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ABSTRACT

Insect-sized robots have an immense potential for applications in various
fields, such as remote inspection of hard-to-reach places, data gathering in
environmental monitoring, search and rescue operations after natural disas-
ters, and space and deep-sea exploration. Their small size requires minimal
material, making them cost-efficient and easy to produce and operate in
swarms. Hence, they are ideal for tasks that demand vast coverage of an
area if they operate autonomously.

However, achieving power and control autonomy in insect-scale robots
is still a challenging task. The piezoelectric actuators utilized in flying
miniature robots require a considerable amount of power, which exceeds
the minuscule payload capacity of insect-scale robots. Additionally, the
electronics necessary for control autonomy not only consume a significant
amount of power but also add to the weight of the robot. Therefore, insect-
scale robots are tethered to supply their power and control, significantly
reducing their field of operation.

This thesis proposes an innovative way to enable insect-scale robots to
achieve power autonomy by using alternative actuator types and novel com-
putation circuits that consume less power. Ionic electroactive polymer-
based soft actuators are a feasible low-power option for the locomotion of
insect-scale robots, which can help reduce power consumption by allow-
ing the robot to crawl slowly instead of flying. We model these actuators
from a robotic perspective in the Laplace domain. We also use a hybrid
network-hardware codesign approach to design new application-specific in-
tegrated circuits for convolutional neural network acceleration, enabling the
minuscule robot to perform visual control. These designs incorporate new
hardware architectures, network structures, and computation techniques
that help to reduce power consumption. One of the accelerators presented
in this thesis performed classification with less than 1.5 nW per image. The
results of this thesis pave the way for future research and development on
autonomous insect-scale robots.
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1. INTRODUCTION

A robot, in its most general terms, is an entity with intelligence embod-
ied in a physical form, sensing and manipulating its environment. Thus,
robotics is a multidisciplinary field of research by definition. It necessitates
different electronic and mechanical subsystems for sensing, intelligence, ma-
nipulation, and locomotion in a minimal approach. Other sciences, such as
biology and chemistry, can also be required for robot operation in specific
environments.

Since the introduction of Shakey [1], the first general-purpose mobile
robot, in the 1960s, robots have taken many different form factors and
used various locomotion principles. We will see some interesting examples
of them in the next sections. Insect-Scale Robots (ISR), categorized by
their small size, are emerging as a fascinating section of robots promising
revolutionary applications.

1.1. Motivation

Miniaturization in robotics is opening a new field of study with unprece-
dented opportunities: insect-scale robotics. Terrestrial [2], aquatic [3], and
aerial [4] insect-scale robots have been developed recently. They range from
one to a few centimeters in size and ten milligrams to tens of grams in
weight. Their prospective applications include confined space inspection,
swarm robotics for search and rescue, environmental monitoring, and space
or deep-sea exploration.

While piezoelectric actuators are widely adopted in the field for their high
bandwidth and substantial force excursion, their huge power consumption
(300 mW [5]) has hampered insect-scale robot power autonomy. Piezoelec-
tric actuators enable insect-scale robots to fly. However, their bulky DC-DC
converters and batteries exceed the robot’s payload capacity, necessitating
a tether to an external power source, reducing their autonomy. Ionic Elec-
troActive Polymer (IEAP) actuators present attractive alternatives due to
their lower power consumption and operating voltage, leading to insect-scale
robots’ power autonomy. An autonomous IEAP-based worm-like robot is
showcased in [6]. In addition to lower power consumption, it boasts ex-
ceptional flexibility and bio-compliance requirements. These characteristics
make IEAP actuators particularly well-suited for applications in fields like
minimally invasive surgery in medicine and search and rescue operations
in confined spaces. Nonetheless, it is worth noting that IEAP actuators
do have certain limitations, such as a reduced capacity for generating high
forces, low frequency, and imprecise control. Nevertheless, ongoing research
continually addresses these challenges and expands the range of applications
where IEAP actuators can be effectively employed.
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As the human body is more than just muscles, a robot is more than its
mechanical components. A successful robot necessitates a brain—an elec-
tronic control module—and eyes in the form of sensors to accompany its
actuators. However, recent advancements in insect-scale robotics have pre-
dominantly focused on enhancing actuator technology, which has resulted
in tethered robots or those with limited autonomy. Due to undeveloped
proper electronics and power-hungry actuators, the robots rely on an exter-
nal power and control unit source.

This observation may appear counterintuitive in the context of the re-
lentless scaling of Complementary Metal-Oxide-Semiconductor (CMOS)
technology and the increasing number of transistors on an Integrated Cir-
cuit (IC), often described as Moore’s Law: the number of transistors on a
chip with a certain area doubles every two years [7]. This trend is illustrated
in Fig. 1. While scaling has brought numerous benefits in terms of reducing
the size, weight, and power consumption of chips, it is most advantageous
when circuitry is highly integrated, minimizing IC pads, interconnections,
and power losses. However, the computational demands of Artificial Intel-
ligence (AI) algorithms, one of the most potent tools in robotics, remain
high and require significant hardware resources, even as technology nodes
become smaller.

Incorporating highly integrated electronics into insect-scale robots em-
powered by low-power actuators can solve the challenges of limited auton-
omy and propel us toward developing autonomous small robots that can be
utilized across a wide range of applications. This research seeks to bridge
the gap between advanced actuator technologies and the electronic control
systems required for fully autonomous AI-powered insect-scale robots by
tackling the following challenges:

1. Lack of Sufficient Model for IEAP Actuators: There is no com-
prehensive model for the IEAP actuators. This leads to a lack of
information on their maximum payload, which limits the electronics
and power supply form factor. The model is also essential for robot
control.

2. Shortage of Electronics for Sensory and Control Circuitry:
Insect-scale robots lack the necessary electronic designs for sensory
and control circuitry. This gap poses a fundamental obstacle to their
autonomy, as sensors and control systems are essential for navigation,
data collection, and intelligent decision-making.

3. Challenges in Implementing AI Algorithms: While AI algo-
rithms are powerful tools for robotics, their implementation on insect-
scale robots presents significant challenges. The hardware require-
ments for AI algorithms can be too demanding, both in terms of
processing power and energy consumption, for electronics that can fit

18



Figure 1. The figure demonstrates the Moore’s law. The number of transistors in
a chip doubled every two years. However, the power per area remained constant.
Thus, a chip performing the same operation became twice smaller and low-power
each other year. Despite these advancements, insect-scale robot electronics still
hinder its autonomy.
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within the constraints of insect-scale robots. These challenges must
be overcome to harness the full potential of AI in these small-scale
robotic systems.

1.2. Problem Formulation

Developing different levels of abstraction has been one of the indispensable
tools that allowed us to advance complex technologies. The engineers can
focus on some levels of abstraction and avoid being overwhelmed with many
intricate details from other levels. However, it can preclude cross-level opti-
mization and co-designs, benefiting the system’s top-level performance [8].
Aside from the hierarchical partitioning, there is horizontal partitioning
between systems for locomotion, control, sensing, and power in insect-scale
robots [9]. A clear top-level view of all these sections can lead to an efficient
robot.

In this thesis, I look into different levels of abstraction of various subsys-
tems to find opportunities for new co-designs, which improve performance
and efficiency, in order to approach an autonomous insect-scale robot. The
control and electronic system is the primary focus of the thesis. Another sig-
nificant section of the thesis explores robot locomotion. Power and sensing
systems are not studied directly. However, a constant quest for lower power
consumption in electronic system design and power analysis in locomotion
deals with power system restrictions remotely. Moreover, the actuators for
the locomotion system suggested in this thesis consume much less power
and operate on lower voltages compared to their piezoelectric counterparts.
The designed electronic system also contains signal-processing circuitry for
handling the sensory outputs.

A heavy burden on the power subsystem is the high voltage require-
ment for conventional actuators in the field of insect-scale robots [5]. The
thesis will investigate alternative actuators with lower operating voltages
in cross-subsystem optimization. The power consumption is another lim-
iting factor. It increases the power source weight beyond the robot pay-
load capacity. Electronics, sensing, and mechanical subsystems share in the
power consumption. The share of electronics can be reduced by a cross-
abstraction-level design in which the algorithm, hardware architecture, and
transistor level are co-optimized to achieve lower power consumption.

Fig. 2 Shows the insect-scale robot’s different subsystems with an anal-
ogy with an actual bee. The power management system suffers from lim-
ited capacity, which is a consequence of the robot’s minuscule dimensions.
Moreover, it must provide higher voltage levels for the operation of the
locomotion system through a sizeable DC-DC converter.

The locomotion subsystem in insect-scale robots requires actuators. Con-
ventionally, piezoelectric actuators are deployed. Nevertheless, their high
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power consumption and voltage requirements burden the power manage-
ment system. Therefore, our first research question is defined as follows:

RQ1: What are the alternative small-size actuators for insect
scale robots that operate at lower voltages and consume less power
than piezoelectric actuators? The question is addressed in chapter 3.

Finally, the control and intelligence system can be realized by electronic
chips. The limitations on power and form-factor are yet valid and put our
the next research questions in the area of efficient computing:

RQ2: What is the transferable knowledge from the fields of
edge AI and other small robots that can be used in insect scale
robots? This question is addressed in chapter 4.

RQ3: What is the best computing paradigm for AI accelerator
in insect scale robots in terms of area and power consumption?
The question is discussed in chapter 5.

RQ4: Can the AI algorithm be redesigned for optimum ef-
ficiency in insect-scale robot applications? Chapter 6 answers this
question.

Figure 2. Different subsystem of an insect-scale robot and their analogy with an
actual bee. The research questions in each section are provided.

1.3. Contribution of the Thesis

This dissertation focuses on (1) modeling IEAP actuators with a focus on
their payload capability and control purposes as a low-power alternative for
conventional insect-scale robotic actuators, (2) harnessing alternative com-
puting schemes like analog in-memory computing to deploy AI on very small
sizes, (3) revisiting AI hardware architecture for reducing the processor size,
and (4) revisiting the AI algorithm with the new hardware architecture to
adopt a hardware friendly version of the algorithm.
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• The dissertation develops a brand-new comprehensive model for Ionic
Electroactive Polymer (IEAP) actuators, focusing on their payload
capability and control applications. The model characterizes actua-
tors with step responses, providing insights into payload limitations
and circuitry requirements. This research led to the publication of
publication I.

• Analog computing is utilized to increase AI processor efficiency. Also,
a novel analog AI accelerator is characterized to see the impact of
analog computation on accuracy. This research has been disseminated
by publications II and III.

• The hardware accelerator and AI algorithm are revisited to increase
the efficiency and reduce the form factor by innovations in both levels
of abstraction. Publications II and IV include this contribution.

1.3.1. Thesis structure

In the next chapter, the necessary background is delivered. It overviews
insect-scale robots and IEAP actuators and provides the information re-
quired for comprehending this dissertation. Afterward, in chapter 3, we
look at IEAP actuators. It develops a linear lumped-element model in
the Laplace domain incorporating the payload effects. The model can be
applied for IEAP actuators control in insect-scale robotics. Chapter 4 in-
vestigates a state-of-the-art AI accelerator chip, DIANA. DIANA is used
in drone-size robots with payload limitations. We use DIANA as a case
study for the newest techniques for onboard control with power and pay-
load restriction in robotics. Taking advantage of the study in chapter 4,
a brand-new hardware AI accelerator is designed especially for insect-scale
robots in chapter 5. The accelerator is compact and realized in the ana-
log domain for efficiency and size. Chapter 6 presents a novel AI algorithm
and a hardware architecture that complement each other for more efficiency
and area compactness. Eventually, chapter 7 summarizes the key findings,
discusses their implications, and suggests areas for future research.
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2. BACKGROUND AND PRELIMINARIES

This thesis is multidisciplinary. Therefore, it includes a vast collection of
concepts and terminology from robotics, soft actuators, and AI hardware
accelerators. This section provides the preliminary information necessary
to understand the thesis’s remainder.

2.1. Insect-Scale Robots

Insect-scale robots are a fascinating area of research that has been gaining
traction in recent years. These robots are designed to mimic the behavior
and capabilities of insects, which are known for their agility, resilience, and
efficiency. This section will discuss different aspects of insect-scale robots,
including their scales, applications, and varieties.

2.1.1. Scale and Applications

Conventional robots are bigger than tens of centimeters. Examples of con-
ventional robot categories, in terms of form factor and locomotion, include
humanoid, quadrupedal, and wheeled robots. They are much larger in size
and have different design requirements than insect-scale robots. For ex-
ample, humanoid robots are designed to mimic human-like movements and
have a wide range of applications such as entertainment, education, and
healthcare [10]. Quadrupedal robots are designed to move on four legs and
have applications such as search and rescue operations, military operations,
and exploration [11]. Wheeled robots are designed to move on wheels and
have applications such as transportation, logistics, and surveillance [12].

In contrast, insect-scale robots are a unique class of robots designed
to mimic insects’ behavior and capabilities. These robots are typically less
than a few cm in size [13]. Fig. 3 visualizes the insect scale robots in contrast
to some other categories. Insect-scale robots have numerous applications
due to their small size. They can enter confined spaces where humans or
larger robots cannot [14]. These applications include gas leak detection in
pipelines, search and rescue in disaster response, and crop monitoring for
smart agriculture [14]. Fig. 4 provides examples of insect-scale robots and
their applications.

