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Based on current developments in soft electronics, 

artificial intelligence, energy storage and harvesting 

strategies, and manufacturing technologies, this article 

presents how advances in several fields can unite to 

create an intelligent robotic system and predicts how 

close we are to the cognizant, socially aware robot.

The sci-fi film Blade Runner, made almost 50 years 
ago, depicts a futuristic yet evocative scene that 
would hypothetically happen, according to the 
director’s prediction at that time: in the year 

2019, bioengineered humanoids, humanlike robots called 
replicants, can be massively produced using the latest 

science and technology combining biotechnology, genetic 
engineering, cybernetics, and artificial intelligence. Able 
to think like a human and behave like a human, possess-
ing human feelings, emotions, and memories of the past, 
they have been massively deployed and integrated into 
human society, performing social duties and forming rela-
tionships with others just as a normal human would. The 
lines between humans and replicants become so blurred 
that distinguishing between the two becomes a specialty 
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that requires specialized training; 
without it, it is even impossible for the 
replicants themselves to tell one from 
another or to recognize themselves as 
replicants or not.

What was in the director’s mind is 
possibly the all-time dream of many in 
the robotics community. No doubt there 
have been significant and transforma-
tive advances in robotics, but looking at 
the current state of the art, it is obvious 
that the director has been way too opti-
mistic. In 2025, we have robots that look 
like humans and other animals, but 
we are still far from achieving human-
oids that can perfectly “replicate” the 
human. Even creating a robot that can 
perform certain tasks safely and auton-
omously in a dynamic and unstruc-
tured environment without humans’ 
intervention is a big challenge, not to 
mention the development of humanlike 
intelligence, self-awareness and aware-
ness of the world, rationalities, irratio-
nalities, and emotions, some of which 
are believed to be uniquely possessed by 
living beings. Nevertheless, from where 
we stand today, it is thought-provoking 
to look back at the state of the art in the 
relevant disciplines and the trajectory 
of robotics advances and to predict the 

near-term and midterm future land-
scape toward the realization of a qual-
ified “cognizant humanoid” that can 
mimic human perception, intelligence, 
and even emotion at a decent level.

SENSORS AND ACTUATORS

Sensors
People in the past believed that 
humans have five basic senses: sight, 
touch, hearing, smell, and taste. Over 
time, research has started to explore 
some more. For humanoid robots 
today, we primarily rely on visual; 
auditory1,2; and, particularly in recent 
years, tactile sensing.3 Indeed, there 
have been robotics related studies on 
smell and taste sensors,4 but they are 
not as mature as the other three modal-
ities. To give a few exemplary advance-
ments, research on tactile sensors has 
evolved from being distributed in cer-
tain critical regions to the whole-body 
scale. The large-area distribution of 
tactile sensors, also termed electronic 
skin, has been applied in several 
humanoid platforms such as iCub and 
ASIMO,5 providing crucial informa-
tion for human–machine interaction.6 
Vision-based sensors, including RGB 

and depth cameras, have been widely 
used in robotic systems to obtain 
visual input data. Recent advances in 
flexible electronics have also enabled 
the development of an electronic nose 
responding to various odors with clas-
sification capabilities. However, these 
demonstrations are comparatively 
limited, especially in the humanoid 
robot context.

That said, even for the popularly 
studied sensing modalities we are inte-
grating in humanoids, their sensor 
density remains far below that of the 
human body. For example, we humans 
have ~100,000 to 400,000 mechanore-
ceptors located at different depths in 
the skin, responding to tactile inputs of 
different frequencies, adapting to the 
environment with different time con-
stants. Additionally, there are thermo-
receptors and nociceptors that allow 
us to sense temperature and pain, 
respectively. These receptors spec-
ify in different aspects of touch, each 
with different receptive fields. Collec-
tively, they help capture the rich tactile 
information and contribute to forming 
a holistic, dynamic perception of the 
environment. Today, even the most 
advanced humanoid robots are unable 
to integrate such a large number of tac-
tile sensors on the robot’s outer sur-
face, which is only the first step toward 
replicating the human skin. This is due 
not only to the technical challenges 
of sensor fabrication but also to how 
they can be assembled or integrated 
to work together with ultralow power 
consumption and data transmission 
latency (Figure 1). This is likely to be 
one of the focuses of sensor studies in 
the future.

