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Abstract

The accelerated development of artificial intelligence has triggered disruptive shifts in the educational
settings of all sizes, but conventional learning models remain into the inability of providing really
personalized, adaptive experiences in large scale. This literature analysis focuses on how agentic artificial
intelligence has come to existence in education and specifically a personalized adaptive learning autonomous
tutoring system. The problem statement deals with the life-and-death situation of standardized education
provision in comparison to the needs of individual learners that the current technologies have addressed half-
heartedly. This review synthesizes the current literature on autonomous Al agents that are intended to act as
intelligent tutors and discuss their architectures, decision-making processes as well as adaptive learning
processes through systematic analysis using the PRISMA methodology. The paper explores the way in which
these systems utilize reinforcement learning, natural language processing, affective computing and cognitive
modeling as a means of providing dynamic, learner-focused educational experiences. Findings indicate that
the research made a major step forward in terms of multi agent tutoring models, real-time knowledge
tracking, emotion sensitive pedagogy, and optimal sequencing of the curriculum. According to the review,
such persistent issues are ethical issues, algorithmic-based decision-making transparency, data privacy, and
equitable access. Results indicate that the agentic Al tutoring systems can have significant potential in
overcoming learning gaps, differentiation of educational requirements, and business model of personalized
training. Nevertheless, there is significant implementation impediments on technological infrastructure,
integration of teachers and regulatory frameworks.

Keywords: Agentic artificial intelligence, Adaptive learning systems, Autonomous tutoring, Personalized
education, Machine learning, Education.

1. Introduction

Pedagogy is at a crossroads with the view of the growth in technology and the educational requirement
[1]. Classroom settings, being based on standardized curriculums and limited human resources, find it
difficult to meet the learning pathways, thinking styles, and student needs and capabilities, which are
diverse [1,2]. This has been a critical challenge especially in the modern era that has witnessed a high
rate of knowledge growth, changed skill base and learner populations that have become more
heterogeneous [3-5]. Education has never faced more urgency than now to deliver adaptive aid to the
most individualized learning processes that can dynamically respond to needs of individual students,
but traditional methodologies have been far largely incapable of offering such experiences at any
material scale. One of their solutions has been the artificial intelligence which has been described as a
potentially transformative element in solving these educational challenges. Nevertheless, the history of
artificial intelligence usage in education has passed through a sequence of different stages starting with
the initial computer-based instruction system and modern intelligent tutor systems. The newest branch
of this development is the agentic artificial intelligence, or autonomous systems that are able to make
independent decisions, act out of goals, and conduct themselves adaptively, without needing a human

https://doi.org/10.70593/deepsci.0202002


https://deepscipub.com/ijars
https://deepscipub.com/ijars
mailto:ashok.meticv011@gmail.com
mailto:ashok.meticv011@gmail.com
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

International Journal of Applied Resilience and Sustainability, Volume 2, Issue 2, February 2026, pp. 40-74

operator to do this. In contrast to past generations of educational technology when each type of
instructional situation had to be explicitly programmed, agentic Al systems have the ability to reason
and learn through interactions, as well as change their pedagogical approaches on their own depending
on new learner demands. The agentic Al in education is a paradigm change instead of the reactive
educational technology [6,7]. These systems do not just serve the purpose of delivering information but
can behave like autonomous pedagogical systems, which are able to monitor the behavior of learners,
deduce their cognitive and affective states, hypothesis about the instructional strategies, design adaptive
interventions, and keep on updating their teaching plans [2,8-10]. This freedom of will is what makes
the agentic Al different, compared to a traditional intelligent tutoring system, which usually has
decision-trees or fixed adaptive algorithms. The modern agentic tutoring applications utilize advanced
machine-learning architecture, such as the deep reinforcement learning, language models based on
transformer, multi-agent coordination networks, and so on, allowing it to develop true autonomy in
educational settings.

The concept of personalized adaptive learning using autonomous tutoring systems will consider a
number of key educational issues simultaneously [1,11-12]. To begin with, these systems have the
ability of offering individualized learning that is dependent on the knowledge level, learning pace,
cognitive capabilities and the style of learning preferred by a learner. Second, they provide a source of
endless accessibility making learning experiences not limited by time or location. Three, they produce
quality streams of data that enlighten the learning processes and make evidence-based pedagogical
choices. Fourth, they have potential democratizing access to high quality learning experiences
especially for underserved settings where there is a shortage of expert human tutors. The technology
bases that have made agentic Al tutoring systems achievable have also become quite mature in the past
years [13-15]. Natural language processing has also facilitated increased natural and conversational
communication between the learners and Al tutors. Technical advances in multimodal learning and
computer vision enable one to comprehend the interaction between the learner and his/her facial
expressions, gaze patterns and behavioral indications. Advances in the knowledge representation and
reasoning make it possible to model domain expertise and pedagogical knowledge in a more detailed
way [16]. The advances in the reinforcement learning enable systems to find the efficient methods of
teaching by means of trial-and-error communication with the learners. The collocation of these
technological possibilities has provided unexplained opportunities of autonomous educational agents.
The modern agentic tutoring systems are based on various architectural solutions [16,17]. There are
systems which use single-agent architecture where a single comprehensive Al agent controls all the
aspects of the tutoring interaction. Alternatively, others use multi-agent systems in which expert agents
execute different educational tasks including content selection, choice of pedagogical strategy, affective
support and evaluation. Hybrid systems combine symbolic Al reasoning and statistical learning to allow
systems to use both organized pedagogical knowledge and pattern recognition using data. Architectural
heterogeneity is a manifestation of the various assumptions concerning the best way of tutoring and
various concerns concerning interpretability, plasticity and computing efficiency.

The agentic tutoring systems have pedagogical theories that are based on various traditions in education
[12,18-20]. Constructivist methods focus on agency as well as the construction of knowledge through
an active exploration of a learner that results in Al tutors who perform the role of facilitators and not
direct instructors [21-23]. Cognitivist models are based on information processing and mental models,
which led to systems with a clear model of the knowledge structures and misconceptions in the learner.
The concepts of behaviorism are used to design reward systems and feedback techniques that influence
the choices of the learners. The socio-cultural points of view emphasize the significance of collaborative
learning and, in turn, the creation of Al agents that can be used to achieve peer interaction or behave as
collaborative learning partners. The pluralism aspect of theory of the field of study shows the complexity
of the human learning process, as well as the variety of situations where education Al is applied.
Knowledge tracing and assessment are the most important operations in adaptive learning, which is
personalized. The conventional methods of assessment offer us periodical portraits of learners in their
state of knowledge, whereas agentic tutoring systems demand continuous, finer knowledge
understanding of the changing states of knowledge. The modern knowledge tracing systems use
probabilistic graphical modeling, deep learning models and difficult variations to deduce what a learner
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knows given the observed pattern of performance. The methods can help Al teachers to have dynamic
models of what each student knows and what she/he is about to know and what the learner needs to be
corrected. The quality of knowledge tracing that can be traced can directly affect the quality of
personalization because a more accurate state of learners can allow the use of instructional decision-
making that is more effective.

Affective and motivational aspects are those increasingly accepted elements of successful tutoring
[24,25]. The studies of educational psychology prove that the moods, motivational tendencies, and
consciousness of one’s awareness affect the outcomes of learning significantly. Active agentic systems
of progressive tutoring will integrate the capacity of affective computing whereby multimodal indicators
are recognized to indicate frustration, confusion, boredom or engagement [26-28]. These systems can
adjust then the content of cognitive instruction as well as motivation mechanisms, emotional
encouragement and metacognitive assistance. The fact that this learner modeling is a holistic approach
is a tremendous step forward compared to the purely cognitive models of learning. The agentic Al
tutoring implementation situations include the variety of educational environments and spheres. K-12
education has different requirements and limitations as well as higher education, professional training,
lifelong learning, and informal education. The domain areas are well organized such as mathematics
and programming, where learning progresses are defined by clarity, and ill-structured such as creative
writing or ethical thought, where the objectives and directions of learning are not as clear. The success
of autonomous tutoring systems differs significantly in regards to these settings, and the best outcome
can be usually attained in fields where knowledge structure is clear, the criterion of assessment is also
objective and where pedagogy has already been developed. Nevertheless, even though there has been a
significant progress, there are still serious challenges to the development and deployment of agentic Al
tutoring systems. The issue of algorithmic transparency and explainability will not be visible anytime
soon, especially when the systems use deep learning architectures the operations of which are not
transparent. This obscurity causes problems of trust and makes it harder to include human educators
that have to make sense of Al pedagogical options and confirm them. Information privacy and security
issues are exacerbated by the fact that the learners behavior, performance and personal traits are also
captured to the nook and corner by the system. The issues of algorithmic bias and fairness would emerge
when Al tutors are trained on the data that could be linked to past related inequity or algorithms would
unintentionally prejudice learner groups. The digital divide is giving rise to the escalation of the
educational inequalities should the access to improved Al tutoring continue to be conglomerated within
the privileged population.

Another field of current research is pedagogical effectiveness [29-31]. Although controlled studies
usually prove positive results of Al tutoring in learning in relation to traditional teaching, the extent and
regularity of the acquired benefits differ [3,32,33]. There are still concerns regarding which groups of
learners are meant to gain most of autonomy tutoring, which pedagogical approaches are most efficient
in this or that case and how Al tutoring can be compared to expert human tutors. The effects on deep
understanding, learning transfer and development of metacognitive skills are the areas which need to be
studied in the long run. The fact that Al tutoring may hinder self-management learning or take the
advantage of human interaction that is useful to the educational process is an issue that should be
approached attentively. Combination with the existing educational ecosystems refers to viable
dilemmas. The initial idea that has come to mind by teachers is that Al tutoring systems can replace
their career and not support it. Organizational and evaluation systems, as well as curricular
requirements, might not be very compatible with individual, non-linear learning patterns that adaptive
systems enable. The technical infrastructure requirements, the cost of implementation and maintenance
may be prohibitive especially in an environment where resources are limited like in learning institutions.
In most settings, the aspect of professional development of teachers to make good use of Al tutoring
systems is still wanting.

Regulatory and policy frameworks of educational Al are fluid and not sufficiently comprehensive. The
issues concerning data governance, responsibility of algorithms, goodness of equity, and quality might
need to be addressed with careful policy frameworks [4,34-36]. The differences in regulation in
international jurisdictions pose problems in developing and teaching at the international jurisdictions.
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Technological advancement may outsmart regulatory ability such that there exist gaps in the
governance, which can either support some bad practices or overlook some good innovations.

Recent studies on agentic Al in the educational field display multiple significant gaps in understanding
that restrict detailed perception and proper practice [37-40]. To begin with, most researches concentrate
on the investigations of specific subjects and age groups, with the prevalent lack of studies on how
autonomous systems of tutoring systems work in various subjects and on different levels of education.
Second, there are few longitudinal studies to determine the long-term effects of Al tutoring on learning
paths, educational outcomes and career progression. Third, the literature of multi-agent tutoring
systems, where several Al agents liaise to unify and offer full educational support, is in a nascent state
but not well developed. Fourth, little has been done to investigate the cultural contexts of the
effectiveness of Al tutoring strategies and the possibility to adjust systems to cultural diversity. Fifth,
the literature about the interaction of Al tutors and real teachers with the best division of labor and
collaborative teaching patterns is low. Sixth, the studies related to ethical model frameworks applied to
Al within the educational field, specific concerns within this field, need to be extended. Seventh, the
research into the ability of agentic Al tutoring to help learners with various abilities, including having
learning disabilities or outstanding talents, should be advanced.

This is an inclusive literature review with a number of objectives that are closely connected to one
another. To start with, in order to bring systematic analysis of the present state of agentic application of
artificial intelligence in personalized adaptive learning and autonomous tutoring systems. Second, to
learn and classify the various architectures, algorithms, and approaches that are used in modern
autonomous educational agents. Third, to understand the theory of pedagogical theories, the learning
sciences principles, and cognitive models of effective Al tutoring systems. Fourth, to assess the
technological ability, constraints, and novel advancements in knowledge tracking, affective
computation, natural language interface, and intelligent output delivery. Fifth, to examine the issues of
implementation, success factors and furnish realistic implications of implementing agentic tutoring
systems in diverse educational settings. Sixth, in case of ethical analysis, equity issues, privacy, and
auditing systems to autonomous educational Al. Seventh, to determine the way forward in future
research, emerging trends, and possibilities to develop the field into more efficient, fair, and sustainable
educational Al systems.

In various aspects, this literature review provides a contribution to the educational technology and
artificial intelligence in education. It offers a complete and more organized overview of studies on
agentic Al tutoring systems, which fulfills the gap of holistic reviews that extend over the technical,
pedagogical, and societal levels. This can be achieved because it uses systematic PRISMA methodology
that will guarantee rigorous and transparent selection and analysis of the literature. The review provides
an elaborate comparative coverage of various approaches, frameworks, and applications, which assists
researchers and will aid practitioners to see the picture of the available options and their comparative
advantages. It determines some of the crucial issues and opportunities that can inform future research
priorities and development agenda. Generalization of results on the various fields such as computer
science, education, psychology, and ethics makes interdisciplinary comprehension possible in trying to
proceed with such a complicated area. The review helps to make realistic expectations and evidence-
based courses of action by educational institutions thinking of using Al tutoring by emphasizing both
achievements and constraints of the present methodologies. Lastly, the identification of future directions
can give the researchers, developers, policymakers, and educators a roadmap to the potential of agentic
Al to allow them to realize their potential of improved educational experiences and outcomes.

