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ABSTRACT | Purpose: This article proposes a psychology-informed conceptual
architecture for large language model (LLM)-supported learner interaction. The purpose
is to move educational LLMs beyond primarily transactional responses toward relational
and transformational engagement that supports motivation, persistence, reflection,
and conceptual growth. Research methods: The article uses conceptual analysis and
theory integration. It synthesizes research on LLM use in education, Self-Determination
Theory, empathy, cognitive dissonance reduction, intelligent tutoring systems, learner
profiling, and adaptive feedback to develop a three-layer learner-engagement model.
Findings: The proposed architecture includes three interacting layers: a Psychological
Processes Layer, a Recognition Layer, and a Response Generation Layer. These layers
are supported by a learner profile module that preserves continuity across interactions.
Together, the model enables LLMs to recognize learner goals, preferences, emotions,
and tensions; select motivational and empathic strategies; and generate adaptive,
scaffolded, and reflective responses. Discussion: The framework suggests that
psychologically informed LLMs can function as more authentic tutors or coaches by
supporting autonomy, competence, relatedness, emotional safety, and productive
cognitive conflict. The model has implications for K-12 education, higher education,
workplace learning, Al literacy, responsible implementation, and future empirical
research on learner-facing Al systems.

Keywords | Large language models; learner engagement; Self-Determination Theory;
empathy; cognitive dissonance reduction; educational technology.
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RESUMO | Objetivo: Este artigo propde uma arquitetura conceitual, fundamentada em principios psicolégicos, para a
interacdo entre aprendizes e modelos de linguagem de grande escala (LLMs). O objetivo é deslocar os LLMs educacionais
de respostas predominantemente transacionais para formas de engajamento relacional e transformacional que apoiem
motivacao, persisténcia, reflexdo e crescimento conceitual. Métodos de pesquisa: O artigo utiliza andlise conceitual e
integracao tedrica. Sintetiza pesquisas sobre o uso de LLMs na educacao, Teoria da Autodeterminacéo, empatia, reducdo
da dissonancia cognitiva, sistemas tutoriais inteligentes, perfil do aprendiz e feedback adaptativo para desenvolver um
modelo de engajamento do aprendiz em trés camadas. Resultados: A arquitetura proposta inclui trés camadas interativas:
uma Camada de Processos Psicolégicos, uma Camada de Reconhecimento e uma Camada de Geracao de Respostas. Essas
camadas sdo apoiadas por um mdédulo de perfil do aprendiz que preserva a continuidade entre interacées. Em conjunto, o
modelo permite que os LLMs reconhecam objetivos, preferéncias, emocdes e tensdes do aprendiz; selecionem estratégias
motivacionais e empaticas; e gerem respostas adaptativas, estruturadas e reflexivas. Discussao: O modelo sugere que
LLMs psicologicamente informados podem atuar como tutores ou orientadores mais auténticos, apoiando autonomia,
competéncia, relacionamento, seguranca emocional e conflito cognitivo produtivo. A estrutura tem implicacées para
educacdo basica, ensino superior, aprendizagem profissional, alfabetizacdo em IA, implementacdo responsavel e futuras
pesquisas empiricas.

Palavras-chave | Modelos de linguagem de grande escala; engajamento do aprendiz; Teoria da Autodeterminacao; empatia;
dissonancia cognitiva; tecnologia educacional.

INTRODUCTION

Artificial intelligence systems and especially large language models (LLMs) are increasingly
deployed in education, professional training, and lifelong learning contexts (Rismanchian & Doroudi,
2025; UNESCO, 2025). We focus on LLMs defined as “... a class of pretrained neural networks scaled
in both parameters and training data that enables broad-capability language understanding and
generation across tasks” (Kalyan & Subramanyam, 2023). In other words, it is an artificial intelligence
system trained on massive text datasets to generate, summarize, translate, understand, and predict
human-language content (Kirvan & Kerner, 2025). The human interface enables interaction through
plain or conversational text, allowing users to communicate with the system much as they would
with another person (Graesser, 2016).

Learner interaction with LLMs may be conceptualized in three forms. Transactional interaction
focuses on information exchange and immediate task completion. Relational interaction emphasizes
recognition,encouragement,and connection. Transformationalinteraction goesfurtherbysupporting
meaningful change in understanding, perspective, motivation, or self-development. A well-designed
LLM can reduce learning friction by a balanced integration of these three types of interaction.
However, current LLM systems used in education, which often function as tutors, assistants, guides,
data analysts, or programmers, primarily emphasize transactional responsiveness, with limited
evidence that everyday Al use has yet become relationally or pedagogically transformational (Bos
et al., 2025).

