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A computer program is said to learn from experience E with respect to

some class of tasks T and performance measure P, it its performance at

tasks in T as measured by P improves with experience. —T. Mitchell (CMU)
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Learning

E— FEBY (Model )

!

m HPERE FIGM (Prediction)
B R | BRLCKRERRMIEE
B SRR - BR. FE. R, XA ..

IR, FRALIEEURE

\
Collecting Data AP

B HUEER g, euks. Wil

RANEE

Unknown Data

y =[x 0)

m R

Application B SRR (522)

m AR
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| B EIPRHBETHE

B Z{EL ( Data Set)

Bl : A=REEATIN (@32, RS, A1) BTG MHEBRE0BRICR , R —REE :
EF=HE. WE-EE. FH=ER
BRE csvIIERIRAED | AILVSEI— PR | (THON105 (18R ) | BIER3 (851E)

B Rig=E ( Hypothetical Space )
B A RERYRE R E AT E I RIZEREh(ONES
B FIHREREN—NMRENRIZTEEH TS , MARESIEEN

5 RIRIAE=ANETUHIE | S MHEE=MAJRERUE , BRAXRIRZT AIRIA/N/94*4*4+1=65
(HF , 4=3+1 , REAEBIZIHERIBI )

B 399{(m%F ( Inductive Bias )
B RIBIGEUE | NMBRIETEEHEEN—MRIR
m ERBHRE. SERENTECE



| NBEIPRIETELS:

B R5ERREL (Loss Function)
B FRAUEEREFAI—MEEERER, RRREEVESCRBREETTIRERK, FrLAFRIIZ2MEHMER
WEFTMREAISEL, HFERIRENESI

0, =
W) =fy 325

B {L{LSREE (Optimization Strategy)
B RIERKAERMEFRESHIRE, (FREESHSETREIRKRERIRINRE

B BE FEERRARIRIRARE
HE N EE

SHALMEA R, HEMEANGE

L
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B Z2{tEe] ( Generalization Ability ) _ |
B B SIRRRS RAN SR AT EE P o
B G EEESRMENR , (FEERERIANZHEENAE , XS

HH) 2Rt

K| R AN ER R B R AT AU 14 RE
B UG EESRERS | (SRR E R AITTIERE | (B
XS WA RITRNIERERZE

AR K oy e E WAL T AR RS SR, del2iE WA

BRISHERISRER
2t
(R E 1EA )

N

- p a

F= 5 i w— )P4 zww
n=1

mRE RENLE
n RERMEMERN TR
B RERPUERERA AR EIRE
B SERRMERERAHER SEASHIE Y FIRE

RPSERISHRER -
2t
(IRVANZEHIERERIN )
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| B EIPRH=KIRIR

A . ) Symbolists

B FS5FEN (Symbolists ) Ja——
IHIRMTE | B S AR B S T T = "‘T
REEE  EZEEE (Inverse deduction ) Mammals Birds

B EZEF N ( Connectionist )

B {T/AFENX (Analogizer)

RN : AhRERE

Connectionists

XK AR
NEREX | REMEESFE ( Backpropagation ) | REZ3 ( Deep learning )
RMNA - =5, EZR5!

Cell body

- . Synapse

HTIBRIRIEIRYFRE
RKFREL : %188 ( Kernel machines ) . 1T9B&LE ( Nearest Neightor )
REMFA : NetflixiEERSR

Analogizers
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HAEENX (HERLS ) RARRHIE

’
’/

Deep Netiral Network
_.--""(Pretraining)

7 TS e Multi-layered n
/ e e Perceptron
’ Pid N
,,, ADALIN.EN\\N ”,z (Backpropagatlon)
,/ A
o A
i Perceptron
< Golden Age Dark Age (“Al Winter”)

D. Rumelhart - G. Hinton - R. Wiliams

S. McCulloch - W. Pitts M. Minsky - S. Papert V. Vapnik - C. Cortes

« Adjustable Weights

= Weights are not Learned

* Learnable Weights and Threshold

» XOR Problem

« Solution to nonlinearly separable problems

X AND Y XORY NOT X Foward Activity =——fp» . “ i
®}.0 @O - g o S
e ., .. ] -
+1 4] -2 #1041 -] -1 & | . @) ‘ .“‘-_. i 005 - E| ;
K/ \|r \+1 x/ l \+1 l «§—— Backward Error ey 25 < ; .

* Limitations of learning prior knowledge

* Big computation, local optima and overfitting = Kernel function: Human Intervention

* Hierarchical feature Learning



| McCulloch-Pitts#£2oiEE ( M-PHREY , 1943 )

B EEOEFRMcCullochfIEEEsRPitts |, IRHAEIIASEHETT o ek
e N A LIS L e it ) g 3

BTN R SRAREH | RR(ISEMNaINED)FRE
AHREAHIFAPIERE | BERTIRIINAFNZSIEINGY ; AIF=2EpKid ; Rk
TSR | AFZRtE e

B ERANSIEIMNE A ICRENXNERE | ERDIEA , WARE ,
I AR — N BHER U E/AMEIE.

