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Fig. 1. GraphiXS outperforms existing 4DGS methods under various types of data uncertainty. Left: 50% cameras missing; Middle: 10 FPS

low-speed cameras; Right: 37% random frames missing.

We propose a new framework to systematically incorporate data uncertainty

in Gaussian Splatting. Being the new paradigm of neural rendering, Gaussian

Splatting has been investigated in many applications, with the main effort in

extending its representation, improving its optimization process, and acceler-

ating its speed. However, one orthogonal, much needed, but under-explored

area is data uncertainty. In standard 4D Gaussian Splatting, data uncertainty

can manifest as view sparsity, missing frames, camera asynchronization, etc.

So far, there has been little research to holistically incorporating various types

of data uncertainty under a single framework. To this end, we propose Graph-

ical X Splatting, or GraphiXS, a new probabilistic framework that considers

multiple types of data uncertainty, aiming for a fundamental augmentation

of the current 4D Gaussian Splatting paradigm into a probabilistic setting.

GraphiXS is general and can be instantiated with a range of primitives, e.g.

Gaussians, Student’s-t. Furthermore, GraphiXS can be used to ‘upgrade’ exist-

ing methods to accommodate data uncertainty. Through exhaustive evaluation

and comparison, we demonstrate that GraphiXS can systematically model
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various uncertainties in data, outperform existing methods in many settings

where data are missing or polluted in space and time, and therefore is a major

generalization of the current 4D Gaussian Splatting research.

CCS Concepts: • Computing methodologies → Machine learning ap-

proaches; Rendering.

ACM Reference Format:
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1 Introduction

As the latest paradigm of 3D reconstruction and neural rendering,

Gaussian Splatting (GS) has served as a fundamental component of

many systems [Xiang et al. 2025; Zhou et al. 2024]. At the high level,

the current research effort can be broadly categorized as extending

the representation [Hamdi et al. 2024; Liu et al. 2025b; Zhu et al.

2025], designing new optimization strategies [Kheradmand et al.

2024; Kim et al. 2025; Zhu et al. 2025], speeding inference processes

or/and scaling up the model [Feng et al. 2025; Kerbl et al. 2024;

Mallick et al. 2024]. The three lines of research have spawned new

applications in novel view synthesis [Xie et al. 2024; Yang et al.

2025], SLAM [Matsuki et al. 2024], geometric reconstruction [Dai

et al. 2024; Huang et al. 2024], etc.
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One under-explored theme that is orthogonal to all the afore-

mentioned research is data uncertainty, which universally exists in

real-world applications. Taking multi-view 4DGS as an example,

most existing research focuses on learning the dynamics of Gaussian

components, with the aim of high reconstruction quality [Wu et al.

2024; Yang et al. 2024b], generalization on unseen motions [Li et al.

2024; Zhu et al. 2024], large complex 3D scenes [Xie et al. 2025], etc.

However, all of them explicitly or implicitly assume that sufficient

data can be obtained with high quality. In practice, this often means

enough cameras with views covering all angles, and good camera

calibration and synchronization. We argue that such assumptions can

be too restrictive as the data collection setup can be constrained by

many factors such as security, safety, operational constraints, e.g.

cameras at traffic junctions might only cover a few angles.

Recently, some methods, including contemporaneous ones, have

started to consider certain data uncertainties in GS. This includes

probabilistic inference for online learning [Guo et al. 2025; Savant

et al. 2024; Van de Maele et al. 2024], dynamically learning moving

and static Gaussians [Deng et al. 2025; Gao et al. 2024; Wang et al.

2025a], reconstruction from limited camera views [Jeong et al. 2024;

Jiang et al. 2023; Yılmaz and Kıraç 2023]. However, the data uncer-

tainty explicitly or implicitly considered is mostly specific to one

application scenario. Therefore, it is desirable to have one unified

framework that can incorporate multiple types of data uncertainty.

We propose Graphical X Splatting (GraphiXS), a new framework

which can explicitly incorporate data uncertainty in the form of miss-

ing or asynchronized observations in 4DGS. The ‘X’ in GraphiXS is

not necessarily Gaussian so we use the word ‘component’. The term

‘data uncertainty’ broadly refers to missing camera views, sparse

camera configurations (i.e. position and orientations), missing frames

from cameras, imperfectly synchronized cameras, etc. Probabilistic

learning is a natural solution to data uncertainty, but the greatest

challenge is to design a flexible probabilistic framework that can

model different types of uncertainty in 4DGS. To this end, we formu-

late GraphiXS as a generative process and propose a new graphical

model, by introducing stochasticity into the individual steps of 4DGS.

This includes treating all the learnable parameters (e.g. component

location) as latent variables which are to be inferred via Maximum

a Posteriori (MAP). Also, unlike existing methods which treat only

the images as observations, we also treat the camera pose and frame

time as samples of random variables, which enables us to incorporate

the uncertainty in them. Finally, the flexibility of GraphiXS allows

us to impose various prior distributions to regulate the behaviors of

the components.

We instantiate GraphiXS with different components including

Gaussians and Student’s-t to show its generality. Through exhaus-

tive evaluation under various combinations of data uncertainty, we

demonstrate that GraphiXS can outperform existing methods across

different scenes and metrics. More broadly, we demonstrate that

GraphiXS is not a specific model but a framework which can be

used to upgrade and improve existing methods. To the best of our

knowledge, this is the first probabilistic 4DGS framework targeting

multiple types of data uncertainty. Our contributions include:

• A new probabilistic framework to holistically incorporate data

uncertainty in the form of sparse spatial and temporal sampling

in 4DGS.

• A new graphical model which can be instantiated with different

primitives and used to ‘upgrade’ existing 4DGS methods.

• A new way of introducing stochasticity in the steps of 4DGS.

• New priors that can effectively regulate the model behaviors,

leading to effective optimization.

An open-source implementation of our method is available at https:

//github.com/realcrane/Graphical-X-Splatting.

2 Related Work

Traditional Methods. Multi-View Stereo (MVS) [Seitz et al. 2006]

is well studied before deep learning. Software such as COLMAP [Schön-

berger et al. 2016] has been widely utilized in 3D reconstruction. It

reconstructs the geometrically consistent points between images and

restores camera poses by calculating corresponding features in im-

ages from multiple perspectives. Denser and more precise geometries

can be obtained using the Structure from Motion (SFM) [Ullman

1979]. Meanwhile, additional data (e.g. depth) captured from Time

of Flight (ToF) or Light Detection And Ranging (Lidar) sensors can

be accessed from some other methods such as SLAM [Bailey and

Durrant-Whyte 2006; Durrant-Whyte and Bailey 2006] and Kinect-

Fusion [Newcombe et al. 2011] for 3D reconstruction.

Learning-based Reconstruction Method. For a single scene, there

are two main cornerstone methods in this sub-area: Neural Radiance

Field (NeRF) [Mildenhall et al. 2021] and 3D Gaussian Splatting

(3DGS) [Kerbl et al. 2023]. NeRF utilizes a neural network to implic-

itly learn the 3D radiance field. It can achieve novel view synthesis

by querying different points’ color and density values from the neu-

ral network. NeRF accomplishes good reconstruction results, but

its rendering efficiency is low, making it unsuitable for real-time

rendering tasks. Comparatively, 3DGS can achieve real-time render-

ing, but requires more memory compared with NeRF. 3DGS uses

3D Gaussians as components in space. To optimize their attributes

(means, covariances, colors, etc.), it uses a rasterization method called

Splatting [Zwicker et al. 2002] to obtain rendering results from dif-

ferent perspectives. Many subsequent methods are then proposed to

improve 3DGS. Among them, some attempt to improve 3DGS in

the fundamental paradigm, e.g. using different primitives other than

Gaussian including SSS [Zhu et al. 2025], DBS [Liu et al. 2025b],

and 2DGS [Huang et al. 2024], while others try to improve the train-

ing processing and adaptive density control in vanilla 3DGS, such as

sampling-based [Kheradmand et al. 2024; Kim et al. 2025; Zhu et al.

2025] methods, elevating rendering quality to a new level.

Dynamic Reconstruction. Most traditional methods either per-

form a frame-by-frame reconstruction and lack motion continuity,

or require calculating optical flow maps to simulate dynamics but

cannot reconstruct dense scene flows. In comparison, dynamic re-

construction based on NeRF and 3DGS yields better results. D-

NeRF [Pumarola et al. 2021] extend NeRFs to dynamic scenes by

introducing an MLP to learn the implicit deformation field in ev-

ery time interval for the motion. Because of the good learning ca-

pability of the implicit representation of NeRF, most NeRF-based
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dynamic reconstruction methods adopt concepts that are similar to

D-NeRF. On the other hand, there are currently two main threads

for dynamic reconstruction using 3DGS-based methods. The first

is learning the trajectories of explicit primitives at different times.

Deformable 3DGS [Yang et al. 2024a], 3DGStream [Sun et al. 2024],

and 4DGS-2 [Wu et al. 2024] follow the idea of D-NeRF, using neural

networks/Tri-planes/HexPlanes to learn the motion and deformation

of 3D Gaussians. Building on this, E-D3DGS [Bae et al. 2024] uses

per-Gaussian and temporal embeddings for coarse-to-fine motion,

while Dynamic 3D Gaussians [Luiten et al. 2024] learn per-frame

mean and rotation with fixed appearance parameters. MotionGS [Zhu

et al. 2024], SplineGS [Park et al. 2025], and FreetimeGS [Wang et al.

2025b], on the other hand, simulate the dynamics of 3D Gaussians

in space through optical flow, spline, and linear flow. The second

thread involves building higher-dimensional primitives based on the

properties of explicit primitives in the 3DGS method. Then, these

properties of primitives at different times in 3D space can be calcu-

lated by marginalizing the time dimension. Research such as 4DGS-

1 [Yang et al. 2024b], 4DRotorGS [Duan et al. 2024], 7DGS [Gao

et al. 2025], and UBS [Liu et al. 2025a] are all under this direction.

Uncertainty in Reconstruction. Existing works such as SGS [Sa-

vant et al. 2024] and USPLAT4D [Guo et al. 2025] have attempted

to improve reconstruction quality by estimating the uncertainty of

primitives in Gaussian Splatting. However, only few methods take

into account the inherent uncertainty of the training data besides the

primitive uncertainty. Yang et al. [2024a] argued that inaccuracies

in pose estimation can cause spatial jitter between frames. Research

including LongSplat [Lin et al. 2025], DG-SLAM [Xu et al. 2024]

and GS-CPR [Liu et al. 2024] adjusts camera poses during the train-

ing process. Besides, Bui et al. [2025] pointed out that the temporal

uncertainty should not be neglected, especially for the photon inte-

gration process within the physical shutter time. Nevertheless, there

is no work modeling further data uncertainty such as asynchronous

cameras and performing probabilistic modeling of multiple types of

uncertainty for 4DGS.

3 Methodology

3.1 Preliminaries

3D/4DGS as a mixture model. GS represents a 3D radiance field

using a large set of 3D Gaussians, each parameterized by

� (G) = 4−
1
2 (G−` )

)
Σ
−1 (G−` ) (1)

where ` and Σ are the location and shape (with truncation). In ad-

dition, each component has additional attributes, including opacity

>, and color B which is based on spherical harmonics Bℎ. During

rendering, each 3D Gaussian is transformed into a 2D Gaussian on

the image plane. The rendering is then computed by:

� (3) =

#∑

8=1

B8>8�
2�
8 (3)

8−1∏

9=1

(1 − > 9�
2�
9 (3)) . (2)

where � (3) is the final color of the 3th pixel, # is the number of the

Gaussians that intersect with the ray cast from the pixel. All Gaussian

parameters are learned from the 2D images.

