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Abstract
While 3D Gaussian Splatting (3DGS) has ex-
celled in dynamic scene reconstruction, it struggles
with multi-view object motion blur, where view-
dependent non-uniform blur violates fundamental
multi-view geometric constraints. Existing methods
fail to balance complex motion fitting with physical
consistency across different views. To address the
challenge, we propose TaylorMoDe-GS, the first
3DGS framework tailored for multi-view dynamic
object deblurring. Specifically, we shift the model-
ing paradigm from displacement fitting to velocity
driven modeling. This is achieved by analytically de-
riving instantaneous 3D velocities via Taylor series.
To map 3D physical motion onto the 2D image plane,
we propose a velocity splatting technique. Build-
ing upon this, we introduce a neural Peano remain-
der network to compensate for high frequency non-
linear dynamics, effectively resolving the conflict
between physical priors and fitting flexibility. Com-
bined with a learnable physical blur synthesis mech-
anism, our framework ensures rigorous spatiotem-
poral and view consistency. Extensive experimental
results validate that our method achieves notable
advancements in restoring high-fidelity dynamic
scenes and physically consistent motion fields, ef-
fectively addressing the challenges of multi-view
dynamic object deblurring. The code is released at
https://github.com/Chiffin-0816/TaylorMoDe-GS.

1 Introduction
Despite the success of 3DGS in dynamic reconstruction [Wu
et al., 2024], recovering multi-view dynamic scenes from
motion-blurred observations remains a significant bottleneck
[Kumar and Rajagopalan, 2025; Hu et al., 2025a]. Unlike
static deblurring which assumes global camera motion [Zhao
et al., 2024; Chen and Liu, 2024], dynamic blur arises from
the independent 3D trajectories of local objects integrated over
the exposure time [Lu et al., 2025]. Due to motion parallax,
these 3D motions project into anisotropic, view-dependent 2D
blur kernels across different camera poses [Li et al., 2022].

∗Corresponding author.

This lack of instantaneous consistency violates fundamental
multi-view geometric constraints [Matsuki et al., 2024; Keetha
et al., 2024], leading models to erroneously compensate for
local motion through geometric deformation, which results in
severe topological distortions and artifacts [Feng et al., 2025].

Existing blurred scene reconstruction models exhibit sig-
nificant inadequacies when addressing multi-view dynamic
object motion blur [Yin et al., 2025; Hu et al., 2025b]. First,
multi-view static deblurring methods generally assume that
blur stems from global camera motion such as camera jitter or
defocus [Zhao et al., 2024; Lee et al., 2024]. Their modeling
logic relies on global camera pose transformations and lacks
the perception of independent 3D trajectories for local objects
within the scene. When applied to dynamic scenes, these
methods fail to handle asymmetric local blur as the global ge-
ometric constraints are violated. Second, single-view dynamic
deblurring methods [Gao et al., 2021; Zhang et al., 2025;
Bui et al., 2025] attempt to fit motion trajectories through
temporal deformation fields. However, these are essentially
highly under-determined black-box fittings. Without explicit
cross space physical mapping, the learned blur kernels fail
to converge into a unified motion vector field in 3D space,
leading to severe ill-posed deformations during multi-view
optimization rather than recovering true physical motion laws.

Recent dynamic reconstruction advancements primarily fol-
low two paradigms: enhancing explicit representations like
4D-GS [Wu et al., 2024] and Deformable 3DGS [Yang et al.,
2024b], or employing scene decomposition as seen in Swift4D
[Wu et al., 2025] and DeGauss [Wang et al., 2025] to separate
dynamic and static components. While these excel in inter-
frame modeling, deblurring requires capturing microscopic
motion within the exposure. Current frameworks, such as
our baseline Learnable Infinite Taylor Gaussian [Hu et al.,
2025a], focus on “positional evolution” by using Taylor ex-
pansions to approximate Gaussian offsets. Nonetheless, such
displacement-fitting tends to neglect the underlying physical
constraints of intra-exposure motion.

