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Part 1 
Toward Machine Reasoning
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What is Deep Learning?
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What is Deep Learning?

Understanding model 
architectures is not enough!
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Three Principles of Deep Learning

Data

Expressive 
Power

Large-scale 
Training

Deep 
Learning
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Three Principles of Deep Learning

High expressive power
→ optimal performance

Efficient training 
→ fast convergence

Generalization → robust at distribution shift

Data

Expressive 
Power

Large-scale 
Training

Deep 
Learning
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Three Principles of Deep Learning

Design
Principle

Optimization
Principle

Deep 
Learning

Learning
Principle

High expressive power
→ optimal performance

How to optimize deep
networks efficiently?

How to design
structured architectures?

Generalization → robust at distribution shift

How to extract knowledge from data?

Efficient training 
→ fast convergence
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Deep Learning = !

• If you have small number of data,  
then traditional ML performs well

Data (small)

Performance

Data (big)

Traditional ML
(XGBoost, Random Forest)
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Deep Learning = !

• If you have small number of data,  
then traditional ML performs well
• If you have more data, then you can 

try deep learning with well-designed 
inductive biases (e.g. CNN, GNN, RNN)

Data (small)

Performance

CNN, GNN, RNN

Data (big)

Traditional ML
(XGBoost, Random Forest)
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Deep Learning = !

• If you have small number of data,  
then traditional ML performs well
• If you have more data, then you can 

try deep learning with well-designed 
inductive biases (e.g. CNN, GNN, RNN)
• If you have large number of data and  

sufficient computing resources, then you 
need to try Transformer-type (LLMs) 
architectures with a pretraining strategy

Data (small)

Performance

CNN, GNN, RNN

Transformers

Data (big)

Traditional ML
(XGBoost, Random Forest)
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Deep Learning = !

• If you have small number of data,  
then traditional ML performs well
• If you have more data, then you can 

try deep learning with well-designed 
inductive biases (e.g. CNN, GNN, RNN)
• If you have large number of data and  

sufficient computing resources, then you 
need to try Transformer-type (LLMs) 
architectures with a pretraining strategy
• Learning from scratch is meaningless

Data (small)

Performance

CNN, GNN, RNN

Data (big)

Traditional ML
(XGBoost, Random Forest)

Most of us!

Middle-size companies

Industry Giants
Transformers
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Artificial Intelligence
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Machine Learning
everybody knows! "

Artificial Intelligence
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Machine Reasoning
What is this? #

Machine Learning

Artificial Intelligence



Understanding Foundation ModelCopyright © 2025 
by Korea University

of

D e p a r t m
e

n
t S

t a
t i s t i c s

<latexit sha1_base64="iI3ZhgPEp9lXJhcDHGxeXsstfOk="></latexit>UNIVERSI�⌥
<latexit sha1_base64="UGsV5jLbMBup3kRZ0HbFkBSxgPQ="></latexit>

KORE⇤
16

Source: NeurIPS 2024 Test-time Talk

https://www.youtube.com/watch?v=1yvBqasHLZs
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Learning Principle of Future?
What we got right: Deep Learning / Autoregressive Models (Transformer) / Scaling Hypothesis

Manger et al., 2013

Ilya Sutskever, Seq2seq Learning with Neural Networks: what a decade, NeurIPS 2024 Test-time Talk
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Learning Principle of Future?
What we got right: Deep Learning / Autoregressive Models (Transformer) / Scaling Hypothesis

# How humans do Science? Manger et al., 2013

Ilya Sutskever, Seq2seq Learning with Neural Networks: what a decade, NeurIPS 2024 Test-time Talk
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Machine Learning vs Machine Reasoning

• Machine Learning focuses on mining the hidden patterns from data to tackle a 
pre-determined problem

L. Bottou, From Machine Learning to Machine Reasoning, Machine Learning (2014)

supervised learning
(e.g. classification, regression)

unsupervised learning
(e.g. density estimation)

<latexit sha1_base64="6dOmSnFjKgLF9dh8/9lrekaoa9s="></latexit>{(xi, yi)} ! f✓
<latexit sha1_base64="icbNDJHptqdPmRm7IuMb1brVOT0="></latexit>{xi } ! g�

index of data samples
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Machine Learning vs Machine Reasoning

• Machine Learning focuses on mining the hidden patterns from data to tackle a 
pre-determined problem
• Machine Reasoning implements thinking process as a computational system by 

manipulating acquired knowledge and data to answer a new question

L. Bottou, From Machine Learning to Machine Reasoning, Machine Learning (2014)

supervised learning
(e.g. classification, regression)

unsupervised learning
(e.g. density estimation)

<latexit sha1_base64="6dOmSnFjKgLF9dh8/9lrekaoa9s="></latexit>{(xi, yi)} ! f✓
<latexit sha1_base64="icbNDJHptqdPmRm7IuMb1brVOT0="></latexit>{xi } ! g�

<latexit sha1_base64="lzCIQ3ZWnpeg947hvzCtwkR7iT4="></latexit>{(Dg , 5g)} ! �⇥
<latexit sha1_base64="37pPbbF0ZfWlF3a6aFX4lG8NgxU="></latexit>{Dg , } ! ⌧�

index of tasksindex of data samples acquired knowledge

learned models

reasoning w/ knowledge
(e.g. meta learning)

reasoning w/o knowledge
(e.g. scientific discovery)
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Machine Learning vs Machine Reasoning

• Machine Learning focuses on mining the hidden patterns from data to tackle a 
pre-determined problem
• Machine Reasoning implements thinking process as a computational system by 

manipulating acquired knowledge and data to answer a new question

L. Bottou, From Machine Learning to Machine Reasoning, Machine Learning (2014)

supervised learning
(e.g. classification, regression)

unsupervised learning
(e.g. density estimation)

<latexit sha1_base64="6dOmSnFjKgLF9dh8/9lrekaoa9s="></latexit>{(xi, yi)} ! f✓
<latexit sha1_base64="icbNDJHptqdPmRm7IuMb1brVOT0="></latexit>{xi } ! g�
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index of data samples How can we develop such computational system? #

reasoning w/ knowledge
(e.g. meta learning)

reasoning w/o knowledge
(e.g. scientific discovery)
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Can LLMs Learn Multi-Tasks and Reasoning?

