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Circuit design basics.

Part 2.

Compact models: what they are, why they're needed.

Part 3.
Developing compact models is hard.

Part 4.

Our solution: use machine learning to create compact models.
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Reservoir. Store charge,
convert it into current
later.
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current between C and E;
disallow when B is -ve.

a 3/15 >



Circuit design illustration: Snap Circuits

My cousin

-10r.
3R0 EXCITINt, PROJECTS

MOW

•

H is toy

a 4/15 >



Circuit design illustration: Snap Circuits

My cousin

-10r.
3R0 EXCITINt, PROJECTS

MOW

•

H is toy

‘1,1
-§-

Devices in Snap Circuits kit

a 4/15 >



Circuit design illustration: Snap Circuits

My cousin

-,261.4110r.
3R0 EXCITINt, PROJECTS

MOW

•

H is toy

Devices in Snap Circuits kit

Movie: Circuit 1

a 4/15 r>



Circuit design illustration: Snap Circuits

My cousin

-,261.4110r.
3R0 EXCITINt, PROJECTS

MOW

•

H is toy

Devices in Snap Circuits kit

Movie: Circuit 1 Circuit 2

a 4/15 r>



Modern circuit design = Heavily computer-aided

• Modern circuits are huge, cannot be built by hand

9.6B transistors, 14nm

..iix-- -

2B transistors, 2Onnn

a 5/15 >



Modern circuit design — Heavily computer-aided

• Modern circuits are huge, cannot be built by hand

9.6B transistors, 14nm 2B transistors, 20nm

• Complex designs

• Lots of inputs, outputs, and internal states
• Digital, analog, and mixed-signal functionality

• Wide range of operating environments

a 5/15 1).



Modern circuit design = Heavily computer-aided

• Modern circuits are huge, cannot be built by hand

9.6B transistors, 14nm 2B transistors, 20nm

• Complex designs

• Lots of inputs, outputs, and internal states
• Digital, analog, and mixed-signal functionality
• Wide range of operating environments

• EDA/CAD software tools used for every step in design cycle

5/15 D



Modern circuit design = Heavily computer-aided

• Modern circuits are huge, cannot be built by hand

9.6B transistors, 14nm 2B transistors, 20nm

• Complex designs

• Lots of inputs, outputs, and internal states
• Digital, analog, and mixed-signal functionality
• Wide range of operating environments

• EDA/CAD software tools used for every step in design cycle

• Extensive circuit simulation to validate, test designs pre-fab
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"Real" compact models: the BSIM family

• • .

5,444 lines of code • --

Pages and pages of
equations (644 in all) Several PhD students over

20+ years; this is just
the current group.

Developing a compact model: NOT an easy undertaking!
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Results (1/2)

• We designed a full-wave rectifier circuit using
data-driven compact models for a 1N4148 diode.
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• We designed a differential-pair amplifier using a
data-driven compact model for a 2N2222 BJT.
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Results (2/2)

• We designed a differential-pair amplifier using a
data-driven compact model for a 2N2222 BJT.

Differential-pair amplifier: TRAN simulation with 2D-spline BJTs
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Challenges

• Learning 4 is harder than learning f7'

Compact model: c± 4[V,1) + q[1) = 0
dt

• We have techniques to learn /-.from DC data
• We are working on how to learn 4 from small-signal impedance data

• Newton-Raphson often fails with data-driven compact models

• idea 1. Construct models with better monotonicity
• idea 2. Limit oscillations with Predictor/Corrector Newton-Raphson
• idea 3. Extrapolation heuristics for GMLS

• The compact model form above may not be general enough

• Cannot handle "dead delays", transmission lines
• We may need to generalize it further
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