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Abstract: Aspired to build intelligent agents that can assist humans in daily life, researchers and
engineers, both from academia and industry, have kept advancing the state-of-the-art in domestic
robotics. With the rapid advancement of both hardware (e.g., high performance computing, smaller
and cheaper sensors) and software (e.g., deep learning techniques and computational intelligence
technologies), robotic products have become available to ordinary household users. For instance,
domestic robots have assisted humans in various daily life scenarios to provide: (1) physical assistance
such as floor vacuuming; (2) social assistance such as chatting; and (3) education and cognitive
assistance such as offering partnerships. Crucial to the success of domestic robots is their ability to
understand and carry out designated tasks from human users via natural and intuitive human-like
interactions, because ordinary users usually have no expertise in robotics. To investigate whether and
to what extent existing domestic robots can participate in intuitive and natural interactions, we survey
existing domestic robots in terms of their interaction ability, and discuss the state-of-the-art research
on multi-modal human–machine interaction from various domains, including natural language
processing and multi-modal dialogue systems. We relate domestic robot application scenarios with
state-of-the-art computational techniques of human–machine interaction, and discuss promising
future directions towards building more reliable, capable and human-like domestic robots.

Keywords: domestic robotics; computational intelligence; robotic applications; natural communication

1. Introduction

With the rapid advancement in machine learning and computational intelligence
models, faster Internet connection and increasingly affordable hardware, robotic products
have become affordable household goods. According to a recent domestic robots market
report (https://www.marketsandmarkets.com/Market-Reports/household-robot-market-
253781130.html) (accessed on 1 January 2021), by 2024, the global domestic robots market
will grow around 3 times compared to 2019. Aiming to assist ordinary users in domestic
environment, the domestic robots nowadays (as of 2021) are typically designed to: (1)
carry out one or several physical tasks (e.g., cleaning, delivery); (2) communicate with
users to convey and obtain information (e.g., translating, command interpretation); (3)
act as social companions to entertain users through social interaction (e.g., chatting). In
order to provide these three main functions, domestic robots must be able to perceive and
understand the surrounding environment and users, act accordingly and communicate
with users in various scenarios, which should corresponds to different research fields, such
as Natural Language Processing, Scenario Classification, Object Recognition, etc.
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Commercial domestic robots are usually not equipped with the most advanced com-
putational intelligence models. On one hand, commercial robotic products developed by
industrial companies often prioritize the reliability and maintainability of robot perfor-
mance to maximize the product life cycles of robotic products. On the other hand, the most
advanced computational intelligence models are often built and prototyped in academia.
Therefore, the techniques are often evaluated with pre-defined tasks or datasets which
are the abstraction but cannot cover all the scenarios from real life. Directly applying
such models to robotic products risks user experiences and safety, as the models might
encounter unexpected interactions with users which will lead to unexpected and unstable
system performance. Hence, it is unsurprising that although some robotic projects from
academia received positive feedback from users [1], household users still repeatedly report
problems in practical applications in daily life, (e.g., the failures from smart speakers) [2,3].
Even when some computational intelligence models shows impressive performances on
some challenges in domestic robotics, robotic products on the market are still limited to the
old-fashioned techniques due to various reasons from different perspectives. Therefore, a
review of existing domestic robotic products from the following viewpoints is presented:

• to give an analysis about the functions of the current state-of-the-art domestic robots
and their technologies behind;

• to identify the potential technologies in computational intelligence to be used in the
domestic robots and its gap to the state-of-the-art CI models;

• to further foresee the development path of the domestic robotics.

The rest of the paper is organized as follows: Section 2 provides an overview of
some examples and commercially available domestic robots, the taxonomy of domestic
robots and the tasks and services they are able to provide. Section 3 introduces the
computational techniques, or computing technologies in a broader sense, which are relevant
to the domestic robotic platforms. We also compare on which levels of integration these
techniques are for the domestic robot systems, and future directions to build better domestic
robot products. Section 4 discusses the gap between the existing robot platforms and the
state-of-the-art computational intelligence used in these representative scenarios. Section 5
discusses promising future directions, including trends and challenges in building next
generation domestic robots. Section 6 summarizes the discussions and arguments of
the paper.

2. Taxonomy of Domestic Robots

Figure 1 shows a few samples of the off-the-shelf commercial domestic robots. To
give a full picture, the existing domestic robots and the corresponding taxonomy are
summarized in Table 1. In general, domestic robots fall into two main categories: virtual
robots (also known as Software robots, Bots or Chatbots) and physical robots, each of which
can be further divided into several sub-categories. We introduce representative commercial
products in each category, then discuss what assistance they can provide and how they
communicate with human users to provide assistance, (e.g., physical assistance, cognitive
assistance and/or social assistance) depending on how they interact with humans.

2.1. Virtual Robots

As the name implies, virtual robots do not physically exist but it is used for interaction
as a virtual but intelligent agent. They exist as a form of software installed on computing
devices such as smart phones, computers and intelligent household devices (e.g., fridge).
Well-known products in this category include Siri from Apple, Alexa from Amazon, Xiaoice
from Microsoft and Google Assistant.

2.2. Physical Robots

Physical robots are mechanical agents that exist physically. According to target
applications and physical appearances, we categorize them into: internet of things (IoT)
robots, interactive robots and service robots.
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Table 1. The taxonomy and the software–hardware spectrum of domestic robots.

Spectrum Category Examples
Applications

Physical Assistance Social Assistance Cognitive Assistance

Virtual
Robots

Google As-
sistant 7

Assisting
Scheduling
Calling, etc.

Entertainment

Google
Nest Hub 7

Assisting
Scheduling
Calling, etc.

Entertainment

Amazon
Echo 7

Q & A
Online ordering Entertainment

Siri 7
Q & A

Online ordering Entertainment

XiaoIce 7
Q & A

Online ordering Entertainment

IoT
Robots

Nest Ther-
mostat Adjust heating 7 7

Samsung
Hub
Freezer

Watch food storage Q&A
Online ordering

TV
Music

Wemo Switch of electricity 7 7

Phyn Plus Managing water level 7 7

Interactive
Robots

Pepper Limited
Assistant

Receptionist
Healthcare

Conversing

Moxie Q&A
Education 7 Entertainment

Paro [4] 7 7
Entertaining

comforting elderly

Aibo 7 Online ordering, etc Entertainment,
Respond to actions

Service
Robots

HSR [5] Multiple actions Very limited 7

Stretch Cleaning
Manipulating Objects 7 7

iRobot
Roomba Cleaning 7 7

2.2.1. IoT Robots

IoT is widely referred to as a network of interrelated smart devices (https://en.
wikipedia.org/wiki/Internet_of_things) (accessed on 15 March 2021). In the commercial
domestic robots market, the term of IoT robots also includes automatic devices in smart
homes from thermostats and automatic lighting to smart household appliances such as
smart freezers. They physically exist in the household environment, and can be controlled
via computing devices such as smart phones or software installed on other devices.

Similar to virtual robots, existing IoT robots can retrieve information from the internet.
Moreover, since they include sensor modules, they are also able to sense the surrounding
environment and control other devices via internet connection. Hence, IoT robots are often
integrated into home appliances such as the fridge, thermostat. Nevertheless, different

https://store.google.com/magazine/compare_nest_speakers_displays?srp=/product/google_home
https://store.google.com/magazine/compare_nest_speakers_displays?srp=/product/google_home
https://store.google.com/magazine/compare_nest_speakers_displays?srp=/product/google_home
https://store.google.com/magazine/compare_nest_speakers_displays?srp=/product/google_home
https://en.wikipedia.org/wiki/Amazon_Echo
https://en.wikipedia.org/wiki/Amazon_Echo
https://www.apple.com/siri/
https://en.wikipedia.org/wiki/Xiaoice
https://store.google.com/us/magazine/compare_thermostats?hl=en-US&GoogleNest&utm_source=nest_redirect&utm_medium=google_oo&utm_campaign=GS103056&utm_term=thermostats
https://store.google.com/us/magazine/compare_thermostats?hl=en-US&GoogleNest&utm_source=nest_redirect&utm_medium=google_oo&utm_campaign=GS103056&utm_term=thermostats
https://www.samsung.com/us/explore/family-hub-refrigerator/overview
https://www.samsung.com/us/explore/family-hub-refrigerator/overview
https://www.samsung.com/us/explore/family-hub-refrigerator/overview
https://www.belkin.com/us/c/wemo/
https://www.belkin.com/us/p/P-PHNSWA01/
https://www.softbankrobotics.com/emea/en/pepper
https://embodied.com/
http://www.parorobots.com/
https://us.aibo.com/?utm_source=robots.ieee.org
https://robots.ieee.org/robots/hsr/
https://hello-robot.com/product
https://www.irobot.com/roomba
https://www.irobot.com/roomba
https://en.wikipedia.org/wiki/Internet_of_things
https://en.wikipedia.org/wiki/Internet_of_things
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from the service robots we introduce later, IoT robots usually have little or limited mobility,
depending on the sensors and motors they are equipped with.

