A Learning Social Referencing
Disambiguation Framework for
Domestic Service Robots

by

Kaiwen Fan

A thesis
presented to the University of Waterloo
in fulfillment of the
thesis requirement for the degree of
Master of Applied Science
in
Electrical and Computer Engineering

Waterloo, Ontario, Canada, 2023

© Kaiwen Fan 2023



Author’s Declaration

This thesis consists of material all of which I authored or co-authored: see Statement
of Contributions included in the thesis. This is a true copy of the thesis, including
any required final revisions, as accepted by my examiners.

I understand that my thesis may be made electronically available to the public.

i



Statement of Contributions

Kaiwen (Kevin) Fan was the sole author for Chapter 1, 2, and 5 which were written
under the supervision of Prof. Kerstin Dautenhahn and Prof. Chrystopher L. Ne-
haniv. This thesis includes rst-authored peer-reviewed material that has appeared
in conference proceedings, published by the Institute of Electrical and Electronics
Engineers (IEEE).

Research presented in Chapters 3 and 4

In Chapter 3, Kevin Fan designed all systems described in [11], where Dr. Melanie
Jouaiti provided technical guidance. and proposed systems are integrated in the
initial framework in [12] by Kevin Fan, Melanie Jouaiti, and Ali Noormohammadi-
Asl. Later, the framework is extended by Kevin Fan, Melanie Jouaiti, and Ali
Noormohammadi-Asl. Each component of the framework is expanded on for this
thesis by Kevin Fan. The implementations of the framework and their descriptions
were solely written by Kevin Fan.

In Chapter 4, the system validation study was designed and run by Kevin Fan.
Melanie Jouaiti provided technical counsel. All authors reviewed and edited the
manuscripts [11,12].

Citations:

Kevin Fan, Melanie Jouaiti, Kerstin Dautenhahn, Chrystopher L. Ne-
haniv. Fuzzy Object Ambiguity Determination and Human Attention
Assessment for Domestic Service Robots. 2022 9th International Con-
ference on Soft Computing & Machine Intelligence (ISCMI) pp. 140-145
IEEE.

DOI: https://doi.org/10.1109/ISCMI56532.2022.10068479 [11]

Kevin Fan, Melanie Jouaiti, Ali Noormohammadi-Asl, Kerstin Dauten-
hahn, Chrystopher L. Nehaniv. A Social Referencing Disambiguation
Framework for Domestic Service Robots. IThe 40th IEEE Conference
on Robotics and Automation (ICRA 2023) pp. 11979-11983EEE.

DOI: https://doi.org/10.1109/ICRA48891.2023.10161168 [12]



Abstract

The successful integration of domestic service robots into home environments
can bring signi cant services and convenience to the general population and possibly
mitigate important societal issues, such as care provision for older adults. How-
ever, home environments are complex, dynamic, and object-rich. It is, therefore,
very probable that service robots will encounter ambiguity while interacting with
household items. Moreover, service robots need to have the capability to obtain
knowledge and continuously learn from the environment to ensure high adaptability
and persistent functional adequacy.

This thesis presents a learning object disambiguation framework for domestic
service robots that is inspired by the cognitive mechanism of social referencing and
the human visual mental imagery perceptual experience. The framework allows the
service robot to resolve various ambiguities in the object selection task and learn
objects through bidirectional human robot interactions. The framework's technical
details are explained in depth. We rst describe the base framework, which consists
of ve functional components: the user command interface, fuzzy ambiguity deter-
mination, fuzzy human attention assessment, social referencing disambiguation, and
short-term long-term memory object learning. We then explain our extended frame-
work with the expansion of robot mental imagination and user objection absence
detection to further enhance the robot's ability to handle novel objects and improve
interaction robustness.

To showcase and validate our robot framework, we developed a system validation
study with human participants. The framework is implemented on our mobile robot
manipulator, Fetch, for our testing scenarios. Our experiment is designed to measure
the success of the framework objectively and to understand the human perception
of the robot with the framework. The study design, implementation, results, and
discussions are illustrated.

Finally, we discuss the current limitations of the framework and summarize many
valuable lessons learned in this research project. We conclude the thesis with an ex-
ploration of many promising and exciting future directions for the proposed frame-
work. We believe this framework forms an important conceptual foundation for
future service robots to become \lifelong learners" with human guidance.



Acknowledgements

I would like to rst express my deepest gratitude to Professor Kerstin Dautenhahn
for her immense and continuous mentorship and support throughout my research
journey.

I would also like to thank Professor Chrystopher L. Nehaniv for his knowledge
and insight in many enlightening discussions.

I'd also like to thank my thesis readers, professor Moojan Ghafurian and professor
Gennaro Notomista, for reading my thesis and providing thoughtful questions and
feedback.

My thanks go to Dr. Melanie Jouaiti for her valuable practical support on this
project and her continuous friendship. Your experience and mentorship have been
pivotal in my academic career.

Thank you to Ali Noormohammadi-Asl for your friendship and valued support,
particularly in the many artistic illustrations of the project that made the project's
idea considerably more intuitive and accessible to a broader audience.

Thank you to Negin Azizi, Steven Lawrence and members of the Social and
Intelligent Robotics Research Laboratory, for the many insightful discussions and
feedback.

Lastly, I am immensely grateful for all the support and love | received from my
dearest family and friends.

This research was undertaken, in part, thanks to funding from the Canada 150
Research Chairs Program.



Dedication

This is dedicated to my friends, family, and my most supportive parents, Jing Su
and Yansong Fan, who provided me with unbridled support in all aspects to allow
me to pursue my dream.

