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Figure 1: Illustrates how discrepancy can be used to manage reasoning depth in an LLM-based agent for coaching.

Abstract

LLM-based agents improve upon standalone LLMs, which are opti-
mized for immediate intent-satisfaction, by allowing the pursuit of
more extended objectives, such as helping users over the long term.
To do so, LLM-based agents need to reason before responding. For
complex tasks like personalized coaching, this reasoning can be in-
formed by adding relevant information at key moments, shifting it
in the desired direction. However, the pursuit of objectives beyond
interaction quality may compromise this very quality. Moreover,
as the depth and informativeness of reasoning increase, so do the
number of tokens required, leading to higher latency and cost. This
study investigates how an LLM-based coaching agent can adjust its
reasoning depth using a discrepancy mechanism that signals how
much reasoning effort to allocate based on how well the objective is
being met. Our discrepancy-based mechanism constrains reasoning
to better align with alternative objectives, reducing cost roughly
tenfold while minimally impacting interaction quality.
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1 Introduction

Large Language Models (LLMs) have significantly impacted human-
computer interaction; their integration into Al agents marks a step
toward broader application versatility [26, 79]. LLM-based agents
surpass standalone LLMs by internally generating chains [75] of
text before responding to the end user. This enables more sophisti-
cated informed reasoning processes [76]. Unlike standalone LLMs,
which are optimized for immediate intent satisfaction through Rein-
forcement Learning from Human Feedback [14], LLM-based agents
can incorporate extended objectives, such as helping users over the
long term. For instance, by reasoning about how to stay aligned
with developer-provided principles, they can respond more ethi-
cally [61]. Similarly, an informed reasoning process can align agent
responses with theory-informed expertise. In this way, agents can
respond more helpfully. To help users over the long term, a coach-
ing agent, for instance, can use this approach to professionalize
its dialogue, turning the surface-level conversation enabled by the
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LLM itself to a helpful coaching, and support user goal pursuit over
the long term.

To align agents with long-term objectives beyond immediate
intent satisfaction, a structured agentic workflow or cognitive archi-
tecture can be implemented [60], where reasoning is deliberately
guided toward the desired objectives at critical moments. This
involves configuring the cognitive architecture to extract and pro-
cess relevant information during intermediate reasoning steps. For
example, in a coaching chatbot, the system could extract key ele-
ments from prior dialogues, such as identifying obstacles to a user’s
goals, and incorporate these insights into the reasoning sequence.
Although earlier research on dialogue management focused on
maintaining conversational consistency [9], LLMs have resolved
mainly these issues [11]. However, many systems still emphasize
short, single-session interactions, overlooking the need for long-
term, personalized dialogue. To address this, reasoning mechanisms
that maintain a consistent persona or use targeted summaries can
enable more appropriate and effective long-term responses [44].
Furthermore, in complex dialogues, single-step inferences often
fail to uncover hidden user needs, which requires intermediate
reasoning steps [24, 70]. The current challenge lies in aligning rea-
soning processes with long-term objectives and designing informed
reasoning processes tailored for LLM-based agents.

However, while informed reasoning can align agent responses
with objectives beyond immediate intent satisfaction, it has poten-
tial downsides. First, introducing objectives beyond intent satisfac-
tion can negatively impact the perceived quality of interactions.
The former may suffer when balancing the competing goals of
interaction quality and achieving an external objective. Second,
incorporating additional information to structure reasoning can in-
crease token generation, leading to higher costs, increased latency,
and greater energy consumption. These drawbacks can potentially
be mitigated by calibrating the informed reasoning process based
on the extent of the discrepancy from the agent’s external objective.
For example, a coaching agent designed to help users set specific
goals may require minimal reasoning if the user naturally provides
clear, actionable goals. On the other hand, if a user consistently
sets vague goals, the agent would need to engage in more extensive
reasoning to guide them toward greater specificity.

Agents designed to pursue long-term objectives may generate
responses that users like less than those from standard LLMs, which
are typically optimized for immediate, short-term responses. This
shift in focus can potentially undermine short-term interaction
quality, as the agent prioritizes broader goals over immediate intent
satisfaction. Furthermore, the complex reasoning required to align
with external objectives may lead to higher token costs. Conse-
quently, two key questions emerge:

RQ1: How does aligning reasoning with external objectives affect
interaction quality?

RQ2: How can reasoning be made cost-efficient while maintaining
alignment with external objectives?

To explore these questions, we investigated four versions of
an LLM-based agent - a coaching chatbot designed to help users
set and define their learning goals. Coaching was chosen as it
provides a well-suited context for studying the effects of informed
reasoning on user perceptions of LLM-based agents. Coaching,
as a dialogic practice [1], aims to align a coachee’s thoughts and
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behaviors with their motivations [55], and has been shown to be
effective in promoting goal attainment for adult learners [15, 67].
While human coaches can achieve these outcomes, they are often
too expensive for widespread use, underscoring the need for Al-
driven coaching solutions [56, 64]. Since coaching requires longer-
term interactions to produce meaningful improvements in coachees’
lives, so standalone LLMs are insufficient. However, LLM-based
agents incorporating evidence-based reasoning into their responses
present a promising alternative.

The four versions of the coaching chatbot are as follows. First,
we start with a baseline (1) naive agent that lacks additional reason-
ing processes. This agent is compared to versions with (2) a single
level of informed reasoning, (3) two levels of informed reasoning
without a discrepancy-based mechanism, and (4) a comprehensive
agent that integrates two levels of informed reasoning alongside
a discrepancy-based mechanism to optimize reasoning effort. To
assess whether these different constraints on the reasoning process
affect interaction quality, we measured variables such as expecta-
tion confirmation, interaction enjoyment, and satisfaction in a ran-
domized experiment (n=86). To evaluate cost efficiency, we tracked
token usage throughout the interaction. Our study makes two main
contributions:

First, we demonstrate that balancing cost efficiency with inter-
action quality is achievable by implementing a discrepancy mecha-
nism. This mechanism effectively reduces token generation, latency,
and energy use while maintaining interaction quality. Dynamically
adjusting reasoning based on user input ensures that resources are
utilized efficiently without compromising the user experience.

Second, we validate this approach within a coaching context.
We show that interaction quality remains high even when the
agent prompts itself to aim for a goal beyond immediate intent
satisfaction—specifically, coaching success. While our results do not
confirm that long-term objectives are fulfilled, we demonstrate that
striving toward them does not undermine short-term interaction
quality. This distinction between short-term and long-term objec-
tives is crucial: short-term objectives, such as immediate interaction
quality, represent what users immediately perceive during the inter-
action. These are essential for meeting user expectations and ensur-
ing engagement. Long-term objectives, such as the sustained goal
attainment of the coachee, focus on outcomes that extend beyond
the immediate interaction and are central to achieving meaningful
change. Our findings establish that prioritizing long-term goals can
coexist with maintaining a high standard of short-term interaction
quality. This balance is a necessary prerequisite for future research
and practice to focus on understanding and optimizing long-term
effects.

These contributions form essential building blocks for future
investigations into LLM-based agents that aim for long-term ob-
jectives without compromising immediate user satisfaction. Short-
term objectives, such as maintaining immediate interaction qual-
ity, are critical to meeting user expectations but may come at the
expense of long-term goals. In coaching, multi-step reasoning in-
formed by coaching theory allows agents to guide users more ef-
fectively toward sustained goal achievement. However, it remains
unclear whether aligning reasoning with external goals impacts
interaction quality.
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2 Background and Related Work

LLM-based agents must balance immediate interaction quality with
broader long-term objectives. One key approach to managing this
balance is using discrepancy mechanisms, which dynamically regu-
late reasoning depth. To understand the role of these mechanisms,
we first explore their foundational concept in dialogue and then
examine their application in coaching interactions.

2.1 Comparison with Related Work

Our research contributes to the field of LLM-based agents by ad-
dressing the trade-off between reasoning depth, interaction quality,
and computational cost in personalized coaching. While recent
advancements in coaching chatbots [32, 59] focus on task-specific
effectiveness and hybrid human-AI collaboration, they lack mech-
anisms to dynamically adjust reasoning depth based on the ful-
fillment of objectives. Similarly, dialogue state tracking research
[12, 40] emphasizes managing topic diversity and cross-domain
adaptability but does not address the cost-quality balance central to
our work. Studies on LLM-based Al agents [10, 21] broadly explore
agent architectures and control mechanisms without incorporat-
ing discrepancy-based mechanisms to optimize reasoning effort.
Furthermore, research on balancing performance and cost [7, 74]
highlights heuristic reasoning and adaptive learning. Still, these
approaches do not align with the personalized and cost-efficient
reasoning adjustments demonstrated in our work. Our discrepancy-
based mechanism thus fills an important gap by enabling LLM-
based agents to achieve long-term objectives effectively while sig-
nificantly reducing computational overhead.