Inputs  Woaights

I, H‘ 1 "

We

A g o F L H Output
- ) :
—"{ ¥ Y = ¢ | Y Wity
Hr.'J ____———,"ll'll.-.-. E _I_.."II | -__‘-:._Il JFL' L t:—_, L )
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AMEeZER‘R  BREER
(1898-1969) (1923-1969)




| Hebb{fiz (1949 )

= 7£1949¢
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= HebbfRi% :

— L
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SRR SOEEEIR I

ENE-Hfp (1904-1985)
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| Rosenblatt/@# ( Perceptron ) &i% (1958 )

= 1958%F , E—IRIGEM-PIRELFITXIMINRISEEURHIT DS | (EREE NEEMIIIZRF
AFBHZFIEFHNE

= 19625 |, 1ZJT i AMIERRRARIEN , B SSLEHUER S [E B —IREE M ZBHTRE

i

Xi2 © W2 y € {-1,1}

Y = WIX = Wp + WiX1 + WaXo { 1 if wTx > 6
|

wj = weight -1 otherwise

X; = training sample
yi = desired output

til
yi = actual output u da’[e rule: un .
t = iteration step b t+1 = max iter

n = learning rate wi(t+1) = wi(t) + n(yi - yi)xi | orerror=0 Frank Rosenblatt
8 = threshold

(1928-1971)




| XORIBJEERIREE ( 1969 )

B 19695 , EEHFRNATERETIKMIinskyfiPapert , TEEZEAFHIERR T BXIEE AR
FR—FhtERE

N TEEREMEERAXOR (75 ) R, LA S AR
SHITREISBMOTER] | HEREHIAF A T LORFHNTH (HAE—MEE ! )
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| MLPFIBPEEAYIEE ( 1986-1989 )

m 19864 , Rumelhart , HiltonZ A KB TIEFETZERE128 ( Multi-Layer Perceptron , MLP ) fliRER EEEEE
( Back Propagation , BP ) &% , FRASigmoidEREuA1TIELERET , BRRR T IEL M5 FEFIFSIMIRIT

output

h1

°“,§§“‘ E .1 = Y(target .1 - out, )

Etotal =Eo1+E o

D. Rumelhart - G. Hinton - R. Wiliams

B 19894 , Robert Hecht-NielsenilEBB Y MLPRY G EEEIEEIR , BN T HEAX BRI —MELLRELS , &fel LA S
— N R E ENBPMEREIMZ IR AR ARISEE 7 HEMERHARA R

19897 , LeCunkBA T ERMERLZ-LeNet , FIRERBTEERE | BEUS TRFHIANS , MY SRHIRE5 [RE%
HIER

Fully Connecte d

# Of transistors # of pixels used in training

. 25

107 NIST




| MLPFIBPEERYIEE ( 1989-1997 )

B F1989F LR TIRETAIRHIGARIRE , ENN—E

RN HIFAERIZIF RO S R | S MEAEE X
Long Short Term Memory (LSTM)
FEHEEARREG RS B SETXREZRBETI91F , BPEIARIELFEREHKREIRA

A ERE RIS | BRI E

SRR , T SigmoidBEEIEAISY | ERESEAR |
(f) ) ( i R e e m R L0 | F T T AR
o) \wn) 3, EARTSHAIINNE RS NS

G=fOc_1+10g
B 19974 , LSTMIREE AR , REZEEERSIEER LRUS
tEIEESRY |, (BRTFIELTNNETIRER , igE5EEBH
&1l

hi = 0 ® tanh(c;)

LY
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| FitFEILTE

L &4

it (1986-2006 )

19865 , ID3, ID4 , CARTESHUHAVRARN T AE4EEI , BIBRIAASIEEERN—MHI=SRFEI LA, HHEER
FEFEITENINER

19955 , SVM#E4tit33<V. Vapnik #1 C. Cortes/ZBE T SVMIRH. ZHAHNSRBEM | HIEETSEIFIRICH

Sk (FHFELMNF)  FEANENRE (RXNER ) . A , REEERIZITAESIE D SRAYE-_EEY

1§ 7 SHTRIFHIRLSR

19974 , AdaBoost#ifiZH |, iZ/iA2PAC ( Probably Approximately Correct ) IBISTEN 285 I LH FRORER | 1B
BEETEMGIEX—K, 12558 —RIINGED KRR , 1R85 RKemIER.,

