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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-
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-
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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 ∆µg(t) and rotation qg(t) (Section 4). We use the pixel error of
the renderings to guide the spatio-temporal densification 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 inefficient. 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 inefficient
for parts of the scene with simple motion and insufficiently 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 densification strategy, allows
for efficient 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 significantly 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 fields that provide local smoothness at the cost of ren-
dering performance or require priors such as motion masks, depth,
and/or dense optical flow. 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 efficiency through adaptive spatio-temporal densi-

fication, while allowing for fast optimization, and fast rendering.
We achieve this through our efficient modified 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
Σ, opacity value o, and per-color-channel spherical harmonics co-
efficients. 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 first 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 affine approximation of the perspective projection for
their covariances Σg [KKLD23]. Specifically, if WI is the camera’s
rotation matrix, Jg,I is the Jacobian of the perspective projection at
the Gaussian’s center:

Σ
′
g,I = Ag,IΣgAT

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 = ∑
g

cg,Iag,pTg,p (3)

Tg,p = ∏
g′ <I g

(1−ag′,p) (4)
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where ag,p is the Gaussian’s opacity multiplied by the 2D falloff
described by Σ

′
g, and g′ <I g denotes that the product is taken over

the Gaussians g′ that are before the Gaussian g in their ordering for
view I.

3.2. Densification

The representation is optimized using stochastic gradient descent,
using a loss combining L1 and SSIM, computed on one image per
step.

Lphoto(I, Igt) = (1−λssim)L1(I, Igt)+λssim (1−SSIM(I, Igt))
(5)

The original method does not rely on a fixed number of primitives,
but instead adds and removes points every few iterations. Gaus-
sians are removed simply by culling primitives with opacity below
a threshold. New Gaussians are added by densifying existing ones
either by cloning or splitting. Densification is decided based on the
magnitude of the gradient of position with respect to its projected
center. If it exceeds a threshold, the Gaussian is densified. The
choice between cloning and splitting is based on its size. Specif-
ically:

• Small Gaussians are cloned: A new identical Gaussian is added.
• Large Gaussians are split: The original is removed and 2 new

ones are added in its place. Their positions are sampled from a
Normal distribution with mean and covariance given by the orig-
inal. Their covariances are a scaled-down version of the origi-
nal’s.

We next present our improved space-time densification scheme
based on an analysis of the reconstruction error, both for a densifi-
cation criterion (Section 4.1) and the placement of new primitives
(Section 4.2). Finally, we will show how we adapt the Gaussian
optimization framework to the dynamic setting (Section 4.3).

4. Method

Our input is a monocular video. We assume that we have a sequence
I of N calibrated images, each image I with its unique timestamp
tI ∈ [0,1]. Calibration is typically performed using Structure-from-
Motion (SfM) [SF16]. Our scenes contain spatially variable non-
rigid motion (e.g, foliage oscillating in the wind); our goal is to
reconstruct this motion.

To represent motion, at each time t we displace primitives from
the configuration given by their centers µ and covariances Σ. For
this reason, we refer to this configuration as the canonical space.
The canonical space does not necessarily correspond to some par-
ticular input frame, and it is learned during training.

Storing the displacement of each Gaussian at each frame would
be prohibitively expensive in memory. Instead, we represent the
displacements over time with piecewise splines. We augment each
Gaussian primitive with a sequence of ng keyframes t i

g, 0 ≤ i < ng,
serving as the nodes of the spline. The frames of the input sequence
are uniform in time, and the keyframes correspond to some of these
frames. For each keyframe of a Gaussian, we store one translation
∆µi

g, and one rotation represented by a quaternion qi
g.

Given a time t, the translation ∆µg(t) of the Gaussian is given by
linear interpolation. More formally:

∆µg(t) =


∆µ0

g , t < t0
g

lerp
(

∆µi
g,∆µi+1

g ,
t−t i

g
t i+1
g −t i

g

)
,∃i : t i

g ≤ t < t i+1
g

∆µng
g , t > tng

g

(6)

The same applies to the quaternions, but using spherical linear in-
terpolation instead.

The position and covariance of a Gaussian at time t are then:

µg(t) = µg +∆µg(t) (7)

Σg(t) = Rg(t)ΣgRT
g (t) (8)

where Rg(t) is the rotation matrix corresponding to the quaternion
qg(t). Eq. 2 is adapted as follows:

Σ
′
g,I = Ag,IΣgAT

g,I (9)

Ag,I = Jg,IWIRg(tI) (10)

Note that we use gradient descent to optimize the canonical posi-
tions and quaternions, and the keyframed translation and rotations.
However, we do not optimize the keyframe times t i

g, but instead an-
alyze the motion to perform adaptive temporal densification (Sec-
tion 4.2.2).

4.1. Error Moments for Spatio-temporal Densification

Gaussians are initialized from the SfM points with 1 keyframe
each, t0

g = 0. We will thus be both adding more Gaussians, as in
the static case, but also adding more keyframes to each Gaussian.
We refer to these processes as spatial and temporal densification
respectively.

Adapting gradient-based strategies for densification to this
spatio-temporal context is not obvious. Instead, we introduce a
splitting strategy that is guided by the error incurred by the Gaus-
sian representation of the scene, and in particular error moments.
Based on these error moments, our approach will place new Gaus-
sians where needed, as opposed to randomly positioning them as
in previous solutions. We draw inspiration from VET [FRF∗23],
where the authors propose using a tomography model (NeAT)
[RWL∗22] to reconstruct a 3D error distribution based on the loss
images, in order to place new points where they are needed. Em-
ploying this neural model directly in the context of Gaussian splat-
ting would greatly increase training time.