2.2 Discrepancy as a Signal in Dialogue

Discrepancy is the difference between current behavior and the
intended objective, such as in a goal-oriented conversation. Discrep-
ancies between current performance and desired outcomes drive
humans to adjust their actions to close this gap [57]. This process
is essential for achieving long-term objectives, as discrepancies
between realities and goals act as a motivating force, prompting
individuals to reassess their strategies and align them with their
objectives [16]. For example, suppose a client’s progress toward a
personal goal (e.g., passing an exam) falls short of expectations in
a coaching interaction. In that case, the coach might identify the
discrepancy and suggest adjustments, such as modifying habits, to
better align with the goal. However, unresolved discrepancies, such
as goal conflicts, can negatively impact well-being, whereas align-
ing goals with intrinsic motivations enhances well-being [35]. Goal
conflicts divide resources, as those allocated to pursuing one goal
cannot be used for another [47]. Therefore, concurrently pursuing
multiple objectives entails potential downsides.

Discrepancy is critical in modulating reasoning depth and balanc-
ing interactions in dialogue management. Discrepancy mechanisms
adjust the amount of reasoning effort an agent expends based on the
alignment between observed user behavior and the conversation’s
goals [28, 58]. By signaling when further reasoning is required,
these mechanisms enable more efficient progress toward objectives
while minimizing unnecessary complexity. However, while reduc-
ing discrepancies can help achieve goals more efficiently, it may
also feel constraining to users, forcing them to adapt to the agent’s
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guiding structure rather than engaging in a more free-flowing,
self-determined conversation. Finding the right balance between
achieving efficiency and maintaining user satisfaction is critical in
goal-driven interactions, especially when long-term objectives are
involved [36].

Next, we examine coaching, which considers the coachee’s goals
and aims to support them in their pursuit.

2.3 Coaching

Coaching is a dialogic practice [1] focused on helping individu-
als achieve personal and professional goals through personalized,
goal-oriented conversations [55]. Psychological coaching for adult
learners, particularly those pursuing educational or career objec-
tives, aims to foster behavioral change, enhance resilience, and
promote sustained achievement [5]. Coaching dialogues can take
various forms—solution-oriented, dialogic, or dialectical-each pro-
viding a distinct pathway for coachees to reflect, clarify their goals,
and make meaningful progress [51].

However, challenges arise when the coach’s personality and be-
havior create barriers to success, as observed in human-to-human
coaching settings [8]. While professional coaches are expected to
demonstrate core competencies, many lack formal psychological
training, which limits their ability to facilitate deeper behavioral
change [48]. To address this issue, evidence-based coaching has
emerged, emphasizing using empirical knowledge and structured
methodologies to achieve more reliable outcomes [20]. This ap-
proach aligns well with psychological coaching, one of the four
major coaching discourses (alongside managerial, network, and
soul-guide coaching), which focuses on promoting behavior change
[73]. Since professional coaches are highly educated and skilled,
coaching is often prohibitively expensive at scale. Coaching chat-
bots aim to provide cost-efficient and accessible alternatives that,
while not matching human coaching in quality, can offer scalable
solutions [46]. Despite their potential, current coaching chatbots
still lack the advanced reasoning capabilities necessary for facilitat-
ing long-term behavior modification, as highlighted in the research
summary in Table 1.

Having established the general principles of coaching, we now
explore how coaching sessions can be structured, focusing on the
popular GROW model, which guides coachees toward achieving
their goals in a systematic manner.

2.3.1 Coaching Session Structure. The GROW model (Goal, Reality,
Options, Way Forward) remains one of the most widely used frame-
works in psychological coaching, offering a step-by-step structure
to align coaching sessions with goal achievement [20]. The process
begins with defining the goal-what the coachee wants to achieve.
Next, the coachee assesses the reality of their current situation, con-
sidering both challenges and available resources. This leads to the
generation of multiple options, or potential strategies, to overcome
obstacles. Finally, the session concludes by identifying actionable
steps, known as the way forward, ensuring the coachee leaves with
a clear plan to reach their goals. This structured approach is par-
ticularly beneficial for adult learners pursuing objectives such as
obtaining professional certifications or improving career-related
skills. Figure 2 illustrates the GROW model, showcasing how it
provides a coherent and progressive coaching framework.
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Table 1: Key Themes and Findings in Coaching Chatbot Research

Theme

Example Finding

User Engagement and Retention

Engagement improves with tailored features, such as personalized

notifications, but sustained engagement remains challenging [77].

Behavioral Change and Health Coaching
Personalization and Adaptation

Chatbots are effective in initiating short-term behavior change [68].
Personalized coaching tailored to user preferences enhances effective-

ness [69].

AT and Machine Learning Techniques in Coaching

Al techniques, such as transfer learning, improve dialogue flow and

personalization [80].

Multimodal Interaction and Communication Modalities

Different communication methods like voice and text influence user

satisfaction [66].

Accessibility and Inclusivity

Human-AI Hybrid Coaching Models

Chatbots have shown potential in serving underserved populations
[71].
Hybrid models that combine human oversight with Al assistance sup-

port short-term goal tracking [65].

Efficacy of Al Coaches vs. Human Coaches

Al coaches achieve short-term goals, such as improving self-

management behaviors [63].

Cultural and Linguistic Considerations

Multilingual and culturally tailored chatbots promise to increase en-

gagement [80].

Goal

Reality

Clarify motivation

Options
Set goal Clarify reality P

Way Forward

Reactivate goal Discuss discrepancy to

; Reflect on options to
goal state

remove obstacles

Decide on how to
proceed until next
session

Identify problem Activate coachee

resources (knowledge,
skill, relationships,

Build implementation
intentions (what,
when, how)

Figure 2: The GROW model structures a coaching session
temporally, with different content depending on how far a
conversation has reached. The conversation starts with a fo-
cus on the coachee’s goal. Goals that our participants pursue
are educational goals and include (random selection): "Pub-
lic speaking certification", "I would like to complement my
chemical engineering degree on this topic., "Financial train-
ing.", "I'm thinking of doing a second degree to compliment
the first one I got which was analytical chemistry.", "become
a commercial pilot".

Finally, we turn to the role of empirically supported strategies for
behavior change, which transform coaching dialogues from mere
conversations into interventions that can help coachees pursue
their goals more effectively.

2.3.2 Behavioral Change Techniques. Behavioral Change Tech-
niques (BCTs) are a set of empirically validated strategies designed
to facilitate behavior change [50]. These strategies may include
breaking down tasks into manageable steps, offering rewards for
progress, and reinforcing positive behaviors to encourage the coachee
to adopt more effective habits. In psychological coaching, particu-
larly in educational contexts, BCTs guide coachees from intention
to action by systematically addressing barriers to change.

In coaching chatbots, BCTs are essential for moving beyond
simple conversations to interventions that promote real behavior

change [4]. When incorporated into chatbot architecture, these
techniques provide the necessary structure to assist users in setting
and achieving long-term goals. Because much of behavior change is
communicated through instructions, feedback, and reinforcement,
BCTs are highly applicable in Al-driven coaching systems [23]. By
leveraging an established taxonomy of BCTs, coaching chatbots
can deliver interventions that are not only personalized but also
grounded in behavioral science, enhancing their effectiveness in
promoting sustained change.

In summary, psychological coaching for adult learners requires
structured reasoning to achieve immediate goals and long-term
behavior change. This process relies on several key components:
the reasoning depth needed to align with the coachee’s evolving
objectives, the use of temporal expertise such as the GROW model
to structure sessions for progressive development, and the applica-
tion of BCTs to guide interventions that promote actionable change.
Additionally, discrepancy management plays a critical role by dy-
namically adjusting reasoning efforts based on the alignment be-
tween user behavior and coaching goals. While existing coaching
chatbots are effective for short-term engagement, they often lack
the reasoning depth and structured approach necessary to support
sustained behavior change over time, as summarized in Table 1.
By integrating structured reasoning, temporal expertise, BCTs, and
discrepancy mechanisms, coaching chatbots can be significantly
improved to better meet the demands of meaningful coaching con-
versations.

2.4 From Rule-based Chatbots to Agents

Historical and recent chatbot systems struggle with reasoning for
use cases such as coaching. While traditional chatbots can handle
simple interactions, they lack the depth needed to guide users
toward objectives other than the immediate interaction itself.
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2.4.1 Pre-LLM Chatbots. Chatbot technology has evolved signifi-
cantly since its inception, beginning with foundational systems like
ELIZA, which relied on fixed, rule-based approaches to simulate
conversation [72]. While these early systems were groundbreaking,
their rigidity and inability to handle complex user interactions often
resulted in user dissatisfaction [45]. As conversational demands
grew more sophisticated, chatbot technology advanced with the de-
velopment of natural language understanding (NLU) systems. NLU
chatbots improved upon their predecessors by interpreting more
nuanced language inputs and managing user interactions more
effectively. However, despite these advancements, they continued
to face challenges, particularly with conversational breakdowns
that could disrupt the flow of dialogue [2].

2.4.2 LLM-based Chatbots. The advent of LLMs brought about
a significant leap in chatbot capabilities. LLMs, which generate
responses based on vast datasets, enable more contextually relevant
and adaptable interactions [25, 43]. These generative models have
allowed chatbots to handle a wider range of queries and engage in
more dynamic conversations. LLMs have been applied to coaching-
adjacent domains, such as promoting well-being [37], or addressing
social issues like reducing mental health stigma, where personalized
interactions are crucial [42].