In this work, we contend that modeling positional evolution
alone is insufficient for the deblurring task. Blur [Zhong et al.,
2023; Zhong et al., 2022] is the physical result of velocity inte-
grated over time; displacement is merely the cumulative effect
of this process. Therefore, we advocate for a paradigm shift
from “displacement fitting” to “instantaneous velocity deriva-
tive modeling”. As the first-order derivative of displacement,

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T

https://github.com/Chiffin-0816/TaylorMoDe-GS


velocity more fundamentally carries the laws of dynamics and
provides a physically meaningful integrand for blur kernel
synthesis [Tran et al., 2021]. Through this paradigm shift, we
naturally incorporate differential priors and ensure that multi-
view observations strictly converge to a unified 3D motion
vector field [Lin et al., 2024].

Based on the insights, we propose TaylorMoDe-GS, a frame-
work that deeply couples physical analytical modeling with
neural flexibility [Xie et al., 2024; Li et al., 2025]. First, we
derive the instantaneous velocity by analytically differentiat-
ing the Taylor motion model, ensuring strict alignment with
geometric positions. To bridge the representation gap between
3D physical motion and 2D pixel observations, we introduce
velocity splatting. This technique utilizes a customized dif-
ferentiable rasterization module to explicitly project and ac-
cumulate 3D velocities into a continuous 2D world velocity
map. To address truncation errors in finite-order Taylor ex-
pansions, we introduce the Peano remainder network. Taking
the splatted physical velocity map as a strong prior, this net-
work employs a residual learning strategy to capture high
frequency, non-linear velocity components. This hybrid “phys-
ical principle + neural residual” formulation overcomes the
accuracy bottlenecks of traditional Taylor modeling in com-
plex motions while avoiding the rigidity of partial differential
equation-based constraints [Chen et al., 2023].

Finally, we construct a learnable physical blur synthesis
mechanism to close the optimization loop. By establishing a
rigorous 2D-3D-2D mapping, back projecting pixels using hy-
brid depth priors, evolving trajectories via the learned velocity
field, and re-projecting into image space, we explicitly syn-
thesize physical blur kernels. This process naturally preserves
motion parallax, ensuring that multi-view blurry observations
provide strong constraints for a unified 3D motion field. Fur-
thermore, we implement a gradient decoupling strategy to
isolate static background gradients, ensuring the model fits ob-
servations by refining motion parameters rather than distorting
static geometry. Our contributions are summarized as follows:

• We propose TaylorMoDe-GS, the first 3DGS framework
tailored for multi-view dynamic object deblurring, en-
abling high-fidelity reconstruction from blurry video in-
puts.

• We propose Taylor-Driven velocity model, utilize taylor
series to explicitly model 3D velocity and introduce ve-
locity splatting to map spatial dynamics to the 2D plane,
coupled with peano remainder compensation to maintain
multi-view geometric consistency.

• We develop a learnable physical blur synthesis mecha-
nism, accurately decouples motion blur through explicit
physical projection, ensuring the structural stability of
the reconstructed 3D scene.

2 Related Work
Dynamic Scene Reconstruction. In recent years, 3D Gaus-
sian Splatting (3DGS) [Kerbl et al., 2023] has emerged as
a dominant paradigm for dynamic scene reconstruction due
to its explicit representation and exceptional rendering effi-
ciency. 4DGS [Wu et al., 2024] decouples spatiotemporal

