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Figure 1. (a): GauFRe’s dynamic scene reconstruction results on the NeRF-DS [61] real-world dataset. (b): Our static component
improves dynamic object rendering. (c): PSNR, real-time rendering performance, and optimization time (circle size) of state-of-the-art
NeRF-based methods [10,38] and Gaussian-Splatting-based methods [57,62] on NeRF-DS at 480270 resolution.

Abstract

We propose a method that achieves state-of-the-art ren-
dering quality and efficiency on monocular dynamic scene
reconstruction using deformable 3D Gaussians. Implicit
deformable representations commonly model motion with
a canonical space and time-dependent backward-warping
deformation field. Our method, GauFRe, uses a forward-
warping deformation to explicitly model non-rigid transfor-
mations of scene geometry. Specifically, we propose a tem-
plate set of 3D Gaussians residing in a canonical space,
and a time-dependent forward-warping deformation field
to model dynamic objects. Additionally, we tailor a 3D
Gaussian-specific static component supported by an induc-
tive bias-aware initialization approach which allows the
deformation field to focus on moving scene regions, im-
proving the rendering of complex real-world motion. The
differentiable pipeline is optimized end-to-end with a self-
supervised rendering loss. Experiments show our method
achieves competitive results and higher efficiency than both
previous state-of-the-art NeRF and Gaussian-based meth-
ods. For real-world scenes, GauFRe can train in ~20 mins
and offer 96 FPS real-time rendering on an RTX 3090 GPU.

1. Introduction

High-quality 3D reconstruction of dynamic scenes from
RGB images is a persistent challenge in computer vision.
The challenge is especially great from monocular camera
video: the setting is ill-posed as constraints on the surface
geometry must be formed by simultaneously solving for an
estimate of the scene’s motion over time. Structure from
motion [43, 44] provides an estimate of rigid motion for
static scenes, but real-world scenes have motions that ex-
tend beyond rigid or piecewise rigid to continual deforma-
tion, such as on human subjects. Given this challenge, one
relaxation of the problem is to consider novel view synthesis
instead, where we reconstruct the appearance of the scene to
allow applications in editing to re-pose or re-time the scene.

For scenes with many cameras, optimization-based in-
verse graphics approaches can use image reconstruction
losses to achieve high quality static or dynamic view syn-
thesis. These often use neural networks as a function to
predict the values of physical properties in a field, such as
the density and radiance volumes within the influential neu-
ral radiance field (NeRF) technique [35]. Faster optimiza-



tion and subsequent rendering can be achieved with the help
of spatial indexing data structures, such as voxel grids [12],
octrees [67], and multi-scale hash tables [36, 48], or with
proxy geometries such as planes [3, | 1]. Despite the spatial
structures, these rely on computationally-expensive volume
rendering to create an image, which requires many samples
along each ray to render a pixel.

Following point-based graphics [65, 73], differentiable
primitive-based counterparts can be rasterized for faster
speed. Representing a scene by a Gaussian primitive set is
convenient as they are differentiable everywhere [41], can
be splatted in closed form [34, 47], and can be z-sorted
efficiently under small-Gaussian assumptions without ray
marching [21]. Careful efficient implementation [5, 20]
leads to real-time static scene rendering at high resolutions,
and overall produces compelling results.

Extending a primitive system to dynamic scenes is natu-
ral, with the idea that each Gaussian primitive represents a
moving and deforming particle or blob/area of space tracked
through time—the Lagrangian interpretation in the analogy
to fluid flow. Directly optimizing each primitive’s trajec-
tory along time is easy in settings with sufficient constraints
upon the motion of the flow, e.g., in 360°multi-camera set-
tings [33]. For the under-constrained monocular video set-
ting where constraints are sparse, it is challenging as accu-
rate prediction of both geometry and motion are required,
leading to failed reconstruction or low-quality output.

