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All figures and tables in the supplementary are labeled
with prefix S. The supplementary material is structured as
follows:

OCD-Net Architecture

BAFE-Net Architecture

Datasets

Additional comparisons with competing methods
Qualitative Ablations

Societal Impact

Discussion on Loss functions and B; and By
Optimization time

Clarification on Human Subjects

Additional Comparisons with GS4D

This supplementary material is also accompanied by a
“mp4’ video file.
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S1. OCD-Net

The Occlusion-Disocclusion Network (OCD-Net) takes the
features from the motion field, f(u!), as input to estimate
the occlusion-disocclusion scale factors, a;(t) for each of
the (k +1)? spherical harmonics coefficients, which is mul-
tiplied with the SH coefficients of ¢ to yield I} (Eq. 3 in
main paper), which depends on both time-and-view. OCD-
Net comprises two Multi-Layer Perceptrons (MLPs), with
ReLU activation applied at the output layer. In our exper-
iments, we set k = 3. The block diagram of OCD-Net
is illustrated in Fig. S1. The intuition behind this design
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Figure S1. Block diagram of OCD-Net.

choice is that the input feature encodes spatiotemporal cues
where the first MLP + ELU effectively extracts features cor-
responding to G* | thereby acting as F;. The second MLP
+ ReLU then serves as F» by transforming the G, features
(output from the first MLP) into a;(t). Hence, OCD-Net

implicitly models the composition of F; and F». The two

functions are not redundant but rather contribute comple-
mentary information to the final mapping.

S2. BAFE-Net

The rasterized 2D features, Bland 32, inherently lack con-
textual information about the surrounding contents of the
scene. To address this, BAFE-Net, a Convolutional Neu-
ral Network (CNN), adjusts these features by incorporating
local neighborhood information. BAFE-Net enhances the
BAF features by making them aware of their spatial neigh-
borhood. The architecture of BAFE-Net is illustrated in Fig.
S2. The outputs By and By are constrained to the range
[1,10] to restrict the solution space in the well-lit domain.

S3. Datasets
S3.2 Low-Light Simulated Synthetic Data

We synthesize low-light videos using the method proposed
in [12]. For this purpose, we utilize commonly used well-
lit and high-visibility dynamic videos, including those from
the iPhone dataset [3] and HyperNeRF [4], which are
widely adopted in the NeRF and Gaussian Splatting (GS)
domains. Only videos that appear realistic after the low-
light transformation are selected for inclusion. Fig. S3 il-
lustrates characteristics of the synthetic data.

S3.1 Proposed L?DyV Real Dataset

The L2 DyV dataset (which we shall release) encompasses
a wide range of complexities in low-light scenes, captured
from diverse and unconstrained camera poses. It features
significant variability in visibility and extremely low illu-
mination levels. Key characteristics of each scene are illus-
trated in Table S1. Overall, the L2DyV dataset exhibits the
following features:
1. Videos with diverse camera motion and object motion.
2. Scenes with multiple levels of visibility; some regions
are well-lit and clearly visible, while other regions
within the same scene may have significantly lower vis-
ibility.
3. Presence of both single and multiple dynamic objects,
spanning different object classes and scales.
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Figure S2. Block diagram of BAFE-Net.
Handwavy [3] Handwavy histogram Cookie [4] Cookie histogram
Mochi [3] Mochi histogram Apple [3] Apple histogram

Creeper [3] Creeper histogram

Keyboard [4]

Sriracha [3]

Sriracha histogram

Figure S3. This figure shows a synthetic frame for each video and the RGB histogram averaged across all frames for each video. The
majority of the pixel intensity values are below 0.1, demonstrating extremely low-light conditions and hence low visibility and loss of
details such as color, geometry.
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Inclusion of both rigid and deformable dynamic objects.
Dynamic object motion varies not only across scenes but

also within each scene.

Cases of occlusion and disocclusion involving dynamic

objects.
Presence of dynamic shadows within the scenes.
Scenes that include transparent objects.

Scenes that include time-varying intensity in static part

of the scene due to light source motion.

Videos of varying lengths, ranging from 100 to 300

frames.




