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e 1963 4, Vapnik {EMF BRI ) N $& T SRR ) &7, XAy
EMNZREE IR — AR IE T2, AT RHIE 1 S IR 53 554 T 0 4
MR IRI I3, IR HRHE T SR APR Ry S )

H(Support Vector, SV).

e 1971 4, Kimeldorf i A% FH 1t ANSE LY T B3 SV AL 5 1], it
P T o L MEANT] 43 ) i

e 1990 4, Grace, Boser F1 Vapnik % NITaa %} 32 10 EALHEAT ST o

e 1995 4, Cortes M Vapnik Jx{rAt. { Machine Leranming) i1 I
ff] “Support — vector networks” — X kpi5# SVM FGEA:

o SVM 5 kitsi#il, #2 Hiij, 7£ Google Scholar F47#42,210,000%%
KT-Support Vector Machine%t .
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\/,"'/‘v &{(Xi,}/i), i:]-a"'anv X,'ERd, yi€
P {£1}}, FHREBACHILANE > KR EL

TP, B2 F(x) <O [F) U0

gLy - f(x) 21, i=1,---,n.
HOREA 250 T30 Ay sgn( £ (x)) -

o MG y-f(x) FEABIEHIZNE HA  y - f(x) >0

o JLfrTa]f: H%” BT (x) = 12 (7] 1) A) B
2
maxX ———
wob o[ w]

st yi-(W'xj+b)=1, i=1,-,n.
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1,
min s lwl
sit. yi-(w'xj+b)>1, i=1,---,n

X JE RN, Ak ) . Lagrange Xl R

1 n
L(w,b,a) = 5 [wi> =Y ai(yi-(wx;+b)—1)
=

HIME PR Je KKT 54, 43X 87 ( Dual Problem)y

n 1 n n
max Y =5 3 ) iegyiyxi x;
=1 i=1j=1
n (2)
s.t. Za,-y,-:O; o >0, i=1,---,n.
i=1
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KKT 45AF K iy o

Xf Lagrange i HL(w, b, o) AL B R, RT3 KKT 4541

a]Id(w7b’a) . 1 . — _ d . — .
T_W_,;aly’XI_O:W_,;aIyIXI (TR )
JL(w,b,ax)
) 5 =0 § a0
AMAB SR A OC,(}/, (W Xr}-b)—l): , i=1,---.n

o HFIME: {i: o >0} MIFEA S A7 T 1AIB% (Margin) I
o Rt AXHKAS > E 53 SR ) B REAS S

o EHEME: XS AR SRR ) EE U REA AN EUR
o ZALRE S o WK AL 7 2RI S I RE
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SVM  EENE

YLILES R
HE P I, R VRIE IR &
Jine g IwlB + CYe ‘)

vi-wix; +b)>1-§&; &>0, i=1,--,n
H:Lagrange i B £ A -

>0, AR Ky

s.t.
C 2 V- 1) b e R St R ) 2 4
Zai(yi (W X,+b _1+£ Zﬁlél

1
L(W,b,&,,@) = E H w ||2 -
i=1

LSO [ A -
n 1 n n
E:CW_YEZ:E:CZQDQWX Xj
(4)

i=1j=1

=

n
st. Y oy;=0; 0<@;<C,
i=1

i=1,--,n
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SVM  EENE

KKT ZAF L o
Xf Lagrange bR AL (w, b, o) AL FE I R [RIFE 1T 43 KK T 4544

n n
w=Y ayxi, Y oyi=0, a+p=C
i=1 i=1

HAMA AT

oi(yi-(WTxi+b)—1+&)=0, Bi&=0, i=1,--,n.

o o; =00, Bi=C, &=0,y-(wxi+b)>1
[HIFE AN, 73 2RIEH, Tohaih

o 0<a<C i, Bi=C—0a;>0, 5;20, y,-~(WTXi—|—b):1
[IBG b, 2R, SCREmR R (SV), Jofash

0 aj=CI, B;=0, >0,y -(Wx+b)=1-§<1
RGP, 2Rl s es, SCRFmE(SV), WTREH fah
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SVM  EENE

8 (1)

FESE B 6, Bl SR AR R AL, 2 S5 1 i 5K A Bk
fio U

BLPEA R 3, SVM IR HUGIE S AR LB ¢ K52 W 21284
P AR 2 ), RIS ) e 3 s I 23 S 1T
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SVM  EENE

5 (2)

Boo: X—F EMA X BIBRAMRAEAS 0] F AT, vy kgt

B AW

© M —AAFLEIEMS ¢ A BB — MR F
Q {2 SIS F(x) =wT o(x)+b
SH 5 i R X

n 1
max Y ai—5 Y Y eiagyiy;o(xi)T 9(x))
i=1

i=1j=1
st. Y ay=0 0<0o<C, i=1--,n
i=1
FRAE 18 ) B 2R BT F(x) = X o4yio (%) T 0 (%) + b
=1

¢ BREUGIN, AR R T A I/E\ o(u)To(v), BIAT AT Bt
it (w.b)e F5 x(u,v)=(u)To(v) Jotzed %
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SVM BENE

55 (3)

FESERRIN Y, A S 30 AU TR A REIE R WAL B 8. FH %
BRECH

o LM EE: x(u,v)=uTv

o ZIAHEE: «(u,v)=(u"v+y)

