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H A8 5 40 F (Natural Language Processing, NLP) & — MBS RMR, E456 T iHEE .
155 7 WERFEAA AN LR GE, EEMF G b REALSIS ARG A R & LS5 1 &P
MU Bl e v FEALREAT g FE CAAR FR AN 70 #r K & H 2815 5 2R RS ALEEE) - WF
FHIAERE, NLP BN NE S BN AR ARG T8 . W LEAERE, NLP X
A QAT RET A S BRI AR e MR BT S N SRE S 2 MEAC H . £ B RE S A FEH, &%
PPk LR E S RS CHEEEE . GRS WL oM. fvAmdr. PLassiie. B
R AR 2. ST #E28THE.. HAAE S A A B ZAE 5 WSS . 24998, Iélﬁ'%"%luﬁ-iﬂJ_
TRt THENUR R IL ) TARESS . &S AR AEE S PSR RS, JRIRE S 1 .

SIEHYIE, Bl JUAFIR E 5 S R AF PROE & Jie , B AR S S FAAE R 36 iR
Al SCARAERG PLES RS 2w A IR s PRSI ) TARAE S R R 7, s 73R4 215 NLP
& LAFESBIR R, AIETS B IRE 5 A FE s & o 8 B9 77 . PR TR BE 22 219 72 N Y
EEEH, BT ZFEARMEZE, HA TensorFlow & HAIREMW. RAMPIREZIELZ —. K
5 E R AR Wil A H] TensorFlow 7R 5 5% > HEAE 25 S NLP (25 FRAE ST, Bl i) 15038 SO 7338
AR PR A B AR, PLaskliae, ReenEss.

EAT S, JAVKEEX T ARG S AL BEEEAE — 018 T, 0 NLP B 2 CAFES i —
ANKNGrs ARIEIRA TR NLP A0 i = AN A R VRS MO A AR5, FF5%F 28T NLP A A 8 BE 25 2T 1 )5
PRYEHEATEIMT: BJa, FRATESHTTF NLP BN 3 58N FH S o 2 3 0A .
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1.1 JNIBERIES IR

RIE (2017 MEEAEIRE)Y S, BKRSH 380 (L4ERBMME ERY, WiE#EBEXER
AL S ARz T A7 TR, B RS AOE S BRI EWE BAE 350GB PLE (— NS 2
T, 1024 F=1KB) . MEREIRESE 2, RIS ERSA AMES . shE RN Bl
INRATRE . FLSE, TESEPR AR, JAVSRETEAFERI R THRAE . SR SR F RV A
IR LT+ BN MG, 2018 4F 6 H, #FHHA A Domo Filill, #2020 4, tHF FHAE
R At 140GB s, I L PIB0 aG K, XN S ey K.

1t T IX e g AR A, AESRA TN e NLP 24 7 RaFy Lt M S 2, NLP
) H br gl L bV A I EE N RE S 3 DL N BRI 7 U B e M ae /1. W4, NLP RR
HOE& ZAAE, SEBIRMNBFEEREHAREMBTF (VA , FILKA O EERBTF. AL
i BF. Google R HEHNEE. AR AN AN B BEBNEE /NI (Cortana)  SER REGE) Sird 55, IXUEfE
PN EE NLP R4i/EizfT. thln, G REEEF “iEH R GZIRRBRZ AW IL? 7
B e, VA WGERIR A SN CR GEHRICA) o TR, VA DAERFIRE R E XL ()
i, R IEAE T 4R A RBR 2 35 1 FLUnZ 8 T ) FE e S5t 4k vl =k (i, 36 =WRBRE, PFZ=3-5,
EE<3 A8 o BfE, VA DO B MNER A R R Ik &, i i vrgont &
FTATHEF . AT HFEET RS, RIFH NLP &40 LA A8 ) 3R AL PRGN SCAS 4
R &G, HPEIEET, VAR LU SRS G RS2 WOl RE i A T4 A HERE,  DAHCREE IR
i AP . X AME T B0 NLP o A B AE G TR A o] BB — 3

1.2 BHAIESAEFENES

NLP HseF 42 LbrifN L, 1— P NLP 242472 0MES%S 2%, i, RS
PREAE AU B IR FERRBE 72 /NZ )5 51, S fE AT 2 1S NLP 1155 /24t < T NLP L5,
FEAHLLTFJLE:

® it AFILILRR X AEM EL BARTEAL (Flde, $39) O9E5. RAAUER
RiE, 2 AFiefb R —REFTEZG IAES. Hlde, £BET, 8 RATERAT
ESFT a0 T,

® 15])(:?-}5]1& ( Word-sense Disambiguation, WSD ) : 5] SUH 3 52 12 5] 98] iE 44 4~ L 691 5.
Blde, HEAANETF, “RELAGEAFAH” Fo “RE2? 7, By “B” 3R AR RE
B4, BB TR AL RN ESFEX TR,

® &% 54Ki%%] (Named Entity Recognition, NER) : NER 22X A7 69 LR AR R LA
EAE T RIEAR (Flde, AL AZEMEL) . fFlde, H—A8F, “DKREHERERELN
RITw a7 @AM Fm” , FHiEieh -#Wﬁiﬁﬁ'){m&?& SETTE 2T
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S | PIHR gy g T NER RAZ BARF An S iR F AR — AN EZRAL

® idpt (Part-of-Speech, PoS) #FiE: A EILARNGEEEM, @ FaiRAIEEL, BTV
A 4. #his). WEIE . @38, NEFRAARE, LITARE e ER 598, Bl %19,
5215 3)38 F . FIEARERALL T o) T F VRN 0E RO, AT ILE M e AR
AR, AP EALERENETZEAEEA, T2 TApAHRKTANfX TSR
0 7 ik

® SFELK: 4 TIME (Hlde, WFIFL) SEAFZAH, Hlhedi R0
FALFN»E (FoHos, ABRFARETF) S0P A (EEXGE) . XRdd
W #7509 838 (AR EZFIRL, FTHPRBRIOGRAOFE ) R %5 KRR £
iy,

° i$i& FEXARERT, FIARY (Flhe, 2% ) 2R IREHE (KELRL
RS BATII A, FUORFME 693 R, Blde, RA R AR T4 A INA 6L F
x$ﬁﬁﬂ£%mﬁﬂ¢éﬁ%¢m&$i$n5%,£%%i%ﬁﬁ%ﬁaéﬁﬁﬂ
W) Ak, BH—REE M, ABE S FHE 1140 AL RMIF migis,

o P& (QA) A%: QABAKREARSHLME, B AP AR AMEAF VA (4]
S0 5% Assistant Fo 3K Siri ) FIGG AT E, B ANBACLELHIF S 8 TEF XIF
IAE. WRIEAT AR KRB EFafif R E P H4ER S, MAEZALT. QA #
A NLP 895 % 7, tbdolz A8 R fedo i i b 69408 k=, BEF L QA ZAARFE
Ao BLA Pk 4

o MBEF: AWK —AN0)TFHEMNRIEST (WwiliE) 4840 B 752 (3kid) 69155,
XA AR AR RIS, BARRES A SERRNTELEH, XE%E
C AR — e AR, W, BT IR FAFREATARL S, —xf—, K
%%t %, X fe MT aKk P AR A 18 2 7+ 9] 42,

N T IR AT LA AN 55 B WAESS I &8 (B, VA BRIIRHLEEA) , IXEAE%H Y
VF 2 TAE TR BERUE —RPUT . IEWIBAERTH 7 HE BIRIRE, 05 IR MT iz rI Rk B2
EMBIL? 7 FESERJ LA R NLP AE5S, G niE 5 B SCARF A, 18 SCRME IR 1) 8 [a] A
PLEsEIPE. 72 1.1 A, AL TARFE NLPAES ME IR K. AT BB RIALS: ot Oy
PTERA SCA) AR (CERGHT SCA) 2% . RER I =28 aik GETESSHEIES) .
i8N GEFEPMES) ARER GECUESR B ED , wE 1-1 Pros.

Har, AT THRES B LSS 2R 7R Ti#f, TR —F NLP
PRI R E IR
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[ Natural Language Processing J

[ Analysis Tasks J [ Generation Tasks J
« f ~ 5 \ Machine Translation
Syntactic Semantic Pragmatic
! . Question Answering
. Sentence Word Sense
Tokenization _
__Classification _Disambiguation

; \ Language Modelling
Name Entity . )

Recognition

Part of Speech Tagging J

B 1-1 | XFEmE TR NLP EEF540K

1.3 F—ME: RIBIEHIEEEN

NLP W 72/ 35— IR B FREE TR K — Bt ial, nT LB MR 20 42 50 448, 1950 4F, B2 « &
REEH T B RN VESTHENUE RS NERTEX R GIT AMEES (BIR, 19500 (EE: &K
FiXFh “ N4, F007 B R iR L ER A 8BRS, DLHAS SR AL
ZIMARE T AR B VL2 B3 3208 5300, BESSAERUARmN . 1954 4, Georgetown-IBM
IR T B — R 60 ZAMRIE A TR F BN B R 5.

XL YL FE TIPS &, BN EN RS & R A i e — Mot A i B A [ e ok, 31X
{E 20 tH42 60 SE1CF 20 tH2g 80 FAXSE WM NLP W5 A o7 = 7 o IX S8 5 vl BR oML 3
7% (Church, 2007) . T XJ7vA4E NLP H 3 Eefr, T2 TE « Fraiid e T
FIE S SEHNE SR 5%, LA N-gram fFJ#EE (Chomsky, 1957) . {Ri¥iE 5 B cHE
I AR g 2 AR TR0, 1F N AZREME M —E04), B OFES2 1wt N LHIE R
D, B AR SRR AN HEF HLAI AN fE NLP £%40. ELF 20 th4d 80 4EAX, &ELIK NLP R4 EH T
FIRTFSIMNER, BB E &K (Rogerian) OFRVAITIM) ELIZA ALK ILSC it FH(E B
i S A ) MARGIE, Z#TRAMFSHNLE.

X—HHARES AN LEGER R R EAYIS, NG L REIR TRENEE, 17 L FARE
fl AT TR A B CAETE B2 /) N A AR ve it 7 i BN F (Nilsson, 1982; Winston, 1993) .
B A ME AT AR A TRE SRR A5 22 R R X S8 7 X e B R N T
AE ARG IE AT “ K7 sl EEZNSEL HE ST A BN RIGE 178, M A ZBObiF
TR E AR 7). XS “RAN 7 Z U AL KRR E, [ “ R ZHEMEFRIFAZ. H



F1E BAESYHEEM | 5

TER=Z 52 6E /7, IRMERE AR T A B R S S . (R BAMR] B vkt TR R:5t8,
WIEIUANZE L F R DT ENL ARG . 1IXFh R4 5 it #EFE AR R e 4417 8 (Nilsson,
1982) . PN EXRGOET 20 22 70 FAK, M f57E 20 4D 80 AR . A FH i) 3 22 “ Bk
J& “if-then-else” A MIFEFEFNN] (Jackson, 1998) . XU —{C A LRGN L EMALLETH
PATIZEEAEER CHRPD B8 710E A A R . 515 ELIZA 1 MARGIE iX#£/) NLP &% —
B, FHIR LR RGN LHIER L 5 iR, X SRR 7R R i) n B AR A R, R
B HEREALH A e AL B SR . v 35 3 A7 E AN o 1

S FES RN R ARG vit, NLP A L& Ge il i) — MK IRk e R AR KRR B
W T 2 iR TREREES, IEW Church f1 Mercer (Church A1 Mercer, 1993) P #riIBEE .,
{E 20 t422 70 AR 80 “FARKI I, 18 & IR 1L K R4t )7 1AE ¥ 320 (Reddy , 1976 Zue, 1985).
SR, WIS B TR B2 Bk = M EHE A 5 ST AR B ER AN e PR B8 7T, 4k I
TRHIAR TSR B BB IR . NLP F N T8V EE.

14 F_ME: BEERNMNANZEE X

ZPr B NLP [JU%s sl 2 iE R E M (%) Plas= 2] Guit el it 7 ok AR A
(Manning 1 Schtze, 1999) . T H2R1E 5 IR 70 25 M A ERR 45 Edm Sk 3 (1) 7 1 B Z AR i 7

FIt LA B TR) A i e R 1 3 B2 5 v Ao 22 56 11 CSE FH 1Y) 5 #: (Church and Mercer, 1993 ; Church,
2014) o BlEAFHLAS TSR EE o PR G D0 B R A TSR S, A 1990 SEJTAR, &k —H
53 NLP. i — A EH NLP W EZ#dn B8 “ BRE 5 A F 125 )71k (EMNLP) 7,
UL B S R NLP BF 5N R A BT B 2250 07 i sm 2y R i 14

S5 F TEMI, S8 E R NG E4E HONAE . BRI AR ) — R E R T M
TSGR B i i ) B ARE S T E S, WEFAAEFEERERERAA L. B 1920 LK,
2200 AE N 2R A 7E, H 1990 4ERIREL T Xt —HAER . F IR NLP 25 77 0 %
T RA AR, g /Ref A (HMM) (Baum £l Petrie, 1966) . IBM #iF#7! (Brown
A5, 1993) FIBK BRI AN AR A (Collins, 1997) M ARNERIE R IE S M. B 20
22 90 AR LK, FIHIER Ol & NLP L5774 . NLP A 4R A A AL A
LA R ORRERETY (Ratnaparkhi, 1997)  CHfmIEAHL (Vapnik, 1998) . AfFRidLY% (Lafferty
%, 2001) . EKHASEMME/NIIIRZE (He %5, 2008) FlESN#S (Collins, 2002) .

[FFE, NLP S50 AR S A L8 G2 LEAE 35 iR DA BN H ) 5 A B e 3
KON HBRRESE R, 22 SRR I T E AN LE R G2 X EE, (AR —RRiTi L
RKAGH G T . B, 2 DARPA JFE L H XA 38Rk, K2 BT 3% T R0
PN TR SEFIRNA NLP 45 AL, B3E B AT ENRL R 7 S B R B R T
KR RIRTE,  [RAHLES 5 20 20 B AN 5 T AL B Az AL g

NLP H 1256 N ZFr B s S RS R T R S R I HLEs 2= ), A TIAERR Z A
“URE” P&, POV REF SR Z R “RE” FdR R R, 5= BRiREF
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SIS AE R R ST i . ELas5 9, RN R FER RS —Fr B IR 2 T A3 F NLP
FIEE Z G0 s Ok A BE A E R AR U] o At Al 1 G GeiH %2 (Bishop, 2006; Murphy, 2012) B fi]
B 2% (Bishop, 1995) TEAMEESI . ARG, 148 H 78 2 Bl Zhidis B 20 5 ) 5l “ %
S ZH, MEE AT B A e, HZRAMN— M5 B A —NM7s, A— N8B R — A
T HLES 5 S R B AR A4S EML DU R 2% . SCRFIm 8L DRI B F T 1P 2 R 45 1)
R A7

ILLE M SR E, FFPLEE M) NLP, &R R N T RS, R HIRETAR
X RE 7 R I AR o 1 W —2E g D e 1, dEHLEs ki B LA N LR RS — i & il
Jill (Jelinek, 1998) . AR5 (Viola F1 Jones, 2004) . #14&%} 4 iR (Fei-Fei Al Perona, 2005) .
F5i1%] (Plamondon 1 Srihari, 2000) AIFLEEIPE (Och, 2003) .

BARRE, EFVIgs®EN A, Eghikdtbigt hikE, BIBESEARAPRE 11 &
Kof 1L 2 o 330 o A8 T A

ME IR AR = A1 06 55 10 0T P A6 45 A~ 38 1 000 1 A2 B B N Eidim 3R 15 3 2 B oA ]
AE, MR EF 2 ERIES FSEBER . MR, EAMBENESEERES, PLaSRErnE
53] 7 BER T (Och Al Ney, 2002; Och, 2003; Chiang, 2007; He Al Deng, 2012) , {Hif
e VA A B IS R ORI K R S8R E 7 A B B S 4R 824K 0D .

{6 NLP F%F 15 A1 CHE FR AR AT, X ANZR06 = SRRt DL B sh AL A8 24 ) i i B3 b &,
X7 VR AR &S T B PR AT EAR AT ASAS RS R B R o ATAT I DG I 2 SO B T AR TR 1)
RIZHE T, MAIENT 5 A2 R B SRR VRl o0 i . AT SR 210 B 1), ARMTE KRG+ 1k
tH A RIE & BN S S T R, o MEARFE AR B3 2] GRE) gt el siil
Il ZEL . X P A BT BN LR & 200l B B g et A, 378 B T4 m R 1 H AR
NS R G5 5 IR R & MK (He fl Deng, 2013) . BARRE, XHE ZR S0 6 SFing
oy, EARM BN TET SRR RS i 21, A RvEE, nTLAZ [ Young 558 AR
i (Young %5, 2013) o {EFEERMR T, F B LN — W B 3000 BBt it 7 v 5 8 1) A al
R, WIRR SRR (HMMs)  (Wang 45, 2011) , FEPHIGET, W& 4MAIES (Tur A
Deng, 2011) .

AR, TEIE SRS, M 20 4D 80 sFACFHAR 2010 A4, A E LA 7] (3R
R ES, THETSHINESEAERKN HMM B8 AR, LR RIRRAS K7z 46 5 T

(Baker %, 2009; Deng #/1 O’Shaughnessy, 2003; Rabiner Al Juang, 1993) . | ¥ HMMs HJF%
A S FE T Ge i A 2 P 28 ) B 2 S5 (Deng, 1998: Bridle 2%, 1998: Deng A1 Yu, 2007).
AT K EM g g R R 283 F R IR R 240 (Ma Al Deng, 2004; Lee %5, 2004) ; J5#&
i 7 s mifEdE (Picone %5, 1999) . ‘EAIIHK Z R H T 2 METER R R ERERGIE H I, 18
i NFE B KA RIE S A G T o i A AR . S BRI, BIXFh “RE” ARt R
A ity 2 35 ) T I RR XS B2, 51 T VR BE S 21 5B — IRAE Lk B AT (Deng %%, 2010, 2013; Hinton
S5, 2012) , JERT B = BORES IR G NLP K20 /7, 8 FRFRA PR th gk 17 1A .
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1.5 FE=ME: REZEIME

HARTEE BRI NLP 248, d5iEEH0. 18 5 HEEAYLEEEE, WE Bk &
SZHRINELF, HAE&EMSEENE, [{eiaERiER ALK, dFRZHTHESGE. R
T/EAN, NLP B (3R) HLas 7 ST RLE T A A% KA ERIRIR BRI ZREdE . b4k,
W R X e S B AR M A s K. FrE X —U)EE JUAERT R A TIR KA, i
JZ SE R385 2 ) B 2 5 ST ) ju S (Bengio, 2009; Deng 11 Yu, 2014; LeCun %5, 2015;
Goodfellow 55, 2016) , 5l | NLP {55 =HIR# .

EfL G L= >, TR SR, TERER AR IR, BARME T A7
{E—2UjiRa . [FIN, AHRHIERERRRIGR = 3R GE /7, RIHGER = 2 0T 70 4 R 20 0 TR 7, 3X dh
RGNTE B R HE S EARN I A B2 RN R . REF IR & 987 NLP A1 L
R RN EEHD) ), B EEMD) THEMERNEN, WALz N A (Parloff,
2016) .

0 F, RELEE ZREIARIT K FVF 2 E5 8 W) NLP AR5, AR GRE) B T
R, AREA TR ME LI AT Mk B N TR IE R 518 & R IR R . B 1A 5e B A 2
A, 3 PR A TR T W A 8 2 IR A, R ONRRIE 388 5 A FE N R8s 0 IR — 2R, Rl X T = P
B B REE . Rk, FEVREESE IR Z AT, FRERTFE 2O Stih NLP B FEREiG 2 —. IRE
2 R FATHVRFAE AR R R 1 7 82, JLUW AR 8 Mk JT4R NLP 7 (Collobert 5, 2011),
IXAETRPE 5 2] B D AR [R5 B9 o X PR BE 22 ST 7 VAR 1 A 25 2 A B2 2 1 53R A 48 X 2%
K — M ROALAS 7 SIAESS, MEOURFE TIE . S5k EARE W2 FAE R LSS 7 S AR, IR 2
22 o 288 e M FH 22 2 R 2 1 Ak 3 B s ) 2 Bk AESE H o7 21 Ko AT R AE 52 . HH T 401
FIFFIETR B T8RSN FIRFIE, TR GIX a2 i #a a1 S B R Ehife

RFE S SRR T N LML, a] DRI 2 4 240 )8 & A0 SRR I 2R Y . il
A AR E LRI (Rumelhart 55, 1986) , MWEITIRIIZRREFR AP LE1E 20 4D 90 440
BT ZRE. AR, HF&RAEREFINGEDE, WRaEMFS MR 7, 7
IR, =25 SRS B2 ik ikn < E B EREIUE K, ML BIRE A2 M
PRANERACEE, CHEMEHBR. Hinton 55 AN&EYICR 7 iXAS M (Hinton 55, 2006) , {6
T BTG, BT 21 E A AR e I8, SR I 2 ot — IR 2, Xt br
WCEARHE T 3R BRI, AT BAE AR Rk 5 2] MR s B 70 A« IXTUT PR TAEFRE L
WILE N . IS &P X 28 2R 4 32 HE T R R, BFRIRIZE S S M4 (deep belief networks)
(Hinton 5, 2006) . &\ H3h4mil2s (stacked auto-encoders) (Vincent %, 2010) . JREHE/K
245 1. (deep Boltzmann machines) (Hinton £/ Salakhutdinov, 2012) | {4 & %5 f4H 22 [ 2% (Krizhevsky
&, 2012) . IREHEEIZE (deep stacking networks) (Deng %5, 2012) PAJZIRFE Q %% (Mnih
F, 2015) . 2010 “FELK, REEFIaes kI m4EEE = 00458, SRS AT AN L& §E)
BRSBTS, JCIHEE SRS (Yu 2%, 2010; Hinton 25, 2012) . E{&433 (Krizhevsky 4,
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2012; He 5§, 2016) A NLP.

E S IRE NLP %02 —, HELE T NLP SEBR RN H 52 278 B 2= SR R 520, By
PAFRAT 13X FL0 S AT — S fiise IR S 5 ST R AR E 2 1R 0 A B Dol 2 I AE 2010 4F 2 A JHIG S Ko
MO CAE R AR TR SRS R AR, AT EAE 2009 4F NIPS 15 & PRI FIAE OB 1)
R P ST & EORATI . XIS 22 1Y B B E S R E A AR R /R R, DARORUHE . REEE
AT EX R EME Mgt T N BEF AR T ettt A, 823 X L alUE 5 31 5k

( Contrastive Divergence Learning Algorithm) )74 EEAS & M 28 A A= Y 36 4T DNNs fiAb#, nJ LLlvg
M 20 42 90 FARKPZE M 2538 1) (1) - Z A ME (Dahl 55, 2011; Mohamed %5, 2009) . #Rifi, 7Ef
R FIXIPI R, AMIKI, &AM EEEE g, R ERINEgEdE, ERRE
R4, IXLEPR ERE LG BT AN RR . B SRS 2, &R O TR
il TRRTG A s it i) (3D Hlas 2 2] Rgu i & BRI RR%E (Yu 55, 2010, 2011;
Dahl %%, 2012) . JBSEfyILAl LA EZEF RS/ (Hinton 55, 2012 4F; Deng %%, 2013
D) AR S — e A AL AN A AR PRERAE S [ IX — R B B4k, bR BLIX PR 2 4t A 1R )
B R A B AE AN RIS 3 N IR R 58 B 2 2T R R A 1Y HH 32 2 538 1R85 IR 0 H 3 E ) = Auz
17 BB RS R G0 T AR T HF (Yu #1 Deng, 2015; Abdel-Hamid 4%, 2014; Xiong 2%, 2016;
Saon 5%, 2017) . W4, MNMAT&MIERMIREML M2 1) I A% 7 ki g — N T P 2450
R HE S R R4 (Yu 1 Deng, 2015; Amodei 25, 2016; Saon 2%, 2017) , DI FE
IR NS R RSG5 WX Cortana. Xbox. Skype 1. Wb Alexa. ZFiKBIEE. R Siri,
B BE/NEERT iFlyTek 158548 R 5 —HA R TR ) 7k,

2010 5F. 2011 SFEE R B P AR ID i~ %5 36 — 3 NLP A1 L& eI Bk . B IR E 5= 11T
i UM U R, TERLLSE (Krizhevsky 25, 2012) FIFLEHHP: (Bahdanau 55, 2015) tH
IR PR AR VR B 7 S a0 B Fponllid, BAREME 2001 ST R 1 s KRRl AR 48 il BR A\ 4%
A (Bengio %, 2001, Bengio %5 A7t 2001 fF K #F{E NIPS LI{IL# (A4 Neural Probabilistic
Language Model) , AL ZHUE PN EADATTE 2003 %] IMLR EWFRIZ830) , (HEE|TZ
G, T REEE AT A EALE R B RE T, B A IR BLE SE R A 5N B EIER
i (Mikolov 55, 2013) . Ak, A KEF IR NLP MH, mEBRZF4# (Karpathy 1 Fei-Fei,
2015; Fang %%, 2015; Gan S8 A\, 2017) . #ut & (Fei-Fei A1 Perona, 2016) . if ¥ ¥ fi# (Mesnil
3, 2013) . MZHEER (Huang 3%, 2013) MHEF RS th FRESIHZNA, HEZHE
NLP 1155, B4 RIMAMEH S, P RATH., FARN. EFEERFE. 5. EFEG T,
Plas A CNE R w80k (Fl i, HEAF] Atari. Go. Fhwe Ml Hi Y DOTA2) 4.

(EFE T CAH) NLP b 9idsk, LA 80T 5Es2 BRI RS2 i K. AT, (ESEbrh
IR VLA B R G FE TR EMEME R, B, BT 2016 429 HEM IR E—Hr
B2 L8 HLas f e, URAE 2 MHERE TR A . Facebook CL&EE1 T #2511
Al AR A, ) 2017 4F 8 H, ‘BIEAEEMERE . B, A lCRAT 1 LGRS R ) BERT
K1 ZiE S5 # 7. BERT )4 #K & Bidirectional Encoder Representations from Transformers, & —F i
G 5 Ko B Bol ik

BERT 7EML#5 [ 2 EE AR 10 20K -FMl 8 SQuADL.1 R IV Tt AR RS : AT & b b 41T
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AR, 1 BHAE 11 AR NLP M RS 1 s iar i ks, ik GLUE H % 80.4%

(a3t % 7.6% ) , MultiNLI #ERR S L 3] 86.7% (4%t it & 5.6% ) %5 ST HLEs BRI fRE,
AP STESE 11 FIATIRANE T .

TER RS 2I N+ NLP RS R A, TR B P9 )~ 55 ZE R R T2 13 51 315 915 )
(Sutskevar %5, 2014) FIyFEE /1848 (Bahdanau %, 2015) . FHBFAZEI5I N T — 5K
SOAE, BRI 708 24 PP 24 DA g 1) v (1) 7 SOHAT G RS ANAR RS . ERORE R R WIIE N | R K7 7|
AT S ) A, (ERE 5 B R B SAATRE T ERIDhEE, BENERHMER AT AT S E RGN,
AL 58—t 175 3. 5T I Rif\EE R /R s B R G,
F 51 2 5 515 2] A = I A S AR SR & 1 R0 A U RN B AP 8 I 28 L 28 0 PR 1 18 - 721X
—HRINZ TGN, XSt Db S B HoAh — 28 55 NLP AHCHAESSH, 1 PR 7 % A 1k
(Karpathy Al Fei-Fei, 2015; Devlin %, 2015) . i&#% 1% (Chorowski &5, 2015) . A)iLfET.
AR N RGN

Fose, BT e Ls R FE 2 ST R E 7 L B T R it aeblds 7 I AV E 5 Tt TR %
R, Bhe 3 ) 5 =X R AR B 30 AT IR S 52 21, WRFIESR I — E B Pil. {2 st
W 28 A5 T A0 1 5 — AN R 252 A RIS R A (s e (A8 i AN [RISR ALY ) B H BT UE T 2 A8
FIHAESS . Rsh, PR T TEA, DMEERE AR X s, T IX SR i R, IR
22 LG IAE S R R AR (4046 NLP AE55) _ERISFIILES = I AN LA BeAE 55 1 Bk 5 vk

JRAETREE 5 2] QW IE B a8 LA dp e R 77 TS . B T A, FFHEETZ
PR NLP AR5 BT 7250 IR, 1ERRIRE 5 2] 58T 3OR K NLP #4722 3, {EIACR
AR 2 B S5 AR5 BRI AL AT b 0 b, YR P 2 1 ok 432 ISR R TR Jun 258l e 5 2 s 4k 2,
A RO R T8 YA . AR, 7E NLP H, WFRANRIEES. AEANE = Rt T HoE
KRB SRR, 32k 1 FAE A A pl B 2RE & MR ALH], (HIXLep L] S & N 28 FEAZE
A . H5iger BEHISE SAEEL, M SCAREE H 5 2 2R 2 R AL AS Ge R A+ B2
RIE S o ik, B Mafenl it B AR ME RGP ML A+ NLP, a4 k153 7 #ck
R 2 [ OGHE, B RN NLP AR EE 52 21 41 X il B 1 A0, FEEAS 1 2 3 )it 2P (Deng, 2016
Manning 11 Socher, 2017) .

1.6 NLP RREFIRIFRIE

FIAT, RAFVRIES:SI7E NLP fE5 IS T ERMINTY, JoICR AL SR BB . i & A
BLESRHEE T, {ELFIATVAATE LR S EROBER. I RTHE APV B A TR 51y i
G ARERRE, P RREE, M7E NLP HIEEH By Itk 7 YERe, R
B SRR ATARRRY . ZETRSE TARAE S o, JCSAAVITEM “Bfn” B P a BI6 T Ol AR,
RN T EOR, U T 4 REEHT # RO RIS B (Koh AU Liang, 2017) .

FEVF R, BRREY 21Ty ik O SR BN B s A, 5 AFAR L, B
B MIIGHR . SRR . MRS AR R, FURIIERILE 4 NED o], AN
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MERPEERBEEAEATEE. 1 H, YATRZSERE S AR ARG/, e elssE
R MEME R MR My, A e PRI B X R M ek Ay . A 4h, HETR) NLP A%
# e FA T R 2 ) NLP 28085 AT o 55 H b St R4 E . BT NLP g3 TR B 2% 5] )ik
() — ™ J= PR 4 A EE A AR B ) 1 [0) O RN BE 14022, R L a) T 1] [ FfgE A C e ls T E
Kitt#.

HAl, & NLP ARSI, BARIRA AT UME 2T WA LSTM [IFRAE 7 F1 5%
A, HaBBMESS b RE Bk B T 54— AN EAE TR o] DL A o 2 )7 RN 2R3, {2
Shr E AN T AERES MM (LXAERD) TEIFIREES P45, Haili, a0
NLP th T4 (TR 24 ) R E R AL . GRACIZ A T4) T R B A SCAR B T#IA. W
RE R HILAFERAL I 8] (Manning, 2016) .

N T SRR AR LI NLP Ay N LA BE A% Oy i B8 R 580, 9% NLP MR IE 5 SIWF A
N R 5 B AEFE AL A 7O N A 75 05 TS — 8 B R =X Ak

1.7 NLP {y Higs=

HAT, B HRE S A B Ut 7 e R R N, LN Y A AT R o PR e SCACRIE
mE N o Fedr, FRATTAT BLA B NLP 2 3CA 5 M A 2T B 2R0E 5 BEAR RO B BE 8 R 5| g
BER R HEEVLARIE. BB S ARG, ARG MR, BRI RS, BiHeH
ARG (5 R IES IR MBAFALER . ST T S Wl SO AT ARVAROR . O EIRETZIE S R RE TR LA
FEET HRES RTHEAE P 5. S RS AR R, BRinREars 5E5E.
SRl HEEES RS VSRS RS, FtlEERS (ATIS) « Hiefin53hE
BT [ SEI R VR S 2R S 2 BRI | 22 R[S BRI SO AL DL B R N RER B R 5155
T HIFAZE H— 2 WA 5% .

1. BER51Z

PESRAR S| Gett, BT IR SCME SRR TS 1 AR LB R, DA AT
b P SRS ORI S5 . DR TG4 2% 51 SR DR A P SR T FHR B, B
P 5 SR TR RO LR 55 - 93851 S B A OB AL 1 B Bt RS S ROFS L, ik
FPARAT AL FERIALGY, W61 ST P (98 R SRR R TR B T i L T — AR,
7 T B SRV 2 B A B, o) F S AR TR “ R “XX AR “ K
o SRS SRR R A B, — R T AL R R R . B AE R AR
%51 AT T S RIS, A A % 5 SR SRR MR I T P PR IR R 2 448,
YT, EREAHOR ETFEIRRE IT FSkT b fRh, e T 2R & AR ORI 25

2 . HEERS

HAE 1992 4F Goldberg #iF iRz H T — M ERE R %t: Tapestry. ‘B H 52 FUE— AL R BB 2
RS0, FRIEH TR ER A, R bRERT AE BXT IR T EH T . EERS
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B . Jvk. AR BESR TR ER S, HPEH TEEZE. G ERRATES T
FHAR. RIMERA#EERGEM B RBH P A—RE R, A REXEEMERES, Hib
XM BRI R PR IR FEOGER P PO AT, AN SRS e

RG0SR MR . T RS R . MR e . MR NS LT RIS 5Ok AR
HEZENEA, £E Netflix H 2/3 BHEE R NBAERE M E ), Google News F|FHEE #4112
THT 38%)tidi %, Amazon MIFSEFHER SLEE 35%.

3 . H125EhF

HLES B B RIS & AL BE TR B NN N FH 37 55, — RO K HLAS BB E 5 B i 4 it o
e iE 5 AR R SRS, HATbL IBM. &K, SR AR 6 B SR HLAR A 4 b 350 A8 4% R 7 4L
e BEHEIN, L ITNFEGERIEIT S B, IBM T 2009 4F 9 HH#EH ViaVoiceTranslator #L#%
B, ESICRESEE AR 2011 AEJTAR, FRREEES N, DL BIIEROR . DNN G
FEAPZER 2% ) BOR B P & M2 5F BB K, T8 B 3PN 78 2o 24 45 B AL FRATUE0HT
MR, Google T 2011 4F 1 HIERX/EH Android #&t EHEH T T RIHLAS BRI 55
AKH) Skype T+ 2014 4F 12 H EAGHE SCAHLASBH R RO . SCRF S5 A1 VU B 218 /Y S v
%, FFEAA LR 40 ZHNE S I SCARSZIBRIEIhEE

IEGERERE, £ “—H ] X -RKEERT, afgEsitk 60 ZAMEK. 53
it 5, PSSR EARN ] BATUNEE, E5H%IEE < — % %7 18115 DLSE i i) B 25
il FLESEHEELE JOE Ui, P ORISR IE 2 HhAR, R EE ISR — B 2k .

