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Abstract—Binary convolution neural networks (CNNs) have
attracted much attention for embedded applications due to low
hardware cost and acceptable accuracy. Nonvolatile, resistive
random-access memories (RRAMs) have been adopted to build
crossbar accelerators for binary CNNs. However, RRAMs still
face fundamental challenges such as sneak paths, high write
energy, etc. We exploit another emerging nonvolatile device–
ferroelectric field-effect transistor (FeFET), to build crossbars
to improve the energy efficiency for binary CNNs. Due to the
three-terminal transistor structure, an FeFET can function as
both a nonvolatile storage element and a controllable switch,
such that both write and read power can be reduced. Sim-
ulation results demonstrate that compared with two RRAM-
based crossbar structures, our FeFET-based design improves
write power by 5600× and 395×, and read power by 4.1× and
3.1×. We also tackle an important challenge in crossbar-based
CNN accelerators: when a crossbar array is not large enough to
hold the weights of one convolution layer, how do we partition
the workload and map computations to the crossbar array? We
introduce a hardware-software co-optimization solution for this
problem that is universal for any crossbar accelerators.

I. INTRODUCTION

In the past decade, convolution neural networks (CNNs)

have achieved great successes in numerous applications, such

as image classification, object detection, natural language pro-

cessing, etc. High-accuracy results produced by state-of-the-art

CNNs almost exclusively rely on complex models and large

amounts of training data, which in turn require large amounts

of memory and energy. As a result, it is extremely challenging

to run deep CNNs on resource-limited embedded platforms,

such as smart phones. To tackle this challenge, binary neural

networks (NNs) [1]–[3] have recently been proposed. In binary

NNs, the weights and/or activations are binarized to ±1. Such

an approximation significantly reduces the energy, memory

usage, and execution time, with acceptable accuracy.

To further reduce energy and computation time, researchers

are studying hardware NN accelerators, especially based on

emerging devices. As a nonvolatile device, resistive random-

access memories (RRAMs) can realize analog multiplica-

tions by programming the devices to multi-level states, and

are promising candidates for area-efficient NN accelera-

tors/crossbar structures. In an RRAM crossbar array, RRAMs

store NN weights, and also perform computations between

weights and inputs. RRAM-based crossbar arrays have been
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used for accelerators for both conventional and binary NNs

(e.g., [4]–[14]). However, RRAMs still face challenges such

as sneak paths, high write energy, device variations, etc.

Ferroelectric field-effect transistors (FeFETs) [15] have

gained significant attention as (i) they have the potential to

save power and area by leveraging device nonvolatility and

(ii) devices have been experimentally demonstrated [16]–[18].

An FeFET is made by integrating a ferroelectric (FE) layer

in the gate stack of a metal-oxide-semiconductor field-effect

transistor (MOSFET). By tuning FE layer thickness, hysteresis

can be obtained in the IDS-VG curve. As a three-terminal

transistor, an FeFET can function as both a nonvolatile storage

element and a controllable switch. This is a unique advantage

when compared to RRAMs, as the three-terminal structure

allows for easy control of both write and read power.

We introduce crossbar-based binary CNN (BCNN) accel-

erators by exploiting FeFET nonvolatility to improve power

efficiency for BCNN inference. We present qualitative analysis

and quantitative simulations to demonstrate superior power ef-

ficiency of FeFET-based crossbars enabled by a three-terminal

structure. Compared with two RRAM-based crossbar struc-

tures, our design improves write power by 5600× and 395×,

and read power by 4.1× and 3.1×. To our best knowledge,

this is the first FeFET-based crossbar BCNN. We also tackle

an important challenge in crossbar-based CNN accelerators:

when a crossbar array is not large enough to hold the weights

of one convolution layer, how do we partition the workload

and map computations to the crossbar array? We introduce a

hardware-software co-optimization solution for this problem

that is universal for any crossbar-based CNN accelerators.

II. PRELIMINARIES

A. Basics of FeFETs

An FeFET is made by integrating an FE layer in the gate

stack of a MOSFET [15], per Fig. 1a. This is equivalent

to integrating a negative capacitance in the gate stack. The

behavior of FeFETs strongly depends on the thickness of the

FE layer (TFE). FeFETs nonvolatility is achieved by properly

selecting TFE so as to introduce a hysteresis loop in the IDS-VG

curve [19]. FeFETs are compatible with MOSFETs [18].

