Understanding Foundation Model

£ N o o
Sungbin Lim
Department of Statistics, College of Political Science and Economics
>

R 2026. 04. 24 HMEHCh

KOREA '

" UNIVERSITY /1




lce Breaking

* Lim, Sungbin (#x 3% #)
e Ph.D. In Mathematics S5
» Associate Professor of Department of Statistics at 0"'&— UKNR/E{EQ

-KU KOREA UNIVERSITY

=29 « Collaborate Research w/ @ LG Al Research
* Research Area

o Artificial Intelligence
* Stochastic Optimization
* Probabillistic Machine Learning & Reasoning

KOREA Copyright © 2025 Understanding Foundation Model y.

UNIVERSITY by Korea University

KOREA UNIVERSITY



Toward Machine Reasoning
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What is Deep Learning?
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Artificial Intelligence:
Mimicking the intelligence or
behavioural pattern of humans

or any other living entity.

DEEP LEARNING NEURAL NETWORK

Multiple hidden layers
process hierarchical features
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What is Deep Learning?

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

Deep
Learning

Expressive
Power

Large-scale
Training
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Three Principles of Deep Learning

Efficient training Data High expressive power
— convergence — performance

Deep
Learning

Expressive
Power

Large-scale
Training

Generalization — at distribution shift
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Three Principles of Deep Learning

How to extract knowledge from data?

Learning
Principle

Efficient training
— fast convergence

High expressive power
— optimal performance

Deep
Learning

Design
Principle

Optimization
Principle How to optimize deep

networks efficiently?

How to design
structured architectures?

Generalization = robust at distribution shift

KOREA Copyright © 2025 Understanding Foundation Model

pe? 5
KOREA UNIVERSITY

UNIVERSITY by Korea University




Deep Learning =

* |f you have small number of data, Performance
then traditional ML performs well

Traditional ML
(XGBoost, Random Forest)

—
Data (small) Data (big)
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Deep Learning = &

* |f you have small number of data, Performance
then traditional ML performs well

* |f you have more data, then you can

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

CNN, GNN, RNN

Traditional ML
(XGBoost, Random Forest)

-— @\
Data (small) Data (big)
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Deep Learning = <&

* |f you have smal

* |f you have more data, then you can
try deep learning wr
inductive biases (e.g. CNN, GNN, RNN)

* |f you have large number of data anc
ting resources, then you

sufficient

need to t

compu
ry Tran

architect

Jres wit

number Of data, Performance
then traditional ML performs well

h well-desighed
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CNN, GNN, RNN

Traditional ML
(XGBoost, Random Forest)

sformer-type (LLMs)
h a pretraining strategy
Data (small) Data (big)
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Deep Learning =
QDeepMind gGrok
* |f you have small number of data, Performance @ OpenAl @ LG Al Research
then traditional ML pertorms well Industry Giants

Transformers

* |f you have more data, then you can

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

* |f you have large number of data anc Most of us! i
sufficient computing resources, then you (XGBoost, Random Forest)
need to try Iransformer-type (LLMSs)
architectures with a pretraining strategy

Middle-size companies

CNN, GNN, RNN

* Learning from scratch is meaningless
Data (small) Data (big)
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Artificial Intelligence
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Artificial Intelligence

Machine earning

everybody knows! &
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Artificial Intelligence

Machine eaming Machine asoning

What Is this? (&
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llya Sutskever £

. Machine learning is just statistics. On steroids. Lots and lots of steroids.

L Al | I' |

* llya Sutskever |

OpenAl Cofounder

KOREA Copyright © 2025
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3 EURAL INFORMATIO
+. PROCESSING sysTems 2024

LSTM: SEQUENCE TO
SEQUENCE LEARNING WITH

NEURAL NETWORKS

(Don’t watch if you’'re Neural Scientist)

The core iIdea

If: Bio neuron ~= artificial neuron
Then: Human Brain ~= Very large artificial neural network

Source: NeurlPS 2024 Test-time Talk

Understanding Foundation Model
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https://www.youtube.com/watch?v=1yvBqasHLZs

Learning Principle of Future!

What we got right: Deep Learning / Autoregressive Models (Transformer) / Scaling Hypothesis

-

’
What we got wrong: the LSTM

The heart of the LSTM

* The integrator
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“The Deep Learning Hypothesis”

e Human perception is fast

Neurons fire at most 100 times a second
Humans solve perception in 0.1 seconds

— our neurons fire 10 times, at most

Anything a human can do in 0.1 seconds, a big
10-layer neural network can do, too!

Our main idea

Target sequence

Y
Y
Y

L J
Y

Input sequence

Conclusions

e If you have a large big dataset

e And you train a very big neural network

e Then success is guaranteed!

What comes next? Example from nature
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Manger et al., 201 3

lya Sutskever, SeqZ2seq Learning with Neural Networks: what a decade, NeurlPS 2024 Test-time Talk
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What we got wrong: the LSTM

. . . . ::Z: of the LSTM @
Learning Principle of Future! L)
What we got right: Deep Learning / Autoregressive Models (Transformer) / Scaling Hypothesis ==

“The Deep Learning Hypothesis” Our main idea Panslasiens

e Human perception is fast
o Neurons fire at most 100 times a second
o Humans solve perception in 0.1 seconds

~Pre-training know it will end

Compute is growing:

- Better hardware
- Better algorithms
- Larger clusters

Data is not growing:

Target sequence

-  We have but one internet
- The fossil fuel of Al

Y z Q e If you have a large big dataset
} ! t e And you train a very big neural network
e Then success is guaranteed!
T T } } f What comes next? Example from nature
C X Y Z
10,000 ® Vv e
juence : . e . 1 ..
- 182 %
What comes next? The long term 5"
g ; 94 P lJE‘-..l*U-"::_:'-T
Superlntelllgence \
Agentlc oyl
p— Reasons ] " Beymas@
(‘ 'D Understands —— ——————————
.. ——

\_® Isselfaware

How humans do Science?

lya Sutskever, SeqZ2seq Learning with Neural Networks: what a decade, NeurlPS 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

supervised learning {( - - )}
(e.g. classification, regression) X I yl — fe

unsupervised learning {X - } N g
(e.g. density estimation) I (p
index of data samples

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

KOREA Copyright © 2025 Understanding Foundation Model I 9
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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

Ieamed models

supervised learning {( - - )} reasoning w/ knowledge
(e.g. classification, regression) X I ] yl — f e (e.g. meta learning) D ] — @

unsupervised learning {XI} — g(P reasoning w/o knowledge {D TN } . &
. ' . . . ' , . u

(e.g. density estimation) (e.g scientific discovery) L e

index of data samples index of tasks ~ acquired knowledge

L. Bottou, From Machine Learning to Machine Reasoning, Machine Learning (2014)
o, KOREA Copright © 2025 Understanding Foundation Model 20
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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

supervised learning {( - - )} reasoning w/ knowledge
(e.g. classification, regression) X I ] yl — f e (e.g. meta learning) D — @

unsupervised learning {X } N g(P ' reasoning w/o knowledge {D ’\E ..... } N ® ;;
ity estimat ‘ ) heend !

