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POSSIBLE SOLUTIONS

Punya Mishra!, Danielle S. McNamara!, Gregory Goodwin2, and Diego Zapata-Rivera®
Learning Engineering Institute, Arizona State University'; US Army Combat Capabilities Development Command
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Introduction

The advent of Large Language Models (LLMs) has fundamentally disrupted our thinking about educational
technology. Their ability to engage in natural dialogue, provide contextually relevant responses, and adapt
to learner needs has led many to envision them as powerful tools for personalized learning. This emergence
raises important questions about their relationship with Intelligent Tutoring Systems (ITSs), which have
long been the gold standard for computer-based personalized instruction through their structured,
discipline-focused approach. While the potential for integrating these technologies is compelling,
significant theoretical and practical challenges remain. This paper examines these challenges and proposes
new ways of conceptualizing the relationship between LLMs and ITSs to enhance both personalization and
learning outcomes.

Background: Intelligent Tutoring Systems

ITSs, a subset of intelligent systems in education, represent a significant advancement in computer-aided
learning. These sophisticated software platforms incorporate artificial intelligence (AI) components to
create dynamic, adaptive learning environments. Unlike traditional computer-assisted instruction, ITS
actively track and analyze students' work, providing tailored feedback and hints in real-time. By collecting
and processing data on individual student performance, including both cognitive and non-cognitive
variables, these systems can make nuanced inferences about learners' strengths and weaknesses,
subsequently recommending personalized learning paths (Kulik & Fletcher, 2015; Shute & Zapata-Rivera,
2012). The development of such systems requires not just technical capabilities but also careful
consideration of stakeholder needs through participatory design approaches involving both educators and
learners (Jurenka et al., 2024). Recent studies have also demonstrated that these systems can achieve
accuracy rates of over 90% in assessing student responses and providing appropriate feedback (Oli et al.,
2023). However, despite the precision and adaptability of ITS, their implementation in classrooms has faced
significant limitations, especially in contrast to the ease of use and adaptability of LLM-based solutions.

Key Components and Challenges of ITSs

The design of ITSs, it is argued, has at its foundation three key components. These systems must ideally
possess: (1) knowledge of the learner (student model), (2) knowledge of the domain (expert model), and
(3) knowledge of teaching strategies (pedagogical model). In recent years, LLMs have emerged as potential
tools for enhancing these components of ITSs, offering flexible and highly responsive language-based
capabilities that traditional ITSs may lack. In this context, LLMs can potentially assist in developing all
three components, though careful curation and expert oversight remain essential (Rus, 2024). The
integration of these knowledge bases marks a shift from earlier, knowledge-free computer-assisted
instructional programs. A key distinguishing feature of ITSs is their capacity to diagnose students' errors
with precision and adapt instruction based on these diagnoses. Furthermore, the development of these
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components requires comprehensive evaluation frameworks that span quantitative, qualitative, automatic,
and human evaluations to ensure their effectiveness and safety (Jurenka et al., 2024; Shahzad et al., 2024).

Despite the considerable potential of ITSs to revolutionize education, their widespread adoption in
classroom settings remains limited. This gap between potential and implementation can be attributed to two
primary factors: the substantial cost associated with developing and deploying these systems, and the
inherent limitations in current educational measurement approaches. Traditional educational assessment
relies heavily on broad indicators like grades and attendance, while ITSs can measure student performance
at a much more granular level - this measurement mismatch creates significant challenges for maximizing
these systems' educational value. Beyond these traditional challenges, there is a need for robust evaluation
frameworks and responsible development practices when incorporating new Al technologies into
educational systems. This includes careful consideration of safety, bias, and ethical implications through
systematic evaluation processes involving both educators and learners (Al-kfairy et al., 2024; Jurenka et
al., 2024; Warr et. al., 2024a). Further, while ITS development and deployment can be prohibitively
expensive, LLMs present an opportunity to mitigate some of these costs by utilizing pre-trained models and
readily adaptable language technologies. While utilizing existing LLMs can potentially reduce certain
development costs compared to traditional programming approaches, developing LLMs from scratch
remains extremely expensive, and even using existing models can incur significant operational costs at
scale (Benram, 2024; Buzby, 2024). Additionally, LLMs introduce new challenges requiring careful prompt
engineering and output curation (Rus, 2024). For instance, Warr et al. (2024a) have demonstrated systemic
and implicit bias in these systems’ responses when asked to evaluate student essays (see also Goldshtein et
al., 2024a, 2024b). The latter issue is particularly significant, as it underscores the need for more
sophisticated assessment methodologies that can fully leverage the adaptive capabilities of ITSs.