2.1.2. Subsystem Architecture of Insect-Scale Robots

As with any other complex device, insect-scale robots are composed of dif-
ferent subsystems. As we discussed, cross-subsystem optimization can en-
hance overall performance and efficiency. This section introduces different
subsystems and their duties and the interrelation between them.
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Figure 3. Examples of robots with different form factors. The spectrum continues
to more than 100m for passenger jets. a: Thermally actuated microgripper
can displace up to 262 µm. This MEMS robot is applied in cell manipulation.
The general applications of robots on this scale are micro-object manipulation
and material characterization [15]. b: IEAP insect-scale robot: A centimeter-
scale robot is designed to mimic the locomotion of an inchworm. This robot is
constructed using an IEAP laminate actuator, capable of generating high electri-
cally induced strain and high bending modulus. The IEAP laminate comprises
activated carbon-based electrodes, an ionic liquid as an electrolyte, and gold foil
as current collectors. The laminate is pre-shaped into an arched form to facil-
itate unidirectional bending. This power-autonomous, microprocessor-controlled
robot can crawl on a smooth surface in the open air, demonstrating the poten-
tial of IEAP for use in autonomous miniature soft robotics [6]. c: Quadropter:
A quadrotor with an innovative adaptive morphology. This design, featuring a
frame with four independently rotating arms that fold around the main frame,
allows for dynamic adaptability during flight. The drone employs an optimal con-
trol strategy that adjusts to the drone’s morphology in real-time, ensuring stable
flight under all conditions. The adaptive morphology is versatile in various tasks
such as negotiating narrow gaps, inspecting vertical surfaces closely, and object
grasping and transportation. Potential applications of this technology could in-
clude search and rescue operations, surveillance, infrastructure inspection, and
delivery services, where maneuverability and adaptability are crucial. [16] d:
Ameca is a humanoid robot that is a cutting-edge platform for AI development
and human-robot interaction. It boasts lifelike motion, advanced facial expression
capabilities, and a cloud-connected focus. The design is reliable, modular, upgrad-
able, and developer-friendly. Its modules can operate independently or together
in the complete shape and can be accessed globally. Ameca finds applications in
AI and machine learning development, human-digital interaction studies, and as
a high-tech demo for events or visitor attractions. It has been utilized by robotics
labs, science centers, and artists worldwide [17].
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Figure 4. Examples of insect scale robots. a: Submillimeter-scale terres-
trial robot showcases the potential of miniaturization in robotics. It is con-
structed from both organic and inorganic materials, supporting mechanical and
optical functionalities. The robot’s manufacturing procedure exploits controlled
mechanical buckling to create complex, three-dimensional structures. It can per-
form various modes of locomotion and manipulation, from bending and twisting to
linear/curvilinear crawling, walking, turning, and jumping. This robot represents
an advancement in the field of micro-robotics, with potential applications in mi-
cro/nanomanufacturing, minimally invasive surgery, and sensing [18]. b: S2worm
is an untethered insect-scale inchworm robot. It weighs 4.34 g and spans 1 cm in
length. S2worm is equipped with a custom-designed onboard control system and
a high-voltage boost converter to provide the driving signal for the piezoelectric
bending actuator. Thanks to the novel transmission mechanism with two degrees
of freedom designed based on screw theory, S2worm shows high mobility, such as
high crawling speed (27.4 cm/s, 6.7 body length/s) and small turning radius (1.7
cm, 0.4 body length/s). The S2worm holds the following advantages: small size,
untethered, high mobility, and low energy consumption. It is promising for appli-
cation in planetary exploration, earthquake search, and constructing insect-scale
multi-robot systems [2]. c: RoboBee, a flying microrobot developed by the Wyss
Institute at Harvard University, is Inspired by the biology of a bee. The RoboBee
measures about half the size of a paper clip, weighs less than one-tenth of a gram,
and flies using “artificial muscles” made of piezoelectric actuators. The RoboBee
has potential uses in crop pollination, search and rescue missions, and surveillance,
as well as high-resolution weather, climate, and environmental monitoring. The
development of the RoboBee is broadly divided into three main components: the
Body, Brain, and Colony [4].
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Locomotion and Mechanical Subsystem. This subsystem has the follow-
ing duties:

• Integrate the different parts of the robot
• Provide locomotion for the robot [19]
• Adjust the position and angle of other parts if necessary (such as the

angle of a camera) [20]
• Manipulate the environment [21]

The mechanical subsystem should include a chassis and actuator for loco-
motion and may have extra actuators and grippers for internal movements
or manipulation. The locomotion actuator must exert enough force to move
the weight of the robot while consuming low power that can be delivered
with a small power source. The actuator’s operating voltage can also limit
the power subsystem if it is more than the available source level [4]. The
subsystem’s weight has to be small so that the overall weight of the robot
remains low enough for the actuators. The locomotion system should also
be controllable with the control and electronic subsystem.

Sensory Subsystem. This subsystem may be equipped with a variety of
sensors that gather data about the robot’s external environment. These
sensors may include visual [22], auditory[23], and tactile sensors, among
others. The sensory data is relayed to the control subsystem, where it is used
to inform decision-making processes. The weight and power of the sensory
subsystem can burden the locomotion and mechanical subsystem and power
management subsystem, respectively, as their budgets are limited.

Control and Intelligence Subsystem. The control and intelligence subsys-
tem processes the information from the sensory subsystem. It can include
electronic circuitry for controllers and processors and uses AI algorithms for
processing the sensory data [22]. It then makes decisions upon the data and
controls the other subsystems, especially the mechanical subsystem, to put
the robot on the correct trajectory, for example. The power and weight of
this subsystem are also a burden on the power and mechanical subsystems
that should be kept low by high integration and optimized designs.

Power Management Subsystem. The power subsystem provides the de-
vice with the energy it needs for its tasks. Aside from a power source, it
may have some circuitry to pre-condition the voltage before delivering it to
parts requiring different voltage levels or frequencies e.g. DC-DC convert-
ers. The main constraint on the power subsystem is its weight [24]. They
are different power management systems according to their power source,
which are discussed in the next subsection.

All these subsystems collaborate with each other and need to be opti-
mized with a co-designed approach. Fig. 5 depicts the subsystems, their
interrelations, and some possible components.

26



Figure 5. Four subsystems of an insect-scale robot, their interrelations, possi-
ble components, and duties. The data is acquired in the sensory subsystem and
processed in the control and intelligence core. Then, data are sent to power and lo-
comotion subsystems as commands. The power center provides power for all other
three subsystems. the mechanical and locomotion subsystem bears the weight of
the whole robot.
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2.1.3. Power Management System

The design of the power management system in insect-scale robots is a
demanding task due to its small form factor. In fact, this system is a
limiting factor when it comes to the robot’s autonomy. This subsection
introduces some common power management systems in the field.

Tethered robots. These robots depend on an external source for their
power. A famous example of these robots is [4]. While its deployment is
straightforward, it puts restrictions on the robot’s autonomy, flexibility, and
maneuverability.

Wirelessly-Powered Robots. The energy is delivered wirelessly, e.g. a
laser beam to the robot and then is converted to electricity, e.g. via a
photovoltaic cell. Robofly [24] is an example of this power management
system. The main drawbacks here are the complicated implementation and
high power consumption of the off-board power system and the restricted
operation region due to the need for a direct line of sight between the laser
and photovoltaic cell.

Combustion. The idea behind using combustion in insect-scale robots is
the higher energy density in fuels (22.7 MJ/Kg for methanol) than in bat-
teries (1 MJ/Kg). A robot [25] shows longer and more powerful actuation in
an insect-scale robot running on methanol compared to its battery-powered
counterparts. However, exhaust and safety concerns, as well as implemen-
tation difficulties, hinder the robot’s application in some fields, such as
non-invasive surgeries. Moreover, the sensory and control circuitry and ig-
nition system require a secondary electrical power management system that
overloads the robots.

Battery-Powered Robots. Batteries can power mechanical and electrical
parts and do not disturb the robot’s flexibility or its field of operation.
However, batteries have low power density. Their high weight precludes
flight in aerial robots. Moreover, their low voltage necessitates applications
of DC-DC converters for some actuators, such as piezoelectric transducers.
The highest power density in batteries is reported to be 0.711 mW.h/g [26],
which is not enough for aerial insect-scale robots with limited payload and
power-hungry piezoelectric actuators [19]. It is worth mentioning that the
mass of batteries coming in small packages is dominated by sealing ma-
terial as the surface-to-volume increases [19]. Thus, even reaching 0.711
mW.h/g is impossible for small batteries. Nevertheless, a terrestrial insect-
scale robot is reported to achieve untethered movement for about 200 m
with a 35 mA.h 3 V battery [2].

Therefore, when batteries are a promising solution for power manage-
ment systems providing autonomy and flexibility, the robot’s power con-
sumption should be minimized in order to keep the battery size feasible and
operation time reasonable.
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2.1.4. Actuation Mechanism

Insect-scale robots employ a variety of actuation mechanisms, each with
unique working principles. These mechanisms can be broadly categorized
into three types: piezoelectric actuators, Dielectric Elastomer Actuators
(DEA), and IEAP actuators.

Piezoelectric Actuators. Piezoelectric actuators are a popular choice for
insect-scale robots due to their high-frequency operation and respectable
power densities [27]. However, they have some limitations. Individual actu-
ations are low-force and low amplitude and must be operated near resonance
to achieve suitable performance [27].They also require high voltages and
consume relatively much power [5]. Despite these challenges, piezoelectric
actuators have been successfully implemented in various insect-scale robots.

For instance, the Harvard Ambulatory MicroRobot (HAMR) uses piezo-
electric actuators for its legged locomotion [28]. Another example is the
flapping-wing robot, which uses a high-voltage power electronics unit to
supply an oscillating signal to piezoelectric actuators. This system can
modulate wing thrust, generating the forces and torques required for con-
trolled flight [29].

In another study, researchers manipulated the moving trajectories of
insect-scale soft robots by applying different driving electrical voltage fre-
quencies to piezoelectric actuators [30]. This demonstrates the versatility
and potential of piezoelectric actuators in the field of insect-scale robotics.
However, more research is needed to overcome the limitations and fully
exploit the potential of these actuators.

One of the significant challenges with piezoelectric and DEA actuators
in insect-scale robots is the requirement for high operating voltages. This
need for high voltage can pose a problem, especially considering the size
constraints and power supply limitations in insect-scale robots [29]. It can
also complicate the design of the robot’s electronics due to the required DC-
DC converter and increase the overall weight and complexity of the robot.
Therefore, while piezoelectric actuators offer many advantages, addressing
the high voltage and power requirement is a crucial aspect of ongoing re-
search in this field.

2.2. IEAP actuators

IEAP actuators are a class of smart materials that can perform sensing or
actuating functions by controlling the movement of cations and anions in
the active layer [31]. They can deform under low voltage stimulation and
generate electrical signals when undergoing mechanical deformation due to
ion redistribution [31]. Their working principle is based on volume change
in the electrodes due to the insertion and extraction of counter ions into the

29



polymer matrix [32]. Fig. 6 provides a graphical introduction to the IEAP
actuators.

2.2.1. Different Types of IEAP Actuators

Various types of IEAP actuators have been developed, including Con-
ducting or Conjugated Polymer (CP), Ionic Polymer–Metal Composites
(IPMC), Carbon NanoTube (CNT-) or bucky gel polymers, and Interpen-
etrating Polymer Network (IPN) [33]. Each type has its unique character-
istics and applications.

PEDOT:PSS Actuators. Among these, Poly (3,4-
ethylenedioxythiophene) polystyrene sulfonate (PEDOT:PSS) based
IEAP actuators have gained significant attention. They exhibit excellent
stability under ambient conditions and are expected to improve the
actuation performance of IEAP actuators [39]. Applying a PEDOT:PSS
film to an IEAP actuator results in synergistic coupling between the
thin nanostructured electrodes and the polymer, improving stability and
preventing detachment during long-term actuation [39].

2.2.2. IEAP actuators in insect-Scale robotics

The scalability, malleability, low voltage operation, and sense-actuation in-
tegration make IEAP actuators particularly useful in insect-scale robotics.
Due to their low operating voltage and power, they are biocompatible and
also do not require a voltage converter.

Comparing IEAP inch-worm [6] and S2worm [2] is particularly useful.
Both robots aimed to mimic the locomotion of an inchworm: crawling.
S2worm used a piezoelectric actuator and achieved higher speed. However,
IEAP inchworm used the malleability of its material to reduce the number
of required mechanical components. In addition, its lower operation voltage
freed the robot from the DC-DC converter requirement. These two reduced
IEAP inchworm bill of materials and complexity compared to S2worm.

However, there is no universal model of IEAP actuators that can easily
be tailored according to the sample to obtain information about their ca-
pabilities, such as payload and frequency. Such a model is also needed in
the control loop. In addition, the low-frequency response of IEAP actuators
may exclude them from high-speed applications like aerial robots. A precise
and easy-to-use model is needed to assess the abilities of IEAP actuators in
insect-scale robotics.

2.3. Machine Learning and Convolutional Neural Networks

AI is a generic term for all computer programs designed to emulate human
intelligence. Machine Learning (ML) is a subfield of AI that involves the
development of algorithms and statistical models that enable computers
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Figure 6. Graphical introduction to IEAP actuators. a: Structure of IEAP
actuator: The sandwich structure of IEAP consists of a separator (gray) between
two electrodes (black). Layers of gold are utilized to improve the contacts. The
specific actuator shown here has a clean-room compatible and reproducible fab-
rication process facilitating the usage and miniaturizing of the actuator [34, 35].
b: Scale of the actuator with integrated contacts: A technique for contact
integration, accompanied by the clean room fabrication process, shrinks the actua-
tors and reduces their manual handling. The automation not only helps to reduce
the length of the actuators but also makes them thinner and increases their speed.
These actuators can be used as microgrippers with different numbers and shapes
of fingers. It is possible to integrate strain sensing and actuation with adjacent
fingers [36]. c: IEAP actuator working principle, IEAP actuators comprise
conducting polymers and a separator. They operate based on the principle of ion
migration under the influence of an electric field, which causes a change in the
shape of the actuator. The ions in the separator are attracted to the electrode
with the opposite charge, causing an expansion on that electrode. The lack of
ions in the other electrode leads to a contraction. Thus, the actuator bends to
the electrode with the same charge as ions. The direction and magnitude of the
curvature are controlled by the sign and magnitude of the applied voltage, respec-
tively [37]. d: IEAP actuators in different states: an IEAP actuator is placed
on a fixture. Different voltages, from -3 V to 3 V, are applied to the actuator. The
curvature is changing according to the applied voltage. The yellow color of the
actuator is due to the gold coating. The coating reduces the longitude resistance
of the actuator and provides the whole actuator with consistent electric field and
curvature [38].
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to improve their performance in tasks through experience. Various types
of machine learning algorithms, such as supervised, unsupervised, semi-
supervised, and reinforcement learning, exist in the area. Besides, deep
learning, part of a broader family of machine learning methods, can intelli-
gently analyze data on a large scale [40].

2.3.1. Convolutional Neural Networks

Convolutional Neural Networks (CNN) are a type of Deep Learning neural
network architecture commonly used in Computer Vision [41, 42]. CNNs are
primarily used to solve difficult image-driven pattern recognition tasks [41,
42]. CNNs are made of layers of artificial neurons called nodes. Some of
these nodes are functions that calculate the weighted sum of the inputs and
return an activation map [41]. This is the convolution part of the neural
network [41].

Convolutional layers apply filters to the input image or the activation
map of the previous layer to extract features. Pooling layers, divided into
Max and Average Pooling, downsample the activation map by selecting
the maximum or average value of a section to reduce computation. Fully
connected layers make the final prediction [41]. The network learns the
optimal filters’ weights through backpropagation and gradient descent [41].
Fig. 7 and Fig. 8 provide more information on CNNs.

2.3.2. Memory Bottleneck in Edge Device Inference

Edge devices, such as smartphones and IoT devices, are increasingly being
used to perform inference on pre-trained CNNs. However, these devices
often face a significant challenge known as the “memory bottleneck” prob-
lem [43, 44].

The memory bottleneck problem arises due to the limited memory re-
sources and bandwidth available on edge devices. When performing infer-
ence on large pre-trained models, memory limitations become the through-
put bottleneck for the inference pipeline, limiting the execution speed. This
is particularly problematic for real-time applications where low latency is
required [43].

One approach to mitigate this problem is distributing the inference across
multiple edge devices[43]. This involves partitioning the pre-trained model
into smaller parts that can be spread across the devices. Each device then
performs inference on its part of the model and sends its computed result to
a subsequent device. This approach can increase throughput and decrease
per-device compute load [43].

However, even with this distributed approach, the memory bottleneck
remains a significant challenge. Also, it is not feasible for applications with
a single isolated device. The Google Edge TPU, for example, has been
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found to operate significantly below its peak computational throughput
and theoretical energy efficiency due to its memory system being a large
energy and performance bottleneck [44]. The one-size-fits-all design of such
accelerators ignores the high degree of heterogeneity both across different
neural network models and across different layers within the same model,
leading to these shortcomings [44].