(e.g. density estimation) (e g. scientific d|scovery) .......

index of data samples How can we develop such computational system? (20

L. Bottou, From Machine Learning to Machine Reasoning, Machine Learning (2014)
o, KOREA Copright © 2025 Understanding Foundation Model ya
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Can LLMs Learn Multi- Tasks and Reasoning!?

Google Al Blog (2022)
<., KOREA Coprright © 2025 Understanding Foundation Model
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The Era of Generative Al

ChatGPT (Source: OpenAl) Stable Diffusion (Source: Stability Al)
@f& K RE Copyright © 2025 : :
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The Era of Generative Al

Language Model

ChatGPT (Source: OpenAl)

Diffusion Model

Stable Diffusion (Source: Stability Al)

St KOREA Copyright © 2025 Understanding Foundation Model
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The Era of Generative Al

Foundation Model

\

Language Model Diffusion Model

ChatGPT (Source: OpenAl) Stable Diffusion (Source: Stability Al)

< KOREA Copyright © 2025 Understanding Foundation Model
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What is Foundation Model?



What is Foundation Model?
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* Foundation Models can learn various functionalities (emergence) without
training multiple models (homogenization) at scale

Machine L ii:E
achine Learning I Deep Foundation Models

Emergence of...
Homogenization of...

“how”

learning algorithms

features

Learning

functionalities

architectures models

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

individual siloed models
require task-specific training

Tabular data | e« ,

Video data

WWeb data g tr_ain» }-{ —— Task 6

ef& KO RE A Copyright © 2025
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lraditional ML vs Foundation Models

individual siloed models adaptable with zero-shot or few-shot

require task-specific training require pre-training
XU

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

f_ Multi-tasks ﬁ

Text generation

/ Massive external data

Tabular data o —)

Question & Answering

Information extraction

Image captioning

Code generation
Foundatlon Model : J

——3p | Additional tasks
P

Classification
Adapted Model

Image data m ﬂb }-{ > Task 4
train
Video data E }'{ —— Task 5

Web data (% traln }-{ e QS K 6

Scientific reasoning

LR

&[T (= B

SN QT
\_

~
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Formulation of Foundation Model

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

unlabeled dataset Dtrain — {X11 ey X }

pretraining model . X - (X) R

(foundation model)

1
pretraining loss Lpre( ) - — Epre( (X ),X)
=1
pretrained model — argmin Lpre( )
KOREA Copyright © 2025 Understanding Foundation Model
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Formulation of Foundation Model

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

. -adapt the pretrained model to a wide range of tasks

number of data
downstream task

unlabeled dataset Dtrain — {X11 o ,X } labeled downstream task \ /

(x', U =1,...,ID /7

pretraining model . X - (X) R e 0
(foundation model) ID | ’
1 /
1 : () = argmin e xt ), O
pretraining loss Lpre( ) — Epre( (X ),X) ) D | -1 sk ( ) )
-1 initialized at 6
_ :  fine tunin , 1D /
pretrained model — alflgmin Lpre( ) ( )’ () — argmin B Ruask ( (X( ))’ ( ))
. | _{
KOREA Coprright © 2025 Understanding Foundation Model 3 /

T UNIVERSITY by Korea University
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Self-Supervised Learning

* Self-supervised learning is a form of unsupervised training
where the data rtselt provides the supervision signal

e the representations learned on the pretext task are
subsequently used for a different downstream task

6-month old

A T a ‘-- | - - !
208 =\ 2 4 O -
oS ‘ -~ ' ' 4
“‘ ]
32-month old

e N\
Children can learn high-level visual ; "
D) representations without strong supervision
ef& KO RE A Copyright © 2025 . : 3 2
o | " INTUEREVEE by Korea University Understanding Foundation Model

KOREA UNIVERSITY



Pretraining Example: Position Prediction

A 7| ammm 1,

Doersch et al., Unsupervised Visual Representation Learning by Context Prediction, ICCV (2015)
<, KOREA Coprright © 2025 Understanding Foundation Model
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Pretraining Example: Contrastive Learning

pull the similar sample pairs

Brriptet ( ! ) = ()— « +)

anchor 1% x T positive
sample

Schroff et al,, FaceNet: A Unified Embedding for Face Recognition and Clustering, CVPR (2015)
<, KOREA Coprright © 2025 Understanding Foundation Model
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Pretraining Example: Contrastive Learning

pull the similar sample pairs push away negative pairs

Brriptet ( i ) = ()— «( +) — ()— ()

triplet loss

Class: Dog

Feature Space
) Class: Cat

anchor ¢ x T positive T~ negative

W sample sample
q-

Schroff et al,, FaceNet: A Unified Embedding for Face Recognition and Clustering, CVPR (2015)
<, KOREA Coprright © 2025 Understanding Foundation Model 35
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Pretraining Example: Contrastive Learning

bound pull the similar sample pairs push away negative pairs margin

Criplet( , *, ) =max  ()- () - ()- () +,0

triplet loss 4
S hinge loss
( )=max{ — - ,0}

g —

Class: Dog

Feature Space

Class: Cat
N

anchor ¢ x T positive T~ negative

W sample sample
q-

Schroff et al,, FaceNet: A Unified Embedding for Face Recognition and Clustering, CVPR (2015)
<, KOREA Copprighe 0 2025 Understanding Foundation Model 36
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Contrastive Learning as Density Ratio Estimation

I~

&
(1) Contrastive pre-training 6 lower bound can be tighter as KL ( ( ) ( ) ( )) > 1o
S Wwe use more negative samples ! = 109 InfoNCE
- mutual information
Pepper the e
aussie pup —> . . o o
Engoder l l l l InfoNCE (Noise-Contrastive Estimation)
Ty | Ty, | Ts TN
)’ Il I]'T]_ II‘TZ II‘T3 IliTN
)’ 12 [Z'Tl Iz'Tz Iz'T3 IZ'TN
Elr:l::i%eer » I3 I3T) | 3Ty, | I3 T3 | .. | I3 Ty
> Iy INTy | INTo | INT3 | . | ININ

similarity matrix

Radford et al, Learning Transferable Visual Models From Natural Language Supervision, ICML (2021)
o, KOREA Coprright © 2025 Understanding Foundation Model 37
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How can computers
generate image and text!

e N
Do they draw, write, and dance!
KU

St KOREA Copyright © 2025 Understanding Foundation Model
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Everything is numbers on computer!

Image

| Love
Korea Univ.

natural language

KOREA Copyright © 2025 Understanding Foundation Model
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Everything is numbers on computer!