To avoid this overhead, we exploit the explicit nature of the scene
representation and reason about the 3D error using per-Gaussian
quantities. We start by computing the moments of the error in each
2D input view, since these describe the shape of the error distri-
bution. The error incurred by each pixel provides fine-grain infor-
mation to each Gaussian primitive. We then need to handle our
multi-view context, where the 2D error from several input views
contributes to the overall error of a given Gaussian. As we shall see
below, error moments will guide the placement of new Gaussians
during splitting.

Similarly to previous work [RWL∗22, BPK24, LWJ∗24], for a
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Figure 3: The green region illustrates a Gaussian projected on a
specific view and the orange region is the distribution of the error.
The first moment rrrg,I is a vector indicating the mean position of the
error, and the second moment SSSg,I is visualized as a yellow ellipse
describing the shape of the distribution around it.

pixel p, we distribute its error ep over the Gaussians by multiply-
ing with the weight used for the color of the Gaussian. However,
instead of the total photometric loss, we use only the L1 loss as the
error function, since it is more detailed and consistent across views:

wg,p = ag,pTg,p (11)

eg,p = epwg,p (12)

The error of a Gaussian for a particular image I is then:

wg,I = ∑
p∈I

wg,p (13)

eg,I = ∑
p∈I

eg,p (14)

This can be seen as the 0-order moment of the image error for the
Gaussian. We combine these Gaussian view errors over the set of
relevant input views I by weighting with wg,I to get the final Gaus-
sian error:

eg =
∑I∈I eg,Iwg,I

∑I∈I wg,I
(15)

In [BPK24], the authors take the maximum over the views instead.
We prefer these weighted averages because they incorporate occlu-
sion information through the transmittance Tg,p, while being less
sensitive to outlier view errors and therefore avoiding redundant
densification.

For each view we also compute the (2D) first and second mo-
ments of the projected error distribution, which codify its center
and spread. Note that the first moment rrr is a vector, while the sec-
ond moment SSS is a symmetric matrix.

rrrg,I =
∑p∈I rrrg,peg,p

eg,I
(16)

SSSg,I =
∑p∈I rrrg,prrrT

g,peg,p

eg,I
(17)

where rrrg,p is the vector from the projected center of the Gaussian
g to the center of pixel p. These quantities are illustrated in Fig. 3.

Combining the per-view quantities in this case is more complex
than the case of just the error (Eq. 15), because we need to "unpro-
ject" the moments – no longer scalars – from their respective 2D

space to the common 3D one. We do this by minimizing the dis-
tance between the view moments and the projections of the corre-
sponding 3D moments. Since these projectiosn are enacted by the
matrices Ag,I , this is accomplished by solving the following least
squares problems:

min
rrrg

∑
I∈I

wg,I
∥∥rrrg,I −Ag,Irrrg

∥∥2 (18)

min
SSSg

∑
I∈I

wg,I

∥∥∥SSSg,I −Ag,ISSSgAT
g,I

∥∥∥2

F
(19)

where ∥ · ∥F is the Frobenius norm, and Ag,I are the same matrices
approximating perspective projection as used in Eq. 1.

The solution of Eq. 18 will provide, for each Gaussian, a vector
rrrg originating from its center and which, when projected, lies close
to the centers of the view error distributions, therefore acting as
the first moment of a 3D distribution of error. We illustrate this in
Fig. 4, where we show how the projections of rrrggg matches the view
first moments. We use rrrggg for splitting.

The minimizer of 18 is:

rrrg =

(
∑

I∈I
wg,IA

T
g,IAg,I

)−1

∑
I∈I

wg,IA
T
g,Irrrg,I (20)

The form of the equation corresponds to a weighted average and
so suggests that the view moments are un-projected from 2D to 3D
and combine to give rg.

The per-view second moments can also be combined, providing
a 3D ellipsoid that describes the spread of the error distribution. We
can arrive at a similar expression for the second moment after some
algebraic manipulation.

Specifically, we utilize properties of the vec operation [Min00],
which transforms a matrix to a vector by concatenating its rows.
The detailed derivation is provided in Appendix A. Similarly to the
first moments the solution is:

vech(SSSg) =

(
∑

I∈I
wg,ID

T
3 BT

g,IBg,ID3

)−1

∑
I∈I

wg,ID
T
3 BT

g,I vec(SSSg,I)

(21)

SSSc
g = SSSg − rrrgrrrT

g (22)

The forms of Eq. 20 and 21 suggest that they can be computed
efficiently in an online manner, since we can compute the sums
involved while iterating over the views and invert only at the end.

In order to make the process more robust, after computing the
moments we "clamp" them based on the shape of the Gaussian. We
detail how this is done in Appendix B.

4.2. Adaptive Spatio-Temporal Splitting

We next show how to use the error moments calculated above for
our adaptive spatio-temporal splitting. We start with the spatial
splitting case, then describe adaptive temporal splitting.
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Figure 4: We combine the 2D first moments from the yellow and
purple views by un-projecting them into world space, using Eq. 20.
The combined black 3D vector is used for splitting.

4.2.1. Spatial Splitting

We choose Gaussians to be densified by thresholding their error.
For each Gaussian with error above τspace we use a plane to sep-
arate it in two. We rely on the algorithm proposed by [FCC∗24]
that, given a plane, tries to place Gaussians on either side of it such
that the difference with the original Gaussian is minimal. In or-
der to avoid Gaussians getting too small too quickly, we choose a
plane passing through the center of the Gaussian, but unlike previ-
ous methods [FCC∗24,DDL∗25b], that use the plane perpendicular
to the Gaussian’s longest axis, we use the error moments to choose
the plane’s orientation.