S.No

Video Name

Sample Image

RGB Histogram

Camera Poses

Salient Features

Skating

b st i i

* Multiple dynamic objects

* Static as well as dynamic
shadows

Visibility transition of a
dynamic object

Outdoor

300 frames

Deer

b s i e

Visibility variations

Multiple deformable dy-
namic objects

Dynamic and static shad-
ows

Outdoor
270 frames

File

——

Significant outdoor visi-
bility/brightness

Reflective surface

Color distortions

Indoor
249 frames

Cat

e s e e

e Self
sion—disocclusion

occlu-

Static shadows
Outdoor
150 frames

Multicar
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Multiple dynamic objects

Multiple dynamic light
sources

Time-dependent bright-
ness in static regions
Outdoor

300 frames

Deer-2

e s e e

Uneven visibility

Multiple dynamic objects

Shadows in low-light
Outdoor
300 frames

Cat-2

Uneven visibility

Small dynamic objects

Multiclass dynamic ob-
jects (cat and car)
Outdoor

272 frames




S.No

Video Name

Sample Image

RGB Histogram

Camera Poses

Salient Features

Car

b b i e

/

* Temporally varying
brightness in static re-
gions

Dynamic light source
* Rigid dynamic object
* Outdoor

* 260 frames

Whiteboard

T e

* Transparent objects

* Distant light source re-
flections

* Low visibility
¢ Indoor
e 290 frames

Activity

b st N

AT

——

* Low visibility

* Complex camera trajec-
tory

* Indoor

» 298 frames

11

Kids

e s e e

* Multiple dynamic objects
* Multiple actions
* Outdoor

¢ 100 frames

12

Bus

e s e e

s

* Dynamic transparent ob-
ject

* Dynamic scale

variation

object

Occlusion-disocclusion
of dynamic and static
regions

* Shadows

* Outdoor

* 200 frames

Table S1. Proposed L? DyV Dataset: This dataset presents significant challenges across a wide range of challenging scenarios for dynamic
scene reconstruction and illumination enhancement. Camera poses are estimated using COLMAP [6, 7]. The RGB histogram represents
the distribution of pixel intensities across all frames in a video for a given scene. Histogram channels: red (R), green (G), blue (B).



S4. Qualitative comparisons with competing
methods

S4.1 L2 DyV Dataset

Figures S7 through S13 contain comparisons on real-world
data from L?DyV dataset. Each figure consists of four
rows: the top two rows show the well-lit rendered outputs
from a test view using different methods, while the bot-
tom two rows present the corresponding depth maps. In the
depth maps, blue represents closer regions (smaller depth
values), and red represents farther regions (larger depth val-
ues). The leftmost image in each figure is the correspond-
ing low-light test view, which was not seen during train-
ing. Note that we have included an additional method,
LushNeRF [5], for comparison. The reason we excluded
it from the main paper is that it relies on [12] for low-light
to well-lit transformation, unlike other baselines that con-
tain their own enhancement modules. Across all these com-
plex scenes, our method is the only one that successfully
reconstructs the scene while preserving motion, geometry,
and photometric consistency. Unlike other approaches, our
method L?DGS avoids saturation in well-lit areas and ef-
fectively handles the challenges posed by low-light dynamic
environments. These include occlusion and disocclusion of
both dynamic and static objects, temporally varying illu-
mination due to moving light sources, and the presence of
reflections. Competing methods mainly focus on increas-
ing the scene brightness without considering the underlying
scene dynamics.

S4.2 Low-light simulated dataset

Figures S14 through S19 contain comparisons on the syn-
thetic data. Synthetic data has extremely low visibility and
detail loss, as is evident from Fig. S3. Each figure con-
sists of four rows: the top two rows show the well-lit ren-
dered outputs from a test view using different methods,
while the bottom two rows present the corresponding depth
maps. In the depth maps, blue represents closer regions
(smaller depth values), and red represents farther regions
(larger depth values). The ground truth for the depth map
is left blank as the ground truth of the depth map is not
available. Note that we do not compare with GSDK [10]
due to its dependence on camera metadata. The first im-
age in each figure is the corresponding low-light test view,
which was not seen during training. Across all these com-
plex scenes, our method is the only one that consistently
reconstructs the scene while preserving motion, geometry,
and photometric consistency. While other approaches may
enhance brightness better than L2DG.S, they often fail to
accurately recover scene geometry. In contrast, L>DGS en-
hances brightness in a manner that is consistently aware of
geometry, motion, and photometric integrity across diverse
scenes.

