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quaneify faichfuliess 1 loseness

averege
cach individal data poimc

↓ d

Definetoss loss ( e ; xi ) = ( e
- hi )

<

← sqrared loss erro -

Average loss
,funicion Rsx ( i ; D ) = 六哥 loss ( iini ) =÷

.者 ( π - ai ^⼀

↑

empirical]
⼀

Find
an eseimator h to optimize empirical risk ?

arg min : argumeat nthatmini'mize
f (∞ )

i = arg miok Rsa (
h ; D )

.
r fCn * ] ≤ f ( a )

,
EhER

､
⼆

arg min 六哥
,

( h - ni ) empirical risk mininization
hER ⼀

The bese prediacion , in eerns of mean

↓ imean !
s deared eroor

, is the mean
, Cunitne )

b * = 六彦 xi = Mea､ ( B )

more poines , example

2 poine eseample : 若当 [ n - x ) ^+ ( n - xx )
^

]

= 主录 (( n - n , ) ^+ ( h - xx )
^

)

: ⽂录( h - a ,
)
^+ 录 ( b - ax . )

^ )龘
= 主 ( 2 ( h - x , ) + 2 Ch - xz ) ) = 六卖 < ( n - ni )

= 主 ( 2 ( h - n , th - xz ) )
= 合部( n -n⻔

2 h - a , - n = O

Z?= 2 h - n
,
- ha

Y : ⾔ ( nb ⼀点⻔

m =
n ,州 吾 (的点 , i 了 =

nh - 荒
,

ri = 0

a :
*
:
台站 然 ;
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Meanissensieivetooueliers.

Robuseness

c

( h - ni) Ka
"

( h ; n ) : ∴
.
去 1 的 - nil

λ

In -nil m ean error

｣
① (good for robuseness )

week1

for daeaset D = dte . .ien

loss ( 的 ,
ni )

Empiricalwisk : RCh , D ) =系
Opeimize : argmin R Ch , D ) = b

*

LER ↑⼀

Deraiming Pef . A loss fuaccion LCh
,
n )

Tese : RCh *
, Deese ) ,

valvee
, he , andoncepues a ncember measuring,

eakes in a prediceian n and a erue

⼀⼀

hom far h is from x

loss funceion ;
o Squared loss

⼀ mean ( ) ) - Losssa( h , ni ) = ( h - ni )
k

⼀

(
⼀

- Sensicive to oeeliers
.

o

Absodece loss :lossabs th , n ) - h - nl
⼀

⑪
⼀

Median ( P )
⼀

Opcimize : argmin Rabs ( h , " ) = 六点 , lossass ( h , mi )

δ
h ER

｡Rabs (hto ,D ) = kabs(h ," )

录 Rass ( h , D ) = ⽅感新 loss ( h
,
ni ) =√ 1

,

b aei

⼼ Ih < nifco
,

n > ni
⽌

1
U



哥 loss ( h , ni ) = 录
|

h - ni |= : ∴
1 n 7 a i

NANN h = ni

l 1 n < ki btni

≈ - 1 IhsniI + 1 . Ihsxi %

=> 录 Rass ( h
,
D ) = 彦 ( - 1 . ☆ Ih < nif + 1 . ☆ In > ni )

=÷ (- 1 ; 专 ih <ui ++ ) Ih ,ni !

卖忍 Ihcuif = # of n greater than h
.

) !ihonif = ofa leesthanh . O

h * = Median ( 1D)
, n 1

流
1

bese prediction fon
= 六 [ # of n less than h - # uf n greater

thar h ]
mean abgolute error

. ⼀ ⼀

i”“ ,

odd ←
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ncember is aaique , 孔
z 然⼸
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⼩

丽 KCO 录 Rio
loss fonceionto

even ;
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1

"
1

1 ,

point minimizes mean * * 义义⼆
ERM - → Mode ( 0 ) abgolcte error

.