Because the second moment is a symmetric positive definite ma-
trix it can be visualized as an ellipse centered around the point given
by the first moment. We choose the plane to be parallel to the tan-
gent of this ellipse in the direction of the first moment as shown in
Fig. 5. The normal of this plane is given as follows:(

SSSc
g
)−1 rrrg∥∥∥(SSSc

g
)−1 rrrg

∥∥∥ (23)

4.2.2. Temporal densification

For each Gaussian g and each time t there exists a keyframe t i
g

such that t i
g ≤ t < t i+1

g . If the Gaussian only has 1 keyframe, then

Figure 5: 2D illustration of the use of moments for spatial splitting.
On the left, the green and purple ellipses represent the Gaussian
and the error moments respectively. The splitting plane (line in 2D)
is parallel to the tangent at the purple ellipse in the direction of the
first moment. On the right, the brown ellipses represent the Gaus-
sians resulting from splitting.

t0
g ≤ t. A Gaussian’s keyframes thus divide the frame sequence into

segments.

If a Gaussian follows the motion of the area it represents cor-
rectly, then its error should be consistent across images. On the
contrary, if the Gaussian doesn’t not follow the motion correctly
we expect the error to show variation across frames.

A natural way to estimate this variation is to compute the ratio of
the standard deviation of the Gaussian’s image error compared to
its mean over time. However, here we divide the image error with
the number of pixels N p

g,I the Gaussian is projected onto, thus ig-
noring the variation of the error due to different projected areas. We
compute this ratio ρg for each Gaussian and each segment between
adjacent keyframes:

eg,I =
eg,I

N p
g,I

(24)

eg =
∑I∈I eg,Iwg,I

∑I∈I wg,I
(25)

σeg =

√
∑I∈I e2

g,Iwg,I

∑I∈I wg,I
− e2

g (26)

ρg =
σeg

eg
(27)

where the wg,I is the weight defined in Eq. 13. Note that the equa-
tions above should also be indexed by the segment, but we omit this
for clarity of notation.

To capture error due to motion of Gaussians that are close to
moving edges, we split all the segments for a Gaussian if the ratio of
at least one of its segments exceeds threshold τtime. For Gaussians
in uniformly colored areas — where variations of error are smaller
— we also split Gaussians that have a KNN neighbor that satisfies
the criterion above, even if the Gaussian itself does not; we use
K = 10.

A new keyframe is added at the argmax of eg,I , unless this
argmax coincides with the left keyframe, in which case the new
keyframe is the midpoint of the segment. We do not add new
keyframes when the resulting segments would be smaller than
length lseg.

4.2.3. Spatial vs Temporal Densification

It is hard to decide whether a Gaussian needs to be densified spa-
tially or temporally at every iteration: doing so may lead to Gaus-
sians failing to reconstruct either motion or appearance in detail. To
avoid this issue we interleave spatial and temporal densification, al-
ternating between them every 2 epochs.

4.3. Improved Adaptive Spatio-Temporal Optimization

The error moments and the adaptive spatio-temporal splitting pro-
vide a new basis for dynamic 3DGS with monocular video input.
However, the optimization landscape differs in several ways from
previous solutions, requiring improvements to the standard opti-
mization process. In particular we propose a weighted Adam ap-
proach with an adaptive learning rate, and a geometric regulariza-
tion to preserve the shapes of moving objects.
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4.3.1. Weighted Adam

Most Gaussian Splatting methods use an unmodified version of
Adam [KB14]. TamingGS [MGK∗24] uses masked updates but
their reasoning is efficiency, and they do not adjust the learning
rate. This implies that all the parameters that are being optimized
and their moments used by Adam are being updated at every train-
ing iteration, regardless of how "meaningfully" they contributed to
the loss. For example, the gradients of the attributes of a Gaussian
that lies outside the frustum of the camera that is used at a particu-
lar training iteration will trivially be zero, however this information
is not useful for optimization. When Adam is given a zero gradient
it cannot determine that this is because the parameter has had no
effect in the image formation and instead treats it as if the param-
eter is at a critical point of the loss function. This argument also
holds for non-zero gradients that similarly do not carry meaningful
information, for example, the position of a Gaussian that is in the
frustum but is occluded almost completely by other Gaussians.

In many cases, this situation can indirectly be resolved by the
adaptive nature of Adam, as long as the parameters that are be-
ing optimized affect a considerable portion of the training samples.
This is true for the original algorithm, and representations of mo-
tion which rely on neural components or per Gaussian coefficients
for basis functions of non-local support (like polynomials or sinu-
soids). In our case, and in particular when the segments of a Gaus-
sian become short, the involved keyframed attributes do not make
any contribution for the majority of the training sequence. Standard
Adam will, however, continually update these parameters and their
momenta with information from previous, but not currently rele-
vant, samples leading to divergence, as seen visually in Fig. 8 and
reflected in metric in Table 3.

To overcome this problem, we propose an Adam variant which
uses weighted updates to the parameters, using a weight based on
visibility of Gaussian primitives. In particular, we will use the av-
erage transmittance for the Gaussian over the image used for the
training iteration as a weight:

η = T g,I =
∑p∈I Tg,p

N p
g,I

(28)

For keyframed attributes we only update them if the were used in
the iteration. The exact Adam updates are given in Appendix C.

In addition, because our splitting strategy makes Gaussians
smaller more quickly than the original densification, instead of us-
ing a scheduled learning rate for the centers and the translations of
the Gaussians as in the original 3DGS, we use the largest scale of
the Gaussian (largest singular value of covariance), to modulate the
learning rate:

γg = min
{

1,α max
i
{sg,i}}γ (29)

where α is a multiplier we set to 0.01.

Nevertheless, the sparser but more consistent updates of our
weighted Adam allow us to increase the learning rates for the pa-
rameters. We report these learning rates together with other param-
eter values in Appendix D.