Vi



Table of Contents

List of Figures IX
List of Tables Xi

1 Introduction 1
1.1 Motivation . . . . . . . . . 2
1.2 Research Objectives and Challenges . . . . . ... ... ... ..... 3
1.3 Contributions Summary . . ... .. ... .. ... 4
1.4 ThesisOutline. . . . . . .. . . . 5

2 Related Work 6
2.1 Ambiguity Determination . .. .. ... ... .. .. .. .. ..., 6
2.2 Attention Assessment . . . . ... 7
2.3 Disambiguation Strategies . . . . . . . . ... o0 e 7
2.4 Cognitively Inspired Robot Frameworks . . . . . . .. ... ... ... 8
2.4.1 Robotsocialreferencing . .. ... ... ... .. ....... 9
2.4.2 Robot mental visual imagery/imagination . . ... ... ... 10

3 A Learning Social Referencing Disambiguation Robot Framework 11

3.1 Framework Architecture . . . . . . . . . . . . . .. 12
3.1.1 SystemOverview . . . . . ... 13
3.1.2 User Command Interface . . . . . . . . . . . ... ... . ... 14

Vii



3.1.3 Fuzzy Ambiguity Determination . . . . . . ... ... ... .. 16
3.1.4 Fuzzy Human Attention Assessment . . . ... ... ... .. 22
3.1.5 Disambiguation . . . . .. .. ... .. oo 26
3.1.6 Learning and Object Selection . . . . . ... ... ....... 27
3.2 Extended Framework . . . . . . .. ... ... ... . 29
3.2.1 RobotMentallmagery . . . ... ... . ... ... ... 31
3.2.2 Second Loop of Social Referencing . . . .. ... ... .... 34
3.3 Interaction Example . . ... ... ... .. .. ... .. .. ... 35
3.4 Preliminary Testing . . . . . . . .. . . . . .. .. 38
3.5 DISCUSSION . . . . . . e 39
Fetch Robot Social Referencing System Validation 41
4.1 Interaction Scenarios and Procedure . . . . . . .. . ... ... .. .. 41
4.2 Participants . . . . . .. e e e e 43
4.3 Questionnaire . . . . . . ... e e e e e e 43
4.4 Experimental Results . . . . . ... .. ... ... .. . .. 48
Conclusion 52
5.1 Summary of Contributions . . . . . ... .. ... ... ... ..., 52
5.2 LessonslLearned. . . .. ... .. . ... ... 55
5.3 Limitations . . . . . . . .. 56
5.4 Future Directions . . . . . . . . . . . e e 57
References 59
APPENDICES 65
A System Validation Ethics Approval 66

viii



List of Figures

3.1 The Fetch robot with a mounted camera. . . . . . . .. ... ... .. 13

3.2 A domestic service robot encounters ambiguity in an object selection
task. The robot can only recognize generic containers, and it does not
know which one is the \salt"; disambiguation and learning are required. 14

3.3 The high-level ow diagram of the base social referencing disambigua-
tion framework. . . . . ... L 15

3.4 User command Interface GUI, left shows the idle interface, right shows
the veri cation interface, where the text in the text box is automat-
ically populated by the robot, and it is editable in case if the speech
detectionisincorrect. . . . . . . . . .. ... 16

3.5 Ambiguity determination data ow and overview. . . .. .. .. ... 17

3.6 Ambiguity determination membership functions; top panels show in-
put fuzzy membership functions (Antecedents) and the bottom panel

shows the output fuzzy membership function (Consequent).. . . . . . 19
3.7 The setup for preliminary evaluation of fuzzy functional components. 21
3.8 Attention Assessment data ow and overview. . . . . ... ... ... 23
3.9 Facial key points for head orientation. . . . . . . ... .. ....... 23
3.10 Eye key points for gaze assessment. . . . . . ... .. ... ... 24
3.11 Eye gaze membership functions, colors in respective membership func-

tions; top panels show input fuzzy membership functions (Antecedents)

and the bottom panel shows the output fuzzy membership function

(Consequent). . . . . . . . . 24



3.12 Attention estimation with heavy facial obstruction and di erent head
postures. (a) Semi-attentive (head tilted to the left, eye gaze at the
robot); (b) Fully-attentive(head and eye gaze directed at the robot);

(c) Semi-attentive (head tilted to the right, eye gaze at the robot) . . 26

3.13 Robot disambiguation with speech and gestures. . . . . ... ... .. 27

3.14 Network overview of the social referencing disambiguation framework.
Learning network with robot imagination (left), feedback network with
speech analysis and head gesture analysis (right). . ... ... .. .. 29

3.15 The robot does not know which container contains \salt" due to its
limited knowledge base; the robot invokes imagination and learning
and performs disambiguation with human feedback if the target is still
unclear after imagination; Robot's imagination can provide mental
guidance to accelerate the disambiguation and learning process. . .. 30

3.16 The high-level ow diagram of the extended social referencing disam-
biguation framework with robot mental imagery and a second loop of
social referencing. . . . . . . . ... 31

3.17 Extracted most salient object in the imagined scene for later analysis. 32

3.18 Examples of robot's visual mental imagery. . . . . ... ... .. ... 33

3.19 Network overview of the extended social referencing disambiguation
framework. . . . . . .. 34

3.20 Robot mental imagery of a ‘greencup’. . . . ... ... ... ..... 35

3.21 Ambiguity level result, ambiguity level can be classi ed as \vHigh"
which means very high, \high" which is high, \med" as medium, \low"
as low and \Low" asvery low. . ... ... .............. 36

3.22 Gaze level after attention attraction. . . . . . . . . . . .. ... ... 37

3.23 The siamese similarity comparison: the left vertical pair has a simi-
larity score of 0.72, and the right vertical pair has a similarity score of
0.95. The top query images are in the robot's view, and the bottom
anchor images are in the robot's long-term memory. . . . . . . .. .. 37

4.1 Experiment setup and the Fetch Robot. . . . . . ... .. ... .. .. 43



List

3.1

4.1
4.2
4.3

4.4
4.5
4.6
4.7
4.8
4.9
4.10
4.11

4.12

of Tables

Task Ambiguity Example Outputs. . . . . . . . .. ... ... .... 21
Adapted Technology-Speci ¢ Expectations Scale (TSES). . . .. ... 45
General Technology experience questions . . . . . .. ... ...... 45
Godspeed questionnaire on perceived intelligence with the 5-point se-
mantic dierential scale. . . . . ... .. ... .. ... .. .. 45
Robotic experience questions. . . . . . . . . ... L0 46
Adapted Robotic Social Attributes Scale (ROSAS) on robot competence. 46
Adapted Perceived Safety with Emotional State (PSE). . . . . . . .. 46
Adapted User experience questionaire (UEQ) . . ... .. ... ... 47
Robot predictability, human con dence, and robot dependability . . 47
5-point Likertscale. . . . . . . . . . . ... ... 47
10-point scale of measurementdegree. . . . . .. ... ... ... ... a7

