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What we want is a machine that can learn from
experience. =T = « B X

1.1 ATEgE

FREBARRNET L B =k Ty, RN BB, R E SRR I &
PRI 7 ANATH H AR . Il g i 7 20, AN SERT DR Al Bt i i 2 B e s
B HAAT, MR NS AT Sl 2 1 B 52 57 B AT 55 Rt ok o AR X T 7 B =
REMIAESS, WA, WIRVLESAN, BZNESREESS, RS EMN, %5
gt )T B AF ST AMNG, TN TR B ARG A R ] ) G AR

BEAE TR 5 ) BRI S, N LR RREMI TS FHUS TR AE BB ALK, W
B I AlphaGo # fef& /7 C &t N it B MV, 75 Dota2 JiExk I OpenAl Five
RERE P OGS ZERME OG, RN AR A, B ReTE &, HLESEIRSE —Iimis HH AR B4
HENBINAT AT AETRATH A TS A AL N T REFAGe, 8 H Tk 2 & REK
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13 N LA Rem AR K o

PR RBATHEA BN TR GE, PLadF2], REF NS DU BT RS X
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PRI TT IR AT T 2 8 2 3%, IR 2012 SEFFAE, B TRCRION 3, RIRRZ 0
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WL 27 S AT Loy A W82 2] (Supervised Learning). 7o B 2% 3] (Unsupervised
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1.2 HlaeZF I n 3
FRBES] AIRES INEIEEAS TRAX SRR Sy, BIEBA RS 5] B
forx -y, HfAUREA KL, NS E. ISR, 8 TR 1) T
fo ()5 HIARZEy Z AR ZERMRAL 2500, 13 IEE S —IRBEME TN RS HE. % WL
BB AR, BEEE, KRN, FENLARREE.
TS SRR AR AN BON B B, X T REFEAxEEEE, FEREA
1T RIVEAR RS, XFO7 N o B 2] . Gl B A — KB A SN IR E
155, RIBBYTRE LI Afe: x —» x, 7N H B % ) (Self-supervised Learning). fE
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1.2.1 REMHE M4

1943 4F, LFE%EZK Warren McCulloch i %5 2% 58 Walter Pitts F 45 A4 #1142 7t(Neuron)
ik, R T R RMATTECAEAL, By MP A TR BT S (x) =
h(g(x)), Hglx) =Y;x;,x; € {0,1}, HALEIT g (o) WM K 52 Bk AR T, ik
g(x) =0, Hittl1: WRgkx) <0, Htyo. FTLLER], MP #E TR A %> 6
73, R e 58 B € 12 4R 1 H5E .

X1

y €{0,1}
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1.5 BEnHEEY

1958 4F, SEEL.OHEFK Frank Rosenblatt & H 1 58 —AN0] DA H 2l ST A 2L Jo iR
A, FRNEFINL(Perceptron), W1 1.5 Fivr, it {Ho 5 B S Hy 2 (M HR 2 TR B4
TCHIRLE S H{wy, wy, oo, Wi bo BEEINLEE S 2ET “Mark 1 BREIHL” BEAFSCEL, @ 1.6
1.7 Fi7R, IR 400 ARG EUGARIERER, Bty 8 AN s+, AT LA iR il — 285 3¢
FRE FAT BN 1943 F~1969 F NN TR BE KB IEE — IR LR

[ 1.6 Frank Rosenblatt 1 Mark 1 BE0#11 & 1.7 Mark 1 BLENHL PR LR L5442

1969 4, ZE[EHELS 5K Marvin Minsky 55 ATEHIRE) (Perceptrons) —F5H$i5 H 1 /80
WLEE LAY 1) 2 2R, RO TGV AR R ] B 1Y) 37 B XOR SEZMEAn 7 ) fil . X B3 3K

1 K A3k H https://slideplayer.com/slide/12771753/

2 3k B https://www.glass-bead.org/article/machines-that-morph-logic/?lang=enview
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T DU ARER I 2 8 O FUE N TR, — 00N 1969 45~1982 A A N T4
REA SRR —IRFEA .

RET ATURBERICE ], RERE E LERIT TG R R, X R E 2
PR AL S 16 16 515 (Backpropagation,  fAi#K BP S04, EAKIFRBURIRE 3 (1)
ZOHEBHERE . SEBr L, RIERRIEE B RAE 1960 A CAHESH T, HEREHF%
AR MM . BE 1974 45, EEFHEZK Paul Werbos 7EA 11 418 S0 55—k iz
AT LUK BP RN H B M4 b, SRR, X RIS R . BEE
1986 4, David Rumelhart %5 A\ 7F Nature &% T8t BP HFREMEE L, BPH
EA AT T2 R

1982 4£ John Hopfild (& ZERE ) Hopfield M4 (4R 1, JFIE T 1982 £E~1995 4EM 4
TR TR BEE MO, X B AR IR T BRI NG, PRI, A
SRR . 1986 4F, David Rumelhart F1 Geoffrey Hinton 5 A ¥ BP SVENHEZ 2
AL E: 1989 4F Yann LeCun %8 A% BP HEMHEF SHFE A E, B TEX
BRI, XERGRI R AEMEERLR] . BT RS RS L 1997 4, MAHCNT
12 WIE A28 X 28 A8 i 2 — LSTM #% Jiirgen Schmidhuber $& 5 [F]4RX[) f P4 28 X 25 9
e

BRI AE, PRE 2% B FL R 2 DLSC R IR EAL(Support Vector Machine, ik SVM) N
RFIL G ) FIEXGRITRETE RS, RN T RERIEE k€4, R &AL
A A B LA, SR ASERCD, RN EA Rz Ihe ), MR, #f
SNSRI R, AR, IRMEVIGIREM S, PR, B 1.8 i T 1943
F~2006 42 [8] (1) EE ORI R] 5 A

Hopfield
A R )X, XORF# &, 5] A A % % F&Boltzmann  RNN R RNN
1950 1969 1982 1986 1986 1997
1 1 ‘ 1 ‘ !
T ! —1 ? |
1943 1958 1974 1985 1986 1990 1997 2006
Ab e AR B AL A BP & 1) 4% Boltzmann MLP  LeNet LSTM  DBNZE
B BEiEM%

& 1.8 REMHEME L RBEEZ%

122 REEY]

2006 4, Geoffrey Hinton &5 A & L i 3% )2 il 25 (1) 77 2URT DLt 25 2 J2 ph 22 )
%, JRE MNIST F5307 I Fr 8 se LIS 70T SVM IR iRE, JHE 148 3 IRANLH
R M. fEIR3CH, Geoffrey Hinton i {X#2H | Deep Learning FINMES, X HAGRE)#H
22 284 MY SR B 24 ST B K . 2011 4F, Xavier Glorot £ 1 284 %2 37i ¥ G (Rectified
Linear Unit, ReLU)Jy% B84, X 2B e N Z RBOGE R Ez —. 2012 &, Alex
Krizhevsky $2H T 8 JEHIIREFZL LS AlexNet, KM T ReLU BuG k%L, FEAdH
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Dropout BEARP7 10L&, FR 05 7B Z MR 77, BEHEAE 2 Pt GTX580 GPU LI
ZrM 4% . AlexNet fE ILSVRC-2012 B iR Al Lb ZEH3k48 78— 4,  LLEE 44 1E Top-5 HiiR
RS TR 10.9%, o

H AlexNet BiBUSE H f5, HASFEREEBRRAHg Y kK, HPH VGG &741,
GooLeNet, ResNet 7%, DenseNet %5555, 1 ResNet Z2 41 W25 SEILfRT 5, 5CR T
=, RPEENEMERRAZEEE, E2 ET)2, FNREEEATERELT,

B T A B S S T N BRI B ) A 2 ) SIS IS T EOR
(ISR, 2014 4F, lan Goodfellow $2H T AE X BT L%, It XTI Zhir 77 s SIREAR K
FLSEA A, TR OB R B e BhJa,  RE AR O UM A R g SE e, BORii
B AESACR CAR 2] T IR S I IE . 2016 4, DeepMind 2 &) MR #HZ
W2 Fl5m AL 2 U, $2H T DQN ik, 1 Atari Wik & H K 49 MIERREUS T ANFEH
MEE A RKE; R4, DeepMind 2 1 AlphaGo 1 AlphaGo Zero £/ REFE
FEARRFT N R T BB AR RN SE s 7R 2 R Be R UMER Dota2 WiEX-F &,
OpenAl F /& ] OpenAl Five £ GEFE T 1E 2 BRIF R I T HHT I T TI8 5 ZE OG BA, JEILH T
KEHHR = ZEEEERE. B 1.9 71H T 2006 4:~2019 4F 2 8] F K I 18] 5

GAN A 5%, TensorFlow B EiF &N 4 % TensorFlow
ImageNet ST M2 ResNet A A AlphaGO BERT Pluribus 2.0 X #
2009 2014 2015 2015 2016 2018 2019 2019
[ ] I [ ]
T

2006 2012 2014 2015 2015 2017 2019
DBNf & AlexNet VGG DQN  Batch AlphaGO OpenAl
BAER % 2k GoolLeNet Normalization Zero Five

B 1.9 REF 3% REELZ

13 REFIHR

SEGRINEE I EE. REMAEMZMLL, DUCHRIRE ¥ 8l BA I
o

1.3.1 HHEE

BRI 22 ST S0E LR T B, RS PRI, F5EABEEME B RN, 111936
S UL ST 25K Ronald Fisher R EE (1) 55 AL F B 4E Tris SLEL 5 3 AN RS, &5
AN 50 ANMFEA . BEE MRV AR KR, Wik REE BRI E 4k, W & 17 SR b
Z 3K, 1998 4E M Yann LeCun YCAEHREHFE ) MNIST F5 ¥ 7 K H Bl £E 3065 0~9 3£ 10
BT, FAZINZIE 7000 FKE F . BEEMEMGE RN, TTHBREES, W25
W BAMSHEERE LT A, A TR A, 5525 E LR 2B K
1o IARH AT AR R AT LR S R B R O T RE, W 2010 421 ImageNet 4 4R
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THERE IR IR N TR R E S — N EE R R, br b, BHATRE S 2 1
RHFESAE 1980 AL O Apk s, HEF] 2012 43T 2 H GTX580 GPU IIZ:H) AlexNet
RAUG, IREEE IR F AR AR LRI . A5G BINLES 5 ] R FEAMG AP M 285 XA 0 4
P A ELAE A TR SR, JEHE CPU LR AT SRR A5 2 s 4 . (HRIRE %
e T MBI AT I TR A, B RS 4 #2294 3548 ] NVIDIA GPU Hl Google TPU
B AR 22 0 2% AT s Al AR 28, R RS AlphaGo Zero 7E 64 Bt GPU _E M
FEIIHINNG T 40 RA1G LT A ) AlphaGo J7 A H B R EE R T
800 ¥t GPU [A]I Il 2 A BEAL AL HH A e 1A WX 48 42544



1 E NLERR%R [FERLALEEN] 8

H A58 T 2 Re g 8 F IR FE 2% 21 s A A 8 4 32 Kk H NVIDIA /) GPU &F,
Kl 1.12 1% 7 M 2008 43 2017 4E NVIDIA GPU #1 x86 CPU HIEEFD 10 121K BT ris 3L
(GFLOPS)ftifahrAc e 2k . ATLLEH, x86 CPU (¥ #2848 LA %2218, 1l NVIDIA GPU
VT TR e B, X R i H s 3G K AR T B AR 2 3] T S R S IR BN
[

8000

86 CPU
7000 NVIDIA GPU
6000
5000
17
o
S 4000
[
<
3000
2000
1000 ',=’/"
k——/k/"
0 r v v v
2008 2010 2012 2014 2016 2018
by

1.12 NVIDIA GPU FLOPS #&#(##Ek B NVIDIA)

1.3.3 P LE AR

FHIMBFINE I 2 EMEM S EHR NG 1 Zii#E 2~4 B, NESHEBERTL
Fio BEAETREE S S XA SR S 03 T, AlexNet(8 J2), VGG16(16 J2),
GoogLeNet(22 /=), ResNet50(50 JZ), DenseNet121(121 Z)ERERIAPEEEH, [\ &
FrI RN 28x28 BT K, AFK 224x224, 299x299 2, X ELAFi AR L% (1) M S HUE ATk
FITFHg0, Wl 1.13 Fiors.

PR 26 USSR K, T4 I8 P 4% (1) 25 B AE G K, AT i 65 27 ) 31 B 2R (M BRI
BRIV Rt 2B 2 32 T A — T, MR RIBLIE K, BIRE EA S I IE IS,
T B BIEEMT EAN AR,
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ILSVRCHk #% 4 ImageNet# 4% & 5 £ 4L %

152
R GARA ZH mTop-54iE &
28.2
25.8 19 22
I I 16.4 117
8 8 . 7.3 6.7
4 4 II 3.57
el = HEE B ! N N e
ILSVRC10 ILSVRC11 ILSVRC12 ILSVRC13 ILSVRC14 ILSVRC14 ILSVRC15

1.13 MERB T iass

1.3.4 BHERE

fEd %, N TIRIHEDUES ERSEVERE, EAE & E TR AR AL AT e 56 15
€, AT SETE A R R e . IX IR IE B e AT 2 FARAE 55 75 5 Ok
1, — B3R 7 AE), IREIREE N TR IR B ek B IE N 5, AR
HFRTH AR, B IE A AN 5

Bt —AMENIR R LLA 35 2] B SRR A R e LA — B ARAIIE R
o WESAINATIRE, RRIGLERHERENEEL —. ETFENMESR, & X7FHE
BEXS BARBESSVOHRFE . ISR I A%, EABRBEE e esE 17, HlER il
Al HARKI, 35 SO EISET A, LA AR TR A S i B I R, IRAF RO R e
IF, JERERR: 7 Atria W& I, DeepMind 11 DQN Ry AL n] LAZEAH R 1) 5
% BASSHIAESEIBOE T, 78 49 MR EIRG A AR, 23—
FERpEH R RE. Bl 1.14 /2 DON LR ML g5, B AR T A et i, 1
ST LLSATTEFTA M Atria JiERF & 11 49 /NI

Convolution Convolution Fully connected Fully connected
4 v 4 4

NNNNNNN

j g
§
| §
‘ §
‘ i
/ a [
[/ e g /
7
g
§
g
g
\ g
g\
\ 2\
i §

= E] \=

o

>

O

S
7|1~K(-K~l«)l')‘ |
‘Ll ELEELELE UG AFNE
@ (©] (©] [©] (@] (€] (©] (& 2

& 1.14 DON BAMELEMRER (Mnih, AREALA, 2015)
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1.4 RXEFSNH

WA HE a2 M BB M AvER, SlnFHlrriEsE T, e L
R REA BN B, NS4 . BRATRMTHENILE . B RTE S B AR S: > 3 M4
AT, ARERIREE S I — 2 LR -

1.4.1 HEHAH

B FiR Bl (Image Classification) J& % LAY 2RI @, #0258 X 25 i3 A\ N B R i, S
B A RTFEA TR R BRE R, 388 1 UL 28 B R B A E e A I It 2 . &
Jr R e B N IR B 2 2 AT 2 —, SR VGG &%) Inception &
51|, ResNet R%1%%,

H #aAll (Object Detection) & fi& 181t 5% H Bl H B 5 A WA R B, 1@
i I FHE(Bounding box) %, R HIAFAERYIARIRANE S, WK 1.15 Fix. %
WL B ARKEI 547 RCNN,  Fast RCNN, Faster RCNN, Mask RCNN, SSD,YOLO &5
o

& X 2% (Semantic Segmentation) A&l 52 H 30 F RGN B E R R A 2, "B
W TE S BB ME R R KR, i MG &= SR TR0, Wikl 1.16 i
TNo 5 DLETE L EIREA FCN, U-net, SegNet, DeepLab %7414 .

S u g
Building | i

T
5‘5'
i1
Y
i
sy 13

E 1.15 B RE & 1.16 B S EIRE

VAR (Video Understanding) Fifi IR 2 2 7E 2D B HUAH AT 55 b BT 1 3%
R, HARRZ4EEAS S 3D MU AT 255 32 BRI 2 10 . 7 WAL T 55
MBI, ATk, MRS . B C3D, TSN, DOVF, TS_LSTM

.
2,

B R4 B (Image Generation) 825 > BUSEE R (9904, FEM A2 ST B o0 A b RAE T 3R
1318 H R AR e BT EZE AR VAE £7%1, GAN #7415 . HH GAN &
HIEEIE AR AT T ERIIEERE, &bt GAN AL F= A [ B R AR B 1 AR HERE =08 11
MR, WFE 117 5 GAN BB A K A

bR T BRI, REES SR HARTT ) EHS T AMAERIRCR, B ZR R T #2 (K
1.18), Mk, KR EES, KERREOES—RIEHEELHBZNES, RTE
Mg, AFAUR.
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1.17 BRI RBER Bl 1.18 ZARRAZTBHRE

1.4.2 HARES b H

HLEEEN % (Machine Translation) i 25 FUNL 28 BIPRS00 5 &L F At MLas Bl A, X
42 2016 “EHT Google #liF R KH MFA . 2016 4F 11 A, Google 2T Seq2Seq #i7Y |
4 1 Google fHAHLZFFHIERG(GNMT), H XL 7IIE S 2 AE S MERRR, £2
TES LSl T 50~90% 11 UR$ET . FHRINLAR B 1528 Seq2Seq, BERT, GPT,
GPT-2 %%, JLrh OpenAl 42 1) GPT-2 BB KR ik 15 124>, HERATZYILLER %4
&N HIE A TR GPT-2 A4

BIRALEE A (Chatbot) HiIRALAS A2 HARE F B — I FRATSS, BN EsS
NFENE, T AR R UR R R B sh E1E, -5 7 RS R AR 55 ot &
WRHAEEHRA. BIRARS, FRFEEFT,

1.4.3 3%

BIAERR AR TSRS, LR T & REnT LA 2R, s fb 5 2] B, A nT DL
BIERTI, AR R SR B BBk, B AT B T 5 OpenAl Gym,
OpenAl Universe, OpenAl Roboschool, DeepMind OpenSpiel, MuJoCo %, “# FHI58ik2:
2J5i5H DQN, A3C, A2C, PPO %%, fERHI4E, DeepMind AlaphGo F2/7 D& A
KREMEZE; 7E Dota2 FIAEFRF Uik I, OpenAl F1 DeepMind & )5 BEFE Tt 7E FR 1
R 5 e 7 ROV BAATL o

PLAE A (Robotics) fEF LI B, Hlas NFHEH I T —E . 41 UC Berkeley
TEHL#S A7) Imitation Learning, Meta Learning, Few-shot Learning %5 J5 [/JHUfS | AN/ itk g,
e IE WS 7y 8w N TR RE S A BUAS 5No,  HeE L8 NAE B R R AT
£, ZREREIMESES ERIRGE 1.19).

B 31 % % (Autonomous Driving) # I\ A& 52 =T 47 3 P REHLAR & K — AN 2 U7
M, REZARHRNRKEFIAANEDE L, WH . Uber, Google L AZESE, HAH AR
TANEL “Brpoe” cafedint. M2, )WPEEEITREE, B 120 A KR A S5
K%
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1.20 B Apollo BE B IR E

1.5 REF SHEZR

THARGEHE, WA, 2T 7RSS LR R sq, AR BkiE — FIRE
) BRI TR

1.5.1 EHRHEZE

O Theano s&fFHIRE S IHESE 2 —, B Yoshua Bengio 1 Ian Goodfellow %6 AN FF 4,
—/NET Python 1G5 EARZIBENHAE, Theano [FI 3 FF GPU 1 CPU iz
. T Theano JTF KRG, BRI EmT BIEHE, FINIF &N R TensorFlow
ZEJR K, Theano H Rl C&AF 1E4EY,

Q  Scikit-learn & —/NEE KAL) EERTEE, NE TE NGS5
POCRE, SORMFIRGIBECNFEE, H2 Scikit-learn FAS R [ I1HI [ 4128 9 45171 152 11
(1), ASCHF GPU NI, X2 W 28 A0 5% J2 S I UK Bk

Q Caffe HAENELTHIEE 2013 Kk, FE M R HGRMEMNLE NN HLE, I
ANE S HABERI AL N N Caffe [ FE B RIES & C+, WML Python i&
BN, SCREGPU M CPU. HFIFRIS AR, fENZ TR B, 2017 4F
Facebook ffH T Caffe IR A Cafffe2, Caffe2 H I 4 @A 2] PyTorch & H.

Q Torch Z—MEWHMMFBE IR EE, ETRATINIIEES Lua JF K. Torch RiEME
B, BOSEUHE XM ZE, X2 PyTorch 4 ARSI RFEEK . (H2&HT Lua
EE AR/, Torch —E RBESAF EFMN .

Q MXNET N LR MBIRENTTR, CE2W LA w1 E TR I HE
2. R T ar AT 5 NI G 77, RIS, BATHER, SCRIFIZEG]
WEANFEE.

Q PyTorch #& Facebook Z&T 54 ) Torch HEZEHE H 12K H Python 1E A K16 & KR

3 B3k A https://www.bostondynamics.com/

4 B /3K B https://venturebeat.com/2019/01/08/baidu-announces-apollo-3-5-and-apollo-enterprise-says-it-has-
over-130-partners/



https://www.bostondynamics.com/
https://venturebeat.com/2019/01/08/baidu-announces-apollo-3-5-and-apollo-enterprise-says-it-has-over-130-partners/
https://venturebeat.com/2019/01/08/baidu-announces-apollo-3-5-and-apollo-enterprise-says-it-has-over-130-partners/
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JE2E 2IMESR . PyTorch {5 % | Chainer % THRUAS, R A2 nfE, (ER5E M2
WA ZE A T8 . R PyTorch 7 2017 -4 KA, {H72HTH R B 0%,
PyTorch 7EA AR T V24 vF. 7E PyTorch 1.0 A S, JEAK M PyTorch 5 Caffe2
A7 7T &I 9RAN T PyTorch 78 TOLERE HHIFIA R . SHIK YL, PyTorch &—ANEH
PETF5 IR BE 2 ST HESE .

O Keras & — 3T Theano 1 TensorFlow S5 HEZEHE (it [ i 2 18 51 SEEI 1) 5 JFEAE 2L,

P 7 ORE SR, WApmE8 0, T8 WM KU, H Keras 7&K
FAEE S, HEHTRAKRESM, FEXNREERBITHMER, BITAEANE, RiE
PE—.

Q TensorFlow 72 Google T~ 2015 R AR IRE S SIHELL,  SWIRA A SR A5 At
s T RAT TR, BLA Google 1EVRE %% 2] S K520 /), TensorFlow R TR A i
TAT IR E 2 SIHESE . (H 2 BT TensorFlow % & iHINE AR ), hRgstitEEIUA,
F55 AR T R AR AR N ME S 7] 8, TensorFlow 1.x kA — ML SR . 2019
F, Google #fE i TensorFlow 2 TEZURAS, ¥ LABA KR Se i, MR & 57
TensorFlow 1.x WA K 2 6k, CIRMLFHITZ AT,

HHIKHE, TensorFlow 1 PyTorch HELLE MV A FH e A 32 PR AR FE 2 ST HE SR,
TensorFlow 7E TS 56 2 HIAR UL T7 ZAH F 2840, PyTorch fas T H A 8] R G 1 0
Wit ATDAPUEB R A, R SRS I PE i . TensorFlow 2 KA JE, 57%h
1 TensorFlow £ EFHEEETT AN 2, 675 H 7 7T LABRRE 4244 - F TensorFlow FE4E, N
ToaE TR E BT 2 TV RSt A15LL TensorFlow 2.0 FRAE N EEHESL, SEAR S AR
FoJEE.

P 1 BRI A4 TensorFlow 5 Keras 2 [BIE R 5 X 5. Keras A AFEfE N — &5
JZ APL IR TTHELYE, Keras A SYAXERVEA B S, 7E TensorFlow . SEH [ iX %
FUVE, RN tfkeras #E, Jf H. tfkeras ¥{E N TensorFlow 2 fRAS[IME— & 28210, BE5H
M OEZITURM M. R, A Keras #4814 tfkeras.

1.5.2 TensorFlow 2 5 1.x

TensorFlow 2 7& —> 45 TensorFlow 1.x i ARG 5€ 4= AN A HIHESE, TensorFlow 2 A%
TensorFlow 1.x FIXAY, [FIBS7EmfE RS« BRI O 8 h 35 Lt KAHAZRE, TensorFlow 1.x
ARSI T 77 k%, B3 77 LIFAFERE . Google RIKHAs 1E3CKF
TensorFlow 1.x, A% >] TensorFlow 1.x iR 74 .

TensorFlow 2 SZ FFanASEML e, 76 TR ] DR I 3RS 015 B S 5E S5 R, v b
AAD AT S, M WBREIRR—F, BEEHES, EERFERIITRE
%4,

PLTE B[ 2.0 + 4.009FH iz HoA46,  7E TensorFlow 1.x W, E5GE T K-
import tensorflow as tf
# 1. BT R B
# QI 2 NMEAG T, RE B
a ph = tf.placeholder(tf.float32, name='variable a')

b ph = tf.placeholder(tf.float32, name='variable b'")
# QIR TS EERE, Jrad
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c op = tf.add(a _ph, b ph, name='variable c'")

BT B AR 2R LB A S @ A Re = a + bIIEFE, UL T AR5
B, A LR REARPEES R, FEldsr ARt Fo, HRMEa =
2.0,b = 4.04 BEP1F I BUE S5

# 2 BT EN

¢ OIEIB TR

sess = tf.InteractiveSession|()
# WG D IR T B R R I AT
init = tf.global variables initializer()

sess.run(init) # BITHIMEILERIE, SERAIGENL

# BT T, F R R

c numpy = sess.run(c_op, feed dict={a ph: 2., b ph: 4.})
# BHEH T A R B EUE R ¢ _numpy

print ('atb="',c numpy)

A LAE S|, 7E TensorFlow 58 i a1 5L 2.0 + 4.018 ELAnt o, 5559356 61 8 5 A 1A 28
WEEA ZARME, XA ET I EE T g AR T S S U

BT SkIRA L TensorFlow 2 K52 H%2.0 + 4.0 5

import tensorflow as tf

# 1. QA GKE

a = tf.constant(2.)
b = tf.constant (4.)
CHPEATEIRTED
print ('atb="',a+b)

Xz E R R BT H B a + bR RSB 2 5 2.0 + 4.000 77 R iy & Ui, BRCh

AN . TensorFlow 2 Al PyTorch #& K FH ah A E(PLJe) B0 &, IR, A

WERIHTAS . — Mokl shASBBAIT R AR, (HRBITRETRAmESEE,

TensorFlow 2 tH 3 FFil I tf function K302 BIPL e A PRI B A ER S BRI, SEIUF K
IBAT R W i o

N

1.5.3 THEEE R

R 22 SR O B A R s AR, IR STHEZE ORI TSe BV A M T A . gk
fI K878 TensorFlow VAR 5 ST HEZE R 3 KAZ O IhiEE, M 5 BhBRAT I BRARAE 2R 7E By ot
Wi A
a) EHE

PHE W28 AR b K& R FEAR e, HFEAR I SE R AR 2 H A, TensorFlow [
FLIhReHUR R A GPU i E I SCHLIAT IHE I DIRe . N TR GPU BINEECER, kA&
ok S8R KR A FNHERE B A FEAR Sfeis B 1) 13912 SR (AR IS UE . FEHPAEFE A 1) shape
N[1,n], HiF%E B ) shape A[n, 1], BT n B4 605 FE R KN

BT B AU CPU 1 GPU Ja 51 2 MRS
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# QIETE cpu LSS 2 ANMERE
with tf.device('/cpu:0"):
cpu a = tf.random.normal ([1l, n])
cpu b = tf.random.normal ([n, 1])
print (cpu_a.device, cpu b.device)
# QUM crpuiBHN 2 ANHEE
with tf.device('/gpu:0"'):
gpu_a = tf.random.normal([1l, n])

gpu b = tf.random.normal ([n, 1])
print (gpu_a.device, gpu b.device)
FFiE L timeit.timeit() B& BRI EE 2 SRR (132 550 3] «
def cpu run():
with tf.device('/cpu:0"'):
c = tf.matmul (cpu_a, cpu b)

return c

def gpu run():

with tf.device('/gpu:0"'):

c = tf.matmul (gpu_a, gpu b)

return c
# RO A, B R AT IR L BU R S5 SR N
cpu_time = timeit.timeit (cpu_run, number=10)
gpu_time = timeit.timeit (gpu run, number=10)
print ('warmup:', cpu time, gpu time)
# ERTHE 10 &k, BUPAET ]
cpu_time = timeit.timeit (cpu_run, number=10)
gpu_time = timeit.timeit (gpu run, number=10)

print ('run time:', cpu time, gpu time)

BAPEAFR/N) n N H CPU il GPU Blig B Az hl v sk, Wil 1.21 Fin. aTLLE
B, {EFFE AR B BN, CPU A GPU BEJLF—8, FEARAILH GPU FHATTHER
e, AEAERERCRI, CPU BT R B2 ETF, 1 GPU 784> KIFEIATIHEMN S, 188
B[] JLP AR
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102
CPU
—— GPU
10!
i
=
£ 100
el
iy
1071
10! 103 105 107

4B Ko )n:(1xn) @(nx1)

1.21 CPU/GPU %E 5 +B3RAH8]

b) B3EE

FEAE ] TensorFlow FIEE AT A1 T L AR I, B T REWESRIGEUE LS R, TensorFlow it
~HEET K, 8T TensorFlow ALK AR FHIZIfE, AU ZFZhiET, RIA]
T X PR 45 1) Bl 3

y=a*w?+bxw+c

d
—y=2aw+b
dw

£ E1E(a, b, o w) = (L234)0MFH, L =251+4+2=10

aw -
i1 TensorFlow SZHLUn

import tensorflow as tf

# QI 4 ke

a = tf.constant(1.)
b = tf.constant (2.)
c = tf.constant(3.)
w = tf.constant (4.)

with tf.GradientTape () as tape:# MJEREZLEE
tape.watch ([w]) # & w IIABREIRERYIER
# MR R

y =a* w2 + Db *w+c
# R
[dy dw] = tape.gradient(y, [w])

print (dy dw) # FIEIH S
tf.Tensor (10.0, shape=(), dtype=float32)

c) WHMEM%EEN
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TensorFlow B T 1AL E FIAEFEAHSR, FINEEEREL, ENE T HHMNEEE R
B, HHMGEE, ML, MSRTEINE, WEHES— RINRES ] KRG NERED)
Bt. ¥ M TensorFlow J &M%, BT AT (6 HF| F X Le DhRe se w5 iRe, mRidase .

1.6 FARERE

TE AU 6 IR B 2 ST HESR BTty SR BT MR RS, FRATRAE FAEAR M T AL 855 22 3
TensorFlow H#THHESE . TensorFlow HEZE 2 HF 2 Fi WL ER/E R 48, W1 Windows 10,
Ubuntu 18.04, Mac OS 5545, [AlIN 3747217 7E NVIDIA &R LK GPU hitAMALEH] CPU
SEMATHE I CPU AR . FATTLAECNH WL Windows 10 5&%t, NVIDIA GPU, Python i &
BB, a0 223 TensorFlow HEZE Kz HoAth T R B AE 45

— MR, FERINEE LI N 4 KO IR %23E Python fiEFE#S Anaconda, Z3% CUDA
DiE e, %% TensorFlow HESE, Z23&H FgwiH &5

1.6.1 Anaconda Z&3&

Python fif 2% 72 1k Python 15 & 9 'S FIARISRERS . CPU $UATHIMFAL, 72 Python 15 5 1
%o VAT LA https://www.python.org/ W3t T 2 5sET A (Python 3.7) i RE 2R, 810
I A —FE 22552 s, 5 nT LR A python.exe #7347 Python 15 5 % 5 IYEARAS ST
FEC*py)-

PAIX BLIEPELLEER T Python fERE 28 AR AL IR ST 55— R 54 Bh D BEMY Anaconda X
1, 85t % %E Anaconda B, T LAFRIET 3RS Python fifEds, BEH, BIUMIRSE—RY
EEEDhRE, fIRIMANWE. FRAIM https://www.anaconda.com/distribution/#download-section
MHEEAN Anaconda F#E(UUAT, EHE Python BOBTARA M) N & BRI T R4, THEHTENE %
RERIATHE N ZRERE . Wil 1.22 FrzR, 217 Add Anaconda to my PATH environment
variable”—IT, IXFER] LS Ay 247 77 A Anaconda FIFE/F . W 1.23 fivs, 236HE
Fr ) i & 75 4 2234 VS Code B, 4% Skip BIRT . B2 im0 RE4E 5~10 405f, A
AA B[] 55 HCHE VBTV BT SE

O A 5 2 Anaconda3 5.3.1 (64-bit) Setup = X
_A Advanced Installation Options o Anaconda3 5.3.1 (64-bit)
J ANACONDA  customize how Anaconda integrates with Windows J ANACONDA  microsoft Visual Studio Code Installation

Advanced Options
Anaconda has partnered with Microsoft to bring you Visual Studio Code. Visual Studio
Code is a free, open source, streamlined cross-platform code editor with excellent
support for Python code editing, IntelliSense, debugging, linting, version control, and
more.

4] Add Anaconda to my PATH en:
il Tatale

To install Visual Studio Code, you will need Administrator Privileges and Internet
connectivity.

[“IRegister Anaconda as my default Python 3.7
This will allow other programs, such as Python Tools for Visual Studio

Visual Studio Code License

PyCharm, Wing IDE, PyDev, and MSI binary packages, to automatically
detect Anaconda as the primary Python 3.7 on the system. Glnstall LR
<Back Instal Cancel Back Cancel
7y P
1.22 Anaconda &2 A -1 1.23Anaconda &2 A H-2

RN SE, BAKIE Anaconda J& 75 R IIWE ? EIT AL EIY) Windows FE+R £, B[R]
P H BT XERE, i\ ecmd [FIZEE1$TH Windows H 4 Ay 21T FEF cmd.exe, B A
HIFEE R, BN emd WA R F] cmd.exe #2177, FTIFRIA]. %A conda list ip 2RI Af & F


https://www.python.org/
https://www.anaconda.com/distribution/#download-section
https://www.anaconda.com/distribution/#download-section
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Python I35 V&2 2E M, WRZEH L 2E 1 Python JA35, U1 H (1) 22 # & Anaconda H 77
RN A2, 1.24 fizs. MR conda list GERS 1EH # HH— RPN RE R,
VLB Anaconda I ZHE ), WIER conda iy ARERE N, WIULRH 2228 M, 75 EEH e
5

nme

ab_nb_ext_conf

1.24 Anaconda %325 MK

1.6.2 CUDA %3

H BT VR FE 2% S HEZL K #2E T NVIDIA (1) GPU & REHATIEIE A, KR B e 2k
NVIDIA 4L GPU II# e CUDA #2/7. E%:% CUDA ZH, WHiAA T FHLEA 3L
£ CUDA T2 NVIDIA & R#cs, WERTHEHIEA NVIDIA &4, Wi EALERAE
PN AMD, LK #EB 7 MacBook ZEiCACHLiN, MITCiZ# 3 CUDA #2F7, BRIt aT ABkidix
—3, BE#z N TensorFlow %4%. CUDA %3558 CUDA #AF%e3E . cuDNN JREEHf
Z LG IR () e B A AT B L 8 = AP IR, MM S, W e e S A
CIRIER, BRI R .

CUDA B223E T CUDA 2 FEE M https:/developer.nvidia.com/cuda-10.0-
download-archive, X B A1 CUDA 10.0 iiA, MKIER: Windows V&, x86 64 42
¥, 10 248, exe(local) A Mz 254, Fik#E Download BIF] N % CUDA 38, TH5E
BE, TIOR3, wilE 123 s, @ Custom”i& T, sl NEXT 424518 1.26
RARTIEFRYIR, 1EIX BIERHTR 2 MBUE AR 2 2R T . £ CUDA iR, HL
¥ Visual Studio Integration”—Xji; 7E “Driver components” i 5, Xt HAfiHHEN B4
LR )R RIKS) “Display Driver” FIIAS “Current Version” F1 CUDA H i ff1 i <35
WAS “New Version”, 1% “Current Version” KT “New Version”, |75 ZEHUH

“Display Driver” 4], WIH/NFEEET, MERNAER A 5 E 5E RS I a] IE 5 2234 5¢
Fo



https://developer.nvidia.com/cuda-10.0-download-archive
https://developer.nvidia.com/cuda-10.0-download-archive
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A )

nvinia nvinia

2 Installation options Custom installation options

v @ Expr

Options Options

Note: Some flashing g the nstalation

1.25 CUDA RZ&RmE-1 1.26 CUDA RZERME-2

ZRTERUG, FATKNIRX CUDA B B 23 ). 17T emd 47, A “nvee -
V7, BIRTHTEN |7 CUDA MIRRAE R, B 1.29 B, G4 Joiialil, ee 2%
KW, [FIRFBRATIHE AT M CUDA F)% 34 4% “C:\Program Files\NVIDIA GPU Computing
Toolkit\CUDA\W10.0\bin” R E| “nvcc.exe” F2FF, WK 1.28 AR

A

nvinia

@ Custom installation options
v

Options ion _ Current Version

1.28 CUDA RELERMiK-1

t_Time 2018

130

1.29 CUDA RIELERMiK-2

cuDNN MR INTEE LS CUDA FHEAZRES TR M & 1T 1) GPU Il &, "ETH
M) B P BT E RO R BT G0 R SR X TP R 258 S F I, 75 BRI 22 4%
cuDNN J&E., FTEJERMIAZ, cuDNN FEFHANZEBITREF, HFEE ML cuDNN XfF, 3
fiC & Path PREAR S RI AT,

FTHF W3k https://developer.nvidia.com/cudnn, ¥ “Download cuDNN”, -+ NVIDIA
NEIFEE, R cuDNN 75 B8, Kb H P& EE e 6@ w5 A4 sedest: v
o BxJE, HEA cuDNN FHESH, 21k “I Agree To the Terms of the cuDNN Software
License Agreement”, B T3 H cuDNN RRA N k. FATiEE CUDA 10.0 ILECH) cuDNN
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WA, F i “cuDNN Library for Windows 10”7 4RI A] T2k cuDNN 3044, 5 EEREN
#&, cuDNN A& BHAG —ARAS, R EIETEEMN CUDA FIRASXT N, ANEETNEA
VLEC CUDA hit A< 5 i) cuDNN 3

Kl 1.30 CUDNN R A& $% 5 1

T#TEK cuDNN U fE, BRI FFREA SO, AT AN “cuda” B RE 4N
“cudnn765”, FHEHII I, FEN CUDA K23 #4% C:\Program Files\NVIDIA GPU
Computing Toolkit\CUDA\V10.0, #50lfi “cudnn765” SCAESRIT], IhAbn] G4 75 B 7
PAORBR XTI HE, GEFRgk L RITTRENG, & 1.31 Fis.

. = | vi0o - o X
Home  share  View 1]
« « 4 1 > ThiskC {osm- > Program Files > NVIDIA GPU Computing Toolkit > CUDA > v10.0 I v O | SearchviD £
™ This PC
¥ 3D Objects bin
B Deskiop cudnn
= Document s Ludnnies
& Downlosd I cudnn765 1 I
di
b Music .
extras
| Pictures
include
B vide e
L05(C) lib
« DATA (D) libmp
- PRIE) vl
- VIDEO (F) v

- Backup (G)
tools

@ Network 2 CUNA Taolkit Release Notestxt wr01E et Documer "
17 items 1 item selected ==

& 1.31 cuDNN XXHHIRE

R Path BLE  [IA cudnn SR EHIED T 58 B cuDNN 1238, (AT ik R4

RERZ IR AN 2] cuDNN SCHFIALE, BATTHEEA/MCE Path AR, T SCHNEEE, 76
“TimEix” BAd, &R CRMET, ER AR RaEET, & CABTR, ﬁul
132, 1£ “RGALER" —fhikd “Path” AT, &5 “iE”, WK 1.33 for. &8
“Era”, BIANFAT cuDNN H e #g1E “C:\Program Files\NVIDIA GPU Computing
Toolkit\CUDA\v10.0\cudnn765\bin”, Filid “[m) F#55) 7 $EAix — I 7% BTl

& 132 EXFETE-1 & 1.33 BEEIFETE-2

CUDA Z#5eifa, AR ERMiZ & “C:\Program Files\NVIDIA GPU Computing
Toolkit\CUDA\v10.0\bin”, “C:\Program Files\NVIDIA GPU Computing
Toolkit\CUDA\v10.0\libnvvp” F1 “C:\Program Files\NVIDIA GPU Computing
Toolkit\CUDAW10.0\cudnn765\bin " =T, FLK K45 AT GEUCHR PR A2 IS A N, 4
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1.34 7R, BN WK R i, R ITA X T AE o

AProgram Files\NVIDIA GPU Computing Tool

New

Browse.

Delete

Move Dawn

c
[«
[
T
c
c
[
[
(<
<
c
[=
c
[«
c
. Edit fext
c

[

<

c

oK Cancel

1.34 CUDA kI ET 2

1.6.3 TensorFlow Z:3%

TensorFlow F1 A ] Python FE—#¢, {#H] Python % # T. K pip install 74 B0 %
3o %% TensorFlow I, 7 ZLRYE FLIKZ 75 NVIDIA GPU < R A E 72 % % P i B 5 )
GPU AL A VERE — R ) CPU hitA .

WA pip fir & 22ei), WIRES I N B0H fE S L R E M 1 0L, REE
WK pip ¥, W75 EAE pip install fy4 G AT b “-i JEbE” BIWR], Blan{d G 24
numpy £, BT emd fr ATRE, I\

# A E NS IR numpy

pip install numpy -i https://pypi.tuna.tsinghua.edu.cn/simple

BRI B3 NI numpy P, BLE EENTEP pip FEGEE SR RE.
HAE AR TensorFlow GPU i A

# (IS EYR %3S TensorFlow GPU AiUAR

pip install -U tensorflow-gpu -i https://pypi.tuna.tsinghua.edu.cn/simple

R4 H3) T % TensorFlow GPU htA 44, Hij /& TensorFlow 2.0.0 IExXUR, “-U”
ZHRE R O, WPATF a4
IAEFRA IR GPU MAH) TensorFlow 72 153 %45 L. 1£ emd #4217\ ipython ik

A ipython &2 H. X%, i\ “import tensorflow as tf” 74, WIEREA R RIE, k8
A “tfitest.is_gpu_available()” Wl GPU 2 G0 H, M SFTEIH—RFILL “17 FFk1)
& B.(Information), HAHE TRIHE GPU B RiZ&ELRE, HESIREl “True” 33

“False”, fRET GPU W #2 G, Wk 1.35 . WHA True, W TensorFlow GPU
WA 2222 5 ); NN False, W23k, 7FZEHHN CUDA, cuDNN, MEiArE 4
ABR, BCE SRR, WIER T SRR
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1.35 TensorFlow-GPU 2R %25 Rl

WA %% TensorFlow GPU WiuA, WIT] LL223% CPU fRACE I AR >) . CPU Wit
TEFIH GPU gt &, 1HEIE X2, (RS I H R EER A — AR, il
F CPU WA RERI SR NAT, i HEXHRE S 2JH 7 — & T 7+ NVIDIA GPU # £t

SANAT o JREGE, 423 TensorFlow GPU WA T RE%s 7y L 2 R s oL, 1R 2252

RENTFRe—M, RS TIRAEAGERE, 7 LLERZEE CPU [RA M AE

2%¢ CPU WA i 2 A
# A E NSRS TensorFlow CPU FRA
pip install -U tensorflow -i https://pypi.tuna.tsinghua.edu.cn/simple
LZHE5EG, 1E ipython i\ “import tensorflow as tf” 74 B A IG1E CPU FRAS A2 75 22 235 1%
i

TensorFlow GPU/CPU WA %45 5e i, PILAEIE “tf. version 7 BHANHI 25
TensorFlow A5, &l 1.36 Fis.

IPython: C:Users/z390 - O X

tf.__version__
"2.0.0

1.36 TensorFlow Ry Zs:Miz

& F 1 python J&E 3 0] DAY 22 2% «
# fEHIEEIE 2R H python FE
pip install -U numpy matplotlib pillow pandas -

i https://pypi.tuna.tsinghua.edu.cn/simple

1.6.4 ¥ R 2% 23

] Python 155 9 527 177 RAEH 2, A LAM# F ipython B# ipython notebook 773
A 5, Wrl PR Sublime Text, PyCharm 1 VS Code %§4% 4 IDE J1 & H KR
WH o ABHERAE A PyCharm %5 AR, (EH] VS Code 2 FLATT A&, X Wy # W] L5 2%
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23

i, WP BAT TS, JHECE Python iR ds, RTRME, AHAGE.

FERR, ARRA DT RR A 3] R !
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1.7 & Tk

MnihVolodymyr, KavukcuogluKoray, SilverDavid, RusuA.Andrei, VenessJoel,
BellemareG.Marc, . . . HassabisDemis. (2015 4 2 ). Human-level control through deep
reinforcement learning. Nature, 518, 529-533. & 2% KJA:
http://dx.doi.org/10.1038/nature14236



2y EIDENS

AL O N TR RSB ANRAE 5, (HRSE
brt, BEMERER e, FATHA %% 8
BB g AI. —3A - Bl

2.1 AT

BN R AL S 125 1000 16AMPEE TG, B E Tnil i R A {E 5, it 4
RAL B G T, ML IO A R R T EORBIRZE I 2%, TR 1 N B2 A
R, B 2.0 PR YA TTai i . 1943 4, O BEEESRIE « RIS
(Warren McCulloch) FH% B8 #5272 SRR R « B2 2k (Walter Pitts)id i X A= ¥4 £8 76 10 55
SEH TR AR T LR AN AR R 1 B8 (MeCulloch & Pitts, 1943), X%
R L E A Z KI5 « B ATH R (Frank Rosenblatt) i3t — 257 J& BB A HL(Perceptron) &
R, X R IR B S A

AR

ﬁ Ak

A LA e

2.1 BARVE YRR STEERC
BATENAEYIHE T R, EIREFEEEIRAINIR R 28, ESEIT A 3% I
FRIAPFATZD
HE, BATHEAED I TC(Neuron) ALY M GO W 2.2(a) I LA 450 & ook
NHExX = [x1, X5, X3, 0, 2] T, SIEREWS: forx - yEEHEHy, Ko hvmErg
BMSH. HEFREEN, BT f(x) =wix+b, B NFRERN:
f(x) = wixg + waxy + wexg + -+ wpx, +b

SR T DUE R B 2.2(0) ELW R B

© EHMKH https://commons.wikimedia.org/wiki/File:Neuron_Hand-tuned.svg
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F2E [\ 2

x<kﬁ9——%@ @\X\;__%D

O— e
: : "
i mﬁﬁ@ ) (b) 7 22 . % bx

22 MATHFER
S0 1= {wy, Wy, W, ..., Wy, DYHIE T HHETTHPIRES, I [ € 0 S H R T i 52t
TEHIALEEZ . KA TT AT s = 1R )N, Mg e R Tt — Do

y=wx+b

BERS FRATT AT L2 A 22 e i sy A Ax AR Ak ka3, aniEl 2.3 A, BEEHIAG Sx
FIIn, ey R 2 Ze N, HrhwSH0T DLEL RN B2k IR (Slope), b ZHUN
HLZE 1) B (Bias).

y = 1.477x + 0.089

10.0
7.5
5.0

. (x(Z),y(Z))
0.0

-25

-5.0 (x(l),y(l))

1.5

-10.0

4 2 0 2 4
& 2.3 BN TLLMEETR

SHFREABIZTORYL, xHy KB KRS, p R RAMBHE R . PSR A E — 4 H
2, N TATIwHIbIE, FRATHFEME 2.3 I EZ ERFHMER 2 N EUE -
(x®,y D), (x@,y@)AIAT, o FARRREHE Mg
y® =wx® +p
y@ =wx®@ +p

H(x®,yD) = (x@,y D)}, E R EE A B w R R BARKF]
T x® =1, y® = 1567, x(z) =2, y® =3.043, fON LXdnl15:

1.567=w-1+b
3.043=w-2+b

X R BA Y PR 2 i e — kR, B ey AT AR AA T w A b () R T
fi#: w=1.477, b =0.089.

ALLER], R FREM AR BG5S ] 5 SR AR B A N B 4 T LAY () 2
H, WMTNBARIEHETOEA, RTERFEN + 1A REIE S 0 mT, BIPgitms o
BRI DR B e e A FIRTTIEAFAEAT A R REWE 2 25 XS TATRATRAE i, #A nl e
FEAEMIRZE , FRA MR BRI R 222 B )& T3 o, 77 % No? (1 IEZS 73 4ii(Normal
Distribution, 3=, Gaussian Distribution): N (u, 02), N RAEBIIFEARTTE



22 AT I 3

y=wx+b+ee~N(uo?)
— B NWIMRZE f5, BAE R an 2R ey, W SR OURFEPIAN AR i, AT Re Ay SRR
Wz Kl 2.4 B, B EdE msbr A e 22, ST s AR e e v e
RUBEATAS R, TS S AR A S R (O AR BRI 22 . N 1 Bl IR 22 5N
At 2, AT DUE SR Z AR A AD =
{(x®,yD),(x@,y@), .., (x™,y ™)}, SRFHHE—% “IRiF” WEL, FETRT R
LR KRR S BNZ B 1% 2 (Brror, B4R Loss)Z FlH /N

y = 1.477x + 0.089

10.0
7.5 (@, 5 ®) '
5.0
25
0.0

2.5

5.0

-(x @ Yy (1))
75

100 -4 -2 0 2 4

2.4 HHMIRZEHITRE
Wt U, TR Ze AL, JINTRE 7 2L S, FTRAMEE % H
LR SE R I A RAE i IRTREIK, BATREREIRE] 2R LLE “4F 7 IO T RAE s
IR EL . MAEAHE “4F7 5“7 e ? ~MRERIEEDE, KA R
v A KA s BT EWx O + b5 HIUEy O Z MR 22 P75 R N R 2L

n

1 . N2
=_ E @ —y®
L - i=1(wx +b—y )
RIGHR—HSHw™, b 1R LEN, X R E Ao 2 RATE IR I B 4

1
w*,b* = argmin— Z(Wx(l)+b y®)?

w,b
i=1

Hrn R IR R SN X PR Z T 1R N 77 2 (Mean Squared Error,  fRFK
MSE).,

22 i 5%

WAERNGE—F LR TR T ER H RS2 (Optimal Parameter)w*f1b*, fii154)
DRI R Ry D = wa® + b, § € [1,n]. (A H TR Ze i rE, HEm
KRR T 2 2 B RE AL U B #E(Dataset): D =
{(x®,y®),(x@,y@), ., (x®,y ™)}, HI|—HEBERIISE w*, b MR 2L =

L3, (wa® + b — y®) Rk,

XA TR, AREPREAR,  wlRgE I ok R O R RS T
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T pE I A 1) A SHE T RS R AP N AR BT i (Closed-form Solution). {HA2XT T2 M idE
F(n > 2)ME N, XEHRA TTREANEEMATAR, FRAT R RefE B EUE 732 2 4(Optimize)
H— AN AL EUE % (Numerical Solution). A AMAEDLAG? 3X a2 BUOATHEAL THEH FE E
A, FRATAT DME BRI R R S A 2R AR A CRlEs 7, WP IR ZEL
B 6 AL 7 VAR B T R BBEN LRSS, LR A IE R Iwr A b, BATTHE AT LA
G o) S () P BEN LR AT S Wb, FE S G AR (R Z2(HL, A8 5 Mt 11
(LY P BEH R AL, B RS w AT b ik iT A E A FRAT T E R e fiw* Al b

TXFP VL SR T L B, (R TN U = 4 BE AU (A4 1) R T SR IRAR,
FEAMNTAT . B R P12 (Gradient Descent) & #1128 W 28| 2k B i H AR B, &
K A E AR HEES B GPU(Graphics Processing Unit) (IFFAT IR RE 77, JEW &SI ES
PRI AR, RS S A FRA 11X B & O 2R PEABE AR o 3K B S 1T S S F o
NRERE, TR YRR E R T e R TR R R BRSO R IR ) AR O B,
PATPEAEE 7 HARH VR HOHE FBRE N IR SIEE MM RN, X B —
%o

TAE =y i A2 T H(Derivative) AR, IR ESKRAE— D BREINR . R/IME,
A AR B LA TR O 0, SR RIRY B AR & il (FRONEE ), AR IS IE A R BRI AT . DARR
Hf(x) = x% - sin () 9H], FRATLH]H R H FE X € [-10,10] X [A 2k, HriEf

SN, FEEEALD, W 2.5 P, AL EEFROEL) N 0 1A
FOOMBER, BB R/ R B ZEE Ao

TN

-75 — R L
FHH L

-100
-10 -5 0 5 10

& 2.5 RBRESH
bR 5 (1) P (Gradient) iE A BREON #A H A2 & (1) fli ‘5 £ (Partial Derivative) 2B 7]
o ERE3 Yz = f(x,y), R E/E%xﬁ@ﬁ@i&iﬂ?‘y?—i, bR B0 5 A% x5 2

e

SAZE, BB KRG, 22 . AT A AR HORIS B O, 2.6

s, f(x,y) = —(cos? x + cos? y)?, By L0 0§ Sk 1K BB B 1) =2 48,
i S 7 RN E B B 71 WTRLE 2, 87 Sk 77 A S2 48 ) 24§ A7 B oR £ i 1 1 i
KBTI, BRI TR BEDS , i Sk B BE bk, A6 R BBt B R



2.2 Ak ik 5

O‘Q
03);7 =
0y

2.6 R REFHEEE?

L EE T, AR EHIEAE 2, BEE AL HUBR ETT TRV f I 245 ) R SR 4
RITTIE, AABEEER T =V f AR [ R BUE > R T R, AT 2
1%

x'=x—-n-Vf 2.1

KAEARTE Hra, RE RIS /N PR EE, e FRAE BB B 1l &, — s BN R
A, 1 0.01, 0.001 5. e, XF—4Epk%, LR ERA AT OB brEF

" dy

" dx

e EAGEATE B A T IR XFER R X e E Uy, B A A RE LU Ex A F BBy
/N,

I Q) T MW ST T IEFOBREE T A, Bl T 5 R B RSV £
RS G, SRR B IRENMEN S0 B, FEERNZE, 78
RS, — xRN, BN, w. bETFS RN

BUAE FRAT TR 8 FH 3 24 U BE P T B By RoR flw* Fb* S8, 1X BB/ M IR & 37 22 1%
ZERRHL:

x' =x—

n

1 . .
£=E§}wﬂ0+b—y®f

i=0

i LRI SRR w Db, PR HATTH%

. aL
by Ok
=775

Ji A S HL

@ B K3k B https://en.wikipedia.org/wiki/Gradient?0ldid=747127712
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2.3 MRS

FEN A T T O ewMbRIBH R N RESEE, ARSNGB A S u A . 1%
AT EERFE B L SIBA ) 2 H R, T O R SERA 1 B B A5 (Toy Example), 471
HEMIEEIw = 1.477, b = 0.089f) 3 SEAS A v B 12 RAF -
y = 1.477 * x + 0.089

1 REYEE

N T B ARG ML) L SERE AR RO R 22, AV BRI INIR 2 3 R Re, TRFEA
R0, JZEN0.01 B0

y =1.477x + 0.089 + €,¢ ~ N'(0,0.01)

IR = 10008, FATRBnAFEA R I ZREdE S D rain.
data = [1# TRAFFEAREEIIFIE
for i in range (100): # FEMEE 100 ik

x = np.random.uniform(-10., 10.) # FEHLRFEMIA x

#SRAE e i

eps = np.random.normal (0., 0.1)

# 3B

y = 1.477 * x + 0.089 + eps

data.append ([x, yl) # DRAFFEALR
data = np.array(data) # #4N2D Numpy #(4
TEIAHEAT 100 YCRFE, FERMIX E[-10, 101813515340 (0,1) F EEHLRAE — Bl ,  [FIR
MIER 0, J5 72 80.12 (1) = i3 AV (0, 0.12) HBEHLRAEME Fie, AR L S Y AR Ry (1450
5, IR Numpy £

2. HHERE
TEFR T SLAE AR 2 (e ®, y O ) by MK 5 BC S0 2 W02 10F 96 U, KT 3415
£ LIS ZURAE
def mse(b, w, points):
# MR LA w, b SEOT R ER K
totalError = 0
for i in range (0, len(points)): # JEHIEICHTF A
x = points[i, 0] # MG i TRHHA <
y = points[i, 1] # #H i FHAM%HHE v
# TN, JERN
totalError += (y - (w * x + b)) ** 2
# K BINEIRZE R, SR %

return totalError / float (len(points))



2.3 LRIERETY S

B A R Z MR DABHR AR S, M BIEAMEAR LR PR ZE .
3. EHEBE
WHE 2 BT RBR R T PR, FRAT R EE S R — A 5 B IR (S B

%), Rl S — PRI RIS, IR, S5 M AT

1 ; ~Y 2
oL 03Xy (wx®+b—y©®)

v 6(Wx(1) +b-— y(‘))
ow adw B EZ
i=1
£l
ag* ag
ow aw
[AL it
L 1x a(wx® + b — y©)

= _ = @ —v®).
W "Z 2(wx +b—y ) T
L=

n

1 . . .
S E 2 O 4 p—y®D).xO®
n (wx + y ) X

i=1

n
2 . ¢
== E (wx® + b —y®) - x® 22)
i=1

WA DA AR FIRHES, T LA SR R R SRR AT SRR, FIRE A T4 7 St it
WA, FATTLAC G R ARk . R, B 1T LI S S
R

1 . .
oL 93 Xy (wx® +b—y©)’

1”awwu¢ y®)*
ab ab nZ
=1
n . .
1 d(wx® + b — y®)
=N 2 (wx® @
nz (Wx +b—y ) b
i=1
1 n
EEPW””” y®)-1
i=1
2 n
= EZ(WX(” +b-y®) 2.3)
i=1

W T 2RI Q2 MR2.3), BAATFEFEG A8 EHA(wx® + b —y©®) -
xOF(wx® + b —yO)H, FiJ5 Eﬂﬁf?‘%ilﬁﬁ‘%iﬁﬁﬂl%o ST
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def step gradient (b _current, w current, points, 1lr):
# OITRRERBENTE S L FEL R v, b
b gradient = 0
w_gradient = 0
M = float (len(points)) # MFEA%L

for i in range(0, len(points)):

X points[i, 0]

= points[i, 1]

=
|

¥ ORERECH b MFH: grad b = 2 (wxtb-y), BEAR(2.3)
b gradient += (2/M) * ((w_current * x + b_current) - y)
# RZEREST w SH: grad w = 2 (wxtb-y) *x, ZFAN(2.2)
w_gradient += (2/M) * x * ((w_current * x + b current) - y)
# MRAERLE L N RS we, b, e 1 REESIR
new b = b current - (lr * b gradient)
new w = w_current - (lr * w gradient)

return [new b, new w]

4. BEEEH

FEVF R IR R BAEW DAL IR E Je . FRATAT AR 2. )R EFw b {E. FRATHE
X HE AR I T A FEAUN 25— IRFR O — A Epoch,  FLAE#13%4X num_iterations > Epoch. SZH

LU

def gradient descent (points, starting b, starting w, lr, num iterations):

# PEHEHT w, b X
b = starting b # b M#/IHA
w = starting w # wHIRA
# AREBH LT B SVA BB 2 I
for step in range (num_iterations):
# THEBR IR E R —Ik
b, w = step gradient(b, w, np.array(points), 1lr)
loss = mse(b, w, points) # WHEAFIAILIIZE, TR
if step$50 == 0: # FTEMRZEFSZE A w, b H
print(f"iteration:{step}, loss:{loss}, w:{w}, b:{b}")
return [b, wl # RFEEE KK w,b
58 HSE I R

def main () :

# NN GREEEE, X LR i SR R PR I R 2 R AR 2
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lr = 0.01 # %%
initial b = 0 # Witk b Mo
0 # Witk w A0

initial w

num_iterations = 1000

# AL 1000 R, REISI wr, b* 5 Loss BT It

[b, w], losses = gradient descent(data, initial b, initial w, 1lr, num it
erations)

loss = mse(b, w, data) # UHEMEEM w, 0 LT ZE

print (f'Final loss:{loss}, w:{w}, b:{b}")

2234 1000 FPEAEEH G, RAFRGEwAIDIE, B w b IR 2 FRATE R K w* Al
b B, BITERWT
iteration:0, loss:11.437586448749, w:0.88955725981925, b:0.02661765516748428

iteration:50, loss:0.111323083882350, w:1.48132089048970, b:0.58389075913875
iteration:100, loss:0.02436449474995, w:1.479296279074, b:0.78524532356388

iteration:950, 1loss:0.01097700897880, w:1.478131231919, b:0.901113267769968
Final 1oss:0.010977008978805611, w:1.4781312318924746, b:0.901113270434582

ATVER], 55100 ORI, wHIbREM CEBHE B! 17, 555 1000 (]33
fow* Mb* B fift 5 H SR ARG, R AR IR 40 ZAR e - 2R & 2.7 Fror

Wk

MSE

0 200 400 600 800 1000
Epoch

& 2.7 ##)I1% MSE TF&ahzk

EIR 7 HA R R BRI R B SRAAE SR R S A s oK Ak 7 B R
&, X RIRIARZMERRY, bR R BREOR MR 2w AT b AT RE A2 = A IME T 4 )R
e/ MEAR, X2 AR R BRI R E 1. (ERIRATESS B R I, IR R T R ENE
RIFIBAERE, ERITERAEAE A REILALAIRGS, AT AR A A SR Ak 2 X BB w A SR A AL
VRS IR AL SE -

2.4 % [E])3

g B m] ot — N FRATHIR R B B e R M A A0 48 T BB s R R g A VAt
M2 e, R + VN EE st aT DU T2 PE R 2 8w flb . SIABIIR 2 )5, it
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BEEE R REENE, FRATRT DCRAE 2 AR S AE PR ILACAS B w b I E B i -

AR FRA L — A LR B R IX A ), e FLSmT DAFR ARy — ZH 2R A (1 ) 1) ) i)
o G EBAEED, FRATHRE D 2 ) BIEE ) L IEERL, AT T A Ui R A () 4
. e BRRRAE, 2o Al TR B S ) @, EanRA M 4
TCRNEMERERY, TR AN R RS RN Wb ZE R . R, RIS
BB, X TAER R A, AT RT DU FH 2% )AL S AR L SE aBh. AN
MR, Eia— S I T ) R

FEILSEAE G, ESAE T 1) R AR DL, B et rE I . R TR IR
RV P S R T« A B T AR TN A o T PR A S S ], BR
BIETH— BOELL I SRBUX H],  FRAT TR A [a) FEFR J 5] U (Regression) ] @ . 4ponllith, s
s FH A I A Y 08 i SRR, IS A AT — 2R T7 v i 2 [a] ) (Linear Regression,
fETPR LR), S [al )= 2 [ U e 0 e ) — LA PR S

B 1 ESAE T ) R LASL, AN A2 AT B HIE T 1e) R 2 B 3 A5 3 I e 18 8 79
W, ERTIEy S TR R RSO R AT AT e PR s € — ik, XkE R
R A AT RE AR M. RAEZRMEHEIME . TR —KHE, TATHEERA
5395(Classification)r] &l .

PN RBATRAR Y 73 I ] e !
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McCullochS.Warren, & PittsWalter. (1943 4 12 H 01 H). A logical calculus of the ideas
immanent in nervous activity. The bulletin of mathematical biophysics, 5, 115-133.
doi:10.1007/BF02478259

Y. LeCunBottou, Y. Bengio, and P. Haffner.L. (1998). Gradient-based learning applied to
document recognition. Proceedings of the IEEE.

Jere. (2017). N L& gefish. KIRAE.



FE3E 570

FEN T RE LA — ST, X2 BLE NS B
AR, 3248 - fipl

HUTH C2/ 4 7 TESAE T AR DR, BUAERA TR PR 2R A 72K
R — A TR S R L ML AR A0 T 25 B S BRI AR RS . 25 R8I P SR A
RRES 22— 0~9 Brr B iR, e fa s, W H R EA AR Z R A, e
B AS . PRIES . TSR R T - A O . 30 R DL B R R
1, R AT RIBLES 2 S 7R LR E A )

31 FERFERBES

BLES % ) TREMNEAR 05 ), EABRANTFRERERERN SRS . LTS5 14
FEFRAAE, wE 3.1 s, RATGFERERENHREANBER 0~9 MEFER A, H
TAEFAAERITE R, — MR 5 46 R 4 730 R 3 AN ] 5 19K /N (Size 8% Shape), b n
224 ME AT 224 MEEF(224 x 224), B 96 MEEMIATHI 96 MEZHI51
(96 X 96), XiKEFWAENRNEIE xo AR, FAITFEL T Ik bk — A hr%s
(Label), E¥ENE R ESLHy, X MaERAXTKE & T — A EARm 20, —Mod
Tk i 7 RN A —— X RLEI AN 0 FEbfgm 5 (04, PhaniarsE m i &, AT
0 KA N M, A 1 SRRt e, oAt nT DS R | R~ 88 MR, iX
gt 7 2R 74 iS(Number Encoding). X FF 5 H7 B AR A] R @, il NE
M, FATHECF R 0~9 KERFN L FH 0~9 ME .

o0\/|& 3 H
5 6|7 7\4

& 3.1 FEHRFERHSG

WER A BRI RS ERAE AR Eae B RIFMIRIN, RIBIAYNZ HHRE 7] (Generalization
Ability)B4F, ABAFATTN %S 7] e 22 M 3G I £ I FUBLRI 22 FF 1% (Variance), S5 3ATH
T5 ISR AR S LS 1) F 5 307 B 11943 4 (Ground-truth Distribution)/S ] BE ¥ 1&
i, IXFEEIIZEERSE Ei 53] 7R A0SR 4T (10 F TR Wad i F 5 507 B 7 i 1l

AT I G — RS 5%, (Lecun, Bottou, Bengio, & Haffner, 1998) &4 T F
FHrE RS, @408 MNIST, BRE T 0~9 3L 10 Mty T E R, iy —
4 7000 5K, REBAFPE RS ALTEE ), —3£70000 K& . Hr 60000




B3 RN 2

ik B AE RV ZREED TN (Training Set), ARG, T 10000 5k & 7 il 4E
DesY(Test Set), FIRTM B MR, I GREEANMIASE I FZH AL T %A~ MNIST £ 4k .

FREBTFE5HEE A OEIE B R R, Rk E R 4128 x 28/°K/,  [FR
RERE T RERR, W 32 for. XEEFHEADS, A8 T FERN B5R
M HASEE R, PR L 101 5 BT S50 B /A R Re %
i, MITTGRIIE TR 2 Ah R

000 0006QeapDO0OZ (OO0
A U T U TV AV S P L U R N |
Ad2AXI 2221222422
3323333353333 333
g st 449 Yy §#5dd 4\ &y
S5 5853%$S5S 58595585549
b 66 bGobbbice bt el
TI79213 1T 2R 777
¥ 3 %8¢ P B PTTITF I 8
799999%94%4994919 9

& 3.2 MNIST $iE&

PAERATRE FE T FRR 2. —5KE 88 T hiT(Height/Row), wil
(Width/Column), A ERAF 715 R (Pixel)(H, GRME MM 0~255 MEEEHERKIA
AR S S, B0 0 RoRGRERAK, 255 RonimEmm. R EEaE )y, WEMEE
MBS T R, Gy B =MNEERREGE, 2hRAGEE, SEIEE, W EEE K
g, LS KEER AR, 8 MEEREH A 1 48, KEDA 3 BRI (Vector) >k
Fon, MER 3 MNICRKRARER T 48R s BT Ry G B Bitasifd, Kibpal )y
T B NTRZ[h, w, 315K E(Tensor, 7] LLBAHWEE MR A 3 4E%2). Wi 2K ERE
Fro MMEH— N E SRR R K EE SR, Billn 0 Rongi®, 255 Forain, Hibe HHRE—
ANTEARAI[h, w] ) — 4E5E FE(Matrix) >R 2 s — 5K B (5 B (L rT LURAE AR, w, 1TRAR 5K
&), Bl 33 R T NAEN S KETFE A IMAERENE, vTUER, BATRAKNEEH X
7~ KERER 0~255 Fox, BRI E B ER A, 0 RAEREALE T 3UE ok .

000000 OO O 0151700 0

0 00000 OO O 052461000 012245 00 00 0 0 0
0 0 00 00 00 0 017425114250 83167244111 0 0 0 0 0 0 0 ©
00000000 OO0 O O 613325325325316961 3 0 0 0 0 0 0 0 0
nnnnnnnnnnnnnnnnnnnnnnnnnnnn
uuuuuuuuuuuuuuuuuuuuuuuuuuuu
uuuuuuuuuuuuuuuuuuuuuuuuuuuu

3.3 HFERIFRR
A H AR % SJHESE, 4 TensorFlow, PyTorch &5, #8w] LAIEH J7 (1) £47

1 B 3k B https:/towardsdatascience.com/how-to-teach-a-computer-to-see-with-convolutional-neural-networks-
96¢120827cd1



https://towardsdatascience.com/how-to-teach-a-computer-to-see-with-convolutional-neural-networks-96c120827cd1
https://towardsdatascience.com/how-to-teach-a-computer-to-see-with-convolutional-neural-networks-96c120827cd1

3.2 AR 5 [FE b Ak N ] 3

RIS EZ) N EEAME MNIST #3558, AFERNGIM 50, {FHRKIEET;
. FATX BRI TensorFlow HZI7ELE N4 MNIST #¥54E, FFFE# N Numpy Z24%
e

import os
import tensorflow as tf # SN TFJE
from tensorflow import keras # FA TF FJF
from tensorflow.keras import layers, optimizers, datasets # SATF FJE
(x, y), (x val, y val) = datasets.mnist.load data() # MM#EEHELE
X = 2*tf.convert to tensor(x, dtype=tf.float32)/255.-1 # ¥ likin, 4ElE-1~1
y = tf.convert to tensor(y, dtype=tf.int32) # ok e
y = tf.one hot(y, depth=10) # one-hot %ifil}
print (x.shape, y.shape)
train dataset = tf.data.Dataset.from tensor slices((x, y)) # MEHIELENS
train dataset = train dataset.batch(512) # flkiEillZk
load_data() R ECR AN o (tuple)®f 5, FB— MRS, 5 2L, A tple
RIS — e R 2 NN R BEX, B A Tu R R NGRE R RN 2R 8oy Hdil gk
£EXHIR/NA(60000,28,28), 1R T 60000 MEA, BEMEAH 28 17 28 FIKAL, W12
WKLV, #eses RGB JHIE; YIZREEYRIK/NAN(60000,), UK 71X 60000 MEAS HIAR%E
Her, BAFEARREH— 0~9 3 TEn. S X 1K/NA(10000,28,28), A& T
10000 KR, Y 1K /NA(10000,).

M TensorFlow H Nz i1 MNIST #d & fy,  BUE G FEIFE[0,255] 2 [7] . FEALZR 2% 2]
i), —fA B I 0 8 FE/NE BN AT il AP ER, RATTHE[0,255]1F &L
Fil )5 — 4k, (Normalize) #I[0,1. X [i], FF4E/8CEI[—1,1]X (8], ANTTA R T2 1)1 25

K E T ERAE RS, BAET RS AR ] D— 0T 2 5k it
5, 7 HMHA CPU B GPU MIHATIFERE J1. —5kIE FIATTH shape J[h, w]HIAERERK
N KT 2K E AR, FRATIE BT I AN — 3R 4E £ (Dimension), {# /] shape A[b, h,w]
kKRR, HHRIbIRE T batch size(iti); Z KA vl LAE A shape N[b, h,w, c]
HIgk R F N, HA ek IBEEE(Channel), EE Fc = 3. @il TensorFlow fJ
Dataset % G 7] DAJ (i 5€ AR R g b = 2%, W RS EE H batch() pR BRI n] R 247 batch g
BRI R

3.2 R E
5] R AT T [5] V) U i R AE AR e i . AT — K N d,, N [ Ex =

[0, %, e, Xa, | R EHIARR R x, BIATDAR ARy = x «w +b. WIFERZHA. Hbf
AR SR R, AT BB T B

y=wlx+b=[w,wy,ws, ., wg |

[ 1]
N
s



y=Wx+b
Hrx € R%n b € R%ut, y € R%ut, W € R%out*din,
X2l AL EIIGRTT A, AT ik
Y=X@W +b (3.1)

Hrhx € RPXdin b € R%ut, Y € RP*dout, W € R4n*dout, d, RIRINTT HE,  doye TR0
H9 53 X shape H[b, di ], RARDMFRERRIIALSE, FMERPFHIEKE Ad,; W
] shape N[dip, douels EEE T diy * doue M SH B FIED shape Ndyyer T
AT R BRI — M EAE ;. @fF 5 R R A e (Matrix Multiplication, matmul).

ELE 2R, BINFHEKEd,, =3, AR dyy, = 200878, ARG DRI
N

* o)

Horhxd, of F1F 51 ERRROR ARSI S, TARRRFEAR R ERITGR . 0 N R B

w w.
1 1 1 1 1 11 12
01 0xf _ (X1 X2 X3||, w
=132 3 > 21 22
03 X1 X 3

2
01 W31 Wz

Bl 34382 MHER

AUES], KR ARIE LR, SRS, R R e R sk T O

ATINEBE ST A B K R IR 55 F S N ANt e A D A A% AR sk T U ?
HREMAE, KK e R A7k, shape u: [h,w], biKER ] shape

Nb, h, wlfITKE X fFff . THA TR K gefie 2 e s AR AR R &, PR 75 20K

[h, wHORE R QB R T4 B A+ wl KB RTA &, a0 3.5 Frs,  Herh S N RFIE I

din =h*xw,



3.2 AR 5 [FE b Ak N ] 5

o
s
0|12 2|
3
s als| o >
6|7 |8 o |
16
7
8

3.5 FEREFTFHRIE

X4 AR, ATHERAICEN AT BT gmis, el ANk RN ESE B,
Blans 1 Rondli, B 3 FonfasE. (HREBFRIL— N R NS, B BFER
IRIIR/N R, 1 <2 <3, W 1. 2. 3 430X N FRS A . 1, i1z a3
B KRANKRZR, P LR U9 A 1R I 2 18 A AR 252 ST B M EE R 2T

HE L B fRPIX AN ARG 2 BT DA A H U B A gy T T SIS de S5 AIEL
FHE, 1EED € [1, doye | M AER R U RTREARE T80 IR ERP (/8 7257 x) . FATTR
RN B RN — ARSI BRI SE RN LA . W R AR
FHiIRIUE, BARSINIAE EEE RN 1, HAMERE N0, TATEXFgG 7=y
i one-hot mid(Fh#gmid). LA 3.6 H1 “Hify S ” FUNRG NG, FramMrEARET
Ot 4 AR —, RIS E1,2,3,4 5 517 B 4 K s R S Sk,
FHIEMBE R, EREFERISN 0, One-hot 4wf%4[1,0,0,0]: % FArAMKIEF, S
B4t 1, One-hot 4wt5°4[0,1,0,0], LAMEIEHE.

EEENE

B 3.6 e SRGREREE

FE5HFE R PEZONEA 10 B, BT S8d e = 10, IBAXTFRHEAFEAR, &
weR T, WER MR, RFEE—ANKEN 10 agy, WEyHIR5]S5 80
PR E N 1, HMA 0. L A 0 1 One-hot 4ifi5°4[1,0,0, ...,0], KA 2 ] One-
hot 4wi45[0,0,1, ...,0], BJ7 9 1) One-hot 4wh44[0,0,0, ...,1] One-hot #ufilh &k Fii
(Sparse)l], AHXTTHr-gmblokin, o5 B Z WA, BT LA — R IEAE AL 2 R
afdh, FEVFER, AR FH IR A ) One-hot Zwfid, @i tfone_hot B ]S

In [1]:



B3 RN 6

y = tf.constant ([0,1,2,3]) # H 74
y = tf.one hot(y, depth=10) # one-hot %4

print (y)
out[1]:
tf.Tensor (

[[1. 0. 0. 0. 0. 0. 0. 0. 0. 0.]

[0. 1. 0. 0. 0. 0. 0. 0. 0. 0.]

[0. 0. 1. 0. 0. 0. 0. 0. 0. 0.]

[0. 0. 0. 1. 0. 0. 0. 0. 0. 0.1], shape=(4, 10), dtype=float32)

PAERATIE 2 F 5 87 B WRANMESS, MR — KT PR R Ex € R?828, it

MK 10 o € R1, EIFHIHEIR y 223 one-hot 4t J5 A2 B4 10 Y
IE 0 81 1 R Ey € {0,130, FMBALRH 24N, S5t mLiEsiflo = wix + b,
Frp B A LA A T (B e, 3RA1 17 B ofiils LSRRyt JRATT—RHtHIA
2oL — IR (Lt ) B He L Al — JZ2 A 5%

33 REHE
ST 2in Ry, AT Bbr 2 KA A YERefa s, FLInWERAIRE ace, {H 23
WP R R R AR, S RIITS AT R, TR T SOE R AL % 5

O, —MMERE, WA SRR B AR, e R % Ho 5 One-
hot Zwhid J& B B SEAR Sy 2 [8] I #E 25(Distance), @i HUALACHEE H bR pf BU5 B FRERY, —%AE
MHAVERE E A RIFIIERI. B, AXFEIE RS, 20280 @ R4 B br ek o v
W B AR R A— B . BERUIZR B A & iE i Pk 2k pR BRI B i R BUE W, b

W*, b* = argmin L(0,y)
W.b
RET 5 SSRGS SR, 3 WL T 20 S Cross entropy) Bk B, TiTA ALK
P 1 LR AR 2 SR BR L. AT IS TSR B A 158 SRR M, T LI R
KH MSE $2k BB R AT 54071 A @ . 5T NAMEAR R Z 50Kk BT DAkik
A

BUEFAT A 3 ZER BT B SR AL 10 R B S BIW, bR AR, ARG RORE Y 25
AR T 5 H 7 K Fra € DS,

3.4 ERR T IS

ZIR LR R, FEECTER R R AR R TR R ? HiTkE, 20
AFAE PR T L
QO RMAEA MERIRLRL S S R A R y —, SR, HERER, M



3.5 FELR PR [FE AL BEN] 7

fE HRERIBENE R R o RIS ] s i 80 B IRBE ST, et g T A R e
W, N H BT TR 4 RN B RN SR RO L i Ab TP R R B iR A —
AN TR] B 2 PEAR R R I R 2RI NI B R, AR ARAN REEAT:
Q RikgEH LRI RAMH 7B TR — 2 WAL, AR T AR T
ICFAIM A TC ILIREE K, ERIRIERE W BAR S, HrhRBRIRIUNIEIE E 47
A (¥ RE
PR R RE ) 5 BR8] 7R e B &L 3.7 Fra, B i 17 s IR 22 R R A
oA, N AHENI U 1B SE /AT W] et 2 R . &l 3.7(a)f, anRAd A
RIERET RS AN R 525, RS ST B P AR s n R P 53 ) 22 T o
B AR S], R R A A E R, il 3.7(b): (EERE TR, Rikae il
i, ARG ARG, DiERMRZALEE s, Wk 3.7(c).

y y y

% > '_,x"

................ 0"\" -

e “5. . ./‘"‘ 2 I’ H
. - T Tt ot
--------- ."“ '-'
b

X X X

(a) REfE AR5 (b) RKfEH HHIERS EE (c) kR iEfie7ds%

3.7 RIEENERERSREE
HATEATIER A B 2 M 2 e AT VR, SIAREA I SS, 3 T oRIA T2 2

A ]
3.5 ELZMHIRE
BESRZR AU AT AT, FRATAT LA R R E — N R R 4, BRI L6 4
LRMERERL . PATTHEIXAN HE LR M R R IS R 2(Activation function), Fo3R7R:
o=0(Wx+b)

XEMoRE T AN BAE AR S R, Ebin Sigmoid BR%T(B 3.8(a)), ReLU BR% (&
3.8(b)).

8_
6_
x
0.5 S 44
g
2_
L ' 0 . ] ;
-6 -4 -2 0 2 4 6 -5 0 5
X
(a) Sigmoid:& # (b) ReLU:&#

& 3.8 ERHEERLE

ReLU B#CAFH i 5, (NAGRAEY = xfEREAl EIAE Tx < OBJFEr, wT DLE W e
fi 9 ReLU bR B IR B IE A B0y, ST 0N . BRI, ReLU BRAAIA IR



B3 RN 8

RUAE AR, T BB T ST A, JIGRARSE, RTRIE S IR A ) 2 O B
—o AT HEIEE R E ReLU bR ECH B F 4 Ny FE S IS Y
0 =RelU(Wx + b)

3.6 ZRIKRES]

BEXT AR R RIE BE /0 58 (D8, AT DUIE B R HE B 2 AR MG N AR Tk g
hl = ReLU(Wlx + bl)
hz = ReLU(thl + bz)
0 = W3h2 + b3
2 — ZA Tt R, (N5 Rt o R RN, 058 R st ko (E N
H=EMaTmA, JE R AR s o
MRS 15, il 3.9 for, REIIIRERDUVMEZRRTEHE, S
ARZNEFATT, ML ZEIIN—)Z . FAHEBEE T SR E RN 2, R
R e H Ry TE R E R I 28 2 S W b o — 2 I E8 2=, Rl i, T 2 vh a2
MREERZ,  foefa— = R . IR d KR A TR R R T U I 2% G5 M RO (T
50 #1454 (Neural Network ).

Q-
O:,-;:

S

MANE x P:%:%i/% h1 F‘%\ﬁ/g hz WMBE: o

& 3.93 EHEMELEN
IAEFRATHI SR TR 3 ERIRE ML, BABGFMAELERIERE )1, #
TORIEAT I E AR,
37T E

R B ROMAH, AR RRIBOY, BT R B S RO ik,

RGBT A D AOBE L, MRS B S A NI 5w, b A] . (IR, %2
HOEN BURRHEREERR. BN AR AR R B 5, B RA AR R B
A ARMETBHES MR AN, T H— BMER S5 RA AR, W44 B R U
ZRAEBAR, RN L ET SRR T RN AT

XA IR B IR L 22 STHEROR W (0 e, & BT B 315K 3 (Autograd) BoR, IR
SPHEZRAETHSE BN BUR BB IR T, 0SBRSBI, I B3l S RUERE S
Hmﬁﬁﬁgﬁﬁﬁ,%FR%E%@&M%%W,ﬁﬁ%ﬁ@%&ﬁﬁﬂ%ﬁ,ﬁﬁﬁﬁ

AR AT R
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3.8 FEHFE R/IRAIAKLE

AT BATEAEAR A4 TensorFlow HITENL T, Joir KEMARIE— N M WS Rl AT
HIFEEH A RSN, M2 ib st S Mg J A 4. BEMER, N
T RA4H TensorFlow JERE IR E 2 S FRISF] R 3Emt . LEFRATTIF aRAAR 5600 25 1 B R iR ) Bk
oyl

PIZEHEER 0T 58— RARE, B2 KM Ax € R78, fiitlihy € RZ5CULTNKE N 256
i, RAATHEEAMI Shy = ReLUW 1x + b)) HITHEIZH, 7E TensorFlow Hiid
— AT AR R ] S

layers.Dense (256, activation='relu'),

{4 FH| TensorFlow ] Sequential 75 #% 1] LAAEH 77 [ HIAR i 2 2 N4 . XT3 2 4%, Al
Al PLid
model = keras.Sequential ([ # 3 PAEZEMEZ iR EFA

layers.Dense (256, activation='relu'),

layers.Dense (128, activation='relu'),

layers.Dense (10)1])
PUR TR 3 JZ M R, 55 1 JZ I S B0 256, EE 2 SR 128, MR
BTN 10 BEA R IX AT & model(x) w7 LLR IR i f5 — 2 it o

BRI SR80 Ho )5, Eid MSE 1k BT YR IR ZEL:
with tf.GradientTape () as tape: # FJERE DA
# #1°F, [b, 28, 28] => [b, 784]
x = tf.reshape(x, (-1, 28%28))
# Stepl. BRMHH output
# [b, 784] => [b, 10]

out = model (x)
FF) F TensorFlow £ L1 H 22K 5 B %L tape.gradient(loss, model.trainable variables)>K H &

B BT ATHOBEFER B2, 6 € (W5, by, Wy, by, W, bs):

# step3. WHSHMHE w1, w2, w3, bl, b2, b3

grads = tape.gradient (loss, model.trainable variables)

THEIRAF IRR 25 A grads R RAF . FHEFH optimizers X} 5 H 8% 35 1A 5 B2
6'=0—n=x (?_L
a0
ZEHER S50,
grads = tape.gradient (loss, model.trainable variables)

# w' =w - 1lr * grad, EHMESH

optimizer.apply gradients(zip(grads, model.trainable variables))
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TEFRIIRE R, ST LI IR 22 U A0 L P OB B A . MR
WA i

FEHFE N MNIST BRI I 310 Bk, HT 3 ZRMERLS R
PR TR, FEMCFE A SIES R, I GNE . R TR, SO
SE AT AR 3 Epoch, F1TAT BLZEIRIRE S Epoch JFHI U SELI VR 6
BRI, 7R B IR

0.7

= WHKRE

0.6

0.5
20
s 0.4

0.3

0.2

0.1

0 10 20 30 40 50
Epoch

& 3.10 MNIST #IRERIIZRIR E Lk
3.9 /hes

A B FATHEIL R — R L [ VAR SIE R K [, $ i T R RESI iR == 3k
LR LG, KR T EHEC BT A AR AR URZNE, A RFHE
KO T T GRB) RIS, R RIA TR 2] TensorFlow [—L83EREEIIR,
JaBEIEIEE] L SEHIR A S AT T I S22k A
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11

3.10 = 3CHk

LecunYann, BottouLéon, BengioYoshua, & HaffnerPatrick. (1998). Gradient-based learning
applied to document recognition. Proceedings of the IEEE, (7l 2278-2324).



4E TensorFlow £ Al

TensorFlow & — N 7] TR FE 2 ) BOE R F B, N EREAE PRAF7E 57K & (Tensor) %
F L, FrE RIEH A (Operation, OP) W& Tk X Gt AT . AR B4 28 VLA I

LR A MK BT, MIMERAZHEENA S, ERNENREERIEZ R/, 2
#JE TensorFlow 7K & [ JE Al E 7 vk EHEL,
4.1 HIBAR

B RBATRA 4 TensorFlow H FIEEALIE KA, & THER. 74555 RAAM /R
M,
4.1.1 FUERR

HUE R 5K 2 A TensorFlow ) FEEHEE AL, 94!

Q #rE(Scalar) BEAISLE, W1 1.2,3.4 %%, 48 %(Dimension, WIYF%)A 0, shape H[]

Q  [E(Vector) n MEHMIAFES, @S aE, W[12], [1.2,3.4)5, 45808
1, KEEAE, shape H[n]

Q  EFEMatrix) n 17 m FISEA PR S, W[[1,2],[3,4]], tHATEAS R

[1 2
3 4

YEfEH Ty 2, BAYEE EKEAE, shape N[n,m]

Q 5K&E(Tensor) AT A 4EfZ%idim > 28GR K & . KR IIANYE R A (Axis),
— M YEFE AR T BAR S L, Heln Shape M[2,32,32, 3Kk E I 4 4k, WRE
NE R EARRE, B AR U BREE. BA&EE. BR%SE.
B iEiEs, Hh 2R T 2 %kE R, 32 &R T A% 32, 3K T RGB3 Ml
o gRERYE A DL RN YRR AR B B AR B & R E A - B AT X
1f TensorFlow H1[a], N T RIEFE, —BICHRE. ME. BEBERANKE, MEX

gy, e BRI K S 4 BRI IR B AT R W
B GRE PR ETE TensorFlow A& @A G 1) :

In [1]:

a=1.2

aa = tf.constant(1.2) # fAJ@friE

type(a), type(aa), tf.is tensor (aa)

Oout[l]:

(float, tensorflow.python.framework.ops.EagerTensor, True)
WAiEIE TensorFlow #UE (77 & B K&, T AREMIH Python 5 & HIFREAR B QI TT
K.

