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Figure 1. We propose GP-4DGS, a novel integration of Gaussian Processes (GPs) [37] into 4D Gaussian Splatting (4DGS). Unlike existing
deterministic approaches, this formulation enables robust uncertainty quantification, future motion prediction, and prior estimation for

unobserved regions.

Abstract

We present GP-4DGS, a novel framework that inte-
grates Gaussian Processes (GPs) into 4D Gaussian Splat-
ting (4DGS) for principled probabilistic modeling of dy-
namic scenes. While existing 4DGS methods focus on deter-
ministic reconstruction, they are inherently limited in cap-
turing motion ambiguity and lack mechanisms to assess pre-
diction reliability. By leveraging the kernel-based proba-
bilistic nature of GPs, our approach introduces three key
capabilities: (i) uncertainty quantification for motion pre-
dictions, (ii) motion estimation for unobserved or sparsely
sampled regions, and (iii) temporal extrapolation beyond
observed training frames. To scale GPs to the large number
of Gaussian primitives in 4DGS, we design spatio-temporal
kernels that capture the correlation structure of deformation
fields and adopt variational Gaussian Processes with induc-
ing points for tractable inference. Our experiments show

that GP-4DGS enhances reconstruction quality while pro-
viding reliable uncertainty estimates that effectively identify
regions of high motion ambiguity. By addressing these chal-
lenges, our work takes a meaningful step toward bridging
probabilistic modeling and neural graphics.

1. Introduction

Dynamic scene reconstruction from monocular videos has
recently become an important problem due to its sig-
nificant practical impact, enabling 3D capture in uncon-
strained environments for robotics [28, 39, 52], autonomous
systems [31, 35, 50, 54], and large reconstruction mod-
els [13, 53]. Building on recent advances in static scene
reconstruction [3, 9, 16, 18, 30, 32], this field has rapidly
evolved by extending static-scene base architectures with
additional temporal modeling to handle scene dynamics.
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The dominant paradigm in recent years is 4D Gaussian
Splatting (4DGS) [19, 23, 38, 46-49], which extends 3D
Gaussian Splatting (3DGS) to dynamic scenes. These meth-
ods have achieved impressive visual quality in dynamic
scene reconstruction task by representing scenes as collec-
tions of time-varying Gaussian primitives, optimized end-
to-end through differentiable rendering. However, these ap-
proaches treat motion as a deterministic optimization prob-
lem, imposing hand-crafted motion priors, e.g., polynomial
deformations [23], rigidity constraints [2], or other fixed
parametrizations [20, 46], that are applied uniformly across
all primitives without learning from data. When primi-
tives are poorly observed or occluded, these fixed priors be-
come inappropriate or overly restrictive. Moreover, existing
methods lack principled mechanisms for uncertainty esti-
mation and motion extrapolation beyond training frames.

In this work, we propose GP-4DGS, a novel integration
of Gaussian Processes (GPs) [37] into 4DGS that provides
a principled probabilistic framework for dynamic scene re-
construction, as shown in Figure 1. This simultaneously
enables three capabilities absent in existing 4DGS algo-
rithms: (i) uncertainty quantification for motion predic-
tions, (ii) temporal extrapolation beyond observed frames,
and (iii) learned motion priors that adapt to observation pat-
terns. Rather than imposing fixed motion constraints, we
learn motion priors directly from well-observed primitives
via kernel-based probabilistic modeling. The key insight is
to represent primitive deformations through GP posteriors,
enabling the framework to automatically adjust regulariza-
tion strength based on observation confidence and to nat-
urally handle sparse or unobserved regions. Notably, the
first two capabilities emerge directly from the probabilistic
formulation of GPs, without any additional modeling over-
head.