In examining participants' responses before and after their interaction
with the system, we have reported the mean scores. Signi cant dif-
ferences with a p-value less than 0.05 have been highlighted in bold,
while items that retained their signi cance even after applying the
Benjamini and Hochberg False Discovery Rate correction have been
denoted with an asterisk (*). . . . . . . ... .. .. .. ... .. ... 49

The user experience following the interaction (5-point scale). . . . . . 50

Xi



Chapter 1

Introduction

Service robots have seen signi cant success in many professional sectors, such as
healthcare, agriculture, security, and more. In 2021, professional service robots saw
a considerable growth of 37% compared to the previous year, while personal service
robots, such as domestic service robots, saw a growth of 9% in contrast [32]. In addi-
tion, simple vacuuming robots or other indoor cleaning robots dominate the domestic
service robot market, whereas domestic service robots that can manipulate objects
and perform more complex tasks in households only occupy a fraction of the market
in comparison. This is understandable, as home environments are incredibly com-
plex, dynamic, and object-rich, even the fundamental task of robot object selection
can pose extreme challenges due to the unconstrained nature of the environment [15].
Additionally, the default knowledge of the robot will be limited by the constraints
imposed by the designer, resource availability, and various other factors. Further-
more, domestic service robots, unlike industrial or professional service robots, need
to have superior capabilities to analyze and perform actions based on the human
social environment. Where industrial or professional service robots are task-oriented
and the role and reaction of humans are not focused, domestic service robots must
complete the given task while considering behaviors that are understandable and
appropriate for humans.

In this project, we propose a learning robot framework inspired by the cogni-
tive mechanism of social referencing to enable a domestic service robot to perform
object disambiguation and learn novel objects through natural human interactions.
The framework is designed to be modular for maintainability and extensibility, and
the base framework is further extended to incorporate the function of robot mental
imagery (inspired by the human visual mental imagery perceptual experience) to al-



low the robot to be more adaptive to novel objects and make more natural learning
decisions in general.

1.1 Motivation

With the rapid progression of technology, domestic service robots are becoming ever
more autonomous, intelligent, and versatile [48]. However, for service robots operat-
ing in domestic settings where they need to interact with everyday household items,
there remain many unsolved problems. In home environments, the immense quan-
tity and variety of household objects, the unconstrained appearances of customized
household items, and the incompleteness and uncertainties involved in casual human
instructions can lead service robots into ambiguous states when handling objects.
Service robots need to have the ability to identify the degree of ambiguity in an
uncertain situation. Furthermore, the robot needs to evaluate the human partner's
attention and possibly attract human attention to disambiguate e ectively.

Humans are creatures of exploration and learning. The quest of pursuing knowl-
edge begins from our rst moment on earth and ends with our nal breath. Humans
are also creatures of collaboration; we do not have the claws and teeth of many
powerful predators in nature, but we can cooperate and achieve something greater
than any individual and accelerate a common goal's progression. These social and
collaborative characteristics also in uence how people learn; often, observing and
communicating with more experienced individuals in the group can give critical in-
sights and knowledge to the inexperienced. This method is particularly powerful
when written knowledge is not available or is too slow to be used in certain situ-
ations. Social referencing is a powerful mechanism that helps humans adaptively
change their behavior based on the feedback of their social interaction partners.
Speci cally, in human infants, social referencing is crucial to aid infants in resolv-
ing ambiguity and learning about their surroundings [4]. Social referencing has two
necessary components: 1- information-seeking, where one makes requests for clar-
I cation directed at the social partner, and 2- behavior-regulatory, where one can
alter one's behaviors based on the feedback received from others [7]. The successful
modeling of social referencing could aid domestic service robots in functioning more
e ectively and naturally within the human social environment.

Despite the fact that social referencing is often employed as a means of disam-
biguation and discovery in humans, current computational models of social referenc-
ing in robotics often emphasize the modeling of emotional aspects [6,45]. Current
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systems only attempt to make the robot associate a simulated emotion with objects
based on human feedback. Complementary to these approaches, our novel social
referencing framework that focuses on the utilitarian purpose of object disambigua-
tion could improve the usefulness and the market potential of a service robot, as the
proper manipulation of common objects is critical to many practical applications of
domestic service robots.

Drawing inspiration from this human perceptual experience, robots could also
benet from the generation of mental imagery. The combination of social learning
and mental imagery could be highly e ective for learning. Consider the description
of a vibrant red apple or the image of a full moon against a starry sky. These sim-
ple cues can trigger the formation of mental images in our minds. Humans possess
the remarkable capability to create mental imagery, enabling us to visualize objects,
recall events, and immerse ourselves in past experiences [23]. Mental imagery ex-
tends beyond visual perception and encompasses the other major sensory systems,
including proprioception and body awareness. However, humans heavily rely on their
visual system to explore and comprehend the surrounding environment. This is ev-
ident in the signi cant allocation of cortical tissue dedicated to visual information
processing compared to other senses [34]. By harnessing this ability, robots could
adapt more e ectively to unfamiliar situations and expedite the learning process for
novel objects.

1.2 Research Objectives and Challenges

This thesis aims at proposing a learning social referencing disambiguation framework
that allows a service robot to eliminate ambiguity and obtain knowledge of novel
objects in object selection tasks through human interactions.

The robot framework should enable a robot to analyze the visual scene and the
assigned task to determine ambiguity level, and the framework should be multi-
modal that allows for the analysis and production of speech and gesture signals with
a human partner to form bidirectional interactions in order to resolve ambiguous
states.

The research questions this project aims to answer are:

RQ1: How can we create a social referencing framework for service
robots to handle object selection tasks?