Being equipped with certain sensors, IoT robots are able to perceive, communicate
and act to a certain degree. For instance, cameras are installed in freezers to observe food
conditions. Given the observation, an IoT robot informs users when food goes bad.

Figure 1. Samples of domestic robots: (from left) Pepper, iRobot Roomba, Nest Thermostat, Amazon Alexa, an NAO in
front of Asimo.

2.2.2. Interactive Robots

Interactive robots are often physical robots designed to interact with human users via
conversations or other embodied signals with multi-modality interactions, such as speech,
gestures and eye gazes.

Interactive robotic platforms such as NAO, Pepper, ELLIQ, Moxie, Buddy and Jibo
have been commercially available and used in various occasions to give instruction, therapy
or other interactive-based functions without actual physical intervention to the physical
world. For example, Pepper and NAO robots have served as receptionists, health caregivers
and airport guides. In general, those humanoid robots for interaction are with human-like
appearances, so that they can generate human-like behaviors in interactions. The main
modality in human-like behaviors is verbal conversation. Therefore, dialogue system is
an important component in building competent interactive robots. Furthermore, when
equipped with cameras and other sensors, the robots are also able to perceive human
emotions, gestures and eye gazes from which they could recognize more complicated
interactive signals.

Other products of interactive robots include ELLIQ, Vector and Jibo, which have
human-like behaviors but do not have human appearance. Such kinds of design have
been shown to give rise to a positive effect in gaze-following and attitudes in human–
robot interaction [6]. In comparison, interactive robots, such as AIBO and Paro, appear
as friendly robotic pets whose personality and behavior could evolve over time. These
pet-like interactive robots are also equipped with sensors. For instance, the AIBO robot is
equiped with facial recognition, smile detection and behavior learning modules.

Although the interactive robots do not have the ability to accomplish the physical
tasks in domestic environment, targeting at a certain group of users, such as elderly and
children, and equipped with educational or healthcare functions seem to be a trend to
become a successful interactive robotic product.
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2.2.3. Service Robots

Service robots are often designed to assist users to complete physical tasks such as
cleaning or mowing the lawn. Compared to the aforementioned robots, the hardware
configuration of service robots is much more complicated, but it should be subjected
to the pre-defined control strategies and behaviors for the particular service the robots
should provide.

In general, the design of the perception and action modules are the key components of
service robots. For instance, the ASIMO (https://en.wikipedia.org/wiki/ASIMO (accessed
on 23 February 2021)) robot, is designed for domestic applications, where it needs to
perceive the environment, act accordingly and complete one or a few domestic tasks. For
instance, the vacuum robot is a single-function service robot which can only assist in
finishing one task (i.e., vacuuming). As a well-developed product in the domestic domain,
most vacuum robot products have obtained feedback from users [7]. As such, the only
functions that we implement on the vacuum robots are usually obstacle avoidance and
path planning.

Service robots nowadays are becoming better in their functions of perception and
action, making it possible to complete several tasks such as vacuum cleaning and manipu-
lating simple objects. Compared with single-function service robots, most multi-function
service robots in the domestic environment are immature, thus less popular on the market.
For example, Asimo was originally designed as a service robot. Although it is flexible in
moving around (e.g., walking [8]), it has not been widely accepted by ordinary users due
to a lack of communication and understanding abilities, as well as its high price. Other
multi-function robot products such as PR2 and HSR face similar dilemmas for similar rea-
sons. Yet, as pioneer models, they are well accepted by academic laboratories for research
purposes.

2.2.4. Boundaries between Categories

The previous sections summarize different categories of domestic robots based on
which existences, either hardware or software, their main functions rely on. Practically,
with the development of high-speed connections, the richness of an eco-system of a robot
and the extensibility of both hardware and software, there are no clear boundaries for
categorizing domestic robots. We summarized and discussed four sub-categories of the
domestic robots: virtual robots, internet of things (IoT) robots, interactive robots and service
robots. These four sub-categories form a continuous spectrum of software–hardware robots,
within which a specific product may find a place.

From the perspective of users, they also expect a domestic robot could accomplish
more and more tasks and become easier to use. Hence, a robot product located in the middle
of the spectrum with extensibility in the eco-system, also makes domestic robots even more
suitable for the demanding market and are becoming popular for households. For instance,
the Pepper robot, targeted for social interaction, is also able to download different functions
through the App market. With the possibility of integrating different IoT sensors, it can
also obtain the sensory information at home. The Amazon Echo, although designed as
a virtual conversation agent, can also connect and has control on some supported house
appliances, including the smart thermostat. Nevertheless, in this overview, we examine
and analyze the robot as a single product itself without considering the possibilities of
connecting with other optional appliances. On the other hand, it also ignites the hope
to build a multipurpose domestic robot which can centrally control all the household
appliance and IoT devices as well as to do the service and interaction.

2.3. Multipurpose Domestic Robots and the Core Functions

To build robots that are as intelligent, useful and convenient to human users is always
the final goal for researchers, engineers and robotic companies. For instance, virtual robots
can be integrated into IoT robots to control smart devices via conversations. Google Home
can function as a hub of several smart devices. “Alexa”, designed by Amazon, is usually

https://en.wikipedia.org/wiki/ASIMO
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embedded in the Amazon speaker Echo, but it can also control supported house appliances,
such as the smart thermostat. With fast internet connection between home appliances,
software robots can easily access the status of other household appliances.

Likewise, when equipped with software agents, physical robots can also provide social
and cognitive assistance as virtual robots do. For example, NAO robots can provide users
with embodied conversations. It can also chat with users to provide cognitive assistance.
Moreover, it is able to deliver its bodily language, the conversation, as well as the screen
display to have a better communication with the users. Hence, most of the robotic products
lie in the middle of the continuous spectrum, making domestic robots serve multiple
purposes.

Note that multi-purpose domestic robots are usually humanoid robots. For example,
NAO (https://www.softbankrobotics.com/emea/en/nao (accessed on 1 January 2020))
and Pepper result in more active interactions with human users as they appear human-
like, although the interactive NAOs are not designed for manipulation or other service
tasks. HSR (https://www.toyota-global.com/innovation/partner_robot/robot/#link02
(accessed on 1 January 2020)) and PR2 both have most of their visual sensors on top of the
torso, and the manipulators are assembled in the middle, which are suitable to perceive the
environment and manipulate the objects with enough height as humans do.

Although we expect a large difference between the single-function and the multi-
purpose robots, they have common built-in functions which require the tailored compu-
tational intelligent technologies. When we omit the design of the appearance, and take
into consideration the internal computational intelligence functions that are built in the
domestic robots, the following four core abilities could be summarized. Conventionally,
a robotic system is composed of a perception module, an action module and a control
module. Depending on the application scenarios, a domestic robot needs to perform
some, if not all, of the following tasks: perceiving, understanding, communicating and
understanding (Figure 2). Hence, different from the conventional designs of robot systems
(e.g., industrial robots), efficient communicating is also one of the key abilities of domestic
robots.

• Perception: A robot should be able to perceive its surrounding environment, including
audio and vision. In addition to being able to recognize audio and vision signals, in
the computational intelligence domain, these abilities correspond to automatic speech
recognition, face detection and recognition, object detection, action recognition and
emotion recognition.

• Action: After perceiving and understanding, a robot should be able to react ac-
cordingly, including vacuuming floor after receiving commands, making scheduled
movements and doing multi-modal conversations including gestures. The action func-
tion can be further formulated into low-level actions, such as movements on wheels,
median-level actions, such as pre-defined or adaptive behaviors and high-level actions,
such as movements under planning.

• Understanding: In addition to perceiving, the robots should be able to understand
what the signals mean. That is, to recognize what humans talk about via speech signals,
to navigate itself via seeing the environment through cameras, to recognize human
emotions and so on. These abilities correspond to natural language/commands
understanding, scene understanding and so on.