To address these issues, researchers have proposed new acceleration
frameworks incorporating multiple heterogeneous edge machine learning ac-
celerators [44]. These accelerators cater to the characteristics of a particular
subset of neural network models and layers. During inference, for each layer,
the framework decides which accelerator to schedule the layer on, consider-
ing both the optimality of each accelerator for the layer and layer-to-layer
communication costs [44].

In-Memory Computing and Dataflow Engineering. In-Memory Comput-
ing (IMC) and dataflow engineering have emerged as promising solutions
to the memory bottleneck problem in edge device inference [45, 46]. IMC
is a non-von Neumann paradigm that has recently established itself as an
auspicious approach for energy-efficient and high throughput hardware for
deep learning applications [45]. One prominent application of IMC is per-
forming matrix-vector multiplication in O(1) time complexity by mapping
the synaptic weights of a neural network layer to the devices of an IMC
core [45].

In the context of CNN, activation maps must be fetched from memory
multiple times during the computation process, which requires a signifi-
cant amount of bandwidth [46]. Dataflow engineering can help optimize
this process by improving the efficiency of the calculation method, reduc-
ing the excessive read/write times and execution steps of CNN calculation
circuits [46].

Despite these advancements, further research is needed to develop more
effective strategies for overcoming the memory bottleneck problem in edge
device inference.
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Figure 7. Graphical introduction to CNN part one. a: CNN position in AI:
AI is an umbrella term for programs designed to mimic human intelligence. ML
is a subset of AI with the ability to learn from data. Deep learning is a branch of
ML dealing with big datasets and with several different layers. CNN uses spatial
operations to find certain features in different locations of an image. It also reduces
the number of parameters by reusing them in different areas of an image. b: CNN
structure: Input image goes through a network of convolutions and poolings. As
the picture is processed further, the activation map deepens, but its width and
length shrinks. At the last layer of this network, the activation map is flattened
and handed over to a network of fully-connected layers. Fully-connected layers
connect each input to all outputs with a specific weight. A non-linear function
(here ReLU) is applied after each layer (except pooling) to increase the order of
the network. Image taken from [47]. c: Convolution operation: A kernel
(filter) applies to an activation map from the upper left corner. It calculates a
weighted sum of the activations it is applied to. Then, the kernel slides right
and performs the same operation again. When the kernel reaches the image’s
rightmost, the kernel slides down and starts from the leftmost. The number of
activations the kernel slides between two subsequent operations is the stride. The
stride in this figure is one. If the stride were two, the output dimension would
be two by two, and odd columns and rows would be skipped. The activations
with dots are padding. They are added to keep the input and output dimensions
equal. It is called the "same" padding. Convolutions without padding are called
"valid". Image is taken from [48]. d: Pooling: Pooling are kernels that move
like Convolutions. However, they downsample an activation map by selecting the
maximum or average value of the activations in an area. Sride is usually equal to
kernel size. Image is from [49].
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Figure 8. Graphical introduction to CNN part two. a: CNN feature extrac-
tions: The operation of a single layer CNN is visualized. It captures features
(here, vertical lines). It ignores other features (here, horizontal lines and cross
sections. The captured features become more complicated as the networks be-
come deeper. b: CNN visualization: Features captured by CNN become more
complex, from lines to simple shapes to complex patterns, as the network grows
deeper [50].
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3. IEAP ACTUATOR MODELING

This chapter introduces a comprehensive novel linear model of IEAP ac-
tuators in the frequency domain, considering the loading effect. The fre-
quency domain is chosen for its distinct advantages. Firstly, it allows for
a more effective model application, particularly because it aligns with the
frequency approach used in control theory for controlling robot actuators.
This alignment enhances the model’s utility in practical applications. Sec-
ondly, the frequency domain simplifies the generation of actuator-specific
models, making it a versatile tool for various robotic applications. Impor-
tantly, the validity of this model is not just theoretical; it is corroborated by
a series of rigorous experimental results, providing a robust foundation for
the discussions and analyses that follow. This chapter, therefore, serves as
a critical link between theory and practice, paving the way for further ex-
ploration and understanding of IEAP for its potential applications in insect
scale robotics.

The modeling approach in this chapter is universal for IEAP actuators.
However, we specifically used PEDOT:PSS actuators in experimental ver-
ification. PEDOT:PSS/PEO actuators are selected in this chapter due to
their auspicious position for insect-scale robotic applications. The follow-
ing are some of this actuator’s outstanding characteristics for miniaturized
robotics:

• ability to operate in air [51]
• reversible and fast switching [52]
• biocompatibility [53]
• long life cycle [54]
• low operating voltage (<3 V) [55]
• clean-room compatible fabrication process [54]

The clean-room fabrication automates the production, reduces the handling,
and shrinks the actuator’s size. Thinner actuators operate faster due to
lower capacitance and Young’s modulus. The actuator material and its
automated fabrication technique are discussed in the first paper of this
thesis [35].

3.1. Model presentation

We divided our actuator gray-box lumped model into electrical, chemical,
and mechanical subsystems. Figure 9 explains the model visually. First, we
deal with the electrical subsystem transfer function. Re is insignificant and
can be neglected. Ignoring Re, Rcc becomes parallel to the voltage source
and nullified in the double-layer capacitance charge calculation. From the
circuit theory, we can drive 3.1.

36



Q(s)

V (s)
=

1
R
1

RC

(3.1)

In the equation above, s is a complex number frequency parameter.
The chemical subsystem transfer function remains as α in the Laplace

domain. The time-domain equation for the mechanical model is taken from
[56] and shown in 3.2.

κ(t) =
1

EI
[q(t)− λe−λt

∫ t

0
q(τ)eλτdτ ] (3.2)

κ is curvature, I is the second moment of inertia, and λ = E
η denotes the

rate of relaxation. A Laplace transform from 3.2 provides the mechanical
subsystem transfer function.

K(s)

M(s)
=

1
EI s

s+ λ
(3.3)

Figure 9. The actuator is modeled with three subsystems. The input is a voltage
applied in the electrical subsystem. The electrical part is modeled with electrode
resistors (Re), double-layer capacitance (C), leakage resistance (Rcc), and series
resistance (R). The electrical subsystem output is the charge stored (q) in the
capacitor. The chemical subsystem, then, transforms this charge into a mechanical
bending moment (M) with the ratio of α. From the mechanical perspective, the
actuator is modeled with a cantilever beam consisting of a spring (E, Young’s
modulus, and a damper (η).
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Figure 10. a) The actuator is in the neutral position. The effective component
of the load weight is zero in this state. b) The actuator bent. There is an effective
component of the weight (fe). fe value is proportional to the curvature. This
force makes a bending moment that itself increases the curvature. c) The payload
implementation in action in our experiment. The actuator responds to 2 Vpp input
with 12.6 mg of magnets as load.

3.1.1. Loading effect

To incorporate the payload effect in our model, we assume that the actuator
is placed perpendicular to the ground and load is added to its tip. In
the neutral position (curvature = 0), the payload weight component in
the direction of movement (tangent to the curve, hereafter referred to as
effective force (fe)) is zero. As the actuator bends and curvature increases,
this component increases and causes a new mechanical bending moment in
addition to the chemically induced one. This results in a positive feedback
loop over the mechanical subsystem, where more curvature leads to more
bending moment, which in turn leads to even more curvature. The setup is
illustrated in Figure 10.

As the bending moment is related to fe, it is essential to find the value
of fe. In Figure 10, you can see that Fe = Wsin(β). If we approximate
the actuator with an arc with a constant curvature (κ) equal to the average
actuator curvature, β equals the arc’s central angle, β = κl, Where l is the
actuator length. Thus,

Fe = mgsin(κl) (3.4)

m is the payload mass and g is the earth’s gravitational constant.
The moment implied by a point force, Fe, at the tip of a cantilever

38



beam is M = Fed, and d is the distance from the load. To adhere to our
assumption that the actuator makes a perfect arc, we wish to substitute
the moment from the point force, which increases towards the actuator’s
fixed end, with a constant moment that results in the same deflection. This
moment is M = 23Fel.

Figure 10.c) illustrates that the effective actuator length, from the center
of the load to the fixture, is less than its geometric length. We call this
property effective length and show it with le. Thus, the equivalent constant
moment is obtained from 3.5.

M =
2

3
Fele (3.5)

From 3.4 and 3.5 we have:

Me =
2

3
lemgsin(κl) (3.6)

The mechanically induced bending moment, Me, input of the mechanical
subsystem, is related to κ, the mechanical subsystem’s output, through a
sin function. Therefore, sin is in the feedback loop. As we develop a linear
model, the sin is linearized, as shown in Figure 11. We linearized the sine
into five regions. In each region, the sine function is approximated with a
line. The y-intercept of the line equation is constant in each region and is
dealt with as a mechanical input. The gradient changes with κ. The slope
with which the gradient is related to κ is the feedback component.

Deploying 3.6 and linearization from Figure 11, we can develop Table 1
that provides the mechanical moment in each region and divides it into
mechanical input and feedback. Putting the Table 1, and subsystem transfer
functions into the model in Figure 9, the load-included model in Figure 12
is obtained.

Figure 11. Sine function linearization.
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Table 1. FEEDBACK (FB) AND MECHANICAL INPUT (ml) FOR DIFFER-
ENT LINEARIZED CURVATURE REGIONS

angle (radian, κle) Me(N.m) FB (N.m2) ml (N.m)

κ(t)le < −1.05 mg 2le
3 (−0.6 + 0.24κle) 0.24mg 2le

3 −0.6mg 2le
3

< −1.05κ(t)le < −0.55 mg 2le
3 (−0.14 + 0.7κle) 0.7mg 2le

3 −0.14mg 2le
3

< −0.55κ(t)le < +0.55 mg 2le
3 κle mg 2le

3 0

0.55 < κ(t)le < −1.05 mg 2le
3 (+0.14 + 0.7κle) 0.7mg 2le

3 +0.14mg 2le
3

1.05 < κ(t)le mg 2le
3 (+0.6 + 0.24κle) 0.24mg 2le

3 +0.6mg 2le
3

3.2. Actuator Identification

To identify the different values of the model parameters, we put the actuator
under two step voltages with 2Vpp and 3Vpp and fit their responses to a
second-order linear time-invariant (LTI) system. The experimental and
fitted second-order responses are depicted in Figure 13, and the second-
order response equation with its Laplace transform transfer function is given
in 3.7.

κ(t) = 181− 90e−1.8t − 265e−0.3tK(s)

V (s)
=

63(s+ 0.52)

(s+ 0.3)(s+ 1.8)
(3.7)

The zero and the low-frequency pole in 3.7 come from the mechanical
and the high-frequency pole from the electrical subsystem. However, the
distinction between mechanical and electrical gains necessitates implement-
ing the payload effect. Mechanical gain is 1

EI . Nevertheless, large actuation

Figure 12. The payload-aware model incorporates the payload weight as a new
mechanical input (moment) and a feedback component from its output, curvature.
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Table 2. VALIDATION OF THE PROPOSED MODEL

m(mg) le(mm) Voltage (V) κpp Errorpp %Error

a 3.15 6.20 2 243 25 10

b 3.15 6.20 3 248 5 2

c 6.30 6.70 2 260 37 14

d 6.30 6.70 3 263 11 5

e 12.60 6.27 2 428 60 14

f 12.60 6.27 3 504 75 14

and applied electrical voltage change Young’s modulus value [57]. Hence, we
used an empirical technique to acquire the mechanical gain. In this tech-
nique, we use the average or most popular voltage-payload combination
and fit the mechanical gain into the equation to minimize the error. The
mechanical gain for the under-test actuator obtained 4.86× 107N−1m−2.

The step response identification method facilitates the actuator-specific
model development as only simple step response analysis is required. This
method is advantageous in applications like swarm insect scale robots when
many actuators are to be modeled.

3.3. Model Verification

We conducted experiments with six combinations of voltages and payload
weights to verify the model. The experimental results and the model results
for these combinations are shown in Figure 14. Table 2 summarizes the
combinations and reports their error. The error stays less than 15% even
for the worst combinations.

Figure 13. Actuator step response is properly fitted the second-order response
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Figure 14. six various combinations of voltage-payload are examined to compare
the model and experimental results. The mechanical gain is optimized for combi-
nation (b). Thus, the minimum error is observed there. The error increases as the
payload or voltage differs from combination (b) points due to non-linearity in the
mechanical system for large actuation or voltage changes.

3.4. Stability and maximum payload

The maximum allowed payload is translated to our model as the biggest
load for which the actuator is stable in region three. We carried out a zero-
pole stability analysis in this region. The results showed that the actuator
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is in marginal stability for a payload of 20 mg. So, 20 mg is the maximum
limit for the actuator payload capacity. Figure 15 shows the actuator zero
and poles in the s-plane. The mechanical subsystem poles move toward each
other as the payload increases. For a payload equal to 20 mg, the actuator
is marginally stable, and after that, it is unstable. Instability is interpreted
as the payload is more than the actuator force, and it falls.

3.5. Robot morphology with IEAP actuators

The payload capacity for the under-test actuator in this paper is 20 mg.
This restriction seems to be strict. However, the force required to move the
payload is significantly less if it is located on a wheeled loading platform.
The required force depends on rolling resistance, bearing, surface, and many
other parameters. Nevertheless, as a rule of thumb, 1.8 N force is required
to move 1 Kg payload stably. So, if we assume that our actuator can exert
about 0.2 N (enough to lift 20 mg of payload), it can move about 100 mg
of payload on a wheeled platform. It is also possible to use more than
one actuator to move each wheeled loading platform. Figure 16 shows an
example possible structure for an insect-scale robot consisting of a loading
platform (pink) driven with two IEAP actuators (black). The robot can go
forward or turn right and left.

3.6. Chapter Conclusion

In this chapter, we developed a payload-aware model for IEAP actuators.
This model is practical due to its easy actuator-specific model develop-
ment with step response that facilitates model generation. Each unknown
IEAP actuator can be modeled with this technique by only measuring its
step response without any information about its electro-chemo-mechanical
properties. Also, the model Laplace-domain representation is consistent
with control theory and electrical analysis.

Figure 15. System stability analysis: location of the actuator poles and zero.
Mechanical subsystem pole for (a) an unloaded actuator, (b) a payload mass =
12.6 mg, and (c) marginal stability, calculated with a payload mass = 20 mg.
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Figure 16. insect-scale robot structure example with a loading platform and two
IEAP actuators

The results portray a good potential in IEAP actuators to be used as
micro-manipulators or carry very small payloads (≈20mg). The results are
also promising for the application of IEAP actuators in insect-scale robots
as drivers for wheeled loading platforms where the weight of the payload is
not directly on the actuator. Figure 16 shows one possible configuration in
which two IEAP actuators are used as drivers to carry a wheeled platform.
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4. ANALOG IN MEMORY COMPUTING (AIMC) WITH
DIANA CHIP CASE STUDY

Today, no onboard AI-based vision platform exists for insect-scale robots.
Restricted payload, power, and area have been prohibitive for the embarka-
tion of required electronics on the miniaturized robots, restricting their
autonomy, field of operation, and applications. Nevertheless, Studying
AI accelerators for applications that face similar constraints, albeit to a
lesser extent, offers valuable insights for insect-scale AI-based visual control
circuitry. Numerous Application-Specific Integrated Circuit (ASIC)s have
been developed for edge inference engines, employing innovative architec-
ture and computation concepts to enhance efficiency and adhere to the lim-
itations [58][59]. It is imperative to study and advance these cutting-edge
designs further to meet the stringent requirements of insect-scale robots.
Analog In Memory Computing (AIMC) is one such paradigm that offers a
wide range of applications and significant improvements in efficiency[60].