20004 , KernelSVM#RH |, #Z{CRISVMIBE —FISW RIS TSR BIZ AT o AYIERE |, 1BidKernel BRET A S 4E
AL R oAl |, AINRRR T AES D RHNEE , B SERIFRY. EUCHEINZRLEE 7NN,

20014 , PEINARMSIRE | X2 IENSE—RER | 1% ZHERIEFLE |, EtAdaBoostEIFATINHIEHI SR , 5C
fR SRR A,

20015 , —MERYSE—IESR-EWREIRIRE | %A ES—1sm=RALAZE , Wb , SVM |, [257/RA]
RERE | ASMEITTERME— G —HIERIESR

I~
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| #1153 - SVM (1995 )

B V. VapnikfC. CortesIAREHTSVM , BR— M T35n3sREE |, HE

ANRELTE M4 FE=S B ERYIEIFS:

37

e

R

iXEEEREAN , REZRHEC

SNBSS AT | BISHS R0
DORIBRRIRAR,

V. Vapnik C. Cortes )8



| FitES - SVM s

(100 dimensions)

m = N

/Input space \).._-
\‘\(1 0 points) /

B SVYMABRRZRANERSET ARG e

B SVM E—ME R BRI VERF S
3i&

B SVM RYSREZRREAER /D SIS R ERTEE,
T ERER MR T SZIFRIERIENE, MAFFEAZE]
HUZESN, B0 "AEEHE"

m DECHSEERR | BEEN , SEET

@ MNegative objects (y=-1) % Positive objects (y=+1)

Gaussiankernel

—_—
D(F,)




RwESF3 - Deep Neural Network ( 2006 )

mE G Hinton%AT;%HjTDeep Belief Network, —WEEWE’*” B || B2 T RIRY
E 1% El%& 2R3

B (FHEREREERESAENE
B FRRREREEERIE , £UREMNSB Ik

"Non-deep" feedforward Deep neural network
neural network

hidden lsver . hidden layer 1 hidden layver 2 hidden layer 3
2 input layer

input lay

G. Hinton
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| FEFIARE : Why Deep ?

B ASEFRRIEREKE | BEERUEREINTEABEDRNEN , fRRT XEREEE |

MBEEXERD EAFEIIM (1IBXUABE. Wit ) SUE. SoriRIEa= 375 AI
SEA

Images & Video

Text & Language Speech & Audio

flickr &gﬂﬁ '{ REUTERS - s Gene Expression
- / AP Associated Press - |

Go« :g[C T*EE%E?E
Yoy Ee=ead

Relational Data/ ;
S S Hlbosrh Climate Change
oc e - =  Geological Data

Recommendation
<t




| FEFIARE : Why Deep ?

B #RZ0 : $SMETF=E ( Feature Engineering ) , L5 2 IE 945

INEZS
IERE AR

B
B VR
|
|
=R

Textons
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| FEFIARE : Why Deep ?

B MARBREESHENAERE  ASHERFHE—NRERRIED. ARKIKE10021(2
MMELMIE , BREEICRETPARLNUB6005EER. EBAIT , ABN—EREEICIZMERE
100512ER . FAEMETTESMEZHE | AZIEREH

B NARBNKRLEEENEERE  ASSTAREEIERSEXRR , A2—22u
B, ASRMRATR—MHEREREISR SRR ABRRE RIS SEHS
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| Hubel-Wiesel Experiment

B Hubel, David H., and Torsten N. Wiesel. "Receptive fields of single neurones in the cat's
striate cortex." The Journal of physiology 148, no. 3 (1959): 574-591.

B EARENNEEERSE | IRHANEEHRERSNER
EFHERY | JrFRHubel-Wiesel&H
B R . SEEEREMBAEES TR | HEEFLAT T IRBIRYYIARY
W%, MBEXMNMASZIEREN LR |, XL THEme Rk
S BE "BHRMEE" BEPENETFXE  FEENBRZENE
BT REF—ERATHE

R - - KIRNA TARIAE | SR — 1A, FEfHRAERE | AKREZ

BR%  KEEASEMRIEE.




| #H—2RY3E0S : TRERARED

B 19964, Cornell XZmIBruno OlshausenfDavid FieldfENatureZtE E AR T —mREEILNIEY ,

BAREGRE IR RISaSEAEREES T V1 XE R R B R R M 5%

B NA00sKIF R RIEREREDHNERFHZBRTE R |, RMRZEFNER  EX ERRA EAREYIRRY
AL

B FRRIESRER NI E R SRR A IR 7 VI X B RAERZE I =M | ZEEaIEER
,rE\ HT_I-EJﬁDFJﬁEJZEI‘JHﬁ'l\i*DiﬁT%'i Natural Images Learn b595: _ 'Edges”