However, despite their strengths, LLM-based systems face no-
table challenges. Privacy concerns, issues related to prompt engi-
neering, and the difficulty non-expert users encounter when in-
teracting with these systems [78] remain significant obstacles to
broader adoption [31]. Furthermore, coaching-specific applications
of LLMs require a more structured dialogue approach that em-
phasizes aligning chatbot responses with the coachee’s goals. In
coaching contexts, mapping coachee-provided content to relevant
coaching responses is essential for delivering effective and goal-
oriented interventions [3].

24.3 LLM-based Agents. While LLM-based chatbots have improved
conversational quality, they primarily focus on generating immedi-
ate, contextually relevant responses. In contrast, LLM-based agents
extend beyond this by incorporating reasoning processes that al-
low them to pursue long-term objectives across multiple steps
[26, 76]. Unlike chatbots, which react moment-to-moment, LLM-
based agents are capable of autonomous reasoning—determining
when additional information or deeper analysis (in the form of
intermediate text generation that prompts the next step) is required
before responding [13]. This capability makes agents better suited
for complex tasks, such as providing coaching or facilitating be-
havior change, where understanding and aligning with long-term
goals is essential.

A defining characteristic of LLM-based agents is their ability
to integrate external data sources to enhance responses and guide
their reasoning [13, 54, 75]. This feature is particularly valuable
in coaching contexts, where agents may need to access additional
information to assist users in achieving specific objectives over
time. However, the coaching use case presents unique challenges.
Coaching requires deeper reasoning capabilities that even current
LLM-based chatbots lack, as noted in Table 1. LLM-based agents
need to incorporate informed reasoning processes to effectively
support users in achieving long-term goals. For example, they could
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use the GROW model to structure their understanding of the cur-
rent coaching situation or select and apply BCTs to deliver more
impactful coaching. The current gap in integrating these advanced
reasoning capabilities highlights the need for further development
to make LLM-based agents suitable for coaching and other appli-
cations requiring dialogues that produce long-term outcomes, not
just immediate user satisfaction. To address this, managing both
the dialogue flow and the reasoning behind the coaching agent’s
responses is critical.

2.5 Dialogue Management

Dialogue management shares many similarities with cognitive ar-
chitectures in the context of conversational agents. Both focus on
guiding the agent’s reasoning processes toward achieving specific
long-term objectives rather than merely satisfying immediate user
intents. A structured agentic workflow or cognitive architecture
configures the system to extract and process relevant information
at key moments, ensuring the dialogue stays aligned with the user’s
goals [60]. In a coaching context, this means identifying critical
elements, such as obstacles to a user’s goals, from prior conversa-
tions and integrating them into the reasoning process to deliver
more tailored, goal-oriented responses. Earlier efforts in dialogue
management concentrated on maintaining conversational consis-
tency, a challenge that recent advancements in LLMs have largely
resolved [9].

2.5.1 Dialogue Interaction Quality. Suboptimal dialogue in con-
versational agents can lead to user dissatisfaction, particularly in
coaching applications where responses are expected to be both
personalized and empathetic [17]. This is especially true in sen-
sitive contexts, such as mental health or coaching, where poorly
designed interactions may leave users feeling misunderstood or
disengaged [34]. Consequently, balancing high interaction quality
with pursuing long-term objectives is essential.

Interaction quality can be assessed using five key metrics: ex-
pectation confirmation, performance expectancy, interaction en-
joyment, satisfaction, and human-machine perception.

Expectation confirmation measures the extent to which the sys-
tem meets user expectations [6]. In LLM-based coaching agents,
users often expect fast, responsive outputs similar to those of
standalone LLMs. However, when these agents engage in deeper
reasoning—-taking longer to deliver responses that support long-
term coaching goals—this can lead to a mismatch between user
expectations and actual system behavior, potentially reducing sat-
isfaction.

Performance expectancy refers to users’ belief that the system
will help them achieve their goals [62]. In coaching applications,
users expect the system to support their personal or professional
outcomes effectively. If deeper reasoning or slower responses un-
dermine this expectation, users may perceive the system as under-
performing.

Interaction enjoyment captures users’ emotional responses to
their interactions. As reasoning depth increases and responses be-
come slower or more complex, users may find the interaction less
enjoyable, even if the system ultimately provides higher-quality
guidance [41]. A decline in enjoyment could negatively impact the
likelihood of continued use.
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Satisfaction extends beyond interaction enjoyment to encompass
the overall experience with the agent [30]. While deeper reasoning
can lead to more thoughtful and accurate responses, delays or added
complexity during real-time interactions may diminish users’ short-
term satisfaction.

Human-machine perception measures how users perceive the
agent’s identity [22]. Suppose the agent’s behavior deviates too far
from typical LLM outputs in favor of complex reasoning. In that
case, users may perceive it as less human-like [19], which could
negatively influence their overall interaction experience.

In summary, maintaining high-quality dialogue interaction is
critical to fostering user engagement, particularly in coaching ap-
plications where users expect tailored, empathetic responses to
help them achieve their goals. Interactions risk falling short of user
expectations if these factors are not carefully managed, leading to
dissatisfaction and disengagement.

2.5.2  Dialogue Objective Beyond Interaction Quality. While interac-
tion quality is vital, LLM-based agents must also pursue long-term
objectives, such as helping users achieve sustained behavior change.
Achieving these extended objectives requires deeper reasoning and
more structured dialogue than simple, immediate interactions. How-
ever, it is crucial that this pursuit does not come at the expense of
short-term interaction quality. Our study focuses on how a discrep-
ancy mechanism can balance these needs, enabling agents to engage
in deeper reasoning to achieve long-term goals while maintaining
the immediate interaction quality users expect.

In coaching applications, for instance, users may initially seek
quick, satisfying responses. However, reaching long-term goals
such as improved resilience or sustained behavior change demands
the agent engage in more deliberate, reflective interactions. This
can lead to slower, more thoughtful responses that may be less
immediately gratifying but are essential for aligning with long-
term coaching objectives.

Thus, dialogue management’s challenge lies in balancing the
need for immediate, high-quality interactions with the system’s
long-term objectives. Like most standalone LLMs, systems that
focus on delivering quick, satisfying responses may fail to facilitate
meaningful progress toward the user’s larger goals. Conversely,
agents that engage in deep, extended reasoning may risk reducing
short-term user engagement.

2.5.3 Balancing Interaction Quality and Extended Dialog Objectives.
Pre-LLM agent architectures have used discrepancy mechanisms to
balance immediate task performance with long-term goals [28, 58].
These mechanisms can similarly be adapted to LLM-based agents
to manage the trade-off between short-term interaction quality and
the pursuit of extended dialog objectives.

In an LLM-based coaching agent, a discrepancy arises when
there is a gap between the expected outcome of a coaching action
and the user’s actual behavior, typically observed in their next
response. For instance, if the agent prompts the user to specify a
goal but the user does not follow through, a discrepancy occurs.
Conversely, no discrepancy exists if the user complies with the
recommendation, allowing the agent to avoid deeper reasoning and
preserve short-term interaction efficiency.

When the agent detects that the user’s behavior deviates from
expectations, it can reduce reasoning efforts to improve response
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times, especially in cases of low user engagement. This efficiency
is critical for scalable systems, where managing resources ensures
smooth and responsive interactions across multiple users [64]. In
coaching scenarios, for example, the agent may increase reasoning
depth only when it observes significant deviations from expected
behavior, such as repeated resistance to goal-setting prompts.

This ability to adjust dynamically allows LLM-based agents to
maintain a balance between fluid, responsive conversations known
from LLM interactions and the achievement of long-term outcomes
like behavior change and goal attainment. By leveraging a discrep-
ancy mechanism, these agents may offer both immediate conver-
sational satisfaction and sustained progress toward broader objec-
tives.

In conclusion, effective dialogue management in LLM-based
agents requires balancing interaction quality with long-term objec-
tives. Discrepancy-based reasoning allows agents to dynamically
modulate interaction depth based on user engagement, ensuring re-
sponsiveness while guiding users toward meaningful and sustained
outcomes over time.

3 Artifact

In this section, we describe the design and implementation of our
LLM-based coaching agent, which supports users in their goal
pursuit through structured conversations. The agent integrates
domain-specific coaching theory [23], including the GROW model
[20], BCTs [50], and discrepancy mechanisms [28], to emulate the
guidance provided by a human coach. We implemented the agent
using the LangGraph framework!, which enables us to dynamically
steer its reasoning process, ensuring alignment with professional
coaching practices.

1:am your personal coach and | help you to clarify what you want to achieve on your learning journey and how you can remain successful in
& | pursuing .1 am not a tutor and do not know the contents of your lecture exactly. | am a research prototype and am activated by your first
message, Please be patient, the first response may take up to a minute. Please start the conversation by describing your personal study goal,

F-3 [ How can | best define my learning objectives?

Hey there! Great question. To best define your learning objectives, start by pinpointing exactly what you want to achieve—be specific. Reflect

Figure 3: The UI for all groups.

