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ABSTRACT
In this paper, we explore how the physically embodied nature of
robots can influence learning through non-verbal communication,
such as gesturing. We take an embodied cognition perspective to
examine student interactions with a NAO robot that uses gestures
while reasoning about geometry conjectures. College aged students
(N = 30) were randomly assigned to either a dynamic condition,
where the robot uses dynamic gestures that represent and ma-
nipulate geometric shapes in the conjectures, or control condition,
where the robot uses beat gestures that match the rhythm of speech.
Students in the dynamic condition: (1) use more gestures when they
reason about geometry conjectures, (2) look more at the robot as it
speaks, (3) feel the robot is a better study partner and uses effective
gestures, but (4) were not more successful in correctly reasoning
about geometry conjectures. We discuss implications for socially
supported and embodied learning with a physically present robot.
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1 INTRODUCTION
Social robots come imbued with an embodied physical presence
that triggers a social response in humans that affords effective in-
teraction with humans [24]. A robot’s use of non-verbal cues, such
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Figure 1: A student observes a NAO robot using dynamic
gestures to reason about the validity of a geometry conjecture,
written on the tablet, describing the relationship between
the area of a parrellelogram and the area of a rectangle.

as gaze and gesture, can affect our interaction and perception of
the robot and our behavior in the workplace, retail stores and in
education [14]. In educational applications, advances in our under-
standing of socially situated learning suggests that a robot that acts
as a partner, tutor, or instructor, can enhance cognitive and affective
educational outcomes, but there is little research exploring the use
of non-verbal communication in robot assisted learning [11].

Work in embodied cognition has demonstrated the importance
of non-verbal communication, including gestures, by teachers and
peers on cognition [4, 49]. Increased teacher gesturing can increase
student understanding and retention, and a student’s own use of
gesture can support reasoning and problem solving [45]. Work in
math education has demonstrated that student gestures can reveal
early understanding of math concepts, even before children can
verbalize those understandings [25], and manipulating pedagogical
tools designed to articulate mathematical relationships can build
early math concepts [2]. Some technologies implement the use
of gesture to utilize these findings, where digital avatars use of
gestures increased accuracy and speed in solving algebra problems
[19] and instructors using gestures in recorded lectures increase
learning and a sense of agency or presence of the instructor [10].
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Math instruction can use both direct and indirect methods of
supporting students in sensorimotor activity to support math un-
derstanding, including directly prompting beneficial gestures for
students while playing a geometry based game that has shown
positive influence on geometry proofs and justification [58], and
designing opportunities to discover beneficial physical movements
that ground the development of mathematical ideas in interactions
with the physical world [1] One critical finding through this work
is the role that dynamic gestures play in spatial reasoning tasks
that are inherent in many mathematics curriculum [45].

Given the effectiveness of social robots in education [11], their
high levels of social presence [14], and their physically embodied
nature [44], we believe social robots may be ideally suited for using
gestures to support learning. The present work aims to explore how
robots might best use gestures, and their impact on students who
work with them during problem solving activities (See Figure 1).
In particular, our goal is to examine how a robot’s use of dynamic
gestures while reasoning about geometry conjectures influences a
student’s own use of gesture while reasoning, their attention to the
robot, their ability to correctly reason about geometry conjectures,
and their perception of the robot as a partner.

2 RELATEDWORK
To explore the use of gestures by a social robot in a learning activity,
we build on prior work in embodied cognition, learning technolo-
gies, socially situated learning, and robot assisted learning.

2.1 Embodied Cognition and Learning
The embodied cognitive perspective proposes that reasoning is
rooted in the ways our bodies function and interact with the world
[8]. During problem solving, we mentally construct situation models
of the objects, activities and relationships within the problem [35].
The situation model is created by integrating given information,
for example something read from a text, with prior knowledge and
experience to form inferences [60]. The experiences incorporated
into the situation model include sensory modalities (e.g. touch,
pressure, or sound) that can be invoked during problem solving
to help reason about the problem [64]. One example is the use
of gestures as simulated actions on objects, space, or concepts
within the situation model that can represent or manipulate those
objects [29]. According to this theory, gestures are connected to
the relationship between our situation model and the physically
connected components of memory and experience related to that
model. Gestures can emerge when a strong activation of an action
in our situation model also activates our body-based motor system.
This activation must exceed a theorized gesture threshold to produce
the actual gesture, but several factors, including the potential that
the gesture will benefit a listener’s understanding, can raise or
lower that gesture threshold [30]. This emerging theory postulates
a relationship between our cognitive processes and the production
of gestures, and more research is needed to investigate the body-
based actions in cognition, particularly during complex reasoning
and communication of that reasoning [45].

The use of gesture during complex reasoning in mathematical
thinking is one emerging area of research to examine embodied
cognition and learning. Modern mathematics education, across

high school and college, values developing reasoning skills such as
providing rationale for answers or constructing proofs, and prior
work has shown that students who reason about geometric conjec-
tures, or propositions about geometric relationships or principles
(e.g. diagonals of a rectangle always have the same length), pro-
duce superior geometric proofs when they first performed actions
relevant to the core mathematical relationships of the conjecture
[47]. Importantly, the use of gesture is also beneficial to the ob-
server to understand, recollect and make inferences about complex
information, as seeing gestures that accompany speech helps the
observer more accurately build their own situation model [21]. Sit-
uational models can be built, shared and maintained with the aid
of representational gestures that depict or refer to ideas and objects
in the situation model. These representational gestures have been
further classified as deictic gestures, that index ideas or objects in a
physical space (e.g., pointing to a whiteboard where a problem was
previously solved), iconic gestures, that portray objects through
shaping our bodies (e.g. forming an angle between thumb and fore-
finger), and metaphoric gestures that represent abstract ideas (e.g.
a thumbs-up hand shape to indicate agreement). Further classifi-
cation of gesture use articulates the difference in forming a static
representational gesture and then further changing or manipulating
that representation to create a dynamic gesture [62]. Reasoning dur-
ing problem solving may be supported and communicated through
these dynamic gestures, where gestures are used to manipulate a
situation model to explore how changes effect the model [45]. In
this case, a person might use representational gestures to construct
a situation model and then use dynamic gestures to manipulate or
operate on parts of that situationmodel. For example, a triangle may
be represented through an iconic gesture using the hands to form
a triangle. One vertex of the triangle can be changed, via dynamic
gesture, to a larger angle by increasing the space between a thumb
and forefinger. An individual can then examine and reason about
how this change in angle might effect the length of the side of that
triangle opposite of the angle. In contrast, beat gestures are mean-
ingful movements that accompany speech to emphasize points or
keep the rhythm of speech [45] and are thought to guide listeners
in comprehending and parsing the contents of speech [12, 17].

