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Abstract

Exercise is essential for healthy aging, but motivation and adherence to
exercise often decline with age, leading to a sedentary lifestyle. This
challenge, along with an aging population, strains the ability of physical
therapists and coaches to meet demand. In this paper, we introduce a
conversational robotic exercise coach system to help address this demand.
Our research aims to evaluate the acceptability of such agents among
older adults, identify key design considerations for this demographic,
and explore a method for assessing exercise motivation using natural
conversations facilitated through Wizard-of-Oz. The system was tested in
a user study with 10 participants aged 59 and above. Results show that
participants had varied levels and types of engagement with the robot.
Furthermore, participants with low motivation rated the exercise sessions
highly, suggesting that the engaging, interactive agents can enhance
exercise enjoyment. Lastly, we provide design recommendations for future
autonomous coaches.
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Chapter 1

Introduction

Physical therapy and regular exercise sessions are especially beneficial for aging

populations, as they promote both physical and mental wellness [6, 18, 48]. Studies

have shown that older adults in assisted living facilities who participate in structured

wellness programs experience reduced risk of falling and protection against functional

decline [23]. However, exercise motivation and adherence often decline with age [41].

Prior work has found that older adults who are already active tend to prefer exercising

with others [44], while those who are less active often require individualized routines

and may prefer working one on one with an exercise coach [16].

The increasing number of older adults presents significant challenges for wellness

professionals, especially as the number of available physical therapists continues to

decline [13, 52]. This imbalance creates an opportunity for innovative solutions such

as robotic exercise coaches to support aging adults in maintaining physical health

and mobility. Robotic systems can offer consistent and personalized guidance, greater

availability, and scheduling flexibility for older adults, while also reducing some of the

burden on healthcare professionals. These systems have the potential to supplement

the work of physical therapy providers and to benefit both individuals who are already

motivated to exercise and those who prefer personalized support from a coaching

system.

While these coaches can help supplement the demand placed on physical therapists,

it is important to acknowledge that not all individuals who need to exercise will

choose to do so, particularly as sources of exercise motivation shift with age. Younger
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1. Introduction

individuals may be motivated by appearance or performance, while older adults

often prioritize maintaining mobility, reducing pain, enhancing quality of life, or

participating for social enjoyment [11, 33, 35, 44]. Given these differences in motivation

and exercise frequency among older adults, there is a need to tailor robotic systems

to the specific preferences, abilities, and expectations of this population rather than

relying on generic exercise coaching designs. Systems that incorporate domain-specific

support for older adults have the potential to promote healthier and more active

lifestyles while also addressing the growing shortage of wellness professionals.

Conversational agents provide an additional opportunity to support exercise

engagement by allowing systems to interact through natural dialogue. Conversation

can reveal how motivated or prepared an older adult feels on a given day, and it can

surface personal concerns that may influence participation. Beyond simply gathering

information, conversational systems can create a more welcoming and supportive

environment by offering companionship and reducing the sense of exercising alone.

Prior research shows that social interaction plays a meaningful role in the lives of older

adults, and socially assistive agents, including robots, can help reduce loneliness, foster

trust, and encourage adherence to daily routines. When embedded in an exercise

context, a conversational robot can assess motivation, offer tailored encouragement,

and make the exercise experience feel more personal and engaging. These capabilities

motivate our exploration of conversational interactions as a pathway to better support

aging adults during physical activity.

In this work, we present a conversational robotic exercise coach to interact with

aging adults.

To understand how aging adults choose to converse with an exercise coach, we

developed a Wizard of Oz conversational system integrated with an existing robotic

exercise coach platform. We conducted a user study to explore participants’ motivation

and engagement with the system and identified a set of design considerations for

building an effective autonomous conversational agent that supports older adults

during physical activity. The findings show the potential for conversational systems

to promote the health and well-being of the aging population.

This study makes three main contributions:

1. Assessing the engagement levels and acceptance of a robotic system as an

exercise coach.

2



1. Introduction

2. Using conversational interactions to measure exercise motivation for aging

adults.

3. Proposing design considerations for exercise systems designed for the aging

adult population.
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Chapter 2

Related Works

2.1 Robotic Exercise Coaching Systems

Socially Assistive Robots (SARs) provide support through social interaction and have

become increasingly prominent in rehabilitation and exercise contexts. Embodied

robots often evoke higher empathy, trust, and engagement than virtual agents [42, 46],

and older adults consistently prefer physically embodied exercise coaches across

enjoyableness, helpfulness, and social attraction metrics [19]. This advantage has

been supported by later work showing that physical robots can improve exercise

performance; for example, participants performed 69% of exercises correctly with a

physical robot compared to 57% with a tablet-based virtual coach [37].

Robotic exercise systems have demonstrated strong potential for improving form,

technique, and adherence. Coaches that provide continuous real-time feedback

outperform systems that offer only end-of-exercise corrections [2], and multimodal

feedback combining audio and visual cues can be especially effective. Advanced

platforms integrating physiological monitoring and kinematic analysis have also

shown success in supporting proper performance during exercise [38].

Personalization plays a central role in sustaining motivation and engagement.

Adaptive robots that learn user preferences are perceived as more competent, trust-

worthy, and supportive than static or user-controlled systems [40]. Long-term clinical

deployments further demonstrate the value of personalization, with a 2.5-year cardiac

rehabilitation study reporting that 97% of participants recommended the personalized
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robotic coach [25]. Therapist-centered design work similarly highlights the importance

of tailoring feedback and communication style to a patient’s personality, motivation,

and lifestyle [49], underscoring the need for exercise robots that combine performance

monitoring with social attunement.