The Promise and Limitations of LLMs in Educational Contexts

The advent of LLMs has been proposed as a promising avenue for enhancing ITS capabilities (Cao, 2023;
Chen et al., 2023; Schmucker et al., 2024). In terms of the student model, LLMs can potentially identify,
capture, and analyze vast amounts of learner data, including written responses, question-answering patterns,
and conversational nuances, to build a more comprehensive and dynamic representations of the learner's
knowledge state (Schmucker et al., 2024). Moreover, they can leverage this understanding to generate
appropriate materials, tasks, and feedback as part of the adaptive learning cycle (Shute & Zapata-Rivera,
2012). For example, an LLM could analyze free-text responses from students in real-time, identifying
misconceptions in an introductory physics course and providing targeted hints or resources. However,
empirical studies show that LLMs' assessment capabilities vary significantly based on how the task is
framed, with semantic similarity-based approaches outperforming direct assessment methods (Oli et al.,
2023).

While these capabilities are promising, recent large-scale studies emphasize the importance of
comprehensive evaluation frameworks to validate LLM performance. For instance, real-world deployments
in university settings have shown that LLMs require careful scaffolding and oversight to effectively support
student learning (Jurenka et al., 2024). For the expert model, LLMs trained on extensive domain-specific
corpora can serve as robust repositories of knowledge, capable of generating accurate and contextually
relevant information across a wide range of subjects (Chen et al., 2023; Mugaanyi et al., 2024). Recent
research demonstrates that LLMs can extract domain models from textbooks with precision rates in the 60-
70% range, though relation extraction remains more challenging (Rus, 2024). Sixty to seventy percent,
though impressive, can be quite problematic in educational contexts, particularly when combined with the
fact that these modes often (confidently) confabulate information. Perhaps most significantly, in the realm
of the pedagogical model, LLMs and chatbots can leverage their natural language processing capabilities
to implement sophisticated teaching strategies, adapting their communication style, explanation depth, and
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question complexity based on the learner's responses and inferred comprehension level (Cao, 2023). This
adaptive approach could potentially mimic the nuanced interactions of skilled human tutors, offering
explanations, asking probing questions, and providing scaffolded support in a more natural and engaging
manner (Hu, 2023; Pardos & Bhandari, 2023; Zapata-Rivera et. al., 2024).

Fundamental Challenges with LLMs

However, a critical examination of LLMs reveals certain inherent characteristics that challenge their
suitability for ITS roles (Nye et al., 2023). In brief, we propose that there are two interconnected arguments
regarding the nature of LLMs that complicate their ability to serve as a foundation for ITSs: (1) the inherent
necessity for these models to engage in what can be termed "hallucination," and (2) the consequent
variability in their outputs. This variability has been systematically documented in recent studies examining
LLM-generated educational content, where outputs vary significantly based on prompt wording and
temperature settings (i.e., the degree of randomness in responses) - even when using identical inputs (Oli
et al., 2023). These challenges necessitate a structured approach to responsible development that goes
beyond traditional testing. Recent proposals have suggested using a combination of automatic evaluations,
human expert ratings, and real-world user studies to assess both the technical performance and pedagogical
value of LLM-enhanced systems. Such evaluation frameworks have identified specific areas where LLMs
excel (such as promoting engagement) and areas where they need improvement (such as maintaining
consistent pedagogical quality) (Jurenka et al., 2024).

Fundamentally, LLMs extrapolate beyond their training data due to their generalization capabilities. LLMs
have been described as being “stochastic parrots” (Bender et al., 2021) due to the fact that their outputs are
probabilistically generated word by word (or feature by feature) based on their training data. The
implications of these characteristics for educational applications require careful consideration. Research
has shown that successful deployment of LLMs in educational settings demands both automated safeguards
and human oversight, with particular attention to safety, and the quality of pedagogical interactions. Studies
involving real students have demonstrated that while LLMs can effectively support learning, their
deployment requires careful consideration of student needs and appropriate guardrails. There is indeed
some evidence that this is too simplistic a view since these models appear to have developed some higher
order conceptual structures (Anthropic, 2024) as evidenced by their ability to perform a range of complex
tasks on which they have not been trained. For instance, work by Oli et al. (2023) suggests that while LLMs
can generate high-quality educational content with correctness rates above 90%, they still require expert
oversight and curation, particularly for theory-driven educational content.

