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Abstract. Social robots can convey information using verbal and non-verbal channels. How-
ever, little is known on the effects on how these channel affect human gaze behaviour. The
current study investigates how human gaze behaviour works when humans receive congruent
and incongruent cues using a combination of visual and auditory directions. To achieve this, a
state-of-the-art gaze estimation model and external eye tracking glasses are used to measure
gaze fixations in three area of interests: the head, a tablet on the torso, and the arms for
gestures. The experiment uses a combination of two of these three modalities, with one being
primed for participants to focus on. The results of the study indicate that while humans gaze
at the face more than gestures when instructed by a robot, this effect does not occur when
they are prompted to look at the gesture. The study also found that there is no difference in
the choice between a modality being the prompted or non-prompted modality. Additionally,
congruent cues are processed faster than incongruent cues, except when humans are prompted
to look at the tablet. This result shows that congruent directions, and the choice of modality
to convey information, are useful for improving the design of social robots.
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1 Introduction

Originating from human-human studies, the growing focus of gaze dynamics with social robots
highlights the importance of research into the psychological mechanisms that underlie human-robot
interaction. The mechanisms of gaze are used to estimate our intentions to and from other humans
[4]. However, they may not directly translate into the same behaviour when a human interacts with
a robot. Capturing, interpreting, and acting on human behaviour during interactions can then lead
to enhancements in the design on social robots. These enhancements are useful for turn-taking,
which makes conversations with robots more engaging and naturalistic. But what is meant when
we talk about interactions, and what influence does gaze have on human-robot interaction?

Hornbaek & Oulasvirta have investigated what constitutes interaction and have concluded that
interaction concerns two entities that determine each other’s behaviour over time [20]. Interaction
can be accomplished by using cues in verbal and nonverbal modalities, such as using gestures and
speech. Gestures of humans are mainly performed in the central gesture space, which is the space
of the torso and the length of the lower arms [14]. Additionally, the perception of speech during
social situations is one of the building blocks of face-to-face interaction. For instance, the addition
of visual cues from the face leads to an increase in the intelligibility of speech [18].

Humans use explicit cues (e.g., instructions, direct statements) and implicit cues (e.g., gaze, body
language), to convey information. These cues can be congruent (e.g., the word “red’ in red letters)
and incongruent (e.g., the word ‘red’ but in green letters), where congruent cues are processed
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faster than incongruent cues. The performance cost in the mismatch (e.g., incongruent) condition
is called the Stroop effect [21]. Additionally, cues can form instructions, which influence correctly
executing skills [9].

Gaze is a visual cue using the eyes. The eyes can provide signals to send and capture information
about the world [11]. The relative spatial position of the eyes indicate fixations, which are aggregated
gaze points on a specified area and time span [5]. Fixations play an important role in the survival
of humans by indicating visual attention, with Grossman stating that the cues created by the
eyes are a hallmark of social function and are deeply rooted in human biology [13]. Gaze can be
estimated using eye tracking technology. These technologies can be on-screen, mobile, and head-
mounted eye trackers [3]. Fast commercial eye trackers can reach up to 2000 recordings per second
(2000Hz), while wearable eye trackers might only reach 50 recordings per second (50Hz). The latter
rate of recordings per second is preferred when researchers are interested in where humans look,
whereas a higher rate of recordings per second is preferable when millisecond accuracy is required
[7]. Additionally, to measure the distributions of attention to regions, areas of interest (AOIs) can
be defined [5], which are useful for determining where people look.

While gaze describes where the eyes are directed, visual attention is about processing and
understanding what the eyes see. Visual attention can be described using overt and covert attention.
Overt attention is the physical movement of directing the eyes to a stimuli. Covert attention is the
mental shift of attention, without the physical movement of the eyes [26]. Visual attention can be
measured as an inference from differences in manual reaction times [18]. Visual attention is exactly
what was measured in a study executed by Ozer et al. [23] through capturing accuracy, response
time (RT), and gaze. Their study has a human watching a video recording of another human giving
a cue of a relative spatial relation (e.g., left-right or on-under), and serves as the basis for the
current study. The logic underlying the psychological processing of human-human interaction can
also apply to social robots: if one understands the effect of a human looking at a robot, then the
robot can also tailor themselves to the human.

Placing a human in front of a robot, rather than using a video recording brings forth its chal-
lenges, such as capturing human gaze in a more naturalistic setting. For this, recent advancements
in state-of-the-art gaze estimation models can be employed to enable robot interactions without
the need for humans to wear external instruments. These models can be used as a cue for the robot
to be able to deduct where a human is looking. These cues might be useful for the robot to know
when to, or when not to, engage with a human. Given that humans and robots can communicate
using different modalities, knowing how people pay attention to verbal and nonverbal modalities of
the robot might help with the design and development of robots.

1.1 Research Question and Hypothesis

Central in the study is the aim to explore the effects that influence human accuracy, response time,
and gaze behaviour, as well as the effectiveness of gaze models. The congruency and modality of
cues will be changed and the effect will be measured by the response time, accuracy, and gaze be-
haviour. One modality, called the focus modality, will be the cued modality for participants to focus
on. Additionally, whether dedicated hardware is required to track human gaze will be investigated.
This leads to the following research question:

‘How do congruent and incongruent multi-modal cues from a social robot influence human gaze
behaviour?’
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In order to investigate this research, the following hypotheses are defined:

Hypothesis 1: Congruent cues will be processed faster than incongruent cues (Stroop effect
21]).

Hypothesis 2: The face will receive more fixations during each trial than the gestures [23].
Hypothesis 3: The focus modality will receive more fixations during each trial compared to
when that modality is not the focus modality (task compliance).

1.2 Approach

The aim of the current study is to contribute to the understanding of gaze behaviour during human-
robot interaction, with particular focus on human gaze at the robot’s body parts. To achieve this,
an experiment will be set up with a human facing the social robot Pepper. The robot will instruct
the human to focus on one of three modalities: gesture, speech or the tablet. It does so by saying
" Please focus on [modality/", with “modality’ being a directional “left’ or a ‘right’ signal, with an
example being the left arm being raised. The human has to match this direction by pressing the key
on the keyboard with the same direction. Simultaneously, another modality will send a directional
signal, which can be the same (congruent) or the inverse (incongruent) direction. The response
time and accuracy of the response will be measured. Simultaneously, the gaze of the human will be
tracked, twice with two cameras through the state-of-the-art L2CS model [1] and once through the
Pupil Labs Invisible eye tracking glasses [25]. This gaze will be mapped to areas of interests, which
can then be interpreted to identify where participants gaze during the experiment.