B EERERHIVETSEE (BRI T HHEETT
B91EL ) , Olshausen FOFieldE19978F 1B 7 —FF
B ERRRIEE L | FBERSFIRZEIEH=RE

New example

EEER ATt 7V 1 X & R RS2 ET. " N

X =5 %




| SCISIERR : ABGiRSEiIE

/NIOIOI command

object models

Categorical judgments, 140-190 ms.__
decision making o

N\ 120-160ms. o~

&> ges, caorners
Y . . J/
L -' =

100-130 ms M . V'i:"
pF-C' F T | 40-60 ms
X 30-50 ms~ )

2o

object parts
(combination
Ly of edges)
x(('LGN // 60-80ms o

- V4 < 50.70 ms

. PIT) <
y \\\ / o
Retina ¥ M" Intermediate visual
20-40 ms g ar 4 L forms, feature
: i ’
: . groups, etc.
“80-100ms . .

High level object

descriptions,

faces, objects

B AR RSEHERLIEEST R

» EEOFIRERNTNES  MESSRIR RS , Mree

RIEXNEEEE
B HREERGS , FERYEREIENREE |, BEA T2




| IFEZIIRE : Why Deep ?

m MNSERTHRAERE

a0

S TO
= /
=1 /
5 ‘/
e o
S 65 ] -
=
'Ig o / e //’D - = - kmeans (tri) raw
2 L e kmeans {hard) raw
S 60 (,/ "J-/?( B = ® - gmim raw
L i - - autoencoder raw
ok o = ==« rbm raw
o S —a— kmeans (tri) whit=
22 o kmeans {hard) white |
- ©o— gmm white
autoencoder white
50 —e— rbm white
N 100 200 400 BOO 1200 1600

# Features

TR | RIS AHERHES
HEEEEIRT

m {8 i?ft l‘l‘

Y 3

z—J‘ i=)ip
S e

m 2P AER DS | FEESON
FEFIME.

80

70

60

55

50

HIENIZZESD

TRA R
REN=EK , AL

MEFHIE |

V=

Input s

Input space

=

=

Learning
algorithm

handle

.-

Input

Input space

Feature
representation

Learning
algorithm

—_—

Feature space
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EZF3R9RWE : Why Deep ?

B 5 RINEEIERIERD

Features learned from training on different object classes.

Faces Cars Elephants

ASNIEE
bl LN

AN E
bl LN
A ANN,

A RANN,
=lISlTmEl

=S\ ImE =lISlim=
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| REFEINRRIES R

B (EHMLPBPEL
B EWRIMESRRAM , (B8

= (WSVM, Boosting )

AT R
2 BENRZIR

m SR

1

SR
XIE R E

BREE—ERETRIXERE
m SVM. Boosting. s AJ@G1A (9LR , Logistic Regression )
, BGERETA (AR ) pNxE&EE

TTIEI P EZRRERIZR B

== 1=

AR,




B 20065 , INEXZCZARFEEE. Hlaa=SdumHIZ==}tGeoffrey HintonfE
(RlZ) EAFRICIRHREZIEENA :

B ZRENATHENEESHNENFIIZESEE] BRI SUEE B A RIXIE |

MIBFITFAIRE DR

B REMRENEE)Z& EREE | AILUEE “EFEARMA" (layer-wise pre-training ) &
B3Rk , REBH BT TR ESSISCIAY
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i :5|ET" > EI'J*E%M

Deep learning allows computational models that are composed of multiple processing

layers to learn representations of data with multiple levels of abstraction

---- <Nature> Yann LeCun, Yoshua Bengio & Geoffrey Hinton

mREFY  —METMLPEE |, BEER. SRXNGIHFIERT™ZEINE
- %?B%" =RATHENEESRISIEF>IEE7] |

1SRRI 2R EA A
, NIER T AT B D 2E

u r L2 || 5 ERIER |, BILABIY "ZRE(IIRL”
E bR | ZEAIIRAAIEIY Fo i &5 S SEHAY

( layer-wise pre-training ) 3k
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l*r- q-_.”&lu\EGﬁ*ﬁ

B BIMEZREERTTEE)SEE ( RIATIRE &TE) RFIEERRVEIE , MTRR

e

FrosE A EmRE,  RERR" EFR, "FHIFEY" S

B 5%EF3KX5

Rl FIREEMRTRE [ BREE5-10ZE8EES (EE100ELLE ) HRET R

BRFRSRH THRHIEFSIRVEERN | BYREGERR , KA RS ERRHER R R B — TS
8] , M{EDEETTNEINEZ. SATRNMNSERAERISEHELL | FIRXSIERZIEE | Btk
ZIBZEIIFEREER