Fig. 2. A graphical model for GraphiXS. The colors correspond to the

4 steps of the generative process (1: red, 2: green, 3: yellow, 4: purple)

Essentially 3D/4DGS can be seen as learning a (unnormalized)

mixture model with Gaussians [Zhu et al. 2025]:

� (G) =
∑

F8�8 (G) (3)

where F8 is determined by >8 , B8 and the rendering process. Our

GraphiXS generalizes this concept by a new graphical model and a

corresponding generative process based on the mixture model.

Graphical model. Graphical Model is a probabilistic model which

uses a graph to express the conditional dependencies of random

variables. It allows structured dependencies to be introduced among

random variables to describe a data generation process. Then the

knowledge of this process can be used as inductive bias for model

design. This is particularly suitable for 4DGS since it describes a

multi-step process of rendering (Eq.1-3) and each step involves sev-

eral quantities which can be treated as random variables. Also, Graph-

ical Model naturally enables Bayesian inference. This is achieved

by factorizing the joint probability of all variables into a series of

conditional probabilities based on the graph, each of which can be

independently modeled and evaluated. For a complex process like

4DGS, as shown later, this provides the flexibility for us to design

separate priors to regulate overall model behaviors.

3.2 GraphiXS as a Graphical Model

Notations. Given videos in a multi-view setting, we aim to re-

construct the 4D radiance field. We define random variables � for

the cameras pose, ) for frame time, � for video frame with pixels

- . The data consists of " camera poses, each recording  frames,

giving a total of " × frames and each frame with � pixels. We use

superscripts for time, superscripts with brackets for derivatives, and

subscripts for other indices, e.g. - C
2,3

indicates the 3th pixel of the

image � C2 from camera 2 at time C .

Our new GraphiXS is a graphical model (Fig. 2) which represents

a generative process from a (unnormalized) mixture model with a

potentially infinite number of components � =

∑#
8=1 X\8 , where # →

+∞. Each component is given by a distribution X\8 parameterized by

\8 (e.g. Gaussian, Student’s t-distribution, or other parametric form).

The generative process is then described as follows:

(1) Given the mixture model � , a camera 2 ∼ � and a time C ∼ ) ,

sample a subset of � which is called {U8 } with L components,

for an image � C2 .

(2) For every - C
2,3

∈ � C2 indexed by 2, C , and 3 , sample a ray 'C
2,3

.

(3) Given {U8 } and 'C
2,3

, sample a subset of {U8 } which is called

{V 9 } with A components.

(4) Finally, generate the color for - C2,C based on {V 9 } and 'C
2,3

.

Figure 2 describes most of the existing GS work where some steps

are realized as rule-based deterministic processes. For instance, the
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original 3DGS is special case of GraphiXS without ) and with X\8
being Gaussian. Then the last two steps correspond to a per-pixel

intersection test between a ray and the Gaussians, and rasterization

process. The subset {U8 } corresponds to the Gaussians that are pro-

jected onto the image plane of camera 2 at time C . The subset {V 9 }

corresponds to the Gaussians hit by the ray 'C
2,3

cast for a pixel.

The key learnable parameter is \ . It is ideal to make a full Bayesian

inference on the posterior distribution of \ , since there is more than

one set of \s which can provide good reconstruction. In practice, this

is extremely challenging due to the large number of \ . Models such

as Hierarchical Dirichlet Processes could describe our generative

process by assuming conjugate priors (e.g. Dirichlet-Multinomial),

so that intermediate latent variables such as U , V can be marginalized.

However, some steps of the generative process are dictated by light

transport which cannot be easily described by probabilistic distribu-

tions. Furthermore, even if we forcefully used a full probabilistic

model, the optimization would involve intensive sampling or large-

scale variational inference [Van de Maele et al. 2024], both being

prohibitively slow in the presence of millions of \s. Therefore, we

choose Maximum a Posteriori (MAP):

argmax
\

% (-, | ', V, U,�,) , X\ )% (X\ ) (4)

where we assume uninformative priors for � and ) . Despite not di-

rectly modeling their priors, we do implicitly consider their influence

on the distribution of the components as random variables, explained

later. We first factorize the likelihood following the graphical model:

% (- | ', V,U,�,) , X\ ) = % (- | •)

= % (- | V, ')% (V | U, ')% (' | �,) )% (U | X\ ,�,) ),
(5)

where we use • to represent variables in the condition for brevity.

Also, among the possible options for instantiating X in GraphiXS,

e.g. Gaussians, Student’s-t, Beta, etc., we assume the component is

a distribution parameterized by basic attributes including mean `,

variance Σ, color B, opacity >, and other dynamics related attributes

introduced later. Although this assumption excludes free-form pa-

rameterizations such as shapes [Held et al. 2025], it is still valid

for many GS frameworks. Below, we give the key equations of our

instantiations of different distributions in Eq. (5) and provide the

details in the supplementary material.

3.3 Probabilistic Image Reconstruction

% (- | •) represents the image generative process with 4 distributions.

For completeness, we explicitly express the full image formation pro-

cess in the following factorized form with four components. However,

several of these steps are dictated by light transport and are inher-

ently deterministic, so we realize them deterministically following

existing practice and introduce stochasticity only in the remaining

components:

% (- | •) = % (- | V, ')
︸       ︷︷       ︸

rasterization

% (V | U, ')
︸       ︷︷       ︸

per-pixel comp.

% (' | �,) )
︸       ︷︷       ︸

per-pixel ray

% (U | X\ ,�,) )
︸           ︷︷           ︸

per-image comp.

(6)

Following 3DGS [Kerbl et al. 2023], we realize % (- | V, ') as

rasterization:

'0B (- ; V, ') =

#∑

8=1

_8V2�8 (- ), _8 = B8>8

8−1∏

9=1

(1 − > 9V2� 9 (- )) (7)

where V2� is a component projected onto the image space. Similarly,

% (V | U, ') = �=C4AB42C (', U) is the per-pixel intersection test to

identify the relevant components V. % (' | �,) ) = '0~�0BC8=6(�,) )

is ray casting which describes a ray ' from a camera 2 into the space

at time C . Combining the first three steps gives:

- = '0B (- ; �=C4AB42C (', U), '0~�0BC8=6(�,) )) = '0B (- ; •), (8)

which is not a distribution and therefore cannot be directly used for

MAP. So we use an energy-based distribution [Zhu et al. 2025]:

% (� | V, ', U,�,) ) ∝ 4G? (−

"∑

2

 ∑

C

!8<6 (�
C
2 ))

!8<6 = (1 − n�−((�" )!1 + n�−((�"!�−((�"

+ n>

∑

8

| |>8 | |1 + nΣ

∑

8

∑

9

| |
√

_8, 9 | |1 (9)

where !1 and !�−((�" are the !1 norm and the structural similarity

loss between the reconstructed image (by Eq. (8)) and the ground-

truth. _s are the eigenvalues of Σ. The regularization applied to the

opacity ensures that the opacity is big only when a component is

absolutely needed. The regularization on _ ensures the model uses

components as spiky as possible (i.e. small variances). Together, the

regularization terms minimize the needed number of components.

Next, since there are theoretically an infinite number of config-

urations of \s which can reconstruct the same radiance field, we

argue that it is important to impose preferences on well-behaved

\s. We impose this preference as stochasticity where well-behaved

components have higher probabilities, via:

% (U | X\ ,�,) ) = �{% (A
C
2,3 |U)} ≈

∑"
2

∑ 
C

∑�
3 % (A

C
2,3

|U)
∑#
?

∑"
2

∑ 
C

∑�
3 % (A

C
2,3

|X\? )
(10)

where % (A C
2,3

|U) and % (A C
2,3

|X\? ) are the likelihoods of a ray A C
2,3

from

camera 2 at time C with respect to a component U and X\? . " ,  , �,

# are the total number of cameras, frames, pixels per image, and

components. % (A C
2,3

|X\? ) is the soft visibility of X\? to a pixel GC
2,3

.

When X\? has low variance and high % (A C
2,3

|X\? ), X\? is highly visible

to - C
2,3

. Overall, in Eq. (10), the numerator is the soft visibility of

component U to all pixels of all images across all times, while the

denominator is the sum of all the soft visibility of all components.

Therefore, we call % (U | X\ ,�,) ) the component confidence. A

component with high confidence is more visible to all pixels in all

frames relative to other components.

Aside from the visibility of components to cameras in time, con-

versely, % (U | X\ ,�,) ) also implicitly considers the influence of the

distributions of � and ) on the components. This is important for

accommodating sparse views or missing frames. Maximizing this

probabilistic distribution means placing components with high prob-

abilities in the overlapped visible regions of multiple cameras and

times. If the data is missing from any camera or time, the correctly

placed components will be able to make good ‘guesses’ of the 4D
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radiance field for the missing cameras and frame times, hence robust

to these uncertainties.

3.4 Prior for Component Parameters

After the likelihood function, we model the prior % (X\ ) by modeling

the distribution of the parameter \ . We assume our components move

in space and time, and parameterize % (\ ) to capture their dynamics,

assuming \ (C) is function of C :

% (\ (C)) = % (\ (1))

 ∏

C=2

% (\ (C) | \ (C − 1)) (11)

The full specification of \ = {`, Σ, >, Bℎ, 6,D, E, 0, 9, B} includes a set

of learnable parameters of the components, where `, Σ are the mean

and covariance. > is the base opacity. Bℎ denotes its color represented

through spherical harmonics. In time, a component can appear at any

time 6 and last for a period of time D. In addition, we also introduce

other dynamics related variables E , 0, 9 , B where are detailed later.

Similar to [Li et al. 2024], all parameters in \ are learned on a per-

component basis.

We do not treat all variables in \ as functions of time explicitly.

Instead, we explicitly model ` as it is the main variable governing the

location of the components. We also make Bℎ dependent on `. The

rest is learned independently. Note that the current \ specification is

the minimal set of variables to model component dynamics. They are

broadly shared in multiple types of components, e.g. Gaussian, Beta,

Student’s-t. There might be other parameters for certain choices of

components, such as the control parameter in Student’s-t. In this case,

these additional parameters are learned independently.

First, we model ` (C) as Brownian motions:

3`

3C
= 5 (`, C) + N (0, n2I), (12)

where C denotes time, N is a Normal distribution with standard

deviation n. I is identity matrix. The reason is that we observe that

the motions of objects are arbitrary and there is even no guarantee

of motion smoothness. Therefore, it is crucial to be able to learn

arbitrary and even potentially discontinuous motions. Discretizing

Eq. (12) in time gives:

` (C) = ` (C − 1) + 5 (`, C)△C + N(0, n2I)△C (13)

where the dynamics is governed by 5 (`, C). One simple way of model-

ing 5 (`, C) is to consider the velocity of the components as in existing

methods [Wu et al. 2024]. However, to also consider highly discontin-

uous motions, we learn several orders of motion derivatives, velocity

E , acceleration 0, jerk 9 and snap B:

5 (`, C)△C = E (C −6) + 1
2
0 (C −6)2 + 1

6
9 (C −6)3 + 1

24
B (C −6)4 (14)

Besides, we also design priors on other parameters. This is because

MAP for GraphiXS involves millions of parameters. It can easily

overfit without prior knowledge to regulate the variables. First, we

impose a prior on the base opacity > following [Wang et al. 2025b]:

% (>) ∝
1

#

#∑

1

>2 exp

(

−
1

2

( C − 6

D

)2
)

k (·), (15)

where # is the total number of components, and k (·) denotes the

evaluated response of the splatting distribution. The inputs to k (·)

depend on the chosen component and its associated parameters. For

Gaussian,k (·) is evaluated using the mean and variance, whereas for

Student’s-t we additionally include its control parameter a . Please see

the supplementary material for details. Overall this prior penalizes

excessively large base opacity values.

