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Abstract—The Computing-In-Memory (CIM) paradigm offers
a promising solution to the memory-wall bottleneck that limits
conventional Von Neumann architectures. By performing data
processing at the same physical location where the data are
stored, CIM-based architectures minimize costly data movement
and drastically improve energy efficiency. When implemented
with Ferroelectric Field Effect Transistors (FeFETs), additional
advantages from the non-volatility, fast switching, and low op-
erating voltage of FeFETs are added. However, the widespread
adoption of FeFETs is limited by their poor endurance, which
is overcome by a Back End of the Line (BEoL) integration of
FeFET-2, where a ferroelectric capacitor (FeCAP) is wired to the
gate of a CMOS transistor providing high endurance compatible
with low-power edge applications. These properties enable dense,
low-power, and high-speed matrix operations essential for AI
workloads. As a result, FeFET-2-based CIM accelerators offer
a promising solution for energy-efficient, high-performance AI at
the edge. The Ferro4EdgeAI project aims to develop an ultra low-
power, scalable edge accelerator for AI, targeting a significant gain
in energy efficiency with respect to state-of-the-art AI hardware
accelerators. To attain this, our project focuses on innovation
all along the value chain from materials, physic concepts, device
architecture, integration technologies, and accelerators in a holistic
design space exploration approach.

Index Terms—Ferroelectric Hafnia, FeFET-2, Computing-In-
Memory, Edge Computing, Artificial Intelligence

I. INTRODUCTION

Artificial Intelligence (AI) has gained a vital role in modern
society and life. Deep Learning (DL) models offer solutions
to a variety of tasks, such as visual, audio, and natural lan-
guage processing (NLP), to serve a plethora of applications
in domains ranging from healthcare to autonomous driving
vehicles [1], [2]. To do so, Deep Neural Networks (DNNs) and
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recent Transformer models [3] comprise a multitude of layers
with billions or even trillions of parameters [4]. To satisfy the
ever-growing needs of such complex models, clusters of power-
hungry GPUs accessible via the cloud are employed for the
training and inference processes. Remarkably, training GPT-3,
which consists of 175 billion parameters, is estimated to have
the same carbon footprint as driving to the Moon and back [5].

To this end, processing data close to their source has become
a vital requirement for Internet of Things (IoT) applications
powered by hand-held and battery-operated devices. The rise
of IoT has given a significant push to the deployment of AI
at the edge [6]–[9], particularly thanks to advantages such as
low latency, enhanced security and privacy, energy savings and
reduced bandwidth. To cope with the requirements posed by
edge AI, new hardware accelerators that store and process data
locally in an energy efficient manner are a necessity [10].

In light of new emerging technologies, the Computing-In-
Memory (CIM) paradigm offers significant improvements in
energy efficiency by merging data storage and processing in
the same physical location [11]–[14]. This approach eliminates
frequent data transfers that dominate traditional Von Neumann
architectures. Further enhancements in energy efficiency, mem-
ory density, and performance can be achieved with memristor-
based CIM accelerators [15]–[21] that employ emerging mem-
ristive devices such as Ferroelectric FETs (FeFETs) [22], [23].

The principal obstacle to the widespread adoption of FeFETs
is their poor endurance [24], [25]. This is overcome by a
Back End of the Line (BEoL) integration of FeFET-2, where a
ferroelectric capacitor (FeCAP) is wired to the gate of a CMOS
transistor. This structure enables high endurance, compatibility
with ultra low-power edge applications, and non-volatility. The
additional benefits of FeFET-2 devices (e.g., non-volatility, fast
switching, and low operating voltage) make FeFET-2-based
CIM AI engines well suited for edge computing [26].
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Fig. 1. Overview of the holistic DSE methodology [27] used in Ferro4EdgeAI.

Ferro4EdgeAI aims to develop intelligent edge processors
based on ferroelectric (FE) technology and the CIM paradigm
that will demonstrate significant energy efficiency gains of at
least three orders of magnitude with respect to cloud-based
CMOS. Achieving energy efficient smart edge computing is
only possible using a holistic approach [27], where different
mechanisms are integrated in order to collaborate across the
design stack. The focus of the project is set on innovation
throughout the value chain from materials, physical concepts,
device architecture, integration technologies, and accelerators
in a holistic Design Space Exploration (DSE) approach, as
demonstrated in Fig. 1.

