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ﬁ“ﬁﬁﬁﬁ%ﬁZ%,M%%Emﬂ%%MEﬁﬁﬁﬁﬁﬂﬁ%&ﬁ$ﬂWﬁﬁcWH
Eﬂ%ﬁ,ﬁ*ﬂﬂ%ﬂ%ﬁﬂ@ﬁ&ﬁﬁ%TQ%%ﬁ%ﬂ\Hﬁmmﬁﬂ%ﬁﬁ%%
Eﬁﬁiﬁﬁow%ﬁﬁﬁﬂﬁﬁ%ﬁ.ﬁﬁ%ﬁ%ﬁﬁ%ﬁ@ﬂ%%@%¢ﬂ%ﬁﬁ
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TensorFlow: 3Ltk Google ‘REFSIHEL

HE R E KT ITE B 7 8. T 1.3 T8 B AN R % AR 7 1 N o

R AR R E 55 ) SR AT 9T N 52 A L At L 2% 257 5T S0 2 s 32 ) 1 K A B EE AN )
R, T ELIEAA S 25 9 R R B 2 30 SR K o A R R AR,  (HBARIRFES: ST R
JE I AN Ha1 8 T AR i 01 28 G RN ) T AEALER o RN 88 K it A R R BB 2 ) T 9T
EF A RATANZIN A REES: )RR BB AR K. H ARk 500 AR 5 >
BLHI A BEARIEAS 2 BA A 24T B3R 22 S R R =«

AR 22 ) &k T AR MR, B nT DL 2 HUEH T & R A 2 i pes
W2 et R TR AL AR 2 STAESE . (HAE B, A — Sl 7o i B W HE 2 AR
B B TAERLE, EAR TFERESI MU, 8B “HHML2%” (computational
neuroscience ). R ) WL EOCH AR RE IV BHLR S, MR AN TR e B R
I R o VI 554 40 2 ) 32 B DG e gt 7 B AT IR BE B SORqUl A\ 28 K i ) T4 .

SRR, NTHERE. YL MEREEDRIEFMHCH LR, B 14 B4 TE
TIZm R R NLTRGER—RAEH ) Z B mE, &7 ) MR R Sn)— M EETF
Bro WREESMENBFEIK—N0L. EREZANTHERE L, WEEINTERET
TR GELAR 7 S TR RS, Hish 7N TR el K e .

14 NTHEfE. Hlass ] DGRES ] Z KK RE

1.2 REZINERAIE

REELE RSN R E T THBR, FrulWrs] “WESIMLL” Wref
it b, HAUKFKBRAE “WE¥%EX" A ERREMEMSN— M4,
i f e M2 HR BT LUB I E] 1943 4R WWEF I Z T UFERRGR TR, —MREZ
B R EAE 21 HZCYIIIIFANGRAT - P28 0 4% 1 5 R SE KBOAT AR =AM B, ZE AT o,
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F1E REFIEN

AV N LR R T BRI = A

L P25 D R B AR S T O A L8 2 ), R BB KR 2 ST LB, B LR AR
R 4% B 24 A 70 S . Warren McCulloch #(#2#1 Walter Pitts % T 1943 HAE 3L 4 logical
calculus of the ideas immanent in nervous activity " R . 7E123CH, Warren McCulloch #{
$2H1 Walter Pitts IR #0128 T A 45 ¥ T McCulloch-Pitts Neuron (#3151 45
¥i. & 1-5 4 T AKALE 5545 FF1 McCulloch-Pitts Neuron 454 . McCulloch-Pitts Neuron
LRI RERE T ARG TERE, S08a MmN, RERMALT S HE
AR, BARNSHZL TG S 1R B ATEX BA PR UEA L 58 2T »
{H McCulloch-Pitts Neuron %544 i T faj 8 O£ PEINBURI 4 77 SXORBERLX AN Z He . 5 n N
34145 McCulloch-Pitts Neuron %57, McCulloch-Pitts Neuron £5#4£xiiid n MLE
Wi, Wy Wy S EOX n NSRRGSR S — A REREEE 10
21 s

(a) AP InesH (b) McCulloch-Pitts Neuron &4
B 1-5 AK#ZITTE5HA McCulloch-Pitts Neuron 45 4% L[4

XA~ FLAR 4] TR 685 McCulloch-Pitts Neuron 45 4 J& 41 {a] fif ¥R SE i ) ) « R BE
R0 e 1 ) S S DT B 2 5 BRI, R4 B S T LUK AR B4R R n AR
Y% A A McCulloch-Pitts Neuron 44 . McCulloch-Pitts Neuron 45142853 AU K {5 68
OB LAE S| —A 0 B 1 s . R ANBIHY 0, HB-AAH S BB o 4 3 S
KR, WSRIANM A 1, B8 P A R 4 AN s S R A

Sy T A3l 7 i T LIRS R 2 b B B 4, FRATIFS R McCulloch-Pitts Neuron 54
H BT RO B . T EX AU E B AR — Rk, (R AR R W BB E
F7 B AR A BRI . b T kTS RLAESS 3 n @ 3 H 3 n & B R EAUE K
/I, Frank Rosenblatt 232 F 1958 44 1 T IRAIHLBEL (perceptron). HRAIHLEZ F 4T LAR
R B S22 31 AE AL O BE%Y . B4R McCulloch-Pitts Neuron 45 Fa R AU R Kl

(1) McCulloch W, Pitts W. 4 Logical Calculus of the Ideas Immanent in Nervous Activity [J]. Bulletin of
Mathematical Biophysics Vol 5, 1943.
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TensorFlow: 3Lk Google REFIIELR

o T IAAHLER ), (R BT AAEIE R R H R BRI .

1969 4 1 Marvin Minsky #(#% 1 Seymour Papert #(#% tHi it /] Perceptrons: An Introduction
to Computational Geometry — i, iFB] T AHUEEY K GEARYRZ M v] 73 1] 5, 2 4 ZEcholy
LEMVEM A AR, ATk B FFIEEE L T RAWLCIE M P e @, T
B EIE AN ER T, R EHMEMSRATRERHEN . XEREMES
BT AR TN A G R IPLE 2 IR i . &£ 5, Marvin Minsky (3% Hl Seymour
Papert ZUZEBMUN T “ZETRMPLBIBI R R RKW” W55, XFET HE MK

RERACEIY, EZEH2EN, ETMEMEKIITR LT TR,

HEH 20 A 80 FAK, B _EMAE MK A4 A &R KL (distributed
representation) 125 W 4% iz ] 4% S SE AR R0 26 . 20 A0 20 S0 R EA F A O LA
RSt S AR RIS N %@ i 2 N MEZE 0 (neuron) SRERIE, MR AR
L NS HRIEL /MRS B, BRERTF—DNRGCSRIRMARBHOA RS R E,
AT AP T Mk st — MREMERRE D g — L o N — R,
FMRERSHAE, i “HERNFE”. WRE n M, m FRS, BAXFERRE
FHATEnxm MMETC. H—FAEREH—SHETEIIREGG, thin “A6E”, 5
ST I IRRRER S, b “/PFE”. X “BENAFE” ST Laid
XML TCIA G RRIE XM ARTEE n+m APRETU o] LARIEFT A BE& . 17 B
FEAE VIR P A S “a B RE”, REERREIN “467 M “FE” fiM
&, BT B “AaRE”. SAREIRFIERKMGER TRE M RERE S, ik
P2 o 26 B JEE 1) 7 Tl E 1) T IRBER T 1] XN Z G HOVRIEE I B85 T 3Ehl. 7658 4 &p
9 38 L AR ] S Tt BF R J2 1 o 28 T 5% T DA AR A i 0f e A AL St ) i 25 2 A AN ] 4 )
R o

B TR TR 2l , 7F 20 2 80 AR, WFFTA 52 76 BRI 25 b 28 10 % 1)
VR 2 FABES T 2Bt et . David Everett Rumelhart #(#%. Geoffrey Everest Hinton
FLFZA Ronald J. Williams #(4% T 1986 441 H R4 LR E N Learning Representations by
Back-propagating errors SCE Y IR$EH T 2 M A& 539% (back propagation), 5L A
AR T VI gRMe et T I el . BHEIA R, RIOERESFE IR L VI S5k 28 0 25 ) 3 32
Jitk. fEME MRS R, vHEPL R R A1 80 AEARK I THITL AR 14
tE 70 SEA0H T R WA HER IS . TR MM LE 80 4K F] 90 FEAH K T & FE 1) i
W mASERBLERZ N EMNEER, WInERMEMNERMMIAENY, FiXB
it 1] #0421 T 1R &1 & % . Sepp Hochreiter ##2F1 Juergen Schmidhuber 4% T- 1991 4E4& 11
1 LSTM ££%! (long short-term memory) A] LA R HUAS A PP #3047 £ 888,  Ebtn—F)i%
BH-BRH. HESK, LSTM #EMRIIRE HARES B, PLEsBE. 530, W%



F1E8 REZIENT

O 55 ) R B A U e RS 8 TR SE N VA M A AR Y £ R LSTM %Y

SR, TEMNZE NS R EIIFIET, R MNLEs 2 Bk TR, 3545 90 4
IRKB LR T WML, B HLESF S SR k. FESERG L6, &
1998 4, {3 FFm ML (support vector machine) [95L3% AT LLILAR TR R (K E] 0.8%. X
PERRDREAE R I (M R N2 A B . SBOXF M EEE WA RN, Bk, BRI
G2 Mg I RGBT ek, BRIV BRIE T, BV EE M MR &R
WRAER . R, SRR RN, TR NZRE RS MR T K.

B VRN AR — D4R, LR B, GPU FIHBL, 3| 2010 F44, 5
AN KRN S, SR, MEDRM+HER, FIUEREEHREEA
FrRIRIAE . X kAR 2R BTG I LA Bk ) AR Rk, TR R BRI T
B . 75 2012 4F ImageNet 2575 B4R 4> X5 9¢ (ImageNet Large Scale Visual
Recognition Challenge, ILSVRC) "1, i Alex Krizhevsky #(#2 323 1 FE 2% 2] R4t AlexNet
WA TEE. AKZIE, WSS (deep learning) 1E K ¥R E MR M 44 (98 4 R B KT B
. WEEEIMERRBIFET A AL FHAR. B 1-6 JE7R T “deep learning” XM 7E
B HEABRBROMSEEE . NEFTLUEH, M 2012 F2 )5, FEZEIHHIERER
bt B 2016 FERY, WEFEICLRBN T A ERAITHERIE. 72013 4, HEYE
SIHBREE T (MIT) VB8 THEEHRRHRHr — W4, WEESI B2 NRYINEG
AR R THLASFZI SR THM 1.3 REEENHETERESEIE—EE
BN TR B N H -

100
90
80D
70 ; = =t e =
&0
S0
40
30

10 - ﬁ—.ﬁj\_rn/_[’\f

a R

2006-01 2007-01 2008-01 2009-01 2010-01 2011-01 2012-01 2013-01 2014-01 2015-01 2016-01
4

0]

Bl 1-6 “deep learning” f5ili HEERF RN E R ER

(B T 5 8E%: htips://www.google.com/trends/, AL FIFAAEHE 0-100 43 100 24
0 FRBACHAE, 100 FAERATHHAERRD

O HA4&iEZ W: https://www.technologyreview.com/lists/technologies/2013/.



TensorFlow: SC&% Google REZFIHEZR

1.3 FEZIBIMHA

VRIS B RO TGRS, ERZERREUVERTN, WEESE I3 T HLR
AR, W4, BRI FEMR S ML F S SR A A T AR, ERERE. &
TR, AT, EARIEFAOE, HLBA. WS RALEE. . KRR, BRGIE.
W4 R, BE 2R B BNS TR SRS S RSB N . ATREERU LA REE S 2 A
HLA 32 AU AT PR A A 4R o (ELURBE 22 S (RN P A UR T A R BT A AR Sk, 2%
AU ) R AR A BR T 5128 9 J LA T T

1.3.1  iFSpLsRE

AL S R R 2 50 R B T S B S ek R R R 7E 1.2 R v 4, Bl 2012
EVRPE S 3] ik AlexNet B/t B 1% k%€ ILSVRC (ImageNet Large Scale Visual
Recognition Challenge) 7 7 , YR ) FFURZ BEAR T T IZ I REILSVRC JE 2k - ImageNet
PG AR 2SI BB R BIBOR LE 6, 3X A E R A TSI U B i O S ) o

& 1-7 J&7% T Ji4E ILSVRC HZERISR. MWE 17 FafLLER], 7EREFEIPMEHZ
BT, AEGEH SEHLALE (77 15 4E ImageNet Bid4E AR Tops #R % K 26% . M 2010 4F
] 2011 4, 3 T ML 882 1 B0 806 1 R IEMI R B KIRR TT . 7 2012 4E0Y, Geoffrey
Everest Hinton ## (HF57 /MR ¥R BE % 21 Hi R ¥ ImageNet IR 7 F M RTR R NIE T B
BT 16%. MiH, AlexNet ¥ SIBIM B RE—AJF8h, 7€ 2013 FHLLeEd, H4HT 20
BB T 4R %3] . M 2013 462 G, ILSVRC LA R EREFIRIESET .

M 2012 4EF] 2015 4EH], Bid XA S FE M ARBIT L, ImageNet BRI RAVH IR
HRUABEAE 4% )38 53 Uk o 3K 1 B v B 2 51 SE 4T T A6 GebL 382 X SVEAE B 18 43 2K L
i, iFEMRSA A T EIFRE . B 1-7 B, B 2015 FRF, SR I EIAREE
WREN 4%, CLRIEB T A THRERNERE (5%), LI T iHENREHT SRR — 4
SR -

{F ImageNet B4 |, MBI AR T BB ROBAMI, RN bR Tk
PR EEAKET . PR S o B L R SR . PR 4 288 1) L 0 T B o 5
Rk, BIEMAR AR SR, TES A SRR REAAE. H-KE AT AR
HELEZASEE R k. B 1-8 JE7x T ILSVRC2013 kR S b et & . &

@ 7 ImageNet B84 28, AMBABIRAEH Tops HHRFRIFMBELSE . B 6 T E VA
Fi-4H TmageNet ¥4 .
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18 REFIEN

— R R B AT AR 0 A AN R BB i AR 1 oK. 7E 2013 4E B, EHIfE
GEHLAR2E S FENT LA B MAP (mean average precision) “fH 4 0.23. 2016 4, T
6 PRI RE 2 ) B 8 B 5775 (ensemble algorithm) B3 MAP #2535 T 0.66°.

30% 28%
26%
25% ====s N LBRFE R #
20%
16%
15% T
10%% -
%
5% ———- e~ =N Az SR = TSR  SE—— A% Y T A—
o% ]
2012

2010 2011 2013 2014 2015 2016

topSH) i

e 1-7  Fi4E ILSVRC Bl 2K e BT R &

/g 1-8 ILSVRC2013 A I B 4 o R4 g 1™

AERAREFPFER, Tl A0ERERSR. DERBNA TR T . £5HK,
BB K. W RGIBRARCEH)  ZNHTARTANEEZ . YouTube. #HMHIE . 278K
BERE . B 129 hRER T A REGER R Y. AoE BERLEERAR
ATELAgNE B A T E A AR B LIRS E R T fe . IXEERORTEE AR B B BTEL, [5
WERHAF B CLER T ZMNA.

@ http://image-net.org/challenges/LSVRC/2013/index#task 145 8 % JF ILSVRC2013 P& iR HIE /40 .
@ #5H H ILSVRC B M: http://image-net.org/challenges/LSVRC/2016/results -
@ B H3®RETILSVRC M : http://image-net.org/challenges/LSVRC/2013/.
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TensorFlow: SC&k Google REFIHELR

- @% 1jpg -« husky with blue eyes 4

Al Images Maps Shopping More > Search tools

About 20,500,000 results {1.43 seconds)

| Image size:
| 282« 179

Find other sizes of this image:
| Al sizes - Large

Best guess for this image: husky with blue eyes

(a) {EAMKIEFIRZ LGt Ik L7 (R (OIS, MEIMLR Y “husky with blue eyes (I (BRI AIRS 1
)7, AR P R A R, (EAR AT S R L 00 A R

GOOg!e -m . wolf public domain s

All images Maps Shopping More v Search tools

About 25 270,000,000 results (0.95 seconds)

Image size:
275 = 183

|

i Find other sizes of this image:
All sizes - Medium - Large

[ Best guess for this image: wolf public domain

(b) 74V BRI R %P —ARAIE S, @BIM4 I “wolf public domain (I™BF LA, BAIKHKHE FHG)
LA P AT, LRSI B R BB R .

19 EEAEE SR RGEY

E RS ST, AR — RN AER T ZRBR . EBERT LN H TR RATIE,
AT AR T2y RdEATl. FEBRARATE S, T AR RIARNL B 3hx £, HBIRE
A CL RN K A TR L& TRE. R0, Rt AU N E R AR
BT TR R T A1 . e BB S RAT, b 7B, £/ T
i B B AR T R E AR ASE B AR RBAE T — MR EE RSB KU o e
RE R PR —A A B KRB, X AN o DA i Akt 5E 3

TERPEF BB N AT, FE TR I BRI A SRR 4T s 2 A e U531
R R . AU A B KPR AE T AR 2 RN, AR RN ATEARRF DG R &
. BERERE TREVEFEESHUARARZ MKZEREKR. LRIHLEEIFX
RS RO BRRAE, A ST RRBE W AX A AN R AME, AT BUR LD R
MAEAR RIS AR BRBES S HAE g BB T B 3h 2318 S A AR Ak
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£18 FEFIAN

Lk, TTLVRE AR GOXA . 78RNSR LFW? (Labeled Faces in the Wild) I,
3T VRE 2 5] B0V (K R 4K DeepID2 I LUAF] 99.47% IR Z .

LEVFENIBEAR, e AR (optical character recognition, OCR) A FH ¥R B
2 Sy BLIG AR — . TR TR, @t%ﬁ%ﬁﬁﬂﬁﬁﬁ%ﬁﬁﬂ%?ﬁﬂﬁ%@ﬁqi
WA, T, TR TERS, AL R EHLAT AR A SOAR R e FALE 1989 &,
Yann LeCun #5% % % ({11 3C Backpropagation Applied to Handwritten Zip Code Recognition #§
SR 2% R R B T SRS BRI R L, R E TR 95%[K IEFfiI%E . fE
MNIST FEHSTIRISRSE b, B v e ) Skl DUk 99.77%MMIEMIH, X
it 7 AR, B S SO E MRS MNIST F BB IR B

S E PRI TR MR A2 2. 75 21 HH#%)30], Yann LeCun HFHIET
B A A W 2% T B AT IR RGN THRAT S BRG], XA RYEAE 2000 F2EA
EL2 403 T 35 4 SR HUR Y 10%-20%2. 28t l 8 R BB AR e T A akE 1 FF
wh, BISEHEEERB ARG DU BB e R R K BT, JFE SVAN EA4
A | ATLLAT] 96%KIERIEY. Bl 2013 AL, XA R AW B A Wl T L 1
ZA TSR, Koms T 2 kit A H R T BB NI A . T HL M2 T
ﬁﬂ%ﬂﬁ*ﬁ@ﬁﬂ‘]ﬁfﬁ&]‘ﬁlﬁﬁ?ﬁ?iﬂ%}u K P e SR R A R S
¥k, MTTSEILE B A BRI,

1.3.2 Hia

R 2 ] 10 V- VL AT A ) A G RICHE . 2009 4EERES: S MIBES G INTE
FRREUER, HRHZSREE T BRI . Zea s JLAER A Py, YRBE ¥ D [ 75 YA 4E TIMIT
WRAE® | IE T ARSI A L (gaussian mixture model, GMM) HIHRFEM 21.7%
BRI T 18 F R B 2 SO BEELEY) 17.9%. ﬁulﬂzkﬂﬁ%}%ﬁ?mﬁﬁiﬁ‘%%l@T'%’éﬂiﬁ-fﬂ_[iﬂk%'aﬁf”
%3 %vE. M 2010 fEF] 2014 4E[A], 7 5 25 A AU I W K R &L IEEE-ICASSP A

® FE%T ARIRHIERE LFW HI{EE R Bl HEr B hitp:/vis-www.cs.umass.edu/Ifw/ .

@ %7 H Yann LeCun #F2(E CERN WFid4 L3R Deep Learning and the Future of Al VR AT L
%%, https://indico.cern.ch/event/510372/¢

@ SVHN S S B JUT SR K 2 O U I AR 4R [T S & ffE BT bl 5 % HE o
http:ﬂuﬂdl.stanford.edulhousenumbers! o

#°7.% W.: Goodfellow 1 J, Bulatov Y, Ibarz J, et al. Multi-digit Number Recognition from Street View Imagery

using Deep Convolutional Neural Networks [J]. Computer Science, 2013.
® §E£XT TIMIT BN ERAT Bl% % Hpr /7 hitps:/catalog.ldc.upenn.edu/lde93sl .
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TensorFlow: 3Lif Google REFIHELR

Interspeech _E, WM RILHBGEEM A, £ TR, GEamk. ¥5. &%
B IBM. FBESETE K E AR IT A RIS GEATE F M6 7=, Ee A 3K IY Google Now
SERI Siri. T Xbox Al Skype 45, B2 T8 2% 5 8,

1E 2009 FFAHUA SEF WHIN AR, ERAMREFERACEAT 30 EHRA S
R, B 2012 ERS, BREEFIMEF RN CSEAR TR S WA, HRIMAaIE
FIRB R IRERRICT 20%, XA SRR T HMEEMBRL. KT RS
RRSCICAR Y, 8 AU B 2 3 A 0 o Y v SUT 20 o 530 O 0 A A BR800 v 3
o PEEHIREEIIMA, EHEEY I RE EMERHSEEE R R E -
RSN T VR A TR AL A B3 s SRR AR E SR S R MR B 1Y, T
ORI 1 2 BT CARE S8 X AR RO B R 580, 950 B2 50 Jo PR 2 T LA 5 e A o B e oh i i
SN 7% HATSOAFAE, 10 A5 5 7 A B v 5 38 A TR U 1E

BT R RS VN CE BN B T B ATUR, 1 b bk 5 BT BN i N 1% 23
RalHEH ) Siri RGE. Siri R AT LURYE F F 105 3550\ 55 0H B I3 A Th g, XAk
ETHPEIMER . HAl, Sin CLXRFEEP CENK 20 ARES. 5 Sin X4, 2%
WAL (Android) RZ LHEH T AHIESHE (Google Voice Search). 5 4h—N ki Ih
FREEF R B 2R G0 A2 K ) [ 75 A3 R 4 . 76 2012 4R PO BREK T S F 55 B2 ( Mlicrosoft Research
Asia, MSRA) —+—1LTHE K4 (21st Century Computing) |, 5%k & 4% Bl #4 #% Richard
Rashid BL7378 T R 1) B BIDUE I R P A 3 R 4% . 1R 3 T HE% T 2 10%
£, 7 YouTube Mub | LA MM — T KHIRBSR . 75 REPUER SN AL
A REEEATIRA, BRI R R4 BBIE A 1ES, IS
B ERETHE TSR T . EREREEIZN, EeRRsEeRE%T T
BRI EEN . TMEREEINRE, EERN. YRR LESA R
ARSI T ERIBORR . W04, BB R R &% RE O L BRI NS T Skype
PR 2% H i

1.3.3  H&RGE &b

RECP A ARE SEEGUEMNHB R Z. £ EMLES, RESXIDSE

(D ZM0.: Li D. Achievements and Challenges of Deep Learning [J]. Apsipa Transactions on Signal & Information
Processing, 2015.
@ HEUFLSHLAE R http:/v.youku.com/v_show/id XNDeyOTUwNjMy.html.
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£18 REFIEN

MM (language modeling). HLZ#HE. MERRIE (part-of-speech tagging). SEAE
(named entity recognition, NER). 1#/&4} /7 (sentiment analysis)- | U RS R
487 ) _EERAG T 8t ek . YR RE 2 SRV SEHLRL S RIE S IR B S U B, W
22 SI7E B ARTE 5 A 2 a) BB 1% St I RS TE N A R HE MBI E IAFE. EARES
Ak B AU, P B 2 ) SE LS R A SR — A ER EE N BRZ R M R (word
embedding). 1] W]ﬁ%ﬁﬁ%ﬂ%&?ﬁ%ii@ﬁ?ﬁiﬁ%&tﬂél‘ﬂﬂﬂ‘]%%‘mo

7 EARTE & b AR, — AN ERBRT R REET HRES P EHRZARE T HENE
H, Wi “¥7 1 “R” BULTERET RERER. B0 f” MR H 4R 7E v ELHL
AT REZE RIR TG, FTUATH SN LR A M R ) ARVE 5 P RIE T X A T fRPEXA 7]
B, WA R TR T KRB AERE. B EERE, A PLK Bz E AR PR
Z %R . (ERLUF RS, WordNet” ConceptNet *#l FrameNet” /&3 1 W1 71t
B LA RTTERE R L BB RIRENIY i B EaE R . i R R
(T — R BN 0 7 SR % i A 3

B A RS AN A BRI AR R e BE K e B CEG 2 100 #eag, 200 4. X
T SO B3], 0 243 1 R 2 ) e ¢ B 12 o A T A X LA
Aok 8 ] LA o 2 () o ) BE B R A i ) AT EE A TR B, e LAWK
WL iR bR S A 2R SIS A T AR O S TR A GloVe®” #.ia] i) F AT LA1G B 55 1]
“frog (FFiE)” NIV () ] [ e FALLRY 5 A B4 B “frogs (TFIEEHD . “toad U
)7, “litoria (FIUEEEME)”. “leptodactylidac (ZiRLYEAR)” H1 “rana (R EKE)”. WX
AREGIAT A Y, i ) Ji T DA A 28t 20 i B R 30 5k B ] i) B T DAEAT B
2 ES . HH #A “king” BRI ) R £ 5 “man” AR A 1) 4G B 0 45
i AT A “queen” WkZ: “woman” 75 E )45 SR AR Xy ZE R Y, 22
Badr T RIE MR AR -

(D % W,: Mikolov T, Sutskever I, Chen K, et al. Distributed Representations of Words and Phrases and their
Compositionality [J]. Advances in Neural Information Processing Systems, 2013, 26..

@ % lil: Collobert R, Weston J, Bottou L, et al. Natural Language Processing (Almost) from Scratch [J]. Journal
of Machine Learning Research, 2011.

® ® %% T WordNet [fI¥Ekl ] LIS % L H 7 M- hitps://wordnet.princeton.edu/

@ §i%%T ConceptNet [ 74} A LAZ % H 1 J7 P« hitp://conceptnet5.media.mit.edu/.

® ® %% T FrameNet [ 78] LAZ % H w75 W https:/framenet.icsi.berkeley.edu/fndrupal/.

© HEAXET GloVe MA4n] LLeH L T M- http://nlp.stanford.edu/projects/glove/.
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Tensorflow: 3L Google SRESFSIHELR

JEILX AR P A S A B S K, RBE S SIAE I ARIE A B AR & R )
LA TN RIS . LA R IR I — AN . B 1-10 JRIR T B ERE R AL AL
FLELRBR S ) SR AN R 5 0 FUROR ta i . A 1-10 AT LA Y, 7EFT A I0iE S0
Lo BRI ) SRR T KR BESR R B PR . OB IO ST R, 7 B E S
Lo AEFHERIEE S 2T T AR WL A B R S (K R AR 1 55%3 85%. % 1-1 MHHL T A RIS
P AT GE R . I AT LU A B0 o ) S S B PR PR 3R . 7 2016 4F
9 A, BHHGEA LE T BT WEY MR sesk . AN BBIE =M, %y 8 f
W R H R TR ) BB RS SE U

6

5 : i

=il > BHHE WE >R HiE - BIFE - H1F i8> KR ]
e EFRENSFIWEEN 2 EFRBPIREEN wATER

B 1-10 A FEHERIAERFTE 5 LR RRY Gld o FRBIRMRR, 6 2RI RE)

Fe

(¥

-

-]

R 11 FEBFHEHIMEIYRA LR

w3 J A SCSRUATHE IR B 0 AR R TR, 5 A A1 R B MR IR 1
TGN % 2 5300 | Li Keqiang premier added this line to start the annual dialogue mechanism with the Canadian Prime
BliEL R Minister Trudeau two prime ministers held its first annual session.

R TR 2 50 8% | Li Kegiang will start the annual dialogue mechanism with Prime Minister Trudeau of Canada and

i hold the first annual dialogue between the two premiers.

ATEEL R Li Kegiang will initiate the annual dialogue mechanism between premiers of China and Canada
during this visit, and hold the first annual dialogue with Premier Trudeau of Canada.

© ¥eFH BAHMBRIE%: https:/research.googleblog.com/2016/09/a-neural-network-for-machine html.
@ MERPEIEH AR HEARME: hitpsJ/research.googleblog.com/2016/09/a-neural-network-for-machine.html.
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B18 REFIEN

TR BT B ARV T A B 1) J R A A — AN TR S S R o IR AT A0 T ) ik
A B EARTE T P I ST B R ATV R 2. RO T g H e
JHZHIN . BEELBMEIR R, F PSSR RES FAR R S EE, 5t
FRRSATIERF BE Y, K B4R A P %o B 0 B IR S P R e i P S AR
B EE . FERRATL, BT P 6 AN R 2 S A B B 25 B 0] LS4 V8 e 34 L 35 1
Derwent Capital Markets T~ 2012 £ 5 A IE5 2§, ‘& 2 iH A8 50 ik w428 4% Twitter |-
HESCHEAT W R HT R A8 SAE SR8 5 I ph e & A 7. ZERAE 8 A — W BE 85, %4
Al AP 1.85%mm il T 0.76%M0U %, K, thawfsiim, EEs
EZEE, IR Twitter b HESCHS AT AS OS5 BRI A e 2T . ST ik i
REE B T L, A I AT LUK ISR S v R . 7R A
22 TR Sentiment Treebank HHE4E -2, i FRNRPE 27 21 RO SR T LK V560 J2 T P IR 20 TE
HM 80%IEEE] 85.4%. (ERIEEM L, RIS MEERT LUK ERR M 71%3R 855
80.7%"

1.3.4 APLI%E

ISR UEERBE S ST E EBOR A S IR T % R S BF IR, A EE S
AL E RIS 4t & pT 8% . 7EJLs I 2016 46 3 H 15 HIF 4,
AR AT HEERS AlphaGo LUE LAY 4: 1 i T 8 EM TS, RS —
ANE 19x19 B AR AR BBUE ERFRERSE. B AlphaGo A& 55 —4N bk Attt 5
BERIRG, {H AlphaGo MRERIZaxt i N T GET 2 10— 8 AR, 76 1997 4F IBM 1
HREEPFRBIRGIARE (deep blue) il FLIE % & i B i, Bk & £ 25l
M-S RS, Rl 5 /78R (brute-force) I R E £ 10 FHUTE T IEA K. &

@ ZW.: Bollen J, Mao H, Zeng X. Twitter mood predicts the stock market [J]. Journal of Computational
Science, 2010.

@ % J.: O'Connor B, Balasubramanyan R, Routledge B R, et al. From Tweets to Polls: Linking Text Sentiment
to Public Opinion Time Series [C]// International Conference on Weblogs and Social Media, ICWSM 2010,
Washington, D¢, Usa, May. DBLP, 2010.

® http://nlp.stanford.edu/sentiment/ 145 i T 5 % 5% T Sentiment Treebank 5 .-

@) Socher R, Perelygin A, Wu J Y, et al. Recursive deep models for semantic compositionality over a sentiment
treebank[J]. 2013.
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iy R AEEH ERSEAAER N, FRBRER T FEmERER 107, fiEFS
B 10%.

KT e AR R %, AlphaGo 7B MR AEM TR, WEYIBARNKIX
Fhi IR AL T A f%. AlphaGo FER M =MEMALK, Mfi1o il I MER (Monte
Carlo tree search, MCTS). {4 (value network) FIZFEHLMZ (policy network). FEHF
£ B RHE RS T AR FAREE, ARz ariaiR 18 EAR, AlphaGo
A F 10 52 S R R A 1 O % R A AL I 44 0T 5 i R 310 D ) 45 SRR W I o - K
AR T A

AlphaGo 75 5 BL 1 ¥ A 2 4 (B P 4% R AR I 2%, T 33K 19 /0L A1 0 A e Y 8 27 >0 S
PRf . FEBUW R R 0 ) R 48 AT, TN — PR T WEE R AR
Bt v T e 2R R R SR VI R s, BB AERE UL ST% M MER R T A KB MR T T
— I . R, DU S F 9% FONERAR, AT WAL EE,
TR 2% E T [ CER E ORI Aok AR ® % /K P, AlphaGo (#1534 — KK
SIS, R ) R A R AT AR, I B BRR AR . VISR (E % B
BB R T % O CATZER A 0 o TR R B RS R A 7 R E BN 2 R A
{H 483X P KA WL 45 7, AlphaGo A 528 LLEIR I LE /el T A8 Bl B i S e % .

AlphaGo 4 At Fd EARR ANIEZEMZ i, MR, XHEZ—1IF4h. AlphaGo
()7 & HIB\ DeepMind BLiE X E A THEATH F—A BAs—RESH 2¥. B2 28
%l (Blizzard) FFRE—KBIR SRmG IR . EHRT, DURHGEREIH. EEER.
HepE i L BRI KX T B . AHELERL, BFFRSH 2 T ATEGRRG RO HHE R CH
e iR . B, BHME T HFRERE, HERFAMRKN. MATEERIEERSH
2 B, TEEE—AEZ, ALERREAFTERN JLFRN) BESANORRBA, 7HSR
Ve RS ETFE, JLT AR, Frilfe xSt RpadSRem. Lk, £
FRd 2 B MEEARXMHR RS, FEBE 07 F B RS AR, RS
2 PEATF HAEED H ORHA, XERANTERRGN “RB” Mk, B,
BERFE 2 AN RIERR, TS 1R A B R A T, X A DR RE R SR
WHEEARESRER. WS REAFTCLEXIFETE DeepMind BIRAKIE1E, FHRHE
AAZJEIFFBETTAN L EHR R MERFE 2 9 APL. EERRSH 2 1, NTHERE
B ke A2, IRATRR H LAFE .

(@) HAXHIEZ WL: https://deepmind.com/blog/deepmind-and-blizzard-release-starcrafi-ii-ai-research-environment/»
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1.4 REZIIENEMFLE

e LR EY P OENA T HEEEINS RS E, FEH T A kI N R
SHIREE] . AR, BNGRAEAES) E R HLE RN A TR 8, ARSI T
HREWART SRR, XA BIRE2 ] TR TensorFlow B EZINGEREF £, FHREXS
bt TensorFlow FHHAth 3t A9 FFIER 2 ] T R, 45 i A5 # TensorFlow {F 4 B A-41%)
% IS . TensorFlow &4k T 2015 4E 11 A 9 HIEXIFIEATHHEHES . TensorFlow 5
HEZR AT LAR 47 S R B 2 ST S R, HERMN AEAR TRESY . RAABRE
BR8] TensorFlow SEBRVR 2 31 53k, BT LA K% 2: TensorFlow T HoAth B2
(ISERE, B HRIGE# 7] LAYE TensorFlow [¥)E /7 #(F2 https://www.tensorflow.org/tutorials |-
R E 5 Ll id TensorFlow SEIRAE R 2% 3] BIEHIAEH -

TensorFlow J& Ml Jeff Dean 47k )23 8k Ak [ BAZE T A KA #8258 — IR # 2 R4
DistBelief S0 1 3k (138 FH 1L HE 4R . DistBelief 228k 2011 SE 7 & N SR E#E ) TR,
XA TEAESKNESCL2KE TERME . 3T DistBelief ) ImageNet ER5K RS
Inception #%§if% T ImageNet2014 4EfIHFE (ILSVRC) *, it DistBelief, % Ak7EHE L
fIFERRTE YouTube MU I T “H” MMEE, HAEBWE R IFe] T B #RATh6E.
i ] DistBelief VIl 2k 1E 5 IR HIAE B s Db 8 F R 5 AR B K T 25%. £ K BBC X
Pirh, M4t BEHATE Eric Schmidt Fe7RiX AN 85 b 240 24 F 2 5T H4ER B A,

R DistBelief D& A H A MR Z 7~ BT ER, {H/E DistBelief i T-HOiA i A H Y
RYBEH, BAENAITE. b TR MERRNBCLIRE T ERRIRE I,
A H K A BN DistBelief #E4T T 3k, 7+F 2015 4 11 A IERX A0 T AT Apache 2.0 FFi&
P SEHESE TensorFlow. AL DistBelief, TensorFlow fIiH AR Sl A . vHETH
B, SRR EE L. CHNEEEIFERE ARG EE R ER. AR
SRR T, AT E SN TensorFlow [, 3<F TensorFlow V& 4% 5 HYE A4 4T

Distributed .ijstem.s*@u

@ % 6 By B4 ILSVRC LLFELL K Inception FE!L.

@ ¥ F k¥ T . http://www.csmonitor.com/Technology/2015/0914/Google-chairman-We-re-making-real-
progress-on-artificial-intelligence.

@ ZL: Abadi M, Agarwal A, Barham P, et al. TensorFlow: Large-Scale Machine Learning on Heterogeneous
Distributed Systems [J]. 2016.
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WAFER N E, TensorFlow B33 T/ 2N . £ 2015 48 10 A 26 H, AHKIE
KB Al TensorFlow SCELAHEFF R4t RankBrain 2%, #tL—StE G HPHIEL, 16
RankBrain (A4 /F45 5 8 G2 0 @5k . 76 2015 45518 (Bloomberg) HIFRIEF", %K
EEE TSI ETRH R, RankBrain 258 = FEEGHFHE. 2T TensorFlow HYJ
%%: RankBrain BETZEA B0 W T8 2L 45 SR b EE I HAT, 7T W TensorFlow 7E
BN EENE, OGNS RN, TensorFlow T2 Il N B T 25 8K 1) & 50 i
ZH. W, ERTAGETEER. JUE. BE. BA. HRE. B8iE. YouTube FAE ™
7 AT LLE BT TensorFlow MERZY. L ENERANEEZE, FKM
DeepMind FBA B 1F 2 & A 5.2 J5 BT BT I #K {8 FH TensorFlow ™4 b SEBLIRRE 2% ) Sk
TR,

R T ER N 3 IR 2 41, TensorFlow 325 T Tk AAERFHI 2 KiE .
7 Google 1/O 2016 k4 I, Jeff Dean 23| 244 1500 £ 4 GitHub KRS EHHRE] T
TensorFlow, i A 5 MEAIE HIRER . W4, WL (Uber). Snapchat. Twitter.
SR NKEE [ N AMRHEE 2 B2y 23 N T 48 TensorFlow 94T 31« IE 43 K 7E TensorFlow
TFUR 5 R oh B B0 —#F, TensorFlow IEAEE . —AMbRE, AR EEAS AT AT 7 (AT HiT
FARBIFCER, T A AT LU PR LB ST N T A= 2 .

B2 7 TensorFlow, HATEH —HLERMHEEEIFHE TR, X 12 FASGTREXETR
M F BN SR TREE & AR A, BTRERR, EXPh AN 4HS 1L
HH AieEe s, BOGERIIEE W LS i T e R TR 7 M ISR .

#1-2 FRMREFIARIRZERY

TREF EELEP AR (EEHE YR HERSE
Caffe” IR TR R 5522l | C++. Python. MATLAB | Linux. Mac OS X. Windows
= Linux. Windows. Mac OS X.
Deeplearning4j” Skymind Java. Scala. Clojure
Android

(D HAEH218Z 0. https://www.bloomberg.com/news/articles/2015-10-26/google-turning-its-lucrative-web-search-
over-to-ai-machines.

@ TensorFlow & /7 M https://www.tensorflow.org/versions/r0.9/resources/uses.html % Hi T — 264§ f
TensorFlow fFIFF 115 H .

@ HARHE S WA I HE A% hitps:/research.googleblog.com/2016/04/deepmind-moves-to-tensorflow.html .

@ Ferh T RARYE 7B

(B Caffe T 77 Ml http://caffe berkeleyvision.org/.

® Deeplearning4j F /i Muli: https://deeplearningdj.org/.
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4k
T HAMK EEMgP AL (SREE TRFEY RS
Microsoft Cognitive
) o | PERETTRE Python. C++. BrainScript | Linux. Windows
Toolkit (CNTK) °

C++, Python . Julia - Linux. Mac OS X, Windows.

MXNet” AR ¥ 4K (DMLC)
Matlab. Go. R. Scala Android. i0S
PaddlePaddle” HEE C++, Python Linux. Mac OS X
TensorFlow HHk C++, Python Linux. Mac OS X. Android. iOS
Theano” FRERUR K Python Linux. Mac OS X. Windows
Ronan Collobert . Soumith Chintala
” (Fackbook) Linux. Mac OS X. Windows.
Torch™ Lupa, LuallT, C
Clement Farabet ( Twitter) Android. i0S

Koray Kavukcuoglu (Google)

EEINK, AEREESI TRAMEREZ R, WELATHERE. ThEEERREET
B —MAE, HENEEMNELEAR TANERERES. BEZIEXGHE L TE
PR R B, BT UHRE A T RAERE, EEAANZEMNEE T AEFELX
KRR, RAHXKEREERN TR, AAWER EEEEIARSHIREEE, M
6 R R AN 2 THI I Al Y0 UK ) UG

B 1-11 3T T ARRES 2] T B7E GitHub HiEBRFREE I —2b3845. B 1-11 (a) FH
HTARTALE GitHub LZXEMFERE. NEFTTUEH, LRR_RERGHES (star)
ERECEFIH RS L, TensorFlow #fE izt HMMHEESI TR, mRHE
-1 R ERBAREHEE] TREHRZXERERE, BB 1110 T RREE
TEHRZE5E. B 1-11(00)F BxR T ARERES S T AL GitHub LT —A A #iEEKI
WA T IR R . EKTiIemE, LU EEFAXA TRERABRSRE ;
ERREIERGEBE, TURHS5RFRIANTAMHALHBE . WE 1-11 (b) 8
DFEH, T NEBAHEFR, TensorFlow #RELZ MM HABFE S TR, KREMIEKITK
FHEIN EAIRE4A X, EEHIE TensorFlow fEARFHHEEKE N, XtRAPE
TensorFlow 1k 4 44 %} % () T EAK HE -

(@ Microsoft Cognitive Toolkit B /7 P4k : https://www.microsoft.com/en-us/research/product/cognitive-toolkit/.
@ MXNet B J7M¥k: http:/mxnet.io/.

® PaddlePaddle T J5®¥5: http://www.paddlepaddle.org/.

@ Theano /74 http://deeplearning.net/software/theano/.

® Torch B /7 ™ik: http:/torch.ch/.
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237
S 138 o
B . %
p=Bl fm- -
. i) — e
FEERITIEN Cissus)

maffe W Deeplearningd]  ® Microsoft Cognitive Toolkit

TersorFlow
47h

TensocFlow
187

g 7
B
-

m_ - H

TRV (pull requast)

mMXNer o PaddlePaddle @ TersorFlow W Theano @ Torch

(a) ARFIVERE S T BRI AT RS AR Lh ™

13847

B418

S (Star)

miaffe = Deeplearningd]

5846

1532 777
o

(11 F

TensorFlow
36974

TensorFlow
16703

8534
4977 5193

= Microsoft Cognitive Toolkit

1756 1685
sl

1525 1881 2B Lo
] s __§ .
WA (Fork )

mMXNet = PaddiePaddle @ Tensorflow ®Theano ®Torch

B 1-11

ING

A TR T 2FAONH. B 11 TARTALERE. PLaS%EI KRR
SRS, JHER T XSS MR, ANTEERE-RERTZHRE, CEER
fg. HLES2EST R TR BN —ANEE k. WE¥E
EAEIR B ATIRIEHE T A Gohl 885 ) (M, # A\ T Reserm 1
—ANFTRI R . ART, XS BRI AR R BOE LRI, BT TIIA

URZ IR $E S VPN
MBI — D03

(b) MBS TRIK 2 5 BRI
AR 5 2] T RAE GitHub E3%BRFE BN HC P

@ MR REEIRS A% 2016 4F 11 A 17 He
@ sk BT Github £ 2016 48 10 A 15 HZE 2016 5 11 A 15 HHZEH k.
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THPZE M (artificial neural network, ANN) HiRELKE T R MEL . Aitphs Mg
HIR AR — IR, 1.2 WA B T ERBRH=/MEE.

ZEINKRILEWIR R, NTHEMER BT 1943 FE k1. 25BN
FI A B AE A N A2 R 28 B A S IE AT LK of “ 22 3] 7 BOREAY . (H d1 FRREn LI 09 2% 45
TR, FELEMREEAT S B EATHSNEEERNTERAK,
HIN BTSN R T R R, A A TS MM T8 — N84, 320 tHA
80 FEAX, WRJZEARLE M4 S ) A5 B BVE 3R HE AR dF i o T X e ) J, 1k N T4 N 4 33k
ANB AP R R A, XY, DSZFE BN E RSN S Bkt
CHA . 1E 90 AN, ERZBHARFIMES L, HEVBFIFEERT A THEN
RIVRSHASE, (EN T MU f UGN L. BB 2012 EqT)E, BEE =i EANE
BARRE S, NTHEMEEL, “YRES]” MAFBRENKEBE . 755 5 JLEN 6
W, EREESE SRR Z WSS IEHE T N8 22 ST M3, #E3h T A TR AR

AN KGR 530 TREMEHH, RRIFMHE PR EEARFRREGEA . EREK
—BIFE], M IZOAH AR R F ST RE A F R GHEE. B, PLasES
G —HAAENRE. BE. BRBESOHZZ UL, 1 BAS R AT A 8%
WARAKE A R0, MEFFERAEIANRKIA [ L h iK% ) S — 3. X
R ANIE B T EREE2E S v LU I fE 2 AN SRR vl fedE . ZEsEERep, W) thise
R T IRZ BRI 1.3 WA THREFLIETENE, &%, BRESLHH,
AVUEZREZ AR W SRBPEHE R . 7F ImageNet B0 2800 i) 8 L, 4R 2% 3] Ih B4
REMN 26%FKE] T 3.5%. FEIEFRA RS L, AR E S SPBERE R T 25%,
X—BufEE R HFERNEN. EERESLAE L, ETREZEIMVSEEE. BEH
. RS, BREFERENATCESERANSZE KRB AFTN ZHH. A%
DeepMind FHBATF % i FEEE A BHLIEZE R 4L AlphaGo S REHGES T 4 4h &% B 2 S W 9T 4k
. W4, HWE¥I)CEBERT LILFRERF G,

BRI F R B2 2 Bl SRR A, B — KPR ) TR D, 14 BT
AT IR IR B2 ) TR TensorFlow RIFFPERIZES KA IR A, R 20A0 B [ HAth £
FIFFIRIRBE 2] T A T Hese . fERMKNEE, TensorFlow ELBIKINNHENEEHE. |
R B B BE. YouTube AR Z 72 Z 1. £ T TensorFlow FF A& [#] RankBrain
HFEaES R ETH R P HE R =EEMNALE, dtkn] W TensorFlow 7E4H Ak 2
Hofr. TMiH, XF TensorFlow HIZIFANMUREBI. 1.4 XL T ARFFIERES T
HP#X IR . fE%Fifadr L, TensorFlow MG ERFE AR B it HAth T B . FTLA,
A A5 FE TensorFlow 1E A4 H T H . 76 5 [ A Z 1 ok R R 43 il @ i TensorFlow 3£
A FIAS R R EE S S B, DA JA# ] TensorFlow i it — Lo i A SE gk .
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2 25 148 4] 22 3 TensorFlow BRI LA K 75 2 3% 4 (19 PR 58 Hhi2 4T ] 5 ) TensorFlow FE
GRS . 7/ E304 %23 TensorFlow Z B, 2.1 ¥7K & 26/ 44 TensorFlow i) — £
THEA., K5 2.2 K48 TensorFlow I/ [ 223 75 3 LA Kok e 2228 7y X FT i A B AN [/ 9
%8, 85 2.3 Tk H—/ A TensorFlow SERL B INZEHIRES . B XAFHIRESF, &
T LR 2235 4T 1Y) TensorFlow Bh8%, [FIE 7] LAXF TensorFlow H — M EMAIINIR.