This integration, however, is non-trivial and requires
addressing fundamental modeling and computational chal-
lenges. First, standard GP kernels assume isotropic corre-
lations, fundamentally mismatched to spatio-temporal data
where spatial dimensions (z,y, z) and time ¢ have drasti-
cally different correlation structures. To address this, we
introduce a composite kernel design that explicitly sepa-
rates spatial Matérn kernels for geometric smoothness from
periodic temporal kernels for motion periodicity. Second,
exact GP posterior computation has O(N?) time complex-
ity where N is the number of Gaussian primitives, which
is prohibitive as N typically reaches tens of thousands.
We develop a scalable formulation combining variational
inference with inducing points, reducing complexity to
O(NM?+ M?3), where M is the number of inducing points
with M < N. Third, integrating probabilistic priors with
vision-based optimization requires careful design. We pro-
pose a novel GP-GS optimization algorithm that forms syn-
ergy between the two by alternating between confidence-

weighted GP training on well-observed data and GP-guided

regularization during appearance optimization. This creates

a self-reinforcing loop where reliable observations progres-

sively refine motion priors, which reciprocally stabilize re-

construction in poorly observed regions. Our main contri-
butions are summarized as follows:

* We introduce a probabilistic framework that integrates
GPs with 4DGS, enabling uncertainty quantification for
motion predictions, temporal extrapolation for future mo-
tion prediction, and observation-adaptive motion priors.

* We develop a spatio-temporal GP kernel, a scalable vari-
ational inference scheme, and a GP-GS dual optimization
strategy for principled probabilistic dynamic scene recon-
struction.

* We demonstrate that our method improves dynamic scene
reconstruction, especially in occluded or sparsely ob-
served regions, while providing reliable motion extrap-
olation and uncertainty estimates.

2. Related Work

2.1. Dynamic Novel View Synthesis

Novel View Synthesis (NVS) is a form of inverse graph-
ics that reconstructs a 3D scene from observed 2D images
and renders novel images at arbitrary viewpoints. Dynamic
Novel View Synthesis (DyNVS) extends this paradigm to
4D dynamic scenes, where the input is a video containing
motion rather than static 2D images. Early progress was
driven by variants of Neural Radiance Fields (NeRF) [4,
6, 7, 30, 33, 41], which implicitly represent 4D scenes
via neural networks optimized through differentiable ren-
dering. More recently, 4D Gaussian Splatting (4DGS)
methods [5, 11, 15, 21, 23, 25-27, 29, 42, 45, 48, 51]
have emerged as the state-of-the-art by explicitly deforming
Gaussian primitives over time with a deformation field. For
instance, D-3DGS [51] employs an MLP, 4DGS [48] uses a
HexPlane representation, and STG [23] utilizes polynomial
functions to model such deformations. Some works [21, 42]
further incorporate priors from pretrained models for depth
estimation and 2D tracking, yet these priors are mostly de-
terministic and confined to observed regions. In contrast,
our method introduces a probabilistic framework that learns
data-adaptive priors, enabling robust generalization even to
unobserved regions.

2.2. Probabilistic Modeling in Gaussian Splattings

Gaussian Splatting [16] represents scenes as a collection
of Gaussian primitives, which is inherently a deterministic
representation. However, recent works [12, 17, 40, 44] have
begun to reformulate Gaussian Splatting as a probabilistic
framework to quantify uncertainty or improve optimization.
For instance, Stochastic GS [40] models Gaussian attributes
as random variables with learnable variances, enabling un-
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certainty quantification. Kheradmand et al. [17] reformulate
Gaussian primitives as samples drawn from a spatial distri-
bution and adopt Stochastic Gradient Langevin Dynamics
(SGLD) to refine densification and reduce sensitivity to ini-
tialization. VBGS [44] adopts a Bayesian-based Gaussian
mixture model to solve the challenge of catastrophic forget-
ting in continual learning settings. GP-GS [12] integrates
GP priors to improve Structure-from-Motion initialization
by inferring missing regions via GP posteriors. However,
these probabilistic approaches are confined to static scene
representations. In contrast, our work is the first to integrate
GP priors into 4D Gaussian Splatting, enabling probabilistic
motion modeling for robust dynamic scene reconstruction.

3. Preliminaries

We briefly review 4D Gaussian Splatting and Gaussian Pro-
cesses, which form the foundation of our method.