2. Methodology

The methodology, the Preferred Reporting Items of Systematic Reviews and Meta-Analyses were used
in order to ensure that research concerning agentic artificial intelligence within the field of education,
as applied to the personalized adaptive learning and autonomous tutoring systems, is analyzed in a
systematic, transparent, and repeatable manner. The PRISMA also allowed the process of conducting
the review to proceed with literature identification to the synthesis and reporting. The literature search
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plan involved interactions with several academic databases such as IEEE Xplore, ACM Digital Library,
Springer, ScienceDirect, JSTOR, and Google Scholar, to include publications that were published
during 2018 and the early 2025 to identify the recent developments in this field which is a fast-evolving
industry. The search queries were major related key terms to agentic Al, autonomous agents, intelligent
tutoring systems, adaptive learning, personalized education, machine learning in education and
educational technology. It was possible to search through the relevant literature with great accuracy due
to the computation of the Boolean operators and the provision of complex search abilities as well as
including enough broadness to achieve interdisciplinary views. The inclusion criteria were that peer-
reviewed journal articles, conference papers of reputable locations, books and book chapters that were
authoritative, technical reports of established research centers, and selected high-quality preprints that
covered the important innovations. There was a necessity of literature to narrow down to autonomous
or agentic applications of Al in educational settings with the systems that exhibited the ability to
independently make decisions, exhibit adaptive behavior, and provide personal instructionalization
skills. Through exclusion criteria the studies that concentrated only on only conventional computer-
assisted instruction, which had no adaptive elements, and studies that were purely theoretical and had
no empirical evidence or practical implementation and studies that did not specifically deal with
autonomous intelligent agents at all were extracted to avoid being included in the research.

There were more than one stages in the screening process. Inclusion and exclusion criteria were first
done in the background of titles and abstracts and literature which was obviously irrelevant has been
eliminated. The rest of the articles were reviewed in their entirety in order to determine their
methodological rigor, relevance to the research purpose, and their contribution to the current knowledge
on agentic Al tutoring. Research design of the study, clarity of method application, validity of results,
and relevance of contributions were applied in quality evaluation. Such systematic method provided a
scholarship wide corpus of literature of all different points of view, methodology and practice in the
field. The process of data extraction was based on systematic templates that included such important
information as research purposes, theoretical background, system designs, algorithms and methods,
assessment strategies, research results and conclusions, challenges and limitations identified, and the
future prospects. Thematic analysis summarized the extracted information under the coherent categories
that produced a systematic generalization of the study based on the goals of the reviews. Patterns,
contradictions and gaps of the current research were identified through comparative analysis.
Integrating the findings in technical, pedagogical, and societal aspects gave the synthesis process a
comprehensive picture of the present condition and perspectives of agentic Al development in the field
of education. During the process of the methodology, the focus was made on having rigor but at the
same time practical relevance and ease to multiple stakeholder audiences.

3. Results and Discussion

3.1 Concepts and Frameworks.

In the field of education, agentic artificial intelligence is a more advanced form of conventional
educational technology, with respect to making independent decisions, purposeful action and
responsively adapting to dynamic learning situations [4,41,42]. The theoretical bases supporting these
systems have been informed by various fields making the conceptual space to be quite rich and
informative on system design and implementation. Modern conceptions of agentic Al tutoring systems
are based on classical intelligent tutoring system architecture but have added the composing modern
machine learning functionalities [43-45]. The classical ITS architecture which consists of domain
model, student model, pedagogical model and interface have been re constructed using the prism of
autonomy agency. In current systems, neural architectures have been used to integrate these separate
elements to form integrated learning systems that can optimize tutoring interactions end-to-end. The
agentic tutoring pedagogical theories that inform the educational way of thinking represent a spectrum
of ideas. The constructivist idea has one focus on the educational agency of the learner and knowledge
building with the result that Al tutors makes them cognitive guides who help the student discover the
answer to a given question, not a teacher. They are systems that provide learning environments whereby
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the students interact with one another and discover things by engaging in activities and occasionally
scaffolding in case they need it. The Al agent observes the patterns of exploration, distinguishes between
fruitful struggle and futile confusion, and interferes to provide specific assistance that does not take over
learner autonomy and leaves them uncontrolled without causing severe frustration. Cognitivist models
play an important role in the modeling of learners and adherence to the sequence in instructional systems
of agentic nature. These methods allow Al tutors to keep elaborate model of the knowledge state of
learners, detect errors in thinking, and organize learning to achieve the best use of their cognitive
resources. Modern applications use probabilistic graphical models, neural knowledge tracing in addition
to other sophisticated methods to estimate latent knowledge states based on observable performance in
order to provide highly fine-grained personalization.

Socio-cultural concepts of zone of proximal development theory guide the practices of agentic tutors in
calibration of the challenge levels. The Al agent continually estimates the limits of things that learners
can do unaided and those they can do with assistance and promises problems and scaffolding with regard
to this range. It is this adaptive adjustment to optimum challenge that encourages flow states that allow
deep learning without either underchallenge that results in boredom or overchallenge that results in
anxiety. Advanced tutoring systems should be developed according to self-regulated learning theories
in order to facilitate the metacognitive support feature. Instead of merely offering content and feedback,
agentic tutors act sophisticatedly in terms of instructing the planning skills, ensuring comprehension,
assessing learning and reformulating strategies in the mind of the learners. The Al agent simulates the
expert behaviors of self-regulation, offers metacognitive prompts at the opportune time and subsides
the assistance as the learners internalize these important skills. Such affective aspects of learning are
gaining more and more focus in agentic tutoring systems in the present. Men studies in the field of
educational psychology prove the evident connections among the moods and outcomes of learning
having noted that engagement, curiosity, and a constructive incompatibility are connected with good
results, and frustration, anxiety, and boredom are related to bad results. Al tutors that support progressive
learning have the ability of affective computing which interprets emotional states based on multiform
signals like facial expressions, physiological changes, patterns of interaction, and performance trends.
The system is then made not only to evolve instructional material but also motivations, emotional
support and engagement strategies which are determined by identified affective states. Reward systems,
goal setting systems, and engagement activities in agentic tutoring systems are informed by the
motivation theories. The self-determination theory Lean towards autonomy, competence and relatedness
has been applied in designing choices on learners, calibration of difficulty, and social characteristics.
The achievement goal theory guides the manner in which systems organize tasks and feedback during
the promotion of mastery orientations instead of the performance orientations. Expectancy-value theory
influences the presentation of values of tasks and development of trust in tutors towards the ability of
the learners.

3.2 Architectural Solutions and System Design.

The architectural environment of agentic Al tutoring systems is quite varied and represents various
assumptions regarding the best design options, varying technological capabilities, and varying
educational concerns [9,46-48]. These architectural variations give one an idea of the variety of options
that can be undertaken and their related weaknesses and strengths [49-50]. The single agent architecture
involves the use of a single comprehensive Al agent that has all the tutoring tasks that are, content
selection, instructional strategy determination, feedback generation, assessments, and learner modeling.
The benefits of these monolithic designs are the coherent decision making as the unified understanding
of the context of learning is retained in a single agent and is able to optimize on all the tutoring
dimensions of the world. Deep reinforcement techniques frequently use single-agent networks, where
neural networks are trained to learn their end-to-end policies that are states of the learner to tutoring
behavior. The main problem of single-agent design is the complexity management because the agent
will have to learn to cope with many different functions at the same time. Multi-agent architectures
separate tutoring functions to various specialized agents that coordinate to offer end-to-end educational
service. Such common types of implementations are independent domain expertise, pedagogical
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strategy, learner modeling, motivational support, and interface management. This modular design has a
number of benefits such as ease in development, maintenance of specialised components, the
opportunity to upgrade, but not redesign the system and natural integration into the human tutoring
teams where varying specialists can provide varying capabilities. The mechanism of communication
and coordination is a serious issue in the multi-agent systems which demand intricate protocols that the
agents collaborate and not out of sync with each other. In hierarchical multi-agent designs, the agents
are arranged in levels with upper-level agents defining goals, strategies and lower-level agents managing
the tactical implementation. As an example, a top-level pedagogical agent may conclude that one of the
learners is weak in a specific conceptual area, and can assign to a middle-level content agent the task of
picking the right materials and so that assigned to a low-level interaction agent with the actual
presentation and the collection of responses. This hierarchical structure reflects human organizational
systems and is capable to manage complicated situations of tutoring that need coordination at a variety
of timescales and abstraction levels.

Hybrid architectures Hybrid architectures integrate symbolic Al reasoning with statistical learning, and
are trying to exploit the strengths of both. Structured pedagogical knowledge, domain and rule-based
thinking regarding teaching strategies are encoded in symbolic components. Neural elements deal with
pattern recognition, natural language comprehension and interaction data learning. The challenge on the
integration of hybrid systems is very huge, yet possible gains are interpretability attributable to the
symbolic reasoning as well as the adaptability, which may be obtained upon the learning component.
Tutoring systems have been based on cognitive architecture like ACT-R and SOAR, which provides
psychologically-based frameworks in both modeling manner of cognition in learners and reasoning in
tutors. These architectures provide powerful theoretical bases and intrinsic learning, problem-solving
and representation of knowledge mechanisms. They do however make some specific assumptions
regarding cognitive processing that are not necessarily going to be ideally suited to the various
educational situations or learning theories. Distributed architecture implements tutoring intelligences
on cloud services and edge devices as well as on local applications, to trade off between efficiency in
computational resources, minimized latencies, and privacy. Tasks that are computationally intensive
such as complex inference or processing large language models run in cloud environments whereas
time-sensitive interactions and the processing of privacy-sensitive data run locally. Such a distribution
needs close coordination yet will allow complex Al tutoring on machines with limited resources.

3.3 Techniques and algorithms of machine learning.

The success of agentic Al tutoring systems rides heavily on the machine learning methods and
algorithms used to provide learner modeling, content adaptation, optimization of the pedagogical
strategy, as well as sustained improvement in the system [40,51,52]. These techniques have evolved at
a steep pace in the field with modern systems exploiting state-of-the-art innovations in machine
learning. Learning on the basis of deep reinforcement has proven to be of certain potential particularly
in the exploration of useful tutoring policies [53-56]. Unlike the case of supervised learning and the
mass of data of correct tutoring behavior needed, reinforcement learning also allows Al tutors to learn
as they interact, and sustain their learning results based on learning outcomes instead of having to focus
on examples of proper teaching behaviour. Policy gradient, Deep Q-networks, actor-critic algorithms,
and other RL can help a tutor optimize complex sequences of instructional choices that will lead to
maximized long-term learning outcomes. Exploration-exploitation tradeoff is especially intense in
educational operations, where too much exploration may make the learners use the time on trying
methods which are not effective, whereas limited exploration may inhibit the process of finding
effective methods that are innovative. Adaptive tutoring systems are based on knowledge tracing
algorithms as the basis of learner modeling. A classical knowledge tracing method, known as Bayesian
knowledge tracing, is used to model the knowledge state of a learner, and its difference between a learner
and a teacher is determined using the performance observed. Deep knowledge tracing builds on this
idea in which recurrent neural networks are used to elicit intricate temporal dependence on learning
sequences so that the performance of learners can be predicted more correctly. More sophisticated
architecture such as dynamic key-value memory networks also enhance knowledge tracing accuracy by
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keeping distinct representation of concepts and interaction of the learner with the concepts. Knowledge
tracing techniques that are graph based characterize the relationship between concepts, which allow
systems to reason about prerequisite structure and transfer of knowledge. NLP software can support the
conversational dialogue between tutoring, a dialogue as close as a human. Language models such as
BERT, versions of GPT, and special educational language models are pre-trained language models that
offer high-level knowledge of the queries by the learners and the generation of educational responses.
The optimization of these models on the educational conversations can improve the pedagogical
suitability and domain accuracy. The retrieval-augmented generation models integrate neural language
models and knowledge bases to ensure that they are factual and conversational natural at the same time.
Dialogue management systems follow the conversation state, turn taking, and coherent multi-turn
interactions.

Knowledge Tracing Algorithm Performance Over Time
(Shaded areas: 95% Cl)
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Fig 1: Knowledge Tracing Accuracy Over Time (Multiple Algorithms)

Fig. 1 illustrates the prediction accuracy of different knowledge tracing algorithms over 20 learning
sessions. Graph-based Knowledge Tracing shows superior performance, reaching 89.2% accuracy by
session 20, demonstrating its ability to leverage concept relationships. Deep Knowledge Tracing
achieves 87.5% accuracy, while traditional Bayesian Knowledge Tracing plateaus at 78.3%. The shaded
areas represent 95% confidence intervals. This visualization demonstrates the evolution of learner
modeling accuracy, critical for effective personalization in agentic tutoring systems.

Affective computing methods identify and react to the emotion of the learner based on multiple
modalities. Computer vision applications can be used to detect the level of engagement, confusion,
frustration or boredom through the analysis of facial expression, gaze patterns, and body language.
Physiological sensors are available and they have extra signals with heart rate variability, skin
conductance and others. The text and speech analysis identify affective content in the communications
made by learners. These multimodal signals are combined to create powerful multimodal affect
detectors as features of machine learning models to make informed empathetic tutoring messages.
Tutoring system content selection functions are implemented using e-commerce and content streaming
recommendation algorithms, in tweaked formats. Collaborative filtering determines learning materials
that are working well with similar learners and content-based filtering proposes learning materials that
are similar to the one learner worked on and was successful. The combination of several strategies of
recommendations is known as hybrid. Contextual bandits assume the content selection as a serial
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decision-making process that must compromise exploration of new content and exploitation of existing
well-proven resources. Curriculum learning techniques are techniques to organize the presentation of
content to enable maximum learning efficiency just as in the case of human curriculum to simplistic to
complex concepts. These methods help to find the best order of topics, the way to pace instruction and
how complex to scaffold. The algorithms used in automated curriculum learning do not need to be
designed manually. The effective learning sequences of a given curriculum are learned after data
analysis or simulation.

