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Abstract. The rapid rise of generative image synthesis has intensified
interest in the graphics and vision community in producing realistic,
controllable illumination. We present a generative method for screen-
space global illumination (GI) that produces geometrically aligned, tem-
porally stable indirect lighting using a single-step latent diffusion model.
Unlike iterative and video diffusion methods that are costly and hard
to control, our model conditions a one-step image generator on scene-
intrinsic signals and sparse lighting hints for the current frame, encoded
via adapter modules. To address flicker without the overhead of video
diffusion, we introduce a temporal VAE decoder that plugs into a la-
tent diffusion pipeline at inference time, delivering long-range temporal
coherence while preserving spatial fidelity. On test data, our approach
synthesizes high-quality indirect illumination well-aligned to inputs and
improves temporal stability. Our quality evaluation demonstrates that
our method generates visually and quantitatively plausible illumination
in generative forward rendering, outperforming state-of-the-art methods.

Keywords: Diffusion Models · Illumination Generation · Image Synthe-
sis · Temporal Stability

1 Introduction

Physically based image synthesis plays a crucial role in computer vision and
computer graphics. The rendering equation [25] models light transport in the
environment, enabling the generation of photorealistic images. Ray tracing and
path tracing are widely used in graphics workloads to simulate these light-matter
interactions. The quality of physically based rendering depends on the complex-
ity of the geometry and the accuracy of material models, and achieving pho-
torealism from 3D scene descriptions often incurs a high computational cost.
To reduce this cost, approximation techniques based on screen-space represen-
tations [28, 43] have been studied, offering benefits such as reduced rendering
cost that is largely independent of scene complexity. Such screen-space repre-
sentations can be obtained from rendering engines (e.g., G-buffers) in computer
⋆ Equal contribution.
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graphics or reconstructed from data in computer vision (e.g., intrinsic decompo-
sition, inverse rendering).

Neural rendering introduces new approaches to photorealistic rendering pipelines
by learning scene representations from large datasets. These methods can en-
hance the realism of synthetic images [42] and generate realistic illumination [19,
37,50] by leveraging intrinsic representations of geometry and materials.

Recent advances in image and video generation with large diffusion mod-
els [22,44,46] demonstrate the ability to produce images with visually appealing
content and convincing illumination without explicit scene descriptions. Strong
priors learned from large-scale datasets have enabled this breakthrough, usher-
ing in a new era of generative neural rendering. A few recent works have shown
the use of diffusion models to generate controllable lighting effects [16,29,47] and
specific phenomena such as caustics [51]. Other studies apply diffusion models
to intrinsic image decomposition from color images or videos, and subsequently
synthesize new images from intrinsic representations of material, geometry, and
illumination [30,60]. Despite these advances, precisely controlling the generated
content to align with input conditions remains challenging. In particular, gener-
ating realistic illumination while respecting geometric and material constraints
remains an active area of research in generative rendering and relighting. In addi-
tion, the iterative denoising process in diffusion models requires substantial time
to produce an image, which limits practical applications. For videos or image
sequences, temporal stability is a key determinant of perceived quality. While
video diffusion models [5] can improve temporal stability, they typically incur
high computational and memory costs.

We are motivated by the success of generative models [7, 39] that produce
high-fidelity videos of the physical world. Accordingly, we propose generating
realistic illumination using diffusion models conditioned on geometry, materi-
als, and spatially sparse lighting. Unlike prior work [20, 30, 60], we focus on
forward rendering and leverage intrinsic signals from rendering engines in syn-
thetic scenes. To address the aforementioned challenges, we employ a single-step
diffusion model that generates realistic illumination while preserving geometric
alignment with the input conditions. To achieve temporal stability across image
sequences without video diffusion models, we introduce a temporal variational
autoencoder (TVAE) decoder that plugs into latent image diffusion pipelines,
enabling temporally stable long-sequence generation. Key contributions of our
work are:

– We propose an approach that generates realistic illumination on an input
stream of images using a one-step image diffusion model while preserving
alignment with the input conditions.

– We introduce a Temporal VAE decoder that enables the synthesis of image
sequences with high temporal stability and can be integrated with latent
image diffusion models.