Image

| Love
) —
Korea Univ. ...

natural language

ef& KO RE A Copyright © 2025

S UNIVERSITY by Korea University
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Recognition

X

binary

ymbol Bina D Bina

A 0100 0001 83 0101 0011
B 0100 0010 84 T 01010100
C 0100 0011 85 U 01010101
D 0100 0100 B6 Vv 0101 0110
E 01000101 87 W 0101 0111
F 0100 0110 88 X 0101 1000
G 01000111 89 Y 01011001
H 0100 1000 90 Z 0101 1010
I 0100 1001 91 [ 0101 1011
J 0100 1010 92

K 01001011 93

I 0100 1100 94

M 0100 1101 95

computers

Generation

00000000

00000000

Understanding Foundation Model
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Principles of Generative Al

Data distribution

; Pdata p
Learning

=

Source: Luis Herranz

KOREA Copyright © 2025
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Model distribution

Understanding Foundation Model
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Pmodel
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Principles of Generative Al

Data distribution Pdata — Pmodel Model distribution

P data
Learning
Pmodel
Inference
Source: Luis Herranz
S5 KOREA Copyright © 2025 : :
. NIVERSITY by Korea University Understanding Foundation Model
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Statistical Principles of Generative Model

dist(Pgdata, Pmodel) \.. O

St KOREA Copyright © 2025 Understanding Foundation Model
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Statistical Principles of Generative Model

Kullback-Leibler

KL(Pdata Pmoder) ‘.0
= Ex Pdata (X) 09 %

KOREA Coprright 2025 Understanding Foundation Model

—_ UNIVERSITY by Korea University
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Statistical Principles of Generative Model

P = arg min KL(Pdata Pmodel)

Pmodel
=argminEx p,,, 100-Puat — 109 Pmodel (X)
Pmodel
=argmaxEx p,.. 100 Pmodel(X) Maximum Likelihood!
Pmodel A—
@ Maximum Likelihood Principle is an essential
oA key to understand Generative Models!
&% Copyright © 2025 - :
<, UKN(R/E{SEIQ by Korea University Understanding Foundation Model 4 5
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Taxonomy of Generative Models

( )
Generative Models

- \J
e / - B
Implicit Density Explicit Density
- y - y
RS K REA Copyright © 2025 : :
o UN(R/ERSHY by Korea University Understanding Foundation Model
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Taxonomy of Generative Models

( )
Generative Models

L N
~ / 4 A
Implicit Density Explicit Density
_ y _ Y
Focus on sampling Directly learn Learn Learn
x ~ p(x) density p(x) E(x) « p(x) L(x) < p(x)
~ R ~ R ~ A ~ R
Learning by Exact Unnormalized Approximate
Comparison Density Density Density
- Y N Y N y - Y
G five Ad 1 Net Autoregressive Models Energy Based Methods Variational Auto-Encoder
eherative ACversarial TNets Flow Models Score Matching Diffusion Models
KORE A Copyright © 2025 : .
UI\R/ERSITY by Korea University Understanding Foundation Model 4 7
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Taxonomy of Generative Models

. Generative Models

modern generative Als focus on
probabilistic generative modeling

i i
T

Explicit Density

Learn . Learn
jE(x) xp(x) O L(x) < p(x)

Directly learn
density p(x)

Unnormalized
Density

Exact
Density

Approximate
Density
Autoregressive Models Energy Based Methods Variational Auto-Encoder

Flow Models Score Matching Diffusion Models

o7, KOREA Coprright © 2025 Understanding Foundation Model 48
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Beyond Probabilistic Reasoning
Toward Causal Reasoning (CaR)

Layer Typical Typical Example Machine Learning
Probabilistic Reasoning (Symbolic) Activity Question
=V L1 Associational  Seeing What is? What does a symp- Supervised /
MAR P(y|x) How would seeing tom tell us about the Unsupervised
CON X change my belief disease? Learning
MAP inY?
Cause-Effect Analysis L, Interventional Doing What if? What if I take aspirin, Reinforcement
Interventional P(yldo(x),c) What if I do X? will my headache be Learning
Reasoning cared?
Counterfactual L3 Counterfactual Imagining Why? Was it the aspirin
Reasoning P(yx|x',y") What if T had acted that stopped my
v differently? headache?

Causal Reasoning
Source: Judea Pearl

o, KOREA Coprright © 2025 Understanding Foundation Model
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Understanding

by Generative Models

 Structural Causal Models (SCMs) are data generative processes describing

the causal relationship
» Causal discovery fromr

s between variables with causal queries (Pearl, 2009)
observational data Is at the core of causality since the

causal graph support the prediction of the queries (Scholkopft et al., 2021)

e Causal queries can be
learned a proxy for th

answered via conditional latent variable models which
e 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)

< KOREA Copyright © 2025

<
oe® P T
KOREA UNIVERSITY

UNIVERSITY by Korea University

J. Pearl, Causal inference in statistics: An overview. Statistics Surveys, (2009)

3. Scholkopf et al, Toward Causal Representation Learning, Proceedings of the IEEE (2021)
- Chao et al, Modeling Causal Mechanisms with Diffusion Models for Interventional and Counterfactual Queries, TMLR (2024)
Kang et al.,, Score-informed Neural Operator for Enhancing Ordering-based Causal Discovery, NeurlPS (2025)
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Generative Pretraining
Autoregressive Generative Model P (X) — P (Xt ‘X<t)

Output

Input

recite the first law $

Source: Jay Alammar

o, KOREA Coprright © 2025 Understanding Foundation Model
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Decoding time 5tEp:®2 3456

ENCODER

ENCODER

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT Je Suis etudiant

Source: Jay Alammar

oFf
%
< d;(
&Q’ ™Y
(& 6/:’
0? : ¢,
e Cs

1%
KOREA UNIVERSITY
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OUTPUT

DECODER
DECODER
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Decoding time step: 1@3 4 5 6

ENCODERS

EMBEDDING t t
WITH TIME
SIGNAL
EMBEDDINGS

INPUT Je SUIS

Source: Jay Alammar

of
% |
< d:(
&Q’ ™
(& 6/;“
0? : ¢,
e cs

1%
KOREA UNIVERSITY
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etudiant

OUTPUT

KE‘[H: dec VE”U{EEE LIHEHI' + Sﬂftmax

DECODERS

PREVIOUS
OUTPUTS

Understanding Foundation Model
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Attention Module for Context Processing

e A-

tention enable the human to prioritize the perception in order to deal

ef

Ql

o %
<& .
X H

2 ; &,
H /
oe® : Cs

KOREA UNIVERSITY

ectively with others

Fovea
Fovea

Macula
Macula

volitional cue
want to read a book

non-volitional cue

KOREA Copyrigh © 2025 Understanding Foundation Model 55
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How can we formulate Attention?

