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Motivation

• Von Neumann bottleneck → costly data movement

• In-Memory Computing (IMC) with memristors = promising solution

• BUT: crossbars suffer IR-drop, parasitic effects, non-linearities

• Accuracy degradation in analog MVM

In memory & Von-Neumann 

computing



Problem Statement

Crossbar Memristor
Model of a Crossbar Memristor



Contributions

• Post-fabrication calibration (no hardware change)

• Neural network framework 

• accuracy improvement (MSE reduction)



Crossbar Basics



Sources of Errors

• Wire resistance → IR-

drop

• Capacitance/inductance 

→ distortions

• Device variability → drift, 

noise

• Example: outputs deviate 

significantly from ideal 

MVM

Model of a Crossbar Memristor



Related Work

• Hardware fixes → bigger area, higher complexity

• Circuit-level → error correction, compensation

• Algorithmic → retraining with hardware-aware models

• Still: incomplete + trade-offs

Hardware Fixe
Circuit-level Fixe

Algorithmic Fixe



Our Approach

• Learn systematic distortions 

with NN

• Input: Ideal conductance matrix 

(encode latent vector) , Real 

measured currents

• Output: corrected, near-ideal 

currents



Framework

• Step 1: Encode conductance matrix → latent vector 𝑍𝑚
• Step 2: Used with measured output 𝐼𝑟𝑒𝑎𝑙
• Step 3: Neural net calibration layers → 𝐼𝑜𝑢𝑡
• Activation = sigmoid



Data Collection

• Custom Verilog-A memristor model in Cadence Virtuoso

• Integrated with 22nm FD-SOI CMOS

• Dataset:  1,000 conductance matrices (16.6µS–100µS), 100 

input vectors each (0.1–0.5V), → 100,000 VMM outputs



Neural Network Model

• Non-linear inverse operator𝐺𝜃
• Compensate: IR-drop, noise,device non- linearity

• Lightweight inference (offline training, fast runtime)

• Adaptable to drift/ageing with small calibration set



Training Setup

• Training: random input vectors + random matrices

• Validation: sinusoidal input, FIR filter config



Results (Training/Validation)

• MSE reduction ~1000× : Before calibration: 0.13 , After 

calibration: 1.4e-4

• Strong generalization to unseen signals

• Works with sinusoidal + DC inputs



Robustness

• Handles parasitic distortions + noise

• No frequent retraining needed

• Low overhead → only inference at runtime



Comparison

• Device-level: area + complexity cost

• Circuit-level: partial corrections only 

• Our method: post-fab, lightweight, scalable



Future Work

• Fabrication + Silicon validation Under noise, drift, temp.

• Extend to larger/tiled arrays (hierarchical calibration)

• Conditional fine-tuning for ageing effects

• Public release: Verilog-A 



Conclusion

• Neural network framework → restores memristor accuracy

• Corrects distortions without hardware changes

• Enables practical, high-precision IMC systems

• Key step toward reliable neuromorphic computing
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