A Generalizable Light Transport 3D Embedding for Global Illumination
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Global illumination (GI) is essential for realism but remains computationally
expensive. While per-scene neural methods lack generalization and screen-
space approaches inherently suffer from view inconsistency, prior 3D neural
rendering methods face a severe scalability barrier, restricting them to small,
object-centric meshes. To overcome these trade-offs, we introduce a general-
izable light transport 3D embedding that predicts global illumination directly
from 3D scene configurations without rasterized or path-traced illumination
cues, per-scene retraining or screen-space limitations. We employ a point-
based representation to decouple our embedding from the original scene
topology, then utilize a linear-complexity transformer to encode long-range
light transport. This design scales to environments with millions of triangles,
enabling the first generalizable GI learning on complex, high-fidelity indoor
scenes, far beyond prior limits. To achieve this, we enforce a local query
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Fig. 1. Our scalable transformer-based, generalizable light-transport model takes 3D scene assets (leftmost slice)—geometry, materials, and lighting as a
point cloud—and encodes global light transport into a 3D embedding (rightmost slice) via latent codes anchored at scene points. The model is view- and
resolution-independent. Center slices: reference vs. our predicted global illumination for an unseen scene at 2688x1152 resolution (cropped for space).

mechanism where rendering queries are processed independently under 3D
supervision. This ensures constant complexity per pixel relative to scene
size, yielding view-consistent and resolution-agnostic rendering without
the memory bottlenecks typical of globally coupled attention. We further
demonstrate versatility by re-targeting the encoder with limited fine-tuning,
presenting preliminary results on spatial-directional radiance field predic-
tion for glossy materials and validating transfer to downstream rendering
tasks.

1 INTRODUCTION

A long-term goal of computer graphics has been to efficiently sim-
ulate complex light-matter interactions. While researchers have
derived mathematical models for physical phenomena [Christensen
et al. 2016], recent years have witnessed a different paradigm: learn-
ing data-driven priors to approximate these processes [OpenAl
2024]. With the growing availability of 3D data [Siddiqui et al. 2024],
we seek to answer a central question: can data priors alone be used to
train a generalizable model that predicts 3D light transport directly
from scene configurations, partially bypassing explicit simulation?

Monte Carlo rendering remains the workhorse of photorealism
but is computationally intensive. Recent neural global illumination
methods [Diolatzis et al. 2022; Granskog et al. 2020; Rainer et al. 2022;
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Ren et al. 2013; Zheng et al. 2023] approximate light transport to en-
able efficient reuse of lighting computation, but they typically overfit
to individual scenes, preventing generalization. Conversely, cross-
scene generalization efforts, including neural denoisers [Afra 2024]
or G-buffer-based predictors [Nalbach et al. 2017], often operate
in 2D screen space. These methods suffer from view-inconsistency
and fail to capture global illumination from off-screen geometry.

Closer to our goal are methods that learn light transport directly
in 3D. However, these approaches face a severe scalability barrier.
Pioneering work by Hermosilla et al. [2019] based on convolutions
struggles to model long-range global interactions, and the recent
transformer-based approaches like RenderFormer [Zeng et al. 2025]
rely on global attention with quadratic complexity. This computa-
tional bottleneck restricts them to simple, object-centric meshes,
making them well-suited to object-centric setups but unsuitable for
the dense geometry of real-world environments.

In this paper, we introduce a generalizable light transport 3D em-
bedding designed to prioritize scalability and versatility. We achieve
a scalable architecture by reducing computational complexity in
three key ways: 1) Point-based primitives decouple lighting reso-
lution from the original scene topology and unify light sources
with geometry into a single representation. 2) A linear-complexity
transformer replaces quadratic global attention to efficiently encode
long-range light transport into the 3D embedding. 3) Independent
local decoding. We retrieve features only from a fixed local neigh-
borhood (:-NN) of the embedding regardless of the scene size and
process each query independently. This ensures no dependencies ex-
ist between separate rendering rays, enabling flexible training batch
sizes and resolution-agnostic inference. Finally, we use direct 3D
supervision in world space rather than 2D image space. This guar-
antees that our learned embedding is inherently view-consistent
and robust to camera trajectory shifts.

In summary, we make the following contributions:

A scalable 3D embedding using point clouds and linear-complexity
transformers to overcome quadratic memory bottlenecks, en-

abling global transport modeling on millions of triangles (§3.2,§3.3).