4.3.2. Geometric regularization

Due to the sparseness of observations, monocular video comes with
inherent ambiguities, which are accentuated for scenes with fo-
liage, since all leaves have the same color. Importantly, the motion
of a point along the ray direction is not observable. Most commonly
this difficulty is overcome by the use of some sort of regularization
that enforces the deformation of the undergone by the points varies
coherently over space. The most common one is some version of
As-Rigid-As-Possible (ARAP) loss [IMH05, SA07], which favors
deformations that are locally rigid. If we have a collection of points
with different positions and rotations at two times t, t′ then the
ARAP loss is:

Larap = ∑
i

∑
j∈N (i)

∥∥∥∥(pt
j − pt

i
)
−Rt

i

(
Rt′

i

)T (
pt′

j − pt′
i

)∥∥∥∥2

(30)

where pt
i and Rt

i are the position and rotation, respectively, of
point i at time t, and the inner sum is taken over a neighbor-
hood N of i. For meshes, the neighborhood is readily given by
the edges. For methods using Gaussians, KNN is usually used to
define it [LKLR24, LWH∗24].

However, defining the neighborhood with KNN can lead to
grouping Gaussians that belong to parts of the scene that even
though are close spatially, move independently from each other
(e.g., two leaves of a tree). This can lead to a dampening of the mo-
tion. Instead, we group implicitly in image space, inspired by the
bilateral filter design [TM98], which weights the influence across
pixels by using their color difference along with the usual distance
on the image plane.

Given a training image I with time tI , we sample another time t′,
not necessarily corresponding to an input frame. For each Gaussian
we compute the 6D screw-axis representation of the transformation
between times tI and t′ [PSB∗21], we then blend these vectors to
form an image the same way we blend color [Ale02]. For each
pixel p we compute a weighted sum of the squared distances of
the splatted screw-axis representations between p and neighboring
pixels p′:

Lgeo = ∑
p′∈N (p)

kc,c′kd,d′kp,p′
∥∥sp − sp′

∥∥2 (31)

where like for the bilateral filter kc,c′ is a similarity weight between
the colors c,c′ of pixels p, p′, kd,d′ is a similar weight for the ren-
dered depth, and kp,p′ is a weight decreasing with distance on the
image plane. The final loss is the average of the per pixel losses.
Note that we do not divide by the sum of the weights because in
contrast to a normal bilateral filter we do not care about conserving
"energy", we merely want to compare pixels.

4.4. Loss

Besides Eq. 5 and the geometric loss described above, we include
a velocity distortion loss inspired by the depth distortion loss used
in other methods [BMV∗22, HYC∗24]. This loss aims at making
Gaussians that are splatted to the same pixels have consistent ve-
locities. The expression for a single pixel p is:

∑
g

∑
g′

wg,pwg′,p∥vg − vg′∥2 (32)
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Ground Truth

Ours

Ambient [SHK∗24]

4D-GS [WYF∗24]

SC-GS [HSY∗23]

4D-Scaffold-GS [CCK∗25]

4dgs [YYPZ24]

Figure 6: We provide renderings for one of the urban scenes from every method, trained with default settings. Our method is able to
reconstruct high frequency details on images, compared to the other methods. Please also see the supplemental video.

Scene Ours 4D-GS [WYF∗24] 4D-Scaffold-GS [CCK∗25] AmbientGaussians [SHK∗24] SC-GS [HSY∗23] 4dgs [YYPZ24]
PSNR↑ / SSIM↑ / LPIPS↓ / VMAF↑ PSNR↑ / SSIM↑ / LPIPS↓ / VMAF↑ PSNR↑ / SSIM↑ / LPIPS↓ / VMAF↑ PSNR↑ / SSIM↑ / LPIPS↓ / VMAF↑ PSNR↑ / SSIM↑ / LPIPS↓ / VMAF↑ PSNR↑ / SSIM↑ / LPIPS↓ / VMAF↑

Urban Scene #1 28.82 / 0.92 / 0.08 / 86.07 28.98 / 0.91 / 0.11 / 88.52 28.73 / 0.92 / 0.07 / 83.15 26.54 / 0.85 / 0.15 / 79.29 29.81 / 0.94 / 0.06 / 90.13 26.76 / 0.90 / 0.11 / 69.21
Urban Scene #2 27.47 / 0.89 / 0.10 / 74.05 28.49 / 0.90 / 0.12 / 78.77 26.84 / 0.89 / 0.10 / 68.81 25.38 / 0.83 / 0.16 / 62.53 24.34 / 0.81 / 0.18 / 54.52 26.31 / 0.87 / 0.12 / 62.53
Urban Scene #3 27.77 / 0.89 / 0.10 / 77.63 28.56 / 0.88 / 0.14 / 81.06 27.74 / 0.90 / 0.08 / 70.36 26.93 / 0.82 / 0.20 / 72.11 23.68 / 0.72 / 0.24 / 50.86 25.98 / 0.85 / 0.13 / 60.45
Urban Scene #4 26.33 / 0.86 / 0.13 / 61.98 26.48 / 0.85 / 0.17 / 59.90 27.52 / 0.88 / 0.10 / 67.29 24.39 / 0.78 / 0.23 / 44.73 26.72 / 0.88 / 0.12 / 62.24 25.68 / 0.84 / 0.17 / 47.24

Average (small scenes) 27.60 / 0.89 / 0.10 / 74.93 28.12 / 0.88 / 0.13 / 77.06 27.71 / 0.90 / 0.09 / 72.40 25.81 / 0.82 / 0.19 / 64.67 26.14 / 0.84 / 0.15 / 64.44 26.18 / 0.87 / 0.13 / 59.86

