2025 er=r A XHE S e] FAet= 2 AXE ASK|sESE

Transformer7l} X]
HET
Assistant Professor, NINE Lab.,

Division of Advanced Nuclear Engineering,

POSTECH
Numerical
@ Investigation for
Nature &

Energy Lab.

R\ L=

O Kg’gs 2

K8
Mo Lepe”




[01] J. Jeon et al., Ann. Nucl. Energy, 2018. [07] J. Jeon et al., Int. J. Energy Res., 2022. [13] S. Baral et al., under review.

M BaCk rOu nd [02] J. Jeon et al., Nucl. Eng. Technol., 2019. [08] J. Jeon et al., Int. J. Heat Mass. Transf., 2024 [14] S. Khanal et al., in preparation.
y g [03] J. Jeon et al., Energies, 2020. [09] J. Jeon et al., Phys. Fluids, 2025. [15] M. Lee et al., in preparation.
[04]]. Jeon et al., Int. J. Heat Mass. Transf.,2021 [10] S. Khanal et al., Nucl. Eng. Technol., 2025. [16] S. Yu et al., in preparation.
[05]J. Jeon et al., Nucl. Eng. Technol., 2019. [11]S. Jo et al., under review.
06] J. Jeon et al., Nucl. Eng. Technol., 2021. 12] J. Shin et al., under review. . )
L06] & 2] .+ LLM applications
2016 2018 Ryt 2020 2022 2024 2025 * LoRA fine-tuning
® ® d o o *— >

Master degree

Reduction of fuel coneeatration (H,-air fames; Le <« 1)

>

| SMR-DT dependency: SciML vs CFD |

Low fidelity High fidelity Optimal fidelity CFD
_ SciML | |
* Hydrogen flame extinction mechanism with CFD [3, 4]. (DRealtime simulator | @CFD acceleration | (Optimal control
e  Hydrogen flammability limit model [5, 6]. ) ]
- Hydrogen combustion risk prediction code (HYCOR) * DT level 1 Real-time s:mt_llator (Al surrogate model) [11, 12, 14, 15]
(flammability, flame acceleration, DDT evaluation). : * DT level 2: CFD acceleration (SMR applications) [13]

* DT level 3: optimal control strategy (reinforcement learning) [9]

“We need hydrogen ®

flammability model !”’ Ph.D. degree

“We need CED acceleration_ using Al!” “We can apply Al to SMR-Digital Twin !”

= : : * - : (from ORNL)
R S— 2 L = Wik w3t Transfer learning strategy
. RS / oL - I :
" h oo | | ) H
3 I autpt i
3 t 28t 1l

(from NINE Lab.)

>

* Finite volumé method network: (FVMN) model [ 7]‘ \
 Physics-informed transfer learning (RePIT) strategy [8].
* RePIT open-source software optimizations [10, 13]

“SMR innovation and licensing”

/

v o S SMR regulatory technology
E@ w s« Hydrogen risk assessment for i-SMR [16]
: =+ [-SMR MELCOR modeling

“We need SMR hydrogen regulatory technology !” ‘ _M * : 5




[01] J. Jeon et al., Ann. Nucl. Energy, 2018. [07] J. Jeon et al., Int. J. Energy Res., 2022. [13] S. Baral et al., under review.

M BaCk rOu nd [02] J. Jeon et al., Nucl. Eng. Technol., 2019. [08] J. Jeon et al., Int. J. Heat Mass. Transf., 2024 [14] S. Khanal et al., in preparation.
y g [03] J. Jeon et al., Energies, 2020. [09] J. Jeon et al., Phys. Fluids, 2025. [15] M. Leeet al., in preparation.
[04]]. Jeon et al., Int. J. Heat Mass. Transf.,2021 [10] S. Khanal et al., Nucl. Eng. Technol., 2025. [16]S in preparation.
[05]J. Jeon et al., Nucl. Eng. Technol., 2019. [11]S. Jo et al., under review.
06] J. Jeon et al., Nucl. Eng. Technol., 2021. 12] J. Shin et al., under review. . .
L06] & 121 .+ LLM applications
2016 2018 Ryt 2020 2022 2024 2025 * LoRA fine-tuning
o o o o . o— >

Master degree

Reduction of fuel coneeatration (H,-air fames; Le <« 1)

>

| SMR-DT dependency: SciML vs CFD |

Low fidelity High fidelity Optimal fidelity CFD

* Hydrogen flame extinction mechanism with CFD [3, 4]. (DRealtime simulator | @CFD acceleration | (Optimal control

* Hydrogen flammability limit model [5, 6].
* Hydrogen combustion risk prediction code (HYCOR)
(flammability, flame acceleration, DDT evaluation).

* DT level 1: Real-time simulator (Al surrogate model) [11, 12, 14, 15]
* DT level 2: CFD acceleration (SMR applications) [13]
* DT level 3: optimal control strategy (reinforcement learning) [9]

“We need hydrogen ®

flammability model !”’ Ph.D. degree

“We need CED acceleration_ using Al!” “We can apply Al to SMR-Digital Twin !”

