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OUTLINE

» Large language models and chatbots
« Chatbots for professional development

« What’'s next



LARGE LANGUAGE MODELS (LLMS)

"Models that are capable of predicting the
most probable words in a sequence based
on their training using large sets of textual
data.”




https://arxiv.org/abs/1706.03762

Attention Is All You Need

https://cdn.openai.com/research-covers/language-unsupervised/language understanding paper.pdf
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks in an encoder-decoder configuration. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

Improving Language Understanding
by Generative Pre-Training
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Abstract

Natural language understanding comprises a wide range of diverse tasks such
as textual entailment, question answering, semantic similarity assessment, and
document classification. Although large unlabeled text corpora are abundant,
labeled data for learning these specific tasks is scarce, making it challenging for
discriminatively trained models to perform adequately. We demonstrate that large
gains on these tasks can be realized by generative pre-training of a language model
on a diverse corpus of unlabeled text, followed by discriminative fine-tuning on each
specific task. In contrast to previous approaches, we make use of task-aware input
transformations during fine-tuning to achieve effective transfer while requiring
minimal changes to the model architecture. We demonstrate the effectiveness of
our approach on a wide range of benchmarks for natural language understanding.
Our general task-agnostic model outperforms discriminatively trained models that
use architectures specifically crafted for each task, significantly improving upon the
state of the art in 9 out of the 12 tasks studied. For instance, we achieve absolute
improvements of 8.9% on commonsense reasoning (Stories Cloze Test), 5.7% on
question answering (RACE), and 1.5% on textual entailment (MultiNLI).
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CHATBOTS

"An application that interacts with users
through natural language, typically in the
form of text or speech.”



— Post

. Sam Altman &
@sama

ChatGPT launched on wednesday. today it crossed 1 million users!

12:35 AM - Dec 5, 2022

Q 1,084 17 3.826 QO s0.9k [] 1152 1
Source: https://twitter.com/sama/status/1599668808285028353

Daily worldwide visits to OpenAl's website and its ChatGPT platform
November 2022 to February 2023

OpenAl.com = ChatGPT
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Source: Similarweb

1 million users signed up in ChatGPT

over the five days after its release on
November 30, 2022

ChatGPT reached 100 million monthly
active users only two months into its
launch.



Can you define formative assessment?

Formative assessment refers to a process-oriented approach to evaluating student learning that occurs
during instruction rather than at the end. Its main goal is to gather evidence of student understanding in

real time so teachers and learners can make immediate adjustments to improve learning outcomes.

In practical terms:

e |tinvolves ongoing feedback loops—teachers observe, question, and review students’ work to identify

strengths, misconceptions, and next steps.

e The information collected is used to adapt teaching and guide students toward improvement, rather than

to assign grades or make final judgments.

Key Characteristics
1. Diagnostic and forward-looking — helps identify what students know and what they need to learn next.
2. Embedded in instruction — happens continuously through activities like questioning, discussion, exit

tickets, or short reflections.

3. Feedback-centered — provides actionable feedback that promotes student self-regulation and

motivation.

4. Collaborative — engages both teachers and stuc |, ; in understanding learning goals and progress.

Source: GPT-5 (Oct 9, 2025)



Conversation-Based
Assessment

- Conversational Al
- NLP-supported feedback
- Ability to ask for hints or explanations

Wl AT&T = 2:04 AM . @v3.

izBot >
< Home S

Yes, answer please.

You didn't get it right this time.

No worries! You'll get it next time!

The correct answer is 12 to 18

@ months.

Next question fa

I think you'll like this question.

What three major factors cause
@ food contamination?

Biological, chemical, and physical
factors

That's right! £+

The correct answer is physical,

@ biological, and chemical. -

<Why?> <Next question [, ) {Change subject @

o ) (a © O

Feedback after a
wrong answer

Wl AT&T = 2:05 AM L@73m

izBot >
Chome 2 G

" ,vu IREIVEY A oYYy, ,vu oA

type it in and I'll help you to
evaluate the answer &

m What does CERT stand for?

Central emergency response terminal

That's not quite right. &

The correct answer is Community
@ Emergency Response Team.