1.3 Overview

First, the work of other researchers will be described in chapter 2 Related work. Next, chapter 3
Technical implementation talks about the technical components such as waking the Pepper, con-
trolling actuators, and setting up the calibration and experimental code. Following the technical
implementation are the technical issues encountered in chapter 4 Technical Issues. Following the
technical issues is chapter 5 Methods, containing the choice of instruments, participants, the inter-
action setup, and an in-depth description of the experiment. Chapter 6 Results will then present the
visualization and data of the study. The findings of chapter 6 Results will be discussed in chapter 7
Discussion. Chapter 8 LEDs proposes a study idea on the effect of applying different visual features
using the LEDs on the head of the Pepper, combined with variations in the head yaw and tilt.
The current study will then be summarized by chapter 9 Conclusion, where the research question
will be answered. This thesis will then conclude with chapter 10 Acknowledgements, which includes
thank-you notes.

2 Related Work

2.1 Reference paper: Ozer et al. (|23])

The current study is based on a study executed by Ozer et al. [23], and will be used as the main
reference paper. The study by Ozer et al. [23] places focus on visual attention from humans on
gestures in the comprehension of spatial relations between objects in different speech contexts (e.g.,
"The candle is here/right") and gesture condition (e.g., with or without gesture). A particular
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focus is placed on the comprehension and allocation of direct visual attention to the gestures using
an eye tracking paradigm, such as using accuracy, response time and tracking gaze. Their study
investigates whether participants gaze more at gestures when complementary or redundant cues
are provided, in relation to the accompanying speech compared to no gestures. The reference study
tests the comprehension of two types of spatial relations: a viewpoint-independent spatial relation
(e.g., on-under) and a viewpoint-dependent spatial relation (e.g., left-right).

During the study of Ozer et al. [23], participants are asked to watch a video recording and choose
the picture that best depicted the spatial relation of two objects among four options. Participants
first go through familiarization and practice sessions, with the latter providing oral feedback on
the correctness of their input. They then go through calibration and the actual experimental task.
Participants are presented with a "Get Ready!", a preview of the response screen, a 1,000-millisecond
fixation screen, the relative position (left, right, on, under), and finally the response screen. They
are then asked to choose the correct picture with the mouse as quickly and accurately as possible
on the response screen.

The main elements from the reference study that have been used in the current study are the
"Get Ready!" message, providing participants with practice session, using eye tracking and their
measurements of response time and accuracy. Different from their study, the current study does not
specifically look at spatial relations, but at gaze behaviour onto a robot. Additionally, where the
study by Ozer et al. [23] is a human-human study with a video recording of a human, the current
study will be executed in a physical setting with a human and a robot.

2.2 Human-Robot Interaction

Admoni and Scassellati divide three broad categories of research on the current state of gaze in
human-robot interaction, all distinguished by their goals and methods [2]. The three categories
they describe are the human-focused, design-focused and technology-focused research. The focus of
the current study is on the side of human-focused research, with the understanding of how humans
behave when they are placed in front of a robot. Simultaneously, the technological side of the
research is investigated with attention to using the L2CS model, which might be usable for further
improvements in robot design. While the deeper technological implementation of the model will not
be explored, the current study does investigate the effectiveness of using the model on two cameras,
compared to eye tracking glasses. The design-focused research is on the physical appearance of the
robot and is not in the focus of the current study.

2.3 Eye tracking

Advancements in eye tracking instruments, such as improved head-mounted, glass, table-mounted,
and embedded systems, have shown rapid developments in accuracy, stability, and sampling rates
[12]. Additionally, adding a head-rest during eye tracking improves the overall precision [22] but
does reduce the natural setting in which an experiment takes place.

A mathematical issue that arises with eye tracking is a systematic shift called calibration error.
This calibration error is an offset in the values of the coefficients that determine where a human
is looking. In order to reduce this calibration error, it is adamant that calibration is performed to
provide corrective values for the values of coefficients in the mathematical equation [28]. Using one
or multiple markers is a common approach for calibrating human gaze. Alternatives to this simple
calibration are the standard 9-Point calibration (where the human has to look at 9 markers), smooth
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pursuit calibration (where the human has to follow a predefined path), and vestibulo-ocular reflex
(VOR) calibration (where the human has to look at a static marker and rotate and turn their head)
[16]. However, these methods require more complex procedures to validate that the calibration was
followed precisely.

For the current study, the Pupil Labs Invisible eye tracker will be used, which are wearable
glasses. The Pupil Labs Invisible eye tracking glasses requires external hardware to measure human
gaze [25]. Contrary to requiring hardware are the deep learning models, which instead use a neural
network to predict the human gaze. One deep learning model that has been developed to allow
human gaze to be tracked through the eyes, is the L2CS model. The L2CS model has shown to
outperform several state-of-the-art models on the MPIIGaze dataset [1]. Contrary to the Pupil Labs
Invisible, the L2CS model does not require dedicated hardware, but instead uses a Convolutional
Neural Network (CNN) to predict 3D gaze vectors. By not requiring dedicated hardware, the L2CS
model takes a step to a future gaze system that is low cost and provides good gaze estimation
accuracy under natural head movement [15].

3 Technical implementation

The following chapter describes the core technical components used in the experiment. The main
part of the code used for this experiment is built using the Social Interaction Cloud (SIC) framework.
This framework is created by the Social AI Lab and contains functions to control the robot based
on the naoqi code. The naoqi code is used by developers to control the actuators of the Pepper [27].
The code for the current study is all written in Python 3.9 [6].

3.1 Waking the Pepper

The Pepper robot has a sleeping and an awake state. During the sleeping-state, the robot is tucked
in, looks down and does not react to commands. When the Pepper robot goes into the awake-
state, the robot looks forward and stands straight. During the awake state, a set of motions that
reenact functionality of autonomous life appear, like tracking the head of a human, breathing, and
blinking. The current study requires the robot to be in the awake-state and to have the autonomous
life functionalities turned off. The control of the actuators and tablet from the Pepper are fully
controlled by the custom code used for the current study. The implementation of waking the Pepper
and disabling the autonomous life functionalities can be seen in Algorithm 1.