These findings have been extended to explore how educational
technologies can support learning through embodied design, where
learners observe or produce body-based movements to improve
learning. Prior work has used exploratory simulations in STEM,
where students interacting with simulations using bodymovements
connect abstract math concepts to body movements [40], engaging
with virtual manipulatives in augmented reality to superimpose
mathematical concepts over everyday objects helps learners con-
nect formal symbolic math to hand-ons activity [36], and creating
and exploring geometric figures with GPS trackers supports under-
standing similarities and differences in geometric figures [27]. In
each case, engaging bodily movement, and physical or mental ma-
nipulation benefits the learner, as they actively invoke the sensori-
motor systems in reasoning and comprehension. This includes in-
ducing students to make productive gestures while they learn, as in
work demonstrating how observing a digital avatar using gestures
increased student gesture production and algebraic problem solving
[61]. Embodied cognition suggests these bodily movements benefit
math understanding in that our cognitive systems are grounded in
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our physical interaction with the world, so activating sensorimotor
systems in ways that are consistent with mathematical concepts
can help activate and build correct mathematical schemas [1]. For
example, recent work has identified productive gestures, that bene-
fit reasoning about geometry even when students are not directly
told the gestures are related to math concepts [58].

2.2 Social and Embodied Learning with Robots
A rich body of evidence has demonstrated how social interactions
transform learning, where individuals build on and explore ideas
that help connect new concepts to other knowledge, and summa-
rize and synthesize their ideas to share with others to develop a
mutual understanding [42]. Developing shared understanding, or
intersubjectivity, is how groups establish and agree on their under-
standing, prior knowledge, relevant information, the parameters
of a problem, or come to consensus on viable solution paths [56].
The process of intersubjectivity relies, in part, on group members
building congruent situation models of problems to understand
each other’s complex ideas and reasoning. The act of communicat-
ing these ideas by building, maintaining and manipulating a robust
situation model can benefit learning, and use of gestures between
group members has been found to benefit building intersubjectivity
and problem solving for both speakers and listeners [23].

Simulation theory helps explain some of the effects of observ-
ing gestures, by postulating that when interacting with others we
produce mental simulations that can take or incorporate the per-
spective of others [50]. These mental simulations seem to activate
an embodied response, engaging sensorimotor areas in the brain,
in the observer that aligns with the perspective of the speaker [9].
These mental simulations of other’s perspectives also seem to occur
when humans interact with robots, and can influence our percep-
tion of the robot’s capabilities and states [34, 37]. In this way, we
seem to construct a mental model of the robot’s capabilities and
states that is based off of our conceptualization of the robot’s per-
spective, and is informed by the verbal and non-verbal cues and
communication of the robot [14, 44]. In short, as a robot uses verbal
and non-verbal communication, we begin to develop an idea of the
robot’s perspective. For example, a robot that uses head nodding
while listening conveys their ability to follow a conversation, and a
robot that can respond to humans pointing to a target demonstrates
an ability to recognize human gestures and relate those gestures to
objects in the physical environment [14, 33, 57].

Research in social robotics has demonstrated ways to utilize non-
verbal communication during human-robot interaction. A number
of studies have looked at the use of a robot’s eye gaze, including eye
contact [43], and well-timed gaze-aversion patterns [7] to improve
recall, feelings of favorability towards the robot, and to make a
robot appear more thoughtful. It is also effective for robots to follow
the human interactor’s gaze during interaction [63]. These gaze
based non-verbal approaches can also complement communication
by recognizing and using gesture that may be most helpful during
challenging tasks [3]. Robot gestures themselves have been found to
support communication, including in collaborative tasks [53] and in
educational scenarios where robots used pointing gestures during
instruction to support language learning [22]. There have also
been some early explorations using robot capabilities for physical

movement to support learning from an embodied perspective. These
include designing a robot tutor for mixed-reality coding exercises
[26] and teachingmultiplication using robot movements to simulate
a number line [59], but these works are in early stages.

As social and companion robots become more commonly applied
as tutors and learning aids, it is important that research examines
how to support students in complex reasoning tasks, with both
verbal and non-verbal supports. In particular, robots that effectively
use gesture and other non-verbal cues during learning interactions
can have a positive impact on the way that students study and prac-
tice mathematics, and research on this work may provide insights
into how teachers and tutors use gestures. Robots can also provide
more opportunities for students to reason out loud about their un-
derstanding and problem solving, as they can play the role of a
socially engaging interlocutor for math reasoning, where the ro-
bot’s non-verbal cues may strongly shape the nature and outcomes
of these interactions. However, little is known about non-verbal
communication for robots during educational activities.

2.3 Hypotheses
Based on this prior work, we believe that a social robot that includes
gesture production may be an especially effective educational tech-
nology to support student reasoning during problem solving. In
particular, these effects might be strongest in a content area, geome-
try, that requires high levels of spatial reasoning to solve problems,
when the robot that specifically uses dynamic gestures to commu-
nicate its reasoning about those problems. Using dynamic gestures
may elicit more visual attention to the robot (H1), as those gestures
can benefit the student’s construction of their own situation model
of the geometry problems [49]. This effective communication may
also impact a student’s mental model of the robot, where the robot’s
use of dynamic gestures may imply its ability to follow dialogue
and gesture that articulates reasoning about geometry. Conversely,
a robot that uses gestures that do not support manipulation of a
situation model may convey to humans that it is only stating fact
rather than reasoning about a problem. Therefore, we propose that
students who interact with a robot using dynamic gestures will be
more likely to reciprocate gesture use (H2), as their mental model
of the robot will expect that it can perceive and follow such ac-
tions [44]. If students do produce higher levels of dynamic gestures,
prior work has shown that this can benefit their reasoning about
problems [4], and may support producing more accurate answers
and reasoning about geometric conjectures (H3). Finally, if students
find that robots using dynamic gestures better communicate their
reasoning and better support the student’s own reasoning, then
student are likely to perceive the robot as a better study partner
[15] and that its use of gestures are more effective (H4).

In summary, we posit the following hypotheses:
Learners who interact with a robot that uses dynamic gestures to

reason about a geometry conjecture when compared to learners who
receive the same interactions with a robot using only beat gestures
will be more likely to:

• H1: direct their attention towards the robot.
• H2: produce more dynamic gestures during their own rea-
soning about a conjecture.
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• H3: provide more accurate responses in their own geometric
reasoning tasks.

• H4: have higher self-reported ratings of the robot as a study
partner and the quality of its gestures.