Thekey differencebetweentransactionalresponsiveness and transformational engagementlies
in depth and intent of the communication. Transactional responsiveness is reactive and exchange-
based, focusing on meeting immediate needs or expectations with clear, efficient responses, while
transformational engagement is proactive and motivational, aiming to inspire intrinsic commitment,
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growth, and deeper connection. In other words, transactional responsiveness resolves surface-level
interactions by providing what is asked for, whereas transformational engagement seeks to reshape
perspectives and foster long-term enthusiasm, creativity, and alignment with broader knowledge
goals. Therefore, most LLMs provide answers but do not sustain motivation; they deliver feedback
but not meaningful growth. To move beyond such limitations and to facilitate learning, LLM systems
for education should be designed with theories of human motivation and development at their core.
This conclusion is supported by LLM usage and reported issues presented in the extant research
(Tasdelen & Bodemer, 2025).

EMPIRICAL FOUNDATIONS FOR LLM ENGAGEMENT

In a structural equation modeling study of 226 university students who utilized LLMs in their
coursework, Ngo, Vo, and Phan (2025) found that perceived trust and ease of use positively influenced
students' attitudes toward using LLMs. Consequently, these attitudes had a significant positive
effect on their intentions for initial adoption as well as long-term usage.

There appears to be a general pattern in goals for using LLMs notwithstanding an individual's
professional background. The Sleegers, Elsey, and Moss (2025) study of 2,000 professionals found
that the top three common uses for LLMs were: Search (72%), Explanation (56%), and Writing (56%).
Seventy-five percent reported that LLMs made them more productive. The findings also suggest
that reducing cognitive effort and providing flexible support for knowledge-intensive work are key
factors driving LLM adoption and continued use.

A study of 114 students by Tasdelen and Bodemer (2025) found that context-personalized
learning and tasks were associated with greater intrinsic motivation, interest, and learning outcomes
compared to standard generic approaches.

Mejia-Domenzain and colleagues (2025) investigated how personalized content influences user
learningandengagementthroughRELEX,anadaptiveexample-basedlearningplatformforprocedural
writing. In a controlled experiment with 200 participants, the researchers compared personalized
versus static examples. They found that users who received personalized content revised their work
more frequently, produced higher-quality writing, and reported a more positive learning experience
than those who received generic feedback. The findings suggest that personalization, achieved
through example retrieval and adaptive annotation, enhances both writing performance and learner
satisfaction by aligning instructional content with individual needs and abilities.

A review of 118 publications by Yan et al. (2023) found that approximately 75% of studied
participants actively used LLMs. A consistent finding across these studies was that trust in LLM
outputs is a significant factor influencing adoption. To explain users' limited trust, the authors
identified fact-checking as a major concern, underscoring the importance of system reliability in
educational applications. Additional common concerns reported across the studies included “low
technological readiness” and a “lack of replicability and transparency.”

These findings collectively indicate that relational interaction, personalization, and trust are
critical yet remain underexplored dimensions in LLM-mediated learning. This conclusion is consistent
with evidence that undergraduate students perceive generative artificial intelligence as a useful
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academic support tool, while also differing substantially in their trust, ethical judgments, and
concerns about whether Al use constitutes cheating (Basch et al., 2025). With this in mind, we argue
for an LLM learner-interaction architecture grounded in Self-Determination Theory (SDT), empathy
(both cognitive and affective), and cognitive dissonance reduction. SDT emphasizes the psychological
needs of autonomy, competence, and relatedness (Deci & Ryan, 2000). Empathy equips LLMs to
recognize and respond to learner cognitive and affective information processing, while dissonance
reduction enables systems to successfully guide learners through internal conflicts and effectively
face challenges associated with learning new and complex content (Jung et al., 2025). Together,
these frameworks can transform LLMs into an authentic coach and tutor. It is a partner that not only
answers questions but motivates, scaffolds, and cultivates learner growth.

To operationalize these concepts, we propose a three-layer architecture supported by a learner
profile module. The architecture comprises:

1. Psychological Processes Layer: guides motivational and empathic strategy selection based
on SDT, empathy, and cognitive dissonance reduction;

2. Recognition Layer: detects learner input, identifies goals, preferences, emotions, and
potential tensions or cognitive dissonance; and

3. Response Generation Layer: produces adaptive, learner-facing feedback while drawing
on the learner profile module to support continuity across prompts and sessions. Working
together, this architecture produces adaptive feedback, personalized choices, and scaffolded
support in natural language, along with any other output relevant to the learner's prompt.

This design has multiple merits. It supports sustained motivation and engagement, personalizes
interaction at psychological and emotional levels, and leverages dissonance as a driver of conceptual
change. Furthermore, it addresses challenges of authenticity (How genuine the interaction feels to
learners.), scalability, and learner trust (Do learners believe the LLM to be reliable and helpful?) (Ngo,
Vo, & Phan, 2025).