4 . BIRAERA

WP RALES N SRR IEE IR App. WK & BB S MREE App #HATZIRAITHENE P, 4]
KRR R ) B Re BB T, R RO AR, R L2 TAF. B, Sirl. /NIRSEXE
pLas Nt — N5 BRILZAh, MR HLEE AAE— Lo/ Pl A5 5 R SE TR OHEL, nTRATE 2%
M, BlnsZR & IMI. GRZFRAR S, HEFATEERARN LR R . 8 A
A& & g, o] UHBRF RER PR3, g an B &R VR. o BEARE B AW SER L
) R, X SRR E B3 B b, R A ) ) s B AT T e AR, R R ALAS N AT LR KR
HIN LA, B 1-2 45t 7 —22H Rl A=

5 . FMREE

R R Bl 5 R T 2R OISR 2R, RISLITIRRC) ™32, 55 A A B 4 2 B T 748 2R ) o
ERARA R, YRS TR AL TR AT A, Xt 78 B A 2 . )
RN K 3 Sin ML A N T 0 ST . IBM Watson 2 )% 5 48 T
TR PRI e Ay SR 61 T RS FEI 7 2, T DL T PR S FF 4 SR L R 2 D J
AT KRR 5307 o S 2.
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B RHLE8 A

o 2F48
google allo #T®RX

o TARE Bl
N\ ‘, R F ) e
3 ‘ M er JTHPBEA 2016.1

F

RN

Redx  AA0E
WX 2015
@ 1BM Watson REY ]+ AR

i 50N 5 %
WH AL deep QA

wil

—_— ——

K12 BRI A~ER

1B AR 2R N A R VR o 3R 2 SR A A SRS N A A TR SXbRiE, SCE R AR,
W AR R R P BN HNR ERE . R a) B R T AR R Y )2, R ) A T E Xy
i, KT NS AR IR, R O R RHR FE SR 5. 78 REAR I A AR ST T, AR
AL 7 ARBIER, BN R SEE Netflix 2 &1 A H AT B By MHE B CL BB AT AR Y
FIR PR e it S el Rl (4R R ) ARG, T st 7R (A=) , KRB . JHREERE
AU 1-3 B

u Google
9 s A = 1BM Watson Health

= Bin B/
-Eﬁg }hﬂ

@

Wﬁl fram’ ’ﬁ fha

RS

K13 FiREERRE
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1.8 NLP I&ZErEI=

it 5 VR 7 ST AR R SR , At 28 B — R KL 88 57 2] T 5, FHAE1S 35 0E 5 A EUS
T2 R R, W BEeRE . PlasBiES s Eli/E R . MR — L H
SRS S AL T T AR S RN 4 BRSBTS I

1. XAEHRSHER | XEStheRERFEH

BREAT CLHES T AR BE NIRRT ZRZ BAE S R &

A FRAE A HERR & B ARE S AP EEE Sy, IAERINLES S 4 n] LIARHE SCA ) B R S0k
HHCIA S Ta 1], XA AR TR S R 2t iR R R e D

2 . XEVBEA : LAk, e

MEEH] 2012 4EF) 2014 FEFRE ST, 3] 2014 4FREEE B I B0 R LS Aok, @ E
/INEE, FERI] 2016 AFERS/RVE T RS SCIR MRS, XHihlas NBkRBRE GE . Sl & B3 a] A
WS 2HESET ANE, 2 S5 AR IE L2 A AT AT 1508 (0 S s TP 20 A5, BAE XS TH ML 28 A B 2 ) 2 Al
Wseghf, BTERr e ea - AP .

3 . NLP+17\l : 58S RESES

RAT. s, EZ., alik, HESYIEX ARIE SO T REEE 2. BHRES S 84T
BV 2 Gtk bR E a3, AL RS A HT G 58 . n] AT, HRESAHH LS EREES
7e53 3 BRSS H AA & w2 HR A E BRI A =0, WInEST . &, 208 fEva.

4 . FIEL : FBEESHIRSREFIES

HARE 5 AP p 22 S S — NN BRI . R ERIEER 2= IR, B RD
IR, REF IR ER FERE SIS N PEY, HENPEREE N 1 EERTRE ]
D) 2 4 M\ ) g, A A D R ) 6 VR TR B 2 >0 R B o 1) O B IR R Dl /0N o A8 D 3 B 2 ) N
T HRE S FEHITEZHOMAAIRE, EARUES AR TR R, K He 50 5 R R fE 2
SIMEEER—A R — DR IEEE.

5 . NARBROT | ELUNARBRN A

Z AT WIS 3 R T T A ) S S e SO, IS OO T B A AL, BLAE R AN A B
i Erf LSRRGS . B, 2017 FHrRMEEE ARG RIEE T A HE “tEEE” , MR
AJ DLB BT TR B B O R i) R ] SR iR ) “ TS P, IR AE U &t AR B ek |
H B IR IE RN
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19 B%

TR ]

EARTH, A7 ESIARPBRFEAMEL, A TE MR 7 A AEANTHZE NLP, R f51HE T NLP
()% BAESS . XF NLP BRIk, AT NI F A6 3 B M AR 2 2 IR =R H
SRTE 5 ACFRIREA R, R 1 H ARE AL BRI LR B D SRR RS L, DAE M 52 R 4R
A B4R AR 7 ) IL . 25, FRATRS 24807 NLP SR B = S B R R AT iR &J5 .,
AT 6T NLP A #9375 Fn A 5240 7 ik .

B, HADES A B AR LRSS & R 7R T #ESE NLP BI5 5, FRX
NLP FEZW LARES AT T W Ry, Wfebricdt . @ SO B, wtEbiiE. ek &R, AT
MRy . AL, MIE RS, PLasBliFEss.

FIR, X NLP & ER =Bt FATHITE 81 5 NLP 3 B2 5 S 50R & AT
R EFC A —Fh NLP $ AN & A0 Y0 20 0 08T o 1X 37 98T 1 OB S 3 il it g A GHE & Sefk (T
Bial, B, R, AT BUE. SONES) Al R BN SR E SCBEE . 1 & B9 RIS FEVR
JZ AR BN MIRE & A RER IR E 5 /K- E IR R 26 DL K i 3 FRIVR B 22 =) 7 i, DAL AR
VF2 NLP AR5 . 7EREE 7 S IRE L2 AT, XL A DT BESCILR, XA R N2 |l
R P PR R i = R m A5 K OB RE 7, B B R AE T AR B A S U O I T AR
/D) IERAAEZE

P, FRA T 24T NLP SR B 52 21 5 H R PR T T e, el T RIRMHEAAAE R K
[R] A ] B R 2 T8

B Ja, AR T NLP #H WS ST 1 45 1 NLP BK FE AT 5t

MZ, WEXSIIFE T —AHR A, i3 NLP thid AR g8 BA7E 1. EEYIIAR
L 7 — A K EEAESE, HTRREIL ARG AKBRE SRR, EEERE, &
CLAAE NLP [V 22 S8 N Ak )i 1 SR SLPr ik . AP R T, I R
S SIRERRIT R (HARFIH TensorFlow 1. H) ) NLP 1 R HVEGEHEIR, RN th# B A B HEE X NLP
SR N A — L5 Eh, DIEETS NLP S 35 2 R R . 8 R Rp— 5, AT
PRVRFE 7 21 55l



21 REFINGE

BAPLEES I ER AR & T GEERENTE , LAs~= ) SLbr B — A TR B BT R . PRS2
A NLERF S — A AU, HAEEIR B TR N LK AR SO R R, TREE S ) R AR 4h
F ISP L TR FE MR I 2% o TEIRFE 57 =) N SEI BA SR & 5 AR M b i RIS A 28 T 22 [A] ) 5K &R
HAEMPIZA . RESIEENIR . &5 8. 185 R0. BGRMES AR Z RN .
IXUCE AR B, BERT AR B RIS AT, T DAZE S MBS I T 2

RZHWRE S S FILE AR T N LM ie, BaE+s, i(rEEERL, 5
Ft EXPIXPR IR RN GG EINEE 5 R IR A3 BIA KRR T o X FiX—xt, AL
EE 2-1 FEFIFEIF IR R

REFS

&G 51 Bik

Boim &
B 2-1  FTHPee 2% 5R BE 2 2 FEAME Go o ) HR R B
X ERE S S]] IR AR N LA A MR SRR EE, 1“5 2] 7 RARisid N T4 Mg
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ARG HATFS] . B 22 45 TIREARE RS 0 2 S g, PLRRA 4 “IRESS]” 2523
KNG .

== (0, X) -=»h(0, X

BRI R 2% % i P 4%
Bl 22 RBEAT R M 24 s B

Wi R R EMZ ML, FRATRE AARIRICAHES b EEE (B (REE8EE) - U (X
AEHE) s GRS, MAEEE) ) P RHIBER SISO (BUFIEEDD) o SE2hr b, BIRIR
JEE 5 ) FR N A e I 28 AR R AE A o _E B A AR DU 5, (AHX AN R P AN LA 22 W 25 1) 41
EEM M BAE AT NGRS, ARG RERDL (RO SR Mgl i — B2 5
DRI, ORIEARZE I 2 55383 N AP 22 P 2% 2 18] B 4 D ) e e A% 4 7 XA R

R, AT NREAIRERERE, RJ5 WL M &I IR TEAFTE

3R i it T 3o i A ap
2.2 I*JE%EI&E% M

221 REFIEH

1943 4, OHERE RIS O MEAIE I E R R R R T WS (FREeih ol o 7L R AR 32 45 5
B, R T MP AR, MP SRR 22 T RIS R AR SR B R R ) — A TR X 28 O B0
B, A B —Fh “RAU AR Lol . MP AR R E Ry N A2 28 )R, JFel y
N TARZ 2GR AR, HBEE T s 2845 Y A L Al

1949 4F, JNEERKZFE B OHFENE « AL ATNRAL) R 7 —FR Tk E 5>
HURE I —— A =7 2] AN (Hebb Rule) o AR~/ > MR AN R 5 A R 8 57— Ffr “ R 2%
BRI %N 2R AR R X I 2R s SR AT R & I ZRIF 2 BON R RIS THFE, 285 R BEFE A ) 4H
R FEREAT 432K, B B Z KR E VIR N —3K, XEEIEFEA R 1A T3, A I
M5 “RAE R HLE—B, AT RIRRZE R 2% 52 2 FASOE |6l BAARE R EE X

20 20 50 FEAUK, 1L MP S RUNIEEAD /= S R Ak Fe kil b, SEE R} 2508 frfn b i R 1
—ARULT AR FE SRR A A FE—— AL, T 1958 SRR SR 1 i R 2 u Ll
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IR ZE, FRZA “IRHER” o RENERAT b — R A AL, o] DO S A BN ZR 8 80 ik 1T =
2R, HEEW il grded B ah B HAE . BAnas iR s 7 RERFEEZON N L2 28 0F 72 1Y)
PR, X 2% 1) e B BRI E

BEEBTFCHITRAN, 1E 1969 F, “Al 27 3¢ « BEEA LOGO & 5 KGN iS¢ « IR
FILFRmE T — AP (28 , ER AN IER T 5382088 oM R AN v 2 A B (4]
el A ) o XA ET R A DL R RINHET RS B 2 E M magtr, {5 20 D 70 AR
N LR T FH— AW, AR 2 I 25 B 70 53 16T 20 4F.

222 REFINER

1982 4, FEZVIFFFLA)E « £ I3E/R1E R T Hopfield #14 M 2% . Hopfield f128R 4% it —
Fhet S 1E0E RGN 0 R G TR 4 M 4% . Hopfield W28t 1] LIRS A R0 12, AR HE 0% el %L
RIS ], AIESRAE M AERL, 200 T F AR AEICAZ . T2 5 Fa N R /)
(BRI, 2B IR M 5 RIR K ZES).

HE| 1986 4, REFEIZXARBR « Fldgth 7 — P& T 2 B RGN a1 ke ik ——
BP 5. BP BiL{EAE G W45 1E AL 4% 3L aE b, 3900 TR Z R iAEE it iR . [ & ikt 2
AN 7 M R B A 22 e 2 [ AR A AT BRI, B 30t R ZE /N B SRV TE L 2 N, BROE B TS 8 E
PINZRRECON IE. BP Hikse gk 7R 28m i, b N TR g 7 AN 2/
KiE

20 42 80 AR ENLIRE KA IR, LUz fae J1IRA L, SECHIPZ LR ) R G
fdi F] BP B0 “BEEEW L7 B, X815 BP HikHI R 23 TR KRS . Mok 20 tHy
90 FACH A, LL SVM AR I AR ENL a7 I BEIL e, &AL, B E G T
RUEFHIRR, HFEHE HBEARFMHEMEER, AN T2 R B REN T RS

223 REFINEFA

2006 4, ZAHBHL o b KA E A S WS « BEROM T RIERIRE TIREF IS . i
MIEH ST 2 AR (R KRR —R CER RS 7 “BEH AT MBI RR TR —
i B S TSR BN E Y, T A B B S AR 3R S AT R « 2R BE S ) R
B, SERIFESEARRE SR T E R R, DAEE R 21862 RENRERFIARZ 1R E &g
DINERBINTT W7 AT IR BE 57 2 U A T 7, 1 J SO & 3E 2 Tl .

2012 4F, {EE AN ImageNet EUGIRAIATEH, ZANoBHL « SFMis T iR TR FE 25 S AR Y
AlexNet —2%53F . AlexNet K] ReLU UG KA, MARA _EfFER TR EH KA, H-KH GPU )
Rib$gem TR EEEE . FE, hiEiE KEn R BRI R R THENL L X Jeff Dean
e [F] S PR PE M2 P 2% ——DNN HiARLE B IR A T 1 NP RS, /& ImageNet PFIIH A&
AR R 26 % KR 1 15% . FRIEF I BEIEAMH T RITTP ARSI Y, B—R%5| 7 2ARRA
I T X0 B 27 =) U R 5T o
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It 5 R P 5 ST R AR B AN Wi 20 DL R b B8 I A2 T, 2014 4F, Facebook 2 17K & %
SJHi AR DeepFace i H , 75 AR B 7 TH FIHER I O 2 REIE R 97%LL ., BR AR BRI HERIZ )L
A ZEM . IXFERIEE AR —RIE 1R S SRR AR R A T TR — e 4828

2016 4F, B AHA A 3ETIRE S 2K ) AlphaGo LA 4:1 #EC/-HE 1 B BRI o A & F
A AT, VRBESE ST —I . 53K, AlphaGo X% flfk 2 tH S gt M s a3y, WIE T
SeE. IXHAER TERIBLA, HETIREYIEARMILES AN S 7 AL,

2017 4F, FeFamfba: > 59k K) AlphaGo 124 AlphaGo Zero Fi% Hiith. R “MNEIFIE”
“TIMEE” 158, B 100:0 I EL/r 3800 5 253 T 7 Z /i) AlphaGo. FR T HIAE, &iak @
[ R RS AR, PTDABG R B IERIAHEE “RA7 o WAMEX—4F, REZS IR RBEIALE
7. &R, 2R, TABRELZ NSRS IE T EERRE. Prel, mF 4540 2017 SE51F 2
PRI 22 S H 2 N TR BRI B N 98 KR — 4.

2.3 MEZMEINE

R NG IX AN, HIOE— M EFZ IS, AN SN EM N LML, &
P2 28 B R AE Y, — RO AR AEVI R RN fR & 0T 4R, Al SRR M as, H T
VIR RGN BT EFE TR . N LM 4 (Artificial Neural Networks, ANN) £ I tHFR
N2 (NN) 2lfE#AE T (Connection Model) , ‘A& —F5(h sh PP IR 2% 4T NRRAE, H2E
170 A SFFATE AL FR ) BB R . XM AR SE RGN R 82, @i BN IR BT A2
A0 BERE R &R, IR RIALERE B H o N LHPEE IR 28 i — P S SRR Rk e 248 5 Ak G2
PIEEFIREAT (S BALFE AR . 72 TR S FAR W E BEMFR N “Ma Mg ” s Mg . By
UL, AT LETRENAB— FEDHEM LR E .

REZTT

ST TR E A, 1904 SFEAYFF G O L mbe 7w Ak . — MLt
HEBEAEZ MR, FTEARESEANGE; MR AE %, MREmRATZHE KT LA
fih 2 ML TofLIB(E 5. MR AR LA L oW R P-4k, AWfEd(E 5 .. XMEENVE
EAEY) Y EME “oRAh” o M READ Rl RS, B, A (E B E BAg .
XFE—k, M AET A N =R faAE ., LB mEAEmsE. A s ok
Wk 2-3 Fras.
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Bt e

B 2-3 A ash e AR E

2.4 MEMERE L

M EYE G EERE TSR AT Z AR ES, AN LAZ o/ gs (Perceptron) ,
XA R R o IR A « B #& A fiks (Frank Rosenblatt) 7 20 tH42 50 FFACIF R . EM1H LA
—amlEIAN (0B 1), xixo,...xe WERIX SR AR SA R FEGEBRA GERTFWZE) , W= s
ARk S . BB EOE R AR, MEITHFRN “BOE” . RN —DPrEREREL (step
function) . KYME SHIME G TiEH A S R RMIERN ML, S EeERaz, H
R WEES 5, M= RN, W 2-4 B, HS2X 8 BHR B Z 2 28 ORENES) -

X1

Xo » output

X3
K 2-4 #MEIHEfRER
HFFFAERTE m AN B AR =2, RSN mA x #8800 7V H e EME, TR
RN R A N5 2 8 IR E . Rk, Z AR R T 3os Az e mz, Wity 1, Bia]PLza
g g, HARWT:

output = },jwjx; + Bias (2.1

s2fr b, BrEReR BRI BRERTE AR B AESE . AR A5 AL W0 SRR X )
AR R, RAVRMEE BB, WK 2-5 frox. B, EEbrSAS, JATETE AL HE
KB R R EORAF o e 8, AT 2 b AT A B o, DU AR A5 B8 a] 3000, RS {5 AN
P 2 F Bl N A A S ik B il 224, XM AR BAR R
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step function

1.0

08

0.6

0.4

0.2

0.0 T T T I I I I I 1

K 2-5 MrkREonEr
(1) S AP PAHL 0~1 Z [P HEA{E, A2 —dkd (0Ek 1) ;
(2) N Al AR e Ay, Xg, ., Xy~ BUEABEW,, Wy, ..., wy M ZED I B ~FRath TAF,
BAMEHLLF Sigmoid BR% (LI 2-6)
o(x;,w;) = - (2.2)

1+exp(—Xjxjw;—b)

0.8

06

04

02

0.0 4 I I I 1

.Y
w
=
-
o
-
g =
e
..

K 2-6 Sigmoid &%
fadea s (2o /P18 FE SR AE BCE AR M 22 B0 N AR AR 5 i 22 o dm Hh N2 (A
AT e AR E A 22 2R AL O ZRPE R ED
B% 1B F Y Sigmoid BREAL, BEH A AR R EOL 45 LT LA R AL ENTR RS
] e A RS R 4 VG R, DRI AT AR 2 A A
ReLU: ZEME%EIKE%L (Rectified Linear Unit, ReLU) , XFRMEIEZME#In, &—FA T4
W 2% A i F B0 e 2L (Activation Function) , 385 17 A LURF ok 28 LA Bl O AR TR B HE 2t eR
o R A OE PRFFAE 0 A7, LU R eREH5 -
Z; = fj(x;) = max(0, x;) (2.3)

H, x2 s M, zj7E2id ReLU s & f AL AN A i H . ReL U BRSO B B
2-7 s, TR x<0, REMEN0: X THrA x>0, BREEMERZEN 1.
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- 10 -5

& 2-7 ReLU R

ReLU ZHTIIGH “FE0-" MRV, KRR 22 =T S B T ORI, PR i Sl A
FOVFOEAF M2 TR T AT, T2 SRR AGE . ReLU H20H 5 — R
SEWORERSRAE, A 3R . ReLU AE(EAR R, BIIEIET 0 Mt
FHIARGLE, SURMmTRR, IFE 4 ReLU MR ERE, ©a SEERNSES, b
I 5% T B 42 B

L A LA LB, IR K5 B R VR 55 REBRIE FRELAT I, LA

® ITReLU(Leaky ReLU): iifA x )T 0 #9487 &Sk s 69445 (29 0.01 ) K42 ReLU
LT H) AL, LReLU #A LR TR RN G =7, TR L2,

® ELU (FB#&MEAL) : SR E, BERMTHEZANE| 42 g ABEE, KT
MR ERERER, Kt F 342, A X ELU LH#meya, WA N
Djork-AméClevert 49 /24585, Mk https://arxiv.org/abs/1511.07289.

® softmax: WAARA VI —ILIGEHREL, €EEdE (0,1) TCE A& —AL T Fh, HiFa5F
# 1. softmax FHE K T4 TF:

o(z); = e /Y, e (2.4)
XH, j=12,...,K.

SIfANP R —E, BN Ect @ ZA00, £—EZN5S T —EME, ER—1 ANN
BE N LA MKl R as (MLP) o X, A4 H) B il 2t T iX 8 o M %
B R R B D

Y N AN 22 () R EFRONEEE , R Z AR R AR T R 450y (BECED o flin, —A
CEEERSHR L ZRrAEMETERES L EREM&ET. HEZEAa 2RISR, A
HEER — DR EGERER T — 2. K 2-8 ion | I B A S REENER)Z .
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fimih )z

G )—

Az <

B 2-8  FheE P48 52 7~ i) P

2.5 WEMZNZ (ZERAEE)

251 &k

P 2 A 22 R 248 4 A SC I R, PR IE S N E 5 M) ke i 2 28 A H UG 7 RSe 4 S48
H.

REFNIE, 2L N TCIEMR R B A 8, (B2 3 — M EE G, MEME AL
0] DA R el m) L, 1 FLEA R T ARt 70 RO A, PSP P48 BT S0 2 — A 1) i
KRR A — AT IR

1986 4F, Rumelhar #1 Hinton 5 A$2H | IA{%4 (Backpropagation, BP) &k, i T M=
PR 2% e B B 2 E R R RE, s sh 7l 58 R E S RS A A . HAr, K&
PR NG I Hb 2 WERARF R UNBRE GE— I FREE) MM N E SN

I ) Hinton MRAEERE, 30 4FLAfE, 1R EHE L 7T LML, WK T MHemM a2 71 X
— IR REIRE -

252 PREMHEZEMELE

PR MR T W& — AR — Mt Z S, BRI T —AdalE . ey, shialEA
W EEE TR R RAY R BT R EMEM L, fEATZEHN R

AL, FARIBCEEEFE MR 7 WA, FATH EARRIX 7 A RE IR Z 0] )AL 5.

i, ayREByEFHRIEXANTT R 20, 2,8 T a?, a2, B 2-9 4t T af, a2t E AR
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2
a,

thia] ZRHE AR
all’= fl ﬂ:‘will.lu"‘aé‘w:l.:r"’ﬂé'w-ll.au)

2 1 1 1 1 1 1
a,=fla,-wi, ) +a, Wi, ,,+a;-w,.)

K29 WEMEME (hiEZitHE)
TR Rt z 97 SOERH 1 af, ag S A BUE R RETHEAS IR, W 2-10 B

2
ay ~__

(1.1

=)

> Wi
a,

bR EAR

Z :f( af'wle,ll-l-a;'wlll,m)
K 2-10 HEMEMNLE (HHETE)
BT Hbr 2 —Am &, BaSamEel, AHEEAE “aBE7 By S aiay,

26 ZEMEME (REFI)

2.6.1 f&ik

N LA LEEfE N F ) 10 B9, )L FE VR RFF 78, Hrp iy BACR g2 &
K262 K] Geoffery Hinton #(4% .
2006 4F, Hinton fE (Science) FAHIHIT] EAR 7T, BIREE T “IREEEMNEE” IR
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©o SEGHINGTT AR, “HWEESMEE” 51 “HilZ” (Pre-Training) HJidfE, mJLA
J7 ML E AR 2 P 2% Hh AN EAE AR B — M i R R, 2SR A “fiil]” (Fine-Tuning) $4AR
RN P28 BEAT A 2R o X PN EEAR B3 L RIE BE WD 1l 252 J2 P2 I 2% IR ] o fihen 22 2
L2 P ZE AR ) 7 S TR T T — N B —— “IREEES)T

RP, PREEZESI(EE iR s f5 Lk M. B85, 2012 4F, RFE S S HEOR AR FEUS AR 7 40 bk
KIEZH . Hinton 5%~ 7 ImageNet 353+ H 2 J= G HIAR 28 (N 28 5l D 060, 25 — 251 i)
— Al E R BT TZR, TS T 038R 15% 00 aE:, XARGE 425 Vi 11 N a o
N, IXFMUERA T 22 JE 02 X 25 1R i R D0 ek

EIX 2 J5, RTIRFEEAPE M LI5S N AN BrisE i .

XF CNN (Conventional Neural Network, &R #£2 M %% ) 5 RNN (Recurrent Neural Network,
TEAFRLE LG ) RHAE LSTM WIZEHY, FATSAE a1 B &= i T g, X A 2 14
.

2.6.2 ZEHEMNEZLE

A VESE W Z R 22 P 2% 1) 5 ORI — 2 Z MM 25 .
EM R ML 4 E R T, SR8 EIR . JER S E R E, Hni ZE R v
Mgt =, nl LIS 21 2-11,

1
a

E2-11 ZEMEML

R R 7 AN, 10T DAS BI5E 2 R 1) 2 E M2 W28 o 22 3CHES 1035 3 SR Py = A
2 M ZRRA, R R B R TE SR I — A e .

2.7 YmiaR-fRRDEE LK

Jhds- A0 e (Encoder-Decoder) FZE{%FH— M2 KGRI A BN IR, BOE R AT
“Gafd” , FF HAaZ R R 7 — DM 4 A LU A far o XA B B AR 7328 & qmtnl
LUEHRIRREZS, RIGE S8, e TR rARBRS, BmBEGKSCERbsic. 1(FAZ%, alLlk
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L7 A AR 2% B8 3 “AE A& 28 3E4T F7 51172 217 (https://papers.nips.cc/paper/5346-sequence
-to-sequence-learning-with-neural-networks.pdf) .

G b 2R~ D 28 P 28 LS m] DLEAE — ANk n A 2R, EZMER seq2seq ZRIAE, Sequence

FeAD) (EX Ba] DAF RN — D/ d o), SIIES € — DT R E, fFEA235 206
EI‘J_%% —ANTREFY], A R%. BiERS

Db a5 - WA A5 I 28 BOURAE ] CLER AR “mpt—AfF i —Mhg” X —IkE, v LA AR SRR
tb. FATIAGE 2R Sequence, HKfILiE—il, ZREEIA KM Y uiicE 7 XM Sequence, FH
FAERBEE— ML E E, ERIRATE CRidis (RETHF Context) , AASFHATIFL M4,
PEIX AN BRI AR R s, 5 TR BATARNIEA RN EHIS2S (Encoder) , BlHf4m
ABREAE BARATE ez, BHERB S, X AdAZ T AMAE Context, 28 5 FA1 1 F AR X
/™ Context ¥ AL E RS Tk, XSRS EMERISEF (Decoder) .

AR AT DU ] 2-12 o

Encoder —— EXRE — Decoder

56dd

El 2-12 4wh52as-f#102% (Encoder-Decoder) %484,y

2.8 PFEILERE TBE

JUF- A AL 1R R 7 SRAR SRR B R vk et — FARELE, 8 Bl 5 BB el ) =
Ok S/ MEAT R R L

M 2-13 el LAER], FATHAIEREBEE R — L4y, R —DERIR T IR RIS .
H AR S YRR, REZSRBNGI. WFRATAT DU XA 712k 45 5 R 2 i /ME -

FATTIX AL A R BT AR & vl A v2. IXATEER R 5 WA, RONEA T 45 K eR 4
ARG A N T EBZEE PRI BUR R AL, AN IR R

(y _ ypredicted)z
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175
150
125
100
0.75
0.50
0.25

B 2-13 ERE MR RER

[FIRE, BAIRZIEE D] R R R B S — Rk, S V2 HAl 5ok (k. {HA
BRI L, R, BATEFEAFRUR KB H RSN 753

(1) X ACEAE A1 T 7 2L
(2) — P REFHNEZ, WTLLEReRE/ME. 2R, EFRERRAMER, &7 7F2 H b
IR 3= e AR

FAIBENLEEE A (AR BRAGE A, AR BEUERTE ) MR B LA R igsh. 523K
RIS SR, RBERAIWIIR AL I ZE RO EAE, B — ORI, R B AR MER A B ek Y
HZE GREBAERHER — 5 ERAERD , RERENINREE (FH0 .

FAVRE, HTEAMEN, BRSHE RN TR . R, i 807 st
BAE, JFARAE PA T R A A

B Jw) = ANENBUEE IR EL w=MESEH (v1 Fv2), wi=HIEH FEEE BEVLRIE) .
Wupdate = Wi — ndj (W)/dw

X, dJw)/dw NAUEE w X Jw) B T2, g 25 2]% (Learning Rate) .

FARBEZHR S, X EREAEE R TR B RS IE R ] &, (BRI
CIRYSEINE A Cii N s &2 o

— PR B R A B R AR . — IR, R E N F ) B R BUMEE R T E R K .
v (KD nrCLss A M ETHAIR RE, A R AR E

Kl 2-14 25 T — D MBI R
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4-""—
-

Error

‘ L]
' Large +  Small
' Learning Rate v Learning Rate

Weights
B 2-14  /NRINRCRY 22 5] g ma i) 7 B K

e 2-14 b, APRMIEH: B85 1, DARFIER; 552, REFEERE, I EREA
TIiERE 2-14 F R EAME, PrLAbZUARIRE GG 2-13 RERATERIREE) o 231N 5BRIR
U B A BRI B A Ok .

HAHENSE 1 (E 2-14 AN , TATEILF AT NIBRER, ZEdes:m iR,
{2, BZGERR|E/AME, MERA a8 R B —2e/ N8B, FF B i ekt r RpkEkin Joik
36 E

EfE 52 (EMAMNEED) F, SHMARIRIEMLL, EEEE R XL —MRULKITERS, 52
br_brl ek AT T B R ORIE Y 2, AERREEE LR, IX T RERE — AN R o, o AR B/ il /)
e, AR REA Ik 4 R B/ ME, i ik AT B,

{EE 2-14 H, FRATVSEHL T A& /AME, (X HR— Mol 7. X R I E AR 215 AL R
MME B 4 R B /AME . A6 PR BREECBE AR FE T FEA R E BE#E U S 21 #4225 1) 4 Jm B /IME. (R
B RS BT A AR R, UMK REUE AE M PR R . BRARRS L2 PR GBI dRE B4 IF BIHA
B ELE R i, (RTINS n] DARS Ry, SRS AR — BN Ia] Pagdnie s, BRSO L.

29 REfE#&

BEfR e 4% 4% (Backpropagation) BiAnIHE T 22l [a], T gk A A, BIAR
Z A EAREA B X MPAT BN St R g /7. (B2, HARX AN EIEE B 2B RRAN T RS
VRS STAICR R R (23] ). ZB18sE ). BREEIRIE. BREE RS .

ERATE B kBRI M 5/ K, Wl 2-15 Brow.
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hyp(X)

Layer L,

Layer L,

& 2-15 #PE 2R 25 K E]

& 2-15 & —MI & THAZ L. BREJE L2 ff 2 L3 M A2 Mg, & re B R iR
i NE ) input UUAARS AR EBE AR E (EHEEAEkrid) , EdfeErn L, &2%
&8 s B4 Z 15 245 B % o BRI T DU R R R Ny = fF(x), x, y 7 il ondm A & .

RIFPRZE P2 H AL AR, FATWRER Iy, ML IiERE 2-15 PRFARNSHEE, X
A2 2 o 2% o B BRI 0 o FEAR 22 I 25 Hp @ IR AR B D7 R B e SR, BARSR UREAE
B AeWIta X e 24y, did v M T ik il Rt EA Ry, (HIXE S RS A s
w2, MR RITEREZERE Nerr(x), RIEFIABRE TR IMberr(x)REFH S, HEREM
BB ERIMNE TR . EEHSHX—dEd, AT T 3E A0k e .

N T I T B AR LR P 2 AR R R, A IX A 2-15 H i — SRR AR RO B, {HIX A
R, R mE 2-16 Fros.

a0 0
/,5’\ N
G =0
N N
B 2-16 #2443 E B 17 T i

K 2-16 AR R FE, WMa=0Y/dX).
M REmMA X Mt Z fsgne, AT T $30Zz/0X)=@Z/aY)-(0Y/aX), RP:

(0Z/0X)=ab+ae+al+ LS+ Pe+P{+yd +ye+y{ (2.5)

AT R A ) B R W BEAT SR i 8 3] — N R, e scE ey, X (2.5) i)
T A B2 RAREUE A, B LLXIN AT 20 EXCR MR o dtT & 95, GIFE, JA W E#EAT—
IRFTER AT LSRG T i BRI AR, RZIRERIRERTH VR s H AR, GIFRRR Tt

Z/oX)=(a+L+Y)(6+e+ ] (2.6)
ok, AR (2.6) FISEELmE. B HE PR, 7L ik s S R m i
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or. FAVFEHEEXTE 2-16 FIE MG Bk, i 2-17 Bros.

Forward-Mode Differentiation (5%)

o )
ax 1;h\ N 9z _
C (a+ 8 +7)(0+e+ ()
QO/ \0/

[ 2-17 1EEMSE
n] LB 3, 1F Mo AR YE B A AL 3E 77 a), IR EL R AR TR ) &4 s A X 5 2
gE b (R T S AT 545 SRR
N, FAVE— PR EE (LE 2-18) .

Reverse-Mode Differentiation (‘%z)
-

o) 0
/'O\‘ /O-\
0Z
ax —[))O—Pg—}zf=6+e+c—60—h 6_Z=1
(a+8+7)(B+e+C \’ZO/ \CO_/ 0z

& 2-18 REM4ES:

nfLVER], ZEIEMNEFETAT R, SR ORE 1B &4 O et B 520

XESA AR T, BERIERRAETULSERR (2.6) BiHE, BATAIN %k ZEmA4E
RSEIE ? B R R A L, BRI R

HERENE —MTERXTe=(a+b) *(b+ DRI (LK 2-19) .

B 2-19 BRI HE RG]

Hrp, cd FKoanpmgs R, B R R 8505008 A5 A4 SN .
BREEHALZE a=2, b=1, K 2-19 h&4 S WS iHES K 2-20 Frs.
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e = cxd
e=20
de e
—_— = —=3
ie 2 ild

K220 FAIERMSEEREESE SN RESTHESR
A EFGO S, BAERERTARE b i EE R A 2-21 Prox.