The Ferro4EdgeAI project will provide an ultra-low power,
scalable edge accelerator for AI incorporating a memory-
augmented neural network, based on low cost, high density,
multi-level, BEoL integrated FE technology. With the gain in
energy efficiency, the POPS/W barrier is expected to be ex-
ceeded with respect to state-of-the-art CMOS accelerators and
predictions for other emerging technology AI hardware. Finally,
the unique features and characteristics of FE technology are
fully explored within the project in light of targeted applications
on (i) image recognition and (ii) automatic speech recognition,
to realize System-Technology Co-Optimization (STCO).

The remainder of the paper is structured as follows. Section II
focuses on the optimization of FE material for high-stability
multi-level operation. Section III explores the design and opti-
mization of FeFET-2 devices targeting low-operating voltage.
Section IV presents the design of FeFET-2-based crossbar
arrays suitable for scalable systems integration. Section V
completes the chain with the accelerator design and simulation.
Finally, Section VI concludes the paper.

II. FERROELECTRIC MATERIAL OPTIMIZATION

The material investigated for ferroelectric optimization is
hafnium zirconium oxide (HZO), a hafnia-based compound. To
avoid CMOS compatibility issues, only pure hafnium zirconium
oxide is evaluated as the ferroelectric material, with titanium
nitride (TiN) used for both top and bottom electrodes. The study
focuses on mapping a broad HZO process window. HZO film
thicknesses ranging from 9 nm down to 4 nm and variations in
hafnium (Hf) content from 44% to 66% have been extensively
explored for this project.

Fig. 2. Example of (a) piezoresponse phase and amplitude images of domains
written with different tip biases. (b) Energy-filtered PEEM image stack acquired
by varying the photoelectron kinetic energy. (c) Threshold spectra extracted
from the rectangular region in (b), showing shifts in photoemission threshold
between up and down polarized domains.

For fabrication, the electrode layers are deposited at room
temperature using direct current (DC) sputtering and the fer-
roelectric HZO layer is deposited at 280 °C using Atomic
Layer Deposition (ALD) with metal-organic precursors for Hf
and Zr and ozone (O3) as the oxidizing agent. The HZO
composition (i.e., HfxZr1−xO2) is tuned by adjusting the ALD
cycle ratios. Post-deposition, Rapid Thermal Annealing (RTA)
is also required to crystallize the HZO film and, ideally,
stabilize the ferroelectric phase.

As the main requirement for the material beyond ferroelectric
behavior is multilevel operability, it is necessary to understand
the engineering of HZO ferroelectric film reliability for such
operation. The retention characteristics of switched domains
using Piezo response Force Microscopy (PFM) [28] and
Photoemission Electron Microscopy (PEEM) [29], [30] have
been investigated for this purpose. PFM allows precise writing
and mapping of polarization with nanoscale resolution, while
PEEM provides complementary information about surface po-
tential and electronic structure linked to ferroelectric domains.
Preliminary PFM and PEEM project results on 10 nm HZO
films are presented in Fig. 2.

Aside from the localized analysis that the different mi-
croscopy techniques can provide, it is also important to evaluate
the HZO material in a device context. Stand-alone capacitors
(FeCAPs) are the ideal isolated structure for such initial elec-
trical measurements. Two reliability aspects can be highlighted
for multilevel capabilities, which are wake-up and imprint. The
first, shown in Fig. 3, focuses on the stability of the ferroelectric
response during the lifetime of the material, i.e., how large is
the remanent polarization variation between the pristine state
and a cycled stage. This aspect is important because it is



necessary to have a ferroelectric material with a stable operation
window for array-level implementation. Here it can be observed
how the behavior can be tuned with the composition of the
HZO. As an additional fabrication parameter, one can also
include thickness (excluded from the current figure) to further
control the performance.

For the objectives of the Ferro4EdgeAI project, the contin-
uation in optimization for multilevel capabilities is planned,
particularly for FeFET-2 devices. It is still necessary to not only
understand the behavior of the ferroelectric but also minimize
the impact that this can have on the subsequent levels of the
the project discussed in the later sections.

