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Abstract

Conversational Intelligent Tutoring Systems
(CITS) represent a convergence of artificial
intelligence, learning sciences, and human-
computer interaction, aiming to provide the
adaptive and dialogic learning as expert teach-
ers. In the past decades, the advancement of ma-
chine learning and natural language processing
reshaped CITS’s design, implementation, and
evaluation. In this survey, we analyze the evo-
lution of computational paradigms in shifting
pedagogical affordances, interaction styles, and
methodological development. We frame CITS
not merely as dialogue systems, but as proac-
tive agents that reason about learner cognition,
affect, and context while enacting pedagogi-
cal strategies grounded in educational theories.
From domains, populations, and instructional
goals, we identify key components, evaluation
approaches, and unresolved challenges. Our
paper highlights the promise and limitations of
conversational tutoring in the generative AI era,
offering a foundation for future research that
seeks to maximize their pedagogical value.

1 Introduction

Intelligent Tutoring Systems (ITS) are automated
educational systems designed to provide person-
alized instruction by modeling learner knowledge
and delivering adaptive feedback, with the ambition
of replicating the adaptability and efficacy of ex-
pert human tutors. This ambition is rooted in the “2
Sigma Problem” posited by Bloom (1984), which
demonstrated that students receiving one-on-one tu-
toring performed better than those in conventional
classroom settings. While traditional ITS can help
narrow this gap by providing step-by-step cogni-
tive support in structured domains like mathematics
and physics, they mainly rely on menu-based in-
puts, drag-and-drop interfaces, or constrained text
entries. These interaction types fail to capture the

* Equal contribution.

dialogic nature of learning central to social con-
structivist theories (Palincsar, 2012; Pedaste et al.,
2015; Alexander, 2018).

Conversational Intelligent Tutoring Systems
(CITS) represent the technological evolution de-
signed to overcome these limitations. By inte-
grating Natural Language Processing (NLP) with
pedagogical modeling, CITS engage learners in
open-ended natural language dialogue, facilitat-
ing deeper thinking, self-explanation, and reflec-
tion that characterize effective instruction (Graesser
et al., 2004; Rus et al., 2013). Beyond presenting
fixed response options, CITS interpret free-form
student input, diagnose misconceptions, and enact
instructional strategies through conversation, which
mimic adaptive behavior of a human tutor. As
human-machine interaction becomes increasingly
mediated through sophisticated dialogue systems,
conversational tutoring has become the important
frontier of educational technology research.

Along with the development of ITS, many sur-
veys review and summarize current ITS approaches,
offering broad overviews of the technological land-
scape and pedagogical effectiveness across diverse
educational settings. However, existing surveys
have not addressed CITS as a distinct research
area. Prior surveys of ITS focused on educational
outcomes and broad application contexts, with
less attention to system architecture and interac-
tion design (Mousavinasab et al., 2021; Kulik and
Fletcher, 2016; Lin et al., 2023). These surveys pre-
date the rise of large language models (LLMs) and
therefore do not treat conversation itself as a central
design dimension. While more recent work (Lé-
tourneau et al., 2025; Zerkouk et al., 2025) has re-
viewed AI-based tutoring systems, it tends to treat
such systems as a single undifferentiated category,
without tracing the architectural and pedagogical
evolution that has unfolded over the past decade.
Appendix A summarizes the differences between
our survey and prior ITS surveys.
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Figure 1: Distribution of the CITS related studies by published year, subject domain, and student group.

In this paper, we conduct a comprehensive re-
view of CITS research spanning the fifteen-year
period from 2010 to 2025. Through a system-
atic search across seven databases including ACM,
IEEE, ERIC, PsycINFO, EduSource, Scopus, and
Web of Science, 259 studies are included in this
study (details are provided in Appendix B). Figure
1 provides an overview of these studies. The num-
ber of publication was steady before 2022, however,
there has been explosive growth in recent years. Re-
garding the application domain, the field shows a
clear preference for computer science and language
education. The demographic pie chart highlights
an imbalanced distribution across education levels.
Many systems are designed for university students
and adult learners, whereas younger students in
K-12 settings are still underexplored.

Drawing on 259 papers, our key contributions
are as follows. First, we provide a comprehen-
sive review of CITS research from 2010 to 2025,
tracing a paradigm shift from rule-based methods,
through data-driven neural models, to LLMs, and
examining roles from cognitive tutoring to affect-
aware and metacognitive support. Second, we
reconceptualize the ITS taxonomy for the conver-
sational setting, arguing that dialogue restructures
the functional relationships between domain knowl-
edge, student modeling, and pedagogical strategy.
Third, we provide a comparative analysis of meth-
ods within each architectural component, identi-
fying explicit trade-offs between pedagogical con-
trol, scalability, and adaptability across paradigms.
Fourth, we synthesize evaluation practices across
empirical user studies and automatic metrics, illus-
trating gaps between current measures and effec-
tive tutoring requirements. Finally, we identify key
challenges and opportunities for future research:
resolving the misalignment between LLM behavior

and pedagogical intent, developing long-term stu-
dent models, and establishing evaluation paradigms
that assess metacognitive and affective outcomes
alongside cognitive gains.