BTt B EI—REIRZ MRS |, SESEIRRENER , RIEMAEUES TR

Simple Functions = _mp.‘l oo f_

_ One Example of ":_-l:_ﬂﬂl:m':ﬂ]#':iin’{x]l]ﬁ}
sin(x) Cﬂmp]icu'l‘e_d Function T —

log(x) |\ e

| cos(x) .:l u:> |:ii§§{m{ﬂp{sh’ Lﬂ@}

expl x) sin(x explx) coslx) oglx 42



| iREFS vs. (ERHERLE

(EFHHRINLE -

SETRIENEETFIARE

43



| REF vs. (BREWERILE

B RS : —EYIXRADESN  RREERNE. BE (22 ) . BidEAMANZENZE
BRMETRZEEER , I—EBUNBETRZIEEETEE , 8—EJLUEEE—
logistic [B]Ft=EY

B AES:
N SRR . REBPEILERSE  AIRAISRE AR SFBANNE, HHISEE , HEMRTRELESE |
RERIELS M BT IFEAESC RS 2 BINEENDRIESENS2 , BRI ;

B REFS . XAZREIGNE, REZAERNREETREABPHLE , X3F— 1 deep network (72 L) |,
REGEIRIENEETER) , HIAmBAYgradient diffusion ( #EY &) .

-
VA

I
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| FEZI)IGSE

_ gé, jfT%JE?—g 1“

n R
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| SHREZEIN)IGZERIIGER)

B E—1F

SRAIE T LTSS

1) BRI R R,

2 ) Jz_xﬁé

Jwake-sleepE,ZH#HITRINN. BRNARZR—E , ZEFEZEE,

XM IFER]

UEIER— | eature learningdidiz , 2FEFEHERIZE

KAYERT

X
w1

—

pell



| SHRESF )

reconstruction

encoder decoder

B wake-sleep&Ei&:

1 ) WakEBﬂ\Ex :

INRIEAZ |, 18IS TERIENEHE (Input ) FOE_EASIAZD ( Encoder ) WE;-:_Eg—}:'
S Zr ( Code ) , BBT HRIHIER (Qecoder ) NEFE—NERER

( Reconstruction ) , frﬁifm)\%?ﬁuiun TkZE , EFEBE FREXZEBTT
R ( Decoder ) W=, L25p= YIS SCIREARS R | TR AN
SHERINRATE SIS —E"

2 ) sleepBiEx :

Epidiz | BT EEEEE ( Code ) AA FRYZERK ( Decoder ) iE |, £ FEAPAT |
AEFIFBALD ( Encoder ) WE#E—/\TE%%% FFRE L ERES %DTE eI
ez , MR TIEZSURBR LENAR] ( Encoder ) &, HEHIE &D%"""EPH’J%%
AERNTEMENELS | MR N E XSS R E R X M
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| FHFEZE SIS

AutoEncoder:

CIass label

g

Features

* [ Encoder }

[Encoder}

Encoder

Input Image
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FHREF Ik

B 50 BIA MHEEFS

X—EREF—ETFIRGSESHANENM L | EEIMHRIBERII—1722
= (PIENEZNERERIE. SVMSF ) | MEBYwinEsiEinEFS , FIREE
TEEEMARNMESEL,

AEFINFE—EER ER—MMNBSHTiE. XalTHEsaaMaEe)E
fEH#lIatt  REFIREZEI TR EFIMASIENSIERIRY , BmXN
EERIERRN . NMEEBEISETFIIHER.
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| MREZESD)S

B B20125H0R , REFIHENRE LR

Rt AlexNet

m H2012&ImageNetsEZEmE 5k i5E HintonFlfttAY= A Alex KrizhevskyiZithy, 2
BEBFZ G BZHIERNIEEMNEMEL | ELaLFERIVGGE net, GoogleNet

B EHHINARE T REZIIH YRS
B REFFIIESHIRY : tLIIAGPUIIIZRAEERL , SURIERIR(FES
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1 max(0.1z, x)
1+e=®

i INSGRES SIS Aatvation Funchors J/

o(z) =

tanh Maxout

BRI REF IRAABEEEZE) %A, TS tanh(z) T max(wied bz b)
R4 | BAE RIS oLl : E10 :
e/

BERRE ' ’ / ——
1. BiERAENESigmoid ek RelU Batch Normalization
2. {FHIRNEMIIB 5N (Xavier/He init) R
Output: {y; = BN, 5(z;)}
3. Batch Normalization pp =3 J/ mini-batch mean
4. E%ﬁﬁﬁ{jﬁ{%j’éﬁ% ) Ada m , AdaG rad’ SG D + oE 4 ’—11 Z;(.L, — pup)? // mini-batch variance

Momentum P // normalize

¥i + 1% + B = BN, p(x;) // scale and shift

5. IEN{LIT : Dropout &35

6. HUEIBIRAEUETAC IR E
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| MREZESD)S

SCI A

B RE
m CPU GPU, TPU, ...