The integration of sensors of dif-
ferent modalities has created the need 
for sensor fusion. Currently, the robot-
ics community addresses this aspect 

FIGURE 1. Multimodal solar skin performs sensing and energy generating functionalities. 
(Source: Chirila et al.,7 used with permission.)
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using model-based approaches such 
as Kalman filters, as well as machine 
learning-based, data-driven techniques. 
While these methods have proven to 
be effective, they introduce a certain 
amount of latency that may not be 
desirable in many time-critical appli-
cations such as telerobotic surgery. 
In this respect, a combination of cen-
tralized and decentralized fusion, 
based on both hardware and software 
approaches, may be promising in the 
future, as will be discussed later.

Actuators
Animals have muscles covering the 
body, whose contraction or expansion 
produces movements. The touch-re-
lated receptors are integrated seam-
lessly with the muscles to provide 
feedback related to movements and 
the sense of space. Similarly, robots 
also need actuators that are tightly 
coupled with touch sensors. In many 
robotic systems, their locomotion 
is achieved using actuators such as 
miniaturized rotary or linear motors. 
Unlike natural muscles, these motors 
are usually stiff and rigid and show 
compromises between resolution and 
range. Recent studies on soft mate-
rials and shape memory alloys have 
fostered the development in artifi-
cial muscles.8 They are soft and flex-
ible and can even be programmed to 
be more adaptive than the muscles 
of the organism. Advances in this 
direction have led to progress in soft 
robotics, exoskeletons, rehabilita-
tion devices, etc. While these explo-
rations continue, what is missing is 
how to control the actuators in an effi-
cient manner, using ultralow power 
consumption, and if the need arises, 
to respond in an ultrafast manner. 
In nature, there are many examples 
showing synergistic integration of 

sensing, actuating, and computing in 
living beings, which has inspired bio-
mimetic robotics studies.9

COMPUTING HARDWARE
Computing capability is critical 
for robots. It has been predicted by  
Moravec40 a computing capacity of 20 
thousand million instructions per sec-
ond (MIPS, an old way to measure a 
computer’s speed) could allow a robot 
to perform simple tasks, 100 thou-
sand MIPS for reinforcement learning 
from the environment, 5 million MIPS 
for mental rehearsal, and 100 million 
MIPS for abstraction and generaliza-
tion. While the total amount of com-
putational resources is important, how 
those resources are allocated and used 
is also important as they need to be 
coordinated with the sensors and actu-
ators to allow efficient interaction with 
the environment.

Algorithms and learning rules
Until now, computing in robotics has 
mainly relied on software methods 
that use a general-purpose computing 
platform to run various algorithms to 
process the sensory data to form percep-
tions. For example, convolutional neu-
ral networks have been widely used to 
process the visual data for tasks such as 
image recognition, simultaneous local-
ization and mapping has been used to 
create an internal map of the environ-
ment, and spiking neural networks have 
also been used to process tactile and 
sometimes visual data. Usually, these 
algorithms are run on a general com-
puting platform (for example, a micro-
controller or microprocessor), and they 
induce significant data latency, which 
can easily accumulate to minutes. Com-
pared with human reaction time, they 
are far too slow. This highlights the 
need for a new computing paradigm in 

both the hardware architecture and the 
computing algorithm.

A more fundamental question is 
how we can achieve perception and 
develop intelligence in machines 
like we humans do. To this end, the 
development of neuroscience stud-
ies has greatly inspired the develop-
ment of neurorobotics. For humans 
and other organisms, the most well-
known learning rule discovered in 
the biological nervous system is the 
spiking-time-dependent plasticity. 
This allows the formation of cor-
relation between external stimuli 
and internal representations. Stud-
ies have been carried out that lever-
age such a learning rule to perform 
several tasks, including arm con-
trolling,10 navigation,11 categoriza-
tion, and decision making.12

Being one of the most well-known 
learning rules in neuroscience, it 
is a local rule that largely relies on 
coincidence. On top of this, there is 
also a mechanism that modulates 
the synaptic plasticity based on 
environmental feedback: the three- 
factor learning. Indeed, there are 
also many other learning rules dis-
covered from living beings, and it is a 
still-developing research area. In fact, 
such biologically observed learning 
rules have already been implemented 
in robotics as may be noted from pre-
vious reports.11,13

