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ABSTRACT

Intelligent Tutoring Systems (ITS) have evolved from rule-based expert systems to AI-driven adaptive platforms capable

of personalising learning pathways, diagnosing knowledge gaps, and providing real-time formative feedback at scale.

Recent advances in large language models (LLMs), knowledge tracing algorithms, and reinforcement learning for

pedagogical policy optimisation have dramatically expanded ITS capabilities beyond structured STEM domains to

open-ended writing, computational thinking, and project-based learning. This paper proposes the AI Tutoring System

Evaluation Framework (ATSEF), a systematic assessment of six AI-driven ITS architectures -- knowledge tracing (BKT,

DKT), LLM-based tutoring, reinforcement learning pedagogical agents, multimodal adaptive systems, and collaborative

AI tutoring -- across 18 learning outcome benchmarks in K-12 and higher education contexts. ATSEF introduces the

Personalised Learning Effectiveness Index (PLEI) and evaluates systems on 4,200 learner sessions across

mathematics, programming, and science domains. Key results: LLM-based tutoring achieves the highest PLEI (0.884)

with 34.2% learning gain improvement over non-adaptive baselines; RL pedagogical agents reduce time-to-mastery by

28.6%; knowledge tracing achieves 91.4% next-response accuracy. The framework provides ITS design guidance and

an open benchmark suite for AI-driven personalised learning.
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1. Introduction

1.1 From Expert Systems to AI-Driven
Tutoring

Intelligent Tutoring Systems were first developed

in the 1970s (SCHOLAR, Carbonell, 1970; BUGGY,

Brown and Burton, 1978) as knowledge-based

systems encoding expert domain knowledge in

production rules to guide learners. The core ITS

architecture -- domain model (what is to be

learned), student model (what the learner knows),

pedagogical model (how to teach), and interface --

has remained foundational for five decades.

Modern AI-driven ITS extend each component:

domain models now leverage knowledge graphs

and LLM-encoded curriculum; student models use

deep knowledge tracing (DKT, Piech et al., 2015)

and Bayesian knowledge tracing (BKT, Corbett

and Anderson, 1994) over historical response

sequences; pedagogical models apply

reinforcement learning to optimise instructional

action selection; interfaces incorporate multimodal

input (speech, handwriting, gaze) and

LLM-generated natural language feedback. The

COVID-19 pandemic accelerated digital learning

adoption: UNESCO estimates 1.6 billion learners

were affected by school closures in 2020-2021,

driving rapid deployment of AI tutoring platforms

(Khan Academy Khanmigo, Duolingo Max, Squirrel

AI, Carnegie Learning MATHia). ATSEF provides

systematic evaluation of these modern AI-driven

ITS architectures against standardised learning

outcome benchmarks, establishing evidence-based

design guidance for the next generation of

personalised learning systems.

1.2 Contributions and Paper Structure

ATSEF contributes: (1) systematic evaluation of 6

AI ITS architectures across 18 learning

benchmarks and 4,200 learner sessions; (2) the

PLEI composite effectiveness metric; (3)

domain-specific design guidance for mathematics,

programming, and science ITS. Section 2 reviews

AI tutoring architectures. Section 3 presents

ATSEF. Section 4 reports results. Section 5

discusses. Section 6 concludes.

2. Background: AI Architectures for
Intelligent Tutoring

2.1 Knowledge Tracing and Adaptive
Sequencing

Bayesian Knowledge Tracing (BKT, Corbett and

Anderson, 1994): models each knowledge

component (KC) as a hidden Markov model with

four parameters -- prior knowledge P(L0), learning

rate P(T), guess rate P(G), and slip rate P(S) --

inferred from binary correct/incorrect response

sequences; updates knowledge estimate after each

response via Bayes' rule. BKT provides

interpretable KC mastery estimates but assumes

independence between KCs and cannot capture

complex knowledge interdependencies. Deep

Knowledge Tracing (DKT, Piech et al., 2015):

replaces BKT's hidden Markov model with an

LSTM network trained end-to-end on large-scale

response sequence datasets (ASSISTments,

EdNet, Junyi); captures long-range response

dependencies and KC correlations; achieves AUC
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= 0.86 on ASSISTments dataset. Self-Attentive

Knowledge Tracing (SAKT, Pandey and Karypis,

2019) and BERT-based knowledge tracing further

improve prediction accuracy using Transformer

architectures on response sequences.

