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Background for Fluid simulation
What’s Eulerian Fluid simulation?
The fluid simulation aims to study the
flow of fluid materials and has been
widely applied to multiple disciplines
such as chemical physics and
material science.

Aerospace

Marine

Automotive

Sports

Applied fields: Airplane, weather,
traffic, sports …
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Background for Eulerian Fluid simulation
Navier-Stokes(NS) equations
(constant density r)

MAC (marker-and-cell) grids

(1) “momentum”
(2)

“stability”

“Pressure projection”

(Poisson Equation)

Heavy Computations
• It is a large sparse linear system, which contains Laplacian matrix;
• It usually involves a large number of iterations.
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Neural Network-Based Approximation
Why Neural Network-Based Approximation?
“hot-spot” code ① time-consuming
② frequently invoked

Neural Network(NN) based approximation
Conventional parallel Methods

Accelerate

••
•

An example code from the Heat benchmark
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Easy to
to understand
implement NN
topologies;
Have
code
Easy to control
computation
structure
to design
high

overhead; algorithm;
performance
Easy to
to modify
be implemented
on to
•• Have
code to adapt
differentarchitectures;
hardware architectures;
different

Neural Network-Based Approximation
State-of-the-art: using fluidnet for accelerating Eulerian Fluid simulation
• Fluidnet topology
• 5 convolution layers combined
with pooling operation.
• All layers use leaky Relu as
activation function.

output(pressure)

Input(velocity,geometry)

The objective function:
Where 𝑤" is a weighting term for each fluid cell to emphasize the divergence of grids
on geometry boundaries, i.e., 𝑤" = max 1, 𝑘 − 𝑑" , 𝑑" is the distance field.
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Motivations and Framework Overview
Limitation of fluidnet
Only one neural network model
No quality guarantee
Neural networks intuitively built

①

Lacks flexibility

②

Not robust

③

No systematic approach

Success rate is 89% with 0.02 quality requirement
Success rate is 34% with 0.01 quality requirement

Best accuracy Success
but lowest
rate:performance!
how many input
problems can meet a given user
Faster but poolquality
quality(tradeoff).
requirement.

Fluidnet

Distribution of quality loss for the Fluidnet with different input problems
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Motivations and Framework Overview
Workflow of the proposed Smart-fluidnet
Offline
Approximation Model Construction
• Generate model candidates for online selection;
Offline Output-quality Control
• An MLP-based model to predict the success rate;
Online
Quality-aware Runtime Design
• dynamically switches the model candidates to meet the user requirement
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Approximate Model Construction
Four transformation operations
Operation 1: shallow(G,L), deleting a layer of the neural network;
Operation 2: narrow(G,L,r), reduce features of a layer;
Operation 3: pooling(G,L,m), downsamples a layer using a pooling matrix;
Operation 4: dropout(G,L,p), drops neurons at a layer with a given probability;

𝐨𝐩𝐞𝐫𝐚𝐭𝐢𝐨𝐧𝟐: 𝒏𝒂𝒓𝒓𝒐𝒘(𝑮, 𝑳𝟐, 𝟐)

𝐨𝐩𝐞𝐫𝐚𝐭𝐢𝐨𝐧𝟏: 𝒔𝒉𝒂𝒍𝒍𝒐𝒘(𝑮, 𝑳𝟐)

𝐨𝐩𝐞𝐫𝐚𝐭𝐢𝐨𝐧𝟒: 𝒅𝒓𝒐𝒑𝒐𝒖𝒕(𝑮, 𝑳𝟐, 𝟎. 𝟑𝟕𝟓𝟑 )

𝐨𝐩𝐞𝐫𝐚𝐭𝐢𝐨𝐧𝟑: 𝒑𝒐𝒐𝒍𝒊𝒏𝒈(𝑮, 𝑳𝟐, 𝟐𝟑 )
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Approximate Model Construction
Model transformation process

How to do prime filter?

“Fluidnet”

𝐨𝐩𝐞𝐫𝐚𝐭𝐢𝐨𝐧𝟏: 𝒔𝒉𝒂𝒍𝒍𝒐𝒘(𝑮, 𝑳)

Five new models
𝐨𝐩𝐞𝐫𝐚𝐭𝐢𝐨𝐧𝟐: 𝒏𝒂𝒓𝒓𝒐𝒘(𝑮, 𝑳, 𝒓)

55 new models
𝐨𝐩𝐞𝐫𝐚𝐭𝐢𝐨𝐧𝟑: 𝒑𝒐𝒐𝒍𝒊𝒏𝒈(𝑮, 𝑳, 𝒎)

110 new models

Pareto optimality method

𝐨𝐩𝐞𝐫𝐚𝐭𝐢𝐨𝐧𝟒: 𝒅𝒓𝒐𝒑𝒐𝒖𝒕(𝑮, 𝑳, 𝒑)

133 models in total

…

128 new models

…
5 accurate models by Auto-keras
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Offline Output-Quality Control
(Recall) Success rate: how many
input problems can meet a given
user quality requirement.

