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Meetup vibe

● It is not about teaching AI

● Practical applications of AI in education

● Place where EdTech business and academia meet

● Discussions about the opportunities and challenges in creating 
AI-powered learning solutions

● Networking for people interested in this area

● Technical angle



Meetup series topics

● RL Reinforcement Learning in Education

● KT Knowledge Tracing, Student Modeling, Cognitive Modeling

● ITS Intelligent Tutoring Systems, Adaptive Learning

● LA Learning Analytics, Educational Data Mining, Predictive Analytics

● CD Curriculum Design

● AA Automated Assessment & Feedback, Grading



Agenda

18:45 | Welcome & Opening Remarks
19:00 | Presentation 1: Pavel Katunin 
               “N+1 Approach to Education”
19:30 | Pizza + Networking
20:15 | Presentation 2: Vassili Philippov
              “Finding concepts in learning materials and student answers”
20:45 | Closing Remarks & Next Steps







Interesting AI in Education Papers: Apr - Sep 2026



1. AI Tutoring with Khanmigo:
Two-Year School Experiment

By Philip Oreopoulos 󰎟, Nina Low 󰑔

18 schools, two-year randomized trial. Students got Khan Academy with the 
Khanmigo AI tutor in their daily 25–40 min remedial maths sessions.

Maths +0.06–0.08 SD per year.

AI dose: about 1 meaningful tutoring exchange per week.

The gain looks like practice, not AI.

ITS



2. Better Problem Order:
Same Chatbot, +0.15 SD

By Angel Tsai-Hsuan Chung 󰑔, Hamsa Bastani 󰑔, et al.
RL

770 Taipei high-school students, 5-month Python course, randomized.

Same AI chatbot for everyone; only the order of practice problems differed: 
adaptive vs fixed easy-to-hard.

+0.15 SD on an exam without AI. Beginners +0.22 SD, experienced +0.01.

"RL" ≈ greedy difficulty matching; no simple adaptive baseline.

ITS



3. Cognitive Surrender:
Study Time Fell After ChatGPT

By Sina Rismanchian 󰑔, Eyad Kurd-Misto 󰑔, et al.

10 years of ALEKS logs (3.2M practice sessions). After ChatGPT, time on word 
problems (pasteable into a chatbot) fell 27–31% in college and high school; 
graph problems flat.

The effect vanishes under proctoring.

Proctored retention on word problems: odds −25% relative to graph problems 
(p=0.04).

LA



4. "Act Like a 5th Grader"
Is Not Enough

 By Krisztian Balog 󰐘, Arild Michel Bakken 󰐘

Real reading-test answers from 2,359 Norwegian pupils (grades 4–6).

LLMs told to act like a 5th grader score 96–99%; real pupils score 69%.

Random guessing is closer to real children than any LLM.

Limiting the model's memory fixes the average score, not which questions are 
hard.

KT



5. StudentSim:
Simulators Trained on Real Learners

By Ke Yang 󰑔, Jianfeng Gao 󰑔, et al.

One fine-tuned simulator per real learner: chess, English writing, maths (60 
learners).

Predicts a learner's real next move better than Maia2 and GPT-5.4 (chess: 0.52 
vs 0.45 vs 0.23).

Used as an RL reward, it trained a chess tutor rated more accurate (90.5% vs 
75.7% without RL).

No real learners were tutored.

RL

KT



6. Who Am I?
Simulated Students With Real History

By Zhangqi Duan 󰑔, Andrew Lan 󰑔, et al.

Eedi maths: 670 students, 1,775 real tutoring chats.

An RL-trained profile summarises each student's past answers and chats; a 
simulator predicts their next message.

Beats GPT-5.4 given the raw history.

Honest, modest results: it matches the student's actual misconception only 
15% of the time.

RL

KT



7. Knowledge Tracing
Inside the Chat

By Shuyan Huang 󰑔, Andrew Lan 󰑔, et al.

Predicts whether a student will answer the tutor's next question correctly, 
turn by turn.

An LLM reads the chat and outputs two readable numbers: student ability and 
question difficulty (IRT).

LLM methods beat classic KT on real Eedi chats (AUC 65 vs 56).

Only +0.4 AUC over the previous LLM method; the value is interpretability.