°%%ﬁ&ﬁ:dmm:a%f%%%

o Sigmoidi%i%: K(u,v)=tanh(yuTv+c); tanh(x) = &=
?351 G = (K(X;,Xj))nxn j‘j K E,:J Gram %E[Ziﬁ, UI'J G ygi*éIEIHE%EIZiEo
20 TR I R R BR AL AZ BRI A
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SVM  EENE

g —HESE
P53 23 HF 1) SEHLIR) IE W4 ( Regularization) HE4E

1y
min ;’_:ZIL (i, F(xi))+AJ(F) (+)
BT NRIE R BUR, Ly, £)NHRRE, J(F) R IENIH, A0 HEESA. 26
—HB o RN SRR 22, 2R RORE L, S8 B D IR IR, A SR
WA, WA AU S . SEAHI P .

2 {0 SYMAR AL IR (3) 722 %

I .
min > || w |2 +CI;1[1—y,-f(x,)]+

Ly, f)=[1—y-fly £max(0,1—y-f), J(F)=| w3, C =54
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SVM  EENE

LAPNE

B L4 5k B BT e
’ \  peeemontes
@ 0—1loss: L(y, f)=1{y#f} . \\ "
— Squared hinge loss
° hinge /oss . L(y7 f) _ [1 —y . f]+ 5| \\ Modified huber loss

@ square hinge loss: L(y, f)=[1—y- f]ﬁ_
@ log loss:  L(y, f)=log[l+exp(—y-f)] ’ .

@ exponential loss:  L(y, f)=-exp(—y-f) T N

@ LUM loss(Liu et.al 2012): a>0, c>0

1 a 2 c
m(m) y-f> e

(s}

MR 0— 1 SRR B AR, AR A, S S RAR .

SRR LS IR S

January 9, 2015
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SVM  EENE

LR R B

d
@ square penlty:  J(f)=|w|3= ¥ w?
i=1
d
@ 1—norm penlaty:  J(f)=|lw]i= ¥ |w]
i=1

d
@ Lg penalty: J(f)=|wli= _Zl|Wi|q7 q>0
i=

@ elastic net penalty:  J(f)=21 | w1 +A2|[w|3, A1, 22=0
@ SCAD penalty :

A10] 6] <A,
SCAD; (6) = 7% A<|0<A,
. 101> 2.

d
J(f) =Y SCAD;,(w))
i=1

SRR LS IR S

January 9, 2015
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SVM BENE

L; SVM

) 7‘[‘1:]“ ( )‘:F‘ JEH L1 i wﬁ%’?ﬁﬂ%ﬁ’] L2 i
o Ly Ty T IRAF AR, 35 F T s 4k 1) &
o Ly SVM 1 AR ETE AN

e vl eLe

i=1
s.t. _y,-~(w b)}]_ 5” i:]_’...’n;
§i>07 :17

o ALt w 24T d MEF.
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SVM  EENE

EPESCRF ) AL

Robust Support Vector Machine, Wu and Liu, 2007
o hinge loss JETCHHIN; W S AL RBUR (B 4n - &5 73 AR AR)
o WHFIME: y;-(wlx;+b)<1
o HINHEAR: yi-(wTx;+b) <0
o VHERIFLL “IR” 1) SV AR
o Wi %L BT hinge loss

1-s y-f <s,
Is(y, f)=S1-y-f s<y-f<l,
0 y-f>1.
s < O S 4.
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SVM  EENE

& N ISR 1) AL

Adaptively Weighted Support Vector Machine, Wu and Liu, 2013
o WIZMEA SIBERIH vi >0, i=1, -, n

FEAT (I ) 70 RIS AL K (7))

Iy R FHIREA S HIALEE A

e 22 308 EURCER v e A

i) {8

1 ) n
il C . E.
Jmin 5wz + i:§1v, &i

sit. yi-(Wixj+b)=1-&, i=1,-n
§i>07 izla"')”'
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SVM  EENE

AR BB S 1) R L

Cost — Sensitive Support Vector Machines
o NP FEA S A AFAEZE 5, AT AWS VMR
o N H] TP Hicah AL B
o [HE LR N

1 n n
min S lwl + G Y &+C 3
w, b & 2 i ;;1 : i y,-szl ’

s.t. y,-‘(wai—i-b)?l—éi, i=1-m
&=>0, i=1,---,n.

Cy, C R IET PRI 30T
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SVM i

=

k (k > 3) 530l

o A Z A5 J545 (Multiple Binary)
o — X4 (One Versus Rest)
K28 1 FAEIESE, MR E, 198 — 0 268% f, R&4SE] kA
CrRAR. BTHEAR x el iR E, A AAE A +1 B, W
FIW AN, AN A +1, BB M +1, W
P fi(x), i=1,---,n, B KE R DA DB 2R .
o X (One Versus One)
I BIER 0, j(i < j) FIREARIIGRATR] 3% £, AT
B DA AR FTREA x A, A AN I
“Beb—Z27 Baknt AR R 3] .
o [AIINf k 432845 (All together)
F3t B F(x) = (A, fu(x)) FERIRIT k 42K, xt ikt

A x FONRTIA §=a gmax fi(x)o
J: [
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SVM i

IEJUHESR

min 1 Zn: L (F(x;), yi)+AJ(F)

a
feZ n =1

()