2 Purpose and Role of CITS

2.1 Cognitive Support and Skill Acquisition

The primary role of CITS is to mimic human ex-
perts by scaffolding learning through natural lan-
guage. Instead of delivering static content, CITS
employ dialogue-based strategies to guide learners
through step-by-step problem solving, and scaf-
folding to correct answers (Mousavinasab et al.,
2021; Liu et al., 2024d). In domains like pro-
gramming and mathematics, CITS serve as intelli-
gent assistants that diagnose misconceptions and
provide conceptual hints to foster active learning
(Kazemitabaar et al., 2024; Daheim et al., 2024).
Aside from knowledge acquisition, some systems
aim to support self-regulated learning (SRL) strate-
gies to help students monitor their own understand-
ing and manage learning goals (Graesser and Mc-
Namara, 2010; Lintean et al., 2012).

2.2 Motivational and Affective Support

CITS increasingly serve as affective partners, with
approaches ranging from sentiment analysis for
identifying learner intent (Ali et al., 2025) to in-
terfaces for empathic robotic tutoring (Bhargava
et al., 2013). LLM-generated motivational feed-
back can support student motivation and learning
(Gaeta et al., 2025), while EDEN’s adaptive em-
pathetic feedback has been linked to perceived af-
fective support and L2 grit in a preliminary study
(Siyan et al., 2024). To further personalize the ex-
perience, agents adapt to learners’ learning styles
(Latham et al., 2014); in EFL oral learning, per-
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Figure 2: Overview of the systematic survey and taxonomies of conversational intelligent tutoring systems.

ceived human likeness and social presence are asso-
ciated with self-efficacy and motivation (Wei et al.,
2025). However, benefits vary: motivational scaf-
folds can enhance willingness to communicate de-
pending on learner preferences (Ayedoun et al.,
2020), whereas a trial of MathSpring found no
significant overall improvements in achievement,
affect, or dispositions, despite exploratory benefits
among high-usage students (Feng et al., 2025).

2.3 Social and Collaborative Facilitation
In social learning contexts, CITS act as both prac-
tice partners and collaboration facilitators. For so-
cial skill practice, they are designed for oral pre-
sentation, debate training, and conflict resolution
through scenario-based simulation and role-play
(Sydorenko et al., 2018; Othlinghaus-Wulhorst and
Hoppe, 2020; Shaikh et al., 2024; Lee et al., 2024;
Dell’Aquila et al., 2022). In group settings, agents
facilitate Computer-Supported Collaborative Learn-
ing by monitoring peer interactions and interven-
ing to trigger productive dialogue (Adamson et al.,
2014; Tegos et al., 2014; Cai et al., 2024). Further-
more, the “learning-by-teaching” paradigm inverts
the traditional role, where the CITS perform as a
teachable agent, encouraging the learner to master
concepts by explaining them to the agent (Jin et al.,
2024; Kucharavy et al., 2025; Liu et al., 2024b;
Segedy et al., 2013).

2.4 Teachers’ Assistant
CITS can assist with content creation, including
generating mathematics hints (Tonga et al., 2024)
and personalized reading-comprehension questions

(Wang et al., 2024b). Curriculum-Driven EduBot
and Book2Dial generate textbook-grounded con-
versational data to train educational chatbots (Li
et al., 2024; Wang et al., 2024a). They also func-
tion as assessment tools or intermediaries in large
courses, handling routine student inquiries to al-
low human instructors to focus on pedagogical in-
structions (Wu et al., 2025a; Hobert and Berens,
2024; Sánchez-Vera, 2025). In practice, these roles
are not mutually exclusive; many CITS simulta-
neously support both learners and teachers (Feng
et al., 2025), reflecting the integrated nature of ef-
fective tutoring.

3 Taxonomy of CITS Components

The functional taxonomy of ITS, established by
Woolf (2010), decomposes systems into four in-
terdependent modules: the Domain Model, Stu-
dent Model, Tutoring Model, and Interface Model.
While our taxonomy preserves this organizational
continuity, CITS require a reconceptualization of
each component’s function. In traditional ITS,
these modules operate independently: domain
knowledge is statically encoded, student modeling
tracks skill mastery, and the tutoring model selects
from predefined instructional actions. In CITS,
these boundaries tightly couple that each conver-
sational turn simultaneously updates the learner
model, triggers a pedagogical decision, and shapes
how domain content is expressed. Specifically, do-
main knowledge must be generatable and conver-
sationally grounded; student modeling must cap-
ture communicative intent and affective state; and
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pedagogical strategy must operate as a real-time di-
alogic policy. Conversation is therefore not simply
a new interface layered atop the classical taxon-
omy but restructures the functional relationships
between all four modules. As shown in Figure
2, we thus organize these components into four
categories: (1) Domain Knowledge and Content
Management (“what to teach”); (2) Student Un-
derstanding and Modeling (“whom to teach”); (3)
Dialogue Management and Pedagogical Strategy
(“how to teach”); and (4) User Interface & Interac-
tion, which defines the modes of communication.
We also present a matrix table (Appendix C) to
show the comparison of paradigms across three
components.