死 1 ⽕ 2
然
s ny

←←

Co 录 K = 0 3 0

Ex
.

Rabs ( h , D ) = 六
.话 Ih - nil

Rsa ( h , D ) = 六
.
Ʃ
,

( h - ni )
<

ach
,
D)

?
If Kas ( h

,

" ) ≤ E
,

⇒ RsCh , )EE



Empirica- the average loss on che dara saes :

kr ( h ) = 六感 ( ( h , } i )

⼀

↑

K =

“
risk .

"

The goal of learning : fird h that minimizes Ku
.

This is called empirical risk minization CERM ]
,

⼀

. The choice of loss funchion daeermines the propercies of the result.

↓

different loss funceion

differene
"

minizer

"

differene predictiven

if h = y =⇒ h
*

=
Mode ( P )en)

R 0, (
h ) = 六感 i ? rfhty

loss Minimizer oueliers Piffereneiable

Labs median inseansitive no Labs Ch, y) = 1 Y - ml

Lsp meGm semsicive yes Lsa ( b, y) = ( y - h )
<

Lo
.

1
mode in sensihive 红 O

Empericad isk R ( h ) = 公录 Lo , s ( h , 9 ) .

. Rabs ( h* b) : 六点 fn*eil
h * = argmin

KCh ; D ) ,

bGR
: ⽅点 ( hncdin . (b) - uil

KCh
*
; " )

D = E 1 , 2 ,

= 4 %
Rsa ( h

*
; p ) =÷Ʃ ( n

*
- ni )

^

; = 1 Varinace
Rab ( G

*
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: 六感 ( i - ki )
< C

. k
0
, 1 ( h ; b) =÷ .

{ dinn;
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^

兴



⼀ vs .

Rsq ( h , n) - kss ( h : n )
ksa ( hin?

= 应亭( Ʃ airai
^

- aiaj )
⑪

Rsq ( h ; b ) Kass ( h ; n ) = ⼆亏 ( ÷ ( aiz
+
aj^

-

zaiai))

⼆六点 ( h - ai )
=

= (六感 ( n -nil )
<

= 的导 ( ÷ ( ai - aj )
^

) ≥ 0

= 六璧“
恐

= 1 六
.
Ʃ
,

ai)
z ⑪

Rsqlh ; p ) ≥ Kas
^

(n ; n )
.

1 n

"

, nil = ai Ψ①

: ( 六感 ,ai ) ( 感 “ ; )
⼆六管 , 9

; a( h ; n) ≥ Kab ( h ; n) th ,

｣

: 的卖彦 aia ; ⼀

: ⽅焉
,

(六系 a : g
⼀

Wont :

幽 Note : ar+
ba

≥ ab 1= 六点 a; ^↓ Young '
s

Ined .

S
.

[a )
Ʃ

应 Ʃ Ʃ←
ieai三 V
2.

j,

Ch* ; b )us. Rab( h * ; P ) ,

minala;≥ mis kablh ; n )

. Babs ( bb
,

b ) ≤ kab (hb ) ⇒ Ucm Rab (乐 )

*

≤ RsaCh, ⼼
点 ∞



Ceneerand

o The ispat ht *chatmimimizes Rlm )issomemeasureofthecerber of the daba sec
.

eng . media
,
mean

,
mode

.

. ihe minimum oneprt RCh )represenesomemeasureofthespread,orvariance, in the data see
.

↓

For absoluce loss : Rabs ( h
*

) : Rabs ( Median ( y
,

Y
.
,
…

,

… ))

P = 六卖 IYi - media ( y , h , …
,

b
.
1 l

.

this is the mean absolute deviaeion from tho medinn
.

⼀

For sdnamed loss
: Ksa ( b * ) : Ksa ( MeanlY,

… Yn )

⼋

= 六点 ( Y : - Mean ( y
,
… J . ))

1
ehis is called che variance

⼀

↑
ehe square root of variance is seardard deviaeion

.