5 )
b
e de
5e = 5d ~ >
5
b
dc - 3&’_
32 = -1 b~

da ob
o =Y

2-21 AR IEREMSEZEGEIER b HRFIHEER
A St oy Sk, FRATIAS B i 11 SR A5 SR W& 2-22 o

% - e
da Ob
2-22 FRARMEBSEESINRSITHEER

AT W, S il oy FAA DR E 1 BT A AR B (A fE R [R) A2 5D X 45 2R e HISLIH . 77 e NIRZREL,
WP AT — IR IEEL, AT LAAS P &5 58 e U520, RRUERRREME, T 25w n] DAR| )X 2eph
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{ER BRI EAR 15 1k R BV B A RS R T — M AN BRRZE e HISLHE, B
R, BMEREZ N REXS e KIS, AT LT Z 0 HE . BrelEm s SEAEREE B BA
BT gy, 3K 8 FRATT G 3 S 1 ol R ) S A

210 R4

ey =H

TEAREE, JATTE Foxd PR L 5 2T RO FE AT A2 1 T S8 5l 1 B, DGR BIPR 52 ST E N TR g
A B EEAER .

HR, BAT T IFREE 2T A AR SR B AT A e, a1 H A I SC oy —— Ao L. i
AP oA R e, FRAT IR FE 22 ST BB LS /A 1AL

7, RAINEEMEMLEE ., 2 EH2 25 A1 Encoder-Decoder 4% 5% J7 THIX TR % ST I A
HEX ER Z5 R REAT | IR R IR BT, X A AR AR AL S AT IR LA 1 REUE AR . ROYBsE
i) i) — AR AR R A, BRI S A SIS O IR 1 ERTE R IR, B EAIRAT A
IR T BEAVESFE T RS

fIE, BAINAE T EARIAEIREL (BP) , MWECEB A AL, EIRATAR RIS
TR FIE R ST PTAE, NIRATE— 35 27 SR B S B A I 2 AR R BEE 1 R4 A

5, AT AR BHEHRISARMESR: TensorFlow.



TensorFlow

fEARTEF, FHAINTESXT TensorFlow FMMES . TZHRFIE. 2238 J L = AN R 70 i3 AT VEAH %
B, AR XA OS2 IR, IR, ETHR T S O0MEZ s, IS TensorFlow
) AR ER AT IR LM, K TensorFlow 5] “client—master—worker” 2244 JiC )2 ¥ X 2 i
WAL HR AN AR B 42 AT VENAR L, LME AT %) TensorFlow HEAE )iz 1T HLHIA B 2 A A . 555,
AT R 7% TensorFlow %5 )7 v HEAT L [ TR L, BEF 2 ER g5z TensorFlow % ' i A £E
HEIZ TS 85, FRATEXS TensorFlow W Wt ZRiE— MR, JHl—gexdtbirthr. &, &
1%+ TensorFlow )28 & AF HIAL I —LE 21, HSCIL— = EM L 28X MNIST £ HdiE 5 it
1700 11

A EAE R ) SE AR, 1E A e ch3 R RS . 3 tensorflow introduction.ipynb.

3.1 TensorFlow & #2i=

HH T VR P 2A ST RF SR ) B 22 H W2 N 1 R R AT 1 I St 5 vl 3 Y TR A, TR AE R AR &R
BrEE . R EIRS, ST ML N 53 A I A ST SEI R ARAE SR, IX RS
HE R AL 22 AR T Y S AE B AR A5 LRGE & K . X 25 H A A ml 2t K Fe /1 2
B, FESCER AL EHE B B B AT s AR TS IR S 5= S HE SR 2 ———TensorFlow. TensorFlow f#]/&
HHAF R A B ORRN /N GRIE T A L8 2 sep 70D BB G A TR DA ki, 22—k
HEAE K (Data Flow Graph) HIJFR-AT BB THEAESE, 2R TSI AR P28 40715 2 )
TAEE (5, vFEARZE R A EAE ) S . TensorFlow it 48— 5B 13 % 2244 (Compute Unified
Device Architecture, CUDA) XEUEHATHERIE, 1222444 H NVIDIA A& 5| ARIFFATIHHEE G

TensorFlow FZ & HTHE K. K& AR 1 =AM AR . TensorFlow = 5 AT LA
TN T EE (Computation Graph) , EUEFRIEE WP (Directed Graph) , BEH I — 4
243% 54 5545 /E (Operation ) ZB44 B 10 A — AN 15 (Node) , 11 1 5715 2 0] (R B8 Fk id (Edge) »
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B H R iX 230 (Edge) M%7 7815 x5 (A AH FLOCHE r1 i sh (Flow ) 1) 25 4E 2048 04, Bl9K & (Tensor) .
XM HEBERIR T EARFFERE, R o AEHORE, AT PO THE B i 2 32347 564
| B E R . TR, AT DU sk E RS, A EREIERPE ML, ATt EE,
ERAL EHREE (S50 BRI,

XH, AL AT LUER ZFE S X E BT, TensorFlow IX#F & i 2R # LEFRAT 0T DA
(EZ AP & EEIFHE, FlnsatELHR R —1ekZ 4> CPU (8 GPU) | k5548 Bahie& s,
{ERNIRFEWIFIARZER, TensorFlow EMLAS = > 7 IR T LLF JLANZ A in) j8L:

(1) ¥/ TensorFlow T.H ] LLF| AR fal vl B35 5 RIS R B R FIAEA, XiE—K, 1A
LT LA H SRR O T FERS 7100 9ntD . R AR R AR K

(2) tHT TensorFlow PIA%ZHAT RGAE 1 4E C++,  DRIHEAE P AT 20 7 T HE & =24

(3) TensorFlow &A1) 77 2 2 HERE L GRS IR 7 e T e R & Z F.

(4) TensorFlow 1475 | TensorBoard 547 HIACE T H, HEH =X W oTEkIRE 2 52
A EABI T HE, i TFLearn 55, X% T BFGICHSA1GE NS . B T/F B,

N R KOG, BT PAZ 3 T T Y 3k PAEE %] 9T TensorFlow J5 I A 24 -

TensorFlow & M : tensorflow.google.cn.

TensorFlow #4 &2 JA#2 /4 4w#24= 1 (API) : tensorflow.google.cn/api_docs/python.
GitHub M 4k: github.com/tensorflow.

A & github.com/tensorflow/models.

3.2 TensorFlow £ EE4H1F

3.21 BIKEs

BT R RINLEE 7 ) ik 2 T TensorFlow H2sRGLrEE 7. {48 ] TensorFlow I,
70 5 B PR R 25 4], R aX N 45 A9 F0 H bRefi 0 (Objective Function) 45475 —i2, FFEIN
$47, TensorFlow 4 H 2 AN ITHE AT S48 THE RN 8 AD T HAR AR 8 1) 22
AT AR TR RS R, BT LARATTAT DA — EARTE M B RE P AR AT 4

322 ZIEEHF

TensorFlow 5 —NAFRH C+HFH 5, 48— 5% HIF Python {8 F] 5 11K 4 B RIH AT IRAT]
11t H & (Computation Graph) . A0 L E#4S Python/C++F2)F, tHn] LLAIAE B 3L iPython
FL1H KA TensorFlow DL —L6A87%, & n] AIFFRA DK L1l A0S, LS5 SR Ft 3 247 .
HIRIXAE — M rd, 8 RN AR ERA0E B B EE S i, i Go. Java. Lua,

JavaScript. R 5.
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323 SEMREMN

TensorFlow ANJ&— g2 X ER) “HEmMeg” FE. WRBNTaES T ER R R — 2R
K, A2 5880 IAE ] TensorFlow kA4 4 B A 5 Sk Sl iH 5 A EBE . TensorFlow $2fik | H 1
THRFEMRASE “ 7K CFHTMEmZE) , J8H el LLE AAE TensorFlow il F49n S
HOW “EEE” « 2 XNFiF A E63#EM% S —1> Python R —1E% %, M HWBAHIE
OPERETRFE. AT — AT IR A BB ZE W R EEHIR#F, AETUEH WS —m C+HAUY
k8 IR ERERE,

3.24 EIEWAI#BEMY

TensorFlow /£ CPU Ml GPU Lizfy, tbaniinl LLigir/E G0l IRosas. Hahit&55 L.
(EIR A FFREE I ATSE > TensorFlow FesFEIRNE R CRIE LA LiEfr — MHLEF 2 IRESF
SJHRY . TensorFlow 0] PAFE BIFRAT K B C IR TIAE 2 4> CPU LTS E, R AN
WEHACHS . TensorFlow & n] LAFE BhERAIPKE B S 2Ry IR Jur= i i) — 30 203582 241 App
H o TensorFlow ¥ n] LAFEBIFRA K H R EUE N mim k52177 3 ARS8 £, sFisfr{E
Docker 2 a5 H.

3.25 F[RMAM~mEXARE—E

%, ERRERRNLE S IR R, SERENMRLES TE. IE, B RAFER
£} H] TensorFlow 2 IEYE, 7= 5 BIBA U ] TensorFlow SE N ZRAE I THE R, FFHE B4
BLAYEZ TP . A8iT] TensorFlow AT LALEREFIIRE 5t % AR MGZ I BIP= e, 10T LA S
PERT A8 B H e oy =ARRD, A dR SR = 2

326 M=K

flhn, MMAERE — A 32 4 CPU W%, 4 4~ GPU &K1 LAER:, #tnl AR TensorFlow
B TAER I EIE e & K k. TensorFlow 25T | 282, PAA. RS ERERSCE, it
WoALTRAT I B S F AT EE R e A E R . AT BLE HHF; TensorFlow B H ATHE G
ZOECRIANA B, b TensorFlow #5364 18 i i 1X LA [A] {Y I 4

3.3 TensorFlow Z3E

AT AAEZAF & g ffEH] TensorFlow, 141 Linux. Mac OS Al Windows. 4%k,
fi1t 0] A4 H] TensorFlow 2 #1 ) GitHub J5 K44 & 1% % TensorFlow. 45, @S EA 10 B ki 17
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/& Windows £4t, A4 HLHECH HH)&1EIE Anaconda K %3¢ TensorFlow.
HHT Python 3 [ | pip3 WEHAR, B T % 3% TensorFlow HIFEFF, Rl SE3RAT A% FH 1)
/& Python HJIXAMRAS, UL % pip. NI W, FEATH R WA AL pip %3
TensorFlow. FHI%A H7E Windows R4t | %% TensorFlow HIM N4 Jaa—A “ZKig” F257,
SRIGAE % “ s ” RHATAERI) pip3 install 174 .
(1) #2735 TensorFlow F) CPU fie4ds, HwALL Fan4:

C:\> pip3 install --upgrade tensorflow

(2) F4:3E TensorFlow [ GPU A, #m ALL TF#n2:

C:\> pip3 install --upgrade tensorflow-gpu

£ Linux J7 [l , TensorFlow Python API 37 £F Python 2.7 A Python 3.3+, [l it 3%A1 175 2 %2 %% Python
A 6t JA 5l TensorFlow %3 . FkA| 1404 %5122 %% Cuda Toolkit 7.5 Al cuDNN v5.1 + 4 fE3k15 GPU £ $r.
EHMHRE Ubmtu R2%, &XKH pip3 HIfr4K%3E TensorFlow 1), EZ{5E ML=
https://tensorflow.google.cn/install/source | HJ i FH .

£ Linux % %€ TensorFlow

X HUR 25 el 7E Ubuntu 14.04 B0 @A %% TensorFlow. B AR ALI 1 BH 0] 8 21k H
T Linux HARRA, RFEd s >Er Ry,

(B, R4S PATIER PR AT, AT 2w e & L 2dEWA TensorFlow, F&A/10] LAYE
GPU 1 CPU Ligfr#ia S sk BN RSP . ik, MNiZiZ#ELLT TensorFlow PRl AH ) —
A, FERANTE 6 BT 222

® LI ¥ CPU &) TensorFlow: 4eX i+ AU EEA %% NVIDIA % GPU, 3465 4% F sbrr A
Zx T . XAREE, FTRAE S 3] 10 55 A R

® I 3F GPU &9 TensorFlow: FE 5 3 M AA2 875 23w 5 6931 398, TensorFlow 4
AB)5h, EAEFTAL GPU L R2 4L CPU Limbe B it Fhegtrik &, 4o RAREY
it FAL LA NVIDIAGPU A4+, AR B 1% %3 A8 R BLp A

RAERATH 25, BMETHENL EER 7 NVIDIA GPU i, A5 0 B 2 3E 3 1 o 243 U
CPU fIRRA, wWPAREA AL S RIFrtEae, A FUI#E] GPU KT Fr-
Y ¥F GPU ) TensorFlow fitA<f5 JLANE SR, #1701 64 {7 Linux.Python 2.7( &, Python 3 fJ 3.3+),
NVIDIACUDA?7.5 8¢5 fshit 4% (Pascal GPU ;& CUDA 8.0) #1 NVIDIA cuDNN v4.0 (/) 8% v5.1
(HEFF) o BEHARHYL, TensorFlow 4IRS FEA] NVIDIA T HAMEAFH GPU iH5&.
Rtk A20AE Linux THEHL E223E LR 8 A GEAE1S 700 70 #r B FE 7 3k 45 GPU | S H+:

® Python
® NVIDIA Driver
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® (CUDA with compute capability >=3.0
® (CuDNN

® TensorFlow

1. &2 Python 1 NVIDIA IRGHFERE

ARG 23 Python RIFEIEARRT LRI, X BEAFER. B, BREIREFENLH
L4435 | NVIDIA GPU.

TR — FREITFEANLR R GPU & B OB A/E s LAE, K FHATL M in s

S lspci -nnk | grep -i nvidia

F T 3 A AR KRR BE AR T B o >3 AR B2 = 21 B3, I R R VRO T L B2 17—
LA A, Bl GCC M —Lef] TRl it B/ Python B A441.
WU AE L G BT R 4 -

sudo apt—-get update
sudo apt—-get install libglul-mesa libxi-dev libxmu-dev -y
sudo apt—-get — yes install build-essential

sudo apt—get install python-pip python-dev -y

4 4y A 4 A

sudo apt—-get install python—numpy python-scipy -y

IAEIEIT weet F# NVIDIA AR (AZESid IR THENLUEEE IEFIRIRRAS) , JFLL silent
Iz T AR

S wget
http://us.download.nvidia.com/XFree86/Linux-x86 64/367.44/NVIDIA-Linux-x86 64-
367.44.run

$ sudo chmod +x NVIDIA-Linux-x86 64-367.35.run

$ ./NVIDIA-Linux-x86 64-367.35.run --silent

—L GPU -k, W1 NVidia GTX 1080, [t N EIKANFEF. ik, R AIRrHENLEA A
T GTX 1080 ] GPU, Hit,Zii F#%i% GPU HIIREIFEFE .
RIS R 7| O IEM LS, iEEKum EHATLL M a4

S nvidia-smi

i A B 4E B I 3-1 B
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ubuntu@ip-172-31-12-
Wed Sep 27 00:58:45

NVIDIA-SMI 384,81 Driver Version: 384,81
............................... *......................
Persistence-M| Bus-Id | Volatile Uncorr. ECC |
Temp Perf Pwr:Usage/Cap| Memory-Usage | GPU-Util Compute M. |
------------------------------- 4 SRR EEEEE | S EEEEEEE S EEEEEEEEREEE |
Tesla K86 Off | 666060000:00:1E.6 Off 0 |
PO SOW / 149W | OMiB [/ 11439MiB 0% Default |

$essssssssssssssssssnssssnsssnns $reccssssssssscsssnsnns

.'.
Processes: GPU Memory |
Usage

B 3-1 nvidia-smi 172 B9 % H 45 2
2. LZZE NVIDIA CUDA

N 1 ¥ TensorFlow 5 NVIDIA GPU it & 1# H , 75 2 %% CUDA Toolkit 8.0 /2 FAH IS/ NVIDIA
IXKZhFEF . CUDA T HAufuds.

GPU Aoig &, o) FHig/d 2ot T 4469 cuFFT (FFT) .

AR MEARE T4 (BLAS) 49 cuBLAS.

He B 4B [%15)42 &9 cuSPARSE.

) T8 & AoAf 5049 B35 K A% 25 49 cuSOLVER.

J T RAELAE AR89 cuRAND, A T B 1549 NPP Fetl 3 4L 32 715,
NVIDIA B # 547 & ¢4 nvGRICH.

I D AR IAT L iE A S B 4540+ A 89 CUDA #5 &,

B Linux, 1800122258 By i i) £ -
https://developer.nvidia.com/cuda-downloads

{8 ) wget f 21 R

$ wget https://developer.nvidia.com/compute/cuda/8.0/Prod2/local
installers/cuda 8.0.61 375.26 linux-run

$ sudo chmod +x cuda 8.0.61 375.26 linux.run

$ ./ cuda 8.0.61 375.26 linux.run --driver --silent

$ ./ cuda 8.0.61 375.26 linux.run --toolkit --silent
$

./ cuda 8.0.61 375.26 linux.run --samples -silent

WAL, BIRRCK CUDA %3512 N3] LD _LIBRARY PATH A IEAF & A

$ echo 'export LD LIBRARY PATH="$LD LIBRARY PATH:/usr/local/cuda/libé4:/
usr/local/cuda/extras/CUPTI/1ib64"' >> ~/.bashrc
$ echo 'export CUDA HOME=/usr/local/cuda' >> ~/.bashrc

S source ~/.bashrc
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3. ZZE NVIDIA cuDNN v5.1+

423 CUDA Toolkit J5, M Linux _F F#8 cuDNN v5.1 FE, fi# 5 47 S 3615 3L 8 1 2 CUDA Toolkit
H s (R (E/ usr / local / cuda /&)

$ cd /usr/local

$sudo mkdir cuda

$ cd ~/Downloads/

$ wget http://developer2.download.nvidia.com/compute/machine-learning/
cudnn/secure/vé6/prod/8.0 20170427/cudnn-8.0-1inux-x64-v6.0.tgz

5 sudo tar —xvzf cudnn-8.0-linux-x64-ve.0.tgz

$ cp cuda/libeé4/* /usr/local/cuda/libe4d/

$ cp cuda/include/cudnn.h /usr/local/cuda/include/

R, Z%% cuDNN V5.1, FRATAZILE hitps://developer.nvidia.com/accelerated-computing-
developer biEMMEIHFIF AR . WAE, M%7 cuDNN v5.l FEz e, iRl 1
CUDA HOME #I545 & .

4. L% libcupti-dev FE

BeJe, W EAEORITE RO B %238 libeupti-dev JE, IXJE SR 2000 SCFF U NVIDIA CUDA.
LW, EPATLL T4

S sudo apt-get install libcupti-dev

5. Z£&E TensorFlow

A RWHR Ay CPU %3 Bofthit A< i) TensorFlow, DL 4y A4 NVIDIA . cuDNN 1 CUDA
THEBEI) GPU 2L 30 FF, 20 A o] AETHE ML E LAZ Fh 7 3042 %% TensorFlow, Lt
W Al virtualenv. pip. Docker 1 Anaconda. iX . {fH] pip A virtualenv 7730,  CfF X% EEE ]
PL2%2 i 4d H Docker 1 Anaconda % %%, VF I, https://tensorflow.google.cn/install/. )

(1) fdiH]A<Hs pip %% TensorFlow
%fF Python 2.7, {¥3Z#F CPU MRAH), HAKWIT:

pip install tensorflow

For Python 3.x and of course with only CPU support:
pip3 install tensorflow

For Python 2.7 and of course with GPU support:

pip install tensorflow-gpu

For Python 3.xXx and of course with GPU support:

Lr == 4r = 4 HH= 4n

pip3 install tensorflow—gpu

(2) A#iH] virtualenv %% TensorFlow
WRAAR O LE 250 F %3 T Python 2+ 3+)F1 pip(BY, pip3), iG#4M DL K 418 223 TensorFlow.

(D)% virtualenv ¥ 15 .
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S virtualenv —--system-site-packages targetDirectory

targetDirectory %7~ virtualenv M fJfR Hk . BRATE ML T, ‘B4 —/ tensorflow (7] DLk FEAF ]
HEZ) .

@ T IS virtualenv 37355 .

S source ~/tensorflow/bin/activate # bash, sh, ksh, or zsh

$ source ~/tensorflow/bin/activate.csh # csh or tcsh

R AL IR 2 AT, B ALE “ % ” FEFPH ERGZ AT UE BT A

(tensorflow) $

(3% %% TensorFlow
FZRE DL i 22— {EI0E Y virtualenv 3438 0 2224 TensorFlow
XA #F CPU [ Python 2.7, iHfiH LA Fin4:

(tensorflow) $ pip install --upgrade tensorflow

XA 2 #F CPU H) Python 3.x, infi LA Fans:

(tensorflow)$ pip3 install —--upgrade tensorflow

%t T % FF GPU f) Python 2.7, i#f#H LA R4

(tensorflow)$ pip install —--upgrade tensorflow-gpu

XA #F GPU i) Python 3.x, ig{#i L Fn4:

(tensorflow) $ pip3 install —--upgrade tensorflow-gpu

M FRa4SaTy, gk PR s R FiRay AR, EHATISE 5. A, WP 3 DL
R R, 1 22l i AT LT A A AEIOE Y virtualenv 3455 2235 TensorFlow:

#%1F python 2.7 (GEFEESA cpru B GPU LIFAIIE Y URL)

(tensorflow) $ pip install --upgrade TF PYTHON URL

#%tF python 3 .x GEFEESA cpu E cru ZFRIEY URL) .
(tensorflow) $ pip3 install --upgrade TF PYTHON URL

@i e
WAEHE 3 FIIEREE, WGUHOE R, 1 virtualeny FRES Y AT RA FHOSIRA, iH4A
T T s —:

S source ~/tensorflow/bin/activate # bash, sh, ksh, or zsh

S source ~/tensorflow/bin/activate.csh # csh or tcsh

B)E#; TensorFlow .
ZLEIE TensorFlow, HGMIEREIE R H R EI 0], 1]
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S rm -r targetDirectory
6. Mhx{ZZ3EAY TensorFlow

Ja#h—A> Python i (N TEAELum F4i N\ python =% python3) , #4T—E & W “Hello,
TensorFlow!” #2f¥, (A7 F:

>>> import tensorflow as tf
>>> hello = tf.constant("Hello, TensorFlow!")
>>> sess=tf.Session()

>>> print sess.run(hello)

R TensorFlow Z &k, FRAPEE 24 259y “Hello, TensorFlow!”
3.4 TensorFlow jTEE

{EHUAT TensorFlow f2JFH, FATFHEME—HEE, REZBUHFEEEBI 121, £
TR e B . (FESREHEDREARE R, Ha)ihil, TensorFlow FJTHE T LRI N
HB

e My, atitFAR, ATHEER.

® JATE4, 1id2E (Session) FATHE Fa9+H 3, A TRALEIE FFRFL K.

S UFE BRI EE S, 3RAT AT B N PRS0

® LR,

® R EayHr kAR A EMGE IR,

X H, HIR G IRATI AL, TensorFlow 27t C ++5| % F T8 — Iz H#(E, XERF (L Python
FAH A PATAE A Fe ikl i, Python H g — Mudsds. MARA Eilf, TensorFlow C ++5| %407
PLR P 5 T :

® A, AL, Sigmoid FIRAFE) SHRLFEI.

® AL AT X IRAE 6 F4L.

HEEREA FRPTFEERE. B 32 B/ 7 — 1M REEREER, HFRER RS,
WMz=dxe= (a+b) xco
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'ﬂ <

K32 —RiBEfmHITE

R 3-2 o, [ R TT EAL R R, R BANEAE T E IR . £ TensorFlow HSLji,
TensorFlow 11 H &L F A A :

® i tfOperation & %: F T & 7E2HAITIHF L.
® tfTensor x %: JA T & 7443 R HIE A EIE L T,

f# ] TensorFlow iAn] APHAT REIR#E{E. — BT EERWEMER SRS T & EHA &R RIER,
WA MR IE SRR T B EX e IRE . MEAR EiF, TensorFlow 245 i it 3 LAA R )
J7 AT . B, R GPU HATHATAUS RS 5 7, i 3-3 Frok.

B (3kE)
+0 -0 @
—
T (#E)
I
| RS .-
A |
R v
o0 o
cpul cpu gpul
CPUSRCPU R

& 3-3 TensorFlow B (I M5 S 7E CPU 8} GPU %%t & FRI£E FHUT
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3.5 TensorFlow £ fHERISE

351 K&

7t TensorFlow ¥, 5K& (Tensor) jeXlizEZ5HA 9l H, 2F 25 B 28N & LA R E
XA, 5 numpy FRIBAARRFZE, KELBG=AEEEM: &7, 4. K0, KEK
2R B A ME—bRRRE, A ] DL R IR B e g B SRR . Bt “ multiply:0”
RERBETHE N A “multiply” 2 1 Mathgs R, “add:2” AARAETHE A “add” B 3 4
AL

TensorFlow A MR AL, i iKE (Tensor) HIZEAIA BT

® Ei: CfIRET SR GBIELEH. RNV EG—NELRBAENIE A A —
ANE RN, EEAANT KA T

® fiik: WA FREFEE, ERARARTANTE (e X FoY) PRI AR, X
TR ET LY RA L X ¥ 695 B RBAM O HATH 2 MAT.

FATB O] UXFE MR, TensorFlow & Bl RN f B4 Ada B AR /2 59Kk & (Tensor) , 1f)
T R CERZ&ED e Flow, RaMN—15KE (Tensor) RE&EF 5 —19K&E (Tensor)
W& RINMERmBREFRS, #EBPHER, BiHE S — SRS IRE — AT R . 4T Tensor
RS, BATATT LLE S e R E R S5 HERT S 2, (R — Rk i 4 ¢
A BIETR S, XA G ] (Control Dependencies) , JLAF I & 1EHE ARG A AT 5E
ZIE R EPAT B IR A, X SR IATTE 0T DA A AT RE R R AR 7. B, FRATIHE
TensorFlow =it HH i S MK/ 5C &R, (0] LAFE At AR N2 B34 F 2 0] s di| AT, DAE AR
il 45 FH PN A7 B e AL Y — b =K

{E TensorFlow H, —MiKERAR FRE—4 n 4550, FHEIRA 18R 3-1 i K
— Tk EMLEL )RR

#*® 31 KEMEHPHXR

HEH b1y B Bl

0-D 0 PR & (Scalar) s=123

1-D 1 ] & (Vector) v=[1.2.3]

2-D 2 T m=[[1.2.3].[4.5.6]]
3-D 3 TKE =[[...

n-D n K& T=[...

FKE N LARR 0 B3] n A (B3R o XH, Pr2kER4EE. 5 okEL 4L B
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bR BB 1 Bk EE A 4ERUAL, i R, 52 Bk B TR, U R
B on Mok B n 4E%UAL.

352 £1%

MIATATIA, TensorFlow A )21 (Session) HISEHAT F o LafFmizs, HaiemliEZMitE
150 25 BRI 70 A 1 o A B AR A G 1y S N, B 17 52 1 PR 0 B 245 AH S AR 01T 28 BT
HATIE T . 1HIA FHE I TensorFlow FEFiZ T I A IR it EC 2 G W 2 RS K
WEI RGBT, & W T ae I B SR o A

3.6 TensorFlow T{EEIE

TensorFlow & — 1 EA “client—master—worker” 22#H) /0 ik £45. L TensorFlow #, Z
Lo R G R PE 1 R EE W RGN cluster (BERF) , — cluster FLE 24 server
(R%54%) » B> server AT —T task (f£55) , 1fif server # task & ——Xf Mf. IXFEE K,
FATTAT LUE cluster B Wit server FIEER, 0] LLE A task FIFE & . TensorFlow AR task I
my—MRE, G —RIAE) task £ GFRN—1 job CLAE) o #lln, FRAILE PS 228, =
fi FR parameter server (ZH 5545 ) W task FE &N ps, IMIETATES E1HE K task 555 F8 N worker.
Rk, cluster X 0] A#EH Al job WIEES, SLPr biX 2@ FRE X, HITGFEEZREAEE —TiX
A server EHIFf ) &4 . {E TensorFlow H, job ] name (Ff5H8) FriH, task J index (FEH(Z
5| BEEE T AR FRiR, cluster HHHIEES task # 0T LA job ) name JiI I task [ index SRAFME—F5R iR,
KRG, — MBI & task LA T S 8E b BT

HFEEM T, &)/ g (client) 1#id 215 tf Session 2 1 A1 master {5, H¥ bl R AT H)E
K224 master, [l master 20T EPAT TS 7T IREG A ELEZ A worker HHFE, AHOCES it
master i [F1457% ) i IXH, worker T st it EHIHAT, B —A worker HEFE AR & B FANE I THE
BLE BT g e, i —Heel £ 5 CPU Ml GPU,  #FifiiAb ¥t 17 (Subgraph) Hiz
HeliRfEidrE.

H52, TensorFlow MYZEMEs[A Y AR RIER) . RV KZEIE M T, client. master £
worker 7 [ —/NHFEHE ), 1 worker AR E AN LA BITH R A TR, 70 A Y28
farp, FRATTAT PO AR 8 ) 5 20K client. master A1 worker EfEAE—ie, HAET—4> worker
RS B N RBATHL E Rt H ¥ & . KT TensorFlow 1) BALAI /4 X EZEH tn & 3-4 Fras.



44 | TensorFlow 5SEAIESIENFE

THLRFIELA AR FIB
————— . &frSession, — — — —— i&{rSession
| Client ——! _uﬁsfir_ll Clientifff —————»| Masteriifi
PAT RIS AT T RS
i'"'"'?w;]'ri(é; """" I workerilF 1 workerEFE 2 workerJtF¢ 3
@) DD @) () G ) (o) ED
'[':PU]- :|' 1 CPUL l I GPUO f

[ 3-4 TensorFlow FJEHLFN 440 N EE M) 7~ = A

EIETHEEIZ G, TensorFlow 2 LA i At £ A~ CPU (LAK GPU, WURATHD 44T
PG &G . W, bR EAST ERBR L CPU &2 GPU, [AA TensorFlow 1] LI
IR A BRUEALT, KL GPU T RaTREZ s B/, FK{EH CPU. [k, M~
X E&, LLF/E TensorFlow [ 3= Z 4 {F:

%% (Variable) : A F @4 TensorFlow &5 Z A A E A4 Aok £ 6918,

7KE (Tensor) : 7 &4k ey —4A14.

& 4245 (Placeholder) : Jil T £42 /5 4= TensorFlow B Z_[a] & i% #K3% .

2% (Session) : Bah21EH, TensortFlow 2 A it H B b A +F 6945 5, A X
AN FAER e, EhRL, EPATET 2R 2%,

MEEAR U, AT E g S FIFRE 7 o] DL 2 ) i, 1% P o - DL 5 5 sW7E C/C ++8R
Python &K, 3, MNP AT LZSK TensorFlow 4T i &, 52 WE 3-5 HITE
ARSI

[ Client ] ié:i'r'Sessiun[ Master ]

WAy FHE S
worker UFFi
[mm]cwl]m] ] swo]
Client: kil 37 Master: PfrH G
GETFA S 4 (3t FTesnorFlowfUhd)

x=tf. placeholder (tf. float32, [None, 784]) . _
BRI R .
w=tf.Variable (tf. Zeros ([784, 15]) % — — T
b=tf. Variable(tf. Zeros ([15])

sess. run (trTin_step, feed dict=[x:batch xs,y :batch_ys}

P/ 3-5 7E TensorFlow 734 284 F AT/~ B HE
THEEA BT HEA CPU Bl GPU M2 M HE T i B Be TAE A #. iXFE, MM ESEFET 2
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HREL, HPENE GaNE. R Eedmt E) nJLLR R NRE. WAAEEE T eRE EFHATH
e H e R, B UEIRT TensorFlow gmfE s /7 h B R R T £,

3.7 BiIF—=BIFKINIE TensorFlow

ILAELEFRA 25 &7l %) TensorFlow HEZEAR 1) —Se AR AT Z L. A IHWS — 1o
B RIAT AT, XA M 28 th AR A

h = sigmoid(W * x + b)

sigmoid(x) =
1 +e™™*

A PR 220 58 inr] 38 ik TensorFlow #ET FiATHE.
B4, IA 17 E 5 N TensorFlow 1 NumPy . 7£ Python iz {7/F{a[ 257 1] TensorFlow B¢ NumPy
FIREAEZ AT, B ais NeEA]:

import tensorflow as tf

import numpy as np

TR, FANVEX—ANEXR, MRz F e EmE EIEE e

graph = tf.Graph() # /& —4K (graph) X%
session = tf.InteractiveSession (graph=graph) # G|E—/%1% (session) W%

graph X R4 5 — MR K, 20t SRS R LR A e SR R ARt DAIRTS B 2%
Pt B9 CRI'EE X W x A1 b e e 42 ME AT IR AE B A ke b o b, AT TR 2 —44&
WX R, R UGE X EIE RN, #ATZE . OGRS R RiX ST ER.

TOVEF A EIRF R, AT P BT #84E

graph = tf.Graph/)

a] PUAdE FH PL R 8 {F k3K TensorFlow XA THE A -

graph = tf.get default graph()

IRAETRATTRS & 285k &, Bl x. W, b Al ho 7E TensorFlow 5, & XK EA JUMARIH) 5%,
{EIX LB H =Fb-

(1 B, x & E0RF. BB, SOAAFRGHEVIm. Mk, TATKAERPATIZ
fi— b B fH .

(2) Hik, XEALE W Mb. HTRELATEN, ZXEUREEATHE R LG ] 221 .