The sections below elaborate the theoretical foundations and practical implications of
integrating Self-Determination Theory (SDT), empathy, and cognitive dissonance reduction (CDR)
into LLM architectures for learner interaction. We begin by examining SDT, empathy, and CDR,
highlighting their importance in education and their relevance to LLM-supported engagement.
Together, these three frameworks underpin the proposed conceptual foundation. Building on this
base, we then introduce a three-layer LLM architecture for learner interaction and present the LLM
Learner Engagement Model, which operationalizes these concepts to support learner motivation,
interaction, and outcomes. This article is a conceptual framework paper intended to inform the
design of learner-facing LLM systems and to guide future empirical work in digital education.
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CONCEPTUAL FRAMEWORK
Self-Determination Theory in LLM Learning Systems

Self-Determination Theory or SDT, developed by Deci and Ryan (2000), is one of the most
influential frameworks for understanding human motivation. It posits that individuals thrive when
three basic psychological needs are met: autonomy (the sense of volition and choice), competence
(the feeling of mastery and effectiveness), and relatedness (the sense of connection with others).

When these needs are satisfied, learners are more intrinsically motivated, persist longer, and
demonstrate greater creativity and well-being (Ryan & Deci, 2020), which contrasts with traditional
systems that only emphasize performance outcomes (Deci et al., 1999). LLMs designed with SDT in
mind can create conditions where learners experience the fulfillment of these needs while interacting
with the system.

Autonomy

For autonomy, LLMs can provide meaningful choices in how learners engage—for example, by
offering different problem-solving strategies, learning modalities (visual, textual, interactive), or
pacing options in the privacy of their own environments. Studies on learner-centered design show
that giving learners structured choices increases their sense of agency and enhances long-term
motivation (Shen & Cui, 2024; Xia, et al., 2022).

Competence

For competence, LLMs can deliver scaffolded feedback. For example, instead of a binary
‘right/wrong,” an LLM could respond: “You've mastered the first two steps; let's refine the third
one together." This approach builds learners' self-efficacy and reinforces the perception that effort
leads to improvement. Empirical evidence suggests that competence-oriented feedback enhances
persistence in challenging learning tasks (Shen & Cui, 2024; Singh & Ab Aziz, 2025; Wang et al., 2024).

Relatedness

For relatedness, LLMs can employ empathic language and continuity across sessions to make
learners feel recognized and connected. Even simulated social presence has been shown to increase
learner engagement and satisfaction. In one study, LLM tutors that incorporated relational cues
(such as remembering past struggles and offering encouragement) led to higher learner trust and
perceived support compared to non-relational systems (Li et al., 2025).

Embedding SDT into LLM architecture can facilitate an increased level of intrinsic motivation and
relational interactions. This deeper internalization is essential for lifelong learning, where external
motivators may be inconsistent or absent (Zhou et al., 2024). By aligning with SDT, LLM architectures
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can thus sustain quality engagement far beyond short-term tasks thus moving toward engagement
that is transformational.

Empathy in LLM Learning Systems

While SDT provides the motivational blueprint for learning, LLMs can complement this by
demonstrating perceptions of empathy and relational sensitivity, enabling authentic responses. In
other words, empathy reinforces learner’'s sense of relatedness. Empathy can be conceptualized in
two dimensions: cognitive empathy (the capacity to understand, think, and respond to a learner's
rational perspective) and affective empathy (the capacity to understand, feel, and respond to a
learner's emotional perspective) (Vieira, 2014). In human-based teaching, empathy is strongly
correlated with a learner’s perception of instructor credibility (trust and competence), persistence,
and openness to challenges (Cornelius-White, 2007). Extending these insights to LLMs requires
simulating empathic recognition and responsiveness to foster meaningful learner engagement.

LLMs can simulate cognitive empathy through natural language processing and sentiment
analysis. For example, when a learner types, “I don't think I'll ever understand statistics,” the system
can detect negative sentiment, identify the self-efficacy challenge, and respond with tailored
encouragement, such as “I know this feels difficult, but remember last week when you solved a
similar regression problem—lLlet's build on that success.” Affective empathy can be approximated
by adjusting tone, pacing, and phrasing to respond to the learner's emotional state such as offering
calm, reassuring language when frustration is detected, or using energizing language when
enthusiasm wanes.

Evidence suggests that empathic LLM tutors increase engagement quality and self-efficacy.
For instance, in a controlled study, students who interacted with an LLM tutor displaying empathic
cues reported significantly higher levels of motivation and trust compared to those working with a
neutral tutor (Li et al., 2025). Empathy also helps satisfy SDT's need for relatedness. These findings
suggest that although it is not a human teacher, empathic responsiveness of LLMs creates a sense
of being understood, which fosters emotional safety and willingness to persevere both desired
expectations in human relationships (D'Mello & Graesser, 2012; Kestin et al., 2025; Yin et al., 2025).

