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Conventional ANN-Based Optimization

Step 1

ANN

fine
model

Rf

Rf

xf



w

Many fine model simulations are 
needed: the number of learning 
samples grows exponentially with 
the dimensionality (Stone, 1982)

Solutions predicted outside the 
training region are unreliable
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ANN

w*

Rf
*


xf
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Conventional Neural Optimization – Step 1
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Conventional Neural Optimization – Step 2

U is the objective function 
expressed in terms of the 
design specifications

ANN
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Rf
*


xf )),,((minarg ** wψxNx

x f
f

f U
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Decomposed Conventional Neural Optimization

Step 1
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(Teyssier et al., 1999)
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Clustered Self Organizing Feature Maps (SOM)

Step 1

basic
ANN

fine
model

Rf
xf



wb

rough
approximation

to Rf

Step 2
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*

SOM
class 1

class n

ws

(Mongiardo et al., 1999)
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Clustered SOMs (continue)

Step 3

basic
ANN

fine
model

Rf
xf



wb
*

SOM
class 1

class n

ANN
Rf

RfANN

w1

wn
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*

(Mongiardo et al., 1999)
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The Difference Method for Neural Optimization

Step 1

coarse
model

ANN

fine
model
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Step 2
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(Gupta et al., 1996, 1999)
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The Difference Method – Step 1
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The Difference Method – Step 2
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The PKI Method for Neural Optimization

Step 1

coarse
model

ANN

fine
model

xf

Rc

Rf

Rf

w



(Gupta et al., 1998, 1999)
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Knowledge-Based Neural Networks (KBNN)

Step 1

empirical
functions

ANN

fRfine
model

input
layer

output
layer

ANN

Rf

xf



w

Step 2

empirical
functions

ANN
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output
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ANN

xf
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*

w*

(Zhang et al., 1997, 2000)
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Space Mapping Based Neuromodeling

(Bandler et al., 1999)

neuro-
mapping
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model
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model
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SM based neuromodel



Modeling and Design of Electronic Circuits using Artificial Neural Networks
Dr. José Ernesto Rayas-Sánchez

April 29, 2015

8

15Dr. J. E. Rayas Sánchez

Neuromappings

(Bandler et al., 1999)

PSM

SM
neuromapping



xf

c

xc PFDSM

FDSM
neuromapping



xf

c

xc

Space mapped (SM) 
neuromapping

Frequency-dependent 
space mapped (FDSM) 
neuromapping
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Neuromappings (cont.)

(Bandler et al., 1999)

Frequency mapped 
(FM) neuromapping

Frequency space mapped 
(FSM) neuromapping

PFM

FM
neuromapping


xf

c

xc

PFSM

FSM
neuromapping


xf
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Neuromappings (cont.)

(Bandler et al., 1999)

Frequency partial space 
mapped (FPSM) neuromapping

It is not always necessary 
to map the whole set of 
design parameters

Coarse model sensitivities 
can be used to select the 
mapped parameters

PFPSM

FPSM
neuromapping


xf

c

xcxf
 }
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SM-based Neuromodeling – Training Region

(Bandler et al., 1999)

Star distribution of learning base points

Random distribution of testing base points

2n+1 learning based 
points are used for a 
circuit with n design 
parametersxf 1

xf 2

xf 3
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SM-based Neuromodeling – Example

(Bandler et al., 1999)

Microstrip right angle bend

r

W

W

H

Region of interest:
20mil  W  30mil
8mil  H  16mil

8  r  10
1GHz    41GHz

Coarse model: equivalent circuit 
model (Gupta, Garg and Bahl, 1979)

Fine model: Sonnet’s em

Learning set: 7 base points with 
star distribution

Testing set: 50 random base points
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SM-based Neuromodeling – Example (cont.)

(Bandler et al., 1999)

Microstrip right angle bend
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Errors of the coarse model with respect to the fine model at 50 random 
base points
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SM-based Neuromodeling – Example (cont.)