• Communication: The communication function is one important element to make the
robot “human-like”. It can be used two-fold: firstly, the successful communication
skills could be fundamental when the robots are involved in interacting with users,
especially during the some tasks in the domestic domain can be too complicated
to be finished with one or two commands. Therefore, it is often to converse with
human users to achieve common ground understanding, especially the robots are
involved in providing entertaining and cognitive services. Both verbal and non-verbal
communications are often involved in such interactions.

https://www.softbankrobotics.com/emea/en/nao
https://www.toyota-global.com/innovation/partner_robot/robot/#link02
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Figure 2. Four basic functions of domestic robots.

3. Computational Intelligence in Robotics

It can be concluded that action modules of the domestic robots are well-used, espe-
cially in terms of motion controls in navigation and other mobility function for domestic
robots. Although some problems still exist in robotic navigation, most algorithms are
well developed and integrated. On the other hand, there are also many challenges to be
solved in their manipulation function in a more dynamic and unconstrained domestic
environment than in the industrial one. Thus, in some service robots it is still difficult to
achieve their multi-purpose use in terms of their inability to grasp different objects or to
assist with other domestic tasks which require physical contact.

Perception modules in domestic robots, which usually include object and facial recog-
nition functions, are quite useful in all of the four sub-categories. In addition, the state-of-
the-art deep learning algorithms have been used in virtual and IoT robots which do not
have high mobility. On the other hand, it is still unclear how to solve the problem with
limited energy and computational power within limited time with the deep learning based
methods.

Although “perception” and “action” functions are imperfect, we discover that the
“understanding” and “interacting” functions are even more behind our expectation in most
of the domestic robotic applications. For instance, the natural language understanding
(NLU) that is used in the domestic robots does not follow the natural conversation man-
ner of ordinary people (https://theconversation.com/ai-theres-a-reason-its-so-bad-at-
conversation-103249 (accessed on 1 January 2020)), not mentioning that they are not able
to learn new terms in the dynamic domestic environment with natural conversation with
inexperienced users. In addition, due to the dynamics of the environment, individual differ-
ences between the users and other factors, the understanding and the interactive functions,
such as emotion recognition and action recognition, are far from satisfaction. We conjecture
that the main reason that the users are not fully convinced to purchase an interactive or
service robot with a relatively high cost is that service robots and interactive robots are
still not robust enough to understand and communicate efficiently and effectively with
the users. As a result, users still consider the domestic robots as machines or toys. Table 2
summarizes the gap between the different types of domestic robots and the techniques.
In the following subsections, the detailed analysis of CI techniques in these four areas for
domestic robots will be reviewed.

https://theconversation.com/ai-theres-a-reason-its-so-bad-at-conversation-103249
https://theconversation.com/ai-theres-a-reason-its-so-bad-at-conversation-103249
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Table 2. Four categories of robots and the related techniques. 7 indicates a technique is inessential; Ù indicates that the
current technique implemented in this category of robots is state-of-the-art and performs well; Ú indicates there is a large
gap between state-of-the-art techniques and available engineering robotic applications.

Virtual Robots IoT Robots Interactive Robots Service Robots

SLAM and Navigation 7 7 Ù Ù

Object Recognition Ù Ù Ú Ú

Facial recognition Ù Ú Ú Ú

Action Recognition 7 Ú Ú Ú

Emotion Recognition 7 Ú ÚÚ 7

Speech Recognition Ù Ù Ù Ù

Dialog System Ù Ù Ú Ú

3.1. Perception: Speech Recognition, Face Detection and Recognition, Object Detection

Robots perceive the surrounding environment through sensors integrated on them-
selves. Cameras, infrared detectors, haptics and microphones are some of the important
sensors that could be used in existing robotic products. Therefore, existing domestic robots
mainly perceive the world via images, video, audio and haptics. That is, domestic robots
hear, see and feel the surrounding environment via these signals. Consequentially, to make
use of these signals detected from sensors, computational models of speech recognition,
object detection, face detection and recognition are most related to enable robots to perceive
the surrounding environment.

Next, we discuss state-of-the-art of computational models regarding automatic speech
recognition (ASR), object detection, face detection and recognition.

3.1.1. Automatic Speech Recognition (ASR)

Automatic speech recognition models enable users to communicate with robots via
speech, which is one of the most natural ways to communicate in our daily life. By
transferring raw audio signal of spoken language into readable texts, ASR models could
provide input as the understanding of the natural language to the dialogue systems (see
Section 4.1), enabling higher level interactions such as conversations.

Taking into consideration over 50 years of research and development, mature ASR
products are now available on the market. Google ASR (https://cloud.google.com/speech-
to-text (accessed on 1 Jaunary 2007)), CMUSphinx (https://cmusphinx.github.io/ (accessed
on 23 October 2019)) and IBM Watson speech to text (https://www.ibm.com/cloud/
watson-speech-to-text (accessed on 1 Jaunary 2020)) are among the most popular ones.
Based on deep neural network models [9], these products achieve good performances in
various applications.

Deep neural networks have been the de facto architecture for automatic speech recog-
nition (ASR) tasks. Modern commercial ASR systems from Google and Apple (as of 2017)
are deployed on the cloud and any products could access it via a network connection.
While a traditional ASR system is typically composed of five parts: acoustic analysis for
feature extraction, acoustic model, language model, pronunciation dictionary and the
recognizer for recognition, deep neural network-based systems often adopt an end-to-end
structure, which means that a single network can generate the estimated results from the
inputs. With well-trained models, they outperform previous models such as Gaussian
Mixture Model (GMM) (e.g., [10]) and Hidden Markov Model (HMM) (e.g., [11]) by a
large margin. Specifically, the deep neural models usually adopt the CNN (e.g., [12,13]),
RNN (e.g., LSTM [14] (Figure 3), Highway-LSTM [15]), attention mechanism (e.g., [16]),
encoder-decoder architectures (e.g., [17]). The idea of deep learning methods is to learn
the acoustic features as time-series without feature extraction, which can be memorized on
different levels of the neurons (e.g., LSTM, Figure 3).

https://cloud.google.com/speech-to-text
https://cloud.google.com/speech-to-text
https://cmusphinx.github.io/
https://www.ibm.com/cloud/watson-speech-to-text
https://www.ibm.com/cloud/watson-speech-to-text
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Figure 3. The LSTM unit.

3.1.2. Object Detection and Recognition

Object detection models enable robots to recognize physical objects in the environment.
Such models take images/video as input, and they output the labels of the learned objects.
As one of the active topics in the computer vision and machine learning, recent years have
seen significant advancement in object detection algorithms in different applications.

Basically, the object recognition methods need to discriminate the features in the closed
training data. Such features can be extracted either in a data-driven way or pre-processed
way. Before the data-driven convolutional neural network (CNN)-based methods achieved
a great success, most of the classical methods for object detection should first manually
extract features which represent the points of interests, either specific objects or human
faces. For instance, the scale-invariant feature transform (SIFT) [18] methods use points
of interests on the object which are independent of the size and rotation of the image.
In addition to collecting the important features and their surrounding information like
SIFT, the Viola-Jones object detection framework [19] seeks simple Haar features to detect
object features. Such computer vision methods usually need to extract the features, either
manually or automatically by evaluating their functions of features, before the recognition
stage is processed.

In comparison, the deep learning-based methods (e.g., CNN-based methods) skip the
procedure of defining features. Instead, it adopts an end-to-end learning strategy, in which
the perceived images or videos can be used as the input of the deep neural networks. These
methods are with faster speeds, lower resource consumption and ultimately outperform
classical methods on the task of real-time object detection.

When implemented on a robot, the object detection is the first stage of a robotic
system to detect if an object exist in its sensors’ receptive field. Most of the state-of-the-art
object detection is based on the deep CNN methods. These methods can be divided into
the two-stage methods and the one-stage methods. They can be distinguished by seeing
whether the selective search stage for the objects is required before the object recognition
is processed. The selective-search stage in the object detection methods means that it
includes the algorithms that will generate a small number of segmentation areas within an
image (e.g., bounding boxes) that may belong to one object, based on the colors, textures,
sizes and shapes. Moreover, such a process runs in an iterative way in order to combine
similar regions to ultimately form the objects. For instance, the R-CNN [20] and Fast
R-CNN [21] use such search methods [22] and the Faster R-CNN [23] uses the Region
of Interest (RoI) pooling layer to find the bounding boxes with various aspect ratios and
sizes for the possible object appearances. After the selective search stage, the two-stage
object classification methods use deep learning methods to recognize the objects within
bounding regions.
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Comparatively, the one-stage methods usually perform faster than the two-stage
methods, due to the fact that the search and classification tasks are done with the same
network. This is achieved by the pre-trained rich features of this network which can form
the bounding-box descriptors. These descriptors are used to recognize the object identities
at the detection stage. The most widely used one-stage methods are YOLO [24,25] and
SSD [26]. The SSD uses a number of feature pyramids with fixed sizes in its decision stage,
while the older version of YOLO only uses a fixed-size of feature detector and a number of
predictors to detect objects. The one-stage methods often achieve lower accuracy than the
two-stage methods. Nevertheless, the one-stage methods are usually employed in devices
with strict requirements in processing speed and low-power.