W F ORIk BOR, L Ok e AL, J(F) J9IEIE, A YRS ChHER

TUARRIELE, W H TR F INLLZIRER, £(x) = 0.
R EZPNTEEE]
o Naive hinge loss:  [1—f,(x)]+
Vapnik, 1998 : Y., [1—(f,(x)—f;(x))]+
o Crammer et al., 2001:  [1—min;(f,(x)—fj(x))]+
o Lee et al., 2004: Y. [1+f(x)]+
o Liu et al., 2011:

Nk=1) = £+ +(1-7) ;[1 +i(¥)+, vel0.1]
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SVM i

BE5R 22 3 R SCRF 1) AL

Reinforced Multicategory Support Vector Machine, Liu and Yuan(2011)

o [ B A i
min S Y1 (f(x;). i)+ AJ(F)

o
fes n! 1

. 9)
sit. ) fi(x)=0.
j=1

o #K: Y(k—1)—f,()]+ +(1 =1 Ljny [ +f(X)]+, v€[0,1]
o “KUZIKz)”

o iRt fi(x)=k-1, j=y

o WML f(x)=—1, j £y
o AN IE M AT, Axifide Tt
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S i
BT I 293 SRR &AL

Angle —

basged Multicategory Support Vector Machine, Zhang and Liu(2014)
o it RA-1 FrpuL R RS IR IE K THIAA, k ANTH A5 21 J5 5 B 25 0 1
o KA (x,-, yi) LR RIS B W, i=1, -, n
o LI < £, (x), W, > FRAEIZ b [H] B (functional margin)

o Yy Z < fi(x),W; >=0 AL
=1
o BN

frreug ;ZI (< f(x;), Wy, >)+AJ(f) (10)

o P ISTRFIR LA WA I B
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SVM i

BLF A1 BE R 22 0 2 e L P

(a) Classification regions for k =3

0-5 —
s :
‘Z
51
£ 00—
3
=]
=
P
£ ,
& 05+ <

4
’
’
’ 2
-1.0 \ | |
-1-0 -0-5 0-0 0-5
Projected dimension 1
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SVM ARG

TS

LibSVM (C+-+):
R(el071 package):
SVMLight(C)
Matlab SVM toolbox
o Torch (C++)

o Weka (Java)
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SVM ARG

th ot

VARR=u |

o SVM Je— Rk HI A s 73 Ik, M HIVEH) ™
o HRIHIRE ) AL

o AbBHARLNE [ 1A% 5 Ty

o ¥ SVM IENIHES BTy ik

o SVM I LARIR K HHe Bk ik
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HARSH

Deep Learning

20124E6 H, (AIZHHR) $#8 T Google Brainii H, W5 T ARKIT 72
Kt o XA H H AR K22 2% Andrew Ng R ST 5 5K Jeff
Deanit[d] 3%, H160004CPU Corelf 31T TG MNZ—FFx A “iE
FERRZ 25”7 (Deep Neural Networks) FIHLAS 2% S BERY py 5HA10124
AR A R GRS RS T BRI ) .
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HARSH

20124F11 H, PRAE A FEOREE R — s 3l A TR 17— D4 A3 H]
PAEVERSE. o M SCHE I R R AR B /EDNN .

201311, HEF s b, CEOFE R EANE AL | e T, s
NSRS CIRPE2EIESTHT” (IDL, Institue of Deep
Learning) o
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DL [Egiehet]

f£ 45 f]Machine Learning

Machine LearningZE A i 42 :

Inference:
Low Igvel B Pre. % Feature e Featuye Y prediction,
sensing processing extract. selection =2

recognition

o fJa — M N AR 2] R 2>

o MAI=HBsy, MEFTA R &R IE &I (HSEBr b — A 2 FE N o2
HURAIE)

o Deep Learningfift sl A2ENZ 5 L

#) sgzhang@ucas.ac.c T LS R AR ) January 9, 2015 30 / 85



HEAH
Neural Network ] & &

o YREZEIRE — — 20t 280 AR W], HT- N T 45 11 ) In) 4%
#5515 (Back Propagation®ii), it T2 T4 vy i pLas 2% > 4
Tl
201H20904FAX, Rl & FE (VR E ML 27 I BBk g g s
P EHL(SVM). Boosting. e KA 7155

o YRBLY IR ——2006%, MEKZAEE KEHI Geoffrey
Hinton Fth 1) 2% 2 4F (Sciences) R ZFz T ks &, JTFiA TIRE
S S HEZEAR TR TV SR
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HEAE
Deep Learning

o L. MU NINEEAT 73 Mrag 22 2%, R IR I HL SR
R, BIanE R, RO

o HJZ A TR ERVEAE TAT RAEACKITH S A TG B0 1 X B 2% e A
RIRREIATIR, X R0 IA BUHZALRE 32 31— e 120

o WRSESA SR A ) — PR R AR M g £ K, SR R R BRI
RALEABIG AT RS, IFRIL T NDEREA S 2 2] Bl A
AL A fE
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AL LA
N A AL ER

o 1981 ‘F ik NUREE 2%, Wik 4 T David Hubelf1Torsten Wiesel LA
J Roger Sperry. R WAL T L oTRk 2 I T 00 R A5 B AL
P IR R AR R

e David Hubelfl1Torsten Wiesel &I T —F x4 “J7 i FetE 4l
Jf2(Orientation Selective Cell)” HJFHZTTAINE. Sl AL T I AT
PRI %%, T HOX AN SR W 5N T ), 3R 48 o 41 ff gl
LK

o MRZE-TPAK- RN ) CAEILRY,  sVFR — D AWREAC. AWl g i

o
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BB

Categorical judgments,

decision making

Simple visual forms

edges, cormners

sgzhangQucas.ac.cr

T LS R AR )