= : : * - : (from ORNL)
R S— 2 L = Wik w3t Transfer learning strategy
. RS / oL - I :
" h oo | | ) H
3 I autpt i
3 t 28t 1l

(from NINE Lab.)

>

* Finite volumé method network: (FVMN) model [ 7]‘ \
 Physics-informed transfer learning (RePIT) strategy [8].
* RePIT open-source software optimizations [10, 13]

“SMR innovation and licensing”

/

S SMR regulatory technology
: w s« Hydrogen risk assessment for i-SMR [16]
: =+ [-SMR MELCOR modeling

“We need SMR hydrogen regulatory technology !” ‘ _M * : 3

VERTTLUX
TASIM '




The world has changed!
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But not always...

Overfit

Predictor variable Predictor variable
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Tips for Beginners

Stanford Online ‘CS229’ Andrew Ng

Stanford CS229: Machine Learning F...

Stanford Online - 1/ 20

= 5
= 3

Stanford CS229: Machine
Learning Course, Lecture 1 -...

0

Stanford Oniine

Stanford €S229: Machine

Learning - Linear Regression...

Stanford Online

Locally Weighted & Logistic

Regression | Stanford CS229:...

Stanford Oniine

" Lecture 4 - Perceptron &

Generalized Linear Model |...

Stanford Online

Lecture 5 - GDA & Naive Bayes

p= | Stanford CS229: Machine...

Stanford Online

Lecture 6 - Support Vector
3 Machines | Stanford C$229:...
Stanford Oniine

Lecture 7 - Kernels | Stanford

€S229: Machine Learning...
T b stanford Oniine

Lecture 8 - Data Splits, Models

8 ﬁﬁ & Cross-Validation | Stanford...
Stanford Oniine

Lecture 9 - Approx/Estimation
o M2 Eror & ERM | Stanford €S229..

9 - Homework, and a note about the Stanford honor code >

Stanford CS229: Machine Learning Course, Lecture 1 - Andrew Ng (Autumn 2018)
Stanford Online'® e Gast g p3R L emdNg []Nm

FEX 777019

Sanfordonline ¥8  fhs et 2

m Stanford CS229: Machine

X

>

Lot 7| A=t 2]-7| A 2l s K| & BT 2| ‘Al Bootcamp’

https://sites.google.com/view/aiksme/home?authuser=0

Topics Colab Slides Youtube
Python Programming pdf#00

Introduction to Artificial Intelligence (Al) pdf#01 iYoutube#01
End-to-End Machine Learning iColab#02 pdf#02 iYoutube#02
Regression, Classification iColab#03 pdf#03, pdf#04 iYoutube#03
Dimension Reduction iColab#05 pdf#05 iYoutube#04
Clustering iColab#06 pdf#06 iYoutube#05
Artificial Neural Networks (ANN) iColab#07 pdf#07 iYoutube#06, iYoutube#07
Autoencoder iColab#08 pdf#08 iYoutube#08
Convolutional Neural Networks (CNN) iColab#09 pdf#0% iYoutube#09
Long Short-Term Memory (LSTM) iColab#10 pdf#10 iYoutube#10
Reinforcement Learning (RL) pdf#11 iYoutube#11
Value-based RL pdf#12 iYoutube#12
Policy-based RL iColab#13 pdf#13 iYoutube#13
A3 LM EE pdf ChatGPT4 pdf#14 iYoutube#14
Language-based Robotics pdf#15 iYoutube#15
ChatGPT 28 2 Bl Hof pdf#lé iYoutube#16
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Computational science: solve the equation!

 general PDE form:

T(u(x, t), Vu(x, t), V2u(x, t)) =0, (x,t) e QA x[0,T]

Ju

5 (u-V)u+ Vp —vVu

- example 1) Navier-Stokes equation: F(u,Vu, V?u) =

- example 2) Fourier's Law: F(T,V4T) = Frin aV?T

B
« example 3) Faraday’'s Law: F(B,VXE) = aa_t +VXE

10



Computational science: solve the equation!

d?u(x)
dx?

= f(x) inQ (1-D Poisson equation)

u(x + Ax) — 2u(x) + u(x — Ax)
Ax?

=f(x)

finite difference method (FDM):

@-nds=j £ dv
|4

s dx

dzu( X)

finite volume method (FVM): j av = j fx)dv —
74

du(x) dv(x)
dx dx

finite element method (FEM): j dx = j F)v(x)dx
Q

N —  Apup=F,

wn () = ) upg $ix), v = by (1) N TOLTON

=1 dx dx

Fuij = fﬂ f;(x) dx

11



Machine learning: approximate the equation!

