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Machine Learning & Neural Networks

-

Machine learning (ML) is the study of computer algorithms that improve

automatically through experience and by the use of data.
Mitchell, T. 1997
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A neural network is a series of algorithms that endeavors to recognize
underlying relationships in a set of data through a process that mimics the

way the human brain operates.
Chen, J. 2020
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A simple neural network
Input hidden output

ayer  layer  layer Recurrent Neural Networks
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https://en.wikipedia.org/wiki/Neural_network https://ailabpage.com/2019/01/08/deep-learning-introduction-to-recurrent-neural-networks/
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Physics-Informed Neural Network

PDE L(u(x t),0) =

------------------------------
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Meng et al., Comp. Meth. App. Mech. Eng., 2020
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Limit cycle
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la. Data collection lc. Solve sparse
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Forward
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Lu et al., PNAS, 2020
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Deep Learning for

A B Reference c(t, z,y) Regressed c(t, x,y)
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Back-propagation

‘\Lz’ldﬁdata + ApLpcs + Lres

@ @ " " Lyata: penalizes the fia'.ca mismat;h betcween
” : S~ * 7 | neural network predictions and visual images
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X E 7 Lys: penalizes the mismatch between neural
v : YL P network predictions on the boundary and the
S - ® L specified boundary conditions
z o & g/ o : !
B @ @ P | L5t penalizes the neural network predictions at
o ] random points using the underlying laws of physics
[nputs Outputs ) Hidden nodes :_i Fully-connected networks Loss functions

Cai et al., PNAS, 2021
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Neural Network 1 — ~
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Data-driven inference of micro-bubble
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dynamics with physics-informed deep learning

Bubble dynamics

Deep learning
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... Or anything else?
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Lipid-based Targeted drug delivery
Microbubbles (LBs) Ultrasound
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BubbleNet: Physics-Informed Neural Networks for general bubble dynamics
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Algorithm 1 DNN for predicting bubble dynamics
function DEEPNEURALNET(self, x, y, t, u, v, p, ¢, layers)

A
A

1:

2 (z, 9, t, u, U, p, ¢) = UPDATE(x, y, t, u, v, p, @)

3 (weibhts, biases, layAers) = sel f.INITIALIZENN (weights, biases, layers)
4:  self.Loss = MSE[(u — Upred) + (V — Upred) + (P — Ppred) + (¢ — Pprea)]

5: Upred = self.Nety(x, y, t)
6

7

8

9

Methods

Upred — self.NetV(x, Y, t)
Ppreda = self.Net,(x, y, t)

Gpreda= Self.Nety(x, y, t)
Optimization method 'L-BFGS-B’ & Optimizer: Adam

10: def INITIALIZENN (sel f, layers)
11: Initialize all the weights & biases for Net,, Net,, Net,, Nety.
12: def NEURALNET(self, weights, biases)
mg = 13: Build NN for u, v, p, ¢ with four sets of weights & biases.
Tradltlonal DNNS 14: def {Net,, Net,, Net,, Nety} (self, z, y, t)
15: {u, v, p, ¢} = self. NEURALNET(z, y, t, weights, biases)
16: def TRAIN(self, iterations)
17: Obtain training time & Losses; train the NN with Adam optimizer.
18: def PREDICT {u, v, p, ¢} (self, iterations)
19: {Upreds Vpred, Ppred, @pred} = Self. sess.run(x, y, t)

20: end function

21: Input = {z, y, t}, Output = {u, v, p, ¢}

22: Hidden layers = [30 neurons x 9 layers]

23: Load fields data of micro-bubble system dynamics simulation.