1Huhe-Tradione

loss (
h
, nil : dd":"! 话

;
品 " Λ

RHuber : 六
.
Ʃ loss ( h , ni ) ☆∴

.

,
⼚

Initialize ho = 0

ne- h - oe -kmr "t

⼭毙哥 KHuber ( he , b ) Oneput hx = ⾄ ihe



Tradiene From IlMatG 2oc :

gradijent- 7dieection in crerse the vorse

F
guadiene

↓
,

flu) = slope
=上 ≤ 0

的北

×

装 0;
｡ 管点

. Picle d to be a positivenuomber
,
the l earning rate

.

. Pick a stareing prediceion , ho .

. On
seep i

,
pe- form update hi - hi- 1 - a . ( hi - )
⼀

. Repeae uncil convergence .

ney = xe - o
af
器

t = 0
,
1 ,

2

… …

convexfunci

λ RCh , ) + ( 1 - λ) R ( ha )

@
,

R ()
; 1 i

;啊 含
R ( G 2 )

H
,

R

( h 3) = R ( λ h , +
( 1 - λ ) ha )

hy =λ h ,
+ ( 1 - λ ) Ha λ E [ 0

,
□

R ( hs ) = R ( λ h , + C 1 - λ ) ha)

R ( λ h , + ( 1 - λ ) ha ) ≤λ k ( h , ) + ( 1 - λ) R ( ha)

V λ E [ 0 , ' ]
,

th
.
,
bz

.

( 3 ] b . lossconven ⇒K ( h
,

D) convex .

step size

凶

T凹 : For Huber loss ,withsuieable f 00 , … ,
0 e )

⼀ this means

KCh
,
,

" ) - RCh
*

,
b) ≤
Cho- h

*)hubber losswill overge

公 =器华 ,∞
allhefromgradienedescenealgorithm

nceamber of iteraccion chat J .

13
. converges ,



If youmanat erron
⾊ : range of data poine

C

4( k
* )

α

Need T ≥
(h 0 - h* =

τ ≤
4
k

ε

⼀

oe : 4
.

te - fo. Haber

proot , :losCh , ni ) : o

, ln -nl >÷ ≥ 0
Hubber loss

∴ only has minincem ,

( 2
,

1 n - i 1 ≤ 会
no maximclon

I

0 ≤ 王 loss ( h
,
ni ) ≤ 2

α
⼩ h

↑ ↑

Coavex smooth funcsien
characteriseic

Crisk
⇒ 0 ≤ 02k 器 :

=> (录 k ( s ) ≤
4

( R ( h ) - R ( h * 1) for Hw 2 .

⼀

( hee ,
- h
*
|
"

: ( ht . ot . " k ( he ) - h * )
P

= [ ( he - n* - ot .☆ k (nt )]
^

= ( ht - h
*

)
^

-
20 t ( ha - h* )靠 R(ht) tot家 k ( ht)⼴
⼀

K k ( ba )
⼋ ∅

R ( h , ) + { ba
^ h ,) 录的 (n )

! eangenc line
÷

…

…,
lope—

, ( az - h , ) .和 K (ne)
7
≥
R ( he ) - 1< ( h

* )

(

t

1 d
01

⾔ 么DRCh , )

s0
,

k (hz ) ≥ R ( h ,) + ( hz - h , ) 录 R (h , )

=> (hr - h ,) .录RCh ) ≥ k ( h , )
- k ( hn )

(he - b
*

) . 号 K ( h * ) ≥ R ( he ) - k ( h
*)
⼀

↓ 上

≤ Che - h *)
'

- 2 oe ( k (he ] - k (h
*
)) + o τ^(R

( he) - k (h
*) )



≤ ( be - b
*

)
^

- 2 < e ( ( - 20t) ( R (ht ) - k ( h *))
,

⼀

maximize

⑪

0 七 = 年



Tradiene

stpe .

slopeis pocicie initial guess .