(3) &Ja, FANA b, K& —NEEX x. Wb AT — L3 4E 17~ AERA ] & B K &
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x = tf.placeholder (shape=[1,10],dtype=tf.float32,name="x")

W = tf.Variable(tf.random uniform(shape=[10,5], minval=-0.1,maxval=0.1,
dtype=tf.float32),name="W")

b = tf.Variable (tf.zeros (shape=[5],dtype=tf.float32) ,name="b')

h = tf.nn.sigmoid(tf.matmul (x,W) + b)

R, T WAHDb, RAHRMAL | — LB ZH) S A

tf.random uniform(shape=[10,5], minval=-0.1, maxval=0.1,dtype=tf.float32)
tf.zeros (shape=[5],dtype=tf.float32)

XSRS B LR, EPICS W A b A ERKE. TR AYIGHETEM
MMERN SRS, FHFEHGERZNEN I —LE{E. XH, tfrandom uniform FARFEIRAIE
minval(-0.1) 1 maxval(0.1)Z [A] ) 2 KAF LU AR 27 5K &, FF B tf.zeros FIZEWIME K E. 1EE X
sR &I, & 9K B[ shape thAFH E & . shape J& 14 € UK EBANEFE B R/ A, W IR (shape)
E[10,5], XEWEERL D445, o4 EF 10 e®R, £ 1L EA SR

ok, ATV EE, WitaE R AR E W A b:

tf.global variables initializer() .run()

WAE, FPATTHE B PRSI T B & 28 he X &8z 1T session.run(... ) K5E A, &
165 LU AL B AE N session.run() iy 2 1Y) Z 44 -

h eval = session.run(h,feed dict={x: np.random.rand(1l,10)})

wIG, K2k, B session X R A K P B,

session.close ()

DL A& TensorFlow 75 ) 56 #EACAS o A 55 o B B A ACRD /s B FORF 42 ch3 SO e Y
3 tensorflow introduction.ipynb 3 f4H1$2 L.

import tensorflow as tf

import numpy as np

# F X graph Ml session

graph = tf.Graph() # Creates a graph

session = tf.InteractiveSession(graph=graph) # Creates a session

# #% graph

¥ AR M SRA

®x = tf.placeholder (shape=[1,10],dtype=tf.float3Z,name="x")

W = tf.Variable(tf.random uniform(shape=[10,5], minval=-0.1,maxval=0.1,

dtype=tf.float32),name="W') # MHFXLE

+ HHRAEE
b = tf.Variable (tf.zeros (shape=[5],dtype=tf.float32) ,name="b')
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h = tf.nn.sigmoid(tf.matmul (x,W) + b) # Operation to be performed

# TEEPHATEREMPEE ST A

tf.global variables initializer().run() # Ve &

#ilEId AR x RIEEEREBITIXERE

h eval = session.run(h,feed dict={x: np.random.rand(1,10) })

# RASTE LB 1E H H A SR R

session.close ()

3.8 TensorFlow & Ai#

A TH B~ B FE 7 0] AFR A TensorFlow 2 )7 i, A &S GonBl A1 ERIFI A2, %I TensorFlow %5
7 v ACVE A B 132 7E{E ] TensorFlow 4m 'S WAEAR % ) i A2 7 A, 32 B0 A P pP - BRI 4
iz (Operation) Mi7K& (Tensor) . FERIMHIAMAT-H, tfon.sigmoid /& —Na%H, h2&5KE.

RIG, XA —A graph X R, ERAFEREFEAR AR THEE . SIRNIAEACR R e S
X+ W. bl h 152480171}, TensorFlow 2= Hal K iXesk & (Tensor) Hl¥E/~izH (Operation)
(Fltn, ttmatmul()) {EAT SEMANEAF . 2B A EEGE R, Bk E s vE DL 2T
a8, BN REH, mRETFE D, BakEx, WHRID ZOFTER. Fik, WREEITRE
A IEFWIEA R — NS4, TensorFlow ¥4 7E1X 45 H 75 248 I AR A 6L A iR -

e, HArmMmE, RATFIESTE (Session) F#riE AT HHE BT AT, ik BRI N
TE. ERSAIEE, RS5O Bl ea i AT 35 2 AR 55 1) worker, X2l session.run(...) R %L
Koe) . R, FA1KRE B TensorFlow 224 o HU AT 2 1 i B 1 1

RZHIE, TensorFlow 8 KA —/MUE B C RAZERFEITHER, H'Ehels it
Hiy R TE HAR R AR R T 20, AT R Rl 2R, B — 1 n &R {615 TensorFlow 213 E LT,
A s A BE A AT I B2 (Session) , Xt &1 TensorFlow 22N 2 4k, TR,
ELLBRATR BB STERINEETEN, LA T EEDE & Wi g 407 19 .

"G, HMATHR 4, FRAVAIE TensorFlow %) i HIAE K nRZ A 1HEE. KEM=TH. 6
AR, K EE Y £ GraphDef HHl 2% X K% AR ENL.  tf GraphDef /2 [
FIbs AR IR . r R ERS A EE R, R EER D BIAR PR S (B, ANFEF
GPU 1 CPU) . FRA'IH sigmoid 75 (11 w1 3-6 A

Tk, tHEER R T B, A N E AR gy, IR AE R V2 B2 B B St
TR T B E X E R A, N7 IR THBATAESS (B, 20, KRB N2 AN
AR EE . PUATIEE GBIkl 1B, WHAT T BD PROVEAMES:, FAES4
5 B/ TensorFlow fI 5545 -
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tf.nn.sigmoid

B 3-6 &FimiHEE

SR, FEIRSE R, BT 55 #1948 38 oK Lo B N P S 58 o0 R BAT B, BN 0 1 2 HH B> worker
PATHY:

® —/ worker 18] &) LATE (12 FIATE ) AT TensorFlow 4.
® —/ worker Ak 5, FEAPATEF RS FFIAREFH M (RIURSFE) .

TensorFlow 2% ) ¥ ()38 ] TAFIAE W 3-7 P
i ){f’ job: w\;:'?cikrefrt ask: E:r]

Tensortlow Client 1 " -
istribute i
{Graph J [ Session ]| J , Master

= Parameters

Single Task

e,

i 3-7 TensorFlow % F7 ¥ 38 F AT B 46
’ 3-8 Ui BH T iFE E R RS I . bR T otk B E 22 Ab, TensorFlow idfdi A 3% 15 s HIR S
i, VRS8R S 28 iz EHAT A 2 8 il S o 34T 0T PAER R B 980 o] IR, &OEAT Sk
IEEHE, FoA BRI S AEX R Y A T 5 R % B I 2k 5ot P AL 4 SRR
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4 - 4 A

Parameter Server

Recv

Op Executor
E /job:ps/task:@ /job:worker/task:0 >

3-8 HEEK S EEN

BJa, —HAFESER, 2 1E s 3 EE WS BUIR 55 25 b [0 2% ) i . MIRZEFR AR A 2K
A, TN T LA ) TensorFlow HARZER, Wi 3-9 B iR T https:/tensorflow.google.cn/
extend/architecture [ fI'E /7 TensorFlow X 1%4.

Training libraries Inference libs

Python client [ C++ client

C API

[ Distributed master ] [Dataﬂow executor

[Cunst] [Var} [MatMuI] [Cunv.'ZD] [RELU] [Queue]
Kernel implementations

|RPC| [RDMA| ... |[[cPU][GPU
Networking layer Device layer

] 3-9 TensorFlow i AZEF

3.9 TensorFlow & Il TE= i

1E T R E 22/ R, 34T R TR A 844 1 TensorFlow %5 1 i 0 f 15 WL TG & .
® i (Input) : A Tl ZAm X Fik a3,
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® % ¥ (Variable) : T ZKkE, 27 UHE6R3L.
® ird (Output) : FAfELEsnFa a4 69 R+ LK F.
® iZ H MM (Operation) : A8 EFF T4l = A B2 ok,

{E2Z Al sigmoid 75, FRATTAT AR BAR A L], Wk 3-2 HFR.
< 3-2  sigmoid -F A #E % 3R 8 S

TensorFlow T & FPimaE

Input—Hi A X

Variable—2% & W # b

Output—% H h

Operation—iz H 5 {E tf.matmul(...), tf.nn.sigmoidy...)

ok, WATE VEANAR L TensorFlow HIXEE TG

3.9.1 7£ TensorFlow HE XA\

B i DL T =R A [ R 7 S s -

® 1% )i Python XALfE F-ik 698N B 3RALEE .

® K EIETUAEK I A48 A TensorFlow 7K 2.

® HEMAEE,

7R, BEERIX=MART TR

1. £F8 Python {CRSIRHEGE

LS —Ph vk, nf LAl 4L 8 #) Python 4GS 7 ks Ei AR H2 (k45 TensorFlow 2% ) ' i . {EFAT]
Z AR, x R TR . A T MANTESR S5 (B0, numpy.ndarray) [\ %) SR LA
i, TensorFlow FEfeflk | —MiREM IR ST 5, A S LLFF (Placeholder) , E XA
tf placeholder(...). ATTHIFRAIIL, HOLFETHE BRI BA T B LPrdidE, M, RAMGEIEH
1T session.run(..., feed dict = {placeholder: value} )il F] # B i $2 ALK, 708 K AR K LA Python
T A XL H LS feed dict ZE. ORI E LWTF

tf.placeholder (dtype, shape=None, name=None)

ZH

® dtype: XA B eGEIE A RA,
® shape: iX® 45449 shape, A —4Em 44,
® name: iXRZ LE69L AR, A TIRRREE,
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2. FFEHE

MINEFHFENKE

BRNEE S ROREZRRL, B - R R EEE . AT RAETHE E T R AR, A
NEAGE IR . N T X — 5 ttﬂaﬂ B 1 sigmoid 7B, #f x & XN EALET:

®x = tf.placeholder (shape=[1,10],dtype=tf.float32, name="x")

7o, W x o SONE S A REUE 5K E

x = tf.constant (value=[[0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1.0]1],
dtype=tf.float3Z2,name="x")

H e BACHD A N

import tensorflow as tf
# SEX graph fll session
graph = tf.Graph()

session =

tf.InteractiveSession (graph=graph)

# g2 HE A graph

#x - TUINERIEA

x = tf.constant (value=[[0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1.0]1,
dtype=tf.float32,name="x")

W = tf.Variable(tf.random uniform(shape=[10,5], minval=-0.1, maxval=0.1,

dtype=tf.float32),name="'W') # &L &F

# MRXTE

b = tf.Variable (tf.zeros (shape=[5],dtype=tf.float32) ,name="b'")

h = tf.nn.sigmoid (tf.matmul (x,W) + b) # FHEPITHEZEHE
# TEEHFPATIEEMPHE T A

tf.global variables initializer() .run() + ¥l &
#HHATAHH feed dict HIIBH

h eval = session.run (h)

print (h eval)

¥R iE, BB

session.close()

Fesg, o PURILIX L5 505K sigmoid /R BIAFEPIA FZ X . FATUAAR R T 20 LT x.
{EHAR € — D EABRE IR x 2 XONTKE, A AE & A7 70 GO TR BT AT I 4 A SE PR A
54, IEWARFEBIR, FATE sessionrun(...) P AL S K. (H)E, LRSI, W
{ERATIICILAE session.run(. )AL ] x FRAEAN [F] AR 75 & fan th 2 e[ 2240 Y

3. HIEEEE

EHIANEE

MNEIERLLTTATEPGE A KR ELHARN “EE8H” &) il ik §). XSEpbr Eag 17—
RAFEAE I, B2 HEERIRAR AL, TensorFlow 424t 7 & FhyiALFE TR (i,
TR R L R E e AR L), R EER RS FIR RTAT . A TIR&REEE, aTlik®
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NEAEFFAT R DU AL AR -

(D) FHem NEIER 451
TensorFlow F(#E4m A B E W] ISR AN —1 ETL iIfE (Extract. Transform. Load) .

®  Extract: ABEA L1 IREIE, T VA2 A3( HDD = SSD ), 4.5 ¥4 & M £ ( GCS 2 HDFS ).

® Transform: 1% CPU AffAr. Fa 22448, rbheBGEME. TR, T (iwid
MR, #dE. He ) . 474 (shuffle) . 4#% (batching) .

® load: ¥4 Transform /5 #933E #3354, ¥4 GPU. TPU Fik%-.

XFERA A T CPU, Mifiik GPU. TPU %5l LiE T At 2 (e
TRERIRHIZE) .
HRRE, #AREERG S LU A0t

LG K.

LA LTRD, Ao (38K ) W B4 R LHF L.
B TR AR IS (Lk) .
iR B T A AL %% (f5)4e, JPEG BMEMRAD ) |
L HFH (Tik) .

—A T H] (BN AT,

(2) FHRRiANEE (Pipeline) HILAL

SRR SR (B GPU AT TPUD HIRNLAT, 315 LB R T P I 25 22 X 2% B A A)
ft, CPU AbER 7 VAR 51 B B TH B R 390 . tf. data APT B (LE0 8 4 N & 18 P s 1) &Rl 4,
n] DA EdR i N\ B TE AT

LEHAT — DN step Z AT, DA Extract. Transform VIZREEE, A6 HIR AL HE %
% FIE TR . AECLRT, 2 CPU fE#EREGENT, FRE&ATHERS: iR E&PITIIZ
BARS, CPU XN AT IHEUIRES . ik, B=AMIZ step HIRFRISE T CPU #E#&E3E A I ) A0 55 15
S HAT IR step W] i) 0.

Pipelining #{EX 2k step HHIEHARAE S A RIPAT LI 7 IFAT#AE . AP ERSEPATH
N Mg step I, CPU ¥ N5 N+1 NIZE step HEREIE. X6, @IS REAES, 29
2k step HIBFRPRFEL CPU #E&EHE FIBS (R A1 & HATIINZR step HE ] H (5 RAR

IR IA TR A AT IEN (Pipelining) #:{F, CPU 1 GPU/TPU A 45 i [a) b+ 25 IR A5,
1P 3-10 Fros.

time

K 3-10 ¥A{EH Pipelining #E K CPU 1 GPU / TPU AbF %5 IR H i 18] = B
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FeA 1 A4 Pipelining #21{F, CPU 1 GPU/TPU A 4bF 25 RS KIS [a] & Z g /b, ] 3-11

time

& 3-11 f#F Pipelining #£{EH) CPU F1 GPU/TPU 4b-F =5 RR 2 H v 8] 7 2

H % # %4z &, 5 A 1 https:/tensorflow.google.cn/guide/performance/datasets#input
pipeline structure LA X F 3B A\ B B 49 H L.

(3) mEMAEIE RG]

ikFRATfEH TensorFlow %5 — M AN EE R Fl. LIXAMETH, ATE =4 CSV #ERHSCR
S (textl txt, text2.txt Al text3.txt) , BN CHH 517, BATH 10 MHE S0 FEEET GREIAT:
0.1. 02. 03. 0.4. 0.5, 0.6. 0.7. 0.8, 09, 1.0) . 3%, WAIAMEEKE T,

F 2 A0 %A% 8, AN https //tensorflow.google.cn/programmers guide/reading data _EA %
FAZLHE 84 TensorFlow ‘B 7 HLEA.

5, MPART—F S NS08 2 .

import tensorflow as tf

import numpy as np

TR, AT SUHE P graph R4 18 session X 4L :

graph = tf.Graph()

session = tf.InteractiveSession (graph=graph)

NI, ATV & X — A3 AA, — A5 OB AR 454 . IXKE NS EUL 5
reader (JEMAIRFHIE ) o PAFIKEARYE reader BTG KA AR 44, DS 28 ] DL FH IX 26 S 44 3K
IS A 33 i s s -

filenames = ['test%d.txt'%i for i1 in range(l,4) ]

filename queue = tf.train.string input producer (filenames, capacity=3,

shuffle=True,name="'string input producer')

IXH, capacity s 7E25 € B ]IS DA R ORAF I B &, shuffle P URBAFI & 5 75 & H s 2 Airxst
AR AT EHITEL (shuffle) .
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TensorFlow £ J LA AN[FIZET ) reader (hitps://tensorflow.google.cn/api guides/python/io ops#Readers
E3R AL 7T reader 738D o HHTIRATA —LeBME SCA S, P —ATARER AR AL A,

iX . TextLineReader /& & idi & [

reader = tf.TextLineReader ()

{E5E X reader Z J&, FATATLAEH] read()pR A SCAF R BB G . et i “#-E"%. %
BN H SO 2O A BRI IE sk (CARAT)  FRATTAT DL SIS . iz {H 3% [9] reader PiriszIX
(AERURIER

key, value = reader.read(filename queue, name='text read op')

THFEATR € X record_defaults, WERKRIMAFAEARATE RICKIRN, Kaathin Mt

record defaults-=j[[-1.0], [-1.0], [-1.0], [-1.0], [-1.0], [-1.0],[-1.0], [-1.07,
[-1.0], [-1.07]

IAE, AR I SCARATRAS A AT 7] GRAEFRATH CSV XH—#) .« ik, AL
decode csv() 7ik. FTHFCHF (i, testl.xt) , ¥EFBNE—ATHAE 10 7).

coll, colZ, col3, cold, col5, cole, col7, col8, col9, collO =tf.decode csv(value,

record defaults=record defaults)

IRIE, AT ERIX BT RAREANKE (R NFFIE) , Xk B gihisss n— AN ik
tf train.shuffle batch(). tf.train.shuffle batch()J7 %KM SGHie LRI &, FHLIE 7K &It —dt

features=tf.stack([coll, col2, col3, cold, col5, cole, col’, col8,col9, coll0])
x = tf.train.shuffle batch([features], batch size=3, capacity=5,

name='data batch', min after dequeue=l,

num threads=1)

batch_size ZE &AL i€ step F RFEMIEIEHLE K/, capacity EFFE VI EE KA
PAFI 75 £ 3 2 N A7), min_after dequeue K770 7o 3= th BA G ik B AE BAFI R ) B /N e s B0 - B )
num_threads & X | FA R —HEGE LS. B EES T 7 RETACEE, 7] A inix /N2
FEEE . oAk, WA TR BT shuffle TS O T EUEEE (5 tf train.shuffle batch —FF) ,
#L AT LA tf train.batch J5ik. 5, AT @ DL a4 E sh I E 1A

coord = tf.train.Coordinator ()

threads = tf.train.start queue runners (coord=coord, sess=session)

Al LLKE tf train.Coordinator() 2R B R AR T HiSS . EFHEGIE S EHLRENILG] . FA1H
f.train.Coordinator()25, [R A% N\ B & /=4 Vi 2 e FE R IHFT A BABASI L 31 BA B DL R VF 22 FLAt AT 55 .
ok, AT AR Z AT B AR FELES 5 AT tf train.start_queue_runners(...). QueueRunner()
TRAF AT BAIRE, IXLiAF R AE E WA E BN B8R . KL, ZE7 0w XA, K
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175 22 H tf train.start_ queue runners PR &K 3 Z)IX LA FZ 1T HIFEFT -

71K, RS e fa, BT BT 1L RERE G ENNEER E LR, & AR AT
s o PR B . X2l H] coord.request stop()fl coord.join(threads)KSEI A . X E 44 A
B8 5IRAHY sigmoid /~FIMES &, {HREW HEM SR IEdE, W pR:

import tensorflow as tf

import numpy as np

import os

# € X graph fll session

graph = tf.Graph()

session = tf.InteractiveSession (graph=graph)

it QIBEIRMAEIE #+44+

# X4 BAS

filenames = ['test%d.txt'%li for 1 in range(l,4) ]
filename queue = tf.train.string input producer (filenames, capacity=3,
shuffle=True,name="string input producer')

+ WERAXHREHFE

for £ in filenames:

1if not tf.gfile.Exists(f):

raise ValueError('Failed to find file: ' + f£)

else:
print ('File %s found.'$%IL)
$reader 2 — XML BFIA read () R, read () BREUK IS H 25

reader = tf.TextLineReader ()
¥ fa “HE-H” X
key, value = reader.read(filename queue, name='text read op')

# WIRAE S BUOCH B BT R B, X [ RE

record defaults=([[-1.0], [-1.0], [-1.0], [-1.0], [-1.0], [-1.0],[-1.0], [-1.0],
[-1.0], [-1.0]]

# KSR B B BUE RERS R B

coll, colZ2, col3, cold, colb5, cole, col’/, col8, col9, coll0 =

tf.decode csv(value, record defaults=record defaults)

# BAERNKX LS| BINE—E, BER—1EEhAIRAENKE
features=tf.stack([coll, col2, col3, cold, col5, cole, col’, col8,col9, coll0])
+ i x RN EC—Ht batch size ¥R, HP M. txt XA SR
x = tf.train.shuffle batch([features], batch size=3, capacity=5,
name='data batch',min after dequeue=1,num threads=1)
#QueueRunner M\BAFIH R REHHE, RINFEZEXHE3EN]
# Coordinator hiflZ4 QueueRunners
coord = tf.train.Coordinator ()

threads = tf.train.start queue runners (coord=coord, sess=session)
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# 8 SCREMTH R R T

W = tf.Variable(tf.random uniform(shape=[10,5], minval=-0.1,maxval=0.1,
dtype=tf.float32),name="W') # L&
# HREE

b = tf.Variable(tf.zeros (shape=[5],dtype=tf.float32) ,name="b')
h = tf.nn.sigmoid(tf.matmul (x,W) + b) # EHITHIEZEH

#7E B R PATIB E A PHE &5 R

tf.global variables initializer().run() # Va2 &

# M x 7F5 h HATED 5 MBS R

for step in range(5) :

X eval, h eval = session.run([xX,h])

print ('========== Step %d ======"%step)
print ('Evaluated data (x)')

print (x _eval)

print ('Evaluated data (h)"'")

print (h eval)

print('")

# <M coordinator, TEMFERK IR AH:E
coord.request stop()

coord.join (threads)

session.close ()

392 f1f TensorFlow R ENXZITS=

A EAE TensorFlow H¥EfF EEMAM. TEAR FE—MikE, BERERFIR (shape) ,
ZIAR (shape) HF & LA RN BEA Z /DA D RN 4EERIR/DN . 2R, S5HAEKEAF,
A B NTAR ), o R AR B B TE o G A I AR ) o IO SRR ST R 24 (il n, s
Mg EAE) HIFAEENE, RPN EEEGNZITRZESMAZN. B, WmEEH x =
tf. Variable(0,dtype=tf.int32) & Y & &, ] LA tfassign(x,x+1)2 2L TensorFlow iz 5K H
dOZZERE. (B2, WRIXHEE LKE, 0 x = tf.constant(0, dtype = tf.int32), 5 JGi%EE 1%
sRERME, BN 0 FERS HEEIREFPATE K.

BEFIBRIEMR B, E3RA] sigmoid WI7RfH, D260 TR AE W Ml b, 7E6] A ERY,
A —BHEIE 52, EIX B eI R T i

Variable shape: & &K,

Data type: #48%X7%!,

Initial value: #7441H.,

Name (optional): &A% (7T ) .

BEMRLEX, v, 2, R —4Em &, PR I ME R A R4 8GR . i,
WRFEEEF 501740 10 7 — 4k BAF R &, BIHLIRE L [50,10].
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RS OBRFIEIK ) 7E TensorFlow Hlin BNk B AU, REHEE SR HE
k.

TensorFlow ¥ K& 69k R ik 209450, {axt T 4454 k0, EFT 2.

Foae, H R R A e A B R/ T e EEAEH . GV 2 AR EPE R, w4575 FH Y tfbool,
tfuint8. tffloat32 A tfint32 (LA FFEER, HE CGREAR FHAUEBEHAR, XHIENTFN 9 S
Java B net F2 /7 R /R AL, P78 RY ., BEECEAYEAL, 1 unit8 & 8 L5 BAD . &
PR R A AT & T2 2R Y B B ME B s B2 (bit) o 451l 41, tfuint8 2R 75 256 8 o7, 1fiy tf float32
2 32 A7 E BME A A R AR R R AT E, B S R 8RR R AILES. Fit,
R T EX AN B ARSI R sk b T R, TREMA tfcast(L)BIEWR — 7k B A Hh i
AR — ATk ERER ., B, T EA thint32 HIEEAR x B, 2N tffloat32 1)
A, tfcast(x, dtype=tf float32)fiil H /&4 x & BN tf float32 2K,

R, BANTGEEXNZEHITYIMEGH, TensorFlow W24 1 JLMAF VI GaiLas, L4 5 £
VI 2 A S vl ia a5 . TensorFlow — 8 - E WG4 A3 W T i

tf.zeros
tf.constant initializer

tf.random uniform

tf.truncated normal

G, TERZH (name) FIEAN—MHRREF (OID) , fEFRAIGE AR (Graph) F XA &
BEAT R . DRI, SR IRAT IR S B AT eI A R, R AR Bl i A% % name JCHE T S EUH I A
HAT S~ R ARIBELFR, TensorFlow ¥ FHER AT Z T E.

AR

Python % & tfvariable £ W4+ HE ¢, € A2 TensorFlow & &4 % 69 —3 4. £ JET
& &)=, TALERL ¥ F5% TensorFlow & 2 :

a = tf.vVariable (tf.zeros ([5] ), name ='b")

iX ¥, TensorFlow #9B 58T £ 48 b m A2 a RIAAMNIZEE

3.9.3 XENX TensorFlow i§jH

TensorFlow [)4 Hi8 # 2 sk &, ] DUE 4 A B B el & i &5 8 . EIRAIBE 74, h
e— M, A h = tfonsigmoid (tfmatmul (x, W) +b) . %R, HH{&E TensorFlow []—1
it AT REAR BT — M AR A A, WO R 20T BUIE plc— 20 85 s S a4, 1t ixX HL)is A ek
EAE A — 20 TensorFlow iz HalAE, bn] AE AT bRriE Python 5k, -
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®x = tf.matmul (w,A)
y = x + B
z = tf.add(y,C)

394 ENM TensorFlow zE {11k

1t https://tensorflow.google.cn/api_docs/python/ I 75 & TensorFlow API, f/R<: &I TensorFlow £
KEnHiaE 3@ E. i, AR TensorFlow H LA WL ia B e A AT #f 12 .

1. LERIEH

s HEX FHEM AN REEFTAEMH. N FHEEER T FEATER, & ] DL
https://github.com/tensorflow/docs/tree/master/site/en/api_guides/python H Ltz H TR EA N A . 24
W, MTHWREE LFEFERNIEG, BdAEEHrRsEERE, X8, MadaFKE x
%HY:

HERE < My FBUEIN T

#x (2-D tensor) => [[1,2]1,13,4]1]

#y (2-D tensor) => [[4,3]1,[3,2]1]

x= tf.constant([[1,2],[3,4]], dtype=tf.int32)
y= tf.constant([[4,3],[3,2]], dtype=tf.int32)

# RENNKEE TR TEEGHAS, HREMA/REKKE

# X equal y => [[False,False], [True,False]]

x equal y = tf.equal (x, y, name=None)

HOE x FEXN TR EEG/DT v IFREMR/RREAKE

# X less y => [[True,True], [False,False]]

X less y = tf.less(x, y, name=None)

# RE x ENNITRTERZERTERET v HREHR/RREKKE

# X great equal y => [[False,False], [True, True]]

X great equal y = tf.greater equal (x, y, name=None)

# Mx Ay FigFo R, BEBURTHFARGHE (A x FigHmcsR) 5
# FRI (N y FEFETER)

condition = tf.constant([[True,False], [True,False]],dtype=tf.bool)
# x cond y => [[1,3]1,1[3,2]1]

x cond y = tf.where(condition, x, y, name=None)
2. lWREIFIER

TensorFlow FEVFERAIT0T M B2 H 4 ik BEHAT R 2 E . X BRA T 1L TensorFlow H14i2
L) — s R s B . ¢ ¥ Wiz H 4 0] /£ https:/github.com/tensorflow/docs/tree/master/site/en/
api_guides/python 3k %,
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#HERW < My FIEYED T

#x (2-D tensor) => [[1,2],1[3,4]]

#y (2-D tensor) => [[4,3]1,[3,21]

x= tf.constant([[1,2],[3,4]], dtype=tf.float32)
y = tf.constant([[4,3],[3,2]], dtype=tf.float32)
# PR ARG KE x My

# x add y => [[5,5],[6,6]]

X add y = tf.add(x, y)

# PATHERERIE (AREITERTED

# x mul y => [[10,7],([24,17]]

x mul y = tf.matmul (x, V)

# HHE x TR EANE, HATHHE 1In (2

# log x => [[0,0.6931],[1.0986,1.3863]]

log x = tf.log(x)

¥ TEfEE M EPATIHY) (reduction)

# x sum 1 => [3,7]

X sum 1 = tf.reduce sum(x, axis=[l], keepdims=False)
# x sum 2 => [[4],[6]]
X sum 2 = tf.reduce sum(x, axis=[0], keepdims=True)

# RYE segment ids (F—BPEAHRE id KB MkE#HTHR, IHHEBIERSBUEM
data = tf.constant([1,2,3,4,5,6,7,8,9,10], dtype=tf.float32)
segment ids = tf.constant([0,0,0,1,1,2,2,2,2,2 ], dtype=tf.int32)

# x seg sum => [6,9,40]

X seg sum = tf.segment sum(data, segment ids)

3. LB ( Scatter ) FNE2S ( Gather ) 14E

b N LR RER IV R e, JCH S GPU n] 4mfE P gErY 3% 95 LA &2 GPGPU (General Purpose
Computing on GPU, fEEIEAEESS TR EORBIAR R E, AHXHFR/EARN R HiE Y]
iy PR T RACER 5 Y] GPU R n] LA CPU — 8, 78 3CRFMAE 0 SR RIF, L HERS SCIUHAF i av
FAT RIER S EE. 5L, Tan Buck 7E3HT R IR GPU il v g2 L ARBFF, #iK I GPU ¢
A2 T RAL S N ARAAE — D OB P R R R, R R = RyE FIfA i as #:4F . Frik, Mh7efE R 5
RN T X O B S A 1 S F, (E S 45 A A DU A — et e AR B 0 T SE Rk 7 BN
o

{E£ GPU H, CUDA H /7 8i R S #AF S &5 n 2 B 5 5 — mEVLH RRARRL, 0B R vr
T EiE 4 ) B HE E SR R as bk Y, iy ZR 5 00 SR VE AR S A fif g Huohk Y sE IR . DR,
HoA Afefifids (I DRAMD & — P 4E 502, gl n] CLEVER] AU T sl 9| ¥ 8 R 5 A%
M Elr &, BP afi] = x, M5 0T LLE VRS R 2 M Al 5 B S R 24 B s
¥odiw, B x =ali].

N, AL CUDA 4380 (Scatter) FI5EH (Gather) #HAERIZEHRER, W& 3-12 By
~Ne FeH, BN ALU 0] DLEERE — M Ez G, @il s EG#4E, 24 ALU za)n] DALy
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fifi i, SEIUCHE B M 20 138 5 54

Gather

A | Aw | .. |Control
Cache.

(o o | 0 o || a0

Scatter

K 3-12 CUDA #1438 (Scatter) F1%E & (Gather) #1ERIZ M~ EE

AUV RGBT EFAS P ESZ CEZNEM, BN H AT KE IX PP AR 7
TensorFlow H 205K &4 A 2R 5| HUME— 7 k. #ea)ifill, AREfEAE NumPy FHHE15 A TensorFlow
TR E TR . 2 ERIE R PR T E 2 BC A 15 e K E R e R 9l R G EE R vFRAN R 2
wERVI A (BEANITER) o DUMUSER 080N SRR — B4R .

# 1-D scatter HfE
ref = tf.Variable(tf.constant([1,9,3,10,5],dtype=tf.float32),
name="'scatter update')
indices = [1,3]
updates = tf.constant([2,4],dtype=tf.float32)
tf scatter update =tf.scatter update(ref, indices, updates, use locking=None,
name=None)
# n-D scatter H{E
indices = [[1],[3]1]
updates = tf.constant([[1l,1,1],[2,2,2]11])

shape = [4, 3]

tf scatter nd 1 = tf.scatter nd(indices, updates, shape, name=None)
# n-D scatter #{E

indices = [[1,0],1[3,1]1] # 2 x 2

updates = tf.constant([1,2]) # 2 x 1

shape = [4,3] # 2

tf scatter nd 2 = tf.scatter nd(indices, updates, shape, name=None)

# 1-D gather #fE
params = tf.constant([1l,2,3,4,5],dtype=tf.float32)

indices = [1,4]
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tf gather =tf.gather (params, indices, validate indices=True, name=None)
#=> [2,5]

# n—-D gather HAE

params =
tf.constant([[0,0,0],[1,1,1],([2,2,2],([3,3,3]],dtype=tf.float32)

indices = [[0],[2]]

tf gather nd = tf.gather nd(params, indices, name=None)
#=>[[0,0,0],1[2,2,2]]

params =
tf.constant([[0,0,0],[2,1,1],([2,2,2],([3,3,3]],dtype=tf.float32)

indices = [[0,1],1[2,2]1]

tf gather nd 2 = tf.gather nd(params, indices, name=None)

#:}[[Ur 0,01,[12,2,2]1]

4. LB SHEMEHRRIE R

THEAERATE R JVMRE A R Mg iz F el (F, X RmpEThama. X8, &
Il fal oo RF BBt AT 118, WX —AHSE T 56— MER R S B iz F T e, JFa
— AT B AP 22 X 28 SR T

(1) PRz P25 ) AR LA o

ARZEAEOE BEUE LE A 2 P SR ARG MU AT VR AL 55 . W, AEMaMgi)®s —Eamtl)s (&E—
JZERAN) B — A ARR M RIBOE R BUEE) o R B TR 2 M 25 o =) o o I A
SRR T X T R I SE R e SR A R AR G, RO B, BdEEE A
(S -F N OE 2546 v

ik RAVB L — AN F R —TFIERMREFHEEZH, A%, 9B —TRINAE sigmoid
T T AR 0P 2 Mgt . wREMNZALD, AR RZAF:

h = sigmoid (W*x)

B — /N ZEAr 2 M4 (W1, W2 F2 W3 2 RGREAL ), & EAPATH & 693+ 5
ARATVT Atk A 3

h = sigmoid (W3*sigmoid (W2*sigmoid (W1l*x)))

{852, 4R KRAMMIERIELMEEZF (sigmoid ), KEAVFAT vAFFH):

h = (W3 * (W2 * (WL *x))) = (W3*W2*W1) *x

Fst, ERAAFRMBEGEILT, TARAERADFANALEE.

AR EA &R AR AR BT, TR M2 50 S — A B S IR m e, i H—41
BRI ERTDLRAaR— N RN R . 28 EFR, WA vt ins, AT eEe 3 A
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TensorFlow 5EEAESMEN

2 ERIPPLE R4S .

HLAE,  FRATIHG A1) Ao 2 R 2 o g i ey P 1) AR 2R AR B0 iR B LA S EAT T R E. TensorFlow H 5K

LAY -

#x B Sigmoid BiEH 1 / (1 + exp (—x) ) Z&H
tf.nn.sigmoid (%, name=None)
#x B ReLU BUEH max (0, x) & H

tf.nn.relu(x, name=None)

OEHIzH

RIS EE — M A BE TR R . XFRER, BRI PG A RKERRCR . X
B, & 3-13 i TS PEAT AN (RS i SAa A WL S Hafl. Fdrn]
PUIE S AE B T 2 2 G U 8 4 LMEE SO0 B = AR AN R A SR SE IR ks i, & 3-14 Py
N (EEARTS 5 BENAEPME M N TSP F R TEERD . BAcki, £8MIE,
FAMEA 5P IESR EE NG (5GP ERAHE R AN MEPUL IS T R 1T1% 7T
AL, FRIBGRILR A

-1 -1
8 —1 —
-1 —1]

& 3-13 FAGHREEAERGh#TASENRE R

J7 B https://en.wikipedia.org/wiki/Kernel (image processing).