Fig. 1b shows a simulated hysteresis curve of an FeFET,

using a recently developed FeFET simulation model [20]. Sim-

ulations use a 10nm predictive technology model (PTM) [21].

TFE is 10.5nm. By selecting a proper TFE, a hysteresis in the

IDS-VG curve is obtained. Similar hysteresis curves have been

observed from fabricated devices [16], [17]. The existence of

the hysteresis means that the state of an FeFET can be read out
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by setting a proper VG (e.g., VG = 0 in the case of Fig. 1b). By

applying a certain VG, the current IDS, which reflects the state

of the FeFET, depends on the polarization of the FE layer.

To change the polarization of the FE layer for programming,

we need to apply a positive or negative VG pulse with a proper

magnitude (e.g., 0.6V per Fig. 1b), as shown in Fig. 1c.

B. Basics of BCNNs

We consider BCNNs with both binarized weights and

activations [2], [3]. We focus on convolution layers which

dominate execution time and energy. Fully connected layers

can also be mapped to crossbars. Other CNN operations such

as max pooling can be computed by software or simple

hardware, and are not described here.

Fig. 2 illustrates a convolution layer in CNNs. One convolu-

tion operation can be described by the inner product between

a filter matrix and a convolution window on the input matrix:

Y (i, j, k) =

WF∑

p=1

HF∑

q=1

Cin∑

r=1

X(i+ p, j + q, r) ·Wk(p, q, r) (1)

where (i, j, k) is the 3D coordinate in the output matrix, X
is the input matrix, Y is the output matrix, and Wk is the

kth filter matrix (i.e., weight matrix). We slide the convolution

window on the input matrix to compute different output points.

In BCNNs, both weights and inputs are ±1. In implementa-

tion, −1 is mapped to 0. Then a multiplication between ±1 is

equivalent to an XNOR operation. Thus, the convolution op-

eration in Eq. (1) is converted to a number of bit-wise XNOR

operations followed by an accumulation (i.e., bit-counting)

operation [2], [3]. The result of one binary convolution is an

integer. As outputs of one layer will be used as the inputs

to the next, we need to convert outputs to binary numbers.

This is typically done by simply taking the signs of the

resulting integers [2], [3]. Before binarization, we can apply
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Fig. 3: Tuning the read current of an FeFET by controlling VG.

batch normalization [22], which can improve the accuracy of

CNNs. In the context of BCNN inference, batch normalization

is equivalent to adding a fixed offset to the resulting integers.

C. Related Work

1) RRAM-based Accelerators for Conventional NNs: For

conventional NNs (with floating-point values), researchers

have comprehensively studied how to construct crossbar-based

accelerators using RRAMs at various design levels. Architec-

tures for inference and online training have been proposed [4],

[5]. Circuits for RRAM programming and state tuning have

been designed [6]. Optimization of peripheral circuits and

interfaces has been proposed [7], [8]. There are also fabricated

chips to demonstrate the superior performance and energy

efficiency of RRAM-based NN accelerators [9]–[11].

2) RRAM-based Accelerators for Binary NNs: Although

crossbars based on multi-state RRAMs have been widely

studied, multi-state RRAMs still face challenges such as

limited precision, variability, non-uniformity, etc. However, if

only on and off states of RRAMs are used, these problems

can be avoided. Binary NN accelerators based on binary-state

RRAMs have recently been proposed [12]–[14]. Work in [14]

also discussed the workload partitioning problem. However,

[14] just calculated how many sub-matrices will be generated

after partitioning. To the best of our knowledge, optimization

of the workload mapping problem has not been studied.

3) FeFET-based Circuit Designs: FeFETs have been adopt-

ed to build novel logic-in-memory circuits by integrating

nonvolatile storage elements into logic [23]–[25]. FeFET-based

memories, latches, and flip-flops have been proposed [26]–

[28]. All circuits have lower power and area than complemen-

tary metal-oxide-semiconductor (CMOS) based equivalents,

which is obtained from FeFET nonvolatility. There is no

published work on FeFET-based crossbars.

III. FEFET CROSSBAR ACCELERATOR FOR BCNNS

We now describe our FeFET-based crossbar accelerator for

BCNNs as well as write and read schemes. We first present

a qualitative comparison between FeFETs and RRAMs in the

context of crossbar-based BCNN accelerators to explain why

FeFETs can reduce both write and read power. Advantages

in power efficiency are mainly obtained by the three-terminal

structure of FeFETs.

