
LuxRemix: Lighting Decomposition and Remixing for Indoor Scenes

Supplementary Material

This supplemental document provides additional details for
LuxRemix. We first describe the data preparation process
in Section 6, then introduce additional details about our
models in Section 7, and finally provide additional results
and comparisons in Section 8.

Please see our project website https://luxremix.github.io
for the following additional supplemental material:
• Interactive Lighting Blend Explorer:

A browser-based demo for interactive single-image light
editing based on our lighting decompositions.

• Single-Image Lighting Decomposition:
Shows the decomposition of seven light sources and their
flexible recombination for various relighting effects.

• Multi-View Lighting Harmonization:
Visualizes the decomposition and harmonization of multi-
ple light sources across multiple views.

• Real-time Remixable Lighting:
Screen recordings from our modified Splatfacto renderer
in the Nerfstudio viewer demonstrating our interactive re-
lighting with 3D Gaussian splatting. Note that temporarily
lower rendering resolutions are due to the dynamic resolu-
tion rendering implemented in the Nerfstudio viewer.

6. Data
Here we provide additional information for how we created
the training data for LuxRemix. We render scenes from
Avetisyan et al. [2] with procedurally generated light sources
using Infinigen [72] into many one-light-at-a-time (OLAT)
equirectangular images. We choose equirectangular 360°
images to save on the rendering cost and allow dynamic
sampling of diverse perspective camera viewpoints on the fly
while training the model. Please see Table 3 for a comparison
of the rendering and storage costs.

Table 3. Rendering and storage comparison. The perspective
views are rendered at resolution 512→512 pixels, and the equirect-
angular 360° images are rendered at resolution 2048→1024 pixels.
64 samples per pixel are used for Blender’s Cycles path tracer [9].

Setup Render time Storage
20,000 perspective images 140,000 sec 17.2 GB
1,000 360° images 27,000 sec 6.8 GB

= 19% = 40%

Rendering scenes once. To reduce our dataset size while
maintaining flexibility during training, we store equirectan-
gular 360° images instead of pre-rendering a large collection

of perspective views that our model ingests. Equirectangu-
lar representations compactly encode the full scene from
a single viewpoint, allowing arbitrary camera perspectives
to be sampled on the fly. In contrast, storing every possi-
ble perspective image incurs significant storage overhead
and limits viewpoint diversity at training time. For example,
training on 20K pre-rendered perspective images with res-
olution 512→512 pixels would require 17.2 GB of storage.
Instead we could store 1K equirectangular images with a
resolution of 2048→1024 pixels in just 6.8 GB and sample
these from new viewpoints on the fly, assuming we can al-
ways sample at least 20 distinct views per equirectangular
image. This design substantially reduces disk usage and data
preparation cost while preserving the ability to generate di-
verse, view-consistent training inputs dynamically. We found
it particularly useful to render the dataset once and use the
stored data for the entire project.

Implementation details. As described in Section 6, we
use Blender’s Cycles renderer [9] to generate equirectangu-
lar HDR images for each synthetic room. For each room,
we sample four distinct locations to capture equirectangular
images at a resolution of 2048→1024 pixels. Rendering is
performed with 64 samples per pixel (spp), using the OptiX
denoiser to enhance path-traced results. We used approxi-
mately 2,800 GPU hours on NVIDIA A100s to render the
complete dataset. In total, we rendered approximately 49,600
different equirectangular views across over 12,000 synthetic
rooms. The additional depth map and light mask are ren-
dered for each 360° image to assist effective perspective
view sampling. Combining all different light passes, the total
dataset size is about 9 TB.

On-the-fly sampling. As our model is designed for regular
perspective views, during training, the perspective views are
sampled from the rendered equirectangular 360° images. For
single-image light editing, we sample perspective views such
that the target light source is visible within the field of view
(FOV). Specifically, we use the equirectangular light mask
to select a visible light source, and then use its center to
guide the sampling range of azimuth and elevation for the
perspective projection.

For multi-view lighting, after selecting an initial perspec-
tive view that contains the target light source within the field
of view, we sample additional perspective views to incremen-
tally increase the overall coverage of visible regions. These
views are drawn from multiple source equirectangular 360°
images and are chosen to ensure that consecutive views share
overlapping regions, promoting consistency across frames.
To guide this sampling, we project depth maps from the vari-

https://luxremix.github.io/
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Figure 9. Model Architectures. (a) Single-view lighting decomposition and (b) multi-view lighting harmonization.

ous equirectangular images into a global coordinate system,
allowing us to accurately identify co-visible areas within
the room. Additionally, depth information is used to avoid
sampling views that are too close to scene geometry or the
camera, ensuring a diverse and meaningful set of training
perspectives.