2.1 TensorFlow By EZKEH €

AT B/ 48 TensorFlow {85 ¥ 78 /> 5 3= 219 T B fi—Protocol Buffer Al Bazel. B#A
TensorFlow &t T EL AL AL PR T 45 o 51 tH SR 9B 4~, {H Protocol Buffer 1 Bazel 2 {F#
IR A EE Y, 7E4FFH TensorFlow IR RA Al RE S Befh B, PRIAAPHIE S Z
A48 TensorFlow, B7LAZEASY %1 ki T EA T KB4, EZEHBEN TAY
8% 4t TensorFlow K FIRIZEAR . X486 T REPEQANHA IS H . 72U RIS/
BN A —A T AR EE DRI H R R AIREB .

2.1.1 Protocol Buffer

Protocot Buffer”J& 4 8k FF & (AL B 45 ML BB 0 TR .l hsb B a5 AL Bed 2 iIX L3k
1148 H— B F . B E S E R, M E SRR 45 ID A E-mail
Mk, Ba—ADH B RS LTI,

@ https://developers.google.com/protocol-buffers/docs/overview 14 T 8% X T Protocol Buffer f4r4H.
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R P ME B AR ROBE  ERCA A 2R G A A B A R R
G BUR AR, AT R G5 AL SR R R 2R B A B . B B3E
(PR P B AL A 44 . ID A E-mail Huhik 3 FRRRURYE, WA BME—MRLEdE. =
T A P S B A AT AR, BB TSI, FTEF
Sidk, RS HLNEUE T RECRR M, MRBRRREA A FRE. WTEEH
WHBE R, IEMFRAIAL 2 5 SRV oh o Rt BRI 4L BE . S A S
I EHE, Xt Protocol Buffer g f) 2 o] i .

% Protocol Buffer 24}, XML Fl JSON FiFr LLE# A M4 (e IR A BT R Eetm
¥ TR S B A XML #sgeik, AR s

FRIFEI S, {5 JSON HE N

Protocol Buffer ¥ HIEHEA XML 5% JSON R ABIRA LB KK A . B
Protocol Buffer FEFILY JEEHI SR AR AL 478, TR ZHERIT. LK, XML %
JSON # R BURE BEAATE TS MR, AT EAER HAbfE B AEE TS
W 5 %R . (B4 Protocol Buffer i 75 56 2 LB HIHE X (schema) O, BE—AF
B4k, 2 J5 R 5 T A R B AN R U B A K BUFACERE T B3R 45 B
B RS RS M. BROMIXFERIZE 5], Protocol Buffer 54K H SR O BE L XML A& 5

HOEGE /N 3 5 10 4%, FRHTRAIZESR 20 2] 100 5.

@ https://developers.google.com/protocol-buffers/docs/encoding 44 T Protocol Buffer # B {A%uf% 7 .
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¥

Protocol Buffer ﬁ)\{ﬁ%%iﬁmiﬁl—ﬂﬁﬁﬁﬁ-prmﬂ XA B message AR T
—REEMML I EEE, X B E R . message B E X TH—NEHRARIRZ T,
Protocol Buffer HLJ& (2R R ] UG AT /KB, B0, o) PR AR EA A,
WA LR B A — message. XFER KM T Protocol Buffer ff) R i%t. 7 message 7,
Protocol Buffer t5€ X 7 —AN @2 2 (required) &2 RTIE (optional), B & Al
5 (repeated). WIH-—NEMERUAN (required), HBAFTH X/ message Y3545 #f 75 2
HEANBHEY; R — B REATER (optional), HAXABHEMBUE A I AZ; WR—
MR ERN (repeated), HARXAEHEFIHERTLLE—MFER. BRUHFEEN
B, AR TR ER ID, Bl ID XANMEMRLHR: ANEA M #EHE T4, B
AR 443X A @ M AT IR A s — AN H P AT 6 24N E-mail Hiudik, BTEA E-mail kR ] AR .

Protocol Buffur J& TensorFlow Z&ZH {# B FEE T H, TensorFlow 1Y &#E A #AL
JEIE 1T Protocol Buffer XK £1 . 7E i I (195 15 H¥5 7 2 Protocol Buffer 2 1] 45 48 FH 1
4343, TensorFlow (i1 B} gRPC /& LA Protocol Buffer 15 43R .

ted string email = 3;

2.1.2 Bazel

Bazel®J& WA ERIFUR (4 B ShAL AR T H, 253 oy 3B 4 30 43 0 IO P 40 T ek 2 sk 3%
i, AL Makefile, Ant 5%#% Maven, Bazel fE3 8 . AT{H4EdE. R iFHE LRI AN
FEFE SR R EE Nt . TensorFlow A< 5 LUK A H e 1R £ B J5 FE 1 #6
sl 3T Bazel SK4miFH . X — /PR B4 Bazel 2 EH TIEM.

T H 25 [8] (workspace) f& Bazel [{— M EAREE® . —NI H 45 1A AT LR 8 AR g —
A CESE, FEXA OIS T didE— KA FT 75 SR PR DL A A HH g 3R 4 SR I B0
# (symbolic link) Husik. —M I H A AN ATLLHAE — 4N (HG TensorFlow), X
fEBLLE 2.2.3 ANV Rl < F T M URES %23 TensorFlow. — AN H 2% 8] 8 7] IS & 2 AN -
—ATEE RPN CHEEXANATMAMBRER, EXAMREZHPTES 1
WORKSPACE LA, S630F5E LT X AP MBE WM KB R XM BE—NEFEN

(D {EEHT Y Protocol Buffer3 # L2484 i S FF required 2474
@ http://www.bazelio 145 HH T 5T Bazel (£ /141,
@ http://www.bazel.io/docs/be/workspace.html H 45 H1 T30 H 4 ] ¥ 58 B SCRS R R A2 F 00

26



25 TensorFlow EIEE

WORKSPACE 4%

fE—ATH 2 M N, Bazel it BUILD CfFR## I % 2 4:% 1 B#5”. BUILD X%
F—FhAUF Python [IFEVERSR &M — N PF H AR Hi i LU 4% 77 30 55 Makefile
XRG4 R T RARE, Bazel M4 R H & E LI, KK TensorFlow -
F A ] Python 1575, FTLAX AR LA 1% Python F2FF A%, Bazel X Python SCHFII4 I 75X
H# =#: py binary. py library fl py test”. H:H py_binary ¥ Python F2FF-&i¥ b AT $A4T
A, py_test 4 1% Python MIIAFEFF, py_library ¥ Python #2541 5 28 o £t HoAth py_binary
5% py_test /. T H T —ANE R AFEFIR B Bazel RUT TIER. WTFHTR, 7EFE
{35 H 2= A i A 4 4~304F: WORKSPACE. BUILD, hello_main.py F! hello_lib.py.

WORKSPACE % Hi 30 H 4k . b T RigE N, XBEMH—ATXHF, #x
HAIX AN H A X AMB K. hello_lib.py SE/ATED “Hello World” I S IhfE, &R
BE.

hello_main.py i i ] hello_lib.py = 5& X Bk se e i, & R4S R -

£ BUILD 3CfFesE X T B4 H R

(@D http://www.bazel.io/docs/be/overview.html H1£5 Hi T BUILD SCHF 158 8 SCRIRUT R Tt
@ http://www.bazel.io/docs/test-encyclopedia.html £ H T8 £ 3¢ T Il H AR/ 44
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SN
.ﬁags’ = [

":hello lib",
1. ’

MOXAEEGI AT LUE B, BUILD SCOFR B — R 51401 HARALR i . & X B AR5t
BF AL M IFNGR. 8 FRRNEATERESFTN, EXMEEH
# S py library 8(# py binary. 7ERF— 4 iFH TN EATERA HAEFORAEER. H
PR RS B EiEIL E X name, srcs, deps ZFRMPESERT. name & — MR iE HRKI AT,
XA PR R IE R IX — AR B AR, sres A T HFNMHERBEAN, X—Hinr U2
— A, deps BHTHBFFTTWEMKIXR, HLWFHI+ hello_mainpy %M
hello_lib.py H¥IE& %, FTLA hello_main A4 1% H 5 $¥F hello_lib 1E R KSR . LX)
H 4% 8] 54T i 3 4E bazel build :hello_main K3 212BLLL R HI45 3 :

Irwxrwxrwix 1 root root 74 bazel-bazel -> ~/.cache/bazel/_bazel_root/0ale386d667563a2d9ed561a4f7d1ade/bazel/

Irwarwarwax 1 root root 104 bazel-bin > ~/.cache/bazel/_bazel_root/0ale386d667563a2d9ed561a4f7d1a3e/bazel/bazel-out/local-fastbuild/bin/
Irancrwerwx 1 root root 109 bazel-genfiles -> ~/.cachefbazel/_bazel_root/0ale386d667563a2d9d561a4f7d1a3e /bazel/bazel-out/local-fastbuild/genfiles/
Irwarwxrwa 1 root root 84 bazel-out -> ~/.cache/bazel/_bazel_root/Dale386d667563a2d9ed561a4f7d1ade/bazel/bazel-out/

Irwacrwxrwa 1 root root 109 bazel-testlogs -> ~/.cache/bazel/_bazel_root/0ale386d667563a2d9ed561a4f7d1a3e/bazel/bazel-out/local-fastbuild/testlogs/
-rw-rw-r— 1 root root 208 BUILD

-rw-rw-r— 1 root root 48 hello_lib.py

-rw-rw-r— 1 root root 47 hello_main.py
-rw-rw-r— 1rootroot O WORKSPACE

M ETE 45 Rl LB B, EJRK 4 NSCHRIEERE L, Bazel ARk T HoAt — 2303k, X
S A B SO R R R, BT R T HOE R T 2 4 A T E A (A .
SER 4R 45 RS S AR A7 B~/ cache/bazel HX T, iXJ& 1] LUt output user root B#
output_base ZHURKATHI Y, FEIX LG ARG R Y4, bazel-bin HF FAEBT diiFi=4:
) — 3k L RBITZ B TR ER AR R EXATHRTET
bazel-bin/hello_main L& 7E A “Hello World”. HAh4wiF 45 REAR PR EHE LD, X
HRAHHIR .

2.2 TensorFlow &35

TensorFlow R4t T M AR Z2F T, KD THE—NMH#EIT Docker %23, it
pip %34 LA R MIRHS 23

@ http://www.bazel.io/docs/output_directories.html SN2 T 4ife 4l R H R4
28



E2EF TensorFlow RSERE

2.2.1 fi#illl Docker %%

Docker & 5 — AR B BERULE AR, B AT LUK TensorFlow LA TensorFlow [T i
RG34 %3] Docker BiE 24, M A KB T HdfE. @it Docker iE47 N I 75 2
S %3¢ Docker. Docker SZRFRI 4 FIIRIER S, THAIHE T HRETH—L,

® Linux #%: Ubuntu. CentOS. Debian. ZLIE/MLAK (Red Hat Enterprise Linux) 2.

® Mac OS X : 10.10.3 Yosemite 5 DL |-

® Windows : Windows 7 8LL |

nf 3%/ Docker AREAPE L, XERAFNAEAFRIERS T gk
Docker”. 4 Docker %3585, H T EM M —ANMTALFH Docker 8if%. X T TensorFlow
KA RA, BRFRET 4 AMEFEBR. £ 2-1 HH TREGEHRMG LKL LER
AR

% 2-1 TensorFlow B 75 Docker % 7%3&
Bii% 25k RELFEGPU T I

o

tensorflow/tensorflow:0.9.0

tensorflow/tensorflow:0.9.0-devel

B | Bo

tensorflow/tensorflow:0.9.0-gpu

il B e e
¥ |

tensorflow/tensorflow:0.9.0-devel-gpu

BB (BESRMPAEHS) 441 T TensorFlow HIRA . A4 45 K 3B RS K40
—fEHRRA 0.9.0% A Z=RHE WAL T TensorFlow IAHE84% cargo.caicloud.io/tensorflow/
tensorflow:0.12.0%°. S5E HEHB I, 0.12.0 %7~ TensorFlow it 4. 5% TensorFlow i
EHFRA, SERRAS AT LA A E R R A S . fEE A BRE IR L, A =R R
MR E— A T HALNLES S ] T AAMLLK TensorFlow A #1415 TensorBoard”, {# i
R EMAE. 4 =FRHEE £k TensorFlow MI/AH = F 4 caicloud.io, fEMF& L
A] UL H$E1T TensorFlow F2/7, MMA 2 T &Mt

@ https://www.docker.com/what-docker " i¥41/44 T Docker [RIZEA NS .

@ https://docs.docker.com/engine/installation 1443 T 7E A A% R 40 F Wi 223 Docker.

@ EH 0.9.0 XA ML ST RERRAFHIALF, FrLhs 8 TR A TR 0.10.0. EAFH,
AT HARRR A R CRSHEAS T R AR .

@ A =R 0.12.0 & LA ERRAH TensorFlow 814

® 9 TR INTELH AR W 6 F TensorFlow 7] #4k T. B TensorBoard.
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Y Docker %3558 5, A LA IS LA Fév 43K H 5 —4 TensorFlow A48 ", EH—K
EATIIHE, Docker & B3l FEB% .

$ docker run -it -p 8888:8888 -p 6006:6006\

cargo.caicloud.io/tensorflow/ tensorflow:0.12.0 : : i

PEXAT 4o, -p 8888:8888 K ALERMIEAT I Jupyter” RS WU BUAHUBLAR , JXHFLER
¥ 88 th 3T 7T localhost:8888 R AL FI2KMLLF &I ) Jupyter S . EUCBER PIZATH) Jupyter J&
— AN TR AT R S8, BRI . Ak, BIRZEAT Python #2FF. I Jupyter, A
ZRERGE T A BTE MR, W 2-1 Fs.

Z Jupyter L"ﬂ“ﬁ

Fles  Running  Clusters

it omm——— s [ o=
© | = | # ! Deep Ledrning with TensorFiow { 0.12.0

{im [

| @ [chepens i
GRS Chapterd :
& 3 Chapteros
@ Dcnapllr.ﬂ.ﬂ
© 3 cheptern?
@[3 chapteroa
O 03 crapee

5 3 crapter1o

B 2-1 AR L) TensorFlow 8if% Jupyter UL [l 7~ i 4

-p 6006:6006 Hf 75 8% WIZT ] TensorFlow A ¥4k T H TensorBoard B FIA ML 4, 1&
1o 75 30 ¥ 22 b 4T FF localhost:6006 HEAT LA¥E TensorFlow 7E VIl Zi i RPIR A« B A Ui LL K e
P4 2 WA R AT R R oK. IR AR T Rt Bllog HXR T HIH BRI HAL.
B A& 4] 1 i TensorBoard Y4745 9 Erh 4NN,

HARHF GPU () Docker 8518, fH & BIZITIX S8 B 75 B 223 ol i) Nvidia W3 LK
nvidia-docker” . 7F %358, nvidia-docker ZJ&, W LUE I LA F K fr &84T X FF GPU 1
TensorFlow 4515 . 7E8E% 5302 )5l LUB LA LT 24l it 75 :0{# H] TensorFlow .

$ nvidia-docker run -it -p 8888:8888 -p 6006:6006 \
cargo.caicloud.io/tensorflow/tensorflow:0.12.0~-gpu

@ https://docs.docker.com/engine/reference/commandline/cli 145 # T Docker fir4-fI3CHY .
@ http://jupyter.org/ 45 H T % Jupyter S INTVEAI /43
@ https://github.com/NVIDIA/nvidia-docker #1444 T nvidia-docker [FJFEAR 5B 221 -
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2.2.2 i pip KH

pip &— %%, & Python WA LAY, Wil pip A LA%EE O ST RGN
TensorFlow LA & TensorFlow fT i B K #i5< R . H Al TensorFlow SR T MM IERE T
ITRAFI e, bRl RGBT 8 23 58 L ARAS 1Y TensorFlow 2%
223 /i, dlid pip AEEATLAS A LR =25,

F—%: REpip

BH: HBEENRES URL
Y % ¥ CPU ¥ TensorFlow %3417 -

H 8T R 45752235 T CUDA toolkit 7.5 FI CuDNN v4 [f] 64 £ Ubuntu T 7] LLiE 3T pip 2%

@ https:/pip.pypa.io 14t pip B3RS
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% ¥ GPU {4 TensorFlow, *f T HAth 245k # HAth CUDA/CuDNN RRAHIFH /7 )75 3 I
T AT 43R L GPU 8 . ] USRS HEAT 223 76 2.2.3 APk, Fiio&ath 732
# GPU () TensorFlow pip %25 £1[f] URL:

E=4. B pip B2 TensorFlow

W itiX =25, TensorFlow B 5 T -
2.2.3  JAIRARHSSE PR KR

MIFALTE 223 TensorFlow (¥13d 2 = ik 2K TensorFlow JiARH% 46 Rk pip 2221
2. ¥ TensorFlow (3545443 J pip BTl I wheel U2 J5, @it 2.2.2 /TR
pip install fI5 80T LASE K %35 . 40 TensorFlow JEARASZ Fi 75 22 5% %3¢ TensorFlow
ki A T . ARBERS FREEN T ROEMA —Sx5, WHAERRRE
VERSE F 28X s T A AR —F, X—/NLl Ubuntu 14.04 Fl Mac OS X &
151l 3K A 28 401 ] 42 % TensorFlow ki T AAY,

#£ Ubuntu 14.04 TREKFBHNTESE
Yo HRELR 212 P PNFAMSEIE T H Bazel. %3 Bazel, HEE %% IDK8, UL

@ HAbMAM Linux ATLAZ% Ubuntu 14.04 FI%EE 4L,  HRET TensorFlow ¥4 HLBIF I SRR
Windows F Mg 224, Windows FI /7 7] LUl 2.2.1 F*H /488 Docker 3 {# ] TensorFlow.
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TAURGS T %% IDKS fI .

R 5 2% Bazel FOH AR T B

B:#AF Bazel I GitHub & Aii WUl F# %4 (https:/github.com/bazelbuild/bazel/releas
es/tag/0.3.1). 1 0.3.1 2 Bazel (IARA S . WA EHMARAS, BT LU R B e b 3%
FRA S, XA TR & F 4 %234 bazel-0.3.1-jdk7-installer-linux-x86_64.sh, & & 5t Al
BU I X AN 22 S5 40 e 223 Bazel. UL FARVISSEEL T Bazel H9%3510 72

Bazel %235 5% R 78 5 BB LA F AR K 2223 TensorFlow f#KIBIG HAt TR A

W GPU, A% E %% Nvidia ff) Cuda Toolkit (A ZEAT8EFT 7.0)
1 cuDNN (RAEE K T T v2). M H TensorFlow H % #F Nvidia 1+ /) (compute
capability) AT 3.0 f GPU. Lt Nvidia Titan. Nvidia Titan X. Nvidia K20. Nvidia K40
SRR R,

Cuda Toolkit (123540 LA K 423 J77% 7] B 3% https://developer.nvidia.com/cuda-downloads
1. 7EIRIED| SISk REHA SR G, ZMUKIRE Cuda 7.5 M3t R iE 4R
35 )77k, B hitps:/developer.nvidia.com/cudnn 7] F# cuDNN 12 etd. £ FEZ AT
TR, EEMEES %M. EMSEMRUE T L FEK cuDNN v4 Library for Linux,
v4 TTLAB B R E SR A . FRERE, HEESU TR ETER RN ZEERHE
Cuda fJ 3 X B B2 /usr/local/cuda):

@ https://developer.nvidia.com/cuda-gpus F 51 T frf GPU M5 AES .
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£ Mac OS X TREKRBITAE

Homebrew & Mac 0S X F—/NfF2ed T R, WidixAs T 5 AT LLE 75 8 H 2238 e
Bazel, SWIG %% TensorFlow f{#&#i T . Homebrew H i3l FRBRE ., LUFAHS
TR R T

245 5% Homebrew J& 3t AT LU brew %% Bazel fll SWIG:

SR AT LLIE T easy install %235 Python AH KM {8 T H.-

WIR T E L GPU, £ %% Cuda Toolkit Fll cuDNN Z i, &7 Zi# i) Homebrew %%
GNU coreutils:

A1 Ubuntu 14.04 2548, https:/developer.nvidia.com/cuda-downloads [ 3532 {1t T 42 B
Cuda Toolkit )% 35 £, 55423 777 AHTE Mac OS X T iJ LAifi i Homebrew Cask 3 B #2235 .

Cuda Toolkit %3558 2 J5 T 24 P 8545 B N A\ Fl|~/.bash_profile 3 :

https:/developer.nvidia.com/cudnn P52 T cuDNN 2340, 76T 8Z ATIX AN M il
T EAEM, MR AR, FEM5ERUE AT LU R4 cuDNN v4 Library for OS X, HH
v4 AT LARE R SE T HARAS . 35 U 6 A SO B HFIECE Cuda Toolkit fYH SRR . LA

@ http://brew.sh 1414} Homebrew FIZHAE.
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ZE 25 TensorFlow RBEE

TARBESE R T IXAN IR

it & TensorFlow 4iZIfiE

BT HOBLRY 124 38 22 e 50 il 2 R LA TR MRS 5K 2 2% TensorFlow T . JGiR1E
WA EVERZA T, BEMEREIFHRE, HAETNE FRERB., B Fada bl T
HrF TensorFlow JELHS

f#FH LA Ly 44 T4 TensorFlow BB TS. W RBEE TR ZaTRAMIMRA, o] LAZE
A4 i \-b <branchname>Z4{. H '<branchname>nJ Ll f& r0.7, 10.8, r0.9 %%. g
whe 0.8 A ELZMIMA, EFHEE FRA 2 A --recurse-submodules ¥k HrHL
TensorFlow & it i Ath T B . JEFS FRIEMZ G, T EIE1T configure JIAKHAL B (B
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4 ME cruitSiRES.

Please specify a list of comma-separated Cuda compute capabilities you want
to build with.

You can find the compute capability of your device at: https://developer.
nvidia.com/cuda-gpus.

Please note that each additional compute capability significantly increases
your build time and binary size.

Setting up Cuda include
Setting up Cuda lib
Setting up Cuda bin
Setting up Cuda nvvm
Setting up CUPTI include
Setting up CUPTI lib64
Configuration finished

4 SR B S 5 LI Bazel K4 pip 0503640, #ARIBIL pip %%k
$ bazel build -¢ opt --config=cuda \
//tensorflow/tools/pip package:build pip package
$ bazel-bin/tensorflow/tools/pip package/build pip package \
/tmp/tensorflow_ pkg
$ sudo pip install /tmp/tenscorfleow pkg/tensorflow-0.9.0-py2-none-any.whl
B— w4 --config=cuda ZE X GPU HIZHFF. MEAFEZLFF GPU, BATE
EXANBET . BIE 1T wheel ZHfLI4ZF (tensorflow-0.9. 0-py2m0ne~any.whl) A%
WEIA R, A pip L2 LAIEE s r& kAN LA A T

2.3 TensorFlow izt 451

Mt 22 WA LI TensorFlow &, fEX— L H—MRPH
TensorFlow FEFIFEFF AR SEBLPE /N [l KA. TensorFlow 32 C. C++#l Python = Wiﬁﬁ'—:
(2% Python HIZHFFRBMAMM, FrUABHETHRFEGESMHR Python iEF . Hid
A5 H R A 1] B Hfﬁi 2 A AR 22 e 4 i) TensorFlowﬁ 5%, [ 8] ELX) TensorFlow
H—ANEMAAIR. X — 7K B B8 Python H 7 HIAS B 5 K38 X A i S REH -
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FE3E N Python A2 B Jt 7 J5, 4Eiliid import #:1EM#X TensorFlow:

>>> import tensorflow as tf

& 7% TensorFlow 48R INEL T . Python nJ LIiE it FEdv 42 defdi 5| I 88 i (&, 7
APhE 2 “tensorflow” WiEHN “tf”. REE XA RIE, aFflb:
tf.constant([1.8,2.8]

tf.constant([2.8,3

{EIXHR a fl b 2 O TH/VH & (tf.constant), —/N4[1.0,2.0], H—1~4[2.0,3.0].
EAS IS E LiF2 )5, RX A ) ik -

>>> result = a + b

R NumPy B E 2RI, 7F TensorFlow Z =, [ & [ it 2 vl UL B il it n 5
(+) R ek A mnE2Ir 4 R .

A AR INAS B 45 3, ASREfa] St BRI result, M7 BSEAE R — >4 16 (session),
FilE —NXANETE (session) RIME LR, ik, ML T — AN HER R HH TensorFlow
LR, 5 3 BHG E IR A\ M2 TensorFlow IRIHEAMER, J¥¢ TensorFlow f 7S AR A1 4
S5 [ g AR R £ L sl

NS

fEARE R HAAH T TensorFlow L EAREMTIFA 1L Protocol Buffer Fil Bazel.
Protocol Buffer /& /\”M AR ’f"Jﬁih"JT H., 7F TensorFlow H K7 45 #a # f& i 1f
Protocol Buffer [T\ Bazel /& — NS HAEMSIE THE, 7622 Fhibe 1T
Bt Bazel 4% ¥ TensorFlow [1JJ f’kﬁ”c DR 4 IR S P BIFE PPl 2 il 5T Bazel 4
PR
TEN 4B 5¢ TensorFlow FTHEA T B2 5, 2.2 1 YH# T TensorFlow AN A% % 77 5(,
[;L}Q/fi[sij‘&;-”t 7 EH AR R . 2.2.1 MR AAEE Docker & T FS R M IR 58 1) —Fh %
B, BRI ERE RS (et Windows, Linux Fl Mac OS). {H Docker H HijXf

(D NumPy & —MFEF 5500 Python T 240, http:/www.numpy.org 145 H T B % 5T NumPy #9444
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GPU ({33470, i . Docker XFAHuTF RFFBEH S FE LA AT . TEA LS J7 (/) %%
77 AL A pip. FEH pip AT LUK LR 4T MUF [ et e B A . B E JT 4R T AR
A TensorFlow [¥] pip 235, XF 7 X HLBIE A FEAMIT R TensorFlow HIN RS, (HIG
AE Y TensorFlow A5 . 8 J5 —Fh 7 Bk 2 NUERD 2o, X U RS, (H BREIBL .
g LU A T4 TensorFlow A5 a2 7 B 53 #5 LB PR K GPU A9 H 2.
LEAR LS e T —ANEH Wi%EAO TensorFlow MRAEG] . XANFEGIFEF 58 AL
7B TR Th e . B REXANRER AT LR 2B 47 () TensorFlow A3, [R]If h A] LAY
TensorFlow & BB . (E55 3 BHv_ S N iE4 /48 TensorFlow H IEEAHLE
JF U ] {8 E TensorFlow R SzBL /M B ppe M £ I 2t 72 .
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FE58 2 BT Wi %3 TensorFlow, I H.7E %3547 # TensorFlow H1iZ4T T — M
BRLE ) B AR N AORER . ARG VA ML A 4 TensorFlow JEAME S . 7EATZRIRT 3 5h, ¥4
IS4 TensorFlow HTHEAEAY | HERBIRUREITHIRL . 81X =AM X} TensorFlow {14
4, EF 0 LLX TensorFlow (1) TEJREE — N KB T iR fEAEREE—Tid, KigHn
R MR EE MR, IFNE Tt TensorFlow SEHLIXEe1 44,

3.1 TensorFlow i+ E &8 —i+EE

151 & & TensorFlow " FEA K — W2, TensorFlow 1 [ T4 1144 # 2k 561k A o
HE BRI AL 3.1 DNREVEAI AN TensorFlow it S E M AR S, REAE 3.1.2 N
choRE L — L R B R RE IR 1 B TensorFlow 53 B ¥ 4 FH Jy 2.

3.1.1 RS

TensorFlow [K14 70 &1 B T & S BB 1 BN & Tensor 1 Flow. Tensor i &
sk REX MRS A APl A AR KR, HEAPBHIFAERREAS
12 o 7E TensorFlow ', FKE AT LARE ] S Hb BEMR N 2 4E 504, 7F 3.2 ol sk S
IESR 4. SR TensorFlow (K28 —Mia] Tensor 28 T & MUBUHE 4544, 84 Flow M
LT BT EBEL, Flow BT ICHRZE “W7, ©EMWHEIE Tk 2 [ v 5 A
HEALKILFE. TensorFlow & — Ml HFEMEARELER I H I MAERS . TensorFlow
A — R B — AN R, T AR IR T U2 R R R
/& 3-1 f@7R Tl TensorBoard " 3 (55 2 B2 rh /™ 1i) BUARAREBI 0+ 57 181 .

@ TensorBoard /& TensorFlow (IR #AL T H, 5 9 B PEgr4iX 1T .
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add
IO
b
P 3-1 i#id TensorBoard o] ¥4k i BEAH N5 1

B 3-1 hd AT AR ANEE, e KRR TIHEZRREBICR. Wk
AN EE RN T B A ERE Y, BAXHMEHEKBCR. €8 3-1 F, a
b XA B AR ALY, 17 add TR EUR AN R A EUE. TR7EE
3.1 hA LB — &M a 3 add IR —4M b 2l add H938. 7EE 3-1 4, BHEMIH
Wit add O E, T RARIMERF A add B LT AT SH9L. Frf TensorFlow
R 0 AT LI U 3-1 B S A FE R R 7R, X TensorFlow HIEEA 15T
i

3.1.2  iFSE A

TensorFlow F2 /5% — M AT L4 o BIANB B o 7658 — AN Boils e SO B R T 1957
FinZesd 2 S EREGIRF b i e X T BN, BREEXT —MHEskEEe
TIBF. B oAMBCABATHE, XAMBKAE 3.3 FhAdE. UUFABESH TiFHEX
B BRI

import tensorflow as tf

a = tf.constant([1.0, 2.0], name="a")

b = tf.constant([2.0, 3.01, name="b")

result = a + b

{E Python H— £ %F “import tensorflow as tf” {17 K#H N\ TensorFlow, IXFfn] LA
{6 “” FAVEF “tensorflow” fE ISR, (EGEANEYF MM, L TensorFlow
rARE TS, EABEENEN P ESEMRAXFmE TR, EXAERETS,
TensorFlow £ [ Zh# 5 LTS 8640 7H S8 B 5. £ TensorFlow FEFH, R4S H
P — AR, T tf.get default graph PRI LURECY AT BRI THELE . LI
RIS E T T R BB S E L R i B F — A s F R E .

# Bit a.graph ATLEARKIATRIOTHSLE. BORCAARRIEE, PILUXA MBS T

# YIRS . UL R XA BRI True.

print (a.graph is tf.get default_graph())

@ Ah THHBM M, TensorFlow 24 5 BHE AL AR — Rk 4 i I8 i AIE 5.
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BT RRBRN ST, TensorFlow SCHRFIEIY tf.Graph BREOR A BTV . ARV
S Bk EAE ARSI, U FRESRE T TR RS e ORI R R

RS T WA, SRR E X T AN ‘v A, FETHS
Bl gl o, 8 v WA 0 ZEHSEE g2 o, # v IR 1o ATLUE B2 T A TSI
i, A v REHRAR R . TensorFlow 1 fIHE EIAMUU AT LA IR 2 7k B A5,

ERSRAE T A B BRSO LA . HEE AT LUEY tf. Graph.device BRECRIREIBATIHY
(115 % . X4 TensorFlow i il GPU $24£ T HLHI. FTHIKIFRFF AT LK ik vt S84 GPU L.

I, 34

@ % 4 TR NI A TensorFlow S RAIHE .
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B GPU (77 V0 KAE SR 10 3R . A 803 H TensorFlow 25 (BT YR B2 T
HEM— D EEIRE. DS ES, aTLUBd S (collection) KB EEA RS H] K B
Ysi. Hetmiid tfadd to collection BRI LUK HEMA — P REANAEKED, REEL
tf.get collection ZREL—/MEA BT A EIH. BB BEE T LLEKE, ZREREFET
TensorFlow F2/¥ FT 5 BRIV, 46%. N T HE{EH, TensorFlow t HBIVEH T —&
BHANES, #3-1 84 TERERBIL BT 58S,

% 3-1 TensorFlow REEHFEIESTIR

EHHR HAENE 5 5
tf.GraphKeys. VARIABLES s i FF AL TensorFlow Hi%Y
tf.GraphKeys. TRAINABLE_VARIABLES [ AR (AR RE MY | BERIISE. BRI LA

280
tf. GraphKeys. SUMMARIES H A e 2 e A TensorFlow #4371 #{k
tf.GraphKeys.QUEUE_RUNNERS AL N\ ) QueneRunner LoPN L5
tf.GraphKeys MOVING _AVERAGE_VARIABLES | Fif7it5 7 sl T A2 & A R s A

3.2 TensorFlow #FEE —7K =

3.0 WAHTHEA T FEOBEE KRR TensorFlow FHIFE . X—PMWHENAH
TensorFlow H 57 4h— N IEREEE&——ikit. KR TensorFlow HEMIEHMIEA, 7 3.2.1
AN AR R eI A R M . ARG AE 3.2.2 /N KR A 48 G e 5 R R AE R ZRER
TensorFlow 151 45 5

3.2.1  SREFBEE

M TensorFlow ()42 7l n] LA K& (tensor) R MREZEKME. 7£ TensorFlow
RS, BrEMEdE B sk B RRR. NIIRER AR LA, FKEnT DU 4 s R
N Z R Hp Bk R R R PR R (scalar), HEE— " BBk E A 18 (vector),
a4l B on Bk E AT DB — S n 4E84] . {H5K B TE TensorFlow H [ 5K
BIFA R EHER MR, &R TensorFlow 2545 BNFI H. EikBERIFLSE
HIERART, SRR E B SECF IR, U EMENF, 84T

O FKEMAERB AT LR TS, BEAERBP AL HITR.
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AR, FARLSERINENSER, MESBBINESRE—NTIH.
import tensorflow as tf
# tf.constant B, XMIHHMERL—MKE, REEERaT.
a = tf.constant([1.0, 2.0], name="a")
b = tf.constant([2.0, 3.0], name="b")
result = tf.add(a, b, name="add")
et

Tensor ("add:0", shape=(2,), dtype=float32)

M T4 ES R LA B TensorFlow H 5K AR NumPy HIRIEZLAIR, TensorFlow it
FHERAR AN BANEE, MHE-NIKRIMEH. N RS s 45 Rl DA H,
— AN FEGE T AN BYE: 45 (name). 4E/¥ (shape) FIKA (type).

KRR RN BEL FAR AR AR RRF, SRR T XA KE W
(AT Sk . 7E 3.1.2 N AR T TensorFlow (3 SEHE ol LB 7145 B i BERU R 2 5T
i E LS AT AERRT AN, RS R kR . BrUlik R
BB B S TR MV EGS BRI o SRR (0 42 T LU “node:sre_output” 1Y
sk . o node K A HIAFR, src output IR 4 ATIKALNR H 5 AR LA -
Hedn AR T SR “add:0” BRBEHA T result XANFRELRZ VAT A “add” FHHAOEE 1
SR (SN0 TR

KBS A B RKEERE (shape). XNBUEMA T —PIkEMGELEFE. L
W FEREGI shape=(2,) L8 T 9K result J&2— 4%, XAMEALKEN 2. 4
RE Rk B AMBEENEY, Bk BRI4ER TensorFlow e H TIRZA WIS, X
BAEAR——FI2E, 755103 P BB 5.

BB EANABHRER (type), H—KELSE M%K%, TensorFlow 2 4]
% 5ES A FETRR RS, MR RN SR, HaHsfT R B
Fried i & 18 2 8 B AR L EE RO B IR

import tensorflow as tf

a = tf.constant([1l, 21, name="a")

b = tf.constant([2.0, 3.0], name="b")

result = a + b

XEFE AN LT R S A — R — R, M AR A RAE S — NI B AN B B T
AR a (28T 4 BB AL b ISREL N S8, KRR P SRR AL T (1 69 :

ValueError: Tensor conversion requested dtype int32 for Tensor with dtype

float32: '"Tensor ("b:0", shape=(2,), dtype=float32)'
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T BRI E S ER B “a = tf.constant([1, 2], name="a", dtype=tf.float32)”,
AP IR B A RASRE T - WRATEERE, TensorFlow 24 HERIAHIRR,
A NEUR B B BRIA K int32, /DB ISERIA R float32. BG4 FIBAR R
Al RS SR REURNILAD W 8, B —BUE BCEIE R € dtype RKUIHATE AR R oA
WAL, TensorFlow HF 14 FORR F2EAL, FEAHE T 938 (tffloat32. tffloat64).
A (tfint8. tfint16. tfint32. tfint64. tfuint8). fi/R%EL (tfbool) FIE %L (tf.complex64.
tf.complex128).

3.2.2 kR

F1 TensorFlow TS RIAHEL, TensorFlow MIEHEALRIA X LhE i L. skE A 2
CIYSsE2FiT e

BEKHERNPEVESENGIH. 3 MMTEEERZPHEE RN, FHKE
PARRHE A GRS A AT« AR D0 P ok B RAS 4 F i i s v ) &5 SRR 58 1 1) i AH In
hEe AL Xt e .

a = tf.constant([1.0, 2.0], name="a")

b = tf.constant([2.0, 3.0], name="b")

result = a +b ;

ELRETE ST AR, S ATV £ L 2
result = tf.constant(f1.0, 2.0], ndme="a") +
tf.constant([{2.0, 3.0], name="b") ;

M LTI FEIFE R AT LA B a F1 b JESERU RN S BABIXMEH L RNTGIH, XA
BUMIEI AT DL B R XA i, AT ER AU . iR = 2R
i (MR R R AR Mg i) IRk T | F VS A0 o [a) 45 SnT DUAE AR it ] 5 138 4
KKERTF. FINELKERFEDELEGR, KT ERI R R. LmfEEHme
M2k, BRBEREMLES RS K B AI4ERE, i result.get_shape B BORIREN 45 R
i I 4E B A5 B AT DA 2 N S R RS

fER TR B RO R M B e 2 G, SRR DLk AE R, ok
RGP EERET . BRKBASRAEFERANET, HREE i 3.3 Mg
41 (session), MAILAR B X BEAMEBF. Lwd LRAE G, 7Ll A
tf.Session().run(result) i) 3 5 3| v+ 5145 H .

@ I 6 TR N B FE ML,
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3.3 TensorFlow iZ{THE—%XiA

MR T AET TensorFlow S il 41 SUHCHE RIS S0 . A5 K5 A 44 4] 48 ]
TensorFlow H1451% (session) KHAT & LUFHIEH . 2150 I HE TensorFlow F/¥iE
AT . SFTE R BB S TR R PR YR, 7 W AT g
IR %% IR ) 1) . TensorFlow H 4 A &R RS — A HIAh, 55— Fh BT 0 U A
LR R ATER L, XA AREREN T

FERXRABIAN, AR, TERHIAA Session.close B¥ORKM&TE
IFREICH IR AR, AFRFRD 53 MR N, DR P 3 1 R T REREAS & AT AT =
BV . 4 T AR YR R IR I VR YRR 1) B, TensorFlow Tl LUl Python Y EF3C
BHEMKMA L. LUFARER T T4 AR .

it Python b Fr&#RaS LA, HELK FTA T BURAE “with” BIPRBEAT L. =
T i T s R RS A SRR . XPEERAR L T RN R R H B R URRR IR IR
B, IR T 50U Session.close BT A= Y TR VR

3.1 ¥/ 45t TensorFlow £ HBER—ANERARITHEE, WRBHRHRIEE, BH2A
AN . TensorFlow 4515 A RAUHIBLE], {E TensorFlow A4 H 314 HAK
NS, TIRBGETIIRE. YBANAIETE &2 5 T LAl tf Tensor.eval BRI 5
— AR MEBE. DTFAREER Tl vE B S iE v SR R A EE .

DA AR A th 6] LASE AH R A Zh g«
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segss = tf.Session()

¢ FHEMIEA G SRR

print (sess.run(result))

print (result.eval (session=sess))

FEAS HAFFEE T (Hefml Python JHIASER#E Jupyter f4niE a8 ), @i R BBINSTHE T
Ak IKBK B BUEE I A {#. FTLL TensorFlow 324t T —FhEas H AN BE T H A B
LTI R B . XA PR BER /& tf InteractiveSession. 18 FHIXA S A s A e & 1E 3 M A
BRiNSiE. UL RSB R T tfInteractiveSession PR EIK FHE .

sess = tf. InteractiveSession ()

print(result.eval())

sess.close ()

it tfInteractiveSession B&EL AT LA 28 A M S TEEM N BN S IHRIERE. LikfE
FE Wb ok 77 92280 1] LLi@ ik ConfigProto Protocol Buffer Kt & # BA MM & i. FHSAH T8
it ConfigProto Fi B 431 B /7%

config = tf.ConfigProto(allow soft_placement=True,

log device placement=True)

sessl = tf. InteractiveSession(config=config)

sess? = tf. Session(config=config)

ifiit ConfigProto 7] LABC BRLIFATIILFEE. GPU /rRLRES . BHER I HESE.
fExsssth, BEMRBEHND. B2 allow_soft_placement, X&— M i/RAEFS
¥, BN True MIHE, ZEUTEE—NROABOLKNIR, GPU LIEH W LIEE CPU
34T

1. BHEILELE GPU _EHIT.

2. &4 GPU %l (Lhiniz 8 akisefE®E -/ GPU LigfT, HENSERE 1 GPUD.

3. BEHBMANGEX CPU 54 RM5IH.

EASHIIERINE A False, HEN T HEERBAATBHMEER, €F GPU MIET
BEANSH R EW R E N True. AFRIE GPU I ah A v] GEXT v 5L SCRF A IS X 7, 1
iLKf allow_soft_placement ZH(X A True, MHLLZF I AT GPU LFFT, WLLEZ)
P¥E| CPU b, MASEME. iy, BEEXASEREN True 7 LLERFERAA
[FER ) GPU dlas EWFEAT.

B AME R LB 2 L B 28U log_device placement. X E— M /RESEL,
24 h True B HEFRHSIEREANT ABRHAE TN RS LU RSN mEd ™78
X NS0k E O False 7] BLsZD H &R

(1) Protocol Buffer 7E % 2 FEh A /144,
46



38 TensorFlow Al

3.4 TensorFlow SEIR LR W 4%

E1 3 WNAFE AN T TensorFlow FIZEAM S . fEX—T9, HESHEM LT
et — B AT TensorFlow KB ., 15 3.4.1 /NI TensorFlow
U SR SR TR B A R 2 4R 1 E DDA DL R TSR . RUF 3.4.2 DR A 25 O BT
4G 3G (forward-propagation), 345 Hi{E ] TensorFlow FUARRGSEEL. 4 3.4.3 /NT5HE
8T TensorFlow H(ERRRIAMEMENSE . £ 3.44 NP RMHMEMN
2% F7 45 3% (back-propagation) Sk LK TensorFlow X & MAE R FILHIS Ry . Ba
16 3.4.5 /NS L — AN S8 34 Y TensorFlow R P ZEBENLAOEEE IS —A R RREE 25

3.4.1 TensorFlow Jiff 5 55 J W 28 A 2% T /i

IX— /¥4l i TensorFlow i SR 37 R P AR A 22 M 2% 11 = 22 TN fE . TensorFlow % 5
% (http://playground.tensorflow.org) A&~k ¥ T 3 Y245 0 mT LL I 20 0 f] B 4o 48 99 2% 5
SEHL T AT AN FR R T . B 3-2 44 T TensorFlow 7 SR BRI\ v B 18R &

Neural Network

DATA FEATURES % — I WIDUEN LAYERS UTPUT

.. B 5
~ & 0 L
S RN 55 "
| s i LU

P€ 3-2 TensorFlow 7 5k % 7t i 5 4

M 32 FATLAF H, TensorFlow 7 K37 M2 ML T 4 AR B EERSORANA i1 £
RI%% . BRINISOERE h & B ASHE SR IRAS . Mok b B & BoRdEE 3-2 P EAILR
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“OUTPUT” ¥4 F. FEXANEHES, WTUER—A 4Pl LA R aRERKANL, F -1
NEARE T —ANEEG, TS EIBEARER T RERIRIARE . B R IBIE R A WA, BTLOZ R
— AN TR, AR BN TR U B XA O T AR A S PR ) . BB A
Wi T AR RE SR, BAKER SRR &N EHmRENERERAE
BRIEMG. XFEHB— AN SHRESRIMER T X7 fiEiE.

h T ¥ A S el B T _E AN R BRE A R 4y, T R S o ) R Y S
Hetn R F o (B, AT LA A R R AR E AR . R LA
St AT DU A K R R KBUR — . X MR X LRI LA
WAL K BE R R B IX AT . a2, I A TR SR A e —
ASEARBIERE [ B (feature vector). 7ESE 1 TEP AL, HRAE 1) & AOERBUN LA 2 I AL
BEEEE, W TIRIUFIEAR P AR, ELFRESRE, 3 nT DURESE B o) B i) SE 4%
g 1 R A . RS ERURRAIE N — AN TR &, AT 4
SETHT AN &5 . TensorFlow i 5k 3% FEATURES —#45%F B TR AE & ZEA /N 15 FIFE6
dr, ALK x; RE—ADEHKE, 1 x ARFHH BLE.

FRE AR R ML MM, HEMSNEREMNERETE 322 MEE. BAr
FROMENEEHESBEREH, B—EERANE, REREFERESE S IERBRE,
teln i — BB R 0.5, A x, FESE 05, F—ERTRASMHELER, mH
§-RERAMT Rk, HARE-BEEMRLEREN NGRS, £oakEE Y,
MH W EMERESR, MEMERHEEEEEREE TR, MR RS — sk
B, WX ER AT RENBEE, RTURREERSRGR. AN T
A&, ATLLACH M EUE KT 0 B, SHANSERREBAER, RZUEMHA
Ao — AT ATA A 2 H (ot i 48 B 2 ST S .

AT B Z R M Rz, —R— I MaemMgREEEE, X4
PRERLEAR “BR7. THTIBEREE S ST h XA “ERBE” PP 2SI 28t B F VIR .
#t TensorFlow ¥ SRz ol OB st “+7 BRE “-7 K3 b /sl 1 22 0 2% Bl /=2 A 0
B8 T AT LLIG PR 2R MR IR, TensorFlow i 537t S REE BRI 48 B — 2 10775 B LA
Je2: 31 % (learning rate). i% A% (activation). IEM{L (regularization). U1fa[fif fliXse
SHGE R REATPITie . AN A E B H TensorFlow W R BNAIRE . 2FT
HRBHEF )G, TLOEL A EAKTFGRE © 07 RilZGixMhamss. [ 3-3 pgh
H T IEARYIEZR 100 82 J5 HITE L .

@© EREEBMSY, —BXNEEPHRPCES RE, ol EEepaon % b i .
@ A7 —Hephee AR T LARS JZER R, (B H AT MMM iy rh i R MMM E A&
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0 i Heratinm Laasning rate Acsivalion 2 rate Frablnen typs

»

000,100 2 « Tan - MNone - 0 - Classification
DATA FEATURES 4+ — 2 HIDDEMN LAYERS QUTPUT
Which datassd da Which fropnrfies do - oy Teet loss 0,020
U want 15 usa’? your wand 19 fned 7 Training los @ 014
¥ = £ ==

Fatin of traming fo
tast data 50%
—-
Mateer 0
i

Batch size 10

REGEMERATE

[ Shew et datn ] Discomtizs atgd

14 3-3  TensorFlow {7 5% %k 100 2 J5 kg

WAT IR — M RE N EEHGTE 3.4.4 NTHNGE, 70X B EEABUTMIE TensorFlow
W RHIINAL R £E 3-3 h, —ADN/NETREHBMG T —AY H, TR s
LI ERE . AN AR AR BT SRRER I, (i RS R TR B e
FXHBHAIX A . F-FURETHEMEDH—NSE, STUREEIH. MEN
SR EEE N SIS R E R AR B EER . 8L REEAR T XS5
BE, HAKBEEERE, IANSEEERAAHERA: YamFitasraan, 4%
B RIE T 0.

