GNN-Based Neural-GASh: Radiance Transfer
Prediction for Real-Time Rendering using Neu-
ral Networks and Geometric Algebra

Efstratios Geronikolakis, Manos Kamarianakis, Antonis
Protopsaltis and George Papagiannakis

Abstract. Precomputed Radiance Transfer (PRT) has long been a cor-
nerstone of real-time rendering, enabling high-fidelity global illumination
under complex lighting. However, traditional PRT suffers from prohibi-
tive precomputation costs, limited scalability to high-resolution meshes,
and impracticality for dynamic or animated scenes—severely constraining
its use in interactive applications. Three key challenges arise in particular:
(i) the expensive computation of per-vertex spherical harmonic (SH) co-
efficients, (ii) the lack of adaptability to changing geometry and lighting,
and (iii) the memory and latency constraints that hinder deployment
in real-time pipelines. Recent advances in neural rendering and neural
radiance field (NeRF) research have demonstrated the potential of deep
learning networks to model complex light transport efficiently. Yet, these
methods are typically restricted to image-space rendering and remain
poorly suited for SH-based lighting representations or integration within
mesh-based pipelines. In parallel, Conformal Geometric Algebra (CGA)
has gained attention in computer graphics for its ability to represent
geometric entities and transformations in a unified algebraic framework,
offering a mathematically consistent way to encode spatial and lighting
relationships directly on meshes. To address these limitations, we intro-
duce Neural-GASh, a neural rendering framework that reformulates PRT
within a geometric deep learning paradigm. By encoding vertex—normal
pairs as CGA multivectors and utilizing neural networks to predict ra-
diance transfer coefficients, we bypass the costly precomputation while
maintaining physical interpretability. The contributions of this work are
threefold. First, we show that CGA-based encodings improve training
stability and expressiveness by utilizing multivectors that capture spatial
and angular relationships more richly than FEuclidean inputs. Second, we
show that graph neural networks (GNNs), leveraging mesh connectivity,
capture self-occlusion and shadowing effects that MLP-based surrogates
fail to reproduce. Third, we integrate the trained GI models into Unity for
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real-time rendering, for both static and animated assets. Experimental
evaluation across diverse 3D meshes con rms that Neural-GASh reduces
precomputation by orders of magnitude while preserving high-quality
illumination, including complex shadowing. The framework scales to
meshes with tens of thousands of vertices, and the Unity prototype
demonstrates its feasibility in interactive applications. In summary, this
work establishes GNN-based PRT as a scalable and e ective alterna-
tive to classical precomputation, laying groundwork for future neural
rendering pipelines in graphics and virtual reality.
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1. Introduction

Global lllumination (GI) simulates light transport to capture both direct and
indirect illumination, encompassing phenomena such as re ection, refraction,
and interre ections. Unlike local models [5], Gl is essential for physical plausi-
bility, as illustrated in Figure 1. The theoretical foundation is the rendering
equation [18, 20], which describes the equilibrium of radiance but remains
computationally intractable for most practical cases.

z
Lo(X;¥) =L o(x;¥) + frnL i)™ mdh 1)

Equation 1 expresses outgoing radianck , as the sum of emitted radiance
L. and the integral of incident radiance L; modulated by the BRDF f,
and the geometric term over the hemisphere * . While o ine Monte Carlo
methods such as path tracing [11], bidirectional path tracing [22], and photon
mapping [19] can approximate this integral to produce photorealistic results,
they are often too slow for real-time applications.

The inclusion of Gl introduces indirect illumination, soft shadows, and
interre ections, producing more realistic and visually coherent results [20, 7].
However, real-time rendering, particularly for VR/AR, demands strict frame-
time budgets (30 120 FPS). This constraint has motivated research into
e cient approximations such as Precomputed Radiance Transfer (PRT),
which enables the rendering of complex light interactions in real time.