– We demonstrate that our method generates temporally stable illumination
across long video sequences and diverse test scenes, including complex ge-
ometry, multiple light sources, and camera movement.
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2 Related Work

Neural Illumination. Neural networks, as high-dimensional mapping func-
tions, have been used in computer graphics and vision to assist or replace com-
ponents in producing high-quality images. Some prior works leverage neural net-
works to approximate illumination effects in screen-space [19,37,50,55,64], and
many methods use G-buffers as inputs. G-buffers from the rendering pipeline or
intrinsic images from inverse rendering provide models with essential informa-
tion such as geometry (normal, depth) and material properties (albedo, rough-
ness, metallic). Some studies [19, 50] also incorporate direct lighting as input
to GAN-based networks [50] or UNet-based approaches [19] to predict indirect
illumination and soft shadows. For state-of-the-art advances in neural rendering,
we refer to comprehensive surveys [49].

Our proposed approach leverages generative diffusion models to produce in-
direct illumination. We demonstrate the method on complex scenes with diverse
objects and lighting conditions.
Diffusion Models for Image Generation. In recent years, research on gen-
erative diffusion models [5, 22, 44, 46] has grown exponentially and provides
new methods for high-quality image generation, achieving better sample qual-
ity and distribution coverage than GANs [14]. Diffusion models progressively
refine Gaussian noise into high-quality images and offer remarkable quality ad-
vantages in both unconditional and conditional image generation tasks. Several
studies use diffusion models to generate specific illumination effects such as re-
flections [15, 16, 54], shadows [47] and caustics [51], as well as to denoise Monte
Carlo noise in path-traced images [52]. For a broader overview and applications
of diffusion models, we refer to comprehensive surveys [2, 8, 58].

More recently, several studies use diffusion models as new tools for inverse
rendering to estimate intrinsic properties such as geometry (normal, depth), ma-
terials (albedo, roughness, metallic), and illumination (irradiance, environment
map) from a color image [10, 30, 33, 34, 60, 63]. The intrinsic images are then
used to edit, composite, and relight [9,10,12,17,20,21,23,31,41,56,59] the color
image to synthesize new images. RGB↔X [60] uses latent-space image diffusion
models to perform intrinsic decomposition (RGB→X) and forward rendering
(X→RGB). Similarly, DiffusionRenderer [30] estimates intrinsic images in an
inverse rendering stage and generates new color images using an environment
map for lighting in a forward rendering stage, employing video diffusion mod-
els to provide temporal consistency. UniRelight [20] combines such two stages
into one to relight an input video using an environment map, leveraging a DiT
video model. Video diffusion models are aware of temporal correlations and mo-
tion priors from the input video; however, current video diffusion models require
substantial computational power and memory [57].

Our work focuses on forward rendering to generate indirect illumination us-
ing a diffusion model. Unlike prior methods, our approach uses a latent-space
diffusion model for image generation while providing strong alignment with ge-
ometric conditions and improved temporal stability across image sequences.
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Fig. 1: Overview of our method. Given an initial lighting hint from direct lighting, our
approach generates global illumination using a conditional one-step diffusion model.
Multiple conditioning inputs are encoded via adapter modules and injected into the
diffusion model. We use geometry (normals), material properties (albedo, roughness,
metallic), and lighting cues (direct lighting, spatially sparse GI, radiance cues) as con-
ditioning inputs. The proposed Temporal VAE decoder ensures temporal consistency
over long sequences. We train the Temporal VAE decoder separately and replace the
frozen VAE decoder with it at inference time. A diagram of TVAE training appears in
the supplementary material.

3 Our Methodology

We formulate the screen-space approximation of global illumination as a con-
ditional image generation task using multiple conditions of geometry, material
properties, and lighting cues. As shown in Fig. 1, our approach leverages a latent
diffusion model (LDM), trained on large-scale data, to exploit strong priors for
high-fidelity image synthesis. Our method uses direct lighting as an initial light-
ing hint and generates the global illumination (GI) output. We align generation
with several conditioning signals, such as sparse lighting (noisy GI), radiance
cues [19, 59], materials (albedo, roughness, metallic), and geometry (normals),
by encoding them with T2I-Adapter [36]. Unlike prior work [60], we address tem-
poral stability across generated image sequences by replacing the original VAE
decoder with our Temporal VAE decoder at inference time. We describe further
details in the following sections.