AR ERBEAR T XA SRl Bk, R4 5 —
MRB/RABFRR, XA LS ERARET G x) B—FEE. XA g
FARILT xp0 x TEIXFPEUE FIXAY AR A8, 247 A0 %6 (8 B0 a0t (R
KN, BUEEIR®. T EARERMA R x, TR . AE 3-3 FafLUES x, X4
TR y Fle BAIXAT SR8 AR x, A5, Ll x, AT o R, iX
M A RH R A, W x, KT 0 BHEN R E8. T=& v S ME L Kk t, it
DR N A, B 3-3 A ST AR BIOARE . ME—HEER 0 R B AT 18 OUTPUT £ F It

@ 7E TensorFlow i KM b, UMBEARE CrhReils) MG CohwEssy) mx, &
EHRFRARER, WOEBREREREA.

@ KLUL MBI, TensorFlow #FHMsid, & EMBGHARE CUPRATS) NS CUhE
@), ML EFERM, HERRERABEA, §ORREREEARA.

@ £ TensorFlow W R3%H, y WM A G CCPRERS), AOHEE CrhEams).
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B AL XA AR T BR T RAERZA, EERT ISGERE, s EEd
XA HEE S . WE 33 FaTUES, S3FHEMREE, WhTARXs-FEe
Z7] LASE 4 X 20 A R 6 FR 048

g FRTIR, A6 AR MR AR A 1) B AT LAAT A BA T 4 AP ER.

1. $RE ) 5 S A (R Tl R o R IR BN o N [ PR S AT USRS [ HOASRAE 1)
B, APPEARRAENE. A BEREME P L5 T BT DUE B AEERE H IRE .

2. NG INGER, I U MR R A AR B . XA SRR EME
W 2% BT AL RS, 7E 3.4.2 AN R4 .

3. I I SR SR 1 B 2 R 2 R SR HUE, R IIAGME MR, 3.43
NS TensorFlow TR RHE MBS EI L, KRG 3.44 DR RBUTrHAHEM
LRARALSVEROHESE, FF BTl TensorFlow SEHLIXMHESE .

4. A NG5 1 25 0 2% ke TR A S0 A B0 . XN FR AP R 2 R AT AR AR S —
B, APAREAR.

LA N B AR A 2R ] 48 ] TensorFlow SRSEBLAHEZE MG R AR PR, B e
7 3.4.5 PR — AN SE R PR I 2R e 2 M 4%

3.4.2 1 S RRALIL AT

fE 3.4.1 AT R S A T PR W% AT DURHR N OB AIE [ BE 2R R R R 18 BB R
(o, A Sk ety L A e o S B I S e O 2% i R T 1R UG ? A
XN o R A AR PO B R SE AT AR . N [R] Bh A S H  4%
FE T AR —RE, AN A A I IR B () A HE B M 4% 45 M AT BT T A5 S, O BB R
iBid TensorFlow SEHUXANIE. N T /4R i al i Ao, 88 TR TS
. W TR MG MR/ RTE, B 3-4 SR T — MR RN T e .

XogWqo

ZX{W(
A—
a @

XaWsy

B 3-4  fhgoasioRin e
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N 3-4 AILLEH, —AMSTHZAMMNR— M. SDETTRMA BT LU
FOA R ST, BT LR AR I RN . T U 2 I 4 £ S R A R R R A
Gty FMEEEN. WE 34 Fimx, — M RERGHETERNR NSRRI RART
WAC, TIAFRANNEREMSTHOSH. HEMEuReTEREREETTSH
HUENE R, EE AR ol B A . ANV T AU G 22 RV T e 7R
B 3.5 @i T — A RBKEN R ERT RN S EERMEME . LUK N EER
A 5 2% 2 R AL AB T 5 2 AR RE A1 A2 Vi o 02 Dk T HEIKRE (O I 5 41
RS S S EA A EBUR . LSTM SMIKsr. B 3-5 TR THARZSMARTH 1A
R T — AR TG . AN PRE XA SR AR R AT AL B A A AR

HAR R 5 i

a |
|
. |
2
g

B35 HEHREARN=SEMENSESHE

ARSI AR RTESBMER. - IRSRHENSENEA, x4
B R M ST A P SR A B L R7E R 3-5 AP — A REHHKE X
A RBARRE xp. BT I RGP EE A . PR 4% f2 B AR 22 TOAA I
25 Y 4. ) 425 KD 4 1 S R 28 76 2 D N o TR R R o2 190 2% v () 4 28 T A T AR
> KA, FEATZJE M g R ORISR A I 4 T PR EE TT fEFE 3-5 1,
aay TN, A5 B x F x O T oy RORRIERUR T Ay AN . Bfa—

@ FINE RTINS 4 THAH.
51



TensorFlow: SL&% Google REZIHELS

MRS RENHET NS £8 3-5 T wRERHETTHSE. W EARRAT
MEMKIZE i WORRBE—ZWRNSE, T wORRE R ANS . W
TARRY TR AT, G FoRERE x Fl gy, WKL ERAE. WAL —

FIARERAE THMFETPNH, X HREXERELZCMN. SEMEPERRN,
PR A 26 B G5 A LU Rid ERCE, s ml DL AT A& R S S M 5 i o 1 3-6
JEIR T IXA 2 & 1T 1) A R AL A

LIPS Bl i th 2

ayy =W Px; + Wix, = 041

FI IR

P W]ff}“u + H’lf:)ﬂlz + ng:)ﬂu
=0.116

REGH

0.116 > 0 = £k

A

ayz = W x, + W 'x, = 0.46

Bl 3-6 e MLl R R EE

B 3-6 45 T HINZ B EUE x,=0.7 Fl x,=0.9. N N JE T 6 — B — 2 14 FH 1) AT A& 3% 55
%o HERBESSR 3 AN, SN ANIESERAZRRER M. FHAHT
ay BUE IRV S 72

an =W,x) + Wy )x2 =0.7x02+0.9%0.3=0.14+0.27 = 0.41

ap Fl ays A LRI 20 A2, B 3-6 PhAH T RArHEAR. £8
BE-BEWARREZE, oL SRR R RO, R0, RS R
BUE 2 5 — 2 B BUH -

y=WPay + WP an + W3 a3 = 0.41x 0.6 +(~0.38) x 0.1+ 0.46 x (-0.2)
=0.246 + (—0.038) + (0.092) = 0.116
XA R T BME 0, FrUEX ARG PR RS B R : XA S
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R KRBT AL R RO Sk AT RS T AR N IR . K xpx, 4R
AN 1% 2 BB FE x =[x, %], T WO HL R4 2x3 BI5EFE:
- {W,ﬂ’ we W.&P}
wy Wiy wid
X A R o e i T A7 30 B2 =N AT LB ) R
wy me Wﬁé’}
wil Wi Wiy
=[x + W50 %0, W5 + W3 WS + W x0 ]

SRAL B0 H /= 7T AR 7R A -

aV =[an,aiz,a3]=xW P = [Ilale[

W’I(IZ)
D1=a""® =[an,ai,a3]| W37 |=IW,Pai + WS an + W3 ai3]
W3(12)
X FERORE AT 1) 4% 3% S HE PRI ) 7 SURIE SR T o 7€ TensorFlow H A B 36 2&
EHEA S LIM . LLF TensorFlow #2175 8L T Bl 3-5 Frastf £ 4% it jir il A 4 i 72 .

tf.matmul (x, wl)
tf.matmul (a, w2)

a
o

Hrb tfmatmul SEH T HPEFIE I ThEE . BN IE LR VEANHb A 47 T M2 48 (4 31 1m) 4%
5%, HHEG W I TensorFlow FRfFRSLHMRX M. AEZEHENTHSAENHRE
(bias). I HREL (activation function) & H INE I ML TTLEEM .. ST BERMEMLE,
LSTM &5M)5E 5 INE AR PR 4 it . A T IXBETE NS R A 2 4%, TensorFlow 32
fit TIRGF ISR, R FET P E AN A

3.4.3 W%ﬁéﬁ%ﬁ'&' TensorFlow ¥ it

PR Y 265 o () 2 50U P8 I 48 S B 2 S sl (R ) b BB A4 . AN TR S H
Yk HhA4H TensorFlow M 41, (A7 LU RAE AR L ML h 9S50 . 7E TensorFlow 1,
A58 (tf.Variable) MM/EfI B R REMEFHEME PS8 . MELMHmEESEL,
TensorFlow ™[4 B th T B4R E WG {H. BAIEMEME T, SSHR TV EE N
WO, BT ULt FH BEHL B TensorFlow AR BHIHIL . Fill—BACKSEAH T —F4E
TensorFlow 1 75 B —> 2 x 3[R 56 PE 2 5 1 J7 ¥k

weights = tf.Variable(tf.random normal([2, 3], stddev=2))
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X BHCHL ] T TensorFlow 25t A A B tf Variable. 7EZZH 75 IR Ehasth T4)
WAL XS B )7, TensorFlow HAR R [RIIRAE 1T LA L B pRBE AL . Bral i i 3L
A5 R (AT RA (T 50485, 5 LT REBI, tfrandom_normal([2, 3], stddev=2)2x/" A4 —4
2 %3 HIRIME, AR R RIME A 0, ARMEZEN 2 MIBENLEL. tfrandom_normal BR%{AT LA
it S8 mean A5 R T, ERAFENBRIAN 0. EiLH L EAS BN ECRYI 4
{2 0 25 T SRR — AR I . BT IERIBENIEL, TensorFlow L3R Mt
T e A B LR A 3R, % 3-2 FIH T TensorFlow H R S F¥ (BT BEALEUE LS.

% 3-2  TensorFlow BEHNEE RUERE

PR R B {53 EESY
tf.random_normal P i 1] SEEME. bRvEZE. MU{EHASTL
tf truncated normal EAAT, (EUEEHLH A E RS TR, 2 A | PRI bR, BUEEE
PRMEE, Ao S TR L
tf. random_uniform A S, BORHUE, BUIKA
tf.random gamma Gamma 7145 JEAR 2% alpha. REEZH beta. L
fELERY

TensorFlow 37 f5ill it W ok WIta b — A28 8. & 3-3 44 T TensorFlow =7 F H %
B ik,
2% 3-3 TensorFlow & £14 AR

R g Pl
tf.zeros et A 0 tf.zeros([2, 31, int32) —> [[0, 0, 01, [0, 0, 0]]
tf.ones Figle s B Wi tfones([2, 3], int32) == [[1, 1, 1], [1, 1, 1]]
tEAill PEA A A A S R B tEAH([2, 3], 9) = [[9. 9, 91, 9, 9, 911
tf.constant Frt A e R R R tf.constant([1, 2, 3]) = [1.2.3]

(ERZBIRL T, RTET (bias) % 2l H ORI EAGE. LA H T 6.
biases = tf.Variable (tf.zeros([31)) ¥
B S A AR A 0 FLCREE N 3 (28R . B T {8 FH B LB 2 4
TensorFlow 1 3 31 i oA 25 B AT GA RV iR A BT A0 AR & BL R ARES S th T BRI T4

w2 = tf.Variable (weights.initialized value()) _
w3 = tf.Variable(weights.initialized value() * 2.0)

PL AR, w2 BRIV R Bk T 5 weights ZZ8AA . w3 RIFILR{E NI weights
VIR Pt . #E TensorFlow H, —AMVERA{EERMMZ AT, XAMZRIMPILLERTE
BB . LRI T el AR R B A K ) S O SE LT A R
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T

X BRI SR BL T R AR AT AL R RE . WX BURAS AT LAE B, 450 T AN
wls w2 ZJ5, ATLLGEIE wl F1 w2 Sz S 9 4% (T 1 A5 B L AR 9F 15 3 b 1A 45 51 a RS
JEERy. B wl. w2, a fly B RN T 3.1.2 N4 1 TensorFlow FEEHIE—
o X% LT TensorFlow 5 EH BT A KH5E, (HiXehl s LA AR B IR
HIEREETT . YHR BB TR IR A RS, TEBEN TensorFlow FEFIE — 4.
£ TensorFlow FEJF 58 20 & A —A41F (session), B &ifH5 4 R, 4 b
HIREBIR, i e Ja Mt vT UAFF IR BLIEIBAT /8 SUF MV T o (HAEVHS y Z 01,
TEH A BN RYIGA. kRN, RARERRE XN H TR RYIGLR T,
AT EFBAEFRILIESIT. FTULETH y 260, HEELIZIT wlinitializer Al
w2.initializer K42 R, BAHZRHSNZROVHUIELRE TR, HE
MRRMAME, SFHERZAFERKBCRN, ARG BRI T . b TRk
IXANFE, TensorFlow $&4L T — A iNEHE R 7 AOR TR RAIG IR, T MR PR
Tl tf.initialize_all_variables & S HLHI 4 LT H 2L Rt (RIS 7L o
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it tfinitialize_all variables B%t, AW ERER—AN—MWMHMLT « X RBL =
[ B b 3 A B A AR S FR T T ) B 4 FH XA R BOR SE R B I AR A R

75 3.2 Y4+ 48t TensorFlow FIRE UM RTKE (tensor), Fi A AOEE LI 7k &t
BT R ALY, AN B BRI R EM AKRR? 7 TensorFlow H, 2
FEEH RS tf Variable —NEH. XAEHHHEH S RBE - ATKE, XN KERHEA
SRR, FTUSE R R —FSBRIKE. Pl — S Ng tfVariable #R1FE
TensorFlow i B R WA SLINAT . B 3-7 44 T P& MG AT I AE PG REF I TensorFlow
HEE R —ANEB4, XA BoR T AR wl AHRHIERAE.

7~ N R
@
wl S Assign e 2 r::::en rr'litmileﬁ
( ) .1 Assign (w1) 3:::: '9 o Caten® apga .
" read random_n... i

read = wiinsd
(w1) 31 pee—wC_ —+< 0 MatMul e

\ r

3.7 T AR R AR w A T AT AL A R

e 37 B EKMERAR TR wi, TTLES wl & Variable B4 fEIXTKHE
HFHATER wl i —4 read K EIRMES T PRGER, ZNTERENL
tf.matmul(x, wl). ¥R wl FIBRVERIEIT Assign #RAESEMAN. 761 3-7 LT LLE 2
Assign JXAN ARG D BENLECE R SRR, T LA RS T AR wi . SXFERESE L T
B .

3.1.2 /N4 T TensorFlow 44 (collection) IS, AT iASE# 4 HBRIM
A GraphKeys.VARIABLES iXME# . it tfall_variables s HrT LIS 2] 245y vt 57 & LTy
A, EFHEE LTS MR RE D TRAGEMIHERESITRE, €% 5 ThHE
ML HA R SRR L 282 SRR I, bl e k9 4%, AT DL i A B 7 B R 0 Y trainable
SFKE S FERAKSE (MMM P H2H0 bS8 (s ArigEo. m
BAEIAR R S5 trainable 4 True, FBAXNEEESHIMA GraphKeys. TRAINABLE _
VARIABLES #: 4. 7 TensorFlow 1 ] LU tf trainable variables i %45 2 frfi 5 2 0L1L

@ P58 3T TensorBoard W HLAL T B2, HAESE 9 341/ £ TensorBoard.
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@ #W.: Minsky, M.; S. Papert. Perceptrons: An Introduction to Computational Geometry (7). MIT Press, 1969,
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F4E FREGENE

B 4-8 FAlLLEH, ZTHA (WANEARNA MG LA (WAMARNBIE) 8908
B, TASIHNSREGAKE, XRAFERBIEHAHERL. B 4-8 FREBEN
BERUCEN 0, XFEFESL T BEAHLREE. @il 500 #IIZZ 5, 7LLE BRI
BERODFA BER PR A RIBE R S TF, iR LR L IC iR R B2 S A T fE -

LMABBZEZ G, el gl AR B REF AR k. B 49 B8R T M 4 M
ARG B AR P FE VI K 500 2 JRHIR . 72/ 4-9 1, BR 1 W] DA SlfcA i i
AT LRI X S ARG R st EMEEERE, BBUZNATEF, SR
#HA AR B AN XY BRI AT LABA R ARTR T A AKEAE i B 5 g 4 O
fE. e —A R LRBARH M MARZE S RENSE R CAR NS EH
T R A IEHO . NIXAMEF P T LE B, SRR NS sihs b4 SRR DI RE.
XAV TR SR BURHIE I R a8 (Eetn B AR, B R ARAHEE.
I R YR BE o ) FEIX 2 o L BB A 5 BR A S P Rt R ) SR A

0 - iteratum. Lemnmg fe ALTVERR Roguis gann Fegudang ste rate Probiem type
000,500 001 - Reww . Hene - 0 +  Chssiicotion

DATA

Witich dataset o
o Wt 30w

&

Fuxiis 2f frning o

Cakors shows o
SAta. guwon and 14
g i B 1

[ sowiestontn 7] Duscresrn outpet

P 4-9 IR0 40 I % A i e e )

42 WMERBHENX

4.1 B T BB M — S, JF Halad X st SRk T anfrdis — A 304 20
A PL A FKe B 8 G e 200 i S () o 22 P s B R O 0UR . PR I AR R P 2 R DA K
AR E A7 28 45 2% 6 i (loss function)R € X . 7E 4.2.1 N7, KUHEER T0KH
JBUR[E] ] ] S 28 LR PR AR, 3BT TensorFlow SEILIXEEHI KR E . RIETE 4.2.2 /1T
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TensorFlow: SC&k Google RE S IELL

o, A A G TR L i R B R I I R ARk B AR [R5 K R O VI
IR .

4.2.1 ZMEVRAEL

42K i) 550 0[] 9 e S M 2 ST R KRR S . X — /NI T A 4 23 26 el REUR B 1
A B 2 B BR K. 40 ) LA S AR R R S R R A 4 B 5 s S 2R
. HRIN7ESS 3 ARG AR E SR B EA R R . EIXAE
i, FHEHEA (BREEMH) SAGHRREAREERBEANLN . £ 43 THEENYH
9 F-5 A= R 3 el ST LA — AT 2 . TS AR BT A Il A AT LR ke
—~iRAE T BB A 4283 0~9 X 10 NELFH .

TEfR P A AR I = 2l B, 7638 3 FEvh e Ok — M AN Y A
PR P4 . SIXANY S RS R 0 B, IXMEABA WRERA SR Rz R
BT 1, WX AMREAERA A BB ARSI . b T4 Bk 43 K45 R, LA 0.5 10 BilME.
NS KT 0.5 FIBEARERIN R ERET, DT 0.5 MM EAREHEM . R RBEEIEA
B5HBEHT BE RN, BARREZNEEARER RN, ([HEEMRSLhr R &
PR —RASXALE.

A8 ok 20 I 2R i e 52 9020 Il LB R AR G 0 2 W L m NIRRT AL, U SRR RIS
B AT REAREE, M LA n ERAEIEIRES R Bd P
YERE (RSN S N AR T, WR AR TR K,
T XA T T I (0 B 9 5 RO BRI 1, T AR A AR R 0. BLIRAI BT
1 JgfFl, e W e R R e H 45 BBk [0,1,0,0,0,0,0,0,0,01 8k 4F o I G 4] 4 b — N HY
A R 2 EEEE ? S X (cross entropy) & FHIVEHI T2 —. X FiZ)
) T AR A A 2 IR BRI, R 2 ) R R P B Y — B 2R R

R M B TS, CRARMRMGE PGS KER. AP AES
WS A S, T 2E e B2 3R DA K BRI RE B R VR e % T VP4l 20 RROR IR X
e AR i p M g, I g REIR p IR AN«

H(p,q)=—-) p(x)log q(x)

Y BEAS SR 20 R PR A 2 (A B, AR RHEE S I BN A —E R — A
BEE A . MERSMZIE TARSEFRABE. YEE SRR ARMELT, BES M
Eﬁﬁ P(X = X ﬁ)@

vx p(X=x)e[0,1] ) pX=x)=1
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F4E REMEMLE

WE R, EEEAERAEREE oM 1 2E, BEAE-AIERE RO
F 1o R LKE D “—AREGR T AHKMN” BR— AR, AV EE
1 IE A ZRGE— ML . BASE “—FE0E T A EFZEN " 8RN 0,
i “— NGB T IR 7 R 1. G {ar s o e X 44 A 1] 45 479 21 (0 45 R 22 ik
HER A ? Softmax [BIH 2 —A4 k% H 5.

Softmax [F] 545 5 B LLE b — AN SISk R AR A 2 2545 R, {H7E TensorFlow 7, Softmax
EHKS R 2R T, ERE—BEHIMNIABE, Fehge R H 2 s — A .
& 4-10 JE7< TN b T Softmax [B] A (K445 M 45 45 F  .

L PN e 2t I s i o softmax/z S Pt

ol

-_——-

B 4-10 lif Softmax 244 £e WLk 4 AL L — LR ST

1B A A2 RS R y1. o, . Yoo IBAZIL Softmax [H]JAKEBE 2 Ji IR Hi t 0 -
e)"’*
2™
DDA AR AT DUt B0 20 1 2% i PR 05 S A B A i L, T
iy L A A T SR XA A i T DAERAR N i MR AR A S, — R
SN2 T R 4 B K IXRE AT A I 446 (it AR AR B T — RS O A, A R
DA b AE SRRV SE T AR 431 R EL SE 2 R BER 20 A L I R BE S T
MAE S A 2 e 7T LU SR8 MR SR M BRI CH(p,q) = H(g, p) )» EZIBIHE
TR g RATEMEE M p FIRAERLE . ROV IEMESREREABMER, Prel=
2 U Jo 2 M IR R BT, p RBIR IEFE R, ¢ REIRFIE . 32 i
(R AR A A (RE B, AR BER SUBE /N, AR AR . T TR 43 L P
A EL AR5 ke T 00 5 3 SR T L O P2 S S B R I R . R
75

softmax(y); = yi =



TensorFlow: SZif, Google FRE ¥ SHER

AENHRE, FEADFERRERERE (1,0,00. FEHREZH Softr
£ (0.5,04,0.1), HBAXA TR EREF R 1838 A
H((1,0,0),(0.5,0.4,0.1)) = —(1x log0.5 + 0x log0.4 + 0 log0.1) ~ 0.3
55 Ah—ANBR R [ I /£.(0.8,0.1,0.1), ﬁﬂzﬁwﬁmﬁﬂﬁﬁﬁzmﬁf&ﬁ%
H((1,0,0),(0.8,0.1,0.1)) = ~(1x log0.8 + 0x log0.1+ 0 x log0.1) ~ 0.1

MEM LT LR S s 3 A BIE RER T H A R X A4

R R CEAZXBIEE D). 7E3.4.5 M, E‘&ﬁﬁ TensorFlow SCHLE A
XA, AN T

ax [B]J9.2 J AP 5%

Hepy REREMHLER, y RRFTMLGR. A8 E AR XA LR, X
—ITRBAE T WA ARFH TensorFlow &5, it tf.clip_by value BAZAT LLK — Aok
HIBE BRI — e Z N, ﬁ#?ﬂﬁﬁ—ﬂﬁﬁﬁ (l:ﬁ.'flﬂ log0 TR . Tk
tHT‘[ﬁFE tf.clip_by value ff]faj B REG .

e EHEREBIF AT LAE B, AT 2.5 BEEREERR T 2.5, TIAT 4.5 sk 17
4.5, XPEE L thclip_by value B EUR T LARAEZEBET log IBEN, A& B log0 IXFE 4,
RERFERT 1 0. B ABHR tflog B, XA BREGER T XK b Hrf TR KUK
MEHITNRE. LA FAREE A 4h HH— AN SR AR 451

BB, 1RSI AR AR EHR R “*7 BRfEARTR. XA
. (N 1PV PALIN=E: ik B FEFE I T B AE of. matmul BRECRTER . F
T4t T IX AR R B
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F4B REGEME

vi*v2 (4 REEAMIE EXNTRMTER. i (1,1) XPMTROER:
VI[L1]x v2[L,1]=1x5=5
(1,2) XA TCE BME A2
VI[1,2]x v2[1,2] =2 x 6 =12
PASEZSHE . T tfmatmul B E5E R BEERERZEE, ALl (1,1) XA ITEKERE:
VI[L1]x v2[L 1]+ V[, 2] x v2[2, [ = 1x 5+ 2x 7 =19

X = ANE SR T X T AN b g — AR p(x) log q(x)i it
B, X AR RE D axm K 4EMBE, 3L n 4> batch HFI £,
m A RRHEE . BIELZ AR, NiZEET P8 m g RIS 2 A HEEIR
RXA, RIEENX n TBCFRE S batch BFIAC UM . BB A 402 a8 5 4
ERAH, B AT A R SRR ORI AN SR T A R E . XA T AT
DAEEANEFPE . UL RS ESEER T threduce_mean BRI EUKI T 5%,

v = tf.constant([[1.0, 2.0, 3.0],[4.0,5.0,6.01])

print tf.reduce mean (v).eval() ¥ Hith 3.5

B 3 X — %45 softmax [FJA—#2EH, LA TensorFlow X iXPI M IIREREAT T 4
—3%E, JEHRAE T tfnn.softmax_cross_entropy with_logits BR%{. Hoinml LA B 8 T )
AR SEIAEF T softmax [B]1H 2 Ji5 38 U 51 5% BRI £ -

cross _entropy = tf.nn.softmax cross_entropy with logits(y, y_)

Hep y R T BEIGHE M HHEIHGR, Ty 45H THMESSE. XFEENE e

TensorFlow 324t T tf.nn.sparse softmax_cross_entropy with_logits PREUORHE — 5 s v 5
o FE5 5 TR ALE XA R S AR .

43 R, (6] ) AR g R ELA BB R T . et s A TR L TR AE
R ]V o B o X ) S A TR A AN R — AN e SR, TR —MER SR
P [E] ) ) R e 2 P 2 — R R — AN T R XA R R E. X T EA
RS, SRRk R EUR B %% (MSE, mean squared error) ¥ B LU T

D)
MSE(y,y')=_z'_'(i .

Hr y; B—A batch 5 | MBI IEFHE R, Ty AL ML HETIE. LLFAR
LR~ T Al it TensorFlow SZERY /75 Z= 40 S pR 3L

mse = tf.reduce mean(tf.square(y_ - ¥))

@ iRzt R o Fein] b H I — F B R R AL
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TensorFlow: SC&% Google RESFINELR

Hep y KRBT HE M4 OHIHESR, y AR THEER. BLL4.2.1 NP ARE
Fet, XEMREIZE “-7 RPN HIE X IR FIRE .

4.2.2 HE XK

TensorFlow MY 24 S pIH R R 8, B0 LURAAT R B & AR R AN
At I B 5 SR KRR B i, A 2R I A A 17 4 SR S T S B 1) R A oK
5T T X0 T e LTI e 8 ) B8

RPN LA A, RTINS T (PRI BRI R, BRI AR
A TR T CRE SR RN ), BURRII RS s B RE . BRI — R an Y
AR S B RE AL T AR, BTLMER 4.2.1 /DR AR TR EZ TR R B A e
TR AL B A .t R — N5 S A A2 1 G, (EEFNEE 10 o, ARA b1
— AN 10 76; T2 T —AN A4 D 1 Jo. WRME MRS /MU AW T iRE, B
LR AT REIL AR g ik B KL TR (R . A T BRI AE, 5 ZR R R BN A
TEERRER. EERRRECE LFRREK, Bl ZSFEE RN, & I3 KRBy
ZHE R AR F . FHARSE T4 4T TR EM T A>T I ER A
() 452 2 ZR H ) 40 K R B

a(x-y) x>y

Loss(y,yr)zgf(yhy;)s f(x:}’)={b(y__x) xgy

R F5 2% 23RS, yi H—A batch H5E i MEURIEME R, yi AMLMLE B
e, o F1 b BFE. WIE EEAAORHRDIEES, o BET 10 GEWHERZT
WIERARM), T b ETF 1| (ERERDTFRNERORN) . WA A& Xk
BRE A, BEEISR AL TI(E B A W) R d KLU aE . 7 TensorFlow 1, I LA LA AR
S S LI AN 2K R B

loss = tf.reduce_sum(tf.select(tf.greater(vl, v2),

el gy Ry Na s avE) )

ETHACHS I B T tf.greater I tf.select KILIEIRERE . tf.greater FIMIA R ANTK AL,
RS BIXH AN MARKET RN ITERRAD, HREHES R, 4 thgreater FJHIA
Ik B2 R —FEIT , TensorFlow 2 BET 244 NumPy |~ #E £ 4k (broadcasting ) I 4 BE” , tf.select
REA =S B A ERFFIRE, &SN True B, thselect BREILIIEFES
ZABEP I, EUERE =ASECPIE. ER thselect BT RIE R RETTREA

@ http://docs.scipy.org/doc/numpy/user/basics broadcasting html #1451 #E#:(E (broadcasting) LA,
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FHEAT, CUFARESRER T th.select BRI tf.greater B BT .

TESE X T HURBRBCZ G, T THRE I — 60 20 )l 22 0 40 AP 5 K B R
VIR R, 16 FIXAEF S, ST —MIERHMRAT A — MRS, &
1 U (AR 44 o %ﬂ%ﬂ#&gﬁ' CIFERI 3.4.5 /YT 4 R BOREGIREA— B, HA 3

T L gE X B‘JMM




TensorFlow: SC#% Google REZFIELR

FBAT LT AR 13 3] wi FOME A[1.01934695, 1.04280889], h k& 15175 21 i Tl o %
B oxitxy, XEH 1.02x+1.04x, K, WAHERKBH PR EBMML THHRKE K
(loss_less>loss_more). WIH¥F loss_less MIMETH%ER 1, loss_more IEIHEEN 10, M4 w
B K 45 /2[0.95525807, 0.9813394]. iR ¥, FEXFEME T, BIAL T Infw A T
WD>— gl MianRAEH T REENPRRE, B4 w £/2[0.97437561, 1.0243336]. 1#
FRIZANR R bR B R AL T A v B R . WX AR AT LURSZ R, TR
PREEILE, AN [A) 45 Ok R B2 Xt VI 258 B B AL = A TR R

43 IMEREHILEE

AR S B s b A 4 AT 38 O 2 19 6 & 53 (backpropagation) FIBEBE RSk
(gradient decent ) i AR P 44 th S5 A HUAE - BREE T BESEEE A TG B S B (E
il R A R SERE T — N AT S8 L AERI BB T ISk, I (A M 2%
BRI S8l ERBURRBR TR . RIAERIERIGME M N LIk, e
DUARHE R ST R4 K PR B OR A A 22 0 4 b SRR, BT {3 2 90 0 A R0 7 1 4 0 4
LR R R BOL B — AN AME. S R E R T SRR A R LR T T BRI R R
RAFAME MG R BB 5. AR, A5 1B ML MG IR A S
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F48 REGENE

RS2 BAR, TR LRI S RNE Y, AR — AN LA R 1 SHe A e A8 FH R E
TRERRASHEBUEN SR, £ TR 44 554, BIeSENM AR ML+ aT
A8 2 4 o) R R v, BEARARTYT P 28 T LA Bl SE A B X e A TV

Bk 0 RAMAEME T NBSE, J(O)FRESEWMSERE T, NHEHIHEE LHK
BN, AN USRS FER—ANSH 0, 15 J0) /. FHHEETE
AN 7 VR R DO B R R R B S HO M, FrDAESCERh, BT
BT RN MR M SR TV . BERE F IR SE LA ER 250, AW
A 2 77 AR S HR SRR NE T 1 ST B 4-11 RO T BRSE T RRSAR R

1@}

B 4-11  BRREEF ML EARER

B 4-11 T x B RS H 0 BUE, y BB R AR IO FE. B 4-11 PMERRT
(B0 BRI, KRB J(0) /. BT BRI AR S 4-11
N AR REE, T B RS AW S x BN, AT AN S 4 Sk B
B . BB LB R SR, TSR, RN %J(a) AT

BopE, BREEEX—A%IEn? (leaming rate) HKE XGRS HEFMIRA . WEW L2
R, ATLAAH % S R AR RS ER S IR . S BMEERE R, SHH
B NI

G,
0,1 = 9?! _na—gn‘dr( 9,,)

TR T RAAKE R B T SRR TARR . BREEE B T

@O FEATFRMAEFTEMMYTETLLS W : Rumelhart D E, Hinton G E, Williams R J. Learning
representations by back-propagating errors [M]Neurocomputing: foundations of research. MIT Press, 1986..
@ ¥ARWBBKE 441 N TPIFAN A,
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TensorFlow: SC&% Google RESIHELS

WEKRU S x, EEBREE Jo)=" IER /D BAEE T FESIARE — 2 T ZhaHL™
e ANBH x VIRHME, AR5 Rl BRI 2 3R E B S8 x IRE. ERXAHERIT,

BH x MRIER v=@=2x, WLl FREE FRSEE RN S x MEFARY
X

sty — 1V o (R EHIRIEAEN 5, E IR 0.3, IAKARAL LA LA 24 455 % 4-1.
F41 EABETREERLERJ (x)=x

A Lk g BREExE 2] L=
1 5 2x5%0.3=3 5-3=2
2 2 2x2x0.3=1.2 2-12=0.8
3 0.8 2%0.8x0.3=0.48 0.8-0.48=0.32
4 0.32 2%0.32x0.3=0.192 0.32-0.192=0.128
5 0.128 2x0.128%0.3=0.0768 0.128-0.0768=0.0512

M 4-1 PATLAFEH, &3 5 WERZE, S8 x MEERT 00512, XMSEE
G 0 CAREEIT T . BARIXBL ML —MEFETR RS, [EEMEMNKZHILIL
FRAR R T LIRHEN . W MG AL R AT LA A AN B, 38— N Bl iy 1) 1 %
SRS BT, 4 PO (R S SE (AN Lo AR P 38 2 RV 228 . ARG HES —ANBh
Bol i % AR SE T R R BT NS BB, PR IERE R S R T
BESE RS NS AR 2 R A RS AR R SEBLT AR BUHIE S, A7 %)
#:3% 1] L1 2% David Rumelhart. Geoffrey Hinton Fl Ronald Williams #4% 5 3 118 3 Learning
representations by back-propagating errors”.

W BRI, BT REEIF ARG R Bk B R g . Wi 4-12 B
7, e H R A T Ak DL ARAG B R R SR AR T AN A SR U . AR/ R AR, BR
BB TA 0, TRSERALHEDER. XM, MRSH x BVIHRER
FEA MR R A, 2 T B B T B4 21 10 45 Rk 9% B/ JR AR A B B (LA
HAT Y x BWIEREPE A 2o MR 6 0 DX TR IR RR FE T B A s th 2 R e LB 58 . ] AR
G R MERT, SEIPIRE SRR W FR RIS R FA S8R R8O R
B, BB R RS A RECRUE L 2 4 R B AL A% -

(D Rumelhart D E, Hinton G E, Williams R J. Learning representations by back-propagating errors [M].
Neurocomputing: foundations of research. MIT Press, 1986.
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E4E REGEMEB

Jey

.................. i oy -
-]

Fl4-12  BRE TR EAAE 2R ME RS

B T A—ERbik B4 R Ah, BREE T BS54 — AN o) sk 2 v S TR K. [
KBTI GREE_ LR/ MK, FTCABUK BB J(0) RAEFTA I ZREdRE LR X
PEER AR P A B SR TRV 4R B LB kR . il EIISGEER T, EHHE
A I 25 R B4 2k BRSO AR T . R T a2t 72, mT DA I BEATLBE BE T BE
fl553: (stochastic gradient descent) . XPMELIEMAL A A4 VI ZREAE L0 K R %L,
iR rEdE— 5k, BN — R VIZEEE LB AR E . XSRS ECEFE
FERL AR T o B BEHLRE R T MRS AR A i SR — S8l BB kR 3, BT
E B AR B 7R B LR R R AN I AR A 2 T BRI,
T2 A P BB LB B TR FRAR A 73 31 0 4o 28 0 4% BE 22 ] RETCVATA B JR i e A -

KT LB T MR A BENURR B R BB ARG 21, 78 SEBR N H R — R X A
LT T — /AN IR EER M BUR R X — /N BRI A — A
batch. BRI HIFFIEH, FKAE—A batch LARLME N M SHOF A RN EHERKZ .
57, SUAEF—A batch 7T LUK KR/ NSO T Z kAU, R aT BLE RS
[ 45 B BB R FE T FRMIRUR . LU ARESEA H T 7E TensorFlow ey SEEL AR 22 I 2 ) 1
Yt FE. (EABRIFTAREGIR, LM RIIZRMCEOENE LT,

batch size = n

& REVCUEI /A SO 5 W R KT R A

x = tf.placeholder (tf.float32, shape=(batch size, 2), name='x-input')
y_ = tf.placeholder(tf.flcat32, shape=(batch size, 1), name='y-input')

§ RS AR
loss = ..
train step = tf.train.AdamOptimizer (0.001).minimize (loss)

# UL,
with tf.Session() as sess:
+ S
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TensorFlow: 3Lé% Google RESFINESR

# BERMERZH.
for i in range (STEPS) :
# &ﬁ- batch size AUNGEAR . — A 747 VISR DAL T L2 7 PR T LA 2
# EAFIAL R .
current A, current Yo= .
sess.run(train step, feed dict={x: current X, y : current Y})

4.4 BREZMEH—TIHKL

43 T T IRAHE MG IR, ARG LREN PSRBT a3
R —bpa B, LUK AR pRaX 2 ) A B . 4.4.1 ANYRBR A4 S FR B s i A iR BB
FE TR R BRI R B N 2 2] Z RI AT DAL AR AE VI Sk i ai A P R AL
fil, Xaf DA RE SR A SH K KMES), Wi SEmEE RHEit. AR5 4.4.2 /)
TRAAEE A S NGRS, d&2 M ERERANE—E. X—
NI EL A SR I 1) R B e A R i DX A ) K RS vk S 4.4.3 AN RIS
SRR 1 BRI BB BRI LR AR, T AE A9 B 44453 B i A Y
Bmf@H: (robust).

4.4.1 “FARMITHE

4.3 WA TAEVGHEMRN, F52 R E ¥ 3% (leaming rate) IS F EE -
AN P A BT R EFE I F, ERYOGE T SRR EFH R . mREELK,
AT e S S EAERMEHPINKREBS) . 4.3 FAELRA J(x) = x> RERIREG] . R
R RERREIE R 1, BLABMUE R SN 4-2 Fias.

F4-2 HEIRTAN, BETREZMNETIRE

e LTS M BB 2] % YRR S8
1 5 2x5%1=10 5-10=-5

2 -5 2x (-5) x1=-10 -5- (-10) =5

3 5 2x5x1=10 5-10=-5

M ETHRIFEGI AT DAE H, B T 285, S8OEAE 5 fl-5 2, A
SHB|—AMRAME. R, MRS, BRGEIRIEWSINE, HRXSKRFEEMRIE
[E. WAESTHEEZRNIERA EST D HEEANMRASIR. X% 0.001
i, AR S IRZIE, x MEREA 4.95. B4 x YIZRE 0.05 T B KL 2300 8 142 FE N
0.3 i, HFE S BT LlEE]. 25 EFrd, I RBEARLK, AR . BTk
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E4E REGENE

FELES) M A, TensorFlow 24t T —Fp 8 N R IFEH 2 ) R E
tf.train.exponential_decay BA¥{SEIL T FRBOEMF I 2. MILXAREL, AT HBRRY
SR HEA R RN, REREE SRR BN R, RIS
WIH NFd5E. exponential decay PRSI R NES R, ESLT LU AR ThEE:

dacayﬁxi learning rate = \

learning rate * :.oYe 1y_rate * (glebal step / decay steps)

HH decayed_learning_ rate A8 —$ARALINEFH )27 3] %, learning_rate 561 E [
WIth2 21 %, decay rate NFEWRRE, decay steps HTEWEE . K 4-13 TR TR L
BN, 27 2] FB PPRE AL 2 - tf train.exponential_decay BRI # AT DUIE i # T 2% staircase
EFEAE K ZER 3. staircase FIBRIAME A False, IXH27 ) FBHE AR HCR L EH an
4-13 R LT AR ™Y staircase FIE B A True If, global step / decay_steps 2%
s s XAEEA IR — AR 3L (staircase function). [ 4-13 HHBEA AL R
THERRIE SR, EXFERRE T, decay steps il H{CHE T 52 ¥ B8 H — I 255038 P
TEMIRAR . XMERREBEIE SIS ABER U — batch 1 HIVIZFEAE.
X R CE R R e it e B I 2R A, ST b — k. X a] DUER ISR
Bon A R T SR RN R S E R . S S R B R S B, AN
B E AR H, 172425 S 2PN, 6F 7 A I SR e A28 1] 2l SR ) 52 it el
INT o FHIEH T —BACH ks G T 7F TensorFlow ##i ] tf.train.exponential _decay Bf%{.

[ oaz .
0.1
| — R RERETE —ESEBEETIE
|  oos
|
|
!Fi‘om
| Bk
‘ 004
1
0.02
0
1 51 101 151 201 251 301 351 401 451 501 551 601 651 701 751 801 851 901 951
i EAR S

P 4-13  SRECERCE ) FRATE AR E 2L
CPE A Y R RS 2T 2600 0.1, ZEWRFE R 0.9, TERGHEE N 50)
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TensorFlow: SC&% Google ‘REZSIHELR

global step = tf.Variable (0)

# iliif exponential decay MEEREIH, _

learning rate = tf.train.exponential decay(
0.1, global step, 100, 0.96, staircase=True)

# MRREERIAE ST, fE minimize MAPIEA global step ¥ HEIHH

# global step ¥, A =) L SR S
learning_step = tf.train.GradientDescentOptimizer (learning rate)\
.minimize(...my loss..., global step=global step)
X BARES B RE T HISRSE I N 0.1, BAIRE T staircase=True, JTLAREVIZK 100
5 SRR 0.96. —BORBIHIAF IR, SRR BRI AL RIBE LR WA .
i L4532 BR B MR B P RS ARGS oK 2 U5 AR AR /N B AR R . AL BEIFANE
I T ) LA A58 2 o 50 e 3 E Sf EUABEAS (Rl A 2 P 4% RO ECR o

4.4.2 RERIA RS

LT 4.2 4.3 WA T 2E VSRR LAk — A4 R BB R AR T AE TR Y
R FH o AR () AR AR R B ISR B (A7, T A S e DI R HH R AR R R
RIS T BIRAE VRS LRIIFA — e R T e R MESE LR, &
NG I i R T DL R B A R — MR E AR Frifdils, R
Y AR IR SR, BT UMREFH “A0AZ” A AN UIZREE b B A T
TS “% T YIGEE P B RER. B AR ET, R MR SR
P I 2B i B BOE %, A REYIGREE AR oE, XAV 58 4 mT LA fE BT A VIl 4R 3K
8 1 45 SN T A B3 5 BB B0k 0. FT A AR R — /M5 n AR o AN 4L
M RPN, AN R4 R T DB L B ok R R . AR, R I 2R
45 o (5 B AL 5 B AR T LAZR B AR AN MO R R B, ELR R TR G e mT R IC Il AT A
0 7

Bl 4-14 SR TRAIYIZRE =MOR RSB, 3 FEoL R, TR T 5, TEiR
22 e . B AR R LA RN, BRI TR NSRBI P R, S HE
% LU A B i 220 ) S S A A . SR =AM R R T, BUREE MR ST S R Oy
TAFTEARE A, AERX R K 23 3 A BEAR B X AR S AW, DRy e i el &
VIR S b e T 23 T o e i . LB iR G HE “0O0” ERATREM “X”
JE& T2, MARREE RIS “0” B TR—X.
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F4E REWEME

Bl 4-14 PRI 45 BRI SRR = Fh i 0t

X T ERERA R, —ANEEE A ERIENE (regularization). 1F L) AR
AR % R B I\ 2 AR R 53 2 R FE A4 AR . BRBCRH T 20 AR Y A I 2R 8 d AR
K ERECH J(0) » IBALERA AR B J(0) , TR J(0)+ AR(wW) - HH R(w) %I
B PR R AR Y ) SRR E, T A RRBR R e A B R TR R ] . X @ BRI —
AL NG TITEINSE, EaEL EROBGE w AR B b —BR AR 8 24 H i BUE
wHRTE . 20 AT AT AN R () B B Row) T R, — AR L1 IERE, - ARE:

ROw) = o, = 3w
Mg L2 IEMtE, THEARE:
ROw) =l = 3 |wi’|

Toie A —RIE M 3K, BEAHY JE AR A5 Sl i PR BB 1 K, AEFBIRARE
ERERL A VISR EFE T MBENLEE T . EIXPFNE MM B E R Al &5, L1 1EW
WEIESEERERB, L2 EUAL. FESHERERBEEIRSAEZHISEEN
0, IXFEATLLAFIRUFIEEEIThAE. ZATEL L2 IEWUA ik S B A RE i J5 & 24
SHUR/ME, i 0.001, XANSEF T EEA LT LR T, TREBEASUH KX
ANSEAEY 0. Hik, L1 ENMERHHSEARAR S, W L2 ENHLA KA. FZER
AL T B AR R BR B e T, BT AR & L2 IE WAL % s B AL B 58 I faj i - Tdb
L1 IERHU R R M 2%, m R A RER. Lk, Warbl# L
IE AR L2 1F W4k [ i A -

Rw) =Y a|wi|+1-a)w!
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ow: SLiE Google REFIMER

42 NS TensorFlow o] EMEALAERIE R M HIR K EL, LA TensorFlow H AR AT
DU AL IE ML BB R . LA AUBA T — M SR L2 ERMLISTRREDE X

75 I RIREED, loss i XA KRS, ©HBANELAR. B—NBa 2 42.1 D
Feh A AR AR ER RS, TR T BRI EOE BRI, B AN I
1k, S AR BERLRL U SR o RO BE NI Y . lambda SR T IERLIUIBE,
HEARI@)+ARW) PHIA . w AFEWHIENAIR KBS E . TensorFlow 4T
tf.contrib.layers.12_regularizer B #(, TAT LURE— A BREL, XA KBTI M E S
) L2 TEMALIRR{E . 254064, tf.contrib.layers.11_regularizer AJ LLTH5E L1 IEMALIRAI(E. LA
TARIEE TR XBEA R RIS

PE T B B R 2, R 1 A7 R P AR I - IE AL RO B R R 3 T o fH 2 o
G B RN L2 5, RT3 56 A A BB R R loss 15E SR, ATiEbEE H
A5 A, HEEENE, MR I 5 S 4 45 A R B4 2 o
LS TTREATER — AR ECR, XREE A RIXR T A SRR EORA S E 7. b T X
AN, AT {# ) TensorFlow HREEAISEA (collection). HEAHIMESTE 3.1 Tirh A4t
AT LAFE—A BB (tfGraph) RGE A5k (Hmski). CUFARRMSH Tl sks
WA 5 B M L2 [ENALRI R R BT .

@ TensorFlow 24§ L2 i IEMALBRABR LA 2 678Kk S BI04 REMF R .
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TG AR T LA 300 3o P S A F) 7 9 D 5 4 ) EL B S A A A 0 T T LAAEARAS
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TensorFlow: S Google RESFIELR

BT B B . TR AOARRE A AR — A AT 5 R R4, AR IS A Mt 4k,
A58 FESSORE 7 ke TS0 % R 0K KRR SR AR A A mT s o

4.4.3 W

X AN T AT DAL E WA B E A (robust) HYT7E—— 3]
SERIBEA ., 7SR PR BERURE B T BESLiL VI S M gg i, IR P BIRIAE R £ I ] P AL
AJ LALE— 5 P 3 o e S R A MR B,

{£ TensorFlow F1$2{it T tf.train.ExponentialMovingAverage X SLBIF B PRI, 7E4)
#1k ExponentialMovingAverage i, i EH4t— SR (decay). XA TEIRFAG T THH
M7 5 BT (138 B . ExponentialMovingAverage A4 RAHEY—NE TR (shadow
variable), X/ T2 RAVIHES EHNERNVIGEE, MEREITERERN, 2T
TRMESERA:

shadow _ variable = decay x shadow _ variable + (1 — decay) x variable

Hr shadow _variable A 5% 745 &, variable A F5F HHi 4R, decay NTEWHE. MAK
AT LB S, decay Yo TRV H B AR AE, decay MUK TRE . ESCIRR A,
decay — AW RAER BRI 1 (9% (Ll 0.999 5% 0.9999). b T A A BRI ZE ISR T LA
HEr{3 # 4k, ExponentialMovingAverage 4 {lt T num_updates ZEUCR A B E decay HI K
/I 1 4E ExponentialMovingAverage HJAR LI #0E T num_updates 2230, A4 SR

TEIR ARG A«
’ 1+ num _ updates
nnn{ "0 +num_@dat!_es}

FifnE - B IG skef# B¢ ExponentialMovingAverage & #1 ] 3 £ F 1




4RSS 1 T ExponentialMovingAverage M SFEG, 738 5 FErfukeah Hi7EBLSK
IS P H i FH 3 30 T 3 O RE 4R

INGE

ATV YEAR T 5 P28 I 26 o S ) R AR P & A BR T BOE 40 WA TR
WHZ PSR P BRI AR M S R S R . X TS TR
A R E MR AT . R 5T X PR IE 2 3] 5 SO B AN VAN U, 3
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TensorFlow: SC&k Google ‘RESFIHEL

H T AER SN 2 R SRR E 2R R B . X BRI TR T
PERETR AN 5 2 B 1 R PR A o

RIG 4.2 WNE T IR PR RS . MR AU mE, T4 o R O )
TG TERAAR BAR. X— YR T 22 i) BURE] A ) 8 rb Ee e A48 % e 8
[l B A48 T e 38 S B 3 S B ) B SR KB R BR B Xl — A SERR R
PHAR T R [958 2% bR B P 28 P 288 S B R AL 45 R0 52 .