AIMC has been utilized in CNN edge inference engines to solve the
memory bottleneck problem and increase efficiency [61]. However, AIMC
Analog-to-Digital Converter (ADC)s restricted resolution imposes quantiza-
tion of output activations that can reduce the accuracy without meticulous
optimization [60]. A study conducted output quantization calibration and
obtained configurations with which low-resolution ADCs did not affect the
accuracy. The configurations were layer-specific. Therefore, a real-time
quantization adjustment was required [60][62]. AIMC output quantization
is adjusted by controlling analog gain, entangling it with analog param-
eters and nonlinear functions. AIMC dynamic output quantization con-
trol without interrupting its operation has been an unsettled problem until
now. This chapter introduces a technique for imposing output quantiza-
tion configurations obtained from calibration processes on AIMC through
circuit parameters setup. The technique permits on-the-fly quantization
adjustments, enabling layer-wise calibration that increases achievable net-
work accuracies on AIMC platforms. As a case study, we deployed the
method on the AIMC macro of an artificial intelligence (AI) inference en-
gine System on Chip (SoC) platform with a RISC-V processor and hybrid
DIgital-ANAlog accelerators (DIANA). We related its controllable circuit
parameters with the quantization configuration in a look-up table. This
case study has noteworthy side benefits in identifying platform limitations
due to nonlinearities and design imperfections. These limitations are inves-
tigated, and design advice that is transferable to future AIMC designs is
provided to avoid imperfections such as mismatch, bias voltage drop, and
interconnect delay. In addition, the study of output quantization from dif-
ferent levels of abstraction leads to design guidelines to facilitate dynamic
quantization control during the application phase.
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4.1. Introduction

Artificial Intelligence (AI) has been recognized as "the new electricity" for
its potential to revolutionize the industry [63]. It demonstrated vast appli-
cability in various domains, from natural language processing (NLP) [64,
65], image classification and object recognition [66, 67] to stock market
trading [68, 69]. In computer vision applications, convolutional neural net-
works (CNNs) showed outstanding ability due to their spatial kernels [70].

CNNs require a high computational load indicating parallelization possi-
bility. A vast effort exists to fully harness parallel computing architectures
for higher efficiency [71]. GPUs [72], FPGAs [73], and Application-Specific
Integrated Circuit (ASIC)s [74] can leverage a higher level of parallelism
than conventional processors. Nevertheless, the development cost and time,
along with the performance and efficiency, increase from GPUs to ASICs. In
specific applications where energy and speed constraints are limited, ASICs
are the only viable solution. Research is moving towards more efficient and
accurate systems to accelerate CNN at the edge. A very promising acceler-
ation method consists of computing MAC operations in the analog domain
directly in memory cells.

The unmet need for efficiency by digital computing in edge devices caused
a resurgence in analog computing. Analog computing can be exploited to in-
crease efficiency at the cost of accuracy reduction [75]. The analog domain
represents a number by a single signal without resolution restriction and
performs MAC operations with one device per input [76]. This characteris-
tic makes analog accelerators strong candidates for applications with limited
energy budgets. AIMC combines analog efficiency with in-memory comput-
ing (IMC) to overcome the memory wall bottleneck by merging processor
and memory units, pushing energy efficiency by orders of magnitude [77].
However, device nonlinearities, mismatches, and noise impact the analog
computation’s accuracy. On top of that, analog circuits lack flexibility as
their behavior, as well as the data flow, are fixed at design time. Thus, an
analog macro engineered for a particular workload or required precision may
not be efficient when the requirements change. CNNs show high resilience
to errors and reduced parameter precision but with limitations and different
output sensitivity to different layers in the network [78]. These observations
promise high accuracy and efficiency with a hybrid digital-AIMC accelera-
tor that can split the workload in agreement with accuracy and efficiency
requirements.

Along this line, the DIANA SoC [61] integrates three cores in a complete
system: a RISC-V CPU, a digital accelerator, and an AIMC-based accel-
erator[79]. The RISC-V processor controls the system and allocates the
workload among the two accelerators. The AIMC accelerator is designed
to achieve high utilization and efficiency with moderate accuracy for layers
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with a high number of channels. Layers with fewer parallelization possi-
bilities and more severe sensitivity to accuracy are assigned to the digital
accelerator. This structure allows DIANA to achieve high efficiency with-
out a decrease in network accuracy by allocating the execution of different
layers in the digital or analog core. DIANA’s AIMC macro is used as a
case study in this chapter while analyzing the applicability of the technique
presented here for other AIMC platforms.

The AIMC paradigm can be implemented with various cell technologies.
Non-Volatile memories (NVM) form dense crossbar arrays to perform par-
allel MAC operations [80]. NVMs are enabled with emerging technologies
such as Resistive Random Access Memory (RRAM), [81] phase-change
memory (PCM) [82], and spintronics [83]. However, NVM’s technologi-
cal drawbacks, like read and write non-idealities [84], low reliability, and
temperature dependency [80], make the design of AIMC macro challenging
and motivate designers towards more standard technologies such as CMOS-
based SRAMs [85, 86, 87, 88]. This last type of cell is the one used in
DIANA.

ADCs are essential parts of AIMCs. They convert voltages proportional
to the MAC operation results to digital data. Consequently, they quantize
the output activations to fewer levels than the MAC operation result re-
quires. At this stage, careful calibration is required to reach an accuracy
comparable with the baseline [60]. The quantization configurations are set
by selecting circuit analog parameters. A methodology is missing to link
the quantization configurations obtained from thorough optimizations [60]
to physical circuits. This method should determine the mechanism by which
the quantization parameters, obtained at the software level, are imposed on
AIMC. It can be a modeling technique that connects the circuit-level pa-
rameters to quantization configurations.

There are some efforts on AIMC modeling. Spetalnick, S. et al. [89]
combine system and circuit models and simulations to analyze the SRAM
AIMC design space and spot efficiency gains and losses. Kein, J. et al. [90]
integrate an AIMC cell model to gem5-x simulator for full-system simula-
tion in the design phase. However, to the authors’ knowledge, there is no
model that selects the circuit parameters according to output quantization
calibration.

The lack of a quantization imposition technique has hindered the opti-
mal use, in terms of computation accuracy, of the AIMC. Moreover, non-
idealities of the analog circuit should be known for a correct accuracy evalu-
ation and compensation strategy. The characterized non-idealities can also
be mitigated in future AIMC designs.

In this chapter, we contribute to the AIMC paradigm with the following
developments:

• A technique is developed to link the AIMC circuit analog parameters
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to its output quantization. It allows on-the-fly implementations of
layer-wise quantization calibrations like [60] on AIMCs, significantly
increasing the achievable classification accuracy on the platform. The
study of the output quantization mechanism also gives guidelines for
AIMC designs to better exploit the ADC output range.

• The method is applied to DIANA’s AIMC macro as a case study. As
a result, a linear model of the DIANA’s AIMC is developed. The
model can translate the quantization parameters obtained from cal-
ibration or training to controllable circuit parameters. The Control-
lable parameters are an external bias voltage and a programmable
Pulse Width Modulation (PWM) unit time. Thus, the quantization
configuration is set by adjusting these parameters in a real-time man-
ner. A look-up table summarizes the model and eases its application.

• Important non-idealities for accuracy are characterized and modeled.
Methods are proposed to avoid, compensate, and in future designs,
improve non-idealities.

Section II discusses the technique required to impose the quantization
parameters on AIMC output. Section III briefly introduces the DIANA’s
AIMC macro. This SoC is used in the rest of the chapter as an example to
apply the suggested method. Section IV presents the experimental results.
Section V implements the method on DIANA as a model, and section VI
concludes the chapter.

4.2. AIMC output quantization control through circuit
parameters

Quantization is used to reduce the computational cost of CNN and match
the edge applications restrictions [91]. The quantization is applied to input
activations and weights to reduce their bit precision to ba and bw, respec-
tively. The output of a convolution should ideally be coded with lo levels:

lo = (2ba − 1)× (2bw − 1)× na + 1 (4.1)

where na is the number of accumulations in the MAC operation. Some
works reported re-quantization at the activation layer to directly produce
quantized input activations for the next layer [92][93]. This output quanti-
zation is necessary for AIMCs due to their restricted ADC resolutions. As
an example, a layer with 16 7-bit input channels and 3 by 3 kernels with 2-
bit weights would need 11-bit ADCs according to (4.1) that are prohibitively
power-hungry [94].

The output quantization should be calibrated according to the CNN
model and activation distribution in each layer or even channel in order to
achieve high network accuracy[91]. Calibration is the process of determining
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the clipping range [α, β], a range that data out of it will be mapped to its
limits before quantization.

There are different calibration approaches. A straightforward way is to
set the clipping range to the maximum and minimum values of the to-be-
quantized data. This method increases the dynamic range and reduces the
resolution. So, other approaches, like using percentile [95] and optimizing
the data loss [96], take a smaller range to increase resolution mitigating the
effect of outliers. Another method is to learn the quantization parameters
during the training [93][60].

Laubeuf. N et al. [60] conducted research on output quantizations with
AIMCs. They showed improvement in accuracy with a layer-wise output
quantization calibration over the network-wide counterpart. Their work
used a DIANA-like AIMC macro and did a Pytorch simulation to show
dynamic output quantization control with adjusting Pulse Width Modu-
lation (PWM) unit time. Accuracies on par with the baseline are achieved
for Resnet-20 on CIFAR-10 and Resnet-18 on ImageNet after output quan-
tization optimization. The chapter showed the importance of AIMC output
quantization calibration and its enforcement possibility via circuit parame-
ters selection.

However, results from [60] are not directly applicable to AIMCs, because
first, their assumptions in the simulation are different from the actual chip
structure. Second, they only analyzed the unit time adjustment for a fixed
bias voltage value. The bias voltage can be used for fine-tuning the quan-
tization parameters in DIANA, as its values are continuous, unlike discrete
unit time values. Also, using the combination of bias voltage and unit time
increases the designers’ degree of freedom, so they can optimize the chip
also for power and performance vs. accuracy [61], for example. And third,
the nonlinear behavior and second-order effects of AIMC are neglected in
their linear Pytorch model. There is a gap between their high-level study
and the low-level AIMC circuits. To fill the gap, it is required to investigate
the quantization from both network and circuit-level perspectives to unveil
the output quantization mechanism in AIMCs.

The ADC thresholds in AIMCs are usually uniform and symmetric.
Therefore, the output quantization is also uniform and symmetric from
the high-level network perspective. Under this assumption, the scale factor
is defined as a floating point number with which the data multiplies before
discretization. As it should convert a data from [−β, β] to 2b − 1 levels,
scale factor can be calculated with:

S =
2b − 1

2β
(4.2)

in which b is the quantization (ADC) bitwidth. The quantization output
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(O) with this scale factor is then obtained as:

O = int(S ×Omac) (4.3)

Where Omac is the MAC operation result.
From the circuit perspective, there is a gain (Av) that determines the

voltages at the ADC input (Vadc) proportional to the MAC operation result.

Vadc = Av ×Omac (4.4)

This voltage is then converted to digital at the ADCs according to the ADC
quantization steps (δadc).

O = int(
Vadc

δadc
) (4.5)

Comparing (4.4) and (4.5) with (4.3) the scale factor from the circuit per-
spective is

S =
Av

δadc
(4.6)

Therefore, there are two ways to control the AIMC output quantizer,
adjusting ADC quantization steps or AIMC analog gain. ADC quantization
steps are usually optimized and fixed according to the voltage dynamic
range and ADC bit precision. On the other hand, it is preferred to support
quantization dynamic control via analog gain.

To control the quantization via analog gain, one or more parameters
to change the analog gain have to be devised during the design. These
parameters should be able to change easily to set different quantization set-
ups while executing different layers. In addition, the controllable analog
gain range should be adequately wide to support different possible quan-
tization configurations. The effect of the gain-controlling parameters on
other performance figures should also be taken into account. Because the
gain-controlling parameters have effects on other performance figures, it is
beneficial to have more of these parameters. This gives more flexibility to
optimize the affected performance by tuning the correct parameter for spe-
cific applications. Moreover, the relationship between the parameters and
quantization should be defined clearly. Due to analog devices’ higher-order
effects and non-idealities, it usually cannot be done analytically. Thus, a
measurement and characterization campaign may be needed.

The parameters that can be used for analog gain control are as diverse
as AIMC structures. For example, in the memristor-based [97][98] archi-
tectures, the memristor value and the Digital-to-Analog Converter (DAC)
gain are related to the analog gain. Memristor values are programmable,
and there is a possibility to consider a scale on them. In designs with PWM
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DAC [99][100], the PWM unit time is a potential parameter to be easily
programmed to control the gain and modulate the quantization. In DIANA,
there are PWM unit time and current limiting transistor bias voltage for
this purpose. The fact that DIANA SoC uses a combination of two pa-
rameters that one, e.g. bias voltage, has a non-linear relationship with the
analog gain, and the other is a commonly used parameter in time-domain
AIMC makes DIANA a good example to be a case study in this chapter.

This section developed a technique for controlling the AIMC output
quantization. The relationship between gain and quantization was defined,
and it was shown that the analog gain is preferred to set the quantiza-
tion parameters. Hence, gain-controlling parameters should be utilized in
AIMC to dynamically adjust quantization for each layer. In the next sec-
tion, DIANA’s AIMC will be introduced to be used as an example for this
technique. The parameters involved in its analog gain will be identified,
and their relationship with quantization parameters will be studied.

4.3. DIANA’S AIMC Macro

This section first briefly describes the AIMC macro implementation inte-
grated into DIANA. Then, it focuses on the AIMC output quantization
parameters control. It finds the circuit parameters that can modulate the
output quantization. The effects of these parameters on quantization will
be modeled in the following sections.

4.3.1. AIMC macro structure

The macro is an 1152x512 array of Analog Processing Elements (APE).
When the macro is fully utilized, 1152 7-bit activations are converted to
PWM signals. Then, each is fed to all 512 APEs in a row. APEs multiply
activations by ternary weights (+1, 0, -1) stored in two standard 6T SRAM
cells. The product is accumulated at summation lines, which connect the
APEs in the same column. Finally, 512 6-bit ADCs convert voltage on the
summation lines to digital. Fig. 17 illustrates the simplified diagram of the
AIMC.

Fig. 18 shows the transistor-level schematic of an APE. PWM DAC
produces two active-low signals, Act- and Act+. Each signal is used to
modulate the activations with the corresponding signs. Act+ and Act- are
connected to the source of two transistors. Two SRAMs store weight (W+)
and negated weight (W-); each is connected to the gate of two transistors
with different PWM signals at sources. The drains of the transistors with
concordant sign signals (W+ and Act+ or W- and Act-) go to the positive
summation line; Sum+, and the other two (discordant signs) go to the
negative summation line; Sum-.
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At the beginning of a processing cycle, summation lines are pre-charged
to VDD. For non-zero weights and activations, one transistor turns on and
determines the connected summation line and, consequently, the product
sign. PWM width dictates the magnitude of the product. Outputs of
APEs are in the form of current. They discharge the connected summation
line proportional to the pulse width. Thus, accumulation is conducted at
the summation lines. The readout circuit deals with Sum+ and Sum- as
differential signals and sends the results to ADCs.

