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§ Foreword

a new field is emerging: the study of how computation can be carried out in
extensive networks of heavily interconnected processing elements, whether
these networks are carbon- or silicon-based.

Christof Koch
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A} 4 HKP9] 91
©a)7} A g0 AmE WA HKPL7} deep learning A} % ofe]o] $17)5171 Q1]

AW EFAIH

1st 2nd
Beginnings Neural Neural ?EPU
Winter Winter ra
Thresholded Multiayer
Logic Unit Backprop
| oo 105

1940 1950 1960

©. Gortes R Sala
V. Vaprik A Knzhovsky

.98

-3, Hinton
" Sutskever

M. Mnsky -5 Papert

N

Figure 2: 3 A} LectureZ} X8)% 19894 7]

ARG AATE SIG A A2
https://drive.google.com/file/d/1vVNUye-1INInqP4A0704sjtF7gs_MpCI/edit

1Hertz, Krogh, Palmer — Introduction to the Theory of Neural Computation (1991)
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https://drive.google.com/file/d/1vVNUye-1JNJnqP4A0704sjtF7gs_MpCI/edit

Nobel Prize 2024

2024 Hopfield model-2 A|Z5tE John J.Hopfield?} Boltzmann Machine, DBN-2
A A5t Geofrrey Hinton-& nobel Z85HA-S 3% $AH 45U

(a) Hopfield (b) Hinton

Figure 3: 2024 =¥ 22|54} A}
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M @) ATRThE e S HIU 19919 209 S8 el e 3 g
Zo} BAk

o sty Ao Aol 2t (Robust and fault tolerant) — g HA|xZ7}

Zolx 7)) 2 Aggo) et

* $AGIT} (Flexible) — A2¢ §70] “shg” 02 Aot

o 23tM% AH2E thE 4= glth (Fuzzy, probabilistic, noisy, inconsistent)

° =2 HEAS 7t (Highly parallel)

o Z31, AHIMESIH, oY A] AR7} Zth (Small, compact, low power)
o] % Wl AL} hE% AL £ RA BYU. o] £ modele] FHo] ofy

hardware(GPU)¢| 710 2 o] Anelvict3

240 ait train datad] noiseZ @o] A& a4 A7t
319919 FA el GPUZL 4514 ofstgisth.
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https://1lnkd.in/p/gGEbxK7S
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+ Follow

ﬂ Isabelle Augenstein - 3d

researchers trying to take selfies with Yann
LeCun after his #ECCV2026 keynote (shield:
his fans by Serge Belongie)

Thanks for visiting us in Scandinavia, Yann, and
sharing your thoughts on the next frontier of Al

€ee 470 comments
S ] % 7
Like Comment  Repost send

@ comment ©® oF @

Most relevant v
g: Veronika Cheplygina @ + Follow

It's been a thing for a few years, | remember
this from Twitter times (RIP). | was "there" at
some conference but at a distance, not because
| wanted a selfie but | found this fascinating, an-
thropologically | guess

&

[*Y

Aleix Martinez @ - w Follow

Serge Belongie | see you've been upgraded to
bodyguard &
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dst

§ Symbolism & Connectionism
AI= 2714 ASHA 7]dto] )&tk Symbolism, Connectionism.*
® Symbolism: =2]¢} 1% 7|8t Dartmouth 3]2](1956) — HE7} A|AH —
CS Q1325 7H2lA Hle= FAL
® Connectionism: 729 AZAoA z|50] At Hebb(1949) — Hopfield(1982)
— Boltzmann — ...; CSo|X&= & th2] ¢

(a) =232
Figure 5: 54& F4%t= =329 B34S

Symbolism¥} Connectionism-2 7Fets] o|sli517] &)l Figure 55 2w & A|c}.
° (a)l_ computer?] =232 ]Utt. OR, AND, NOT gates 3| AFEQ =
2 AT,
o o TR AR o2 5 4 o2 i B B I
4o)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
et o] x5t v v
AA 7hs (SA 71s) v X (T4 el )
Aog AAA} o5 v x
safste] 2| 715 v x

Table 1: Symbolism} Connectionism H] w8

E’.H‘/] 7152 A8 Aol x|at, Ao Al] l‘%—i}—“(ReLU, residual connection %)
22 slgo] T 5 shelt 2914 Bag 4 £7bslo] gt of AHTE

W2, ME REts Ee s RUES AHEUL,

A AI= ConnectionismQ17}?

o|A]: Sparse Autoencoder

3|43 (HEZH 719]) neuronyt @/\*i}ﬂ Al HE= ZS Zreh

= 21 neuwronol 3412 A0lE Retsiol A4 T3S FFUE,

o]-?q I, HKP (1991)¢f 2 o]—‘:ﬂ.
“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.”

