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본 강의 자료는 한국생명정보학회가 주관하는 BIML 2026 워크샵을 목적으로 

제작된 것으로 해당 목적 이외의 다른 용도로 사용할 수 없음을 분명하게 알립니다.

이를 다른 사람과 공유하거나 복제, 배포, 전송할 수 없으며 만약 이러한 사항을 위반할 경우 

발생하는 모든 법적 책임은 행위자 본인에게 있음을 알립니다.



KSBi-BIML 2026
Bioinformatics & Machine Learning (BIML) Workshop for Life Scientists

한국생명정보학회가 주최하는 BIML-2026 동계 Bioinformatics &Machine Learning 교육 워크숍에 

여러분을 초대합니다. 

BIML 워크숍은 생명정보학 연구자들이 최신 AI바이오 분야의 인공지능 기반 분석 기술과 바이오 

데이터 분석 기법을 이론과 실습을 통해 체계적으로 배울 수 있는 전문 교육 프로그램입니다. 

2015년에 시작된 BIML 워크숍은 올해로 12년 차를 맞이하며, 국내 생명정보학 분야의 최초이자 최고 

수준의 교육 프로그램으로 자리 잡았습니다. 이번 워크숍은 크게 인공지능바이오(AI바이오) 분야와 

디지털바이오 분야, 두 분야로 구성됩니다. 

AI바이오 분야에서는 생명정보 분석에 폭넓게 응용되고 있는 다양한 인공지능 기반 자료 모델링 

기법을 다룰 예정입니다. 특히, 인공지능 심층학습을 활용한 단백질 구조 예측, 유전체 분석, 신약 

개발에 대한 이론 및 실습 강의가 진행됩니다. 

또한 디지털바이오 분야에서는 단일세포오믹스, 공간오믹스, 멀티오믹스, 메타오믹스에 대한 강의도 

마련되어 있어, 연구자들의 분석 역량 강화에 실질적인 도움을 줄 것으로 기대됩니다. 

또한 2024년부터 추가된 의료정보 자료 분석을 다루는 강의를 올해도 지속해서 운영하고자 합니다. 

이는 최근 의료정보 자료 분석에 관한 연구 수요 증가를 반영한 것으로, 관련 연구를 수행하는 

의과학자 및 의료정보 연구자들에게 유용한 지침을 제공할 것입니다. 

또한, 올해도 생명정보학 기술의 다양화에 발맞춰 온라인 강좌를 대폭 확대했습니다. 올해는 무료 

강좌 10개를 포함한 총 40개 이상의 강좌가 개설되며, 연구 주제에 맞는 강좌 추천과 강연료 할인 

혜택도 제공합니다.

BIML-2026는 국내 주요 연구 중심 대학의 전임 교수 및 각 분야 최고 전문가들의 강의로 구성되어 

있으며, 기초 이론부터 최신 연구 동향까지 아우르는 심도 있는 교육의 장이 될 것으로 확신합니다. 

여러분의 많은 관심과 참여를 기대합니다!

2026년 2월

한국생명정보학회장 류 성 호



강의개요

Recent Advances in AI for Healthcare

2016년 딥러닝 기반 인공지능 기술이 의료 진단 영역에 소개되어 세상을 놀라게 한 이후 이미 많

은 의료인공지능 기술이 발전하고 관련 스타트업이 빠르게 상장을 하고, 의료 현장 구석 구석에 

인공지능 기술이 녹아들고 있다. 하지만 현존하는 AI 기술은 많은 데이타와 고비용의 레이블 데이

타를 요구하고 있다,  

본 강의에서는 이러한 문제를 해결하고 위해 최근에 제시되고 있는 다양한 AI 기술이 의료영역에 

어떻게 사용되고 있는 지를 설명한다. 특히 Transform, Vision Transformer, 및 강조학습 및 자기

지도 학습 기술 대해 원리를 설명하고, 이를 통하여 의료에 적용된 예를 소개한다. 또한 최근에 

중요한 주제로 떠오르고 있는 원천 모델 (foundation model)에 대한 설명을 하며, 이것이 어떻게 

의료현장의 AI를 혁신 시킬수 있는지 논의한다. 