3.1. 4D Gaussian Splatting

Gaussian primitives 3DGS achieves high-quality real-
time rendering of static scenes by employing an explicit
3D scene representation. This representation consists of
a set of N 3D Gaussian primitives, denoted by I' =
{71,72,---,v~}. Each Gaussian primitive -y is repre-
sented by an unnormalized 3D Gaussian kernel Gy, (x;) as

1
G (X3P, Xk) = exp (_Q(Xs_Pk)Tzkl(Xs_pk)) , (1)

where p;, € R® is a mean vector, ¥;; € R3*3 is an
anisotropic covariance matrix, and x, € R? is an arbitrary
location in 3D space. The covariance matrix 3, has to be
positive semi-definite, which is challenging to hold during
optimization. Instead, to ensure this condition, we learn Xy,
by decomposing it into two learnable components, a rota-
tion matrix Ry, and a diagonal scaling matrix Sy, as follows:

3, = RiSiS. R, 2)

In addition to px, Ry, and Sy, each Gaussian primitive re-
quires two additional learnable parameters for its opacity
a € [0,1] and feature fj. The feature vector is typi-
cally represented by RGB colors or spherical harmonic co-
efficients for rendering view-dependent lighting and color
effects. Consequently, a single Gaussian primitive -y
is defined with its complete set of learnable parameters,
{pr, Ry, Sk, ok, S}

Deformation modeling Dynamic scene modeling re-
quires extending the 3D formulation to capture temporal
variations. Most algorithms [15, 23, 46, 48, 51] deform
the 3D Gaussian primitives from their canonical states to
a target state over time. The transformed position py, ; and

rotation Ry, ; at time ¢ are given by

(Pr.t, Ris,t) = (Pe+¢p(Prs Rie, t), R +67 (Ri, 1)), (3)
where ¢, (-) and ¢,.(-) are the deformation operations.

Differentiable rasterization Before rendering with a set
of deformed Gaussian primitives I" on an image space, each
deformed Gaussian kernel Gy, (Xs; Pr.¢, 2k,¢) is projected
onto a 2D image space and forms a 2D Gaussian kernel
Gr (r;pf 2% ,), where 7 : R® — R? denotes a pro-
jection from a world coordinate to an image space and ¢
is the target time. In the projected Gaussian representation,
r € R? indicates a pixel location in an image, and the 2D
mean pf , € R? and covariance X , € R**? are given by

pi,=7(prs) and Bf, =IJWX, W'IT (4

where J denotes the Jacobian of the affine approximation
of the projective transformation, and W is the world-to-
camera transform matrix. When rendering the primitives
in I to a target camera, they are sorted by their depths with
respect to the camera center. The color of a pixel r is then
obtained by a-blending, which is given by

N
I(r) =) e wf,(r), 5)
k=1

where wf ,(r) represents a relative contribution of each
Gaussian primitive to pixel r at time ¢ and ¢, is the color
of the corresponding primitive.

3.2. 1D Gaussian Processes

A Gaussian Process (GP) defines a probability distribution
over functions, such that any finite collection of function
values follows a joint Gaussian distribution as follows:

f(x) ~ gP(m(x), k;(agx’)), (6)

where # € R and f(z) € R are both scalar-valued in
the simplest case, m(z) and k(x, 2’) are the mean function
and kernel function, respectively. Given observations D =
{(zn, yn) }ny with X = {2, }30; and y = {ya}}_1, the
kernel hyperparameters are optimized by maximizing the
marginal likelihood to capture the correlation structure of
the observed data.

For inference, the posterior distribution at a new query
point z* is Gaussian, f(z*) ~ N (j(z*),5%(x*)), condi-
tioned on the observed data D. The predictive mean and
variance are respectively derived as

fi(z*) =m(z*) + k! (K+o2D) " (y — m(X)), (7)
52 (x*) = k(z*,0*) — k[ (K + 021) k., ®)
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where K € RV js the covariance matrix with entries
[KJi; = k(zi,z;), and k. € RY denotes the vector of co-
variances between x* and the training inputs. Intuitively,
the predictive mean fi(x*) is a weighted combination of the
observed residuals (y — m(X)) in output space, where the
weights are determined by the kernel-defined similarity be-
tween the query point and the training data.

