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https://nndl.github.10/



https://nndl.github.io/

b5~ 5 2] R A7
bk AR T
» Logistic Regression
»Softmax Regression
» Perceptron
»SVM
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75 - Blfg93s (Image Classification)

» 3% % . CIFAR-10
»600007K32x32 &, F B 4%, #£10%  «wetene  ut ERERTY o [ BRI ES o
» 43 £.60007K B 1% weenonite - (] R A T 0 N e ] o 5
e il WES ¥ RS
cat ol ARl el LA R .
Bl o foa BV i
dog HE~s B a B
rop i M W B
MR O MR
e Rl e PR -
W A B P S o N R

deer

horse

truck
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AN SRS

» A% 45 . ImageNet
»14,197,122 1images, 21841 synsets

£ BT WEH G eEs W e
Tin WxF D 7.0 AW
lzn mll A TS e T

mammal —— pIacentaI —— carnivore canine —— dog

‘.a»‘i

vehicle —2 craft —  watercraft — sanlmg vessel ——  sailboat —  trimaran

AP Z ML HRES T 5



Image parameters 10 numbers, indicating

f(x,W) class scores

[32x32x3] .
array of numbers 0...1 \
(3072 numbers total) =
==
v
stretch pixels into single column % Lo
l ’ car classifier
0.2 -0.5 0.1 2.0 56 1.1 -96.8 cat score airplane classiﬁe/ .
- -

15113 | 21 | 00| (231| 4 | 32| . | 437.9 | gog score i

input image Y 025]| 02 | -0.3 24 -1.2 61.95 ship score deer classifier
W 2 b f(I,'; W, b)

plane car bird cat Seer dog Porse she uck
13
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Classification Instance
Segmentation

+ Localization Object Detection

CAT, DOG, DUCK CAT, DOG, DUCK

AN J/
Y

Single object Multiple objects

https://medium.com/zylapp/review-of-deep-learning-algorithms-for-object-detection-
¢1f3d437b852

AP 22 W% 5% 53] 7


https://medium.com/zylapp/review-of-deep-learning-algorithms-for-object-detection-c1f3d437b852

B EREERE (Spam Detection)

INBOX

CLASSIFIER

SPAM FOLDER

EOE

AP BB 5IEEF ] 8




R~ XA (Text Classification)

Technology

E %

https://towardsdatascience.com/automated-text-classification-using-machine-learning-3df4f4f9570b

AP 2 W &5 IREF T 9
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https://towardsdatascience.com/automated-text-classification-using-machine-learning-3df4f4f9570b

S
b AR AXI AT N2E A @2 X
» 33 A2 A (Bag-of-Words, BoW) 4 A

the dog is on the table

0 0 1 i 0 1 1 1
are cat dog is now on table the

H:ﬁuw\j‘/l\izt\“ ‘: ,I,-'; r ” %D 113 g\ ’;' ”» ,—P:/ﬂ\:ﬁ“%rk”‘“%ixkv\“iq-
P74 PUANE], BATTH BoW &R 73 71 4
vi=[1101]",
vo=[1011]".

(AP Z W &5 RESF Y 10



NEGATIVE NEUTRAL POSITIVE

llllll y dissatisfied with the Good Job will exp 8 ffort guy
Review (X) Rating (Y)
"This movie is fantastic! | really like it because it is so good!" S,/?
"Not to my taste, will skip and watch another movie" '{\\?S/"({k
"This movie really sucks! Can | get my money back please?" i?%ﬁﬁ?*

AP W % 5REF I 11



RIEX SRR M S ARITERN S5

Dis BEREH” * | ER | IR | R
T D; | 1 1 0 1
2: 2ANES Ps | 1 0 1 1

+ ° ‘.o ’. o
o0 o0 o v
- e o O

® R
o 0 2
P <2
2%
9
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<g> >Q§ > +/—

N\
NZS
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LS SR

»Logistic =) 3
»Softmax =) )2
T ES

b Z AT E AL

(AP Z W &5 RESF Y 15



; ,‘/\
,5%/}&:

Logistic Regression




Logistic Regression

@
1 if f(x;w)>0 @\\

gf(x;w)) = 0

( ) 0 if f(x;w)<0 @*2‘

g ()R % 3 £ w) )R & 5 ' w
(decision function) (discriminant function) :

AP W % 5REF I 17



» 5l NAE &P R g RTAM KR AR A S Ep(y = c|x),
» VL= 5 KA,

ply = 1|x) = g(f(x;w))

F K &R K
» g AR BMNEHKRE “FIET B T, 8, T KA

(AP Z W &5 RESF Y 18



—
@)
Q
(0))
—*
®)
\/
/\
><ﬁ
|l
Lo

B
)4}\

>L0glst10

& 7 logisitc, A H & &#f:R - (0,1)?