III. FEFET-2 DEVICE DESIGN AND OPTIMIZATION

In parallel to material optimization efforts on small silicon
coupons for pre-development in academic labs, we started
enabling the transfer of these learnings to full 200 mm wafer
level on a production-like route.

FeFET-2 single devices and arrays are being designed, pro-
duced and optimized in close interaction between the consor-
tium partners to meet the requirements of a CIM-based acceler-
ator array. Single devices are important for tuning fundamental
device characteristics, whereas arrays allow the identification
of potential reliability threats such as cross-talk, which results
in disturbs during write or read operations.

The first fabricated batch of 200 mm wafers varied the HZO
thickness between 6 nm and 10 nm and the capacitance ratio
(CR) of FeCAP and the transistor gate between 0.07 and 0.14.
To ensure that the fabrication route works properly, Scanning
Electron Microscopy (SEM), shown in Fig. 4, was used together
with electrical testing of both FeCAP and FeFET-2 devices, as
presented in Fig. 5.

One key challenge in the novel FeFET-2 design is the
influence and control of the floating node between the FeCAP
and the CMOS transistor. The floating node potential will
directly influence the FeCAP device characteristics, and the
effect of leakage to the transistor gate must be addressed.

(a) (b)

Fig. 3. Example of electrical results for 8 nm thick HZO: (a) Polarization
vs. applied electric field at pristine state (red) and after 104 bipolar 100kHz
4MV/cm wake-up cycles (blue). (b) Remanent polarization after 104 bipolar
100kHz 4MV/cm wake-up cycles (red) and the percentage change from the
pristine state, i.e. wake-up for different HZO compositions (blue).

(a)

(b) (c)

Fig. 4. (a) Schematic cross section of MAD200 wafer showing foundry front-
end-of-line (FEoL) fabrication up to M4 and BEoL integration of FeCAPs up
to M5. (b) SEM observation showing sub-µm-scaled FeCAPs integrated in the
BEoL. (c) SEM observations of non-etched HZO 8nm and etched HZO 8nm.

To link electrical test results to material development as well
as to circuit simulation, three different FeCAP models were
developed:

1) A high-speed simplified empirical model, that excludes
time dependency of ferroelectric switching, making it
suitable for fast circuit simulations. A set of input pa-
rameters are adjustable to achieve the desired ferroelectric
properties and behavior.

2) A nucleation-limited switching (NLS) model, in which
the switching rate depends on the applied electric field
and the duration of the applied pulse according to the
assumption of domain nucleation as the limiting mecha-
nism for the switching rate [31].

3) A simplified Preisach model in Verilog-A using a math-
ematical representation of saturated and non-saturated
loops [32], [33].

(a) FeCAP results (b) FeFET-2 results

Fig. 5. Reliability of electrical results for 8 nm thick HZO: (a) Polarization
vs. applied electric field at pristine state (blue) and after 104 bipolar 100kHz
4MV/cm wake-up cycles (red) for 50 dies per wafer. Shorted device data are
filtered from dataset. (b) Median forward (fwd.) and reverse (rev.) QS IV
FeFET-2 characteristic measured at wafer scale regarding 75 devices per wafer.
Horizontal dashed line represents the threshold current used for Vth extraction.



Fig. 6. Scatterplot matrix (pairplot) for 4-KPI optimization regarding write
latency, write energy, current ratio, and area, using the DTCO framework.

In addition, the following structures will be further explored:

• Elementary 1 Transisor - 1 Capacitor (1T1C) FeFET-2
devices with dimensional variations for an in-depth inves-
tigation of FeFET-2 performance for Single Level Cell
(SLC) and Multi-Level Cell (MLC) operation, and to
refine bitcell dimensions for fabrication.

• Two types of 1T1C FeFET-2 arrays: one dedicated to
low-bias SLC operation and one for higher-bias MLC
operation.

• 1T2C FeFET-2 arrays to verify the promise of a novel
1T2C FeFET-2 bitcell structure.

• Exploratory concepts of FeFET-2 bitcells to assess their
potential and understand the critical engineering aspects
in favor of or against their future use: 1TnC, 2TnC for
multi-mode / multi-context CIM, analog TCAM for analog
search applications, non-volatile logic functions, and a 2x2
crossbar for (small-scale) matrix multiplications.