4. Method

We present GP-4DGS, a principled integration of GPs into
4DGS for monocular video reconstruction. Specifically, we
design spatial and temporal kernels to capture geometric
and motion correlations in primitive deformations in Sec-
tion 4.1, adopt variational inference for scalable computa-
tion in Section 4.2, and introduce a GP-GS optimization
strategy for joint training of GP and 4DGS in Section 4.3.
This naturally provides uncertainty quantification and tem-
poral extrapolation, capabilities absent in existing 4DGS
frameworks, as described in Sections 4.4 and 4.5.

4.1. Motion Modeling with Gaussian Processes

We model the temporal deformation of Gaussian primitives
with a multi-input multi-output GP, using a composite ker-
nel with spatial and temporal components for canonical ge-
ometry and motion periodicity, respectively.

4.1.1. Probabilistic Deformation

Given a 4D input x = (p,t) € R, where p = (ps, py, p)
denotes the canonical 3D position of an arbitrary primi-
tive and ¢ represents the target time, our GP outputs a d-
dimensional deformation vector y = (f1(x), ..., fa(x)) €
R?. We set d = 9 with three dimensions for translational
deformation and six for the 6D continuous rotation repre-
sentation [55] of Gaussian primitive orientations. Each out-
put f;(x) is modeled as an independent GP with mean func-
tion m;(x) and kernel function k;(x, x’) as follows:

fi(x) ~ GP(m;(x), ki(x,x")). 9)

This defines a probabilistic distribution over functions,
where a prediction at any input x is Gaussian-distributed,
fi(x) ~ ;

N (fi(x),57(x)), with both mean and variance
derived from the GP posterior.

4.1.2. Kernel Modeling

A kernel defines the correlation structure between GP in-
puts, determining how the model generalizes from observed
to unobserved regions. While standard GP kernels assume
isotropic correlations across all input dimensions, our input
space exhibits fundamentally different correlation charac-
teristics between the spatial dimensions p and the temporal
dimension ¢. To capture this heterogeneity, we propose a

composite kernel that separates spatial and temporal com-
ponents as follows:

kil x) = KM (p,p) + K x),(10)

where p = (pg, py, p-) denotes the spatial canonical com-
ponent in 3D, and ¢ € {1,...,d} is the index of the func-
tion.

Spatial correlations To capture smooth geometric corre-
lations in canonical space, we adopt the Matérn kernel:

21—14
2 Ky, (1), (11)

spatial
kP (pvp/) = as,il—\(yi) st

K3

where r,; = \/21/1 D iefayoy Pi — pj)?/02,; is the
anisotropic scaled distance, K,, is the modified Bessel
function, o2 ; is the signal variance, and v; controls smooth-
ness. This encodes the prior that nearby primitives in
canonical space exhibit similar deformations. Note that we
choose the Matérn over the RBF kernel for its ability to han-
dle discontinuities, which is essential for modeling spatially
disconnected objects in dynamic scenes.

Temporal correlations To capture motion patterns along
time, we model temporal correlations as a sum of per-axis
Matérn kernels weighted by a periodic kernel as follows:

k;emporal(x,x/) — Z ki,j (pgyp;-) kff;i°di°(t, t/), (12)
j€{z,y.2}

where £; ; is a one-dimensional Matérn kernel over the cor-
! ] i
responding axis, and &}

t, defined as follows:

is a periodic kernel over time

eriodic 2si 2 t—t ¥
kfj d; (t, tl) :Ui] exp (_ Sm (7T|€2 |/T 7])) , (13)
2]

with period 7; ;, length scale /; j, and signal variance o7 i+
The periodic kernel provides strong inductive bias for tem-
poral extrapolation by capturing patterns in motion, en-
abling robust predictions beyond the observed time range.