⼼ h
,

= h
｡

↑器|* R ( ho )aegarive

←

opposite
Che divercion of

the derivacive 1gradiieat .

Algorithm ;

. Pick d o be posivive nuniber
,

the learning race
,

also known as seep size .

. pick
a searting prediceion , ho ,

.

On seep i
, performupdatehi = hi -

, - a.☆ ( hi + )

Repeatuntil convergence .

Convex

. f is convex if for every a
,
b in che domonin of f

,

the line segment

beteveen

Ca
, f(a) ) & ( b

,
f (b)) .

does noe go below che ploe of f .

Λ

.

√O 0

θ

:

funseion f :
R -sk is convex if Va, BER and eE [o

, □
,

C 1 - e ) fca>+ tf ( 3) ≥ f ( ( 1 - t) a + tb))
.

Thm : If RCa) is convex and differenciable , then gradiene descent convenges co a

⼀

global mimimoanof Rprovided shat che step size is small enongh .

↑



1
pecause f convex and has local min slocalminisglobalmin,

Tese for convexiey
⼀

f is corvex ←) d=
( n ) ≥ 0 .

tr
,

o sum of convex funceio ,
is convex

,

L
, if LCh, n) 's convex

,

the, (in ) = 六卖 LCh , Yi) i " convex .

. Lsa ( h , n) = ( y - b )
)

is convex

. Labs ( h , y ) : 1 y - l is conveX



Tradiene
⼀

he
,
- he - dn R (he )

, L≤ R( d *) - K (hel
L = 2 for Hubber Risk

":
*aci%

, 在

kch*) (h * -he)

,

………

0 ≤p ( h) ≤ La
\

: ;
constane :

↑ ↑ h * he
smooch

convex

( het
,

- h * )
^

= ( he - 0 e ☆ kche) - h * )
2

= (ht - b * )
^

- 20t 靠 K( he ) ( he - h
* ) + ot

^

(☆ kche ))
”

,

⼀⼀

HV 2 IQS
≥ k ( h

*
) - RCht )

≤ 2 L ( RChe ) - R ( G
*)) ,

≤ ( he - h
* )
*

- 20 e ( 1 - ( - 0 t) ( R (he) - R (h * ))
.

⼀

oe = Io for opeimize

olmaxinana ) ts iuoai'dntorguhieredescere
,

丄

L

S0
,
let 0 e = 就

,

7 Cherh * ≤the
n* xi ( kC—7

↓
chis gets O wher R (he) = k (h

* )
;

in which case
, conuegos .

=⇒ 元 ( k (ht ) - k ( h * 1) ≤ ( he - h
*

)
"

- (her - G * )
2

,

G
元 ( k (h 0 ) - k ( h * 1) ≤ ( ho - h

*

)
^

- ( h
- )

2

,

1 celescoping sum

δ{ c ( k( h , ) - k
( h* ) ) ≤ ( h

-* (h - h * )
Z

,

⼀ ⼀ Ccanceling ourt eerms )
.

⼀⼟

sum ⼀ ⼀
⼀l ⼀⼀ ,L ( k (ht" - k ( h * )) ≤ ( he- ih
*

)
'

- (he - h * )
P

,

⇒ 充到 " ( k ( he ) - k(
h
*) ) ≤ ( h 0 -

b
*
)

. (he - h
*) ^ ≤ Cho - h

*

⇒ 蹈 ( achk-l
么



1

let : he : 卡品 ht
,
thank (he ) - R (

h* ) ≤ 宁筑 k (he ) - k ( h
*)

,

meam

;[
blc R convex

∞

↑ Somooth conseane
mean

l
← 笑 0 - h *)州 7
⼀

7⼀

If ume wwune

R ( h ) - 1R ( h
*
) ≤ E

,

VE > 0
,

Bound In ( ;
"

" ) - a (D
%

" | take T = 量 (ho -h *
)

