IR S R4
Deep Learning Algorithms

JuM-5E Leo Van




§ 2
,v
)

P
H i

o N T HZENZS
o GRIHZE N 2%
o TEINFHZE N 2%

o IRIES-SIHEZE




N T A& 4%



M-P 1515

N LMWL (Artificial Neural Network, ANN) J& — s {7 A=V 22 ] 25 R S5 A D RE Y B AR Bl T AR,

PRECEAT A T EOT M, ARYES

SVIRIRREETT, FRATTAT AR E

E—~ M-P (MeCulloch-Pitts) #5244 :

G.‘rrj




M-P 1515

ML § FEH 3 B k:

LWMES: ERIIMEIT § ERMAGS2RIN 1, . 2, 2, Hn D, BNMESHIRE
2 MIMNMRE (bias), 124 +1. KIMES @; X FRGE: j I NRINES o, 3k

bio

OINAIREE

N w0 [ RIS E
1 wj; ML f BB

O’A‘
@)

2. IEds: MAGESXHMETT j FIZAS MESHIZIZ M, KIIZRIER AR T — A B SHEMEH G4

n
Uj — E wz-j:vz- —+ bj
1=1

3. BHGPAZL: NI j, SAES R

A A] DA — 0SB RER

=
— /
e

i I, FEETEERGE RS f

Oj — f (zn: (wijmi -+ b))

1=1

B/
5

e~

1 MK




Dot PRI AL

HZETCHABEGS R f (v) AR S AmtiES, B HBUEREE

Iﬂfﬁ@?ﬁ(mi‘aé Q*’r i El’ﬂﬁji—*%/l\l‘j?]@%, PRIERE N 1,

1 MR <0
Fl) = {0 R v < &

BLERHEFA TR ae T LB [—1, 1] BUBTE REL, H{EK
] AR N -
1 WRv>0
f(v) = { 0 WRv=0 (4)

—1 MR v<0

1.0

0.0 0.5

-0.5

-1.0

§ 2
Ky

________________

i WEE SRS

-~ —- TH1
—— TH2

0.5

1.0



Dot PRI AL

AL
M

sigmoid PSR A THhZE I

AR —2% “S” TEHIRIZR, logistic X

—fh HE N :

1

JH— A PREY, H
PN sigmoid PRIZHY

f o) =

1 +eav

()

Logistic PREAF] T EERREL, HAEFEE —R2ESL A

. signum FREF] sigmoid PR

S, HUBREUERYBUE

LRI [—1, —1]o ANHIEVIRZEON signum BRELHY—HY,

HaENN:

f (v) = tanh (v) =

eV! —e Y

eV 4+ eV

0.0 0.5 1.0

-0.5

-1.0

il o R 8%
— — = Logistic

——  WHERIET]EAEY




§ 2
@ O

Uit PRI EYL

ReLU (Rectified Linear Unit) z&H Nair ! ¢ A$2 H A —FIESe R30S RIEY -
f (v) = max (0, v) (7)

fiE%E ReLU BUBMBREHYS N, MR IUHIZIRE T S HONE —E R E LB 1 B KRV, ReLU PREHTG | AR 1 1%
GUs PR AT — =R, B

o XTI EEIRZHIMAEM LS, ESRIETERE (F140: Sigmod PRE) HTHMImHIFEUEE T 0, *FEUERAITHE
ISf EERER BETH R YR, ReLU BRENAE > 0 NSOy 1, Mimr] LAE A R RIR E I 15

o« ReLU HRZAYTHHE XS FLRVDN, ARG BEEERN, FoiuhREoRFRITTERER, 1M ReLU KEUXFH

IR R AT R ISR, TEIRERN L,

e ReLU RN FRILANHIRZL (2 « < 0 B, ReLU REHIMEN 0), X=ESFMILEHRIF > MZIchmL oy 0, XAEEAM
ERPERIIN 2% A] PAZRAE 1 IS LS TR A& A

1. Nair, Vinod, and Geoffrey E. Hinton. “Rectified linear units improve restricted boltzmann machines.” Proceedings of the 27th international conference on
machine learning (ICML-10). 2010. o
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1. Rosenblatt, Frank. “The perceptron: a probabilistic model for information storage and organization in the brain.” Psychological review 65.6 (1958): 386.
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1. LeCun, Yann, et al. “Gradient-based learning applied to document recognition.” Proceedings of the IEEE 86.11 (1998): 2278-2324.
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G R R XS T HAT TR A 22 P 25 R A SR Y A0 32 B2 B4 5 U
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representations),
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MEREANE, TRAZERERZEZZIEIRZA ]
2o AERICAE ~ bk () ME ki~ (5) AR
Lb T EREM EIERE T R Z RIER VR E
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L2 22— 1 H tfb 2L (pooling function) X 2% i (AT HE— P AFEH N 28 =, Ak BRIZUEE FE 25— B A AR <
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IRl NSy 3, Ztf e, T* P21 KR