Yet, despite these advances, most robotic exercise coaching systems frame the robot

primarily as an instructor that provides corrective feedback. Human-led exercise

programs, by contrast, naturally incorporate social bonding, light conversation,

encouragement, and emotional support as part of the therapeutic process. Current

robotic systems rarely investigate companionship or conversational engagement as

mechanisms for fostering adherence or increasing enjoyment. This gap motivates our

work, which shifts the focus from purely corrective coaching toward understanding how

social interaction and conversation with a robotic exercise companion can influence

motivation and engagement for older adults.

2.2 Robots as Social Companions for Aging

Adults

Beyond physical activity, Socially Assistive Robots have been explored extensively

as social partners for older adults, particularly those at risk of social isolation. The

rapid improvement of conversational systems, especially large language model based

frameworks, has opened new opportunities for natural social interaction.

Lima et al. [31] conducted a five week study with 22 older adults interacting with

a GPT-enhanced robot. Participants displayed significantly higher social engagement

with the robot than with human facilitators, making 4.1 social comments on average

compared to 2.3 with humans. The robot also elicited improved cognitive task

descriptions, reduced anxiety, and greater trust and sociability.

Empathy and emotional responsiveness also play crucial roles in social robot

acceptance. Abdollahi et al. [1] compared an empathetic robot to a non-empathetic

version across three weeks. The empathetic robot used facial expression analysis

and speech sentiment detection to adjust its dialogue. Engagement was significantly

higher with the empathetic system, and participants expressed more positive facial

expressions (45% compared to 26%).
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Simple, consistent social interactions can have meaningful impact. In a 3.5-month

deployment in an eldercare facility, Sabelli et al. [36] found that daily greetings,

calling residents by name, and small talk significantly improved emotional wellbeing.

Residents shared personal stories and concerns with the robot, reporting comfort in

its non-judgmental presence.

These findings demonstrate that older adults respond positively to robots that

provide companionship, emotional sensitivity, and meaningful conversation. However,

most of this work focuses on sedentary or caregiver-patient interactions rather than on

shared physical activity. Integrating social bonding into exercise interactions presents

an opportunity to support both wellbeing and physical motivation.

2.3 Conversational Agents for Aging Adults

Conversational agents (CAs) designed for older adults are increasingly used to support

social connection, daily routines, and health management. Prior work shows that

these systems can empower both older adults and their care partners by expanding

perceived support networks and reducing caregiving burden [53]. In home settings,

some older adults engage in small talk with their conversational systems, form social

bonds, and treat these agents as more than task-oriented tools. These interactions

suggest that CAs can provide a sense of companionship in addition to instrumental

assistance.

Beyond social interaction, CAs have also been explored as tools to support health-

related behaviors among older adults. By offering reminders, encouragement, and

structured guidance, conversational systems can help users manage medications,

appointments, and physical activity routines. Their interactive nature allows them

to deliver support in a more engaging and adaptive manner than traditional static

interfaces. This is particularly relevant for older adults who may experience increased

cognitive load when managing multiple health-related tasks.

More recently, conversational agents have been investigated specifically for promot-

ing physical activity and exercise engagement in older adult populations [14, 32, 50].

These systems encourage regular physical activity through goal setting, feedback, re-

minders, and motivational dialogue. For example, Wiratunga et al. [50] demonstrated

that chatbot-based coaching can effectively support older adults in increasing and
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sustaining physical activity by providing personalized encouragement and structured

exercise guidance. Similar work shows that older adults are receptive to conversational

systems that promote health behaviors when the interaction style is clear, supportive,

and easy to understand [14, 32].

CAs have also been shown to reduce cognitive load and support daily task

management. Older adults managing chronic conditions often feel overwhelmed

by the need to remember medications, medical appointments, and ongoing health

monitoring tasks [34]. Reminder-based conversational systems have been shown to help

maintain adherence and reduce stress. Medication guidance is another key area where

CAs have demonstrated promise. Azevedo et al. [3] showed that translating clinical

information into patient-friendly explanations improved older adults’ comprehension

and recall. This is particularly important as medication adherence, similar to exercise

adherence, tends to decline with age [21].

This body of work highlights the potential for conversational agents to play a

meaningful role in the everyday lives of older adults. By combining practical support

with social interaction, CAs can serve not only as tools for behavior change but also

as companions that contribute to motivation, engagement, and overall well-being.

These findings motivate the exploration of conversational agents as exercise support

systems for aging adults, particularly when embedded within socially interactive and

physically embodied platforms.

2.4 Applications of Conversational Agents in

Other Domains

Conversational agents have also been broadly adopted across healthcare and ed-

ucational settings. In learning environments, CAs have been shown to improve

motivation, engagement, and academic performance [30], and they are used across a

wide range of subjects and instructional formats [22, 24]. Beyond academic benefits,

CAs can also reshape classroom dynamics by transforming the instructor role into a

more collaborative and supportive facilitator [15], creating a more interactive and

student-centered learning experience.

In healthcare, conversational systems have been used to support cognitive behav-
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ioral therapy, social skills development, and chronic disease self-management [8, 20, 45].

These systems provide accessible, personalized guidance that can supplement clinical

care and encourage sustained engagement. These applications demonstrate the versa-

tility of conversational agents and highlight their potential to support users across

both educational and health-related domains.
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Chapter 3

Methods

In this work, we explored the preferences of older adults for conversational interac-

tion with a social robotic exercise coach to inform the design of future autonomous

conversational exercise systems. We used an existing exercise coach robot [27] and im-

plemented an additional Wizard of Oz conversation system. Although multiple types

of data were collected, this thesis focuses specifically on conversational engagement.