3.1 Domain Knowledge and Content
Management

3.1.1 Structured and Expert-Defined
Representations

Early CITS architectures rely on structured, expert-
defined formats that trade conversational flexibility
for pedagogical reliability. The dominant paradigm
pairs curriculum scripts with Finite State Machines
(FSMs), where scripts encode ideal answers, antic-
ipated misconceptions, and hints while FSMs gov-
ern dialogue transitions based on classified student
responses. AutoTutor exemplifies this approach,
using LSA to match free-text inputs against prede-
fined expectations and triggering scripted moves ac-
cordingly (D’Mello et al., 2010; Wolfe et al., 2013;
Carmon et al., 2019; Jordan et al., 2015). Semantic
matching can also use Word2Vec embeddings and
cosine similarity to compare learner utterances with
candidate sentences (Li et al., 2020). Beyond fixed
scripts, BEETLE II uses symbolic language under-
standing to generate context-sensitive feedback dur-
ing circuit experimentation (Dzikovska et al., 2014).
For procedural domains requiring deeper knowl-
edge structures, two complementary formalisms
emerge: PDDL decomposes complex scenarios,
such as surgical interventions, into explicit se-
quences of preconditions and effects, enforcing a
single correct procedural path (Vannaprathip et al.,
2022); whereas constraint-based models (CBM),
as in SQL-Tutor, define validity through underly-
ing domain constraints, allowing alternative solu-
tion paths and accommodating a broader range of
correct student responses (Mitrovic et al., 2013;
Winder et al., 2024). These approaches still depend
on expert-defined domain coverage, which limits

adaptability when learners move beyond modeled
concepts or interaction contexts.

3.1.2 Ontologies and Knowledge Graphs
To overcome the rigidity of script-based represen-
tations, systems adopted hierarchical and semantic
knowledge structures that enable inferential reason-
ing beyond pattern matching. These approaches
represent the conceptual relationships within a do-
main: DeepTutor organizes knowledge through
Learning Progressions (LPs) that decompose high-
level concepts into subgoals, enabling the system
to scaffold learning at varying levels of granular-
ity (Rus et al., 2014; Rus and Ştefănescu, 2016);
MST employs the Unified Medical Language Sys-
tem (UMLS) ontology to map clinical cases to
learning objectives, supporting reasoning across
complex, interdependent medical concepts (Afzal
et al., 2020). While these symbolic structures
offer richer domain coverage and inferential ca-
pacity than FSMs, they present a similar bottle-
neck: knowledge graphs still require substantial
expert construction effort and remain brittle out-
side their predefined concept boundaries. More
recently, WikiHowAgent combines a hierarchical
knowledge graph organizing domains, topics, and
articles with embedding-based semantic similarity
search to support procedural learning in a multi-
LLM workflow (Pei et al., 2025).

3.1.3 Generative and Retrieval-Augmented
Approaches

LLMs can reduce manual content-authoring ef-
fort by generating dynamic hints and explanations,
while domain-specific validation and pedagogical
design remain necessary (Tithi et al., 2025; Lé-
tourneau et al., 2025). However, this scalability
introduces a new and more subtle risk: unlike
structured representations where errors are pre-
dictable and bounded, LLMs may generate plausi-
ble but incorrect instructional content, particularly
in high-precision STEM domains (Gupta et al.,
2025). Retrieval-Augmented Generation (RAG)
partially mitigates this by anchoring generation in
validated educational materials (e.g., textbook seg-
ments, course notes), retrieved via graph-based ap-
proaches or vector databases before each response
(Chen et al., 2025; Tao et al., 2025). This grounds
responses in curriculum-aligned content, with ap-
plications evaluated in computer science (Liu et al.,
2024c; Frazier et al., 2024), mathematics (Levonian
et al., 2025), and natural science (Liu et al., 2025c).
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Nevertheless, RAG addresses factual grounding
but not logical derivation errors, leaving a gap that
neither generative nor retrieval-based methods cur-
rently resolve, and pointing toward neuro-symbolic
integration as a key future direction (Section 5).

3.2 Student Understanding and Modeling

3.2.1 Cognitive State Estimation and
Knowledge Tracing

Early systems like AutoTutor operated episodically,
using LSA and regular expressions to match learner
inputs against expected answers in real-time, trig-
gering Expectation-Misconception Tailored (EMT)
dialogue moves when similarity fell below thresh-
olds (Wolfe et al., 2013; Brust-Renck et al., 2017;
Carmon et al., 2019). This approach captured im-
mediate comprehension but was blind to knowl-
edge evolution across interactions. Probabilistic
methods addressed this temporal gap. Bayesian
Knowledge Tracing (BKT) models mastery as a
latent variable updated over response sequences.
Separately, Hidden Markov Models (HMM) and
Conditional Random Fields (CRF) have been used
to model student error sequences and support adap-
tive feedback selection (Gutierrez and Atkinson,
2011). Deep Knowledge Tracing (DKT) learns
knowledge state representations directly from inter-
action data; in logic-heavy domains, formal verifi-
cation and graph-based models further trace multi-
step reasoning errors (Vannaprathip et al., 2022; Pa-
tel et al., 2025; Zeng et al., 2025). While powerful,
these methods require predefined knowledge com-
ponents and struggle to interpret the rich semantic
content of free-form dialogue. Neural discourse
analysis offers an intermediate approach, matching
relational graphs of student answers and reference
solutions to identify misconceptions and generate
targeted feedback (Grenander et al., 2021). LLM-
based approaches resolve this by processing full
conversational history and natural language expla-
nations without explicit feature engineering, oper-
ating either as direct mastery estimators or within
hybrid architectures alongside BKT and DKT for
error diagnosis and forgetting curve modeling (Da-
heim et al., 2024; Petukhova and Kochmar, 2025;
Wang et al., 2025a; Bafandkar et al., 2025; Liu
et al., 2025d; Kochmar et al., 2025). LLM-based
tutoring platforms also incorporate student memory
and adaptive feedback to support personalization
(Chudziak and Kostka, 2025; Wu et al., 2025b), al-
though these design features alone do not establish