Backward-warping deformation fields (DFs) are well-
studied for volume-rendering-based neural fields as a so-
lution to the monocular challenge [51]. This approach sam-
ples multiple ray points at specific times and passes them
into a backward-warping DF to query a canonical space of
reconstruction [10,37,38,40,51]. For primitive-based sys-
tems like Gaussian Splatting (GS), to render a ray, the status
of all primitives at a timestep must be known at once, caus-
ing a backward-warping DF approach to be inefficient.

Instead, our method uses a forward-warping DF design,
where the DF predicts the deformed primitive system at a
certain time. More specifically, GauFRe uses a Gaussian
primitive set residing in a canonical space, and a forward-
warping DF conditioned on time to estimate the temporal
set. We relate the forward-warping DF to how a physical 3D
space point should change state along time [33], and param-
eterize the deformation for Gaussian attributes accordingly.
Thanks to efficient GS optimization and real-time rendering
with a CUDA rasterizer [20], GauFRe optimization takes
~20 mins. instead of hours for a NeRF, with real-time ren-
dering close to 100 FPS.

Beyond that, many regions of real-world dynamic scenes
are static, and handling these separately can increase qual-
ity of both static and dynamic regions. Previous volume-
rendering-based works have kept a static component par-
allel to the dynamic component, and combined the predic-

tion from the two components for each queried ray sample.
There is no ray sampling for primitive-based systems and
so this design is no longer valid. As such, we design a GS-
specific static component with a separate non-deforming set
of Gaussians that are initialized around SfM-derived 3D
points [43], and combine this set with the deformable set to
serve as the final primitive system. Additionally, we show
that an inductive-bias-aware Gaussian initialization helps to
incorporate the static component. The method, including
the canonical GS primitive set, the non-deforming primitive
set, and the forward-warping DF, is optimized end-to-end
with self-supervised rendering loss.
In summary, we contribute:

1. GauFRe, a forward-deformation-based dynamic scene
representation of Gaussian primitives for real-time
monocular-input dynamic view synthesis, enabling
96 FPS rendering on one RTX 3090.

2. A GS-specific static component that represents static
regions and further enhances reconstruction when
complex motion is present.

3. Experiments on both synthetic and real-world datasets
show that GauFRe achieves competitive qualita-
tive/quantitative results and efficiency compared with
previous state-of-the-art methods.

2. Related Work

Following the success of neural radiance fields
(NeRFs) [35] at static reconstruction, early methods [26,37,

] proposed extending it to dynamic scenes by using an ad-
ditional network to model motion. However, such methods
must implicitly model both the 3D scene and its motion as
a continuous representation using large MLPs. Thus they
tend to be even more expensive to train and evaluate than
the original, static radiance field representations.

To address these shortcomings, recent approaches in-
corporate explicit constraints on the 3D space to train
with simpler MLPs. Back to static reconstruction, vari-
ants of grid structure including planes are the most com-
monly used constraint [4,12,18,48,67]. Optimization-based
point graphics [1, 56, 60, 69] are also popular. These in-
clude spherical proxy geometries [24], splatting-based ap-
proaches [20,21,65], methods for computing derivatives of
points rendered to single pixels [42], and view-varying op-
timization of points [22]. Such explicit representations suc-
ceed in accelerating the optimization and rendering.

Given above success, an intuitive approach is to extend
them to dynamic scenes. 3D voxel grids can be extended
into a fourth dimension for time. Unfortunately, the mem-
ory requirements of such a 4D grid quickly become pro-
hibitive even for short sequences. As a result, a number of
methods propose structures and techniques that reduce the
memory complexity while still fundamentally being four-