3.1 Design of the Exercise Coach

Exercise coaches provide real time, contextually aware feedback as people exercise.

To create a comparable environment, our robotic exercise coach needed to analyze

participant movements in real time and deliver appropriate feedback. In our study,

participants performed two upper body exercises: bicep curls and lateral raises. These

movements were selected because they can be performed while seated and involve

relatively simple form corrections compared to compound exercises such as squats or

lunges.

We used a Quori robot [43]1, outfitted with an Orbbec Astra Mini2 depth camera.

Figure 3.1 shows the Quori platform used in this work.

Quori was developed and distributed by another research team [43] and has been

used in prior research involving exercise and social interaction [28, 29]. The robot

1https://quori.org
2https://shop.orbbec3d.com/Astra-Mini-S
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3. Methods

Figure 3.1: The Quori robot used in our study.

used the Mediapipe library to extract three dimensional joint positions from the

camera feed. Repetitions were segmented by monitoring changes in relevant joint

angles using gradients and thresholding [26]. After detecting a completed repetition,

the system compared the motion to recorded demonstrations to evaluate both form

and speed. Based on these evaluations, the robot selected verbal and nonverbal

feedback to deliver to the participant.

The robot supported two feedback styles: firm and encouraging. Prior studies

have shown that the feedback style an individual performs best with does not always

align with the style they report enjoying most [28]. Building on this insight, the

current work explores whether people engage differently with a robot that adopts

their stated style preference. Previous work [28] detailed how exercise evaluations

were mapped to specific verbal phrases, facial expressions, and movements for each

style. Table 3.1 provides examples of both verbal and nonverbal feedback associated

with these styles.

3.2 Design of the Conversation System

The conversational system was a central component of the study, designed to engage

participants before and during exercise while providing explanations, motivational

prompts, and opportunities for interaction. The system used a Wizard of Oz setup in

10



3. Methods

Table 3.1: Examples of verbal and nonverbal feedback for the two feedback styles
from [28]

Firm Encouraging

Evaluation Verbal Nonverbal Verbal Nonverbal

Last 2 reps slow Try to speed up
50% sad,

lean forward slightly

Nice job, can you speed up a

little on the next few?

50% sad, lean forward

slightly less than firm

Last 2 reps low

range of motion

Focus on getting a full

range of motion in

your elbows

50% sad,

lean forward slightly

You are doing great, try to get

a full range of motion in your

elbows.

50% sad, lean forward

slightly less than firm

Last 2 reps good

speed, previous 2

were slow

Nice speed, keep going

60% happy, small

upward arms, small

backward torso

Nice job, great speed!

90% happy, large

upward arms, large

backward torso

which two researchers operated the dialogue. One researcher triggered a set of pre-

programmed phrases that introduced the robot, described the structure of the session,

and asked motivation related questions. A second researcher used a supplementary

typing interface to generate real-time responses whenever participants asked questions

that were not included in the pre-programmed options.

All spoken output was produced using the Google Text-to-Speech API3. The

system converted text into MP3 audio files, which were played through the robot to

create the appearance of autonomous speech.

Although this conversational platform could have been delivered through a virtual

or computer based system, prior work demonstrates that physical embodiment

meaningfully shapes how users engage with an agent. Interactions with embodied

robots tend to elicit greater engagement, attention, and instructional comprehension

compared to virtual avatars [4, 39, 47]. These findings motivated the choice to embed

the conversational system within a physical robot for this study.

3https://cloud.google.com/text-to-speech
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3. Methods

3.3 Procedure

3.3.1 Participants

We recruited ten aging adults between the ages of 59 and 94 (mean 77.4, SD 11.2),

seven identifying as female and three as male. Eight participants were recruited from

a local assisted living facility through word of mouth and an introductory meet-and-

greet session, and two participants were recruited through a university participant

pool. Eight of the ten participants reported that they had never interacted with

a robot before. All study procedures were approved by our Institutional Review

Board. Participants provided informed consent, including consent for video and audio

recording, and received $10 for their participation.

3.3.2 Location and Layout

The first study location was the common room of a senior assisted living facility. The

robot was positioned in a corner, and the participant was seated approximately five

feet away, facing the robot to ensure clear camera capture. The researchers sat to the

left of the robot, out of the camera’s view but still visible to the participant.

The second location was a university lab space. The placement of the robot and

participant mirrored the assisted living facility setup. However, in this setting, the

researchers sat behind the participant and were concealed behind a barrier to remain

out of the camera’s view.

Figure 3.2 shows the study setup in the second location.

3.3.3 Introduction, Intake, and Assessment Conversations

Upon arrival, participants were guided to their seat and positioned so they remained

fully within the camera frame. After providing informed consent, they were greeted

by the robot, which said:

• Welcome and thank you for taking the time to be part of this research study.

My name is Quori. How are you today?

The robot then continued with simple follow up questions, such as:

12
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Figure 3.2: Study setup with the participant facing the robot.

• Before I explain the exercises, I would like to ask you a few questions. How old

are you?

The wording and order of these questions were informed by a physical therapy

expert specializing in older adults. The expert emphasized that early conversational

cues, such as responses to “How are you?”, often provide insight into a person’s

readiness or motivation to exercise. Guided by this feedback, we incorporated three

motivation related questions derived from the Locus of Causality Exercise Scale

(LCES) [5], grounded in self determination theory [17]:

Q1 On a scale of 1 to 10, how would you rate your energy level today?

