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• Traditionally, path tracing is used to achieve photorealistic volumetric rendering.

− Core problem: too slow to converge in complex settings for real-time application.

Motivation
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25 ms (1 spp) 1 second 6 minutes



• RPNN family tries to accelerate this process by predicting radiance directly.

1. Construct stencil and sample features from volume;

2. Fuse and map these features to scattering radiance;

3. Add direct illumination and accumulate them to get radiance received from camera.

• RPNN: minutes to converge;

• MRPNN: 40 FPS per spp, allows phase and albedo change;

− But still too costly!

Motivation
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• Question: where do costs of RPNN family come from?

Motivation
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= acos (𝜔 ⋅ 𝜔𝑠)  
= 𝜔, 𝜔𝑠

𝛾
Given a single shading point…
(e.g. for each pixel)

Figure courtesy of RPNN 

[Kallweit et.al. 2017].



RPNN Pattern: 
𝟓 × 𝟓 × 𝟗, 𝟏𝟎 layers

𝚺𝟎
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RPNN Pattern

𝚺𝟏
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RPNN Pattern

𝚺𝟐
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RPNN Pattern

𝚺𝟑
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Totally 225 * 10 = 

2250 texture lookups!

𝚺
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Too much lookup and inference 

cost for a single spp…

Core reason: difficult to learn 

mapping from smooth density 

to high-frequency radiance.

RPNN Architecture: 
𝟏𝟎 ∗ 𝟐 + 𝟑 FC layers

𝟏. 𝟑𝐌 Parameters
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MRPNN Pattern: 

Low frequency (Simplified)

𝚺𝟎
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𝚺𝟏

MRPNN Pattern: 

Low frequency (Simplified)
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𝚺𝟐

MRPNN Pattern: 

Low frequency (Simplified)
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𝚺𝟓

MRPNN Pattern: 

Low frequency (Simplified)
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MRPNN Pattern: 

High frequency
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MRPNN Pattern: 

The Real Overall
(projected on xy plane)

Totally 

~800 irregular 

texture lookups!
(with phase support)

sp0-3 (surface)

sp4-7 (intra-spherical)
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MRPNN Architecture: 

𝟓𝟕 FC layers (with other operations like pooling)

𝟓𝟎𝐊 Parameters but complex inference process

Figure courtesy of MRPNN [Hu et.al. 2023].© 2026 SIGGRAPH. All Rights Reserved. 18



• Apparently, MRPNN is still dragged by these two factors:

1. Too many irregular texture lookups, to describe surrounding environment;

2. Too complex and deep network, to fuse all features.

• Our solution: compact them by a baked latent-space representation!

1. Single sampling point ⇒ a scope in the original space;

2. Easier mapping ⇒ even more lightweight structure;

3. Possible to bake more complex settings such as albedo grid and environment light.

Motivation
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• So now there exist three core 

problems:

1. What to sample? 

(Design of latent-space representation)

2. How to sample? 

(Design of sampling pattern)

3. How to map? 

(Design of neural decoder)

Neural Baking Design

• Observe VRTE:

− RHS vs. LHS

− Can we find a representation to 

reduce RHS cost?

− By spherical harmonics.
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Estimation goal 𝑆(𝑝, 𝜔)



• Key observation: practical phase functions are all zonal, i.e. 𝜙(𝜔𝑖 ⋅ 𝜔).

− Zonal convolution in integral ⇔ 

Weighted sum in spherical harmonics!

• But still two problems:

1. It assumes decomposition 𝐿𝑙
𝑚 is known, which is impossible in dynamic conditions.

2. The series is infinite so there exists systematic bias when used with truncation.

Neural Baking Design
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• Solution: represent 𝐿𝑙
𝑚 with latent-space ℒ𝑙

𝑚 and decode it.

• Intuitively: 𝑆 ≈ σ𝑙=0
𝐾 𝜂𝑙 σ𝑚 𝒮 ℒ𝑙

𝑚 𝑌𝑙
𝑚, where 𝒮 is decoder;

− However, we still need to do inference for many times.

− So instead, we assume that this transformation can also be applied in latent 

space!

• Finally: ሚ𝑆 = σ𝑙=0
𝐾 𝜂𝑙 σ𝑚 ℒ𝑙

𝑚𝑌𝑙
𝑚 , 𝑆 = 𝒮 ሚ𝑆 .