3T print(x)8% x 7] LLFTEN K & x IR E R

In [2]:x = tf.constant([1,2.,3.3])



%5 4 & TensorFlow Al 2

<tf.Tensor: id=165, shape=(3,), dtype=float32, numpy=array([l. , 2. , 3.3],
dtype=float32)>

Hr id 42 TensorFlow H R 51X G145, shape Rk EAIIEAR, dtype RaRIKEIEL
EREE, 5k&E numpy() /572 A] LUIR [F] Numpy.array FS8 40, 7 (8 5 HEEE R 24010 HAth
B

In [3]: x.numpy()
Out[3]:

array([1. , 2. , 3.3], dtype=float32)

HrrEAR, mERE Xaudnt List KA4ES tf.constant(). BIEE—NICR A E:
In [4]:

a = tf.constant([1.2])

a, a.shape

Out[4]:

(<tf.Tensor: id=8, shape=(l,), dtype=float32, numpy=array([1l.2],
dtype=float32)>,

TensorShape ([1]))

B 2 TR B R &

In [5]:

a = tf.constant ([1,2, 3.1)

a, a.shape

out[5]:

(<tf.Tensor: id=11, shape=(3,), dtype=float32, numpy=array([l., 2., 3.],
dtype=float32)>,

TensorShape ([3]))

[FAE R 77 V08 SRR«

In [6]:

a = tf.constant ([[1,2],1[3,411)

a, a.shape

Out[o]:
(<tf.Tensor: id=13, shape=(2, 2), dtype=int32, numpy=
array ([[1, 2],
[3, 41]1)>, TensorShape([2, 2]))
3 BT DU UM
In [7]:

a = tf.constant ([[[1,2],([3,411,([[5,61,[7,8111)
Out[7]:

<tf.Tensor: id=15, shape=(2, 2, 2), dtype=int32, numpy=

array ([[[1, 2],
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4.1.2 FRFERRTY

T IBUESRMAN, TensorFlow i SCHF 747 £ (String) R R 8t B INfEROR
AR, TRl B R A, PRI A B e BOR P R AR B A sk, IR
FAT T R B B AT R R A KR

In [8]:
a = tf.constant('Hello, Deep Learning.')
out[8]:

<tf.Tensor: id=17, shape=(), dtype=string, numpy=b'Hello, Deep Learning.'>

1E tf.strings ABEER A, $RAL TR WA R AR AL TR AL, WP join(), K length(), V)

43 split() 555

In [9]:

tf.strings.lower (a)

Oout[9]:

<tf.Tensor: id=19, shape=(), dtype=string, numpy=b'hello, deep learning.'>
RIE 5 ) 0L F 200 R UBME R AR E IS FON 3, 47 5 S I B 1 AR IS,

BTATAMES 2 ik

4.1.3 A /RFEHY

N T ERIE B EEAERZE R, TensorFlow 18 37 741 /R 287 (Boolean, bool )i 5K
o A/RRARTKE N FEALN Python 1B 5 FIA /REMEIE, #¥ i) TensorFlow P AR
IRBRPE]
In [10]: a = tf.constant (True)

Out[10]:

<tf.Tensor: id=22, shape=(), dtype=bool, numpy=True>

8 NAT RIS [ ) £

In [11]:

a = tf.constant ([True, Falsel])
Out[11]:

<tf.Tensor: id=25, shape=(2,), dtype=bool, numpy=array([ True, False])>
T EERMSE, TensorFlow A /RZRAYHN Python 1B 5 AT KRR IEARKT S, AREE :
In [11]:

a = tf.constant (True) # GJEA/RKIKE

a == True
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Out[1l1l]:

False

4.2 BIERE

W FEMERI ATk &, TCMREE AR KBRS B, W i 2 3.14 BERT AR N
16-bit K&, AT LURAF A 32-bit HE 64-bit IS . Bit A, MG, FE 5K
WAF 25 [ Bk . B P KRS FE 28R tf.int16, tf.int32, tf.int64, tf.float16, tf.float32,
tf.float64, F.7 tf.float64 B A tf.double.

FEANETKER, 7T AR E K BRI R R -
In [12]:
tf.constant (123456789, dtype=tf.intl6)
tf.constant (123456789, dtype=tf.int32)
out[l2]:
<tf.Tensor: id=33, shape=(), dtype=intl6, numpy=-13035>

<tf.Tensor: id=35, shape=(), dtype=int32, numpy=123456789>

ATLVER|, (R, s 123456789 KA T, B2 THRMGER, —BEH
tf.int32, thint64 K5Z. XTVE S, mkE R K S ] DR R R E IR AR, AR A
tf.float32 A% & {RAEm T -

In [13]:

import numpy as np

np.pi

tf.constant (np.pi, dtype=tf.float32)
Oout[l3]:

<tf.Tensor: i1d=29, shape=(), dtype=float32, numpy=3.1415927>
AR tf float32 AELORAFm, WU RESRAT S ARG i«

In [l4]:tf.constant (np.pi, dtype=tf.float64)
Out [14]:

<tf.Tensor: id=31, shape=(), dtype=float64, numpy=3.141592653589793>

ST REBAMRE S S Bk, —HAd H tf.int32, tf.float32 T 15 BRE BEE R, #40%t
¥ P BEOR B L, skt S, AT LUR SRS i tfint64, tf. float64 55 (RAF5K &

4.2.1 EBUE
SISV I KRR dtype B 5 T LSBT o B ) A

In [15]:
print('before:',a.dtype)

if a.dtype != tf.float32:
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a = tf.cast(a,tf.float32) # HitEE

print('after :',a.dtype)
Out[1l5]:

before: <dtype: 'floatl6'>
after : <dtype: 'float32'>

X R AR PR AR e A T IS SR AT, 7 EHR AT IR M N SRR AR R, JF
REART & BRI KR HEAT R R

4.2.2 RV
RGN REMEIE B8R R BUERSE T RE S A, X T AR 2R AR R
KA RGPS, TRl tf.cast PRBUIAT#:
In [1l6]:
a = tf.constant (np.pi, dtype=tf.floatl6)

tf.cast(a, tf.double)
Out[lo6]:

<tf.Tensor: id=44, shape=(), dtype=float64, numpy=3.140625>

HBEAT RAUEAR IS, TR BRI B GVETE, B ke Eokh BE 15K B 4 O IORS FE 1) 5k &
I, AT RE A A et R

In [17]:

a = tf.constant (123456789, dtype=tf.int32)

tf.cast(a, tf.intlo)
out[17]:

<tf.Tensor: id=38, shape=(), dtype=intl6, numpy=-13035>
AR S8 2 AR Bt e AR, 2 LU IR A -
In [18]:
a = tf.constant ([True, Falsel])
tf.cast(a, tf.int32)
Out[18]:
<tf.Tensor: id=48, shape=(2,), dtype=int32, numpy=array([l, 0])>
— M BRIN 0 IR False, 1 IR True, fE TensorFlow 1, #43F 0 0#HL A True:
In [19]:
a = tf.constant([-1, 0, 1, 21])
tf.cast(a, tf.bool)
Oout[19]:

<tf.Tensor: id=51, shape=(4,), dtype=bool, numpy=array([ True, False, True,

Truel) >
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4.3 FFIILKE

T X5 R R AR B TK E S AR E EA S B Rk E, TensorFlow 38N 1
— PP TR SR R R SRS B (S B iE % tf Variable. tf. Variable 287! 7F 31 8 [ 5k 52K
RUEEAS EVSIN T name, trainable 55 @RS E BRI . T E I ESHFERER
THEBHE, T HS B EHHERSE, N TATBERRARTRE, WHEM % rHRA X,
TR ELE L tf Variable $3%; AH, XT R ECHEA IR E, WS R W
b, TFEELL tf. Variable £12 LA# TensorFlow EREZAHIHL (R B

AL tf Variable() 8 £ ] LUK 5K B ORISR B -
In [20]:
a = tf.constant([-1, 0, 1, 2])
aa = tf.variable (a)
aa.name, aa.trainable
out [20] :

('Variable:0', True)

H 5K 2 1) name A trainable J& 142 Variable £54 (1)@ 14, name JEMEH T & &R
i, XEMAEKRE TensorFlow WEET 1), —MATTER P X7 name J&1%; trainable
FAE AT E B H B, A1 Variable X 5 AZRN B AR E, TTRLEE
trainable=False K% & 5Kk A 75 2040

B T 7k & 77 B Variable, R LUE AR

In [21]:
a = tf.variable([[1,2]1,[3,41])
out[21]:
<tf.Variable 'Variable:0' shape=(2, 2) dtype=int32, numpy=
array ([[1, 21,

[3, 411)>
Rl sk B ] B il T R AR Y, Il sk S W] LLE . GradientTape.watch() 77 ¥ I
AN BRERRE RS B 51

4.4 BliEskE
1t TensorFlow ', W] LB 2 F7 NEIEETKE, WM Python List X %84, M
Numpy FZH 0%, B34 GH R B R 205040 1K =55 .

4.4.1 M. Numpy, List X} 812

Numpy Array (24 F1 Python List /& Python F /7 i [A]4E B Z K BE HA A 4, R2H
P #l 21T Python 15 5K 03 INE 2 Array B List 4%, 853 Tensor 257, J@IL
TensorFlow 12 F A f5 5 H 3] Array B0 List 254%,  J7 (H HARARLR A H .

i1t tf.convert to_tensor AJ LAGIEEHT Tensor, FFI4{RAEAE Python List X R &L Numpy
Array XF R A EHE SN FHT Tensor H1:
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In [22]:
tf.convert to tensor([1,2.])
out[22]:

<tf.Tensor: id=86, shape=(2,), dtype=float32, numpy=array([l., 2.],
dtype=float32)>

In [23]:

tf.convert to tensor(np.array([[1,2.],[3,4]]))
Oout[23]:

<tf.Tensor: id=88, shape=(2, 2), dtype=float64, numpy=
array ([[1., 2.1,

(3., 4.11)>

TEEVEREE, Numpy FF S BRI 64-Bit K B ORAFEE, 5463 Tensor AU}
K5 BN tf.float6d, W] DLYE TR BRIz tf.float32 287,

SEBr b, tf.constant() 1 tf.convert to tensor()ERREHS H 2 Numpy 041 5 Python
List Z#u 288540 Tensor 282, P> API fir 44K H TensorFlow 1.x Hin44 5, 1E
TensorFlow 2 W R EL (1) 44 I A RARMG YT, A H—Bw],

442 081EE20, &£ 15KE

Bk B N4 0 B 4 1 Bl SRR F WKk BV B, FEL MR
y=Wx+b, BHEUEMHEME W WG AL 1 5EME, WME b VI N4E 0 ME, BERZRHR
tEHity = x, & —Fh LM EVIIIRE . 18T tf.zeros()M! tf.ones()RP o] QT & TE
R4 0 B4 1 sk E. Flan, SIEEN 0 N 1 BbsETk &

In [24]: tf.zeros([]),tf.ones([])
Oout[24]:

(<tf.Tensor: id=90, shape=(), dtype=float32, numpy=0.0>,
<tf.Tensor: id=91, shape=(), dtype=float32, numpy=1.0>)

B4 0 A4 1 A&

In [25]: tf.zeros([1l]),tf.ones([1])
Oout[25]:

(<tf.Tensor: id=96, shape=(1l,), dtype=float32, numpy=array([0.],
dtype=float32)>,

<tf.Tensor: id=99, shape=(1l,), dtype=float32, numpy=array([l.],
dtype=float32)>)

B4 0 PR RE:
In [26]:tf.zeros([2,2])
Oout[26]:

<tf.Tensor: id=104, shape=(2, 2), dtype=float32, numpy=
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array([[0., O0.],

[0., 0.1], dtype=float32)>
Qg4 | IR
In [27]:tf.ones([3,2])
out[27]:
<tf.Tensor: id=108, shape=(3, 2), dtype=float32, numpy=
array([[1., 1.1,

(1., 1.7,

[1., 1.11, dtype=float32)>

i1 tf.zeros_like, tf.ones like T LAJT (1T 53N 7Kk & shape — 3, WA4 0 84 1

sk, Fltn, QIES5KE a IR —FHR4 0 5KE:
In [28]:a = tf.ones([2,3])
tf.zeros like(a)
Out[28]:
<tf.Tensor: id=113, shape=(2, 3), dtype=float32, numpy=
array([[0., 0., 0.1,

[0., 0., 0.1], dtype=float32)>
QI SKE a IR —FERI 2 1 9KE:
In [29]: a = tf.zeros([3,2])
tf.ones like (a)
Out[29]:
<tf.Tensor: id=120, shape=(3, 2), dtype=float32, numpy=

array([[1., 1.1,

[1., 1.]11, dtype=float32)>

tf.* like & —MEGER L, W LLETT tf.zeros(a.shape) & /7 AL

4.4.3 QI H € XBEKE
B T AL A 0, B4 1 IRSKEZAb, TR AR A R A 5 LA R
S, U SRR OB AT -1 2.

I tf fill(shape, value) ] LA 48 H € XA value FI5KE . #iltn, Al IGERN-1
FRIbR
In [30]:tf.£411([]1, -1)
Out[307]:

<tf.Tensor: id=124, shape=(), dtype=int32, numpy=-1>
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QI FTA TR N-1 A&

In [31]:tf.£411([1]1, -1)

Out[31]:

<tf.Tensor: id=128, shape=(1,), dtype=int32, numpy=array([-1])>
QI FTA TTER N 99 HIFERE:

In [32]:tf.£1i11([2,2], 99)

Out[32]:

<tf.Tensor: id=136, shape=(2, 2), dtype=int32, numpy=

array ([[99, 99],

(99, 9911)>

4.4.4 BB I K E

1EZ 434 (Normal Distribution, Y Gaussian Distribution) 134 %] 43 #fi(Uniform
Distribution) 2 i i WLHJ /A2 —, BIHERFEHIX 2 R ok B3R A M, HLinse&Rish
ZMzg, BRZIKE W VIR IERS 06 R T I 2R fEXRPTA N s, Bagi
Bz —BCRFEE SIS A .

i#1d tf.random.normal(shape, mean=0.0, stddev=1.0) "] CLEIZE AR A shape, HME A
mean, FRiEZEA stddev I IEZ 43 ANV (mean, stddev?). Flln, BIZEBMEAN 0, Fr#EZEAN 1
R IE K 73 A
In [33]: tf.random.normal ([2,2])
out [33]:
<tf.Tensor: id=143, shape=(2, 2), dtype=float32, numpy=
array([[-0.4307344 , 0.44147003],

[-0.6563149 , -0.30100572]], dtype=float32)>

BIERISME N 1, bRiEZER 2 BIER 53 :
In [34]: tf.random.normal ([2,2], mean=1,stddev=2)
out [34]:
<tf.Tensor: id=150, shape=(2, 2), dtype=float32, numpy=
array([[-2.2687864, -0.7248812],

[ 1.2752185, 2.8625617]], dtype=float32)>

J# 1T tf.random.uniform(shape, minval=0, maxval=None, dtype=tf.float32) "] LA % KAFE H
[minval, maxval] X [A] {35 2 70 AT H) sk . BlanE@RAE B X TE][0,1], shape [2,2]HIHE
K«

In [35]: tf.random.uniform([2,2])
Out[35]:

<tf.Tensor: i1d=158, shape=(2, 2), dtype=float32, numpy=
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array([[0.65483284, 0.63064325],

[0.008816 , 0.81437767]], dtype=float32)>
8 RAE H X 7][0,10], shape H[2,2] )4 R«
In [36]: tf.random.uniform([2,2],maxval=10)
Out[36]:
<tf.Tensor: id=166, shape=(2, 2), dtype=float32, numpy=
array([[4.541913 , 0.26521802],

[2.578913 , 5.126876 1], dtype=float32)>
0 S SRR TSN R AR 7 SRREIR A S5 (1 macval 28, IR
PRI thint* 7 .
In [37]:tf.random.uniform([2,2],maxval=100,dtype=tf.int32)
Oout [37]:
<tf.Tensor: id=171, shape=(2, 2), dtype=int32, numpy=
array ([[61, 217,

[95, 7511)>

4.45 QIBFF5)

FEPEITH B R IR E AT RGN, &WHEQE —BOES ¥y, Al s
tf.range() BRI . tfrange(limit, delta=1) 7] LARIEE[O, Limit) 2 [A], DA delta 1IEETE T
H, AEE limit A5, @i, 81 0~9, SKN 1 INEETF:

In [38]: tf.range(10)
Oout[38]:

<tf.Tensor: id=180, shape=(10,), dtype=int32, numpy=array ([0, 1, 2, 3, 4, 5,
6, 7, 8, 91)>

B 0~9, BRI 2 WEILFH:

In [39]: tf.range(10,delta=2)

Oout[39]:

<tf.Tensor: id=185, shape=(5,), dtype=int32, numpy=array ([0, 2, 4, 6, 8])>

JHit tf.range(start, limit, delta=1) 1] LG & [start, limit), PKA delta /75, AN limit
AL

In [40]: tf.range(1,10,delta=2)

out[40]:

<tf.Tensor: id=190, shape=(5,), dtype=int32, numpy=array([l, 3, 5, 7, 9])>
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4.5 SkERV AN

FEA 5SS RGBT G 7 U5, AR R 4R T kR A RN, ik
B A PIEEMIK R, RENS EDUIIRAR 2 BV BE R SO AR, X e SR R 4 R
AR RPN R AR %2 13T A

ASIAES T 2 ST S YIS AN T TR G bt e 4R K S B B ST B AR R BB, 22 ST A
i e A, APPEEIREI

451 B

1t TensorFlow H, bR 5 ¥, Eia— MR IET, 48508 0, shape N
. PrERHHIE L —RIREENRR. SFIERFNER, e EZ(Accuracy,
acc), F& 5 (Precision) 14 [F] 3% (Recall) %%

FIEREAER IR Z, W 4.1 Fos, BARER IR Batch 23 Step,  ZAAEFR 73
HINRZZES (B 4.1(2) MHER AR (& 4.1(b)), HrRHURAE loss ANHERSE
Btk E I E T, KA.

2.00 - o 1.0
—— Training
o L7 Test 0.3
g 1.50 0.8
E
125 >0.7
g
8 1.00 3 0.6
G 0.75 Zos
(=%
B 050 0.4
Q e
o025 0.3 Training
—— Test
0.00 0.2
0 2000 4000 6000 3000 a 2000 4000 6000 8000
Training steps Training steps
e ~ c e s az ’ A . NS S -
(a) AR LK, iER £ & (b) AR Lk, e faHE &

4.1 sk, HEREIIZEL

DAY T 22 1R 22 BREUCAB, 43T tf keras.losses.mse(5X tf keras.losses. MSE )i [a] £ 4N A
IR, BRI 2 batch IR, T R— MR
In [41]:
out = tf.random.uniform([4,10]) #BEHUIALLM 240
y = tf.constant ([2,3,2,0]) # BENIMEREARESIARE
y = tf.one hot(y, depth=10) # one-hot %4
loss = tf.keras.losses.mse(y, out) # THHEMEAN MSE

loss = tf.reduce mean(loss) # “F¥JMSE
print (loss)
Out[41]:

tf.Tensor (0.19950335, shape=(), dtype=float32)
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452 &

[ B — AP AR LB B, R R R MG AM S E T, WEKEbL
I FEARRR . WA 42 For, SRR K T S8 s T — Mm EAE, EATH
B R R R B R R KA TR b = [by, by]T .

B 42 REMNARNA

HRE 2 AT RS R, RATGIEKEN 2 MBI ED, JF RIS T
F

In [42]:

# z=wx, BHUSRIGHEE BN 2

tf.random.normal ([4,2])

z
b = tf.zeros([2]) # M%E A&
z + b # RinmE

Out[42]:

z

<tf.Tensor: id=245, shape=(4, 2), dtype=float32, numpy=
array ([[ 0.6941646 , 0.4764454 7,

[-0.34862405, -0.264609527,

[ 1.5081744 , -0.6493869 1,

[-0.26224667, -0.78742725]], dtype=float32)>
FEEIX B shape N[4,2]1zF1 shape A[2]IbiK BT LLEEARM, X2 AHATE? 1EFRAT
7 Broadcasting — 11 A KK

I 24 12K Dense() 7 BRI, skE W FIDIAEESRIAES, HEBENE)

EIFER . W] LB R R 1) bias U R A S W E L ED, FIEIERAT AECh 4,
T S HON 3 AN EM S, TR A B mE M & b B IR 3:
In [43]:

A

fc = layers.Dense(3) # O —)Z wx+b, HiHI 5k 3

# JB puild REBIE w, b KRR, FANITECN 4

fc.build(input shape=(2,4))

fc.bias # BAEMWME

Oout[43]:

<tf.Variable 'bias:0' shape=(3,) dtype=float32, numpy=array([0., 0., 0.],
dtype=float32) >

ATUVER], REWE R bias PR 0, X BRI EbIIERAIMGIL T %
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4.5.3 5HpE

FEFEB A AR W WK ERA, W eERR M ERAX = [b,dy], HPbRRBA
FEAEIAN %, R batch size, dp R AR . EARFER Dy 4, — 3005 2 M
A BN AT AR IR AR

x = tf.random.normal ([2,4])
AR Z T SECN 3, e RIAUETKE W I shape 4[4,3]:
In [44]:

w = tf.ones ([4,3]) # EXwWiksE

b = tf.zeros([3]) # EX bikE
o = x@w+b # X@W+b iz
Oout[44]:

<tf.Tensor: id=291, shape=(2, 3), dtype=float32, numpy=
array ([[ 2.3506963, 2.3506963, 2.3506963],

[-1.1724043, -1.1724043, -1.1724043]], dtype=float32)>

Her X, WikEXREME. x@w+b M ZEMHRALME, 7E TensorFlow H1 7] Ll Dense
KRB, Dense EHFRALEREE . FATEIE Dense AN 4 N, Fid 34
ISR, BT DLE I AE R E 1 kernel B R 44 A HAUERERE W:

In [45]:
fc = layers.Dense (3) # & X &EZEZEMHLT AN 3
fc.build (input_shape=(2,4)) # & XAEEREZZ NN LN 4
fc.kernel
Out[45]:
<tf.Variable 'kernel:0' shape=(4, 3) dtype=float32, numpy=
array ([[ 0.06468129, -0.5146048 , -0.120364257,
[ 0.71618867, -0.01442951, -0.5891943 1],
[-0.03011459, 0.578704 , 0.7245046 7,

[ 0.73894167, -0.21171576, 0.4820758 1], dtype=float32)>

4543 4§k E
SRR VR LRSI S, B

X = [b, sequence len, feature len]

HAbFRIRFHE SR, sequence len RN FH15 S LERS A1 4EFE b RAFE S %, feature
len FARFEA RURHIE K

L8 HAME F ) F RO, WP A7 IR 75 9 IE TR 28 115 B AT 55
“%, W 43 PR, N TR T AT B B R IS AL ], — el Spnlid i iR N 2
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(Embedding Layer)4fid A e KM S, i “a” wmisARENKE 3 KHE, 424
SR CRIEON S)IA) TSI LUK IR A shape [2,5,3]1 3 4k &, Fid 2 FoRt) 74
K, 5 FoRBIAEE, 3 RN A E K

In [46]: # HZNINE IMDB AL Hidnde

(x_train,y train), (x test,y test)=keras.datasets.imdb.load data (num words=10

000)

# KR T, BN 80 M ELEIE AT

x train = keras.preprocessing.sequence.pad sequences (x train,maxlen=80)
x_train.shape

Oout [46]: (25000, 80)

A] LA F x_train 5K &[] shape N[25000,80], FHH 25000 £oRt) 7%, 80 RontEAMa)T1
3£ 80 AN HLiA], AR LI S A gnid . AT IS layers.Embedding 2K 7 gt 1) HL
T BN Y 100 0] ) & -

In [47]: # QA& Embedding 2

embedding=layers.Embedding (10000, 100)

# KBTI (1 R 4G A 1] )

out = embedding(x_ train)
out.shape
Out[47]: TensorShape ([25000, 80, 100])

ATUES], 254 Embedding JZmi% /5, )T 5K & shape 2 4[25000,80,100], HH1 100 %
ANEEAS B G iR 100 )R] &

EIEE Ea]Elas

[050.203] [0.2-02-03] [0.9,0213] [250243] [15-2213]
. . . . .

E Embedding} { Embedding} EEmbedding} E Embedding} E Embedding}

T 7 7 T

What a great product !

4.3 15RESY LML

XFRAEREN 1 PGS, B s s e 60 R L iz, HfE—Mrk
BRI m T A, DRI 2 (R Rt B A% A2 AL 2 T BT shape JA[2,60]H5K B -
N IR 4%, BRI LA RIL Y shape N [2,60,11H05K&, Hh i 1 FoR%s
EREN 1,
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455 4 %k &=
PATZ R RAGHE 3/4 45k, KT 4 407K E — N R LLED, InFE 65 > (meta
learning) 2R 5 4ERISKERINTTIE, BMINES 3/4 4E5KERDL

4 HEsk BB MR HPEHER T2, E A T RAARHIE Bl (Feature maps) 23,
MR — e SR

[b,h,w,c]
HobRRFNIEE, h/wir i R EHE B ST, cRaEHIE B BB R, S0 TRE %
STHEZEB 2D, ¢, h, w]ts X FE 5K &, U1 PyTorch. B HidE R 40k B ) — Fobr,
XTEA RGB 3 MEEMRAR , FREREST hT wilG RS, BN AHRE 3N
{H3/~ RGB @B MBS, Fik—ikE TR A[hw,3]. E 4.4 foR, & EE
ME R FRERE, BEST T3 AMMEENREER.

44 EFK 8 RGB BEFER
U e Sy & S o A TNID K7 = o B & O E S A S T S|
[b, h,w,3].
In [48]:
# Al 32x32 MEAE AN, MO 4
x = tf.random.normal ([4,32,32,3])
# QB2 ) 5
layer = layers.Conv2D(16,kernel size=3)
out = layer (x) # Hi[T1E
out.shape # #ijthi K/
Out[48]: TensorShape ([4, 30, 30, 161])
Hrp Bk EW R 4 4i9k 2, v LB kernel B2 AF & 15 7] :
In [49]: layer.kernel.shape

Out[49]: TensorShape ([3, 3, 3, 161)

4.6 R3|15¥A
I 231 )P B T LSRR RO 2 Bl (IR
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4.6.1 3|

£ TensorFlow "1, SCHRFEEEARMI[[] .. FrER G730, M@ IE 50 MR SR

G173 BRI X 9 4 5K 32x32 KRR O 17 (8RR sk E# i A1 bE
B A didth = A4z, Je3C[H]), shape N[4,32,32,3], H BTk E:
x = tf.random.normal ([4,32,32,3])
P& RILA L 2 51 77 2 Bk 28 1) 3 0 08
QB 1 KB R
Tn [51]:x[0]
Out [51] :<tf.Tensor: id=379, shape=(32, 32, 3), dtype=float32, numpy=
array ([[[ 1.3005302 , 1.5301839 , -0.32005513],

[-1.3020388 , 1.7837263 , -1.0747638 1,

[-1.1092019 , -1.045254 , -0.4980363 1,

[-0.9099222 , 0.3947732 , -0.10433522]]], dtype=float32)>
Q  BCE 1 KETRIES 2 17
In [52]:x[0][1]
out[52]:
<tf.Tensor: 1d=388, shape=(32, 3), dtype=float32, numpy=
array ([[ 4.2904025e-01, 1.0574218e+00, 3.1540772e-011],

[ 1.5800388e+00, -8.1637271e-02, 6.3147342e-011, ...,

[ 2.8893018e-01, 5.8003378e-01, -1.1444757e+00],

[ 9.6100050e-01, -1.0985689e+00, 1.0827581e+00]], dtype=float32)>
QIS 1, 24T, 53 SR E:
In [53]: x[0][1][2]
out[53]:

<tf.Tensor: i1d=401, shape=(3,), dtype=float32, numpy=array([-0.55954427,
0.14497331, 0.46424514]1, dtype=float32)>

Q HBEE3KER, 247, B 1PMEER, BIEIECE 2 MEE)H0EREE:
In [54]:x[2][1][0][1]
out[54]:
<tf.Tensor: i1d=418, shape=(), dtype=float32, numpy=-0.84922135>
kR LEE RGN, G (KT BEEATE, TR, j, ..., K]HITT
L&, ENTZEM.
Q  BCE2 kKR, #1047, %350

In [55]: x[1,9,2]

out [55]:
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<tf.Tensor: i1d=436, shape=(3,), dtype=float32, numpy=array ([ 1.7487534 , -
0.41491988, -0.2944692 ], dtype=float32)>

4.6.2 Y1 F

i id start: end: step V] v 77 2UAT LAJT (IS L — Bt Horb start IR 2 A B )
5l end AGEHREINA BRI RS (AE end £), step NEBUPK.

LA shape “N[4,32,32,3] 1 & F ik il
Q  GRHCE 2,3 kKA
In [56]: x[1:3]
out[56]:
<tf.Tensor: id=441, shape=(2, 32, 32, 3), dtype=float32, numpy-
array ([[[[ 0.6920027 , 0.18658352, 0.0568333 ],

[ 0.31422952, 0.75933754, 0.26853144],

[ 2.7898 , —0.4284912 , -0.26247284], ...

start: end: stepV] i XA R Z #5730, HA starts end. step 3 NSET DAY 7 2
PRI A, A IS R, FOR NEITHIR IR RA R, DN 1, RIABREAEM T
Fo W x[0,: ]RGS 1 KB TAE AT, HA R ET 4 LU AT, e T
x[0]f 5V
In [57]1:x[0,::]
out[57]:
<tf.Tensor: id=446, shape=(32, 32, 3), dtype=float32, numpy=
array ([[[ 1.3005302 , 1.5301839 , -0.32005513],

[-1.3020388 , 1.7837263 , -1.0747638 1,

[-1.1230233 , -0.35004002, 0.01514002],

N T EEINfEE, AT DA SN RANE S,
In [58]: x[:,0:28:2,0:28:2, :]
Oout[58]:
<tf.Tensor: id=451, shape=(4, 14, 14, 3), dtype=float32, numpy=
array ([[[[ 1.3005302 , 1.5301839 , -0.320055131,
[-1.1230233 , -0.35004002, 0.015140027,

[ 1.3474811 , 0.639334 , -1.0826371 1,

FoRBUTE B A, BRITREE, FRIIREE, A @IEREE, 27K A TS 4a ik e il
KA 50%-
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Ak ki dhstart: end: step V] 5 7, HA A —ANJC R BN start 1] LA RE,
U start=0 /2 AT LLATHE , IUERS —ANIEHI end T BLAHE, Ky 1T step ATLARE, ]
57 AR 4.1
=& 4.1 MR NG

LN EX
start:end:step A start 4532 B 2] end( .4 end), F K H step
start:end I start A5 82| end(R €4 end), T KA 1
start: M start Fr4b iR B LA UE, TKA 1
start::step M start FF45 R IZ S ST A LE, T KN step
:end:step M0 T4 B E] end(R 8.8 end), F KA step
:end A0 FF453: 3 F] end(A &4 end), T KA 1
2:step A% step-1 NUFERAEPTH

WA LFE

WA LE

FEIHL, step AT LLASEL, B EEAFIRI— R0, step = — 1, start:end: —1%R
M start FFUE, WFEEE end R (AEE end), Kl '5end < start. HE— 0~9 &7
b, WRREE 1 5TR, AMEE 1 5
In [59]:x = tf.range(9)
x[8:0:-1]
out [59]

<tf.Tensor: id=466, shape=(8,), dtype=int32, numpy=array(I[8, 7, 6, 5, 4, 3,
2, 11)>

WP At R
In [60]:x[::-1]
Out[60]:

<tf.Tensor: id=471, shape=(9,), dtype=int32, numpy=array(I[8, 7, 6, 5, 4, 3,
2, 1, 01)>

T 8] B R A«

In [61]:x[::=-2]

out[61]:

<tf.Tensor: id=476, shape=(5,), dtype=int32, numpy=array([8, 6, 4, 2, 0])>
PR TR B A P8, A TR W R RRAT SRR, %A W B AT R

In [62]:x = tf.random.normal ([4,32,32,3])
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Oout[62]:
<tf.Tensor: i1d=487, shape=(16, 16, 3), dtype=float32, numpy=
array ([[[ 0.63320625, 0.0655185 , 0.19056146],

[-1.0078577 , -0.61400175, 0.61183935],

[ 0.9230892 , -0.6860094 , -0.01580668],

Mk ERAE RN, AR R — B E S R R T R, U
AR IR . 4R8E508(4,32,32, 3] B ok, 47 ZELI G i@l i Hu
I, BT 4ERE AR, I 7 2 O
In [63]:x[:,:,:,1]

Out[63]:
<tf.Tensor: i1id=492, shape=(4, 32, 32), dtype=float32, numpy=
array([[[ 0.575703 , 0.11028383, -0.9950867 , ..., 0.38083118,

-0.11705163, -0.13746642]7,

N TR I, X FE I 2 B S 0L, ATCVER- 75 S5 R IS A
Era R sdE, R BCR AR B S 24O R T G AR S, AT
T IOYE R A BIX T Bl 23, - %Eﬁ%%ﬁhﬁﬂﬁ%ﬁmﬁm,%ﬁﬁﬁﬁﬁ
ENHEWT--FF SRR SR, BRIV 7 e ks 4.2:

Ri& 42 PR ARG

wh X L

aeeb A EMFEI R AN, bBENFERED, P LGEEATRR,
FRLE 5 a/b 8 7 X iE IR

a, BRI mAD, athE BT A RELINIEI, atffa T R
%moﬁﬁh%%ﬂ%a?WMHfi

=, b b 4 EA B R AL, b ZATEY TR R ARGEIR, b EHED 7 X
IR
EECS €
HREWH BT

QO EEE 1-2 5K G/B B IE A
In [64]: x[0:2,...,1:]
Out[o64d]:
<tf.Tensor: id=497, shape=(2, 32, 32, 2), dtype=float32, numpy=
array ([[[[ 0.575703 , 0.8872789 1,
[ 0.11028383, -0.27128693],

[-0.9950867 , -1.7737272 1,
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Q  ElESE 2 KA

In [65]:x[2:,...]

Out[65]:

<tf.Tensor: id=502, shape=(2, 32, 32, 3), dtype=float32, numpy=

array ([[[[-8.10753584e-01, 1.10984087e+00, 2.71821529e-01],
[-6.10031188e-01, -6.47952318e-01, -4.07003373e-0117,

[ 4.62206364e-01, -1.03655539e-01, -1.18086267e+007,

Q B R/G IEIE
In [66]:x[...,:2]
Out[66]:
<tf.Tensor: id=507, shape=(4, 32, 32, 2), dtype=float32, numpy=
array ([[[[-1.26881 , 0.575703 17,
[ 0.98697686, 0.11028383],

[-0.66420585, -0.9950867 1,

4.6.3 /NG5

SKERRIGURTTREM 2R, JTHRVI B, V8w 5080, HIELSEAN
EVI R A A fistart: end: steplX —MEATEA, BT AIEAIL A H 1A IS FHERIA
24, Nt 2R RS %, X MR IRE BN . ERTA AR S AR R — B B
HEN ARG R, PR R E T ERGE . IR S — U B 4E FE A 4 40U

W, - BRERT AT LA SR, BRI 1 I el S R sk B U0 7 8 AN 0%

4.7 HEETHR

FEM M RIS RE, YRR % D KRR AT, I 25 AR AT LU S A

BEYIHIE, PR FSEIIEET R,
LN AT BEYE AN ? 5 FE LR b B
Y=X@W+b

Hep XWH T 2 MER, BMEARRRIERE N 4, X ) shape 4[2,4]. Ltk Z A% H 9 3

AT, Bl W I shape & XUN[4,3], fmE b shape & X HN[3]. FAX@W )iz H ik &
shape 7[2,3], TFE SN I shape A[3]HIWED. AN shape {2 Nk B4 HAEZAHMYE ?

[l 2 FAT e B AT, BATGE RN R RN RIS — MR EL, XM B

FERX P FEARREILEN, M52, BMFEARHEN Z 2N E R W E 2D, Wk

4.5 FfizR:
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b= [bo' b1' bz]

HNx o

45 BMENREREE
PRIk, XFF 2 MEARRIEA X, FATHEZHS shape [3]1) 1w B b

bo
bll
b,

ONORONG

b=

EREABCEE ] 1 43, AR AB .

, _[bo by b,
B ‘[bo b bz]

HT X = Xew
X' = [xtl)o X01 xtl)z]
Xio %11 Xi2
AN, LEEX 5B’ shape #H[E], i 2 HEFEAR I A B0 254
_ r_ [*00 %01 Xo2 by by by
Y=X+B= [x{() xil x{z] + [bO bl bz]
JEIE XA, B L T ECE B REA NS 2 shape —EUAIScAE, SUAR] T AR NAE
AN TR ERENZE. N TR MEE R, AR — S 4EE, IR
‘BE XA batch 4EJE, SRJS1E batch 4EER AR 0 1 4y, 1525 1IB', #i shape A
12,3].
SRR M T B K S A A R R ER, A BB M A A
VEELREY, 7B g AR B R O IE R R . X R 4R AR R D RE
FEARW Y AR T AL reshape, flABT4ERE expand dims, I FR4E R
squeeze, ACHZESE transpose, HHllEE tile £ .

4.7.1 Reshape

TEA AR B AE 21T, FATSRINR — T sk BRI (View) FIME S . TKE
AL 2 BATE sk 2 ) U7X, LUl shape SH[2,4,4,3]7K & A, FRATAIZEE b7 DA f#
N2 KK, FKE R 41745, BNMIEA RGB 3 MEIEREWE: KERFME AR
BAENAE EIRAF N —BOES N AF DR, T IR, 3RATTAT LA AR B AR 7 2K,
bt Bik A, AT DAEASASSKE ARG T, RTKE A BREDY 2 MEA, REFEARIES
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MEAKEE 48 I & . XA A SILEIIN G R,
FATEL tf range(VBLALL AR B x AIECHE :

In [67]: x=tf.range (96)

x=tf.reshape (x, [2,4,4,3])

out [67]:

<tf.Tensor: id=11, shape=(2, 4, 4, 3), dtype=int32, numpy=

array (L[[[ O, 1, 2],
[ 3 4, 5]
[ 6 7, 8]
[ 9, 10, 1177,..

FEAFRERAERT, WAREASSCRRRAE R R G, R S B A NAE, I
MIRFRATENNEE, Bddl, SIKEREEINYHENNRE. T ER
15, BAHETKE shape HATRFE 2 AOLE L MUBORLERE,  shape AR FEAq 00 AR 4 2 L i)y
dERE, Lhtn(2,4,4 30K ET, KBRS SEESCEALL, B A HeEEORYERE, EiE
KU AERE . EPSE B NNEERIBOE T, EIRSKE R AT RN

1 |2 |3 |4 |5 |6 |7 |8 |9 |..if..|...]193]94]95

HAEAE BV ENHZ BRI AT SN, SR sk AL B A DO B 1 5K i By
X HALBERKENFHEINT, XE—ERE LR HAEEER, KREHIEHIEA
BAF AR Z TSR SCR LR AR PYE L FI, i RIRZ Z R
B REERF R K ERLE S ARG R . BATE A SRR AL B dE,
HNBA G R

LSk EAZE VAL IEI [, h, w, ]S NN AT R, BRATSCERIAERLIE [b, h, w, c] FIBEfE
Jia e 2 A E R AR T oK
Q [bhxw,c] KEEF N KE ), hw MERA, o MlE
Q [bhwsxc] KEEF N b KE ), hiT, FATHRHEKEDY we
Q  [bhxw=c] SKEHFN b KEF, FIKE R PR h*whe
MIETE R, WA A 75 40 BT L B 1 e 3 R B S A DX ORI EE BITRT, - RIGET AL
SEIbe (e

bxh*w=x*c
1B H T RS A RAR D, B AP X, S 1E U E I 25 ) U8 R e .

IAERRA TR EEABERAL AR e, Bilan, anif e SCHr BN [b, w, h,c], [b,c,h*w]
B [b, ¢, h, w5, S5KERAAEITARTE, WA ED Bk E AT, A RS
HEEE S EA L S B EES L .

N T BN IERR IR B, B RAIE 5K B PRI 0 -5 R A PR P A I — 35, 4
W8 & fr 2 - 77 21 W E I R Ik &, %8 A 40 - 17 )-8 (b — h — w — ¢)
BN o] ASRAS G R . iR 4cs B 4 (R 3-8 (b — h « w — o 7 IR AL,
WRE B AE AR . (B WRHE A/ HE- - (7 7 (b — ¢ — h = w7 Ak & s,
H T WATAR R 245G A 4= 1721 BT, A0 4 5 A 4 I AR, 3T
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R R FE ALY

UL R 2 2 AR B LR #RAE, AT DU I BRI 2 > Reshape #RAESR S5 %
Wi, {H2{EilId Reshape SUEHLIEINS, DAZUIRZiC AT 5K & A AAAE T, 3 R L 4 2 i
JFASRE S AEABIT AR, 75 ) 75 00 e 52 e g B R AR 0T R P ok . 28N+, X
T shape N[4,32,32,3]11FE F £tk , it Reshape #21E K shape 1A% 4[4,1024,3], SERTALE
(I 24EFEN T Jb — pixel — ¢, SKEIIERENUT b, h,w,c]. FILLAK[4,1024,3]1K 5 N

Q  [bhw,c]=1[432323]i, BB B4 5T oo, v UURE o2
I R PR
Q [b,w,hc]=[4,32323]0F, BB r4E T 547 P o8
Q [h*xwxc,b] =[3072,4]0F, HrRbEIM4ERENNT 51706 0T i R
1E TensorFlow ', 1] LLEIL 5K &) ndim F1 shape J§ 0 J& P34 5K & 1948 FE FOR
K
In [68]: x.ndim, x.shape
Out[68]: (4, TensorShape([2, 4, 4, 31))
WL tfreshape(x, new_shape), B LUK i & I BT B 0B 1A B0AR
In [69]: tf.reshape(x,[2,-1])
Out[69] :<tf.Tensor: 1d=520, shape=(2, 48), dtype=int32, numpy=
array((r o, 1, 2, 3, 4, 5, 6, 7, 8, -9, 10, 11, 12, 13, 14, 15,
16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31,..
80, 81, 82, 83, 84, 85, 86, 87, 88, 89, 90, 91, 92, 93, 94, 9511)>
FA 251 208 YT E AR 7R EARE ML LS T R AR IE N E S, AT
H5. i, REif-1 /TSR

2*4-*4-*3_
5 =

48
LR SR HAR AL A [2,4,12]
In [70]: tf.reshape(x,[2,4,12])
Out[70] :<tf.Tensor: 1d=523, shape=(2, 4, 12), dtype=int32, numpy=
array((([[ O, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 111,.
[36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 4711,
[r48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58, 591, .
(84, 85, 86, 87, 88, 89, 90, 91, 92, 93, 94, 95]11)>
PR AR H R AL 2, 16,3]:
In [71]: tf.reshape(x,[2,-1,3])
Out[71]:<tf.Tensor: i1d=526, shape=(2, 16, 3), dtype=int32, numpy=
array ([[[ 0, 1, 2], ..
[45, 46, 4711,

(r4s, 49, 501,.
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(93, 94, 95]1])>

I IR — RIVELLA AL B SR E N T B RS, KR AR A B O, B
FEN AR AL AR T ARINFO,1,2, ... 95TRTF I .

4.7.2 B 4ERE

WINERE WIN— MKy 1 I4EEEA S T8 A ARG I — A e s, 4R
KRN 1, MO HATEEZSCE, AUGR SR AR 5, BRI e L sem] DLEE AR ek
PR P ) — PRk 7 2

FIE ARG, 7k 28x28 KL R (A IR A7 shape 4[28,28] 7k &, fEK
A TREIGIN B 4ERE, B XN BB, MR Tk shape 45 4[28,28,1]:

In [72]:
x = tf.random.uniform([28,28],maxval=10,dtype=tf.int32)
out[72]:
<tf.Tensor: id=552, shape=(28, 28), dtype=int32, numpy=

array([([4, 5, 7, 6, 3, 0, 3, 1, 1, 9, 7, 7, 3, 1, 2, 4, 1, 1, 9, 8, 6, 6,

JHIT tf.expand dims(x, axis) W] 7EF8 7 1 axis FlET AT DA — 4SBT O 4EE
In [73]: x = tf.expand dims (x,axis=2)

Out[73]:

<tf.Tensor: id=555, shape=(28, 28, 1), dtype=int32, numpy=

array ([[[4],

(31,

FLVE R, $AN—ASHLERE G, B0 AT A SR, RIREH 4,5,7,6,3,0,... (I
JPORAE, AUDGRETRAN — NS, o508 17 8RR

[FIFERI T, FRATTAT DAE AT TGN — B4, Jtm o B B4, KN
1, MEETKER shape 25°4[1,28,28,1].
In [74]: x = tf.expand dims(x,axis=0)
Oout[74]:
<tf.Tensor: i1d=558, shape=(1, 28, 28), dtype=int32, numpy=

array(([[4, 5, 7, 6, 3, O, 3, 1, 1, 9, 7, 7, 3, 1, 2, 4, 1, 1, 9, 8, 6,

TEVERE M, tfexpand dims [ axis AIERT, RORTEYETLER 2 i AN —S4E5E; A
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By, RoRAATLEE 2 JGlAN—"NE4EE . CALb, hw, c]5k B, AIFE axis ZHH52 R
FAMEMTE 4.6 Fios:

[of1]af3]a]

[
[b, ¢, h, w]
S R

EIEIEIENEY

4.6 IBIMYERE axis SHNE

THBRERE &3 Inge B, SIINgErE —FE, MIBRYEE N BeMIBRAE N 1 14k
FE, WA ER AR . k2 B8 N4 )5 shape SN[1,28,28, 1110451, G4 4%
B B B MR, T LB tfsqueeze(x, axis) PR %L, axis SECNFHMBRI4ERE IR 5] 5,
P i i 4 2 il axis=0:
In [75]:x = tf.squeeze(x, axis=0)
Oout[75]:
<tf.Tensor: 1id=586, shape=(28, 28, 1), dtype=int32, numpy=

array ([[[8],

ARSEMMBRIBIESAERE, BT O Mibr TR B 4ERE, I x /) shape 4[28,28,1], A
A TN J0 3 B A4 P2 ) 4 08 axis=2:

In [76]: x = tf.squeeze(x, axis=2)

out[76]:

<tf.Tensor: i1d=588, shape=(28, 28), dtype=int32, numpy=

array((([8, 2, 2, O, 7, O, 1, 4, 9, 1, 7, 4, 8, 2, 7, 4, 8, 2, 9, 8, 8, O,

WRAIE B YEESH axis, B tfsqueeze(x), ASAMEERNMERATAKE N 1 FI4ESE:
In [77]:

x = tf.random.uniform([1,28,28,1],maxval=10,dtype=tf.int32)
tf.squeeze (x)

out[77]:

<tf.Tensor: 1d=594, shape=(28, 28), dtype=int32, numpy=

array([([9, 1, 4, 6, 4, 9, 0, O, 1, 4, O, 8, 5, 2, 5, 0, O, 8, 9, 4, 5, 0,
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4.7.3 THLEE

SRR L 3 A P AN 2 S B B A ik . AR SEILEVRIB AR, (R (R R T
RIFAE TR, AU SR TR AR T R, AT E RGN, BIAS ik
YEJE (Transpose). T ATHRAERE, SU% T ik ERIAAMIRUT, RN 8L 7ok &AL

AR R AR E UL, HLUNTE TensorFlow H, B H Tk & A ERIAAE s X2 i
JEATH: [b hw,c], ERES ERE AR ZMESRT: (b hw], FILTFETNK
[b,h,w,c]2l[b, c, h, W FEZLHIEH . TATLLD, b, w, c]i 32 [b, ¢, h, w A, AR
H tf transpose(x, perm) BR 50 58 i 4E FE A #i /e, Hodh perm R 4EE T List. 5 RE
JriK & shape 4[2,32,32,3], Alf#E. 77 Zl. WEHOAERE RG] 53008 0,1,2,3, IR
AN, ¢, h witk I, WERT4ERE T e 4. 17, 21, NN ELSH
[0,3,1,2], SEILAHT:

In [78]:x = tf.random.normal ([2,32,32,3])

tf.transpose (x,perm=[0,3,1,2])

out[78]:

<tf.Tensor: id=603, shape=(2, 3, 32, 32), dtype=float32, numpy=

array ([[[[-1.93072677e+00, -4.80163872e-01, -8.85614634e-01, ...,

1.49124235e-01, 1.16427064e+00, -1.47740364e+00],

[-1.94761145e+00, 7.26879001e-01, -4.41877693e-01, ...

WRAAERD, hw, c]ZHA[b,w, h, ], BURATFIAERE B, WIH4ERE 2 5109[0,2,1,3] :

In [79]:

x = tf.random.normal ([2,32,32,3])

tf.transpose (x,perm=[0,2,1,3])

Oout[79]:

<tf.Tensor: id=612, shape=(2, 32, 32, 3), dtype=float32, numpy=

array ([[[[ 2.1266546 , -0.64206547, 0.01311932],

[ 0.918484 , 0.9528751 , 1.1346699 1],

i BER A, I tfitranspose SEMYEIE G, TRERIAFAEINT DA, PEBEZ
A, JE BRI BRAE A AU R A B EAT

4.7.4 FHE R H

S NG R N4 ST, PTREA R AR AT IN4E S A R TR, R
JE SRR NER . HRY = X@W + b7, WMEDIENH4EE G, FEEH4EE -
52 1 batch size 13535, ¥ shape N E5X@W—FUs, ARtk EMINEE . AT LLE
tf.tile(x, multiples) bR £ 52 AR 7EF8 2 4EFE LI E HI4AE, multiples 73748 & T &NEE I
TR, XA E N 1 RIAAE S, 2 RPN ESRIGKER 2 5, BDEdE
SHl—fr, DL,
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PARIAN[2,4], o 3 A1 Rk Ae i Z o061, fin B b5E SUN:

bo
b,

3T tfexpand_dims(b,axis=0)fli NFI4ERE: FEARBEYERE

b={[[by b1 by]]
LI BV shape 22 4[1,3], FATEEAE axis=0 B v m 485 AR Ha 4 ANAFEA ) B S 3
Tk, X E[) batch size N 2, b NHERE B:

[bo by by
B‘[bo b, bz]

L tf tile(b, multiples=[2,11) I 7] 7E axis=0 4EEE R H] 1 Ik, 1F axis=1 4EfE ARG H]. B
SeAmNBT L

In [80]:

b

tf.constant ([1,2])
b = tf.expand dims (b, axis=0)
b
Oout[80]:
<tf.Tensor: id=645, shape=(1, 2), dtype=int32, numpy=array([[1, 2]])>
1t batch 4EFE FEHIEAE 1 17
In [81]:b = tf.tile(b, multiples=[2,1])
Out[81]:
<tf.Tensor: id=648, shape=(2, 2), dtype=int32, numpy=
array ([[1, 2],
(1, 211>
UL B ) shape 2204[2,3], AILLE&Z SX@WEATHIINIZ ..
FIE ST, BN x N 247 2 BIRIRERE:
In [82]: x = tf.range(4)
x=tf.reshape (x, [2,2])
Out[82]:
<tf.Tensor: id=655, shape=(2, 2), dtype=int32, numpy=
array([[O, 17,
(2, 311>
HRAERIHERE ] 1 4K -
In [83]:x = tf.tile(x,multiples=[1,2])
Out[83]:
<tf.Tensor: id=658, shape=(2, 4), dtype=int32, numpy=

array([([0, 1, 0, 11,
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(2, 3, 2, 311)>
SRR EATAERE 21 1 43 B«
In [84]:x = tf.tile(x,multiples=[2,1])
out[84]:
<tf.Tensor: i1id=672, shape=(4, 4), dtype=int32, numpy=

array([([0, 1, 0, 11,

(2, 3, 2, 311>
23t 2 N ERERIEE G, AT LLE B RIS RE,  shape AR SR 2 fi.
TEEENE, thtle 20— MK ERGRAFE R G MKE, HTEHERED KR
KEHPIEE 10 B85, THEARMAANEE . 2L ANF shape [ K1z HEAE+ 5
W%, AAFEERERWIEHEIETR? X2 N REN 9 Broadcasting #5:1F -

4.8 Broadcasting

Broadcasting 1Y fEHLHI(H 2 BB VFEGIE), B —MEELKE ST,
1EIZ4E By Rk EHAR KRR, (B R A TR A AT LA B hR AR 0T
5y 35%, Broadcasting B #RBEIE IS OLA T Bl s b 5 i B4 1T S8 OB AR Is 5, AR &
T tftile BE > TORETHE A .

YT HAKE N 1 48R, Broadcasting FIZCR AN tfitile —FF, HRREFEMAERE F@iEE
RS T, XAIET thitile 00— MK E, PATER 10 #84E, HRAEEHEN
KB, Broadcasting AL LRI E SIS, ©oBH FUCRKERTIR, R E AR
BT EHI TR . Broadeasting 23 i R FE 27 S HE SR (10 Ak T B il G 52 b 52 ) B84 10 6 B
BHIZE, 2T EALMMIHPALRR, T HT KB, Broadcasting Fl tf.tile & il 1 5%
BRI — R, BAEXTH B, {H/E Broadcasting ML T4 7 KETFREIR, #IE
BE R PR AT BEHLF] H Broadceasting $& it HALE

G 8 FIRY = X@W + bHI#1T, X@WH shape N[2,3], bl shape F[3], FA]
A LU 454 tf.expand dims A1 tftile S8R SERr B Hl BRIz 5, #bEH (23], ARFS
X@WTE AR . H3EFR b, FRATEHK shape 4[2,3]1 5 [3]/IbAHN:

x = tf.random.normal ([2,4])

w = tf.random.normal ([4,3])
b = tf.random.normal ([3])
y = x@w+b

EIRIMEIERA KRR, A E R EAKIEYE? X2 KN E B3I Broadcasting
PREL tf.broadcast_to(x, new_shape), ¥ 2 3 shape ¥ 5k AR HI[2,3], BRI L=AT PLAERCH:

y = x@w + tf.broadcast to (b, [2,3])

WAt R, BRAEFFHEER] shape A—FUH 2 AN TR ERN, SHEINFERK 2 MKE
Broadcasting £l shape, A5 A tfadd 5E Ik EMINE R, MR 7 HI1Z2
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I — BRI, #id 33018 A tfbroadcast_to(b, [2,3])) Broadcasting HLi#l], BESZIL T
HInAERE . SEHIEAREN BB, ORGSR SR I s SRR, RIS S v
o
24 T Broadcasting MLl 5, FTH shape A —E 5k E A A AT LAEESE RIS
H R, B Ris HE TR EAE IEMZ 4 T 1T, Broadcasting ML FFASPLEL IEH HITH
HIBER, v RSN T R W35 B 3 56 RO IR FE AR N ThRE, RET R R
FEATHER . X PR s WA st A We? 1X 52 i B Broadcasting &1 A% 0 JEAH
Broadcasting #Liil| (%0 BAR R EYE, BIF— M HdEfe s & T HAMA E . EIUE
WIEME AT, FENGIKE shape SEA X, ARERATHEMERIB: TR 1 BI4ERE,
BRI i 18 & T4 a0 4 B R AR B s X T ANEAERAERE, U 7E 3G s 48 5 = 2R
WA 2GR ECHE A P TR 4R RE Y, AT AT DAY e 2 4EFE A, HARACRE Bk B IR IR

7 [ shape N[w, 1|5k &E A, T2 &N shape: [b,h,w,c], WE 4.7 Fion, EATH
XY 1 shape, NI NILA shape:

b |h|w|c

FHRE, BINAARL
2R H A HEAR R

BEA, BINKEARR

4.7 Broadcasting SZ451
K 2 /> shape FEA XS, X TEIELEE o, SKENIMKER 1, MEGAEIRE FAE S
YT ) HAN E, KRR LS — 14y, KEZ RN e TR b Al h 4
B, W E Shid NHT4ERE, HT4EREK N 1, TR BRI T B0 0 T 4 R 0 HA A
&, A THErE A HARRAT R, 5407 — AT R S e — 8 XA EE

b, hAEEMKEESY AN b, h, WK 4.8 fin:
FRA AR A

h|w |c

a
oy

b |h|w |cC b |h|w
— —

w |1 1 (1| w

[ )% & % ¥T vABroadcasting ] A Yy RAMRKE

[ 4.8 Broadcasting i/ 3Kk 518
8T tfbroadcast to(x, new shape) P LLE X BLA shape 375K 9 new_shape:

In [87]:

h|lw |c

[N

A = tf.random.normal ([32,1])

tf.broadcast to(aA, [2,32,32,3])

out[87]:
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<tf.Tensor: id=13, shape=(2, 32, 32, 3), dtype=float32, numpy=
array ([[[[-1.7571245 , -1.7571245 , -1.7571245 1],
[ 1.580159 , 1.580159 , 1.580159 1,

[-1.5324328 , -1.5324328 , -1.5324328 ],...

ALVER], EEEMENMTE ST, Broadcasting ML B IFHEAR, ©MBIHRIER
A AN B4R

PATRA FEAN & R I, AR 4.9 For:

b |h|w |c
w |2

KEAH2, RELEEN

& 4.9 Broadcasting 5<% {51
16 c i b, skECAA 2 MFIEEHE, B shape XN YEFE KN o(c # 2, i c=3),
2CHETAERE ERIX 2 AMRRAE TGV 0 B AR A RE, WA R & e R, o A
Broadcasting HLil, W2l A 1R
In [88]:

A = tf.random.normal ([32,2])
tf.broadcast to(A, [2,32,32,4])
Oout[88]:

InvalidArgumentError: Incompatible shapes: [32,2] vs. [2,32,32,4]
[Op:BroadcastTo]

TEATIK BB SN, 48 5 nT LAFE LB AN shape M5k &R, 2FasCHE30HH
Broadcasting L, Wi+, -, *, /AFiaH%, ¥ZHiEHPKE Broadcasting Bi— AL
shape, FMHHATHRKITHE, &l 4.10 PR, 6K T 3 FAE shape N HITKE A, B AHIN
il

10(10 |10
20|20|20
30 (30|30

2 20|20| 20

2|) 30|30 | 30 \

ofofo {u|1|2a ofo]o ‘DJ1JZ|j o112
10|10 10 . - [10]10f10 ) 4 = [10]11]12

20|20 20 20|20 20 202122
30 30|30 30(30 30 30|31)32

eleje|e
1
+

o
2 - (10/10{10 0
o
o

4.10 MEIZHEATES) Broadcasting R &
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{7 B — T FEAIE H AT 1) B 3l Broadcasting HLi :

tf.random.normal ([2,32,32,11)

a
b = tf.random.normal ([32,32])
a+b,a-b,a*b,a/b

X IE AR BE Broadcasting i%[2,32,32,32] /A 3L shape, FHHTIEH . AR Iz
Broadcasting B AT LALFACRS SE fjvdy, 11 AR .

N =— frfe

A9 HFER

AU AR PR CAEH 7 RARIE TGRSR 2 TR, KRN R g H N
TensorFlow 5 WL HE4 18 Bk

4.9.1 fnyEReRR

TR IR i B A B 228 5L, 43 BB tf.add, tf subtract, tf.multiply, tf.divide PA%SE
I, TensorFlow CEHE |+ —+/iB85FF, — MR B Al IS S IR 5 Uiz
5.

BRI WReHZ —, 2alilid//M%ia FAFseil. TR RIS
e

In [89]:

a = tf.range (5)

b = tf.constant (2)

a//b

Out[89]:

<tf.Tensor: id=115, shape=(5,), dtype=int32, numpy=array([0, 0, 1, 1, 2])>
RERBH:

In [90]: a%b

Oout[907]:

<tf.Tensor: id=117, shape=(5,), dtype=int32, numpy=array ([0, 1, 0, 1, 0])>

4.9.2 35

I tf.pow(x, a) Al AT M 5E iy = x4 TTia B, ] DUlg H AP+ St ++ aiz
B, SEEln R

In [91]:

x = tf.range (4)
tf.pow(x,3)
Oout[91]:

<tf.Tensor: id=124, shape=(4,), dtype=int32, numpy=array([ 0, 1, 8, 27])>



%5 4 & TensorFlow Al

32

In [92]: Xx**2
Oout[92]:

<tf.Tensor: id=127, shape=(4,), dtype=int32,
; sy ap 1 o
RO R SRR S IE B Y

In [93]: x=tf.constant([1.,4.,9.])
x** (0.5)
Oout[93]:

<tf.Tensor: id=139, shape=(3,), dtype=float32
dtype=float32)>

FralHb, X WL RS TR 5, AT DR tfsquare(x)F tf.sqrt(x) L. “FIrigH

KA T -

In [94]:x = tf.range(5)

x = tf.cast(x, dtype=tf.float32)
x = tf.square (x)

Oout[94]:

<tf.Tensor: id=159, shape=(5,), dtype=float32
9., 16.], dtype=float32)>

PO ARIE SN R
In [95]:tf.sqgrt(x)
Out[95]:

<tf.Tensor: id=161, shape=(5,), dtype=float32
4.1, dtype=float32)>

4.9.3 FBH.

numpy=array ([0, 1,

, numpy=array([1l.,

, numpy=array ([ 0.,

, numpy=array ([0.,

ST tF pow(a, x) B+ FLAF T AT I SEHL R B0

In [96]:x = tf.constant([1.,2.,3.1)
2% *x
Oout[96]:

<tf.Tensor: id=179, shape=(3,), dtype=float32
dtype=float32)>

FralHh, 35T B TR He®, nT LLE tfexp(x)SLE
In [97]: tf.exp(l.)
Oout[97]:

<tf.Tensor: i1id=182, shape=(), dtype=float32,

, numpy=array([2.,

numpy=2.7182817>

2.

3.1,
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7 TensorFlow H', H#AX#log, x 7] LLE T tf. math.log(x)SZH:

In [98]: x=tf.exp(3.)

tf.math.log (x)

Oout[98]:

<tf.Tensor: id=186, shape=(), dtype=float32, numpy=3.0>
I SR Ay BT A A S B, W] DURSE R B R A 3

log, x
log. a

loggax =

]2 (38 5 ¢f. math.log(x) KB #1it-4log, o x 7T LAIE "’ge 1096 X g

09,10

In [99]:x = tf.constant([1.,2.]1)

x = 10**x

tf.math.log(x)/tf.math.log(10.)

Oout[99]:

<tf.Tensor: id=222, shape=(2,), dtype=float32, numpy=array ([O0. P

2.3025851], dtype=float32)>

SEILECSRAST BB, Wi TensorFlow LG & HE HAT B R log BREL.

4.9.4 55 FEAHf

PREE N2 AL T R EH PRI, MmIRMICand 7l @iz &/ L7
(SR PR AR, 3B 7T LB tfmatmul(a, b)SEH. 75 EyER A 2, TensorFlow H FFE [
FHIE T D AR, e K E ab M4EREET LUK T 2. Mk ab 4EEEURNT 2
i, TensorFlow 2> 4% a,b M5 i W/ NEFE AT HIFEARTE, 1T 10 BT A 1) 4E FE #RALAE Batch 4
%o

IRAEH AT M E L, a Ml b REBEHE MEA TR 2512, a IRIRCE — MK EE (TN
b IEIECE MK (7)WL AR S . EL K & a shape:[4,3,28,32] 1] LL5 5K & b
shape:[4,3,32, 23 1T HE B AR :
In [100]:
a = tf.random.normal ([4,3,23,32])
b = tf.random.normal ([4,3,32,2])
alb
Out[100]:
<tf.Tensor: i1d=236, shape=(4, 3, 28, 2), dtype=float32, numpy=
array ([[[[-1.66706240e+00, -8.32602978e+00],

[ 9.83304405e+00, 8.15909767e+007,

[ 6.31014729%9e+00, 9.26124632e-01], .
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1931 shape 4[4,3,28,2]1145 R .
E B AR R B B 4 H 3)) Broadcasting AL -

In [101]:

a tf.random.normal ([4,28,32])

b

tf.random.normal ([32,16])

tf.matmul (a,b)

Out[101]:

<tf.Tensor: i1id=264, shape=(4, 28, 16), dtype=float32, numpy=
array ([[[-1.11323869e+00, -9.48194981e+00, 6.48123884e+00, ...,
6.53280640e+00, -3.10894990e+00, 1.53050375e+0017,

[ 4.35898495e+00, -1.03704405e+01, 8.90656471e+00, ...,

4.10 RyEfEHESEAR

BN IE, BAICENH T inflaldEk s, XkKEHITRII VI, 4EEAHAE I
I s FEERAE . AT IRATE A IRAT 2 22 B R L 58 = 2 A0 28 ) 265 1) SR -

out = {relu{relu[X@W; + b;|@W, + b,}@W5 + bs}

AR IBHESE 2 MNIST FE5 BT B A5, BN 80y 784, 25— 25 o
256, FE R REUE 128, H SRR U2 10, MU YT JE T 10 255
IR

BRI SR MR B wb SHK &
wl = tf.Variable(tf.random.truncated normal ([784, 256], stddev=0.1))
bl = tf.Variable(tf.zeros([256]))

w2 = tf.Variable(tf.random.truncated normal ([256, 128], stddev=0.1))

b2 = tf.Variable(tf.zeros ([128]))
w3 = tf.Variable(tf.random.truncated normal ([128, 10], stddev=0.1))
b3 = tf.Variable(tf.zeros([10]))

TERTIAITHERS, B 54 shape N[b, 28,28]H % A4 Reshape “N[b, 784]:
# [b, 28, 28] => [b, 28%*28]
x = tf.reshape(x, [-1, 28*28])

FERMEE— MR TR, BRATTX B B R H#E 4T Broadcasting:

# [b, 784]@[784, 256] + [256] => [b, 256] + [256] => [b, 256] +
[b, 256]

hl = x@wl + tf.broadcast to(bl, [x.shape[0], 256])

hl = tf.nn.relu(hl)
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[FIRE ) 7925 58 R AN S AN R A B B AT ) 5, St JE T DA A ReLU B0 R
£
# [b, 256] => [b, 128]
h2 = hl@w2 + b2
h2 = tf.nn.relu(h2)
# [b, 128] => [b, 10]
out = h2@w3 + b3
B ESLIAMETKE y #38°N one-hot 4ihd, FFiHH 5 out M7 2
# mse = mean (sum(y-out)~2)
# [b, 10]
loss = tf.square(y onehot - out)
# mean: scalar
loss = tf.reduce mean (loss)
R RS T EIE RS TR B ZEAE with tf. GradientTape() as tape &R SCHT, AT [ TH R
e IR HEE R, TExRFRFIZH.
i1 tape.gradient() R HR 75 W 28 S HU B bR LA S -
# compute gradients

grads = tape.gradient (loss, [wl, bl, w2, b2, w3, b3])

IR
0'=0—n=* oL
a0
KA S
# wl = wl - 1r * wl grad
wl.assign sub(lr * grads[0])
bl.assign sub(lr * grads[1])
w2.assign_sub(lr * grads[2])
b2.assign_sub(lr * grads[3])
w3.assign sub(lr * grads[4])
b3.assign sub(lr * grads[5])
Hor assign_sub()R JFUH(In-place) )l 45 € S HE,  SEELZ AN A BEEWHRAE . RIZIZk
RZEE R A Z A 4.11 FoR.
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0 5 10 15
Epoch

4.11 BIEGEEIGIREEZ
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4.11 BEEk

Gradient-based learning applied to document recognition. Y. LeCunBottou, Y. Bengio, and P.
Haffner.L. 1998. G H fixHh : Proceedings of the IEEE, 1998. 86(11):2278-2324.

JBTE.2017. N TERefisE. TEH M . BIRAE, 2017. 9787115471604.

HEERL L)
https://zh.wikipedia.org/wiki/%E5%A5%A5%E5%8D%A1%E5%A7%86%ES5%89%83%ES5%88
%80.
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N AR EFIEAREEE, AR — D2 5k EmMENEAE, wskENEIFS5
H, UG, skEHEA, RIES, FRH T MNIST Foda 8 ) IR S2 i 152 34 X
TensorFlow 5K & E LR

5.1 6FH57E

51143

FIH AR ADKEATNEE LS N D KE. RIS B B,
Bk A RAF 1 R 1-4 SUE RS, AR 35 s, L8 TTREE, TskE A
1) shape N: [4,35,8]; [FFERIT, K& B fRAF 7RI B 6 NELHIRLS, shape N
[6,35,8]. i &I 2 DMEGUN, H RGBT H YL ARSI 5K C, shape BN
[10,35,8]. Xt sk &E A I MR e, K& G I r] LME % Concatenate) FI E B
(Stack)BRAESEH, PHEIFA S AB LR, MHES OV 4EEE . W fe(l PRIt 2
BERMEREIFKE, BT BARRIF0E 0 F B8R4

PHEE 1 TensorFlow H', WL tf.concat(tensors, axis), H:H' tensors fRAF T AT i 2
A IR List, axis 9 B A ROMEE . [ B0 L AAOBI T, X B RE A B A 0,
B axis=0, A Hik&E AB U1
In [1]:
tf.random.normal ([4,35,8]) # ARG A
tf.random.normal ([6,35,8]1) # MG B

b

tf.concat ([a,b],axis=0) # &IFkgi

Oout[1l]:

<tf.Tensor: id=13, shape=(10, 35, 8), dtype=float32, numpy=

array ([[[ 1.95299834e-01, 6.87859178e-01, -5.80048323e-01, ...,
1.29430830e+00, 2.56610274e-01, -1.27798581e+00],

[ 4.29753691e-01, 9.11329567e-01, -4.47975427e-01, ...,

B T AT CAESR R BT & 0F, R DAEHAMLERE EAIFkE. HRKE ARE T
A PR AT “#E R ET 4 T 1RHE S, shape N[10,35,4], K& B fR47 T ®I FHI 4 [TRIH
%47, shape 4[10,35,4], WA LLA I shape 4[10,35,8] 1) & G 7K = -
In [2]:
a = tf.random.normal ([10,35,4])
b = tf.random.normal ([10,35,47)
tf.concat ([a,b],axis=2) # {ERIH4EEPHEE
Oout[2]:

<tf.Tensor: id=28, shape=(10, 35, 8), dtype=float32, numpy=
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array([[[-5.13509691e-01, -1.79707789e+00, 6.50747120e-01, ...,
2.58447856e-01, 8.47878829%9e-02, 4.13468748e-011],

[-1.17108583e+00, 1.93961406e+00, 1.27830813e-02, ...,
G ERE T AR R 4 AT, ME— AR R AR A IR GEE K B A — 3. EL T shape
“N[4,32,8]1 shape N[6,35,8] 15K & M ANGE BLIEEAEME e 4k 15 EHEAT & 9F, AR B4E 1)
KEIHFA—E, —MN32, H—1N35:

In [3]:

a tf.random.normal ([4,32,81])

b

tf.random.normal ([6,35,817)
tf.concat ([a,b],axis=0) # JFiLEPHE
out[3]:

InvalidArgumentError: ConcatOp : Dimensions of inputs should match: shape[0]

= [4,32,8] vs. shape[l] = [6,35,8] [Op:ConcatV2] name: concat

B tf.concat ELIEREIAYEE FiNAIFEER, FEASRIEHMYERL . RS IR
B, AEGIE—ASHIYEE, NFEEM A tfstack #2E. HEKE A RGF T HEANTEH IR
S, shape N[35,8], K& B {RAF T B — DL SH, shape N[35,8]. &HiX 2 UL
RIEARRS, FTEQIE YRR, © SONYERGEEE, B4 vl DA E T EALE,
— MARAE KN EE IR IE N, W ORI B 4 FE i B AR AR e 2 i, W& S
Tk shape M 4[2,35,8].

{4 tf.stack(tensors, axis) A] A% 3 2 A~7K & tensors, HH1 axis i & 4l N BT 4E L (1AL
&, axis FIHES tfexpand dims [)—2, Maxis = O, fE axis Z HIffA; Haxis < O,
1 axis Z JE i NHT4EE . 100 shape N[b, ¢, h, w15k &, TEAFNL BB stack #/EHE A
BAERE, axis ZHO RN E B WA 5.1 Fis:

lo]1]2]3]4]
! | N | !
[b, c, h, w]
1 t 1 t

[s]-af3]2]1]

5.1 stack NHEE M EREE
HEB T A IFIX 2 DNIEF RGN T -
In [4]:
a = tf.random.normal ([35,8])
b = tf.random.normal ([35,8])
tf.stack([a,bl,axis=0) # HEEBHIHN 2 NP
Out[4]:

<tf.Tensor: id=55, shape=(2, 35, 8), dtype=float32, numpy=
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array ([[[ 3.68728966e-01, -8.54765773e-01, -4.77824420e-01,
-3.83714020e-01, -1.73216307e+00, 2.03872994e-02,

2.63810277e+00, -1.12998331e+007, ..

[FIRE T A A Ho sy AR NGB 4R, INFEROR B

In [5]:

a tf.random.normal ([35,8])

b

tf.random.normal ([35,8])

tf.stack(la,b],axis=-1) # TEREBHHANIEHLEE

out[5]:

<tf.Tensor: id=69, shape=(35, 8, 2), dtype=float32, numpy=
array ([[[ 0.3456724 , -1.7037214 71,

[ 0.41140947, -1.1554345 1,

[ 1.8998919 , 0.56994915],..

B IR AR REAE axis=2 1T, SEAROT U7 B R A AR T 5 SRR 45
i ] tf.concat FIRM&TH, AT LA FN:

In [6]:
a = tf.random.normal ([35,8])
b = tf.random.normal ([35,8])
tf.concat ([a,bl,axis=0) # PHEHFAXEGIH, BFH 2 ML E
Out[o]:
<tf.Tensor: id=108, shape=(70, 8), dtype=float32, numpy=
array([[-0.5516891 , -1.5031327 , -0.35369992, 0.31304857, 0.13965549,
0.6696881 , -0.50115544, 0.155505467,
[ 0.8622069 , 1.0188094 , 0.18977325, 0.6353301 , 0.05809061,..
tf.concat W] LU & FF- &t , (HARAERMRNT, FEHAT 35 MEAkBE MR, 5

35 NEASR A S AR T . X, WIEIEL fstack A QIEB4E LR T E &
#, 13201 shape J4[2,35,8] 5K &t TE 75 5 BEfE .

tf.stack i i LK EHER & I 256 1F, EFEIH G IFHIKE shape e — B4 AT &
I FAKETKE shape A —BU HEATHER & IF KA HIEE IR
In [7]:
a = tf.random.normal ([35,4])
b = tf.random.normal ([35,8])
tf.stack([a,bl,axis=-1) # JARVEHESE(E

out[7]:
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InvalidArgumentError: Shapes of all inputs must match: values[0].shape =

[35,4] != values|[l].shape = [35,8] [Op:Pack] name: stack

iR A 298 & F shape N[35,4])1[35,8]/) 2 MNikiE, BT 2 HIRA—, Tiksels
AR,

5.1.2 9|

GIFBREM IS H, B KBS N KE .. RS RS 6T
FAVF B 22 G K &, shape 9[10,35,8], BRLE 7R ELR A HE FE B 4E B V1%
10 MokE:, BEANTKEIRLE TN BRI &t .

3T tf split(x, axis, num_or_size_splits) 7] A 5E Aok & 11 7> EEE, H
Q x: fFoHkE
Q  axis: FHINLEERTS
O num or size splits: VIEIHZE. 2 num or size splits AHFANEMERN, 110, FKRDIE|

910 ;4 num_or_size_splits 4 List i, AN TR BB IIKE, @1[2,4,2,2]% R

TIEIy 4y, BRI 70N 2,4,2,2
IAELATH SR sk EVIEI Dy 10 43
In [8]:

x = tf.random.normal ([10,35,8])

4

—+

L8 S
result = tf.split(x,axis=0,num or size splits=10)
len (result)

out[8]: 10
A PLEF VIR EHEEAKERITR, ENRRA RN T RS, shape J9[35,8].2
2:
In [9]: result[0]
Out[9]: <tf.Tensor: id=136, shape=(1, 35, 8), dtype=float32, numpy=
array ([[[-1.7786729 , 0.2970506 , 0.02983334, 1.3970423 ,
1.315918 , -0.79110134, -0.8501629 , -1.5549672 1,
[ 0.5398711 , 0.21478991, -0.08685189, 0.7730989 ,.
A LLE S|, VIEE R shape N[1,35,8], REH THERL4ERE, X— SR EER.
FATIAT AE R VIE: B DIRN 4 43, B KD 709[4,2,2,2]:
Tn [10]:x = tf.random.normal ([10,35,87)
# HESCKEE M IE
result = tf.split(x,axis=0,num or size splits=[4,2,2,2])
len(result)

Oout[1l0]: 4



5.2 HARgir [FERLALEEN] 5

A H—PIKEN shape, RIEIATRTIRITT R, ENIZEE T 4 DIRGI) KRG
In [10]: result[0]
Out[10]: <tf.Tensor: i1d=155, shape=(4, 35, 8), dtype=float32, numpy=

array ([[[-6.95693314e-01, 3.01393479%e-01, 1.33964568e-01, ...,

R, R EAERANEE B 1 70 E), BT DAE A tfunstack(x,
axis)o IXFPJ7 AL thsplit () —FRFERITOL, DIFHKBERE Ny 1, Rl Z4a e UIH1 4 2R
Al N, W S K AR PR 4E L AT unstack:

Tn [11]:x = tf.random.normal ([10,35,8])

result = tf.unstack(x,axis=0) # Unstack NEKEN1

len(result)

Oout[11]: 10

mEVIE G KERIZIR:

Tn [12]: result[0]

Out[12]: <tf.Tensor: id=166, shape=(35, 8), dtype=float32, numpy=

array([[-0.2034383 , 1.1851563 , 0.25327438, -0.10160723, 2.094969 ,

-0.8571669 , -0.48985648, 0.557980061],..

ATLAE R, 1L tfunstack P)#|)5, shape 4F°N[35,8], RIBER4EEWH KT, XMWEE thsplit
Xl Z Ak o

5.2 HEG T

fEMaM KT, 2% HEgH AR R RN, WRoE, ME, s
Fo HTIKREEH shape BN, HEMBELRIRAERGAHE S, @S XLKRES
& AT DU P AN 7 B HUAE 20 A

5.21 mEEH

] B Y £ (Vector norm)E RAE M & “KEE” HFI—MEERETE, EMEMagh, %
FRTKBERIBUE RN, BREER/NGE . &R A &5

Q L1vus, &3CONRExfIPTA TR e M

Il = > 1l
i

Q L2y, & SONREXRFA TR M, BRs

el = >l
i

Q oo —udk, & XCHMEXMFTA TG LA R K
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x| 0o = max;(|x;])

XEFARE, W, [RRETLVR R LA, S0 TR, SR VAR AR
i

7t TensorFlow 1, ®] PLlEId tf.norm(x, ord)KA#EFK E ) L1, L2, co%5Vu %L, HAHZS% ord
fREN 12 WS LL L2 Y54, #5509 np.inf I 11500 — %
In [13]:x = tf.ones([2,2])
tf.norm(x,ord=1) # 5 L1 5
Out[13]:<tf.Tensor: id=183, shape=(), dtype=float32, numpy=4.0>
In [14]: tf.norm(x,ord=2) # iIH L2 {54k
Out[l4]:<tf.Tensor: i1id=189, shape=(), dtype=float32, numpy=2.0>
In [15]: import numpy as np
tf.norm(x,ord=np.inf) # g RSBk

Out[15]: <tf.Tensor: id=194, shape=(), dtype=float32, numpy=1.0>

522 xK&/ME. B, F1

BT tfreduce max, tf.reduce min, tfreduce mean, tf.reduce sum 7] DA AFE 7K & 75 KR A2
JEERIEROR, By BE. ML WA BORAE R RO, B BME. AE R

& shape M[4, 10115k &, - MEFEARIEARE, 55 - ANERAUER 1 00k
A E T 10 DMRAAIREE, TR MR R KB
Tn [16]:x = tf.random.normal ([4,10])
tf.reduce max(x,axis=1) # FIFHERYERE L1 ME

Out[l6]:<tf.Tensor: 1d=203, shape=(4,), dtype=float32,
numpy=array ([1.2410722 , 0.88495886, 1.4170984 , 0.9550192 ],
dtype=float32)>

(A SR S B AN A 26 1) B /)M
In [17]: tf.reduce min(x,axis=1) # GiMR4EE F1HR/IME

Out[17]:<tf.Tensor: i1d=206, shape=(4,), dtype=float32, numpy=array([-
0.27862206, -2.4480672 , -1.9983795 , -1.5287997 ], dtype=float32)>

SRR EAR R ) 448 -
In [18]: tf.reduce mean(x,axis=1) # ZuilMER4EE IMHE
Out[18]:<tf.Tensor: 1d=209, shape=(4,), dtype=float32,

numpy=array ([ 0.39526337, -0.17684573, -0.148988 , -0.43544054],
dtype=float32) >

YAFRIE axis ZHI, tfreduce *PRELZRAEH 2 RT R FIRCR S BME. A
In [19]:x = tf.random.normal ([4,10])

¥ Gt eRmER. A BfE.
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tf.reduce_max(x),tf.reduce_min(x),tf.reduce_mean(x)
Out [19]: (<tf.Tensor: id=218, shape=(), dtype=float32, numpy=1.8653786>,
<tf.Tensor: id=220, shape=(), dtype=float32, numpy=-1.9751656>,

<tf.Tensor: id=222, shape=(), dtype=float32, numpy=0.014772797>)

TER R ZE R B, @it TensorFlow ) MSE i Z B A] LIRIG R MEAR KR E, T
B HEAEARN YR ZE, MR AT PUETS tfreduce mean TEAEAEYEE T HIME:

In [20]:

out = tf.random.normal ([4,107]) # MZ&FiMI%i:
y = tf.constant ([1,2,2,0]) # JLShR%E

y = tf.one hot (y,depth=10) # one-hot Jwhl

loss = keras.losses.mse (y,out) # IIEENEANRE

loss tf.reduce mean (loss) # “THJiRE

loss

Out[20]:

<tf.Tensor: id=241, shape=(), dtype=float32, numpy=1.1921183>

508 s B AR 2 SR AR 3L tfreduce sum(x,axis), ‘&1 LLSRAFTK B AE axis Bl ERT A
REAE A
In [21]:out = tf.random.normal ([4,10])
tf.reduce sum(out,axis=-1) # 3KH

Out[21]:<tf.Tensor: i1d=303, shape=(4,), dtype=float32, numpy=array([-
0.588144 , 2.2382064, 2.1582587, 4.962141 ], dtype=float32)>

bR 7 A ESRBK R R EE R, TR ERSREIERR IS, a7 A FHIAREE
T . B & 10 Fp2K e, FATAG 2P M 2% 4 5K & out, shape N[2,10], KT 21
FEARJE T 10 NS, BT e AL E R 9IMR 7 A aTREA S T I a2, T
I AEAE S U PN A o K JT 3R T AE AR 515V R ARSI A8 T M«
In [22]:out = tf.random.normal ([2,10])
out = tf.nn.softmax (out, axis=1) # T softmax FE AHEREAE

out

Out[22]:<tf.Tensor: i1id=257, shape=(2, 10), dtype=float32, numpy=

array([[0.18773547, 0.1510464 , 0.09431915, 0.13652141, 0.06579739,
0.02033597, 0.06067333, 0.0666793 , 0.14594753, 0.07094406]1,
[0.5092072 , 0.03887136, 0.0390687 , 0.01911005, 0.03850609,
0.03442522, 0.08060656, 0.10171875, 0.08244187, 0.0560442117,

dtype=float32)>

LLES —DREANBI, ATELE R, EMRRKIRGI N =0, HAMFE 0.1877. BT
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NRGS EBRERER THARE TR IS MG, BRI — AR T 0 K1Y
BER K, RTINS 5 85— MEA N Z A AT REJ& T2 0. IXHil 8 7 BER A K AEL I
RS — RN .

BT tfargmax(x, axis), tf.argmin(x, axis)F] DLRMFEAE axis S b, x PIEKAE . &/ IMEFT
ER RG] 5

In [23]:pred = tf.argmax(out, axis=1) # EHIMERE RN E

pred

Out[23]:<tf.Tensor: i1d=262, shape=(2,), dtype=int64, numpy=array ([0, 0],
dtype=int64) >

FTUVER], X2 MEABEREREA R IAERS] 0 b, Rt T REAR A 0, FATR
F] 0 VEAIX 2 DMFEARRITISER] -

5.3 SKE LA
N TR RAT S W R SR, — BT S T &5 R LR AL, Giit R
S5 R IERR B RS T HER R . B 100 DMFEA IR TIGISE
In [24]:out = tf.random.normal ([100,107])
out = tf.nn.softmax (out, axis=1) # KM NIER
pred = tf.argmax (out, axis=1) # EITIMME
Out [24]:<tf.Tensor: id=272, shape=(100,), dtype=int64, numpy=

array([(O, 6, 4, 3, 6, 8, 6, 3, 7, 9, 5, 7, 3, 7, 1, 5, 6, 1, 2, 9, 0, 6,

A LR BIFATERLR) 100 MEARFITIME, FRATSIX 100 FEA 1) FLIHE LR
In [25]: # BLSEHR%E
y = tf.random.uniform([100],dtype=tf.int64,maxval=10)

Out[25]:<tf.Tensor: 1d=281, shape=(100,), dtype=int64, numpy=

In [26]:out = tf.equal (pred,y) # JIMELE LIE LR
Out[26] :<tf.Tensor: 1d=288, shape=(100,), dtype=bool, numpy=
array([False, False, False, False, True, False, False, False, False,

False, False, False, False, False, True, False, False, True,..

tf.equal() R KGR (a1 A7 /R R ) sk B FU AR A6 2R, R ZEGEiH sk B True ST KN4, B W] A&
T IERA AN N TIRBIXAS BN, BAVER AR R ORISR, HRAME A 1/
AN USRI EEB A R P True JTTER AL
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In [27]:out = tf.cast(out, dtype=tf.float32) # Ai/KHEs int HY
correct = tf.reduce sum(out) # il True FIEL

Out[27]:<tf.Tensor: 1d=293, shape=(), dtype=float32, numpy=12.0>

AR, FATTREA L™ A 10 T Bodfs i v B 2 2

12
accuracy = 100 =12%

X AR BEA LTI A () 153 7K
R 1 ELBUHAR Y thequal(a, b) R, HAWAI LLALRR BANESRAL, kA 5.1 Pow:
=g 5.1 ERLLRER

tf.math.greater a>b
tf.math.less a<b
tf.math.greater_equal a=b
tf.math.less_equal a<b
tf.math.not_equal a+b
tf.math.is_nan a = nan

5.4 IHIES5 &

54.11E%

TR BRI ESATE . PIME S, 4K ERRESAEE . T 7 (21
AT, T ERAFHCE B ORI R, 2 AT 48 1 52 1 i 77 20AT BA
G R, AE S R R B SR A R AR, IS S T kA T8
e, FETREANE KRG SR B A R AL I 78 e g B iR e B, 0, EfSIHTE )
A B R RGLE K . A X Fh R A i iU (U H 78 (Padding) »

g2 AA) ke, AR BT w1 AR 2 AR like B B
NN

“I like the weather today.”