Two current-limiting transistors connect each APE to the summation
lines. It adds more flexibility to the design and mitigates the channel length
modulation effect. The bias voltage of these transistors (hereafter Vbcs or
bias) and PWM unit time determine the quantization parameters and con-
trol the resolution and dynamic range of the output activations.

4.3.2. DIANA’s AIMC output quantization

The ADCs’ voltage thresholds are fixed. Therefore, output activations (O)
are related to the summation line voltages (Vadc) as (4.5). The summation
line voltage is proportional to the result of the MAC operation. We define
the unit voltage (Vu) as the summation line voltage corresponding to the
result of a MAC equal to one. With the assumption that the cell currents
are DC, as the summation lines are capacitive, the summation line voltage
is equal to:

Vu =
tu.Icell(Vbcs)

Cline
(4.7)

Icell is the cell current that is a function of bias voltage. tu and Cline are
respectively unit time and summation line capacitance. Vadc corresponding
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Figure 17. Block diagram of the AIMC macro; each of 1152 activations goes
to 512 APEs in a row (horizontal lines). Outputs of APEs are accumulated in
summation lines (vertical lines)
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Figure 18. AIMC macro transistor-level schematic; active paths are shown with
black lines. Activation and weight signs determine the product sign. The result
magnitude is controlled by that of the activation.

to other MAC operation results are proportional to the unit voltage:

Vadc = Vu.Omac (4.8)

combining (4.5), (4.7), and (4.8), we have:

O = int(
tu.Icell(Vbcs)

δadc.Cline
.Omac) (4.9)

With a comparison between (4.3) and (4.9) scale factor is obtained.

S =
tu.Icell(Vbcs)

δadc.Cline
(4.10)

Cline and δabc are fixed. Thus, quantization scale factor control is possible
through bias voltage and unit time. The bias voltage is applied to DIANA
externally, and the unit time can be changed among 16 values by program-
ming a register runtime.

Unit time and bias voltage have different effects on DIANA performance.
So the designer has the freedom to make tradeoffs and optimize these two
parameters with respect to each other to achieve the desirable quantization
setup and overall performance. For example, unit time controls the AIMC’s
total cycle time and speed. Unit time affects power consumption more than
bias voltage does [61]. However, it is shown in the next section that small
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unit times may cause scheduling problems. Therefore, it is possible to make
tradeoffs on speed, power, and scheduling sanity with these two parameters.

In this section, we introduced the DIANA’s AIMC circuit and showed
the relation between output quantization configurations and unit time and
bias voltage. The AIMC quantization control can now be achieved by a
model that connects bias voltage and unit time to the output quantiza-
tion parameters to enable the implementations of optimization techniques
like [60]. The relationship between quantization and circuit parameters is
not straightforward as it is nonlinear and correlated. For example, bias
voltage affects MOSFET switching time, which changes the effective unit
time. Therefore, it is important to obtain the model via experiment rather
than theory.

The following section will present the experimental results. These results
will be used to develop the model and also to provide guidelines for the best
chip setup and design improvements.

4.4. Experimental Results

The characterization campaign aims to incrementally model the AIMC be-
havior in order to connect output quantization to circuit parameters. It
also shows the non-idealities. Information on non-idealities can be used for
compensation or improvement of the next AIMC generations.

In the experiment setup, DIANA is installed on a custom motherboard.
A ZedBoard™ Zynq®-7000 ARM/FPGA SoC development board is con-
nected to the motherboard via FPGA Mezzanine Card (FMC) Low Pin
Count (LPC) connector. The ZedBoard performs the DIANA’s booting
procedure and provides the clock signal. A PC programs and loads the
inputs and weights into the chip through a JTAG interface. The PC reads
the results from DIANA through the same interface. The motherboard and
DIANA’s power, as well as the bias voltage, is provided by two NI PXIe-
4145 4-channel source-measure units mounted on a NI PXIe-1088 chassis.
Fig. 19 shows the diagram of the experiment setup.

The first investigation examines the accumulation function linearity. The
summation linearity is crucial because it allows the AIMC model to break
down into the addition of small models of APEs using the additive property.

Figure 19. Measurement setup diagram; ZedBoard boots the chip, PC programs
and reads the results, and NI PXIe powers DIANA
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Then, mismatches between APEs are evaluated. Two design imperfec-
tions, bias voltage drop and interconnect delay, are investigated later. These
three experiments give chip users guidelines to avoid non-ideality effects and
provide chip designers with suggestions for improvement.

The last experiment shows that nonlinearity error is a function of the
output rather than the input. This observation is utilized to develop the
linear and fine-grain models combination. Eventually, the results of this
part are used to plan an experimental exploration of unit time and bias
that leads to a linear model in section IV.

4.4.1. Accumulation linearity

AIMC performs multiplications inside APEs and accumulations at the sum-
mation lines. If the accumulation operation is linear, the AIMC model de-
composes to the addition of APEs models by utilizing the additivity prop-
erty. So, before modeling APEs in section 4.5, we must show that the
accumulator is linear.

The number of activations is increased in an experiment to analyze the
linearity of addition. Fig. 20 shows the AIMC output for different numbers
of activations. In this specific example, non-zero activations are set to 5,
while weights are all positive (1). Fixed APEs inputs isolate the experiment
from APE’s nonlinearities. However, their mismatches still reflect in the
results. In each experiment, 128 activations are added. The set of iterations
is then repeated for ten values of unit time ([50ns: 140ns, 10ns]). The bias
voltage in this experiment is 0.61.

Fig. 20 visualizes the linearity of the accumulation operation up to out-
put saturation. As the ADCs output range is [-31: +31], the AIMC output
is saturated on 31. A part of the nonlinearity is rooted in the APEs mis-
matches, as shown in the following subsection.

Thus, the rest of the experiments try to demystify the APEs, assuming
accumulation at the summation lines is linear.
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Figure 20. Addition linearity; the number of activations and addends is linearly
proportional to the output.
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Figure 21. APE mismatch; the outputs of the experiments with the same inputs
but on different APEs are slightly off due to the mismatch.

4.4.2. APE mismatch

Dealing with device mismatches is a burdensome challenge for analog de-
signers, and DIANA’s AIMC is no exception. Mismatches occur due to dif-
ferences in devices that are designed identically. Coping with mismatches
after tape-out is not possible. Their analysis needs a statistical approach
that is out of the scope of this chapter. Fig. 21 illustrates the mismatches as
differences in the AIMC output for different APEs with the same activation
and weight. Here, 20 APEs are examined in each experiment, as for a single
APE, the output might be weak and noisy.

Mismatches should be avoided as much as possible to achieve good lin-
earity. The best stage to deal with mismatches is during the layout design.
Matching guidelines can be found in analog layout books including [101].

4.4.3. BIAS voltage drop

Experiments show that, for bigger workloads, the sensitivity of the summa-
tion lines with higher indices decreases. An experiment isolated the effect
by feeding the whole array with equal activations and weights. Fig. 22
illustrates the output of the summation lines. The output decreases for
summation lines with higher indices.

The loading effect is related to the drop in the current limiter transistor
bias voltage in the AIMC macro. Although MOSFET gates do not ideally
draw any current, an array of more than one million long-channel transistors
introduces big gate current leakage in scaled FDSOI technologies due to thin
oxide and direct tunneling effect [102].

The design level fix is to add more bias voltage contact on the die in
distant locations. At the application level, it is better if high utilization
is avoided. Otherwise, post-processing compensation is necessary for chip
users.
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4.4.4. Interconnect delay

The AIMC output is quantized in the range [-31,31]. So, the output is
saturated when it reaches 31. However, experiments show that the outputs
become saturated sooner when the low-index APEs are utilized. The early
saturation is shown in Fig. 23. The effect is only visible for low-index APEs
and is proportional to unit time; the output becomes saturated in lower
values for smaller unit times.

Interconnect delay causes early saturation. The control and timing
unit (CTU) is located at the bottom of the AIMC array, closer to the
high-index APEs. There is an interconnect delay (tid) for the PWM DAC
enable signal from CTU to the top of the AIMC array where low-index
APEs and their DACs are located. Thus, these DACs start their operations
later, leading to a delay in low-index APEs’ PWM signals. When unit time
decreases, the total AIMC cycle time decreases proportionally while the
delay remains constant. So, for small unit times and big activations, a big
part of the PWM signal does not overlap with the AIMC active time and
is ineffective. That leads to an early saturation. Fig. 24 shows the timing
diagram in a) high- and b) low-index APEs. Due to interconnect delays,
for big activations, the end of the PWM signal does not overlap with the
AIMC active time. So, the output is saturated as increases in activation
just increase the futile part of the PWM signal.

Hopefully, it is possible to lengthen the AIMC active window by setting
DIANA’s control registers. So, the users should make sure to set these
registers correctly while using small unit times. However, some buffers on
control signals improve the design, so increasing active window time will be
unnecessary. This will improve the chip’s speed and power.
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Figure 22. Current limiting transistor bias voltage (Vbcs) drop causes a sensitivity
reduction for high-index summation lines.
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Figure 23. Large outputs linearity; a) early saturation happens for low-index
APEs, and b) high-index APEs stay linear in [-31, +31].

4.4.5. Errors as a function of output

Fig. 25 shows that error is a function of the output for different unit times
and bias voltages. It does not include errors rooted in voltage drop or
interconnect delay. It is utilized in the next section to develop linear and
fine-grain model serialization.

This section delivered observations used in the next section to develop a
linear model of AIMC, the non-idealities that one should take into account
during the application of the chip, and an observation that will be used for
model nonlinearity adjustment. The following section will model the AIMC
macro with a look-up table that translates the quantization parameters to
unit time and bias voltage.

AIMC AIMC

PWM
Effec�ve 

PWM
Fu�le 
PWMtid

a) b)

Figure 24. Timing diagram of PWM and AIMC in a) high- and b) low-index
APEs. PWM signal slides off the AIMC active time due to interconnect delay and
causes early saturation.
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Figure 25. Error is a function of the expected linear output for different unit
times and bias voltages.

4.5. Model

This section proposes an approach to include nonlinearities in a linear AIMC
model. Then, we present a model for the DIANA’s AIMC macro that con-
nects its circuit parameters with scale factors and quantization configura-
tions. At the end of the section, the model is used to evaluate the DIANA’s
AIMC in the implementation of output quantization calibrations from the
literature.

4.5.1. Nonlinearity adjustment for linear model

In the previous section, the error of a linear model was presented as a
function of the output. Thus, one can model the AIMC macro as a linear
and nonlinearity adjustment model in series if voltage drop and interconnect
delay errors are neglected. This approach is depicted in Fig 26.

Linear Model
Nonlinearity 
Adjustment 

Figure 26. Linear model can be followed with a fine-grained sample-specific
model for fine adjustment.

The nonlinearity adjustment is sample-specific and cannot be achieved
generally.

4.5.2. Model presentation

The characterization was planned as an exploration of DIANA’s operating
points; bias voltage and unit time as their effects on quantization are shown
in Section 4.2. Bias voltage has values between 0.5V to 0.8V with steps of
0.01V. The DAC conversion unit time ranges between 50 ns to 200 ns with
10 ns step granularity. The experiment is conducted on 40 APEs with the
highest indices in each summation line. APEs with high indices are selected
to avoid the interconnect delay effect. Forty APEs are used to average out
the spatial variations due to mismatches while avoiding the voltage drop
effects resulting from overloading. These effects should be eluded by the
user with suggestions provided in the previous section or compensated in
the post-processing.
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The output quantization is fixed to 6-bit symmetric and uniform by de-
sign. Only the quantization scale factor and clipping range can be set during
the application phase. We couple each combination of unit time and bias
voltage with a quantization scale factor. For this purpose, activations are
swept from -63 to +63 for Each operating point. The output is normalized
by the number of APEs. A line is fitted into the normalized output versus
activation graph using linear regression. As weights are one, the slope of
the fitted line is the scale factor. The linear regression standard error is
also calculated and provided as a measure of accuracy in the look-up table.
The user can apply this error along with the observations from the previous
section to favor one combination over others.

If the clipping range is obtained from quantization calibration, the scale
factor can then be converted to clipping range [−β, β] by the following
equation.

β =
26 − 1

2S
(4.11)

The minimum value for the scale factor in the look-up table is 0.00044,
and the maximum is 0.0477. This means clipping ranges between [-660,
660] and [-71590, 71590] are possible. MAC operations results conducted
on DIANA’s AIMC can be in the range of [-72576, 72576] (1152x63) that
almost fit inside the wider clipping range. The smallest possible step size
equals 20.6.

TABLE 3 is a part of the model look-up table. Let’s assume the cali-
bration leads to a layer with a scale equal to 0.01. If the layer can be fitted
in high-index APEs, interconnect delay is insignificant. Thus, the user can
select combination 1, which has a smaller unit time and consequently less
power consumption and higher speed [14]. However, small unit times should
be accompanied by large AIMC active windows for layers that utilize the
low-index APEs to mitigate the interconnect delay error. Combination 5 is
a good choice to reduce the interconnect delay errors at the cost of lower
speed and higher power consumption for layers that use low-index APEs if
increasing the AIMC active window is not an option.

4.5.3. DIANA’s output quantization capability for accepting
calibrated parameters

To validate our method, we use quantization parameters from [60] to execute
ResNet-20 for CIFAR10 and ResNet-18 for ImageNet on AIMC. These pa-
rameters are obtained via two quantization calibration approaches; network-
wide and layer-wise.

In the network-wide quantization, they selected a single scale factor for
the whole network by which the network accuracy is maximized. The
scale factors were 0.031 and 0.018 for Resnet-20 and Resnet-18, respec-
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Table 3. MODEL’s LOOK-UP TABLE EXAMPLE

Nr. Scale Bias Voltage Unit Time [ns] Standard Error

1 0.010264 0.76 80 2.16e−5

2 0.010265 0.63 130 2.08e−5

3 0.010379 0.69 100 2.18e−5

4 0.010419 0.72 90 2.17e−5

5 0.010494 0.62 140 2.05e−5

tively. These scale factors were implementable by DIANA with our model.
Nevertheless, they showed that with layer-wise quantization, in which the
quantization setup is unique in each layer, a 0.5% higher network accuracy
is achievable (90.1% for Resnet 20 and 64.7% for Resnet18). Therefore, we
analyze layer-wise quantization in more detail.

For each layer, we use the look-up table to generate the optimal unit time
and bias voltage for efficiency in DIANA. The first observation is that some
scale factors are beyond the hardware capabilities (e.g., need a higher unit
time). There are different solutions to this problem: during design, one can
either allow a wider range of legal unit times or make changes at the circuital
level, such as reducing the summation line capacitance. Increasing the ADC
resolution is also an option that comes with the power cost. At runtime, it
is possible to execute the computation with half the required scale factor
and multiply the result by two in the digital domain. There is a post-
processing SIMD unit in DIANA that can be utilized for this purpose. Using
post-processing is a power-efficient and straightforward solution. However,
it only mimics the scale factor of the calibrated quantization setup, and
its step size is twice bigger, which can degrade the accuracy. To avoid
this degradation by consuming more power, a scaling unrolling scheme can
increase the obtainable scale factor; if weights and activations are unrolled
twice, it is like a gain of two, and all scale factors in the look-up table
are doubled. Finally, it could be possible to constrain the neural network
training to lower scales, but the viability of this last option is out of the
scope of our work.