Algorithm 1 Wake up Pepper and disable autonomous life functions

: Wake Pepper: the robot wakes up: sets Motor on and, if needed, goes to initial position.
: pepper.autonomous.request (NaoWakeUpRequest ())

: pepper.autonomous.request (NaoBasicAwarenessRequest(False))

1

2

3

4: Autonomous life: disable autonomous life

5

6: pepper.autonomous.request (NaoBackgroundMovingRequest (False))
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3.2 Controller actuators and tablet

While the robot is now awake, it still requires a set of initial handling of all the joints to ensure
that all motions, speech and displays are working as intended. This includes setting the tablet to a
neutral white screen, stretching and retracting both arms, moving the yaw and tilt of the head to
“look’ at the participant, and confirming that the speech module works by creating an utterance.
During the calibration and the experiment, the joints of the robot will be controlled using a set
of actuators on the robot. How the actuators, tablet and the speech are controlled can be seen in
Algorithm 2.

Algorithm 2 Control actuators and tablet

1: Speech: ‘utterance’ is the text to be spoken by the robot, can be all utterances
: pepper.tts.request(NaoqgiText ToSpeechRequest (utterance))

: Tablet: ‘picture’ is the image to be displayed on the tablet; can be left arrow, right arrow or white
screen.
: pepper.tablet display url.send message(UrlMessage(picture))

: Actuator: control the head and arms
: pepper.motion _record.request(PlayRecording(NaogiMotionRecording( recorded angles=[0, angle, 0],
recorded _joints=[head yaw/left arm|, recorded times=|[0, 1, 2.5]])))

3.3 Parallelization of main thread and cameras

During the calibration and experimental trials, the code captures and saves the frames from two
cameras, and simultaneously controls the actuators of the robot. The following complex multi-
threading code arises from issues with internal RAM memory overflowing. For more details on this
issue, see Section 4.2.

The main thread first wakes and prepares the robot, after which a new thread is started to save
the camera frames. This new thread sets a frame rate and resolution, initializes and receives frames
from the cameras, and writes them to the disk, accompanied with a unique id. Simultaneously, the
new thread writes a timestamp to an internal list. When this thread is ready, it starts to record the
frames and sends a signal to the main thread that the calibration or experiment can start. When
the calibration or experiment is over, both threads will stop, and the main thread will write the
timestamps of the ids to the disk as a .csv. The workings of this algorithm can be seen in Algorithm
3.

3.4 Controlling Calibration

To capture calibration error, participants are instructed to look at a certain part of the body of the
robot for four seconds. During this time, camera frames are saved to the disk with timestamps. This
enables tracking which frames belong to which focus point during the calibration. The technical
implementation of the calibration can be seen by the pseudocode in Algorithm 4. A more thorough
explanation of the calibration can be found in Section 5.4.
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Algorithm 3 Parallelization: Multi-thread-initialization and Saving of Frames.

1: Receive Signal: Receive the signal to start saving frames
2: |externally -> | start _recording()

3:

4: Record Frames: capture and save frames
5: while needs to record do

6:

7 Capture Frame: Capture the frame from the camera

8: frame, timestamp = capture frame()

9:

10: Process timestamp: Place timestamp in list

11: process_timestamp(timestamp)

12:

13: New Thread: create a new thread to save the frame to the disk
14: thread = create_new_thread()

15: thread.save frame(frame)

16: end while

Algorithm 4 Calibration

1: Robot preparations: raise arms and show white screen
2: pepper.motion_record.request(PlayRecording(NaogiMotionRecording( recorded angles= [0, angle],
recorded joints= [arms|, recorded times= [[0, 1]])))

3: pepper.tablet display url.send message(UrlMessage(white screen))
4:
5: Record cameras: start a new thread to save camera frames and timestamps
6: record cameras()
7
8: Human preparations: get the participant in front of the robot
9: nao.tts.request(NaoqiTextToSpeechRequest (" please get in front of the Pepper’))
10:
11: Algorithmic preparations: prompts of focus points during calibration
focus_points = |
*This calibration is for [with/without| eyetracker’,
“please look at my head camera’,
*please look at my nose’,
12: .
please look at my tablet’,
*please look at left elbow’,
*please look at right elbow’,
*calibration finished! thank you very much!’]
13:

14: Execute calibration: instruct humans to focus on a focus point
15: for each point in focus_points do
16: nao.tts.request(NaoqiText ToSpeechRequest (point))

17: if four seconds passed then start the next one
18: end for
19:

20: Finish up: write timestamps to .csv
21: save_data_to csv()
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3.5 Controlling Experiment

Controlling the experiment is more complex than the calibration due to the order of the trials
having to be determined beforehand. At the same time, a participant also has to be able to respond
to a trial, so a method of capturing a key press has to be devised. The main idea of controlling
the experiment is that 120 randomized trials have to be prepared and executed, with a small 20
second break after completing every 20 percent. After the trials have been created, a participant
can start with the trials. Since the trials will been randomized, the code can simply iterate over all
the trials, which are then carried out by the robot. Algorithm 5 contains the pseudocode for the
randomization of the trials, while Algorithm 6 shows how the experiment is processed.

Algorithm 5 Create all 120 randomized trials

1: Get combinations: append all combinations into an array; do this five times
2: items = [ speech’, “tablet’, " gesture’|
3: trials = ||

4: for each 24 combinations in range(5) do
5: combinations = get possible combinations()
6: trials.add(combinations)
7: end for

8

9

10

: Randomize: Shuffle all trials to prevent order bias
: random.shuffle(trials)

Algorithm 6 Experiment

Get trials: Retrieve the randomized trials
trials = create_random _trials()

Execute trials: control and execution of the trials
for each trial in trials do
if 20/40/60/80% of trials passed then
pepper.tts.request(NaoqiText ToSpeechRequest(pause))
time.sleep(20seconds)

©

FEzxecute modalities: have the robot show the modalities
execute robotic_modalities()
: end for

=
M2

3.6 Breaks after 20 percent

Anecdotal evidence from pilot testing suggests that participants suffer from fatigue when all 120
trials are executed back to back. In order to prevent this fatigue, a participant gets a 20-second
break after completing every 20 percent (or 24 trials), which are announced by the robot. These
breaks can be seen in Table 1.
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Percentage Completed|Utterance

20% Great! You have finished 20%. Now you have a 20 seconds break before next
iall

40% g:)ai& job! You have finished 40%. Now you have a 20 seconds break before next
iall

60% gz)ait-inue! You have finished 60%. Now you have a 20 seconds break before next
iall

80% 271;712&;! You have finished 80%. Here is the last round. And you have a 20 seconds

break before next trial!

