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Research field

Machine Learning

Al for Healthcare

Natural Language Processing
Multi-modal Learning

— Education
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B.S. (Computer Science), Seoul National University, 2007
M.S. (Computer Science), KAIST, 2007
Ph.D. (Computer Science), Georgia Institute of Tech., 2018

o Thesis: Interpretable deep learning for longitudinal electronic health records

Professional Experience

Researcher at ETRI, Korea, 2010-2014
o Research on NLP and Text Mining

Research Intern at Sutter Health, US, 2014 & 2015
o Research on deep learning models for heart failure prediction

Research Intern at Google & DeepMind, UK & US, 2017
o Research on language learning and model compression

Software Engineer at Google Brain & Health, US, 2018-202
o Research on EHR-based prediction

Assistant Professor at KAIST, Korea, 2020 - Present
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Interpretable Healthcare Prediction

(@) HF risk: 0.2474 SD: Skin disorder

CD: Cardiac dysrhythmia
CA: Corenary atherosderosis
HVD: Hart valve disorder

Multi-modal Learning with Medical Data

Clinical Large Language Model (LLM)

Training: Synthetic

Named Entity Recognition
What medications? |

Clinical Note

|_The given medications..

AC: Anticoagulant medication
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Universal Framework for all EHR Formats

General Healthcare Predictive Framework

( Any EHRs universal embedding Multi-source learning model \

without pre-processing & engineering
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Hospitals B
Supervised learning Hospital X antificial satellite along with Frank ~ —
with multiple Borman, @ 4

prediction labels

KG-based Reasoning with LLM EHR-based Question Answering

1) Sentence Segmentation
Sub-sentence 1 : William Anders received an MS from his alma Mater, AFIT, in 1962. Image-related QA

/' Entity Set : ['William_Anders’, "AFIT, M.S. 19627

Sentence (Claim / Question) % @EHRXQA (Ours)
William And ived an MS .« g 8
I'r(: m“h': ﬂ]m:':d"zi‘:n;‘_‘m - Q For the last ho.spl'ta] visit of patient 12345., do .we have any
signs of abnormality in the left lung and cardiac silhouette?

A: “yes”

Hospitals A

Tacrolimus | ... 0.01
Warfarin | ... 1.02

Sub-sentence 2 : William Anders served as a crew member of an artificial satellite.
Entity Set : [*William_Andery’, artificial satellite]

LLM
\ Sub-sentence 3 : Frank Borman served as a crew member of an artificial satellite.
Entity Set : [‘Frank_Borman’, artificial satellite]

Entity Set: [*William_Anders’,
“AFIT, M.S. 1962", ‘Frank_Borman'] Image+Table-related QA
Q: “Has patient 12345 received a cardiac catheterization

procedure in 2023 and also had a chest x-ray study indicating any
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abnormality in the cardiac silhouette within the same period?”
A: “yes”

Table-related QA

Q: “Did patient 12345 undergo a left heart cardiac
catheterization procedure in 2023?”

A: “yes”




Course Info

* Programming for Al (Al504)
* Graduate course in KAIST
* Objective
e Teach the students how to implement deep learning models using PyTorch
e Structure
* Theory on Tuesday, Colab practice on Thursday
e Grading

e Pass/Fail
* Must pass three projects to get Pass



Weekly Plan

Intro + Numpy

Basic Machine Learning + Scikit-learn

PyTorch Intro + Logistic Regression + Multi-layer Perceptron
Autoencoders (& Denoising Autoencoders)

Variational Autoencoders

Generative Adversarial Networks

Convolutional Neural Networks

Project 1: Image Classification

e A S

Word2Vec + Subword Encoding

-
o

Recurrent Neural Networks & Sequence-to-Sequence

=

Transformers

BERT & GPT

Project 2: Language Model

Deep Diffusion Probabilistic Model
Image-Text Multimodal Learning

e N
o vk wNnN

Project 3: Visual Language Model



Motivation

e Course started in 2020, currently running in 2025

* Course participants increase every year
* In 2023, more than 300 students took the class

* Too many students to handle
* Same questions asked repeatedly
e Claims regarding the projects
* Finger princesses burden the teaching team



Virtual Teaching Assistant

* A Large-Scale Real-World Evaluation of LLM-Based Virtual Teaching Assistant

* Sunjun Kweon, Sooyohn Nam, Hyunseung Lim, Hwajung Hong, Edward Choi

e ACL 2025 Industry Track

* RAG-based architecture

* GPT40-mini is the main LLM
* LangChain is the main framework
* LangSmith used to store the chat logs
e Streamlit as the user interface

e Class material is provided to the LLM

* Syllabus
* Slides
* Code

* Audio transcripts

Sunjun Kweon
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Retrieval Augmented Generation

e Popular method to provide external knowledge to LLM

@ — Question?