Google AI Blog (2022)
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The Era of Generative AI

Stable Diffusion (Source: Stability AI)ChatGPT (Source: OpenAI)
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The Era of Generative AI

Stable Diffusion (Source: Stability AI)ChatGPT (Source: OpenAI)

Language Model Diffusion Model
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The Era of Generative AI

Stable Diffusion (Source: Stability AI)ChatGPT (Source: OpenAI)

Language Model Diffusion Model

Foundation Model



Part 2 
What is Foundation Model?
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What is Foundation Model?

• Deep Learning enables the learning high-level features by homogenizing neural 
architectures without feature engineering for different applications
• Foundation Models can learn various functionalities (emergence) without 

training multiple models (homogenization) at scale

Homogenization of…
Emergence of…

learning algorithms

Machine Learning

“how”

Learning
Deep Foundation Models

models
functionalitiesfeatures

architectures

Bommasani et al., On the Opportunities and Risks of Foundation Models, CRFM Stanford HAI Reports (2022)



Understanding Foundation ModelCopyright © 2025 
by Korea University

of

D e p a r t m
e

n
t S

t a
t i s t i c s

<latexit sha1_base64="iI3ZhgPEp9lXJhcDHGxeXsstfOk="></latexit>UNIVERSI�⌥
<latexit sha1_base64="UGsV5jLbMBup3kRZ0HbFkBSxgPQ="></latexit>

KORE⇤
28

Traditional ML

train

train

train

train

train

train

Task 1

Task 2

Task 3

Task 4

Task 5

Task 6

individual siloed models
require task-specific training

Tabular data

Audio data

Text data

Image data

Video data

Web data
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Traditional ML vs Foundation Models

Tabular data

Audio data

Text data

Image data

Video data

Web data

train

train

train

train

train

train

Task 1

Task 2

Task 3

Task 4

Task 5

Task 6

individual siloed models
require task-specific training

Foundation Model

adaptable with zero-shot or few-shot
require pre-training

Adapted Model
Classification

Scientific reasoning

Text generation

Question & Answering

Information extraction

Image captioning

Code generation
⋮

train

Massive external data Some people believe LLMs can do this
but many AI scientists disagree

Multi-tasks

⋮

Additional tasks
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Formulation of Foundation Model

• Pretraining: pretrain a model with large-scale unlabeled dataset

<latexit sha1_base64="097BYk0+uxSz0L7roW5/jY253bw="></latexit>Dtrain = {x1, . . . , x# }
<latexit sha1_base64="s2O2ivwgb3HttG3pZ9vqOxfme1Y="></latexit>

�\ : x 7! �\ (x) 2 R<

<latexit sha1_base64="XJ7YBVSuao1ojFXk28khYJwaXqc="></latexit>

Lpre (\) := 1
#

#’
8=1

✓pre (�\ (x8), x8)

<latexit sha1_base64="4PXKhyb2souszcMmPbclc5Slknw="></latexit>

\⇤ = argmin
\

Lpre (\)

unlabeled dataset

pretraining model

pretraining loss

pretrained model

(foundation model)
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Formulation of Foundation Model

• Pretraining: pretrain a model with large-scale unlabeled dataset
• Adaptation: adapt the pretrained model to a wide range of tasks

<latexit sha1_base64="097BYk0+uxSz0L7roW5/jY253bw="></latexit>Dtrain = {x1, . . . , x# }
<latexit sha1_base64="s2O2ivwgb3HttG3pZ9vqOxfme1Y="></latexit>

�\ : x 7! �\ (x) 2 R<

<latexit sha1_base64="XJ7YBVSuao1ojFXk28khYJwaXqc="></latexit>

Lpre (\) := 1
#

#’
8=1

✓pre (�\ (x8), x8)

<latexit sha1_base64="4PXKhyb2souszcMmPbclc5Slknw="></latexit>

\⇤ = argmin
\

Lpre (\)

unlabeled dataset

pretraining model

pretraining loss

pretrained model

(foundation model)

<latexit sha1_base64="z4qHw7gbmHkAotZXE3fBOrZQgFg="></latexit>

{(x(g)
8 , H

(g)
8 ) : 8 = 1, . . . , |Dg |}g2T

task

number of data
downstream task

labeled downstream task

linear probing

fine tuning<latexit sha1_base64="itUwt8YujV3Pzitg4kL8xjbL4c4="></latexit>

l
(g)
⇤ , \

(g)
⇤ = argmin

l,\

1
|Dg |

|Dg |’
8=1

✓task (l>
�\ (x(g)

8 ), H
(g)
8 )

initialized at θ*

<latexit sha1_base64="aNyEnHX3Y3fhrVHiZLzdYz4ANXw="></latexit>

l
(g)
⇤ = argmin

l

1
|Dg |

|Dg |’
8=1

✓task (l>
�\⇤ (x(g)