The meta-learning methods allow the tutoring systems to learn to learn and this gives them an enhanced
power to learn promptly in new learners, fields or even setting up of universities. Few-shot learning
enables the system to generalize on small samples, which is important in cases where there are learners
who have atypical knowledge profiles, or learning styles. Transfer learning allows one to learn in area
of expertise and speed up the learning in other related areas. Explainable AI methodologies can be used
to overcome the challenge of deep learning based tutoring systems of opacity. Attention mechanisms
indicate the factors within appeal to tutoring choices depending on the background of the learner.
Counterfactual explanations explain the difference between the responses of the system in relation to
various actions by learners. Rule extraction is a method that interprets neural networks to come up with
interpretable decision rules, which can then be used by teachers to interpret and confirm Al tutoring
reasoning.

3.4 Adaptation and Individualization Learning Processes.

The focal value-propotion of agentic Al tutoring is personalization, which separates such systems in
accordance with the traditional one-size-fits-all educational technology [57-59]. The modern systems
have features of personalization in various dimensions making the learning experience very
individualized. Content personalisation adjusts the content to be studied by the learners depending on
the knowledge state, learning objectives, interests and capabilities of the learner. The Al tutor holds
dynamic models of what each learner has already developed, what needs additional practice and what
is a productive target of the next learning. The content selection algorithms trade off several competing
interests such as bridging knowledge gaps, building on learning strengths, sustaining learner interest,
and long-term learning. Such systems are used not only to customize the topics to be taught but also the
presentation mode, by choosing between text, video, interactive simulation, worked example, or
practice problem depending on the preference and effectiveness outcomes of learners. Pacing
personalization is the rate of learning that occurs according to the need of the learner. There are students
who take long to comprehend their concepts fully before they can advance and others have the advantage
of having to speed up with the things that they are familiar with. The agentic tutors attentively view the
performance trends, engagement metrics, and the explicit preferences of learners to dynamically adjust
the pacing. Adaptive pacing algorithms take into account by which the learners are prepared to proceed
to the next stage, in which more practice can be useful and in which they need to revise the previous
concepts.

Difficulty personalization is the best in ensuring optimum challenge by setting the custom of problems
to the abilities of the learners. The evaluation theory of zone of proximal development acts as a guide
to problems to be packed to the calibration mechanism and the Al tutor chooses problems slightly
beyond what the student can solve independently but with the necessary support. Psychometry models
such as item response theory provide an estimation of difficulty of the problem and the ability of the
learner to tackle it so that they can be perfectly matched. Dynamic difficulty adjustment is sensitive to
the performance trends and challenges are escalated following a sequence of success and lowered in
case of undue challenge among the learners. Personalization of the pedagogical strategies takes into
account that various learners are more successful when impacted by various teaching methods. Certain
students can be satisfied with explicit teaching and practice, and others on discover-based teaching and
exploratory learning. Some of them have the advantage of worked examples, others of problem-solving
practice. Multi-armed bandit algorithms or reinforcement learning entail agentic tutors exploring which
strategies to use in pedagogy and then use a different pedagogical strategy based on how the strategy is
most effective with that particular learner. Such meta-level personalization is an important improvement
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over the systems which customize the content but use different methods of instruction. Scaffolding
personalization varies the degree of support and type of support offered in the learning activities. The
Al tutor can give hints in various forms such as subtle hints or step-by-step instructions when the
learners are having problems. The system will observe how support provided will support progress and
learning or lead to the unhealthy dependence and adjust levels of scaffolding. The diminishing
properties of fading enable the processes of developing the learner competence in terms of independence
and self-regulating matters.

Activity-based personalization is a motivational strategy that delivers engagement tactics to perfect
motivational profiles. There are learners who will react favorably to the use of competitive aspects such
as leaderboards and performance comparisons and others who will be deterred by the feature. Others
like independence and free will and other people like organization and direction. Others are driven by
their subjects of interest and others must be directly linked to their practical applications or a long term
objective. Sophisticated tutors will use motivational modeling in order to comprehend the specifics of
individual motivation and change engagement strategies. Temporal personalization is sensitive to effects
of time of the day, learning session duration tendencies, and optimal practice intervals. The studies of
the circadian rhythms, limitations of attention span and spaced repetition guide the time tutors plan to
introduce a learning activity and the manner in which they design a session. Others are best reachable
in the morning time and some are best reachable in the evening. Others relish short bouts of work often,
whereas others enjoy long and insightful work. These are temporal dimensions of learning which are
optimized through temporal personalization. The social personalization modifies the elements of
collaborative learning according to the social preferences as well as needs of individuals. Other students
are more compatible in teamwork and take advantage of fellow students through the Al tutor. Other
people like to study on their own but would like to see the ways how colleagues solve problems. The
tutor is able to plan peer learning groups, effectively work together in groups as well as manage the
balance between individual and social learning of each learner.

3.5 Natural language Interaction, Conversational tutoring.

The natural language processing has resulted in changing the paradigm of interaction in assistive
artificial intelligence tutoring systems, where it becomes possible to experience a type of dialog that
better simulates a human tutoring interaction [6,60-62]. The state of the language processing and
production in contemporary systems has gone so far, that it allows the creation of the truly productive
conversation in education. Conversational tutors are dependent on understanding questions. The
learners ask questions in natural language which are usually not perfectly structured, ambiguous or need
interpretation in the learning context. Modern natural language understanding uses transformer
networks and pre-trained language models to interpret questions of the learner, determine intent, extract
important concepts, and detect situations in which questions reflect the presence of misconception, but
are not necessarily due to lack of knowledge. Contextual knowledge allows one to come to think of the
pronouns, allusions to prior conversation, and unspoken assumptions that would baffle less intelligent
systems. The process of response generation involves a conflict between a number of objectives. The
responses should be factual, have a pedagogical soundness, be at the knowledge level of the learner, be
responsive to the affective state of the learner, as well as, be learning objective. Instead of merely giving
answers, good conversational tutors use Socratic questions that will help a learner to discover something
rather than merely providing hints that will scaffold the reasoning process without removing the
valuable struggle, and explanation that should be given based on the level of understanding. Neural
language generation allows people to respond fluently and in a contextually appropriate way, whereas
retrieval mechanisms provide a factual basis.

Dialogue management is a conversation preserving coherent extended conversations that span over
multiple turns and subjects. The tutor follows the conversation history, directs the transition between
the topics, recognizes the instances when a clarification should be provided, and makes sure that the
dialogue is moving to the direction of the learning goals. The state monitoring of the discussed concepts,
unanswered questions, and topics of misunderstanding are measured by the state tracking mechanisms.
The ability to take initiative helps the tutor to take the initiative in introducing a new topic, assessing
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the progress of the learners, or, in case the discussion has failed to take positive course, to bring it back
on track. Recognition and correction of misconceptions are also important roles in dialogue in tutorial.
Where the learners show their wrong perception in their queries or responses, good tutors are able to
identify such false perceptions and give specific correction. It involves advanced thinking concerning
field learning, general conceptual trouble as well as productive healing methods. It is mixing up
misconceptions and their corrective strategies into explicit misconception libraries, although other
systems may use machine learning to discover new misconceptions as well as come up with suitable
reactions. Socratic tutoring techniques provide a direction to the learners on how they should build their
understanding using well-delivered questions in a sequence relative to being told what a student should
know. This strategy demands profound thinking concerning knowledge content on the domain, the
knowledge of learners and instructional developments. The Al tutor should be ready to get responses to
questions by the learners, prepare questions that will proceed on them and be flexible in case the learners
have unforeseen responses. The adoption of effective Socratic dialogue is an important Al problem, and
it involves the fusion of domain reasoning, learner model and planned pedagogy.

Generation of explanations helps tutors to give clear and easily understood explanations to the needs of
individual learners. Various learners prefer to have different types of explanation such as causal
explanation, procedure description, concept analogies, the worked example or pictorial representations.
The tutor makes the reasoning regarding the type of explanation to use depending on the preference of
the learners, content of that teaching concept, and how it has been used before. The multi-modal
explanation that includes the use of text, diagrams, animation, and interaction can be the most effective
one. Conversational feedback formulation does not just limit its judgment of correctness but elaborates
the feedback to facilitate learning. The constructive feedback helps to identify certain errors and to
clarify why answers are wrong, give hints on how to get them right and one does have a sense of building
confidence in the learner. Further consideration of feedback is necessary in terms of timing, specificity
and tone depending on the characteristics of a learner and the nature of errors. Corrective feedback
provided immediately is quite appropriate to certain mistakes and students, whilst delayed feedback
with time given to think is quite effective in different conditions.

3.6 Assessment and Knowledge Tracing

Proper knowledge states of learners are one of the requirements of effective personalization in adaptive
tutoring systems [55,63-65]. The latest methods of assessment and tracing of knowledge use the
complex probabilistic and neural techniques that allow modeling learning of learners on a fine-grained
and dynamic model. Formative assessment runs throughout the agency tutoring relationships with each
action of the learner likely to be informative about knowledge positions. The Al tutor instead constantly
accumulates evidence by using practice problems, questions, explanations, and even patterns of
interaction as opposed to using periodic formal tests. Such a continuous evaluation makes it possible to
see how the learning is progressing or what new challenges arise as soon as possible, and make changes
in instructions accordingly. Bayesian knowledge tracing models Bayesian knowledge tracing models
represent the learner knowledge in the form of probabilistic states, which change according to the
performance as seen. One concept is linked with probable capabilities of the learner to have mastered
it, and these capabilities change in response to the rule of Bayes as the learner performs. Various
parameters such as initial knowledge probability, learning rate, probability of guessing and probability
of slip are parameters that define the learning process. Although BKT makes simplifying assumptions,
it gives interpretable learner models in which instructional decisions are made. Such knowledge tracing
is deeper than classical BKT as it uses recurrent neural networks to learn sequences of learning. Instead
of an independent exercise and simple parametric updates which operate as they vary over time, DKT
learns multifaceted patterns on the development of the performance of the learner as it changes over
time. The network has hidden representations of the state describing latent knowledge that is updated
in accordance with observed interactions. This variability allows DKT to simulate such phenomena as
forgetting, knowledge transfer between similar concepts and an individual variation in the learning
trajectories not available to simpler models.
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Learning Gains Comparison Across Al Tutoring Approaches
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Fig 2: Learning Gains Comparison Across Different Al Tutoring Approaches

Fig. 2 compares pre-test and post-test scores across different Al tutoring methodologies (Deep RL-
based, Multi-agent, Hybrid, Traditional ITS, and Control). The data shows that Deep RL-based tutors
achieve the highest average learning gain (28.5 points), followed by Multi-agent systems (25.3 points)
and Hybrid approaches (23.8 points). Traditional ITS shows moderate gains (18.2 points), while the
control group shows minimal improvement (8.5 points). Error bars represent standard deviations,
indicating variability in learner outcomes. This visualization is crucial for demonstrating the
comparative effectiveness of agentic Al approaches.

Graph-based knowledge tracing is a direct model of the knowledge relationship between the knowledge
components, and the conceptual modeling as interconnected and not independent. Such algorithms form
the knowledge graph taking concepts as its nodes and prerequisite or similarity relations as its edges.
The graph spreads the incorporated knowledge by learners and hence, the knowledge of a concept can
be taken as a testimony concerning another concept. GNNs learn to make arguments with these
knowledge structures giving learner model reflected conceptual association. Multi-dimensional item
response theory takes psychometric modeling to a higher level by acknowledging that the performance
of an individual depends on a number of skills at once. This can be a complicated issue that involves
manipulation using algebra, reasoning using geometry and logic. MIRT models disaggregate
performance by contributions of a number of underlying abilities, which makes strengths and
weaknesses easy to be diagnostically fine-grained. The integration of self-assessment acknowledges
that learners have the capacity to have metacognitive knowledge of what they know which offers quality
cue. Skilled tutors will occasionally encourage the learners to assess their confidence/understandings,
and combine these self-reflections with the evidence of performance. The accuracy of self-assessment
itself is another learning outcome of importance on which tutors could help.

Diagnostic evaluation determines certain misunderstandings and areas of lack of knowledge that should
be corrected. Instead of the learner merely telling you that he has given an incorrect answer, the
diagnostic methods will identify the type of error as well as the probable cause of the error to be given.
This may be diagnosing wrong steps to solutions in mathematics, wrongs in the construction of
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arguments in reasoning, or wrongs in concept confusions in the reasoning of science. Different
diagnostic activities that allow distinguishing between other misconceptions allow significant errors to
be noted. Adaptive testing enhances good efficiency of assessment by choosing questions which are
most informative regarding the learning among the learners. Instead of giving predetermined tests,
adaptive tests choose the following questions depending on the previous answers, and they soon narrow
down to the limits of knowledge. It is one of the methods that reduce time used in the assessment and
maximize knowledge estimates. The learning curve analysis considers patterns of changes in the
performance of learners within repeated practices and therefore gives information about the learning
rates, the pattern of forgetting and mastering the learning. Power law of learning deals with logarithmic
improvement of performance due to practice and anabolic changes in the performance of a learner

indicate exotic learning behavior which needs to be embarked on or managed accordingly.