To program an RRAM, a write voltage (typically 2V-3V) is

applied to its two terminals to change its state. This voltage

needs to be maintained during programming and leads to a

static write current and high power. For FeFETs, however,

programming is realized by applying a gate voltage (see

Fig. 1c). Thus, we can set VDS to zero when programming.

This will not affect the programming operation, but IDS is

reduced to almost zero during programming. Write power is
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Fig. 4: FeFET crossbar, XNOR cell, and interface circuit designs.

only consumed by charging the FE layer capacitance, which is

much lower than that caused by the write current of RRAMs.

Read power can also be reduced by controlling gate voltage.

While the drain is typically connected to a power supply

(making it difficult to tune), we can apply a lower read voltage

VR to the gate to reduce IDS (see Fig. 3) and read power. If we

set the read voltage applied to the two terminals of an RRAM

to be the same as the drain voltage of an FeFET, there is no

way to tune the read power of the RRAM.

A. Crossbar Design

Fig. 4a shows our FeFET-based crossbar structure. Each cell

is an FeFET-based XNOR gate and is connected to a horizontal

line (HL), its inverse (HL), a vertical line (VL), a word line

(WL), a bit line (BL), and its inverse (BL). Peripheral circuits

such as input and output buffers are not shown. These circuits

and the architectural-level designs have been well studied in

prior work [4], [5], [14].

Fig. 4b shows the basic cell in a FeFET-based crossbar array.

It consists of two FeFETs and two access transistors. The two

FeFETs (storing complementary bits) store one weight bit. One

bit of the inputs and its complementary bit are applied to HL

and HL. The cell performs an XNOR operation between the

input bit and the weight bit stored in the two FeFETs. The

output bit can be read out from VL by either voltage or current.

In the context of crossbars, we sense and amplify the current

of VLs to read the outputs. Two access transistors control read

and write operations (described in Section III-B).

The interface circuits in Fig. 4a are used to convert the

VL currents to binary bits, which is used as the input bits

of the next layer. Fig. 4c shows the interface circuit for one

column. The first operational amplifier (OA) is a current-to-

voltage converter. The second OA is a voltage comparator.

One issue to address is that when a crossbar array is not

sufficiently large to hold weights for one convolution layer, we

need to partition computations and accumulate intermediate

results (i.e., partial sums), which are integers. We add a

branch composed of an analog-to-digital converter (ADC), an

adder, registers and a digital binarization module to perform

accumulation. The final output bit is selected by a multiplexer

(MUX). Batch normalization [22] can be easily realized by

tuning the reference voltage of the voltage comparator or the

offset point of the ADC.

The overall structure of our FeFET crossbar array is conven-

tional, while the major difference with RRAM-based crossbars

TABLE I: Read scheme for our FeFET-based crossbar array.

HL HL WL BL BL

Input bit Inverse of input bit VDD VR VR

TABLE II: Write scheme for our FeFET-based crossbar array.

HL & HL WL (selected) WL (unselected) BL BL

Write “1” 0 VWL −VWL VW −VW

Write “0” 0 VWL −VWL −VW VW

is at the cell level. Existing RRAM-based crossbars typically

use two crossbar arrays to store positive and negative weights,

respectively (e.g., [6]), where each cell is a single RRAM

(1R) or an RRAM with an access transistor (1T1R) [29],

[30]. The reason for using two separate crossbar arrays is due

to programming. The VL voltages for writing “1” and “0”

are different in an RRAM crossbar array. If we build similar

XNOR cells using RRAMs, the cells cannot be programmed

without access transistors, while for the cells with access

transistors, we need two steps to program them. For FeFETs

however, we can combine two crossbar arrays into one array

by creating FeFET XNOR gates, as programming FeFETs is

controlled by the gate voltage (see Fig. 1c). Both the HLs and

VLs are not needed during programming so they are set to

zero to eliminate IDS when writing.

When the crossbar array size is large enough to hold the

weights of one convolution layer, the mapping of the computa-

tions is straightforward and well-known. The input bits in one

convolution window are applied to HLs, and each convolution

filter matrix is mapped to one column of the crossbar array.

Each column outputs one point on the corresponding output

image channel. The problem of insufficient crossbar array size

is discussed in the next section.