To further assess the benefit of using AIMC for ML workloads, we mea-
sured the performance and power consumption for the different workloads
in the ResNet20 and ResNet18, changing the unit time. Fig. 27 shows the
relationship between efficiency/performance and unit time. Longer pulse
widths result in higher power consumption and a slower computation cycle.
The dots on the line represent the mapped scale factors for different lay-
ers. The dots on the extreme right, marked with a star, exceed the macro
operating limits and have been mapped with the highest gain possible.
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In the plots, we reported peak performance and efficiency from the dig-
ital core of DIANA [61] and TinyVers [103], a digital SoC that targets
extreme edge and efficient inference, to compare analog and digital com-
putation paradigms for real workloads. When considering efficiency, the
DIANA analog macro dominates its digital counterparts: only in limited
cases TinyVers is comparable with AIMC but with two orders of magni-
tude degradation in performance. Focusing on performance, TinyVers is
bounded by a 10 MHz clock and low throughput, while DIANA digital
core shows better performance than analog on the early, small layers from
ResNet20. The comparison shows the performance, efficiency, and accu-
racy dilemma. The digital platforms exchange performance and efficiency,
TinyVers in favor of efficiency, and DIANA in favor of performance. AIMC
achieved higher figures in both merits, however, by sacrificing deterministic
computation accuracy. We also noticed that unit time affects performance
and efficiency for the analog macro in different degrees; while performance
can only degrade by a factor of 2, efficiency can decrease by one order of
magnitude when unit time increases over its legal values.

The developed model can translate the calibrated output quantization
parameters into DIANA’s AIMC’s operating points; bias voltage and unit
time. Applying output quantization calibration is essential to achieve high
accuracies. It is shown that DIANA can implement network-wide calibra-
tions reported in the literature [60]. However, The current design needs
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Figure 27. Efficiency and performance of DIANA’s AIMC for different layer
structures along with the digital baselines and mapped output quantization oper-
ating points from [60].
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minor changes to support the higher scale factors that are required for layer-
wise quantizations that offer more accuracy. The overall standard error of
the model is always below 3.4e−4, suggesting good linearity of the DIANA’s
AIMC. However, a nonlinearity adjustment model is proposed that can be
utilized to study AIMC variability impact or in training or compensation.

4.6. Chapter Conclusion

The primary purpose of this chapter was to bridge the gap between the-
oretical works on AIMC output quantization calibration and the practical
difficulties of working with AIMC analog circuits. Hardware imposition of
optimized quantization parameters is important for achieving high accu-
racy. The aim is fulfilled by studying the quantization from both network
and circuit perspectives. The analog gain in AIMCs should be controlled
in order to set the quantization parameters. As a case study, the method
is applied to DIANA’s AIMC output quantization calibration. We coupled
the calibrated quantization parameters with the chip’s operating points that
determine its analog gain in a look-up table. Thus, a dynamic quantization
control on DIANA for implementing layer-wise quantization calibration is
possible by using the look-up table.

It is also learned from the case study that more AIMC analog gain range
improves the control over quantization parameters, enables more quantiza-
tion implementations, and increases the achievable accuracies.

This chapter also spots the design improvement points in DIANA and
suggests solutions. More bias voltage contacts solve the voltage drop prob-
lem, and early saturation is remedied by interconnect delay reduction.
These minor fixes can benefit the chip performance by a significant amount.
The improvement points can be important for other AIMC designs to avoid
the trial and error phase.

DIANA is tailored for drones, which are considerably larger than insect-
scale robots. This chapter has demonstrated that the majority of issues with
DIANA arise when a tuning parameter is used to broaden the chip’s appli-
cation range. While this is essential for drones, it may not be necessary for
insect-scale robots. These robots are intended to be produced in swarms, be
cost-effective, and have a short lifespan. As a result, the need for flexibility
in expanding the application range is not required. A network-specific CNN
inference engine can improve performance and efficiency by optimizing the
circuit for a single network and eliminating auxiliary blocks and function-
alities designed to increase flexibility. Furthermore, data transfer accounts
for a significant portion of the chip’s time and power. In a network-specific
ASIC design, it is feasible to avoid weight data transfer by hardcoding them
into design parameters. Finally, ADCs are the bottleneck in AIMC designs,
although this chapter has offered techniques to optimize these blocks with
calibration.
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Drawing from the lessons learned from DIANA, we will design a new
network-specific CNN inference engine ASIC in the following chapter. The
ASIC design is optimized to process a specific network with the highest
possible efficiency. The network’s weights are embedded in the chip’s tran-
sistor aspect ratios, eliminating the need for weight data transfer. The data
is managed in the analog domain and transferred between layers without
being written to memory. Therefore, there is no need for ADCs as the data
remains in analog format. The innovative chip shows promising results in
meeting the stringent requirements of insect-scale robots.
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5. ANALOG ACCELERATOR FOR INSECT-SCALE
ROBOTS

The previous chapter showed the power of analog computation to mini-
mize the size and power of CNN accelerators. However, scalability and one
solution for all applications are not analog designers’ cups of tea. Ana-
log circuits are not programmable, and the panacea approach does not tap
the full capability of analog computation. A network-specific accelerator
is the optimum analog solution for insect-scale robots with strict payload
limitations.

In this chapter, after reviewing the literature on smart insect-scale
robots, we design an analog accelerator with new designs in architecture
and transistor levels. The designs prioritize efficiency over programmabil-
ity. So, the accelerator will be suitable for insect-scale robot applications.
Considering their small material and fragility, the insect-scale robots will
be disposable or have a short life span. Therefore, programmability is not
only hindering the miniaturizing accelerators but may also be unnecessary.
However, the design has some levels of programmability and flexibility at
the Fully-Connected (FC) layer.

5.1. Introduction

Visual perception constitutes 90% of human brain input [104], and machine
vision is proven to be a disruptive technology in robotics [105]. Convolu-
tional Neural Networks (CNN) are used as a solution to perform machine
vision tasks adapted from the Artificial Intelligence (AI) domain for image
classification problems [106, 107]. It is utilized in robots’ locomotion con-
trol for applications such as obstacle avoidance [108], target detection [109],
foothold selection [110], and trajectory planning [111]. However, CNN-
based onboard locomotion control has only been deployed for relatively
large-scale robots [112] owing to the high-power and area requirements of
CNN processors and the low payload capacity of insect-sized robots [113,
62]. This poses a pressing need to reshape CNN processors for insect-sized
robots in terms of size, weight, and power (SWaP) cost.

5.1.1. Existing solution

Off-board CNN-based visual control. Recent work [112] has demonstrated
the utility of CNN for visual control at the insect scale. A custom-built
low-weight vision sensor is mounted on a flapping wing insect-sized robot.
The images are classified using CNN implementation off-board to make the
robot recognize and repeatably move toward flower images and away from
predator images. nevertheless, owing to the computationally expensive [114]
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CNN algorithms and the payload and power constraints of the robot, the
system is unable to accommodate onboard computation, restricting its field
of operation. Small payload capacity in the order of few hundreds of mil-
ligrams in insect-sized drones [113] and tens of milligrams in ionic electroac-
tive polymer (IEAP)-based robots [62] is prohibitive for power and control
autonomy.

Non-CNN smart control solutions. An insect-sized robot with extended
payload capacity [113] is shown to have enough payload for either power
or sensor autonomy, not both. By shrinking the processor and reducing
the power, Application-Specific Integrated Circuit (ASIC) hardware accel-
erators can improve both control and power autonomy in compliance with
small robots’ low power budget (100 µW to 100 mW for the whole sys-
tem [115]). An autonomous 10-cm glider (MicroGlider) is demonstrated
in [22]. MicroGlider has an audio-based guidance system assisted by an
optic flow ASIC processor. BrainSoC [116] is a central controller designed
for controlling insect-scale flapping-wing robots. It uses hardware accel-
erators for edge sharpening and optical flow. In [115], a Binary Neural
Network (BNN) hardware accelerator is reported to have potential applica-
tions in insect-sized drones. To the authors’ knowledge, no CNN hardware
accelerator has been reported for onboard control of insect-sized robots.

Efficient CNNs with other intended applications for repurposing. Refer-
ences [117, 118, 119] report low power integrations of CNN/BNN first layers
with CMOS Image Sensor (CIS) for always-on devices. Although a camera
and a CNN’s first layer on the same chip reduce the energy-hungry inter-
chip data transfer, a higher level of integration is required to comply with
the restricted requirements of insect-scale robots. Reference [120] shows a
CIS integrated with a full analog convolutional processor for an always-on
image sensor. However, although this reference exploits analog computa-
tion compactness, using capacitors as memory components deteriorates its
performance and hinders its repurposing for insect-sized robots.

Memory wall problem in analog computation. Analog computation rep-
resents each pixel with a single signal (voltage or current) and performs
multiply-accumulate (MAC) operations with approximately one transistor
per input bit. This feature empowers analog computation compared to its
digital counterpart, which needs several gates for each operation. Despite
this advantage, interlayer memories in existing CNN architectures impede
the widespread utilization of analog processors. In a feed-forward CNN,
each layer’s input is the previous layer’s output. Thus, the output fea-
tures of a layer should await the completion of the rest of the features’
map in memory. This leads to massive memory walls between layers. Ana-
log designers can realize these architectures either by several power-hungry
conversions between analog and digital domains to store features in digital
interlayer memories or by implementing slow and error-prone analog mem-
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ories [120, 121], of which neither is appropriate. Pipeline architecture [122]
has been proposed to minimize the memory walls. However, if the output
is analog, it still needs to be either converted into the digital domain to
be stored in the memory, or designers are required to tackle the hassles of
analog memory [123].

5.1.2. Chapter contribution

As the problem arises at the architecture level, a solution should be sought
by an interlevel design in which the algorithm and architecture are selected
or designed for analog computation.

Hybrid design approach. In this work, with a hybrid bottom-up and top-
down design approach, a new architecture is tailored for an optimal analog
computational performance (bottom-up) in which memory is omitted com-
pletely. Then, an algorithm is selected to keep the architecture reasonably
sized (bottom-up) by avoiding overlaps between receptive fields of the out-
put map features while achieving the application requirements (top-down).

Memoryless architecture. The proposed architecture is completely mem-
oryless, i.e., no storing components such as capacitors are used as they slow
down the system by introducing time constants to the circuit, as well as
increasing processing time and energy consumption per image. Therefore,
designs such as [120] that do not have a memory block but use capacitors
to store data after each clock cycle are not considered to be memoryless.

Novel low-power analog circuits. The convolutional processor in this
chapter, based on the new memoryless architecture and novel low-power
analog circuitries (<1.5 nW/image), fits the low power requirement and
complies with the restricted power budget of insect-sized robots.

Our contributions towards the first autonomous insect-sized robot that
will have a single-chip control unit, including a full CNN inference engine,
controller, and CIS are as follows:

• We proposed a new architecture termed Fully-Fused that omits the
need for intermediate memories and ADC/DACs and significantly lessens
the requirements on output ADC.

• Novel circuitries are proposed to realize the Fully-fused architecture,
among them a dual-purpose input DAC/convolution circuitry, which per-
forms both operations with about one transistor per input bit.

• It is shown that the proposed analog convolutional processor is four or-
ders of magnitude more efficient than [120], achieving 46 TOPSPW without
sacrificing accuracy.

The rest of the chapter is organized as follows: Section 5.2 presents
the novel convolutional processor architecture. Then, circuit topology for
each layer is proposed in Section 5.3. Section 5.4 explains the experimental
setup. The interpretation of the results is discussed in Section 5.5, followed
by concluding remarks in Section 5.6.
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Figure 28. Pipeline architecture (a) enough pixels in the buffer for one kernel
operation (red box). (b) kernel operation is done, pixel number 0 is released from
memory to free space for pixel number 8. (c) the process has progressed for six
clocks. (Taken from [122])

5.2. Architecture and Algorithm

5.2.1. Architecture

With contemporary computer architecture, interlayer memory walls are re-
sponsible for the significant area and power dissipation in CNN accelera-
tors [124]. Pipeline architecture was devised to shrink the memory walls be-
tween the intermediate layers [122]. However, it fails to ease the ADC/DAC
requirements. For an ADC/DAC-free accelerator, the circuit should com-
pletely lose the intermediate memories.

Pipeline architecture. In the pipeline architecture, the features are stored
in a buffer awaiting the rest of the array. When there are sufficient features
for a kernel operation in the next layer, the accelerator conducts the opera-
tion. Then, the accelerator discards any used features that are not involved
in forthcoming operations to free up space for new features from the previ-
ous layer (Fig. 28).

Fully-fused architecture. The architecture proposed in this chapter is
based on two additional aspects of pipeline architecture. First, kernel op-
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Figure 29. Proposed fully-fused architecture. Bottom: input layer. Center:
intermediate layer. Top: output layer.

erations are spatial. It means that the order of pixels in the input register
matters. For example, in Fig. 28, if the order of incoming pixels changes to
0, 1, 6, and 7, the number of required buffer registers is reduced to 4. More-
over, when only 4 pixels need to be accessed simultaneously, they could be
obtained concurrently with parallel computation instead of using memory.

Therefore, the first layer throughput is selected equal to the receptive
field of the first feature in the convolutional processor output. Then, the
accelerator conducts parallel computations and provides the intermediate
layers with the required input to produce one feature at the final output.
The throughput then moves to the receptive field of the second output
feature and so forth.

Fig. 29 shows the fully-fused architecture for a small convolutional net-
work with one intermediate layer with stride and kernel size 2 × 2. As only
one output is produced at each clock, the requirements on the output ADC
are also reduced.

5.2.2. LWCNN algorithm

This paper adapts the LightWeight Convolutional Neural Network
(LWCNN) algorithm [120] according to the applied image resolution due
to the reasons stated below:

• The fully-fused architecture has the best efficiency for algorithms in
which the stride and kernel size are equal in each layer. In this condi-
tion, the receptive fields of output features share no pixel. If receptive
fields share pixels, a bigger throughput is needed to prevent redundant
calculations.

• The algorithm consists of only four layers and conforms to the SwaP
cost for insect-sized robotics. The algorithm has been tested success-
fully [120].
The modified LWCNN algorithm is illustrated in Fig. 30. The convo-
lutional processor consists of two convolutional and two pooling layers.
The kernel in each layer is 2×2 with a stride of 2. The last pooling
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Figure 30. LWCNN layer and kernel dimensions abstract visualization.

output is 256 features which are processed in the fully-connected layer
for binary classification.

5.3. Novel analog circuits for CNN accelerator

Two different convolution circuits, two versions of a maximum pooling cir-
cuit, and a fully-connected unit are used to realize the LWCNN algorithm
with the fully-fused architecture. The input circuitry performs both digi-
tal to analog conversion and convolution. The second layer is a modified
voltage-mode MAX circuit. Layer three conducts convolution with a differ-
ential pair-like circuit. And the last layer is again a voltage-based MAX.
The fully-fused architecture requires simultaneous readiness of input for
each layer. Shift registers transfer input pixels to the convolution layer.
Then, 64 convolution blocks in the first layer (CONV1) provide inputs for
16 first pooling layer blocks (POOL1). The output of 16 POOL1 blocks goes
to 4 CONV2 blocks that feed the last layer, POOL2, which produces one
output that is converted to digital and handed to the digital fully-connected
layer. The top-level topology is depicted in Fig. 31.