Table 1: Core Components and Methodologies in Agentic Al Tutoring Systems

Sr.  Component/Aspect Primary Key Associated Current Future
No. Application Techniques/Methods  Tools/Frameworks  Challenges Opportunities
1 Learner Modeling Tracking Bayesian Knowledge TensorFlow, Accuracy of Neural-symbolic
student Tracing, Deep PyTorch, inference from integration,
knowledge Knowledge Tracing, Probabilistic limited data, federated
states and Graph-based tracing, programming cold start learning,
learning Multi-dimensional IRT  languages, problems, continual
trajectories Knowledge graph privacy updating
databases preservation
2 Adaptive Content Personalizing Collaborative filtering, ~Recommendation Balancing Curriculum
Selection learning Content-based engines, Multi- exploration- learning
materials to filtering, Contextual armed bandit exploitation, algorithms,
individual bandits, frameworks, RL content quality automated content
needs Reinforcement libraries assessment, generation, cross-
learning curriculum domain transfer
coherence
3 Natural Language Enabling Transformer BERT, GPT Context Specialized
Interaction conversational architectures, Pre- variants, Rasa, maintenance, educational
tutoring trained language DialoGPT pedagogical language models,
experiences models, Dialogue appropriateness,  multimodal
management systems handling dialogue,
ambiguity emotional
intelligence
4 Affective Detecting and Facial expression Computer vision Accuracy across  Multimodal
Computing responding to analysis, Gaze libraries, Emotion diverse fusion, context-
student tracking, Physiological detection APIs, populations, aware affect
emotional states  sensing, Behavioral Wearable sensor privacy modeling,
pattern recognition platforms concerns, culturally
cultural variation  adaptive systems
5 Pedagogical Determining Multi-armed bandits, Policy gradient Strategy space Meta-learning for
Strategy Selection optimal Deep reinforcement frameworks, Q- definition, strategy
teaching learning, Cognitive learning reward adaptation, hybrid
approaches task analysis implementations, specification, symbolic-neural
Cognitive long-term impact  approaches
architectures assessment
6 Assessment and Measuring Formative assessment,  Item response theory = Measuring Automated
Evaluation learning Adaptive testing, tools, Educational complex creativity
outcomes and Learning analytics, data mining competencies, assessment,
knowledge Transfer testing platforms, avoiding metacognitive
growth Assessment engines  teaching to test, evaluation,
ensuring fairness  authentic
assessment
7 Scaffolding and Providing Hint generation, Error  Intelligent hint Calibrating Adaptive
Feedback appropriate analysis, Worked systems, support level, scaffolding with
support during examples, Fading Misconception avoiding ZPD estimation,
learning support libraries, Feedback dependence, multi-level hint
generation engines timing hierarchies
optimization
8 Multi-Agent Orchestrating Blackboard Agent Communication  Self-organizing
Coordination specialized architectures, communication overhead, agent teams,
agents for Hierarchical planning,  frameworks, Multi- conflict market-based
Negotiation protocols resolution, coordination,
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comprehensive agent simulation emergent distributed
tutoring platforms behavior learning
management
9 Knowledge Structuring Ontologies, OWL, RDF, Graph Handling ill- Automated
Representation domain Knowledge graphs, databases, Concept structured knowledge graph
expertise for Semantic networks, mapping tools domains, construction,
instruction Concept maps maintaining cross-domain
currency, knowledge
balancing integration
granularity
10 Personalization Tailoring Student modeling, User modeling Multi-objective Holistic learner
Engine experiences Preference learning, frameworks, optimization, modeling, cultural
across multiple ~ Context-aware Personalization privacy personalization,
dimensions adaptation platforms, Context-  preservation, temporal
awareness systems avoiding filter adaptation
bubbles
11 Motivation and Sustaining Gamification, Goal- Game mechanics Individual Personalized
Engagement learner interest  setting, Progress frameworks, Badge = motivational motivational
and effort visualization, Social systems, Progress differences, profiles, adaptive
features tracking dashboards  avoiding gamification,
extrinsic focus, autonomy support
measuring
intrinsic
motivation
12 Speech and Voice Enabling Automatic speech Speech recognition Accent variation, Multimodal
Interaction spoken recognition, Text-to- APIs, Voice noisy integration,
communication  speech, Prosody synthesis engines, environments, emotion
with tutors analysis Pronunciation non-native recognition from
assessment tools speech voice,
conversational
speech
13 Explanation Producing Template-based Language Ensuring Automatic
Generation clear, accessible  generation, Neural text — generation models, accuracy, example
instructional generation, Retrieval-  Knowledge base adapting to generation,
explanations augmented generation  systems, Template comprehension interactive
engines level, multi- explanations,
modal conceptual
explanation analogies
14 Metacognitive Developing Metacognitive Self-explanation Measuring Adaptive
Support self-regulated prompting, Strategy tools, Strategy metacognitive metacognitive
learning modeling, Reflection training modules, growth, avoiding  scaffolding, long-
capabilities scaffolding Reflection prompts overly term
prescriptive metacognitive
guidance development
tracking
15  Collaborative Supporting peer  Group formation, Collaborative Ensuring Al-mediated
Learning learning Discussion facilitation, filtering, Discussion  equitable collaborative
Facilitation interactions Collaborative analysis tools, participation, learning,
problem-solving Group managing intelligent peer
recommenders conflicts, matching, multi-
assessing student tutoring
contributions
16  Domain-Specific Addressing Subject-specific Math tutors, Domain Cross-domain
Tutoring unique knowledge Programming tutors,  expertise transfer,
requirements of  representation, Science simulation encoding, automated domain
particular Specialized environments handling open- modeling, expert
subjects assessment, Custom ended tasks, knowledge
feedback balancing extraction
breadth and
depth
17  Accessibility and Supporting Universal design, Screen readers, Heterogeneity of  Proactive
Inclusion diverse learner ~ Assistive technology Alternative input needs, resource accessibility, Al-
needs integration, Adaptive devices, constraints, powered
interfaces Accessibility avoiding accommodations,
evaluation tools stigmatization personalized
accessibility
profiles
18  Privacy and Protecting Encryption, Access Cryptographic Balancing Homomorphic
Security sensitive control, Differential libraries, Privacy- personalization encryption for
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educational privacy, Federated preserving ML with privacy, learning,
data learning frameworks, Secure  regulatory blockchain for
multi-party compliance, data  data governance,
computation minimization privacy budgets
19  Explainability and Making Al Attention Explainable Al Deep learning Neural-symbolic
Transparency decisions visualization, toolkits, opacity, integration, causal
interpretable Counterfactual Interpretability balancing reasoning,
explanations, Rule libraries, accuracy with interactive
extraction Visualization interpretability, explanations
frameworks user
comprehension
20  Continuous Improving Online learning, Continual learning Catastrophic Lifelong learning
Learning and tutoring Active learning, frameworks, Active  forgetting, architectures,
Adaptation systems over Curriculum learning, learning libraries, distribution shift, robust continuous
time Meta-learning Few-shot learning maintaining adaptation,
tools safety during human-in-the-
adaptation loop learning
21 Real-Time Ensuring Computational TensorFlow Lite, Latency Neuromorphic
Performance responsive optimization, Edge ONNX Runtime, minimization, computing,
interactions computing, Model Edge Al resource efficient
compression frameworks, Model constraints, architectures,
quantization tools maintaining intelligent caching
accuracy
22 Multi-Modal Integrating Vision-language Multi-modal Modality Unified multi-
Learning diverse input models, Speech-text transformers, Cross-  alignment, modal
and output integration, Gesture modal learning computational architectures,
modalities recognition frameworks, Sensor ~ complexity, cross-modal
fusion systems missing transfer, modality-
modalities specific
adaptation
23 Context-Awareness  Adapting to Context modeling, Context-aware Context Ubiquitous
situational Situation recognition, computing representation, learning
factors Environmental sensing  frameworks, 0T privacy in environments,
platforms, Sensor sensing, noisy ambient
networks sensor data intelligence,
context prediction
24 Social and Supporting Emotion coaching, SEL assessment Measuring Al-supported
Emotional Learning  socio-emotional  Social skills training, tools, Social- socio-emotional SEL, emotion
development Empathy development  emotional learning outcomes, regulation
platforms, Empathy  cultural training, social
training modules variation, skills practice
avoiding environments
manipulation
25  Quality Assurance Ensuring A/B testing, User Experimentation Defining quality ~ Continuous
and Validation tutoring studies, Expert review, platforms, User metrics, long- quality
effectiveness Automated testing research tools, term impact monitoring,
and safety Quality metrics measurement, automated
frameworks ethical validation, causal
experimentation  impact assessment
26  Integration and Connecting API design, Standards LTI, xAPI, Caliper, Diverse system Plug-and-play
Interoperability with compliance, Data RESTful APIs, requirements, educational Al,
educational exchange protocols Integration versioning, universal
ecosystems middleware legacy system adapters, seamless
compatibility ecosystem
integration
27  Teacher Support Enabling Professional Learning Teacher Al teaching
and Training effective development, Usage dashboards, Teacher  acceptance, assistants,
educator use of  analytics, Co-teaching  training platforms, professional teacher-Al
Al tutors interfaces Analytics development collaboration
visualization scalability, tools, just-in-time
changing teacher  teacher support
roles
28  Cost and Scalability  Enabling Cloud computing, Cloud platforms, Computational Edge-cloud
widespread Efficient algorithms, Distributed systems,  costs, hybrid systems,
deployment Resource optimization  Optimization infrastructure efficient model
frameworks requirements, architectures,
maintenance open-source
burden ecosystems
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29

30

Ethical Al
Development

Research and
Evidence Base

Ensuring Fairness auditing, Bias  Fairness toolkits, Defining Participatory
responsible mitigation, Ethics by Bias detection fairness, design, value-
system design design frameworks, Ethical  stakeholder sensitive
and deployment Al guidelines value conflicts, development,
enforcement ethical
mechanisms governance
frameworks
Building Randomized Statistical software,  Ecological Large-scale
scientific controlled trials, Learning analytics validity, long- longitudinal
understanding Learning analytics, platforms, term impact, studies, causal
of effectiveness ~ Mixed methods Qualitative analysis  replication and inference
tools generalization methods, meta-
analysis
frameworks

3.7 Affective Computer, Emotional Intelligence.

Acknowledgment of a contribution of not only cognitive but also affective facets of learning has
precipitated inclusion of emotional intelligence in sophisticated agentic tutoring schemes [66-67]. Being
able to interpret and react to the emotional conditions of the learners can make a significant contribution
to the involvement and achievement of academic results. Multimodal signal processing is used to detect
the affective states of the learner in emotion detection. Computer vision recognizes feelings that are
displayed by a person such as confusion, frustration, engagement, boredom, and delight. The accuracy
of convolutional neural networks trained on emotion recognition datasets of large scale is reasonably
good but there are challenges in cross-cultural and unique expressiveness of individuals. Attention
patterns can be used as a complementary source of information as gaze tracking can be used to indicate
engagement or distraction. Physiological signals in a scenario where they are had by wearable sensors
provide other channels, and the heart rate variability is a marker of stress, skin conductance arousal, and
the rest are affective. Interaction pattern analysis takes a form of inferring emotional condition based on
behavioral inclination. Fast, unthought-through reactions may mean anger or nervousness, whereas long
pauses may mean he/she is thoughtful or bewildered. The evidence of emotions is indirect, through help
seeking behaviors, problem dumping, negligent mistakes and other behavioral signs. Interaction
sequences annotated with important information are then trained on to produce machine learning models
which learn relationships between patterns of behavior and affective states. Most of the various affective
states can be of interest to learning, in addition to simple categories of emotions we can also have the
constructs of engagement, flow, productive confusion and unproductive frustration. Such learning-
specific affective moods need a fine-tuned sensing and reading. A productive confusion refers to a
learner struggling with a difficult content in a manner that would probably result in learning but
unproductive frustration implies that a learner has too much to learn and needs some sort of intervention.
It is crucial to be able to differentiate between these states so that these people could be reacted to by
tutors.

Being able to respond empathetically to emotions that are noticed is the important ability of affectively-
aware tutors. In cases of frustration, the tutor may give hope to the learners and also give tips, to help
them overcome challenges or can lower the difficulty to regain the confidence. Introduction of new
material that is harder or more engaging may come as a result of boredom. The issue of confusion may
provoke further clarification or presentation forms. This is because the responses are appropriate
depending on the characteristics of the individual learners whereby some need emotional support but
others simple interaction of a task nature. The approach to motivational intervention deals with the issue
of declining motivation or involvement. Such aspects of gamification as points, badges, and progress
visualization can motivate a certain number of learners. Goal-setting capabilities contribute to self
regulation and give direction. Perceived value may be increased by relevance explanations between
learning content and real world application where the learning content relates to the worlds of the
individual or his or her interests. The social motivation is exploited using social features that allow
coworkers to collaborate or engage in healthy competition. These strategies are the ones the tutor
chooses depending on the motivation profiles of them. The role of metacognitive support is to assist the
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learners to become aware and in control of the information that they pick up in the learning process,
both cognitively and emotionally. The tutor could also consider thinking about the effectiveness of the
strategy, planning ahead of problem-solving, or monitoring the level of understanding. Development of
metacognition facilitates the long term learning ability as opposed to learning the content at hand. The
features of stress and anxiety management are used to help the learners who are involved in various
negative emotions that are counterproductive. Things that may be done entail the use of breathing
exercises, changing the challenges into growth opportunities, trying to divide the impossible tasks into
manageable segments or just offering encouragement. Constant anxiety may prompt the suggestion of
more support sources that may be outside the bounds of the Al tutor. Relationship building provides
good affective relationships between the learner and tutor. Individualization that goes beyond academics
to meet the interest of the learner, an example of personality, and preferences also adds to the
relationship quality. The tutoring relationship is promoted by the use of proper humor, motivation, and
congratulations on achievements. Although Al tutors cannot provide the emotional association that
humans have, they can generate beneficial affective experiences that can help learners.

