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U.S. National Oceanic and Atmospheric Administration (NOAA)
https://celebrating200years.noaa.gov/breakthroughs/climate_model/modeling_schematic.html
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Goals

1. Differentiable FLIP simulator for ®g,w
2. Apply GNS to FLIP data

3. Extend GNS with new training variants



FLIP Algorithm

1) Initialization of Positions and Velocities

2) Mapping to Staggered Grid
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Brackbill and Ruppel. 1986 / Zhu and Bridson. 2005

3) Add Gravity 4) Extrapolate
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5) Calculate and Subtract Pressure Gradient
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FLIP Verification - Simulation




FLIP Verification - Simulation




FLIP Simulation - Differentiability
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FLIP Dataset
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Graph Networks

Battaglia et al. 2018

Edge update:
Edge aggregation:

Node update:
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Graph Network-based Simulators

1) input state

8 2) encoder
O edge MLP
boundary distance v 3 128 .
C Y X ] relative 8 outputs &&
o, ~ distance S XXl
..'. (] graph
/. - e representation
connectivity 8
radius ficl O O nhode MLP
particie . i 128
type O O outputs
previous 8
5 velocities
e e—v v residual
¢ P ¢ ) connections
5) update input 4) decoder

e e— v 10 GN
qb P qb blocks

o thi1 o Lk bk
x* =x* 4+ At- % o b

‘ x see
xth = xt 4 At - x

Sanchez-Gonzalez et al. 2020

000000
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Training Procedures and Quantitative Comparison
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1-step-noise model

Ground truth

Prediction
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1-step-noise model

Ground truth

Prediction
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2-step-scratch model

Ground truth

Prediction
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Generalization Test

Ground Truth

1-step-noise-bounded
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Generalization Test
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Conclusions and Outlook
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Appendix



FLIP Verification - Simulation
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FLIP Verification - Simulation
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FLIP Verification - Artificial Viscosity
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FLIP Verification - Artificial Viscosity
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FLIP Verification - Symmetry Test
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FLIP Verification - Symmetry
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FLIP Simulation - Differentiability
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Radius Analysis

Neighbor number

FLIP dataset
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Training Details

Adam optimizer

Exponential learning rate decay (10~% to 1079)
Domain size 0.8

Connectivity radius 0.03

Normalization to zero mean and unit variance
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Model Screening

normalized error
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Error Trajectories
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Quantitative Comparison

Model variant EMD (107%) MSE-acc 1 (1071 MSE 20 (107°) MSE 400 (1072)
1-step 2.598 3.775 5.653 2.853
1-step-noise 1.617 4.980 5.574 2.469
1-step-noise-bounded 1.336 4.985 5.648 2.959
2-step-scratch 1.428 4.535 5.181 2.682
2-step-initialized 1.367 3.933 4.711 2.430

" EMD o1 MSE-acc 1 MSE 20 MSE 400
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1-step model

Ground truth

Prediction
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-step-noise-bounded model

Ground truth
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2-step-initialized model

Ground truth

Prediction
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Model Predictions

2-step-initialized
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Generalization Test

Ground Truth

1-step-noise-bounded

e e

1-step-noise

36



Generalization Test

Ground Truth
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Generalization Test

Ground Truth
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Generalization Test
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Generalization Test
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