B 4.3 WA TR I 4% i B E B BE R PR B R I AE RESLIE . EIX—
o, EEYHE TR PSRN EASH BB, JRG W TR IR —
AN B BR B JOo)y=x BIREBI o 3B IX AN T, B AT LA PR I 28 I AR I R — AN KR
EME T . X4 T BEYEEE FREREA batch RIBENLBEEE TR, JRati T
{# FH TensorFlow TEAL#IEZR W25 ¥ v SLHESE .

G 4.4 PNHET =AMeMEtd bl e SBE RS, HNA TR
BT B 441 MEAATES R T AR ES IR, EXFTE,
BE RT LU N SR 3 A I 2R BT, [ B 7E 1 50 i 30 AN 2t B 45 4 o A A0 /010 0 R A A
RIS . SRIG 4.4.2 NN A T 8L E WA v BERL G ). 4450 5% R DU T
fENZREE LRI FREERT, MR TR 2 “igi2” TIrERIgEdE, Mk
VAR S b AR S0 A e H . E NGRS EBUR R B AT SR SRR R, B
LA A0kt S i 0B ) . B 4.4.3 /NI T RIS SRR Lk 5 19 B AR B AR AR K
g L5 gtk .

X —FE PR T AN R RN TR B B R () R PR 2 B 25 O 1t
PR PRI S MG LA 2 g ik — AP AN T s T bR e
Mt FE b AT AEIB B BB, £ WM 5 b, KA BAR ] SUR K UE AR
PR B A2 AL i, [l 4 45 B i TensorFlow SEHEfHZR P £ (1) J5 52 BR AL
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5/ MNIST By isl ) i

54 FENET U GrPh L 0 4 AR I 7 B 1 ) o B ) L R AR ek 2 ) R 1) P
o X—BREN A0 R BORIBAE S 4 TR ARG E . AT 0 B 4 2
MNIST FE A7 RMEHEE. ERZEEFIEEF, IDMBIREBLSE IEE &
Bl FERUEMEZE MERRA T RIS, A5 44948 ] TensorFlow Il 25145 9 2% it 5 4

HETE 5.1 WA 44 MNIST F 5 4507 R B8R4, 3F 45 1 TensorFlow Fi /¥ A4b 7
MNIST (48”485 5.2 FHent H s 4 52 rh 32 3 28 I 2 S5 0 S H RIS SRR IR R 77 12,
T B 7 e R P SR UEAS R AL T v SR I M REAR T . 66 7E 5.3 A1 5.4 BT ehofedig i 5.2 4%
th TensorFlow F2 /7L HLAIEE FIZ8 A L2 4, FF A48 TensorFlow [R5 4 5 2 SR il v i 46 A
Bo HH, 5.3 F9¥A 48 TensorFlow 2% 5 & 1 [ A AR B dr 4 25 18] s 5.4 Y0¥ 43t
B — DML MEBRRFFA, FRZETUEBMHIIGTOEE. B5HE 5.5 g
& 5.3 M5 45 A AE) TensorFlow iR SL#R , i — /M55 #11Y TensorFlow F2/7f# vk MNIST
1588

5.1 MNIST a2

MNIST 2P LT SR FHHIEIEE, EREHET, XAMHEEHRLSH
FAYEIREE 2 ST T IREG . A o K BOIHRIX AN B SR L A5, I /4 TensorFlow
X MNIST $04i8 H 50 35 . TensorFlow f{3s 3511 {d Al MINIST #5442 4545 43 5 fin 77 {# . MNIST
AR NIST BN — T4, EEET 60000 5K & F1E A VI 25048, 10000 3k & H1E

@ TensorFlow 24t T E35 471 MNIST HiB ML BEA, 7053 B B0 A AN T funfay &b 74 44 $i i
KAEE 7 PR,



TensorFlow: 3L Google REZFIELR

J PR . 7E MNIST ¥ s (8 — K 3K T 09 Pi— T B R/
%y 28x28, HEF & HBER A IEF . B 5-1 BoR T —KETF B R e R RRER
%ﬁ&f‘a

e ¢ o o 0o o 0 0 o o 0 0 0 O
al % 0.8 G-30ra% v O 0. o 0 0 o O
¢ o o o o o @ W o 6 o 0o ©_ 0
o o o o o o [ W o 6 0o © o o0
¢ o o o o o [ W o o© o o o o
o o o o o o B W B o o o o o
_— o o o o o o o W MW o o o o o
a o o o o o o | B o o o o o
o o o o o o o | B o o o o o
oo e e e W T e Tt et e g Te T
o, o o o 4.0 J W W o o o0 o
o o o o o o o @ W o o o o o
o~ e 0 e Ve e e T R e el e o8 0l re
ol By 8 40 o8 By Byl e B 0 B 8

Bl 51 Bl RIS R

7618 5-1 MR T —3R807 1 B, M4 DR T34 B Bias A R A R
7 Yann LeCun #(#Z 1) M3k (http:/yann.lecun.com/exdb/mnist) Xt MNIST i EMH T 1
MEIN 9. MNIST SR T 4 N T, & 5-1 BT FEICAPREKAE.

F 51 MNIST HET AN E

e il P
http://yann.lecun.com/exdb/mnist/train-images-idx3-ubyte.gz PlES ittty
http://yann.lecun.com/exdb/mnist/train-labels-idx 1 -ubyte.gz pllER e S
http://yann.lecun.com/exdb/mnist/t1 Ok-images-idx3-ubyte.gz W A i
http://yann.lecun.com/exdb/mnist/t1 0k-labels-idx 1 -ubyte.gz TR B E

BRI B R IR T VMR ETE, (A TRIEBRBIGRRR, —KREN
PR BHE b4 — 34 B A BE (validation) ##E. 78 5.2.2 /N1 os 58 nvE4 b £
HEAFEIRAER . b T A E{E ], TensorFlow R4t T —/M Ik 4b# MNIST ¥ii . XA~
£ [ Rk MNIST B8 (086 38, K S MR A 1 50008 6, v A b 1 DI ZR R i o 22
it k. PSS H T A RXA R B PR BIRR Y

@ MNIST & B8 H G S B/ b 2828, (H4 T HisiEE R, B 5-1 A B0k 14X 14 5
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M EBHAT AT LA, 3 input_dataread data_sets (A MK 2 1 3%
MNIST 38417 % train. validation Al test = AMMUEHE, I train 3 MIEA 7 55000
KB, validation #4 H 5000 SR, XHAEALIR T MNIST A B SR U 25 504
e tost AT 10000 FKEEF, IXEEHE F 50K (T MNIST 424 (8 i b
KB AR AN 784 H—B 30, XABALP I EER T P B v g
T (28x28=784). DN MU — MEME R, FTEEIAE K PR
AR IO — A A1 1T LAy 56 TemsorFlow 44 8 F 1 18 22 M5 ME-L i i 2 4 1
WA BFEAETRAGIMETEN[0, 1], SARE T HRENRE. Hrh 0 Fom @i e
Cbackground ), 1 75 % € i 5 (foreground ). T 75 f 4 I BE 4L K6 i F 1%,

input_data.read_data_sets BRI/ MUK HR4 T mnist train.next_batch #%t, & LM FTA

"4 batcho BUFARHS 8% T W0 XA T .

(R B — A




TensorFlow: 3L Google REZIELR

5.2 HEMEBHEIYIGRFREEERN L

AAHH ] MNIST B ESSHIERIFE 4 Beh A0 BB vk R ULAL 7
Y. 5, 75 5.2.1 AN AN SE#EY TensorFlow FEFFKAR R MNIST i il. X 4-7%
FEREA T 45 4 Trh AR BT R A 5, VIZRIEF P 28 I 4 AR/ MINIST UK 4 - v]
DLk #] 98 4% 445 M IEHIR . ARG 5.2.2 AN ZRAIE B SEAE I Zhphae M2k 72 rh O AF:
FH o X — /N 5.2.1 AN 4 B ) S O SRR B, e N 4E AR  E R AR BRI
AT LLIEARLH VR S ST AS 7 4 25 0 % MR Fro kv B T i AR BU AR - BJ5 5.2.3 /M TikE
it MNIST $UESIATE S 4 b MM — M. /e MNIST i 4 LSk
WTLLE B, IXEHR 7 88T LAER 25 8R4 Hh i o 2 I 2% 1 3 FRIE T %

5.2.1 TensorFlow Il Z5Hh&e 2%

3K — /N A 528K TensorFlow FRFF MY MNIST F5 7 YUl . 1X
— NS R SII T 8 4 A A M g R RIS I BT ik . A
e BRI Z B, SeEB— F 8 4 3 PRB0 R EME. MM L, wE
2 5] 5 T A A O R S T 2 MR g kA, ST A
A RGBS N SR, DR IR, UGS MER, 54 BAAT
R AR RO (0 2 ) R L T IE SR S LA, LA A I B PR R A
75 S5 2 7R O fin ot HW‘{tﬁ'%é’%%‘ T — £ MNIST ﬁﬂﬁﬁé FSEBLIX L Th BB I SE 3 Y
TensorFlow 23 .

import tensorflow as tf
from tensorflow-.éxamgles.t-ﬁt‘_‘_or_ials-.-mist import -input_data

# MNIST S AR &

INPUT NODE = 784 BRI A M T MNTST SRR, XS T R R .

OUTPUT NODE = 10 £ AR A NS TAAINEH . BOGZE MnTST Bl
# TERX SR 0~9 3 10 MECF, T LUK T Hith 2 107 40800 10,

4 ARSI B R

LAYER1 NODE = 500 § B R R A R AR A R A D R
#IXANBERUES 500 YA

BATCH SIZE = 100 # A% batch PRGNSR B BB/, YIZRERET
# BOHLRREE Rl BOPRAR, IIZRRETRE F I,

LEARNING RATE BASE = 0.8 ¥ HERhNES)%,

LEARNING RATE DECAY = 0.99 #ESTRIEME.
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Tensorflow: SC&% Google FREE HER

SEAT EH R, KB oU T T 4 45 SR

@ B e 4 BT P it B pOBALER 2, e R E B FEIZ R
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E5F MNIST H=2iRBE8

After28000tralnlngstep(s),valldatxanaCcuﬁaGYESLRQaveraqemsdel150 985
After29000tralnlngstep{s) valld&tx@nagnuracyusingaveragemodel130 985
After 299089 training step(s), validation accuracy using average model is 0.985
After30000trainlngatep(s) test accuracy on average model is 0.984

M LIRS R TR B, (EVISAIN, BEAFVIGRIOEEAT, BEALZER0E ML | i
HOKHAT . I 4000 $ETF0R, BERILEBOUFHORAE b INRILIFAAIEED, X BRI O 2 eif
MY, RS ET AR T o FIEIAG 5.2.2 AN95 R0 A G0 E KR AE (0 VE F

5.2.2 {5 JH 350 B £ 8] o 4 0 s o

7E 5.2.1 7 w-u:H TAEF LR 2% fif i MNIST [l B 5E 8RR, 1R ARSI TG %
B TR R, o RBER . RET AR, SRR 7 BARNS . B4
fﬂlﬁﬁﬁﬁﬁﬁﬁi%ﬂl{ﬁlﬂ" (EREGOL T, C B 0 0 2% 143 25 S 040 2 5 203 ok Se
RUFHER) o HUR— PG I G R ) R B 25 SR R SR i, (B R AT AR 1
OB BB IR RS (0 RS Rk S BT e 2 B2
SR LG WRBAR, AT e 25568 R B (TR AE 70 RISy — A ol 25 6 9% R 0 g 5
28 AR RSB SRAEAINT, BTl T TR R e ORI 5
FAEGRE B R—ATT I . ST IXRE A B ARAIE 8 1 I B0 A 1 SHe 9 28 A0 7E B3
MG PR AR A B B O M SRR . T, o 7 PRI R0 I 28 B 70 R i) 5 %
EIROR, R MRS b i "%’MJ“{’F%%U&M‘S A5 FH 56 0F 250348 3k vT LADE AR R
SHOE PR RIL. B T RAF SRS, B0 LSRR XMIAE (cross validation) [
T HORBAERAIROR .« AE I g #h 2 P 46 1| Rt 18] A 5 3k LL 86 K, KA cross validation 274
SR ] BrCATERE BRI 0L T, — A4 S 2 MR D B0 F 08 4 1) T o e o e
HIRR
EA/NTIR, 9 T SISO UE S E e FRRE b AT LAY A BRSSP, TR
XA FEACR RS 5L T, BERIAE A BB FIABOE M EfR. T R85 [
AR B UE B RO G IE R, 7T LLZESE 1000 56 (% H b in 76 3 e 4
LRESR. ££ 5.2.1 DGR P I L FAREE, #al L E4F 1000 215405, F
F T 18 307 1 R R 50 E 28 AR B8 i iE g .
# ST U AR SR R0 T LA .
validate acc = sess.run(accuracy, feed | dict=validate feed)
test aecc = sess.run(accuracy, feed | dict=test feed)
# %{ﬂiﬁﬁ%%ﬁﬁo
print ("After %d training step(s), wvalidation accuracy using average "
"model is %g, test accuracyfﬁﬁing average model is %g" %
(i, validate acc, test _acc))
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TensorFlow: SEi% Google ‘REZFIHELR

B 5.2 44 1 T TR AC RS ARE A0 AR 1000 $6HY 2 TS5 BLRLZE AR R 20 4L 19 TEAA 2 i
s, B 52 ke IR R R B, B UE G BRI TIRE
i e T e MO EiEMR. W 52 R UFE S, BARXFAHESREEE
2o, R 4 2k R AR A —RE, TR EARATIIAH S R 2L (correlation coefficient) KT
0.9999. X EEBKE 7 MNIST [l [, 554 Al LUE RS RI7E U0 UF e L iR i — L
RIS -

0.984
0.982
0.98

0.978

‘ ]! — WTFHAR b ERF
0.976 1

' I —— JARE e b IR
0.974

| S CPIIIEIIIIES
: .  EEAUEREL =
PE 52 AN ACHS BT YR S T R A 06 B SR AR R R B

sagk DL g5 RRARN MNIST XAMSHRAA, * T AR, & M2 A4 R BRIy

Bt S R S B AN A —RE 0 SR B 4 A A R AR M AR R H R A, A

OB/ AN BRI R I TR —RE. FTLL, SOUERCHR AR R AR Y,

R 343 O 0 I SR 43 A R P SRR A, R B R R L ) R T LA

BRI ZE IR SOR IR HL. B AN TR BEIER, BT RYE L MR
UEHCE AR AR BB — N TAT T 5

5.2.3 AWl R

AN 438 5 MNIST S04 425K Lede 55 4 3 vh 4R B0 (0 AR (R A 2ot e I ¢ UL L
() IR A /N5 8 PR A 28 P 44 AU 7E MINIST AR SR 4 B IER A b PP AN LB
FERIRRAE . FEA/NY TR —MEURAE MNIST SR B S L IEM K AN “ R
E58 4 TR E) T W LI G 5 M RAL k. ZEME M GRR BT L, HERAH
T RN L R AR . e NG, AT DU R SR BORIRI 2 3 I IE ALY
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E5F MNIST #H=21R5a):%

BRR B KB IR, 761 5-3 th, B THEMRAMEMESETY, EHARRL
Jiik, 23 30000 I ZIERUE, BEMBRABERNERE. B 53 AHNg ﬁirP@r% i |
1 B Ak D7 i1 2545 20 RO RLRIAS F o S —TRUAR AL 7 v VI 2548 A RS . 3 5o i e
Ji3s AT LA RO R — TR T R

[ 059
Ja8s1 0.9831

098
|
‘ 087
‘ 03956
v
1ot Dss
054
053
D 9265 0.5257
: -
. 032
|

o E?_t:!fﬁﬁ fife & lﬁ*ﬁ?’i} H*J ERiina kA »FI“!%‘!(ﬁﬁ‘?«J* £ F]Eéif'  RRSE R

IE Rl

[# 5-3 AR IE R

M 5-3 ra] DAY AF S M7, R e 5 o0 9% 1) 45 M R B R T A A B R R i
B Bl 2 8 AT WO R, MR IER R R KL 92.6%, XA E LT/ T1E
%r%ﬁgﬂ&&@ﬁﬁwuLﬂMX%9&%%Iﬁ$ ﬁ%%# M%m Mﬁﬁ
BRSO AR . 5 6
P2, HRHS M%ﬂuﬁmﬁﬁﬂ&ﬁﬁﬁmﬂ ﬁﬁ&ﬁ#ﬁﬂ%,wuﬁwﬁﬁﬁ
R R KL 99.5%.

ME 5-3 ERBCE R R B S AR AL . FRECE IR A2 3T S 1E 4k ok
FESRAER T EA A B . S0 T B O 4k 550322 B B R0 R0 AS 66 1 i 31 14 F) A
B DA B AN R B B0 0 1) 2 21 AR LR AT LLUA I KL 98. 4% IEAA . IX K i 5h
P BRI FNFR BURE IR 1) 5 ) AT — PR P 0 PR e 22 X 4% v 2 B B S 1, R TT 7
MNIST ## L, POABERMC SR s FEAR R, BT DUX PRI A S R BRI B B AN .
P 5-2 Pl LLES], YBEAECE] 4000 R0 IEM R C LSBT BN IEME T . Mm%

/\

© FEARNAT, AR R R S50 5.2.0 DA RIS R 28— 8. ME—Rms R AME
FH s R BRI BB A T 2% 21 % 20 0.05.
@ WMl ol REAFTEREALEE 22, AT o3t i BT 45 RAE: 10 IGEAT I P94,

103



TensorFlow: SC&% Google REZIHEZR

(L, R A FE 0 0 PR R T P R I 2 > St VIR SR B AR B 1 5-4
B T REACE T, A T A DA R AR B T R P R Bl IR AR AL
P, B 5-5 BoR T ARFEBAEEN, ERR SRR IE I S RRLES

| 0.99 .

! 0.98
0.97
0.96

095
1 0.94

0.83

0.

S SES S STSS TS

/
/ -

[

ﬂwﬂMwqVHrwvm=Mﬂﬁ~“*~““*““”“”““ﬁ”amm1
~ 0.00081
0.00071
0.00061
0.00051
0.00041

—c T 0.00031

R CEROEV

T
= 0.00011

0.00001

RS

B 54 AU T AR L R I B3 15 P 1 448 R R RE/E AR RS AR B R A i

0.99
0.98
0.97
0.96
0.95
0.54
0.93
0.92

IR

&mi
09 !

ety

— EM% 2;
Mijsi 0.4

Qéyﬁ?§9@9§§$§&§$@$ﬁé§@§$§$§$§

EEE

|

B 5-5  fHF T HTE AT AR ) IE #5525 R AR R AR B R A g

M 5-4 A LLFE ], #T 4000 SEREA RIS R BRI . £ 4000 825, KA
BB A B DN, TS KIS MR RS T . T RN PR R sk R B

(@ FHaH R R A B RO R AR A%
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FE5F MNIST HSRiRBlEIEE

HRMEMBRBEAMARE T . NE 5-5 PafLUEH], %53 ihk LI B ERR R,
TERT 4000 $ERY, TEML G B S RABATHF I HBEZFHHA K. Ba, XK REH XL
AT A A KR ? B RETER . L BEmREARN, ERASRX A RTINS, X
¥ 20 1S AR R R RO IR () 2 51 3 ] DURHE SR E/E A . BEnE Cifar-10 PR 72503
KL, RSB ] DOR IR R BRI 1%, 0 AE AR BOREsia o7 20 Fu] LUK R R 3
FEAE 7%.

I EGHT B P 3 BRI TR B S0, (8 AN T I F) 48 2R R B R R R A R 11
PRI EAMD B AT IE AL O R B A 4 o AT ] DU KT 6% IRE (W
1.69%#(% 3 1.59%) K 5-6 Al 5-7 Won T IEML BRI et R 5. B 5-6 A
B 5-7 X T AR T AS RIS K B B AR G AR AT . — R L g M A SR K
CLF ARG T R A6 A SRR ) B 2R 4 R B 1 P A )

train_step = tf. train.GradientDescentOptimizer (learning rate)\

.minimize (cross entropy mean, global step=global step)

7 AR R A SR AN L2 IENABUR IR LR ACR 2 T IX MR R 3
.

loss = cross_entropy mean + regularaztion

train step = tf.train. Gradien‘t}}eaeentogtimi'ze_r (learning rate)\

-minimize (loss, global step=global step)

fER 5-6 HOREBAB AR H T/ MEAIEF R BMRES, BAS I TES

I 25 batch |- H9AZ SURGHE 5K -

1,6384
0.4096
01024 L,
\ =
8 L 0.0256 §
? | f\‘:"* g \';\t T YN N i P
B | o b = ' L L7 A W T IR | i o .
0.976 L Aty T ‘l'/-“"’ ‘—_,r‘.,h‘“ Ty Ny ";‘ Ve an =N n M 0006t g
0.974 Y el ‘ 0.0016
o972 | w AR A af . 0.0004
i
oar | 0.0001
0 2000 4000 6000 8000 10000 12000 14000 15000 18000 20000 22000 24000 26000 28000
R R ) TE T AL BB AR ERE - - - - AT ERR R ~ - -~ mt.mmmmm»:zw?

Bl 5-6  AFEBBITEAFIE AR BN 2 A FEM AR
ME 5-6 PELLEH, R RERBREREIIZEE LA Uik OREEL)

105



TensorFlow: 3L&% Google REZFIHEZLR

FH AL SRR OB S /N (R . RMERRAEHE L, AL BB IR (RS
%) HIBEHF T RARAAE U AR ORESEE0) o IXAN R IFI B S 4 TR A &
AR R OB AT LA SE 7 Ml A VI ZRBE (A8 SURHRAR /D), (ELR HIAS REAR A7 375 4
S F Y E I IR R M R A K R B, BT DA SR B A IE A AT

B 5-7 SR TR FBR B R R B AR % B 5-7 BZEM B T SRS A Y
R 4 R B AR A . T LA BB IR AEEAT,  IEMAS R RAEA BN . B
MNIST jil SAIXT EA (R 8, AR BIOBREAR N (S5 18 5-4), BT LAIE LS R 3 1t
At R EEEME A, EAUFHOBEER, MRIEBR GOURESAN LN
i) SRBH—A U FE. 68 5-7 AW, 878 T RASHUR MBS K R 22
TR, B 5-7 sPATUAG H, IXAMSIRLH WA 53 4t nT LABEAE A5 AR A REA T K
AN, TG AR R BRI — AN P

] 148 1 U A R

‘ R E R
15 ‘ 1.28
0.32 0.32

| 008 0.08

—— Emfkiask — 84k — IEMMEH %

902 0.02

Bl 5-7 IENMESR R ERSHR RS

AR, it MNIST £ 47 SO 5 UE 7 #0E R . Btz ] USSR M ROR 17K
JfA) KK, H1 T MNIST ] A S ARR R 88, M sl P RBY . SR E5Cstvm i > S A IE A6 43
KA ATEHFRORABREANE . Hld P oI iss R, o DG XLt 7y
A ST AT AR GRS 4 FE PR BIM PR MU AR P A B, T B R 4 ) U (] 2
A8 I 20 BT B I A A, SR A T VE K SE A AT RE X VIR A K R

5.3

Kt

SEHE

A 5.2.1 /NS Ok US4 I 25 1 16 A 3 5 SR R R SO 11 R B Al IR 2
FE VN ZRAR A F2E o w AZE— A Rl — A R BCR AR R A A [ A RR 45 R . 4E 5.2.1 A
W, XA BREEE XN

def inference (input tensor, avg class, weightsl, biasesl, weights2, biases2):
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M PR ES, XA RSP AETMEMEPIIESH. K, s
WL EME R, SHELZH, REE—AEFHT Xk RNE MM S
T . TensorFlow $ft T il it A8 it 4 Frok gl 5l SR — AN R PLH] . JE DX AHLE],
TEAS 8] f o B eb AT DA B AR R A 4 SR A AR AR IR, TN SR A R Y S RO U
b 4% 3% . TensorFlow ol it 4% it 4 FR 38 BUAE & (1K Bl 3= 222 @ 3L tf.get_variable FI
tf.variable scope B BUSEHLAN . T I 23 B i 48 L e A FH X S A BR KK

o5 4 FEArEH T L tf Variable B ECK A1 —/NE R, BR T tf.Variable B3, TensorFlow
HIREL T tf.get variable BECKBIE sk # KEAE & . 4 tf.get_variable ] T @I B, &R
tf, Variable [Ih RSB IEASM M. LU TS H Tl X B4 R 5 eI 2 Rl — A2 R R .

# FHEXHAE SUREM.

v = tf.get variable("v", shape=[1],

initializer=tf.constant initializer(1.0))

v = tf.Variable (tf.constant (1.0, shape={1]), name="v")

M _ETf R E BUFE Y, 8IS tf Variable Fl tf.get variable R &0 # A it iy i FRIEAC
£ . tf.get_variable 86518 FH IR AL ()4 BE (shape) 5 B\ LA X #I#AL 7 i (initializer)
({12 H0RI tf Variable 5500 FH IR AL AR AL RE P I S B 2Bl TensorFlow (1
initializer BREUR! 3.4.3 N5 P /43 O BEHL S LR 5 B AL R R BB 40— X AT B,
1E |- T8 [ K 490 72 5 o 4l FH 3 19 % 00 45 4k B B tf.constant_initializer 1 % A A bR %X
tf.constant ZHHE it st —B. TensorFlow 24t T 7 FIARRI MRS, R 52 B& 2
I Thie M EESH.

% 5-2 TensorFlow FREYEE & WAL EE

Bk e AL g FE2H
tf.constant_initializer o RYG b a L
tf.random_normal_initializer ARG A i 1A A i AL 1R AR W EE R b e 2=
tf.truncated_normal_initializer BRI GAL h E A AT BN, (B RBEHL | EA S I A bRt 2
HRmE B i 2 ez, Ao
Zx i TR

tf.random_uniform_initializer W BT R T 3 A Y B L ek, fleMy

tf.uniform unit_scaling_initializer AR Bk i SR PR S A R R S ORI | Factor( AR BELAGHT 3 LAY
BaHLAT =)

tf.zeros_initializer AR 40 AR

tf.ones initializer HEREEAS1 AR AEIE

tf.get variable Bi%(L5 tf Variable B&¥ii KX HIETIREERLRNSE . X T
f Variable Hi %, BEAHRE—ATEKSH, Bid name="v'IEAL . HEXNT
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tf.get variable B4, ZEAME LM SE. tf.get variable 2R IX A4 7 2 0 @ Y
FHIREA R, £ LGRS, thget variable 1 L&A LGOI — N T A v NS
R GIERM (K EEHRLNSED, BMAXANFEFHSRE. XN T AT RIRKN
b 5 P O AR . LR InAE SE X MK S HT, 02 M IRE 20 weights T,
I AAERNE R R MRS, WRSEAVIPRY weights, Fiafl R REH MR, &
MPHEREHEMBIEH - ANESHI - SEEEURABE R, HRTFEEL
tf.get_variable FKEL—AN D& QI A EE, T 2@ thvariable_scope B —A LT X
IR, IR EEIXA LR U AR, tfget variable B HEEFKR OSE KN R,
N4 H T BARES U BH ] 3@ 1 tf.variable scope BRAEUKIE I tf.get variable pREFRE
Zadid A E.

# fERBTH foo MM P BIES Fh v A,

with tf.variable scope("foo"):

v = tf.get variable(
"v", [1], initializer=tf.constant_ initializex (1.0))

# BN AR foo HOBAFELT N v A, FTA R CHR St
# Variable foo/v already exists, disallowed. Did you mean to set reuse=True
# in VarScope?
with tf.variable scope ("foo") :
v = tf.get variable("v", [1])

¥ @&ﬁit?i%ﬁﬁﬂ‘}‘- ¥ZH reuse BHEN True, XFE tf.get_variable B¥ui BRI
# AR,
with tf.variable scope("foo", reuse=True):

vl = tf.get wariablie (v, 1)

PEARE W=l ¥ Hdh True, RF v, vi REMEMEN TensorFlow .

# 2% reuse BHN True if, tf.variable scope ¥ HAEKM AL IHRR. KHBTE

# A AN bar PIERATOIRE A v, BTLLFEAREDH 246

# Variable bar/v does not exist, disallowed. Did you mean to set reuse=None

# in VarScope?

with tf.variable scope("bar", reuse=True):

v = tEiget variable("s': 1)

LTI A9 ] b 6 B Tl I tf.variable scope BRI L] tf.get variable R
Y. 4 tf.variable scope PR EUY 1 S % reuse=True Al I F S BEASHS, XA L P s #E4%
W T (1) tf.get_variable PR32 ELERI & B e i i, W AR BLAS 46, I f. get_variable
PRECK AT M, W tf.variable scope BR#f# H 2 3L reuse=None 54 # reuse=False &
LR CE SR, tfget variable BERMGIAFH LR, WRARLZMNERCELFE, W
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tf.get variable A B4R 4% . TensorFlow H tf.variable scope BRI T LIREE( . FiH MIFEF
BB T 24 tf.variable scope BREUIKEENT, reuse ZHAYHLAE & d o] i 1 1) o

tf.variable_scope PR I F AT B 28 th & 618 — > TensorFlow H1 ¥ fir %4 4% [H], &
42 A N A A R AR S LIXAMr & E M4 R%. FTLL, tfvariable scope B
ke T W LAFEH tf.get variable $UATHITIREZ 4b, XA BB IR AL T —/NEF AR B iy 42 47 ]
f. ARG E R T Al i thvariable_scope S BEAS R 4 7K.
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i3 tf.variable_scope Fl tf.get variable Ei%t, LA FAUHIRS 5.2.1 ANHehsg SCHTHSLET )
ARG R R B T — et .

A _EEDX BRI, AR ERITA R DS E LR R A R R R
Y. HPRRMELE MR, SHELN, AR IXAAR R 7 KRR 2T
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AT BERE o

5.4 TensorFlow {#EEFA

£ 5.2.1 YR g T REBIARISFE VISR S R R A ELBRIR Y T I B R VI 4579 2 AR
RURAE FRAE FREEAE A . B T iVIZRG R AT DL, TS0 VI 278 2 A 2 b 4 45
RIFEA M. 5.4.1 NN GHEIT TensorFlow FRIFRIFFAM — AN UNGREF IR, I AFFALL
2 JE HBERL SO R JE B AR AF AR AL . SRS 5.4.2 /NI TensorFlow FFAALH T )5
BEARE AL Z 5 SO e o

5.4.1 R AMLARRSSCH

TensorFlow 324t T —/ B4 i B 10 APL SRARAFEFIE J5— M AR, 1XAS API 3t
& tfitrain.Saver 25, LLFAUHELS H T £R4F TensorFlow i1 5 B M A .

RIS T AL — AR TensorFlow BRI ThAE. fEXBARES , i
saver.save B %0E TensorFlow A5 %1 {547 3| T /path/to/model/model.ckpt SCf4' . TensorFlow
R — M S AFAE R 48k ckpt S0 . BAR LM RR e T — Ao iR, HEERXA
YHEHFE TR =AM, X RZE S TensorFlow 26 v I i) 45+ A & b S H0E 7 TF
e

X B AL 2 A B 85— AN SO A model.ckpt.meta, ‘B {RFF T TensorFlow w5 &l i)
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LERY . 5 3 /435t TensorFlow 5 A0 JRUER, 33k HL A L fa7 5 LA A 160 28 0 45 1) 199 9% &5
¥l & A4 model.ckpt, XA IRAE T TensorFlow F&)yHf g — N B -
5 — AR checkpoint SUIF, EANHH RS T AN HR FHARRRCFSR . Xt
B R BRI 2, 5.4.2 ANTERE M UEA . DURACRE SR T MBI T RAF
TensorFlow F7 {75 .

Lﬁﬁ i i" _. :11’ > : ﬁi

X BB ARG EE A LR RAF AR R AR — R o AE BRI R op A 5T
# X T TensorFlow i3 LIFTHIZH, HAEH T —A thitrainSaver 2. BB ME—A
R, EMEBR MR TR A BT RRNGLER, RS ERNEEY DR RT
FIRLRY ek . WRAFEERE X LRES, BTl EEmECLFALNE. B
TS T — AN .

" 1 | il f% )
75 L4 AT h, SOAMRAERIINE T TensorFlow VLI 15 X044, (B
AT Bl A B A L N AN A . B, TR — AN BTN 0 TR P P 2,
(HILAEAR 22— A ISR RN W4, TS BT LAY T T L JE 420 0 2% o 10 2 50 1 B I . 31 35
R, ALK 8 — 2 2 I 2% T I 5

T ARAFEE AR 4 25 B, ZERH thitrain.Saver JSI AT LARAE— AN IR kI8 2 B
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(RAEER IR IOAS B, He 78 AR L (AR5 H i i saver = tf.train.Saver([v1]) iy & K4
tf.train.Saver 25, M4 HAZE v1 SR, WRBTEEUE MK T v KRS
B AR B ARYIIA MR AR

tensorflow.python. framework.errors.FailedPreconditionError: Attempting to

use uninitialized value v2

Bk v2 WA BN, T BA v2 YEREATRISAL L R RS (A . B T T A
AL, tftrain.Saver Ft TIFTEMRAF R A MM AEREMA. FlEigh 7R
PEAFE 10 B A T A 4% R T B A A

L T 2 44 AR L8 A MR e A B 44 AR

vl = tf.Variable(tf.constant (1.0, shape=[1]), name="other-v1")

v2 = tf.Variable(tf.constant{2.0, shape=[1]), name="other-v2")

§ MR £, train. Saver O RMEMH AN ERRASIOMR. TGS THEGE.:
# tensorflow.python.framework.errors.NotFoundError: Tensor name "other—v2"
# not found in checkpoint files /path/to/model/model.ckpt

§ fEAI— A5 (dictionary) %ﬁég&gﬂ&ﬁﬂﬂhﬁﬁﬁﬂéﬂﬁﬁﬁTe EAFHEE T

b RRATY v1 (R RRIE MR AR v1 P (BN other-v1), Bk v WER

# BT R v2 b (BRA other-v2).

saver = tf.train.Savern (LTvlM: wl, Tw2l: v2})

XA, AR v R v2 MIAFREET T8k, iR HEEE tftrain Saver FRIA
IR s BR ORI ER RAZRORERY, TR ATEF SRR ABIER. B RAF IR RN 4
BRI B A FRA—3. B T RYIXA &, TensorFlow A LLE I 74t (dictionary)
KRR CRAE IR (28 B 46 N 7 B N AR R AR BEER R KR

XRERCE S H 02— B A AR N 3 I . 7E 4.4.3 TR 4 T AR R
¥ 5 VB T LLLE R Y 44 A R B i EH Crobust). 7 TensorFlow 1, & — Mg R 2]
SERE R T AREGET R, P LA B (R P B T A S B bl A SREUX AN 142
. R R R T RN B R E &, AL VI ZRE RE
Bt 3 AR 2 A ) R R 3R s B (0 B S T« SR KK 8 T ¥ B P AR A 1
DL R AR T —AMRAEE B IR AR

import tensorflow as tf

v = tf.Variable(0, dtype=tf.float32, name="v'")
§ ERCH AR A — AR v, T R R S “v: 07
for variables in tf.all variables():

print variables.name
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BUFACARE th T S 2 B Ty 44 EL SR R RO I B P AN T TR
ALAE, SRR v E S R EEAR AR v WS P, B,
AT LA P 56 4 — RE A RIS RV S0 B F R BB AT 1 A B 1 45

T B A T Ay 4 W 5 F #9458 B, tf.train. ExponentialMovingAverage 424t T
variables_to_restore B HORA: K tf.train. Saver KT H E MR R EM4L FH. LIFRBAHT
variables_to_restore & ¥ {19 FH 451
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{# 7 tf train.Saver 2 {7 A7IZAT TensorFlow F&fFHT i B M4 E, RiA I IFATE
el A e B T, ST A T AR A % R RN S e 1k 4
AR BT, MARERUT RS, SRR SME Y GNER. 58
6 ENBITBEIN, BB T H, KRBTSR S 2> A K5
PEAERER IR WA 7 {8, T/ TensorFlow #2461 convert _variables_to_constants B, i#id
XA BR BT LUK AT o (7 i R (8 i B 05 AR A, X AE#EAS TensorFlow 157
B LA — e — AN SCF . FHEARFREE T —AEEs.

@ 55 3 EPAEKRIOL T IA:0, TR B — Mo T A S B RRE
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JEIEF AR R AT LAE B S R IEIB S R . AT ERR TR PR
RIHERS, XL T —ANEINTER T . 5 6 FEREE X5 R I SR AR R
SERER .

import tensorflow as tf
from tensorflow.python.platform import gfile

with £f.Session() as sess:
model filename = "/path/to/model/combined model.pb"
# IR SCfE, JER OB AT IR M GraphDef Protocol Buffer.
with gfile.FastGFile (model filename, 'rb') as f:
‘graph def = tf.GraphDef ()
'graph_def.ParseFromString(f.read(L)

# 4% graph_def "PHAFRIEIME S SATAIE Y. return elements=["add:0"] & H TR
# ISRE AR, EGAA MRS AR TSN B BB, TR “add”. EmEkmm s
¥ MRIE A, FiLUR add: 0.

result = tf.import graph def (graph def, return elements=["add:0"]1)
print sess.run(result)

5.4.2  Fp AL DB B A% X

54.1 DMEAHET 2HHHA saversave pREIN, TensorFlow FEF4HBhAR 3 .
TensorFlow 4 I FF AR RZIE T IX 3 AN A5 X —/N T FEQ A 91X 3 A
RPN B S HHER . RN AT A2, SERismm— R 3 Ehigid
['] TensorFlow []—45FE AR S . TensorFlow A& — Ml I Ak F R TH LM% fE R 48,
TensorFlow #2 )7 () i A b SE# S 2k A vH B L5 55, TensorFlow i it Jt &
(MetaGraph) Ric 3 vH57 B P 45 AR s B UL B4 SR 1 S i s E i o i .
TensorFlow 17 &l J& i MetaGraphDef Protocol Buffer i X f1”. MetaGraphDef ] 4 78 5
¥R T TensorFlow FF ALK B 28— fF. BAFARISE5 HH T MetaGraphDef 287 i 52 X .

message MetaGraphDef [
MetaInfoDef meta info def = 1;

GraphDef graph def = 2;
SaverDef saver def = 3;
map<string, CollectionDef> collection def = 4;

I

@D 2.1 4h 47 % Protocol Buffer & /-44.
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map<string, SignatureDef> signature def = 5;
}

MR RaT ES, clh FEERT S B FER. FHRFEREELS S 541 1
d A A INEER R AL G 5, B — N4 MetaGraphDef 287 45— AN @ PE P 4768 0015 B .
%47 MetaGraphDef {5 BRI SCHFBRA Ll.meta N ER 4, fE 541 AAHEREHIG, X
model.ckpt.meta " 77 Bl 2 oG B R . HEEEAT S.4.1 ANREBIAF R — A k]
f, LEHENRE. I T HEHR, TensorFlow #2t T export meta graph pR%L, XA pREL
HHELL json #:F Hi MetaGraphDef Protocol Buffer. UL FARFGRE 7R T dnfal fiff H XA~ ER 5L

import tensorflow as tf

# R SUCERAM .
vl = tf.vVariable (tf.constant (1.0, shape=[1]), name="wvl")
v2 tf.Variable (tf.constant (2.0, shape={l]),; name="wv2")
resultl = vl + v2

saver = tf.train.Saver() At :
# ikt export meta graph RS H TensorFlow IHEEIMITE, JRAE R dson k.
saver.export meta graph("/path/to/model.ckpt.meda.json", as text=True)
i e AR, TR 5.4.1 AN T E G L json KRS R LE
model.ckpt.meta.json X{H . F #5454 model.ckpt.meta.json LA R AKS 41 TensorFlow Jo
P A IS R
meta_info_def B1%
meta_info_def i ¥ 2 i MetaInfoDef & X ), ‘£id3% T TensorFlow 147 &l H i 764K
#2LL M TensorFlow F2J3 b B i H B I8 570915 . Fiiij& MetalnfoDef Protocol
Buffer 17 X :
message MetaInfoDef {
string meta graph version = 1;
OpList stripped op list = 2;
google.protobuf.Any any info = 3;
repeated string tags = 4:
}
TensorFlow T4 & i) o 4% 3% T+ E A4S (meta_graph_version J&1E) ELAH
PSRN bR (tags @M. WUREATE saver HAF IR E, IBA XL JRPEHER AN 25
£ model.ckpt.meta.json L1, meta_info_def &1 B HLF7 stripped_op_list J& ¥4 /2 A 11 .
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stripped_op_list JEM iR T TensorFlow i E HEMBMATAZETENFER. TR
stripped_op list J& 1 {547 1 /& TensorFlow iZ 87 15 B, B ULl A — AN EEE
TensorFlow il 5 B HIL T £k, AALE stripped op_list 1 R I — . LLWAE
model.ckpt.meta json SCAF#] stripped_op_list J& ¥ H1 A —> Variable 257, (HIXMEHAERE
FErh i Ad T IR, stripped_op list JE kM2 JE OpList. OpList 28424 OpDef 2KH!
K%, LLTAAR4 T OpDef A1 & X:

OpDef K7 T IIAN BHEE X T —MEE B35 8 . OpDef 1% — & name
ENTIEHMAHK, KR AEEE— AR . 7 TensorFlow T4 B TG B At
di, bl T B 4110 GraphDef JBYE, Kl B 44 ok 5| IR R K3E 5. OpDef 15
—HI% SAVEME N input arg Al output_arg, ‘ST X TIEERAANGRE . FOVE AT
HATAEA, FLUXP RIS (repeated). HVIAEHY: attr A T HABKIZH
S¥{5H. 7F model.ckpt.metajson L ILE LT 7 ANEH, RS H EBRAREYE
(9 A2 SRR U ] OpDef FIIR £5# .
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b SR il b e bl e gl o L sl e d oy x eab Heveid Savataabeat sie st s g el ot b

FHEAH T A Add (IS, XAEEA 2 MR AN, B R
SE T R type_attr, 3 HIXANEPERIME D T. 1€ OpDef (1] attr J& 4, 0520 2 Hi B 44 FR (name )
AT @R DL EREEh, XA R T @5 A AV S %52 (allowed_values ).

graph_def B
graph_def B FEELK T TensorFlow T3 L7 x4 & - TensorFlow 5 B 55—
AN X T TensorFlow F2/%H f—N2 5. NN 7E meta info_def @M B40S THH
BEMEAEE, FLL graph def ik N KBS ML M . graph_def J& 1 2iE it
GraphDef Protocol Buffer 5& 3 ff], GraphDef -7 7 /> NodeDef KR 151 # . LA AL
5 T GraphDef A1 NodeDef 287! s 40 & (5 B -

LWk

GraphDef H1f] versions J& ¥k B fij 8L, &3 E474# T TensorFlow ffIffAS . GraphDef
i B (S RHFELE node @M, EidR T TensorFlow iHEE LA I SfE B, AHAR
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@YK, NodeDef KAty — AN ZFRIBYE name, BRIV MMEFRNRFF. &
TensorFlow F2 AT LUE I £ 1 44 BRI H UM 45 25 NodeDef 87 eh ) op JE RS HY
T %4 £ 4 FH Y) TensorFlow 3257 7121 & 8K, it iX /™44 ) o] LAZE TensorFlow 1157 B Gl
f¥) meta_info_def Ja{ H #& B1%iE F M AR (5 B

NodeDef KR 1) input JEME R AN FRHFIR, BN TEHMOHMAN . input B
R B (U A% 24 node:sre_output, FoHH node #4345 th T AT R A4 FK, sre_output
AN T IXANE N AR N A LA . 24 src_output 2 0 B, FTLA%4 & :sre_output
ANy . Hlil node:0 FRAFR A node (7 A — M, S W AT LIBEEA node.

NodeDef 247 th1ff] device JB LG E T A BLIXANSH M B4 . BT TensorFlow 15T A1
%ATLLEA ML CPU & GPU, HalLUE—&mfEfPLa CPU 8(# GPU. % 10 7
B BARN B TR E 1B AT TensorFlow iZ & ¥ % . 4 device BN Z T, TensorFlow {Eig
AT 4 E I — MR A E R &SRB TR ANESE . BJ5 NodeDef A1) attr JE:FHE
TRUMEE S AR E NS B, FHFI2 T model.ckpt.metajson ST e 26315745 fiok
A A/ 2 graph_def J@ .