3.1 Input and Output Processing

During input processing, we demodulate the direct lighting by dividing by the
albedo, which removes material color and textures and helps the diffusion model
focus on illumination generation. Since the SD-VAE is originally designed for
low-dynamic range, non-linear image distributions, we transform the radiance
values from a high-dynamic-range linear space to the range [0.0,1.0] using µ-Law
tonemapping (µ=5011), as suggested in prior work [26], before passing them
to the VAE encoder. To ensure radiance values remain within [0.0,1.0] in the
tone-mapped space, the compression factor is calibrated so that the maximum
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luminance (1000 nits) maps to 1.0, which prevents overflow in the tone-mapped
output. The VAE decoder therefore produces outputs in this non-linear (tone-
mapped) space. Recent research [6, 53] has addressed direct generation of HDR
images using diffusion models, but such approaches are outside the scope of our
contribution. During output processing, we apply an inverse µ-Law tonemap
to convert the VAE decoder outputs back to linear space, followed by albedo
modulation to restore texture details and material color. Finally, we composite
the result with the initial direct lighting to generate the final output.

3.2 Conditional One-Step Diffusion Model

One-Step Diffusion Model. We use a single-step diffusion model that is ca-
pable of producing high-quality images in a single denoising step. Although dif-
fusion models offer high-fidelity image generation, their multi-step sampling is
typically slow. SD-Turbo and SDXL-Turbo are distilled versions of SD [44] and
SDXL [40] by adversarial diffusion distillation [45], enabling the foundational dif-
fusion models to generate images within one or two sampling steps while main-
taining fidelity. As shown in Fig. 1 (blue box), we build on Stable Diffusion 2.1-
Turbo and fine-tune the diffusion UNet using our dataset while the VAE remains
frozen. During UNet fine-tuning, we use the widely adopted SD-VAE [44], which
we then replace with our Temporal VAE decoder during inference (Sec. 3.3).
The input to the UNet is a noisy latent of direct lighting at the final timestep
in the distilled one-step diffusion model. The UNet learns to generate latents of
indirect illumination, which are decoded by the VAE decoder and composited
with direct lighting to produce the global illumination output.
Multi-Condition Adapter. Standard image-to-image pipelines provide con-
ditioning signals through a noisy input image that is subjected to a forward
diffusion process. We find that our task benefits from multiple conditioning,
both via the noisy input and via adapters that inject features at different levels
of the UNet. Direct lighting, as an initial lighting hint, is encoded to the latent
space using the VAE encoder and provides conditioning through the UNet input
layer. We empirically find the T2I-Adapter [36] to be more effective for adapting
the model to target images. Conditioning via the noisy input and multi-level
feature injections into the UNet performs better, likely because directly con-
catenating all conditioning signals to the noisy input shifts the diffusion UNet’s
input distribution and perturbs its behavior. In this work, as shown in Fig. 1
(red box), geometry (normals), material properties (albedo, roughness, metal-
lic), and lighting cues (noisy GI, radiance cues [19, 59]) serve as inputs to the
T2I-Adapters. The features from the T2I-Adapters are then equally added at
different levels of the UNet for conditional generation.

3.3 Temporal VAE Decoder

Temporal stability is a critical factor in ensuring perceived video quality. Typ-
ically, a VAE decoder decodes latent vectors independently for each frame in a
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video sequence. This leads to temporally unstable results, which manifest as ar-
tifacts like flicker across frames. Enforcing temporal consistency in the diffusion
UNet requires substantial architectural changes and likely retraining. Hence, we
introduce a temporal VAE (TVAE) decoder to support temporal consistency
when generating an infinite sequence of frames. We leverage the architecture of
an existing model, sd-vae-ft-mse-original [3], by extending it and fine-tuning on
our data instead of training from scratch.

As shown in Fig. 1 (green box), our TVAE takes latent vectors from the diffu-
sion UNet along with the previous output. Instead of using the previous output
directly, we reproject it using motion vectors, aligning it with the current frame
and simplifying optimization. The history encoder, a small CNN composed of
convolution and downsampling layers, processes the previous output at multiple
scales and injects the signals into the TVAE decoder via zero convolutions. In
essence, the TVAE decoder produces pixel values similar to the previous frame
in regions where the current latent vectors are close to the previous output. We
use the pre-trained SD-VAE as the base and optimize the TVAE decoder on our
dataset while keeping the VAE encoder frozen. During inference, the original
SD-VAE decoder is replaced with our TVAE decoder.