3.1 Implementation of the LLM-based Agent

LLM-based agents rely on LLMs to generate text-based interactions
that are responsive and adaptive to the user’s input. These agents
make multiple calls to the LLM, dynamically determining each next
step. In our implementation, we use the LangGraph? framework,
which facilitates chaining multiple LLM calls. This architecture
allows us to incorporate domain-specific knowledge-such as coach-
ing theories—during intermediate reasoning steps and to control the
agent’s behavior, ensuring alignment with professional coaching
practices. This design ensures that each dialogue action is informed

!https://langchain-ai.github.io/langgraph/, version 0.2
Zhttps://www.langchain.com/langgraph


https://langchain-ai.github.io/langgraph/
https://www.langchain.com/langgraph

Maintaining Interaction Quality for LLM-Based Agents

by both the user’s current state and the system’s internal reason-
ing, enabling the agent to consistently apply structured coaching
models like GROW and BCT throughout the conversation.

3.2 Aligning the Reasoning Process with
Coaching Practice

To ensure the LLM agent’s reasoning aligns with established coach-
ing practices, we embed domain theory directly into the system’s
intermediate prompts [27]. The agent’s cognitive architecture is
designed to steer its responses toward meaningful coaching in-
terventions, drawing on theories of human cognition [60]. This
architecture enables the agent to provide structured, theory-based
guidance that emulates professional coaching techniques.

3.2.1 Structuring the Coaching Conversation. The GROW model
structures the coaching conversation into four stages: Goal, Reality,
Options, and Way Forward [20]. We implement the GROW model
in the agent by using function calling® to interpret the coachee’s sit-
uation within these stages. This enables the coaching agent to deter-
mine what to focus on next. For example, if the goal is clearly spec-
ified, the agent can shift attention to understanding the coachee’s
current reality.

3.2.2  Behavioral Change Techniques: Goal-Oriented Interventions.
In cases where the user struggles with procrastination-such as fail-
ing to meet study schedules despite wanting to pursue a certificate—
the agent must go beyond merely offering encouragement. In these
situations, behavioral interventions become essential. BCTs are
evidence-based strategies designed to modify behavior, and we
incorporate them into the agent’s reasoning process [50]. For ex-
ample, the agent might apply a BCT by prompting users to break
their study goals into smaller, more manageable tasks.

We implement the selection of BCTs via function calls, enabling
the agent to dynamically choose the most appropriate BCT based
on the user’s responses and their current stage in the GROW pro-
cess. This approach ensures the agent stays focused on facilitating
meaningful behavior change rather than engaging in off-topic dia-
logue.

3.2.3 Discrepancy Mechanism: Adjusting the Coaching Strategy. To
maintain adaptability, our agent employs a discrepancy mechanism
that evaluates the differences between the user’s expected and
actual responses during the session. Inspired by prior research on
agent architectures [28, 58], this mechanism dynamically adjusts
the agent’s reasoning depth if the user’s behavior deviates from
the predicted path toward the overall objective. For instance, if the
user is expected to brainstorm options but instead remains focused
on their current realities, the agent can revise its understanding of
the coaching situation and return to an earlier stage in the GROW
model. Conversely, suppose the user follows the necessary steps
to align with the agent’s objective of helping them progress. No
additional reasoning is required, and the agent can continue with
its current approach.

3https://platform.openai.com/docs/guides/function-calling
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3.3 LLM-based Agent Variants

To systematically explore the impact of varying reasoning depth
on interaction quality and coaching effectiveness, we designed four
variants of the coaching agent, each with varying levels of reason-
ing complexity. These variants were chosen to align with our study
objectives: assessing how aligning reasoning with external objec-
tives influences interaction quality (RQ1) and investigating how
reasoning can be made cost-efficient while maintaining alignment
with external objectives (RQ2). More specifically, we pit a (1) Naive
agent with shallow reasoning on how to proceed against a (2) BCT
agent that uses BCTs to inform this reasoning and against a (3)
GROW+BCT agent which incorporates yet another reasoning level
by analyzing the temporal situation of the coachee according to
the GROW model. This third agent goes through all the reasoning
levels each time while the (4) Full agent decides how deeply to
reason based on the discrepancy, as do the (1) Naive and (2) BCT
agents with their constrained repertoire of reasoning levels. By
comparing these agents, we aim to uncover the trade-offs between
immediate user satisfaction and the pursuit of long-term coaching
goals (see the reasoning flow in Figure 4 and example dialogues,
including the intermediate reasoning text generated to prompt the
coaching messages, in Figure 5).

(1) The naive agent is the simplest version, reasoning only about
the immediate next conversational action. It does not employ
GROW, BCTs, or the discrepancy mechanism, focusing solely
on maintaining dialogue with minimal reasoning complexity.

(2) The BCT-only agent focuses exclusively on behavioral guid-
ance using BCTs, without employing GROW for session
structure or the discrepancy mechanism for adjustments.
This version provides actionable, behavior-focused advice
but lacks the broader structure and adaptability of the more
advanced agents.

(3) The GROW+BCT agent removes the discrepancy mechanism
but retains the GROW and BCT reasoning layers. This ver-
sion offers structured coaching through the GROW model
and uses BCTs to guide the user’s actions, though it does not
recalibrate its strategy in response to user behavior devia-
tions.

(4) The full agent integrates all three reasoning layers: GROW
for session structuring, BCTs for goal-oriented interventions,
and the discrepancy mechanism for dynamic adjustment.
This version is the most comprehensive, offering both struc-
tured and adaptive coaching, guiding users through every
stage of their goal pursuit.

3.4 Hypotheses and Expected Outcomes

Based on our agent designs, we propose the following hypotheses:

H1: The (4) Full agent, which integrates reasoning about the
temporal stage (GROW model), behavioral interventions (BCTs),
and dynamic adjustment (discrepancy mechanism), will be the most
cost-efficient among the four agent variants.

H2: The added constraints on the (4) Full agent’s reasoning may
negatively impact immediate interaction quality compared to the
(1) Naive and (2) BCT-only agents.
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Figure 4: Flowchart of the reasoning process for the four agent variants (1) Naive, (2) BCT, (3) GROW+BCT, (4) Full. Each variant
responds differently to discrepancies in dialogue when determining the next coaching action. (1) Naive agent: updates its
action based on the full dialogue if a discrepancy is detected, otherwise retaining the previous action. (2) BCT agent: updates its
Behavioral Change Technique (BCT) based on the full dialogue when there is a moderate discrepancy; for low discrepancies, it
updates only the action based on the previous BCT. (3) GROW+BCT agent: updates the GROW model of the situation each time
based on the full dialogue, followed by updates to the BCT and action, irrespective of discrepancies. (4) Full agent: Updates
GROW understanding based on the full dialogue only for high discrepancies, updating BCT based on the GROW understanding
for moderate discrepancies, and the action based on the prior BCT for low discrepancies. When no discrepancy is detected, no
updates are made, optimizing efficiency. Edge legend: Dotted lines indicate no discrepancy, faint lines indicate low discrepancy

and bold lines indicate at least moderate discrepancy. Variant (3) GROW+BCT ignores discrepancy.

H3: The (3) GROW+BCT agent, which engages in constant
deep reasoning without dynamic adjustment, will be the least cost-
efficient.

H4: The (1) Naive and (2) BCT-only agents will offer higher
immediate interaction quality compared to the (4) Full agent.

These hypotheses are grounded in the expectation that the dis-
crepancy mechanism in the (4) Full agent will optimize reasoning
depth, reducing unnecessary token generation and resource usage
(H1). However, it may detract from immediate interaction qual-
ity due to added reasoning constraints (H2). The (3) GROW+BCT
agent, which lacks dynamic adjustment, is anticipated to be less
cost-efficient (H3). Meanwhile, the simpler reasoning approaches
of the (1) Naive and (2) BCT-only agents are expected to result in
quicker responses and higher immediate interaction quality (H4).

The (3) GROW+BCT agent, engaging in heavy reasoning through-
out interactions, is likely the least cost-efficient. It consistently
applies deep reasoning without dynamic adjustment, leading to
higher token usage and increased computational costs. Though
structured, it lacks the efficiency benefits of discrepancy-based
reasoning, resulting in suboptimal cost performance.

In contrast, the (1) Naive and (2) BCT-only agents, which more
closely resemble standalone LLMs optimized for interaction quality
[14], are expected to deliver higher immediate interaction qual-
ity. Their simpler reasoning processes allow for faster responses,
aligning with user expectations. However, their limited ability to
reason about long-term objectives may lead to the accumulation of
unresolved discrepancies, requiring more adjustments over time.
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(1) Naive LLM Agent

g U .I'm struggling to stay motivated while working on my Master's
ser: ¢
degree. It feels overwhelming.

What action is appropriate based on the full dialogue context? @
Help the user break tasks down and manage workload.

| understand how overwhelming it can feel. Let's break it down.
Coach:What specific aspect of your studies do you find the most
challenging right now?

Prediction: The user may mention a specific challenge like workload or @
focus.

.Managing the workload and keeping up with deadlines is really
‘ User'tough.

Discrepancy Check (Some Discrepancy): The user mentioned deadlines Q)
specifically, which indicates a need to address time management, not just
workload. Change of approach required.

What action is appropriate based on the full dialogue context?
Suggest breaking tasks into smaller steps, with a focus on deadlines and
time management.

How about setting smaller daily goals with specific deadlines?
Coach:Focusing on time management can help ensure you meet your
deadlines more easily.

(3) GROW + BCT Agent

‘ U .I'm struggling to stay motivated while working on my Master's
ser: §
degree. It feels overwhelming.