,

( ≈ ( Du ) - x ( )x)
^

) = 0 ( 1/n )

f
how lage conslan Ʃ

( n ( 1) , ) - n ( 1) 8 ))
<

Use loe hostince :
≤ 号彦 ( ui - a ( ∞))

<

≤ 号
,
Ʃ (ri - ☆ ( ",)

tone menn

empirical omean

卖 ( ni - ≈ ( )∞ ) ]
^≈ 式 ( ki - Ʃ ( "^ 1)

<

= C . va . (Dn )
,

"

(i - n ( D ∞)+≈ ( D ∞) - n (1 ), ) )<←!⼀

六 ( ui - n ( 1 )∞ )
)

Pur eogether : (h ( Dn )
- R ( D8 ))

"

≤÷ , Va( b. )

∠
| i (Dn ] - n ( Df) |≤ F . STDC1. )



⼀| n (D0 ) - n ( D∞) |≤
10g (/6)

STP ( 1) )､

sequence pecision

哈

!
MnkingReinforcemene Learning )

confidence ( evcd
o Bandies Problem . the larger che coufidence

,

↓
the large- range of erro- from

true mean

Explore chen commit

o spead the firse IN round mniformly on che emo opeions ,

⼀⼭ 1
o Then comnsia eo the one with higier average reward : argmin K

a : 1
,
2 L

Wane
: Oreward = O (

sT

哈
") )

E txn - xe | :
STDLDn

) log ( 话 )
治

↑ ↑

confidence level conseant ) , ( 1 - 8 ) probabilicy
xgE interval

x∞
)

⼀ ←
≈

⼀

死…

)

｢ ( 1 )
- shn

⼀

How co compare ⼆7 whon eno interal

do not ovelap ,

⑪
one is definiely greater tham

the other
.

↑
,byleel 0 g( 话 )= tax"

'
- πy 1

0

=

Oreward
7

,
differen ce intrrrmEaan

β
Algorichm ;

How to figure one ?

akeep erack Na

ST1NCPnla )
- opriniseiceseimate : ka -katC

^

" choose aceion argnis
1
,
2

ka ↑

I of times
Chosen aceion a



Linear Regression
⼀

0 Feature - an ateribuce
, information

e predictor variable - che feacure - n

a response variable - the cantiry- y
- we are trying to predice .

o Hypothesis funccionl prediccion rale
.

o Use loss fuuction to qeaneify the qualiay of prediction
.

o Sduared loss : Caccual - predicec )
-

⼀

↓

Empirical risk : Ksd ( H ) = 彦 ( Yi - H ( xi ))
<

↓

Smaallesemeansquarederrors good prediceion

↑
Not overfieeing !

↓

Choose lH to be cereain funceion !

↓

linear function : H ( a ) = Wo tw,
n

,

eopeintercey
↓

H
*

be the linear fuicrin chat minimizes Ksq ( H ) = 六卖 ( Y; - Hini ))
'

parameter

Clease
squaves regression) . d plng in H “

Solve for gradient Ksq ( ωo , w, ) = ⽅
,第 (Yi - (ω o +ω , ni)

↓ ↑ ↑

器
｡

= 号
;
写 ( Y ; - (wotw , ni )

Find slope and ineercepe that minimizes
,

器
,

=号彦 ( Yi - (ω0 + wini) ni

d



d
Solve for 器=

0 C 器 , = 0

d ↓

哭灣｡
“器

w
,

*
= 嘉品浴流

,

W
｡ i

*
⻰

wheve

^

P 1

bese ineercepe
bese slope ] π=⽅

= ;
Ʃ (ni - i) ( Yi - g ) y = 六卖 Y1 ,

U

卖 ( ui - n )
2

7

,
L

the process is
｣

called lease square
solucion

" fieeing to the daea
"

. Lopeimal paramere- 1 .