BAVEE A TS N: [1,2,34,56], FH TN

“Sodol.”
ERmISA: [7,8,1,6]. AT RESIRELER—okES, AT ERX P 6] 7 KRR
—BL WERU, THEREE AT RIS Y 6. F LRI T R AER) TR EIHA
HTEER 0, Ak

[7,8,1,6,0,0]
I IX PR ANA) 7 HE B 6 FF shape N[2,6] 17K & .
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HFE B AT LB tf.pad(x, paddings) BRI, paddings 2 E& T 24
[Left Padding, Right Padding]#x & 7% List, #1[[0,0],[2,1], [1,2]1F8 7~ — e EANIA
7, HEAEE ARG HA AR IT, ARG RAL)ER NI, AR AT
WR—AIG, AMEARH NG, BE LR 2 M)FIET, FBEERE AT
ANERE A TAIE TS 2 S50, I paddings 77 % 8[[0,2]]:
In [28]:a = tf.constant([1,2,3,4,5,61)

b = tf.constant([7,8,1,6])

b = tf.pad(b, [[0,2]]) # 7

b

Out[28] :<tf.Tensor: id=3, shape=(6,), dtype=int32, numpy=array([7, 8, 1, 6,
0, 01)>

HAFA)FKEMIR—2, FHIX 2 #)F Stack 7£—:
Tn [29]:tf.stack([a,b],axis=0) # &I
Out[29] :<tf.Tensor: 1d=5, shape=(2, 6), dtype=int32, numpy=

array([[1l, 2, 3, 4, 5, 6],

TE ARG S Ay, 7 BN R A TR B, AL TRV, 110
WA, A TRKERK, i 100 MR A TR IRAFAER Ik Ed, — ek
HURERS 7 o KB A0 R BE A BRAEL, 41 80 MR XFT-/NT 80 AR A) 7, fER IR
FEAHMECER 05 X KT 80 A A) 7, ki FLE KR B2 5. DL IMDB #idfs
&S 0b Ik wS[UE
Tn [30]:total words = 10000 # BRI E KN
max_review len = 80 # KA TKE
embedding len = 100 # id[&EKF
# Nk TvpB Hodli 4
(x_train, y train), (x _test, y test) =

keras.datasets.imdb.load data(num words=total words)
# R T HHS BUET B R, BB YR RS MR R A U5 5

X _train = keras.preprocessing.sequence.pad sequences(x_train,

maxlen=max review len, truncating='post',padding='post')

x_test = keras.preprocessing.sequence.pad sequences(x test,

maxlen=max review len, truncating='post',6 padding='post"')

print (x_train.shape, x test.shape)
Out[30]: (25000, 80) (25000, 80)

RS, AT A) TR K max_review_len W By 80 AN, @i
keras.preprocessing.sequence.pad_sequences FJ LA 5 5 H) - (P SE 7e Ak T4E, DAILAAE
)Tl

[ 1 778 128 74 12 630 163 15 4 1766 7982 1051 2 32
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85 156 45 40 148 139 121 664

749 2 16 3804 8 4 226 65

10 0 0 0 0 0 0 0

665 10 10 1361 173 4

12 43 127 24 2 10

AILVERIEA) FARBEER T A THER 0, #EATFHKERNIL 80, S2hr -, tal ik
A FRKEAER, A FRIHER 0; A FREDKR, ke rsin. fodads,
B a) 7K BERR AR 80, AT IIZREE AT LALRAT shape “4[25000,80] 17K &, M4 ] A

{47 shape N[25000,80]/5K &

BAINEX 2 e e AT TG 7. BREXE A R 4E T HTS . DL 28x28 K
NI B e, an S 2% 2 Birez 52 08 = 55 32x32, I Ziits 28x28 K/NEFEF
32x32, AILATE B . E. AAREER 2 NI, WNE 5.2 Fs:

© o o o o o o ©o o o o o o o o
© © © o © o © © © © o o o o ©

© ©o o o o o o o o o o o o o o
© © © o ©o ©o ©o © © © o o o o ©°

52 ERERRER
IR TE 5 AT PAFKIE N][0,0],[2,2],[2,2],[0,0]], SEELA:

In [31]:
x = tf.random.normal ([4,28,28,1])

# B BT EARER 2 AN RIT

tf.pad(x,[[0,0]1,02,2],12,2]1,10,011)
Out[31]:
<tf.Tensor: id=16, shape=(4, 32, 32,

array (L[[[ O. 1,

1), dtype=float32, numpy=

SRR S, BRI A 32x32, il R AHE 25 A ALK
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5.4.2 8%l

TEYEE AR e —17, BATHAH T8 tftileQRREELIKE N 1 4EE S 511 ThRe.
tf.tile BRACER T AT DA BN 1 IR EE AT R 00, 30T DO UK B R 4 AT Rl
AT, AT E RN SRR FR R P EE B T gid, A AR R
JAst o

I thtile PR IEAE B4 EUR E R Bl 24y, W shape 4[4,32,32, 3144,
177 % multiples=[2,3,3,1], RL@EEHIEAZ S|, muT7mamEZw 2 6, B EHEEh)
1 1
In [32]:x = tf.random.normal ([4,32,32,3])
tf.tile(x, [2,3,3,1]) # HdEEH
Out[32]:<tf.Tensor: i1d=25, shape=(8, 96, 96, 3), dtype=float32, numpy=
array ([[[[ 1.20957184e+00, 2.82766962e+00, 1.65782201e+00],

[ 3.85402292e-01, 2.00732923e+00, -2.79068202e-017,

[-2.52583921e-01, 7.82584965e-01, 7.56870627e-01],

5.5 ¥ EIR =
BB A SEIL AR MBS PR AT ReLU [ A 65 Heszm] DL i 167 5 i) 2504 PR i S5 sk
I, PRHEHE VS Ex € [0, +0) B HT,

7£ TensorFlow ', 7] LA tf maximum(x, a)SEILEHE ) FIRIG: x € [a, +0); AILL
JH tfminimum(x, a) SCEILEARE 1) L RIE: x € (—oo,a], ZFIWR:

In [33]:x = tf.range(9)

tf.maximum(x,2) # FIRME2

Out[33]:<tf.Tensor: i1d=48, shape=(9,), dtype=int32, numpy=array([2, 2, 2, 3,
4, 5, 6, 7, 8]1)>

In [34]:tf.minimum(x,7) # LPRIE 7

Out[34]:<tf.Tensor: id=41, shape=(9,), dtype=int32, numpy=array ([0, 1, 2, 3,
4, 5, 6, 7, 71)>

A4 ReLU B R LASKILA -
def relu(x):
return tf.minimum(x,0.) # NRRIEJy 0 BIW]
JHITH A tfmaximum(x, a)F tf.minimum(x, b)AJ LSZER [F] B X B i) b i SR g «
€ [a, b]:
In [35]:x = tf.range(9)

tf.minimum (tf.maximum (x,2),7) # [RIEAN 2~7
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Out[35]:<tf.Tensor: id=57, shape=(9,), dtype=int32, numpy=array([(2, 2, 2, 3,
4, 5, 6, 7, 71)>

FEJ7{EH, AT LS tfclip_by value SEIL E PR 1E:
In [36]:x = tf.range(9)
tf.clip by value(x,2,7) # FRIEN2~7

Out[36] :<tf.Tensor: i1d=66, shape=(9,), dtype=int32, numpy=array([2, 2, 2, 3,
4, 5, 6, 7, 71)>

5.6 S&IR1E

ERA R ERA R BOGR D #AE H A I A S BN, 32 RIBATR A 18870 H
(EVE =R PUI A%E

5.6.1 tf.gather

tf. gather 7T DASEBUARAE 251 SR B 1. BRGSO T, 4 4 A3
9, BNPER 35 AEE, 8 TIRIE, RAFEGI 7K & shape J9[4,35,8]-
x = tf.random.uniform([4,35,8],maxval=100,dtype=tf.int32)
DUAE TR SR 1-2 DEER RSN, 7T LAG 2 G SR IR &R 51 5. [0,1], PERHI4E
¥ axis=0:
In [38]:tf.gather(x, [0,1],axis=0) # EMRHLEFUILESR 1-2 SHFRSH
Out [38]:<tf.Tensor: id=83, shape=(2, 35, 8), dtype=int32, numpy=
array([[[43, 10, 93, 85, 75, 87, 28, 191,

(52, 17, 44, 88, 82, 54, 16, 65],

[98, 26, 1, 47, 59, 3, 59, 701,..
bR b, X BIRFER, Y] oz 2] A PLSE N7 S AHR N T AN &R 5107
3, betn, TEEEFTA YT 1,4,9,12,13,27 S FEFIES, WY 5 RSEBE R AR
FRAGL, T tf.gather W20 T- U TR R UCTHN, Al HIRE SRR #7718
In [39): # WEH 1,4,9,12,13,27 BRSMS
tf.gather(x,[0,3,8,11,12,26],axis=1)
Out[39]:<tf.Tensor: id=87, shape=(4, 6, 8), dtype=int32, numpy=
array([[[43, 10, 93, 85, 75, 87, 28, 191,

(74, 11, 25, 64, 84, 89, 79, 85],..
I B T R 055 3, 5 SR E ISk, Tl
In [40]:tf.gather(x,[2,4],axis=2) # % 3, 5 FH KIS
Out[40]:<tf.Tensor: id=91, shape=(4, 35, 2), dtype=int32, numpy=
array ([[[93, 75],

(44, 821,
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[ 1, 59],..

FTUVER, tfgather IFHESRSIBA MWK G, HARI| ST LUELFHES, BERiics
KA RS Y«

In [41]:a=tf.range (8)
a=tf.reshape(a, [4,2]) # HEHIKE a
Out [41] :<tf.Tensor: id=115, shape=(4, 2), dtype=int32, numpy=
array ([[0, 17,

[2, 31,

(4, 51,

[6, 711)>
In [42]:tf.gather(a, [3,1,0,2],axis=0) # WfE%E 4,2,1,3 5 0%
Out[42]:<tf.Tensor: 1d=119, shape=(4, 2), dtype=int32, numpy=
array([[6, 7],

[2, 31,

[0, 11,

[4, 511>

TV AR A i 0BRSS5 [2, 31 2 1155 (3,4,6,271 5 2 ) H
g1, WA LLEId A 2 A tf.gather SEHL. 15 5040 HI S5 2,3] 92 -
In [43]:students=tf.gather(x, [1,2],axis=0) # UK 2,3 SHFZ
Out [43]:<tf.Tensor: id=227, shape=(2, 35, 8), dtype=int32, numpy=
array([[[ 0, 62, 99, 7, 66, 56, 95, 98],..
FRANIZ 2 ADPEZR [R] 57 rh 3R BN 27 A B4t
In [44]:tf.gather (students, [2,3,5,26],axis=1) # W 3,4,6,27 S
Out [44]:<tf.Tensor: id=231, shape=(2, 4, 8), dtype=int32, numpy=
array([[[69, 67, 93, 2, 31, 5, 66, 651, ..
PRI AFH)IX 2 NYER 4 A 22 8S%, shape 9[2,4,8].
FATERAH o) B — B 2% XIRIRA A B S 2 DERIEE 2 MR AR E,

53 APEYNEE 3 ANFEFIARIE, 54 DR 4 ANRFRERIE . IBABASK
LR 2

AFRUE I A7 AT 15 e UE — AR S s x[1,1], 77453
8 1'1RHH A HHE [ & -
In [45):x[1,1] # WS 2 MHERINE 2 MA)E
Out[45] :<tf.Tensor: 1d=236, shape=(8,), dtype=int32, numpy=array([45, 34,
99, 17, 3, 1, 43, 86])>
FRATIRIUE —ARFE SR x[2,2], A =SRR8 HEX[3,3], &5 stack
TG IERFEL R
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In [46]: tf.stack([x[1,1],x[2,2],x[3,3]],axis=0)
Out[46]:<tf.Tensor: 1d=250, shape=(3, 8), dtype=int32, numpy=
array([[45, 34, 99, 17, 3, 1, 43, 86],
[11, 25, 84, 95, 97, 95, 69, 6971,
[ 0, 89, 52, 29, 76, 7, 2, 9811)>
XM ITIEARRE LT3 2 shape A[3,8]MI45 R, Hrb 3 ROSKFE RN, 4 FoRBESREE

RIEEE . AERZRERR M EE TP AT AT R, THRRCRIAR. ABCA LW
JrASEBE? XA T ES 41K tf gather_nd [RIDIRE

5.6.2 tf.gather nd

It tf.gather_nd, W] LAIEIEHE E B ICRFERABAR R SEIUERFEZ AN S B 1. B3] BT
IRk, FRAIAEI A 2 DY 2 MRIZMTAERE, 23 ANPEHIIEE 3 MEFH
FrERNE, 28 4 NIRGRIEE 4 NIRRT AR E o IBAIX 3 AR ZE 5 AR T BLid
M:110,12,2],[3,3], FAPKEEAKAE T R EH N—A List 23 [[1,1),(2,2],[3,3]], @i
tf.gather nd SEELUIT :

In [47]: # AR¥E YR AARIRER ER
tf.gather nd(x, [[1,1],12,2],13,311])
Out[47]:<tf.Tensor: id=256, shape=(3, 8), dtype=int32, numpy=
array([[45, 34, 99, 17, 3, 1, 43, 861,

(11, 25, 84, 95, 97, 95, 69, 691,

[ 0, 89, 52, 29, 76, 7, 2, 9811)>
MLVER], SR HATREEE B, KBRS, RS T

— i, TEAEFT f gather_nd RAFZAREAR, WHAEREER i SIE, B

ey Bk TTRE B, W LARIA AL [0 K], ... ], MRS KR SRR A
B, WEFIRAE TR SRS L5
In [48]: # MR4EZ YL AbRICE SR
tf.gather nd(x, [[1,1,2],12,2,31,13,3,411)

Out[48] :<tf.Tensor: 1d=259, shape=(3,), dtype=int32, numpy=array([99, 95,
76]1)>

ERARS T, BATME TS 1, R LR E 25 BEZ2, A2 IORHH 35 R 3,
A3 HIRHHE 4 RS U 3 S REHEEE, ARUCE A shape N[3]HIKE .

5.6.3 tf.boolean mask

B 7 AT LR 4 R 915 1 2OREE, IR LA I 45 E i (mask) (K17 FORFE . 4R4EE
LA shape 79[4,35,81 1 RGUI AH],  IXRIATLAHERS )5 2CHEAT Bt 52 0L

B REAEYT YL E L REATRAE, XX 4 DRGSR T SRS Y
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mask = [True, False, False, True]
BIRAFESE 1 AN 4 NEEZ, 18I tfboolean mask(x, mask, axis) ] LATE axis fifi_FAR#E mask 77
FIEATREE, SKIN:
In [49): # RIS UCRFEVES:
tf.boolean mask(x,mask=[True, False,False,True],axis=0)
Out[49]:<tf.Tensor: id=288, shape=(2, 35, 8), dtype=int32, numpy=
array([[[43, 10, 93, 85, 75, 87, 28, 19],..
VEREFERD K 00 1 5 0 RIS MO P — B, e BERAE Y L SRRE, LGN 4 TR
T RFERFERD AR 2, MR 4.
WO 8 TR H BEATHEND R, BRI TT 09
mask = [True, False, False, True, True, False, False, True]
YU AT PASE I -
In [50]: # MM REFRH
tf.boolean mask(x,mask=[True,False,False,True,True,False,False,Truel], axis=2)
Out [50] :<tf.Tensor: id=318, shape=(4, 35, 4), dtype=int32, numpy-
array([[[43, 85, 75, 19],..
AHMERIN, X [T tfboolean_mask VAL tf. gather AEH L, RA — M@ #ERS
TiCREE, — NEEA RG] REE
WAEIA K [E S tf.gather_nd FAUTT AL eI RALTT e A 7 7 EEUR, ATHK
PERAR PR3 2 4, FAEREERDE] 3 A, BI—BEgA 3 442, shape Ky
[2,3,8]. WURAERFES | NTELIOH 12 54, 2 DNPERINGE 2-3 S5494, did
tf.gather nd 7] DAL A
Tn [51]:x = tf.random.uniform([2,3,8],maxval=100,dtype=tf.int32)
tf.gather nd(x, [[0,0],[0,11,[1,1],([1,2]]) # Z4EAAbRREE
Out[51]:<tf.Tensor: id=325, shape=(4, 8), dtype=int32, numpy=
array([[52, 81, 78, 21, 50, 6, 68, 19],
[53, 70, 62, 12, 7, 68, 36, 84],
[62, 30, 52, 60, 10, 93, 33, 6],
[97, 92, 59, 87, 86, 49, 47, 1111)>
FERFE 4 D22 RIST,  shape 4[4,8] -
WORAAERY T, B ARENE? I NERKE 5.2 B, AT NEEADNHE, B,
TP HAE R 7S B B RAE G -
RA& 52 BESIHBRRES R

F4 0 ¥4 1 F4 2

LR 0 True True False

HEZR 1 False True True
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BRI, XK, i REAR A s R AR R RS 72U RAE T 56 -
In [52]: # ZYEMIDREE
tf.boolean mask(x, [[True,True,False], [False, True, True]])
Out[52] :<tf.Tensor: i1d=354, shape=(4, 8), dtype=int32, numpy=
array([[52, 81, 78, 21, 50, 6, 68, 19],

[53, 70, 62, 12, 7, 68, 36, 84],

[62, 30, 52, 60, 10, 93, 33, 6],

[97, 92, 59, 87, 86, 49, 47, 1111)>

KAELER S tf.gather nd 584 —%. 7] ). tf.boolean_mask BEFI PASZHL T tf.gather 77 301 —4E
FERD KA, AT LASEIL tf gather nd J5 20 2 4EFERD KA

TR 3 AN ERELLECE ., JUHE tf.gather AT tf.gather nd HBLISIR L &, LA
E. NHFANE 3 AR

5.6.4 tf.where

JEiL tf.where(cond, a, b)#AE AT IR # cond 25 1F FI BB a 8% b st B, 2541 e
4N

{ai cond; #True
0; =
" by cond; HFalse

Hop i NsKkERRSG], RAEKE RN ab FKE—BL 4XNALE cond, N True, of &
Ma; P %R E Fcond; 4 False, o7 B Mb; T EHIEHE . FHEMN 241,
420 [ 3x3 K/DHITKE ab FPERHCEERE, e cond 74 True MIALE A a xS BiAz B HEH,
cond  False HIAZ B A b % BiALE HRHI -

In [53]:

a = tf.ones([3,3]) # Mifta N4 1
b = tf.zeros ([3,3]) # Wiib N4 0
# R RAT S A

cond =

tf.constant ([ [True, False,False], [False, True,False], [True,True, False]])
tf.where (cond, a,b) # MRIFIMM a,b FRFE
Out[53] :<tf.Tensor: 1d=384, shape=(3, 3), dtype=float32, numpy=

array([[1l., 0., 0.],

[1., 1., 0.]1, dtype=float32)>
A PLER], REIFGKESN 1 A BEREKE a, REFFKEF N 0 KA EREHIKE b.
24 a=b=None B[l a,b ZHATEEN, tf.where 2R [7] cond K &= ATA True KGR KR
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Sl 44%5. FEWT cond TR :
In [54]: cond # i cond
Out[54]:<tf.Tensor: 1d=383, shape=(3, 3), dtype=bool, numpy=
array([[ True, False, False],
[False, True, False],

[ True, True, Falsel])>
Hrb True JLHIL 4 R, B4 True ML EALME 5104 9[0,0],[1,1],[2,0], [2,1], ATLAEHE
It tf.where(cond) KIRIFIXLEER 5| A4 FR:
In [55]:tf.where(cond) # 3K cond A True MILRRT!
Out[55] :<tf.Tensor: id=387, shape=(4, 2), dtype=int64, numpy=
array ([[0, 0],

[1, 11,

(2, 01,

[2, 111, dtype=int64)>
WAZGH 2@ ? R — o1, FATT E SRR E T P ER BRI R 5. Bk
HiGE ke a, B EEUE AT 2 prfy IR B AL & R .
In [56]):x = tf.random.normal([3,3]) # i a
Out[56] :<tf.Tensor: 1d=403, shape=(3, 3), dtype=float32, numpy=
array([[-2.2946844 , 0.6708417 , -0.5222212 1,

[-0.6919401 , -1.9418817 , 0.3559235 1,

[-0.8005251 , 1.0603906 , -0.68819374]], dtype=float32)>
R SR, 13 R IEHR R
In [57]:mask=x>0 # WEHAE, E[FT tf.equal ()
mask
Out[57] :<tf.Tensor: id=405, shape=(3, 3), dtype=bool, numpy=
array([[False, True, False],

[False, False, Truel,

[False, True, Falsel])>

JHit tf.where $EHULHERS A True STTRAIR 5
Tn [58]:indices=tf.where (mask) # I KT 0 LR ES
Out [58] :<tf.Tensor: id=407, shape=(3, 2), dtype=int64, numpy=
array([[0, 1],
[1, 21,

[2, 111, dtype=int64)>

Z3)%5] )5, @i tf.gather nd BI e[k E HFrG IEXI T 5K
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Tn [59]:tf.gather nd(x,indices) # FEEUIEHMICRME

Out [59] :<tf.Tensor: id=410, shape=(3,), dtype=float32,

numpy=array ([0.6708417, 0.3559235, 1.0603906], dtype=float32)>

SEBR b, HIAG RHER mask 2 5, AT LLE @I tfboolean mask FRHUN TG ER:
In [60]:tf.boolean mask(x,mask) # JH i AR I E R T R E

Out[60] :<tf.Tensor: 1d=439, shape=(3,), dtype=float32,

numpy=array ([0.6708417, 0.3559235, 1.0603906], dtype=float32)>

SRt — B

5.6.5 scatter nd

iHid tf.scatter nd(indices, updates, shape) 1] A=y RUHLRIHT 7K &8 1035 0 20ds, (22 R RefE
A 0 GREI AR REr, PRI RT R TR A G AR R SR 9K B R I D R
WHE 53 Fiw, s 74K E AR RIETIEE, ARETERE RN shape B, FHFE
Fll ¥ I8 2 5108 indices, Hr A updates, A AREAN T BRI LR X RLAE AR AL
B, MR indices 45 H MR 5| A7 B ¥ updates FUB AKX SN EIMRF,  FER A5 B 5 )
HiR k& .

%3] indices

! T 1
gty T e
# 4. updates B #: shapes i

5.3 scatter_nd EFTHIEREE
AT —NE] 5.3 g BRI H L4
In [61]: # MG ERHEGEIILE
indices = tf.constant ([[4], [31, [11, [711)
# FE R AR HRE
updates = tf.constant([4.4, 3.3, 1.1, 7.71)
# TERKFER 8 194 0 [ FARYE indices B updates
tf.scatter nd(indices, updates, [8])

Out[61]:<tf.Tensor: i1d=467, shape=(8,), dtype=float32, numpy=array ([0. ,
1.1, 0. , 3.3, 4.4, 0. , 0. , 7.7], dtype=float32)>

WLVER], EKENS AR L, BN TXRALEREISE, — 4 NHBIRRRH .

18 3 dEsk B BRI, W E 5.4 B, EHR shape N[4,4,4], A 4 MEIE R
fEE, BA T 2 ANEE R EdE updates:[2,4,4], T ESANZR S A[1,3]HEE I
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# 44 updates

In [62]: # MEBEANE

A4k : shapes

543D KEFFH~EE
FATKH FRE RS NIUE ARGk E, S2BW .

indices = tf.constant ([[1],[3]])

updates = tf.constant ([# &5 ANEHE

([5,5,5,5],16,6,6,61,07,7,7,71,18,8,8,811,

(ei,1,1,11,102,2,2,21,03,3,3,31,[4,4,4,4]]

1)

# {F shape N[4,4,4] AW EARYE indices 5 A updates

tf.scatter nd(indices,updates, [4,4,4])

Out[62] :<tf.Tensor:

array ([[[0,

0,

0,

01,

0],

011,

id=477,

shape=(4, 4,

51, # SARHELE 1

011,

11, # BARHEEE 2

dtype=int32, numpy=

%3] indices
[ e i z
i
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AR, HAEmiE 215 2,4 MEIERER L.

5.6.6 meshgrid

it tf.meshgrid BT A7y (A2 Bl 4 IR R A s ABKR, TR ML EN G B S
2 MEAEE x,y 1 Sinc BREERIAAN:
_ sin(x? +y?)
e
WIER TR 2| K fEx € [-8,8],y € [—8,8] X [Alf Sinc i %L1 3D Hhiti, @k 5.5 Fras, M
BT A xy BT S ARRR{(x, y)}, IXFEA BEBEIL Sinc PR B RIA AT H R BAE A
G, LB REHE zo L@ = 0AE AR 1 5 AN AR bR R 1

points = []
for x in range (-8,8,100): # FEMER x ALkx
for y in range (-8,8,100): # A4 v thbr
z = sinc(x,y) # 5 sinc BEUE
points.append ([x,y,z]) # TRIFEHFES

ARSI AT AT TR, A B Tl il Rt 7 XA A A AR e 2 25 5802
HER, tf.meshgrid PRI AT SLH .

& 5.5 Sinc B

I AE x Bl BT RAE 100 ANEGE ALy Bl ESREE 100 AN S, AN R
tf. meshgrid(x, y)RF AT IR [2]3X 10000 M4 i 5K E40d, shape 4[100,100,2]. Jy 7 J7ffit
5, tfmeshgrid 2R [FI7E axis=2 4EEVIEIE 2 Mok i ab, HAoikE a W8 THA S x
ArbR, b ALE T BTA S y A48R, shape #524[100,100]:

In [63]:

x = tf.linspace(-8.,8,100) # W& x AbrHIEbE

y = tf.linspace (-8.,8,100) # W& v AbriEkE

%X,y = tf.meshgrid(x,y) # MK, FIRDEIRE
x.shape, y.shape # FIHWR G ST %, v P57k shape

Out[63]: (TensorShape([100, 100]), TensorShape([100, 100]))
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Sinc FRAEE TensorFlow HP SN .

z = tf.sqrt(x**2+y**2)

z = tf.sin(z)/z # sinc BRELHL

i85 matplotlib B a] 241 HH B $fEx € [—8,8],y € [—8,8][X I8 [ 3D #hifm, i 5.5t
TN

fig = plt.figure()

ax = Axes3D(figqg)

# HRAE A% S 2] sinc #%L 3D i
ax.contour3D(x.numpy (), y.numpy(), z.numpy(), 50)

plt.show ()

5.7 ZH IR A

BIIAERIE, BAICEZ ) 5wk mII T A & R, R &SRS /R 45 14
ARAE Ao B a A THE LL—> e (15K 205 SR 73 2 2 St )2 TensorFlow HE4E 2
o FEBENSLERZ AT, ARG T RS, Wi R A TensorFlow #2& {1 T
A AR . X T B LB EMmE, RIS EEEEN N H.

£ TensorFlow ', keras.datasets BiH$ZHE |9 A MAIRER B3 . &, N
iR, HHIEME T tf.data.Dataset RN G, J7 (# SLIL 2 4 FE(Multi-thread), ik
H (Preprocess), FALFTHL(Shuffle)FIHL Il Z5(Train on batch)3% & FH £ £ 1) g
X AR EARSE, W
Boston Housing 3# L#i 5 M ASEEE, T RIEE 25 R
CIFAR10/100 HS: sk, H TR 3RES
MNIST/Fashion MNIST F5#5 K 8tk HTE R H5HRES
IMDB 157 A5 Hidha 4E
XL EAENLAR ) . RS IR FC R 2 ) R AR A S . xR i s,
— R AE T FR A A A Tk, AT RS B OO SR AR B R AR .

i datasets.xxx.load_data() R AT SEE &2 AR AR B E B INAR, P xxx AR BRI
PREE 4 FR . TensorFlow 2 ERUKE EHR A7 /£ H P H 3 T ) keras/datasets X2, Wil 5.6
Fiw, HPATFESROEEZ MR . R MATEIREATESAET, W BB
v RS, g WIRCEESAF, HINTERINEK:

In [66]:

U000

import tensorflow as tf

from tensorflow import keras
from tensorflow.keras import datasets # ‘T AL MLEHE S INE L
# N MNIST HyE4E

(x, y), (x test, y test) = datasets.mnist.load data()
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print ('x:', x.shape, 'y:', y.shape, 'x test:', x test.shape, 'y test:',

y test)
Oout [66]:

x: (60000, 28, 28) y: (60000,) x test: (10000, 28, 28) y test: [7 2 1 ... 4
5 6]

83T load_data()2x iR [FIAH RIS X EHE, X T B v #dE4E MNIST, CIFAR10 55, £k [A] 2
A tuple, ZE—A tuple TRAF 7 H T UIZRIEEE xy MZREXT G 56 2 4 tuple R THT
TR A EHE x_test,y test MHAREEXT SR, P M HE#H Numpy.array 75 254K .

M = | datasets - O X
Home Share  View [~]
— - 1 > ThisPC » OS(C) > Users > z390 > keras > datasets > ~w| Q)| | Search datasets P
n ~
« = This BC Name Date modified Type Size
# 3D Objects cifar-10-batches-py 6/5/2009 6:47 AM File folder
I Desktop cifar-100-python 2/20/2010 11:16 AM File folder
[ Documents fashion-mnist A File folder
$§ Downloads | ] auto-mpg.data DATA File 30KB
B Music | cifar-10-batches-py.tar.gz GZ File 166,503 KB
) || cifar-100-python.tar.gz GZ File 165,041 KB
= Pictures [] imdo.npz NPZ File 17,056 KB
E Videos |] imdb_word_indexjson JSON Source File 1,603 KB
> L.05(@) [} mnistnpz 6/30/2019 10:23 PM NPZ File 11,222 KB
- DATA (D9)
- PR(E) "
9 items =]

[# 5.6 TensorFlow EHFLHMBIEENMNE

BAEINESEN NGRS, TR Dataset X %, PAFIFH TensorFlow H& L ) 5% i 1
TifE. J8id Dataset.from_tensor slices A LLHFIIZRE 7 AR B 7 x FIARAE y #B4EG 45 pk
Dataset T %

train db = tf.data.Dataset.from tensor slices((x, y))

RS F 49 pk Dataset X R 5, — AR ZERININ— R AN EHERARHEAC B IR, WpEHLT
AL, TARER, b

5.7.1 BEHNFTHES
BT Dataset.shuffle(buffer size) .2 1] PLi% & Dataset X} G FEHLET HCE SR 2 8] I,
B7 1 RR R I Z B B 4 ] s D 7=, TS AR Y 254 “Ha2” AR5 B

train db = train db.shuffle(10000)

Horb buffer_size $55E LA RN, —ABE MRS RN 81 Dataset #21)
X T A A2 iR BT Dataset Xf 5, wJ LA

db = db. shuffle().step2().step3. ()
77 A TE I R AL B B, SRR AR O .

5.7.2 #tilZ

NTHAEARIHTIHRRE S, —BAEMZ TR R b S RN TR 2 A, AT
AT Mt ZxR,  H A REA R ECE A batch size. 4 T —IXHEES M Dataset H1
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P24 batch size BUEIIFEA, 75 EWE Dataset AL T
train db = train db.batch(128)

HAr 128 4 batch size Z8, Bl —RIFAT U 128 MEEARTIEHE . Batch size —BARYE -~
H GPU BAFTIERBEE, MEAANER, A PLE SR/ batch size Kb F kB B AFEH

=

Ho

5.7.3 Tall 8

M keras.datasets I S 4 B FrOA% XK B 20 19 U BB AN B T R A A N 260K, Rt
TR P B R 1 OSBRI RS, Dataset % 40T At map(func) T B #AT LA
AEH T E R FH A P E E SR TRAL B E 4, B SEINAE func PRATHL.

# FAL PR B SCINAE preprocess B, A% AR ES] R AT

train db = train db.map (preprocess)

& MNIST F 587K, M keras.datasets H148 batch() /5 IN#L T F x shape 4
[b,28,28], B Z=MH 0~255 MR IR; FiiE shape A[b], BUERFERIECT L 7. SLbr
PIFRE 2N, — M B B A B bR AL BI[0,1] 88— 1,1]55 O P X 1H), [ B A4 Y
RIWE, T E0K shape [28,28] M4 Reshape NAEEMIKE I M FARERFE, A LLE#HF
TE AL BEIN 4T one-hot 4wfid, AT LAAETHAE % Z I #E4T one-hot Zhid

MR T —T S, AR MNIST B HdEmi 2x € [0,1]X 7], MERE S
[b,28 * 28]; X Thnity, FRATIESEAETAL bR £ AT one-hot Zwhl:

def preprocess (x, y): # Hi& XHITANFE gL
# AR ET S HIMEN x, vy W4, shape N[b, 28, 28], [b]
# ARdEE] 0~1
x = tf.cast(x, dtype=tf.float32) / 255.
x = tf.reshape(x, [-1, 28%28]) # 177
y = tf.cast(y, dtype=tf.int32) # HREI ik E
y = tf.one hot(y, depth=10) # one-hot Zmlig
# IR x, v BEBRAEND %, v 80 TS IEEE 1 Ak 21 ) e

return x,y

5.7.4 B3I Zk
XFF Dataset Xf %, {EAd B ] LisE

for step, (x,y) in enumerate (train db): # EMREIEENS, i step 3%
=,

for x,y in train db: # EAEIEENS
T TR, BUGR B x,y X RRUAHEEREARIBREE, 2% train_db [T FEA SE L
—KIERG, for AL IR . AT BHE5E K> batch FIEHEIIZR, MH— step;
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THIE 2 A step SR TERBENNZREER—IREA, H—A epoch. TESEBRIIZRET,
W HEEE LA Z A epoch A BE AT AT MO I ZR R

for epoch in range (20): # %k Epoch %

ﬂﬂ}
E
P

for step, (x,y) in enumerate(train db): # AR Step *#

# training...
UeAh, T LoE I i E
train db = train db.repeat (20) # HHEEEIT 20 A2k

43 for x,y in train_db fEFFIEA 20 4~ epoch A B . AEEH LdmkFh s =, #RREIS
—FERIRR

5.8 MNIST Mizt SC k&

I T D24 7SI 1 1 A R A e A B N e 7, IRAEFRATIoR 72 W) T 170 284
SHE. ENGIORR T, SEATRRECS stop #TENREHAR, FTLUE A BRI I 230
JE:

# IAIFE 100 4 step FTEI—RIZiR %
if step $ 100 == 0:
print (step, 'loss:', float(loss))
FEAT A step BF AT A epoch IZR)E, AT LABEAT — CIAIRAIE),  PASRAFARAY ) 2 Hip ik
R
if step % 500 == 0: # & 500 1 batch JFHEAT— MK (G&IE)
# evaluate/test

SUAERMRFI 21 BU) TensorFlow Sk BRAFBRAL, 6 MAERIREI L. #5648 —

A batch FIREAS x, I A [ 15507 LLSRAT X 2% 1) T £«
for x, y in test db: # XFIIGEEIEL—

hl =x @ wl + bl # # 2

hl = tf.nn.relu(hl)

h2 = hl @ w2 + b2 # H_JZ

h2 = tf.nn.relu(h2)

out = h2 @ w3 + b3 # Kz
TIM{E out 1] shape JN[b, 10], HMER THARE TEANFAMMZE, FRATESE tfargmax
BRAOE AR R B R 515, MR BT T RER 2800 5

pred = tf.argmax(out, axis=1) # HEHUBEREKIZE5]

Hﬂ?ﬁiﬂ‘]ﬁﬁﬁ?ﬁ? y CAERUF T 525 T one-hot Zwfi5, X 7E MR H Sz AT EHY,
M tf.argmax 7] PAAS 2507 GmhS FIARTE y:

y = tf.argmax(y, axis=1) # one-hot 4mliGiiilfE

@i tf.equal AT ALK 2 #1045 B2 15 A 4%
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correct = tf.equal (pred, y) # FCETIINE S HESAH
TR RLSE b B True(e 4oy DIEE,  BI 9 TI0 TEA# I 25
total correct += tf.reduce sum(tf.cast(correct,
dtype=tf.int32)) .numpy () # ZuitTIEHHRIFEAA 2L
A0 o U PR DA DN e R T 45 B A
# TEIER
print (step, 'Evaluate Acc:', total_correct/total)
LR 3 EARL%, %K 20 A Epoch &, ATEMNRE EIRE T 87.25% M1
e, WARAEHERM M NS BA, SEINEEEE . RN SESEEE TS, TR
AR . AR Rt 2 & 5.7 P, MHAHER R thZen & 5.8 Fos.

—— % EARES

0.8

206

0.4

0.2

0 500 1000 1500 2000 0 500 1000 1500 2000
Step Step

5.7 MNIST il iR E /b 2% 5.8 MNIST Uit AR 4k
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5.9 & ik

Gradient-based learning applied to document recognition. Y. LeCunBottou, Y. Bengio, and P.
Haffner.L. 1998. JG i fHb : Proceedings of the IEEE, 1998. 86(11):2278-2324.

JBTE.2017. N LERefis. Jotipdt . EFIRHE, 2017. 9787115471604

HEELH AL L]
https://zh.wikipedia.org/wiki/%E5%A5%A5%E5%8D%A1%E5%A7%86%E5%89%83%E5%88
%80.
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DL is essentially a new style of programming--"differentiable programming"--and the field is
trying to work out the reusable constructs in this style. We have some: convolution, pooling,
LSTM, GAN, VAE, memory units, routing units -- Thomas G. Dietterich

PLERA T B A H K2R B RIFIIZ 0, (50 Rm AR RS IR 15 3t I
HET RS R R fe: x >y, x,y € DT, NITF YLLK fo (x), x € DEestL FHT
FEAR . MM )8 THLAS S I — T3, ERFEAI I 2 oo 52 B e m i e 2
foltIR Y,

6.1 BE0H

1943 4, EE LR Warren Sturgis McCulloch FIE 12 452~ 5K Walter Pitts M2E
MIMETTIE FARE K, FEH T AN THE T mEEEmia, xit—D a3k E e 2y i
X Frank Rosenblatt & fEF£4E H T IBENHL(Perceptron) %/ . 1957 4F, Frank Rosenblatt 7£—
& IBM-704 THEAL LS 1A BH BRI, 3 AN 2 A58 T DL 5% ol — 6 i £
PR 5y FATSS, X sy =M. JE. HE%E (e, 2017), 6.1 #2& Frank
Rosenblatt A S B AL o

fobsclr

[B 6.1 Frank Rosenblatt 04tk i B E0H1 1

AN SR INE 6.4 Fivr, EEZRKE M —dEiEx = [x, %, ..., x,], B
BN R BUE w;, e[ 1, n] IERAT A

Z=W1x1+W2x2+"'+ann+b

Horb b BRONIEGINLI I B (Bias), —4EHIEw = [wy, Wy, ..., wy [FRAEEIHLIAUE (Weight) ,
z FRONIBGNHLI 145 P (E (Net Activation) . 5 A &= 3

z=wlx+b

A DLE BRA LS MR, IFAREAC I AN E AT 43 ) . i I 72 2 AR 5 AR IO e
#(Activation function) 5153 235 {41H (Activation):

a=0(z) =cwlx+b)

1 & A3k H https://blogs.umass.edu/comphon/2017/06/15/did-frank-rosenblatt-invent-deep-learning-in-1962/
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6T AL 2

F P e AT LA 2R oA 2(Step function), WERRIRKBIGI I Fas, Bk B
A 01 PIRREUE, Hz < Offfath 0, ARRIA 05 iz > oAt 1, SRS 1.

a—{l wix+b=>0

0 wix+bh<0
1 A] DL 55 PR 2(Sign function), WIE 6.3 fli7R:

a={1 wix+b>0
-1 wix+b<0

2.0 2.0

15 15
1.0 1.0
05 05
4 2 2 4 4 2 2 4

0.5 0.5
1.0

15 15
20 2.0

6.2 BrERER 6.3 TFSERHE

IINBEGE RS, AL LR ZE R S RAESS 102K BRSO AT 5 iz =
0K RAESEN), HAALE FHCY 0, JoiRFIHIBREE & B REE T S 5L .

X Hrdia

6.4 REAAIEE

AT BERE LB AN T BE i M TR 7] H 8722 2], Frank Rosenblatt $& H 7 EENHLH 2%
&L, B s,




6.2 EEZ [FERLALEEN] 3

MIENEHEwW=0,b=0

repeat
M 25 B FAUR AR — AN R (x5, 75)
it H B shasir dia = sign(w'x; + b)
Y2 Ra + y;:

W=w+n*y; *x;
b'=b+nxy
until MZFER AP EK
Wl 2 XRS5 HKw,b
Hnye 2.

EIRIRANE H AW 35 7 7 REFI R B 77, {H/2 Marvin Lee Minsky Al Seymour
Papert T~ 1969 F-7E (Perceptrons) FHiE B T DUBEIAL AT B L PR BYAS BEfif R 7 5L
(XOR)SFZAEAT] 43 ], X ELE BT B M A 2 I 2% I FU b N TR . R
SRR AL BEAR R EAEANTT 43 18, B A5 rh IR B R E 2 S 4 28 AT LAk o

6.2 £EER

AN AT SR B R T ERE ), e N REAR A L TS . 5K
br b, BURIREE 2= S E T B2 FCMSEOREE, Bz 085 BANHFRE 2 K
Z0, BRI L, B ANE SRR BRSO R B B T A PR i E SR R, I
THITHES 22 7 N 25 2R 38 50 X 2% (1R I8 BE
AT TRA T B W AL OE R, R IRATHES Z AL RSB 2 N 25
WM E . Wl 6.5 s, FHTHES T 2 D&, B2 N 130 R0 BEmL,
MR 3 FNTT A, 2 AN T SRS E . A S — AN H T S A
01 = 0(Wyg * X1 + Wyq * X, + W3q *x X3 + by)
B AN A R
03 = 0(Wyp * X1 + Wap * X + W3y * X3 + by)

B N0 = [04,05]0 ML JET] LLIE T — KA PR 5 58 B

W11 Wi

[01 02]=[*1 X2 x3]@[W21 Wy
W31 Wsp

+[bo D4l (6-1)

R
0=X@W+»>b
FREINHFEX shape € SUN[D, din], DAFEASIE, AERE 1| MEASSRTMER, d;y,
JUENTT A BUEFERE W shape 7 XA [di, doutls dowe N 2L, i E & b shape
€ X N[doye] -
HEHLE AT U, Bl 2 MFEAR, x' = [xd,x2,x2], x% = [x2,x2,x2], WA CAJT{E
okt A S (6-DHET B E T



EE R 4

Wig Wi
1 1 1 .1 .1 11 Wiz
of o x{ x5 x
o2 =" 2 Bl@|war war| 4 [by by
2 2 2 2 2 1
0? 02 xXf x5 x3 Wa; Wa

Hr RO S T b/ NFEA M HERFAIE, shape SN[b, dgyuelo HI TN A 541
N AR, XN E R N4 %52 2 (Fully-connected Layer), B B % &2 2
(Dense Layer), W HFiFER {4188 2 AUEFERE, bln B %R =1 mE .

6.5 EEEE

6.2.1 Sk E LI

£ TensorFlow 1, ZSLHLAERRR, R 2 E WFPUEKE W MR EKE b, FFFIH]
TensorFlow H&AH: FrFit & P AH 318 R X tf matmul) B AT 52 B 48 2 /O THR . an R ACHS 61 43
AN XFEREND = 2R, FEAR I ARHE R E N, = 784, flth W m N d gy =
256, T CRUEAER: W 1 shape N[784,256], IR IE& AV W; WE FE b 1)
shape 7€ XCN[256], 7EiHE5EX@W/EHHIIRIT], HRE&LEEZEMHH O 1 shape N
[2,256], B2 MFEARBIFHE, B MHIEREEN 256,
In [1]: # B w,bikE
x = tf.random.normal ([2,784])
wl = tf.Variable(tf.random.truncated normal ([784, 256], stddev=0.1))
bl = tf.Variable(tf.zeros ([256]))
ol = tf.matmul (x,wl) + bl # ZVEAH#
ol = tf.nn.relu(ol) # BHOGKR%EL

Oout[l]:

<tf.Tensor: id=31, shape=(2, 256), dtype=float32, numpy=
array ([[ 1.51279330e+00, 2.36286330e+00, 8.16453278e-01,

1.80338228e+00, 4.58602428e+00, 2.54454136e+00,..

6.2.2 B AL

RIEREAR PR AR IS, S IEAE IR (HRAE N ERE NS 22
—, TensorFlow HHHHEINEE . #FHFE HER)ZELI 7 20: layers.Dense(units, activation),
W B i T s Units FHOE eR B BRI AT . S N1 s BOR AR 25— s B 1) %
A shape #i5€, [FIISHRIERIN  Hth 1 S 808 B B I AG AU FERE W A & 7] & b,
fEFHAER 78 . For activation 448 7€ 2 FI = HIBGE BAG AT RLAE WL 3OS o6 #el 3 2
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SCHOE R, AT PASE SE N None TGRS R

In [2]:
x = tf.random.normal ([4,28*28])

from tensorflow.keras import layers # SN E b

# QUERATTERZ, 4R T A BONEOE R

fc = layers.Dense (512, activation=tf.nn.relu)
hl = fc(x) # BT fo BuEM—REEEZMIIHE
out[2]:
<tf.Tensor: id=72, shape=(4, 512), dtype=float32, numpy=
array([[0.63339347, 0.21663809, O. ; ..., 1.7361937 , 0.39962345,

2.4346168 1,..
i AT AT LA — R AE L 2 fo, R SO 512, BN S
FEfc(x)THEN HZNERI, R N EBUE R W N & b. AT T LIS S8 P #H lA 44
kernel 1 bias AKRIUBUEHFE W Al & b:
In [3]: fc.kernel # 3RHX Dense ZEMIBUESE M
Out[3]:
<tf.Variable 'dense 1l/kernel:0' shape=(784, 512) dtype=float32, numpy=
array([[-0.04067389, 0.05240148, 0.03931375, ..., -0.01595572,
-0.01075954, -0.062220737,

In [4]: fc.bias # 3KHL Dense KM E M &
out[4]:
<tf.Variable 'dense 1/bias:0' shape=(512,) dtype=float32, numpy=

array([(o., o., 0., o., o., 0., o., 0., 0., o., 0., 0., 0., 0., 0., 0., 0.,
RS, R EFAEMERI A AU S EEKkESIZR, W] U 2R
trainable variables >KiR [FIFFRA S E 5135 :

In [5]: fc.trainable variables
out[5]: # REFFIISEDIE

[<tf.Variable 'dense_l/kernel:O' shape=(784, 512) dtype=float32,..,
<tf.Variable 'dense 1/bias:0' shape=(512,) dtype=float32, numpy=..]

SRR b, M ZRR T ORAF T ALK R trainable variables, I&A T E0E T ASEHE
A5k &, W54/ 4311 BatchNormalization J=, 7] LLi#Id non_trainable variables i 7
REFTA AT EZRUHISEIIR. WRGERGITESHIIER, W LLELZER] variables 12
ERSNAEEIE S vlIES

In [6]: fc.variables # ﬂ@ﬁﬁﬁ?é&ﬁ”i
Out[o]:

[<tf.Variable 'dense_l/kernel:O' shape= (784, 512) dtype=float32,..,
<tf.Variable 'dense 1/bias:0' shape=(512,) dtype=float32, numpy=..]
XTRERE, WK EHS5HENL, ) variables R [A 517 5 trainable variables —
=
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FIFH 2% 220 G b AT R i 5, R B AEM call  FERIE], BIS K fox)
KR, BLESAEN call ik, £ call iETEZHAN call ik, iEREESE
7E call FiEFSLHL T o(X@W + b)) B, &EiRRl4&ERE K HKE,

6.3 1HLZ WX L%

W R RS R 6.5 R, ORUETT— 2 % 115 S80S T2 s T R
ULHC, BURIHES BRI L o JRATTICI A Hhyoh 28 o Ae) B X 28 U o 22 45 . dn 1]
6.6 Fizn, IS 4 DM aERE, WU EECN 4 IthE Mg, TR RN iR
5, WORAERMYs . oS 1~3 NIRRT e, FROAREE 12,3, e
A R A E M 2 e, FROE S . BRI 1,2,3 B s
[256,128,64], %t J= ik =5 s 10.

FEVCTH AT LRI, W2 S A0 B S ST R SREN A b scE, AR
G BB AT BRI 1 R N U AR B SEBRRFE UL IS, R
BNJETE RS B R ACERUR D, A B0 R RO RO AR A S5 1) Bk
BOEHHT RO SR, PR ML S50 00 1 B FEROR, W&l 6.6 J= HheRg 2 % L 1 R
A—EE T N[256,128,64,10], FILAHHIHARS, 1[256,256,64,10], Hi[512,64,32,10]5%
&, 2T HM—HESHRENK, XHERZKSUIRELE RN R P SLinsil, @3
AT LLET AutoML AR H AL BT .

e O
O o
e O=
O O=
- ﬁj O;f
REQ%T O
A [b,784] Fa#EL [256] Fe#E2: [128] FE#E3 [64] 2 [b,10]

B 6.6 4 RIHZMLE

6.3.1 Sk E AL

TR, LUK 6.6 RSB, 73 hE AR FIBUERERE WA & A &
bt
# BOEJE 15k
wl = tf.Variable (tf.random.truncated normal ([784, 256], stddev=0.1))
bl = tf.Variable(tf.zeros([256]))
# BOEJR 2 5k
w2 = tf.Variable (tf.random.truncated normal ([256, 128], stddev=0.1))
b2 = tf.Variable(tf.zeros([128]))
# BOEJR 3 5k



6.3 FRZE 2% [FERLALEEN]

w3 = tf.Variable (tf.random.truncated normal ([128, 64], stddev=0.1))
b3 = tf.Variable(tf.zeros ([64]))

# Hth Rk E

w4 = tf.Variable(tf.random.truncated normal ([64, 10], stddev=0.1))

b4 = tf.Variable(tf.zeros([10]))

RV, A RERZ RN ZNY, 5 B R AN SRR, EREE
fJE )=, R R R AR D B2 R -
with tf.GradientTape () as tape: # FEREEICsEas

# x: [b, 28*28]

# FBUEJZ 1 AT, (b, 28*28] => [b, 256]

hl = x@wl + tf.broadcast to(bl, [x.shape[0], 256])

hl = tf.nn.relu(hl)

# FBUZ 2 #iATHER, [b, 256] => [b, 128]

h2 = hl@w2 + b2

h2 = tf.nn.relu(h2)

# FUHUZ 3 RIS, (o, 128] => [b, 64]

h3 = h2@w3 + b3

h3 = tf.nn.relu(h3)

# WHZATAAE, (b, 641 => [b, 10]

h4 = h3@w4 + b4

R R T BN R O AL AR IR ST e, X BINA IS AT B
FEAE M TensorFlow H 23R S IhBETH AR, 7 208 Al M T H R AR B AR

tf.GradientTape() M35 7, MIMAIH GradientTape % % 1) gradient() /5% H 2R S H01IBF
B, FEFIH optimizers X % 5 H S5 .

6.3.2 E 75 LI
R RSIRAK TN, B HR VIR, ISR 4 2 W o A

fcl = layers.Dense (256, activation=tf.nn.relu) # [Ey)Z 1
fc2 = layers.Dense (128, activation=tf.nn.relu) # [EJ)Z 2

fc3 = layers.Dense (64, activation=tf.nn.relu) # fauk 2 3

fc4 = layers.Dense (10, activation=None) # #Hith)Z

FERTIATHES, AR i8I A 28 = RIA] .

x = tf.random.normal ([4,28%28])

hl = fcl(x) # JEITRE 13305 H

h2 = fc2(hl) # ELEGEE 2 15305 H

h3 = fc3(h2) # EIRBUZ 3 525K H

h4 = fc4(h3) # %2530 2%

Xf T XA AR X ) AR A A 2%, AT DL IE Sequential 25 dda 3% il — > 4 45 K0S
Y RIS A T 5 ek RTS8 T A R T T T

# JHI Sequential HASEE N AWML

model = layers.Sequential ([
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layers.Dense (256, activation=tf.nn.relu) , # GIZEREZ 1

layers.Dense (128, activation=tf.nn.relu) , # GIEEREZ 2

layers.Dense (64, activation=tf.nn.relu) , # GIEKEZ 3
(

layers.Dense (10, activation=None) , # Az 2

1)
A1 TSR0 7 B — R 2% KSR G BT Se il AT J2= 4% i 5

out = model (x) # #IFITHELG 25 H

6.3.3 Ltk H#5

FRATTHE A 22 0 286 M Fin N\ B4 HH P 1 B R U 45T 7] 4% 4% (Forward propagation). #1252 %
25 AT AR RE, 2 7K B (Tensor) W 2R — JZ LBl (Flow) 225 2 B R M N2
TG, BN EEE, BERA3HHIFTEIRE, X2 TensorFlow HEE 4 75 U
fEo

AT [ A 40 R e i — 20 gl A2 5 iR 22 () T B

L=g(fe(x),y)

Hrfo(ORE TRIHOSEA A Z B, g (PR IRZEREL, R 7T W 25 11
TR fo (x) 5 BIARSy 2 A R, Lo F 7 2R 22 R, LR IR %
(Error, B4’k Loss), —Mubni. FoA14A HiE e IZED e [ 1% 3] 8 —H S 56 i
FRRZERRZEELIE

0* = argmin g(fp(x),y), x € Drain
0

EiR ar gmin A e B R F R 22 I AR AR SR R 28 S 500 (B A5 2, R TS
6

R BRI IE AR T B
0'=0—nx*VyL
R 1R 22 I ) A% Bk 2 EAT I ) v AR ) R AR Y e 7] 4% 3 (Backward propagation)

MG — A PSR B AR AR N 2%, '8 58 I R R IE I 4E FE AR e Thie, Lhin 4 2/
MNIST F5 57 B 7 R B M4, ERKIRTER T 784 —» 256 — 128 - 64 — 10[J4F
TERFAET R . JFIR R IE W A B w4, A8 TIRZIKERHE X CREE, ik
LW JZZ R AR, R T4 IR e R BRI RS, LU OARIE — B & T 511%
SEAH SR S ERHEE R, X I SRR A T 7 B 4 32 A s R AT 52 s R AT S5, i
Rk,

W28 1 2 B0 e i s I 2 R Y B B R b . A B AU HEEEEZNSHER? %51E
ﬂﬁﬁ@w,ﬁﬁb,ﬁkﬁﬁkﬁﬁ%Vﬁﬁ%ﬁﬁfﬁ%WMH%E,A/ﬁgt
din * doye» TN LEARE b FISE, BSEENdy, * doye + doyeo KT 2 Z W EEFEAPLE R
%,wmm4emma1ma6++w,é%ﬁ%ﬁﬁ%ﬁﬁ:

256 % 784 + 256 + 128 % 256 + 128 + 64 * 128 + 64 + 10 * 64 + 10 = 242762
Y1 240K NS HE .
HERE RN RIEARIANZ LT, KT I G2 16 R 28 R0 28 FIG PR 28 0 48 25 1)
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WA oy EE R S, TR HAn 22 2 3], AT T2 R I e A 18l 2 Bl i A
HAeERZEMNAR B, BT Geoffrey Hinton. Yoshua Bengio 1 Yann LeCun — A\ 31

FRAEPRZE I 2% () — AT 78, W N TR RER AR FE ML T ANt otk 2018 4ETHENLE R4
Mmzeix 3 N(E 6.7, MWEELWKIKIE Yann LeCun. Geoffrey Hinton. Yoshua Bengio).

6.72018 FRIREBE

6.4 FUEEE
T THIFRATI A G A0 2 D0 5% 1 £ LT R B
6.4.1 Sigmoid

Sigmoid PRELHIY Logistic BAEL, & LN
1

l+e*

B R R 2 B € RV “JE45” Flx € [0,1]X [A], XAMX A EEENL

an o S H R R B X

Q WA [0,1] X (Al AR (1) /AR a BBl 325, TR Sigmoid BRECK i HH i 18
A

Q F5MEE BT 0~1 BFAAIEME S H5RE, WRRMBIGME, 1 AR 4HE
R, 0 AR GATEIELHI R, a1 E(Gate) WHREE, 1 ARG/ 145
HBIFIR 0 AR T35

Sigmoid RECELL VT, WK 6.8 Fias, AN TBEReRE, v DLEFER AR T BRIk

ez z4, NARAEE 2.

Sigmoid :=

1.04
— Sigmoid

0.8

0.6

& 6.8 Sigmoid iR #phLk

1 TensorFlow H', 7] LLEIL tfnn.sigmoid SZH Sigmoid bR %4 :
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In [7]:x = tf.linspace(-6.,6.,10)

x # Wit-6~6 A&

out[7]:

<tf.Tensor: id=5, shape=(10,), dtype=float32, numpy=

array([-6. , —4.6666665, -3.3333333, -2. , —0.6666665,
0.666667 , 2. , 3.333334 , 4.666667 , 6. ]..

In [8]:tf.nn.sigmoid (x) # Bl Sigmoid PAEL

out[8]:

<tf.Tensor: id=7, shape=(10,), dtype=float32, numpy=

array([0.00247264, 0.00931597, 0.03444517, 0.11920291, 0.33924365,
0.6607564 , 0.8807971 , 0.96555483, 0.99068403, 0.9975274 1,

dtype=float32)>

ATLAER, R H[—6,6] i 2I[0,1] K X 8] .

6.4.2 ReLU

7£ ReLU(REctified Linear Unit, 1&1E4 14 5 0)0E BREPE H 2 B, Sigmoid pR%GHE 5
Fe PRI 2% [P 0TS PR G . {2 Sigmoid R EFE S B BOR B /NS 25 2 tH I B 2
T 0 IS, FRONBRETREON R, M2 SECRIN RS A IR, AR AMEIIZRETRZ XK
ZERAY . 2012 AR K 8 & AlexNet SR 7 — M 440 ReLU [MIRGE B4, (15 2% 2 40k
F 7 8)Z. ReLU BHUE LN
ReLU(x) == max(0,x)

PREHIZ I 6.9 Fiz, FTLAEE], ReLU XN T 0 BMEAFHIE] A 05 AT =00 B
SRR IR R T A . TE 2001 4, MRS Dayan F Abott S H
IASHR R N eh 2o iaE A, WKl 6.10 Frw, B EAROFNE] L A TR B mv il AR
T, ReLU BR#E 5 2 JEH FEAL (Glorot, Bordes, & Bengio, 2011).

ReLU

6.9 ReLU B EEH
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11

200

—
wn
(=]

Firing rate (Hz)
=
(=)

wn
<

Ul

0 2 4 6 8 10

(=

6.10 ANBN#GEHRE! (Glorot, Bordes, & Bengio, 2011)
£ TensorFlow 1, AJ L@t tfnn.relu SEH ReLU BRi%K:
In [9]:tf.nn.relu(x) # Hi ReLU ek %L
Oout[9]:
<tf.Tensor: id=11, shape=(10,), dtype=float32, numpy=

array ([O. , O. , 0. , O. , 0. , 0.666667,
2. , 3.333334, 4.666667, 6. ], dtype=float32)>

ATUVER], 43d ReLU WuF R 8Um, A lE Dy 0, IEEHS DR

B 7 AT LA ek 0B 1 tfnnerelu SEEE ReLU B#Yh, 67T LUK Dense E—FE4
ReLU BHUFE N — DML EA NI ZE T, XN 2R layers ReLUOZK . — B UG, I
BREIFA R BRI IZ R, ATE AR AL

ReLU B BHE AR, R 5, FNAEROBERE, EAE
(PR IEE 5 ) B AR AR B A R, L ) 2 I R e —

6.4.3 LeakyReLU

ReLU H#fEx < OFBREEAETE A 0, AT RE21E bh FEUREON S, A T SEiRIX AN )
i, LeakyReLU MR #2H, W& 6.11 fizx, LeakyReLU KA N:

>
LeakyReLU = {pix xx_<0 0

HrbpyH P BAT IR EREBVNIUERI S, 110.02 55, 2p = O, LeayReLU %R
o9 ReLU % Hp # O, x < OREWEIRATHEUINIIBEEE (Ep, MM G th LR L O s
Zo
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—— LeakyReLU

6.11 LeakyReLU iR {4k
7 TensorFlow ', 7 LLE tfnn.leaky relu SEE LeakyReLU BRI %4
In [10]:tf.nn.leaky relu(x, alpha=0.1) # J#id LeakyReLU BUIH K%L
Oout[1l0]:
<tf.Tensor: id=13, shape=(10,), dtype=float32, numpy=
array([-0.6 , —-0.46666667, -0.33333334, -0.2 , —0.06666666,

0.666667 , 2. , 3.333334 , 4.666667 , 6. 1,
dtype=float32)>

Hrb alpha 28 pZ4L. tfnn.leaky relu XN IZEN layers. LeakyReLU, A LLidit
LeakyReLU(alpha)fl|## LeakyReLU M %%/Z, Hi%kBpZH, 1% Dense =K LeakyReLU
JRTCEAE M 2% 1A iE A B

6.4.4 Tanh
Tanh FRELRES Kix € RIVFIN “JE48” BI[—-1,1]X (8], & XH:
_(e¥—e™)
tanh(x) = m

= 2 *xsigmoid(2x) — 1
A LA B tanh S0 B8 20T IE Sigmoid BRI BT AL B, i 2 6.12 fis.

Tanh
1.04

0.5

6 4 2 2 4 6

-1.04

6.12 tanh ERIHRZ
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7t TensorFlow 1, HJ L@ tfnn.tanh SCH tanh PR
In [11]:tf.nn.tanh(x) # B tanh ¥R AL
Outf[1ll]:
<tf.Tensor: id=15, shape=(10,), dtype=float32, numpy=
array([-0.9999877 , -0.99982315, -0.997458 , -0.9640276 , -0.58278286,

0.5827831 , 0.9640276 , 0.997458 , 0.99982315, 0.9999877 1,
dtype=float32)>

A DA B e B AV B S B[ —1,1] 2 8]

6.5 MW E 1% it

TATTRFE N H T8 W 2% i Je — 2R, BB 7RI FTA BIRRRE — R, e
e, FAESREUDIRE, VRN HRZEA, T BRI BAR TS ok uoE =& 5 A8 S
BRI, DASAS AT A SRR s ek R

A TR AR A i H AR A DX 11V L SR 2 2 18 o DL I J L S SR B 4
Q oeR? fhjE T A LECRE, B F B S8, T ok HuE s r wil,

U8 PR T i) A 5
Q o€ [01] ¥t AR ELE[O, 1], W FER, B BRE—RH0, 1%

ANy B ARl R, R T T S I PR 25 TN 1] 7
Q o0€l0, 1], ¥; o =1 FH{AEIETE[0, 1)K, FHFTEMHBEZ AR 1, &Lz

SR, G0 MNIST FEHFEF BN, EIRET 10 M5 MHEZ 2 F14 1
Q oe[-1, 1] WHETEL, 11201

6.5.1 M iE LK Z 6]

X n) L R, A5 E % R A 2R T . ARSI TN L R S A T AR e T
BB I E S SEE ], Br E T UAIEGE R, RENTEEEZEETRE —Z
K% o F B SEAH y B TR, WeRHAW T ZiRERBE B {Heo 5 A Hy 2 M EE
5.

L=g(o,y)
HgfRaER 7 HEANBARRNR Z T H R

6.5.2 [0, 1] X [&]

b LT[0, 1) X T4 e 3 L, LA A AR, — 40 2K A, AL 25T o,
AR LA B R A R0 1, W ELEE T RO, (R T 25
TAERA SO . 9 T AR (00 B 00, 1] T R e I, T St R v
IR B BT 8o, 3o Sigmoid B MUILT ELAT EThBE.

FIRERG, ST 40 K0, AT T IE S RO TN, 460t 2T DAL AR — AN
FRIAE A RAENBERP(AL) . SRR HER % 0 o7 IE I 35 H DL,
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WA S FA IR R AT — 0, ML 6.13 Fin.
P(Eﬁﬂx) =0
P(&ix)=1-o0

i R — AT,
FHAKEGBE P(Alx)

6.13 BT A = 53 JEM 4%

R E A YEE z J5I0 Sigmoid BREIRN T4 H 4 PR A2 E

XPT 2 R, BR TR DU A Y R EORE A KA P(Ax) Ak, 3R]
PLA3 N TP (A|x) FIP(not Alx), 3 2 ZIR

P(A|x) + P(not Alx) =1

W 6.14 fior, oMt E8ERN 2 M A, BT A E R R R A
RATIEZP(Alx), AT A AR AR A B B SR AERIMZEP (ot Alx), FIE
#| Sigmoid B GRS FEAMEEAERI[0,1] X 7], FEASHLE 2 N AUEZAIFE R, Al
R T Ro; € [0,1]251, b BAATRE SR Z AN 1 LIR:

Zoi=1

i

AL T — T E S A R -

O;‘\

O - ——() raw
O O P(not Alx)
O;zé—??;:_'i_,.,.

6.14 2 NMEH T MBI Z 57 KM%

6.5.3 [0,1]X[&], AN 1

ifHo; € [0,1], FrAHHEZ A 1, X e AZ 5 2Km 8E v L. i 6.16
B, 2 B T AR T R, B g g5 T AR 3 2RSS, 3 A
TR A AR T AR R TR A, K B, J C IS
P(Alx),P(B|x),P(C|x), FEZ /I IrEA Rl ge)E T g 20 R i —p, Rt
JEFTHERIMERZ TN 1 LR

WHAT S Ay OB e 2 ] DUd I 7R H Y E IS D Softmax BRELSEIL . Softmax BREUE X
N
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eZi

dout Zj
e
Z]'—]

o(z) =

Softmax BRETANY AT LUK 46y H A M 20,1 X 18], 3839 2 BT AT A% HUE 2 A0 1 R
mE 6.15 HRIEIT, W E R L N[2.,1.,01], &0t Softmax BMEGTE)E, HEH N
[0.7,0.2,0.1], AT LAEBIE/MERER T URTHEARRE TR MR, MR E2 N 1. @
I Softmax BRECAT LK H 2 g 55 B N 2R BIMESR, 7822 1 A i AR A

2.0 — o en — p=07
1.0 —  PiT 3, % —— p=02
01— — p=01
#r A Logits Softmax LR

6.15 Softmax ER #7451

/O P(A IX)
O P(B|x)
_ "‘_,‘.ZT,‘_;:O P (C |x)

0000

P(A|x) + P(B|x)+ P(C|x)=1

6.16 Z 5 KM
1t TensorFlow ', 1] LLIEIT tfnn.softmax SZHH Softmax pR%L:
In [12]:z = tf.constant ([2.,1.,0.1])
tf.nn.softmax(z) # ML Softmax K%L
out[12]:

<tf.Tensor: id=19, shape=(3,), dtype=float32, numpy=array([0.6590012,
0.242433 , 0.0985659], dtype=float32)>

Y Dense JZF4LL, Softmax B EH T AME NS EZRAE R, 18123 layers.Softmax(axis=-1)
AT AT NN Softmax J2, HA axis 446 € 7 2 AT HERI4ERE .

£ Softmax BREUHIEE THE AR, 5 P AN B R A BB HILR s fEH R
SO, o IR G A . O T BB TR AR E M, TensorFlow HHRME | — M5
—HHE I, # Softmax 558 UG R AL RIS SEIL, A AL T BUE AT E R R, —
MEAHEFAE A, B S A Softmax BREL S A8 UK R EL. B3 TR
tf.keras.losses.categorical_crossentropy(y_true, y pred, from_logits=False), A1y true fX& T
one-hot #wf 5 [ FLSLAREE, y pred KoM L& FITIAE, 4 from logits % & A True K,
y_pred RoRIUAKRZ T Softmax REHIARE z; 2 from_logits % &N False I, y pred &R
RN Softmax BRI 4

In [13]:
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z = tf.random.normal ([2,10]) # FJEHH 2% H

y onehot = tf.constant([1,3]) # i ELE

y_onehot = tf.one hot (y onehot, depth=10) # one-hot il
# Wi ERMAH softmax BREL, from logits BB N True

loss = keras.losses.categorical crossentropy(y onehot,z, from logits=True)
loss = tf.reduce mean(loss) # TFHTI2E Xk

loss

Out[13]:

<tf.Tensor: i1d=210, shape=(), dtype=float32, numpy=2.4201946>

AT PAFI H losses.CategoricalCrossentropy(from_logits)2S 77 A [FII SEE Softmax 538 X Ii§#%
KRR

In [14]: # QI8 softmax S XEIIE, M ZErMH z RMIEH softmax

criteon = keras.losses.CategoricalCrossentropy (from logits=True)

loss = criteon(y onehot,z) # TIEHLK

loss

Out[1l4]:

<tf.Tensor: i1d=258, shape=(), dtype=float32, numpy=2.4201946>

6.5.4 [-1, 1]
A B AT AE [~ 1,1], T CAR A M tanh ORI AL, SCBLIF

In [15]:
x = tf.linspace(-6.,6.,10)

tf.tanh (x) # tanh 0GR

Oout[1l5]:

<tf.Tensor: id=264, shape=(10,), dtype=float32, numpy=

array([-0.9999877 , -0.99982315, -0.997458 , -0.9640276 , -0.58278286,
0.5827831 , 0.9640276 , 0.997458 , 0.99982315, 0.9999877 1,

dtype=float32)>

Btk Z RO B — R RSN, T DR AR SEBRRI N  5 B AT i

6.6 IZEITE
W ILENRZETTE R Y 2. X KL #U% . Hinge Loss PRESE, HA I ZK
FONAE R R BHE IR E 2= 2 R s W, Wi ZEFERFRIAR S, 22 WS EEAT 28

7] o

6.6.1 Y HE
1477 215 % (Mean Squared Error, MSE) B ¥4 H 170 2L 82 ) B W ) B4 /R A AT 2
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AP R b, SRS TSRO A s 1] P R P 2 (PR e B G 1 )17 ) SRt B
IF1) R 2 [1] E‘J%%EE:

dout

1
d E (yi_ol)
out =

MSE R ZE KB HE SR K T45ET 0, 2 MSE REUE R fe/ME 0 I, i 55 T FSEFRAE,
LRI #ihe R 25 1) 2 B0E BRI -

Y07 22 ) 2 A RN R A, Ry SR R R ] AN S 229k % . £ TensorFlow
AT RO e HOs AR T S MSE iR ZE T

In [1l6]:

MSE =

o = tf.random.normal ([2,10]) # FJit4%%mH

y_onehot = tf.constant ([1,3]) # HJI&EHEEH

y _onehot = tf.one hot(y onehot, depth=10)

loss = keras.losses.MSE(y onehot, o) # TR 7

loss

Oout[1l6]:

<tf.Tensor: id=27, shape=(2,), dtype=float32, numpy=array([0.779179 ,
1.6585705], dtype=float32)>

TensorFlow MSE PREUR [Pl K2 BN REAIII T 2, 5 BAEREA SR ERUCr 2RI
batch FJ3477 %

In [17]:

loss = tf.reduce mean(loss) # A batch )%

loss

out[17]:

<tf.Tensor: id=30, shape=(), dtype=float32, numpy=1.2188747>

AT s 77 S, GRS keras.losses. MeanSquaredError () :
In [18]: # @& MSE R

criteon = keras.losses.MeanSquaredError ()

loss = criteon(y onehot,o) # iI'B batch¥J7%

loss

Oout[18]:

<tf.Tensor: id=54, shape=(), dtype=float32, numpy=1.2188747>

6.6.2 3% X

AR SUEIR R AT, FRATHE Jesk A 445 B 2% T (Entropy) FIE & . 1948 4F,
Claude Shannon ¥ #4/7%F FREINES DI AZIE B, HERETEEERIATEE. Bt
SRR G, B AR MK, ERAFEERL, FEERRER. K
AP @) B E SN
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H(P):= — Z P(i) log, P(i)

SEbr L, H(P)WAT B FIH AR E I log AT 5. 280015, KT 4 7038 m i, Rt
MEEARH) E AR 4 28, one-hot 4@f74[0,0,0,1], BRI FKIE Fr i) 7 252 Ml — B E 1Y,
ERTEH 4 BMMEP(y is4lx) =1, AFEMEN 0, BRG] LR BRI THE N
—0+1log,0—-0%*log, 0—-0+log,0—1%*log,1=0

W, XTHERSA, A0, BIAHEERIC. e Bl Rt 1 2
[0.1,0.1,0.1,0.7], ‘&R LA

—0.1*log,0.1-0.1+*log,0.1 —0.1%log,0.1—-0.7*log,0.7 = 1.356
FIERENL A, ERN I TR 24 [0.25,0.25,0.25,0.25], IXFMEIL N 1
LI 2.

HTP@) € [0,1], log, P(i) <0, BFURISRKTEET 0o MG H/ME 0 I, A
EVEN 0. 732K ) One-hot #iht )73 AT ALY 0 HIF15~- 7E TensorFlow 1], 3RAT]
A LAFIA tf math.log K20 A4

FEN ARG, FATEE TR 51 22 X A§(Cross Entropy) E X:

H(P. @)= = ) p(D) log, q(0)
i=0

T AR, A2 SO AT LA RN p I H (p)5 p.g 1 KL 8% (Kullback-Leibler Divergence) (]
.

H(p,q) = H(p) + Dk, (plq)
Hp KL E XA

D @la) = ) p()log (%)

xeX

KL #4J¥ J& Solomon Kullback 1 Richard A. Leibler £E 1951 4F42 () FH T4 5 2 AN 4047 2 18]
FRBTEDR, p = g, Dy (plg) B i/ ME 0. FEVERMRZ, 28 XA KL BE#HA 2
X FR
H(p,q) # H(q,p)
Dy, (plq) # Dy, (qlp)
A8 U AT DA G T B 2 AN A 2 R ZE00), R, 4o KRRy (4mA o Aip R
one-hot Zwiff: H(y) =0, LA
H(y,0) = H(y) + Dk, (ylo) = Dg,(ylo)
BB F SR A y S5 HERR 010 0 Z (A1) KL HUE .
MR KL B e S, FRATTHE S 43 28 1) R A8 U I F Rk =

_ _ Yj
H(y,0) = Dk, (y|o) = Z)’jlog <0_j>
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1 0
=1*l0g0—+ E 0*log(0—>
L )

J#i
= —logo;

HAiA One-hot Zif o8 1 IR 515, HRAMATAT LS. nTUES], LH 5L
Fli LR o, A 5%, XM R oK, H(y,0)/h, Y4XRHERN 1K, 22 XH5H(y, 0)
AR5/ ME 0, BER 284 o5 SRSy e 42— 5, WA M HIIFRAMRES . BMAE
S P I R R B R A TE A SR B TR 3 R I R . XA A P 25 AR A SR % iR B
e EM 5

6.7 fHEZ LG AR

IERRE ML R I EEAR NI 8RR, 0 Ja SRR 2% SRR BT ST BRI BTk,
EERZ AT, BRI, (BT NMRORIIREE, R LB EORSE
KEREAER, ERRNSHEAER, HRNZRZ R EE R M LU WA, T
R, MAZBARRIAOE A TR R . U SORSEHC BRI, O gt 7R
AL RN B IRE S BSOS (T 7T, AR 1 R I AR

ﬂ:l_lj.o

6.7.1 BAIPHE P 2%

WHATRG S BB AR . RIS B TE RN ) — MO, A R AT
PR AEFER . MUEAR I AR NS S8 EE R, IIZRaEE A, ik R R A
PERAUE L E R EAE, Yann Lecun 7E 1986 -4 H 7 HBAIHHZE M 4% (Convolutional Neural
Network, CNN). FEHIREL Y S HNEE, BIRME NSRRI LR 1
Firf HAth B A R, BILGE THEAN LD S e 3 . IX Ho BT B A T B
7951 AlexNet, VGG, GoogleNet, ResNet, DenseNet %, T HAniRAIH RCNN, Fast
RCNN, Faster RCNN, Mask RCNN %5, FRATHGAES 10 F VRN GBI P 2%

6.7.2 fEIFPLI 2%

br 7 AR ESEHNE R SRR A, FRINE T 0 RAE I — M 2k
A, Hrp— A AR PG Sl SOAR B s . W] A BE - PR AR EE & B ARE S
SEPR ) — M2 . AR 4% T B = Memory AL HIAI AL AN E K7 F1E 5 (1) RE
71, FHAFEKARET IS . (EI LM 25 (Recurrent Neural Network, RNN)7E
Yoshua Bengio, Jiirgen Schmidhuber 28 NHIFRFEENT T T, R IEH EK A FPIES .
1997 4, Jirgen Schmidhuber $2H 7" LSTM M%%, {EA4 RNN FIAR, ERUFHR T
RNN 6= KHL4 AEKAEBKFHI A, 763 RE S B RS 2] T2 KN .
T LSTM #%8, Google $#2H 7 I THLZSEH 1 Seq2Seq B4, FfpkIhmi H T A dm &L as
FHE RGU(GNMT). HAh ) RNN ZEFEH GRU, XJn RNN %5, FRADEESR 11 FiEgiNn
PGP L 2%

6.7.3 ER JT (WL 4%

RNN JfANE BRI 5 A B i 240 T5 58, IR RBEETE B /L (Attention) R4
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t, JEAR T RNN IZAFasE . W LIEATI ARG, 76 B SR 5 A ER A [ Fr 20 i S5 it
B TR FER NI RAPITEE 2y 255 B, (HIRETT 4R NLP & KAE55 .
2017 4, Google 2 7 85— AR 2l 2 L1 SCIL R X 28858 Transformer, B 5 & T
Transformer AHAE$E H T — R FI FH T HLas B 195 MBI, 41 GPT, BERT, GPT-2
o FEFARSIIR, FETHEE MM, U B R JI(Self-attention) Bl F4 2 1) X 2%t B A3
TR, HendE T B AHLHIE) BigGAN MRS IRATKAESS 14 BEAGEE S
ML B L X A5

6.7.4 EIFPZ ML

B SCARSESAR BA BN 2 (6] IFR] 4544, FRZ A Euclidean Data. A fHZE /Y 2%
OGP 22 ) 2843 11E BH 8 4R AL B M R () 50 . RS TS W28 L A5 X 4%,
T AU A5 — RN 2 (3R S50 1 EAE, E1188 AN, 2016 4,
Thomas Kipf 55 N5 T 1 NE—Fri AR SR EE RIRH T BG4 (Graph
Convolution Network, GCN)#AY, GCN HiESLIF ., W —M4EE R R G A E
WREE M ERAR, BRI BMES BBUS TSR, BEfE, — RV AR 42
W GAT, EdgeConv, DeepGCN %%,

6.8 SRFEFUM LR
ARATRATIE A 4B N 2% 58 IR - R RE 8 b MPG 1 [ U i) @32 S0

6.8.1 HIEE

HATRHA Auto MPG $i¥ide, Bl I S FVIER R bR 5. ERE, SER
A PR A I SE s, EEBERENET 5 I R 6.1 s, KA &7 BU & OER
1% 6.2 W B 1A T T BRSNS, HAL T B BE R . b B, 1R
R, 2 FoRWH, 3 FoaRHA.

F1& 6.1 Auto MPG HUIEERT 5 TN

MPG Cylinders Displacement Horsepower Weight Acceleration Model Year Origin

18.0 8 307.0 130.0 3504.0 12.0 70 1
15.0 8 350.0 165.0 3693.0 115 70 1
18.0 8 318.0 1500 3436.0 11.0 70 1
16.0 8 304.0 150.0 3433.0 12.0 70 1

17.0 8 302.0 140.0  3449.0 105 70 1
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®E 6.2 BWIEFERENX

MPG  Cylinders  Displacement Horsepower Weight Acceleration = Model Origin
Year

o AEH H=E 57 ¥ Ao iR A5 JE

/\ R

(S #4’77\

2

Auto MPG ffa 5 —3Lid 3k 1 398 Tidd, AT UCK feds a8 N HOF el 42 21
DataFrame X} % H1:
# RN BV R AR
dataset path = keras.utils.get file("auto-mpg.data",
"http://archive.ics.uci.edu/ml/machine-learning-databases/auto-mpg/auto-
mpg.data")
# FIH pandas BHHINLE, FEAMEE (ARG , A, e, S, e
# OIEERE, BSAER,
column names = ['MPG', 'Cylinders', 'Displacement’', 'Horsepower', 'Weight',
'Acceleration', 'Model Year', 'Origin']
raw_dataset = pd.read csv(dataset path, names=column names,
na values = "?", comment='\t',
sep=" ", skipinitialspace=True)
dataset = raw dataset.copy ()
# BE S H
dataset.head ()

JRAGHE P BB 7T BE & B (R R R B, 75 S PRI LD SR
dataset.isna () .sum() # ZuitZsAEE
dataset = dataset.dropna () # MFRZS (%R
dataset.isna () .sum() # FRRGITZ A EE
TERE, RS IC IR 392 i,
H1T Origin “FBOVEESE, FATHIBIIHR, HHEHIHT 3 DB USA,
Europe ! Japan, 73 7llACR 72 15K H 1=
# LB EAE, Hh origin IR T A 1, 2, 3, AR SEEL BRI, HAE

o

# JesfH (MERIFIR D) origin iX—4
origin = dataset.pop('Origin')

# R4 origin FIKRE ANHHI 3 M40

dataset['USA'] = (origin == 1)*1.0
dataset['Europe'] = (origin == 2)*1.0
dataset['Japan'] = (origin == 3)*1.0

dataset.tail ()
5 8:2 I ELBIY) 2 I SREE TN AR -

# VI I SREEAN I i

train dataset = dataset.sample(frac=0.8,random state=0)
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test dataset = dataset.drop(train dataset.index)

¥ MPG 7 Bt% H s Hiis -
# B3 MPG MFERALIX — TN IR ¥
train labels = train dataset.pop ('MPG')
test labels = test dataset.pop('MPG')
Yot 5 BB B RRRIE 22, I 52 OB bR v
# EEIGSERRA X 15520

train stats = train dataset.describe ()

train stats.pop ("MPG")
train stats = train stats.transpose()

# AR B
def norm(x) :
return (x - train stats['mean']) / train stats['std']

normed train data = norm(train dataset)

normed test data = norm(test dataset)
ITET NSRRI AR K/

print (normed train data.shape,train labels.shape)

print (normed test data.shape, test labels.shape)

(314, 9) (314,) # WZHEMN 31417, MARFAEKEN 9, B —MrEER

(78, 9) (78,) # MRS 7817, AR 9, b2 — MrEFRR
A1 BN SR S0 M R SR 51 -

train db = tf.data.Dataset.from tensor slices((normed train data.values,

train labels.values)) # HJ& Dataset X%
train db = train db.shuffle(100).batch(32) # BHHLITHL &l

FATRT LA I a7 £ 4t Gt - K B b 25 B 8] B R 20 A RO 825> 7 Bodk MPG
SN, A 6.17 o, ATRUKEOIEE R, Hhyi iR, HES MPG R R LU .,
WA HFREEGRERRIR, IR0 MPG BE(K, REFENIN, IXBRAFERANIM ARG LK.

! L]
° @
40 1 H ?
s 6 ° 2
0]
H °
gl @
= e o o
-
20 4 s s 2
° 3 ° ®
: e
e
101 °
2.5 5.0 7.5 10.0 0 200 400 2000 4000 6000 0 20 40
Cylinders Displacement Weight MPG

& 6.17 $FEz BRI 5376

6.8.2 BB 4%

L& 3] Auto MPG RS MR, FATHAIE A 3 R INEERE M4 K58 MPG
ERFIAES . B X RS 9 M, IS — 2T S E08 9. 2. )R
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(4 T RO 64,64, BT A AN TRINE, RS T SR 1. B TEMPG €
R*, PRI J5 — R RIHE0E B BT A, AT LRI ReLU #0 R4

AR SLB R — EHE XHERE, R R eI & T M=, Jf
FERD [P TH SRR call W SEILE 8 2SR RTHELZARRIT] . [ E S48 R 4% K
keras.Model 235, X2 H @ XINERMbrES L, PRI keras.Model 228421
[1] trainable_variables 5% F{H 4 T g :
class Network (keras.Model) :

# [N 2%

def init (self):

super (Network, self). init ()

# B 3 MR R

self.fcl = layers.Dense (64, activation='relu')
self.fc2 = layers.Dense (64, activation='relu')
self.fc3 = layers.Dense (1)

def call(self, inputs, training=None, mask=None) :
# ki 3 M AERE
x = self.fcl (inputs)
x = self.fc2(x)
x = self.fc3(x)

return x

6.8.3 Y= MR
58 R I B R I B G , TRATRSL A X 260k R B AR Ak 2%

model = Network() # A& MZEIE{]
# 8 build REGERNEKERIEIE, Hbh 4 AERM batch #iE, 9 NHINFHEKSE
model.build (input_shape=(4, 9))
model.summary () # f7EIRIZE(E R
optimizer = tf.keras.optimizers.RMSprop (0.001) # GIEfLILEE, TEE¥ I

B T ORI ZR 5y 38 Id Epoch A1 Step MIXUZEIANZRMLS, FLIIZE 200 4
epoch:

for epoch in range (200): # 200/ Epoch
for step, (x,y) in enumerate (train db): # MJj—IKJIZLE
# BREZICR AR
with tf.GradientTape() as tape:
out = model (x) # LML
loss = tf.reduce mean(losses.MSE(y, out)) # iI'/iMSE

mae loss = tf.reduce mean(losses.MAE(y, out)) # i[5 MAE
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if step $ 10 == 0: # FTENIZRiRE
print (epoch, step, float(loss))
# UPEBE, IR
grads = tape.gradient (loss, model.trainable variables)
optimizer.apply gradients (zip(grads, model.trainable variables))
XFF R AR, BR T MSE 2577 22 °] DL RIS (g P RE, b m] DU PR 4% 1R 22
(Mean Absolute Error, MAE) KA SR I PERE, B4 € UON:

o
mae := ly; — o4l
dout 7 ' '

FATIEFAEA epoch 45 RIS IYIZRATINNEL MAE 804, FF2h1 sk, il 6.18 Fizs.

—— Train

2257 Test

20.0 4
17.5

% 15.0
=

75] \L

0 25 50 75 100 125 150 175 200
Epoch

6.18 MAE 1k phZk
ATLAEE R, EIIZRB)Z15 25 4 epoch B, MAE [ R A2, HAPIZ4E1 MAE
TEREL NS TR, (HZNRE MAE JLFIRFEAZE, K AT DIAEZ1EE 25 4 epoch B 2 Hif
BNk, FERH ORI 25 2 BOR T T 1 4 AFE AR AT
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6.9 &% Tk

GlorotXavier, BordesAntoine, & BengioYoshua. (2011). Deep Sparse Rectifier Neural Networks.
H 4k GordonGeoffrey, DunsonDavid, & DudikMiroslav (4i%), Proceedings of the
Fourteenth International Conference on Artificial Intelligence and Statistics. 15, 1 315-
323. Fort Lauderdale, FL, USA: PMLR. £ 2K iA:
http://proceedings.mlr.press/v15/glorotl 1a.html

Mizera-Pietraszko]., & PichappanP. (2017). Lecture Notes in Real-Time Intelligent Systems.
Springer International Publishing. 528 K
https://books.google.com.au/books?id=zBUwWDwAAQBAJ

Jere. (2017). N L& gefish. KIRAE.
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The longer you can look back, the farther you can look forward. - 75 /K

7N

6 mRATC AL RGN 28 S FE R M 28 5 WA AR R R T 46, 4R
BEIMLEY, HRZMAN . 2B NSERENER, AT REZEMWENLS; NMET
BEXTASE ) 0] @i s N R, mE A R R, ST

A EEFRATR IR 2 T 22 ST RS 2 A O VA 2 —: R 5k
(Backpropagation, BP). PR b, R PEREFEIEE 1960 FACH G C A, SRmItk
Aol A EM. 1970 4F, Seppo Linnainmaa 7EH AT 3R H T HahEEASKR T 1%,
Febs S AR BESEAE T ML . 1974 4F, Paul Werbos 7EH 18 0 2 H 176 =
) A% P SRLE N BR8N 28 IRl ek, (IR /2, Paul Werbos F1A J5 S IAH CHE 7T K
#o SEbr L, Paul Werbos AN, IXFHHIF 5T 8B M p B AL M) 2 A 7 R, (2T A
THREFE, R T KR O KRR RENE S 210 45, 1986 4,
Geoffrey Hinton %5 ANFEAPEE N 2% W = A& & 5%  (Rumelhart, Hinton, & Williams,
1986), 515 [ £ 1R B AE P 28 I 28 pie i L S AR L

B TRES R AR T . B EHAUER DIRE, SRS LA TR 2k m %
WEEEARNR) T R n] DA 5 R A BRI 2, B A Ak T B 7 (Il SR 25 B A
B I MR SRR ARG B R BRIV R A M A% O Bk, R ZIER I A R B4y 8
B, AR FE . BEEESEECENES, RS SE HBOER L. HURRERE R A,
FIFURIZHHE R BENL . 2 Z & WX 45 (06 A5 3807 2.

1.1 B E5EHE

TEEHI B, BA AR S 2 (Derivative) RS, E#E U H D EXEx I r A —
M MLEIAx G, R E N EAYy S B B AN EEAE T 0 B Ra, W
RAFTE, all N TEx, a0 T 5L

Ay flx+x0) - f(x)
a=lim-—=lim
Ax—>0Ax  Ax—0 Ax

B MO FHT DTS OB, IILRTAERT, —CBME S A S A R B V1%
(ESRARIAYE, BT IS LR . BRI T, B RIS BN O ES B
HiFiERy =L ge?, G SH = B - g, R OV
%, Dlbto = gt, GBS IRIA S HCE A

SR b, (OISR — MR T2 O, LRI AR BLRT B R K A

—JCHRE, BEBARAG 2T xt, 7o MREN EAERT AN, KB SEOE
JEN AR I B R R AT AR R . SRR G2 b, B 5, (B2 SRR T L

1 %1 https://www.jigizhixin.com/articles/2016-01-23-2
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87 E ORI 2

AR AT AR . EIXEAT AT A, a2 bRl i LA T ) LBk ik, BeRs
F) S B0t iU et 5 5k (Partial Derivative). X7 T — JGER %, %i&ziaﬁyj—z; DO T

8%, aﬁ” 2 S R PEUT BRI, BB T

e N TCER BN N8 A5 AL, L AN shape SN[784, 256] IBUEAFE W, BEET
784%256 NEFEAUE, FRATTFE R H 784*256 Min G, FEEEMNLE, AN,
BAT B E S AR B x, HEEMEME T, x—BHRERBAN, tnEs, X
A, EEHIET, MENATELMESEED = (Wi, by, wy, by, ...}, FATGO IR E

ﬂ@%gﬁmﬁ%ﬁﬁwﬂ%oEﬁi%%@ﬁﬁﬁm%ﬁ%&@ﬁ%@&%ﬁﬁim@
¥, EIR SR, FIFIBEEE T MBI, Tk 4% (T A S . TR0 90 5 8
A i S 505 R % 3t
VL= oL oL oL oL
(ael 6, 965’ '"@)
6 3 T WA BT LA 38 T B T AT B
0'=60—-n=*xVL
BB T R MR TR R B MBI 7 SR AR R B B8 A, IR ST ep A
ISR R, AT e 0 7 1 O
0'=0+n+VL

VR, sy SR SRR B LS o R (S, o 2, ) I AR O

86,°06,° 865" " 36,
(Gradient), ‘EHITA WM SEL Y, FIETT M, BHEERTT AR N REUE B AR J7 ), #
J5£ B0 B m) e 7 BREME T e R 7 1w
W BA R T B R IR A RE ORI B2 R i A, X 32 B2 H AR sR B AR 1 B -
&R 7.0 B R, R OISO IME X, AN [F RO BT AT REAS 2 AN [F] B R A
B o

1(6,04) o

B 7.1 3ECeREIRG

MM RRAERIEE Z 4, BUSHEAET . 2L, WPt
2% (LA 1) RS R (AT TR P 5 ST HE SR 25 E Sh i SRR R BB L, AR R B T B Bk
TR IE AL IS HOE B PERET 2 T Ko

FENHZ SR (0 S P RR SR AT, BA e R S B H ILE I, W ILBaE e



7.2 FHCE AL [fESEALEEN]

B SR BRAB RS, A5 THE 54 JEM 28 46 B0 o 1 R
72 SHE MR
AR TSR S ARG, A 2% B R S 2.

7.2.1 AR FH

Q wHELc FHNO0, Wy =20055%y =0

O Mty =axx+c S HNa, WEHy =2+«x+ 158y’ =2
QO WREx® SH Na*x1, Wy =x2Kfy’ =2+x

Q FEHEEe* SN «Ina, Wy = e*R%y =e* xlne =e*
Q  xt#kekilog, x @iﬂl?’\jﬁ, Uy = InxBfi ¥y’ = xz111e =§

7.2.2 'H S50 R
BREOIE (F+9) =f"+4
Q KA (fg) =f'g+f+g
i (T _ fla-rg’
Q  REHEER (E) ==5  8%#0
Q EARIMSH HZEEGRES(9K), Pu=gk), HFH

d dfwd
[ _ G0 _ f1) g

dx T du
7.2.3 SEORMR IR
ZEHWRREL = x xw? + b2, N

0L Ox xw?