This is why:

CERT members help with disaster
preparedness as well as disaster
relief. Be aware if your community
has one. Have their number handy
and contact them in case of
emergency after a quake if
professional responders are not
m immediately available.

(Next question £, ) (Change subject Q)

@ ©

Feedback after a
correct answer




& YOU TURNED HISTORY OFF
Messages sent with history off are deleted after 24 hours

(C YOU TURNED HISTORY ON

Messages sent with history on are saved

& YOU TURNED HISTORY OFF
Messages sent with history off are deleted after 24 hours

(C YOU TURNED HISTORY ON
Messages sent with history on are saved

& YOU TURNED HISTORY OFF
Messages sent with history off are deleted after 24 hours

(C YOU TURNED HISTORY ON
Messages sent with history on are saved

& YOU TURNED HISTORY OFF
Messages sent with history off are deleted after 24 hours

History is off

Yildirim-Erbasli, S. N., & Bulut, O. (2023). Conversation-based assessment: A novel approach to boosting test-taking effort
in digital formative assessment. Computers & Education: Artificial Intelligence, 4, 100135. doi:10.1016/j.caeai.2023.100135



You will participate in a convarsation about the scenario below.

You are a student in a journalism class. After today's lecture on repoarting,

you approach your professor to ask them more about what it means to

cullrvale sources,

Duolingo English Test
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Language models in automated essay scoring: Insights for the Turkish
language

Tahereh Firoozi™’!", Okan Bulut'"'!, Mark J. Gierl"'!

'University of Alberta, Edmonton, Alberta, Canada

ARTICLE HISTORY Abstract: The proliferation of large language models represents a paradigm shift
Received: Nov. 22, 2023 m the landscape of automated essay scormng (AES) systems, fundamentally
elevating their accuracy and efficacy. This study presents an extensive examination
of large language models, with a particular emphasis on the transformative
influence of transformer-based models, such as BERT, mBERT, LaBSE, and GPT,
in augmenting the accuracy of multilingual AES systems. The exploration of these
advancements within the context of the Turkish langnage serves as a compelling

Accepted: Dec. 17, 2023

Keywords:
Automated essay scoring,

Word embedding, illustration of the potential for hamessing large language models to elevate AES
Transformers. 8 a -

> performance m in low-resource linguistic environments. Our study provides
BERT, valuable imsights for the ongomng discourse on the intersection of artificial
Turkish AES.

mtelligence and educational assessment.

1. LANGUAGE MODELS IN AUTOMATED ESSAY SCORING

Automated essay scoring (AES) is a sub-task of text classification that uses computer
algorithms to score essays written by humans automatically. Machine and deep learning
algorithms are often utilized to build a scoring engine that can model the scoring performance
of human raters. The model is then employed to classify essays into different score classes (i.e.,
score categories). AES systems typically work by analyzing the text of an essay and applying
a set of linguistic features to assess its quality. These features may include grammar,
vocabulary, sentence structure, coherence, and the presence of relevant arguments or evidence.
The AES system builds the scoring model using techniques and procedures from the fields of
natural language processing (NLP) and computational linguistics where linguistic features are
extracted from the instances of human-scored essays (i.e., labeled data) and furned into
numerical representations that a machine or deep learning model can process. The most
common NLP techniques for feature extraction include text length features, bag of words, and
pre-trained large language models such as Bidirectional Encoder Representations from
Transformers (BERT: Devlin et al., 2018).

Text length features are simple and effective in general text analysis and AES (Fleckenstein et
al., 2020; Hussein et al., 2019). as they have been widely used to evaluate essays based on their

*CONTACT: Tahereh FIROOZI X tahereh.firoozi@ualberta.ca [&] University of Alberta, Edmonton,
Alberta, Canada

e-ISSN: 2148-7456 /© DIATE 2023

Journal of Applied Testing Technology, Vol 23(Special Issue 1), 21-29, 2022
The Effect of Fine-tuned Word Embedding
Techniques on the Accuracy of Automated Essay
Scoring Systems Using Neural Networks

Tahereh Firoozi", Okan Bulut', Carrie Demmans Epp? Ali Naeimabadi?and Denilson Barbosa?