Embedding model

)

Vector
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Course Material Embedding

* Lecture Syllabus = PDF
* Lecture Slides =» PDF
* Practice Code =» Python Notebook (ipynb)

* Lecture Recording =» MP3 =» TXT
e Use OpenAl Whisper-1 (audio-to-text model)

* All material embedded with OpenAl text-embedding-3-large

* Long documents split into 2048 tokens
 |n total, 59 lecture material was converted to 1,502 chunks in Vector DB



Query Embedding

* Cannot embed only the last question
 “When is Project 1 due?”
* “What is the task about?” = Embedding only this leads to insufficient context

* Context-aware query embedding
 GPT40-mini processes the chat history, then generates a new query

* “When is Project 1 due?” . ;
» , . Project 1 task contents
* “What is the task about?

* Query embedding with OpenAl text-embedding-3-large
e Retrieve Top-5 most similar chunks, copy it to GPT prompt.



Research Question

* How effective will VTA be, compared to human TAs?
e How much do you trust VTA?
 How much do you feel comfortable talking to VTA?
* Do you think VTA’s tone/manner is appropriate?

e Survey Conducted
* 3 times at the beginning/middle/end of the course
e 472 students participated
e 3869 chat logs collected



VTA Interface

Go to Home Refresh

[&)] What is the answer to the first week practice final quiz about sigmoid? Show me the answer

code

The final quiz from the first week's practice session involves defining a function that processes a
matrix (M) and a weight matrix (W ). The function should perform several operations, including
taking specific rows from ( M ), appending them, transforming with (W ), applying the sigmoid
function, and then obtaining the mean of each column.

—

KAIST AI504 Virtual TA

About this Virtual TA

This Virtual Teaching Assistant is powered by the GPT-4 API. It provides answers based on Al 504 course
materials, syllabus, and class transcriptions.

Here is a possible implementation of the function that meets the requirements described in

the quiz:

Important Notice:

* This tool is exclusively for the A1504 course. Do not use it for any other purposes. np.exp |

s Thereis a rate limit on GPT-4 usage. Please be mindful of your usage to ensure that all students have
an equal opportunity to benefit from this tool.

(M, W):

Student IDs found to be using this tool for purposes other than for the Al 504 course, or with
abnormally high usage, may have their access revoked.

first_half = M[:M.shape

Conversations with the Virtual TA will be stored and can be used for research purposes. However, your
student ID will be thoroughly anonymized. Do not include any identifying information in your second_half = M[M.shape

conversations.

Since the model may hallucinate, for matters directly related to grades (e.g., project submission
deadlines), be sure to check the relevant documents directly or contact the TA.

odd_rows M
By using this Virtual TA, you agree to these terms and conditions.

Contact Info: even_rows M|

* Ifyou have any questions or need assistance, please contact:

* This program was developed by K Edlab. X = np.hstack((first_half, second_half, odd_rows, even_rows

# | agree to the terms and conditions stated above.
Y = np.dot(X, W

Submit your Student ID to get started!