dimensional grids. Parkt al [39] extend Mulleret al.'s ( i; i;¢). These de ne the local radiance eld as an
multi-level spatial hash grid [36] to 4D, and additionally anisotropic Gaussian distribution centered;atith covari-
allow for the separate learning of static and dynamic fea-ance ; 2 R® 3, scalar density ;, and view-dependent
tures. This latter capability allows the model to focus the colorc; represented bsn-order spherical harmonics. Given
representational power of the 4D hash grid on dynamic re-a set of multi-view images of the scene and a suitable volu-
gions. Another approach factorizes the spatio-temporal gridmetric renderer, we can optimize a reconstruction objective
into low-dimensional components. Jang and Kim [17] pro- over the set of Gaussiaf®; = (xj; i; i;C)g to repre-
pose rank-one vectors or low-rank matrices, providing a 4D sent the scene's global radiance eld. To constrainto
counterpart of the 3D tensorial radiance elds of Chetn  a valid positive semi-de nite covariance matrix during op-
al. [4]. Shaoet al. [45] hierarchically decompose the scene timization, it is factored into a rotation matr; 2 R3 3

into three time-conditioned volumes, each represented byand scaling vectos 2 R3:

three orthogonal planes of feature vectors. An even more

compactHexPlanessolution by Cao and Johnson [3] uses i = RiIEXp(s)Exp(s " )R;" (1)

six planes, each spanning two of the four spatio-temporal ) o ) )

axes. A similar decomposition is presented by Fridovich- with the exponential activation preventing negative values

Keil et al. [11] as part of a general representation that uses'While retaining differentiability. In aracticeRi is inferred

¢ planes to factorize any arbitragydimensional space.  fom a unit-length quaternio; 2 R™ that provides better
GauFRe models dynamic scene using deformable 3D-GS convergence behavior o .
achieving superior rendering quality, training speed and The |n.|t|al posmonxi.of the 'Gaussmns is provided by
real-time rendering on real-world data in comparison. a 3D point cloud obtained with a SfM (structure-from-

Some NeRF-based works also attempt to split static andmotion) algorithm or randomly initialized. As the optimiza-
dynamic parts [ ]. They either maketion proceeds, the Gaussians are periodically cloned, split,

heuristic-based assumptions [ ], or needs extr£ind pruned to achieve a suitable trade-off between render-
supervision than monocular RGB video [2, _ ing quality and computational resources.

’ 1

] In comparison, GauFRe proposes a static con,1- Additionally, Kerbl et al. demonstrate how the many
ponent compatible with GS-based representation, does nofontinuous Gaussian radiance distributions can be ef -
make such assumption and only requires color image as in.ciently rendered on graphics hardware. Given a target cam-

put. [58] has closest setting, but we enjoy quick training €ra View tfransformatiol and projection matrix, eachG
(mins vs. days) and real-time rendering. is reduced to a Gaussian distribution in screen space with

projected meam; = KVx; 2 R? and 2D covariance de-
Dynamic Gaussian Splatting. A number of papers pro- ned by the Jacobiad of K as

pose using dynamic Gaussian representations [6-9, 16, 19,

,25,29,30,32,49,63,68]. Liutex al. [33] consider the 0=3gv ;viJT 2)
360° multi-camera case that is constrained in spacetime and
take a Lagrangian tracking approach. Yang et al. [64] di- The 2D Gaussians are rasterized using elliptical weighted
rectly optimize 4D Gaussian position and color over time. average splatting [73].
Zielonkaet al. [72] use Gaussians to approach the prob-
lem of tracking driveable human avatars from multi-camera
capture. Similar to our approach, Wat al. [57] and We model dynamics by augmenting Ked al.'s rep-
Yanget al. [62] both use a deformation eld to model mo- resentation with a time-conditioned deformation eld. For
tion. Unlike our approach, neither considers static model- volume-rendered representations such as NeRFs, deforma-
ing. Further, we perform more detailed analysis of the de- tion is commonly modeled as a backward warp from 4D
sign choices in a forward-warping DF approach, such that spatio-temporal coordinates into a canonical 3D space [35,

3.2. Forward-warping Deformation Field

GauFRe sits within a sweet spot of competitive rendering 37, 40, 51]. This is similar to a query search based on

quality with faster training and rendering. 3D positionx and timet. However, since 3D Gaussians
represent the scene as an explicit set of primitives, we