Table 1: Utterances based on the breaks provided after every 20%.

3.7 Capturing keypress

During the experiment, a participant has to respond to the direction of the trial using the keyboard.
A participant pressing a key also has to be captured, simultaneously to all other parallelization.
The participant has a maximum of four seconds to press a key, which starts simultaneously to
the vocalization of *Please’ during "Please focus on [modality]". The response time will then start

counting as soon as the

focus modality is vocalized. If a key is pressed during the four second

timer, that key is reported back to the main thread, as well as that it was a valid key press. With
the same logic, if no valid key was pressed, or if no key was pressed at all, an invalid response
will be send back to the main thread. The pseudocode for capturing key presses starts during
“execute robotic__modalities()’ in Algorithm 6, and the inner workings of capturing the key presses
can be seen in Algorithm 7.

Algorithm 7 Capturing keypress

start _time = now()

In parallel: await for

SN I R ol oy

listener.listens()
9: end while

: Listener: initiate a keypress listener
: listener = keyboard.Listener()

mazimum of four seconds whilst listening to a keypress

: while now() — start _time < 4 do
sleep(0.001 seconds)

11: Return response: If any key was pressed, capture and report output; report False if four seconds passed

12: listener.report(
13: “valid’: True,

14:  ‘reason’: [left/right]| keypress,
15:  “duration’: current time - start _time)

17: listener.report(
18:  “valid’: False,

19:  ‘reason’: no_keypress,
20:  “duration’: current time - start time)
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3.8 Pupil Labs Invisible

Where the previous sections contained information on how the Python code controlled the calibra-
tion and experiment, the Pupil Labs Invisible are instead controlled by the Pupil Labs Companion
app on the Companion device. A scan video is taken of the robot in order to facilitate calibration to
map the 3D environment. After placing the Pupil Labs Invisible on the face of a participant, they
are instructed to look at the nose of the Pepper. The Companion device then maps this point as a
reference image for calibration for each participant, together with their eye-height measured during
the briefing . The experimenters will then click on start recording’ on the Companion device to
track and record the human gaze until the calibration and experiment are over. The recording of
the human gaze will then stop once the experimenters click on "stop recording’.

4 Technical issues

This chapter contains some of the issues that are encountered during the setup of the experiment.

4.1 Robot failing to execute working modalities

The first issue encountered is that the robot sometimes failed to execute programmed behaviours
(e.g., raising the arms). Interestingly, the exact same code executed before and after, without any
clear indication. Anecdotal evidence showed that moving the robot around in a circle allowed the
arms to be raised. Concurrently, another issue encountered was a weak network connection, causing
the code to get stuck while awaiting a response from the robot, leading to the robot not executing
the modality at all. This is a problem because the calibration and experiment then stalls, leading
to loss of data. Initially the distance from the robot to the router was quite large, and reducing the
distance to the router seemed to improve the stability of the execution of the code.

4.2 Internal RAM memory overflowing

A second issue encountered is that capturing and saving frames causes the computer’s internal
RAM memory to overflow. This overflow causes the computer to freeze and requires a reboot by
holding down the power button. Additionally, creating a queue for saving frames in the main thread
causes a delay in the execution of other parts of the code. This delay is caused because saving a
frame to the disk takes a few milliseconds, which locks the main thread from executing code. The
issue of overflowing the internal RAM memory arises due to the code being designed sequentially
in the main thread. Using a queue in a separate thread to save frames did cause the problem of
locking the thread to disappear, but the overflow of internal RAM memory remained. In order to
find a method to also prevent overflowing the internal RAM memory, a creative solution is used
in which each frame is saved in a new separate thread. This new thread will then start in parallel
to the main thread and save the frame to the disk. It will then terminate itself, clearing up the
internal RAM memory for new threads.

! For further details on calibration, see Section 5.4.
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4.3 Aligning modality execution

Finally, the third issue encountered during the setup of the experiment is a lack of behavioural
consistency. An example of this is that displaying the left-arrow takes longer than the right-arrow.
Additionally, moving the arms takes longer than displaying an arrow on the tablet. Interestingly,
there seems to be a systematic delay in the execution of the modalities. An example of this sys-
tematic delay is that the speech occurs near instantly, but that gestures will only occur after about
615-milliseconds 2. Given that the current study is about multi-modality, the start time of the
modalities has to be aligned. Reaching precise delays proved challenging due to the instability of
the execution of the modalities, as shown by the mean and standard deviation in Table 2.

A systematic delay has to be implemented to ensure that the experimental trials can be measured
equally. The added delay is implemented by recording the modalities and then manually fine-tuning
the intensity of the delay. Delays are added to the tablet and the speech, as these modalities appeared
fastest, as shown in Table 2. Manual annotation shows that the tablet occurs slightly faster when
combined with either speech or gesture, while the timing is evenly shared for the gesture-speech
condition 3.

With the systematic delays added, a test is designed to measure whether participants are able
to distinguish if one modality occurs faster than the other, or if they appear equal. The trials
for the test are taken from 48 trials of a randomized 120 trial experiment, and are tested on seven
participants who did not partake in the main experiment. Participants are given the options *Equal’,
* Gesture’, “Tablet’, and “Speech’ for each trial. The start of the modalities is the ground truth
of the trials and is measured using a 120 frames per second video recording. The ground truth is
defined as the onset of the sound-wave (for speech), the first visual change in the video frame (for
tablet and gesture), or both.

Modality |Mean (ms)|Sample Standard Deviation (ms)|Added Delay (ms)
Left arm 615.00 14.84 -

Right arm 616.67 21.59 -

Left arrow 475.00 35.21 140

Right arrow 527.22 24.89 090

Speech 037.78 16.63 577

Table 2: Mean and sample standard deviation of fifteen samples of the execution of the modality
(in milliseconds)

The measurements of the test are displayed based on their relative proportions in Figure 1.
Five trials are marked as “invalid’ due to a reported response that is not shown in the trial. The
measurements show that " Equal’ is the most prominent response, between 60% and 75% of the time
in all conditions (la, 1b, 1c¢). Participants seem unable to distinguish the gesture and the tablet
being faster than the other modality, and instead mostly report ‘Equal’ (1b, 1c¢). Additionally,
participants appear unable to distinguish between an equal and a non-equal trial, indicating that
the misalignment in the execution of the modalities has been resolved by adding the systematic
delays.

