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#2853 (Machine Learning)
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#2853 (Machine Learning)
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[E])JaRE (Regression)

L — | | — NaR (response)
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— 9l (Binary Classification)
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X346 (Structured Prediction)
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1801 FRNFZHRRI T RIMNGHEFECHAPHR CER BT T 19 /RSN
W, SPMHERE LS —MTER, LUIRIREMIRES.

Time Right ascension Declination
Jan 01, 20:43:17.8 50.91 15.24
Jan 02, 20:39:04.6 50.84 15.30
Feb 11, 18:11:58.2 5351 18.43

B ERI it SEXHI?




= HRRIREF

180159 . BEERHNFHSMHFARISTHNIETE, &7 7 aHENERN
R, FHERTEMIEHENHINE.

1801512 H 7 H, AHELNESHRNNFETER, WEMRNFHREER.

A /N 3kEEE]S

(least squares linear regression)
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4
training data 3
input 3 L
example :f ? * > 2
learning algorithm f predictor
example 2 3 . 1 °
example 4 3 ‘
2.71 output 00 1 2 3
i

R AEE? {Ri&2 (Hypothesis Class)

BARE—MEBRAIFIR? IRSEREL (Loss Function)

B AKBFERIURIEEL? Lt Hi% (Optimization Algorithm)
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{2183 (Hypothesis Class)

® 1AL T IXI T tHFUNENEITHIRIR
® (Rig: Aty [ARIRER ’ .

® [o)3tREL

y=fx)+e€ E()=0

y: HSC{H (target or ground-truth to be predicted)
9= f(x): FME (prediction or estimation)

e=y—9:1=ZE (errororresidual)

- IR BAMRIRAIREIA—ER IR ST



ERig3: ZMmYIIER (Linear Regression Model)

flz)=1+0.57x

> 2
flx)=24+0.2z 1
f(z) = w1 + wox 0 ‘
0 1 2 3 4
FEFRR. SHAEMEESY FIHENEE  BiIAE
w = [w1, ws] o) = 1,4

fw(x) = w - ¢()

Rk F ={fw:weR?}
(FEMIEE F 0SS
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SEXTEEZRAVEUERT, ERAYSIEEE AT REELAIU S
#$E, XETRA AT LA [SE RS AL,

2% A3 vs SIz(E]S

350 T v T ¥ T ¥ T v T
300 « RawData
; . ; i ——— 3rd Order Polynomial Fit
v Simple linear model Polynomial model - ——5th Order Polynomial Fit
A YA 250 |- 9th Order Polynomial Fit
o ® L
200 |-
-
150 |-
100 |
50 |-
o 1
4 0 2 4 6 8
X




qb(:l:) — [1’ €, 562]

Example: ¢(3) = [1, 3, 9]

BT ENES ¢ () SRENAFE MEAHIE




ZIhz{ @3 (Polynomial Regression)

d(x) = [1, x, x2,x3, . -,xd_l]

flx) = w- ¢(x)
0 (o) RRMEERIE SR RASE

feature; = 1(constant)

featurey = x

features = x°

feature; = x?3-1



BEERERESIESE

() = [1,x, 22, cos(3z)]

Example: ¢(2) = [1,2,4,0.96]

flz) =[1,1,-0.1,1] - ¢() 3
f(z) = [3,-1,0.1,0.5] - () > 1
F={fw(@)=w-(z) : w € R} ; |

0 1 2 3

{58 TR 2B AUHHE
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o) =10<z<1)1[l<z<2,12<z<3|,1[3<x <4],1[4 < x < 5]

Example: ¢(2.3) = [0,0,1,0,0]

4
3 I
flx)=1[1,2,4,4,3] - ¢(x) 2
f(z) = [4,3,3,2,1.5] - (2) 1 I
F={fw(z)=w-¢(z): we R’} . |
0 1 2 3 4 5




"EIE" (PIRTEIR?