(Bandler et al., 1999)

Microstrip right angle bend

SM neuromodel for the right angle bend (3LP:3-6-3)

cx fc RR 
ANN

fx fRSonnet's
em

lumped
circuit

Gupta's model

formulas
L,C



xf = [W H r]T
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SM-based Neuromodeling – Example (cont.)

(Bandler et al., 1999)

Microstrip right angle bend

Errors of the SM neuromodel for the right angle bend (3LP:3-6-3)
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SM-based Neuromodeling – Example (cont.)

(Bandler et al., 1999)

Microstrip right angle bend

FDSM neuromodel for the right angle bend (3LP:4-7-3)

xf = [W H r]T

cx fc RR 
ANN

fx fRSonnet's
em

lumped
circuit

Gupta's model

formulas
L,C
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SM-based Neuromodeling – Example (cont.)

(Bandler et al., 1999)

Microstrip right angle bend

Errors of the FDSM neuromodel for the right angle bend (3LP:4-7-3)
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SM-based Neuromodeling – Example (cont.)

(Bandler et al., 1999)

Microstrip right angle bend

FSM neuromodel for the right angle bend (3LP:4-8-4)

xf = [W H r]T

cx

fc RR 
ANN

fx fRSonnet's
em

lumped
circuit

Gupta's model

formulas
L,C

c
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SM-based Neuromodeling – Example (cont.)

(Bandler et al., 1999)

Microstrip right angle bend

Errors of the FSM neuromodel for the right angle bend (3LP:4-8-4)
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Neural Space Mapping (NSM) Optimization

Step 1

coarse
model

xc

c
ANN

fine
model

Rf

xf

w

Rf

Step 2

coarse
model

xc

c
ANN

Rf
*

w*

xf

(Bandler et al., 2000)
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NSM Optimization – Step 1

coarse
model

xc

c
ANN

fine
model

Rf


xf

w

Rf

(Bandler et al., 2000)
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NSM Optimization – Step 2

coarse
model

xc

c
ANN

Rf
*

w*

xf

))),,(((minarg *)1( wψxNRx
x fc

f

i

f U

(Bandler et al., 2000)
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NSM Algorithm

Train a neuromapping N such that

Rf (xf 
(l), )  Rc(N(xf

(l), ))

l = 1,..., 2n+i

Select 2n additional points around xc
*

Rf (xf 
(i))  R*

no

yes
End

xf
(i) =  xc

*

Calculate the fine response
Rf (xf 

(i))

Start

i = 1

Optimize the SM-based neuromodel

xf 
(i+1) = arg min U(Rc(N (xf , )))

 xf

i = i + 1

Optimize the coarse model

xc
* = arg min U(Rc(xc, ))

 xc
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Extended NSM Modeling Approach

coarse
model

(small-signal
equivalent

circuit)

xcANN

fine
model

(measurements)
 

Rfxf

w

Rf

xc = [Cgs Ri Cgd gm  gds Cds]T

xf = [VGS VDS]T

Rf contains the S-parameters 
measured at various bias settings(Shirakawa et al., 1998,1999)
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Neural Inverse Space Mapping (NISM)

coarse
model

fine
model

Rf

xf

Rfxc

Main subprocesses

a)
ANN xfxc

w

b)

ANN xf
(new)xc

*

w*

c)

(Bandler et al., 2001)



Modeling and Design of Electronic Circuits using Artificial Neural Networks
Dr. José Ernesto Rayas-Sánchez

April 29, 2015

17

33Dr. J. E. Rayas Sánchez

NISM Optimization Algorithm

Calculate the fine response
Rf (xf 

(i))

PARAMETER EXTRACTION
Find xc

(i) such that

Rc(xc
(i))  Rf (xf 

(i))

xf 
(i+1) = N(xc

*)

Start

INVERSE
NEUROMAPPING

Find the simplest neural
network N  such that

xf 
(l)  N (xc

(l))

l = 1,..., i

i = i + 1

xf
(i)  xf

(i+1)

no

yes

End

i = 1

xf
(i) =  xc

*

Optimize the coarse model

xc
* = arg min U(Rc(xc, ))

 xc
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HTS Filter (Westinghouse, 1993)

r

L2

L1L0

L3

L2

L1

L0

S2 S1

S1 S2

S3

H
W

L0 = 50 mil, H = 20 mil, 
W = 7 mil, r = 23.425, 
loss tangent = 3105; 
lossless metalization