S5. Qualitative Ablations

In Fig. S4, we present qualitative results for different com-
binations of loss functions. The SSIM loss (the second term
in Lphoto, as defined in Eq. 10 of the main paper) helps pre-
serve the local structure of the scene; its absence results in
noticeably blurry outputs. Both L., and £ contribute to
enhancing overall scene visibility. Although £p also im-
proves visibility, it fails to reconstruct the fine details, as
highlighted in the green bounding box (BB). The loss term
Lp is responsible for transforming the well-lit domain to
the low-light domain. When omitted, the model struggles to
preserve sharp edges, as is evident in the blue BB. BAFE-
Net, a Convolutional Neural Network (CNN), leverages the
inherent ability of CNNs to exploit local neighborhood in-
formation of 31 and 32, ultimately estimating B; and Bo,
which capture the local structural cues of the well-lit scene.
Our final loss £ which combines the effects of multiple reg-
ularizers produces best results that are well-lit, have im-
proved visibility, and preserve both edge sharpness (blue
BB) and fine details (green BB). It is also worth noting that
maximizing R,, does not significantly affect reconstruction
quality.

S6. Societal Impact

L?DGS involves improving the visibility and quality of vi-

sual content captured in low-light environments, as well as

synthesizing novel views. Just like any other advancement
in the field, our method has both positive as well as negative
societal impact. Some of the positive social impacts include

1. Improved scene/activity analysis: A better visibility en-
sures that the scene content and dynamics can be better
analyzed, and depending on the application, the perfor-
mance of the particular subject can be measured (for ex-
ample, our skating scene, where the person’s pose can be
analyzed).

2. Photography and videography (entertainment purpose):
Photos and videos can be captured even in low-light en-
vironments and subsequently enhanced, or novel views
and time instances can be synthesized for entertainment
purposes.

3. Wildlife analysis: Analyzing animal behavior and inter-
actions in low-light captured data, enhancing it to a well-
lit version, and enabling novel spatio-temporal video
synthesis can greatly support and improve the study of
animal behavior and interactions.

Possible negative social impact include:

1. Manipulation of media: Enhanced visuals can be altered
to create misleading narratives or fake videos.

2. Privacy concerns: Enhanced video footage could be mis-
used for surveillance purposes, potentially leading to
over-monitoring of citizens and infringement on privacy
rights.



Cookie Sriracha

Method Dynamic Static Overall Dynamic Static Overall

PSNRtT SSIMT LPIPS| PSNRT SSIMt LPIPS| PSNRT SSIMtT LPIPS| PSNRT SSIMt LPIPS| PSNRT SSIMT LPIPS| PSNRT SSIMtT LPIPS|
AlethNeRF [1] 13.03 0.36 0.09 13.89 0.54 0.43 13.71 0.51 0.52 14.23 0.30 0.08 12.60 0.58 0.39 12.80 0.53 0.47
LLNeRF [8] 11.40 0.47 0.05 11.92 0.50 0.23 11.82 0.50 0.28 14.08 0.30 0.05 13.51 0.53 0.27 13.59 0.49 0.32
LushNeRF [5] 5.86 0.12 0.10 7.44 0.25 0.44 7.11 0.22 0.53 12.17 0.20 0.05 11.36 0.56 0.24 11.40 0.50 0.28
Luminance-GS [2]  11.94 0.42 0.05 13.23 0.43 0.24 12.95 0.43 0.29 11.56 0.17 0.04 14.06 0.65 0.20 13.52 0.57 0.24
LITA-GS [11] 12.01 0.62 0.03 13.11 0.45 0.27 13.24 0.55 0.25 11.14 041 0.04 10.97 0.74 0.16 11.29 0.71 0.21
L?’DGS 18.81 0.78 0.04 18.52 0.79 0.17 18.57 0.79 0.20 18.14 0.63 0.03 11.93 0.77 0.13 12.49 0.75 0.15

