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Machine Learning  for EE

ÅWhat is Machine Learning (ML)

Å ML is a subfield of Artificial Intelligence (AI) 

Åthat teaches computers to 

Ålearn from data, 

Åfind patterns , and 

Åmake decisions or predictions

Åwithout being explicitly programmed for every task,

Åallowing them to improve performance 

over time through experience.



Machine Learning  for EE

ÅTypes of Machine Learning (ML)

ÅSupervised Learning : 
Åfinding relations in labeled data 
ÅRegression   &   Classification

ÅUnsupervised Learning : 
Åfinding patterns in unlabeled data 
ÅClustering   &  Dimensionality reduction

ÅReinforcement Learning : 
Ålearning optimal actions
ÅQ- Learning   &   Policy Gradients
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Machine Learning  for EE

ÅHS/HF design process

1. Design device

2. Select input / design parameters
3. Run simulation
4. Evaluate output / performance metrics
5. Iterate / tune
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ÅML(1) - data collection

input2
input1

design 

parameters

performance 

metrics

input2

input1

output

program

EDA tool

costly

1y

2y

My

( )1 1 1 1

1 2 3, , ,... Nx x x x

( )2 2 2 2

1 2 3, , ,... Nx x x x

( )1 2 3, , ,...M M M M

Nx x x x



Machine Learning  for EE

ÅML(2) ïmodel training
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ÅML(3) ï surrogate model

input2
input1

design 

parameters

performance 

metrics

input2

input1

output

( )1 1 1 1

1 2 3, , ,... Nx x x x 1y

( )2 2 2 2

1 2 3, , ,... Nx x x x 2y

( )1 2 3, , ,...M M M M

Nx x x x My
cheap

program

EDA tool

costly

ML model



Machine Learning  for EE

ÅML(3) ï surrogate model
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Machine Learning  for EE

ÅML(4) ïmodel types
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Å parametric models

ÅArtificial Neural Networks (ANNs) , Linear Regression, é

Å nonparametric models

ÅGaussian Processes (GPs) , Decision Trees, Random 

Forests, KNN,é



ÅTheoretical Basis - why surrogate models work 

well?
Å Universal Approximation Theorem (UAT)

Big Data

Ásurrogate models based on 

Neural Networks (NNs)

Ádeep NNs , with proper 

architecture, are 

universal function 

approximators

ÁHornik et al., Multilayer Feedforward 

Networks Are Universal Approximators , 

Neural Networks, 1989

Small Data

Ásurrogate models based on 

Gaussian Processes (GPs)

ÁGPs, with proper kernels, are 

also 

universal function 

approximators

Ávan der Vaart et al., Information Rates 

of Nonparametric Gaussian Process 

Methods , JMLR, 2011
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Å Electromagnetic simulators

Å Measurement

ADS Momentum CST Studio

Vector network analyzer
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Å parametric model

Å Vector Fitting (VF)



Å parametric model

Å Vector Fitting (VF)

Å nonparametric model

ÅGaussian Process (GP)
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Kernel - based methods KARMA Systems and control

Machine learning for LTI system identification

Machine learning augmented by systems and control theory

Tabulated data Rational model
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Jointly model real and imaginary parts
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_visualization/inter
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Model complexity grows with size of data!
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Number of states scales with size of dataset
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After:

Krylov 

Balanced truncation (BT)



Leverage developments in systems and control theory

Krylov Balanced truncation (BT)

Scaling Large - scale systems Small to medium - scale systems

MOR efficiency Less compact ROMs Superior accuracy vs model 

order

Error bounds No computable bounds Ὄ upper and lower error 

bounds



Leverage developments in systems and control theory

Krylov Balanced truncation (BT)

Scaling Large - scale systems Small to medium - scale systems

MOR efficiency Less compact ROMs Superior accuracy vs model 

order

Error bounds No computable bounds Ὄ upper and lower error 

bounds

Preferred method

Automatic model order selection