In terms of the applications of the detection methods, the state-of-the-art object detec-
tion methods have achieved satisfactory performances in their accuracy, computational
cost and processing speed. Both the one-stage and the two-stage methods have been widely
integrated in the perception part of the domestic robotic systems (e.g., [27,28]), such as
autonomous navigation [29], pedestrian detection [30], manipulation [31] and other robotic
applications [32].

3.1.3. Face Detection and Recognition

In general, the tasks of object recognition and facial recognition are different but
relevant: both of them aim to recognize objects/faces as an identity in videos or images.
The only difference for facial recognition is that the facial features, and their relative
placement on the faces should be extracted and understood in an optimized and fine-tuned
representation as an open dataset learned in the model, comparing to the object recognition
and detection. Compared to object recognition tasks, to recognize a specific person’s face,
facial recognition is more challenging because of the following reasons:

• in most cases, a person to be detected may not be included in the training set, while
most of the objects recognized are within the training set, which we state the facial
recognition is an open-set problem.

• since the labelled objects already exist in the training datasets, we usually employ a
discriminative model which produces the labels as outputs given the input signals
to solve the object recognition problem. This can be achieved by incorporating a
discriminative classifier (e.g., soft-max) at the end of the model. In the case of facial
detection, since the output labels of facial detection are only binary, the features can
either be pre-defined or data-driven.

Furthermore, while in practical use, an important requirement for the facial detec-
tion/recognition is to perform the model “in-the-wild”, which means that in a dynamic and
noisy real-world environment, the human faces can be highly varied. Thus, it is suggested
that facial detection is one of the most challenging tasks in computer vision (for more
comprehensive reviews, see [33,34]).

Nevertheless, when the data are labeled and the model is learned, facial recognition
nowadays using deep learning methods also achieves impressive performance which is
on par with human performance. The facial recognition is often evaluated using public
standard datasets such as Labeled Faces in the Wild (LFW ) [35], CelebA [36] and MS Celeb
(https://github.com/PINTOFSTU/C-MS-Celeb (accessed date 9 October 2020)). As such,
the deep learning methods for facial recognition (e.g., DeepFace [37], DeepID [38] and
RingLoss [39]) usually use mainstream CNN networks (e.g., AlexNet [40], VGGNet [41],
ResNet [42]) to do the recognition task while they also employ assembled networks to
match the variances about inputs to solve the “in-the-wild” problem.

In the computer vision (CV) community, higher accuracy of facial recognition methods
are usually achieved by improving the CNN architectures (for a comprehensive review, see
also [34]). In the field of service robotics, compared with the standardized facial recognition
tasks, the facial recognition tasks have additional challenges:

• The state-of-art facial recognition methods are evaluated with the standard datasets.
In the practical robotic applications, the perceived information usually contains a lot

https://github.com/PINTOFSTU/C-MS-Celeb
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of noise and environmental factors vary, which results in the negative effects in the
recognition accuracy.

• Most of the facial recognition methods embedded in robotic systems require the users
to stand in the receptive fields of the camera (assuming they are also at a reason-
able distance from the camera), which might be inconvenient/unfriendly feeling to
the users.

• The usages of other sensors, such as RGB-D cameras (e.g., [43,44]), and voice recognition
have not been fully used for person identification to help to solve the in-the-wild problem.

3.2. Action: SLAM, Obstacle Avoidance, and Path Planning

Upon perceiving and understanding commands from human users, a domestic robot
should react with certain movements to accomplish assigned tasks. In this subsection, a
few techniques for controlling the robot to act will be reviewed and discussed. Specifically,
we will review the robotic movements (simultaneous localization and mapping (SLAM),
navigation) and robotic manipulation.

3.2.1. SLAM

When completing physical tasks, being able to move around in the domestic environ-
ment is critical for domestic robots to accomplish some tasks, such as vacuuming. Hence,
navigating, simultaneous localization and mapping (SLAM) and path planning are usually
basic requirements for domestic robots.

The SLAM algorithms enable a robot to update the map while tracking its locations in
an unknown environment. Due to noises and uncertainties from the sensors (perception),
the SLAM tasks are often formulated as a probabilistic problem [45,46], which can further
be solved by the estimation problems (as shown in Figure 4). SLAM can be theoretically
solved by mature algorithms based on statistical estimation methods such as Kalman
Filters and Particle Filters [47,48]. Nowadays, most of its existing problems are within the
engineering domain, particularly the integration and optimization of different stages of
SLAM, such as the data association and dynamic environment problems.

c

Figure 4. An example of particle filtering simultaneous localization and mapping (SLAM) in simula-
tion [49]. (a) The true position and the estimated particles of a simulated robot in a maze. (b) The
weights of distribution of particles. (c) The sensor information from a laser sensor.
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For instance, one practical problem to be considered in the domestic robotic platforms
is the selection and integration of sensors in SLAM. It is a trade-off of usage of expensive
sensors and accuracy in SLAM on a robotic system: Conventional SLAM methods used in
unmanned vehicles [50] usually require a number of expensive equipment. For instance,
the LiDAR sensors are usually necessary in order to provide accurate measurement of the
obstacles. They are used in robots such as the PR2 robot [51] and the modified version
of NAO robots [52]. On the contrary, the price-tag of the laser sensor as well as its noise,
which affects the family members also, become the factors to prevent the usage of it on
domestic robot. Therefore, as an alternative method, the SLAM used on the domestic robots
are also considered using the low-cost depth camera-based sensors [53]. Alternatively, the
camera-based SLAM (e.g., ORB-SLAM [54]) needs more computation and results in less
accurate results since they should do the feature matching together with mapping and
loop-closure.

They are still enough for some of the domestic products. For example, the vacuum
cleaning robot iRobot Roomba 980 [55] is based on vSLAM [56]. Several algorithms
have been developed for RGB-D camera-based SLAM as well, such as KinectFusion [57],
Kintinuous [58], DynamicFusion [59] and so on. Moreover, the SLAM algorithms employ
only vision sensors, such as monocular cameras, and binocular cameras or fish-eye cameras
also emerge since the costs of the visual sensors are relatively low. Another advantage
of these algorithms is that the results of semantic SLAM can be further used for object
recognition and related functions.

3.2.2. Obstacle Avoidance

Based on the results from SLAM, domestic robots still need two sub-functions: obstacle
avoidance and path planning to navigate.

Given the local environment map, the obstacle avoidance function endows robots
to avoid objects on the way to the target. When the robot has no map, the method of
approaching the target is called visual obstacle avoidance technology. The problem that the
obstacle avoidance algorithm solves is to avoid static obstacles and dynamic obstacles based
on the data of the visual sensor, but still maintain the movement to the target direction
and realize real-time autonomous navigation. In academic research, the object avoidance
function has also been relatively well-studied.

It is integrated with object recognition, object following or even with fast-moving ob-
jects. In applications, since the shapes, colors, sizes and textures of the objects are different,
reasonable deployment of different sensors (e.g., ultrasound, tactile and infrared sensors)
should be carefully considered depending on the working environment (e.g., [60,61]).

As a well-developed function, there are many obstacle avoidance algorithms, but these
methods have strict assumptions. For example, the Virtual Force Field (VFF) algorithm [62],
which assumes that the robot is a point and can move in any direction. The Vector Field
Histogram (VFH) [63] assumes that the robot is circular and expands through circular
obstacles. When considering kinematics, it only assumes that the robot moves in a circular
path. However, in practical applications, it is difficult for robots to meet the conditions
perfectly which may result in the inaccuracy in obstacle avoidance.

To solve the obstacle avoidance problem in the dynamical world, some of dynamic
obstacle avoidance methods have also been developed and used in domestic robots where,
in some complicated real scenarios, they should face a lot of moving objects surrounding.
For instance, to finish a delivery in a dynamic environment [64].