Keyboard

Method Dynamic Static Overall

PSNRT SSIMT LPIPS| PSNRT SSIMt LPIPS| PSNRT SSIMT LPIPS]
AlethNeRF [1] 6.18 0.03 0.12 6.60 0.07 0.48 6.51 0.06 0.59
LLNeRF [8] 16.45 0.56 0.05 15.74 0.62 0.21 15.87 0.61 0.26
LushNeRF [5] 6.52 0.10 0.10 8.59 0.28 0.41 8.09 0.24 0.52
Luminance-GS [2]  15.54 0.53 0.05 13.60 0.44 0.20 13.92 0.45 0.25
LITA-GS [11] 14.48 0.55 0.05 12.83 0.55 0.20 13.67 0.55 0.19
L*DGS 16.68 0.76 0.04 16.40 0.78 0.15 16.44 0.77 0.19

Table S2. Additional comparisons across synthetic simulated low-light scenes. L2DGS consistently outperforms all competing methods

by a significant margin in dynamic regions.

Without SSIM Without L¢zp Without £, Without £ p

With £

Without £ 5 No BAFE-Net Maximize R.,

Figure S4. Qualitative ablation study of individual loss components. Each component contributes to the visual quality of the synthesized
view. The final loss £ enhances structural sharpness and preserves lighting and details.

S7. Discussion on Loss functions and B; and
B

Our self-supervised approach relies on careful selection and
design of the loss functions to constrain the solution space.
The loss in Eq. 10 is responsible for ensuring consistency
of the rendered low-light image with the input low-light im-
age for the same view and time. Eq. 12 imposes depth
smoothness, except at locations with high image gradients.
Eq. 11 encourages a moderate value for the average of R,,
within a local neighborhood while Eq. 13 encourages L.,
to be high (close to 1) so as to produce an overall well-lit
image. Both illumination (L,,) and reflectance (R,,) pos-
sess well-defined physical interpretations (Retinex theory).
The values that R,, and L,, take must be such that their
product, after being transformed to low-light, respects the
consistency condition imposed by Eq. 10. In our frame-
work, we introduce B; and B (the outputs of BAFE-Net)
to systematically facilitate the transformation from well-lit
to low-light domain. We design the loss in Eq. 14 such that
the variation in B; is encouraged to follow the variation in
R,,, and similarly, the variation in B» is guided to follow
that of L,,. This introduces a desirable mutual dependency
wherein B; is aligned with reflectance and Bs with illu-
mination to produce a geometry and photometry-aware do-
main transformation (Eq. 9). This intended behavior is vi-

sually confirmed in Fig. 2, where the estimated components
B; and B, indeed align with the expected structural and
photometric variations. In Row 3 of Fig. 3, the background
is partially occluded by the tree. Notably, our method not
only enhances visibility in this challenging region but also
preserves the shadows of the tree.

It should also be noted that, in the Gaussian splatting
framework, each Gaussian is parameterized by its mean, ro-
tation, scale, opacity, and spherical harmonics coefficients.
Since the ground-truth values for these parameters are sel-
dom known, these attributes are learned jointly, so that the
rendered images during training closely match the input
views, and enable novel-view synthesis. For the synthetic
dataset, we have also given objective metrics such as PSNR,
SSIM and LPIPS values for the reconstructed views. In Fig.
2 of the main paper, we have shown an example to illustrate
that the estimated B; and Bs are indeed meaningful and ex-
hibit alignment with the expected structural and photomet-
ric patterns. In our work, the proposed loss functions syn-
ergistically come together to solve for the unknowns. The
results (main Table 1, supple Table S3, supple video times-
tamp 3:19-4:30, supple Figs. S4-S16) amply demonstrate
how our method outperforms all existing methods in recon-
structing dynamic well-lit views from low-light inputs.