3.8 Multi-Agent Tutoring Ecosystems

Multi-agent tutoring ecosystems combine various actors and interventions to improve the processes of
student learning and teacher instruction [68-69]. The necessity behind the provision of end-to-end
educational support has spurred the creation of multi-agent models of tutoring in which specialized
agents can liaise in the management of end-to-end educational support. This design method has the
benefit of being flexible, modular, and even sophisticated in the area of tutoring. Domain expert agents
are knowledgeable about content and make decisions that deal with content. These agents define the
conceptual links, discover the existence of prerequisite structures, ensure that the responses of the
learners are correct, generate domain relevant explanations and develop learning resources.
Specialization provides the ability to get rich knowledge on specific topics and coordinate on a system
wide level. Pedagogical agents make concentration on the teaching practices, teaching sequence, and
learning science. These agents determine when direct instruction should be applied or discovery
learning; when scaffolding needs to be applied or independent problem-solving, they determine the
sequence of topics, which pedagogies are appropriate to different learners. This segregation of domain
knowledge and pedagogical knowledge reflects human agencies in education in which there are content-
based professionals and pedagogical professionals who bring different complementary skills. Learner
modeling agents store and derive information of individual learner knowledge, achievements, tastes and
moods and learning patterns. The agents combine the information they have on the performance,
interactions, self reports, and other sources of information to come out with the complete profile of the
learners that can guide personalization choices of other agents. Learner modeling which is centralized
makes the system uniform.

The motivational agents are very specific to engagement, goal setting and affective support. Such agents
track motivation and emotion metrics, implement motivational strategies, coordinate reward mechanism
and gamification aspects, and offer motivation. The motivational aspects provide the opportunity to
reason in a very elaborate way concerning the complex motivation dynamics. The role of the assessment
agents is to develop and give assessments, grading the responses, interpreting the trends of performance
and to provide formative feedback. These agents decide which items to include in the assessment tests
to achieve the greatest amount of information, modify testing depending on the answers, and provide
diagnostic results. The distinction of assessment and instruction will allow independent evaluation
coordinated with the rest of the agents. The interface agents deal with human intercourse, showing the
work of other agents in presentable formats and interpreting the input of humans into form that other
agents can handle. This is done by these agents that deal with multi-modal presentation, accessibility
accommodations, and interface personalization. Platform-dependent interface agents allow using
systems on both devices and systems.

Inclusion of coordination mechanisms will allow workers to cooperate and not work against each other.
Blackboard architecture enables knowledge spaces to be shared between the agents that post information
and view the contributions of others. Hierarchical coordination delegates the authority of decision
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making with high level agents who stipulate the goals to be regulated by the lower level agents. It is
through negotiation protocols that agents settle conflicts as well as come to an agreement. Market-based
systems distribute the scarce resources such as learner attention among conflicting agent agenda. The
communication protocols specify the way in which the agents communicate and request.
Interoperability is possible due to standardized agent communication languages. The message passing
systems deal with the asynchronous communication. Publish-subscribe designs enable agents to be
notified as to the occurrence of events of interest without being closely coupled. The complexity of
communication infrastructure also has a significant impact on the performance of the multi-agent
systems. Niche agents to specific groups of learners make it more inclusive. The learners with
disabilities gain accommodation given by accessibility agents, which adjust the content presentation,
interaction modalities and the pacing. There are language learning agents that attend to multilingual
learners. In case of gifted learners, this is done by gifted education agents, who give proper challenge
and enrichment to the learners. This specialty allows one to have profound knowledge of contributing
to various needs. The meta-reasoning agents observe the performance of the whole system and provide
high-level changes. These agents monitor the occurrence of failure in coordination, unsatisfactory
progress of learners or inefficient system performance. They are able to readjust agent collaboration
patterns, adjust agent parameters or to escalate agent problems that need human intervention. This
reflective thinking is robust and improving of the system.

3.9 Domains and Areas of implementation and application.

The application of agentic Al tutoring systems has been made in a variety of educational areas/
Situations, and there are specific challenges and opportunities associated with each. Knowledge of
domain-specific implementations gives an understanding of the breadth as well as the drawbacks of the
existing methods. The best most mature area of intelligent tutoring application is mathematics
education. This is especially brought about by the well-defined structure of knowledge, clear learning
sequence and objective evaluation criteria that makes the subject appropriate in Al tutoring. The
approaches, which are adopted by rule-based cognitive tutors and neural adaptive systems, are used in
systems that teach arithmetic, algebra, geometry, calculus, and advanced mathematics. Automatic
problem generation will allow infamous practice of varied problems. Formative feedback is offered in
a form of a step-by-step solution checking. Scaffolded problem-solving Aids the learning of worked
example presentation. Visualization of concepts by dynamic geometry or graphing tools helps to gain
better concepts. Although these achievements have been attained, it is not easy to support conceptual
cognition and creativity of problem solving in comparison to procedural skills development.

There has been a lot of development in Al tutoring in computer programming education. Such systems
are used to enable the learners to master programming languages, debugging capabilities, understanding
algorithms and be able to design software. Program synthesis allows the automatic generation of
program exercises. There is the automated student code feedback through static and dynamic program
analysis. Smart debugging support assists the learners to detect and correct errors. Generating code
explanation assists the learners to comprehend unknown code. This is due to the openness nature of
programming which makes it difficult to have a single correct solution to most problems and
determining the quality of the code other than correctness is a delicate issue to measure. The adaptive
tutoring has been integrated in science education that covers physics, chemistry, biology and earth
science. These systems introduce concepts in science, enable inquiry-based learning, virtual laboratory
learning, and development of science reasoning. For instance, simulation allows trial that is beyond the
scope of a physical laboratory because of safety, cost, and time. Scientific inquiry processes are based
on hypothesis testing frameworks. Model based reasoning facilitates knowledge of science. Scientific
knowledge, however, demands a level of conceptual richness to understand, and physical application of
a system poses a constraint to the entire instructional system being entirely Al-driven.

Through Al tutoring, language learning will utilize Al technology in the learning of vocabulary,
grammar, pronunciation, and learning to converse. Pronunciation feedback is possible through the use
of speech recognition. The written language assessment is supported by Natural language processing.
Dialogue systems offer the conversational practice. Algorithms of spaced repetition are optimal in
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vocabulary learning. The use of cultural context improves the use of real language. The social and
cultural aspects of the language pose difficulties to the Al tutors who were not culturally embodied.
Adaptive tutoring is used in reading comprehension and literacy development to assist struggling
readers and help them to improve advanced reading abilities. Difficulty of text evaluation which is
automatically realized helps in the appropriate text which is selected. Generation of checks
comprehension. The vocabulary is supplemented by giving in-context meaning and expansion. Teaching
reading strategy facilitates metacognition. Reading motivation is maintained by personalized
recommendations of books. Nevertheless, rich literary exegesis and interpretation is what modern
systems cannot easily handle. Adaptive tutoring is used in professional and vocational training to skill
development in such occupations as healthcare, business, technical trades, and other professional
occupations. The high-stakes skills are offered a safe environment of exercise through simulation-based
training. Learning in form of scenarios depicts real professional issues. Just-in-time learning provides
relevant information on need basis. Skill competency assessment is important in that the skills are
mastered and applied in the real world. The artificial intelligence tutoring cannot go very far with the
complexity and context-sensitivity of professional expertise.

Learning disability support and special education is a very sensitive area of application. Systems offer
dyslexic, dyscalculic, ADHD, atypical neurodevelopmental and atypical developmental, and other
learner support systems by downloading. The tutoring functions have been combined with assistive
technologies. Extremely individualized pacing and presentation support the diversity. The need to go
through multi-sensory learning techniques deals with the various processing styles. Yet, learning
differences are heterogeneous and human connection in special education is vital, which poses a serious
problem to Al-only solutions. This is used in gifted and talented education through adaptive tutoring to
offer proper challenge and enrichment. The systems provide fast tracking to the quick learners,
complexity and breadth of content discovery, open-ended creative activities, and cross-disciplinary
associations. There are constraints on the applicability of strictly Al-based solutions to problem-solving
because creative work is challenging to evaluate and mentorship is critical to the development of talent.

3.10 Evaluation Our approaches and the Learning outcomes.

Strict testing of agentic Al tutoring systems entails the need to employ advanced methodologies in
which the short-term and extended educational results are evaluated. Various methods of evaluation
have been created to cover various areas of effective systems. Randomized controlled trials are the most
ideal way of determining causal effects on learning outcomes. Students are at random designated to Al
tutoring in comparison of control conditions like conventional instruction, human tutoring, or the
alternative education technology. Learning gains are measured using pre- and post-test, and statistical
analysis is done to establish whether the difference is significant and meaningful. RCTs are created well
and lead to strong causation by controlling the confounding variable. Nevertheless, RCTs are resource-
intensive, can be limited in terms of external validity, and cannot necessarily be able to measure long-
term or minor effects. Quasi-experimental designs offer substitutes in instances where it is not possible
to randomize. Other methods such as matched comparison groups, difference-in-differences analysis,
regression discontinuity, and others cannot claim to be able to estimate causation without random
assignment. These methods are more viable in real educational contexts yet they put more arguably
sound assumptions and less causal evidence as compared to RCTs.

Learning analytics are based upon intensive data streams of tutoring communications in measuring
system efficacy. Performance trajectory analysis is used to study the way in which knowledge of learners
is developed as time goes by. The interaction data such as time spent on task, the presence of problem
solving, patterns of help seeking and persistence give an insight on the learner experience. Learning
gains are compared to time or effort to be spent, which results in learning efficiency measures. Analysis
of the error patterns provides an understanding of the issues that are normally faced by the system and
evaluates the ability of the system to manage them. Process mining brings forth learning routes of
contents and determines the optimal ones compared with suboptimal ones. Direct evidence of the
learning achievements is easy in pre- post testing using knowledge assessment undertaken before and
after tutoring experience. Nevertheless, this method cannot conclusively speak in favor of the gains to
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the tutoring system over other variables such as maturation, concurrent instructional or familiarity with
tests. The inference is enhanced through the use of comparison groups. Transfer testing determines
whether the knowledge one learns by Al tutors is transferred to new contexts. Near transfer refers to the
application of the learnt concepts to the related problems within the same field. Far transfer involves
transfer of learning to very different situations or issues. The use of education should result in
transferable knowledge not in performance in training activities. Retention testing is used to determine
the ability of learning to be retained. Assessment measures such as follow-up assessment weeks or
months after the tutoring activities can show whether the knowledge acquired is durable or it can be lost
fast. Long lasting learning gives more substantiation of significant insight than temporary study
proficiencies. The state of metacognitive skills is assessed to determine the presence or absence of self-
regulated learning abilities resulting with the help of Al tutoring. Some of the measures are learning
strategy inventories, metacognitive awareness protocols, as well as activities of transforming the
planning and monitoring skills to new learning situations. When tutoring involves causing dependence
instead of providing independent learning ability then the long term benefits will be doubtful. The
measurements of the effect on motivation, self-efficacy, interest, and attitude towards learning pertain
to affective outcome assessment. These outcomes are captured through surveys, interviews and through
observation. Long-term education patterns may be shaped by positive affective outcomes in spite of
simultaneous minor learning benefits. Educational equity analysis examines the question of Al tutoring
as being equally useful to all groups of learners. Subgroup analysis programs results in demographic
groups, the previous level of achievement, and other pertinent factors. The diagnosis of the differential
effectiveness allows improvement to be directed to those in need.

Cost-effectiveness analysis is also able to compare the results of the learning against the cost of
implementation, thus making decisions based on rational allocation of resources. Using cost per learning
gain and cost per learning skill mastery allows comparison of the educational intervention across the
interventions. Nevertheless, it is not easy to calculate all the pertinent costs and outputs, and financial
proficiency is not the sole aspect. The qualitative analysis, which is based on interviews, focus groups,
classroom observations, and case studies, offers the HLP with the richness of the contextual insights
into the use and impacts of tutors. Such approaches shed light on processes that contribute to quantitative
outcomes, determine the barriers to implementation, and present the unexpected consequences.
Quantitative plus qualitative triangulation will result in complete assessment. Outcome tracking is a
long-term monitoring of learners, which focuses on effects on course completion, grade levels,
graduation, career attainment, and future learning as a lifelong engagement. These final results are the
most significant yet hard to ascertain to particular educational interventions.