Next, we also impose a prior on Σ:

% (Σ? ) ∝ 4G? (−_f
1

# C

# C
∑

?

| |Σ? − Σ̂C | |2� ) (16)

where Σ? is the covariance of the ?th component, _f is a weight, Σ̂C is

the mean covariance of components at time C , | | · | |� is the Frobenius

norm, # C is the total number of components whose temporal sup-

port overlaps with time C . This prior prefers small shape disparities

between components.

We also place a prior on the dynamics related variables:

% (E? , 0? , 9? , B? ) ∝ 4G? (−_ℎ
1

# C

# C
∑

?

√

| det(Σ? ) |

( | |E? | |
2 + ||0? | |

2 + || 9? | |
2 + ||B? | |

2)

(17)

which prefers slowly and smoothly moving components. More im-

portantly, it is weighted by the volume proxy of the component

| det(Σ? ) |, so that the larger the component is, the slower and smoother

its motion should be. This is based on the observation that larger

components cover a large area in space. These tend to be in the static

background, so they should not move too often and too quickly.

Finally, combining Eq. (12-17), Eq. (11) becomes:

% (\ (C)) = % (>)% (` (1))

 ∏

C=2

N(` (C − 1) + 5 (`, C), n2I)

 ∏

C=1

% (E, 0, 9, B)% (Σ)
(18)

with the rest parameters learned directly without stochasticity. We

learn % (\ (1)) by maximizing Eq. (7) on the first frame.

3.5 Objective Function and Optimization

Finally, with Eq. 7-18, we have all the elements for MAP (Eq. (4)):

argmax
\

;>6 % (- | ', V, U,�,) , \ )% (\ )

⇔ argmin
\

−;>6 [% (- | ', V, U,�,) , \ )% (\ )] (19)

where the final loss function is:

Lfull = L8<6
︸︷︷︸

−;>6% (� |•)

+ LU
︸︷︷︸

−;>6% (U |•)

+ L\
︸︷︷︸

−;>6% (\ )

(20)

For optimization, we use Stochastic Gradient Hamiltonian Monte

Carlo (SGHMC) [Zhu et al. 2025], which injects momentum and

controlled stochasticity into gradient updates. In addition, we design

component addition/removal sampling and initialization strategies

for GraphiXS. Details can be found in the supplementary material.

4 Experiments

Datasets. To evaluate GraphiXS, we need to mimic different types

of data uncertainty, which requires the original dataset to have enough

cameras, views with good coverage, sufficiently high frequency, etc.

Based on the criteria, we choose the Neural 3D Video (N3DV) [Li
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et al. 2022] and Google Immersive (GI) [Broxton et al. 2020] datasets.

Following prior work [Lee et al. 2024; Wang et al. 2025b; Wu et al.

2024; Yang et al. 2024b], we down-sample all N3DV videos to

a resolution of 1352×1014 for both training and evaluation. We

consistently hold out the first camera as the test view across all

experimental settings and evaluate reconstruction quality on this

view over 300 consecutive frames at 30 FPS. Details regarding the

GI dataset and additional results are provided in the supplementary

material.

Metrics. We use PSNR (Peak Signal-to-Noise Ratio), DSSIM (Dis-

similarity Structural Similarity Index Measure), and LPIPS (Learned

Perceptual Image Patch Similarity) [Zhang et al. 2018]. For LPIPS,

we report results computed using AlexNet. DSSIM is derived from

the multi-scale structural similarity (MS-SSIM) index by converting

similarity to a dissimilarity measure and scaled by a factor of 0.5.

In all tables, green and yellow denote the best and second-best

scores, respectively.

Baseline Methods. We choose a representative set of state-of-the-

art methods as baselines including 4DGS-1 [Yang et al. 2024b],

4DGS-2 [Wu et al. 2024], Ex4DGS [Lee et al. 2024], and Free-

TimeGS [Wang et al. 2025b]. We use their official open-source im-

plementations when available, otherwise our own implementation

(for FreeTimeGS [Wang et al. 2025b]). For fair comparison, we train

all models from scratch and run them 3 times and report the aver-

age. We color the best and second best results in green and yellow

respectively. We report averaged metrics across scenes in the main

paper and provide detailed results and analysis in the supplementary

material.

Uncertainty Settings. We design several settings for multiple types

of commonly seen data uncertainty. Standard Setting uses exactly the

same setting as the baseline methods, regarded as without any data

uncertainty. Sparse Views represents missing cameras. Sparse Frames

represents only low frequency cameras are used. Unsynchronized

Cameras represents a group of cameras which are not synchronized.

Faulty Cameras represents a system with random camera malfunc-

tions. Together these settings cover a wide range of possible scenarios

where data uncertainty is induced into the data.

Instantiation and Generalization. GraphiXS does not assume spe-

cific components, so we instantiate it with two components to show

its generality. The first is Student’s-t (GraphiTS) and the second is

approximate Gaussian (GraphiGS) by fixing the control parameter of

Student’s-t to a large value. In addition, we show that GraphiXS can

be used to ‘upgrade’ existing 4DGS methods.

4.1 Comparison under Standard Setting

We show the numerical results for both N3DV and GI datasets in

Tab. 1. Overall, the DSSIM for most methods are similar showing all

methods capture the structure of images well in reconstruction. Both

GraphiTS and GraphiGS outperform existing methods, mainly on

PSNR and LPIPS. This is somewhat surprising, as the camera angles

in N3DV are dense e.g. little data uncertainty, so one would assume

further modeling of data uncertainty is redundant. However, the ex-

periments demonstrate that even with the full observations, explicitly

Table 1. Comparison under standard setting on N3DV and GI datasets.

Method
N3DV GI

PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓

4DGS-1 31.18 0.015 0.051 26.76 0.030 0.153

4DGS-2 30.52 0.019 0.060 23.99 0.079 0.290

Ex4DGS 31.71 0.015 0.050 20.39 0.107 0.190

FTGS 31.55 0.016 0.047 28.01 0.022 0.073

Ours (GraphiGS) 31.78 0.015 0.044 28.84 0.017 0.064

Ours (GraphiTS) 32.02 0.015 0.043 29.08 0.016 0.056

Table 2. Comparison at different levels of spatial sparsity.

Method
10% 30% 50%

PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓

4DGS-1 31.37 0.015 0.049 29.11 0.024 0.058 28.54 0.027 0.068

4DGS-2 31.00 0.016 0.057 28.68 0.024 0.069 27.99 0.029 0.074

Ex4DGS 30.94 0.016 0.051 28.86 0.026 0.064 28.33 0.028 0.067

FTGS 31.38 0.016 0.047 29.04 0.026 0.063 28.06 0.031 0.072

Ours (GraphiGS) 31.73 0.016 0.044 29.35 0.025 0.058 28.60 0.026 0.066

Ours (GraphiTS) 31.62 0.016 0.046 29.41 0.024 0.061 28.56 0.027 0.067

considering data uncertainty can further enhance the reconstruction

quality. This becomes more pronounced on the GI dataset, where

the standard camera setup is sparser compared to N3DV. We show

one visual result in Fig. 3. This is a difficult scene. One example

is that one hand of the person holding a tong moves quickly from

time to time, causing visual blur. This motion involves constantly

stirring the spinach in random manner both spatially and in terms

of its dynamics, causing motion blur. So capturing the high-order

dynamics is crucial. Therefore, comparatively GraphiXS reconstructs

clearer structures of the hand and tong with details, demonstrating

the dynamics of the components are learned well.

4.2 Comparison under Sparse Views

In Sparse Views, we randomly remove 10%, 30%, and 50% of the

training cameras, causing view gaps. Table 2 shows the numerical

comparison on N3DV dataset. Overall, GraphiXS outperforms or

is in par with other methods across all metrics. Due to the dense

nature of the cameras in N3DV, a 10% reduction of the cameras

does not challenge the methods, sometimes even improve the results

(e.g. PSNR in 4DGS-1, 4DGS-2 and Ex4DGS). Further analysis

suggests that the difference might be due to the randomness in the

training for different methods, which might cause bigger variances in

different runs in some methods but overall give similar results to the

Standard Setting. When dropping 30% and 50% of the cameras, all

metrics start to deteriorate, showing Sparse Views induces major data

uncertainty. Across all three settings, GraphiXS achieves the best in

8 of 9 experiments and the second best in 1 experiment. We show

one visual result in Fig. 1 Left and more results in Fig. 4. When more

cameras are missing, it becomes more challenging for all methods

where GraphiXS is affected the least.

4.3 Comparison under Sparse Frames

In Sparse Frames, we reduce the frame rate of the training cameras

from 30 FPS to 20 and 10 FPS while still evaluating the scene at 30

FPS causing time sparsity. Table 3 shows the numerical results for

both settings on N3DV dataset. Overall GraphiXS outperforms other
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Table 3. Comparison at different levels of temporal sparsity.

Method
20 FPS 10 FPS

PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓

4DGS-1 31.26 0.015 0.049 30.72 0.016 0.051

4DGS-2 30.46 0.016 0.058 31.01 0.016 0.059

Ex4DGS 31.39 0.015 0.050 31.15 0.016 0.053

FTGS 31.39 0.017 0.046 31.36 0.017 0.046

Ours (GraphiGS) 31.88 0.015 0.043 31.87 0.015 0.044

Ours (GraphiTS) 31.62 0.015 0.043 31.63 0.015 0.044

Table 4. Comparison under different levels of Unsynchronization.

Method
10% @ 20 FPS 50% @ 20 FPS

PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓

4DGS-1 31.57 0.015 0.049 31.54 0.015 0.050

4DGS-2 30.68 0.016 0.059 30.92 0.016 0.059

Ex4DGS 31.34 0.016 0.050 31.01 0.016 0.051

FTGS 31.44 0.017 0.047 31.34 0.017 0.047

Ours (GraphiGS) 31.78 0.015 0.044 31.76 0.015 0.044

Ours (GraphiTS) 31.87 0.014 0.043 31.85 0.015 0.043

methods. Different from Sparse Views, Sparse Frames mimics low

frequency cameras which are not suitable for recording fast motions.

Since motions in N3DV are generally not fast, and all methods have

dedicated parts to learn the dynamics of the components, Sparse

Frames is generally less challenging than Sparse Views.

Furthermore, the key difference between different methods stem

from how dense in time they require samples to be. However in-

dividual model behaviors do not share the same pattern. For the

baseline methods, when FPS is lower, the results become worse as

expected. The only exception is 4DGS-2 which is slightly improved.

Our speculation is that since 4DGS-2 exhaustively learns pair-wise

relationships between the G , ~, I coordinates of the Gaussian mean

and time C , there is a chance their network overfits when the sample

density in time is too high. So down-sampling actually improves the

results. Last, GraphiGS does not deteriorate from Standard Setting,

GraphiTS deteriorates at 20 FPS but not further in 10 FPS. We show

one visual result in Fig. 1 Middle and more results in Fig. 5.

4.4 Comparison under Unsynchronized Cameras

In data capture, synchronizing cameras require extra hardware, soft-

ware and calibration effort. So we test if methods could work with

unsynchronized cameras. We simulate this scenario by setting cam-

eras at different FPS. We randomly select 10% and 50% of cameras

and reduce their FPS from 30 to 20, yielding 2 settings with two

levels of partial temporal sparsity. Table 4 shows the results on N3DV

dataset. Overall, we find Unsynchronized Cameras is an easier set-

ting for all methods compared with Sparse Views and Sparse Frames.

This is expected as all methods learn the dynamics of the components

which does not require observations to be available for arbitrary time.

Unsynchronized Cameras could be a bigger issue if cameras are not

dense in space where every frame from every camera is crucial in

capturing the motions. But in N3DV, all the cameras are in front of

the person. Overall, GraphiXS gives the best results.

Table 5. Comparison with Faulty Camera settings.