55 = 1 os
14 exp(—x) ’

»Logistic =) 3

p(y = 1|x) = o(w'x)
A 1
1 + exp(—w™x)




AL TR M SRR Fpg (V] x)

pe(y = 1|x) = a(w'x)

> A S FAF I F Dy (V] X)
P F AR YT, R E AR

pr(y — 1|x) = y*
pr(y — le) =1 _y*

Lo T4 2 Py S A 69 £ 50
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AR ERRER R EE (HEZE

VAT Bb T, W R R — AU E AR 0 R T

» {1z 8. (Self Information) I(x) = —log(p(x))

» I H(X) = Ex[I(x)]
= Ex[—log p(x)]
=— > p(x)log p(x)

XEX

VR AL, MK ZNE &R S,

P ARAK, M RALE 8943 AR

fRig— M BEY B X A =M EE(E x,, x,, X3, ARBER X SAB T

p(xy) p(x;) p(x3) i}
1 0 0 0
1 1 1 3
3 7 F 2 B2
1 1 1

FeXs) \#ﬁ q WS HATRAE, B H(g) 4235 X 00 T3 %
KE, XFHm 7 XA A %2 ( Entropy Encoding )

AP 2P 45 IR EF 3]



XX % ( Cross Entropy )

» 2SN A d BB T 89 AR G PR 3 B SR Ap ey AR Bt
17 A 69 K

H(p,q) = Ep[—logq(x)]

= — > p(x) logq(x)

PELE qOEFEILT, R phe q ABIETL, I SURF A
phu R p fo g ARIT, R AR K .

(AP Z W &5 RESF Y 22



KLEZUE ( Kullback-Leibler Divergence )

Y KLAK B A A P F - An q R LA BT i 2 AR, 8912 B & 2,
PKLAE 2 e B R 5 A0 Q8 AR AB 5T B 5% Apba 13 & 34T AT,
LR KA (97 SUR) Hp,q)fep sy e P34 % K B (Bpid)
H(p)z 1A &5 £ .

/
P KL(p,q) = H(p,q) — H(p)
= 300 log 25
— a

(AP Z W &5 RESF Y 23



KLEUE =32 X }ig-E L0 AN

1
pr(ylx)
Dy (b, Y1) IPg (7120) = ) 1y (y1x) log - Ut A

= pe (y|x)

1
o —z p-(y1x) log pg (¥1x) EPSCEIES
y=0
y* AXE B AR A = —1(y" = Dlogpge(y = 1|x) — I(y" = 0)logpy(y = 0]x)

= —y*logpe(y = 1|x) — (1 —y*) logpg(y = 0]x)

= —logpe(y*lx) A xFHMA

AP W % 5REF I 24



b S SUIE AR KB 2, AR R AR DI 2k Sk 6 R 3R 21

R(w) = %i (y( ) log ( (wTx( ))) + (1 —yD)log (1 — o(wTx ))))

AP W % 5REF I 25



a(a(x))

=== 0()(1 — 0(x))

R(w) = —% ﬁ: (y(i) log (a(wa(i))) + (1 — yD)log (1 - U(WTx(i)))) :

N n n A (7 ~(n
OR(w) _ _ & Z y(n) y( )(1 - y( ))x(n) fl— y(n))y( L)(l - y( ))X(n)
ow N g 1—gm

™ (1 = g™)x™ _ (1 — y<n>)g<n)x(n>>

AV Z WL G EES T 26



Logistic[a]|)3

1.5 %
1
=050 =29
= (0.5

w=10,b=15
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LOgiStiC A UElﬂ:I:ZTj_%?EgE http://speech.ee.ntu.edu.tw/~tlkagk/courses_ML17.html

Step 1: fW’b(X) =0 (Z w;x; + b)

Step 2: Training data: (x™,y™), y™: 1 for class 1, O for class 2
1 n n\2
LA =5 (@™ —y™)
n

Step 3: B B Ofwp(x) 0z
) fup()myy? — Uwe () =Y) =R o

Wi = 2(fup (0 = ¥)fuo @) (1~ fins (@) x

y'=1 Iff,,,(x™) =1 (close to target) - dL/ow; =0

If fip(x™) = 0 (far from target)» dL/ow; =0

(AP Z W &5 RESF Y 28



LOgiStiC A UElﬂ:I:ZTj_%?EgE http://speech.ee.ntu.edu.tw/~tlkagk/courses_ML17.html

Step 1: fW’b(X) =0 (Z w;x; + b)

Step 2: Training data: (x™,y™), y™: 1 for class 1, O for class 2
1 n )2
LA =5 (fun@™ = ™)
n