LLMs are merely generating words based on their training data, with little connection to the world.
Essentially, LLMs “make stuff up” which leads to what have been colloquially termed as "hallucinations."
It is important to note, however, that these misrepresentations are not necessarily a flaw but rather an
intrinsic feature of the technology (Xu et al., 2024).

A corollary of this generative nature of LLMs is that they exhibit significant output variability even when
provided the same input. This variability is not just random — it is highly context-dependent, with the same
question receiving markedly different responses based on how it's framed. Recent research (Warr et al.,
2024b) demonstrates substantial unexplained variance in responses from LLMs, persisting across different
versions and resistant to mitigation attempts (e.g., using retrieval augmented generation - RAG). This
variability is particularly pronounced in educational contexts, where studies have found that factors such as
temperature settings and prompt wording can significantly impact the pedagogical quality of outputs (Oli
et al., 2023). These small shifts can move interactions in unpredictable directions and conversations can
stray increasingly far from intended learning paths without educators or learners being aware of the
deviation. This is particularly concerning for learners who, by just where they are in their learning journey,
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do not have the judgment to question the responses from Al. This can create a kind of conversational drift
that can magnify small errors as the conversation progresses.

Additionally, research has shown that while LLMs can effectively assess student responses when framed
as semantic similarity tasks, they perform poorly when directly asked to identify missing or incorrect parts
in student work (Rus, 2024). These facts combined with the research that shows a significant prevalence of
stereotyping has significant implications for their ethical use in student evaluation systems. This output
variability can significantly undermine ITSs’ intended purpose to deliver consistent, high-quality
instruction. For example, a study by Warr et al. (2024b) found that identical prompts resulted in different
feedback for student essays, raising concerns about fairness and consistency. Moreover, recent research has
shown that a user's prior domain knowledge significantly impacts their ability to effectively utilize
generative chatbots, with laypersons particularly limited in their capacity to engage with unfamiliar
domains due to lack of expertise (Imundo et al., 2024).

These fundamental attributes of LLMs—hallucination and variability—conflict with the precise, consistent
functioning required in traditional ITS roles. The tendency to hallucinate compromises the accuracy of
student modeling and the reliability of domain knowledge presentation. Studies have shown that even state-
of-the-art LLMs struggle with maintaining consistency in educational outputs, with performance varying
significantly across different subject domains and task types (Rus, 2024). The high degree of output
variability undermines the consistency necessary to implement effective pedagogical strategies.

While ITSs excel in delivering structured, accurate feedback for well-defined problems, LLMs offer the
ability to handle more open-ended, creative inquiries, which could lead to a more holistic educational
experience if properly integrated. Consequently, LLMs may be ill-suited for the core functions of ITSs,
potentially leading to inconsistent instruction and misleading information.

Reconceptualizing the Role of LLMs in Education

In light of these limitations, we propose a shift in how we conceptualize the role of LLMs in educational
contexts. Rather than serving as authoritative tutors within an ITS framework, LLMs may be more
effectively utilized as thought partners in the learning process. This reconceptualization aligns with
emerging evidence from real-world educational deployments. For instance, studies show that students
primarily use LLM tutors for specific learning support tasks like understanding concepts and debugging
code, rather than as comprehensive replacements for traditional instruction (Sheese, 2024). This aligns with
findings that while generative chatbots show promise in supporting expert cognition and novice training,
their effectiveness is significantly constrained when working with laypersons who lack sufficient domain
knowledge to critically engage with the Al's outputs (Imundo et al., 2024). Furthermore, successful
implementation of LLM-based educational tools requires not only careful attention to student feedback but
also continuous refinement based on real-world usage patterns, suggesting an iterative design approach
rather than a one-time deployment This aligns with recent empirical findings suggesting that LLMs are
most effective when used to augment rather than replace existing ITS components, with task-specific
implementations showing more promise than general-purpose tutoring approaches. In this capacity, their
ability to generate varying perspectives and engage in open-ended dialogue becomes an asset, fostering
critical thinking, idea exploration, and information literacy. This approach leverages the strengths of LLMs
while maintaining the crucial role of human expertise in education, aligning with contemporary pedagogical
philosophies that emphasize active learning and critical evaluation of information. It has been suggested
that LLMs could generate high-quality educational content and explanations, but their effectiveness is
maximized when integrated within existing educational frameworks and subject to expert oversight. We
believe that the synergy between these technologies could potentially address a significant gap in current
educational technology approaches, creating a more holistic and engaging learning experience.
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This reconceptualization particularly aligns with LLMs' context-dependent nature. While their varying
responses to differently framed versions of the same question can be problematic in traditional tutoring
roles that demand consistency, this sensitivity to context becomes an asset when LLMs serve as thought
partners. In this role, their ability to approach problems from multiple angles based on how they are framed
can help students understand the importance of perspective and problem formulation - key aspects of
creative and critical thinking. This characteristic aligns with contemporary pedagogical approaches that
emphasize the value of viewing concepts from multiple perspectives and understanding how different
framings can lead to different insights.