1.1. Precomputed Radiance Transfer (PRT)

To bridge the gap between physical accuracy and real-time performance, Sloan
et al. introduced PRT [34]. PRT assumes a static scene and precomputes light
transport, storing the transfer function in a basis representation, typically
SH. This reduces the shading integral to a dot product (di use) or matrix
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Figure 1. Comparison of a computer-generated living room
scene rendered (a) with GI, and (b) with baked GI. In (a),
Neural-GASh correctly shades the dynamic doctor model
with self-shadows, unlike (b) Unity's static GI bake which
relies on sparse light probes, leaving the character atly lit.

operation (glossy), allowing for dynamic lighting with low runtime cost. The
transfer function T(x;! ;) is projected onto SH basis functions ¥, :

X X
T(X;! i) Cim (X)Ylm (! i) (2)
I=0 m=1
Here, om (X) are precomputed coe cients capturing visibility and material
properties. During runtime, these are combined with the lighting environment
coecients L, :
X X
Lo(x;! o) Cm (X)L im 3)

=0 m=1
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1.2. Limitations and Motivation

Despite its e ciency, PRT su ers from signi cant limitations. First, it assumes
static geometry; any mesh deformation or destruction invalidates the precom-
puted data. Second, the use of low-order SH limits high-frequency details like
sharp shadows. Third, the o ine precomputation phase is computationally
expensive. For a simple geometry (672 vertices), precomputation takes 100
seconds, while a complex model (49k vertices) requires3 hours [15]. These
scalings render classic PRT impractical for large-scale or user-modi able
content. Furthermore, no complete, e cient PRT implementation currently
exists within the Unity engine [1].

Recent neural approaches have attempted to address these gaps. Methods
like NeuralPRT [28] and DeepPRT [23] utilize Multilayer Perceptrons (MLPs)
to approximate radiance transfer. However, these often operate in image space
or lack integration with game engines. Similarly, NeRFs [3] and 3D Gaussian
Splatting [21] achieve high visual delity but typically remain static and
image-centric, lacking the geometry-awareness required for traditional 3D
pipelines.

1.3. Toward a Neural Formulation of PRT

To overcome the static nature and precomputation bottleneck of traditional
PRT, we previously introduced a preliminary MLP-based approximation,
called Neural-GASh [15], at the CGI 2025 ENGAGE workshop. While that
study validated the utility of CGA for encoding vertex states, the MLP-
based model treated vertices independently, lacking the topological awareness
required for self-shadowing.

In this work, we present the GNN-based Neural-GASh framework, a
new geometry-aware reformulation of the MPL-based iteration, that couples
the CGA encoding with Graph Neural Networks (GNNSs), to explicitly reason
over mesh connectivity. Unlike the previous iteration, the new framework
enables the model to analyze local neighborhoods and infer complex occlusion
relationships.

This approach provides a scalable, real-time alternative to PRT that
supports dynamic interactions and is deployable within the Unity game engine.
By bridging physically-based rendering with geometric deep learning, the
proposed framework establishes a path toward robust neural Gl for interactive
XR environments.

2. Problem Formulation

This section reformulates the task of Gl as a learning-based problem, extending
traditional PRT into a neural, geometry-aware framework. The objective is to
preserve the theoretical rigor of PRT while eliminating its primary bottleneck:
the expensive, per-mesh precomputation that restricts it to static scenes.
The de ned the Neural-GASh framework, maps CGA encodings of
surface geometry directly to SH coe cients. This approach bypasses the need
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for runtime integration, enabling real-time radiance prediction consistent with
diverse and dynamic topologies.

2.1. PRT Complexity and Problem De nition

For each vertex v with normal n, the baseline PRT algorithm computes a
lighting-independent SH transfer vector t?(v) 2 R%. An HDR environment

map is projected into SH form as L2 R°3 . The di use RGB irradiance at

vertex v is then given by:

C(v) = albedo(v) t(v) L :

The core challenge is that computing £ (v) speci cally for shadowed trans-
port requires evaluating visibility integrals over the hemisphere for every
vertex.

To quantify this cost, we benchmarked our Python-based PRT implemen-
tation across meshes of increasing complexity. Table 1 and Figure 2 illustrate
the scaling behavior. While the unshadowed PRT scales linearly, the shad-
owed PRT incurs signi cantly higher costs due to ray triangle intersection
tests. Even with parallelization, calculating shadowed transfer for models
with 70K vertices exceeds an hour, rendering classical methods intractable
for real-time or dynamic applications. However, we leverage this high- delity
o0 ine simulation to generate the ground-truth training corpus, treating the
slow computation as a one-time dataset generation cost.

Vertices Triangles Complexity Unshadowed (s) Shag?wed
2868 5862 25.50 116.97

24461 48918 216.87 1408.67
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49990

100000

44591

2963.69

72027

144046

639.18

5009.21

Table 1: Precomputation times of the Python PRT implementa-
tion for meshes of varying vertex counts. Shadowed PRT incurs

signi cantly higher cost due to ray triangle visibility queries.