K

list of keys

key

Fovea

Macula

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

-

KOREA Copyright © 2025 Understanding Foundation Model
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How can we formulate Attention?

list of keys

$

Macula

KOREA Copyright © 2025

UNIVERSITY by Korea University
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(K1)
(k2)

(K)

6
—

-KU

o= (K
/) N\

value parameter key index of key

a value can be an assigned output
or a feature representation for each key

Understanding Foundation Model
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How can we formulate Attention?

value

list of keys list of values i-th ( k )

(kZ) value parameter key

= (K1)

. which key is the
closest item to

Macula

(K)

volitional cue
want to read a book

g

~

(o
6 is an input that is used for searching
=& the closest key from the list of keys

-KU

KOREA Copyright © 2025 Understanding Foundation Model
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How can we formulate Attention?

list of keys list of values i-th ( k )
value

(kala) (k1)

(kZ) value parameter key index of key
Fovea

* P (k|q)

attention parameter

. which key is the
closest item to

Macula

(K)

volitional cue
want to read a book

g

(A
6 the can be computed by
representing it as the conditional probability

-

<7, KOREA Coprright ©2023 Understanding Foundation Model
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How can we formulate Attention?

list of keys list of values i-th ( k )

value
(kala) < ‘ (k1)

(kZ) value parameter key index of key

~P (k|q)

attention parameter

(K)
want \;lit?gzl;u: book A;tszfjilzn e,(P (q1 {kl }) — Ek Pe ( ‘q) [g(P (k)]
g

KO REA Copyright ©2025 Understanding Foundation Model 60
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6 we can compute the conditional expectation of value with
=8 respect to the as conditional probability!
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How can we formulate Attention?

i-th k
list of keys list of values value

value parameter key index of key
i-th
Attention . P k
attention
module ,
weight
attention parameter query

pant oo oo A;tszf:.:“ 0,0(0, {ki}) =  Pe(Kila)ge (Ki)

query q note that we are using a finite | { / v
. attention value  key
=2 number of keys for computing! ,
i weight

KO REA Copyright © 2025 Understanding Foundation Model 6 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

exp( (q,Kk))
AeooldiKi}) = —o oy

general attention module =1
= ( ) R”
q=1\U1...,(
sequence of queries
— X
k={k{,....k } R
list of keys
& i Copyright © 2025 : :
Sl UKI\R/L{RSEIQ by Korea University Understanding Foundation Model 62
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Understanding Multi-head Self-Attention

Layer: | § | Attention: | Input - Input -

]
The The
animal_ animal_
didn_ didn_
L
Cross_ Cross_
the the_
street street
because_ because_
it_ it_
Was_ Was_
too_ too_
tire tire
d_ d_
single-head self-attention
Copyright © 2025 : :
UKI\R/E{SElﬁ by Korea University Understanding Foundation Model
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Understanding Multi-head Self-Attention

. A : : _ 2
Layer.| 5 | Attention:| Input - Input 4 Layer: O ¥ Attention: Input-input &

i

The_ The_ The_ The_
animal animal animal_ animal_
didn_ didn_ didn_ didn_
3 t L -
Cross._ Cross_ Cross_ Cross._
'thE_ thE‘_ the_ thB_
street street street_ street_
because because because_ because_
it i it >0t
was_ was_ was_ was_
too_ too_ too_ too_
tire tire tire tire
d_ d_ d_ d_
single-head self-attention multi-head self-attention
Copyright © 2025 : :
UK,\R/E{SEIQ oy Korea University Understanding Foundation Model

KOREA UNIVERSITY
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Self-Attention Module in GPT

output token probabilities (logits) DECODER

:a. 19850038 :aardvark
0.7089803 .aarhus
0.46333563 |aaron

model vocabulary size

50,257 | 0.1% 30% 50% 0.2

| -0.51006055 zyzzyva _ Sttty

| value #4 | DECODER
Query #9 50% value #2
[T1] S
it -1 B
| 30% value #1 | - & E E E E E E
;ﬁ <S> a robot must obey the orders given
% |
1 2 3 4 5 6 7 8 9 1024
Source: Jay Alammar

or

]
&is

o, KOREA Copright 2025 Understanding Foundation Model 65
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How to train LLMs?

o \ Project Gutenberg (PG) is a volunteer effort to
Pretraining digitize and archive cultural works, as well as to
, "encourage the creation and distribution of eBooks."
Dataset:
100B to >5T tokens It was founded in 1971 by American writer Michael S.

Hart and is the oldest digital library. Most of the

Task: Next-token

prediction on
unlabeled texts individual stories in the public domain. All files can be

items in its collection are the full texts of books or

accessed for free under an open format layout,
Output: base model /
“foundation model” available on almost any computer. As of

3 October 2015, Project Gutenberg had reached

\ J 50,000 items In its collection of free eBooks.

Source: Sebastian Raschka

or

% |
Q:d;(

7, KOREA Coprright ©2025 Understanding Foundation Model
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How LLMs can solve tasks?

Output #2
PoS ] on allez-vous

Output #1
Position #4 fComment

Training Dataset

| am a student <to-fr> je suis  etudiant

let them eat cake <to-fr> Qu’ils mangent de % Tl’aﬂS]COl’mer— Decod er

good morning <to-fr> Bonjour

how are you <tofr

1 2 3 £ 1024
Source: Jay Alammar
&& KO RE A Copyright © 2025 : :
o | % LNTERETE by Korea University Understanding Foundation Model
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How LLMs can solve tasks?

Output #2

Output #1

- 1 | B .'I_,' ]

Training Dataset

Article #1 tokens <summarize>  Article #1 Summary
: ; Article #2 »
Article #2 tokens <summarize> Surl'rfr:ary padding 3 Tr_an S]COI’m e r_ jecod er
Article #3 tokens <summarize> g:ﬁﬁ:;
<summarize>
1 e 113 114 2956
Source: Jay Alammar
&& KO RE A Copyright © 2025 : :
o | % LNTERETE by Korea University Understanding Foundation Model
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How to train LLMs?

Project Gutenberg (PG) is a volunteer effort to o-
o ) Supervised (
Pretraining

digitize and archive cultural works, as well as to ) ) "instruction": "Write a limerick about a
| - finetuning pelican.”,
s o "encourage the creation and distribution of eBooks." "input": "",
ataset. "output”: "There once was a pelican so fine,
100B to >5T tokens It was founded in 1971 by American writer Michael S. \nHis beak was as colorful as
sunshine, \nHe would fish all day,\nIn
Hart and is the oldest digital library. Most of the More next-token a very unique way,\nThis pelican was
it truly divine!\n\n\n"
: ’ . o | prediction
Task: I\_Ie)_(t token items in its collection are the full texts of books or b
prediction on
unlabeled texts iIndividual stories in the public domain. All files can be
Usually 1k-50k
accessed for free under an open format layout, iInstruction-response {
Output: base model / . "instruction”": "Identify the odd one out from
' . . pairs th .
“foundation model” available on almost any computer. As of e group. .,
"input"”: "Carrot, Apple, Banana, Grape",
3 October 2015, Project Gutenberg had reached . "output”: "Carrot\n\n”

\ J 50,000 items In its collection of free eBooks. \

Source: Sebastian Raschka

or

]
&is

&, KOREA Copyright © 205 Understanding Foundation Model 69

o | > UNIVERSITY by Korea University

KOREA UNIVERSITY




How to train LLMs?

Collect comparison data and

train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks the
outputs from best
to worst.

This data is used
to train our
reward model.

Source: Sebastian Raschka

~
L

Explain reinforcement
leamning to a & year old.

11111

0-0-0°0

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new promptis
sampled from
the dataset.

The PPO model is
initialized from the
supervised policy.

The policy generates
an output.