Method
Faulty Cam 1 Faulty Cam 2 Faulty Cam 3

PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓

4DGS-1 30.77 0.017 0.051 30.31 0.020 0.055 19.29 0.136 0.314

4DGS-2 30.56 0.018 0.061 29.78 0.021 0.065 14.93 0.202 0.491

Ex4DGS 30.52 0.019 0.053 30.03 0.020 0.056 16.38 0.203 0.359

FTGS 30.46 0.020 0.051 29.90 0.026 0.051 20.49 0.115 0.228

Ours (GraphiGS) 30.90 0.018 0.048 30.39 0.020 0.052 20.65 0.118 0.250

Ours (GraphiTS) 30.79 0.019 0.050 30.18 0.021 0.053 20.82 0.119 0.253

Table 6. Comparison in before and after upgrade for FTGS across

Standard and Faulty Camera settings.

Method
Standard Faulty Cam 1 Faulty Cam 2

PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓

FTGS 31.55 0.016 0.047 30.46 0.020 0.051 29.90 0.026 0.051

FTGS UG 31.61 0.016 0.044 30.80 0.019 0.050 30.20 0.021 0.054

4.5 Comparison under Faulty Cameras

During data recording, any camera can malfunction which will cause

a combination of all the types of the data uncertainty before this

section. This data uncertainty spans across space and time. We design

three settings to simulate Faulty Camera. These settings aggregate

the previous parameters, resulting in total space-time sparsities of

approximately 13% for Faulty Cam 1, 37% for Faulty Cam 2 and

84% for Faulty Cam 3. Table 5 shows the numerical results for these

settings on N3DV dataset. One visual example is shown in Fig. 1

Right and more are in Fig. 6.

4.6 GraphiXS as an Upgrade

GraphiXS is not only a specific method, but a framework that can be

used to ‘upgrade’ other compatible methods. This involves turning

their deterministic models into probabilistic ones, using formulations

similar to Eq. (7), then modeling stochasticity. The former step varies

depending on the specific method, and the latter step is to add our

stochastic components such as % (U | \,�,) ) and % (Σ? ). We directly

show results here and give the details in the supplementary material.

We use the Standard Setting and the Faulty Camera 1 and 2 settings as

it includes all types of data uncertainty. Among the latest methods, we

choose FTGS [Wang et al. 2025b] and Table 6 shows the numerical

results. One visual example is shown in Fig. 7.

4.7 Ablation Study

Since we decompose GraphiXS into distributions (Eq. (5)) and pro-

pose various parameterization for each distribution, we show their

respective effectiveness. The key distributions include the Higher

Order Dynamics (Eq. (12)) and the component confidence % (U |

X\ ,�,) )(Eq. (10)). We also include a deterministic variant of GraphiXS

to assess the benefit of our probabilistic formulation (see the sup-

plementary material for details). Therefore, we conduct an ablation

study on GraphiGS under the three settings on Faulty Cam 1 and 2.

We show the quantitative results in Table 7 and qualitative results

in Fig. 8. In general, removing any component will deteriorate the

results. This is more obvious in Faulty Cams 2 which has a higher

level of uncertainty. ‘W/O Higher Order Dynamics’ only considers

the position and velocity of the component, which is a strategy for
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Table 7. Quantitative results of our ablation study on GraphiGS.

Method
Faulty Cam 1 Faulty Cam 2

PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓

W/O Higher Order Dynamics 30.84 0.019 0.049 30.03 0.021 0.054

W/O % (U | \,�,) ) 30.74 0.019 0.051 30.04 0.022 0.054

W/O Stochasticity 28.64 0.030 0.100 27.66 0.036 0.113

Ours (GraphiGS) 30.90 0.018 0.048 30.39 0.020 0.052

many existing 4DGS methods [Lee et al. 2024; Li et al. 2024; Wang

et al. 2025b]. But the results shows that considering higher order

dynamics will improve the results. Furthermore, ‘W/O % (U | \,�,) )’

shows that the component confidence part also improves the results.

This part is designed to regulate component locations and shapes

to make them visible to cameras in time. Lastly, the deterministic

variant shows a significant performance drop, demonstrating the

effectiveness of our framework.

5 Conclusion and Discussion

We have proposed the first probabilistic 4DGS framework, GraphiXS,

that holistically considers multiple types of data uncertainty. GraphiXS
is general in that it can be instantiated with different components or

used to upgrade existing methods. Through exhaustive evaluation, we

have demonstrated the effectiveness of GraphiXS. A major limitation

is GraphiXS assumes the components are probabilistic distributions

parameterized by a set of common parameters. This makes it unsuit-

able for upgrading methods with other types of components such

as geometric primitives. Also, GraphiXS does not do full Bayesian

inference, i.e. no posterior distribution learned for \ , which would be

ideal given the stochastic nature of 4DGS models. Lastly, GraphiXS

assumes uninformative priors for � and ) , and could be extended to

incorporate camera pose priors % (�); we leave this to future work.
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contain complex and fast motions e.g. the tongs motion. GraphiXS reconstruction is more clear and richer in details than other methods.
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GraphiXS is affected the least when the percentage of missing cameras increases.
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Fig. 6. Comparison using GI dataset under faulty camera settings. Per-region PSNR scores are given at the top right of each crop. GraphiXS is

affected the least when spatio-temporal sparsity is increased.
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given at the top right of each crop. Upgrading FTGS using GraphiXS improves visual quality under various levels of spatio-temporal uncertainty.

SIGGRAPH Conference Papers ’26, July 19–23, 2026, Los Angeles, CA, USA.



10 • Yilmaz et al.

Ground

Truth

W/O Higher

Order Dynamics
W/O % (U | \,�,) )

W/O

Stochasticity
GraphiTS (Ours)

F
a
u

lt
y

C
a
m

1
F

a
u

lt
y

C
a
m

2
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1 Additional Experimental Results

1.1 Quantitative Results

We report comprehensive per-scene quantitative metrics on the Neu-

ral 3D Video (N3DV) [Li et al. 2022] dataset in Tabs. 1 to 5. We fur-

ther present analogous results on the Google Immersive (GI) [Brox-

ton et al. 2020] dataset in Tabs. 6 to 10. In addition, we include

results on a synthetic scene where we have full control over camera

configurations in Tab. 11. In all tables, green and yellow denote

the best and second-best scores, respectively. Overall, these results

are consistent with the average metrics reported in the main manu-

script. However, the Coffee Martini scene exhibits a trend that differs

from the other sequences. This discrepancy is caused by a known

temporal synchronization artifact in Camera 13 of the Coffee Mar-

tini scene. Camera 13 is temporally misaligned with respect to the

other cameras, leading to consistent frame-level offsets between its

observations and the true scene dynamics. As a result, images from

Camera 13 correspond to different time instants than those assumed

by methods that rely on strict multi-view temporal alignment. This

issue primarily affects approaches that explicitly model dynamic

geometry and appearance from synchronized multi-view inputs. In

particular, GraphiXS and other explicit dynamic reconstruction meth-

ods assume consistent temporal correspondence across cameras and

therefore interpret the desynchronized observations as conflicting
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geometric or appearance changes, which degrades reconstruction

quality and quantitative performance. In contrast, 4DGS-2 outper-

forms GraphiXS and other baselines in this setting. We attribute

this behavior to the implicit nature of the 4DGS-2 representation,

which makes it more tolerant to moderate temporal misalignment

in the input camera streams. As a result, 4DGS-2 is less affected by

the Camera 13 synchronization error, leading to improved quantita-

tive performance on the Coffee Martini scene despite the underly-

ing dataset error. This effect is also reflected in the Coffee Martini

columns of Tabs. 1 to 5, where 4DGS-2 achieves the highest PSNR

in seven out of ten evaluated settings.

For the GI dataset, we evaluate on a representative subset of scenes:

Welder, Flames, Horse, Goats, and Alexa10. These scenes provide

diverse challenges, including fast-moving particles (Welder, Flames),

outdoor environments (Horse, Goats), and complex color patterns

(Alexa10). For all scenes, we designate the first camera as the test

view and evaluate over 30 frames at quarter resolution. The GI cap-

ture setup employs outward-facing cameras on a spherical rig, in

contrast to N3DV where cameras are inward-facing toward the sub-

ject. This results in reduced view overlap and a more spatially sparse

capture regime. Under these conditions, the performance gap between

GraphiXS and competing baselines becomes more pronounced, high-

lighting the advantages of our probabilistic modeling under uncer-

tainty.

In the synthetic CityCrowd scene, which consists of multiple char-

acters walking in a city environment, we place cameras in a random,

CCTV-like configuration to simulate a real-world unconstrained

multi-view setup. We report results for both the standard setting

and a 50% spatial sparsity configuration. Consistent with the other

datasets, GraphiXS outperforms baselines under these CCTV-style

camera distributions.

Overall, we see that different methods are affected differently

across datasets, uncertainty types, and uncertainty levels. This is

expected as all methods have generality. This is why GraphiXS

does not outperform all existing methods across all scenes under

all uncertainty settings. However, when analyzing the high-level

statistics, GraphiXS provides the best or second-best result in 172

out of a total of 198 individual metrics reported on N3DV dataset in

Tabs. 1 to 5 and 159 in 165 on GI dataset in Tabs. 6 to 10.

1.2 Qualitative Results

We present further visual comparisons on the N3DV dataset in Figs. 2

and 3, on the GI dataset in Figs. 4 and 5, and on the CityCrowd dataset

in Fig. 6. Consistent with the findings in the main manuscript, in

general, GraphiXS recovers finer high-frequency details across all
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Table 1. Quantitative comparison on the Neural 3D Video dataset with standard setting.

PSNR ↑ DSSIM ↓ LPIPS ↓
Cof. Cook Cut Flame Flame Sear Cof. Cook Cut Flame Flame Sear Cof. Cook Cut Flame Flame Sear

Method Mart. Spin. Beef Salm. Steak Steak Avg. Mart. Spin. Beef Salm. Steak Steak Avg. Mart. Spin. Beef Salm. Steak Steak Avg.

4DGS-1 28.29 32.76 33.37 28.86 31.48 32.29 31.18 0.023 0.012 0.010 0.021 0.012 0.010 0.015 0.075 0.042 0.041 0.070 0.036 0.035 0.051
4DGS-2 27.68 30.40 32.17 28.84 31.82 32.21 30.52 0.025 0.017 0.027 0.022 0.012 0.012 0.019 0.084 0.055 0.040 0.081 0.043 0.042 0.060
Ex4DGS 28.54 32.86 33.26 28.95 33.17 33.49 31.71 0.023 0.013 0.012 0.022 0.011 0.011 0.015 0.073 0.042 0.044 0.068 0.036 0.037 0.050
FTGS 27.36 33.28 33.76 28.06 33.49 33.32 31.55 0.030 0.012 0.011 0.024 0.010 0.010 0.016 0.076 0.039 0.037 0.064 0.035 0.031 0.047

Ours (GraphiGS) 28.19 33.43 33.70 28.50 33.49 33.40 31.78 0.024 0.011 0.011 0.024 0.010 0.009 0.015 0.067 0.035 0.034 0.063 0.033 0.030 0.044
Ours (GraphiTS) 28.34 33.49 34.01 28.95 33.85 33.47 32.02 0.024 0.011 0.010 0.022 0.010 0.010 0.015 0.066 0.038 0.036 0.059 0.029 0.028 0.043

Table 2. Quantitative comparison on the Neural 3D Video dataset with 10%, 30%, and 50% spatial sparsity.

PSNR ↑ DSSIM ↓ LPIPS ↓
Cof. Cook Cut Flame Flame Sear Cof. Cook Cut Flame Flame Sear Cof. Cook Cut Flame Flame Sear

Method Mart. Spin. Beef Salm. Steak Steak Avg. Mart. Spin. Beef Salm. Steak Steak Avg. Mart. Spin. Beef Salm. Steak Steak Avg.