8 ), H
(g)
8 )

fixed at θ*
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Self-Supervised Learning

• Self-supervised learning is a form of unsupervised training 
where the data itself provides the supervision signal
• the representations learned on the pretext task are 

subsequently used for a different downstream task

Children can learn high-level visual 
representations without strong supervision

It’s me!
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Pretraining Example: Position Prediction

Doersch et al., Unsupervised Visual Representation Learning by Context Prediction, ICCV (2015)
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Pretraining Example: Contrastive Learning

positive 
sample

anchor

pull the similar sample pairs
<latexit sha1_base64="5AX/W/L+mpv/Tq7xQPZYb3a4JgU="></latexit>

✓triplet (G, G+, G�) := max
�
k 5\ (G) � 5\ (G+)k � k 5\ (G) � 5\ (G�)k + n , 0

 

Schroff et al., FaceNet: A Unified Embedding for Face Recognition and Clustering, CVPR (2015)
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Pretraining Example: Contrastive Learning

negative
sample

positive 
sample

anchor

triplet loss

pull the similar sample pairs push away negative pairs
<latexit sha1_base64="5AX/W/L+mpv/Tq7xQPZYb3a4JgU="></latexit>

✓triplet (G, G+, G�) := max
�
k 5\ (G) � 5\ (G+)k � k 5\ (G) � 5\ (G�)k + n , 0

 

Schroff et al., FaceNet: A Unified Embedding for Face Recognition and Clustering, CVPR (2015)
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Pretraining Example: Contrastive Learning

negative
sample

positive 
sample

anchor

triplet loss

pull the similar sample pairs push away negative pairs
<latexit sha1_base64="5AX/W/L+mpv/Tq7xQPZYb3a4JgU="></latexit>

✓triplet (G, G+, G�) := max
�
k 5\ (G) � 5\ (G+)k � k 5\ (G) � 5\ (G�)k + n , 0

 margin

<latexit sha1_base64="jb/gBz6/ya/O65KvMNI3Ydarstw="></latexit>

✓(H) = max{n � C · H, 0}
hinge loss

bound

Schroff et al., FaceNet: A Unified Embedding for Face Recognition and Clustering, CVPR (2015)



Understanding Foundation ModelCopyright © 2025 
by Korea University

of

D e p a r t m
e

n
t S

t a
t i s t i c s

<latexit sha1_base64="iI3ZhgPEp9lXJhcDHGxeXsstfOk="></latexit>UNIVERSI�⌥
<latexit sha1_base64="UGsV5jLbMBup3kRZ0HbFkBSxgPQ="></latexit>

KORE⇤

Contrastive Learning as Density Ratio Estimation

37
Radford et al., Learning Transferable Visual Models From Natural Language Supervision, ICML (2021)

similarity matrix

<latexit sha1_base64="lBw6viPDuTMyTNDqpsyLTBjtMSU="></latexit>

� 1

#

#’
==1

log

exp(�= · )=)Õ#
<=1

exp(�= · )<)
<latexit sha1_base64="qzalMCxUlzRd2WGe2FQmNLrBo8Y="></latexit>

� 1

#

#’
<=1

log

exp(�< · )<)Õ#
==1

exp(�= · )<)

img2txt

txt2img

InfoNCE (Noise-Contrastive Estimation)

<latexit sha1_base64="lBC6xvN5+q/ovVKlrz5UFiZm0CU="></latexit>

KL(%(�, ))k%(�)%())) � log # � !InfoNCE

mutual information

lower bound can be tighter as
we use more negative samples



Understanding Foundation ModelCopyright © 2025 
by Korea University

of

D e p a r t m
e

n
t S

t a
t i s t i c s

<latexit sha1_base64="iI3ZhgPEp9lXJhcDHGxeXsstfOk="></latexit>UNIVERSI�⌥
<latexit sha1_base64="UGsV5jLbMBup3kRZ0HbFkBSxgPQ="></latexit>

KORE⇤
38

How can computers
generate image and text?

Do they draw, write, and dance?
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Everything is numbers on computer!

I Love
Korea Univ.

image

natural language
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Everything is numbers on computer!

I Love
Korea Univ.

image

natural language

computers

RGB

Unicode

binary

Recognition

Generation
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Principles of Generative AI

Source: Luis Herranz

Learning

Sampling
<latexit sha1_base64="TtVCkNO+FbYaaC+L2sShXGubQVk="></latexit>

- ⇠ bPmodel

<latexit sha1_base64="9KFtFbQMCyieH0w76tere42Vl44="></latexit>bPmodel

<latexit sha1_base64="JEzJLYSlmSb3deEgWyWfAdWmPQU="></latexit>

Pdata

Data distribution Model distribution

Inference
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Principles of Generative AI

Source: Luis Herranz

Data distribution

Learning

Sampling
<latexit sha1_base64="TtVCkNO+FbYaaC+L2sShXGubQVk="></latexit>

- ⇠ bPmodel

<latexit sha1_base64="9KFtFbQMCyieH0w76tere42Vl44="></latexit>bPmodel

<latexit sha1_base64="JEzJLYSlmSb3deEgWyWfAdWmPQU="></latexit>

Pdata

Model distribution

<latexit sha1_base64="vxb0A95mUqDr/sqZdG9Dg1rKbCM="></latexit>

Pdata ⇡ bPmodel

Inference
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Statistical Principles of Generative Model