B. Read and Write Schemes

The voltage settings for inference (i.e., read) operations are

shown in Table I. Input bits and their inverse are applied to

HLs and HLs. Both BLs and BLs are set to the read voltage

level VR (see Fig. 3). VDD is applied to all the WLs to transmit

the read voltage to the gate terminals of FeFETs.

Programming (i.e., writing) a crossbar array is done column

by column. The voltage settings for selected and unselected

columns are different. Table II shows the voltage settings for

programming. During programming, both HLs and HLs are

set to zero to eliminate IDS. For the selected column (i.e.,

the column to be programmed), its WL is set to VWL to

transmit the BL and BL voltages, while for all the unselected

columns, the WLs are set to −VWL to cut off the BL and

BL voltages. The voltages of all the BLs and BLs are set to

±VW according to the bits that will be written into the selected

column, where VW is the write voltage. VWL should be ≥ VW .

In our simulations, both VWL and VW are set to 0.6V.

During programming, our FeFET-based crossbar array does

not suffer from the sneak path problem [29], [30] which exists

in RRAM crossbars based on the 1R cell, because the voltages

of HLs, HLs, and VLs are all zero during programming.

Elimination of sneak paths significantly reduces write power.
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IV. WORKLOAD PARTITIONING AND MAPPING

The size of a crossbar array is often limited due to yield

concerns. If a crossbar array is not large enough to hold

the weights of a single layer, different ways of partitioning

and mapping computations can have significant impact on

performance and energy. This problem is not limited to our

FeFET based crossbar. Here we introduce a general solution to

tackle this problem. For discussion purposes, we assume that

only one crossbar array is available to describe challenges and

solutions. In practice, we may have multiple crossbar arrays

but the nature of the problem remains the same. Practically

speaking, because hardware resources are always limited, but

the sizes of convolution layers can be arbitrarily large, the

problem of insufficient hardware resources always exists.

A. Problem Description

We consider one convolution layer shown in Fig. 2 and one

crossbar array. To complete the convolution layer in O(1) time,

the crossbar array size should be at least (Cin×WF×HF )×Cout.

If the array size is smaller than the minimum size stated above,

we need to partition both the workloads (i.e., the convolu-

tion computations) and the weights, and map the partitioned

workloads and weights to the crossbar. Two challenges must

be addressed. (i) Even for inference, the crossbar array may

need to be re-programmed for different computations after

partitioning. As programming is done in a column-by-column

manner, it is extremely time-consuming if we frequently re-

program the crossbar array. (ii) Registers (that consume large

area overheads) are required to store intermediate results.

Consequently, during the mapping process, execution time,

power, register area, etc. should be optimized.

We describe the problem from the matrix point of view, per

Fig. 5, where the available crossbar size is M×N . The unrolled
input matrix is a virtual matrix built from the input matrix

shown in Fig. 2. It is composed of WO×HO blocks, where each

block is of size (Cin×WF×HF )×Cout. Each block corresponds

to one convolution window on the original input matrix (see

Fig. 2). The 3D convolution window is reshaped into a column,

and the column is duplicated to all columns in a block (i.e., all

columns in one block are identical). Each block produces Cout

points at the same location on the Cout output channels (see

Fig. 2). If size of the crossbar array is equal to or greater than

(Cin×WF ×HF )×Cout, we just compute column-wise inner

Cout W
F *H

F *C
in

...

W
O *H

O  blocks

Unrolled input matrix

N

M

Crossbar

Partial sum

Inner product

Cout

W
F *H

F *C
in

Desired crossbar size

Horizontal move

Vertical move

Strided move

Fig. 5: Illustration of workload partitioning and mapping.

products between each block and the crossbar array to obtain

the outputs. Otherwise, we need to partition the blocks and

weights into tiles with the same size as the available crossbar

array. The computation of one tile can be finished in O(1)
time, yielding a partial sum of length N by computing column-

wise inner products between the tile and the available crossbar

array. The partial sums generated by the tiles in the same

column in one block need to be accumulated.
The computation order has a significant impact on the

execution time, energy, register area, and the number of re-

programming operations. In Fig. 5, after the computation of

one tile is finished, we have three choices for the next tile: the

tile on the right, the tile below, or the tile at the same location

in the next block. We refer to the three schemes as “horizontal

move”, “vertical move”, and “strided move” respectively.