2 For the collected data, see Appendix C.
3 For the manual annotation, see Appendix D.
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Fig. 1: Responses to each of the modalities. Orange bars represent matched ground truth.

5 Methods

5.1 Participants

Thirty four participants are recruited for the current study, mostly at the Vrije Universiteit Ams-
terdam, as well through an international chat-group of Chinese people living in Amsterdam. While
no demographic data has been recorded, all participants were estimated to be between 18 and 65.
The main requirement posed upon the suitability of participants is that they cannot wear vision
correcting glasses. These participants were excluded since an undistorted view onto the eye is more
accurate [24]. The use of contact lenses was allowed.

5.2 Experimental Design

There are two halves of the experiment (glasses and no glasses), two congruency conditions (congru-
ent and incongruent), three modalities (tablet, speech, and gesture), two orders of modality (focus
and secondary), and five repetitions per unique trial, leading to 24 unique experimental trials. The
current study is designed as an within-subjects groups with a randomized order. To prevent the
order effect, all trials are repeated five times and shuffled per half of the experiment. This results
in 240 trials per participant. Additionally, half of the the order of the two halves of the experiment
with and without eye-tracking glasses are counter-balanced.
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5.3 Materials

In order to complete these experiments, a physical Pepper robot (version v1.8) was used. The robot
used its internal 2D camera, and had a separate high resolution Logitech Brio camera mounted on
top of its head, which provided a higher resolution and frame rate compared to the Pepper’s internal
2D camera. Additionally, external Pupil Labs Invisible eye-tracking glasses were used (version Pupil
Labs pl-owl). These three cameras all ran using a specific frame rate and resolution. Where all
cameras ran a mostly stable frame rate, these were all unique, with the frame rate of the Pepper’s
internal 2D camera stabilizing at fourteen frames per second, with a resolution of 640x480 pixels.
The Logitech Brio was placed at a mostly stable thirty frames per second with a higher resolution
of 1920x1080 pixels. The Logitech Brio was running at a lower frame rate and resolution than it
can handle due to the size and storage of the frames, as well as being more similar to the frame rate
and resolution of the Pepper’s internal 2D camera. This lower frame rate reduces the gap between
the two cameras.

In contrast to the Pepper’s internal 2D camera and the Logitech Brio, the data from the Pupil
Labs Invisible was extracted at a frame rate of two hundred frames per second using the Pupil
Invisible Companion app from Pupil Labs, which was running on the Companion phone (OnePlus)
[25]. The Pupil Labs Invisible used a small resolution of 192x192 pixels and only captured the eyes,
which is possible due to the close proximity to the eyes.

5.4 Procedure

The procedure can be divided into seven parts: a briefing, a practice session, a calibration set, the
first half of the experiment, another calibration set, the remaining half of the experiment, and finally
the debriefing. The division of two halves of the experiment was due to half of the experiment being
with and half without eye tracking glasses, which are randomized to control for order-bias.

Interaction setup The experiments were executed in a secluded room with the participant stand-
ing 1.5-meter away from the robot, as shown in Figure 2a, with the point-of-view from the robot in
Figure 2b, and the point-of-view of the human in Figure 3. The participant was standing in front of
the robot behind a small desk with a keyboard on top. This keyboard was used by the participant
to respond to every trial.

Briefing Right before the experiment starts, a participant arrived to the Social AI Lab at the 11th
floor of the NU building at the Vrije Universiteit Amsterdam. At the Social AI Lab, the participant
was taken to the room in which the experiment took place, and provided with the instructions on
how to perform the experimental tasks. To record that they agree with the experimental setup,
the participant is asked to read pre-experiment instructions, and was asked to read and sign a
consent form, which allows the researchers to collect the necessary data. Additionally, the vertical
distance, also called height, from the eyes of a participant to the floor was measured. During this
time, participants were invited to ask questions if they needed clarification.

The current study instructs the participants that the participants’ egocentric perspective is " left’
or ‘right’ (“your left/right’). This is important for the calibration as otherwise it may cause the
calibration to be inverse for the two markers on the elbows.
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(a) Interaction setup from the side. (b) Point-of-view of the robot.

Fig. 2: Side and frontal view of the interaction.

Practice session In order to aid participants with understanding their task in this experiment,
a participant first goes through a small, randomized set of five trials. Participants will be told by
the experimenters and the robot that the robot will provide feedback on whether the correct or
incorrect key is pressed or if the participant took too long to respond during this practice session.
Anecdotal evidence from participants to the researchers suggests that several participants benefited
from this practice session, mainly through the participants gaining a better understanding of their
task when they provided incorrect responses.

Calibration After completion of the practice session, calibration was required to reduce the cali-
bration error. A participant was instructed to not remove the eye tracking glasses unless instructed,
as doing so would invalidate the calibration, and the trials up until that point. This would then
lead to requiring another set of calibration and restarting the trials. When a participant confirmed
that they were ready for calibration and the experiment, the calibration started. During the cal-
ibration, the robot *woke up’ and started a calibration sequence in which the robot raised both
arms, displayed a neutral white screen on the tablet and asked the participant to stand behind the
desk. The visualization of this interaction setup can be seen in Figure 2a.

When the participant was standing behind the desk, the robot asked the participant to look at
five calibration markers on the robot, each separated by four seconds: the head camera, the nose,
the tablet, the left elbow and the right elbow. These five points were marked on the robot with
a one-centimeter square black marker, serving as the focus point for calibration to calculate the
ground truth of their gaze, which was used for shift correction of the calibration error. The black
markers and stance of the robot can be seen in Figure 3. This part was executed for both halves of
the experiment. When completed, the experimenters confirmed that the data was saved successfully.