RQ2: How feasible is it to develop an interactive framework for service
robots that allows the robot to learn objects through interaction
and experience?

RQ3: How do people perceive the robot with the proposed framework?

The framework can be divided into multiple functional components, explained in
chapter 3. In addition, the extended framework is described later in chapter 3,
allowing robots to harness mental imagery and perform passive social referencing.
RQL1 is thus addressed in Chapter 3, while RQ2 is partially addressed in Chapter 3.
The framework's system validation results, through a human-robot interaction (HRI)
experiment, are illustrated in chapter 4, addressing the remainder of RQ2 and RQ3.

1.3 Contributions Summary

The contributions of this thesis can be summarized as follows:

1. Development of fuzzy decision systems that allow the robot to analyze the
object selection task ambiguity based on user verbal or written commands and
the robot's visual scene, and estimate the human attention based on human
gaze and head orientation.

2. Development of and the integration of fuzzy inference systems with the user
command interface, disambiguation module, long-term short-term memory ob-
ject learning, and robot imagination functional block to establish a social refer-
encing disambiguation frameworkfor domestic service robots. The framework
allow the service robot to:

(a) analyze the ambiguity level of a given task;

(b) assess the human's attention and attract human attention when necessary;

(c) disambiguate references to objects using human feedback (gestures and
speech);

(d) learn novel objects via robot mental imagination or human clari cation.

3. Veri cation of the proposed framework with an in-person HRI study, along
with the analysis of the experimental results, and critical discussions.

Lhttps://github.com/KevinFan9729/socialReferencingDisambiguation
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4. Supplemental discussions on possible future extensions of the framework so
that the framework can be more generalized, more adaptive and more e ective
in accomplishing the vision of an intelligent general domestic service robot.

1.4 Thesis Outline

The thesis continues with chapter 2 detailing the essential background information
on ambiguity determination, human attention assessment and existing related robotic
systems.

Subsequently, we introduce chapter 3 to provide information on the architecture
of the framework, and explain technical details and implementation details of the
framework by explaining all its functional components and extensions.

Chapter 4 documents a system validation Human-Robot-Interaction (HRI) ex-
periment where the framework runs on a mobile manipulator robot, Fetch. We show
the design of the experiment, the analysis of the experimental results along with
critical discussions.

Lastly, chapter 5 concludes this thesis with the summary of the project, along
with the a discussion of contributions of this work, and future directions and possi-
ble extensions of the proposed framework to enable a new generation of intelligent
universal domestic service robots in the near future.



Chapter 2

Related Work

This chapter provides relevant background information of related projects to explain
the context and motivation for developing a human inspired social referencing disam-
biguation framework for domestic service robots. We provide a brief overview of the
related methods and techniques on ambiguity determination, attention assessment
and object disambiguation along with some related robotic frameworks.

2.1 Ambiguity Determination

In regard to ambiguity level in object selection tasks, current literature primarily
utilizes simple Boolean logic for determination. In work presented by Hatori et
al. [18], the system determines if a detected object's con dence level exceeds a hard
threshold to be considered a potential target, and the system will determine that
the situation is ambiguous when there are multiple potential targets. Similarly, the
system introduced by Sibirtseva et al. [43] computes ambiguity by identifying the
number of objects the system can detect based on the request of the human partner.
The system determines that there is ambiguity if there are multiple potential target
objects in the detection. Similarly, Haasch et al. [16] also determine ambiguity based
on the number of objects that may satisfy the user request.



2.2 Attention Assessment

Fuzzy logic inference systems introduced by Zadeh [50,51] address uncertainties in
many real-world problems and closely resemble the human decision-making process,
yet can maintain relatively low computational demands and good exibility for rapid
adaption to incorporate new information if necessary. Robot object selection tasks
can include di erent kinds of uncertainty, and determining human attention involves
intrinsic vagueness, considering natural daily motions of the human partner (not
constrained by experimental setups). Therefore, fuzzy logic is well suited for handling
complexities in human-robot interaction applications, increasing system robustness
and integrating multiple data streams.

Assessing human attention is highly critical for many robotic applications. Lemaig-
nan et al. [24] described a system that utilizes the keypoint-based head pose of the
user to approximate gaze direction and subsequently uses head pose to estimate at-
tention focus. The system computes the \with-me-ness” value, a normalized ratio
metric of human attention based on the attention time on the target task and the
expected interaction time. Minguillon et al. [33] proposed the detection of human
attention in multi-speaker scenarios based on EEG data with fuzzy logic inference.
Whereas the work introduced by Li et al. [25] relies on gaze direction measurements
with fuzzy logic to evaluate a surgeon's attention and direct a robotic laparoscope
system to change viewpoints during surgeries adaptively. Asteriadis et al. [3] utilize
convolutional neural networks (CNN) to classify head orientation. They approximate
the gaze direction by transforming eye images and computing the gaze vector by com-
paring the transformed eye image with the front-facing eye image. The head pose
and gaze data are combined with a fuzzy inference system to calculate an attention
level.

2.3 Disambiguation Strategies

Object selection is one of the most common and fundamental tasks that a service
robot needs to achieve. The resolution of ambiguity involved in object selection has,

therefore, been extensively explored, by exploiting various human signals, such as
gestures or speech.

Gesture is one of the most commonly used methods for disambiguation [16,46,47].
Early work, such as [16] utilized the visual appearance of objects (color and shape)



for discrimination, and the system relied heavily on deictic (pointing) gestures from
the human demonstrator to disambiguate similar objects.

Although human gestures can be interpreted relatively easily and have proved to
be successful [16,46], more recent systems rely more on natural language, due to the
rising popularity and capability of deep learning. The system proposed in [47] for-
mulated the object selection task as a Partially Observable Markov Decision Process
(POMDP) that accepts human deictic gestures and speech to attempt to determine
the object desired by the user. The system can ask for verbal clari cation when the
desired object cannot be determined from the initial human desire estimation. The
system in [43] combined speech understanding of user instruction and visual display
of the potential targets to allow the user to provide additional information.

