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Machine Learning

————

IS a subfield of Artificial Intelligence

Artificial

I n{a‘ﬁiﬁence

Athat teaches computers to
Alearn from data,
Afind patterns , and
Amake decisions or predictions

Machine
Learning

Awithout  being explicitly programmed

Deep
Learning
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Machine Learning

Unsupervised Supervised fdvertising Popularity
- - S il o,
AUnsupervised Learning . Machine
Afinding patterns in unlabeled . ST ] :
A Clustering & Dimensionality reduction carning
AReinforcement Learning . O g
Alearning  optimal actions to ma; SR
A Q Learning & Policy Gradients

"



Machine Learning for EE

Design device

Select Input /design parameters

Run simulation

Evaluate output / performance metrics
lterate / tune




Machine Learning for EE




Machine Learning for EE




Machine Learning for EE

£} ML model




Machine Learning for EE

ML model




Machine Learning for EE

ML model




Machine Learning for EE

A parametric models
A Artificial Neural Networks (ANNS) Li near Regres:

A nonparametric models
A Gaussian Processes (GPs) , Decision Trees, Random

Forest s, KNN, é




Machine Learning

Well 7 . .
A Universal Approximation Theorem

Neural Networks, 1989 Methods , JMLR, 2011



for ET

WEIl 7 . .
A Universal Approximation Theorem

Neural Networks, 1989 Methods, JMLR, 2011
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WEIl 7 . .
A Universal Approximation Theorem

Neural Networks, 1989 Methods, JMLR, 2011
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Tabulated dataset
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Gustavsen, B., and A. Semlyen. “Rational
Approximation of Frequency Domain
Responses by Vector Fitting ™ (EEE
Transactions on Power Delivery 14, no. 3
(July 1999): 1052-61.
https://doi.org/10.1109/61.772353.

Power systems ~ 1 MHz

e \ﬁ;/" g W\\R\‘i
J%I’W,t @f. AN ﬁ

Vector Fitting

Grivet-Talocia, 5., 5. B. Olivadese, and P. Triverio. “A
Compressmn Strategy for Rational Macrumodellng of
Large Interconnect Structures.” In 20771 IEEE 20th
Conference on Electrical Performance of Electronic
Packaging and Systems, 53-56, 2011.
https://doi.org/10.1109/EPEPS.2011.6100184.

2 High-speed interconnects ~ 10 GHz

Magnitude, dB

NS

2001
®

1 2 2 4 5 3 7 8
Frequency, GHz

Magnitude (dB)

=100

Complex Vector Fitting

Ye, Yinghao, Domenico Spina, Dirk Deschrijver,
Wim Bogaerts, and Tom Dhaene. “Time-
Domain Compact Macromodeling of Linear
Photonic Circuits via Complex Vector Fitting."
Photonics Research 7, no. 7 (July 1, 2019):
T71. hitps://doi.org/10.1364/PRJ.7.000771.
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Vector network analyzer

Acquire tabulated dataset

A Electromagnetic simulators
ADS Momentum CST Studio
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1.  Acquire tabulated dataset

2. Compute rational approximation
AFit poles and residues of rational function

K Re5|dues
S(s) = !
DTN

Poles

A Relocate poles of model
- lteratively solve least-squares problem
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1. Acquire tabulated dataset Z!RGS'dUGS

S(s) = @

2. Compute rational approximation

3. Derive state-space representation Poles
ﬁ Analytic relation!
(dx(t)
] ~a@ x(t) + Ba(t)
. b(t) = Cx(t) + Da(t)

32
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W=

Amplitude (V)

i ReS|dues
Acquire tabulated dataset
9 S(s) — Z @y

Compute rational approximation @

Derive state-space representation Poles
Transient simulation ﬁ Analytic relation!
e _W—r_wﬁr_w — Input

0.5 - —— Qutput ¢

(itaeting Solve de(t) _ Az(t) + Ba(t
AR o dt
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Frequency

34

Advantages
Fast
Accurate
Low-order approximations

Preserves physical properties (stability, ..