10% spatial Sparsity
4DGS-1 28.12 33.25 33.53 28.12 32.06 33.13 31.37 0.023 0.011 0.010 0.023 0.011 0.010 0.015 0.074 0.040 0.039 0.068 0.036 0.034 0.049
4DGS-2 28.73 32.14 31.90 28.91 31.51 32.84 31.00 0.022 0.014 0.014 0.021 0.012 0.011 0.016 0.080 0.051 0.053 0.077 0.044 0.040 0.057
Ex4DGS 27.47 32.76 31.36 28.27 32.88 32.89 30.94 0.027 0.013 0.013 0.024 0.010 0.011 0.016 0.074 0.043 0.043 0.072 0.036 0.038 0.051
FTGS 27.18 33.09 33.50 28.37 33.06 33.09 31.38 0.030 0.012 0.011 0.025 0.011 0.010 0.016 0.073 0.041 0.038 0.066 0.035 0.030 0.047

Ours (GraphiGS) 27.77 33.37 33.67 28.68 33.52 33.35 31.73 0.028 0.012 0.011 0.023 0.010 0.009 0.016 0.071 0.037 0.036 0.062 0.030 0.030 0.044
Ours (GraphiTS) 27.86 32.87 33.47 28.91 33.30 33.28 31.62 0.028 0.012 0.011 0.023 0.010 0.009 0.016 0.073 0.042 0.037 0.061 0.034 0.029 0.046

30% spatial Sparsity
4DGS-1 25.20 30.90 29.35 25.11 32.22 31.91 29.11 0.038 0.016 0.016 0.038 0.022 0.013 0.024 0.094 0.048 0.049 0.089 0.031 0.039 0.058
4DGS-2 25.77 30.01 29.92 25.81 30.96 29.60 28.68 0.037 0.021 0.019 0.035 0.016 0.016 0.024 0.098 0.058 0.062 0.096 0.048 0.049 0.069
Ex4DGS 24.15 30.70 30.92 25.47 31.30 30.64 28.86 0.048 0.018 0.017 0.035 0.016 0.018 0.026 0.101 0.050 0.052 0.088 0.044 0.048 0.064
FTGS 24.55 31.10 30.64 24.91 31.61 31.44 29.04 0.051 0.016 0.018 0.044 0.014 0.014 0.026 0.103 0.046 0.057 0.092 0.042 0.038 0.063

Ours (GraphiGS) 24.29 31.16 30.88 25.61 31.93 32.20 29.35 0.051 0.016 0.015 0.040 0.014 0.013 0.025 0.102 0.043 0.044 0.087 0.037 0.037 0.058
Ours (GraphiTS) 24.56 31.23 31.07 25.61 31.65 32.34 29.41 0.049 0.016 0.015 0.038 0.015 0.013 0.024 0.100 0.049 0.047 0.086 0.046 0.037 0.061

50% spatial Sparsity
4DGS-1 24.12 30.13 29.85 24.52 31.40 31.24 28.54 0.049 0.019 0.017 0.044 0.015 0.014 0.027 0.110 0.052 0.057 0.099 0.044 0.043 0.068
4DGS-2 24.11 29.26 29.00 24.71 30.62 30.25 27.99 0.048 0.025 0.020 0.040 0.020 0.019 0.029 0.109 0.063 0.064 0.098 0.055 0.054 0.074
Ex4DGS 23.88 29.99 30.41 24.55 31.03 30.14 28.33 0.052 0.021 0.018 0.042 0.018 0.019 0.028 0.110 0.053 0.052 0.092 0.046 0.048 0.067
FTGS 22.81 30.42 29.79 23.78 31.20 30.33 28.06 0.065 0.019 0.017 0.050 0.016 0.018 0.031 0.118 0.051 0.052 0.125 0.045 0.043 0.072

Ours (GraphiGS) 24.11 30.65 30.10 24.59 31.11 31.05 28.60 0.048 0.018 0.016 0.045 0.016 0.015 0.026 0.110 0.053 0.048 0.095 0.044 0.045 0.066
Ours (GraphiTS) 23.92 30.71 30.09 24.41 31.13 31.07 28.56 0.048 0.018 0.017 0.048 0.016 0.015 0.027 0.111 0.052 0.051 0.098 0.046 0.043 0.067

Table 3. Quantitative comparison on the Neural 3D Video dataset with temporal sparsity where the 30 FPS videos are trained with 20 FPS and 10

FPS.

PSNR ↑ DSSIM ↓ LPIPS ↓
Cof. Cook Cut Flame Flame Sear Cof. Cook Cut Flame Flame Sear Cof. Cook Cut Flame Flame Sear

Method Mart. Spin. Beef Salm. Steak Steak Avg. Mart. Spin. Beef Salm. Steak Steak Avg. Mart. Spin. Beef Salm. Steak Steak Avg.

20 FPS
4DGS-1 28.19 32.29 33.35 28.48 32.18 33.05 31.26 0.023 0.012 0.010 0.023 0.010 0.010 0.015 0.074 0.042 0.041 0.069 0.035 0.034 0.049
4DGS-2 28.85 31.12 31.46 28.61 31.71 31.02 30.46 0.021 0.015 0.014 0.022 0.012 0.012 0.016 0.082 0.053 0.053 0.078 0.042 0.042 0.058
Ex4DGS 28.27 32.46 32.84 28.66 32.98 33.12 31.39 0.023 0.014 0.012 0.023 0.010 0.011 0.015 0.072 0.044 0.044 0.069 0.035 0.037 0.050
FTGS 27.11 33.11 33.68 27.93 32.95 33.57 31.39 0.031 0.012 0.011 0.026 0.011 0.010 0.017 0.076 0.038 0.037 0.065 0.033 0.030 0.046

Ours (Gaussian) 27.82 33.49 33.96 28.41 33.64 33.98 31.88 0.026 0.011 0.010 0.022 0.010 0.009 0.015 0.069 0.036 0.035 0.062 0.030 0.029 0.043
Ours (Student’s T) 28.00 33.05 33.80 28.63 33.05 33.17 31.62 0.026 0.012 0.010 0.022 0.010 0.010 0.015 0.069 0.036 0.035 0.060 0.030 0.029 0.043

10 FPS
4DGS-1 28.28 32.81 32.96 28.36 31.95 30.00 30.72 0.023 0.012 0.011 0.023 0.011 0.014 0.016 0.074 0.041 0.042 0.070 0.036 0.042 0.051
4DGS-2 28.60 30.24 32.62 29.10 33.13 32.39 31.01 0.023 0.016 0.014 0.021 0.011 0.011 0.016 0.083 0.053 0.053 0.080 0.041 0.041 0.059
Ex4DGS 28.20 32.03 33.14 28.81 31.83 32.90 31.15 0.025 0.014 0.012 0.022 0.011 0.012 0.016 0.074 0.047 0.044 0.072 0.039 0.041 0.053
FTGS 27.36 33.14 33.44 27.97 33.07 33.18 31.36 0.029 0.012 0.011 0.027 0.011 0.010 0.017 0.074 0.037 0.037 0.067 0.033 0.031 0.046

Ours (GraphiGS) 27.94 33.40 33.90 28.59 33.64 33.75 31.87 0.027 0.012 0.010 0.022 0.010 0.009 0.015 0.070 0.036 0.036 0.062 0.032 0.030 0.044
Ours (GraphiTS) 27.63 33.15 33.44 28.32 33.57 33.66 31.63 0.027 0.012 0.011 0.022 0.010 0.009 0.015 0.069 0.035 0.035 0.060 0.031 0.030 0.044

uncertainty settings. Notably, dynamic scene components are recon-

structed with significantly higher fidelity compared to baselines. This

is particularly evident as temporal sparsity increases. The crops high-

lighting the subject’s hands and motion in the rows corresponding

to 10 FPS, 10% @ 20 FPS, 50% @ 20 FPS, and Random Camera

Failures 1 in Figs. 2 and 3. We attribute this performance gap to the

expressiveness of our higher-order motion model.

A trade-off of our approach is that when most cameras are directed

away from the primary region of interest, the model assigns lower

confidence to under-observed areas, which can lead to reduced quality

in those regions. This effect is visible in the Flame Salmon and Coffee

Martini scenes in Figs. 2 and 3, where outdoor regions have lower

visibility, while the representation budget is concentrated on the well-

observed areas, resulting in higher-quality reconstruction and motion

fidelity in those regions.

1.3 Higher Order Motion

Figure 1 visualizes the magnitudes of the motion derivatives, provid-

ing empirical evidence for our choice of modeling the component

dynamics up to the fourth order. As expected, dynamic regions ex-

hibit strong responses in the lower-order terms, corresponding to

SIGGRAPH Conference Papers ’26, July 19–23, 2026, Los Angeles, CA, USA.



GraphiXS Supplementary Material • 3

Table 4. Quantitative comparison on the Neural 3D Video dataset with non-synchronous temporal sparsity where 10% and 50% of the views are

observed at 20 FPS.

PSNR ↑ DSSIM ↓ LPIPS ↓
Cof. Cook Cut Flame Flame Sear Cof. Cook Cut Flame Flame Sear Cof. Cook Cut Flame Flame Sear

Method Mart. Spin. Beef Salm. Steak Steak Avg. Mart. Spin. Beef Salm. Steak Steak Avg. Mart. Spin. Beef Salm. Steak Steak Avg.

10% of the views observed at 20 FPS
4DGS-1 28.11 33.14 33.18 28.26 33.44 33.30 31.57 0.023 0.011 0.011 0.023 0.010 0.010 0.015 0.074 0.040 0.040 0.070 0.034 0.034 0.049
4DGS-2 28.68 31.85 30.58 28.80 32.49 31.70 30.68 0.022 0.013 0.014 0.022 0.012 0.012 0.016 0.082 0.051 0.054 0.082 0.043 0.043 0.059
Ex4DGS 27.76 32.59 32.75 28.66 33.67 32.63 31.34 0.026 0.013 0.012 0.022 0.010 0.011 0.016 0.077 0.043 0.041 0.069 0.034 0.038 0.050
FTGS 27.06 33.22 33.82 28.24 33.17 33.15 31.44 0.031 0.012 0.011 0.025 0.010 0.010 0.017 0.075 0.039 0.037 0.066 0.032 0.031 0.047

Ours (GraphiGS) 28.08 33.34 33.83 28.29 33.54 33.62 31.78 0.026 0.012 0.011 0.023 0.010 0.009 0.015 0.069 0.037 0.036 0.062 0.031 0.029 0.044
Ours (GraphiTS) 28.08 33.45 33.69 29.38 33.27 33.36 31.87 0.024 0.011 0.010 0.021 0.010 0.009 0.014 0.066 0.036 0.035 0.060 0.030 0.029 0.043

50% of the views observed at 20 FPS
4DGS-1 28.08 33.11 33.50 28.24 33.29 33.01 31.54 0.023 0.011 0.011 0.023 0.010 0.010 0.015 0.076 0.041 0.040 0.071 0.035 0.035 0.050
4DGS-2 28.75 31.45 32.32 28.60 32.42 31.97 30.92 0.022 0.014 0.013 0.022 0.011 0.011 0.016 0.082 0.052 0.053 0.082 0.043 0.042 0.059
Ex4DGS 28.23 32.60 31.76 28.18 32.93 32.35 31.01 0.023 0.013 0.013 0.024 0.011 0.012 0.016 0.071 0.046 0.044 0.069 0.037 0.041 0.051
FTGS 27.14 33.18 33.43 27.75 33.10 33.45 31.34 0.031 0.012 0.011 0.026 0.010 0.010 0.017 0.076 0.038 0.038 0.067 0.032 0.030 0.047

Ours (GraphiGS) 27.81 33.51 33.75 28.59 33.41 33.50 31.76 0.026 0.011 0.011 0.023 0.010 0.009 0.015 0.068 0.036 0.038 0.064 0.030 0.029 0.044
Ours (GraphiTS) 27.87 33.40 33.63 28.80 33.64 33.74 31.85 0.025 0.011 0.010 0.022 0.010 0.009 0.015 0.068 0.036 0.035 0.061 0.030 0.029 0.043

Table 5. Quantitative comparison on the Neural 3D Video dataset with random camera failures.