Y_sigmoid = sigmoid(Y)

Submit

result = np.sum(np.mean(Y_sigmoid, axis

result

VTA Streamlit main page

Asking VTA about a quiz from the class



Student Statistics

Department Counts

Kim Jaechul Graduate School of Al

School of Computing

School of Electrical Engineering

Department of Mechanical Engineering -
Graduate School of Data Science -

Department of Industrial Systems Engineering
Graduate School of Culture Technology -
Department of Aerospace Engineering -

The Robotics Program

Cho Chun Shik Graduate School of Mobility
Civil and Environmental Engineering

Software Graduate Program -

Graduate School of Al Semiconductor -
Chemical and Biomolecular Engineering
Nuclear and Quantum Engineering -

Bio and Brain Engineering -

Graduate School of Metaverse

Department of Brain and Cognitive Sciences
Graduate School of Engineering Biology
Division of Future Vehicle -

Physics

Biological Sciences

Graduate School of Information Security 4
Materials Science and Engineering

School of Management Engineering -

Industrial Design

Graduate School of Advanced Security Science and Technology
Department of Mathematical Sciences -

School of Business and Technology Management -

University of Science & Technology
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Student Prior Knowledge

None
None

Advanced

Advanced
Beginner

Beginner

ML Knowledge

Coding Experience

Intermediate Intermediate

VTA usage according to prior knowledge

- | None | Beginner | Intermediate | Advanced * Strong inverse correlation between prior knowledge and
Coding Experience | 62.2 11.2 55 4.5 VTA usage
ML Knowledge 23.6 11.1 7.1 3.0




Refrain from Questioning

* Have you ever refrained from asking questions to the Prof/TA
* Uncomfortable interacting with a human being
* Don’t want to stress the teaching team
* Afraid that my question might sound dumb

No

* About 60% confirmed having refrained asking questions

Change in the comfortableness (-1~1) and average usage

] | Comfortable (Pre) | Comfortable (Post) | Avg Usage  Those who answered “yes” feel more comfortable talking to VTA

Refrain? (Yes) 0.69 0.76 13.2 * Those who answered “yes” used VTA more frequently
Refrain? (No) 0.42 0.47 7.8




Survey Results

Stats grouped by VTA usage

Survey results (H/T/A 1-4 scale, C -1~1 scale)

Group ‘ Usage Range ‘ # of Users ‘ Total Q&A Count ‘ Helpfulness ‘ Trustworthiness | Appropriateness | Comfortableness
A = 100 times 6 1,154 Group ‘ Pre Mid Post Human ‘ Pre Mid Post Human | Pre Mid Post Human | Pre Mid Post
g 12 = times <igo gg 12312 All | 364 360 354 396 |327 344 351 438 |371 380 392 407 | 058 058 065
5 —;m}es< 107 230 A 350 362 366 366 |350 352 350 433 [400 402 383 367 |083 077 0.83
E ;T times 237 B 358 372 376 4,04 3.31 3.39 353 4.47 3.61 3.78 398 4.16 0.55 0.68 0.71

O usage - C |356 371 377 377 |327 356 362 432 |374 395 405 395 |0.62 068 0.73
Total ‘ - ‘ 472 ‘ 3,869 D 372 3,55 3.26 4.06 3.23 312 342 4.38 3.73 3.73 3.81 4.13 0.56 0.62 0.56
Helpfulness N Notable comments from the students
* Total: 3.64 - 3.60 > 3.54 (&% o}
 High usage group (ABC): Significant increase (p = 0.043) -  QXMEX judgement 2’3 8l0| S0 E 11 2t HH S 2OLM ELt
° Trustworthiness ® _6;%0" Eo = EII-Ol bllzl-%t—lj—, EI-% _)IK_EOIHA-IE AI-%% _)Ik_ %lEE %Zﬂtf
* Increased after usage, skepticism moderately subdued « QO CHTH L E2 A ELImMEL} Bo| & ULt
- Y £20|E, 5 AL, T2ME HE2tQ SO i M 2O 27| St

* Still significantly lower than human TA

* Appropriateness
* High rating from the beginning
* Similar to human TA in the final survey

Comfortableness
* Total: Pre 0.58 - Post 0.65 1 (p =0.097)
* High usage group: Significant increase (p =0.000748)

SELmO| § FLt

Off) vIAE MoK O| & & =Lt
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Future Work

* Need a benchmark dataset for VTA

* We want to improve VTA over time

* Then we need a method to automatically evaluate VTA
e Cannot rely on students all the time

* Ways to improve VTA
* Replace GPT40-mini with a more powerful LLM
 GPT5-nano, Gemini-2.5-flash
* Use previous chat history for better context understanding
* More personalized VTA for each student

* Everything comes down to “cost”

e 2024 course cost S350
e How much should we invest?
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