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In the era of the Internet of Things and artificial intelligence, edge devices require low
power consumption, realtime, and low hardware cost to address various information
processing tasks and corresponding recognition, classification, and learning algorithm
models. The compute-in-memory (CiM) architecture reduces the energy consumption and
performance loss caused by data movement by integrating computing units into storage

and has the potential to solve the “memory wall” problem caused by the Von Neumann
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Abstract—In the era of the Internet of Things and artificial
intelligence, edge devices require low power consumption, real-
time, and low hardware cost to address various information
processing tasks and corresponding recognition, classification,
and learning algorithm models. The compute-in-memory (CiM)
architecture reduces the energy consumption and performance
loss caused by data movement by integrating computing units into
storage and has the potential to solve the " memory wall" problem
caused by the Von Neumann architecture, making it a promising
direction. The emerging Ferroelectric Field Effect Transistor
(FeFET). with its low write power consumption, high CMOS
compatibility, and high switching current ratio, has become one of
the leading non-volatile memories (NVMs), attracting many
researchers to study its application in the CiM architecture. This
paper presents a FeFET-based crossbar array design based on the
improved 1FeFET-1Resistor (1F1R) memory cell for neural
network acceleration. Such design supports the most critical
operation in neural network, multiply-accumulate (MAC)
operation. The 1FIR CiM cell proposed in this paper greatly
reduces the current variability compared to the traditional FeFET
CiM cell and improves the operating range of the input current.
In addition, this paper uses a S-bit precision analog-digital
converter (ADC) as the output interface and benchmarks the
crossbar array and ADC system in the LeNET neural network
model. The results show that the array proposed in this paper can
achieve a peak computing efficiency ratio of 14453TOPS/W.

Keywords—computing in memory, ferroelectric field effect
transistor, neural network, midtiply-accumulate operation, low
power consumption

I INTRODUCTION

The era of the Internet of Things and artificial intelligence
requires edge devices to have low power consumption, real-
time processing, and low hardware cost. However, the
traditional Von Neumann architecture leads to significant
power consumption and performance losses due to the data
movement between storage and processing. The emerging
compute-in-memory (CiM) architecture reduces the data
movement by embedding the computation process in the
storage, which is promising in neural network accelerators, as
intensive  multiply-accumulation (MAC) operations are
performed between the activations and weights.

The development of SRAM-based CiM architecture as neural
network accelerators has made significant progress [1].
However, SRAM-based designs have a higher leakage
consumption compared to designs based on non-volatile
memory (NVM). Moreover, 6-T SRAM leads to a large chip

area. Currently, compact CiM designs based on resistive
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random access memory (RRAM) and ferroelectric field effect
transistor (FeFET) have been proposed [2]. However,
programming RRAM devices produces large write current, and
the write power consumption of RRAM-based CiM circuits is
significantly higher than that of FeFET and SRAM.

Regarding the aforementioned issue, FeFET as an emerging
NWVM device can overcome the shortcomings of CMOS and
RRAM devices. The FeFET structure can achieve CiM
functionality with only 1 to 2 transistors, thus saving chip area
and reducing energy consumption and delay compared with
SRAM based circuits. However, existing FeFET-based CiM
design for neural network accelerator [3] suffers from degraded
parallelism, as multiple FeFETs share a current limiter, and
only a single FeFET can be accessed in one time. Such design
requires access multiplexing for FeFET cells, thus wastes
hardware resources.

This paper proposes a 1FeFET-1Resistor (1FeFET1R) based
CiM array to accelerate MAC calculation in neural networks.
The design optimizes the prior 1FeFET based CiM design to
improve the parallelism and cell utilization. The experimental
results show that the proposed FeFET-based calculation array
exhibits good linearity, high accuracy and low power
consumption.

II. BACKGROUND

A. Overview of BCNN

Among deep neural networks, i.e., multi-layer neural networks
[4], autoencoders [5], convolutional neural networks (CNNs) [6]
and spiking neural networks [7], CNN is one of the
representative algorithms, which adds convolutional lavers and
pooling layers to the traditional neural network, as shown in

Figure 1.
ERER

Fig. 1 A typical example of CNN model [8]
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Binary Neural Network (BNN) converts the activation values
and weights of the model into binary values, significantly
reducing the storage space required for data and simplifying the
computation of the neural network model. The binary version of
CNN is binary convolutional neural network (BCNN). The
convolutional layer of BCNN is shown in Figure 2.
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