superior personalization accuracy.

3.2.2 Affective, Behavioral and Metacognitive
Profiling

Beyond knowledge state estimation, effective tu-
toring requires modeling the emotional and behav-
ioral dimensions that mediate learning, as unad-
dressed frustration or disengagement can under-
mine cognitive scaffolding. These signals are cap-
tured at three levels of modality richness, each of-
fering a different trade-off between accessibility
and signal fidelity. In text-only settings, lexicon-
based and transformer-based sentiment analysis in-
fer emotional polarity and off-task states while be-
havioral logs (e.g., response latency, help-seeking
frequency, and attempt counts) are analyzed to de-
tect Self-Regulated Learning deficits and trigger
metacognitive scaffolds (Ali et al., 2025; Li et al.,
2025a; Graesser and McNamara, 2010; Munshi
et al., 2023; Winder et al., 2024; Martins et al.,
2024); these approaches are deployable without
specialized hardware but are limited to surface-
level proxies of affect. Multimodal systems achieve
higher fidelity by fusing eye-tracking, facial ac-
tion units, and physiological sensors to detect fine-
grained states such as boredom, confusion, and
flow (D’Mello et al., 2012; Bhargava et al., 2013;
Graesser et al., 2017; Aslan et al., 2024); speech tu-
toring systems such as JustSpeak instead detect
behavioral and performance difficulties, includ-
ing stuckness, mispronunciation, and rhythm de-
viations (Zhang et al., 2021). Negotiated open
learner models also let students discuss their as-
sessed knowledge with the tutor, supporting self-
assessment accuracy and reflection (Suleman et al.,
2016). The central unresolved challenge is closing
the action loop: detecting affect reliably is neces-
sary but insufficient as systems must also determine
when and how to intervene without disrupting cog-
nitive engagement, a problem addressed further in
Section 3.3.1.

3.2.3 Trait-Based Personalization and
Learner Simulations

Long-term profiling captures stable learner traits
such as learning styles, Big Five personality dimen-
sions, and proficiency levels (e.g., CEFR), typically
initialized via surveys and refined through interac-
tion, enabling instruction to be tailored to persis-
tent individual characteristics (Latham et al., 2012;
Crockett et al., 2017; Liu et al., 2025a; Oliveira
et al., 2021; Alrobai and Cristea, 2025; Maha-
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jan, 2022; Li et al., 2024; Almasi and Kristensen-
McLachlan, 2025). An emerging complement to
real-learner profiling is LLM-based student simu-
lation: persona-aware models that mimic specific
knowledge gaps and error patterns enable scalable
training and evaluation of tutor policies without
human participants (Liu et al., 2024e; Weitekamp
et al., 2025; Shi et al., 2025; Arana et al., 2025;
Pei et al., 2025). However, the validity of these
simulations remains uncertain: simulated learners
may fail to capture the full cognitive and affective
diversity of real students (Li et al., 2025c), meaning
policies optimized on synthetic data risk overfitting
to idealized rather than authentic learning behavior.

3.3 Dialogue Management and Pedagogical
Strategies

3.3.1 Dialogue Management

As a core component, dialogue management can
be formalized as a sequential decision-making pro-
cess: given dialogue history H , student state S,
and pedagogical goals G, the system must interpret
the student’s response to update S, select the next
tutoring action a (e.g., hint, question, feedback),
and generate an appropriate response, expressible
as a policy φ(H,S,G) → a. Three generations
of policy design reflect a progressive trade-off be-
tween curricular control and conversational adapt-
ability. FSM-based systems like AutoTutor exe-
cute fixed tutoring frames (e.g., pump → hint →
prompt), guaranteeing curricular adherence but fail-
ing when learners deviate from predefined paths
(D’Mello et al., 2010; Kopp et al., 2012). Prob-
abilistic state-space approaches combine HMM
and dynamic Bayesian network (DBN) inference,
student-state estimation, and automated planning
to select tutoring actions under uncertainty (Abuaz-
izeh et al., 2020; Sosnowski and Yordanova, 2020),
while retaining explicit models of states and actions.
Reinforcement learning has also been used to learn
culturally situated dialogue strategies for language
learners (Abou-Khalil et al., 2018). LLM-based
generative agents use conversational context to sup-
port flexible multi-turn interaction, with prompts
specifying roles, rules, and interaction stages (Lee
et al., 2023; Almasi and Kristensen-McLachlan,
2025; Liu et al., 2024d); however, their probabilis-
tic nature introduces pedagogical unpredictability.
Recent multi-agent frameworks partially address
this by decomposing the policy into specialized
“Planner”, “Tutor”, and “Critic” roles that sepa-

rate instructional design from content generation,
enforcing pedagogical safety while preserving gen-
erative flexibility (Zeng et al., 2025; Zakaria et al.,
2025; Pei et al., 2025).