3.4 Synthetic Data Generation

We generate a comprehensive synthetic dataset of interior scenes from multi-
ple sources [4, 18], rendered using the Blender Cycles renderer [13]. From these
scenes, we render 31k frames (23k for training and 8k for testing). Each scene
consists of a dynamically moving camera, static and moving light sources, and
selected objects in motion. Illumination is provided by 1–30 area lights with
varying sizes, intensities, and colors, while materials employ principled BSDF
shaders with diverse roughness and metallic parameters to capture both diffuse
and glossy reflections. The dataset includes material properties (albedo, rough-
ness, metallic), geometry (normals), and motion vectors. For lighting cues, we
generate direct lighting, single-bounce noisy GI with one sample per pixel, and
radiance cues [19,59]. All images are rendered at 512×512 resolution, and saved
in a high dynamic range image format. For high-quality ground truth, reference
frames are rendered at 1024×1024 resolution with high sample counts (e.g., 2k–
16k samples per pixel, empirically determined), followed by OptiX [38] denoising
and downsampling to 512×512.

3.5 Training

We train the conditional one-step diffusion model and the TVAE decoder sepa-
rately. For training diagrams, see the supplementary material.
Fine-tuning Diffusion Model and Adapter. We jointly fine-tune the diffu-
sion UNet and T2I-Adapter on our dataset while keeping the pre-trained SD-
VAE frozen. We add Gaussian noise (ϵ ∼ N (0, 1)) to the latent representation of
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the initial lighting hint (direct lighting) at timestep t = 499, following a single-
step img2img diffusion pipeline. Our one-step diffusion model matches the con-
figuration used in SD-Turbo, except that we use the DDIMScheduler [46] rather
than the EulerDiscreteScheduler during training and inference. Following prior
work on supervised pixel-space fine-tuning for text-to-image generation [61], we
optimize the final output from the VAE decoder in pixel space using the sum of
L1 and LPIPS [62] losses. We use the AdamW [32] optimizer with betas of 0.9
and 0.999 and a weight decay of 0.01. The learning rate is set to 5×10−5 with a
constant learning rate scheduler. We train our model on AMD Instinct™ MI210
GPUs for 50 epochs with a batch size of 32.
Training Temporal VAE Decoder. To train our TVAE decoder, we initial-
ize it with parameters from the pre-trained SD-VAE decoder and freeze the
SD-VAE encoder. Training uses temporal sequences of frames and we feed the
latent vectors of the current frame from the frozen VAE encoder, along with the
previous output reprojected to align with the current frame. For TVAE training,
the ground truth of the previous frame is used as the previous output. During
inference, the previous output comes from the TVAE decoder’s output of the
preceding frame, and the latent vectors of the current frame come from the dif-
fusion UNet. To facilitate efficient training via the history encoder in our TVAE,
we corrupt the current latent vectors from the frozen VAE encoder by adding
Gaussian noise. This enables the TVAE decoder, assisted by the history encoder,
to decode the current frame’s latent vectors with temporal consistency. We op-
timize the TVAE using an L1 loss in pixel space. To prevent drift, we train the
TVAE as a standard VAE on the DIV2K [1] dataset in parallel, with the previ-
ous frame set to zero, using L1 loss as well. We train the TVAE independently
for 10 epochs on our training dataset.

4 Results

4.1 Evaluation Setup

We evaluate our technique on test data that includes scenes and images unseen
during training. Since we focus on forward rendering to produce indirect illumi-
nation rather than relighting, we compare our results with two prior diffusion
model-based methods, RGB↔X [60] and DiffusionRenderer [30], using publicly
available pre-trained models. For RGB↔X, we use our G-buffer images (albedo,
normals, roughness, metallic) as conditioning inputs to feed high-quality condi-
tions and use RGB→X intrinsic decomposition to generate an irradiance image
from the ground truth global illumination image. We observe that this produces
better quality than using intrinsic images generated from RGB→X intrinsic de-
composition. For DiffusionRenderer, we split our long image sequences into mul-
tiple 24-frame videos, as the pre-trained model requires 24-frame videos as input.
We perform DiffusionRenderer’s inverse rendering for each video to generate in-
trinsic conditions and use DiffusionLight-Turbo [11] to generate environment
maps for each frame from its ground truth global illumination, ensuring that
the environment maps contain all lighting information from the frames. We then
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White Room

Kitchen

Living Room

Staircase

Shadow Room

(a) Direct lighting (b) SSGI (c) BCNN (d) RGB↔X (e) DiffusionR. (f) Ours (g) Reference

Fig. 2: Quality comparison on the test dataset. Direct lighting (a) is used as the initial
lighting hint for our method. Reference (g) is path-traced global illumination rendered
with the Blender Cycles renderer. We compare against SSGI (b), rendered with the
Blender Eevee renderer, BCNN [55] (c), a neural GI method, and two generative meth-
ods, RGB↔X [60] (d) and DiffusionRenderer [30] (e). Arrows (→) are overlaid on our
results (f) to highlight areas where our method produces plausible results that are
closer to the reference.

run DiffusionRenderer’s forward rendering for all videos and merge the output
videos into a long sequence. Furthermore, we evaluate our results against screen-
space global illumination (SSGI) from Blender Eevee renderer 4.5 LTS [13] and
BCNN [55], a neural GI method that we trained on our dataset.