Step 3: B B Ofwp(x) 0z
) fup()myy? — Uwe () =Y) =R o

Wi = 2(fup (0 = ¥)fuo @) (1~ fins (@) x

y*=0 |f fwp(x™) =1 (far from target)- dL/ow; =0

If fip(x™) = 0 (close to target) » dL/ow; =0

AP W % 5REF I 29



http://jmlir.org/proceedings/papers/v9
/glorot10a/glorot10a.pdf
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w1 f3
f

w3
(2))

f2
(a) “—xHAKR” (b) “—xt—" F (c) “argmax” J53{

“argmaz” 7 X: X — MR “—XHR” T7 KFECAHIH R EL
fe(x;we) = wix + b, c=1[1,---,C] (3.10)

INRAFAELRT e, 3T B AR A &(¢ # c) FBWAL fo(x;we) > fa(x, W),
MaxgTIilc. Bl

Y= arg?nax folsu, ). (3.11)

c=1
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Softmax[5]|)3

C
y = argmax f.(x;w,)
c=1

»Softmax % %%

—— 1.9 0.46
softmax(zy) = = : 0.9 Softmax+—»| 0.34
22:1 eXp(:Uz) 0.4 0.20



Softmax[a]l|3

»F] JFsoftmax & L, B ARERYy =y S EA:

P(y = c|x) = softmax(w x) SOFTMRX

lo _;O~:l’

: T 4
exp(w, X) >/ Lo sigye Zon |po2

— C : ze
S, exp(w] x) Logits: \ ’ |
i=1 EXP(W; Losrs ol - palt

S PROBABILITIES

\> SCORE S
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X EHRR

C
pr(ylx)
Dia(pr (Y10 1pg (712)) = ) pr (1) o

k(Pr (V1)1 |pe (y y=1pr y 8 (1)

Cc

= pr (1) logpp (y1) e ST E TN
y=1
Y AXE B R AT A = —logpe(¥*|x) % AT K

AP W % 5REF I 34



2HF

p AL A . Softmax e )
P S AN R

N
1 T ~n
R(W) :_NE (y"™)" log g™

’{7@ ’fJC . jﬁg }gi ] ]5‘1}
( ) 1 EN n n ST t
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#7 y = softmax(z), Nl

[
oz

y = softmax(z)
. exp(z)
-1 €xp(z))

Oyi _  exp(z) exp(z;)°
aZi Z?:l eXp (Z]) Z?:l eXp (Zj)z

=yi(1—y;)

dy; exp(zj) exp(z;) B B )
az, y'C ( )2 = Vi) y1(1—=y1) —V1Ye
j=1 €xp Zj yl(l - yl)
—YecV1 e ye(1—yc)

AV Z WL G EES T 36



XX MR EREL

» AT HAL AR IR kK HK

L(y, f(x,9)) Zyclogfc x, )

>Xd_'§-"‘ | :‘;]—Cé?\ ‘;179@7 ;7_:()3"]75[09091]) Tﬁ/ﬂ‘ #%'?75
[0.3,0.3,0.4], 0

L(0) = —(0 x log(0.3) + 0 x log(0.3) + 1 x log(0.4))
= — log(0.4).



C
- z pr(y1x) logpe (¥[x)

y=1

# 2=
A 24 &, (Y] X) TR L 89 5 2T H—log pe (¥]X)

0123456789 Class, | s >
'0123456789 Class, i

o - -
A - - v
. - ™ - \ 4
~ - o - gt e
~ ~ " . - o
5 - - - = =
-~ w - g
5 e - - =2
~ N -
- - ~ =" o
~ - - - ai
-~ -~ - 2™ = -
e - e -
- - - =~ -

GGE BB G5 EESS]
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AVING told you about the giant
digital computer known as
nd how it has been taught to play

a fairly creditable game of chess, we’d
like to tell you about an even more

ychosoricat gf“l’{:;% rvn'mrkah]c_ machine, the perceptron,
which, as its name implies, is capable

THE PERCEPTRON: A PROBABILISTIC MODEL FOR of what amounts to original thnug!lt.
INFORMATION STORAGE AND ORGANIZATION The first perceptron has yet to be built,

IN THE BRAIN'!