3.3.2 Incorporating Pedagogical Strategies

Dialogue management determines when to act;
pedagogical strategy determines how, specifically,
how to scaffold without revealing, challenge with-
out discouraging, and adapt without losing cur-
ricular alignment. Rule-based systems address
this through Expectation-Misconception Tailored
(EMT) moves, comparing learner inputs against
expected sub-answers to trigger targeted elicitation
or error correction (Graesser et al., 2017; Pai et al.,
2021; Schmucker et al., 2024). Neural systems
shift toward student-led discovery via adaptive fad-
ing: scaffolding begins with high-level hints and
progressively narrows to concrete prompts only as
the learner continues to struggle, balancing guid-
ance with cognitive effort (Rus et al., 2015; Al-
bacete et al., 2019; Bafandkar et al., 2025). Along-
side general reasoning techniques such as Chain-
of-Thought prompting (Wei et al., 2022), tutoring-
specific approaches use state-space planning and
hierarchical question trees for Socratic debugging
(Kargupta et al., 2024), or prompt- and fine-tuning
to elicit reflective questions (Favero et al., 2025).
Yet LLMs’ default behavior, satisfying queries im-
mediately, fundamentally conflicts with pedagogy;
“pedagogical steering” techniques such as verify-
then-generate workflows and facilitator framing
are thus required to prevent premature answer rev-
elation (Daheim et al., 2024; Wang et al., 2025a;
Steindl et al., 2025).

Beyond cognitive strategies, effective CITS mod-
ulate interventions according to affective state, pro-
viding motivational support to struggling learn-
ers while increasing challenge for high-achievers
(DMello and Graesser, 2012; Kar et al., 2025), and
personality-aware models further tailor communi-
cation style to individual traits to foster rapport (Li
et al., 2025a; Alrobai and Cristea, 2025). At the
social level, trialogue architectures (Lippert et al.,
2020) and learning-by-teaching scenarios extend
strategy beyond dyadic interaction: the system or-
chestrates multi-party turn-taking, simulates peer
behaviors such as deliberate errors, and inverts the
tutor-learner role to deepen conceptual understand-
ing through explanation (Yang et al., 2025; Kuchar-
avy et al., 2025; Jin et al., 2024; Liu et al., 2024a).
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3.4 User Interface & Interaction

Text remains the dominant modality in CITS due
to its low deployment barrier and compatibility
with existing learning environments. Beyond sim-
ple chat interfaces (Yang and Zapata-Rivera, 2010;
Rajala et al., 2023), pedagogical effectiveness is en-
hanced by coupling conversation with visual scaf-
folds such as dynamic dashboards, progress indi-
cators, and multimedia displays that support self-
regulated learning (Latham et al., 2012; Afzal et al.,
2020; Munshi et al., 2023), or by embedding text
interfaces directly into task environments as inte-
grated workflows in STEM contexts (Wambsganss
et al., 2021; Winder et al., 2024). Voice interac-
tion is essential for language learning and hands-
free scenarios. JustSpeak synchronizes speech
recognition with tutoring progress to provide con-
figurable feedback during speech practice (Zhang
et al., 2021). Multimodal tutors combine spoken
explanations with visual science activities in MyST
(Ward et al., 2013), and multilingual speech with
picture description in SingaKids (Liu et al., 2025b).
Physical embodiment can also influence initial en-
joyment, although learning benefits are not assured
(Ackermann et al., 2025).

CITS can also be integrated with mobile appli-
cations: CILA combines ChatGPT, Apple’s Short-
cuts, and LINE to answer learners’ questions and
record exchanges for self-reflection, with reported
benefits for self-regulation and knowledge con-
struction in blended learning (Wu et al., 2024). For
spatial and psychomotor skills, CITS are increas-
ingly deployed in Virtual Reality (VR) and Aug-
mented Reality (AR). These systems guide learn-
ers through immersive simulations, such as dental
surgery or geometric modeling, often overlaying
digital feedback onto physical objects (Ren et al.,
2025; Ateş, 2025). Immersive environments also
support multi-party spoken interaction for foreign-
language learning (Divekar et al., 2022).

4 Evaluation of CITS Systems

4.1 Empirical Evaluation & User Study

User studies remain the gold standard for CITS
evaluation, as they directly capture the learning
outcomes and behavioral effects that automatic
metrics cannot examine. Empirical studies usu-
ally adopt two types of measures: (1) Learning
performance measures quantify instructional ef-
fectiveness through pre- and post-test comparisons,
providing a model-agnostic indicator of knowledge

gain widely adopted across ITS and automated
feedback platforms (Hwang et al., 2024; Rus and
Ştefănescu, 2016). Immediate post-tests primar-
ily capture short-term cognitive outcomes; delayed
assessments, such as the two-week vocabulary post-
tests in chatbot-assisted dynamic assessment (Jeon,
2023), help examine retention, although longer-
term and metacognitive outcomes require further
measures.

