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Abstract

Machine learning (ML) is a set of computational tools that can analyze and utilize large
amounts of data for many different purposes. Recent breakthroughs in ML and artificial
intelligence largely enabled by advances in computing power and parallel computing present
cross-disciplinary research opportunities to exploit some of these techniques in the field of
non-equilibrium plasma (NEP) studies. This paper presents our perspectives on how ML can
potentially transform modeling and simulation, real-time monitoring, and control of NEP.
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Table 1. An overview of potential applications of ML for modeling, diagnostics, and control of NEPs.

Supervised learning
(e.g. regression, neural networks, kriging,
support vector machines)

Unsupervised learning
(e.g. clustering, dimension
reduction)

Reinforcement learning

Predictive modeling

Learning nonlinear mappings for plasma-
surface interactions [4, 22], learning inexpensive
surrogate models from theoretical simulation
data [7], plasma dose quantification

Selection of relevant input
features for building simpler
models from data [5]

Diagnostics

Inference of plasma and surface properties
from spectral data [6, 10, 32],

Extraction of latent information
from measurements [46—48],

Detection of abnormal drifts and variabilities [6]

Process control

Learning multivariable input—output mappings of process dynamics for model-based Learning-based control

control [45, 56, 57]
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Use of AI/ML for Plasma-Assisted Processes in Semiconductor Manufacturing
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FIG. 30: An overview of the applications of AI/ML for the design, development, and operation of plasma-assisted
processes for semiconductor manufacturing, towards accelerating the time-to-market of new processes and products
for the consumer electronics industry via smart manufacturing practices.
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Data-Informed Results

VI probe Data vs. Plasma Parameters OES Data vs. Plasma Parameters
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It is Difficult by Al Alone !

v But, Al alone can not give us the answers, especially for the
plasma-assisted processes.
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Variable 3

LCL, B

VM performance based on the various
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ucL, A
o

What isthe variable 1, 2, and 3 in the
process reaction and the list of root causes?

To control the process reaction And to solve the problem during the
rates, we have to deal : processes, we have to find the root
catie: Powerabsorption
L Puggini et al., EAAI 67 (2018) 126-135.
RProc = ntarget (iz kijDjVNj u ZKIFIJ Gas mixing ratio
: J v
w \Y d exhausti
And, Al DOES NOT give us <”,-”JE aq(e)\/s/27mefe(5)dg> acuum and exhaustion
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question ! ESC aging




WHO can give us the answers?
7

yarane? How to Translate the BIG DATA
Variable 3 . .
e to the Plasma Processing Engineers?
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Plasma Reactor f3 ............................ i  Process . VM
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ne, n; o
T, om fE0) f3
r ion (5iom 9,-,.,), I-j And, How to make f:;, the process control logic based on the
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f Plasma Physics should do :

(1) Define of the problem
Controlled Process Results (2) Approach to the solution
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WHAT we have to do?

Translation of the BIG DATA to the Plasma Processing Engineers
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Various Strategies of the Translation for Plasma Processing Engineers

G-H Kim, J Shinagawa etal., 2022 Review of Data-Driven Plasma Science
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Model Adjusted

(Physics Based Data Driven Analysis Model)
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Take advantage of data science + Includes physical understanding/constraints

Allowing for data driven understanding of complex plasma equipment/process system
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N% VM virtual Metrology) Module
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Prediction of VM based response & M/L based Process Optimization
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R&D Summary

Physics-based data-driven approach for plasma equipment
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Make Your F)laSma Equ|pmeﬂt Smar‘t

Plasma Equipment Intelligent Research & Experimental Platform




	Slide Number 1
	Slide Number 2
	Slide Number 3
	Slide Number 4
	Slide Number 5
	Slide Number 6
	Slide Number 7
	Slide Number 8
	Slide Number 9
	Slide Number 10
	Slide Number 11
	Slide Number 12
	Slide Number 13
	Slide Number 14
	It is Difficult  by AI Alone !
	WHO can give us the answers?
	WHAT we have to do?
	Various Strategies of the Translation for Plasma Processing Engineers
	Slide Number 19
	Slide Number 20
	Slide Number 21
	Slide Number 22
	Slide Number 23
	Slide Number 24
	Slide Number 25
	Slide Number 26
	Slide Number 27
	Slide Number 28
	Slide Number 29