- For a given target function f(x), we aim to approximate it as a polynomial centered at x, and parametrized by
the coefficients ag, a4, ,a, .

f(x) = a0+ a;(x —xg) + ay(x —x9)? + az(x — x¢)3 + -+ + a,(x — xo)™
- How to determine the parameters (coefficients) which best approximate the target function?

k
_ [ (x0) | o
Ay = Tl 2o TayIPr Series Approxmapon

— N=2
1.5 --— N=5

- Is this a reliable approximation?

cos(x)

Convergence of the Talyor Series > -05 1

12

materials from Prof. Seungchan Ko (Inha University)



Machine learning: approximate the equation!

- For a given target function f(x), we aim to approximate it as a trigonometric function parametrized by the
coefficients a4, -+ ,a, and by, , by,

ag o kmx  kmx
f(x) = > + (ay cos—— + by, smT)

L
k=1

- How to determine the parameters (coefficients) which best approximate the target function?

1JL ) knxd ; 1fo()_ knxd
a =— X)cos— dx, b, = — X)sin— dx |,
k L _Lf L K L —L L /\/\/\/
- Is this a reliable approximation? W\/
Convergence of the Fourier Series [ #
gy /frequency
My

13

materials from Prof. Seungchan Ko (Inha University)



Machine learning (neural networks)

- For a given target function f(x), we aim to approximate it as a an L-layer feed-forward neural network
parametrized by 6 (weight and bias).

Fl(x) = Wix + b!
Fi) =wio (1) +bffor2 < £< L = f(x) ~ f*

- How to determine the parameters (coefficients) which best approximate the target function?

Set a loss function and minimize it (‘learning’ as well as ‘approximation’)

Hidden Layers

Input Layer . . Output Layer
SaN a0

RSO DRKI B,

SREL XA S

- Is this a reliable approximation?

Universal approximation theorem

14

materials from Prof. Seungchan Ko (Inha University)



Neural networks: universal nonlinear function approximator

Universal Approximation Theorem

For a continuous function f, there exists a sequence of growing neural networks {f,} such that

lim max |f,(x) — f(x)| = 0.

=0 X

® Arbitrary width case for two-layer neural networks (L = 2, n; — o0).

@ G. Cybenko, — Deep learning architectures ——
Approximation by superpositions of a sigmoidal function, )
Math. Control Signals Systems, 2(4):303-314, 1989. =3 o -8, == é

— — !

@ K. Hornik, ) ; ‘Vli_aiml e
Approximation capabilities of multilayer feedforward networks, == ¥ - -— R
Neural Networks, 4(2):251-257, 1991. T -« B |

=) (=) (= N B - 33
® Bounded width and arbitrary depth case (n; < oo, L — o0). T | T
v K g ’\7/7' i
B P. Kidger and T. Lyons,
Universal Approximation with Deep Narrow Network,
Proceedings of Machine Learning Research, 2306-2327, 2020.




Machine learning as a computational science.

Scientific
Domains

Computational

Science

Computer
Science

16

https://www.computationalsciencenl.nl/
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Types of learning: Discriminative vs Generative

Discriminative model Generative model
Goal Directly estimate P (y|x) Estimate P(x|y) to then deduce P(y|x)
What's learned Decision boundary Probability distributions of the data
/
/
/
/
] /
Illustration /
/
/
/
/
/
Examples Regressions, SVMs GDA, Naive Bayes 18

https://stanford.edu/%7Eshervine/teaching/cs-229/cheatsheet-supervised-learning



Generative Learning Algorithms

« Algorithms that try to learn p(y|x) directly: Discriminative Learning Algorithms
 Algorithms that try to model p(x|y): Generative Learning Algorithms

For instance:
y(0|1) -» Dog | Elephant

p(x|y) = 0 - models distribution of dogs features

p(x|y) =1 - models distribution of elephants features

19



Gaussian Discriminant Analysis (GDA) model

p(x|ly) p(y) of
p(x)

p(ylx) =

y ~ Bernoulli(¢)
x|y =0~ N(up, X) il
xly =1~ N(,Lll,Z)




And now...
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ANN — Multi Layer Perceptron

* Universal function approximator
* Nonlinear mapping can be represented by another neurons

Slide from Prof. Sim (Sookmyung Women's University)



Relational inductive bias

|

® == |
&
£
()}
£
£ >
%) T e
\
\ /
(a) Fully connected (b) Convolutional (c) Recurrent

* Inductive bias is the set of assumptions that learning model uses to predict output
for generalization.

* Relational inductive bias is the assumptions on relationships in input data.

* Relational inductive biases are one of the keys to modeling architectures such as FCN,
ConvNet, RNN, GNN, or etc..

24
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Relational inductive bias

hidden layer 1 hidden layer 2 hidden layer 3

;/, '-%uulpm layer
& 2 =

input layer

Component Entities Relations Rel. inductive bias Invariance

Fully connected Units All-to-all Weak -
Convolutional Grid elements Local Locality Spatial translation
Recurrent Timesteps Sequential Sequentiality Time translation
Graph network Nodes Edges Arbitrary Node, edge permutations

Table 1: Various relational inductive biases in standard deep learning components. See also Section 2.

