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st52 7| AletE(Machine Learning)2| 2= =
|Ct.
> J[AEtE0l= 2] 20FS0| UA|CH tiEH o2 CHEat 25Ut
> Z|E=Sh5(Supervised Learning)
> QLS 0|83l0] Z2HLE 0|2
> 5|31 (regression), &= (classification) &
> H|Z| =55 (Unsupervised Learning)
> Qeeis 7lo| 22T BAE (2SI YS)
> 2 =AM (clustering), T2 (principal component analysis),
LOPIEM (factor analysis) &
> U5lstE (reinforcement learning)
> WSO et #slst= SHH0IM QAIEE YHE o5
» multi-armed bandit problem, markov decision process &
> AEStE2 HEE R =85 (Supervised Learning)f Hatel QU1
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d3eaee S44 0|22 BigLth

> A2 (data)z= Lot BT Y-S (noise)S 7HA| 2 AUFLCE

> HEHSE S (noise)O| 7| AHStE L12[F0f| ot S 7|2[=4],
2n2|F0| & 2sot=2| Y7 M= SHH EAM0| B2 Ct

> SN S 0|22 =2 L322 A2 siELCh Y|d

(consistency),

~

Z| A4St (optimality) &
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Overview of Supervised Learning
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A|E=8t5 (Supervised Learning)2| 7|2 2

(Input) / & 4=(Covariate) : x € R?
( )/ #H~(Response): y € Y
(Model) : y = f(x), f € M

&t~ (loss function): I(y, a)
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A LBISE P54 (Generalized Additive Models)
St= Ol 7& 2otz
AAHUOIME B48 235te of2] $S0| ABUCH
D20 M 2FH Q| A (curse of dimensionality)2 QIaH 2
2sotA| s
J-Zfﬂoﬂfd geg 2Esk= o2 7|8ES YotsUth

UBISII 1 2 (Generalized Additive Models), AFE 43| 4
(Projection Pursuit Regression)

0/38



Deep learning Framework and Backpropagation
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Deep learning 2| 7+20{| Cl{slf Otz LCt.

» Deep Learning Network = hidden layer 7} 171Q] 2 CtS1} 20|
LIEH 4= S LT

j=1

> O UBLA O hidden layer 7} 17 O|At YIS 4 Q= S D2{st
A Ol
T Mg

LT dEotael 7Hy 71240[HAM Lol 2HYLICY.

—

Inner layer | Hidden layers |

Outer layer
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Backpropagation2| ¥ 2|0f CHslf YOt L LY.

> O7iHS-E 2 S5 I backpropagationg &-&&HL|C.

= f(x1,x2)
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Statistical Learning Theory: Concentration Measure
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Concentration inequality= E&H 40| HEfE &EZH

SAIELC
,X,0| iid 2t=0| 2

29| #2(law of large number)2, X,
E[Xl] ~ < 0o O, BEREA0| RBAOZ HEAUS

> QF5H [
2o
=gt
1 n
l - - _ .
nLn;oP<nZXI ,u>e> 0foralle>0
i=1
> HEWHS O UBHAQl 32 SHFAZIS 1 SEH,o HEIE
Cteat 20| B 82X o2 HESZ EXst= A (2 0l LLst
7|22)2 Concentration inequality2} gHL|C}:

P <sup [f(Xi,...
feF
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an i = sHE 2 St
Concentration inequality= EFE2H42| HEfE =SHEHO
SAIELC
> BEEAS [ LU0l o2 SRYAIZIE U EEHS0| WENS
OS2t 20| es4e= 2532 EA4lsk= A (Y 0/of Bt
7|25)2 Concentration mequahtyEf S|}
) <5

(sup|f(X1, yXn) —E[F(Xe,..., 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 error for Deep Learning
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v

> FZ 2| A3} 7| (Optimization) 22 AL &4 F

? 340t B 40| OIS BHT 4 UBLICH

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

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

%Eolg ZI Sk~ (expected risk mimizing function)2 =&LICH &

0 __ .
f7 = argmin By x)~p [L(Y, F(X))]-

FOIM BRI (Empirical Risk)E Z|A8tst= 2=

B Y z| St (empirical risk mimizing function) 22 =&LICY,
=

=/

f=ar mlanE (x;)
gfe]—‘n Vi, F(xi

i
Jok
o>
rh
ook
4>

— O

(learned function)& =& LICH.
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S 233 4 YU
(I

> S5t (target function) £.2F SH&E €4 (learned function) fol
20| Of2fet 0| 2alie &+~ 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 {5 MEfS FL, OVt £.0 QOZ I1UAH &L
U&LICH Universal Approximation Theorem
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Approximation Errorg Aotste 22 S B &L CY.

» f, — fO(approximation error)& £A&tL|C}.

