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Output

Feature extraction + Classification
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S5 2 7|AIetS (Machine Learning)2| YT 2 =

7IAstE0= o2 E0FS0] UA|TH CHEXH 2= CHgt 25U T

| = 8k&(Supervised Learning)
> QEHAE 0|83l0] Z2HLE 0|2
> 5|37 (regression), == (classification) &
H| 2| &=&t& (Unsupervised Learning)
> QEeis 7lo] 22T BAE FR(2HAI YS)
&M (clustering), T2 M (principal component analysis),
g p Yy
Q&M (factor analysis) &
U35}tsk& (reinforcement learning)
A0 2t Hatot SHH0IM QALEY YWY E S5
multi-armed bandit problem, markov decision process &
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d3eaee S44 0|22 vigLIth

S (noise)S 7tA| 11 Q&L|CH

> FS &S (noise)0| 7|AeHs 2SS0 O{HS F&FS 7|2 =4],
22|F0| ¥ &sst=al 27| flsiM= EAIH 240 E2EL O

> JSSEM S Ol82 F=2 t32 248 sigHth 221d
(consistency), Z| A& (optimality) S
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Overview of Supervised Learning
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A|E=8t5 (Supervised Learning)2| 7|2 2

(Input) / & #~(Covariate) : x € RP
( )/ #H~(Response): y € Y
(Model) : y =~ f(x), f € M

eF4~(loss function): /(y, a)
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Deep learning Framework, Multi-layer perceptron, Backpropagation
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Multi-layer perceptron2| 7+ 2} Backpropagation2| & 2|dj|
Ci5 2rof& L Cf.
» Multi-layer perceptron2 hidden layer7t 171 0|4t US £ Q=
DEOoE, AZss0| I3 JI2HO[RA st
> D753 o5 M backpropagationS &8 CH.
» Multi-layer percepgtron®| 7t 2} backpropagation2| 2|0 CH5H
Of= LT

o 1%
:

Inner layer | Hidden layers | Outer layer

/
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Statistical Learning Theory: Concentration Measure
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Concentration inequalitye= E-&H 0]
SAI LY.
> k5t 49| B2l (law of large number)2, Xi, ..., X,0| iid At=0|11
DEAEX] =p <o O, B2EH0| RHACZ StE-EHES
c5HL|C}-
A - .
1 n
HILn;OP<n2X;u >e> =0 for all e > 0.
iz
> HEYDS O YutAQl 42 SHA S If SEHSO| HERE
CtE2at 20| 54z 2522 SAct= A (2 o[of Hast
7|25)2 Concentration inequality2} EL|C}:

P <sup IF(X1,..., X)) —E[fF(Xq, ..., X0)]| > e> <.
feF
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an i = SHE 2 st
Concentration inequalitye= EFE2H40| HEfE =SHEHO
SAIELC
> BEEAS [ YUl o2 SRYAZIE O EHS0| WENS
OS2t 20| es4e= 2532 A4lsk= A (Y 0/of Bt
7|25)2 Concentration mequahtyEf B C}
) <5

(sup|f(X1, yXn) —E[F(Xy,..., Xp)]| > €

P
feF
22 concentration inequalityS BY-&L|Ct: Hoeffding's
| —
o

=
mequahty, McD|arm|d s inequality, Bernstein's inequality,
Rademacher Complexity, VC dimension, uniform bound &
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Approximation-based Statistical guarantees
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> FZ 2| A3} 7| (Optimization) 22 AL &4 F

? 340t B 40| OIS BHHT 4 UBLICH

A|&=et& (Supervised Learning)OllM, y ~ £.(x)Q 2 3| et (true
regression function) f, € M& Ea‘.‘@ (target function)2
‘L"A'—ltf

FOllM HF2S (Expected Risk)S 2|A8l5t= 05

%-&OI% ZI Sk~ (expected risk mimizing function)2 =&L|CH &

0 __ .
F7 = argmin By x)~p [L(Y, F(X))]-

FOIM BRI (Empirical Risk)E Z|ASlst= 2=

B 2|84 (empirical risk mimizing function) 22 =& LI
=

=/

f=ar mlanE (x;)
gfe]—‘n Vi, F(xi

i
Jok
o>
rn
ook
4>

— O

(learned function)=E =& LICH
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=LA = = = =2 -dHlUs EaS
SteEl B4e) 2AE40| 30/5 o 4 st
> S5t (target function) £.2F S5 E €4 (learned function) fol
20| Of2f{et 0| 2alie 4+~ UE LTt
fo—f= £-f + ff-Ff + Ff-F
—— —— ——

approximation error  generalization error  optimization error

» 07| approximation error f, — fO2} generalization error 0 — =
crE Lt

Target
[

4
4 . N
+ Approximation
error

H

Hypothesis space

Best model
Initial guess

Optimization
-
error .-~
-

-

Optimization/ Training Empirical risk

Learned model
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Universal Approximation Theorem

» f, — fO(approximation error)S 2 &L |C}.
> 2 ME M| MEfS FL, OVt £.0 QOZ I1UAH &L
U&LICH: Universal Approximation Theorem
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Approximation Error@} Generalization Error& 4+6t5}t
YIS vt

> £, — f%(approximation error)@} 0 — f(generalization error)Z
=AL Tt
> D8 M A AME

S| MEHSH 25"—?— approximation error?} generalization
g n(At=2] 7i4) 2 Astet 4~ UAELICE.