To assist in the design and exploration of bitcells and
arrays, we implemented a powerful Design–Technology Co-
Optimization (DTCO) framework [34] that links material, de-
vice, and circuit design choices to system-level performance in
ferroelectric memory-based computing. This method enables
designers to simultaneously tune competing goals such as
speed, energy, and area, extracting Pareto-optimal trade-offs
across technology generations (from 130nm to 28nm). Fig. 6
presents the bitcell optimization for four Key Performance
Indicators (KPIs), namely, write latency Lw, write energy
Ew, current ratio ILV T /IHV T , and area using the DTCO
framework.

Overall, in FeFET-2 bitcells we were able to demonstrate
energy reductions of up to 24×. This development is mandatory
in such a vertical research project, as it provides a scalable,
data-driven approach for optimizing emerging non-volatile CIM
hardware; an essential step toward more energy-efficient and
adaptive AI engines that exploit the physics of FE materials.

(a)

(b) (c)

Fig. 7. (a) FeFET-2-based crossbar array. (b) FeFET-2 device: a FeCAP
wired to the gate of a CMOS transistor. (c) FeFET-2 bitcell structures and
programming protocols.

IV. FEFET-2 ARRAY DESIGN AND FABRICATION

While previous sections detailed the ongoing developments
at both the FeFET-2 active material and bitcell levels, con-
cretizing a neural network accelerator prototype based on this
technology requires optimizing the FeFET-2 statistical reliabil-
ity at the crossbar array scale. In particular, the Ferro4EdgeAI
project aims to elucidate the performance of FeFET-2-based
crossbar arrays in the context of CIM applications based on
a 130nm CMOS technology, where the FeFET-2 cell aims
to encode the synaptic weights of various types of neural
networks in the analog domain. To do so, various architectural
and operational characteristics of the FeFET-2-based crossbar
arrays are engineered within the project, with the goal of
optimizing the following metrics:

• Crossbar array density: Reliable FeFET-2 MLC program-
ming protocols are developed, as shown in the bottom of
Fig. 7c. This is key to maximize FeFET-2 array density,
leading to lower hardware resource requirements while
maintaining high accuracy with low silicon overhead.

• Crossbar array capacity: The FeFET-2-based crossbar
arrays and the CIM accelerator are co-designed with
regard to implementing a suitable array partitioning, with
the aim of reducing the periphery design complexity at the
accelerator scale.

• Reliable and energy efficient programming and reading of
FeFET-2 devices in crossbar arrays: Innovative crossbar
biasing schemes are developed, targeting reliable FeFET-2
bitcell operation in the array environment. In parallel,
the employment of two different FeFET-2 cell structures
within the array is considered, including both 1T1C and
1T2C, as shown on the top of Fig. 7c. Remarkably, this
enables the evaluation of the impact of the capacitive
ratio (and therefore the associated voltage divider) between
the FeCAP and the MOSFET on the FeFET-2 operating
reliability and energy efficiency.



Global Buffer

Output Register
Shift & Add

ADC

Sample and Hold

In
pt

ut
 R

eg
is

te
r

Local Control
Unit 

Pooling Units
Global Control

Unit Activation Units

CIM TileAccelerator

 Tile  Tile

 Tile

 Tile

 Tile

 Tile

 Tile

 Tile

 Tile Tile Tile

FeFET-2 Array

Data Buffer/Register Control LogicCompute Tile Auxiliary Units Analog MAC Processing

(a) (b)

Fig. 8. Accelerator design overview. (a) Multi-tile structure with digital units
composing the accelerator. (b) Micro-architecture of the CIM tile consisting of
FeFET-2 crossbar array and the periphery circuitry.

• Parallelizable reading feasibility on FeFET-2-based cross-
bar arrays: Achieving fast and massively parallel com-
putation at the crossbar scale becomes crucial to reduce
the overall accelerator latency and energy consumption.
Leveraging an innovative digital single/multiple cell selec-
tion mechanism at the crossbar array scale, Ferro4EdgeAI
aims at evaluating the ability to parallelize FeFET-2 bitcell
reading operations.

