
EUROGRAPHICS 2026 / B. Masia and J. Thies
(Guest Editors)

COMPUTER GRAPHICS forum
Volume 45 (2026), Number 2

Adaptive Spatio-Temporal 3D Gaussian Splatting for Scenes with
Oscillatory Motion

Petros Tzathas , Jeffrey Hu , Andréas Meuleman , Guillaume Cordonnier , and George Drettakis

Inria, Université Côte d’Azur, France

FPS: 222.06 FPS: 23.79 FPS: 152.96 FPS: 68.72
Ours SCGS [HSY∗23] Ours 4D-GS [WYF∗24]

Figure 1: Our method introduces a new explicit adaptive spatio-temporal representation and densification for 3D Gaussian splatting to
capture dynamic scenes with incoherent motion, such as vegetation moving in the wind. We achieve a significant improvement in rendering
speed and higher quality compared to state-of-the-art methods, both on small-scale scenes (left) and large outdoor forest scenarios (right).

Abstract

Our goal is to reconstruct scenes with stochastic, incoherent motion such as leaves moving in the wind, that can be particularly
challenging because of small objects with similar appearance that move independently. Previous dynamic 3D Gaussian Splat-
ting solutions either represent motion implicitly with neural networks achieving good quality but lower framerate, or explicitly
with a function, often with higher training times and lower quality. To overcome these limitations, we propose an explicit method
that introduces adaptive space-time densification and smoother optimization. We introduce a new densification approach based
on error moments that are used to guide primitive splitting, and we adaptively refine the number of keyframes used based on the
variance of error. We observe that dynamic reconstruction from monocular video is hard for standard optimization pipelines. To
counter this, we introduce a weighted Adam approach that improves results based on primitive visibility. Finally, to handle the
hard case of independent motion of similar-looking objects, we introduce an image-driven as-rigid-as-possible regularization.
Our method has higher quality than previous explicit solutions, and has significantly higher framerate for rendering.

1. Introduction

3D Gaussian Splatting (3DGS) [KKLD23] allows fast reconstruc-
tion and high-quality rendering of captured scenes. Reconstruct-
ing dynamic scenes with moving objects using 3DGS is much
harder than the original use-case of static scenes. For the case of

such scenes captured with multiple cameras, many successful so-
lutions exist (e.g., [LKLR24, YYPZ24, YGZ∗24, DWD∗24]). Re-
constructing scenes with motion from monocular video however
is a fundamentally ill-posed problem. Broadly speaking, previ-
ous methods represent motion either implicitly using a neural net-
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work (e.g., [WYF∗24, YGZ∗24, SHK∗24]), achieving good qual-
ity but lower framerate, or explicitly with a function (e.g., a poly-
nomial) to represent motion of Gaussian primitives, sometimes
resulting in higher training times and often having lower qual-
ity [YYPZ24, LWH∗24, PBB∗25]. We propose an explicit method
that – thanks to spatio-temporal refinement and carefully designed
optimization – provides up to 2.5x times faster rendering speeds
than previous methods, and has better visual quality for the Ambi-
entGaussians dataset [SHK∗24] we use for evaluation. Our solution
also trains faster compared to previous methods that are mainly ex-
plicit.

We target scenes with stochastic, incoherent motion such as
leaves moving in the wind (Fig.1). Rendering captured scenes with
such effects adds a significant level of realism and “liveliness” to
radiance fields. However, such scenes can be particularly challeng-
ing due to the presence of small objects with similar appearance
that move independently.

Neural networks (NNs) used by implicit methods to represent
motion [LKL∗25, WYF∗24, YGZ∗24, SHK∗24] achieve satisfac-
tory quality and optimize fast, but are limited in the framerate at
rendering time because of the NN evaluation cost, and have diffi-
culty for larger scenes. Previous explicit methods are slow to opti-
mize since the optimization landscape is not as smooth as for NNs,
and often require tracks [LWH∗24, PBB∗25, WYG∗25] as input to
initialize the motion estimate. Obtaining such tracks for our target
scenes is often very hard, because of the small, same-colored mov-
ing objects such as leaves. Another difficulty of explicit methods is
that in addition to spatial densification, the time dimension needs
to be represented at a resolution that fits motion in the scene. Such
temporal densification can be critical for effective optimization.

