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O NSFFEIESTURKEA—NT XNy =f(x;0); f(x0)d] AR &L MEEE
f(x;0) = w'x + b, BAJLIZIEGMIEEY

O 02— 1MIFMERE, FEERETEMEEREEEFRETRAxRNIFERERWL
B(x), f(x;0) = w'B(x), BO)FRMEAXBITFL
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O BiiEmEE s (feedforward neural network) tHBIYZ EREIHL (Multilayer
perceptron) , E—MEREEHSREARS Y 6B RIGERIIHE ML
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BIRMETEN T — 1Ry = f(x; O)FKIELUENBIRRES ", BEISE08IE,
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BRI MEERITE

O EiER{RIE (Universal Approximation Theorem)
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® Cybenko, G., Approximations by superpositions of
sigmoidal functions, Mathematics of Control,
Signals, and Systems, 1989

® Hornik, K., Approximation Capabilities of Multilayer
Feedforward Networks, Neural Networks, 1991
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BEMEEIERTT
Rectified Linear Unit (ReLU)

Sigmoid Hyperbolic Tangent
1 , 1
Traditional
Non-Linear 0 0
Activation
; 1 -1
Functions » 0 1 1 0 ]
y=1/(1+e) y=(eX-ex)/(eX+e™)
Rectifi?g;m(;ar Unit Leaky RelLU Exponential LU
1 p 1
Modern
Non-Linear o- 0 0
Activation
Functions
-1 -1 -1

-1 0 1 -1 0
X20

1 -1
y=max(ax,X) y={a(eX-1) »X<0
a = small const. (e.g. 0.1) 11
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O BRTHEHENSEMEE—TEEA = F(x;0), hiR{EIFIE, BB I
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e SigmoidEJT (Sigmoid Units) —

y1=ply =1[x)
= o(w"™h + b)

y, =ply = —1|x)
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e SoftmaxEJg (Softmax Units) — Z4335[R]fT
z=WTh+b softmax(z); = exp(z:)
Bl l Zj exp(z;)
cat 3.2 24.5 : 0.13
car 51 |—- 164.0 - | 0.87
frog -1.7 0.18 0.00
exp(z;)

Z exXp (Zi) Y. exp(z;)
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object models

Area V4 ®» o e Higherieve

abstractions

Area V2 - Primitive shape
deteciors

Area V1 Edge detectors

object parts Retina
(combination
of edges)

David Hunter Hubel Torsten Nils Wiesel
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STRHZMEI(CNN)

O SFREAZIZE(Convolutional Neural Networks, CNN)E—FMEIiaML /N 2s, H—1 8k
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&8 Convolution

iti4k Pooling

2l Nonlinear Activation

#F3 Convolution
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O BERRENE, (local receptive field)

gpesaasntenaateocos coonoco.  fest hiden Tases stride 251< = 2
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O &= (Shared Weights)
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28 x 28 input neurons

first hidden layer: 3 x 24 x 24 neurons

]

l

convolutional layer
28 X 28 20 X 24 X 24
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%DSIZi'J,ﬂ’.{t (mean poollng)

28 X 28

convolutional layer
20 X24 X 24

AIE],

_)_

| [

EEIETISHAIE,

_gjjﬂi*‘ﬁlmw (maximum pooling)

100 sigmoid 10 neuron
) AEUIONS — output layer
pooling layer (L (softmax)
20X 12X 12 (
;jj: -
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O LeNet-5 (1998)
o LeNet-5 37 7 2 SHFIRG, 1E 90 FRBERRSET
G, R E S

C3:f. maps 16@10x10

INPUT (63(;} 2fg:t2usre maps S4: . maps 16@5x5
32x32 S2: f. maps C5: layer OUTPUT
6@14x14 120 o laer