3 METHOD
To explore the effects of viewing a robot perform dynamic gestures
while reasoning about geometry on participant attention, use of ges-
ture, reasoning about geometry conjectures and perception of the
robot, we conducted a between-subjects laboratory study in which
we asked participants to work with a robot to reason about eight
geometry conjectures. The robot was programmed to reason about
the validity of four of these conjectures and to use gestures while
reasoning out loud about the conjecture. The robot either used: (1)
dynamic gestures that represented and dynamically manipulated
the geometric shapes and properties described by conjectures, or
(2) used beat gestures that matched the rhythm of the speech or
coincided with stressed syllables in the speech. Following prior
work in comparing gesture-based educational technology inter-
ventions [5, 10], we chose to use beat gestures in our comparison
(control) condition, because we wanted to test the effect of the type
of gesture used, rather than the inclusion of gestures or the amount
of gestures used. Beat gestures are an effective comparison for
other gesture types because in both conditions the robot would use
natural gestures to accompany speech, as teachers often use beat
gestures during math instruction [4], that aligns with social psycho-
logical literature on gesture and social perception [6]. Furthermore,
beat gestures by digital agents have been found to draw and hold a
listener’s attention during speech, are thought to aid the listener
in staying focused and attentive to the parts of the conversation
in which beat gestures are used [16], and were rated as effective
gestures, compared to other gesture types, in robot communication
[31]. We also controlled for the amount of time spent gesturing for
each robot, where the total amount of time spent gesturing and the
number of gestural movements was similar in both conditions.

After the robot reasoned about the first four conjectures, it then
asked the participant to reason about the validity of the additional
four conjectures. In the following paragraphs, we describe the con-
jectures, reasoning about the conjectures, and the design of the
representative gestures in Section §3.1, and the design of the robot
and robot gestures in Section §3.2. We then describe our procedure
in Section §3.3 and our evaluation measures in Section §3.4.

3.1 Geometry Conjectures and Reasoning
All geometry conjectures, associated reasoning and representative
gestures were derived from previous work examining human pro-
duction of speech and gestures while reasoning about geometry
conjectures. Geometric conjectures were developed in prior work
to be at an appropriate level of complexity and conducive for un-
dergraduate student reasoning about their validity [45, 51]. For
example, one conjecture, "The area of a parallelogram is the same
as the area of a rectangle with the same length and height," can
be reasoned about by considering the shape of a parallelogram
in relation to a rectangle. One can mentally (or through gesture)
shift the angles of a rectangle to form a parallelogram with same
side lengths, and reasonably conclude that the bounded area of the

shape remains the same. In this way, coming to the correct conclu-
sion does not need to be supported by formal geometric theorems
and postulates, but by examining and manipulating the situations
described in the conjecture. From these conjectures, eight were
selected for a study of expert and novice differences in producing
gestures while reasoning about geometry [54]. From these series of
studies, representative gestures, that demonstrate effective gestures
to accompany reasoning, and valid proof reasoning statements,
were developed based on expert and novice gestures and reasoning
about these conjecture. Those representative gestures and proof
statements were used to create gestures, multiple choice quiz items,
and poses for a math based video game [46]. In this study, we used
these eight conjectures, and selected four that were most conducive
to the robot producing the representative gesture related to that
conjecture. These first four conjectures (See Table 1) were the conjec-
tures that the robot reasoned about with the participant. The other
last four conjectures (See Table 2) were provided for the participants
to reason about with the robot. The representative gestures related
to the first four conjectures are depicted in the top of Figure 3.

3.2 Robot Design
For this study, we used the humanoid NAO1 robot with movable
legs, arms, and head to best reproduce human gestures (See bottom
of Figure 3). The NAO robot has a height of 57 centimeters, weighs
4.5 kilogram, and has 25 degrees of freedom, seven touch sensors
and four directional microphones and speakers. All robot program-
ming, including synchronizing speech and gesture, was designed
using the Choregraphe software from the NAO robot parent com-
pany Softbank Robotics. Onboard speech recognition was used to
attend to user ’yes’ and ’no’ responses to the robot.

3.2.1 Robot Speech. Onboard text-to-speech in Choregraphe was
used to produce the robot’s speech, and the same speech script was
used for both conditions. The speech was written to simulate the
robot reasoning about the first four conjectures and was designed
to represent a flow of reasoning about the conjecture, rather than
simply stating answers. In this way, we hoped to project to the
participant a sense that the robot was attempting to understand
the conjecture and reason about its correctness. To achieve this
projection of reasoning we included key expressions like “Let me
think about it” or “I think this might be true, let me see.” These state-
ments were followed by reasoning statements that incorporated
(1) portions of the stated conjecture (e.g. "if you take a rectangle
and double its length and width"), (2) statements that indicated
a way of modifying the given scenario in the conjecture (e.g. "I
could make this side of the triangle longer"), (3) assessments of how
those changes would impact other parts of the scenario (e.g. "That
would make all of the angles change"), and (4) evaluations of the
manipulations as they relate to the conjecture’s validity (e.g. "I don’t
think that can be true"). We also added statements that projected
a sense of understanding or second-guessing their reasoning to
further convey that the robot was reasoning about the conjecture
in real time, rather than stating known facts. For example, when the
robot is reasoning about the validity of a conjecture about doubling

1https://www.softbankrobotics.com/emea/en/nao

https://www.softbankrobotics.com/emea/en/nao
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First Four Conjectures Validity Robot Reasoning

(1) The area of a parallelogram
is the same as the area of a

rectangle with the same length
and height.

True

"Okay this is tricky. Let me think about it. If I have a rectangle, I can tilt the vertical sides
of the rectangle to make a parallelogram. Okay, I think the area does not change, because it
is like a shifting the sides to make a parallelogram and pushing it to the other side to make

a rectangle."

(2) If you double the length and
width of a rectangle, then the

area is exactly doubled.
False

"I think this is true. Let me see. If I have a rectangle, I can double the length and double the
width. Oh wait. I had a rectangle. I doubled the length and width. Well, I’ve obtained an
area which is quadrupled actually. So, this is false. If you double the length and width of a

rectangle it is not doubled."

(3) The diagonals of a rectangle
always have the same length. True

"Oh, this might be true, because for example, if I have this rectangle, and my rectangle has
a diagonal. This diagonal divides the rectangle into right triangles. Oh, and the diagonal is
actually the hypotenuse of these triangles. Then I guess the same is valid for the other

diagonal of the rectangle. But hey, I know that opposite sides of a rectangle have the same
length. So, in the end the triangles are equal. So, the two diagonals, which are the

hypotenuse are also equal."

(4) If one angle of a triangle is
larger than a second angle,

then the side opposite the first
angle is longer than the side
opposite the second angle.

True

"Wow this is hard to prove, but I can do it. Let me think. If I have a large angle, I need the
opposite side of this large angle to be long enough to close it and if I have a small angle, I
still need the opposite side long enough to close the angle. But this angle is small so the
opposite side is short. While, for the large angle the side would be longer. So, yes, it is right.
As an angle on a triangle opens up and becomes larger, the opposite side becomes larger."

Table 1: First four conjectures, numbers 1-4, of the study procedure (left), the validity of that conjecture (center), and the script
of robot reasoning about the validity of the conjecture (right). The robot reads each conjecture, states if it thinks the conjecture
is true or false, and then states the Robot Reasoning accompanied by either beat (control condition) or dynamic (dynamic
condition) gestures.

Last Four Conjectures Validity

(5) The sum of the lengths of any two sides of a triangle is always greater than the length of the remaining side. True

(6) Given that you know the measure of all three angles of a triangle, there is only one unique triangle that can be
formed with these three angle measurements.