Although emulating these cellu-
lar-level biological learning rules in 
robotics is important, it is somewhat 
still distant from realizing an embod-
ied system that generates perception 
like humans. Historically, perception 
has been viewed as an active interpre-
tation of sensory input, a view cham-
pioned by Hermann von Helmholtz, 
who proposed that the brain infers 
the causes of sensory data through 
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probabilistic reasoning. The close 
linkage of sensation and perception 
is now well accepted, but some neu-
roscientists argue that the formation 
of perception is more of a top-down 
generative process14: the brain gener-
ates the understanding of the world 
and constantly updates it by using the 
external sensory inputs, for example, 
the predictive coding. In this context, 
the cellular level of biological learn-
ing has more concrete meanings. For 
example, the three-factor learning 
mentioned above has been suggested 
to govern the precision level of the 
environment and adjust the “learning 
rate” of the internal world.15 Such an 
understanding has been implemented 
by roboticists to develop cognitive 
robots.16 Distributed adaptive control 
theory has also been developed, which 
aims to establish connection between 
brain and body (that is, embodied intel-
ligence) by answering four fundamen-
tal questions: why, what, where, and 
when, the H4W problem.17 This hier-
archical control framework leverages 
the Hebbian-like learning rule with 
the prediction term, which provides 
the system-level control to the famous 
local biological learning rule. Prelimi-
nary exploration on emotion-involved 
neural networks (for example, affective 
computing, emotion modeling, and 
emotion-influenced AI) has also been 
carried out in the past decades, which 
has served as the basis to create artifi-
cial emotion circuits.18

Compa red w it h t he neurosci-
ence-based model, another direction 
worthy of mention is symbolic AI 
and the cognitive and social models 
based on this. A famous example is 
the Kismet from MIT, whose synthetic 
nervous system functionally mim-
ics infants’ cognition and emotion.19 
Other models worthy of mentioning 

include adaptive control of thought—
rational,20 distributed integrated 
affect reflection and cognition,21 and 
more. These classic cognitive archi-
tectures have notably contributed to 
the development of social robots. Fur-
thermore, combining symbolic and 
neuroscience-based approaches can 
effectively reduce the amount of com-
puting resources required.

Hardware implementation
Implementation of various algorithms 
in hardware is attractive as this drasti-
cally decreases the data and computing 
latency (usually down to microseconds 
or even lower). In robotics, there have 
been many such research works, where 
the very large-scale hardware neural 
network or other algorithms act as the 
brain equivalent for robots.22 While 
such a solution has clear advantages 
over the software-based approaches, 
in the current form of implementation 
it is still more suitable for centralized 
computing, as for vision sensing, and 
is not suitable for large-area distribu-
tion, as needed for electronic skin or 
tactile sensing. In the latter case, the 
computing resources need to be inte-
grated with sensors and actuators. 
Considering the large number of tactile 
sensors and actuators distributed over 
the body, this unavoidably upscales 
the size of input and output data, thus 
quickly overloading the data transmis-
sion channels (having limited band-
width) among the sensing, actuating, 
and computing hardware. As a result, 
considerable delay can be experienced 
between sensing and actuation if tra-
ditional computing hardware is to be 
used. This is where decentralized com-
puting becomes attractive.

In fact, decentralized computing 
has been widely observed in biology. 
For instance, distributed computing 

has been found to be one key strategy 
for handling large amounts of tactile 
data. The perception of the edge ori-
entation of an object in contact takes 
place at the skin itself, owing to the 
location-specific tactile sensing char-
acteristics inside the receptive field of 
sensory neuron and the soft nature of 
the skin, which deforms during con-
tact.23 This inspires the development 
of distributed hardware that can pro-
cess and scale down the large touch 
sensing data collected from the whole 
body, by using the near-sensors com-
puting (or edge computing), before the 
data are transmitted to the higher per-
ceptual level.

The decentralized strategy has also 
been widely observed in biology to 
form localized sensorimotor correla-
tions. Simple insects like locusts have 
shown localized correlations criti-
cal for various biological phenomena 
such as grooming; gap crossing; and 
danger escape, which requires a fast 
response.24 Human bodies exhibit 
the patellar reflex, which is controlled 
by a low level of spinal cord and not 
influenced by higher levels of the ner-
vous system (that is, the brain).25 The 
fast responsive knee reflex is critical 
in posture and balance maintaining. 
These examples show how organ-
isms reduce computation latency 
and power consumption and obtain a 
fast-responding system by offloading 
computation to the periphery.

Novel neuromorphic devices
Although it is still at a very early 
stage, realizing decentralized com-
puting using suitable hardware has 
drawn increasing attention over the 
past decade. To this end, one direc-
tion worthy of mention is the develop-
ment of novel neuromorphic devices, 
such as memristors and synaptic 
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transistors.26,27 These devices exploit 
the rich electronic behavior arising 
from new materials and nanoscale 
interfaces, thereby enabling the emu-
lation of the functionality of neurons 
and synapses using either a single 
device or a highly concise circuit. They 
can also be developed on a flexible 
substrate, as well as large areas. This 
serves as the basis for the realization 
of decentralized computing as the dis-
tribution of computing near the sen-
sor end in humanoid robots, where 
the mechanical conformability on the 
curved surface is required.