Resolution-agnostic decoding: A local decoding mechanism with
constant per-pixel complexity that, via 3D supervision, ensures
view-consistent and generalizable GI for large-scale scenes (§3.4).
We curate and release a 14k complex indoor scenes dataset with
diverse layouts, geometries, and textures, serving as a benchmark
for learning light transport (§4).

Architectural versatility: A transferable encoder capable of sup-
porting dedicated tasks, demonstrated by extending our primary
diffuse GI model to predict spatial-directional radiance fields for
glossy materials (§5.3).

2 RELATED WORK

We focus our discussion on data-driven methods, particularly those
leveraging neural networks to approximate light transport or oper-
ate directly on 3D data.

Per-scene neural rendering. Classical Precomputed Radiance Trans-
fer (PRT) [Ramamoorthi et al. 2009; Sloan et al. 2002] and its neu-
ral extensions [Raghavan et al. 2023; Rainer et al. 2022] enable
efficient GI but rely on per-scene precomputation. Similarly, early

SIGGRAPH Conference Papers ’26, July 19-23, 2026, Los Angeles, CA, USA.

neural regressions [Ren et al. 2013] and subsequent scene represen-
tations have focused on specific dynamic factors, such as moving
objects [Zheng et al. 2024, 2023], variable lighting or materials [Dio-
latzis et al. 2022; Gao et al. 2023], and changing viewpoints [Eslami
et al. 2018; Granskog et al. 2020]. Hybrid neural renderers incor-
porate 3D scene reasoning via point-based light transport mod-
ules, trained per scene, while synthesizing final images in screen
space [Sanzenbacher et al. 2020]. However, these methods remain
fundamentally instance-specific. In contrast, our approach targets
scene-level generalization, learning a light transport embedding di-
rectly from raw 3D configurations without per-scene training.

Generalizable screen-space techniques. Neural denoising and deep
shading are two major approaches that aim for scene-level gen-
eralization. Denoising methods [Bako et al. 2017; Chaitanya et al.
2017; Gharbi et al. 2019; Vogels et al. 2018; Xu et al. 2019] operate
as post-processing, while deep shading [Nalbach et al. 2017; Xin
et al. 2022] infers shading from G-buffers. While efficient, their
reliance on screen-space input leads to view inconsistencies and
misses off-screen light transport effects.

Learning light transport in 3D. A more robust alternative is to
learn light transport directly in the 3D world space. Hermosilla et al.
[2019] pioneered this direction but relied on convolutions, which
generally prioritize local features and struggle to model long-range
global interactions. More recently, Zeng et al. [2025] successfully
applied global transformer architectures to mesh vertices, produc-
ing high-fidelity results for complex glossy and specular effects.
While effective for single objects, their reliance on standard global
attention introduces a quadratic computational bottleneck. This
complexity constrains the approach to low-polygon scenes (e.g.,

4k triangles), and is not the natural fit for dense, complex envi-
ronments (see Figure 2). Furthermore, our design adopts decoupled
geometry-ray decoding, where each query independently attends
to a local neighborhood of scene primitives, yielding view consis-
tency and resolution flexibility. We provide a detailed structural
comparison with [Zeng et al. 2025] in §5.5 and related statistics in
the Supplementary §3. Looking ahead, a shared challenge for both
methods is to further scale up with rendering parameters to capture
the full spectrum of light transport effects.

Deep learning on irregular geometric data. Processing irregular 3D
data requires handling permutation invariance and varying density.
Early MLP-based approaches [Qi et al. 2017a,b] and subsequent
graph [Wang et al. 2019] or continuous convolution methods [Li
et al. 2019; Thomas et al. 2019] proved effective for local geometry.
Attention-driven architectures such as Point Transformer [Zhao
et al. 2021] further enhance the integration of global context. Point-
TransformerV3 [Wu et al. 2024] (PTV3) replaces per-layer KNN with
serialization-based patch attention to scale to large point clouds; we
adopt it as our encoder backbone. A brief background is provided in
Supplementary §1.2. This choice prioritizes scalability and architec-
tural simplicity, enabling efficient learning of complex relationships
within 3D point clouds for global illumination.
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Fig. 2. Memory scalability . We benchmarkPeak Training VRAM (GB))
with increasingNumber of primitivegx) on a single scene using a tir642
resolution . Even with this reduced query count, RenderFormer rapidly
exhausts a 48GB GPU. See more discussions in Y5.4 and supplementary.