After sampling the perspective views, we generate train-
ing data pairs on-the-fly. For the OLAT decomposition
task, we select a target OLAT image Itarget and its corre-
sponding full-light image Ifull, forming the training pair
(Ifull, Itarget). For the one-light-off task, we compute Ione-off =
Ifull ↑ ctarget · Itarget, where ctarget is the scaling factor for the
target OLAT image as indicated in the rendering metadata.
The resulting pair (Ifull, Ione-off) teaches the model to turn
off the selected light source. To further augment the training
set, we perform additional lighting composition by loading
multiple OLAT images and adding them to the full-light
image. This produces new, well-lit image variants such as
I →full = Ifull+

∑N
i=1 c

→
i ·Ii, enriching the diversity of the train-

ing data. To preserve the high dynamic range of the original
images when converting to the sRGB color space for model
training, we apply AgX tone mapping1 to the sampled linear
images, which has been shown to be effective in preserving
more realistic highlight effects.

7. Models
7.1. Single-image Light Editing – LuxRemix-SV
Our single-image editing model builds upon a pretrained
text-based image editing diffusion transformer (DiT) with
an architecture similar to FLUX.1 Kontext [8]. Because full-
parameter fine-tuning is prohibitively expensive, we adopt
LoRA [38] for efficient lightweight adaptation. Importantly,
the base DiT model already demonstrates strong capability
for general instruction-based image editing (see Figure 11),
which allows LoRA fine-tuning to specialize the model for
the light editing task using only limited synthetic training
data, and generalize to real-world images using the gener-
ative prior inherent in the base DiT model. Figure 9a illus-
trates the model design.

1https://github.com/EaryChow/AgX

We use LoRA fine-tuning for two closely related light
editing tasks: (1) OLAT decomposition and (2) turning off
the target light. Below are the instruction templates we used
for the two tasks:
1.“{trigger word: OLAT}. Darken the room to a night scene:

eliminate all light sources and window light. The only
light source should be the selected {light type}, on at
{low,medium,high} brightness, according to the selection
mask.”

2.“{trigger word: LTOFF}. Only turn off the selected {light
type}, according to the selection mask. Keep the remain-
ing light sources unchanged.”

We use two distinct trigger words to differentiate between
the two closely related tasks. For the OLAT decomposi-
tion task, we further specify the desired brightness level

“{low, medium, high} brightness”, for the target light source.
Specifically, we instruct the model to generate LDR OLAT
images corresponding to approximate exposure values of
EV–4 (low), EV–2 (medium), and EV0 (high) relative to the
HDR target after tone mapping. This approach encourages
the model to better learn light transport and enables recon-
struction of HDR OLAT images through multi-exposure
fusion [21]. Figure 10 shows two examples of our additional
brightness level control.

Other than text prompts, we also provide the light mask
as a spatial prompt for the model. The mask is processed

Input Low Brightness Medium Brightness High Brightness

Figure 10. Brightness Level Control. LuxRemix-SV’s OLAT de-
composition at different brightness levels.

https://github.com/EaryChow/AgX


by a single-layer MLP to match the DiT’s input latent di-
mensions, then added to the input condition image latents.
This additional single-layer MLP is fine-tuned along with
the LoRA parameters to further improve the model’s ability
to understand the light mask.

Training details. We insert LoRA adapters into all atten-
tion blocks of the DiT model, using a LoRA rank of 32.
Fine-tuning is performed for 3,000 iterations with a batch
size of 192, leveraging the Prodigy optimizer [64] for adap-
tive learning rate adjustment and bias correction. Training
was conducted on 48 NVIDIA A100-40GB GPUs, complet-
ing in approximately 12 hours.

7.2. Multi-view Harmonization – LuxRemix-MV
Our multi-view harmonization model extends the lighting
decomposition from single to multiple views. While it is
possible to use the single-view LuxRemix-SV model for
multi-view propagation (e.g., by processing diptychs or grids
of images), this becomes computationally infeasible for large
image sets due to high resource demands. To address this,
we use a scalable multi-view diffusion model based on a
pretrained U-Net architecture (similar to CAT3D [30] and
SEVA [99]) for efficient multi-view lighting propagation.

The base model is pretrained to generate novel views
given a few reference images. However, our task does not
require synthesizing entirely new views; instead, we have ac-
cess to multi-view input images prior to lighting decomposi-
tion, and our goal is to propagate the lighting decomposition
from sparse reference views to all other output views. To
accomplish this, we concatenate the original input views and
the sparse light-decomposed views, together with the corre-
sponding Plücker ray embeddings and reference view masks,
as inputs to the pretrained multi-view diffusion U-Net, by
extending the model’s channels of the input projection layer,
as illustrated in Figure 9b. To distinguish between OLAT
decomposition and one-light-off editing, we also include
a binary mask in the input condition: all zeros for OLAT
decomposition, and all ones for one-light-off editing.