DA
January 9, 2015
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AL L

object models

Area V4

object parts
(combination
of edges)

Area V1

Retina

edges

) sgzhang@ucas.ac.c T LS R AR ) January 9, 2015 35 /85



AR

o MR SHATITL (AL AR 5 Pixels)

o HAHMAIPALEL Rl B JZ 2 Lo A Mo A LI G A0 5 1))

o MJEH% CRMNFIE, HHTIHIAR IR

o WJEHE— W% CRMNEE— D HE iz WD

o REEAETHZAIEN . WEME ST, MURGImS, ZHi =g
GBI

o MIRJZE 2 M JZ FRF IR s O 5, ORI RER DL S i =
Bl TSR TG, AR T REST i
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Deep Leaming i
Deep LearningZ A it #

o MG RZRF LI I B (1 i JZ AR JE Ik, LA IO ) A 3K
RHIER R

o MEBZAR, SHINANGE SHAT I HRIET -

o UM ETBL “RAEF” HI

i = (R #) sgzhang@ucas.ac.c LRE NSRS Y] January 9, 2015 37 /85



22y Leniilice =
Deep Learning il i 2

o AR ETHEME2%>] (feature learningid ) : X— ] IHEAF L —
AT E NG RE, DO TAE Gt 48 I 28 W E R H LT 46 4k

o HUM FMIEE2%>] (fine-tune) :
X imﬁﬁﬁﬁ%jﬁ(ﬁﬁﬁéjiﬁiﬁﬁﬁﬁﬂﬂi LE 5 TR Gt J2 %
In—N s, T E I T AR S R I IR 2 ), RIRRE B R Bk

ZOR AN M2 S5

LRE NSRS Y] January 9, 2015 38 /85
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Resallealbilie e Pl P
Deep Learning5 BPAHIZE X 45 [X_ 53]

o HIAHIFITE T Deep Learning R T #H&E 28 ARALLI) 43 2 4544, &
ZHUFEMAZ. BE (22 R4 2 )24, JAaH
AR s A G, R — 2 DA s 0 s 2 (WA B4 X Fh
Dot Ak S UWNE YN NS A

o AN[FFET BPHIEZ M 26 K HI R FLIE AR Sk M 25384 M 45, BEL
BOEWME, TR RIZ g, SRS AR 24 i A label Z 7] 1)
FERUBCRTH A ZSH, HEMS GRS — MR TR
MDeep Learning #E4A I J&—Mayer-wise (732015 HIIIZRHL
il o
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DJB Deep Learning 5 /2 L7 > X il

WdE
f— RE
hyy(x)
Layer Ly
+1
BWAR
Layer L Layer L, BETRENREEINE
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Deep Learning 5% JZHL %25 > X 5l
BPSLIRAFAE ) 0]

o B VRELN & (Gradient Diffusion) : 2B, A%3H 1K)
R ZE R IEAT 5 R /)N 5

o Jrl S B ARL I 5 WAL SR ) JRh R B ML e UL S MG (28 B AR X S T 4 1)
I BENUERIIGE S S EBOX R R A

o R HAEFI AW RIBIE I LR, AH KB B B bR 2510
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Deep Learning 5% JZHL %25 > X 5l
Deep Learning 4L

o ZRIRIMN T M L BATI A IRFE S BT, 22 A5 RIS AL
ﬁﬁ%ﬁﬁ%ﬂu,ﬂ%AF%ﬁﬁ\ﬁﬁﬁ AR ey

7<

KRB M AR 25 B RIERE, w] LU L“LF@%%”
(layer-wise pre-training) KA R EMR, B)JZHI UG G s B2
TSI o
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YR )7 i () Deep Neural Network

Sparse Auto-Encoder

hyyp(x)

Layer L, Layer Ly

LayerL,

sgzhang@ucas.ac.c SRR EALS IR

January 9, 2015
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i el oEe e G

o Auto-Encoderf&—Fp LM B 2 2 Hvk, CAEH T BPAL#ESE L, ikH

FEZETHIANE hw p(x) =~ xo
o TEREIEZ INSparsity ¥ PR il >k I A A Bt Hh iR 454
e 5| ASparsityZ#(p = 0.05, ffif5

1 N
=y L 1o~

Horp gy B 2T R OE B, a Ba S 551 AR
o HARSZHNJEAE ) Auto-Encoder BP9 Jin 4 i 1l

J
Esparse(Wab) = E(W7b)+B ’ Z KL(pHﬁj)

Jj=1
Hrp
J 1—
p
Y KL(plip) = Zplog 5.+ (1-p)log 1~
gk = (v .*#) sgzhang@ucas.ac.c LRE NSRS Y] January 9, 2015
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JUff#ZHIDeep Neural Network
Stacked Auto-Encoder

o MRIRHI ANEHEAE AN, F]Hsparse autoencoder /7 vkl Zk i 58—
MR RGP S5, 153 S5 LR N IR — R a2 7 A (6)

