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Abstract

Neural global illumination methods face a fundamental tradeoff:
screen-space approaches are fast but miss off-screen lighting, while
scene-wide approaches require pipeline-incompatible preprocess-
ing for input generation. We present a lightweight attention-based
model that bridges this gap by augmenting screen-space G-buffers
with reflective shadow map data rendered from light-source per-
spectives. Shifting resources from model complexity to richer inputs,
our approach achieves improved indirect shadow quality and better
generalization to unseen scenes.
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1 Introduction

Producing accurate global illumination (GI) in real time requires bal-
ancing fidelity against strict computational budgets. Screen-space
neural GI methods [Gai et al. 2025; Nalbach et al. 2017; Xin et al.
2020] are fast but inherently lack information about off-screen light
sources, which limits the quality of indirect illumination they can
reconstruct. Scene-wide approaches address this limitation by gath-
ering point-cloud data across the full scene [Xu et al. 2025] or repre-
senting triangles as a sequence of tokens [Zeng et al. 2025] to simu-
late light transport via attention mechanisms [Vaswani et al. 2017].
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However, they require a dedicated data-gathering process incom-
patible with standard rendering pipelines. LightFormer [Ren et al.
2024] strikes a middle ground, augmenting screen-space buffers
with reflective shadow maps (RSM) [Dachsbacher and Stamminger
2005] rendered from light sources, but it was trained and evalu-
ated per scene with partial overlap between training and test data,
lacking generalization.

We address these limitations with a distinct lightweight attention-
based approach for global illumination that improves indirect shadow
quality and, unlike prior work [Ren et al. 2024], generalizes to scenes
not seen during training. Our key design choice is to shift the re-
source budget from model complexity to richer input generation: a
simpler model consuming more informative input data.

2 Approach
2.1 Data

We take the direct illumination buffer of the main camera from the
rendering engine and predict the indirect illumination component
only. Our approach infers indirect illumination primarily from re-
flected flux buffers. These buffers are generated from light-source
perspectives: independent equirectangular cameras placed at the
light’s position and oriented along its direction, capturing G-buffers
(albedo, position, normal, metallic). Together with the light source’s
power, these are used to compute reflected flux buffers [Dachs-
bacher and Stamminger 2005]. As in prior work [Ren et al. 2024],
each texel of the RSM data is treated as an indirect virtual point
light (iVPL)—a small light source contributing only to indirect il-
lumination. Crucially, iVPL texels often capture geometry beyond
the camera’s view, enabling the model to reconstruct off-screen
effects. Additionally, we use a one-bounce, one-sample-per-pixel
(1spp) illumination buffer from the main camera as a guide for pre-
dicting indirect illumination. This buffer is inexpensive and very
noisy, but provides a valuable hint that improves results. For high-
quality ground truth (GT), frames are rendered with high sample
counts (e.g., 2k—-16k samples per pixel), followed by OptiX [NVidia
2021] denoising. We render our training dataset from 11 scenes
(14,320 frames) using Blender [Community 2018], restricted to area
light sources of varying size, shape, color, and intensity. Main cam-
era buffers are at 512x512 resolution; RSM buffers are at 128x128
resolution. Data coming from various scenes is normalized with
respect to the scene size. We improve robustness by augmenting
with random exposure scale and scene size perturbations.
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Figure 1: Overview of our approach. Input buffers rendered from the main camera perspective: direct illumination (di), one-
bounce 1spp illumination (gi1lb), G-buffers, and scene size. Input buffers captured by RSM cameras: G-buffers and light properties
(reflected flux buffers). The model predicts indirect illumination components (diffuse and specular), which are composed with
direct illumination to produce the final global illumination image. Connections from di and diffuse albedo to the composition
module are omitted for brevity. The indirect VPLs encoder is a 5-layer MLP. The pixel geometry encoder is a 4-layer MLP. The
MHA module has eight heads. The indirect diffuse and specular decoders are both 4-layer MLPs.

2.2 Model

An overview of our approach is shown in Figure 1. By exploiting
the linearity of light transport, we separately predict the diffuse
and specular components of indirect illumination and compose the
final global illumination image using Equation (1).