ITS

KT



8. Stable and Faithful:
Simple Model vs Deep KT

By Praveena Padi 󰑔, Pradeep Kumar Dolabehera Kakitapelli 󰑔, et al.

XGBoost with 13 teaching-meaningful features (spacing, mastery, response 
time) vs DKT, SAKT, AKT, SimpleKT.

Same information: the simple model ties deep KT (AUC 0.717 vs 0.720).

Better features: it beats them (0.786).

Bonus: duplicated rows in the standard ASSISTments 2009 dataset leak the 
answers.

KT



9. Which Hint to Give?
Offline RL From Real Logs

By Badmavasan Kirouchenassamy 󰏃, Vanda Luengo 󰏃, et al.

AlgoPython logs: 2,672 learners, 25K submissions. The old system picked 
feedback at random, which is ideal for offline RL.

Learned which of 123 expert-written messages to show (Conservative 
Q-learning).

Large estimated gains, but offline only: no student has used the learned policy 
yet.

AA

RL





How will the next breakthrough 
in education happen?



What qualities will the next best 
educational product have?



What qualities the new best education product will have?

1 to 1 education
(0.7 sigma problem)

Has objective measurable 
metrics of success

Super human level of teaching Full Multimodality

1. 2.

3. 4.



Today you will learn:



Today you will learn:

The most efficient approach 
to education

1.



Today you will learn:

The most efficient approach 
to education

Where LLMs perform poorly 
in education

1. 2.



N + 1 
Approach to Education





What is Reinforcement Learning?

Learning by trial 
and error

Goal: maximize 
cumulative reward

1.

4.

3.2.
Agent + 
environment

Rewards provide 
feedback

Policy = decision-
making strategy

Exploration 
vs. exploitation

5. 6.



Will RL get us to 
a superhuman tutor?



RL is superhuman in

2016
AlphaGo

2019
OpenAI Five































Optimizing:
subject knowledge 

at the end of the course 



TOEFL
~2 hours

IELTS
~3 hours

TOEIC
~3-4 hours

Cambridge
~4 hours



~15 min Glite Quick General English Test











glitedictionary.com

＋  Grammar Rules

＋  Mistakes

＋  Pronunciation concepts

http://glitedictionary.com


N

+1

N + 1



Simulations in RL



http://www.youtube.com/watch?v=6qbW7Ki9NUc


http://www.youtube.com/watch?v=iJlEbHsgM7Q






How well do you think LLMs 
succeed in this task?



Study Metric Classic KT LLM, prompted only LLM, fine-tuned

Neshaei 2024, 3 datasets AUC DKT 0.75–0.83, BKT 0.63–0.71 GPT-3.5: 0.49–0.50 GPT-3.5: 0.68–0.71

Hooshyar 2025, ASSISTments AUC DKT 0.83 Llama 3 8B: 0.69 Llama 3: 0.77

Bhattacharyya 2026, Eedi Accuracy SAKT 72.7%, DKT 71.8% GPT-4o-mini: 58.6% Llama-1B: 71.0%

Huang 2026, tutoring chats AUC Best deep KT: 0.56 / 0.63 Not tested 0.65 / 0.77

Prompted LLMs lose to small, specialised KT models

Sources: Neshaei et al., EDM 2024 · Hooshyar et al., 2025 · Bhattacharyya et al., 2026 · Huang et al., BEA 2026

0.49–0.50
Zero-shot GPT-3.5 AUC: 
chance level. On Eedi, 
GPT-4o-mini (58.6%) 
is below a per-question 
average baseline (66.5%).

AUC gap between fine-tuned 
Llama 3 (0.77) and DKT 
(0.83), after about 198 hours 
of training.

−6 pts 615–12,400×
Lower inference cost for KT 
models than for LLMs on 
Eedi. Latency under 0.25 s, 
against 3 s or more.

+9–13 pts
Where LLMs win: fine-tuned 
on tutoring-chat text, over 
deep KT. Absolute AUC 
is still 0.65–0.77.