V. ACCELERATOR DESIGN AND SIMULATION

Illustrated in Fig. 8, the FE-based AI accelerator to be
delivered by Ferro4EdgeAI is built upon the FeFET-2 devices
and arrays presented in previous sections and follows the
CIM paradigm to achieve ultra low-power execution of AI
applications at the edge. The building block of the accelerator
is the CIM tile, as presented in Fig. 8b. The CIM tile is
composed of a micro-architecture design that uses a FeFET-2
array described in Section IV combined with the necessary
digital periphery circuitry. Being the heart of the accelerator,
the CIM tile frames its functionality to ensure the execution
of the backbone of AI workloads, that is, the Matrix-Vector
Multiplication (MVM) operation.

To be capable of supporting the execution of a complete
neural network inference, the accelerator is equipped with
multiple CIM tiles, as illustrated in Fig. 8a. The tiles are
connected to each other, while the global control unit handles
all inter-communication among tiles, loads the data from the
input buffer, and streams (partial) results to next layer blocks
or to the output. Since the size of crossbar array is kept
relatively small (typically in the range of a few kilobits), a
multi-tile structure is a necessity for fitting all the network’s
synaptic weights and parameters. Finally, additional digital
units dedicated to the calculation of AI-related kernels that
cannot be processed by the CIM tiles, such as pooling or
activation functions, complete the overall accelerator design.
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A. CIM micro-architecture design and implementation

A memristive CIM tile consists of two main parts, namely,
the crossbar array and the periphery circuitry, as illustrated in
Fig. 8b. The periphery circuitry is essential to provide a digital
interface for the use of the analog crossbar array, where the
local control unit handles the overall operation. At the input,
the input register drives each wordline row i with input voltage
Vi ∀ i ∈ [1,m], applied to all devices in that row. At the
output, Analog-to-Digital Converters (ADCs) convert the bitline
current Ij ∀ j ∈ [1, n] to digital values Dj ∀ j ∈ [1, n]. The
crossbar array is an m× n matrix of memory bitcells. Fig. 8b
showcases the typical FeFET-2 1T1C bitcells, but any other
bitcell topology presented in Section IV can be utilized. In the
case of Spiking Neural Network (SNN) applications, special
periphery circuitry is employed to implement the spiking neu-
ron, such as the Leaky Integrate and Fire (LIF) circuit shown in
Fig. 9b. The LIF component integrates Ij directly in the analog
domain, updating the membrane potential VC of the spiking
neuron, which fires a spike at the output when threshold VTH

is exceeded.
The FeFET-2 bitcells store the data in terms of gate threshold

voltage states, i.e., High Threshold Voltage (HTV) representing
logic ‘0’, and Low Threshold Voltage (LTV) representing logic
‘1’. When input voltage Vi is applied on the ith row, the
individual current of cell Cij is equal to Iij = Vi ·Gij according
to Ohm’s law, where Gij represents the transistor’s effective
conductance. The bitline output current Ij at the jth column
is then equal to the accumulation of the output current of the
bitcells in that column in accordance with Kirchoff’s current
law, as shown in Eq. 1:

Ij =
m∑
i=1

Vi ·Gij , ∀ j ∈ [1, n] (1)

In other words, a Multiply-Accumulate (MAC) operation of
the input voltages and memristor states is realized in a single
column. Since all columns operate in parallel, the memristive
crossbar can perform an MVM operation with complexity
O(1), demonstrating superior performance and potential to
efficiently accelerate AI applications [36].



As the size of the array increases, the accumulated MAC cur-
rents can become orders of magnitude higher than the currents
of individual cells, resulting in increased power consumption. In
combination with circuit-level non-idealities, such as IR drop,
this causes non-linearity in the digital conversion and, therefore,
erroneous outputs, which degrade computational accuracy.

To address these challenges, a Constant Column Current CIM
(C3CIM) [35] micro-architecture is proposed. Fig. 9a illustrates
the generic schematic of a single column. Output is generated
in the form of an analog voltage VMACj

, which is then passed
to a trans-conductance amplifier to produce the corresponding
current IMACj . In the end, an LIF circuit integrates the MAC
currents to implement spiking functionality. The four unique
features of this micro-architecture are listed below:

• A constant current readout scheme maintains a very low
and fixed column current regardless of the number of
activated rows. The output VMACj scales linearly with
the number of active bitcells storing logic ‘1’ within the
column, as shown in Fig. 9c.

• A 2T1C bitcell structure with complementary inputs al-
lows the bitcell resistance to be a combination of input
and weight. Their serial arrangement enables the outcome
of the MAC operation to be encoded as column resistance.