ITSs excel in the realm of structured, disciplinary knowledge acquisition. Their strength lies in their ability
to provide precise, personalized instruction and assessment, adapting to individual learning patterns and
ensuring mastery of core concepts. Studies demonstrate that ITS platforms achieve optimal results when
handling well-defined, rigorous domains where consistency and precision are paramount. This systematic
approach is crucial for building a solid foundation of knowledge and skills. However, this rigorous focus
on accuracy and mastery can sometimes lead to a learning experience that, while effective, may lack
inspiration or fail to ignite a deeper passion for the subject matter.

LLMs could be leveraged to engage students in personalized, creative activities that make use of student
model information. As such, LLMs would offer a complementary set of capabilities that align well with the
more creative and exploratory aspects of learning. Their ability to generate novel connections, provide
varying perspectives, and engage in open-ended, creative discourse has great potential to serve as an
"intelligent creative buddy." This is consistent with findings that suggest that LLMs can effectively generate
varying educational content, with particularly strong performance in creating explanations and examples
that promote active learning, though the quality varies based on prompt design and model parameters. This
aspect of LLMs could be instrumental in fostering intellectual curiosity, encouraging lateral thinking, and
helping students develop a more nuanced and multifaceted understanding of the subject matter. By offering
unconventional viewpoints or drawing unexpected parallels, LLMs could challenge students to think
beyond the confines of traditional disciplinary boundaries, potentially leading to more innovative and
interdisciplinary approaches to problem-solving.

A Synergistic Framework: Combining ITSs and LLMs

The thoughtful integration of these technologies in educational settings has strong potential to create a
powerful learning ecosystem (Maity & Deroy, 2024). Successful integration requires a comprehensive
evaluation-driven approach encompassing multiple dimensions: automatic evaluations for rapid
development iteration, human expert evaluations for pedagogical quality, and real-world user studies for
understanding actual impact. This multifaceted evaluation framework helps ensure that integrated systems
maintain both technical accuracy and pedagogical effectiveness. This integration is most successful when
following a task-specific approach, where LLMs are used to enhance specific ITS components rather than
attempting to replace entire systems (Rus, 2024). ITSs could provide the structured, foundational
knowledge and skills, ensuring accuracy and mastery, while LLMs could augment this learning by making
them more conversational, offering creative interpretations, generating thought-provoking questions, and
inspiring students to explore the broader implications and applications of their knowledge (Sifaleras, 2024).

Indeed, there is some preliminary evidence that such hybrid approaches can achieve both high accuracy in
content generation while maintaining pedagogical rigor necessary for effective instruction (Oli et al., 2023).
This dual approach could cater to both the need for rigorous academic standards and the equally important
goal of nurturing creativity, critical thinking, and a genuine love for learning.
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The design of the Generalized Intelligent Framework for Tutoring (GIFT) supports an additional hybrid
approach to using LLMs (Sottilare et. al., 2017). GIFT is a modular framework designed to support and
facilitate reuse, customization, or substitution of its individual components. These components include a
learner model that includes a representation of the current knowledge state and skill level of the learner, a
pedagogical module that represents learning approaches for different types of content and learner ability,
and a domain module that represents the concepts, skills, and competencies to be imparted to the learners.
There are other elements of GIFT that provide a user interface and the ability to connect to different devices,
sensors, applications, and other services.

LLMs are currently being evaluated in a couple of different ways for implementation within GIFT. One
involves using LLMs to classify team members’ speech acts to support assessment of team performance
(Spain et al., 2024). In this use-case, a team communication analysis framework has been incorporated into
a demonstration involving crew gunnery. The team communication framework leverages an LLM through
iterative prompting to classify team communications into one of nine categories of dialogue acts. These
include categories such as: acknowledgements, providing information, and action requests. One advantage
of this level of abstraction is that dialogue acts are generalizable across tasks and therefore easier to assess
against theoretical team process models. Tests of this approach found that GPT-4 had an accuracy rate of
about 77% as compared to human raters. While clearly not perfect, this is a significant step towards
automation of a challenging task. As LLM’s evolve, it will be interesting to see how quickly they get better
at this kind of classification task. Once team speech acts are classified they can be assessed for errors and
used to provide feedback to learners through GIFT’s domain knowledge file, which uses context to
determine which speech acts are needed by which individuals at various points in the scenario.