3.11 Challenges and Limitations

Nevertheless, agentic Al tutoring systems are experiencing vast challenges and limitations that limit the
present efficacy and potential of the application in the future. Knowledge of these challenges would
inform priorities and setting of expectations in research. Transparency and explainability in algorithms
are yet to be achieved, especially with the deep learning systems. Black-box models cause decisions in
tutoring the rationale of which is not understood even by the system developers. Such an opaqueness
causes several issues. Educators are unable to confirm Al pedagogical choices and learn as to why the
systems prescribe certain measures. Students are not able to make out tutoring rationale and this may
compromise credibility. When the developers are not able to trace the decisions to particular model
parts, debugging and improving become problematic. It is one thing that makes it difficult to have
regulatory compliance when it is not possible to explain the decision processes. Explainable Al
technologies have advanced, but interpretable, but nonetheless, powerful tutoring Al remains a dream.
There are very high data requirements in training advanced agentic tutors. The models of deep learning
need big datasets of interaction between learners, preferably with a label on learning outcomes. It is
hard to gather enough data especially when dealing with less prevalent educational settings or with
specific population. Cold start issues are described as those start problems when there is historical data
missing, either in new learners or areas of content. Some of the concerns can be mitigated by privacy-
sensitive data mining methods such as federated learning or differential privacy but can undermine the
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performance of the models. Extending the results based on generalization between contexts and
population remains a problem.

Correlation Between Personalization Dimensions and Learning Outcomes
in Agentic Al Tutoring Systems (n=500 students)
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Fig 3: Personalization Dimensions and Learning Outcome Correlation

Fig. 3 visualizes the correlation between different personalization dimensions and learning outcomes in
agentic Al tutoring systems. The color intensity represents Pearson correlation coefficients (r-values).
Strong positive correlations (darker blue) are observed between pedagogical strategy personalization
and deep understanding (r=0.78), and between difficulty adaptation and skill mastery (r=0.82).
Scaffolding shows strong correlation with problem-solving ability (r=0.75). Content personalization
shows moderate correlation with engagement (r=0.58). This analysis identifies which personalization
dimensions most impact specific learning outcomes, informing system design priorities.

Training models on a population of learners may not transfer to other demographically different learners.
The systems, which are created in one domain, cannot be generalized in other subjects. Most systems
are being developed with limited cultural contexts despite the fact that cultural contexts make substantial
contribution to effective pedagogy. There is still no building towards general tutoring intelligence as
opposed to domain and population-specific systems. The problems of bias and impartiality exude
through Al tutoring systems. Historical educational inequalities can be transferred over to training data,
and systems will reproduce discriminatory trends. The bias learner modeling, selection of materials
and/or the generation of feedback may have a systematic pattern of identifying disadvantages in specific
groups of people in algorithmic decisions. Inequality in performance between the populations could be
increased in case systems are designed so as to favor ordinary learners. The use of active auditing,
different training information, bias reduction methods, and continuous monitoring is necessary to
achieve fairness, but the definition of fairness and its measurement has never been agreed upon. The
issue of privacy and the safety of data is exacerbated by the fact that tutoring systems gather data on a
granular level regarding the data on behavior, the performance of learners, their traits, and, what is more,
the personal data that may be sensitive. It is possible that sensitive educational data would be stolen.
Issues of surveillance are also raised when the systems are eager to monitor the activities of the learners.
There is a threat of re-identification of anonymized data. There is a trade-off between privacy protection
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and data collection to be personalized and this concerns how it is designed and governed. Autonomy
and agency also would raise ethical issues in cases where Al systems decide educational matters that
impact the opportunities of the learners. Who is to dictate the paths of learning, the learners, Al systems,
teachers, parents or institutions? To what extent is systems learner autonomy permissible / not
permissible? What are the system developers responsible towards the educational outcomes? These
questions are not clear cut and there is a possibility of answers to these questions depending on
circumstances.

Systems are limited by pedagogical features. The majority are proficient in well-organized procedural
abilities yet poorly in ill-organized areas, creative thoughts, metacognition development and socio-
emotional education. It is a difficult challenge to support deep conceptual understanding as opposed to
surface performance. Complex competencies such as critical thinking are not algorithmically
operationalizable as well as open-ended learning objectives. The Socratic model of inquiry that
ultimately causes the learner to arrive at an insight is best said than done. Difficulties with measurement
of numerous significant learning outcomes in an algorithmic fashion are among the assessment
problems. Complex competencies such as creativity, ethical thinking and aesthetic judgment, teamwork
and others are difficult to measure automatically. The optimization of systems towards easily
measurable results could focus on the learning goals that may not be measurable and that can be
significantly important. The danger of instruction to high-stakes testing, the reduction of educational
interest to areas testable by the system, should be considered. Poor resource deployment in under-
resource environments is restricted by infrastructure requirements. Quality Al tutoring needs to have
good internet connectivity, sufficient computing equipment, and technical assistance- What lack in most
countries of the world in education. Digital divide may threaten to reduce the educational Al be a
privilege of the rich, which can result in the worsening of educational inequality.

Practically this can be a problem in integration with existing education ecosystems. Standardized
curricula that are used in standard instruction might be incompatible with personalized adaptive
learning. Adaptive system learning may not be reflected in standardized test regimes. The training of Al
tutoring integration is not as much in teacher preparation programs. There is institutional stalling to
pedagogical innovation. These macro level obstacles need a concerted effort, not necessarily on a
technical level, alone. The concerns that the teachers have about Al and the professional identity of the
latter emerge when the Al is presented as an element that offers tutoring services that are usually offered
by human teachers. Resistance is because of the perception of Al to be a job-threatening and not a
professional tool. The teachers might not be trained to take advantage of Al tutors. The questions of the
proper collaboration between Al and humans in education should be thought over. Helping not replacing
teachers is a design imperative that is not necessarily met. Some of the risks involved in over-reliance
are that the learners would be unable to learn on their own and instead learn to rely on Al assistance.
Scaffolding systems that are too much may inhibit constructive struggle that leads to intensive learning.
Having the Al tutoring available all the time may decrease healthy human interaction. Finding the right
balance between support and challenge and in this case, automation and human contact is a sensitive
design. The problem of content accuracy and hallucinating systems in particular is common in a case of
large language model usage on content generation and explanation. These models have the capability
of giving false information that could be educating wrong ideas. This risk is mitigated, but not
completely prevented by fact-checking mechanisms and grounding on checked bases of knowledge.
The fact that the implication of conveying the wrong information is more critical than with other
applications of the LLM. Scale conditions may also be a problem in terms of transitioning research
prototypes to large-scale implementations. The systems that are effective with hundreds of users might
crash on millions of people. The computational overhead of an advanced Al tutoring could be
prohibitive on a larger scale. A close attention is needed to ensure the quality of data and performance
in the system when the number of its users increases.

3.12 Ethics and responsible Al

Application of agentic Al in education involves far-reaching ethical issues which need to be keenly
considered by developers, educators, policy-makers, and researchers. Sustainable development and
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implementation require a preemptive interest in all these moral aspects. The issue of informed consent
can be complicated where Al tutors acquire much information about students especially children who
might not have complete knowledge on implications. To attain actual informed consent, there must be
an even understanding of information regarding information being collected, used and stored in a
language comprehensible to the users. In the case of minor learners, consent with their parents is
normally needed, as parents are also not always knowledgeable about Al systems implications.
Continuous permission with changing system and a new use of data is a point to be considered. The
question of ownership of data and control in relation to the field of education is what happens to
educational data produced in an Al tutoring? Who owns it? Interaction data may belong to platforms
yet learners are arguably in possession of data on their own learning. The queries regarding the data
portability and the rights to delete and decide how the data will be utilized in the research or to enhance
the system have no general answers. Balanced structures are necessary in order to ensure the rights of
learners as well as make the system improve. The algorithmic accountability requires systems to explain
the outcomes of Al tutoring systems and their creators. In situations where systems make pedagogic
decisions which influence learner opportunities, accountability systems ought to be to such a point that
harmful decisions can be spotted, scrutinized, and rectified. This will need openness of what the system
can and cannot do, systems of appealing automated decisions, and responsible allocation of
accountability.

The concept of equity and access acknowledges that Al tutoring would either eliminate or increase
inequality in education. Infrastructure barriers, affordability restrictions and digital literacy gaps are
necessary as they must be covered to assure the universal access. The design of the systems must be
made to serve different populations, rather than simply those that represented the training data well. The
active work aimed at the detection and consideration of the unequal effects on various population groups
should be done. Cultural sensitivity and contextualization appreciates that only when pedagogy is within
a cultural context can it succeed. Tutors developed using Al in a given culture might bring assumptions
that do not fit in another. Cultural sensitivity is also achieved by representation in development teams,
cultural adaptation of content and pedagogical strategies and acknowledgment of different epistemic
traditions. Nevertheless, extensive cultural knowledge is difficult to achieve when using the existing Al.
Preservation of autonomy and agency will be used to make sure that Al tutoring will increase, and not
limit learner autonomy. Learners should also be empowered by systems to make relevant decisions
about their learning and not totally algorithmic decision making concerning the learning paths. In favor
of being nurturing development of self-regulated learning skills renders Al as a transient aid to
autonomy and not autonomous development. Honesty on Al abilities and shortcomings assists users in
coming up with fair expectations. Exaggeration of system capabilities generates disappointment and
incorrect trust, whereas understatements of capabilities prevent good utilization. It is possible to make
informed decisions regarding the use of Al tutors only with clear communication on what they can and
can not do. It is important to avoid anthropomorphizing users that may tend to develop human-like
familiarity with systems that do not possess the ability to perform so. This is the human control and
intervention process in which Al tutoring is working to achieve high-stakes decisions in educational
processes and is not completely autonomous. Education decision making should always remain the
prerogative of teachers, and Al tutoring should be regarded as a decision facilitation and not a decision-
making tool. The circumstances that need human judgment should be signaled by systems and assisted
teacher supervising, as opposed to hidden robotic ones. Reduction of harm takes into account that there
will be a negative effect that needs to be proactively addressed. These may be violations of privacy,
psychological damage due to the inappropriate feedback or the social comparison, edification damage
because of the bad quality teaching, and social damage because of the decreasing human interaction.
Risk evaluation in the development and deployment monitoring contribute to mitigation of harms and
detection of them.

The concept of beneficence requires Al tutoring systems to positively encourage interviewees, rather
than simply prevent them from becoming lost. This moral good acting posits that there should be
systems that facilitate the whole-self development such as cognitive development, social development,
emotional development, and ethical development. Beneficence is broken by narrowing optimization of
test scores to the larger educational value. The considerations of justice look at whether Al tutoring

62



International Journal of Applied Resilience and Sustainability, Volume 2, Issue 2, February 2026, pp. 40-74

encourages equitable allocation of the chances and yield of education. It should not favor those who are
already well off and discriminate against the marginalized groups in a systematic way. Distribution of
the benefits and burdens in the society are given attention to ensure just development and deployment.
The contribution of Al tutoring to the environment is worth thinking over because a significant amount
of energy is used to train and execute large models. The impact of Al systems on carbon footprint should
be counterbalanced by education gain. The idea of energy-efficient architectures, carbon-conscious
computing, and friendly infrastructure makes a contribution towards environmental responsibility. The
management of the emotional labor and manipulation issues occur when Al tutors use affective
computing and motivation methodology. Emotional manipulation though to good ends has ethics
attached to it. Clear application of motivational strategies, the emotional autonomy of the learners and
the absence of exploitative emotional interaction identify the responsible practice.

3.13 Policy and Regulatory Frameworks

The political regulation and regulation of Al in education have been changing around the world and
various ways of approaching the matter are being developed in different jurisdiction. Good governance
balancing acts create an open, effective governance that encompasses innovation as a protection of
rights and safety of the greater good. Educational Al development and implementation are limited by
data protection laws such as the GDPR in Europe, COPPA in the US and other national privacy
legislations. Such measures stipulate data collection, processing, and storage as well as data deletion.
The Al in education should follow the requirements of the age-supported consent, the rules of
minimization of data, the limitations of their use, and the rights of access and erasure. The international
character of most educational sites makes it difficult to meet the compliance requirements in many
jurisdictions with diverse ones. Most jurisdiction educational technology procurement policies have
outlined requirements of systems being purchased in schools. These could be accessibility intentions,
interoperability, privacy, evidence criteria of effectiveness claims, and equity. The educational Al can
be pushed toward socially desirable courses of action by conventions on procurement, which would
require responsible practices in order to be adopted on an institutional level. In certain jurisdictions,
there is the emergence of algorithmic transparency requirements which require such disclosures. These
may need to clarify the methods that Al systems use when making educational decisions, reveal data
with which they will make their decisions, and human involvement in the review of some automated
decisions. The only way transparency requirements can enhance accountability is that they might in
conflict with intellectual property protection and transparency might prove hard to achieve when it
comes to complex deep learning systems. Educational Al standards and certification are being
established, which offer systems based on which to assess quality, safety, and effectiveness.
Organizations are developing data privacy standards, algorithmic fairness standards, and accessibility
standards, pedagogical soundness standards, and technical robustness standards. Institutional adoption
may be directed by certification against these standards and motivated to be responsible in development.
Standards however, are either too prescriptive and thus inhibit innovation or too lax, they do not
guarantee quality. Regulations such as ADA in the United States, and other laws in other countries of
the globe, means that educational technology must be made accessible to disabled learners. This requires
such features as screen reader, keyboards, captioning, and alternate text. The issue of accessibility will
help to facilitate inclusion but may not be fully achievable with complex Al systems with complex
interfaces.

