The Ouroboros of Memristors: Neural Networks Facilitating Memristor Programming
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Memristive devices hold promise to improve the scale and efficiency of machine learning and neuromorphic hardware, thanks to their compact size, low power consumption, and the ability to perform matrix multiplications in constant time. However, on-chip training with memristor arrays still faces challenges, including device-to-device and cycle-to-cycle variations, switching non-linearity, and especially SET and RESET asymmetry [1-2].
To combat device non-linearity and asymmetry, we propose to program memristors by harnessing neural networks that map desired conductance updates to the required pulse times. With our method, approximately 95% of devices can be programmed within a relative percentage difference of ±50% from the target conductance after just one attempt in simulation.
Our approach substantially reduces memristor programming delays compared to traditional write-and-verify methods, presenting an advantageous solution for on-chip training scenarios. We demonstrated of our method with a 'Write and Verify' application, both in simulation and on chip. In the simulation environment, the conductance successfully converged close to the target in less than 10 iterations. Moreover, in on-chip demonstration, our method exhibited a remarkable acceleration over the conventional approach, achieving a speedup of nearly two orders of magnitude. 
Upon deployment, the neural pulse predictor can be integrated into memristor accelerators, utilizing a minimal fraction of the available memristor arrays while predicting pulses with an O(1) time complexity. Additionally, multiple networks can be trained to operate in parallel and enhance precision across various conductance ranges.
Compared with previous works [3-6], our method is simple and straightforward, and is able to provide assistance with memristor programming in short delay with minimal hardware overhead.
This work contributes significantly to the practical application of memristors, particularly in reducing delays in memristor programming. It also offers a fresh perspective on the symbiotic relationship between memristors and neural networks and sets the stage for innovation in memristor tuning optimizations.
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