A second way in which LLM’s are being considered for incorporation into GIFT is in support of a more
conversational tutor, at least in terms of remediation feedback (Hu, 2023; Louwerse et al., 2009; Zapata-
Rivera et. al., 2024). In this implementation, carefully structured course content would be delivered to
learners through the existing GIFT framework. When a learner does not appear to understand a concept,
the learner needs to be presented with some type of remediation. One of GIFT’s primary adaptive feedback
strategies is embodied in the Interactive, Constructive, Active, Passive framework (ICAP - Chi & Wylie,
2014). More cognitive engagement required in the active and constructive types of remediation is expected
to produce better understanding and learning at the expense of taking more time than passive feedback (e.g.,
simply presenting information to the learner). Depending on the learner’s characteristics, the complexity of
the content, and the criticality of the training, different levels of engagement may be appropriate. GIFT
seeks to find the optimal level of engagement necessary to train the content. It is not hard to see that in a
course with many concepts, creating the necessary remedial material is a significant burden for course
authors. The idea here is to use carefully constructed prompts to have an LLM assist in generating this
content on demand.

In this particular use case, if a learner fails to understand a concept, GIFT would generate a set of prompts
designed to solicit passive to increasingly more interactive types of feedback to help the learner master the
concept sufficiently to move forward with additional content. By having GIFT—rather than the learner—
generate these structured prompts, we can better control and constrain the LLM's responses. While this
approach is still conceptual, this systematic prompt generation could help mitigate some of the known
challenges with variability and hallucinations in current LLMs. The potential educational value of properly
constrained, LLM-generated content makes this a promising area for investigation.

Future Research Directions

Future research, we argue, should investigate the factors that impact the effective implementation of this
synergy with a careful consideration of the strengths and limitations of each, and through that develop
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frameworks for the future design of pedagogical tools. This investigation should include systematic
evaluation of LLM outputs across different educational contexts, as research has shown significant
variations in performance across different domains and task types. This potential synergy also opens up a
rich array of research questions, a few are listed below.

Integration mechanisms: How can we effectively integrate ITSs and LLMs to create a seamless
learning experience that balances structured knowledge acquisition with creative exploration?
What architectural frameworks would best support this integration? How can we systematically
evaluate and mitigate the variability in LLM outputs when integrated into ITS frameworks? How
can we implement comprehensive evaluation frameworks that assess both technical performance
and pedagogical value? What role should automatic versus human evaluation play in different
stages of development?

Impact on Learning & Cognition: How does exposure to both precise ITS instruction and more
exploratory LLM interactions impact students' cognitive development, particularly in areas such as
critical thinking, creativity, and metacognition? Further, what are the measurable impacts on both
short-term knowledge acquisition and long-term conceptual understanding when utilizing this
combined approach? How can we best leverage LLMs' semantic analysis capabilities while
accounting for their limitations in direct assessment tasks? How can we systematically collect and
incorporate student feedback and usage patterns to improve system effectiveness? What metrics
best capture the actual impact on student learning in real-world settings?

Personalization strategies: How can we leverage the strengths of both technological approaches to
create more nuanced and effective personalization strategies that address not just knowledge gaps,
but also motivational and creative needs? What role should prompt engineering and output curation
play in ensuring consistent, high-quality personalized learning experiences? How can we ensure
responsible development practices while maintaining personalization capabilities? What safety
frameworks and evaluation protocols are needed to protect student interests? How can we
responsibly leverage LLMs capabilities in the generation of materials/activities/feedback to support
personalization?

Domain-specific applications: How does the effectiveness of this combined approach vary across
different academic disciplines? Are there certain subjects or skill areas where this synergy is
particularly beneficial or potentially problematic? How can we optimize LLM performance for
specific educational domains while maintaining pedagogical consistency?

Addressing these research questions would not only advance our understanding of Al in education but also
provide crucial insights for the development of more effective, engaging, and holistic learning technologies
that take advantage of the differential powers of ITSs and Al—combining the precision of ITSs with the
creative potential of LLMs, ultimately enhancing both cognitive and motivational learning outcomes.
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