Figure 2. Scaling of unshadowed vs. shadowed PRT pre-
computation time with respect to vertex count. While both
grow with complexity, shadowed PRT exhibits signi cantly

steeper growth due to visibility tests.




GNN-Based Neural-GASh 7

Given this computational barrier, we formulate the problem as a regres-
sion task: approximating the mapping (v;n) 7! t(v) such that the predicted
coe cients closely reproduce the ground truth t ?(v) e ciently.

2.2. Geometric Formulation via CGA

To ensure the learned model generalizes across arbitrary geometries, we
represent each surface element/ n) as a 32-dimensional conformal multivector
m(v; n) 2 R32 within the algebra R4;1. This embedding captures both spatial
position and orientation in a uni ed algebraic structure, allowing geometric
transformations to be expressed as single operations while preserving metric
relationships.
Conformal Encoding of Geometry. To unify position and orientation, we
construct a generic rigid body motion a Motor within the CGA Rs1. A
motor M is the geometric product of a Translator T and a Rotor R, de ned
asM=TR.
Rotor (Orientation): We adopt the half-angle method for e cient rotor
construction. Given a vertex normal n and the canonical up-vector § =
(0; 1;0), we de ne the half-angle vector = (n+e y)=kn+e k. The rotor R
is obtained via the geometric productR = n %,. DecomposingR yields the
coe cients:

R=n)+nle, n Jexu: (4)
This embeds the rotation naturally without trigonometric functions, where
scalar rﬁ corresponds to cos( =2).
Translator (Position): The position of the vertex p = ( x;y;z) is encoded
into a translator T. In CGA, translations are represented using the point at
innity e 1 :

1 1
T=1 E(pel )=1 E(Xen tyep +zez ): (%)

The Resulting Motor: The nal input to the network is the motor M = TR.
This multivector resides in the even subalgebra of CGA and uniquely char-
acterizes the vertex's spatial state (location and facing) in a single algebraic
entity. While this could mathematically be compressed to an 8-dimensional
dual quaternion representation, the full 32-dimensional basis is retained, as
richer geometric encodings often improve neural network convergence and
stability, by providing a more expressive latent space [6, 36, 10]. Preliminary
experiments [15] con rmed that the full multivector representation yields more
stable learning behavior compared to lower-dimensional forms. Furthermore,
this choice ensures extensibility for future operations involving other CGA
entities (e.g., spheres or uniform scalings).

2.3. Neural Approximation Models

The Neural-GASh framework approximates the PRT operator using two
complementary neural architectures, both trained on the CGA-encoded data
described above.

1. Local Approximation (MLP): The rst variant [15] employs a Multi-
Layer Perceptron (MLP) for e cient per-vertex inference. This model treats
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light transport as a local regression problem, making it highly suitable for
real-time engines like Unity where computational budget is limited.

2. Topological Approximation (GNN): To capture non-local light inter-
actions such as self-occlusion and shadowing, we introduce a Graph Neural
Network (GNN) formulation (detailed in Section 4). This model incorporates
mesh connectivity, propagating features across the surface topology to infer
complex lighting relationships that local models cannot resolve.

2.4. Summary

This formulation establishes a coherent framework where di use PRT is treated
as a learnable function over CGA space. By combining the half-angle rotor
construction with neural regressors, we bridge physically-based rendering and
geometric deep learning. The following sections detail the speci ¢ architecture
and training of the GNN-based implementation.

3. State-of-the-art

The simulation of GI remains a central challenge in computer graphics, bal-
ancing physical accuracy with the computational constraints of real-time
applications. Although o ine methods, such as path tracing and photon
mapping, provide ground-truth solutions to the rendering equation, they
remain computationally prohibitive for real-time interactive simulations on
consumer hardware. Consequently, real-time rendering has historically relied
on approximations. Within this spectrum, PRT [34] emerged as a foundational
technique, projecting light transport onto basis functions like SH to decouple
lighting from geometry.

In recent years, the eld has been transformed by neural rendering.
Machine learning models, ranging from Multilayer Perceptrons (MLPSs) to
Convolutional Neural Networks (CNNs), are now used to approximate radiance
transfer, denoise Monte Carlo integrals, or replace the rendering pipeline
entirely via NeRFs and Gaussian Splatting (GS). This section reviews the
trajectory from classical PRT to modern neural and explicit representations,
identifying the speci ¢ geometric and topological limitations that necessitate
the proposed Neural-GASh framework.