PAT G B R S

x = tf.constant/(

[ L

11,

dtype=tf.float32)

X filter = tf.constant

[

[[O.

I
[

511, [[1]]
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[[0.51],[[1]]

dtype=tf.float32)

X stride = [1,1,1,1]

X padding = 'VALID'

X conv = tf.nn.convZd

input=x, filter=x filter,

strides=x stride, padding=x padding
)

X B, XF tfeconv2d(..) ¥ K input . filter A stride S8k 0 5, TensorFlow X
EATHIE SR SEIRAE I, F I FRA PR XX 82 (input. filter. strides. padding) {03 — & FIfIFFE

® iy (input) : w2 WK, HE R~ Hi%[batch size, height, width, channels]#E/ .
% batch_size: X% —#HIE T IEIE T (Flde, MAGEGEFREF) | K18 7%
o AL BRI, B A AR W7 A4 R KA B8 SR HATIRNF 3] L R4 )| 4R 3R (step )
o, RAVEAGRA— D35 7T A RBARR T BB R EIE, KT A RY% S Kz
BAE, RAVET AREF W18 37 3 A 7, 869 3045 £ . b batch size 235 KA1 A
TensorFlow #r A& 18 7= 18] F 1446 64 5340 F) .
* height and width: X Z #8932 A5 .
* channels: X Z#MAGRE (F]3e, 3T RGB Bf%, FA 3 1id )
® JEXE (filter): XX —ANWHKT, RTEAREFOERE 9, i3I8 B R T A Alheight,
width, m channels, out channels].
* height and width: X2 84064 & B AR (GGlw TN S A0 ) .
% in_channels: X% B EHr A &9 if i L,
% out channels: X %7 B Eéirdi F 4 ax b9 id 8 4L,
® Hi& (strides) : X Z—ANOLwWANTET A, BIKkA [batch stride, height stride,
width stride, channels stride].
® Yii (padding) : X ZTIALAZE[SAME', 'VALID'|F #94ET — AR, € 4645 & & 4ol
4k RN GA I T 6 BARIE J, VALID #8A4F R A RA WA LT HATAER, R KA
A KRANA h BB Ea. ZRKEAD n 69N, ZRFLEMEGRT (K)o
RF 6o & = ERAF AP 2 W& 008 A, SAME 3 AR, 1k BA HirAAe
5] & & LA S

AT B T RSN BIRAETE R A, EE A 3-14 (EANEERFS 5 ENEE
PP LE R 28 IR AR
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ix1 + 0.5x2 +

1x3 + 0.5x4 +
1x2 + 0.5x1 =7.5

Mowving the filter with a stnde 1 dunng convolution

Moving the filter with a stride 2 during convolution

'-_d- =

Input Width: 4
Output Width: 4

E 3-14 HHMEizEREHR
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@i ERlE

iz 5ERUEE AT IR, (8 5B 2 4m t 2 A R R - JATX LG ) & 2 A7 B B R patch
Mg RouER, 1A & e AT AR patch Hri% oo 23RS 2 1) S (AN FEAEAR T 5 T4
R PR th gD, Il 3-15 P,

®x = tf.constant /|

[ [

(011,021, [31,[411,
(041,031,021, [111,
(51, [el, [7]1,0811,
(81,071, 10e],[5]]

11,
dtype=tf.float32)

X ksize = [1,2,2,1]

X stride = [1,2,2,1]

X padding = 'VALID'

X pool = tf.nn.max pool
value=x, ksize=x ksize,

strides=x stride, padding=x padding

max(1,2,4,3)=4

Max-
pooling
picks the |,
max
element of |
the blue- |
dashed |
box '

Input
Width

K 3-15 HKkitthizERER
Rz iTER BRI R e gS B, E v LA E S A R “ —4E8E{F (2D
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UM 2D foRibAk) 7 ER )

[[[ 4.]
4.11,
[ 8.]

[
[
[
[ 8.1111]

@ XAk

AT AR P EE AR e 5 2] R R0, AT e Mk . X BA LM BLE
&) it 5 TensorFlow H 51 K ) 8 2 . H #, tfonl2 loss & ¥ 5 = & #t K &K £,
tf.nn.softmax cross entropy with logits v2 J&A2 SRR s AL A8 X4 2% e BUAE 7y AR S5 R e
RTIR I E . X P F 3 7 vr 22 10K B UM A2 401 2k eR AR 1k

x = tf.constant([[2,4],[6,8]],dtype=tf.float32)

X hat = tf.constant([[1,2],[3,4]],dtype=tf.float32)

# MSE = (1**2 + 2**2 4+ 3**2 4 4*%*2) /2 = 15

MSE = tf.nn.12 loss(x—-x hat)

# M2 b F TG P28 B H L4 2K BR B

# £ logits (E—ERA—H) BB HRITEZ XS, 2 EEERFHREINREE

y = tf.constant ([[1,0],[0,1]],dtype=tf.float32)

y hat = tf.constant([[3,1],[2,5]],dtype=tf.float32)

# MWERBOFAREF PR B A XK, BATHEMH reduce_mean R FHNLIIX—

CE = tf.reduce mean(tf.nn.softmax cross entropy with logits vZ(logits=y hat,

labels=vy))

@z M2 AL

FETE X1 P2 28 14 R R B2 S5, FRATTE H b Bl 5 1f ) ARSI B el D X R 2%, iX AN
FEAU R RO AR #3522, AL B br 2 B Pra f AR b /Mt R M & 48 2
B OREEMWZ) o TensorFlow JNIRATERML 1 JURARIRIEACE:, PEFAIANT Z MK IT iR
FAH AR R

P 3-16 B 1 — A RERARAL R, JFRos 7O S iR B 1) 2 i . Z il 2 n] LR N
R O e 2SI H0, FRATARZ vii KiiD » Horp x o] A2 M ZR 25 (1E
XMEOL R, R AEERAEMZ) , y AT SR . AW TS Mg x=2
(B . MWIX—fOTaE, JAMEAIALESREIAE x=0 G2 /NE y (3K) o 2R, 7ESEFR A
B, RRMASBRE 3-16 PHRRX AT S, EBENER.
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R y=x"2

iiEE

E 3-16 {efbidfEsEE

TN R, SRATAE RS WL B R FR A4k GradientDescentOptimizer. learning rate
ZRFRAE R/ M7 A BRI (B 3-16 AN 2 A RUEE RS

SRR 2 MEZHEER, DER/IME T/EES PRI R
tf x = tf.Variable(tf.constant (2.0,dtype=tf.float32),name="x")
tf v = tf x**2

minimize op = tf.train.GradientDescentOptimizer (learning rate=0.1).

minimize (tf vy)

TCEEACHD VE ILACHS U 3 _tensorflow introduction.ipynb FBfifL{i4t. (Stochastic Optimization)
oy AT ZI LS, R T S1E2IE 3-16 248, &SR F &5

B 1 MKE, x: 1.28 , y: 2.5600002

¥, 2 MEKLE, x: 1.0239999 , y: 1.6384

B, 3 MFKE, x: 0.8191999 , y: 1.0485759
¥ a4 MBEKE, x: 0.6553599 , y: 0.6710885

M BT Bk E, WAk, [N RIA session.run(minimize op)$ AT 45 K fx /ML,
EHEE, e o x {8, el LA R& /DN y E.

Ol

Wi 08, R ERE G B R R PATIR T . Ban, IR B UL I HAT 5

Xx = x+5

zZ = X*2

hr b, iR x =2, ATV ZGE] z =14, FH, iE3RATZR A Fra a7 ik R L X —

session = tf.InteractiveSession|()

®x = tf.Variable(tf.constant (2.0), name='x")
X assign op = tf.assign(x, x+5)

z = X*2

tf.global variables initializer() .run()
print('z="',session.run(z))

print('x="',session.run(x))
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session.close ()

AT S 45 /e x = 7 M z = 14, |fijfE TensorFlow F, _FHMCHZE TS RAE x =2
Ml z=14, 5IRRIXFPERPIEE R, TensorFlow A OXF RBATINGT , BRAEFRAIERRTH 45 H e
B PATIRT o FRATTAST 70 H e 4 R ERAE, wlnT CASEIR AT H5 e )7 I HEE . o T 18 B )
BATER (x=7THMz=14) , TWATFEX ERCHERAT IR, BT

session = tf.InteractiveSession|()

®x = tf.Variable(tf.constant(2.0), name='x"')

with tf.control dependencies([tf.assign(x, x+5)]):
z = X*2

tf.global variables initializer() .run()

print('z=',session.run(z))

print('x=',session.run(x))

session.close ()

XEE—K, AT ISR ERNLE R (x=7/Mz=14) T.iXH, tfcontrol dependencies (...)
T ERE R EEPAT R BRI Z TS e AT S B 845 C Bia FHHEEF . st PLZEACRS SC 4
“1f H] tf.control dependencies(...) /775" HR/rHATIXEARIS H A B i T 45

3.10 TE1EREWLF

3.10.1 EKFIE

Har ik, IRATCZL%T TensorFlow Z2#F1 TensorFlow 7% )7 i ) SEINA T HAFIAIR. B,
(ERE 5 21k B rh, — 5l FRATT A5 ZE D IR E0) N5 (bl CNN AT LSTM AR Bl X}
ZHLZ RTINS R E AR (R I -ATH0) S50 — 7, SN TIRE 5 )R
IS 5T E AR5, AR R E R AR B 71k, WA ot 4k 301X Le 27 5 42 FR AN 7 1L A R
FIME—tE (RPAER) , [FIN LEe4Erar — 2k FRE M B (Graph) ARG AEFEZ 7. XK,
B EILENH R BFAER EE. i, JAIE CNN, LSTM FHAR;, FEMHEZEEEL
ISUEAEAH (Weight) Mm% (Bias) SFIZSE, AEW i B AL A ) EE I X £e 2 50 n] b
LR CRAS 5.3.4 /01 “SHEILENH]” o2 iretamgsn o 3%, RiE—12REE
SOOI LAME R 1, BAERE S S WA BT L, A5 (8 28 iy BLASACHS B30 358 14 52 B K52 . BT LA,
TensorFlow §24t | —MA EE M7 7%: R REAFREALE], CAHAEG B I e

KA BN, ARt =gy, RIEEE BRI SCERER, K0 CER
%%%*H{ﬁ T TensorFlow & J7 14 BH (V£ W, https://tensorflow.google.cn/guide/variables ) . TensorFlow
o O DA R BCR A T AR B B = Y, X DU R e tf Variable(<variable name>).

tf. get variable(<variable name>). tf.name scope(<scope name>)Hl tfvariable scope(<scope name>).

T, FEATAEKE — TR LR
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SR AL Variable, IS4 BHR A SHT R E, [0 RS HUNHRIRATE A B — 248 o] DUE AT,
FrCAEEH 2] 1 get variable(). get variable)Z= EE R LB LW, HRERLMEREAFELTE, W
PHMERME 2T E. AR ERIR, XS kARS8 A [F] 3R AR & 4
FRINCAX 73, PRI R FRAT 25 P A8 B H AN [ 46 7 S R 5 ) IR 22, IXeE N
22 2I1E 38 (Scope ) & T cname scope ]+ P (Graph) # 1) % Fliz &, variable scope
0] DL ¥ reuse bR LA HIGEAL T BORZ/E I A2 & [T S, &8 —1HEHE
MRS it s 7E{# ] tensorboard M AR IS iz F 42 P AF F st AT 30 2568 s 2 B IR BT

3.10.2 BEROGIFRIE

RN Z D PATHM U ER RS, SE w, TETE x *w+y ** 2, il RIIwmE—1

TensorFlow 2% ) Ui »

import tensorflow as tf

session = tf.InteractiveSession|()

def very simple computation (w):
X = tf.Variable(tf.constant (5.0, shape=None, dtype=tf.float32),name="'x")
y = tf.Variable (tf.constant (2.0, shape=None, dtype=tf.flcat32),name="y')
z = X*w + y**2

return =z

XH, ATHEBEERLEE, AT LA session.run (very simple computation (2) ) A%
YR REAEI H tf.global variables initializer().run()eR %2 f5) - SEBR b, B8R FHIX AN ek E #2
G5 P> TensorFlow 2% & . 7 25 (R 12 J7 1 (AETH )0 GFE s vt A8 828 1) ek E ik o i)
i, B (Graph) ' x fly BEASH E#H, Mk, HohBiXeH4EE, FHF7ER (Graph) 6]
AR, HAINFALRNIE. NEUUT, REAREEIEIERT. N7 BEFREGTEIX MG, 34T
{E for JE¥Hiz1T session.run(very simple computation(2)) /7%, FH¥A8 & AFRWITELH K, fE#F 10
R SR~ e IELE ch3 X FJEHH) 3 tensorflow introduction.ipynb X “ A& AF
31 (Variable Scoping) ” 7 fr&) -

14.0

['x:0', 'y:0', 'x 1:0', 'y 1:0', 'x 2:0', 'y 2:0', 'x 3:0', 'y 3:0', 'x 4:0°",
'y 4:0', 'x 5:0', 'y 5:0', 'x 6:0', 'y 6:0', 'x 7:0', 'y 7:0', 'x 8:0', 'y 8:0"7,
'x 9:0', 'y 9:0', 'x 10:0"', 'y 10:0"]

BRE T Z R e — AR, RIS TIXAN AL 100 IR, TBATHEE A 198 it
fAR & (99x AFEAN 99y &) .

3k 7o V3R AT R A0 AR &, AN S BR U FH eR BSOS #6028 — S AR B FRATTIAE N 1
5] T AR 0] E I HERERE, R ESCLL T NS

def not so simple computation(w):
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Xx = tf.get variable('x', initializer=tf.constant (5.0,
shape=None,dtype=tf.float32))
y = tf.get variable('y', initializer=tf.constant(2.0,
shape=None,dtype=tf.float32))
z = X*w + y**2
return =z
def another not so simple computation (w) :
x = tf.get variable('x', initializer=tf.constant (5.0,
shape=None,dtype=tf.float32))
y = tf.get variable('y', initializer=tf.constant (2.0,
shape=None,dtype=tf.float32))
z = wWrx*y
return =z
¥ XRFE—HM, EHEHUTZ2EEERE
# x => scopeA/x, y => scopelA/y
with tf.variable scope('scopeA'):
zl = not so simple computation(tf.constant (1.0, dtype=tf.float32))
+ AN EEFH AR scopenr/x fll scopeh/y
with tf.variable scope('scopeA',reuse=True) :
z2 = another not so simple computation(zl)
# HTFXRFE AR, P ERAL T3 EE: x => scopeB/x, vy => scopeB/y
with tf.variable scope('scopeB'"):

al = not so simple computation(tf.constant(l.0, dtype=tf.float32))
+ AV ERMFHCAER scopeB/x Ml scopeB/y

with tf.variable scope('scopeB',reuse=True) :
az = another not so simple computation(al)
+ BERNMNEBXREZFER “scoped” , HACKUETEE,
$FTARA TN ZE AR “reuse” ZHWE A True
with tf.variable scope('scopeA',reuse=True):
zz]l = not so simple computation(tf.constant (1.0, dtype=tf.float32))

zzZ2 = another not so simple computation(zl)

XA T, I BRAT sessionrun ([z1, z2, al, a2, zzl, zz2]) #A{E, #iMNiZ<EF
z1,22,al,a2,7z1,zz2 FIMEIZITF 7 9.0,90.0,9.0, 90.0,9.090.0 {H. 7L, WIRITENEER, RiZUEZ
VU AS[F] 25 & . scopeA / x. scopeA /y. scopeB /x Al scopeB /y. FATILLE AT LLAETEA £ iz
78, MALHELEIETTRZEMHNFAL.

IAAEDR O] Ge A RNIE , N AFRATAS BEAEACRS T Sk B X DU AN AR B A8 J5 1 i) 7 v A e
WX, SR IRACRE B 2, DROA X A2 7 BH 2 AR T A URS 2 A N 2

B o, VERBCCHRE ol SR, RN ORE TR B35 1. BeAh, R A RS I 58 B,
g/ T RTER TR, DRDAIRA A AR R A AR R St R AR &, i A8 TensorFlow 48 &
43 FC ) Python 28 & .
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3.11 SEM— RN

HAr, IATSERS TensorFlow R)ZEMIAE FAEHEALGHIA 7 REFIAH, TR, AR
L — AR 2 AR, AR 2 58 IR 2 28 A5 Y X BLAS FH BB SR R FE IR B 2 ) i AR
# 22w A R MNIST £ 5 (3 W http://yann.lecun.com/exdb/mnist/) , Fi| F #1485 o £ # 7Y et Sk
UG B AT 53 2K

H T X R AT R — @M 2Enf], Fitk, RATKZEZ AP R r. WRE | R
FP KB R RIE T, 32 ] LAFE ch3 X4 JeH ) 3 tensorflow introduction.ipynb 3Cf4 “MNIST
B imnl o2k 5o HAT B %.

3.11.1 HFEESR
5, BAZE A maybe download(...)ERECK F#E RS, -8 read mnist(_..)eR G H
frPikb e, X H, read mnist(...)pREHAT DL R B IR

® IEIRBUIEE T T IAFE R miE B 49 NUPYP.NDARRY *F %. B Sir b A EiHh
Faf A5 FH £,

def read mnist (fname img, fname 1bl):

print ('\nReading files %s and $s'% (fname img, fname 1bl))

with gzip.open(fname img) as fimg:
magic, num, rows, cols = struct.unpack(">IIII", fimg.read(le))
print (num, rows, cols)
img = (np.frombuffer (fimg.read (num*rows*cols), dtype=np.uint8).

reshape (num, rows * cols)) .astype(np.float32)

print (' (Images) Returned a tensor of shape ',img.shape)
# 0 BB AT PR AL 3R
img = (img - np.mean (img))/np.std(img)

with gzip.open(fname 1bl) as flbl:
#flbl.read (8) EHEE 8 MFH
magic, num = struct.unpack(">II", flbl.read(8))
1bl = np.frombuffer(flbl.read(num), dtype=np.ints8)
print (' (Labels) Returned a tensor of shape: %s'%1bl.shape)
print ('Sample labels: ',1bl[:10])

return img, 1lbl

3.11.2 ZENX TensorFlow itE[E

N T %€ X TensorFlow tHEE, HATE L AMAEIE (f input) FIHGNFRZE (tf lab) & X4
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# € SN A

tf inputs = tf.placeholder (shape=[batch size, input size], dtype=tf.float3Z,
name = 'inputs')

tf labels = tf.placeholder (shape=[batch size, num labels], dtype=tf.float3Z,

name = 'labels'")

1ok, %S5 — Python A&, EWHREIELE. FFEUHLE, FRAMEHEH B R
RN EAME, R R IERG A
# EX TensorFlow HHXZE

def define net parameters():

with tf.variable scope('layerl'):
tf.get variable (WEIGHTS STRING, shape=[input size,500],
initializer=tf.random normal initializer(0,0.02))
tf.get variable (BIAS STRING, shape=[500],

initializer=tf.random uniform initializer(0,0.01))

with tf.variable scope('layer2'):
tf.get variable (WEIGHTS STRING, shape=[500,250],
initializer=tf.random normal initializer(0,0.02))

tf.get variable (BIAS STRING, shape=[250],

initializer=tf.random uniform initializer(0,0.01))

with tf.variable scope('output'):
tf.get variable (WEIGHTS STRING, shape=[250,10],

initializer=tf.random normal initializer(0,0.02))

tf.get variable (BIAS STRING, shape=[10],

initializer=tf.random uniform initializer(0,0.01))

T, FRATTRE € SO 2e 28 AR TR o X LA B I — R, WU S A A AR ) A B Al
tb, AEEOY R Bop AR St 1 AR B IAE . XRMEmMEa =%, BAAurT:

® HfReLUMZEHITLEZEE (FH1E).

® HfReLUMZEHITLEZEE (H2EF).

® T Ai%iEN) softmax & (Hrd) .

W E A, RATEEAER R E (BEEMNWZE) 744 layerl / weight. layerl / bias. layer2

/ weight. layer2 / bias. output / weights I output / bias. 7& F[HIF{CIEH, B 1#H-EA IR &R,
{EAF AN R Y -

#TE PP 22 P 2% oh i SCIR PR3 A\ AT 4R HE B A T L AR
#logit ¥ softmax N B R %% H 2 Al I TEAS BT

def inference (x):
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# calculations for layer 1

with tf.variable scope('layerl',6 reuse=True) :
w,b=tf.get variable (WEIGHTS STRING), tf.get wvariable (BIAS STRING)
tf hl = tf.nn.relu(tf.matmul (x,w) + b, name = 'hiddenl')

# calculations for layer 2

with tf.variable scope('layer2',6 reuse=True) :
w,b=tf.get variable (WEIGHTS STRING), tf.get wvariable (BIAS STRING)
tf h2 = tf.nn.relu(tf.matmul (tf hl,w) + b, name = 'hiddenl')

# calculations for output layer
with tf.variable scope ('output', reuse=True) :
w,o = tf.get variable (WEIGHTS STRING),
tf.get variable (BIAS STRING)
tf logits = tf.nn.blas add(tf.matmul(tf hZ,w), b, name = "logits'")

return tf logits

IRAE, FATRS 2 SC— M40 0% R BG40 R AT B IMUCERTE « 30K B /MG IR AE A 18 B /M A
97 A) b X2 ) 28 Z B AT RS R T E ) . TensorFlow AHRML T Z A ifb gy, FRATTAEIX LR E
Fl MomentumOptimizer, ‘B2t | [ GradientDescentOptimizer 52 U [ 24 FBE AT S 1 -

#RE SRR R A
tf loss =
tf.reduce mean(tf.nn.softmax cross entropy with logits v2(logits=inference (tf

inputs), labels=tf labels))

# 5 AR R R L
tf loss minimize = tf.train.MomentumOptimizer (momentum=0.9,

learning rate=0.01) .minimize(tf loss)

wfa, BT E X — M RIERRRE EMERAPTNE softmax BER . ZXANTIER RIERA T1HHE
A2 X 4% P FHEfG 17 -

# 5 X T

tf predictions = tf.nn.softmax(inference (tf inputs))

3.11.3 BITHZEM L

=y
2

o
i
(v}
£
iy |
am
e
ot

HAE, FRATSEIL BT 1R I 2% it if SE 10 B AT S A8 4F, AT AR e kA
5 21 0f S R O BC AT IR ) 2K

for epoch in range (NUM EPOCHS) :

train loss = []
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# SRR B

for step in range(train inputs.shape[0]//batch size):
# Creating one-hot encoded labels with labels
# One-hot encoding dight 3 for 10-class MNIST data set will result in
# (0,0,0,1,0,0,0,0,0,0]
labels one hot = np.zeros((batch size, num labels),dtype=np.float32)
labels one hot[np.arange(batch size),train labels[step*batch size:

(step+1l) *batch size]] = 1.0

# BITIRALEEF

loss, =session.run([tf loss,tf loss minimize],feed dict={ tf inputs:
train inputs[step*batch size: (step+l)*batch size,:], tf labels:
labels one hot} )

train loss.append(loss)

test accuracy = []
# AP E
for step in range(test inputs.shape[0]//batch size):
test predictions = session.run(tf predictions,feed dict={tf inputs:
test inputs[step*batch size: (step+l)*batch size,:]})
batch test accuracy = accuracy(test predictions,
test labels[step*batch size: (step+l) *batch size])

test accuracy.append(batch test accuracy)

print ('Average train loss for the %d

epoch: %.Bf\n'%(epoch+1,np.mean{train_loss})}
train loss over time.append(np.mean(train loss))
print ('\tAverage test accuracy for the %d

epoch: %.Ef\n'%{epoch+1,np.mean(test_accuracy}*100.0}}

test accuracy over time.append (np.mean(test accuracy) *100)

{EIX BTG, accuracy(test prediction, test tags)f&—ANEREL, T 5 — Lo Pl AN bR A b
N, AL B2 /D5 SEhabrEULhL) « &2, RITSEFIZERUTE 3-17 iR E
K, MIZITHIESRKRE, 2ERRIMRL, & o] Ll ETEir AR T A%
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g IR ARERT R E i M SRR ER EMEA E R T L

=
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LR e TR EES
U 203 0T
=

0
o
B S

(=1
=

(=]
= -
m -]
= an
———

0 2 ¥ 0 M ! 0 » ¥ 9 M
Epochs Epochs

B 3-17 MNIST #7450 JAT 55 BN 24 g At A wf v s = B
3.12 pag

EATH, A EES — R E% FikM L ERKEF S (TensorFlow) A 1 KM ERIAKL, MIf
3 T R R NLP AR5 — 5

5, AL T TensorFlow MRS 3 BRFE S FL22 3815 it . 28 FKHE HH ) TensorFlow & —
AN KM EAERE . T BUE T EROFR AR . B A — 2 R BRE, Bl B3R5 218 5 3CFF.
mSER R TR ENE . R EIUILSE. X T TensorFlow H%&3E, FRATE SN 7 Linux FHY
NG o

IR, FADX T TensorFlow ) = FEZARERr GHEEL skEMS1E) 24T 7z x.
MRS U, AT DA K B R REdE, AR EEEME ML, HSmdT &R, Rt
B2k FRIREE (25D BIE R,

XI5, AKX T TensorFlow ) LAFJEH AT [ IREEMEEE, T S| TensorFlow & —4
“client—master—worker” 73 2 2244 R G

& A B2 08 FE T 0T CARD master AT A L, FE4G B Uk BT T 3R & 0% 25 master, 1] master
| 230 4 SR AT A S5 70 Bl 4 BB AN B 22 > worker, XN Y45 HiH i master FR P25 % ) . AF
NEFETPAT I EN) worker, {EA[—> worker BEFE 5 7E B B HAE A BN UHEEARZEUR, dEmk
LR AR 7 2ok E 1 B

TFHFEA A — ™ sigmoid /~fFIX} TensorFlow #EAT IR —EMIMEEE, JFHAL G4 A%~
%} TensorFlow )% ) vmfi 1L TR FEAFTE

Rk, BATEANHS TR —~ 8.7 TensorFlow 2/ i otz : fA. Z&E. Al
8 () o ISR T AREGE, HEH TR RIIgmt. F=A1078 17 =
AEREATT R A SO PUMEESE F-R AR /7% 9 TensorFlow K& LA KA 4 N B IE
RIGFRATHE T TensorFlow A2 &, ‘EA1SH AR ER X A, CLEUUTEIRMYIGHAEE. Z2)E,
AR T el AR R A R A R A R . B, AT T JLAS T HIER) TensorFlow 12
HaERAE, WnEis i, JERREE . e ML SR s A RImEERE, X FAERER AL
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AP JE AR . fEXHX A Won R L i i, AP th a5 SRS LAsE I, JisRikf—
{57 25 1 e % 5F O b B A I P4 7 8 S AN S )

AL T8 T 7ESEIL TensorFlow 725 ™ v s i 4e] 48 FH A8 B A FH S8k bt S SR G TR fes o AR IR S0 1
RATEE AR, R HGERERREEEEM .

feJa, FAMEHZ a0 I A LSS 7 — M Mg, A1 H = E M M Lg%t MNIST
A A T S Wil

N, ALK IERIFEF NLP Sk i) 2458 . afik A (Word Embedding) -



RAE4ERE TR, Jd#k A (Word Embedding) #%& XN HRE = 4FE (NLP) H i) —4HiE 57
FFRRFE 7 ST H R B SRR 22 R, I Hr sk B in] 0 3 1Y) B2 1] Bl R v 4l R S e S 1)

] RN — PRl SCAS o )] e 4 B ) B vk BRATTON 1 A8 I BRAERL &% 27 2 SR EA]
BEAT 0T, A BT IR e A e e R B 1 ) B DA O U NN o R A T R R A — A 4
KON B A ) 3 i 4E 28 (AR B — 4RI TS 2 & 22 1) 5 2% R v, A4 B 7] B i) 2 45 ok
NSRRI, RN RS RS A AR T R

FAVENE, H—PEFR N One-Hot bl (BEFR P AARD el 4 dmfd ) (1A 7] 5. One-Hot 4whl
e B A & 7. [BI—F, One-Hot Zf%if it 1]y R R/ m) B KR AR Aia], s g
Xof N2 ] T 1 iy A HAR T AR AL 2 .

One-Hot Jwfdh i 4= 22 v] J8ie Joik K ia] Z () AR . FEARAT 250 iR EE e, kAT B v
wr Gy, A . (BB 2 BRI B — et AR AR E I R AR . SRR
M) BTG 2R L Al JC 2R AEVEF S AN . 7E One-Hot 4w [ml & 15 M R, 18 EHE H AR B9~ 10 2 18] ) s AR

N T 5eflk One-Hot ZmfS ) JmIRYE, NLP S fEH M EEMRR (IR Hok, MHXHEENET
SR SCAHEAT R Bk ABASE R AR & TE-IDF Chttps:/en.wikipedia.org/wiki/Tf%E2%80%931df)
W E R X4 i ( LSA ., https://en.wikipedia.org/wiki/Latent semantic analysis ) Fl = @ 2 4%

(https://en.wikipedia.org/wiki/Topic_model) . R, IXEEH ARG RIS EA R CASCRY O
38 SCHACLE .

i BR BRI K UE T 2000 4. ialix A5 PART R T IR BRI R Z AT, A1 A 4R
NHET MANEBEBRIAERE, X538 7 EEARRE SUERMEE . 5K, R &F
NLP fE55H SCA [ B B H AR, Bl briE a2 sLimifmls AR, R, 1HIK
bt RS MIERGE.

EATEF, AV 0K R Word2Vec IPIFIETL, PHFELRIXS L Word2Vec 3 JE 43
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AR GloVe HERLFEATIRIS A HT, S Ja BAT 19 A AR R AL AT 7] 00 R R B . IX EEia] IR A
AR CEHUEHEA R, HOERE SN NLP U5 L2 K

41 FHERRT
411 DHNFRTHEIIAIR

XRAWADE] T

® bR E A AR,
® IEmANZ X E ) H AR,

MIXPIAE] T, FRATRT DA EDW SR 2 (b T, S gl A ([, 36 )i i o 1a) 72 R AR
A IREY,  FF EHAE R )R] £ BT AR DR [R) 7 0AE o, B

b5 o s E——AeRE - K

R, sr i 7~ (Distributed Representation) Ff H HEFR R — N2k £ &, PLHDRE 4]
e ARG R &, AE15 DL R IE 28 R AkOT :

d(“dbm” )- d(“HE") =o( “HEHEH” )- o( “EEH")

e ih i, A N B IR e o ) &, o ) B 1) AR A 5 18] 22 18] B35 SO AL AR
Ko

A ¢ B F L35 GloVe )2 A Word2Vec, X Z )3 XA TT VAR, EHANERGEARBEA R £

A, 84 Word2Vec F a9 A~ A AR A ( Skip-gram #= CBOW ) i 5% GloVe 42!, #FZ
4b P2 R ANAEF- AR F R, 48,2 44& L E Word2Vec #= GloVe Z [a]i% 2 A 2 X 71 8.

412 HDHERERRBIE

B AL g a7~ (One-Hot Encoding Representation, W1 4-1 Frn) , ALK ia) 4T
fF5tb, PMEARME UG R, B2ARANF T TEESRIAROER . 5D R~ B AR AR XN )
oA #Kon, Harris 1 1954 FEfeH 104 =UFik (Distributional Hypothesis) , HW & B R
SCHABRL ] 5 )CWARAL . IXFE—K, fEiZFRedRgl T, AT LAEAE B2 An 2 A7 i 78 [ B 1Y)
FANHERE R, X oA R s 1B B 4E L R)VERINE SUE B 5 KRR 55 . Firth 78 1957 4F
X oA AR AN 1 3E — D [ AR A B A 1A R SO 3 BT SR g .
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8 R ( one-hot representation )
ERgPRPRE—ITHEFRATENER
—_—— Wk —
i :[001000000000000....)
#5:[000000001000000....]
RiFg
{A$8A ( bag-of-words, BOW )
P RLm
R
e, R
RHEFER
TEHERBIRENER, B850 - W8z BRI , BERENIE

B 4-1 FEGRMARSTEIARER

TR R R R Tk, RIEEBEARE, KAERTLL =3 ETIHEER I mkn. &
T B I3 A s NI TP I 28 [ 3 A7 R o« R X B AN R ) 75 A s T iEAE R T A RIEAR T
BORGA F N, B X ik 2 1o m s, B BLeE TR O AR A Bl PR o ek —
EFE—POT AR BTG R MR ZIE AN CCBHARA7 ) S5HETCZMFIR R

N A R AR T IER =AM, X AT 2 e, BB I 1T AT RIS R
{1 F8 S (TP P 28 [ ] A SCRSIE I R ik )y (R EREE B K5 H sh it 5B
2016 %F 1 H) .

1. EF NSRS

BT HRER 0 An Fon F B “n- E R 307 R, @i FRER MAZHE FE A R R Y 2 AR
Fono FEFERAT RN, FIRR LT, B eRFBRFEANRA LR SRR IRE, X R —
TR TZIA I B R XAt & W ETXE: O3, B “i8-3CR” 5EkE; @8 F XX
BAA, B “F]-38” R, On-soiddl, B “iE-n—Joi” fERE. FEREHR A TR NEAET
SO IR, B SR TF-IDF. B ESE AT BRI~ Eig . Bk, SRR 4E RS s IF A
R MERRE, nf LU SVD. NMF 5 F BT 0 R 4E, BNRYERZEHIE. ST MER
=L 4-2.

o ME—“w- L TFXHERE, WEEFRIGAIRERZR. EEF, SFTHMN—
A, BIRA AR LT, EEFREAN RN AERE ML T CHILHR
ER.

o MEIR o ERETX. #-X#%, #-8, #lnTiAd
o  THEEMEHTEMME. LI, TEIDF
. E[E5# . SVD.PCA

o fFTHEH ® LsA

® GloVe(Global Vector)

B 42 ETHRENDHAER



80 | TensorFlow 5SERAIE=S4EMNA

2. ETFRIMNDHERR
L RRTF B A 5 E R B R, REBAUAM A% (Brown Clustering) o
3. ETHERMBHID MR

(1) MPLEM2%1E 547 (Neural Network Language Model, NNLM)
Xu FEANTE 2000 Fr kA I 28K i — ool S8, 2001 4F, Bengio 55 A 1EUiE
H AP P 2815 SR . 2B R SIHE S A RN AR 2] e m &, B 4-3 B

- \4
wag > (0 X e X X X )

A A AN A A A A A
U

we2 b X X X X X X

e —

BAE X D )OO OC ) COoC O

e[{ﬂli n IZ,I] e(”}'j 2]) E{H}II-I:)

BxE i (n—1)) ;i ) i)

43 MEMEESHER (NNLM)

MithZ vy 2 9N: h = tanh(b* + Hx), y=b?+Wx + Uh: ¥ v ¥ pl3F MM AH .