<latexit sha1_base64="AYujZw8DXjHXAN7CE0aGZbRSc4g="></latexit>

dist(Pdata,DPmodel) ⇡ 0
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Statistical Principles of Generative Model

<latexit sha1_base64="Nmw/UUM8npsphCyuNOBdTojugwY="></latexit>

= EX⇠Pdata (x)

"
log Pdata(X )

DPmodel(X )

#

<latexit sha1_base64="Js4jHOs6FURsjFBDzh+3pMDEwZA="></latexit>

KL(PdatakDPmodel) ⇡ 0
Kullback-Leibler 

Divergence
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Statistical Principles of Generative Model

Maximum Likelihood!
<latexit sha1_base64="KdP10vekTp0VsiajUW1oPlL0qww=">AAACU3icbVFNTwIxEO2u3ygKevTSSEw8kV3j15HEi0c0oiZASLfMQmO33bSzIiEk/gmv+qs8+Fu82AUOAk7S5OW96czra5RKYTEIvj1/ZXVtfWNzq7C9U9zdK5X3H6zODIcG11Kbp4hZkEJBAwVKeEoNsCSS8Bg9X+f64wsYK7S6x2EK7YT1lIgFZ+ioZutO9PrIjNGDTqkSVINJ0WUQzkCFzKreKXunra7mWQIKuWTWNsMgxfaIGRRcwrjQyiykjD+zHjQdVCwB2x5NPI/psWO6NNbGHYV0wv69MWKJtcMkcp0Jw75d1HLyXy1njI2tE+my2rX5ugVvGF+1R0KlGYLiU2txJilqmkdGu8IARzl0gHEj3Oso7zPDOLpg56YrGOArwuv8gik9MVxwKYeLmS6Dh9NqeFE9vz2r1Opv07w3ySE5IickJJekRm5InTQIJ5q8kw/y6X15P77vr05bfW/2RwdkrvziL+59tn4=</latexit>)

<latexit sha1_base64="pn9S6YRqG3ZgBKqYudkcGwnTzMY="></latexit> DP⇤ =

Maximum Likelihood Principle is an essential
key to understand Generative Models!

<latexit sha1_base64="CfL4rXqWqvIVh3tPM8RN2AJP77A="></latexit>

= arg maxDPmodel

EX⇠Pdata

f
log DPmodel(X )

g
<latexit sha1_base64="0Q4UPwrhMknjrrCujwwLqWQyI74="></latexit>

= arg minDPmodel

EX⇠Pdata

f
log Pdata(X ) � log DPmodel(X )

g

<latexit sha1_base64="TWfb14jzv8LdPWDB84HrrjEIxK4="></latexit>

= arg minDPmodel

KL(PdatakDPmodel)



Understanding Foundation ModelCopyright © 2025 
by Korea University

of

D e p a r t m
e

n
t S

t a
t i s t i c s

<latexit sha1_base64="iI3ZhgPEp9lXJhcDHGxeXsstfOk="></latexit>UNIVERSI�⌥
<latexit sha1_base64="UGsV5jLbMBup3kRZ0HbFkBSxgPQ="></latexit>

KORE⇤
46

Taxonomy of Generative Models

Generative Models

Implicit Density Explicit Density



Understanding Foundation ModelCopyright © 2025 
by Korea University

of

D e p a r t m
e

n
t S

t a
t i s t i c s

<latexit sha1_base64="iI3ZhgPEp9lXJhcDHGxeXsstfOk="></latexit>UNIVERSI�⌥
<latexit sha1_base64="UGsV5jLbMBup3kRZ0HbFkBSxgPQ="></latexit>

KORE⇤
47

Taxonomy of Generative Models

Generative Models

Implicit Density Explicit Density

Generative Adversarial Nets
Autoregressive Models
Flow Models

Energy Based Methods
Score Matching

Variational Auto-Encoder
Diffusion Models

Unnormalized 
Density

Approximate 
Density

Exact 
Density

Learning by
Comparison

Focus on sampling
x ∼ p(x)

Directly learn 
density p(x)

Learn 
E(x) ∝ p(x)

Learn 
L(x) ≤ p(x)
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Taxonomy of Generative Models

Generative Models

Implicit Density Explicit Density

Generative Adversarial Nets
Autoregressive Models
Flow Models

Energy Based Methods
Score Matching

Variational Auto-Encoder
Diffusion Models

Unnormalized 
Density

Approximate 
Density

Exact 
Density

Learning by
Comparison

Focus on sampling
x ∼ p(x)

Directly learn 
density p(x)

Learn 
E(x) ∝ p(x)

Learn 
L(x) ≤ p(x)

modern generative AIs focus on 
probabilistic generative modeling
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Beyond Probabilistic Reasoning

MAR

EVI

CON
MAP

Causal Reasoning

Cause-Effect Analysis

Counterfactual 
Reasoning

Source: Judea Pearl

Interventional 
Reasoning

Probabilistic Reasoning

Toward Causal Reasoning (CaR)
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Understanding Causality by Generative Models

• Structural Causal Models (SCMs) are data generative processes describing 
the causal relationships between variables with causal queries (Pearl, 2009)
• Causal discovery from observational data is at the core of causality since the 

causal graph support the prediction of the queries (Schölkopf et al., 2021) 
• Causal queries can be answered via conditional latent variable models which 

learned a proxy for the noise and structural equations (Chao et al., 2024)
• Causal reasoning can be enhanced via functional diffusion models which 

learned structural relationships in causal graphs (Kang et al., 2025)