CONN

Fu|| oonr*ectmn ‘ Gaussnan connections
Convolutions Subsampling Convoluﬂons Subsampling Full connection

l\
‘

Yann Lecun et al, Gradient-Based Learning Applied to Document Recognition
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O Alexnet (2012)

o Alexnet@2012FImageNet=KMEMN IR BIHEER (ILSVRCO)FHIEZE,
H8E., BEXMINEAReluEIEREL, RuBERMAIT— (LRN)
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5 27 ¢ B

w

|

A \dense

o0
N
e

o AN 13 13
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> 3 Sl W 1 hs3 dense | |dense
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224

. 2048 2048
Stride Max 128 Max pooling
Uof 4 pooling pooling
3 48

Geoffrey E. Hinton et al, ImageNet Classification with Deep Convolutional Neural Networks
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O Alexnet (2012)

e Alexnet220125FImageNet=AMEM IR BIFkEL (ILSVRC)F RIS ZE,

HBR. BEIRAIIE

MMMMMM

JReluBERRER, R4

] |
my

a3 — (LRN)

Model Top-1 | Top-5
Sparse coding [2] | 47.1% | 28.2%
SIFT + FVs [24] | 45.7% | 25.7%
CNN 37.5% | 17.0%

KAVERTIRBIPEEER(LSVROSER  (F8IR=F) Ui

Geoffrey E. Hinton et al, ImageNet Classification with Deep Convolutional Neural Networks
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O VGG (2014)
o VGGHE20148

3

Karen Simonyan, Andrew Zisserman, Very Deep Convolutional Networks for Large-Scale Image Recognition
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s —ZEMIER

ConvNct Configuration

A A-LRN B C D E
11T weight 11T weight 13 weight 16 weight 16 weight 19 weight
layers lavers layvers lavers lavers laycrs
input (224 < 224 RGB imagce)
conv3i-64 conv3-64 conv3-64 conv3-64 conv3i-64 conv3i-64
LLRN conv3-64 conv3i-64 conv3-64 conv3-64
maxpool

convi-12%

convi-128

conv3i-128
conv3-128

convi-128
conv3-128

convi-128
conv3-128

convi-128
conv3-128

max

pool

convi-256
conv3-256

convi-256
conv3i-256

conv3-256
conv3-256

conv3i-256
conv3-256
convl-256

conv3i-256
conv3i-256
conv3-256

conv3i-256
conv3-256
conv3i-256
conv3-256

max

pool

convi-S12 convi-S12 conv3i-512 convi-312 convi-S512 convi-512
conv3-S12 convi-S512 convi-512 conv3-S512 conv3-512 conv3-512
convl-512 conv3-512 conv3i-512
conv3-512

maxpool
convi-S12 convi-S12 convi-512 convi-S12 convi-S12 convi-S512
conv3i-S12 convi-S12 conv3-512 conv3-S512 conv3-512 conv3-512
convl-512 conv3-512 conv3i-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max
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O GooglLeNet (2014)

Googlef£2014FEH, TEILSVRCLLE L3RERZE. KHAInceptionfl#l, BIARR
TRIGTRZINFF1T. WERBRENRGEERITUSRERIFERSE, WMmiAZRS e
NAKEEINTEENER

Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions & 4 4

%ﬁions 1x1 convolutions 3x3 max pooling

Previous layer

Christian Szegedy et al, Going Deeper with Convolutions, 2014 38
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O ResNet (2015)
ResNet 22015 ILSVRC INBEMLZE, F

R E R

I 256-d

v

1x1, 64
i relu

3x3, 64
l relu

1x1, 256

Kaiming He, Xiangyu Zhang, Shaoging Ren, Jian Sun, Deep Residual Learning for Image Recognition
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O ResNet (2015)
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Paper : Deep Residual Learning for Image Recognition
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O R-CNN (B#rtail)
R-CNNE2RBEZRICNNHITRI S, FoiR Gl A= 1%& X 13 Region
Proposal, 75, FIAACNNEGMXERegion

R-CNN: Regions with CNN features

warped region

ot

aeroplane? no.

L3ty
(il

i

I

]

l‘w
»
i

person? yes.