features through 4D neural voxels, while Deformable 3DGS
[Yang et al., 2024b] proposes learning deformation fields in
canonical space to predict positional offsets. Furthermore, SC-
GS [Huang et al., 2024] and Spacetime Gaussians [Li et al.,
2024] respectively introduce structure-consistent constraints
and 4D temporal-spatial representations to improve dynamic
modeling. To enhance reconstruction quality in complex envi-
ronments, Swift4D [Wu et al., 2025] and DeGauss [Wang et
al., 2025] respectively introduce efficient dynamic-static de-
composition strategies, utilizing masking mechanisms to filter
out dynamic distractors. Furthermore, Infinite Taylor Gaus-
sian [Hu et al., 2025a] employs Taylor series to capture the
continuous evolution of scene attributes. Despite the superior
performance of these methods in sharp image reconstruction,
they generally assume ideal sharp observations and lack phys-
ical mechanisms to account for temporal integration effects.
When addressing multi-view motion blur [Xu et al., 2025],
existing methods struggle to balance complex motion fitting
with physical consistency, often erroneously compensating for
local motion by distorting geometry, which leads to severe
topological distortions.
Deblurring-based Scene Reconstruction. Existing deblur-
ring approaches exhibit significant inadequacies when address-
ing multi-view dynamic scenarios. On one hand, static meth-
ods like BAD-Gaussians [Zhao et al., 2024] and Deblur-GS
[Chen and Liu, 2024] rely on a global camera motion assump-
tion [Nah et al., 2017], failing to perceive independent 3D tra-
jectories of local objects. This leads to failure when handling
asymmetric local blur where global geometric constraints are
violated. On the other hand, monocular dynamic methods such
as BARD-GS [Lu et al., 2025] attempt to fit motion via defor-
mation fields, but suffer from the inherent under-determination
of monocular views and the “spectral bias” of Multi-Layer
Perceptron. Without explicit 3D-2D physical mapping, the
learned blur kernels often fail to converge to a unified 3D
motion field, causing severe ill-posed deformations during
multi-view optimization. In contrast, our TaylorMoDe-GS
bridges this gap through velocity-driven modeling.
Physics-Driven Modeling. To mitigate the limitations of
heuristic deformation, recent research has begun injecting
physical laws into Gaussian dynamics. For instance, Phys-
Gaussian [Xie et al., 2024] and FreeGave [Li et al., 2025]
enhance 4D reconstruction realism by introducing velocity
fields and newtonian constraints. Building upon these physics
aware representations, our work shifts the paradigm from sim-
ple displacement fitting to instantaneous velocity derivative
modeling. By utilizing explicit physical projection ,such as
velocity splatting, we bridge the gap between 3D motion dy-
namics and 2D blurry observations, ensuring that the recovered
motion fields and scene geometry remain strictly consistent
across multiple views.

3 Methodology
We propose TaylorMoDe-GS, a physics-aware dynamic de-
blurring framework based on 3D Gaussian Splatting, specif-
ically designed to recover sharp, high-fidelity scenes from
multi-view videos with motion blur. Distinct from traditional
implicit deformation fields or linear motion assumptions, we
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Figure 1: Overview of our TaylorMoDe-GS framework. Top: We model continuous 3D motion via Taylor expansion and introduce a
Peano Remainder Network (Fp) to compensate for high-order non-linear residuals, thereby obtaining the precise final velocity field Vfinal.
Bottom-Left: In the physical blur synthesis module, we construct Hybrid Geometric Priors by fusing monocular priors with rendered depth to
generate precise blur kernel trajectories, integrated with temporal weights predicted by Fw. Bottom-Right: The Gradient Decoupling Strategy
uses a mask to split rendering into static and dynamic branches. By blocking gradients in the static region, we prevent the motion blur synthesis
process from contaminating the static background color.

employ Taylor expansions to explicitly model the physical
blurring process. This approach bridges the gap between the
continuous motion of Gaussian primitives and the resulting
motion blur during exposure. In Sec. 3.1, we introduce the
foundational theory. Subsequently, Sec. 3.2 details our motion
model based on Taylor derivatives and the Peano remainder.
Sec. 3.3 describes the learnable physical blur synthesis mecha-
nism that simulates the exposure integration process. Finally,
in Sec. 3.4, we present our optimization strategies and loss
functions, incorporating a gradient decoupling strategy and
hybrid priors to solve the ambiguities between geometry and
motion.

3.1 Preliminaries

3D Gaussian Splatting (3DGS). 3DGS [Kerbl et al., 2023]
parameterizes a scene as a collection of 3D Gaussians G =
{G1, . . . , GN}. Each primitive is parameterized by its center
µi ∈ R3, covariance matrix Σi ∈ R3×3, opacity αi ∈ [0, 1],
and spherical harmonics (SH) coefficients ci. To render an
image, 3D Gaussians are projected onto the 2D image plane.
The pixel color C is then synthesized via differentiable α-
blending of N sorted primitives:

C =
∑
i∈N

ciαi

i−1∏
j=1

(1− αj), (1)

where N denotes the set of Gaussians overlapping the target
pixel.

Dynamic 3D Gaussians. We extend the static representa-
tion to the temporal domain by introducing a time variable
t. A dynamic Gaussian primitive G(t) is formulated as a
time-dependent tuple: G(t) = {µ(t),Σ(t), c(t), α(t)}. In
this work, we focus on explicitly parameterizing the position
trajectory µ(t) to model the continuous motion required for
blur synthesis during the exposure time τ .

Infinite Taylor Gaussian Model. Inspired by the Infinite
Taylor Gaussian (ITG) framework [Hu et al., 2025a], we pa-
rameterize the trajectory of the Gaussian position µ(t) via
a Taylor series expanded at a reference time t0, rather than
learning discrete parameters per timestamp. The trajectory is
defined as:

µ(t) =
n∑

k=0

f
(k)
p

k!
(t− t0)

k +Rn(t), (2)

where f
(k)
p ∈ R3 denotes the learnable k-th order Taylor

coefficient, which represents the k-th derivative of the posi-
tion function. Rn(t) represents the neural Peano remainder,
designed to compensate for nonlinearities that low-order poly-
nomials fail to capture. This formulation enables the analytical
velocity derivation in Sec. 3.2.
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3.2 Taylor-Driven Velocity Model
Taylor Series Velocity Model. Departing from traditional
methods that learn discrete displacement vectors, we model
the short-term trajectory of each Gaussian as a continuous
smooth function. By analytically differentiating the Taylor
expansion defined in Eq. (2), we obtain the instantaneous base
velocity Vbase(t) consistent with the positional change:

Vbase(t) =
d

dt
µ(t) =

n−1∑
k=0

f
(k+1)
p

k!
(t− t0)

k. (3)

This explicit derivation ensures that the velocity field aligns
strictly with the physical motion trajectory.
Velocity Splatting. To achieve precise blur synthesis based
on 3D motion, it is necessary to accurately accumulate the
motion of visible surfaces onto the image plane. Inspired by
the accumulation mechanism in depth rendering, we propose
a velocity splatting strategy based on the physical rendering
logic of 3DGS. We develop a customized differentiable ras-
terization module to explicitly project and accumulate the 3D
base velocity Vbase onto the image plane. Utilizing the same
α-blending mechanism used for color to account for percep-
tual visibility, we compute a dense rendered world velocity
map Vrender:

Vrender(u) =
∑
i∈N

TiαiVbase,i (4)

where u denotes pixel coordinates, αi is opacity, and Ti =∏i−1
j=1(1− αj) represents transmittance. This operation trans-

forms the discrete, unstructured 3D Gaussian representation
into a continuous 2D field Vrender, representing the pixel-wise
physical velocity.
Peano Remainder Compensation Network. Since the base
velocity Vbase derived from low order Taylor expansions suf-
fers from truncation errors, it often misses complex nonlinear
dynamics. To recover these residuals (mathematically cor-
responds to the Peano remainder), we introduce a Peano re-
mainder network. Using the rendered velocity Vrender as a
physical prior, we feed it along with a time embedding γ(t)
into a lightweight MLP to predict the velocity residual Rpeano:

Rpeano = Fp(Vrender, γ(t)) (5)

The final velocity is given by Vfinal = Vrender + Rpeano.
By modeling only the residual, the network compensates for
nonlinearities without needing to learn the entire motion field.

3.3 Learnable Physical Blur Synthesis Mechanism
To simulate the physical exposure process, we synthesize mo-
tion blur by integrating radiance over the exposure time τ .
This synthesis relies on three key components: incorporating
hybrid geometric priors, deriving the blur kernel trajectory,
and predicting adaptive weights via a blur weight network.
Hybrid Geometric Priors. Precise 3D localization is a pre-
requisite for accurate physical blur synthesis. However, re-
lying solely on the rendered depth Drender is unstable, par-
ticularly in early training. Depth errors result in incorrect
3D back-projection, distorting the blur kernel trajectory. To
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Figure 2: Physical formation of the blur kernel trajectory. The dis-
crete kernel locations {ui} are determined by re-projecting a 3D
motion path, estimated from depth prior Din and velocity vcam,
back onto the image plane.

mitigate this geometric instability, we utilize hybrid geomet-
ric priors [Chung et al., 2024]. We construct a stable depth
map Din by blending the rendered depth with a prior Dprior

derived from a pre-trained monocular estimator:

Din(u) = β ·Dprior(u) + (1− β) ·Drender(u) (6)

where β is a balancing coefficient. This hybrid depth Din

provides a robust geometric basis for trajectory estimation,
ensuring stability despite noise in the reconstructed geometry
[Guédon and Lepetit, 2024].

Blur Kernel Trajectory. We utilize the Track-Anything
Model (TAM) to generate a binary mask Mdyn isolating dy-
namic objects. The dynamic pixel set is defined as Ωdyn =
{u | Mdyn(u) = 1}. Each dynamic pixel u ∈ Ωdyn corre-
sponds to a 3D point traversing a motion trajectory during the
exposure time τ . We treat τ as a learnable variable rather than
a fixed hyperparameter, allowing the integration window to
adapt to scene dynamics.

To simulate shutter integration, we discretize the exposure
interval [−τ/2, τ/2] into N uniformly distributed timestamps.
Let i ∈ {0, . . . , N − 1} be the time index, the time offset ti is
defined as:

ti =

(
i

N − 1
− 1

2

)
· τ. (7)

As shown in Figure 2, we back-project pixel u into camera
space using the hybrid depth Din to obtain the initial position
Pcam:

Pcam = Din(u) ·K−1ũ, (8)

where K is the camera intrinsic matrix, and ũ denotes homo-
geneous coordinates. The velocity Vfinal is transformed into
the camera coordinate system via the rotation matrix Rview:

vcam = RviewVfinal. (9)

For each timestamp ti, projecting the instantaneous 3D posi-
tion onto the image plane yields the sample coordinate ui:

ui = Π(Pcam + vcam · ti), (10)

where Π(·) denotes the perspective projection function. Deriv-
ing the 2D trajectory from 3D geometry allows this formula-
tion to preserve motion parallax.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Blur Weight Network. While the trajectory defines the
sampling path, the contribution of each sample to the fi-
nal pixel color varies. This variation arises from two fac-
tors: (1) Motion Speed: Slower motion increases pixel dwell
time (higher weight), whereas faster motion reduces intensity
(lower weight). (2) Perspective Scale: Depth modulates pro-
jected motion, as distant objects show smaller apparent motion
than nearby objects, concentrating the blur intensity.

To capture these dynamics, we employ a lightweight MLP
that maps the velocity in camera space vcam(u) and hybrid
depth Din(u) to a temporal weight vector w(u) ∈ RN :

w(u) = Fw(Din(u),vcam(u)), s.t.
N−1∑
i=0

wi = 1, (11)

where Fw denotes the weight prediction network, and wi

represents the i-th element of w. The blurred color Ĉ(u) is
then synthesized by accumulating colors along the trajectory:

Ĉ(u) =
N−1∑
i=0

wi(u) · C(ui), (12)

where C denotes the rendered sharp image.

3.4 Optimization and Loss Functions
Our optimization strategy aims to decouple the ambiguity be-
tween geometry and motion by imposing separate constraints
on the static background and dynamic foreground.
Decomposed Hybrid Supervision. We enforce consistency
across both sharp and blurry domains to jointly optimize static
structure and motion dynamics. To restore sharp textures,
we construct a hybrid target Itarget by fusing the input back-
ground with the sharp foreground derived from a pre-trained
deblurring model:

Itarget = Mdyn ⊙ Ipseudo + (1−Mdyn)⊙ Iinput. (13)

We constrain the rendered sharp image C to match this target
using a combination of L1 and D-SSIM losses:

Lsharp = (1− λssim)∥C − Itarget∥1
+ λssim(1− SSIM(C, Itarget)).

(14)

For motion blur synthesis, we minimize the reconstruction
error constrained to the dynamic region:

Lblur = ∥Mdyn ⊙ (Ĉ − Iinput)∥1. (15)

To prevent the optimizer from distorting static geometry to
fit this loss, we implement a gradient decoupling strategy.
We explicitly detach the static background component during
blur synthesis, ensuring that the model fits the observation
by refining motion parameters rather than distorting the static
background.
Physical Regularization. We impose three constraints to
maintain physical consistency. First, to prevent geometric
collapse, we align the rendered depth Drender with the prior
Dprior by minimizing the L1 difference in the logarithmic
domain:

Ldepth = ∥ log(Drender + ϵ)− log(Dprior + ϵ)∥1, (16)

where ϵ is a small constant for numerical stability. Second, for
rigidly moving objects, we constrain the velocity field vcam

using the object center displacement vguide:

Lvel = ∥Mdyn ⊙ (vcam − vguide)∥1. (17)

Finally, to enforce temporal continuity, we regularize the
weight network by penalizing abrupt changes between ad-
jacent timestamps:

Lsmooth = ∥Mdyn ⊙ (wi − wi−1)∥22. (18)

Total Objective. The final objective function is a weighted
sum of the reconstruction and regularization terms:

Ltotal = Lsharp + λblurLblur

+λdepthLdepth + λvelLvel + λsmoothLsmooth.
(19)

4 Experiments
This section details the experimental evaluation of
TaylorMoDe-GS. We compare our method with exist-
ing approaches using both quantitative metrics and qualitative
visualizations. Additionally, we conduct ablation studies to
verify the effectiveness of our core components.

4.1 Experimental Settings
Training Details. Our framework is implemented in Py-
Torch, with all experiments conducted on a single NVIDIA
RTX A5000 GPU (24GB). Before training, we preprocess
the data to acquire necessary priors: (1) We use Depth-
Anything V2 [Yang et al., 2024a] to extract monocular
depth maps for geometric guidance; (2) We use NAFNet
[Chen et al., 2022] to generate pseudo-sharp images for hy-
brid supervision; (3) We use Track-Anything Model (TAM)
[Yang et al., 2023] to segment dynamic object masks Mdyn.
To ensure geometric consistency, we follow the standard
protocol using COLMAP [Schönberger and Frahm, 2016;
Schönberger et al., 2016] to reconstruct sparse point clouds
and camera poses.

For the introduced learnable modules, including the Peano
remainder network (Fp) and the blur weight network (Fw), we
use separate Adam optimizers with a learning rate of 1×10−4

and momentum parameters (0.9, 0.999). The learnable expo-
sure time τ is also jointly optimized. For hyperparameters,
we discretize the exposure integration into N = 7 times-
tamps and set the weight for the monocular depth prior to 0.3.
The loss weights are set to: λblur = 0.5, λsmooth = 0.01,
λdepth = 0.02, and λvel = 5× 10−5.

Datasets. We evaluate our method on the multi-view dy-
namic blur dataset provided by DynaMoDe-NeRF. This
dataset contains 4 synthetic scenes (Cube, Lychee, Monkey,
Sphere) rendered by Blender at 1024×768 resolution. Motion
blur is simulated by temporally integrating high-frame-rate
sharp videos. To ensure a unified experimental protocol across
different baselines, we utilize a subset of 50 frames for train-
ing and evaluation. For each synchronized time step, we hold
out one view as the test view and use the remaining views for
training.
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Figure 3: Qualitative comparisons on Monkey and Sphere. Swift4D and DeGauss fail with severe geometric distortion, while 4DGS and ITG
suffer from residual ghosting on dynamic objects. In contrast, our method recovers sharp fine-grained details, such as facial geometry and
surface textures.