Kang et al., Score-informed Neural Operator for Enhancing Ordering-based Causal Discovery, NeurIPS (2025)
P. Chao et al., Modeling Causal Mechanisms with Diffusion Models for Interventional and Counterfactual Queries, TMLR (2024)
B. Schölkopf et al., Toward Causal Representation Learning, Proceedings of the IEEE (2021)
J. Pearl, Causal inference in statistics: An overview. Statistics Surveys, (2009)



Part 3 
In-Context Learning & Prior-fitted
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Generative Pretraining

52
Source: Jay Alammar

<latexit sha1_base64="NI5dmVcPyErkOalrfmMdCQEyfEY="></latexit>

P(X ) =
Y

P(xt |x<t )Autoregressive Generative Model
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Source: Jay Alammar
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Source: Jay Alammar
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Attention Module for Context Processing

• Attention enable the human to prioritize the perception in order to deal 
effectively with others

non-volitional cue volitional cue 
want to read a book
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How can we formulate Attention?

key

list of keys

<latexit sha1_base64="xNerKh7VQLyL6WsKIljchissR6M="></latexit>

6q (k8)

key is an item that can be memorized so 
that we can retrieve it from the list of keys

index of key
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How can we formulate Attention?

list of keys

<latexit sha1_base64="xNerKh7VQLyL6WsKIljchissR6M="></latexit>

6q (k8)

<latexit sha1_base64="qCIWrj4Z7Vg7vONUjDEvqk9hfcw="></latexit>

6q (k1)
<latexit sha1_base64="fhVyI+x7kW3pEhPwi3M8Qw732nA="></latexit>

6q (k2)

list of values

<latexit sha1_base64="kmJJxAPMH3cJom0KQiiImDNa84Q="></latexit>...

value parameter

-th
value
i

<latexit sha1_base64="xNerKh7VQLyL6WsKIljchissR6M="></latexit>

6q (k8)
index of keykey

a value can be an assigned output
or a feature representation for each key
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How can we formulate Attention?

list of keys

volitional cue 
want to read a book

query
<latexit sha1_base64="e0JUYdbIjoB17M8F6rrbAjiY8Mw="></latexit>q query is an input that is used for searching

the closest key from the list of keys

<latexit sha1_base64="xNerKh7VQLyL6WsKIljchissR6M="></latexit>

6q (k8)

<latexit sha1_base64="qCIWrj4Z7Vg7vONUjDEvqk9hfcw="></latexit>

6q (k1)
<latexit sha1_base64="fhVyI+x7kW3pEhPwi3M8Qw732nA="></latexit>

6q (k2)

list of values

<latexit sha1_base64="kmJJxAPMH3cJom0KQiiImDNa84Q="></latexit>...

value parameter

-th
value
i

<latexit sha1_base64="xNerKh7VQLyL6WsKIljchissR6M="></latexit>

6q (k8)
index of keykey

which key is the 
closest item to query?
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How can we formulate Attention?

list of keys

volitional cue 
want to read a book

query
<latexit sha1_base64="e0JUYdbIjoB17M8F6rrbAjiY8Mw="></latexit>q

which key is the 
closest item to query?

query

<latexit sha1_base64="HfzAa87dwSzUtmf870Odu908ipo="></latexit>

P\ (k8 |q)
attention parameter

the attention weight can be computed by
representing it as the conditional probability

<latexit sha1_base64="OIrAZEgZDvr73pjW7ZQfqc3fJJ0="></latexit>

%\ (k1 |q)
<latexit sha1_base64="KnJnwS6Pg592i21Cn0MhXXilIm4="></latexit>

%\ (k2 |q)

<latexit sha1_base64="P6iPIJMtjVLJq0fmn5yml5VBcCs="></latexit>

%\ (k8 |q)

attention
weight

<latexit sha1_base64="xNerKh7VQLyL6WsKIljchissR6M="></latexit>

6q (k8)

<latexit sha1_base64="qCIWrj4Z7Vg7vONUjDEvqk9hfcw="></latexit>

6q (k1)
<latexit sha1_base64="fhVyI+x7kW3pEhPwi3M8Qw732nA="></latexit>

6q (k2)

list of values

<latexit sha1_base64="kmJJxAPMH3cJom0KQiiImDNa84Q="></latexit>...

value parameter

-th
value
i

<latexit sha1_base64="xNerKh7VQLyL6WsKIljchissR6M="></latexit>

6q (k8)
index of keykey

-th
attention
weight

i
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How can we formulate Attention?
<latexit sha1_base64="xNerKh7VQLyL6WsKIljchissR6M="></latexit>

6q (k8)
<latexit sha1_base64="HfzAa87dwSzUtmf870Odu908ipo="></latexit>

P\ (k8 |q)
<latexit sha1_base64="czC2AIt+RS9Bpgltpr8lj1SBmBc="></latexit>A✓,� (q, {ki }) = Ek⇠P✓ ( · |q)[g� (k)]Attention

module

attention parameter

index of keykey

query

value parameter

-th
value
i

-th
attention
weight

i

we can compute the conditional expectation of value with
respect to the attention weights as conditional probability!

volitional cue 
want to read a book

<latexit sha1_base64="e0JUYdbIjoB17M8F6rrbAjiY8Mw="></latexit>q

list of keys

query

<latexit sha1_base64="OIrAZEgZDvr73pjW7ZQfqc3fJJ0="></latexit>

%\ (k1 |q)
<latexit sha1_base64="KnJnwS6Pg592i21Cn0MhXXilIm4="></latexit>

%\ (k2 |q)