Ik

il ‘ ‘ L tvmoni.tor‘? no.
1. Input 2. Extract region 3. Compute 4. Classity
image proposals (~2k) CNN features regions

Jitendra Malik et al, Rich feature hierarchies for accurate object detection and semantic segmentation
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O DeeplD (ABGISIIE)

5FI CNNTEEY ?L_t (ZEEEPRIFFIE, XNEREBAMSAE) |, HERMMEK

Convolutional Soft-max

layer 1 Convolutional layer
layer 2 Convolutional Convolutional :l
layer 3 layer 4 4160
‘~‘ - ] P X 2 i "_;é' ,".
Zﬁff—: =1 =F 1-14= -I}; [ Tl s ks by o
- 53 || L L BATTe Y |
40 60 o usu ““, PR
50 40 40 i 60 Max-pooling - - = 0
1 Max-pooling Mar;—peorozmg layer 3 -i®]
Input layer layer 1 Y Decga hlddenr
entity ;'
features n
(DeeplD)

Xiaoou Tang et al, Deep Learning Face Representation from Predicting 10,000 Classes
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O Attention Model

Feature Feature Soft attention Feature

o ' Feature Soft attention
Origin image before mask mask after mask before mask mask after mask

Attention

Low-level color feature High-level part feature Noccifinat:
. 5 . Input - 3 —_ & X — = (lassification
Attention mechanism Sky mask Balloon instance mask

Xiaoou Tang et al, Residual Attention Network for Image Classification
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O CNN+NLP

wait

for

the

video !

and a

do T | e

n't

rent
it

n x k representation of
sentance with static and
non-statc channels

.....
"""""

......

Convolutional layer with
multiple filter widths and

feature maps

Max-over-time
pooaling

....................
........
.......
.......

......
-
.....
-
.........
......
......
-------

Fully connected layer
with dropout and
softmax outpul

Paper : Convolutional neural networks for sentence classification
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Hidden > SACIEMREIE, RELIEFEHIE
i > RELETEEghT Ik ERITIZE:

&

Input

Output
layer

1. FREWRIZER,
2. EERE—ZFXERFEAE.

Inputs
Outputs

XJ ER" PR, BEEELTNEREXE
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O ElHEHERZ(Recurrent Neural Network), E2—fEBNEEEREIHERR
EEEEREZ BHETEENMEmNE, ERTIEIRFEE

O RNN f9zOBREBETSIAERERE, FEEIRNITERAMMUKHRTIaIREAN, £
KT EI—I B RARERRES. XMNGEFEREES "I212" HhEEEREE
Feep RIS B EERKENBNFSY

O WEHEBREN

Feed Forward

Network Recurrent Network

Output Layer

Hidden Layer

Input Layer
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RERTRIAHREMLEIRE—EIman M4

O RNNETHERMEHINERER, £ESHEET, 88RAE. RE. #Hid
E. RNNBERENBEH—DA=, —hEEEERE, —HS5S T —ZIMREA—
RIERRRERBAN. tRERNNITEIEREI— MtanhiRE]

O [RENEHAMENG IR, BHENT T—PHELSRIRE, ALAEREBEFRR
BER, EBREZINSHELEEIVAE

, _¢| : |_. ht = O-(Whhht—l + thxt + bh)
‘ A A

1 |f— = 5 Tfs

® ©
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O LSTM (Long-Short Term Memory) Z2EHR#HEMLE (RNN) i—Ffh, S5
FFR A B S AR A PR AN E R AN I R E E S Y

® ® 2

s ™\ 2 Y \
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Jargen Schmidhuber
IntinE) - /R AL E RPN
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PSS VATI L b e

O LSTM RO, BIEE LT AsIiKFLL, BTRSRUTEET,
EERMEEET, RELENSMERE, RIE T ERELERIIAIRENR

=]

daiF

O LSTM BEEALKITIFREA "I1)" NEHRERE BIMERE R TTRSRIAE

H. NE—MHEREEXBINGE. LSTM HE=/NIREPFIEH RTIRE:

AN TN R h

Ch—1

e ——— >
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PSS VATI L b e

0 &=l

ft. 2 (Itvf[ht—l ;‘]_:t] + bf)