Next, we investigate the optimal computation order by deriving

the execution time, energy and area requirements.

B. Optimal Computation Order
For both horizontal and vertical moves, the crossbar array

needs to be re-programmed for every move. Since horizontal

moves need many more registers than vertical moves for

storing intermediate results, we only compare vertical moves

with strided moves. For strided moves, re-programming is not

required for the tiles at the same location in different blocks.

This will greatly save programming time and energy. However,

once we move to the next tile by a strided move, intermediate

results from the previous tile need to be stored in its exclusive

registers, which greatly increase the area overhead.
Let S represent the number of register rows available, i.e.,

the maximum number of strided moves that we can make.

Then strided moves reduce the number of re-programming

operations by approximately S times. Let Tclk be the clock

period, PW be the average write power of one column of the

crossbar array, PR be the average read power of the crossbar

array, PReg, EReg and AReg be the static power, write energy

and area of a 1-bit register, respectively, and B be the bit width

of each column’s intermediate result.
Table III estimates the execution time, energy and register

area for vertical moves and strided moves. Since typically

N � 1, strided moves reduce the execution time by approx-

imately S times. Strided moves are also beneficial to the

crossbar energy (since PR is typically lower than NPW ).

The register energies of the two methods are approximately

the same. Consequently, considering performance and energy,

strided moves are preferred. The disadvantage is the increased

register area. To obtain the best tradeoff, we can adopt the

energy-delay-area product (EDAP) to select the optimal S via

experiments, which will be discussed in Section V-B.
If we have multiple crossbar arrays, they can be mapped

to multiple tiles simultaneously. In this case, we should still

use strided moves to reduce time and energy. The physical

meaning of a strided move is that once partial sums for one

convolution window have been computed, we should move

to the next convolution window to compute its partial sums,

such that the weights stored in the crossbar array can be

reused, instead of continuously accumulating partial sums for
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TABLE III: Comparison between vertical moves and strided moves.

Vertical move Strided move

Execution time
⌈
Cout
N

⌉ ⌈
WFHFCin

M

⌉
TclkWOHO(1 +N)

Δ
= TV

⌈
Cout
N

⌉ ⌈
WFHFCin

M

⌉
Tclk

(
WOHO +

⌈
WOHO

S

⌉
N
)

Δ
= TS

Crossbar energy
⌈
Cout
N

⌉ ⌈
WFHFCin

M

⌉
TclkWOHO (PR +NPW )

⌈
Cout
N

⌉ ⌈
WFHFCin

M

⌉
Tclk

(
WOHOPR +

⌈
WOHO

S

⌉
NPW

)

Register energy NB
(
TV PReg +

⌈
Cout
N

⌉ ⌈
WFHFCin

M

⌉
WOHOEReg

)
SNB

(
TSPReg +

⌈
Cout
N

⌉ ⌈
WFHFCin

M

⌉ ⌈
WOHO

S

⌉
EReg

)

Register area NBAReg SNBAReg

BL BL

WL

VL

HL HL

Fig. 6: CMOS-based cell design.

TABLE IV: RC parasitic parameters used in our simulations.

Cell area (F 2) Rwire (Ω) Cwire (fF)
CMOS 150 0.245 0.059
FeFET 60 0.155 0.037

RRAM (1R*2) 4 (×2) [30] 0.04 0.0096
RRAM (1T1R*2) 20 (×2) [30] 0.09 0.022

the same convolution window. Obviously, the computation

order problem is independent of any particular devices so our

analysis is universal for any crossbar-based CNN accelerators.

V. EVALUATION

We simulated our crossbar design with HSPICE using an

FeFET model from [20]. The 10nm fin field-effect transistor

(FinFET) PTM (tfin=8nm, hfin=21nm, nfin=1) [21] is

adopted for all MOSFET devices. The FE layer thickness TFE

is 10.5nm. The crossbar array size is 64×64. We compare

our design with RRAM and CMOS equivalents. RRAM-based

crossbars have two different structures (1R and 1T1R), and

typically two separate crossbar arrays are used. We refer to

the two structures as “1R*2” and “1T1R*2”, respectively. We

use RON = 10KΩ and ROFF = 1MΩ for RRAMs [31].