Input Features | Output
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i el oEe e G

o 8 L— MM/ NN —E5N, FEF|Hsparse autoencoder J7 % 1)l|
SR A R B HL 2 2] e A()K)

Input Features Il Qutput
(Features 1)
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YR )7 i () Deep Neural Network

o B T ATERIEAE A 2 e softmax BN, A R A B AR 2K
Y&k Hisoftmax 7 RS IS, M — B & AN B Z A —
Mg Zsoftmax 7 23 2% |2 1) Stacked Auto-Encoder 4%

> Py=0]x
—> Ply=1]x)

—>Ply=21x

@@@9

Input Softmax
(Features Il)  classifier
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o 1IH & ltStacked Auto-Encoder 34 45 )5 2R R 2L, LS HEAS
IR 28 % BN S ET I T pR B

—>P(y=0|x)
—3> Ply=1]x)

—> Ply=2x)

Input Features | Features || Softmax
classifier
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o U HIARAE R BPHIEXS M 45 BUE#EAT Fine turning

Back Propagation

Wi wa we wau
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M HZ45 (Benchmarks)

basic: subset of MNIST digits. (10 000 training samples) |

X5[vIC

rot: applied random rotation (angle
between 0 and 27 radians)

bg-rand: background made of ran-
dom pixels (value in 0. . . 255)

bg-img: background is random patch
from one of 20 images

rot-bg-img: combination of rotation
and background image

rect: discriminate between tall and
wide rectangles.

rect-img: same but rectangles are
random image patches

convex: discriminate between convex n!nn
and non-convex shapes. [y A
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DR 22 L

Problem SVM,;; DBN-1 DBN-3 SAA-3 SdA-3 (1) SVM,¢(v)
basic 3.032015 3.94:017 3.11:a1s 3.46:016 2.80z014 (10%) 3.07 (10%)
rot 11112028 14.691031 10.302027 10.302027 10.292027 (10%) 11.62 (10%)

bg-rand 14.58:031 9.80:026 6.73z022 11.28:028 10.38027 (40%) 15.63 (25%)
bg-img 22,6103 16.152032 16.31z032 23.00:037 16.68+033 (25%) 23.15 (25%)
rot-bg-img 55.18+044 52.21+04¢ 47.39:044 51.93:04¢ 44.49:+044 (25%) 54.16 (10%)
rect 21503 4.71:019 2.60:014 2411013 1.99:012 (10%) 2.45 (25%)
rect-img  24.04z0: 23.69:03 22.50:037 24.05:03 21.59:036 (25%) 23.00 (10%)

convex 19.13+034 19.92+035 18.63:034 18.41103¢ 19.06+034 (10%) 24.20 (10%)
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Restricted Boltzmann Machine, RBM

o ZPRBYIR 2% 2 HL(TIFKXRBM) & HH Hinton Fl1Sejnowski 119864 4 H 1)
— P A U AL 22 I 2% (generative stochastic neural network)

e RBM H—Y&visible units( Bl £+ A) Fl—2%Lhidden unitsfs)
., visible unitsflhidden units#fi & —Jt 4w, REHARZSH{0,1}

o WAL IE—A~ 3, HAvisible unitsflhidden un|tsZ|EﬂZL/\73_C
1Ei21, visible units Z |8 LA K hidden units [AJER AN 10352
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hidden variables

Bipartite
Structure

Image  visible variables

BT REFIRBM &4 9 visible units (148> & v ) F13/~hidden units
(K —A & h), WiIE—A9 x 3HIHIE, FoRvisible unitsfiThidden
unitsZ ) 32 FRAS R
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RBMIK)%% 2] HA5- 1 KAGALSR (Maximizing likelihood)

RBM & —Ff It T it 2 (Energy-based ) (P4 Y, L w] WL AR & v i A%
0K AL E (joint configuration) [ RE A «

E(v,h;0)=— ZVVUV, va, ZaJ

HA0ERBMIZE{ W, a, b}, W Avisible unitsFlhidden unitsZ [H] )il
E’Jﬂﬁ bfa%) %Ujjvmble units Flhidden units[f1ff £ (bias).
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AT VAR BT CR IR RERE 2 5, LISV A AR 2 DA
P9(V7h) = Z;@)eXp( (V h; 9 HeWuVlh Heb V,Heaj

= hz:exp(—E(v, h; 6))

HpZ(0)2 7 ¥, WA MHELS %L (partition function).
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FpERL:

Po(V,H) = exp(VITWH+a"H+b"V)

Z(6)

LIBHE IR R ELP(v), P(v) AT BB BUR P (v, b hoRiL 2o At
2

1
Po(v) = mZexp[vTWh—l—aTh—i—bTv]
h

WRAP(v), AR R FAR AT HORM IR L(0) = log(P(v)), KfF
FIRBM¥IZ 4.