Training details. We conduct full-parameter fine-tuning
of the U-Net for 30,000 iterations. The training progresses
in three stages: For the first 15,000 iterations, the model
is trained on 4-view input batches of size 192. In the next
10,000 iterations, the number of input views is increased to
8, with a batch size of 144. Finally, during the last 5,000
iterations, the model is further trained with 15-view input
batches of size 96. We utilize the AdamW optimizer [57]
with a learning rate of 5→10↑5. Training is performed on 48
NVIDIA A100-40GB GPUs and completes in approximately
28 hours.

Inference details. Our model is fine-tuned to handle up
to 15 views per forward pass. To accommodate larger multi-
view datasets, we employ a sequential multi-pass strategy.

The core idea is to process images in batches while main-
taining consistency by conditioning on both the original
reference views and previously generated frames. Let U de-
note the set of unprocessed target frames and P the set of
processed frames. We use a distance metric d(Ii, Ij) based
on camera pose similarity to guide the selection process:
• Pass 1: We select target frames from U that are spatially

closest to the original source reference views R↓.
• Pass k > 1: We iteratively select remaining frames from
U that are closest to any frame in the processed set P .

For each pass, we construct a dynamic reference set Rk that
always includes the original source references R↓. Addition-
ally, if a target frame is selected due to its proximity to a
previously generated frame Iprev ↓ P , we optionally include
Iprev as a secondary reference in Rk. This approach allows
the model to “chain” visual information from source views
to distant targets, ensuring that subsequent passes remain
consistent with the lighting decomposition established in
earlier steps.

7.3. Gaussian Splatting with Lighting Control
Following the two-stage training pipeline described in Sec-
tion 3.4, we extend the 3D Gaussian splatting model [42]
to enable precise lighting control. We achieve this by fitting
per-light RGB parameters for each Gaussian, utilizing the
light-decomposed multi-view images.
Stage 1: Pretraining a standard 3DGS. We first estab-
lish the scene’s geometric structure by training a standard
3D Gaussian splatting model on the original multi-view im-
ages using gsplat [89]. Upon convergence, these pretrained
Gaussians serve as the basis for incorporating additional
parameters for lighting control.
Stage 2: Fitting per-light RGB parameters. We augment
each Gaussian from the previous stage with a set of learn-
able lighting parameters Li↓RM↔3, where M denotes the
number of decomposed light sources (including ambient
lighting). Modeled in a linear HDR space to represent the
physical accumulation of light, these parameters allow us to
render the image for a specific light source m, denoted as
Îm, via standard rasterization using the Gaussians’ existing
geometry and the new learnable lighting parameters. We
optimize these per-light RGB parameters as follows:
1. Joint Optimization: We jointly optimize the per-light

RGB parameters L alongside the shared geometry pa-
rameters. This step refines the pretrained Gaussians’ ge-
ometry and appearance to better align with the light-
decomposed multi-view images. We train the Gaussians
in this step for 4,000 iterations.

2. Light Fitting (Frozen Geometry): To prevent the model
from explaining lighting residuals by altering geometry,
we freeze all geometric parameters and focus solely on
optimizing L to fit the light-decomposed images for the
remaining 2,000 iterations.



Input Image Light Mask FLUX.1 Kontext [8] Qwen-Image [83] Nano Banana LuxRemix-SV (ours)

Figure 11. Additional Comparisons of Single-Image Light Editing. Given an input image and a light mask (left), we compare our light
editing results with baseline methods for switching lights on and off. FLUX.1 Kontext [8] sometimes removes or modifies image details.
Qwen-Image [83] sometimes removes lights entirely. Nano Banana produces plausible light edits. Our LuxRemix-SV model produces
convincing results throughout with fine-grained controllability over individual light intensities and colors. Real-world images from Pexels.
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Figure 12. Comparisons of Single-Image Light Editing with Multiple Masks. Given an input image and two light masks (left), we compare
our light editing results (right) with baseline image editing models. While Qwen-Image [83] and Nano Banana enable basic prompt-based
light editing, only our LuxRemix-SV approach enables realistic and fine-grained light editing control via light mask conditioning. Real-world
images from Pexels and Unsplash.

Training Objectives. The optimization in Stage 2 incor-
porates three losses: one for the fidelity of individual light
renderings, one for the consistency of the recombined light-
ing, and one for the spatial smoothness of the Gaussian
parameters.

The first term is the photometric loss between the ren-
dered light image Îm and the ground-truth light image Im:

Lolat =
1

M

M∑

m=1

(
↔Îm ↑ Im↔1 + ωLD-SSIM(Îm, Im)

)
.