False

(7) Reflecting a point over the x-axis is the same as rotating it 90 degrees clockwise around the origin. False

(8) The opposite angle of two lines that crosses are always the same. True

Table 2: Last four conjectures, numbers 5-8, of the study procedure (left) and the validity of that conjecture. The robot will read
each conjecture, and ask the participant if they believe it is true or false, and to provide their reasoning for their answer.

the lengths and sides of a rectangle, it initially states that the con-
jecture is true, but then corrects itself and says "I just quadrupled
the area, not just doubled it." These speech statements were also
accompanied by either beat gestures or dynamic gestures based on
the participant’s study condition. The verbatim text used for all
robot reasoning, in both conditions, for the first four conjectures
appears in the right column of Table 1, and are based on reasoning
statements developed in prior work [54].

3.2.2 Robot Gestures. We created two new libraries of gestures in
Choregraphe, one for beat gestures and one for dynamic gestures,

to produce robot gestures while it reasoned about the conjectures.
Each gesturewas composed of several poseswhere the Choregraphe
software fluidly translates joint angles and positions from one pose
to the next to create a multi-step gesture. Gestures either begin
from the robot’s resting pose, with arms at its side, or can begin
following the end of a previous gesture. Gestures were adjusted for
fluidity and naturalness after pilot testing.

Beat Gestures. Beat gestures for the robot were designed to align
with the robot’s speech to place emphasis onwords or create rhythm
during speech [39]. We created one and two handed beat gestures
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Figure 2: Illustrations of beat gesture, with retraction (left)
and extension (right) poses.

Figure 3: Illustrations of key poses for representative gestures
that align with the first four conjectures of the study (top),
and pictures of the NAO robot performing those poses. Note:
In D, The arm angle for NAO is different than the illustration
due to limitations of the robot’s movement.

by implementing pairs of retraction and extension movements for
the NAO robot’s arms. In the retraction phase, arms are brought
upward and toward the robot’s body (See Figure 2, left), followed by
an extension phase, in which the previously retracted arms extend
away from the body (see Figure 2, right). The end of an extension
phase of a beat gesture would coincide with, or slightly precede, the
onset of a stressed syllable, used to emphasize speech. A retraction
phase quickly follows the extension phase, where the words have
less emphasis than in the previous phase.

Dynamic Gestures. Dynamic gestures are thought to coincide
with mental manipulations of objects or concepts in a person’s
situation model, in this case their situation model of the geometry
conjecture [29]. To create dynamic gestures to mimic geometry
shape manipulation for a given conjecture, we utilized materials
from a previous study of human gesture production in geometry,
where specific representative gestures, associated with increased
reasoning and proof making about these eight geometric conjec-
tures, were designed for an embodied learning game [45, 46, 58].
The relevant action sequence for each dynamic gesture was aligned
with the robot reasoning speech about the conjecture. For example,
one conjecture states, "If you double the length and width of a
rectangle, the area is exactly doubled." After reading this conjecture
out loud to the participant, the robot first creates a representative
gesture that forms a rectangle with its arms (Figure 3b, left), then
dynamically gestures to change the shape of the rectangle by dou-
bling the length (Figure 3b, middle) and then doubling the width
(Figure 3b, right) by performing two reflections while keeping its
arm bent to a 90-degree angle. This gesture sequence is aligned with
the robot saying each portion of the conjecture that it represents.
So, the robot says, "if you double the length," while performing the

dynamic gesture to increase the length of one side of the rectangle
it created with its arms.

To increase the naturalness of the robot reasoning about the con-
jecture, we also added head movements to portray moments where
the robot would be considering the effects of the manipulations
made during the gesture. For example, after performing the gesture
sequence described above (See Figure 6b) the robot rotates its head
first to the left and then to the right, to simulate a check on its arms
position. We included the additional head movements alongside
representative gestures to generate a more realistic experience.

3.2.3 Turn taking and interaction. We used a hybrid Wizard-of-
Oz style [32], with both researcher controlled and autonomous
management of the interaction, to manage the human-robot in-
teractions during the study. All robot speech and movement were
pre-programmed and scripted, including robot gestures and reason-
ing during the first four conjectures, and prompts for participants to
reason about conjectures during the last four conjectures. The robot
used on-board speech recognition capabilities to allow user voice
input to manage some interactions. For example, after completing
each of the first four conjectures, the robot asked the participant
if they were ready to proceed. A ’yes’ response would prompt the
robot to continue, and a ’no’ response would wait 20 seconds before
again asking if they were ready to continue. For more complex turn
taking, we used a Wizard-of-Oz technique, where the researcher,
positioned at the back of the room, monitored the participant’s
speech through a video camera feed, and manually triggered robot
actions using a laptop computer connected to the robot. For exam-
ple during the last four conjectures, the researcher would monitor
participant speech to determine when they were finished speaking
and then advance the robot to introduce the next conjecture.

3.3 Procedure
Participants (N = 31) were undergraduate and graduate students
from a large Midwestern University in the U.S. (ages 19–26; 11 fe-
male and 19 male). To limit the possibility that participants would
readily know the validity of each conjecture without needing to
reason about it, we used a prescreening survey to exclude potential
participants who were majoring in mathematics or who scored
100% correct on a geometry knowledge quiz. Participants were ran-
domly assigned to either the treatment (dynamic gesture) condition
or control (beat gesture) condition. One enrolled participant experi-
enced technical problems during the study and was removed from
analysis. Two participants in the control condition completed the
geometric reasoning portion of the study, but did not complete the
exit survey due to time limitations. Those two participants were
included in analysis of look-time, gestures and reasoning, but not
included in analysis of exit surveys. Each participant was compen-
sated with a $25 gift card, and study protocols were reviewed and
approved by an institutional review board.

Each participant began the study by completing a standard assess-
ment of spatial reasoning and of verbal fluency, used as a random-
ization check. After completing the assessments, the participant sat
at a desk with the NAO robot and a tablet computer. The setting was
intended to mimic a real-world situation such as a student doing
their homework, with no other presence in the room other than the
robot. To create this setting, the NAO robot was placed on a desk,
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in front of and slightly to the right of the participant, and the tablet
was also on the desk, in front of and to the left of the participant.
We placed the tablet and the robot approximately 45cm apart, to
allow researchers to distinguish between the participant looking at
the robot and tablet, as this distance required participants to turn
their head to move their gaze from tablet to robot. The researcher
was positioned in the back of the large research room, out of view
of the participant, but available to assist as necessary. The partici-
pants asked for assistance from the researcher on two occasions,
and in both cases the researcher instructed them on advancing the
conjectures slides on the tablet. Each session was video recorded
with a camera placed behind the desk facing the participant, and
these video recorded interactions were used to analyze participant
gaze direction, use of gesture, and reasoning about each conjecture.
Another camera was placed behind the participant and connected
to a computer, to allow the researcher to have a real time view
of the ongoing session to facilitate the Wizard-of-Oz interactions.
Figure 4 depicts our experimental setup.

