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Introduction

"All models are wrong, but some are useful.”

- statistician George Box

“All models are approximations.
Some models are useful.”

- attributed to Mike Golio and others
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Purpose of Webinar

Introduce Agilent’s first measurement-based modeling solution
based on artificial neural networks (ANN) — NeuroFET

Three interoperable components:

4 [ ) Data ] A

Acquisition

(2) Advanced (3) Compiled

ANN Training Nonlinear Model
\ Agilent NeuroFET /
*Agilent developed each component; designed them to work together

*Deployed for Agilent proprietary 111-V MMIC technology at HFTC
«Commercialized in collaboration with Agilent EEsof EDA Division
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NeuroFET components

(1) Automated, adaptive characterization system for FETs

Agilent IC-CAP

"-:f:-' Agilent Technologies

Beneflts Data Acquisition:
Supports common gate and common source layouts
Minimizes impact of device degradation during characterization
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NeuroFET components
(2) Unique and powerful Agilent ANN Training Technology

Agilent EEsof EDA Agilent IC-CAP Model

IC-CAP SR Generation

Current Error | Target Errar Training Progress Training Ikeration Time:

0.004801 10 1320 2000 00:00:57

0.0090% /0 210/ 2000 00:00:15

Benefits:
«Advanced ANN training creates accurate & general model functions
«Same flow can fit very different looking device characteristics
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NeuroFET components

(3) Built-in (compiled) nonlinear transistor model in ADS

Agilent ADS
T W
m 1 NeuroFET model: Line Nonlinear
VARAAS S 2+ Measured data : X Simulation
T 'm I ’ l UL = And Design
(@] 0
o

Advanced -
Design System

Premier High-Frequency and |
High-Speed Design Platform 50

40+

«i#~ Agilent Technologies 80

-100

|
A0 45 4[! 35 -3[! 25 2[! 15 10-5 0 5 1l] 15 20

Benefits: Pin (dBm)

Fast & accurate nonlinear simulation with robust convergence
*Model usable in all bias conditions (even v_. <0 for switch / mixers)
*Model works for HEMT, MESFET and other types of FETs
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Conventional Transistor Modeling Flow

Equation formulation Parameter Extraction
Physical or Empirical Optimization
i | | Qg = -WL2geN, Initialize

values

EEE é

(V@ —Ves) + (Vo) )

5_deembm2? 5_deembsZ? F

Simulate |[<—

REAL [E-3] —_ J— ﬁ
. QG - CgSOVbi (1 V. J + ng OVGD

bi

| WugNga Compare
b 4L to Data

220228 (v Yo (p-v )2
[VDS 3{«/qNDaz ((9-Veo) "~ (9-Ves) )D

3 d modify
ID:(Z_;Angsjtanh(WDs) no| Vvalues

yes

Drawbacks: @
 Expert intensive (Ph.D.)

« Time consuming: years to develop, days to extract
» Technology dependent; hard to maintain

Device DC + S-parameter * Optimization not always well-posed; constrained
Characterization « May never get good results!
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Alternative: Measurement-based models

“The Device knows best!”

Directly construct nonlinear model functions from data
(DC + S-parameters)

— Table-based models (e.g. HP/Agilent FET (Root) Model)
— Artificial Neural Network (ANN) models (e.g. NeuroFET)

Models can be both general and accurate

Conventional I-V, Q-V model development and
parameter extraction replaced by ANN training
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NeuroFET:. Measurement-Based FET Modeling using ANNs

Equation formulation ANN Training
using ANN
_ _ — (D)
ly = fANN (VQS’ Vs w) I Measured
e DC
pe— i ] |
— = d Adj
BB G : ust
E%% ‘: i -:EAL[E-S]W _____________________________ H r______________-______-___._]___l
§_ @ 0 0 E'

DC

Advantages:

) » Model is general and accurate

sy arara Easy to extract (train)

Technology independent; easy to maintain
The model computation is fast

Infinitely differentiable and smooth

Device DC + S-parameter
Characterization
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NeuroFET:. Measurement-Based FET Modeling using ANNs

Equation formulation ANN Training
using ANN
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Advantages:
» Model is general and accurate

1. | + Easy to extract (train)
» Technology independent; easy to maintain
Device DC + S-parameter * The model computation is fast
Characterization « Infinitely differentiable and smooth
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NeuroFET. Measurement-Based FET Modeling using ANNs

NeuroFET/Con

i 2 4 [}

File  Wiew Plat  Help i
vd [E+0]