F{E: fw(x) =w-¢p(x)
KFwikiEng? Yes
KT ¢ (x)ZRENS? Yes
KT HNg? No!
SOMES o2

o EAHEN: w - (ORI R
o I w - p(ORWHIL AL




linear in w, ¢(x)
non-linear in x
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IRK R

YIZREHED rain

4
r Y
fw(z) =w- () 1 1 ’ !
W = [l()-)ﬂ 2 3 > 2
O(.l) = [1, ;‘L‘] 4 3 1 ‘residual
% 1 2 3 4 5
SRSk (squared loss)  Loss(z,y, w) = (fw(x) — y)2 v
Loss(1,1,[1,0.57]) = ([1,0.57] - [1,1] — 1)? = 0.32

Loss(2, 3,[1,0.57]) = ([1,0.57] - [1,2] — 3)® = 0.74

Loss(4, 3, [1,0.57]) = ([1,0.57] - [1,4] — 3)% = 0.08

S ‘El -
197i1R%= (MSE, mean TrainLoss(w) = —|’D1- | Z(m e Loss(x,y, W)  TrainLoss(I1.0.57]) = 0.38
squared error) train Y train

-+ A A AERFDIRRTAREIIERK?
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1

KA BFR: TrainLoss(w) = Z (ful() — y)?

| trainl (Isy)E’Dtrain

miny, TrainLoss(w)

100 100
.—{
> 80 L
= 60
O
& 40 60
- 20 -

. =1
024 0 05 20
w2 0" 0.5 wl

SHSHwRIMCIRKEE



IRKRERENRIIEFR L

TrainLoss(w) = ! Z (f(x) - y)®

|Dtrain| (%,Y) € Dirain
1
" 2 Week) -y
train (x, y)e Dhrain
B 1
|Dtrain|

(y - @w) " (y — Ow)

y:Nx1 y:Nx1 d:Nxd w:dx1

(
oo E I e I I
Bl BT
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AT ARIMEERRE?

EAx FlE yHIXR - XFIRE\RE €
y=f(x)+¢€ E()=0 - FRIIBEE E(e) =0 N
o H—EZENRIRERMNSES%, Ble ~N(u,0?)

1 o
/ N ,0'2 = —¢ 202 H
Vi )= fores AN
o ©Q O ;
O C

l

FTERANER RIS U T:
e y=¢px)w+e
* ylxw~N(@p(x)w,0?)




AT A2RIMEERIRE?

Maximum likelihood estimate w.r.t. w: SA{FAET

arg max p(y|x, w) = arg max In p(y|x, w)
w w

Maximize log-likelihood estimate w.r.t. w: XIEULSA

argmax Inp(y|x, w) = argmaxIn | | p(y|x,w)
w, w (x,y)eD
= argmax In . ¢ ~z07 WA EERE

w (x,y)eD V2mo?
=argmin >, (y— $(x)w)

W (xyeD

BEMRIR FRISAUAEL = RIMEFHIRE
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CONCAVE CONVEX

max g(w)

NEITHER

SHETMBESY 0 L

z7°| — —
T~ SHETORMR



[l : FIA#EE LAXREXE

| dgw) _

'4/_ dw

dw

dg(w) <0

Hofi T F T NI I AE R iR \WwHHEDE?

dg(w)

= W>O AY, 1#EKw
v dgw)
3 W<OHTJ, DETANTY
FOURIENR
D @ 4 W)
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SRl {RACIRRERER?

H#x: miny, TrainLoss(w)

@ = omE

1‘%@ Vw TrainLoss(w) =1/

IRk LT ERRAY TS [H]

— PRE T hE
\ 4 —é Algorithm: gradient descent—
Initialize w = [0, ..., 0]
Ferl = 1, S ,T: epochs
w<w— 17 VyTrainLoss(w)
~— - s >
step size gradient




£ (F3ZF/learning rate)

w—w— n Vgloss(z,y, w)
—~—

step size

)RR : BN NZERSEREK?
0

{R<F, FaE o, Sk
R
o LKAEE: n=01
o SRFENA/N: n=1//LFEEIRE

- —EEHE{hIRRK:
» learning rate decay
« Adagrad
« Adam
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EFSIERIP K

o L AKK?
o LI K/\?
o EFERIKHES: FEL vs ARTR

constants

shrinking step size



o IIE X TEREL, SHENORNEIAIE
o ESLPRM ST, FAIRE—MEES ERRERRHET, HSHBENEKHE

||Vw TrainLoss(w)|| < €

EREIEOREUAZEITES, (FLEEAS,



ZHBE

dTrainloss]  ® BER—NUENRE, RPREEHE
w ()
Vw IrainLoss(w) = dTr&:ilE)ZLOSS
o MENTNG—IFNREHIRF—
L
dTrainLoss SHIRS.
de

Q: g(w) = 5wy + 10w w, + 2w#,
Vg(w)?