Governmental, professional, and international organizations have ethics guidelines on Al that give tips
on how Al can be responsibly developed. These are usually based on fairness, transparency,
accountability, privacy and human-centrism. Although not technically obligatory, the rules of ethics
have an impact on practice and can predict future regulation. The thing is that it is difficult to apply
abstract principles to practice. The ethics governing research in Al tutoring should ensure the safety of
research participants and also allow positive research. Research protocols are evaluated by institutional
review boards and their members might not be familiar with the risks of Al. The proper calibration is
necessary in establishing proper ethical role of Al research in education without overindulging
bureaucracy which stifles useful research. Intellectual property issues comprise copyright in learning
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materials, patent application on Al methods and trade secret on training information or algorithm.
Excessive IP protection may restrict good innovation and interoperability whereas lack of protection
may lower development motivation. It is difficult to strike a balance between these considerations,
especially when it comes to jurisdictions with the difference in IP regimes. The Al tutoring harms have
not yet been properly developed in terms of liability. In the case of Al tutoring that offers quality as
false, makes pedagogically unsound judgments, or otherwise harms the education what is the point of
responsibility: the developers, or those deploying it, or the teachers? Other frameworks such as product
liability, professional liability among others might be relevant, but not necessarily developed to handle
educational Al. Well defined liability frameworks can enhance accountability and risk management.
Innovation trajectories are influenced by policies by the government on the funding of educational Al
research and development. The choice of the research questions to be investigated, as well as
technologies to be developed, are decided by the priorities in funding. Socially beneficial innovations
may receive public funding which may not be chosen by a purely market-driven development but also
runs the risk of choosing the winners too early or choosing development strategies that are not
immediately effective.

3.14 Future Projections, Future trends.

The agentic Al area of education is developing at a very quick pace, with a great number of new
tendencies and future outlooks which will define the following stage of education Al. Special purpose
models (foundation models) in education are a new development. Instead of general-purpose language
models or vision models being adapted to education use, specifically trained foundation models on
educational data may achieve better on educational tasks. These models may include pedagogical
knowledge, concept of learning sciences and educational content and linguistic and factual knowledge.
A pre-training on a variety of education interactions may facilitate few-shot learning to new domains
and groups of people. Brain-inspired computing and neuromorphic computing have the potential to
make education Al more effective and efficient. Neuromorphic modeling such as spiking neural
networks could be a better model of human learning, and with fewer computational needs. With the
development of knowledge in neuroscience of learning, it may enhance the performance of tutoring by
embedding the knowledge in Al architectures. Quantum machine learning is highly theoretical and will
potentially allow computationally abilities beyond classical methods. In the educational Al field,
quantum algorithms may be employed to optimize very complicated tutoring policies, simulate learning
processes at new scales, or in new directions of knowledge tracing. Nevertheless, the use of quantum
advantage in education practices is still far away. Physical presence and interactive social possibilities
are the embodied and social robotics in the education market in contrast to the screen-based tutoring.
Gesture, gaze, placement of space and physical manipulation are all pedagogical tools that can be
utilized by robot tutors. Some learners may be motivated and engaged by social presence. Nevertheless,
it is not widely deployed due to the existing expenses and complexity. Spatial computing that is
integrated with mixed reality between the virtual and physical environment makes possible new
education experiences. Al tutors which are used to in the augmented or virtual reality environment have
the ability to build immersive learning environments, teach in 3D, allow types of experiential learning
which would be impossible in real space, and contextual guidance which is projected on real spaces. It
will be decided by lowering the cost and enhancing the accessibility of the mixed reality technology.

When interpreted as a lifelong learning companion that fosters learning throughout life along with
learning and growth across educational transitions, this is a vision. In lieu of discrete tutoring systems
specific to courses or subjects, long-term learner models, learning goal evolution, domain-connecting
need not support across educational and career transitions, and those have sustained learning
companions, persistent may allow persistence across learning and career transitions. This vision will
have to be made possible by addressing the privacy and data portability issues. Mutually beneficial
teaching exists in collaboration human-Al teaching teams in which Al tutors and human teachers
collaborate through the use of each other’s strengths. The former will give scalability, consistency, data
analysis, tireless affinity, whereas the latter will give a dose of creativity, ethical judgment, emotional
intelligence and flexibility. Further studies on how to divide labor and organize efforts of human and Al
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teachers should be seen as a crucial area of work in the future. Another direction is peer learning
facilitation in which AI agents coordinate collaborative learning carried out by human learners, as
opposed to tutoring human learners. The Al may create learning communities, give group tasks,
moderate, help to solve conflicts, and make participation equal. The strategy is taking advantage of the
opportunities offered by social learning and applying Al organizational potential. Technical challenge
and opportunity An important technical challenge and opportunity is represented by self-improving
tutoring systems that improve their own abilities by persistently learning feedback about their
interactions with tutors. As opposed to other ineffective strategies, such systems would detect, find
better ways, and combine new knowledge among themselves without developers having to do this
manually. Nonetheless, in order to make sure that such self-improvement does not become a detrimental
deviation, educational values must be carefully designed.

A different way to transform the quality of curriculum and teacher growth is curriculum co-designing
in which Al systems partner with educators to construct curriculum and not as a source of pre-developed
content. Al may propose series of content, determine gaps, correct learner performance attention, and
create new learning material. This makes Al an imaginative partner and not a route of delivery only.
Multimodaress interaction through speech, gesture, gaze, sketching, manipulation and traditional forms
of input could make the tutor-learner interaction more natural and expressive. Instead of a limited input
in terms of keyboard and mouse, learners could engage in presenting knowledge in a variety of
modalities and tutors could use multiple channels of exchange. This involves the multimodal AI but can
greatly improve learning interaction. Integration of emotional support and mental health screening
acknowledges the fact that learning and wellbeing are two factors that are intertwined. Al tutors that
identify the indicators of anxiety, depression, and other mental health issues may respond in a supportive
way and suggest professional help sources. But this also brings up a huge ethical and competency issue
because Al systems cannot qualify as mental health providers and their improper use might be harmful.
Making self-regulated learning abilities which are explicitly addressed through the use of metacognition
scaffold is a major priority. The system is not supposed to bring about dependence but, should help
learners become independent free learners. It means that tutors need to demonstrate metacognitive
processes, offer scaffolding that will be eliminated as the learner will be able to do it, and assess
metacognitive development as one of the essential outcomes. Open-ended learning and creativity is not
an easy task. Leaving the areas of the problem with obvious answers and encouraging creative
expression, artistic growth, design thinking, and divergent problem-solving would become the most
important area of application of Al tutoring. This needs to make creative work as well as creative
processes and prevent limitations that discourage the novelty. Globalization of personalization taking
into account cultural context, language, local requirements, and standards in the curriculum in specific
areas would result in educational Al serving global communities. This involves having mixed up
development teams, training data that is culturally situated and architectures that allow cultural
adaptation. The existing presence of educational Al development in narrow geographic spots poses
threats of cultural imperialism. Sustainability and efficiency will gain an improved emphasis as the
effects of Al on the environment are identified. The development practices should incorporate energy
efficient architectures, carbon conscious training and deployment, model compression methods and life
cycle eco footprint. Environmental costs have to be compensated by educational advantages.

3.15 Learning Management systems and learning ecosystems integration.

The implementation of agentic Al tutoring is not possible without integration with the current
educational technology infrastructure and processes of the institutions. This integration is both
organizationally and technically challenging. The integration of the learning management system allows
the tutors currently operating Al to obtain the course materials, assignment schedules, grade books, and
class rosters. Personalization is facilitated in this situation through the contextual information which is
congruent to both course requirement and instructor expectations. Technical integration is possible
through interoperability standards such as LTI, though the development of Al and aligning it to
pedagogy must occur through coordination between the instructional designers and the Al developers.
The information system connectivity of the students avails the Al tutors of the related learner
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backgrounds details, previous educational records and the educational plans. This allows
personalization with better-founded decisions but leads to the problem with privacy that needs to be
carefully managed. Policies frameworks are needed to determine what information Al tutors need to
access and how sensitive information can be secured. Integration of assessment systems can make Al
tutors participate in the official assessment conducted by students formative and summative assessment.
This needs to match Al-created evaluation with institutional benchmarks, grading plans, and learning
goals. It is difficult to achieve fairness and validity of the Al assessment, and traditional assessment.
The integration of institutional reporting and analytics can help educational facilities to track the use of
Al tutoring, its effectiveness, and its effects on student groups. The collected data in aggregate form can
inform the institutional decision regarding the allocation of resources, curriculum design, and support
of students. Nevertheless, one should take precaution and analytics must not be misused to engage in
unsuitable surveillance or take high-stakes decisions without proper validation. The integration of
libraries and resources relates to the role of Al tutors with institutional education resources such as
digital libraries, databases, multimedia collection, and gained materials. This enhances content that can
be learned individually and also guarantees quality control of the institutions. There is a need to handle
the intellectual property rights and the licensing of Al-accessed resources. Integration into accessibility
tools is necessary to ensure the smooth integration of Al tutors with the screen readers, other input
devices, captioning, and other assistive technology. This needs compliance in regard to standards of
accessibility and testing with a variety of assistive technology users. According to universal design
principles, it is proposed that accessibility be incorporated into central design as opposed to endurance.

Table 2: Application Domains and Implementation Considerations

Sr.  Domain/Context  Specific Implementation Key Success Primary Barriers Impact on
No. Applications Approaches Factors Learning
Outcomes
1 K-12 Mathematics ~ Arithmetic, Cognitive tutors, Clear learning Teacher training, Improved
Algebra, Adaptive practice progressions, curriculum procedural
Geometry, systems, Visual immediate alignment, student  fluency, enhanced
Problem-solving learning feedback, engagement problem-solving,
environments procedural and reduced math
conceptual anxiety
integration
2 Higher Education  Calculus, Physics,  Intelligent Scalability, research  Integration with Enhanced
STEM Chemistry, homework systems, integration, existing courses, conceptual
Engineering Virtual laboratories,  flexibility in faculty buy-in, understanding,
courses Concept tutors problem types maintaining rigor ~ improved
retention,
preparation for
advanced work
3 Computer Coding skills, Code analysis Real-time feedback, Language Faster skill
Programming Debugging, tutors, Automated handling diverse diversity, open- acquisition,
Algorithm design,  feedback, solutions, scaffolded ended nature, reduced
Software Interactive complexity assessing code frustration,
engineering programming quality improved
environments debugging skills
4 Language Vocabulary, Conversational Natural interaction, ~ Native-like Expanded
Learning Grammar, agents, Adaptive cultural context, fluency, cultural vocabulary,
Pronunciation, vocabulary systems, pronunciation nuances, improved fluency,
Conversation Speech recognition  feedback motivation increased
tutors maintenance confidence
5 Reading and Comprehension, Adaptive reading Text difficulty Literary Improved reading
Literacy Fluency, platforms, calibration, appreciation, deep  levels, enhanced
Vocabulary, Comprehension engagement, analysis, cultural comprehension,
Critical reading question systems, progress monitoring  context vocabulary growth
Vocabulary builders
6 Science Education  Physics, Simulation Experiential Laboratory skills, Deeper conceptual
Chemistry, environments, learning, safety, cost hands-on understanding,
Biology, Earth Virtual labs, reduction, experience, improved inquiry
science concepts Concept mastery accessibility equipment skills, retention of
systems familiarity concepts
7 Professional Healthcare, Scenario-based Realistic scenarios, Context Improved job
Training Business, learning, Simulation  performance complexity, high-  performance,

stakes nature,
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Technical skills, training, Just-in- assessment, transfer ~ professional faster onboarding,
Compliance time learning to practice judgment reduced errors
8 Special Education ~ Learning Highly personalized  Extreme Heterogeneity of Improved
disabilities systems, Multi- personalization, needs, specialist accessibility,
support, sensory learning, patience, alternative ~ knowledge, personalized pace,
Individualized Assistive modalities emotional support  reduced
education plans technology frustration
integration
9 Gifted Education Enrichment, Advanced content Appropriate Assessing Enhanced
Acceleration, systems, Open- challenge, creativity  creativity, engagement,
Depth and ended challenges, support, mentorship  avoiding ceiling deeper
complexity Cross-disciplinary effects, social- exploration,
connections emotional needs advanced skill
development
10 Adultand Professional Flexible scheduling, Self-direction Motivation Career
Continuing development, Microlearning, support, relevance, maintenance, prior advancement, skill
Education Career transitions,  Competency-based  time efficiency knowledge acquisition,
Lifelong learning progression variation, time adaptability to
constraints change
11 Corporate Onboarding, Skills  Personalized Business alignment, ROI Faster
Training development, learning paths, efficiency, demonstration, productivity,
Leadership Performance measurement, learner resistance,  reduced training
training support, Adaptive scalability content currency costs, improved
assessments retention
12 Medical Anatomy, Clinical  Virtual patients, Clinical accuracy, Medical Improved
Education reasoning, Diagnostic realistic cases, knowledge diagnostic
Diagnostic skills, reasoning tutors, ethical practice complexity, accuracy, clinical
Procedures Anatomy learning liability concerns,  reasoning,
systems patient safety knowledge
retention
13 Military Training  Tactical skills, Simulation-based Realism, stress Combat Enhanced tactical
Decision-making,  training, Decision adaptation, team complexity, performance,
Technical systems, support, Scenario coordination, cost- equipment decision quality,
Teamwork training efficiency integration, operational
psychological readiness
preparation
14 Music Education Theory, Real-time feedback  Performance Artistic Improved
Performance, systems, Practice feedback, expression, technical skills,
Composition, Ear ~ guidance, Theory motivation, interpretation, music theory
training tutors individualized cultural context understanding,
progression practice efficiency
15  Arts and Creative  Creative Generative tools, Creativity support, Subjectivity, Enhanced
Writing processes, Critique systems, constructive originality, artistic ~ technique,
Technique, Technique guidance  feedback, vision, cultural increased creative
Critique, inspiration context output, confidence
Inspiration building
16 Test Preparation Standardized tests, Adaptive practice, Test alignment, Teaching to test Score
Certification Weakness performance concerns, anxiety improvement,
exams, diagnosis, Strategy ~ prediction, management, strategic
Admissions tests training efficiency gaming systems approach, reduced
anxiety
17 Informal Learning  Hobbies, Personal ~ Recommendation Intrinsic motivation, Quality assurance, = Knowledge
interests, Casual systems, Tutorial discovery support, depth versus breadth, skill
exploration platforms, social connection breadth, sustained  development,
Community engagement lifelong learning
integration habits
18  Workplace On-the-job Contextual learning, Relevance, timing, Work environment  Improved job
Learning training, Just-in-time minimal disruption,  integration, time performance,
Performance support, Workflow immediate availability, faster problem-
support, integration application diverse job roles resolution,
Microlearning productivity gains
19  Remedial Learning gap Intensive Avoiding stigma, Student Knowledge gap
Education closure, Credit personalization, building confidence, discouragement, closure, credential
recovery, Basic Motivational addressing root large knowledge attainment,
skills support, causes gaps, time confidence
Accelerated constraints restoration
pathways
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20  Examand Formative Adaptive testing, Validity, reliability, Measuring Accurate
Assessment assessment, Automated scoring, efficiency, security complex skills, measurement,
Systems Summative Analytics cheating reduced testing

testing, dashboards prevention, time, actionable
Competency fairness insights
validation