The merits of integrating empathy lie in the system's ability to shift from transactional to
relational interaction. Traditional tutoring systems respond to queries with information. Empathic
systems respond with understanding, encouragement, and adaptive support. This relational
orientation strengthens learner persistence and helps prevent disengagement when challenges
arise (De Gennaro et al., 2020; Fernandez-Herrero, 2024; Sharma et al., 2022).

Cognitive Dissonance Reduction in LLMs

The third pillar of the proposed conceptual framework is cognitive dissonance reduction or CDR.
Festinger's (1957) theory of cognitive dissonance describes the discomfort people feel when they
hold contradictory beliefs or when new evidence conflicts with existing attitudes and/or behaviors.
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Individuals reduce the discomfort by sufficiently reconciling the dissonance through any number of
strategies, such as changing one of the dissonant conditions, modifying their behaviors to align with
beliefs, or seeking consonant information. In education, such dissonance is common. Students may
simultaneously believe “I am not good at math" while earning good grades, or they may encounter
new scientific concepts that conflict with deeply held intuitions. In educational settings, instructors
can help students recognize and work through tensions between prior assumptions and new
information. Such guided cognitive conflict can support conceptual change when learners become
dissatisfied with existing conceptions and are able to see a new conception as intelligible, plausible,
and useful (Posner et al., 1982; Cooper, 2019).

In LLM contexts, dissonance often surfaces when learners express frustration, doubt, or
conflicting self-perceptions. An LLM system capable of detecting these conflicts can turn them into
teachable moments. For example, a learner who insists, “I'll never understand probability,” after
solving several related problems presents clear cognitive dissonance. The learner’s belief about
incompetence conflicts with actual evidence of competence. An LLM "tutor” that acknowledges
this dissonance can help the learner reframe self-perceptions by responding: “You say you cannot
understand probability, but last session you successfully solved two probability problems. Let us
reconcile these together.").

Thevalue of embedding CDR liesinits roleas a growth driver. Rather than simply providing correct
answers, an LLM can encourage reflection and help learners integrate new knowledge with existing
beliefs. Research in higher education shows that interventions prompting learners to reflect on
inconsistencies between self-perceptions and actual performance enhance both metacognition and
resilience (Mintz, 2022; Vogl, et al., 2020). Moreover, by assisting learners in reducing dissonance, LLM
tutors foster deeper learning and lasting conceptual change rather than superficial memorization.

It is important to recognize, however, that dissonance must be carefully calibrated. Too much
conflict can lead to discouragement or disengagement; too little falls short to engage. To promote
growth, the leaner profile module of the proposed architecture is particularly critical, as it tracks
learner history, affective responses, and progress. This allows the LLM to scaffold dissonance in a
supportive way posing manageable challenges, acknowledging discomfort, and offering constructive
pathways toward resolution (Pacaci et al., 2023).

In summary, CDR adds a unique dimension to LLM-based learning interactions. It transforms
moments of cognitive conflict into opportunities for growth, enabling LLMs to function as coaches
who help learners wrestle with their beliefs and assumptions, producing more resilient and self-
aware learners (Bogaerts & Leake, 2006; D'Mello & Graesser, 2014).

Toward a Three-Layer LLM Architecture for Learner Engagement

We propose a three-layer architecture that integrates learner preferences and psychology,
recognition of these learner characteristics, and adaptive response into a coherent, informed system
(see Figure 1). In this architecture, the Psychological Processes Layer frames learner needs and
tensions and selects strategies that align with SDT, empathy, and cognitive dissonance reduction.
The Recognition layer addresses learner preferences and detects motivational and dissonance cues.
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The Response Generation layer then delivers a concrete, supportive response that is relational in the
context of the learner and nudges the person toward adaptive next steps.

Psychological Processes Recognition Layer: Response Generation Outcomes:

Layer: Layer:

- Goals - Transactional

- SDT »| - Preferences »| - Adaptive Feedback > Engagement

- Empathy - Emotions - Scaffolding + Relational Engagement

+ Cognitive Dissonance - Tensions - Encouragement - Transformational
Reduction - Reflective Prompts Engagement

Feedback and Adjustment
Figure 1. LLM-Learner Engagement Model

Note. The modelillustrates a psychology-informed architecture for LLM-supported learner engagement. The Psychological Processes Layer draws on Self-
Determination Theory, empathy, and cognitive dissonance reduction to guide motivational and relational support. The Recognition Layer identifies learner
goals, preferences, emotions, and tensions. The Response Generation Layer produces adaptive feedback, scaffolding, encouragement, and reflective prompts.
These processes support transactional, relational, and transformational engagement outcomes, which inform ongoing feedback and adjustment across
learner interactions.