3. Method model the deformation as a forward warp instead. That is,

the set of Gaussianf&;g resides in the canonical space
and a forward-warping eld () outputs the deformed
We use Kerblet al's [20] 3D Gaussians as our under- setfG|g with corresponding featurdgx!; !; |;c)g, for
lying scene representation. We recapitulate the primary as-each time step. Thus, instead of a query search, the eld
pects of their method to establish context for our discussion.explicitly represents changes in scene attributes over time.
A 3D scene is represented as a sehgpointsfx; 2 Among these attributes, we model rigid motion by de-

R3;i = 1;::;ng. Each point is associated with features forming the positionx; and rotationg,. To allow the

3.1. Preliminaries: 3D Gaussian Splatting



Figure 2.An overview of our dynamic scene representationAt each time frame, our method reconstructs the scene as a combination of
static and deformable anisotropic 3D Gaussians. The features of the deformable Gaussians are optimized in a canonical space and warped
into framet using a deformation eld. The static Gaussians are optimized in world space.

Gaussians to stretch and squeeze for capturing non-rigid
transformations, we additionally defors). As a result,
R® R* R3! R® R* R3 Incomparison, the
work of Luitenet al. [33] only models rigid deformations.
This relies on a dense multiview capture setting to allow ac-
curate initialization of the Gaussian points from SfM, which
makes their reconstruction problem easier than the monocu- Seperation
lar setting. While Katsumat f’j‘" [19] extend Lur[ereF al's . Figure 3. Separate deformable and static regions improves
approach to monocular settings, they freeze scaling duringqaity in dynamic regions. Left to right: Ground truth, our

deformation which hurts reconstruction quality (Fig. 8). method, deformable Gaussians with no static component, and the
Our deformation eld models the-change in the canon-  results of Wu et al.'s 4D Gaussians method [57].

ical space con guration of each attribute at time

GT Ours No Static 4DGS

across time, the opacity; and appearanag of the canon-

(xi;g:s:t)=( x df; 9) (3) ical Gaussians should also deform. However, we found

) ) ) that deforming these attributes caused severe over tting on

Then, the deformed attributes at timare given as, training sets, and introduced more artifacts than were xed
Xit =X + Xit (4) in novel views. Thus, we choose not to deformandc;

over time and optimize them in the canonical space only.
Exp(s) =Exp(s + §) ©)
g=q d (6) 3.3. Static Component for Gaussian Splatting

Note that the shape deformatiog can alternatively be a
post-exponentiation delt&xp(s) = Exp( s)+ §. How-
ever, pre-exponentiation is a log-linear estimation problem
which is simpler than an exponential one, and allows the

optimization to handle negative changes. Practically, pre-t. in irrel t reai due t ise in th
exponentiation improves reconstruction quality (Table 2). lons In Irrelevant regions due 1o noise in the camera pose
or on the sensor. This issue is compounded by the fact that

We multiply the rotation deformationq' with the def ble G i ilv densify t t noi
canonical space value as combining two rotation operations eformable Gaussians can easily densify o represent noise,

mathematically corresponds to quaternion multiplication, dra_ggmg down ef ciency. Therefore, if t_hese regions can
rather than addition. To stabilize training, we normalize he |gnored,. inen the netwark can focu; Its repr_esentatlonal
the quaternion after deformation. While addition is faster pov_I\fer a”h‘?' mcresse °"efa” r((ajconstrucnogfqual-lty. .

and works via the half-angle rotation, the reconstruction had, 1© achieve this, we introduce a set lofstatic points

: 3ei g ; ; )
more artifacts at novel viewpoints and timesteps as the re-]c % 2R ) = Lo kg along with Gaussian fegtur@, 9
sulting quaternion is not bound geometrically. which resides alongside the deformablef&gy (in a slight

abuse of notation, we use the indidgesnd]j to distinguish
Should we deform opacity and color? Inthe presence of elements of the two sets). To render the scene atttjme
atmospheric effects, or when a scene entity changes colocompute the deformed sk g and concatenate it #6; g.