Forest Scene #1 25.85 / 0.85 / 0.18 / 76.85 24.32 / 0.74 / 0.28 / 65.65 24.73 / 0.83 / 0.18 / 67.96 – / – / – / – – / – / – / – – / – / – / –
Forest Scene #2 25.01 / 0.81 / 0.18 / 64.15 25.49 / 0.80 / 0.21 / 68.49 25.67 / 0.84 / 0.15 / 69.22 – / – / – / – – / – / – / – – / – / – / –
Forest Scene #3 23.65 / 0.78 / 0.20 / 67.18 23.03 / 0.69 / 0.30 / 62.04 22.92 / 0.77 / 0.18 / 61.33 – / – / – / – – / – / – / – – / – / – / –
Forest Scene #4 25.01 / 0.83 / 0.17 / 70.39 24.68 / 0.78 / 0.23 / 68.03 26.08 / 0.86 / 0.12 / 77.03 – / – / – / – – / – / – / – – / – / – / –
Forest Scene #5 24.24 / 0.82 / 0.19 / 70.36 22.99 / 0.71 / 0.30 / 60.03 24.65 / 0.84 / 0.16 / 71.34 – / – / – / – – / – / – / – – / – / – / –
Forest Scene #6 25.25 / 0.83 / 0.18 / 70.97 23.72 / 0.73 / 0.28 / 60.22 24.29 / 0.80 / 0.20 / 63.61 – / – / – / – – / – / – / – – / – / – / –

Average (large scenes) 24.84 / 0.82 / 0.18 / 69.98 24.04 / 0.74 / 0.27 / 64.08 24.72 / 0.83 / 0.17 / 68.42 – / – / – / – – / – / – / – – / – / – / –

Average (all) 25.94 / 0.85 / 0.15 / 71.96 25.67 / 0.80 / 0.21 / 69.27 25.92 / 0.85 / 0.13 / 70.01 – / – / – / – – / – / – / – – / – / – / –

Table 1: Quantitative metrics for our method compared to 4D-GS [WYF∗24], 4D-Scaffold-GS [CCK∗25], AmbientGaussians [SHK∗24],
SC-GS [HSY∗23] and 4dgs [YYPZ24].

The total velocity distortion Lvel is the average over all pixels of an
image.

The full loss is:

L= Lphoto +λgeoLgeo +λvelLvel (33)

where we use λgeo = λvel = 15.

5. Results and Evaluation

In order to evaluate our method we use the AmbientGaussians
dataset [SHK∗24], which features long monocular videos of dy-
namic outdoor scenes with large amounts of motion of leaves and
vegetation. Additional results are provided in Appendix E. We
show comparisons to methods that can run these sequences without
modification. These are methods that do not require user interac-
tion or point tracking for initialization. User interaction is imprac-
tical for segmenting leaves and point trackers run out of memory at
these sequence lengths and resolutions. We run all experiments on a
machine with an NVIDIA A100 GPU with 40GB of VRAM. We in-
clude a supplemental video with selected and annotated sequences
and comparisons, and an additional video with the full unedited set
of sequences.

5.1. Evaluation Protocol

The typical evaluation protocol involves holding out every 8th
image for the test set [KKLD23]. However, for captures from
monocular video, we find the test views are too similar to the
training views, and thus do not provide adequate evaluation of
the reconstruction of motion. We perform our quantitative evalua-
tion by holding out every 8th segment, where each segment con-
sists of four consecutive frames. We report reconstruction accu-
racy on these held-out frames using PSNR, SSIM, LPIPS, and
VMAF [LLLK13], which partially accounts for cross frame consis-
tency. Additionally, we present qualitative results under two stan-
dard settings: moving the camera at fixed time to evaluate spatial
consistency, and evolving time from a fixed viewpoint to assess
motion modeling: please see supplemental video and Fig. 6 and 7.

5.2. Quantitative Results and Efficiency

We report results of quantitative evaluation of our method. The Am-
bientGaussians dataset contains some scenes that are more "urban",
typically with a small number of bushes in an urban environment,
and a set of "forest" scenes which are set in outdoor forests. Some
of the latter have larger spatial extent, making them more challeng-
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Scene Ours 4D-GS [WYF∗24] 4D-Scaffold-GS [CCK∗25] AmbientGaussians [SHK∗24] SC-GS [HSY∗23] 4dgs [YYPZ24]
FPS↑ / Gauss↓ / Time↓ FPS↑ / Gauss↓ / Time↓ FPS↑ / Gauss↓ / Time↓ FPS↑ / Gauss↓ / Time↓ FPS↑ / Gauss↓ / Time↓ FPS↑ / Gauss↓ / Time↓

Urban Scene #1 314.54 / 0.28M / 0h 37m 69.51 / 0.36M / 0h 35m 50.47 / 0.45M / 0h 21m 19.35 / 0.66M / 7h 14m 33.84 / 1.37M / 2h 12m 22.26 / 3.79M / 5h 10m
Urban Scene #2 304.58 / 0.24M / 0h 39m 65.53 / 0.23M / 0h 26m 29.66 / 1.12M / 0h 36h 34.66 / 0.37M / 4h 45m 39.56 / 1.02M / 3h 27m 25.61 / 4.81M / 6h 59m
Urban Scene #3 222.06 / 0.39M / 0h 50m 56.10 / 0.36M / 0h 36m 76.41 / 0.55M / 0h 20h 18.03 / 0.75M / 7h 52m 23.79 / 1.76M / 3h 17m 24.79 / 5.47M / 6h 41m
Urban Scene #4 208.00 / 0.29M / 0h 49m 84.66 / 0.23M / 0h 26m 17.92 / 2.29M / 1h 01m 25.47 / 0.49M / 8h 14m 44.82 / 0.97M / 1h 58m 23.21 / 7.55M / 1h 36m

Average (small scenes) 262.30 / 0.30M / 0h 44m 43.62 / 0.30M / 0h 31m 57.41 / 1.10M / 0h 35m 24.38 / 0.57M / 7h 1m 35.50 / 1.28M / 2h 43m 23.97 / 5.40M / 5h 6m