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPO.

A

Write a story
about otters.

or

&& | KO RE A Copyright © 2025

o | > UNIVERSITY by Korea University

KOREA UNIVERSITY
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L LMs are in-context Learners

require 355 years and
Zerolshot Onefhot - il - $4.5M to train (TeslaV100)

1758 Params + trained with 499 billion tokens

Natural Language

60 Prompt

outer loop

_—
=]
o~ : . . . .
— Learning via SGD during unsupervised pre-training
> )
&)
£
3
3 7 7 7
"ﬂ: 5+ 8 =13 O gaot goat 'y, thanks => merci 0
13B Params < 9 2
- — —r
7+2=9 E k ake ;2 hello => bonjour 2
— - —
® o ®
1+ 8 =1 o brid bird o mint => menthe o
inner loop - - =
-3 =} -}
3+4=7 o fsih fish o rall => mur Q
5+9 =14 deuk => duck otter => loutre
1.3B Params
9 + 8 = 17 cmihp => chimp bread == pain
A 4 4 N
' sequence #1 sequence #2 sequence #3
Number of Examples in Context (K) 9 9 ¢

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

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

or

&, KOREA Coprright © 2025 Understanding Foundation Model 7’
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Prior-Fitted Networks

Sample prior datasets D() (D)
1) _ 1 1 1
DY =Dy (e o)}

D) =Dy ) {( 4t test)}

train

Muller et al., Transformers Can Do Bayesian Inference, ICLR (2022)
KOREA Coprright © 2025 Understanding Foundation Model

R UNIVERSITY by Korea University
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J
Prior-Fitted Networks D Gy (1) )

posterior predictive

prior
over task

approximate in KL-divergence

Sample prior datasets D () (D) Train the Prior-Fitted Net by minimizing
1) — (D) (1) (1)
D Dtraln {( test test)} prior-data NLL — Iog ( tact ‘ tact Dt(ral)n)

() =p()
D Dtraln {( test , test )} Prior-Fitted Net (Transformer) Q("ﬂ?al,D) Q("fBB;D)

f f
; ; by i

(x1,y1)(x2,y2)(z3,y3) 24 Ts

~ o 2 queries
D (3 input pairs)

Muller et al., Transformers Can Do Bayesian Inference, ICLR (2022)
o, KOREA Coprright 0 2025 Understanding Foundation Model 773
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J
Prior-Fitted Networks D Gy (1) )

posterior predictive prior

approximate in KL-divergence over task

Sample prior datasets [ () (D) Train the Prior-Fitted Net by minimizing
1) — (D) (1) (1) ()
D Dtraln {( test! test)} prior-data NLL — IOg ( test ‘ test Dtraln)
D( ) = Dt(ralr)1 {( test : test )} Prior-Fitted Net with parameter 0;

Bayesian inference via the trained Prior-Fitted Net,

Actual training dataset and test input with the actual training data and a test point as input

( test Dtrain)

( testl test Dtrain)

o

Predict test — ( teStl test Dtrain)

Muller et al., Transformers Can Do Bayesian Inference, ICLR (2022)
o, KOREA Copright © 2025 Understanding Foundation Model 74
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Transformer for Tabular Data

Published as a conference paper at ICLR 2023

TABPFN: A TRANSFORMER THAT SOLVES SMALL
TABULAR CLASSIFICATION PROBLEMS IN A SECOND

Noah Hollmann*'2 Samuel Miiller*! Katharina Eggensperger’ Frank Hutter!>

! University of Freiburg,  Charité University Medicine Berlin

3 Bosch Center for Artificial Intelligence * Equal contribution.

Correspondence to noah.hollmann@charite.de & muellesalcs.uni-freiburg.de

OlZX|S/ERi &Mt

o/
H

Spotlight (top 25%) M &t

ol

| ICLR (2023)

EE

nature

Explore content v  About the journal v  Publish withus v

nature > articles > article

Article | Open access | Published: 08 January 2025

Accurate predictionsonsmall datawith a
tabular foundation model

Noah Hollmann &3, Samuel Miiller &, Lennart Purucker, Arjun Krishnakumar, Max

Korfer, Shi Bin Hoo, Robin Tibor Schirrmeister & Frank Hutter &

Nature 637, 319-326 (2025) | Cite this article

223k Accesses | 381 Altmetric | Metrics

25 |3 Nature (2025) 2X[0]| AH|XH

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

UNIVERSITY by Korea University
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TabPFN is more accurate and robust

a Normalized o
ROC AUC 4 OMagmflcat:on
1.0 1 .
0.9-
0.8 - .|
E ﬂ ﬂ 0.8 -
= 0.6 - [ 97
S .
‘»
,_"g 0.4 4 0.7 - ﬁ
@)
0.2 E 0.6
0 -
B Default [ Tuned (4 h)
Normalized o
negative RMSE 0 Magnification
0.9
§ 0.8 -|L[F
7
o
g 0.7
o
0.6
B Default Tuned (4 h)

Regression

Normalized
accuracy

B Default

Normalized

B Default

Magnification

1.0~

Tuned (4 h)

Magnification

1.0~

] Tuned (4 h)

CatBoost (default)

o
o

CatBoost (default)

-
o

O
o

o
o))

O
~

o

—
o

-
o

&
o

O
~

O
Ao

Per dataset normalized ROC comparison
of Catboost and TabPFN

Wilcoxon P < 0.001 Wilcoxon P < 0.001

o -
A0 Lo
. cg" P
Catboost | = Catboost
stronger .~ g stronger
§ .
L7
Q
" TabPFN * TabPFN
stronger \ S stronger \
0 025 050 0.75 100 0 0.25 0.50 0.75 1.00
TabPFN (default) TabPFN (4 h tuned)
Per dataset normalized RMSE comparison
of Catboost and TabPFN
Wilcoxon P = 0.0153 Wilcoxon P < 0.001
#
Catboost E Catboost
stronger i stronger
!’ E c’
" TabPFN ke " TabPFN
stronger g stronger
0 025 050 075 1.00 O 0.25 0.50 0.75 1.00

TabPFN (default) TabPFN (4 h tuned)

Normalized average performance
(ROC AUC and negative RMSE)

Uninformative features

1| Fraction (%)
B 0
a0

Dropping samples

i Fraction keﬁ‘l (%)
-‘IGD =350 C325

Missing values?
B No
= Yes

Number of samples

Number of samples
. 1-1,999
3 2,000-3,999

1 4,000-10,000
I T

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

KO RE A Copyright © 2025

o | > UNIVERSITY by Korea University

KOREA UNIVERSITY

Understanding Foundation Model

Qutlier factor

Oﬁfller Fractibn
1/ .0
4/ E23100

7 Catagﬁr'n::al féaiuraa B
Bl No

/6



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

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!

e uncertainty of an LLM's predictive distribution remains opaque

. 1.00 - . T

£ £
zl, = i ":_‘:." i d.lu-l'
ﬁ 0.75 o i b o i - \ i m’rﬁ,
g P A o R S e e i = N
_I_ 2
ﬁ 0.50 - = - == E\i .
S - S
I 0.25 - / LLM Il
< -== E(f,,) —— Bayes o —== E(@y)
”[H} L T T T T T T T T T T
10 20 30 1 2 3 4 100 200 300
m density m