↓
*H

*

( w) = ω
0

*
+ w, x

Correlacioncoefficient

o a measure of the serengch of the linean associntion of ewovariables, se fy

o coefficiene
,
, the averageoftheproduceofse and y ,

in seandard unie

r = 六煮
(☆ 品 )(品

5 jsmaan
seandaddeviation.

↓

a n
has no unic

.

r = l 7 perfece posicive lineer associntion

o
r = - 1 - 3 pesfece megative linear association

o the closer r is to O -s ahe weaker ahe linear associaeion

I opeindslopeforthelinearpredictionwulew , * in -

w
,

*
= r-

→
o sign( r ) = sign (

w
,

* )

. y walue gee spread one s Gst -s slope ↑

o intercept
o nvalkegeespreadone s Gsrt

-3 slope d

H
*
( x ) = 5



Regrei

ex .

Look ae salary i 9 . ) as funceion of years of experience ce ) ,

↑ ↑
vespponse variable predicedr variable

D = I ( x .
,
4 )… , en ,Sa

以 ≈ H ( n )

↑
Hypochesis funceion prediceion rule

,

⼋

Ex
, Y = aetb lineer funcaion

. ”
- a caea
.

Y = ear

…

which Hcu ) is good ?

lossfuce
loss ( H ; ( ai, Yi )) .

= ( H (xi ) - Yiy
^

sduared 1 ogs

Empiricnlrisk :Rsq(lt , 1 = 六卖 oss (H; ( xi , Yi)
)

: 六流 ( H (ki ) - φ iP

Opeimizancion :Chooseprediceionwule by min KsqCH ; 11 )

HGx

One ofulllossfuncbia !H ( n ) = W, ut WO ,

Find H
*
thae minimizes RsA ( H : D ) ,

⼀

↓

squared 1 oss 2 ← opeimize w ,
& wo

.

min ksq ( H ; D )
w

1 , WoER

= min

六彦
(

H (ai ) - yi ) <

opeimal prediceivn
=
min 六彦 ( wini +~o - φ i ) %

w
,

*

,

w
*

= argmin 六彦, ( w, ni + wo - Si )
2

,0

⼀
w

,

wo

let w
, 0 ) ( 六 ,

Ʃ ( u , kitwo - y; ) ) = 0ω

⑪



(aaunons fem , ny = H )osohefe
ririad ioine

⼀
⼀

U
☆ :

⺦

gradienefpareinl derivative = 0 .

L L

② 忌
( 六彦 ( w , ni + wo - φi )

h

) = 0
.

⑪
⼆⽅

:
票 (录 ,

(w,
ni + wo - y: ^ )

∴
2 ksx ( ( w ,

,

w
0 )
,
D)

= 0 ①

2 wo

lrnsatin, : 0 ②

: 六者
(

2 - . (u, ni + wo
- Y; ) . ki )

= 2 六 Ʃ
(

w ,ait
+

woki - sxisi )
i = 1

① 点
｡ ( 六

;Ʃ ( ( w , ni +ω ｡ ) - Yi )^= 0

②+① :

河品品∴”;
”

0 = ⽅
: { ( u, ni ^+ ui ( y - w ,

☆ ) - aili)

O = 六器 ( u ､mi^+ nig - nim,
n - niYi )

,

: 2 ( 六彦 ~｡ ⼗六 ,
吾 w

, ni ⼀六枣 )
0 = w

, 六彦
(

ui =
-

xin ) + 六卖 ( uif - ni φ i;
n = e me an

:
2 ( wo tw,

n - y )
. y = ymenn ω

, 六卖 (ni
^
- ni ≈) = 六点 ( < iyi - ni 5 )