BRI
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sl

Lifi%4 H4 T model.ckpt.meta.json S graph_def J& it B ELAE FARRPEM JLANTT 2L 56
— AN L R AT R E B SE. {E TensorFlow HPA8 R E W — M, XMNEHM
ZFH vl (name: "v1™), JEH T4 FRA Variable (op: "Variable"). 5& X A5t HIiZ 5 AT
UHREA, T4 NodeDef E! ) node J@ o] LU £ A28 it 5 ST . HE LR R
fEE R E T4, T R4 MetalnfoDef Z8%[1) stripped_op_list JEYEP R4
MR Variable [KIE5 k. B T He @ vH LB ch 5 M RS 77, NodeDef B ik
ENT BN B, 1A vl P, attr BYEE TIXANERYER LKA,

S5 S AN SRR INFE I . BIRET 2 M, —AK vifread, %
—ANJg v2/read. JLHR v1/read ARFA T R AT LR ERAR B v AO{EL. PN v1 AOER 1Y 4L v1/read
s — AN d, BTLUGHIf0:0 Bl LIAA WS T o v2/read HRMUKIRER T4 & v2 ME{H. L
R S A BB — N4 FR A save/control dependency, 1% T A & R 4 1E 56 K
TensorFlow BiEIFE AL FER (I E AR — AN, R0 S0, J@TE versions 43
H 7 42 1% model.ckpt.meta.json SCLERSAE FH ) TensorFlow M4 .

saver_def B1%

saver def J@PEHIC 3 T FE AL MR I 75 22 B 0 — 26 S50, Lo an fRAF B SCF I SCfE 4
(A7 4 M R N BR300 2 R DL AR AE A% . W B SR %% . saver def BIEMIKAL N
SaverDef, .5 X,




TensorFlow: 3Lk Google REX IHELL

% T model.ckpt.meta.json 3+ saver def &K A 2.

filename_tensor name J& L4yt T RAF ML Mk R AR, XA TKERE T A
save/Const f1% —/ ¥t . save tensor name J&E44 H T Ak TensorFlow HZY (K3 BT A}
MR S AR, A BT RSO AT DR, XA AR TE graph_def JEYEH 4 HI
save/control_dependency ¥ 1. H¥F Ak TensorFlow HLRLIE 54 W & 4k TensorFlow 4
BIEH, XANEH ML H restore op name J& P 5 & . max_to_keep J& T Fl
keep_checkpoint_every n_hours J&1 € T tf.train.Saver Z&i Bl 2 AT LRTF AIBLALA SEME . EL
1114 max_to_keep 4 5 [HIRHE, 7EE/NUKE saversave i, 55— KERAF IR &4 H3h
M. 8L % ¥ keep_checkpoint_every n_hours, % n /MEA]LLZE max_to_keep f3ERl %
TR — MRS,

collection_def B4

#: TensorFlow [{115LF (tf.Graph) ] LA A RIS S, 10 4Ed X £L4E 6 10 % = 5530
BIEE T collection_def JXAN @1 . collection def B —A MEE A LARBIEA N A KIBLET,
Hh S AR A FEE, MEASANAN CollectionDef Protocol Buffer. LN FAVFGLH T
CollectionDef A [ 5E Lo
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5% MNIST H=iRSEA

Mt i 5E AT LA Y, TensorFlow 5% B L FISE & BT LI4ES 4 KA FHIWES .
NodeList F] T 43+ 8B 145 S (8 & . BytesList A] LA4EH 777 alE R Z )G 1
Procotol Buffer 4. Hotmiki 2@t Protocol Buffer #7RM, Mgk irdE &2t
BytesList 4E47' (), AT E model.ckpt.meta.json SCAFH F I HAAFEW . Int64List H] T-4E4
BB A, FloatList fl FAEP SCHES. P4 T model.ckpt.metajson L1 h
collection_def J& {1 I %%
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M T B SO AT LU R BIRR I h 4 T AN E R . A RITARRNES, X8
A4 MK variables. A REATIZA RIS, %A trainable_variables. fEFFHIRE
Fer, ISR R, BRI vI R v2. BT R A B

it MetaGraphDef 2470 v - B & YE (M PHE, AN EENET TensorFlow BERLKF
AAMAR BN — AR IR A 5 T 35 AL TensorFlow 5 (11 4544, $# A4 TensorFlow
FP A R R EE R R AN 5.4.1 /AN tf.Saver 73 [ model.ckpt LA
AR TS BN . XA 02t SSTable #&aNAEERY, AT LUKEERME N Bl 2&—
A~ (key, value) %13.

model.ckpt S HIZE A — AT HEA T SCH LIS R, HE7ERA SO A if i A i
k. FIRBTFRE THRET - AZEOFBE, BRAFBMEERZED SavedSlice
Protocol Buffer j& S ff]. SavedSlice Z$E! i {R77 T AARM IR 2400 H B E B AR A BT
{&. TensroFlow #2417 tf.train.NewCheckpointReader 2575 F model.ckpt SC{fH R A7 K145
BEE. DU R T ] {§ FH tf train.NewCheckpointReader 2 »

B — AN SO 4 TR B E Y, Y checkpoint. IXANSCFAE tf train.Saver 25 H 3142 ik HL
EBh4Ed 1. 7 checkpoint CAFH4ES T H— tf.train.Saver FEFEALL KT TensorFlow

@ 3 TP EINVE 5T TensorFlow HEH4ET A TINA.
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E5Z MNIST HZiRBEIE

BRSSO 4 o 4 EAMRAE R TensorFlow B SO AR, XAMBUEL Bt Y. (9 ST
#4542 )\ checkpoint LA MR . checkpoint P4 28 #& 4 CheckpointState Protocol
Buffer, Fifi%5it I CheckpointState J$2 )€ o
message CheckpointState {
string model checkpoint path = 1;
repeated string ali;modal_checkpaint_paths = Z;
)
model_checkpoint_path J& ¥ {f 47 T % B /9 TensorFlow #& &Y 3¢ fF i 3L fF 4 -
all_ model checkpoint paths J&¥EF HH T 4 HiiiL 8 MBI FTH TensorFlow FEAL LA 3L
4. T4 s Tt 5.4.1 35 PEEIRR A2 et checkpoint 3.

model checkpoint path: "/path/to/model/model.ckpt"
all model checkpoint paths: "/path/to/model/model.ckpt”

5.5 TensorFlow sx{EEEAEHIFEF

26 5.2.1 N BB T — AN 31 TensorFlow FEFF KA ¥ MNIST o) . SR 15X A
BRE A B ALE. e 5.3 WehsRBIR, THEERT AR I R B B PR AR A
N, MMZNANERERAENEZR. SHEELN, RFTEESERIETZE. Xk
RS SHBEFE A KBITTARE, BEMBRNZE. 5.2.0 M S HBEFNSH -1
V) S A e AL ST A . MR R i, INZREF BB s B EVE A T, X
SHABMEM TR R . EEREA R, B M a R 2R ) #R BB,
AU JUADE, SJLREEJLE. WRENGERPRFEN T, BaHRENZEN
o ] 5 B AR 2 R B OIS AN . BTLL,  FE VIR A0t R e T BB — B R () R A —
FIYN Lo (Al 45 R

g 5.3 YA AR AS BAS BRALEIR 5.4 P A4 TensorFlow BLELRE AMLHLE], #
A2 TensorFlow I 25425 9 £ BT (K S AR ST B o W5 VI ZRANIIAR 20 BTN J L 1Y
TR, XA LU A AN N R G . I G2 0 4% PR AT LR I R T A
R AR T AR B TR S B B R R IE AR, W SRR BOR A, PRI
AERURAES P R . B T AR AERIER A TIT, AR T AR AR S s — 1
B PE R R, PR 4R B T A 3 R E VI G A IR A e R A I B, BT LA
B B 1 7 A P R SR R W] DA 5, ST WA )1 4R R e A o 8 R A 1) e AR
R,

AR AT M2 S5 TR SRk f# g MNIST 1) 8 . A 2 S5 ARED R R B 3 2
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#— M2 mnist_inference.py, ‘&5 X T AT BB U RMHEME T SE. B -
mnist_train.py, ‘EE X T LM RINGLRE. $=/ /2 mnist eval.py, B& X TRk
o LLUFRES45 H T mnist_inference.py A2 .
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E5% MNIST H=

TEIXBACHED 5 T R I 2% (AT Pl AL 3B 50k . B0 R VIZRI IS R MR, #FAT DA e
M inference XM EREL, A O RARMFIER L8 L5405 SUAF RO AT [ A R 7
DL FARRSES H T #0420 M4 2% {11l ZRFE)F mnist_train.py.

127



Tensorflow: 3E&% Google REXSHELR

128



53 MNIST H=2iRS B

BAT BWIMFF, AT LA BIRAUL F T R4 R

TEH A ZARIG S, AR IR . gt e, 4 1000 ¥4 H-—KAE
M FTYIZE batch F4 5 B BRI AN R ABEHIIZRR . 6 FIAETE S, 4 1000 %44
FE— VISRt RO, SR T DL — AN S A RE RS, SN 77 (I 7E 18 Bl PR |
MR, LA FACHS4 T WA FLF mnist_eval.py.
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FE55 MNIST HRBIEIA

time.sleep (EVAL INTERVAL SECS)

def main(argv=None) :
mnist = input data.read data sets("/tmp/data”, one_hot=True)
evaluate (mnist)

if name == ' main ':
tf.app.run()

74 ) mnist_eval.py BT SAERE 10 BEATF K, KRS AT #0RL TR R B IR A7 (O
R JFFE MNIST S iFHd4e bkl M IEReR . W R BB 4 PO R Al 9 20 (L
WX AP RE AT LA T 5 A7 B P BT AL & ), R B E AR R 2
WEZHIB AT . 14T mnist_eval.py R T LIS BRI FHIALE R . EEFE NP
10 B AZNEIT— K, TINGERFEA— 8 10 BH— A FEE, FrUlE TmmgsRb <
RIA LB RPER T B IR — AR RIS 8, AKX AEHEIT LR .

~/mnist§ python mnist eval.py

Extracting /tmp/data/train-images-idx3-ubyte.gz

Extracting /tmp/data/train-labels-idxl-ubyte.gz

Extracting /tmp/data/tl0k-images—idx3-ubyte.gz

Extracting /tmp/data/tl0k-labels-idxl-ubyte.gz
After 1 training step(s), test accuracy = 0.1282

After 1001 training step(s), wvalidation accuracy = 0.9769
After 1001 training step(s), validation accuracy = 0.9769
After 2001 training step(s), validation accuracy = 0.9804
After 3001 training step(s), wvalidation accuracy = 0.282

After 4001 training step(s), validation accuracy = 0.983

After 5001 training step(s), validation accuracy = 0.9829
After 6001 training step(s), validation accuracy = 0.9832
After 6001 training step(s), wvalidation accuracy = 0.9832

NS

AT MNIST $IEERIET 58 4 SEAHEMME MM, FREbesH 7T4EH
TensorFlow f# ¥k MNIST jil B[R B AL SCRRBEGIRR Y. B SBEARTR) 5.1 TR KRB T
MNIST HRERIEATEN, AT TensorFlow FRAEHK— N4 MNIST HE 45 n
F{E ARG 5.2 4 T —/ 55811 TensorFlow FEF RIS 4 T 4R B T A AL 7 iz
Wt R, W T A RS o R 7 AR A ISR . /E MNIST Hidiidk
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b, AT LB G M B 2 X 4% 1 2 K R e A g I B R ORI, SRR T s R BRI B
L2 4 28 I 4% BE G I T AT WS PR B B R R e % . R THIIEE 6 FAE
W Mg — AN EE B S H——E R ML . ISR 4] DLk — B4R g ph e I 2%
BERIZE MNIST 484 LI IERE . W FHABRMAL T2, BAATE MNIST 4L EXT T IE
R R A IR, BRI T, BUE T e 86 SEv] AR S 4 T oh S22 1 ) 3,
XTI TE AR BEEE L, XSRS T LARRR K4 10% 5 IR % .

76 5.3 A 5.4 Y4 T 5.2 YR TensorFlow F&JFSEBL SRR ib, HAHT
TensorFlow [R5 AE S R AR PLIX LA AL o 5.3 TiFR MM ae 48 (K 85 /B 1G NS ., &k
HE 2 G, Eids| K e RS KK PR a3t A TR AN R, 5.3
AR T TensorFlow H 7 Ffl 48 Bt 4 ok ) /AR EUA S HL ] o 81X ANHLEI AT LLSE 4 5 1]

H BN RRR S 55 Ah— A ) S S B A R VI R i TR B R AL . 5.4 WA T TensorFlow {4
AR () )71 LI K TensorFlow FEBSFF A AGI B RIEER A% . 276G 5.3 Al 5.4 i
() 5, 7F 5.5 WP T —Mlid TensorFlow fi# ¢t MNIST [ 8 ) die £ 55 BRAE G R o 3X
MFEGPRE AR M RN SR WARE IR B T AN E R, JF B 248 [0 e 4% 4
A FRAE R T — /ML A FE R B XA 7 T DO U R RS 8 iR R
M AEAFEEA TR IR I .
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&6 i PR BUN S B BIR 2 P2

1255 5 B, dlid MNIST B4R UE T 38 4 A ARME ML SR k. M
SRS RAT LR Y, PR AR 25 S0 M2 4R I UMER R = A BRI R . A
AR P2 I 2% 4 f—— B B4 4% (Convolutional Neural Network, CNN).
GRME MG RN AR Z, EARESAEY, EARI®, KESHFERICEZEBA
T AR P A N o AT S B S A R A 2 P 4 7 PR R B B R Sk A 5 A
25 W 25 FR B AR i 2 DL R G fel fif ] TensorFlow SEELAEFRAHEZE 4K .

FAE 6.1 19K A28 BRI TR w1 ) B DA R B IR B AR R & i i B S . RS
6.2 TRE T BRI L P25 0 R AR R R B0 . B8 6.3 TR IR VRS BUZ Fit L2
M2 2544, LL K TensorFlow XfiX 4848 LEM 2 RE. 7E 6.4 7 o Rp il it i N2 i i 4 81
FHEE I 25 BB S A G A0 A] Be v SRR 48 P 48 1 28 A DA R I R B — M W48 R L 2
X741 TensorFlow KL LeNet-5 #%, FF /48 TensorFlow-Slim 528 5 in & A4
Inception-v3 F A 1] Inception Bk FJ5TE 6.5 W H 444 Wi 3L TensorFlow SEHLAF
HHZE MBI = .

@ VRS %8 L Learning Semantic Representations Using Convolutional Neural Networks for Web
Search. A Deep Architecture for Semantic Parsing. A Convolutional Neural Network for Modelling Sentences
Mz Convolutional Neural Networks for Sentence Classification .

@ ZW.: Wallach I, Dzamba M, Heifets A. AtomNet: A Deep Convolutional Neural Network for Bioactivity
Prediction in Structure-based Drug Discovery [J]. Mathematische Zeitschrift, 2015.

@ #W.: Liu Y, Racah E, Prabhat, et al. Application of Deep Convolutional Neural Networks for Detecting
Extreme Weather in Climate Datasets [J]. 2016.

@ ZW.: Clark C, Storkey A. Teaching Deep Convolutional Neural Networks to Play Go [J]. Eprint Arxiv, 2015.
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6.1 E&RIRAIEME T REHIER

WA NGRS EE R X AZORE, BB YU T 5 AL
2 U R R B R A TR AR BB AR R AR R MRS . AT T AL
fis, b EALREIE A F R AR R — RS OFE T . BRI SR BT
HURRFPSRALTE . MH7 FIFEMRE Fr o I, A/ SEHLAT LB T o B 3 P S A AN IR
R H AR eSS 5 =P AR MNIST S 4t 2l Ui I B A (6 F
SRS, EURIRA SN TR e — AN B, ERIE U DL TIRE R
PERHER . A B AR A R 2 I 48 R S S Sk O Y I 0 T ORI R
B 6-1 o B T BRI SR BARZE MNIST $i 4 s R R HEF O KRG E .

=

16 A reede kBB (k-Nearest Neighbors )
~
e — - ER (svm )
-
1 “-\.‘_ =i = WEEE SR (Nerual Network )
£2 "'-,,,‘ — SEREEE (Convolutional Nerusl Network )
. T wandpens A IHRHE |
b -
| - 1 o, Iy "-\.\‘ |
o el R 7 |
- |
| 08 e — Sl |
S— — trea, - -
Ry -~ gt W
05 1o o~ — e L T T e s e o —— e —— — — —— |
e b S g Sy -3
04 e TI Selg cer P [ A e T A
T e i 'i-_:_-: ----------- - |
02 fd.,.;..i..,,"',«—-‘“
0
1898 1993 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013
i |

B 61 REISEAE MNIST R4 IR 2B (Lt

6-1 FEE T BRI RN THRERHHRE, HAARRNEBRR T ARSEE
R, WE 6-1 EATLUEH, MEHMEE, SRMEME BRI ERKNaERE. TH
ot R 25 I 43 B R A B R AR BRE N TARE AR T o /£ MNIST RSl —
TAIREEE b, BFOEREY IEER A TR ZHE KA.

MNIST 5 4 R B B4 & — A 8] B A B4, 7 F0Ah 5 In B2 ) BRI

(@ ¥ 7R T http://yann.lecun.com/exdb/mnist.
@ AT Fr{E4iR#% 2 W: Simard P, Lecun Y, Denker J S. Efficient Pattern Recognition Using a New
Transformation Distance [M}// Advances in Neural Information Processing Systems (NIPS 1992). 1993.
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F6E BEHIRDISERGZME

L, BRGNS MG E ISR, Cifar B8 & — AN 20 1R K 54 2 500
#. Cifar BEEH4 A T Cifar-10 F1 Cifar-100 B4 RE, ‘EA1EGZEGEIRTTH (Visual
Dictionary) “tf 800 /73K B A ft)— /AN F4E. Cifar BIBAE P 32X32 B AE K, X
SE R R i Alex Krizhevsky 4% . Vinod Nair 1# 41 Geoffrey Hinton (328 H (1.

Cifar-10 [u] SBCEE 7 H 10 MAFEFZE 60000 5K . B 6-2 14277 T Cifar-10
Bs b (AR — AN FP b i — SRR B DA ROX SRR R 2K A R, B 6-2 B4 UG
Cifar-10 3k KHLAI BB . YRGB EIN 32X32, Bk )n B A 2 s
i), {HERLE ST LA H KHLAOEEER . Cifar B’ https://www.cs.toronto.edu/~kriz/cifar.html
P T ARFERE R Cifar HyEE Tk, BAAN SRR X BEAFEFRE.

- HEEY - Bl
mﬁ..'..“..‘w
- EmBVES FENE
e el LA B
el ol "B e L
AE~InDRAaE
BESESSARE

ﬁd.ﬁ.'ll!lﬂ

B 6-2 Cifar-10 FdiE 6B

A1 MNIST #i4E2818L, Cifar-10 {9 B KN B2 [ e 1 A — K E A L a&—4
RS 54A® . (AR MNIST #tL, Cifar HiEER KX HET B B EBAZRKNES, H
4324 {7 S5 U0 KX O 85 o 7F Ciifar-10 BB 4E b, A TARIER IR AHE R 94%°, X i MNIST
HRAE R TRINERES . B 6-3 451 T MNIST Fl Cifar-10 Fi 4 EBE LA 72 2R 11

@ LT EG ] d I H R/ 28 0T L2 5 77 Mk hitp://groups.csail. mit.edu/vision/TinyImages..

() MNIST ¥4 £ —ik B B LA s %7 Cifar-10 F1 Cifar-100 $if b ds— ok B i & — 4
Kk,

@ A ThRiERHERR %k A AR % http:/torch.ch/blog/2015/07/30/cifar.html .
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B REG] ., 70 6-3 ZEMiftPYskE 45 T Cifar-10 RS LLEBSES KB, BEN
KA FF, AR Eseikrgal. M e-3 A MaPYskE A4 T MNIST ¥l
e R R R . fEX s s E A b, AR UL — N R HER R . H
BI7E Cifar-10 BUEME 80700 EURIR B SVE ERE A 95.59% ", A BIXANEHR I HIER
PR TR MM,

 6-3 MNIST F! Cifar-10 Hcif 8 b 4 28 e FE B A7)

it /& MNIST ¥idig #2348 /2 Cifar i 4s, HILLECSCEREE TR BB U R 8, A 2 M
K. —, BB RE A PR BT T 32X32, T HEGE PR A
BsER . 3=, BSAERPRmERNRE, itk 10 Fid 100 FraEa A, fwmH—
SR AL LB AN A k. b T SIS BUSEEREE T A B AR U ), ph i
K2 (Stanford University) 9725 KK (Feifei Li) #F2H7 L 3P 1) ImageNet fRAFEE H
fFR T XA )

ImageNet f&— 4T WordNet ™[I K7 B ¥4 e . 75 ImageNet 11, ¥536 1500 Ji B
BREEE] T WordNet f9KZy 20000 4~4 i Al Al fk . Hul%E 445 ImageNet FHKH)
WordNet [&] S i $E #8481 BLse i Fep i — A3k, AT RAREA A 2 4326 ] B ) — 2R 531

(O HA&% 7 th [: Springenberg I T, Dosovitskiy A, Brox T, et al. Striving for Simplicity: The All Convolutional
Net [J]. Eprint Arxiv, 2014.

@ WordNet &4~ KRSETE LW, HERLiE. shid, BAEME A T R SGAE, IRET A
AR XA 2 M Ay 25 5R . WordNet HAKAE B AT A2 % WordNet B %: https://wordnet.princeton.edu/.
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F£6E BERIRIISERGENE

ImageNet [ & 5 2 A ELER P | TEHL SR A, I FLIE W B3 9 A ThRyE RS (Amazon
Mechanical Turk) i P 543265 WordNet (17 a4 Y. 7F ImageNet 9 B, —ik &
] g I 2 A R SR B BT AR R I Se 44 .

P 6-4 &7 T ImageNet 1 —5Kk B Fr, ZEXTKE R EHJLANMERHE Y T AR SEdr 4
JE o FEPMARRAN R, — ok A HH SR M FE R A bounding box. 7EM 6-4 B jadtaf
LB PO SEtR, HAPFEHIEmT. —PMAR—&%. K0LU8 64 F AR, ImageNet (7%
73 B R T R SRR R BB ARTE T R, BURH S s aff i B 48 R

P 6-4 ImageNet £ B 1 LR FRTE H ok ) S A% 56

ImageNet FFEHAS S EBIRBIAHCH TEFE (ImageNet Large Scale Visual Recognition
Challenge, ILSVRC), ifi HEFR A A LR A A, X8 hn @AM 7 RS
VU A £ R0 7 7] . ImageNet (195 % http://www.image-net.org/challenges/LSVRC %1/} T
[ ) ILSVRC FEFER 8 H ML . A R4 1) ImageNet LE B4R 4E T AR AEHRE, A5
W5 EA-AE 1R 2 1 ILSVRC2012 B§ 0 844k .

ILSVRC2012 B8 5 J 8 45 (194525 R Cifar BB SE R A -8, 2 RMEE H
FEY K. ILSVRC2012 BB/ REURECLE TR E 1000 1AM 120 HkE ), Hipd
KEH BT ERBT—AK5]. K ILSVRC2012 B4 2 KE0m 4 b iy 18 & 1 48 M\ BB

(D ImageNet =1y (R AHEBF BRI ST LLZ2%: Deng J, Dong W, Socher R, et al. ImageNet: A
large-scale hierarchical image database [C]// Computer Vision and Pattern Recognition, 2009. CVPR 2009.
IEEE Conference on. IEEE, 2009.

@ 1 H K HT ImageNet T 77 B ik
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WA B, BT AL ML T W BLE T A

B 6-5 45 T A FISELE ImageNet B R84 L1 top-5 EHiZ . top-N IE# =i

SRR S AT N ANE R AR IEFOER. ERGREE L, REBER
ﬁiﬁfﬂw‘:’r AiF N ANE R IE A N B 73, P N IO — Ak 3 3k 5. MK 6-5
LA, 769 N4 440 ImageNet ol 8 b, 45 B e 420 100 45 1) PG UL 01 3005k mT LLIZE s i
MAKKZEIL. £8 6-5 MM TAGEESHEE ¥ IFEMIEmE. NETTLE
W, VREENES), HRREMAML, AESIRR] Bk TR KR, 2013 2 )E, A
& LA WA E TR B TR 8%k b I 6.2 T IF e BARSr A A 42 I 2% (1
AR, LR i S TensorFlow SELAE B4R M 2% o

100% E -AETAE = 100.00%
0 - I.__. 95‘3% 96.92%
so% - I I . 42000 TR 933-'55 """"""
-
L]
70% e BN N L
] $ l
0% : ! PG m.mm
50% -
. %
m . 5 gy
30% l L e
“’ .é’
20% &pf “ﬁf J”e &
* meEeRINE + (f
10% +
0%
2010 2011 2012 2013 2014 2015

& 6-5 AFlELE ImageNet ILSVRC2012 P& {84 254l 4 LM IE W%

6.2 HRMEMLEZEIT

1E 6.1 R ABEBRGRER, CLL KRR TEBRMEME . GRMLMNEE 6.1
WA T R - B e DA AR S BRI . A AT YT R B A48 R e I
B2 Z 18] (R BT 45 A R TUARE R, BT AR BRI M 4 45 FJ?JAE%E:M%*LW
h T H RS S EERENMA NS 5B BME NG, RIS M X 3T, AREAL

@ 55 8 TR M FIE S
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FE6E BRIRISSREEMNS

AR WS MBI hSEEHE M. 5 4 TRE 5 PN ANMEM L2
A NG . EX VR IHR RN 5 2ERMANSRER, HARAR—
A BIRZ MG AN KN, B 6-6 BR T AERMEM S 5B RME M4 4R
FeE .

EEHEMNEME () EBUE ML ()
B 6-6 SEEME ML SEBME MK LR EE

FURE 6-6 P TR I A B 5 00 26 L5 H RIS AR R 2 W 48 B S R B2 53 LK
Szl EE Ak Le R R A AR . B 6-6 PATLIEH, HBRMMEME I RET—
B R S AR, AR MK —FE, BRMEMNSE RGN R E—
AT, EAERNZEMEGT, SHSHEZ AN AMAEUME, TE R —
AR AR, X EERERSN. X TERmMEmat, AW
B2 i RS EAE, ATERE-BEMSTHERE, —BRaBE - EERENTR
LA = SRR

W T ZERIARALL, R0 0 45 (s A\ S H DL VIR R 5 e e e I 4 th A — B
DLEE S 2], BRMSMENRAERERGNRARE, M zEPrRE TR
RFETARKMTERE. XMAEREMEMEOMARH R 3. RO, 284 FF
N AEB SRS RSB R EEF TSR ME Mm% . ERmKEHaE R,
7 TensorFlow Il 25— 3 B W 48 AR A 2 — N A B 2 N 2 A AT X A o
e R i 425 X 244 01 4 E R A 428 I 4% (A M — (X BB ZE TR 8 P 4% P I AR 2 e By 3R ek
SRR R B M2 BT, AT SN AT A TR S TOVA IR 4T
A PR AR

A8 ] A e e 420 0 4 A0 B PR O B K R JBAE T S B SR Z . W T MNIST %
2, kB A AN 28x28x1, Ho 28x28 HEI A HIKD, x1 RAEBERER, R
H— MRS, BRE—EREENT AR 500 4, Ba—NEERENMENGE
45 28x28x500+500=392500 %, 248 H F KK, Hn7E Cifar-10 HHEEA, B AR

@ 7E5 4 A 4-5 PAHT WL TS .
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1 32x32x3, Horp 32x32 RN E R KN, x3 R A2 il i 41 4008 — A4 %38 18 ( channel )
Fal¥. ERERMANERE 3072 M A, MRE—BESEEEIRE 500 A, AKX
— RN A M EGF 3072x500+500=150 T2 %. SEMZ R T 980 EE R,
ERES SBOS LG W 8. BT AT — A 55 A B (1) 0 25 X 4% 65 ) R A 23 b 2D i 8 o 4 v
SHANB. BRME ML A UE XA H 1.

6-7 45t T — AN BRI G RAME M4 4 I .

BREL itEL EBE2 WwikE2  SEER £EER

\ ] ™
s W !
/

i

LT

S—
e
——
—
Sn—
——

LN
b
vy
L

[ 8 = =wc v ]

L] L]

B 6-7 FTEMBRS KB —FrERIEMER

EERMEMNZMITIILES, B—BRW A8 EARAS =%, gk
Cifar-10 EHEEF B A, aTLUBEABHSUE 1 32x32x3 I =4E5 M. B 6-7 T Lk
B Fes T HERMEMR R —MERRER, WEG LA NGRS M bl L2 &
— AT R AR LB B S . BRI M4 B AR UK 6.3 WA
—ANERMEME EEH LT 5 a5 M4 ki

1. WIANZ. MAERENHEMERRAN, EOEEERKERMEMES, &R
KT KB RBEERE. WnEE 6-7 , BAM =4 MR KB, K
PR KMERRET BRI R, W =4EMENEENRET BEHOREE
(channel). L@IBEEFBIREAN 1, T RGB AEERT, BEIEEL 3. NaANE
FFoh, BRHE M LB LA R 04 I 48 G500 L — B = BRI A T — B = 44
BE, HIEGERSERE.

2. BHE. NEFRUUEH, BREE NSRS RS 5y EEKNESY. ik
GEEEEAR, BREPE ANV ANBMARR L BEMZEMSKK—/N R, XA PRE
FRIKRANE 3X3 8 5X5. HBHRE KBRS M4 b 15— /D3T3y A HB 43 HT A

@© 7ERGB BEMEX T, —WEBNEGRREHA A, SEME6 3 MNEEAKN. IS EEESNME
o B EEEAE, FrLUEANE T s LARR A —
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MR SRR E R AEIE . — Bk, SR BB AL EE, i
£ 6-7 PRI LLE BRI BB Z G B SAE R R 1.

3. ffb]R (Pooling). JHALZEHE ML ALEE =M PRI, (HA2 T T LLGENaE
FERT RN AR o] LUK R4 — Tk e B i O B S A 0 W R R B B .
ALz, WCAHE— PN BE SR R AR, AT A B gl A e 28 1o 4% o 2 8
(9 H 1

4. EHERE. WE 6-7 iR, ELEZRERENMAERLCRY G, EEBRMEW
HHRE—RSRE 1 3 2 NEEERERA R BERARE R, )L EREAbILE
M2 JE, ALK EBRFHGERESEME R T B S RE SR, A9 LIS
BB ZF ik B 2 BRI R . RIS R 5, R T B F 4k i
RS AT RATES

5. Softmax F. F% 4 TP NMHM—FF, Softmax EFEH T4 M. it Softmax
&, TTLAR B4 AT B8 T A RIFP S AR 2R 4 A 1 I

EERMEMNERFRBIMNE . £EEEM Softmax BEAES 4 Hrh#AE TEM I
Il XEARFR. ETHEH 6.3 T itan i 4ER 1 W 4 Rk r B A P 28 451
LRI E .

6.3 HRMENKZERSH

6.2 WELABNA T HBREMMALZ IS, RN BAEN FX PR M2 454 .
£E T H BB 53 RN FERRE AL R (2 45 4 UL R i A48 poad 7, R
TensorFlow SEILX LM LE LM . AT HASNABRUEBH SN EFE AR, HET
TensorFlow 7] LR 28 5 # 5¢ iR AR AL F I A2

6.3.1 HBRE

ANTRFM N BETZ G UL R ILAT B . B 6-8 HEBRTHEBMEMS
PR P B E BRI S, XA RRZ T8RS (filter) BUFH A (kernel). B
TensorFlow RS HRE XA GHIFRZ A IE 4% (filter), BT ATEAS P o GoRix /4w Ay iy
o WA 6-8 Fiax, I ILLK Y AT EHEME L—AN T3 SEMEEA T —BEME
RYE% b — AR AR . ALY AR KRN 1, EIREARRK A
FEPE
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B 68 BMBITIE (filter) SHREE"

TE— AR, s HT A B A AR R KR S AR A TR, XA A
B R~ BRR . it SR R ~F . RIS uE 88 R 3X3 3l 5X 5. B it ugassb B
F R S PR 24 T 2 A 420 P 445 P R R R B — B, T AR Y RGE R R =4, (H
B RF R A . RSP A HEA TR E I B R A A B
BT SRR, XA BN ISR R . 1 R IR A0 RHR IR AL e
WA SRR, TOURRESR R4 A4 AR R . i 6-8 B, ZEfllAE
B £ R~ Ay B A RS, T A D R R Ay i VB AR (O IR« 6.4 T — 2R
BAG L LR T R R B4 — R B BUR T 3 38 (0 RO MR EE .

P 6-8 7%, ok SR i A i A 3 AR ek 2 00 /N R B o () v S A A A
S e ch o4 R O T B R i S BT (S MR, A T AR IR R A
BRI . 253X VBRI o R R G e B S S S B AN 2 X2 X3 [ AR — A
IX1X5 WA e, — AR AR d RIS EZEMAL, CaHHE
2x2x3x5+5=65 B H, HPBEH+S HMERSHIONE. B .. KFmxt TH
o BT AR S AN AL BSOS (xp2) HOBUE, (A b RN i AN
A EOR AR BTS84 SRR S 1 AN R EUE g() 8-

2 % .3
g =D Dty xWey- +0'

x=1 y=l z=l

Kb a,,, AP Sy EUE, fABOERE. & 6-9 BR TS a w” Al
PRSI T, A ReLU 15 3% 3 gO)H-Eud . 7618 6-9 ML H T a Rl v’
ROELE, XEEE 3 AN EMRER A SEEENIRE, KPR YERERERR =
YRR — AN L EE. & 6-9 RS RIRAB, R T RN
. B 69 WAMEBRT gO)MtETRE. mBRHH w' Bl w' Al o' 3 6°, TWAHATLI
i g(1)3] g@)MEE. WG a Fl w AR R, AR KT LR

@ ILE H Sk B R R IR LR R R 25 I 48 2R hitp://cs23 1n.github.io/convolutional-networks/.
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sea ] DUE IS 3 58 AR A0 i BRI R SE AL

al:,:,0] afi, s 1l R 3]
1| 2 2| A 1|0 g =filx2+2x0+0x1+(-1) x (-] +
o] ri2 2|3 2x(D+1x2+ (D x0+(-2)x1]+
+ . + . *i 1 [1X0+0x1+2%(=1)+1x(-1)]+1}
[ |2]° 2(2 gl =fB3+-D+(-31)+1)
[ [2]= o1 e =f{-3}=0
[ woi:, 5,0] wols, 5, 1] wol:, 1, 2]

B 6-9 (ERLEIERI g(O) AR TR T

ElEFE AN A T HEBBE P — ML IS OAT LR . BRE ST
o e R U B IR — LIS A N LA RN ZE EABEA T A, JFBAERD)
AR AN R SR AE PR B . B 6-10 JBOR T BRI ESMET AR . A TH
b AT AL SRS AR SRR, B 6-10 R AE AR AR R EE AN 1. £E8] 6-10 1, JEIR
THE 3X3 fPE B 2X2 il s HER B AERER. £ ERT, Hakxi g
EAS T 22 BTN, REBEBZLT MR, MG LAENE, BERA FAEE.
HUERS R B — U, BT R—ME CHIREEN k 2R k AMED . KX L HEHf
BB IAERE, MTER T BTN E. B 6-10 ’AMN SR T SIS EBs)
SRR TS AR B 45 RS A R R 1 B R R

Bl 6-10 HBHZATAEHLEREE

ML PR/ 1X 1 I, AR i 16 4 R84 B AR B RS B T 24 1 o R R
Rt wiE 6-10 Fizx, MuiEHEHERAR/N D 3X3 (B 6-10 ZEMFERE), Tl SR EHT
RS2 G, BEINERERN G 2X2 (B 6-10 AMIAER. T 8% R, wiLl
{E 2411 Z PRI EINAN4: 0 HHA (zero-padding). IXAF ] LAMERFERZ T 1)t 4k 45 R
I (R /N RS B SRR R DR — 2. B 6-11 BoR T & 0 BI85 B Rz Al [ Ae ki iR
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HE. NEFATLER, MA—E4L 0 HR/E, BRIMEHEREANIN 3X3 T,

B 6-11 fHH T4 0% (zero-padding) FIEBUERT AR REE"

B T4 0 7, AT LUEE & B ISR B E P KR AR EE RIERE A/ fEE
6-10 FIE 6-11 1, SIEBFRMAB—H#5. B 6-12 P RRT4BHP KA 2 HEME0
HFER, SREERHRIERE.

Ee6-12 uEBBHLKN 2 BEMAS o HANERE M miemIEREE

ME 6-12 ERTAEH, HKMEHPKE N 2 0, SEBEHE 2 PHH—RGR,
LA 3 i 25 A B AR S R R A BRI —. TRMANRSG H TERNEH S 0 317
FEIS 5 RA PRI
OUtiongth = [ iiengeh | Strideiengen |
OUlwidth = I_inww, / stridew,ﬂ

HoH Outheign R/ EREMERCHE, TN R FCBERR LUK BETT 1 BRI

@ Behb4: 0 HIFEHIHT 2R TensorFlow HSEBLAY T MBS A AR, (2R —FERT.
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) FEREEME . KB, outwen Foniii i BHEFERTERE, B8 THANZEHEFMESRERUUERET
) LB R ) L. WRAEA A 0 3, THMARSH T4 RERERKAD.
OUltlengh = r(in;eﬂg;;, - ﬁk(?ﬂ‘mgh +1)/ St?‘fdefe,.gm—]
OUtyigh = [ (invidin — filteTiam +1) / stride,yia |
fEFE 6-10. H 6-11 AR 6-12 o, Rifi# T BRI, BAY RBLES
RS EI T RE, BT AR X S A g5 AR T A I E BRI BB BME M 2%
B, - ANERBEREHASESTHSEEE . IREFHENE - EHEE
MrER . WEW EHME, HEIEBHSETUEGEG ERANBEAZMERER. L
MNIST FEEEF R AE, TRHF “17 BMELE LAEEL TMA, BABFPEHZ
AW FAEZL EARA T AERREEESEHEE, Ui EREZ B LR HT7E
E& LmAE, BRI RS
HEG-ANEREDLEFZPRSETUERBDHEME LS 8. Ll Cifar-10 [
B, NERPERERE R 32x32x3, REE—BEREMHRT N 5x5, WEH 16 1
LpERs, MARXNMERENSEAEN 5x5x3x16+16=1216 . 6.2 TiH$EEIT, A 500
MR RN EERERE 15 BANMSH. 2T, BRENSEANBE Tz N T42
EEE. M HERZNSHEANEME RN ER, B RATESERS . WAL T
JENT R RREE R O X AFE IR A M2k aT LUR S i g R 3 5 R R B L
AR BOMERAENSEOLEMNE, Be-BAERTHEHATEOHE, BKA2
AR 2 BT ) A 3R T SRR

v,

Bl 6-13  BEBUZ AT AL 4R AR B
B 6-13 4 H T it 38 8% LU M EUAE DL R f BRI HUAE, 8L B 6-9 TR JTIE,
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AT — M I R, FREIMARG I T4 EAK FRUER IR, Sk
TR LUK R HE
ReLU(0x1+0x(—1)+0x0+1%2+1)=ReLU(3)=3
TensorFlow X ¥FIMIZ MG IRME TARMAFHICH, FHMEFLE T — NSRRI
AL SRR . LA PSR AT LAE H, @it TensorFlow SEHUARAR AR H 7 (Y .

6.3.2 ihfk)2

6.2 WA LT E B ML KRB . B 6-7 FRTLUE tH, EGBURZ SN
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—AMtfkE (pooling layer). Hifk/Z T LAAE# A R NERE R R, T B 403
BETISE. AR SR S R A B L Rl R

A 6.3.1 AT ARBRZE R, WL ERT AR SRR R E T B — R UL
R GESERAY . ARt 2k 88 b A PSR SR INAUR, T 2 SR A S ] B )
KAEERH PIMEBH . 8 B R KL B BRR 2 B AL /E (max pooling), X2
WA A RZ M Z SN . AP EERERRAZRZ N T k)ZE (average
pooling). HAbM{L/ZTESEERPHERAKEE D, FHEAEIZHNTA.

H5HEBERSIEBRAL, MR EBETFEATRELERORT, 2EEAHE
0 HIFE LTSS KERE, MHXSRERE R K. BREMBLZ
it AR B BN (0 7 SORAILAY,  ME— A X BIZE TR BRI R a2 R B IR 1,
i Ak 2 5 P A e 28 FU e — ANRIE BT . BT AL AL BB RS R T AE KR B4
WRERBENZ S, CRTHEEFEXANEEES). B 6-14 B/R T — MBI i [ A4 7Rt
BUR

al:,: 0]
1 0
o 2
“—
4] 0
1 1
L =1

Bl 6-14 3X3X2 Y AAERELIE 4 0 3170 HAB KO 2 MBI AL R AT A Rt B R A .

@ A5 T T N RN R . BRI T DL N R B, (B SERR P — AR XA

@ ATFFTHE bk B RO A K, BRIl LLZ% . Springenberg J T, Dosovitskiy A, Brox T,
et al. Striving for Simplicity: The All Convolutional Net [J]. Eprint Arxiv, 2014. 734 H 7T £ R A ERHLE M
BRI R A,
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#E 6-14h, ARIFIGASREARFLER BESRELE) RETARBHAZETIESE.
MWE 6-14 FETLUE B, MLERTIERR THEKMERER LB5), ©EREARERYE
fE ). Y TensorFlow F2 A SCHL T S KAk 2 M8 ) & vk .

# tf.nn. max_pool SEBL T M AMALRMIATFIfEHEILRE, EMISHA t£.0n. conv2d HEA.
# ksize $4E TILIERA RG], strides %?ﬁ SEPS padding #HE T EEHEH 4 0 iF.

pool = tf.nn.max pool {actmvm _conv, igsu.ze={l, 3, 33, 11,

strides=[1, 2, 2, 1], paddlng='SM’)

X LAk 22 AR 2 W i) {4 4% 7E TensorFlow HFISZEL, 0 LUK IR ER S S H0E &
B . 7F tf.on.max_pool BEETH, B 5ET BN 5T E AT SUERE, XAMGERE R — AN D45
M, &AM thon.conv2d BREH IS — S8 B _ASEOEENRS . BRSGH
FR—AMCER 4 4504, BEEXIMHRANE - MRBRE —NELIH 1. ZEWE
A 2 B DE A% AN T DABS AN Rl A RE Bl sl 1 SR BRI B . AESERR N AR E
B Al 2 i 9888 R R [1,2,2,1180#1,3,3,1].

tf.nn.max_pool FEEIIHE =S H ALK, EM thnn.conv2d B IPKAE UL —#F
(g, T H 4R G 4t BB 1. IXERRETE TensorFlow 1, ik E AR 11 £
P (PR P B E B AR N . tf.nn.max_pool BRI BE — NS 8dEE TR EH4 0
. XANSH NG HFBE——VALID 83 SAME, H VALID E/R-AMER4 0 31
75, SAME #/nflifl4: 0 H78. TensorFlow BHEft T tfnn.avg pool KL FIgMifb .
tf.nn.avg_pool BRI F#% XA tf.nn.max_pool BREZ 3.

6.4 ZHEFAMFRE

7E 6.3 N E T HERME R ERFA KPR M2 450 ERbA G . AR,

T X e 2 SR A S B NS G M, BRI B ] ek
SE ) EMSARBE ] IE ? 3X A A e R S S AR e P 2 () I 4 45 ) . T X SR 2 B
(14725 RELA 28 IO 295 1) O 4% & ) T DL 45 HH AR BRI 48 I 49 5 g b () — 288 7E 6.4.1 /M
¥ EAEN 4 LeNet-5 8R!, IHe5 H— 5521 TensorFlow F2FK LI LeNet-5 B4, @ id
IXAMERL, ¥ AR AR M 2wt i — MEE . ARG 6.4.2 MR AERIFER
PEE W 88 S5 K0 1) 73 4b —Fb L B ——Inception BEAY . iIXAN/N 1545 18] 5448 TensorFlow-Slim 1.
H, it x4 TR SEBA 832 4 1) Inception-v3 R [ —AMEER
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6.4.1 LeNet—5 Bl

LeNet-5 #% /& Yann LeCun #4%ZT 1998 #7E18 L Gradient-based learning applied to
document recognition” PR H 1, R — AT T HF R A B S BE W% . 75
MNIST $#E4E L, LeNet-5 BRI AT LUAR| KLY 99.2% K IE#iH . LeNet-5 Bi% B3t 7 2,
&l 6-15 &7~ T LeNet-5 #EEL 484 .

C3: 1. maps 16@10x10

C1: feature maps
INPUT 5@2628 S4

3I2x32

16@5x5
szt -
B@1AXIA B0 Feayer OQUTRUT

Subsarr

Bl 6-15 LeNet-5 #70 &k jy ®

76T TH B9 R0 B PR A 4 LeNet-5 #ERUG — E 4.

B2 EBRE

X BN R RGBS %, LeNet-5 BIEIESZHMAE KD A 32x32x1. H—
MERZILIEBRIIT N 5%5, WEN 6, NMEAS R, SKb 1. HABREFEHEO0
H7E, FUX—ERHRHEORTH 32-5+1=28, HEHN 6. X—AMEHRERKLS
5x5x1x6+6=156 P24, Ht 6 MhMETNSE . FA T —EH SRR 28x28%x6=4704
MHE, BOAWAEM 5x5=25 A HWETAME, TUEAEEBELRRS
4704x%(25+1)=122304 Nk

BB, kR

X—BERSANE— BN, £ 28x28x6 M AN . ABEFH KT8 A/
K 2x2, KHMERIEKIN 2, FrCAARE 5 H AR R/ A 14x14%6. JRERH) LeNet-5 F%Y

@ Lecun Y, Bottou L, Bengio Y, et al. Gradient-based learning applied to document recognition [J]. Proceedings
of the IEEE, 1998.

@ B F 3K 8183 Gradient-based learning applied to document recognition .

@ 3 GradientBased Learning Applied to Document Recognition $:H ] LeNet-5 #i%Irh, %2 fibik B
LB 6.3 WP 4AH) TensorFlow AISEBLA MMM T, ABEALZHIHERAHT, MELEEN
HRLRY A HE LR,
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e O BB SR AT 6.3.2 NV e e, A BABRANE.
2=, BRE
KRB NEREAN Y 14x14x6, R IEMRANY 5%5, WEHR 16, KEAEH
40 8%, BN 1. KREEHERERAN N 10x10x16, HEIRMERERUZ, ARENIZH
5x5x6x16+16=2416 IS5, 10x10x16x (25+1) =41600 /M.
BNUE, MLRE
A NG AN 10x10x16, AR sEaE RN g 2x2, HKA 2. AZHHH
FERE RN K 5%5%16.
BHE, 2EER
A B N RE A /N 5x5%16, 7E LeNet-5 MBS U X —EMOABRE, HiE
B S st 9 B AN 5%5, FTARIASER R X S, EZJRH TensorFlow F/PSELH
Hax—BERAERER . WK 5x5x16 SEFEP I SR — i, BaX—BEME
W4 SR NENEEEERAR T . AENBMEYAANEH 120, BXFH
5%5%16%120+120=48120 =% .
BRE, 2EEER
A BN SAECH 120 4, Bl AANECY 84 4N, BILB O 120x84+84=10164
A%
BLE, 2EEEC
ARHIBAT SAECH 84 4, BT AANECH 104, BILSHOH 84x10+10=850 1~.
ETAAT LeNet-5 BAG—E4MAEE, THEZH—1 TensorFlow HIFEFR LI
—A3fbl LeNet-5 LR {145 A1 25 0 4 KA g MNIST %7315 7] @ i#id TensorFlow I
BB RS FENE 5 ERNANNALEZRENE REE . HURKR
BT R [ R i AR (0 SE IR R TT LA ST 5.5 5 h 4 1 mnist_train.py FEFF . ME— X
A 75 T K K % R 28 R 48 TN B — A S 4R SE R, BT DA 75 B R R — TR B s X

# VR4 ARUR placeholder ML, WAL —AMIU4EREE.

x = tf.placeholder (tf.float32, I T Lty
BATCH_STZE, Rk S # 8RR batch PHEIKAH.
mnist_inference.IMAGE SIZE,  # BTMMB=HINEAHIRT.
mnist_inference.IMAGE SIZE,
mnist_inference.NUM_CHANNELS], # SEVHAERCRE IR, T RBG Hf

#'ﬂﬂﬁgﬂ%:ﬁmgﬁﬁ§a

name="x-input')

@ LeNet-5 BRI b5 — B RS MMAERBEE XA, HRIXASERRIEUNERR.
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fERBEMARRZE, T ELERF mnist_inference.py 1 SEHI Bl LeNet-5 KRl 45
IR RT I AR5 FREN AT . R4S H T 52405 A mnist_infernece.py FEFF.

@ %F dropout HIENERTLLZ%83C Hinton G E, Srivastava N, Krizhevsky A, et al. Improving neural
networks by preventing co-adaptation of feature detectors[J]. Computer Science, 2012.
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IBATHEBUE B mnist_train.py, BT AR EIRMUE 5 TR A% -
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KBS 5 TP H A mnist_eval.py FEFFRIA S, BRI PLIX AN S L W
#84F MNIST $4E4E I IEME T . 78 MNIST JREdE b, Ll SR MZ Mgyl
IKFKL 99.4%M IERIR ., ML 5 EHBREN 984% M IEME, BHMEMETLIEE
PRI P28 7E MNIST %0384 LAY Ef=.

R — TP E BB BERR DB A 0 8. Lhin LeNet-5 HEAY gUICIEAR fF ik 28
26l ImageNet X Ff LB K B MR EUR S . A WA Wi A2 L8 A 42/ WE 2 T T ) IE
MR R AR ELE T — LG S T B Fr 20 26 ) A 25 R PR 28 P 4 B4 «

BMAE-> CERE+LE? ) +o>2EEE+

fE L ARS, “EBRE+ R —EHBLEERE, KRS EBMEMNE T —K
BEZESAH=EEBHE. “WibE? 7 REFERE —ZHiLZE . ML)z BER T LU Fi
BRI S, ER AR SRt R BLAT D B8 i RS R R Kok e .
UG EERMEME PR, ZZREBEMBLEZE, BHEMBERTZ
W—Re2id 12 AN4E#EE . i LeNet-5 B A LLR R A P A4 .