m R

B PyTorch(@zlzxit&El), TensorFlow(gESitEE), ...
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| IACHREZR S8 (814

CPU:
Central Processing
Unit

GPU:
Graphics Processing
Unit

(Speed up parallel
operation)
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| IMAIREZE SIS (ERH)
RS M — R AR R I -

1. IXEEZREIERIME R E (APL) |, HREESLI ¥ —LEABRYSKE ( Tensor ) AUR{ELIR LAY
—EEAIWBERIRIE | G IRHE NS STRIAMHEL M LS

2. fF—MERNtE , —EREFIERHEX Tl —ERA , SPMEHHMER MEEEE R —
285, ARAILABE iRk AMAI SERRAAR R ER ST SRR E=AIR

LrERZEZRIIEZRE : TensorFlow ( Google#EfF ) , PyTorch ( FacebookE )

A zoo of frameworks!

PaddlePaddle  Chainer PyTorch
(Baidu)

Caffe _, Caffe2

(UC Berkeley) (Facebook)

(Microsoft)
Torch PyTorch
(NYU / Facebook) (Facebook)

Deeplearning4j

Theano — 5 TensorFlow
(U Montreal) (Google)

And others...
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| IEZRREES X

B TR, Bl IR LARIESEI B RV AMEER , AMYEEIER T

T IR S

_ S(Jﬂ:r ___iﬁ , FAIRTLARTESE) | SntiE a SRS aIRE | AHEBERE
2R

B EZRERUMAIFEGPU |, LURARRIMER , TNEREER)|ZhIFE
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N
Ix

=r
=2

FIWEE

25552 : ImageNet , 10001 255!

B 20125 AlexNetfEImageNetAE F—a55% , KKIRS
SJRYATAR.

black widow
cockroach

2010 2011 2012 2013 2014
(AlexNet) (ZF) (VGG)

2014 2015

(GoogLeNet) (ResNet) (GoogLeNet-v beach wagon

fire engine

agaric
mushroom

Jelly fungus
gill fungus
dead-man's-fingers

snow leopard
Egyptian cat

squirrel monkey |

spider monkey

elderberry titi
ffordshire bullterrier indri
currant howler monkey
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| REFINTE

B BHirEM : Pascal VOC2007 , 2071255
B RCNN ( Regions with CNN features ) 2% CNNZ AN BE B frtallalR_Er—1Eig
B, XREETREZINBIFMONEZBHEIRL.

Accuracy

Deep learning  +*, - - plant
4,

"'/" 5
'.:'t‘,' y -A- DErson

’ - chair

- cat

- car

- aeroplane

=o= a]] classes

2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

Progress of object detection for the Pascal VOC 2007 challenge.



| ETRHERILE

B LeNet-52Yann LeCunfE1998FiRiTHAETFEHNFRAINBIIHEMES |, 5%
EAXRZHERTHERERRABZE FENFEHNF , SRHEHRMEMSTREAR
ERSEIR R G L —

C3:f. maps 16@10x10
C1: feature maps S4: 1, maps 16@5x5

S2:f. maps C5: layer

6@14x14 120 ’ﬂi e O1|5HPUI LeNEt'S

6@28x28

\
‘ Full coanechon Gaussian conneclions

Convolutions Subsampling Convolutions  Subsampling Full connection
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| ERHE ML
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| ERHE ML

B SHHZNESHNEEARAR : SHE. BHE. 2&EEE. BERE

RELU RELU RELU RELU RELU RELU

COJW lcoilw J Cv"l-cv l ICTV l“l Flc

RTY]




| ETRHERILE

B SRR ESIHREMEHIZI AR

SHETRSE BIRER L

Center element of the kernel is placed over the —
source pixel. The source pixel is then replaced e ‘ . |Low-Level| |Mid-Level| |High-Level Trainable

with a weighted sum of itself and nearby pixels.
Feature Feature Feature Classifier

Source pixel

0
0
2
0
0
o0
2

Convolution kernel
(emboss)

New pixel value (destination pixel)
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| ERERILE

m Y

RE R ZREECH

2X25 K

=1k

], EEAEIR

SHILAYER

2x2 3954,
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ISRINNIEZLIE

ySL5 A

HHIERIASIANTE
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| ERHEMBIRE

B AlexNet ( 2012)

m VGGNet (2013)

B GoogleNet (2014 )
B ResNet ( 2015)

B DenseNet ( 2016 )

>
>
.
>
0
©
-
3
v}
v}
©
~
1
Qo
o
'_

Inception-v4

Inception-v3

ResNet-50
ResNet-101
. ResNet-34

ResNet-18
o0’

GoogLeNet
ENet

o BN-NIN

ResNet-152
VGG-16

35M 65M 95M 125M

BN-AlexNet
AlexNet

20 25 30
Operations [G-Ops]