Passivity can be enforced

)

-

S(s) =

A4
~

K

R
Y — 4D
k:13_pk

Ax(t) + Bal(t)
Cxz(t) + Da(t)

¥

S-parameters



Frequency

Limitations
Doesn’t inherently models noise v
- Sensitive to overfitting 4 )
k
- Convergence issues S(s) = }; D
Manual order selection dz (1)
No uncertainty quantification o = Axz(t)+ Ba(l)
b(t) = Cxz(t)+ Daft)

¥

S-parameters
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A parametric model
A Vector Fitting (VF)

36



_ I

A parametric model
A Vector Fitting (VF)

U

A nonparametric model
A Gaussian Process (GP)

37
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Properties

1. Stochastic

2. Distribution of functions
3. Nonparametric
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Properties

1. Stochastic

2. Distribution of functions
3. Nonparametric
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Properties

1. Stochastic

2. Distribution of functions
3. Nonparametric

4. Predictive mean
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Properties ‘2‘
1. Stochastic 0-
Distribution of functions
Nonparametric
Predictive mean

ok

Predictive variance




Properties 3
Stochastic .

Distribution of functions

Nonparametric
Predictive mean
Predictive variance

O o kWD S

Data-efficient
A Active Learning (AL) 01
A Bayesian Optimization (BO)

a2



N I

Kernel = beating heart of GP
AEncodes correlation among inputs
ADirectly affects model predictions

43



Kernel e.g. the squared-exponential

AEncodes correlation among inputs

1.0+

ADirectly affects model predictions o

~ 0.44

0.2

0.0

44
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Kernel
AEncodes correlation among inputs

ADirectly affects model predictions

Kernel hyperparameters
AControl model behavior
AMust be tuned to data

R

Kernel variance

Kernel
lengthscale

e.g. the squared-exponential

1.0

0.8
=~ 0.6+
X

~ 0.44

0.2

0.0
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Laplacian  and Gaussian

Kernel
AEncodes correlation among inputs

ADirectly affects model predictions

Kernel hyperparameters
AControl model behavior
AMust be tuned to data

R | Kernel variance

| | Kernel
lengthscale

e.g. the matérn kernel

0.0
-4 -2 0
X1 —X2

Matérn kernel
interpolates between

Laplacian and Gaussian
ol—v YV 2V|X0 — X1| g YV 2V|X0 — x1|
k atérn 3 = o? K,
Masérn (X0, X1) = 07 58 ( ; ;



Frequency

Advantages

Stochastic v

Account for noise and uncertainty
- Error bounds

- Active learning x ) :
Nonparametric (kernel-based) x

- Robust to overfitting
- No need for manual order selection K /

¥

S-parameters

47
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Limitations
Assume smooth functions
Independent modeling of real/imag parts
Restricted to frequency-domain
Model size increases with data
Do not preserve passivity

Frequency

Avd
4 N
o /

¥

S-parameters




Machine learning for LTI system identification

Tabulated data Kernel - based method Systems and control Rational model

<

Machine learning augmented by systems and control theory

49



Frequency
Limitations
Assume smooth functions v
Independent modeling of real/imag parts / , \

Restricted to frequency-domain : -
Model size increases with data \J/\/
Do not preserve passivity < ,

¥

S-parameters

50



Standard approach
ASeparately model Re and Im parts

51



Standard approach
ASeparately model Re and Im parts
AStandard kernels (e.g. RBF) encode smoothness

52



Re[512]
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Standard approach

ASeparately model Re and Im parts
AStandard kernels (e.g. RBF) encode smoothness
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Physics-Informed approach
AJointly model Re and Im
APl-kernels (e.g. Szegd)
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Szego




__

ADefined by covariance and pseudo-covariance functions
k(f, f)
c(f. f")

~

B[(£(f) = m(OES) =m(f)]
E(£(f) = m(H)EF) = m(f))]

Jointly model real and imaginary parts

55
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ADefined by covariance and pseudo-covariance functions

k(f, 1) = EIE(f) = m(HEF) = m(f)]
&(f, 1) = BIES) = m(FEF) = m(f))]

AEquivalence with real-valued multi-output GP. @

—m . . .
3 Jointly model real and imaginary parts
— m

Cross-covariances o Re ; +é o Im: _ T +EE]
k(f. ) = [Fer(f 1) (ks (), f’)]‘ T T
| ksn(f, [)] kss(f, f) Im[k + ¢ Re[k — ]
kop = — 5 kog = — 5
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__ I

ADefined by covariance and pseudo-covariance functions

k(f, 1) = EIE(f) = m(HEF) = m(f)]
&(f, 1) = BIES) = m(FEF) = m(f))]

AEquivalence with real-valued multi-output GP. @

—m . . .
3 Jointly model real and imaginary parts
— m

Cross-covariances o Re ; +é o Im: _ T +EE]
k(f. ) = [Fer(f 1) (ks (), f’)]‘ T T
| ks(f, 1) kss(f, f) _Imfk+¢] Re[k—¢
IR = 2 ; IS = 5

How to choose Qand Gi?