Psychological Processes Layer

The Psychological Processes Layer's support lies with the foundation of sustained engagement.
Studies grounded in SDT demonstrate that when technologies meet learners’ needs for autonomy,
competence, and relatedness, both persistence and intrinsic motivation increase (Ryan & Deci, 2020;
Xia et al., 2022). In practice, systems that provide meaningful choices (autonomy), scaffold mastery
(competence), and communicate empathy (relatedness) tend to be more effective.

Empathic tutoring systems exemplify this integration. Affect-sensitive Intelligent Tutoring
System (ITS) have shown that recognizing and responding to learner emotion increases engagement
and persistence compared to content-only models (D'Mello & Graesser, 2012). Empathy operates
both cognitively, understanding learners’ reasoning, and affectively, acknowledging their emotions
(Li et al., 2025). These dynamics shift LLM interactions from transactional exchanges to relational
and transformational engagements, respectively, that sustain trust and motivation.

Cognitive dissonance reduction complements this motivational scaffolding. Festinger's CDR
theory (1957) and subsequent work (Pacaci et al., 2023) demonstrate that conceptual conflict can
catalyze deeper understanding. LLM systems can strategically introduce and resolve dissonance,
guiding learners through reflection and reconciliation to strengthen resilience and self-awareness
(Bogaerts & Leake, 2006). Thus, this layer fuses empathy, affirmation, and constructive dissonance
into an adaptive motivational engine.

Recognition Layer

Learner recognition begins with two complementary inputs:

= Learner Profile Initialization. At the start of a session, learners specify preferences such as
reading level, formatting of examples, or visual format.
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« Dynamic Learner Interaction & Continuity. As dialogue unfolds, the system continuously
updates its understanding of learner goals, emotions, and engagement patterns across
multiple sessions.

Continuity is essential for perceived authenticity. A learner profile and interaction history allow
the LLM to function as a consistent tutor, remembering prior struggles, acknowledging progress, and
adapting challenges. Platforms that track learner history and preferences report higher engagement
than those resetting each session (Shen & Cui, 2024). By capturing cognitive and affective trends,
the system can time the introduction of dissonance and offer reassurance when frustration risks
disengagement. This emphasis on learner-sensitive adaptation is consistent with adaptive practicing
research showing that systems can integrate learner confidence and control options into adaptive
mechanisms to support autonomy, self-regulated learning, and interpretability.

Response Generation Layer

Response generation represents the voice of the LLM, where empathy, motivation, and
personalization converge to sustain learning momentum. This layer translates detection and
motivation insights into adaptive, learner-facing feedback. Moreover, effective responses should go
beyond correctness by incorporating scaffolding, encouragement, and reflective prompts aligned
with the learner's emotional and motivational state (De Gennaro et al., 2020). Additionally, feedback
emphasizing progress and strategy promotes longer engagement and better skill transfer (Yin et
al., 2025).

Outcomes: From Transactional to Relational and Transformational Engagement

Together, the three layers form a psychologically informed tutorial ecosystem:
« Empathy management ensures learners feel understood.

- Motivational processes satisfy autonomy, competence, and relatedness while transforming
dissonance into growth.

« Adaptive responses provide clear, encouraging, and personalized feedback.

« Learner profiling preserves continuity, making the LLM feel relational, authentic, and focused
on learner needs.

When integrated, these components enable LLMs to function as an authentic tutor that nurtures
persistence, resilience, and conceptual development by moving educational technology beyond
information delivery toward relational and transformational engagement. Importantly, this is a
continuous process: as learner preferences, characteristics, and/or requirements change, the LLM
would adjust to the circumstances and context, thus, moving into a new cycle of deployment and
engagement, as represented by the feedback loop.
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Technical Implementation Considerations

Althoughtheproposedmodelisconceptualratherthanprescriptive,severaltechnicalapproaches
could support implementation of the three-layer architecture. At the Recognition Layer, learner
inputs could be processed through natural language processing methods that identify sentiment,
emotion, uncertainty, confidence, confusion, and motivational cues. For example, transformer-based
sentiment analysis has been increasingly applied in educational contexts and can help identify
affective patterns in learner language, although such detection should be interpreted cautiously and
supplemented by learner confirmation rather than treated as definitive psychological diagnosis).
Learner profiling could then combine stable learner preferences, such as preferred explanation style
or reading level, with dynamic interaction data, such as repeated misunderstandings, confidence
signals, prior feedback, and progress over time. This approach is consistent with personalized
education frameworks emphasizing that learner characteristics should be measured repeatedly and
used systematically to adapt instruction (Tetzlaff et al., 2021).