To acclimate the participant to interacting with the robot, we
included two warm-up activities and had the robot give instructions
for completing the tasks. First, the robot began by introducing itself
as "NAO," asking the student their name followed by "nice to meet
you," and then asking the participant to tell them their favorite
hobbies. Then, the robot explained how to use the system, including,
that they could take as long as they like with each conjecture, that
they would be taking turns, and to swipe on the tablet when ready
to move on. To conclude the warm-up, the robot told a short story
to the participant, and prompted the participant to guess what they
believed happened at the end. The goal of the warm-up was to
acclimate the participants to working with the robot.

After the warm-up, the robot explained how the participant
would work with the robot as a study companion to reason about
eight geometric conjectures. Each conjecture statement was shown
on the tablet screen, one at a time, and read aloud by the robot.
The participant would swipe the tablet screen to advance to a new
conjecture. For the first four conjectures, the robot stated whether
it thought each conjecture was true or false, then reasoned out loud
and gestured, to explain why it believed its opinion was true or
false. While reasoning, the robot either produced beat or dynamic
gestures, based on condition, to align with the reasoning speech.
During the last four conjectures, the robot asked for the student’s
opinion about the validity of each conjecture, and asked the student
to explain their answer. The robot only produced gestures during
the first four conjectures. At the end of the experiment, the partici-
pants completed a post-task exit survey where they were asked to
complete five Likert-style questions and one open-ended question
about their perception of the robot. We describe the exit survey
and all measures and analysis in the next section.

3.4 Measures and Analysis
Here we report on three categories of measures and analysis com-
pleted for the study: randomization checks, video data analysis, and
exit survey responses. All comparisons of means were conducted
using a t-test with with 𝛼 < 0.05 as the cutoff criteria for significance
[20]. We also calculated inter-rater reliability on 20% of the data
for each code with a minimum ^ > 0.80 used as a cutoff criteria for

Figure 4: Experimental set up, with participant, NAO robot
and tablet computer on desk, and camera positioned behind
desk. Not pictured: the researcher sits behind participant,
approximately 5m, out of view

reliability in coding [18, 41]. We also performed a thematic analysis
on the open-ended item on the exit survey [13]. Three researchers,
including the first author, first familiarized themselves with the
data where they reviewed and created notes from the open-ended
items. We then generated semantic codes closely related to the
data using an inductive approach and organized the data within
major categories based on these codes. From these categories we
then iteratively proposed, constructed and refined codes based on
meaningful patterns in the data. These codes were applied to the
open-ended item for each participant.

3.4.1 Randomization checks. As a check of random assignment to
condition groups, we compared participant age and scores for verbal
fluency and spatial reasoning for mean differences between the two
groups. The verbal fluency test and spatial reasoning tests were
included as randomization checks as both have been associated
with increased gesture production [28]. The verbal fluency test is
a short test of verbal functioning in which participants are given
one minute to produce as many unique words as possible starting
with a given letter [55]. The participant’s score in each task is
the number of unique correct words. The spatial reasoning test
was used to determine a participant’s ability to manipulate 2D
and 3D objects, visualize movements and change between shapes,
and spot patterns between those shapes. For this test we chose six
questions of different difficulty levels from a previously validated
spatial reasoning instrument [52]. Each question has four possible
answers, but only one of which was correct. The students were
given eight minutes to complete the assessment and later each
question was scored with 0 in case of incorrect answer or 1 in case
of correct answer, with a maximum possible score of 6. Average
scores for spatial reasoning and verbal fluency were averaged across
each condition and compared for differences.

3.4.2 Video data analysis. Video recordings from the camera facing
the participants were used for analyzing: (1) the participant’s gaze
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location during the first four conjectures, while the robot reasoned
about the conjectures, and (2) the participant’s use of gestures
while reasoning about the last four conjectures. Transcripts of each
participant’s verbal reasoning for the last four conjectures were also
assessed for correctly identifying if the conjecture was valid, and
the accuracy of their associated reasoning for why they believed
the conjecture was true or false.

To assess each participant’s gaze location, we examined videos
to determine their eye gaze direction during the portion of the
robot interaction where the robot reasoned about the first four con-
jectures. We categorized the participant’s gaze direction as either
"looking at robot," "looking at table," and "looking at other," and
calculated the total average look time, in minutes, for each partici-
pant in each of these categories. We found very few instances of
participants looking away from the robot or the tablet, and have
not included the "looking at other" category in our reporting here.

We then examined each participant’s use of gesture while they
reasoned about the last four conjectures of the session. During this
portion of the session, they were instructed by the robot to answer
whether they believed the conjecture was true and to explain their
reasoning. We based our gesture coding on prior work by Pier, et al.
[51] to code for gesture sequences, representational gestures, and
dynamic gestures. We began by coding for gesture sequences, where
a gesture sequence began when a participant lifted their hands and
ended when the participant dropped their hands. Thus, a gesture
sequence could be comprised of one solitary gesture or of several
gestures. Coding for gesture sequences reduced entanglement is-
sues that arise from people producing several gesture types within
sequences that may be difficult to distinguish when one gesture
begins and another ends. Throughout the results, when we use the
expression “gestures”, we are referring to gesture sequences.

Each gesture sequence was coded as representational if it con-
tained at least one representational gesture, defined as a gesture
that depicts a static image of one or more concepts or objects related
to the geometry conjecture. We also coded each gesture sequence
that included a dynamic gesture, which we define as gestures that
represent the progressive transformation or manipulation of a ge-
ometrical object through bodily movement. For example, when a
participant forms a triangle shape with their hands, this is coded
as a representational gesture, because it refers to a triangle in the
participants mental simulation of the geometric conjecture. If that
student then begins to move their hands to change the length of
the sides or angle of the triangle, we also include a dynamic gesture
code because they manipulated the representation of the triangle.
Since any gesture sequence can be composed of multiple gestures,
including both dynamic gestures and beat gestures within one se-
quence, we did not attempt to count each gesture instance, but
counted only whether a sequence contained a dynamic or repre-
sentational gesture. We compared differences between the mean
number of each gesture sequence type across conditions.

Figure 5 below provides an illustration of a gesture sequence
produced by a participant while reasoning about conjecture number
seven. In the figure, the participant states the first part of the conjec-
ture, "reflecting a point over the x-axis," as they use their hands to
represent the point (Figure 5a), reflect the point represented by their
hand around the x-axis (Figure 5b), and consider the new location of
the point (Figure 5c). After a moment, the participant then states the

Figure 5: Illustration of a representational (a) and dynamic
gesture (b and d) in a gesture sequence.

second part of the conjecture, "is the same as rotating it 90 degrees
clockwise," as they continue to manipulate their mental simulation
with their hands by rotating the point represented by their hand
upwards by 90 degrees (Figure 5d), and considering the location of
the point (Figure 5e). We coded this as one gesture sequence, as a
representational gesture, due to the representation of the point in
Figure 5a, and as a dynamic gesture due to the manipulations to
that point made in Figure 5b and Figure 5d.

