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Non-volatile Computing-in-Memory Macro Based Binary-Input
Ternary-weight Neural Network in Application of Al Chip
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The challenges faced by von Neumann architecture stem
from large amounts of data transmission though memory
hierarchies to processing elements (PEs) by bus. Due to the
limited 10 bandwidth, it not only consumes large energy,
but also leads to significant delays. Recently, nonvolatile
Computing-in-Memory (nvCIM) becomes a promising
solution that enables highly energy-efficient computing
for Al edge devices. In particular, nvCIM can achieve fast
speed, high throughput and low power consumption by
parallel processing.

A 1TMb nvCIM macro was fabricated using 65nm CMOS
process with 1T1R contact RRAM (CRRAM) devices. This
nvCIM macro can achieve both memory and multiply and
accumulation (MAC) CIM functions. The main contributions
of this work are listed as follows:
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Fig.2 nvCIM based inference system
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1. The largest capacity and the fastest speed non-volatile
computing in memory macro. 1000x energy reduction
for the application of Al chip.

2. For the frsit time, record-high 98.8% inference accuracy

on MNIST digits recognition has been achieved by
nvCIM based demo system.

3. Innovative Computing in memory circuits:

® 5x input offset reduction by proposed Distance-Racing
Current-mode Sense Amplifier (DR-CSA) compare to
Converntional Current-mode Sense Amplifier (CNV-CSA).

e Signal margin improvement from -27.9 uA to 7.8 uA
by proposed Input-Aware dynamic Input-Aware
dynamic reference generation scheme (IA-REF)
reference generation scheme.

e 50x inference error rate reduction with MNIST database
by DR-CSA + IA-REF Scheme.

4. For the first time, hardware driven Binary-input Ternary

weight network.
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