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Goal of Study

§ w917 7Fststs] BOSCol 941 22 8]
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e x5 uFeh model A&}

£ 2H8E Fd] 228 DFALU T 5 G modek edstel S At
o 7
= 1.

=]
w7k ek As-e myets

§ Overview
E studyA E7 model U t}.!

1. Hopfield Model: %] 9] neurong H2HSF perceptrong ARESHUTH A
s}t neuronyt @A o] Za)Xths Hebb ruleg RHbste], o]t 7]9-g gl
/\ o] O o EO]]’]E}

2. Boltzmann Machine: Hopfield ModelA= Z} neuroni}9] &4 &, =
weight FAo] wet Z/15ghch. ol AHste] learning' 9] AdS
=Stz

3. DBN: & 23 RBMO = 7} 59| 27] weightE &% (pretraining) gt &,
Z5h2] "h ol backpropagation© & 1|A| %4 (fine-tuning) g1 th.

4. Transformer: LLMS] 7191 t}.2

=

Lae Aol wet §54 A 448 Ukl
28 studyrle ZA 97 2 ideatt AH BAch.
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Hopfield Model — Boltzmann Machine — DBN.© & modelo] @3] 2k51tt.

Hopfield?] model& & HHSlo] § 501%1*141:} A, DBN2 %’—; 12 o d Wy
hybrid2 &3tste] 5L =945t 3, ReLU 5 thefst 715 o] 7j
12 0] 7213,_ @’,;L]E} och:ﬂ 71 A el mode1°1 transformers

FoH4 28 ol Ad) AL} o] Riold $75] Holg A

Hopfield Model Boltzmann Machine
& 2%

F

oy
re J°|‘

k!

DBN
| 2% + 3% ofolcjof

A k| 2 HE

Time

Hopfield Model vs. Transformer > 20| =712
Figure 1: Rd¥ HYA|A L RHL
At QAT Q1 F7o] IMAAE 185, HE BHstH A|ZHE aizl 354 @ 47}

RGP 7H, Tel3 3 Eof thA] W B aaeh AARE @A) A E
g7 4+ 9lom FA5Y
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A} 4 HKP2] $17]

Sa)7} g AR WA HKP37} deep learning A} &5 o]tjo] $]2)513 Q=]
AW E A,

1st
Beginnings Neural
Winter

Multilayer
Backprop
s | fseo

1940 1950 1960

2nd
Neural
Winter

Thresholded
Logic Unit

©. Gortes

M. Minsky - 5. Papert R Saa
V. Vaprik A Knzhovsky

-3, Hinkon
" Sutskever

é‘

ARAIRE AAE SI3 A A2
https://drive.google.com/file/d/1vVNUye-1INInqP4A0704sjtF7gs_MpCI/edit

3Hertz, Krogh, Palmer — Introduction to the Theory of Neural Computation (1991)
Siwon Yun Introduction April 5, 2026 5/ 16


https://drive.google.com/file/d/1vVNUye-1JNJnqP4A0704sjtF7gs_MpCI/edit

Nobel Prize 2024

2024d Hopfield model-2 A|Z5E John J.Hopfield?} Boltzmann Machine, DBN-2
A A5t Geofrrey Hinton-2 nobel Z&SHA-S 3% $ASHE 45U

(a) Hopfield (b) Hinton

Figure 3: 2024 =¥ 22|84} A}
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o) g mrsior B

M @) ATRThE e S HIU 1991 209 92 Al e BEg
o} BAk

o sty Ao Aol 2t (Robust and fault tolerant) — g HA|Z7}

Zolx 7)) 2 Agge) et

* $AIT} (Flexible) — A2¢ 7o) “shg” 02 HLaint

o 23t4% AHAE thE 4= 9lth (Fuzzy, probabilistic, noisy, inconsistent)

° =2 HEAS 7T (Highly parallel)

o Zy AWMESIH, o 2] A7} At} (Small, compact, low power)
o] & ol A7} sid3t A2 2 HAA EAYrh o] E3F modeld] Eo] ofd

hardware(GPU) 2] ;E Hog o2 J,]—?;L]E}5

430 ail= train datac] noiseZ2 Po] A& 84 A7t}
519914 Aol GPUZ}F £48H4] ohatgi ).
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dst

§ Symbolism & Connectionism
Al 27}7] HEHA 7|6to] 9l th: Symbolism, Connectionism.®
® Symbolism: +=2]¢} 1F%] 7|8t Dartmouth 3]9](1956) — HE7} A|AH —
CS Q1245 Aol L oAt
® Connectionism: & 2] A4 2|%50] & Hebb(1949) — Hopfield(1982)
— Boltzmann — ...; CSO|A&= & thF2] ¢F= AL