Figure 31. Top level topology of analog convolutional network.
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5.3.1. Dual-purpose DAC/convolution input circuitry

As mentioned, the power consumption of ADC/DAC blocks is the primary
bottleneck in realizing CNN analog accelerators. Whereas the new fully-
fused architecture omits the intermediate ADC/DAC and reduces the out-
put ADC requirement to one pixel per clock, the proposed input layer pre-
cludes the input DAC as the conversion is carried out concurrently with the
convolution.

Mathematical background. The input layer circuitry is designed consider-
ing that DAC and convolution functionally resemble each other. For DAC,
each bit is multiplied by its weight; then, all the products are summed up
together according to (5.1).

P =

N−1∑
i=0

biWbi (5.1)

In (5.1), bi is the bit value, Wbi is the bit weight, N is the number of
bits used to represent each pixel,and P is the pixel value.

Similarly, convolution results are the summation of all pixel-weights’
products as shown in (5.2):

C =

K−1∑
i=0

PiWPi (5.2)

where C is the convolution output, WPi is the pixel weight, and K is the
number of pixels in a kernel.

By factorization, it is possible to multiply each bit with the product of bit
and pixel weights and then add all the results together, directly obtaining
convolution output:

C =

(N−1)(K−1)∑
i=0

biWni (5.3)

Wn is Wn ×Wb

Circuit realization. The first convolution block is implemented using cur-
rent sources switched by bit values. For each bit, a current source transistor,
e.g., a simple common-source NFET, is placed. The aspect ratios of current
sources are set proportional to Wn of the corresponding bit. The current
sources for bits with negative and positive pixel weights are normally-on
(gates are connected to the Q̄ output of the last flip-flop of input image
shift register) and off (connected to Q output), respectively. Drain currents
of all transistors go to the load transistor, generating a proportional voltage.
Hence, when all bits are zero, there is a neutral voltage (corresponding to
zero) at the output. As any bit turns one, its current source turns on for
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Figure 32. Transistor-level schematic of the input layer circuitry and its output
voltages for all possible convolution values.

bits in pixels with positive weights and off for bits in pixels with negative
weights. So, the output voltage changes proportional to Wn.

Fig. 32 shows the transistor-level implementation of the convolution
block with a kernel size of four 4-bit input pixels. The first and second
digits in the Q subscript indicate the pixel and bit numbers, respectively.
This figure also illustrates the convolution block output. With four 4-bit
data with weights of [-2, -1, 1, 2], the output can have 92 values. The re-
sults are almost linear. It is worth mentioning that in the case of a Relu
activation function, the negative values are disregarded, leading to an even
more linear output. According to the architecture and the algorithm, 64
instances of this block are needed in the input layer. Thus, this part highly
influences the power and area of the circuit.

5.3.2. Pooling circuitry

Pooling (POOL1 and POOL2) blocks are modified versions of the widely
used voltage-mode MAX pooling circuit [120] (see Fig. 33). However, as in
this paper, the first pooling output should be assigned directly to a differ-
ential pair-like circuit; it is essential to have an adequate DC component for
biasing the next stage and have small swinging to maintain the following
circuit in the saturation region. Also, the impedance at the output node
should match the one at the corresponding node of the input branches.
Therefore, three transistors are placed at the output to add more degrees
of freedom in the first pooling layer to meet these requirements (Fig. 33).
The second pooling layer is a standard voltage-mode MAX circuit [125] and
has only one NMOS in the output branch. The waveforms of the output
pooling block are depicted in Fig. 6. The output follows the maximum
input voltage performing the pooling operation.
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Figure 33. The modified voltage-mode MAX circuit and its input and output
waveforms

5.3.3. Second Convolution

A differential pair configuration with two parallel transistors on each side
forms the CONV2 blocks. The schematic diagram is shown in Fig. 34.
NFET aspect ratios and subsequently transconductances are set propor-
tional to the weights. NMOS transistors corresponding to positive and
negative weights are shown on the right and left-hand sides, in Fig. 34, re-
spectively. Therefore, they add or subtract a proportionate current on the
PMOS load transistor. Inputs/output waveforms are illustrated in Fig. 34.
The Output slope in each instance is equal to the weighted sum of the slope
of inputs.

5.3.4. Fully-connected

The digital fully-connected layer is placed after the convolutional processor.
This layer conducts weighted-sum operations on the analog part output to

Figure 34. Second convolution layer Schematic diagram and waveform.
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At each clock cycle, the convolutional processor via an ADC provides
the fully connected layer with one feature. The feature is multiplied by its
corresponding weights and added to the values of two registers attributed
to each class. At the last clock of each image, the fully connected layer
determines the image’s class according to the registers’ values and resets
the registers.

5.4. Experimental Setup

The transistor-level implementation of the proposed circuit is simulated
in TSMC 40nm technology using Cadence Design Suite together with the
Spectre Simulator. Shift registers for input images and the fully-connected
layer are implemented in VHDL and included in the design to evaluate
the final performance and accuracy of the LWCNN with proposed analog
convolutional circuitry for face detection.

The training is carried out by a dedicated script written in Python.
A dataset of 2700 gray-scale images (resolution 256 × 256) consisting of
1000 images of human faces (randomly taken from LFW dataset [126]) and
1700 images of cats and dogs (randomly selected from [127] is used. For
power and memory considerations, all images, in both training and inference
phases, weights, and the ADC are 4-bit.

The obtained weights are embedded into the VHDL of the fully-
connected layer. The inference is conducted in the Cadence Design Suite.
Four hundred fifty images (150 humans and 300 animals from the aforemen-
tioned datasets) are analyzed to attain the system’s accuracy.

5.5. Results

The results of the convolutional network are assessed in two ways. First,
the output of the proposed circuit for an image is compared with its ground
truth obtained with a Python script. The comparison result shows good
conformity: the simulated results and ground truth are visualized side by
side in Fig. 35. It also shows the error distribution. The error for 188 pixels
out of 256 is less than 5%. The mean square error (MSE) of the normalized
values is calculated as 0.007. The error does not affect the final accuracy of
the system.

Then, according to the previous section, the convolutional network is
simulated along with shift registers at the input and an ADC and fully-
connected layer at the output to evaluate and compare the CNN system
performance with cutting-edge accelerators. Table 4 compares the pro-
posed accelerator with state-of-the-art CNN processors [117, 118, 119, 120]
and [128]. This table provides a thorough comparison of different works
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Figure 35. Visualization of simulation results and ground truth with pixels’ error
distribution .

regarding their characteristics of the design (technology, implemented cir-
cuit, and supply voltage) as well as their applications. It also reports the
accuracy of the neural networks with their image resolutions and power and
efficiency of implemented analog circuitry. The efficiency is measured using
a criterion called Tera (MAC) Operation Per Second Per Watt (TOPSPW),
which is the number of (MAC) operations is done in a processor normalized
by power and time to give an unbiased comparison. Shaded columns rep-
resent partial analog implementations of the convolutional processor while
this work and [120] realize a complete analog convolutional processor. Ref-
erences [117] and [119] consume less power than our work. However, they
implement only one layer of network, and the efficiency criterion shows 5-9
times improvement, normalized by network size. In addition, the efficiency
of our work is 23365 times, and the power consumption is 23.9 times better
than [120], which used the same LWCNN algorithm.
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5.6. Chapter Conclusion

The chapter presented a convolutional processor for CNN hardware accel-
eration based on a novel architecture. The proposed Funnel architecture
omits the need for memories and dedicated ADC/DAC stages within the
convolutional processor. A dual-purpose input layer for the convolutional
processor was designed to satiate the accelerator with DAC while also per-
forming convolution with almost a single transistor per input bit. The cir-
cuit performance was compared to that of existing accelerators and showed
competitive performance with significantly less power consumption (<1.5
nW per image) than provided by the state-of-the-art. The achieved com-
putational efficiency in terms of TOPSPW was four orders of magnitude
(more than 20,000 times) higher than the previous implementation of the
LWCNN algorithm. This extremely low power consumption and efficiency
promise to empower insect-sized robots with machine learning and modern
robotic solutions.

Despite all the advantages of analog computing, mainstream processors
are in the digital domain due to flexibility, stability, and easy prototyping.
Thus, the next chapter will try to design a digital accelerator based on the
same memory-less architecture of this chapter. It increases flexibility and
reduces the prototyping cost and time by sacrificing efficiency. Insect-scale
robots vary in shape and application and require different solutions. The
LWCNN in this chapter is efficient for binary classification tasks but cannot
handle more complex problems. The next chapter will also extend LWCNN
and introduce fully-fusible CNNs. An extendable class of CNNs that can
be fused end-to-end.
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6. FFCNN EXTENSION AND FPGA
IMPLEMENTATION

This section is based on the fourth paper in the publications [129].
It is meant to be comprehensive on its own. However, more details
can be found in the article. In the previous chapter, I demonstrated
the efficiency of a memoryless CNN analog accelerator. The accelerator
gained much power and area efficiency from the memoryless architecture
and analog computing. However, its extensibility, amenability to design
automation, and resilience for fabrication mismatches are questionable.

6.1. Introduction

The memoryless architecture of the analog accelerator is very efficient. How-
ever, this funnel-shaped architecture is enabled by the special CNN algo-
rithm. While the CNN performed just well for a face detection task, it
comes up short for more complex applications. Thus, to achieve its maxi-
mum value, funnel architecture should be extendable.

Another limiting factor is associated with the inherent limitations of
analog design. Although analog computing has been demonstrated to be
highly efficient, its development cost is high, and it is prone to mismatches
and second-order effects. Analog computer superiority over their digital
counterparts in device numbers starts vanishing when the device size and
performance tradeoff comes to the calculation, especially in smaller technol-
ogy nodes. Also, analog computers do not enjoy sandbox environments like
FPGAs, which are necessary for rapid prototyping. Therefore, while analog
computing is highly efficient for insect-scale robots, a digital equivalent for
funnel architecture can be beneficial for reducing production time and cost
and prototyping.

Here, I extract the characteristics of LWCNN from the previous chapter
and mix them with innovative techniques to achieve a scalable CNN class
that can be fused end to end. Then, I develop a fully-fusible CNN (FFCNN)
for the Cifar-10 [130] dataset that reaches an acceptable accuracy/network
size ratio. Moreover, I prove the efficiency of digital fully-fused architec-
ture over conventional architecture by developing the LWCNN with both
architectures on an FPGA.

6.2. Fully-Fusible CNN

This section extracts the essence of the LWCNN from the previous chapter
and exploits it to develop the FFCNNs. FFCNNs are a class of CNN that
are extendable and memory-less implementable. They empower us to tackle
more demanding tasks while solving the memory bottleneck problem.
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Fig. 36 uses an analogy to explain why conventional CNNs are not op-
timum for memoryless architectures and why there is a need for FFCNNs.
Overlaps between convolution windows prevent an optimal implementation
of layer fusion as output activations share part of their receptive field. The
layer fusion technique can only handle the shared part at the extra ex-
pense of storage or recalculation. On the other hand, CNN models with
non-overlapping receptive fields can be fused end-to-end without any extra
computation power. They are also most efficient in terms of the economical
use of parameters [131]. In addition, these models are known to be strongly
convex near the global optima [132], and their convergence is guaranteed
[133]. Therefore, there is an opportunity here to redesign not only the hard-
ware architecture to exploit the inter-layer dimension of CNNs and omit the
intermediate memory but also the CNN model structure to optimize the new
layer-fused hardware implementation and alleviate the storage-recalculation
dilemma.

6.2.1. FFCNN Class

FFCNNs are a class of CNN that can be fully fused during the hardware
implementation without needing storage or recalculation of the intermediate
activations in the Feature Extractor (FE). Therefore, FFCNNs have two
characteristics: the kernel size and stride must be equal, and each activation
map can be processed by only one kernel. These characteristics seem to
freeze FFCNNs and prevent their growth. However, we take two reasonable
assumptions to unfreeze the progress with FFCNN.

The first assumption is that the image is read from memory. Thus, the
image is already stored and available upon request without any storage
or recalculation expenses. This allows us to apply multiple kernels with
arbitrary strides on the input layer.

Second, There are accumulator registers at the end of the FE. These
registers enable a multiple-accumulation operation, e.g., convolution or av-
erage pooling, at the last layer of the FE with no restriction on stride or
kernel numbers. This happens because the activation is multiplied by the
corresponding weight and goes to the tied accumulator registers. There,
accumulations are done upon the availability of other operands.

These two assumptions help us to scale FFCNNs up by increasing
branches. The input image process by N kernels. The resulting activa-
tion map of each kernel starts a branch. Branches are then processed by
single non-overlapping kernels. The last layers of branches are stacked over
each other. Now, conducting a convolution or average pooling between the
corresponding activations of branches is possible before sending them to
FC. This last operation is important to keep the dimension of the FC low
while increasing the number of branches.

We design an FFCNN for the CIFAR-10 dataset with these assumptions
in the next subsection.
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Figure 36. A miner game analogy helps us to understand the difference between
FFCNNs and other CNNs. Assume there is a miner game in which your quest is to
find a gym hidden in the last column of a nine-by-nine area with the fewest moves.
You can start from each row without using any move with an elevator (mimicking
the availability of the input image upon request without extra expenses). Then,
you can go straight or diagonal. Each diagonal move costs 1.4 times more than
that of the straight one. You fail if you reach the ninth column without finding the
gym. Assume there is a save option (a surrogate for memory) so you can start over
from the point you saved before after each failure, and your total moves add to the
previous ones. It makes sense to go to some central bases (feature maps), save the
state, and start over from those bases after each failure. The above image shows
an optimum map (CNN) for this scenario (conventional computer architecture).
However, what if there is no save option (memoryless)? The player should start
from the beginning after each failure. The above map is not optimum anymore
for this scenario (memoryless computer architecture) because it does not use the
shortest path to the column nine squares from the beginning. The bottom map
with parallel paths (branches) is optimum now.
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Figure 37. CNN with fully-fusible feature extraction; All kernels are square, and,
Aside from the first layer, all kernel sizes and strides are equal.

6.2.2. FFCNN for Cifar-10

With an empirical approach, we learned that separately processing RGB
channels increases the achievable accuracy by 0.5%. It also reduces the
parameters and operations in the input layer by a factor of 3. Thus, we
divided the number of branches by 4; three divisions are applied on each
RGB channel and one on the full image.

Trial and error also taught us that non-identical branch structures can
improve the FFCNNs’ accuracy. It means that the kernel size in correspond-
ing layers of different branches is not equal. We interpret these results as
kernels with a certain size are suitable for extraction of a specific feature.
So, various branch structures help to extract a wider range of features.

Therefore, we obtained the model structure in Fig. 37. Each channel, as
well as the three-channel image, is processed by N parallel branches with
different structures. The first layers have a stride of one. The following
layers have strides equal to their kernel sizes. The outputs of branches
stack over each other, and an average pooling over corresponding activations
from different branches reduces the activation map dimension by d before
handing it to FC layers.