Forest Scene #1 103.54 / 1.30M / 2h 10m 67.65 / 0.37M / 0h 56m 62.62 / 1.17M / 0h 22m – / – / – – / – / – – / – / –
Forest Scene #2 94.98 / 0.57M / 1h 01m 75.33 / 0.19M / 0h 24m 14.91 / 5.49M / 1h 44m – / – / – – / – / – – / – / –
Forest Scene #3 108.46 / 1.88M / 3h 13m 68.16 / 0.36M / 0h 36m 54.17 / 2.02M / 0h 29m – / – / – – / – / – – / – / –
Forest Scene #4 152.96 / 0.59M / 0h 58m 68.72 / 0.36M / 0h 35m 20.58 / 3.58M / 1h 10m – / – / – – / – / – – / – / –
Forest Scene #5 93.41 / 1.04M / 1h 56m 55.47 / 0.37M / 0h 54m 20.74 / 3.28M / 1h 02m – / – / – – / – / – – / – / –
Forest Scene #6 91.87 / 1.32M / 2h 39m 53.28 / 0.37M / 1h 14m 54.93 / 1.39M / 0h 30m – / – / – – / – / – – / – / –

Average (large scenes) 107.54 / 1.12M / 2h 0m 37.99 / 0.34M / 0h 47m 41.45 / 2.82M / 0h 53m – / – / – – / – / – – / – / –

Average (all) 169.44 / 0.79M / 1h 29m 66.44 / 0.32M / 0h 40m 40.24 / 2.13M / 0h 46m – / – / – – / – / – – / – / –

Table 2: Efficiency metrics: runtime (FPS), number of Gaussians, and training time for our method in small scenes compared to 4D-
GS [WYF∗24], 4D-Scaffold-GS [CCK∗25], AmbientGaussians [SHK∗24], SC-GS [HSY∗23] and 4dgs [YYPZ24].

ing, especially for methods with an implicit, grid-based representa-
tion, that implies limitations in resolution for parts of these scenes
that have fine detail.

In Table 1, we compare the quantitative image quality
metrics for our method to 4D-GS [WYF∗24], 4D-Scaffold-
GS [CCK∗25], AmbientGaussians [SHK∗24], SC-GS [HSY∗23],
and 4dgs [YYPZ24] that is the state-of-the-art explicit method on
the urban scenes. For the forest scenes only 4D-GS managed to
run; the other methods fail due to memory requirements. We thus
report the average for the two subsets (urban, forest) in addition to
the overall average. In Table 2, we further compare the runtime,
number of Gaussians, and training time.

These comparisons show that on average over all scenes our
method has better image quality compared to all previous meth-
ods. The quality improvement is significant for all methods, i.e.,
over the (mostly) explicit methods SC-GS and 4dgs, but also com-
pared to AmbientGaussians. Rendering speed of our method is on
average 2.5 faster compared to the next best method (4D-GS).

For the larger forest scenes (1, 3, 4 and 5), our methods results in
significantly higher quality reconstruction, while for smaller scenes
(urban, and forest 2), it is on-par or worse that 4D-GS. In all cases
however, we have significantly faster rendering speed. As we can
see from Table 2, our method adds more Gaussian primitives in
suitable positions, improving quality, while 4D-GS on the other
hand is unable to densify appropriately in these scenes. We exper-
imented the densification threshold in 4D-GS using several values
to try and increase the number of Gaussians created by 4D-GS, but
were unable to get a significantly higher number of primitives nor
better quality. A possible explantion for this is the original den-
sification algorithm’s inability to adapt to sparse gradients and its
suboptimal placement of new Gaussians, especially in large scenes
where complex visibility makes thresholding hard to tune.

5.3. Qualitative Analysis

Fig. 6 and 7 as well as the supplemental video highlight the vi-
sual improvements of our method compared to 4D-GS [WYF∗24],
4D-Scaffold-GS [CCK∗25], AmbientGaussians [SHK∗24], SC-
GS [HSY∗23] and 4dgs [YYPZ24]. We observe in particular that

our method is able to address static and dynamic regions equally
well, resulting in significantly improved background reconstruc-
tion in the presence of motion, and better overall visual quality. The
supplemental video shows several examples of how our method im-
proves quality in forest and urban scenes.

5.4. Ablations

We next evaluate the effect of each of our individual contributions
to the overall result of our method, summarized in Table 3.

Simple split is an alternative splitting strategy where we use our
error approach, but simply split the Gaussians with a plane perpen-
dicular to the largest axis at the midpoint during densification simi-
lar to [FCC∗24,DDL∗25b]; note that this baseline uses the error as
well.

The original densification from the 3DGS paper [KKLD23] re-
sults in a significant drop in quality when compared to our error-
informed method.

Our image ARAP loss slightly reduces the quality metrics, which
is a cost to pay for improved temporal consistency (which is not re-
flected in the metrics). This can be seen in Fig. 9, where structure is
visibly preserved. Unfortunately existing metric, including VMAF
are unable to quantify this effect.

Velocity regularization serves the same purpose as the ARAP loss
and results in a small improvement in quality.

Method PSNR↑ SSIM↑ LPIPS↓ VMAF↑

Ours 25.95 0.848 0.101 71.96

Ours w/ simple split 25.86 0.846 0.099 71.55

Ours w/ original densification 22.56 0.683 0.289 47.90

Ours w/o image ARAP 26.15 0.852 0.099 73.18

Ours w/o velocity regularization 25.92 0.847 0.101 71.77

Ours w/o Weighted Adam 20.42 0.551 0.258 28.34

Table 3: Ablations of the different components of our algorithm.
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Ground Truth Ours 4D-GS [WYF∗24]

Figure 7: Qualitative comparison of the performance of our method for the large forest scenes. We see clear improvement in quality, in part
thanks to our error guided densification.

