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Overview Machine Learning

Machine Learning

: Machine learning consists in extracting information from data and using it to predict trends and behaviour patterns.

- Supervised learning (i.e. classification / regression): The machine learning task of learning a function that maps an input to an output based on example input-output pairs.
- Unsupervised learning (i.e. clustering): a type of machine learning that looks for previously undetected patterns in a data set with no pre-existing labels.

Unsupervised Supervised
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Z KX : https://www.extrahop.com/company/blog/2019/supervised-vs-unsupervised-machine-learning-for-network-threat-detection/



Overview Learning Method

Machine Learning ' (Machine Learning/Quantum Circuit Learning)
- Black box(7|Alet& 2 &) Yot 2L 24| A E Sh& (Universal Function Approximator)
a. & 2{'d 2 (Neural-Net): Multi-layer, Activation Function, Optimizer, Backpropagation(Gradient Descent)
b. ¥XHH M 2{'d (Quantum Circuit Learning!"): Multi-layer, Unitary Operator/Entanglement, Optimizer, Variational Method
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[1] Mitarai, Kosuke, et al. "Quantum circuit learning." Physical Review A 98.3 (2018): 032309.
[2] https://www.ibm.com/topics/neural-networks
[3] https://qiskit.org/ecosystem/nature/tutorials/07_leveraging_giskit_runtime.html
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ML-based DE solver: PINNs damped oscilliation

d“u dx
Inﬁ + ,UE + kx=20 Second order differential equation

Initial Condition: X(0) =1, % =0

Solution: z(t) =e *(24cos(¢ +wt)), with w=4/w? -8
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& https://benmoseley.blog/my-research/so-what-is-a-physics-informed-neural-network/

t2| TS (damped oscilliation): T&XHS| L0 H|2Ste OFE =0 EXE 42 (m: TSXS| EE, u: OHE A=, ke E &=, x= e, t& AlZh
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ML-based DE solver vanilla ML

H M2 (Supervised Learning) 7|4t 41 (Regression)

- HlO|E| BHE: AIZH| 2 ZFERL SE S

x|
- Model Discovery: Neural-network”|2to] 2 &2

1.00 A
0.75
0.50

0.25 4

-0.25 4
=0.50 4

=0.75 A

Training data

0.0

0.1 0.2 0.3 0.4

L EEEN

<Neural Network>

0.5
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ML-based DE solver PINN
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Loss = Loss prediction + Loss, physical (+ Loss Boundary C ondition)
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New Approach(Classical/ML) PINNs

Physics-informed Neural Networks
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