HWMABR>ER B> E>EFESMLE > EREE>2EBESHTE

BT LeNet-5 8%, 2012 4F ImageNet ILSVRC EI{5 5 KBkiEHIFE—44 AlexNet iR,
2013 4F ILSVRC % —4%% ZF Net BiRILL K 2014 4E 2014 4E55 4 VGGNet H7 (1 2849 45 i
B A ARIEN LR E 6-1 41 T VGGNet 3 Very Deep Convolutional Networks for
Large-Scale Image Recognition® P E# 3R AR FB ML MK LM . W% 6-1 hTLLE
H 33K 4 5 A A 25 ) 8 240 g 086 2 A 43 R TE U Rk K

@ BATTLABE WL Striving for Simplicity: The All Convolutional Net.
@) Simonyan K, Zisserman A. Very Deep Convolutional Networks for Large-Scale Image Recognition [J].
Computer Science, 2014.
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% 6-1 VGGNet #EE T h kT R ERBEMERED
(Hth conv*F/TEFNE, maxpool BRiLE, FCRTRLEHERE, soft-max A softmax &5#5)

m(zmxmm

com3—64|om\r3-64

cnnvm com'!—M | umvS-bli

convi-1 convi-128 com}-_ﬂ cumr3 T conv conv.
conv3-128 | conv3-128 | conv3-128 | comv3-128
maxpool

Conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | comv3-156
conv3-256 | conv3-256 | conv3-256 | comv3-256 | conv3-256 | comv3-256
conv1-256 | comv3-256 | conv3-256
conv3-256

conv3-512 | convi-512 | conv3-512 | conv3-512 | conv3-512 | comv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | comv3-512 | conv3-512
conv3-512

conv35T3 | com351Z | comv3312 | com3-512 | comv3-512 | comv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convi-512 | conv3-512 | conv3-512

Feos

FC-4096
FC-1000
soff-max

HTHBBMAMK IR, Bas— EERESREMLE PR ERZNF R ER?
% 6-1 HIBMTHELE, EF6-1 7, convX-Y FadiEa izl X, ERN Y.
conv3-64 Tt IR KMEE N 3, TR 64. WF 6-1 FTLLFH, VGG Net H I
JERH KRN 3 BRF 1. 76 LeNet-5 A%, WM TAKN 5 ML iEdR. —REHZEN
AR K AL HT S, (HE SR MWK T, AHEBARSEZE PN T~ 7
PR 11 M.

7T SRR VR R |, KEA B NI RAZZHEM T . LnER 6-1 ]
DEF, 2 - REZE, BRETIERORELTL 2. BRNFE MR SES
AR EAYT, HEZEENENEERIER. ERENSK—HN 1, HEE
Rt i 2, BF 3 MENSK. bR EASE R, RS RRRE K
WE. WiLEKTIERAK—Bh 2 ¥ 3, BKE—Hh 2 8 3.

conv3-512

6.4.2 Inception—v3 BiRfl

75 6.4.1 NHIEIE A LeNet-5 ARBEEE HH T — R MURBIRME MM BT, 78
X /N /40 Inception 45#4 DL Inception-v3 #BUHEZE M4 BIAL. Inception 45H /&

@ FE E S0 Very Deep Convolutional Networks for Large-Scale Image Recognition .
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Pl LeNet-5 Zi#5e AR FIMERME ML LN . 7E LeNet-5 #RI, AFEHZE H
WERY 77 S IEHEAE 2, 1M Inception-v3 B[ Inception 45444245 A [A) (946 7 2 180 FF 1Bk
K AFRGHE . £ FHPOREPREEEND Inception 451, Hiliid TensorFlow-Slim
T H 523 Inception-v3 AL ) — MR

AKHHENE? Inception BEERE I T — AT R, MAEFMERTA AR REIES, &
JE PR 2R R DRk . 1B 6-16 45 T Inception BEBRH)— N BT s A

AR Inception*} [ 45 5L it A

E 6-16 Inception HHUREE .

ME 6-16 FRTLAF i, Inception BB B 5B A AR R BT ISR LB M AR . 7E
K 6-16 ', & EJTEMOAER TiaKK 1 S IERNERE AR R X008, +
(B RE A=A RO BEER 1A R 3, R O A A A VB AR U 5 A R AEFEAR3K T Inception
RPN — & HERE. BRTEENDAR, EmRHTEREESEEEHS 0 AR
BRA 1, I2FT ARG B 45 R KA A S AR B ZFSUARILIE
ar AL 45 R R AT AR — D E SRR . Wl 6-16 B, AT LUK ENI7E SR BEIX A 4E
fEEHEERK. :

B 6-16 Fr7~ i Inception HEERTF 2 ) 45 R FF RO KA 98 S —FF, IREEA LR =1
R . B 6-16 H RS A& Inception L F#Z.00 JEAE, FLIEFE Inception-v3 A%
{5 1) Inception HREHE MBI HEZFE, FIBMELE W LLSHE L Rethinking the
Inception Architecture for Computer Vision”. [ 6-17 %1} T Inception-v3 BRI 4L HI .

(@ Szegedy C, Vanhoucke V, Ioffe S, et al. Rethinking the Inception Architecture for Computer Vision[J].
Computer Science, 2015.
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~

e T e P N /—. ; ~
\_',, LA\ \_'_/' \\ _l'_,-' . \

i

[ 6-17 Inception-v3 #5742

Inception-v3 #7 B3EF 46 B, H 11 4 Inception #EHRA K. B 6-17 F7HESRYE Hi K
(45 ¥ 5k /& — )~ Inception Ak, 7F Inception-v3 #EIFFH 96 MNEFE, WRK 6.4.1 1
PRF SRR, BA— N ERERTE 5 TRB, TREILTHE 480 1TRAREHN
A RZ . I ERMRBRTEEIEE 2. A 7 FiFt eI Inception-v3 HALXFE
MR IER LML, £ THKENS TensorFlow-Slim T 3 5 i fif i Hh 2B — NS
E. LUNREEAT T HEAER TensorFlow SEBL— M EBUZFI{ER TensorFlow-Slim 5L [H]
E 45 M [ #0245 (1 AR 2

PR 49 56 % ) Inception-v3 BRI LB, FT AZEA (X3R4t Inception-v3 HEAL 4544 4H
%t 8 41— Inception #ERAIARTL L. LU F ARSI T B 6-17 41 & 77 HE ) Inception
&ﬂﬂ

@ fE TensorFlow ] GitHub {89 | 3k 3|55 ¥ ¥ Inception-v3 HIZ f¥) ¥ % . GitHub ) Hh 4k A
https://github.com/tensorflow/tensorflow/blob/master/tensorflow/contrib/slim/python/slim/nets/inception_v3.
PY-
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6.5 HRMWEMEIBFS]

FEAT PN PITB 2 IS UL R i fTilid TensorFlow REEMIEH ¥ . 7 6.5.1
AN THRIT R F ST BN, I B — N IR E VIS R B M AR R R
HHEB R S — AR b TE 6.5.2 NS H — > B AKH) TensorFlow F2/7Kf ImageNet
EVIZREF I Inception-v3 HERVFREF 575 b — BB KB L.

6.5.1 ITBE¥EANG

7E 6.4 RN T 1998 EHEH Y LeNet-5 BE%IFN 2015 442 H1 i) Inception-v3 B, Xf
FEX AL AT LUR B, BRI M4 R 2 BN E R EERE T EXIEL. & 62
45 HL T M 2012 431 2015 4F ILSVRC (Large Scale Visual Recognition Challenge) 55— 4 #
R EH U R AT AN B RAERE,

F#6-2 ILSVRC F—ZREFEBIIR

o BERLA R BE® Top5 HiR#HF
2012 AlexNet 8 15. 3%
2013 ZF Net 8 14. 8%
2014 GoogleNet 22 6.67%
2015 ResNet 152 3.57%

MF 6-2 ATLAFE B, BEATBIRZEL B AR N, BIATE ImageNet AR thbE
Z WG AR, VIZRE 2B RIANE M T AT 2 MbsE e . W 6.1 WrhREIR,

@ fEX BRSO TEBENASERZEOMNL BASHENMLE S OEEA.
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ImageNet [E{§ 5 BB SE A 120 JTHREE F, FTEAA AR 152 2 ResNet BRI 25 E]
K2 96.5%MEHE . FERLHRMAT, MRS fbrESdE. BT ek,
WEELRARAN AW . LB EEEROVIGERE, IS MEROEHMEMES
BEELREE LB . & T AR SR SRR IR (8 i e B, AT DA R AR Z
BRIEBF

FHEEB% S, REE S VI gRiGao B aUE o 6 s i iR HE R T — T
. AN A A R ImageNet S84 VI 2547 1) Inception-v3 BEALRAR H—NHT
BB B . WRHEIL S DeCAF: A Deep Convolutional Activation Feature for Generic
Visual Recognition” {1558, "LMRBEVIZREFH Inception-v3 A I AERENSHL,
HEBHREE—BEAEEE. CBEXEBEEEEERZHHNEZRZABIZ
(bottleneck).

W53 17 R B0 e V1| R 4 B A5 AR 2 Y 2% T B 32 (1 S 72 T LU B R B R AT R AE
SRE AR . ZEVIZEEF I Inception-v3 HEIH, FMKHRBUE i FEd — MR eE
B R W L5 T IR IFHLX 43 1000 FR2E 51 A9 ER, BT A 32 el U8 IS0 S th 0719 1 B
A LA AR AR BB — AN R ) LR IA R A E . T’, EFEEEEL,
AT BA B3R B X AN VI GG B 2 P 2 % AR BEAT AR AE SR, SR R SRR AR B 04 A 1 B
Y Ky N SRV i — 37 0 B2 4 T B o 0 I 4 A T 3 ) 432 o AL

— R, EHREBERNERT, TBEINBRANTLEFT S, HREIBZE
ST EE G RIS AREE RN TGS BHER, 788 GPUPKTESR
WEkEE R AR L, 6.5.2 N4 i) TensorFlow YIZRid i R EE AL 5 446, MH
A LUA B KK 90% ) IERE % .

6.5.2 TensorFlow SLHLITFE# ]

A NR LS — A 5531 TensorFlow FEF kA 4R WAl i@ it TensorFlow SEHEFE 2] .

:_images/flower photos.tgz

@ Donahue J, Jia Y, Vinyals O, et al. DeCAF: 4 Deep Convolutional Activation Feature for Generic Visual
Recognition [J]. Computer Science, 2013.

@ % 10 FoHF A48 TensorFlow WA 6 A GPU I VI Zrid 72 .

@ ¥R FEMEE FAL R 0 R BA T RAER .
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RIEZ FIXHEREET 5 MFHR, B—NTUHRKBHRA ML,
ETRRMAG . FHE—FIEH 734 KEF, S KE 2 RGB BRHK, Kt
AHE . MZATRREGIARRE, 7EIX—/N g TR B R A R A B B 1) R AR e
R, 35 i 4% AT LU T A BRER B K I 2R 47 B9 Inception-v3 AHEAY

AF BRI C VIS BRI 2 S5, T LUE S BL T AEERSEBGES #
pu
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AT LRI R B E KL 40 o040 CHIRALTE 35 204k, %R S 2r81D, TG EI2REL
TR
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M\ L4 R LIRS, MRZERT RSB L RIRAE SN, SHEBIET AR
INGE

FEAZEREANA T WAHE T SRR MERREGIRG AE. §4k, % 6.1 Wi
BTH2ZBBIRBAE, FNMETEGRH B Y S uAFHIER. EX T
BT AREEEIX A TFHEE ERORI, HEHERHENELX NIRRT KK
K. B, £ 62 FHNATHERMEMEHEALTE. EX—FHEHTEEEMS
W& 7E b B E A SUE EIARZ AL, HEH TERNERMEME AR M.

7E 6.3 VW EEVER T B MM ML P LR EENFH NN EH—ERENMLE
VRGBT IXH R G L5 M B AT A48 5%, HEAH T TensorFlow HIARAGEHL. 7E
6.4 Fidh, FWILTHEFZ HAERHEMBHEN A T A S — MERMEMERREN, 3F
NATRESEFENMLEFREN—EEL, FX—HPLEHT —A5EHM TensorFlow
FEFFE R ST LeNet-5 A%, it iX/MERI AT L% MNIST $#E 4 L ERFE—PRAB|IK
%5 99.4%. X— R BEAE T TensorFlow-Slim T &, il T AR UUEER &L
H7MB MK PRERE. BEE 6.5 TP, METEBEINMSHSHT I ern
TensorFlow XSLIE#H ¥ BitiEBFE S, A LL6EA >8I 2808 e K i a] p I 25 HH 2L
BB HIAH 2 N BEAY

EiX—E o, i E R R E AN E T B RS ML . EIX PR A R R 2%,
AT LA B8 R 5 ) R A E R R AR A B — AN BT R R BR T BUE R, TensorFlow L4204 T
BEEGAEMRSEUSEEGLE, 5 7 BPEEANBXERE. FREENEN
{A1 4 Ff] TensorFlow 5 & b b 38 4 A K48 o
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7w EgRBEEEH

7% 6 THPEANB T HBRMAMLE, FHIRE T HEF S ML B G IRAIEART R
TREMERE . X — 30 N 5 A — AN BE SRk — AR T B R VR T ARORE BE LA R I R0 B
VRS ARG R . S SR B G AR AR K, AR
ARZRE. WHHETFENEE K. RTERS EGIRHIE B, XEHE R AN %0
BHRAI S . FTUAAR A BT B G S AT P E A VI A8 B M 2 MR RIR
WE M TEEE BTN . B5FER, EARETAEERER SIS RERN TR,
K T IR NFA B TR0 B w76 AR TE R A R4 Hu A 4 TensorFlow & R FEALHE
SN BHE AR R T R

& B AR SR TR B 0 58 B IR SR A SRR/ . BEE 7.1 WP NAmfTs
— I NER R, EEEZ S RGP A LUE N AT . Ok B Lk A BUR R
BERRFEEE, X—3K 41 TFRecord ¥R AT LAZE— AR K R Ed& X, HEMH
S AR MR, BEE 7.2 FhB BT EREIRET IR, XIS
TensorFlow %I EGATRR S, FEA4R i FH X 2 b 38 7 3R 5546 55 BB R A TE R Y
BEI22. 4 2 i VB 450 b B R A T R AR VI R IO E, A T i S AL ERE 7R, 7.3 A 5E
¥ 28 TensorFlow £ &K EFLERFR. EX—F K ELNH TensorFLow HZ L&
TRFIBA S fME S, IX L TensorFlow % £k FR SR FALER A BE AR 4L 43 . RJEHF RIB A%
B BRI B (AT . TEATHBRE RS H— 0 2 SR EE T B AR B
FEFHESR .

7.1 TFRecord i NEEER

TensorFlow 34t T —FhZi— B SR FEME EIE, XAME XM E TFRecord. 6.5 s ih
T — AR B S R B . TEXATRFP, T — AN AEH LRI HES
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R WA R E B ARB X R XMWY BHAEE Z, SEEEREE ME AR,
F—AMREFTFERENEEZE, XMHFRRERESHIERAANIEFHEFERT . T
J& TensorFlow $#fit T TFRecord M\ K% — . X4 W {E A TFRecord
kg —NEHE RS

7.1.1 TFRecord w43}

TFRecord 044 H ) %45 #6521 tf train.Example Protocol Buffer IR . LI
45 1 T tfitrain.Example f15E o

B EARIS AT LA Y tf train Example F%03E 4544 & LU T35 (o tf.train. Example #1143,
BT MNEHLHRBIBUER . BB —FRrE, BEMEUEAT UL F5F
# (BytesList), SE#(513& (FloatList) EiHBER IR (Int64List). ALK — TR ARRD AT
BAF A — TR, BUGHTX K %R 5 fF W B R . 76 7.1.2 D — M
TFRecord Ff1 B AF:A).

7.1.2 TFRecord FEHIFEF

A NHTRE H EAR R FE SR 325 TFRecord 3048 . T T FIFEFF4S 1 T WAl MNIST
I NE RS TFRecord HIRE .
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BL_EAR R AT LUK MNIST 04 rh BT VI 280 47 % 2] — 4> TFRecord SCHFH. =5
JRlitE T, AT LUK BOE S A £~ TFRecord SCfF . TensorFlow X MU S HR Bcof:
PO T IREFIOSCHRE, 78 7.3.2 AN RN R . DL RRRPA T Wi TFRecord SCAF

I -
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7.2 BEBEIELIE

FEZ AT LB D 2 R AER B T BRI BR . R0 7E 2 AT B9 B h AR A B
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F£78 BRYELE

BB EEME . XN ARGOTUREE . B B KA, wT DU
SRR B TE S R M . 5K B BRI R, S R TAL B R AT L SR
BRI . 76 7.2.1 /NP SEN4H TensorFlow LM B BALFEREL, J4 H RE
P A R B AT R AR BE IS AR A AR — AN ELII T % SRS TE 7.2.2 N4 — A 5E
Lo Ginfl S pissbv

7.2.1 TensorFlow B4 b BE kK

TensorFlow 324t T JLEEG A Bk H, AN P —— N HIX LR BT R E.

B iR gmroabiE
752 BT EE 3R B — 3K RGB (R i B 4] LR R N = 4EAE R, HERE o 4 —
AEERTEG ERRAME, RRABEKZEEE. R EBEFMEN AR ERIDRX &N
Berb BT, TRIERE ARG GRS R . FT B — Ik BRI R R — > = 4,
T EMRALA5FE . TensorFlow $24t T %t jpeg A1 png # 2 ER 14 i/ AR 14 e % LA ARG R
T W] 4 F TensorFlow % jpeg 4% X el 45 £ 4 i/ A o8 Lo

@ T pyplot HAVE4N /447 LL 2% http://matplotlib.org/index.html
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B 7-1 88 T _FimACR RT3k ok A — ik BAR,  7E T T A9 i Pk 4k 4 P X Tk B 1R
KA1 TensorFlow At e {5 b B2 1) pR 5

s 7-1 #‘u’ﬁ#ﬁﬁﬂ‘l’&ﬁﬁﬂ@ﬁ!ﬁﬁﬁ“’
B K/NiAE
ORI, g EARE BN AR SE, (A R AN R AN RO B

@ JBEREBRFEAER, 1E GitHub USR5 E A .
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BT LAZE R B 18 B 5 AR W ARG M MR 21T, TEEREBROR NG —. EHiLHE
BRDHBETEERROES. BERMIEAHEM TR, B MREE AR I ER
REHREIRGEE LRFA{E . TensorFlow $#£4t T WA AR, I HKENIEEE]

T tf.image.resize lrnages Eﬁ Ux_]; ﬁ@?m?’ﬁﬂﬁ’{fﬁﬁﬂ/‘ﬁﬁ

NP oAb 2 S — 2, fE FIBFEI PR AW LT,

BB :.ﬁg aata B ﬂa@ﬁ@swgﬂsma&

# it t£. image.resize images HEUHMBERMMI A . X REE ’?‘@ﬁﬁﬁ%ﬁﬁ,
# BARE=ASEOHREERREKN, method S04 H T RGNS,
resized = tf.image. resize images (img_data, 300, 300, method=0)

# AR R R A, _ﬁt&hﬁﬁ%:&mao, 300, 2). FREENIANE 300300,

print img ﬁata get shapﬁt)

# @3 pyplot AL A P A B 2 O R — B, 7Dl T RS R 2.

2% 7-1 451 T tfimage.resize images B8 %1 ] method Z-EEU{E T B () BB /N B ST

Bl 7-2 % H T ARSI R B4 R

% 7-1 tf.image.resize_images &EF method SHEVE 5% F H B & KN E

Method HU{f P8 AN e B

M HERG{E (Bilinear interpolation) ©

JE AR (Nearest neighbor interpolation) ©

T = YAl (Bicubic interpolation) ™

[FVT I 5 T =]

T AH4E {4 ( Area interpolation)

™o w0 B

RiGE & (@ AWLEPEHHIE (B) ﬁza&’?ﬂﬁ (e)

@ HEGN 487 LS # https://en.wikipedia.org/wiki/Bilinear_interpolation.
@ WEEA4E AT LS # https://en.wikipedia.org/wiki/Nearest-neighbor_interpolation.
@) AR/ 0] BLZ 2 https://en.wikipedia.org/wiki/Bicubic_interpolation.,
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Wa a0 e a0

M=PAREE (D 0 Lﬂ]ﬁﬁ‘[ﬁ?ﬂ. (ed
B 7-2 {#H tf.image.resize_images &R & A ] 5K /)N T HE B v 0 R x EE

ME 72 FATLIEH, ARAFRFARERNERSFAMERN, EASHERT. K
TR Eok B 15 B e #RFF, TensorFlow B4t T API X EHR BT EBYEE T . LL MR
EE.'IETTIEJ:J’_ tfu:nage resize_image with crop or_pad ERECR A EE AN TRE .

REER (a) A Eh#ERBT ] 1000 1000 (b) nmiﬁﬁﬁumxsmo (e)
Bl 7-3 4§ tf.image.resize_image with crop_or pad R %A 8 [ F A/ g5 Bat L P

TensorFlow ﬂiﬁﬁﬁttﬁ]ﬁ%@ﬁﬁd‘ U-?‘W‘PCEE'Q“HJ‘T B

_cantr;a‘-l_:-b:ribp'géd = tf.image.central crop(img data, 0.5)

TS 48 1 PR 4B BY BR B R R R S A BB P A B9 ¥ 4) »  TensorFlow R4 T
tf.image.crop_to_bounding box pf ¥ F tf.image.pad to_bounding box & ﬁ%?@ﬁj‘%fﬁ?ﬁ%
SEX A S XA KBRS B R E —ERER, FEF&RE. e
f# H tf.image.crop_to_bounding_box B ¥{Hf, TensorFlow ZEsKH2 ML E&R R~ EJ’(—I‘ HixR
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~F, HE RS E ARSI BARREA A XERAES HEA R HH B AR
i, IEEGEEE AT UL B4T2% TensorFlow fY API 30,

400 4 80 o0 L

FEEE () BRI SO%MEE (b)
B 7-4 {# tf.image. central_crop P& ¥ % BSR4 R %

S BEE
TensorFlow 4t T —Lem ¥Rk FExT AR HEF . UTRBELTHER T8,
T A B ULV X FR R R O T e

+ HER LTS, BRERRCRAE 7-5 D).
flipped = _tf :_l.maga_ flip up dewn(img data)

EAE (o) R (D)
B 7-5 ElEssRE
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ERZ ARSI S, EGROEEASEmIRAIME R, TRENGEEIRH K
S MR, AT ARENUB R VISR R, SRRV 248 2 A0 BERL T LRI A [ F BER S 4
B B A VIR 550008 v BT A O SR LA 1, I8 DIk SR B Rl TEvR AR B B DB A
Sk ZE A . BRARIEA il AT LIGE I AR B 2 R VIR et o, fELR JEEL i BV A8 U1
B %1% 75 AT DAAE TR A S 0 AR FE MO %% ) . BT LABE LIRS I 2k B (52 —Fb
TR i R Tl Ab B8 7 o TensorFlow $24 T 77 AT API SE s BEAL I B8 3% 1O Id 72 .

# LL—sEMER RS,

flipped = tf.image.random flip up down(img data)

# U E R e R R .

flipped = tf.image.random flip left right(img_data)

IR SRATE
MEMREERML, HREEBATE., XTHE. WM AR BER N A #

AL R R FrUENGME NS RBAR, nfDIRENLAREIIZGR A RIXLEE, A
T 46760V G540 B BRI T /M2 B SR B OB . TemsorFlow ek T I REIX S (7
MREYER APL. DL B T e s BB RE,

# WEBINFERE-0.5, HEMEBECEWME 7-6 (b) Fr.

adjusted = tf.image.adjust brightness(img data, -0.5)

¢ E/NREE-0.5, BRAPEGERNE 7-6 (c) Fia.

adjusted = tf.image.adjust brightness (img_data, 0.5)

§ fE(-max_delta, max delta) HITEMEBEHLIREERIZEE.

adjusted = tf.image.randam_brightnesafimage, max_delta)

o i =8\
)
. 1500 o) '.‘I
||
_— ] 00 8 — N Ram [
[REGEE (a) FEFE0.5 (b) FEEH0.5 (c)

M 7-6 EBIERAENREY

PLUFARHS S 7R T e 7 o 1 44 116 0t B B &
¥ BEGXT L E-5, BRERECRME 7-7 (b) Fias.

adjusted = tf.image.adjust contrast(img data, -5)
# HEROXEE+S, BBEGEEERWE 7-7 (c) Fias.

adjusted = tf.image.adjust contrast(img data, 5)

O ERAEA EEMAEEAARAHE, ERaER ERNBCRES B .
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$ fE[lower, upper] Y0 BEHLUERE I Ao HBE.

adjusted = tf.image.random contrast (image, lower, upper)

e Boo o =00 ™0 004 00

Eﬁiﬁim a) ) R HE-5 (b) :}"tmms (c)
K 7-7 B L R R E

£ o

PAFARHE R T i 2 R ) €4

4 FHEMEASHUBEMM 0.1, 0.3, 0.6K 0.9, FRIHNRS HIE
+ Bl7-8m), (c), (d},(e)HEmR.
adjusted = tf.image.adjust hue(img data, 0.1)

adjusted = tf.image.adjust hue(img data, 0.3)
adjusted = tf.image.adjust hue (img data, 0.6)
adjusted = tf.image.adjust hue(img data, 0.9)

# 76 [-max_delta, max_delta] 7 EBEHLAREREIEH.
# max _delta FIHUEZE[0, 0.5]12ZM.

adjusted = tf.image.random hue (image, max delta)

1568

{548+0.3 (c)

00 1000

1500 Heh
BAH+0.1 (b)

REAER ()

1508

E4H+0.9(e)

1500 0

WE*H*-O,ﬁ{d)
g 7-8  FE{EREAEERRE
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PATF ARG 7 T s ifE 8 PR O R E

# KRB AR -5, BEMEEMEWE 7-9 (b) iR,
adjusted = tf.image.adjust_saturation
# HEGRmAELS, ARNERECRNE 7-9 (c) Fias.

adjusted = tf.image.adjust_saturation(img data, 5)
# E_Il-cwer; upper] B@ﬁﬁﬁﬂtﬁ&ﬁmﬁﬁﬁ o

adjusted = tf.image.random saturation(image, lower, upper)

#mi— (b)
B 7-9 PSRRI R AUR B

kRS (@)

TR EG IR, WL, WA, TensorFlow Bt API K5e MK B B4R
HEALBL AR . IXAMRIERUR G B LSRR ER N 0, TEZN 1. LTRBERTXA
Tfe.

# BREREGA=EEEEP A BFERR 0, HEZ N 1. HRENEKWNE 7-10 (b) .
adjusted = tf.image.per_ image whitening(img data)

1500

RS (a)

2000 SO0

1500

HHEEEEG (b)

B 7-10 BREEARE

ShERRRIEHE

fERZ MG RA N BEE S, BB P FHERE Y EE R PR R k.
TensorFlow 7T — & T AR M HAFEE. TEXERBERERT WMMEd
tf.image.draw_bounding_boxes B8 $7E & I AFRIEAE .
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F7E BERIENE

50 150 200 3510

B 7-11 7RG AABRERECE PO ABREEAE SR T RO RLTR , ANRAREEAE AR T 2 — SURA A 6 5D

ABEHLBA ER . BEVLABSIERAML, BEHBRINE R LA & RS e — R
FAREL G (robustness) HI—FP . XAF AT LUME VI SRS B MR R Z BRI P AR
fIm . R AR R R T W{ATE I tf. image.sample_distorted_bounding_box B&#K SE K
B LR B (5 )L 72
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0 an L 0 100 L0 10

o

M 7-12  EERETBEHMARFRERE (2) PAGIEIXAMREERRESR (4D

7.2.2 B kb B 5 BRI

75 7.2.1 AN PEAUHE T TensorFlow 324 FZ A EHR AL PR %L . FERFRILEIE
AR 5] i) B —ﬁﬁ’&‘lﬁ]ﬁﬂfﬁggﬁ&tﬁﬁﬂio XA PR H — AN SE R BIFEF E
TR ST 45 AR [ 40 b B R B A i — A SE R R T AL B R . LT TensorFlow FEFF5E
AT MBS BN, %Ll@@ﬁd‘ﬂﬁﬁ?ﬁ%ﬂ@@ﬂ%&ﬁ%ﬁ%ﬂﬂ%’i‘@ﬁﬁﬁﬁﬂﬂo

import tensorflow as tf

import numpy as np
import matplotlib.pyplot as plt

¢ s B, MALTRRROEAE. FAEISE. HLE, Qe emmniEsy
¥ WIEAEINLER, FTCLATCLE X RO, Y T BV
# BORTUCIER BEHURIERE R, TR DUk MR R R B R
def distort color (image, col.or_o-rde-ring=0} .
if color ordering == 0:
image = tf.image.random | brightness (image, max delta=32. / 255.)
image = tf.image.random satumtlmtimge, lower=0.5, upper=1.5)
image = tf.image.random hue(image, max delta=0.2)
image = tf.image.random contrast (image, lower=0.5, upper=1.5)
elif color ordering == 1: ;
image = tf.image.random saturation(image, lower=0.5, upper=1.5)
image = tf.image. ranﬁ@m__bmghtnecss(;.mage,_ ‘max_delta=32. / 255.)
image = tf.image.random contrast (image, lower=0.5, upper=1.5)
image = tf.image.random hue (image, max_delta=0.2)
elif color ordering =

# IEATBAE iﬁf&&ﬁ#ﬁ] ﬁ&i&%ﬁ?Fﬁ-"—ﬁlﬁﬁ

i
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100 1m0

B 7-13 3BT 6 KEMETALFLAR A9 6 SRA R AT E &

AT FTX B, AT ARSI 7-13 AR R . IR AT LA L — 5Kk VI kP
GATAE MR B WGREA ., WK I ZR R T TRUAL B, VI ZRA8 2] A9 ) 2 AR L T LAY
ARERA AL EREEE T TH B SE A

7.3 BEEWMANTIEAEES

7E 7.2 With A4 T 18] TensorFlow X PR HE BT FAL BRI it . BUARASE F X S MR
B T B 4 7 3k T LA/ TG D PR 3t R IR AR R BRI S, HIX S 5 R p Pl B 1k
RS WABEA U L FEY . b T I8 G B0 45 0 Ak B o e 25 000 495 A 7Y 1] 45380 6 1R B2
TensorFlow &4t T — 4 % 28 FE AL PR A SR IHESL . ZE AT P P M XA HESE . 18] 7-14
BEET AR RAMASER B R, ELLTFRENDTS, KR GX AR A
#8453

@ Az FE LRGN AT B R P B R RR, (R a] LLAR 5 5 #F X A HE AL R A ) oA 288
U .
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F7E BEEUELE

3 A BB 4 2
¥
Bl AT
¥
WO e
h 4

s AL B

$

¥ Batch O FPEE I 24 A ]

M 7-14 S ASHE A ERER

7.3.1 /P E SN TensorFlow FEAFIHIMER . 7E TensorFlow 1, BAFIALURE—Ff
ARG, CERME T ZLENH. A2 TensorFlow %28 Ffin A\ S b FHESR (O AEA .
RIGTE 7.3.2 DY ¥ A A AT ZE TensorFlow FSLHLE 7-14 FHIET =2 TensorFlow $2fit
T tftrain.string_input_producer B8 ¥URA 2 BRI A SCFFIZR . 16 7.3.2 AR E R
MBI RS B 7-14 PER B S O 7.2 WhAEEFMNH, AT
AEEH. 85E 733 MPENEAR 7-14 PRGN RE. XHEE IR $
ANV Z5BE 4 38 I 45048 batch, 3X2% batch SR LMEAMZ ML I . 7.3.3 /DA
44 tf.train.shuffle_batch join 1 tf.train.shuffle_batch PR%, I B[R] R EHI 2 LAEIHAT T
K. BEE 734 ML H— 5581 TensorFlow F2/7 R @R B M A LR EAESS .

7.3.1 BAAI S B EFE

{E TensorFlow ', BAFIFIZZEERML, AT HE EAREMT A HAARTHEY mmT
DB AR . TR, 7L R AR RGIEY. XTE5, BsAF
IRAS 3 4E =24 Enqueue. EnqueueMany ! Dequeue. UL FFEFF 7R T o i FH 1 £2 bR 2
KERAE— BT

import tensorflow as tf

§ Ol BRSBTS R, SR,
g = tf.FIFOQueue (2, "int32") ;

@ B 4 EPPEMA T TensorFlow FHIEE.
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dlods "."-'".'T S | ey 3 e {30 4y
Fibe Tege o B U A AN o r‘,{l

TensorFlow #1424t T FIFOQueue Ml RandomShuffleQueue FiFfAS. 7 LI IR+,
O R T i FIFOQueue, ‘& FISEHLARE —AN5EESE HBA%Y . RandomShuffleQueue
2385 BAF R i TG AT BL, BERH BA SR VR AR B2 A A AT A BT A e 2 R B LSRR — A
FE I b 2 90 4% B s S A B DN 2R 0 /L BFL,  RandomShuffleQueue B4R T 1% A%
fIzhhk.

#F TensorFlow 1, BAFIAMAUE —FEAR M, 2RIk BEUE A — AN EEH
Hl. HeinB AR LR A BB S e E, B RIS . G
T £ /755 H o AR A48 TensorFlow 2 4 i 71 FH BA 315k S8R 22 SR P A\ B AL PR o FEAC /]S
2 G I 25455 A28 TensorFlow 32 {1k 14l Bl 8 %k 58 b b R AR /) R 46 7.

TensorFlow 34t 7 tf.Coordinator il tf.QueueRunner #2435k 52 i % L FE U R (I T B«
tf.Coordinator ¥ % T Al 2 N2 F 2 1k, 4L T should_stop. request_stop Al join
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SAEM. ERRRRL N, TSI~ tECoordinator K, JHHHXAKMENE M
LRI LR B A tf. Coordinator 54 should_stop BI%C, 4ix/
BSSEE A Tre B, WMHTRREGFER . 8500 2 BT LUsd v
request_stop B UM A1 F AR FEIR . %3 —NRFE request stop L IF
should_stop B3 I3 [El LKA B True, BOREFCIBRUAREARAT AR AL T . BUFELF
J& T QfiT i tf.Coordinator.

BT L ROFLRE, AT LA T A 45 R
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METHERAHZIE, SMEBESITEH& HK D, TR 4 74T EH TEA1H ID.
RIELEEE | B2 G, FrASENIFHE RITE ID. 7EXANHRE — AR &4
k3|, FRWMAT coord.request_stop BR¥URAF 1LFTH HAMAILFE . ARTFEFTE! Stoping from
id: 4 ZJ5, ATUEBIELEDRERY . XRFE X ELEREDLEMATSE coord.should_stop
AT, FRUMRSMSEMH B K ID. BE T —#HNETHEE LR RRKERE. T
RAATE X ID Z G AL HARWE T .

tf.QueueRunner % H T A S AN RFERERMER —BAF, 5B HX L FL T LAl
EHE A tf.Coordinator KR4 —EHE, PAFARESER T T8 tf.QueueRunner #l
tf.Coordinator K 2 % £ FE A F R 1E .

© %3 WA T TensorFlow i P RAHBE.
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7.3.2  FINSCHEBASI

A NYTHE A A a4 8 FH TensorFlow I BAFIE BRI A SLAFFIR . fEX—/ i, RiK
BT AN SR 40 D2 83 T TFRecord " . B4R —4> TFRecord U4+ A LAFEAZ A
YIGRRE , 18 5 41| B8 BRI, 7T LUK 3038 43 B 1> TFRecord USRI B AL FRRE .
TensorFlow #2fit T tf.train.match_filenames_once BREUCRIKENFF&— AN IENFRIEXMBTH L
1, B3 ESCAEFZE AT LA tf train string_input_producer BREHEATH MM B B .

tf.train.string_input_producer 5% ¥4 i FH A4 L BHR ALK S5 R QIR — M A BA S,
#8NBA S T B 9 7T 2 K SCAEBIR R B BT S, 7.1 R AR BRI TR, BRI
40 N BA B AT DAE A SO B R B S 8. 4 VR P SO R R O, 2R B S A i > T
RECETIFRSCHETE, MRRERETIFNFESET, X RBS AR+

© TFRecord #R7E 7.1 P H A
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HH BA—N S 3 XA SO P S HUHE

ST E shuffle 2%, tftrain.string_input_producer B ¥ FFBIHLIT AL A S H 3
H AU . 4 shuffle Z504 True i, SCHEMABNSIZ RS 4 4T AL, BT LAt BA 5
FEt R REALA . BEALET B SCERIBE LU B ISR BAS (i R e O /E — A AR |, X
REAL KB (54 . tf train.string_input_producer A& K14 A\ BA S AT LA RN 47 22 4
SRR AR R, T E A BAB LK BB R (SO A A A AR SR, AN IRAT 2
SO R AL B 2 YR T A L SO R A AR B B

24— N A e IR T SRR AL BRI B S AR AL I SR SCAR B ST
{4 ¥ B BT NN BA B . tf train.string_input_producer B #(A] LA & num_epochs Z %K FR il
WA FIR BRI E . UITE A O R T8 R EUE, WRgkglin
BUH S0, #iANBAF1 44 OutOfRange (AR . ZEMIRMHER LSRRI, [ 2% FT A A 2K
R EEG Y, FTLUA LUK num_epochs SR E N 1. XFEAEHH R G —RZIERTF#
E 4% k. 757 tf.train.match_filenames_once Al tf.train.string_input_producer &% H]
P2 B, T SEL AN SRR PP R A R B -
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F7E BEYBLE

FRFIBAT Z )5, AEFR 1 H 3 PR AP AN 30 /path/to/data.tfrecords-00000-0f-00002
1 /path/to/data.tfrecords-00001-0f-00002. 4N F7fE T PIAMFERI . 7EAR T FEGIEL
W2 G, LAFAUEE/R T tftrainmatch filenames once B¥A! tf train.string input producer
PR B AE F ik
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L ETAFT ER T

FEARITELSCAEFIR BT, SRUISE PR OUBEE b i — AR 1T B4 BT FE 6
Wy G, RS EZINKTTA. WRMH num_epochs 4 1, ARATEFTH RIRH:

7.3.3 AIANZ%EIE (batching)

7E 732 /N R BEMNE T T A SCHEF 2 P B AR, KR IX e B REG BT 7.2
R AT B AT A B, BRAT A B LA A NN BRI AEIR T . E58
4 TG, BEABAFEHI LR —A batch AT AR EHERIYI SR . BT AZER B4
REBITU R R G, EREHEMNALR batch, REFHRESHEMNEZHANE.
TensorFlow $24t T tftrain.batch Fl tf.train.shuffle batch 5fHRHF A FIFEFI LA LUK batch )
HRHH . XA RBIEAER— BT, SN AERAE AR T YE, T
WH BB & — batch FIFER]. SAIME— X AETRESHEIRETFTEL. LT
T @R T IX P/ B S0 A A ik
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T —EAEER T tftrain.shuffle_batch BREHIAEH J7ik.

. SR
tf train.batch B4 %A tf.train.shuffle batch BR¥CER T AT LIKE 8 AN VI 25 50 8 5 20 i A\
batch, WIRHET HATILALE A BRI /7% . tftrain.batch B! tf train.shuffle_batch Bf %
HATAHI T R 2, FrUAEA NP AN R E 21 tftrain.shuffle_batch PRECNHI. i
it ¥ & tf train.shuffle_batch B&%C ) num_threads %, AT LT % N2 A2 [A) i AT N BA#%
#E. tf.train.shuffle_batch 5% A BAER AT 30 Bodi e B B R FilAL B2 93 FE . 24 num_threads
BEAF 1 b, BAKBELRNER—ACFF ORI H T e . mRFEZA
SR PR [ SCAE R ROREBIRY, FTLI#F tftrain.shuffle batch join Bi%(”. Btpkiies MEIA
SCAEBAF R IREUAR R SO A A R . — Bk UL, A SCAFBAS il 7.3.2 Fh Ay
Y1) tf train.string_input_producer BR¥UAE A o XA BR B4 T3 4 BE SCAF LAGRUEAS [/] ST A4
B3 Sl R R B A .

@© WERAFHEEHITEMABIENIT, 7TLEA tftrain batch_join B 5E LTI fiE.
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78 ERMELE

tf train.shuffle_batch E&%CHI tftrain.shuffle batch join B&¥(HET LASE 2 RFIATHI T
KRBT EAR TR EE, (HEMIRHME. T thtrainshuffle_batch FR#, AFRLFESIER
& A3t SR AN R LB AR L (bR FR—ANKaD, AL MEEE
WG RE A e 2 Bm . FTLIZE(E tftrain.shuffle batch PREUN, TEREWRFR—
TFRecord SCAFH [RIREBIBEMLETEL . Wi F tf train.shuffle_batch join BR ¥, AR
AR M. R BORIR A LT b B SRR R, B4 AR AT e &l R — N3
e AR A B . T A 2 AR E A XA TR S80S £ R T 0k, A7
HUSCE RS . RRIBIFAT T REH K, BRI —F 7 i 7 EARE B A SR € .«

7.3.4  FUNBEEAEPRHER

TERTTHM N EARNA T B 7-14 s iz R R pra P8, X /gt
S35 3% R R — > SE AT TensorFlow SALBRA A . LR AURDES Y TXAS 5.
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E7E BEREELE

B 7-15 B T DL EARTS A N B8 AL PRI 3N PR . B 7-15 AT LA H, AR
oAb B 1 3 — 20 A IRBUF VI SR BB I SCAFPIRR . E 7-15 W, XA SCHFFIRA {AB,C} -
JE I tf.train.string_input_producer pA%R, AT LAZEREME M SCH-F1 2 ST RIBFATEL, Hn
NEIABAF . EARBITEA XMW FRATER, FFUERMDELEBLER.
tf.train.string_input_producer B2 EHHFHET— MBS, ASRILRE S # SCAF B
B BT DAL BN SN . FEEEEREBIBR 2 5, TR R G T AL . ER T
AbFE SRR ST tf train.shuffle_batch JREEMIPFLEIIATHIBEZ NMLIET . AZGEL
HHFE ) 58 B 3 tf train.shuffle_batch B %0k A0 B 17 1 8/ A\ FE 1) B2 25 B batch $2 4544
ZMEHANE . xR, WA RO R S BRI EE AR, 8 R R TRAL EE K
N PR Y AL Y i 72 B 1 RE S

NS s AT AFRAF A D
- - (a,0) | |
B [Readen] — [ ﬂfﬂfﬁ ] _f (1) r batchl
A o
: _’: s :I : L - batch2
c 1 A R 1)
[Readerz] — [ P J
tf. train. string input producer tf. train. shuffle batch

B 7-15 AR EFEREREE
INGE

22 38 B R B TAC L AR, M43 T TensorFlow i FH 22 8 2 A B4 N\ B8 HOHE SR .
BARA LR G ERLIE A B, (25 7 LURE 5 R 2 AE 2 75 i 2 A 8 R ) ol s
b REMASIEAE AR, AAEH=TTPHNE T TensorFlow HEPE BIHIA R
K. BEEFEEENGABIECHEMESR. BEE 7.0 WPNHT WFTEL TensorFlow
$R A TFRecord 4% R4 — AR R M BHE X — 14 T RO PR R 46 F0 A B
#E¥:4L K Example Protocol Buffer, FHf7#%| TFRecord X, & T HMAUHEMN
TFRecord L4 eH SR EREHE -
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B# 72 AHT TensorFlow X B EBAFRE, HEH T —MeBrEERHL
Fit#2. TensorFlow 324t T EGMIE. MEA/NAK. BRI, BEAEHENE G
FEMEADEEAE vk . AREE BRI, AT DR A b R ok s S B e e R R R E
tetnsd FECEF SRR E, BEoEia. SES5RMSGRILX, FULGEY 7.2
AR T ER T IX LR R B 2 S T s R

BJE 7.3 T4 T TensorFlow 326t i % AR B T B HIFE . X — W iF#E T TensorFlow
it PAFI S B R R MINLE], N T TensorFlow HEAEA B HOkSE— 1 LR IHAT I AL 2
KR . fEX— RS T — AN S B AL B B R TensorFlow FRFFHRESE .
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8 8T IR HZE M %%

B 6 TR UM T BB S IIMBELEN, HAE T Wl SR 2 M 4 ff v E 1%
P ) . AR TE AR A0 53 AR F A2 I 2% 45 M —— 3R M2 4% (recurrent neural
network, RNND PLRAEIAARELE R 2% b () — A BB L5 H—— KA 812 M4 (long short-term
memory, LSTM) . A F LR A AR 1252 I 25 7 H 4R 1 = 4L (natural language processing,
NLP) ] il AR I P4 AT ) b I L, R4 HE LAY TensorFlow F2 )3 SR Al the— 648 B
1] o

EAETE 8.1 FOREA GG ER R 90 4% FF) JoE AR S0 YR 380 3 L 0 13 e 0 3 D O B o 425 D 4%
RGN N T o 3K — 45 epog 4 B — AN B IO RE 51 SR 158 B — A d 7 B O 0 B P 22 ) 2% £
AR R TAER . SRJEAE 8.2 WIS BG4 h i EE M G5 ——K S
L2 M %% (long short term memory, LSTM) M8G5 . 753X 4599 KB4 LSTM 45
MR EFEZITER, HE HAAEM TensorFlow F2FRSLHL—AME T LSTM LI RITEFR P
M4t. TEE 83 WHENA - LHEANBAMENENEF . BGE 84 Thkgs
TensorFlow X iX £4 R0 £ 45 4 () S 1, I B9 /N 20 S (0 1 A 1 420 o0 2 A28 1 7 FE e, 4
QT g TR RURI I PR T B A 1), BRI R A 2%

8.1 1BIRHREZ M L&

TEI L 48 (recurrent neural network, RNN) i T 1982 4F i Saratha Sathasivam
PR A E R MR, 8 SE R4 2 PR g SRR A, 7R I 5T B3 0 M
o ZMER IR T 1986 E G # 2EBMHE M 4% UL K — & G (N1 88 27 =) SEIE AL . SR

@ AHN 2% T %08 hitp://colah.github.io/posts/2015-08-Understanding-LSTMs/»
@ #W.: Sathasivam S. Logic Learning in Hopfield Networks [J]. Modern Applied Science, 2009.
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i, AEEHL A% S Bl o o T A\ TARBURHE, (/83 T ApLae I BRI
EHRBIL R BRE S NS EFERTRRES. METSEZNEMENTTEE
HAEBHORE . Tk SR B FFIE RS R . B EINH TR ER R4 M 4% 45
PRI, FEFRHE R4 ISR o R R B LUR B S B R AR B A
i, HEEESRE. EEHA, HLAREEELL R P AT S TSI T R

TEER 2 4% 0 R 2 R R A B A TP 50308 . AEZ IR S IE R E M s
BB NEHE R, NESHEEMNGARIRS ZHEIMHE, BE5RLERSERR
WA EEN, EEEZ AN ARTERN. BRXE-EE, WREFUUTHT—
AR RAT 4, — S P B0 2480 2 LA AT T A B0, R 40 R AT SRR AN R AL
B, Hetn, MRTERERE “/R7, BT AEEAR “RE7, BAT-AMRIAMRAHRE “H”.
TEER Ao 25 P 44 (0 SRR 2 40 T 20— AN PP 24 AT o 55 2 RS BRI 4574 L
TEIRZ NGB ATRE R, FRAZATHE RIS R it . BRed, 7
PR 4 LR 2 (8] 4 5 R B, RORZ AR BERARNEL, T
& b — I Z B8 = B

Bl 8-1 BR T —ANRENERHERE. MTEAMENE, —MEEEEORSH
R, fERMEMEEN TE—NRZIMBALS S LR FRES H— Ml A
8 8-1 thATLLES], BIFMBSMEEEALEH A WRART RERANE X, EH—MER
FILRARGE S TN R HPRTS . B —DZ], FEEFPRE M HBER A S ¢ ZIRHIA
X, HHH—AME ho BN A BRES NSRS HERE T 5. Fik, EFHENEER
AT MR F AN S TR RS R BHTMRAKEE, HITRETHE
% MBI B E R R IRIEER, BTCL, B —RSRBIENRBRIT, TRWUREIAE 8-2

R I 45
LA

o

B 8-1 fEFRMEMELE I HREREY

) A TR P25 1/ P8 J 55433k B 96} hitp:/colah.github.io/posts/2015-08-Understanding- LSTMs/.
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EsE EINHERE

7EE 82 R LIEIERENE IEAHEMNEET AN ZESHE A X, RER
FEAEER 2 P45 24 AT RS A BB AN b, TOTEFRARE 48 9 F0 BORTS 4, —ARYE £ —
I ZIHPIRES A, FISRTHIRIA X 3ER B . ATEER AR P45 i 45 MR AE 7T LR 5 18
B B AR O 0 ) R 5 ) R AR SR M o AR A 20 0 4t R A BRI S 1) R e 28 LR A
B LER . ST —ANFFIEARE, 7T ORI AN F1 LA R i 220 B B0 e A AR R 4 22
IR, TR AT LU RS T — AN 2T, R LU 2 AT 2 B R4
4R (HMEFRHNER) . BHRMERNKERE-AHLEE—MAN, BEA—EED

HZIEEER RS . e 5 LES, BIRMSMNLE O 2N REE SR & FHEL
HUSSBHE LA R AT M RE L, RIS T ERHI R«

BEERA.

lpg- - B

© b & 6 o

Bl 8-2 fEIF LR LR LI (6] R T Ja HI 4544

-
Lt

>

v

DAHL 2R B 4 151 5K A B B 1 22 I 4% 2 T AR YR SE B LRI . FEFR R M 2% g — >
2L EEMFEN A F R 8E. mE 8-3 fiR, WEMENATA ABCD, 4
IR MZ NS —BE AN ZIMARSHRZ A, B. CHMD, REH “_7 fEAFFEIF
TGRS, 2B, EHRHEMEEERL . WERRF “_” FFh, EHam s
HEABEN B . ZM B AR LN ZIR L, TRAA S H8siE
#]F ABCD S04 5. ME 8-3 ] LLF F|A)F ABCD X M BIEEL Rt 2 XYZ, 1 Q

RARBBFRL RN RT .
XX ¥

© & © © 3 ®© © ©
B 8-3 EMAFE WLR SEEL B T R

W2 WA, TEFR 2 P4 T LA B R Rl — M R L M e i [P 51 B2
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WG R, XA 2 IRI BRI T . I vt IR ER PR B I 26 455 g 2 i 2A
25 0 4 A R SR ) R G BE . R ARAPEE N2 3B 38 S HUR SRR, TR LM
b, FERARME G PR SEHER RN ZIBZ L F8.