Weighted Adam brings a significant improvement to the qual-
ity of our results. This result confirms our intuition that the op-
timization dynamics are very different compared to the standard
3DGS; our adaptive spatio-temporal subdivision makes this more
pronounced. Our weighted Adam addresses this issue.

5.5. Keyframe distribution and memory overhead

In order to demonstrate the ability of our temporal densification to
focus on the moving parts of a scene we examine how the num-
ber of keyframes varies over the Gaussians. In Table 4 we show

© 2026 Eurographics - The European Association
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Ours Standard Adam Ours Standard Adam

Figure 8: Standard Adam updates all parameters on every iteration irrespectively of whether their contribution to the rendered image,
leading to divergence, particularly in cases when the primitives are obscured, or when they have many keyframes.

Ours No ARAP Ours No ARAP

Figure 9: We show renderings from the perspective of an input camera, with the configuration of the Gaussians being evaluated at a time
different that camera’s time. The use of our image-based geometric loss better manages to preserve structure.

the average number of keyframes per scene. The average is well
bellow ¼ of the length of the sequence, which is the maximum re-
sulting from our choice of lseg. Because of the large disparity in the
length of the sequences we also compute the number of keyframes
relative to this length. Fig. 11 displays the histogram – averaged
across all scenes – of the relative number of keyframes. Two spikes
are present. The tallest one, amassing most of the distribution over
small values, corresponds to the fact that the majority of a scene
does not exhibit significant motion. The other reflects the leaves
and branches that do move throughout the sequence. We addition-
ally visualize the spatial variation of the number of keyframes in
Fig. 10, where the same situation is observed, Gaussians lying on
the moving leaves have high number of keyframes, while Gaussians
on static regions have just 1 or close to that.

6. Discussion and Conclusions

We introduced an explicit spatio-temporal Gaussian representation
for the reconstruction of dynamic scenes with incoherent small-
scale motion, such as foliage oscillating in the wind. We based this
representation on a set of per-Gaussian keyframed deformations
with adaptive spatio-temporal refinement. We guided this refine-
ment together with the spatial densification through a new strategy
based on the moments of the reconstruction error. Finally, we im-
proved the optimization both with new image-based temporal reg-
ularizations and a visibility-aware weighting of the Adam scheme
that is especially important for dynamic scenes where keyframes
are rarely visible. Our experiments demonstrate that our method
provides much faster rendering speeds than all previous methods,
which is critical in the adoption of dynamic Gaussian splatting so-

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.

  P. Tzathas et al. / Adaptive Spatio-Temporal 3D Gaussian Splatting for Scenes with Oscillatory Motion



12 of 15 

No Frames Avg. No Keyframes Avg. Rel. No Keyframes

Urban Scene #1 218 8.4 3.8%
Urban Scene #2 189 17.7 9.3%
Urban Scene #3 256 11.6 4.5%
Urban Scene #4 298 33.8 11.3%
Forest Scene #1 825 9.1 1.1%
Forest Scene #2 323 12.1 3.7%
Forest Scene #3 1088 10.4 1.0%
Forest Scene #4 364 10.7 2.9%
Forest Scene #5 734 24.9 3.4%
Forest Scene #6 743 33.4 4.5%

Average 504 17.2 4.6%

Table 4: Average number of keyframes across scenes, as well as
relative to the number of frames in the sequence.

lutions, while achieving better visual quality. For larger scenes, the
visual improvement is significant, since our method manages to
clearly distinguish static background from motion.

Our method shares the limitation of most other methods that at-
tempt to reconstruct dynamic 3D scenes, and that come from the ill-
posedness of this problem. Specifically, depth imprecision of SfM
points, which is prominent in the background, manifests false mo-
tion since keyframes are erroneously added to adapt to the discrep-
ancy. This is a common pitfall of monocular methods that do not
employ learned priors as can be seen in the supplemental video.

1 42

Figure 10: Visualization of the spatial variation of the keyframes
for a frame from Urban Scene #2 with length 188. Above, the ren-
dered frame. Below, number of keyframes.

Besides, scenes with complex changes in illumination, reflec-
tions, shadows, etc., are particularly challenging. Note, as well, that
our method was also focused on small foliage-like dynamics, and
can be less efficient for large motions of a single dominant object,
for which methods based on tracking and optical flow are still su-
perior.

Finally, future work includes the generalization of our method
to broader classes of movements to encompass complex outdoor
scenes, with vehicles, humans, etc. Our method outputs a precise
displacement for each Gaussian, which could be the basis for in-
ferring the physical properties of the dynamic objects in the scene
and ultimately enable physically realistic interactions with the re-
constructed objects.
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Appendix A: Derivation for the Second Moment

We utilize properties of the vec operation [Min00], which trans-
forms a matrix to a vector by concatenating its rows:

∥A∥F = ∥vec(A)∥ (34)

vec(AXB) =
(

BT ⊗A
)

vec(X) (35)

where ⊗ is the Kronecker product. Also, in order to express the fact
that Sg is symmetric we can use the operation that vectorizes only
the upper triangular part of the matrix vech. For a symmetric n×n

Figure 11: Histogram of the relative number of keyframes averaged
across scenes.
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matrix A the two operations relate to each other via the elimination
and duplication matrices [MN80], respectively Ln and Dn:

vech(A) = Ln vec(A) (36)

vec(A) = Dn vech(A) (37)

Using the above the objective 19 becomes:

min
SSSg

∑
I∈I

wg,I
∥∥vec(SSSg,I)−Bg,ID3 vech(SSSg)

∥∥2 (38)