For quantitative evaluation, we show PSNR↑, SSIM↑, and LPIPS↓. We also
measure temporal stability using FovVideoVDP1 [35], a video quality metric
that captures temporal distortions and flicker perceptible to humans.

4.2 Quality Evaluation

Figure 2 compares our results with other techniques on our test dataset. Figure 2
(a) shows direct lighting between light sources and geometry, which serves as the
initial lighting hint for our method. Figure 2 (b) shows screen-space global illumi-
nation from the Blender Eevee 4.5 renderer that approximates the ground truth

1 FovVideoVDP v1.2.2, 75.4 [pix/deg], Lpeak=200, Lblack=0.5979 [cd/m2], non-
foveated
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Table 1: Quantitative evaluation using PSNR, SSIM, LPIPS, and FovVDP metrics
on the test data in Fig. 2. The best scores are shown in bold.

Metric BCNN RGB↔X DiffusionRenderer Ours

W
h
it
e

R
. PSNR↑ 33.18 10.21 18.70 33.80

SSIM↑ 0.97 0.65 0.79 0.98
LPIPS↓ 0.04 0.26 0.13 0.04
FovVDP↑ 6.8811 0.6669 3.0763 7.0661

K
it
ch

en

PSNR↑ 21.93 16.68 13.46 23.96
SSIM↑ 0.88 0.53 0.58 0.91
LPIPS↓ 0.11 0.36 0.38 0.10
FovVDP↑ 6.0229 4.5451 3.8247 6.4124

L
iv
in
g

R
. PSNR↑ 21.41 14.43 16.33 23.63

SSIM↑ 0.83 0.58 0.57 0.86
LPIPS↓ 0.15 0.28 0.27 0.14
FovVDP↑ 5.1514 3.3022 2.9937 5.8753

S
ta

ir
ca

se PSNR↑ 25.86 18.98 13.84 30.23
SSIM↑ 0.95 0.60 0.50 0.97
LPIPS↓ 0.05 0.22 0.27 0.04
FovVDP↑ 6.1955 4.1449 3.1187 6.4422

S
h
a
d
o
w

R
. PSNR↑ 19.39 14.34 12.11 21.12

SSIM↑ 0.90 0.79 0.74 0.95
LPIPS↓ 0.10 0.16 0.23 0.05
FovVDP↑ 4.8756 2.6496 2.2668 5.8838

global illumination. Figure 2 (g) is the reference global illumination rendered
from the Blender Cycles renderer. Note that the three scenes shown in Fig. 2
(White Room, Kitchen, Living Room) are unseen during training. The other
scenes (Staircase, Shadow Room) are partially used for training, but test data
is rendered from different camera trajectories and with different objects.

Across the test data presented in Fig. 2, our results exhibit visually plau-
sible illumination that more closely matches the reference global illumination.
Our results well present the metallic object with specular highlights in White
Room, glossy reflections on the table in Kitchen, and soft shadows in Shadow
Room. Moreover, our method better preserves geometric structure and details
from the input conditions than the comparative baselines using diffusion models.
In RGB↔X [60], we observe noticeable hallucinations that are misaligned with
the input conditions-for example, the metallic object, wall-mounted TV, and
fireplace in White Room; missing reflections on the glossy table in Kitchen.
These lead to temporal inconsistencies and flicker. Overall, RGB↔X results are
much brighter than the ground truth global illumination, even though the irra-
diance condition is generated from the ground truth image. DiffusionRenderer
also shows hallucinations, such as distorted apples on the coffee table in White
Room and wall patterns in Staircase. Lighting condition for DiffusionRenderer
comes from environment maps generated from ground truth global illumination
images, and the final illumination quality depends heavily on the quality of
the environment maps, which we produce using DiffusionLight-Turbo [11]. Our
results also outperform traditional SSGI and BCNN [55] for diffuse and glossy
reflections, as shown in Staircase, particularly on the ceiling and wall-mounted
object in the back. See supplementary material for error map visualizations.
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real1 real2

real3 real4

RGB↔X Ours-C

real5
Real-world data RGB↔X Ours-C

real6
Real-world data

Fig. 3: Quality evaluation for real-world images compared to RGB↔X results. Our
model (Ours-C) is trained using compact conditioning inputs (albedo, roughness,
metallic, normals, and luminance) that can be obtained using inverse rendering of
real-world data. Original images courtesy of Pexels.2