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

KOREA Copyright © 2025
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Foundation Mocdel in Al4Science




Toward Scalable Multi-task Learning in Al4Science
— S A, KOREA @ LG Al Research

K‘Z)RE/\ UNIVERSITY U N I V E RS I TY
1 K \2 Representation Learning
% via GATE 6 Multi-task learning in chemical property prediction

without domain knowledge has limitation in scalability

b1 P
Ctlmrdinate for task, ¢2 * ¢’1_1 C{Imrdinate for task;
_/\_ Perturbation
X=»| Embedding
OGATE
STL
Encoder, Encoder; u:TL
D
‘ BIGSP-KD
T oy T . l '
@ rans., ¢, _— Yy & rans., ¢, Iranjer E:Etm!n ﬁll} )
ransier etrain Hea
inv. Trans., s A Inv. Trans., =%

/N /N

Regression, &, Regression, A,
v ! I
lt,ré?g lt,map lrecon, cons, dis ls,map ls,reg

Training on ¢ Geometric alignment Training on §

GATE (Ko et al., ICLR 2024)

Ko et al., Geometrically Aligned Transfer Encoder for Inductive Transfer in Regression Tasks, ICLR (2024)
Lee et al, Scalable Multi- Task Transfer Learning for Molecular Property Prediction, ICML Al45cience Workshop (2024)

]
Q

- KOREA A Understanding Foundation Model 79
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Toward Scalable Multi-task Learning in Al4Science
— S _ KOREA @ LG Al Research

KOREA UNIVERSITY U N I V E RS I TY
1 K \2 Representation Learning
a via GATE 6 Meta learning can solve many adaptation problems in this field

b1z
Ctlmrdinate for task, ¢2 * ¢’1_1 C{Imrdinate for task;
' X Fartudbaiion 40 tasks! Algorithm 1 Bi-level Optimization for GATE
A=>| Embedding &/ 1: Input: Training data D;,., validation data D,
T 2: Initialize model @, transfer ratio )\, transfer momentum
STL m, vV
Encoder, Encoder; MTL )
KD 3: repeat
D GSP-KD .
‘ Trans., ¢, i s Trans., ¢, l Transfer (Retrain All) 4. 6 A arg min L(Dt‘r‘: 6, ’\)5 Inner IOOP
@:: & M A :@ Transfer (Retrain Head) 7}
4 % '"“;ﬁ"s" '""';;"3" ! 5: A<« arg ;nin L(Dyqa1,0, A, m,v); Outer loop
Regression, /, Regression, /, 6: until converged
/ ' / ' / v / v / : Data-driven transfer learning via bilevel optim. (Lee et al., 2024)
t,reg “tmap recon, cons, dis s,map “s,reg

Training on Geometric alignment Training on §

GATE (Ko et al., ICLR 2024)

Ko et al., Geometrically Aligned Transfer Encoder for Inductive Transfer in Regression Tasks, ICLR (2024)
Lee et al, Scalable Multi- Task Transfer Learning for Molecular Property Prediction, ICML Al45cience Workshop (2024)

- KOREA A Understanding Foundation Model 80
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Toward Scalable Multi-task Learning in Al4Science
<. KOREA @ LG Al Research

K‘Z)GI:E/\UNIVERSIFY U N IVERS ITY

Data engineering is a key to enhance the performance of models!

Knowledge Pquery Augmented
_ graph Knowledge graph
Concatenation , \ - \ (old)
CREATE

&
A Image i Extract - + Generate " MERGE g
placeholder related query
substitution _ Split text sentences
» : = >
' LM Integrate =
FIGURE_N> = Related J >
N[url)(desc) == k._{ - L L.._ _ P <FIGURE 1= ®
— extract sentences [mage
Parsed Concatenated Splitted dy,d,,,d, restoration
documents text text DD?U”‘E”" P B o
old integrate ugmente
D11D2= "'an D document
out
D,.lr
Gain? Gain per token (K)T GainT  Gain per token (M)T
Wikidata+Pandoc 254/158 1.382 LLM only 0.000 -
Wikidata+htmI2markdown 337/143  0.690 tﬁ:ﬁzﬁ;ﬁ y gggg igji
Wikidata+Markdownify ~ 308/122  2.050 [IMsbitoid 006> 2481
Wikidata+BS 246/146 3.276 LLM+BS 0.059 3.942
Wikidata+ReactionParser 293/166 6.810 LLM+ReactionParser  0.075 9.235

Ko et al, Filling In the Gaps: LLM-based structured data generation from semi-structured scientific data, ICML Al45Science workshop
o, KOREA Coprighe 2025 Understanding Foundation Model 81
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Foundation Model for Molecular Tasks

pe®

KOREA UNIVERSITY

KO RE A Copyright © 2025
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Molecular tasks

~ . N
Molecular Property Regression
Cl What is the HOMO energy Df thls mnlecule'?
-:FLDAT:--U 2411-:IFLGAT:-
L] L] _-\
Molecular Property Classification
Q Dues thIS mulecule have knuwn snde u=1~f|’*&*:cts"n’I
-=:BDOLEAN:-TruefFaIse':fBDGLEAN}
: : 5o )
Chemlcal Reaction Prediction
Q Gwen the fnlluwmg prnduct please pr{}wde pnssmle reactants
qSELFIES}{SELFIES}-:ISELFIES:
e - . >
Molecule Captioning
Q Please prowde a cletalled descrlptlnn nf the mﬂlecular structure.
{DESCRlF‘TlﬂN}{MﬂlEGule Gapt:nn}-ﬂ!DESCRIPTION} ;
\_ R ppp——
r )

Molecule Generation
Q Can you create a mnlecule based on thls structural descnpt:un’?

ﬂSELFIES}{SELFIES}ﬂIS ELFIES}

Understanding Foundation Model

oY



Foundation Model for Molecular Tasks

oe®

KOREA UNIVERSITY

KO RE A Copyright © 2025

UNIVERSITY by Korea University

Molecular tasks

4 :
Molecular Property Regression
Q What is the HOMO energy Df thls mnlecule"
,, r-:FLDAT:n--u 241 1 -:J’FLDAT:-
‘g " A RN NI NI NN EEEEREIAEEEEEEEEAEEEEESSEISESISEsEEEssssssssssassannnnnns’)
] ] Y
how can | answer these questions? : Molecular Property Classification
Q. Does this molecule have known side effects?
i -=:EDOLEAN:-TruefFalse':IBDGLEAN}
1 : . o R
An swer ¢ Chemlcal Reaction Prediction
, Q Gwen the fnlluwmg product pleasa pr{}wda posmble reactants
¢ -ﬁSELFIES}{SELFIES}-:ISELFIES::
i - =)
. 1 " Molecule Captioning
Foundation Model

Q Please pruwde a detalled descrlptmn nf tha mnlecular structure
: ﬂDESCRIPTIDN}{MuIEGuIE Gapt:nn}ﬂ!DESCRIPTlON}
‘ - '\
Mnlecule Generation
Q Can you create a mnlecule based on thls structural descrlptmn'?
t {SELFIES}{SELFIES}#SELFIES}
Moo o L e s s S s e e )

Understanding Foundation Model
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Foundation Model for Molecular Tasks

Molecular Instruction Tuning : Molecular tasks
(" Molecular Property Regression B
Task Instruction q Q What is the HOMO energy Df thls mnlecule'?
: -:FLDAT:--U 2411-:IFLGAT:-
Q.What |S the Water Solub|||ty of th|s molecule? ; .....................i
Molecular Property Classification

currently, | can read texts only Q. Does this molecule have known side effects?

