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Fluid Dynamics Grounding
Inferring the physical dynamics of fluids from visual observations
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Progress in Learning Fluid Dynamics

VGPL, Li, et al. [ICML 2020]DPI-Net, Li, et al. [ICRL 2019]

GNS, Sanchez-Gonzalez, et al. [ICML 2020] DLF, Ummenhofer, et al. [ICRL 2020]



An Open Question

VGPL, Li, et al. [ICML 2020]DPI-Net, Li, et al. [ICRL 2019]

Sanchez-Gonzalez, et al. [ICML 2020] Ummenhofer, et al. [ICRL 2020]

Whether neural networks can infer fluid dynamics 
without true particle supervision?



NeuroFluid: A Fully Differentiable Framework
Inferring fluid dynamics only using the supervision of visual observation.



NeuroFluid: A Fully Differentiable Framework

Consists of
(1) a particle transition model 𝑇!;
(2) a particle-driven renderer 𝑅".
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Jointly optimizing them as:
(1) Transition: 𝒔#$% ⟵ 𝑇!(𝒔#), where 𝒔

is particle positions and velocities.
(2) Rendering: '𝐼#$% ⟵ 𝑅"(𝒔#$%, 𝒅)
(3) Contrasting: '𝐼#$% − 𝐼#$% , then 

backward.
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PhysNeRF: Particle-Driven Neural Radiance Fields
Linking Neural Radiance Fields with physical particles.  
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(1) Extracting geometry properties of physical 
point inside the spherical neighborhood of a 
sample ray point at 𝒙.

(2) Predicting RGB value and 
volume density the point at 𝒙.
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Particle Transition Model

𝑷&, 𝑽& ⟶𝑷%, 𝑽% ⟶⋯⟶ 𝑷', 𝑽'

𝑷#: particle positions
𝑽#: particle velocity



Particle Transition Model

𝑷&, 𝑽& ⟶𝑷%, 𝑽% ⟶⋯⟶ 𝑷', 𝑽'

𝑷#: particle positions
𝑽#: particle velocity

Ummenhofer, et al. Lagrangian fluid simulation with 
continuous convolutions. In ICLR, 2020.



Results 
Fluid dynamics grounding is evaluated from 

(1)Accuracy of grounded particle position
(2)Accuracy of predicted particle position
(3)Novel view synthesis.



Results 
Fluid dynamics grounding is evaluated from 

(1)Accuracy of grounded particle position
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Results of Fluid Dynamics Grounding 
Compared models
(1) DLF: it has the same network structure as NeuroFluid.
(2) DLF† : it is finetuned with true particle state in the evaluation benchmarks.



Results of Fluid Dynamics Prediction
Compared models
(1) DLF: it has the same network structure as NeuroFluid.
(2) DLF† : it is finetuned with true particle state in the evaluation benchmarks.



Qualitative Results of Fluid Dynamics Grounding and Prediction 
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Results of Novel View Synthesis
NeRF-based comparisons: (1) D-NeRF (Pumarola et al., 2021), (2) NeRF-T 
(NeRF+time index), and (3) the 3D-aware fluid renderer from Li et al. (2022):
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Results of Novel View Synthesis
NeRF-based comparisons: (1) D-NeRF (Pumarola et al., 2021), (2) NeRF-T 
(NeRF+time index), and (3) the 3D-aware fluid renderer from Li et al. (2022):
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Results of Rendering Novel Fluid Scenes

T=10 T=20 T=40

We use a pretrained PhysNeRF model to render a novel water scene with the 
initial shape of Stanford Bunny



Results of Unknown Initial Particle Positions.



Ablation Studies on Neighborhood Encoding



Thanks for your watching!