PSNR ↑ DSSIM ↓ LPIPS ↓
Cof. Cook Cut Flame Flame Sear Cof. Cook Cut Flame Flame Sear Cof. Cook Cut Flame Flame Sear

Method Mart. Spin. Beef Salm. Steak Steak Avg. Mart. Spin. Beef Salm. Steak Steak Avg. Mart. Spin. Beef Salm. Steak Steak Avg.

Faulty Cam 1
4DGS-1 26.58 32.31 33.16 27.43 32.67 32.50 30.77 0.028 0.013 0.012 0.026 0.011 0.010 0.017 0.080 0.042 0.040 0.077 0.034 0.034 0.051
4DGS-2 27.28 31.77 31.84 27.32 32.80 32.34 30.56 0.027 0.015 0.015 0.027 0.013 0.012 0.018 0.084 0.053 0.055 0.083 0.045 0.043 0.061
Ex4DGS 27.28 31.96 31.87 27.32 32.01 32.68 30.52 0.030 0.015 0.015 0.028 0.012 0.012 0.019 0.077 0.047 0.046 0.074 0.038 0.039 0.053
FTGS 25.30 32.51 33.04 26.65 32.85 32.39 30.46 0.039 0.014 0.013 0.031 0.012 0.011 0.020 0.083 0.040 0.044 0.073 0.033 0.032 0.051

Ours (GraphiGS) 26.10 32.67 33.34 27.03 33.05 33.21 30.90 0.035 0.013 0.012 0.028 0.011 0.011 0.018 0.078 0.038 0.037 0.068 0.034 0.033 0.048
Ours (GraphiTS) 26.29 32.36 33.46 26.94 32.86 32.85 30.79 0.033 0.014 0.013 0.029 0.011 0.011 0.019 0.077 0.046 0.044 0.071 0.032 0.031 0.050

Faulty Cam 2
4DGS-1 25.83 32.06 32.16 26.79 32.47 32.53 30.31 0.034 0.015 0.014 0.028 0.014 0.013 0.020 0.088 0.044 0.044 0.078 0.036 0.037 0.055
4DGS-2 25.70 31.04 31.35 26.74 31.95 31.88 29.78 0.036 0.018 0.016 0.031 0.015 0.013 0.021 0.096 0.058 0.058 0.086 0.048 0.045 0.065
Ex4DGS 26.38 31.28 32.03 25.70 32.61 32.18 30.03 0.033 0.016 0.015 0.032 0.013 0.014 0.020 0.085 0.048 0.047 0.079 0.039 0.040 0.056
FTGS 24.83 32.48 31.94 25.62 32.59 31.94 29.90 0.042 0.014 0.014 0.037 0.013 0.038 0.026 0.089 0.043 0.042 0.079 0.038 0.013 0.051

Ours (GraphiGS) 25.57 32.34 32.61 26.17 32.64 33.01 30.39 0.040 0.014 0.014 0.031 0.012 0.011 0.020 0.088 0.044 0.040 0.070 0.038 0.033 0.052
Ours (GraphiTS) 25.35 32.53 32.49 26.08 32.56 32.08 30.18 0.042 0.014 0.013 0.033 0.012 0.013 0.021 0.088 0.041 0.040 0.075 0.037 0.036 0.053

Faulty Cam 3
4DGS-1 22.33 17.26 18.14 20.01 19.38 18.94 19.34 0.065 0.135 0.135 0.137 0.153 0.147 0.128 0.141 0.302 0.300 0.279 0.300 0.316 0.273
4DGS-2 12.72 9.29 8.33 11.30 8.92 12.41 10.49 0.285 0.245 0.247 0.300 0.226 0.230 0.255 0.578 0.564 0.566 0.611 0.567 0.538 0.571
Ex4DGS 18.40 26.98 26.87 20.12 27.77 26.21 24.40 0.105 0.028 0.026 0.075 0.022 0.025 0.047 0.191 0.069 0.067 0.153 0.059 0.061 0.100
FTGS 22.46 29.07 30.07 23.54 29.33 29.44 27.32 0.077 0.025 0.022 0.054 0.021 0.019 0.036 0.143 0.087 0.079 0.116 0.076 0.051 0.092

Ours (GraphiGS) 21.86 29.32 29.82 24.06 29.35 29.81 27.37 0.080 0.023 0.021 0.053 0.018 0.018 0.036 0.190 0.082 0.068 0.108 0.058 0.061 0.094
Ours (GraphiTS) 21.79 29.37 29.94 24.10 29.78 30.00 27.50 0.079 0.023 0.020 0.052 0.019 0.017 0.035 0.146 0.081 0.060 0.105 0.070 0.057 0.086

Table 6. Quantitative comparison on the Google Immersive Dataset with standard setting.

PSNR ↑ DSSIM ↓ LPIPS ↓
Method Welder Flames Horse Goats Alexa Avg. Welder Flames Horse Goats Alexa Avg. Welder Flames Horse Goats Alexa Avg.

4DGS-1 24.24 28.58 26.68 25.01 29.31 26.76 0.042 0.015 0.020 0.057 0.019 0.031 0.193 0.056 0.131 0.270 0.117 0.153
4DGS-2 22.47 27.74 23.32 20.52 25.90 23.99 0.060 0.029 0.054 0.188 0.066 0.079 0.252 0.145 0.288 0.503 0.266 0.291
Ex4DGS 19.80 20.59 23.24 13.52 24.81 20.39 0.060 0.089 0.038 0.313 0.036 0.107 0.145 0.199 0.088 0.441 0.082 0.191
FTGS 27.61 30.18 25.22 24.63 32.40 28.01 0.015 0.010 0.013 0.066 0.008 0.022 0.061 0.032 0.059 0.195 0.021 0.074

Ours (GraphiGS) 25.03 31.29 29.74 25.31 32.85 28.84 0.018 0.009 0.009 0.045 0.008 0.018 0.059 0.026 0.039 0.183 0.017 0.065
Ours (GraphiTS) 27.52 31.81 29.57 25.67 30.85 29.08 0.016 0.008 0.008 0.043 0.008 0.017 0.060 0.025 0.038 0.140 0.018 0.056

velocity and acceleration. As the derivative order increases, the mag-

nitudes progressively decay. By the fourth order (snap), the response

in moving regions is substantially attenuated, appearing as darker

areas in the visualization. This systematic decay suggests that the

dominant motion dynamics in the data are well captured by the

first four derivatives. Consequently, extending the model beyond

the fourth order is unlikely to yield meaningful improvements in

reconstruction quality, while incurring additional computational and

storage costs.

1.4 Training and Storage Requirements

We report the training time, storage requirements, training memory

usage, and inference FPS of GraphiXS, and compare them against

baseline methods in Tab. 12. All training times are measured on an

NVIDIA RTX 4090 GPU. GraphiXS has slightly higher training

cost primarily due to the component confidence computation, which

requires multi-view rendering of the scene at each iteration. Overall,

this is expected as the introduction of stochasticity into various steps

of 4DGS requires more computation for the optimization. We argue

the extra time cost is meaningful to enable the model to accommodate

different types of data uncertainty. For inference, GraphiXS achieves

a mid-range FPS among the baselines, primarily due to the increased

complexity of its motion modeling.
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Table 7. Quantitative comparison on the Google Immersive Dataset with 10%, 30%, and 50% spatial sparsity.

PSNR ↑ DSSIM ↓ LPIPS ↓
Method Welder Flames Horse Goats Alexa Avg. Welder Flames Horse Goats Alexa Avg. Welder Flames Horse Goats Alexa Avg.

10% spatial Sparsity
4DGS-1 24.08 29.57 26.60 23.78 29.42 26.69 0.040 0.013 0.020 0.064 0.018 0.031 0.183 0.049 0.127 0.276 0.105 0.148
4DGS-2 23.69 27.04 20.68 18.25 29.14 23.76 0.069 0.031 0.081 0.251 0.024 0.091 0.324 0.160 0.321 0.559 0.127 0.298
Ex4DGS 23.20 21.10 25.12 13.35 28.24 22.20 0.038 0.070 0.022 0.317 0.020 0.093 0.104 0.168 0.062 0.466 0.038 0.168
FTGS 27.45 30.08 26.73 22.54 32.58 27.88 0.016 0.011 0.017 0.104 0.008 0.031 0.061 0.030 0.102 0.257 0.018 0.094

Ours (GraphiGS) 25.81 29.85 29.69 27.52 31.54 28.88 0.020 0.011 0.009 0.031 0.008 0.016 0.077 0.028 0.036 0.128 0.018 0.057
Ours (GraphiTS) 26.53 30.09 29.45 28.21 32.67 29.39 0.017 0.010 0.009 0.028 0.008 0.014 0.061 0.028 0.046 0.128 0.017 0.056

30% spatial Sparsity
4DGS-1 20.44 28.87 26.26 22.31 29.86 25.55 0.067 0.017 0.020 0.076 0.018 0.040 0.206 0.054 0.128 0.281 0.105 0.155
4DGS-2 22.11 25.09 15.84 18.01 25.78 21.37 0.073 0.059 0.171 0.200 0.061 0.113 0.339 0.266 0.417 0.420 0.292 0.347
Ex4DGS 19.64 25.08 17.60 13.56 23.55 19.49 0.076 0.040 0.088 0.293 0.057 0.111 0.166 0.103 0.161 0.437 0.116 0.197
FTGS 21.82 30.91 28.53 22.59 30.85 26.94 0.075 0.010 0.011 0.101 0.010 0.041 0.299 0.029 0.042 0.211 0.023 0.121

Ours (GraphiGS) 22.77 30.58 28.10 23.34 31.19 27.20 0.027 0.010 0.011 0.056 0.009 0.023 0.081 0.027 0.039 0.145 0.018 0.062
Ours (GraphiTS) 23.41 31.26 28.27 24.97 31.99 27.98 0.025 0.009 0.010 0.044 0.010 0.020 0.069 0.028 0.040 0.142 0.017 0.059

50% spatial Sparsity
4DGS-1 16.91 21.86 25.01 22.36 27.76 22.78 0.137 0.048 0.028 0.103 0.024 0.068 0.267 0.105 0.140 0.292 0.109 0.183
4DGS-2 20.12 20.09 18.03 16.10 27.35 20.34 0.127 0.062 0.128 0.259 0.029 0.121 0.362 0.186 0.376 0.493 0.099 0.303
Ex4DGS 18.45 16.96 16.98 12.69 18.83 16.78 0.110 0.162 0.114 0.317 0.140 0.169 0.192 0.282 0.204 0.467 0.225 0.274
FTGS 20.85 27.81 22.75 19.34 30.43 24.24 0.049 0.024 0.032 0.175 0.014 0.059 0.099 0.113 0.149 0.239 0.045 0.129

Ours (GraphiGS) 23.07 28.89 24.99 19.32 27.70 24.79 0.034 0.019 0.018 0.149 0.015 0.047 0.081 0.090 0.056 0.229 0.031 0.097
Ours (GraphiTS) 21.91 29.12 25.60 18.75 29.67 25.01 0.047 0.017 0.016 0.145 0.015 0.048 0.171 0.074 0.073 0.216 0.047 0.116

Table 8. Quantitative comparison on the Google Immersive Dataset with temporal sparsity where the 30 FPS videos are trained with 20 FPS and

10 FPS.

PSNR ↑ DSSIM ↓ LPIPS ↓
Method Welder Flames Horse Goats Alexa Avg. Welder Flames Horse Goats Alexa Avg. Welder Flames Horse Goats Alexa Avg.