While these novel devices represent 
novel analog computing paradigms 
and are far less mature for technol-
ogy uptake, we could also actively 
explore other material-based transis-
tors, such as organic semiconductors, 
metal oxides,28 carbon nanotubes, 
2D transition metal dichalcogenides, 
etc.26,29 To this end, a critical aspect 
is the simplicity of the design so that 
the targeted circuits and systems can 
be implemented using these emerging 
technologies of a lower technological 
readiness level.

Weightless neural networks
One direction worthy of mention is 
the weightless neural network (WNN). 
The WNN is a special class of neu-
ral model,30 which is inspired by the 
dendritic trees of biological neurons. 
WNNs do not use weights to deter-
mine their responses. Instead, they 
concatenate inputs to form an address 
and perform a lookup table to deter-
mine the response. With only one or 
a few layers, WNNs are inherently 
low power and significantly solve 
the inference latency problem. They 
have been implemented in hardware 
using field programmable gate arrays 
(FPGAs)30 or application specific 

integrated circuits.31 They can also 
be implemented with logic gates in 
combinational form31 or with f lip-
flops or lookup tables (Figure 2).30 
Deep neural networks have been very 
successful employing training based 
on gradients, adjusting the coeffi-
cients (weights) in the model based 
on the error between the predicted 
and actual outputs. Binary values and 
lookup tables are not differentiable, 
but important advances have hap-
pened in recent years on approximate 
differentiations of binary and lookup 
tables.30,32 WNNs have not received 
much attention in the past due to their 
low accuracy. However, recent results 
provide interesting solutions. For 
example, FPGA prototypes of WNNs 
with counting bloom filters, arith-
metic-free hashing, and bleaching 
consume 85%–99% fewer cycles and 
80%–95% less energy compared with 
convolutional neural networks and 
multilayer perceptrons of the same 
accuracy.30 These WNNs yielded 10 
times inferences/Joule on a keyword 
spotting dataset with 105,829 utter-
ances from 2,618 speakers, compared 
with industry-grade binarized neural 
network models of iso-accuracy cre-
ated using AMD/Xilinx FINN.33 The 

hardware implementation of WNNs 
requires a much lower number of 
transistors, which means fabrication 
complexity is much lower and can be 
attempted using non-CMOS Si-based 
technology on flexible substrates. This 
may be a possible venue for localized 
computing using tiny intelligent cir-
cuits that are possible because of these 
emerging shallow neural networks.

Reviewing the development in 
centralized and decentralized com-
puting, we would like to argue that 
they largely complement each other, 
and the future humanoid system may 
require both to coordinate the sen-
sory input and motor output, just as 
observed with the central nervous sys-
tem and the peripheral nervous sys-
tem in our human body. Decentralized 
computing mainly deals with simple 
tasks but requires a fast response time. 
Several reflex-based sensorimotor 
correlations listed above can be vivid 
examples. On the other hand, central-
ized computing is more powerful but 
induces more data transmission and 
processing, thus inducing a longer 
latency time. They can be responsible 
for high-level planning such as deci-
sion making, reasoning, task manage-
ment, and more. There are also several 

FIGURE 2. A diagram showing the flow of the WNN.
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aspects that should be handled using 
both manners. For example, social 
behaviors and humanlike emotions 
involve not only high-level cognitive 
processes but also the real-time genera-
tion of facial expressions and body lan-
guage. The former is more relevant for 
centralized computing, while the lat-
ter is more relevant for decentralized 
computing. With respect to employing 
emerging devices to emulate emotion 
generation and decision-making pro-
cesses, some preliminary attempts 
have been made,18 although further 
studies in neuroscience and robotics 
are very much needed.

ENERGY
Given the evolution of electric vehi-
cles, it is possible that the main energy 
source for humanoids and other mobile 
robots in the future will also be based 
on batteries, thanks to their large 
energy density and mature manufac-
turing technology. However, it is also 

very possible that this will be comple-
mented by many other types of energy 
sources, such as solar, wind, wireless 
transfer of power, etc. Energy har-
vesting may also be applied in robotic 
systems such as triboelectric, thermal 
electric, etc. These novel and light-
weight energy sources will be particu-
larly important for prolonged outdoor 
operations and for those soft robots.