3.2.3. Path Planning

In contrast to an object avoidance function that reacts immediately, the path planning
function aims at finding a reasonably good (but not always most optimal) path to plan
ahead and move from one location to another, together with the consideration to minimize
time and energy. Using the map and the location information obtained from SLAM, the
path planning algorithm outputs appropriate action commands that lead to the desired
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target location. According to the environment, there are two categories of path planning
algorithms: the complete and the sampling-based approaches. A path planning method
is said to be complete if the algorithm can produce a solution or report there exists no
solution in finite time. Most of the complete algorithms are geometry-based, which means
that the representation of the map is geometric. These algorithms are usually planned
directly on the occupant grid map in the field of mobile robots (i.e., a matrix composed by
the pixels) with the search methods, the Dijkstra algorithm [65], the A* algorithm [66] and
so on. In particular, the Dynamical A* (called D*) algorithm [67,68] has been widely used
for mobile robots and autonomous navigation systems and can solve the path planning in
a dynamical environment. It also has been proved to be successful in the Mars rovers and
the CMU team who participated the DARPA urban challenge. It maintains a cost value,
and the search grows outward from the goal by a process called “propagation process”.
The nodes are being expanded and are denoted the exact cost by the propagation process.

The representative methods of sampling-based algorithms are RRT and PRM algo-
rithms. Since, in some scenarios, high-complexity and high-dimensional space exist in
the complete path-planning algorithm, the random sampling algorithms [69] can effec-
tively solve this problem by drawing random samples to form a graph (PRM) [70] or a
tree (RRT) [71] connecting the start and the end points. Although the sampling-based
algorithms are computationally efficient, due to its non-consistence in obtaining the results
with the randomly generated instances, it is still difficult to apply them in commercial or
industrial applications where the robustness should be taken into consideration. The A*
and D* algorithms are still widely used in the scenarios in which path planning functions
are needed. For instance, the D* algorithm has been embedded as part of the naviga-
tion module (e.g., SLAMWare (https://www.slamtec.com/en/Slamware) (accessed on 1
Jaunary 2020)) and widely used in many domestic robot products which require mobility.

3.2.4. Robotic Action, Behaviors and Their Selections

Traditionally, industrial robots are required to repeat specific actions with relatively
high precision. In these scenarios, the motor actions of robots are clearly defined in an
industrial environment, where the position, velocity, acceleration and force variables can be
precisely calculated by kinematics and forward/inverse dynamics [71]. Based on control
theories, they can already be solved mathematically, which belong to the white box systems.
On the other hand, while the environments become dynamic, the uncertainty becomes
high. The effect of unpredictable perception, including the noise from sensors, to action
becomes larger. To deal with the uncertainty of environment has always been a difficult
problem for conventional automatic control solutions.

In the dynamical environment, such as domestic households, to react with the noisy
perception has always been a difficult problem for traditional control methods. Alterna-
tively, the “robotic behaviors” is often used which initiated a novel robot action and control
approach endowing adaptivity and robustness in the dynamic environment.

A classical framework to design the robotic behaviors is the subsumption
architecture [72,73], which coordinates the execution of different behaviors. Each behav-
ioral module may be designed by the finite-state machines. As shown in Figure 5, the
behavior-based inclusive frame structure divides the robot into several behavioral modules
in a vertical manner. The module at the higher position will have the higher priority if two
modules conflict. As a result that the designer can structure and add modules of different
priorities, it is possible to construct a relatively complex system with this structure.

https://www.slamtec.com/en/Slamware
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Figure 5. The subsumption architecture.

Based on the building blocks of different behaviors, a network-based behavior se-
lection framework can be also used [74,75] to select the most appropriate actions. As an
alternative method to the behavior-robotics, the motor scheme [76] is also embedded in
architecture to allow the action-centric perception. Therefore, within the structure, each
action can be seen as the result of all the perceptual schema using the summation of the
potential fields.

Fuzzy logic deals with uncertainty subjectively to integrate different selections from
behavioral modules [77–79]. It designs a corresponding sub-fuzzy inference system for
each behavior, thereby avoiding the negative impact of the large fuzzy rule base on the
real-time performance of the system.

3.3. Understanding: Action, Intention and Emotion

Building the understanding ability in domestic robots usually means that the robot
is able to detect or infer the intention, emotion or even thoughts through observations.
Such observations rely on cues from the previous or current expressions in behaviors or
subtle actions from different parts of the user, such as body, gesture or face. Although
electroencephalography (EEG) sensors for brain–computer interface (BCI) driven robots
have been found in the research labs [80,81], they are still far from practical use because
most of them need calibration and training.

3.3.1. Action Recognition

In the CV community, the action recognition task is also an active topic which aims to
identify various actions which are performed throughout or during part of the entire dura-
tion based on video sensors. Therefore, the requirements of recognizing the well-trimmed
videos and untrimmed videos are different. For instance, there are five different tasks in
the well-known action recognition challenge ActivityNet [82], in which the recognition
methods for trimmed and untrimmed videos can be quite different. Based on camera
signals, the improved Dense Trajectories (iDT) [83,84] method is a conventional method
before deep learning became popular. The iDT framework includes dense sampling feature
points, feature point tracking and trajectory description. In this framework, the feature
points are selected in different spatial scales, which can be further used to obtain three
different features to describe the dense optical flows. Once obtained, these bags of features
can be further used to do the classification of the actions. However, nowadays, the deep
learning-based action recognition methods achieve much better benchmark results. The
two popular deep learning methods for action recognition are based on either Two-Stream
Convolutional Networks [85] (TSN) or 3D-convNet (C3D) [86] ideas. The TSN method
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is inspired by the findings in visual systems, where the ventral and dorsal pathways are
separate to deal with the visual information for perception and action [87]. In the TSN
model, the two-stream idea is used as two independent recognition streams (spatial and
temporal streams). The spatial stream performs motion recognition from still video frames.
The temporal stream recognizes behavior from dense motion optical flows. Both of the two
streams can be implemented by CNN. It has also been reported that the separation of the
temporal stream and the spatial stream improves the generalization ability of the network.
Different from the TSN, the C3D-related work uses a different idea, which describes a
cube-like convolution kernel to be an effective video descriptor in three-dimension for the
temporal actions in videos. Specifically, it is also suggested that the best size of the convo-
lution kernel empirically should be 3 × 3 × 3 . The C3D method is easy to comprehensive
because it owns the same principle of general 2D-CNN.

In addition to the action recognition based on visual information, some other sensors
could also be used to do action recognition where the visual information could not be
fully utilized due to privacy-related issues. In these scenarios, some ubiquitous sensing
techniques such as the accelerometer [88], inertial sensors [89], microphones [90] or the
combination of more than two modalities [91,92] can also be used for action/activity
recognition, especially when the privacy of the users is taken into consideration.

3.3.2. Emotion Recognition

Emotion recognition is also a useful tool when a domestic robot is engaged with the
social interaction with humans. During the human–robot interaction, much information
about the person can be understood if the robot is able to “read” the emotion. In general, the
emotion status can be recognized from facial and bodily features. Facial expression is thus
an essential way for the robots to identify the emotion information. Similar as most of the
techniques mentioned above, with the great performance of various deep neural networks,
most of the facial emotion recognition methods are using deep learning methods. The facial
emotion recognition methods usually include a series of pre-processing techniques, such as
face-alignment, face normalization, some may need data augmentation to make the method
more robust. Then, the main recognition techniques can be implemented by the CNN
architectures (e.g., [40,41,93]) plus some fine-tuning tricks. For instance, [94] considers the
temporal relation along continuous frames, with which it also focuses some of the peak
high-intensity expression and ignores the other with lower intensity in expressions. The
main architecture is adapted from GoogleNet [93]. Similar to other specialized techniques
of the CV communities, most of the state-of-the-art methods aim at achieving good rankings
for specific datasets. In reality, implementation of such techniques should also consider
the practical issues such as noise in sensors and the dynamic environment as the facial
detection/recognition tasks.

In addition to recognizing emotion through the facial expression, it is also worth
mentioning that other forms of expression (e.g., the bodily behavior [95–97] (e.g., Figure 6),
voice [98] and conversation [99]) can also be adopted as cues for emotion recognition). It
is natural that using multi-modal cues will increase the accuracy of emotion recognition.
In this case, using other modalities to do emotion recognition is useful and efficient.
Additionally, it is also brain-inspired that the neuroscience finding that our brain recognizes
emotion primarily based on the facial expression, but in the mean while, probably because
these cues are not as obvious as the face when our brain is recognizing emotions [100].
Therefore, various datasets and competitions for multi-modal emotion recognition are
announced [101,102] and it would probably become the next function to be implemented
for human–robot interaction. Still, none of the open multi-modal datasets have achieved the
popularity of uni-modal datasets for emotion recognition, due to the individual difference
among different people and the size of the recorded datasets. Even though the model is
well-trained with the datasets, it is still a challenge for them to recognize emotion robustly
in the wild [103], not mentioning the existence of noise and sensitivity of the sensors.
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Figure 6. An emotion recognition deep-learning based on Kinect [95].