At the Psychological Processes and Response Generation Layers, implementation could rely
on structured prompt engineering, retrieval-augmented generation, and guardrail-based response
templates. Prompt engineering could specify the instructional role of the system, the learner's
current state, the desired motivational strategy, the required level of explanation, and ethical
constraints such as preserving learner autonomy and avoiding over-persuasion. Recent reviews
suggest that prompt engineering can improve the usefulness and task alignment of LLM outputs
by structuring the input conditions under which the model responds (Chen et al., 2025). Retrieval-
augmented generation could also be used to ground LLM responses in course materials, rubrics,
institutional policies, or approved examples rather than relying only on the model's general training
data. RAG systems combine a generative model with retrieved external information, which can
improve factual grounding and support more transparent, source-linked feedback in knowledge-
intensive tasks (Lewis et al., 2020).

Finally, privacy-preserving mechanisms should be incorporated into learner profiling, including
data minimization, role-based access, encryption, limited retention, local or institution-controlled
storage, and, where appropriate, federated learning or differential privacy. Federated learning can
reduce direct exposure of raw learner data, but it does not by itself guarantee privacy because model
updates may still leak sensitive information; therefore, additional privacy-preserving safeguards
remain necessary (Truong et al., 2021).

Together, these technical indications suggest that the proposed architecture can be
implemented through a layered pipeline of learner-state detection, profile updating, theory-guided
prompting, retrieved instructional grounding, monitored response generation, and privacy-aware
data governance.

Why This Approach?

The growing body of research on ITS, learning analytics, and LLM-powered educational
technologies underscores the increasing importance of designing systems that engage learners
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not only cognitively but also emotionally and motivationally. Yet, despite significant advances,
several persistent gaps remain in the literature. These gaps highlight where existing work falls
short and where the proposed three-layer LLM learner engagement architecture, which is rooted
in SDT, empathy, and CDR, offers several design-oriented contributions. The key contributions are
outlined below.

Integrated Psychological Foundation. Much of the existing research applies these
frameworksinisolation.Forexample,SDT has been shown to promoteautonomy, competence,
and relatedness in learning environments (Xia et al., 2022; Deci & Ryan, 2000), while empathic
ITS demonstrates how affective cues enhance engagement (D'Mello & Graesser, 2012).
Similarly, cognitive dissonance theory has been applied to conceptual change and productive
failure research (Festinger, 1957; Pacaci et al., 2023). Yet, few educational Al frameworks
explicitly integrate these three dimensions within a single learner-facing LLM architecture.
The proposed framework advances the literature by explicitly combining SDT's motivational
principles, empathic sensitivity, and the strategic use of cognitive dissonance reduction as
growth opportunities.

Layered Design for Learner Interaction. Most ITS research describes modularity but does
not articulate a structured layering that distinguishes between detection, motivational
interpretation, and adaptive response. Some ITS manage dialogue effectively (Graesser et
al., 2005), and empathic LLMs research demonstrates how conversational scaffolding can
be added (Sharma et al., 2022). Reviews of affective ITS confirm piecemeal progress across
different layers (Fernédndez-Herrero, 2024). Yet, a unified framework that clearly separates
recognition, motivational interpretation, ethical-risk management, and adaptive response
generation remains underdeveloped (Baksh, 2025). The contribution here is to formalize a
three-layer architecture, making psychological theory operational in LLM design.

Learner Profiling and Continuity. While adaptive learning platforms and clustering methods
use performance data to tailor instruction (Bergdahl et al., 2024; Contrino et al., 2024;
Ckintoni et al., 2025), few systems maintain a personalized integrated learner profile that
records motivational states, emotional trends, and preferences over time (Khanal & Pokhrel,
2024; Kravcik, et al., 2015; Tetzlaff et al., 2021). Studies confirm that perceived support and
satisfaction of psychological needs are key to LLM literacy. Persuasive technologies highlight
the importance of personalization for achievement (Brons et al., 2024; du Plooy et al., 2024;
Shen & Cui, 2024). The proposed model fills this gap by positioning the learner profile as
the system's long-term memory, enabling continuity across sessions, and supporting
relational authenticity.

Cognitive Dissonance as a Growth Mechanism. Although cognitive dissonance has been
studied extensively in psychology and education (Festinger, 1957), most LLM systems treat
confusion or conflict as errors to be resolved quickly rather than as productive opportunities
for growth. Meta-analyses confirm that conceptual change is facilitated by cognitive conflict
(Pacaci et al., 2023), and impasse-driven tutoring shows how guiding learners through
contradictions fosters deeper mastery (Bogaerts & Leake, 2006). The novelty of the proposed
model lies in deliberately scaffolding dissonance, transforming it into a coaching mechanism
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where the LLM challenges assumptions and supports resolution, thereby fostering resilience
and self-awareness.

« Authenticity and Relational Trust. Another consistent theme in the literature is the
challenge of ensuring that learners perceive LLM interactions as authentic rather than
mechanical. Research demonstrates that human-like empathic features enhance user trust
and self-efficacy (Li et al., 2025), and SDT-informed designs strengthen engagement by
addressing autonomy and competence (Xia et al., 2022). Empathic LLMs further illustrate that
acknowledgment and encouragement reduce disengagement (De Gennaro et al., 2020). Yet
few publications explicitly link authenticity with continuity mechanisms that allow LLMs to
“remember” and “relate.” By embedding authenticity as a design principle, the proposed model
advances the field by bridging the transactional-relational gap in human-LLM interaction.