To overcome these limitations, we introduce an explicit method
based on per-primitive splines that introduces adaptive space-time
densification and smoother optimization. Standard gradient-based
densification [KKLD23] is hard to adapt to our space-time case.
Instead, we densify based on error. We introduce a new formu-
lation that estimates the first and second moments of error for
each Gaussian, and use them to guide adaptive splitting of Gaus-
sian primitives. We introduce a method to adaptively add (densify)
keyframes based on variance of error over time, assigning finer
temporal granularity where needed. Dynamic reconstruction from
monocular video poses significant challenges for the standard op-
timization pipeline: due to changes in time, many observations are
invalid at each iteration. To counter this, we introduce an improved
weighted Adam approach for optimization that handles this issue
based on visibility of each primitive. Finally, to handle the hard
case of independent motion of similar-looking objects, we intro-
duce an image-driven as-rigid-as-possible regularization.

In summary, we introduce three main contributions:

� A new error moment formulation for 3D Gaussian Splatting, that
combines 2D metrics to 3D, thus exploiting rich pixel-level error
information.
� A fully adaptive space-time densification method, based on error

moments.
� An improved optimization method, well adapted to the hard case

of monocular videos with independent stochastic motion of ob-
jects that have similar appearance – such as leaves in the wind.

We evaluate our method on the previously published AmbientGaus-
sians dataset [SHK∗24], demonstrating that we achieve a state-of-
the-art visual quality and much faster rendering speed.

2. Previous Work

Novel view synthesis aims to generate images of a scene from pre-
viously unseen viewpoints, enabling free-viewpoint navigation. In
dynamic scenes, this task is a broad and actively researched area.
Given the diversity of approaches, we focus on radiance fields and
methods that leverage 3D Gaussian Splatting. We first briefly dis-
cuss static implicit and explicit representations. We then highlight
how these representations have been extended to dynamic view
synthesis, considering both the multi-view setting and the more
challenging monocular scenario.

Static view synthesis. Implicit volumetric neural representa-
tions (NERF) [BMV∗22, BMV∗23, LHY∗24] are easy to opti-
mize and can produce high-quality results. However, their re-
liance on ray marching makes both training and rendering com-
putationally expensive. Their implicit nature also makes them dif-
ficult to edit, requiring complex manipulation schemes [YSL∗22,
JKK∗23, PPGT∗23]. In contrast, primitive-based representations
such as 3D Gaussian Splatting [KKLD23] are efficiently raster-
ized on the GPU, which enables real-time rendering and simpli-
fies scene editing [CCZ∗24,XZQ∗23]. However, these methods re-
quire more complex optimization strategies, specifically in terms
of particle initialization and progressive densification. Further
work explored improved densification schemes [BPK24, KRS∗24,
MGK∗24, DDL∗25a, ZHL∗24, FCC∗24, DDL∗25b] or replaced
densification with a better initialization [LHND25, MSL∗25]. As
observed previously [BPK24, ZHL∗24] the original densification
strategy fails to adequately cover some regions, particularly in out-
door scenes with high frequency content like vegetation, which
we target. Alternative densification strategies usually rely on op-
timization to move new primitives where needed, rather than plac-
ing them carefully, thus delaying convergence, especially for dy-
namic scenes. Inspired by [BPK24] that uses reconstruction error
to trigger densification, we improve the positioning of newly added
Gaussians.

Dynamic representations. The key difference with static scenes
is that dynamic representations [LSS∗19, LSS∗21, AHR∗23] have
to account for the temporal evolution of the Gaussians to enable the
reconstruction and rendering of dynamic scenes from novel view-
points in both space and time. Many of these approaches feature
an explicit static scene representation combined with an implicit
model for motion to ensure local consistency and stability dur-
ing optimization [LKL∗25,WYF∗24,YGZ∗24,SHK∗24,YXL∗25,
CCK∗25]. These methods benefit from the local smoothness of the
implicit deformation field, which naturally regularizes the spatial
variations of the scene deformation. This regularization yields ro-
bust methods, but sacrifices speed and editability. There also ex-
ist methods based on explicit temporal representations. Examples
include 4D primitives [YYPZ24, DWD∗24, WYX∗25, XXY∗24,
LCLX24] that have limited temporal support, allowing them to
fade in and out over time. While achieving good visual quality,
these 4D primitives do not directly track motion, preventing di-
rect motion editing and simulation. They are also redundant, as
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Figure 2: We augment the 3D Gaussian Splatting representation with per-primitive splines that represent motion. Each Gaussian g has an
associated keyframe list which gets queried with time t to give a displacement Dµg(t) and rotation qg(t) (Section 4). We use the pixel error of
the renderings to guide the spatio-temporal densi�cation which adapts both Gaussians and keyframes (Sections 4.1 and 4.2).