<latexit sha1_base64="P6iPIJMtjVLJq0fmn5yml5VBcCs="></latexit>

%\ (k8 |q)
<latexit sha1_base64="xNerKh7VQLyL6WsKIljchissR6M="></latexit>

6q (k8)

<latexit sha1_base64="qCIWrj4Z7Vg7vONUjDEvqk9hfcw="></latexit>

6q (k1)
<latexit sha1_base64="fhVyI+x7kW3pEhPwi3M8Qw732nA="></latexit>

6q (k2)

list of values

<latexit sha1_base64="kmJJxAPMH3cJom0KQiiImDNa84Q="></latexit>...

attention
weight

gacha!
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How can we formulate Attention?

key

<latexit sha1_base64="xNerKh7VQLyL6WsKIljchissR6M="></latexit>

6q (k8)

volitional cue 
want to read a book

<latexit sha1_base64="HfzAa87dwSzUtmf870Odu908ipo="></latexit>

P\ (k8 |q)

<latexit sha1_base64="e0JUYdbIjoB17M8F6rrbAjiY8Mw="></latexit>q

<latexit sha1_base64="FWT3jLMbESboIUjLrlUBHmSIQxk="></latexit>

A✓,� (q, {ki }) =
X

i

P✓ (ki |q)g� (ki)

attention parameter

query

index of keykey

query

value parameter

-th
value
i

Attention
module

<latexit sha1_base64="czC2AIt+RS9Bpgltpr8lj1SBmBc="></latexit>A✓,� (q, {ki }) = Ek⇠P✓ ( · |q)[g� (k)]
note that we are using a finite
number of keys for computing! attention 

weight
value key

list of keys list of values

attention
weights

Attention
module

-th
attention
weight

i
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Self-Attention Module

• We can feed a sequence of tokens into attention pooling so that the same set 
of tokens act as queries, keys, and values: this is called self-attention

<latexit sha1_base64="U4KO9XR21UDghWgTn5KL6G0ZR1U="></latexit>

A✓,� (q, {ki }) =
X

i

exp(a✓ (q, ki))P
j exp(a✓ (q, kj ))

g� (ki)

<latexit sha1_base64="85LPA6JOx3JhksPsqp5Us9gCa2o="></latexit> ’
8

exp (0\ (qC , k8))Õ
9 exp

�
0\ (qC , k 9 )

� 6q (k8)
!)

C=1

sequence of queries

list of keys

<latexit sha1_base64="9N18cayuAymreYF4fYfRv5wzEyw="></latexit>

q = (q1, . . . , q) ) 2 R) ⇥3@

<latexit sha1_base64="ofMd1Z7OfX4C+phwMAJ8kus2+Bk="></latexit>

k = {k1, . . . , k<} 2 R<⇥3:

general attention module
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Understanding Multi-head Self-Attention 

single-head self-attention
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Understanding Multi-head Self-Attention 

single-head self-attention multi-head self-attention



Understanding Foundation ModelCopyright © 2025 
by Korea University

of

D e p a r t m
e

n
t S

t a
t i s t i c s

<latexit sha1_base64="iI3ZhgPEp9lXJhcDHGxeXsstfOk="></latexit>UNIVERSI�⌥
<latexit sha1_base64="UGsV5jLbMBup3kRZ0HbFkBSxgPQ="></latexit>

KORE⇤
65

Source: Jay Alammar

Self-Attention Module in GPT
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How to train LLMs?

Source: Sebastian Raschka
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How LLMs can solve tasks?

Source: Jay Alammar
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How LLMs can solve tasks?

Source: Jay Alammar
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How to train LLMs?

Source: Sebastian Raschka
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How to train LLMs?

Source: Sebastian Raschka
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LLMs are in-context Learners

require 355 years and 
$4.5M to train (Tesla V100)
+ trained with 499 billion tokens

without fine-tuning, LLMs achieve improved
performance with in-context demonstration

Brown et al., Language Models are Few-Shot Learners, NeurIPS (2020)



Understanding Foundation ModelCopyright © 2025 
by Korea University

of

D e p a r t m
e

n
t S

t a
t i s t i c s

<latexit sha1_base64="iI3ZhgPEp9lXJhcDHGxeXsstfOk="></latexit>UNIVERSI�⌥
<latexit sha1_base64="UGsV5jLbMBup3kRZ0HbFkBSxgPQ="></latexit>

KORE⇤

Prior-Fitted Networks

72
Müller et al., Transformers Can Do Bayesian Inference, ICLR (2022)

Bayesian inference via the trained Prior-Fitted Net, 
with the actual training data and a test point as input

<latexit sha1_base64="EiSTC94OU7dOuueNuyyZ2k3M3lA="></latexit>

D(1) = D(1)
train [ {(G (1)

test, H
(1)
test)}

Train the Prior-Fitted Net by minimizing
<latexit sha1_base64="widcnk86V3qenKlQpsPTrvIdZq0="></latexit>

D(:) ⇠ ?(D)Sample prior datasets

Actual training dataset and test input
<latexit sha1_base64="SxC7Mx61ol5VEKH44rngapoWw/Q="></latexit>(Gtest, Dtrain)

<latexit sha1_base64="eKYF6jSy5e2EwHFxSa6GdnFZvYM="></latexit>

D( ) = D( )
train [ {(G ( )

test , H
( )
test )}

⋮

<latexit sha1_base64="0Vk02miopo327um+OL0X/NfpN1o="></latexit>

@\⇤ (Htest |Gtest, Dtrain)
<latexit sha1_base64="b5+fZ8gGbakphuhKv4fodmDdSEI="></latexit>⇡ ?(Htest |Gtest, Dtrain)