Study What is measured Reference point Prompted LLM “student”

Balog & Bakken 2026 Reading test score, 2,359 pupils Real pupils: 68.7% 95.6–98.5%

Balog & Bakken 2026 Score-distribution gap, JSD Real 0.006, random 0.52 0.63–0.77

Srivatsa et al. 2025 NAEP percentile when told the grade Average student: 50th o3-mini ~99th, Qwen-7B 18th

Yang et al. 2026 One learner: chess / L2 / maths Naive: 0.45 / 0.51 / 0.49 GPT-5.4: 0.23 / 0.51 / 0.61

Duan et al. 2026 Same misconception as the student History + RL: 15% GPT-5.4: 8–11%

96–99%
Score of six models told 
to act as 5th graders; real 
pupils got 69%. Random 
guessing matches the score 
spread better.

Change in accuracy when 
20+ models take on low, 
medium or high proficiency 
personas (Li et al., 
ACL 2026).

<1% ρ = 0.34
GPT-5's correlation with real 
item difficulty, below GPT-4.1 
(0.44). Stronger models 
simulate worse.

0.7 → 0.09
What works: JSD after 
a working-memory limit 
is built in. Constraint and 
per-student training help; 
prompts do not.

Sources: Balog & Bakken, EMNLP Findings 2026 · Srivatsa et al., 2025 · Li et al., ACL 2026 · Yang et al., 2026 · Duan et al., 2026

A persona prompt does not make the model know less



How can learners be exposed to the concepts?



How can learners be exposed to the concepts?

📚 Content

🎬
🎧

📄







N + 1 
Approach to Education





Quiz



Pavel Katunin
Co-founder, CPTO

linkedin.com/in/pavelkatunin
pavel@glite.ai

http://linkedin.com/in/pavelkatunin
mailto:pavel@glite.ai


Slides Deck



How do we automatically find concepts in 
learning materials and student answers?

Vassili Philippov
Co-founder, CEO Glite Tech

linkedin.com/in/vassiliphilippov/

vassili@glite.ai

https://www.linkedin.com/in/vassiliphilippov/
mailto:vassili@glite.ai






Find concepts here?

Kahoot time 



Why do you need concept extractor? 

Imagine, you already have this. How would you use it?



Why do you need concept extractor? 

1. Find mistakes 2. Indexing
materials

3. Importance/
frequency

4. Spontaneous 
practice

5. Cross subject 6. Check LLM tasks



Concept  Extractor @ Glite

Words from movies Video examples Importance



What you will learn? 

How to create State Of The Art concept extractor for 
English, Maths and other subjects



Bi-Encoder 



Cross-Encoder 



Hybrid 



What about LLMs? 















Relabeling of SemCor Using LLM

Traditional SemCor

BEM 78.9%

ESCHER 81.3%

ConSeC 83.3%



Relabeling of SemCor Using LLM

Traditional SemCor GPT-5.5-relabeled

BEM 78.9% 86.7%     +7.8%

ESCHER 81.3% 88.1%     +6.8%

ConSeC 83.3% 90.7%     +7.4%



sense-bench.com



~50,000x
cheaper than top LLMs

~100x
cheaper than cheap LLMs



Is Price an issue?



Movies: 37K movies

Guess the price



Movies: 37K movies, 200M words
Top LLM: $1M,      Cheap LLM: $2K,      bi-encoder: $26





TV Series: 78K episodes, 300M words
Top LLM: $1.5M,      Cheap LLM: $3K,      bi-encoder: $40



YouTube: 200K videos, 900M words
Top LLM: $4.5M,      Cheap LLM: $9K,      bi-encoder: $120



Songs: 7M songs, 2B words
Top LLM: $10M,      Cheap LLM: $20K,      bi-encoder: $260



Books: 57K books, 3B words
Top LLM: $15M,      Cheap LLM: $30K,      bi-encoder: $390



Glite Dictionary v5, 50B words
Top LLM: $250M,      Cheap LLM: $500K,      bi-encoder: $6500



Student Prices 

Time of typical task 2-5 mins

Concepts in a typical task 10-50

Concepts per student hour 100-1000

Top LLM concept extraction $0.5 - $5 per student hour 







1st Place 



Practical Recipe











Training

1. Fine-tuning encoders or smaller LLMs

2. Use top LLMs as teachers

3. Active learning: choose which examples are worth paying to label

4. Contrastive training 







Thank-you!
We hope to see you at our next meetup next year