1 N
L(8) = 4 X log Po(v(")
n=1
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Tk BEHUER ST B (stochastic gradient descent) KA AKALL(0), B 5655
KL(OYH W FHL:

aLe) _ 1 9 (T To T ()

aw, Nrglamjlog zh:exp[v Wh+a'h+b" vi"]
_aVVij log Z(0)

’Hﬁﬁ:/gf = EPdata[thj] - EPg[Vihj] == EPdata[thj] — Z V,'hJ'PQ(V, h)

v,h

b CHT I B, T EOR v b e R AR BRI
i  K Blv, hIASRVIHR Fral &, PHERARR K, A ikHintondi
i T Contrastive Divergencelf12% 3] J5 i (A i L& —FMCMCIT k).
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JLF S i Deep Neural Network
RBMI{2# 2] J51%-CD(Contrastive Divergence, X LLH{%1)

P(h|v)

hOO OO
OOO OOO

Data Reconstructed Data

P(v|h)

R Ed vk AR B PRAES, AR I hok B (Reconstruct) 1] DL [r)
v, ARJE FEAR SR vk AL BT K BRGE F) B hL (GibbsHliFE) . R RBM [
FPRai M (N Gk, ERAAER), U Eg g v, &R

TCh IRORIRAS Z B2 AR BN, |2, fE4Eh I, &R WLHIT
I IRAS vt A BT, T4 3
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FFEI A

P(hv) = ]‘[th — 1) = 1

1+exp(—X; Wjvi — )

1
1+exp(—Y,; Wjjh; — b;)

P(v|h) = HP vih)P(v; =1]h) =

TR AR T AL T v PR ) AR P (v, M) I ORI, 2 A
B FEARLES T LB MOE RS P (v, h) I — Rl (A3 8ME T 51T v]
7o
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JUFit L) Deep Neural Network
RBM FAEE 1) 2 > 8504

T
w
Z ERCHENT
Fine Turning W ‘hidden variables ‘
wl ‘hidden variables |

prior

‘ hidden variables |
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I DeepINenraliNetwork
J% FH 24451 (MNIS T :2-layer BM)

SRR - /O 2 7 C
! 3396\ 98

(500 units ) o7 1271/

| 3/7/ ?4q
28x28 | €376s 5§
pixel 4325 ap
image | .(78!1’ 70

60,000 training and 10,000 testing
0.9 million parameters
Gibbs sampler for 100,000 steps

(]

xamples

After discriminative fine-tuning: 0.95% error rate
Compare with DBN 1.2%, SVM 1.4%
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JUff#ZHIDeep Neural Network
R(5 B 2% (Deep Belief Networks)

The joint probability
distribution factorizes:

P(v,h',h? h?)
= P(v|h!)P(h'|h?)P(h% h%)

Deep Belief Network

RBM

Sigmoid Sigmeid Belief RBM
Belief Network

Network

Deep Belief Networks & /& 5E1T 1] 4Lz A8 704 FH DU (5 & 4 (R
] AR ), 1 AE dizt B m] 402 130 4314 H Restricted Boltzmann
Machine[J 5578,
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P(h*|h?)

v|h1

HP(h1|h2

HP (v;|ht)

sgzhang@ucas.ac.c

gk = (b EE

C5F)

P h2 h3 _ 2T va/3 13
(h2, 1) Z(W3)exp[h w h]
1
P(h} =1|h%) =
’ 1+exp (—Zk V\/Jihi)
P(vi = 1|ht) = 1

1+exp ( Y, Wulh})
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JUff#ZHIDeep Neural Network
DBN I Zx it F2

LB N kRl gt #e

Q W HURMER —NEEGRZ L [RIEAT 5 AR A, HLRIFESE — N EUZ
FRIRTHLR AR

Q ELERHMZE S NEMEZ NS H, e ={W,a,b};

Q K EE—AERIUSAE A TR S 5 AN A AT M o, L
R E B R)E —ADNRRZE, 58] T 2R 2 Z NS
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2.8 L f o R

Q WG RZ (a —MRIRZ1EA D RZINMANIZ, 73R4 KA
NIRZHHD MSECK;

Q RiHn M n] ML= 2ol g — AN RUR 1 S Hd Bl e — MR
fEf i — DR 5 RESHER, MBS EZS 8k, |
REBR LN B LN BT BT A (I ZH02 045 I A Uz
ZIHKSHD .
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28] GBI

(Dahl et al., 2010)

I I S

Stochastic Segmental Models 36.0%
Conditional Random Field 34.8%
Large-Margin GMM 33.0%
CD-HMM 27.3%
Augmented conditional Random Fields 26.6%
Recurrent Neural Nets 26.1%
Bayesian Triphone HMM 25.6%
Monophone HTMs 24.8%
Heterogeneous Classifiers 24.4%
Deep Belief Networks(DBNs) 23.0%
Triphone HMMs discriminatively trained w/ BMMI 22.7%
Deep Belief Networks with mcRBM feature extraction 20.5%
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JUff#ZHIDeep Neural Network
Convolutional Neural Network

o ERUMMZ L L N AN LI — P, Cl 2 A i 4 A S
PR ATTER PRI 5T A

o 19624 -Hubel fIWiesel T8 i XIS AL Bz )2 A MU 7T, FH 152
¥ (receptive field) IS

o 19844F H A 243 Fukushimait 187 BFME & 42 H AP 2 A 4
Hl.(neocognitron) i LA 1E /A BN X 45 (1) 25— AN SEBL 4%, B2
JEE S BT M A N T A 25 I 288 A ) 1 k1

o CNN U 4 JEAR T RF IR 1T 1 — > 2 2 I AN A

o REEHZA YT, MR i 2 A & oA R

o X PR, L@, Mist ok HAb A 12 R 2 A m AR
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YR )7 i () Deep Neural Network

