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Reservoir Computing (RC) represents a fascinating approach within the field of artificial intelligence [1]. A Physical Reservoir Computer (PRC) can be any physical system with sufficient complexity that dynamically and nonlinearly transform inputs into a high-dimensional internal state [2]. The structure of the reservoir itself mirrors the brain's neural network, where neurons are interconnected in a complex, often seemingly random manner, yet capable of performing highly sophisticated computational tasks. The resemblance between PRC and the brain's network is more than superficial, as the properties of PRC—reproducibility, separability, fading memory, and the echo state property—align closely with the brain's key functions. Similar to the brain, the reservoir exhibits a dynamic, "fluid state of mind," evolving with new inputs. It captures historical data for temporal processing and selectively forgets older information, ensuring efficient memory management. Such capabilities result in a significantly reduced training cost and have made PRC a highly attractive approach for hardware implementation.  
The Negative Bias Temperature Instability (NBTI) is a well-known reliability phenomenon [3]. It arises from the accumulation of positive charges in the pre-existing defects in the gate stack of a pFET when this device is under stress, leading to temporal variations in several parameters, including the threshold voltage (Vth) and drain current (ID). Upon alleviating the stress, such accumulated charges partially discharge, leading to a (partial) recovery of the parameters shifts. In this work we will show that thanks to the existence of NBTI, pFET can be used to implement a Physical Reservoir Computer for processing temporal data.
The number of defects inside a state-of-the-art pFET is small, leading to a limited complexity of the reservoir. In our PRC approach, Phase Space Reconstruction (PSR) is used to address this challenge [4]. In PSR, time-delayed copies of a single observational time-dependent variable extracted from any physical system are used to unfold the dynamics of this system into a high dimensional space. Through this reconstruction, one can effectively retrieve and analyze the system's intrinsic dynamics, providing a deeper understanding of its underlying behavior. Interestingly, by integrating PSR with RC, where both methods project data into high-dimensional spaces, we complement the limited complexity in the pFETs PRC without sacrificing performance, making it particularly well-suited for compact and efficient hardware implementation.
In this work, we substantiate our approach with gait and voice application examples. First, we demonstrate our pFET-based PRC using an in-house simulation framework Comphy [5] capable of accurate BTI modelling. Subsequently, hardware demonstration reveals that as little as 9 pFETs are sufficient to distinguish different gait signals and achieve 5% Equal Error Rate (EER) in the authentication of 5 subjects. It's important to note that, due to the fading memory effect induced by NBTI, the same 9 pFETs are consistently used across different subjects. In our pFET-based PRC, no training is necessary. The key hyperparameters to adjust are the dimension m and time lag τ for PSR and for the pFET itself, factors such as stress voltage, stress/recovery pulse duration, and device size should be carefully selected or tuned to suit the specific application. Notably, our implementation obviates the need for specialized device engineering, allowing for direct utilization of CMOS technology for PRC. Furthermore, as in the human brain, the pFETs are stimulated by short input pulses generated by PSR, resulting in a charge-based information processing method. Combined with subthreshold readout, we obtain a very efficient and low power AI learning system suitable for in-edge applications. 
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