2.2 LLM-Based Tutoring and RL Pedagogical
Agents

LLM-based tutoring systems (GPT-4, Claude,

Gemini as tutoring backends) generate Socratic

dialogue, provide step-by-step worked examples,

give formative feedback on open-ended responses,

and adapt explanation style to learner level

inferred from interaction history. Khanmigo (Khan

Academy, 2023) demonstrated that GPT-4-based

tutoring improves learning gain by 34% over static

video content in K-12 mathematics. Reinforcement

learning pedagogical agents: the ITS selects

instructional actions (problem difficulty, hint level,

explanation modality, topic sequence) using RL to

maximise a reward signal encoding learning

outcomes (knowledge gain, engagement,

time-on-task); policy gradient (PPO) and

Q-learning approaches both evaluated; RL agents

reduce time-to-mastery by optimising problem

sequencing beyond fixed curriculum ordering.

Multimodal adaptive ITS: integrates learner gaze

(eye tracking), facial affect (engagement/confusion

detection), and speech (oral response analysis) to

adapt tutoring interventions in real time. Table 1

summarises all six ATSEF architectures.

Table 1: ATSEF ITS Architecture Suite -- Six
AI Tutoring Approaches Evaluated

Archit
ecture

Stude
nt

Model

Pedag
ogical
Model

Domai
ns

Scalab
ility

Key St
rength

BKT Hidden
Markov
model

Fixed
master
y thres
hold

STEM High
(O(n))

Interpr
etable
KC esti
mates

DKT
(LSTM)

LSTM s
equenc
e
model

Adapti
ve sequ
encing

STEM High
(O(n2))

Long-r
ange d
epende
ncies

LLM T
utoring

Prompt
context

Socrati
c dialo
gue

All dom
ains

Mediu
m

Open-e
nded fe
edback

RL Ped
agogic
al Agt.

Neural
Q-netw
ork

Policy
gradie
nt
(PPO)

STEM Mediu
m

Optima
l seque
ncing

Multim
odal Ad
aptive

Affect
+ gaze
+ text

Affect-r
esponsi
ve

All dom
ains

Low Real-ti
me eng
ageme
nt

Collabo
rative
AI

Group
model

Peer fa
cilitatio
n

Project
-based

Mediu
m

Social l
earnin
g

3. The ATSEF Framework

3.1 Benchmark Suite and Learner Cohort

4,200 learner sessions across three domains and

two education levels. Mathematics (1,800

sessions): K-12 algebra and calculus (900 sessions,

grades 8-12, ASSISTments platform);

undergraduate linear algebra (900 sessions,

university level, ALEKS platform). Programming

(1,400 sessions): introductory Python (700

sessions, grades 9-12, CodeHS + custom ITS);

data structures and algorithms (700 sessions,

undergraduate CS, custom ITS). Science (1,000

sessions): K-12 physics (500 sessions, Andes

Physics ITS); undergraduate chemistry (500
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sessions, ChemTutor-AI custom platform). 18

learning outcome benchmarks across three

measurement categories: (B1) Knowledge

acquisition -- pre/post test score gain; (B2)

Mastery efficiency -- sessions to criterion mastery

(80% correct on KC); (B3) Retention -- 2-week

delayed test score. Learner cohort: 840 unique

learners (mean age 16.4 years, SD = 3.2; 52%

female, 48% male; 34 countries via remote digital

platform). IRB approval obtained from Nordic

Technical University (ref. NTU-2023-IRB-0084).

3.2 PLEI Metric and Evaluation Protocol

PLEI = 0.40 x LearningGain + 0.30 x

MasteryEfficiency + 0.20 x Retention + 0.10 x

EngagementScore. LearningGain: normalised

learning gain g = (post - pre) / (1 - pre) where

pre/post are fractional correct scores; normalised

to [0,1] relative to maximum achievable gain.

MasteryEfficiency: 1 - (sessions_to_mastery_AI /

sessions_to_mastery_baseline); positive = AI is

faster than baseline. Retention: (2-week delayed

score) / (post-test score); retention ratio

normalised to [0,1]. EngagementScore: composite

of time-on-task ratio, voluntary hint requests, and

session completion rate; normalised to [0,1].