(2)
The second term is a composition consistency loss be-

tween the recombined lighting Îcomp =
∑

m wmÎm and the
original input image Iori, where wm is a learnable per-light
scaling factor for light recombination. This ensures that the
learned lighting coefficients, when recombined, accurately
reconstruct the original appearance:

Lcomp = ↔T (Îcomp)↑ Iori↔1, (3)

where T (x) = (x + ε)
1
ω is a differentiable tone mapping

function with a learnable gamma ϑ and offset ε.
The third component is a spatial smoothness loss. To mit-

igate high-frequency noise where adjacent Gaussians learn
divergent light responses, we impose a spatial smoothness
regularizer based on K-Nearest Neighbors (KNN). For each
Gaussian i, we penalize the deviation of its lighting coeffi-
cients from its K nearest spatial neighbors N (i):

Lsmooth =
1

NK

N∑

i=1

∑

j↗N (i)

↔Li ↑ Lj↔22. (4)

This encourages local consistency in light reflectance, help-
ing to reduce sparkling artifacts during relighting. We apply
this loss every 100 optimization iterations after the initial
4,000 iterations.

The final objective is the weighted sum of three losses:

L = Lolat + ωcompLcomp + ωsmoothLsmooth. (5)
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Figure 13. Single-View vs. Multi-View Consistency. Lighting edits on a synthetic test scene.

After training, we can randomly blend multiple per-light
renderings from the same set of Gaussians to get consistent
relighting results. We include screen recording videos in the
supplement to show our interactive relighting with 3DGS.

8. Additional Results and Comparisons

8.1. Single-Image Lighting Editing
We show additional editing results in Figures 11 and 12.
In Figure 11, we show results of switching lights off and
on, with various light colors. The baseline comparisons to
FLUX.1 Kontext [8], Qwen-Image [83] and Gemini 2.5
Flash Image a.k.a. Nano Banana show prompt-based editing
results trying to match our results. Figure 12 shows more
advanced editing results with two editable light sources and
a mixture of out-of-distribution light shapes and novel colors.
In the supplemental material, we include a video demonstrat-
ing the decomposition of seven distinct light sources, and
recombining them in many different ways.

8.2. Multi-view Lighting Harmonization
Figure 15 shows additional multi-view lighting harmoniza-
tion results. Note how our single-view model LuxRemix-SV
can recover individual OLAT lights with plausible shadows
for the plant in the top scene. Our multi-view harmonization
model LuxRemix-MV then propagates these single-view
lighting decompositions consistently across views. For the
middle scene, our model can cleanly disentangle the three
hanging lights. And for the bottom scene, our model can
switch on the standing lamp in the center of the scene (see
“OLAT 3”). Note also that the ambient lighting in this scene
correctly includes the out-of-view ceiling lights.

Table 4. Real-World Evaluation on LightLab. Quantitative com-
parison on 10 paired real-world examples.

Method PSNR ↑ SSIM ↑ LPIPS ↓

ScribbleLight [20] 15.04 0.465 0.478
Qwen-Image [83] 19.20 0.735 0.196
LightLab [59] 21.80 0.791 0.144
Ours 20.93 0.771 0.168

8.3. Real-World Paired Evaluation on LightLab
To complement our synthetic evaluation, we include addi-
tional real-world paired benchmarking on the LightLab ex-
amples. For each method, we tune light editing parameters to
best match each paired target image and report photometric
metrics. Table 4 summarizes results on all 10 available paired
examples. While LightLab achieves the strongest scores on
this real-data benchmark, our method remains competitive
despite being trained on synthetic data only.

8.4. Single-View versus Multi-View Consistency
We further compare per-frame single-view editing against
our multi-view harmonization, as shown in Figure 13. Apply-
ing LuxRemix-SV independently to each view can introduce
cross-view inconsistencies in shadows and lighting appear-
ance. In contrast, LuxRemix-MV propagates decomposition
jointly across views and yields more consistent multi-view
results.

8.5. Failure cases
Figure 14 shows some failure cases of our single-image light
decomposition and editing method. In our synthetic training
data, the shape of the light spread is biased towards conical
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Figure 14. Failure cases. Top: the light spread shape is biased
towards cones, diverging from the ground truth. Middle: decom-
position occasionally ignores the provided light mask. Bottom:
different random seeds can yield different OLAT decompositions.

shapes, which does not always match real-world lights. In
multi-light images, our lighting decomposition sometimes
fails to adhere to the provided light mask. Using a different
random seed can result in different OLAT decompositions.
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Figure 15. Additional Multi-view Lighting Harmonization Results. From the first input image, we decompose the lighting into ambient
and OLAT components (blue), then propagate them consistently across all views (top row). Real-world captures from VR-NeRF [87].
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