T : #ﬁ' f‘l‘{.- L & NeuroFET: Training Progress
i i = 1% i e e

003801 0
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Mavigakion Yiew
=h Project

Canfiguration
Initialization
InskrumentSettings o
Measurementaettings N “M
Pre Measure|Yerify - : | \IM i
Ideality and Parasitics 0 g S
Daka Acquisition
Model Generation
Werification

MeuroFET

Device
Characterization
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IC-CAP: NeuroFET Modeling Flow

VNA

Agilent_MelroFET
FETLS
Width=4004um-
Fingers=g
rnodeflile="neurofet 1"

dvancd
Design System

Premier High-Frequency and
High-Speed Design Platform

“i5- Agilent Technologies

Agilent EEsof EDA

IC-CAP

Data Acquisition
Parasitic Extraction/De-embedding
Model Generation (ANN Training)

Verification

Agilent Technologies
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NeuroFET: Data Acquisition
Why is a good Data Acquisition Routine important?

For measurement-based model,

(1) itis important to get data everywhere.

(2) the acquisition routine should be intelligent and flexible to preserve
the device for integrity.
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NeuroFET: Data Acquisition

It works for both common-source FET and common-gate FET

LT

Common-Source FET
(for Amplifier Application)

B

v -

GND

=]

Common-Gate FET
(for Mixer/Switch Applications)

'.::' Agllent Technologies Copyright © Agilent Technologies 2012




NeuroFET: Data Acquisition

4

v [E+0]
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NeuroFET Model

R |
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NeuroFET: Parasitic Extraction & De-embedding

Intrinsic FET

1,
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Before and After De-embedding
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NeuroFET: Intrinsic Model

Intrinsic FET
GO D

NeuroFET (Intrinsic) is a non-quasi-static model that accounts for
(1) Static |-V characteristics
(2) Terminal charges

(3) Frequency dispersion

':::‘ Agllent Technologies Copyright © Agilent Technologies 2012



Frequency dispersion of small-signal characteristics

gm
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NeuroFET: Intrinsic Model Formulation

d ’Vds
(0= 10V (O ()2 Ngsétt) =

dl, (1)

0+ 250 v, 0+ 3V OV ®) | 0Qu Ve OV, (V) | 0°Q Vg, OV (0)

at dt dt?
_ ]
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(BN
w_
N
11
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NeuroFET: Intrinsic Model Formulation

d ’Vds
(0= 10V (O ()2 Ngsétt) =

dl, (1)

0+ 250 v, 0+ 3V OV ®) | 0Qu Ve OV, (V) | 0°Q Vg, OV (0)

at dt dt?
l, ]
<«
Ge Low Frequency *D
+
T 1 | & —
Qg |§ % ¢ d — <'%:1 Qd
J=‘ I IdC
-
S
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NeuroFET: Intrinsic Model Formulation

d ’Vds
(0= 10V (O ()2 Ngsétt) =

dl, (1)

0+ 250 v, 0+ 3V OV ®) | 0Qu Ve OV, (V) | 0°Q Vg, OV (0)

at dt dt?
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NeuroFET: Intrinsic Model
- DC

dc
I, =1, (VQS’Vds)

Id = I(?C(Vgs’vds)

G e * D
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NeuroFET: Intrinsic Model

- RF
d t ’Vds t
(0 = 150, OV (0) + (Vgség ®)
d d\%gs ’Vds
o (1) = 15" (Vgs (1) Vs (1) + S C(l:l) 2
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NeuroFET: Intrinsic Model
- RF (small signal)
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NeuroFET: Intrinsic Model
- RF (small signal)

dc dc
oar . eQ, a¥ . oQ,

[ +jo
OV, OV, OV oV, {Yﬂ le}

algc+jwan oy , . 9Q Yo Yo
oV, oV, 0V, oV,

7 IS

0Q, Imag(Y,,) 0Q, _ Imag(Y,,) ol

N = " oV, P, gs = Real (Y,,)

0Q,  Imag(Y,,) 0Qy _ Imag(Y,,) ol b

N, o N, o = Real (1,
Vgs’ Vds Vgs’ Vds Vgs’ Vds

Qg (Vgs’Vds) ISC (Vgs’Vds)

Qd (Vgs ’Vds)

Agilent Technologies
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Constitutive Relations are Modeled by ANNs

d d (dc |ac
I = ANN (Vgs ’Vds ’W) IdC = fAl(\le (Vgs ’Vds ﬂ I:C = 1:ASN (Vgs ’Vdsﬂ