(2) Surveys and interaction logs capture dimen-
sions of the learning experience that performance
scores alone cannot reflect, including perceived use-
fulness, cognitive load, confidence, and satisfaction
(Yang and Zapata-Rivera, 2010), while behavioral
log data, such as task completion rate and time-on-
task, characterize engagement patterns and learning
strategies (Nye et al., 2018; Brezack et al., 2025).
Although these measures provide richer contextual
evidence, self-report data is susceptible to social
desirability bias. In WritingTutor, apparent benefits
of learner control did not yield significant pairwise
differences in reported experience or learning out-
comes (Wambsganss et al., 2025).

4.2 Automatic Evaluation

Automatic evaluation in tutoring systems has
evolved into a multi-layered framework that seeks
to approximate pedagogical effectiveness through
objective and reproducible metrics (Liu et al.,
2024d; Maurya et al., 2025). For instance, MathTu-
torBench explicitly separates problem-solving abil-
ity from pedagogical quality, showing that subject
expertise alone does not ensure effective tutoring
(Macina et al., 2025).

Fluency and Linguistic Fidelity. Early evalu-
ation drew on machine translation metrics, with
n-gram overlap measures (BLEU, ROUGE, ME-
TEOR) quantifying lexical similarity to human ref-
erences (Wang et al., 2023). For voice-based sys-
tems, Word Error Rate (WER), Character Error
Rate (CER), Goodness of Pronunciation (GOP),
and fundamental frequency (F0) assess transcrip-
tion and prosodic fidelity (Okur et al., 2022).
Embedding-based metrics such as BERTScore sub-
sequently enabled finer-grained semantic align-
ment beyond surface overlap (Li et al., 2020; Saha
et al., 2025; Levonian et al., 2025). However, all
linguistic fidelity metrics share a limitation that a
response may score highly while still failing peda-
gogically if it lacks adaptive guidance or concep-
tual scaffolding.
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Machine Learning and Predictive Performance.
Diagnostic tasks such as grammatical-error detec-
tion are evaluated using accuracy, precision, re-
call, and F1 (Jaganov et al., 2025). Pedagogy-
driven evaluation also examines tutor-response
quality (Maurya and Kochmar, 2025), with classi-
fiers assessing mistake identification, mistake lo-
cation, guidance, and actionability (Saha et al.,
2025; Rahman et al., 2025). In clinical tutoring,
Intersection-over-Union (IoU) measures overlap
between candidate diagnoses extracted from stu-
dent responses and a ground-truth candidate set
(Wu et al., 2025a). Prediction of prior knowledge
from dialogue features has been evaluated using
correlation (r) and adjusted R2 (Rus and Ştefă-
nescu, 2016), while unsupervised learner profil-
ing employs Silhouette Coefficient, AIC, and BIC
(Brezack et al., 2025). Outcome- and risk-aware
metrics include the Negative-to-Positive Impact Ra-
tio (PNIR), which measures the ratio of negative to
positive teaching-impact cases in simulated teacher–
student interactions (Shi et al., 2025). Despite this
breadth, predictive accuracy remains task-specific
and does not guarantee improvements in long-term
learning development.

LLM-as-a-Judge. LLM-based evaluation ad-
dresses the ceiling of metric-based approaches
by approximating expert judgment through rubric-
guided prompting (Li et al., 2025b). LLM-based
checks range from answer verification and er-
ror classification in mathematics hint generation
(Tonga et al., 2024) to grading logic hints for ac-
curacy, consistency, clarity, and explanatory con-
text, supplemented by human expert ratings (Tithi
et al., 2025). Broader pedagogical assessments
also report Win Rate (WR) and Desired Annota-
tion Match Rate (DAMR) (Kar et al., 2025). While
increasingly influential in large-scale ITS assess-
ment, LLM judges may inherit foundation model
biases and favor fluent but pedagogically shallow
responses, underscoring the need for calibration
against human pedagogical experts.

5 Challenges and Future Directions

5.1 From Episodic to Long-term Tutoring
Current CITS operate episodically: each session
begins without memory of prior interactions, pro-
ducing what we term tutoring amnesia (Baddeley
and Wilson, 1994), where the system cannot refer-
ence a misconception surfaced two sessions prior
or adapt to a learner’s long-term forgetting curve.

This undermines the personalization gains achieved
by knowledge tracing and trait-based modeling,
which construct rich learner profiles that are dis-
carded at session end. Future work should develop
persistent student models that compress dialogue
history into memory pieces retrievable and editable
across sessions, enabling tutors to reference past
struggles and track conceptual development over
semester-long interactions (Liu et al., 2025d).