Table 1 presents quality metrics for the test data shown in Fig. 2. Our method
achieves substantially better quantitative scores in PSNR↑, SSIM↑, and LPIPS↓
by a large margin. It demonstrates that our results closely adhere to the input
conditions, preserving geometry, color, and texture details while generating il-
lumination. By contrast, the baselines using diffusion models exhibit noticeable
hallucinations, leading to much lower metric values. Our results also achieve bet-
ter metrics than BCNN by leveraging the diffusion model’s generative capability
while well-aligning to conditions. For example, BCNN fails to accurately predict
diffuse and glossy reflections in Kitchen, Living Room, and Staircase, result-
ing in low PSNR scores. We also show FovVDP↑ for video quality in Tab. 1, com-
puted over long sequences (e.g., 300–1000 frames) for each test data. RGB↔X
generates each image without enforcing temporal consistency, resulting in lower
scores across all test data. For DiffusionRenderer, which outputs 24-frame videos,
we first concatenate the 24-frame output videos into a full-length video before
computing FovVDP. While each 24-frame video is temporally consistent, dis-
continuities occur every 24 frames, which lowers the FovVDP values. BCNN is
trained using a temporal loss. Our method achieves better video quality metric
scores than the baselines for all test data. Please see the supplemental video for
additional qualitative evidence.

4.3 Evaluation using Real-world data

Although our method is trained only on synthetic data rendered from 3D scenes,
we also evaluate our model on real-world data. To this end, we train our diffusion
2 https://www.pexels.com

https://www.pexels.com
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(a) Albedo (b) Normal (c) Metallic (d) Roughness (e) Ours-C
Fig. 4: High-quality (top) and low-quality (bottom) intrinsics (a-d) of real5 in Fig. 3.
Our results using these intrinsics are in (e).

real4
Ours-C w/ OF

real6
Ours-C w/ OF Ours-C w/ OF

Fig. 5: Evaluation without and with TVAE using OF.

UNet and condition Adapters with a compact set of conditioning inputs, such
as albedo, roughness, metallic, and normal, in our training dataset, called Ours-
C. Because there is no direct lighting image for real-world data, we generate
a single-channel luminance image from the reference ground-truth image in our
synthetic dataset and use the luminance image as a lighting hint during training.
At inference time, we generate a luminance image from original real-world data
to use as a lighting hint, assuming that we obtain such lighting hint from intrinsic
decomposition. We use intrinsic images (albedo, roughness, metallic, and normal)
generated with the inverse renderer of DiffusionRenderer [30] as geometry and
materials conditioning inputs to RGB↔X and our method (Ours-C).

Figure 3 shows results from our method alongside a comparative baseline and
the original real-world images. Although our model has not been fine-tuned on
any real-world dataset, it adapts to these unseen real-world images and shows
good alignment with the features and illumination of the original images. In this
evaluation, we observe that our results present some hallucinations in color and
texture patterns, indicating the importance of the demodulation by albedo in
our method (see the ablation study in Sec. 5). Such hallucinations are plausible
for a real-world setting and still provide good perceptual quality. Note that our
method (Ours-C) uses a single-channel luminance image as a lighting condition,
but this can readily be extended to colored (3-channel) irradiance.
Robustness to imperfect intrinsics. Figure 4 shows two sets of intrinsics,
high quality and low quality, generated via inverse rendering using Diffusion-
Renderer [30] and RGB↔X [60], respectively. Note the missing ceiling color and
painting in Fig. 4 (a), noisy normals in Fig. 4 (b), and low-quality metallic
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Table 2: Quantitative evaluation on the real-world data in Fig. 3.
(PSNR↑/SSIM↑/LPIPS↓/FovVDP↑ (FovVDP with optical flow)).