Figure S5. Visualization of intermediate outputs: We visualize L., (v, t), R, B1, and B2 maps (from left to right) for 3 scenes (in each
row). Bi and Bs follows the contraints mentioned in Eq. 14, which allows By and B to follow gradients similar to R, and L., (v, t),

respectively.

S8. Optimization Time

Table S3 compares the per-scene average optimization time
(on NVIDIA RTX 3090 GPU) of different methods on our
L?2DyV dataset.

Method Training Time (hours)
LLNeRF [8] 7
AlethNeRF [1] 11.5
LuShNeRF [5] 9.5

GS-DK [10] 1.2
Luminance GS [2] 1.2

LITA-GS [11] 2.25

L?2DGS 1.5

Table S3. NeRF-based methods [1, 5, 8] rely on implicit scene
representations and require volumetric rendering, which is com-
putationally intensive. In contrast, Gaussian Splatting (GS) based
methods (such as [2, 10, 11], and L2 DGS) adopt explicit scene
representations, typically resulting in faster optimization times. It
may be noted that our method, L? DG'S, alone can handle dynamic
scenes.

S9. Clarifications on Human Subjects

Our proposed real video dataset L2 DyV contains dynamic
objects such as a car, a bus, a deer, a cat, and a human. Our
proposed method L2DGS is agnostic to the nature of ob-
jects involved in the scene and their characteristics. While
some videos contain humans, our method does not rely on
features such as skin tone, body type, or motion. All the
videos have been casually recorded. Hence, we do not dis-

cuss the diversity of these features in our work. L2DGS
and all competing methods are trained independently for
each scene/video (synthetic as well as real); therefore,
showcasing a fair comparison. Humans have been included
primarily to show the effectiveness of the proposed method
across complex dynamic scenes. Our work does not raise
any ethical concerns.

S10. Additional Comparisons with 4DGS [9]

For completeness, we also report the metric values for
4DGS [9] in Table S4. Our implementation is built on top
of 4DGS. Since the original 4DGS does not include a low-
light—to—well-lit transformation module, it directly synthe-
sizes low-light novel views when trained on low-light input
videos. We have included the results of 4DGS [9] on the
real data in the accompanying “.mp4’.

For 4DGS [9] trained on well-lit scenes, PSNR (w.r.t. well-
lit GT) is 28.18/33.74/30.68 and SSIM is 0.84/0.93/0.89
for dynamic/static/overall regions, averaged over Apple,
Creeper, Mochi, and Sriracha.



Scene Dynamic Static Overall
PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS

Apple 5.06 0.07 0.13 6.35 0.06 0.39 5.98 0.06 0.53
Creeper 6.98 0.04 0.36 522 0.05 0.19 6.29 0.04 0.55
Handwavy | 5.86 0.04 0.09 5.75 0.06 0.44 5.77 0.06 0.53
Mochi 7.03 0.15 0.15 6.41 0.29 0.20 6.65 0.23 0.35
Sriracha 7.96 0.04 0.07 464 0.14 0.32 5.06 0.13 0.39

Table S4. Quantitative values for GS4D [9] (on well-lit reconstruction) across scenes for dynamic, static, and overall settings. Note that
L?DG'S has PSNR values greater than 10dB for all cases (evident from Table 1 of main paper and Table S2).

Figure 6. This figure illustrates the inverse of the synthetic low-
light generation process: scaling the low-light image (first column)
by % (second column) to qualitatively compare with the well-lit
image (third column). Note that this experiment requires ground-
truth well-lit images and is not intended for fair comparison.
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GS-DK Depth [10]

Lumi-GS Depth [2]

L?DGS Depth
Figure S7. Comparisons on Whiteboard: Our method successfully reconstructs both the scene behind the transparent glass and the reflection
of the distant light source (highlighted in blue). Additionally, it accurately captures the dynamic scene elements (highlighted in green). In
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contrast, competing methods fail to reconstruct details in both the foreground and background regions. Please zoom in for better visibility.
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Figure S8. Comparisons on Cat-2: AlethNeRF, LushNeRF, and GS-DK fail to reconstruct the scene accurately. LLNeRF produces a
blurry reconstruction of the cat (highlighted with a blue bounding box) and background, while Luminance-GS and LITA-GS saturate the
scene. Both the methods also fail to capture the moving car in the background (highlighted in green). In contrast, L2 DG'S successfully
reconstructs the scene in a geometry-motion-and-intensity-aware manner.