5.2 Resolving the Pedagogy-Fluency Tension
in LLMs

LLMs are optimized to satisfy queries immediately,
yet effective tutoring requires strategically with-
holding answers to preserve productive failure (Ka-
pur, 2008) (i.e., students attempt to solve complex,
novel problems before receiving direct instruction).
Over-constrained prompting produces repetitive in-
teractions that limit the exploration needed for pro-
ductive failure; under-constrained prompting pro-
duces unpredictable teaching behaviors that violate
learning science principles. Current mitigations
such as verify-then-generate workflows and peda-
gogical steering are partial and prompt-dependent:
they can suppress direct answers but cannot reliably
orchestrate the instruction that productive failure
requires. A more principled resolution requires
intermediate reasoning layers (Paul et al., 2024)
that force the model to select a pedagogical move
(e.g., withhold, hint, counter-example, decompose)
before generating a response, so that instructional
strategy guides response generation, reducing the
model’s default bias toward immediate, helpful-
sounding answers

5.3 Evaluation Beyond Learning Gain

Three challenges emerge in evaluation aspects.
First, most studies measure cognitive outcomes
only, despite CITS increasingly targeting affective
and metacognitive dimensions; this creates a blind
spot where systems optimized for test scores may
inadvertently suppress self-regulation. In an exper-
iment on mathematics feedback, hallucinated feed-
back increased confusion and reduced perceived
usefulness, while learning gains under fully erro-
neous and accurate feedback were not statistically
separable (Steinbach et al., 2025). Second, the field
is heavily skewed toward computer science and lan-
guage learning at university level, with K-12 and
domains such as social science and engineering
underrepresented, limiting generalizability of cur-
rent findings. Third, while LLM-as-a-Judge shows

1141



promise for scalable pedagogical assessment, it
currently lacks calibration against human expert
judgment. Future benchmarks should shift from
measuring response correctness to pedagogical ef-
ficacy: whether a dialogue maximized the student’s
cognitive effort, produced conceptual change, and
supported metacognitive development.

5.4 Equity, Privacy, and Human-AI
Orchestration

The reliance on cloud-based LLMs for personal-
ization creates a tension with student data privacy;
Small Language Models deployable on-device of-
fer a privacy-preserving alternative, but currently
sacrifice the pedagogical sophistication that makes
LLM-based CITS effective. Besides, recent re-
search suggests that LLM tutors may exhibit im-
plicit algorithmic bias, offering differential levels
of encouragement or scaffolding complexity based
on inferred dialect or demographics (Chinta et al.,
2024). Beyond data governance, the most chal-
lenging problem remains human-AI orchestration
(Cukurova et al., 2025): rather than positioning AI
as a replacement for human instructors, the next-
generation CITS should be conceived as collabora-
tive infrastructures in which human teachers and AI
agents each operate within their respective zones of
competence, with explicit mechanisms for handoff
and shared oversight.

6 Conclusion

Intelligent tutoring systems have evolved from
script-based instructors into dialogic agents. This
evolution has altered not only system architectures,
and the epistemic assumptions underlying tutor-
ing itself. Conversation is beyond a peripheral
interface layered atop instruction; it is the pri-
mary medium through which knowledge is con-
structed, negotiated, and regulated. Therefore, the
core challenge facing the field is no longer how to
enable dialogue, but how to make dialogue peda-
gogically accountable. Looking ahead, progress
in CITS research will depend on tighter integra-
tion between learning sciences and generative AI
techniques. Advances in student modeling, scaf-
folding planning, and multimodal learning analyt-
ics must co-evolve with models. Future systems
will become proactive learning companions that
can model long-term learner trajectories and reg-
ulate affect in real-time, rather than treating every
session in isolation. Moreover, the field must re-

define effectiveness, shifting evaluation from task
completion to measuring knowledge construction
and metacognitive development. Ultimately, CITS
should advance a vision of education that places
human agency and intellectual growth at its center.

Limitations

Several limitations should be acknowledged. First,
our taxonomy, while reconceptualized for the con-
versational setting, focuses more on system-side
design dimensions than learner-side experience, po-
tentially underrepresenting how students actively
co-construct knowledge through interaction. Sec-
ond, the included studies are predominantly from
computer science and language learning contexts,
reflecting a limitation in content coverage and eval-
uation methodology. For example, domains re-
quiring critical thinking or creative writing lack
comparable evaluation frameworks. Furthermore,
framing CITS evolution as a paradigm shift from
rule-based to LLM-based systems risks overstating
the obsolescence of earlier approaches, which re-
tain practical advantages in high-stakes or resource-
constrained settings where LLM deployment is
impractical. Finally, the long-term pedagogical
effects of sustained LLM tutoring on learner au-
tonomy, metacognitive development, and potential
over-reliance remain empirically open questions
that the current literature, and by extension this
survey, cannot yet resolve.
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Information About Use Of AI Assistants

We used AI tools (e.g., ChatGPT) only for grammar
checking and proofreading. No AI was used for raw
content generation, literature synthesis, analysis, or
insight development. All intellectual contributions,
claims, and interpretations are the authors’ own,
and all information has been manually verified.
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A Comparison of Prior Surveys

Table 1 compares the present survey with prior
reviews of intelligent tutoring systems in terms of
temporal coverage, number of studies, scope, and
analytical dimensions. The comparison indicates
differences in the extent to which these surveys
address conversational design, system architecture,
interaction design, LLM-era developments, and
evaluation methodology.