_ _<xp(y(wi))
o1 exp (y(vr))

P(w; | Wi—(n-1); - - - , Wi—1)

M T REAMERNT 535 SR8 T 2 ML N R Rz &
Z log P(wi | Wi—(n—1)s - - - aiﬂi—l)

Wi (n—1):i €D
(2) Log W& HiEFHA (LBL)
2007 4, Mnih A1 Hinton EM LM Z5E SEMEA F8RE T log WELMHIE 55 A
(Log-Bilinear Language Model, LBL) , W& 4-4 fi7n.
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NNLM
yv(w)=b’+e’'(w) tanh(b'+H [e( @, (, 1));--se(r, 3);elw, ,)])
= El(@;;w, (m—1): (i n|]' |
LBL
E(f”;';Wri—fn—n:lf—n|)=b2+9[f”s)rbl +
e(m‘,)rH[E[{.'J“_.,,,_”,],'...;(?{(qf_-_;_.,},'t?(m“_l;.”

B 4-4 Log MBS A

(3) TEAPFLEMLEIE S A (RNNLM)
Mikolov %5 N $& B FITE AP 22 N 2535 S 457 (Recurrent Neural Network based Language Model,
RNNLM) E#XF P() #ATEA, RNNLM A ELRIH A i) B SCE B —ANial, JUBER 5

& 4-5 Fiose

(4) C&W 7Y

V|

2 v %QOOOOOOQQOOJ

feil)Z h(i) (OQO>“

W

N (OOO) (OQO)J
A ! ey
4-5 EAMEMEESEE (RNNLM)

'I|

S HTT R = A2 TE S B AR [ B A RO EANE], Collobert #1 Weston ££ 2008 R4

H ) C&W FLA (

WK 4-6) , ZEEH—E LA RGA [ = H AR R A,

WhE

b S

i —(n-1)2) Wi _1) * Chi v (n—1)12)

K46 C&W LAY
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B C&W A (WL 4-6) 5 NNLM (WK 4-3) Z[RIMZERTS, FEAET C&W il
A Hbrr E T A Z, HRFENGEHZEBMES BRI (V] N AN T, ZH s
FUEFR R A n ukiERVED . VP IOCE K2, MAEEBZRMEEYE, Brek, 3RAT
L AT B RME— . c&w BT X Fr 733 NNLM #RE i )G —Z/ V] x |h
PRIEBEFEA b KIEFE, XHFRCH R TR R R . IS C&W fEAY
RO P 2% 3] [m) BB T rh ORI — 1, BB BRI ERHE, RE C&W #i
M H AR RERINZ -

(5) F4AH Word2vec

Word2vec £, & P> HLAUAE T . Skip-gram (SG) A1 Continuous Bag-of-Words (CBOW) , 1]
< 4-7 R

- vl -
WL Y f”.
BWAE x
el e, ('Uln‘ 1|| ‘—(f": --H} fU|+ 1102 I
BMWRAR Wyop-aryz i) 127 I i w(n—1)12)
o y Skip—gram

:.r-"‘h"_‘?.r ‘r‘_.f r——

- ) _r_ u+1| __r((um llﬂ]

B AE  Hyi-in-1u2) @l _q) Y27 i (— 172 )

B 4-7 Word2vec T B i i/ Y

Word2vec A ARAE 2013 4FHEH A — NLP LH, @& MRE SCARTE R DG B 305 5
15 SRR — R AL, B B RO A B ) AL, IXFEERAT A Dl iy 02 R S 2
R R, 242 REER, Frelh Word2Vee #i KREH T HAE S AF (NLP) #. Word2Vec
PRI NNy, BB —ER o R AR, 5 R R il AR R R EA] ) B . Word2Vec AN AR
bR F S Hmigas (Auto-Encoder) HIREAEHIRARAL, BPSGi: TSR EdRE — Mg, Y
XM 7 DU R, AT 1A FIXA I ZRIF BB R A B AT S5, i B 75 EE A X MR A i i
AEARE B3RS, HEX S50t aplas 7 IR, (teln, EHEE (Hlass )Lk i
IS R R B RE NS EE SR EERED , Bl E R EEERE, 5
HIFRA 1B FIX LA EAEAE Word2Vee H S fr E a3l AR £ 21 iala & (Word Vector)

ST FREAEREM S, CBOW ALK& K HErA:

o, P(w|c)/E CBOW BLAUMYE | F SO 2 n RS2t H brin BT R Fim, BRI .
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P(wlc) = exp (€' (w)' x)

2wy EXP (e’(-u:’)T:n)
R, X T8AMEREEIMN S, Skip-gram AAEALED FFSCiiill Hbxia], EACrE Al B s -

Y. D log P(w|w;)

(w,c)eD wjce

Hep, P(w|w;)N:

exp (€' (w) e(w;))
> ey €XP (e“’ (w' )Te (w, ))

P(ulu,) =

(6) Order 7Y

FHREIF CBOW #iEUA Skip-gram RN 73RS H @ HIMEGE, (EMPE LIS S B aE
log MZMEE 5 BB REAE F 258 T RBZERFETFE R N T B Lo e 745 B 1Al e &1 GE
R, X B -NEERL, 4208 “Order” (WE 4-8) , AR 7 iAF 58 28 ALE {7 8 i 7
MR, R T REE .

g Y

WA x

& 4-8  Order 7Y

)« %Y K (Ivan Vendrov)  Fii %3 i& W (Ryan Kiros) . Sanja Fidlers HiZE/K «
##% (Raquel Urtasun) & 3#KAE ICLR2016 /)i (ORDER -E MBEDDINGS OF IMAGES AND
LANGUAGE) , & 7 —Ffr 5 T f7 ok R 0 A U R m B @ 71k, U RS SOk
FAE, R B RIS AT (Hypernym Prediction)  #5i-PE{% 4G % (Caption-ImageRetrieval)
A HRE S HEFE (Textual Entailment / Natural Language Inference) 55 —AMT4% k(T 152565, IS
TAERIRR . CENRRE ST ETMT KRR M E (Order-Embedding) HUMHE, WAA I
), FPOEEEEIE L.

WICHR T —Fh 438 B3 1 15 5% R 00 m) & 52 =) vk R 4EFr A B IR OC R W Ia) & 22 8] 1 7
KEERFZAR Hbr. BTSSR brd-E &R ERE SHEHSE%, K EEEES
PSS A e o< RS Tl 4-9 s, BEHUEERERD N BB —Mah R 32E, @A 5 K
RIZEWIGIE L — N E IR, X RIREE B A —Fiw 7 o< &R o B8 RPN H 285 5 HEHE
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SRS A IRBES FAL N — 1> S 7 K AR AL ST

entity

i T

skis person dog

/

woman person walking
/ woman walking

\

woman Sknng woman walklng her dog

|

49 HLaiE R RG ) GE)
4.2 Word2vec #&=E! (LA Skip-Gram A451)

Mikolov ¢ AE 2013 4E/) ik, R 52 H T Skip-Gram #1 CBOW ( Continuous Bagof-Words )
P, Wt MR B 2 H B A B S A B REGA ) B (Rl ARAE AT A/E NNLM,
RNNLM 1 C&W #8Y FRFLUR, 1AL 7 i B R BR800, (A 17X AL
5 WL CBOW F1 Skip-Gram 5 7! 45 #4) F 41 & 4-10 Pl

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT

wt+1

K 4-10 BRIZEFE: A0 CBOW &%, 4l Skip-Gram %!
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Skip-Gram F AR AL — PR SCE R BB SORF SR AR FIS . ERATIE [ X —20 — i
2% Skip-Gram 57k - [K DN 546 HY) Skip-Gram #2788 3% A7 H (] B2y )= , 11 H i {4 F #4846 Skip-Gram
TR a2, N T BAFH R Skip-Gram A5 7%, BT LLIX B 4 iHe i1k Skip-Gram #4575, f5
2> %F )5 46 Skip-Gram A 4L Skip-Gram ff—)™ a1 825 LG 4347

421 EMAIR Word2vec

EHRBIR A E (Word2vee) JEial TR, TRE 1 i Z A f)iE R &K B, Hid cat
1 17) & 5 5] dog H [a) & st AE 5 ABALL, 1t 52 17] pencil ) [m] & H] 51iA] cat A EZERIR K, HEE5%E4
ANEle Fesz, A pfia] e & [A) AR ARG X N A A, B BLUX LS — T Al (Wi[cat,dog] =k
i [pencil,cat]) fEAHF BN SCHRPMERAEMR. FRELL AT

I like to pet my dog
cat

pencil

My does not like the postman

1B SAR, fEA R FRA) I RRY, it cat i4 42 dog, #EL pencil & SHF R A AL,
£ ETH AT, pencil Joit MPFEIEETEIL T AR A S, A B EE A RTE? A2E K vix B
1] pencil Bia&fH1F F R 3GE = AR 1R, B, Word2vee S8Rl F A1) b F SRS 21 1A 1)
73w, DMEEAR R 3 Brefd 8RB A AR R A] R) .

422 TENXNES

FATTIAEAE 1 — T Word2vee FVARINLHITE O, Jo 40 S UM A0, DAEEIR AT Jni&E ane]
KL Word2vee k. T LR E 7 g CEIERAEAA0) , AT EE X 58—
eSS, HARMESA:

(1) Gy A ] i ] | EdE oL, Ferp RN A # % "8 — 1> One-Hot W] &, oK
H SR 3CAR .

(2) B 15, H4 One-Hot [ & AF Ak N A gar AT 11 25

(3) EX—MRKRRE, T Eaffie) GXesiapk B AR B T30, PR,

(4) E I AR ] B A AR AR 3R] [7) B R PP A AR

AR O #., FUSIAE S A P B (T AR, R TRTAR A AT AR

423 MBI AREZELES

XX TR UG A RRAE AR 2, JUBKHE T RN F. Mg —M71, R

N
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The cat pushed the glass off the table.

H_EfX A S, AR EIEEW A 4-11 Fras. A7 FHRAS ATRE N EIE 5. &
L HEZR 78 One-Hot fr A\ A (H[a)ia], 04 BExial) , ZLEHER S One-Hot far it ia] (B F SCHE M HFR
Hh i ia] Z AMPAEARTA SRR A B R SCED o BRSO FOR/NVER, BRI TR RE LR LT . BE A AR SR
Ham, &R Z R, #— 2 RE0T E A TGE BT EE AL AZN Hbria SR
E b CEMfIHD B, LMD E AR R A A LL Skip-Gram 15 BN 317 %
B

Context Window

—_

The| cat [pushed the |glass| off the table

- | The || cat
' I
cat | | pushed

cat || pushed -

the
pushed || the

pushed

L —

& 4-11 Ble)EERES MR EE

X, BA R 2R S E AR (Input Word, BV Hbria) #—M (EiasiAid) &
] R

R FRA 15 B 1K/ window size=2, IF A A TR ARG E L WEZE NS, & LA AL The',
'cat', 'pushed, 'the','glass'” .

B

W EAERLFZAEE, #2400 K2 2*window size =4, £ AHHER % & EH 4
JR I AT, REGA A 1 A K B 1% A span=2*window size+1, F £E R H T,
#GeH 2 AIUEERINRL, B AR A EINLFE P IR E| span = 2*window size, EF
T,

424 ENIAER B0 22 ) 4%

1. 1aERAE ( Embedding Layer , BFRAERANE ) : FhEFIB1EEE

1] ik N 2 A7 fif 1l V0 2% A0 $k B i B A A el ) . R B] PUAR R BIIX O R — AN BRI BE
([vocabulary size X embedding size], BP[ia]7C R/ X dal R/ o X B a] BLE 1718 %0 )
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&R/ (Embedding Size) . 428, il & R/ ECOK, BRBIRIEG:. 256 Bmpea), HinER
P 4-12 s

cat 0.01 0.2 09 .. 0.64 T
dog |00 02089 .. 0.71| ¢
walk [03 0006 .. 0.09] !
: Vocabulary
. size
" :
un I
| | I
[} |
E :
vencil |06 0.76 0.1 ... 020 o
e T >

Embedding size
B 4-12 A Bl E
2. fRZE%S | RFiRlE EIRGTE A
FEVINZRIIR], o2z o 28 1] FH A A\ i) 25 2Tl 4 HH i) o SRS, JRATT S SR R ) i iR 0 2R BA K
LRI IR 7728 o X AR 2506 5 1 — SR — e BN AR N gt o T i Sk
S 1A AR
(D XTFgErimAnl CHPRRD , MR JZ 3K 2R N ) 6] ) &
(2) Kl ER AR, RGN Es R e CER3GED .
(3) @i R M AT B S bR 3Cial, TR R
(4) F FH 5% ek B BEH LA 28 RO A 22 R 28 R iR RN -

i R R — iU, TR, FAME softmax HeE o ECK U bRE A REIEER 0 A7

425 &5

N TRERATT AT LUK B o U — SR E AT A, Wl 4-13 Bk,

X FPEAE B R A HER A L A JR) & Word2vec [¥) Skip-Gram H i, 2 FRATA T EIGER N A
W —PVE R CESASE (CBOW) A, JEi e iR,

Z b, FRATTAT AN Skip-Gram 578 (S 25 f A1 S 25 A AN S 6 . B 4-14 Bros i
SeEE, B 4-15 P ~sL b gs i K .
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TensorFlow 5SEARIES RN

Context word

The

A Optimize
! Computetheloss = == === cccc=-= -

Prediction vector

Mprh
xiE

il

/
N\ Neural network ,/4 ........ |
\ '
s |
\\ / :
B —— / !
'0.01 0.2 0.9 0fd! === == == == == I
---------------- 1-----------------*
cat 0.01 0.2 0.9 0.64«----
dog  |0.0 0.2 0.89 0.71
walk 0.3 0.0 0.6 0.09 .
. :
. :
L] 1
| ] i
= .
pencil 0.6 0.76 0.1 0.29 :
Embedding layer :
Cat p-====cececccccccncas
Target word
K 4-13 R EFRE]
word[t-2] word[t+1] word[t+2]

Softmax (W, b)

%A [word[t]]

KA )= (P) (V#D)

word[t]

K 4-14

Skip-Gram FL RS & 324
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‘ fiti i1 (b*V) \

Softmax (W, b)

Mo [T

-

kAL (P) (VD)

<p> | —

Inputs (b*1)

B 4-15 Skip-Gram 559 52 jifi 42 44 B
Hor

Ve EiLE GEAE T 6E—E40) .

P: %% &35 #% A E ( The Projection or the Embedding Layer ) .
D: 8@ = <A a9 4E AL,

b: /- batch &9 K],

426 FENMNIMEKEE

FIH BT AL, FATEE BRI Word2Vec [—ANHET REER)TE R, a2kt . —#%
T, bR softmax A2 40 2k REUE 70 RAT S5 — M BRI B3 R R E. SR, X PR 2k R 4L
% Word2Vec KA I FF AR o fEILSE TARAESS A, algedd KB 24N, )y & n] PLRF
5% 100000 PELE B X, X 1T softmax bR £ IH— ARG AFFIUE, XAERN softmax 564
THE R ETHE IOE Y Y S BRSO . B, TECRUIERE Y YERERI AT SR B, FRANRE E R mfE R
LEA R AR i . iXEE—K, XF— Word2vee BV THIT &, A AIBkdk st 25 pl fifa] B
softmax JZMTHE E 445, XM ENL2EIE (MT) (Jean %) AE S @4 (Jozefowicz 25) JL[FA]K
EZAb. EEEEAITL softmax ) iEA 2R, Hiltn:

% & X softmax.

44 softmax.

CNN-softmax.

LT KAF (Sampling ) 4975 i%.
* F R RA

* ELA I 6 B ORAF
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* B A7 RAF

* % & &f P it
* i RAF

* B AR AE1L
*AKIR 69 A7 AEAL
* T ik

N A BHE — T HBRAT B UL R ORI 2 2K softmax .
1. softmax Ef¥+E ( Negative Sampling )

% T softmax i K BREH) B ACGESE, THRIRNEE K EEGRA BT R, FON sampled softmax
K. FEE, ShnifE softmax 28 R KA, XBA TRZ2. Bk, WEITFERZSEH
R SE B R SCHER) ID 5% N ESE B ICHE ID B INE 2 m) ) A2 iRk ik, AT
Y — LB RS SR AR AN IN 1 RAE A KA TURE AR B A8 SO0 2K o 1% 502 FRATT U A X softmax J2 AT TR
LR EAR N A — fid) . MFEN (K-many EMRESRA — fit) o EBTEERS, R
AJET B AR P e B SCHR G S bR At G — ) AHERR), BB (K-many fE
MR RN — D3R  FRATTIA K softmax P bR AU i sigmoid B0 pR B (AR NIZH R KO .
IX o VFEATIAE DR 37[0, 1 T30 [l P n Hh O [RIEEF, +HRT DA BRas % eR EO0r BN AV R B RO . R &I E
b, FRATTPRR 5 L F

Loss = SigmoidCrossEntropy(Prediction, CorrectWord)

K
+ Z Enoiserp)SigmoidCrossEntropy(Prediction, NoiselD)
1

SigmoidCrossEntropy & A T0T LAZE BN 15 da b SRRk, S5HRAT AR X EE R
RFRA 15 1) (B AR SR, RO FRAT TR IAE B A5 R R BRATA SR 70X PP R 4015,
A TG E T RIX S W SEIR R, ROREAT T BAE A TensorFlow H i1 P B EREAE A, (H FRAE 5 K
WRHIZE (B K) REZE., sampled softmax $5i 2% j=h 25 F& P RS Y {1 SCAA R T B4 2% -

e wmfm@mE (LTFTXLFuTFeiE) PHAEL ETFLE DL EET.
® #FIDARTHKART, #HIAAASRE (LTLHUZIE948) ,

T KAE S B S 1T (Noise-Contrastive Estimation, NCE) 7 i:firel, 1R4#E NCE nJ 41,
— AN AR R A% 08 T3 A B U3 R [X ) S A S, SEBr b R RRAR A R B 1A )
AR Hh R R R AL

ghe ERAE) T REE X — i, Wl 4-16 Bk,
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. The cat pushed ithe glass off the table

---------------------------------

Positive The || cat
Samples E
cat | pushed .
Negative cat lass
Samples 9

T T T T I

 4-16  softmax JZ £t KFE7~ B
2. ZE=IR softmax ( Hierarchical softmax )

% JZ X softmax (H-softmax) +& Morin 1 Bengio 523 — Y B Kiif3H 1 5. MEA =k
i, H-softmax & HEIE AN THIZ E SR ECE softmax H)— )2, W 4-17 B,

/pﬂ:l\
R1=0 -1 W,
o=, P(q,=0) Plan) =0, P(qo=1)
¥ W, ¥ W,

Plen)=0,P(qg,=0) Pler) =m0, P(g,=1)
K 4-17 % ZEIX softmax B~

XK, X5 i B AT E SR nT LA 0 i e E AT, BT s e A
P AT B AR AR AL T AL EE . ] H-softmax SKREACHE —H softmax JZ ] LA KIR T Ftil
W R, AR, 20K 50 FRRTE, R mE A T ZRARE R ) TAR(ESS, s
BB S Allo [YSEIN AIB Dy REfd 2 anitt.

FATUERATH A softmax FZAE R BA —ZHIH, B4V L — M 7 L IBALE
THE 1] softmax JZ IR, i ZhRHEMCPTA VI TR, BATHEREIEY & 1R
1E softmax JZ 2 BB TRIER 2 M7 B9 — PR = 3O, I BTG 2 747 s a7 B AR AR AT AL, Wi
A AR SR E 1A, g2 S H e, ORI R A

ZJEIR softmax LUGCKAFIE R 4%, (5 TOREER H bR 5 TCRFERIA R Z AL 2 2R
softmax {3 {1 ] S P&l i AT Zemg s o JAT 8IS — AN 7 oRAsoet — 2B e . Bilan, 4 T i — A1k

I like NLP. Deep learning 1is amazing.

ETIXAN ) TR
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I, like, NLP, Deep, learning, 1is, amazing

XA AN, T DA — R — O, FoAria)y 3R A ) Fr g il # A 5 S i e U . 3%
ATER IS I — N R I dR e PAD, CLEAERITE BH-EEE PSR, i 4-18 k.
BEA softmax V5 iAo NEE N ERE /e 4 SR, Blin P(right at 2|NLP)=1-P(left at 2|NLP)

A

>

e

ol

°

|

-

g

v

I like NLP deep learning is amazing PAD T
R - ‘

\Y%

Bl 4-18 B ial LARE 75 p tH 3R
A, BE I REBER TS SEEREREMFRIE Y . XR5281) softmax EALL,
AR AR S A AR, (B2, TRt s, e — 0.
MARIRATEHE P (NLP | like) WIEZR, NHZE—PMNEMETRERITEMER, Hd like
e NI, W 4-19 Bk
A WA (Z; )

—
o T

A
'y
I
I
I
I!/'
I
p
J
) 7
(73
[
i
I
]
]
!
!f
Iy
I
I’;
Iy
/
I

| like NLP deep learning is amazing PAD
B 4-19 FIFAREMETERITEBR
HARK, THEMZET.



FE4E iaEEmA | 93

( NLP | like ) = P ( left at 1| like ) X P ( right at 2 | like ) X P ( left
at 5 | like )

T 5E At PO, Bl IE aT DUME SR G610 R B8 TR, O i s B g A
TR RACEE AT U, ST ECR IR &

JRUE 2 JZ IR softmax Je A3 R, {H ik — 4> B2 1Y m] RT3 SRE A T, IR U A T Ay i A9 1 0 i
B AERAH T, VRN Al S ERBEMRN 0> 3. NS MR T R

(1) MNP E R G T b, ik R — etk ge T F%,  BROA VA REREAL 70
FCAE 7] 2 [A] | 53 S s H o

(2) {#H] WordNet #fi ¢ JZ K &5 #9: WordNet 0] FF-Hff & B A il (-5 30T o 1% 712 B 2 20
t EE BEALRI 46 10 B8 47 1 T RE .

427 F|A TensorFlow LI} Skip-Gram 2!

2 N RIRATE A TensorFlow K52Hl Skip-Gram Bk, 7EiXH, IRATEAUUNHS P e X
TensorFlow ) # /F LA #F 47 % >) 3] ) & ) ¥ 70 . 5¢ B AC M o] £ chd CfF & F [
4 skip-gram CBOW (improved).ipynb # k3|,

XETHIHBERECLTZANEEOR CE, B K4 61MB. 5 kI W8 5%
http://www_evanjones.ca/software/wikipedia2text.html.

B o AR REZE. /0] LLE B HOX S S HE LR e AT 520 5 22 B e (1
11, batch size =16 =¥ batch size =256) . HAKWIF:

batch size = 128

embedding size = 128 # 1] [a] & [ 4E 3

window size = 4 $EAWIASEEZ DA

valid size = 16 #fTEEMALMEREENLRESE

# AXTE A KSR BB EFEIT A FEA

valid examples = np.array(random.sample (range(valid window), valid size))
valid examples = np.append(valid examples, random.sample (range (1000,

1000+valid window), wvalid size),axis=0)

num sampled = 32 + B R R =

ZRR, NINGmABIEE. bEMAG 2 A€ X TensorFlow (510743

train dataset = tf.placeholder(tf.int32, shape=[batch size])
train labels = tf.placeholder(tf.int32, shape=[batch size, 1])
valid dataset = tf.constant(valid examples, dtype=tf.int32)

SR, AR N JZ AN softmax J= AL EAE M2 7= & X TensorFlow 48 & .

embeddings = tf.Variable (tf.random uniform([vocabulary size, embedding size],

-1.0, 1.0))
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softmax weights = tf.Variable(tf.truncated normal ([vocabulary size,
embedding size], stddev=0.5 / math.sgrt (embedding size)))

softmax biases = tf.Variable(tf.random uniform([vocabulary size],0.0,0.01))

Tk, BAPR € A nl A E A RIRAE, 2R FWCERTE € VI ZREE S X B A 1] 1] &

embed = tf.nn.embedding lookup (embeddings, train dataset)

Z 5 FAPRAE ] R R E X softmax 151K -

loss = tf.reduce mean(tf.nn.sampled softmax loss(weights=softmax weights,
biases=softmax biases, inputs=embed, labels=train labels,

num sampled=num sampled, num classes=vocabulary size))

EIX B, IAE XL — Mg kit (/b)) A e R4 R ei . A1 n] P22 4l
https:// tensorflow.google.cn /api_guides/python/train 5 %1 HH { At AL 28 3E 17156 -

optimizer = tf.train.AdagradOptimizer (1.0) .minimize (loss)

BTN G R 3 0 2 ORI T AR 2

norm = tf.sgrt(tf.reduce sum(tf.square (embeddings), 1, keepdims=True))

normalized embeddings = embeddings / norm

valid embeddings = tf.nn.embedding lookup (normalized embeddings,
valid dataset)

similarity = tf.matmul (valid embeddings,tf.transpose (normalized embeddings))

fE5E X T P TensorFlow B ME(EG, IAET] LAAREEHAT — Lo fE, X B Ea Hix e
BRAEREATRE, BAREREEES WX M AR S

(1) f#i[f] tf global variables initializer()#J454t TensorFlow Z% & run().
(2) MTFEANPETE (e XSS EED , 534T L E1E:

15 ) B A= g Al — it &l (batch data - inputs, batch labels -outputs) .
GBI — 2N feed dict )4, CREIZREa N it o5 A7 757 B s 21 2548 A i as A2 i i -

feed dict = {train dataset: atch data, train labels: batch labels}

PAT AL T BRI SR RAE, W R P

» 1 = session.run ([optimizer, loss], feed dict = feed_dict)

2%, Skip-Gram #&{& Bh t-SNE $ AR X T 40 S E A 47 0] #AL 5 RO B 4-20 B
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10 +

=10 4

=20 -

~40 1

4-20 Skip-Gram R A] PLAL R EoR
¥ B 4-20 F IR S5 REOK, Wi 4-21 B

gpvernrnerg

internatione;l congres

e"c.éa p'taoleconom
republic éﬁ%‘fvg&f“’.
a%?ies
@

B 4-21  Skip-Gram & n] #0440 UK ZUR B R

MIBCRIIEE R KT, IR RE RG-S TN, JORE I RER, mE U AITH
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4.3 JRug Skip-Gram fREUFNH Skip-Gram {=#Y
XTEE 3 47

HHF Ik, R Skip-Gram FHiESEFR_F &R Mikolov 55 AAE 2013 4F tH Al 1Y 5146 18 S H 42
)i 4G Skip-Gram FVARI OB . FEATIH, FATHEH — T IEMEH) Skip-Gram Fik.

Jii 46 Skip-Gram BIA{ERAT RoR T 2N, A F REEEE, FrUAECRE Ll d iR A ik
B softmax_weights Il softmax_biases 5L MZE 4, FAE N GRMAEZNGEHE, WE 4-22 By
A~y FFE T AN Al A B A B IR AE B30 K BR T

{ AL ix A
[T Loss(J) [=——==============-- *:
| |
I I
| |
i W, ™ W] |
| |
I I
L ¥ —— o o o
—
A I~
CHHTZN
W,

B 422 ANEEEEE KRG Skip-Gram Hi%
Xt F 4G Skip-Gram FiE M 5, FAUCKARR 2 & LUTF

(N-m) (i+m)

J(6) = — ((N —12m)) Z z log (J (vf(wj)v(wi)))

(i=m+1) (j#iAj=i—-m)

+ kE (wa)~(Paw))) [logcr (—v’(wq)v(wi))]

JX L, v iR N TR A JZ v A RN R S v X T 5 A TR JZ w30 7 2 100" 6,
Xt - AR JE i wy B & Py (w) 2B o0 A, FA TR B = FEA AT KA . A,
E Fn M\ k- BRI B RTEE CRISMED  (Em3RATERIR, B 1AM AL 24, 5l
AT BUEAR A i 25
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431 JRI4EY Skip-Gram B EHYSCIR

ARG Skip-Gram SVEAETHE AR KRBT, T BT TensorFlow pREF 15k, [ AILHER
DN B REBCRITTER K. T ARSI cha A2 F 4 comparison.ipynb 14,
B, N A EEEN GBI RS L AR

train dataset = tf.placeholder(tf.int32, shape=[batch size])
train labels = tf.placeholder(tf.inte4, shape=[batch size, 1])

i S AN SO, AT LAV TensorFlow Py B %L candidate_sampler #EAT £1°%
B, AW T B

negative samples, , = tf.nn.log uniform candidate sampler (
train labels, num true=Il,
num sampled=num sampled,
unique=True,

range max=vocabulary size)

EIXH, FANIG 3 refgtiriie. #35, FRANTA num_true FIEE, EXRn% 2830 A
BRI EE . 3% RN E—EIRF AEFEAE (num sampled) , 1] unique ZEKE X
AREAE BN ZeME—] . &5, range max & X — M B A R &K ID, {F15 KA & 5 K2 044
i1 ID.

PR FR 2 softmax MR EEMmZEZ G, ANTIIAMNERANE, —PMHTFRAZETE, 51
At EdE. GXRFERNMAGBRANE, FAARE - PNRgRAE, kR EEAEE-. O

7ok, Kgm BACY i BB BRI — o XA R R X B ARSI 7 FRATAT I e 3R
REAE. (02, FAIAS LR SO Bra i gk, DRy S SCRS R ORI 1l BE 25 51 A2 N A7
o Rk, AV HE R AEK AR ERIR K. BRI chd ST JeH i)
4 word2vec improvements.ipynb {474k 2

# THHEIER AR K

loss = tf.reduce mean (
tf.log(
tf.nn.sigmoid (

tf.reduce sum/(
tf.diag([1.0 for  1in range(batch size)])*
tf.matmul (out embed,tf.transpose(in embed)),

axis=0)

)
)
AR AR NINE TR

loss += tf.reduce mean (

tf.reduce sum(
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tf.log(tf.nn.sigmoid(-tf.matmul (negative embed, tf.transpose(in embed)))),
axis=0

)

ER
TensorFlow i i & L4/ 69 AL E AL Ao 1l £ T 45k % 36 sampled_softmax_loss, X A E A
Foll ZALE B4 22 L aT 2 AIE P VT . b5, TensorFlow # &AL T 474 softmax & U
A A, 128 &8 FIRA softmax M EAFolf £, B LEAI ALK A48 A2 7 F kit
)z 4569 Skip-Gram #3 % .

4.3.2 IFRIE Skip-Gram 5 FHY Skip-Gram #H1TELER

AT iz 4T, FATVEE X 5 UE Skip-Gram 5 203 f5 1Y Skip-Gram SyA7E THE R 2 kT
T XTEE, TR 4-23.
JR46 5 e Skip-GramiR B By 3R KPR E T B RUER M A E T

zsy O\ Skip—Gram (2SLiHY)
2.0 ——— Skip—-Gram ([RI5AY)
17.5
15.0

O 12.51
10.0 1
7.5
50 o -
3

BB (Iterations)
4-23  JiUf Skip-Gram 523 Skip-Gram 45 K28 1L,
AT LIS ER], SEAREEML, HAERBJER Skip-Gram H ik KB IFHFIHEGE .
i&iﬁi’%ﬂﬂ f%ﬁ%ﬁfﬁﬁ“ﬁ%lﬁ%éﬁ*@ﬁﬁ Skip—Gram %ﬁlﬁiii%fﬂ%ﬁ]', l—E[ﬁXT‘I‘:‘F' Word2vec *ﬁf{ﬂ ||’|Jﬁ
A R R EEE

44 CBOW &Rl

441 CBOW 1ERIE A

iX B R — F Word2vec 17145 #) . Word2vece #2218 H 4o 2 H 72 4 A4 N 2%,
WK 4-24 Fros. Hod, BREZH Rl ALt mANERE 75 H g1 H
—HEZ ML, BREE KNS A pE ) R 4ERE— 2L B BRI N SN EAE . Rk, &
i 5= 20l [ AR v AR ARG BRl i B 4ERE 8 N, RS2 1% 2 i S A\ R/ e] BL
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H VXN W E WL £, 87— FEE, aJPLH NX TV B WO SRR M2 E 24
2 AR . X PP, WO SRS R on K B 45 2 i R A . iX B8 One-hot 4ufid (J#
HGni) X+ A B AN T b

x1|; |;
XE I. \ /Q\, S .y]
) /h;: '. yE
- . . ) i WO
| W1 . - )
X @ | v [ fu 0| 1| s "
' i O o ¥
- !
I./ hN./) /I.
we o
WA R (O T = WM e

& 4-24 Word2vec HE& &

£ Skip-Gram &I, FATTGM 7 HAx i H) £ FoCw, (HiE, £ CBOW A, IRATRE
B SCE T H by e iR E IR i ) F) 7R EEE Skip-Gram A1 CBOW:

The dog barked at the mailman.

%] T Skip-Gram, 3 7o G A A i H ia)), 7T LAK R A (dog, the). (dog, barked). (barked, dog)5¥ .

%tF CBOW, i el L& N: ([the, barked], dog). ([dog, at], barked)%%.

K, CBOW B4 AEA 2Xm XD F4ERE, b m R % R/ D i E4EEE . CBOW
I RE SR T I 1] 4-25 Fiow.

WI
HibevaN
i
0V,
. o,
Py vaN / .
VE wWo ; .
EEN*V .
e | Vi
\ [
WI ® Yy
H FEveN
% &
BB B E

& 4-25 CBOW &4t~ EE
] 4-25 1, REZERS AN EARXT N E R R mE ) CEY M E. T CBOW ##Al L
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Skip-Gram A5 R A3 AHALL, PR IGIX L AN PRS0 22 i3z . B i, FAT PR8I TensorFlow K523 CBOW
"k, CBOW ¢S] IFE chd SCFJe ) 4_skip-gram CBOW (improved).ipynb H 4k F].