155M
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| AlexNet

B IO

IR—EBo T , LOBERRENTIINES | fECNNF
FHTLRNE | 158 7 REHYZ (RE

75 HY

ReLU fEJ5 CNN BUBGERRZEL ; i)l

ES

IDropoutfEifl2

EJE

E

S SHISRKEI
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| VGGNet

B VGGNet IRR T HREHENBHAESHERZAINEAR , BIRE
wE 3*3 fU/NBISTRZAN 22 B AIRE , VGGNet B INHEFa5R 7
19 ERAISTIHERES ML,

pratl B ﬂ_ll.:r_a.L |




i GooglLeNet

GoogleNeti2H T —FhFHIMZ81ELR (inception module) , WEFI7Z~ , BEEEEIRIFMZ
EHARIRRIRME | NEERI A ERENESITEERE. Inception FIFEREE AR AVEIR
BB MEPRIBEERIRGET |, EZ2eeis it RNERN SSRGS,

Filter
concatenation
— R g
3x3 convolutions 5x5 convolutions 1x1 convolutions

1x1 convolutions 4

1x1 convolutions 3x3 max pooling
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| ResNet

B ResNet(Residual Neural Network) ER{EREF5 R Kalmmg He & 4 g A\IB

tH , BidfEA Residual Unit pINillZk 152 ERIBEMLEE |, R T REMNEE
BEEELRIE , RAEFER,

weight layer

identity

weight layer X
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I DenseNet

B DenseNetfEMEEE , S¥ELD , RA—B0REERZT T
block 8%t , BEFz o FIFH T feature , 058 7 featurefEiE |
MNEIABETTREIN , MH—2Z R 7 B E K0,

2

—

1XFh dense

I

¥a 1 featureft
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| TEIAHREZ R4S

T

WIEIMHEE I —IRAIE— M NFHITTER | [EIRT4ERRZ3E

B ERZIFSITTRAASERE RS

FERT(E

e

==

PO

 —|

, AILAFAIERER , &

MNsEX , BEIIFFE ASSKINRZ EXIE/E HILLE

ySE W

D, ® ® ®)
= —h
(% » @ ® - &

&l 3-3 TEIRHZ N 1 BT R
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| BtmEsniTarain

Trajectory Generator

Decoder

LSTM-D [i]

Dataset

----{ Discrimination Loss }-«—|
grmmmmmmmmmmmmem-mmemoooooio—————-{ Adversarial Loss )
] ]

] :
cmmmmmmmmmmmmmm e mem e e eeeee= o IOfOFMation LOSS }u—r
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| TEIAHREZ R4S

B EFEA  MAER , WHXFRS

e to many many to one many to many many to many

100 i UL Ol

Pt

GO0 OO0 DO OO

! ttot bt Pt !

| 00 Obd 00

\ e.g. Image Captioning
image -> sequence of words




| TEIAHREZ R4S

B 53R MANFRFY |, BRSS!

e to many many to one

000 0 DOD ooc
1M 000 D000 (L

f rot f

i 00 DOC s

\ e.g. Sentiment Classification
sequence of words -> sentiment




| TEIAHREZ R4S

m =28 E - MANFRFS | mHMFFS

many to many many to many

JUH DL
Dﬂﬂﬂﬂ DBD

f

s s

\ e.g. Machine Translation
seq of words -> seq of words




| TEIAHREZ R4S

T D L
00 000 D000 00t

100 DOC s
/

e.g. Video classification on frame level




| TEIAHhEE R4S

mLSTM : Long Short Term Memory ( <fEEAiCIZM%E ) , FHHochreiterfQ

Schmidhuber[15]=

~1997¢

BH]). Bl

FEURIED , SIA ) BOES, SRR,

miE R T RNN FUIEREHKIARR , B/ I AJIRIHIMKEIR 2

Vanilla RNN

W (
o
(tanh)

G=fOc-1+10g
h: = o ® tanh(c;)
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| TEIAHREZ R4S

B FEHAICIZM4SLSTM

Neural Network
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J=EITES

B Auto-Encoder ( AE)
B B4RIBEE , SOFEAEAHIN
m TERATRRE, GRTEAD DT

Tdecode

Tencode
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| PCA (£S5 )

B Principal Component Analysis
B BRI AR B IR EURREES A
FTERBEEI L IEIRENAEFERGT Rk (k<n ) SFTHIIESSEHE L

Frincpa comp. Srincipal comp
yaraction 2 dyection 1

Featurs 1

Algebra: orthonomal transform
Geometry: ax's rotation




| BYRigEE

[l =Y B A mBiE R

81



| BYRigEE

W IEIE

feiEl =Y B A gmiBa R
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IlJ\\jJ [ I]§|<F':'