25
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Relational inductive bias

Input Image

\l— Feature Map
Component Entities Relations Rel. inductive bias Invariance
Fully connected Units All-to-all Weak -
Convolutional Grid elements Local Localit Spatial translation
Recurrent Timesteps Sequential Sequentiality Time translation
Graph network Nodes Edges Arbitrary Node, edge permutations

Table 1: Various relational inductive biases in standard deep learning components. See also Section 2.

26
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Relational inductive bias

w X Y Z <EOS>
A A A A A
- - - > — > >
T T I A E A A A
A B C <EOS> w X Y Z
Component Entities Relations Rel. inductive bias Invariance
Fully connected Units All-to-all Weak -
Convolutional Grid elements Local Localit Spatial translation

Recurrent Timesteps Sequential Sequentiality Time translation

raph networ Nodes ges Arbitrary Node, edge permuiations

Table 1: Various relational inductive biases in standard deep learning components. See also Section 2.
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Recurrent Neural Network (RNN)

Lol o

28
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Recurrent Neural Network (RNN)

L

? 3

RNN

—>

(X5

—

JIAASX s8] e,

>

RNN
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Recurrent Neural Network (RNN)

We can process a sequence of vectors x by
applying a recurrence formula at every time step:

L» RNN —] ht — fW(Iht-l ,@)

new state / old state input vector at
some time step

some function
with parameters W

Notice: the same function and the same set of parameters are used at every time step.

30
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Recurrent Neural Network (RNN)

The state consists of a single “hidden” vector h:

hy = fW(ht-lrxt)

L. s

ml |

h; = tanh(Wynhe.q + Wynxe + by)

YVt = Whyht T by

Sometimes called a “Vanilla RNN”

31
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Recurrent Neural Network (RNN)

~ - P a
—
RNN RNN
\l / J j v

32
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Let's calculate parameter numbers!

Output Output

A keras.models Sequential
keras.layers SimpleRNN

model = Sequential ()

Total params: 42
Trainable params: 42
Mon-trainable params: O

Input

Harim Kang - Davinci Al units=3 3 X 3 + —l— 3 = 42

.
UnltS=2 https.//davinci-al.tistory.com

X input A|AHE =2 &1 0| parameter
a0
o TT




Recurrent Neural Network (RNN)

« Variable length of sequence can be input in RNN, because of shared weights at each
time step. RNN has various structure according to task types

one to one one to many many to one many to many many to many

Vanilla Neural Networks e.g. Image Captioning e.g. Sentiment Classification e.g. Machine Translation e.g. Video classification on frame level
image -> sequence of words sequence of words -> sentiment seq of words -> seq of words

34
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RNN Computational Graph (Many to Many)

L
//
Y1 1 La Y2 1 L Y3 1 Ls Y1 1 Ly
ho fW hl fW > h2 fW h3 — .es B hT
X1 X2 X3
W

35
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Sequence to Sequence (seq2seq): Many to One + One to Many

* Seqg2seq is a model for training to convert sequences from one domain (e.g. sentences in English)

to sequences in another domain (e.g. the same sentences translated to French).

| am Iron Man

A

Encoder Decoder

}1Xaluo)

=
0

't OfO

L|C}.

r2
r
1

httns://ctkim tistorv.com/entrv/RNN-sea?<ea2t -2 Q01 7}

36
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Sequence to Sequence (seq2seq): Many to One + One to Many

« Seq2seq is a model for training to convert sequences from one domain (e.g. sentences in English)

to sequences in another domain (e.g. the same sentences translated to French).

Encoder

' h

LSTM — LSTM — LST™M ——» Context
1

I T T

otojoiaH elLict

-
-

T T T | |

Context ————» LSTM —» LSTM —p LST™M —» LST™M — LSTM
I

I T I I I

<eos> | am Iron man

37
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Sequence to Sequence (seq2seq): Many to One + One to Many

» Seqg2seq is a model for training to convert sequences from one domain (e.g. sentences in English)

to sequences in another domain (e.g. the same sentences translated to French).

Decoder

| am Iron man <eos>

T T T T |

—T P LST™M —> LSTM —> LST™M —> LST™M — LST™M

T T I T T

Encoder

Problem 1) fixed size of context vector
Problem 2) gradient vanishing

JIAASK s de=l 49S, 2024



Backpropagation Through Time

s,=tanh(Ux,+Ws,_,)

y,=softmax( Vs, ) V] V{ V[ V[ V[

39




Backpropagation Through Time

8W @W

8E3_0E3 6)73 a53 Ey Er Eo Es Ey

OW 0y, 0s,0W [ { [ H | [

But s,=tanh(Ux,+Ws,)

o S() o q1
D)) — ()
S_3 depends on s_2, which
depends on W and s_1, and so on. H “ H H [
OFE

_23: O E; 0V 65 @5, Lo Bl T2 3 T4
=69, b8, 65 W

40
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Backpropagation Through Time

aag_i O0E, 0y, 0s, 0s,
oW & 0y, 0s,0s, OW

6E3_23:6E36f3 ﬁ ds, | 0s,
OW S0y, 08, | =01 0s,_, | OW

- tanh maps all values into a range between -1 and 1, and the derivative is
bounded by 1.