3.5 Exit Surveys
The exit survey was administered on paper and consisted of five
Likert-style items and one open-ended question. In the Likert-
style items the participant was asked how much they agreed with
five statements and given a choice between five answers, from 1
(strongly agree) to 5 (strongly disagree). These questions were devel-
oped for the study, and related to three specific areas of perception
of the robot, presented in the following order: (1) perceived friend-
liness of the robot (one item), (2) if they thought the robot made a
good study partner (two items), and (3) if they thought the robot’s
gestures were helpful (two items). As an example item, we asked
"If I had the possibility, I would study with a robot like this." In the
open-ended question students were asked what they would change
or improve about the experience with the robot. The two items for
Study with Robot and two items for Gesture Quality were averaged
and means scores for each were compared across groups.

4 RESULTS
To test our hypotheses, we conducted a comparison of means be-
tween each group for number of times they correctly identified
valid conjectures, the number of valid cases of reasoning used to
support their answer, the number of gesture sequences, dynamic
and representational gestures used, and the amount of time spent

Table 3: Comparison of group characteristics between control
and dynamic groups.

Control Dynamic

Measure Mean (SD) Mean (SD) t(28) p

Age 20.86 (1.55) 20.26(1.98) 0.92 0.36
Spatial Reasoning 5.13 (0.64) 5.13 (0.83) 0 1

Verbal Fluency 16.4 (2.06) 16.73 (2.12) 0.43 0.67
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Figure 6: Participant look time at the robot and at the tablet during the robot’s reasoning - in minutes (left); number of total
gesture sequences, representational gestures, and dynamic gestures used by participant during their geometric reasoning
(center); and average survey responses for how much participants would want to "Study with the Robot" and the "Gesture
Quality" of the robot (right). Means and (Standard Deviation) is listed within each bar, and whiskers indicate Standard Error. **
denotes significance at 𝛼 = 0.05, and * denotes marginal difference at 𝛼 = 0.10.

looking at the robot. We also compared the participants percep-
tion of the robot using three measures from the exit survey and
provide a thematic analysis of their responses to the open-ended
item. All group characteristics were found to be similar between
the control and treatment groups (See Table 3), satisfying our ran-
domization check. Interrater reliability for all codes were found
to be sufficiently high, including identifying when the participant
looked at the robot (̂ = 0.82), geometric reasoning codes (̂ = 0.85),
gesture codes (^ = 0.81), and open-ended survey item codes (^ =
0.82). Survey item reliability was found to be sufficiently high as
both robot as study partner (𝛼 = 0.84), and quality of gestures (𝛼 =
0.88) were above the 0.70 threshold.

4.1 Geometric Reasoning
We found no differences in the accuracy of student’s ability to
determine whether a conjecture is true or false, between those in
the dynamic condition (M = 2.93, SD = 0.88) and those in the control
condition (M = 2.80, SD = 1.08, t(28) = 0.40, p = 0.71). We also found
no significant differences in the how often the students included
valid reasoning to support their answer, where those in the dynamic
condition (M = 1.87, SD = 1.06) produced more valid reasoning than
those in the control condition (M = 1.27, SD = 1.28, t(28) = 1.40, p =
0.17), but this was not statistically significant.

4.2 Gestures and Look Time
We found that those in the dynamic gesture condition had a statis-
tically significant higher average time looking at the robot (M =
1.96 minutes, SD = 0.62) than participants in the control condition
(M = 1.39 minutes, SD = 0.80, t(28) = 2.17, p = 0.038). The partici-
pants in the control condition did have an overall longer gaze time
towards the tablet (M = 1.45 minutes, SD = 0.74) than those in the
dynamic condition (M = 1.10 minutes, SD = 0.60), but this was not
a statistically significant difference (t(28) = 1.45, p = 0.16). The left
bar graphs in Figure 6 depict these differences.

We found that participants in the dynamic gesture condition
had more gesture sequences, more representational gestures and
more dynamic gestures than participants in the control condition
(See Figure 6, center). There were only three instances across both
conditions where a participant used a gesture sequence that did not
contain a representational gesture. For overall gesture sequences,
the dynamic gesture condition completed more gesture sequences
(M = 3.53, SD = 2.70) than did those in the control condition (M =
2.26, SD = 1.57, t(28) = 2.15, p = 0.04). For representational gestures,
the average was also higher for the dynamic condition (M = 3.46,
SD = 2.64) than in the control condition (M = 1.67, SD = 1.57, t(28)
= 2.15, p = 0.04). Finally, for dynamic gestures, the average was
higher, with a marginal difference, for the dynamic condition (M =
2.27, SD = 2.31) than in the control condition (M = 1.00, SD = 1.00,
t(28) = 1.95, p = 0.06).
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4.3 Survey Responses
After completing their session with the robot, participants in both
conditions were asked to complete a short exit survey about their
experience. Two participants in the control, beat gesture, condition
did not complete the survey and are not included in this analy-
sis. We asked participants about their perception of the robot’s
friendliness, if the robot was a good study companion (Study with
Robot), and how much the robot’s gestures helped them reason
about geometry conjectures (Gesture Quality). We do not include
an analysis between conditions on their perception of friendliness,
as all participants answered 5 (strongly agree) to the item measuring
robot friendliness on the survey. There were significant differences
in perceptions of the quality of the robot as a study companion and
of the robot’s gestures. Participants in the dynamic gesture condi-
tion (M = 4.73, SD = 0.42) had a higher self-reported perception of
the robot’s quality as a study companion than those in the control
condition (M = 4.08, SD = 0.40, t(26) = 4.23, p = 0.00026). Partici-
pants in the dynamic gesture condition (M = 4.87, SD = 0.30) also
had a higher self-reported perception of the quality of the robot’s
gestures in helping them understand the conjectures than those in
the control condition (M = 3.54, SD = 0.38, t(26) = 10.38, p < 0.0001;
See Figure 6, right).

4.4 Open-ended response item
Participant responses to the final, open-ended, item on our post-
study survey were coded for the types of improvements each partic-
ipant indicated they would suggest for the robot (See §4.4.1), as well
as any additional comments they made about their perception of
the robot and the learning experience (See §4.4.2). It is important to
note that the open-ended response item only asked participants to
describe things they would improve, and any additional comments
describing positive aspects of the robot and learning experience
were voluntarily added by the participants without specific prompt-
ing. Each condition provided different emphases in their responses
about what they would improve, where participants in the dynamic
gesture condition focused on improving the verbal communication
and feedback from the robot, and those in the control condition fo-
cused primarily on improving the nonverbal communication of the
robot (See Table 4 for a summary). We also found that participants
in the dynamic gesture condition seemed to have more positive
perceptions of the robot and the learning experience.

4.4.1 Improvements. Participants in the dynamic gesture condition
made suggestions for improving the interaction and feedback when

Table 4: Open-ended response codes and counts in response to
"What would you change or improve about your experience
with the robot?"