⑪

2 ( wo + w
,
n - f ) = 0 ⑪

witt t wo = y Ophimalsolueicenpasshrough (E , 5) .
⼀

wo = -k 六器 ui ( yi - 5) ,

ω
, 六卖 ai ( ui - n ) ⑪

⑪ 六彦
,
(u - n ) ( φ i - 4 )

w
, 六卖 (ui -n) (ni -a )

since
=
ω

,六彦 ( ui - n )
<
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⼀
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÷
. Y : = 且 ( Y = 0) - 0 + 上 ( Y = 1 ) 1
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丫
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= 年⼀六业 ( x = 1) + 弄业 ( ×= 1 )



: 六⼗六世 ( x = 1 )
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Expectarion of X

业 ( Y = 1 ) ⼆市⼗⽴业 (x = 1 ) This is how eo recove- the resale !
⼀

且 (x = 1) = 2 ( 业 ( Y = 1 ) ⼀年 )
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⼀
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彦②
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.

⼀ i
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desived valce
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S

:
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D -> O

b
Δ
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↑
Coneineous ProbabilieyDensicy

① P < s) ≥ 0
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a S !
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= I∴ . 6
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① DiscuetcExpeccaein : ⽅感 ri → E [ X ]
n 7 t∞

E [xI = 煮业 ( x = sa ) . Sk
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E [X ] = 品
｡点业 ( x < CSK- { ,s . + {] ) : sa

= 出品器 P(Sk) 0 - Sk

= S P ( s) . s as
.

SES
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6
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”
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(-筑 ) dy
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⼀
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P
(x
,
y,
(a
,
" ) dy.

E [X + Y? = {) P
(x
, " )

(a
,
7) . (e + y) dndy
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,

φ+号 ] )

! k, y (n, n ) =
｡
品 02

= {Px,ylu,) edndy + 1

∞

, y (
u
,
y)dy : ⾳业( xG
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⼀
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Independe f Expeceaci
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' ) ) xtY w NL K, tM 2
,

6
,

'

t Ga
2

) when independence .
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^

]
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⼀
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⼀
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Empirical Risk Minimization To back co differencial privach ;
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⼆ arg min P
× ( a ( Data = s )

!
a

:

且 ( Puea = s |×ε …)世 ( x← … )
I ( Data = s )

For small 0
=
I ( Data = s | x = a) Px (a )
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,
a+ 号 I ( Daca = s )

,

Poscerion
⼀
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⼀
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当六⼿a “ ⽴午 a

⽴位⼗午 a) ⼆⽴⼀午 a
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业 ( O 1 D)α P ( uilt ) . P (E)- →Nornd Diseribucion

Bernseion von Mises

Q : Why noe modd data as normal R
.

v
.
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P ( xi ( θ)
;

ni ~ N ( E , 62)
.

inen P ( P ( E) = , P ( yi / θ ) likelihood

(- ( xi - θ )
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Empirical nisk
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,Empirical risk squared loss

θ
*

⼆ arg mdP ( D ( t ) : “g台 “ k(θ , D) = 六流 ui

With finire daea
,
how co modl oudiers ? Normal diseribucion

∅ valce

⼈ P ( xi |θ) α exp( - ( xi - θ
)

/262 )

少 Laplace decresoΛ distribution
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P (xi ( θ) = ⽂ exp ( - 1 ki - θ 1 )
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:
! exp ( - 1 ui - θ 1) α exp ( - 点 ni- θ 1 )

R ( O 1 D) : 卖 Ini - θ1 .

Absolute loss
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Linear regression

Y ; ≈ txi
,
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'

)

Yir N ( tui , n ) , 62) =) P (Yilki , n )
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,

") P ( xi ( ^ )

⼀
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B : JQKA 13 : face

c : red
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业 ( A Λ B 1 ( ) :

2
⽌ (AnBk ) : 靠话

且 ( A | c ) 业 ( Bk )
⽌ (Ak)业 ( BK) = ⻮昆⼆注产论

= 台可⼆卖⼆点

业 ( A ( B ^ C ) =π 注

业 (Ac ) = ⽴

业 ( A ( B ^ C ) = 平 业 ( BK )

⽌ ( A | () ⼆应