W aw XA
aﬁ_abz_Zb
ob~ ab

ZEBRREL = x e +eb, N

0L Ox=xe%V w

_— = *

ow ow xxe
BL_aeb_ b
b b ¢

ZEHWERBL=[y—(w+Db)]?=[xw+b) —y]?, Zg=xw+b—y

or

%—Zg*%—Zg*x=2(xw+b—y)*x

ow
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0L 008 oyl =20w+b—1)
—_= X — = * = —
b “8Tep Y xw y

& HREL = aln(xw + b), ©g=xw+b, NI
oL 1 Jg a
ﬁ_a g ow xw+b

aL 1 Jg a
- = * — =
db g 0b xw+b

7.3 BURR B S

7.3.1 Sigmoid RS

[=] i Sigmoid PR AR L K

1
1+e™>

o(x) =
BAHKAES: Sigmoid BRI SR ILR:

d ()_d( 1 )
E“"‘Eue—x

e—x
- (1 +eX)2

_(A+e) -1
TTarent

1+e* 1 ?
:(1+eﬂy_<1+e*>
=o(x) —o(x)?
=0(1—-0)
ATLAE R, Sigmoid BRI T HERIE 2l 4 0] AR Jy 0 ek 250 i B 1) T Fpas B, )
RIX 15, MM ETHE Y, B ZAF5)=1) Sigmoid K& HE, BEIRERR
BELRIB TR H T4 Sigmoid R SEI & W 7.2 BiR.

— Sigmoid
— $¥

N

e

-

& 7.2 Sigmoid R K H T
AT AMEH TensorFlow f) H 2R S IhEE, AFRAEH Numpy SEIL— N8 [ mAE#
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BOENA 2 EAh A g, PRI B RS BLES 7 A 18 H Numpy 7, 5281 Sigmoid pRL
RS

import numpy as np # FA numpy

def sigmoid(x): # sigmoid FR%Y

return 1 / (1 + np.exp(-x))

def derivative(x): # sigmoid S5

return sigmoid(x)* (l-sigmoid(x))

7.3.2 ReLU ¥ FH
1 Re LU B $f) 2235 2K

ReLU(x) :== max(0,x)
ERSEHETIEE R R, R

dRLU—
dxe B

ATLAER|, ReLU BB FHOTMERIHE, x RTETERNME, SEEE N 1, fERIMER
HIHE, EEEASTHORERE, 1& Bk B % VE(Gradient exploding); AN/ NERRE, i Aliks
B 55§ (Gradient vanishing). ReLU &£ FE M2k an &l 7.3 Fios.

b <0

61

ReLLU
— %%

" 4 2 0 2 4 6

& 7.3 ReLU iR R ESH

1E ReLU BREHY ) 12 B Z 1T, 28 N 2% F s R ECR A Sigmoid f5%, {H2& Sigmoid
RS 2 HIUBR FE SR BN, NS EHOE NG, BTE R S80h TR EAEE U,
ZHKINEEABHEROER, TIRINGREHEM L, SFBHPE M — Bi5 EAE
&JZE: B ReLU REUMER Y, IRIFHIM R 7 EREETRBURI LR, MHE 2% (1) = 2 Re gtk
FIBUREH, 40 AlexNet HRH] T ReLU UG s, FEHOAE T 8 2, JFEREM EHEE
IR A N 251 22 J2 R H] ReLU Y0 R £X

i#3d Numpy, AT LA EHISEHL ReLU R S 4L :
def derivative(x): # ReLU BREII'FEL

d = np.array(x, copy=True) # HTHAFEEZRKE

dix < 0] = 0 # JTEARNMIEH O
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dix >= 0] =1 # JLRERNEMNTCRSE N1

return d

7.3.3 LeakyReLU BR¥ 5%
[ LeakyReL U BRI i 2% 3K

x x=0

LeakyRelLU = {p x x<0

EHFET SN

1 x=20

d
—LeakyReLU = {p <0

dx
‘B ReLU BEMIAF Z AT, 2 x NFER, LeakyReLU B FEUE AN 0, 1
Zp, p —REN—NRUNAIEE, W00.01 52 0.02, LeakyReLU BRECHI FE ML e 7.4
Fizs

LeakyReLLU
— %éﬁ 54

1

& 7.4 LeakyReLU S#iphzk
LeakyReLU BR#UCA 250k 1 ReLU BRI, Al ELEY 2 . FdlTm] Bt
Numpy 328 LeakyReLU pRE S H0Un T -
# Hhp N LeakyReLU [ 7 BRI R
def derivative(x, p):
dx = np.ones like(x) # QI@FpEKE
dx[x < 0] = p # TWHERNAMIFE N

return dx

7.3.4 Tanh BEHEF
[5] i tanh PR A ERIE 2

(e*—e™)

tanh(x) = m



7.4 5% R B [fESEALEEN]

= 2 *xsigmoid(2x) — 1

B SREHER N
d _(e¥te™)(eF+e™*)—(e*—eM)(e* —e™)
atanh(x) = & 1 e )2
(ex _ e—x)z
=1- e =1 — tanh?(x)

tanh PR - SHhZ W 7.5 P,

Tanh

7.5 Tanh ERE R HASH
7E Numpy 1, 7] LLSZH Tanh o200 FH00F

def sigmoid(x): # sigmoid EELSLIN
return 1 / (1 + np.exp(-x))

def tanh(x): # tanh PREEZI

return 2*sigmoid (2*x) - 1

def derivative(x): # tanh SHLI

return l-tanh (x) **2

I

7.4 kBB E

HITH S22 /48 10 IR B, 3RATTIX HLHE 3 48 77 22450 9% R BOR A2 SR 5 % b 250 )
S SUN

741 VI ERBHE
$47 97 AR B B e A

K
1 2
L= EZ(yk — 0k)
k=1
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e i A LU TF Ay

I 2R 3 A

(Yk 0x)
601 Z 2% Ok = 601

Hp

aok

aol Z(yk o)+ 1w

Dty sk = A 1, SCHLEASA O, WHL B, DS RUE EAE, A AR

Ko Bl EAFRERANFT S AT L . 2977 2 1 3 HT DS .

oL

a0, = (0; —y1)

7.4.2 X XUBRBHEEE

FETHERAE SRR BB, — 0K Softmax B% 558 U KBS — S8l A HES:
Softmax pREL B, A A SR R EUTIRE L

Softmax B8 &
[B] i Softmax BRI )R IAI:

e
S S
YK e%

ERITIREREAG K AN T R E R O R, IR ORIERERZ A8 1, Wl 7.6 fir .

2.0 — _en — p=07
1.0 — pi = Zjer — p=02
0.1 — — p=0.1
i A\ Logits Softmax Hh e

7.6 Softmax R %
[a] g

gx)

f(x)=m



7.4 5% R B [FERLALEEN] 9

PR AL 2L

oy g (0R(x) — R (x)g(x)
f'x) = )2

Xt F Softmax PR, g(x) = e%, h(x) =YK_ e?, THBAMRIE = jIT I # jRK 0 HHES
Softmax PRIE B E .

Q i =i Softmax FRE W FE AT LRI N

e’
BW ~ ez YK | e% — eZie%
0z; K_, e%)?
LA I Tie %
_e%i(Tg, ek —e%)
(TR em)?
P 2 T
_en (XK_, e — %)
Yi-e% Yo e
ATLVER], eATEE 2 MEERME AR, FNp; = p;:
=pi(1-p))
Q i+ jiF J&JTF Softmax RENY
ae—zi
YR e 0—e”ie%
0z; K_, e)?
P 0T, FEO AR 2 B
_er ezi
B = €% 8 e %
= —DPj Di

AUES], BIR Softmax BREHIBEEEHER MR AL, (EIR SR 45 RO AR T35 Y -

opi _|p(1-p;) =
0z (~p;-p; Hi#j

2 X SR
7 EAE XA R pR E ) R0 5
L= _Z)’k log(py)
k

TRAT B T B A0 R BR IO I 25 Togits A8z, (I 340, EIF N
aL al
_ Z e 0g(px)

0z, 9z
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K log hE 5 bR HOM B 22 0 20

_ _z dlog(py) < Op
- Yk op. . 0z

k

R

_ 1 apk
== zk: Yk - x 9z,
HAZER AT L4 S 1 Softmax bR AL F4C.

SRR T Aok = iU ek = i3 2 FRFL, SFRNEERMAR, T
oL 1
9z —yi(1=p) - ;yka(—pk i)

BN
=-y;(1-p) +Zyk~pi

k+i

==Y tYVibi +ZJ’k “Di

k+#i

=Di ()’i"‘Z)’k)—)’i

k#i
SE AT SN R BRI B EHE
e, XF T2 y 383 one-hot ZwA% 7730, WA

Z}’k=1
%
}’i+z}’k=1

k#i
DR L A2 A 14 i S 5 mT LAE— 2B fi e

oL _
97, =Di— Vi

75 &EEEWRE

FEA ARSERO IR BOFEAIRN RS, FRATTIE St N S22 R 25 1) B AL R B E I o
SEPMEF IR R AR 2 R 24, BAT DL, W R BCR A Sigmoid bR
K, ARZPRECN Softmax+MSE 55k bR B IR 4 I 28 ], T HLAR B AR 4 5 2K

7.5.1 BANPE TR B
HobF R H Sigmoid UG BB A TORL, B I BUEAT AT LS N
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ol =a(wlx +bh)
HrpAg g 1) AR Z8, Mo 3R —MEUZ 4, xR MZE RN, FRATRAL
Ew R R EHE T AE . N T IR, AT BRI 7.7 Brox, B AR
HifiED, BT RECN Jo HA NS AT B o I BUEE RS Iw ,  EARERIRAL
EE TR, MHRRRGEERIRG T S5 ME T A5, W Maj1RR E—Z 05
SHRREIYETZRM 1 5. A BUR RS IR EMMz!, ZidE0E R e
Eol, HTRA M, of =0l WS HIMREZ AT IRE, REIWHNL,

BN A

7.7 HETIER

WRBA TR T R EZ R, BIBRRA 2T T — Mol , MARKATIR

L= %(0& —t)
Ht N B SR 2, iﬁibﬂéﬁ-$§2”ﬁﬁ3)§ﬂ@ﬁﬁ, THE TR, FRATLAUEIEZR ) €

[1,J15 1 R B BUEwW; A B, %ﬂ??ﬁﬁi@%&ﬁﬁﬁﬁ‘]ﬁa@ﬁ%:

0L ( 0 do;
— = (0, —
ale 1 0 /i1

Yo, = o(z) R, *FEF Sigmoid EE M F 8o = 0(1 — 0):

oL do(z,)

aVle = (01 - t) awjl

1
0z

ale

= (01 — t)o'(zl)(l - 0(21))

— " S 0z}
O'(Zl)—“:;’ﬁkOJ’ %éiﬁ%ﬁ:
j1

oL 0z}
= (0o —t)o;,(1—0q)
ale 1 1 1 d /i1
1
BRI =y, WA
le
oL

aw;, = (0, —t)o.(1 —0y)x;

M EATEVE 2], RZEXBUEW;, I RFER St o, . AL A ATAUEDE R 5
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ST
752 &EBEME

BAHE AL ORI HE T B0 2 ERERME L, wE 7.8 Fix. WA ZEE—
MNEEREEA R R, SEIMEMEGTEL T Z. MAT SO T, # A

7.8 &EZEEER

2 R 2 R AN TR A A AE T, B TARZ I A
01,03,03,..., 0, [FVFERIEENRTH 55 k5 20 50000 BB FOSEAREE b, €, v, Uo7 ZEMIRZEF] A

1 K
L= 52(01'1 —t;)?
i=1

T2 USRI, AR5 LIS, 8= ke
J
0L doy
aij B (Ok B tk)mjk
Ko = a(z )N
oL 00(z,)
6ij B (Ok - tk) aW]k
2 & Sigmoid PR FEe’ = o(1 — 0):
GL_( to (1 — o ))az,%
m— o — t)o(zy o (z, Ty
H%J(Zk)iayyok:
oL oz}
IS L LS OF
R
oL
Wi = (ox — ti) ok (1 — 0,)x;

R LVE R, Sk fwy, DIAER:, A5 AR T Mok, 0 R ELSE Y
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obRed, BARORRE (04 NS g 11 %
148, = (0 = tIok(1 = o), M2 LIk g
J

oL

— =8 x;
j
owjy

ﬁ¢&§%ﬁﬁﬁ%&%%¢%ﬁ%ﬁ%@%%%ﬁ%@,ﬁ%@%ﬁﬁ,ﬁiﬁ%ﬁﬂ
5 ARG fg, AUET RARS, AR, BREEOR LB . Ja SR AT 2 1E R 2
Sy PEAIAE TR A 1

BUEBA ] O T 58 R W 2 (R0t J2) BB BEA 18 30 3 ORBAN 1284 3
BB R EEAIR A, R SECE RIS, W DUEIMEE HE T A B
JRIBREEARIR A, AT ZE T SRR T 5

FEN IR AR IR AT, BAVE ] — A FEULIR I BN BEIEN .

7.6 $ETCEN

TSN T 00 2 OB PE S 570, AR A AR, R R
A G ORISR TR T, BRI PREORO AR, 0 EE,
SCICTRATBITTAEHE B0 PO T D220 2 R0 MU B T RV . 5880 A M

y=f@), u=g(x), WA HTMTHE G

dy dy du

I du D f'g(x)-g'(x)

HIRE AR, 2= f(x,y), Hhx=g©,y = h(©), TAGHFHT AT 54

S, BfRFRIEH
dz _ 6zdx+azdy
dt dxdt dydt
i, z=Qt+1)2+et", Sx=2t+1,y=t2Mlz=x%+e”

dz 0zdx N 0z dy oy k24 eV % 2t
_— = — —_—= * *
dt _oxdt oyde ¥ €

dz 2
E=2(2t+1)*2+et * 2t

dZ 2
— =402t +1) + 2tet
T 2t +1) + 2te

HHEE 2% (R R R B B T S AN T Rof, AR 7.9 B, Hr i flo L
5 R AU (R0 1Y S0l AFORI, DRI A AR G A T A (B A 3 o LR
7 BV R L] P B S



BT E RAEREEE 14

J K
w 9j k 9%k
ij Wik
- "b‘*ﬂ‘, ‘ —q’

B 79 EEMEEE

T A S, B e i w] A BN B8 R0 o], AL B 2 1075 sof . 7EREE N

AR, AT LUR BRI, B A

Mﬁk
9L oL o] 9L dof o]
6wé aqfawé aof@q/@wé
o ‘ k__ ‘ , 0] v o s
Forb i LB 22 00 SO Gt ST DLl AR A S it 0 S A A
k J ij

xlo FTUVES], W EEREN, BAINHEDRUEL = fo))AREeERIER, B

AR P2 i, 2 EIEARRI TS H .

PA 18T B8 B TensorFlow SR AA 46 023 I (1) & 7 -
import tensorflow as tf
¥ A R

x = tf.constant(1l.)

wl = tf.constant(2.)
bl = tf.constant(l.)
w2 = tf.constant(2.)
b2 = tf.constant(l.)

# FIEEBE T IC R A
with tf.GradientTape (persistent=True) as tape:
# dF tf.variable KMHMKETENNREICRIEREL
tape.watch([wl, bl, w2, b2])
§ MR 2 JRAR RIS
yl = x * wl + bl
y2 =yl * w2 + b2

# ST SRR L M

dy2 dyl = tape.gradient(y2, [y1l]) [0]
dyl dwl = tape.gradient(yl, [wl]) [0]
dy2 dwl = tape.gradient(y2, [wl]) [0]

# IR UEAE 2
print (dy2 dyl * dyl dwl)

print (dy2 dwl)
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FAVEE ARG, LA, (R A 1T DT « 2215 22
ZRAVEH, A SRR T

tf.Tensor (2.0, shape=(), dtype=float32)

tf.Tensor (2.0, shape=(), dtype=float32)

Tu%ﬁ% D = 2y AR A A BRI .

w1 1

7.7 REMEEREE

PULEBA TR 2 B8R Z ) B A 4k S0 o g B [ B — "~ A o= (0 i S e 3K

oL

— = (0 — tr)0op(1 — 05 )x; = Opx;
aij k k/Yk kJAj kj

£ RIS R 00 5%

S5 B 710 R, R AREN K, ek =
ij

[oX, of,...,o]: BIECE —ZH BN T, Hitk ol =[o],0,...,0f|: {HEEE =2 HH 2k
NI, HitNe! = [ol,0k,...,0!1.

(0] K K
v o g9 @

X0 @ - @

xy @ @ @01

MNE REEI (X V=N ik AK ®E

7.10 REEEEE

" o

B SR T R R AR TT

oL
ow;; 8WU Z(ok_t")

H1 T L I BN T Ko Bwy  AHORER, WU AR ANRE s R ANFT S, Is FTBE RN 2 77
72 PR

oL 2( £) 0

= 0 — o
aWij = k k aWU k
o = a(z) RN

E)WU Z(Ok U(Zk)
FIF Sigmoid BREL 580’ = o(1 — o) HE—25 40k
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aL
aWU

aZk

= Z(Ok - tk)U(Zk)(l - U(Zk))

k

H0(2) 5 Fo Tok, IFFIFBERIEI, 4 sy i
tj

aWij

0z, 00;

oL
y Ek (ok 1) 0k ( 0k)

ow 60] . aWU

sz _
EEPE = ij’ ,[H:

0L
an'j

= Zk:(ok — ti)og (1 — o )Wk m

5 0% b | e, TRECA LR

aWi]'

oL _ 60]
aWij B aWU

Z(Ok — ti) o (1 — o )wj,

k
o, = o(z), JFFI Sigmoid $Hlo’ = o(1 — o) Hokfii s Jg

oL

(1 )645( )0k (1 = 0,)
— = 0j —0j ) — 0y — 0 — Oy )W;
aWij 'j 'j aWij - k k/Yk k/ Wik

b 2% g SRl S B N, TS J

an']'

oL
——= oj(1- Oj)oiz (0 — t)or (1 — 0f) Wi
J k

aw;
13 6;{(

/H\:EP(S‘]{C{ = (Ok - tk)ok(l - Ok)’ mu%ﬁ‘]ﬁiﬁﬁﬂﬁgﬁ
ij
oL
= 0](1 - Oj)Oi Z SIIC(W]k
aWij
K
TG R = SE g I TR, #8] 5
J
5/ = 0;(1- Oj)z Bic Wik
k

JH:HHL%EI DA g 24 T (AR 19 R O (B oy S5 246 170 25§ OB FE A5 L8] 0 o B AR e

5
oL
aWij
L E LA, B R RIBE LA AT B INTE I (a7, FL b &) DAT] S BR ARy 2 T 1%
wy X0 1R 22 BR HUHK) DT -
ARG — TR E R B TR A
Linhiig=y

— )1
_(Sjol.
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aL
aVVt]‘k

88 = 0, (1 — o) (0 — ty)

— SK
—8k0j

BEE R
aifij =80,
5 =o0;(1- Oj)z 8 Wik
BBE=Z: k
a(zfm _ 5o,

& =o0,(1~ Oi)z 5,-]Wij
j

Horho, AEIHCGE =25, RUEIECE D2 % .

IR, R BRI A — RN INSE 8)h of L REETATRAG Y
BT JE I 34, A4S 206 EAUEFERE W RIBEE, PR ph B2 F B Rk AAL I 2% 22
I

2, RIAMERRFIEN A .

BT RN BAT ISR 55— SER 2 R TensorFlow #2441 H 5Kk TR AL

Himmelblau B8 £ HIM/ME: 28 — AN SRR T Numpy SEPUR FMERESENE, IFEmZ B
LR 0 RAE S5 5

7.8 Himmelblau BRI SLhK

Himmelblau e&#02 FRMA LA BE I HE -Gl ke —, BaS T EZE
x,y, BEFRIEAZ:
fy) = +y—-11)%+ (x +y*=7)?
A IRATE R 40 R SEB Himmelblau 58 #02ik 2K
def himmelblau(x) :
# himmelblau BRI

return (x[0] ** 2 + x[1] - 11) ** 2 + (x[0] + x[1] ** 2 = 7) ** 2

JHIT np.meshgrid BFi%(TensorFlow H1t1H meshgrid BR%L)A 5 4 [ A% 5 AL AR :
X = np.arange (-6, 6, 0.1)

y = np.arange (-6, 6, 0.1)

print('x,y range:', x.shape, y.shape)

# AR x—y PHERAEMIAS 1L D5 AT

X, Y = np.meshgrid(x, vy)

print ('X,Y maps:', X.shape, Y.shape)
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7z = himmelblau ([X, Y1) # UFEEMIRS S b Bl
FFF|H Matplotlib R # 4t Himmelblau pR%L, WA 7.11 Fios.

# 2] himmelblau BREHH

fig = plt.figure('himmelblau')
ax = fig.gca(projection="'3d")
ax.plot surface(X, Y, 2)
ax.view init (60, =-30)

ax.set xlabel ('x")

ax.set ylabel ('y")

plt.show ()

7.11 Himmelblau &% 3D BiHE
7.12 74 Himmelblau BRE S =2k, KT LEH, ©3LF 4 MadtMas, JEER
R IMEER R 0, FTLAIX 4 A e AIME 24 o e/ ME . BATTAT DL I g AT i 7 vk v
R AR ME A8 bR, Al 100 4 (3,2), (—2.805,3.131), (—3.779, —3.283), (3.584, —1.848) .
TECEMTENMERRIIEOL T, FRATIAE R BEEE T FEE R A Himmelblau B3
GRS AN EN

7.12 Himmelblau R # &5 %k

FIFH TensorFlow H &3R5 KR H BB Ex, y IR, HAGIRIEAE Hr:
# SEIVITEACAE AR AL TR AR 240, W DL 22 A [J W aR A A
# 656 R B AL IR AME TS
# [1., 0.1, [-4, 0.1, [4, 0.]
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x = tf.constant ([4., 0.]) # ¥UHLSEL

for step in range (200) :# fEMMEIL 200 X
with tf.GradientTape () as tape: #/iH/FIHRIE
tape.watch ([x]) # MABLERES|®R
y = himmelblau(x) # HAinf&#%
LA E EEr
grads = tape.gradient(y, [x])[0]
# HEHSH,0.01 AR
x -= 0.0l*grads
# ATEMRAL RO ME
if step % 20 == 19:
print ('step {}: x = {}, f£(x) = {}'

.format (step, x.numpy (), y.numpy()))
221d 200 YOEATEF G, FATHT LR B —MR/MERE,  Bhi e Bi T T 0:
step 199: x = [ 3.584428 -1.8481264], f(x) = 1.1368684856363775e-12
XS5 IATRIfENTZ —(3.584, —1.848) JLF-—FF.

SEhr b, il SRS SEEIVIIRIOIRAS, FRATAT PR 2R MER . SEIPIEh
HORZS R P REREIA AR R PR R RN, HEA T REE R I AR EME,
T 7.0 PR XA LB IR T AN R RO A RAS R R B2 T B SR R

=g 7.1 YIREX SRR

XA AL HAAM x5 R AT A
(4,0) (3.58,-1.84) (3.58,-1.84)
(1,0) (3,1.99) (3.2)
(-4,0) (-3.77,-3.28) (-3.77,-3.28)
(:2.2) (-2.80,3.13) (-2.80,3.13)

7.9 R [EMREE AL

AT HATRE AP AT A 401 2 2 AR R R A 452, ELM AT Python fEM 15
KRB, JHEERRE FREEIE T ER . BT TensorFlow BAT HERFI6E, Al
WEERA BaIR T IRER Numpy SEBLIRATHIES, FFAIA] Numpy FavH 566 I 55T

i EE R, BAWES OB AU T2 RaERE, R Sigmoid —H
B, I HARRBON T ZZ T . o T HAh SRR B 4%, Lt ek R H
ReLU, #KpRECRMIZE SORMIINSE, 25 B SRR IR RIA, Jrik—F. IEREN
TSR AR R IRIEROR, SR A, 2 MREF AR T TR,

BATRSEI A 4 ERIEIEE M XS =0 2RAE 55, PRI ROy 2, FRRUZ I
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T RAI N 25,50,25, FE 2 MR, RS IE T 1 IBER AT 2 1R
%, W 7.3 Fion. AR K Softmax BRIECKS W24 i RS AE 2 FIEATLI S, T2
BLIEM M5 73R Z B BT 55 One-hot Z il R FLSEARRE 2 (B (IR %2, FITA R Y 28 805 BRI
AR A Sigmoid PR IXEEBLTHARAE O T BE ELIEA F BATROBE EEHE T A Ko

MINE: 2 M 21l 25 fa . Z2: 50 fa 23 25 Wb R 2

7.13 MK EE

7.9.1 HiEsE

FATERL scikit-learn S HERIEEE TR AR 2000 DMELAEATT 731 2 7> K84k, Hd
FIRFER N 2, RAEHH B AR & 7.14 PR, PRARIZ 08—, PrA I
N, ATLE BRI AT 2 H IR, I HRREMEA A1, Tk HEMEM 43RG 5L
TR N T IRRNEZS I ERE, FRAT1HEET: 3EREI D) DI R R, H 412000 « 0.3 =
600 MEA S T, AS5IZR, R 1400 A ri T2 K12k

. o
H se .
l A . .
. 2 .
it 't:'.“ L3 \.".:.r':.
tilmea Wit N .
0 :rc'?s'.i‘.\ﬁ Vo
* ";:';‘l.-}"- ‘a".l,, .
ot “u .
* .‘!iﬁ‘b‘ o :'".!::,ra, e an .
’;;:?‘n#.- W :-.'.':."ﬁ;:, Fial St
o s :"."'3 HASY AN AR t. Senete
. - U;J- ', F'ﬁ"' .'.$;-. : -.. '0‘.' -.‘o‘. .Q. -
P SRR L MISPRREL YyY 3
Wt Tk :ﬁ,-; RO xY
ST ;.\ . ...:c. .4.,3'..‘" e ?‘.‘.“.
e zet o R AR i
g™ .. shgtg e B Nl -
. . e 0
) N o SR PR 280
*e 'S b3 -, 'n ,? -‘s X )
¢ *e32 5005 ? o A
"&’l‘h :\"’ ‘e '.:i 2
IR DAY Nk S b
. “'1!: |l,;.g.‘-=:.‘q\ -~
O LK L) Xk
N
cofr

7.14 BEES
BELE )R scikit-learn 2L /) make moons BRI H:
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N SAMPLES = 2000 # XFf A%

TEST SIZE = 0.3 # WHAEEHE

# R T E R B B A R R

X, y = make moons(n_samples = N SAMPLES, noise=0.2, random state=100)
# ¥ 2000 AR 7: 3 2 EUIIIZREERIRSE

X train, X test, y train, y test = train test split(X, vy,

test size=TEST SIZE, random state=42)

print (X.shape, y.shape)
ARSI W R T AR e IR SR A, Wl 7.14 PR
# EHIEAREN AT, X N 2D AbbR, v B SRR
def make plot (X, y, plot name, file name=None, XX=None, YY=None, preds=None,
dark=False) :
if (dark):
plt.style.use('dark background')
else:
sns.set style("whitegrid")
plt.figure(figsize=(16,12))
axes = plt.gca()
axes.set (xlabel="3Sx 18", ylabel="$x 2S5")
plt.title(plot name, fontsize=30)
plt.subplots adjust (left=0.20)
plt.subplots adjust (right=0.80)
if (XX is not None and YY is not None and preds is not None):
plt.contourf (XX, YY, preds.reshape (XX.shape), 25, alpha = 1,
cmap=cm.Spectral)
plt.contour (XX, YY, preds.reshape (XX.shape), levels=[.5],
cmap="Greys", vmin=0, vmax=.6)
# eHHOTE, RIEREX Bt
plt.scatter (X[:, 0], X[:, 1], c=y.ravel(), s=40, cmap=plt.cm.Spectral,

edgecolors="none')

plt.savefig('dataset.svg')
plt.close()
# A make plot BRELHIEIE AT, Hrb x4 2D b5, v A%

make plot (X, y, "Classification Dataset Visualization ")

plt.show ()

7.9.2 KR

W HE K Layer SEHL— DMK, T EAL NIRRT m8G f i
TR BRI AE SR, AUH weights Al B 7K 5 bias FEVIIRIL ARSI L Hnth 5 mi8E 3h
RO HIARAL

class Layer:
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t AR

def init (self, n input, n neurons, activation=None, weights=None,

bias=None) :
wun
:param
:param
:param
:param

:param

# e

int n_input: FIANTREL

int n_neurons: Frthy A%k

str activation: BUHKEEEH
weights: BUATKE, BRINENEA M
bias: fWE, BRINFEAEA K

BNHIIRHEAUE, PIIALARF EE, NSRRI IR S 20 45 AU sk

self.weights = weights if weights is not None else

np.random.randn(n_input, n neurons) * np.sqrt(l / n_neurons)

self.bias = bias if bias is not None else np.random.rand(n_neurons)

self.activation = activation # BEUREAEEM, W’ sigmoid’
self.last_activation = None # W& AWM o
self.error = None # HITiHHAHTEN delta R T ALE
self.delta = None # ICEKYHIZH) delta &hk, HTIHEFE
S SR A
def activate(self, x):

# B LAk

r = np.

dot (x, self.weights) + self.bias # X@W+b

# I EEER L RREERRNE L o

self.last activation = self. apply activation(r)

return

self.last activation

Horbr self._apply activation S 1 A [ A0 B8 AT Y 7] - S50 7
def apply activation(self, r):
# VHERLOE B B o
if self.activation is None:
return r # JGHUGREL EiHGRE
# ReLU W& AL

elif self.activation == 'relu':

return np.maximum(r, O0)

# tanh

elif self.activation == 'tanh':

return np.tanh(r)

# sigmoid

elif self.activation == 'sigmoid':

return 1 / (1 + np.exp(-r))

return

r
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XTSRRI EOE AL EATH SBOH RS
def apply activation derivative(self, r):
# THELOT B ) 2
# CBoERE, SEON 1
if self.activation is None:
return np.ones like(r)
# ReLU RHUM S H5LH
elif self.activation == 'relu':
grad = np.array(r, copy=True)
grad[r > 0] = 1.
grad[r <= 0] = 0.
return grad

# tanh R FHELH

elif self.activation == 'tanh':
return 1 - r ** 2

# Sigmoid EELHIFELI

elif self.activation == 'sigmoid':
return r * (1 - r)

return r

ATLLER], Sigmoid BRE FHELI r « (1= 1), HbriiAe(2).
7.9.3 MEAEAY

SR E NS S, FRATSCHLN 8 B () 25 NeuralNetwork, ‘B N FZES % 2 1) N 28 1=
Layer 8% %, AL add layer BGEGE MM )Z, SLHIHF:
class NeuralNetwork:
# PR L% K
def init (self):
self. layers = [] # PIZEEXNZIIE

def add layer (self, layer):
# BRI R
self. layers.append(layer)
P00 2 1Y ) A 4 R 7 AR A I 48 J2 08 5 8 1 o 5 e 5 R T
def feed forward(self, X):
# A
for layer in self. layers:
# RUGEE B Z
X = layer.activate (X)

return X

SKBIE RS B, BN 4 JR AR

nn = NeuralNetwork () # SEffbMZEs
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nn.add layer(Layer (2, 25, 'sigmoid')) # [ll)2 1, 2=>25
nn.add layer (Layer (25, 50, 'sigmoid')) # KE#)Z2, 25=>50
nn.add layer (Layer (50, 25, 'sigmoid')) # Bz 3, 50=>25

nn.add layer (Layer (25, 2, 'sigmoid')) # ffﬁﬁﬁ)%’, 25=>2

90 2% AP0 FY) [ A S DA SR 3% *%M?XEH‘&S, TR RRSAL R, AR
SR A, B HE BB EAELE Layer 251 delta &,
def backpropagation(self, X, y, learning rate):
# AR EE S
# BTFTES, 132 HE
output = self.feed forward(X)
for i in reversed(range(len(self. layers))): # J ) JE A
layer = self. layers[i] # HBEIUFATENS
# WA R
if layer == self. layers[-11: # X THitZ
layer.error = y - output # U5 2 JATE M7 21 FHL
# REDIR: UHHERE—EMN delta, ZEMMZEMHE AN
layer.delta = layer.error *
layer.apply activation derivative (output)
else: # WHRZEREZ
next layer = self. layers([i + 1] # 33| F—)JZ0 %
layer.error = np.dot (next layer.weights, next layer.delta)
# REDIR: HHEBZEN delta, ZHEBUZEBEAR
layer.delta = layer.error *
layer.apply activation derivative (layer.last activation)

A AR N
FER AT SRR AL A /\ﬁéﬂ&f% —oiqu\iﬁfrﬁ}%’ﬁﬁff%fﬁ, HEFMES
HEIAT. A delta THERE -6, JH:E%)?HMEH% T,

def backpropagation(self, X, y, learning rate):

. AREE: R

# PRI SEHTRUE

for i in range(len(self. layers)):
layer = self. layers([i]
§ o i AR
o 1 = np.atleast 2d(X if i == 0 else self. layers[i -

1].last7activation)

# BEREREESNE, delta RANXTHFE, HXEMAMS

layer.weights += layer.delta * o i.T * learning rate

[K[, 7E backpropagation BRE(H, KInalTHEAERSEE, JHREHE AL ESE
SR, A T RS — RSB .
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7.9.4 M%) 2%

FATH) =50 AT 55 AR BTN 2 DM T s, R RG 2R FUSEARSE y HEAT one-hot 4
fi5
def train(self, X train, X test, y train, y test, learning rate,
max_ epochs) :
# PRI ZReR £
# one-hot ZhY

y onehot = np.zeros((y train.shape([0], 2))

y_onehot [np.arange (y train.shape[0]), y train] =1
$ one-hot Zih 5 I L SEHREE 5 M IR R THSE 47 22, IR AR A& R B HOE B 2% 2
., PEHIEACINZREE 1000 3 :
mses = []
for i in range (max_epochs): # % 1000 4> epoch
for 3 in range(len(X train)): # —RIIZG—"MHEAR
self.backpropagation(X train[j], y onehot[]j], learning rate)
if i & 10 ==
# FTENH MSE Loss
mse = np.mean(np.square(y onehot - self.feed forward(X train)))
mses.append (mse)

print ('Epoch: #%s, MSE: %f' % (i, float(mse)))

¥ GeikIRTENHERRZ
print ('Accuracy: %.2f%%' % (self.accuracy(self.predict (X test),

y test.flatten()) * 100))

return mses

7.9.5 2% 1B
FATHAGA epoch MR ALITT R, 2k, W 7.15 Fir.

MSE Loss
0.25

0.20

0.15

MSE

0.10

0.05

0 20 40 60 80 100
Epoch

7.15 IZIRE L
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FEYI1ZR5E 1000 4~ epoch J5i, ZEMIRSE 600 VR4 178 B 5
Epoch: #990, MSE: 0.024335
Accuracy: 97.67%
ATUEE], TR S A R TR E NG SRR, R RS
BRI T RGO BRI SR, T LU T AT R RS .

7E45 4 epoch, FRfi TEMIRAME E5em—VOREEIIR, HH2m sk, W 7.16
No

Accuracy

0.8

Accuracy

0.6

0.5

0 20 40 60 80 100
Epoch

7.16 PN R
I IX AN TF B LI 53 AR M 2, ARG A AT REAS 5008 2 A 2 30 R 52
S NELRAE SRS B M €. %A 15U TensorFlow X EHELE, FRATFIFEREOL LA 24 (1)
ML, (HERIEME. FEtE. JFRRCREAIH R AR, BT Ix SeyR 5 2 S HE 4R it
ITHEERT SR, FRRIEFEETF RN G TAERE . FIRFRA MR IR S, HELEH
AN LR, WEENE, ROEEASEE, XA REETRE REEN G
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7.10 & 3CHk

RumelhartE.David, HintonE.Geoffrey, & WilliamsJ.Ronald. (1986). {Learning Representations by
Back-propagating Errors}. Nature, 323(6088), 533-536. fi 2 K
http://www.nature.com/articles/323533a0

Jere. (2017). N L& gefis. KIRAE.
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Winners are those who went through *more iterations* of the "loop of progress" Frangois Chollet

Keras /& —> F 2 i Python 1 F K IITHEM A M5 1HE FE, 5 HH Frangois Chollet
W5, ERBA SRR G R R A M i L, S T DA TR 2 2
VR T LA . PO e A A R i 525 . Keras FE 3 ARG AN e, FH e
vt A AIE T I FIVR S 2% SIHEZESEEN, U Theano, CNTK, TensorFlow, Fif¥# 1B Keras
G ISR —$ 00 APL. st Keras 90’5 B o] DU DI A R uiigdT, R
WPEECR . IR M T Keras () m A R 5 IR, #R1EF] 2019 4F, Keras Hidp i #iik 2]
T 26.6%, WK 19.7%, [FIZERES JHESEH IR T TensorFlow (¥4 K H KDnuggets).

TensorFlow 5 Keras fAERE T, NAMERIK R, H A% Keras 4 NH7E Google .
YE. H.1£2015 4 11 H, TensorFlow # M Keras JG#i 3 FF. M 2017 FEI¥4f, Keras K
BB AHAF 4 HE A B TensorFlow HEZRH . 7E TensorFlow 2 fitAH, Keras #f IE i N
TensorFlow [/ /= API ME—#211, HUR T TensorFlow 1 fAH B tflayers &5 = 22
Mo i, IAERB81E FH Keras (4% MK 58 i TensorFlow 5z 77 sUM AL HE 43 55 1)1 5
7 TensorFlow "', Keras #SCHITE tfkeras TAHR 1,

A4 Keras 5 tfkeras F 4 X5 5HERNE? Hs Keras 1] DAFR iy — B854 51| Zr
ZoRHIFIE APLYI, Keras A5 DL 93L T ULHHL 0T BLJ7 68 1130 TensorFlow,
CNTK %5 )5 bt 56 NI 55 7F TensorFlow 1, tSZEL T —% Keras Hi¥, B tfkeras, {H
HAEHET TensorFlow JEimih 5, F£XT TensorFlow WIS HFEELE. X T-f#H TensorFlow [)FF
KR, tfkeras ] ABEAR N — D@ A AR, 5HAL TR, 40 tfmath, tf.data 555
WA ZR . F3XUWREABH, Keras YRR tfkeras SCBL, A ZARHERT Keras 52
Mo

8.1 ®MINREIRIR

Keras $24L T — R 5= Z ML N AR B, Wi WA Nk s 8, 822k,
BRI 2%, BURBREEE, L8828, SRR, XF8 A4, il —17RAgap
AR EL EEL INEIIRERRAL, XA EUHE Boston 5 N TN EHESE, CIFAR B %8s
££, MNIST/FashionMNIST F 54+ #di e, IMDB SCAKHESS.

8.1.1 WM RER

XTI DL N 4 2=, nT U 5K 25 SR JE 2 ROk SRB, X 4 L R 2 —
WAE thnn AR, B, X WIS Z, BRAT— M B )Z 7 Ok 58 A AL 1)
B, 1E tfkeras.layers iy 4% 2= [H](CF SCAEH layers $81€ tf.keras.layers) P F2 4t T K& UL 2%
FEREED, MAEER, BUEESKE, WS, BRE, ERMEMNERES. X TiX
B2 R, R EAE QIR Ta e 2% 2 IRAH OGS4, FFIRA_ call kBRI o] 58 Rt Al 11
Ho B call  HiER, Keras 2 HAIAHBGAZ AT EEHE, X@E—Rseil
TEJEH call BREH

FATLL Softmax JZ 4%, ERERT LA H tf.nn.softmax & ECTE 1 [7) 4% 3532 55 H 5 iR
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Softmax iz%, WA LU layers.Softmax(axis)S#4# Softmax M4 J=, H i axis Z448E
HHAT softmax I HWAEE . B FAFHIR M FHIR:

import tensorflow as tf

# S keras B, AHEMER import keras, ESANZWHENR Keras E
from tensorflow import keras

from tensorflow.keras import layers # SFAFIMZEAE
SRJEBIEE Softmax J=, FFURMM_ call 75K 58 BT Al 15

In [1]:

x = tf.constant([2.,1.,0.1])

layer = layers.Softmax (axis=-1) # B/ Softmax =

layer (x) # M softmax Al HH&E

2234 Softmax M= )5, 15 2IMEZ A1 0:

out[1]:

<tf.Tensor: id=2, shape=(3,), dtype=float32, numpy=array([0.6590012,
0.242433 , 0.0985659], dtype=float32)>

8.1.2 MLZE A 2%

X LIRS, FE T RSB e AT L ikia 5, MM RS
BURES, XA B AR M . nTLLE IS Keras $EAEM 4% 25 4% Sequential K24~
0 2 J e e Pl — N ORI 2 AR, D ] P P 2 A R i) S 4] — IR BRI T 58 it A B — 2 38
AR E B E 5.

Blan, 2 JRIEEEZN ERIREEGE R EUZ, AT LGB Sequential 7 483 R — 4
%o
# S A Sequential &%¥
from tensorflow.keras import layers, Sequential
network = Sequential ([ # HI AL

layers.Dense (3, activation=None), # 4i&E§Z)Z

layers.ReLU (), #435 REUZ

layers.Dense (2, activation=None), # 4i%E§Z)Z

layers.ReLU () #WUGREZ
1)

x = tf.random.normal ([4,3])

network (x) # AN —EITE, BRLEREREARZ

Sequential 7525t 7] LLEIS add() 7 AR ELIENHT N L2, SEILBN S G 2 M 25 1) DI e -
In [2]:

layers num = 2 # Hi& 2K

network = Sequential ([1) # JEGIETHIMLE

for in range(layers num):
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network.add (layers.Dense (3)) # WNIN4&ERZE
network.add (layers.ReLU()) # WIS R EZE
network.build (input shape=(None, 4)) # GIEMZZSE

network.summary ()

IR ARSI HE AT B layers_num S ELRI O] AT B EL 2% S5 40, 7 S8 RN 48 Bl
i, IRZIRIFRA QRN EAUE TR RS R R R, @ 2R build FiEFEE
AR/, BRI HEIEIE A ER N ERTKE . 8 summary() R ECAT DL T ED H 45 45 44
MZH &

out[2]:

Model: "sequential 2"

Layer (type) Output Shape Param #
dense 2 (Dense) multiple 15

re lu 2 (ReLU) multiple 0
dense 3 (Dense) multiple 12

re lu 3 (RelLDU) multiple 0

Total params: 27
Trainable params: 27

Non-trainable params: O

Al LLE B Layer JINRHERI 45, X4 F-H TensorFlow WiR4Ed, 5 Python X R4 AN
—H#, Param#¥ I NEFISEANEL, Total params it 7 &1 S4(&E, Trainable params &
R 12405, Non-trainable params AN T EMA KIS HE .

LA @ Sequential HEIIE L EMZ RN, P EHNSEIEKEAZIIFA
Sequential Z25HISZHHIEKF, ATFENNEGHM%ZSEBFK . Sequential X R
trainable_variables 1 variables €15 1 T JE R LA 0K B 21 R AN 4 7K S 51 2R -

In [3]: # fTEIMSMRIALSEA S shape

for p in network.trainable variables:
print (p.name, p.shape)

out[3]:

dense 2/kernel:0 (4, 3)

dense 2/bias:0 (3,)

dense 3/kernel:0 (3, 3)

dense 3/bias:0 (3,)

Sequential 7 #4852 e IR —, W FPuliiE @2 ZMame bR A, MEEZE
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8.2 IRBIKHC, IZSMIN

FEMZR 28T, — AR A2 A 1 T SR M 2 (i R E, ARl Bk s AT 5
Mgz, MEEE AR S TR SRR ISR, RIS (] BE PR R 2 1 PERE . X1
ZAE RN ZRiE 8, ATDLEEGEE Keras SO ARG S5 I 2R 24 1 Se B, ks
b o

8.2.1 H R ZETT

1E Keras #', A 2 INEUERFIAIZE: keras.Model 1 keras.layers.Layer &, HH Layer
FOEMZRZIIEEE, 8 LT IR — L8 WIRE, WA InBUE, & EBUE SRS .
Model F&E MK IBER, Bk T BA Layer KEITHRE, WA T IRAF INEAAL, N5
AT ZE(HHETRE . Sequential /& Model 135, R EA Model 2RI B A Tt .
R4 Model S H MBI ARG 5 I 25 DR . FATTLL Sequential 75848 £ 24 1
2RB, EARAIE S R ATERE ML F T MNIST 5 0 B Rl
# AR 5 RIAEEEM %
network = Sequential ([layers.Dense (256, activation='relu'),
layers.Dense (128, activation='relu'),
layers.Dense (64, activation='relu'),
layers.Dense (32, activation='relu'),
layers.Dense (10)1])

network.build (input shape=(None, 28%*28))
network.summary ()
MR, IEF PR EE A IS REE R 2, AU AN, At
B, ARREE B RBOHEOREE, R BT AR, RS SH X
W TAER @, 7E keras AL T compile()F fit() ¥ (H LI Bk 24 . H e
compile FRACHRE PR AH I IPLALER X R, 1R BEL PP R FRSE:
# AR, SRR R
from tensorflow.keras import optimizers,losses
# KA Adam fifhds, 2% 0. 01 R A HIREEL, 3 softmax
network.compile (optimizer=optimizers.Adam(lr=0.01),
loss=losses.CategoricalCrossentropy (from logits=True),
metrics=['accuracy'] # WENMEIEIRIHERR
)
FAHE compile( R EUHFRE KA, BURRBEESHERATEAT N T Z A S
H, IR ARz AL, RAAN keras ¥53X 70 FIZARSCIL T, REIFAICE



8.2 MM, LS MR [FERLALEEN] 5

8.2.2 tRALII &%
ORI SE RS, ET R fit() B B N 25 0 R B ) i 4

# FRENHGEN train db, WiFEN val db, %k 5 > epochs, £ 2 > epoch HiE—iX
# REIGE BARIEAE history
history = network.fit (train db, epochs=5, validation data=val db,

validation freg=2)

Hr train_db 4 tf.data.Dataset XI5, A LIAE N Numpy Array 25 (1% ; epochs F5 &l
ZRIEAI epochs #; validation_data fi5 & FH 146 UF (X ) Bt S AN BRHIE R A%
validation_freq.

AT PR R O] S 2% I 2R S ISR IR D RE, it BRE IR R 2R F2 i e s
history, J:H history.history 7N R, AE T INZd K loss, W EFRFRSFICRII:
In [4]: history.history # FIEIIZRidsk
out[4]: # IR
{'accuracy': [0.00011666667, 0.0, 0.0, 0.010666667, 0.02495],

"loss': [2465719710540.5845, # ill&kixz
78167808898516.03,
404488834518159.6,
1049151145155144.4,
1969370184858451.07,
'val accuracy': [0.0, 0.01, # ISiFdEfZ
# ISR ZE
'val loss': [197178788071657.3, 1506234836955706.2]}
AU i8IS compile&fit 77 A SEILA AR IEH IR KRG T TR A H 2 H
NEOAEE R, RAGTEHREK T, RO R P BT A.

8.2.3 ALK

Model F3ER 7 w] DU M 56 B 2% ORI 5 ISR BaiE, 38 W] DLARH J7 (i i A
K. e FHRERIRAG X B, Bl 1R E R A BT AN PIA LA TT LUK S VA A
i ARSI Al ) — Ry 2

Bt Model.predict(x) /512 B ] 58 B s 4 1) Pl -

# I — batch FMAEHE

x,y = next(iter (db test))

print ('predict x:', x.shape)

out = network.predict (x) # AT
print (out)

For out BIy M2 4t -

T SR R T E A R g P e, R LB I Model.evaluate(db) B r] {30013 5€ db 1
P LRTAREAR, JRTEN i PEREfEAs
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network.evaluate (db_test) # ALK

8.3 {RAURTF S NEK

RRYIZRTE R, T 2R R RAF RSO R g0 b, M ()5 SRR A I 5 728 T
YEo SEbr b, FEVIZRIS 18] R P R A AR TS th AR AR 4 (0 ST 18L, 3K — s T g R
MM 28 JE L B, — AR AR 1 X 2% R ZENZREOR TS B BRI S, — B ZRid REwl i
E R AEFNERSN, AN ZRAEE B il 5k . MR BENS ) 7 (1) DRAF A RLIR S 3 S0
R0, WERAEFRIEREIS, AT DLNEIE — IR AR SO, A8k S iR 2K
BAYIZRIS 1] DR AT ) DR A 5 N8l o 22

£ Keras 1, A =Fhi RO GrAF 50807 %

8.3.1 KEHR

DR 25 [P ARAS T B IILAE I 285 R 25 40 DA R X 28 |2 Y sk 2 40 L, DR AR AT I 2% 4544
BSR4, BRERAEMZE K ESE R R R ELR N —MT7 0. ATEL MNIST
FE5EFE R AEA R, @id i H Model.save weights(path) /5 & BRI AT P24 5T N 4% 2
BARAEF path SO L

network.save weights ('weights.ckpt')

RS RE network FRLORAT 2 weights.ckpt SCIE L, FERZEBI R, T ESeO @ ir M4k
X5, SRJE TR 20 R load_weights(path) /732 BT 4 58 (RS2 SOA o ORAE I 5K 4
EE AR I LS %
# DRAFBR S B3 SCfF E
network.save weights ('weights.ckpt')
print ('saved weights.')
del network # MHIBRMZEXT S
# FH B R R 28 S5
network = Sequential ([layers.Dense (256, activation='relu'),
layers.Dense (128, activation='relu'),
layers.Dense (64, activation='relu'),
layers.Dense (32, activation='relu'),
layers.Dense (10)])
network.compile (optimizer=optimizers.Adam(lr=0.01),
loss=tf.losses.CategoricalCrossentropy (from logits=True),
metrics=["'accuracy']
)
# NS EOC T BB I 5N 2T 4%
network.load weights ('weights.ckpt')

print ('loaded weights!"')

XA ORAE S I 2% K T o R, S IR S HGRE U, JFA
MRS ZE R S8 E R e T AL A R B I 45 S5 A RE SR ST I Z0IRAS, ERIt—FRAE A
AT PR SCAF RO OL T A
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8.3.2 M

AR B — P T E NP, AU TR EEAR S ORI ] Pk 2 H 28458 1
o I Model.save(path) B8 £ n] DU R 1) 25 4 DL S AR B 2 B0 R A7 21— A path XAk,
TEANTE B IE A4 T, 18IS keras.models.load_model(path) B R Pk 5 [94 25 25 #4) FT k]
HBHL

TATE S MNIST F5 507 B R B AR A7 2, FF HLMIBR 280 5
# R 250 55 0 S 40 2 S
network.save ('model.h5")

print ('saved total model.')

del network # MHFRMZEXT 4

BEI i8IS model.hS SCAFEIRT PSS L I 2% ) 25 AE LIRS -

B SO o0 2 45 40 S5 10 26 5 5

network = tf.keras.models.load model ('model.h5")

A LLEE], model.hS SXIFRR T IRAF VAL SHAL, IRAF TN ERIME S, AT ESR AT
fa AR R ] B 2 A OSCAE FR R B 2% network X 5

8.3.3 SavedModel 53

TensorFlow 2 fIt LAREREH AL EHBR, BR TIRFE ML E AP SLFe2 48, i3 T
TR KA RS, WL DU R 2 5 B 8 2 HAh -~ & i, R
TensorFlow #2 H ] SavedModel 77 5B A G & TR,

BT tf keras.experimental.export_saved model(network, path)R[ i A5 7 DL SavedModel
77 A ARAF 3 path H

# DRAFBR S by SR S8R S
tf.keras.experimental.export saved model (network, 'model-savedmodel')
print ('export saved model.')

del network # MIFRMIZEN %
R S R B8 model-savedmodel H 3% EHIL T a0 PI2g S04

-~

Name Date modified Type Size
assets 8/13/2019 7:53 PM File folder
variables 8/13/2019 7:53 PM File folder
| | saved_model.pb 8/13/2019 7:53 PM PB File 240 KB

8.1 SavedModel {R7FIEE!
VAP F RIS &L S WY R S kvl
# MR M 28 45K 5 4 250
network = tf.keras.experimental.load from saved model ('model-savedmodel")

VR HH AR EE MR 28, D7 %A1 6 RS T8 I 2R I I M 28 1 7
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8.4 BENXZ

SRS Keras $efit TIRZ W H 28 =, (HVR B 27 >3 0] DU R 28 SR I A 13X se 2z
BRI 2% S, 0T RREAE B E OB ARINZS JZ, TS B RS, EAIE H E
N2 JZRI, FFE4k K H layers.Layer 2£38; G1E H 2 XML, FTFEYgKH
keras.Model 235, IXHEF=A 1) H 2 XA REW 7 B HIFIH Layer/Model 2R AL S
HThAE, RN A 5 HAb AR HE R 2% 2 2828 EAEH] .

8.4.1 HE XM E

T EE ML, FRESEIRIAM_ it 7 EFIHT AL REZE call 7. AL
FABARETE E XINE8 Z B, R IRATHRZ — A BCE fn B2, Rl bias ¥ 0, [F
IS ] 7€ PO BN ReLU B8 B IX AT L@ FRAE R Dense JZ 8, (HIATIE 2 LR
N ERE K.

BRI AR A Layer 628, GUEVIIRLTTIE, FFRHIEERWIMAIL RS, |T
AR, B FHERERHENKE inp_dim A HARHE R outp_dim, FFidid
selfadd variable(name, shape)fll7 shape K/, 447N name W5k &, FH&E NT EMAL:
class MyDense (layers.Layer) :

# HEXMEZ

def init (self, inp dim, outp dim):

super (MyDense, self) ._init_()
# QUEBUEKEIFRINBIRAE B AR T, BN EL
self.kernel = self.add variable('w', [inp dim, outp dim],

trainable=True)

T EEREN, self.add variable 23R [B] HhK & ) python 51, MAF & 44 name H
TensorFlow P #4ES, 8 AT LD JAT AT DLt
In [5]: net = MyDense(4,3) # QIEHIAN 4, HiH N3 TWEMETE Z
net.variables,net.trainable variables
AEMNKER S H S E .
out[5]:
# RINSHIIR
([<tf.Variable 'w:0' shape=(4, 3) dtype=float32, numpy=..
# Rz
[<tf.Variable 'w:0' shape=(4, 3) dtype=float32, numpy=.
I ESCA self kernel = self.add variable('w', [inp_dim, outp dim], trainable=False), FATr]
LR Bk EA T EGAL, SO BRI 7K & ) & BER S
([<tf.Variable 'w:0' shape=(4, 3) dtype=float32, numpy=..], # KMNZHF|*
(1) # BIATEMRA S H T H
A PAE R, HE 5K & H A28 trainable variables B HL. 4L, WL AL tf Variable
IIOES Ak S R EPELPNG S ix =8 P
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# W tf.variable BEAEE AWM S B INARSH | £

self.kernel = tf.Varlable(tf.random.normal([lnp_dim, outp_dim]),
trainable=False)
FTENH A Bk 513K -
¥ RS HIIER
([<tf.Variable 'Variable:0' shape=(4, 3) dtype=float32, numpy=..],
# KA FENMSEINE

SERKE E SR TAE ), ?ﬂaﬂ]ﬂ%&frﬁﬁxﬁﬁ’]ﬁuiﬁ SHZAE, XTI
¥, ATRETEMO = X@WHEFHEH, Hodd Bos sk £ pay:
def call(self, inputs, training=None) :
# SCBLE R SCERTAT A T 24
# XQW
out = inputs @ self.kernel
# PTG RS 5

out = tf.nn.relu(out)

return out

W ERR, B RIS B TR ESLILLE call(inputs, training) FRECH,  H AT inputs £
TN, HHAPERARAZN; training Z80H T4 E SRR PR training 4 True BT
R, training 4 False B #ATIINARE ., BRIASE0N None, RO, T4
RGO — B, AR AN TR EAMAL B o 0 T30 I A AN I s =X
A= 2, FERYE training ZHCR ST HEHATHIZH.

8.4.2 HEXM%

e T BATE & X AERZERZ G, BT LRK “BmMERSEREE” ks
L MNIST F5 7 B i 1B g
5 RIS AT DA HA bRviE 2 — e, 85T Sequential 758% 7 {5 b (0 L A — AN N 48 A

B,

network = Sequential ([MyDense (784, 256), # fHHEHEXMNZ
MyDense (256, 128),
MyDense (128, 64),
MyDense (6 32),
MyDense (32, 10)1)

network.build (input shape=(None, 28%*28))
network.summary ()
ALDES, EdHESRATKEE L, —FErTUSEN 5 ZREEREMY, HE2EEE
ol Bk,  [FI0E iR E E T H ReLU.

B, FRATTAT PAGR AR SOR SEIE R IR E 8 2% TR kRO B E
X, B4R Model 2%, 4340 B T B E’JH%E‘X}“%:

class MyModel (keras.Model) :
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# HE XML, K H Model K

def init (self):
super (MyModel, self). init ()
# TR A T 2% 2 G e AR
self.fcl = MyDense (28*28, 256)
self.fc2

MyDense (256, 128)
self.fc3

(
MyDense (128, 64)
(

self.fc4 = MyDense (64, 32)

self.fch

SRJE S A TE U2 BRI ) 18 550 4

def call(self, inputs, training=None) :

MyDense (32, 10)

¥ HE HT )8 S8

x = self.fcl (inputs)
x = self.fc2(x
x = self.fc3(x
x = self.fcd(x

x = self.fcb(x

(x)
(x)
(x)
(x)

return x

XA T 0T DL ELFEAd F 55— Fh 7 i@ T Sequential K238 . {H2& H T Sequential 7E /1 [F)4%
AR FH R P28 2 B AT TG R R A, RSP — M T E 8 S 28 R T m) @ 48 mT DA
ROER, PE A RE .

8.5 1R &I K[l

T R ZASA, 40 ResNet, VGG 5%, AETFINEIZEMZL, AT LEHM
keras.applications FAH T —4TACAS R AT G I 1 X e A Ay, ]I mT Ui e B
weights ZHUINB N ZRHIN 28 28, ARH T8

8.5.1 THER A

L ResNet50 iEF2: S N1, — MK ResNetS0 245 i J5 — 2 S I 8 AE BT 25 (145
FEFRIT- P %%, RO ImageNet b [ VISR RS U7 V2L 7% 23T H & SR EHR 4R
b AR B 8 SUESS SR E N — S0k RS S B AR 2R =, AT AT DAZE TR
SRS At ErT DAPUE L St s SIS . 1 Je R Keras #5280k il 4K ImageNet T
Y5 ResNet50 [ 4% .

# N ImageNet TRYIZRMZIAY, FHdpmim)s— 2

resnet = keras.applications.ResNet50 (weights="'imagenet', include top=False)
resnet.summary ()

# D00 P 9% 8 L

x = tf.random.normal ([4,224,224,3]1)

out = resnet (x)
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out.shape

RS B B MRS N HAR B S FE ImageNet B4R EIIZRIF IS S50, HT %
wlE— 2, MR K/ANALD, 7,7,2048] X FRARARIIES, TERE HE W
AR EL P 100 SRR 73 FAESS NI, FRATHE ResNet50 Skt STt @ W4k . B — 4
Ml Z (X A W] AR N 4R AR DR ), FREIEA[D, 7,7,2048] £ 4E$[b, 2048]:

In [6]:

# WrEmiR

global average layer = layers.GlobalAveragePooling2D()

# A LR E5 AR R, T

x = tf.random.normal ([4,7,7,2048])

out = global average layer(x) # AL 2 P4

print (out.shape)

Oout[6]: (4, 2048)
BOEHTE—NRERZ, JFRE R AN 100:
In [7]:

¥ OoRTEAEREE

fc = layers.Dense (100)

# R E—Z 0% AR Z s, R

x = tf.random.normal ([4,2048])

out = fc(x)

print (out.shape)

Oout[7]: (4, 100)

TEAF BT ZR ) ResNet50 FHAEEMFA T Z ML= . ERER, RATEFFH
Sequential 25 #5355 e Bl — N BT R 26 -

# EHT L AT I I 2 A Y

mynet = Sequential ([resnet, global average layer, fc])

mynet.summary ()

A DL ST ) W 2 R R S A 5

Layer (type) Output Shape Param #
resnet50 (Model) (None, None, None, 2048) 23587712
global average pooling2d (Gl (None, 2048) 0
dense 4 (Dense) (None, 100) 204900

Total params: 23,792,612
Trainable params: 23,739,492

Non-trainable params: 53,120

BT 1% B resnet.trainable = False A LLiE P4 45 ResNet #7 RIM B S, Rl SR8 8 N4k
2, TR o 8 5E A AR T ) )1 2 o
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86 METH

EMEHNGEFE R, 2% FEGHERR, ARREELR, BT L@ Fahit&E
1577 ARG T H 8 41, Keras $2 41 17— 284 F ) & T H keras.metrics, L[ JH T4
ISR R 7 B Fe A EE .

Keras & T HAEH— A 4 DNIEARBAERE: BdlEss, 5SAH8E, s
THEE FNTE 22 2% .

8.6.1 FEMESR

£ keras.metrics BT, $24E TEZIHE HIESS, WSiHFEMER Mean 28, St
HERAZR 1) Accuracy 2K, R RZALEER] CosineSimilarity 8555 . N HIFRATLAGTHRZE
ERB, TERT RIS EE, FRATSR 21— batch [ FIRE, (HERINGESIT—
epoch MR ZE, PRI IRATTESEAE F Mean I & 45
# WECFEIESS, &S Loss HiE

loss meter = metrics.Mean()

8.6.2 5 AR

IR 2  update state BRI EUAT PLS GHT IO B -
# ILIFCREE R
loss meter.update state(float (loss))

EIRRFACETREAE GRS batch IS SERUE, MRS 2 H SRGE A K HUE R G112
fH.

8.6.3 W& itHE R

TERBEZ G, AT LS 28 1 result() PR EHRI S 11HH -
§ ATESEHHGTY Loss

print (step, 'loss:', loss meter.result())

8.6.4 Bk

M TR S 2 Ge A P LA s, DRI AE 3l R A 0 BER R 7 SRS . il
i reset _statesOEI TSI, Blln, RIS TFEIREE, HEHIHMEE, DET RS
TG
if step % 100 == 0:
# FTENGETHAIT3Y loss
print (step, 'loss:', loss meter.result())

loss meter.reset states() # i I g
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8.6.5 MEM R ST SLAR

IR TRRMERIT %, BATH A AER AN E S Accuracy FERGETH I Zrid F2 b e
RSN P s A3 ES s
acc_meter = metrics.Accuracy () # fIEHEMRIIES
ERRRAT I RS R)E, R GAERZR . FEERMZ, Accuracy 2K update state PR
B ZHONTIEAM I SAE, A2 QAT batch (UHER
# [b, 784] => [b, 10], MZEHHE
out = network (x)
# [b, 10] => [b], & argmax JGIHETNIE
pred = tf.argmax (out, axis=1)
pred = tf.cast(pred, dtype=tf.int32)
# ARAETIME 5 FSE S NI R 2
acc_meter.update state(y, pred)
G E AT batch (HIER, FTENGTTHI T HER R IHFZ M R4S
# BEHGTH AR
print (step, 'Evaluate Acc:', acc meter.result () .numpy())

acc_meter.reset states() # JHFlF

8.7 AI{L1k

TEM IR RE S, 8IS Web vl 12 28 (I SRt B, rT RGN 2 BRI 2 it SR T
IR R AR R EE ). TensorFlow f&fit | — /ML T AL T H, nyfig
TensorBoard, Atiifiid TensorFlow ¥ W5 5040 5 AN B 248, FHHIH Web J& i M 4550 8
HISCAFH R, ANITTAT B VF FH P DO R X 245 1) i 45 50080

TensorBoard P45 F 75 B 2R8I W88 22 B 1A .

8.7.1 BiFl v

MR, A S NS EEA Summary 28, JEEFR BRI SN BEEGE. &
Sl 1T tf. summary.create file writer G IRIEXT %R, FfilE WIEEIR S N H %
# AR, BEBPRHE AN log dir B

summary writer = tf.summary.create file writer(log dir)
FATUA 32 R ZE B A AT AL I B it a ], SRt 5 N M . AR A TR K
Ja, XWTFIREXMIRELYE, FAET f summary.scalar PREGC SR B EEE,  IF48 2 i 1A
#X step:
with summary writer.as default():

# YATHS AL step LRIEIE N 1oss, HAF| 1D/ train-loss X HH

tf.summary.scalar('train-loss', float(loss), step=step)
T EVE RN, TensorBoard M It 47 ID KX 7 A RIS A 4 2504, DRI TR 24
&, BATRE 4 N train-loss”, HAMSEAEHRE AT EAIN R, BiEBdET5 4.
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X B R RA R, i tf summary.image BREUE N %R #fE -
with summary writer.as default():
# BHAIMNKAER R
tf.summary.scalar ('test-acc', float(total_correct/total),
step=step)
# AT B Ry, BEE R AT o TR
tf.summary.image ("val-onebyone-images:", val images,

max_outputs=9, step=step)

SEATHERRE S, AR RO B S e B
8.7.2 1 %5 2%

TEIBATREPI), 1#IdiZ24T tensorboard --logdir path $5 7 Web J& uifi V4% 1 SC4F H 5%
path, 41l 8.2 Fﬁm:

F:\/&E ¥ > 5TensorFlow A ML 4%\ & # \lesson28- Al {1t \ logs>tensorboard --logdir .
c:\conda\lib\site-packages\h5py\__init__.py:36: FutureWarning: Conversion of the second argument

t* to "np.floating™ is deprecated. In future, it will be treated as
from ._conv import register_converters as _register_converters
TensorBoard 1.14.0a20190603 at http://DESKTOP-C6HEKQF :6006/ (Press CTRL+C to quit)

& 8.2 BT Web fR55E5

BERSFT IR S %, 4 AMIAE http://localhost:6006 (15 7T L@ L TP Mkt iz F2 5 v, AR
S ReSARE), w —fﬁﬁﬁﬁé\ﬁﬂ?) RIAT WS 42 R 25 9)1 253 % . TensorBoard 7] DLIE]HY iR £ 4%
Wi, AR MR DU A AT Do e e d sk, anlEl 8.3 ik

Runs

Write a regex to filter runs
[] © 20190313-180835
O O 20190313-181847
O O 20190313-181909
[0 © 20190313-181929
[0 © 20190313-182132
O O 20190313-182255

20190313-182356
[ © 20190329-171721
@ 20190814-104538

TOGGLE ALL RUNS

B 8.3 ZFMITIER

T8 WS DU TH 9 b o] DU AN R 2R S o e 4 0, bh s & IS 5 U1 SCALARS,
Fr ] AL DU IMAGES 2655, 4 F3ATHIBI T, T 75 Z T B9 Zhi 22 A e mf 2 1)
MZ/E SCALARS WHI M LAEE, @& 8.4 K 8.5 Fis:


http://localhost:6006/
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train-loss test-acc
train-loss test-acc
tag: train-loss tag: test-acc
= =0
8.4 YRR ZErLE 8.5 gL

£ IMAGES T, " LAEFRA step B AT MALBER, Wkl 8.6 Fis:

7516

8.6 ERAIMALMIR

B 1 i bR 2R A s 4, TensorBoard 348 S H7iHid tf.summary.histogram 71 5 5K &
IR E T E AR, PRGBS tf.summary.text 1 EISCAAE B :
with summary writer.as default():

# YETH B step LIEUHE AN 1oss, BAF| IDA train-loss MR

tf.summary.scalar('train-loss', float(loss), step=step)

# IR SChR 2R BT B 3 A

tf.summary.histogram('y-hist',y, step=step)

# BERXAFE

tf.summary.text ('loss-text',str(float(loss)))

7f HISTOGRAMS T R Al A K= E 7’ , Wi 8.7 Fin, 1 TEXT T A] LA H X
AEE, WK 8.8 s,
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y-hist

y-hist
1 hist

& 8.7 HEREFMIKMR

loss-text

losstext
tag: loss-text

step 1,100

0.1265561431646347

step 1,000

0.11154697090387344

step 900

0.13843759894371033

step 800

0.15351247787475586

8.8 MAETRHR

SEBR B, BT TensorBoard 1. E. A LATC4% % TensorFlow HIARAY EdE #h, Facebook JT

K Visdom T FIFERT D7 E R AL, JF HSCRRI AT =, Bk

=, fEHEREE, KB 8.9 R T Visdom ¥ AT M4k 77 e Visdom 7] LA E #4552
PyTorch )5k E#E, (HANRE B 4% TensorFlow HIFK &R, 7 EL 44 Numpy Hidf -

X T IESR 2RV PR T BOMSE PR 32, Visdom A REAE AT RO IESE -

o

| |I 'II

1 K A3k H https://github.com/facebookresearch/visdom

JHJJ,H[ _i \

8.9 Visdom M= T HE!


https://github.com/facebookresearch/visdom
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8.8 & @k
SRS R B



FIE WA

PLAS 5 ) 0 2 H R MUIZREE b2 > 2808 0SS AY , ANTT E A8 A8 A Lok () 0k
£ BT REE BRI R, A HEIXFRE MGz ALRE Ty @R, UIZREEAIA AR ZR R
FE B 3 F B EARE 75 ip (), SREERIIREA AT BAAL), (H2 XOR B THHIE 1) 70 A1,
FRATIHEIX AN 25 AR (B8 MY AR 150 ) Y Ak 37 [R] 4347 i % (Independent Identical Distribution
assumption, i.i.d.).

BITHRAT 382 AR RIKRE S1, AR IR ) 25 B (Capacity). 4 )R 1E
Re/umssmt, HCanspRat 2, B R aeSs o) BRI, vk RiF g R L Eial; 1
B BRI RE Sk g i, AREEE AT BB I SRR M A RS 7 B, S EHENNANL b1 R I
AMERILR GZARE 1SS o BUEE XS ANE BAESS, Bt AH B AR AL SR A RR BUAS A5 1Y)
ZAMERE

2.1 HFRIN A=

WARIYE, BN AEBERERE Y], RMERIEERREIRET ). — PR IIBAY 2
E e bR AR )RR 25 8] (Hypothesis Space) K/)y, BRI AT LR /R T R BLEE I R/ 1B
WA (AR TE 4, MBI 2 [a) HR 8 2R R I SRR st st e ml s ez, wisf
s 2 Tl E 52 PR, R AR I\ A 4R 3@ T SR A 1 pR 2

FERAE H B A

Pdata = {(x,¥)|y = sin(x),x € [-5,5]}

IEAEEE, AT B AR D EIIZEE, Hrh s 7R ZEe, & 9.1 HhEg/NE
o WARRERIA 1 REDEAKECR, AMWEN0, Wy =ax, WE 9191 %K%
WA B LR TN, TR MR 31— 2% B4R Uy i i B S B 10 0 AT s FRATTAH A KA e s
&), RN A R 3 IZ TR E, By = ax® + bx? + cx, RUI SR B ) b ok
B EZ T 1 kO Rsm, AT AR R — 2kt 2k, Wikl 9.1 3 Ik Wi 2
s BT IR T S O Sk AR SR, HRIAAE I IRATH G KRk
26, AR RECN 5 RETA, By = ax® + bx* + cx® + dx? + ex, TEIEH
I, AR B — N s, Wi 9.1 F 5 IRE TR . R IR 5 25 A
Je, Wil 9.1 7 7,9,11,13,15,17 IRE TR, sRAUR BB A TR, whlcT T e 2 —
A B A B 3 T LS 53 ) R B Y

AR R BB e 2 (] e 3 A R AMEFE A LAY, EA IR EBIEN AR T, BoR
HMR RS (A AN — 2 Re 1 2% B U I BRSO Y o RIS T IR 22 A7 AE s ORI R T
[E AT RE AL T R ERIERE i i BR AL, RS AGII SR AS B R 22 2 2 gk ok, AT
3 7Rz Ak RE
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IN

o AZHA

1k EAX
— 3k EAKX
— 5k %9K
— TRZHK
— 9k %MK

UPS T/ EN
— 13K BMX

15k %A X
— 17k 53X

9.1 ZHNERFEREE

92 IMESXME

HT T S A A AEAE R AR RN T AR 00, TR I HEWT LA bR B SRR R S
B BUEMMEIERR A ER, FESARBEEREERH AN AE. HEREE
BERRN, AR HIENSAEA RIS, E2 A BRI E IS, WA
9.2 ALt LA DO IT7R s 2R B A BRL NN, A ATRE LR SRR AR AR AR 3R
SRS, W 9.2 e @B X TR,

— - Training error

Underfitting zone | Overfitting zone .
o HE —— Generalization error

Error

CEp—

0 Optimal Capacity
Capacity

& 9.2 BAMNBREMREZERIXER (Goodfellow, Bengio, & Courville, 2016)

MR AR BT R, SRR T 2 3] B R AE RS 2 Ah, IR SRS WL
WMWK, SRS RE e LRI, (HRER IR LRI
AR AEE T mES, FRATHX R S (S0 F & (Overfitting) . A5 Y [ 25 5 3 /)
B, BAUANREOE IR U (2% 2] B R S, SEOIGE ERIIAE, FIRTER LK
FEAR ERIBAE, FATEXFIIL G K LA (Underfitting) -

FATH— N BB TR AR B I 5 i S BRI A 2 IR R . Bl 9.3 &l T3
BRI A, T ARSI R vl Re 8 15 2 IRZ oA . W B BATTFE 1o B 2 ik
PRELF 5 2T, 2 R AE 2% 2 B — AN R, AT H IR B AT A R IR AN 2
BHPLG, WE 93@FTR, XFILR MR INE . (BEATH B A4 0 s B J: 2 2
N, BRI R B ST B A IGEREA, I S EEN R R IAE,
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Wk 9.3(c)fR, XAMILGM LG . R A5 S AR RN EL S AR 2 B KB UL O
B A RE A BTz AL RE S, B 9.3(b)FT

y y y
. e % .o R e
o ° et c‘\' ° 0 ° .'“
S o ¢ ‘|- 0.0 < « e
JENESE . -~ K3
) A ° . ®. s, . Kl '--gl~ (32N
. . * LTI * q ,.“‘
° ° o 8,0
X X X
(a) R#b (b)) BAEZLHE (c) Tms

93 FHEEXMNERERE
5 S8 1 (e, ) HI D i Daare, FP
y =sin(1.2 *m* x)

TERFERS, BNl AN (0,1), HIRA 120 A S mdESE, WK 9.4 Fox, Bl
LN LSRR AL I 2R, SO R ORI GRREAS, St s o AR

1.25 .. ] o AR

Se b — EEf
MK A

1.00 ue

0.75

0.50

0.25

0.00

-0.25

-0.50

0.0 0.2 0.4 0.6 0.8 1.0
X

9.4 BIRERAASRE
fECARIER SR REL T, BATRT L AR EE R AR 2 m, NTREA
AR, il 9.5 fow, BATRHREUER N 2 IRZ IR, 2% 2015 21 pR it 24
B B T FSCA R (R R MOt 28 . (ERAESEPRI SRR, SRR R VAR, Ak
B RER RN, SBOERERBEGERE I, SOt BseEnEE R, S
R ARSI 2=



Fom diUA [FE e AbEEN] 4
1.5
o %A
. . —_— A
e 5 HA
P . REAA
> . - - ..'-
v
Q4
-0.5 =
1.0
0.0 0.2 0.4 0.6 0.8 1.0

9.5 RERERER

A2t e PR RS B ? Guit 2 SR A The it 7 — e %, Ho VC 4
(Vapnik-Chervonenkis 4 )& —N N LU 2 I EE B R B B T 16 JREIXET RS
PLES ) 324 7 — B R R ORIUE, (HRIXEETRIMRAD R BRI i 2%, —ia
JRPR Rz 2 i T 2%, ARME 230 € W 28 5584 15 5 I B A VC 4B .

S GRS BARARMEZS AP X 2% BT 75 B e /D2 B, (HR AT TR0 AT DAAR 4l B -
1] JF B (Occam’s razor) KA F R I 2% (BT FH ISR BL-RAS ) IR P 2 14 4024
KL XTTHF S Bt AR W JEBE(William of Occam)$E HY A — AN v 1a] @), e
GEF D) 24 15 Bt “UIZNRBRZ ARV, M0 BRI,  FIRERT DU %
7.7 Lo Wmh2ul, WRMERME LS SR IR 1) Fk JLR AL, A =EHse
W2 RS AR IF IRk, (HRIRATIN XIS B SE e B e 4%, A S
HEHE D, TEGNG. BRGNS A R R E.

9.2.1 XA

BAPRFER MG MG W 9.6 R, RO RS EOIEIE I BORAE B 5
YL B oA, AEBATFIIE R SRR 2R AE T, RTINS
TR (2 1k R B 25 [ I BE B, 2 A AR A 3 1) — 2% 20 1 R B o e I R SR K
RS, BRI 2 BN 2RI ZhEE ERGIR Z (T )80, RN AENREE
T AR ZE UK

1 H B https://en.wikipedia.org/wiki/Occam%?27s_razor
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9.3 FHEERD [FE b Ak N ] 5

o l%HA

. —_— A
we Sedw 54
y KA

X

B 9.6 BEMIMUAIEE
AIATVRIA BT R AE I SRR LR — B4R EGR PIRES, RMEALIRAD, RIS
FEMRER RIS, BATAT LA SR 5 L 1 RIS HIBLE, XA nT LU
TNt R RS SRR R R/ N T B PR RO D R AU B Tl (B R T
BUARTR BE A IR 8 AR T DUAR B2 5 ik BRIR I 2 KL, BT TIOR3 O () 2 B — Bk i
R, ERbMERERET, EZ R HIMEMEIE.

9.2.2 it#l&

AR R )R, I ZRAE R 0 50 R BT (T s ST RAE | [R) 3 AT
BT, I T E R BB 1A 25 IR BTN, B KT HSE R A R A
B, BATRIAPIBEBRA TR 0 B ENGFEAR, SECEAIBEBAENIGAEA ERiR
ZARF N, BERHRIBRAENZE BRREIEE N (HRX T IREA, BRI R TRl
TFE, ZACREARH 2.

CIIE TS
—_— AR

&S BEA
= R A

0.0 0.2 0.4 0.6 0.8 1.0
X

E 9.7 BEFMUSIER

DUARIR EEARZE 28 i NG IR AR B 5 ML, R MM 28 1) Rk Be AR
R, IREGHUIL T RS AR KL R . A AR AN > S IR
We? T RBATEAN A — BRI TTE, RFEEA TG I 0HS ISR .

9.3 HIEEXI &
BT FRATIANEH T B 5 75 B X NI 2R 2E(Train set) FIREE (Test set), 1HZ&N T Hhik
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o>

BAGESHAR AR, — B ZR JF R I G R U 23 5 I R RBRAIE £
(Validation set), RIEHEAETR ZY1 0 NllZasE. Wb LML 3 > 4.

9.3.1 WIEE5#ESH

RITHHRATCAENE T INGEANRERN X A, NGEDTEHF G SH, MR
DS T AR )z A Re 7T, MR IFEAARRES SHERRIZE, Bibsidy “id
127 AEBARIRE, BERRRZILRE T, IISREERTIR AT RAE B A R 588 43 A s
Eoan MNIST FE#H 7R E£IA 7 HkEARRE . H e kB AIZE, KT8 1
Tk B T IRRSE . IS S MR AR 2 EC LBl LU A P B AT 52 3, LRl 80% £
AT IR, T8 20%H Tl 3R gEm/ANS, 9T MRS LA Hb Ik A
Rz AkRE S, AT DLE L3RR s, RS T MNIST FSH74ERR 5: 80%
TN, FNH 20%H T

60000000000000064D006b
RN AR YA AR AR
2224-2222228223222382
%333132323%333332%3%33
U4 quyqyyiqgued dg vy
C55555755S58555855565
bblbb06bLeCbe6ebOLEVE
77177272 F710 7 FUIITR
¢TI CBRE3YSTPELBS T
"79979G27739993949%4

& 9.8 Mg&E-MiNEXHREE

(KB RN GRS MRS AR, T A P RE A Re /R AL I 25
B, TERAT R BRI 2R RE S Pk tH AR A & PB4, AT AR B &
&, TR EBINGEF R NIIGEDTANFIGIEEDY™, Wk 9.9 Ar. L4 il
SRR S RN DIRE—8L, H TGRS 4, e b S A Tk SR i 2
B AT EPE, Model selection), ‘&1 DEEELEE:
QO RIEEAIEERPERERICR R S 25, BUERR AL, NGRS
QAR HEIOE AR 11 B 2RIk 2T B 2% $h 4 25 74
O ARHE ISR AR B BE R I A2 5 A A R AU A
AN ZAE-MASE IR 3 200, INGREE . SRR FRMRAR n] LAt B 2 S bR X5y, b
U ILE 60%-20%-20%(11%145r, B 9.9 f7% T MNIST F 5 3 410 %15«
00080000

BHRW

SV e o~

e L

QWS —o

P RN THLOFPN~O
Ny AT LW~ O
QO VYR W=
L O~ w -G
BN FWE W Y— O
o d e <Sw PR ~0
o oy VR e — O
~eca) SV CHWV-O
o wH Y LW~ O
Dot = B—O
Don I SiALW I -O
D=3 I N LN~
DR~ § O R Lo
0 sl W L~
s}
W0 P AN VNIRRT B I
Lo~ TN LwP —
D RA SN OWN—

t“z_

7 1154
B 9.9 WIZRE-IIEE-MIXER 5
AR S MR X AAE T, SEvEE T N 52 a] DR 36 1 B 1) 2 I A i AR 7R 1) 24 b

23]
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HSHIBE, RIMERRZ RS, ERNER R GRS B A R %, 5
ISR AN IR TE SR DO REFE 15, A EAE AR B I AP RER B IR AR (92 fh g
VP

KPR b, BRI RN SR 2 R P K SRR Pk B S O, SRR LA A2
PR BE(EE A 18 SR 2 IR AMERE )R, SeiS AT R LS R IR IESR I Th E, PRI
AR “ZAERE” A ERRAESE ERIPERE, TASRIIERZEYERE. o8 TP H B
FPEBEAT Jy,  ATRAGRERAE R M IAER,  IXFE R A N G A 1 b — AN ISRk Bk ik
A, AL T LA A F AR MRS RPN, IX B /2 Kaggle FLAEH FH IR0

9.3.2 #HMELL

FAHEXYIZREE 1) — > Batch 185 58— R fl—A> Step, WHIIZREE B PTAFEATE
WIER— K f—A> Epoch. JRuFSERT PAFEEIR Step ALK Epoch JEff . SRk 20 3R
THE, Bt SUE LRI IR GG, (B2 sl NBSMATH AR, — R
Epoch Ja AT —IRIRUEIE H . LA RAEE A0, 1EIIZRRT, —BoQERdEb Al ghR 2z,
YIRAER RS, MM, IOUERS A S0 UE R 22 FIGUEAERR R, IRt IR 22 AN it
HERRZR . 8 LI I SR 28 AN B0 TR VR 28 ) DURBOHEWT AL R LA R & . Wik
BRI SRR 20K, IR RE S, HREIERERS, WUFMEFRmREL, a6
HIL TGRSRV GREEFIIEEE I iR ZE A =, HER RIS, R4 nT R I
TRWEMS .

B A BRI, AT LM R 7 R, A (2R G
GINBYOR . TR IS, B 2 RS, AT B et L & 9
Qo MBI KA ATURES, T LSRR IR, AR 4 R R4
BURE, HRE AL

el b, o T I S AR T LB I R AT R A R, PR AR IR % 2
T BEEVIGIEEAT, TTRI R R A A R . 1 9.10 R A4 K A
BOSLR Gl 2, 4 M U G, T IR R . B T DB R, 15
PIRRRTI, A ISRIIHEAT, RO St s RO T 2 8 B K %y, e
FERATH I A IS NG, B RAR RS R, TR SehRa R
A, RATIEER TR AT S, FUARBIA I Ak ek, P2 A fe A5
(ORI R AEE)

KRR, TGRS, B R S S B R A (B R4 B R ),
AR LI B, 0L IR S 2 U4 I 2 A 44 2 MR s S BT,
WA A A R T OVRR, AT DO MBS B, VRN AL TG 7EU1%
BT, WL B N B I A LR B, IF ELBEE V1% epoch %0
BOSII, LA TR R ] 9.10 F i ELRE LRI IR S RAS B, 0 B 2
HEI AT S, 2 L AE Tt
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%9 & dME
A Training Set Accuracy
3
g
=
g
Overfitting
Test Set Accuracy Early Stopping
Epoch
: >
Epoch

9.10 RENZTIEREE
B2 WA IEFEAIE ) epoch FA5 11111 Zk(Early Stopping), # G thBLTIIA I G e ?
AT Do I WSS FR bR ) 284k, RPN 5 i & 1Y epoch FIRERIAZ B . HAkHh, T4
)@, FRATAT D s A ) Bl R R, FR IR IR UEER R AR L, 2 R I IR I R
4L P> Epoch A TR, AT LA &0k 3 1 5Id A1 epoch i, MTHERTZ b
. B 9.11 Wzt 17 AR BAR R ZRIERE Rl SR AN IG U HERR R B I 25 epoch HIARfL 28,
ATLLWLEE R, 1E epoch Ky 160 e A7, ALK EARE, 1RATLIZ.

0.88 M
Crai

AR

50 100 150 200 250 300
Epoch

B 9.11 RSLINIZREhZE
51 R R IR AT 1 B R SR RS O A
$& 1. 7 Early stopping 7 At 89 | 45 9)I| 45 H ok

A ALATHE 550
repeat
for step=1,...,N do
KA AR AF DI 25 batch {(x,y)}
0 <6 —nVL(f(x),y)
end
A~ epoch J& BiE— kK
if BoE M At & S ECR AR do
AR FAF AL D 25
end
until )%= 54k epoch i 2| &K




9.4 FEABLI [fESEALEEN]

M3 P RE

B R AdC R

9.4 tRAIG T

AT B IR B T S W D 2% AR i 5 T UL B R, AT A R ) 2% AR ) 25 9
BRI . X TR LR, S Z M SHE R M A BIREEZ 2545,
LI L I JEEL, IR R 2 S H e ST RT DU SRR S A . |z, ik
RIVBBURIU G, B RMN% E, PRUBE R mZES, MRS HE Sy Ak
o

N TR 2% R HO PR 2% A BRI, FRATT AT AL — AN 43 SRAT 55 K TR 3K 32 5 (Decision
boundary). K 9.12 B 9.13 Bl 9.14 & 9.15 5 AERTEA I M4 ZHOR 45 2 43114
MR SE I TR, Hrp 2L A TR PR G TP IR T IIZREE R 2 A, {4
HAh S8 — 3, AUHREMSIZE, IZGREREA B RCR, wEh pR, LA
B, BEE M ZEIINE, 5] BB s SR BOENT IR, Il T id A
Fo XTUALSS, 2 EHIMZMZE I RAG A Rz AR 7T, SR ZHU W 28 A 12T
Yege, RMEA, ZEe %, FRTHEAARNE .



Foz A [ S Ab s ]
2.0 2.0
1.5 1.5
1.0 1.0
0.5 0.5

= <
0.0 0.0
-0.51 -0.5
1.0 -1.0
1.5 -1.5
2.0 2.0
1.5 - |;, .- 1.51
1.01 foied ﬁ."’;:{: 1.0]

':.i.h A ke .
ool L IRTIE e G| A . ]

X o] WEGE ,':;" oy -g,’f;,.!'. * 0ol

e R SO D) ot
0.5 BRSO e 0.5
-1.01 el -1.01
-1.51 -1.51

1 0 1 2

X1
9.14 MLEEH: 4 9.15 MEEH: 6
9.5 IEM{k

IR EZE RN 2SR T DU AR A EE SR T4 1) R K 2 (R, H2

LT (1) S R B ] LABE A6 X 28 S50 A A T 1T = AR AR Ak o DL 22 T 2 R A B g 8
y =B+ Bix+ Pox? 4+ B3x3+ -+ Bpx" + &

IR ] DOl I n ] R . AEISRIE R, RN S E B, Bn = 0, B
AL SERR A B R B IR Z A A . Bt Sl IR 28 S8 i i, W]
PASK 2 5 X 4% [ SE PR Y &

XA LR — i R4 2K R R B IS I R S B0 B P AR ST TSI, AR AR N2 TR Ry
IR H Frag

Minimize L(fy(x),y), (x,y) € Dtran
XA S BN INBA N, AL BAR 22N
Minimize L(fp(x),y) + 1+ 2(8), (x,y) € Dtrain
HAQO) KRS SH oMM EL AR A . — M, ZEoMEEL BT RS E
OHILIGELH, B
20) =) Il
0;
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B HARER T 2 MU SRR ISR B BL (x, y) 25, BT E LR M 28 S i,
AL AR FARL (o, y) RIS, T e B 8 I 28 24000, A5 R, A1 Z 1A] AL FE R
RIS EART T, BRI P2 AR P, BN SRS 4 I
SRRz W, PR A& A S HOT LIPS RU IR RE RIS DRAIE X 48 RO B
P, AT ERAF AR A2 AL fiE

A IE AL 77 30 Lo,L1,L2 N1

9.5.1 L0 IEN4k
L0 TE ML L3557 L0 Y HefE AR Bl 28 51 510 (0) iy E ML 758, B

20 = ) l6ill
0:

Forp Lo vu210;110 72 SONO; T ARFTT RN LI 6,116; 110 FIR/N AT LI P25
(FIEFEBUE R ER 79 0, AT FRAR P2 (1 SEPr S B MM 45 5 . HA2 d1 T Lo v 4k16;1lo
HATIS, AREMAIBERE T EEEIATIAL, FEME ML h A IR Z

9.5.2 L1 IEN4k
R L1 S50 AR B 2 5 3510 (0) i TE AL 7 5 i L1 L, B

20 =) lll
0;

Forp L1 Ja|6; |, € SOk Ee A e R AREZ A, L1 =4 4Y Lasso
Regularization, ‘&40 R, {EFHEMZ PR 2.
L1 IEMA ] PRSI an
# AN SE wl, w2
wl = tf.random.normal ([4,3])
w2 = tf.random.normal ([4,2])
# 15 L1 IEMALI

loss reg = tf.reduce_sum(tf.math.abs(wl))\

+ tf.reduce sum(tf.math.abs (w2))

90.5.3 L2 IEM4k
SF L2 S5 AR B T TR0 (0) [ TE WAL 7 20 % L2 TEMAL, B

20 = ) l6ill;
0,

Horpr L2 310,11, 7 SON KRS A TR I Al L2 IEN i Ridge

Regularization, ‘BF1 L1 IENAL—#F, 2Bl S8, EMEMEHEHTZ.
L2 IEMA TSN T -

# H5 L2 IEMAL I

loss reg = tf.reduce_sum(tf.square(wl))\

+ tf.reduce sum(tf.square (w2))

11
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5

9.5.4 TEM4k3% 51

RS TN 2 532850 Nl . (E4ERE SR S5 M A S A B4 T, 7R
SRR L2 NI, IRl SR AN [ 6 1 AR SR SR A AS RV R B 1) 1 DU Ak sk
Ho EIIZRT 500 4 Epoch Ji&, ARG BB R uskin i, WK 9.16 B 9.17
9.18 & 9.19 73 Aift 3 1 IENI{L Z A = 0.00001,0.001,0.1,0.131F ()70 230 5. ATLAE 2,
BEA Ak R BARIIE I, P SR TE BT, AT IEAE e b Sk 3 20 X 2% 2%
EE/NMAERL, 752 = 0.000010, ERLIIMER LS, MZHBL T EMEIHS; H
A =01, MHZEEREBMAIIGENERE, FEAHIEEPESERIVEHER.

