Machine Learning for Device and Circuit Designs
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1. Introduction
1.1 Background
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1.2 Motivation
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1.3 Purpose
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Fig. 1.1 Overall Workflow Architecture

2. Research Methodology

2.1 Description of Device Structure Types

Typeé | i 1 E 2 g3 i 4
Type 1 | gg_distance + gg_distance > | Cons; =gg_distance> Cons,
Cons; >LM1 LMOFP > Cons, +
LGM + Igf
Type2 | LM1=0 gg_distance > Cons; =>gg_distance= Cons,
LMOFP >
Constant, +LGM
+ Igf




Type3 | LM1=0 gg_distance + | Cons; =gg_distance> Cons,
LMOFP=0 Cons; >LM1
Type4 | LM1=0 gg_distance + | gg_distance > Cons,+ Igf Cons; =>gg_distance= Cons,
LMOFP=0 Cons; >LM1
Type5 | LMOFP=0 gg_distance + | gg_distance > Cons, + LGM | Cons; >gg_distance> Cons,
Cons,; >LM1 + Igf
Type 7 | LM1=0 gg_distance > Cons; =>gg_distance=> Cons,
LGM=0 LMOFP > Cons; +
lgf
Type8 | LGM=0 gg_distance + gg_distance > LMOFP > Cons; >gg_distance= Cons,
Cons; >LM1 Cons, + Igf

Table 2.1 Structural Conditions of Each Type
Note: Cons;~Cons, correspond to Constant,~Constant,,which are the constant
values used in the constraint equations.
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2.2 DOE (Design of Experiments)
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2.3 Surrogate Model
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Fig. 2.2 Surrogate Model Structural
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1 - 4 % i+ (Standardization):
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2.3.3 ¥ = & g & $#-3](Meta Model: XGBoost)
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2.4 Non-dominated Sorting Genetic Algorithm Il (NSGA-I1)
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2.5 Active Learning
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3 Experimental Results
3.1 Surrogate Model Result

Model/ % t+ %% | XGBoost(?* = | ANN SVR Randon | Ridge
Surrogate Forest Regresion
Model)

Ron 0.956 0.927 0.963 0.902 0.994

BV 0.901 0.886 0.895 0.924 0.507

Coss2 0.947 0.749 0.616 0.733 0.731

Table 3.1 The R2Values of Each Model for Predicting Each Electrical Parameter
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3.2 Reverse-Design Validation Results of NSGA-11
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Fig. 3.6 NSGA-II with Surrogate Model Result
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4.Conclusion and Future Work
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