강의는 다음의 내용을 포함한다:

  ⚫ Transformer, Vision Transformer

  ⚫ Contrastive learning

  ⚫ Self-Supervised learning 

  ⚫ Fondation model

* 참고강의교재

  Jong Chul Ye, “Geometry of Deep Learnig: A Signal Processing Perspective”, Springer, 2022

* 강의 난이도: 중급

* 강의: 예종철 교수 (KAIST AI 대학원) 
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Recent Advances in AI for 
Healthcare 
Jong Chul Ye (예종철 교수) 

Professor 
 

Graduate School of AI 
KAIST 

Year  2016.. 
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 Deep Learning for Diabetic Retinopathy 
 (By Google Brain)  

3 

2016. 3 
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6 

2016년 8월 

 Skin Cancer Detection by Deep Learning 

Esteva et al. Nature, 2017 

• Stanford Univ. Deep CNN(GoogleNet Inception v3)  
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 The Era of  Augmented Intelligence  

“We should stop training radiologists now, it’s 

just completely obvious within five years deep 
learning is going to do better than radiologists. 

Jeffery Hinton 2016 

2016년 11월  The End of  Radiology? 

 ‘If you work as a radiologist, you are like Wile 
E. Coyote in the cartoon; you’re already over 
the edge of the cliff, but you haven’t looked 
down.’ 
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 AI role in healthcare 

• Clinical assessment:  

• vitals, history, interview  EMR/EHR analysis by AI 

• Making a diagnosis 

• AI driven analysis of lab tests, imaging, bio-signals   

• Treatment plan 

• Prescribe medication 

• Making a prognosis 

• Making referrals for advanced treatment 

• Surgical procedure 
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Diagnosis Classical AI Modern Deep Learning 

Feature 
Engineering 

Esteva et al, Nature Medicine, (2019)  

 Classical vs Modern AI 

 Other AI’s roles in healthcare 
• Workflow improvements 

• Image enhancements 

• Segmentation 

• Registration 

• Quantification 

• Retrievals 

• Drug discovery 
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CNN, ViT 

 Technical Challenges in AI for Healthcare 

• Limited data 

• Overfitting  Vision Transformer 

• Cost of labeling   self-supervised learning 

• No paired reference   generative models 

• Data privacy  federated learning 

• Multi-modal data . Vision-language pretraing 
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 Convolution 

3x3 filter 

 VGGNet : a CNN 
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 Nonlinearity 

 Pooling Layer 
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20 http://klab.smpp.northwestern.edu/wiki/images/4/43/NTM2.pdf 

 Emergence of  Hierarchical Features 

A CNN performs automatic assignment of  
distinct linear representation depending on 

input 

 Nonlinearity is the Key for Learning! 
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22 Poggio et al NATURE|VOL 431 | 14 OCTOBER 2004 

 Information  
     Processing in Brain 

 Hiearchical Features in VGGNet 
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• Overfitting:  Especially critical in medical imaging 

Yamashita et al. Insights imaging (2018) 

Example 

Limitation of  CNN 

 “The Jennifer Anniston Cell” 

23 

Quiroga et al,  Nature,  Vol 435, 24, June 2005  
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 Transformer Architecture    

 Transformer: Attention is All You Need 
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• ViT can model long-range dependency between pixels. 
• ViT has more flat loss landscape than CNN (less overfitting). 
• ViT is less vulnerable to high frequency noise than CNN. 
• ViT is more shape-biased than CNN, like human (what we want!). 

Loss landscape visualization Robustness to noisy frequency 

Park et al, ICLR (2022) 

Why ViT works better than CNN? 

 ViT: Vision Transformer 
: Farewell to convolution 

• First successful approach to introduce pure Transformer to vision. 