« With multiple matrix multiplication, gradient values shrink exponentially.

« Gradient contribution from “far away” steps become zero.

« Depending on activation functions and network parameters, gradients could

explode instead of vanishing.

41

1A ClSX|SAHTRZ| &2, dYS, 2024




Long Short Term Memory (LSTM)
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Seq2Seq with Attention Mechanism
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Attention Mechanism: Attention is All You Need

* The fundamental concept that underpins a transformer is attention.

— Originally developed as an enhancement to RNNs for machine translation.

— Later showed significantly improved performance by eliminating the recurrence structure and focusing

exclusively on the attention mechanism.
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to

other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

Vaswani et al. (2017)
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Natural Language Processing (NLP)2|
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Transformer Overview
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Transformer Overview

Decoding time step:@Z 3456

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

OUTPUT

1

'4 '

Linear + Softmax )

ENCODER DECODER J

/) /)

ENCODER DECODER J

o J
LITT] [LTT] [ITT]
[ITTT] (1111 [TTT]
Je suis étudiant

53

https://jalammar.github. io/illustrated-transformer/



Transformer Overview

Decoding time step: 1@3 4 56
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Input Embedding (Word Embedding)
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Input Embedding (Word Embedding)
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Attention Mechanism: Attention is All You Need

* The fundamental concept that underpins a transformer is attention.
— Originally developed as an enhancement to RNNs for machine translation.

— Later showed significantly improved performance by eliminating the recurrence structure and focusing

exclusively on the attention mechanism.
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

Vaswani et al. (2017)
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Two Different Sentences

“l swam across the river to get to the other bank.”

“l walked across the road to get cash from the bank.”
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Key Concepts in Attention

( I J(swam] [across] ( the J[river} [ to J[ get J( to J( the J[otherJ (?ank]

( I J [swam) [across] ( the ] [river] [ to ] { get J [ to J [ the } [other] [bank]
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Two Different Sentences

* Particular locations that should receive more attention depend on the input sequence itself

“llswam|across thelriverlto get to the other bank.”

“l walked across the road to get|cash|from the bank.”

— Once the network is trained, the weights for their associated inputs are generally fixed.

— By contrast, attention uses weighting factors whose values depend on the specific input data.
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Attention Coefficients

* Suppose that we want to map input vectors (X4, ..., Xy) to another embedding space (v, ..., Yn)-

* The value of y,, should depend stronger for particularly important vector, e.g. X;,.
* A simple way to achieve this is to define each output vector y, to be a linear combination of the
input vectors with weighting coefficients a,,.

N
Yn = E UnmXm
m=1
r Unpm 2 O
< N
E Ay, = 1
. m=1
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Institution Behind Self-Attention

* Let’s attend to the most important parts of an input




Institution Behind Self-Attention

* Our brain behaves like
1. Identify which parts to attend to
2. Extract the features with high attention

IAASK s



Understanding Self-Attention with Search

* Compute attention masks

— How similar is each key to the desired query?

Google

optimus prime

Query (Q)

Key (K)

IAASK s
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Understanding Self-Attention with Search

* Extract values based on attention
— Return the values highest attention
— C.f.) Hard attention vs. Soft attention
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Learning Self-Attention with Neural Networks
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Learning Self-Attention with Neural Networks
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Learning Self-Attention with Neural Networks
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Learning Self-Attention with Neural Networks

He opened the door and smiled
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Learning Self-Attention with Neural Networks
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Learning Self-Attention with Neural Networks

* Goalis to identify and attend to most important features in input data.
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Learning Self-Attention with Neural Networks

Softmax
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Learning Self-Attention with Neural Networks
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Learning Self-Attention with Neural Networks
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Learning Self-Attention with Neural Networks

* Goal is to identify and attend to most important features in input data.

Encode position information

Extract query (Q), key (K), value (V)

Compute attention weighting

Extract features with high
attention




Learning Self-Attention with Neural Networks

* Goal is to identify and attend to most important features in input data.

Encode position information

He opened the door and smiled

Embedding

Po P1 P2 P3 Pa Ps
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Learning Self-Attention with Neural Networks

* Goal is to identify and attend to most important features in input data.

. X
Extract query (Q), key (K), value (V) /
v
*
N x D

H « | W

D XD N XD
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Learning Self-Attention with Neural Networks

* Goal is to identify and attend to most important features in input data.

. - —>Softmax<

N XD D XN N XN

Attention score by computing similarity between Q and K

\4 5 3
Compute attention weighting Q 2 gi & g T E
* 1‘ He
K opened
the
door
and
smiled
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Learning Self-Attention with Neural Networks

* Goal is to identify and attend to most important features in input data.