(a) =232

Figure 4: B34S PASH: o sl2ot 248 Fushs dang 4%

Symbolism¥} Connectionism-& 7Fe3] o|3l|517] €]} Figure 45 4fw 5 A|ct.
® (a)x computer?] =2|3]2¢Yr}. OR, AND, NOT gateE 4 AFH nE
715 & TR
o (b) FUEE GGt 2 22 + b shito] U E ol B ek
Go)o] gt AHAISH o= the-& #1514 8 https://eu-opensci.org/index.php/ejai/article/view/1023
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https://eu-opensci.org/index.php/ejai/article/view/1023

‘ Symbolism ‘ Connectionism

REE DS 7 7
A 75 (574 7Ps) v x
Arg WA} 45T v x
gafeto] £ 75 % x

Table 1: Symbolism¥} Connectionism H] w8

A 8|7} ZHto] &4 modelE-2 Kt} Connectionismo]] P45t §H, Adjof=
Hrt} Symbolismo] 7}7F8 modelo] Wo] Exjgch.

At Al+= Connectionism@l7}?
o X]: Sparse Autoencoder

5]49H(22 719]) neuronth F43tEA| MEL A BEG T
— 7} neurone] A% oJuE Rofslo] s} e FPIL

SHA|9F, HKP (1991)°] ©]5}H:

“In the brain itself cells die all the time without affecting the function,
and this robustness of the biological neural networks has probably been
essential to the evolution of intelligence.”

L= BAF _%iﬁﬂ(distributed representation) © 2 253ttt 7§ neurond| 7|52
A1 L ol W) B ek ?
o7, &g 4?l HMH.S SymbolismdlH 28 fractal®} chaos$iy .

"% w17 £ B ARES oJulsiAle g
SA}” o]9} A4 glo] neuron, weight, networkE A&3F model& Connectionism O 2 B 2= 7ZgFo|
gtk SR, Mg st B B /|2S ZakgT
QH}E & E}:rL perceptron, 3% B35 backpropagation 52 A H | Symbolism¥}
Connectionism % o] AHshS wtalrl=2] 1435 FA|t}.
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Neuron & McCulloch-Pitts neuron

o] AAL-S 2H5lod computero] A 4HgEAITE. Connectionism-2 ] 9] 3}1te]
58 BT 5 98-S BRI of ol upet o] Wel2 2HHE 1
A Z 2] 9], = neurong modelingdf FA| Tt

§ McCulloch-Pitts neuron

™
S P i
(a) single neuron (b) McCulloch-Pitts neuron

Figure 5: ;&35 neuron®} o]E RHSE McCulloch-Pitts neuron

Figure 5ax= AE5HA neurong Ut 0] synapse® HE| spikeS A Hh5Uth
7 g|potential 7} of z]threshold2 4 0 1 axong Ed) TS neuron® 2 spikeS

o]
AP of o, watred s girhy e,
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McCulloch-Pitts neuron(cf. Figure 5b)

rlo

o] met T3t binary modeljUTh:

ni(t+1) =06 Zwijnj(t) — i 1)

J
Zf nie 1 B2 098] 32 7HAH (binary), A3t ti= discretedt gEYTh ©(z)+= step
function® 2 E]-——J—]- Z&Uch

. (2)
0 otherwise

1 ifx>0;
O(z) = { -
7} A wij= neuron joll A neuron iE WSt thEi Z2 onlE 7H Yt
® w;; > 0: excitatory synapse
® w;; = 0: I neuron?t AZAo] ¢S
® w;; < 0: inhibitory synapse

;= threshold Ztd Ut} summation ko] o|Htt 2 o}2 n;= 1 S 7FH Yt
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§ McCulloch-Pitts neuron®] gHA|
McCulloch-Pitts neuron-2 &35+ neuron?]
2ol A FAlh

® A7 neurone o]z o] ohd A
o 213 o] gHito] HIAY A (nonlinear)©|tt — dendrite Wjof|A] o]n] =z] ¢14to]
ol
* T EELe] obd spiked] A
Aot A AIZEE ZHA] ket
° Q‘Ea (stochastic) 02 HgIch

2ok th2=seluth. A4 neurond}e)

2] ¥h-$-(graded response)& Holtt

25 (pulse sequence) S A

® TE neuron®] F
Synapseo| A 9] ABALEA HH|F

§ A uFSHE neuron model
Qb el vl g 102 oAk

o3t A S WFd3lo], step function OF LW Q1 H]A
McCulloch-Pitts gvts}
nz(t+1 Z Wiz N t) - n; =g Zwij nj — i
J
52 A%