The programming voltage of RRAMs is 2V [30]. For CMOS

equivalents, the cell design is shown in Fig. 6; a static random-

access memory (SRAM) and two transistors to realize the

XNOR function are used. For all designs, the HL and HL

voltage is 0.3V when reading. The operating frequency is

100MHz. Unless otherwise noted, area is estimated by assum-

ing that a transistor with the unit width consumes 15F 2 area.

Simulations account for distributed wire parasitics. Table IV

shows the wire resistance and capacitance between adjacent

cells, which are estimated from cell area.

A. Results of FeFET-based Crossbar Array and Comparisons
As different distributions of inputs and weights can lead to

different write and read power, we consider the average case,

in which half of the inputs and weights are 1. We randomly

select the locations of these 1s and calculate the average power

and delay over multiple simulations.
Fig. 7 shows the results of our FeFET-based crossbar array

as well as the comparisons with CMOS- and RRAM-based

equivalents. The read voltage of FeFETs (VR, see Fig. 3) is

−0.55V. Compared with the two RRAM-based designs, our

design reduces write power by 5600× and 395×, and reduces

read power by 4.1× and 3.1×. Read latency is 8% higher.
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For the CMOS-based design, we can also set HLs and HLs

to zero when programming, so the write power is extremely

low due to the low programming power of SRAMs. The read

power of the CMOS-based design is also the lowest because

a MOSFET has lower IDS than an FeFET when they have

the same width. However, the read delay of the CMOS-based

design is the longest. The FeFET-based design is the best in

terms of read power-delay product (PDP).

Fig. 8 shows the normalized read PDP under different VR

values. Data is normalized to the CMOS-based design. The

power-delay product increases linearly with VR, so to obtain

a low PDP, we should select a low VR.

B. Results of Workload Mapping

Now we show the results of workload mapping and compu-

tation order. We take one convolution layer (Cin=Cout=512,

WO = HO = 32, and WF = HF = 3) in VGG-16 [32] as

an example. A 64×64 FeFET-based crossbar array is used

to compute this layer. We use 6 bits to store intermediate

results (i.e., B = 6). In order to analyze the impact of the

number of register rows (S, which is also the number of

strides) for strided moves, Fig. 9 shows the results under

different S values. The crossbar array, adders and registers

are considered in these results. Note that the adders are shared

so we only consider one row of adders, but the registers are

not. The results of vertical moves are the same as those for

strided moves when S=1. The execution time is significantly

reduced when S increases, indicating that the execution time

is dominated by re-programming when the crossbar array is

not large enough. The total energy is also reduced when S
increases, but the reduction ratio is not high, indicating that

the read energy is comparable to the write energy. The area
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Fig. 9: Results of strided moves under different numbers of register
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Fig. 10: Area comparison between the cases using CMOS- and
FeFET-based adders and registers respectively.

significantly increases when S increases. To make the best

tradeoff, we adopt the normalized EDAP, which shows that

S=16 is the best choice. In this case, strided moves reduce

the EDAP by 4.2× compared with vertical moves. We have

also tested other layers in VGG-16 and all tests suggest that

S=16 is the best in term of EDAP. In practice, we can test

many cases and use voting to select the best S.

In the analysis above, adders and registers are CMOS based.

We can also adopt FeFET-based nonvolatile adders [23] for

intermediate result accumulation. Using FeFET-based non-

volatile adders will not significantly reduce energy, because

registers/adders consume a negligible portion of the total

energy. However, area can be saved, due to fused computa-

tional logic and storage. When using FeFET-based nonvolatile

adders, the adders cannot be shared so S rows of adders are

required. Fig. 10 compares the area between the two cases.

FeFET-based nonvolatile adders save the area by 13%-40%

when the number of register rows varies from 1 to 64.

In summary, our solution for the workload partitioning

problem is a hardware-software co-optimization approach. On

the software side, we propose strided moves to optimize

the computation order; on the hardware side, we optimize

the number of register rows to achieve the best tradeoff for

performance, energy and area.

VI. SUMMARY AND CONCLUSION

We have proposed FeFET-based crossbars to build hardware

accelerators for BCNNs. We have also discussed workload

partitioning and mapping when the crossbar array is not

large enough, and proposed a universal solution based on

hardware-software co-optimization. We have presented both

qualitative analysis and quantitative results to demonstrate

that our FeFET-based crossbars can improve both the write

and read power compared with RRAM-based crossbars. The

extremely high saving ratio in the write power indicates that

FeFETs will have great advantages in online training of CNNs,

which will be considered in future work.
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