2 i LeNet5 45 4 14

Cl: 6225228 526314514 3 16210x10 c5: 10

input image
332

Filters | Filters

) sgzhang@ucas.ac.c T LS R AR ) January 9, 2015
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o BRI —TK32 x 32 /MUK F, i —8adEf =, XA E
B BATTHE L I AR )

o MZEIYCLE I FH67K28 x 28 K/NIFIRFE I M A,  HAYR S FRAT
615 x 5K /IMrpatch X 32 x 32 K /MA % A K347 convolution 5
F|, 28=32-5+1, HP&REILANL MR

o X2 x 2% E 4T pooling, S2/ZAZK T 65K 14 x 14K /NFIHSAE

o C3EWMAENEGRIZ, FFHEIL1645 x 5 K/NMPpatch &
J2S2, 153 HA10 x 10 K /NMEAAE

o X2 x 2/ MG Z AT pooling, S4JZAFHL T 165K5 x SR /INFIRFAE K

o CIEMNFHIERINE (BHZE) , MK S T — 21 R
BT BPAIE, HPRBOZ R IEALE; SERFHEMUE CRIE
2, WE RN S 2 NIRRT AR, AR IR S —
AT, ST R o R AUELAH 55

gk = (b ERHEBE K %) sgzhang@ucas.ac.c LRE NSRS Y] January 9, 2015 69 / 85



i el oEe e G
Jry IR s B PR AR A ==

o JHLid k32 B ARG b 1 i X 2% i B 2 (1 S 50K A K

o {EMIZ% [ A\t 2 i LRI R DL SE O BT S, A BT LA
WIZR RTINS T A% SE RN SR i A2 28 PR R AL S EDOR Ml T s ik
e
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YR )7 i () Deep Neural Network

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example: 1000x1000 image
1M hidden units
‘ 10712 parometers!!!

Example: 1000x1000 image
1M hidden units

Filter size: 10x10
100M parameters

- Spatial correlation is local
- Better to put resources elsewhere!

o 1000 x 10004 % MKEG, H1H IAKIEME I, SIERMN
W, A 1012 MG S5

o i RBIE Az Y /210 x 10, BRJZBE/N B TR EANX 10 x 1014 5
MG AER:, BT R EL108 NER: (350D

o Fp— ML ITAFELOONIELABUESE, WIRFA L ITIIX LS
BOEAFI, W B s H I F— N R G E
1%, IXFEMZRRER 45100 NS5
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YR )7 i () Deep Neural Network

.OCALLY CONNECTED NEURAL NET CONVOLUTIONAL NET

STATIONARITY? Statistics is

L different locations Learn multiple filters.
3 A ! :

Example: 1000x1000 image
1M hidden units
Filter size: 10x10
100M parameters

E.g.: 1000x1000 image
100 Filters
Filter size: 10x10
10K parameters

o fE—FfilterBEHUENG I —FPRFAE, A 100F filters, REFPfilter(t)Z
A, ZGBHEBE 20 EUR AN FRFAE R R0, Rz
JyFeature Map, 100/Feature Map4 /¥ T — 24T
47100 x 100 = 10000124, LKA A[RIHIEE R IE AN [F] U8
s
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JUff#ZHIDeep Neural Network
CNNI| 2t F2

Input f,
by Wi by
0:0:0:an
Sxoi
Cx

o HMEE: H— Mg M EEIR—MaAMER CGE—
MrBoEE ARG, 5 R Bt /& Feature Map 1) 5, SRJEH—
MM E by, FEIBE Coo

o T RAEIFE: HARENME ZIE L pooling VIR h—AMGH, KRG
THIL PR W, 0BG PRSI B by 1, AR5 L — sigmoid G
BREG A AN KMRAE D n B RIS B Syt g o

g = [ (v R #) sgzhang@ucas.ac.c T LS R AR ) January 9, 2015 73/ 85



i el oEe e G

LRUZH

I _ =1, I I
x;p=f Z X; ~x ki + b;
iEMj

Hrb, M2 AmaplfidEey, Ehichannels k2B, WEZAUE.
RFEJZ T 1)

xj’ =f (ﬁj’down (le_l) + bj)
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LR G 11
8 = B/ (f'(uf) o up(8/™))
KA i 1]
8/ = f(uf) o conv2 (8], rot180(k/ ™), full )
LBRUZ G

oE
K= rot180 (conv2(x,-l_1, rot180(5/), va/id’))

ij
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BV (RE)
FH EH FH A

SN

o

2 iy

ERE R K

&

HHE

g = [ (v R 2) sgzhang@ucas.ac.c

E 2HHEE
1/
Pooling 2 ERE  Pooling=
AtE
T LS R AR ) January 9, 2015
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JUff#ZHIDeep Neural Network
CNNFIAL 5

o bt T B ARAERIG, B NI ZRticdis b k4752 50 5

o [F] R MRS T L A T RLEAT R, AT 2% T AJFATSA 2], B
(SRRSO =R N G

o RIS (] Bl 23 8] (1 7 RAEG R, AT LIRS MR (A . R
& A E R

o M A B AL N S REARGFIOW £, AEVEH U AT B R AL By
T A7 AR DA
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< Caltech 256 >

|____#of trainingimages | 30 60 |

Griffin et al. [2] 34.10 -

vanGemert et al., PAMI 2010 27.17 -
ScSPM [Yang et al., CVPR 2009] 34.02 40.14
LLC [Wang et al., CVPR 2010] 41.19 47.68