B Survey Methodology

We conducted a systematic review following
PRISMA guidelines. In June 2025, we searched
seven databases (ACM Digital Library, IEEE
Xplore, ERIC, PsycINFO, EduSource, Scopus, and
Web of Science), using the Boolean query: ["intel-
ligent tutoring system*" OR "ITS"] AND ["conver-
sation*" OR "dialog*" OR "chat*" OR "interact*"]
AND ["teach*" OR "instruction*" OR "pedag*"
OR "learn*"], applied to titles, abstracts, and key-
words. The search covered peer-reviewed publi-
cations and preprints written in English and pub-
lished between January 2010 and June 2025. The
initial search returned 9,190 records; after remov-
ing 4,378 duplicates, 4,812 records proceeded to

Figure 3: PRISMA Diagram

title-and-abstract screening. Studies were included
if they (a) presented a tutoring system that inter-
acts with learners through multi-turn natural lan-
guage dialogue, and (b) reported an implementa-
tion together with an empirical or automatic eval-
uation. We excluded: (1) systematic reviews, lit-
erature reviews, and meta-analyses; (2) papers fo-
cusing primarily on human tutors; (3) papers de-
scribing classroom dialogue without a tutoring sys-
tem; (4) technical descriptions without any evalua-
tion; and (5) systems supporting only single-turn
interaction. Title-and-abstract screening removed
4,505 records, and full-text eligibility assessment
removed a further 48, yielding 259 included studies.
Screening was performed independently by two
annotators; disagreements were resolved through
discussion, with inter-annotator agreement of Co-
hen’s κ = .81 on a shared sample of 40 papers. The
PRISMA flow diagram is presented below:

C Trade-off Matrix Table

Table 2 compares representative approaches to do-
main knowledge, student modeling, and dialogue
management. The ratings summarize the peda-
gogical control, scalability, adaptability, and inter-
pretability associated with each paradigm; these
qualitative assessments are not based on a common
benchmark.
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Survey Span #Studies Scope

Conversation
as design

dimension
Architectural

analysis
Interaction

design
LLM-era
coverage

Evaluation
methodology

Kulik &
Fletcher
(2016)

–2013 50 ITS (all) ✕ ✕ ✕ ✕ ✓a

Mousavinasab
et al. (2021)

2007–2017 53 ITS (all) ✕ (✓)b ✕ ✕ ✓

Lin et al.
(2023)

2012–2022 125 AI-based ITS ✕ (✓)b ✕ ✕ ✓

Létourneau et
al. (2025)

2009–2025 28 AI-driven ITS
(K–12)

✕ ✕ ✕ ✕ ✓

Zerkouk et al.
(2025)

2010–2025 127 AI-based ITS (✓)c (✓)b (✓)d ✓ ✓

This survey 2010–2025 259 CITS ✓ ✓ ✓ ✓ ✓
✓ = central focus; (✓) = partial treatment; ✕ = not addressed.
a Meta-analysis of learning outcomes; does not synthesize evaluation methodologies.
b Describes system types or AI techniques without comparative component-level analysis.
c Dialogue systems are covered as one NLP application area, not as an organizing design dimension.
d Usability and AR/VR/IoT interfaces are discussed under evaluation and emerging trends, not as an analytical category.

Table 1: Comparison of prior surveys with the present survey. CITS = conversational intelligent tutoring systems.

Component Paradigm
Pedagogical

control Scalability Adaptability
Interpret-

ability Representative Studies

Domain knowledge
(§3.1)

Scripts + FSM /
CBM

High Low Low High AutoTutor (D’Mello et al.,
2010); SQL-Tutor (Mitrovic
et al., 2013)

Ontologies / KG High Low–Med Med High MST (Afzal et al., 2020)
Generative / RAG Low–Med High High Low Math Tutor (Levonian et al.,

2025)

Student modeling
(§3.2)

Episodic matching
(LSA/regex)

Med Med Low Med AutoTutor Lite (Wolfe et al.,
2013)

Sequential error
models (CRF)

Med Med Med Med–High Adaptive Feedback Tutor
(Gutierrez and Atkinson,
2011)

LLM-based error
diagnosis

Low High High Low Reasoning Tutor (Daheim
et al., 2024)

Dialogue management
(§3.3)

FSM frames High Low Low High AutoTutor (D’Mello et al.,
2010)

RL / probabilistic Med Med Med Med Language Tutor (Abou-
Khalil et al., 2018); Nursing
Tutor (Abuazizeh et al.,
2020)

Generative / multi-
agent

Low–Med High High Low GenMentor (Wang et al.,
2025b)

FSM = finite-state machine; CBM = constraint-based modeling; KG = knowledge graph; RAG = retrieval-augmented generation;
LSA = latent semantic analysis; CRF = conditional random field; LLM = large language model; RL = reinforcement learning;
MST = medical school tutor.

Table 2: Qualitative comparison of architectural paradigms across three components. Ratings summarize relative
pedagogical control, scalability, adaptability, and interpretability.
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