Centre for Research in Applied Measurement and Evaluation, University of Alberta,
Edmonton, Canada; taherehfiroozi@ualberta.ca
“Department of Computing Science, University of Alberta, Edmonton, Canada

Abstract

Automated Essay Scoring (AES) using neural networks has helped increase the accuracy and efficiency of scoring students’
written tasks. Generally, the improved accuracy of neural network approaches has been attributed to the use of modern word
embedding techniques. However, which word embedding techniques produce higher accuracy in AES systems with neural
networks is still unclear. In addition, the importance of fine-tuned word embedding techniques on the accuracy of the AES
systems is not justified yet. This study investigates the effect of fine-tuned modern word embedding techniques, including
pretrained GloVe and Word2Vec, on the accuracy of a deep learning AES model using a Long-Short Term Memory (LSTM)
network. The dataset used in this study consisted of 12,978 essays introduced in the 2012 Automated Scoring Assessment
Prize (ASAP) competition. Results show that fine-tuned word embedding techniques could significantly improve the accuracy
of the AES (QWK= 0.79) compared with the baseline model without pretrained embeddings (QWK = 0.73). Moreover, when
used in AES, the pre-trained GloVe word embedding (QWK= 0.79) outperformed Word2Vec (QWK = 0.77). The results of
this study can guide future AES studies in selecting more appropriate word representations and how to fine-tune the word
embedding techniques for scoring-related tasks.

Keywords: Automated Essay Scoring, Glove Embedding, Neural Networks, Word Embeddings, Word2Vec

1 . |ntr°duction & Yang, 2017). Studies have shown that deep learning

models, including Convolutional Neural Networks

System 133 (2025) 103784

A major educational assessment challenge is to assess
students’ written tasks reliably and efficiently. Human
raters usually perform this task, but we need methods
that scale more easily to large online courses or
high-stakes test-taking settings where there may be
thousands of submissions to grade. Automated Essay
Scoring (AES) tries to solve this problem by developing
computational models to assess students’ written tasks
automatically. Recently, with the advent of deep learning
models and advanced tools for extracting linguistic
features (Uto, Xie, & Ueno, 2020), the accuracy of AES
systems has been significantly improved in a way that
AES systems perform comparably to human raters in
terms of their reliability and accuracy (Dong, Zhang,

(CNNs) and Long-Short-Term Memory (LSTM), can
achieve state-of-the-art accuracy in AES (Taghipour &
Ng, 2016). Similar to promising improvements observed
with deep learning, modern word embedding techniques,
including pretrained GloVe embedding (Pennington,
Socher, & Manning, 2014) and Word2Vec (Mikolov,
Chen, Corrado, & Dean, 2013), have helped improve the
accuracy of neural networks in general. However, it is still
not clear how fine-tuned word embedding techniques
can improve the accuracy of deep learning AES models.
Hence, this study investigated the effect of fine-tuned
Word2Vec and GloVe embeddings on the accuracy of
AES systems using neural networks. The questions which
guided this study are:

Automated Scoring

Contents lists available at ScienceDirect
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Automated scoring in the era of artificial intelligence: An e |
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empirical study with Turkish essays
Burak Aydin b, , Tank Kisla b, Nursel Tan Elmas “, Okan Bulut d
* Educarional Sciences, Leuphana University, Germany
® Faculty of Education, Ege University, Tiirkiye
® Gasi University, Tiirkiye
4 Faculty of Education, University of Alberta, Canada
ARTIGCLE INFO ABSTRACT
Keywords: Auromated scoring (AS) has gained significant attention as a tool to enhance the efficiency and
Automated scoring reliability of assessment processes. Yet, its application in under-represented languages, such as
Large language models Turkish, remains limited. This study addresses this gap by empirically evaluating AS for Turkish

Zere-shot with rubric
Rater reliability
Turkish essays
Multilevel models

using a zero-shot approach with a rubric powered by OpenAl's GPT-40. A dataset of 590 essays
written by learners of Turkish as a second language was scored by professional human raters and
an artificial intelligence (Al) model integrated via a custom-built interface. The scoring rubric,
grounded in the Common European Framework of Reference for Languages, assessed six di-
mensions of writing quality. Results revealed a swrong alignment berween human and Al scores
‘with a Quadratic Weighted Kappa of 0.72, Pearson correlation of 0.73, and an overlap measure of
83.5 %. Analysis of rater effects showed minimal influence on score discrepancies, though factors
such as experience and gender exhibited modest effects. These findings demonstrate the potential
of Al-driven scoring in Turkish, offering valuable insights for broader implementation in under-
represented languages, such as the possible source of disagreements between human and Al
scores. Conclusions from a specific writing task with a single human rater underscore the need for
future research to explore diverse inputs and multiple raters.