It is interesting to predict the power 
consumption of cognizant and socially 
aware robots. The power consumption 
of conventional robots largely depends 
on their size and applications. It can 
vary between tens of watts and kilo-
watts. For example, a 3D-printed hand 
that can perform sensing and actuat-
ing functions shows a power consump-
tion of ~10 W, mostly contributed by 
the actuators.34 In a social robot, more 
distributed sensors and actuators are 
needed, along with the neural circuit 
that is responsible for cognition and 
social interaction. In this regard, the 

power requirement will be consider-
ably higher. However, if we only con-
sider the power consumption of the 
neural circuits responsible for primi-
tive cognition and social interaction, it 
may not result in a significant increase 
i n power con su mpt ion. Mem r is-
tor-based systems have been demon-
strated, consuming possibly only a few 
watts of power. Further optimization 
could reduce power consumption 
even more.

MANUFACTURING
Thus far, the main workhorses of 
computing and communications are 
Si chips based on CMOS technology. 
They are mature, reliable, and deeply 
embedded in almost every aspect of 
society. Robots such as humanoids 
also require many soft components, 
such as the above-mentioned tactile 
sensors, artificial muscles, distributed 
computing hardware with flexible and 
stretchable form factors, and so on. 

FIGURE 3. Manufacturing a flexible hybrid system using printing techniques. (a) The roll-to-roll manufacturing of a flexible, 3D hybrid 
system using printing. (Source: Liu et al.,29 used with permission.) (b) A prototype showing a heterogeneously integrated flexible elec-
tronic skin. (Source: Dahiya et al.,36 used with permission.)
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Such features require nonstandard 
manufacturing routes as Si chips are 
rigid and stiff. The ecological footprint 
of the traditional lithography-based 
route for the fabrication of Si chips is 
another challenge. For this, printed 
electronics is a promising alternative 
as desired components can be devel-
oped in a drop-on-demand manner 
(Figure 3). It is also compatible with 
various polymeric substrates because 
of the possibility of printing sensitive 
layers at room temperatures. In con-
trast to lithography-based processes, 
printing is a purely additive process 
with significantly lower energy, water, 
and chemical solvent consumption. 
In this sense, printed electronics 
has great potential for environmen-
tally friendly and resource-efficient 
production.29

Although various case studies of 
printed sensors, actuators, and tran-
sistors have been reported, they have 
limitations compared with those man-
ufactured using conventional technol-
ogies. The limitations are in terms of 
minimum feature size, density, perfor-
mance, etc. For example, even with the 
most advanced printing technologies, 
transistors still have dimensions no 
smaller than the submicrometer scale. 
This is close to the process node in Si 
CMOS three to four decades ago. Look-
ing to the future, it is optimistic to pre-
dict that the size and performance of 
printed devices, particularly printed 
transistors, will follow the trajectory 
of traditional electronics but perhaps 
at a much slower pace.

Today we talk about Industry 
5.0, where robots will work 
closely with humans, autono-

mously and intelligently performing 
various duplicative tasks. Like the 

rapid development and deployment of 
personal computers in almost every 
household in the past few decades, it 
is predicted that robots may follow a 
similar trajectory in the next decade 
or two. For those robots with intel-
ligence and social awareness, they 
may become human companions 
rather than electronic devices. Several 

studies on human–robot interaction 
have suggested that social robots can 
engage more closely with humans and 
accomplish intended tasks far more 
effectively.37,38

On the other hand, notable advances 
have been achieved in social robots: a 
good example is Sophia, the humanoid 
robot produced by Hanson Robotics, 
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which emulates human expressions 
and emotions by integrating dozens 
of actuators underneath the facial 
skin (Frubber) of the robot. While such 
facial expression would not be possible 
without rubbery skin-like materials, 
the current version still lacks the crit-
ical tactile sensory feedback, which 
limits the perceptual capability and 
the level of social interaction. Another 
recent example is the anthropomor-
phic facial robot, Emo, which is capable 
of anticipatory expression by captur-
ing the visual cues.39 Here, too, tactile 
feedback could be introduced to allow 
for a richer sensation and perception.

The advances highlighted in this 
article could potentially lead to a dis-
tributed cognition system having 
tightly coupled sensors and motors. 
Such a system could improve under-
standing of the environment and react 
accordingly, reduce the processing 
and response time, and promote social 
engagement, eventually leading to a 
scenario where humans and robots 
collaborate more frequently and exten-
sively as with human coworkers. 
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