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INVERSE MODELING VS. PROCEDURAL MODELING

Inverse Material Modeling: 

Pros: Fast, easy-to-use 

Cons: Limited resolution and editability

Procedural Modeling (Node Graphs)

Pros: Unlimited resolution, fully editable

Cons: Hard-to-design

Procedural MaterialsSingle-image material acquisition (Deschaintre et al. 2018)



GENERATIVE MODELS

2D Models (Firefly etc.)

a roast turkey on a platter an astronaut chopping vegetables in a sunlit kitchen

3D Models (DreamFusion etc.)



Input: Images or Text

Generation

Output: A Procedural Material

PROCEDURAL MATERIAL GENERATION
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MatFormer: A Generative Model for Procedural Materials (Guerrero et al. 2022)
Å No controllability e.g., unconditional Generation
Å Less diversity

RELATED WORK



ÅAn acyclic computational graph Ὣ ὔȟὉ

ҍNodes ὲ ɴὔ

 

ҍEdges Ὡɴ Ὁ: 

ҍParameter ὴᶰὖ:

Node Graph

PRELIMINARY



ÅSequential Representation:

ҍNode sequence: ὔ ὲȟὲȟȣ

ҍEdge sequence: % ὩȟὩȟȣ

ҍParameter sequence:ὴ ὴȟὴȟȣ for Ὥth node 

PRELIMINARY
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(input slot, output slot)



TRANSFORMER

9MatFormer: Guerrero et al. 2022

To model a conditional probability of a graph ὴὫώ

In which:

ὛȟὛ, Ὓ : node/edge/parameter sequences

ὴȟὴ , ὴ  : node/edge/parameter generators



Transformer: Vaswani et al. 2017

TRANSFORMER
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Transformer: Vaswani et al. 2017

TRANSFORMER
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Transformer: Vaswani et al. 2017

TRANSFORMER
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MULTI-MODAL CONDITIONING
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Not Fully overlapped



MULTI-MODAL CONDITIONING

CLIP Text 
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Embedding

ά/ƻƴŎǊŜǘŜ ōǊƛŎƪ ǿŀƭƭέ

CLIP Image 
Encoder

Specialized 

Neural 

Network

Trained with 10 M text-to-texture pairs

Image Embedding

Text Embedding Image Embedding



ALTERNATIVE ENCODING

MLP Embedding

CLIP Image 

Encoder

Flatten &

Concat
VGG 

Statistics 

Encoder

16x16 thumbnail

Ours (VGG)

A variant using more image features



Embedding

Transformer 
Encoder

Transformer 
Encoder

Transformer 
Encoder

GPT-based Transformer Model

MULTI-MODAL CONDITIONING

···
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1. Graph Reformatting

2. Graph Simplification

3. Graph Splitting

4. Graph Filtering

5. Parameter Augmentation

Substance Source

MATERIAL GRAPH DATASET



GRAPH SPLITTING
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PARAMETER AUGMENTATION

Unexpected 
Sampled Materials

Original 
Material



ÅGuided Sampling Process:

If a parameter ὴ has sufficient statistics

Sample a Gaussian Ὃ 

else

Sample a Uniform Ὗ 

Sampled Material Variations

PARAMETER AUGMENTATION

Gaussian 

Uniform 



ÅGuided Sampling Process:

If a parameter ὴ has sufficient statistics

Sample a Gaussian Ὃ 

else

Sample a Uniform Ὗ 

ÅFinal Dataset

ҍ4667 graph structures x 100 variations

ҍ466,700 image-to-graph pairs

PARAMETER AUGMENTATION

Sampled Material Variations
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CONDITIONAL GENERATION

Input
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CONDITIONAL GENERATION

Input
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CONDITIONAL GENERATION

Input Material
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CONDITIONAL GENERATION

άŘƛǊǘȅ ŎƻƴŎǊŜǘŜέ

Material



Image Prompt Text Prompt

ÅGenerate multiple material graphs rather than one

CONDITIONAL GENERATION



ÅNotable difference in token space error and image-space error

ҍObserved color difference

ÅSolution:

ҍImage/text-space ranking and optimization

Input InputGenerated Graphs Generated Graphs

RANKING AND OPTIMIZATION



Input Our GeneratedInput Input Our GeneratedOur Generated

RESULTS: IMAGE CONDITIONING



Input Input Our GeneratedOur Generated

RESULTS: IMAGE CONDITIONING