Attention weighting Value Output

N XN N XD N XD

-

Extract features with high
attention

. QK"'
Y = Attention(Q, K, V) = Softmax Vv
vV Dy
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Learning Self-Attention with Neural Networks

* A self-attention head that can plug into a larger network

Softmax
f

Scaling
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Mat mul
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Learning Self-Attention with Neural Networks

* A self-attention head that can plug into a larger network
* Foundational building block of the Transformer architecture

Y
?
Encode position information [ Mat mul ]
T A
Softmax
f
Extract query (Q), key (K), value (V) Scaling
f
Mat mul

Compute attention weighting L J
Q K \"
Extract features with high
attention |
X
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Attention Mechanism: Masked Decoder Self-Attention

Attention weight between the tokens In the row for corresponding to “Life”,
corresponding to “Life” and “short mask out all words that come after “Life”
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\ J L —) first 10.19((0.02]/0.31(|0.11 |/ 0.07|(0.27 first |10.19](0.02](0.31(0.11(/0.07|/0.27
Positional Positional
Encoding ®_6 € Encoding
Input Output
[ Embedding ] l Embedding l
1 1
nuts oo Attention weights calculated in the

previous “Self-Attention” section
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Attention Mechanism: Encoder-Decoder Attention

Output
Probabilities
Linear
(
Add & Norm N
Feed
Forward
s Add & Norm
_ :
e & N Multi-Head
Feed Ayarattiam
Forward L T 57 N x
N _Add & Norm |
f—>| Add & Norm ' Maskod
Multi-Head Multi-Head
Attention Attention
At 1
\_ J \_ _JJ
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
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Multi-Head Attention

* To capture multiple patterns of attention that are relevant at the same time

Attention weighting

Output of attention head (1) Output of attention head (2) Output of attention head (3)
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Multi-Head Attention

* To capture multiple patterns of attention that are relevant at the same time

Y
t t
/ [ Mat mul ]\ [ Linear ]

. : _ 3
Softmax ’{ Concatenate }:
- 1 -
Scaling
1
Mat mul

K | \%
I

X

-
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Transformer Layers

* Residual connections that bypass the multi-head structure
* Layer normalization to improve training efficiency

~

X
Qutput

Probabilities Add & norm

\ / ~
Add & Norm

, : ~ X=WZ+0b

MLP
i Z} ZERd

y 3

Add & Norm

Feed
Forward

Multi-Head
Attention

| l orm '(—: | ’I } V X d
Nx Ah;id“iljor;n A:r\?ai%dd [ Add & norm ]‘_ E ]:R
Attention Attention
— 1 o
e i X eR
ercosing Q) - Excoing
Input Output
l Embedding ] l Embe1dding l d . mOd el SIZG
o Odous V: number of vocabularies




Softmax and Output Probabilities

TRANSFORMER EXPLAINER

Embeddin

Data
visualization
em

powers

users

to

Data visualization empowers users to create

Examples v

-2 model is bein

«Q

. ~Data
visualization
em

powers
users
to

. ~Data
visualization

powers
users
to

)2
it
()
= |
=
a
=
&

Value

. . Data
visualization
em

powers
users o o

to Heada 1 or

Data
visualization
em

powers
users

to

https://poloclub.github.io/transformer-explainer/

Temperature

Sampling © Top-k  Top-p
0.8 =5

Riarke
Blocks

visualize

create

to

quickly

w explore

Layer Normalization

find

@ o0

= 20.87%
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Transformer Overview

Decoding time step: 1@3 4 56

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

OUTPUT

1

Kencdec Vencdec

C

Linear + Softmax

)

ENCODERS DECODERS
4 ) 4
LT LTTT] LTTT] 111
[ITT1] (II111] [ITTT1] 1]
Je suis  étudiant PREVIOUS
OUTPUTS
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RLHF

Step 1 Step 2 Step 3
Collect demonstration data, Collect comparison data, and Optimize a policy against the
and train a supervised policy. train a reward model. reward model using

reinforcement learning.

A prompt is sample from A prompt and several A new prompt is sampled a
our prompt dataset. Explain the moon model outputs are Explain the moon from the dataset. Write a story
landing to a 6 year old sampled. landing to a 6 year old about frogs
\ 0 (&) Y
Exmamqravlly,,, Explain war...
PPO
The policy generates an 08
o o iR 4s RNy -
A labeler demonstrates Moon is natural People went to output. W
the desired OUtpUt satellite of... the moon.. ° ®
behavior. Z \ J
Some people went Y v
to the moon...
Once upon a time...
A labeler ranks the @ i
' outputs from best
to worst.
SFT =
gn 0-0-0-0 v
LRFY RM
This data is used to .\'W. The reward model o_o
fine-tune GPT-3 with e v calculates a reward for ./)?.7&\.
supervised learning. 2 the output. W
) RM
BEE is data 2252
This data is used to LREN v
train our reward model S f
. W The reward is used to
update the policy using I -

0:-0-0:-0 PPO. K
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Acceleration of Severe Accident Code

« KNHP aims to develop an Al agent to support nuclear plant operators.

* To train the Al agent, a super-fast surrogate model that understands SAMG is required.

( Surrogate model

Select Accident scenario

!

