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Belcour [2018]

RELATED WORK 

Guo et al. [2018] NLBRDF [2022]

• Approximate: make a compromise between physical accuracy and computing time.

• Stochastic: high variance on account of the stochastic nature

• Learning-based: lack physical parameters for intuitive material editing



Materials encodingMOTION

𝑓 𝜔𝑖 , 𝜔𝑜 ⟶
𝑁rep

𝑉𝑓
……

• is restricted to representing only materials within its learned latent space

• hard for material editing

network parameters latent vector



What is Meta-learning?KEY IDEA

Inspired by human being……

Task 1 Task 2 Task n

……

We can learn Task n+1 better, because we learn some learning skills

Meta Learning=Learn how to learn
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OVERVIEWDetailed

𝑀 Γ;Θ𝑀 = Θ𝐹
∗

𝐹 𝜔𝑖 , 𝜔𝑜; Θ𝐹 = 𝑓𝑠 𝜔𝑖 , 𝜔𝑜, Γ



• consists of five hidden layers

• 64 neurons per hidden layer

• ReLU is adopted 

The detailed architecture of BSDFNet
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The detailed architecture of BSDFNet

• vital links between BSDFNet and MetaNet

• Avoid vanishing gradients

𝐯∗

predicted directly by MetaNet
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The detailed architecture of BSDFNet

computed by frozen weights of BSDFNet

𝐯+

𝐯𝑖+1
+ = 𝑎 𝐖𝑖

+ 𝐯𝑖
∗ ⊕𝐯𝑖

+ ⊕𝐯𝑖
2 + 𝐛𝑖

+

Which are shared (by the weight sharing strategy) 

across all materials.
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The detailed architecture of BSDFNet
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computed by predicted weights
𝐯≀

1

Refl.

reflectance/transmittance (scalar)

𝐯𝑖+1
2 = 𝑎 𝐖𝑖

∗ 𝐯𝑖
+ ⊕𝐯𝑖

2 + 𝐛𝑖
∗



Results

NBRDF
NBRDF

(Error×4) NBRDF+
NBRDF+
(Errorx4) Ours

Ours
(Errorx

4)

Reference

• Effective Gradient Propagation

• Reduced Storage and Overfitting:

only 293 parameters per layered material

• Parameter Reusability:

V+ are shared (by the weight sharing 

strategy) across all materials.

• Parameter expression capability



MetaNetKEY IDEA
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16 layers

Γ

𝐖∗
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𝐛∗

MetaNet

• 16 hidden layers, each of which has 256 

neurons

• mapping between explicit material 

parameters and BSDFNet’s partial weights.



MetaNetKEY IDEA

• material editing capabilities

• even allows appearance 

extrapolation



Rusinkiewicz SH EncodingMETALAYER

• converts the input coordinates of BSDFNet (𝝎𝑖 and 𝝎𝑜 ) 

into the Rusinkiewicz coordinates 𝝎ℎ and 𝝎𝑑

• Allow dense sampling near specular highlight regions

𝛾(𝜔) = 𝜔, 𝑌0
0(𝜔), 𝑌1

−1(𝜔), 𝑌1
0(𝜔), 𝑌1

1(𝜔),… , 𝑌𝑙
𝑚(𝜔),… ⊤

mapping into a higher-dimensional space



Two-phase Training StrategyMETALAYER

Train Set X

MetaNet

BSDFNet

…

Train SubSetX1

…

Stage 1 Stage 2 

…

Train SubSetX2

BSDFNet MetaNet

BSDFNet



DATASET AND LOSS FUNCTIONMETALAYER

ℒ 𝑓, 𝑓𝑠 = ൞

𝒯(𝑓) − 𝒯 𝑓𝑠 𝒯(𝑓) − 𝒯 𝑓𝑠 ≤ 𝑡

𝒯(𝑓) − 𝒯 𝑓𝑠 2
2
+ 𝑡2

2𝑡
𝒯(𝑓) − 𝒯 𝑓𝑠 > 𝑡

𝒯(𝑓) = sign(𝑓)
log(1 + abs(𝑓)𝜇)

log(1 + 𝜇)

• LOSS FUNCTION

reverse 
Huber loss

𝜇-law 
transformation

• DATASET

𝑁 = 𝑁Γ × 𝑁𝝎𝑖 × 𝑁𝝎𝑜

𝑁Γ = 12, 000 BRDFs/ 10000BTDFs

254 pairs of spherical angles (𝜃 ,𝜙)



Implementation details

CPU Support MetaNet run only once Texture Support



low variance material editing No costly precomputation broad applicability

CPU Support MetaNet run only once

Implementation details & Abilities.



Comparison on Reflective LayersRESULT

• comparison to [Belcour 2018] • comparison to Guo et al.



Comparison on Reflective LayersRESULT

• comparison to NLBRDF [Fan et al. 2022] and the method of Guo et al. [2018]

Ours RMSE=0.009Ours RMSE=0.009 Ours RMSE=0.002

NLBRDF RMSE=0.018 NLBRDF RMSE=0.010 NLBRDF RMSE=0.006

Ours RMSE=0.0179

Guo (Reference)

Guo (Reference)Guo (Reference)Guo (Reference)



Comparison on Transmissive LayersRESULT

RMSE=0.092

RMSE=0.097 RMSE=0.098

RMSE=0.055 RMSE=0.030

RMSE=0.067

Ours

Guo et al.

𝜎t = 0.0 𝜎t = 1.0 𝜎t = 2.0



Spatially-varying CasesRESULT

𝑎1 : texture (512 × 1024) 𝑎1 : texture (1024 × 1024)
𝜌 : texture (1024 × 1024)

𝜌 : texture (800 × 2000) 𝑎1/2 : texture (1024 × 1024)



Limitations & Future Work

• Challenges with Smooth Surfaces

• Handling Multiple Layers and Anisotropy

• Optimal Importance Sampling

• Integration of Measured Materials

• Energy Conservation Concerns
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