442 F|F TensorFlow S£I} CBOW E %

H5, ATE KA, XY Skip-Gram #2715 i AR [

AR N JZ

embeddings = tf.Variable (tf.random uniform([vocabulary size,embedding size],
-1.0, 1.0, dtype=tf.float32))
#softmax HIAEHFRE

softmax weights = tf.Variable(tf.truncated normal ([vocabulary size,

embedding size],stddev=1.0 /

math.sqrt (embedding size),dtype=tf.float32))

softmax biases =tf.Variable (tf.zeros([vocabulary size],dtype=tf.float32))

fEiX L, AT ;¥ —AS i mE, AR T BT XHENMIE. Bl IRATRA — A R
[batch size, embeddings size, 2 * context window size]. ZAf&, A PR AEH MLz Z A & E—
i _E A HE S ] ) B AT, MBS HERRE R /Ny [batch_size, embedding size]:

stacked embedings = None
for 1 in range (2*window size):
embedding i1 = tf.nn.embedding lookup (embeddings,train dataset[:,1])
X size,y size = embedding i.get shape().as list()
if stacked embedings 1s None:
stacked embedings = tf.reshape(embedding i, [X size,y size,1l])
else:
stacked embedings
=tf.concat (axis=2,values=[stacked embedings, tf.reshape (embedding i,
[x size,y size,1])])
assert stacked embedings.get shape().as list() [2]==2*window size

mean embeddings = tf.reduce mean (stacked embedings, 2, keepdims=False)

WeJE, 18 Skip-Gram 57— 25 5 A0 K R BRI AL 4% -

loss = tf.reduce mean (

tf.nn.sampled softmax loss (weights=softmax weights,biases=softmax biases,in
puts=mean embeddings,

labels=train labels,num sampled=num sampled,num classes=vocabulary size))

optimizer = tf.train.AdagradOptimizer(1.0) .minimize (loss)

iz1T CBOW M fE, BB RMT GBaER) -
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% 94000 FKERFHMKL: 2.087824

% 96000 FKERFHMA: 2.111227

% 98000 FK EHFIHMA: 2.094030

% 100000 FKEMFHHK: 2.101904

5 that ST EIE which, how, what, heroes, jogaila, pro, acoustics, tazxa,

5 but BEIEKEE: however, although, though, which, patriots, calories,
internationalist, thracian,

5 or TR HE - and, 3,900, solidifying, and/or, fictions, branching, than,
afl-cio,

5 this BT EIE it, monna, 1786, mesons, another, 2.25, aptera,
archaefructus,

5 the HIEIIHEIE: macflecknoe, joaquim, spellings, separator, a, tcb, heikki,
elision,

5 15 LR EaE s ;, s, calabash, arguably, transformative, his, pikes, louis,

5 in TR EE throughout, until, marie, since, axles, outside, during,

three-tiered,

BREER, ROREH, A%, 4TI B TSR ETR.
4.5 Skip-Gram #1 CBOW XiLL

{EJM4H5¢ Word2vee HIMMERLZ 5, I — TIXMAMEERLZ [a] B 2 5 .

451 Skip-Gram 1 CBOW f&BULEX) 434

XREEA 441 FREIA] CAnE 4-26 Brs) e bR SCATH BRiA],  Skip-Gram #57 H SV AE B
AN Fan o A OGrE B bRar] AT_E TR SR BN, 1 CBOW R BN REAR N 5GvE H b A L
N ET A R . i, %615 dog barked at the mailman &, Skip-Gram 7 BN )25 K N G iE 214
["dog","at" X FERIF A th e, 11 CBOW J&iE 2 # NI E[["dog", "barked", "the", "mailman"],"at"]iX
RSN oA BrbL, fEgh e —tEdE+, CBOW #Ik {5 8. £ T Skip-Gram. +% F KAl
TR N IXFh 2 T el 52 e P R VA T RE .

FirCL, MMM R SCIL R R E, JATAIE, CBOW HRAUELS s (I [a] B n] DIIREUE 2 (1)
S8 GaN) , X fE CBOW 78 F e 264 M gEE AR .
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*

| o 0o o 1 o o |
Y
i s b
f-JF'J-thﬁt'-é'r---- Loss (J)
I
| 0.01 0005 002 .. 03
= )

w 0003 002 | V.

‘> Softmaxlt (N, b))

Y i ("barked")

" AE

D

-

"dog” (W)

(a) Skip-Gram & 7!

452 {4

LEIN AT (AR S50, FoAl AR AL 224 T Skip-Gram A1 CBOW o jifi #5154k B As ki 77 4k
FR Rt i, i 4-27 Fos, 5eBARHS 7 I chd /I ) 4 comparison.ipynb A

BAR, BATOTLARIL, BFEEQREHES, CBOW #AU)H5 L Skip-Gram #7 ff) 45128 T
FEREEPRZ . A, MERMMREHEN S, HOGFERAARS AR, KAl R R
& TNgEdE, PRI GER D>, BT DB TR REFRE R 1) 5 A — M aedabs, B ) & 1
Bo N THEIEMRH AR Skip-Gram A1 CBOW #7 7 [a] {4 GETE L, X B AE A SNE HoARZEAT AT

AT A sof tmax ¥ AN ik A B i A PR E gk D 305k
§ Loss(J)
L I
; > Softmax )i
; 4
§ K Al
| N —
: _— N . e
R IN- N I I
N | L ~ |
. \
W(E—E} W{;-n W{i+1] [ W[:‘+2J
(b) CBOW %!
E 4-26  SCERARE
= [H X7 EE AR B 14 gE

BRI EE, Hagfrai Ran s, el L A AT AT ARRS REAT 56
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Skip-Gram5CBOWIR R RY IR KPR BR AT B MIEBMZ LT
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244 e W
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40000 80000
TS (1terations)
B 4-27 #2k F F#: Skip-Gram vs CBOW

®AHEE, 5 Skip-Gram HiLAMEL, CBOW ] LLyj i) 25 5 [Hr N\ 4 oo 20 i35 & B brial i
EETFXHELZER. WLLAS], 5 Skip-Gram #RAHLL, CBOW 25 H itk &Pkl . R
g, SRR AR B A DA AT G, RN FERLS TIEREERE, ik thavidmsl . BAR
A — S HE AT 55 oA R ) B (B, RSREATSS ), AEIRAT TR A B8 ) B A A
e N T EUWHUES A ) B m B, LARE{R Skip-Gram A1 CBOW £E &A1 [A) s i i B iE 2=
S, IXBAEHA] t-Distributed BEHLATE RN (t-SNE) o] AL ARBEAT AR, ¥R 4-28 (i WARHY
EATRHCRED . & 4-28 ., FRATOTLLE B CBOW Xf T-ial () MR T Skip-Gram, o174
G A e AN = ) rh . R, 3RATTOT LI CBOW FEt K b Skip-Gram B H AR, SRiff, Tk
FIXAURE—NREF, NS4RS

Sk ip—-GramiB B EHt-SNESE ARG B R E CBOWE B R t-SNER ARG R AURE
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o & 'I.Ilih ootdoer  few L
eonr fel h"m
hern
it Y .fﬂtwfh .
diring u-u woutl™, *
o SOURETY
W““%‘ - - rnﬂrb-l'.llrm#
,.mld
pogulation bafore %
saveral
y 100, % m':;," s
-
cften, firat mstogh » :
- afta
SR
mch woylhd I -
e = T °m°r
- -; four M tha
- on three
when AR
nerth
vy
T i H m o a0 » 0 = 0

Bl 4-28  Skip-Gram F1 CBOW 3k 75 )] [] & /Y t-SNE A #AL 2R ElR
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453 Skip-Gram 1 CBOW & &I

Hes, fEPERER I T, Skip-Gram Al CBOW Z [a)1& A IR i 2K . 544 Mikolov 25 A /£ 2013
FR WV S Distributed Representations of Words and Phrases and their Compositionality) (Mikolov
3, 2013) FFPETRIERIBFEE, Skip-Gram {Eif AL HRIELF, 1l CBOW (LAJVEAESHRILE
bf. {BJE, fERZHULSH, Skip-Gram BIF-LL CBOW RIVEL, X 5HATRIA 1) RILEIRA L
A

BMAKAEERY, 5 CBOW ML, Skip-Gram i ] T KBE AR, I BAER L (Distributed
Representations of Words and Phrases and their Compositionality) (Mikolov 55, 2013) i X {GloVe:
Global Vectors for Word Representation) (Pennington 55, 2014) W53 | 37 Fr, X B 5 AL
A RERE . BT BRI R EEE R G EC A, BAERE AR N, P LUK
CBOW KILE 4T .

AT BAFHIESE ETRIARIAR, FHRIAMEGE—2 0, FELL T a)IE:

@ [tis anice day
® It is a brilliant day

X+ CBOW, #i AN ol -

[[It, 1s, a, day], nice]

[[It, is, a, day],brilliant]

i Skip-Gram )4 Adar tH oA Wl R Fras:

[It, nice], [is, nice] [a,nice], [day, nice]

[It, brilliant], [is, brilliant], [a, brilliant], [day, brilliant]

A1 B GERS FEF nice A1 brilliant A& P3N A IS G2 5 ) B90] (brilliant BIRFE L) o IX
BEAE 5 S EAA A IR AR N nuances (452 b)) o FATTELE R, X+ CBOW ki, BA 1]
HE ' 2> X F| nice A brilliant A& [F]—ANAF S, A EATTHE SOE @ S I #.10] (It. is. a A day)
FRIR) 435, Bl CBOW MG H P B — R EM S RBEARNSEN 7. X T
Skip-Gram, .1 nice 1 brilliant &5 Tt. is A1 day 73 JF ), iXFF Skip-Gram B 25 i Oy #in] (f]
11 brilliant A1 nice) 2 [] 14052 5 .

XREFR, PR RAR O ANSE, ElgGxes®), FEREHE. cBOW L
Fh g U I e B R TR A BRA FE X (B, Ttis a day P33 30D 5 Skip-Gram 2% 3]
M) A R, Frid Skip-Gram ¥ i 28 254, — B4 7R 2 %R, Skip-Gram 57
HR AT ST CBOW #5 7Y ,
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46 AR ANEERNY B

Mikolov 55 A 7E 2013 4F &R 8 I8 T JUF AT PLdE— 4 mialie A\ 5 ST 5 IA M RE T &,
AR EA B 5] A Skip-Gram, {H'EA 1 ] LAY £ 2] CBOW. tb4t, 1EWFRAT 24 F 2, CBOW
1 _E A aFl R AL T Skip-Gram BELERIHL TS, A4k aEH CBOW Kzl ik A (Word
Embedding) FiLHIT AR

46.1 {FMA Unigram ST

1. HXEICHE

KA 1) AR IR AR YE T —F L {/F Noise-Contrastive Estimation (NCE, Mgixftbfliit) M5
2, JRAIE N T R DR LTS3 — A B SR8 B ) 2 BCEAN 1R @ . L o s R e E )
Hierarchical Softmax % ANA], NCE Sy 508 i AR Y i RLAR pR 2L

H TP, FATHGE, 258k DR )3 A7 KA 0 A2 NI 2 0 A AT KA s R AR 1
Ae<> H 1, Unigram 70 A2 X 0 A dw; i — ol H BL 354

%

count(w;)
Y (jecorpus) count (w;)

IXH, count(wy) i inlw; 7 XA H IR IR EL
EFRATTH — AN TR B 4 FEf# Unigram 734 . HBRELL R )T

U(w;) =

Bob 1s a football fan. He i1s on the school football team.

EIX |, HiA “football” [ Unigram MU0 T -
U ( football ) =2 /26 = 1/13

XA LU, A E) Unigram #2485, (&, EISC TARESH, IXLEeH i
FAEL TS BRI, Bl a #1is 5. XFERE, ERATACIAR, X Prmanse i) i)k 45 32 2
TURAE, SECEAEZE B> 7 fCRFEL2 . Rk, fERAHAR], 7244 A Unigram
O3 AR AT SORFEAE i A R AN A LR 2 (e S, ARG Ak RE . N, FRATRSCHAE T
Unigram H 7 K .

2. SCHIETF Unigram BYTASREE

EiX B, A1 E 28 ] TensorFlow <IN 3T Unigram Ff) 7 1 -

unigrams = [0 for  1in range (vocabulary size) ]
for word,w count in count:

w idx = dictionary[word]
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unigrams|[w idx] = w count*1.0/token count

word count dictionary[w 1dx] = w count

IXH, count & —/NcdAFE, HAEANcdlH (word ID, frequency) Zk%. 1ZEH M H&EA
i ) Unigram B3, IR EAME MR RS HFRFIRR . TR TE N chd LI+
4 comparison.ipynb X Af.

TR, AINME - TIRAGIREE, #EHRNEE N CBOW A

train dataset = tf.placeholder(tf.int32, shape=[batch size,window size*2])

train labels = tf.placeholder(tf.int32, shape=[batch size, 1])

valid dataset = tf.constant(valid examples, dtype=tf.int32)

+ HHRZE.

# embedding, vector for each word in the vocabulary

embeddings = tf.Variable (tf.random uniform([vocabulary size,embedding size],
-1.0, 1.0, dtype=tf.float32))

softmax weights =tf.Variable(tf.truncated normal ([vocabulary size,
embedding size], stddev=1.0 / math.sqgrt (embedding size), dtype=tf.float32))

softmax biases =tf.Variable(tf.zeros([vocabulary size], dtype=tf.float3Z))

stacked embedings = None

for i in range(Z2*window size):
embedding 1 = tf.nn.embedding lookup (embeddings,tralin dataset[:,i])
X size,y size = embedding i.get shape().as 1list()
if stacked embedings 1s None:
stacked embedings =tf.reshape (embedding i, [x size,y size,1])

else:

stacked embedings =tf.concat (axis=2,values=[stacked embedings,tf.
reshape (embedding i, [x size,y size,1])])

mean embeddings = tf.reduce mean (stacked embedings, 2, keepdims=False)

Tk, AT IET Unigram 70 Axf AUEEGIBEAT KRR . ik, FATTKEE A TensorFlow KA &
PR AL tf.nn fixed unigram candidate sampler:

candidate sampler = tf.nn.fixed unigram candidate sampler (true classes =
tf.cast(train labels,dtype=tf.inte4),num true = 1, num sampled =
num sampled,unique = True,range max = vocabulary size,
distortion=0.75,num reserved ids=0, nigrams=unigrams,
name='unigram sampler')
loss = tf.reduce mean(tf.nn.sampled softmax loss(weights=softmax weights,
biases=softmax biases, inputs=mean embeddings,
labels=train labels, num sampled=num sampled,
num classes=vocabulary size,

sampled values=candidate sampler))
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MY, AR LT ESPAT LT P IR:

(1) EXEE HAMFAESE

(2) XMF&EtEdE, SFLLMEM:

o it HIR LT H v/ %ki7legiE e e K-F ¥Rt B -F M8 e 2464,
e i i RAFIT AR K, ARIE Unigram 5-A SEAT RAE.

® A I FAHAR B T [ERALAY 2 P 2%

462 PEXRK

1. HREICHE

ESTRE, AL TR TR LR T RBE, ML FRREZ 5, SUEA SR B R A SR I SR04 2
H LB E AR GRA & — R E M0, BIIA%) . EXCE b, KRB 2 TR P s i

( ) F'

Hep, 2 —MNERSE, —RICN100), BT Z0E 105 R RE . f(w;) w1
iR LA . XA FO R TR R (I,  “the” “a” “of” “. 7 ALY, 7)) WSNE,
AT FEEL PR B o £ T

RIS FOR P, X PP KA R T LA S 35 42 s i i) 1] [v) B BT VA S

2. PERAFSLHE

¢ SRR RO ST S IS 97 B e — BRI R 4), iet ARIIRITE B AR FF B 15 51
i, FEAEFIXANHE FFR S ST R, SeRAS W chd LI 4_comparison.ipynb U1

4.6.3 CBOW FnHEHI RABILLER

X+ CBOW. Z+ unigram KA [H) CBOW (Unigram) - Z&F Unigram KA FFE AT )
CBOW HIXfLE, ditACREHUATARIE 4-29 Froasmgs B, AT AT LG 215 A AR 384 i,
BRI R R BN R . SERACHD W ch4 SCHF IR 4_comparison.ipynb SC4.

W ER, ATEIM— IS : 2T Unigram FCRFEAFEXAFER CBOW 531 4H Unigram
TURFER) CBOW ML, BEFIEAQREIIN, Fk kB2t 283 A —5., ARii, Lhrb, X
AN LZAE R AN B KAFAE 22 2] M B e /) Bk = AR 3 . 2 Fr DA IX PR RS OL IR, R A S R
8, BNERHE TEZ2 MW CBERERD s xXAnmEM T GREBREMS) - 280,
X1 St ok S B 2T IR B B I HR TR S N, PRUONAE BRI i s B, 6w E A VLS
it BRI R ELE B, masf S E S, XML EEIRD.
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[ 95 CBOW S 2 2L e izt CBOWR Y BY 353 K Pifi 4 B (8] Y HERS T & £ RO T 1L

et N CBOW

325 - - ~ CBOW (Unigram)

300 - . ——— CBOW (Unigram+Subsamp|ing)
27
o0&

2 50 4

2254

200 4

60000 80000 100000

40000
R E (1terations)

& 4-29 JR45 CBOW EEHAT BARR AR K2

4.7 Z5t{L Skip-Gram FELE MREY

Word2vee FARLEFRIIAE O HAFF 3R, A EAPFHERA RS G, efAREET
SCin) A H Fgin) 22 1] (R, (E & an 2R bR SRl 2 H i, A2 HOwt bR B ] B B2 2 5N TR
AT B HRAE B SO BOMORE AN FA P E AL B BOR . Word2vee [ ) — MR & EAETHE ]
) B L S g v 1l A Bl — AR MR ' 1, AR, SEPR b, BOZE REEEEANE R B 3L [F] I
i (5 SR R A E R A . R, AT BT —FAR, e AT A F 6 1) £ RS0, bnrel
SEREEVEI PSRN S

471 531k Skip-Gram &%

SEHT R ) Skip-Gram BV K L g AR 2 1 45 5€ b SChia] Al . Bea)iiil, bRk
Skip-Gram SR TCiEM ] B SO R AER AL &, i X BERI S AL FRZs e B SO R B AT Rl i,
EFRATTZ & — )1

The dog barked at the mailman.

A 175 RE H #rid] barked, AP barked iX /™ iA] 1) _EF Sk A “the™dog ™ at” #l1“the”“mailman”. &
TR 5 N EHE 5 (“barked”, “the”) . (“barked”, “dog”) . (“barked”, “at”) . (“barked”,
“the”) 1 (“barked”, “mailman”) , JLrFIuAIfZE oA, 2 oo %,
WA ek H XA ES N8 5 (“barked”, “the”) Al (“barked”, “dog”) , knifE Skip-Gram
BRI R R R X AN ol . #ra)ihi0i, Skip-Gram 2% 1 bR SOl ) SR &,
MMIE S FRAERE, 1t (“barked”, “dog”) WARLL (“barked”, “the”) WEHEHELHIEE. %
K, SR Skip-Gram F VKA XA RS . bR BAAEF — T

P 4-30 s, SEFIAERY Skip-Gram SEAE 1R 1 1) 248 F e il v b T brifE Skip-Gram 57558
1] Hy PR 1] 1] 22
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1l e R Sof tmax AR T #0igt A= i A PR B2 k2D fin

P

& 4-30  45#4b ) Skip-Gram

mE 4-30 Prow, 258946 Skip-Gram 7EARACHEARICRE 1 F F SO g5 i sl At b frp g =, B2
T BB ZHNAATNE, RNASHNIEESH O R NEEE LR, B4R, B Skip-Gram #5275
HIE RN m CHERE—ME R EE) , W bR Skip-Gram #RULE softmax 26 P NESH, S
2 45¥346 Skip-Gram # BV A 2mP NZ4, ABRNHE LR R D SN B E T —4H P
ZH.
KR REL, bR Skip-Gram B8 1) 57K AE softmax 4 26 B £ W0 T P :
i+m

0=~ (gg) > taao i)

[=m+1 j£ij=i—-m

k
+ Z E(wq—vocabutary—wi,wj) log (J (—lﬂgifp (xn)(wq)))

q=1

i) 45 #494k, Skip-Gram {8 1 PL 46 5% e 8L

om N-m  i+m

k
+ Z E(wq—vucabutary—wi,wj) log (J (_lggitp (xn)(wq)))
g=1

X, S p A softmax BLEAEAS N Fw, 7 B 2 5] ) softmax fﬁ%ﬂ%ﬁﬁlngitp(xn)(wﬂn
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SCRESEIACHY, N33 chd A JeH ) 4 word2vec extended.ipynb S
B G, AR S A o5 LA

train dataset = tf.placeholder(tf.int32, shape=[batch size])
train labels = [tf.placeholder(tf.int32, shape=[batch size, 1]) for in

range (2*window size) ]

PRI TRAT TR I ZRE A RIBR S AL I 46 5E SO S0 2% -

+ HRRE
embeddings = tf.Variable (
tf.random uniform([vocabulary size, embedding size],-1.0, 1.0))
softmax weights = [tf.Variable(tf.truncated normal ( [vocabulary size,
embedding size],stddev=0.5 / math.sqrt (embedding size))) for in

range (2*window size) ]

softmax biases =[tf.Variable(tf.random uniform([vocabulary size],0.0,0.01))
for 1in range(2*window size) ]
# FHRAERY

embed = tf.nn.embedding lookup (embeddings, train dataset)
# Compute the softmax loss, using a sample of the negative labels each time.

loss = tf.reduce sum/(

[

tf.reduce mean(tf.nn.sampled softmax loss(weights=softmax weights[wi],
bilases=softmax biases[wl], Inputs=embed, labels=train labels[wi],
num sampled=num sampled, num classes=vocabulary size))
for wi in range(window size*2)
]
)

45 ¥4k Skip-Gram fi# R | brifE Skip-Gram SV — > EZ IR, BIFES )R RS B R 3]
MO X 5 AN — L) softmax ALEAG AU b B SCREAN Al 67 B 1) 22 R SEBLHY, XK
Bh AR B, (BRI ZE RN # K E L RAAFE0 . & TR, FNEERS CBOW
BRI T R

472 EEFHOER

ST A7 (Continuous Window Model) #2251 45 #4948 Skip-Gram 7! [fii 4 Ji& tH i¥) CBOW
A, 7ElGE CBOW HikH, 7ifkén softmax JZ 2 81, KFPrA b a4k 2 i i) ST F 340
RbFR, EESL R DB, AEXTin) [m &2 F ), MR el gk, Mimr=4 m XD K
&g, i D, i CBOW HiL 5450 M & K/ (Embedding Size) . & 4-31 45 TS H [
PR EE 1 .
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lﬁﬂﬂﬁ‘ltsnf tmax ¥ T i A B e AR B3t gk /b fii ok

Loss(J)

W,

5 ?

: Softmax J;
mgmg = w1
[\ E ; i :
= N

T
“@ 2] [“ﬂ 1 ‘Vﬁul “ﬂnm

F4-31 EEHORENENRER

EARTTH, FATHE T FRY ER) Skip-Gram fll CBOW Hik, XPiFhAAREA FFIH T EF
AL E, AR FSEE e E LT CRBIrA R TR, ALK — M E B
——GloVe(Global Vectors Representation, 4= &[] 5 & 7~ AL, A 14+ F 2 GloVe %/l | Skip-Gram
1 CBOW [# 47 H) R L PR o

4.8 GloVe #&=#lY

K5 2] ) B RN, X B PR R 1] O4 R HE R iR 7 1% Wi AEE Lo (LSAD
(Deerwester 5§, 1990); @&l _E N & [, W Skip-Gram A1 CBOW #&%! (Mikolov %%, 2013 ).
Hi&, H HUE%%@*%@%%% WA, Fl, RE LSA IXFER pikaea 2utd g E S, |
CAEFZE AR S BRI S, X3RRI e 1R ) & 73 [a) 4544 . Skip-Gram iXFFHY /77X

] BEfE R ERIVELE, (HENHER &R EN S HE B ERIIEAL, RAENTZELEST BT
IR SCE D HIIZRR, A ETE A R EEL (Co-Occurrence) THE EIIZRA . GloVe B & 78
3 BEA R FH X A S ek ——— o 2R 4 /B B EE Gt Bl 10 5 vk, R DL B R SCE Ay
AL SIS, 224l Skip-Gram 2, CBOW.

T GloVe #AM 5, HEZHWAKEZTHENER R, DEESDMEZ R R EE
2 bR 55 15 R P BE SOMERAE B @ fm A SR 4 e am] ) & . SEI7 V508 B Au R TG
RLEE AR ) SLBUERE, ARG 3T LR RE AT GloVe AR 7 AL FH % 3] i ) & .

ML K% Vineet John T~ 2017 4F 4 HEEE 1) — R 18 X (4 Survey of Neural Network Techniques
for Feature Extraction from Text) W4Ett, (LRI [A]H 5 R A0 Al Bt 5o e 1L 2 5 %
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AR E] (Probe Word) 2 a1 () LUBIRAR G, HLia] ) B 5 2] 1 & FE Bz SEIUBER B EL A, i
FEMERA S . AN AT UK X R I SR s LA I A

P..

(ik)

F((w; —wj)'wy) = P
J

481 LINFEFE

WALIERE A X, ;ijtﬁ;f‘%j’lﬂ}f(i,j)a
X H, X(;;);T_Tﬁﬂ_ﬁji\'lﬁ*LEF chin] § Aia] ;3L R] Y BLAE — A R B IR
R0 B A

The dog barked at the mailman.

XA RS ERE, ZEREL S 5 N8 the. dog. barked. at. mailman.
& SCERAME /)y window size N 2, NIEEANEH % E (KN A 2*window size+ 1 =5, Jf
2B T LAgn B N5 A 5 Mgt & 1, BARWIER 4-1 Fros.

*x4-1 HOREROLSWGIHED

BOMRS 7] BORS

0 the the dog barked

1 dog the dog barked at

2 barked the dog barked at the

3 at dog barked at the mailman
4 the barked at the mailman

5 mailman at the mailman

2 B8 B Hh 3] B U RAE 2270 2 AN (s i, IAE BAFRACRD Dy at B 2801, 1B SR
dog barked at the mailman, %%~ i J7 — R BPnf 45 2 3L UE % X, WF:

(at,dog) =1
+=1

(at,barked) -

X{a t,the) =1

X +=1

(at,mailman)

482 {EH GloVe &85 [E) =

AR ¥ i="dog"# j="cat", HZ5th— R k, AW LLE Py i 1 Fn] k £E— & H I
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IRER, Py inl j Al k e BRI . 1K, X T k="bark", EIRAIHES i —REH L, KRbP, &
Rims 28, kAR ) BN SECP,. Fit, T8
Pir/Pi2> 1
iR k ="whiz", BEAKTEEHINAE 1 BT, K EEIKP,: HHT k5 j mEMAER,
R, FER R . BTLL, XL T 4R
Py /Pj= 0
AR k="pet", MWELH i MjHARBAIKR, B k="lawyer", i Hlj W& H G &/HIAE
KA, FATTAT PAFT 2
Py /Py= 1
I FAT A5 0, d e G AR AR ST A 1] () B AT PATE SR BRI Pa Pao  ETI AT LA
G FHHERE 1HRR, BREMTUEREZAFK RG] FEL, P / Peslaloy e 21 1A & K
BEJL, Tz Bl R R E:

P

(ik)

F((w; —w))'wy) = ﬁ
]

zZed— RIS, BRAEREZ GBI KR

Vv
J Z f(Xij) W] W, + b; + b, — logX;;)?
=1

RKTIXRRFETERE, BOGEBREE ] LLEE Jeffrey 5 AR (GloVe: Global Vectors for
Word Representation) , HIAIZ5H [ iFAIRHESEIE. THIRNTEF GloVe B SLHL .

483 GloVe #&ERISCIY

XA B e ARSI chd SCAFJe 1 4 glove.ipynb XA
o, AT e S A -

train dataset = tf.placeholder (tf.int32,

shape=[batch size],name='tralin dataset')
train labels = tf.placeholder(tf.int32,

shape=[batch size],name="'train labels')

R, AR E XD ARBERBRANE: — DT AR AE, 55— T EkmEhE. 5
b, AR e Gl Bk 2=, B IRATTRT softmax J= i 22—

in embeddings = tf.Variable(tf.random uniform([vocabulary size,
embedding size], -1.0, 1.0), name='embeddings')

in bias embeddings = tf.Variable(tf.random uniform([vocabulary size],
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0.0,0.01, dtype=tf.float32), name='embeddings bias')

out embeddings = tf.Variable(tf.random uniform([vocabulary size,
embedding size], -1.0, 1.0), name='embeddings')

out bilas embeddings = tf.Variable(tf.random uniform([vocabulary size],

0.0,0.01, dtype=tf.float32), name='embeddings bias')

IAE, FRATRE AR es s dm Al Ada th in] CRRAE) R ) 3] ] &

embed IiIn = tf.nn.embedding lookup (in embeddings, train dataset)

embed out = tf.nn.embedding lookup (out embeddings, train labels)

embed bias in = tf.nn.embedding lookup(in bias embeddings, train dataset)
embed bias out = tf.nn.embedding lookup (out bias embeddings, train labels)

AL, AV KRR E T E X f (X)) (weights x) FIX;; (x 1) KSR

weights x = tf.placeholder (tf.float32, shape=[batch size],name='weights x')
X 1] = tf.placeholder(tf.float32, shape=[batch size], name='x 1j'")

B e, AT E e 1R R EL W Pok:

loss = tf.reduce mean(weights x * (tf.reduce sum(embed in*embed out,axis=1) +

embed bias in + embed bias out — tf.log(epsilon+x ij)) **2)

EATTH, AT TR AR 55— D EEEOR: GloVe 1275, GloVe fHXT T 2 Hi ) Word2vec
EAR, FEMAREFEREERENSRMRTSS>], DMEERAMS WM E. HT GloVe
eI KA S M2 RE S, FIEMEESREEF MR, TS BB R/ .
54k, 5 Word2vee £iRAA], GloVe AT {An kel (), ] F7URAER) Word2vee) , 1M/
THE SR R, XX TR R 0 % R B R AL = B I

4.9 {EFH Word2Vec #7343

JAE Word2vece $24E | — & JUHER) J7 72K 57 21l U 3o, IEW3RAT17E € & B B H) (3%
RAE) AEME EFBIE (-SNE WHRAN) , UNHAT % 21 10 R H A 2 DL B 7E IR S 57 ia] [ &
PN BE /7. HsE, iR A (Word Embedding) T4 T2 LAFAE S HIRSFIER 2z, 51 &
BbRR A AN LA B . SR, IXEAESS P R IBM A S (FInEEHEmM s (CNN)
FIKRIWHEZ (LSTM) #RERFAS LSTM B o JX Bl 7E SR A 3 15 kit .y 7 BRI
M SE bRl 7%, 31X B A FH — RO T ) LAR RS — 3O 2k

RS E NLP R E SO IMES 2 — SR 2B TR E SR EA AN mAEw A,
il g R et s AR AR . PR, A R A 5 2T 3R] ) B G0 eT 28 RN A SCRY I AN I ] K
i Bt PSS, B s SORY 43 A 2 it .

AATHIACHS I chd ¥ H ) 4 document embedding.ipynb 44
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AT

491 RS

AT S, AR AR B —H AR, IXEERE BBC B L&, AR RFIH T
BN CHHBE TR R —: 'k SRR, BUA. HmESEA. BOMEMASENENFHT 250
SCHRY, RN B R/ N 25000 4. EAE, AN SRS FH<SCRY SR> - <id>brid o, DAME T Rl 4L .
i, 85 RIS EIE 50 AN ORI % R A entertainment-50. N AiZiE B RS, SEESZERI Y
RESCAIEREM L, X2 — AN EW/DRBERE. R, HEGXAS /M7 2 LLE Bia 18 B i Re %
LA . o

LT oK H SEBREE i LA a1 R B :

Business

Japan narrowly escapes recession

Japan's economy teetered on the brink of a technical recession in the three months
to September, figures show.

Revised figures indicated growth of just 0.1% — and a similar—-sized contraction
in the previous guarter. On an annual basis, the data suggests annual growth of
Just 0.2%,...

Technology

UK net users leading TV downloads

British TV viewers lead the trend of illegally downloading US shows from the
net, according to research.

New episodes of 24, Desperate Housewlives and Six Feet Under, appear on the web
hours after they are shown in the US, said a report. Web tracking company Envisional
sald 18% of downloaders were from within the UK and that downloads of TV programmers

had increased by 150% in the last year.-

492 (EREEIEXCE#H#FITHE

X R, FATEF W Skip-Gram 5, CBOW 2 FEia] iR A\ J7 7202 75 0] LAY 8 21 S0 73 R
REMHH. HT CBOW RHik Ok A7 H /& 45 LU Skip-Gram RINE L7, [Fih, iX
B cBOW &k,

(1) M SCA SO R BRI -2 =) 1] m) & .

(2) MEgilgrad i SCR S I — A Ba AL SR .

(3) ¥ 30 ) B LUK NI B2 3% e i S0k . B B A, AT @R B8 T SR A r P
A 18] 7] & P IME R 3R SO

(4) i t-SNE nf AL E AR B et m &,  BLAYE ia] ) B 15 ) - SO R R e 728

(5) HJa, nLMdE I K-means 2 FS R RE R AN R BCRR 2

1. Z3 1A=

Hoe, FATR NINGESE INgbeds. WiEEdE O FiiEimmE) mihSEdE O it E
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SR R M D E A S LA

# Input data.
train dataset = tf.placeholder(tf.int32,shape=[batch size, 2*window size])

train labels = tf.placeholder(tf.int32, shape=[batch size, 1])
valid dataset = tf.constant(valid examples, dtype=tf.int32)
test labels = tf.placeholder(tf.int32, shape=[batch size],

name="'test dataset')
R, AT NIRNCR . softmax A EAE A 72 2 3] [l 828 & (T iH S SO 1-F 3
)

embeddings = tf.Variable (tf.random uniform([vocabulary size,embedding size],

-1.0, 1.0, dtype=tf.float32))

softmax weights = tf.Variable(

tf.truncated normal ([vocabulary size, embedding size],

stddev=1.0 / math.sgrt (embedding size), dtype=tf.float32))

softmax biases = tf.Variable(tf.zeros([vocabulary size], dtype=tf.float32))

SR G & UK FER) 71 softmax 45 2R PR

loss = tf.reduce mean(tf.nn.sampled softmax loss (weights=softmax weights,

biases=softmax biases, inputs=mean embeddings,

labels=train labels, num sampled=num sampled,num classes=vocabulary size))

2. 1EERANESAEERA

AT IR ARG RAF A SCAS RN, JRATPRE— AN SR A AT ] 1) B~ S AR A iz SRS )
X FIRATIR o AL FRAR SR B R . i, FeA )i Z oS B N NASRIE B H /Y

RSO, AT BL R R AE:

(1) eldHdEE, LR fE)Em T O .