B 8-4 IR T —/MEF B SR AITEH ST FIE ML, X MER A+ R AR
T—ARULERRENHEMELE . FTHAETE 8-4 HTR/RIIMEZM AR BIFEH
M LAY [ AL B I SE R . PR PR P 45 PRSI — AN B RERRHT, EAN A
B 4 BE AR R PR FR AR 2 I % BRGBUZ B KD, B b A 8-4 PRTULE H, TEF A
MMM EIMAB RS, — 80 A L —HNZIRRE, 75— 850 JaTR 2 KRR .
e e ) PP 5 B R g AN [ e 0 ot A D) B — I R OB AN A5 T LA S TR 2
AOBE LB B D s X T8 5 B EUR UL, MR AT LU 24 A 597 Xf O Y 8298 () B (word

embedding) “°.
&
1

et

® ®

B 8-4 i B4 i S AE BB BTG R Fh 2 W £ 2 6 ™
B N ) B4R A x, 54 B 8-4 F R SR E A M RN AN h+x.
gt B b — B 20 R E S a0 2 P R AR RN R AR A T F Ak oh R 28 R 25 1
HON®, KRz p 2% i R G aT I Z R A, TEE L BRSNS B, TEEME

© XF AR ROMANHTSES | 813 4.

@ ST 5ia) W A E N EG R 44 0] L2298 3 Mikolov T, Sutskever I, Chen K, et al. Distributed
Representations of Words and Phrases and their Compositionality[J]. Advances in Neural Information
Processing Systems, 2013, 26:3111-3119.

@ B EbRA tanh KA HER R —MEH T tanh 15 9 805 R B0 S E ML M4 .

@ A TR PR b Z2PRZE XS N AR {2 BRI BCER R, (e TR SE R —
FERT . AVTRAREGIR A T ERR, RAT mESEMT R EARTHARE ST HEARERES,
KA T IR,
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E8EW BIMBEME

F RSB (htx)xh+h Ao IE 8-4 HFa] LUF S, FEFF 4o AL 0 4540 th AMEAR k45
T F—HZIERRE, RN REAS TR 2 . b TR 450 2 RPR A 4 &
KM, HAMENEETEEASI N EEEHEMERTERXANEE. XHERWE
W& JE S ERENE R —FHN. KUK, ARNZHE TS0 SERHE M S
HIZ R —2R . A T i AL M R T R %A — N ENERAAR, B 8-5
7R T — MEFR P04 P 4% BT [ A 38 1 R A v S 72

1
__________________________ T e
| SRS 1.56 i 2.73 I

1
_____________________ T i e e e

: B

[] i [o4]
1
1
+ i +
1
1
. M
1
20| 20
1
% 1 %
1
o [owr]
1 ] t
T 1
|
|0.0|D.u|1.i|x 0102 +|n.1]m| ; |fu-n|cu 0 |x|0102 +|n.x‘4u|
1 | |
o liia : 0.537 | 0.462 osloa 0.860 | 0.884
1 |
05|06 ! 05|08

1

1
e e R e s o e e o e i Tt |
| A 1 : 2 ' |
Vo e e e i e T s S B

Ikt %1 Ly : ty

Bl 8-5 JEERFHL ML A HT [ R I T L AR R

fEE 8-5 f, BRECRESMLER A 2, WA B RgEREE D 1, W HARER R f 2%
EHRER:
0.1 02
0.3 04
0.5 0.6

BRI be =[0.1,-0.1] , FI T4t (1A 3 BT

1.0
Woutput = 20

PEIK A bouspe =0.1 0 FRAFENZY 1o, FHABAH E—0FZI, BrLCRRREHIHA A

wrrm:
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[0,0], TI4ATHIARAN 1, BTLAPHEABIH i H[0,0,1], EILEFF 14 I IE R 22 M
BABMLERA:

0.1 02
03 04
0.5 0.6

IXANGE RAAE A T — IR B CIRE,  [RI PR 2R D 4t 2 A 2R AR il i
% ) B A R NS0 PR 0 L 0 A T B 0 IO 45 TT LA 1 BN 21 P BB 2B

o 1.0
[0.537,0.462] x[z 0} 0.1=1.56

tanh| [0,0,1]x

+[0.1,-0. 1]] =tanh([0.6,0.5]) =[0.537,0.462]

8 1o I ZI PR T LS DU HE S8 1 ¢ B ZI IR 4[0.860, 0.884], 1M ) I %I %
A 2.73. FEAFBITRERAEE ML (AT R AR AR 4G IR G, T LARIH At 28 P % S8 A0l 5 LA
KRB TEIRPRE M — X BILE T B BN ZEA — N, BT AR IR ) 45
(IR M T ) (R A% R R R B BOR. LUF ARG SEBL 73/ o L
PRI A2 W45 AT A R A T2
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EsE EIMBEMLE

ML MBERM, £F XERREBZE, ERE 4 THRAANRLER
TensorFlow #7T LA 305 BB R Y ZRitat B I LM — FE AR S9N 2, BRI L RER 4
2 M4 AT A FHER KERTS], RTTEES, mRFHE K SEMRAN HABEH
#f9/8 (the vanishing gradient problem) @, FTUASEBRe —BaME —MRAKE, =7
B B R K 2 S5 e R S AT 2T

8.2 KEAHZIZMEE (LTSM) £

TR o o 2% T4 B SR U R A 19 S B R B B S BT R BB 0 6 A 2 T
L B R AN SRS 24 BT SCF RO ERAR . PR 99 4 T LUSE 47 MR R AR G e I g 4 M BT AN
AEREBEAfE R, HFEN, XEHR T ERMBARP S — KW (long-term dependencies)
e

EAT S R, RO S S P BORIAT AT HOESS . HEn IR “ A
Mg FREE— MR “EE” i, BREDFAREILIZXAEIEZAE KN
TXEE—EAX—ECAEE T W HE SRTRE —Md. £XFRERT,
B BRVEE TR B3 R B 1R A IRIRRAR /S, (A FR 2 100 4% 1T LA LB 55 2 A0 F 56 i
=R

AR AE — FF3OH R E MR RO . W SR L ABE “ Rt
BT KRBT, BSR4 E X BRREHRKEN” BfE—ARian, UL

@ ZM: Gustavsson A, Magnuson A, Blomberg B, et al. On the difficulty of training Recurrent Neural
Networks[J]. Computer Science, 2013.
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R 998 e Al gl T TR B A o 1) R . RO RORRAB 5 — /DB, B fF— /M T LR “ 18
fuf” B “IRER7, (Ean RBR T E TG R AR AT, TR EHTREIE
UM EREN EFXER. Fi, AT AL E R AR B 8] i SO (8] R st A v e
AR K. MIX/MAIBE AWK, HBPE 8-4 4L HE B HEMBEH T REER
2 FE BTG BRRE ). SEEREMET T, FHRGRNEREE KD, K
HA—, TEHME MR S22 R

KA rigiZ M 4% (long short term memory, LSTM) vtk T M giX />l @, i
TEER 25 N 4 48 i Th [ Pl O K B 2 LSTML. ER ZH4ESS b, KA LSTM S5 BITREA #
LM LR HERI TR AR M RINELF . £ FXPHELNH LSTM 5. LSTM Fifg
i Sepp Hochreiter ! Jiirgen Schmidhuber” - 1997 £E$2H 9, & —FRFRR MG RS54 .
i 8-6 fizn, S — tanh fEHALEMAR, LSTM B—FHHE=A “I'1” iM% M
LRE5H .

Ceq he_y X

] 8-6 LSTM FICEHREE

LSTM HE—% “T'1” [S5HLAE B A G FR P S ma g A 22 0 2 rp A A 20 HPIRES o
BT “1717 MGHE—MEH sigmoid #HEZR LRI — ML MIRIE R BRAE, XM RIE
GEREBE A “T17 W5 ZBTLOZgHag “r1” ZEAER] sigmoid 1EN
R SIERME MG EoHE— 0 B 1 ZEKEE, MiRLirEsAG2OEEEATU
WA G . TRENGSHDIREMBLAT BT, HITHTITR (sigmoid F28 M 45 24

(D) Sepp Hochreiter, Jiirgen Schmidhuber. Long short-term memory[J]. Neural Computation. 9 (8): 1735~1780,1997.
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Hh 1 ED), AR LGER; MK i (sigmoid #HZ M4 ZHIH A 0 1), (EME
BHEZEL. AW THMNBESNAE A “177 B TEN.

b T RSN EA R RFKISZ, B 8-6 t “Bis(]” M “FAl]l” £XE
B, EfE LSTM Zp%t. “HE11” MEHRLLEHAMEMLE “Eid” ZiRHaH
ffE B Hin—BOrER AN AT MBSk ESKER, BERBEERT .. TRERDIHK
BRTZE, BHRMERENZ “Eid” ZSKERRE. XA TEZED “&E1”
RFER . R ST SN x E—HZPRE o, f E—BZIHH A, FERIRE
BRI BEERRE. EEAMENE “Sid” THIZHRER, EETENS
A AR BB L2 . XAERERE “BAT]” TR. Wk 8-6 Fix, “HBIAM" &
WA xn oy B by PLEMBESER RN AT H ZIHPRA ¢ HOl0 24 B SCEE PR BRI
B, MAEEEXMERBEAFKRE. Bl “EBE7 M “HAT]”, LSTM £
B LASE AN A% e b e 5 BN i, WRAe(E BNV IR R A -

LSTM ZMTEH A BB HIRE o B RES A LA ZI0M S, XM EREEE “4
HIT” 5ERif. “Hrdi]” SWR\BBEHIPRE o LRI A, FAETHREIA x, SRR
SELI ZIH e HCUDYRTRPRASABIE R, B4 “REMBIE” J5 )1 1R AT e
& KA,

MG 8-4 th R RFIIR AN M 4%, {8 LSTM 45 #4 PR A £ 10 4% 4 T 1) (e B 2 —
AHIAT R E e . Bk LSTM @A “01” i aXnTLLBH 8 L Long short-term
memory, Vi ANFEHA. 4 TensorFlow 1, LSTM &5# AT DL IR st se Bl DU FACRSRE
7R T 1 TensorFlow 1 SEBLAE ] LSTM 45 K4 (1 B #oh 28 09 2% 1) T[] A P L 7

# XA LSTM 4. 7E TensorFlow HUliid MR BTG &M AT LI — A 5EEE LoTm 4.

# LoTM A A It e A R B E B
lstm = rnn cell.BasicLSTMCell (1stm hidden size)

# % LSTM hIPRAEFIAIL N4 0 $d . RSB MAEREL, ERLHEIRmaMEn, Rt
# 24 batch MIZEAR. LUFRIEH, batch size il T—4 batch R4,

# BasicLSTMCell KRftT zero_state RECKEMAIIMMERE.

state = lstm.zero state(batch_size, tf.float32)

# B R AL
¢ 76 0.1 WA, BRI LIRS A T LR KRS, (B RAEVIZN T
¥ BB, SR KPR, 7L FREF, [ num steps '
# RERZITKE.
for i in range (num steps):
¥ R A ZIEY LM SR R IR, 1R S I 20 7 5 A A A E U AR

if i > 0: tf.get variable scope().reuse variables()
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& GBI . 4H8A (current_input) FHi—HERE

# (state) A XK LsTM £5H AT LA T4 AT Lo ZHMHIE 1stm output MEH/E
# BPRF states

lstm output, state = 1st-m-'(.eur:r;ent_inpnt, state)

# HAUI S LoTM SR A - SERRAEREIH T .

final output = fully connected(lstm output)

# WA 2 k.

loss += calc loss(final output, expected output)

¢ FEFIAE 4 Wb AT IR SRR

ik FX B E S, it TensorFlow AJ LAAEH 77 (@ H St B f# A LSTM &5/ I7E R
ek, T HFATFER X LSTM AW E RN T f#.

8.3 {RIAFHEZM LRI HF

fELL EJLYih B e A A T A LSTM S MRAME ML . X— R EA 478
A2 & [ JLANH AR LLACEN BT i o )&, RN 245 i 0]/ TensorFlow K

8.3.1 PG A Hh 25 P 2% P 205 Ph v 28 P 2%

FEL MMM MG, RSN MNATEE R K. R, EFERES,
AT B 2 O AU Z BT RPRSF R R, BAZ G RPREAIC. X0t 75 Z 8 X 5 35
M2 R4 (bidirectional RNND SKAFPIXI A B, B P — 4N H gk 2R 1 B R AU 22
FRAE T SOk AT, T EE AR S T AT A A, I X i R R M 4 it vl LUK E RIPERT . XU
AL M2 AR LM BT B INE—BARN. i BXP ML W

M 8-7 HRT LI H, XU [ 8 Ao 228 00 £ 4] 3 1k 5 ) g A2 19 1 L. 1) 1 A o 20 I 488 1) &5
Ho EHE—AIZ 1, AR SPEETIX PN J7 [ A B FPRER AR 2 I %, T %o HE U0 e X
PR ™ B [ A A A 0 I 8 L [R] o XL [ 1 A e 22 IO 8% 1) T 1) 4 8 Tl R R B o) RIS B 44 22 Y
AR, XEMAFER. EE2LTHRAMHEME KN LLS%E Mike Schuster 1
Kuldip K. Paliwal & # {138 3C Bidirectional recurrent neural networks®.

(@ Schuster M, Paliwal K K. Bidirectional recurrent neural networks[J]. IEEE Transactions on Signal Processing, 1997.
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B 87  XRIFIEI LR M 4 S R R P

WEMEIF BN (deepRNN) EIEFFME W L1 550 —FRRp . 4 THERBRIHR
Ehe S, WLLBE AR BRI EE 2K, B 8-8 il TIREIEI A M A4
RRE . AE 8-8 PETLIEE], AL 8.1 WHAAMMAMEMLE, KEBEAHEMEES
— AN Z) ARG T Bk MERMEMERU, B Z0EHMMETSHR
i1, TIAEREPHSHETUARR. AT EFH S RRRREIME ML, TensorFlow Higft T
MultiRNNCell 23 SEHLIR 2 IR ER 2 M4 (O AT ) A Bt AR . LU R ARBE R i G AR

2 A AR
e e
Lot
| T

&

® & © -

K 8-8 I ETEFR LR M L8 L R R B

v
v

v

A 4
A4

v

v
v
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# EXA AR Lo SHTE NIRRT ERG . SRR 2l SR AE R LA A ER
# 4 i

lstm = rnn_cell.BasicLSTMCell (1stm_size)

# JH3d MultiRNNCell KN E I ML ML A M 2R AT et . o

# number of layers #/R T AiZ/DR, BalM 8-16 F1M x B b HELLZ DA LoTM HiH.
stacked lstm = rnn cell.MultiRNNCell([lstm] * number of layers)

# MERITERML LS —FE, TTLLEN zero_state EMECKIKIAIEIRE .
state = stacked lstm.zero state (batch size, tf.float32)

# 8.2 Wi AT —RE, PRI IR0 BT AL R4 AL
for i in range(len(num steps)):
if i> 0: tf.get variable scope().reuse variables()
'Q'tagikéd___létm_(bﬁtput ,» State = stacked lstm(current input, state)
final output = fully connected{stacked lstm output)
loss += calc leoss(final output, expected output)
MEL AR AT LAF B, 7F TensorFlow H H 75 ZL7E BasicLSTMCell [ & hl I 35— 2
MultiRNNCell 5 A] LAAE 7 25 5) Hy SEIR IR Z R A2 I 4% T

8.3.2 THMMIZEMLZEM dropout

6.4 W BITAEBRIPE M L # F dropout [ 777%. 1Bid dropout, ] LAik#&RIF#HZE M
@t (robust) . BRI, FEMEFRLR ML {E ] dropout 14 RIRERITHEE. fi H,
KRR EE W 28 U AE 5 J i 2 8 2 R A8 dropout, fEFRFHER M 45— M RAEAS A 2 15 3F
g5ty 2 A dropout, TANTER]—ZHITEF AL Z AEH . R M Z] -1 1%
BN Z] ¢ B, TEHAHEMEASHITIRAR dropout; MILER—ANZ ¢ b, A[EZETEH 4K
Z a2 H dropout.

i 8-9 BN THEH AP M L84 dropout 7R . BUREM -2 LI x.o 1
B E] t+1 BZIE Yy B4 x B E EHENE — BRFELER, XA LR LA dopout.
BRM =2 BZIE R — BRI AR RS — 20 -1, . t+1 WZIALAE] dropout.
1 t+1 N2 E — BRI SR8 3 R — i 2 A B & B R AL e, SRR
dropout.

(D Zaremba W, Sutskever I, Vinyals O. Recurrent Neural Network Regularization[J]. Eprint Arxiv, 2014,
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E£8E BHEELME

Yi—2 Ye—1 Yt yi+1 Yi42
A

'

[l
L

Ly

Tg—2 T Ty Tt4+1 Tt42

E8-9 EMRM MMM H dropout < Kl
(P b sz S TR A A dropout, MEZEHTSkF R H dropout)
1E Tensorflow 41, {# tf.nn.mn_cell. DropoutWrapper J$ 7] EAR %5 5 531 dropout ZhfE .
PLFACHS B T WA 75 TensorFlow HSEBLAH dropout HIFEFF#IZ M 4% .
# EX LsTM 4.
lstm = rnn cell .BasicLSTMCell (1stm size)

¥ R DropoutWrapper Fk 9 dropout HfE. HRMILHA S EORIER dropout HIHER,
# =AYk input keep_prob, SR LA R B A dropout HEES: B—ANh

# output keep prob, ‘&l LAHRESIHHA dropout B

dropout_lstm = tf.nn.rnn_cell.DropoutWrapper (lstm, output keep _proh—ﬂ 5}

4 AT dropout MR EiE X
stacked lstm = rnn_cell.MultiRNNCell([dropout lstm] * number of layers)

£ A18.3.1 NIRRT RGBT, BT i L.

8.4 fEINRZMLEHEFIN A

e LR BANE T ARER R R M4 458, Frg il T A4 TensorFlow
TP SR S I IX Le R PR A2 4% (R AT A AT R . XK BN BRI TR EA A 2 Y 4 B
FHREB]—— ESRGE S BRI BTl . 76 8.4.1 AN T A 44 2 BARIE 5 8, O

@ PERXE s A SehR bR AR B MRt SR BT 0.9, FBA ST 10%059 5 £ & 8 dropout.
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i3 TensorFlow SCHL7E Penn TreeBank (PTB) ##E4E FHIHRESHAL, 78 8.4.2 /M iirh
4 18 A48 TensorFlow 75 E 313 T.H TFLearn, 3183l TFLearn SEELXY BRG] sin x BUE HY
A .

8.4.1 HAREEEH

fiishil, EFHEANAMEITHE MO TFHHIAME. EXREETFERER
HWHFES, TRESHEEEETENRE pwi,wa,ws, w,). FHE SR, 7] LU e A~
HE P IR AT REMESE K, BRE S EE TR, BT DATU R — A& n] BE I AR
NG FEBRGF, BRSPS B A “xianzaiquna”, & )50 H AT LUE “ P92 ZHE 7,
AT L2 “BRAE 27, ARIEE S BRGNS, s MR E . B SEEH ]
IR 3 JE & R K TR, R KBS M ERBEE L& .
W vt — A FRBENE? &% — M0 FrIME B —A~ i 751 .
S=(w1,w2,W3,W4,Ws, -, Wn )
Heptm A 7FHRKE. A, EHRMERLIRRN:
P(S)=p(w1, w2, W3, Wa, Ws,-+, W)
=p(w1) p(w2 [w1) p(ws [wi , w2) -+ p(Wir [ W1, W2, W)

EWH M THIAAEE, REEME LEAAXPERL D E-TIEE. FX
AARMFE-EEESERF R — NS —BkRE, EAM—1ESRRICERRK,
ICHRAESEATHE. ATHETXESHEE, ¥ LR ER n-gram 7. RER. &
KRR, &UPENLY . MAEMKEFTEE, F%. AN 5L J &6 8 n-gram #
RUSRAAE 5 AL A3 LA AP B BRI FRHE . n-gram BRI —DNERRIT LB 200
BRI ) B R AU S BT 8 n-1 N ERIEAESE . R B2 sRAT UEL A -

P(S)=p(wi, w2, w3, wm) = [ 17 POWicnst,+ Wict)

n-gram AEAY B p $5 R R 24 518 1A 4000 A T ) B B9 8. B n RTRABR 1. 2. 3,
IX B n-gram #8443 5UFR K unigram. bigram fl trigram & 5458 . n-gram HLE T B A5 R
SEAFMRRE pWi| Wicnstss - wia) « BRRFEMEBEBFTHRFERKDHA &k B4 n-gram A
WEMITIARSEEE R . X4 n 8K, n-gram BEEES DR, EHBER, &
BERVFEREANGIEREER BB K. FHik, BEHMNZE bigram, HIKRE unigram A
trigram. n H{=4 HERIEHR . n-gram MBI SEH —RXHABR KPR (maximum
likelihood estimation, MLE) {75
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EeE BIMBERE

C( Winsl," " Wi, wi')

Wi|Wiently s Wi-1) =
P I ! ) C(Wyicpst, - Wiz1)

H cOnRon B P3| X ZEVIGRiet LA . IIZRERBIEGER, S5t
s SRR AT SE . (HEIEVIZRERE MR KR, TR SHRE B FHEGER &
AT, TREIFBURZSHCH 0. 267K, IBM AT 366M ZEiEER ISR
trigram, RIL 14.7%M) trigram 1 2.2%¥H] bigram FEZEFEA HI. K TEEFE AT 0
MBI EER 0, BRI EN BT ZMAFHERSEIEN 0. £
n-gram ESLESHAM T AEEOR, BOGBKEEE T LU Information Retrieval:
Implementing and Evaluating Search Engines®.

BRI BUR PRI R FEbR R B2 (perplexity). fjHK L, perplexity {HX%I
E R S — AME RSV — AR B R . Hn = TR RIIE (wi,wa,ws, W)
XA R HIETERIFE 2, Al EHA G A R X AIE R AL, R
perplexity {Hi/NEEF. VI perplexity {HAY 20T

1

Perplexity(S)=p(wi, w2, W3, Wn) ™

= 1
B \jp(m,m,u's,---,wm)
m m 1
- \]l,;l p(wi|wi, wa, - wis1)
5 IR perplexity R FIMBE & S5 S REL (average branch factor), BTN
W T —ANE R AR R R . B, B AN 0~9 X 10 MECFRENLA KB m
BIFES. BT 10 AR H LR BER BRI, Eﬁ%ﬁ’ﬁ&?ﬂj%ﬁﬁiﬁﬁ%% . B,

AEENZ], BEEAE 10 NMEMRIRIES R UL, T2 perplexity B2 10 (47 10
NEBEMESR). perplexity (ITHHITREW T -

Perplexity(S)= ‘H% =10
i=l
10

Ei, WR—ANESHAR perplexity & 89, #iExR, FHIHEHR T, RN T4
Ant, A 89 NS H feHh AT LI F—ANa S HIERE . 5 —FhH A1 perplexity FEikTE
AT

(DBticher S, Clarke C L A, Cormack G V. Information Retrieval: Implementing and Evaluating Search
Engines[M]. The MIT Press, 2016.
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_ZP(WJ' twl s W2 5e0ey Wic1)
m

FLL R S g, 5 IR AT LA T, X Rt S TR 0
i SR EE RN 0 /.

BT n-gram MY, FEFRRREEI Lt AT AR B RTE B, BB 8-10 FiRi
IR L, AR —N T H R, e ZI T — 8010,
FRb TR T —AMOE AR E SRR, BdxerR, dTaenar, BaluEs
TRER A2 4% (AT 1 A5 HE I R B pOw|wh, -+, wint) o ELINIFEPE 8-10 7, ZESR— DI %4
ARYEIEN “KIE”, WA pk|“AH”). WRRESESE —MEAK “ K" 5, HAd
A A AE F— M B O . bt B 8-10 RETLAH M, p(“#9”|“AH#)=0.8, b
R UL “RHE” ZJEHERER “I” BIEEN 0.8,

KA, FSIEERLE R T LRGSR px| “ A", “#9") ~ pe| “KHF", “HT", “BH
7). px|“AHE, By, B, “£7). TRUTURGEANMAT “RBENHERKL”
foMESE, M E S X ) 1% 9 perplexity {8 . 7EAS /AT 1 DR =P R &t B R Y
TensorFlow fUFS K S HLE L FEFRHH 4 8 2T B ARE & BAR.

log( perplexity(S))=

f1: 0.8, Hifi: 0.9, i: 08, ﬁ& 9%
s 0as, fﬁ]ﬁ: 005, ?3\“ 0.1, g%mmjz
Kifg i Bt &

B 8-10 fHAMEHMEME LI BRESERKE

PTB XAKIEENE

PTB (Penn Treebank Dataset) 3L A4 4 B i S A% 3] o H Al &) 2 EH M EIEE .
A/NFINGLE PTB S8 45 H{E AR ML MG LHE SEE . 45 HESEBARZANEE
fEi A48 PTB BIEE#5 LL & TensorFlow X T PTB EUEER ZFF. Bk, WETEK
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J8T Tomas Mikolov M5 ] PTB ¥ . EdE iy Fakht K-

e T B TR SOBEARIE 2 J5 7T LAS Bt F 3o el

KA HTFERA data AR TR, T HATHEAT—— NG, BXEBEEE
LBAT2% README JUff. 1t data UFRTF EIEA 7 430, BABHHRASHBILT
E43

XEAEE R EIR C A2 THCHE, BE T 10000 4NN BRI A 4R
PRIERF (FECAFRBIATR) LARARCHA W8 KRR 5 <unk>. NIRRT I ZR8
HE—AT:

J T ik{#FH PTB $EEEE N /7{E, TensorFlow 4L T H /4™ 56 Hik #5 Bh S B0 504 i Fikb
., %5, TensorFlow 4t T ptb_raw_data pREKIEEL PTB MY JREEEIE, JE3% R LA Edi
BB R ] ID. DU FARBSRR T anfalff Al iX AN ek 3.
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A o AT LA U 0 o S T 929589 AN, T L LA R T — M E
HAHIFF . XA FPFRE R BRI T FAES R E. XA BERMT, &

THREIPRRRF ID 2.
75 8.1 WA, BARIER A NS T BB KENFS, EREVIZGNFE

S B R R S (K BESRARNT . b T SEBURIST IR SR 4L UK batch, TensorFlow 2
T ptb_iterator B, LATFAREDER T {3 ptb_iterator bR %K.
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FsE BMIENE

B 8-11 JE7R T ptb_iterator BIECLILAITIEE. ptb_iterator LK —MCFFIRIS N
batch_size B, H - batch_size 53— batch B K/, S ptb_iterator i, ZERH= M
B rhiREUC N num_step M5, i num step MERMTIICAE. A L HEIACAD %
HATLLEE], ZE8—A batch WE—TH, A 5 ANRIAK D RBEMNGEIE T 5 N
A ID XN . ptb_iterator 7E4E AR batch BT L4y E Bh 4 A48 batch X B IEAE 55
AN FE—N 8, Ex R IERE R %R & — 8.

31 BFl2 Fols ¥ sila

AEFl

Fr¥i2
Batch K/

FEFl3

¥4

e

- g ]

He K BE R — 1 batch
8-11 H— A EFFI4rA batch HERWT BR/ERERE

EREFHENEXIESRE

ENATESERME SR ERBOBIREZE, FTHSH T —5EMM TensorFlow
B P SR B I R 2 b2 I 4% ST 5 L
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@© X FHEZXTHH TensorFlow 33 i [ & ({1 ¥ Bl 7] LLZ#% TensorFlow ‘H 5 M ik: https:/www.
tensorflow.org/tutorials/word2vec/ .

218



EeW EINMBENE

219



TensorFlow: 3Lt Google REFIHELR

220



SEsE BIENE

TBAT AR PR T LA BIZABU0  B A 1

@ 7E TensorFlow 0.9.0 Fi&1T&#7R: “WARNING:tensorflow:<tensorflow.python.ops.rn_cell.BasicLSTMC
ell object at 0x7fcb4f3ae150>: Using a concatenated state is slower and will soon be deprecated. U
se state_is_tuple=True.” XL MIELT. B/ TensorFlow0.9.0 1} state_is_tupe=True F3HF, FTLAH
A& ®, 7E TensorFlow B & fIAR A AT LUK state_is_tuple ZH¥ T True.
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MEH ATULE H, 7ERFFIERT perplexity {84 10003.783, XEEAAM YK TN— 1 HE
RS T —A8id. MAENSGSERE, ENSEIE LK perplexity (HMKE T
179.420. XEHMITYNGSRE, KERE T —DRIAEEN— T EADE T K4 180 /.
IR LSTM Bl B B s AN BRI K/ LR gk AR A 0% 7T LUK perplexity {EF£ 2]
BEAK.

8.4.2 W] ¥ 5 fi il

AN AR T R FEEER 22 I R TR IE 35X (sin) BREK®, B 8-12 44T sin &
BT R B B 15 . A5 25 Y BLAK I TensorFlow RS2 AT, A /INT54 564 75 4 — A% TensorFlow
[ R ——TFLearn®. % 6 ZrF A4 TensorFlow-Slim 28{6l, it {#F TFLearn 7]

PLik TensorFlow fUASR Rt — DA .

1.0

st

0.0+

—L

300 %00

gt
8l

1000

P4 8-12 sin EREHhLE

@ AANViE4r 25 % A« http:/mourafig.com/2016/05/15/predicting-sequences-using-mn-in-tensorflow.html
@ TFLearn ¥ 4 skflow, EfilZE—E&R%.
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{£F TFLearn B EX &R
TensorFlow 1% #h— > J2= 51 3% TFLearn( 42 7F tf.contrib.learn B )%} /Il 25 TensorFlow
FERIREAT 7 —Sodsb s, AP L SE (T FH o A /N TRl . iris 25008 4 8] 82 48 40 #7 3 F TFLearn
SEPRAY HEII . iris R TEME 4 MFAE (feature) RHF=FRBAHEY) . iris B
HEhBIEEE T 150 MEAT. LU R R T I flid i TFLearn $RIH % 2 iris 4328 [0 .

@ EEXT iris IEAA(E BT LAZ%: http:/archive.ics.uci.edu/ml/datasets/Iris.
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Wit b FFEFFA LA TFLearn BESI3E T — 408 M S M4, NE £ T EA
24y, iXil TensorFlow HOFEA A LAZE/E 58 N 4

FRIESZ & 3

&3 TFLearn, i 5 0K 4 i BAKHY TensorFlow 727k SEHL T IE 3% B 3 sin.
SRR T PR o 28 P 8 MR T 6 B MU (B, BT ARERRFF o T BEHESLRY sin B B0
B, FrEEBREE —MAE X FE, MAX]H, A RN S — g
SR, Hen7E L\ FA2FF T 4EME SAMPLE_ITERVAL X sin BREUEAT —UCREE, RHEERG
BIRIFFFIRR sin BB HILZ ENZER. UTRF AT EBULE/ sin B
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@ HAbEE K TensorFlow0.10.0 A Lh EARA.
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M 8-13 AT LUF HH, TIAS 2] H45 RAITKH sin REULT-RESHK. Bl viil
IR ER AR N 4% TT LA 3 AP S TR sin BRI B4

@ BATZFEFF AT e B4 TFLearn (AR AR 2] L% warning, {EIX £ warning 2B WL ) IE #3817 -
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EesE ENBENE

a 200 400 600 800 1000

B 8-13 JEISEIAFNE MR T sin REFBIRETR
INGE

REEANE T AL MK RGN, FENH TIRAHEM L T EE K LSTM
Zif, EATE R LA T BIAS R ARAIRE IR A G 0 DR R B4 228 0 22 I P 152 B ) B
B, FEAFEN 8.1 Wrhil# T HARMEHAMEMLE. X THNATREIAHEMEEH]
ARG, FRAH T — AN RARPEGR R TERME MR TR, 84K, /£ 82 1
oA FHARFR A 2 I 4% vP 4 FH (KB OA T2 10 LSTM 4544, KB T LSTM SR i) EZ T
FE44 HH T A TensorFlow FEGIFEFFR LI T LSTM LHMITEAME M. K5, £
8.3 WHAAT LSTM SHf—LE £ EFr. B/, 16 8.4 W THMTEAME N
B AR BRG] . 76 8.4.1 NITHAE T ] 6 AL R 2% SEBL A RTE S B
£ 8.4.2 /NI4T il TensorFlow ) 23 %% TFLearn SR Fy 1 i) & .
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BT =5 DA T a5/ TensorFlow SEILH F AR RIL4R 450 . FERFIXLEPZ
4% - sebr i 2 8T, BEEMUMENE TS . XMEVSGHEMNEREE. U
M EZ, ANEELREZJLAKRE. 5T EFHOER, AR eeE
W24 (1 453t F2, TensorFlow 324t T —ANAI ¥4k TR TensorBoard. TensorBoard A LAFT %K
Hu 7R TensorFlow 7EIZ4T I A2 HHELE . & FhdabrblE it a] (2 ta s A I g B2 H
FWEBERER .

K EHEM A4 TensorBoard HIMEH L. B4, 9.1 1544 TensorBoard ()AL %N
iR, it TensorBoard 3 A ¥4k —MEj 8K TensorFlow FEFIFRSF . EX—T5 R4
{d J3 ) TensorBoard, F+AZif# TensorBoard FALHT LA AT MALE B . RE, 9.2 TWHNA
T TensorBoard 3% TensorFlow 5% (AT MALL: R . TensorFlow T E{RTF T
TensorFlow FEFit R ERER. B4 TensorFlow HHEHHFEREERSE, Ll
TensorBoard it T —%&30 H it F sk E il i b 2 IX Bf5 B EX— WP FEHANA
TensorBoard fI38 H AR LA R AT ¥IAL 45 R PR AEMME B BUE, 9.3 ¥ R4 UHAg (T 68
TensorBoard Il Zkid FEBEAT HEHs, LARMITIE L TensorFlow #55E 7 & vl AL KIfiEAR. 1E
XY T ERMPERRRT A E B RS R

9.1 TensorBoard & 4"

TensorBoard /& TensorFlow [ RI#L TR, ELURL TensorFlow F2/Fia47 i 72 5 4
i H 7 S04 AT #AL TensorFlow 2 /F[H1IZ1T4RAS . TensorBoard F! TensorFlow F& /7 BIAEA
[ (It FE e, TensorBoard 45 [ 3B H7 1) TensorFlow H &, I 23 X1 TensorFlow
BEBITHEIRS. LU FREBERT —A 38K TensorFlow 2%, EXANMRFHEMT
TensorBoard H &4t 1 Zhfg.



FE9E TensorBoard T4k

import tensorflow as tf

# AR T, SEBLE R AR AE

inputl = tf.constant([1.0, 2.0, 3'._01, name="inputl")
input2 = tf.Variable (tf.random uniform([3]), name="input2")
output = tf.add n([inputl, inputl], name%”gﬁﬁﬁ)

fE'GNH&. TensorFlow T H

# A HER weiter, HH XM TensorFlow iHH

# FEHECHER APT, 9.3 WHMIRANAE. ) e

writer = tf.train.SummaryWriter ("/path/to/log"”, tf.get default graph())

writer.close ()

Bl LR T TensorFlow 4TI 115 &, FTLLIEAT TensorBoard I, wJLAF F[iXA
i) A I AR S B AT AL 2 U5 Y 45 B . TensorBoard AN BAUAM LR, {E
TensorFlow %5 5¢ B, TensorBoard 434 [ 214 3% . 3247 T 1 (1) iy 2 7] LA 3) TensorBoard.

# JE4T TensorBoard, K AR IR H AR5 H 09k

tensorboard --logdir=/path/to/log

BT LRSS —ARE, XA RS K ORI 6006” . it %2847 JF
localhost:6006, B LLHEFIE 9-1 Fiafdiimi. fERmm Ly, aTLUERH e, 26k
EVENTS. IMAGES. AUDIO. GRAPHS #ll HISTOGRAMS. TensorBoard 4§ 4= #{00f fy
TR AN RLS R, £ FmE g AN AE R ThEE. mE 9-1 Fs, 17
JF TensorBoard FEMi < BRIABEA EVENTS £, K% L P24 % AR fT h EVENTS £
AMALEOES B, FTLUXAN ST R/ “No scalar data was found.” (A K IUFEREIE) .
Sk A GRAPHS #%, o] LAE 3 L i F2/F TensorFlow 47 BT AT ¥4 45 R . B 9-2 &R T
X/ TensorFlow H-7 B AT ¥4k 45 5. 9.2 PR VE4N /43 i ] B A% TensorFlow v 5L BRI A]
FALES R SR pERE B

3 St om wrederncses Mo seslar dota was found.

1 ot v ks Protiatie couses

" + Vou hawestt wriften sy scala data 10 you ever filgs.

tamtnrial dan » Tengorfioern oant fied your sven fles.

pler 3 i : v
o 54 gy your eveisd files, chech out the FERIME and parhaps the
Teencrionsd ol

P Myouthink o

B 9-1 TensorBoard ERiAFE S~

@ i FH--port Z- 00T LLSUCE A B R4 (3R
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4

fun .

0 -
) O

- s - WS

Aol

Color @ Bmssre .

M random_uriform-—+ - ewa
o i e
[ R =

€ 9-2  {#H TensorBoard 1] ¥L4L [l A7 N FEFF TensorFlow T 5 45 54

9.2 TensorFlow i+ EEmI#11{k

7 9-2 L H T —A TensorFlow 5 E AT LR El . #R1T, M TensorBoard ]
WAL S B AT DURE A5 Bm AR 1L 9-2 HH TR XL . 33X — 15K 40 /48 4] SE 47 s )
Fi TensorFlow 3L E I AT M LS 5. 158, 9.2.1 MK ANZ4iE 1L TensorFlow 7 s 7 44
2% ) ¥ 7 TensorBoard A #14L13 £ TensorFlow I K. 758 3 T M4Hd, TensorFlow
2 BT 8 DL S 4L 4332 3k . TensorBoard 7] #4415 2 £ B A& H4 TensorFlow
HEE SR SRD EETIAL, EERESA TensorFlow 151 i iy 2 =5[] ke e 2L o]
MBS EE, FEHMENZNBEAEUASHE T ZNATHER. BT 2x
TensorFlow 15 {14549, TensorBoard i n] LLRE R TensorFlow 875 sl LA HALSS & .
RIG, 9.2.2 /NP RN A ] N FTRAL 5 SR P 3KER TensorFlow v 5 & b 13X 4445 8.

9.2.1 M4 AlY5 TensorBoard & I 1 &

7F 9.1 WA HBEGIRRF R e X T — AN IniEgAE, R E 9-2 hafLLER], ¥iXA
TensorFlow 15 B e AL BIA R E LEA AW Al BRAABIRE. HE-4AERNT
B, ZRAOVIEAEEESERM T A BEEE, XE RS fEes
B, XSBEEMTHE A TREEIR R KRG BEARPY i, 4T 2] a3
BB, tLindEP 9-2 1, TensorFlow HE LHIIEEHIREN T AR ERET
AP —ANBNAX I, A A RYIERERE TR . WTRAER, AR LM
LR AFIY BT N ) TensorFlow 8 B 45 E 9.1~ o i 5 0 i) o I y2s RE IR P 0 - S I S 2R
£, WAL BIEG 3] WAL ROR B A RE R B 1R 4 H 2148 b 28 I 2 R R 4544

H T E AR LT A R R B P 51 A5, TensorBoard SZHFiliit TensorFlow i %4
2% ) S $E PR e MLAL SR A5 5. 7F TensorBoard FIERIAFLE S, TensorFlow if 5[ h
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A2 FRFE T Ak — N e, RAETEMEZEP RN A S5E
/R{E TensorBoard A ¥LALZRIE L. 7 5.3 Vi BN AR B ar 4458, DALyt
tf.variable scope PR ¥ HIAF R 44 4% (8] B T tf.variable_scope ER%(, tf.name_scope Bfi%{
ARt T R M B ThRE . IXPIAS R BE R A L TR, ME— B AEE
H tf.get_variable BRELR . LA FACRS ] S 36 B 13X AN pR U X 501

import tensorflow as tf

with tf.variable scope("foo"):
# FEMLEN foo FHIPER “bar”, TRBBIMEELIN “foo/bar”
a = tf.get variable("bar", [1])
print a.name 4 fwithi: foo/bar:0

with tf.variable scope ("bar"}:
4 {Ef %0 bar FIRNER “bar”, TEBIMZRALHN “bar/bar”. 2R
# “bar/bar” FIER “foo/bar” HAMSE, TRALLEFIET.
b = tf.get wariable("bar”, [1])
print b.name # Hilti: bar/bar:0

with tf.name scope ("a"):
4 i tf.variable RYERAER&F t£.name_scope W, TREMERILIK
# i “a/Variable”.
a = tf.Variable([1]) _
print a.name + Hiih: a/Variable:0

# tf.get variable M¥A% tf.name_scope I,

# TRERIAE a B/MmEEwF.

a = tf.get wariable("b", [1])

print a.name # Hiti: b:0

with tf.name scope("b"):
# B tf.get_variable A% tf.name_scope SR, BT LA BRI R R IR A R
# A “a” R, RTXAEROSPEHEHE T, TRIXESMESHEHATHIR:
# ValueError: Variable bar already exists, disallowed. Did you mean
# to set reuse=True in VarScope? Originally defined at: ..
tf.get variable("b", [1])

ikt A4 A A, ATLASGE 9.1 W A RAH IR BIARRS, AR AT RS B R
R E M. UL RR T SR T
import tensorflow as tf

& BHE XU & BRI &2, MIfifE# TensorBoard W] LURRHE fir 42 45 Al R B ] A AR
# RE BN A

with tf.name scope("inputl"):
inputl = tf.constant([1.0, 2.0, 3.0], name="inputl")
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w:i.t;g; ctf.name acepe("z.m@utZ"}
.'anutZ tf.Variable (tf.random uanorm([Bl). name="input2")
ou = tf.add n([inputl, input2], name="add")

writer = t.f.train.smgryw;riw ("/path/to/log", tf.get default graph())

writer.close ()

& 9-3 b o T et S AT AL R . MBI ATDIE R, B 9-2 IR Z 11 s AR B
58 %) T & 9-3 Y input2 T . IXFE TensorFlow F& 5+ i X I INEE S s s o 7
ok, BEAF input2 AP BAAE TWEEEE, ALK RAREE)E] input2 W3, I
EIFA Lffme “+” Y. B 9-4 B T R input2 Vi A Z E KL

] v
& O 1
RAun add
o Inpett ov—-(_'_‘*)
Sewion
Lo o
Cotor ) e

O tee l input2 '
e e mbursas
T wiwe mtnbame

[E 9-3 itk BNk TensorFlow ﬁ'ﬁ@fﬁl “H’ﬂ%&ﬁ%@

Cobar
o — - ‘
random_uniform ) gtz

P 9-4 JEFF input2 7 g al PR R
5 input2 IR ITE T LA RIE 9-2 PEEEVIMH AR B E A BB 7. F

T A5 45t — AN PR B R T S S s T AR 4 T AL — AN S SE R M AR 5 R B o AR YR st
KA 5.5 g i, LT AURDES T S0l /A K mnist_train.py 2/ .

@© “+” SLTERRESh B s BoRAE A B
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AHEG 5.5 45 HiA mnist_trainpy 257, b HIRR 8O A0 53R At A K 56 R ABL T BB 1R
THEE] T i tf.name_scope BREAE AT LR ERAS . IXAF TensorBoard ] LURFIZX Y
RARBA I, WIS AL I 45 B4R 25 o XA 7E mnist_inferenece.py F2/5H 44 ]
T tf.variable_scope R ELARRAGdr 4 450, BTLUX BTG EAMIAEE. B 9-5 R TH I
MNIST F2/7 1] TensorFlow T4 & Al #LALAF B I RCR I8 '

] |

=

i
!

ot §
_“i'i

t w0

||]_th|'_|

B
L=
=
522
\n’
=
3
X
s
i
&
g
=

5
=
s}
3|
&
&~
o3
A
o3|

=]

ME 9-5 T LIF £, TensorBoard I ¥R EIRAF HI 7R T AL R 2% (K145 44
FEE 9-5 o1, input T RiAFE T VIZRAPZE 28 T HAOBARUR, XS4 AR SRS 2
W51 58— )2 layer] SR G ZE AR — 2 layer]l 45 RSBAE R — 2 layer2, #id layer2
IS4 B AT 1R AL RR I 45 R - loss_function 5 s ZR7R THELAR R R BRI L, XA I P R A 46t
TRl A I 45 Bk A8 XUl (layer2 | loss_function [i41), SR 145 — 2P B 2
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(A ket 5 L2 IE 4K % (layer] il layer2 | loss_function fJ321). loss_function fH 5
b B PRI UA I 5 ) £ (AR AL I P, it PR o train_step FTARRAUYT A &5 LFTIR, il
TensorBoard TJ Ak 15 31) ) 280 5 P v1] LA S AN ot 425 I 4 [ I 4% 5 Mg A — S KRBT i -

FEM 9-5 Al LLRIL A2 A AR RG . Rl Rl SRR R, XA
TR, W RSk Rk T BB A MR . H layer] # layer2 Z JH RN
T layerl Bt £4ER layer2 (I . ALl RS SRW K, A AL Variable F
train_step 2 [F] {1321, X B train_step £E 2K Variable HPIRZ, 7EX R B ERWAIIZGLRE
SEEatFII G R,

TensorBoard A ¥AL SR B (i BB ARyE Tk B4 B . B 9-6 UK T AT 4L 2
MR, MWEHATLIEH, 994 input ® layerl 2 &4 15K B4R R 100x784. Xt
W T Y ZERHR A5 batch K/ K 100, HIAET SRS 784, HFANT R Z EfEHIAITK
BLT 140, TTRAMCRE R BRI ZORE EARHARRIR AT A
7 AR R AR AN, TIARAASIAAREN . i layer2 1 loss_function 2 [B]
RIER T PR, (BIL4ERFERELEN, FTLAX AL layerl Fl layer2 Z 8] 34 IE 241 .

g 9-6 TensorBoard A ¥AL AR i LHE

TensorBoard TJ ¥LAL R B I 53 4h—Fhid Rt R R 10, thimiE 9-5 HFTRE
moving_average Ml train_step 2 [MfIil. MIAFE T HHZ MRKBRR, HIERFH,
it tf.control dependencies B EHG SE T 57 2 H 51 V45 (8 e M Rl ol e 1o e 4 ST 22
B EE RN ST, T2 moving average 5 train_step Z [HfF4E— K HEL .