To conclude the techniques for emotion recognition and their implementation on
domestic robots, the main challenges for emotion recognition are still open, especially
in the human–robot interaction in domestic robots. There are mainly three problems
remaining to be solved:

1. Computing-wise: How to efficiently utilize the multi-modal sensor signals to identify
the emotional status of users? To solve this, we may consider the multi-modal machine
learning methods [104].

2. Interaction-wise: During usual interaction, all the social contexts (e.g., wording in the
conversation) and common knowledge can also be considered as cues for recognizing
emotion. Can we also utilize such knowledge on a robot?

3. Robot-wise: What kind of sensor signals can we choose to jointly estimate the emotion
by reducing the noise and placing them together to work robustly?

3.4. Communication: Speech, Dialog and Conversation

Since the beginning of AI research, researchers have aspired to enable robots to
communicate as humans do. That is, communicating with natural language and gestures
through conversations. This requires robots to go beyond command understanding. To
converse with humans, robots need to understand natural language from humans, build a
common ground of understanding and express themselves.

3.4.1. Generation: Speech Synthesis, Inverse Kinematics

As domestic robots are expected to interact with inexperienced users, it is natural
to communicate a robots’ intention in a natural way as humans do. Therefore, natural
language generation has been one of the hot topics in computational linguistics. Speech
synthesis software such as text-to-speech (TTS) (https://www.ibm.com/cloud/watson-
text-to-speech (accessed on 1 Jaunary 2020)) has been made available as a service. However,
the most challenging part is to generate texts in given interaction scenarios. Recently, end-
to-end dialogue systems have gained more and more attention [105,106]. Trained with large
scale datasets, given an input sentence, these systems generate an output sentence as a reply.
Other works have also explored stylistic dialogue generation [107,108]. These systems
aim to generate dialogue responses in a certain style such as optimistic and pessimistic.

https://www.ibm.com/cloud/watson-text-to-speech
https://www.ibm.com/cloud/watson-text-to-speech
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Therefore, the systems not only generate a response, but conveys certain personalities
through the generated texts.

Human–robot interaction not only goes beyond commands, it also goes beyond nat-
ural language. Human communication is multi-modal in nature. In addition to natural
language, humans often deploy other modalities to vividly convey information [109]. For
example, to indicate an object in the situated environment, pointing gestures are often
used for a single target object [110]. Researchers have also worked on multi-modal dia-
logue/virtual agents to enable robots to communicate with speech and gestures [111,112].
Gesture realization in robots is referred to as inverse kinematics. Given a trajectory that a
robot wants to gesture, an inverse kinematics algorithm computes all the joint positions
that need to realize the gesture, then enables a robot to make the movement. Combing
natural language generation and gesture generation brings robots closer to human-like
agents.

3.4.2. Language Models and Language Understanding

Language models providing the basis for speech recognition, machine translation,
part-of-speech tagging, parsing, optical character recognition and other applications for
domestic robots, are the core in their communication function. They are usually statistical
models which describe the occurrence of words/phrases in the sequences of corpus. One
of the easiest frameworks to form the sequences is to extract n consecutive words, and then
to learn them as an (n − 1)-order Markov Model, where we can predict the next item or
the missing items when the (n − 1) items are given.

With the extension of this idea in which we can regard the consecutive words as the
Markov model, the neural network-based models are recently used widely. One of the great
advantages of it is to alleviate the problem of “curse of dimensionality”. Ref. [113] used
continuous representations or embeddings of words (Figure 7) to make their predictions
based on the semantics relations of the words. Usually in the NLP tasks, the models use a
large amount of corpus (e.g., the Wikipedia text) to learn those relationships. After proper
training, the representation of the trained vectors can be regarded as the word analogy (e.g.,
“man + king − woman = queen”). The embedding layers are often used for pre-processing
instead of the one-hot representation.

Figure 7. An example of embedding: Word2Vec, where the layer in the middle can be used as an
embedding representation [113].

In the state-of-the-art language processing tasks based on representation learning,
RNN (including LSTM [114]) or the Attention [115,116] mechanisms are the most widely
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used. Both of them attempt to solve various language-based tasks such as translation,
automatic summarization, relationship extraction, sentiment analysis, speech recognition,
topic segmentation, etc.

When implemented on the robotic systems, especially on the categories of interactive
robots which emphasize the function of interaction including language, only the language
models and the aforementioned language-based tasks will not be enough. When the users
can observe various items and scenarios in the domestic household, they imagine the
counterparts during interactions will see the similar things, which will be further involved
in the language-related tasks. Thereby, the natural language understanding (NLU) is a
further step after NLP.

The NLU was proposed in the applications of human–computer interaction. Com-
pared with NLP, it can play a better role in automated reasoning, question answering
and large-scale content analysis. While the users do not follow the formal syntax while
having an interaction, the NLU could understand the natural human languages. The most
common systems of NLU included SHRDLU [117] in the 1970s . Recent applications such
as IBM Watsons (https://www.ibm.com/cloud/watson-natural-language-understanding
(accessed on 1 January 2020)). Nevertheless, the understanding requirement seems to be
far behind the development of other NLP tasks. On the other hand, the current domestic
robots even need a higher standard for “understanding”: the users may refer to any items
in the environment without a formal syntax, while the conventional NLU methods only
use semantic parsers to divide the sentences into units and thereby narrowing the scopes
of the words. In the domestic robotic applications, we may need a robot to “understand”
what the users are talking about by seeing and sensing the same with the users.

3.4.3. Dialogue Systems

Existing dialogue systems fall into two categories: (1) task-oriented dialogue systems,
and (2) open-domain dialogue system (also known as chatbots).

Task-oriented dialogue systems aim to assist users to accomplish a certain task. These
systems are quite often rule based. They dominate the dialogues and fill a set of slots to
obtain useful information related to the task. Prominent examples of such systems are
ticket booking systems, and automatic answering machines. To successfully book a ticket
for a user, a system usually starts by inquiring a users personal and route information.

Open-domain dialogues do not constrain the topics of a conversation. They often
serve as chatbots to chitchat with users. In this case, the system does not dominate the
conversation, but tries to generate a proper response when users interact. Therefore, an
open-domain dialogue system requires broad world knowledge, user intention understand-
ing, dialogue state tracking and other techniques to keep a meaningful dialogue. Deploying
such dialogues can be harmful. For instance, XiaoIce from Microsoft had complaints for
discrimination and abusive responses.

The choices between task-oriented system and open-domain dialogue system depends
on application scenarios. For simple physical assistance, pressing buttons, using a graphical
user interface (GUI) or a simple phrase command is sufficient. For more complex tasks
such as cognitive assistance (e.g., reduce the symptoms of Alzheimer’s via chatting), more
natural and human-like communication skills such as interactiveness in dialogues [118] and
incrementality in situated dialogue systems [119,120] are essential. To achieve more natural
communication, especially in complex tasks such as understanding or giving navigation
descriptions [121–123], incorporating hand gestures would be beneficial [109].

4. Domestic Robots in Real Life: Where We Can Fill the Gaps

In this section, by examining how the domestic robots perform in several typical
real-life scenarios, we will address the gaps between ideal applications and the available
computational techniques. Additionally, we will point out the state-of-the-art techniques
that are available to improve corresponding performances.

https://www.ibm.com/cloud/watson-natural-language-understanding
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4.1. Conversational System

Scenario: The user who is in immobility wants to ask the robot to bring some-
thing.
User: Hi robot, I’m hungry.
Robot: I remember you like apples. They are on the table over there.
User: I cannot really see clearly. Could you please hand me the one which is ready
to eat?
The robot moves and picks up the apple.

• The long-term memory and learning: For the users, the long-term memory of a
robot is essential for them to feel like the robot is a continuous being which is co-
living with them. Social robots also need long-term memories in order to keep the
knowledge acquired from learning to establish long-term relationships with humans
and other robots.
Since the learning world is open and the users have individual differences, household
objects and household tasks as well as the human’s behaviors differ. In order to endow
the long-term memory, the ability of continuous learning [124], active learning [125]
or learning via human-in-the-loop [126] could be implemented on the robots.

• Multi-modal language processing, understanding and grounding: As we have al-
ready discussed, the state-of-the-art language processing is the first step for a robot
to possess languages. At present, various data-driven conversation systems have
been proposed based on reinforcement learning [127], Attention [128] or the hybrid
model of various techniques. If the methods could integrate the continuous learning,
they could be possible methods which could avoid the curse of dimensionality in
reinforcement learning and result in an open-ended training conversation system.
Furthermore, we also anticipate that the language understanding ability of robots is
achieved after the language grounding problem for robots, which we will discuss in
the next Section 5.1.3 .