Control Dynamic

Better Answer Feedback 1 5
Improve Verbal Communication 3 3

Improve Non-Verbal Communication 6 1
No Changes 0 6

Positive Comments 6 10

engaging with the robot that were primarily about how the robot
responded to student answers and reasoning about each conjecture.
Five participants in the dynamic condition mentioned they wanted
better feedback from the robot, including “proper reasoning why
the answer is wrong,” (P7), “explain the correct answer”, and “better
answers” (P26). Two other participants in the dynamic condition
suggested improvements where "feedback from the robot could
be personalized," (P31) about their answers where the robot could,
for example, "check their understanding of the content, how they
grasp it so far” (P6). Four participants in this condition mentioned
improving communication with the robot, including non-verbal
communication, such as “eye coordination or head nodding could
be added as a reassurance for the personwith the robot” (P5), adding
key word recognition “to help the robot respond back,” (P27), and
improving the speech as “it was a little hard to understand” (P2). One
participant indicated the speech "was a little hard to understand,"
(P2) and one suggested and personalized speech aspects, such as
"customizing his response with my name"(P21). “No changes,” was
themost common response from participants in this conditionwhen
asked what they would change, with six of the fifteen participants
suggesting they would change nothing about the interaction.

Participants in the control, beat gesture, condition primarily
mentioned a need for improvements to the robot’s gesturing and
some requests for improving the robot’s speech. Improvements
to the robot’s gestures were the predominant suggestions made
by those in the control condition (6 of 13), including making the
gestures “more natural” (P17), that “something in the gestures can
be improved” (P13), and that “other kinds of gestures would make
the study more interesting” (P9). The need for better gestures was
often linked with using gestures to help understand the geometric
reasoning of the robot. Participants suggested to “add more specific
geometrical gestures” (P10), and that if the “robot gestures be more
accurate when describing geometric reasoning, it would help to
form an image,” (P23). P15 specifically explained that “when the
robot says ‘rectangle’ he could show the rectangle shape, to better
help in the shape visualizations.” The comments about improving
the speech of the robot were about better clarity and naturalness.
Participants said the robot is “not always easy to understand” (P19)
and “can be more natural” (P17), and that additional dialogue could
add “extra expressions. . . to make the robot seem natural” (P8).
One participant requested “more feedback from the robot” (P29).
Overall, in contrast to the participants in the dynamic gesture
condition, those in the control condition found the robot’s use of
gestures to be lacking and requested improvement to gestures to
specifically support their understanding the robot’s reasoning about
the geometry conjectures.

4.4.2 Perception of the robot and learning experience. Most partici-
pants in the dynamic gesture condition added positive comments
about their perception of the robot including that they “really like
the robot” (P21 and P30) and that the robot is “useful” (P31). Partici-
pants also ascribed positive personality traits to the robot, including
being “very friendly” (P30 and P27) and a “good companion” (P5).
The dynamic gesture condition participants also often added posi-
tive descriptions of the learning experience. Participants described
their experience as “great” (P14), “impressive” (P22), “amazing”
(P27), “nice” (P3), “informative” (P5) and “fun” (P4). One participant,
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P31, told us that the learning experience with the robot made them
“feel less alone and [I] enjoyed what I usually don’t like.” Over-
all, ten of the 15 participants added some positive comment about
their perception of the robot and/or the learning experience. In
contrast, only three participants in the control condition added a
positive comment about the learning experience, where P15 and
P27 described it as “great,” and P28 said they “enjoyed it”. Four
added positive perceptions of the robot. These positive perceptions
were typically more about the verbal communication of the robot,
including that “the speech was clear and understandable” (P9), and
that the “robot has a very natural voice and speech” (P8). Two
participants suggested the robot was “helpful” (P12 and P13), with
P13 adding that it was “friendly”. Overall, in comparison to the
responses from the dynamic gesture condition, six of the 13 partici-
pants in the control condition who completed the survey described
positive perceptions of the robot or the learning experience, and
highlighted positive technical qualities such as clear speech, rather
than positive traits like companionship.

5 DISCUSSION
In this paper, we present measures of look time, gesture use, accu-
racy of geometric reasoning, and participant perception of the robot
as evidence to test our hypotheses about student interactions with
a robot while reasoning about geometry conjectures. We found
that in support of H1, students in the dynamic gesture condition
spent more time directing their attention towards the robot than
those in the control condition. We also found some support for
H2, as students in the dynamic condition used marginally more
dynamic gestures than those in the control condition. We believe
our finding that those in the dynamic condition used significantly
more gesture sequences overall and more representational gestures
is an important finding related to H2. Our results do not support H3
as we found little difference between participants’ ability to accu-
rately identify if each conjecture was true or false, nor did we find a
statistically significant difference in how well each group reasoned
about the validity of each conjecture. Finally, we found evidence
to support H4, that those in the dynamic condition would find the
robot that used dynamic gestures to be a better study partner and
have higher quality gestures accompanying their reasoning. Our
thematic analysis of open-ended exit survey items further support
this finding. In short, this study demonstrates an effect of robot
gesture on the way that students attend to a robot while it rea-
sons about geometry and on the way that students reason about
geometry and use gestures themselves. Here we further interpret
these results and situate these findings within previous work in
HRI and embodied learning theory, including: (1) evidence that the
student-robot pairs represent a shared socially situated learning ex-
perience, and (2) that, consistent with work in embodied cognition
on human-human interaction, robots use of gestures appears to be
capable of stimulating increased gesture production and geometric
reasoning in students.

The type of gestures used by the robot seemed to impact the
shared social experience of interacting with the robot with differ-
ences in the participant’s mental model of the robot, and the quality
and type of communication they engage in with the robot. Of par-
ticular interest to us is that the longer look times at the robot while

it gestured and higher rates of gesturing in the dynamic condition
may indicate that the robot’s use of dynamic gestures influenced
the participant’s mental model of the robot. Students may have
used more gestures in the dynamic condition because the robot
had established that it can interact at this level of reasoning, thus
setting dynamic gestures as the norm for the interaction. That is,
the participant may perceive that the dynamic gesturing robot is
communicating on a level of sophistication capable of creating and
manipulating a mental simulation, whereas the beat robot may be
perceived as only describing known facts or reciting the answer.
Therefore, the student may use gestures more often with the dy-
namic robot to reciprocate the expectation of dynamic gestures or
because the robot has demonstrated that it is capable of using, un-
derstanding, and thus benefiting from these gestures. While there
is evidence that humans will often mirror the nonverbal activity
of those they interact with [48], we believe that this is an unlikely
source of the high use of dynamic and representational gestures in
the dynamic condition. Those in the beat gesture condition viewed
a large amount of beat gesturing, but we did not find an increased
use of beat gesturing in their condition, as only three gesture se-
quences did not include representational gestures. We believe the
increased us of dynamic gesture is related to HRI theory describing
how a robot’s design and actions shape our mental model of what
the robot is capable of and how to interact with it [38], and through
embodied cognition research that shows we increase gesture use
when it would benefit the listener’s needs [30].