1
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Z1EREJZ (Fully-connected or Dense Layer) HY H R/ Bl 15— ML RV HIE R SR LAVt 7 < B, Bila, &
Ja— M ERRH R/ [5 x b x 16], tHELEHE 5 x 5 x 16 =400 PR, XTF ??ﬁ%bmumlﬂ A, AR A
0 % 9 3 10 TEF, KM one-hot ZmbdHYIE, fiiEI 10 MR, BIANTE LeNet i 2 M EIERR, BRI REU A
9120 F1 84, 1ESKIRMNM A, WBE SERENTREIBEDR. FETESNE, EHTRENNE, B T2EREH
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lb
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9.Q
Ve VO
N
P

o MNTEIHEC 22K, BN 1M TR SN T 228 md, B Al DU 22 7r 2L Al — R E A H
one-hot A T4wY, Hila0 [1,0] RIEAEL0, [0, 1] FRIEA 1,

an




V
/)

~_h_y ®a X
12U R Y i
.0 - Inception-vd
Inception-v3 . ResNat-152
- TS_HESNE':-E'DO Rest 101 ' VGG-16 VGG-19
Heswefgde
E 704 E 70 A‘ ResNet-18
LE:? “LE EN 1: GmgLeNet
% 65 4 % 65 4 ¢
2 T © Bn-NIN
. 60 4 = 60 - 5M 35M 65M a5M 125M  155M
BN-AlexNet | | |
55 4 55 AlexNet
50
b et W et wet AP0 A0 b O b G) D b 0 i 10 15 20 25 30 35 40
o) ﬂ%&'ﬁhﬁﬂ% ﬁh%\_, t$5 q{-ﬁ'q{ﬁ' ﬁ:&: Eiz:t&:;ﬂ%::% izi‘;nﬂq Operations [G-Ops]

FE () B Tf F ImageNet PEZEH A CNN M5B AIHY) Top-1 HIHERIER, 7] DI ) ResNet #l Inception 2244 PAZE /D
7% WIEF LA 7 HMZEN, FE (G) A —MERI 7R THERRDIMIEZER, ST E AT Y25
NEL, HARERON TR AR, DN Top-1 BYTERAER, IR R/INNMZERIZEU N 21, 7] LAE H ResNet # Inception 28
FIFEEE AlexNet f1 VGG NMYE B S AYHERZR, EIHFRERAFSECNE (BN FTEEEE —EMH
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WS ER )

AL M 2% (Recurrent Neural Network, RNN) — & 2 fa I [R] 28 I 22 0 2% 1 A E &5 #4188 I 22 M 2% (Recursive Neural
Network), HFZHHTX FAIEEEE T2,

AN TR ST I I A£E 0 28 42 52 115 2 B % A 15 21 it
RNN A TAHZETOA — P D BRI R, 4F

/INo

Xt T T 5 B X 25 4544
[y @@, )
TEAEL,

-

HE AN — SR 7S]

i
-y

y I~

H Ly © Rn, n yg!ﬁﬁﬁ)\)

1. TEINHZE 45 . https://leovan.me/cn/2018/09/rnn/

AL

D,

L

T

/ Lt

B

®
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https://leovan.me/cn/2018/09/rnn/

WS ER )

- A=
= HH Igl%\ E JZ=

OB ER, N T E TR TREAET T, R eRIMES S an N E k.

@ ® @ ® @
() e i

I 66 &6 o

MHNHIEREEN {. .., b1, he, Ry, .., B By € R, m ARSEMZLIL ML REETREMNBR/NIIEZFEEEH
1TH)AE R AR TR IR REAT I 2 B A e 1 L

1. Sutskever, Ilya, et al. “On the importance of initialization and momentum in deep learning.” International conference on machine learning. 2013. 43



§ 2
,v
o

)28 5L 42 3

(S B X T BRGNS ZEH] (state space), BUFRZ N memory 1

hy = fu (o) (35)

o = Wrgx, + Wggh_1 + by, (36)

Fur () JBAS BRBIERA, by WS BRI ERR, S RESEEN (. ¥, Yo i, ..}, Hiy, € R, p i
HEMSLITT T

Yyt = fo (Wraoh: + b,) (37)

i fo () WS ERMIEES, b, WS BRER R,

\
/

1. Salehinejad, Hojjat, et al. “Recent advances in recurrent neural networks.” arXiv preprint arXiv:1801.01078 (2017). "



§ 2
)