FLSTM HE—ERRESNETTRESEHERMTAGR, MIXNREBEET— MRES )5, 1%17]
SIFERN he_q Fl x,, EToRENME, WH—ME 0 B 1 Z[ER9EUES EBNEMRIRE C PRIEE.
0 FZ~ER ""ERFR | Ml Fx "T2RE"
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>SN VAT = b £ 2
O Sl

7 [ = T (‘I., . [h.(._'l N ;,] + b.,j)

é ' - .
i Cy = tanh(We-[h—1. 2] + be)
Ly

SRR AR SR REIERTRSST, XREARIES, $—, =R "BANE

REAAERESEH, B, — tanh FEIE— &TEH’\Jﬂ%Ji'E{EFEUECt, HWANNBPREH,
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IKIBiCICMLE R Teents
0 REES

>
fT ‘F’(% Cy = fixCioy + 1+ Cy

BEALSIRRTTRSHITEH 7, BIC,_(FHFHA (. F1HINRTTIRSC, S8k, EFEE
FEEAER, ABRNLE iS5 CHER, HERIT EIHRRRISRTINSC,

55



=SNG AT L e e

O (ER%t

hi = o¢ * tanh (C})

h.; 1

BT, EB ey M x,, BToREE, BH—NME 0 2 1| Z[ErIEUE 0 L2 tanh BRETAIEF MESRY
BTG CPRIEF, BP0, Stanh(CoRIFRIRIEAEILHEE h,
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fl, — (""’yf'[h{;-—lt'rl"t] 23 bj)

KEHCIZ®A

@

’1:13 = 0 (VV, g [}l.t_ Ii4 :I}'t] -+ b,)
ét = tanh(W’C . [ht—l . .’I,‘t] — [)(_7)

Ci = fi ¥ Ci_1 +1is % C;

RESA
he s

G or = o (W, [ht—lvat] + bo)

A hy = o * tanh (C})
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{5l: Action Recognition with LSTM

Backflipping
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{5l: Action Recognition with LSTM

O 5RHEE6: CNN+LSTM

LSTM Cell — LSTM Cell w—- LSTM Cell w— LSTM Cell
States StEes States
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O HEMNEHE—ENEEEN T — MRy = f(x;0), HEMEFINEIRENSIEFI
BRIZHES, B, BRI MNBERLITTRIENE(EAINMORT, RIFSINBR—
N MEIET) | SEIMSNESRSW

O FREFZIBNZEHEENENFS, BURFIN—EEDX, HZOSBEUZEHE
R A KIBIE R E BTSN, NESUEFBEhEIRHERT

hidden layer 1 hidden layer 2 hidden layer 3
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output layer
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lion
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RANEREY

O IMERZEL (cost function) TENX T HELMBIEIXZINES Bir, RMEA(IERE
ZLMENBRNEE, MFR{FIRERZ(loss function)

O XKSHNAREATLHRA—INFEDTmp0ix 0) , BB REBHEKIUM
i ENEE

® Minimizing the negative log-likelihood
® Minimizing the cross entropy

J(0) = —Ex y~pgaca 108 Pmodel (¥]X)
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CEE

O

O

RAEENERRB SR ERMESH, BAVURKES, \THRSEEIEIEN
B BRI A

WEREENL T EELy = f(x0), BEVIGEIEED = (x,t)li = 1., N}, 23
HERRMEIE PSR S RER
WEEHBRR M OB IMEIRETAL (L, 71(6)).