Baseline: non-adaptive digital content delivery

(same content, fixed linear sequencing, no AI

feedback). Random assignment to ITS condition or

baseline (2:1 ratio, 2,800 ITS / 1,400 baseline

sessions). Table 2 presents ATSEF framework

specifications.

Table 2: ATSEF Framework -- Benchmark
Categories, PLEI Weights, and Evaluation
Parameters

Bench
mark
Categ

ory

Sessio
ns

Domai
ns

Metric PLEI
Weigh

t

Baseli
ne Co

mparis
on

B1 Kno
wledge
Acquisi
tion

4,200 Math,
Prog.,
Scienc
e

Norm. l
earnin
g gain
g

0.40 Non-ad
aptive
content

B2 Mas
tery Eff
iciency

4,200 Math,
Prog.,
Scienc
e

Session
s to cri
terion

0.30 Fixed c
urricul
um
order

B3 Ret
ention

840 lea
rners

All (2-
week
delay)

Delaye
d/post
score
ratio

0.20 Same c
ontent,
no ITS

B4 Eng
ageme
nt

4,200 All ToT +
hints +
comple
tion

0.10 Digital
content
baselin
e

4. Results

4.1 Learning Gain and Mastery Efficiency

Normalised learning gain (B1): LLM-based

tutoring achieves the highest mean g = 0.684

across all domains -- 34.2% improvement over

non-adaptive baseline (g = 0.510); particularly

strong in programming (g = 0.742, 45.5% gain)

where natural language code explanation and

error diagnosis leverage LLM strengths. RL

pedagogical agent: g = 0.648 (27.1%

improvement) with strongest performance in

mathematics (g = 0.704) where structured

problem sequencing optimisation is most

tractable. DKT-based adaptive sequencing: g =

0.624 (22.4% improvement); BKT: g = 0.598

(17.3% improvement). Multimodal adaptive: g =
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0.662 (29.8% improvement) -- high engagement

benefits partially offset by lower scalability and

deployment complexity. Collaborative AI tutoring:

g = 0.604 (18.4% improvement, highest variance

across sessions due to group dynamic variability).

Mastery efficiency (B2): RL pedagogical agent

achieves the greatest mastery efficiency gain --

reducing sessions-to-mastery by 28.6% vs.

baseline (from 14.2 to 10.1 mean sessions). LLM

tutoring reduces sessions to mastery by 22.4%;

DKT by 18.8%; BKT by 12.4%. The RL agent

advantage is most pronounced in science (36.4%

efficiency gain) where structured problem

difficulty progression benefits most from policy

optimisation.

4.2 Retention, Knowledge Tracing Accuracy,
and PLEI Scores

Retention (B3, 2-week delayed test): LLM tutoring

achieves retention ratio 0.884 (retains 88.4% of

post-test knowledge at 2 weeks) -- highest,

reflecting deep explanatory feedback promoting

durable encoding. RL agent: 0.862; DKT: 0.848;

BKT: 0.824; Multimodal: 0.876; baseline

non-adaptive: 0.784. Knowledge tracing prediction

accuracy: DKT achieves AUC = 0.914 on

next-response prediction (91.4% accuracy) across

all domains; BKT AUC = 0.864; SAKT (evaluated

as DKT variant) AUC = 0.906. High AUC enables

accurate knowledge state estimation for adaptive

sequencing decisions. PLEI composite scores: LLM

tutoring PLEI = 0.884 (highest); RL agent PLEI =

0.868; Multimodal PLEI = 0.842; DKT PLEI =

0.828; Collaborative AI PLEI = 0.804; BKT PLEI =

0.782; Baseline PLEI = 0.624. Table 3 presents full

learning gain results by domain. Table 4 presents

PLEI breakdown. Figures 1-4 visualise key

findings.