A Dosovitskiy, “an image worth 16 x 16 words for image recognition at scale” 
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 Limitation of  Supervised Learning in Medical AI 
Multiphase Cardiac CT Metal artifact removal 

Blind deconvolution 

Input 

Self-Supervised Learning 
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 Contrastive Learning 

 Yann LeCun’s Cake Analogy 

Slide courtesy of  Yann LeCun’s ICIP 2019 talk 
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 SimCLR  
(Chen et al, ICML 2020) 

 Contrastive Loss 

Negative samples 

positive samples Anchor 
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 Self-supervised learning with distillation with no label 
(DINO) 

 Data Augmentation 
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 Contrastive Prediction in DINO 
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 Distillation for self-supervised and self-train learning 
(DISTL):  Park et al, Nature Comm 2022  

 Self-Training with Noisy Student 
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Slide from CVPR 2022 Diffusion Model Tutorials 

 Deep Generative Learning 

Generative Models 
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 Generative Adversarial Nets (GAN) 

subject to 

• Various ways to model continuous random variables 
– This taxonomic tree doesn’t count on “training methods” 

43 

- Variational 
autoencoders (VAEs) 

- Generative 
adversarial nets 
(GANs) 
 

- Flow-based models 
- Autoregressive 
models 

- Energy-based 
models (EBMs) 

- Score function-
based generative 
models 

Explicit density 
models 

Implicit 
distributions 

Sampling 
functions 

Score 
functions† 

Latent variable 
models 

Tractable 

Approximate 

Unnormalized 
densities 

Modeling Cont. 
R.V.s 

*copied and modified from I. Goodfellow, 
2016. †In here, we refer to score function as the log-density gradient wrt. input, instead of well-known definition in 
statistics 

 Various Way of  Modeling Continuous Variables 
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Generative Adversarial Network (GAN) https://this-person-does-not-exist.com/en 

 Generative Adversarial Nets (GAN) 

 Generative Adversarial Nets (GAN) 
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• Once the score model is trained to optimality, 

• i.e. 𝑠𝑠𝜃𝜃 𝐱𝐱 ≃ ∇𝐱𝐱𝑝𝑝(𝐱𝐱) 

• Example:  Use Langevin dynamics to draw samples 

𝐱𝐱𝑖𝑖+1 ← 𝐱𝐱𝑖𝑖 + 𝜖𝜖∇𝐱𝐱log 𝑝𝑝 𝐱𝐱 + 2𝜖𝜖𝐳𝐳𝑖𝑖 

𝑖𝑖 = 0, 1, … ,𝐾𝐾  

http://yang-song.github.io/blog/2021/score/ 

Diffusion-based Generative Models 

 

 

 

CycleGAN 

J.-Y. Zhu, et al, CVPR, 2017 
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“ An astronaut riding a horse  
in a photorealistic style" 

“ A bowl of  soup that is a 
portal to another dimension 
as digital art" 

https://openai.com/dall-e-2/ 

Text-Guided Image Generation 

Diffusion-based Generative Models 

49 

DDPM 
(Ho et al., 2020) 

StyleGAN2-ADA 
(Karras et al., 2020) 

Reverse SDE 
(Song et al., 2020) 
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Vision-Language 
Pretraining 

Conditional generation (SR) 

http://yang-song.github.io/blog/2021/score/ 

 Image Super-Resolution 
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 Pretraining 

Slide courtesy from CVPR2022 tutorial 

 Single Stream Architecture: UNITER (Chen 
et al 2019) 

Slide courtesy from CVPR2022 tutorial 
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 Downstream Tasks:  Image-Text Retrieval 

Slide courtesy from CVPR2022 tutorial 

 Downstream Tasks:  Visual Question Answering 

Slide courtesy from CVPR2022 tutorial 
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Foundation Models 

 Downstream Tasks:  Text-to-Image Attention 

Slide courtesy from CVPR2022 tutorial 



- 30 -

 Examples of  Foundation Models 

 Foundation Models: A Future AI? 

Bommasani, Rishi, et al. arXiv:2108.07258 (2021). 
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 Foundation Models: Homogenization 

Bommasani, Rishi, et al. arXiv:2108.07258 (2021). 