In sum, the proposed architecture addresses key limitations in the literature. It integrates
motivational, affective, and cognitive conflict frameworks into a unified system; formalizes a layered
structurethatdistinguishesrecognition,motivation,andresponsecomponents;emphasizescontinuity
through learner profiling and interaction history; reframes dissonance as a growth mechanism; and
prioritizes authenticity to build relational trust. Together, these contributions position the model as
an important advancementin LLMs for education, moving the field from systems that simply answer
qguestions toward LLM coaches and tutors that motivate, support, and transform learners.

DISCUSSION AND IMPLICATIONS

The integration of SDT, empathy, and CDR into an LLM learner-interaction architecture has
profound implications for educational practice, instructional design, and future research. Below
we discuss strengths, challenges, and applications of the proposed architecture, while highlighting
directions for innovation.

Strengths

The primary strength of this architecture is its holistic psychological grounding. Unlike
conventional LLM tutoring systems that rely heavily on information retrieval and correctness
checking, this model incorporates motivational, emotional, and cognitive dimensions of learning.
By embedding SDT, the architecture systematically supports learner autonomy, competence, and
relatedness, fostering intrinsic motivation that endures beyond the initial novelty of interacting with
LLMs. In this way, the LLM becomes a transformational catalyst for enhanced learning.

A second strength is personalization at multiple levels. The architecture not only personalizes
based on performance data (e.g., past quiz scores), but also on motivational needs and affective cues.

Empathy allows the LLM to adjust its tone and pacing; the learner profile module ensures
continuity of recognition ("I remember last time you struggled with this concept, but you made
progress”). The result is an LLM that learners perceive as authentically relational and supportive.
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Athird strengthis the constructive use of conflict. Traditional tutoring systems often minimize or
avoid learner discomfort, rushing to deliver correct answers. In contrast, by incorporating cognitive
dissonance detection and reduction, this architecture reframes conflict as a productive force.
Learners are encouraged to confront contradictions in their self-beliefs or understanding, fostering
deeper reflection and conceptual change. This mirrors the role of effective human teachers, who
often challenge students in ways that initially provoke discomfort but generate growth.

Challenges

Despite its strengths, this architecture faces several challenges. One is calibration of
dissonance. As noted, too much unresolved conflict may overwhelm learners, leading to frustration
and dropout. Too little may yield complacency and superficial engagement. Effective calibration
requires sophisticated emotion recognition, longitudinal tracking, and adaptive scaffolding, which
are features that demand significant technical development.

Another challenge is authenticity of empathy. While LLMs can simulate empathy through natural
language responses and tone, they do not possess genuine affective states. Critics may argue
that simulated empathy risks deception or trivialization of learners’ emotions. However, research
suggests that simulated social and conversational cues can improve perceived trustworthiness and
engagement even when learners know they are interacting with an Al system. (Li et al., 2025). To
mitigate concerns, transparency is key. That is, learners should know they are interacting with an
LLM. Even though the empathy is simulated, they can still benefit from the psychological effects of
empathically designed interactions.

A related ethical concern involves the boundary between motivational scaffolding and
inappropriate emotional influence. Because the proposed architecture intentionally recognizes
learner emotions, self-doubt, frustration, and cognitive dissonance, it must avoid using these states
to pressure, over-persuade, or exploit learners when they are vulnerable. Motivational scaffolding
should support learner agency by offering encouragement, choices, reflection, and constructive
next steps; it should not use emotional dependence, guilt, fear, shame, urgency, or excessive
personalization to steer learners toward outcomes they would not otherwise endorse. This
distinction is especially important because emotional artificial intelligence raises ethical concerns
about whether emotions can be accurately identified, measured, and used to predict or influence
human behavior (Ghotbi, 2023). Therefore, psychologically informed LLMs should include explicit
non-manipulation safeguards, such as transparent disclosure that empathic responses are machine-
generated, opt-out options for emotionally adaptive features, limits on persuasive or dependency-
building language, escalation pathways to human support whendistress is detected, and institutional
review of learner-facing prompts. In this way, the architecture preserves the positive role of empathy
and cognitive dissonance reduction while ensuring that motivational support remains autonomy-
supportive rather than coercive.

A further limitationis ethical data use. The learner profile module requires collecting and storing
sensitive information about performance, preferences, personality traits, and emotional states.
Safeguards around privacy, data security, and informed consent must be central to implementation.
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Institutions adopting such systems will need policies that ensure learners feel safe, respected, and
in control of their personal data.