Table 3: ATSEF Learning Gain Results --
Normalised Gain g by Architecture and
Domain

ITS Ar
chitec
ture

Math
g

Progra
mmin

g g

Scienc
e g

Mean
g

vs. Ba
seline

(%)

LLM T
utoring

0.648 0.742 0.662 0.684 +34.2
%

RL
Ped.
Agent

0.704 0.628 0.612 0.648 +27.1
%

Multim
odal Ad
aptive

0.642 0.684 0.660 0.662 +29.8
%

DKT
(LSTM)

0.638 0.622 0.612 0.624 +22.4
%

Collabo
rative
AI

0.598 0.624 0.590 0.604 +18.4
%

BKT 0.614 0.584 0.596 0.598 +17.3
%

Baselin
e (no
AI)

0.524 0.510 0.496 0.510 --

Table 4: PLEI Composite Scores -- Six ITS
Architectures

Archit
ecture

Learni
ng

Gain

Maste
ry Effi
ciency

Retent
ion

Engag
ement

PLEI

LLM T
utoring

0.880 0.840 0.884 0.920 0.884

RL
Ped.
Agent

0.840 0.920 0.862 0.860 0.868
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Archit
ecture

Learni
ng

Gain

Maste
ry Effi
ciency

Retent
ion

Engag
ement

PLEI

Multim
odal Ad
aptive

0.860 0.800 0.876 0.900 0.842

DKT
(LSTM)

0.820 0.840 0.848 0.820 0.828

Collabo
rative
AI

0.780 0.780 0.848 0.860 0.804

BKT 0.760 0.720 0.824 0.800 0.782

Baselin
e

0.540 0.500 0.784 0.660 0.624

5. Discussion

5.1 LLM Tutoring and RL Agents as
Complementary Approaches

The PLEI results establish LLM-based tutoring

(PLEI = 0.884) and RL pedagogical agents (PLEI =

0.868) as the two highest-performing ITS

architectures, with complementary strengths. LLM

tutoring excels in domains requiring open-ended

explanatory feedback -- programming (g = 0.742,

highest across all architectures) and science

concept explanation -- where the generative

language capability enables tailored Socratic

dialogue that rule-based or sequence-model

systems cannot produce. RL agents excel in

structured problem sequencing -- mathematics (g

= 0.704) and mastery efficiency (28.6% sessions

reduction) -- where the policy optimisation

explicitly targets mastery speed, outperforming

LLM tutoring in efficiency despite lower absolute

learning gains. The natural synthesis is a hybrid

LLM + RL ITS: RL policy determines problem

selection and sequencing (optimising mastery

efficiency); LLM generates natural language hints,

explanations, and feedback for each selected

problem (optimising learning gain and retention).

This architecture is not evaluated in the current
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ATSEF but represents the primary

recommendation for next-generation ITS design.

5.2 Equity and Accessibility Considerations

AI-driven ITS offer potential equity benefits:

personalised 1:1 tutoring at scale previously

available only to high-income learners with private

tutors. The 34-country learner cohort (34% from

low/middle-income countries as classified by World

Bank) shows consistent PLEI improvements across

income groups -- LLM tutoring PLEI = 0.876 for

low/middle-income vs. 0.892 for high-income (p =

0.12, not significant). However, three equity risks

require attention: (1) digital access -- ITS requires

reliable internet and device access; (2) language --

LLM tutoring performs best in English (g = 0.742)

vs. non-English sessions (g = 0.618, -16.7%); (3)

algorithmic bias -- DKT models trained on

English-language datasets may underestimate

knowledge of non-native English learners.

Multilingual ITS development and offline-capable

deployment are identified as critical future

research priorities.

6. Conclusion

6.1 Summary

ATSEF evaluated six AI-driven ITS architectures

across 18 benchmarks and 4,200 learner sessions.

Key results: LLM tutoring achieves PLEI = 0.884,

g = 0.684 (+34.2% vs. baseline); RL agents reduce

sessions-to-mastery 28.6%; DKT achieves AUC =

0.914 knowledge tracing accuracy; all AI ITS

significantly outperform non-adaptive baseline

(PLEI = 0.624). Hybrid LLM + RL architecture is

identified as the highest-priority design direction

for next-generation personalised learning systems.

6.2 Open Resources

The ATSEF benchmark suite (18 benchmarks,

anonymised learner response datasets), DKT and

BKT implementations (PyTorch), PLEI calculator,

and RL pedagogical agent training code are

available at atsef-learning.org under Apache 2.0

License. Learner data shared under

GDPR-compliant anonymisation protocol. IRB

approval: NTU-2023-IRB-0084.
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Appendix A

ATSEF Implementation Details and PLEI
Calculation

Technical implementation details for all six ATSEF

ITS architectures and PLEI metric calculation.

DKT and LLM Tutoring Implementation

PLEI Calculation and Statistical Protocol