20 FPS
4DGS-1 22.90 29.13 25.85 23.15 29.22 26.05 0.053 0.018 0.027 0.074 0.025 0.039 0.206 0.064 0.144 0.299 0.126 0.167
4DGS-2 23.60 25.50 19.18 20.29 27.29 23.17 0.070 0.043 0.076 0.168 0.036 0.078 0.317 0.215 0.314 0.399 0.177 0.284
Ex4DGS 21.50 24.12 25.83 13.15 20.60 21.04 0.056 0.048 0.020 0.295 0.053 0.095 0.132 0.124 0.056 0.467 0.101 0.176
FTGS 25.80 30.35 27.22 24.63 30.94 27.79 0.024 0.010 0.014 0.065 0.009 0.025 0.100 0.030 0.078 0.204 0.022 0.087

Ours (Gaussian) 27.30 30.22 29.10 24.55 32.21 28.68 0.018 0.011 0.010 0.072 0.008 0.024 0.063 0.035 0.044 0.178 0.020 0.068
Ours (Student’s T) 26.52 30.12 28.75 24.31 32.01 28.34 0.020 0.010 0.011 0.064 0.009 0.023 0.067 0.028 0.057 0.168 0.020 0.068

10 FPS
4DGS-1 22.61 27.88 23.63 23.93 27.27 25.06 0.079 0.030 0.066 0.085 0.048 0.062 0.231 0.100 0.196 0.299 0.167 0.199
4DGS-2 21.27 25.33 18.33 19.21 31.02 23.03 0.114 0.047 0.115 0.190 0.016 0.096 0.443 0.208 0.374 0.381 0.051 0.291
Ex4DGS 21.36 25.09 24.98 13.71 18.63 20.75 0.060 0.039 0.025 0.321 0.090 0.107 0.137 0.111 0.068 0.466 0.166 0.190
FTGS 24.33 28.25 25.51 22.82 29.95 26.17 0.043 0.017 0.026 0.103 0.017 0.041 0.134 0.045 0.112 0.248 0.054 0.119

Ours (GraphiGS) 24.87 28.32 27.33 24.29 29.71 26.90 0.044 0.017 0.023 0.072 0.019 0.035 0.120 0.046 0.079 0.213 0.068 0.105
Ours (GraphiTS) 24.71 27.93 26.64 24.96 29.54 26.76 0.044 0.018 0.026 0.062 0.020 0.034 0.120 0.047 0.081 0.203 0.056 0.101

Table 9. Quantitative comparison on the Google Immersive Dataset with non-synchronous temporal sparsity where 10% and 50% of the views are

observed at 20 FPS.

PSNR ↑ DSSIM ↓ LPIPS ↓
Method Welder Flames Horse Goats Alexa Avg. Welder Flames Horse Goats Alexa Avg. Welder Flames Horse Goats Alexa Avg.

10% of the views observed at 20 FPS
4DGS-1 23.60 29.36 26.37 24.60 29.35 26.66 0.043 0.015 0.022 0.065 0.019 0.033 0.193 0.054 0.130 0.289 0.108 0.155
4DGS-2 24.01 26.23 19.28 19.88 24.04 22.69 0.057 0.049 0.075 0.165 0.098 0.089 0.271 0.230 0.297 0.419 0.207 0.285
Ex4DGS 24.10 23.94 21.77 13.09 27.39 22.06 0.031 0.056 0.025 0.333 0.025 0.094 0.099 0.128 0.070 0.502 0.062 0.172
FTGS 25.38 31.36 26.51 22.16 32.04 27.49 0.020 0.009 0.013 0.094 0.009 0.029 0.064 0.026 0.059 0.223 0.023 0.079

Ours (GraphiGS) 27.30 30.89 29.48 26.01 31.60 29.06 0.015 0.009 0.008 0.033 0.008 0.015 0.056 0.029 0.037 0.137 0.019 0.055
Ours (GraphiTS) 24.66 31.05 29.63 26.81 32.12 28.85 0.026 0.009 0.009 0.034 0.008 0.017 0.101 0.026 0.042 0.154 0.022 0.069

50% of the views observed at 20 FPS
4DGS-1 24.80 25.25 26.75 24.58 29.69 26.21 0.039 0.021 0.020 0.062 0.019 0.032 0.189 0.065 0.130 0.275 0.110 0.154
4DGS-2 20.30 24.75 21.17 19.60 29.18 23.00 0.150 0.048 0.060 0.172 0.024 0.091 0.510 0.228 0.265 0.477 0.104 0.317
Ex4DGS 24.34 24.66 24.26 13.48 26.70 22.69 0.031 0.042 0.027 0.316 0.029 0.089 0.102 0.107 0.070 0.462 0.054 0.159
FTGS 25.20 30.69 29.34 22.92 32.16 28.06 0.022 0.010 0.011 0.085 0.008 0.027 0.079 0.030 0.055 0.233 0.017 0.083

Ours (GraphiGS) 25.97 30.98 29.08 27.45 30.97 28.89 0.019 0.009 0.009 0.031 0.009 0.015 0.077 0.026 0.043 0.143 0.022 0.062
Ours (GraphiTS) 26.21 30.83 28.79 25.13 31.03 28.40 0.018 0.010 0.009 0.060 0.010 0.021 0.066 0.030 0.041 0.159 0.032 0.066

In terms of storage, GraphiXS exhibits a moderate footprint. Com-

pared to FTGS, the increased storage consumption is mainly caused

by the additional parameters introduced by the higher-order motion

model and the per-component confidence scores. Among the base-

lines, 4DGS-2 is the most storage-efficient, as it maintains only a

canonical set of components and employs an MLP-based deformation

model to generate time-dependent components. However, this stor-

age efficiency comes at the cost of reduced visual quality compared

to the other methods. At the opposite end of the spectrum, 4DGS-1

represents scene motion using a large number of very short-lived

Gaussians. These components are limited to zeroth-order dynamics,

resulting in minimal temporal sharing compared to Ex4DGS, FTGS,
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Table 10. Quantitative comparison on the Google Immersive Dataset with random camera failures.

PSNR ↑ DSSIM ↓ LPIPS ↓
Method Welder Flames Horse Goats Alexa Avg. Welder Flames Horse Goats Alexa Avg. Welder Flames Horse Goats Alexa Avg.

Faulty Cam 1
4DGS-1 23.26 27.91 25.87 23.37 30.05 26.09 0.046 0.020 0.023 0.070 0.018 0.035 0.198 0.060 0.137 0.286 0.110 0.158
4DGS-2 19.54 23.60 18.93 17.50 29.17 21.75 0.142 0.062 0.099 0.206 0.023 0.106 0.455 0.245 0.327 0.452 0.103 0.316
Ex4DGS 21.31 22.12 20.64 13.56 26.44 20.81 0.051 0.075 0.053 0.302 0.032 0.103 0.125 0.178 0.113 0.446 0.068 0.186
FTGS 26.33 30.75 28.74 23.90 31.55 28.25 0.019 0.010 0.011 0.075 0.009 0.025 0.069 0.040 0.047 0.203 0.021 0.076

Ours (GraphiGS) 25.64 31.10 28.79 26.22 30.68 28.49 0.020 0.009 0.010 0.034 0.009 0.016 0.063 0.026 0.038 0.133 0.021 0.056
Ours (GraphiTS) 24.99 30.29 27.57 22.83 31.19 27.37 0.024 0.009 0.011 0.097 0.009 0.030 0.092 0.029 0.045 0.222 0.024 0.072

Faulty Cam 2
4DGS-1 23.67 29.90 25.71 24.07 27.74 26.22 0.049 0.015 0.025 0.074 0.026 0.038 0.208 0.057 0.147 0.290 0.129 0.166
4DGS-2 20.91 25.71 21.12 17.14 28.36 22.65 0.111 0.038 0.071 0.208 0.024 0.090 0.389 0.162 0.304 0.466 0.071 0.278
Ex4DGS 22.56 23.83 23.61 12.52 27.26 21.96 0.046 0.061 0.043 0.332 0.038 0.104 0.125 0.134 0.091 0.491 0.070 0.182
FTGS 24.90 30.34 26.27 22.18 28.71 26.48 0.031 0.011 0.015 0.104 0.011 0.034 0.132 0.031 0.045 0.234 0.025 0.093

Ours (GraphiGS) 24.05 30.86 28.32 23.57 30.53 27.47 0.030 0.010 0.012 0.072 0.010 0.027 0.111 0.028 0.042 0.178 0.023 0.076
Ours (GraphiTS) 24.83 30.77 28.07 22.77 31.46 27.58 0.025 0.009 0.011 0.093 0.010 0.030 0.072 0.028 0.042 0.193 0.023 0.072

Faulty Cam 3
4DGS-1 16.54 21.59 18.48 17.83 22.03 19.29 0.183 0.080 0.126 0.191 0.100 0.136 0.374 0.185 0.311 0.413 0.289 0.314
4DGS-2 13.83 14.61 15.46 13.63 17.12 14.93 0.217 0.163 0.168 0.301 0.160 0.202 0.506 0.442 0.447 0.601 0.456 0.490
Ex4DGS 16.83 17.26 18.18 12.26 17.37 16.38 0.157 0.180 0.103 0.345 0.230 0.203 0.292 0.374 0.193 0.551 0.387 0.359
FTGS 18.57 26.40 19.43 15.56 22.50 20.49 0.120 0.031 0.094 0.256 0.075 0.115 0.252 0.072 0.199 0.449 0.166 0.228

Ours (GraphiGS) 18.68 26.57 20.13 14.43 23.44 20.65 0.133 0.033 0.078 0.281 0.063 0.118 0.382 0.080 0.211 0.420 0.157 0.250
Ours (GraphiTS) 18.73 26.31 20.12 14.69 24.26 20.82 0.128 0.033 0.083 0.286 0.063 0.119 0.374 0.078 0.185 0.423 0.204 0.253

Fig. 1. Magnitude of motion derivatives. Each image is independently

normalized. V, A, J, and S denote the magnitudes of velocity, accelera-

tion, jerk, and snap, respectively.

Table 11. Quantitative comparison on the CityCrowd dataset (scene:

city_01) under the Standard and 50% Spatial Sparsity settings.

Method
Standard 50% Spatial Sparsity

PSNR↑ DSSIM↓ LPIPS↓ PSNR↑ DSSIM↓ LPIPS↓

4DGS-1 27.36 0.028 0.100 24.33 0.040 0.112

4DGS-2 15.71 0.276 0.512 15.17 0.275 0.504

Ex4DGS 19.34 0.149 0.301 17.36 0.243 0.374

FTGS 28.09 0.019 0.068 25.96 0.029 0.083

Ours (GraphiGS) 28.02 0.017 0.061 25.97 0.029 0.076

Ours (GraphiTS) 28.17 0.016 0.057 26.42 0.028 0.076

Table 12. Average performance comparison on N3DV dataset [Li et al.

2022] using standard setting.

Method Storage Size↓ Training Time↓ Training Memory↓ Inference FPS↑

4DGS-1 3128 MB 1.5 Hours 25814 MB 120 FPS

4DGS-2 90 MB 40 Minutes 15428 MB 34 FPS

Ex4DGS 115 MB 1 Hour 3759 MB 46 FPS

FTGS 366 MB 2.5 Hours 3751 MB 126 FPS

Ours (GraphiGS) 423 MB 4.5 Hours 4701 MB 113 FPS

Ours (GraphiTS) 429 MB 4.5 Hours 6471 MB 89 FPS

and GraphiXS. GraphiXS occupies the middle ground in this trade-

off space, leveraging short-lived yet temporally shared components

to balance storage efficiency and reconstruction quality.

2 Additional Details of Methodology

This section provides additional details about GraphiXS and hyper-

parameters used in the trainings.