Generate
random accident scenario

Il

Calculate
random accident scenario
with MAAP

|

Determine TH variables
to predict

1

I Data preprocessing I

]

I Train Surrogate model I

Vary(T) Var,(T+1)
H ANN kernel H
e - e

Repeat until Containment failure

\ 4

Trained
model

Pressure = ? {

or Accident scenario is end

/ Evaluation model \

Environment (_ Effect Al ﬁ
Nuclear power plant \
Determine
positive/negative
effect from

mitigation
TH variables|

attime T \ )
l Mitigation Al
D Q "' U /_ Determine —ﬁ

mitigation strategy
that can

Temperature = ?

decelerate NAAS

N—

g scidet
\ Main Control Room at time y propagation
. ~/

g

Determine mitigation strategy at time T+1

Enter TSC severe
accident guidance (OFC)

Te—

Start monitoring plant

U Startmonitoring plant
safety parameters
parameters

severe chalange

G waber b
SG_L (%) (WR;

Goto SAG-2
(Cepressurze RCS)

Go 1o SAGS o Return 1o
{Control CTMT conditions) pravious
] SAG
] - No Goto SAG7 |
L (Control CTMT hycrogen) | .;
Yes

T H (%)
i

-
Go to SAEG-1
(TSC leng term monitoring)
X

AAC : Aternate Alternating Current
Concimineton coodbons CET- Core Exit Temperatire
No | e relense CTMT: Contairment
- CTMT prassurs DFC: Disgnostic Flow Chart
- CTMT hycrogen DG: Diesel Genarator

concantration EDG: Emergency Diesel Generator
FP: Fission Product
RCS: Reactor Coolant System

SAEG: Severe Accident Exil Gudelines
SAG: Severe Accident Guideline
SAMG: Severe Accident Management Guideines
SG : Steamn Generator
TSC: Technical Support Center

Yes

SAMG Temination

"SAMG: severe accident management guideline

93




Acceleration of Severe Accident Code
» Time-series forecasting with Al model.

MLP (fo: R' - R'):
lxe] = [xe44]

=

[xt—4,...,xt] = [X¢41]

RNN (fy: R®> - R1):

« Why do we need long input sequence length?

Hydrogen
0.20 ' Y

Steam Oxygen

S~

0.15 {0000 00s000e

1The 3 PSRV opening
after oxidation begins <«—
(2.87 h) :

0.10

Mole fraction in Annulus 1% A (CV831

H, <20,
(H,lean)

T T 090 !‘010

~0.75

l —0.45 -0.05

The ignition criteria

a 5 - 0.30
0.05 Flammable
. Duration ; 015
i (72s) |
0.00 R L. — L . 0.00 L 0.00
2.84 2.86 2.88 2.90 2.92 2.94
Time (h)

Transformer (f: R>12 —» R1):
[xt—511,...,xt] = [x¢41]

v

v

A4

Softmax Layer

Recurren t Layer
Recurren t Layer
Input Lay:

&—>—®

Vanishing Gradient: where the contribution from the earlier steps becomes insignificant in the
gradient for the vanilla RNN unit.

* Only transformer (attention mechanism) can analyze long input sequence length!
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Acceleration of Severe Accident Code
» Develop a transformer model that utilizes SAMG variables as embedding vectors.

« With attention mechanism, we can develop severe accident time scale — surrogate model.

nce length R3° ]
Sequence lengt SAMG-Transformer | . Spravat(t30)
significantly effects H, vol%

t'29 1.0 02 03 0.0 1.0 0.0 l 0.0 0.0 t'29 t'28 e t'1 t
t'2 8 0.1 0.1 09 0.0 1.0 0.0 0.0 }\QO\ t_2 9
\ masking
t'1 0.7 0.7 0.2 0.0 10 0.0 0.0 0.0 0.0
t 04 0.1 0.7 0.0 1.0 0.0 0.0 0.0 0.0
t+1
\ \ \ J
| | |
TH safety system samGc Embedding vector size
variables variables (O/X) RTH+System+SAMG
(O/X) 95



Acceleration of Severe Accident Code

* ABC-Transformer: Accident binary-continuous Transformer

¢ NxC NXB X
Extract query (Q), key (K), value (V) . /
v

N xD | W

N: past timeseries size
D: number of variables D xD N X D

C: number of continuous variables
B: number of binary variables 96




Acceleration of Severe Accident Code

* ABC-Transformer: Accident binary-continuous Transformer

. - —>Softmax<

N XD D XN N XN

N: past timeseries size
D: number of variables

4 h

Attention score by computing similarity between Q and K

Compute attention weighting




Acceleration of Severe Accident Code
» Develop the ABC-Transformer that utilizes SAMG variables as embedding vectors.