What GROW stage needs attention based on the full dialogue? Q
Goal: Stay motivated. Reality: Overwhelmed. Options: Clarify workload.
Way Forward: Undefined. Stage: R (Reality).

What BCT is appropriate based on GROW? Q
Use 'Action Planning' to structure the user's tasks. {store BCT: Action
Planning}

What action is appropriate based on {stored BCT: Action Planning}? Q
Help the user create a structured schedule to manage their time better.

' Coach'LEt's explore ways to improve your time management. How do
& “you feel about creating a structured schedule for your study time?

’ User:| think a schedule would help, but I'm not sure how to structure it.

What GROW stage needs attention based on the full dialogue?
Goal: Stay motivated. Reality: Needs structure. Options: Create a plan. Way
Forward: Undefined. Stage: O (Options).

What BCT is appropriate based on GROW?
Use 'Action Planning' to guide the creation of the study schedule. {store
BCT: Action Planning}

What action is appropriate based on {stored BCT: Action Planning}?
Help the user create a more detailed schedule with deadlines and study
periods.

Let's start by blocking out specific study periods and prioritizing
Coach:assignments based on deadlines and difficulty. We can adjust the
plan as you progress.
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(2) BCT Agent

g User'l‘m struggling to stay motivated while working on my Master's
‘degree. It feels overwhelming.

What BCT is appropriate based on the full dialogue?
Apply 'Goal Setting (Behavior)' to clarify tasks and objectives. {store BCT:
Goal Setting (Behavior)}

What action is appropriate based on {stored BCT: Goal Setting @
(Behavior)}?
Structure the user's study sessions to help them stay focused.

To improve your focus, how about we structure your study
Coach:sessions and set clear goals for each one? This can help you stay
on track and productive.

Prediction: The user may respond positively to structuring their sessions or Q)
may mention difficulties with following a plan.

g User'That sounds helpful, but I've tried following plans before, and |
‘couldn't keep up with them.

Discrepancy Check (Low Discrepancy): The user has tried plans before, Q)
but this won't change the overall BCT used. (With high discrepancy, the
BCT would be updated.)

What action is appropriate based on {stored BCT: Goal Setting @
(Behavior)}?
Focus on adjusting the user's goals to be more flexible and manageable.

Since sticking to a plan has been challenging, how about we
Coach:break the goals down further to make them more manageable?
We can adjust as needed.

(4) Full Agent

‘ User'llm struggling to stay motivated while working on my Master's
‘degree. It feels overwhelming.

What GROW stage needs attention based on the full dialogue?
Goal: Stay motivated. Reality: Overwhelmed, struggling with workload.
Options: Structure tasks. Way Forward: Undefined. Stage: R (Reality).

What BCT is appropriate based on GROW?
Use 'Action Planning' to guide the user through structuring their workload.
{store BCT: Action Planning}

What action is appropriate based on {stored BCT: Action Planning}? O
Help the user create a structured plan to manage time and tasks effectively.

Let's create a structured plan for your study sessions. What
Coach:specific times during the week could you dedicate to your
assignments?

Prediction: The user may mention distractions or tiredness, indicating a @
need to adjust the plan.

’ User:| could try evenings, but | usually get distracted or tired.

Discrepancy Check (Low Discrepancy): Slight alignment issue; user @
mentions distractions and tiredness. No need to update overall approach.

(With moderate discrepancy, BCT would be updated from GROW
understanding; with high discrepancy, also GROW understanding from the

full context).

What action is appropriate based on {stored BCT: Action Planning}? Q)
Help the user track when they are most focused and energized to adjust
their study schedule accordingly.

How about we start by tracking when you're most distracted or
Coach:tired during study sessions? This way, we can adjust your plan
based on when you're more focused and energized.

Figure 5: The four versions with example dialogues, including reasoning, are in the yellow boxes. Reasoning is invisible to
users. The initially longer reasoning of the (2) BCT and (4) Full agents becomes more efficient than that of the (1) Naive agent
over time because more reasoning is triggered by more discrepancy, and their reasoning reduces discrepancy. (3) GROW+BCT
Agent is less efficient since it does not use discrepancy but always uses reasoning to maximize depth.
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While the (2) BCT-only agent incorporates some behavioral guid-
ance through structured interventions, it demands less reasoning
effort than the (3) GROW+BCT agent.

In summary, the (4) Full agent is expected to be the most cost-
efficient due to its use of the discrepancy mechanism but may
sacrifice short-term interaction quality. The (1) Naive and (2) BCT-
only agents are anticipated to excel in immediate interaction quality
but incur higher long-term costs. The (3) GROW+BCT agent, due
to its constant deep reasoning, is likely to be the least cost-efficient
of the four variants.

4 Methods

4.1 Participants

A total of 86 participants completed the study, engaging with the
LLM-based agent and completing the post-experience survey. The
final sample comprised 66% males and 34% females, with no partici-
pants identifying as other genders. The mean age of the participants
was 31 years (SD = 9.0).

4.2 Procedure

Participants were recruited via Prolific.com* to take part in a between-
subjects study. After providing consent, participants completed a
brief demographic questionnaire. They were then randomly as-
signed to one of the four agent variants, which differed in their
reasoning mechanisms (see Section 3 for details). After interacting
with the coaching agent, participants completed a post-interaction
survey measuring five dependent variables related to interaction
quality and user experience. The entire process, including the chat-
bot interaction and post-interaction survey, took a median of 22
minutes. Participants were compensated at a standard rate of £2.20.

4.3 Operationalization of the Dependent
Variables

We measured several dependent variables aligned with our study
objectives to evaluate how our agent variants impact interaction
quality and coaching effectiveness. Specifically, we focused on user
satisfaction, interaction enjoyment, expectation confirmation, per-
formance expectancy, and human-machine perception. These vari-
ables were chosen because they offer insights into users’ percep-
tions of the agent’s ability to meet their immediate needs while also
supporting their long-term coaching goals. By assessing these fac-
tors, we aim to determine how different reasoning depths influence
the overall effectiveness of the coaching interaction and directly
address our research questions.

Expectation confirmation is the primary dependent variable and
was measured using a Likert scale with three items [6]. This mea-
sure was selected based on the assumption that users typically
expect immediate intent-satisfaction from a modern chatbot, as
most well-known chatbots are optimized for this purpose [e.g., 52].
However, our agent’s architecture incorporates additional reason-
ing levels to pursue extended objectives, such as supporting the
user’s long-term goal pursuit. This shift in focus may reduce imme-
diate intent-satisfaction, potentially undermining user expectations

4prolific.com was chosen among online participant pool providers for its comparatively
high response quality and ethical standards [53]
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and affecting confirmation. Expectation confirmation is also crucial
because it predicts a range of other interaction quality metrics,
such as satisfaction and continued use [49]. To ensure relevance,
we adapted the measurement items to fit the experimental context.
See the online Appendix A for details.

Performance expectancy [62] was measured because it is con-
ceptually similar to expectation confirmation but focuses more
specifically on users’ beliefs about the chatbot’s ability to meet
performance-related expectations. While expectation confirmation
examines the broader match between user expectations and out-
comes, performance expectancy hones in on the anticipated func-
tionality and usefulness of the chatbot agent. Including both mea-
sures provides a more nuanced understanding of user expectations,
capturing different facets of the user experience.

Interaction enjoyment [41] was assessed to capture the emotional
and affective aspects of the user experience. We hypothesized that
chatbots constrained by more advanced reasoning processes, such
as the (3) GROW+BCT variant, might deliver more structured but
less enjoyable interactions, particularly if they deviate from the fluid
and anthropomorphic behavior optimized by RLHF in standalone
LLMs. Emotional engagement is a significant factor in determining
overall satisfaction with technology and serves as an important
predictor of continued use [38].

Satisfaction [29] was measured as a general measure that encom-
passes the overall intuitive evaluation of the chatbot interaction.

Human-machine perception [22] was included because we were
particularly interested in how our agent variants might influence
the perception of anthropomorphism [19]. LLMs optimized through
RLHF are designed to enhance anthropomorphic qualities, but in-
troducing more structured reasoning processes might negatively
impact these perceptions. For instance, overly constrained reason-
ing may result in repetitive responses or other machine-like features
that diminish the agent’s human-like qualities.

In addition to these subjective measures, we also tracked each
user’s token usage, which correlates with latency, and the resulting
costs for each interaction using LangSmith®. Furthermore, we calcu-
lated the relative costs per unit of interaction quality, as measured
by the Likert scales discussed above (e.g., expectation confirmation).
This analysis allowed us to evaluate not only the user experience
but also the cost-effectiveness of each agent variant.

5 Results

5.1 Descriptive Statistics

Scale reliabilities ranged from o = 0.729 for the expectation confir-
mation measure to @ = 0.933 for performance expectancy, indicating
acceptable to excellent internal consistency across all scales. Sig-
nificant correlations were observed between key variables, such
as satisfaction and performance expectancy (r = 0.80) and human-
machine perception and interaction enjoyment (r = 0.60). Correla-
tions among outcome variables ranged from 0.60 to 0.80, demon-
strating both convergent and discriminant validity. A detailed break-
down of reliability and interrelations, as well as means, can be found
in the online Appendix (A). For example, expectation confirmation
had a mean of 4.23 (SD = 0.97), while performance expectancy
averaged 4.52 (SD = 0.87).