Sparse CRBM [Sohn et al., ICCV 2011] 42.05 47.94

SEYGTE Caltech 256504 4E I, FIF FRFEIR S, Sparse CRBMYERE A
s
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* Speaker identification

TIMIT Speaker identification m

Prior art (Reynolds, 1995) 99.7%
Convolutional DBN 100.0%

* Phone classification

TIMIT Phone classification m

Clarkson et al. (1999) 77.6%
Petrov et al. (2007) 78.6%
Sha & Saul (2006) 78.9%
Yu et al. (2009) 79.2%
Convelutional DBN 80.3%

Transformation-invariant RBM (Sohn et al., ICML 2012) 81.5%
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[DJBM Deep Learning)y [l

FERUATR A L 1 b

Video Activity recognition (Hollywood 2 benchmark)

Method Accuracy
Hessian + ESURF [Williems et al 2008] 38%
Harris3D + HOG/HOF [Laptev et al 2003, 2004] 45%
Cuboids + HOG/HOF [Dollar et al 2005, Laptev 2004] 46%
Hessian + HOG/HOF [Laptev 2004, Williems et al 2008] 46%
Dense + HOG / HOF [Laptev 2004] 47%
Cuboids + HOG3D [Klaser 2008, Dollar et al 2005] 46%
Unsupervised feature learning (our method) 52%

Unsupervised feature learning significantly improves
on the previous state-of-the-art.
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T2 F 2 P N H

* Visualization of learned filters

Audio(spectrogram) and Video features learned over 100ms windows

* Results: AVLetters Lip reading dataset

|

Prior art (Zhao et al., 2009) 58.9%
Multimodal deep autoencoder (Ngiam et al., 2011) 65.8%
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4 4k

VARR=u |

o Deep Learning®f &5 . B EFXMRFIEAM T (FEF T HiRZ
WA EMPELE SO R, BESLE BB IS T 4 1)
RS

o H I E m Ik & MALAR 2% 2] A 45— 48 n] LU AEDeep Learning i
FHII T8, RRn e B e Aidak, ek He 4 Jk i BRR 6) vay 2f B0 317 B
de, SRR AT I St T ORI AR SR JFok I s (5

o REJIEH/ DM ELE, Flan—Lefyl e milsl, WkEHZ
P

o AWMV FAT LR IL

o U5 P77 M F Deep Learning K vt A% 4t 2 > SIL 1 g

gk = (b ERHEBE K %) sgzhang@ucas.ac.c HE RS IR January 9, 2015 82 /85



22 k. SVM

@ Cortes C, Vapnik V. Support-vector networks[J]. Machine learning, 1995, 20(3):
273-297.

@ Wu Y, Liu Y. Robust truncated hinge loss support vector machines[J]. Journal of
the American Statistical Association, 2007, 102(479).

@ Liu, Yufeng and Wu, Yichao. Flexible Large Margin Classifiers. High-dimensional
Data Analysis (T. T. Cai and X. Shen, eds),2010, 39-71, World Scientific, New
Jersey.

@ LiuY, Zhang H H, Wu Y. Hard or soft classification? large-margin unified
machines[J]. Journal of the American Statistical Association, 2011, 106(493):
166-177.

@ Liu Y, Yuan M. Reinforced multicategory support vector machines[J]. Journal of
Computational and Graphical Statistics, 2011, 20(4): 901-919.

@ Wu 'Y, Liu Y. Adaptively weighted large margin classifiers[J]. Journal of
Computational and Graphical Statistics, 2013, 22(2): 416-432.

@ Zhang C, Liu Y. Multicategory angle-based large-margin classification[J].

Biometrika, 2014, 101(3): 625-640.
SRR LS IR S

%) sgzhang@ucas.ac.c

January 9, 2015 83 /85



22 k. DL

@ Hinton G, Osindero S, Teh Y W. A fast learning algorithm for deep belief nets[J].
Neural computation, 2006, 18(7): 1527-1554.

@ Bengio Y, Lamblin P, Popovici D, et al. Greedy layer-wise training of deep
networks[J]. Advances in neural information processing systems, 2007, 19: 153.

@ Poultney C, Chopra S, Cun Y L. Efficient learning of sparse representations with
an energy-based model[C]//Advances in neural information processing systems.
2006: 1137-1144.

@ Bengio Y, Learning Deep Architectures for Al, Foundations and Trends in Machine
Learning, 2009.

@ Vincent P, Larochelle H, Bengio Y, and Manzagol, P. Extracting and composing
robust features with denoising autoencoders. ICML, 2008.

@ Lee H, Ekanadham C, and Ng A.Y, Sparse deep belief net model for visual area
V2. NIPS, 2008.

@ LeCunY, Boser B, Denker J.S, Henderson D, Howard R.E, Hubbard W, and
Jackel, L.D Backpropagation applied to handwritten zip code recognition. Neural

Computation, 1989,1:541 - 551.
SRR L S R S

January 9, 2015 84 / 85

%) sgzhang@ucas.ac.c



T 5 !

sgzhang@ucas.ac.c SRR EALS IR January 9, 2015 85 /85



	SVM
	DL

