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Research Motivation
Human and Robot
Interaction

Confusion:
a unique mental
state

Confusion detection is
in online learning
system

Research Question
●

Are participants aware
they are confused if we
give them a specific
confusing situation?

●

Do participants express
different physical or
verbal/non-verbal
behaviours when they are
confused that we can
detect?

Confusion definitions in Fields
a Knowledge Emotion

a Bonafide Emotion

Confusion
an Epistemic Emotion

an Affective Response

a Cognitive Disequilibrium

Conceptual Framework of Confusion

Observed Emotion Transition, S. D’Mello et. al (2014)

ZOSOC, Conceptual framework of ZOC and sub-optimal
confusion, J. M. Lodge et. al (2014)

Definition of Confusion
Confusion is a mental state where under certain circumstances, a human
experiences obstacles in the flow of interaction. A series of behaviour
responses (which may be nonverbal, verbal, and, or non-linguistic vocal
expression) may be triggered, and the human who is confused will
typically want to solve the state of cognitive disequilibrium in a reasonable
duration. However, if the confusion state is maintained over a longer
duration, the interlocutor may become frustrated, or even drop out of the
ongoing interaction.

Methods to Trigger Confusion in HRI

Complex Information

Inconsistent Information

Insufficient Information

Feedback

Contradictory Information

Study Design

Sloan et. al (2020)

Process of Online Experiment
SignUp HAI
Real-Time Chat Web
App

Invitation

Survey

Dialogue with Avatar

Interview

Study Approach
Researcher side: Avatar Web App
Client Side: HAI Real-Time Chat Web App

●
●
●

Wizard-of-Oz experiment
Semi-spontaneous one-to-one conversation
< 15mins (5mins for task centric part)

Situated Dialogue Design
Definition of Tasks
Task 1

a Simple logical problem

Task 2

a Word problem

Task 3

a Math question

Definition of Conditions
Condition A

A task in a complex way to invoke
confusion in the participant.

Condition B

A task in a straightforward way and should
avoid confused states

An example of the experiment sequence for
two separate study participants

Situated Dialogue Design
Patterns of Confusion with two Conditions
Condition A

Condition B

Complex information

Simple information

Insufficient information

Sufficient information

Correct-negative
feedback

Correct-positive feedback

●

●

Insufficient information in condition A: “There are
66 people in the playground including 28 girls, boys
and teachers. How many teachers were there in
total?”;
Sufficient Information in condition B: “There are 5
groups of 4 students, how many students are there in
the class?”.

Data Preparation
●
●

●

Data collection: 23 participants in 6 countries, over 18 years of age from different colleges.
Frame data: 19 participants’ videos (8 males, 11 females) and labelling (ABA or BAB)

Condition

Frames

A

4084

B

3273

Survey: 10 questions using a 5-level Likert scale
○
○
○

Each use survey has two conditions with three tasks (ABA or BAB)
Separate two sub-datasets by condition A and condition B
Calculate the average of confusion levels scores for three tasks

Data Analysis
Frame Data Measurement
●

Emotion Detection (Savchenko, 2021)

●

Head-pose estimation (Patacchiola and
Cangelosi, 2017)

●

Eye-gaze estimation (Zhang et al., 2020)

Data Analysis
Frame Data Measurement
●

Emotion Detection (Savchenko, 2021)

An independent-sample t-test is that there is
a significant difference in the three emotional
categories (negative, positive and neutral) and
two conditions (M = 0.77, SD = 0.94 for
condition A, M = 0.48, SD = 0.60 for condition
B), t(715) = 5.05, ρ − value < 0.05.

Data Analysis
Frame Data Measure
●

Head-pose estimation (Patacchiola and
Cangelosi, 2017)
➔ Calculated the sum of abs (pitch) and abs (yaw) and abs (roll) angles
as an independent feature with conditions.
➔ An independent-sample t-test: A significant difference in the sum of
absolute values of these three angles and two conditions (M = 21.96,
SD = 9.46 for condition A, M = 27.40, SD = 12.21 for condition B),
t(703) = −6.61, ρ − value < 0.05.

Data Analysis
Frame Data Measurement
●

Head-pose estimation (Patacchiola and
Cangelosi, 2017)

Data Analysis
Frame Data Measurement
●

Eye-gaze estimation (Zhang et al., 2020)
➔

Calculated the sum of abs(pitch) and abs(yaw) angles as
an independent feature.

➔ An independent-sample t-test: a significant difference in
the sum of absolute values of pitch and yaw and two
conditions was found (M = 0.44, SD = 0.26 for condition
A, M = 0.49, SD = 0.22 for condition B), t(728) = −2.58,
ρ − value < 0.05.

Data Analysis
Frame Data Measurement
●

Eye-gaze estimation (Zhang et al., 2020)

Data Analysis
Subjective Measurement
Tasks

Results

Task 1: Logical problems and
two conditions

There is no significant difference in the confusion scores for task 1 with
two conditions was found (M = 3.00, SD = 1.07 for condition A, M = 2.44, SD = 1.33 for
condition B), t(15) = 0.94, ρ − value = 0.36.

Task 2: Word problems and
two conditions

There is no significant difference in the confusion scores for task 2 with two conditions was
found (M = 3.09, SD = 1.22 for condition A, M = 3.10, SD = 1.29 for condition B), t(19) = −0.02,
ρ − value = 0.99.

Task 3: Math problems and
two conditions

There is a significant difference in the confusion scores for task 3 was
found (M = 4.38, SD = 0.74 for condition A, M = 3.00, SD = 1.12 for condition B), t(15) = 2.94, ρ
− value < 0.05.

Average scores of three tasks
and two conditions

There is no significant difference between the average of confusion scores of the three tasks
and two conditions (M = 3.50, SD = 1.40 for condition A, M = 2.97, SD = 1.12 for condition B),
t(36) = 1.28, ρ−value = 0.21

Discussion
--- Research Results
●

Participants are not always aware they are confused if we gave them a specific
confusing situation.

●

When they are confused, their emotion is more negative than when they are not
confused.

●

When they are confused, the range of angles of eye gazing is more than when they are
not confused.

●

When they are confused, the range of the angles of head shaking is less than when
they are not confused.

Discussion
--- Study Limitation
Backgrounds of
Participants

Various Quality of
Videos

01
02

Small Sample Size

05

03

Lacked Casual
Conversation

04
Without Boundaries and
Time Frames

Further Study
Effects of Different
Clarification Strategies

3

4
Mitigation Factions in
Confusion Situations

a General Framework

2
1
Audio and Linguistic Content
Analysis

Conclusion
●

Confusion as an important factor in improving dialogue

●

A new working definition of confusion

●

Study to induce confusion in HAI

●

No significant relationship between confusion scores and induced confusion
states from self-report

●

Significant relationship between physical states and induced confusion states

●

A crucial initial step to build a computational model of confusion
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