4]= BAF Z 9 (distributed representation) © 2 258Uttt 7| neurond] 752
ARl st ola vl gy
o7, FstA el B2 SymbolismshH 2L fractal?} chaosgtth.

Sz b} 2 MARES SlhAE et

64141, o)9t B ¢lo] neuron, weight, networkZ Al£g model2 ConnectionismO.2 2 Agko]

Ut s, WE skt B B A28 Baked.
7H}E o} g8t McCulloch—Pitts neuron, 3% &8t backpropagation %
T} Connectionism % o A5HS wla}rli=2] 146 EA|th

Introduction

5S¢ AHEH Symbolism
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Neuron & McCulloch—Pitts neuron

O] AAY-E 2ot computerol| A AAFEAITE X AlZO] T, & neuron
modeling3}] & A]c}.

§ McCulloch-Pitts neuron

T synapse

nucleus

7 cellbody

\

— dendrites

Wiz /\
)y \_I'J

(a) single neuron (b) McCulloch—Pitts neuron
Figure 6: AE5}% neurony} 0|5 RHSF McCulloch—Pitts neuron

Figure 6ax= A-23H2] neuronYUth. o] synapse® H-H spikeE Ag W5 th
Z g|potential 7} o z]threshold 2 14 0 B axond £6f thS neuron® 2 spikeS

@%}—@'qq O] [IH’ Hal—ﬂ_ﬁredﬂsdl:l_i ‘?:_"i}b]q-
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McCulloch-Pitts neuron(cf. Figure 6b)2 ©]& RHSH th4=3t binary model U4 t}:

ni(t+1) =0 [ > win; () — (1)
J

Zt ;= 1 = 09] g2 7HA|H(binary), A7t t+= discrete$t AUt O(z)+= step
function® 2 T} ZHH T

1 ifz>0;
O(x) = =7 2
@) {0 otherwise )

7} A wij= neuron joll A neuron iE WSt thEi Z2 onlE 7Yt
® w;; > 0: excitatory synapse
® w;; = 0: I neuron?t AZAo] ¢S
® w;; < 0: inhibitory synapse
;= threshold Zt9JYt}. summation Zto] o]X¥th ¥ ot n; = 1 ke 7Fdyth
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§ McCulloch-Pitts neuron?] St
McCulloch—Pitts neuron& AJ=E5H2] neurono] =2 4+# sl Yrct AA| neuroni}o]
Aol A B AT
® AA| neurone o|F o] ofd HA<47A Hk-$(graded response)S HQIth
e 29| qhito] B4 # (nonlinear) o]t} — dendrite oA o]w] =2 ¢4to]
ol
o kel E2zho] ofd spike?] @< (pulse sequence)2 A4
® T neuron¢| SA%F A A|7HS Z4A] Fcpd
® Synapseol| A o] AFHNEEH EulzFo] FEH(stochastic) © 2 HATTh

o

ot

§ 21uF5}+E neuron model
o]2]gt SHA|E HFdS}e], step function O UXFA Q] H]A G

ol

jag

5 602 o ok

h=
McCulloch—Pitts Auts}
ni(t+1) = szy n;(t) — pi = ng =g Z'wij NG — Hi
J
=90 B: 1 =9 a4

W4le 9o 74 Fel7t oflet v %A (nonlinearity) AHA|10QIU o},

825 async, syncst Bl BAE oplgt.
90| activation functiono]zt1 E3ch.
10HKP: “it is the nonlinearity that is essential, not its specific form.”. % ReLUzh=
activation functiono] backpropagation®} $t7 @) aio| £5t7] ideaZ 7}t 734‘ Arm B At}
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§ McCulloch-Pitts neuron®] st

E9] =2 A 2L ‘A logical calculus of the ideas immanent in nervous
activity’1t 9]}

+= McCulloch-Pitts neuron© 2 logic _9,]§E At 4
42]] ShH Hg cmnputerE 9E 4 At oﬁ_%"‘%‘:}
2]2] B#-L o] computer# 3 :)