The work introduced in [30] analyzes detailed natural language instructions with
a multimodal target-source classi er model with attention branches. The model takes
in visual information, spatial locations, and linguistic instruction. The likely target-
source pairs (pairs of location of the target item and the item) are then generated,
using an attention map and the user could select the most desirable pair for the
robot to pick up without ambiguity.

Furthermore, the interactive dialogue system in [18] analyzed unstructured text
or speech instructions with Long Short-Term Memory (LSTM) recurrent network
and visual data with Single Shot MultiboxDetector and a Convolutional Neural Net-
work. The system disambiguates references by providing speech queries to the user.
Similarly, in [42] the system could analyze unstructured speech instructions and
disambiguate by providing more informative queries to the user. In [42], the sys-
tem performed a relevancy clustering operation to extract the target object after
the LSTM and CNN analysis. Zhang et al. suggested an improved interactive dia-
logue system by using a POMDP model to track the history of observations and ask
appropriate informative clari cation questions to disambiguate [52]. More similar
language-based interactive dialogue systems are discussed in [36], [35] with improved
language understanding and more detailed disambiguation queries.

2.4 Cognitively Inspired Robot Frameworks

Our framework is heavily inspired by human cognitive mechanisms and perceptual
experiences. Simulating human functions can facilitate robots' ability to produce

more human-understandable and acceptable behaviors; thus, many robotic frame-
works and systems also draw inspiration from human cognition. To conclude the
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related work section, we provide a brief overview of some of the noteworthy human
cognition inspired robot computational frameworks that are in the realm of social
referencing and mental imagination.

2.4.1 Robot social referencing

Previous attempts have been made to simulate the social referencing mechanism in
robotics. In the work proposed by Thomaz et al. [45] and the work introduced by
Boucenna et al. [6], systems were proposed that incorporated emotion recognition and
the robot's internal states to explore the relationship between emotions and objects.
The work in [45] developed a framework on an anthropomorphic robotic platform,
"Leonardo”. This framework enabled the "Leonardo” robot to track 22 a ectively
salient facial nodes via environmental cameras and onboard cameras. The facial
analysis allowed the robot to estimate emotions based on facial expressions, and it
also enabled the robot to understand the head orientation of the user. The framework
was capable of responding to vocal inputs via a simple word-spotting mechanism,
so that the robot could understand the emotional values of short phrases based
on emotive keywords. The human demonstrator could show various objects with
di erent facial and verbal expressions, and based on these stimuli, the robot could
pay attention to objects and associate the emotional contents of the demonstrated
objects. In later interactions, the robot could display proper motor expressions
towards objects that were associated with particular emotions. For example, the
robot could express a “fearful' expression toward a "bad' object.

Similarly, in [6], the proposed framework was implemented on a custom robot
head and manipulator combination. Through facial expression analysis and emo-
tional modeling, the robot could understand the simple a ective states of the user.
To obtain focus points on objects, attention saliency maps were then computed as the
combination of the color detector (color saliency) and Gabor Iter (texture saliency)
outputs. The system enabled the robot to observe the facial expressions of its human
interaction partner and the objects presented by the partner. Based on the facial
expressions of the interaction partner, the robot is able to associate internal emotions
with the presented objects and trigger appropriate motor actions when encountering
the objects again. For instance, if an object is associated with negative emotions,
the robot arm could try to avoid it, while it would approach objects associated with
positive emotional values.



2.4.2 Robot mental visual imagery/imagination

Utilizing visual mental imagery or imagination can greatly enhance a robot's over-

all adaptability. In earlier research conducted by Roy et al. [39], a mental imagery

system incorporating spatial language understanding was introduced. This system
enabled a robot manipulator to maintain object permanence and comprehend per-
spective di erences in conjunction with a conversational agent. The mental model

was created using simple 3D rigid body objects within a simulated environment, and
a physical dynamic predictor was employed to anticipate the object's location in the

subsequent image frame.

More recent advancements, as demonstrated in the work of Mania et al. [31], have
implemented a 3D virtual reality engine and a realistic physics simulation to estab-
lish the robot's mental representation of the workspace. The approach facilitated a
\general comprehension” of the objects that the robot was required to interact with,
allowing for comparisons between imagined expectations and the actual sensory in-
put. The physics simulation allowed the robot to reject physically infeasible object
manipulation plans and update its expectations in the robot mental representation.
Furthermore, Lin et al. [27] proposed a mental imagery model that constructs a 3D
representation of the scene using multiple 2D images captured by the robot's sensors.
The work here emphasized the prediction of unobservable viewpoints via Neural Ra-
diance Fields as virtual cameras. The virtual cameras could then be used to allow
a robot to ‘imagine' unseen view points of an object if the robot would mentally
rotate the object or reposition itself. These advancements in mental imagery models
contribute to the robot's ability to perceive and interpret its environment e ectively.

Our framework integrates social referencing and mental imagery techniques for
disambiguation purposes, leveraging both verbal and nonverbal cues. Moreover, the
framework facilitates the robot's acquisition of knowledge through interactive expe-
riences. The incorporation of the mental imagination process enhances the robot's
capabilities when dealing with objects where its base knowledge is insu cient. This
is achieved by optimizing the questioning process (asking e cient questions), or even
bypassing the need for interactive disambiguation entirely when the imagined object
closely resembles the target item.
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Chapter 3

A Learning Social Referencing
Disambiguation Robot Framework

In this chapter, we describe the development and implementation details of the learn-
ing social referencing disambiguation framework for domestic service robots. The
framework is highly modular and can be divided into ve fundamental functional
components:

A

User command interface

" Fuzzy ambiguity determination

" Fuzzy human attention assessment
" Social referencing disambiguation

" Short-term long-term memory object learning.
These major ve functional components form the basic proposed framework, and
thanks to the conceptual modularity of the framework, we then extended the frame-
work with two additional auxiliary functional components:

" Robot mental imagery/imagination

" Objection absence detection.
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We explain the base framework along with all the fundamental functional components
rst, the we can elaborate on the extended framework.