Q2 On a daily basis, is exercise something you choose to do?

Q3 In general, do you feel like someone else is making you exercise, such as a doctor

or family member?

After the motivation questions, the robot asked participants to select their preferred

feedback style. It introduced the options by saying:

• I want to be the best coach I can be for you, so I want to understand how you

like to be coached. For example, when you make a mistake, I could give you

feedback that sounds like, “Amazing effort, let us aim for full range next time.”

13
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Or I could say, “Focus on improving your range, keep pushing.” Do you think

you prefer the first way or the second way?

Half of the participants experienced their preferred style in the first round of

exercises and the remaining half experienced it in the second round. This ordering

was chosen based on prior findings that the style participants report preferring does

not always align with the style they perform best with [28].

The robot then introduced the structure of the exercise session:

• You will perform two rounds with four sets each. The first two sets will be bicep

curls and the next two will be lateral raises. Each set will be for forty seconds.

Please do the exercises at your own pace. In between each set there will be a

rest period. Please look at the screen next to you to see how to perform the

exercises.

After this introduction, participants completed a brief intake survey.

3.3.4 Intake Survey

Participants completed an intake survey based on items from the RoSAS scale [12],

rating their perceptions of the robot’s intelligence, understandability, friendliness,

awkwardness, and competence on a seven point scale. The statements were:

• I understood the robot well during the introduction.

• I think the robot understood me well during the introduction.

• I think the robot responded in a timely manner.

• I thought the robot was friendly.

• I thought the robot was awkward.

• I thought the robot was competent.

• I thought the robot was intelligent.

• I thought the robot explained the exercises well.

• I thought the robot was compassionate and understanding.

14
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3.3.5 Exercise Rounds

Participants completed two rounds of exercises. Each round consisted of four forty

five second sets: two sets of bicep curls followed by two sets of lateral raises. Each

set was followed by a forty five second rest period. Before and after every set, the

robot asked participants to report their pain level using the Wong Baker Faces pain

scale [51]:

• Please choose the face that best shows your pain after that set.

• Please choose the face that best shows your pain after resting.

3.3.6 Exercise Surveys

Following each exercise round, participants completed a survey derived from the

Godspeed questionnaire [7] and items used in prior work [28]. They rated the robot on

eleven attributes: lively, interactive, responsive, friendly, kind, pleasant, competent,

intelligent, strict, motivational, and corrective.

After completing both rounds, participants filled out a comparison survey indicat-

ing whether the robot in the first round felt more, less, or equally lively, interactive,

responsive, friendly, kind, pleasant, competent, intelligent, strict, motivational, or

corrective. These items used a seven point scale, with four indicating no perceived

difference between the two rounds.
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Chapter 4

Results

We performed two types of analysis on the data collected to measure the engagement

level of the participants as well as the effectiveness of the adapted motivation questions.

First, we conducted a reflective thematic analysis [9, 10] on the audio transcripts

to understand how people interacted with the conversational exercise coach [9, 10].

During the coding analysis process of this step, we aimed to categorize and understand

the types of conversations the participants were having with the robot. This helped

us identify patterns in how the participants interacted with the robot and the nature

of their responses. Second, we analyzed the survey responses, which included 7-point

scale items, and compared these quantitative results to the conversational answers

provided by the participants when asked about their motivation to exercise. This dual

approach allowed us to gain a deeper understanding of the participants’ engagement

and motivation levels. Out of the 10 participants in the study, we had to exclude one

participant due to their difficulty in understanding both the robot and the researcher.

This communication barrier made it challenging to ensure effective engagement and

accurate data collection, leading to the removal of their data from the study.

4.1 Robot Engagement

While coding the transcripts, we identified three types of conversations participants

had with the robot.

1. Answer Engagement

16
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2. Confusion-Related Engagement

3. Social Engagement

Answer engagement refers to the times that the participants answered the

questions that the system directly asked them. Questions that the participants

saw were the questions asked during the intake and the pain level questions asked

before and after each exercise set. We found that most gave one-word answers to

the questions asked by the robot and did not engage further with the questions. For

example, when asked “How are you?” by the robot, most participants would answer

with “I’m good” or “Fine.”

Confusion-related engagement refers to the questions or statements of confu-

sion that the participants expressed during the session. We found that participants

who had difficulty with hearing in general often had a harder time understanding the

robot. They would typically respond with phases such as “What?”, “I can’t under-

stand”, “I’m sorry?”, or “what was the question?” Additionally, the pace at which the

robot spoke sometimes created challenges, leading to instances in which participants

could not comprehend what the robot said. In such cases, the researchers would step

in and speak on behalf of the robot to ensure clarity and maintain engagement.

We also found that there were instances where the participants needed clarification

on on the exercises after the explanation during the intake and also during the sets.

One participant responded to the system after the explanation by saying “Could you

repeat the routine again? How many do you want me to do and how many sets?”

During the exercise sets, some participants would ask “What am I going to do now?”

or “Am I doing the right thing?”

Social engagement refers to two types of conversations that participants had

with the robot. The first type includes discussions on topics not directly related

to the current exercise session. The second type involves responses to the feedback

the robot provided that were not in the form of questions, such as comments or

affirmations related to the feedback. Examples of this type of engagement include

saying thanks to the robot when given feedback or verbally acknowledging that they

understood what the robot said to them by answering “Okay” or “Thank you.” In

some participants’ cases, they also provided personal information about themselves

or made jokes throughout the session. Notably, multiple participants mentioned the
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hospital in their comments, saying “I’m halfway there? Sounds like I went to the

hospital” and “I just thought it said I’m in a hospital.”