LLNeRF [8]

GS-DK [10] Lumi-GS [2] LITA-GS [11] L?2DGS

Yy
W‘

LushNeRF Depth [5] LLNeRF Depth [8]
X g s F

GS-DK Depth [10] Lumi-GS Depth [2] LITA-GS Depth [11] L?2DGS Depth

Figure S9. Comparisons on Activity: L?>DGS effectively reconstructs both the foreground and background, while competing methods
either fail entirely or introduce noticeable artifacts. Our method is the only one that successfully enhances and reconstructs the background,
specifically the room and the complex motion face (highlighted with a blue bounding box).
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Figure S10. Comparisons on Deer-2: The scene contains multiple deer, and only L?DGS is able to accurately reconstruct them (high-
lighted in blue). Additionally, L> DG'S preserves the shadow of a static object (highlighted in green) located in a low-light region, demon-
strating the effectiveness of our scene-aware framework. In contrast, competing methods either fail to reconstruct the scene or merely
enhance the brightness without preserving scene content.
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Figure S11. Comparisons on Bus: This scene features a bus approaching the camera, resulting in dynamic self-occlusion and disocclusion,
as well as significant scale variations. AlethNeRF and GS-DK fail to reconstruct the scene. LLNeRF enhances the overall brightness, but
saturates the regions near the bus and fails to reconstruct the bus itself (highlighted in blue). Luminance-GS achieves better brightness
but still fails to reconstruct the bus (in blue) and does not capture the background accurately (in green). In contrast, our method, although
slightly dimmer, successfully reconstructs the dynamic object (in blue) and preserves the scene geometry (in green), demonstrating its
motion- and geometry-aware capability.
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Figure S12. Comparisons on Kids: Our method successfully reconstructs the dynamic scene without introducing color artifacts (highlighted
in blue) and avoids color distortions in the background (highlighted in green). Additionally, it prevents saturation in well-lit regions,
preserving natural scene appearance across varying visibility levels.
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Figure S13. Comparisons on Car: The presence of a moving car with its headlights on introduces time-varying intensity on the ground,
necessitating a model capable of learning time-dependent color variations. Our method not only reconstructs the dynamic scene accurately
(highlighted in blue), but also captures the temporal changes in color and the occlusion—disocclusion effects caused by the car’s motion.
Notably, the region beneath the car appears black due to occlusion, which our method preserves correctly.
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Figure S14. Comparisons on Mochi: Our method is able to recover the cat face and facial textures as well as the depth-variation on the
dynamic object while all competing methods fail. LITA-GS [11] introduces saturation.
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Figure S15. Comparisons on Creeper: LushNeRF and LLNeRF fail to reconstruct the scene. Luminance GS tends to amplify the low-
light region occluded by leaves (highlighted in blue). In contrast, L2DG'S effectively handles the occluded leaf region and successfully
reconstructs a well-lit scene.
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Figure S16. Comparisons on Cookie: L?DGS is able to reconstruct the scene (see depth map) while competing methods, though, enhance
the scene but fail to learn the underlying geometry. LITA-GS [11] introduces saturation.
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Figure S17. Comparisons on Sriracha: L?DGS is able to learn the scene geometry and also able to recover the details of the cat.
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Figure S18. Comparisons on Keyboard: AlethNeRF and LushNeRF fail to reconstruct the scene accurately. While Luminance GS enhances
overall brightness, it saturates the region highlighted in green and struggles to learn the underlying scene geometry. LLNeRF has difficulty
recovering fine details, such as the letters printed on the keyboard (highlighted in blue). In contrast, our method, L2 DGS, preserves both
scene geometry and appearance; note the clear depth recovery of the fingers.
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Figure S19. Comparisons on Handwavy: L?DGS is able to reconstruct both static and dynamic parts of the scene. It also avoids saturation
in the region highlighted in blue.
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