F. ROSENBLATT
Cornell Aeronautical Laboratory

The New Yorker, December 6, 1958 P. 44
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PN E AT B TAT A BIIE, B G EMYAr Z A E SR, Ao
T (Rfk) - BE (R4L) AEERHHK (wiik) |, #rd A+l -1,

®
. “g@
e F1 Hw™x >0 @u'1 +1/-1
1 %wTx <0 ~2 @ Do
: ,WW‘K T PR A
e
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y —FP AR IR IR A 1R KT 3] ik
P MBI — NI EGEW < 0 (BT ALZL2EE
EE R 5E— M R(x, y) B, Bp

ywlx <0

bejg

» Rl iXANFE R R £ 3T E

w<—w+)yx

PARYE R s 35 0 5 3] SRwE, FT VA BLAR ) Bedm 2589 3 Kk L)

L(wax’ }’) = maX(O’ _wax)
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RIS F ST R

BH: 31 PMABRASNSREIEE
i IGRER D = (™, y )L BRI T
1 Wk wy « 0,k — 0,1 < 0;

2 repeat

3 XZRE D FRIFEAFENHEE;
4 forn=1---Ndo
5 EE—MEEA (x| y(M);
if W (Y x® T /\éﬁ-
6 w;, " x") <0 then 1N T7) 3]
7 Wi < W + yPx;
8 k—<k+1; o o
, R st rbLogistic= )2 9 & 37 7 X,
N
10 t<t+1; 1
e ) (n) _ (W
1 if t = T then break; /] EBIRARIERIREL i M CCN le (y Y, )
n=
12 end

13 until ¢t = T;

ﬁﬁtﬂ:wk

AP W % 5REF I 43



NI EFIIFE

chl
Sir
a7
i

0.5

-0.5

0.5

-0.5
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RES AR

> T~ T
P TNREARE B Zm 3309 240 A8 STAR RAGIM 5 b AR de R SR 4R
AR 4, KT EL
s &ein

K

> BT 3 B B 9 =sgn (7 Y, ci(wpx))
k=1

Y3
»RAeE R T =5 KA

Yid&cin

y =argmaxw’¢(x,y),
y<Gen(x)
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YA EAH ( Support Vector Machine , SVM )

SRR EALE B FRE S — N (w*, b*) 15 y &K, J

X2

o

M (w™x(M™ + p
st, LW XTHD) . e, N}
||w]|

max L
w,b [|w]|2
//@\5'”

S.t. y(”)(wa(”) +b)>1,Vne{l,---,N}
HAESE D EP!:/\ﬁZIKx(”) 2| EFEFHEAEEE N .

[|w™x (™ +b|| _ yW(wx™ + b)
||wl| ||wl| '

Y =
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SZFF A EHHIS0H

V3

phe R 4 R R LK 4, KRR E

T &

P AR 2 RS min %IIwII2+C§)§n

s.t. 1 — y™M(wx™ +b)-§, <0, Yn e{l,---,N}
&, >0, Yn e {l,---,N}

b KR A4S AR = ) B B 5 4

f(x) = sgn(w* 'x + b*) f(x) = sgn(w* $(x) + b*) Y % %
N
= sgn (Z 2 y™(xMyx 4+ b*) : |:> = sgn (Z Ly Mk(x™, x)[+ b') :
n=1 n=1

AP L5 EF 3] 47



¢/ ‘l,)l‘
e
i




LAY TR BRI 2 R BREL eATT %

£ m e : (y —w'x)? B/ N3 M RRE
Logistic [A]/ o(w'x) ylogo(w™x) FREE TR

Softmax [F])9  softmax(WTx) ylogsoftmax(W'x) & &

RIS sgn(w'x) max(0, —yw'x) eI
A=A sgn(w’x) max(0,1 — yw'x) —IRFI . SMO
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MRS REBOTIEY

N T HEBGX e RR R AL, BRATG — € LMy € {+1,-1}, FEX
f(x;w) = WX + bo IXFEXTTRER (x,y), % yf(x; w) > 0, WS IE/, A5
O REE R IXFEN T 7 8 PR Ee A A, FRATT ] LI BEATHI 40 K R 2 #R R IR N e

XAEyf(x;w) _ERIERE
\ L
[ e
ok ; _ e
o hinge B | ! Lrr =log(1+exp(—yf(x;w)))
o & V| = sk |
N || ek | Lhinge = max (0,1 - yf(x; w))
.\‘ y - - 01 i ’I
\. \'\ ‘I
N % 42 : L, = max (0, —y f(x; w))
% LY i
y - \\ : )
__________ \;\_'1"_‘"“ H Lsquared = (1 —yf(x; W))
\\ ,I
\';x\. 7
3 2 1 o 1 2 3
yf(xw)
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1 @ (11

AND OR *, XOR
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http://playground.tensorflow.org

X2
> ~ )
T AL 3 3F & T 5 A
S {e] 2 S ERR?
XX,
v
sin(X )
I Colors shows —
X data, neuron and 1
sin(. 2) weight values. it g 5
[ Show test data Discretize output
~
1
|
2
2
el |
2
«~ il
@
. B ]
sin(X )
- Colors shows
X data, neuron and !
sin( ) | weight values. A 2 :

[0 show test data Discretize output
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