 Training examples:

Predictions -1.0
(continuous) °
Y —
N - Scenario 11495.0 - True vs Predicted (All Variables)
~( Add & Norm ] -
- 0.8 08 R Truz- PPdS ,
+ | v Predicted - PPS
Feed = 1 F= True - TGRCS(10)
Forward - g Predicted - TGRCS(10)
'y o7 S| = True-ToRCS(15)
© ™ " wu+ Predicted - TGRCS(15)
Decoder Sl — Tue-zwv
= 0.6 veee Predicted - ZWV
-b[ Add & Norm ] 5 = True - PSGGEN(1)
1 g = ] ++ Predicted - PSGGEN(1)
. 2 o I\ — True - zwoc2sa(us
Masked Self Attention 5 @ 505 <+ Predicted - ZWDC2SG(1)s
E > True - MAX_CET
[ s 32 Predicted - MAX_CET
\ J q;cj o 04
o o
- 03
M
-, = 3
Positional ] —————rrrr
Encoding 4
9 0 10 2 20 40 50
Timestep
[ binary I continuous ] =
]
Input
o

{ Time Series }

6 7 8 9 10 11 12z 13 14 15 16 17 18 19
Key (attended to)
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Al Agent for Automating Input Generation -O

* Flamenco Project: Fine-tuned large language model for MELCOR no-coding
* Fine-tuning of open-source LLMs

CoR_DweuT
: setaute
oR_OFT 2.
L il rslad drasp pitch
ORGP 4.056E-3 47563 71565 0.0126
' irtm ocp
oR_AT PR AG-IN-CD
) ceor rysss Albtn dary Glb  Alhtve olh
CORVP  0.088 2.05 RVESS 0.182 0,182 HEMISPRERE 5.5
) hlst hesp
oR AP 10,219 10,118
Rz 141 : a:
616 1. 0
504675 0.
19 8
19
X 2
n o s
Y 0.2
. .33 0.
1 08 . 12 TR
1 s
corgp S
R "
e =
5 2,85 *USL_RINGS -
' 3 Tl
oR_RF 1.8€- 5.3 5. .1
) scttis ctoams
oR_TP B T FISPOMALL *core_power:
o w w o
CORCHT 1009.0 1090.0 10000 10009 1000.0 1000.0
¢ e ihagt idtde isgrex Aunng .
ORI ICTIVE REQ (] s 1
: drclen drssmn

:I?:;ﬁ:::i Weights PI'Of. Sooyoung Lee
(CAU)

Fluid Masses, Temperatures, Pressures, Velocities, etc.

g g
2 P 5 8o
I ST £os 5| 5k dxd
. £ !
Decay Power History ‘é\ 3 § Juid Equations of Stalg Praperties, as requested E E g W E ]R
5 g |&& HEREY
= = =35 =] w3
& 2 T = § =2
= ) s ol e
) 87 |3 @ ic
& Z s 2
COR - Hs
Heat Conduction, d
Core Response, Degradation, Debris K340 B Curetany Conditons, Mt SOWFeS Heat Transferto Fluids, 1
Relocation Condensation/Evaporation i )]
Component Masses, Temperatures, New Heat Sources Structure Temperatures, Water Film
Occupied Volumes, efc. Masses and Properties, elc. x |

MP
Property Data

Properties, as requested

Properties, as requested
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Thank You.
Any Questions?

jgjeon41@postech.ac.kr




Types of learning: SL vs UL vs RL

mo.chine learning
A

unsupervised supervised reinforcement
learning learning learning
(MathWorks)
agent

actions

o2

>
rewards
€
p observations

« Supervised learning
> Training data: {(x;, y,);i =1, ...,N}
x;: input (feature)
output (label)
» Regression: cardinal values

» Classification: categorical values
* Unsupervised learning

> Training data: {x;;i = 1, ..., N} (no labels)

» Clustering, dimension reduction, Generative Al
» Reinforcement learning

» No (prior) data

» Learning from experience (interaction with environment)
» like our life!

1N



Types of learning: Regression vs Classification

Linear Logistic / Softmax
g VS A
Regression

Classification

Continuous Discrete

Time / Weight / Height o _ _ _
What is Binary (Multi-class) Classification?

Variable is either 0 or 1 (O:positive / 1:negative)

« Exam : Pass or Falil

« Spam : Not Spam or Spam

 Face : Real or Fake

« Tumor : Not Malignant or Malignant

E.g., Encode variables to [0,1], or [0,1,2,...] 10

Slide from Prof. Sim (Sookmyung Women's University)



Seq2Seq with Attention Mechanism

= Notice a few things in the Figure: o Jot, Ok Decoder: RNN ith input from
C sz = previous state + dynamic
1. The Encoder is RNN context vector
2. Based on the hidden states, context vector(c;) is generated Global alignment weights
ci = X%y aijh; ' e

3. a is parameterized as a feedforward neural network.

Encoder: bidirectional RNN

= The probability «;; reflects the importance of the annotation h; % " % %o (Source)
Wrt preVIOUS hldden State(sl_l) In deCIdIng the next State(sl) Fig. 4. The encoder-decoder model with additive attention mechanism in

Bahdanau et al., 2015.

= So, the decoder decides which part of the sentence to pay attention to.
= we don’t need to encode the information into a fixed size context vector.

1N
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