Experiment After calibration, the experimenters asked a participant if they were ready for half
of the experiment. When the participant confirmed this, the experimenters started the experiment.
During each half of the experiment, 120 trials were generated, shuffled and placed in a queue.
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Logitech Brio

head camera

left elbow,

/ ‘_\
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Fig. 3: Point of view of a participant on the robot during calibration; includes the five calibration
markers and the externally head-mounted Logitech Brio.
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(a) Tablet Left + (b) Tablet Right + (c) Gesture Left + (d) Gesture Right +
Speech Left/Right Speech Left/Right Speech Left/Right Speech Left/Right

(e) Tablet Left + (f) Tablet Left + (g) Tablet Right + (h) Tablet Right +
Gesture Left Gesture Right Gesture Left Gesture Right

Fig. 4: All visual combinations of modalities for the trials.
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The robot instructed a participant by saying: "Get Ready! Please focus on [modality]", af-
ter which one of three modalities was pronounced. This pronounced modality is called the focus
modality. The goal of a participant was to respond with the same direction as the focus modality
instructed by the robot. At the same time, the robot retrieved a second modality with either a
congruent or incongruent direction. The robot then had a 615-millisecond delay to prepare and
execute the modalities simultaneously. The task of the participant was to then press the direction
of the modality as instructed by the robot, without being distracted by the other modality.

An example of a trial was that a participant received the focus modality *Tablet’, the secondary
modality " Gesture’ and the incongruent condition. The robot then did the following: Instruct a
participant by saying "Get Ready! Please focus on tablet”, after which the robot showed a left
arrow on the tablet, and simultaneously activated the gesture modality to raise the * Right’ arm.
What the participant visually saw, can be the trial seen in Figure 4f. A participant was then
expected to press on the left key on the keyboard, as that was the direction shown on the focus
modality (the tablet). Different to the practice session received earlier by the participant, the robot
would not provide feedback to the participant about the correctness of their key pressed.

Debriefing When participants finished the second half of the experiment, the experimenters de-
briefed the participants by thanking and providing them with a reward of a ten euro Bol.com gift
card. If requested by the participants, the goal of the study was elaborated.

6 Results

As a data preprocessing step, the data of responses to trials from four participants had to be
excluded due to their data becoming invalid. The data from one participant was excluded due to
the researchers forgetting to click "start recording’ on the Companion device (participant 8), and
the other three due to errors during saving and merging .csv data (participants 28, 31, and 34).
From the remaining thirty participants, the responses of four trials were marked as invalid and
removed due their response time being before the execution of the modality. This is due to the
parallelization and the added delay, which enables a response to be registered before the modality
is actually executed.

Due to technical failures, the data of the Pupil Labs Invisible from four participants is unusable,
with the gaze estimation of participant 8 and 13 being excluded due to overheating of the eye
tracking glasses, participant 11 for failing in mapping, and participant 15 for forgetting to press
record.

6.1 Congruent cues versus incongruent cues

As visually seen in Figure 5a, the response time for the congruent and incongruent conditions do
not appear to differ much from each other, with congruent cues (M = 482.4ms, SD = 161.5ms, Mdn
= 416.8ms) processed slightly faster compared to incongruent cues (M = 527.7ms, SD = 183.9ms,
Mdn = 450.2ms). Shapiro-Wilk test has been executed on the congruent and incongruent datasets
to check the assumption of normality. The Shapiro-Wilk test showed that neither the congruent
(W = .837, p < .001) nor incongruent (W = .829, p < .001) dataset were normally distributed. As
such, a Wilcoxon test is executed, resulting in a significant difference between the congruent and
incongruent condition (z = 10.0, p < .001).
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Modality|Congruency|Mean ms|Std. Dev. ms|Median ms
Tablet Congruent 401.6 436.5 290.6
Incongruent 420.3 379.8 305.7
Speech Congruent 528.8 231.2 475.3
Incongruent 584.7 284.2 519.5
Gesture  |Congruent 517.0 255.9 450.5
Incongruent 578.2 286.5 497.4

Table 3: Statistical Data of Response Time over Congruency and Modality

When comparing the response time of each individual modality, Table 3 shows that a systemic
faster response time also occurs regardless of the modality. To confirm that this is also statistically
accepted, a test for normality over all modalities first has be executed. Shapiro-Wilk has been
executed and that normality cannot be assumed for any of the conditions as all p-values are < .001,
except for the congruent-speech condition (W = .936, p .075). A Wilcoxon test is executed, with
the results showing that for the tablet (z = 143.0, p = .067) indicate that there is no significant
difference in response time between the congruency of the tablet. For the speech (z = 24.0, p <
.001) and gesture (z = 6.0, p < .001), there is a statistical significant between the congruency for

these modalities.
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(a) Probability Density Function of All Modalities
Combined.
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(c) Probability Density Function of the Speech
Modality.
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(b) Probability Density Function of the Tablet
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(d) Probability Density Function of the Gesture
Modality.

Fig. 5: Probability Density Functions over the Response Time per Modality
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6.2 Gaze attention to area of interest

The Pupil Labs Invisible eye tracking glasses are used to investigate gaze onto areas of interest on
the tablet, head and gestures. These areas of interest have been defined in conjunction with Linlin
Cheng to represent areas of interest similar to the reference paper of Ozer et al. [23]. The area of
interest of the head is the same as the area of interest of the reference study. The central gesture
space from the reference study was divided into three vertical parts. The outer areas of interest
define the gestural space, and the middle part is cropped to only fit the outer bounds of the tablet.
The fixations from the Pupil Labs Invisible are mapped and placed inside the coordinates of an
area of interest, or marked as " Other’.

Féxglmns on each modality in condition: tabletgesture Fdxﬁatmns on each modality in condition: speechtablet F(l)xsatmns on each modality in condition: gesturetablet
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Fig. 6: Proportions of gaze fixations over all modality conditions.

The plots in Figure 6 show that the face receives more fixations in any type of modality condition
over the gestures. Additionally, there is a big increase in the area of interest of the focus modality.
The fixations on the area of interest on the tablet are between 28% and 35% when the tablet is not
the focus modality. When the tablet is the focus modality, this proportion of fixations jumps up to
50% of the time. The area of interest of the head also moves from 20% to around 38%. The gestures
also go through a similar increase, from around 5% to 15%. The stable factor in these results is an
increase of 10% to 20%. Additionally, the remaining proportions, which are fixations that do not
fall within the tablet, head, and gesture areas of interest, is also steady, with approximately 27% of
fixations.