 Foundation Models: Emergence 

Slide courtesy of Percy Liang @ Foundation Model Workshop, 2021 
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 Foundation Models for Healthcare 

Bommasani, Rishi, et al. arXiv:2108.07258 (2021). 

 Multimodal Embedding 

Bommasani, Rishi, et al. arXiv:2108.07258 (2021). 
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Federated Learning 

 Foundation Models for Genomics 

Chen et al, doi: https://doi.org/10.1101/2022.08.06.503062 
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 Federated Learning, Swarm Learning  

Warnat-Herresthal et al, Nature 594, 265–270 (2021) 

데이터 3법: 2020년 2월 4일 공포, 8월 5일  시행 
• 가명정보 이용: 데이터를 기반으로 하는 새로운 기술·제품·서비스의 개발 등 산업적 목적을 포함

하는 과학적 연구, 통계작성, 공익적 기록보존 등의 목적 
• 관련 법률의 유사·중복 규정은 「개읶정보 보호법」으로 읷원화 

 Big Data and Data Privacy Issue 

• Medical image, genome big data 

• Even after pseudonymization, there is a 

potential of privacy infringement 

• Challenges in the development of medical 

artificial intelligence 
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AI-driven Diagnosis 

 FL in the age of  Foundation Model 
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 Bone Age (Vuno) 

• test used to determine the normal growth of 

children and adolescents, and can be helpful in the 

timely treatment of musculoskeletal disorders. 

• Bone age testing is increasing due to an increase in 

the number of patients with precocious puberty 

and a high interest in height growth. 

• AI alone can give you more accurate results than 

experts. 

• Use AI-generated results to improve physician 

reading speed and accuracy. 

[1] Kim JR et al., AJR Am J Roentgenol, 2017 
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•.  

 Lung Cancer Detection (Lunit) 

[1] Sunggyun Park et al. Radiology, 2018 

[2] Lunit INSIGHT CXR (https://www.lunit.io/ko/products/insight-cxr), accessed on 2021.07.05 

CXR Results CT 

• Development of a deep learning model consisting of a 

25-layer convolutional neural network and 8 residual 

connections 

• Learning with 34067 normal X-rays and 9225 malignant 

pulmonary nodule X-rays obtained at Seoul National 

University Hospital 
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73 | 00 

 COVID-19 Detection by CXR 
Park et al,MEDIA, 2021 
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AI-driven Prognosis and 
Prediction 

 COVID-19 Detection by CXR 
Park et al,MEDIA, 2021 
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 Blood Sugar Level Management 
    IBM, Meditronics 

o Guardian connect CGM technology: 
Manage blood sugar in daily life by 
linking with mobile app 

o Send blood glucose readings to mobile 
app every 5 minutes 

o Predict a patient's hypoglycemia within 
1-4 hours with 98.5% accuracy 

o Bringing the patient's blood sugar levels 
to normal for an average of 39 more 
minutes per day. 

Meditronic, IBM Watson 

 Sepsis Prediction 

o Severe infection by microorganisms, 
mortality: early 20-35, septic shock: 40-60% 

o Electronic health record 
(temperature/pulse/respiratory rate/blood 
pressure/leukocyte count on blood test, etc.) 
and SOFA score (respiratory 
system/nervous system/circulatory 
system/liver/coagulation/kidney) 

o Early diagnosis of sepsis Artificial 
intelligence (AI) technology Compared to 
medical experts, it was confirmed that the 
early diagnosis of sepsis was increased by 
32% and the false-positive rate was 
lowered by 17%. 

[1] KH Goh et al., Nature Communications, 2021 



- 40 -

 Detection of Heart Failure using ECG  
• [1] Automated detection of arrhythmias using different intervals of tachycardia ECG segments 

Normal 

Abnormal 

Input(ECG) 

• [2] Congestive heart failure detection 

[1] Acharya, U. Rajendra, et al., Information Sciences, 2017 
[2] Porumb, M. et al., Biomedical Signal Processing and Control, 2020 

GRAD-CAM 

 Arrhythmia Classification 
 

o Predictive research using electrocardiogram (ECG) signals 
o Combining Convolutional Neural Network (CNN) and Long Short-Term Memory Model 

(LSTM) to Classify Arrhythmic Disorders 
o Most of the various types of arrhythmias show more than 99% accuracy. 