Iac

Q = fA?\lgN (Vgs ’Vds ’W) Q = fA?\?N (Vgs 1Vds 'W)
Qg Qd

"___Q_é _________________
fANN

-——-Q—g— —————————————————
fANN

Vds

Vo Vi Vv

gs gs
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Artificial Neural Networks (ANNS)

Outputs
Y1 = (X, Xo, X3) Yo = To(Xg, X5, X3) 4
Yi = E Vik £y

Hidden Neuron Output

Z, = t%nh(z W %)
S
A

Parameters w = [Wki: Vi

o.

Inputs

» Universal Approx. Thm: Can fit any nonlinear function of many variables
« The model computation is very fast.

* Infinitely differentiable.

« Can be trained on non-gridded data in any number of dimensions.
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Model Training (1;° 1)

- Standard Neural Network Training

dc
d

I((ijc = fAI\NN (Vgs ’Vds ’W)
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Model Training ( Q,)

- Adjoint Neural Network Training

0Q, _ Imag(Y,,)
OV g Q)
Q, _Imag(Y,,)
Voo Voo | oo

l

Qg = fA?\IgN (Vgs ’Vds ’W)
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Model Training ( Q,)

- Adjoint Neural Network Training

oQ, _ Imag(Y,,)
OV g Q)
0Q, _ Imag(Yy,)
oV, 10, Q
Vgs’ Vds T _____________

l

Qg = fA(\Ig\lgN (Vgs ’Vds ’W)

;:%n(jgan Z):]l;,ngM.C.E. Yagoub, Runtao Ding OriginaIiNeuraI Adjoint Neural
“Exact adjoint sensitivity analysis for neural ? Netw:ork 1 Network
based microwave modeling and design,” ~  ~TT 7T TTIT T T T I I T I O I O I T I m A m e m T mmm e

IEEE Transactions on Microwave Theory and V
Techniques, vol. 51, pp.226-237, 2003.
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Model Training ( Q,)

- Adjoint Neural Network Training

oQ, _ Imag(Y,,)

OV g Q)

0Q, _ Imag(Yy,)

oV, @
Vgs’ Vds

l

Qg = fA(\Ig\lgN (Vgs ’Vds ’W)
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NeuroFET: Intrinsic Model

d ’Vds
Ig (t)= ISC (Vgs (t) ’Vds( )+ Qg (Vgs(gf[) (®)

d | :C (Vgs (t) 'Vds (t)) n de (Vgs (t) lVds (t)) 4T d ‘ d (Vgs (t) lVds (t))
dt

|, (t)+td|d(t) = 13" (Ve () Vg (1) + 7 dt dt?

dt
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Advanced Model Extrapolation Routine
- for robust convergence

Without Extrapolation With Extrapolation
1 Ips (MA) | lps (MA)

200 ~
180 -

160 -
140 ~
120 ~
100 ~

o Measured Data (training data)

.,
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NeuroFET Model is compiled into ADS

=
Advanced | :J_»S N
= gilent MeuraFET
Design System il
Premier High-Frequency and - Width=400 Urm-
High-Speed Design Platform Fingers=25 |

modelfile="neurofet. 1"

The model, together with extrapolation routine,
IS compiled into ADS.

« Same use model as any other transistor model.

* Model has simple scaling rules with gate width and number of fingers.

‘7%~ Agilent Technologies
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Example 1

A 0.25um GaAs pHEMT device (Width=150um) was extracted:

DC IV

Q, Qq and | j‘c

S-parameters versus bias and frequency

One-tone Harmonic Distortion

Two-tone Intermodulation
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NeuroFET: Training |

B NeuroFET Modeling:1
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idations

Model Val
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NeuroFET model

Measured device test data (0 )
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NeuroFET: Training Q,

i'é.NeumFETMudelingﬂ
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Model Validations
-Charge Q,

(F)xw=  1m(Yy,)/ @ and 6Qg/oVgs

025 | g NeuroFET model (—) C
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Model Validations
-Charge Qg

(F)xao= Im(Y,;)/ and 6Qd/oVgs
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Model Validations

_ I acC
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Frequency dispersion of small-signal characteristics

NeuroFET (—)
Measured data (0)

gm gds
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Model Validations
- S parameters
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Model Validations
- S parameters

NeuroFET model (—)