Design parameters
xf = [L1 L2 L3 S1 S2 S3] T
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NISM Optimization of the HTS Microstrip Filter

Specifications

|S21|  0.95 for 4.008 GHz  f  4.058 GHz

|S21|  0.05 for f  3.967 GHz and f  4.099 GHz 
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NISM Optimization of the HTS Microstrip Filter

Fine model

Sonnet’s em

1

2
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NISM Optimization of the HTS Microstrip Filter

Coarse model

OSA90/hope built-in models of open circuits, microstrip 
lines and coupled microstrip lines
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NISM Optimization of the HTS Microstrip Filter

Starting point

OSA90/hope () and em (o) at xc
*
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NISM Optimization of the HTS Filter (cont)

Responses using OSA90/hope () at xc
* and 

em (o) at the NISM solution (after 3 NISM iterations)

3.95 4 4.05 4.1 4.15
0
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frequency (GHz)
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Yield Optimization with SM-based Neuromodels

Jf  rn Jacobian of the fine model responses w.r.t. the 
fine model parameters

Jc  r(n+1) Jacobian of the coarse model responses w.r.t. the 
coarse model parameters and mapped frequency

JP  (n+1)n Jacobian of the mapping function w.r.t. the fine 
model parameters

),(),(  fSMBNff xRxR 

for all xf and ω in the training region

We can show that

Pcf JJJ 
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SM-based Neuromodel of the HTS Filter

coarse
model

ANN

SM-based neuromodel

H

L0

W
r

L2
L3
S2
S3

S1

L1



L1c

S1c

c

Re{S11}

Im{S11}

Re{S21}

Im{S21}
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Yield Analysis of the HTS Filter (cont)

At the nominal SM-solution: yield = 18.4%

3.901                 3.966                    4.031                     4.096                  4.161

frequency (GHz)
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Yield Analysis of the HTS Filter (cont)

At the nominal SM-solution: yield = 18.4%

-0.0624 0.0624 0.1871 0.3118 0.4365 0.5612
max error
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Yield Optimization of the HTS Filter

At the optimal yield SM-solution: yield = 66%
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Yield Optimization of the HTS Filter (cont)

At the optimal yield SM-solution: yield = 66%

-0.0336 0.0336 0.1008 0.1681 0.2353 0.3025
max error
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Yield Optimization of the HTS Filter (cont)

em () response and SM-based neuromodel ()
response at the optimal yield SM-solution
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Synthesis ANNs for Microwave Design

ANN

fine
model

Rf
xf



w

xf

Step 1 Step 2

ANN

w*

xf
*Rf

*

(Gupta et al., 1999 , Selleri et al., 2002)

The mapping usually 
is multi-valued 
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Neuromodels for Transient Domain

fine
model

(transient)
Rf (t)

Rf (t)

xf

t

w

MLP
z1

z1

RNN

(Zhang et al., 2000, 2002)

 (t) input waveforms

Rf (t) fine model output 
waveforms amplitudes

Critical issues for 
training RNNs:

 sampling cycle
 number of unit-delay 
elements in each bank 
of delays 
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Some Future Directions

 More algorithmic on-line approaches to neural EM-based 
design (e.g., exploiting parallel computing)

 An integrated transient and frequency domain ANN-based 
design approach

 More ANN EM-based design methods exploiting circuital 
models
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Conclusions

 Relevant work in EM-based design and optimization of 
microwave circuits exploiting ANNs is reviewed

 The conventional ANN optimization approach is described

 Strategies for ANN EM-based design that exploit 
knowledge are reviewed

 ANN-based design using synthesis neural networks is 
mentioned

 Key issues on transient EM-based design using ANNs are 
described

 Future directions of ANN techniques for microwave design 
are mentioned