<latexit sha1_base64="r4G1sS7J2xAHxmvLkwciKCVIOl4="></latexit>

�
 ’
:=1

log @\ (H (:)
test

|G (:)
test

, D(:)
train

)prior-data NLL
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Prior-Fitted Networks

73
Müller et al., Transformers Can Do Bayesian Inference, ICLR (2022)

Bayesian inference via the trained Prior-Fitted Net, 
with the actual training data and a test point as input

<latexit sha1_base64="EiSTC94OU7dOuueNuyyZ2k3M3lA="></latexit>

D(1) = D(1)
train [ {(G (1)

test, H
(1)
test)}

Train the Prior-Fitted Net by minimizing
<latexit sha1_base64="r4G1sS7J2xAHxmvLkwciKCVIOl4="></latexit>

�
 ’
:=1

log @\ (H (:)
test

|G (:)
test

, D(:)
train

)

<latexit sha1_base64="widcnk86V3qenKlQpsPTrvIdZq0="></latexit>

D(:) ⇠ ?(D)Sample prior datasets

Actual training dataset and test input
<latexit sha1_base64="SxC7Mx61ol5VEKH44rngapoWw/Q="></latexit>(Gtest, Dtrain)

<latexit sha1_base64="eKYF6jSy5e2EwHFxSa6GdnFZvYM="></latexit>

D( ) = D( )
train [ {(G ( )

test , H
( )
test )}

⋮

<latexit sha1_base64="0Vk02miopo327um+OL0X/NfpN1o="></latexit>

@\⇤ (Htest |Gtest, Dtrain)
<latexit sha1_base64="b5+fZ8gGbakphuhKv4fodmDdSEI="></latexit>⇡ ?(Htest |Gtest, Dtrain)

prior-data NLL

Prior-Fitted Net (Transformer)

(3 input pairs)

2 queries

approximate in KL-divergence

posterior predictive prior 
over task

likelihood

<latexit sha1_base64="xRFlKMHNqbeoyoj2VnAxmAH6b2M="></latexit>

?(H |G, D) /
π

T
?(H |G, g)?(D|g)?(dg)
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Prior-Fitted Networks

74
Müller et al., Transformers Can Do Bayesian Inference, ICLR (2022)

Bayesian inference via the trained Prior-Fitted Net, 
with the actual training data and a test point as input

<latexit sha1_base64="EiSTC94OU7dOuueNuyyZ2k3M3lA="></latexit>

D(1) = D(1)
train [ {(G (1)

test, H
(1)
test)}

Train the Prior-Fitted Net by minimizing

<latexit sha1_base64="0Vk02miopo327um+OL0X/NfpN1o="></latexit>

@\⇤ (Htest |Gtest, Dtrain)
<latexit sha1_base64="b5+fZ8gGbakphuhKv4fodmDdSEI="></latexit>⇡ ?(Htest |Gtest, Dtrain)

<latexit sha1_base64="widcnk86V3qenKlQpsPTrvIdZq0="></latexit>

D(:) ⇠ ?(D)Sample prior datasets

Actual training dataset and test input
<latexit sha1_base64="SxC7Mx61ol5VEKH44rngapoWw/Q="></latexit>(Gtest, Dtrain)

<latexit sha1_base64="eKYF6jSy5e2EwHFxSa6GdnFZvYM="></latexit>

D( ) = D( )
train [ {(G ( )

test , H
( )
test )}

⋮

Prior-Fitted Net with parameter θ*

Predict 
<latexit sha1_base64="95EFzl9dDdMvz7+Mrb2cgTgWOtg="></latexit>

Htest

<latexit sha1_base64="r4G1sS7J2xAHxmvLkwciKCVIOl4="></latexit>

�
 ’
:=1

log @\ (H (:)
test

|G (:)
test

, D(:)
train

)prior-data NLL

posterior predictive prior 
over task

likelihood

<latexit sha1_base64="xRFlKMHNqbeoyoj2VnAxmAH6b2M="></latexit>

?(H |G, D) /
π

T
?(H |G, g)?(D|g)?(dg)

approximate in KL-divergence
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Transformer for Tabular Data

Hollmann et al., Accurate predictions on small data with a tabular foundation model, Nature (2025)

인공지능/딥러닝 최고권위학회 ICLR (2023) 
Spotlight (top 25%) 선정 발표

올해 1월 Nature (2025) 본지에 게재
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TabPFN is more accurate and robust

Hollmann et al., Accurate predictions on small data with a tabular foundation model, Nature (2025)
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ICL in LLMs is not Bayesian

• Many researchers have postulated ICL as approximately Bayesian inference
• Recent study presents an empirical evidence that LLMs violate the martingale 

property which is a necessary condition for exchangeability → not Bayesian!
• uncertainty of an LLM’s predictive distribution remains opaque

77
Falck et al., Is In-Context Learning in Large Language Models Bayesian? A Martingale Perspective, ICML (2024)

Some people believe LLMs can do this
but many AI scientists disagree



Part 4 
Foundation Model in AI4Science
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Toward Scalable Multi-task Learning in AI4Science

Lee et al., Scalable Multi-Task Transfer Learning for Molecular Property Prediction, ICML AI4Science Workshop (2024)
Ko et al., Geometrically Aligned Transfer Encoder for Inductive Transfer in Regression Tasks, ICLR (2024)