Qlom, Atgo] weight(w;;)
a

2], logic ¥2& A 51A

Jo mlm _,

Z, McCulloch-Pitts neuron®] weight= A}gto] AT 4= Q= AU do =
A E U8 A HA...
® McCulloch—Pitts neuron: weight= A}g&ro] A A 5o gtct.
® Hopfield network: #%3t mgldt 3 weight”} Hebb 2] (AT o2 $F Hof
ARt
® Perceptron: weight’7} @ 55 Fol= Yo7 W A=}
o WA HErEE,
® McCulloch—Pitts neuron: neuron®] ¢35t dZduto 2 7325t 7|58 714 4
Ut — weight= Abgro] AAsof gtct.
® Hebb rule: 92 (weight)o] 242 A=}
® Hopfield network: 1 AZAojA 7]2jo] A=t

1 McCulloch & Pitts (1943). ‘logical calculus’®} ‘nervous activity’5 12J5}%] Symbolism}
Connectionismg 1123] FAt}.
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g A

Output

Figure 7: 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 oo S5 x 4592 skl At 342 ol 2w Ao]

gHsolAele} Zlteka glaieh 304 B At @A) Al shekR e Aae] Al
AL

12324 Cray supercomputer@li= o] L}-gUth. 2] @AJo= A8A0l GPU7} ZA5H4] ohustaay ).
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The Issues

§ HKP7} A AlsH: U] 742 A&
Network® A2 Fastelal ok AR50l walor gk
1. Architecture: & F%7 912 W2]? Activation function g(z)? 57]/H]%57]

update?

2. Learning: 8}50] 7Hset7h APA AASof st=7F? A7 2 7] B 77t ol
B ag}?

3. Capability: & 7} taskE Hl-& 4 SQli=71? LRt} 7Fso)? of| ks

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

o] AREL A& EFZHo]x] ot} — architecture’} capabilityS AAst1,
capablllty7]- hardware A &]of 43S Fct.

St 4= 9l=Tte] gig gig-& BCSC 9*h Term 1 statistical understanding on deep
L ‘Approximation by Superpositions of a Sigmoidal Function’o] ggtc}.
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§ Generalization

“ The reason for much of the excitement about
neural networks is their ability to generalize to new
situations. ”

— Th& Al7tol] 35 Hopfield networks 97471 9&
Aah2 A Yo, PRl Theet S 7oA
IS ReA AREAT 283 A7) o] dtetet
oAt7HA] H=A =L

“ But what is meant by sensible generalization is
often not clear. ”

—> 9L olA YISt Sele] 2 BAL AT
el Sele RAdrR? Bt Jot A5 E,
geke 2ol s urtar

Hardware

® Neural network VLSI: (!I!)

® Optical computer

HHP A o] Atst hardwareZ} Al 7|0 &= 7 o]
AZE I QlEUTE GPUZE @43} =7] o)A

Y% g dzel Ao wEolAy ofete olfetu
FUT. 2 WE 22 Zgo] oA gL adg 4
% 987a?

Siwon Yun Introduction

9 Yann LeCun @ = @ylecun - 4c (e}
WP Replying to

I think the disagreement is largely one of
vocabulary.

I object to the use of "general” to designate
*human level’ because humans are
extremely specialized.

You may disagree that the human mind is
specialized, but it really is. It's not just a
question of theoretical power but also a
question of practical efficiency.

Clearly, a properly trained human brain with
an nfinite supply of pens and paper is Turiny
complete.

But for the vast majority of computational
problems, it's horribly inefficient, which
makes it highly suboptimal under bounded
resources (like playing a chess game).

Elon Musk

" right

@ Demis Hassabis

al intelligenc

Figure 8: general?®

¢Z0]: image 4 general]

E3} 2 pager} chis
generalization2 ZEHZ O Z
ofu|7} ohE.
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§ Design vs Theory

o] AEES vt F 7HA WAl dsUth
Design Theory
oA WEA? v o) oA 255}
e, S, AT

49, 3=, P59 o4
- @ Al°) 35 SN EDES
“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] 71t} Hopfield network®] 7]o] geke =1, “01114741 sh9 o wo| 7]olaH
== 77]—7” (Design) Ho} “off dAA7|ojo] Adtslal, of 1 gFo] §HA|7F A 71?7 (Theory)
£ 2y
=
“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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