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Al and ML
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Al and ML

Supervised Learning

Artificial Neural Networks (ANN)
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Introduction to Artificial Neural Networks (ANN)

Universal approximation Theorem:

) OUtpUtS Can fit any n.onlinear function of many variables
y = f(Xq, X5, X3) A e Easy to train on scattered data
y _ e Fast to evaluate
y= ) Vk e Infinitely differentiable
'f k e Simple link (Verilog-A, ONNYX, ...) to Simulators

= tanh( X W, x)
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Introduction to Artificial Neural Networks (ANN)

ANN Training

Measured DC —><—><—A
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Well-known training methods (e.g. back-propagation)

* No equation development needed
* No user-defined parameter extraction strategy
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Outline

* ANN for electronic device modeling
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Device Modeling
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Conventional Device Modeling Flow
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ANN Training

Data

ANN Training
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ANNSs in DynaFET [2] model for GaN transistors
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» Richer data necessary to > ANNs used to model the detailed, > One global model that predicts, simultaneously:
identify complicated dynamics  general, multi-variate coupling - DC and S-parameters
* Accurate and general » Large-signal nonlinearities(distortion,load-pull, PAE)
* No additional assumptions « Long-term memory effects
(e.g., backgating/virtual gate) * No application-specific model tuning needed
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DynaFET model for GaN transistors [2]
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Raytheon 6x60@m GaN HFET

Model Validations — Load-pull Contours

fund=10GHz, @Vd=12V, Id=54mA, Pin=24dBm

Power Delivered (dBm)

Blue: DynaFET

Pdel conts forSmithCh1
Pdel conts_forSmithCh

Mag_rho (0154 to 0.800)
Mag_rho (0136 to 0.800)

Maximum Power Delivered, dBm
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30.62
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Modeled

Red: Measured

PAE conts_forSmithCh1
PAE conts_forSmithCh

PAE (%)

Mag_rho (0.026 to 0.800)
Mag_rho (0.023 to 0.800)

Maximum Power-Added Efficiency, %

50.49

49.37
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Modeled

[2] J. Xu et al, “Dynamic FET Model - DynaFET - for GaN Transistors from NVNA Active Source Injection Measurements,” IEEE MTT-S Int. Micro. Symp. Dig., June 2014.
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DynaFET model for GaN transistors [2]
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ANN for Cryogenic CMOS Modeling [3]
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ANN for Cryogenic CMOS Modeling [3]

Voltage Reference Circuits Keysight ADS
|mp|ementat|0n with Measured ANN Model
NMOS  veo=11v ANN models e , . _ 0.6/
- CTAT \
—&-—NMOS
05| —o—PMOS 0.5
< E 04 a_ 0.4_
I = @
3 = 03| o 0.3 observed but never
= @ Y- © . .
3 = = previously simulated
g o 0.2
0.2} > |
- iy 0.1{_
;:'é: .-hl | | 0'()IIII|IIII|IIII|IIII|IIII|IIII
- 0 100 200 300 0 50 100 150 200 250 300
Temperature [K] Temperature (K)
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Battery Modeling [4]
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Battery Modeling [4]

Electrochemical
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“Hybrid” physical = ANN modeling methodology [5]

Power MOSFET
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[5] IC-CAP, Keysight Technologies, Inc. https://www.keysight.com/us/en/lib/software-detail/computer-software/pathwave-device-modeling-iccap-software-2213548.html|
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* ANN for electronic behavioral modeling
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Behavioral Modeling

----------------------
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Behavioral Modeling

Measurement-Based Model

» Circuit model may not exist
» Circuit models may be inaccurate
« Completely protect design IP

Design of Front End Module or IC
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Detailed circuit simulation is too slow
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Completely protect design IP
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ANN for Frequency Domain Behavioral Modeling

Load-dependent

!@W 3

X-parameter Model [6]

MMM E
B

& ()
K=
LBy 411
= X (A)
4

B, = X )(LSOP)P* + > X

pk — p.k;q,m
(g,m)>(1,1)

(LsoP)P ™A, + > X[

p.k;q,m
(q,m)>(11)

(LSOP)Pk*mA:m

 Spectral linearization around LSOP=[ Bias, Freq, |A, 4], real(A,,), imag(A, ,) ]

+ P =¢!") phase of All

e OQutputs assuming all harmonics are matched

« Cross-frequency mismatch sensitivity terms

KEYSIGHT

TECHNOLOGIES [6] D. E. Root et al, “X-Parameters, Characterization, modeling, and design of nonlinear RF and microwave components,” Cambridge University Press, 2013.
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ANN for Frequency Domain Behavioral Modeling