• Communitive gestures: As we have mentioned, humans naturally communicate with
speech and gestures [109]. Despite the continuous effort on building multi-modal
interfaces, current robots can only understand a limited and pre-defined set of gestures
from humans, which mostly fall into the category of symbolic gestures. However,
most common gestures in daily communication are iconic gestures (e.g., drawing
in the space to describe the shape of a stone), which have no particular form and
bear close semantic and temporal relation to accompanied speech [129,130]. Without
understanding iconic gestures, robots rely on natural language to understand humans.
Hence, users must articulate themselves via language, making it less convenient and
natural than interacting with humans.

• Other techniques involved object tracking and recognition and object manipula-
tion.

4.2. Affective Communication

Scenario: The user is having a conversation with the robot.
User: I don’t think I know this person in the picture.
Robot: This is your grand-daughter Amy. She just saw you last week.
User: Oh fantastic. I even don’t remember my family.
Robot: Don’t say that. They love you.

• Affective computing: Affective computing [131] is a broader field of emotion recog-
nition, which also includes interpret, process and simulate human affects. Personal or
domestic robots are nature embedding platforms to implement and test affective com-
puting models since they have human-like appearances. Various robotic platforms,
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for instance, Kismet [132,133], have been used to test the affective models as well as
tools for human–robot interaction.
The affective computing is still an emerging subject, and its theoretical foundation
in cognitive sciences is still open to discussion [134]. Most of its applications used
in robotic systems have focused on emotion recognition and interpretation based on
speech [135], facial [136] and bodily expression [95]. The simulation of emotion and
the its synergy [137] to bodily expression, speech and facial expression.

• Artificial empathy: Robots built with artificial empathy are able to detect and respond
to human emotions in an empathetic way. The constructing of empathy on a robot
should also be included in the affective computing. The level of empathy may be
calculated by the theory of simulation [138] in empathy.
Although these can be also rooted from the emotion recognition techniques, various
other cognitive theories—inspired artificially built empathy theories—have be also
developed. For instance, from the developmental point of view, the empathy of robots
can be developed by the common embodiment to achieve [139], such as artificial
pain [140] obtained from the tactile sensors.

• Other techniques involved language understanding and facial Recognition.

4.3. IoT Robots

Scenario: The user who is in immobility wants to ask the robot to bring some-
thing.
User: Hi robot, can you cook a dinner for me tonight?
Robot: Sure. I’ll recommend you to have a caesar salad and tomato soup. It’s good
for you to keep your weight according to your dinner plan.
User: It’s okay. Please go ahead.
Robot: Okay. But it looks like we have do some shopping because there is no
chicken left in the fridge.

Specifically, some problems are worth investigating:

• Interconnected with other robots and the internet: It seems not difficult for a robot
to connect with other devices via internet. With the connections, there are still open
questions such as the accessibility of different devices, the trade-off between efficiency
in interaction and the completeness of information searching.

• Personalized recommender system: The commercial recommender system usually
uses collaborative filtering which collects information or patterns by the collaboration
among multiple agents, viewpoints, data sources, etc. This technique is particularly
useful for the recommendation of commercial products or common interests among
different groups of people. Nevertheless, when the recommendation is about some-
thing not common among different people, for instance, a user A at home likes eating
fish, while another user B in another home may follow a diet. This recommender
problem should be addressed with other algorithms.

• Other techniques involved robotic behaviors, e.g., cooking.

Scenario: The user is in the room.
User: Hi robot, this room is too bright.
Robot: I can ask the curtain to close a bit. But the doctor says you need to have a
little sunshine to make you happy. Also I see the fridge is out of food. You may want
to order some foods today. Should I go ahead to order some eggs and vegetable?
User: I see. Thank you. Please go ahead.

• Scheduler based on psychological and physiological advice: Some personal sched-
uler should also refer to the psychological and physiological advice from the doctors.
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These may also need the robot to search the relevant knowledge base for the recom-
mendation for certain individual conditions. A relevant knowledge database should
be built and constantly updated online.

• Other techniques involved interconnected with other robots and internet.

5. Future Directions: Trends, Challenges and Solutions

In addition to the above discussed technical challenges, social issues such as ethics,
fairness, privacy, explainability, security and cognitive ability are among the challenges in
developing domestic robots in the future. Although these issues have become trending
research topics in various communities, corresponding techniques have not yet been widely
applied to robotic products yet. Below, we discuss trends and challenges of developing
domestic robots. The potential solutions towards these challenges are also presented.

5.1. Cognition

When robots enter our daily life in the domestic environment, the aforementioned
stages may bring about robot manipulation, assistive robots, virtual robots, conversational
robots across in diverse settings in a safe and an adaptive way. The final problem about the
domestic robots probably will be: how do we integrate such functions into one robot and
also improve the quality of these functions at the same time? Furthermore, more challenges
may include: reasoning, long- and short-time memories, intention, attention, imagination
or meta-cognition.

5.1.1. Multi-Modal Learning

Recently, transfer-learning strategy has been proposed to transfer learned knowledge
across different tasks. Previous literature has proposed to use a unified model to learn
multi-modality information and their association. Here, the “modality” refers to the
information depicted in different perspectives of the same object or event via different
physical expression, signal perception or different data-formats. The multi-modal learning
can be (machine-learning) technically learned via the end-to-end training manner. For
example, [141] initially processed sound, text and image with three sub-networks. Then, a
higher-level network is added on top to learn a joint representation of the three modalities.
Therefore, the learning of a higher-level multi-modal representation is constrained by
aligning the three modalities. After training, emergence of a “concept“ between un-trained
modality pairs can be observed. Focusing on solving multiple machine learning tasks with
a unique architecture, [142] extracted the common shared representation hierarchically.
The network has been proven to be able to solve a few different problems in different
modalities. Deploying transfer-learning in real-life applications would serve the purpose
of building multi-purpose robots. It will also alleviate the lack of training data of notorious
deep learning methods.

As we summarized from the techniques we introduced, most techniques we are
concentrating on domestic robotics are the perception, action, understanding and commu-
nication problem where we can observe a trend that the deep learning methods are being
widely used in all of the above three areas. Although we believe deep-learning methods
would be one important method to achieve the understanding of multi-modal data, we
still need other computational methods to achieve a higher-level of intelligence, i.e., the
meta-cognition capabilities. It includes a number of aspects of processes, where we just
name a few:

• The inference ability which learns the causal relationship;
• the meta-learning ability;
• the self-awareness ability.

In the next subsection, we will continue the discussion about the possible ways to
build meta-cognition based on the computational intelligence techniques.
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5.1.2. Meta-Cognition

Cognitive functions are inspired by the way the human brain works. According to
the Moravec’s paradox, the higher-level intelligence probably does not need much com-
putational power to be accomplished. Thus, the corresponding aforementioned cognitive
functions may need techniques with less computational requirements, such as symbolic
planner to accomplish. On the contrary, realizing low-level intelligence such as the coordi-
nation between perception and action, and how it connects the the higher-level cognitive
functions, is still an open issue. This issue is much related to the topic about language
grounding and understanding that we will discuss in the following Section 5.1.3. Specifi-
cally, in the context of domestic robots, it is embodied in the behaviors of intelligent agents
in the physical world.

If we imagine the cognitive process are information processing activities where the
information was ultimately from the objective world. The meta-cognition refers to the
the processes about the of concepts, perception, judgment, or imagination and other
psychological activities that relate to the aforementioned information activities, That is,
the psychological function of individual thinking for information processing. For instance,
when someone is reviewing the coursework by memorizing the details of each chapter
of the textbook. The meta-cognition processes of self-evaluation helps to evaluate the
outcome of the memorizing process. The self-regulation encourages and monitors the
agent to stay still and to continue the reading. In addition, the generation of concepts
will probably extract and digest the contents. In general, the meta-cognition includes,
for example, reasoning about reasoning, reasoning about learning, and learning about
reasoning [143,144]. The meta-cognition is also defined [145] as

Meta-cognitive experiences are any conscious cognitive or affective experiences
that accompany and pertain to any intellectual enterprise. An example would
be the sudden feeling that you do not understand something another person
just said.