Gaussians must be duplicated when the motion is complex, making
these representations memory inef�cient. Other approaches model
the motion of Gaussians [SHU� 24,LWH� 24,LWJ� 24,PBB� 25] us-
ing dense translation sequences, motion scaffold graphs, or splines.
Most methods that explicitly model motion use a constant num-
ber of parameters regardless of the trajectory, which is inef�cient
for parts of the scene with simple motion and insuf�ciently expres-
sive for others. While SplineGS [PBB� 25] adapts the number of
parameters via a pruning strategy, it requires initializing all Gaus-
sians with the maximum number of parameters and cannot increase
the number of parameters during optimization if needed. Similar
to [LWJ� 24, PBB� 25], we use per-primitive splines to represent
time-varying translation and rotation. However, instead of cubic
Hermite splines we opt for simpler linear ones for the translation
which, combined with our space-time densi�cation strategy, allows
for ef�cient adaptation of the number of keyframes per primitive.

Dynamic view synthesis from monocular inputs. Recon-
structing dynamic scenes from a single image per observation
in time is signi�cantly more challenging due to the inherent
camera-scene motion ambiguity: it is unclear whether an ob-
served displacement is caused by scene motion or camera mo-
tion. Among the dynamic novel-view synthesis methods, a subset
(e.g., [TTG� 21, GSKH21, LGM� 23, LWC� 23, SHK� 24, KVN24,
YGZ� 24, LWH� 24, SHU� 24, PBB� 25]) have demonstrated the
ability to handle this setting. These methods either rely on implicit
deformation �elds that provide local smoothness at the cost of ren-
dering performance or require priors such as motion masks, depth,
and/or dense optical �ow. Motion masks are particularly challeng-
ing to obtain automatically for general videos. For example, most
explicit methods for monocular videos [SHU� 24,PBB� 25] require
the user to manually click on dynamic elements for segmentation,
which is impractical for scenes with a large number of distinct mov-
ing objects, such as leaves.

In this work, we enable the reconstruction of dynamic scenes
from monocular video using an explicit representation that main-
tains memory ef�ciency through adaptive spatio-temporal densi-

�cation, while allowing for fast optimization, and fast rendering.
We achieve this through our ef�cient modi�ed Adam optimiza-
tion and minimal regularization with our image-based ARAP self-
supervision, which does not require user interaction or prior-based
supervision.

3. 3DGS Background

Given a set I of calibrated images of a scene, 3D Gaussian Splat-
ting reconstructs a 3D scene as an ensemble of 3D Gaussian prim-
itives, which have the following parameters: center µ, covariance
S, opacity value o, and per-color-channel spherical harmonics co-
ef�cients. In the following, we will use indices I, p, g on quantities
that vary over images/views, pixels, and/or Gaussians, respectively.

3.1. Image formation model

Given a calibrated camera, the �rst step of the image formation is
to transform each 3D Gaussian to viewspace and sort the primitives
with respect to the z-depth of their centers. Then, the Gaussians
are mapped to screen space by perspectively projecting their center
and using the af�ne approximation of the perspective projection for
their covariances Sg [KKLD23]. Speci�cally, if WI is the camera's
rotation matrix, Jg;I is the Jacobian of the perspective projection at
the Gaussian's center:

S0
g;I = A g;ISgAT

g;I (1)

Ag;I = Jg;IWI (2)

where Ag;I is the combined effect of the aforementioned transfor-
mations/matrices. The color of a Gaussian for a particular view I is
computed by evaluating the spherical harmonics for the direction
of the ray passing through the center of that Gaussian. A pixel's
color cp is then the alpha-blended Gaussians' colors:

cp = å
g

cg;Iag;pTg;p (3)

Tg;p = Õ
g0 < I g

(1 � a g0;p) (4)
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