1. Introduction

Automated scoring (AS) can be broadly defined as using computers to characterize the quality of individuals® performance (Foltz
etal., 2020). Tracing back to the late 1960s (e.g., Page, 1966), research activity on AS for student essays has gained momentum in the
last two decades. In their recent introduction to The Routledge International Handbook of Automated Essay Evaluation, Shermis and

Vilson (2024) summarized these developments under three definitions: automated essay scoring (AES), automated essay evaluation
(AEE), and automated writing evaluation (AWE). AES involves assigning scores to essays for summative assessment purposes, AWE
refers to formative assessment to create scores and feedback on texts of varying lengths, and AEE encompasses both assigning scores

* Preliminary results of this study were presented at the 9th International Conference on Measurement and Evaluation in Education and
Psychology.
* Corresponding author.
E-mail addresses: burak.aydin@leuphana.de, burak.aydin@ege.edu.tr (B. Aydin), tarik.kisla@ege.edu.tr (T. Kigla), nursel.elmas@gazi.edu.tr
(N.T. Elmas), bulut@ualberra.ca (0. Bulut).

https://doi.org/10.1016/j.5ystem.2025.10378:

Received 6 March 2025; Received in revised form 1 July 2025; Accepted 14 July 2025

Available online 21 July 2025

0346-251X/@ 2025 The Authors. Published by Elsevier Lid. This is an open access article under the CC BY license
(hrtrp://creativecommons.org/licenses/by/4.0/).



Automated Scoring Pipeline
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Automated Feedback Generation for Open-Ended Questions:
Insights from Fine-Tuned LLMs
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Abstract

Timely, personalized, and actionable feedback 1s essential for effective learning but chal-
lenging to deliver at scale. Automated feedback generation (AFG) using large language
models (LLMs) can be a promising solution to address this challenge. While existing
studies using out-of-the-box LLMs and prompting strategies have shown promise, there is
room for improvement. This study investigates the fine-tuning of OpenAl’'s GPT-3.5-turbo
for AFG. We developed feedback for open-ended situational judgment questions, and this
small set of hand-crafted feedback examples was used to fine-tune the pre-trained LLM
using specific prompting strategies. Our evaluation, conducted by independent judges and
test experts, found that the feedback generated by our fine-tuned GPT-3.5-turbo model
achieved high user satisfaction (84.8%) and met key structural quality criteria (72.9%).
Also, the model generalized effectively across different items, providing feedback consistent
with instructions, regardless of the respondent’s performance level, English proficiency, or
student status. However, some feedback statements still contained linguistic errors, lacked
focused suggestions, or seemed generic. We discuss potential solutions to these issues,
along with implications for developing LLM-supported AFG systems and their adoption in
high-stakes settings.

Keywords: automated feedback generation, open-ended question, LLM, fine-tuning, GPT.

1. Introduction

Extensive research underscores the critical role of feedback in education (Hattie and Tim-
perley, 2007) and advocates for a shift from assessment of learning to assessment for learning
(Wiliam, 2011). The literature strongly recommends that educators provide feedback that
is timely, personalized, and detailed (Hattie and Timperley, 2007), encourages active stu-
dent engagement through dialogue (Carless, 2016), and offers actionable suggestions for
improvement (Sadler, 2010b). However, generating feedback that aligns with these crite-
ria imposes significant demands on educators (Boud and Dawson, 2023), who are already
burdened with substantial workloads and the risk of burnout (Jomuad et al., 2021). More-
over, delivering such high-quality feedback is often impractical in the context of large-scale
assessments or large classrooms, such as those in massive open online courses (MOOCs).
Yet, feedback remains essential in these settings, particularly when assessments have sig-
nificant consequences for learners or when online education limits access to instructor and
peer support.

