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Millimeter-wave gallium nitride high-electron-mobility transistors (GaN HEMTs) are expected to be used in high-capacity
wireless communications. However, their large nonlinear components, such as short-channel effects, present challenges
in creating large-signal models that are essential for amplifier fabrication. In this paper, we have developed an innovative
simulation model in which an artificial neural network (ANN) is applied only to the current source to avoid over-fitting
issues. To create this model, pulsed |-Vs/S-parameters measurement data up to 120 GHz were used. The proposed
model demonstrated large-signal power performances at 71 GHz in high accuracy for the first time in the world.
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