Figure 4.1: Number of engagement instances of each type for each participant

Figure 4.1 presents a bar chart illustrating the number of instances each partici-

pant exhibited across the three different conversational engagement categories. All

participants were asked the same number of questions. However, some participants

struggled to understand the questions, resulting in either non-responses or non-verbal

answers, such as nodding when researchers pointed to different faces on the pain scale.

Of the 23 total questions asked of each person, participants answered an average of

19.

A closer look at the graph reveals that Participant 6 demonstrated a higher

level of social engagement (12 instances) but also had more instances of confusion

(14 instances) than the average. Participant 8 also exhibited a high level of social

engagement but experienced fewer instances of confusion. Both participants had a

higher number of answer engagements than the average. In contrast, Participant

2 had a high number of confusion instances (19) and a lower number of answer

engagements (17) than the average. Some participants, such as Participants 1, 3, 4,

5, and 9, showed an overall low level of engagement aside from simply answering the

questions asked by the robot.

We also examined whether the number of social engagements varied between

sessions where participants experienced their preferred coaching style and those where

they did not. The results showed no apparent difference in social engagement between
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these conditions. If participants chose to engage socially, they typically responded in

a similar manner to the feedback being given by the system by saying “Thank you”

or “Okay”.

4.2 Exercise Motivation

In addition to assessing motivation through conversational questions, we quantified

participants’ exercise motivation using the Locus of Causality Exercise Scale (LCES).

To compute an overall motivation score, responses to the second and third items

were reverse coded to ensure directional consistency, and the three items were then

averaged. Higher average scores indicate greater intrinsic motivation toward exercise.

Figure 4.2: Locus of Causality Exercise Scale (LCES) responses and participant
averages

Figure 4.2 shows individual participant responses to each LCES item as well

as their average score. Overall, most participants agreed with the statement that

they exercise because they like to. However, several participants scored lower on

the reverse coded items, indicating that they viewed exercise as something they felt

obligated to do rather than something they freely chose. Participants 1, 4, 8, and 9

scored lower on the second item, suggesting that exercise felt more like an obligation.

Participant 7 showed a similar pattern.

To better understand how conversational motivation aligned with standardized

measures, we compared participants’ LCES scores with how they responded to the

robot’s verbal motivation questions. When speaking with the robot, most participants
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stated that they chose to exercise and did not feel that an external person was forcing

them to do so. Despite this, some participants’ LCES scores reflected lower intrinsic

motivation.

For several participants, conversational responses closely matched their LCES

scores. Participants 3 and 6 told the robot that they chose to exercise and that

exercise did not feel like a burden. This alignment was reflected in their high LCES

averages, indicating strong intrinsic motivation. On the opposite end of the spectrum,

Participant 8 told the robot that they did not enjoy exercising and that exercise felt

like a burden. Their LCES average was also low at 3.33, below the neutral midpoint

of 4, reflecting lower intrinsic motivation.

In contrast, some participants showed a partial mismatch between their conver-

sational responses and their LCES scores. Participants 1, 2, and 9 told the robot

that they chose to exercise and that exercise did not feel like a burden. However,

their LCES averages were closer to the midpoint of the scale, around 4. These scores

suggest moderate or mixed motivation. In these cases, the conversational responses

did not provide additional insight into potential barriers or external pressures related

to exercise, even though the survey results suggested lower intrinsic motivation.

One participant demonstrated a clear mismatch between conversational responses

and survey scores. Participant 4 told the robot that they chose to exercise, yet their

LCES score was low, indicating low intrinsic motivation. This discrepancy highlights

a difference between how participants may present motivation conversationally versus

how they report it in a more private, survey-based format.

For some, conversational measures of motivation and standardized questionnaires

do not always capture the same information.

4.3 Other Survey Data

We saw no apparent trends in the other participant ratings. For the sake of com-

pleteness, Table 4.1 shows the average LCES score, intake rating survey average, and

exercise rating survey average for each participant. The intake average was calculated

by first reversing the score for the awkwardness question and then taking the average

of all the scores. The same method was applied to the exercise survey. All scores were

on a scale of 1 to 7, with 7 being the highest possible rating. Participants were asked

20



4. Results

to complete the same exercise survey twice—once after experiencing each coaching

style. To assess the overall rating of the robot, we averaged the scores from both

surveys, rather than analyzing the ratings based on individual coaching styles.

Table 4.1: LCES (motivation) survey, Intake (perception of the robot’s conversation
and introduction before the exercise session), and Exercise Coach (perception of the
robot after both exercise rounds) averages

Participant ID LCES Avg. Intake Avg. Exercise Coach Avg.
1 3.7 5.2 5.0
2 4.0 3.7 6.1
3 7.0 6.6 6.9
4 2.0 6.3 5.8
5 4.7 7.0 4.8
6 6.7 2.0 6.9
7 5.0 5.8 6.1
8 3.3 7.0 7.0
9 4.3 6.2 6.8

In the intake survey, most participants rated the experience highly with 7 out of

the 9 participants (P1, P3, P4, P5, P7, P9) scoring the robot higher than a 4. The

lowest score rating was 2/7 shown by participant 6 and the highest score rating was

7/7 shown by participants 5 and 8. In the exercise session survey, participants also

rated the robot positively, with all participants scoring it higher than 4. The lowest

score was 5/7, given by participant 1, and the highest was 7/7, given by participant 8.