3smith.langchain.com
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5.1.1  Primary Outcome: Effects on Expectation Confirmation. The
primary outcome measure, indicating interaction quality and ex-
pectation confirmation, was subjected to both traditional null-
hypothesis parametric tests® and equivalence testing. A one-way
ANOVA revealed a significant effect of the agent condition on expec-
tation confirmation, F(3, 82) = 5.67, p = 0.004. Post-hoc comparisons
indicated that the full agent condition significantly outperformed
the (1) Naive agent condition, adjusted p = 0.006, and the (2) BCT
agent, adjusted p = 0.028, but not the(3) GROW+BCT agent. These
results do not support Hypotheses H2 and H4, as the (4) Full agent
did not show a decrease in immediate interaction quality compared
to the (1) Naive and (2) BCT-only agents. Instead, the (4) Full agent
performed as well as or better than the other agents on interaction
quality measures. These differences were further analyzed using a
Two One-Sided Test (TOST) to evaluate practical significance. The
TOST procedure helps us check if two conditions are practically
equivalent by setting upper and lower limits (called equivalence
bounds) for what we consider a meaningful difference. If the ob-
served difference falls within these bounds, we can confidently say
the effect is too small to matter in practice. This test is important
because it lets researchers statistically support the absence of a
meaningful effect, rather than just concluding no effect based on
nonsignificant results [39].

The TOST results confirmed that although statistically signifi-
cant differences were observed, the effect sizes fell within prede-
fined equivalence bounds, indicating that these differences, though
present, are unlikely to be practically meaningful (see Table 2).
Equivalence bounds were established using Cohen’s d correspond-
ing to an effect size with 80% power, multiplied by the pooled
standard deviation. This approach ensures that only effect sizes
exceeding a threshold of practical relevance fall outside the bounds.
As the observed effect sizes did not surpass these bounds, the differ-
ences, while statistically significant, remain practically irrelevant.
Therefore, we conclude that even though significant differences
exist between the (2) BCT agent and the full agent (which uses
GROW as an additional reasoning level and the discrepancy mecha-
nism) that indicate a preference for the (2) BCT agent, this is within
bounds.

5.1.2  Secondary Outcomes: Effects on the Four Additional Depen-
dent Variables. The secondary outcomes included performance ex-
pectancy, interaction enjoyment, satisfaction, and human-machine
perception. These were also analyzed using ANOVA and subse-
quent equivalence tests.

Performance expectancy demonstrated significant group differ-
ences, F(3, 82) = 6.38, p = 0.002. Similar to the expectation con-
firmation measure, post-hoc analysis revealed that the full agent
significantly outperformed both the (1) Naive agent (p < 0.01) and
the (2) BCT agent (p < 0.05). However, the TOST results confirmed
that, despite statistical significance, these differences were practi-
cally small and within the predefined equivalence bounds.

ANOVA for interaction enjoyment showed no significant differ-
ences across the groups, F(3, 82) = 1.52, p = 0.215. The full agent had
a marginally higher mean score compared to the other conditions,

®Distributions were normal, with slight ceiling and bottom effects still suitable for
parametric testing [18].
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but these differences were not statistically or practically significant
according to equivalence testing.

Satisfaction scores varied across conditions, with the full agent
again outperforming the (1) Naive agent, F(3, 82) = 4.25, p = 0.009.
Post-hoc analysis revealed significant differences between the full
agent and the (1) Naive agent (p = 0.01), with equivalence testing
again confirming the practical irrelevance of these differences.

Human-Machine Perception: This outcome showed moderate dif-
ferences between conditions, F(3, 82) = 3.75, p = 0.015. Specifically,
the full agent outperformed the (2) BCT agent (p = 0.05), but no
significant differences were found between the (3) GROW+BCT
agent and the other conditions.

5.2 Interaction Quality Relative to Cost

Cost-adjusted measures of interaction quality were analyzed using
non-parametric tests due to violations of normality assumptions
(see online Appendix: A). A Kruskal-Wallis test indicated significant
group differences, H(3) = 7.82, p = 0.02, in cost-adjusted interaction
quality. Post-hoc comparisons using Dunn’s test revealed that the
full agent significantly outperformed the (2) BCT agent (Z = -2.34, p
=0.02), and the (3) GROW+BCT agent also showed advantages over
the (1) Naive agent. These findings support Hypotheses H1 and
H3, confirming that the (4) Full agent was the most cost-efficient,
and the (3) GROW+BCT agent was the least cost-efficient due to
its constant deep reasoning without dynamic adjustment.

Pairwise Effect Size Comparisons for Expectation-Confirmation Return per Cost

[d=1.42"

(4) Full (2) BCT (1) Naive

(3) GROW + BCT

Figure 6: [llustrates how much more cost-efficient the (4) Full
agent is compared to the other variants, on the representa-
tive example of expectation confirmation. d = 2r/ \/Z 1-r2).
*=p<.05, ***=p<.001, ***=p>.0001. The (2) BCT variant is still
much more cost-efficient than the remaining 2 variants
because the discrepancy-mechanism only performs if rea-
soning depth can be adjusted (in the (1) Naive agent, dis-
crepancy is assessed as a binary, meaning that there is no
adaptive reasoning depth, only reasoning or no reasoning.
(3) GROW+BCT has the most reasoning but does not per-
form as well as the costs of this would require for compara-
tive efficiency to the other agent variants. Performance, i.e.

interaction quality . .
—ost — declines left to right.

The data in Table 3 highlights the superior cost efficiency of the
Full agent compared to other variants, with relative costs increasing
up to 15x for the (3) GROW+BCT agent. The Full agent consistently
achieved the lowest mean cents per user (0.00174) and the fewest
tokens per user (8,487). Despite slightly fewer user messages, with a
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Table 2: Ablation study, difference and equivalence tests for pairwise comparisons. We show raw and adjusted p values; p
values were adjusted for multiple testing via Holm-correction. Difference tests test the Null-Hypothesis (NHST) that there are
no differences. One difference is significant (bold). It shows that the (2) BCT agent outperforms the (4) Full agent in terms of
expectation confirmation. However, all equivalence tests (two-sided tests or TOST) are significant, indicating that all values are

within equivalence bounds and thus negligible in terms of practical significance.

Comparison Difference NHSTp NHST adj.p TOSTp TOST adj. p
(4) Full vs (1) Naive -0.4848 0.0298 0.1383 3.53e-06 1.77e-05
(4) Full vs (2) BCT -0.5606 0.0062 0.0369 1.88e-07 1.13e-06
(4) Full vs (3) GROW+BCT -0.5197  0.0277 0.1383  5.80e-06 2.32e-05
(3) GROW+BCT vs (1) Naive -0.0758 0.6915 1.0000 3.54e-04 1.06e-03
(3) GROW+BCT vs (2) BCT -0.0348 0.8771 1.0000 2.84e-03 2.84e-03
(2) BCT vs (1) Naive 0.0409 0.8412 1.0000 1.24e-03 2.49e-03

Table 3: Costs per agent variant. GROW+BCT without a dis-
crepancy mechanism costs 15 times more than the full agent
that deploys the same reasoning processes but only where
necessary.

Group Avg. Tokens/User Cost Ratio (to Full)
(1) Naive 43,581 5%
(2) BCT 17,914 2x
(3) GROW+BCT 103,525 15x
(4) Full 8,487 1x

mean count of 8.32 (SD = 3.8), compared to the other agents, like (2)
BCT (mean user messages = 10.41, SD = 5.13) and (3) GROW+BCT
(m = 8.14, SD = 4.05), the (4) Full agent delivers the most cost-
effective interaction quality. The naive agent was engaged with the
least (m = 7.2, SD = 1.91). The Full agent, with its minimal cost and
consistent performance, stands out as the most efficient choice for
delivering high-quality interactions while keeping costs low. These
findings underscore the practical and statistical significance of the
Full agent’s performance. For more statistical details, see the online

Appendix (A).

5.3 Additional Qualitative Insights

We analyzed the participants’ open text feedback on their experi-
ence to determine how users perceive the different variants of the
coaching agent. To elicit this feedback, we asked "In what way were
your expectations using the digital coach confirmed?" and "In what
way were your expectations using the digital coach NOT confirmed?".
Answers were collected in the survey using an open answer format.
We employed a thematic analysis on the overall feedback, also inves-
tigating differences between the groups that received (1) Naive, (2)
BCT, (3) GROW+BCT, and (4) Full agents. We coded responses and
grouped them into key themes’. This allowed us to examine how

"We used GPT-4o to assist in the analysis. The results of all steps are logged in the
codes_qual folder in the online Appendix A. The initial prompt was "I need a thematic
analysis of these answers to two questions: In what way were your expectations using
the digital coach confirmed? In what way were your expectations using the digital
coach NOT confirmed? Step-by-step, following the appropriate guidelines". We provide
the main conversation log as a text file (dialogicTA.txt) in the online Appendix A.
Reporting is additionally based on manual checks and researcher discretion.

each variant impacted the user experience, particularly in terms of
both confirmation and disconfirmation of expectations.