N
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Dynamic-based Statistical guarantees
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Sk SEA SEA . =2 "9=1sF A A
of&El ot ZA4etof 20| & Eafled &= UAS LT
> =254 (target function) £, 2t S5 E &4(learned funct|on) fol
20| orelier 20| Ealig 4= USLICE:
fo—f= £-f + ff-Ff + Ff-F
—— —— ——
approximation error  generalization error  optimization error
> Of7|M M2 Cf 82l 23t f, — F5 CHEL|CH
Target
/.
H - Approximation
error
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Optimization
-
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A ASHE (shallow neural network)S &AL T}

> 2 AMATHS U (shallow neural network)2 £ASHLICH 2 FIt
idden neuron0| M7}iQ! C}29| £, 58 DOI=2 2oz
PN
SEL‘Itl’

fw(x) = o Z a,o(w, x).

» Neural Tangent Kernel: @ = v/M.
» Mean Field: « = 1.
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Neural Tangent Kernel

> KM(x;,x;) = (Vfwy (xi), Vo (x;)) Ol kernel regression2| kernel Z-2
ASS LTt
> K™ = limy e KM2H & O,

E[(fm(x) -] <0 < YT(KW) .

n
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Mean Field

> Mean Field2t= 0|2 4=2|Z2|(mathematical physics)2| mean
field modelOi| A B|ZSHESL|C}: O7HH =~ 0, = (ar, w,)E YAXEH
Az CY.

> URIF HESHA| FORICH DD MZsta Ch22e| &3
o.(x;0,) = a,0(w,) x) 2t E9H,

o

L|c}-

njo
o

|_9_
S

ol

M
%Zo*(x; 6,) Mz f(x;p) = /0*(x;9)p(d9).

r=1

> R(f) =E[(y - f(x))’| 22 & o,
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Statistical guarantees for Generative models
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NESES 0|85 AN DO Bt £X7 0|22
orotgLCt

> 2S5t5(deep learning)2 0|89t 02 M 2YS0| UASHICH
Generative Adversarial Network, Diffusion model, Large Language
Model &

» Generative Adversarial Network@} Diffusion model2 &£ &2
{x1, .., xn b HIRSE ZAZ {y1,...,ym 2 TFEOHU L, Large
Language Model2 {x1, f(x1), ..., Xp, F(x2) } 22 SEHAM Xguer, 7t
FORE M f(xquery)E HERLIC

> MME 27t Lot Z222(|0f Cist SAA QI 0|28 Yok C,
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Generative Adversarial Network

Real Data Samples

Discriminator

Fine tune training

Condition

Is it correct?

.
]
]
§ ‘Generated
€ fake samples
S
S Generator
e
=
o}
5
4https://www ksforgeeks.org/g sarial k-gan/
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Diffusion Model

ore function

Probability of perturbed data
|

Data <——— Generating samples by denoising ~— One denolsing step

Fig. 2. Diffusion models smoothly perturb data by adding noise, then reverse this process to generate new data from noise. Each
denoising step in the reverse process typically requires estimating the score function (see the illustrative figure on the right), which is
a gradient pointing to the directions of data with higher likelihood and less noise. 5

5 https://www.superannotate.com/blog/diffusion-models
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Unsupervised Learning and Deep Learning
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H| 2| =85 (Unsupervised Learning)2 s 7H9]
2AE HEELIC

A+

olaq &

Sh& (Unsupervised Learning)2 4=
85, 28Tt YlEU
> CfEXOS —E—*"(clusterlng), F4224 (principal component
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M=sk5E 0|26t H|X| =85 (Unsupervised Learning)2
o
SA A O|2& LotaLCt
> MZSHESS E80t B =5H50| CHEZ Q! 0|2 Autoencoder 7t
USLICE
> 218 £7% 0|22 opLct

Decoder

Bottleneck

6https://www.saherhq.corn/Hog/autoen:oders
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Deep Learning in non-Euclidean spaces
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non-Euclidean space 7| deep learning0f] ({2 H SEL|=X|
2ohz L Ct.

» non-Euclidean space 2 hyperbolic space 7} deep learning Off O{%Z |
S&&|=4| Yokt

7https://wel:,:o“:y.edu/thegeometricviewpoint/2016/12/21/ Ilati f-the-hyperbolic-pl d.
escher/
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