O siccripisei:

Data-Driven Synthesis of Smoke Flows with
CNN-based Feature Descriptors

Mengyu Chu, Nils Thuerey
Technical University of Munich




Introduction

High resolution smoke generation

Numerical viscosity
Expensive calculations
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« Descriptor learning
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Learning flow similarity

« Descriptor learning
— Input: pair of fluid data
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« Descriptor learning
— Input: pair of fluid data
— Output: similarity (scalar)

e




Learning flow similarity

« Descriptor learning
— Input: pair of fluid data
— Output: similarity (scalar)
— Flow similarity, 1 as similar, -1 as dissimilar




Learning flow similarity

« Descriptor learning
— Input: pair of fluid data
— Output: similarity (scalar)
— Flow similarity, 1 as similar, -1 as dissimilar
— Labelled input pairs
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Learning flow similarity

Data generation

Low resolution High resolution
(Re-synchronized every 20 steps)
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Data generation

Example of input pairs
Extracted per frame, |20 frames per patch
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Data generation

Example of input pairs
Extracted per frame, |20 frames per patch
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Data generation

Example of input pairs
Extracted per frame, |20 frames per patch
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Learning flow similarity

e Structure
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Learning flow similarity
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Slamese structure
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Learning flow similarity
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 Structure
Slamese structure

Descriptor learning
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Learning flow similarity

« CNN structure —— Siamese structure
 Loss function

T ”dw(xl) I dw(xz)” ) y = 1

L, x2) = NdwCr) = d Gl y = ~1



Learning flow similarity

e CNN structure —— Siamese structure
 Loss function
— + ”dw(xl) - dw(xz)” ) Yy = 1
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e CNN structure —— Siamese structure
 Loss function
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Learning flow similarity

e CNN structure —— Siamese structure
 Loss function
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Learning flow similarity

e CNN structure —— Siamese structure
 Loss function
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Learning flow similarity

e CNN structure —— Siamese structure
 Loss function
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Learning flow similarity

CNN structure —— Siamese structure
Loss function —— Hinge loss
_ maX(O: _ap + |dw(x1) _ dw(xz)”) ’ y = 1
le(xl,xZ) B maX(O: A, — |dw(x1) _dw(xz)”); Yy = —1
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Learning flow similarity

CNN structure —— Siamese structure
Loss function —— Hinge loss
_ maX(O: _ap + |dw(x1) _ dw(xz)”) ’ y = 1
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Learning flow similarity

e CNN structure —— Siamese structure

* Loss function —— Hinge loss
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Patch advection

* Error minimization problem
E = AEdefo + Eadv




Patch advection ovO

* Error minimization problem
E = AEdefo + Eadv
— Eq g = 2llvi — vi'lI%, v = adv(ve_q)
2

* v;7, based on Laplacian coordinates
[Sorkine et al. 2004]
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Patch advection o9

Naive advection Ours, A =0.02




Patch anticipation

Fading in — Anticipation




Patch anticipation

Fading in — Anticipation
Fading out ill-suited ones




Patch anticipation

« Fading in — Anticipation
« Fading out ill-suited ones
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Patch advection

* Fluid repository
— Space-time data
e Synthesis

— Reusing the repository

« Lagrangian
— Stable & reusable
— Resolution independent
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Synthesis

Simulation:

Forward pass
— Sampling, matching

Backward pass
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Simulation:

 Forward pass
— Sampling, matching
— Forward advection

 Backward pass
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Simulation:

 Forward pass
— Sampling, matching
— Forward advection
— Fading out ill-suited
 Backward pass




Synthesis

Simulation:

 Forward pass
— Sampling, matching
— Forward advection
— Fading out ill-suited
 Backward pass
— Backward anticipation & advection




Synthesis

Simulation:

« Forward pass &
— Sampling, matching a 2
— Forward advection @/ e !
— Fading out ill-suited _ﬁ

 Backward pass
— Backward anticipation & advection

Advantages:
— Calculation: Coarse resolution

— Storage:
«  Descriptors only
« Output: patch ID, cage vertices' pos, fading weights



Synthesis

Rendering:

Loading patches,
— fading weights
— spatial weights




Synthesis

Rendering:

Loading patches,
— fading weights
— spatial weights

Normalization




Synthesis

Rendering:

« Loading patches,
— fading weights
— spatial weights

« Normalization




Synthesis

Rendering:

« Loading patches,
— fading weights
— spatial weights

* Normalization
* Independent frames




Evaluation



Descriptor evaluation
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——CNN density descriptors

——CNN density and curl combined
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Descriptor evaluation

Density and curl descriptors



Descriptor evaluation

Input Density descriptor only Density and curl descriptors



Descriptor evaluation

Density descriptor only

Density and curl descriptors



More results



Horizontal Plume

Resolution: 108x60x60
Avg. no of patches: 388
Avg. time per frame: 5.3s




Obstacle Flow

Resolution: 76x64x64
Avg. no of patches: 362
Avg. time per frame: 3.9s




Colliding Jets

Resolution: 90x60x60
Avg. no of patches: 486
Avg. time per frame: 4.0s







Conclusion



Discussions

oG

« Contributions
CNN fluid descriptors
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* Limitations
— Fully divergence-free
* Velocity synthesis
— Spatial blending
— Storage



Future directions

* More data-driven approaches
* Neural networks



Thank you!

More information: http://ge.in.tum.de/publications/2017-sig-chu/
Code online: https://github.com/RachelCmy/mantaPatch/
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