57



ASzegb covariance and pseudo-covariance functions

58



ASzegb covariance and pseudo-covariance functions

AHigher accuracies compared to standard kernels

AEncodes key physical properties
V Stability
V Causality
V Hermitian symmetry

} Positive constraint on|

59



Kernel configuration
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Kernel configuration
Al

TP
A Evaluated at'Q p’OdQ
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Kernel configuration

Al ™
A Evaluated at'Q p’OdQ
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Pseudo kernel enforces
Hermitian symmetry!
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0.10
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-0.07

- 0.06
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0.04
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0.02

0.01

operates as lengthscale

https://tomdhaene.qi
thub.io/szego kernel
_visualization/inter
active_kernel plot s
tatic_alpha green cl
ipped.html



https://tomdhaene.github.io/szego_kernel_visualization/interactive_kernel_plot_static_alpha_green_clipped.html

Small data Some data Big data

Data

Physics

Lots of physics Some physics No physics
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Frequency
Limitations
Assume smooth functions v
Independent modeling of real/imag parts / , \

Restricted to frequency-domain : -
Model size increases with data \J/\/
Do not preserve passivity < ,

¥

S-parameters
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Frequency

Limitations
Electrical frequency responses s A4 ~

Joint modeling of real/imag parts

Restricted to frequency-domain : -
Model size increases with data \J/\/

Do not preserve passivity

¥

S-parameters
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Limitations
Electrical frequency responses
Joint modeling of real/imag parts

Restricted to frequency-domain

Model size increases with data
Do not preserve passivity

Session

Frequency

AV
4 N

x
®
x
x
x
x
x
* *

o J

¥

S-parameters




GP posterior mean
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GP posterior mean

Analytic relation!

Rational pole-residue form
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GP posterior mean

Analytic relation!

Rational pole-residue form

70



APoles are imposed by kernel and sampled frequencies

?]
> Sampled frequency

Kernel length scale
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APoles are imposed by kernel and sampled frequencies

?]
> Sampled frequency

Kernel length scale

AResidues are a linear weighted combination of the tabulated data

_]—> Residual training data

Covariance matrix
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A Frequency - domain

E— ao
N ~|° 6 H
=|\i’3 _______________________
6 oo
C | k£ = B
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N

A Frequency - domain

I R
n ~|° 6 E
A Time - domain ] )
.U |
0 oo
C | k£ = B
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Frequency

Limitations
Electrical frequency responses - 7 ~
Joint modeling of real/imag parts

Restricted to frequency-domain : -
Model size increases with data \J/\/

Do not preserve passivity

¥

S-parameters
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Limitations
Electrical frequency responses

Joint modeling of real/imag parts
Equivalent rational formulation

Model size increases with data
Do not preserve passivity

Frequency

AV
4 N

x
®
x
x
x
x
x
* *

o J

¥

S-parameters
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Limitations
Electrical frequency responses

Joint modeling of real/imag parts
Equivalent rational formulation

Model size increases with data

Do not preserve passivity

Frequency

AV
4 N

x
®
x
x
x
x
x
* *

o J

¥

S-parameters




GP posterior mean

3

Rational model
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I

GP posterior mean

[

@ Model complexity grows with size of data!
Rational model
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Number of states scales with size of dataset

80



Before:

After:

Large matrices
MOR
Reduced matrices
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Leverage developments systems and control theory
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Leverage developments systems and control theory

Scaling Large - scale systems Small to medium - scale systems
MOR efficiency Less compact ROMs Superior accuracy vs model
order
Error bounds No computable bounds g upper and lower error J
bounds

Preferred method

Automatic model order selection
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Limitations
Electrical frequency responses

Joint modeling of real/imag parts
Equivalent rational formulation

Model size increases with data
Do not preserve passivity

Frequency

AV
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o J

¥

S-parameters