> B3 MS HH5| MENE AL, approximation errors m(AM&5H59]
)0 4ote 4~ AFLCH

>

(f.— =0 (;) .
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S [T Approximation ErrorOf| A 2]

MBS 2
0|Zg otk

|M ZH 42 T Approximation error®| A 2| O|E2

2K2 + 4 749 layer 2 3K2 + 6 7H2| LEZ JI7I £,2

O LY, layer 7t K7 O|5}Q1 02 ZAME W0z =5

/0 I£.(x) — £O(x)| dx > 3%
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Generalization error for Deep Learning
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Generalization ErrorE 4stet= ¥ E2 HigL|Ct

> O — f(generalization error)& 2AEHL|C}.

> SH50|| ARG 28 Fo Rademacher complexity & n(At=2|
o= st 4 QlaLich

Rad,(F) = O < i) .

> O|Z 0|25}0] generalization error f© — f& n(ZtEQ| I{4)2
ootet &~ AsL Tt

E [(fo(x) - f(x))z] =0 < i) .
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St5S A A4S Wl Generalization Error@| O|A=
=0

A 2SS B, S50l ALESh=
g n(tzel AH4)o= Yot 4

Rad,(F) = O (ﬁ) .

E {(fO(X) _ f(x)ﬂ _0 < ,17> .
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Optimization error for Deep Learning
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L2 AMABSHS(shallow neural network) 2 &A1 gL C.

> 2 MATHS U (shallow neural network)% 2MEHLCH 28 FIt
hidden neuronO| m7{Q! CtS2| = Oofsg 2gto=z &Lt

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

» Neural Tangent Kernel: o = /m.
» Mean Field: @ = 1.
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Neural Tangent Kernel

>

2 Dj7H14:(model parameter) WOl Tl B 22| M4 SHA
S A3t

K™(xi,x;) = (Vi (xi), Vg (x;)) Ol kernel regression2| kernel Z
ogg Fc
K = limpy 00 KM2} 2 O,

E[(fwn(x) - y)’] <0 ( YT(K"")*Y) _

m

Finty (X) = iy (X)+(V i (x), Wity = Wiey)+0 ([[Wey = Wioy 7 ) -
o
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Mean Field

> Mean Field2t= 0|2 4-2|Z2|(mathematical physics)2| mean
field modelOj| A H|ZSHSLIC}: Oi7HRS 0, = (a,,w, )2 YAFAH
MZEefLCt.

> AZ7t eHEHSHAH FO{RICtD H2kstn T3l &S O|8F/L|CH:
o.(x;0,) = a,0(w,) x) 2t E9H,

ol

%Za*(x; 0,) "= f(x;p) = /ou(x;@)p(d@).

> R(f) =E[(y - f(x))’| 212 & o,
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Statistical guarantees for Generative models
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MESES 0|85 AN D0 Bt £47 0|22
oot LCt

> &S5t5(deep learning)2 0|88t 02 M 2YS0| USHICH
Generative Adversarial Network, Diffusion model, Large Language
Model &

» Generative Adversarial Network2} Diffusion model2 &£ X2
{x1,.. ., xn b HIRSE ZAZ {y1,...,ym 2 CFEHUL, Large
Language Model2 {xi, f(x1), ..., Xpn, (x2) } 22 SEHAM Xguer, 7t
FORE M f(xquery)E HERLICH

> MME 27t Lot Z222|0f Cist SAA QI 0|28 YOohsL 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
3https://www ksforgeeks.org/g sarial k-gan/
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Diffusion Model

Destructing data by adding noise ——— Noise

Score function

of perturbed data

Data <——— Generating samples by denoising ——— Noise — 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.

4 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, STt YlEUH
> CfEXOS —E—*"(clusterlng), F4E224M (principal component
o

analysis), !

9]

rE
4>
Jo
o
]
é
njn

ot~
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Mo o

T o
£ (factor analysis) S0| Q&LIC}.
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M&sk5E 0|26t H|X| =85 (Unsupervised Learning)2
o
SA A O|2& LotaLCt
> MZSHESS E80 8| =5H50| CHEZ QI 0|2 Autoencoder 7t
USLCE
> 218 £7% 0|22 opLct

Decoder

Bottleneck

5https://www.saherhq.corn/Hog/autoen:oders
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Deep Learning and Geometry
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Figure 2: a. The invariant hyperquadric Q(¢;.) of a neuron with two inputs (d = 2) and one output
(e = 1) in the cases where ¢, < 0 (left) and e, > 0 (right). b. Depiction of the invariant set H(¢) in
the case where [_ = 2 so that there are 2 = 4 connected components. C. denotes the connected
component such that s = (1, ¥1). The blue lines separate the different effective components of

H(c). 6
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non-Euclidean space 7| deep learning0f] ({2 H SEL|=X|
2oz Ct.

» non-Euclidean space & hyperbolic space 7} deep learning Off O{ZE |
SEE[EA| LotEU L.

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