BT F#fE it TensorFlow [ 6 4% 4 A K1 % TensorBoard A ¥R
TensorBoard 152 % it 1 18 B ] FLAL 28 R B _F 975 1. TensorFlow 43 510 sl e LA

@ JERIXE “Variable” FR&HN Variable FI28 TR, TIARMTHMEME TS, ERFIRFT, &
P4 Variable (145 it & f7 il VI SRk AR BRI 22 e
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ZHEKB AR, MRS EA—KE LSFTRMABANBREAEREHAF. T2
TensorBoard # TensorFlow 115 43 & 7 3= (Main Graph) Fl4#i#)& (Auxiliary nodes)
AR, EE 9-5 b, AMERERIEENEERS, Wit Er: ANER
B 2 — s g b gt SR T A, RSB & . TensorBoard £ H B KHE R LU £ 115 UL
SHBHE A, {7 3 B A 5 4 BB R .

BT H3hE A, TensorBoard th3 T T 7 A kAR MILLE . wE 9-7 For,
o e B AT AL AL R R P L B Y A AN T, XA RETR AT LR iU B EE A E
B bR . ZeBEERE AN AR TS BAHE R AE Il v LASE s R T fE . P 9-8 J&
7R T % train_step T A M EEHE HIEARE, K 9-9 B/R T4 Variable 15 pifg A\ B G Y
R H . VER TensorBoard AN& A7 M P TS B T AL 45 RO F B S, TURIRET 2 )5 v 5
P T AL 45 R & R BB Y IR T .

(b) F 1¥ TensorFlow i-[‘%i’ﬂ af ﬁa{»tzz:t-ﬁé;%lliﬂ_ﬂgﬁﬁn J\Héﬂ
B 9-7 F 1 ¥ TensorFlow 15 al ¥ Ab 23 SR B P s A/ 1 R 1R
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B 9-9 ¥4 Variable 7 £ A E B G RO El

922 PAGE

B T JE77 TensorFlow i #4544, TensorBoard & 7] LARE R TensorFlow it 57 Fl L4
A AT B A S DL R 3B AT B R G N ) R0 A3 (] . AR AN S — 28 U R o 0B
TensorBoard JEB TensorFlow 574 i L)X 2545 B, TensorFlow 547 A fEAT I M)
o R AR S A, e ET DA S B SE AN &%t L AR A TensorFlow F2F, 1R8I
EATIRREE Yo, /1 TensorBoard A LAAEH ELV HBILFT A TensorFlow w415 AER K
SEATI R LI R . B BL FACES N 9.2.1 /MY 54 i mnist_train.py 122 M
NGRS, AT DU RS AU $o 4 — A TensorFlow LYY 5 AIIEAT I [ AT FE A Y
175 N TensorBoard ff) H & 30

with tf.Session() as sess: A
tf.initialize all variables().run()
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for i in range(TRAINING STEPS):
x5, ys = mnist.train.next batch (BATCH SIZE)

# 4 1000 IR —WETRE.
if 1 % 1000 == 0:
# FEEBTIH W E R E R
run_options = tf.RunOptions (
trace level=tf.RunOptions.FULL TRACE)
# BT L RIZATE B protos
run metadata = tf.RunMetadata()
# B RCE(E BANE RIS T B proto B ABTHIERE, Wit REfT & —14
+ HAMKE, TRFHES.
_, loss value, step = sess.run(
[train op, loss, global step], feed dict={x: xs, ¥ : ys\'},
options=run_options, run metadata=run metadata)
# A AT IR R B A H & .
train writer.add run metadata(run metadata, 'step%03d' % i)
print ("After %d training step(s), loss on training batch "
"is %g." % (step, loss value))
else:
_+ loss value, step = sess.run( :
[train op, loss, global step], feed dict={x: xs, y_: ys})

BATLA LR, XA H &S 3) TensorBoard, AT LAR] M L&A
TensorFlow 1875 SAE R — IS 1T I il BRI B M A1 25[8] T o N GRAPHS £ )5, &%
EFEPGBITRER . WK 9-10 () B, midi TWHEZM Session runs I L HIL—A
THE, ERXA TR AP SHIFTEL train_writeradd run_metadata P& EC R EFT
#5 o W 9-10(b) PR, i FE—IRIZAT )i » TensorBoard ZE{Ml{¥] Color £t 2337 I Compute
time F! Memory 1X P Mg .

TensorBeand

(8) HHBEAT IR T (b) HHSEEITIRRIE Color % HH AT
%] 9-10 TensorBoard iZ4Ti0 36 H Fi i
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{E Color k4% Compute time 7] LA FI7EIX UG AT 84 TensorFlow 5771 silf)ig
FFIH . SRABUG, ¥E$E Memory 1 LU BIX UGEAT H1 454 TensorFlow T s AT FERT A
7. B 9-11 JE5 T AESS 10000 58 %kACRS, RIF) TensorFlow 417 i i) R W AL R
. R e R R Y R I TR RGO . A 9-11 AT LA Y, AR VISR 2% (1
train_step T A REMI T A) B B 10 . B XHAE AN SRR (R TR, AT DARZY
5 Hu 48 %| TensorFlow HAELE] L vEREMS, X A K T SRR AR . FEMERERILR,
A B BRI B (L& 9-11 F S 10000 FIEARIN B MEAANFV
B A () /4% TR T R AR AE, BRI IXRETT LA D TensorFlow #IARAL %) 1 BE AW «

2 P

(vanable Jramizey

7 TensorBoard Fi1fii ZE{ll {7 Color #21, E& T Compute time fil Memory, &4 Structure
I Device B/ ML . 7EF 9-3 B 9-9 th, FEIRAY AT ARAL AR B A2 A FHERIA Y Structure
VETR. {EIXAPLEN, M R HA AT SR e A A R L. R AR
MR, aelSks EHRNSIE. [ 9-12 BR T MR ST nEH
s L AL F O ACRE . EI 9-12 P, BIASBBUZ MR —FER, T MB35
¥ 1 T MRSt . 85, Color £4E 1] LLEHF Device I, XA Al LAfR#E TensorFlow
P RUE AT NS4S T AL SR R A e . fEAEAT GPU B, T L XA
UMb 7 B L B S8BT GPU b 18 9-13 4yl T —/MEM T GPU 1) TensorFlow
R R AT RS S . P 9-13 PR AR (A R RA B THSTRGEE T GPU L, KA
A R RR N M EGEE T CPU b Bk GPU #7ES 10 T 4.
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B 9-12  HMALHT R AE ML M KT EAE Structure I AT AL MR B

4 piili TensorBoard A AL R B BG4 fa b, Al A LS AME B Rk B
XN AMEAGE. WE 9-14 o, MAE0W AN & 25, TensorBoard &
AEEARX ML TN ARETETARMA. B RKE xR, BREH
(Attriubtes) & B/RTER b, HEEREKEGLZRIKESY FASEEMAZE. 24 Session
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runs 3 T I —VGEITRE, AU R B BXAN YT RUBAT IR BT FE R T
FFEEAE B

g 9-14 TensorFlow i 4 %% [ {£ TensorBoard AL CRE EE R A

4 5 i i) TensorBoard ] AL A SR A 1 915 g0 B — 4> TensorFlow HEAY R,
TensorBoard th2 TSNS B . B 9-15 JE/R T A TensorFlow vy A5 BTN AR R
4 B, 7E TensorBoard J{[f ', Z5/0I/MEEIXS M T TensorFlow R B — AT A
i — AR N TV E L — A fr 4 %50, TensorFlow P AT NS B R AR
o 2R 44 25 145 R AL, S TensorBoard #J LUK TensorFlow T AR P
k. wlnER 9-15 4, BAEARLF B TP SR AR & LisfTe, B
BATXA S A S

Fi mwens : st &
$ hemeans [ | [ Sy 2
=z gnici A -:‘ . |
Lt e “ Y
| ':_. _..““‘-'—#\';6;
ﬂll'-— e f i A -
O - . . ; ~|
O v e =
O s s, ——E =
"""""" T
s
] =t
-
s -
i

] 9-15 TensorFlow it #L% si 7t TensorBoard AR E LSRR A
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9.3 HIEIZiEtRATARIL

£ 9.2 Wi FH EA 4 7 i TensorBoard f{] GRAPHS 4% 1] ¥4k TensorFlow 157 & [t 45
F LKAV {5 . TensorBoard B 1 W] AR[ 4L TensorFlow (35L&, #En]LAnf
AL TensorFlow FRIFIEATIIFE T B FiATB) T T P PIRES M I EIR . AR
AN A TensorBoard "1 HAWA™ H Al AL IX L 5 #4565 . BR T GRAPHS £, TensorBoard
FHii e T EVENTS. IMAGES. AUDIO H! HISTOGRAMS P4/ H K a] 34 At i)
MfEfats. TR ER T W ¥F TensorFlow FEFIE4T B {5 K40 HH 2 TensorBoard |
&I

import tensorflow as tf
from tensorflow.examples.tutorials.mnist import input data

SUMMARY DIR = "/path/to/log"
BATCH SIZE = 100
TRAIN STEPS = 30000

# AR G B A R R AR b var AT WEICRMKE, name 45
# W TERT A A R R E AT, BN BEEEL 2.
def variap’_le_s__u_mma_rie.s {var, name):
# RS BB R B R .
with tf.name_scbpe(’summ&riés‘): ;
# i tf.histogram summary BEUHERIREPICRMEUE S X T H0EEL K
# FISKE, tf.histogram summary BR¥&AEH—1 Summary protocol buffer.
# ¥ summary HA TensorBoard HE XS, AL HISTOGRAMS £ F H FXH N 4
# MEER. B 9-20 40 T A R E ., B TensorFlow HPILAMERESLL,
# tf.histogram summary HECREVZIBMIT, HE XM sess. run BEHHIHAIX
4 MR, TensorFlow A& HIFAEMIFHTH summary protocol buffer.

tf.histogram summary (name, var)

# WSEARRNTEIE, HoE ERCEEE B HEOERE. ]2 B H SRS 4
# A'mean/' + name, HY' mean ﬁﬁhﬁ?ﬁi, /M AR SR, MW 9-17

# PETLVES], ARG SRR SR SR ABIE R P, name MZH T MET
# EIEbRIR TR

mean = tf.reduce mean(var)

tf.scalar summary('mean/' + name, mean)

# HEARRRIbRAEZ, HE SUE ML B

stddev = tf.sgrt(tf.reduce mean (t£. square (var - mean)))

tf.scalar summary('stddev/' + name, stddev)

# Bl EEREENEmNYg.
def nn_layer (input tensor, input dim, output dim,
layer name, act=tf.nn. relu):

242



#{9E TensorBoard @ik

243



TensorFlow: 3E&% Google REFIIELR

M TR LA, BT GRAPHS Z4h, Tensorboard o f#4%—#4%f M T
TensorFlow H1—F H &R H, #9-1 BETEMHNKER.
244



&E9%&F TensorBoard Ofi{k

# 9-1 TensorFlow BEEMER S TensorBoard REAZM MK FR.

TensorFlow H & Epefi$l | TensorBoard $%(fif* BrME

tf.scalar summary EVENTS TensorFlow Hrdit (scalar) M BB U T I L% € 9-18
R T 2 T BALE VI BR bacth LY IEBE R BEATIE AT AR

tf.image summary IMAGES TensorFlow w1 {ff F 1B - $di - 12— 82— B T ol 304k M air s R i il 25
MRIE e 9-19 iR T PR FRERUE S IR ERT RO 18 .

tf.audio_summary AUDIO TensorFlow H i F i1 5 A0 8415

tf histogram summary HISTOGRAMS TensorFlow H 4047 W S BT AU S a3, 1 9-20
Jir T e e g 2R 4 AT B AT A UEAT I b i 4

&4 B R REE R ER 9.1 A5 P A4 77305 8l TensorBoard, 7] LLE 2|40 & 9-16
FroRm . XA LA 4 AARMMERE, XERRaEREGREF 8
tf.scalar summary BRE/ERA . FIAE R dr 4 45 A28, TensorBoard 23 M #E i F2 FR bR
ZRRBEAT A4 . M 9-17 h AT LB B, &K mean 4 H FH 4 A RETER. X
4 PNASE AR bR L mean STk, R EIRIER /7 RIS ASF ) dr 44 436 . AR TensorFlow
T B AL s AR RS, EVENTS R H X E M 2 S W T 8 e, BdikitE
W 2%y 4 A5 T s TR bR

] v o anrmasees.

1 i it e

el e
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e
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© o s
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e ] L
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el 1
ez
e e e e s s A
e

P 0-17 TR T bR IS OU T o 0 s o 25 6 B0 00 T
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fEdE— AN ERARINZE F M — A HES © 7, B A T HER] UL BRSSP e
WO R R A B 9-18 FTR. ¥ i — XA/ HERT LR BOR G 1 B R 4/ AR
24240, i TensorBoard W #iisz i 4% v A8 BEEL A A48 4K . BUELZE ISR batch ERIHIKR
BRI B /N DL 27 ) R IR A A543 JE AT LLSE Jin (6 b A R PR DI A

- - - s
z298a PSRy |
I |

|

R — romtape s ey e

e s

- -

B vam

K 9-19 @7 7 it TensorBoard B #1444 w048 Il £ 4# H f}{]@g{fuﬁu SLBUBES S TR
DL ECE B BEHLFT ELAO AR . K1k TensorFlow F2/¥ A1 TensorBoard ] #LAK 51 n LA
WHZEFT, FTLLM TensorBoard | 7J LASE I # TensorFlow F2 /75 S 7 A FH 1 Y1 2 e il ik

5 o3

[rres— '
| n
] -

€ 9-19 JE it TensorBoard A {4t Il Z5 %
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TensorBoard i J&i — 442 fit T % 7k B EUE 2 A0 I AT AL S o S AN S, o) AR
Hh U 5 B AN 1] R A W % v S B B R4

B o s mm s wEm - G e o e [+ oo pmm v ik

[ 9-20 it TensorBoard W] #4540 A 5L
INGE

AR AT TensorFlow 1A ¥4k T H TensorBoard. TensorBoard J& TensorFlow
BT H, REEGSMI R FE. B TensorBoard Fl TensorFlow 1Z 1T 7EA ] (1A,
{F 5 TensorBoard 4258 HY TensorFlow #2741t Y H & 344 AT 3K HUE BT Y TensorFlow
FLFIZATIRAS . it TensorBoard, —JyTHi nJ LASE 47 T ## TensorFlow 57 45 #4 LL A&
f§4~ TensorFlow HELYT S7EBATI OIS A, A7 #E. 55— J7 it nl UL TensorBoard
TRk A2 0 2 B | it R P R R TR AR RO AR LR B, EDULHD T AR R M 2% R U 2R UL
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FER T 3 p A4 T 48 FH TensorFlow SEBRA-FhERBEA 2 IS SRR L2 2]
o7 B SR el e, —ANE K ) BB TN SRR B 2 IR TR B RO Hein 3
5 6 TP /41 Inception-v3 BIRIZE BHLE VI ZRE] 78% ) IE# R T BRI AR 1 B 1],
R I B L e TR N B BISEBRAE A i ) . T IV ZRid AR, A TR 43 W iE
it TensorFlow I GPU s/F 434 A v AT HERL VIS5

o, 1F 10.1 oA T4 TensorFlow H# Fl 84 GPU MEAT P HEE I, (ks
#8E 1%, TensorFlow 431 (tf.Session) I f{—28% F S5, @idix S HnT LU 8 77
Eifi LA L. R, ERBHRT, B4 GPU BB Lk 2 2R
TR 2 SRR SR ok, X R ER A E 2 . b T RINFHE 24 GPU
MEZEHLEE, 102 WA BINGEREF IBEMRIFHT IR B)E, 103 TR g
E—HBHLBRIEZA GPU EHTIb I R EE IR, EX—W P RiEa R AN
TensorFlow FEGIFLFRAE 1 2 GPU WIZHERL, JF BT HECRIZTIH LA, B/G7E 104
W/ 443 4 R TensorFlow, LK An{al il it 43 A 3\ TensorFlow YIZRIREE % IR, 123X
—Hi ¥4 i BAKE) TensorFlow FEBIFEFRIIA R 20 Ai IR EE 2 ST 2R, AR
TensorFlow 7] ASZ R0 A R 2 IR DI 25, (HREIIFAIRPLERFGI2E . TR ThRE.
Sk T 5 5 (M4 ] 40 A 28, TensorFlow, 10.4 T A = FBHE2E T Kubernetes 7545 =1
H 14740 2\ TensorFlow R% .

10.1 TensorFlow {&£/A GPU

TensorFlow F&/5 0] LU i tf.device B ¥R B IT8 —MRERR &, XN w& L

@ Hr i s T EAR % hitps://research.googleblog.com/2016/04/announcing-tensorflow-08-now-with.html.
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JEAH CPU 80#% GPU, UK —AEREIIRSS. HAEART R ROAHIR .
TensorFlow &% —/ANa A% & —AN4HK, tfdevice BREATLIE I 1% 9 2 FRRIR E
FFIESEMIE % . AN CPU 7E TensorFlow H 4 #% A/cpu:0. fEBRIAMEIL T, RUMENLRAZ
/> CPU, TensorFlow ALK e, B # CPU #6E A /cpu:0 fE A % FK. M—HHLE I
A GPU L FREAF I, % n 4~ GPU 7£ TensorFlow 4 %5 A /gpun. b in s —/> GPU
M4 FR K/gpu:0, /> GPU & F K/gpu:1, LAHKEHE.

TensorFlow $#ft T —AMREER T R BB BT - MEHM B & . EAERSER, o]
Ui i # ' log_device placement Z¥KAT EUE TR —MEH MR & . FHIRF R T W
il {# /] log_device placement XS4,

7ELL FARRS R, TensorFlow FEFPA A IS INA T 25 log_device_placement=True,
B R AT E—NMREN R &ML B, TRER T T UERRENITESRZ,
FRAT LB 2448l “add: /job:localhost/replica:0/task:0/cpu:0” JXFE K1 i o IXELHi th B T4
FPAE— B & . HAnnEEERiE add i3 CPU SKIZATI, BN ERBEARP RS
T /epu:0.

{RELF GPU 3559 TensorFlow 17, WS/ 8 WhhinEisirits, M4
TensorFlow {56648 GPU. Eulmf LA HARFSTETE 3% (Amazon Web Services, AWS) [f]
g2 8xlarge ScHil_HIBATHY, SBBILLTBITER.

@ T4 5 GPU [ TensorFlow FREEAT LB %4 2 7,
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WAL T B % 1 T DA B /EAC B 4F GPU 31350 TensorFlow H1, TensorFlow 4 H LS
¥IESHCESE GPU L. i, R g2.8xlarge SLHIH 4 4> GPU, 7EERIAEUL T, TensorFlow
B BRI gpu:0 bo TR WAL LR RF R, BT RS S ERUAE T
Jgpu:0 Lo ST LIE SR B A F ) GPU 80 CPU Lk, M#iZhdit tfdevice KF
Tie5E. FRIMEFSE T AN tfdevice F TIFEBIT R & MFEH.

(4
UL
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FELL AR h o] DL B A R it a R b AORAEBOINER] T CPU L, i i b AF B 1
TH A GPU “/gpu:1” Lo £E TensorFlow 1, AJRFTH HIERAEREAT EABRAE GPU 1, W
REATH R GPU LR E S GPU L, AR ®E:. DIFAmSH T —
AR HORE

AR[EIMA TensorFlow % GPU HISCHRFA—FE, S SRR o 4 B0 FH S A9 A2 B0 4 1Y
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J5 A AR R A B i . 76 TensorFlow [ kernel 5 ST WR&64 41 m] AMIAE GPU L.
bl i @] LAZE variable_ops.cc /R R E|LL R 5E X

X B E Xh AT LAE B GPU R 7E 34> B4 68 | X #F tf.Variable #21F. WIRAE
TensorFlow 8% g vf 48 2 1 Flix BLARRL 9% TF_CALL_GPU_NUMBER_TYPES, nJ LAKHL
#E GPU |-, tf Variable #:/F H #5508 (float16. float32 Fl double) &%, iifEHit:
BIREBIARTY 4 5 S B BB, BT AR HRAE GPU LigAT. ik iX A,
TensorFlow E4: 1§45 i AT LU E allow_soft_placement Z%{. *4 allow_soft_placement Z
BB N True i, WHIEHFFLH GPU $44T, B4 TensorFlow £ HAH & E] CPU L3k
iTo DAFACESES H T—MEH] allow soft placement ZE £ o

(1) TensorFlow kernel 7E Github [ https:/github.com/tensorflow/tensorflow/tree/master/tensorflow/core/kernels
HxTF.
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id: 0000:00:06.0

a_gpu: /job:localhost/replica:0/task:0/cpu:0

a_gpu/read: /job:localhost/replica:0/task:0/cpu:0

a;gpu?hssign; /job:localhost/replica:0/task:0/cpu:0

init/NoOp 1: /job:localhost/replica:0/task:0/gpu:0

a _cpu: /job:localhost/replica:Dltaék:Olcpuzﬂ

a_cpu/read: /job:localhost/replica:O/task:ﬂfcpuzo

a cpu/Assign: /job:loqalhost/replica:O/task:Olcpu;O

init/NoOp: /job:localhost/replica:0/task:0/gpu:0

init: /job:localhost/replica:0/task:0/gpu:0

a_gpu/initial value: /job:localhost/replica:0/task:0/gpu:0

a_cpu/initial value: /job:localhost/replica:0/task:0/cpu:0

Wkt 1 7 rh ol AR B4 R & gpu B, TR epu EINEERM HahiEEs T ceu EC(E
M a_gpu Ml a_gpu/read), iinf LA GEU PATHIA S (bfn a gpu/initial value) #KIH
GPU 1T .

HUR GPU A L TensorFlow (45, {H MR LHEHTH MERAE 4 MIBAE GPU
b AR ST R R S R A R IS SRAE GPU L, i A ERAE S E CPU L.
GPU 2 HL3e AP ST A8, 46 SN B 85 tH GPU #375 Z MRS ifi H GPU
E gy o8 T B A EEE WA A B GPU B L, 3t T B A (B E] . TensorFlow A
DL 2 S s e Y TR 7 B A A AR B, (B T R MR EAT I, SRR
Bk A O B SR A — AR b

10.2 FEFIJNEHFITERR

TensorFlow 7T AR 2% 5 MR A GPU sty % ST AL I Rt 72, HERIHES
) GPU BeZ HLES, B0 T R AT (M VI SRR FE 2 SIREAL o P 9 AT PR ST B
WA FR, RSN RS, AW A GRE R T SIS

S FE R A E X A A, A SRR B T T SRR I AL
10-1 JIR T R 22 ST B o VI i FR I o YR B2 ST A VIR — MR AR, ER—
Ak, 'ﬁﬁiﬁlﬁ%%ﬁﬁi‘k%‘*ﬁﬁ:ﬁ'ﬁﬁ@ﬁﬂ‘]ﬂlfﬁﬁﬁtﬂ%‘t—'f]\%ﬁﬁﬁiléf‘ﬁ%ﬁﬁLE"}ﬁiﬁﬂﬁ,
WRIE R AR SR AR R R R BT S BN BB R S 4L FEFAT I ZRIR B2 S AR
A, RFE%E (GPU B CPU) A LMEARRVIZEHE L T MERiridte, A FFFAT
B BI7E T AR S EOE T 7 5

B 102 BR T RSEAMII4RRE. WA 102 FAUE, EF#EAN, £
[ 4% SIS SR OB, (E PR R R B T S BB B 1) A Jit AR 2 B
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(A ATREA—FE . ARYE 1T S B0 BUE A BE LRI — N VI 28, ARB& &1
IEAT S A% R B R M M S BT S 5. wT LAfR] SR U A R A LB T %
O B EAARFE AU ZREEE AT ISR, ERPBENT, A& 2 e s .

2

iR TIE 21 T A
B fE ShEHE

B3 A R
HEFRE

b b cst |
B

B 10-1  BREE 2 I B SRini R B

B

Bl LI BLAL 4
S

SR T 24
KL

TR RA
M

Fe A6 E
4

il 3R
i

B il e 4k B
B

Rt i B &
i

i1 w2 ik frn

| I

B 102 R R I BRI R R e

R A P S A BN R AR IR 2 SRR A v RETE VA SUBHR VI 2R . P 10-3 Py
T AN BRIk B R PR R . b B RN TR B R, B
NERERIR THE to W2 S 80T I K453 R BB KA o BRI do R dy 7ER 8] 1 [R] 32
BT ZEBBUE, AABL% do M dy VS HORIBE AR 200K /N B ER I A28 . BRAERT ] £,
W& do DATEM T R ISR HOIFER T35, BXUE S TE 10-3 th/hKEREGA
o RN 8% d HFATESBOLBER T, FLERN oK, #% d 248060
i Ae®s), ER/DERKAEILBIE 10-3 hhaskithry . WE 103 T LIESR, 42
B R A BRAOAL B, 5 TE Rk B FAR A
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1(6)
/9 "\. /
\\\ 4 ! I': /?/
. .
ta ty to e
B 10-3 Sl st I 0 2 ST MR A A 1 ) B K P
B
i B HLE 4
ol T i A wee i {4 4R T
Rl TR AR
TR ol e AR A TR A
5% E P 24 F B
Wikl &2 W N
THEHERT
WS

P 10-4 BRI 2 ST BRI 2R iRR

%Tﬁ%ﬁ%%ﬁﬁ%ﬂ@,HuﬁmﬁiﬁﬁuﬁﬁﬁﬁﬁT,ﬁﬁmﬁ%ﬂwﬁ
m@&%ﬂﬁ,%H%ﬁﬁ%ﬁﬁ%ﬁ&Zﬁﬁﬁ%ﬁ@ﬁ%ﬂﬁoﬁ?ﬁ%$%$ﬂﬂ
%ﬁﬁﬁﬁﬁ,W%%ﬁ%ﬁ&%%%&&W%%ZE%%JE%@%&EQNAEﬁT

@O RRIMFEEEI SRR X 5. TensorFlow 3 3 A R 01 [ O AR T AR R A
&hiE s 4. 0 BAERPEGEUT, TensorFlow £ (AT A AT B2 0 IR £ 2 ST B2 R 1
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GBI SR R B 10-4 FaTLAE R, a8k R, AEERE&H A% Ry
AT SR, FFRENLIRE — N ER o Bl . SRJGTEAN IR B LI AT I i A i 19 B 1E &
HlgREdl LS H0RRE . R BRANTA &N SEOE 30, (BRE N IIZGEHEA
[, BB S BB AT REA —FE. MPTH R A& SRR AR T2 )5, TR
AN F Bt S KRR A EE, B S PR X S 80T ST

Rk T 5P A P AE R S ROE B ) B, SR RIS R MR T A At
No EFPBAT, 8 HIEMABTERLLE IR, K 4R. DR OBITHEEAR
B, WAT RINGEHT RSB RE LR A RITHREFRSE, TRIBZ MK
FEAESFAE o BARERR L DR A AEGRIG, (HL PRk I 20 B 27 > BRIt A P 1) Bt DL AGE FEE
A G R RERE T B AN, 1T LB R B Bt IR R A B4 R e R A
FrMESEBR R Al oR, fEAIR R Tl iy, i SR DA VI R AR AR — s L R 22 . P,
IXPIF IR AE SR TP A R T IZ IR

10.3 % GPU 1T

£ 102 WM AT HEHBSMNEEEIEBYEHR ., X585 0 R&m
TensorFlow {14, 7£—HHLAR LA GPU FIFATIIZREREE ¥ IR, A — kit —&
% LEEZA GPU MEREAIRL, FrLAEXFh B & 5 SR RS I SR B 2 ST R,
FifRsgs BRI, 762 GPU L UIZREREES: ST B # P MNIST 8. A3 HIREIFR
WRr I 5.5 T RACRSHESE, IR BAERT 5.5 545 i mnist_inference.py F2/¥ K 5%
oA 2 0 2% O T B A B AR . DA R RIS A T OB A N 4% I 4R A2 )5 mmist_multi
gpu_train.py.

# -*- coding: utf-§ -*-

from datetime import datetime
import os
import time

import tensorflow as tf
import mnist inference

# 5 SN Ee P e 7 B BB T IXRUE S 5.5 Wbl AR E 0.
BATCH SIZE = 100

LEARNING RATE BASE = 0.001

LEARNING RATE DECAY = 0.99

256



102 TensorFlow it&NIE

257



TensorFlow: 3Lk Google ‘RESSIHESR

258



Z10% TensorFlow itEIE

259



TensorFlow: SLtf Google REZFIHELR

260
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# AN BN [ fR A7 BT AR .
if step % 1000 == 0 or (step + 1) == TRAINING STEPS:
checkpoint path = os.path.join(
MODEL SAVE PATH, MODEL NAME )
saver.save (sess, checkpoint path, global step=step)

coord.request stop()
coord.join (threads)

] [}

if  ‘mame == T main "

tf.app.run()

7E AWS [ g2 . 8xlarge SEf FIBAT EHOXBLFRF AT LA RISSEL FIRIBE R

71.90 (15292.3 examples/sec; 0.007 sec/batch)
37.97 (18758.3 examples/sec; 0.005 sec/batch)
step 30, loss 9.54 (16313.3 examples/sec; 0.006 sec/batch)
step 40, loss = 11.84 (14199.0 examples/sec; 0.007 sec/batch)

step 10, loss
step 20, loss

(]

0.66 (15034.7 examples/sec; 0.007 sec/batch)
1.56 (16134.1 examples/sec; 0.006 sec/batch)

step 980, loss
step 990, loss

L

7E AWS [ g2.8xlarge 2 b iE 4T LA EARHD AT LA R A8 4 4~ GPU Il R4 22 M 46 o
&l 10-5 Zox TIEITREFIRIL I AN [/ GPU 8 I 0L

B 10-5 7E AWS [ g2.8xlarge 4] 34T MNIST FEIFE TS GPU BB &
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PR 2E 5.5 3590 58 S 2R I 2% BB L &2 /N, B LAZE ) 10-5 Hh B/ GPU 1 FH A S .
RV ZRK B MP2E ZAEARY,  TensorFlow #-43 iFr A F 2/ GPU.

] 10-6 JE75 T il iT TensorBoard A ¥4k 13 | I FEILAS TensorFlow 51L&, Hrdi iy
ERGEARR T ARK A, KB EARE CPU. ABRARESE A GPU, %F%. MWK 10-5
FPRTLAE Y, UIZRphe 2% i E R E] T GPU_O0. GPU_1. GPU_2 1 GPU_3 X 4
AN, g AR AMEEUZEATAE—A GPU L. XFEEE 10-5 11 TensorFlow 47 B w41
A R 10-4 A1 R AR A SR 2 S VN R AR B T LR B, XN 450
RAFH IR

B 10-6 A T 4 4~ GPU I TensorFlow 4% E n] ¥4k 45 R

HiL RS 5 N_GPU, A LLSEE P HEEN TR GPU /NS b0 Il 2575 A /Y s L
.o B 10-7 BR T fE45 ) MNIST FEGIARHS L, ISR EEBEE GPU Hi 14 hn i 2ty
B 10-7 RTLAE H, SAERAPEA GPU B, BRI 2o B 2 4l —4N GPU 1 1.92 %
AR 1Y GPU OB/, VIR BEIE AT IBE GPU MR K. & 10-8 Br
T GPU $UE 2 nf, SRS GPU HUR B N stk . M 10-8 FATLIFEH, 24
GPU &Ly, SBARINELE AT ZZME, (H TensorFlow {388 n] LA 19 i GPU #( & &
U IR R B o SR R SRt 7R

(D TensorBoard £- 5 9 Tih 4 140/ 44.
262



2103 TensorFlow it&I0E

= . 3.83
3'_‘_?
i
L3
= 4 2.59
@ 300
=
§ 200 2.2
=
o
-] 1.00
2 100
E .

o000 -

1 2 a 4

GPUBTE

B 10-7 VIR ERAE GPU RN s AL Es
(MM MINIST FEBIACTEZE AWS (19 g2.8xlarge 35 SR 29D

= 50 . =" —— .

= a0
= a0

=

=

-5

2w 1

= 10 2 ] LB i

k- : : i

2 4 — " |

g 1 2 4 2 16 50 100

crusilE

B 10-8  VIZREAEBEE GPU MR MM Ly, BBEmk A A 3R 7 sk e 1"

104 S %3\ TensorFlow

Wit % GPU AT AT LUSBIREF A% R . Al — A VLA LR el GPU
AR, SRR R 2 S B I S8R, 97 20K TensorFlow 73 i NIgATHES &5
5 - AR BTG E DR IB AT A 2 TensorFlow MIFRF. B4k, 76 10.4.1 ATk
P48 45 2% TensorFlow i TAEBEEL, 345 B #8947 X TensorFlow FEBIFEST . fEIX—
ANV B R TensorFlow A AR TR, JE, 1€ 1042 A Frfiss e
TensorFlow FEGIFERE KR B8k b I SRR e AL, B, 16 1043 DR 4
H i B4 242 TensorFlow AR, HAAAZRHE (Caicloudio) #ALAII A
TensorFlow fi# ¥ /7% (TensorFlow as a Service, TaaS).

@ HAksE Rl s 2 A A% https:/research.googleblog.com/2016/04/announcing-tensorflow-
08-now-with.html.
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10.4.1 73 & TensorFlow J5EE

1E 10.2 F A28 T 24X TensorFlow VI 25 B 2% SBR[ 16 . AN 1% B4R 4100
{7 { | TensorFlow 7E 431 sUHERE P Y ZRuR BE 27 STRERY . DL TFARESJR IR T e 63— AN Sk e
PAf4] TensorFlow B2#E,

LA EARAS R, B 5EiEaL tftrain.Server.create local server RRE/E AME L T — A
—H WL} TensorFlow £ . MRJGIEIZERE LR T —ANE1E, HRSAERNESTH/HER
BATYEGIEE ] TensorFlow 88 . BARIXHE—ANBLER, HEKBUKN T TensorFlow
SEBE TAFUAE . TensorFlow SEREE I — RFMIES (tasks) AT TensorFlow it 5% K
MEH. —BorRid, ARMESBAEAFEN L. R EERHISMNEEH GPU K, RFE{ES AT
LU [l — & #1838 LA GPU. TensorFlow $EEE TS B AR A TI/E (jobs), %
A THETUEE —ANHEZAMMES. NG ERBE AR, —GEB4T R fEE R
R —MES, MHIBAT RIS NE SR TIE.
ARG R RE —MES LR . 29— TensorFlow /A L MESN, FE
{#H tf.train.ClusterSpec KIEE BT MESHIHLEE . Ll FAUEBR THEAHIZITH
PMES I TensorFlow 28, 3 —/AMES RS F:
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N H T S AMES AR

JAENE—AMERJE, WAL R

ME—MES M AT UES, YRBEE—MEEH, BFSE FREHESA
R4 RE, T HIE4H failed to connect to 'ipv4:127.0.0.1:2223" socket error: connection
refused. 4% —/AMEL BHE, ATLLEBIMNE —MES L% Hello from serverl! ISR .
BEAMES IR T
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EAF B2 5 —AMES 5 X7 SR B E T & % /job:local/replica:0/task:0/cpu:0
Fo BMBWEXANHEHEHE - MMESKMAT. N LEHXANFEFTLES, @il
tf.train.Server.target A& Rl 4215 AT LA — & FE &A™ TensorFlow SEEE 197 U5

FAd 2 GPU 2448l, TensorFlow 3Z#riE it tf.device KF8 B MEIZITAEMAMES Lo th
WK 5 —AME SR X RE S U AR, shET DUE B AN oF SOR R R F
/job:local/replica:0/task:1/cpu:0 L1fi.

76 b R op g T —AN LA “local”. {H—BEZEVIZRIREE 2# IR, &5 W
AT, —ATAEETIRTAME. KRR EERFERMEE, XN TEMES NS SR
W BH RS54 (parameter server, ps). BN TAERTTIEAT R 4GB RIKN S
B, XA TAERTEE LS ER AT RS (worker). TG H T — MBS WHHT
VIR E 2 2 BEAY ) TensorFlow SEBEEC & /1.

{4 il 434 3. TensorFlow VI ZRIFRE 2 I BB — A B A . —Fp o5 X nd ot S B o 4
#i 20 Cin-graph replication). ¥ FiXFfor A%, A REFESMEH—A
TensorFlow 15 B s (& (el 2% AR NS E0, A 2K E S RAaFIA
R RS 38 . 10.3 TG HIEH £ GPU BEFIREFEXF . £ GPU FEpIE
kst sdl 7246y, S E— GPU L#HTIES. (EARM GPU 1§ H S HH &
#E— TensorFlow i B F ). KN SEEEFLER —ANHEET, LD EHSHLT
BAGEE . 46103 WA HMARBEEI TSR RS ER. RmEb it EE R m
T B — AL AT FURAE X AN R B Rl AT S, DU EERE AR, XA
A B i A RE TR

3 Bb — P 53 4 20 TensorFlow Il 4k ¥ BE % >3 B ¢ 07 Ay o 47 B 2 ) 43 A K

@ VEREIX H L H i thworker()F th-ps(i)&j AR 4 22 Hh ik
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(between-graph replication) . {f FlXF AR, EHF— MRS S L#HStlg—
ML) TensorFlow 157 M, EAS RV B b (1940 7] 2 850 % 22 LA —H ] 2 i 7 O8] R — A
ZHR 544 | . TensorFlow 324t T tf.train.replica_device_setter B R B € X — Nt 72,
7E 10.4.2 /NS4 H BAAIIRER . RN AN TSRS 28 1) TensorFlow v 55 B2 M 57 17,
BTl Fp 7 A AT R E . BT Z (A A XA S 80 R 5 T R R
Hy T fBYSXAN A, TensorFlow #2417 tf.train.SyncReplicasOptimizer Bk 75 B 52 2 %
f Rl S . XA R 2 A R Rz . 76 10.4.2 ANITHeRegs AT
SRR 2 1) 53 A SR PR FE PSR Se L B B UR RB R ) FRAT AR B 2 SRR I it 7

10.4.2 4y 4p X, TensorFlow BRIl 5

2% /AN ot g W A ) R R 43 ) SR B o 81 B 2 ) 43 A1 3 (Between-graph
replication) 5EMu4M AT AR BE % IR SR 538 EHAN P 0. 55— 3o Fe s thAE A o
B Z 18143 A S SE L5 25 HHT Y TensorFlow F2/F. 1X— #7044y th BRI fr 4T85 %88
oA BB AT E— NS EURS B RPI AN SR %45 1, JF383d TensorBoard AIMALAES —
ARS8 LIS TensorFlow HH4T . 85 844 it SR Z M A AL B RS S HH
B (1) TensorFlow F2/F. [AHSHEH ARSI MRS HEHHML, FTEAEX I3 T
ERNMHENZBHARRZAE.

SHENEHIEF

T RREBIAEERAR R A 5.5 Wrh A B, JFEM 5.5 75 mnist_inference.py 2
b HIRT A B . DA ARRESEIL T i o0 A S R 45 I 2RISR
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TensorFlow
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BRTEBAT R A SRS SR IOHLE LR B LU F a4

TERFE MRS B, M HRES SR a2 RER LRSS (At
WIRS BASHIRE ). MBRIADRSE BRERAEED, WE B EIVHSE R 55 8% S 0EEE
B, FERR T A A S

S

Rt X A4 W TensorFlow HEEENIJE 5. 24 TensorFlow HHEH FT A iR &5 25 # 4R 2.2
JB, H— RS R AR E RS, . 7F TensorFlow M e RABNZ )G, It FEkgeT.
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& 10-9 BR T 8B — /N H R4 52 () TensorFlow v E . ME 10-9 R LAEH, MEMLE
o Y SRR T SHRE R (Bh®RKRET S, TR AEENHEERUBAE T
MATHT RS2 (BRI R AT ED.

. P e
B e et
i ot - ——
; ot -t
P
e Daali iy “"‘m
e ol Sy vk
e ——

B 10-9 i3t TensorBoard A ¥4k 94342 TensorFlow i1 5
RS B G ME R RET, B TERSSSWERLTENER.

BoAMTH RS B AL T EHAES.
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MEHEERFTUES, EE-MIERESB/AZDZH, B—MHEREHCLE
FTREBERT. ERSHUKAT, BEE RS ELEENTE SEERNLRT
ATgkeE, i B AR RS BUR AT T RS SIS R R A

S EREBIEF
FIFSEARM, FEAHONRBEEERET 5.5 MiPaHaER. ZAEEIR
T RAFEA# 2 AL FLRE.
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AL AR, ZEARNLE LEIT L LSRR AT LUE 3 TensorFlow SA¥ . (HFI5
BRARRRE, 48— GRS SRR G, EHFAREEENSH. XEHRN
HERFPERG - RSYE TR ER AP RS BB . 5 MRS % L,
AU B S T RSB .
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B RS FROME I

FEHE—NERSBOE TR PATUEER, 5 100 X CHFHEREN 0.176
sec/batch, FEFLLIS T 5 f5 HI-F I FE 0.042 sec/batch. IXJ&FE HESH — 5B T LR L AT,
FEH RS BFESHFEE MRS B/IITRLOERE, TRSBGT 100 25K
P R . XN T R EF N — AN 25— MRS SR ER, K
T SRR 55 28 T A XA R AR TSR 548

h T fRYIX A ) R, T LLIE%E tf train.SyncReplicasOptimizer B8 %+ [ replicas_to_
aggregate Z4. 4 replicas_to_aggregate /N T8Ik 455#8 LB, —RIEAURA T Bl sE
B BRI, T8 S A2 A T B AR S5 88 R . TensorFlow 37738 L 1 # [R5 FA 5]
BAALERVE tf train.SyncReplicasOptimizer.get_init_tokens_op H [ SHkAZ Hlx A [F v H AR %5
22 R ESR . 4R WIMA1L RS get_init_tokens op (IZECKT 0 i, TensorFlow 3
F2 A R — AR SRS GBI, TR BT MRS 3 AR AT A 7 B

10.4.3 f¥i}Hl Caicloud i&17% fi :\ TensorFlow

M 10.4.2 /Ny HREGIREFF AT LB Y, BIRIEAT /A 2\ TensorFlow #i 7 ZE XA
FIROBLER R E SRR . XA ARRAER AT E. “MHEMHA 100 GHLEET MK
TensorFlow ff, HEFEFRENE A Y4433 TensorFlow k%, XNEFE BB
TiH, SEAREE FHFEFHRY 5, TensorFlow HAREHBNERE, XA M TIERX
TEARMERE. RS TensorFlow 5 Hadoop®, ATLL&RHL TensorFlow HSEHL T AH T
Hadoop '* MapReduce fIVHEHERE, %A $RAEIML Yar (OSEHEET 28 T A UL K HDFS 47
L. T BG4 2 TensorFlow [ F [ T4, A = FH(Caicloud.io)& T Kubernetes“ %

@ ¥ £ X T Hadoop I/ A LAZHHE /M uk: http://hadoop.apache.org/.
@ H %% T Kubernetes I/ 7] LA HH /7M. http:/kubernetes.io/»
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B SE LA T AN, TensorFlow 4 TensorFlow as a Service (TaaS) . Ak
KB 0] 8 Caicloud $24E1) TaaS “F &84T 434\ TensorFlow.

M 10.4.2 /N Fih g HERIS AT LA, 485 534 3\ TensorFlow F /7 AR EMR L 5
YN 45T B4 CiS Sk 52 % TensorFlow SEHEAUBEE T4E. A T B/ 4 =X TensorFlow 77 >]
A, Caicloud [#] TensorFlow as a Service (TaaS) V-5 1 5GXT TensorFlow FEHEREAT 7 5 i
B, BT Hh SIS LNEKENY . KK, TaaS FEE4E T HPITENE
e 7OF 44558 T A Kubernetes e SEBLAT 40 i 7\ TensorFlow 1145 (I BRI A4, (Rl
Ul W& TensorFlow fE45 K145 s AN, RAEH GPU %5 B .

Caicloud ff TaaS “F&#it T —/Mili % 3£ CaicloudDistTensorflowBase, %335 T 77
iR TensorFlow SRR E 50 5h. BB SHOLE 5HEFPELH ., 5T S Z AR PrAE
A2 H UL R N SR8 B AR R R H S AR S SRR St B0 R e . BT A B4k %
H, LI SR GAR K R AT . HACEZ5 T -

import caicloud dist tensorflow base as caicloud

class MyDistTfModel (caicloud.CaicloudDistTensorflowBase) :

w5 B S5 o RBE R, BAT VNGt e e

FH P2 4k 7 (1) 26 T Bk Bk L 92 B0 CaicloudDistTensorflowBase #EH11 4 N A%, B
4352 build model. get init fn. train Fl after train. build model &3} T & X TensorFlow
R AED . EXANREF, AP REAEMNEE. & SR IR LR E Il ZR
BRI R . et init fn pRECP AT LAGE XAE&TE (tf Session) A2l Ji e B AAh 56 B HI W) 4R
WTAE, SEAHBROPIGIRIER, ol AR & SOXAN R E. XA BR0AT DL 5E i
RIFMAR AL FE . train BRECP & LR — UG & ZIE1THERE. TaaS & H3hERUE
R, EAPFEE U —RERPFERITHERE. BEENGSRZE, B
LU 5 X after train SRIFI LA RARAF G BIMBIR . F %@ TaaS & LB A
TensorFlow Y| 2k 72 A% ¥t MNIST i 5%,

import tensorflow as tf :

from tensorflow.examples.tutorials.mnist import input_data

import caicloud dist tensorflow base as caicloud”

@ TaaS A z WS WA T 2017 4 3 AKIEA L.

@ Caicloud 2] TaaS ¥ & H 3 +F TensorFlow 0.12.0 J LA LREAS.

@ 7E Caicloud $2Ht1 PR F B AT LLINEL caicloud dist tensorflow_base #£3t. Caicloud [ 824t T Al
TFF KM caicloud dist tensorflow base JEfCHIM pip %¥ifl, BMNEBHEETLSEA ZRHIEMN

caicloud.io.
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LA EARFERAZE] Caicloud ) TaaS F & Z J&, AT LAF ZI2RUE] 10-10 BT i M35 T .
MR TR, TaaS $R4E T 3 T IEF F 2 YIZRtE | 1408 . #25% H & LU TensorBoard
ELMERMGERR, HP LR TRVIEREEARS. FOEEFTR, % TaaS
JEOEHR 1 AT LLYE Caicloud BI'E 7 M i caicloud.io b33 ¥ 25 BRI#FE.
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mnist-example
100. 100
373 Cma Toe
Lo
-~ B FER Tensorflow Fil S
L},- fiZentl=s
s -Oemo.
l - erEmple i - SHTE LA
17-01-09 145354 2017-01-00 150018 W17-01-09 150334
o 100000
eeeam— .69,
*
1w
=
B4 TR i e
100000 B0, 1
S i T LT
Eaemplie st 20g
AT
[
Tensort EOMTRE TR, LT E 53
H R 8 e
-< | t-workerd B fnmnz
o | twoken & wEae
o | thworken & puge

4 10-10 Caicloud 324t TaaS 4> 4ii &, TensorFlow {F 45 ¥4 vlifi

NG

TEAF R4 T TensorFlow Wit GPU s/H 43 A AR 7 SRR BE 2 > AR Y
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