TR, ERRIZGRT, — B SR BN IE A R EA, R X 26 15 IR 3 40
HIMG . ARG EHREREIE RASEORIE NN & S 5 R it IREzLRE . (B2, KM
SRV REF RN S ANEL, 75 EAR I SE PR 45 T

2.0
1.51
1.0
0.5
=
0.0
_0.5’
_1.0’
_1.5’
3 3
& 9.16 IEN{LEE: 0.00001
2.0 o
1.5 - | L ' 5]
1.0/ : ;'-':":",' ﬁ.h-i'é'l_‘.': . ol
T, |
0.5 '_-_-.# .;:.._ .u..._ .... <27, 0.5
‘ sy '*:é.‘!’i“;.-". SI, .
-0.51 . ;::,?--- o5
-0 h 1.0
-1.51 s
7 3 ; 5 ]
X1 x
Bl 918 IERLARH: 0.1 B 9.19 EMRE: 0.13

TEAFRIENAREAT, TA1G T WL P A EEAUE FIBUETEE . BRI
2 EHIBUEAEREW, H: shape J9[256,256], BIEHAKE K 256 fla & #R 256 14
i, MAEEERUEIERNAIERE, W a8 T 256%256 HUERL, RATEE XN
FIE 920 K 921 B 9.22 I 9.23 W) X-Y REH, b X #ifTE I A[0,255], Y Hhi)
Y 9[0,255], X-Y WA BT B E 73 AREE T shape SH[256,256] IBUE TR & W 14
ALE, BN e H MR AU . AEFRTLUE B, 0T AN R B ) I
LR G BUE IR . EA = 0.000018F, 1E 4L fF1/E H ELBeEs, 2 AUE 2B A
XPECR, 1[—1.6088,1.1599] X [i]; {EMRINEGEMBIELIRA = 0.13)5, MZSAUEEEL R
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F£[—0.1104,0.07851 /M il h,  BARPIBUE TS B UnZA% 9.1 Frw, (Rt Al DU S 21 1T
WAk JE BRI AR B AE AL -

A& 9.1 ENMLEHMERETEE

ERME RS W i/ME W mAE W EHHE
0.00001 -1.6088 1.1599 0.0026
0.001 -0.1393 0.3168 0.0003

0.1 -0.0969 0.0832 0

0.13 -0.1104 0.0785 0

150 50 150
) 200 555 O W, 200 559 0

9.20 IEMLEZE: 0.00001 9.21 IEM{LEH: 0.001

.05
&
.00t
iz
0.05
0
50
100
150 50
& 9.22 EMLZRE: 0.1 & 9.23 EMFRE: 0.13

9.6 Dropout

1F 2012 4, Hinton % A7E 12 (Improving neural networks by preventing co-
adaptation of feature detectors) H{#H T Dropout /7 K42 mis M AE . Dropout 1@ BEHLIET
TEHRE IR 2% (134, DRI ZRT Sibr 2 5THR R N 2400 HR AR,
Dropout 23K A B, PR I R A5 e 1 1 1R B o



o m A [FE b Ak N ] 14

o>

9.24 & AERR R PR AE S UCHT [F) T R RO s B B (a) RAm it R 4 2
2L, T R SR R PR . RSN T Dropout ZIREMIM 4= H,
Wk 9.24(b)fi7R, BESRHEIEAE T WITAT & AT OMER 20 AT, W TR ap K4 55 A
A B 9.24(b) P EAR TR EAARRIRARSE R, MEERANKR T RFESE RONIBIT (KR 2K,
SRERAER T RIESE RAWOIT HIEREL .

(b) % Dropout 9 4> % 4 4 %

i3

9.24 Dropout 7R =&

7 TensorFlow ', LA tfnn.dropout(x, rate) B ZUSLIL 25 3% H2 11 Dropout JifE,
Hor rate ZE0% B W T 1IN (Hp:
# NI dropout #1E

x = tf.nn.dropout (x, rate=0.5)

tA] LUK Dropout 1EN—NMZE Z{EH], 7EM 2% 1 [a]46H A\ — > Dropout /= :
# NI Dropout JZ

model.add (layers.Dropout (rate=0.5))

N T B8IE Dropout JZXF IZE YIZRIIEENA,  FRATTLE HEHRF X 28 )2 50 5588 S B 1) 264
&, AR 5 R AIERZ R R A [FI%E ) Dropout JZ KA Dropout X X 2% Il 25
fsz . i 9.25 K 9.26 Kl 9.27 I 9.28 fliw, 444t 1 ANENIN Dropout J2, ¥R
1,2,4 JZ Dropout JZ AR T 25 R . vTRAE R, FEAESIN Dropout 2R, MZERL L
ZHDWIM S R, I T BRI E IS BEFE Dropout Z N, ML AL ZR
I SEPR AR, ZARE AR
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2.0

1.5

1.0

0.51

X2

0.0

-0.5 1

=10

-1.51

2.0

1.5

1.0

0.5

X2

0.0

0.5

-1.0

-1.51

9.27 2 JZ Dropout & 9.28 4 |= Dropout &

0.7 #HEigsE

B T _ER AR 77 AT DUA SO IR A IR 2 Ah s IR S RN it
WA IR EE ISR . (HRIERARIEAREEESN ESRN, EERMEEE L, &
I EE R R AR AT A I R AR SR, AR — e AR R RR SR . 2R iR (Data
Augmentation) & fEFEJERFIEAARE AL KA T, ARIECIENIRSCEREA R RE, 4558
PR IR AT A B I U A 2R B B SE A A

DL #dm ), FRA1RA B A 8 . RS B R MEAE R A5
(), N T IR L A B, A AR R B AR AN E e RN, ] 9.29 FR, 2
TR [ 224x224 K/ANIEL . AT BRI, fRAE eI A, FRATTENIE e
e ARG PR, BET. USSR PSSR XA S OB E A IR AR, R
X s, AT LA 2R sy 5.
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929 FRIX/NMHREBEFEHMEBIEEK
TensorFlow HH$2(E 18 B fAbE#E g £, AT tfimage FAEH A, JHid
tf.image.resize BRERT LASEIR B v AT g, FRAN TR H5ais 1 5 — R S IILAE T Ak B o 4
preprocess H1, KB MO R G BGHER S, RIRTHEAT B B G s A
def preprocess (x,7) :
: BIRIEE, v BRI

x = tf.lo.read file(x)

b

b
I

tf.image.decode jpeg(x, channels=3) # RGBA
# BERAE 244244 KN, IXA KNS 948 15 5 4T L

x = tf.image.resize(x, [244, 2447)

0.7.1 kg

Tt 1l P A LD T Bt 1 0y 2, g SR IR HEAT — 58 A R e i A, T
CAIRAGAN A f BE BT B Ry, IS (AR A5 2 4R A2, Wil 9.30 o

9.30 HEEER
JHIt tfimage.rot90(x, k=1) 1] LASZHLIE] #2384t 07 2Ue s k 4> 90 & -
# AR 180 B

x = tf.image.rot90(x,2)

9.7.2 F%

P OB 50 i AT B R B LRI, il 9.31 B 9.32 . fE
TensorFlow H, LU tf.image.random flip left right Al tf.image.random flip up down 5
PR AE AT 1) A0 R BT 1 P BE L e
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# BENLACT B
x = tf.image.random flip left right (x)

# BENLS E R

x = tf.image.random flip up down (x)

9.31 JKFEREE & 9.32 X ENEL

9.7.3 #BY

AR R R A BGE BT R R LSRR, FIUAREF R AR, RIS 3R
TR A, FESERRR T, — R Se R A AEis 2 KT RS A RST R A, Fat
TR BIEE KA, IS RN RN A 224x224, A FA1P638 5T resize eREOK B
A E] 244x244 K/, FEREHLEBT S 224x224 KN SKHLINT -

b BRI R R

x = tf.image.resize(x, [244, 244])

# FEBEALEET B & iE R

x = tf.image.random crop(x, [224,224,3])

K 9.33 4 E] 244x244 K/NRE K, 9.34 HRBENLEET B 224x224 K/NEIHIT-, &
9.35 2 KR BENLELEY 51T

& 9.33 #HETHET & 9.34 HEIHFEHE 1 & 9.35 FBIHGERE 2

0.7.4 A R BHE
SR R RO b2 S SRR 40 A, TR BB O REA, 3R St mT L)
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b

TE—EFEE LIRTF M RE . Wil i 54 A OG0 4% (Conditional GAN, CGAN) AT BAAE A%,
WA HIFEASE, W 9.36 Fis.

Do) 2 8063 1 41
J B 2 7 £§95 @ | a
q ¢ o9 fy S5 ¢ ) 2 7
5 ¢ b 5 ¢ 35 9 2 ¢ 6
g 4 &L ¥ b6 6 B 4 © 7
& 97 rq (272 9 F a
> 9 5 J g a ¢ 7 7
I 49 5 O ¥ 2 §$ §F S5 b
5 4L 0V [ 33 9 ¥
4 S 3 2 ¥ &8 3 8 45 ¢

& 9.36 CGAN MEBERNFEHFZEH

9.7.5 HAth 7=

B 1 iR A4 i g AR I P B oy sCUAAh, R DRSS I R0AR, 72 A D B A h %
BRI, AR A, PR . B 937 SR 1R IR E LS e A
Ja W Eede, B 9.38 s 1 IE R R E A OSSR R SRS IR E . 1B 9.39 R T
7 J b BRI 738 70 DX AR A5 3 P

9.37 RINEHEE 9.38 Tl 9.39 BENLIEERR

9.8 1T & o) R SE AL

BT HATREAE ] T H AR 2 70 B SR W AR AR AR 1Ed 065 1 i
TIPERER L. AT SRR SEBLEE T A RN 2 2 B it 15 5 R AU A
BEAT 8 B A SR o

9.8.1 H MR

BAVEH B IR B K E N 2, RN 081, HMRET 2 Fh2l. &8
T scikit-learn & FHE L) make_moons T HFATHT DUAE AT 2 2 BRI 2546 . H5EFTIT
cmd A%, %4 scikit-learn

# pip %% scikit-learn
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pip install -U scikit-learn

NTHREMEIRER, FATRREET 1000 MEAKHE, FIREINFRAEZE A 0.25 1w Bk
ey

J=EAEE

# SABIEEER T A

from sklearn.datasets import make moons

# M moon ZAi HEAFLRAE 1000 AN 8L, FUIA NI ZRde -k

X, y = make moons(n_samples = N SAMPLES, noise=0.25, random state=100)

X train, X test, y train, y test = train test split(X, vy,

test size = TEST SIZE, random state=42)

make_plot bR AT DL AR FEFEAS B A bR XORIREAHIARZE y 2] L H5cdiE 1) o0 A 14«
def make plot (X, y, plot name, file name, XX=None, YY=None, preds=None):

plt.figure()

# sns.set style("whitegrid")

axes = plt.gca()

axes.set xlim([x min,x max])

axes.set ylim([y min,y max])

axes.set (xlabel="3Sx 18", ylabel="$x 2S5")

# AR P 24 B LS 2 1) N0

if (XX is not None and YY is not None and preds is not None):

plt.contourf (XX, YY, preds.reshape (XX.shape), 25, alpha = 0.08,
cmap=cm.Spectral)
plt.contour (XX, YY, preds.reshape (XX.shape), levels=[.5],
cmap="Greys",
vmin=0, vmax=.6)

# i ESUREA

markers = ['o' if i == 1 else 's' for i in y.ravel()]

mscatter (X[:, 0], X[:, 1], c=y.ravel(), s=20,

cmap=plt.cm.Spectral, edgecolors='none', m=markers)
# RAFRERE

plt.savefig(OUTPUT_DIR+'/'+file_name)

21 LSRR E 1000 DMEEA A, AN 9.40 o, ZLE TR — 20, a8 A

— .
# IR A

make plot(X, y, None, "dataset.svg")
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2.0+
12 " :....'-::'-."ﬁ'" .;;l_,', :
=i ; %} _:f" R
& 0° 4&%Egﬁrh;ﬁk>
0.0{ EERA .'.:','3‘.'9{," s ;{?oi‘;"ﬂ

7 - %o g op <! D
LI n o ol "" N 15

—0.51 "-" e o, 5-:«.-',':
-_\.lo’,, M ..0 A cad o0

9.40 BFMR_DLXBIBEEN

0.8.2 M4 EE 5

N TRV AR R IREE T R A A2 R, BATIRET T 5 IR, #En € [0,4]
i, HEMZRECN + 22 TR E RS, JFEE Adam LAz IIZ% 500 4 Epoch, 3K
FHMERAEN G R BRI 2R, A0l 9.12 ] 9.13 & 9.14 5] 9.15 TR,
for n in range(5): # MJ# 5 FASIEZEE 25

model = Sequential ()# GJHEFEH

¥ BIEE R

model.add (Dense (8, input dim=2,activation='relu'))

for in range(n): # winn 2, HEn+2 2

model.add (Dense (32, activation='relu'))

model.add (Dense (1, activation='sigmoid')) # GIHHEAKE

model.compile (loss="binary crossentropy', optimizer='adam',
metrics=['accuracy']) # MAEE S

history = model.fit (X train, y train, epochs=N EPOCHS, verbose=1)

# LA (R R BB X 2% R SR O it 2

preds = model.predict classes(np.c_ [XX.ravel(), YY.ravel()])

title = "MZZH({})".format (n)
file = "MLKEHFESE.png" S (2+n*1)

make plot(X train, y train, title, file, XX, YY, preds)

9.8.3 Dropout 52

AT G Dropout JEXF NG IIZRIFIFEM, FRATILHEAT T 5 WRELL, BRELIRAER 7 2
A& E M AT IS, (HREEERZE RGN 0~4 /> Dropout )2, Jfilidt Adam
etk #5125 500 4~ Epoch, PR aniE 9.25 K 9.26 I 9.27 €] 9.28 Fiimwo

for n in range(5): # fE 5 FIAFEE Dropout JZMM 4%
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model = Sequential ()# Bz
+ BEE 2
model.add (Dense (8, input dim=2,activation='relu'))

counter = 0

for _ in range(5): # MZZHETN 5
model.add (Dense (64, activation='relu'))
if counter < n: # ¥/l n 4 Dropout JZ
counter += 1
model.add(layers.Dropout (rate=0.5))
model.add (Dense (1, activation='sigmoid')) # B =
model.compile (loss="binary crossentropy', optimizer='adam',
metrics=['accuracy']) # FAUBER
# Ik
history = model.fit (X train, y train, epochs=N EPOCHS, verbose=1)
# ZHIAE Dropout 2 Pe 510 5t il 28

preds = model.predict classes(np.c_ [XX.ravel(), YY.ravel()])

title = "Dropout ({})".format (n)
file = "Dropout%f.png"% (n)

make plot (X train, y train, title, file, XX, YY, preds)

9.8.4 IEN4LHIBE M

N TRV IE AL SR AN AT ZR )56, AR A L2 I T30, W T 5 2
FIRpZE 2, JLrpEs 2,34 E A2 ZRIAUE TKE W 70 L2 IERAE LR
def build model with regularization( lambda) :

# AR IE T4 0 A o 22 D 2%

model = Sequential ()

model.add (Dense (8, input dim=2,activation='relu')) # A7 iENI{LIA

model.add (Dense (256, activation='relu', # i L2 1IEN{LIA
kernel regularizer=regularizers.1l2( lambda)))

model.add (Dense (256, activation='relu', # 77 L2 1FN{kLI0
kernel regularizer=regularizers.1l2( lambda)))

model.add (Dense (256, activation='relu', # i L2 1IEN{LIA
kernel regularizer=regularizers.1l2( lambda)))

# HthE

model.add (Dense (1, activation='sigmoid'))

model.compile (loss="binary crossentropy', optimizer='adam',

metrics=['accuracy']) # FLAUBER

return model

TEARFF R GE R 264, AT A AL 2% =
0.00001,0.001,0.1,0.12,0. 13K MM 5 FI I ZRAG R, IRzl i 2% SRR I SR 48 B sl
D, Wi 9.16 & 9.17 B 9.18 I 9.19 fliur.
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for lambda in [le-5,1e-3,1e-1,0.12,0.131: # WEANFMILELLRE
# Qs I D A T A Y

model =

build model with regularization(_ lambda)

# RIS

history

= model.fit (X train, y train, epochs=N EPOCHS, verbose=1)

# LR AUE Y

layer index = 2

plot title = "iEMM{b-[lambda = {}]".format (str( lambda))

file name = "IEN{L " + str(_lambda)

# 20 I 2 BUAEL VS R P

plot weights matrix (model, layer index, plot title, file name)

# LA F IR Ak S B0 R BRI 5 2

preds =

title

model.predict classes(np.c [XX.ravel(), YY.ravel()])

"IENfE " format (_lambda)

file = "IENMMk%f.svg"s lambda

make plot (X train, y train, title, file, XX, YY, preds)
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9.9 & Tk

Goodfellowlan, BengioYoshua, & CourvilleAaron. (2016). Deep Learning. MIT Press.



F10E HEIRHEZ MK

WAIELNH TS FEAE R . TensorFlow HI# FH 775 L S B 3 A1) 15 #2 2
PZEREIRL, XL MNEA T EONAT . IR, (RN TIREES ), BATHAF— 2258
B, WREEA IR SRR R EUBR, — A 5 ZULE, T H AT A2 M 2% =
BORHSEINA 5 JEZZ N o IBAIREE S 2] 51028 W0 28 21| A A2 X FIER 206 2

AT IR FE S ST P 2% PR AR A2 [l — 2R k. 1 1980 4FAR, BT AEMpha ol
SEAREI ) 22 2 BT (Multi-Layer Perceptron, MLP)SZEALF o4 25 45 70 i 4 MY A5 A 22 I 2% . B
TR R )2 IR . BEE SN ER R, MaMsg — R A RIIZE 1~4 JZ, JATHE
T Tl KA ) e 2 RX) 285 U il 2 48 22 9 4% (Shallow Neeural Network). )2 #1248 P 28 AN GEAR I
HHE AR S 2R, RIARe I — M, EIRTE I WU B R AR S AT 55 AR ANE,
R, EARPUE 1990 FARHTHR H I S HF A B AL(Support Vector Machine, SVM)fiilk. 32
R EVEREONEE, BURETFRE/N, et TRIK ML, RE) 1
ARFEFN T A B BR

MERZA L KEEHER Geoffrey Hinton KR IFHIZ ML IR FL, (H T 241 SVM
IR, WA MW TAEBR] 7 EE MG, 7E 2006 4%, Geoffrey Hinton 7
(Hinton, Osindero, & Teh, 2006)#& ! T —Fi% 2 HIlZr 5%, 1] LA RO 461k Deep
Belief Networks(DBN) 4%,  MIIAE SRR IR ZH0(_EH T IS EE) i 2 45 1k
HNARE. ERSCH, Geoffrey Hinton IR JZ H#H 22 % 25 Y 5 Deep Neural Network, iX—kt
HIAE 7T KRR AN Deep Learning(GR %2 21) . FHHILE R, TR FE 5 2] FIph 28 P 255 A5 84K
FEAR—E, URPES ) B E TR 2 O I 2 I 28 FE A I 7

HAETRATRER DT IXAE— /N A 1980 FFEACHHEE I 2% BB I LB AR E a2 BlhL, Rt 4
HIWREF 7> RKIE IR E M2 B K 702 Gl ix AN ) R 5 AR ZE RO N 2 SRS
WR2%, IXHEEHT DRI IAR] EH R,

10.1 £EZMLZHY ) R

HRBNDRA T E RN RALAE . RS — MR 4 R EERE ML, B
28x28 #T°1 )5 784 T Rl T HHCT R AR, ia) =N ER0sl)= 19 s B2 256, Hitht )=
75 S 10, AT 10.1 7:

O
O=

N [b,784] BafE =1 [256] FemE2: [256] BaiE/=3: [256] W [b,10]

10.1 4 BEEZEEME
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P E eIt TensorFlow PUis M4 Z ML 2857, 8N 4 A Dense =, FHA#H
Sequential 75 #5335 A — AN L0 4 .
import tensorflow as tf
from tensorflow import keras
from tensorflow.keras import layers,Sequential,losses,optimizers,datasets
# QU 4 R AR ML
model = keras.Sequential ([
layers.Dense (256, activation='relu'),
layers.Dense (256, activation='relu'),
layers.Dense (256, activation='relu'),
layers.Dense (10),
1)
# build BB, JHITEIRIAY(E R
model.build(input shape=(4, 784))

model.summary ()

AR summary() R EAT B RE — RS EEE ST 4R, WA 10.1 FiR. M1
SRR EATTEIIVE? ST —KERENAUER R, WE—ASE, RN 55
n, AT SO AR kUL, WIIKEAENSHEIEEn s mA, b HEAEH
ZHEAMA, WEERERENERSEE In «m + m. BLEERN0], MAFHTEKE N
784, HHAFIEKE RN 256, HETE IS EENT84 * 256 + 256 = 200960, [AIFEHI AT
PLitHHESE =W ERSEE SN 65792,65792,2570, MBHEL 335K . fEHHEHL
ISR AUERATE N float KA &, 2R/DFEE A 4 TN A7 (Python i 5 1 float
HHEZ), W4 335K KNGS E/DTFEEL) 1.34MB WAF. Hat2il, St rasMesm
SHUR TR 1.34MB A7, SEBR b, ISR RE il B AT B B (S
B AR RS, KRGS B Y R IEER £ .
=8 101 MBS HBEIT

B Rt = 1 R 2 2 Fas = 3 2

SHE 200960 65792 65792 2570

IRANZRIEFE— NG BIRFTEE LD AAIE? FA AT DAAEBA QR e o B At —
TR FENE L. £E TensorFlow 1, WURAWE BA7 AT, IBABINS B 450
5. IXEHERAREFATN, THEHURTBEA 2 MEF f 2 GPU B, K 50K
TensorFlow FRISE A7 77 20 B #4265 70 i :

# IREUIA cpu w& AR
gpus = tf.config.experimental.list physical devices('GPU')
if gpus:

try:

# WHE GPU BAF L NI I

for gpu in gpus:

tf.config.experimental.set memory growth (gpu, True)

logical gpus = tf.config.experimental.list logical devices ('GPU'")
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print (len(gpus), "Physical GPUs,", len(logical gpus), "Logical GPUs")
except RuntimeError as e:
§ AL

print (e)

IR R AN AERL AL G FT A2 B, 81T tf.config.experimental.set_ memory growth(gpu,
True)i% & TensorFlow 1% 7% HIiE A7 B, IXHF TensorFlow 5 H B A7 8 & Rl lyia B 75
FIHCE . 7 batch size WCE A 32 WITENL T, FATIERNEAAEHH 174 708MB, WAF L
870MB, M THARREE S SIHERL R B A —FF, XTSRS . AMELL, FRA1H
REIZ 3 4 RS ERTHEAN IEA .

8121 1980 454X, 1.3MB MBS HE R ARSI ? 1989 4, Yann LeCun 7£F 5
BURASIR AL SC (LeCun, VARZHADA, 1989) R T — & 256KB WAEIITHELHLSEIL T 4tb
M5, XA HENIEE A T —bB AT&T DSP-32C ] DSP 5 R (7 S 3ot 568 24k
25MFLOPS). *IF 1.3MB I, 256KB WA T HEALEM LS SE# v H2EERA T, H
PSR o BHULRT L, AR A m I P AF G ™ S BRI 1R ) 2% s 2 S IR 2
I RRE

10.1.1 FHERMME

BT R IR R AN o A BN 48 I S B R Gk [ O T o, RATCLE R
AR AN NG . 5T 2D B EdE, N SIERZ AT, TR R
SFRD s, SRIGEMEER s SR T S AEIE, BATHRER S R AR T S
MR R G LE, WA 10.2 Fis:

L UNG ik ||
QR FELERETER (0)2D4FiE kT ER
10.2 2D $HE 2 EERER

LA, 28R B T S S PR BRI SAER:, H T RIS
FAIEAE S, XM (Dense) FIER T AR ERZSHER. IHEAM RIORAER .. 4
RPN E R R (Dense Layer), =452 BBAE R o N 2R, 2ERZ MARKN

214 2 (Linear Layer):
Oj =0 Z Wi]'xi + bj
i€nodes(I)

Hrhnodes(NFR 1 ZH T HES.
W2, A AR BRI AN T A ER R ? FRATT AT CASE FE RN X A
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VRPN ETIE C0: S (TP A B = 23 i1 K AN I E T 8- S U R g D I e S S
P T R 5 2 B ) — A N Y R

Oj =0 Z Wijxl' + b]
ietop(l,j,k)

Hrtop(I, j, k)FoR T2 T 1 B 577 fl BV f s TR A 19 i R S XM 7
3 FTRAHEAERE Z RN * (I BUE R 2k « T4, FA I, 11732 1Y 2
AR R

TR VR U AR IR ZR T AN RO T 5 7 RO B A o AR TR B
()9 e B B AR AR AR N XE R S0, JRATTRT BLET S 3 Bk i, A S 56 i deix
AT R TR o

FEBSEANE T, fAEE KEUALE., RN EE I A r &, teanfn g
O R N A AT RS H M R (L EARDR), s AL 5 00 82 122 58 i R 3 B
IS [ (OB S5 (IR TR AR OR), B R B ME R U TR 3R R DRI BE R (B BAHOR) . Al
DA 2D B Eicdl s, SR s A S 2 iR 3 Rk U B (Buclidean distance) /)N T A4 T

PGl L GGV PR B R S R AT 1
TRAMRE A EE A, W 103 FiR, USILNEFENRENSE, CH
B S B/ TR T 1R 3 A BT R 7%, R P 1 53 1 TR SRR, A A

G F AR XA R TEN k W DR SZ B (receptive field), '&RAE T RMEEX T
BRMEEMEDAAIEN, MISHNIGEEASHEE, PRAMUEEX T 0GR SpE
Hiy 2%

103 ERGENERESH

SET PR IR E B AT B RO R AR DG, B R SRIEAT B S B BOL I E A

1] 2 B B R 1 i, AR B B E AR T, AR AR A K T & 10.4
B, B g R LA e (R DX 52 B ) A 2«
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104 BEREZENMEEREE
FIF Rl e e p AR, FRATE S B & R & Teic oA k(B B & 56 i) LA
%, NTEERE, AR THeEEAESENEN), S EN T SSRNAKEDONT
B G R MES:, 55 O/MOHMIR R STEOE, BRI 2R N ¢ RRIEWTT

—a/ w--xi+b-\
™)

dist(Lj)s;%f

Forpdist (i, )R 8, j 2 B RR R B .

10.1.2 BUEFLE

BN T RS IS ET XN Kk NN RUHIERS, R 25 S EONN R
R ZHE Nk « ke« ||, AT EERRBN = 1, HREE] k —BBERD, W13,5,7
S, kxk << |, BATEIBAE S EE D T AL,

RES FRR MR — Db, e A/ Bk « kNS ERITT SSRGS TR TR Y B 502
HER, EAEI B, X TR Koy, S A FRBUERERE W, B4
Wt RBE |, MKERISHE 2k « k. WK 105 Pox, fEE A EAER
RN, EABUES

Woo Wo1 Wo2
W= |Wip W11 Wy

W20 W21 W22

50 LA B A B AR ZER B0, MO8 e BRI A ARSI I B X
i, REAESH W, BHEAARFRMBUES S W MR RN, 5206 N AGER 0 HE,
BRI 2% 2 S 808 W 3%3=9 4, HEHIA. Sl ssoek.
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B 105 REHZEMRIEE

L s R B AR AR AR L = 1 B, RATTSEIHE S S HEE ||+ 17119820 2]
ko« k(MERIYE, SR PHNIEIE, PEPRLRIFIET). XM EER. BRI R %
HLpR B ML . 2N REATRE N A EN RGP E, Bk mes
W24 1) SR L5 TR 1

10.1.3 HBR

FEJR B A RAE RSB RE R, BASEH T i “JREnERR ", W TE 0 k ARETE
B, KABUE AR R N7 ARBURHAE S Bo X T B 8, XA BUEAH IR RNz 5
HRAE T MBI —Mire . BiEiRiaE. BEcERIEFEETFEIMEHaE
JRZ IR, BRATTIX H 25 B A s B A RE PR I

FEAG S AL TGUR, 1D IEEAE 5 MERISHYOE L 2 MREIIR D B (1), REL
g, Hhg@%d T#HEg(—0)MFR2JEEMRg(n —1). RN “&7 R TR
i, “B” RIgRTIESE, 1D ELERE SON:

(f*g)(m) = f fF@gn—vdr
BRI U A R T 5

Frpm= ) f@gn-1)
ETHBOI AT AE L, BRI ERA M. RALLAN S 2D BRCEBUEH.
EHFEARE T, SRUISHIET 2D BIA % (m, )M 2D B g(m,n), Hhif(m,n) M
gm,m) (UAE 1 B VR AR, LA K0 0, WP 10.6 B SERFif 2D ik
BHBEUN:

[frglmmy= > > fGNgm—in=))

l:—ooj:—oo
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2 3 |1 0|-1]o0
G L m * L J asg m
1108 0|-1]o0

n n

10.6 ERRHSERREH
BAVRVEAINA 2D BHEHIEH . 5%, BEFRZg U, ) REEIGEE x Ay JiH
BB, BHg (=i, —). H@m,n) = (=1,-DI, g(=1—1i,—1— )ErEHRZNA
o 1A L& PRE—A R, SR

[frgl-L-D= ) > fipg-1-i-1-))
i=—o0 j=—co
= > ) flpg-1-i-1-))
ie[=1,1] je[=11]
2D L € [~11]) € [FLAFER, BRI 0. BARMEAR, RATTUM
B[f * g](0,—1) =7, W FE 10.7 Fizn:

10.7 BHEREE-1
FRER 735, (m,n) = (0, —1)Ff
[frgd0-D= > > fNgO—-i=1-)

i€[-1,1] je[~L1]

BRI PR — AN e e A AR RN, [f+g](0,—1) = 7:

ol 1| o
2, [ 3] 1, 7|7
%[ %] To
110 8

10.8 BHERETHE-2
H(m,n) = (1, -1
[fral-D= > > flNgd-i—1-))

i€[-1,1] je[~L1]
BB W 5P — oo fExt MAL B AT 2, [f «g](L,—1) =1, Wk 109
FiR:
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ol 1| o©
2] 3| 1 707 |1
O %] 4] o
108

& 109 BEERIZE-3
% (m,n) = (—1,0)if
[fral=10) = > > fENg-1=i=)

i€e[=1,1] je[-1,1]

HIE UL A e PR — AN BT e A BAHIR RN, [f * g]1(=1,0) = 1, 1K 10.10 Fiox:

ol 24| 3| T
A %) 51 ° 8
o] Y] % ®

10.10 EEEHNEE A4

PEAEE, BATAT LS RS * gl(m,m),m € [-1,1],n € [-L1|HIFTAE, WA
10.11 fi7r:

2 3 1 0 -1 0 7 7 1
0 5 1 ¥ | -1 5 =1l -8 21| -9
1 0 8 0 =1 0 5 |-14 | 39

10.11 2D BHERIZH

£, RAVH5EH—ME T SRS RIE S, AE A HE

I LR 2 (IS, RAHESIEALS - g)om,n):

[frglmm= > > fapgi—mj—m)
i€[-w/2,w/2] je[-h/2,h/2]

FEMUCRCE SR 2D BRUESRETL, 1 “ BRI PR g(m n), i
HLE . SRR FHRRAR, HEREE A g(n nEGL8 ML, £ T
g(m MRS RSN 5 BE, FARADER 2 R IR g (m,n).
FEVRIE T, AU Bg (m, mYHOS S B (Kemel), JLABBERIZI] Filter, Weight %

SAVIAN 2D BERCEBUE SRR AR B A B AT 11 5 8 Xy LA A 1%
FAREM, AEUCCRIMIL. ST RSB HIL, BB R A 1
AN W, RIS 1 k BT ED VR BE, R EF LRI WA
TR, @R ER ., AU, RIVWE LPESRE. 1 FBASH
Fe SRMUE ERGERE, HERA T, RGBS, TUEN, 2 Mgy
ST A, AR, BB R 5 T 2D BB RUE L AUR
e S RUE AR, WAL SRR R I 2 M, TN RE LR B
RIS, AN AT S, 2 FASIRIA L, ERIETHH
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BH, BRIEMEA Beantar 4 .

TETHENI AU, 2D SIS RS DGR 1A R, @i e a5 mA
KR TGRS H, R BARRMER M B A, R 102 Frx, 514 7 —5%5 1
SOEEY AN YSE RN E I

FT& 102 ERERZ

0 0O 0 -1 o0 0.0625 0.125 0.0625 -1 -1 -1
01 0 -1 5 -1 [0.125 0.25 0.125} -1 8 -1
0 0 O 0O -1 0 0.0625 0.125 0.0625 -1 -1 -1
TRSEVE S Bl 2 RS NG HREER

10.2 EFRHZ N 2E

BRARPE W 238 1 78 70 A RO PR A AL L 22 i AR, RO/ 1 M 24 1) 24
&, MMRENGRE, TR D SCIE KRB RE M . 7£ 2012 4, MERZHBZ R
Alex Krizhevsky 1A IR 2 AR LR [N 28 87 F E R ] iR 01l Bk % 28 TLSVRC-2012
I, 7F ImageNet 4l 4E_FHUAS T 15.3% 1 Top-5 55174, HEAHE —, HXTT3H _47E
Top-5 HiiRF LK T 10.9% (Krizhevsky, Sutskever, & Hinton, 2012), X—E KRBLGIHL T
WA HRE SV, AR ZE X 26 B e A o AL 50 UK B, Bl S 7E — RAIIAES
BT BRME N PO ORI B ARG B P2, FREEA M RE BRSBTS

BEBA PR BN HEFM LM Z L. UL 2D B R EdE 8, BREREZ .
ey Ak w, BIEECA o FIINFFEE X, Eco N TEE Ak, EIEHC N, MERZ
TERTE, s SR, w, EIEECNC, IFRHE R . 7723 NS, BRI
e AT AANGE, O 7RG, X BASHE & SRR Y k IS, AT AR B e v
ANEE AL o

TATE RN REIE A . RERZIELITEN e, e 22EEm A HEH
%, e, RRERKZHEERA. 2MERZIERZE .

10.2.1 HiEEB N, 2ERE

HRTIRRIEIER A cy, = 1, WIKEEF AAKEE - NE, BN o =1
MESL. LA X OB 5x5 BUFERE, &RZ N 3x3 MRS, B 1012 fis: 5EHK
RN BT N X BT ar i) B e s B X /e BJ7, A X F 3x3
Mz B iR, SR (E R 3x3 J5HE) X BT R AR :
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1 -1 0] -1 1 2 -1 -1 0
[—1 -2 2]*[1 -1 3l=[—1 2 4
1 2 =21 lo -1 -2 0 -2 4
FHIRJEFF 2] 3x3 MRS, 3X 9 MEUE AR
-1-140-14+2+6+0-2+4=7

"BRbrE 7, SNEBEES 1T, #5002 E, WK 1012 fos.

1 1 0 2 0 -1 1 2 7
1 2 2 3 1 1 -1 3
1 2 -2 1 0 0 -1 -2

10.12 3x3 B E-1
SERCE — MBS B XS PR E S U, B2 i D AR B — AP K B (Strides, 10
HNs, BRI, EFE 1013 R ETTHEF ) 9 NEZE U, IR IR E T,
5EBZARTRMF R, HEEH L 10, SAE T, B _HINE.

1 1 0 2 0 -1 1 2 7 10
1 2 2 3 1 1 -1 3
1 2 -2 1 0 0 -1 -2

10.13 3x3 HIHZE-2

EZEE R AR — NP KA, i Eh O ER TR, S5 EREH
Fe g, FEML 3, SIS AT, B=FI0E, WK 10.14 fors.
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1 1 0 2 0 1 1 2 7 10 3
1 2 2 3 1 1 1 3
1 2 2 1 0 0 1 2

0 -1 -1 -3 2
2 0 0 1 -1

10.14 3x3 HEREE-3

I 2B O A BB BN X A B R R4, TiERA LSS INTEANER
THOCRIE T, FIHEZE 5 O N3 — NMPKEA(s = 1), FEFEIBPAFITIATE
PE, EEFHRRZE R X, SHEHZIEEARE-1. e B2 BT 42
W R — AP AL, Rt E-1 SAE AT 0 E, WK 1015 Fix.

1 1 0 2 0 -1 1 2 7 10 3
1 2 2 3 1 1 1 3 1
1 2 2 1 0 0 1 2

0 -1 -1 -3 2
2 0 0 1 -1

& 10.153x3 ERIEHE4

IR EIR TV, BRI B A #Es = P KERAL, AL, WA T #5)
s = 1MBKBEAL, JERIBNTE, BEREZHEZERAD. & FAVE, WNE 1016 A
TNe BRGEH PRI X IR, FEHIZAER RN, FHE N P R E . R
BAEFRN—A 3x3 BIHIFE, LRI 5xS B/, X2 RS2 B AR 68 HE T RIS 2
TUM%@J LIS E R AR RN BRI RNk A X & hw, Bk
s, RTHAFRERMRE, BRATXEN TR, Weh 7 —NMSmAERDRMNE, JFAE
/Tiﬁutﬂm)jj 5x5, 1% B s R o s v HA 3x3.
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1 1 0 2 0 1 1 2 7 10 3
1 2 2 3 1 1 -1 3 1 24 1
1 2 2 1 0 0 -1 2 5 13 | 12

0 -1 -1 -3 2
2 0 0 1 -1

& 10.16 3x3 EFEHE-5

BUEBAI OGN 4 THilER A . PSRN F R SEPRIA 2 M 2% fy \ 8 iE
PR Z, BTIRBAKEIZEERA . PO ERRERIZE L.

10.2.2 ZiEERN, 2ERE

ZMEMAMGRZEENE L, nEanEFEE T RIG/B =/MEiE, &Ml -
MG R ERR RG/B R IRE . FHIRATCL 3 @EH AN, BAGEZH], s
BNPERISE I B 2 @E N ES . WE 1017 R, BATHE A 5XS AR
ForEN X (1) 0/1/2 3818, 552 B 3x3 FEFE Al om BRAL I 0/1/2 3@iE, 2 3 FIKFERE
TR METIBIEIE F L R P R, Sl — MHEMERR GRS H R

1E 2 EmMARIEN T, SR @EEE R MR X fpEE s EmELe, SR
i /MEEA X P MEEMIZE, BRI NP RN, SR e DI s TE R S
AR IS DL, BT 8T8 1 A AR R LG 3 BRI, VR s &5 .

BEARRHH MR T EVIEIRES, W& 10.17 Frs, &ANEE iR 55 O E
TKAEX NIETE BB A e EALE, ANEIE RS2 B X T R S BRI
B L AEREA TR 20, IS B = ANEIE LA 7111 B e AR s, X ) AR
EARIA R -5, BAXNALE .
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1|alof2|o| fala]2]]7
12232 |2]a]s
1|2]2f1|o||o]a]=2 —
N EYENE . é .
2(o0o|1fa . .
2|1 |af2f3|]o]2|=2]|n 5
122032 ]|3[=2]2 !
1{o|1]aflo|]ofo]f2 O
r'

o232 i

A4
1lo|2]3|a
3lalofalol|2]2|0] |
al2|203]|a||2|0]3
2|2 203|022 -
o|a|2]|3]o0 R é
2(o0fo|1fa ;

& 10.17 ZiBERAN, BERZ-1
BE )5, R E ORI X FEANEE LA Bshs = 1K AL, R IX
WOt W N E 1018 Fras, B/ NEIE T PRS2 B 5 B AU NG 1 T O AR A e R
hn, 33 EARE 10,20,20, EBAMAREIE 50, BANE AT, B HTRMNE.

1lajof2)o||aflaf2|]7]10
1l2|2f3)1||2fals
1f2|2{2)o]|]0o]1]-2 =
o|1]|-1]|-3]2 i

A\ "4
2|oo|1]
201 2|23 |o]a|2]]11]20 5 | 50
102|231 |3|[=2]2 ]
1Jo|1|a]o ofo]1 -P?->
o|1|-2]-3]2 R é R
1]of1|3|x ; ;
3fa|o|afof]|2]2]0 1|20
1l2|2f3)a|]2fo]fs3
202|230 |2]2] -
o|1|2]|3]o0 R i R

>© >
2|o0o|1]|

& 10.18 ZiBEHIAN, BERZ-2
BRI EZEE O, HERAD. I FAME, 4558 i A&
BWERIEH, 153 3x3 MR, wE 1019 Frs.
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1|alof2fof|a]2]2 7 |10 3
1|2|2(3|1 1|13 1|2a|
12210 o|-a|-=2||s13|12].7| " [
o|-1)a1|3]2 ‘i

>© >
2|(o0fo|1]1
21123 ofa2]-2||-12]|20]|a8f."|." 5 |50 |-13]. |
122312 3[2]2 3|as|8 ||| | |ofsf[o0f |
1fofa|ajof|o]ofa]|]|3]2]2 @ o |-23] 26

0 ' s

o|a)-2]|3]2 i -

A\ 4
1|of1|3(a
3|afo|a]o| 220 ]|2|[20]2
afl2|2|3|1||2]o]|3]| |1]|1s]|7
2|2]2|13]o0 1|a]|a||s|11]|12 —
o|1)2]|3]0 ‘i

i 4
2|(o0fo|1]1

& 10.19 ZiBiEMAN, BERIZ-3

BN ERERITE 1020 fron, SRR NEEL A2 55 I
HIEAN RN, 152 5 EEBE AR PR AR R, X Al R g AR N R A5 2 2 R 7 &
o E . S B IE BB RS T BRI IEIES. DB A RS M e
M, ToiRfA X HEIE R .

f

B 1020 Z@EMA, RERELREE
R, —NEE FE B R BESE A AR R ARSI, 7 AN S I g
PRFAERS, AT CUE N2 NSRRI B2 FIRHIE, 1R R MK KIRIERE S, X
ZiRERAN, ZERZIIEDL.

10.2.3 ZEERAN, ZEHR

ZIEIEIN ZHBRULEIR M2 Al B, fIRIICEN 87T 8%
BEZEESRE, SMEREMMA X Gz, B3 NMHErE. YRl 680
B, ZBi (@ € [1,n], n BB GRS R X 18545 2054 5 H o PR AR
SR EOMRIED), Fa 4=l iy e P e S TE 4k b EAT HE 8 (Stack #:4F, @ EIE %L
FIETERE), PeAsmHikE0, OB InMEIEAL.

PL3 BB, 2 DMERZIERENG. 55— DERZ S X s8HE 3 THom
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FNEE, BoNERZERA X BEARH oS MlE, A 10.21 FiR,
PN EE PHEE R T &R 0. BNERNK, K s, A WES
HARR—WE, XA R CRIE ) RN TE KN —8, IR PRI

A FHBW: [k, k,3,2]

#E0:[1,h, W, 2]

B AX:[1,h,w,3]
& 1021 ZEFRZTEE

10.2.4 %K

FEBRUSH o, A bRz B A B RO BN 7 0 15 B3 EERUR A, Rk
EE%%@H N TRATREMI A st FAME B, FEMI 28 et A 7y B2 RE S B0 SR AT B

ZEE L X TEEEEENRA, AR E R, AT D& R R B B
Dmﬁao@xﬁfﬁmhﬂiﬁ fi L A2 Bl K (Strides) LI -

A REIRER B @ ORISR R, X 2D AR, 709l x 7 FAly J7
W AT e, KRR xy TR KA FE R, X ek
PR WRIBCE . TN 10.22 PR, SEOSRAARINER B & DA B T,
ORI LR E, M bR B Sh 2 2 A B IR s K R 8
KHE L. B 1022 FESZEFRY x/y TR KN 2, Gi—RIEAPKs = 2.

FK ‘
w i1 |10} 2]o0 a1 | 2 7 | 3
P
4| 2] 2413 |1 1| 1] 3

0 -1 -1 -3 2
2 0 0 1 -1

& 10.22 #BshEKrEE
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MR EMA X AILRILTN, BB TR — N Ks =2, JEREBEAT
Ho WA 1023 s, 2B NS 2 AL, JFRI BT EALE, TR R e

R
W 1 1 0 2 0 1 1 2 7 3
iy

1 2 2 3 1 1 1 3 5

1 2 2 1 0 0 1 2

0 -1 -1 -3 2
2 0 0 1 -1

& 1023 BREESKREE-1
TEAFEH), HEEIE N, sAlbgAiE, E 1024 fix, &ZE&ER2H
B E T R 2x2. XGRS = 1R, e se B 3x3 BFEICHN 2x2, 1Bz BT 1) 20 & 5k
DRAL 4

FK ‘

w | 1 10| 2] o0 1| 1| 2 7 | 3
ES
1| 2] 2| 3|1 1 1| 3 5 | 12
1| 2 211 |0 0 1| -2

0 -1 -1 -3 2
2 0 0 1 -1

& 1024 HEHREELSKRERE-2

FUES], B oEbKs, TUAARIEHIE SHENR . D K30
i, B2 LUBUMBRERSEh & 1, A A TSR 2 (RIS B, Rt sk E R RSB
Ky ZPRECTHIEBORN, B2 CLBRCRIRERZ Zh & 1, A T b i 54, I EIiA
G, HHIKER RSB,

10.2.5 ER

S BRIEHE AR O = % — R /N FRAXI R, RME2 P Ks = 1, Hiio
e B8 M /N T RN S T8 . AEMI SRR, A I A B AT O F) v 5 REWS S A X g
AR, AT E R SRR, BRSSOy T ik oM = TE RENE S X (1
FAAE,  — MR 7 SR A A XA R AN T8 4R FE L T AT T8 (Padding) 4 T ICRUT R #4E, 19514
REIAX o R OVHERE BT8R, EX BT s A 2t O Rt i v w] LA
AR AXASE, HEEE K.
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WA 10.25 Fios, EE/AT R E(Top), F(Bottom), %&/31 77 A A (Left), £
(Right)¥) 7] LT AN e s E 74 E, A M BUE —RERA N 0, ] DIE A H E LK)
B, B 1025 W By NARSETR 147, . AAFSETE 25, BEHNHAX

L KEHFE Aigin
®
= o/lolo|lo|o|o|]oO|oO|oO
o|o|l1|-12/0|2|0|0]|oO
1 1 0 2 0
; > : 3 q o|lo|-1/2|2|3 1|00
1 2 2 1 0 0 0 1 2 | -2 |1 0 0 0
0 1 1 -3 2 ojlo|o0|-1|-1|-3|2|0]0
2 oot olo|l2/0l0o|1|1|0]0
1R
2 o/lolo|lo|o|o|O|oO|oO

& 10.252D fEMEEFEREE
A BINERJGWEIREEABHWE? FFERT7E, UURIE S5 125 1% N X
BT R R IR K EX . WITNE 10.26 B, BSZEFRIRIGG A B AR RS PIX I e
77, SERUETR RIS, AEEE 1, 5N KE X R E

0 0 0 0 0 0 0 1 1 2 1
0 1 1 0 2 0 0 1 1 3
0 1 2 2 3 1 0 0 1 2

B 1026 HFEEFVEE-1
Bahbks = 1400, EREEIPHE, B85 H 0, WK 1027 Fir.
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0 0 0 0 0 0 0 1 1 2 1 0
0 1 1|0 2 0 0 1 1 3
0 1 2 | 2 3 1 0 0 1 2

& 1027 EEREEREHE-2
PR, &3] 5xS5 Mtk E, wE 1028 Fis.

ojlo|o|o|o|o]|o -1 1 2 10 |3]7]1
o1 ]-1|0]|2]|0]|0 1 1 3 11| 7 |10| 3 | 0
o|-1|-2|2|3|1]|0 (i} 1 2 2 | -1 )24 1|3
ol1]2|=2|1]|0]0 0| -5|-13|12| -5
oo |-1|-1|3|2]|0 401|327
ol2/o0|of1]|-1]o0 e

olo|o|oflo]o]|o

& 1028 EREEHRIZEHE-3
IR RSO BT Padding A&, B ERAA ST —ARAL i Ap =1, BATTLIE
F 5 ORI AXI = TEAHZE S5 -, fEAIN Padding [1EM R, W NE 1029 B, H
RS 3x3 U0, BE/NTHAX.

1 1 2 7 |10 3
1/-1[0/]2]o0 1 1 3 1241
1|22 |3 |1 0 1 2 5 |13 | 12

& 10.29 FNEFFEREERH AN

BRI R R [b, W, Coue |[HERZ I B R Cope» BRIk, BKes,
BT p(RB & L N Epn A, 2 78 KR py M R R 0) BL K B A XD 5 58 h/w
SEFEPE, AT 8] 1ok R R ARIE Y

h+2 -k
hl:l * Pn

|+1
S
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w+2*xpy —k
w' = l— J +1
strides
Hrpy, pw AR E . w7 RIPBAEREE, |[FRonrm N, UL EmmE5 8%, h=
w = 59 k= 3, Ph = Pw = 1’ S = 17 i@ﬁﬁ@%ﬁ%%u%
5+2%x1-3
h'=[fJ+1=[4J+l=5
L 5+2x1-3
W‘F_T_
7 TensorFlow H, fEs = 10}, WIRAEHH O FfA X & TEAHSE, N EE R
BB 24 padding="SAME”HI o] {# TensorFlow H &% padding £, FEH 7 {#.

J+1=MH4=5

10.3 EFHE LW

f£ TensorFlow 1, BER] DU H & CBUE R Z LB AU a4, T bLE %
VA BRI RUR RN SR 7 sNDGE FE i R 2k 2% . FATEZE DL 2D BRI

10.3.1 B & XA

t TensorFlow 1, @it tfnn.conv2d BR%L AT LA T (I SCHL 2D HAIEH . tfnn.conv2d
BTN X:[b, h, w, e |FIEFNZ W[k, K, Ciny Cone |[BHATERUZ L, 1535 H
0: [b, K, W', couels HHcpm RARMINBEIELL, cope RnGBHIZ B, 2% H Rk B i
B
In [1]:
x = tf.random.normal ([2,5,5,3]1) # ffliA, 3i8iE, HENS
# TEEARAE [k, k, cin, cout [AFA B w k&, 4 P 3x3 KPNER
w = tf.random.normal ([3,3,3,4])
# K N1, padding MO,
out = tf.nn.conv2d(x,w,strides=1,padding=[[0,0],[0,0],[0,0],[0,011)
out[1]:
TensorShape ([2, 3, 3, 4])
Horr padding ZHHI B E M -
padding=[[0,01, [k, F1, [%, 41, 10,0]]
i, N4 padding —ANEAL, ] padding=[[0,01,[1,11,[1,1],[0,0]], SEEL4nF:
In [2]:
NS5

=

x = tf.random.normal ([2,5,5,3]) # BN, 3IE, &
# FEME [k, k, cin, cout 1A BIEE, 4 3x3 RAABRZ

w = tf.random.normal ([3,3,3,41]1)

# SKAN1, padding N1,

out = tf.nn.conv2d(x,w,strides=1,padding=(1(0,0],([1,1]1,(1,1]1,[0,011)
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Out[2] :TensorShape ([2, 5, 5, 4])

ReRIH, 8IS 15 E 4 padding="SAME', strides=1 1] LAELEAFE N HtH K/
Bz, Hh padding R A% R B TensorFlow H a1 I 58 UA R #RAE -
In [3]:
x = tf.random.normal ([2,5,5,3]1) # MG, 3MHE, H%ENS
tf.random.normal ([3,3,3,4]) # 41 3x3 K/PMHIEFRZ
# BN, padding BEAMH . HAFKAN
# FHEVERAZ, padding=same HHTE strides=1 I/ &R K/

=
Il

out = tf.nn.conv2d(x,w,strides=1,padding="'SAME")

Out[3]: TensorShape([2, 5, 5, 4])
Yis > 10, ¥ padding='SAME"A b 1 . 916 i R >

In [4]:

x = tf.random.normal ([2,5,5,3])

w = tf.random.normal ([3,3,3,41)

# %85 padding AT LARERR 3 BN EH 6, MRS 6 1% 3 {153 2x2
out = tf.nn.conv2d(x,w,strides=3,padding="'SAME")

Out [4]:TensorShape([2, 2, 2, 4])

GBI AEMNEE S 2T ZE—, TPl E M E R &, than.conv2d BREZE A
SEUU R E R AR, ISR E R TR E TS R e Bk E R
# MR [cout 1 4% A & 17 &=
b = tf.zeros([4])
# R LS inmE N E, B2 H3) broadcasting Alb,h',w', cout]

out = out + b

10.3.2 BIREIR

It BAZ 2 layers.Conv2D 7] AR EFIE LEFZ W MR E b ik, BHZERH
S B ] 58 AR 2 BT AT, SEILEE N E AN PREE . 7E TensorFlow H1, API [ #4
B—EME, TFRERERNR—RRRE, &IN5 R—BRRRE, W
layers.Conv2D F£/REHZEH, nn.conv2d RnBIREF R #HE NSFEQI R B
build i) AZNAIE FEPEREARE M E, HPAREILZERZEKERE U8R,

AL A P ok B ] 5 8, HR RIS MR . R By s O 75 E B AT e SUBUE R &
2, N RIGFKZ .

TEFEGRZRN, R TR e GRIZEES L filters, HBRUZK/N kernel_size, K
strides, 378 padding ZERIF], W REIE T 4 4 3x3 KANKIEREZIBRZ, BKN 1,
padding 77 5 N'SAME':

layer = layers.Conv2D(4,kernel size=3,strides=1,padding="'SAME")

SKhr b, ARG AL, BRATIITFALE, B E0R kemel size Z88L1HA
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(k. ky)s strides ZHOR T (s, sy) o WIREIEE 4 4 3x4 K/ANERZ, BETREIPK
sp =2, KFIABHEKs, = 1:

layer = layers.Conv2D(4,kernel size=(3,4),strides=(2,1),padding="'SAME")
GIRSERIE, ERSEB] (R call i EVRISSRATIIEEL
In [5]:

# BlEBEHER
layer = layers.Conv2D (4, kernel size=3,strides=1,padding='SAME")
out = layer(x) # HiFIITH

out.shape

Out[5] :TensorShape ([2, 5, 5, 41)

7K Conv2D W, fRAF T BHUZTKE W FRE b, B LLIEIE AR trainable variables
BRI W, b 5.
In [6]:
# R KE SR
layer.trainable variables
out[6]:
[<tf.Variable 'conv2d/kernel:0' shape=(3, 3, 3, 4) dtype=float32, numpy=
array ([[[[ 0.13485974, -0.22861657, 0.01000655, 0.11988598],

[ 0.12811887, 0.20501086, -0.29820845, -0.19579397],

[ 0.00858489, -0.24469738, -0.08591779, -0.27885547]11,

<tf.Variable 'conv2d/bias:0' shape=(4,) dtype=float32, numpy=array([0., 0.,
0., 0.], dtype=float32)>]

11 layer.trainable variables'ﬁIELi_l:|COHVZ[)}&QEiPEQ<V%I)?&§%, XK
RAESREUN 2 R R A E B AR A .t n] DU #E9H FH 28554 layer.kernel, layer.bias 44
Jiln) Wb K& .

10.4 LeNet-5 SCHk

7E 1990 44X, Yann LeCun %5 A2t 1 T F S HFFNLERTT BN 4R A e ph 22
2%, #iw 4N LeNet-5 (Lecun, Bottou, Bengio, & Haffner, 1998). LeNet-5 ¢t , {##3EHH
FHEE X2 AE S I RERE R DI R, T 2 B AE IR RS . SO S i SR 5. T E
10.30 /& LeNet-5 MM, 832 32x32 K/MIEY . FRE K, S8 ER2E
f320[b, 28,28,6) AR IITKE, 22— TN RIEZ, FKERSTH/NEI[b, 14,14,6], Lid5H
TAERZE, 1931[b,10,10,16) R MTKE, FEIFFEE NRAE, kERS 43
[b,5,5,16], fEHEANIERZZAT, Jelsik &+ (b, 400]9’]3{6%, RN SN
120, 84 B2 M4iEiE)ZE, 192[b, 845K E, #J5i8id Gaussian connections = .



910 T B 2% 22
C1: feat C3: f. maps 16@10x10
: feature maps S4: f. maps 16@5x5
i 6@28x28 — R iy
35 :layer gg.
6@14x14 720 ¢ Fé: layer ouTRUT
[
‘ FuHconAecﬁon ‘ Gaussian connections

BUEEK, LeNet-5 M REELQ MERZ, 2 MER)R), SHERD, iHHEA

Convolutions Subsampling Convolutions ~ Subsampling Full connection

10.30 LeNet-5 P4&£5#) (Lecun, Bottou, Bengio, & Haffner, 1998)

WA, JCHAEBUR GPU HIINEE T, B B BIAT I ZR4F LeNet-5 M1%% .

IATHE LeNet-5 BOFERf EBEAT /D VFIRE, 15 E A B EIAR Y SIHESE b5k

o BEAEIRATESN X TR 32x32 %N 28x28, SRJEH 2 AN N RAFE 2 Sl i Ritiik
EFFHERI R %5, RN, SaR 4 E#:)Z & s Gaussian connections
. TG —IEEHIM 218 LeNet-5 2% . RATHIM 45 # A& 1031 fis:

(exg '9)pzauod

(¢'exz)Butjood

(¢'exz)Bujood
(0z1)04
(v8£0ﬂ
(ogoj

(exg '9T)p2AUOD

!

1031 FEHFEFIRFERLEN

FAHET MNIST F 557K R BRI 2k LeNet-5 %%, FHINA LR & AERF . BIH
SN T WALE TensorFlow A iNZk MNIST #di4E, A HEHGA .

TSIt Sequential 75 #3613 LeNet-5:

from tensorflow.keras import Sequential

network =

layers.

layers

layers

layers.

layers

layers.

layers.

layers.

layers

layers

Sequential ([ # MZEEH

Conv2D (6, kernel size=3,strides=1), # F—NEHE, 61 3x3 B

.MaxPooling2D (pool size=2,strides=2), # i T 5 Uk T (AL 2
.ReLU(), # WifR%k

Conv2D (16, kernel size=3,strides=1), # H_-MERE, 161 3x3 BRI

.MaxPooling2D (pool size=2,strides=2), # i T 5 Uk T (AL 2

ReLU (), # WUIGEAZL
Flatten(), # fI°FZ, H{EE&ERZELT

Dense (120, activation='relu'), # &i&EHEE, 120 M4

.Dense (84, activation='relu'), # &&EEZE, 84 T4
.Dense (10) # £EHZE, 10 M5

1)

# build —IRMILEET, AN x TR, H 4 ABEEY%A K batchsz
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network.build (input shape=(4, 28, 28, 1))
# BTG R
network.summary ()
i summary()BREG TR EEZ N SEE, FTEH NS G BN ZSHETER, R
¥ 103 P, RATAT LS 4R et IS H0E R 10.1 AT HLEL:
RI& 103 MESHEHI

= BHRE1 BHE 2 EEERR1 £ERE2 SEEER3
SHE 60 880 48120 10164 850

TUER, BRERNSEER D, TENSHEEDESERZ. b TERERMMm AR
E4EFZIR IR 2, MR EERERNSREA R TR, BMEMKSHEL 60K, 1
kg 101 PRIMEZSHERIL R 1 335K, I G2 245 7] DL 2 BRI 45 S 40
B, (AN AR
TENNZRBT B, ek HdE e shape JN[b, 28,28]HUHIA X B —AMN4ESE, % shape
A[b, 28,2811, IENBRIBEATHTEITHEE, 13250 7K & output, shape Ju[b, 10]. FATHIE
A2 AR R BB GACE , BUR e BB e ISR 2O A B AT 55, Tl e
from logits=True *i‘ﬁ'f{ﬁ/l% softmax fiﬁ{ﬁl&ﬁifﬂﬁ*ﬁ%@ﬁ’:‘:’ K%%?ﬁ)ﬂﬁﬂﬂfﬁ%@
B, RIHEE TR E
# FANREUH, el
from tensorflow.keras import losses, optimizers
# QUSRI FESEBR T SEN E I I SR S qp B aT
criteon = losses.CategoricalCrossentropy (from logits=True)
WIZRER 7 SEBLAN T -
T At SN
with tf.GradientTape () as tape:
# WANEIELEE, =>[b,28,28,1]
x = tf.expand dims (x,axis=3)
# AUFTES, 3RS 10 FAMMER DA, (b, 7841 => [b, 10]
out = network (x)
# HSARZE one-hot %ifd, [b] => [b, 10]
y onehot = tf.one hot(y, depth=10)
# TR ORI R bR
loss = criteon(y_onehot, out)

SRIFPRAE )G, 1T TensorFlow HIHH L 545 tf. GradientTape() K 1T 545 2% BRI %L loss X 4%
%giinetwork.trainable_variableslemEgﬁ%E%, i?ﬁﬁiiopﬁnﬁzerXﬁ%ﬁﬁi%ﬁﬁ?%ﬁﬁﬂ%&tl
HSH

# HBhiH R

grads = tape.gradient(loss, network.trainable variables)

# HIEHSH

optimizer.apply gradients (zip(grads, network.trainable variables))
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G RSP T BT S8 2R A
FENRET B BT ZC RS R, AW — AT vith tf.GradientTape ()
as tape FIEH . AT AR HH A softmax &, ARE T M TN a1 B A x &
T2 i FIMEZEP (x 577 42i|x), i € [0,9]. BT argmax B 0% USSR i K1 IC R FIEI R
g1, AEJVRT x BRI, 5 ESEARE y B, 8 TH RS b IE] True MO%CEIER
ARGETH PRI W IRE AR EL, SR Ja B DU REAS AN, 75 R 90 228 0 0 X o 2 -
# DRI IES SR, BHA%E
correct, total = 0,0
for x,y in db test: # MWJIFTAINIZERNAE
# WAEIELEE, =>[b,28,28,1]
x = tf.expand dims(x,axis=3)
# AUEVEE, 3RAT 10 KON 3T, (b, 7841 => [b, 10]
out = network (x)
# FRIIRAERN LA softmax, i argmax
# HRHT softmax NEETTRINA/MHI KR, HEE
pred = tf.argmax (out, axis=-1)
y = tf.cast(y, tf.int64)
# Gt E T ECE
correct += float(tf.reduce sum(tf.cast(tf.equal(pred, y),tf.floa
t£32)))
# Gt A A 2 £
total += x.shapel0]
# iHEHER R

print ('test acc:', correct/total)

FEHE AR LA 2K 30 4> Bpoch J&, 2% R ZRHERAREIE E T 98.1%, M HEm: ik
BT 97.7%. X TARR T AT EHF BRI PUIMES, AT LeNet-5 W45 S22 7] AT
IREFRIRCR, (HRMER— mHES, s )ik, LeNet-5 MEaEM 2 SR~

B

10.5 RR-E]

BAICEN A BRI EMNE Z 0 TR PR S ST 77k, BB E X 2 A
T HGRE MBS . R 20— BRI, BTN 3 R I 28 R BB, R 1Y)
KILRe R, MEA ] REEUS R . A ZEHES M G RN RS2 T4
FRAE, (13 2%0MIR, WL IERIERE TR NE ?

2014 5, Matthew D. Zeiler %5 N\ (Zeiler & Fergus, 2014) 5 3:0H] FH vl 4040 1 515 25 2L
BRI N2 BE 222 A4 @i 2 B RHIE R G 9 26 (Deconvolutional
Network) B [H A B Fr, BRI EF F2IHRE A, B 1032 Fos, ATRLUEEE], 2
TERRHEX B AL BREIRZ RGBSR I UG B SO B b AL
F0U. RZEEI TR RHE, W NS, SRR A m SRR . X ]
AL B, FRATAT DL — e FE R B2 AR 42 I 28 R fIE 2% ) i A2 .



10.5 FR¥2] [/ Ab g ] 25

& 1032 EFRRWEMEIFERTNIL (Zeiler & Fergus, 2014)

B R B0 R e R — R At 2 3R 7R 2% 2] (Representation Learning) i F2, M52 2|
EAIR R TTG, BRI M RS RZRHE, HEISORE T RRHE, 3. 7
PRESE S ERIE, B 5 (M 2% 2 28 T e 5] 31 (1) 4 G RFIE 3278 (Representation )il 732
WA 2] A RNRHERE E, B, sOBA R T8 105098, NSRS AT 1)
PERE. IWRRZ MR EE, BRMEM a2 E S RIEZIRIUHE, W2 Ik
P FE AT DA BURFAE ) 5 ) 1A, 36T ST 30 1 1 2 4t SORFAE o] LU 8 gk 47 7 4T 55 -

N N2 ST HEAR,  YIZRUT G A 2 Y 25 A 1 RE 0% 5 o) B CUT AR AIE, X PRARFAIE
PP VE— OB . e FfEss L2223k, . B ARSERFIER IR R, fEH
) bR — e R A . BT XA, nTRURAEES A BIIZREF TR E AR
KRN ENRHEIRBUZIE R BES B b, AFEIIZALS B 15 @8GRI ML 1)
BAH)Z), BITHASAEE IR, XM ORI S I —F,  MPHE N 48 f BE AR
I 28 34 1 (Fine-tuning) o
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10.6 6 E1E %

TEE T BHF B R SEUG, FRATERR L KA T2 0 T . BIAE
FATRME R — B ), SRR B A SR BT 77 S B BCE AR A, B AERIB
FEAR I I B AREAT WG ?

BRI AT, BN 3x3 FUSRIEIEERE, 54 2x2 BRI, TG,
B 45 RAT P JA B S A AARE TSR 22, WA 10.33 Fm. A TPREHSIXM S L N i
R 5 5 T T 3

Woo | Wo1
X0 | Xo1 | Xo02 Wio0 W11 0
O¢po Oo1 o
REL 1
X10 | X11 | X12 o 5
N 10 11 0
X20 | X21 | X22 HRZ:[2,2,1,1] 5
finpssa fi11.2.2,1] FRVETLA]

B 1033 EREHE GBS
BT B sk Eon RIATE A
0g0 = Xo0*Woot Xo1*Wo1+ X10*"Wio+ X11*wyy + D
001 = Xo1*WooT X2 Wort X11*Wyot x12%wyy +b
010 = X10™Woot X11*Woyt X0 *Wiot X21*Wyi1 +b
011 = X110 Woot X12*Woit X1 Wiot X22*wyq +b

Phwio FIBREETHE 9], il i 3G I 7

oL oL do;

owgy do; dw;
00 jefoo,0n,10,113 ¢ ¢

aW,;:

PSS R A R R, TR B Bk R

* % * *
0090 _ 0(xp0™ WooT Xo1*Wo1t X10*WyoT X11*W11 + b)

Iwgo Woo
R i, mlDAHES:
* * * *
0091 _ 0(xo1*Woot Xo2*Wo1t Xy1 Wyt X12*Wy1 + b) X
= = Xo1
woo Woo
* * * *
0019 _ 0(x10"Woot X11*Wo1t Xo0*Wiot Xo1*W11 +D)
3 = = X190
Woo Woo
*. * * *
0017 0(x11"Woot X12*Wo1t Xo1*Wiot Xo2*W1y +D) x
= X11

owgy Woo
AL, I PRI B2 B (1 07 OF A UL W 2% = T 3, [R]INRR B2 0 HE 3
A, RR2AMEEEIERLLE, N SR ARG T BB, A AT EE L,
TRIE 5 SIHESR W] DL AT B B 58 A S8 B FETH S S 500, AT F5 BB b 2% 45
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FRIH]

10.7 L=

EEZEF, LU TP K SE s SCURRAE B 0 58 A5 4a /N, ANTTRRAR 1 2%
Kz, Kb b, B TEdRESK, &6 —FL TR =0 DUSEI RS 4R 06,
U IRATEAN A Bt AL Z (Pooling layer).

Ak 2 [FI RS T Jo A S v i AR, e A JR AR SR I — T 3R R AT KA BUE B R
fr, NIRRT CRE. RFeali, A Z(Max Pooling) W J& i AH 5% 7t 3 45 HR I HL R
KIG—ATCERE, FIIL)Z (Average Pooling) A & AHIE e R AEH U1 5P iR [ . DA
5x5 fN X Wi R E A, F AR B & RN k=2, K s=1 BIIEN, A
10.34 . SR AITHERE S — MR ALE, BR2HTRESH

{1,-1,-1,-2}
FE S RMAGRAE ) T T, it
x'=max({1,-1,-1,-2}) =1
THE SRR BB ERN 1, FHFEANALE.
A R I T3 R, TS 0 4 A R A
x'=avg({1,—-1,—-1,-2}) =—-0.75
HEEAAIN BTG, SERERITEDEREU, BReBics Kb #aE+
A7, BRI H
x' =max(—1,0,—-2,2) =2

1 1:0 |2 o 1 2
pe
1|2:2|3 1 |8
=
1 2 2 1 o — %2
N
x
N
o -1 1 3 2 =
2 0o o 1 1

& 10.34 smALEEG]-1
BRI T, B2 E 2 xkA0, HHEEHEY =max(2,03,1) =1, It
& O EERIANILS, EGHRZERFER T, B8 E O FEs—AN 2K, JEH
21iTHE, WE 1035,



10 T EBRAPE L 28

e
1 -1 0i2 o0 1 2 3 3
0
4 2| 2:i3 1 g 2
IIIIIIIIIIII é'

1 2|2 1 0o —§
x
N

o -1 -1 3 2 &

2 0o o0 1 1

10.35 &Kk zsf-2

IR, HER N &AL, SREEIMEZERE L, KRN 4x4, BNTFHRIN x 1]
e, WK 10.36.

1 -1 0 2 0 1 2 3 3
)
-1 -2 2 3 1 8 2 2 3 3
=
1 2 -2 1 0 PN 2 2 1 2
N
3 )
0 -1 -1 -3 2 e 2 0 1 2
2 o0io0o |14

& 10.36 sAitLEE451-3
BTl 2% A T B2 S H, THERE R, o] DU RO R R R <), B E S
B R X PRI B, R BN A AT 55 TR A3 T 2 BN -
TR WAL BB BT I T8 k A2 K s 28, AT UL &R R dEIE .
— P AL e R B B N k=2, K s=2, IXFE R LS B H A e H v v —
KEK. FHE 1037, 10.38 1, JXZE k=3, K s=2, BN X =N 5x5, Hit O
W HAE 2x2,

1 1/0:;2 o0 2 3
o
14 2]2:3 1 S
5
1 2| -2:1 o £
x
w
o -1 -1 3 2 ~
2 0o o0 1 4

10.37 MBI ESTRE-1
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...
N
)
-
o
(z'exg)burjood

10.38 it BLIE R -2

10.8 BatchNorm /=

LR LG I, W SHE RIS, 3L ERRE M BN RE. 2R
M, TEFRZEMILE I /T, 2 INRAEAS 2% I 23215 FRE A fa g, 148 I 28 Bf
() AN R s AN TE [N 255 S UL UK, SR E St & 38N
ZE ISR 2 U

2015 4, Google iff 7L N\ i1 Sergey loffe 542 | — M HhriE . (Normalize) 1F B,
FEIE TS HARHEL 1T T Batch Nomalization(f55 4 BatchNorm, 8¢ BN)/Z (loffe &
Szegedy, 2015). BN ZHJ3H, i3 MZEKESEINBOE EMEH, HWE KK 5%,
TR R %A URA S, TR X 2 P U SSOAR FE B P, PERE MR 4. BN 24 tH R (82 3
RLFHTESFIRBEM 58, HRUZ. BN JZ, ReLU 2. A2 —FE RN N 28 RS R e
LG, JEIdHES Conv-BN-ReLU-Pooling /5 U414 7] PASRAFANES AR R 14 BE o

HRTRAPKRIRER, At 4 T B W 2% b (R 5 AT AR AR 23X A ) R AE M D
JEHRREEL), RIMEE BN ERIVEE 45 AR R ik e NME k. HHAGE S,
ANt AR i) R SR S AR AEA S I AL

F & Sigmoid WUE REONE HIBHE A, WIFEl 1039 Fizs, Sigmoid REfEx €
[—2,2] X [ ) FEUMEE[0.1, 0.25] X [ 43 A s H4x > 2 8x < —2I), Sigmoid ML T LS
IR/, GEIET 0, ANTTZS 5 HINER EEVRBOR R .y 1 3884 K Dy N BOR B B/ i 3 3
Sigmoid BREL HHILBEEETRBON G, K bR EU N xR HEAL BRI 1 0 BRI ) — BB/ N X (ALK AR 45
e EE, TLIAE 1039 B, @ik bR EUE S, (EREBURE 0 FiiT, thibi2E
EAET I, WA G M ETRBON R o X2 AR T B2 22 1 — A
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06
A

/

s = = 0

SR AXTE H

R EXTEE

10.39 Sigmoid R R H S #ihsk
FATHE S — M. HHE 2 M AR, & 10.40(a)Fs:
L=a=x*xwW;+Xx,*w, +b
TSR 2 M A AR T R AL 1]
Q #iAx, €[1,10], x, € [1,10]
Q #%iAx, €[1,10], x, € [100,1000]
BT T, AT DA 2 By, x, T, BRI 2R S5 E 2R, & 10.40(b)2x; €

[1,10], x, € [100,1000]f [ =26 AR T L7 = 10.40(c)&x,; € [1,10], x, € [1,10]
IR S 7ih0 Y2 vy =Wl S el o] B2 N sR N S R S S R R C = R =

Wy W,
@// Z
7
wyq wy
(a) &M E (b) A%k A5 & & A1 (c) MEBHHRFHAE2

10.40 BEFRELESG

Bkl
oL
ow, *1
oL
ow, 2

Sy, NI, 25, PR G E ALY, WA IS 10.40()FFR; %

ow, 0w,

x1, X JN I3 ZE BRI, Hle, << xg, WU
oL oL

aw, « aw,
TR RS S LA Ew, Bl INBELY, R T RERIDLAL UL AN 10.40(b)FT7s. XL 2 26414k
BT IIEEE, x,, %, 2 A P 10.40(c) i S0 b, AR Az 8 3 A
WIS AR 2 M, AR ARG W Eim A xafifliT, JFHOARE
BUNEEI A0 0 FHE), BEAEFTRERRA . B2 CRAE R A x I3 A AR e 2 8
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PR CASCEG H Y, Gl S AR A A R A AT DLKS Bt x i 32
X = Uy
Joy2+ e
Hbp,, o> REG A EEERSIENTT 2, e AP BRI 0 iR & MM
¥, lile—8.

TE3ET Batch FIUIZRIN BY, ANl SREVEEA ML 2 BTG A RIS i B, » 0,282 % &
Batch WS BMEug F177 Zog?

X =

1 m
o = 13,y
i=1

ﬂu?‘m#‘jj&/ﬂ;{ﬂ:ﬂr; O'rzy ﬁ\:l:':‘my\j Batch 1‘;‘%2’_{%&0 JH:, EU[]?EBﬁE&’ i@ﬁ
2 = Xtrain — UB
train ,—O'BZ s
*i‘?&’f’tiﬁ)\’ ﬁiﬂi/l\ Batch E‘]é}ﬁtl‘i&TEHB, O-BZ’ }Eﬁﬂ:-ﬁ‘ﬁﬁiﬁgﬂr,’ 0-r2 °
FEMHARY B, ARAE LKA Batch Hug, op2 tHE M A NAGEIE Mn,, 0,2, %5

& E A ARELL

RIS IS F A SNBSS R, w02, up, og? R ITEE], A
TESSMEEN . SLbr b, NTIEE BN ZHRIERES, BN EEEGIANT “scale and
shift” $7175, K20 & F LA 4

X=xXx*xy+p

Horry ZHELI bR AL f5 IR BT 46, BB bR EL IR AT PR, ASE
&, v, PSEH AR R A, LB E “YETR e R BRI A H
Mo

NTHIFRATRZ: ST AE TensorFlow HHSZELH) BN JZ 8L 7745

10.8.1 B & &

AT BN BRI x, fiid .
YIZEMBL: & 5e1H 5 40T Batch [Fug, 052, 1R

_ Xtrain — UB

~rain_ *y +
Xt m Yy+8
THE BN ER%iH

ElNEEs:

W, < momentum * i, + (1 — momentum) * ug
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0,2 « momentum * 0, + (1 — momentum) * og?

BT 2 /N GHIE NS THE wMo,?, H momentum 2 TFHEKE — NS, HT
PHTp,, o 2HEHIMREZ: Ymomentum = OFf, u, Mo,? B4 E N EH —1 Batch [1)
upfog?; Mmomentum = 18}, p, Mo, 2RFEAAE, ZEE#H—> Batch Flugflog?, 1E
TensorFlow H, momentum ERIN & BN 0.99.
AR BE: BN EHR

% — Xtest — HUr

test \/m
WERI N ese, HPue. 0.2, v, BEIRBINZGM B Gt st r g R, EMAH BB Al
M, HASHHNIXLESH,

*y+ B

10.8.2 = [F) B

EW%ﬁﬁT%&ﬁE%m&,&ﬁ%%ﬁ%ﬁ%ﬁ%ﬁ*%ﬁﬁ%,%,ﬁﬁﬁﬁﬁ

SR B sty , BB

FIEENE, TR X[bhw,cl, BN EHFRREEA g, 052, THRALE
R ¢ BTG THENEIE ETH T EAE Mg, 0p?, Klug, op? i AN IEIE b TA HARAERE
(K ANTT 2. BL shape 4[100,32,32 3]G, AEEIES ¢ L i E i 5an s
In [7]:
# HIEmA
x=tf.random.normal ([100,32,32,3])
# R IARGEE S I, PR B BB GRS
x=tf.reshape(x, [-1,3])
# THRECHAR A AE

ub=tf.reduce mean (x,axis=0)
ub
out[7]:

<tf.Tensor: id=62, shape=(3,), dtype=float32, numpy=array([-0.00222636, -
0.00049868, -0.00180082], dtype=float32)>

B ¢ MBTEEG WA ¢ MYE A

B 7AE ¢ B b S T BdE ug, 0g2 750, BATRAREE 5 K LA 2 o Ath 4 FE 1 B
7=, Wi 1041 Fios:

Q Layer Norm: ZuitfF AN FrA ReAE I AN 7 2
Q Instance Norm: ZRit-REAMEEAR BN EE _FRHIERIE R 7 2
Q Group Norm: ¥ ¢ iEIE /0 A T4, Gt SN EEA A8 IE 4 A R E S48 A0 %

E M2 Normalization 759235 HARSZ ) URRSCHR Y, IFAESRELE N A _EGAIE 1 A
A LT BatchNorm SR MRCR, bl L, ANTHEBEFZMFOFRET LER, R#E
Z18%, ZRIRFETERT), ANAFAEN KRB IR .
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Batch Norm ' Nor Instance Norm Group Norm

1041 REIFRELFRREE (Wu & He, 2018)

10.8.3 BN E5zH

1E TensorFlow ', i#id layers.BatchNormalization()ZS 7] LAAEH 77 HiSL I BN Z:

# flg BN 2
layer=layers.BatchNormalization ()
HesmgE, BHREAR, BN ZHIZREBAM B AT AR, &2 R E
training F5E AKX 73 Y ZAE L P AR
LA LeNet-5 M2 RG], FEGRUZ G0 BN JZ:

network = Sequential ([ # MZEA#E

=L

layers.Conv2D (6, kernel size=3,strides=1),

# A BN JE

layers.BatchNormalization(),
layers.MaxPooling2D (pool size=2,strides=2),
layers.RelU(),
layers.Conv2D (16, kernel size=3,strides=1),
# A BN JE

layers.BatchNormalization(),
layers.MaxPooling2D (pool size=2,strides=2),
layers.RelU(),

layers.Flatten(),

layers.Dense (120, activation='relu'),

# S LS BN 2

layers.Dense (84, activation='relu'),

# S BUE A BN 2

layers.Dense (10)

1)

ENGI B, TEREMSEIIZE raining=True BLX 5 BN E &I b 2 a2

with tf.GradientTape() as tape:
# A IEIE A
x = tf.expand dims(x,axis=3)
# EORETHE, REHEA, (b, 7841 => [b, 10]

out = network(x, training=True)
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E{ﬂﬂwﬁ[ﬁﬁ‘ﬁi, ﬁ'ﬁ;%ﬁ&lﬁﬁ training=False, ﬁﬁﬂ BN E%ﬁﬁ%ﬁﬁ%ﬁ@?‘fﬁ
for x,y in db test: # iJjMlliALE
t i NAIEYEE
= tf.expand dims (x,axis=3)

X
# ETETHS, R

out = network(x, training=False)

10.9 £ HEFANLE

M 2012 £ AlexNet (Krizhevsky, Sutskever, & Hinton, 2012) 42 H LK, & Fh & RERITR
G SRR gk pe i, Hob A AR A VGG R4 (Simonyan &
Zisserman, 2014), GoogLeNet #2741 (Szegedy, LhJ At A, 2015), ResNet &% (He, Zhang,
Ren, & Sun, 2015), DenseNet #%1] (Huang, Liu, & Weinberger, 2016)55, il 11 X 2% |2 £ 5
iaRABEIE 2 . M AL/E ILSVRC $hAkFE ImageNet Z5 4 LA 0 FPERER TN
i, Wi 10.42 fi7R, 1E AlexNet HHILZ FT I ZS B AR E R E T HZ N4, Top-5 iR EE
PITE 25%LL 1, AlexNet 8 JZIIRIZ LML Top-5 iR F LR 16.4%, MReRTHE
K, JGZH VGG, GoogleNet 157 4k 524455 R B 2 6.7%; ResNet [ H L VK [ 4%
JEEFRTE R 152 2, BRBEMIEKE 3.57%.

ILSVRCHk Rk ImageNet#iRE N £ 1%
152

282 25.8
16.4 17 19
%R RE 8 . 8 . I7'3 6.7 357
- - | [ | [ | [ | -

ILSVRC10  ILSVRC11  ILSVRC12  ILSVRC13  ILSVRC14  ILSVRC14  ILSVRCI5
m ERERE  wTop-55RIRE

10.42 ImageNet IFE > BT ZHIIRE 4 &8
ARG E A AKX 2 AR PR o

10.9.1 AlexNet
2012 4, ILSVRCI2 !k #€ ImageNet HH 4 73 RAF 51 % Alex Krizhevsky 2t 1 8

2 TR FE PR L8 AR T AlexNet, B3R 224x224 K/NFIE I A B, Sl
LB EMN =S E S A RREAE T 1000 NEAMIMEZR G . A T BAREHE B 4E R,
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AlexNet 7E55 1. 2. S MNEFUZJGEII T Max Pooling /2, W 1043 s, MKZNSHE
EH] T 60M A~ N T REREAE I () =i v 5 R R NVIDIA GTX 580(3GB A7) il ZRAi
B, EEBGRE. 812 MEBRESFTENIE R Emanilg, &RE—EAHE—
KB B, TR IAEREEHT . AlexNet 7F ImageNet BU/S T 15.3%FH] Top-5 45i%%, L
B AIERRE LRKT 10.9%.
AlexNet FIEIIHT 2 A AET
Q JEE0RE TRIRMN 8 2
Q KT ReLU ¥l i, i g K% KA Sigmoid 0, A E44, &
5y H U FE RO 5
Q 5[\ Dropout, Dropout #2 | Az ARE ST, Bk $l&

Jogg \dense

dense

1000

’ 128 Max
28\fistrige Max 128 Max pooling
of 4 pooling pooling

3 48

204 2048

10.43 AlexNet M#&&5#) (Krizhevsky, Sutskever, & Hinton, 2012)

10.9.2 VGG &%)

AlexNet B P AUBPERE IE R 1V A 8055 IR Z B 8 B8 T7 [ 78, £F 2014 4F,
ILSVRC14 k% 2§ ImageNet 73 A5 W FE 4 H RS VGG LI Z= 52t 1
VGG11,VGG13,VGG16,VGG19 35— R FI PSRRI 10.45), TR PIZE R f e T 2
19 JZ (Simonyan & Zisserman, 2014). L VGG16 N, ©#52 224x224 K/NEA E 4L
$5, 23 2 4~ Conv-Conv-Pooling ¥.76, F13 4~ Conv-Conv-Conv-Pooling TS, B
Jadt 3 BAEE B S urE A& T 1000 R0 IR E A, WK 10.44 Bis.
VGG16 7£ ImageNet B3 | 7.4%[) Top-5 #ix%, L AlexNet fEHT 1R EIFICT 7.9%.

VGG F51 M 2% BRI 2 A AE T
Q RERAEE

Q  4HRAE /M 3x3 B, HXT AlexNet F1 7x7 KR, SHEHED, HEA
WA
QO SRAE/NRALE 2x2 B AR K s=2, 1 AlexNet H12 K s 2, 3x3 HIthik &
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& 10.45 VGG RF|MLELEMBCE (Simonyan & Zisserman, 2014)

36
Y — )
0 © © © © o~ o o~ o o o
> & =y o ~ & & o ) ) V) ) )
sl lsle s (5le || |3 |3 sllsl [s/els] 5] lslel8 2] |8
Il inat It inat nl inl nal it el i at Inl b bt
Q Q = Q Q = o Q Q _ Q Q Q = Q o Q = ,_E E Hg_)
o) [ag] (2] o ™ (2] o ™ o o o (%] o
AN — — (N
10.44 VGG 16 ML L5
ConvNet Configuration
A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128
maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256
maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max

10.9.3 GoogL.eNet

33 IR HET D, HEANTEMR, FNEGERI D EE TR, Kkl R
THER RGBS 1x1 B, WFE 1046 B, AR 3 @IER 5x5
F, 58 Ix1 WEFRZEATERUEH, AN EIE SR S50 EE s R e, 33
3ANEIE R PR, A B AN B R A R Bk . 6T\ shape A[b, h,w, ¢ip ]
Ix1 BRZE I Ab, hw, couels FoH i NI IR IEIEEL,  cop N H EHR 118 16
B, 2 IxI BRI, Ix1 SR M2 AT, B DR SURRHE E ) B
B, I A XHEIEE ¢ BTN
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o |N|N (N |o
Bolh e |w |~

10.46 1x1 ERZREE
2014 4F, ILSVRCI14 BhIRFEMI7E E Google #-H T K&K 3x3,1x1 LRILI W28 5L
. GoogLeNet, M&JZHAF] [ 22 )7 (Szegedy, LASKIHARAN,2015). HEIX GoogLeNet ]
JEHUT KT AlexNet, (HZTEHISHEI A AlexNet El"]%, [F] IR A B R 76 2 T AlexNeto
7t ImageNet AL 7 F4E55 I, GoogLeNet HUfF 1 6.7%I1) Top-5 457, t VGGI16 1E4:
R EREILT 0.7%.

GoogLeNet 24K B EAL Ve 1T I BAR, 8 REHES Inception B, TERL T R ALK
M2 &5k . 1 FE 1047 F7n, Inception BEERITHIAN X, I 4 T MNZAF 3] 4 SR 2%
g, EiEiE R E 3T B2 (Concatenation), K Inception FRER % H o 31X 4 AN W25

=

Q Ix1 HBEHE

Q 1x1 ERE, FHiEd—4 33 EHE
Q x1 BHE, Bl —4s5xs5 B
Q  3x3 BB, il 1x1 HBRE

Filter
concatenation \
3x3 conv 5x5 conv 1x1 conv
1x1 conv ? T ?
1x1 conv 1x1 conv 3x3 max pool

x/
10.47 Inception &1k
GoogLeNet [F] 5 &5 W1 10.48:
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910 T B 2%
R N
1|1 1 0 aggnngiipagglggiel
T pigiig i plaatandpy 1
HOH M gy

& 10.48 GoogleNet 4% 4EH (Szegedy, WAREMBA, 2015)

10.10 CIFAR10 5 VGG13 2%

MNIST L5 5w L2 —, (FHTFEHRFEFERTE, A
MNIST AR R AAFE TR KEE R, HAE SRR RGB IBIE 1 58 . Ay
BB —NAIE o R8RS CIFARIO.