Igi = Igi + (Zaifr - Adifr + Ispec), (1)

where I is the final global illumination image, Iy; is the direct
illumination (zero-bounce), [y is the predicted diffuse indirect
illumination intrinsic (albedo-free), Ag;g is the diffuse albedo, and
Ispec is the predicted specular indirect illumination.

The approach consists of three stages: encoding, attention, and
decoding. Three encoders generate embeddings from distinct data
sources: The iVPL encoder is an MLP that encodes reflected flux,
G-buffers (position, normal, albedo, metallic, direction to camera,
distance to camera), and light properties (size, power, color, shape),
similar to prior work [Ren et al. 2024]. The pixel light encoder is a
UNet that encodes screen-space radiance buffers (direct illumina-
tion and one-bounce illumination) and G-buffers (position, normal,
roughness, metallic, diffuse albedo, specular albedo). We use a UNet
here, rather than a per-pixel MLP, because aggregating spatial con-
text across larger receptive fields is essential for extracting a useful
signal from the noisy one-bounce illumination buffer. The pixel ge-
ometry encoder is an MLP that encodes G-buffers (position, normal,
roughness, metallic, diffuse albedo, specular albedo, view direction)
from the main camera and scene size. The iVPL encoder and pixel

geometry encoder process data per pixel. As in prior work [Ren
et al. 2024], iVPL embeddings are averaged per light and expanded
to screen-space resolution, producing one buffer per light source.
These are then concatenated with pixel light embeddings to form
the light data embedding.

These embeddings are then processed by the core of our model,
a multi-head attention module. It relates geometry and material
properties from the main camera (pixel geometry data) with ra-
diance information from the main camera (pixel light data) and
light-source cameras (iVPL data) by taking pixel geometry embed-
dings as the query (Q) and the light data embedding as key (K)
and value (V). Its output is a composite light embedding for each
shading point. This embedding, concatenated with the pixel ge-
ometry embedding, is fed into two shading decoders: an indirect
diffuse decoder and an indirect specular decoder, both MLP modules,
yielding Iyife and Ispec in Equation (1), respectively.

Our model is trained with a weighted combination of loss func-
tions: L1 in linear space (weight 0.1), and L1, MS-SSIM, Luminance,
and LPIPS in tonemapped space (weights 0.2, 1.0, 0.5, and 1.0, re-
spectively).

Compared to LightFormer [Ren et al. 2024], we shifted the re-
source budget from model complexity to richer input generation.
The model is simpler yet consumes more informative input, yield-
ing improved indirect shadow quality and generalization to unseen
scenes.
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Figure 2: Result from an unseen test-only scene. We compare our final global illumination result (c) and indirect illumination
result (g) to the corresponding BCNN [Xin et al. 2020] results (b) and (f), and the ground truth (GT). Arrows on our result
highlight areas where our method predicts plausible indirect illumination.

3 Results

Figure 2 illustrates an inference result from THE WHITE Room
scene [Bitterli 2016], a test-only scene entirely disjoint from our
training data. Complex specular highlights on the couch, armchair,
and teapot—as seen in the ground truth (GT) indirect illumination
(h)—are faithfully reconstructed, even though the noisy one-bounce
guide buffer provides little useful signal for these effects. For com-
parison, we show the result of BCNN [Xin et al. 2020] trained on the
same data. Our result exhibits substantially richer indirect illumina-
tion effects. A residual color shift in the output remains an open is-
sue. We observe empirically that adding more scenes to the training
set consistently reduces this bias on held-out test scenes, suggest-
ing that limited scene diversity is a contributing factor. This also
suggests the current architecture is not yet capacity-constrained,
leaving room to scale the dataset further before revisiting model
size.

Our model has 2.19 million trainable parameters and requires
432 GFLOPs. Without inference optimizations like layer fusion and
low-precision quantization in our PyTorch implementation, the
model runs in 45.56 ms at 512x512 resolution on an AMD Instinct™
MI250 GPU.

4 Conclusions & Future Work

We demonstrated that shifting the resource budget from model
complexity to richer input enables a lightweight attention-based
architecture to generalize to unseen scenes while reconstructing
complex indirect illumination effects. Future work will aim to ad-
dress the residual color shift by extending the training dataset and
explore reducing the dependency on the one-bounce guide buffer
through curriculum learning and a dropout strategy.
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