4.2. Variational Gaussian Processes for 4DGS

Standard GP posterior computation requires constructing an
N x N kernel matrix and O(N?) matrix inversion, where
N is the number of data points. In our setting, N corre-
sponds to the number of Gaussian primitives, which typ-
ically reaches tens of thousands, making exact inference
computationally intractable. To address this, we adopt vari-
ational GPs [43].
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Inducing points We approximate the full GP with M in-
ducing points Z = {z,,}}_,, z,, € R*, M < N, which
serve as a learned summary of the deformation field in the
4D input space x = (xs,t). With this approximation, we
only compute two kernel matrices: K(ZZ)Z = K,(Z,Z2) €
RM>M among inducing points and KS?Z =K;(X,Z) €
RN*M petween primitives and inducing points. This re-
duces complexity from O(N?3) to O(N M? + M3), making
inference tractable even with tens of thousands of Gaussian
primitives.

For initialization of Z, spatial locations x are selected
by extracting time-series features from primitive trajectories
using Chronos [ 1] and clustering them via k-means to select
M representative canonical positions. Temporal locations ¢
are sampled uniformly over the observed time range.

Training In addition to the inducing point locations Z,
we parameterize a variational posterior ¢(u;) = N (m;, S;)
over the function values at all inducing points, where u; €
RM collects the values for output dimensioni € {1,...,d}.
The kernel hyperparameters (e.g., length scales, signal vari-
ances, and periods), inducing point locations Z, and vari-
ational parameters {(m;, S;)}%_, are jointly optimized via
the ELBO as follows:
d
Leigo= Y [Eqflog p(y:[w;)] — KL{g(w;)[[p(w;)]], (14)

i=1

where p(u;) = N(0, KS)Z) is the GP prior, the expectation
term encourages fitting the observed deformations, and the
KL term regularizes the posterior toward the prior.

Inference After training, given an arbitrary query point
x*, we compute the mean and variance of the deformation
from the variational posterior as follows:

iy =k TKG))m, (15)
512 = k" Tk, (16)
where k) = k;(Z,x*) € RM is the cross-covariance

vector between the inducing points and the query, k] =
ki(x*,x*) is the kernel variance at x*, and X; =
(K9, =1 —(K%),)~18;(K'),)~1. This formulation scales
as O(M) per query x*, enabling efficient inference with-
out accessing all training primitives. The predicted mean
and variance vectors over all output dimensions are i =

[fi1, ..., fq) " and 6% = [62,...,52] .

4.3. GP-GS Optimization

This section describes our GP-GS optimization strategy,
as outlined in Algorithm 1, which alternates between GP
training on confident observations and 4DGS optimization

guided by GP predictions, creating a feedback loop that pro-
gressively refines both representations.

Algorithm 1 GP-GS Optimization Strategy

Input: Training images 7, Gaussian primitives {vy; }_,
Output: Optimized GS model with GP regularization

1: while not converged do
Stage 1: GP Training // For every Ngp iterations
Compute confidence: Cr = >y > ey Wi (T)
Select confident data: Do = {(x;,y:) : Cr > 7¢'}
Train variational GPs on D¢ with Eq. (14)
Stage 2: GS Optimization
Infer variational GP posteriors and cache fi(y, ¢)(x)
Compute loss: Lcp=E[6), - |y (k) — B(k.0)ll°]
9: Update GS: Etotal = Lrecon + )\GPﬁGP
10: end while
11: return optimized GS and GP models

o A A R

4.3.1. Stage 1: GP Optimization

Response-aware data sampling We measure the infor-
mativeness of each Gaussian primitive via its cumulative
contribution to pixel rendering as follows:

Cr =Y > wi(r), 17

IeT rel

where 1 is a pixel in a training image I € 7, wf ,(r) is the
a-blending weight of primitive v, at pixel r, and ¢ is cap-
tured time of image I. We select primitives with Cy, > 7¢ to
form a confident subset D C D. The GP is then trained on
D¢ by maximizing the ELBO in Eq. 14, optimizing the ker-
nel hyperparameters, inducing point locations Z, and varia-
tional parameters {(m;, S;)}%_,.

Handling noisy inputs Since the spatial coordinates p =
(Pz» Py, p-) are also optimized parameters rather than exact
positions, we inject Gaussian noise into each spatial dimen-
sion during GP training as follows:

X = (px""ewa Py + €y, Dz + €z, t), (18)

where €, €,, €, ~ N(0,0.02). This acts as regularization,
enabling the GP to handle uncertainty in canonical positions
and produce more robust predictions.