The proposed framework combines both human speech and gesture feedback and
utilizes simple robot speech queries and robot gestures to disambiguate the correct
reference. In addition, the system also incorporates a short-term/long-term mem-
ory learning scheme to learn novel objects after disambiguation, so that the robot
can execute the task without ambiguity, if the same instruction is given again. The
framework draws inspiration from the human cognitive mechanism of social referenc-
ing, and it is later expanded with the concept of mental imagery to allow e ective
and natural human robot interactions.

The full framework is implemented on a Fetch mobile manipulator robot, as illus-
trated in Figure 3.1. The Fetch robot shows satisfactory mobility, object handling
capability, and real-time perceptual sensing ability, making it suitable as a hypo-
thetical domestic service robot. A Microsoft Surface laptop is used to provide a
keyboard input channel and display speech queries detected by the robot. An addi-
tional Google Pixel 4a camera is mounted onto the head of the robot to provide an
additional high-resolution video stream to the attention analysis block (This camera
is needed as the robot's onboard camera is used for object detection, and the frame
rate of the onboard camera is not very high. For attention analysis, the eye move-
ment needs to be tracked in a high frame rate video stream.). The framework is
integrated with the robot operating system (ROS). A remote Ubuntu 18.04 PC with
an NVIDIA RTX 2060 GPU and an i7 Intel Core CPU (11th Gen Intel i7-11700 @
2.5GHz x 16) hosted all data processing pipelines, deep learning models, and robot
planning and control models.

3.1 Framework Architecture

Let us consider the scenario depicted in Figure 3.2 where the human user instructs
the service robot to \pass the salt". The robot then looks for objects on the table and
nds multiple containers. However, without a speci cally trained object detection
model, it cannot understand which one is the salt container. Additionally, the robot
is encountering ambiguity due to detecting multiple potential targets. After deter-
mining the presence and the degree of ambiguity, the robot needs to seek clari cation
from the human partner to disambiguate. The robot can then proceed to execute
the task, adapting its behaviors based on the human's feedback. Importantly, if the
ambiguity stems from the novelty of an object, the robot needs to learn that object's
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Figure 3.1: The Fetch robot with a mounted camera.

characteristics to avoid ambiguity in the future.

3.1.1 System Overview

The framework' (Figure 3.3) takes in natural language commands or text-based in-
put for task instruction. It extracts the object label plus any descriptive terms of
the object, e.g., \salt container" and \blue cup”. The framework then analyzes the
visual scene of the environment, determines if the object is known and computes the
ambiguity level of the task via fuzzy logic [11]. If the ambiguity level is "high' (i.e.,
there are multiple target candidates or the requested object is unknown), the frame-
work noti es the user about the ambiguity via speech and assesses human attention
level, based on visual data, and it tries to attract human attention via speech or robot
gesture (i.e., waving) before the disambiguation process. The framework allows the
robot to perform deictic gestures, gaze communication, and simple verbal queries to
inquire about the potential target candidate. The human's speech and head gestures
are analyzed to provide feedback and to enable the framework to obtain the correct
reference. If the primary ambiguity source originates from the novelty of the object

1Source code available:
https://github.com/KevinFan9729/socialReferencingDisambiguation
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Figure 3.2: A domestic service robot encounters ambiguity in an object selection
task. The robot can only recognize generic containers, and it does not know which
one is the \salt"; disambiguation and learning are required.

label, the framework will store the clari ed item's visual example into the long-term
memory for future retrieval. Lastly, the robot fetches the determined target item.

The social referencing disambiguation framework integrates multiple data-driven,
deep-learning solutions, fuzzy logic inference and expert systems to perform task,
speech, and gesture analysis. The high-level ow diagram of the entire framework is
shown in Figure 3.3.

3.1.2 User Command Interface

The user can provide instructions to the robot with either text-based inputs or verbal
commands. To support text-based inputs and input veri cation, we developed an
interactive graphical user interface (GUI), which is illustrated in Figure 3.4.

If the user chooses to directly issue verbal commands, we utilize the Google Speech
Recognition API to transcribe speech to text. Since human language is creative and
productive in nature, there are various ways to express the same idea with di erent
vocabulary and sentence structures. For example, if the user wants the robot to pass
a cup, one may say, \please pass me the cup”, or \the cup please”, or \hand me the
cup”. Itis also natural for users to add descriptors to the target object such as \give
me the red plastic cup”. Since we do not restrict how the user issues verbal com-
mands, the possibilities are almost limitless. Instead of building complex language
models to extract the relevant information, we tokenize the entire instruction into
word tokens and apply the HunPos tagger [17] to classify the tokens' word classes.
We then combine all adjectives followed by nouns to construct the target label. For
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Figure 3.3: The high-level ow diagram of the base social referencing disambiguation
framework.

example, for the command \can you please give me the red plastic cup” the extracted
label will be \red plastic cup”. Additionally, we recognize that speech-to-text tran-
scription can be faulty due to many factors, such as accents, signal strength, and
audio noise. The GUI displays what the robot heard automatically if a valid instruc-
tion is recognized, the GUI can then prompt the user, and the robot verbally asks for
con rmation before processing the (potentially faulty) command. The inclusion of
this additional user con rmation step intends to address the unreliability of natural
language interactions with robots due to noise, weak signal strength, and user accent.
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Figure 3.4: User command Interface GUI, left shows the idle interface, right shows
the veri cation interface, where the text in the text box is automatically populated
by the robot, and it is editable in case if the speech detection is incorrect.

3.1.3 Fuzzy Ambiguity Determination

After obtaining the object label, the robot needs to analyze its visual scene and
determine if the current task is ambiguous. The system receives commands from
the human user to instruct the robot on the item of interest. The robot utilizes
the onboard RGB camera and YOLO [37] object detection trained with Microsoft
COCO dataset [26] to detect objects and create bounding boxes. We then extract
the object con dence of the target object(s) and the number of items that satisfy the
user command. These crisp numerical values feed the fuzzy inference system [1] for
analysis and data integration. Additionally, the this fuzzy system implicitly analyze
the object novelty (novel objects have detection con dence of 0). Finally, the system
computes a crisp numerical ambiguity level metric for the robot to determine the
ambiguity of the current situation, and the robot can react accordingly based on
the level of ambiguity. An overview of the fuzzy ambiguity determination blockis
illustrated in Figure 3.5.