w/ high-quality intrinsics w/ low-quality intrinsics
real1 25.64 / 0.86 / 0.16 / 7.6627 (6.8596) 25.85 / 0.85 / 0.17 / 7.7561
real2 21.61 / 0.83 / 0.22 / 7.5914 (6.7521) 22.18 / 0.83 / 0.22 / 7.6991
real3 23.62 / 0.85 / 0.21 / 8.1052 (6.6716) 22.88 / 0.85 / 0.21 / 8.1433
real4 23.15 / 0.85 / 0.23 / 8.0286 (6.2275) 23.47 / 0.85 / 0.26 / 8.0453
real5 23.04 / 0.86 / 0.17 / 7.7276 (6.9514) 24.29 / 0.87 / 0.16 / 7.8561
real6 20.11 / 0.83 / 0.19 / 7.5901 (7.1617) 20.86 / 0.84 / 0.19 / 7.5711

Table 3: Runtime and GPU memory usage (PyTorch models).

512×512 resolution Ours Ours-C RGB↔X DiffusionRenderer
Runtime (seconds) 0.29 0.284 3.25 52.09
GPU memory (GB) 8.68 7.97 3.76 21.81

in Fig. 4 (c). Despite these low-quality conditions, our result in Fig. 4 (e) still
exhibits robust quality. Table 2 confirms this quantitatively: metrics for the real-
world data in Fig. 3 are consistent across both sets with only a marginal delta,
evidencing the robustness of our method.
Robustness to imperfect motion vectors. Table 2 also reports FovVDP
in parentheses for our results using TVAE with optical flow (OF), generated
using RAFT [48] (pretrained model: raft-things.pth). FovVDP values slightly
decrease with OF-based TVAE, as OF is not accurate enough for reprojecting
previous outputs. Nevertheless, visual quality remains plausible, with reduced
high-frequency flickering when playing videos. Figure 5 shows results without
and with TVAE using OF, including a new outdoor result to show how our
method works. Imperfect motion vectors may cause over-smoothing, as marked
with red arrows in Fig. 5, since TVAE is trained with accurate motion vectors.
Leveraging OF during training TVAE would improve robustness, and making
TVAE motion vector-free is also an interesting direction of future work.

4.4 Runtime Efficiency

Without incorporating inference optimizations in our implementation, our ap-
proach takes 0.29 seconds per image. Table 3 shows runtime and GPU memory
for our methods and prior works on RTX™ 3090 GPU. Our key contribution
is the ability to generate temporally stable illumination from a single-step dif-
fusion model, eliminating the need for multiple denoising steps or costly video
diffusion models. This provides greater runtime efficiency, being 11-179× faster
than baseline methods that require multiple denoising steps or video diffusion
models.

5 Ablation Studies

Albedo demodulation: Demodulation by albedo in Fig. 1 (grey box) removes
albedo (color, textures) from the input to the diffusion UNet, allowing it to focus
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(a) Ours w/o demod. (b) Ours (c) Reference

Fig. 6: Ablation of demodulation by albedo. Demodulation (in input processing) and
modulation (in output processing) by albedo helps preserve texture details.

(a) Ours w/ concatenated conditions (b) Ours (w/ Adapters)
Fig. 7: Ablation of conditioning strategy.

on generating indirect illumination. Albedo modulation then reintroduces albedo
into the output, preserving texture detail and color. Figure 6 (a) shows texture
hallucinations when demodulation is omitted. Hence, it helps our method align
with the conditioning inputs as shown in Fig. 6 (b).
Conditioning strategy: When using multiple images to condition diffusion
model-based image generation, concatenation-based conditioning has showed
great success in prior work [27, 30, 60]. As more conditioning images are used,
we find that encoding so many images with VAE encoders and concatenating
them dilutes the lighting condition signal in our approach with a single-step
diffusion model. Note that the prior works use multi-step denoising diffusion
models. Hence, Fig. 7 shows that our design choice with Adapters yields better
reflection quality than concatenated latents of conditions. Another insight is that
Adapters provide efficient feature injection into the diffusion UNet at multiple
scales, enhancing controlled image generation.
Lighting hints: We use direct lighting, spatially sparse noisy GI, and radiance
cues [19, 59] as lighting hints. Direct lighting is used as the initial hint through
the VAE encoder, whereas noisy GI is encoded through the adapter. Although
direct lighting and noisy GI are largely interchangeable with minimal overall
quality differences, we observe noticeably better glossy reflections when encoding
noisy GI through the adapter rather than the VAE encoder. As shown in Fig. 8
(b), our model produces stronger reflection on the glossy surfaces when direct
lighting is used as the initial hint via the VAE encoder and noisy GI is supplied
as an additional hint through the T2I-Adapter. This indicates that the lighting
information in noisy GI is more effectively conveyed to multiple levels of the
diffusion UNet when routed through the adapter.