(© 2024 E. Mazzullo & O. Bulut.

Teaching LLMs how to generate
feedback automatically:

* Fine-tuning
« Chain-of-thought prompting

* Few-shot prompting



Your response expresses a partial agreement with the statement about
forglveness and compassion, high nderstanding and
empathy in forgiveness. However, Wand could benefit
from providing concrete examples or personal experiences to support your
nerspective. The factors you mention, such as envy and anger, are valid
challenges to compassion, but your response lacks strategies or insights into
overcoming these challenges. Furthermore, about the link
between self-happiness and compassion is and could be
strengthened by offering more specific insights or examples. In discussing the
relevance of compassion in healthcare, you touch upon its importance but
don't delve into Spec ific ways it can impact patient care or the healthcare
environment. To Improve your response, consider providing more detailed

examples and expanding on the importance of compassion in healthcare,
demonstrating a deeper understanding of its role in your future career.

Personalization Positives - Actionable suggestions




PD FOR TEACHERS

Traditional professional development (PD) for
teachers:

Professional — Organized as lectures, workshops, training sessions,
seminars, and conferences
Development
— Often passive or disconnected from immediate
* classroom needs
gj — Lack of self-directed learning

— Focuses on teaching a brand-new skill to try out
(leading to blank page syndrome)




TEACHER-BANDWITH
PROBLEM

> 10%
CAPACITY: OVERLOADED




INSPIRATION FROM

CAPACITY: OPTIMIIZED LEARNING PARTNERSHIP

The Automation Approach The Connectivist Approach



PROMISE OF CHATBOTS FOR PD

« Always-on, dialogic support

— On-demand coaching, reflective partner, inquiry
companion

Chatbots

 Personalization at scale

— Contextual exemplars, adaptive scaffolds, and
multilingual support

« Workload relief

— Automating repetitive tasks; faster access to curated
resources

 Bridging access gaps
— Equity for remote schools, off-hours support



BULUT & VO (UNDER REVIEW)

» Chatbots constitute a large portion of the Al-for-
teacher-learning literature (Tan et al., 2025).

Chatbot for « What evidence says about the effectiveness of
Teacher PD chatbots for teacher PD

(=== . « PRISMA-ScR rapid scoping review

o

oC

» Eligibility: Pre-/in-service teachers; real
Interventions: instructional outcomes

. 7 core databases + IEEE Xplore + Google Scholar:
English: 2010-2025



LITERATURE SEARCH STRATEGY

Identification of studies via databases and registers

Identification

) |

Screening

Records identified from:

Databases (n = 7741)
Scopus (n = 1685)
Proquest Education Database (n = 1437)
|EEE Xplore (n = 983)
Web of Science (n = 968)
ERIC [n =937)
Academic Search Complete (n = 580)
Education Research Complete (n = 354)
Google Scholar (n = 502)
PsycINFO (n = 95)

References removed before screening (n = 3852)
Duplicates identified manually (n = 31)
Duplicates identified by Covidence (n = 3821)

i

Studies screened (n = 3889)

Studies excluded (n = 3786)

‘

Studies sought for retrieval (n = 59)

Studies not retrieved (n = 1)

v

Studies assessed for eligibility (n = 58)

Y

[ Included ][

Studies included in review (n = 35)

Studies excluded [n = 23)
Wrong study design (n =3)
Wrong study population (n=1)
Wrong outcomes (e_g., Al literacy) (n = 8)
Wrong intervention (e.g., no chatbot use) (n=5)
Wrong setting (e.g., not training setting) (n = 6)




RESEARCH QUESTIONS @

RO1 What are the primary ways that chatbots are supporting teacher learning and
development interventions?

RQ2 How are these chatbot-supported training interventions evaluated?



