 16, 40, 47], where ev-
ery pixel in a video needs to be tracked across every video
frame. In this paper, we extend this long-range tracking
task to 3D and evaluate it in a multi-camera capture setup.
Most of these prior approaches [6, 7, 12, 16, 47] are deep
learning based and work by being trained on a large-dataset
of ground-truth point tracks (often using synthetic training
data). The most similar method to ours is OmniMotion [40]
which also �ts a dynamic radiance �eld representation using
test-time optimization for the purpose of long-term track-
ing. They focus on monocular video while we focus on
multi-camera capture and as such we can reconstruct tracks
in metric-3D while they produce a `pseudo-3D' representa-
tion. However, the largest and most signi�cant difference
between our method and OmniMotion is that they require

dense optical-�ow input between every pair of timesteps as
an optimization target, which is incredibly expensive as it
scales with the number of frames squared. The optical �ow
estimates already provide a (noisy and inconsistent) track-
ing result which is made consistent through dynamic mod-
elling of the scene. In contrast, our method takes no corre-
spondences at all as input and tracking emerges from �tting
a persistent representation to the input frames along with
physically-based priors.
Dynamic ReconstructionIn addition to the radiance-�eld
based approaches listed above, a number of other ap-
proaches have tackled the task of `dynamic reconstruction'
[3, 14, 23, 27, 31, 34]. Such approaches either rely on
the presence of accurate depth cameras [27, 34], assume
ground-truth object point clouds as input [31], or are heavily
speci�c to certain domains e.g. reconstructing moving cars
in driving scenes [3, 23]. The closest approach to ours is
[14] which also predicts long-term 3D point tracks and also
uses the Panoptic Studio data for evaluation. However this
approach requires 480 input cameras (in contrast we use 27)
and also requires as input pre-computed optical-�ow corre-
spondences, which it then lifts into 3D trajectories.

3. Method
Overview. Given a set of images from different timesteps
and different cameras (I t;c ), along with each camera's re-
spective intrinsic (K c) and extrinsic (E t;c ) matrices, our ap-
proach reconstructs the dynamic 3D scene (S) observed by
these cameras in a temporally persistent manner.
This reconstruction is performed via test-time optimization
and no further training data other than the test scene is used.
The reconstruction is performed temporally online,i.e., one
timestep of the scene is reconstructed at a time with each
one being initialized using the previous timestep's repre-
sentation. The �rst timestep acts as an initialization for our
scene where we optimize all properties, and then �x all for
the subsequent timesteps except those de�ning the motion
of the scene. Each timestep is trained via gradient based op-
timization using a differentiable renderer (R) to render the
scene at each timestep into each of the training cameras.

Î t;c = R(St ; K c; E t;c )

The renderingŝI t;c are compared to the input imagesI t;c ,
and the parameters ofS are iteratively updated using auto-
matic differentiation in order to decrease the error between
Î t;c andI t;c . After convergence, the representationSt is a
3D reconstruction of the scene given by each of the train-
ing camerasfI t;c ; K c; E t;c g for this timestep. By choos-
ing a suitable representation forS and applying physically-
based regularization losses during optimization, we can en-
sure that all theSt are temporally consistent with one an-
other and that there exists a one-to-one correspondence be-
tween every 3D point in every timestep, along with their
corresponding changes in 3D rotation. In this way, tracking
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