A Shapiro-Wilk test was conducted to check for the assumption of normality to determine an
appropriate statistical method. The results from the Shapiro-Wilk test show that the speech and
gesture modalities depart significantly from normality, with the exception of speech in the speech-
tablet condition. Due to these results, a Wilcoxon test was conducted to check if the speech and
gesture modalities are indeed statistically significantly different. The results from the Wilcoxon
test in Table 4 show that when the tablet or the head is the focus modality, there is a significant
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difference. However, when the gesture is the focus modality, there is no significant difference.

To compare the fixations per trial on a modality being the focus modality to when that modality is
not the focus modality, a Shapiro-Wilk test was conducted to test for the assumption of normality.
The Shapiro-Wilk test indicated that normality cannot be assumed for any of the modalities (all
p < .001). To test whether there is a significant difference, a Wilcoxon test was used to see if a
modality has more fixations when this is the focus modality compared to when it is not. The results
of the Wilcoxon test can be seen in Table 5, all resulting in the null hypothesis not being rejected.

— — AOI |Compared to Z-statistic|p-value
Condition |Z-statistic|p-value
Tablet |Focus - secondary 8065 .909
tablet-speech 57 < .001 . :
Focus - not in trial 7633 .465
tablet-gesture 98 .004
Head |Focus - secondary 7772 .594
speech-tablet 48 < .001 . :
hecest 53 < 001 Focus - not in trial 7430 .307
- T .
Speech-gesiure Gesture|Focus - secondary 7782 .604
gesture-tablet 197 ATT . :
¢ b 197 477 Focus - not in trial 8003 .839
esture-speec . - .
& P Table 5: Results of Wilcoxon tests of a modality on

Table 4: Wilcoxon Test Results for fix-

. iff AOI f li -f li
ations on head and gesture different AOIs as focus modality, non-focus modality,

and as an unused modality.

7 Discussion

The current study investigated how humans process and gaze at instructions given by a robot
when prompted with congruent and incongruent cues using different combinations of modalities.
Specifically, the current study looked at a) the Stroop effect on the combination of modalities used
and b) whether humans gaze more at a robot’s body part when instructed to.

7.1 Stroop effect

Hypothesis 1: Congruent cues of the focus modality will be processed faster than incongruent
cues (Stroop effect).

In line with expectations, humans mostly respond faster to congruent cues compared to incon-
gruent cues given by a robot. However, while the speech and gesture have a faster response time,
the tablet does not have a significant faster response time. Interestingly, the tablet does have re-
sponse times around 100ms faster compared to the gesture and speech modality. This may follow
from participants fixating at the tablet, as this modality received most fixations at most of the
trials. Due to the tablet not being statistically significantly faster in the congruent condition as
compared to the incongruent condition, this hypothesis cannot be accepted.

7.2 Gaze at the body parts

Hypothesis 2: The face will receive more fixations during each trial than the gestures.
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The face receives more fixations than gestures during each trial. This result matches with the
results found in the reference paper by Ozer et al. [23]. However this is only statistically different
when not instructed to focus on the gestures. Additionally, when the focus modality was the tablet,
the head also received more fixations than the gestural area. Since speech cues comes from the head,
the tablet is a magnet for attraction, and gestures are mainly performed in the central gesture space
[14]. This may explain the decreased amount of fixations to the gesture space compared to the head.
Interestingly, the results shown in Chapter 6 indicate that the gaze of participants was at the head
of the robot in 20% of all trials, even when no visual cues were provided there, even reaching 35%
when speech was the focus modality. This may indicate that humans gaze at the head of Pepper to
receive cues.

Hypothesis 3: The focus modality will receive more fixations during each trial compared to when
that modality is not the focus modality (task compliance).

While the results of the current study shows that when humans are cued to look at specific robot’s
body parts, they seem to follow these instructions, without being distracted by the secondary modal-
ity. The focus modality sees an increase of more than 10% for each modality compared to when
this area of interest is a non-focus modality. The non-cued modality only increases, decreases and
stabilizes within 5% of the secondary modality. However, the Wilcoxon tests indicate that no sig-
nificant differences are shown between the proportion of fixations, regardless of whether a modality
is the focus modality or not the focus modality. This hypothesis hence can also not be accepted.

7.3 Pupil Labs Invisible & L2CS

At the time of writing this thesis, the data from L2CS is still being processed, leading to the
results shown for Hypothesis 2 and Hypothesis 3 being only from the Pupil Labs Invisible. While
the performance of the L2CS model is not part of the current thesis, it is interesting to see if the
fixations from this model align with the ground truth of the Pupil Labs Invisible.

8 LEDs

In addition to checking for differences in the combination of auditory and visual changes, a research
setup is created to check if the type of facial cue matters. This setup follows earlier work that
shows that humans primarily gaze at the human face during initial contact [19], that the design
and expressions of the face of a robot can be used to display emotions [17], and that the perception
of speech improves through visual cues from facial features [8]. Additionally, Edirisinghe et al. have
implemented six basic emotions using eye brows, eye lids and a mouth using 3D prototyping of
a robot head [10]. The main idea behind the proposed study is to investigate whether using the
LEDs of the Pepper robot will have an influence in behavioural changes in human perception of the
robot. A study by Gullberg can be taken as inspiration, which uses gestures and oral cues to provide
matching and incongruent conditions [14]. The underlying research question here is whether the
Pepper can use its LEDs in its eyes, ears, and turning its head, to convey additional or improved
cues during an interaction. The study proposed in this chapter can be tested by having a robot tell
a story and then changing its head and LEDs during certain key-points. During these key-points,
the robot gives a signal to the human by changing three conditions (eye-LEDs, ear-LEDs, and
head-turning). Examples of a condition can be a different color, turning them on or off, or moving
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the head away from the human. These conditions can all be tested using the LEDs of the Pepper
robot, for example with a gaze following task in which the Pepper uses its LEDs to suggest gaze
shifts. However, due to the complex combination of auditory and visual cues already generated by
the main study described in this thesis, as well as due to time and budgeting constraints, this work
was unable to be executed during this thesis. Nonetheless, this setup can still serve as a basis for
future work. This proposed study can be another improvement for the design of social robots.