FINDINGS #1: PUBLICATION TRENDS

* Rising fast post-2021
« Nearly half of the studies published in 2024

« Participants
« x69% pre-service; diverse sample sizes

 Location
« Concentrated in East Asia; North America second; notable regional gaps



2
Number of Articles (UN Subregion)

o (Eastern Asia) » )
Z4 7 (Northern America) ‘ ,. 4
" 4 (Western Asiq) ‘;/\rv S /'ﬂ,-
B 2 (Southern Europe, West Africa, { {<i’
Western Europe) /

B ' ( Australia & New Zealand,
Central Asia, Northern Europe,
South-eastern Asia, Southern
AsiQ)

1 3 S 7 9 1 13 15

Note. The choropleth map displays the number of included studies by country, categorized by the UN M49 subregion classification (N = 35). Colors range from violet (lowest frequencies) to red
(highest frequencies), reflecting the number of studies conducted within each subregion. A striped pattern indicates regions that had at least one included study. Regions in non-patterned grey

had no representation.



100
3 (8.6%)

6 (17.1%)

75

Teacher Domain
Elementary

English Language Teaching

Percentage
(9]
o

- General
B Math
8 (22.9%) B sTEM-related
. Other
25
8 (22.9%)
2 (5.7%
. (9.7%)

Note. Teacher domain representation in the included articles (N = 35). English Language Teaching includes all forms of English instruction, whether as a first, second, or foreign language.
General refers to studies that either involved a mix of teacher domains or did not specify a particular subject area. Math includes only studies focused exclusively on mathematics education.

STEM-related encompasses studies situated in STEM, science, or combined math and science teaching contexts. Other is comprised of a study in the visual arts domain and another involving
learning support teachers.



Table 1

Chatbot Type Used in Included Articles (N = 35)

Chatbot type n (%)
Out-of-the-box GPT 15 (42.9)
GPT-based 6 (17.1)
Google Gemini 1(2.9)
Custom-built 13 (37.1)

Note. Out-of-the-box GPY applications, including unaltered versions of the GPT API, Microsoft Copilot,
or ChatGPT. GPT-based studies include those that used the GPT API but involved some modification or

fine-tuning. Custom-built refers to chatbots developed independently by researchers or developers,

with no mention of underlying large language models.



FINDINGS #2: HOW CHATBOTS ARE USED

SIMULATION-BASED LEARNING

One-on-one sim
(n =10, 28.6%)

Classroom sim
(n =2, 5.7%)

CONTENT FACILITATION

Engagement Delivery
(n = 4, 11.4%) "= 2570

DIALOGIC PARTNER

Reflective partner [|Inquiry partner
(n = 3, 8.6%) (n = 2, 5.7%)



FINDINGS #3: HOW CHATBOTS ARE EVALUATED

« Common practices
— Perceived usefulness, self-efficacy, reflective artifacts

- More rigorous cases
— Pre/post measures; rubric-based artifact scoring; quasi-experiments

« Gaps
— Limited long-term follow-up; scarce classroom performance links; scarce equity analyses



FOUR PRACTICAL DESIGN CASES

1) Trainer-assigned microtasks
« Structured prompts, rubric-aligned outputs, rapid critigue cycles

2) Virtual student rehearsal
« Prompt templates for misconceptions; debrief on teacher moves

3) Content engagement/facilitation
« Socratic questioning; mistake analysis; spaced recap

4) Reflective partner
« Weekly check-ins; goal tracking; evidence-linked reflections

17



LIMITATIONS AND RISKS

1) Al may not always deliver...
* Al's low accuracy and unexpected responses

2) Cognitive and engagement risks
« Surface-level engagement and lack of deeper cognitive engagement

3) Institutional and collaborative constraints
* Teachers' reluctance to share their GenAl-assisted PD experiences with
colleagues and peers
« Over-dependence and digital burnout

17



WHAT'S NEXT?




Imagine you’re a teacher preparing tomorrow’s lesson. You open
a chatbot and ask, ‘How can | assess my students’ collaboration
skills?” What kind of help would you want from that chatbot?



PD Chatbot for

Assessment Literacy Hierarchy Assessment Literacy

Does (decision-making with w

assessments) @ -
I
@
o9

o

4

Shows how (rationale for assessment
decisions)

Knows how (assessment tools works)

Knows (assessment concepts and
principles)




Role-playing K-12 classroom scenarios

Scenario-Based
Learning with
LLMs: An

Exploration

LLM simulates student/parent roles

Real-time teacher responses evaluated

Feedback and grading on assessment techniques

Adaptive difficulty based on performance







Thank You

bulut@ualberta.ca
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