B, = X, (LSOP)P* + > X3 . (LSOP)P“™A + > X, (LSOP)P“"A"

[ ] (q,m)>(1,1) ] (q,m)>(11) [ ]
VDC Freq |A1,1] Real(A2,1) | Imag(A2,1) | Real(XF2,1) VDC Freq |A1,1] Real(A2,1) | Imag(A2,1) | Real(XS2,1,2,3) VDC Freq |A1,1] Real(A2,1) | Imag(A2,1) |Real(XT2,1,2,3)
2.0 1le9 0.0375 0.0316 -0.123 0.0315 2.0 1le9 0.0375 0.0316 -0.123 0.0015 2.0 1le9 0.0375 0.0316 -0.123 -0.6031
5.0 2e9 0.0467 0.1643 -0.588 0.1041 5.0 2e9 0.0467 0.1643 -0.588 0.2102 5.0 2e9 0.0467 0.1643 -0.588 -0.5104
8.0 3e9 0.1470 0.5623 -0.963 -0.3162 8.0 3e9 0.1470 0.5623 -0.963 -0.1116 8.0 3e9 0.1470 0.5623 -0.963 0.2316
re(XF, 1) re(XT,123)

Voc Freq |Ap,| re(A;;) im(Ay,) Voc Freq |Ap,| re(A;;) im(Ay,) Voc Freq |Ap,| re(A;;) im(Ay,)

Benefits of replacing tables with ANNSs:

+ Data can be taken as needed for accuracy (e.g., adaptively) and as may
be constrained by device operation

+ Discrete data is converted to smooth functions for further applications
downstream (optimization, system simulation, hierarchical modeling,
Digital Twin)

Downside of ANNs for X-parameter modeling:

* Training times may be long, requiring parallel training infrastructure

(Keysight unpublished work)

KEYSIGHT
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ANN for Frequency Domain Behavioral Modeling

Measurements
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ANN for Time Domain Behavioral Modeling

y(t) y(t)

y(t-t) y(t-nt) x(t) x(t-r) x(t-nt) yohE  yme  x@®)  xBE)  xO()
Recurrent Neural Network (RNN) Dynamic Neural Network (DNN)

y(@©) = fann(y(t = 1), ..., y(t —01), x(2), x(t = 1), .. x(t—n1))  y() = fann (P (), .. y P (@), x(2), xD(2), ...,.xM(¢))
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ANN for Time Domain Behavioral Modeling [7]

(o) Original PA

B v —— () RNN model
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v \ Iﬂ 3 0
S O AR g
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x 107s
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RNN Model Original PA
CPU Time for evaluation
of 900 different sets of 10 seconds 177 seconds
y{tr) y(tne) x() - x(tw) - x(tn) input—output waveforms
Recurrent Neural Network (RNN)
KEYSIGHT [7]1 Y.H. Fang et al, “A new macromodeling approach for nonlinear microwave circuits based on recurrent neural networks,” IEEE Trans. Microw. Theory Tech, 27

TECHNOLOGIES vol. 48, pp. 2335-2344, Dec. 2000.
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Summary

tralnlng

Su pervised Learni ng Artificial Neural Networks (ANN)
/ \ -
e.g.’

* Device modeling
* Device characterization
e Behavioral modeling

Model
Y= (X
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Summary

M L Supervised Learning Artificial Neural Networks (ANN)

tralnlng

/ \ Y’=F(X")
e.g.,

* Device modeling
* Device characterization
e Behavioral modeling

Model
Y= (X

Unsupervised Learning

Transformation

« [
e.g.,

e Automatic Circuit Tuning

Automates the post-fabrication circuit tuning process

Reinforcement Learning

/%‘“

Environment

\ ﬁ'@m

Interpreter Y
|

\\sfa i‘e \-.@J

Agent

e.g.,

* Optimization and multi-physics
Exploration and exploitation for design
problems with many variables
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Future Potential

4

Software Defined Network Functions Terahertz
Cloud-Fog/Edge Network (SDN) Virtualization Communications
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atellite Mobility Support
- 21000 ki Netwers 6G
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Ultralow-Latency
Computing and Communication
<100 us/s

Make more optimized and adaptive data-driven decisions
Alleviate communication challenges

Meet requirements from emerging services

[8] J. Du et al, “Machine Learning for 6G Wireless Networks: Carrying Forward Enhanced Bandwidth, Massive Access, and Ultrareliable/Low-Latency Service
IEEE Vehicular Technology Magazine, vol. 15, pp. 122-134, Dec. 2020.
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