4.3.2. Stage 2: GS Optimization

GP inference After training on D¢, we run GP inference
on all primitives. For each primitive %k at time ¢ with in-
put Xy ) = (pk, t), we compute the posterior mean By )
which serves as a pseudo-guidance signal. To balance com-
putational efficiency and guidance freshness, we cache GP
predictions every Ngp = 2000 iterations during GS opti-
mization. Between updates, cached predictions are reused
across optimization steps.
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GP guidance loss We regularize GS optimization with a
GP guidance loss as follows:

1 N T 2
Lgp = NT ;;5@:@ : HY(k:A,t) - ﬁfk,t)H , (19

where 0(,.) = 1([ly(k,e) — B{) )|l > 75) selects primi-
tives that deviate from GP motion predictions ﬁzk, e The
threshold 75 is annealed during optimization from 7 sar t0
Ts,ends Progressively tightening constraints as the two rep-
resentations converge. The total training loss is Ly =
Lecon + AgpLcp, Where Liecon follows SoM [46], consisting
of photometric, D-SSIM, flow, and smoothness losses. The
balancing weight Agp is set to 0.1.

4.4. Interpretability via Uncertainty Quantification

As GPs define a distribution over functions, they natu-
rally provide variance estimates alongside mean predic-
tions, which we use to quantify the uncertainty of primitive
motions. For translation, uncertainty is directly obtained
from the first three dimensions of &*. For rotation, the 6D-
to-matrix conversion via Gram-Schmidt orthogonalization
is non-linear, precluding direct variance propagation. In-
stead, we use Monte Carlo sampling to approximate uncer-
tainty in the final positions as follows:

Uk = Var({pi)}20), (20)
where pfji is the s deformed position of primitive & across
S sampled deformations at time ¢. We then render a motion

uncertainty map by projecting Uy, ; to a target view as fol-
lows:

N
Ur) =) Uiy wi,(x), 1)
k=1

which is analogous to color rendering in Eq. (5), and exam-
ples are shown in Figure 2.

4.5. Extrapolation for Future Motion Prediction

A key advantage of GP-based motion reasoning is the abil-
ity to predict future motion beyond the training sequence.
Given a canonical position and a future timestamp ¢, we
directly query the trained GP in Eq. (15) with x} = (p, t¢)
to obtain the deformation at that time. This enables mo-
tion forecasting without additional training or architectural
modifications.

5. Experiments

This section evaluates the efficacy of GP-4DGS, demon-
strating that the GP integration provides superior structural
priors for sparse-view dynamic reconstruction while achiev-
ing reliable uncertainty estimation and motion prediction.

Rendering

Uncertainty

Rendering Uncertainty

Figure 2. Uncertainty quantification. GP-4DGS provides princi-
pled uncertainty estimates for motion, a capability inherently lack-
ing in existing 4DGS methods.

Table 1. Quantitative results on the DyCheck dataset. We evalu-
ate performance on all seven scenes (All), the five scenes used in
SoM [46] (SoM 5), and a challenging subset with reduced view-
point overlap. GP-4DGS consistently achieves superior results,
particularly under sparse observations.

Data Method mPSNR 1 mSSIM 1 mLPIPS |
Gaussian Marbles [42] 15.84 0.54 0.57
All SoM [46] 17.09 0.65 0.39
GP-4DGS (ours) 17.38 0.65 0.37
SC-GS [23] 14.13 0.48 0.49
D-3DGS [51] 11.92 0.49 0.66
4DGS [48] 13.42 0.49 0.56
T-NeRF [46] 15.60 0.55 0.55
SoM 5 HyperNeRF [34] 15.99 0.59 0.51
DynIBaR [22] 13.41 0.48 0.55
Gaussian Marbles [42] 16.03 0.54 0.58
SoM [46] 16.73 0.64 043
GP-4DGS (ours) 16.92 0.66 0.41
Challenging Gaussian Marbles [42] 14.05 0.40 0.61
subset [14] SoM [46] 14.56 0.46 0.53
GP-4DGS (ours) 15.02 0.46 0.51

5.1. Experimental Settings

We utilize DyCheck [8], a benchmark comprising handheld
monocular videos with rapid motion that presents challeng-
ing realistic scenarios for dynamic scene reconstruction.
To evaluate robustness under extreme viewpoint shifts, we
qualitatively assess our method on DAVIS [36], where cam-
era poses are estimated using Mega-SAM [24]. Our varia-
tional GP framework is implemented using GPyTorch [10].