CIFARI10 $#E 4 1 inZ K Canadian Institute For Advanced Research KA, T8-S T K
Bls R 5 5L 10 REMMERRAE , BRI 1 6000 5K 32x32 K/MA
o 3L 60K 5KE fr o Horb SOK ME NI ZRER AR, 10K /E RMNREHEEE . Pt i an &
10.49 FiR o

L |- |

automobile EE'E‘HB‘
ot IS sl WERS W I
« EFEHSEEEsP
aeer [ PRI S N L PR
| N Y o | PN
oo N I I 21 ) O W
norse I R S 9 IR ER S S TR
o R e S -
ook R s 8 5 B ] S

10.49 CIFAR10 %ﬂﬁﬁ(ﬁ* B https://www.cs.toronto.edu/~kriz/cifar.html)
7t TensorFlow H', AFHFEFB) N4 MM CIFARI0 £d4E, @il
datasets.cifar100.load_data() B8 £ 7] DA B3 02 U158 4 i )IN ZRER Fni X 4 -

# TEZE FEL, INEk cIFARLO HHELE
(x,¥), (x test, y test) = datasets.cifarl100.load data()

# MER y B4, [b,1] => [b]

y = tf.squeeze(y, axis=1)

y test = tf.squeeze(y test, axis=l)
# FTERYNZREE AR EE AR
print (x.shape, y.shape, x test.shape, y test.shape)

# KRN %


https://www.cs.toronto.edu/~kriz/cifar.html
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train db = tf.data.Dataset.from tensor slices((x,y))

train db = train db.shuffle(1000) .map (preprocess) .batch (128)
# MRS R

test db = tf.data.Dataset.from tensor slices((x test,y test))
test db = test db.map (preprocess) .batch(128)

# MR RAE—A Batch, JFM%E

sample = next (iter (train db))

print ('sample:', sample[0].shape, sample[l].shape,

tf.reduce min(sample[0]), tf.reduce max(sample[0]))

TensorFlow <= H 35 85 82 T 40 7E C:\Users\H J™ 4\ keras\datasets #5142 ~, H/ A LIEE,
Wl FR MR T BRI EEF. EIRRIBIETE, BRVIGER xy IR N: (50000,
32,32, 3) (50000,), MRAERT x/y AR (10000, 32, 32, 3) (10000,), 73748 T B KK
32x32, BB, IZEREFALCH 50000, MHREREALECA 10000,

CIFARI10 B F iR AMES IR 3, X R B HT CIFARIO R N B T B KB A4
Re 2B, MRAFHIE A D HERACE 32x32, 5355 EAE BROAER], HE NIRARRAME
. REMMAEMRIEREIIAIR, BAEVZMAEELFTERE, AT RIERE
SR VGG13 M4, ARIGIRAT B AR s A8 i 2 I 45 4544, 58 CIFAR10 & iR
Wle AN .
Q KM NTAEEA 32x32, JRINESHIN N 224x224, S B ERZ M NFFIE4E T K,

BEE 2 e3uPN
Q 3 MRS I N[256,64,10], 2 10 73BT 5 1% E

B 10.50 2% G 1 VGG13 25K, IRITFEFRZ N VGG13 255 .

(exg ‘y9)pzAu0D
(exg ‘¥9)pzAUOD
(z‘zxe)buljood
(z'zxz)bujood
(z‘zxe)burood
(z‘zxz)burjood
(z‘2xz)burjood
v
(962)04
(¥9)24
(0T)o4
$

i
(exg ‘v9)pzAUOD

12
(exg ‘v9)pzAu0D

(exg ‘¥9)pzAUOD
¥
(exg 'v9)pzAu0D

(exg ‘v9)pzAu0D

(exg ‘¥9)pzAUOD

¥
(exge ‘v9)pzAu0D

(exg ‘v9)pzAu0D

10.50 VHEEH VGGI13 BRI
BA TS SZIN 2 ST BRI NSRS TN, BRIl 5 AR
WM, FATHERE ST Conv-Conv-MaxPooling H.yG45 14 :
conv_layers = [ # SGOIEEEZEMNIE
# Conv-Conv-Pooling ¥.JC 1
# 644 3x3 B, HAHH F RN
layers.Conv2D (64, kernel size=[3, 3], padding="same", activation=tf.nn.r

elu),

layers.Conv2D (64, kernel size=[3, 3], padding="same", activation=tf.nn.r
elu),

# 1 I

layers.MaxPool2D(pool size=[2, 2], strides=2, padding='same'),
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# Conv-Conv-Pooling HLJC 2, ¥iHiiEIESE A 128, %6 K/AMER)

layers.Conv2D (128, kernel size=[3, 3], padding="same", activation=tf.

relu),

layers.Conv2D (128, kernel size=[3, 3], padding="same", activation=tf.

relu),

layers.MaxPool2D(pool size=[2, 2], strides=2, padding='same'),

# Conv-Conv-Pooling ¥.JC 3, it iEiEHE T2 256, &% K/

layers.Conv2D (256, kernel size=[3, 3], padding="same", activation=tf.

relu),

layers.Conv2D (256, kernel size=[3, 3], padding="same", activation=tf.

relu),

layers.MaxPool2D(pool size=[2, 2], strides=2, padding='same'),

# Conv-Conv-Pooling H.JC 4, HiHMIESE T2 512, v K/MEE

layers.Conv2D (512, kernel size=[3, 3], padding="same", activation=tf.

relu),

layers.Conv2D (512, kernel size=[3, 3], padding="same", activation=tf.

relu),

layers.MaxPool2D(pool size=[2, 2], strides=2, padding='same'),

# Conv-Conv-Pooling .7t 5, fti@iEHTHE 512, &% K/

layers.Conv2D (512, kernel size=[3, 3], padding="same", activation=tf.

relu),

layers.Conv2D (512, kernel size=[3, 3], padding="same", activation=tf.

relu),

layers.MaxPool2D(pool size=[2, 2], strides=2, padding='same')

# P AT 613 (R R 2R S R 2 5

conv_net = Sequential (conv_ layers)

nn.

nn.

nn.

nn.

nn.

nn.

nn.

nn.

EERTMZUE T 3 NEIERZ, BRI ReLU FELMERGERE, &a—Zkk

Hho

t Ol 3 B E T

fc net = Sequential ([
layers.Dense (256, activation=tf.nn.relu),
layers.Dense (128, activation=tf.nn.relu),

layers.Dense (10, activation=None),
1)
# build2 NTMZE, JHTEIMSSHEE
conv_net.build(input shape=[4, 32, 32, 3])
fc net.build(input shape=[4, 512])

conv_net.summary ()



10.11 L EASFh [FELEALEEN] 41

fc net.summary ()

MUEEMZNSHE, HhERMKESHELAN 94M, EERMBESHELN
177K, MBS HELN 9.5M, X TRIGAK VGG13 ZH &R TIRZ .

R BA TR 28 ST 2 A7 %%, FEREATERE SR, S &I 2 ST IR
WS HIE
# FIRGIH, B 2 DT HSH

variables = conv_net.trainable variables + fc net.trainable variables
# NPT ZHORIEE

grads = tape.gradient (loss, variables)

# EBIEE

optimizer.apply gradients(zip(grads, variables))

1Z1T cifarl0_train.py CAFRIR] TR IR, FEIIZR5E 50 /> epoch J&, 25 RN HEAf R
BB T 77.5%

10.11 EFRZE T

GG RITT T L T AP SFEILTS AR, SR I 1 R RUR AR,
AR B A AR L R G R AR

10.11.1 ZIABIR

B ERZA T IO M I25E, BRZMRTHE T IE R/ 1x1,3x3 &2 B
Ko IINGRRZAT AT ) 25 32 HURFAE B AR S DX Sl B, (LR 3 352 B 1 IX 3k S 2 184
W& S HE AT A, DR R Bt

A F (Dilated/Atrous Convolution) ¥ H& Hi B AT U X AN il TSR 8 45
PRS2 B E 30— dilation rate S8, JH T2 HESZEF XKEHER DK, 1R E 10,51
Fior: IS8 RAE P K dilation rate 4 1 B, &EAMESZ B RFE S 2 BMEEE N 1, SEAS
) 28 TG AR A Al (587 {H dilation rate Ay 2 B, JERASZEFAE 2 N EICREE—AN S, W
Bl 10.51 i g T E R St s, BAKEST ZRIMIEE N 2 [FIFER T,
Kl 10.51 4571411 dilation rate 4 3, RFEDKN 3. R4 dilation rate (135 K2 522 B X
WK, H2Lhrs 58 B RFEAL .

—]| dilation rate=1 —— dilation rate=2 —— dilation rate=3

10.51 BEZHERHELSKRER
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DU NN BIEIE Y 7x7 5K, B 3x3 BAUZOAB], WTNE 10.52 B . FERIGENL
B, BB AN ETERFE, B SRR, RS o N A, i
10.52 HR& T HERT /R . X 9 N S 5B AIRIZH, 4005 N ok &0 T4 & .

10.52 =RERITEREE-1
R E RE DK As = 1AL s — /N AL, WK 10.53 Bs, AR TR K
FE, HERFE 9 NEARE S, S5EFRZEEMR R INEE, SANHHkENNAE, HEEHR
MR B N AU E. FEFERXSNE, SRZE ORZEP K s fURsz i [X
AP K dilation rate F2 A [F) HIHES .

10.53 =EERITEREE-2

TIERIEA I NS SE AT, 1AL 73 RRRZ B i O . (R IR
U B R SRR, 7 BRSO 5t 1] dilation rate S EURIEE G B IS RS, RIS 458 KR
dilation rate ZEFF AR T/ MIRIIRIN . 15 o> FISEAES

1E TensorFlow 1, W] LLEIL % & layers.Conv2D()ZE1 dilation rate ZHUK %48 H %
HEIL T IER
In [8]:
x = tf.random.normal ([1,7,7,11) # HEHEIA
# BB, 1A 3x3 BB
layer = layers.Conv2D(1,kernel size=3,strides=1,dilation rate=2)
out = layer(x) # Rj[AITHH
out.shape

Out[8]: TensorShape([1, 3, 3, 11)

4 dilation_rate ZHUE NEVIMA 1 I, (EAE BRI N T, 24 dilation_rate %
KT 1, REE G AT 5
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10.11.2 EEHB]H

4 B A (Transposed Convolution, B¥ Fractionally Strided Convolution, #8435 RHEFR
Z xR Deconvolution, SEFr b B : g SONER R, (BB BHRIFA
Ret & BRI AN, IR O AR AN 22 2 i@ AR i\ 2 (8] 3 78 K & 1Y) padding K
SEEART R TN R T IR, AT SEIR R SRR H I, Wil 10.54 B . FRATG
NHFBER I ESRE, B AREERESEEERNKR.

N T RS, BATAE R THEMAR = w, BIB9S R O

B BEARE2

of-

HEEREL

#EEAES

HEEREA

& 10.54 #BERKIE LR

o+2p-k A s fZH

FREMIN N 2x2 P HUBIERHERE, BN 3x3 K, BKs =2, HAp = 01
BT 1 SRTER N 2 A S04 Ns — 1A A8 AL, 1938 3x3 MAERE, W& 10.55
52 ANMEFERTR, AREEARTE 3x3 A FE AN —p—1=3-0—1= 21741, Ik
I N TR R R 58 7x7, WK 10.55 28 3 NMEFEATR.

a=(0+2p—k)%s
k—p-—1

s—1 o|jofofofO0O|0O]|O o(0o|0|O 0|0
HEERMA olololololo]o o|o0|0]|O 0|0
7 . 7 0 41 0|0|7|0|4|0]O0 0(0|7]o|=|0]|0
o|o|orM0|0fo|lo|o|O|O 0jojejejejojo
Al | as| o | -81 0|0|as5| o0 |8|0|0 0|0|=|of#[0]|0
o|jofofo0ofO0O|0O]|O o(ojofofo|ofo
o|jofofofOo|0]|O o(ojofofojofo

E 10.55 MNEFRLF

18 7x7 Wi NG E b, T 3x3 BRI, BKs' =1, Hzp = 0 @GRS HOE

B, WHrBREEERP KM% N 1, SHBGRRPK s AF), R4EEE G
I E A, S35 H RN

o= li+2*p—kJ+1: l7+2*0_3

! 1

[+1=5
s
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5x5 i . BATEEILE I EREA N REEESHHME SHMARR: Fo+2p—kN
s fEr Bt
o=({—-1)*s+k—2xp

B BRI R EERERE, B 2 E SRR, RIS SR bR
T EHEEH BN . ERFEKTE R, fAxELFEERZEHES o = Conv(x), &
ok NEB BFIZH G, 88)x’ = ConvTranspose(o), Hrhx' # x, HEX SxIRM
Ao BATTLUHIARA 5x5, HKs =2, HFtp =0, 3x3 MF@EEFIEFHATRIEEUR,
WA 10.56 fis:

-1 2 3
112 |3]|4]|-5s

4 -5 6
6 | 7| 8| 9|10 -67 | -77
11 | 12 | 13 [ 14 | 15 E 5 - 4117 | -127

16 | 17 | 18 §j 19 | 20 é

21 | 22| 23 | 24 | 25

10.56 FIAEBERREZFKNAN

ATLVER], K EER R 7xT fERIBE KM FIEAEEN, ATRAS S 2x2 B,
I R/IME I a2 e BRI NN, [F AT SR, it 2x2 FEREIFAN 2 5K
2x2 FHPE. HEERGIEEPIF AR LR, FHARIKE BT M, Xk
P E RN IIRHIE . BRIPR 2 N R EFATEA ]

N3 T TensorFlow SEHL ik i (1) % B GRS 5 :
In [8]:
# BUEE X HERE, &N 5x5
x = tf.range (25)+1
Reshape NHTEYELHITKE
x = tf.reshape(x,[1,5,5,1])

=

tf.cast(x, tf.float32)

BIEEE E N A )G BUZHERE

= tf.constant ([[-1,2,-3.]1,[4,-5,6]1,[-7,8,-911])
RN B IEYERE K &

= tf.expand dims (w,axis=2)

= #*= % #H= X

w = tf.expand dims (w,axis=3)

§ HHFHE SRS

out = tf.nn.conv2d(x,w,strides=2,padding="'VALID")

out

out[9]: # HHHIRETEN 2x2

<tf.Tensor: id=14, shape=(1, 2, 2, 1), dtype=float32, numpy=
array([[[[ -67.1,

[ =77.11,
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[[-117.1,

[-127.1]1]1]1, dtype=float32)>

PUAETA PR 8 5 B R A O e BRI, B0 IER: BB 2 5 5x5:
In [107]:
# @GR BB, TR ESIEE
xx = tf.nn.conv2d transpose (out, w, strides=2,
padding='VALID',
output shape=[1,5,5,1])
out[10]: # FHIAImE %N 5x5
<tf.Tensor: id=117, shape=(5, 5), dtype=float32, numpy=
array ([ 67., -134., 278., -154., 231.1,
[ -268., 335., -=710., 385., -462.]1,
[ 586., -770., 1620., -870., 1074.1,
[ -468., 585., -1210., 635., ~-762.]1,

[ 819., -936., 1942., -1016., 1143.]1]1, dtype=float32)>

MTUER], BB IREH RN @SR R, AR E SR A% T
HEBERIIHIN -

0+2p-k RA s fF#

IEBATEINRA I Hr BB P S5 DR R — Y. B BRI
o KA

= +1

li+2*p—kJ

Hyes > 10, | SRR vl TR 45 I O R i A R e o
o BT, HIERA 6x6, 33 BRI, HKM 1

In [117:
x = tf.random.normal ([1,6,6,1])
# 6x6 MA@ ER
out = tf.nn.conv2d(x,w,strides=2,padding="'VALID")
out.shape
x = tf.random.normal ([1,6,6,1])...
out[12]: # HHHHIREEFEFEN 2x2, SHAN 5x5 I —Ff
<tf.Tensor: id=21, shape=(1, 2, 2, 1), dtype=float32, numpy=
array ([[[[ 20.438847 71,
[ 19.160788 11,

[[ 0.8098897],

[-28.30303 1111, dtype=float32)>
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AR DL BEIRTS 2x2 K/NE RS, 5K 10.56 A DSRASA R M Hit . WEE
BRMERY, MARCEdREEPIEHEE, TRkEAR R to K/, BithiEd
FEE 1055 FHHTEalT afIREIAFIR/M i o, AT S8 845 ARAN R RN AN
R L
a=(0+2p—k)%s
I B AR A L AR
o=({—-1)*s+k—2*p+a

£ TensorFlow H1[8], NREFHHIECaSH, RFHEREHHRSTEI], TensorFlow 42X H
BT EIH AT S B, AR R Bk
In [13]:
# REH 6x6 Kb
xx = tf.nn.conv2d transpose (out, w, strides=2,
padding='VALID',
output shape=[1,6,6,1])
XX
Out[13]:
<tf.Tensor: id=23, shape=(1, 6, 6, 1), dtype=float32, numpy=
array ([[[[ -20.438847 1,
40.877693
-80.477325
38.321575

[
[
[
[ -57.48236

]
1y
1y
]

[ 0. 11, ...
i M2 B8 output_shape=[1,5,5, 117 LUK 96 4 5x5 MK E .

AR

BB B R EE PRI W P AR s i FEW R T R R R Ze R B W' T,
FHHTHER A TRIZE, @SRRI A REW KPR, X TR AR BSR4 T
FH o -

FREWIE Conv2d B85 : X, W, TEMRIE strides B BFULLELT . F15 EAFESIFREL
Z 525 BB EHE, BT THREAE O AR B E, THEAERK. AT
I E, EHCE LA LU SRR W ARYE strides FFERF A FEW, FEIW @X'—K
SERIEE (PR b, WHERRS T#iEE, SEURZ RN 0 iz, REZIREZIERBAR
B X 7 ELIT) o

PL4 47 4 BIEIN X, %60 3x3, KN 1, K padding MR W NG, B
X AT P — 4 X, Wik 10.57 fis:
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1|2 | 3
12| 3| 4
4 | 5| 6
5 | 6 |7 | 8 -56 | -61
7| 8 | -9
9 | 10 | 11| 12 -76 | -81
x| 13 | 14 | 15 | 16 é

ﬂ

x|1]2]3]a]s]6|7]|8]9]10]11]12]13]14]15]16]

10.57 B HEFX

RNIERER W R E W', W& 10.58 Fis:

1|2 |3
4 | 5 | 6 | BREW o [0 L
1 76 | 81
7|8 |9 W
1(2|3fofals|6lofl7[s][oflofofofloflo]| o L|
o|-1|2]3|ofla|s]|6|lo]7]8][9]0o]ofo]o -6
ofofofolal2a|s]ola|ls]e|o]7]s]9]0 1
ololofofo|al2]3]o]a]s]6][o]7]s]
MAX' e
[1]2]3]a|5]|6]7]8]9 10]11]12]13]1a]15]16] 1 |&

& 10.58 #EERW

SN 3E I — PR R AR e BV A S s S BB 5

0 =wWa@X

WEAREEO, AWRREWA NS X RN E, EAKIE? HWHE)ES5KE 10.57

JridkEHER 0" 58 R R AR AT AT -

RN FIX @5 reshape 5 ERIHIAN X RF—8, (HR2HNAEAR. #la10" shape H[4,1],
W'T shape N[16,4], FEFEAHFEIS2IX" shape N[16,1], reshape J& B AT =4[ 4,4] IR B 5K

X' = WT@0’

B WEERRZ, “RE” XS ERE X FFAMRE, AU RS AR T B AR

FEHERFBSERT, 5 ERW R E A A4 RS S B IR O EREHIR, MK BB

FEE B EA COKEIER IThEE, RTINS . B BIS R AR TN
Fi, 1 DCGAN (Radford, Metz, & Chintala, 2015)H [ 4= i 2% i i HE B 4% B G U2 SLBLZ 2
R RHIEE, B S IRAR E AR O
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Project and reshape

CONV 2

& 10.59 DCGAN 4 884454 (Radford, Metz, & Chintala, 2015)

HEERXI

7 TensorFlow ", T LAY nn.conv2d transpose SEHLH: B & fiasl . AT E
nn.conv2d ERAFEERIEHE . ERE BERIERZIE XA K, coup Cinl:
In [14]:
# B axa KB

x = tf.range (16)+1

X
Il

tf.reshape(x, [1,4,4,1])

X
Il

tf.cast(x, tf.float32)

# B 3x3 B

w = tf.constant([[-1,2,-3.1,(4,-5,61,[-7,8,-911)

w = tf.expand dims(w,axis=2)

w = tf.expand dims (w,axis=3)

# EEEHIEH

out = tf.nn.conv2d(x,w,strides=1,padding="VALID")
Out[l4]:

<tf.Tensor: id=42, shape=(2, 2), dtype=float32, numpy=
array([[-56., -61.],

[-76., -81.1], dtype=float32)>

FELRFF strides=1, padding="VALID’, HERZALRIEL T, FATHEEERZ w 5%t out
(e B s Sl I SN x AHRIR /N e 3 ok i

Tn [15]: # PKE 4x4 K/NMHIAN

xx = tf.nn.conv2d transpose(out, w, strides=1, padding='VALID',

output shape=[1,4,4,1])
tf.squeeze (xx)

tf.squeeze (xx)
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Oout[1l5]:
<tf.Tensor: id=44, shape=(4, 4), dtype=float32, numpy=
array([[ 56., -51., 46., 183.1,

[-148., -35., 35., -123.7,

[ 88., 35., -35., 63.1,

[ 532., -41., 36., 729.]]1, dtype=float32)>

MLVES], HEGRAEMRT 4x4 BRFIER, ERAEERIERE S A x AR,

FEAH tfnn.conv2d_transpose AT 4 B HAUS HIN, 7FEAN 3% B S H s v

tfnn.conv2d_transpose FF /AN 3 H & X padding W &, HAEWE N VALID 5% SAME.
R E padding="VALID’ N, #iH K/ ik K.
o=(—-1=*s+k
R % E padding="SAME’, #ith K/NKIEN:
o=({—-1=*s+1
filtn, 2x2 M EERRANYS 3x3 WERIZIZH,
K=w=02-1)*14+3-2%x0=4
B BT DU At )2 —#F, 18T layers.Conv2DTranspose 2R 61 & — N4 B A7
2, BRI 59 B AT 58 B R a5
In [16]): # GIEFEBR
layer = layers.Conv2DTranspose (1, kernel size=3,strides=1,padding='VALID")
xx2 = layer (out)
XX2
Out[l6]:
<tf.Tensor: id=130, shape=(1, 4, 4, 1), dtype=float32, numpy=
array ([[[[ 9.7032385 1,
[ 5.485071 1,
[ -1.06490463 1,

[ 1.6279562 11,...

10.11.3 73 BB

1% B DAV B AT 43 B 45 FH(Depth-wise Separable Convolution) N . 3 45 R 7 X £ iH 1l
MNBTIBER, BEZNEEE S AN ENNEE SN TSR, #22EIERN

FAEE,  Fx e s A A RSB R &, W 10.60 s,
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o
$%$,ji§: [3,3.3.1]
|
UK (-

-
it Lew, 1)
BN [Lhw3] Hh TR RFAE

10.60 ZiBERIHEREE
SrEBRTE EIRENAR, SRS EE SRS M EEE T EHEE, 15
B ZAEE R ERHE, B 10.61 frs. XA ZEIE R T RRHME K B4 T R 24
Ix1 BEZNEEEPIEE, [F3 24 Em AR, X8 e T
%, MMr=EmA& W n BERERHRH. TUER, 2EEREAE TP EREHE, &
— B BRIBHRBANERN, B oANERBRAE T 2N ER.

Wil (Lnwl4)

AINMIXVEFR:
[1,1,3,4] ﬁ

%%*F{&: [3,3,3.1]
-

™ *

HIN: [1Lhw,3] rh [ERFAIE

B 1061 REABEERIHEREE
WA KA EERAHARHVR? —MEFRRRAET, FEFEARmARNR L, KA
Separable Convolution [JZ4( &£ & iBEE Eﬁéo g b E s A AR 3 B A R 15
T HEERKSHER
3x3*3x4=108
RGBS

il

3x3%x3x%x1=27

1*1*x3%x4 =14

AN S SHE R A39, (H2HRe S 5 R F R A B R 2 B RE
Xception 1 MobileNets 55X} T E A B 1) S 115 21 7 K2R .
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10.12 REFHRZEMLE

AlexNet, VGG, GoogLeNet 55 [ 28 B (¥ Y BLR R 22 W 28 (R A e ati N T LR BB
B WEFN ORI 28 R BOR, B AT REIRAT AP AL RE ST (E AR LA
Ja, IEEARAGHORBE ISR, X R AR R IR BOE  . EBGR R B2 N 2%
e, KRS B M R RIZRAL MR IR B R, AR IR & IR RIL T 0
MIBLR . P2 ZHOBIR, AP IR RO 50T RE 2 ™ 5

A B SRR JZ R P 2% BIBA FETRHON R e 2 —ME B ARRI AL R, BRI EME
WX 28 AN Ty IR FE R HIOI 5, I8 4 0T DA 45 R J2 A 48 I 285 s i — o [ 387 2 i 42 P
RN . HUERE A 2% AT DLERAA HL R 23 E AP N 28, IR EHPE I 48 1] LSRG
HRIZPE LA MBI R, AN &2 T HORERE

I RS N A 2 TR I — 2% ELFE23% 4211 Skip Connection RJ PALEA#ZE N 2% HA B
IR/ LL VGGI3 IREEMZ M NG, B EEs] VGGL3 AR IS RE IR G, 1M
10 JZ I 28 A58 FE 1A LI BRR FE SR O G, 84T LAE e AE B Ja PR AN AR 2 7 0 Skip
Connection, WK 10.62 H1ffizs: i iX M7 X2 541 AT BLH Zhikdt & B4 HIX W
FRZ TERURHIE AR 4, 162 BRI IX P A7 =1 4% Skip Connection, JRERSS & MM
FAZF1 Skip Connection HJ%1H o

ol o olo [ Ne] [N Ne) Ol 0
c|lo|Flleglo|lllele|FI|lglg T e lg |l
S| 181l=31=3l8|l=1=181|21=21]8 2123
~sislglsl2lg2/lls5 512151581 = <1<l 2 7l
RIS NN ESIIDIN = i = )
w ol all 3 claolsllalalslla o 3 claoals| ~ X100
r Nl Q@ b AlQ@ ISl lQ =~ = = NI S o
QO’ANovaNmmANggAN 2|l T U'IES
AHIRIAPFPIRIIFIEIRINAIAL PIAIR o=
elelllglgislglglllglgIR]] glgls
AR AR Y IR R R A R R Dl |l
SN N ~— | SN | N SN N S~— |

10.62 xANT Skip Connection Y VGG13 M4 L5+

2015 4F, T FEBE LA S5 N k3K 12T Skip Connection ¥4 5 7% 72 X 4%
(Residual Neural Network, ResNet)5i% (He, Zhang, Ren, & Sun, 2015), F#EH 7 18 2. 34
2. 50 2. 101 2. 152 2/ ResNet-18, ResNet-34, ResNet-50, ResNet-101 il ResNet-
152 S5A5AY, L2 ISR U R 1202 JZ IRIR Z 4 4% . ResNet £ ILSVRC 2015
Pl FE ImageNet 4R E)or28 KSEAE 5% ES3RTS 1 B dF e, ResNet 18324
T3S 25000 [¥15] &, B 0L ResNet /£ N T BEATML IS 77

10.12.1 ResNet JR

ResNet i 78 B Z 1) 5 N A H 2 8% 1 Skip Connection SEILZZL IR, W R
Kl 10.63 Fiw, HiAxi@E N ERE, BRRHEREERRHF (), SAxH#ATN TG
RIS E, 1930R %5
Hx)=x+ F(x)
H () Y45k 2 A (Residual Block, ResBlock). FHT#% Skip Connection [l )5 A4 42
IR EA W F () = H (x) — x, WL .



10 T EBRAPE L 52

R TR R A 5B RE T O REBAINE S, 75 EHAx I shape 5F (x) 1]
shape 564 3. 24 8l shape A~—FUN, —f%EILTE Skip Connection s A4 FIEFIE
AT N A B 2] 5 F () MR ) shape, WK 10.63 Hidentity (x) U,
identity(x) LA 1x1 MERIZHEZ, FEMTHEMARBEIESL.

Fx)

(@] O

S| g

< S Hx)=Fx) +x

2 frelu| = relu
X > o

> »

w w

X X

& N

identity(x)

10.63 FREIER
TE 10.64 5TEHCT 34 EHREETR Z 2%, 34 2 BRI W2 BL% 19 2/ VGG M
@eti). TTLLER], IRERZEMMIIHE SRR, B3] T RIRIAIMNE)ZE, NS
TINGFaE . YRR Z M4 .

-

= <l |« [} © o o m|: Np
i EE SEPE ErEMEPIEHET G Z
- SR 2 (2] |2 3 2 3 (2 13| |3 3| |2 |2
S 2| 12] (2| 3l 12l (= 5] 15] k| 15| 12) |g 2l 18] |2 |: 2 18 S BEIREIREIRE:
£ o~ B |82 SRR RS (8] A8 (R e al 14| 12 [=] 1] B a (@ @] 2] 3] 5 |o
) oL s 3 LzLI LI ELIELE 1 3LIZ =LAz ELIELIELIE 4 4 SN
e HE N e MEE et EE gl EPEPEPEME M §MIEMIEMIEIE =72
£ 8l 2 |9 [2f |2 2| 18| || |2 |8 |2 8| |a| 2| |2 2 o |l 15| 3] [5] 1% o |a| 2| 3] 18| & [#
2 EINEIRE A 2] |&] |R] |R] 3] |2 8] 3] [F] |3 al & 13 3] |3] |3 A (3] 3] |&] |3
~ L
EIRE E|; I REIRE] al 1= |3 |2
4l |af 18] |2 ~ |3 (3] (7] |3 « |3 |3 |3] & o ol |o
sLlELIEL] =S ELELE = HNENE = EINE]
BB E oA s> s i AP AP E 3 b
HuElaHuH gl ] H 5" 8 E Mz
of 2| 12| |2 2| |2f 2] |2 o| 2| |2 |2
Al |&| 3] |3 Al 3] |&] |3 LIREIRE IR
38 38 % i8 i3 g% i3
3 R zE 33 22 3 H

& 10.64 MZLEMIELEL (He, Zhang, Ren, & Sun, 2015)

10.12.2 ResBlock SZHL

TR PE k72 W 28 AR IS G I i 2 28, B i e S AN At 2 TR n— 2%
Skip Connection, PFItFFI%A %% ResNet fJK)JZ 58 . £E TensorFlow Hid i i F 5 i@ 454
J2 R AT SR AR ZE AR

HERIE AR, EVIEH BROIERES D FENGRE, BUSREESE, Hk
WEF O)BRR:
class BasicBlock(layers.Layer) :

# FRZERPR

def  init (self, filter num, stride=1):
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super (BasicBlock, self). init ()

# Ex)EET 2MREEHE, SIEEHE 1

self.convl = layers.Conv2D(filter num, (3, 3), strides=stride, paddi
ng="'same')

self.bnl = layers.BatchNormalization ()

self.relu = layers.Activation('relu')

# BIEERZ 2

self.conv2 = layers.Conv2D(filter num, (3, 3), strides=1, padding='s

ame"')

self.bn2 = layers.BatchNormalization ()

AF ORGSR, TeRERAN, BATHZ R Eidentity COBRZ, RIEMx I
N TS
if stride != 1: # i\ identityJZ
self.downsample = Sequential ()
self.downsample.add (layers.Conv2D(filter num, (1, 1), strides=st
ride))
else: # N, H4ZERE

self.downsample = lambda x:x

FERT AL FRR, R EREF (x) Sidentity ()M, JEAIN ReLU BT s AL R
def call(self, inputs, training=None) :
# T T AR R A
out = self.convl (inputs) # HZFH—PNERZ
out = self.bnl (out)
out = self.relu(out)
out = self.conv2(out) # MWMITHE -NERZE
out = self.bn2 (out)
# NI identity () Fi
identity = self.downsample (inputs)
# f(x)+x BH
output = layers.add([out, identity])
# FREIE S R EUFIR ]
output = tf.nn.relu(output)

return output

10.13 DenseNet

Skip Connection ¥ U AH7E ResNet ETHIZKAS | BRI, WF5E N ST Z2AA R Y
Skip Connection /5%, Hr ELESAAT 5L /2 DenseNet (Huang, Liu, & Weinberger, 2016).
DenseNet ¥ 5 1 BT 2 FHHAE E {5 238 Skip Connection 5 4/ ZfH 1T R G, 5
ResNet X A B AHINAE, DenseNet K HEIEIER o 4EfEd TP H81E, RERMEE

L o
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WFE 10.65 i, HiAxoi@idH BRER By, xg Sx E@EER E#H7HHE,
BEIREEWRHERK S, EAHBRE, SEHHx,, R, x, 5HHTA R
TS B xy Sxo TR G, HENT—E. WES, BEHGE—ZN L x, Aaimm g 2
PIRFIEAS B {x}iz0123 8T R AR BB I A5 . X HFE—Fh%E T Skip Connection
EEF B i Dense Block.

10.65 Dense Block( 3k B https:/github.com/liuzhuang13/DenseNet)
DenseNet 18 g HE & 21> Dense Block 1482 A IR Z &M 2%, WKl 10.66 Fis.

Input

Prediction
Dense Block 1

(-8 w8 ve ve

Dense Block 2
) ~® v® vo vo

Dense Block 3
Q-8 vO o v

‘horse”

(<]
&
2
S
=
=
3

UO[IN|OALUOD
UO[IN|OAUOD

Jeaur]

10.66 —/NELRYE) DenseNet 544

10.67 LbA% T A AR DenseNet HTERE, DenseNet 5 ResNet FIPERELLEE, DA
DenseNet 5 ResNet )I1 45 Bl 2k

16 T T T T T T T 16 T . . . 16 T : :
— DenseNet Y i j — Testerror: ResNet-1001 (102M) || 0
DenseNet-C || 4L DenseNet-BC 14 — Testerror: DenseNet-BC-100 (0.8M)
DenseNet-B ’\ H H - Training loss: ResNet-1001 (10.2M)
12} o) — DenseNet-BC 12| - 12 <+ Training loss: DenseNet-BC-100 (0.8M) |1

=
:

=
T

test error (%)
3

=3
T

test error (%)
o
raining loss

testerror (%)

=3

o

2
i
1

@

——— O N

i i H i H H - 10
1 2 3 4 5 6 7 1] 50 100 150 200 250 300
#parameters 0% #parameters x10° epoch

& 10.67 DenseNet 5 ResNet P &ELLEE (Huang, Liu, & Weinberger, 2016)

10.14 CIFAR10 5 ResNet18 SEfk

A RATESZIN 18 E VR 7R 2 4% ResNetl8, FF7F CIFAR10 B #iis: Filg 5
k. FATE S 13 BB L% VGG13 HEAT RSP EfE L

FRYEMT ResNetl8 #5251 NN 224x224 K/NIE F $diE, FATE ResNetl8 #HATE &1


https://github.com/liuzhuang13/DenseNet
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B, [FEEEANK/INN32x32, Hi4EEE N 10, %5 1K) ResNetl8 & 45 Fytnl&l 10.68 it
TRo

(T'Ex€y9)pAUOD
(T'€x€y9)pAU0D
(T'€x€y9)pTAUOD
(T'€xgy9)pzAu0)
(z'exe’8zT)PTAUO)

(T'exe'8ZT)PTAUOD

(T'gx€'8TT)PTAUOD
(T'€x€'8TT)pTAU0)
(z'exg’95)PTAUOD
(T'gxg‘95)pTAUO)
(T'€xg‘957)prAu0)
(T'ex€‘957)pTAUO)
(z'exe‘cTS)PTAUO)
(T'exe‘zTS)PTAUOD
(T'ex€‘zTS)PTAUO)
(T'Ex€‘TTS)PTAUOD

10.68 IHEE/SHY ResNet18 PLELEH
B SEElRa) 2 N EFR)Z, Skip Connection 1x1 AR 2 [k ZE MR
class BasicBlock(layers.Layer) :
# TRIHIR
def init (self, filter num, stride=1):
super (BasicBlock, self). init ()
# BRI
self.convl = layers.Conv2D(filter num, (3, 3), strides=stride,
padding="same"')
self.bnl = layers.BatchNormalization ()
self.relu = layers.Activation('relu')
# HABREIT
self.conv2 = layers.Conv2D(filter num, (3, 3), strides=1,
padding="'same"')

self.bn2 = layers.BatchNormalization ()

if stride != 1:# T 1x1 HR5ER shape VLD
self.downsample = Sequential ()
self.downsample.add(layers.Conv2D(filter num, (1, 1),

strides=stride))
else:# shape VUAL, Bk

self.downsample = lambda x:x
def call(self, inputs, training=None) :
# [b, h, w, cl, EIHE EHHETT

out = self.convl (inputs)

out = self.bnl (out)

out = self.relu(out)
S8 = AN BRI
out = self.conv2(out)

out = self.bn2 (out)

# W identity itk

identity = self.downsample (inputs)
# 2 ZRERARH Y BRI



10 T EBRAPE L 56

output = layers.add([out, identity])

output = tf.nn.relu(output) # WITEAEL

return output

FEBCHH R BB BIRA MZI, — i IR AR I8 i 98 b/w B/, TE £ ¢ B R
M B8ik o AT LI HE Bl 18 HOZ S KK Res Block SKSEHL S ZRHIEI R, 8
build_resblock R LA— R 58 MR ATHTE -
def build resblock(self, filter num, blocks, stride=1):
# AR E, HEF filter num /> BasicBlock
res blocks = Sequential ()
# RAH— BasicBlock WP KATREAR N 1, SEHL T RAE

res blocks.add(BasicBlock(filter num, stride))

for in range (1, blocks) : #H4th BasicBlock P KHSN 1

res blocks.add(BasicBlock(filter num, stride=1))

return res blocks

I T AT AR SE I F Y ResNet (28457
class ResNet (keras.Model) :
# W1 ResNet SEHLK
def init (self, layer dims, num classes=10): # [2, 2, 2, 2]
super (ResNet, self). init ()
# ARZ%, Ak
self.stem = Sequential ([layers.Conv2D (64, (3, 3), strides=(1, 1)),
layers.BatchNormalization(),
layers.Activation('relu'),
layers.MaxPool2D(pool size=(2, 2), strides=(1, 1),
padding="'same"')
1)
# HB 4 4 Block, M4 block % T £/ BasicBlock, BEHKA—F
self.layerl = self.build resblock(64, layer dims[0])
self.layer2 = self.build resblock(128, layer dims[l], stride=2)
self.layer3 = self.build resblock(256, layer dims[2], stride=2)
self.layerd4 = self.build resblock(512, layer dims[3], stride=2)

# i Pooling JEH A T FEAC N 1x1
self.avgpool = layers.GlobalAveragePooling2D ()
# IR REEE R

self.fc = layers.Dense (num classes)

def call(self, inputs, training=None) :
# I AR 2
X

= self.stem(inputs)
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57

# —UdEE 4 MR

x = self.layerl (x)
x = self.layer2(x)
x = self.layer3(x)
x = self.layer4 (x)

L L PURIREAY

x = self.avgpool (x)
# I E
x = self.fc(x)

return x

i B B> Res Block I HES H0 AEIE £ AT LA AR ResNet,  W1#5d 64-64-128-

128-256-256-512-512 JBIEHCE, 3£ 8 4 Res Block, AJ153 %] ResNetl8 [k, A
ResBlock B4 7 2 N EEEMZE, FLFEEFZEEHE L 8%2=16, I L/ 45 AT

WEREMEEREZ, 318 )2,

def resnetl8():
# AL N BasicBlock M EFIAC B LA F ) ResNet
return ResNet ([2, 2, 2, 21)

def resnet34():
# AL NS BasicBlock MBS & LI E ) ResNet

return ResNet ([3, 4, 6, 3])
I T 58 R AR AN B A
(x,¥), (x test, y test) = datasets.cifarl0.load data() # JIESRE/EE S
y = tf.squeeze (y, axis=1) # FHFRAS D E) Y
y_test = tf.squeeze(y test, axis=1) # MIRADLERLERE
print (x.shape, y.shape, x test.shape, y test.shape)

train db = tf.data.Dataset.from tensor slices((x,y)) # M&EIIZE
# BENLFTHG Wb, ftEft
train db = train db.shuffle(1000) .map (preprocess) .batch(512)

test db = tf.data.Dataset.from tensor slices((x_test,y test)) #Mll{4E
# BENLITHG FUALEE, ftEfl

test db = test db.map(preprocess) .batch(512)

# R

sample = next (iter(train db))

print ('sample:', sample[0].shape, sample[l].shape,

tf.reduce min(sample[0]), tf.reduce max(sample[0]))

Hrp Bl A B AR R -
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def preprocess(x, y):
# R B -1~
x = 2*tf.cast(x, dtype=tf.float32) / 255. -1
y = tf.cast(y, dtype=tf.int32) # KA

return x,y

WEEINZRTTT -
for epoch in range (50): # % epoch
for step, (x%,y) in enumerate(train db):
with tf.GradientTape () as tape:
# [b, 32, 32, 3] => [b, 10], Atk
logits = model (x)
# [b] => [b, 10],one-hot #mfl
y _onehot = tf.one hot(y, depth=10)
# TR U
loss = tf.losses.categorical crossentropy(y onehot, logits,
from logits=True)
loss = tf.reduce mean (loss)
# IFEREER
grads = tape.gradient (loss, model.trainable variables)
# EHMESE
optimizer.apply gradients (zip(grads, model.trainable variables))
ResNetl8 M2 H &I 1IM 4>, £ 50 4~ epoch /5, ML FIAEZRIER] T 79.3%. K
AT LA S A RS B RG 17, ZEAS DS B, BRI on S5 FBOnse ~, R n] DLk 35

o

o
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BT RIFFHEZ LK

LA W 25 0] A 1) J= B AR AR AU 3L = I AR D T s 2 8k, 3R
WG ST B X R A 22 (8] (Spatial) 5 FEAR S PE RO B0, Al DR BT S LA B 45
B — RIUESS L. BRFIE T T RA SRS, 47—/ (8] (Temporal ) 4E % .
HAW LR S SRR H L, B ATIEAER RN SOR, il kM iE&EE S, A
I TR AL T S H 5 . IXREAE A BAT RS OCE,  [RII A AR I o) 4 5 1 1)
KRBT, HAEEGERME MR,

AR AT At R — AT 5 B 3 PR S8 TR R N R R it N R i bl
IRIRE) — TS5 o AR B AL 2% T U RO AR TR R 1) . 7E /213
ML 2R, B e BRAIRA G T B AT I 8] 56 Ja Uy 1) B8l AR R T i

11.1 FARRAE

HA 56 5 U B — MU 405 371 (Sequence), — EV S0 IS 1) 177 22 44, BT 7o o 1A 5000 sk /2
e mAI T A FREREERE S A 7E 1 HE 6 HZ A28 thiash, A1y —4ka &
[x1, X2, X3, X4, X5, Xg|» 'E ¥ shape N[6]. WRERIR n R ME 1 HEl 6 A Z MM A1k
fagh, ATLLEA 2 4isk &

[[xct, x3, 3, xk, x3, 2], (2, x2, %3, x2, x2, x2], o, [, 2, X3, X2, x 2, x2]]
Hrb n FoRm M %E, 5KE shape N[n, 6],

RAER, FPIUESERARERIFAME, G E A shape N[b, s]IKERI AT, Hr
b AFFIVEE, s AFIIKE . (HEN TRZESIFAREZEN —MrEfERR, ins
AN TRV AR K BE N f (RRFAE, T 75 22 shape (b, s, fIMTK A RER R . HBH E IR 3L
A AT, AR IR B AR A AN, AR R M ER
e BATCAEFITEMZ XA R — RFNWFEFEAR. AINFIZE, It Aaens Hadt
BUP AR SRR e . WURAT B I RENE ] T B AR S AL BAE ST, IR A B A S HR BL
TRV EUE AR AT JON KRB . 3 ORI T BRI SOR P S R 5, et ARSUE
RS T A LS SOR P SRR T i

T —AEE n DRFRE) T, B BRI —Fh ] 5 R0R 7 IR BT AT 4
one-hot ifih. ATESCH)T B, RBLIRATA & & ) 10,000 S, A —4>HR
AT AR ARG 1, HAt AL B DY 0 BT 10,000 BIRGER I 6 oca) 1, Al
W R R T 3,500 MAUF, FIRERITT%, — BT AR EEN 3,500 Ff) One-hot [7]
BN WE 110 R, R R HERE fAHA BAE, W] LR A4 S 9 I R

one-hot A& .

Fiome\ word V
Rome = [1; @; 0, 0 0 0; ; 0]
paris = [0, 1, O, O, O, O, .., O]
Italy = [0, O, 1, O, O, 0, .., O]

E 111 MBRREEBHR
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AT S P A A BUE F BE I i Word embedding, &R /R & X AN ISR JE 145 21 1
A, BARRIRENEIL T A B TR EKIE S . one-hot 4S5 LI Word embedding
TS B, Sl FEAN TR 25 S AR, {H/2 one-hot 4mfilh i) [m) &2 s 4 FE (High
dimensional) iff H A% A 5 (Sparse), KEMILIE N 0, THERCRBAR, RN AF]THZ M
SR, MAESCAFERIE, one-hot aiditAT — N H I )@, & 20 7 5 5 KRB A
B A7, X T A “like”, “dislike”, “Rome”, “Paris” HKit, “like” Fl
“dislike” 7E1E A FERIRADS, MAI#HFRR EMXMMEE: “Rome” 1 “Paris” [FIFEH
SETRAEOS, AR AR RN B A Ao X T — AL B SR U, 405K one-hot 4
i, BRI ERGEERR, FARBIRG AR, I one-hot 4uidH A B i
FRI R o

1E BRGSO, AL T — 7007 A 3R Z QAT 5 ) B B0 1) R s 7] 2 (Word
vector), H1S1E X JZ M A BEBS R U7 H7E Word Vector EIHAILH K. — MiTERIRIA
1R R 5%AH 5K E (Cosine similarity):

b

similarity(a, b) := cos(6) = m

Hra, bRET 2 AN mE. B 1.2 R 7 #d “France” A1 “Italy” FIAUE, LK
“ball” 1 “crocodile” HIABMLEE, T LLH Flcos(0) BT H s 178 AR ME

France ball

9 Italy
P £,

11.2 &ZHBUEREE

11.1.1 Embedding 2

FEFRZ M 25, B o (a2 AT DL Bl I 2R 07 A 20, AT §E R oR 2
N f Embedding /=. Embedding /=4 T4 HLiA g bt 9 HEA Ml Fvec, 452 2 K H TS
R H]idx, W2 R “17, 3RR “me” &, RGLHPIEEIL NN ocqp, THKEN
SR Evec:

vec = fo(idx|Nyocan, f)
Embedding JZ SRR 8, @it —A> shape N[ Nyocap, F1HFI T HFE table, X FAEE K
Hirlide, W FREE R BRI E F R R E R [ EAT
vec = table[idx]

Embedding Z2 P YIS, ALATCE LN LE 2 AT, 58 R 2 m) & 1, 15301%R
AN )R] DR @ A A I 28 e UG SR 5%, R RRZEL, SRAIRR RN PR AR S I
213t (end-to-end) K Il 45 .

7t TensorFlow #', T LAl layers.Embedding(Nyocqp.f ) K E L — Word Embedding
2, EHNycap S s e ifiL s, i inm KR

x = tf.range (10)
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x = tf.random.shuffle (x)

RIS 10 ANEiE, AR KRR 4 IR R RIE

net = layers.Embedding (10, 4)

out = net (x)

EIRACRE A 7 10 AN HRIE Y Embedding =, SNSRI HKE N 4 BRI EER R, ATRMEA
vty 0~9 I, 1920IX 4 AR (110 ) &, XL m EREVIPIGT, MARZT
P 265 )11 -

<tf.Tensor: id=96, shape=(10, 4), dtype=float32, numpy=
array([[-0.00998075, -0.04006485, 0.03493755, 0.03328368],

[-0.04139598, -0.02630153, -0.01353856, 0.02804044],

AT UL A Embedding JZ I AL IR -
In [1]: net.embeddings
Oout[l]:

<tf.Variable 'embedding 4/embeddings:0' shape=(10, 4) dtype=float32, numpy=
array([[ 0.04112223, 0.01824595, -0.01841902, 0.00482471],
[-0.00428962, -0.03172196, -0.04929272, 0.04603403],

& E net.embeddings 7K &AL True, BP AT CLUERRR ST BEEEIL
In [2]: net.embeddings.trainable

Out[2] :True

11.1.2 TV ZRHTH H &

Embedding JZ [ &R & FENATIGILET, FFEMNEFEINNGR. Lhr L, AT P
TYIZKIT) Word embedding #5145 21 Fia] (1R R 775, 2T ISR 098] 7] 2 AH 24 Tk
B 7 EEANE BB R, AR R 1S 2 S AP P RE .

H B BT T AR YA Word2Vee FiT GloVe 45, {1 & e EiER
ISR TR MRRTTE, AU EEZESHAIRME R E, HEEERHAM TS, b
U1 GloVe #% GloVe.6B.50d, ialJ & A 40 J3, &FANEEEHKE N 50 KR ERRx, 5
HFE BN H R R SRR ], e “glove6b50dtxt.zip” FERL /2] 69MB.

AR AR] A5 FH A e PRI 2R ) ] ] E A SR FS Bh$E FF NLP ARSI MERE ? R R, X
Embedding /2, ANERHABEIVIGEAR TR, meR AR CE 2RI s 252 0)
454k Embedding JZ T2 .

# TR G i 4] e B 3
embed glove = load embed('glove.6B.50d.txt")
# BRI F TN 2R3 B R AT ME L Embedding B

net.set_weights([embed_glove])

23 T R 1] ) AR BT 4540 ) Embedding JZ 7] LB N A S 51)I1%5: net.trainable =
Flase, H8-4 Pl ZRm ] () &k EHE N FH B REEAE 55 by i RA B Re g 22 2 X Tl 25
1] [ BTN R R ik, A AT BAAE Embedding 2 &t s &R LR 2, FIRTES
JE R R0 (Fine-tuning) KR 715,
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11.2 TEINHEZ L
HLLE A 1K FE U T A BT B (5 5, LASCARRE B0, ) T

“I hate this boring movie.”

BT Embedding JZ, TTLLKE 848 shape A[b, s, f1, s NAITFKE, FudREKE, bk
AA)F R LAFR /R A shape M[1,5,10] 15Kk &, o SARERAFKE, 10 RonidmEKE.

B, THREA © @
L

SRR Classifier

A

Embedding & &
i f f
LN I dislike the boring movie

B 113 BFRERPHEES
PR RAVE IR R A 7 HIME S RIS BIAL, T TR, RATUME 52K
RSN, 5B AT S M g SR P A, S0 H SO B R SRk R AR AE SRR
fiE, AT TR A SCA IS RS AY:  IET PP B SRV . AR ERE, 155K
] e — MR 2K, 5B EA NS, HTRAZ AR, S5
LA 28 FH A BE IR I RBOR o IS At A AL 1 I 28 48K AL B 7 51 £ s W 2

11.2.1 &FEEETITE

HRBAERI R, X TR E, 72— 4z gk
o = o(Wx+ by)
FEHGE SCRHIE, W 11.4 Frzs, &5 ()ia] n) 2 s AN 2 o0 B4 1 2R
B RFAE, T Bl R R R S 5 0T, TRl 3 4% 2 ik R B SR M A, )
TREN s a7 R, LHEs MPEMNKEE.
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i i © O
!

N2
7 RR®2 Classifier

P s

/77\£ REZS W1x1 + bl szz + bz W3X3 + b3 W4X4 + b4 W5X5 + b5

I I R

iﬂ&iﬂ\’aj'§‘| | || dislike || this || boring || movie

& 114 MEHRR—
X s NMEEREILFEIER T AT —F, MRS RN 1 L ERTE, A A
ML TL*s + INEERE. XF 7 R SA
Q XA RPN SEE ST, WA AR RS, [FR BTN 75
IR s FEAFARE], P25 2 s 2L
Q "N EERE T MW, by R RESZ Y HT RN BE] s 5N, FEASBEIEEIHT I 1 517
G R RRIE S G R, SERTFRRE LN ER, BT M L geiRiE E i
BN RSB JZREE, A ES
BATE T KRB — MR PIX 2 KR .

11.2.2 FLEHUE

FENHERP NS, FATHLLEGE, BN L R 28 2 T LLLE AL 3R A s e it
A M, REDVEFRA MM TRUE AR, KRR TSNS, (15
PN RN =R A, TAVELLPEFIUE SRR L, G875 EAUE I =1 B AR
Mg ?

FIEE 114 RIS, s MEEEERIMNEIFEA LR . RATZERIX s SR%%
JEBHSER, RS S T D AR N SOR ST A IR IR S, Wl 115
B
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AL, A @ ®
i

TRAKL Classifier
SEM%L| Wx+b Wx+b Wx+b Wx+b Wx+b
18] & 18] @:5:| | | | dislike | | this | | boring | | movie |

115 MEHFR=
BEPEIEE, SEERKED, MEINGBEENE . HE, XI55 IS &%
NG FIRFF RS ATEER, TR RE B R .
1123 EXER

AR X 2 SR R AR SURFAE T RE MR 2 B U, AR IR 2% RE S 142 5 S HDCia] i)
HE MG 2, I BB A T HESE EVE? B TR T AAF(Memory) L. U 2R M2
AEBE St — N H 1) memory A2 &, RRHASEHGA A & HRAEIFRIET memory, HERJE
HN e, LRI ¥ memory BIAEfif 1 AT 7 5l A3 SCRFAIE, 5 H R T4 A\ 18] ¥ e o It
e, A€4% memory P25 PP AR O

AL, AL © @
f

oKW %2

Classifier

h thxl Ll thxz L thx3 Ll thx4 bl thxs
0 + Whrhg + Whphy + Whrh, + Whnhs + Whphy

REKE

maiae| 1 || dslke || this || boring || movie |

116 EFEHEZMERFMNRE)
FATE: iR Memory HUHISZHUN—ANRESTKE B, WA 11.6 fTwn, BT JEREIW,, S50t
Zh, BRAVEAMEIN T — AW, B8, A REL ¢ EARETRE h RN
h, = c(Wypx; + Wpphe_y + b)
HA WA PR A TK B hy 7T LLWIEAL 942 0, 2058 s AMA] )& R N5 15 31 48 B X R 2
sKEhg, hBIHFHACE T A TIE UER, HEThIBE A SRR 288 58 it oy 2%
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5%

11.2.4 PRI PPE R 4%

PR, AR 1 — 0 “F” MR, i 117 Pos, R
I TV, P48 J2 0 52 24w TR BR A0 A e A0 — AN B 4IRS ) by, 60T
hy = fo(he—1,x¢)
B H AR B AT MBS 7 B R, FFEANNRRE T, Horp f ARG T Mgk iia Ha2
W, ONMSHE. IR, MEREERL ™ o, o= gy(hy), BURMZE
FRAR S 7] B A 488 i o

04 0, 03 0, 05

[

—>h1—’h2—’h3—’h4—’.
I

| dislike the boring movie

11.7 RFFHY RNN #=EY

FAHER R B S, WE 118 Frn, IR P IR NRAE A B, FFRHT A &
W& HER,, FNERA T 0. X TXMPIZER, FATHEE I HAE P2 2K (Recurrent

Neural Network, RNN).
? Ot

Xt

11.8 #EHJ RNN 1=HE!
EARE, R HKEW,,, W AR EbRSEALf MY, 145
h; = oc(Wynx; + Wyphe_q + b)

JrAEHOIRA, FA A28 MU A PRI N 2%, A0 JERe i ], — Rl A 734
FRZE IR 2 BIFEX AR S AEPEMAR NS R, BEE B ZHOR A anh 8%, JF H AT DLk
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FEAVE A i bias SRt — P ZH0E . RS ER W UERMAFRL, Mo, = by, ]
PAXfh i — DA 0, = Wioh A3 2RI TR ER_ERT N 28 T 0, o

11.3 1 (R

A I I L D0 24 1) B B A 3 U] LA AR 0 TR W,y » Wi M DI RE 7T T 11,
R A B SR A ROR AR I 28 (AR L o AR FRATIAL ) St HE 3 — T RNN (18R AL
ATV

BRI, SURCNMARIRIE, R RRUR MM Al o, 5 SO 2 i 2
o E1 T Wy VM TR G AR, BTS2 5 045 e U 1T
BREESRA, L SRR IF

9L o 0L do, 0k, 0*h
GWhh - p aOt aht ahl (?Whh

P R TR A IR, S0, = R MOTEBLT

do,
a_m_l
amm%fhhﬁﬁF&TuXﬁ

6+hi _ 60(thxt + Whhht—l + b)
Wy, Wy,

E*amﬂ%ﬁﬂ*Aﬁmﬁmﬁf%ﬁ B < BB (R SHL %aﬁ%ﬁzl ..... ¢ A5
1 80 ) S MR [

MWLM ﬁ%ﬁmmﬁﬁﬁ AT S G PR 2R R R B HE S . R P

i, &m%mﬁﬁ LI TRV 2 2

Oh, _ Oh, Ohyy Ohuy T 70his
oh; oh,_,0h,, O0h; L 1 oh,
=i

hiy1 = o(WynXys1 + Wyphy + b)

Ohyeyq

oh,, = W7 pndiag(o’ WnXiesr + Warphy + b))

= WThhdiag(oJ(hk+1))
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Hrhdiag ()42 & x KA TTRIEAERERfoER, 1931 HAL TR ST 0 XA FERE,
#ian.
3 00
diag([3,2,1]) = [0 2 Ol
0 0 1

SN

t-1

oh o

ahj = 1_[ dlag (0' (thx]'+1 + Whhhj + b)) Whh
j=i

Ft, o B ERL

R TR STHEAE T DL P AT A BRI, I R B T AR W 2
(BB P g B T A AEHE S R R, SRR 5 T W RIS
BAVEAFHAH, 5% FEETF 2 PG AR A

11.4 RNN BER A&

N AT L NS P EEIR 2 J5, AT WHATE TensorFlow H1SEHL RNN
JZ. 1E TensorFlow H', 1] LLEId layers.SimpleRNNCell K5¢ ilio (WX, + Wiphe—q + b)it
Ho TEFEME, £ TensorFlow H, RNN it = X _ERIPEH A ML, 5F T34
H T IERE IR 2 X 4, Ah— U i SimpleRNN.  SimpleRNN 5 SimpleRNNCell ]
XHIET, 7 Cell RN TER T — /N [HE T a5, A Cell R —MEHET
Cell ZEILM), MAENTBOE TR T 2 DI HERITEFN S H, PRI Ad Ak 5o 7 fE R
T,

P14 SimpleRNNCell FIfEH 7775, FA4H SimpleRNN JZ 18 FH 512

11.4.1 SimpleRNNCell

ISR ARFIE RS = 4, Cell WS EFFIERKER = 3401, ERBATHE 4
SimpleRNNCell, ANFFEFREFINKE s:
In [3]:
cell = layers.SimpleRNNCell (3)

cell.build(input shape=(None, 4))

cell.trainable variables

Oout[3]:

[<tf.Variable 'kernel:0' shape=(4, 3) dtype=float32, numpy=..>,
<tf.Variable 'recurrent kernel:0' shape=(3, 3) dtype=float32, numpy=..>,

<tf.Variable 'bias:0' shape=(3,) dtype=float32, numpy=array([0., 0., 0.],
dtype=float32)>]

A LAEF|, SimpleRNNCell W44 1 3 /MikiE, kernel ZFmRIW,, 7K &, recurrent kernel
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B E W, 5K &, bias B ERWEbR E. {HZ RNN [ Memory [A] &hF3FAH
SimpleRNNCell 454, T&ZHH J' HATYIR ) Sho H BN RIEL R, .
AT Cell SR AT 56 BCHT )18 5
oy, [h] = Cell(x, [h_1])
XFF SimpleRNNCell Kt, o, = h,, HEALELFIMULEEH, ZFE—MWNSR: [h]
A List FER, X452 NT 5 LSTM, GRU %5 RNN 2 fikg (4 —. {EEHaf
LM IIRTEEACBT B, IRAS R Brhy — RAIIAI 4 0 1) &

In [4]:
# WIGHRS &
hO = [tf.zeros([4, 64])]

x = tf.random.normal ([4, 80, 100])

xt = x[:,0,:]

# HEBMARE £=100, FHIKSE s=80, IREKE=64 [f] Cell

cell = layers.SimpleRNNCell (64)

out, hl = cell(xt, h0) # HAIFIIIE

print (out.shape, hl[0].shape)

Oout[4]: (4, 64) (4, 64)

A UAE B 20— AR TS, it AR TR shape #849[b, h], FTENHIX 2 FH
id:

In [5]:print(id(out), id(h1[0]))

Out[5]:2154936585256 2154936585256

2% id —8, BUIRESFAEEEE . S FREN o1 FIZoR6E, & ZEEEIE Cell s
A TR IR 2% 2 R I )3 5
h = hO
# FEPIIKERAEZ TN, 53] xt: (b, £]
for xt in tf.unstack(x, axis=1):
out, h = cell(xt, h) # FIFI+H
# RZH AT DUR A AR AR L A%, ) PR R A I TR 4 g

out = out

11.4.2 £ SimpleRNNCell X%

AR E L —FF, JEIAFPE N2 EARFERS (B 4k BRI T 2%, (HARRE —W
5. WISTERE T M HES 2 Cell REHIRZBARME ML — IR, KRR T N
HINFRILREST . (HEMGRME WKL+ FEMREEECR, AR ME g IRE
Dy I FE TR BOMBE FE I E RIS, R 2 BRI A N 28 I SRR AR R, B RS WL
TEIR P22 IR 2 A5 JE Rz e T IR A

BATX B AW 2 IER AR % R, A4AFI T Cell 70 L2 RNN M4, B
FATH P SimpleRNNCell #75:

x = tf.random.normal ([4,80,100])
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xt = x[:,0,:] # BEE— AR BRI x0

# FE 2 4> cell, % cellO, Ji celll

cell0 = layers.SimpleRNNCell (64)

celll = layers.SimpleRNNCell (64)

h0 = [tf.zeros([4,64]1)] # cellO MHIMRERE

hl = [tf.zeros([4,64]1)] # celll MIMIIRA
FEI ()l _E IR TH 55 2 R SEELEEAS M 25 O I [ s 5
for xt in tf.unstack(x, axis=1):

# xtw fENHIAN, HtN outo

out0, hO = cellO(xt, hO0)

# B cell %I out0 fEAA cell MHIA

outl, hl = celll (outO, hl)

BT RSN TR ST R L ROERE, RO TS P I R
Ao WATLLSE e U AAE S — & BT A RIBITHE, R R H= 25 ek
# PRAF 2 AR IN LL
middle sequences = []
# TR WP R R, R RAE
for xt in tf.unstack(x, axis=1):
out0, hO = cellO(xt, hO)
middle sequences.append (out0)
# VHSEER R K A I TADR L
# WMRARARZ, 7 ERAF A I A]ER L 1 A 40
for xt in middle sequences:

outl, hl = celll(xt, hl)

X P K, AT E— BN List KORAT7 L — 2 Fra i (AL i RS (S B
middle_sequences.append(out0). X PRI ARARE], AT LARHE N N B I G 352 XU
TEERE N, ESHMEMg G —E. B EE LIRS mE, a1
JEEARSS R, A TSRS LR A s A R0 7 — ok, oK JE Cell HPIRASA ]
REDRAT 1 R RHAE, DR — MRS FH oK 2 i VR 9 S AR S5 I 4 AN . SR, 4
J& g Je — AN TR _E RS LS TR RE R, R A IR MRS
HRTEMFEARS, WK, —BIsHmARE . ORI EEPR S H .

11.4.3 SimpleRNN &

I SimpleRNNCell JZFRATTAT LA 3 N\ b HE AR A6 R 450 22 I 265 11 ) B RO B AN A9
BRAESLIMEA Y, v T, EAIARETIHZS 5MAME ML N ERTHREE R, i
f— EMRRES R ERYIIEN, CLREE—JZER A FRITNEH . 81T SimpleRNN JZ &
JEFE EVRT LAAEH 7 (A A5 B 3RA T S2 B B

EE AN FAN T2 58 B R AR A A 22 X 2 B i ) 3 5
In [6]:

layer = layers.SimpleRNN (64)
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x = tf.random.normal ([4, 80, 1007])

out = layer (x)

out.shape

Out[6]: TensorShape ([4, 64])

ALAE R, 81T SimpleRNN A DUN 7 —47ACAS BRI o] 58 BB AN F s 50 72, B BRGR A1
Ja AN TR A o a0 A Bk [ BT I AR B4 R AR, PTRARE

return_sequences=True Z4{:

In [7]:

layer = layers.SimpleRNN (64, return sequences=True)
out = layer (x)

out

Ooutf[7]:

<tf.Tensor: id=12654, shape=(4, 80, 64), dtype=float32, numpy=
array ([[[ 0.31804922, 0.7904409 , 0.13204293, ..., 0.02601025,

-0.7833339 , 0.65577114],...>
FTLVE R, R A 5K shape 9[4,80,64], HHIAIM 80 B NI IAIBRAERE . [FIFERY, X T
ZIREAMAE ML, FATR LUE I HE S 2 4> SimpleRNN SEHL, - A7 J2 (19 25 -
net = keras.Sequential ([ # KJZE 2 2 RNN %%
# BRECORIZAE, #RTG ELIR 0] A IR a8 e L
layers.SimpleRNN (64, return sequences=True),
layers.SimpleRNN (64),

1)

out = net(x)

2L b — 2R A LIRS R, BURER TERIZ U4, AR RNN JZ
H  EER [AI AN ()R b RS, lid 152 return_sequences=True K5I

11.5 RNN =5 2 (o] B SE A,

ILLEBATTRA FH Al RNN 2 SRk iR o 2R . 2 5 an &l 11.9 Bow,
RNN %538 2 2, EIAREUT IG5 1018 SCRAIE, FIFIES 2 )2 RNN JZ 1555 i TR IR
AW ERZE NG T IRHERR, IENAERE M 2% 3, 13 B AR AR I
MR P (x ALK x) € [0,1]
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ARML, TH ALK A @ 9®

o kR 23 Classifier
RNN & 1422 - <
4 N
G e e
Y I i
i e How How H How
KA KB b -
maamae] 1 |[ dsike |[ s [ - ][ - ]

119 1FRD RESHIM B L

11.5.1 ¥iEsE

IMDB PP EE SR 55 1 50,000 25 P, VR BUARRE 0 A AR ANRR R, o
IMDB $F4<5 B P VFANFREN 0, BIE#K; IMDB PPAr>=7 B9 IR 1, BRI
o 25,000 2KV TSRS, 25,000 2% H]TlatE.

i Keras $ )8 4 T BRI in 4 IMDB 4 48«

In [8]:

batchsz = 128 # #tE AN

total words = 10000 # ICEK/NN vocab

max_review len = 80 # HJTRAKE s, KT METHSEEN, T 1EHRE
embedding len = 100 # &R £

# In#Ek TvpB HiRgE, UhAbROEER A B T RS, — MR ARER A R
(x_train, y train), (x _test, y test) =
keras.datasets.imdb.load data(num words=total words)
print (x_train.shape, len(x train[0]), y train.shape)
print (x_test.shape, len(x test[0]), y test.shape)
Out[8]:

(25000,) 218 (25000,)

(25000,) 68 (25000,)

AILLE R, x train I x_test ;2 KN 25,000 )—4E%504H, FA BN uRFIAE K List,
TRAF T RPN RN AT, BIIIZRERI S — ) 7447 218 AN id], MRS — 4
AT 68 N ELA, ATV T A TR RS & ID.

TR AN AR QA G B ey e 7 BATTRT LA B ' MG R ARAT G A )7 52+

In [9]:

i SR TIEES

word index = keras.datasets.imdb.get word index()

for k,v in word index.items():
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print (k,v)
Out[10]:

..diamiter 88301

moveis 88302

mardi 14352

wells' 11583

850pm 88303..
T HLFRIEA , 91D, FRATEIEERILE, FHRIFRSAL%ED ID:
# BOTH 4 /> ID RAFFRAL
word index = {k:(v+3) for k,v in word index.items ()}
word index["<PAD>"] = 0

word index["<START>"] = 1

word index["<UNK>"] = 2 # unknown

word index["<UNUSED>"] = 3

# BHFE AR

reverse word index = dict ([ (value, key) for (key, value) in

word index.items()])
T =N RIS )T, Gl AR e o T R AR
def decode review (text):
return ' '.join([reverse word index.get (i, '?') for i in text])
b e i HEAN ) 7
In [11]:decode review(x train[0])
OQut[1l1l]:

"<START> this film was just brilliant casting location scenery story

direction everyone's..<UNK> father came from..

T RESEATFA T, NNBE - DBE, SR THAKERET, SR o

i, PTLLEERE A E B, e DU R AR B TN T KR A, AT LG R AE
R EA)RBIETS, AT IEE AT LUIE L keras. preprocessing.sequence.pad_sequences() PR %L

JTESEH
# BWTAE AT, RS, KA TR A TR RIS 2, R TR R TR A
X _train = keras.preprocessing.sequence.pad sequences (x_train,

maxlen=max review len)

X _test = keras.preprocessing.sequence.pad sequences(x test,

maxlen:maxireviewilen)

BRI R

In [12]:4 MEHARE, ITHL R, IFEWEE DA batchsz i batch

db train = tf.data.Dataset.from tensor slices((x_train, y train))

db train = db_train.shuffle(1000) .batch(batchsz, drop remainder=True)

db test = tf.data.Dataset.from tensor slices((x test, y test))
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db test = db test.batch(batchsz, drop remainder=True)
print ('x train shape:', x train.shape, tf.reduce max(y train),
tf.reduce min(y train))

print ('x test shape:', x test.shape)

out[l2]:

x train shape: (25000, 80) tf.Tensor(l, shape=(), dtype=int64) tf.Tensor (0,

shape=(), dtype=int64)

x test shape: (25000, 80)

w] LA BRI A R TR EESE— 0 80, RISEE 9 A) 7KL IR .

11.5.2 PR gAY

FATENEE B e IAIE MyRNN, 487K H Model 2535, 7 ZH2 Embedding 2, 2
RNN 2, 42M% 2
class MyRNN (keras.Model) :
# Cell JyMEZ Z M4
def init (self, units):
super (MyRNN, self). init ()
# [b, 641, M cell WIHHREME, ERMH
self.state0 = [tf.zeros([batchsz, units])]
self.statel = [tf.zeros([batchsz, units])]
# iR (b, 80] => [b, 80, 100]
self.embedding = layers.Embedding(total words, embedding len,
input length=max review len)
# MR 2 A cell
self.rnn cell0 = layers.SimpleRNNCell (units, dropout=0.5)
self.rnn celll = layers.SimpleRNNCell (units, dropout=0.5)
# MBS EML, HTH cELL M EFEEAT 2328, 2 433K
# [b, 80, 100] => [b, 64] => [b, 1]

self.outlayer = layers.Dense (1)

Horbial [ B N KL f = 100, RNN FPRESFEIE K = unitsZ 4L, 7 RMZE5ER 2 70
FAESS, WU R EN 1.

A AR AR AR . FNT S8 Embedding J2 58 MU W E 4whY, fEFRE 2 4 RNN
JZ, PRBGE SURHIE, AU A — & BB Ja I TR B PIRE f AN 7 K 4%, 22 e ek U=
75 2% AR -

def call(self, inputs, training=None) :
x = inputs # [b, 80]
# embedding: [b, 80] => [b, 80, 100]
x = self.embedding (x)
# rnn cell compute, [b, 80, 100] => [b, 64]
state0 = self.statel
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statel = self.statel

for word in tf.unstack(x, axis=1l): # word: [b, 100]
outO, state0 = self.rnn cellO(word, state(O, training)
outl, statel = self.rnn celll (out0O, statel, training)

# RIZBJG—MHAE N RN (b, 64] => [b, 1]

x = self.outlayer (outl, training)

# p(y is pos|x)
prob = tf.sigmoid (x)

return prob

11.5.3 Y& EMHR

T TEE, FATMEH Keras 1) Compile&Fit 7 sNZRM 4%, ¥ BN Adam fRALES,
. 2)E0N 0.001, R ZEREUE 2 02858 Ui 2% B 4L BinaryCrossentropy,  WlliFa 45K
FEVER
def main() :

units = 64 # RNNAREMEKE £

epochs = 20 # % epochs

model = MyRNN (units)

# e

model.compile (optimizer = optimizers.Adam(0.001),
loss = losses.BinaryCrossentropy(),
metrics=["accuracy'])

# NZRAIGIE

model.fit (db_train, epochs=epochs, validation data=db_ test)

# It

model.evaluate (db_test)

W25 21125 20 /> epoch, FEMIAEE E3RAF T 80.1% MR %

11.6 %5 B SR BANEE E IR LE

PRI I ZRIEATEE, S ROIRE A RAE R INIR . A A A2 0 25
LI SRR AERTEILR IS ? il B (0] A P 4 3 rP FR S B 7Y -

t—1
oh o
ahi = 1_[ dlag (O' (thx]'+1 + Whhhj + b)) Whh

j=i

WYL, IS Tk 1 i ] 3K 1 E‘J*%E%@@TWM MIERIZ S . W), K ERORRFIE(E
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(Largest Bignvalue) M T~ 1 1, % JOETRIE H & (3 M RIARIE T%: 42 MEAT 1

H,%ﬁﬁ%@ﬁ%ﬁﬁ%ﬁﬁ%ﬁ@%ﬁ%&oﬁﬁﬂuM?ﬁ%24M¥@§~Tﬁ
JE SR UM L H e -

In [13]:
W = tf.ones ([2,2]) # 1F=6&E3M %
eigenvalues = tf.linalg.eigh (W) [0] # TF&UFMEME
eigenvalues
Out[13]:
<tf.Tensor: id=923, shape=(2,), dtype=float32, numpy=array([0., 2.7,
dtype=float32) >
BATH . w R IWI~WIE S R, FELH Oy SRR To-Tas &, wE 11.10 Pk,
val = [W]
for i in range(10): # AEFEAIIE n KTy
val.append ([val[-1]1QW])
# M L2 s

norm = list (map(lambda x:tf.norm(x) .numpy(),val))

2000

1500 -

L2-norm
=
)
<]
3

w
=}
5}

2 4 6 8 10
n times

B 11.10 |RAHFHEEKRT 1 FIRZEFEHE TR
SRR /N T 1 B B0
In [14]:
W = tf.ones([2,2])*0.4 # {EEAIHEEM
eigenvalues = tf.linalg.eigh (W) [0] # THFEFRFHEE
print (eigenvalues)
Out[l4]:

tf.Tensor ([0. 0.8], shape=(2,), dtype=float32)

H DA B ) WAE R i KRR 0.8
val = [W]
for i in range (10):

val.append ([val[-1]@W])

norm = list (map(lambda x:tf.norm(x) .numpy(),val))

plt.plot(range(l,12),norm)
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BRI L2-yutth el 11.11 fios.

0.8

0.6 1
£05
s
<
N 0.44

0.3

0.2

0.1

2 4 6 8 10
n times

1111 &AFHEE/NT 1 FIR9ZER R

TRATTHERE FEAE IR T 0 BB SR HOBE FE SR (Gradient Vanishing), A EEEE R T 1 (3
G N fHURF 52 #% X (Gradient Exploding). 156 5 R BSUMIAR: B A A2 Ao 22 P 28 A AL e A r ) B A
B o ML AE DL, IR AR T MR IR o AR 850 BE DR ORI B AR M BARRIAE R L
H 77 e ?

B FEBBE T PRSI

0'=6- UVQL

24 H IR BE TR B, Vo £ =~ O, 0" ~ 0, Mm@ WA BERL B8 Jm ZHIEA R T AL, M
L MBS S AZIER, BARRILI VP ORFFAER,  HAb PRI AR an v i 2
TREFAAR . BB RIERT, VoL > 1, HEBEERERT DKV LAEH K, AR5 H G
0" 50N, MZELHINRENE, HEREINES . AEHIR.

AT I HEFIEIAARLE R L8 AR AL FE AT, A IUEIA I 22 W 48 1R 75 5 L DR P2 R
FBREERIER IR o A8 A MR RIZ A 10 e ?

11.6.1 B EREY

To B AR XE mT LLId I o i B9 (Gradiient clipping) (¥ 77 s07E — @ P2 _L v o A6 3 BY
Lk BRI L, AR d i K FE Tk & I B B O BRI N BN X TR Y, A
Az KT 1 (R AR R

TEIREESE 2, A 3 M B BT 7 s
Q  EEXKERNHUEATIRE, 5 5KE W KTE LR w;; € [min,max]. {E

TensorFlow H, #]LLEIT tf.clip by value()>RLIH:

In [15]:
a=tf.random.uniform([2,2])
tf.clip by value(a,0.4,0.6) # BAEEEHEEY
out[15]:
<tf.Tensor: id=1262, shape=(2, 2), dtype=float32, numpy=
array([[0.5410726, 0.6 1,
[0.4 , 0.6 11, dtype=float32)>
Q  E PRI KRR W RTEHORSE IR BT . Lhanxt Wi a5 w ||, £ R AE
[0,max] 28], WER|WI|, K Tmaxfd, WizE
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o w
Iwll,

7 RENW |, 4 K max X . 7T LLETT tf.clip by norm J7 {8 f)S2HLEL R T8 W k5T

In [16]:

*max

a=tf.random.uniform([2,2]) * 5

# Fyudor ey
b = tf.clip by norm(a, 5)

tf.norm(a),tf.norm (b)

out[16]:

(<tf.Tensor: id=1338, shape=(), dtype=float32, numpy=5.380655>,

<tf.Tensor: id=1343, shape=(), dtype=float32, numpy=5.0>)

ARAER], 0T R Tmaxy L2 800 ke, 8 38y 5 EUE 4 mch 5.

Q  HREZE I TERTT F 2 A S 3R L Tk E W LRI, Armar AR B R A
BEFETREIRNE, 2 IR ST n AR O, R BEEE IS T S EMBEE W
(TEEL, SIS AR IR, T2 5k BEAR 10 PR fi DX 286 PR A FEE AL, T o AS 50 2 oW 8% 1)
BOF Tl X 5 = AR FE BT 7 2. /E TensorFlow H1, 1] LLid it
tf.clip_by_global_norm FREE 1K) 45 B AR N 25 B FE W IS

AWIFIRM S SHN SRR, HuE

global_norm = z:”Wi”z2
g

THE M2 FE i % global_norm, XFEEINSHEW!, @it
. Wi « max_norm
- max(global_norm, max_norm)

HEATHEEY, HAmax_normsEH P8 E K4 R KTEEUE :

In [17]:

wl=tf.random.normal ([3,3]) # BIEEHKE 1
w2=tf.random.normal ([3,3]) # BIEEHKE 2

# 1% global norm

global norm=tf.math.sqgrt(tf.norm(wl)**2+tf.norm(w2)**2)
# 4 global norm Ml max norm=2 #HY

(wwl,ww2),global norm=tf.clip by global norm([wl,w2],2)

# THEEETE K ELLH global norm
global norm2 = tf.math.sqrt(tf.norm(wwl)**2+tf.norm(ww2)**2)

print (global norm, global norm2)

Oout[17]:

tf.Tensor (4.1547523, shape=(), dtype=float32)
tf.Tensor (2.0, shape=(), dtype=float32)

ATLLER, i E, Hé%’%%ﬁﬁ'ﬂﬁfﬁéﬂH"J/é?ﬁﬁgﬁﬁ??ﬂmaxmrm =2. REEEN
&, tfelip | by global norm % [AI#BY J5 ) 5K & List A1 global norm 2 M%f 4%, Hr
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global_norm F R E BT AT 1)HA L LG EA .

B EEETT, AT VB R B E L R . N & 11,12 P, BITh iR
IR (w, b) R EAEA R 2% S 2 wb T HIRZEAE], o — XI5y (w, b) A BEE 2L
K, —HMWZSHOE NI, 1RE S HIUEE BB AE RIS, 15 I 2R ARG .
11.12 AN T IMBEFE BT G AL, TR PR AT 16 R BR M, (Ef5aF
Hr KA B A H], AT LE R 2% R R4

Without elipping With clipping

Jluwnh)

11.12 #BEFFNMLEFITRER (Goodfellow, Bengio, & Courville, 2016)
BhRERET — AT S AR LG R ST Z BT AT

with tf.GradientTape () as tape:

logits = model (x) # HIFMEHE

loss = criteon(y, logits) # RZIHE
# THERA A
grads = tape.gradient (loss, model.trainable variables)
grads, _ = tf.clip by global norm(grads, 25) # 4 JRy o A B
# M FRBY Ja B 5k 2 SR 24

optimizer.apply gradients(zip(grads, model.trainable variables))

11.6.2 BEREETRER

XA RO G, ] LB I3 K2 518 b SRS, ¥8 N Skip Connection 5—
ZRYNVHE WA ] o

WK A 2] Fn o] A — B R EE D7 BB RE IR EO S, A tH IBH BEOR B, W28 IRIBE REV £
BL T 0, BERIEEIRENBUN, Win = 1e — 5, WIBAEE DK EINM/N. 8K
K, Wn=1e—2, A 0BefE1F ML PPRAIT R PRE TR, T8 25 1 B TR B X 3k

X TIRE IR LS, B oK Z 18R & R AR, B Ra— e A AT e th Il
FEMI LG TR EUZ . AERIEIREMZS ML/, L+ BB R E M2 I ZRER R N
M, R EUZ B X 28 6 BEA 25 2 R B FE B WO 5, AT 345 I 2 K IR RIS AN B B . %
FERRZE M 28 At e il 7R FETRBONR, A ibpp e 280k B bl BT — ok,
U P 28 TR P P AR B B RO 5, (H RN 28 ZH D 5, W RIERE T mes, &
P EAT P .

11.7 RNN #2R/1i21Z
TEIRPIE N B T I gRBME, A — AN B A A8, A E 2 R 12 (Short-term
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memory). % JE—MA)T

DARRKARFEL T, REBFEELE T—1EPaRE#E, ... &5 EIEBEFRE, IF
FF Ot 4 A BEFE LT T — Ko
RIEIRATH B, 2 P LARERE “ T IF ool A A5 % T2 (19— K7, AE TR FiIT ia At i 44
T CSRKTRFEL 77 Al WAKRBIREF K AR A) 1, (HRfE i NS EA—E
Ae. WEARN LRI, AN MR BRRA I A) 7, A R AR B BRI 15
B AL KSR 2R A S B R IR A R RSk . BRATTHE X R I Gy fig
1 TRk VA

W4, BEAREEIEKIX PG A2, A IEIA 22 X 2 7] LA R80R] R ORE LA )l
SRBE, INTIHEFHIEREVE ? 1997 4F, it N L& RER} 45K Jirgen Schmidhuber $2H T K450
i iC 12 M 2% (Long Short-Term Memory, LSTM). LSTM AHX}F &R ) RNN P28 K38, 012
ReiEsR, WHEEKAEKNFIE S, LSTM Rt G, # 2N HAEFRITN. =%
HEMHEES T, JLFBUR T ZEA A RNN A,

BTROK, BAVEABEIRAT. FIAH LSTM %%,
11.8 LSTM J&38

BLRH Y RNN M85kl 11,13 foR,  bE— AN EEIRIRAS 10 B hy_ o 5 2 BB AT
xR NS, WO Rt anh 5 A BIHTRPRAS R, . AHXS T LA RNN
W% A — AV IRE &R, LSTM B 7 — SRS AEC,, FIR 5L T 1142 (Gate) L], i
BT TPRR AR ME B RBSHURT, Wl 11,14 Jrk:

& () &
t t
RNN Cell | RNN Cell
© ® @
11.13 HAth RNN EHEE]
@ (1) @
t t
—-—O o -
LSTM Cell EL ‘;ﬁ! g? LSTM Cell
. ~J =\ =
@ @ &

11.14 LSTM Z594EE

76 LSTM i, EPANRESHEcHR, HhefEN LSTM (A HOIRS A&, ATCAFER N
LSTM A7 Memory, TfihZ~ LSTM ffarih &, AT 25600 RNN K, LSTM 4
W3 Memory g 43 2 N, [FIRFIFH =AM 195 %N J(Input Gate), i#517]
(Forget Gate) 1% H [ 1(Output Gate) R4z il N 555 B IS -



511 F R R [FERLALEEN] 22

[ MU AT AR g o dz i B it B 1 — A FBL SRETOKITT: oK IR 2Tt
I, KIS TC AR KT Ao I, K FTE e bRl . 7E LSTM 1, 11T
AREEER TR B g &R, Wi 11.15 fx, @ido(g) B BBk 1) 47 1[0,1]
Z[AX[E], Ho(g) = Off, [ZEHRCH, it = 0; Ho(g) = 1, [HE&MITIF, H
o = x. LT IHEHUH AT LA LT g il B i AR

Mg

win

Ay —Y— 0

o=xx*0(g)

11.15 I"1#EHLH

FHERAT RS- B = AT 0 B % AR .
11.8.1 BEI]

B ERT LSTM RE M Ee b, A F4H] L — AN RIETE 12 0o 0T 24 A B TRIER
FISEIR . ST A A B g p

gf = U(Wf ‘ [ht_l,xt] + bf)

A, i 11016 B, Hh Wb s SRS ek E, W R EREIEIUL, ol
Bom e, —MAEH Sigmoid K. 1 1iEg, = 1K, BETT2MITIF, LSTM % b —
MRS e MITHERE: B 1Eg, = OB, #IS[1KMH, LSTM EHEZNgc,_,, Hith v 0
B . XTSI A T H K.

A S TE, LSTM HPRESAEAL NG, * €_q0

(&)

ce1 —)— -

11.16 BEXI]

11.8.2 NI
BT T LSTM S BSR4 et ok 24 BTN Rk 0 Ao 1 _E— A
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N TH) R P 4 H R CIE 2R PR AR 443 B B SN () R E
¢; = tanh(W, - [he_y, %] + b.)
HAW b AN SE, 7l R LAk, tanh NEGERE, HTH%
NFRAELBI[— L] X 1. &3 A2 MRIHTHEN LSTM #) Memory, T EIE L4 1324
BN R BN TR SR B RSk B T x A R, :
gi = o(W; - [hey,x] + b))

Hrw, b RN IS4, fF 2 ke EE A sk, o hBeE ks, —Mf
Sigmoid H#. NI JIEHIAE & g, P T LSTM X} 24w I (B BRI Frm Ne 2 fe . 4
gi = OB, LSTM AESZALMMIHHINC,; Mg, = 18, LSTM &2 HNe,, WK
11.17 fi7R o

ZiNTTE, RSN Memory MR8 Ng; * €.

y
(3]
-~

11.17 %Al

11.8.3 Kl Memory
FERE T TRV TR0 T, LSTM A7 BEMO R T b — R TR 2 A P10
I RV BR T NG, RIS I B e I RH T 308
Cc=0i*C+ g5 *Ciq

PR HHOIRZS 7 B e R AT TR BRAPRES, B 1117 s

11.8.4 Fr il

LSTM A HRE M B A S HERH THL, X — ST RNN A—F. AT
RNN P& PR M EREE A 212, SH T4, ArCAERET RNN 7] DLEE RS [ 2
g A ERZ R — AN SR 78 LSTM Wi, RESHEIFA S mH, a7kt r1m
YERH &R . BT s Eg, N:

9o = o(W,[he_q,x,] + b,)

HAAW, M, N TS 7 0l R RS B Eh A, o miis s s, — B
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Sigmoid %, ¥t 1g, = OF, HitiS5H], LSTM A MNGCIZ 2 e uba ik, ToikmEs
SR N O AR 4t g, = 1, e 4TI, LSTM KPR Ee 2
T . LSTM (% i :

h, = g, * tanh(cy)

FeA, BN NAE R R e B tanh O RBUE SN TIER], 433 LSTM Wit . HTg, €
[0,1], tanh(c,) € [—1,1], Fik LSTM M#ittih, € [-1,1],

®

-~

Ct

heq g E — h;

& 11.18 #HiHi7]

v

Ce—1 €t

11.8.5 /NG5

LSTM EARMRSER a2, MR S04, (B2 T84 18 ThRETE
WHEG, BASRSHIE AW BT B, WM 11.1 Fir.