24: Set training sets = {Ttrain, Ytrains ttrain, Ytrains Vtrain, Ptrain, Ptrain, lQYETs}
= MaxMinScaler(Simulation Data)

25: model = DEEPNEURALNET(training sets)

26: model.TRAIN(10000)

27: Set target prediction time as tpreq

28: Obtain {Upred, Upred, Ppred; Ppred) = model.PREDICT(z, vy, t) at tyred-

29: Save all the data & post-processing.
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Algorithm 2 BubbleNet: physics-informed neural network for bubble dynamics
MethOdS function BUBBLENET(self, z, y, t, u, v, p, ¢, layers)

A

1:
2 (%, §, t, G, D, p, ) = UPDATE(z, y, t, u, v, p, O)

3 (weijghts, biases, layAefrs) = sel f.INITIALIZENN (weights, biases, layers)
4:  self.Loss = MSE[(u — Upred) + (V — Upred) + (P — Dpred) + (@ — Ppred)]

5: {Upred, Vpred, Dpred, Opred ) = sel f.{Nety, Net,, Nety }(z, y, 1)

6 Optimization method 'L-BFGS-B’ & Optimizer: Adam

7 def INITIALIZENN (sel f, layers)

8 Initialize all the weights & biases for Net,,, Net,, Net.

9: def NEURALNET(self, weights, biases)

10: Build NN for 1, p, ¢ with four sets of weights & biases.

11: def {Net,,Net,, Nety} (self, z, y, t)
BUbeeNet 12: {v, p, ¢} = sel f.NEURALNET(z, y, t, weights, biases)
13: u= 0y & v=—0v¢
14: def TRAIN(self, iterations)
15: Obtain training time & Losses; train the NN with Adam optimizer.
16: def PREDICT {u, v, p, ¢} (self, iterations)
17: {Upred, Vpred; Ppred, Ppred; = self. sess.run(z, y, t)

18: end function

19: Set training sets = {Ttrain, Ytrain, ttrain, Utrains Vtrain, Dtrain, Ptrain, lQYETS}
= TimeDiscretizedNormalization(Simulation Data, timestep)

20: model = BUBBLENET(training sets)

21: model.TRAIN(10000)

22: Rest procedures same as Algorithm 1
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Case 1: single bubble movement

Micro-bubble (d = 4um
( pm) Pressure constraint

_ (p = 799.932Pa)
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Case 1: single bubble movement
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Case 1: single bubble movement

%1073

3.5

= 20us
= 600us |
;= 1000us
= 1400us

2.5 —
t = 200048
t = 2600us

2 t=5000us| "

1.5

0.5

~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
<
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~
~

21



Results
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t =400us — At = 400pus — t = 360015
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Results

The component for multiphase flow computation is estimated to satisfy general conservation laws.
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Results
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Exact u
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Results
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Exact p
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Exact ¢

Results
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Error Analysis

Relative error € of training can taking the form:

5 — ‘pNN o ptmin‘ — | UNN — utmin‘ — |VNN o Vtmin‘ 5 — | ¢NN - ¢tmin‘

p — — ¢
‘ Virain ‘ ‘ ¢tmin ‘

U %
‘ptmin ‘ ‘ Utrain |

Absolute error | €| of predictions can taking the form:

‘ € ‘ — ‘p pred — P exactl ‘ €u ‘ = | Upred — uexact‘ ‘ 2 ‘ = | Vored — Vexact‘ | € ‘ = ‘ ¢pred o ¢exact|
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Error Analysis

DNN Error € u . BubbleNet Error € u .
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Error Analysis

DNN Error € v
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BubbleNet Error € v
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Error Analysis

><105
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Error Analysis

DNN Error € p 1073 BubbleNet Error € p %1073
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Error Analysis

DNN Error € ¢ BubbleNet Error € ¢
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Error Analysis
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Error Analysis

DNN Error |e| u 10°3 BubbleNet Error |e| u 1073

12.5

1.5

0.5

36



Shanghai University

Error Analysis

DNN Error |e| v 103 BubbleNet Error |e| v <103
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Error Analysis

DNN Error |e| p
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BubbleNet Error |e| p
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Error Analysis

DNN Error |e| ¢
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