21 Foreign Language  Business Domain-specific Relevance, Specialized Professional
for Specific language, Medical  content, authentic materials,  expertise, limited competence,
Purposes terminology, Professional professional context  resources, rapid career

Academic scenarios, Technical evolution opportunities,
language vocabulary disciplinary
integration

22 Environmental Climate science, Simulation models, Scientific accuracy, Complexity, Environmental
and Sustainability =~ Conservation, Data visualization, hope and agency, political literacy, systems
Education Systems thinking,  Scenario planning critical thinking sensitivity, thinking, pro-

Action behavior change environmental
competence behavior

23 Citizenship and Government Discussion Political neutrality, Political Civic knowledge,
Civic Education processes, Critical ~ facilitation, critical thinking, polarization, critical analysis,

thinking, Media Argument analysis,  diverse perspectives  controversial informed
literacy, Perspective-taking topics, cultural participation
Participation variation

24 Physical Fitness, Sports Movement analysis, Motivation, Physical activity Improved fitness,
Education and skills, Health Fitness tracking, behavior change, component, health literacy,
Health knowledge, Health coaching safety, holistic equipment needs, wellness

Wellness approach embodied behaviors
knowledge

25  Emotional Self-awareness, Interactive Authenticity, Measuring Enhanced self-
Intelligence and Relationship scenarios, privacy, non- emotional awareness,

Life Skills skills, Stress Reflection prompts,  judgmental intelligence, improved
management, Skill practice approach, personal transfer to real relationships,
Decision-making relevance life, cultural resilience
norms

26  Ethics and Moral Ethical Case-based Avoiding Moral complexity,  Ethical reasoning,

Reasoning frameworks, learning, Argument  indoctrination, cultural variation,  perspective-
Dilemma analysis, mapping, respecting measuring growth  taking, values
Value clarification, Perspective pluralism, critical clarification
Judgment exploration engagement

27  Entrepreneurship Business planning, Business Real-world Unpredictability, Entrepreneurial

Education Opportunity simulation, Mentor  connection, failure judgment mindset, business
recognition, Pitch matching, Feedback tolerance, creativity =~ assessment, skills, venture
development, on plans support network access success
Finance

28 Agricultural and Technical skills, Simulation training,  Practical skills, Equipment access,  Skill proficiency,
Vocational Equipment Augmented reality, safety, hands-on safety awareness,
Training operation, Safety, Performance contextualization, requirements, productivity

Best practices support accessibility environmental improvement
variability

29  Cultural Heritage  History, Cultural Virtual museums, Authenticity, Cultural Cultural
and Arts appreciation, Interactive engagement, sensitivity, knowledge,
Education Artistic traditions,  experiences, respect, accessibility  representation, appreciation,

Heritage Cultural narratives physical artifacts identity formation
preservation

30  Parent Education Child Coaching systems, Non-judgmental, Privacy concerns,  Improved
and Family development, Resource evidence-based, family diversity, parenting
Learning Parenting recommendation, culturally sensitive,  resource access practices, child

strategies, Family =~ Progress tracking accessible development
communication, support, family
Home learning wellbeing

The introduction of parental portal in K-12 settings allows parents to track the activities of their children
undergoing Al tutoring as well as observe their progress and communicate with them. The need to
balance between parental involvement in student learning, and their privacy and autonomy is a matter

which must be carefully designed, and especially as students grow and proper parental involvement
alterations occur. Integration of the professional development platforms will tie together teacher training
platforms and Al teaching systems which teachers will access. This may be tutorials, best practice,
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troubleshooting, and continued professional learning. Teachers need long-term professional growth to
be supported in the effective use of Al, which cannot be ensured by one-off training. The concepts of
cross-cultural and multilingual must be taken into account by a person or team carrying out the interview
process.

3.16 Cross-Cultural and Multilingual Considerations

A person or a team conducting the interview process should consider its concepts of cross-culture and
multilingual. The work of educational Al systems is becoming more global, multicultural, multilingual,
where it is necessary to pay special attention to language and culture. The ability to work in multiple
languages allows Al tutors to work in different language environments. It is possible to make cross-
linguistic access possible using machine translation, however, preserving the pedagogical value between
languages is a problem. Languages are not similar in the structure of a language, idiom, expressions,
and assumptions of different cultures embedded in the language. The teaching of a first language
sometimes is more effective than translation as opposed to translation and this implies that some
language specific tutoring systems should be developed instead of solely depending on translations.

Cultural adaptation appreciates the fact that different cultures have different pedagogies that are
effective. There is variation in communication patterns, teacher-learner relations that should be adopted,
desirable learning results, acceptable pedagogic practices, and metaphors of learning, which are cultural.
Al tutors are culturally developed and could incorporate in a different culture thing that are not fitting.
Engaging different cultural worldviews in the development, cross-cultural testing and integrating
systems with cultural agility will facilitate cultural sensitivity. Culturally responsive instruction involves
incorporating the cultural backgrounds of the learners in the learning processes making funds of
knowledge of different communities. Al tutors may include the culturally relevant examples,
acknowledge the multiple knowledge traditions and legitimize the various cultural practices.
Nevertheless, the profound cultural responsiveness implies knowing more than what the existing Al
usually has. Multilingual abilities are needed especially in language learning programs. Second
language Al tutors have to work both in the target language and native language of the learner giving
translations, explanations, and training. Non-native speech recognition, addressing the various accents
and dialects, and the use of a language that is culturally appropriate to various people are all challenging.
The support of low-resource languages is also a problem because most Al language technologies are
concentrated on high resource languages such as English language, Chinese language, and Spanish
language. Transfer learning, multilingual models, and the effective utilization of the scarce training
materials are required to develop successful Al in the learning of languages with fewer digital sources.
This has equity implication where speakers of less-resource languages can be underserved.

The artificial intelligence (Al) tutor needs to be actively monitored concerning cultural bias. Training
data can be cultural biased, algorithms can be trained to maximize other dominant cultural norms, and
content can make certain assumptions about other cultural assumptions. The problems can be reduced
by auditing cultural bias, various data collection and inclusive design processes but bias cannot be
totally removed. Training information has a role to play in determining the knowledge and views that
Al tutors promote. Data that is characterized with specific cultural attitudes might fail to describe
multicultural attitudes. More inclusive Al can be considered as the deliberate diversification of data
curation and introducing more cultural perspectives into the knowledge bases. International cooperation
in building can result in less culturally biased Al education. The issue of concentration of Al used
through education can be avoided by international development teams, resource sharing and best
practice and cross-context research. Nonetheless, inequality between power and possession of resources
may limit international cooperation.

4. Conclusions

This literature review has discussed the present condition, future prospects and emerging trends and
directions of implementing agentic artificial intelligence in the field of education, specifically in
personalized adaptive learning based on autonomous tutoring systems. The synthesis of the modern

69



International Journal of Applied Resilience and Sustainability, Volume 2, Issue 2, February 2026, pp. 40-74

research provides insight into a profession that is increasingly technologically evolving, increasingly
pedagogically advanced, and more and more practically implemented, and the numerous challenges that
need to be considered long-term. The agentic Al tutoring systems mark a major development of the
formerly existing educational technology with several different characteristics such as the autonomy of
the decision-making process, complex modeling of the learners, personalization of a multi-dimensional
nature, and adaptable pedagogical approaches. Modern systems also use the state-of-the-art machine
learning methods such as deep reinforcement learning, language models based on transformers,
knowledge tracing algorithm, and affective learning to develop individualized educational experiences
on a cognitive, affective, and metacognitive scale. The architectural scenery includes different modes
of operation starting with simple modes by single agent systems and the elaborate multi-agent
frameworks that present a variety of benefits to various learning experiences. Such hybrid methods as
symbolic reasoning and statistical learning are trying to use the advantages of both schools of thought.
Natural languages now offer humanity the interaction sophistication to facilitate the truly conversational
tutoring, and affective computing systems can be used to identify and process emotion later on, which
can influence learning. The application in educational spheres shows versatility as well as the domain-
specific need. Mathematics and computer programming have been some of the arecas with mature
applications whereas those areas where creativity, complex judgment, and socio-emotional skills are
needed are difficult. The systems are promising with the ability to support varied segment of learners
such as those with special educational needs and highly developed learners who need enrichment though
much should be done to enable equal benefit to all the populations.

The indications of learning outcomes show the existence of overall positive effects, and systems built
correctly yield quantifiable learning benefits, especially in the areas of procedural skills development
and acquisition of knowledge. Nonetheless, the influence of these factors on profound learning, learning
transfer, and educational outcomes in the long-term will have to be investigated further. Benefits that
do arise significantly and have diverse magnitude and consistency in different contexts,
implementations, and populations of learners and thus special consideration should be given to
designing, deploying and evaluating the benefits. Ongoing issues are making zeal about the possibilities
of educational Al. The deep learning-based systems cannot be made algorithmically transparent enough
to generate trust and validation challenges. The conflict between personalization and privacy
preservation arises due to the data requirements and the privacy issues. The problems of bias and
fairness are in danger of duplicating or increasing the inequities in education. Technical infrastructural
demands restrict access in under-resourced situations. Interconnection of its use with other educational
ecosystems is practically constrained. The issue of professional roles raised by teachers have to be
deliberated. These obstacles can be resolved, but only through long-term and multidisciplinary work.
The aspect of ethics is permeating the education of Al and its implementation. Autonomy and consent
concerns, data ownership, accountability through algorithms, cultural sensitivity, and environmental
effects need principles that have a balance between innovation and responsibility. Its subject area
requires participatory methods that entail having various stakeholders in development and governance.
The existing policy and regulatory practices are undergoing change yet not complete, and there is much
international variability in them that gives both obstacles and opportunities to developing norms
positively.

The future directions provide promising opportunities such as foundation models that are particularly
education-focused, neuromorphic computing design, embodied social robots, mixed reality learning
systems, lifelong learning companions, or human-Al collaborative teaching teams. Advancing systems
which have the ability to self-enhance are both an opportunity and a challenge as pertains to governance.
The development of multi-modal interaction, emotional intelligence, metacognitive scaffold, and
support of creativity is most likely to proceed greatly. The world might become democratized with
regard to access to high-quality education experiences, with cultural diversity being respected and
considered by the cultures with an adaptive method. The picture of the properly functioning agentic Al
tutoring systems presupposes further development in various aspects. In practice, the systems must have
increased transparency, efficiency, strength, and potential. There is a need to have better integration of
learning science principles, support ill-structured domains, and development of complex competencies
pedagogically. In reality, smaller barriers to implementation, improved integration tools, and complete
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support of the teachers are very needed. In ethics, there should be developed and implemented structures
that provide fairness, transparency, accountability and respect to human values. Future studies, research,
and development should focus on the long-term effects, mechanisms of action, the best human-Al
cooperation patterns and methods on how benefits can be shared in a fair way. It is one of the
contributions that the field may obtain because the current research work tends to focus on technical,
educational, and social levels, and this review provides the opportunity to synthesize the existing
research on the problem highlighting the essential issues and opportunities and delineating the
perspectives on future changes. The agentic Al in education sector is at a critical junction whereby the
technological capacities are just evolving at a fast pace and concerns about responsible development
and implementation are raising to the forefront. It will also take long-term efforts on the part of
researchers, developers, educators, policy makers and other stakeholders in the joint effort to create
more effective, fair and humane systems of education through the potential of autonomous intelligent
tutoring to enrich the education experiences and outcomes of all learners. Achieving success of agentic
Al tutoring systems will not be judged by the level of technological sophistication but instead, its
contribution to the wellbeing of human community, in the form of increased learning, more opportunity,
and the facilitation of capable, intelligent, and engaged citizens ready to function in a more complex
world. These aspirations are not directly attainable by technology, but thoughtfully created, responsibly
implemented, and constantly enhanced agentic Al tutoring systems can apply in a positive manner to
this crucial human activity of learning.
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