As described in Zadeh's fuzzy set theory and fuzzy inference system [49{51], the
fuzzy logic models the imprecision of data by taking the linguistic variables as in-
puts and describing them with membership functions. A network of if-else rules
speci es the relationships between terms in the fuzzy set, and lastly, the system pro-
duces a crisp numerical value through a defuzzi cation method. Since we deal with

2Source code available:
https://github.com/KevinFan9729/FuzzyAmbiguityandAttentionDetermination
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Figure 3.5: Ambiguity determination data ow and overview.

dynamic environments, language-based instructions, and real-time object detection,
fuzzy logic is applied here to mimic the human decision process to handle the im-
precision of real-world data. There are di erent kinds of ambiguity involved in the
robot object selection tasks:

" Ambiguity due to multiple target candidates

~ Ambiguity due to misclassi cation and low con dence in the object detection
algorithm

" Ambiguity due to object novelty.

Instead of just giving a binary ambiguity analysis (ambiguous vs. non-ambiguous),
our fuzzy logic inference system can compute a continuous ambiguity level to enable
the robot to adapt to those levels and address di erent kinds of ambiguity.

Our fuzzy decision system utilizes the object con dence score of the target object
and the number of objects that satisfy the human instruction as antecedents, and the
consequent of the system is the ambiguity level of the task. The linguistic variable
‘object con dence' is divided into ve folds: very low (vlow), low, medium (med),
high, and very high (vhigh); the universe of discourse of this variable is de ned as
a normalized measure in the numerical range from zero to one. The ‘ambiguity
level' variable can be considered as a percentage similar to the con dence level; thus,
the ambiguity level has the same linguistic categories and the universe of discourse
as the 'object con dence' variable. The 'object count' input has four terms: no
object (noObj), single object Ene), two potential targets (two), and multiple objects
(more). The universe of discourse of ‘object count' can be de ned from zero to seven.
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Ambiguity Determination Membership Function

The membership functions for the object con dence level and the ambiguity level
are de ned by Gaussian functions with means of 0, 0.25, 0.5, 0.75, 1 fdow, low,
med high, vhigh respectively, and a standard deviation of 0.1, the maximum of all
Gaussian functions is scaled to 1:

fx)=exp  —— (3.1)

Ambiguity can arise due to low con dence in object detection. Low con dence can
be caused by various factors such as poor lighting conditions, unusual appearances
of custom objects, and more.

The object count has a membership function de ned by a combinations of trian-
gular functions, a Dirac delta function, and a trapezoidal function;

the triangular function in the general form of:

8
2o a<x<b

f(x)=>%; b<x<c (3.2)
0 X aorx c;

the translatable Kronecker delta function:

1, x=T
x T)= ' 3.3
( ) 0; otherwise; (33)

and the half trapezoidal function which can be speci ed:

(
X2 a<x<b
f(x)= b& 3.4
0 1 b x: (34)
together the aggregated membership functions:
% X+1; 0 x<1
(x x=1
f(x)= 1<x 2 (3.5)
§x+3and(x2) 2<x 3
x 3
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Figure 3.6: Ambiguity determination membership functions; top panels show input
fuzzy membership functions (Antecedents) and the bottom panel shows the output
fuzzy membership function (Consequent).

It is important to include the object count data as this variable entails a di erent
type of ambiguity that multiple objects are potential targets. Though the fuzziness
of the object count is limited, the membership function described in equation 3.5
can incorporate and integrate the object count data into the overall fuzzy inference
system.

A graphical illustration of the membership functions utilized are shown in Figure
3.6. Because the fuzzy membership function describes the degree of truth that an
element belongs to a subset (partial truthiness), the maximum value of the member-
ship function is 1. The antecedent membership functions describe the visual scene,
and the consequent membership function describes the overall ambiguity level.

Ambiguity Determination Knowledge Base

A network of if-else statements constructed the knowledge base of the fuzzy ambi-
guity unit to infer decisions. The inference rules describe the relationships between
terms of linguistic variables. The ambiguity determination system utilizes eight un-
derstandable inference rules to estimate the ambiguity level of the task. The inference
rules are summarized as follows:

1. IF (object con denceis very low OR low) AND (object counthas no object
OR multiple potential targets) THEN ambiguity levelis very high
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2. IF (object con denceis very low OR low) AND (object countis one) THEN
ambiguity levelis high

3. IF (object con denceis low OR medium) AND (object count has multiple
potential targets) THEN ambiguity levelis high

4. IF (object con denceis low OR medium) AND (object countis one) THEN
ambiguity levelis high OR medium

5. IF (object con denceis medium OR high) AND (object count has multiple
potential targets) THEN ambiguity levelis medium

6. IF (object con denceis mediumOR high) AND (object countis one) THEN
ambiguity levelis low

7. IF (object con denceis high OR very high) AND (object counthas multiple
potential targets) THEN ambiguity levelis medium

8. IF (object con denceis highOR very high) AND (object countis one) THEN
ambiguity levelis very low

As shown, our fuzzy rules are intuitive in describing events (a highly explainable
system). Furthermore, rules are also exible for modi cations and additions when
new domain knowledge is obtained. The ambiguity level is a crisp real number that
is defuzzi ed using the centroid method described in [1], where the center of mass of
the activated membership function is calculated as the output value.

Example Output

We obtained preliminary example outputs of this functional components with the
Fetch robot. The user supplied the robot with the object label, and the robot
utilized the proposed fuzzy system to analyze the task ambiguity.

With the Fetch robotic platform running YOLO object detection, the robot can
determine the ambiguity of the object selection task with the proposed fuzzy in-
ference. Table 3.1 summarizes the robot's determination of task ambiguity where
the human partner instructs the robot to hand over an object from di erent objects
setups on a desk.