ECG 

부정맥  

예측 

[1] Yildirim, Ozal, et al., Computer methods and programs in biomedicine, 2019 
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 Segmentation 

Workflow 
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 CycleMorph:  Kim et al, MEDIA, 2021 

 Image Registration 
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 Multiphase Liver CT Registration 

Artery phase  →  Portal phase 

Original 
artery phase 

Moved  
artery phase 

Fixed 
portal phase 
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Image Enhancement 
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90 

Wavelet 
transform 

level 2 level 1 level 3 level 4 

Wavelet 
recomposition 

Residual learning 
: Low-resolution image bypass  

High SNR band 

CNN 

(Kang, et al,  Medical Physics 44(10)) 

 

 AAPM-Net: first deep learning for low-dose 
CT 

89 
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Full dose Proposed 

 Low-dose CT: Kang et al, 2017 

Full dose Quarter dose 

 Low-dose CT: Kang et al, 2017 
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94 

• Multiphase Cardiac CT denoising 
– Phase 1, 2: low-dose, Phase 3 ~ 10: normal dose 
– Goal: dynamic changes of  heart structure 
– No reference available 

 Kang et al, Medical Physics, 2018 

 Low-dose CT Denoising without Reference 
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Lose dose (5%)  high dose 

Input: phase 1 Proposed Target: phase 8 Input- output 

 CycleGAN Denoising for Low-Dose CT 
Kang et al,  Medical Physics, 2018 
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3-D US image 

 Unsupervised Learning by CycleGAN 

 Ultrasound image 

 Compared to 2D,  3D plane images have many artifacts 

 In particular., B/C plane artifacts are sever. 

 To overcome the image quality degradation in 3D Ultrasound 
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GYN  A-plane GYN  B-plane 

𝜶𝜶 = 0.5~1.0 𝜶𝜶 = 0.5~1.0 

 Switchable Architecture 
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 Unmet Needs in MRI 

 

 

 

MR is an essential tool for diagnosis 

MR exam protocol : 30~60 min/patient 

 should increase the throughput of MR scanning 

 Cardiac imaging, fMRI 

 Should improve temporal resolution 

Multiple contrast acquisition in a short time 

OB  A-plane OB  C-plane 

𝜶𝜶 = 0.5~1.0 𝜶𝜶 = 0.5~1.0 



- 52 -

Reconstruction ℱ−1 

 Accelerated MRI 

ℱ−1 

k-space, measurement space 

Image space 

 Accelerated MRI 



- 53 -

 Diffusion models for accelerated MRI 

http://yang-song.github.io/blog/2021/score/ 

H. Chung, et al, MEDIA, 2022 

Imposing data consistency step for every iteration 

Image domain learning 

Direct mapping 

k-space learning 

 Deep Learning for Accelerated MRI 
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http://yang-song.github.io/blog/2021/score/ 

• Agnostic to contrast • Agnostic to anatomy 

http://yang-song.github.io/blog/2021/score/ 

• Agnostic to sampling patterns • High frequency details preserved 
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Oversight AI 

http://yang-song.github.io/blog/2021/score/ 

• Agnostic to contrast • Agnostic to anatomy 
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 MedViLL: Single Stream VLP for CXR 

 MedViLL: Single Stream VLP for CXR 

Moon, Jong Hak, et al. 
"Multi-modal understanding 
and generation for medical 
images and text via vision-
language pre-training." arXiv 
preprint 
arXiv:2105.11333 (2021). 



- 57 -

 Medical X-VL: Dual Stream VLP 

 MedViLL: Single Stream VLP for CXR 
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 Medical X-VL: Dual Stream VLP 
Park, et al. arXiv preprint arXiv:2208.05140 (2022). 
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Q&A 