5.2. Performance of Dynamic Novel View Synthesis

Results on DyCheck Following the evaluation protocol
of DyCheck [8], we assess novel view synthesis qual-
ity using masked versions of standard metrics—mPSNR,
mSSIM, and mLPIPS—to focus specifically on co-visible
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paper-windmill

spin

wheel

Ground Truth GM [42] SoM [46] GP-4DGS

Figure 3. Qualitative comparison of novel view synthesis on the
DyCheck dataset. GP-4DGS shows more accurate geometry com-
pared to baselines, particularly in regions with less observation.
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Figure 4. Qualitative comparison on the DAVIS dataset under ex-
treme viewpoint shifts from training view. Unlike the baseline, our
spatiotemporal GP prior effectively regularizes the scene by faith-
fully propagating motion constraints into poorly observed regions.

regions. Table | presents that GP-4DGS consistently sur-
passes all baselines, with the performance gap in mPSNR
and mLPIPS widening on the Challenging subset'. This
demonstrates that our GP-based optimization effectively
mitigates artifacts from sparse observations by propagating
spatiotemporal correlations from confident regions to unob-
served ones. Qualitative results in Figure 3 confirm these
gains; our method recovers sharper textures and more ac-
curate geometry compared to Gaussian Marbles [42] and
SoM [46], which often suffer from floater artifacts or geo-
metric blurring under rapid motion.

The challenging subset follows the evaluation protocol of [14], where
training and test viewpoint overlap is significantly reduced.
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Future motion

Last frame

Paper-windmill

Block

t=453 t=460 t=467
Figure 5. Motion extrapolation results from GP-4DGS. Our GP-
based approach naturally predicts future motion by querying the

model at timesteps beyond the training range.

t=446

Table 2. Future motion extrapolation performance in terms of
PSNR (1). We evaluate performance on the last 5 and 15 frames
excluded for training. GP-4DGS outperforms naive linear extrap-
olation, especially in periodic scenes where the temporal kernel
effectively captures cyclic structures.

Periodic motion Non-periodic motion

Method 5 frames 15 frames | 5 frames 15 frames
Linear extrapolation 11.55 8.11 15.02 11.92
GP-4DGS (ours) 17.62 16.65 15.27 13.22

Extreme novel view synthesis on DAVIS To assess ro-
bustness under extreme viewpoint shifts, we evaluate GP-
4DGS on DAVIS by rendering views significantly outside
the training distribution. As illustrated in Figure 4, our
method preserves geometry and sharp edges more faithfully
than the baseline [46], validating the reliability of GP-GS
optimization in maintaining structural integrity, even in re-
gions with sparse observations.

5.3. Probabilistic Interpretability of 4DGS

5.3.1. Future Motion Extrapolation

GP-4DGS enables motion extrapolation by querying the
model at future timesteps. To demonstrate its effectiveness,
we withhold the last 5 or 15 frames of each sequence during
training for evaluation. As shown in Table 2, our method
significantly outperforms naive linear extrapolation, partic-
ularly in periodic scenes, where the temporal kernel cap-
tures cyclic dynamics. Figure 5 further confirms that GP-
4DGS predicts physically plausible and temporally coher-
ent motion for these unobserved timesteps, demonstrating
its ability to learn underlying dynamics rather than merely
interpolating training frames.

5.3.2. Uncertainty Quantification

GP-4DGS enables principled uncertainty quantification
through its probabilistic formulation. To evaluate its reli-



Table 3. Uncertainty quantification results in terms of AUSE-MSE
({), measured as the area gap between the reconstruction error- and
predicted uncertainty-based sparsification curves. Top 20 and 40
denote the frames with the lowest MSEs. GP-4DGS achieves the
lowest AUSE across all settings.