Z9:0EE=1

S9A1E go] 744 e} opuizt uABA (nonlinearity) A4 g},

ol 2
= —
100]= activation functiono]atil E=Uc}.
it is the nonlinearity that is essential, not its specific form.”. 3% ReLUgh=

308 AmEAlch
April 5, 2026

HyKp: «
activation functiono] backpropagation®} 37 @) aiol £5t7] idead #7135+ 4
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§McCulloch—Pitts neuron®] st

9 =8 AE-2 ‘A logical calculus of the ideas immanent in nervous
activity’12¢JUc}.

o] McCulloch-Pitts neuron® 2 logic |25 T 4= 90w, Atgho] weight(w;;)
AA st Mg computerE THE 4= Yt TR YT 2], logic 3|25 AAISHA
29| £24& o] F+= computer®|H :)

o wju

Z McCulloch-Pitts neuron?] weight= Atgto] A 4 Ql= thAJUrct oto g
A g3 @ 2.
® McCulloch-Pitts neuron: weight= A}gro] A A soF gt
® Hopfield network: (neuron2 2 H$H) Hebb rule2 53) weightE 13Ut}
® Perceptron: weight= St50 2 24 7155 ghdych
o WA HiEtEE,
® McCulloch-Pitts neuron: neuron®] T35t Ao 2 738
Ut — weight+= Atgro] AAsfoF gt
® Hebb rule: 912 (weight)7} AA 2 FAIH}.
® Hopfield network: 1 AZojA 7]2jo] Ait=ch

o
N,
olr
o
N
i)
>

12McCulloch & Pitts (1943). ‘logical calculus’®} ‘nervous activity’& 12J5}o] Symbolism}
Connectionismg 123] FAt}.
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g A

Output

Figure 6: A two-layer perceptron

CS go]2, ¥ 1011 7]9] processorZ o]F o]zl ygparallel gygtem oL},

“It is worth remarking that the typical cycle time of neurons is a few millisec-
onds, which is about a million times slower than their silicon counterparts,
semiconductor gates. Nevertheless, the brain can do very fast processing for
tasks like vision, motor control, and decisions on the basis of incomplete and
noisy data, tasks that are far beyond the capacity of a Cray supercomputer.
This is obviously possible only because billions of neurons operate simulta-
neously. Imagine the capabilities of a system which could operate in parallel
like this but with switching times of current semiconductor devices!”

HKPA AZbe 58 o S5 x 4592 skl At 342 02w Aol

gHsolAele} Flteka SlgLIeh 304 B A @A) Al shekR e Aae] Al
FIReTtars

1326] Cray supercomputergt= To] UgUch. 2 FAlol: 4829 GPU7}F £745k4] ohdsted&ych.
Siwon Yun Introduction April 5, 2026

14 / 16



The Issues

§ HKP7} A AlsH: U] 744 A&
NetworkE AAZ FdstHH o AEE] HalloF gy
1. Architecture: & F%7 912 W2]? Activation function g(z)? 57]/H]%57]
update?
2. Learning: 5470] 7158171, A1 Ao sh=71? clAI7L 2 7 gl Htol
Lagp

5. Capability: % 717 task vh& & Q71?7 LS 7H5 0712 oW g1
TG 5 et

il

4. Hardware: ]2/ 1@35}=7}? Hardware vs software?

o] AREL A& =& o]x] 945Ut — architecture’} capabilityS 2 A5},
capablllty7]- hardware Aelof 9 Fu

Molw g2 BAT 4 =7t tid g BCSC 9" Term 1 statistical understanding on deep
learningo| Al 2Ret =&

Approximation by Superpositions of a Sigmoidal Function’o] ggtt}.
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§ Design vs Theory
o] AEES HietEE F 7HA Aol dsUth

E“"Ee

Design Theory
“olwA| gh5x]?” . “off 0@ BE5}A|?
Rs, &5, Age v e, 1%, A5 o]

- @t AI9] 25 N EEE

“We will generally approach them from a theoretical point of view, rather
than from a design one. That is, we will attempt to understand the behavior

of networks as a function of their architecture.”

o]+= David Marr (1982)°] B4 &3t At

42 | ag | =7t gekert
Computational o, o7 Ag7E o] EE
Algorithmic ojHl 4027 AL} HHA|
Implementation | FE/SIEO]2? | AloA E7H =

H ~¥t]= Computational?} Algorithmic 4~ F&5$Hch.

“But of course the two viewpoints are not independent, and a strong under-
standing of principles is invaluable for good design.”
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