4.4 Themes

Following the coding process of the reflexive thematic analysis, we identified two

themes to explain how motivation, engagement, and the perception of the robot and

its conversational abilities are interconnected.

4.4.1 Theme 1: Low Motivation, High Robot Rating

We observed that some participants rated the robot highly even when their self-

reported exercise motivation was low. For example, P4 exhibited low motivation on
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the LCES survey, yet verbally told the robot that they liked to exercise. When asked

whether exercise was something they chose to do, P4 responded “Yes,” and when

asked whether they felt external pressure to exercise, they responded “No.” Despite

this low motivation score, P4 rated the robot positively, giving the intake interaction

a score of 6.3/7 and the exercise interaction an average score of 5.8/7.

A similar pattern was observed for P8, who had a low LCES score of 3.3/7 and

verbally expressed that they do not choose to exercise and do not exercise often. When

asked by the robot whether exercise was something they chose to do, P8 responded

“No.” Despite this low motivation, P8 rated both the intake and exercise interactions

with the robot very highly, assigning an average score of 7/7 on both surveys.

P8 also demonstrated a high level of engagement with the robot, frequently asking

questions and thanking the robot when it provided positive feedback on their exercise

form. Notably, P8 had the highest number of social engagement instances among all

participants, even though they reported low intrinsic motivation to exercise.

Participants like P8 highlight the potential role of social interaction and enjoyment

in robotic exercise coaching. Even when older adults report low motivation to exercise,

exercising with a socially engaging robot may be perceived as enjoyable and may

encourage continued participation. For older adults, initiating exercise can be a

critical first step toward increasing motivation, and external factors such as enjoyment

and positive interaction with a robot may help support that process.

4.4.2 Theme 2: Initial Confusion, Later Enjoyment

Some participants displayed confusion early in the session but still reported enjoyment

later on. For example, P2 exhibited a high level of confusion-related engagement

(Figure 4.1), frequently having difficulty understanding what the robot was saying and

reporting an average level of motivation. The participant often asked for clarification

using phrases such as “What?” or “I can’t/don’t understand.” At one point, the

participant turned to the researchers and directly stated, “I can’t tell what she is

saying.” Similar expressions of confusion were observed across multiple participants

and often resulted in the robot repeating its statements or requiring the researcher

to repeat them on the robot’s behalf. Despite these challenges, P2 still rated the

exercise session highly.
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P6 showed a similar pattern. This participant was highly motivated to exercise,

with an LCES score of 6.7/7, but experienced difficulty understanding the robot during

the intake session, leading to a low intake survey rating of 2/7. Of the 14 instances

in which P6 asked a clarifying question or expressed confusion, 6 occurred during

the intake interaction. The participant particularly struggled with understanding

spoken questions from the robot. For example, when asked which coaching style they

preferred, they responded, “What is it? It’s push-ups?”

Despite this initial confusion, P6 rated their interaction with the robot during the

exercise rounds highly and engaged socially throughout the session. The participant

frequently made lighthearted remarks, often joking about their performance or age

by saying, “Pretty good for 94.” During one round, they commented, “I can do

this all day.” They also made playful remarks during specific exercises, such as “I

am throwing rocks over my head” during bicep curls and “Tweet tweet, tweet tweet”

or “If I get too fast, I fly” during lateral raises. When these comments were not

acknowledged by the robot or researchers, P6 often repeated them, suggesting a desire

for social engagement and response. Overall, P6 rated the exercise interaction highly,

with an average score of 6.9/7.

While initial confusion sometimes negatively affected early impressions of the

robot, it did not prevent older adults from enjoying exercising with a robotic system.

Participants continued to report positive exercise experiences even when they experi-

enced difficulty understanding the robot’s speech. This suggests that enjoyment and

engagement can persist despite interaction challenges.

At the same time, these findings point to clear opportunities for improvement.

Addressing sources of confusion, such as unclear phrasing, speech pacing, and limited

ability to rephrase or clarify instructions, would likely improve the overall interaction

experience. Importantly, the presence of confusion highlights the need to more

carefully consider age-related communication needs.

In the discussion, we examine how these observations relate to population-specific

design considerations for older adults, including hearing differences, processing speed,

and the need for adaptive and multimodal communication strategies.
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Discussion

As the aging population continues to grow, so does the demand for physical therapists

and exercise coaches. In this work, we explored the use of a conversational robotic

exercise coach designed to interact with older adults and examined key considera-

tions for designing such systems. Our goals were to evaluate the acceptability of a

conversational exercise robot, understand how older adults naturally interact with an

exercise coach, and identify design considerations that better support this population.

To do so, we implemented a Wizard of Oz system that enabled natural conversational

interaction during exercise sessions and allowed us to assess motivation in context.

Using reflexive thematic analysis, we identified three primary types of conver-

sational engagement with the robot: answer-related engagement, confusion-related

engagement, and social engagement. Answer-related engagement was the most com-

mon type of interaction. Most participants responded directly to the robot’s questions,

such as reporting pain levels or answering intake prompts, but typically did not elab-

orate beyond what was asked. This suggests that many older adults may take a

more reactive role in conversation during exercise sessions unless explicitly prompted

otherwise.