Direct lighting as the initial hint also plays a key role in producing high-
quality images. In Fig. 9, we compare our model with and without direct lighting.
To this end, we use a reduced set of conditioning inputs by omitting direct
lighting but use noisy GI as the initial hint. As shown in Fig. 9 (a), without direct
lighting, the result exhibits a loss of detail in both geometry and illumination.
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(a) via VAE (b) via Adapter (c) Reference

Fig. 8: Ablation of noisy GI encoding: (a) via the VAE encoder and (b) via the Adapter.

(a) w/o direct lighting (b) w/ direct lighting (c) Reference

Fig. 9: Ablation (a) without and (b) with direct lighting.

(a) w/ 1 adapter (b) Error for (a) (c) w/ 2 adapters (d) Error for (c)

Fig. 10: Ablation of using two adapters, which produces better indirect lighting. The
error maps are produced by CGVQM [24].

Dual Adapters: For the multiple conditions shown in Fig. 1 (red box), we
ablate two configurations: a single T2I-Adapter for all conditions, and two T2I-
Adapters—one for lighting cues and the other for material/geometry conditions.
Figure 10 shows that using two adapters, with a dedicated adapter for lighting
cues, produces better indirect lighting closer to the reference.

Temporal VAE: In Tab. 4, we present the video quality metric CGVQM [24],
which is calibrated for different type of distortions in synthetic images and ac-
counts for both spatial and temporal artifacts. We compute quality scores on
long sequences from our test dataset, comparing video quality with and without
TVAE and albedo demodulation. Overall, our method achieves comparably high
quality scores. Removing TVAE, albedo demodulation, or both reduces the qual-
ity score, indicating a larger deviation from the reference. We observe a larger
quality score drop without albedo demodulation, as it fails to preserve color
and texture details. Note that Shadow Room attains a similar score without
albedo demodulation, since it does not include textures. Although the difference
in quality scores between ours and without TVAE is marginal, our method with
TVAE exhibits improved visual temporal stability across all test data compared
with the standard SD-VAE.
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Table 4: Ablation with and without TVAE and albedo demodulation on the test data
in Fig. 2. Without TVAE, we run our diffusion UNet with the standard SD-VAE.

CGVQM↑ Ours w/o TVAE w/o albedo demodulation w/o both
White Room 80.36 80.60 75.18 75.99
Kitchen 75.97 74.74 73.86 72.86
Living Room 75.08 73.95 74.02 73.39
Staircase 69.80 70.18 60.94 60.27
Shadow Room 87.23 86.55 87.66 87.91

(a) Direct lighting (b) Ours (c) Reference

Fig. 11: Failure cases are marked with red arrows (→).

6 Limitations

As shown in Fig. 11, indirect shadows in directly shadowed regions and reflec-
tions from distant objects remain challenging. Our results show missing color in
reflections from distant objects. This partly stems from relatively small synthetic
dataset with limited glossy reflections.

Our TVAE relies on the previous output reprojected using motion vectors,
which are not available in real-world settings. Although TVAE is robust with
optical flows as presented in Sec. 4.3, making TVAE motion vector-free would
improve applicability across synthetic and real-world data.

7 Conclusion and Future work

We presented a single-step diffusion approach for generating global illumination
that remains temporally stable over long sequences and aligned with intrinsic
scene signals. Our key design choices—injecting lighting hints via the VAE and
T2I-Adapters, and introducing a Temporal VAE decoder for stability—enable
strong alignment to the conditioning inputs without sacrificing generative ca-
pacity for illumination. Experiments across diverse synthetic scenes show that
the method produces plausible indirect lighting and improves temporal stabil-
ity versus baselines. Ablations confirm the complementary roles of (i) adapter-
conditioned noisy GI for conveying multi-bounce lighting (notably improving
glossy reflections) and (ii) direct lighting as an initial hint for generating details
and shadows. A compact variant trained without direct lighting shows plausible
quality, indicating great general applicability to real-world images. A promis-
ing direction for future work is to explore an adaptive balance between recon-
struction and generation under constrained conditioning environments, thereby
enabling controllable generative flexibility based on the conservativeness of the
conditioning.
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