Neural Baking Design
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• Introducing dynamic conditions on view / light direction, phase and 

albedo, our factorized design is:

Neural Baking Design
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SH Grid ℒ𝑙
𝑚(𝑝) View Grid 𝒱(𝜔) Phase Grid 𝒢(𝑔, cos 𝛾) Albedo Grid 𝒜(𝛼, cos 𝛾)

2D 2D 2D3D



• Dual-pattern sampling:

− Low-frequency: sample locally;

− High-frequency: sample towards light.

− Since we sample in latent space, we just sample one point in every LoD.

− Naïvely, we can just use these two patterns on the SH grid.

• However, every SH grid sample needs 𝐾 + 1 2 underlying samples;

Sampling Pattern Design
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• Alternatively:

− Low-frequency pattern on the SH grid;

− High-frequency pattern on a normal 

base grid plus transmittance map.

• 𝐾 + 1 2 grids to 2 grids!

Sampling Pattern Design
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• So the final baking design is:

• Then, we can extract features from each layer;

− Take four LoDs and steps as example;

Sampling Pattern Design
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SH Grid 

ℒ𝑙
𝑚(𝑝)

View Grid 

𝒱(𝜔)
Phase Grid 

𝒢(𝑔, cos 𝛾)
Albedo Grid 

𝒜(𝛼, cos 𝛾)
Base Grid 

ℬ(𝑝)
Transmittance 

Map 𝒯(𝑝)



SH Grid ℒ𝑙
𝑚(𝑝0)Base Grid ℬ(𝑝0) Transmittance Map 𝒯(𝑝𝑗)

Transmittance map doesn’t lie in latent space so we sample all points in every layer.

ℱ0

Sampling Pattern Design
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SH Grid ℒ𝑙
𝑚(𝑝0)Base Grid ℬ(𝑝1) Transmittance Map 𝒯(𝑝𝑗)

Raise LoD to higher level, and advance to next sampling point.

ℱ1

Sampling Pattern Design
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SH Grid ℒ𝑙
𝑚(𝑝0)Base Grid ℬ(𝑝2) Transmittance Map 𝒯(𝑝𝑗)

ℱ2

Sampling Pattern Design
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SH Grid ℒ𝑙
𝑚(𝑝0)Base Grid ℬ(𝑝3) Transmittance Map 𝒯(𝑝3)

Very simple lookup pattern!

ℱ3

Sampling Pattern Design
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• We aggressively simplify the network structure.

− Core of RPNN: transform low-level features, fuse them with high-level features.

− So our design is:

1. Transform by Residual-Connected MLP;

2. Fuse by addition;

3. After fusing all features, map to radiance 

with a MLP.

Decoder Design
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Less than 𝟑𝟎𝐊

Parameters
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• Performance test:

(Disney cloud)

− Single: same albedo in three color channels;

− Full: different albedos in three color channels.

− SH for base grid: do not introduce base grid.

− Both of sampling and inference time are significantly accelerated, which 

finally make our method 𝟒 ∼ 𝟓 times faster than prior SOTA.

Experiments
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• Rendering test:

Experiments

Equal-time rendering (~30 FPS)

Less noisy than SOTA.
Equal-spp rendering

Comparable visual fidelity with SOTA.
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• Environment lighting:

Experiments
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• And other complex settings that cannot be handled previously:

Experiments
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• We also conduct an experiment to show effectiveness to apply weighted sum (i.e. 

𝑆 = 𝒮 σ𝑙=0
𝐾 𝜂𝑙 σ𝑚 ℒ𝑙

𝑚𝑌𝑙
𝑚  vs. 𝑆 = 𝒮 σ𝑙=0

𝐾 σ𝑚 ℒ𝑙
𝑚𝑌𝑙

𝑚  ):

Experiments

Higher is better;

In most scenes, applying 

weighted sum is better.
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Resolution: 1024 × 1024, 

NVIDIA 4080 SUPER

Check our supplementary video for details!

Post processing: 

Only reprojection

denoising + tone 

mapping

~210FPS
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Github

(Star me!)

Thanks for your listening!
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Project page Speaker’s page 

(Contact me for 

recruitment!)
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