Bg,I = Ag,I ⊗Ag,I (39)

Similarly to the first moments the solution is:

vech(SSSg) =

(
∑

I∈I
eg,ID

T
3 BT

g,IBg,ID3

)−1

∑
I∈I

eg,ID
T
3 BT

g,I vec(SSSg,I)

(40)

Appendix B: Clamping of Moments

In some cases, due to inconsistencies across views, the solutions
for the moments might lie outside what is taken to be the effective
extent of the Gaussian (3 times the standard deviation). For this
reason we perform a kind of clamping on the moments. Specifically
for the first moment, we clamp its norm to be less then 3 times the
directional standard deviation:

rrr⌈⌉g =
3 rrrg

max
(

3,
√

rrrT
g Σ

−1
g rrrg

) (41)

For the second moment we make sure that it is smaller than the
Gaussian’s covariance matrix in the partial ordering of positive
semidefinite matrices. If, for a symmetric matrix S, we use ⌊S⌋
to denote the operation preserving its non-negative eigenvalues,
whilst mapping its negative ones to zero, then the clamped second
moment is:

SSS⌈⌉g = SSSg −⌊SSSg −Σg⌋ (42)

Finally, we centralize the the second moment and make sure it re-
mains positive semidefinite:

SSSc
g =

⌊
SSS⌈⌉g − rrr⌈⌉g

(
rrr⌈⌉g

)T
⌋

(43)

Appendix C: Weighted Adam Updates

Given the weight ηi ∈ [0,1] that expresses how informative a gra-
dient of a parameter is for the iteration i, the update equations be-

come:

gi =
∇ fi(θi−1)

ηi
(44)

mi =
(
1− (1−β1)ηi

)
mi−1 +(1−β1)ηigi (45)

υi =
(
1− (1−β2)ηi

)
υi−1 +(1−β2)ηig

2
i (46)

bm
i =

(
1− (1−β1)ηi

)
bm

i−1 +(1−β1)ηi (47)

bυ
i =

(
1− (1−β2)ηi

)
bυ

i−1 +(1−β2)ηi (48)

m̂i =
mi

bm
i

(49)

υ̂i =
υi

bυ
i

(50)

θi = θi−1 − γ ηi
m̂i√
υ̂i + ϵ

(51)

Note that the bias correction terms bm
i and bυ

i are not given by a
closed form expression as in the original Adam and need to be ac-
cumulated as well.

For our purposes we use the average visibility defined in equa-
tion 28 as the weight η.

Parameter Learning rate

Centers* (µ) 3.2e−4 · se

Covariance quaternions 4e−3

Covariance scales 2e−2

Opacities (o) 1e−1

0th order spherical harmonics coefficients 1e−2

Other spherical harmonics coefficients 5e−4

Translations* (∆µ) 3.2e−4 · se

Rotation quaternions (q) 4e−3

Table 5: Learning rates used for optimization. For the centers and
the translations (*) the unmodulated learning rate is reported.

Description Value

Spatial splitting threshold (τspace) 5e−7

Temporal splitting threshold (τtime) 8e−1

Minimum segment size (lseg) 4
Kernel size for image-based geometric loss 9
Sigma for color kernel kc,c′ 2e−2

Sigma for depth kernel kd,d′ 1e−2 · se
Sigma for image space kernel kp,p′ 5
SSIM loss multiplier (λSSIM) 2e−1

Image based geometric loss multiplier (λgeo) 15
Velocity distortion loss multiplier (λvel) 15

Table 6: Values of parameters used in our method.

Appendix D: Learning rates and other parameter values

We summarize the learning rates used for our experiments in Ta-
ble 5. Note that for center and the translations the unmodulated
learning rate is reported. The values of other hyperparameters are
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Scene Ours 4D-Scaffold-GS [CCK∗25]
PSNR↑ / SSIM↑ / LPIPS↓ / VMAF↑ PSNR↑ / SSIM↑ / LPIPS↓ / VMAF↑

coffee_martini 29.65 / 0.92 / 0.13 / 70.50 28.50 / 0.92 / 0.14 / 70.32
cook_spinach 32.49 / 0.95 / 0.13 / 68.78 32.81 / 0.96 / 0.13 / 69.58
cut_roasted_beef 30.85 / 0.94 / 0.13 / 62.01 33.33 / 0.95 / 0.15 / 66.50
flame_salmon 29.85 / 0.93 / 0.13 / 71.77 27.72 / 0.93 / 0.13 / 71.71
flame_steak 32.70 / 0.96 / 0.12 / 66.64 32.54 / 0.96 / 0.13 / 65.48
sear_steak 33.12 / 0.96 / 0.12 / 73.04 32.39 / 0.96 / 0.12 / 69.53

Average 31.44 / 0.94 / 0.13 / 68.79 31.21 / 0.95 / 0.13 / 68.24

Table 7: Quantitative evaluation of our method on the Neural 3D
Video Datasets [LSZ∗22] compared to 4D-Scaffold-GS [CCK∗25]

given in Table 6. Similar to the original method, specific hyperpa-
rameters that affect spatial quantities are multiplied by the extent
of the scene se.

Appendix E: Additional results

Even though we developed our method with monocular input in
mind, it can easily be modified to be applied in a multi-view con-
text. Specifically, during densification we can sample one of the
cameras for each timestep to compute the error moments.

Applying this modification, we test our method against 4D-
Scaffold-GS [CCK∗25] on the Neural 3D Video Dataset [LSZ∗22].
The quality metrics are reported in Table 7. Our method does not
explicitly handle transient effects like fire that are present in this
dataset, in contrast to 4D-Scaffold-GS which allows opacity to vary
over time. Nevertheless, our method achieves competitive results,
even surpassing 4D-Scaffold-GS in four out of six scenes.
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