WS ER )

£ RNN A& B Y BE BRI AXHH (E D ERIEYC:

tanh (2) — < (38)
all L) =
e’ 4 1
Tanh BRZEFR 72 Sigmoid PRERHIZETN :
1 tanh (z/2) + 1
o) =T o= = ; (39)
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16 JEE TR ORI R A KE

J745 RNN FE1EHY ™ ERY[A] @Efﬁmm Z9Rrl (Vanishing Gradients) 1%
P 3 NNTEA ¢ = 1,2, 3 TR, & BRI ITTIERT e S FER

h, = Wigz,
ho = Wrges
hs = Wrgazs

TEXN T —DNFFNNZREH R R BN -

L

Ly (e, §e) 9 t RN,

\
/

Wrarho + bn,y1 = Wrohi + b,
Warhi + by,ys = Wgohs + b,
Warhs + by, ys = Wgohs + b,

T
Y, Q) — Z»Ct (ytaﬁt)

t=0

1% KE (Exploding Gradients), FA(]PAR [H] 74|
AT PRIZL, A

(40)

(41)
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10 JEE R ORI JEE 1 K

BATIAMH t = 3 NZINHIRXYN Wig, Whg, Who KiFS, A:

853 5’53 8y3
OWpno  O0ys OWpgo

853 853 8y3 3h3 | 853 (9y3 8h3 8h2 | 853 8y3 3h3 3h2 3h1
8W[H N 6‘y3 8h3 8W[H | 8y3 8h3 8h2 BWIH | 8y3 8h3 8h2 8h1 8W1H
0[,3 8£3 6y3 (9h3 | 853 8y3 8h3 3h2 | 8£3 8y3 8h3 8h2 8h1

9.Q
Ve VO
2
P

OWpyy  Oys Ohy OWpgyy  Oys Ohs Ohy OWyy  Oys Ohs Ohy Ohy OWgy

A, AERENTEENZ t, Wig, Wy BRSO
8£t 8yt ' 8hk
8W1H N Z 8yt 8ht (I;IH 8h ) 8W1H
Lt s,

OWgg



16 JEE TR ORI R A KE

0L,

% F

OWpgy'

EFERTER IR N, ¢

= H fu (hj-1)Wan (44)

(BTG R RN tanh, A EIZIHE | tanh PREAI FEHY

PRIREUE T

I,
tanh

O

0 < tanh’ <1, RN HAZ x=0H,

(z) =
12 ¢ BRI, T Fir (hjo)Wag BIET 0, M2

Lo

A

*;lg)j gﬁ{ﬁﬁlﬁj DEio
2.8 W KM, [Ty Fia () W BOETTES, T

/\}_L/—

=PBJE

&

Ing

L bl

)R KE (]

1.0~

0.5-

-1.0 -

O’A‘
@)

function

tanh

——  fanh'

Mo =
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FIARRb ] i %

RNN [T A ARSI AL, B ZIRREEZEAVIRSBUR T ERIE Z0RES,  IXMPEEH (13 RNN A] DURAE,
FAMEE KNS R E /G5, HAERRRE, BAMTFENHRIIEE RS FiRES .

W O ® O
T T T T T

hy pP—= — — i

b6 6 & &

fan: = E—"1HTAHZ i S eaCFaITE S 58, aRINTAEMN “the clouds are in the sky” HHY &5 —1
i, BAIRBRERLN EFER, RBAXMTRSILE sky. EXMENT, FHIIAE SR B 2 [ A R
/N, RNN A PAA YA 28915 B

) -
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FIARRb ] i

BAERZIBENFREEZH L FUER, ZEFEMMNAISCAN “I grew up in France ... I speak fluent French”, $&kI
NEERARFIA BN ZE—/iEs, HAEFEBARZMME S FEE RV EN TEEERRNERER, #ig b
RNN A fE ST ACFRIX AR, (HESZER R RNN AMRMERE XN R

» ® ONENCENNC
T T T T T T

Jri'[', e h] —

il i

N

—| fyy | o

i

1. Bengio, Y., Simard, P., & Frasconi, P. (1994). Learning long-term dependencies with gradient descent is difficult. IEEE Transactions on Neural Networks,

5(2), 157-166.
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LSTM 2 &5i14 T

KRN IZIZM %% (Long Short Term Memory, LSTM) 72 1 Hochreiter #1 Schmidhuber ! & (i —HR45 7k HY RNN, LSTM HY
H B2 A 1 AR HMH R, ICE R RIFE B2 LSTM RYEATIRE,

FITAE HOPEEAHEE I 2541 2 FH B A2 HORRERA Y — 2%, AEARIERY RNN A, XD EE RIS LR B, NS —
NMEGERECN tanh RIBRE R, 1 NEIFTR:

) () )
; i

4 ' .f"' E 4 ™
1,@1
)

b "y h "y L vy

1. Hochreiter, Sepp, and Jiirgen Schmidhuber. “Long short-term memory.” Neural computation 9.8 (1997): 1735-1780. -



LSTM %4544

LSTM @RI HESRIRGE Y, (HEEE R NS G AR, BRRAEIFAE MRS R, malur, JFH AR
PRRYTTINHEAT2E B, A FEFR:

3, 0, @)
f r

4 ' 4 4

Tr’% r’

RIS — S04 LSTM $7T (cell) (T REER, 62 RITRITIAER I EIRORF SHETR S, Q1R IR

O — = <<

Neural Network Pointwise Vector
Layer Operation Transfer

Concatenate Copy
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LSTM BpyciRZSFIT T3 LT

LSTM HJR8E N E

K ZEIL BT EZS

BT TE%
i,

A ICHVIRAS (cell state), HIFHRE
EITHVIR S —

ek b, RN NELEDE
SR LIRA G fsteis N EJT

() IR

/T\ﬁ%l_ mr, = \E
=M ERE, &
REFFAAD

LSTM B A R EITIRSEHINE M ERE EHIEETT, IXHRE

e

—HRRZ T (gates) EI’J BAd ATl [ 12— RA] ik

PEVERVIEE BB YA A, EHi—/Z P Sigmoid ETE R

BT 25)

/INo

Sigmoid EH I HEST

F

i

EiEd, — > LSTM E

PEER, 0 RRARY
A7

V1AM Ye)

N

053]

2:%[]_‘/\ %75%7@?@5&1’!31"])&5’] a1 (F) B

T ORI 1 ZIA], 3% 7ArnFEy
HMEEEEN, 1 RRARTFITAEX
1 il &

LICHIR

9.Q
Ve VO
e
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LSTM TAE 2§ G

LSTM RIS — R E R E MNBEITTIRESHRILNER, X—P 2l — MRz sl ] (forget gate)” Y Sigmoid M2
Fﬁ%ﬂ %)= L){_:QHHLZIJK%/E\EE’J%EH hi 1 %H%’lﬁﬁii/l\ﬁﬂ“?ﬂﬁﬁiﬁu)\ . VENRIA, BHA— DT 0 1 ZERME, 118K
EHbREE, 0 REREFR, FHBIZAIRESEE, FIURSFEL S TIERMNE B P E EfAAE, (2380 —

Aﬁ%f%ﬁ,%%%ﬁﬁZmi%%@whmo

ind ad
s_|

hy

h.r

(45)
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LSTM T /¥

gate)” HY Sigmoid M52
ﬁ JJ\JJH:KI:IJ FRITIRAS

IZIJL; {%;{\j]n IJE

TIRS

o PN B OE ARSI 2B E R, RXEEMNET. B8 A— T2 %Al ] (input
=, HOUEEHTREEE, B ES \jj~/\ Tanh 452, ,\Hr“ s N RIEE R C) I
o ZIERNERITES, N EIUIRSHITER, ERAMANESEA, B0 BERH E1Er A

§ 2
,v
o

R ERRIC 0 BRI .

iy

Jrlr

it — 0 (Wz . [ht—ly wt] —+ bz)

) (46)
Ct — tanh (WC y [ht—la a:t] -+ b(])
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LSTM T/ %

T 2R [HIVERITIRES Croy BTN Cro BATRHIHBIRICIRSTELA f IEHIFTR R RIEZ/ D ZRIlHIER, BNt
12l £

§ 2
x\

LTCIRSHIEE#T, ERATIRVIES BRI, R EE RS 7 BT DA 5 Z il E1EEAIE R RIS HrE

hy

— >

1o

||r|'.|l 1 hf

C: =1 ©Ci1 +14 © C, (47)
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LSTM TAE 2§ G

E'): BAIFR M B och R, IR T RITRVIRAS, (BN — IR, B eBAT TR —1 Sigmoid W48 EKRIHE
TUIRASHYF Y, HORBATIA BITIRZASEAT tanh #F CREEMESERE -1 M1 1 Z[A]) 5 Z il Sigmoid ERVHIEAHTE, &

/Ef 75 2 (S S

\_I

\W Im

o =0 (W - [hi—1, x| + bo) (48)
h; = 0o; ® tanh (C})
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DRV 27 STHE R %

"F' . Chainer B_d

Marvm
Tensort Keras B® Microsoft

C affe CoreML Torch  Paddle

%.']IDSIA
> ONNX theano

Caﬁez @)// |’16J( PYTSRCH @Xnet
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https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://leovan.me/