• Given a specific user requirement 𝑼 𝒒, 𝒕 ;
𝒒 is simulation quality; 𝒕 is execution time;

How to control quality?
• Which NNs are good for your input problems?
Awareness of the success rate
Candidate model pool

Best ?
𝑼 𝒒, 𝒕

𝑀1

𝑀3

𝑀2

…
𝑀4

𝑀𝑛

𝑀5

a non-linear MLP controller
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Offline Output-Quality Control
An automatic decision-making MLP controller
How to predict success rate?
Inputs

Inputs:
• User requirements
simulation quality (q) and time cost (t);
• Candidate 𝑵𝑵𝒌 feature vector
layers, kernel sizes, channel number,
pooling size, unpooling size, and
residual connection of each layer;

MLP Model Topology
• Multilayer perceptron;
• Six hidden layers;
• ReLU as activation function;
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Outputs: success rate
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Candidate model pool

0.91

Approximate Model Construction
• Four operations + pareto analysis
Offline Output-Quality Control
• Based on MLP model

0.68

𝑀1

0.73

0.85
𝑀3

𝑀2

0.65

0.45
…

𝑀4

𝑀5

Problems
• To reach user requirements, how to schedule our NN candidates during
runtime?
Quality-Aware Model-Switch Algorithm.
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𝑀𝑛

Quality-Aware Runtime Design
Prediction of Simulation Quality Loss
The Eulerian simulation process includes N time steps.
unknown in runtime
known in runtime
Only known at the end of simulation
affect
Simulation accuracy

Model accuracy

How to connect?

Observation:1) 𝑸𝒍𝒐𝒔𝒔 and 𝑪𝒖𝒎𝑫𝒊𝒗𝑵𝒐𝒓𝒎 have similar increasing tendency;
2) correlation analysis shows their strong ties.
Interval : Empirically set a check interval to observe simulation quality.
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Quality-Aware Runtime Design
An example to explain the runtime scheduling

𝑼 𝒒, 𝒕

s

(0.013)
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Evaluation

Platform.
• a high-end server with 24 Intel Xeon E6-2760 v3 CPU cores
running at 2.30GHz;
• an NVIDIA Titan X (Pascal) GPU.

Fluid Simulation.
• 128 time steps;
• Five input problem sizes, including 128∗128, 256∗256, 512∗512,
768∗768, and 1024∗1024.

Input Datasets.
• Mantaflow: an open-source framework for the fluid simulation;
• 20,480 training and 20,480 evaluation datasets;
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Evaluation
Model Speedup and Accuracy

Ground truth: the PCG method;
Fluidnet

Smart-fluidnet
1.46× better than the
fluidnet model on average

Execution time of the Tompson’s model and Smart-fluidnet.

Smart-fluidnet

Fluidnet

User quality requirement 0.013

• Closer to the target value of
quality loss;
• Smaller variance on simulation
quality;
• More consistence;

Variation of quality loss with various input problems.
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Evaluation
Efficiency of runtime scheduling
14 individual models v.s. “smart-fluidnet”
440.1 ×

91% success rate

Variation of simulation quality in different model candidates.
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Conclusions

• This paper introduces a systematic approach to address the limitation in
neural network-based approximation
– Enhance ML usability for HPC applications

• We introduce a framework (Smart-fluidnet) that automatically schedules
multiple neural network models at runtime to approximate computation and
make best efforts to meet the user requirements on simulation quality and
execution time.
• Smart-fluidnet is 1.46× and 590× faster than a state-of-the-art neural network
model and the original fluid simulation respectively on an NVIDIA Pascal
GPU.
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Thank you and questions?

Adaptive Neural Network-Based Approximation to Accelerate Eulerian Fluid Simulation
http://pasa.ucmerced.edu/wp-content/uploads/2019/08/Wdong_Accelerating.pdf
Wenqian Dong
Dong Li

PASA Lab

wdong5@ucmerced.edu
dli35@ucmerced.edu
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Evaluation
MLP Effectiveness
• Without MLP, we use the fastest neural network model (but less accurate)
in the beginning and then switch a suitable(accurate) model gradually.

Avg success rate: 88.86%(Without MLP) VS 91.36%(with MLP)

Success rate of reaching target quality with or without using MLP
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