Confusion-related engagement was the second most common type. Several par-

ticipants expressed difficulty understanding the robot, often asking for clarification

or indicating that they could not hear what was said. Participants with hearing

challenges, such as P2 and P6, frequently used phrases like “What?”, “I cannot un-

derstand”, or “What was the question?”. P2, in particular, often required statements
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to be repeated or clarified and at one point turned to the researchers and stated,

“I cannot tell what she is saying.” P6 similarly experienced substantial difficulty

during the intake session, misunderstanding basic questions and responding with

comments such as “What is it? It is push-ups?”. These moments highlight how

hearing limitations and the robot’s fixed speech delivery contributed to confusion

throughout the interaction.

Social engagement was the least common type of interaction, but when it occurred,

it offered important insight into how older adults may relate to an exercise coach.

Participants such as P6 and P8 frequently thanked the robot, acknowledged feedback,

or incorporated humor into the session. P6 made playful remarks such as “Pretty

good for 94” and “If I get too fast, I fly”, often repeating them when they were

not acknowledged. P8 also showed persistent social engagement, asking additional

questions and responding verbally to compliments like “Nice job.” These individual

differences suggest that while some older adults are naturally inclined to socially

engage with a robot, others remain primarily task-focused.

A discrepancy emerged when comparing conversational responses about motivation

with participants’ LCES survey scores. Several participants verbally stated that

they chose to exercise or enjoyed exercising, yet their LCES results indicated lower

autonomous motivation. Participants 4 and 8 provide clear examples. Both told the

robot that they chose to exercise, but their LCES scores suggested that exercise felt

more obligatory than intrinsically motivated. This discrepancy indicates that spoken

responses during a social interaction may not always reflect internal motivational

states. Social desirability, discomfort expressing low motivation aloud, or differences

in how questions are interpreted conversationally versus on a survey may all play a

role.

Theme 1, low motivation paired with high robot ratings, was most clearly demon-

strated by Participants 4 and 8. Despite low LCES scores, both participants rated the

robot highly and appeared engaged during the session. Participant 8, in particular,

showed the highest level of social engagement and rated the robot 7 out of 7 on both

the intake and exercise surveys. These cases suggest that a supportive and enjoyable

robotic coach may positively influence the exercise experience even for individuals

with low intrinsic motivation.

Theme 2 captured participants who initially experienced confusion but later
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reported enjoyment. Participants 2 and 6 exemplify this pattern. Participant 2 dis-

played repeated confusion-related engagement during the intake session but ultimately

rated the overall experience positively. Participant 6 provided the lowest intake rating

due to difficulty understanding the robot, yet rated the exercise experience 6.9 out

of 7 and demonstrated high social engagement during the workout. These examples

suggest that early interaction challenges do not necessarily prevent older adults from

enjoying exercising with a robotic system.

Because this study involved a single interaction session, some positive evaluations

may reflect a novelty effect. Longer-term studies are needed to determine whether

engagement patterns, perceptions, and motivation change as participants become

more familiar with the robot over time.

5.1 Design Considerations

Based on the thematic analysis, participant feedback, and researcher observations,

we identified several design considerations for future autonomous exercise coaches

designed for older adults. These considerations reflect recurring challenges observed

across participants, particularly related to hearing differences, cognitive load during

exercise, and the need for supportive and adaptive communication.

5.1.1 Ability to Rephrase

Many instances of confusion, including those observed for Participants 2 and 6,

stemmed from difficulty understanding the robot’s phrasing. The Wizard of Oz

setup relied on fixed speech, which limited the robot’s ability to rephrase or simplify

statements in real time. Because confusion-related engagement was the second

most common interaction type, future systems should support dynamic rephrasing,

simplified alternatives, and partial explanations. Advances in large language models

offer a promising approach for enabling real-time adaptation of robot dialogue to

improve clarity.
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5.1.2 Differences Between Conversational and Survey-Based

Motivation

Participants such as Participants 4 and 8 verbally stated that they chose to exercise,

while their LCES scores indicated lower autonomous motivation. This mismatch

suggests that conversational responses may be influenced by social norms or a desire

to respond positively when interacting with a social agent. Systems that attempt to

infer motivation from conversation alone should be cautious and consider integrating

conversational cues with behavioral data or longitudinal trends rather than relying

on single intake responses.

5.1.3 Conversations Beyond Exercise

Although most participants did not initiate conversation beyond answering questions,

individuals such as Participants 6 and 8 demonstrated the potential value of social in-

teraction during exercise. These participants joked, commented on their performance,

and responded enthusiastically to feedback. Their social engagement appeared to

contribute to positive perceptions of the robot and the exercise experience. This

suggests that future systems may need to take a more proactive role in initiating

light social interaction. Longitudinal work is needed to examine whether early social

engagement supports sustained motivation and adherence over time.

5.1.4 Population-Specific Speech and Accessibility Needs

Challenges experienced by participants such as Participants 2 and 6 were closely tied

to hearing differences and difficulty processing synthesized speech. These issues were

common in our sample and should be treated as core design constraints for systems

intended for older adults. Adjustable speech features such as slower speaking rates,

clearer articulation, longer pauses, and volume control are important. Additional

modalities, including on-screen text or captions, can further support comprehension

and reduce reliance on auditory cues alone. Designing for accessibility and variability

in hearing and processing speed is essential for creating effective and inclusive robotic

exercise coaches.
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Future Work

There are several promising directions that could be explored in future work. These

suggestions build on the insights from this preliminary study and point toward ways

the system could be expanded, refined, and evaluated more thoroughly.

One direction involves improving the communication abilities of the system.

Participants noted moments when the robot was difficult to hear or understand.