With the evaluation of the task ambiguity on a numerical scale, the robot can
decide that the current situation is clear if the ambiguity level is low. Importantly,
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Figure 3.7: The setup for preliminary evaluation of fuzzy functional components.

the robot can be adaptive and initiate di erent disambiguation plans based on the
various degrees of ambiguity.

Fuzzy Ambiguity Determination

User object| Potential Object | Num. of Ob- || Task Ambiguity
label Con dence jects that Satisfy || Level

the Task Instruc-

tion
cup 0.93 1 0.17
bottle 0.85 1 0.21
banana 0.73 1 0.26
apple 0.64 1 0.43
cup 0.91 2 0.50
box 0.34 1 0.54
bowl 0.54 3 0.62
white cup 0 0 0.80

Table 3.1: Task Ambiguity Example Outputs.
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3.1.4 Fuzzy Human Attention Assessment

The system cannot disambiguate e ectively if the human user is not paying ade-
guate attention to the robot. Therefore, the framework needs to assess the human's
attention level before engaging in any disambiguation process. The system utilizes
both head orientation and gaze direction to evaluate the attention level of the user.
The framework applies the method proposed in [29] to extract user facial key-points,
iris coordinates and performs Perspective-n-Point (PnP) solving with Levenberg-
Marquardt optimization [10]. The head pose can then be determined by the thresh-
olding logic of the head rotational values in the x and y dimensions. To estimate
eye gaze direction, we apply another fuzzy inference system due to the fact that eyes
are small visual features that can be noisy in terms of detection. In addition, eye
movements are also considerably more subtle compared to head rotation, and the
fuzzy inference system can aid the estimation to be more robust. The framework
employs Gaussian membership functions in the form of equation (1) to describe the
gaze direction in each eye and the activated memberships in each eye are then pro-
jected to the consequent Gaussian membership function for overall gaze direction
estimation. The membership functions in each eye are also continuously calibrated
with the positions of the respective eye's inner and outer corners to accommodate
di erent eye shapes and sizes that can vary due to head movements. The eye gaze
direction identi cation fuzzy interference system's universe of discourse is given by
measurements of eye position adjusted based on local eye corners and head pose la-
bels. The iris locations of the eyes are fed into the fuzzy system to generate an overall
numerical eye gaze measurement, and the gaze labels are computed with threshold-
ing functions adjusted with the head pose label. Finally, the human attention label
can be determined with the head pose and eye gaze. Figure 3.8 provides an overview
of the fuzzy human attention assessment functional componént

As previously described, the attention assessment system utilizes facial key points
to determine head pose and eye gaze labels. Due to safety considerations of COVID-
19, the system needs to detect head orientation with obstructed facial features (users
may need to wear facial masks to prevent contraction of airborne COVID-19); there-
fore, the system utilizes key points on the forehead, the center point between the
eyebrows, and two outer corners of the eyes for the head pose detection (see Figure
3.9). The head pose directional labels (head up, head down, head left, head right)
can be determined with simple thresholding logic on head rotation.

3Source code available:
https://github.com/KevinFan9729/FuzzyAmbiguityandAttentionDetermination
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Figure 3.8: Attention Assessment data ow and overview.

Figure 3.9: Facial key points for head orientation.

Eyes are small facial features and require special attention to process accurately
and reliably. Therefore, a fuzzy inference system is implemented that incorporates
head rotation labels to compute eye gaze direction. The left and right eye position
levels are the antecedents of the fuzzy system, and they are all divided into three
folds: low, medium, and high. The universe of discourse of each eye is dependent on
the coordinates of the inner corners and the outer corners of the respective eye; thus,
the fuzzy system is locally calibrated to accommodate di erent eye shapes and sizes.
Both iris locations are subsequently fed into the fuzzy system as input for inference.

Attention Assessment Membership Function
The gaze direction variable also employs the Gaussian membership function in the

form of equation 3.1. As mentioned, the universe of discourse of this consequent
variable is static. Therefore, the means of the three Gaussian functions to describe
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Figure 3.10: Eye key points for gaze assessment.

the three terms in the fuzzy set are 0, 0.5 and 1, with a common standard deviation
of 0.1. Graphically, the membership functions are as follows;

Figure 3.11: Eye gaze membership functions, colors in respective membership func-
tions; top panels show input fuzzy membership functions (Antecedents) and the
bottom panel shows the output fuzzy membership function (Consequent).

Attention Assessment Knowledge Base

If there is a need for clari cation, the robot needs to understand whether the human
partner is paying attention to the robot before it initiates any disambiguation pro-
cesses; thus, we need to acquire information regarding the gaze contact of the human
partner. The human partner is likely not paying adequate attention to the robot if
the user is not looking at the robot, and vice versa. The inference rules for the gaze
contact remain highly intuitive and can be summarized as follows:
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1. IF (left eye position levelis low) OR (right eye position levelis low) THEN
overall gaze directionis left

2. IF (left eye position levelis medium) OR (right eye position levelis medium)
THEN overall gaze directionis center

3. IF (left eye position levels high) OR (right eye position levelis high) THEN
overall gaze directionis right

The crisp value is again calculated with the centroid method [1]. The crisp value
is then passed into thresholding functions to enable the robot to be aware of human
eye contact or acknowledge that the user is looking elsewhere.

After we establish the human gaze focus label, we combine it with the human
head orientation label to estimate human attention:

1. IF (head orientation is center) AND (gaze focusis eye contact) THEN at-
tention is full attention

2. IF (head orientationis center)AND (gaze focuss eye away)THEN attention
IS semi-attention

3. IF (head orientationis left OR right) AND (gaze focuss eye contact)THEN
attention is semi-attention

4. IF (head orientationis left OR right) AND (gaze focuds eye away)THEN
attention is no attention

5. IF (head orientationis down) THEN attention is no attention

6. IF (head orientationis up) THEN attention is no attention

Example Output

The proposed attention assessment system can determine human attention by head
orientation with key points analysis and gaze focus detection with fuzzy inference.
The system can robustly evaluate human attention even with obstructions caused by
users wearing a face mask or eyeglasses due to our selection of facial key points, and
the system is able to determine whether the user is looking at the robot even when
the user's head is tilted.
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