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Abstract

Recently, Gaussian Splatting methods have emerged as a
desirable substitute for prior Radiance Field methods for
novel-view synthesis of scenes captured with multi-view im-
ages or videos. In this work, we propose a novel extension
to 4D Gaussian Splatting for dynamic scenes. Drawing on
ideas from residual learning, we hierarchically decompose
the dynamic scene into a "video-segment-frame” structure,
with segments dynamically adjusted by optical flow. Then,
instead of directly predicting the time-dependent signals,
we model the signal as the sum of video-constant values,
segment-constant values, and frame-specific residuals, as
inspired by the success of residual learning. This approach
allows more flexible models that adapt to highly variable
scenes. We demonstrate state-of-the-art visual quality and
real-time rendering on several established datasets, with the
greatest improvements on complex scenes with large move-
ments, occlusions, and fine details, where current methods
degrade most.

1. Introduction

Novel view synthesis is an important task for applications
including medical imaging, autonomous driving, robotics,
AR/VR, animation and gaming, and more. However, repre-
senting and rendering dynamic scenes with high visual ac-
curacy and efficiency is challenging, especially for scenes
with complex geometry and motion.

In recent years, Neural Radiance Fields (NeRFs) [26]
and their extensions have achieved high-quality novel view
synthesis results by using implicit radiance fields to repre-
sent light distribution without explicit scene geometry defi-
nition. Point radiances are computed on-the-fly by prompt-
ing the neural network rather than explicitly stored, allow-
ing differentiable and compact representations of complex
scenes, but training and rendering can be slow due to volu-
metric ray marching.

Kerbl and Kopanas et al. [14] introduced 3D Gaus-
sian Splatting (3D-GS) as an alternative to prior radiance
fields, aiming to achieve high visual quality for unbounded

and complete static scenes (as opposed to isolated ob-
jects) and render high-resolution images in real time. Ex-
plicit scene representation with 3D Gaussians allows flex-
ible manipulation and differentiable splatting significantly
boosts rendering speed from volumetric rendering. Splat-
ting [16, 22, 27, 44] involves projecting geometric primi-
tives like points or discs onto an image plane to simulate
the appearance of 3D objects.

4D Gaussian Splatting (4D-GS) [45] extends this work
to dynamic scenes with moving objects by leveraging a
spatial-temporal structure encoder, Gaussian deformation
field, and deformation decoder. Instead of constructing 3D
Gaussians at each timestamp, which is costly especially at
scale, 4D-GS performs transformations on a canonical set
of 3D Gaussians. 4D-GS achieves high-quality reconstruc-
tions while maintaining high rendering speed, but it often
produces errors on scenes with large movements, occlu-
sions, and fine details.

In this paper, we propose a novel extension to 4D Gaus-
sian Splatting to address these challenges. We evaluate
CTRL-GS on synthetic and real-world scenes with a range
of types of motion. CTRL-GS achieves higher quantitative
and qualitative reconstruction accuracy, with the largest im-
provements for challenging scenes with large movements.
In summary, our main contributions include:

1. Three approaches to constructing temporal windows for
spatial-temporal features.

2. Temporally-local dynamic MLPs that model deforma-
tion fields over a subsegment of time.

3. A hierarchical time signal modeling scheme that decom-
poses the dynamic scene into a “video-segment-frame
residual” structure, offering both built-in scene continu-
ity and flexibility for complex scenes.

2. Related Work
2.1. NeRF Methods

Nerfies [29] extends NeRF to optimize a deformation field
per observation to handle non-rigidly deforming objects.
HyperNeRF [30] models more complex scene dynamics
through a higher-dimension canonical space and a learned
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Figure 1. Our method achieves improved reconstruction accuracy for dynamic scenes at high image resolutions across settings. Current
models tend to perform poorly on scenes with high motion, occluded areas, and fine details. Left: CTRL-GS correctly constructs the broom
handle and more accurate shading details, where the 4D-GS reconstruction is blurry and omits the handle. Right: CTRL-GS reproduces
fine details with accurate structure and depth, where the 4D-GS reconstruction omits fine textures and lighting changes.
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Figure 2. Two key components of our method. a) We divide the frames of the dynamic scene into temporal windows. We assess three
different methods: 1) equal divisions, 2) divisions at the N frame-pairs of highest optical flow, 3) divisions based on greedy optical
flow thresholds. b) We construct MLPs ”x1; ”r1; ”sT, Which take encoded spatial-temporal features and produce intermediate mean
components for position, rotation, and scaling for each temporal window individually. These components are combined with the original
3D Gaussians and point-in-time deformations to construct our final features.

warp field to handle both geometric and temporal varia-
tions. FFDNeRF [10] uses differentiable forward flow mo-
tion modeling for dynamic view synthesis. TiNeuVox-B
[5] represents scenes with time-aware voxel features and
uses a multi-distance interpolation method to model both
small and large motions. V4D [9] uses 3D voxels to di-
rectly model 4D neural radiance fields without the need for
a canonical space. K-Planes [7] uses d choose 2 planes
to represent a d-dimension scene, allowing easy addition
of dimension-specific priors. A variety of other works [2—
4,6, 19, 24, 25, 48] explore related ideas.