3.1. Precomputed Radiance Transfer (PRT)

PRT assumes a static scene to precompute the light transport operatof .
By representing both the incoming lighting L, and the transfer function in a
band-limited basis (typically SH), the shading integral is reduced to a simple
dot product at runtime. Despite its e ciency, the classic formulation assumes
that the geometry is immutable; any deformation or destruction invalidates
the precomputed transfer coe cients.

3.1.1. Algebraic and Texture-Based Extensions. To address the limitations
of PRT, several reformulation strategies have been proposed.
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Geometric Algebra Integration: Papaefthymiou et al. [25] integrated CGA into
the PRT framework. As detailed in recent surveys by Hitzer et al. [17], CGA
0 ers a uni ed algebraic structure for geometric transformations, representing
rotations via rotors rather than matrices. In the context of PRT, this allows
for more e cient rotation of SH coe cients. However, this implementation
inherits the static constraints of PRT. Speci cally, SH coe cients are de ned
relative to a global coordinate frame; while rotors handle rotation e ciently,
the framework does not support the translation or scaling of the transfer
functions, rendering it unsuitable for freely moving or deforming objects.
PRT Textures (PRTT):. Dhawal et al. [12] proposed PRT Textures to decouple
transfer data from mesh resolution. By storing SH coe cients in texture
maps rather than vertex attributes, PRTT allows for high-frequency lighting
details on low-polygon geometry. This approach enables e ects like glossy
interre ections to be resolved at the texel level. However, relying on textures
introduces a baking constraint: interre ections are e ectively "painted” into
the texture space. If the object deforms or if the spatial relationship between
surface patches changes, the baked transport is no longer valid, requiring a
costly re-computation of the texture.

Estimation and Data-Driven Methods: Beyond direct rendering, PRT has
been adapted for inverse problems. Thul et al. [37] utilized PRT to estimate
re ectance and lighting from images, decomposing scenes into constituent
material and illumination components. Similarly, Belcour et al. [4] proposed a
data-driven paradigm to augment PRT with machine-learned priors. While
these methods improve relighting capabilities, they often struggle with high-
frequency specular e ects due to the low-order nature of SH bases and remain
computationally heavy for large-scale assets, such as open-world game levels.
Non-Neural Optimizations: MoMo-PRT [32] represents a signi cant algorith-
mic optimization, using moment-based data structures to approximate indirect
illumination and soft shadows without neural inference. It achieves interactive
performance on standard hardware but, like its predecessors, relies on static
precomputation. It also faces challenges with memory consumption when
scaling to large environments, that require high-frequency shadow details.

3.2. Neural Rendering and Radiance Fields

Neural rendering replaces or augments traditional pipelines with di erentiable
modules. These approaches leverage the universal approximation capabilities
of neural networks to learn the mapping between scene con gurations and
radiometric outputs.

3.2.1. Neural Approximations of Radiance Transfer. Several works have at-
tempted to learn the PRT operator directly to bypass the precomputation
bottleneck.

DeepPRT:. Li et al. [23] introduced DeepPRT, a framework that predicts
radiance transfer for deformable objects. The method employs a CNN that
operates in texture space (UV space). The network takes a geometry represen-
tation as input and infers a texture map containing the SH transfer coe cients.
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While this enables support for deformations, the reliance on 2D texture space
is a signi cant limitation. UV mappings introduce discontinuities (seams)
and distortions that do not exist on the 3D surface. Furthermore, the CNN
processes the data as an image, lacking inherent awareness of the 3D proximity
or angular relationships between surface points, which are critical for accurate
self-shadowing.

NeuralPRT:. Rainer et al. [28] proposed NeuralPRT, which predicts Gl

e ects in image space. The model takes G-bu er feature maps (depth, normal,
albedo) as input and outputs a shaded image. While e cient, this approach

is fundamentally view-dependent and decoupled from the scene geometry.
It cannot simulate o -screen interactions (e.g., a shadow cast by an object
behind the camera) and does not update the actual physical state of the mesh
lighting, limiting its utility for physics-based downstream tasks or consistent
multi-view rendering in XR.

3.2.2. Volumetric and Implicit Representations. NeRFs [3] represent scenes
as continuous volumetric functions parameterized by MLPs. While capable of
photorealistic view synthesis, standard NeRFs require expensive ray marching
(hundreds of evaluations per pixel), resulting in high latency.

PlenOctrees: To accelerate inference, Yu et al. [40] introduced PlenOctrees,
which bake the NeRF into an octree structure containing SH coe cients at
leaf nodes. This converts the neural query into a fast tree traversal, achieving
frame rates over 150 FPS. However, this speed comes at the cost of memory
e ciency; uncompressed PlenOctrees can consume plenty of gigabytes of
VRAM. Furthermore, the structure is rigid; the octree cannot easily adapt to
dynamic, deforming geometry without complete re-generation.