• Because of the complementary inputs, C3CIM inherently
compensates for the non-zero resistance of the access tran-
sistor by maintaining a fixed number of access transistors
in the current path, which can be treated as a constant
offset during post-processing.

• Natural compatibility with SNNs is supported as a result
of the binary input operation.

Preliminary evaluations demonstrate an energy efficiency of
30 fJ/MAC (≈ 0.5 fJ for 1-bit × 1-bit MAC). It consumes an
average of 14.6 nJ per inference for a Binary Neural Network
(BNN) trained on the MNIST dataset with a topology of
784 × 3136 × 10 neurons, and 11.2 nJ per inference for an
SNN trained on a reduced-resolution version of MNIST with a
topology of 324 × 81 × 10 neurons for 60 time steps. Given the
truncated topologies, both networks maintain a balanced trade-
off between energy consumption and performance, achieving a
classification accuracy of 88.4% and 87.2%, respectively.

B. Accelerator simulator

Before fabricating a prototype of the FE accelerator, a
simulation framework is essential to iteratively optimize the
design, where KPIs such as energy consumption and area are
re-evaluated to guide design refinements. The framework spans
multiple abstraction levels, namely, device level, CIM tile level,
accelerator level, and system level.

At the device level, a set of candidate bitcell structures is
analyzed and optimized for feasible precision and reliability
using the DTCO framework described in Section III. For each
bitcell structure, a behavioral model is derived to serve as input
to higher-level simulations. At the CIM tile level, the simulator
performs DSE over parameters sch as array size, precision,
and resource sharing policies. At the accelerator level, it
estimates latency and energy, including the impact of inter-tile

communication, while considering a small set of commands
from the global controller’s Instruction Set Architecture (ISA).
Finally, the full-system simulator integrates the accelerator with
a processing unit and external memory to execute end-to-
end neural network inference and report accuracy, throughput,
energy, and memory traffic.

After bitcell optimization using the DTCO framework, the
CIM tile simulation focuses on speed, accuracy, parameteriza-
tion, and a clear vertical interface, as described below:

• Speed: Tile models must run fast to support broad DSE
without becoming a bottleneck to DNN inference.

• Accuracy: The tile must reflect the effects of periphery
and digital conversion of a real-world, non-ideal crossbar
array, so as to produce credible cycle counts and energy
numbers to feed higher abstraction levels.

• Parameterization: A configurable tile description can
represent many hardware points and align with technology
swaps through a component library, preserving consistency
over implementation changes.

• Clear interface: A callable Application Programming
Interface (API) provides support for a cross-layer co-
optimization, where the various abstraction levels can
receive/provide input from/to lower/higher levels.

For the accelerator simulation and full-system integration and
validation, realistic workloads are essential. We therefore use
DNN applications as workloads, where both fully connected
and convolutional layers are mapped to the same MAC prim-
itive to target edge tasks such as anomaly detection, audio
denoising, eye-tracking, and object detection. The application
kernels are compiled into the accelerator’s ISA and simu-
lated across diverse hardware configurations. This systematic
benchmarking will provide simulation results to quantify per-
formance, energy efficiency, and throughput tradeoffs across
the design space, providing data-driven guidance for hardware
instantiation decisions that will shape the final accelerator
design before prototyping.

VI. CONCLUSIONS

The Ferro4EdgeAI holistic approach across the entire value
chain aims to position FE technologies for ultra low-power edge
AI applications. First, our project targets multi-level function-
ality in hafnia-based thin films. The FeFET-2-based bitcells
will aim for low operating voltage and robust multi-level
operation for high density logic operations and data storage.
BEoL design, fabrication, and characterization of multi-level,
low voltage, FeFET-2 arrays is underway, allowing to define,
design, build and demonstrate a low-power, scalable FE AI
accelerator suitable for scalable systems integration. The final
objective entails the development of a hierarchical simulation
framework that integrates the calibrated models developed.
Simulations from device to system level enable us to perform
DSE across the complete technological stack for design and
performance optimizations. Moreover, Ferro4EdgeAI dedicates
resources to the study of the ecological impact of (i) the
constituting FE materials and their fabrication processes and
(ii) the FeFET-2-based accelerator prototype during its active
lifetime, quantified for the targeted applications.
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