In scenes with many static regions, we observe that the
forward-warping deformation eld sometimes struggles to
represent motion adequately. Even though static scene re-
gions do not need to change with time, a fully-deformable
model will still spend capacity to describe tiny deforma-



densify both static and deformable Gaussian sets until 20 K
iterations, and keep optimizing both the Gaussians and the

network until 40 K iterations.
GT Full Static Deformable

Figure 4. Visualizing the static and deformable 3D Gaussians op-

fimized by our method, Objective: We optimize using self-supervised image-

based reconstruction loss only given predictibnand
The combined set is treated as a static world representatiorgroundtruthl 4. In early optimization until 20K iterations,

and rendered together. During optimization, the two sets arewe use an L2 loss; then, we switch to an L1 loss. This helps
densi ed and pruned separately. to increase reconstruction sharpness late in the optimiza-

tion while allowing gross errors to be minimized quickly.
We weighted sum L1/L2 loss with a SSIM loss and weight

Inductive Bias-Aware Initialization:  Kerbl et al. initial- o L .
ssim t0 get the nal objective at training stepy :

ize their Gaussian primitives either with a pre-computed 3D
point cloud from an SfM algorithm, or by uniformly sam-

pling points within the scene bounding box. In our case,
when initializing the 3D pointd x;g andfx; g in the sep- L(I;1 1) =

8
% (1 ssim )L2(15 1 gt)
+ ssim (10 SSIM (I;1 ) ifitr 2e+4

arate static and deformable sets, we found that if both are 31 ssim)LL(51gt)
initialized with the sparse SfM point cloud, or both with "+ ssim (10 SSIM (151 ) else
uniform samples, the two sets ght each other over scene (8)

occupancy, leading to worse reconstruction than the all-

deformable case. To address this issue, we benet from4, Experiments

knowing that the feature-matching nature of SfM means . ] .

the pre-computed point cloud only captures static scene re.Metrics: We measure novel view synthesis performance
gions. If the static selG; g is initialized with SfM, it can ~ USINg PSNR, SSIM [54], MS-SSIM [55] and LPIPS [70].

quickly converge to its optimal state. On the other hand, Metric subsets are reported following each datasets con-
initializing f G;g with SfM points will take a long time, if vention. All running times are on one NVIDIA 3090 GPU.

ever, for the deformable set to converge. As such, we ran-

domly initialize fG;g with uniform samples, and initialize Datasets: We evaluate all methods on the synthetic
fG; g with the SfM point cloud. As a result, the static Gaus- D-NeRF [40] and real-worldNeRF-DS [61], HyperN-
sian set is able to lighten the reconstruction burden by han-eRF[38] datasets. The former consists of 8GD0 exocen-
dling unchanging regions, so the deformable set focuses ortric 360° views of8 dynamic objects with large motion and

dynamic parts (Fig. 4). realistic materials. To accommodate all baselines, we train
i . and render all methods at half resolution (4G®O0) with

3.4. Implementation Details a white background. The real-world NeRF-DS dataset has

Positional & Temporal Encoding: We facilitate high- monocular dynamic sequences with specular objects cap-

frequency deformation elds through PE encoding both the tured with a handheld camera. We also evaluate on the Hy-
positionx and timet inputs by , where, for exampld, y is perNeRF dataset that contains general dynamic scenes cap-
the respective encoding base for tured by monocular cameras. Some prior methods do not

report LPIPS on HyperNeRF; as such, we exclude it.
— H 0y - C ol 1) -
(x) = (sin(2 °x); cos(Px); sin(2!x); @) 4.1. Results
Deformation Modeling: We compare with NDVG [15] and
Ly = 10; L, = 10 for both synthetic and real-world scenes. TiNeuVox [10] on both synthetic and real-world datasets,
and with Ner es [37], HyperNeRF [38] and NeRF-DS [61]
on real-world datasets (Tab. 1, Fig. 5, Fig. 6). Our method
achieves high reconstruction quality on both synthetic and
real-world datasets, while utilizing the 3D Gaussian's ras-
terization pipeline to achieve real-time rendering speeds.
At the same time, optimizing our method only takes 10-20
minutes on D-NeRF and NeRF-DS, which is considerably