-=:BDOLEAN:-True#FaIseﬁBDGLEAN}

[CI[C][=C][C][Branch 1 ][C][O][Branchl] ANswer | (" chemical Reaction Prediction k
[Branch I ][C][C][Ring|][=Branch][C][=O] i | Q. Given the following product, please provide possible reactants. .
Molecular ID sequence s (SMILES, SELFIES) A% “SELF'ES}{SELF'ES}“’SELF'ES" ———————————_ee———sesssmm—

r =)

Molecule Captioning
Q Please prowde a cletalled descrlptlnn nf the mﬂlecular structure

ﬂDESCRIPTIDN}{MuIEGuIE Gapt:nn}-ﬂ!DESCRIPTION}

Foundation Model

e - ™
Molecule Generation

Q Can you create a mnlecule based on thls structural descnpt:un’?
-ﬁSELFIES}{SELFIES}*-:ISELFIES}

KO REA Copyright © 2025 Understanding Foundation Model

o UNIVERSITY by Korea University
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Foundation Model for Molecular Tasks

Molecular Instruction Tuning : Molecular tasks
(" Molecular Property Regression B
Task Instruction q Q What is the HOMO energy Df thls mnlecule'?
: -:FLDAT:--U 2411-:IFLGAT:-
Q.What |S the Water Solub|||ty of th|s molecule? ; .....................i
Molecular Property Classification

currently, | can read texts only Q. Does this molecule have known side effects?

-=:BDOLEAN:-True#FaIseﬁBDGLEAN}

[CI[C][=C][C][Branch I ][C][O][Branchl] ANSWer } (" Chemical Reaction Prediction b
[Branch I ][C][C][Ring|][=Branch 1][C][=0O] : Q Given the following product, please provide possible reactants.

R -r: > < >

Molecular ID sequence s (SMILES, SELFIES) LU <SELFIES>(SELFIES]</SELFIES> |

e ™)

Molecule Captioning
Q Please prowde a cletalled descrlptlnn nf the mﬂlecular structure

® : ﬂDESCRIPTIDN}{MuIEGuIE Gapt:nn}-ﬂ!DESCRIPTION}

*
0’ "
* L]
0‘ L]
" A .........l..l.........l..-..‘...l.....-..-..'.
\ *
*
*
/\ R ! s ~
/4 -
[

0 Molecule Generation
\ Q Can you create a mnlecule based on thls structural descnpt:un’?

Foundation Model

We need a foundation model which

OH can understand multimodal data! L {SELFIES}{SELFIESWSELFIES} __J
Molecular 2D graph S
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o | “n [INTERETTE by Korea University Understanding Foundation Model

KOREA UNIVERSITY

85



—
= -

LogS LogS

Property HH!I,—" HEF?DI}:) (AqSol) (ESOL) SIDER "‘x“‘ PrD perty

[ | " H\x I f .
Regression " Homo '-. il .\nxCaSSI ication

:I:"JLUMO ‘ “'.. I:iSrllTox\H‘n
Gap ' ““ ."“ BBBP
- FS .~§‘é\!,/£"‘“ BACE

olh . BACE
. FS ""ll‘/\\‘\”. | Mc

\  (SMol.)

< Q.‘lll" :

(ChEBI-20) /'
r

".‘\ (ORDerly) .
on ™, o L e S
Reaction ™,  (mokinst) (SWel) .~ Translation

Prediction >\, RS MG 3
R (SMol.) RS RP (cheEBI-20) -7
(ORDerly) (Mol-Inst.) .

"
_— —
-----'—-.-.
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State of Generalist Models

oFf
o | €

9
&‘6\ E (‘,.
< H

Ky
?> &
/

e® e

|V
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a e S

- e

b il LogS LogS

Property L{Egu? Aasell B9 gIpER CIPFD?EFW
0S| .. Classification
Regression " HOMO | HIV .
/ LUMO ClinTox
“Best “t
! Gap 'BBBP
. FS |
| (Mol-Inst.) GPT-4 BACE :'
. FS - MC
\ (SMol.) (SMol.) ;,'
FS MC /
\\\ (ORDerly) (ChEBI-20) /!
Reactionh‘g fMEEﬂ-} {2‘;1,8,] ,**;Translatian
Prediction ., RS MG
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“Ne (SMol.) RS RP (ChEBI-20) 7
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“a (ORDerly) (Mol-Inst.) .
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State of Generalist Models

g I [ -

> il LogS LogS

Property L{Egu? Aasel (ESOL gIDER - ™. Property

essi / ™. Classification
Regression " HOMO | HIV
/ LUMO ClinTox
L “Best "ﬁt
! Gap BBBP | Note that 3D-MolIM is a multimodal LLM, but
| \ it is inferior to seqg-based generalist models
|
. FS 'BACE
| (Mol-Inst.) GPT-4 |
|
. FS - MC
\  (SMol.) (SMol.) /
\ !
'l.‘ .r‘lil
\ FS MC -/
.. (ORDerly) ChemDFM (ChEBI-20) /'
. RS MG
Reaction ™ - (wokinst) (SMel) -~ Translation
Prediction ., RS MG
.. (SMaol) RS RP (ChEBI-20) -

by (ORDerly) (Mol-Inst.) -

—
S o — -

Q!
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State of Generalist Models

a e S

i LogS LogS

"

2 AqgSol ESOL %
Property HE?D? Aasel (5500 qIpER Property
Regression . oMo HIV Classification
/ LUMO ClinTox \,
/ “Best "u\
f'J Gap BBBP 11 LIaSMol shows good performance

but it is still a seq-based unimodal LLM

LIaSMol

-
[———

' FS
. (Mol-Inst.) reAwE
i
. FS MC .
\  (SMol.) (SMol.) /
1 ')
'lu'||I ) ;
\ FS MC f"’
', (ORDerly) (ChEBI-20) ¢
. RS MG S
Reaction ™ (Motinst) (SMol) /" Translation
Prediction .. RS MG
e (SMol.) RS RP (cheBl-20) -7
o (ORDerly) (Mol-Inst.) e

T
—
S o — -

Sl
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State of Generalist Models & Ours (MoI-LLM)

LogS LogS
e AqSol ESOL .
Properﬁy : L.;EEUP AaSel =00 qIpER Property
Regressmnﬁ; HOMO v
/ LUMO ClinTox '\
/ Gap BBBP |
. FS ':
. (Mol-Inst.) — \ BACE i
L FS MC |
\ (SMol.) (SMol.) ;,'
“x FS MC f,
“\ (ORDerly) (ChEBI-20)
A e {MEEE"’ (gﬁﬁ] Translation
Prediction RS MG
R (SMol) RS RP (chEBl-20) -7
g (ORDerly) (Mol-Inst.) -

—
— -

- T
-

-
"'b._... -
-\...