T 111 WMAIAE TR EIT R
PN BE bu: g WEL LSTM 47X

0 1 R E1Z

1 1 CERFINANCIZ

0 0 FEILIL

1 0 WNEIL
119 LSTM E{ER X

7 TensorFlow ', 1] LA | LSTMCell 3KF-2)) 5¢ i [A]Ek b i iz &, tny LUs
i LSTM JE 7 A — B 5 il s .

11.9.1 LSTMCell

LSTMCell [FJHEF SimpleRNNCell ZEA—F, XHIFET LSTM HPRASAL & List A M
/[\’ Ry [ht; Ct]7 %E%%U%ﬂﬁé'f’t’ /H\:EP List %#/l\ﬁ%%j\jht’ %:/\ﬁ%yycto ‘UEEH cell
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FERCATIAE SRS, 3R 2 AN TEER, A InER A cell W, WHtRR,, BN ITERN
cell (YEEHTE IR List: [he, ¢ ]o EIOBTE —MRE M EKED = 6411 LSTM Cell, H
KA e % H A B, K E AN he

In [18]:

x = tf.random.normal ([2,80,100])

xt = x[:,0,:] # B2 DEEBIGHA

cell = layers.LSTMCell (64) # fll& cell

# MRS MEIH List, [h, c)

state = [tf.zeros([2,64]),tf.zeros([2,64])]
out, state = cell(xt, state) # A7
id(out),id(state[0]),id(state[1])

Out[18]: (1537587122408, 1537587122408, 1537587122728)

FTUVER], RIEEHH out A List (55— Iuah A id SEARR Y, 3X5 300K RNN 4%
— 8, #WRN TG

AR AR E BRI IS S, BDAT S — IR )2 BRI AL 4 -
for xt in tf.unstack(x, axis=1):

out, state = cell (xt, state)

11.9.2 LSTM 2
33 layers.LSTM J2 T LAJ7 1 F)— RS2 IR FIIE R . B 260 LSTM %2

layer = layers.LSTM(64)

out = layer (x)

2t LSTM ERT LR S, BRIA R 2R a5 — NI TRl Rk g, 40 R 55 253 [B] 4 ) [H]
B mrit, 7 ENE return_sequences=True Frid:

layer = layers.LSTM(64, return sequences=True)
out = layer (x)
BB R [B]FE) out A0 1 A I )8k PR Hi . B shape #£[2,80,64].
X Z 2 me%, Al LLAIT Sequential HasflE L )Z LSTM 2, HWEAIERZE

M %% return_sequences=True:
net = keras.Sequential ([
layers.LSTM(64, return sequences=True),

layers.LSTM(64)

out = net (x)
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11.10 GRU &1

LSTM BABEKMNLIZEE /1, TERM FHNES EIHEEAS T EE RN RNN B 5 47 4%
AR, BHHEZM)E, LSTM AE G MBI EVREOIN SR . (Had LSTM X E 4%, 1HEAA
s, BMSHER K. TRREFAIZEAE L LSTM WEBITHERAE, Rl ik ]
BHE. PRI, 8BS TE LSTM H i B ZL 1) 145 (Westhuizen & Lasenby, 2018), H&
R BT T T AR I 28 1E 2> BRI 48 B T-FrifE LSTM %% . 7E A2 TR fL
B LSTM 1, 137834 M 45 (Gated Recurrent Unit) & W H &) 72 AR 2 —. GRU 8N HB
REMEMHHAESH, G NRESRER [EHEHRRDR 2 D B0 (Reset

Gate) 15387 [ 1(Update Gate).
MRS
-8-9
_>e—

)

11.19 GRU Mg 4544

N HEFRATRA A EEALT TR R S Th R .
11.10.1 AL

SR FHEH_E— AR RS h_  BEN GRU (&, [ & g, B 2457 )Rk
X N — B R S - B 15 3

9r = O-(VVr . [ht—llxt] + br)
HrAw, b, NEAITSE, xR A, o NETERE, —BEH Sigmoid
PR 1M Eg, RIEHPRESR_, TIASIESR A,
Tlt = tanh(Wy, - [g, * hy_q,x:] + by)

Mg, = O, FMIANRATHRE THAx, IEZh,_,, ST EMh,_,. Hg, =1
i, e A A X JEFRPE AT AR, W 11.20 Fis.

|-

11.20 &4l
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11.10.2 B3]
T TR B 1R B S b R N R A HOIR S B S RE RS . S8 14
&g, H
gz = U(M/Z : [ht—l'xt] + bz)
32, HAw, b, AEFITTZSE, BRIAEFHREEASMMG, o hBuERE, — i
Sigmoid ¥, g, S5EHIFMAR S, 1— g, A THEHIRER_E5:
hy=(1—-g,) *h._4 +9z*’~lt

FWLAER], R Alhe_ STh FSERTEAE TAH ELSE S LB IRA . M Hi g, = O,
h AR E LR RS R g, = 18, hAFK EHH AR, .

11.21 E#h7

11.10.3 GRU f# HF &

FERERT R, 7E TensorFlow 1Y, A Cell 77 RF1E 7 R2H GRU M4 . GRUCell
GRU JZ 4 581 2 R ) SimpleRNNCell, LSTMCell, SimpleRNN, LSTM JE# 5L, &
Je /& GRUCell {6, 617 GRU Cell X%, F7ER A 4H_EE3 EITis5H:

In [19]:
VIR S T B
h = [tf.zeros([2,64])]

cell = layers.GRUCell (64) # Hi%k GRU Cell
for xt in tf.unstack(x, axis=1):

out, h = cell(xt, h)
out.shape

Out[19] :TensorShape ([2, 64])

3t layers.GRU 7] LL7 #6172 GRU M%K% 2, @il Sequential 7525 1] LLHES £ 2 GRU
JE T 5 2
net = keras.Sequential ([

layers.GRU (64, return sequences=True),

layers.GRU (64)

out = net (x)
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11.11 LSTM/GRU & =% 4y 2 o) 8l F bk

AT TRA N2 T A5 2R R, FFR A SimpleRNN AR 58 i 1475188 73 288 [a] 7 1) SR
FEN A 5E IR K LSTM, GRU W28 )5, AT 48 R HEAT 1 2. 321 T TensorFlow
FEPRARN L AR SCHE L AR NG —, AR JFOR AR 26tk b i A f 2B b & LA, (8]
PASESE T3] LSTM BRIk GRU #:A!

11.11.1 LSTM B #{

2 Cell 7720 LSTM MIZE RS List 38 2 4, FTREMNVIANE Z KR, clf]

&
self.state0 = [tf.zeros([batchsz, units]),tf.zeros([batchsz, units])]
self.statel = [tf.zeros([batchsz, units]),tf.zeros([batchsz, units])]
TR RALE SN LSTMCell #5224
self.rnn cell0 = layers.LSTMCell (units, dropout=0.5)
self.rnn celll = layers.LSTMCell (units, dropout=0.5)

HARATS A TR L BN v I8 17 .
MTEFTR, R EE NSRBI — LRI A
# F% RNN
self.rnn = keras.Sequential ([
layers.LSTM(units, dropout=0.5, return sequences=True),

layers.LSTM (units, dropout=0.5)

1)

11.11.2 GRU &l

B4 Cell 7720, GRU HPIRAS List A —A, MIEEA RNN —F#f, A FHZEEKeIE
Cell AR
# HE 2 P cell
self.rnn cell0 = layers.GRUCell (units, dropout=0.5)
self.rnn celll = layers.GRUCell (units, dropout=0.5)

TR, B AR
# M RN
self.rnn = keras.Sequential ([
layers.GRU (units, dropout=0.5, return sequences=True),

layers.GRU (units, dropout=0.5)

1)

11.12 FYIZkRYia)[E) =

FENG Oy RALS5I, AT Embedding /2 /&M 0 TFARINZRIT . bR b, X5 304403
RS RUL, UK E 2SS0, BB AT RE NS A I E AR AT 55 b ) 2R ] ) R
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154k Embedding =, FERCAIBENIHIER

BATCATINZR 1) GloVe ][I &A1, I8 @] R B TIN5 1] ) A R S T 45 1
AE. EE MBI N EFUIZA GloVe Tl A&, FRATIELAFFEKE 100 f3C 1
glove.6B.100d.txt, H PR MR HAKCE )y 100 MR E RN, FEEMBERT .

~

Name Date modified Type Size
=l glovesB.50d txt 1/3/2018 9:04 PM Text Document 167,335KB
=] glove.6B.100d txt 8/5/2014 6:14 AM Text Document 338982 KB

11.22 GloVe iAE=
FIF Python SO 10 152 HEAIA] A 4B [) B 3R FR A7 i 21 Numpy B4

print ('Indexing word vectors.')
embeddings_index = {} # fRHUE AR, RALET A

GLOVE DIR = r'C:\Users\z390\Downloads\glove6b50dtxt " # /171t

with open(os.path.join(GLOVE DIR, 'glove.6B.100d.txt'),encoding="'utf-8') as

f:
for line in f:
values = line.split()
word = values[0]
coefs = np.asarray(values[l:], dtype='float32")
embeddings_index[word] = coefs
print ('Found %s word vectors.' % len(embeddings index))

GloVe.6B MRAILA7fif 1 400K AHANC I [ B o AT SEA HIRATR A& 52 10,000 4>H I
AR, FATARAE R RO i bR ARIR AN GloVe B R IUCH G ) B, IR 5 A RIAE
H:
num_words = min(total words, len(word index))
embedding matrix = np.zeros((num words, embedding len)) 1] [ B
for word, i in word index.items():
if i >= MAX NUM WORDS:
continue # iJERIIHARIEIC
embedding vector = embeddings index.get (word) # M Glove #ifijii]n] &
if embedding vector is not None:
# words not found in embedding index will be all-zeros.
embedding matrix[i] = embedding vector # BN NALE

print (applied vec count, embedding matrix.shape)

E3R1S TIRC R S5, AR R YIME1E Embedding JZEI AT, 1% 8 Embedding JE A 55
AL
self.embedding = layers.Embedding(total words, embedding len,
input length=max review len,
trainable=False) # /"2 510 5T
self.embedding.build (input shape=(None,max review len))

self.embedding.set weights ([embedding matrix]) ##/iHft

LAt ER oy 2 DRfr— B BT DA b L B0 id TN 2R Glo Ve B HT4R 1L ) Embedding
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JZ I ZREE R AEENLYI AL Embedding ZHIZREE R, EUIZR5E 50 /> epochs J&, il
ST ER SR IR B T 84.7%, 1RTF T4 2%.
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11.13 & 3CHk

Goodfellowlan, BengioYoshua, & CourvilleAaron. (2016). Deep Learning. MIT Press.

WesthuizenJos, & LasenbyJoan. (2018). The unreasonable effectiveness of the forget gate. CoRR,
abs/1804.04849. 52 Kk http://arxiv.org/abs/1804.04849
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If intelligence is a cake, the bulk of the cake is unsupervised learning, the icing on the cake is
supervised learning, and the cherry on the cake is reinforcement learning (RL). —Yann LeCun

AU FRA I H T AELE RTINS B ARZE B DL T, PR 28 el 2 ST I RE, X R
) BE TR B R ST AR B AR X N IR HEZEP (y|x) . TEAAS N EFN K RIS R, 3R
B EMFEAS Y, B, B8ORS, RIEEAEL N, (AR RIS
Bt bR, LLpLEsiee, B T RCRIEIE & BIRHESCARSE, 6 75 EEAFRIE ) B bR
TE SOREE . s rbRvE AR B AT B2 OB [ 58 56 217 (Prior knowledge) >k 5E i
WY i () Mechanical Turk R48 % [ 14 Si8dEArA 55, At SR R 58 ks /-
PIBARARTAT S5 o IRFE S ) P s S B R — AR R, X R A N L 58 s At
B XA T, T EHASTT B et | AN PR N ) 3005 36 0 22

IO B (R TEhRIE BB, A TRRRE 8 b 22 2] B 1 0 A P () B 23Xl
R FRAVIX FEE BT B 2% 3] (Unsupervised learning) 515 . R, R E R0 /E I
BB SRS, IRBEIERON H B 2% 3 (Self-supervised learning), AFEA4EH] HYnl 2
Ry o Rl = = s B F[EN 8

12.1 B4Ri%eER1E
FEBRA IR He A B ST R 2 I T T

0 = fy(x),x € R%n,0 € R%out
dipn BN ERKE, doy et R ERKE. X TR0, W BAEd K E
N FNFHE ) BB 3 B FE A d o ST R B0, IX SRR T DLE B RRAE PR 4RI
2, MG SR A Ex B B FRLE E Eo. FHIEFF4E(Dimensionality reduction)7E#L
BEIRETZHNA, SO R4 (Compression),  $UHE AL HE (Preprocessing) 55 . i
UL B4 By A =E B3 70 ik (Principal components analysis, PCA), 18X} #J5 Z 5 PR
ATHFAE 23 A A5 2B 1 E B4y, (HAE PCA AJH b —Fh 2Rt A, $REURFIE 1 HE 718K
AR,

T2 REAS BE I FH A 22 100 285 (1) 5K JE Se 1 Rk g ) 255 ) BIMIRZE B Hs 2w
(Representation Learning)We ? 1] @l (R BEAE T, YNZRMNER I 2 — T 2 — > B bR 2 i dls
(B EE D), ERLRENEREATIMIMREREE, RAHExA L.

TR, FATZRE R B A S AR EE T ke R Bk, RIA A2 I 24
REf 22 ) BB fo: x - x, FRATHEMZS fo V15309 2 8058, AT IR 28 S5 2% 2 WL 5%
Rige, X — 2z, JAHIKI T MRS K Rhg, 2z - x, WA ge, B B Hha g5
(Encode) I FE, 0/ 24575 U A\ x5 AR 45 7 F [ A7 B z(Latent variable, BYFEH A8 &),
FrN Encoder MZ&(%ifiha):  he, B AR MRS (Decode) Ui 12, JE4DIdJa HIH A 2/t
E4EREx, FRON Decoder W45 (FRILAR)
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12.1 B4mADERIREY
Y A AN AR 2L [F] ST R T AN B x ) S A AN AR R I AR, AT TN 0 £ A5 fp U A B
Zmh 4% (Auto-Encoder), TIFKEZmidas. a1 RARMEHIRZ ML M 25K SH M go, Mhg, KL
MFR R H gt #%(Deep auto-encoder), 1K 12.2 Fios.

V

Y
i

X
o

(S
S
N
o

o~ NS

7

& 122 FIF#HEMESHH B RIDEE
H gt 2% B b NS e BB Sz, FEIEd fRD &% B 2 (Reconstruct, (KR Hix.
AT A EE FR D 25 () it e S e SR B I AU R SR AN, lix ~ x, IPA, AgmiDat
FIARAG H BT LS s
Minimize L = dist(x,x)
X = hg,(gg,(x))
Hordist(x, X) 7~ 2% 1 #E 5 & & (Distance metric), i i WL I &5 146 BR G 25

(Euclidean distance):
L= Z(xi — X)?
i

2w ) 5 9 £ R SE R A 22 I 28 R AR X 51, ARSI IR0 W BHE 5 AR y AR Rk
THSx.

BT IR Z A2 2% (AR LR MR IR AE J1, B gafid s n] LIRS RIFRIEE 2R, A
X F PCA L7, Egmbdgethae s niess, ol LUE e E A x.
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AF KA A

30d &% %E

30d Logistic PCA @
30d PCA

(b)
AR A R

'11- ‘Nr}[ | 30d a%mm%
s —. xunr 30d PCA

12.3 BE#RIEEEXtt PCA (Hinton, 2008)

EE 123, 51 ATZRENEREE BN R ZSE MNIST B, 5234 17l i Tk
BN 30 [IRas &, i H H gidas, Logistic PCA FlbniE PCA BIEWE H I EH A,
EE 1230)H, 1T RREMANGE R, 523 700l 22T K 30 fBaim A&,
{1 B D2 Fbr e PCA BEM S I E A . vTLLER], MR E S N b
A B AR, B SRR, T PCA RVEEE i) I O]

12.2 MNIST B R E&#E L

H dmidas 5y i B e o, SEBl 8, JIZhtiihase, MXTT PCA &ik, &ML
R K RILBE 1] DA 2] B N = E R BRIl Ez,  [FIR tHRehe Jt Tz 8
Ao FATHET Fashsion MNIST 43047 K A B 2 9%

12.2.1 Fashion MNIST $iE4&

Fashion MNIST /&N @776 Eb MNIST iR 51 v #5512 AR 8 4, ERe S
MNIST JL 52—, B8 7 10 BAFERBEMKNR. B, Q5KERR, BN R
28x28, 3L 70000 5Kk & F, HA 60000 7K AT YIZREE, 10000 5Kk A T4, @B 12.4 fr
o iﬁj TR Ao FTLAE S, Fashion MNIST [ 7 A A& 5 MNIST A—#¢, H
BB, KE B U AT DL B s R ST MNIST ISR HEARRD, AT 2
HAME. BT Fashion MNIST & F iR AIAHRT T MNIST B A 5EafE, DRIt ml DU Tl

TSR
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| 4

L-ﬁdgmh@=d
]
.

. =Y K %-—‘;‘3;‘1
=
| kN
1 2k Di‘ L

]
£
LN

12.4 Fashion MNIST #1185

1E TensorFlow H', Jn#k Fashion MNIST ¥ 8 [FIAEAE & 77 /8, R H
keras.datasets.fashion _mnist.load data()p&ZRI AT 7EZR R 3, B ERINZE:

# N# Fashion MNIST B #idlEdE

(x train, y train), (x test, y test) = keras.datasets.fashion mnist.load dat
a()

# =

X train, x test = x train.astype(np.float32) / 255., x test.astype(np.float3
2) / 255.

# R B BT R R BRI R, AT AR

train db = tf.data.Dataset.from tensor slices(x train)

train db = train db.shuffle(batchsz * 5).batch (batchsz)

# IR R

test db = tf.data.Dataset.from tensor slices(x_ test)

test db = test db.batch (batchsz)

12.2.2 4o a8

TATRI gt 2R 4N B x € R78ABE L BB AR4E B I Fagsnl &:h € R0, JFH: TRl
AR RIS 2R R, AR AL B ] 12,5 Fn, dmiSat i 3 B AeEE M
AR, HH T SR BN 256,128,20, fEAGESIFIFER 3 EAIERIMAS AL, HrH T AL
73N 128,256,784
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Q Yy ) 35
@ =0
@ V4 OO Q
Ot OO @
Flatten () et Ot @ ) Reshape
— e = e % _neshape
N hs s O .
@ O, S0 O
@ /5 O O
N
p- —
O
784 256 128 20 128 256 784

12.5 Fashion MNIST B 4&#525 44514
FATFIH 3 R B 2R AR E D 784 (I A Al B R P 4E 21 256, 128, i P4k
F h_dim 4552, 2 ReLU BUFRE, Ha— /2 AT & 2L
# B Encoders W%
self.encoder = Sequential ([
layers.Dense (256, activation=tf.nn.relu),
layers.Dense (128, activation=tf.nn.relu),

layers.Dense (h dim)

1)

12.2.3 fRAG 3%

BATFR B decoder P4, FET BB S h_dim KK FHEE] 128, 256, 784 4E/E, FR
i)z, WiER AL ReLU pR%L:
# B Decoders M %%
self.decoder = Sequential ([
layers.Dense (128, activation=tf.nn.relu),
layers.Dense (256, activation=tf.nn.relu),

layers.Dense (784)

1)

12.2.4 B4

IR B g AR AR A 2 AT N2 SEILAE H gD dR S A, FRATEEWTAE 1L 2R K [F]
12X 2 T X2
class AE (keras.Model) :

# HmIGEER, A% 7T Encoder Ml Decoder2 A~ F M4

def init (self):

super (AE, self). init ()
# )% Encoders M4
self.encoder = Sequential ([

layers.Dense (256, activation=tf.nn.relu),
layers.Dense (128, activation=tf.nn.relu),

layers.Dense (h_dim)
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1)

# D)% Decoders M4

self.decoder = Sequential ([
layers.Dense (128, activation=tf.nn.relu),
layers.Dense (256, activation=tf.nn.relu),

layers.Dense (784)
1)

P& RBATRE AT AR AR SEIAE call B, A K 7 B 56 encoder T P24 15
FIFEK A & h, FRE decoder 732 H K F
def call(self, inputs, training=None) :
# R LSRR
# AR E h, (b, 7841 => [b, 20]
h = self.encoder (inputs)
# SRS EEE R, (b, 201 => [b, 784]
x hat = self.decoder (h)

return x hat

12.2.5 M 2% 1)1k

H s il gt FE 5 B S AR —8, J8 iR 22 R B0 A A ) B 5 R G
AN A) B2 (A )RR 25, TR TensorFlow 1Y H 513k S 41 [F]H 3K HY encoder A1 decoder )
BREE, IS HRIAT,

eI B DA LIRS, FR I E AIE I o
# O MR 5
model = AE()
model.build (input shape= (4, 784))
model.summary ()

# efbds

optimizer = tf.optimizers.Adam(lr=1r)

FATE E IZR 100 4™ epoch, BRI AT M vHE IR R Ky m &, FERIH
tf.nn.sigmoid_cross_entropy_with_logits 45 25 BT R B 2 & v 5 56 1 BRI iR 2

for epoch in range (100): # ilZ: 100 /> Epoch
for step, x in enumerate(train db): # HiJjilllZ4E
# #T°7, (b, 28, 28] => [b, 784]
x = tf.reshape(x, [-1, 784])
# B IC R AR
with tf.GradientTape () as tape:
# B THSRR AT EE I A
x rec logits = model (x)

# VHHEEEE S R 45 5k R A
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rec loss = tf.nn.sigmoid cross entropy with logits(labels=x, log

its=x rec logits)

rec loss = tf.reduce mean(rec loss)
# HIRS
grads = tape.gradient (rec_ loss, model.trainable variables)
# B3R

optimizer.apply gradients(zip(grads, model.trainable variables))

if step $ 100 ==0:
# ATENNZRiRZE

print (epoch, step, float(rec loss))

1226 B ER

5K EAFRE, BImiLES IBAE —A I E A VEIY, RE LA A DIE—E
FRJE EARME 22 I HOR, (AT R A A BP0 R B0 B A . — R ZARYE
BRI R 18 B i a8 1) 7 SRR, el B B, — Mo T N T EME B
AR R, BRI A ] A B LT 5 55 (W Inception Score AT Frechet Inception
Distance) K4 Bh i &2 .

NTIAE R ERYCR, FAHEEE T 7 IIgRE 5%, Kbl EAZ 5
Ko FATMIRE P REHURAEMNRE Fra € Dest, it B gmideit EERERENE A,
A E LB SEEE R NE R BES, J7 S

¢ EEE A, WIS RE KB

x = next (iter (test db))

logits = model (tf.reshape(x, [-1, 7841)) # I FFENHAHILE

x_hat = tf.sigmoid(logits) # ¥fthH NG RMA

# KN 28x28, [b, 784] => [b, 28, 28]

x _hat = tf.reshape(x hat, [-1, 28, 28])

# FIAMIET 50 TR+ E AT 50 sk &H, (b, 28, 28] => [2b, 28, 28]
x concat = tf.concat([x[:50], x hat[:50]], axis=0)
x_concat = x_concat.numpy() * 255. # PRE N 0~255 JEH

x _concat = x concat.astype (np.uint8)

save images (x _concat, 'ae images/rec epoch %d.png'%epoch)

BRI IE 12.6 B 12.7 B 12.8 Ao, KB AD 5 5 EsSER B, 4
s FPAR N EEE R, TUEE], F—1 epoch i, B HEBMEKZE, B IEFE
B, EEERE; FEENSGNET, SRR IDSERkEIENT, 55 100 4 epoch B}, g
(R R R & e I B S
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an a0
(- -
,a ,a
it i

i\ [

\
|

pr
i

12.6 % 1 4> Epoch 12.7 % 10 4> Epoch 12.8 % 100 4 Epoch

o save_images() 1 50K 2 5k B & HAORAE N — TR KK
def save images (imgs, name) :
¥ B 280x%280 K/NE T FES
new _im = Image.new('L', (280, 280))
index = 0
for i in range (0, 280, 28): # 10 1rEF A
for j in range (0, 280, 28): # 10 AEJ 4
im = imgs[index]
im = Image.fromarray(im, mode='L")
new im.paste(im, (i, 3)) # SAXNAIE
index += 1
¥ IR TS

new im.save (name)

12.3 B ZmAg &I #h

Hombdes N4 Bitawe, H2m TR REUE BEE = E @A S B SRR N RZ R
Z A IRE S, AR AR B, R T4 B — R, i s,
o B EE RGN, EEEMANESEE R EANERR. AT 2R 10 E i g
IR R E S A, AT — KRR E Yt AR 2%

12.3.1 Denoising Auto-Encoder
9T B7 bR IR 2 A2 S N B (1) IRJZRFIE,  Denoising Auto-Encoders 45 % A\ (4%
INIMBENLEIRE S BN, WZh 5 N8 IN KA e 0 70 A R P e
X=x+¢e~N(0,var)

NI S J, 4% 7 B AR S B I B SE R A & 2z, RIS JR RGO A x,
12.9 Fi7R:

6" = argmin dist(hg, (ge, (%)), x)
6
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[l 12.9 Denoising B4ri5EEREE

12.3.2 Dropout Auto-Encoder

] & A 2% P9 2% [E) A T Ifs 1 401 & 14 JXURS: - Drropout Auto-Encoder 383 B ATL KT 99 5% 1) 322 422
KIS I FRIARE T, Bk ilE .

12.3.3 Adversarial Auto-Encoder

N T RENS T3 (RS CRIRI S 56 73 AR P p (2) RFERGIEAL Bz, J7 (84 Flp (2) K 3 i
AN, XPTH i 2% (Adversarial Auto-Encoder)F H A7 ) F) 1) 2% W 2% (Discriminator, D)>KH|
JE FRYER R L Bz e 5 R 2 fip(2), W 12.10 Fras, HBlZs M i o —AN 8
T[0,1] X [A AL &, RAEFS A B2 KA B i fip(2): A KAt B R fip(2) Mz
FRFERNE, KA E L8 1 25 E g (2| %) P zhniE N @i X 7 4, B 7 alLLE
BEFEAR, AT LA R A MEZE 5 Al g (2] x)i& 1T S 56 5 Aip (2) -

\‘ 2~q(2I) /
SN \
) S

i—‘ A 348
z~p(z)

& 12.10 3B misss

Xt E G e T — B R A ORI 2% FRERTAE TR, AR5 2] SE AR kM
28 Jei w] LUIIER XS BT B 2 5 25 ) B A o
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Fy— A ARH ) B g A MR A B S Es -

12.4 T4y B4mhE s

FEARW A DA AT ERE S Ax, RSz R SR, B — A BA
(Discriminative model), AN 24E B (Generative model). HS4 BEANGERS H i a% %N
A A, T (SR AR R AR ?

TATATRLZE 2 B4 58 x,  BRGBAL & ISR AP0 TP (2]x), FE I BIXA A fa, @i
XTP(z| ) BEAT RAE 0T LLAE A R IRE A . X it /2 48 73 H 4l 4 (Variational Auto-Encoders,
VAE). VAE 15 A2 W0 26 14 B R B ARG, ANRT I 1) B gmbd et —AF,  JEW B 2
fifg; {HJ2 VAE PR HESIER 4%, 3 N RBAT e MAHE 28 14 1 BE 25 iR VAE, FEA
MM LHET VAE.

12.4.1 VAE JB¥

MR AL, A MR BT R AR SR AR RAE B A ip(x|2), 2 R E, R
THRPERAL, TSR TE R x, 2z W R TR, BE RS, . Rk
FWE, ENEREN B fip(2), e RREEARE 2 BT, BATATUAMEES]
I3 Aip (x| 2) FRFE— RIVIEBAEAR, IXEHEAREEAAT 2 Prfon i3tk

TEp(2) ST LMEE B/ & S Am,  Bimv (0, 1) AF T, AT H w27
HRE oA R p (x| 2) » 31X BELIRA AT LUK A B K ABSA il TH(Maximum likelihood
estimation): — MFHIEAY,  NAZAAG R KBS =8 WA AR x € Do QR BATHI A
B p (x| 2) & 0K S, HanFRA TS — M4 Decoder k5 Sp(x|z), 40
B2t decoder MIBUEHW, b%, HEATRATHIMHZ M 2 AR 1L H Ar

maxp (@) = [ 2P

R, mT z RESARE, R BERIOVETOE, SECEARAEEZR
e

Encoder Decoder

po(xlz) X

xX— q¢(2]x) —z

$r— AN, AR5 HEWT(Variational Inference) ) B AR,  FRA T 40 A q¢(z]x) Kt
p(z|x), EIFTEAAMqy(z]x) Sp(z|x) Z 1A HREES .

min Dy, (45 ()0 |p(2]))

Horp KL 8D & — A& 0 Aliq, pZ IR ZERR T &, 8 SO
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D (qlp) = f 9 zog%dx

FERE L, BRES R XIRRE, 1 KL BUZIFARIFR. K KL BUE I N

i (a0 |p(0) = [ gtk tog ¢(( ||x))

A )5
p(z]x) * p(x) = p(x, 2)
QIS CE

Dia (4920 |p 1) = j 4p(zl0) zog%dz

Jq(p(zlx) logq‘b(( zlx )d +fq¢(z|x) logp (x)dz

= ( fq¢(z|x)log ((l))dZ)Hogp(X)
L($,0)

B — [, 09 (21) log L2250 dz 5 SUNL($,0) T, LBy

Dy, (ap10)[p(zlx)) = =L@, 0) + logp (x)

Hor
B 99 21%)
L(p,0) = —fq(l,(zlx) log (x.2) dz
e
Dy (510 |pz10)) 2 0
F5]iia

L($,6) < logp (x)
Wt RV, L(p,0)72log p (X)) FIR(Lower bound), fitik H¥5rL(¢p, 8)F% A Evidence
Lower Bound Objective(ELBO). A1/ Hir & i KALAA R max p (x), 8-
max logp (x), 40 LL@EEmax L(¢, 0)3LIN .
PAEBRATR It il e RAL(p, 0) R ES, FETT AT 15

_ pg(x,z)
L(G, ¢) - .fzqqﬁ(zlx) log CI¢(Z|X)

=fq (1) lOgP(Z)Pe(xIZ)
, 0 q¢(z|x)

p(2)
- f 492l lOg%T;m+ f 40 z10) l0g pe(x]2)

- [ as@int0g q";(é')x 4B, llog pa(xl2)
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= —Dy, (44 Z10)|p(2)) + E,qllog po (x12)]
ESJL:

£(6,¢) = Dy (44 (210 [p(2)) + E g [log po (x|2)]

£(6,¢) = —Dyy (a9 z10)|p(2)) + E,gllog pg (x12)] (12

(R LA 3 P2 S8 q g (2l B, R B3 P S8 g (x| 2) BB, SIS
T2 IR 3 AT q g (2]2) 5 S50 3 Aip (2) Z IR KL HIRE, DA ARS8 AL SRR %
log pe (x|2) KK IR RS, BIRTARALL(O, ) HFR .
29 (z1) Flp () W BN IER 3 AT RS
o, of +(u—p)* 1

Dy (4pE0fp(@) = log 2+ 21— m———3
R, Mgy (2| ) RIES SN (g, 01), p(2) HIERGAN 0,8, By, = 0,0, = 1,
Jligin)

Dy, (q¢(zlx)|p(z)) = —logo, + 0.5 62 + 0.5 xu? — 0.5 (12-2)

12.4.2 Reparameterization Trick

KAz R B gl as it gy (2]x), W 12,11 ZEFR, gl astth 24570 A 134
Hpfi Zo?, RISAEIMARFEAN (n, o). BT RFERIERATAE, FERBE AR A
B, s B T RS 2 2k VAE M2

fifA 25 fig 25

Reparameterization Trick
—————————————————y

Yo 3% G %

[&] 12.11 Reparameterization Trick
(Kingma & Welling, 2014) i 3C LR T — RIS 0] S MR %, RN reparameterization
trick: UiliYz = p+0 O ei AR 7, FrhZZRISTIGRIELERT S, TTHFBA R 1648

ERGER . W 1211 F R, eZSERAE AAREIES AN (0, 1), phlo t g it (2%
Ey iz = p+ o © eBIRIERARAE R AL .
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VAE WZ AN 1212 FR, Sl i gihl a8 2% q 4 (z]0) THEAS B RRAL & 2 91
575 %, 18 Reparameterization trick 77 ZCRAFF G IE N RIGASR XS, IR1F50 Mipe (x12) »
I AKX (12-Dit EREIHMASEL

q¢(z]x) pe(x|z)
u
X hAE :| """""" "z fRaE X
o
z=pu+oQe¢
e~N(0,1)

12.12 VAE #2845+

12.5 VAE SLE%

KA T VAE BUS2A% Fashion MNIST B A (B 54 K. WA 12.12 FiR, %
N Fashion MNIST [ F s, £id 3 MR 2 G A 86 szE 57 2, 25 2
AN T AECN 20 MASERE IR, FC2 19 20 AN 15 55387 20 AMRFIE /34 I 48 1H =
p, FC3 117 20 AN 15 s s 20 ANRHIE A K J7 2 M ) log il . i1t Reparameterization
trick RFEEFRIF KN 20 MIBR Az, FRlid FC4/FCS E & HFEARE .

VAE VENAE RS, BT AT DAEE A ANREAS, 3 mT LSRR A FH A0 38 A ORE A . dd i
MR Aiip (2) B SAG R Bz, 2l D 5 AT U= A A I REAS

Y Fl 5% iR AL %%

FC2 |7k B
|1‘H| FC1 { :| ------ "z Fca FC5 ‘Lﬂl
- FC3 o [S—

X X

z=pu+0Qe¢
e~N(0,1)
[E 12.13 VAE #&58i4E#
12.5.1 VAE *ﬁﬁ

FA 1K Encoder Fl Decoder M 285 HLAE VAE KIEH, TEVIGEALBREH, 736 g
Encoder F Decoder 75 B {14 )2 :
class VAE (keras.Model) :
# 220y g A
def init (self):
super (VAE, self). init ()
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# Encoder %%

self.fcl = layers.Dense(128)

self.fc2 = layers.Dense(z dim) # J{EHIH
self.fc3 = layers.Dense(z dim) # J7Zfii!

# Decoder W%
self.fc4 = layers.Dense(128)

self.fc5 = layers.Dense(784)
Encoder f% L& 1 R a0 A ME 577 2 Wlogll, Sedid L322 FC1, 2R )57 il
ik FC2 5 FC3 4
def encoder(self, x):
# IR a7 2
h = tf.nn.relu(self.fcl(x))

+ HME
mu = self.fc2(h)

# JEM log
log var = self.fc3(h)

return mu, log var

Decoder #532 KAE 5 B ) &z, TS A E R fth.
def decoder (self, z):
# IRYEREAL B 2 AR R A R
out = tf.nn.relu(self.fcd(z))
out = self.fc5 (out)
# RIETE T HdE, 784 MR

return out

VAE [T A TS R SN T

def call(self, inputs, training=None) :
# AT
# [b, 784] => [b, z dim], [b, z dim]
mu, log var = self.encoder (inputs)
# reparameterization trick
z = self.reparameterize(mu, log var)
# IR S AR AL
x _hat = self.decoder(z)
# REEREA, KHMHE ST %

return x hat, mu, log var

12.5.2 Reparameterization $15

Reparameterization B2 A S Z24, HMNESHAHAN (O, DRI 3K e, 18
T z=p+ 0@ eR[BRAERR A & -
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def reparameterize(self, mu, log var):
# reparameterize?ﬁﬁi Akﬂ§§5}ﬁ€%Fﬁepsion
eps = tf.random.normal (log var.shape)
# HE bR EZE
std = tf.exp(log var)**0.5
# reparameterize $I5

z = mu + std * eps

return z

12.5.3 W&k

WA 25 [ 5 1125 100 4> epoch, FERM VAE BRI AT ) H SRS EERAA, @A X
BUR BB S R R IE, g [log pe (x12)]. {4 AFK(12-2) 5Dy, (49 (210 |p(2) ) 182

T, B 3R TR T A IR 2 A A
Lo
model = VAE ()
model.build (input shape=(4, 784))

# PLieds

optimizer = tf.optimizers.Adam(lr)

for epoch in range (100): # VI%: 100 4> Epoch
for step, x in enumerate (train db): # HJjillZ4E
# 9T°F, [b, 28, 28] => [b, 784]
x = tf.reshape(x, [-1, 784])
# AEER RO RS
with tf.GradientTape() as tape:
# HTFETHE
x rec logits, mu, log var = model (x)
# BURIHA
rec loss = tf.nn.sigmoid cross entropy with logits(labels=x,
its=x rec logits)
rec loss = tf.reduce sum(rec_loss) / x.shapel[0]
# WH KL BU¥ N(mu, var) VS N(0, 1)
# ~AXS*: nttps://stats.stackexchange.com/questions/7440/kl-
divergence-between-two-univariate-gaussians
kl div = -0.5 * (log var + 1 - mu**2 - tf.exp(log var))
kl div = tf.reduce sum(kl div) / x.shapel[0]

G IFRZET
loss = rec_loss + 1. * k1l div
¥ HEIRS
grads = tape.gradient (loss, model.trainable variables)

# BB

log
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optimizer.apply gradients(zip(grads, model.trainable variables))

if step % 100 == 0:
# ATENNZRiRZE

print (epoch, step, 'kl div:', float(kl div), 'rec loss:', float(

rec loss))

12.5.4 B ARk

B 2R R R RT RS 85 0 2%, e MSEIR AV (0, D KRR IR R ) &, I i

281G B &, /5 Reshape KB 7 HifE:
# MR RBOR, WIES A BENLREE 2
z = tf.random.normal ( (batchsz, z dim))
logits = model.decoder (z) # UEIIISEERE
x_hat = tf.sigmoid(logits) # i AEEIEH]
x _hat = tf.reshape(x hat, [-1, 28, 28]).numpy() *255.
x hat = x hat.astype (np.uint8)

save images(x_hat, 'vae images/epoch %d sampled.png'$%epoch)

# AR, AINREEREE R T

x = next (iter (test db))

logits, , _ = model(tf.reshape(x, [-1, 7841)) # FIFIiENAmILE
x_hat = tf.sigmoid(logits) # ¥t NG RMA

# WHE N 28x28, [b, 784] => [b, 28, 28]

x _hat = tf.reshape(x_hat, [-1, 28, 28])

# FARIHT 50 K+ HERIET 50 KA AIF, b, 28, 28] => [2b, 28, 28]

x concat = tf.concat([x[:50], x hat[:50]], axis=0)

X _concat = x_concat.numpy() * 255. # KEHN 0~255 JilH

x _concat = x concat.astype (np.uint8)

save_ images (x concat, 'vae images/epoch %d rec.png'%epoch)

B EEPSCRME 12.14 B 12.15 B 12.16 i, 918 RTHES 1, 10,100 D
epoch i, FAMNREERIE S, SREMEEZCR, FkEFME S TINESEE A, £ 55
RIS R AR . B A AR BRI 1217 |/ 1218 I/ 12.19 B, A BlEoR TIESS

1, 10,100 4> epoch i, B F BIAE RR o
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| “'4:—-0:5 ‘s

~ T ’
' A ” "‘

12.17 BIR4%m: epoch=1 12.18 BER%.R: epoch=10 12.19 EIR4%R: epoch=100
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12.6 &&3CEk

HintonE.Geoffrey. (2008). Reducing the Dimensionality of Data with Neural.

KingmaP.Diederik, & WellingMax. (2014). Auto-Encoding Variational Bayes. 2nd International
Conference on Learning Representations, ICLR 2014, Banff, AB, Canada, April 14-16,
2014, Conference Track Proceedings. % K i: http://arxiv.org/abs/1312.6114
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What I cannot create, I do not understand. -- Richard Feynman

TE 2B X 5T 4% (Generative Adversarial Network, GAN)&BHZ B, 2485 H w2584
ARSI SLIE R, A MEMA g RIBRRE, ARrE R ELERR S, H
s NRIE 2 ] LME S 5 i oy # i B B v S AL AR O B A o

2014 4, Université de Montréal “K2# Yoshua Bengio(2019 4 & R A4 #) )2~ 4 Tan
Goodfellow #&H 1 A s M4% (Goodfellow, LAK AR, 2014), MITGFFRE 1 VRS %> i
KT AREIRTRTT 2 —, M 2014 4EF] 2019 4F, GAN KIBFFeka Bk, HFFCHEMRL%,
O VAT B R AR B R B R IA R T IR MERF R, B ANIRE . HT GAN
)8, lan Goodfellow %3k GAN Z AWk S, FH3RTF 2017 FhRA B TR MUL I 35
Innovators Under 35 21, 13.1 J&7R T M 2014 4EF) 2018 4F, GAN FAYHUAS T B 548 Ak
PIRR, TTUEBAERE RN, SREERE, #F 7 BEREET.

—
N
N 3
- 4
2015

2016

2014

& 13.1 GAN 5 B 4 BSR?

13.1 tHZEE S 2 f)

FRATH — 18 S A AT S 28 A O R 44 ) A . 5 R8 — X XU
#, SHMANE T GHZ KD, G UMTRENSE, D5 I n|mft. EEEER
RIW o, WHE RS2 T il g4k, G &l 7 kA AT A E E, W
13.2() 7, W T UL D 8RR A S, w5 G BIfERIEST, (HEANWERAGEEN], £
D fIHR51 T, G PR ST An a2 ) F2 AR50 B0 A0 Tl 500 (o R T

—HJ5, GHRIH T RERFEAT), D il SR A ENYIEE G R, VPR T
EHUER BT, IEI D A5 G RS A EMA T, WK 13.2(b), (HEGEKEZ MG
Mg, BEE, GMAREIBEARCLRILE T, AL I B AR EE] . B AR iE
ALE FLEE R P EAE, B 13.2(c), H72 D [FFEmEE S G FHAmAER 20, 32T T
AR ST, HAT G EEHR Z CaE@ TR, (ERN AR M BEAY, fEihiH
feispifls R a5 A gL, SO THE, G LEI AR T KAF e, 24
MR AR AR 5838 KU IS MEQDME RS, SERImZoKAE, ik 13.2(d), BIfELER D
ERDIIEAR 2, MR S M IR I fh X 7 Tk

3 i R AR R S — Sl A A ) S ST R, I XU TR ), AR
i REBE| AT . GAN AT TR B, 2 BaL TSI it

! K/ 3k B https://twitter.com/goodfellow_ian/status/1084973596236144640?lang=en
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TR LA G, ST R JAN RS Do RILBmEMF T, LM GHetE
= B DR K. S DB S SL IR A G ERIREA Z (8] 11X
B, FR TR AR, P ESERREA NI, RS G AERREA . RS G [
FERAESA D], Al BB AR ROREAC RENE B i 25050 4% D,  RITESESI4s D thEnl v, B
& G NI FSH, Zullis B O AR AE D HHAI . £ G
M Es D M E Y, BEEXFPH AL AR G AERBIREARIEEIER, 13504

D FAEHMES
ai{ “!" Al :
@ (b) (© (d)

B 132 EROBKNITRER
TEJR A1 GAN XX H, Ian Goodfellow i 1" 73— MNME R B ELMIRA 43 GAN A
AR ES LS G FIDhRER /& = A — R ANAE S 18 AR EHR B IR 40 2% D, 147 %% D @it
BRI ES G KA IBRED R BRSPS RIS 77k X PN 8 EAH B 2R f i F
B FEER T, BEREIERES G AR EwRER, EEMNE D AR,
X PR ) ARG GAN B2 5 MR iR 5 2 BT M 8 AANE, T
AR GAN 11X 25 45 ¥ A L JR B

13.2 GAN [R18
SULEFA TR IE A R LR 4 B I8 S K R 2507 0

13.2.1 MR E5H

RTINS B S T 2 ST AR RN 2% (Generator,  G)F1 |5 X 4% (Discriminator,
D), M AR s 87 T SRR AR IR LS A0 AT, 0 IR 2% A7 B A RN 28 SR R A S LS
FEARX 73 I K
HERRMG(z) £ M G A i 20 Decoder THREISAL, MAELE 7 Aiip, () H R FERRR
Biz~p,(), WAL ERME G ZHAIp,(x|2) 704, SRIFERFEAx~p,(x|2), A
13.3 frox. H BeeAs Sz i) Ja i 7 Aiip, (O v LU T3 2 s oA, tetnz e 5o
fiz~Uniform(—1,1).

& 133 £HME G

pg(x|2) T AR EEM 2 MRS Htl, I 13.4 Fios, II51 90 Aip, () TR FEH
iz, @2 R ESREMNES BRI, (x| 2) 7040 TR A x o
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i -
] ‘ ui v/
o - RN
A
I {f
(5 Rk 4 % EHEERE i RHEE N xp

& 13.4 & EEHMREE ML

FIBIPLED (x) 50 WA 2 AR ) —or KR DI RERML, B MR, B TR
HSHHE D A p OBIFEA X, ~p, (), BEE T RFE B AR B A ~pg (x]2), x, M

x  FLIF LR 1 5 46 (IR B 5 . P N 26 3 o8 T LSRR A HE R P (L | x) s

FATHEFTA HSLFEA X, PR ZEFRE N (L), T AR 287 AL IR AR x p b 9 fB(0), JEiE
/MU X 28 FRIIAE S AR 2 22 TR R R ZE R AL FI M 28 240, Il 13.5 o

5 B iE KR /////
i {1 % B BERE
- w‘« 4 \
| }

AR K x —-
G ez AR A%G I A NE } - °
P(x7 £ |x)
A
Pl J FIAA 2D
J
,l

’

AEERAx,, WmEHE

& 13.5 44T B w4

13.2.2 M 4&)I1%%

GAN 282 51 i) BARGRIRGEAE 7o b, e T2 G AT D o fib H
FRAR—RE, AR BT I 25— B PRI — M. R TR 1A A A T3]
ik R

XTI D, A0 F R A0 (RIFHL AN L SR Ao, SR Ay . DAL LR
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B, B H A fse /MU BT R TR AT S0 SR 2 8] R 5 SIS 458 2K B 4
mgin L= Crossentropy(Dg (x7), ¥r» Dg (X)), yf)

HrDg (x VIR HSLHEAR X, AE IR Do KIS, 0 PRI IS HEE, Do (xp) AL
FERx AL A IS,y 92, OFREE, T HSREAPRENE, #ly, =1, ye NAEK
FEAR M HIFREE, T AEBFEAARE N, Wy = 0. MR = 70 JE Al R S8 S 1 2K bR A

E X
L=— Z logDg(x,) — Z log (1 - De(xf))

X~y () xf"’pg(')

PRl X 2% R IL AL H A

0" =argminL
6

?Emginlll‘lﬂ%ﬂ%?ﬁ%%jmgx —L, FERIHERA:

0* = arggmax IExr~pT(.)logD9(xr) + IE'xf~pg(-)lOg (1 - Dg(Xf))
AR G(2), Fl1H Eay = G(2)BESARLF I FU M4 D, B A 21
o0 265 FR) i 1 RS S AR BT o AU, AEUIZRAE I 2RI S A5 B2 0 1 4% £ i
D(G(2) VIIE 1 481, LM 70 SRR B

mdénll = Crossentropy (D (G¢ (z)) , 1) = —logD (G¢ (z))
?qugnlll‘tﬂ@iﬁﬁ%ﬁimgx —L, JFE R

¢* = argdr)nax E,p,(ylogD (G¢ (Z))

Y

>
4

S AL

¢* =argminL =E,_, ylog[1—D(G4(2))]
¢
Hho NERMZ S ELE, AT UM AIELE T REERIE S .

13.2.3 &—Hir ¥
A O 2 B0 BRI BRI ) B AR 2 9F, 5 Momin — max 28K

mdg'n max L(D,G) = Ey - ylogDg(x,) + IEfoPH(.)log (1 — Dy (xf))

= Ex~pr(.)lOng(X) + IEZNPZ(.)IOQ (1 — Dg(Gd)(Z))) (13-1)

FERURE QR -
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Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, &, is a hyperparameter. We used k& = 1, the least expensive option, in our
experiments.
for number of training iterations do
for k steps do
e Sample minibatch of m noise samples {z(!), ..., 2™} from noise prior p,(z).
o Sample minibatch of m examples {z(!),... 2(™} from data generating distribution
Pda a(:t).
odljpdate the discriminator by ascending its stochastic gradient:
1 m ; ;
-l (@) _ (i)
Vg‘,m ; [logD (:1: ) + log (1 D (G’ (z )))] .
end for
e Sample minibatch of m noise samples {z(1), ..., 2™} from noise prior p,(2).
e Update the generator by descending its stochastic gradient:
52w (10 (e ().
end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.
.—\I—l S
13.3 DCGAN LAk
AFTEADRTE A =R Tushig k& B 7 B sk ik, £7% DCGAN (Radford, Metz, &
Chintala, 2015) B2 4544, el s R @G BUR LI, - A peas A e BB AR S8
b1/
13.3.1 Zg B Fr HdlE e
FAMEH e —H —Ooushi@ MR BES?, 36 51,223 skE v, TehmidE e, B
FARCHEBY . XFFIG—4HE] 96x96 Ko, HFE A WA 13.6 Fion:
— .
SRAQY S EENE
. ol W ! < r "
I '% 8 =
RNCEEEEL Ll oL
v e g
ol -1¢Re H L BE
EELBEERLYLY
£l M j A
)
« lz! Ql%‘ﬂ@dk“)ﬂ
13.6 shigkGERHIRE
X B AR, AT R RIS A B AR, AT IR GAN

HiEARS, JEeA e XEEE— SN AN E CREgESE, X B EZET
make anime dataset() BRI IR [A] 228 A0 EE 47 IR A SR X 51

# BHEEKIE, https://pan.baidu.com/s/leSifHcA EHY: g5qga FEMIE
img path = glob.glob(r'C:\Users\z390\Downloads\faces\*.jpg")

2 BRI H https://github.com/chenyuntc/pytorch-book
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# MR R

dataset, img shape, = make anime dataset (img path, batch size,

resize=64)

Generator

& 13.7 &R

13.3.2 £ 2%

A2 4 DR EGRZ HOTHER IR, BERKEDY 100 BIFEGERIA FEz Reshape
N[b,1,1,100]1) 4 4E5k &, IFKPEEHEBEERZR, BOGRTEYERE, U Rk K iE £t
FE, RJGAEIETEN 64, HEHCN 3 KRGE . BANEHZE TR BN ZR 46wk
FasE M, SRR IERAE I i E A R
class Generator (keras.Model) :

# AR 2%

def init (self):

=False)

False)

False)

False)

super (Generator, self). init ()
filter = 64
# HEGHUZ 1, it channel 4 filter*s, K/ 4, BK 1, AMEM padding, A

self.convl = layers.Conv2DTranspose (filter*8, 4,1, 'valid', use bias

self.bnl = layers.BatchNormalization ()
# HEBRZ 2

self.conv2 = layers.Conv2DTranspose (filter*4, 4,2, 'same',6 use bias=

self.bn2 = layers.BatchNormalization ()
# HEGPZ 3

self.conv3 = layers.Conv2DTranspose (filter*2, 4,2, 'same', use bias=

self.bn3 = layers.BatchNormalization ()

t HEEGHE 4

self.conv4d = layers.Conv2DTranspose (filter*1, 4,2, 'same', use bias=

self.bnd4 = layers.BatchNormalization ()
# HEGHE S

self.conv5 = layers.Conv2DTranspose (3, 4,2, 'same',K use bias=False)

PR R 4 AR TR AR AR SR BN T
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def call(self, inputs, training=None):

x = inputs # [z, 100]

# Reshape 7 4D iK&, TTEFEHKEEIIEH: (b, 1, 1, 100)
tf.reshape(x, (x.shape[0], 1, 1, x.shape[l]))

X
x = tf.nn.relu(x) # WUGKRLL

# HEEH-BN-BOSRE: (b, 4, 4, 512)

x = tf.nn.relu(self.bnl (self.convl(x), training=training))
# HEGH-BN-BERE: (b, 8, 8, 256)

x = tf.nn.relu(self.bn2(self.conv2(x), training=training))
# HEGH-BN-BIERE: (b, 16, 16, 128)

x = tf.nn.relu(self.bn3 (self.conv3(x), training=training))
# HEGH-BN-BERE: (b, 32, 32, 64)

x = tf.nn.relu(self.bn4d (self.conv4d (x), training=training))
¥ HEGP-BUEEE: (b, 64, 64, 3)

x = self.convb (x)

tf.tanh(x) # fl < JERE-1~1, 570403

b
I

return x

13.3.3 #5728

P28 5 KIS AHE, BB2RN N[, 64,64, 3] IR ok, Lkl 5 4
GRUZSCHUFIE ARG BARE &t K/ N [b, 2,2,1024], @ LIbL)R
GlobalAveragePooling2 D KHHRFIE K /NE# A [b, 1024, failid — M Z 3R 2R T
Eadin) e
class Discriminator (keras.Model) :

# A

def init (self):

super (Discriminator, self). init ()
filter = 64
# B 1

self.convl = layers.Conv2D(filter, 4, 2, 'valid', use bias=False)
self.bnl = layers.BatchNormalization ()

# BRE 2

self.conv2 = layers.Conv2D(filter*2, 4, 2, 'valid', use bias=False)
self.bn2 = layers.BatchNormalization ()

# BRZ 3

self.conv3 = layers.Conv2D(filter*4, 4, 2, 'valid', use bias=False)
self.bn3 = layers.BatchNormalization ()

# BRE 4

self.conv4 = layers.Conv2D(filter*8, 3, 1, 'valid', use bias=False)
self.bnd4 = layers.BatchNormalization ()

# GBHZ 5
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self.conv5 = layers.Conv2D(filter*l6, 3, 1, 'valid', use bias=False)
self.bn5 = layers.BatchNormalization ()

# LR

self.pool = layers.GlobalAveragePooling2D ()

# FHIEAT P2

self.flatten = layers.Flatten()

¥ 2 RAEERRE

self.fc = layers.Dense (1)

2 O H ) SRR SR
def call(self, inputs, training=None) :
# GR-BN-WUEREC: (4, 31, 31, 64)

x = tf.nn.leaky relu(self.bnl (self.convl (inputs), training=training)

# G -BN-BURRHEL: (4, 14, 14, 128)

x = tf.nn.leaky relu(self.bn2(self.conv2(x), training=training))
# G -BN-FUERHEL: (4, 6, 6, 256)

x = tf.nn.leaky relu(self.bn3(self.conv3(x), training=training))
# BR-BN-BOEMAL: (4, 4, 4, 512)

x = tf.nn.leaky relu(self.bn4 (self.conv4(x), training=training))
# GR-BN-FUEREL: (4, 2, 2, 1024)

x = tf.nn.leaky relu(self.bnb(self.conv5(x), training=training))
# GI-BN-FUEREL: (4, 1024)

x = self.pool (x)

# 3T°F

x = self.flatten (x)

# #it, [b, 1024] => [b, 1]

logits = self.fc(x)

return logits

13.3.4 Y E T

FIFRLE MR A (13-1), ARG R H P2 RLL(D, G) s, (1R SERHEA
PR AR EAE T 1, A3 A A AR TN FRBER AT T 0. AR FI bl 1 22 bR
HOSLHAE d loss_fin o, FFILSREARRIE N 1, AEBFEARREAN 0, JRE I B/ MU R 2
SRR PR BORSEBLE KALL(D, G) R 4L
def d loss fn(generator, discriminator, batch z, batch x, is training):

# TSRO A ) 1R 22 B K

#ORFEA B A

fake image = generator (batch z, is training)

# FIEERIE

d fake logits = discriminator (fake image, is_training)
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# HIE HSEE

d real logits = discriminator (batch x, is training)
# HSEEAE 1 ZIAKiRE

d loss real = celoss ones(d real logits)

# EMERE 0 2R E

d loss fake = celoss zeros(d fake logits)

# GIFRE

loss = d loss fake + d loss real

return loss

Herbr celoss_ones BRELTHE 1T FRIIME R S HREE 1 18] 52 SRS K -
def celoss_ones(logits):
# ISR TSR0 1 S SR
y = tf.ones like(logits)
loss = keras.losses.binary crossentropy(y, logits, from logits=True)

return tf.reduce mean (loss)

celoss_zeros PRALTH S Y HT TIMIMEAR SRS 0 2 18] B A2 X0k «
def celoss zeros(logits):
# HHEIE T S5 0 22 XA
y = tf.zeros like(logits)
loss = keras.losses.binary crossentropy(y, logits, from logits=True)

return tf.reduce mean (loss)

FERRISS (1125 B AR B IMEL(D, G) FARER S, 1T 2USREAR HAE s 06, AL
IR A BRI MUE, -y, () log (1 — Do (Gy(2)) JBUHITT. 7T LLBALH A IR AR

1, HoMEIER A2 ORR % . EERRR, ERAEHFRENSRES, stz T
TR KR, ERMH B R R EE R RS NS, T 8 2% 24
def g loss fn(generator, discriminator, batch z, is training):

# RFEERRE

fake image = generator(batch z, is training)

# EIGRE MRS, T 2B AR A P P P E N

d fake logits = discriminator (fake image, is_ training)

# RAERE RS 1 2 RE

loss = celoss _ones(d fake logits)

return loss

W% 105 epoch, MM FIEHLT R BRI B, A0S 8O B b B WL RRE S
B, i A R B ORI ROk, SRR B R S . eI R
SRRT, AR T BRI SR, EE RS RS OB B . I T
% k=5 VR, ERBIIG K.

B ORI R4, TR0 BRI EEE B 52
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generator = Generator () # G4k

generator.build (input shape = (4, z dim))

discriminator = Discriminator () # @& 558

discriminator.build(input shape=(4, 64, 64, 3))

# T BN AR S A A A B

g _optimizer = keras.optimizers.Adam(learning rate=learning rate, beta 1=

0.5)

d optimizer = keras.optimizers.Adam(learning rate=learning rate, beta 1=
0.5)
WIZRHR 7> SEBLAN T -
for epoch in range (epochs): # II% epochs X
§o1. VI
for in range(5):
# RPERRIR ) B
batch z = tf.random.normal ([batch size, z dim])
batch x = next(db iter) # KFEFSCEFA
# P ES 0 T
with tf.GradientTape () as tape:
d loss = d loss fn(generator, discriminator, batch z, batch
x, 1s training)
grads = tape.gradient(d loss, discriminator.trainable variables)
d optimizer.apply gradients(zip(grads, discriminator.trainable v
ariables))
# 2. YIRS
# SRRERTE )
batch z = tf.random.normal ([batch size, z dim])
batch x = next(db iter) # KFHSEF
# Az RS RO R THA
with tf.GradientTape () as tape:

g loss = g loss fn(generator, discriminator, batch z, is trainin

grads = tape.gradient (g loss, generator.trainable variables)
g optimizer.apply gradients (zip(grads, generator.trainable variables
))
HF[EI % 100 1> epoch, AT —IRE ARGl @It N SeIe A R BENLRAE RS I &, A
AR IR A s FEERAE ST
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CRAT
&1}) ﬂ@;
G P Dl ﬂ
Q RIARE D

< LG

13.4 GAN 25 fh

TR IER GAN 18 X H, Ian Goodfellow MIEVEZHI 7 HT T GAN M2 ks, I H.
E 2N R BARENR 1T B R A Sr ), Wk 13.8 Fiw, HAE(a) v MNIST %
5, E(b)>A Toronto Face ##i4E, Kl(c)(d)y CIFAR10 £# £

& 13.8 JRIA GAN BIH4ERSR (Goodfellow, MUK EAA, 2014)

ATUER], JR4G GAN BALE B A R IF AR, A VAE Z5I AT, JFBCA FRILH
BRI ATEITRE ST . (H2 H T GAN FEBIR Ty HBCH A, SEPly A 1R 2 7T LA kst
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fIh Ty, KORHIOR TR I TG FEH TR HL,  GAN B 7 i a2 sk
7, IF HABEAS TSR . 5 TORBATREAN A LA E LB K [ GAN 22 F4

13.4.1 DCGAN

HHIUANT GAN 2% 5 BT 482 2 S I AE R A 28 N 2%, T R IR 4k P A
B, MESEEE K, NERRIRRHFASL . DCGAN (Radford, Metz, & Chintala, 2015)#%
H T A B SRR S AR U 4, B A AR R SR A R N 4, KRR BRI T 4%
¥, AN E A A RCR B KIRIR T, BELT GAN BRI F AR iU i VAE
BRI B, b4t DCGAN 1EFHIEHEH T — RINEI IR GAN M ZRiETT, XEH T,
1E WGAN $2 2 B #EIE SEA 26 T M 2% ffeE Il 25 T RATE4EH DCGAN S8/ T —
e shig LG 0 B v A A .

13.4.2 InfoGAN

InfoGAN (Chen, BLEHAIN, 2016) %A I TE M (177 30255 > a0 Ao ) RT A R )
#7378 /7% (Interpretable representation), R[IAy B2 K& m] Sz B8 0% 0 5 B8 1935 SRFIE. X
Wiy T MNIST FEHFE v, JATA LLAAET 855 TEARF L 5 RS 2 B B
i, Ty AR RERS 2 5 B B8 43 B ) (Disentangled) AT RRRFIER N 51k, M ] 4
B RHIE SR AR BtR T N B IREAS s XF T CelebA 2 N B4R, Ay B ARY n] DAFE R AR
RIS DL TR A S RE BRI . 2 B I AT AR BRI A AT A Ak le 2 e vl Lk ppse
WR2% B AT R ETE 0, Lz B 1 — B85 B A R AR R AL, S FRATT AT DA A AR
X =AML E BT R RSAT A FE SO A s, &l 13.9 fos, dibr « siRes 5
7 5 “AEIRGES L MEmEMR, S CAEIRE L MERmEAEM, "RV

“EIRET L AERRE A

man man woman
with glasses without glasses without glasses

13.9 T ER4FIERERE (Chen, AR EMA, 2016)

woman with glasses

13.4.3 CycleGAN

CycleGAN (Zhu, Park, Isola, & Efros, 2017)24 N\ 2% AR Z e i e e B iy k47
KR A B i 5%, BT RATE R B, SRR ACR e AR R I, R TAEZ 3] TIR%
B2, CycleGAN SEAMIERE, WARMEA A FBHEIE A B, HMNER B FizlA,
LA ROZFN A SR [F—5k B, BRI T B2 AR AR GAN $ik 14k, CycleGAN B3 T
PEA—BUMEA 2K (Cycle consistency loss), KIRIEAR e S AJEIT. CycleGAN E i
B K 13.10 A
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Monet 7_ Photos Summer > Winter

Photograph Van Gogh

13.10 B REBRYE

13.4.4 WGAN/WGAN-GP

GAN WIYIZkin) @ — B, R 2 I ZRA SR U SIS . WGAN
(Arjovsky, Chintala, & Bottou, 2017) WL JZTHI 73T T SR 4G GAN {5 H IS 8B 477 ik
Féa, FFHEH 1 AT LS Wasserstein PR 2R AR I AN A . 78 WGAN-GP (Gulrajani, Ahmed,
Arjovsky, Dumoulin, & Courville, 2017)41, {EFHEH 7@ AR &I, W TARE R
TFESEEL T WGAN B, JF HESGIeEiEsk 7 WGAN YIZRtase ik si.

13.4.5 Equal GAN

M GAN [H#EAE 2 2017 4EJEE, GAN Zoo ELAWUEEMEIL T 214 Fh GAN MIZZALFfS, XLk
GAN [ FhEl 2 B/ b B 7 —28flH;, SR1fT Google Brain [)JLAZHFFL A #E (Lucic,
Kurach, Michalski, Bousquet, & Gelly, 2018)i 3 H# it 7 13— MW i : A RS R B FA T
IR GAN A8 Fh By — B S FL iR WIA6 1) GAN Eiff. 830 rhxtiX £ GAN A8 RiiEAT 1 A
XA AP, A 2B THERIENEL T, JLFIrA I GAN 28Rt &S g ik 2 AH1)
I RE(FID 4030

13.4.6 Self-Attention GAN

Attention HLAHI7E H ZX1E 5 ALBR(NLP)H Al A SRR 2 1, SAGAN 4 T
Attention L, #EH 7 EET BIERSIVLHIF GAN 28 . SAGAN (Zhang, Goodfellow,
Metaxas, & Odena, 2019)4 & F (38 B FE #5845, Inception score, MEUFH) 36.8 &7+ %
52.52, Frechet Inception distance, M 27.62 [£%1] 18.65.

3 http://www.sohu.com/a/207570263_610300
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fix)
y Soo transpose T
convalution Ixlcony | .:;;: attention
feature maps (x) = map
ps (x) ’ » softmax e .
= @- - selt-attention
; m L teature maps (o)
} - : ol
™, Tnluamy ® :
T

13.11 SAGAN 3R F B9 Attention H#&l| (Zhang, Goodfellow, Metaxas, & Odena, 2019)

13.4.7 BigGAN

7£ SAGAN KJ%£7iti =, BigGAN (Brock, Donahue, & Simonyan, 2019)24i84 GAN Kl
SRy R RBIRIRE B 25, R IEAZ IEMME S B I fRUE I g FE R e M. BigGAN H R XA
TRERENT, GAN ML ZREFRE T DOCREHE . KE A2 4. BigGAN B A4 sl
RIXB| THIFTAE WIS Inception score 1CRIEFHE] 166.5 (3T 52.52); Frechet
Inception Distance FF&E] 7.4, F#K T 18.65, &l 13.12 Fros

13.12 BigGAN £ i Bl # &
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13.5 H+-151&

BUEBAINER R AT 0 b, @R gD, s G MHGE: D 2393
IER 2R Bk, BATRIRZR LT 2 A1)

Q [EE G, D 2WEEIH A RIUIRED?
Q 7 DEBHEIIREDE, G WSR2 IRZ?

B EHATE L X, ~p, () GRS 0] 745 H— D ER AR, Wil 1313 Fiow,
RAELE AR T HSEEHR I i, (), NREIES AN (1, 02), 2R ESRAAR T LK
W& 2 2 B AT xp~pg (), B CELRAK T HRIER KR A 2k, B (a)(b)(c)(d) 73 Al
IREE T AR R 15 S 302 . AERARIRES, B 13.13@)PR, pg (VA6 Sp, () E 75K
Ko FEE AT DR ERFA 2 S Bkl g, RIE 13.13() P IS 2R, Kok Apy (DR
FERFIEN 0, pr (DT HSREE RAEN 1o BEE A UL 1) 70 Afip g (SR BGE L H 5L 70 A
Pr (s FURIBSBORAL IR AR FAERFEA X 22 JF, Wl 13.13(b)(0)Fn. e, ATk 5:>]
B3 ipg () = pr (D, VRIS A28 PRAFIIAEARARH I R, FIBIa TR X 2y, BIAE
NEARFEARIB AR, WA 13.13(d)Fs.

7 T

(a) (b) (©) (@

13.13 #HHHI% S (Goodfellow, MAKEM A, 2014)
13.5.1 HRIBRZES

IAESRHE S — AN . (8] GAN B35 2% R 5

L(G,D) = fp,(x) log(D(x)) dx + fpz(z) log (1 — D(g(z))) dz

= fp,(x) log(D(x)) + py(x) log(1 — D(x)) dx

XTI EE D, AL H AR B KAL(G, D) R, 75 B4R
fo = p(x)log(D(x)) +p4(x) log(1 — D(x))
i KE, e 2D IS4
TRATTR FE fp S 368 Y 1) bR Bt KARL I D«
f(x)=Alogx+ Blog(1—x)
TERAF RS (o) B R E, R

df@ 11 1 1
dx T Inl10x In101 —x

_ 1 (A B)
T In10\x 1-—x
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1 A-(A+B)x
T In10 x(1—x)

D = 0, JATAT AR F () B ELIIRRAE £

_ A4
" A+B
RIk, BATATLIARHL,  fo BREUHIARAL 2 FRE N
_ pA(x)
pAx) +pg(x)
WU, FIERME DAL T Do ARSI, fo MBS I KME, L£(G, D) R BB EUS 5k
8. BERFRKANL(G, DS, L(G, D)5 KAE ML

A plx)

D* = =
A+B  plx)+py(x)

I HAR, BRI B S B R A D = — 2D

PAX)+Dg(x)°

13.5.2 £ AR A

TERHMESEE AR AT, BAVNHA—T5 KL BUEU 75— A A B S FE b
#E: IS BUE, & SUN KL BUE A A

D, (pllq) =f p(x) logpg %

p+q\ 1 p+q
Dis(plla) =5 DKL<p” >+_DKL< ||—)

2
B D IEBID I, BATRE UL p Mpg ) IS HUE:

1 -+ r +
Dys(prllng) = EDKL (pr|pz—pg) +3 > Dk1 (Pg| P > pg)
R4 KL BUE I E SR TN
1 T
Dys(prllpg) = 5(1092 + f Py () logL)(x) )
x 9
1 pg(x)
+ z(logz + fxpg(x) log —Pr -I-gpg(x) dx)
A I

1
Dss(prllpg) = 5 log 2 +10g 2)
1 pr(x) pg (%) )
+3 <Lpr(x) log—pr ey dx + Lpg(x) log P+ Py (O dx
Ell

1 1 r(x) (x)
D]S(erpg) =§(l0g4)+§<f pr(x) log p g( ) Lpg(x) lOglng(x)d )
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2 B R L& BGE DI, IS5 2% BRBUN -
L(G,D*) = fpr(x) log(D*(x)) +p4(x) log(1 — D*(x)) dx

_ pr(x)
= fxpr(x) lOg—pr+pg(x) dx+fxpg(x) log

DKL AE I 2 2K DI, Dys(prllpg ) 5L(G, DY) 2

pgy(x)
Pr + Dy (x)

1
Dys(prllpg) =5 (log 4+ £(G, D))
Ell]
L(G,D*) = 2D5(pylIpg) — 2 log 2

RN Giis, YIZH ﬁ%mam L(G,D), H#[EF| IS HUE A MR:

D]S(prllpg) =0
HILL(G, D) B iR/ MAIAED; s (pr | Ipg) = OB (UEESp, = py), L(G, D) HUAFHR/IMH :
L(G*,D*) = —2log 2
SIS AR B 45 G (RS 2

bg = Pr

BIG* 521 9 Atip g 5 S o Aip,— B0, W Z B BIGN 3574 A, et
R O
pAx) +pg(x)
13.5.3 gt % p
W FEHES, AT LSS A BN 4R G B &SR B A, R

bg = Pr
BERS AR SRR AR S B SREASR R — 40, BUBROHERE, 7805048 35 FE IR AR R ) e
Hakf, AP

D() =05

[ E RN ]

L(G*,D*) = —2log 2

13.6 GAN )| Z- X80

G BAITNHER R 28T T GAN MZRHE G 2] BB L SL A, (ER7E TR,

WO L GAN 2RI ZRPA XE R el R, 2 B TLAE :

13.6.1 S HHUR

AL

SRR TR LG, 33, IR HOIRES S S 800 M4 IR ZRid A2

K, ERESEOR R e BN RUIZREE RESAAE . K 13.14 s, ElafaE N



513 B AR BTN % [FERLALEEN] 18

IEFE NGB A BREAS, B () 1 4% i T3 K A Batch Normalization 251X E, T
 GAN WEIIGAFEE, TS, A RIFEA S BSTREAR Z IR R R K.

T RERTHLIZE GAN 4%, DCGAN B CHEE T T AME ] Pooling JZ. £ H
Batch Normalization |2 AN 452 . A2 BN EE R30S B BN 8 ] ReLU. & J5— 21
Fltanh, F5) /L8805 R HUNAE ] LeakyLeLU 25— R AL IGMERINZhbi Ty . {HZ XL RE
TE— B R I ZGARE IR, FERA WIS = R 4 2 LI ZRIA
M, DUS A SR AR SR AR E 1 i)

(a) (b)

13.14 BB EHUESLH (Arjovsky, Chintala, & Bottou, 2017)

13.6.2 #3535

152 H(Mode collapse) /& FEA A AL B IREA L —, ZFEMRIRZE. BT A0 8% H g4 )
BAEAR R H LA, FRRA N REARZ A T B0, S8 AL mT fefi
[F) T AR BB SIS A AT R 2 X [) o (1) /D 2 v B AR AR, RASERAE ) 1) 28 1A it P RAS s 1)
BERAE. BABIRILRAE GAN FELECH W, Wil 1315 o, g, il r e
B ES FIFEATT DU SR, AR Rl ) B R P R B —, 2B X 4% S At ) T 26 b o —
kg IR Fr, DA H0 0 25 .

Euvuuuuuy bbbbbbbbh
EElLTL L L L L L bbbbbbbb
CAARARANARAR AR AR R
CATARANANARRRANANR bbbbbb
LA TARANANARRRANANR bb bbbt
A ARARARANARARARAIYS bbbbbbb
OOV VDL 6666666666566k
Ao RO Gt bt bbb blebbbbbbt
20k steps 50K steps 100k steps

T T T T T Y Y
O T T T Y
T T T O Y

R TR EY
TR REERRRERR

10k steps

E 13.15 FEHFIEREEIR (Metz, Poole, Pfau, & Sohl-Dickstein, 2016)

A B B AR AR SR ] i 13.16 R, B AT AR IS SR
ERRR SNSRI R, fa—FIOE S A, B 2D w55 AT 9t U U
B RH A RS RN RIS RE, fa—FINESE . o] UR BIRSCH 70 A 8 it
RORATTG VBSR4 SR R T I S S A Bk [XTR], - 4]
S5 ATHT 6 SUFR, NI DX TE)RAE AR AR AT RE 5 1 531 &5 rh BB FI T N FCSERER,
Mt B 0 2% o AER IR GI AR IA AT BE B, FA 1A B 2L M 4 RENS BT LS
Hro A, AR F AT EIZEE D -
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- W B O O

- - - -

Step 0 Step 5k Step 10k Step 15k Step 20k Step 25k Target

13.16 1ERIFRIHRERE (Metz, Poole, Pfau, & Sohl-Dickstein, 2016)

13.7 WGAN |z

WGAN WERZ T 74T T GAN AR E IR, JF8 il 7 AR Tii%. R4
A AR FE T GAN IZRINEATEE e ? WGAN 1R F2 2Ry IS B AE A HE B 7>
Aip, qHIBEEE TR EE A 0 1, Wl 13.18 s, 440 Aip, g N EBNS, IS BUEERIBREE LG
90, MIM-FBULK GAN IIIZR MBS RO R, S HCRI RIS B, WL ILk
e/ e

T RBA TR VELH R IR TS HIUEE PRI LA T8 fiff DR B SR

13.7.1 JS BUE I GRIE
N TG 2 B HE T, FRA T L — A ] B AT ST SR AR IS B R
R AAEHEO # 0) 2 Morfiip, q, Hohadiph
V(x,y) Ep,x =0,y ~U(0,1)
g
V(x,y) €q,x=86,y ~U(0,1)
Hrho eR, 60 = OWf, 4)fip, qES, PIEMHE: 20 = 0N, 7ifiip, g NEE.

_r
—_—

0.8
0.64
0.4+

0.2

0.04
-0.2 0.0 0.2 0.4 0.6 0.8 1.0

& 13.17 $%p.q

FARI M LIk I3 Aip, q 2 [E)1F) IS BRJZREO AL O G KL #UE% 5 IS BUZHIE

1
D, (pllq) = Z 1~1095=+°°
x=0,y~U(0,1)
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1
Dg.(qllp) = z 1- 1096 =400
x=60,y~U(0,1)
1 1 1
D]S(pHCI):E Z 1‘1091/—24‘ Z 1-l0gm =log 2
x=0,y~U(0,1) x=0,y~U(0,1)

M6 = OfF, MU 2 Mo Aise S, JLI [ IS B KL #% ARIUS /M, B 0:
D1 (plla) = D1 (qllp) = Dys(pllq) = 0
M BT HE S FATAT L3 2D (p| | ) BEO 1AL AL 3«

D]S(P”Q) = {logz g i 8

WAL, 242 Mo e e AESN, TR A EE Bk, JS BUE N EEElog 2,
WG IS BB TCVE A R EE S AWt IE S, IS fE A FEAs), 7
EEBEERER: BRSNS, IS HEBSE/AME 0. W&l 1318 iR, L)zl
R 2 NESSAN, HT 2 M MKAES, EREARM BB EEGZ N 0, ToiEEH
A RS2 B S H, AT HH U DX 4 1 225 R HE PR B %

1.0

Density of real
Density of fake

0.8 | T 1
GAN Discriminator

WGAN Critic

-0.2 Vanishing gradients
in regular GAN
) — ‘ ‘ : : ‘ ‘
-8 i -4 ) 0 2 4 6 8

& 13.18 SEIAIFIRIEESYEIE (Arjovsky, Chintala, & Bottou, 2017)
AL, IS BB E A A A B S R ok I i & /0 A 2 (B I BE RS, I S8 & T8
Er AR, I GAN YIZRAFEE BIIEOL. E R @, 75 S —Fh S 4
)7 A PR B AT AR e, SRR A E SR, AR TIg WL AR 2 6] 1R B AR 4

13.7.2 EM FEES

WGAN B 3CH &I T TS BUHE T3 GAN IZAFE M, FHE5IN T —F# i1 ia
BfEETJ7%: Wasserstein Distance, 044120 B (Earth-Mover Distance, EM ERE), &
TR T DA A4 3 5 — A A s /MR, 58 SN

W, q) = inf Euyylllx—yll
v~I(.a)
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HAT1(p, @)= Aip, g H A K FIFTA FTREMNEC & A INES, T RERIBEE AR
Yy~ @), WEEE|x — yIIFHEE )~ [llx =yl HbC,y) KEEEBRE 2 fiy. A
[F I & ATy B A F I ERE )~y [llx — yIl], SXEEHIEE T 1 52 B E SO Aiip, q )
Wasserstein 855, HAHinf{(JFRRESI A, Blin{x|1 <x <3,x € R FHFA 1.

e el 13,17 RET, RATEERS H 5 fip, g2 (A1) EM FE B RIA

W(p,q) = 16|

2 H TS HEEE AN EM BRI 2k, Wi 13.19 fior, WTLVEE], JS BUEAES = 04 A%
Qﬂ;, HABAE FHCH 0, T EM FEE SRS EF N S RIS B, Bk EM BEE X T IS
BUE B IE A GAN %%,

-0 -0.5 0.0 0.5 10 -0 -0.5 0.0 05 Lo

(a) (b)

& 13.19JS 8UE 1 EM IE R0 imphsk
13.7.3 WGAN-GP

8B LA AT Be i P B A KK & 70 Ay 2 EEEE || x — y BT E o )~y [llx = 1T
DR b B AR U 45 9 AT p g 5 LSRR 5 Aip, (W (py, g ) BE RS EANILSE Y, WGAN 1
# #£ T Kantorovich-Rubinstein duality %E%ﬁ?W(pr, pg)%itﬁ%?'il

1
W(pr pg) - Ell lup IEx~pr [f(x) x~p [f(x)

Hrbsup(3RREEW B, |I1f]l, < KRR R > R & K- Lipschitz ZE4:VE, Rl
i 2

If Cx1) = FO)| S K * |xg — xp]
T, FRAVE AN ZE D () ZEULf (x) PR EL, {EDgii /& 1-Lipschitz 2RI R, R
K=1, Ithf

W(pr pg) = Sup IEx~pr [De(x)] x~p [De(x)]

[IDgllL=1
BRI SRARW (py, g ) I 1 BT LA £y

max Eyp, [Do(x)] — Exp, [Dg(x)]

1159 PR 4% R H D (x) 5 223 2 1-Lipschitz £13
7.D@®) < I



513 B AR BTN % [FERLALEEN] 22

E WGAN-GP &30, /E3E & H R F 38 Ik & 7€ 31 Tl Gradient Penalty) /7 23 48 {5 )
AR 253 /& 1-Lipschitz BRI,  [RIRVER R BUEAS BEE LR AE 1 I TRECR 4,
R 6 P32 165 51 30 5 S

GP = Ez-p [(IVzD(R) I, — 1)?]
(At WGAN #5048 D M2k B b5
max L(G,D) = Ey,~p, [D(:)]~Ex,p, [D(x7)] = 2Ez-p, [(I7:D @), — D]
EM #7/% GP ZEFTI

HrzkE T, Hx, 02 1E:
Z=tx, + (1 —t)xst €[0,1]
FIn g D ) H bR ME EIRERZEL(G, D), BlIEAE EM B E

By p, [D (6] ~Ex o [D(xp) IR ATREK, (17D ®IEIET 1.

WGAN I2E 2§ G iIlZk B br N
mdén L(G,D) = By, —p, [D(x)]~Ey,p, [D(xf)]

EM 5

BIMEA A 7 85 B 70 A1 5 SO0 Af Z [F] ) EM BREGEUINERGEF . BB RIE, -, [D(x,)]— BS54
e Joos, PRI AE s IR H ARl 509

mdgn L(G,D) = —Expnp, [D(x,)]

= _Ez~pz(-) [D(G(Z))]

MSEIRT 53 W25 F g AN T BRI Sigmoid 5 BRI IR 2 RN IR A6 R AS )
FIASHITIRERAER 2 7 RML, W Sigmoid REGRAZ AR 1 WGAN H H HI2HE A
EM SR B R R 02, H bR e d /M A U 45 1) 3 Afip  FUELSE 3 A, 8] FR) EMFRES,

IR AN 5 B8 0 Sigmoid OSBRI, 7E)I1ZE WGAN I, WGAN {E# #2714 ] RMSProp 5%
SGD S AN gl & AR .

WGAN NS JZTH R T 4G GAN 255 MBI ZAFoe MR, JRa T —Fosnm
PR R bR AE AN AR SCHUR T %8, U T AU B8R . WGAN I —E R EOfE 1
BURA BRI R R, {8 FH WGAN BRI 7 H IR i3RI R . R BRI,
WGAN(— M) FHA RedE AR I AR BOSUR, AGR ORI T AL ZR IR e . Wil 13.20
B, JEUGERCA B DCGAN fEAME A BN JZ55 3 e i HIL 7 IINZRA TR LS, fERIFE%
JE T, A WGAN Kl ZRA] 75 28 7T LUt IR, ] 13.21,
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13.20 A7 BN 289 DCGAN & 88 (Arjovsky, Chintala, & Bottou, 2017)

|

D

& 13.21 A% BN EH DCGAN % 28, WGAN j)llZ (Arjovsky, Chintala, & Bottou, 2017)

13.8 WGAN-GP 32#%

WGAN-GP # A 0] DLZEJE SR GAN SZEL I FEmE FAVHD &850 . WGAN-GP FEAY 1) 3]

gl e Ve HE AN R AR A S IR, it AN TR ZEI0 Sigmoid S BRI R E IR R 1 )

I,

def

SRR«

gradient penalty(discriminator, batch x, fake image):
B R T T I A R

batchsz = batch x.shape[0]

B FEATIBEHIRAE €, H 6 E

= tf.random.uniform([batchsz, 1, 1, 11)
Had &R < IR, (b, 1, 1, 1] => [b, h, w, c]
= tf.broadcast to(t, batch x.shape)

FE SR 2 T e A

interplate = t * batch x + (1 - t) * fake image
# FERREEMIE TS D X EAE AR

with tf.GradientTape () as tape:

tape.watch ([interplate]) # NIAFREM LTI

B T s
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d interplote logits = discriminator (interplate)

grads = tape.gradient(d interplote logits, interplate)

# WEEMEARNEEZ NS (b, h, w, c] => [b, -1]
grads = tf.reshape(grads, [grads.shape[0], -1])
gp = tf.norm(grads, axis=1l) #[Db]

# THEAR R AG T

gp = tf.reduce mean( (gp-1.)**2 )

return gp

AR IR R B B S LA R

def d loss fn(generator, discriminator, batch z, batch x, is training):
# V5 D IR R R AL
fake image = generator(batch z, is training) # frff4
d fake logits = discriminator(fake image, is training) # B A 1 B L
d real logits = discriminator(batch x, is training) # EREAR % H
R 1 T
gp = gradient penalty(discriminator, batch x, fake image)
# WGAN-GP D U REREIIE S, XHEIFAZ ISR, T2 B AR IERE A (K%
# B/ MBI AR [ Hh RS B 1 1 5
loss = tf.reduce mean(d fake logits) - tf.reduce mean(d real logits) + 1

0. * gp

return loss, gp

Az A IR B B SN T
def g loss fn(generator, discriminator, batch z, is training):
# AR IR R
fake image = generator(batch z, is training)
d fake logits = discriminator (fake image, is_ training)
# WGAN-GP G HiREREL, e RAMREA i A

loss = - tf.reduce mean(d fake logits)

return loss

FINGARIEEAAE, 5FIER GAN ML, FHI6s D BERZ /A —> EM B
THEASAELE, U S8ERS, A REsBA A, ATELENIZRN —A Step YIZRHH % D
E2V ¢
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AI=DLA+RL --David Silver

AL S ) RN ) U A B o), BB AN A — MR s, e B
o 5 IREEHEAT A BN % 2] BIRESRAT R AP &5 RSN . 5H MRS IAR, @izl
VEFREA I BIbREE R, RA WIS B2 E 8, @ B A — e e 1.

B RSP A T, SRk 2 21X — A RS TP R R . 2015 4, 3E[H
DeepMind A EHEH T HE T URFEAIE S R ) %, (ERTANRE . Ik, ek
55 49 A Atari TERHHUS T 5 AZEA G IER KT (Mnih, BLIARA, 2015); 2017 4F,
DeepMind 2 H! 1] AlphaGo F&/7 LA 3:0 (1) b6 2 it F FE BLHE 4 56 — I T3 (Silver, BAK
HAth N, 2016); [H%E, AlphaGo [T A AlphaGo Zero 7ETCAEAT NZRAR T, @il
H 3R Z2ER 5 REL 100:0 &1 T AlphaGo (Silver, PAKH:Al A, 2017); 2019 4, OpenAl
Five F2/7 LA 2:0 5§ Dota2 th 56 % OG FAMHE, R XK LSRN A FrpR 1, [H 2
XF T Dota2 iXFloxf T 75 ZLAE AR BEZK TR0 A BABME IRITiERR 1 VKR IE S8 F ik R e T
NS T AGI {5 &

KRERATEANERATE IR FREE, KPS E RSN Tk ERS R A K
P DQN #i%, #iI Dota2 ()3 E I Fi PPO SHE%%.,

14.1 SeRE AR

sk ) SR I BOE SAEGIIAT I E A AR, B T RERFINARIMES. £
e omAL S S RIS SRR A, BATSei@ad — AR ] 1 oIS Ak o7 ) B 1
T1o ANTEGRBNT, DURSZNTE, SREH- BRI,

14.1.1 “PETFIERR

PHEIFOR RGOS T AR WL NERRE. ANERTLLE BRI RS, T
A —ME AR B E AR NG B FEVIRIRES, ADNEA TR, FRENAENG L, A
REMOE L I BN A B SRR P, 5 B B A A KT R A P B
N BT UL S B i RIS R S R T I R, (Bl

N T RIHABDIRE IR IR, BA X B BRI 2 A AR A s 1R O ek s
T T RRRAL, 2308 ANEALE, NIRRT RN . B e
o S Ea y a E R B B 1R A R85, SR RS0 L2 B — N RpIRE, [
I th2eiR (ol — AR, BV — o FEREANI )Rk L1i, R RE A SRR s 11
FEE Fa,, ABHREIE R IR B A sy > TR B R il o
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14.1.2 Gym ¥ &

fEsRALA 2], ATDVE RGBS NS SRS EAT S, Il AL SRR AT R a
MIABPRE SR (ERH SR S R 2 1 DU SRR AN S5 R, — e S e UL
HBAFA S RIS, 5 SR B S

SR 2 AT LU R KR e A BRI, O 7 7 (R FTON R NP a2
R, OpenAl I T Gym Jii kS BV, M@ Python 165, R 2/ EACHRIA] 721K
R AE 52, A RARH T

OpenAl Gym P F A4 1 fa] B0 gL i st /NiE i, -PiThT, sl 255, Wwrr LA
Atari JiFXRIP AT MuJoco B (B BERULES o 4E Atari S8, A KK HAREE
/NI, BRSNS, FTREDR, FRAE4E, IREERPEIL B/, (ER X TR HRE JZRIR
e, AR E S VPRI RERE L

142 IR 143 TRESRTEM 144 FrENSA

H AT 7E Windows “F- 5 %% Gym M Ei 2% 3% Gym 2B 2| — 2w @, KN Gym i H 1)
B4 B A X Windows -6 SCRFFEA KLY, HEFE KA Linux BIE R24t%3%, 1217 pip
install gym 172 R 243 Gym R IEARE, WFHEEH Atari 5 Mujoco B4, 75ZEH0
SRR B . FATTLA 222 Atari FEADL &5 1
git clone https://github.com/openai/gym.git #HIHIJRICHY
cd gym # #EAHZF

pip install -e '.[all]' # %% Gym

ROk, A Gym MEEQUENFRIF AT S E B ZEE T 5 PR
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1. Bk Hid gym.make(name) R 7] G5 7€ 4 FK name HIERR, FFIRFIHERAT 4 env
2. BALERIRS — MR IR B A VIR, BT envreset() R AT & ALK, 7]
IF IR (B3 3R R UG AR observation
3. EonERE [ EId U env.render() R AT 27 BRI TEJER (1)U R T, — 50
o FEYIZRI VE L 1 2= 5] N — & BT EARDY, BRI IR — MeAS 7 1 i
4, Sk H @ env.step(action) Bl A $AT action sh1E, FHIR [T PR
observation. 4T #Jil) reward. JERRZE 45 bR E done DA RAMIAE B EUA info. 18
HEA PRI RS 5 B, EH R E G4 R
5. I P env.close()RI AT
TR T —BCOPHFER CartPole-vl 1A EAREY, RIXAZHETESIMEDA]: {17
fe, A RBENERFE—AS, SMIEHITRH, RS R
import gym
env = gym.make ("CartPole-v1") # GIEJFAkIAIH
observation = env.reset () # Jixk[AlRIWIIIRE
for in range (1000):
env.render () # o T A) R Ui XK I T
action = env.action space.sample() # BENLAZE—201E
# 5WEATH, IRECHFPRE, 2, 4N E, HMER
observation, reward, done, info = env.step(action)
if done:#IFkRIEGER, BA0RE
observation = env.reset ()

env.close ()

14.1.3 SRmE R

RTEIRA IR L2 5 TP R IR TR DB JRAT T WA o
SR (Policy). HEWS I N SARA s, 0t AN QB {EHI4 i (als), Horbi6 o HEms 6 3
TS, TR MRS Bl s, W 145 FTR, R RN Sy AN
U RS MRA TR, BIKRER 4 IR, 4t T SR O g (als): FIZeP(i
I) k1A P (1A s), 96 A B s 2 A 1

z mg(als) =1

a€eA
KA AN AR S . ZE RN RS, FRONRIEMZS. 1R B AR, FATTR] LUK SR
KB EARAC VN T RO 4, hTE] 2 A e ERERGR)E e R B BT SO 2 BRI
4o FEACHI, EPEMEER RIS

a; = argmaxmg(als;)
a

VERREEERAE T, ISR PR sep MK fibry,  AHHARIE R RIAT
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s: (R 8, %1%,
A E, ATiR)

145 TREEMILE
AT IR P 2% LB — 2 BRER R, 25K 4 m sy 128 1n &,
52N 128 IR BN 2 R, BISERMER 5 .
class Policy(keras.Model) :
# SRR, A BRI A A
def  init  (self):

super (Policy, self). init ()

self.data = [] # {FlEEE

# WA 4 B, WiHOvAE. A2 DElfE

self.fcl = layers.Dense (128, kernel initializer='he normal')
self.fc2 = layers.Dense(2, kernel initializer='he normal')

# ML ds

self.optimizer = optimizers.Adam(lr=learning rate)

def call(self, inputs, training=None) :
# IREHIN s B shape NFIE: [4]
x = tf.nn.relu(self.fcl (inputs))
x = tf.nn.softmax (self.fc2(x), axis=1)

return x

FECHRS, BATRGEA I B RSN, SR ifa i, BRIy — 4
4 JUAE T TR
def put data(self, item):

# il r,log P(als)

self.data.append (item)

14.1.4 B EHr

) L A B AR AL, 7 BRI AN FURRIE (S B, 36 LI I\ B4
RALRAELET G, (DR IRAE ST 5 GO BB ST R, R AR AR A2 51 1
AR e L BB E a, 3800 — A WIRRAOAF S URRORRIE o %, 7T DA — s R 2%
AEBHERIRFAR, (BRSO MEROAT IR, 2 e e FLA R — M R Fe ok
G5 R, R, TR S ARAE i — MRS e A W R\ b T
172 ¥ A RN IR M HGE R R E KR, BRSO 1070, £, e
AR RS S — MR, A7 (% A KA R ST B 1 A AR .