(2) X ABHEE P REFER R /MR, 3@ /Mt B i [ RS 2R Bl 2y ) B

(3) b & B ik SO 3 I~ 24 /Nt ) B SRR I SRS 1)

AR A2 B m B F .

mean batch embedding = tf.reduce mean(tf.nn.embedding lookup (embeddings,

test labels), axis=0)
mean embeddings = tf.reduce mean (stacked embeddings, 2,keepdims=False)

A, PATTRAL SCRS o B A LR AR 51 22 R g B0 01 22 ) i, R 3K S 8y i) B A Dy SO [
I e RIS [) B —Rp AR o] SR AN 9R KR VA, P E 2.
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3. SASEIERISEERZEH] t-SNE Bt

e 4-32 H, FATXN CBOW Bk 2 B selml &3t 4T 7 nl 4k, nTCUE BhWZE LA B
A - R ) SO 5 T R IAANES o (B anIRAT 2 BT e IR, 78 BAS A e B SO0 SO AT 40
/R, IXPhTa] B 1 7 3 R B A — R AR A R0

4. INEREE

M 4-32 aTULEH, AR EP SR IRIA 2, sport-130 A1 sport-50 5 J& 20 WITH M,
T HIRANT T XS A E#AITEE 08, DEA IR A X P S 5 A

I t-SNEFZ AR 3 ST #R N 34T AT 41 {L AL 72

0 mturtalnmunt-lﬂi
entertai nnent—132

entertainment—8
entertai rlnant-'.Fg

entertainment—1 EI§

10 bus iness—1 Eg
mtertalmnt-ﬁg

biis iness—-1
2 entertainment-11

entert iment-ED‘iibumnass-Mﬂ business—71
entertalmnt—EEI

pol '|1:||:5'l5§ mslnﬂﬁﬁ_u‘imnss,ﬁg

pol |t|cs'4§ W||t|c5-1U§

hjsmass-l]'g pol lt|c5—3§

p-::-lrtms-ll pu||t|csﬂlg

bus i nuss"l':'li.
mtertaimnt-lﬁl ool ltlcﬁ—lE‘l bu |mss—1ﬂi

101 mhtms-;: Nlitlcs-?ﬁ

sport=2
sport—lﬂﬂ pol |t|:5—14§ tech-151 tech=101

tech=125
spoft-130 sport-0¢ — tech-177
sport=1 Di e

sport-182 sport-34 tech-44  tech218

20

tech-241 tech-117
sport—1 ‘.-‘g

spor t‘3l tech-103

% busi nass—3l

spor t-?I

10 0 10 2 0 a0

B 4-32 CRYEER SR R R R H t-SNE AJ 414k
PLF S sport-130 SCAY ) X

sport—-130

Welir poised for Sunderland move

Larne's teenage star Robbie Weir is polsed to jJoln Sunderland after turning down
a move to Stoke City.

The 17-year-old Irish League midfielder was also being chased by Rangers and
Fulham, but Mick McCarthy's side appear to have won the race. But Larne boss Jimmy

McGeough has yet to confirm that Welr is on his way from Inver Park. "I heard on
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Sunday that he has joined Sunderland, but not from the lad himself, " he said. " "Robbie

has an agreement with Larne that he can negotiate with interested clubs.

A SO B e R R 22 B0 H g R 1 2 H RO BE S 2 A 52 e, AN 2R AR Sport 3¢
PR AE R B AR RR E LR .
UL R & sport-50 SCRS Y 7 B

IAAF awaits Greek pair's response

Kostas Kenteris and Katerina Thanou are yet to respond to doping charges from
the International Association of Athletics Federations (IAAF).

The Greek palir were charged after missing a series of routine drugs tests 1in
Tel Aviv, Chicago and Athens. They have until midnight on 16 December and an IAAF
spokesman said: "We're sure their responses are on their way." If they do not respond
or thelir explanations are rejected, they will be provisionally banned from

competition. They will then face a hearing in front of the Greek Federation,-

FATT0] LA B -4 sport-50 it 3 HAh S5A FAE G R R LA — . ikFAFMEE H—
F21T sport-50 {44, Ef Entertainment-1135:

Entertainment-115

Rapper Snoop Dogg sued for 'rape'

US rapper Snoop Dogg has been sued for $25m (£13m) by a make-up artist who
claimed he and his entourage drugged and raped her two years ago.

The woman said she was assaulted after a recording of the Jimmy Kimmel Live TV
show on the ABC network in 2003. The rapper's spokesman said the allegations
were "untrue" and the woman was "misusing the legal system as a means of
extracting financial gain". ABC said the claims had "no merit". The star has

not been charged by police.

R, 2 X H) SO 5 & AR SR B AREIR R A K, A SR FER R A K. XE1 3R
G 125 o Ath SR B 44 B SRR SR SCRS HEAT IR 3K

5. {#F K-means X178/

FIHE AL, RATCLGEW BEMHAS & SCRS TS L, (HE XA, ROVWERE 1000 2430k
i REr R, I LAY 1000 R, B BLFRATT 75 22 5 H a0 B 5 iR SE X — H .

FAT 1T LLAE ] K-means KEERIXEE WY,  K-means & —FPE (O INRESR R ROEAR, HTHRIE
Edm ARG B o e (R, DRI SR IR B A T~ [ — 4, ASREIRIEEE R AL T AN F Y
A, K-means 1) L/F 7 :W1F:

(D) XK, BIERARENEE. BRI EENS, Raa 5 PR

(2) JER K ANBHLUR LY, ENERERIH L.

(3) R g Bl W ERR L
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() KA EEE R BCa ARG, JATR ST AR R TG (AR S B EED
(5) Phxmprsde s, B3 iz sh 85 /N TEABE.

iX BAH ] scikit-learn FF R 3RS K-means 5H.ik. S, WFFrs:

kmeans = KMeans (n clusters=5, random state=43e43, max iter=10000,n init=100,

algorithm='elkan')

BRI ZEUE 0 clusters, &2 FRATEEIL ) R E L wT DA HAE ZECREEEA]
STPERERISZ R . A RIES TR, 1§15 . http:/scikit-learn.org/stable/modules/generated/sklearn.
cluster. KMeans.html.

e, RTINSO BB B AR, AT IRIGE 42 A A

BRI HAGTEE, (B2 DARL ks & T AN RS0 1 SCRS 73 2R BA R AR %

*4-2 REHAR

e T L
['business-179', 'entertainment-167", "politics-5', 'sport-200', 'sport-93', 'sport-105',
’ 'sport-31", 'sport-173', 'sport-130', 'sport-34", 'sport-182', 'sport-100']
['entertainment-79', 'entertainment-88', 'entertainment-105', 'entertainment-59',
! 'entertainment-139', 'entertainment-227', 'entertainment-126']
['politics-10', 'politics-78', 'tech-177', 'tech-117'. 'tech-101', 'tech-125', 'tech-44",
? 'tech-103', 'tech-216', 'tech-195', 'tech-241", 'tech-151']
['business-71', 'business-111', 'business-104', 'business-31', 'business-150',
'business-149'., 'business-197'. 'business-120', 'business-79'. 'entertainment-205',
’ 'entertainment-115',  'politics-143'.  'politics-121', 'politics-41'.  'politics-85',
'‘politics-46', 'politics-108', 'politics-156']
4 ['sport-77']

493 I

EATT, AT 7 Wkl R AT e B 0r 28R Bk, 3] ViR . A5, K
17308 T 0 2 SR A 3k 2 B B A ] ) B AT AR B SO R R 43, FRATIE ] SR ) Bk 2
KRR/ TXEEK) BBC Hrim X &E: /R, B BUG. BWAEE. X R MTREZ G,
FANVE B A HHREE, R T RSO R . (B, X+ —2R% 3, &
fIE T VXS AN EZ G, KX 5 A £ R 2 5 R
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410 Rz

ey =H

EARTEH, FATFF 7 Word Embedding [ JLFI B ZA R : Word2vec (Skip-Gram. CBOW)
M GloVe #7Y, Xt)54f Skip-Gram. %! Skip-Gram. Ji4i CBOW. A CBOW 252 ] {14
HEZ il TP EG ot R T T ERER, FRATME 7R AT ) = 4En] ML £ R t-SNE.

WIE, FATNAE T Wordevee FILH LAY RE, DR ItERE, A2 L4137 Skip-Gram
1 CBOW 8318 5% . 254346 Skip-Gram 18 i3 fEALAL BATRI R B R SR 4 B k3 J# Skip-Gram
ik, RVFREEE T e 22 8l 1 B kA 2R 4 A\ da]-4a ] o AR RS9 @t T LA+ CBOW &k,
X R TSR N EL.

ROk, BATHE T8 MR N33R GloVe #75Y. GloVe it ¥4 /4 it £ & 5+ 2
AL, E4971H Word2vee BLHE#E—22, Mififem 1 HEE.

B o, FRATTHE T AE A ) B - SR R R SE R R, R EA A B AR R SRR, HH AR VFIR
PR ARG SORS & BR M SR AR/ — ..

EF—&EH, AT RESINARRE L ———BRHENZE (CNN) , FH¥ kA
fa[{d ] CNN KA H &) 723 [l 5 fa 0 e AT 170 25



HIRRZ M 5 7)F 772K

fEAE G, TATENB— AR E NG —HERMZN% (CNN) , R4 TR
5 S, B —RIRERT N LML, Byl Ao BRI S5 w80 s rh 1, DA R
14 BCHE T Ah PR P SR R 3B Hh BT 2 (AR AF 4RI . ONN B 4l “FRe . el S m Ay HA A2,
AIRBERZACEE ST, X — 5 SIFT S HIERNL, B bUE A AR AL R AN AR Bl [a) A48 i N e
2% (SIANN) . ifif CNN f KPR s R E[E L E L5, 0T LARIR B #0228 N 28 B 250
Hoa, Pk, RN PRK T #E MR E FR B, Xk, TRATESH T IR AT I 25
WP e R I E £ B XA O NFGRH . BAR CNN &3 28 R S A S w1, (H2E
EEAE BRI, PR, H#EEF RGN HZGE S A S ISR Z RN

EARTEH, FAIEXT CNN FIR R AR REAEHE R ., FAF BT VR4l ff e,
B, AT 4 K5 WS GRS RS 2R AR, BREBRNSSEN NN HEG: +5
B iR BN T B & R 245 1) A1) 77 2K

51 JANIBRERHZER L

511 HEHAMNEEIFEET

LR 2R P 2% (1 FE A e YR T AR 2% 5K Sherrington B R H RS2 BFRE S (Receptive Field,
{Observations on the scratch -reflex in the spinal dog) , H— X H N 1906 4F 3 H 13 H).
Sherrington( 1906 ) 7 (XA FARTE ik 52 B "R 4iiik v] LLEEA 5 K b 5| 2RI IR S5 ) B2 K [X 35 . Hartline
T 1938 FHZAE N T BAME . L TS HE4L, Hubel Al Wiesel Xf 52 Jii A= # 2 F]
VIR B AZUX A, 1R 7RIS ARG R B A RS B AL R Gt
A2 R 2 e A\ B B - 38 s SX R 2K, T LA /) i ] B2 ) S sz BT, TR RGOK T 5 2 (1) S 32 B
J& RIS G R VR R G — N E IR A 52 2K A B S 2 R S S2 e, A 1 X A
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HE P EHR CRAY4ERARD o L ))\HEAR, HAFSZK Kunihiko Fukushima 21 1
22 AL (Neocognitron) HIMEE, #IA ARG SCILR RP))E A . Ryl s
226, B S-cell #1 C-cell. iXH S-cells I THAEFREL, A N ILAE F RGN E 25 g E (1
WS GRZ) #1E:  C-cell HITHUEAE, XMIAERIBOERE R ERAE .

IEWERT, — DGR R ZANEREAR, MENEREXS#H T — R250#EE, BE
LI

(1) J8id 2 A I E A 2 JR U FER ) Rl el XM — G ) — 4
B —4eEE.

(2) XFF (1) P IER G B4t 45 Rt T E R BoE R Ut # . B AT, ReLU %L &
AT PR 2 18 P pR 2

(3) Xt (2) HEEEREUE LS R A TILEE (BEREE) o BUE 2 20U F BRI 4k
Or B B 2 2 HUSFAIE,  FRRTHE B R M AR 25 AL e T

GRPZE P 25 1) & e A2 W ] 5-1 Prs. R TGN E LS 1) P SRR g i, X FUiAMod %
RIRTE 1 o

R £ IR

VGG16 »  VGG19 » MSRANet

PR AL, ISR ER
I, InEdTat

MEBETRRTIRE

MG RS BRMES

EE%’ ;rmnumua#uzlmﬁ
W mEFIThEE 2T
'“E;Wz H;gm. STNet CNN + RNN/LSTM

B 5-1 BHRMEME K REREE
512 HFHHZEWELEHE R

B, A NBERERD| AR R, XEEHEAMAE EEs)— AN EE (GBS
R Mt i€4s) , B S RIRIER 7 74— Math . SRUE A ZGER A D> BEAEENGE
B BRI — /MBI RN, X S AR EEE AR AT E X LA E AR AR S (i, PR
HIE FEA S R TR =, T CNN GRS R, AR S ZR4EE g shix A
NBUCEAG SR A RS AR E A DM~ ), 2] IS RGPS SR, W 5-2 Fros. g
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BT R A A P S H A R R R, IR A Bl RS XAAE, [z, U RIXAAE. Ja
M=z HBCr R 28, JATE LU, @l %isRBZ)E, &EHES T —PHEE, &8
BT DA JRe 30 H iy i i S O R i) PR SR e R EFi v B R L, Wl 5-2 P

Patches of Convolution
Image Filters

=0

ll]"Fi\l

= Smaller Value > 0 110

ada

= Large Value >> 0

Actual Image

B 52 GHREEEERG ERRER

BAh, AR T B A TR IR A e R, ISREMBEE TR RIAEIE . 43R
IHEAF HEAEBRAEIS, RREINE ONN B M0f5 8, M ELATBIE ONN R B RAETHAL, M
AP AB B (00— R IE M. TSN B (R) 5 BRVF 5 RN SRR
PR TR, ARG T . 7ER 53 o, RIS YT FLIZ AL CNN S
LTS

HESY , I . [ 1]
U\ 1lo] | [ |
1 S ld Y _¥
(- | 10 e 10)
Actual Image Convolution Output Max Pool Output

| Actual Image
(translated on y axis)

& 5-3 WAL ER{EH B ONN T AT &

Convolution Qutput Max Pool Output

fEPE 5-3 o1, FA1G SR AR EHUEANAE » Bl g ReF R R R . XA EIGEE EREE M, ]
LA 2E 10 HIAEAG BV Fh RS A [ A7 L (B A5 B R A CHRCERR AR 26 5 B A ) e KD
Ja, AT LLE B SR A AR RISt o A e s VRGN I B S .

mJa, EHRSEARI R e RE, Rk R G R R B R 702 /8] 3
= (Bl a) /B3 o IEFRELT, SEEEAE T ONN REESBHKET T, mERE
WA —/NEAREE. ARMFTAKRIN, SHEERZER CNN WEE2EZER CNN fEMEGE &
USELT o iX AT e RN ERUZE T RSN a2 2] 17 B2 0 R aE, M4 = e At 1 5T anfe]
R X L8 JR B AE AL — ke DA AR PO ) s & a1 R R 1 5-4 SBon 1 e BB EE T 70 2R
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[y g7 CNN 4244,

i
- F
e 4 i
L] #
f = B "-'1111 -
i '-‘ 5 &
Frrts -t DT L. § i
’ - - r-,r‘.-T-. - E o - I.--l .
- - ——
. ‘._.‘.'\-- !

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

—

.
Convolutional . Convolutional : Fully
RGB Input  Layer with 5 Pf:" :g Layer with Pf: g'rg Connected ?_:til':t
Filters Y 10 Filters Y Layers Y

& 5-4 CNN HiL7 584y

M 5-4 B aT DLB R A, CNN (ES2 ST R B 1 4 A B 2S [m] 2540 . PR B S [ S5 Mg g 25 A
CNN FA A EA U ER 220G BB S EEE A . EEE BRUHELLE 5-5 bl
L.

-'f_ ' ?f _-'- ¥ ;- L - *r' -
MEE SN AE . 4
B 5-5 KEGRITR—4EREREA - LERERZ0EE L

IEINFATI AT BIRAREE, 2428 A — 4E BB ORBO8 Oy —dEm B, Hoe A SET iR, &7t
IR . X ERAE A E RIS TR 7 — g S mRE R .

FATAT LRI, A2 R 28 A e % R R 28 ) Dhae AE U AL T & 2, At E4KIH
SRR MG G55 5-4 AL BRI MR SRR AW T

¥y N\ &/ Input Layer.

A #2312 - J&/Convolutional (CONV ) Layer.
U B | Activation Function Layer.

#1% & / Pooling Layer.

4% 3% % / Fully Connected (FC ) Layer.

G ML — N2 ER Mg, HERZER UG HE. bizHE . £EEizH
FHRBMEEE, W 5-6 i,
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=2HREH. ZEE. S2EEEH. RAER.
> > >

>
| -ﬁ:& |m-|:bl

ERE OFREERS) i RETES .

B 5-6 HRMEMEKEAZ T BT E
NIAEEXS E I CNN Y 5 A4~ 22 it — 2 B GE .

5.2 I,

B N 2 L2 R InBER AT AL B AR, BARun T

(1) EWMEATE. FA T4 A AZE S4BT 048 0 BAREE T4, EHAREAR
[y S Bl AL bR R 0, DA S A BRI 2 22, S22, Xt e BB E AL . CNN
ST INGREERAT 23 E AR, WE 5-7 Pis.

(2) F—AbAbHE . FERrAEAEEIE —2FAERBUETGE A, B> PR & 4 B 5 R DUE TE )
2 M R T4

(3) EHMFK (PCA) /AL, ML PCA BHTR4E T/F. Ak & Bdm A &1
REOES_E MRS —1k. EARE AR I 5-8 ik

original data zero-centered data normalized data

7

ML

K57 EBESAHRERE

original data decorrelated data whitened data

" it.

= 3 ] 5 i -

& 5-8 ELMR5BALICRA
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5.3 HBRIZH.

EARN R, FATE TSR A PR (Stride) FATE (Padding) HIGRUEH, REHRANK TR
W ARG EENTIHTE NN, maSITe SR EGCPINAE.

Ml

531 trESER

GRUZEIF S ONN B0, X — R M R R AE .

(D R/, 8— ML EGIE— 1L iESs (Filter) .
(2) J&2Z 8 (Receptive Field) 1§23l (BlFf AT IERIE D)) , S %) /il Bl gk T vHE AL HE .

ST KA nxn BIEAF mxm Bt 3Eas (AR MW D) E A E(E patch, A 17 AR 16
ZI6) , H me=m. BEHIANE X, SUEMEN W, o H, WESMIE Gj) ER% =
(5.1) Fre

(i) = D=1 Him1 Wi l) X(i+k—1,j+-1) (5.1
XH, 1S Lj&n—m+1o xg o wg ofh, R X, WRHBE G, /) rELd

PIE. AR, BIRBIAKNN nxn, ‘fE'T_fEli?F‘ﬁ%iR? St RNEE R - m + Dx(n-m + 1)
BEAh, m BRI IE AR RN . T LR FRA AN T B T TR, W 5-9 B

Bl 5-9 HES (m) =3 MBAFEBLEFRANGHEHE R

X B LKL 5-9 i e R ), i SESSHEIE RN mxm, B 3x 3 BORERE (o fa) A B A A
FFE) , R THIAKR D (xn) N Ax4 BIFERE CGRIEEFERE) M5, K3 BI04 MR RN N0 - m
+ 1)x(m-m+1), BI(4-3+1)x(4-3+1)=2x2 Kt ks (e EmpER « A EmREPAN, &
M eGP E Efm HrE, BREERn T

2*243%342%143%1+1%2+4*3+1*245%443%1=57

XREEP KN 1, BB AEER, DUEHE, ibdiESERANE BigPiesh, B4Rt

BN EH#H T BPEEA R — AR 2x2 f B . B R TEE e CGEREE A miD
A I AR AR RS -

2:

ﬂ
J
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2%, T EBOKCF IR B iilin =, X B al PUSE K- i g M B g as ke il H
0T, A2 F A IE as A AEE AR e, (H/EA/E CNN R AT T X S JE a8 2 i == 2T 1
Z4, CNN IR B bRmit e % i id iE s 1 S 4L

5.3.2 wZXERER

~

76 53.1 TR g, o1 2k eSS sl 1 1 iR, s 1 n] DUECEE Z 510E CGEKD)
Hi#esh. fEAT (5.1) W2Eah B, s s Ml s K20 0E, 310 LA 24 D g ) S A
i R, A (5.2) Bioss

hgj) = Zke1 2121 W X((i—Dxsi+k,(G-1)xsj+]) (5.2)

XH, 1= i< floor[(n—m)/s;] + 1A floor[(n —m)/s;] + 1.
TEIXFMEHL T, B s Ms; B R/NIEIN,  FOxf M4 K 42/ i bbaiE 5-9 (stride = 1) A
5-10 Cstride =2) 45 HHIA [R5 8 A 52 -

- e

V:/1/ Y&y ey 2-32: 2 /3721 /1
y i /6/ a“yay AV EVLVEYS /31 46/
AV AV EYVEYVS [ /5 /3 /) yi/1/ avesy
2 /4 /1 /1 'YEVEVE Vi/1/ ayey

& 5-10 i1#E2E (m) =2 Ml stride =2 HEAEARERIZERH

AR EERES 5.3.1 3L, XEMARERESRH T .

WAR, M 5-10 o7&, fEHE0E (Stride) HHTEHERFIEEG TR ANEASIEHIL4EE, 5
WAz Z IDhRe SR, Frbl AR W2l A P EftE ONN Frgitfbiz &, KA RK 17
HHEE.

533 wWIEFTHEH

fE 5.3.1 f153.2 e, FRA1VAMEH —A 3x3 AL JERs A —A> 2x2 FIid JE2S X 4x4 FO%m AFE
AEARHATERUEE, HER T A 22 i, S EIR KA NG - m -+ Dx@m-m + 1), B,
IXFEERUEE R G R B S, B A R A BUR AR, B4 GHIEEB KRS A4/, A
P50 T e 2 R M — AN e, R, BRI AR MG = 7a s i S dkob, BARIXHE
i B RO ZE R ERIBLZ . A THRZARE, A5 TIHER (Padding) #1F,
EN7E G GRS H 2 mrin s BB A G M o T, RPiE (Stide) 2 1, Hit K/
AR (5.3) P
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hiijy = Yk=1 =1 W(k]) X(i+k—(m—1),j+1—(m—1)) (5.3)

XE: 1<i,j K n: 7 ijon 8 7j<0, Mxg; = 0.
Bl 5-11 25t 78R Gm) =3, iR (s) =1 HIERMAEN 0 FIEHRIZHE.

B s5-11 BREASERKD n=3) . PR =1 MFEZAHNEHEH

X LIRS PR /IR 3x3, HEFRZ G, SIAFBE RN A 66, M4 FE BE R /NAE D (6-3+1)
x (6-3+1) =4x4. VDAE 5-11 i N E7E B, v 8GR % R i R /)

0x2+0x3+0x1+1x0+2x2+3x3+0x2+3x4+1x1=26

CAEHE, L IESS AN E BB ED), BB MR #IT SRS ERA R AR
44 % FERE

534 3% EBEHH

REGPUEHEAR T MARRRE AR, [ETLIRANERRE, ZXHHI 7 EE
(Transposed Convolution) . fi] B FR AR RIS, XF TG BULEANZE Y 28 25 40 o £ 1k ) A0 s o) A% o AR
iz . IR WE 5-12 FosiEiluas.

e

B 5-12 HAPIRIE 44 AL 33 EBHEATER (n=4, m=3, s=1Hp=0)
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DL 5-11 S Zon iU, il At s B A4t N2 20A . I ERITR R, 4w A
X Mg -4y 16 4em &, Sl H #8400y 4 4Em 5, iz m B R EER Ly 2 X2 fith
FRE, ] PAE BT I SRR EE R 4, PR,

16,1) —
x(161) = X1,10X1,2, X1,3, X1,4, X2,1) X2,2,) X2,3) X2,4,.., X4,1) X4,2) X4,3) X4.4
A(4,15}
Wip Wi Wiz 00wy wyp woz 00wy wzy wzz 0 0 0 0 0
_ 0 wy1 Wiz Wiz 0 wy; Wy W3 0 w3; W3z Wag 0 0 0 0
0 0 0 0 wy; wip wyz 0wy wyp; wyz 0 wzy wzp; wzz 0
0 0 0 0 0 wy; wip wyz 0 wy; wy, wyz 00 wg; Wiy Wiz

Hl:4-,1:| — A(*’-]-,lﬁ)x(lﬁ,l)

Hodr, AETn R A EAw jy G S IE RS R AT S .

FE, HTAFEWFHIERIIAEMN L IFE, AN JFeE, ik EJ7RERE— ML Efiw,
'J|“ﬁﬁ‘§|l75—|:ﬂﬂw3,3?§ﬁiu EHE A PLA ) — F Vincent Dumoulin 25 N5/ (Guide to Convolution
Arithmetic for Deep Learning)), SC T LI R T BEMFNR B IREF, ¥ KR S ERUGEM 0 JFEERT .

PLAE, R HAD ER R AHZD, ARG T 6 o IELEIRA TR X A4S 4 ]
B n M m:

IR AXO@DLE B AX@SD, JRi N w G @ A-m+ D50 -y i
From, BAVRBH@- MDD - oR = B P8y g HO-mln-ma ) | 3ok, N T IREEE
G, RATA T A T AR R T4 R

21 il ATy (n=m=1F) prlln=-m=1F 1]
(}E‘){“ ) _ (AT) . (n=m+D)?) () ((n-m+1)%1) X " H=( A7) H

X, XRFEEPRE Rt .
RTHEGPMNARIXE, MR ENBERIE M F) 75— D BRI —Z 8t
L.

535 SHHENF

CNN 5 KR G RACE B SL =454, nT DIORHE BE g/ D 2 I 25 (R Z 302, B ka4
& BRI AR T 2 P28 52T ) B AR, P DAFRA X PR — T CNN B S AR =L fa) 2
FrEEEILE, SRR —kKe @A UG — Mg iEds (Filter) £33, 33848 B gy
VERCEAE, mBX ok EUR A7 B ok R dE s 1, TN A AR & — e, tahinl DL
e L=y G, ] 5-13 B

H P 5-13 B %, 2 —5K 1000x1000 53 8 FEE HA 100 AN ERZ 2T, BAmgE
PEENE (B1MRBEME cHMEEINBEBRFINE -8 EN) , XEHMA
1000x1000x1000000=10*21M% 4, AN EMHSE N E B L1024, B, XIS EAECK
%, MBS

EUE 23 (R BK R 2 R E, 55— Nl —AN R i a2 B 582 b g R, IR A —A
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22 ORI AN 00 X5] 4 JRy PR AU SZ 1y UK SR S PR X Bt 32 B AT GXRE 2K, fth BB — MR R
AN Z B R B AR AEE, AT ESERIANEOR S KRN . 9R, X K7 B 1) /) 6
B XESEE mREEZGEER NRREREERESR. WA 5-13 GEPIR, Rk&sZE 2
AR 10x10, FONEEEUZE R ZE 5IXAS AL10<10) )/ EEARERE, FrLl 100 75N FRisUZ 4t
HUAH LA ER, 03NS 3, BARASEAELLERD TAD . HSL, XS A HOL IR
%, FAT 4RSS T

Hose, BBEA A ADEERE, S FBR R RE S FE e BRI AL E k. i,
T il B rh 8] B ARk 2 PR A Ak ) I GARrE , FRAT 1 BT DA RACLA A IE S B A TARF 11
FRHC X E B ERAE R A LZM S, o] DEE BRI 2z R B —A S R/ e
RF N EAE BT LS, DA — B> S8 Ba)Edh, Wt ERE—NMER, RBRAE
R ALE ff B RESEER S R A A AR, BEAELrE oo JHAA KRR . R2%, L
BRI, JHE AANSEETLL 7. F—4 ff ZHOGER R KR 1EE (Feature
Map) , PirEAA JUSRRFE B R LA L ] LAMS BB A 280 2. X, LA 5-13 B, RDNEE
= B — PR T AR < A10x L0)HY Rl PR X 820, 52 i — MR A JTAFAE 10x10=100 1Mi%
ENEEZH BMMETcHEZER— M ERREEREER, prelix BT E 100 MUEHESECR
LY, X EEIL R 5, RikA 100 ANEAESE, BAAEILTHFE 100x100=10000
PNZHEATLL T . B8, BRGNS E— B SO E AR . IR A A AL E AR,
{Efm JZ AT AR, ARG ETENARPMHPENEREHE. HTINEEPIZERAS, KX
B AMOE Z R T .

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example: 1000x1000 image
IM hidden units
M) 10712 parameters!!

O Example: 1000x1000 image
IM hidden units
O Filter size: 10x10

P 100M parameters
-
-

- Spatial correlation is local

- Better to put resources elsewhere! Renzol

B 5-13  ZEILEHLH] 5] K

% T RGB IR BRI & 5 1 I R PSR I 58 < v PE T B R 9 B x s FE x 3 (3 i liEFO BRI AT .
s, mad)— 8, iAEMEIEFEIN S, B RS N iES (Filter) F#)4—/~@iE (Channel)
AL

2k, AR T BREENITHE, T PRAPEIT Btz EH.
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54 FHRERE

541 & IEGEERBRIEF

B EGE R E B 5-14 Fros.

Leaky ReLU

Activation Functions max(0.1x, x)

Sigmoid
o(z)=1/(14+e77%)

Maxout max(w”z+ by, w!z 4 by)

tanh tanh(x) ELU o= { >0

18
it

ReLU max(0,x) | E

i 5-14  H ILFIBGEREOC &

(EXT R E 85 R AT AR A BRI, AT 221 3F Sigmoid. tanh pR%L, FrlliX
% 4% ReLU. Leaky ReLU. Maxout. ELU PUFPIEZE 14 0% bR % .

AT AL HEERE, AT RS AL T ERE (B4 E 5-15 TR ERE, 4
IRIX A EAF LR ED -

L0 wy
.
axon from a neuron S
. WoTy
Y call body f (wa 4 b)
wlml Z + b i
» W;I; -
- f output axon
activation
function

B 5-15 HEFEAh p b B R — AR AR
B AR ch o 228 e AR ) — AR AR T R

(1) WANE X 5X3NAEMEM AT (Dot Product, tHFRN SR AbF.
(2) KEuEREAER T B AR g 1
(3) WE e B AR 45 5
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542 BNAESM BT R BT

1. ReLU BRZY
£ JL4F, ReLU (Rectified Linear Unit) {35 bR Z07E R 5 57 > AR S8 LU A Sz 0, "B PR 4
A IEA LB IE, A RECESR — M ERPEIRIE, TR T GoeE s 2 7o BT i
71 7 S
ReLU & #5852 8 2ORDGT 7 B5 f 8] 5-16 B
f(x) = max(0,x)

B 5-16 RelLU R ~EE

FATRIN, 1 x<0 I}, ReLU MR, 4 x>0 I, DFAEMAX . K, #5 A% ReLU
AT BAYE x>0 IHRAFRA AR SER, 4 TSR MRA FE 30 o B . 333K 70 VP TR 432 LA W B 0 7 RN 0
W2 %, T TG W B 3 R TR 25 B 5 IR (0 R T TN, F70E S AN SN 2 T N TR
SO RAUETCIE TR . KR RBFR A “ M2 TAETS” . 15 sigmoid 0, ReLU (o4 th #4518
KF 0, kBT GRINZE TEHE T £ 4 500 R 24 i Sl .

s LPTR, TATA ReLU B3RP MFI AL, Bkl T

(1) s

® XAt FR, Jskak ik,

o MEiItHARLEME, REZ—/BRAMET VAT HEL.
(2) s

® RelLU A B R INFFIRMEES, ELEHARTR,

® RelU & HEAE A B 694 B 42 RIYMATZ 0.

e TH P R VE RS FE T R B FRAR, TR SRR, Bl e ARG S R A, RN 1 AR sk
SeEATEN, X AR — K BT, MiE R AT BT 1B, 55 i o ik 58w fetk/)y,
BEMERFE I, [z, FRPEERRAERT e A, HEmBEEE KA EIE. Frbl, A1 ReLU KR INIRMEST
R EHH IR RGN P ERAE KB EEE, AN 0 BBt 28 s fE v k. (BEE
BN 0) , HWEkEIXE R A2 TE AR, LT i sc i 4k S i H5r, B PLFRAT 1A £ H
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ReLU i pR &) M iz 45 H 17 2% > % (Learning Rate) , T MHZE L H IR KR ALK . X
BRI —IR, ReLU BUGRECA N RIS BRMETS, HMNSAEKE ReLU BIG R /DR 180
FEFEVE S, A5 REE IR AN HAME -
2. RelLU BYZX{REREY
BIXTTE x<0 FOBEEAT ) E, FATIX ReLU #EATAH RIS, 433 1 o f5 s e 2L ReLU
AFff——PReLU (ParametricRectifier, ZEZ1E3%) , HEF=E AW, EMBEWE 5-17 Fras.
f(x;) = max(a;, x;)

I SRR ......... ......... ......... .........
16F - ......... ......... ........ ..........
OB crerees ......... ......... ........ ......... ..........

a5k ~ o e e .-

& 5-17 ReLU AR EREE

XH, a0l A4 B RERETH I/, i RoniBIEEL.

Ya; F{EIEILE) 0 B, PReLU EREU#HIEIL N ReLU B %L,

Yo N EE N E MR (B 0.01) , PReLU pREGE{L N Leaky ReLU (LReLU)
o fEIXFEOLT, JATRESANBIREZ I T E8dE /0 A, XARE 7 —2efkh EROfE, 2k PRk 1 fh
g B ASEEE LK.

Ha; Nl A BEAL= AN, PReLU pRAEU{# E% | Randomized Leaky ReLU pRi%. ‘& K34
JRER g, EZGd RS, aE— B mRBErL=A4, AR EXT IS R T L

AL, AAFRRFEIES AR P o, ZHOEIRDH . 11 BP BEra; I, KA 1 w3l &1 H
77

3. Maxout BRAZ{

2013 4F, Goodfellow }§ maxout 1 dropout 25 J57E ICML2013 {2 T Maxout A&, R
£ MNIST. CIFAR-10. CIFAR-100. SVHN iX 4 MR F#SIUS T 4 B 4f (start-of-art) FJH 5
. Maxout pRE B RIE T

fi(x) = max; € 41 Zi)j
al
fi(x) = max(w{x, +b, w) x,+b, ,wix,+by,,)
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{40 7E A Maxout KA, AHMEKIN Maxout 4% 0] AEEIAE R ELL ek 2L, JLF 0] LLkas i
PG R EL 2 wyby, .. w,, b, B O {EI, {HIB{L N ReLU R % ‘ERMA&EE7AET 35, ] LA
MR

o, A1 K, Maxout BEH ReLU sREHIL S GHEMIE, AL, 85t B KD
Nk T ReLU BREUIAE (FEITAETD) o [AIE), