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Abstract

In 3D reconstruction, the problem of inverse rendering,
namely recovering the illumination of the scene and the
material properties, is fundamental. Existing Gaussian
Splatting-based methods primarily target static scenes and
often assume simplified or moderate lighting to avoid entan-
gling shadows with surface appearance. This limits their
ability to accurately separate lighting effects from mate-
rial properties, particularly in real-world conditions. We
address this limitation by leveraging dynamic elements—
regions of the scene that undergo motion—as a supervisory
signal for inverse rendering. Motion reveals the same sur-
faces under varying lighting conditions, providing stronger
cues for disentangling material and illumination. This the-
sis is supported by our experimental results which show we
improve LPIPS by 23% for albedo estimation and by 15%
for scene relighting relative to next-best baseline. To this
end, we introduce LumiMotion, the first Gaussian-based
approach that leverages dynamics for inverse rendering and
operates in arbitrary dynamic scenes. Our method learns
a dynamic 2D Gaussian Splatting representation that em-
ploys a set of novel constraints which encourage the dy-
namic regions of the scene to deform, while keeping static
regions stable. As we demonstrate, this separation is crucial
for correct optimization of the albedo. Finally, we release
a new synthetic benchmark comprising five scenes under
four lighting conditions, each in both static and dynamic
variants, for the first time enabling systematic evaluation
of inverse rendering methods in dynamic environments and
challenging lighting. Link to project page in footnote'.

1. Introduction

Inverse rendering - the task of recovering geometry, ma-
terial properties, and illumination from a set of images of
a scene - is a fundamental challenge in computer vision
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Figure 1. Qualitative results for LumiMotion and IRGS [12] on
a real-world dataset. Note that thanks to modeling the scene dy-
namics LumiMotion can successfully remove shadows from the
albedo, leading to improved relighting. IRGS struggles to cor-
rectly remove shadows from the albedo, and the specular compo-
nent is not properly optimized. To allow for comparison of Lumi-
Motion and IRGS in absence of the latter’s specularity estimation
errors we show some of IRGS results with diffuse component only.

and graphics [1]. Although methods like Neural Radiance
Fields [32] and Gaussian Splatting [22] allow for accurately
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representing scene geometry, they represent the color of the
reconstructed scene as it was observed, including shadows
and other illumination-dependent effects. This conflation
of lighting and material means the scene cannot be ren-
dered under a different illumination (it cannot be relit). This
limits the applicability of those reconstructions in fields
such as gaming or film making, which require control over
illumination. Recent works have introduced physically-
motivated decomposition methods to address this limitation
[7, 10, 12], though, as shown in Fig. 1, such approaches
may struggle in real-world scenes with significant direct il-
lumination.

We hypothesize that the reason existing methods strug-
gle is that they operate on static scenes, where the content
is not moving. This lack of motion means that it is difficult
to discern between the intrinsic color of objects and the ob-
served color, which is a function of the incident light. For
example, when viewing images of static scenes, it may be
difficult to determine whether a certain part of the scene is
darker because a shadow is cast on it or because the ma-
terial itself is dark. Thus, we propose LumiMotion, the
first Gaussian-based method to perform inverse rendering
of arbitrary dynamic scenes. Based solely on a video se-
quence of a scene with dynamic elements, our approach
reconstructs the scene’s geometry, as well as its material
properties and illumination. The lighting conditions are as-
sumed to be static, not known a priori and are inferred as
part of the training. We leverage the scene dynamics to im-
prove the quality of the estimated illumination and albedo,
thereby enhancing the ability to render those scenes under
novel illumination conditions.

LumiMotion operates in two stages. In the first stage,
we jointly learn the static scene geometry and a neural
network that models the dynamics of the scene including
changes to shape and color of objects in the scene. The ge-
ometry is modeled with 2D Gaussian Splats [15] that repre-
sent the surfaces in the scene with a collection of flat disks.
A key benefit of this approach over 3D Gaussian Splatting
or Neural Radiance Fields is that the 2D Gaussians have
normal vectors associated with them and those are neces-
sary for our second stage. In the second stage we freeze
both the geometry and the neural network and proceed to
inverse rendering. At this point we move away from ren-
dering the Gaussian color directly and instead we compute
the color of each Gaussian as a function of its material and
the incident light that is computed via ray tracing. This al-
lows for jointly optimizing the material (described jointly
by albedo and roughness) and the illumination.

Once we have those parameters, we can relight the scene
with novel illumination or use the estimated illumination to
relight other scenes. We demonstrate those abilities quali-
tatively on real data and quantitatively on a new synthetic
dataset we created, where the ground truth illumination and

Table 1. Overview of the representative relightable methods
and datasets. Existing methods often target static scenes or focus
on human avatars, assume known lights or require unnatural light-
ing setup. In contrast, LumiMotion uniquely performs inverse
rendering of generic dynamic scenes under unknown natural light-
ing. We also show that none of the available datasets with known
GT lighting meet the requirements for the tackled setup, which we
address with our newly released dataset.

Reliohtabl

methods

Method Name Supports Object- Unknown Natural
Dynamics Agnostic Train Light ~ Train Light
GS* 2] v

R-3DGS [10], GI-GS [7], IR-GS [12]
TensorlR [19], NeRFactor [51]
Relightable Neural Actor [29]
Gaussian Codec Avatars [35] & [38]
IntrinsicAvatar [37]

Relightable [...] Neural Avatars [48]
LumiMotion

CRNN ™%X
R AN
RN XCU%
CRNXNNNX

Relightable datasets

Dataset Name Domain  Scene Type  Train Light  Static-Dynamic
Type Reference
OLAT [27] generic static OLAT X
TensolR [19] generic static natural X
Synthetic4Relight [52] generic static natural X
Stanford-ORB [23] generic static natural X
RANA [17] avatars dynamic natural X
Codec Avatar Studio [31] avatars both multi-light X
LumiMotion generic both natural 4

material are known. Please see Fig. | for a teaser of the

results.

Our contributions can be summarized as follows:

* First Gaussian-based approach for inverse rendering in
arbitrary dynamic scenes, achieving better separation of
material and illumination by leveraging scene dynamics
as a supervisory signal.

* A novel set of constraints on the deformation network that
allows for better separation of static and dynamic parts of
the scene and for improved modeling of scene geometry
in time.

* A new synthetic dataset allowing for comparing the per-
formance of inverse rendering approaches for static and
dynamic scenes.

2. Related Work

Novel View Synthesis. Novel view synthesis aims to gen-
erate images of a scene from novel viewpoints using a
limited set of input observations. Neural Radiance Fields
(NeRF) [32] marked a breakthrough in novel view synthe-
sis, offering high quality of view-dependent renderings. De-
spite their strengths, NeRFs suffer from slow training and
rendering. Several approaches were made to overcome this
limitation [5, 11, 33]. Recently, 3D Gaussian Splatting [22]
proposed representing scenes with a gaussian point cloud
rendered with a tile-based rasterizer, achieving state-of-the-
art results with lower computational cost. A series of sub-
sequent studies tackled a range of challenges, including ed-
itability [8, 36, 41], realistic modeling of conditioned ap-
pearance [21, 42], modeling of motion and scene dynam-
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ics [16, 28, 40, 44] or improved geometry reconstruction
[9, 13, 15]. Utilizing disc-like, flat Gaussian primitives in
2DGS [15] improved surface reconstruction quality while
well-defined ray-splat intersection provided a straightfor-
ward foundation for extending the method to various tasks.

Inverse Rendering. Inverse rendering seeks to decompose
a scene into its geometry, material properties, and lighting
effects based on input images. A key challenge lies in the
inherent ambiguity between observed photometric effects
and the true material and lighting parameters, often result-
ing in multiple plausible solutions to the rendering equation.
At the same time, modeling physical conditions is crucial
for relighting optimized scenes. To this end, several meth-
ods have incorporated spatially-varying BRDF parameters
into neural representations [3, 6, 43, 45, 49]. For example,
NERD leverages multiview supervision under varying illu-
mination and employs a path-traced differentiable renderer.
TensolR [19] utilizes TensorRF [5] tri-plane representation
for efficient computation of visibility and indirect lighting
by ray-tracing.

More recent methods explore inverse rendering using
Gaussian Splatting, aiming to optimize material properties
for each Gaussian. Some approaches focus solely on model-
ing reflective properties [ 18, 46, 47], while others utilize the
full rendering equation, which requires accurate visibility
estimation. In GS3 [2], occlusions are handled via shadow
splatting, allowing for fast relighting but limited to OLAT-
type training data. R3DG [10] employs ray tracing for vis-
ibility estimation and baking, computing shading individu-
ally per Gaussian. GI-GS [7], IRGS [12], and GS-IR [25]
adopt a deferred shading approach: they first rasterize maps
into a G-buffer, then apply the full rendering equation for
shading. Notably, IRGS [12] leverages 2DGS with a dif-
ferentiable ray tracer and addresses the computational over-
head via stratified relighting in each iteration. Note that all
of the above models focus on static scenes and thus do not
leverage information from the scene motion. Other meth-
ods [14, 24, 35, 38, 48, 53], although designed to handle
relightable dynamics, are constrained by human-pose priors
and typically require either known training light conditions
or access to large datasets with diverse lighting. In con-
trast to these approaches, our method learns lighting from a
scene without the need to observe it under multiple illumi-
nations and with no assumption on object category. Tab. 1
summarizes the differences between the discussed methods
and available datasets.

3. Method

LumiMotion operates in a two-stage setup. In the first
stage, we perform a 3D reconstruction of the scene. This
process combines creation of Gaussians with learning a de-
formation network that models the scene’s dynamics. In the
second stage, we take the geometry and deformation learned

in the first stage, which are now frozen, and jointly optimize
the illumination and material parameters of the scene. An
overview of our method is presented in Fig. 2.

3.1. Preliminaries

2D Gaussian Splatting (2DGS). 2DGS [15] is particularly
well-suited for view synthesis and relighting, thanks to its
ability to produce smooth and accurate surface normals.
2DGS represents a scene as a collection of flat 2D Gaus-
sians embedded in 3D space. Each Gaussian is defined by
a central point € R?, two tangential vectors t,,,t, € R?
which define the normal, and two scaling factors s,,, s, that
control the spread in the local tangent plane. A 2D Gaussian
is parameterized as follows:

G(u,v) = p + sty + Sytyv. (1)

For rendering, each disk is projected to screen space via
a homogeneous transformation. An explicit ray-splat inter-
section computes the local (u, v) coordinates for each pixel,
and the projected value is evaluated using a screen-space fil-
ter. Gaussians are alpha-composited front-to-back based on
depth ordering to accumulate color per pixel. For more im-
plementation details, we refer the reader to [15].
Rendering Equation. In Stage 2 of our pipeline, we relight
the reconstructed scene under a given illumination. In com-
puter graphics, the appearance of the surface is governed
by the classical rendering equation [20], which models the
interaction between the properties of light and material:

LO(Xa wo) = /Q fT'(wi7 Wo, X) (V(Wia X)Lenv(wi)

+ Lina(%,w;)) (w;-n) dw;,

2)

where L, (x,w,) denotes the outgoing radiance at point x in
direction w,, f(w;,w,,x) represents the bidirectional re-
flectance distribution function (BRDF), Ly (w;) is the in-
coming environment radiance from direction w;, n is the
surface normal at X, Lipq(X,w; ) is the indirect illumination
term, V' (w;,x) is the visibility of environment light from
the point x in the direction w;, and ) denotes the hemi-
sphere oriented around n. The BRDF describes the amount
of light reflected from direction w; towards w, for the mate-
rial at position x.

Most inverse rendering tasks aim to decompose and re-
construct scene components by estimating material prop-
erties (f,-) and environment illumination (Lgy,) from ob-
served images. Following the simplified Disney BRDF
model [4], we parametrize bidirectional reflectance distri-
bution function with albedo p and roughness cv. While those
values change throughout the scene and thus depend on the
position x we omit the position here for brevity. The final
BRDF which combines diffuse and specular terms is:

D(p; &) F (wo, h; p)G(w;, we, h; )
4(w; - n)(w, - 1)

; 3)

)=
frlwiyw)=2 +
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Figure 2. Method overview. In Stage 1, a dynamic representation of 2D Gaussians, tailored for the relighting task, is trained. The
canonical color from Stage 1 serves as a starting point for albedo and is further optimized in Stage 2, together with roughness and the
unknown environment map. In Stage 2, we rasterize the albedo, roughness and normal maps, then perform stratified sampling from the
environment map L.,y and apply ray tracing to compute per-pixel visibility V' and indirect light Linq. L1 Loss is computed between the

rendered pixels and the ground truth pixels.

where D, F', and GG denote the normal distribution function,
the Fresnel term, and the geometry term, respectively, and
h = %, for details see [7]. We further assume that
elements of the scene do not emit light.

3.2. Stage 1: Dynamic Geometry Learning for Re-
lighting

We base our method on 2D Gaussian Splatting (2DGS),
which provides accurate surface normals that are critical for
separating illumination from materials. To capture dynamic
scene changes over time, following classical dynamic scene
modeling approaches [40, 44], we use a multilayer percep-
tron (MLP) to predict Gaussian transformations.

Given a timestep ¢ € [0, 1] and the canonical Gaussian
position . = (z,v, z), the MLP predicts changes in posi-
tion Ap € R3, rotation Ar € R3, and color Ac € R3:

(Ap, Ar, Ac) = MLP(enc(t),enc(p),  (4)

where enc(-) denotes positional encoding [32]. The
timestep ¢ denotes a moment in time for the dynamic scene
being modeled. Note that we choose not to model changes
of opacity or scale of the Gaussians as this would allow the
MLP to make objects appear and disappear instead of mov-
ing them through space. This, in turn, would go against our
main goal, which is to recover illumination and materials
with the use of motion in the scene.

Static-dynamic fuzzy separation. To compute the actual
Gaussian position and rotation at time ¢, we could sim-
ply add the predicted deltas to the canonical values. How-
ever, we notice that accurately modeling element dynamics
is crucial for correct albedo estimation and can be flawed
in textureless areas. For example, moving shadows on a
flat surface can be explained either by color changes or
by moving/disappearing Gaussians, or a combination of
both. Importantly, a moving Gaussian representing a mov-
ing shadow cannot be assigned a stable albedo color in
Stage 2. Thus, we aim to separate static and dynamic com-
ponents explicitly in Stage 1.

To achieve such separation, we introduce an auxiliary
per-Gaussian variable P that indicates whether the Gaus-
sian belongs to the static or dynamic group. We sample P
using a Binary Concrete distribution [30], a continuous re-
laxation of a Bernoulli distribution that concentrates most
mass near 0 or 1. The relaxed variable P is defined as:

P = sigmoid <; (log(|P|) +log(U) — log(1 — U))) ,
U ~ Uniform(0, 1). Q)

where 7' is the temperature hyperparameter. We set 7' =
0.5, encouraging a near-binary separation. During infer-
ence, we fix U = 0.5 to deterministically obtain P.

The final Gaussian position g’ and rotation r’ at time ¢
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Figure 3. Qualitative comparison of novel view synthesis, relighting, components and estimated lighting. All renders are shown from
a novel viewpoint. Our method not only achieves stronger relighting capabilities and effectively removes shadows from albedo, but also
estimates lighting more accurately. The presented environment map (top shows the map truncated to [0, 1] while bottom shows it scaled so
that the maximum value is 1) captures the main light direction more accurately and relights new item more realistically than environment

maps estimated from static baselines. Please zoom in for details.

are then computed as:

@ =p+PAp, v =r+ PAr. (6)

This formulation along with the regularization on P ex-
plained below ensures that dynamic changes are applied se-
lectively, leading to more accurate modeling of scene ge-
ometry in time, which is essential for precise relighting and
material decomposition in the second stage.

Modeling Temporal Color Variation. Since we focus on
dynamic scenes under static lighting, we allow Gaussian
colors to vary over time. We observe that significant color
changes typically arise from two sources: (i) moving shad-
ows affecting both static and dynamic elements, and (ii)
changes in incident illumination on dynamic elements due
to motion. To model these effects, we define the color at
time ¢ as:

¢ =c(1-Ac), (7

where c is Gaussian canonical color. We use multiplicative
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change to mimic how light affects surfaces (see Eq. (2)),
while (1 — Ac) allows for applying regularization on exces-
sive color variation. Such formulation captures effects like
moving shadows and illumination changes on dynamic ele-
ments. The canonical color ¢ approximates a pseudo-albedo
that serves as the initial estimate for material decomposition
in Stage 2.
Training Loss. Following 2DGS [15], we apply the recon-
struction loss L., along with normal consistency loss L,,,
which aligns the rendered normal map with the underlying
surface geometry, and depth distortion loss £4, which en-
courages tight spatial concentration of the Gaussians.
To handle floating Gaussians, we apply a binary cross-
entropy loss L, with respect to the foreground mask M:
Lo=-MlogO — (1 - M)log(l —0), )
where O is per-pixel accumulated gaussian opacity. In ad-
dition to the above, we introduce losses specific to dynamic
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Figure 4. Qualitative evaluation of components for a dynamic scene for different timesteps. LumiMotion maintains consistent
normals across timesteps, accurately separates static elements, and produces temporally consistent relighting.

modeling.

Static-Dynamic Separation Loss £ p. To encourage Gaus-
sians to remain static whenever possible, we apply an L1
penalty on the dynamic assignment variable P:

1 N
= — E Pz ,

where P; is the predicted probability of Gaussian ¢ is dy-
namic, and N is the number of Gaussians. Minimizing £ p
directly encourages P; to be close to 0, favoring static rep-
resentations and reducing unnecessary dynamic modeling.
Color and Position Change Regularization. To addition-
ally discourage the model from predicting unnecessary po-
sition and color changes, we apply L2 regularization on
both the predicted color and position deltas, defined as

1 & 1
Lac= D I8l Lap=5 I1Am]? (10)

i=1 =1

penalizing excessive color variation and spatial movement
of Gaussians.

Overall Loss. The total loss for the first stage training is
then:

LY=L+ ML+ Nala+ MLy + ApLp

(11
+)\Ac£Ac + )\A[LEA,LL)

where Ay, A, Ao, AP, Aac, Aa, are weighting coefficients.
Please see supplementary materials for their weights.

3.3. Stage 2: Inverse Rendering

In the second stage, we perform inverse rendering to de-
compose the scene into material properties and environment
lighting. To model materials, each 2D Gaussian is assigned
a diffuse albedo p that is initialized with the canonical color
c from the first stage, and roughness «. These properties re-
main constant for each timestep ¢. In Stage 2, color changes
arise solely from the rendering equation, which determines

Training image  Albedo Normals Relight 1 Relight 2

bl

Timestep 1

A New light dir

Timestep 2

A New light dir

Figure 5. LumiMotion on real-world ENeRF scene. The sharp
shadow cast by the dynamic actor is largely removed from albedo.
Under novel lighting, the actor appears realistic, casting shadows
in appropriate locations.

light—surface interaction and thus the Ac output of the MLP
is not used. Environment lighting L., is modeled using an
image where each pixel corresponds to light intensity and
color from a direction w;. During Stage 2 we jointly opti-
mize p and « for each Gaussian as well as a single Ly, for
the whole scene. Further details about optimized parameter
set and gradient flow are available in supplementary.

When rendering the scene, similarly to [7, 12], we apply
the rendering equation after rasterization rather than per-
Gaussian. This approach allows shading effects such as
shadows to appear at each pixel, rather than being limited
to per-Gaussian granularity. To obtain per-pixel material
values we alpha-blend the albedo and roughness attributes
across Gaussians during rasterization.

The incident radiance L; at surface point x along di-
rection w; is represented by the sum V (w;, X) Leny (w;) +
Ling(w;, x), where the visibility term V(w;,x) € {0,1} is
obtained via 2D Gaussian ray tracing from x in direction
w;. A low value of V(w;,x) indicates that the light from
Leny(w;) is occluded before reaching point x. We com-
pute indirect term L;,q similarly to [12] where indirect light
values are traced: during training, RGB values used in ray
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Table 2. Quantitative results for albedo estimation and relighting. Static methods use only one timestep with multiple views of the
scene. LumiMotion uses a dynamic scene for training while testing is done on the same views and the same single timestep as in the
static setting. Results are grouped by train-test light setting. Although training on dynamic scenes is inherently more challenging,
LumiMotion significantly outperforms albedo estimation tasks on all metrics across all baselines. Notably, for both tasks, we achieve a

substantial improvement in LPIPS which is a metric that corresponds well to perceptual quality.

Albedo Relight
Env Lights Method
PSNR 1 SSIM 1 LPIPS | PSNR 1 SSIM 1 LPIPS |

Dam Wall R-3DGS 20.744 £ 0.661 0.900 £ 0.013 0.128 £0.031 21.220 £1.843 0.915+0.016 0.112+0.028
N GI-GS 20.943 +£1.747 0.906 £ 0.014 0.105 £0.023 18.434 £1.681 0.868 £0.023 0.139 + 0.032
Harbour Sunset IR-GS 22.888 £ 1.559 0.936 £0.013 0.076 £ 0.023 = 26.177 £ 1.606 0.953 £ 0.011 0.064 = 0.018
LumiMotion | 27.268 £ 1.568 0.952 = 0.007 0.069 &+ 0.024 26.037 &+ 0.579 0.928 £ 0.007 = 0.060 £ 0.012
Chapel Day R-3DGS 22463 £2.001 0.927 £0.017 0.096 £0.038 22.282 £2.806 0.943 £0.012 0.081 = 0.030
3 GI-GS 24733 £2.862 0.955 £0.014 0.056 £0.016 22.673 £1.513 0.880+0.015 0.125 +0.022
Golden Bay IR-GS 23.769 £2.732  0.956 £ 0.015 0.053 £0.017 28.157 £1.978  0.966 £ 0.009 0.046 + 0.020
LumiMotion | 30.838 £ 1.798 0.973 £ 0.007 0.036=£ 0.014 28.563 & 0.478 0.939 £+ 0.011 | 0.041 £ 0.007
Golden Bay R-3DGS 19.945 +£1.124  0.899+0.018 0.133 £0.041 19.563 +1.874 0918 £0.013 0.118 £+ 0.033
3 GI-GS 21.295 £2.930 0.932 £0.020 0.087 £0.025 17.636 £2.293 0.823 £0.029 0.132 +0.030
Dam Wall IR-GS 20910 £1.379 0.937 £0.013 0.082 £ 0.024 25.009 £ 1.615 = 0.955 £ 0.011 0.060 + 0.014
LumiMotion | 27.929 £ 1.932 0.959+ 0.010 0.058 £ 0.019 25.405 £ 0.690 0.936 £ 0.013 = 0.048 £ 0.009

tracing correspond to the colors ¢ from the first stage, while
for inference under novel lighting, we use colors evaluated
from the rendering equation. ~ We employ Monte Carlo
integration with uniform stratified sampling selecting N,
ray directions over the hemisphere to efficiently evaluate the
rendering equation. The final RGB output of the rendering
function can be written as:

N,
2 T

Coor(wo) = F”E Firlws, o, X) Li(wi, ) (wi -m)  (12)
=1

where L; denotes incident radiance. Following [12], we
also randomly sample N pixels per iteration to reduce com-
putation time.

Stage 2 combines three losses: (1) L. loss from Stage 1,
(2) L1 loss for Stage 2 renders against GT pixels, (3) L2
regularization with small weight A.,, that penalizes high
values in the lower region of L¢y,,. L. is computed be-
tween GT images and pure Gaussian splatting renders and
it constrains the fine-tuned Gaussian parameters, preventing
them from deviating excessively from their Stage 1 values.
L1 is the only loss used to supervise the Cpp;.

4. Experiments and Results

Datasets. To thoroughly evaluate our method under con-
trolled relighting and shadow-casting conditions, we intro-
duce a novel synthetic benchmark consisting of 20 varia-
tions: five distinct scenes, each rendered under four differ-
ent lighting environments (‘Harbour Sunset’, ‘Dam Wall’,
‘Golden Bay’, and ‘Chapel Day’). The scenes differ in ob-
ject types, motion patterns, and levels of surface specularity.
For every scene, both static and dynamic versions are pro-
vided to enable fair comparison across temporal settings.

For dynamic version we have D-NeRF [34]-like captures:
one view per one timestep. The static dataset captures a
single timestep from the same camera poses as the dynamic
version. This setup enables training both static and dynamic
models on comparable data, and allows direct evaluation us-
ing identical camera views and time steps. Test set consists
of novel views. Additional details about the dataset are pro-
vided in the Supplementary Material.

To qualitatively assess performance in real-world condi-
tions, we use two scenes from ENeRF dataset [26], an out-
door dataset which captures dynamic people casting promi-
nent shadows from 18 cameras. Its multi-view nature sup-
ports training and evaluation of static and dynamic models.

Experimental setup. For synthetic data, we evaluate key
aspects of our method: albedo estimation and relighting
quality. We report PSNR, SSIM [39], and LPIPS [50] as
evaluation metrics. For each scene in our dataset, we con-
duct experiments under three configurations, selecting one
light for training and another for testing. Detailed training
parameters and extended evaluation including videos are
provided in the Supplementary Material. All experiments
are conducted on an NVIDIA RTX 3090, with training for
both stages taking approximately 1.2 hours per synthetic
scene.

Results. Quantitative comparisons against state-of-the-
art methods are summarized in Tab. 2, demonstrating our
method’s strong performance across the evaluation metrics.
We achieve strong performance in albedo estimation, sur-
passing all baselines across all metrics by a large mar-
gin, which demonstrates the enhanced capability of our
method in removing light-related artifacts. For relighting,
our metrics surpass the baselines in most cases. With regard
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Start separation: 1,000 iter  Start separation: 10,000 iter
weight: 0.001 weight: 0.005 weight: 0.001 weight: 0.005

Full render

Figure 6. Influence of separation loss parameters. The dynamic
objects in the scene remain correctly classified as dynamic across
tested separation weights and initialization times. However, shad-
ows on static parts of the scene (e.g. ground) can be misclassified
as dynamic Gaussians (here mostly visible for start 10,000 iter).
Increasing the separation weight or starting the separation earlier
helps to reduce such misclassifications. Zoom in for details.

Training image Separation 1rained albedo, Trained albedo,
Timestep T Timestep T2

% } GT albedo
A
A »
% |

S——

Figure 7. Ablation study of static-dynamic separation. The
demonstrated scene is characterized with strong directional light
and strong shadows. Without the static-dynamic separation (top),
the Gaussians reconstruct a strong shadow that follows the object
motion, which degrades albedo optimization in the second stage.
When separation is enabled, the shadows are modeled by Ac in-
stead of Ap which enables correct albedo optimization. Please
zoom in for details.

to LPIPS—the metric that best corresponds to perceptual
quality—LumiMotion performs best in all cases, with an
average improvement of 15%. Relighting task is inherently
more difficult for dynamic scenes - it depends strongly on
properly estimated normals, which are more challenging to
obtain due to the added constraint of temporal consistency.
It is notable that our approach performs competitively on
the relighting task, highlighting its capability even under
the complexities of a dynamic setup. We present qualitative
results in Fig. 3 and highlight improvements in relighting fi-
delity, albedo consistency and environment map reconstruc-
tion. Please note that, thanks to dynamics, we can better es-
timate the direction of incoming light, and also prevent the
model from baking shadows in the base color. We provide
extended results in the Supplementary Material.

We evaluate our approach on two clips from the chal-

Table 3. Ablation study on Golden Bay — Dam Wall configura-
tion, characterized by strong directional train light. The additional
components improve albedo and relight reconstruction quality.

Albedo Relight
PSNR1t SSIM{1 LPIPS| PSNR?T SSIMt LPIPS|

w/o Stage 2 23.935 0.943 0.072 23.154 0.926 0.060
wlo Ac 23.983 0.937 0.083 23.142 0.926 0.061
wlo P 26.768 0.954 0.064 25.079 0.933 0.052
full model 27.929 0.959 0.058 25.405 0.936 0.048

Method

lenging real-world ENeRF dataset, where sharp shadows
are cast by moving actors. This setup enables us to as-
sess our method’s robustness in handling real-world lighting
variations and dynamic geometry. Since it is a multiview
setup, we can compare our method with IRGS which is the
most recent baseline. See Fig. | where, relative to IRGS, we
remove the majority of shadows from the albedo from the
first scene. Additionally, unlike IRGS our method does not
exhibit artifacts when rendering with specular component.
The second scene is presented in Fig. 5.

In Fig. 4, we demonstrate that our method produces co-
herent renderings across timesteps, with smooth normals,
consistent separation of dynamic elements, and shadows es-
timated in accordance with the moving geometry.

Finally, we perform an ablation study on key compo-
nents of our pipeline (Tab. 3). Fig. 6 illustrates the influence
of separation parameters, showing how varying the sepa-
ration weight and initialization affects the identification of
dynamic elements. We show that Gaussians that move to
simulate lighting effects, such as shadows, negatively im-
pact albedo optimization. Fig. 7 highlights the benefits of
our separation strategy in addressing this issue.

5. Conclusions and Limitations

We proposed a two-stage inverse rendering framework that
leverages dynamics as a supervisory signal to separate illu-
mination from material properties. We further introduced
a benchmark with scenes under various lighting and mo-
tion conditions, enabling systematic evaluation of our ap-
proach. LumiMotion achieves improved relighting perfor-
mance and more accurate material estimation compared to
static-only baselines, proving that incorporating dynamic
content is beneficial for these tasks. Limitations. We ob-
serve that accurate normal estimation and the quality of the
learned deformations are critical to performance. In our
framework, reconstruction quality remains limited, as tem-
porally consistent and physically accurate motion and nor-
mal estimation in complex dynamic scenes is still an open
challenge. Our simple separation strategy can generate arti-
facts when handling intricate dynamics, and more accurate
supervision, such as optical flow, may be crucial. Addition-
ally, the framework is sensitive to inaccurate camera pose
estimation, sparse camera setups or inaccurate initialization.
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