In terms of confirmation, four prominent themes emerged: User-
Friendliness, Adaptability and Guidance, Accuracy, and Ar-
tificiality Concerns. Many participants emphasized the natural
interaction with the digital coach, demonstrating high satisfaction
with its user-friendliness. For example, one user from the (2) BCT
group commented, "It was a good experience, the coach was very
useful and had good ideas.” Table 5 summarizes the key themes that
were confirmed by participants, including definitions and examples.
These themes highlight the strengths of the digital coach, particu-
larly its user-friendliness and adaptability. The design implications
offer actionable insights into how these strengths can be further
enhanced in future iterations of the system.

However, disconfirmation arose when a participant added, "It
wasn’t robotic or artificial seeming at all," suggesting that even
though artificiality wasn’t perceived as an issue, this group valued
more human-like interaction. As shown in Table 6, participants also
expressed concerns about the coach’s response speed, artificiality,
and the concreteness of its advice. For example, one participant
noted, "It took too long to get responses, which broke the flow of inter-
action,” and another remarked, "I expected more actionable guidance,
but the advice felt too generic." These comments underscore areas re-
quiring improvement in responsiveness and personalization. These
disconfirmation themes suggest areas where improvements could
lead to better user satisfaction, such as refining response times
and providing more personalized guidance. Still, many participants
actually mentioned that their expectations were largely confirmed,
e.g., "I have not felt that my expectations were not confirmed".

For the (1) Naive variant, users appreciated the system’s straight-
forwardness. A participant remarked, "Complete answer and accu-
rate."” However, some disconfirmation came from the system’s lack
of specificity, as another participant noted, "The assistant wrote too
much text and I think the half of it was innecessary.” This feedback
suggests that while the system met basic expectations, users desired
more tailored responses.

In the (3) GROW+BCT group, Adaptability and Guidance was
highlighted as a strong theme. One participant confirmed, "The
conversation flowed and felt natural, and it gave some good solid
advice, which is what I'd expect." However, they disconfirmed their
overall satisfaction by stating, "The replies were slower than I was
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Table 4: Summary of Hypotheses and Corresponding Results

Hypothesis Supported? Evidence

H1: The (4) Full agent will be the most  Supported The (4) Full agent had the lowest mean tokens

cost-efficient among the four agent vari- per user and lowest cost, as shown in Table 3.

ants.

H2: The added constraints on the (4) Not Supported  The (4) Full agent performed similarly or bet-

Full agent’s reasoning may negatively ter on interaction quality measures, with differ-

impact immediate interaction quality. ences within equivalence bounds.

H3: The (3) GROW+BCT agent will be  Supported The (3) GROW+BCT agent had the highest

the least cost-efficient. mean tokens per user and highest cost, as shown
in Table 3.

H4: The (1) Naive and (2) BCT-only Not Supported  The (4) Full agent did not show decreased inter-

agents will offer higher immediate in-
teraction quality.

action quality compared to the (1) Naive and (2)
BCT-only agents.

Table 5: Themes from Users’ Confirmed Expectations with Definitions, Examples, and Design Implications

Theme Definition Example Design Implications

User- This theme captures the partici- "The digital coach Ensure that the user interface

Friendliness pants’ positive experiences with ~ was really detailed is intuitive, reducing cognitive
how intuitive and easy the sys- and provided well- load and allowing for seamless
tem was to use. structured advice"  interaction.

Adaptability This theme focuses on the "It adapted to my Focus on personalization, mak-

& Guidance digital coach’s ability to pro- needs and provided ing sure the Al can adjust to
vide personalized guidance and helpful sugges- different user needs and prefer-
adapt to the user’s requests. tions." ences dynamically.

Accuracy This theme represents the par- "The advice was on Increase precision in the infor-
ticipants’ appreciation for the pointand veryaccu- mation and suggestions pro-
precise and accurate advice pro- rate. vided by ensuring domain-
vided by the coach. specific expertise in responses.

Artificial This theme addresses the par- "Initially, I thought Humanize AI interactions by

Concerns ticipants’ initial concerns about it  would feel incorporating more natural

the AI seeming too robotic,
which were alleviated during
the interaction.

robotic, but it
actually felt more
human

language and empathetic re-
sponses to reduce robotic per-
ceptions.

expecting, and the coach asked me quite a few questions on what I
thought I should do, which I didn’t really like." This indicates that
while the GROW framework provided structure, some users found
the method slower and overly reliant on self-reflection.

The (4) Full variant, which included all components, was gen-
erally well-received. One user confirmed, "I expected and received
intelligent and understanding communication,"” signaling satisfaction
with the coach’s adaptability. Nonetheless, disconfirmation was
also present: "There was no such thing. Everything was fine." This
suggests that while there were no major issues, users may have
found the overall interaction somewhat uneventful. For instance,
one participant stated, "I didn’t experience any problems with the
system,” indicating that for some users, the digital coach met their
expectations satisfactorily without any notable concerns.

Table 7 highlights the specific experiences of users with each
variant of the digital coach, showing which themes were present
across the different conditions. It is clear that user-friendliness and

adaptability were perceived more positively in certain variants, with
the Full and No GROW variants showing the highest positive impact
on these themes. Table 8 outlines the likely impact of each variant on
key themes based on user feedback. This comparison indicates that
while all variants have strengths, the Full variant likely provides
the most balanced user experience, with high user-friendliness,
adaptability, and accuracy while minimizing artificiality concerns.

In summary, different variants of the digital coach elicited di-
verse user reactions. (1) Naive participants found it accurate but
desired more specificity. (2) BCT participants confirmed the coach’s
user-friendliness but sought a more human-like interaction. (3)
GROW+BCT users valued the structured guidance but experienced
slower interactions. Finally, the (4) Full variant achieved a balance,
offering both adaptability and guidance with minimal disconfirma-
tion.
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Table 6: Themes from Users Disconfirmed Expectations with Definitions, Examples, and Design Implications

Andreas Goldi, Roman Rietsche, and Lyle Ungar

Theme Definition Example Design Implications
Artificiality =~ This theme captures the resid- "It still felt a bit too Develop more empathetic and
Concerns ual concerns that the digi- robotic, lacking em- conversational dialogue strate-
tal coach still felt somewhat pathy" gies to minimize the robotic
robotic. feel of interactions.
Response This theme highlights dissatis- "I felt frustrated by ~Optimize system response
Speed faction with the time it took for how long it took to  times to maintain the flow of
the coach to respond. get responses.” conversation and reduce user
frustration.
Concrete This theme represents the par- "I expected more Focus on providing clear, ac-
Help ticipants’ disappointment in the  specific advice, but tionable steps and personalized
lack of specific, actionable ad- it was too generic" recommendations to enhance
vice from the coach. the usefulness of interactions.
No Issues This theme covers the re- "There were nosig- Continue to ensure that the sys-
sponses where participants nificant issues or tem meets basic expectations
had no particular concerns or concerns." without introducing unneces-
negative feedback. sary complexity.
User- This theme acknowledges the "I was surprised by Maintain intuitive design and
Friendliness participants’ surprise at how how natural the improve onboarding processes
natural and intuitive the inter- interaction  was, to set proper expectations for
action felt, despite initial con- though I expected first-time users.
cerns. it to be worse."
Table 7: Impact of Agent Variants on Key Themes
Theme (1) Naive (2) BCT (3) GROW+BCT (4) Full
User- "The conversation "TheresponsesIgot "The conversation "It didn’t seem
Friendliness flowed and felt for my questions flowed and felt robotic atall”
natural” were accurately natural.
worded.”
Adaptability N/A "The digital coach "I wanted to get "The coach adapted
and Guidance adapted very well to  some guidance from very well to my situ-

my requests.”

Accuracy "The conversation "Complete answer
felt natural, but I and accurate.
was expecting more
precise advice."

Artificiality "The interaction felt N/A

Concerns natural and not arti-

the digital coach.
"The coach gave me
guidance that was
precise.”

"It still felt robotic at
times."

ation."
"Responses were ac-
curate and relevant.

"It felt more human
and caring."

ficial."

6 Discussion

This study evaluated four approaches to managing the reasoning
depth of LLM-based agents by testing different versions of a coach-
ing agent. LLM-based agents rely on LLMs for multi-step reasoning,
iteratively prompting themselves before delivering a final response.
The main feature under investigation was a discrepancy mecha-
nism that dynamically adjusts reasoning effort based on how well
user input aligns with the agent’s objectives. The results showed
that incorporating a discrepancy mechanism reduced token usage
by more than tenfold while largely preserving interaction quality.
Specifically, agent variants equipped with this mechanism enabled

more cost-efficient interactions compared to the (3) GROW+BCT
agent, which consistently applied the most reasoning effort using
both the GROW coaching framework [20] and BCTs [50]. Addition-
ally, while the (2) BCT-only agent achieved the highest short-term
interaction quality, it incurred increased computational costs. This
study thus supports the hypothesis that discrepancy can be used
to efficiently manage LLM-based agents’ reasoning depth while
maintaining interaction quality and speed.

This study makes two primary contributions. First, it demon-
strates that balancing cost-efficiency with interaction quality is
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achievable by implementing a discrepancy mechanism in LLM-
based agents. By dynamically adjusting reasoning depth based on
user input, the discrepancy mechanism reduces unnecessary token
generation, thereby improving latency and cost-efficiency without
compromising interaction quality. This addresses the first research
question, showing that a dynamic approach to managing reason-
ing depth can optimize the efficiency of LLM-based agents while
maintaining user satisfaction.