Geometric Cli ord Algebra Networks (GCANSs): Ruhe et al. [31] proposed
embedding geometric algebra directly into neural architectures. GCANs use
Cli ord algebra layers to enforce geometric equivariance (e.g., rotation invari-
ance) mathematically. This approach is highly relevant to our work; however,
GCANSs are currently computationally dense. The complex algebraic opera-
tions require custom kernels for e cient execution, and current implementa-
tions are often slower than standard linear layers, making them di cult to
deploy in strictly real-time render loops (30-90 FPS).

Deep Diminished Reality (DeepDR):. In the context of scene reconstruction,
DeepDR [16] uses structure-aware networks to inpaint backgrounds when
objects are removed. While primarily an inpainting technique, it highlights
the di culty of inferring lighting in occluded regions. DeepDR struggles with
consistent shadow removal and boundary ambiguities, further emphasizing
the need for topology-aware methods that understand occlusion explicitly
rather than inferring it solely from pixel data.

3.3. Gaussian Splatting (GS)

Gaussian Splatting has recently emerged as a powerful alternative to both
mesh-based and volumetric rendering.
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3.3.1. The 3DGS Paradigm. Kerbl et al. [21] introduced 3D Gaussian Splat-
ting (3DGS), which represents a scene as a collection of millions of 3D
anisotropic Gaussians. Each Gaussian carries attributes: position, covariance
(scale/rotation), opacity, and SH color coe cients. Unlike NeRFs, 3DGS uti-
lizes a rasterization-based pipeline. The Gaussians are sorted and "splatted"
onto the screen, allowing for real-time performance (100+ FPS) with quality
comparable to o ine rendering.

3.3.2. Limitations for Dynamic GIl. Despite its visual delity, 3DGS shares
the "static world" assumption of classic PRT.

1. Staticity: The Gaussians are optimized for a xed scene state. Moving
or deforming an object requires updating the position and covariance
of thousands of primitives, which is non-trivial to perform coherently
without artifacts.

2. Memory Footprint: High- delity scenes require millions of Gaussians,
leading often to excessive usage of VRAM (exceeding 2-4 GB per scene)
[9].

3. Lack of Topology: As 3DGS is essentially a point cloud, it lacks connec-
tivity information (edges/faces). As such the implementation of physics
interactions, collisions, or logic is di cult as it requires surface continu-
ity features standard in mesh-based XR applications.

3.3.3. Recent Extensions. Recent works have attempted to address these gaps.
Liang et al. [24] introduced temporal components to model dynamic scenes,
e ectively playing back 4D recordings. Zhang et al. [43] proposed combin-
ing 3DGS with relightable SH coe cients. While promising, these methods
typically use low-order SH (limiting shadow sharpness) or are restricted to
speci ¢ material types (di use only). Crucially, they do not o er a generalized
solution for shading standard skinned meshes used in game engines.

3.4. Real-Time Rendering in XR and VR Environments

The requirements for Extended Reality (XR) di er signi cantly from standard
screen-based rendering. VR/AR applications demand stereoscopic rendering
at high frame rates (72-120 Hz) to prevent motion sickness, imposing strict
budgets on shading complexity (typically <8ms per frame).

3.4.1. Applied XR Frameworks. Previous work in our research group has
focused on optimizing physically-based rendering for these constrained en-
vironments. The MAGES framework (v3.0 [27] and v4.0 [46]) introduced
modular authoring tools for VR medical training simulations. These systems
require high- delity rendering of anatomy (e.g., organ surface properties)
while maintaining interactivity for cutting and deformation operations. Simi-
larly, applications in cultural heritage [13,26] and pandemic response training
(Covid-19 VR Strikes Back [44,45]) demonstrated the need for scalable render-
ing solutions that run on standalone headsets. These projects established that
while standard PBR is feasible, full Global lllumination remains a bottleneck,
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often forcing developers to use static lightmaps that break immersion when
objects move.

3.4.2. Neural XR Solutions. Recent e orts have begun porting neural render-
ing to VR. VR-NeRF [39] optimizes the NeRF pipeline for dual-view rendering,
while VRSplat [38] adapts Gaussian Splatting for VR interaction. Re-ReND
[30] attempts to bake neural elds into standard meshes to leverage hardware
rasterization. However, these methods are primarily focused on view synthesis
(passively viewing the scene) rather than interactive relighting (interactively
changing the light or geometry).

