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H| 242 (nonparametric) 2 2 H|0|Z(Bayes) L& &=
ot= Y= BiEU L

> H|24A H|0| Z(nonparametric Bayes) 222 LS} 20| & &
QSLICH ZH2 X;.....X,0| HELE F2EE jid2} 511, FO|

A& IE (prior distribution)2 w2t 32 M, AARE &5t F9
AZEIE (posterior distribution)2 Y11} LT}

m(F € AIX, ..., Xy).

> DA H|0|Z(parametric Bayes)2t= Hel, H|Z242 H|O|R0|M=
MHAEE 7, (Xi,...,X,)2 FHEIE(marginal distribution),
MZEIX 71Xq,..., X2 SAHC 2 H©3l YEl(closed form)22
TStA| Zote 37t BEU L O o4, 2 BRE ALtk
¢ne|SES HiSLch
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H|2~4(nonparametric) 2 = H|0|Z(Bayes) 2
H

of= L= BiSLICH

> H|Z242 H|O0|Z(nonparametric Bayes) Z2& 2 LS 20| & &
[USLICEH A= X, ..., X,0| HEEE FEFH iid2t ot FO
APHEIE (prior distribution)2 w2t 32 M, AARE A&t F9
AZEIL (posterior distribution)2 Y11} LT}

m(F € AIX, ..., Xy).

> L3 22 SAHQU 2HE H{EA Attst=A] BigL
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- . . — E
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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=1 iZﬁE’.FOl
- T OOo—
©)

7 |CH 2k (expected error) QI L|CY.

Z 8 (estimator)2| Z|CHR[ R (maximum risk)
z|oto| FR0| 222

~

H Y (estimator) 6, 2| Z|EH$|34(maxumum risk) 2 2|9f2| 220

> & o
A4, 0] BHSOH 4= Q= 2249| 7|CZ (expected error) U LICE.

AN N

>

> X = (X, Xp)E LEE 22X POIM 22310, P= HEELY
e Pof| SEILICE

> YT 0, 2 AR X9 Yolo| +YLITt

> EMBS () 2EY 0,9 2245 YU Tt
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0L A 2| (minimax risk)2 L24>(parameter)

3 O|
44 0SS 2AFRLIC

=
T o—

OH A 218 (minimax risk) R, _%I 2o AR = & 2&5t=

n
f(estimator) 2| 2| (risk)ILICt. O|F EE237|(sample size)2]

R, = I;]fglégEP £<A (X)), Q(P)H
P

v

i
ox I ||
o

>
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Conformal Predictione 0|20 Clist AlZ2|17HS
AHS LT

v
Rl
Hu
x
=
£
=
o

FO{ RS O, etgt0| HFH St
HBO|THM Cf2E YFste G2 2aUth
P(Y,—,+1 S Cn(Xn+1)) Z ]. —
/
>,
o7
o
>- ,f-p«ﬁe,d@;_/’ a
VAP
//' f .,-//‘
,d»/’f/
X 1

1 https://towardsdatascience.com/conformal-prediction-4775e78b4a7h6
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Differential Privacy= 7{7{2l2| A
st Atz &M= 7S5t ot SAHIZ 2
> A2 D = {Xy,..., X, 228F 2t2 EA9| A

3

2 =718M JHO
H}
o

st [}, Differential Prlvacy|_ Xi,..., X2 &3] &2
Atz A9 A=0| HILZSH LIRS Lt

Database A

v. without your data

ey Function output A

Output Aand A’
are similar

4, - Database A’
(7
(9 with your data
o v
‘ ———— Function output A’

2https://www.statice.ai/post/what-is-diff rential-pri
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Differential Privacy= 7H71Q12| AEE &=7|H A
Ciiet 2t= M & 7ts5t2 ste E74|7‘“’| B E2QIL|C}
H

> D_{le"'7XI—17XI7XI+17-'-Xn}§ E‘I —EE |-L'|-E |-JIE- XI‘E
= {Xla s 7Xi717X,‘/7Xi+1a cee Xn}7 OI = [[Hv El'%% D_"—i"—%l-?_:‘

e-differential privacyZ}t ATt §HL|C}:

P(Z € AID) < e°P(Z € A|D')

- Database A
v without your data

———————» Function output A

Output Aand A’
are similar

Database A
with your data

N — Function output A’
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Wasserstein distance= 6tLIS| SFHEEXE CIE
SEFEZ F/|= Holl 8|E0| oLt E=A4|
AlLFEL T

1/p
— H _ P
wo(P.Q) = (,_int o [Ix=yP i)

= JZ optimal transport plan L{Z|= optimal coupling

.
59 274

B

[l

TS tlFE o 228t =5HS TYLICH
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Wasserstein distance= o}L}Q| S E XS L=
StERIEZ F7|= 4|0 H|E0| HotLt EE=A]
Al4betL|C.

>
1/p
W, (P = inf x —y|” dJ(x
(P.) = (_int [ 1x-y1 )
> p=1Y Earth Mover distance2t = EELICH 22 &
PHE 09 Ho| Bes LEAS S|
e O
[ X + red distribution: “dirt”
o . = * blue distribution: “holes”
[ ]

\/

e

The distance between points (ground distance) can be Euclidean distance, Manhattan... 4

Toe, "0%s Wer @1s @e>
v e e

4 https://anebz.eu/earth-mover-distance 12/15



D20 M O|EEH A (two sample testing)S EHL|C.

> 5= iid 2=
Xi,..., X, ~ P, Yi,oo s Ym~ Q

£ U432 o, O3S AZsta}; Lo
Hy:P=Q versus H; :

P

> 55| AAZ27F D20 AS ©f, A2l Ol B2 EE

testing)O| O{T® 2A|7t AH7|1 DROM o HHS &
ot L.
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242 =2 (dimension reduction)2| CtQFSH &
o= LT
> A0 Atz E MY 2 HUSH= AS 2 S 4 (dimension
reduction)O|2t1! gtL|C}.

s 2D projection of the swissroll 15 Unrolled manifold
1.0
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0.10 60
0.08
40
0.06
0.04 20
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-0.02 -20
-0.04
-40
-0.06
-0.08 . -60
=0.160.080.060.040.02.000.020.040.060.08 40 -20 0 20 40 60 80

5

5By Olivier Grisel - Generated using the Modular Data Processing toolkit and matplotlib., CC BY 3.0,
https://commons.wikimedia.org/w/index.php?curid=10661091

14 /15



2494

—

=
>

=
=-|_
Ol-ol.g

==
o d

9
fujo

Z~(dimension reduction)2| CtQF
L|CF.

222 A0 CFSH HHHS 2FOFE L C}: Principal Component
Analysis(PCA), Multidimensional Scaling, Local Linear Embedding,

Isomap, Laplacian Eigenmaps, Manifold Learning, Random
Projection &

15 2D projection of the swissroll 15 Unrolled manifold
1.0
0.5
0.0
-0.5
105 10 05 00 05 10 15 ‘215 -10 —05 00 05 10 15
Recovery by LLE Recovery by HLLE
0.10 oy 60 Yoy
0.08
40
0.06
0.04 20
0.02
0
0.00
-0.02 -20
-0.04
-40
-0.06

70'9%.lﬂ).DSOvOGO.040.02'000.020.040060.08 76940 -20 0 20 40 60 80
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