- -
— —
T o — -

.. KOREA

KOREA UNIVERSITY U N I V E R S I T Y

Huflassification @ LG Al Research

Lee et al,, Mol-LLM: Multimodal Generalist Molecular LLM vvlth Improved Graph Utilization, NeurlPS Al4Science Workshop (2025)
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Multimodal Molecular LLM on Graph & Text

Task Instruction ¢ LLM input Embeddings

[C][C][=C][C][Branch ][C][O][Branchl]

[Branch I ][C][C][Ring|][=Branch][C][=0]
Molecular ID sequence s (SMILES, SELFIES)

A
X T

Backbone LLM

Answer

learnable
queries

TokenGT key

G
OH TokenGT 6 Note that we don’t need to retrain
V Sz the backbone LLM from the scratch
Molecular 2D graph TokenGT XU
G=(V,E) TokenGT E

Hybrid Graph Encoder
Lee et al,, Mol-LLM: Multimodal Generalist Molecular LLM with Improved Graph Utilization, NeurlPS Al4Science Workshop (2025)
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Multimodal Molecular LLM on Graph & Text

Task Instruction ¢ [ — |LLMinput Embeddings

' MolIPO: Molecular Structure Preference Optimization

Hybrid Graph Encoder Pre-training Molecule Captioning Response

Benzoic acid is an aromatic carboxylic
: acid where a carboxyl group (-COOH) is:
i directly attached to a benzene ring... :

R . Task 1: Functional group prediction R )
[ GINE i 1 lnc:r}gl:;\slﬁ1 chgsan T T Decrﬁf:lﬁl ;ijgcted
Molecular : :  Graph 3 ikelihoo
2Dgraphg i |, ) | i embedding > . MLP >0 | Yrunc Mol-LLM
N e - h ® 0 Chosen Rejected
_"" or J 1 ( Task instruction ¢ ) / \’F Task instruction ¢
: [TokenaT) O R O e eRRE
N R Jsedas )  Task 2: SELFIES reconstruction — L '
: ] Ev,?) J first token S 3 T f [ Chosen 1D SELFIES S : [ Chosen 1D SELFIES S
S E ecoder-only franstormer [ Chosen 2D Graph 9w | Modify informative (* Rejected 2D Graph G/
(s ] (G PT'2) 0 | feature in graph for prinsssssssssessaeen s
' : i| given task @
l l l l l l l > i Removed :
[C][C][=Branch1][C][=O][C]<EOS> : ;

G=(V,E) | TokenGT) [ E )

Hybrid Graph Encoder
Lee et al,, Mol-LLM: Multimodal Generalist Molecular LLM with Improved Graph Utilization, NeurlPS Al4Science Workshop (2025)
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Multimodal Molecular LLM on Graph & Text

enhances graph utilization

[ | LM input Embeddings

{ | AMc-u\IPO‘: VOIeci‘lIﬁr truc.t/l‘»'e( Pféfrénée Otlmlztlon

Task Instruction g

Hybrid Graph Encoder Pre-training e e e e 5

govern molecular properties

Benzoic acid is an aromatic carboxylic
: acid where a carboxyl group (-COOH) is:

S i e e e e directly attached to a benzene ring... :
........................ t Task 1: Functional group prediction ]
SRR - R N e e T e e LT T T CT LT LT TTPTTPTCer Y.
GINE Increase chosen T T Decrease rejected
Molecular : . Graph likelihood likelihood
2Dgraph g i | ) : embedding *[ . MLP ) > Yeunc Mol-LLM
: & ) h W Chosen Rejected
—l- or J align global structural information [ Task instruction ¢i / \ Task instruction ¢;
i [TokenGT) \ e —— S RS a s ey ey | Q- {DSEESEIEFEE 9};1{% EEIPEEL}IIE Q. ?SESEEFEST{% gﬁ?ﬁ?le
i Task 2: SELFIES reconstruction § — N *
: f" 3 k&%?) ; ﬁl;'J:tetgkaeSn A’:.L,;“ ARSIl ST T A SRS =R S RTINS NN SRR TN :" Chosen 1D SELFIES S : : Chosen 1D SELFIES S :
) 7 Decoder-only Transformer T
....................... Modify |.nfgrmatwe Rﬂjﬂﬂtﬂd 2?-(?1??!-! . .1? _'F_,
Y (G PT- 2) fgei.gé%r? algkg raph for
l 'Ir l l l l l > @ Removed :
[C][C][=Branch1][C][=O][C]<EOS> i )

G=(V,E) | TokenGT) [ E )

Hybrid Graph Encoder
Lee et al,, Mol-LLM: Multimodal Generalist Molecular LLM with Improved Graph Utilization, NeurlPS Al4Science Workshop (2025)
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Question INPUT_MOLECULE Galactica LlaSMol Mol-LLM (Ours) Ground Truth

Please provide a feasible | § 2
product that could be | d | Q/ ¥ /o | )

it | QO3 QRO cd?\@ SOON SO OS

[INFUT_MOLECULE]

FS-InD

FS-00D

Please provide a feasible oy ¢ , ;
product that could be | - | | | | g«/\/\ | &,\/\
formed using these | | A },O' | /“O NN | h Y
reactants and reagents: | | | |
INPUT_MOLECULE] | _\J\‘ | | | |

e e e e, e R ol e e e, e . e M e O ol O e e e, B e i e 0 . i A 0 e . e e e 0 e e S e, S e B, . e e e 0 B e e e . e A e . i . it s e e e it Bt e e e e . e S R i 0. e it e e e i et et e et e et . i, B0 i

| | | . o | I | :

Can you list the reactants | | | *{ Jr | J\ ,\»- |
tha‘{might resultin the , X*{ 3 \](\ | E \%\ %
chemical product | | | | ' | A
INPUT_MOLECULE] ? XX XX { m m !

: )
Can you list the reactants | )\}—‘: i

| | q“ﬁ)\é:(? | :

that might result in the | | | 4 o | ~7 !
chemical product | { | A
INPUT_MOLECULE]? | “"h)\m - : > , . -

Lee et al,, Mol-LLM: Multimodal Generalist Molecular LLM with Improved Graph Utilization, NeurlPS Al4Science Workshop (2025)

)
&

RS-InD

RS-00D

X
Q
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Discussion & Open Problems



Conclusion & Discussion

* Foundation Models for Al4Science 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 methoa
* What is Next? e

Prediction .. RS MG j
g (SMol.) RS RP (ChEBI-20) -7
(ORDerly) (Mol-Inst.) Pl

Z. Key message: software & data engineering really matters! e
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