9 Concluding

In the current study, I have investigated human gaze behaviour, and in particular gaze behaviour
onto various robot body parts using different modalities. The research question * How do congruent
and incongruent multi-modal cues from a social Tobot influence human gaze behaviour?’ has been
answered by demonstrating that congruent cues are processed faster than incongruent cues when
prompted to focus on speech or gestures, and that the face receives more fixations than the gestures,
when not prompted to focus on the gestures. Additionally, no significant difference can be found
between when a modality is the focus modality or not the focus modality. The method of how
to convey information or give instructions then seems to impact how humans respond to a social
robot. Researchers should thus consider how to design social robots on how they want the robot to
perceived.

In addition to these findings, it can be fruitful to explore the avenue of adding more facial
features to see if the type of facial cue has an impact on gaze behaviour. Additionally, the data
from the L2CS model is still being processed, which may enable eye tracking without requiring
external hardware.
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A Recruitment Poster

Participants Needed

k’ Are you interested in
Social Al Group interacting with
Vrije Universiteit Amsterdam

a cute robot?
Join our experiment:
Gaze Tracking in HRI

. A ' _...' o

M ] 1=,
When: 22" April - 03t" May 2024.
Where: 11A56. NU building#11
Compensation: Gift card with 10 euro(bol.com)
Total Time: about 35 minutes
Participant requirement: do not wear spectacles,
contact glasses is welcome.
Contact: if you have any question, please contact

l.cheng@vu.nl

Fig. 7: Recruitment Poster placed within the Vrije Universiteit Amsterdam and shared in the inter-
national chat-group of Chinese in Amsterdam.
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B Recruitment Message

Gaze Tracking Ezxperiment

Description: In this experiment, you will interact with a cute social robot that tracks your eye
gaze.

Duration: 35 minutes

Place: Room 11A56, NU building #11

Payment: 10 euro

Requirement: Do not wear spectacles; contact lenses are welcome.

Sign-Up Information: If you are interested in joining this experiment, please visit the following
website: https://form.everestwebdeals.co/?form=2775697f}ec1d6112f38edaffe7771ee for info to sign

up.



C Modality Alignment Raw Data

Category 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Left arm 650.00 | 616.67 | 616.67 | 608.33 | 608.33 | 608.33 | 633.33 | 616.67 | 616.67 | 600.00 | 608.33 | 633.33 | 616.67 | 600.00 | 591.67
Right arm 633.33 | 633.33 | 608.33 | 608.33 | 675.00 | 600.00 | 600.00 | 583.33 | 616.67 | 625.00 | 616.67 | 633.33 | 608.33 | 600.00 | 608.33
Left arrow | 516.67 | 491.67 | 458.33 | 466.67 | 475.00 | 483.33 | 466.67 | 550.00 | 525.00 | 483.33 | 433.33 | 425.00 | 433.33 | 450.00 | 466.67
Right arrow | 541.67 | 500.00 | 508.33 | 533.33 | 541.67 | 566.67 | 508.33 | 500.00 | 566.67 | 500.00 | 500.00 | 508.33 | 550.00 | 550.00 | 533.33
Speech 016.67 | 041.67 | 025.00 | 041.67 | 033.33 | 033.33 | 058.33 | 075.00 | 066.67 | 033.33 | 033.33 | 025.00 | 033.33 | 025.00 | 025.00

Table 6: Raw data of the duration of the execution of a modality in milliseconds. Cells indicate a single sample.
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D Aligning modality execution - Manual experiment

Trial Number|Modality A|Modality B |Fastest Modality
1 Speech right |Gesture right|Gesture
2 Tablet right |Gesture right|Gesture
3 Tablet left |Gesture right|Gesture
4 Speech left |Gesture left |Equal
5 Speech right |Gesture right|Equal
6 Tablet left |Gesture right|Tablet
7 Tablet left |Gesture left |Tablet
8 Speech left |Gesture left |Equal
9 Speech left |Tablet right |Equal
10 Tablet left |Gesture right|Tablet
11 Speech right |Tablet right |Equal
12 Tablet right |Gesture right|Equal
13 Speech right |Gesture left |Equal
14 Tablet left |Gesture right|Tablet
15 Speech right |Tablet left |Tablet
16 Speech left |Tablet right |Tablet
17 Tablet left |Gesture left |Tablet
18 Speech right |Tablet left |Tablet
19 Speech right |Tablet left |Tablet
20 Speech left |Tablet right |Equal
21 Tablet left |Gesture left |Tablet
22 Speech left |Tablet right |Tablet
23 Speech right |Tablet left |Tablet
24 Speech left |Gesture left |Equal
25 Tablet left  |Gesture left |Equal

29

Table 7: Results of trials showing the modalities and their fastest performance (Part 1).
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Trial Number|Modality A|Modality B |Fastest Modality
26 Tablet right |Gesture right|Tablet
27 Speech right |Gesture left |Equal
28 Speech left |Gesture right|Equal
29 Speech right |Tablet right |Tablet
30 Speech right |Gesture left |Gesture
31 Speech right |Gesture left |Equal
32 Speech right |Tablet left |Equal
33 Tablet right |Gesture right|Equal
34 Tablet left |Gesture left |Tablet
35 Speech left  |Gesture right|Equal
36 Tablet right |Gesture right|Tablet
37 Speech right |Gesture left |Equal
38 Speech left |Tablet right |Equal
39 Speech left |Tablet right |Tablet
40 Speech left  |Gesture right|Equal
41 Speech right |Gesture left |Equal
42 Speech right |Tablet left |Tablet
43 Speech left |Tablet left |Tablet
44 Speech right |Gesture left |Gesture
45 Speech right |Tablet right |Tablet
46 Tablet right |Gesture right|Tablet
47 Speech left |Gesture left |Gesture
48 Speech right |Gesture right|Equal
49 Tablet left |Gesture left |Equal
50 Speech right |Gesture right|Equal

Table 8: Results of trials showing the modalities and their fastest performance (Part 2).
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E Gaze Fixation Plots
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(a) Heatmap Tablet Speech (b) Heatmap Tablet Gesture
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(c) Heatmap Speech Tablet (d) Heatmap Speech Gesture
2D Gaze Fixation Heatmap: gesture - tablet 2D Gaze Fixation Heatmap: gesture - speech
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(e) Heatmap Gesture Tablet (f) Heatmap Gesture Speech
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F Area of Interest coordinates

AOI x min| x max|y min|y max
head 378 538 150 310
tablet 358 558 366 516

gesture left 25 325 293 593
gesture right| 581 881 271 571

Table 9: AOI Boundary Boxes.