Optimization: We use Adam with = (0:9;0:999)and  taster than the MLP-based NeRF representations.
eps= le '°. The learning rate for the DF i8:001 for

all datasets, with exponential scheduling that shrinks to Ef ciency: Many recent methods have proposed auxil-
0:001 the original learning rate until 30K iterations. We iary structures to accelerate the training and rendering of

Network Architecture:  Our forward-warping DF archi-
tecture is inspired by Fangt al. [L0]'s MLP, with 6 depth

and 256 width. We use both a timé embedding vector
space and a Gaussian positioembedding vector space.



GT Ours K-Planes NDVG Hexplanes TiNeuVox V4D

Figure 5. Quantitative comparison of GauFRe and the baseline methods for test views from DNeRF [40] (40@00) dataset.All
methods reproduce the rough geometry, but suf cient sampling is necessary to reproduce the ne detail. Our approach can ef ciently
spread Gaussians to both static and dynamic regions to maximize quality, producing the sharpest image of all compared methods.

volume-rendered dynamic NeRFs. Among these, we com-instead of the geometrically-correct multiplication. Finally,
pare with the voxel-grid variants of NDVG [15] and TiNeu- “Scale Post-Exponentiate” con rms that pre-activation is
Vox [10], and with the plane-based representations of K- marginally better than post-activation.
Planes [11] and HexPlane [3]. Compared to the MLP-  The variants “No Static Gaussians” and “No IB Init’
based Ner es [37] and HyperNeRF [38], these representa-evaluate the effect of the static separation. The former re-
tions trade image quality for ef cient rendering. Getal.'s moves the static primitive séB; g, allowing all Gaussians
V4D [13] seeks to maintain both image quality and render- tg pe deformable; the latter replaces our proposed inductive
ing speed at the cost of slow training (Fig. 5, Fig. 6). Our pjas-aware initialization with SfM initialization (the default
method, on the other hand, achieves high reconstructionsetting for real-world scenes). Both lower performance.
quality alongside ef cient training and rendering (Tab. 1).  Moreover, “No IB Init” has worse performance than “No
Static Gaussians” indicating the necessity of a sound ini-
Ablations: We ablate the alternatives discussed in Sec. 3.2tialization strategy for the static component. In addition,
for parameterizing the deformations in (Tab. 2). We ob- removing L2/L1 loss transit marginally hurt GauFRe per-
serve that the “Fix Scale”, “Deform Opacity”, and “De- formance as shown in “No LR Transit”.
form SH” ranked lowest. “Fix Scale” corresponds to x-
ing s, that is, not morphings with time. Understandably, = Comparison with Gaussian-based Works:We compare
as most real-world scenes are not strictly rigid this lim- with D3G [62], 4DGS [57] and EffG [19] on real-world
its the Gaussian's representational power. “Deform Opac-datasets in Tab. 3 and Fig. 8, Fig. 7. Yagtal's D3G [62]
ity” and “Deform SH” corresponds to allowing the trans- is most similar to our approach as it used a network-based
parency and appearance to change. Despite increased repleformation eld to represent motion. Despite using a
resentational power, these variants strongly over t the train- smaller network, however, our method achieves compara-
ing views leading to lower reconstruction quality. “Quater- ble results thanks to the additional static component. In ad-
nion Addition” models the deformation oy by addition dition, our method trains almost 42 faster and renders
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