3 LIGHT TRANSPORT 3D EMBEDDING

We introduce a generalizable framework for predicting global illu-
mination directly from 3D con gurations. Inspired by the parallel
between the light transport operator and attention (Y3.1), we detail
our pipeline's three key stages, as illustrated in Figure 4: Sdeise
cretization(Y3.2)Global Light Transport Encodifg3.3) where we
encode these points into a high-dimensional neural representation
(Fg) that captures the light transport function of the given scene,
andLocal Query Decodir(iy3.4).

3.1 Motivation: An Analogy Bridging Light Transport and
A ention

Light transport is often expanded as a Neumann series [Arvo et al
1994], where global illumination is resolved by recursively prop-

agating energy between surface points. This mirrors the stacked 1pgeNge Cer 66

self-attention operation in transformers [Vaswani et 2017]. Just
as the transport operatdr (Soler et al[2022]) recursively simulates

bounces, passing features through successive transformer layers

allows the network to capture increasingly complex, multi-bounce
interactions. We o er a visual intuition for this parallel in Figure 3,
illustrating that attention weights naturally highlight scene regions
contributing to a point's illumination.

Guided by this analogy, we design our Encoder to act as the

global solver: by stacking deep attention layers, it bakes the multi-
bounce simulation results into per-point embeddings. This allows
our Decoder to simplify to docal retrieval task , avoiding the
expensive global attention used in prior work [Zeng et 2D25] and
enabling resolution-independent inference.

3.2 Points as the Intermediate Scene Representation

Unlike prior generalizable methods that rely on xed mesh topology
(e.g., vertices) or view-dependent 2D projections [Nalbach et al

2017], we adopt point clouds as our intermediate representation

(IR), deriving per-point attributes from the 3D scene. This design

o ers key advantages: 1) scalability: point density can adjust based

on importance; 2) generality: decoupled from original geometry,

suitable for other sources like scanned data; and 3) simplicity: easier

for neural networks to handle than meshes, with no connectivity.

Light sourceswWhile most prior neural GI works focus on distant
illumination (e.g., environment maps), this approximation fails to
capture near- eld e ects. We instead use local area lights to produce
rich, spatially varying illumination essential for indoor rendering.
By representing light sources as point clouds, we unify the treatment
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Fig. 3. Attention visualization for a bedroom with a hallway. We show

a ention heatmaps from our light transport encoder for two focus points.
Points are shaded by importance, with the top 200 scores enlarged. The blue
shaded square denotes the light source. In (a), we see four groups of scene
points having the largest impact on the focus point (highlighted in blue
square and orange clusters), which likely corresponds to 4 bounces of ray
tracing. In (b), the focus point is on the wall of the hallway where the light
source is occluded. This serves as a visual hint for our analogy between the
light transport operator and the a ention mechanism in Y3.1.

of emissive and non-emissive geometries. This makes our method
agnostic to the lighting type, e ortlessly supporting area lights,
point lights, or emissive strips without architectural changes.

Scene point#\s a pre-processing step (Figure 4, left), we convert
the scene into an intermediate representation by sampling object ge-
ometryinto" ( 2Q ) Scene point&ach poinBis de ned as a tuple
representing position, normal, albedo, and emissiv-
ity, respectively. The full scene is thus denotedfaggngceresy .
This approach aligns with prior light transport approximations that
also leverage point cloud inputs [Ha2an et.&006; Hermosilla et al
2019]. Note that the mesh vertices used in Zeng e{2025] can
be viewed as a speci c realization of this representation. Further

analysis of point sampling is provided in Y5.5.

Query pointsAt render time,Query pointorrespond to ray-
intersections for shading, while during training, they serve as loca-
tions for loss evaluation. Each pointis de ned by featufépgrngrcs®g
Crucially, rather than using view-dependent path tracing samples
for supervision like many prior works (e.g. [Zeng et.&025], which
is limited by xed resolutions and views), we uniformly sample
# ( 2million) points from the scene surfaces. This approach de-
couples training from speci ¢ camera angles, enabling view and
resolution independence. Further analysis is in YBl&te we di er-
entiateScene pointérom Query pointsthroughout the paper

3.3 Global Light Transport Encoding

Our goal is to approximate global illumination e ects directly from

3D scene inputs geometries, materials, light sources without rely-

ing on any rasterized or path-traced illumination cues. Gl requires
simulating the full complexity of light transport, including multi-

ple bounces against various surfaces and interactions with various
material properties (BSDFs), before reaching the camera. Our ob-
servation from Y3.1 motivates us to leverage a transformer-based
encoder (dubbedight Transport Encodén Figure 4) to derive per-
point neural primitives that implicitly model the light transport
operator. As illustrated in Figure 4, we encode thé¥eene points
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