Obviously, an implementation of meta-cognition will facilitates the learning of cog-
nitive processes. Some of the meta-cognition abilities are particularly useful for estab-
lishing the safety and robustness in human–robot interactions. The most interesting
applications include:

• A human–robot interaction (HRI) by implementing theory of mind (ToM). ToM is
referred to a meta-cognitive process that an agent could think of and understand other
thoughts and decisions made by its counterpart. Therefore, in the domestic robotic
scenario, the robots can take into account (monitor) others’ mental state and use that
knowledge to predict others’ behavior.

• A safety-lock based on an implementation of self-regulation. This self-regulation
mechanism can be close to immediate awareness and body awareness. Therefore, this
mechanism can control any non-safe decision making processes when the sensorimo-
tor imagination of the own body is hurt.

5.1.3. Language Grounding

The research question of symbol grounding problem is to discuss how symbols get
their meanings. The language process in robots does not isolate from the environment
but it is learned and understood in the physical world in which the robot is situated
in. Here the symbols can be referred to in the spoken language, the vocal commands
or the conversation. Therefore, the symbol grounding problem can be seen as a way
of information interchanging and sharing while the robot and/or the human know the
symbol has been grounded to one element/concept in the environment. After the symbol is
grounded with the mutual parties, for instance, in human–robot interaction, the grounded
set of intentionality can be mutually believed by both speakers. In addition to the essential
target of symbol grounding, there are also other benefits for different perspectives of
domestic robots.
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Firstly, the process of symbol grounding can be useful and practical for the robots to
incrementally learn and acquire a language as well as acquire a novel symbol (language).
We agree that NLP is one of the core contents for the communication part of robotic
applications. Due to the complexity of natural language, it is very difficult for the engineers
to implement the whole content of language as well as its corresponding element in the
environment for robots to understand and like human beings. It is true that the data-driven
method can train both language models and visual classification well. Even the learned
model can successfully understand the novel and complicated structures of language and
visual objects. How these two structures can be linked and understood together is still a
problem. Such links would be useful to link the symbolic structure, which the language
model used to follow in the 1990s, and the deep-learning or other statistical methods.

Secondly, the grounding problem seems to be possible to be implemented in a robotic
system and make it work [146], but there is a dilemma: the most important problem
about the Z-condition is that the agent needs to be intentionality [147] is ultimately the
hard problem [148] of consciousness, which is the root requirement that is essential for
any autonomous agent to acquire such kind of “understanding”. Therefore, it seems
that it is difficult to let a robot understand a meaning. Nevertheless, it is believed in
a goal-directed robot, such intentionality can be marked from other data to indicate a
successful behavior [149]. In addition, with the grounded symbol, we can also solve the
easier problem between verbal instructions and the tasks: How can we explain and re-
produce the behavioral ability and function of meaning (and other intentional phenomena)
in robots?

5.1.4. Solutions

Indeed, researchers in the computational intelligence or artificial intelligence communi-
ties have proposed various methods in order to achieve the ultimate goals of “intelligence”.
Along with the debate about the definition and the goals of “intelligence” [150], it is sug-
gested that the requirements for a robot to be equipped with “cognition” are higher than
the “intelligent domestic robot”. Therefore, to realize the aforementioned cognition for
domestic robots needs more advances in computing techniques, cognitive sciences and
neuroscience.

The detailed technical solutions for realizing cognitive domestic robots are not dis-
cussed in this section. Nevertheless, to build a holistic mechanism related with cognitive
phenomena as well as the aforementioned intelligent functions, based on the concept of sit-
uated cognition, three aspects of research directions to build a holistic cognitive mechanism
for domestic robotics should be considered:

1. Knowledge acquisition. The structure of knowledge may be acquired by embodiment.
Therefore, the aforementioned multi-modal learning and a symbolic grounding may
be necessary.

2. Behavioral learning. Such learning can be conducted via learning by curriculum or
human demonstration.

3. Social interaction based on mutual understanding and theory of mind (ToM) [151].
The ToM ability, if it is successfully implemented, is able to allow the robot to dynami-
cally switch the roles during the interaction. It also allows the robot to endow abilities
of empathy to assist as a more practical robot assistant.

5.2. Data Safety and Ethics
5.2.1. Data Safety and Ethics in NLP

The security and robustness of machine learning models used in real-world environ-
ments such as a home is always an issue, especially the robots having close interaction
with inexperienced users. As domestic robots have easy access to personal data of users
such as personally identifiable information (PII) and personal health information (PHI),
researchers have raised concerns of privacy protection in the past few years [152]. Although
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the European Union has published the General Data Protection Regulation (GDPR) [153],
personal data protection is far from being well protected.

For example, in order to be triggered by speech command, some smart speakers keep
listening even when there is no interaction. Therefore, the speaker keeps listening to users
all the time. It will harm users if companies leak these private conservation data. Although
there have been widespread discussions on this topic, to the best of knowledge, there has
not been a perfect solution to protect the privacy of users.

Ethics and fairness have been a trending topic in the natural language processing
community. As the deep learning-based language model becomes popular, researchers
discovered that these models encode biases from the data they were trained on. For exam-
ple, gender biases have been observed in language models. Women are often associated
with nurses and teachers in terms of employment. Names of black people are represented
closer to negative words in word embedding spaces. Applying such NLP models to real-
life applications would be extremely dangerous. After XiaoIce was put online for a few
hours, users discovered that it uses abusive language in conversations. It had to be taken
offline shortly.

To ensure that domestic robots conform to ethical codes as humans do, it is necessary
to develop a standard evaluation method of ethics of robots. This evaluation method
should be exhaustive enough to test unethical behaviors in daily communications with
users from different backgrounds. Up to now, we are not aware of such industrial effort to
systematically evaluate ethical behaviors of robots.

5.2.2. Data Safety, Ethics and Explainability in Domestic Robots

As social companions in domestic environment, domestic robots ought to conform
to the constraints of ethics in the way that humans do. That is, they should guarantee the
safety of the data they access via their sensors, and follow ethical guidelines.

Safety is not a one-way framework while we only control the robot to avoid the
physical interaction the human as much as possible. The human users should also need
to understand what are robot is doing/going to do, as well as the rationality that behind
these choices. This is also related to the explainability in AI research which addresses the
task of explaining how machine learning models achieve certain decisions. As machine
learning methods become more important in decision making processes, establishing trust,
transparency and accountability of decision making process between human users and
domestic robots is critical.

Deep learning models have been criticized as “black boxes” as it is difficult to analyze
the parameter distribution of a deep learning model and understand how the result comes
out. Moreover, adversarial samples also warn that deep learning algorithms are not always
robust [154]. To this end, robotics research should also concentrate on the verification of the
reliability of the model (e.g., [155,156]). From the perspective of model training, since the
changes of data distribution also matter in the model performance, in the case of domestic
robotics, the robustness of individual differences also should be tested (e.g., [157])

On the other hand, rather than using the deep learning techniques, it is possible to
improve the explainability using explainable machine learning techniques, such as decision
trees, symbolic planner, etc. A recent study shows that people feel most trust in human–
robot interaction cases when they are able to see the explainable decisions the robot is
making [158].

Most importantly, as domestic robots aim to serve ordinary users, it is critical to
explain how they achieved certain decisions in the way ordinary users can understand.
Researchers in the NLP community have worked towards on generating natural language
descriptions to explain decision processes of deep learning models. This is a promising
direction to build close relations between users and domestic robots. However, such effort
have only been observed in academia, not in industrial communities.
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5.2.3. Solution

To build a robotic system which guarantees the data safety and ethical issue, a safety
design of the whole system should be emphasized in different aspects of the robotic system:

1. Sensor-wise: sensors that use bio-metric information, such as cameras, sometimes can
be replaced with other sensors such as LiDAR and infrared sensors [159–161]. If the
bio-metric details of users must be captured, such details should be processed locally
at the edge and should not be sent online.

2. Software-wise: it is crucial to ensure its reliability, adaptivity and ubiquity with the
advancement of software technology in the network design. To fit the requirements
of the ultra-fast network and computing, a designated middle-ware for the safety
feature of the network is needed to be further investigated.

6. Summary

In this paper, we surveyed existing representative commercial domestic robots and
related state-of-the-art computational methods, with a focus on the gap between them.
Categorizing robotic products into a taxonomy, we went through state-of-the-art works on
computational intelligence related to the core abilities by surveying reputable international
conferences and journals in each domain. We conclude that the gaps lie between existing
robot products and most advanced techniques. This is followed by a discussion on trends
and challenges of developing robot products in the future. Ethical issues, security and pri-
vacy protection are key concerns in developing domestic robots in the future. Developing
reliable domestic robots is a highly interdisciplinary task that involves knowledge from
different AI domains and communities.
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