Vincent, Pascal, et al. "Extracting and composing robust features with
denoising autoencoders." ICML, 2008.
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| BRIERE - BgigH

=»I»I




| BfRiEEE - BRI E

retrieved using 256 bit codes

dist: 64 dist: 65 dist: 66 dist: 67

dist: 70

retrieved using Euclidean distance in pixel intensity space

dist: 3064.2 dist: 3094.1 dist; 3132, dist: 3139.2 dist; 3147.0 dist; 3150.9

dist: 3167.8 dist; 3184.1

dist: 67
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| 38{L% 3 ( Reinforcement Learning )

B O/RREIRETKITFE ( Markov Decision Process )

B —EBEA (Agent) FI—1PIAR
( Environment ) 325

XF—IMERYSEIRTS ( State )
Seeti o] LB EsE ( Action)
MXLEEESTKZH ( Reward )

FIEREIMIH—EE | ISHAN
— PHETHIRTS
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| i8{433) ( Reinforcement Learning )

B EERIMIINEARIRBERNIIET, HIEE— RS- E-RF5

B Hix:

B SCERfE

S8p,09,71,81,01,72,89,...,8; 1,0 1,"Tn, 55

| —

S EERFZEZE (total future reward)

Bi=rm+rpa+rget... 41,

JFEFENAITHIEFy € [0,1]

NEE .E,, | | ..1' i
RBi=rit+yrina+7re2+... 4+
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| Q-Learning

B ENMERELQ (s, a) TN IEIRSSIH T EaRT IR AT HIR K2 h)
Q(st, ar) = maxReyq

, BIFHIEEa* NIZERELL R R FIaE ARIBRT, BD

a* =mn(s) = argmax, Q(s,a)

B BT RSATLARQ-LearningEix, FAITRIIAZIBI—1MFHIQRAEL

H
i
B
>
i
7.'

D

89



| Q-Learningi%f{Ei%

MRENT, | BEPASSFIENEamIR AR IAE
EFFE A RESF M REERISRIBN SR AR IEZNRD

Q(s,a) =7+ ymax Q(s, a)

i

Q-Learning : AN/RELTUEIUTIAQERZL
Algorithm 5 Q-learning %X
L’EHT.-{: L¥UGi e Q[num__states, num__actions]
IRPFHIUEAIRAS s
repeat

SRAFNI T FUBEIRAS s
Qls,a]l = Q[s,a]l + a(r + ymax s Q [w; a

!
5= 85

until % |

) = s FalFRISZEPIRE) + F—HIZIIRTSS
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| IBCEIMFRERINGS

B EREZEEF, KSHEELS, SEMELSEQHR
N84 BN FRIE R RRVARS A LIF256%4%44H)

B FREHERESIITQREEN

B A SERERT (B4, ALEER)

B Gl NTEEIHENQ(s, ) BYE

|ETHIFT

SEE (Fral—
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| FERMES] (LAAtariihFrk /ol )

L4
K}
K}

L]

NEGEAAE -r- LI ;
+ F+ Q4+ 0+ 3
(o] (o] (o] (o] (o] @) g

I © SRUEXEE

(REs) i PR F IR ERE
PHZE SRR LS (zfFa) BIQ(s, o)fE

(CNN) S QIERAHINER HBIENE
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| EBEFESIRIR

dll

t2 ( AlphaGo , DeepMind )

. ALPHAGO |

=
_ 00:10:29] ¢ LEE SEDOL

o 00:01:00

@)
O. .O
ol
O, A0
L ol

AlphaGo

Google DeepMind

Silver, David, Julian Schrittwieser, Karen Simonyan, Ioannis Antonoglou, Aja Huang, Arthur
Guez, Thomas Hubert, et al. “Mastering the Game of Go without Human Knowledge.”
Nature 550, no. 7676 (October 2017): 354-59.
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| B F SRR

B B ( WZEfRSHEE | DeepMind )

Box-World StarCraft Il mini-game StarCraft || mini-game

Agent Key Lock Collect Mineral Shards Build Marines

&b - " Buildings
o) —_—
Minefz;s o g "’ s AL %
& ' g g ;_"‘.T \"_
/ " : uzin ‘ 1 r T, t:\
. . : et 2 5 Units 3
| . X \ .
b Minerals

Zambaldi, Vinicius, David Raposo, Adam Santoro, Victor Bapst, Yujia Li, Igor Babuschkin, Karl
Tuyls, et al. “Relational Deep Reinforcement Learning.” ArXiv:1806.01830 [Cs, Stat], June 5, 2018.
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Attention#/1 4| a1 DO A

nexplained?

| Is this an upside
| down house?

- Unexplained?

WaymoFo AR ZE1E ATEtERE)
HEDOTA2 SHAIVSAZMT 20174756 HAE K HEsEE
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