2.2. Gaussian Splatting

A variety of work builds on 3D-GS [14] to achieve higher
accuracy, faster rendering, more efficient representation,
flexible manipulation, and diverse applications. [8] demon-
strates COLMAP-free 3D-GS. GauFRe [20] constructs de-
formable models and separate static and dynamic compo-
nents. DynMF [15] decomposes per-point motions in a dy-
namic scene into a small set of explicit trajectories. SC-
GS [12] uses sparse control points and dense Gaussians to
enable user-controlled motion editing. PhysGaussian [46]
integrates physical dynamics, combining 3D-GS with kine-
matic deformations and mechanical stress attributes. SG-



Splatting [42] accelerates rendering speed with Sphericalrotationsr 2 R*, and scaling factors 2 R® is interleaved
Gaussians. SwinGS [38] uses temporally-local windows with steps that adaptively control density of the Gaussians.
for dynamic 3D Gaussians. DreamGaussian4D [35] re nes  Finally, a tile-based rasterizer lters out Gaussians un-
generated 4D Gaussians with a pre-trained image-to-videdikely to be visible in the viewing area, new instances of the
diffusion model. GAGS [31] incorporates CLIP features for Gaussians are sorted, and thepoints overlapping a pixel

scene understanding. are blended using
Many Gaussian Splatting applications [1, 17, 18, 23, 28, vl
33, 34] have been demonstrated, such as [36] for human and C = X G Y a N )
- I |

face models, [50] for urban and autonomous driving scenes, _ ,
[13] for SLAM, [47] for re ective surfaces, and more. 1N
2.3. Residual Leaming \;)v:i?];eci and ; represent the color and opacity of each
The original deep residual learning for image recognition C . .

paper [11] introduces the idea that instead of approximatings'z' Preliminaries: 4D Gaussian Splatting

a target functiorH (x) directly, a network can be designed 4D-GS [45] leverages a Gaussian deformation eld network
to instead approximate a residual functiéiix) such that  F, spatial-temporal structure encoddr, and multi-head
H(x) = F(x)+ x. Though both forms may be able to deformation decoddd to produce deformed 3D Gaussians
asymptotically approximate the desired functions, the re- G’from the original 3D GaussiarG

formulation may be easier to learn. If additional layers can ~ First, H including a multi-resolution Hex-
be constructed as identity mappings, then a deeper modePlane R(i;j) and a tiny MLP 4 encode spatial-
should be able to perform at least as well as a shallowertemporal features: H(G;t) = fR(i;j); q(i;j) 2
one; with the residual learning reformulation, the model can f (x;y); (x;2); (y; 2); (x;1); (y; t);(z;)g;l 2 f1;2g,
drive weights of nonlinear layers toward zero to approach where = (x;y;z) is the mean of 3D Gaussiafs

identity mappings. If the optimal function is closer to an A multi-head Gaussian deformation decoder =
identity mapping than to zero mapping, it should be eas-f' ;' ;' sg computes deformation components for posi-
ier for the model to nd perturbations with reference to an tion, rotation, and scaling, respectively, where eacis a
identity mapping than to learn the entire function. This idea separate MLP, leading to deformed features

inspires our hierarchical decomposition in a temporal set-

ting. (X%r%sd=(X+ X;r+ rs+ s (5)
3. Method where X = "'"y(X); r = "e(r); s = ' s(9).
So the deformed 3D Gaussians @ = G+ G =
3.1. Preliminaries: 3D Gaussian Splatting fX %s%rC% . Cg Finally, a Gaussian conversion process
Starting from a sparse set of SfM [37] points, each 3D Gaus-based_ on timestamiis maintains differential splatting ef-
sian is de ned by covariance matrix in world space [51] clencies.
centered at poinX: 3.3. CTRL-GS: Overview
G(X)= e X7 IX 1) Key components of our method are depicted in Figure 2.
We build on the 4D-GS [45] method for dynamic scenes.
For rendering, is converted to a ° covariance matrix At a high level, our cascaded decomposition is motivated
represented in camera coordinates: by the real-world observation that dynamic scenes often ex-
0 T hibit hierarchical temporal structure: global geometry and
=Jw W'J (2) lighting remain largely stable across the video, mid-level

motion patterns (e.g. limb movement, deforming surfaces)
evolve at an intermediate rate, and ne-grained changes
(e.g. shading, occlusion boundaries) uctuate on a per-
frame basis.

We rst divide the frames of the dynamic scene into tem-
poral windows. We experiment with three window con-
= RSSTRT ©) struction methods: equal length, N-highest- ow, and dy-

namic thresholds. Next, we create reusable intermediate

Next, optimization of positionX 2 R3, color as de ned MLPs for position, rotation, and scaling, which are applied
by spherical harmonic (SH) coef cients 2 R (wherek to the temporal windows and learn the deformation eld
represents the number of SH functions), opacitie? R, from canonical 3D Gaussians for the frames within that

whereW is a viewing transformation matrix antl is the
Jacobian of the af ne approximation of the projective trans-
formation.

This covariance can be decomposed into scaling ma-
trix S and rotation matriR for optimization:
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