&/IMEHEY] $EEI’J§£§3IZ7’5 M=4E



ZHBE

Contour plot corresponding to 3D plot of RSS
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RIEHF: Zitm3

arg min TrainLoss(w) = arg min (y — dw) ' (y — dw)

w w |Dtrain I

= argmin (y — dw) ' (y — dw)
w ~ _

-

RSS(w) residual sum of squares EZFEFH

VwRSS(W) = Vw(y — ®w) ' (y — dw)
= 20" (y — dw)

2

Vw IrainLoss(w) = d" (y — dw)

| train |



HiE—: BEIZE/0

2
IDtrain I

,>

7 Vw IrainLoss(w) = d'(y —dw) =0

HA VSRS RE w RIFTUE

— —
Il
a
: « Need to be invertible (Zj#EEBIES(E)
Obs(zr\:/als;)ns - Complexity of inverse (JEFFEKIFITEEZE)

d: Nxd



Hik2: BETE
Objective function:

B RERER

TrainLoss(w) ! Z (w-¢(z) —y)°

| tram’ (xay)EDtrain

Gradient (use chain rule):

{EREGANTERE

Vw TrainLoss(w) ! Z Q(XV co(x) — %)(25(517)

|Dtrain| (2,9) € Dyain

v
prediction—target



Bik2: BETE

training data Dyain

r vy .
o VwTrainLoss(w) = 15— 37, 1 ep,.. 2(W - d(2) — y)é(z)
5 3 BEEH: w < w — 0.1V TrainLoss(w)
4 3
t Vw TrainLoss(w) w
[0,0]
1 . . P Al
. 3(2([().0} -[1,1] = D)1, 1] + 2([0, 0] - [1;2] —3)[1,2] +2([0,0] - [1,4] — 3)[1,4]) 0.47,1.27)
=[—‘l.67,—12.67}
1 o e o 1 o afq ¢ o 1 o P
) 5(2([“'"1‘ ,1.27] - [1,1] = 1)[1,1] +2([0.47,1.27] - [1, 2] = 3)[1, 2] 4+ 2([0.47, 1.27] - [1,4] — 3)[1,4]) 10.25, 054
:[2‘1‘8’.7.2‘1]
200 :—13(2([1. 0.57) - [1,1] = 1)[1, 1] 4+ 2([1,0.57] - [1, 2] — 3)[1,2] 4+ 2([1,0.57] - [1,4] — 3)[1,4])

y [1,0.57]

=[0.0]

Pytorchgk & TensorFlowZEREFIHEZREERL 7 Boik SaIINEE
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t g dat 3 3 ?

Y ' - 2

, , learning algorithm .~ f predictor 1 L

4 3 ‘ 0 ' ' '
2.71 0 1 2 3 4 5

T ARFRUIREY? M RRER

iRz F={fw(x)=w-é(x)},¢(z) = [1, ]

AR EIR B ATIFIAR? SETTHRR

HROCEREY Loss(x,y, w) = (fw(z) — y)?

AR AR IFAITREL? RS RIS

THEE w < w — nVTrainLoss(w)
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Hik2: BETREIRS

1
Z Loss(x,y, w)

|Dtrain ‘ (x’y)GDtrain

' Algorithm: gradient descent -

Initialize w = [0, ...,0]
Fort=1,...,T:
W W —1

R BRENEFTERELAE)IEGFEDS, S)GHEERKN, FERERIKIE!
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1
Z Loss(x, y, w)

= |Dtrain| T .