3.5. Identi ed Research Gaps

Table 2 summarizes the landscape of current GI methods. The analysis reveals
a clear dichotomy: methods are either fast but light a static scenes (PRT,
3DGS), or light dynamic scenes but computationally heavy/geometry-unaware
(NeRF, Image-space Neural Gl).

Input Defor-  Topo-  Engine
Method Domain Model mations logy  Support Limitations
PRT [34] 3D Mesh SH Basis No No Partial  Precomputation;
static only
PRT+CGA [25] 3D Mesh SH+CGA No No Partial  No transla-
Rotors tion/scaling
PRTT [12] 3D Mesh Texture-SH No No Yes Baking artifacts
DeepPRT [23] 3D Mesh CNN (Textures) Yes No No UV-dependent;
o0 ine training
NeuralPRT [28] 2D Image MLP/CNN No No No Image-space; no
3D logic
PlenOctrees [40] Volumetric Octree+SH No No No High memory;
bounded scenes
3DGS [21] Point Cloud 3D Gaussians No No Partial  High memory;
static scenes
Neural-GASh [15] 3D Mesh SH Basis+MLP Yes No Yes No self-shadows

Table 2. Comparative summary of Gl and neural rendering
methods. Existing methods generally lack the combination
of topological awareness and engine integration required for
dynamic XR.

We identify specic gaps that the proposed Neural-GASh framework
aims to |
Gap 1: Absence of Geometry-Aware Learning. Current neural Gl methods
do not learn on the mesh manifold. Image-space methods (NeuralPRT) lack
depth coherence, while texture-space methods (DeepPRT) introduce UV
distortion and discontinuities. There is a lack of methods that utilize raw
geometric data vertex positions and normals directly as input features for
Gl prediction, preventing the model from understanding the actual 3D shape
of the object.
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Gap 2: Lack of Topological Inference. Light transport is inherently non-local
(shadows are cast by distant vertices) but topologically coherent (light leaks
do not occur across watertight surfaces). Point-based methods (3DGS) and
implicit volumes (NeRF) ignore the mesh topology. Graph Neural Networks
(GNNSs) o er a mechanism to propagate information across the mesh surface,
e ectively modeling local interre ections and occlusion. However, no existing
Gl framework combines CGA (for e cient geometric encoding) with GNNs
(for topological reasoning) to solve the radiance transfer problem.
Gap 3: Integration with Standard XR Pipelines. Many state-of-the-art neu-
ral rendering papers utilize custom Python renderers that cannot be easily
integrated into commercial game engines like Unity or Unreal. For practi-
cal adoption in elds like medical training or cultural heritage, the neural
model must output standard rendering data (e.g., SH coe cients) that t
into existing shader pipelines.

The Neural-GASh framework is designed to bridge these speci c gaps,
providing a geometry-aware, topology-sensitive, and engine-compatible solu-
tion for real-time GlI.

4. Neural-GASh (GNN-Based)

While the initial MLP-based Neural-GASh [15] demonstrated that conformal
geometric features could drive radiance regression, it exhibited a critical
limitation: the absence of self-shadowing. As illustrated in Figure 3, concave
regions (e.g., the area beneath the arm of a humanoid) lacked the necessary
occlusion cues. This de ciency stems from the inductive bias of the MLP,
which processes vertices independently, remaining blind to the topological
connectivity required to infer light blocking. To address this, we transitioned

to a GNN architecture capable of exploiting mesh topology to model non-local
light transport.

4.1. Architecture Design and Rationale

To recover self-occlusion, we systematically evaluated four architectural strate-
gies: (i) deeper MLPs with enriched datasets, (ii) a single end-to-end GNN,
(iii) Teacher Student distillation, and (iv) a Two-Stage GNN. A summary of

these strategies along with a list of conclusions drawn are presented below.

4.1.1. Limitations of Single-Stage and Distillation Approaches. Initially, we
attempted to retain the deployment simplicity of the MLP by employing
a Teacher Student paradigm. A large, visibility-aware GNN (Teacher) su-
pervised a lightweight MLP (Student) trained solely on local CGA features.
However, this approach failed to produce plausible shadows. We identi ed
two theoretical reasons for this failure:

1. Information Mismatch: The teacher network had access to 57 input
features (32 CGA + 25 explicit visibility samples), whereas the student
had access only to 32. Visibility is not a deterministic function of local
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