Second, we validate this approach within a coaching context,
demonstrating that interaction quality is maintained even when the
agent pursues a goal beyond immediate intent satisfaction (namely,
coaching success). Our findings suggest that agents can be designed
to pursue long-term objectives without compromising short-term
interaction quality. This is a necessary precondition for research and
practice to focus on understanding long-term effects. Low short-
term interaction quality would likely serve as a barrier to long-
term success. While incorporating structured reasoning processes
like GROW and BCTs could potentially result in more deliberate
responses, our findings indicate that the impact on immediate user
satisfaction is minimal.

Table 8: Likely Impact of Agent Variants on Themes

Theme (1) Naive (2)BCT (3) (4) Full

GROW+BCT

User-  High due Moderate High but High,
Friendlinéssnatural due to me- lacks con- balanced

flow chanical  creteness user expe-
feel rience
AdaptabiliyA, Moderate, Moderate, High, full
and more struc- slower guidance
Guid-  free-form tured response  present
ance but less
flexible

Accuracy Moderate, High, ac- Moderate, High,

less struc- curate re- accuracy  accurate
tured sponses hindered and rele-
by slow vant
responses
Artificialibpw con- Moderate Moderate Low
Con- cerns, felt concerns, concerns  concerns,
cerns natural slightly due to more
mechani-  delay human-
cal like
ResponseUnclear Unclear Likely Likely
Speed slower, fast and
frustrat-  efficient
ing
Concrete Unclear Unclear Likely Likely
Help lower, high,
lacks concrete
speci- advice
ficity present
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Our findings indicate that varying the reasoning depth in LLM-
based agents had minimal impact on user satisfaction and enjoy-
ment. This suggests that users may tolerate increased reasoning
complexity as long as the interaction remains engaging and respon-
sive. According to Lee [41], while deeper reasoning can potentially
reduce short-term interaction enjoyment due to longer response
times, adaptive mechanisms can mitigate these effects. In our study,
the use of discrepancy mechanisms likely helped maintain inter-
action quality by dynamically adjusting reasoning depth based on
user input [28, 58]. This balance between thoughtful responses and
user engagement suggests that agents can incorporate extended
reasoning processes to pursue long-term objectives without sig-
nificantly compromising user satisfaction. These implications are
significant for designing LLM-based agents that need to maintain
high interaction quality while achieving broader goals.

On the second question, regarding how reasoning for external
objectives can be made cost-efficient, we observe that agents can
achieve cost-efficiency if they employ deeper reasoning only when
necessary, as regulated by a discrepancy mechanism. The (4) Full
agent, which used the GROW model to gain a higher-level under-
standing of the coaching situation, required fewer updates than the
BCT-only agent. This resulted in reduced token usage and fewer dis-
crepancies over time, making the Full agent more cost-efficient for
pursuing a long-term objective. Therefore, integrating additional
reasoning levels, such as GROW, can be cost-efficient if paired
with a discrepancy mechanism determining when the additional
reasoning is beneficial.

This mirrors human cognition, which relies on two systems: one
deliberate and one intuitive [33]. It may inform work on cognitive
architectures for LLM-based agents [60], which aim to replicate
human cognitive pathways in agents to produce more usable and
predictable outputs. For human-computer interaction, such align-
ment could lead to the broader applicability of the vast corpus of
psychological knowledge to understand users and the agents they
interact with.

In examining the trade-offs between reasoning complexity and
short-term interaction quality, we note that the (2) BCT-only agent
generated stronger immediate expectation confirmation compared
to the (4) Full agent, but at higher cost. This highlights that adding
more structured reasoning, such as the GROW framework [20], does
not always enhance short-term interaction quality. However, inte-
grating GROW improves cost-efficiency because it operates with a
broader understanding of the situation, requiring less frequent up-
dates than BCT. The (4) Full agent demonstrated that incorporating
additional reasoning layers slightly reduces short-term interaction
quality, resulting in fewer discrepancies over time and ultimately
lowering computational costs.

Further, we contribute practical design implications for devel-
opers of LLM-based coaching agents. The study demonstrates that
agents combining the GROW model [20], BCTs [50], and a discrep-
ancy mechanism can provide both high-quality user interactions
and cost-effective operation. As Figure 4 illustrates, the (4) Full
agent adjusts its reasoning steps based on the level of discrepancy
detected, updating its understanding of the coaching situation only
for high discrepancies while addressing lower levels of understand-
ing, such as selecting the appropriate BCT, for moderate discrep-
ancies. By integrating a discrepancy mechanism, developers can
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ensure that LLM-based agents allocate reasoning effort only where
necessary, reducing token generation costs for pursuing long-term
objectives while maintaining interaction quality.

Reflecting on our findings, the choice of agent variants with vary-
ing reasoning depths—shallow, medium, and deep—was crucial in
addressing our study goals: assessing how aligning reasoning with
external objectives affects interaction quality (RQ1) and investigat-
ing how reasoning can be made cost-efficient while maintaining
alignment with external objectives (RQ2). By systematically com-
paring agents with different reasoning complexities, we identified
the trade-offs between immediate user satisfaction and the pur-
suit of long-term coaching goals. While our study focused on the
coaching domain, the principles underlying the discrepancy-based
mechanism have broader applicability. The coaching context pro-
vided an ideal testbed for these mechanisms. Still, similar strategies
could be applied in other domains where agents need to balance
immediate user satisfaction with long-term objectives. For instance,
an Al assistant could leverage discrepancy mechanisms in legal
advice systems to ensure it provides accurate and comprehensive
legal information while maintaining an engaging and understand-
able interaction with the user. By integrating actual results into
our discussion, we reinforce the connection between our method-
ological choices and the study goals, demonstrating that deeper
reasoning processes can be both cost-efficient and effective in main-
taining interaction quality while pursuing long-term objectives.
This suggests that the discrepancy-based mechanism is a versatile
design pattern that can be extended beyond coaching to enhance
the performance of Al agents in diverse applications.

6.1 Limitations and Future Research

This study has several limitations. First, focusing on the coaching
domain, specifically on learning goals such as certifications, may
limit generalizability to other areas where the nature of objectives
and user interactions differ. While we demonstrated the effective-
ness of the discrepancy-based mechanism in a coaching context,
its applicability to other domains remains to be tested. Future re-
search should explore whether discrepancy-based reasoning can
effectively balance short-term and long-term goals in customer ser-
vice or financial planning contexts. In legal contexts, for instance,
an Al assistant could employ discrepancy mechanisms to balance
the provision of accurate legal counsel with user-friendly interac-
tions, ensuring both compliance and accessibility. By examining
the mechanism’s effectiveness across various domains, it may be
possible to identify common design patterns and enhance its adapt-
ability, thereby contributing to broader Al agent development and
offering insights into how agents can pursue extended objectives
without undermining interaction quality. Second, we tested single-
session interaction quality, not longer-term goal attainment, as the
latter is of interest mainly to specialists studying coaching and
coaching chatbots®. We aimed to inform the more preliminary yet
broadly relevant question of whether it is possible to pursue out-
side objectives using LLM agents without compromising interaction
quality and cost-efficiency. The third limitation relates to sample

8We have measured goal attainment in long-term interaction with the coaching agent
in a separate small sample (n=15 participated throughout an 8 week study period);
results showed parity in goal attainment between students supported by humans or
the agent. However, these results are preliminary and out of scope of the present study.

Andreas Goldi, Roman Rietsche, and Lyle Ungar

size and how it affects our interpretation of results. Null-hypothesis
testing showed the BCT agent had better short-term interaction
quality than the Full agent. Still, two-sided equivalence testing in-
dicated this difference is within equivalence bounds, meaning it is
not practically significant for most applications. However, in very
large-scale real-world deployments, smaller effects may become
statistically significant as equivalence bounds tighten with larger
samples. Fourth, while this study focused on personal learning
goals, the GROW model, and BCTs, results with other coaching
methods or applications in non-coaching domains may differ. Sim-
ilarly, the exclusive use of text-based interactions in this study
leaves open the question of whether multimodal interfaces might
alter the agent’s effectiveness. Finally, this study did not address
the broader implications of agents pursuing longer-term objectives
that may deviate from immediate user intent. While this divergence
aligns with coaching, where user goals take precedence, it may
not be desirable in other domains where maintaining user intent
is critical. For instance, in domains outside coaching, an agent’s
long-term reasoning could influence or manipulate users, raising
ethical concerns. Despite these limitations, we hope our findings en-
courage investigations into LLM-based agents, as they demonstrate
that the trade-off in interaction quality for agent objectives beyond
intent satisfaction is minimal and that using a discrepancy-based
mechanism can even turn more complex agent architectures more
cost-efficient.

7 Conclusion

This study demonstrates that an LLM-based agent can pursue ex-
tended objectives with additional reasoning without compromising
interaction quality or cost-efficiency. By using a discrepancy mech-
anism to adjust reasoning depth dynamically, agents can align
long-term goals with short-term user expectations. This approach
may be generalized across domains where agents must balance
immediate interaction quality with broader objectives.
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