44
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FEHESE TBE
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ERSE24%: ZiEE/IHEE
O S—WEERITAXEBWNE—MHMAIXEGE, TAXSHIEFTEHITRKE
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ATA R KK S 35

2% m]IRE

input HIEHER
output FuiE

feedback FMMESELEANRE



ARSEE: ATHEARESHIERS

| A HREY

input

ATERE

feedback

MEE ( "MhR" BiSEe)

1. BiEMEE: ZUEESE

2. it&: f,/input/output/feedbackitift
3. &E:
4. FHR:

<input, output, feedback>
0 (REB7S)

output i
fo

PR SR IREL AR ?
Wes4mh3f,. input, output, feedback,

> 1SRRIt R IEE AR e ?
BEinput, 88 fHitHoutput,

»F3) . SRRV IERTHREL?
ETFEE <input, output, feedback>%,
LBESf, BETHES.

> #WE: <input, output, feedback>
<fFHHER, Ful(E, FMUESESXENIRE>
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KT ERIRIA2FIE

Gender
Classifier

BT Microsoft

rm

[ ]]
%3 )
-

Darker
Male

94.0%

99.3%

88.0%

Darker
Female

79.2%

R -3

Lighter
Male

Lighter
Female

98.3%

94.0%

92.9%

Largest
Gap

20.8%

33.8%

34.4%

s NNEI T EHES FHIA LT




ABERBIERRITES

Wrongfully Accused by an
Algorithm

In what may be the first known case of its kind, a faulty facial
recognition match led to a Michigan man’s arrest for a crime he
did not commit.




LeIEmIEAR BH LAIER

training data

Ty g group
example 3 input
example ‘
example 5 5 B learning algorithm f predictor
e
6 6 B ‘
7 7 B 3.27 output
8 8 B

fw(z) = w- ¢(z)

Note: 1RELf, XBFERAREE
REREKEFERANER, BANFERFE!

o = N W 01O N




AR

Loss(z,y, w) = (fw(z) — )’
80
= TrainLoss
T Yy g 60
8 a0
5 5 B N
6 6 B 20
7 7 B
8 8 B 0 '
0 1 .
W
TrainLoss(w) ! Z Loss( )
|Dtrain| i

(CB ay) e,Z)train

TrainLoss(1) = (1 —4)>+(2—-8)2+ (5—-5)>+ (6 —6)2+ (7—T7)2+ (8—8)?) = 7.5



PETRIGK

80
TrainLoss
r vy g 60 .
* TrainLossg
a 40
e
5 5 B
6 6 B 20
7 7 B
8 8 B 0 -
0 1 2
A"
. 1
TrainLoss,(w) = 5 E Loss(x,y, w)
| train(9)|

(fL',y) € Drrain (9)

TrainLoss, (1) =
TrainLossg(1) =



ITERAHEARE

80

TrainLoss
* TrainLossg

N TrainLossmax

loss

20

0 N O O
0 N O O
W W W W

TrainLossmax (W) = max TrainLoss, (w)
a
TrainLoss, (1) = 22.5
0

TrainLossg(1) =
TrainLossmax(1) = max(22.5,0) = 22.5

o HPHEWERI group distributionally robust optimization (group DRO)



P19k vs BAARIRE

80

* TrainLoss

* TrainLossmax

loss

40

20

0 N o o
0 N o o
W W W W

o = N W S 01O N

PREAET TN
B/AME IR w = 1.09

B mEEL (group DRO)
BR/IME R RHAIRK: w = 1.58



BIEE FiEEL

80

TrainLoss

vy % |e Train Lossg

§ soN” TrainLossmax
5 5 B
6 6 B 20
7 7 B
8 8 B 0

0 1 2
w

TrainLossmax (W) = max TrainLoss, (w)
g

VTrainLossmax (W) = VTrainLoss « (W)

where g* = argmax TrainLoss,(w)
g



M5

80

= TrainLoss

* TrainLossmax

40

loss

20

o H N W s 00 N

0 N o o
® N o O,
T T @

® SKHWIRK = IR
® Group DRO: &/IMY smKEWIRSk

o FZMMER: RXM? ANBEHEER? IE?