It is worth mentioning that Fig. 37 abstracts the network structure, and
it is different from its fully-fused implementation. If the network inference
were implemented in hardware with fully-fused architecture, each activation

81



from branches output would be calculated with the layer fusion technique
as described earlier. The activation would then be divided by four and goes
to the tied accumulator registers to the FC layer input activations.

We used 128 branches, so N=32. There are eight different kernel sizes
for the first layer [5, 6, 7, 11, 12, 13, 14, 15], each followed by four specific
branch structures, resulting in 32 unique branches. Table 5 summarizes the
branch structures. Padding is "valid" for all structures except structure 2,
which has "same" padding for the sake of dimension conformity.

Table 5. FFCNN Structure
Layers 2 3 4

Structure 1 2×2 CONV 2×2 CONV 2×2 CONV
Structure 2 3×3 CONV 3×3 CONV NA
Structure 3 2×2 CONV 4×4 CONV NA
Structure 4 4×4 CONV 2×2 CONV NA

The network achieved 78.79% accuracy with only 95552 parameters and
97660 FLOPs. Considering that the network can be fully fused, it shows
excellent results for efficiency in edge devices. The accuracy is acceptable
for the network size. However, this is a pioneer FFCNN. There is a further
area for improvement

6.3. Fully-fused LWCNN

In this section, we implement a fully fusible CNN (LWCNN from the pre-
vious chapter) with a fully fused architecture and the conventional layer-
by-layer architecture. Then, comparing these two implementations demon-
strates the advantages of fully fused implementation of FFCNNs. This work
differs from layer fusion implementations and is necessary for this thesis for
two reasons. First, thanks to FFCNN, layer fusing a CNN end to end
is possible without recalculation. In the previous works, the storage-
recalculation trade-off hampers the deepening of layer fusion. Moreover,
recalculation deteriorates the efficiency and performance, damaging some
layer fusion advantages. FFCNNs, with network-level modifications, allevi-
ate these barriers. Second, our end-to-end fused architecture includes the
FC layer; the activations go through the first FC layer and are stored in
an accumulator register.

6.3.1. LWCNN model

The LWCNN model architecture used in this paper is depicted in Fig. 38.
Each convolution (CONV) and max pooling layer has one 2x2 kernel with a
stride of two. The Dataset compromises 2700 256×256 grayscale images, of
which 1000 contain a human face, randomly taken from the LFW dataset
[134]. The grayscale image stays in one channel and halves in dimension
from one layer to the next. Finally, activations are flattened and go to
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Figure 38. Model architecture of LWCNN; the gray area is the receptive field of
the first activation in FC. The area slides right and then down without overlapping
for the subsequent FC activations.

an FC layer, categorized into two classes. The network has a real-world
application in always-on image sensors [135].

LWCNN Data Flow for Layer Fusion. The first activation in the FC
layer projects a 16×16 receptive field on the top right of the input layer.
The receptive field is the gray area in Fig. 38. These 256 activations should
parallelly be processed to produce 16 input activations for layer Conv2. The
process is repeated by processing 16 activations in Conv2 and providing one
activation for the FC layer. The activation is multiplied by its corresponding
weights and goes to two accumulator registers assigned to each class. The
gray window then moves 16 pixels to the right to produce the second FC
activation. This technique omits the memory arrays between all layers,
including convolution and FC.

The absence of overlap between the receptive fields of different FC ac-
tivations, i.e., equal stride and kernel size and single kernel for each layer,
enabled the layer fusion without storage or recalculation. In the next sub-
section, we optimize LWCNN for activations and FC weights bit-width and
implement it on an FPGA.

6.3.2. Bit-width Optimization and FPGA Implementation of Fused
LWCNN

In this section, we first optimize the bit-with of different data in LWCNN
for accuracy, efficiency, and utilization. Then, we implement the optimized
network on an FPGA. We use a Z-turn high-performance Single Board
Computer (SBC) built around the Zynq-7020 All Programmable System-
on-Chip (SoC), including XC7Z020CLG400-1 FPGA.

Bit-Width Optimization. This part presents the bit-width optimization
conducted on LWCNN for hardware design and implementation. First,
we explore design space over various bit-widths for output activations of
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Figure 39. Accuracy exploration of LWCNN for different bit widths of CONV
layers’ activation outputs and weights in FC. Each line indicates the accuracy
achieved by an FC weight bit-width for the different first-layer and second-layer
activation bit-widths. The first layer’s bit-widths are indicated on the top and
divided by colors, while the second layer’s bit-widths are on the bottom axis.

CONVs and FC weights in a Python simulation. Thereafter, we implement
the selected designs of LWCNN in VHDL for FPGA optimization regarding
power consumption and resource utilization.

The inputs of LWCNN are 4-bit integers, and CONV filters are integers
between -2 and +2. Fig 39 illustrates the accuracy for all 17 possible
bit-width combinations for output activations of CONV layers while FC
weights are quantized in 1 to 4 bits. It can be observed that, first, reducing
FC weights down to one bit does not remarkably affect the accuracy, and
second, some configurations achieve full-precision accuracy.

Thereafter, six configurations with the highest accuracies are selected
for VHDL implementation to compare them in power consumption and
resource utilization. All chosen configurations have binary FC weights, as
this does not degrade the accuracy and notably boosts the performance. In
VHDL, the FE is implemented in combinational logic processing one 16×16
array of an image in one clock cycle and outputs a single activation which
is stored in a register.

FC layer multiplies the activation with its corresponding weights for each
class. The outputs then go to accumulator registers assigned to their tied
classes. The classification result is determined by the register with a higher
value. All configurations are synthesized in Xilinx Vivado V2021.2 for the
mentioned FPGA to obtain power and utilization reports.

Fig. 40 indicates the classification error, power, and resource utilization
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Figure 40. Power, utilization, and error for configurations with acceptable accu-
racy

Figure 41. Figure of merit comparison of selected configurations

for implemented configurations. To select the optimal design point, a Fig-
ure of Merit FoM = accuracy2

power×utilization is defined as an indicator of overall
efficiency. Fig. 41 compares the FoM for all configurations. As a result, we
implement and run the configuration with 6, 7, and 1 bit-width for first and
second layers CONV output activations and FC weights, respectively, on
the mentioned SCB. The accuracy of the selected LWCNN is 88.67%, the
same as the full-precision LWCNN.

FPGA Implementation. In this part, the LWCNN implementation re-
sults are presented. We have designed a full implementation of the inference
of the optimized LWCNN for the Z-turn board.
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We also implemented the conventional architecture that includes memory
components for activation maps as a comparison baseline. The conventional
architecture finishes the processing of one layer to completion and stores
its entire output activation map in memory before starting the next layer.
Considering the inefficiency of utilizing off-chip memory, first, we considered
utilizing on-chip memories. However, the available BRAM on the FPGA
was 36 Kb while LWCNN requires 103 Kb on-chip memory (considering the
number of output activations of each layer). Therefore, we designed it by
the use of LUTs of the FPGA.

In our LWCNN design, we have leveraged DMA and DDR through AXI
interconnect to transfer and store the input images to FPGA. The results
of synthesis, implementation, and execution of the inference for one image
on the board are reported in Table 6. As observed, the conventional archi-
tecture cannot fit on the FPGA. Thus, the execution time is not obtained.
Whereas, the fused LWCNN is implemented on the board. DMA takes the
main execution time for transferring the input image. As indicated, our
Fused LWCNN requires significantly less resource utilization, namely, 204.1
times fewer LUTs, and 7.1 times fewer registers of the FPGA.

Table 6. Results of FPGA implementation

LUT Register Memory Power Execution
time

Fused
LWCNN 9.2% 4.53% 1.43% 1.698 W 1.384 sec

Conventional
Architecture 1878% 32.39% 1.43% 1.920 W ND

6.4. Chapter Conclusion

With a network-hardware co-design approach, this chapter modified the
network and hardware so that end-to-end fusion of a CNN became possible
without storage or recalculation of intermediate activations. On the net-
work side, we contributed by introducing a new class of CNNs, FFCNNs,
that empowered fully-fused architectures in hardware. In hardware, we
redesigned the last fused layer, enabling FFCNNs to grow further.

As support for our approach, we showcased a fully-fused implementa-
tion of an LWCNN. The fully-fused implementation was able to shrink the
size of the hardware to fit it on our board without off-chip memory, which
was impossible with the conventional architecture. We also displayed that
FFCNNs are scalable. We designed an FFCNN for the CIFAR-10 classifica-
tion task that achieved 78.79% accuracy with a model size suitable for edge
application. This pioneering design promises more advanced FFCNNs will
increase the capability of edge AI by rectifying the off-chip memory problem
that eventually can be used in restricted size and weight applications such
as insect-scale robotics.
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7. CONCLUSION

Insect-scale robots are tiny machines that mimic the capabilities of insects,
such as flying, jumping, and crawling. They have numerous applications
in swarm robotics, including search and rescue, confined place inspection,
and space or deep-sea exploration. Due to their small form factor and their
potential low fabrication cost, they can revolutionize the field of robotics
by enabling new modes of locomotion, sensing, communication, and intelli-
gence.

Despite the potential applications, insect-scale robots are still under de-
velopment. There are many areas that need more research, such as the
design, fabrication, power, and control of these tiny machines. One of the
promising technologies for crawling insect-scale robots is the use of IEAP-
based soft actuators, which are bio-compatible, easy to manufacture, com-
pliant with confined environments, and capable of actuation-sensing inte-
gration. However, there is not enough information and operational models
of them in the literature regarding their incorporation into robots. Addi-
tionally, the control autonomy of insect-scale robots is limited by the power
and area of the electronic controller, which poses significant challenges for
achieving autonomous and long-range locomotion.

This thesis proposed a new method for IEAP actuator modeling. The
lumped element approach modeled the IEAP actuators as an LTI system in
the Laplace domain, compatible with control and circuit theory. The model
has the following advantages:

• The LTI Laplace model reduces the computational cost and complex-
ity. The computational power of insect-scale robots is limited by their
restriction on payload and power.

• The model is easy to obtain for different actuators. We only need
to analyze the actuator step response to acquire its actuator-specific
model. IEAP actuators are slightly different from one another due to
their fabrication procedure, and they are needed in large quantities in
a swarm application. Therefore, the easy development of an actuator-
specific model is very important for IEAP actuators in insect-scale
robots.

• The model incorporates the loading effect. As the actuator in robots
rarely operates unloaded, the loading effect is of utmost importance.
The loading effect is also linearized and obtained empirically to ease
its application.

The model of our under-test actuator shows that it is able to move a very
small payload. Nonetheless, we spot robot morphologies in which the pay-
load is carried in a wheeled loading platform, and multiple actuators drive
the platform to increase the loading capacity.
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In the control part, we tried to design a low-power and small convolu-
tional neural network hardware accelerator to comply with the strict lim-
itations of insect-scale robots. We reviewed the AIMC paradigm in the
literature of other low-power applications. Studying SOA AIMC ASICs,
we spotted the opportunities and challenges in reducing power consump-
tion. Using these insights, we came up with the fully-fused architecture
that fuses the network layers to each other to remove the memory usage be-
tween the layers. The fully-fused architecture is enabled by an innovation
in the network end, FFCNNs. We designed two accelerators based on this
architecture and network-hardware codesign.

Our first accelerator used the analog domain. The fully-fused architec-
ture eliminated the need for energy-hungry ADCs and DACs between the
layers. The design was simulated at the transistor level and reached 92% ac-
curacy with four orders of magnitude higher efficiency. Later, we developed
the second accelerator on an FPGA. We implemented two accelerators with
fully-fused and conventional architectures on an FPGA to compare their
performances. The results showed the superiority of our fully-fused archi-
tecture in terms of utilization and power, regardless of the implementation
method. The fully-fused architecture is a result of our network-hardware
codesign approach. The network-end counterpart of this architecture is
FFCNNs. FFCNNs have a network structure that allows complete omis-
sion of inter-layer memory usage.

In this thesis, we covered a vast area of the multidisciplinary field of
insect-scale robots. We investigated the alternative materials and concepts
for their actuator design. However, we focused mostly on the on-board
visual control of the miniaturized robots. The network-hardware codesign
approach in this thesis exploited any opportunities on each side to optimize
the system, considering the constraints and trade-offs on the other side.
This approach achieved high efficiency and performance for the insect-scale
robots. As the next steps, one can design the robot body according to
our IEAP actuator model and integrate it with an ASIC designed with the
novel FFCNN and fully-fused architecture presented in this chapter. This
would pave the way for the realization of autonomous insect-scale robots
with onboard intelligent visual control.
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SUMMARY IN ESTONIAN

Madala võimsusega närvivõrgupõhised juhtimis- ja
aktiveerimislahendused putukamõõtmeliste robotite jaoks

Putukasuurustel robotitel on tohutu potentsiaal rakendusteks mitmetes
valdkondades, nagu raskesti ligipääsetavate kohtade kaugkontrolliks, kesk-
konnaseire andmete kogumiseks, otsingu- ja päästetöödeks loodusõnnetus-
te järel ning kosmose ja süvameresondluseks. Nende väiksus nõuab mini-
maalset materjaliresurssi, muutes need kulutõhusaks ja lihtsaks tootmiseks
ja kasutamiseks parvedes. Seega sobivad nad ideaalselt ülesanneteks, mis
nõuavad autonoomse tegutsemise korral suure ala katmist.

Siiski on putukasuuruste robotite võimsus- ja juhtimisautonoomia saavu-
tamine endiselt keeruline ülesanne. Lendavate minirobotite poolt kasutata-
vatel piesoelektrilistel ajurmehhanismidel on vaja märkimisväärset energia-
kogust, mis ületab putukasuuruste robotite minimaalse kandevõime. Lisaks
tarbivad juhtimisautonoomiaks vajalikud elektroonikaseadmed mitte ainult
märkimisväärselt energiat, vaid suurendavad ka roboti kaalu. Seetõttu on
putukasuurused robotid varustatud toite- ja juhtimisallikaga, mis piirab olu-
liselt nende tegevusväljundit.

Käesolev väitekiri pakub uuendusliku viisi, kuidas võimaldada putuka-
suurustel robotitel saavutada võimsusautonoomia, kasutades alternatiivseid
ajuritüüpe ja vähem energiat tarbivaid uusi arvutuskiipe. Ioonilistel elekt-
roaktiivsetel polümeeridel põhinevad pehmed ajurid on putukasuuruste ro-
botite liikumise jaoks teostatav väikese energiatarbega alternatiiv, mis aitab
vähendada energiatarvet, lubades robotil lendamise asemel aeglaselt rooma-
ta. Mudeldame neid ajureid roboti perspektiivist Laplace’i domeenis. Sa-
muti kasutame hübriidset võrgu-riistvara kaasprojekteerimise lähenemist,
et projekteerida uusi rakendusspetsiifilisi integraalskeeme konvolutsiooni-
lise närvivõrgu kiirendamiseks, võimaldades miniatuursel robotil teostada
visuaalset juhtimist. Need disainid hõlmavad uusi riistvararhitektuure, võr-
gustruktuure ja arvutuslikke tehnikaid, mis aitavad vähendada energiatar-
vet. Üks käesolevas väitekirjas esitatud kiirenditest sooritas klassifitseeri-
mise energiatarbega vähem kui 1,5 nW pildi kohta. Käesoleva väitekirja tu-
lemused sillutavad teed tulevasele uurimistööle ja arendusele autonoomsete
putukasuuruste robotite alal.
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