14.1 Seig Nk [FE Lt Aab B N 5

AN IO VL RENS TERR TR B IR U FL AR R 0 i
RV r ) WU (g ) B MEARBEFE ETHSEIA ML, Fefl T AR 2L, 0 sfemc o
Lot

0/ (6)
a0

BV R IEARHAL M X268, IR AR 1 A [

0'=0+n=*

TR, J (o) R HIIPHRIF S A, BT s, H22Pr rasm

ﬁﬁﬂ%ﬁﬁﬁ%oﬁﬂﬁiﬁ%ﬁﬁ%?%ﬁ%%%,E%%%%%EM&#%%%:

T
0
(Z@log o (adsg) R@)

AN H 2 Log g (acls,)JETRLAR () BT BT 51 22C, GE4i0" = 0 — 1«

2j(6)
38~ Erpe@

ZO) REH AT BN (0). AR AT LI BER, TARL L
S1,Q4,T1, S9, A, oy o, Sps TRALE IR HEEEBOPEL, log g (agls,) N A mE WX 25 (1) H A
%%WWM%@%W@ﬁ’%MWMMMJﬂu@ﬁRmm%WE%ﬁ%*%ﬁm%%

B
PN UDSTIVAR
for r, log prob in self.datal[::-1] :#WFHL
R = r + gamma * R # SIIFEAEAEEL LR ER
# BRI RV ERAR T 5 — OB
# grad R=-log P*R*grad theta

loss = -log prob * R

SERE MU B SR ACAS R
def train net(self, tape):
# PRI RIS X S . tape ABLEILTRE
R = 0 # AEREMYILEEIRAN 0
for r, log prob in self.data[::-1] R SU
R = r + gamma * R # ZUINITFECREANES [A]ER L (el 4k
IR BN S U
# grad R=-log P*R*grad theta
loss = -log prob * R
with tape.stop recording():
# DU SR X 2%
grads = tape.gradient (loss, self.trainable variables)

# print (grads)
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self.optimizer.apply gradients (zip (grads,

self.trainable variables))

self.data = [] # JEXTHIT

14.1.5 “PETFIERR SLAR

FAT—FEUNZR 400 DI, ERIERIHE, RAHRIRE, BN ARE RN
2, MW SHEHTZE, Ilst M REKNGERE, HRixkE a4,
for n epi in range (10000):
s = env.reset () # BIFERVIIHIRE, RH s0
with tf.GradientTape (persistent=True) as tape:
for t in range(501): # CartPole-vl forced to terminates at 500
step.
# IENRE AR, RIS
tf.constant (s,dtype=tf.float32)

s
# s: [4] => [1,4]

s = tf.expand dims (s, axis=0)

prob = pi(s) # ZMENTN:(1,2]

# MFA AR 1 ANBIE, shape: [1]

a = tf.random.categorical (tf.math.log(prob), 1) [0]

a = int(a) # Tensor ¥¥7

s prime, r, done, info = env.step(a)

# KRB a MBIE IR

# prob shape:[1,2]

pi.put data((r, tf.math.log(prob[0][a])))
s = s_prime # HIHPIRE

score += r # BRI

if done: # il episode &1k
break
# episode &iLJE, Z—RMZ
pi.train net (tape)

del tape

BRI ZR R A B 14.6 o, BB IIZRIl S50, Aol &/ ke, WU
BUREEIGRIREAT, PRTRAT I T8 [loMORoB s, SRRy . sebr b, 9fbr )5
DX SHIL UL, HEBEEYR T # & T RO R PERER DL, A SCBLR SR+ =
TGS B4 RE R L FANITE 71
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14.6 FEFRERIIZIEE

W IXANET, B I s S S SR AN SR S 2 A AR T I BN R A T i,
PN RIATIE A FiA s AL 22 5T 17 L

14.2 584LZE 3] o)

TESRALE: 2] i, B IR AR SR B 77 (R0 S 58 BE AR (Agent), ‘BRI DL —BE
AREY,  WR] DR B HUAS M BB LA N R Gt B Redidid 5 40 S AT k47 58 B
MM FERIEAMESS,  1X B3R (Environment) /2 45 BE 52 B8 REMA IS AE T A 50 m,  JR4R
HAH B S A A TR RS AT . 0 TR AR U, e SR PR R 25 (State) ™= AR P 3R
ENPE(Action); X THERUL, B MNEANDVIIEWIIIRESs JH G, 18I B2 B AR 1 sh 1K 5)
BUEH IR, FH4 AR ih(Reward)(E 5 .

BATHEZR A BE R i A 5 ) B, EEE TR 5 M EAX R
Q CREs B TIHEERHE, fEREE ERPRES L As, ER DO G AL EUE . 1

BWIVEE S, WaLR S ERE, Wk, B SIS, A oa R)RESH R T

RAA[H]S
Q ZhfEa REEACRIUNAT A, TER B EIPIRE L Na,, AT FA . mA %Sl

YE, WATLLR IR A E SN, FramCH IR)shERI L 1 sh{E4AlA
Q  SEW&m(als) RE T HBEMPSERR, 2N NIREs, FH4 B EHATIER

B2 iip(als), Wit

Z m(als) =1

acA
X Ff BA — e BENLME I BIAE S FR A BE AL SR % (Stochastic Policy). 57, 43ng
B G A ERIRE R 1, HAR A 0 I, X b HEm AR BR N i 1 SR s
(Deterministic Policy), R

a=rmn(s)

Q  Rihr(s, a) REHEAERSsH BN Eaf5a MR BHE S, £ MriEdE, &R
JE L3Rk T A ERIEF SR, AR [alEke B RI3RAS IR A G BURE EiC AT, X
& RO BUIAEAE B — i e 1)

Q REEBME(S|s,a) RS TIHEHILRERZR UM, BSADRESsHI SR
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ghifala, REBE s MR AT, L

Z p(s'|s,a) =1

SIES

BREA S IR T K 14.7 RK3RIE

St St+1 A
I—=  Zf3zEnvironment [

T
Jk 7 State 4 Action
: % hReward

A 2

% Bk Ak Agent

ar

147 BeEAETER TR

14.2.1 B/RFER R FITFE

BREAR NI E IR UG RS s, TR, 8 SRS B (als) B BRI BAR BRI B Ea 1T
W52 B E Ea s, IRESHRIE A ERIRESH A (s |s, @) K A0, 2 AHRES
Sys [FIBTE B BRI IRE S Kby, BRR S (s, a)P= . WLIER AR, BHZ
IBBER KRS, AT —RIE T EE:

T =5,,04,T1,52,A, T3, ", ST
EAFHURK T B 5IRR I — A8t B, IUASNIZE(Trajectory), 1B NT, —IRAZHIiT
FEIUA—NE] A (Episode), TAREE T [HIA MR R B A (BOPED) . AL EH MR LIRS
(Terminal State), FCANKRZEARIE A (17N WL o A IR G s 1038 20 PR S5 V5 A B () 2%
IEAREE,  WnEB ek A BRI ERIRAS, WA PLERRDT R 2, N TR o,

TERE sy, 52,0, e s MR P (Sp411S1, S0, -+, Se) R AE R HER), BT HRES
RN RS, HREAEE RS N TR, AU N — 0B LIRS s R2Y
RIS (A 8Ks s, 15 HAR D) SRS sy, 55,0, e JER,  HP

P(St41181,52,.-+) S¢) = P(Se41lse)
IXFR N —RAS s 101 R 5 AHTIRAS s AH IR B 5T U 4 S ZR B R P (Markov Property), B H/K
BERMRIFHs,, 55, ..., sp UM /R B i #2(Markov Process).

MR PATINEath F BRI SLFEME 2R, RIS DR BRI T —N I TR

HIPRAS s 41 R ARTHPIRES s A1 S BRRES EIAT B Ea 88, T 2613
P(St41181, A1, o) S, @) = P(Sea1lSe ar)

BATHIRSFEE G FF51sy, ayg, .., S, ap S KB} R 3553 7 (Markov Decision
Process, MDP). 74375 2 Ge Ak K Be MR BIFR R IR KA, FRONES 70 nT MR 5 /R v]
KL ILFE (Partially Observable Markov Decision Process, POMDP). J&& & /RE} M 15
HA—EFHFELREN, EHEmRLEIPREHISHE SRR, BITEBAREESHE
B IR BERAE IS o

PAEFRATR T [ AT
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T= Sll allr]_l SZ; az, TZI "'JST
KRR P(1):
P(T) = P(SlralrSZIaZ""'ST)

= P(s)m(ay|s1)P(szls1, apm(azlsz)P(sslsy, aq, 52, az) -
T-1
= Peop) | [ m@lsopGenlsn a, sear)
t=1
R B R BRI S, AT R AN
T-1
P(r) = P(51)1_[7T(at|5t)17(5t+1|5t; a)

t=1

H/RBER s s A 14.8 s

& l\\///1 //l\\\
n 4 A
/ /T(.vS‘, QN - /
51 p(s'ls, a) %2 > o .

& 14.8 /RFKRRKLIE

WHER B RIS AL PR S B R p (s'|s, ) RN R Er (s, @), PTPAE AT HAE
PR, XA ORI I 7 VA SRR NS TR 18 A 2] (Model-based Reinforcement
Learning). AT SEH 5 b (PR AL A 5% HARAIN, IR RBAUREN ) TTVEG MR N
MR TGO B3 AL 2F 2] (Model-free Reinforcement Learning), % 1 REAT] 32 B TE S 534k
o).

14.2.2 HFrE$
TEARVCR B SRR AR R, B B — () B S 2

1y =71(5¢,ap)

— RS H T R R AR Y U BT (Return):

~

-1
R(7) = Ty

1

AT BRI AE. W2k R 2% WL PR s T Use, Sera- ..o spHIRBERR, WL
AN

~+
1l

T-t-1

R(sy) = z Tt+k

-t
k=

[=y

AL SR AR MR, AL, AT TR 0, R liwAs
RN A A7 AR B il
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S bl S ASR S E A S R I A N DR e SR R B R A (N ETE
(Discounted Return):

T-1
R@ =)yt
t=1

Hrpy e [0, 1] 4n. ATLCE R, R, 2 R mER, T el U
Hky T2 A REFH T OUBRE FHRR (7). My = 1B, FEHASUR A AU E T A ],
R AAEEYE: Sy ~ O, SRR KM R LT 0, MRS HEE, F
AT T B Z RIS RS, BT = co, JrNEHRAERIEFER, DA
Ty Tl REE TR, M N IRlR AT DO Dl 2 S el Mt s (S A S

AT ELE] A (a|s) B, [EAF1E SRIE T (als) M) T R BEIA S84 B
A RS T (R L IR R ()R SRR o B T IABRIRAS A I SRS # AT BEALYE,  [RIRE O S g A
BVE T RIVIEEIRAS B R — 35, W Re = AR BURA R PL ot B, s >J i E
e e R A B B2 [Fl i (Expected Return):

](”9) = IE:‘r~1:l(r) [R(T)] = Er~p(r) [Z yt_lrt}

WEREI H bpe TR —HZH, 1) (me) ok

0* = argglax Erpo) [R(D)]

Hrp(@AR T4, EHARESHEBMEp(s'|s, ) MHME T (als) LR RE. Hikn
HILF IR AT OB IE) (o) TR, R RIRGEOR, SRISERL R S ISR %

14.3 REEBEE T5 7

RESR B AL 2 2T 1) B An 2 R B A L i g (al s) A3 HAEE 4R (0) Fe K, XA
BRI I B2 ) L, TR SR AN EE El%&xﬁW%%%&eﬁﬁﬁ?f%&Z—é, FER ISR LS
E S 2

0 =04n+d
= X —
* 30

AT, Sl
My (als) T LR 2 AR LE 4 4l (als), L M AJTIRASs, Bt
S EaifER 5, L M R 2%
TARALILFIS, TR BRI SRR T, PUERI IR F L p ik
B S A

5] d
% = %J- g (T)R(T)dt

R(MEOTR, K FHIFEHB BTG A
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0
= f <% Ty (‘L’)) R(t)dt

B Wy (1) * ——THAS A5 -4 8

g (T)

1 0
= f Ty (T) (m%ﬂg (T)) R(T)d T

gt
dlog(f0) 1 df (o)
dx  f(x) dx
5):d
1 0 0
o a6 ™0 = 5glogme
RNATTH
0
= fne €3] <%log g (‘L’)) R(z)dt
Al
a d
% =Erpeo [% logmg (T)R(T)]

Hrlogmy (D)IRE TPt = 54,04, 55,z , SHIMEREFERog. HREFIR(T) AT HRAES
B, SRR log o (), AT 153 itmg (r) T 13

T-1
d d
20 logmy (1) = %109 (P(Sl) 1:1[ o (als)p(se+1lse at))
Ftlog [T-# 443 log () B

T—-1
0
== (logp (s1) + Z log mwg (aslsy) + log p (See1lSe at))

t=1

& Flog p (Sesqlsear), logp (s 50T, Kk
a T-1
20 logmy (7) = %109 7o (atlsy)

t=1
ATLEE], - log me () i FHURL T LURE BN I 25 10 i Lo g g (als,) W % 5410

Ml F R Log m (aclse), SIRABFIERp(s)s, ) TEK, MR EAREHR BRI T o)



%14 T ik [FE AL BEN] 12

R log pe (1), 3K MAEFHELE.

UONEELE ST

9] (6)
a0

T-1
d
=Erpym) K 39 logmg (atlst)> R(T)]
t=1

RATEMHRILN L, A E A B EHR (D) > o, L5210y (1)1,

RBCARAR B TS5 S B0 S0t . BERR WA (O) ORI T FU ST, R
log g agls) BRI T TR, BB/ MR (AT, 413/l 4 B
R() < OFf, L2552 logme ()i, [LHARHRBERE EFH Sk Hf0 B4, BERHIH (0)
ORI R, R log mg (als WAy T, EIVi G ek B 033 M L
To SEEICRERAR, T LA EDULHLBARI S A 0 5 PO IAS T 01 R
fi.

0
= Eeopy |55109 7 (ORE@)]

a7 Li&:—éﬁ"]i%itﬁ)ﬁ, FA T AT LAE S TensorFlow (I H 373 TH J7 {5 R

Splogme (acls), WTTHISEtSE, S IEFIFBRRE LA AT R T

%Wﬁﬁl’:ﬂc
0'=0+n=*

WA
7~ p(7)

& 149 RESERE 3R GRTE

14.3.1 REINFORCE &%
AR KEOEN, AR RS 2 &t n € [1, NERREPUE 1 51E

T—-
aJ (o 0
7 NZ ((Za— 0g s (at|st>>R(rn)>

Hrp N OWHUEECR, af s o3 AT AR S n 2 PLZE o™ (R 28 ¢4 I TR BRI AT R 1R AN AR
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Ao FREEEEEE EAREIENSGEHOS . XML REINFORCE &% (Williams,
1992), X-tH e i 5l F SEms ph o AR %
i 1: REINFORCE ik
K AL AD 45 AL 5 #00
repeat
HAE BTy (a,ls) EFERL, RS EHiE{r)
1 HR(T")

. ;1»_6](0) _Zn 1<( I- laelogna (at|st))R(Tn)>

' 9]
0 <0+tn*_,

until %= 580K 2] & K
Wl R R%mg(alsy)

14.3.2 JR 5 SR B2 HA et

J5 45 1) REINFORCE Sk RN IR HUZE 7 22 1R K, SRR, gt fEIEA 2%
. BATAT Ld I 7 ZE 46 U Variance Reduction) W 2 /N F R AT it -

R4

12O SRER, WP IBA R Fay, BTy IREERM, T UL
R IR R T AR, DR Tt als, ), AT 344 R MBS T e FF 4 0 S
R(zer)e L2k

9/(6)
36~ Eepo@ K

\]

-1

,.,
I

1

d
%5 log my (atlst)> R(H:T)‘

T-1
aje
]( ) =Erpy [ <_ log mg (acls))R(Te, T))l
t=1
T-1
= 1:~p9(1:) [ ( log Tlg (atlst)Q(St at))l
t=1

HrA1Q (s, ap) FRF T WARZS s TFURIIAT a SIE g (K EHR AN THE, FRATSRTE 144 W54
b H% Ea TS T, R(Tpr) TERANT
2-9:354

FUSEAET 3 il AR S AGEE 0 J L, ARZ IR 22 L8, AR () 2
KT 0, R T KA R B RIREAR, T ACRAE S (h 15 H BRI sl
FAXS TR XIS IR EE 2N, JA144 ER(D) e A 7E 0 JH, BILEATFIA—
Min BEALED, PR NFEMEL, EAR T EIRR (D) BT K.
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T
aj(6 d
]( ) = r~p9(r) [Z a_ Og Tl (atlst)(R(T) - b)l
t=1

dh e R, L AT ek Ny

T—-1
aJ(6 a N
]c'i(H ) = IEr~pe(T) Z <%log o (aclse) (Q (5t = b))l
t=1

H S = R(x) — b 38 iR B (Advantage), ‘BARFE T AT ZhE T 5 (¥ HRAR AT T
[ AR AFESE

AT (iBbJE, SA LU AR ERAXA WS, % E%5E
Ec-p(o)[Va log g (v) * bIREAREEET 0 BITT. fnfhy 0, WAKHELO . iy
Erpy (o) [V log g (z) * b]JEETT

ET~Z’9(T)[VG logmg () * b] = fﬂg (D)Vylogmg (t) x b dt

T
7y (1)Vg log mg (1) = Vome(T)
AWNCIES

Ervpe(o)[Vo logmg (1) xb] = f Vomg ()b dt

= ngfT[g(T)dT

%%?UIWG(T)dT =1, T2
Eipo Vo logmg (z) * b] = bVs1 =0

FRLA, VRIREDIE, JR 2, (AR TSI (S log mg (arls)(Qlsear) -

b) )77 %.

14.3.3 H3 WK REINFORCE &y
Hefe ek bl DU 2R R B 7 AT

1 N
=30 RG™
n=1

AR BB,
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1 N
=5 ) RGE)
n=1

FEUELLD[FIFE v LR 7 — M g ke fli vl ISt 14.5 W E A1 Actor-Critic 772,
SEBR_FAR 22 SEmS b B SRR 2 W AT 2 I ke il 11 BE 1 2k, BER B AR B
H k2. WHAER] REINFORCE ¥ i
R AL 45 1 A 400
repeat
AAE R by (a,ls) EFRFERE, £ M5 FHE{t"}
iﬂ@?@(st, a,)
@i MC 7 k6t A kb

HE 6](0) Z (( i 1 6 logﬂa (atlst)) (Q(St a;) — b)>

0 0+t

until V%= A5 H K B 2K
Wl R R%me(a.ls,)

14.3.4 EEMRRE

HIT T 48 B SRS B0 VAR BT I S8, RSN 2mrg (al ) BV AE T 228, b2t
FBT (ISR X 28 BEAT R, T 2 AT DI S B B W ASRERE ], RAERCRAEHAR T . B4
e R RS, B AL 25 TSRO 7™ A ) S B i W 2

gL, mEMERFERR R BT — Do A RAG TR AT SR . 5 IS R
B R o Aiip, BAIw LA T e ~p B EE, ., [f (D], JEIT RIS

E,_p[f (2)] = f P(Df (@)dr

p(1)
a1

_ p(7)
=Erq [q( )f( )]

M HET, FRATRIS () BIERAE T DAAS R 3 A p b BE47 KR, TR 3 — AN A g rh gk
17RME, AR Ee U\% FEZEBI AT, X AE Gt 2 A v i M R A (Importance Sampling) .

q(Of (t)dr

RFFIALH) B ARG AT Npg (r), P SERIZEAS N 73 A Npg (v), Bl 14 BRI I I 2
KAEPLT ~ pg (D) RAG T H AR SRS 2% 1 19122 [l 4 -
J(6) = Ervpy(n[R(D)]

T-1

= 2 E(span~posean [Tt ae)l

t=1
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T-1

Esi~potso) Bag~mg(ay|se) [T (St ac)]
t=1

2P L ENERFESOR, W43

< pe(se) o (aylse)
J5(6) = Z Es~pg(s0) [%Eaﬁne(atlst)[ S r(se, af)”
t=1

mg(aclse)
Hrhyg(0)Fmid@idpg (v) 7 Al R 73 Aipg (2) ] (0) 1A Eiﬂu\@lﬂ%%ﬁﬁ@ﬁﬁ?,

B UCARIR 255, 72 A [R50 T H A A 2 30T ALl R 2%, ”@ ~1, LI H]

7o (aclse)
Ja(®) = Z Bepateo [ eip(Celst) [nfl (aclse) rise at)”

T-1

. g (Clt | St)
(sp.ae)~po(St.at) m

(S, at)]
t=1

X RFE R g (O FARFILAL 1) B FR IR M pe (T) A A [F] — SR ME 1) 77 VR MY 45 25 2k (Off-
Policy) /7 iks [, SRFETRMEFN 2 FT AR A 1) S 2 R SR 1 77 v U AR 7E 28 (On-Policy)
J77%, REINFORCE #yAmi& )& T On-Policy Jik. 54k 7150 DAAIF D s REEE U KA Ak
RIS LS, KOS T8RRI R, HERWEIN T HHE ST, i, SEEER
FEMIE SRR 2 RAE T VESCIRT, aniofip, q ZE ik, WM THEmZEROR, RIsei
I 75 BELRE S fiip, g R AT REMUARL, s in KL 8% 245,

PATHE 45 T WA SRR A [P )N 5 B A iR BB Y 5L P (6) -

LPE() = IEt[log Ty (atlst)At]

Horb PG U SEME B (Policy Gradient), E MIAACEKALIALTHE . T HEEMREEN HEx
BRH L (0):

mg(aclse) -

‘ mg(aclse) ‘

Fr IS AA3R Importance Sampling, 6183 HARKIE K17 fipg, OFRFRAFEHNE 1) 75 Mipg -

LE@©) =E

14.3.5 PPO Hi%:

JOLFH B R ST, SRR P SR RO TT T B R R 2, (A5 RE A I ZRAe e PEAT
BT ANART . HERAT I Off-Policy HElE#E 5 5i5A TRPO HiLA PPO 5%,
TRPO /& PPO L [MIHT &, PPO B0 LU % TRPO SHE ML FRIAL i A -
TRPO N T L% Hbp S0 5 RFEEMS o (- |50), 5 (- |sp) ELEEMIFE B, TRPO Hydiliid KL #Y
FETHHmg (- |sy), mg (- | ) Z AT AR RS, FRAENRAL I 2 I, TRPO B2 SEIL LLER
2ok, itEANEE.
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= [ne(at|5t) i

0* =argmax E, | ————~
6 “lmglacls) ™"

s.t. Et[KL(ng(- Is¢), g (- ISt))] <é

PPO Jy T f# 4k TRPO THEARMEL S Bk, PPO BENG KL #2004 o B 18 11
UNIbEZ AENTSEAE

mg(aclse)
mg(als;)
HAKL(mo ¢ Is,), g (- |s0)) TG EME 3 Aimg (- sp), ma(- s) Z IMMIBEES, S HBH T PR
ik KL BRI

0" = arggnax Et[ At] - ﬁﬁt[KL(”e(' |s¢), g (- |St))]

Hi&EM KL &5 5 (Adaptive KL Penalty) JEIT % & KL #E ) BIEKL . RS SR EHE S
g VBN : WRE[KL(roC |se), m5( Ise))] > KLmaxo 3MB: A1H
Ee[KL(mo( Ise), mg (- 15¢))] < KLpays 1808

PPO2

- mg(aclsey) - mg(a.ls A
LM () = E, [min( o (ce| t)At,clip (—0( clst) 1—6,1+6>At)]

mg(acls,)’

mg(alsy)

A=>0

[CLIP

14.3.6 PPO i}

AT PATHE T B E A RAEARR S PPO 5%
SREEM 2 I Actor (2%, SREK 28 I A NIRES s, 4 MR AL Bt s Ea, 1
R Mg (aclsy), KH 2 20455 2 M 48 ST
class Actor (keras.Model) :

def  init (self):

super (Actor, self). init ()

# HEEEMLZ%, WA Actor W%, Hith WM pi (als)

self.fcl = layers.Dense (100, kernel initializer='he normal')
self.fc2 = layers.Dense (2, kernel initializer='he normal')

def call(self, inputs):
x = tf.nn.relu(self.fcl (inputs))
x = self.fc2(x)

x = tf.nn.softmax (x, axis=1) # Fifpifs

return x
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fmEDEMZE WY Critic NZ%, B0V BREMNLE . MBI IR, 4 MRANTIS, i
b EED, KA 2 EAaEREE ST .
class Critic(keras.Model):

def  init (self):

super (Critic, self). init ()

# WE b FMSEML, Wi critic M%, Hitiyv(s)

self.fcl = layers.Dense (100, kernel initializer='he normal')
self.fc2 = layers.Dense(l, kernel initializer='he normal')

def call(self, inputs):
x = tf.nn.relu(self.fcl (inputs))
x = self.fc2(x)

return x

PN RTE ORISR B 2% B TAF, RIS 20l e 2 et AT Outk seng
W28 FME BR BN 2% IS4, IRATIRZAE PPO SE FEARKIIVIMA L TT 10 -
class PPO() :
# PPO HEFIK
def  init (self):
super (PPO, self). init ()
self.actor = Actor () # O Actor M%K%
self.critic = Critic() # @@ Ccritic W%
self.buffer = [] # HdEZrit

self.actor optimizer = optimizers.Adam(le-3) # Actor it
self.critic optimizer = optimizers.Adam(3e-3) # Critic fifb#

FIVERRE iBiT select action EGEHT LA H YRS BITE DM g (aelse), FARYEMERBE
MUERFESIE, R B4 L H A

def select action(self, s):
#OIRNIRES R, KPR [4)
s = tf.constant (s, dtype=tf.float32)
# s: [4] => [1,4]
s = tf.expand dims (s, axis=0)
# ARPORRE A (1, 2]
prob = self.actor(s)
# MR AHREE 1 ANEME, shape: [1]
a = tf.random.categorical (tf.math.log(prob), 1) [0]
a = int(a) # Tensor ¥HHF

return a, float (prob[0][a]) # RIFIZNEN AR

HBAE 7EE R main L, 5HBERZH 500 Mals, FEANEIEEL select action BAEL
KFERWS, FEORAF LR i, 75 R] & — B s 1] 3 agent.opnmlzer()IZliﬁlﬁﬂ%ﬁﬁﬂiﬁ:
def main() :

agent = PPO()

returns = [] # ZuitsEeR
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total = 0 # —EWEAFI R
for i epoch in range(500): # YIZEEIEGE
state = env.reset() # HAIIE;
for t in range(500): # ®mEL %L 500
# 0 R N ST AL .

action, action prob = agent.select action(state)

next state, reward, done, = env.step(action)
# AR AR I AEA
trans = Transition(state, action, action prob, reward, next stat

agent.store transition(trans)
state = next state # HIHIIRA
total += reward # BRI
if done: # @ MR IA] £IYIZRI 45
if len(agent.buffer) >= batch size:
agent.optimize () # YIZRMLL

break

PIEEARAL U2 IIA R —E ARG, 18IS optimizer()Ha) H 5B IO £ 11 15 72 FIE WX 2% (1) 1%
%, ARSI SE ESREERRYE IR0 Tensor X R, MFiHE MC JiETHER
FRIEHRR (T4.7):
def optimize (self):
# AL R
# MEATHIUHFEASSE, H K Tensor
state = tf.constant([t.state for t in self.buffer], dtype=tf.float32

action = tf.constant([t.action for t in self.buffer], dtype=tf.int32

action = tf.reshape (action, [-1,1])

reward = [t.reward for t in self.buffer]

old action log prob = tf.constant([t.a log prob for t in self.buffer
], dtype=tf.float32)

old action log prob = tf.reshape(old action log prob, [-1,1])

# I8 MC JTAEIATHE R (st)

R =20
Rs = []
for r in reward[::-1]:

R = r 4+ gamma * R

Rs.insert (0, R)

Rs = tf.constant(Rs, dtype=tf.float32)

IRJE X GAF M KA 1 batch size BUHY, GEACNZR 10 3. 3T 5kms 4, RHE PPO2 5
VLR ZE RO LT (0): X TE M, @375 2 T EAE S T SR (Tp.p) Z TV
PR, AEASE LR A TR B HER .
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def optimize (self):

# X G EE KRB 10 i
for in range(round(lO*len(self.buffer)/batch_size) )t
# BENUAZE IR A batch size K/MEAR
index = np.random.choice (np.arange(len(self.buffer)), batch size
, replace=False)
# AR R AR I
with tf.GradientTape() as tapel, tf.GradientTape() as tape2:
# W R(st), [b,1]

v_target = tf.expand dims(tf.gather (Rs, index, axis=0), axis

# U v (s) TRIME, R WE b, BAVSHRNBENT LT v

v = self.critic(tf.gather(state, index, axis=0))

delta = v_target - v # IIHEMHE

advantage = tf.stop gradient (delta) # W T Ao 55 32 4

# HT TF 1 gather nd 5 pytorch ] gather e A—FF, FEMIE
# gather nd WENMARSH, indices: [b, 2]

# pi a = pi.gather(l, a) # pytorch RFFZE—{TRIAISCH

a = tf.gather(action, index, axis=0) # HUH batch a1 at
# batch MEMENAE pi (alst)

pi = self.actor(tf.gather(state, index, axis=0))
indices = tf.expand dims(tf.range(a.shape[0]), axis=l)
indices = tf.concat([indices, a], axis=1)

pi_a = tf.gather nd(pi, indices) # ZMEMMERAE pi(atlst), [b]
pi a = tf.expand dims(pi a, axis=1) # [b]=> [b,1]

# EEMEREE

ratio = (pi_a / tf.gather(old action log prob, index, axis=0

surrl = ratio * advantage
surr2 = tf.clip by value(ratio, 1 - epsilon, 1 + epsilon) *
advantage
# PPO RERHL
policy loss = -tf.reduce mean (tf.minimum(surrl, surr2))
# N TWE v ki, AES MC A5 R (st) BT LT
value loss = losses.MSE(v_target, v)
# DUAL S R 24
grads = tapel.gradient(policy loss, self.actor.trainable variabl
es)
self.actor optimizer.apply gradients(zip(grads, self.actor.train
able variables))
# A A AR ) 5

grads = tape2.gradient(value loss, self.critic.trainable variabl

es)
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self.critic optimizer.apply gradients(zip(grads, self.critic.tra

inable variables))

self.buffer = [] # EZCINGETE

PIERGER E)IZR 500 D ElE, FRAISH B SRR IZL, WA 14.10 fi, "LLEF)
ok, X T PEAT X R AR, PPO BEBARU T &

500 s e
400

300
200
100 /

0 100 200 300 400 500

EER

N

& 14.10 PPO BEiL[E R AL

14.4 R E 7 4

TR AR 7 vk B S B RS 2%, SRAC AL AT 2 8 4 ) SR AR Y . R oAb 2140
B, Br7RBS IR, A R E i SRR R AN T TRl A SR 1 vk, BRATIAEE
GIRNE RV .

B2 N RIRATE A4 WAERR B 2 X, Bl tHE R E L S AR R B an ) 35 B = A R
WS PP o

14.4.1 EHR %
e 2, 2 KMERE, IRSERBRIRS-SMEE R E, W RIS
R R, S e A
IRAE F B (State Value Function, V E%0), ©E MRS s, JFUh, 7ERISmiEH] g
AT B [l AR -
V(s = Erop [R(Tt:T)|Tst = St]
KR (zer) EIT N
R((te)) = 10 + YTear + ¥ pan + -
=1+ Y01 ¥ Mgz + )
=t VR((Tt+1:T))
55)ii



%14 T ik [FE AL BEN] 22

VT(se) = E:pe [t + YR(Tesr7)]
= IET~p(‘L') [ + YV (S41)]
ZWHRAPIRSE R E) VUR 272 . AT A g, LR R fa eV ™ (s) i K1
fr s, Rl

n* =argmaxV™(s) Vs €S
Vs

LR PR A E B AU K

V*(s) =maxV™(s)Vs €S
s

XTI AUHN,  [FIRE 2 UUR 877
V*(st) = Erepy [ + ¥V (Se41)]

PRIR A {EL o B ) DR 2 fe L5 A o

ZREE 1411 PRERE R, BT 3x4 FIRST, AR N (2,2) IS T ICTEAT, AR
N (42) IR T2 A—10, AAARJ9(4,3) 4% T2 10, BEEEITUMERMEH K, &
LB RN—1, Wk bR BRI, X T IR A R, W LB R A
B, BEERNER, RILEET (als) 2 E RS, SHEME 14.11(b) R
. 2y =09
Q R Nsuz), EITEARR(4,3)0k, MRS TV (S@43) = 10
Q & NsaEay, WV (sus)=-1+09+10=8
Q & Nsey WV (sen)=-1-09%1-0.9%+1—0.9%+1+0.9%+10 = 3.122
HEEERE, WSHEREIRT IR AR RIE N, B IrA I S R R SR E
(KPR ZS{EL R KL

G | G2 | 63 | -
= =
1) [ 23) | 2% S
R - -

@) | @y | Gy | @
Q)% g A I A AR (b) A Mz B AR Rk

E 1411 EEERE-V R

IR E B B BB S T 2 BT SRS RARZSHIBFIR, VT (s )R, i IR 1A 1]
IR . PUEAT G SR DL AR A RIS i o], B REAR T 2T I B P i
B SRR EASEYIR, SR RIRIAS S, RISt EE e § O e tR bR, B
3 AR SR DRI REN, (B9 E a] Al B ks £ 1412 7, AT
BRAIIIRES, Eh L, ERFIEKT N, RIS ECRKVT(s)(E: &l 14.13
TR, SIS, WA RTREBUSECRIIVT () E; ISR B v (s)(H, W
K 14.14 P, AU RSEIS U0 A R s RS B R i gdih, V™ (s) = 0, HRERE
SR I RE T v B T RO, AT e Y [l
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1412 EFEMr A REEAR 14.13 IR TV™ ()& 14.14 IFRUSRER (GRS A)1548
RV7(s) =R LRV (s) = 0, IFRUSERGIT
BEES L 2RI

RZS-BI/E(E BB E(State-Action Value Function, Q %), ‘& & X NWMIRES s HHATEIE
a R 5, 2 S T AR 01 S 4
Q™ (sp,ae) = T~p(T)[R(Tt-T)|Tat = a4, Ts, = St]

Q BRHA V BB AR SR MHRAE, (H/2 Q BREIBEa, RTHESIE, 5 V BER
Ao # Q sRERIT

Q" (St ar) = Epop[r(Se, @) + VTesn + ¥ 274z + -]

= Ecp[r(se.ar) + 1+ ¥(eer + ¥ 1042 + )]
[l

Q" (st ar) = Ereppy[r(se, ag) + vV (s41)]
HAHTFs,, a, OHIE, r(s,a) B 2HEME
RS VREE AN TR
V(se) = Eqyn(ay|s,)[Q7 (s, ar)]

B Ya, KA B (acls,) SRS, Q™ (sp, ap) FIIAEE SV (s ) M5 . fERRHEIET (als) T,

Q*(spap) = mgx Q™ (s a)

= argmax Q* (s, a;)
ae
W 2
V*(sp) = max Q" (sp, ar)
t

Jidin
Q" (s, ar) = Ereppy[r(se ar) + vV (se41)]

=Eip) [T(S0ar) +y 7?11:19‘ Q" (St+1, As1)
+1

EAFY Q B VIR Z R TTTE . BAHEQ™ (5¢, ap) 5V () M7 E SN E b £k
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A™(s,a) :=Q"(s,a) = V™(s)

ERPIEREs T RIazE PR ZESR: A™(s, a) > OB BB REEITEa 240 T4
KFs R TFKT . S RAER B HELL N REINFORCE Hik— st Ca A T
M FAAE BR

MR E YT, LIRS NSy, aTBLRABE A, ST
Q*(spa)fi¥. FHQ (syy, 7)) =-1-09+1—0.92%1—0.93+1+ 0.9«
10 =3.122, 1fiQ*(say /A14) =—1-09%1—0.92%1—-093%1—09%x1—-0.95+1+
0.9 10 = 0.629. FMCLIHIFIFV(5¢2,0)) = 3.122, WEAFRHL

V*(se) = "ﬁlax Q" (s¢, at)%g\ °

< S
2 Q
00 (e t) ® Q" (21, %)

14.15 HEEIRE-Q R

PURZ RIS e B EXCERAR Q B, 1 1416 A%, KR RERIE TR T,
IR BER ST K, — RN RAEFIBNE, Bt ATE RAF I HRgn F Q™ (s, AFF k) >
Q(s, FF2k): B 1417 s BERS 3 22 B2y, MIARAT RT Bl B A e 1R AN 08 T 68 SR A 320 1
Yotds, BRIQT (s, 122 ) AT RN B 14.18 Tl A R B I FF K QT (s, A4 ) 2K

1416 Q7(s, RFFA)RATEE [ 1417 Q7(s, k) AaERE: B 1418 EFHRKT,
AFQ7(s, FF k) I Q”(S B4 )T aEEE L 2E1R,
TRHY SR B A% B3R B

FENA5E Q MMLS V BRBUINE s, BATEZRMWZ 2 A 1A
Q ERIEEATEAETH?
O H{EREUEA TSRS ?
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14.4.2 fE R ¥ s+

{E BRI BRIl v B0 SRR B VAR 7 2253 J5 1
S REHE
SRR T S R I R H T (a] ) A2 K 2 S B (e R Al TV BRERT Q B
. & Q REINE X
Q" (s, @) = Erop)[R(Tsy=s.a0=a)]
MRAE RBCEHE, AT LUBE R AL 77 2R Ak 5

N
~ 1
Q"(5,0) ~ Q(5,@) = 1 > R(th=s0y-0)
n=1

HATd g a,=a Bt € [1, NIDRFEUIE, RS RAFPULIHSOIRE s, BIGsI1E Na,
N OIS K. VR ECRT DU [FIRE A D7 i AT Al i

N

V(s) ~ V7(s) = Z R(xZ )
TR KA I 10 5 [ oAty S5 2 Rl i 6 77 v A i 5% %7 1 (Monte Carlo, MC J7
)
PR 2% S Q BB ERE V BB, MZE I 1 Q™ (s, ) BV (s), ERHE
AN F R R P THEQ™ (s, @) BV ™ (s), P LB )7 22 2R 2 R B0 Mg i 5
fhTHE BRI RZE, JEFHEE T REEIEEA A E R B 2 4t . NIXANAEERE, H
BRIt T AT DAER g g Bl ) . SRR 2 VA TR R S SEIR, HR R RS Bl A 1) e B
R, THERCREAR, T H B M BT W R 2 1R

Sg— VT = V(s5,)eG,

So— VT —V7(s, J—G)

‘.._;
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454
__actual outcome_____ actual
outcome
. 40 2 4
Predicted Predicted
total total
travel 35 travel
time time
30
T T T T T T I T T T T T
leaving reach exiting 2ndary home arrive |93‘_/'"9 reach gxiling 2ndary home arrive
office car highway road street home office car highway road street home
Situation Situation
EFER L

I} ¥ 2243 77 %(Temporal-Difference, TD J77%) M 7 {A & & VR 2 7B, fE1T
HARFELH— P Z PSR E R B w2, FEOU R E R 2%, Rtk s
R R R E R

[V RREL ) DUR 2 7%

V(st) = Epep [t + ¥V (5¢41)]
R AIE TD ARZETS = 1, + YV (Spp1) — V™ (sp), BT UTE A
VT(sp) « V™(sp) + a(rt + ¥V (se41) — V”(st))
Hra € [0,1)8EHP K. FFEMTR, Q MM RS I THEN

Q" (s ar) = Erpe [T(Stz ag) + VT‘Zax Q" (St+1, at+1)]
+1

FIFER TN H3E TD IR ZE TS = r(sy, ap) + Yzlax Q*(Se+1, Apr1) — Q*(spoar), FHAIH

Q*(spap) « Q*(sp,ar) +«a (T(st' a;) + Vzlt‘ffo*(StH' arr1) — Q7 (se, at))

TR SRR AT

14.4.3 SRHEUHE

1 I PR R 5 VR AT DRAS BOSER (B e Befti v, (B IF B0 BRgy i sms . K
AT 75 B AEL PR BSOR [R] 2 HE S H SR
HERB WV BRI B S SRR A

m* =argmaxV™(s) Vs €S
T

5 R8BI [ S AN B 22 6] A 2 EORHY, SR Jy SRE R DL SR 17 AT 47, B4
Wi Q RBUEAMET RIS ? HE

n'(s) = arg max Q™ (s,a)

it e XAy A RIAT AR RS s T I B8 Bish VR s (Rl Ak thah 1, IX A Sk (s) 2 A E 1k 5
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W&o T
VT(s) = Eq,en(a,|s,) [Q" (St, ac)]
[l 1t
v (s) = V™(sp)

R S Mg of T BT e, TSI 1 SRm et

T o M SRS AE AR R PR R P2 AR B E AR R Y, I8 A BRSSP A R e A ]
RESEARARY, SNSRI S A 5] T FH (Exploitation) £ Sk /D 35 2% (Exploration), M i {# 755
WA 2R =) PRAE SR B X 3k, S5k = 04 R RS FNBIAE () 7. 8 T REREAER ()T 14 SR M i
IRZERE ST, WA Lhikn’ (s) g A D & LR e R IBENLFNE, I ERBERFMEMES
R
argmax Q™ (s,a), 1—eIHF

BENLEEGENE,  eIMF
X PP RS Y flfe- D00k BEAEIEA PRS2 aE B> mriE sk, s i S 5 el T F
BRI SIRE, SCILE A

LR BCHEAT IR W B 14.19 Fis.

mé(se) = {

fHIHER
QGs,a) V(s)

MG HHE

m = argmax Q" (s, a)
n

(VeI EFN
T~p(@)

14.19 EREFRINETIE

14.4.4 SARSA Hik

SARSA 5% (Rummery & Niranjan, 1994)i@1d
Q"(spar) « Q" (s ar) + a(r(st, ar) + Q" (Sts1, A1) — Q™ (s, at))

jjﬁ'fﬁﬁ‘ Q g{ﬁ’ Ei’gﬂﬁﬁg—‘i7 R aﬁﬁ?%sp at’ Tt, St+1’ at+1§&*}§ EDE‘E%}?—‘W\ Q ]Wg%y
FrCAnY i SARSA %5y (State Action Reward State Action). SARSA BiE[Ms,, a, ¢, Se41, Arat
ﬂ% Q [a—‘%ﬂ]%ne(st)’ JH:I% On—PoliCy ﬁ?jﬂuo
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Bk 14.3: SARSA: —Fh [A] SRS I 7 25 4 22 ) B
N RSN S, SME ) A, T E v, ZEa

1 FENLIEE1E Q(s, a);

2 Vs,Va,m(als) = TATS

3 repeat

4 HIEAEGEIRTS s;

5 IEFENE a = 7¢(s);

6 repeat

7 PATINE a, 15 B BI IS 25 - AUHIRES o

8 ERE s, BFEIE o’ = 7¢(5');

o Qs @) « Qs @) +a(r +79Q(s, @) = Q(s,0));
10 SRS : 7 (s) = argmax, ¢ 4 Q(s, a);
11 s+ s’ ,a+ a;

12 until s A4 EIKE;

1

W

until Vs, a, Q(s, a) Ix8k;
M. REE m(s)

14.4.5 DQN &

7 2015 4, DeepMind $EHH T F LR A W 24 SEIL ) Q Learning (Williams, 1992)%5
1%, RFRAE Nature #T] b (Mnih, PLAHARA, 2015), FH7E Atari AR EEH 49 AS/NiERk
RS>, B T NP RSP IRIL,  BOREN Y SRR A 5k 2 ST w7
(R BERZU DGR

Q Learning &£t
Q*(spap) « Q*(sp,ar) +a (T(Sp a;) + Yt’lltax Q" (Se41,p41) — Q7 (s, at))

J7 A TEQ* (s¢, a) BREL, I Fme (s,) SIS K IRATHEME it . IREE Q M 2% (Deep Q Network)
FIRZ IR 28 K S HANQ* (sp, ar) BREL, FHFRIFIBRREE N B EEIEIA TR Q M4, Hirek
e
2
L= <7't +y mgx Qo(St+1,a) — Qo (sy, at))

H T2 B A, +y max Qg (seq, ) MM Qg (s¢, ar) #OR H [ — W%, - [ I ZRELE

FAESRFUMOEHE,  (Mnih, BARILABN, 2015) 42 H T 2 T Mk A vk : I8 I N 56 (a1 i
#(Experience Relay Buffer) K505 < BT 5EAH DM 1@IT 7R 45 H #5245 (Freezing Target
Network) £ AR K & E H bR {E M 4%, FaE Ighid 2.

208 IHOBAR 4 T — DRI IRFE AR A, BRIRIIZRIT, R sl 5B = A 15 s X
(s, a, 7, SYFENEI A0, FH NI R TBEh H BEVLRAE 21N (s, a, 7, sHRTEHT ISR, @I
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Fi7 AT DI VIR BRHIEAE, AT T LUR L, DN S Off-Policy 5k, X
PRI

UREh B bR 22— Ml gidi s, (R, BARMZEQg (S q, @) FITIIIMN 45 Qg (s, ar)
%QH H% 1E|7~EQ9(St+1 a)ﬂ%ﬁ’]%%ﬁﬁz /'ﬂi'}:QQ(St at) *Héﬂ:EQé(st+1l a)ﬂiE
BT A TIRAIRE, R WG Qo (sg, ap) L HUECH I 28 S 44

2
L= (Tt +ymax Qg(st+1,a) — Qo (s, at))

LA 7 F AT DAL 20 AR A5 S A 2

Bk 14.4: Q¥ 3] —Fh R SR (U 722 52 51 B
WA RE S, BEEN A R, ¥ K o

1 BENVILEI Q(s, a);

2 Vs,Va,m(als) = %]

3 repeat

4 | VIR s

5 repeat

6 TEIRE s, IBBEINE a = 7°(s);

7 PATIE a, 15 B ED S 22 J5h r FUHOIRE o

s Q(s,a) & Q(s,) + a(r +7maxy Q(s',a) ~ Q(s,0) );
9 s+ §';
10 until s A ERKE;

1

-t

until Vs, a, Q(s, a) 1s%;
Hith: %0 7(s) = argmax ¢ 4 Q(s, )

14.4.6 DQN Z5Fl

221l DQN SELE Atari i 8F GBS T ERRIRBYL, (HRE RS 7TA I DON 1) Q L
5 # I B At TH(Overestimation),

Double DQN (Hasselt, Guez, & Silver, 2015) /1 H#t5r, + yQ <st+1, mng(sHl, a))E‘J Q M4
A QML B 4> B, FHEE R ZE AL

2
L= (Tt +vQ <5t+1:mng(5t+1' a)) —Q(sg, at))

AL TEHT -

Dueling DQN (Wang, Freitas, & Lanctot, 2015) 1 /2% [ it & e 53 1 AV (s) FIA(s, a) A
Hh e, W 14.20( F)FTR, FEE

Q(s,a) =V(s)+ A(s,a)
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TR Q A THQ (s, @), LAt/ AT DQN frA7 442

1

14.20 DQN £&(_E)FA Dueling DQN MI%&(T) (Wang, Freitas, & Lanctot, 2015)

14.4.7 DQN Sz

TAVAR S TP AT R 5 52 DON ik
Q ML “FHTFF IR MRS R KN 4 AR, Kk Q M MHA BRI N 4 M1k, &it
256 — 256 — 2[4iER)Z, BRI SECN 2 19 Q BREUSE I/ AQ (s, @), ML 1ISEIL
Wrp:
class Qnet (keras.Model) :
def _ init  (self):
AU Q W%, BIAJPIRAIE, Hil e o &

super (Qnet, self). init ()

self.fcl = layers.Dense (256, kernel initializer='he normal')
self.fc2 = layers.Dense (256, kernel initializer='he normal')
self.fc3 = layers.Dense (2, kernel initializer='he normal')

def call(self, x, training=None):
x = tf.nn.relu(self.fcl(x))
x = tf.nn.relu(self.fc2(x))

X self.fc3(x)

return x

LIS FEH /£ DQN HyEH 1 458 Rl R ek £ 2 o] s AH G, FRATTRI A
ReplayBuffer ZEH1] Deque X} SR SCIMGAFM I ThRE . FEVIZRT, J8Id put(transition) /7%
K BFI(s, a, 7, s)EARAEN Deque Xf %, Ffidit sample(n) /772 A Deque % R H BEHLRAT:
Hn N(s,a,r, sHEHE
class ReplayBuffer():

# 25l o

def init (self):

# XA BAS

self.buffer = collections.deque (maxlen=buffer limit)

def put(self, transition):

self.buffer.append(transition)
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def sample(self, n):
# AIEBCGHERAE n A 5 el
mini batch = random.sample (self.buffer, n)
s 1lst, a 1lst, r 1lst, s prime lst, done mask 1st = [], [], [], [], []
# TS AT R
for transition in mini batch:
s, a, r, s _prime, done mask = transition
s _lst.append(s)
a lst.append([a])
r lst.append([r])
s _prime lst.append(s_prime)
done mask lst.append([done mask])
# H4p Tensor
return tf.constant(s_lst, dtype=tf.float32),\
tf.constant (a_lst, dtype=tf.int32), \
tf.constant (r_lst, dtype=tf.float32), \
tf.constant (s_prime 1lst, dtype=tf.float32), \
tf.constant (done mask 1lst, dtype=tf.float32)

SRESTUHE AT T e-DrtE: fERFEENTER, A1 —eflZikitarg max Q" (s, ), H
eMMINEZR BENLIE BE— a1k

def sample action(self, s, epsilon):
# BNIRAS R, SRPGEIS: [4)
s = tf.constant (s, dtype=tf.float32)
# s: [4] => [1,4]

s tf.expand dims (s, axis=0)
out = self(s) [0]
coin = random.random ()
# RIGUE: e-P 0
if coin < epsilon:
# epsilon KHIMERFEHLIEH
return random.randint (0, 1)
else: # ikd% o (HEAMBNE

return int (tf.argmax (out))

P2 ERR 2% 2 2% 10000 DMalE, (ERGIFIRE B E Ak, ARRIaIREs, If
M Q ML HRIALRAE N aifE, SEGHATCH, [BEEHEN (s, a,7,5"), FAEANLLRF
G WAR AT R PG FEA SR 28 2, NERFE > batch dl, R4E TD iRELL O
WL A AL, B2 IR A 45
for n_epi in range(10000): # VNZRIKEL

# epsilon BERM L 83 183E, MEJE MMM o EH&EKKIZNE

epsilon = max(0.01, 0.08 - 0.01 * (n_epi / 200))

s = env.reset () # ENHE]
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for t in range (600): # —ANElEF R A)EE
# if n epi>1000:
# env.render ()
# MRG0 Q PIAE SEBORNE, I oot S
a = g.sample action(s, epsilon)
# A Y S ) S 5 R AL HL
s _prime, r, done, info = env.step(a)
done mask = 0.0 if done else 1.0 # Z5yibRddEng
# PrAF 5 ol
memory.put((s, a, r / 100.0, s_prime, done mask))
s = s _prime # RIFCIRE
score += r # i3 AR
if done: # [IHZEN
break
if memory.size() > 2000: # 2 A KT 2000 #hn] PLiIlZ:
train(q, g _target, memory, optimizer)
if n epi % print interval == 0 and n_epi != 0:

for src, dest in zip(g.variables, g target.variables):
dest.assign(src) # T MEMERH Q
NGNS, REHEFQe M, MIKRLEQa M, 1EQMZESEFi £ ia, i
for src, dest in zip(g.variables, g target.variables):
dest.assign(src) # S TMEHEEKE Q
K Qo LS T (R B 2 B i1l 25 Qg M 45

oAk Q W% fELiL Q LT, 2 —RINZRALAL TEH 10 ¥k, RN ALE TR T BEHLR

o TR s RS Q A R B Fmax Qg (seer, ) Q KA TD 22, FfT1iX

H3# 1T Smooth L1 1R Z K MEE TD iR

L—{0-5*(x—y)2. lx—yl<1
“Ulx—yl-05  |x—yl=1

1t TensorFlow H', Smooth L1 1% Z2i# 1T Huber % 225 SLH:
def train(q, g target, memory, optimizer):
# Il Q MIZK IR T M 2 ket it DUR 2 7 R IR 22,
# IR o %%, ST AR HI SRS Q MLk
huber = losses.Huber ()
for i in range(10): # % 10K
# MZE PR
s, a, r, s prime, done mask = memory.sample (batch size)
with tf.GradientTape() as tape:
# s: [b, 4]
g out = g(s) # HEQ(s,a) Wi
# HT TF I gather nd 5 pytorch 53] gather DIEeA—FE, T ERiE
# gather nd FHEALFRSH, indices: [b, 2]
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# pi a = pi.gather(l, a) # pytorch RFFZ—{TRIAISCHL
indices = tf.expand dims(tf.range(a.shape[0]), axis=1)
indices = tf.concat([indices, al], axis=1)
g a = tf.gather nd(g out, indices) # ZNEMMEZE(L, [b)
g a = tf.expand dims(q_a, axis=1) # [b]=> [b,1]
# 58 Q(s', a) EKME, BREETME! [b,4]1=>[b,2]=>[b, 1]
max g prime =

tf.reduce max (g target(s_prime),axis=1, keepdims=True)
# MiEQ(s,a_t) KWHIME, kB IREITE
target = r + gamma * max g prime * done mask
# IR (s, a t) 5 HIMENRE
loss = huber (g a, target)

# BRI, 15 o (s,a o) it E RS T
grads = tape.gradient (loss, g.trainable variables)

optimizer.apply gradients(zip(grads, g.trainable variables))

14.5 Actor-Critic F53%
TEA R R UR ) SRR P SRy, N T 4aidr 2, BAT5IN T L HELeb L] -

T

3J(0 )

% = Eepo [Z 35 0976 (@ls)(R() = b)
t=1

Horpbrr Lol i 505 R 2 iEAliihb = —ZN LR(T™). WRAER (D) EMENQ™ (sp, ap) AL THE

Q™ (sp ap), FEMELDILAR AR s IR V™ (s, HAR(T) — bELGLAL) & 58 BR %
A™(s,a). HPIEHELY ™ (s )ME R B R K 2 28Rk A v, R AT ES 411 Actor-
Critic J7VE(AC J7i2), HA KIS %my (ap|s) U Actor, [F] SR AR SRIE I 53R B

Vg (s M Zg M Critic, HIRVEAT M APRESHILFA .

HF Actor M%mg, FFRBORMUERRIEE, 5Big 2O Bk 07 0 M4 10 280

0~ 6+ o]
«— * —
N a0

X Critic 25V, HbR2AEIRE MC J7iksi#E TD Jri G eIV (s,) {6 B Eofti
it
b= arg(;nin dist(VJf(St), Vthrlrget (se))

Hrdist(a, b) Na, bIIEE RS LR AT, WIRKIREE S, Vi, ger (S NV (s HAR{E, i
MC J5 At i

VtTlrget(St) = R(t¢.1)
3 TD Ji Ak vhi
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Vitrget(Se) =1t + YV (Sp41)

14.5.1 Advantage AC B

TR A SR AME B EAT (s, a) B Actor Critic 577587 A Advantage Actor-Critic
%, B HETE A Actor Critic AR EHE L —, HL Actor Critic RINFIEA—E
BF R IAE R AT (s, a), EA LA HABAF .

Advantage Actor-Critic BIEEIZRRT,  Actor HR 5 41T RS s A SR WS o K AE IR1F BNE
ap, HEREHATZH, B2 F —ARE s BT, . @i TD J7vkRI i — 21
Vg (s)B) HFMEV Gy gee (s0)» AITTBE T Critic 2% {3145 ELR9 2% (0l T BEI23 B SE R IABE
WIEE AR, WBILA, = 1 + YV (Spp1) — VE(sp) KAt 4TS E R A8, FHRH

LPG 6) = Et[log Tl (atlst)At]
77 T E Actor WESIIREFEAS S, WILIEIFES, Critic 4% 2 W BB HE, 1T
Actor W28 2> A% P SRES, fE15 N — IR E LT,

H% 14.8: actor-critic Hi%
MIN: RETE S, EZ3E] A;
AT R0 ) SR W R K 7 (al s);
Al RSB B SR Vi (5);
Py, FE a > 0,6 > 0;

1 BENLRIAE 1L Z%10,0;
2 repeat
3 | BIHEWEIIRE s;
4 A=1;
5 repeat
6 ERE s, IREFEENE a = mo(als);
7 PATINE a, 15 2RI B 2250 r FIFOIRES s
8 0 r+4Vy(s') — Vu(s);
9 O ¢+ BOZVy(s);
10 0« 9—|—a)\§£—'}910gﬂ'g(a|s);
11 A YA
12 s+ s’
13 until s A £ EIR

14 until 6 J24k;
Eﬁjll:l:ll %Eﬂﬁﬂ'g
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14.5.2 A3C B

A3C HiE4F N Asynchronous Advantage Actor-Critic 7%, #& DeepMind 2% T
Advantage Actor-Critic HESEH P TP AA (Mnih, BLA AR A, 2016), ¥ Actor-Critic
W28 3B AL 2 AR RN AT ISR, FRdd 2R ECR D S5 XM R DU ZRri X
KRBT TINGRAE, IR, H HEEME R 4

WK 1421 fis, BEB#E— 4R %% Global Network Al M 4> Worker 2672,
Global Network 7% | Actor F1 Critic 4%, FEANEFEHTHE—N 2 HIAEEH 2 4~ Actor
Critic M%%. WGP B Global Network BN 41L 2540 M , Worker H1 1 Actor-Critic
k2% M Global Network 1 [Fl25Hr NS ECR WG INZE . EVNZRES, Worker H1 ] Actor-Critic
W 2% 15 55 M Global Network F1EUEGHI 240, A EEBOH R I& g (a;|s ) A RFESIME SR AL
BT H, JFARE Advantage Actor-Critic 5L T1E1TH 2400 MR EEE . SERUH
BTG, %1 Worker 486 {5 B 3242 21| Global Network H1, F|H Global Network [t
#3568 Global Network FIM 28 8058, fERENNART B, R AHH Global Network 5¥#5
2 HBIW],

LR
mg(aelse) VJ,’(S:)

mg(aclsy) V‘g(st) mg(aclsy) Vg(st) mo(aslsy) Vg(st)

AN

St

%2 _ . %M

]

| [ = | - M

& 14.21 A3C BXIER

14.5.3 A3C SLHR

B R RIRATSLIL R A3C k. FIEIE ) Advantage AC 5HiE—FF, T2 A
ActorCritic %5 KK, BHE T4 Actor T-MZEH—A™ Critic 7%, A Actor
Critic 2L ZRITHMBEUZ, AWK . PR AR, AR 42 7
EELMBRSEA Actor LS, 5 —A> 2 RAEREM AR ZHUL Critic %%
class ActorCritic (keras.Model) :

# Actor-Critic f&ZY

def init (self, state size, action size):
super (ActorCritic, self). init ()

self.state size = state size # REMEKSE
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self.action size = action size # AfEHUE

# RHEMZE Actor

self.densel = layers.Dense (128, activation='relu')
self.policy logits = layers.Dense(action size)

# VI Critic

self.dense2 = layers.Dense (128, activation='relu')

self.values = layers.Dense (1)

ActorCritic [ AT A& HRILRE AT TH KIS 0 Aiimg (acls ) AV BREALTHV ™ (s ) RIAT :
def call(self, inputs):
# PAFHME AT PL (2l s)
x = self.densel (inputs)
logits = self.policy logits(x)
# MG v (s)
v = self.dense2 (inputs)

values = self.values (V)

return logits, wvalues

Worker ZRF238 7F Worker Z6FE N, SZHIAT Advantage AC ByE—FERTFHEGRE, Rt
FPEIZH0 M RBLEEE B AN B T 53 Worker 1] Actor-Critic %%, T 2258
#I| Global Network 5. F A&, 7E Worker ZEHILHAINEL, K13 Global Network & A\
server XI5 opt X, 73 HIfA#K T Global Network fERIAN LA FFEIERA 1
ActorCritic I 4% client F152 B335 env.
class Worker (threading.Thread) :
# XEAEERR TR, NETEH, raspits
global episode = 0 # [I&T14L
global avg return = 0 # Pk
def init (self, server, opt, result queue, idx):
super (Worker, self). init ()
self.result queue = result queue # JLZE[fAF]
self.server = server # HIJLfENY
self.opt = opt # Fdflifhss
self.client = ActorCritic (4, 2) # ZRFEFA ML
self.worker idx = idx # %% id
self.env = gym.make ('CartPole-v0'") .unwrapped

self.ep loss = 0.0

TELIRIBATI B, NS R Z 5B H 400 MM EE, ERETF, FH client
RFEAMEE R IATRH, HRFE Memory X% . fERIA LR, IR Actor 25 FI
Critic %%, 192|240 MpIEEE(EE, 18 Global Network [ opt H AL 23 X % 55T
Global Network

def run(self):

total step = 1

mem = Memory () # B4 worker HCO4EP' 4 memory

while Worker.global episode < 400: # E SN A
current state = self.env.reset() # {7 client IR
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mem.clear ()

ep _reward = 0.
ep_steps = 0
self.ep loss = 0
time count = 0
done = False

while not done:

# 5 Pi(als), KA softmax

logits, _ = self.client (tf.constant (current state[None, :],
dtype=tf.float32))
probs = tf.nn.softmax(logits)

# BEHLRFESNE
action = np.random.choice (2,
new state, reward, done,
if done:
reward = -1

ep reward += reward

action,

mem.store (current state, reward)

if time count 20 or done:

# TFE AT client LAIRZE
with tf.GradientTape () as tape:
total loss =
self.ep loss += float (total loss)
# IHHERE
grads = tape.gradient (total loss,
self.client.trainable weights)
# BEEIRAC R server, TE server L HHELE
self.opt.apply gradients(zip (grads,

= self.env.step(action)

self.compute loss (done,

p=probs.numpy () [0])

# ZH

new state, mem)

self.server.trainable weights))

# M server HrHURH IEL

self.client.set weights(self.server.get weights())

# VEr

mem.clear () 154 Memory

time count = 0

# Geik sl EER

Worker.global avg return = \

if done:

record (Worker.global episode,
self.worker idx,
Worker.global avg return,
self.ep loss, ep steps)
Worker.global episode += 1
ep steps += 1

time count += 1

ep reward,

self.result queue,
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current state = new state

total step += 1
self.result gqueue.put (None) # Z5HZkFE

Actor-Critic IRETFHE &> Worker F3YIIZERS, Actor F1 Critic 2% iR ZTHE LI R .
X HERFESRS R D RSV (s) M B FMEV G gee(se), FFHHRIE 210 R B AE
Critic 2% 1)1% 2 R %L value loss; Actor [P£% 1) SR 452 2% B X policy loss SR H

—LPE(9) = _Et [log o (atlst)At]

%, H—E,[logme (acls.)A. R TensorFlow {122 SURFRR LI . 2 MR RECR &
G, TERUS UK AL, IR BRI
def compute loss(self,
done,
new_state,
memory,
gamma=0.99) :
if done:
reward sum = 0. # ZIERER v (#1k) =0
else:
reward sum = self.client(tf.constant(new_state[None, ],
dtype=tf.float32)) [-1].numpy () [0]
# Guitiriniak
discounted rewards = []
for reward in memory.rewards[::-1]: # reverse buffer r
reward sum = reward + gamma * reward sum
discounted rewards.append (reward sum)
discounted_rewards.reverse()
# PFHCREN Pi(als) M v (s)
logits, values = self.client (tf.constant (np.vstack (memory.states),
dtype=tf.float32))
# 1% advantage = R() - v (s)
advantage = tf.constant (np.array(discounted rewards) [:, None],
dtype=tf.float32) - values
# Critic MBI
value loss = advantage ** 2
L LS PR
policy = tf.nn.softmax (logits)
policy loss = tf.nn.sparse softmax cross entropy with logits(
labels=memory.actions, logits=logits)
# TSRS R BRI, AT v M %
policy loss *= tf.stop gradient (advantage)

entropy = tf.nn.softmax cross_entropy with logits(labels=policy,
logits=logits)
policy loss -= 0.01 * entropy
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b ORE R
total loss = tf.reduce mean((0.5 * value loss + policy loss))

return total loss

BWaEtE BRAR TR A3C FIERIINZR. FER BEIRRHIAILINTBL, B Global Network
A JR L5 B server FI'E FIALAL 83X % opte
class Agent:
# BRI, BE TR AL server
def init (self):
# server fifL#%, client AFRE, HIEM server Ml
self.opt = optimizers.Adam(le-3)
# B, SR SHRSS g
self.server = ActorCritic (4, 2) # WR&m&E, =

self.server (tf.random.normal ((2, 4)))

TEVIZTF RIS, G Worker RN G, FFHENE NN R ERGELEH, F4
Worker Xf R1EAE B34435 N Global Network HH 7 BUR BT I 26 S5, R H 5B Sk 538
B H, WWHEEBEBUARE, RIGRHEE 4 Global Network, M opt X4 58K
Global Network FIfEAL 5 HT

def train(self):

res_queue = Queue() # LA
# AUE RS HIAE
workers = [Worker (self.server, self.opt, res queue, 1)

for i in range (multiprocessing.cpu count())]
for i, worker in enumerate (workers):
print ("Starting worker {}".format (i))
worker.start ()
# GertIFa b ml ko h £
moving average rewards = []
while True:
reward = res queue.get ()
if reward is not None:
moving average rewards.append (reward)
else: # Ziiri&
break

[w.join() for w in workers] # ZEfFZRFRiEH

14.6 /&
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TR AW 2 N RS . AW, SREERAT8 A, I Bl 2 20 2%
Ui, BN, BUEERAIENBEIER, A REE £ K A & i 42, vl bL
i8id TensorFlow JUATACHS RN AT 5 sl 4 210 R 2. Ik DL & FiAb B T4, KRRHIPEA TH
ERIRFRCR . fESEbR S, BRI N 5, SRR B S AME. B4
WA T B 8 R EAE, 18 TensorFlow 52BN, FHHisit43E i W 28 B AL 1|
4k, PLECEIZE G FIRE R E E B R sl X 2% i 251 5 A2 YA 52 ) N 31 SEFR I 5
AT b RS

ARZERATE L — D BRI B 25N 586, B E e SCBHRER T EL. PR
BIWE. EBE . BRSPS B S HAR .

15.1 R EZHIEE

i R E 1] 25 (Pokemon GO)s& — il i 1 58 I 32 (Augmented Reality, AR)Fi AR TE = 41l
P, WNZGER KR, HRHEITEAT S m . JERE 2016 47 H 2k
Android 1 10S W2 /7, —& KA, HEZINERIKXNERE, —EHTIEKZ 5 1k
AR, Wi 151 s, — Al TSRS, WS T B ] A
“RRE.

& 151 BREAEFREE

FRATR) 2T o 5 TR 1) 5 P A 500 RS a5 1 1 8 OB R RN A . 6
BRI T B R (Pikachu). B % (Mewtwo). A% JE fi(Squirtle). /MK
(Charmander) F1ZP M (Bulbasaur) 3t 5 ks R A4, MRS R (1015 Bt 15.1 Fow,
1168 sk, FATAAIERH T B BARERRAIREA, SRIG3E 1122 5k E Y, BT
PAAIZ 2R 3,

U s H https://www.pyimagesearch.com/2018/04/16/keras-and-convolutional-neural-
networks-cnns/

2 F#RHbE https:/pan.baidu.com/s/1V ZJ7uffUUFZwD2NHSNMFw $2HiS: dsxl



https://www.pyimagesearch.com/2018/04/16/keras-and-convolutional-neural-networks-cnns/
https://www.pyimagesearch.com/2018/04/16/keras-and-convolutional-neural-networks-cnns/
https://pan.baidu.com/s/1V_ZJ7ufjUUFZwD2NHSNMFw

F1sE Hwe NEUESE [FE e AbEEN] 2

®ig 151 EAUTHIERER

Ui} ErE ik 3 ANt K T Wi
=
b} 226 239 209 224 224
=
BN
> 3\5}/
= VNN
] Qf_jb (ﬁ\\fi%jkx\
L }w
- /4 é\ .
() -

B P EEUESE, MRS58 pokemon MR H %, BEE T 5N XXM, B
TR S 2 AR T E R ZAIE R, BT R T 24502850 Fra K
F, WE 152 fis.

Name Date modified Type Size
bulbasaur 5/25/2019 10:11 AM File folder
charmander 5/25/2019 10:11 AM File folder
mewtwo 5/25/2019 10:11 AM File folder
pikachu 5/25/201910:11 AM File folder
squirtle 5/25/2019 10:11 AM File folder

& 152 EAZRFEEFEREZR
15.2 BEXBIREMERIZ

LRI, FEA DL AEARSRZE AR T N AN, a7 L8378 B 1) B R A4 e
F—HxT, Bha7mnas S5t mAEms, FBetakl
“pikachu_asxes0132.png” MK, HIEHUE BT N4 pikachu HEFH . AE R M4
4 T7 AEEREAS, FRATTRERE LN R 25 BR A e E0 SR 4

15.2.1 B8 gmigR

FEARIZ — A A5 B SRR A AL X 70, (HRR TR MR, 15 5 2R
AT IR, RS A G R R one-hot Zifih. 5 FENEHIEHESE, AT
NRBIBEHLH DAL € [0,N — 1K, KA 5H PR SR —BAlE, —BARR
I

SN, S5 I pokemon AR H SR RIFTA T H, XAEEAST HAR, A
PAF NGBS I key, TR MR BN AR (AR H0 T RA72E name2label 5S4 5.
def load pokemon (root, mode='train'):

b T RILE

name2label = {} # "sg...":0

# WO H TR, FRHER, PRIEBRSS R R E

for name in sorted(os.listdir (os.path.join(root))):

# B ARk

if not os.path.isdir(os.path.join(root, name)):



152 HE CEHR B [FELEAEBEN] 3

continue
# HEAIN S — A

name2label [name] = len (name2label.keys())

15.2.2 BB EE - R

YR T, BT AR S bR A # A7t 7 ORISR AR [P A7 i e A2 DA R At
HIFRZEH T, 43 F7~ N images F1 labels 2 > List %% . . images List /74 | & MFEEA
IR FRFER, labels /76 T AEARRZRAET:, WEKE .

HATHE images A1 labels {5 SAFAELE csv AR, Horp csv ST 0 —FILLIE
TS REGE R ARSI AT BUE R IC A B3 MS Excel BT I, il KT e
FEARAE BAFGEAE—A> csv KR AIEZA7AL,  HanmT DLEEGHEATHER LRk 5, ATRAREAL
KHF batch %555, csv XA T DMRAFEUESRITA FEARIE S, HATBURYE train-val-test 73
BBIE 3 A esv 3. AL esv PN A 153 fos, & AT — D ITERIRAT
TUHIREARMAAERRAE, B A TR AE TREARE .

| images.csv - Notepad = a X
File Edit Format View Help
bokemon\mewtwo\oooooo594pg,2 A
pokemon\charmander\00000009.png,1
pokemon\charmander\00000037 jpg,1
pokemon\charmander\00000242 jpg,1
pokemon\pikachu\00000174.jpg,3
pokemon\charmander\00000217.png, 1
pokemon\squirtle\00000153.jpg,4
pokemon)\pikachu\00000205.png,3
pokemon\bulbasaur\00000017.png,0
pokemon\squirtle\00000227 jpg,4
pokemon\bulbasaur\00000190.png,0
pokemon\mewtwo\00000114.jpg,2
pokemon\pikachu\00000135.png,3
pokemon\pikachu\00000038.png,3
pokemon\bulbasaur\00000120.png,0
pokemon\mewtwo\00000071.png,2
pokemon\squirtle\00000027.png,4
pokemon\charmander\00000195.jpg,1
pokemon\mewtwo\00000004.ina.2 Y

Ln1,Col 1 100%  Windows (CRLF) UTF-8

& 153 CSV &R

csv AT RIESEELANT, /) pokemon MR H sk NPT E v, RAFE T AR, JFIR
PR AT RS EC T, RAF 2] csv SCFH:
def load csv(root, filename, name2label):
# M csv XPFIRIFl images, labels 3
# root:HIREMHES, filename:csv X4, name2label:FH4HmILER
if not os.path.exists(os.path.join(root, filename)) :
# AR csv SCHEAELE, A0
images = []
for name in name2label.keys(): # WUAIH T H3, SREIAMNER
# HHEJEHN png, jpg, jpeg HIE: 'pokemon\\mewtwo\\00001.png
images += glob.glob(os.path.join(root, name, '*.png'))
images += glob.glob(os.path.join(root, name, '*.jpg'))
images += glob.glob(os.path.join(root, name, '*.Jjpeg'))

# FTENEUREER: 1167, 'pokemon\\bulbasaur\\00000000.png"
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print(len(images), images)
random.shuffle (images) # PFHNLSTHUNT
# B csv P, FFAEEE AR K Label B R
with open(os.path.join(root, filename), mode='w', newline='"') as f:
writer = csv.writer (f)
for img in images: # 'pokemon\\bulbasaur\\00000000.png"'
name = img.split(os.sep) [-2]
label = name2label [name]
# 'pokemon\\bulbasaur\\00000000.png"', O

writer.writerow ([img, labell])

print ('written into csv file:', filename)

B TE csv UG, N—IR RTEEM csv SO B BUREAR B AR FIbR 2545 BRI T :

def load csv(root, filename, name2label):

# M E2H csv XM, B
images, labels = [], []
with open(os.path.join(root, filename)) as f:
reader = csv.reader (f)
for row in reader:
# 'pokemon\\bulbasaur\\00000000.png', O
img, label = row
label = int (label)
images.append (img)
labels.append(label)
# IRFIE RS 1ist FIFRAE 1ist

return images, labels

15.2.3 BIEER 5

AR MR 75 EARE BB ORI ot 3R, MEARER AT 2 n, LAk
80%-10%-10% I LBl 73 BCLh I GREE . SR UFSEAIIASE ;. MRS EEUDI, X B Ew]
AR B 1000 584, RIS U AR LG R 10%, WE A HELH
100 5, DA LIS UE HERA ZE AN AE R 2R AT BRSO . W T/ ER &, REFEAE
B, AR RIS LI B, MRS TR R A5 R . 1 A
IS AN LB R E N 20%, BIF 25 200 5K B A FIAESGAE R

SCILUN, YA load_csv BREINEL images Al labels 51152, 4R 4 HTHLA mode IN#xT
R4 B TR 2. LA, B SN train,  TJ4)HIHK images 1 labels AT 60% %04
VERIN 8, RN val, )43 5JHL images 1 labels F 60%%1] 80% X 455 K4 1 996 3iE
By RN test, M43 HX images 1 labels H 5 20%1E AL

def load pokemon (root, mode='train'):
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# L Label 58
# [filel,file2,], [3,1]

images, labels = load csv(root, 'images.csv', name2label)
L CE S i
if mode == 'train': # 60%

images = images[:int (0.6 * len(images)) ]

labels = labels[:int (0.6 * len(labels))]
elif mode == 'val': # 20% = 60%->80%
images = images([int (0.6 * len(images)) :int (0.8 * len(images)) ]
labels = labels[int (0.6 * len(labels)):int (0.8 * len(labels))]
else: # 20% = 80%->100%
images = images[int (0.8 * len (images)) :]

labels = labels[int (0.8 * len(labels)) :]

return images, labels, name2label

FEIERARE, SIS ROSIR R TR B0 DI RE A
G, NI AR5

15.3 EA ZHEE LA
TEA 5 18 52 SOSHR SRR RIS, TRA TS R e T 45 HOH S A s A 1125
15.3.1 fl|& Dataset X %

B eiEId load pokemon PREIR 7] images,labels FlZwmALE(E S :
# N pokemon HHEEE, FREMEINZRE
images, labels, table = load pokemon ('pokemon', 'train')
print ('images:', len(images), images)

print('labels:', len(labels), labels)

print('table:', table)

% Dataset X§ 5, I 58 AR RENLIT AL, FALBEANAL EALERATE .

# images: string path
# labels: number

db = tf.data.Dataset.from tensor slices((images, labels))

db = db.shuffle(1000) .map (preprocess) .batch(32)

FAIAEAdE H tf. data.Dataset.from_tensor slices 74 & H#f SE & N\ 1S40/ images 1
labels ZHE%H tuple, [KIIETEXT db X GiEARES, R [EIH & (X;, Y)Y tuple T %, H X, & 5i
A batch I ok &R, V22 batch [ FREEHRE:

# B TensorBoard ¥ %

writter = tf.summary.create file writer('logs')

for step, (x,y) in enumerate (db) :

# x: [32, 224, 224, 3]
# y: [32]
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with writter.as default():
x = denormalize (x) # X[ normalize, J7fHr[4{k
# B HE
tf.summary.image ('img', x,step=step,max outputs=9)

time.sleep (5)

15.3.2 i WAL

TR BRAT I A A s R e i i 1 FH .map(preprocess) >R 5E AR O HiIALFE T4E., BT H
HIFRATM images IR H R RA7 T T RIA S AER, MALREAR PN EEE, FILFHEE
TE AR pf £ 5 Bl B A RS B DA R K B A 40 45 1A

SEPLANR, X FTALHE R E(x,y) = preprocess(x,y), B MIMENS TR EFIG 7 Dataset
IR SR A — B, IR BB HA FEAE NS B R — 2 Fenlih, JRAT7ER @4k
AR EACX, V) tuple 5, JCRX NG B HOBREAIE, v B R e 31
Fo HEER map pREINALE A db = db.shuffle(1000).map(preprocess).batch(32), B4
preprocess FIEANSECN(X;, V), HAX, Vo iR BRI FFREE . G158 map BR2L
HI{52 B N db = db.shuffle(1000).batch(32) .map(preprocess), B4 preprocess I NSH N
(X, Y,), FerhX, Y73 59854 batch B2 FIFRAE .
def preprocess(x,Vy):

t x: BIRII®E List, v BIATIEFERIG List

x = tf.io.read file(x) # MIEEAIE

x = tf.image.decode jpeg(x, channels=3) # KL

x = tf.image.resize(x, [244, 244]) # P4

# HRHg R

# x = tf.image.random flip up down (x)

x= tf.image.random flip left right(x) # ZEfEHE

x = tf.image.random crop(x, [224, 224, 3]) # BEAL T
# AR EGKE

# x: [0,255]=> 0~1

x = tf.cast(x, dtype=tf.float32) / 255.

# 0~1 => D(0,1)

x = normalize (x) # #InifEfl

y = tf.convert to tensor(y) # ¥iikit

return x, y

R BN SRR N, TR A, RO T DR B R
ISR £ R AR . RS 0~255 3 IO (R 28 (AR 0~1 T5IE, JREI b
WEAL B3 normalize SEBUEUR MUBRMEALIE S, KRB ARAEAA 0 IR, 47 TRZ Mt
fh. RGBSR BAR (X, V), FHEE . BEREIT db G0k AR IR S
batoh 1 F i B B AT ik it

FRAEAL IR OIS & P2 M G5 B B, B ZERAT ARG, 5 S M s
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O~1 MIVE, PRI ERATSEIUARHEAL R R R

# XHEM mean Ml std M3 FLSLHIEIETHE AT, AT TmageNet
img mean = tf.constant([0.485, 0.456, 0.406])
img std = tf.constant ([0.229, 0.224, 0.225])
def normalize (x, mean=img mean, std=img std):
# bRiELL
# x: [224, 224, 3]
# mean: [224, 224, 3], std: [3]
x = (x - mean)/std

return x

def denormalize (x, mean=img mean, std=img std):

# AREACRIE R

x = x * std + mean

return x

i Bk, Al . SIS AR ) Dataset X 5
batchsz = 128

# BIEIZEE Dataset X4

images, labels, table = load pokemon ('pokemon',mode='train')
db train = tf.data.Dataset.from tensor slices((images, labels))
db train = db_train.shuffle(1000) .map (preprocess) .batch (batchsz)
# BIELKIESE Dataset XWH

images2, labels2, table = load pokemon ('pokemon',mode='val')
db val = tf.data.Dataset.from tensor slices((images2, labels2))
db val = db_val.map (preprocess) .batch (batchsz)

# QIENALE Dataset 4

images3, labels3, table = load pokemon ('pokemon',mode='test')

db test = tf.data.Dataset.from tensor slices((images3, labels3))

db test = db test.map(preprocess) .batch (batchsz)

15.3.3 Bl @R

AT BRAT AN AL T VGG13 Fl ResNet]8 55 F- It ML ARAY, i BLIRAT Tk AS ¢
IR ) BARSEEL AN . SEBR_E, 7E Keras.applications AR SEI 75 F I ZE AT, 4
VGG %741, ResNet %71, DenseNet 7%, MobileNet R&5555%, HEE (TSR A6 &
X LRGP 25 .

# JN#K DenseNet WMZSHITY, Jhhfig/s—EaEE, & —MLZERE N max pooling

net = keras.applications.DenseNetl2l (weights='imagenet', include top=False,
pooling="'max")

# WIPNAZ 5L, Bl MobileNet X4 24U [E & A3

net.trainable = True

newnet = keras.Sequential ([
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net, # X¥IR/5—/Z) DenseNetl121
layers.Dense (1024, activation='relu'), # BIN4EELE
layers.BatchNormalization (), # iBJIBN 2
layers.Dropout (rate=0.5), # JBJI Dropout )&, Bilbid4l&
layers.Dense (5) # IR#EFAIBEIRMMLS, REEG ZHETAECN 5
1)
newnet.build(input shape=(4,224,224,3))

newnet.summary ()

b TH{EH DenseNet121 BRI RAIE M2, HT DenseNetl01 [ )5 —Z i 17 sk ihA
1000, FATKF DenseNet121 Zfife/a—=, FEARME A w CEIRERFMNE, BIn—"N i
T BN 5 A R)R, JEid Sequential 7828 BT FEAGH B Mg AR . Ho

include top=False &M L4 5 & EF)E, pooling="max'% /R~ Jg— ) Pooling Z Wit AN
Max Polling .

~® v vO vo

Max Pooling

DensetNet12142 &

FC:5

15.4 PHLBIRRY

15.3.4 M #8911 25 5 MR

FATE A Keras $2 L1 Compile&Fit J7 ALHCIF M ZRMZE, DAL K & ) Adam
AR, 1RZ2 BRECR A SO R s AL, JFICE from_logits=True, fEIZRid A2 & 1)l
EFRARNHER R, B AEREan

# BRI

newnet.compile (optimizer=optimizers.Adam(lr=1e-3),

loss=losses.CategoricalCrossentropy (from logits=True),

metrics=["'accuracy'])

i fit EE GRS BTSSR, &R Epoch Ml —REGUESE, i KiIlZR Epoch
HOM 100, 7Bk, AR T Early Stopping HA:

# IIZRBER

history = newnet.fit(db train, validation data=db val, validation freg=1l, e

pochs=100,
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callbacks=[early stopping])

Hr early stopping ARHERN] EarlyStopping 25, ‘& MW FIFEbR R IR HERR R, WitkiEst:
SRR R E 2 G 52 0.001, MIfitk EarlyStopping 2611, YIZREEH .
# Qi Early Stopping 38, 4L 3 A FRENZ L
early stopping = EarlyStopping(
monitor='val accuracy',
min_delta=0.001,

patience=3
)
ARG R b N ZRE i Ee . SRR DL AR e AR BT SRS AR R 2 g th
2, Wk 155 . ATUAER], IIZRHER S AEIRTHF R ERGEIRA, R HER %
P2, (Al H& ARSI, IIZRRRZE, WZ BRI 7 AEF ™ = E IR .

1.0
0.9
0.81
0.7 .
H- I A
£ Il ofe
= o MRAEE
0.5]
\
0.4 k2
0.3]
0.0 0.5 1.0 1.5 2.0 2.5 3.0

Epoch

15.5 MNEIZ DenseNet ML

AT 2 BB EBIRYE? 25 RS BAE A ) DensetNet1 21 #8 (¥) JRHEE 2] 1
121 )2, ZHEIES T M, RIWERME MR, mERATKEHRE£MNATL 1000
A, A L CAYINGRIF Qb R AR X g A, AR 5 MBS B R . 08 1At 4t
7 TRCRHEEER, SUEE DM, sCE e, a8 hndE 41
MRS, B 7 IX Ty B, o —RiiT 2 A R s st & iR 4 2

15.4 T#HE]

15.4.1 EB2ERHE

T % ) (Transfer Learning) /2 HLa% 5 ] I — M S5 ), FEWFFEATIGAE S5 A BTf
F R HRIEE ETES B L, DERHMES B BRIz AR, BIla{E5 A A5 2K
), T BN IR RS BT o HE A IREAR, AE45 B N4 F5r 2K, mrLL
KIL, B4 A FIfTSS B A REMILZANR, X s n LNE R, H8, BE%E
JTEEATHEN, RUE RS A RIS 288 DA HER 7TiX MR, EIIZES% B 1)
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rRAERT, AR NEFEUNLE, MR TAEAES A LIRS I AR 36 ik 4712k
B (Fine-tuning), XA “WifE BB B L7 AR S840k, @i RAT45 A 141
W, EAESS B ElZRn2eds ol M A SEADREAS, 55D BN SRR KSR A 12 A0 e
VP

BAINB—Fh b, (R AR BT = I ik TR EAR . X TE 0
LML, —RUCN BRI SR URFE, BORZ 1N 4 R ESE L RE TTlkog, foR)E— Rl
52080 R 2 8 2 M 2% a0 S5t o 3 TARARIAESS A F0 B, A TR RHIE S X
THETT DN A S AT, BRI X 2 () A T 2502 o] DA, 5 1 A 2802 vT AR B8 EAR AT 5%
WEMNEFFEZR. WK 15.6 iR, AAMMNEEIEES A Bk, 58S A %
W, THEMES B &, v UAEHMSERMFTIEZE, HEE mBZ BB, M
EHGENGGEHEZ . BAEEALS A _ERIZRIF B i Sl g8, ST B2k
Kyt, 1E ImageNet b TR SRR E — AN L

P ETR% kT H%

I I

% 23 % 23
A
i : i
R % 22 S R % 22
T T
% 21 % 21
f T
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15.4.2 E8 2% SLh%

FLATLE DenseNet121 [5EAl E, flHI7E ImageNet b FliIl SRl FRE S H0) 401k
DenseNet121 (%%, JfkEra —MaERZ, BRI, s — = %
REOEN 5:

# JN# DenseNet WA, JEEiEg)F—Z2aERE, & MNBLZBE N nax pooling

net = keras.applications.DenseNetl2l (weights='imagenet', include top=False,
pooling='max")

# Wit NAS 5, B MobileNet X2 H il & A E)

net.trainable = True

newnet = keras.Sequential ([

net, # ZEHiE/F—)ZM DenseNet121

layers.Dense (1024, activation='relu'), # BINI4EZE

layers.BatchNormalization (), # iBJIBN/Z

layers.Dropout (rate=0.5), # SENIN Dropout )2, Bkt A

layers.Dense (5) # RIFBEAEBHIENMLS, WERG - ZEHHISEN s
1)
newnet.build(input shape=(4,224,224,3))
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newnet.summary ()

LIRS EG]E DenseNet121 B, @it 1% E weights='imagenet' 24§ 1] LLIR [ T I 25 1)
DenseNet121 AT 4, FFiEIT Sequential 252K 5 (1) W0 28 J2 538 (1) ¥ 73 8 I 2% B 4 2
RN—AFHEA newnet. FERAPTEL, AT LLIEIE X B net.trainable = False K[ & 5 5 7
N ZEL, EVE S AT EEI 2R, AT R 75 I ZRAS B B3 RN 2%, ROk
DT REINGRIZEE; AT LUE % B net.trainable = True {4 1F 5 HI M4 — il 23 5
e, RfdEanth, BTEAES M A ) B RIFSECRE, WE AT DLPRIESEIE
TR eI

HT AU ZRY) DenseNet 2SR, FRATTEE N ZRAERAAR . 30 UEIHE R 2 AN B A 26 2 1)
M i, &l 157 fras. FINEFFGINGMLL, EBTIiERES), W AFRE D EREARD
AT YIRS BT ()1 R -
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