Applications in Various Educational Contexts

The merits of this architecture extend across multiple learning levels. In K-12 education, LLM-
supported learning systems could supplement classroom teaching by offering individualized support,
personalized scaffolding, and Al-literacy development, particularly when designed for low-resource
or underserved settings (Yang, 2026). For instance, a student struggling with fractions could receive
motivationally attuned scaffolding from the LLM, freeing the teacher to address other learners.

In higher education, such LLMs could be particularly valuable for supporting nontraditional or
underserved students who may lack confidence. By detecting dissonance between self-doubt and
demonstrated progress, LLMs could play a role in reducing attrition and promoting equity in learning
outcomes, especially in private learning contexts (Xia et al., 2022).

In workplace learning, the architecture could support continuous upskilling, particularly in fast-
changing fields where learners must adapt quickly. By personalizing motivation and supporting
resilience through dissonance reduction, LLMs could help employees sustain learning even
under pressure.

The following points summarize selected literacy implications of the proposed architecture
rather than a comprehensive implementation framework. These literacy dimensions extend from
the proposed architecture and can be used for curriculum design or organizational-wide LLMs.

IlWustrative Implications for LLM Literacy and Implementation

1. Foundational LLM Literacy. Foundational LLM literacy begins with understanding how LLMs
function, what their outputs can and cannot provide reliably, and how prompting shapes
response quality. Learners should be able to understand core generative Al terminology,
distinguish between general-purpose and domain-specific models, craft purposeful prompts,
and verify outputs for accuracy, bias, and completeness (Galindo-Cuesta, 2025). These
competencies support informed, transparent, and academically responsible use of LLMs and
align with recent work emphasizing artificial intelligence literacy through cognitive, socio-
emotional, and instructor-guided forms of learner interaction.

2. Responsible Use. Responsible use requires ethical awareness, data privacy, and appropriate
humanoversight.Learnersandinstitutions should understandissuesofauthorship, originality,
confidentiality, and policy compliance while using LLMs in ways that support productivity
without displacing professional or academic judgment. In this sense, responsible literacy is
not only technical but also ethical and contextual.

3. Emotional and Reflective Use. Emotional and reflective use emphasizes empathic
communication, critical self-reflection, and sound professional judgment when interacting
with LLMs. Learners should recognize that LLMs can simulate supportive dialogue without
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possessing genuine understanding, and they should use these systems not only to obtain
answers but also to question assumptions, examine contradictions, and reflect on their
own reasoning. This dimension is especially important for maintaining authenticity, trust,
and meaningful engagement, and it is consistent with evidence that scaffolded experiential
engagement with generative artificial intelligence can support learner confidence, ethical
awareness, and critical evaluation of artificial intelligence-generated outputs.

4. Continuous Learning. Continuous learning recognizes that LLM literacy is not static but must
evolve alongside rapid technological change. Learners and professionals should monitor
new capabilities, refine their practices across tools and contexts, and maintain a reflective,
lifelong-learning orientation toward the effective and ethical use of LLMs. Such adaptability is
essential if LLM-supported learning environments are to remain both useful and responsible
over time.

Other Considerations

Several additional issues warrant attention in future work. First, research should examine
how the LLM Learner Engagement Model performs across domains and learner populations,
using outcomes that extend beyond achievement to include motivation durability, resilience, and
willingness to engage with challenging material. Longitudinal studies would be especially valuable
in determining whether systems grounded in SDT, empathy, and cognitive dissonance reduction
support lasting changes in learner attitudes and self-concepts.

Second, cultural variation deserves explicit attention. Autonomy, competence, and relatedness
may be expressed differently across cultural contexts; empathic cues may be interpreted differently;
and tolerance for cognitive dissonance may vary across learners and settings. Designing culturally
responsive LLM systems will therefore require attention to how these dimensions are perceived and
enacted across diverse educational environments.

Third, hybrid human-LLM tutorial models may offer a particularly promising direction. Rather
than replacing teachers, mentors, or trainers, psychologically informed LLM systems could extend
human support by providing timely, consistent, and motivationally attuned guidance during and
beyond formal instructional settings.

CONCLUSION

Taken together, the literature reviewed and the framework proposed here point to a coherent
model of LLM-supported learner engagement that integrates recognition, motivation, adaptive
response, continuity, and sustained support. Each element is empirically supported: confusion and
conflictbecome productive when properly scaffolded; meeting SDT needs fostersintrinsic motivation;
empathic responses shift systems from transactional tutors to transformational coaches; and
continuity across sessions builds trust and authenticity. Research in intelligent tutoring and LLM
learning environments shows such architectures are both feasible and desirable, with the potential
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totransform LLMs from an information provider into a motivationally intelligent coach that cultivates
resilience, persistence, and self-awareness. As LLMs evolve, architectures grounded in psychology
will define the next generation of authentic, motivationally intelligent learning systems.
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