Baselines. Since TaylorMoDe-GS pioneers 3DGS-based
multi-view deblurring, we compare it against state-of-the-art
dynamic reconstruction methods, including 4DGS and Infi-
nite Taylor Gaussian (ITG). Additionally, we include Swift4D
and DeGauss to evaluate performance against recent static-
dynamic decomposition approaches.

Metrics. We use PSNR [Keleş et al., 2021], SSIM [Wang
et al., 2004], and LPIPS [Zhang et al., 2018] with AlexNet
features to evaluate reconstruction and deblurring performance.
Since motion blur primarily affects dynamic regions, we also
report metrics computed within the dynamic mask Ωdyn to
assess the recovery of moving objects.

4.2 Results and Comparisons
Quantitative Evaluation. Table 1 presents the quantitative
results across four scenes. Swift4D and DeGauss fail to re-
construct blurred inputs, yielding notably lower scores across
all metrics. While 4DGS and ITG achieve reasonable qual-
ity by fitting temporal deformations, they remain limited by
motion blur ambiguity. In contrast, TaylorMoDe-GS outper-
forms all baselines. In terms of average performance, our
method improves Dynamic PSNR by 1.9 dB compared to the
ITG baseline. Furthermore, our method achieves the lowest
LPIPS scores across all scenes and regions. This reduction in
perceptual error confirms that our physical modeling restores

Figure 4: Visual ablation comparison of the physical motion model
components. We compare the full model against settings without
Taylor expansion and without the Peano remainder.

superior perceptual quality globally, especially in dynamic
regions.

Qualitative Evaluation. Figure 3 compares the reconstruc-
tion results on the Monkey and Sphere scenes. Swift4D and
DeGauss fail to model rapid motion, causing severe distortion
across both background and foreground regions. While 4DGS
and ITG maintain background stability, they produce visible
residual blur and ghosting artifacts on moving objects. In
contrast, TaylorMoDe-GS recovers sharp geometric details.
As shown in the zoomed-in regions, our method restores fine
structures, such as the facial geometry of the monkey and the
surface texture of the sphere, which are lost in the baselines.
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Method
Monkey Sphere

Overall Dynamic Overall Dynamic

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
Swift4D[Wu et al., 2025] 14.81 0.541 0.495 15.40 0.624 0.433 20.09 0.424 0.256 16.60 0.513 0.399
DeGauss[Wang et al., 2025] 14.93 0.614 0.362 18.73 0.644 0.388 19.56 0.479 0.363 16.03 0.569 0.420
4DGS[Wu et al., 2024] 39.40 0.977 0.028 30.15 0.868 0.210 28.75 0.841 0.135 21.48 0.653 0.285
ITG[Hu et al., 2025a] 38.43 0.974 0.031 29.73 0.858 0.221 29.13 0.925 0.080 19.92 0.620 0.233

TaylorMoDe-GS (Ours) 40.88 0.982 0.016 33.79 0.928 0.088 31.76 0.940 0.052 22.57 0.666 0.112

Method
Cube Lychee

Overall Dynamic Overall Dynamic

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
Swift4D[Wu et al., 2025] 14.23 0.310 0.516 14.62 0.571 0.405 22.54 0.721 0.249 14.99 0.599 0.439
DeGauss[Wang et al., 2025] 14.22 0.352 0.531 16.31 0.589 0.476 21.22 0.715 0.311 14.13 0.575 0.414
4DGS[Wu et al., 2024] 30.75 0.888 0.127 32.57 0.932 0.083 35.15 0.951 0.059 26.22 0.824 0.247
ITG[Hu et al., 2025a] 31.66 0.927 0.044 30.88 0.905 0.088 35.08 0.947 0.057 26.51 0.841 0.225

TaylorMoDe-GS (Ours) 32.63 0.943 0.032 31.65 0.920 0.027 35.08 0.948 0.050 26.63 0.848 0.159

Table 1: Quantitative comparison on the DynaMode-NeRF dataset. The best and second best results are bold and underlined, respectively.