GATE (Ko et al., ICLR 2024)

Representation Learning
via GATE
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Multi-task learning in chemical property prediction
without domain knowledge has limitation in scalability
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Toward Scalable Multi-task Learning in AI4Science

Ko et al., Geometrically Aligned Transfer Encoder for Inductive Transfer in Regression Tasks, ICLR (2024)

GATE (Ko et al., ICLR 2024)

Data-driven transfer learning via bilevel optim. (Lee et al., 2024)

Representation Learning
via GATE
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Lee et al., Scalable Multi-Task Transfer Learning for Molecular Property Prediction, ICML AI4Science Workshop (2024)

Meta learning can solve many adaptation problems in this field

40 tasks!
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Toward Scalable Multi-task Learning in AI4Science

Ko et al., Filling in the Gaps: LLM-based structured data generation from semi-structured scientific data, ICML AI4Science workshop
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KORE⇤Data engineering is a key to enhance the performance of models!
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Foundation Model for Molecular Tasks

Molecular tasks
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Foundation Model for Molecular Tasks

Molecular tasks

Answer

how can I answer these questions?

Foundation Model
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Foundation Model for Molecular Tasks

Molecular tasks

Molecular 1D sequence  (SMILES, SELFIES)s

Task Instruction q
Q. What is the water solubility of this molecule? 

Molecular Instruction Tuning

Answer[C][C][=C][C][Branch1][C][O][Branch1]
[Branch1][C][C][Ring1][=Branch1][C][=O]

currently, I can read texts only

Foundation Model
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Foundation Model for Molecular Tasks

Molecular 1D sequence  (SMILES, SELFIES)s

Molecular 2D graph 

Task Instruction q
Q. What is the water solubility of this molecule? 

O

OH

Molecular Instruction Tuning Molecular tasks

Answer

Foundation Model

[C][C][=C][C][Branch1][C][O][Branch1]
[Branch1][C][C][Ring1][=Branch1][C][=O]

We need a foundation model which
can understand multimodal data!

currently, I can read texts only

❓
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State of Generalist Models 
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State of Generalist Models 

GPT-4
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State of Generalist Models 

GPT-4

3D-MolM

ChemDFM

Galactica

Note that 3D-MolM is a multimodal LLM, but
it is inferior to seq-based generalist models
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State of Generalist Models 

LlaSMol
LlaSMol shows good performance
but it is still a seq-based unimodal LLM 
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State of Generalist Models & Ours (Mol-LLM)

Ours

Lee et al., Mol-LLM: Multimodal Generalist Molecular LLM with Improved Graph Utilization, NeurIPS AI4Science Workshop (2025)
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Multimodal Molecular LLM on Graph & Text

Molecular 1D sequence  (SMILES, SELFIES)s

Molecular 2D graph 

Task Instruction q
Q. What is the water solubility of this molecule? 

O

OH

[C][C][=C][C][Branch1][C][O][Branch1]
[Branch1][C][C][Ring1][=Branch1][C][=O]

GINE

TokenGT

Hybrid Graph Encoder

key

learnable
queries

⋮

⋮

LLM input Embeddings

Answer
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concat

Backbone LLM 

%
LoRA%

Q-Former

❄

Lee et al., Mol-LLM: Multimodal Generalist Molecular LLM with Improved Graph Utilization, NeurIPS AI4Science Workshop (2025)

Note that we don’t need to retrain
the backbone LLM from the scratch
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Multimodal Molecular LLM on Graph & Text

Molecular 1D sequence  (SMILES, SELFIES)s

Molecular 2D graph 

Task Instruction q
Q. What is the water solubility of this molecule? 

O

OH

[C][C][=C][C][Branch1][C][O][Branch1]
[Branch1][C][C][Ring1][=Branch1][C][=O]

We need a foundation model which
can understand multimodal data!

GINE

TokenGT

Hybrid Graph Encoder

key

learnable
queries

⋮

⋮

Answer
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LLM input Embeddings

Lee et al., Mol-LLM: Multimodal Generalist Molecular LLM with Improved Graph Utilization, NeurIPS AI4Science Workshop (2025)
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Molecular 1D sequence  (SMILES, SELFIES)s

Molecular 2D graph 

Task Instruction q
Q. What is the water solubility of this molecule? 

O

OH

[C][C][=C][C][Branch1][C][O][Branch1]
[Branch1][C][C][Ring1][=Branch1][C][=O]

We need a foundation model which
can understand multimodal data!

GINE

TokenGT

Hybrid Graph Encoder

key

learnable
queries

⋮

⋮

Answer
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govern molecular properties

align global structural information

enhances graph utilization
Multimodal Molecular LLM on Graph & Text

LLM input Embeddings

Lee et al., Mol-LLM: Multimodal Generalist Molecular LLM with Improved Graph Utilization, NeurIPS AI4Science Workshop (2025)
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Lee et al., Mol-LLM: Multimodal Generalist Molecular LLM with Improved Graph Utilization, NeurIPS AI4Science Workshop (2025)



Final Part 
Discussion & Open Problems
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Conclusion & Discussion

Ours

• Foundation Models for AI4Science are promising for solving many tasks
• property classification/regression, reaction prediction, generation etc.

• Multimodal approach is necessary for generalist models
• test benchmark should be evaluated rigorously

• Statistical approach to foundation models is necessary
• uncertainty quantification is a key for search method

• What is Next?

✍ Key message: software & data engineering really matters!
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