NSOV Measured device test data ( X )
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Frequency : 1 GHz to 50 GHz
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. Model Validations

8 Bias
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. Model Validations

I -_ 0% - Two-tone Intermodulation
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Example 2

A 0.25um GaN HEMT device (Width=400um) was extracted:

DC IV

S-parameters versus bias and frequency

One-tone Harmonic Distortion

Two-tone Intermodulation
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Model Validations
- DC

i P NeuroFET model (—)

g c Measured device test data (0)
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Model Validations
- S parameters

] Bias
N Ve =-3.0V
A ' V, =12.0V

1d(m
|

i = NeuroFET model (—)
— | Measured device test data ( x )

L B . . e s B s B s B By B
mmmmmmmmmmmmmmmmm
mmmmmmmmmmm

s21, S12
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NETE Neom -0 -8 6 -4 -2 ¥ 6 & 1a

— *
Zps S12*20

freq (500.0MHz te 50.00GHz) frag (500.0MHz to 50.008Hz)

Frequency : 0.5 GHz to 50 GHz

':::‘ Agllent Technologies Copyright © Agilent Technologies 2012



Model Validations
- S parameters

] Bias
vV, =-1.0V
E F‘. gs
= V, =60V
NeuroFET model (—)
; — | Measured device test data ( x )

§21, S12

freq (500.0MHz te 50.00GHZz) frag (500.0MHz to 50.008Hz}

Frequency : 0.5 GHz to 50 GHz
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Model Validations
- S parameters

] Bias
o v, =-4.5V
i V, =12.0V
] NeuroFET model (—)
IR EEREKIEREERRE Measured device test data ( X )
e T T e e S21, S12

S22

€ @

Zaza

Egzg fo 8 -6 -4 2%2 7 & 1o

— INv—c— I[N — = b | = -
EEie. S12%5
L] L
freq (500.0MHz te 50.00GHZz) frag (500.0MHz to 50.00GHz)

Frequency : 0.5 GHz to 50 GHz
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Model Validations
- One-tone Harmonic Distortion (Freq=2GHz)

2001 Bias
i Vg =-2.5V
R V,=12.0V

(dBm)

40

1 NeuroFET model: Line

2"‘_ Measured data  : X

20 —
40 —
50 —

80 —

'1["] |||||||||||||||||||||||||||||||| [rrrirror
50 45 -41] -35 -31] -25 -21] 15 -10

Pin (dBm)
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(dBm)

Model Validations
- Two-tone Intermodulation (Freq1=2GHz, Freq2=2.005GHz)

Bias
Vg =-2.5V
V,=12.0V

20—

n—

1 NeuroFET model:
| Measured data

. X

Line

— 20—
— 40—
_EU_
_BU_
A
St B e o s I
-60 -46 —-40 -3B -30 -FB -20 -15 -10 -6 4] 4] 10
Pin (dBm)
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Summary: NeuroFET
Easy to use, fast to simulate, accurate

Flexible, automated, data acquisition system takes data where needed
— Minimizes impact of device degradation on resulting model

Advanced Agilent ANN-training creates accurate & general model functions

Compiled ADS model works for HEMT, MESFET and other types of FETs
— Robust DC and RF convergence, compared to table-based models; fast to simulate
— Improved distortion simulation compared to table-based models

— Better power-added efficiency (PAE) and S-parameters versus bias over the entire range of
device operation, compared to many compact models for wide range of technologies

— Model can be used in all bias conditions (including Vs <0 for mixers and switches)

Instrument control and powerful ANN training available in
Agilent’'s ICCAP Modeling Software

FET simulation model available in Agilent's Advanced Design System
(ADS), the industry standard RF simulator
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Agilent measurement-based modeling and
Agilent Nonlinear Vector deSIgn SOIUUO”S Electronic design

Network Analyzer

automation software
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&
Measurements Design

Applications

Examples:
*HP/Agilent (Root) models -
*AgilentHBT model and extraction module
«X-parameters / NVNA
*NeuroFET
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Where to find Information about NeuroFET

* |C-CAP NeuroFET Webpage:

» |C-CAP Device Modeling Software:

Agilent Technologies


http://www.agilent.com/find/eesof-neurofet
http://www.agilent.com/find/eesof-neurofet
http://www.agilent.com/find/eesof-neurofet
http://www.agilent.com/find/eesof-iccap
http://www.agilent.com/find/eesof-iccap
http://www.agilent.com/find/eesof-iccap

Questions and Answers
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