AUSE-MSE [40] (x10~2) |

Method Top 20 frames ~ Top 40 frames  All frames
Random 9.76 9.30 10.98
UA-4DGS [19] 7.60 8.11 8.62

w/ GP w/o GP 7 w/ GP w/o GP
Figure 6. Trajectory comparison on the (left) paper-windmill and
(right) block scene. GP guidance effectively regularizes motion
trajectories, reducing noise and producing physically plausible
motion patterns, compared to the baseline approach.

Time (0-1) Time (0-1)

(a) Trajectory w/o GP (b) Trajectory from GP

Figure 7. Trajectory comparison on the spin scene between the
initial GS reconstruction and the GP guidance in the GP-GS op-
timization. These graphs correspond to the first dimension in 6D
rotation. The GP provides accurate and stable motion priors.

ability, we adopt the Area Under the Sparsification Error
(AUSE), which measures the alignment between estimated
uncertainty and actual reconstruction error. As shown in
Table 3, GP-4DGS consistently outperforms both Random
and UA-4DGS [19] baselines. Notably, the performance
gap becomes larger when evaluating AUSE on high-quality
frames (e.g., top 20 and 40 frames). This indicates that by
accounting for both spatial and temporal correlations, our
model effectively identifies subtle residual errors in well-
reconstructed regions, where baselines fail to produce well-
calibrated uncertainty.

5.4. Additional Analysis

GP guidance as a motion prior We present the regular-
izing effect of GP guidance on Gaussian trajectories in Fig-
ures 6 and 7. Without GP guidance, reconstructions suffer
from noise and fluctuations, especially in sparsely observed
regions. In contrast, GP-GS optimization leverages learned
correlation structures to propagate motion priors from con-
fident observations to uncertain regions. This process effec-
tively stabilizes the trajectories, ensuring temporal smooth-
ness and structural consistency throughout the sequence.

Inducing Points (20 random samples)
[\

(b) time axis in [0.1]

Y o
x o v

(a) Canonical space

Figure 8. Visualization of inducing points (paper-windmill). In-
ducing points (red) are well-distributed across the canonical space
and temporal axis to ensure comprehensive coverage of the scene.

Table 4. Comparison of inducing point initialization methods in
terms of ELBO (7). Our time-series-based selection achieves su-
perior convergence with higher ELBO than baselines.

Scene Random Init. Velocity KNN  Time-series (ours)
paper-windmill 0.85 1.12 1.28
apple 1.12 1.21 1.19
spin 0.92 1.15 1.35
teddy 1.45 1.52 1.68
block 1.08 1.31 1.48
space-out 0.78 1.18 1.52
wheel 1.35 1.68 1.80
Average 1.10 1.37 1.53

Inducing point coverage To show that the GP faithfully
captures scene deformation, we visualize the inducing point
distribution in Figure 8. The inducing points are well-
distributed in both the canonical space and temporal axis,
ensuring comprehensive coverage of motion dynamics over
the full sequence. Such an arrangement prevents the GP
from biasing toward specific clusters, enabling consistent
and stable global deformation.

Inducing point initialization We compare our time-
series feature-based selection with random and velocity-
based counterpart for inducing point initialization. To iso-
late the impact of initialization, we evaluate ELBO under a
single offline GP optimization without the full GP-GS loop.
As shown in Table 4, our method consistently achieves
higher ELBO, demonstrating superior convergence and rep-
resentation of motion dynamics. See Section A of the sup-
plementary document for detailed initialization strategies.

6. Conclusion

We proposed a novel probabilistic framework that integrates
variational Gaussian Processes into the 4D Gaussian Splat-
ting pipeline. By leveraging GP-based motion priors, our
method effectively capture complex spatiotemporal corre-
lations and propagates learned dynamics to uncertain re-
gions, resulting in physically plausible motion trajectories.
Furthermore, our approach provides principled uncertainty
quantification and enables reliable future motion predic-
tion. We believe our framework represents a significant step
toward integrating principled probabilistic modeling with
high-fidelity neural graphics.
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