0* = arg min L(ti,yi(e))
7]
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BEE Th#iE

O BE (NHEERE) NHEERRHE LHA&RINGE

O BENFZNEES ERARMHER S R EFFRESL, (FRKREEE
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n: 3K (learning rate)
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Z1 l
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Zl Wnll
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O pREETE hl = g'(W'x + bY)
L — wipl-1 4 pl
z2=Wh~™+b h% = g2(W2h! + b?) !
= g/ ;
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l
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Wnlnl—1

y = f(x;0)
0 =W b=1,..,L}

71



RMEREEIE (Back Propagation)

O kE{ERE(Backpropagation, BP) EiERIIGEEMNBHIRLELR BEREFS
HIEf. BP EIZHIEARRIERE: EMNSHIFINIRE, NeilEH R ZEREITEE
MRZTTINRERN TR, FHELEZEMBRINENRE, (FEMIRER/IME

0 REMEBEFRENEAR—RIIBZRTTREAR RIS

» David E. Rumelhart, Geoffrey E. Hinton,
Ronald J.  Willlams ~ .  Learning

representations by back-propagating
errors. Nature, 323, 533-536, 1986

Geoffrey E. Hinton
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HEy ax’mX1 S/ mXn aX’kaxn
Y Y
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O gEzGAN
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dx o du dx dv dx

74



RAIEEREEZESFRIE
0 BP EAMRL RN, B B — R

___________________________________

oL oL azt
owl 9zl awl

— 5lhl_1T

I 1
LN ] N

(=Y

o

o

613 . OL le _ 61 [ - " .
obl ozl ob! Al | e
1 W71111 WTlllnl—1
sz 6l = = | "
1=Z=LI —_ N ,
0z! .~ »

~
o o - o e - o e e e - e e -

75



RAIEERZEPNRIE

O BP SEiZH O EF AEzVEN, ®BTErEE—ERISE

0L 0L dy '
ol = 3L = a_yﬁ = VyLG)gL (ZL)

0L 0L 0z'*10hn'

I — —— —
0z! 0z't1 Qh! 07!

— (Wl+1T5l+1)@gl'(Zl)

O: XN JcEEE

76



FIRARAEESZHITSHNFIRIE

> BIAER: RIBWMAITES—RUEEE BEmEE

ITHRREERER: 6 =V,L0gY (2Y)

> RAEBIRER: NEHEZEHFR, A TES—EBENREINS =
(Wl+1T5l+1)®gll(Zl)  EHIE—E

- HERE: RES—RORETFIREE, HERRAET R ERIRBAIR:

A\

oL l l—lT 0L l
B = — =
LS 5‘h ' S )
oL oL
> l l l l
W' < W _n_awl’ b* < b _n_abl

O EMHESEETRMEAN, ELn)lgT, BEER—IMLE (mini-batch) FIFEARITEFIIE
B, XA LI B EINET &, BEETHEATTIREEE
O ErESLERE, SRENRE—E, FIAE
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BlF — BIREHE

z! = Wlx + bt

0.1 0.3 0.4770.1 1
= [0.2 0.2 0.3] 0.21+ |1
0.3 0.7 0.9110.7 1

=[1.35 1.27 1.80]"T
h!' = g'(z)= [1.35 1.27 1.80]"
g*(z")

= RelLU(z')
= max(0, z%)

z?> = W?h' + b?

=103 0.5 0.4

[0.2 0.3 0.6
0.5 0.7 08

=[2.731

h* = g*(2%)=

1.35
1.27
1.80

2.76 4.004]T

[0.939 0.94 0.982]T

g*(z*)
=0(z?)
1

1 4e?

1

= W3h* + b3

=104 0.7 0.2]]0.94

[0.1 0.3 05] [0 939
0.8 0.2 0.9110.982

=[1.867 2.23 2.823]"

h3 = g3(2%)= [0.866 0.903 0.944]T

y = h3[0.866 0.903 0.944]T
t=[1.0 0.0 0.0]T

9°(2%)
=g(z3)
1

14 e 2
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'0(213)(1 — 0(213))'
g% (@) = |o(z3)(1 - 0 (2))
0(z3)(1 - 0(23))]
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