Method
Overall Dynamic

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
w/o Taylor Expansion 34.25 0.939 0.058 28.45 0.823 0.131
w/o Peano Remainder 34.14 0.948 0.047 27.85 0.838 0.185
w/o Gradient Decoupling 32.84 0.937 0.057 28.25 0.840 0.100
w/o Re-blurring Loss 31.97 0.916 0.088 26.97 0.828 0.153
w/o Hybrid Pseudo-GT 34.07 0.947 0.049 27.80 0.838 0.183
w/o Blur Weight Network 33.20 0.943 0.053 27.52 0.824 0.152

Ours Full 35.09 0.953 0.038 28.66 0.841 0.096

Table 2: Ablation study on core modeling components evaluated on
the DynaMode-NeRF dataset. The best and second best results are
bold and underlined, respectively.

4.3 Ablation Studies
We conduct ablation studies to evaluate the contribution of
individual modules. The analysis is organized into two parts:
core physical designs and auxiliary regularization terms.

Effectiveness of Physical Motion Model. We evaluate the
physical motion model consisting of the Taylor expansion and
the Peano remainder. Fig. 4 illustrates the necessity of these
components. w/o Taylor Expansion replaces physics-based
derivative modeling with direct velocity prediction using an
MLP, which results in physically inconsistent motion estimates
and introduces geometric distortions and rendering artifacts.
w/o Peano Remainder limits the model to Taylor terms, which
cannot capture high-order residuals or truncation errors, leav-
ing residual blur and ghosting. Quantitative results in Table 2
indicate that black-box prediction and simplified Taylor mod-
eling do not fully recover complex dynamic trajectories.

Analysis of Other Core Designs. Table 2 evaluates other
core designs. w/o Gradient Decoupling allows dynamic er-
ror gradients to affect static parameter optimization, which
causes background geometry to distort to fit dynamic residuals.
w/o Re-blurring Loss removes the explicit physical constraint
on the blur formation process and decreases reconstruction
consistency. w/o Hybrid Pseudo-GT eliminates sharp image
guidance, preventing the model from converging to a sharp
state in dynamic regions. w/o adaptive weights replaces the
learnable weighting network with uniform weights, ignoring

Method
Overall Dynamic

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
w/o Smoothness Reg. 33.59 0.946 0.047 28.43 0.838 0.102
w/o Velocity Reg. 32.88 0.939 0.057 28.28 0.833 0.143
w/o All Regs. 33.78 0.946 0.045 27.58 0.824 0.115

Ours Full 35.09 0.953 0.038 28.66 0.841 0.096

Table 3: Ablation study on regularization terms evaluated on the
DynaMode-NeRF dataset. The best and second best results are bold
and underlined, respectively.

photometric contribution variations from parallax and motion
divergence and leading to integration bias.

Analysis of Regularization Terms. Table 3 assesses the im-
pact of auxiliary regularization. Specifically, the rigid velocity
constraint narrows the solution space, aligning 3D motion
fields with blur trajectories. Temporal smoothness enforces
trajectory continuity across frames. The performance drop ob-
served upon removing these terms underscores their necessity
for stabilizing the joint optimization process.

5 Conclusions
This paper presents TaylorMoDe-GS, the first 3DGS-based
framework for multi-view dynamic object deblurring. By tran-
sitioning from displacement fitting to instantaneous velocity-
derivative modeling, we overcome the physical limitations of
existing models in handling intra-exposure integration effects.
Our Taylor derived velocity field, coupled with neural peano
remainder compensation, successfully balances rigid physical
priors with high-frequency non-linear dynamics. Furthermore,
the proposed velocity splatting and 2D-3D-2D physical map-
ping ensure rigorous cross-view geometric and motion consis-
tency. Our velocity-driven method outperforms displacement-
based approaches by analytically modeling physical motion
from multiple blurred viewpoints. This multi-view motion
representation effectively resolves the inherent ambiguity in
motion-blurred observations, allowing reconstruction of sharp
dynamic scenes and consistent 3D motion fields from blurry
multi-view inputs.
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