Our findings also demonstrate that a robot using dynamic ges-
tures, rather than beat gestures, may be a more natural and effective
means of conveying the robot’s own mental simulation and ma-
nipulation of the conjectures presented to the human-robot pairs.
Research in the learning sciences has found that working with
others provides opportunities for mutually shared cognition that
can lead to deeper and more nuanced understanding of concepts
and skills [42], including socially negotiated intersubjectivity about
problems and solutions presented in learning scenarios [56]. Stu-
dents who worked with the dynamic gesturing robot spent more
time looking at the robot, rated it higher as a study partner and
felt its gesturing was effective more than those in the beat ges-
ture condition. We believe this is because students could better
understand the robot’s reasoning with support from viewing repre-
sentations and dynamic manipulations of the geometric scenario
described in each conjecture. In contrast, students in the beat ges-
ture condition felt the robot needed improved gestures to help them
understand the problem and their reasoning. This finding may be
explained by human cognitive processing that simulates the ac-
tions depicted through gesture, that aid in our own comprehension.
These results are also consistent with HRI theory that describes
how shared attention between a human and robot is important to
communication [14], but we extend this understanding to include
evidence that the use of gestures needs to be consistent with the
type of communication that occurs. Beat gestures may be sufficient
as natural movements to help a listener follow dialogue and deictic
(e.g. pointing) gestures may help locate physically present referents,
but robot speech that is used to describe spatial representations, as
in reasoning about geometry, should be accompanied by dynamic
gestures that facilitate this type of reasoning. In short, a robot can
improve communication of complex spatial reasoning by including
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representations and manipulations of concepts that is afforded by
dynamic gesturing.

Additionally, by partnering our participants with a robot that
utilized dynamic gestures, we were able to induce a higher level of
representational and dynamic gestures. Increased use of gestures
promotes reasoning, particularly in scenarios that require high lev-
els of spatial reasoning like geometry [49]. In this study, we did not
find differences in the number of correct answers about the validity
of each conjecture, or differences in the quality of the reasoning
provided in the verbal explanations of each answer. It may be that
the study was underpowered to detect these differences, as there
were small but higher levels of accuracy in the dynamic condition.
However, it may also be that participant insights, or other cognitive
processes not revealed through verbal or nonverbal behavior, about
each conjecture was enough to produce the participants’ assess-
ments of validity, thus negating the positive effects of gesturing.
That is, while our findings of increased gesture use in the dynamic
condition are encouraging, they may not have impacted the overall
outcomes of geometric reasoning, because other reasoning pro-
cesses, such as intuition, may have had a stronger effect. While
increased use of gestures is often associated with increased reason-
ing and comprehension [1], other prior work has also found mixed
results between increasing gestures and the impact on learning
outcomes [5].Further study is warranted to explore these results.

Overall, we believe our study has implications for theory and
practice in HRI research, by demonstrating that a robot’s use of
gestures can impact what humans perceive about its capabilities,
builds our understanding of how human-robot interaction is shaped
by non-verbal aspects of the robot’s behavior, and suggests how
designers can use gesture to facilitate effective human-robot com-
munication and set appropriate mental models of robots. We also
believe these findings inform the literature on gesture as simu-
lated action and embodied cognition, as we have shown a robot
using dynamic gestures while reasoning seems to have lowered
the threshold for gesture production and can influence students
to produce more of their own gestures while reasoning [29]. This
effect may be due to a heightened social presence of the robot or a
higher estimation of the robot’s ability to benefit from gestures.

5.1 Limitations and Future Work
While we present evidence of the impact of robot gestures during
interaction in a learning scenario, there are several limitations to
our study. First, our sample is relatively small, which may have been
underpowered to fully detect some group differences like differ-
ences in verbal reasoning. We also focus on undergraduate students
in a controlled lab setting, where the level of complexity of the con-
jectures may not have been high enough to challenge college-aged
students sufficiently. To complement and validate these findings we
suggest future studies that explore use of robotic dynamic gestures
in real classroom or tutoring settings, including integrating robot
tutoring within an introductory geometry class at a high school or
undergraduate course. We also believe that the embodied nature of
the physically present robot had an important impact on the effects
on participant look time, perceptions of the robot and gesture pro-
duction, but our study does not compare these effects to a digitally
rendered version of the robot. Given the cost of physical robots,

particularly those with advanced humanoid movement capabilities
like the NAO, future work should examine whether a physical ro-
bot is needed or a digital agent would suffice to produce similar
outcomes, and how both compare to a human partner producing
similar gestures. Furthermore, our conjectures focus on manipulat-
ing geometrical objects, where dynamic gestures are well suited to
support this type of reasoning, but this limits our ability to interpret
how these findings might relate to reasoning about conjectures that
do not include manipulations or shapes. It may be the non-spatial
reasoning would be better suited to other gesture types, and future
work should explore this possibility. We also believe that our use of
beat gestures in the control condition helps to evalute the effect of
gesture type on the participant’s behaviors, but our study is limited
in that it has not compared dynamic gestures to other gesture types,
or with a mix of dynamic and beat gestures. We recommend future
studies that more fully explore different responses to a variety of
gesture types. Finally, our study is limited in that it utilizes primar-
ily quantitative methods of assessment. Future work using in-depth
qualitative interviews or behavioral analysis would complement
this work with richer descriptions of the participant experience,
including probing their mental model of the robot.

6 CONCLUSION
Human perception of robots as social actors may have a large im-
pact on applying robots as learning companions in the near future.
To further explore these possibilities, we build on work in HRI and
embodied cognition to demonstrate how a robot using dynamic
gestures can impact student perception of the robot and student
gesture production. We found that dynamic gestures by a robot
increased the visual attention towards the robot by human partners,
increased the perception of the robot as a good study partner, and
induced greater levels of representational and dynamic gestures.
Based on our findings, we recommend future examination of robot
gestures in educational settings and designing robot gestures, in-
cluding dynamic gestures, to best match the complexity of robot
verbal speech.

In sum, these findings support theory that suggests how peo-
ple’s use of gesture while reasoning appears to be impacted by the
social context that the person finds themselves in [30] and that
during social robot interactions people may adjust our behavior
to match our implicit estimation, or mental model, of a robot’s
abilities and means of interaction [44]. Taken together, we believe
this study illustrates the connection between our mental model of a
robot’s capabilities and our actions towards the robot in accordance
with that mental model. In this case, people seem to attend more
to the dynamic gesturing robot because its non-verbal means of
communicating better supports their understanding of the robot’s
reasoning, people in turn then utilize more representational and
dynamic gestures themselves as the robot has established this level
of communication. These means of communicating, using dynamic
gestures, by both person and robot may then be closely related
to feeling that the robot is using effective gestures and is a good
study partner; not simply due to the better gestures, but because
the communication is better. We hope that improvements to our
understanding of this process will over time lead to measurably
improved reasoning.
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