2.1 Variants of GraphiXS

As established in our generative formulation, GraphiXS is a gen-

eralized framework in which the component X\ is modeled as a

probabilistic distribution parameterized by \ , rather than being re-

stricted to a fixed geometric primitive. This design enables flexible

instantiations of the framework using different distribution families.

GraphiGS. As the first variant of GraphiXS we initialize X\ using

3D Gaussian primitives and refer this version as GraphiGS. In this
variant, the component X is defined as a Gaussian distribution param-

eterized by a mean - ∈ R
3 and a covariance matrix � ∈ R

3×3. This

formulation is consistent with the standard 3D Gaussian Splatting

paradigm, where density decays exponentially with distance from the

mean. Formally, the distribution for a single component in GraphiGS

is given by

XGS (x; -, �) = exp

(

−
1

2
(x − -)⊤�−1 (x − -)

)

. (1)

GraphiTS. While Gaussian primitives provide compact spatial sup-

port, they may be limited in capturing broader uncertainty regions.

To address this, we introduce a second variant, GraphiTS, which in-

stantiates X using Student’s t distribution. Following the formulation

in 3DSSS [Zhu et al. 2025], we augment the parameterization with

a learnable degrees-of-freedom parameter a ∈ [1,+∞), in addition

to - and �. The parameter a explicitly controls the tail heaviness of

the distribution, allowing GraphiTS to smoothly interpolate between
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heavy-tailed Cauchy-like behavior and Gaussian-like behavior. The

corresponding distribution is defined as

XTS (x; -, �, a) =

[

1 +
1

a
(x − -)⊤�−1 (x − -)

]− a+3
2

. (2)

More Variants. Beyond the two variants described above, the prob-

abilistic formulation of GraphiXS naturally supports alternative dis-

tribution families for the component X , as long as they can be param-

eterized by the shared latent variables \ . This flexibility enables the

incorporation of distributions with different support characteristics

and uncertainty profiles. Beta distribution based primitives, as intro-

duced in [Liu et al. 2025a,b], may serve as a promising candidate for

a future GraphiBS variant.

2.2 Prior on Color

To capture the view-dependent appearance of the moving compo-

nents, we condition the color B on ` (C) by [Wang et al. 2025]:

B =

!∑

;=0

;∑

<=−;

Bℎ;< .;<
(

� (` (C))
)

(3)

where B is the time and view dependent color, ! is the degree of the

spherical harmonics, � is the viewing direction at position ` (C), and

. is the spherical harmonics basis function evaluated at the viewing

direction � (` (C)). By explicitly conditioning the color evaluation

on the dynamic position ` (C), we ensure that the view-dependent

effects remain consistent with the component’s learned trajectory and

higher-order dynamics.

2.3 Sampling via Stochastic Gradient Hamiltonian

Monte Carlo

To optimize the posterior distribution defined in the main manuscript,

we adopt Stochastic Gradient Hamiltonian Monte Carlo (SGHMC)

[Zhu et al. 2025]. SGHMC is applied jointly to all learnable com-

ponent parameters \ , enabling efficient exploration of the posterior.

This choice is motivated by the highly non-convex solution space

induced by our objective, where parameters governing shape, motion,

and appearance are tightly coupled.

2.4 Adding and Recycling Components in 4D

During optimization, components with near-zero opacity contribute

negligibly to the rendered scene while unnecessarily consuming the

component budget. We identify such components using an opacity

threshold and mark them as unused. Unused components are recycled

regardless of budget, while new components are added only when

the active set falls below the budget. We regulate both component

addition and recycling using a scalar importance score

B2>A4CX = _B6, 6̄
C
X + _B>, >

C
X , (4)

where 6̄C
X

denotes the accumulated positional gradient of components

X at time C , >C
X

its opacity, and _B6 and _B> are weighting coefficients.

Active components are sampled according to the resulting importance

distribution

gCX =

B2>A4C
X

∑
Pt

X B2>A4
C
X
+ n

. (5)

The sampled components guide both the placement of newly added

components and the reassignment of recycled ones. As a result,

component capacity is dynamically focused on regions that most

strongly influence the 4D reconstruction.

2.5 Initialization

Following [Wang et al. 2025], we initialize our model from tempo-

rally coherent 4D point clouds reconstructed from multi-view image

sequences. For each video frame, dense 3D point clouds are recon-

structed independently by matching keypoints across views using

RoMa [Edstedt et al. 2024] and triangulating the resulting correspon-

dences. These per-frame point clouds are subsequently merged into a

unified 4D point set by establishing temporal correspondences via k-

nearest-neighbor matching between points in successive frames. The

temporal coordinate of each point is initialized to the corresponding

video timestamp, while point velocities are derived from inter-frame

displacements along the temporal correspondences. Higher-order mo-

tion derivatives are initialized using a temporal binning scheme. For

each derivative order, we compute deviations from the preceding or-

der within fixed temporal bins and assign the resulting statistics to the

corresponding points. This procedure yields bounded and physically

plausible motion initialization.

2.6 Hyperparameters

We implement our framework using PyTorch and CUDA. Optimiza-

tion of the component parameters \ is performed using SGHMC

with a friction coefficient of � = 120 and a noise scale of 1.0. To

stabilize early training, we employ a burn-in phase of 7,000 iterations,

during which the friction coefficient is increased to �burn-in = 5 × 105

in order to suppress excessive oscillations. For higher-order dynam-

ics, the standard deviation of the Brownian motion noise is set to

n = 1 × 10−4.

The learning rates for dynamics-related parameters—velocity E ,

acceleration 0, jerk 9 , snap B, and component duration D—are expo-

nentially annealed from an initial value of 1× 10−2 to a final value of

1 × 10−4 over the course of training.

We assign fixed weights to the loss terms and regularization priors.

The component confidence regularization weight _U for LU is set to

1 × 10−3. The temporal opacity regularization weight is set to 0.01,

and the scale regularization weight associated with n� is also set

to 0.01. For the smoothness prior on the dynamics derivatives, the

weights for velocity, acceleration, jerk, and snap are set uniformly to

_ℎ = 1 × 10−4. For importance sampling in component addition and

recycling, we assign equal weights to the gradient and opacity terms,

with _B6 = 0.5 and _B> = 0.5, respectively. Across all GraphiXS

experiments, we cap the total number of components at 1.5 million.

2.7 GraphiXS as an Upgrade

GraphiXS is a generalized probabilistic framework that can be ap-

plied to a wide range of 4D Gaussian Splatting (4DGS) representa-

tions. In contrast, most existing 4DGS methods formulate reconstruc-

tion as a deterministic optimization of photometric error:

min L1 + _LD-SSIM . (6)

To upgrade a baseline 4DGS method using GraphiXS, we reformulate

its training objective as a Maximum a Posteriori (MAP) estimation
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problem, as defined in the main paper. This reformulation involves

two main adaptations: reinterpreting the likelihood and incorporating

stochastic priors.

General Adaptation Strategy. First, the baseline rendering loss is

converted into an energy-based likelihood distribution. Our energy-

based likelihood model in the main paper can be directly used, as it

includes Equation (6):

% (� | V, ', U,�,) ) ∝ 4G? (−

"∑

2

 ∑

C

!8<6 (�
C
2 ))

!8<6 = (1 − n�−((�" )!1 + n�−((�"!�−((�"

+ n>

∑

8

| |>8 | |1 + nΣ

∑

8

∑

9

| |
√

_8, 9 | |1 (7)

where !1 and !�−((�" are the !1 norm and the structural similarity

loss between the reconstructed image and the ground-truth. _s are the

eigenvalues of Σ. The regularization applied to the opacity ensures

that the opacity is big only when a component is absolutely needed.

The regularization on _ ensures the model uses components as spiky

as possible (i.e. small variances). Together, the regularization terms

minimize the needed number of components.

Second, we introduce the Component Confidence term,

% (U | X\ ,�,) ), (8)

which is incorporated as a regularization term LU . This term encour-

ages the model to account for data uncertainty by maximizing the

joint probability of component visibility across all available views

and timestamps per batch. Regardless the formulation and the imple-

mentation of the base methods, this component confidence term can

be computed.

Finally, the shape prior % (Σ
?
C ) can also be applied to ensure consis-

tency of primitive covariances over time. This term is also general as

long as the component is a probabilistic distribution, as the covariance

matrix is a common parameter.

Methods such as FTGS [Wang et al. 2025], Ex4DGS [Lee et al.

2024], and 4DGS-1 [Yang et al. 2024] use explicit 3D/4D Gaussians

or similar primitives that move dynamically, allowing the above

adaptation strategy to be applied directly. As an example in the paper,

we upgraded FTGS. By contrast, methods like 4DGS-2 [Wu et al.

2024], which rely on a canonical Gaussian set deformed via a neural

field (e.g., HexPlane or MLP), cannot be upgraded directly. In these

cases, GraphiXS priors can be applied to the displaced components

at each sampled timestamp, with gradients backpropagated through

the deformation network.

2.8 Deterministic Variant of GraphiXS

In our ablation study, we introduce a deterministic variant of GraphiXS

to validate the effectiveness of our framework. In this variant, we

replace the SGHMC optimizer with standard Adam, thereby remov-

ing Hamiltonian Monte Carlo noise from gradient updates. We also

disable the component confidence loss, eliminating the incentive to

maintain visibility across multiple viewpoints, and remove Brownian

motion noise during rasterization. Furthermore, stochastic multino-

mial sampling for component addition and recycling during densifi-

cation is replaced with a deterministic strategy that selects the top-#

components based on the same scoring criteria.
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4DGS-1 4DGS-2 Ex4DGS FTGS Ours (GraphiGS) Ours (GraphiTS) GT

Standard Setting

10% spatial Sparsity

30% spatial Sparsity

50% spatial Sparsity

20 FPS

Fig. 2. Qualitative comparison on N3DV dataset. Each row corresponds to a different experimental setting. Columns show six competing methods

and the ground truth (GT). Per-region PSNR values are reported in the top-right corner of each cropped region.

SIGGRAPH Conference Papers ’26, July 19–23, 2026, Los Angeles, CA, USA.



GraphiXS Supplementary Material • 9

4DGS-1 4DGS-2 Ex4DGS FTGS Ours (GraphiGS) Ours (GraphiTS) GT

10 FPS

10% of the views observed at 20 FPS

50% of the views observed at 20 FPS

Random Camera Failures 1

Random Camera Failures 2

Random Camera Failures 3

Fig. 3. Qualitative comparison on N3DV dataset. Each row corresponds to a different experimental setting. Columns show six competing methods

and the ground truth (GT). Per-region PSNR values are reported in the top-right corner of each cropped region.
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4DGS-1 4DGS-2 Ex4DGS FTGS Ours (GraphiGS) Ours (GraphiTS) GT

Standard Setting

10% spatial Sparsity

30% spatial Sparsity

50% spatial Sparsity

20 FPS

Fig. 4. Qualitative comparison on GI dataset. Each row corresponds to a different experimental setting. Columns show six competing methods and

the ground truth (GT). Per-region PSNR values are reported in the top-right corner of each cropped region.
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4DGS-1 4DGS-2 Ex4DGS FTGS Ours (GraphiGS) Ours (GraphiTS) GT

10 FPS

10% of the views observed at 20 FPS

50% of the views observed at 20 FPS

Random Camera Failures 1

Random Camera Failures 2

Random Camera Failures 3

Fig. 5. Qualitative comparison on GI dataset. Each row corresponds to a different experimental setting. Columns show six competing methods and

the ground truth (GT). Per-region PSNR values are reported in the top-right corner of each cropped region.
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4DGS-1 4DGS-2 Ex4DGS FTGS Ours (GraphiGS) Ours (GraphiTS) GT

Standard

Sparse 50

Fig. 6. Qualitative comparison on our CityCrowd dataset. Each row corresponds to a different experimental setting. Columns show six competing

methods and the ground truth (GT). Per-region PSNR values are reported in the top-right corner of each cropped region.
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