Future versions of the platform should include multimodal communication tools

that support different sensory needs. For example, a screen that displays captions

during the robot’s speech would provide a secondary channel for following instructions.

Adjustable speech settings, such as volume and pace control, may also help participants

who benefit from slower or clearer speech during physical activity.

Another possible direction is to move beyond the WoZ setup used in this study.

While manual control is useful for exploring user expectations, it limits the flexibility of

the interaction. An automated system powered by a large language model could offer

more adaptive behavior, such as rephrasing instructions, responding to confusion, and

maintaining a more natural conversational rhythm. This type of system could adjust

its dialogue in real time based on user needs and support more fluid interactions.

Future work may also consider expanding the social and motivational capabilities

of the robot. Because the participants in this study interacted with the system

only once, their reactions may have been shaped by novelty or unfamiliarity. Multi

session longitudinal studies could help researchers understand how motivation and

engagement evolve once novelty decreases. These longer interactions may also reveal
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how users come to view the robot, whether as a partner, a coach, or something else.

Insights from repeated sessions could inform how the system supports users across

different stages of exercise engagement.

Additional work could also examine how the robot might recognize and respond to

user states such as fatigue, hesitation, or frustration. Integrating multimodal sensing,

including speech patterns, timing, facial expressions, or physiological information,

may allow the system to offer more personalized support. For example, if a user

appears tired, the robot could slow the pace or provide more supportive dialogue. If

a user seems highly engaged, the robot could introduce variation or a challenge to

maintain interest.

Future systems may also benefit from richer social behaviors that go beyond

task focused instructions. The brief interactions in this study may not have created

enough time for all participants to feel comfortable sharing personal information

or engaging in casual conversation. However, the few participants who did engage

socially suggest that there is potential value in exploring how social connection

might influence motivation during exercise. Incorporating features such as small talk,

personal goal setting, routine check ins, or reflective prompts could help build rapport

and trust. These elements may play an important role in long term adherence to

exercise routines.

These future directions look at how different social robot capabilities could be

leveraged to increase motivation and support exercise adherence in older adults.

Continued exploration in these areas may lead to more engaging, adaptable, and

effective exercise coaching systems.
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Conclusion

This thesis explored how adults engage with a conversational exercise robot during

physical activity, with a focus on understanding the social and motivational qualities

that shape these interactions. While much of the prior work in robotic exercise

coaching has centered on performance monitoring, corrective feedback, and physical

embodiment, far less is known about how people naturally communicate with a robot

during exercise and how this communication influences motivation. This preliminary

study provides an early look at the conversational dynamics that emerge in this

setting and offers insights that can guide the development of more adaptive and

socially aware robotic exercise companions.

The findings from this work show that participants were willing to speak with the

robot and some attempted to treat it as a social partner. Many participants responded

to the robot’s questions, expressed acknowledgment cues, and made conversational

comments related to their comfort, enjoyment, or confusion. These behaviors suggest

that even a simple, non-autonomous conversational system can evoke social responses

during exercise. At the same time, several challenges were observed that limited

smoother interaction. Participants sometimes struggled to understand the robot,

experienced difficulty engaging in back-and-forth conversation, or expressed confusion

about the robot’s phrasing or timing. These moments show both the promise and the

limitations of early-stage systems in supporting socially grounded exercise interactions.

This work also demonstrates that motivation during robot-guided exercise is

shaped by more than task performance or instruction delivery. Some participants
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expressed interest in conversations beyond encouragement and exercise feedback,

suggesting that the social dimension of exercise coaching may be just as important

as the physical or instructional dimension. These findings align with research on

human-led exercise programs, where social bonding and interpersonal connection

contribute to long-term adherence. Translating similar qualities into robotic systems

offers an opportunity to support users not only through corrective feedback but also

through shared social presence.

The study also revealed several system-level limitations that point to clear opportu-

nities for improvement. The fixed Wizard of Oz setup prevented real time rephrasing

or adjustment of dialogue, which contributed to confusion and occasionally disrupted

conversational flow. Some participants had trouble hearing the robot or following its

speaking pace. Others felt uncertain about how much they were expected to talk,

which influenced the spontaneity of their responses. Addressing these limitations will

require systems that are more flexible, transparent, and sensitive to user needs in real

time.

Conversational exercise robots hold potential as engaging and socially meaningful

partners during physical activity. They also show that meaningful interaction depends

on the robot’s ability to adapt, clarify, connect socially, and respond to user cues.

While this work focused on a one session preliminary study, it lays the foundation for

more extensive work that examines how these relationships evolve over time. Future

systems could incorporate real-time rephrasing, multimodal sensing, adaptive per-

sonality modeling, and long-term conversational support to create a more responsive

and motivating coaching experience. Longer-term studies would make it possible to

observe changes in motivation once the novelty of the robot decreases and to explore

how users build familiarity, trust, and connection across repeated interactions.

In summary, this thesis contributes early evidence that conversational engagement

plays a meaningful role in robot-guided exercise and provides initial guidance for

designing systems that support both motivation and social connection. Understanding

how users communicate with a robot during physical activity allows us to move

beyond narrow task based coaching models toward more holistic and human-centered

approaches. By exploring the intersection of physical activity, social interaction, and

conversational technology, this work shows the potential for exercise companions that

are not only instructive but also socially supportive, approachable, and motivating.
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Embodiment and human-robot interaction: A task-based perspective. In RO-
MAN 2007 - The 16th IEEE International Symposium on Robot and Human
Interactive Communication, pages 872–877. IEEE, 2007. 3.2
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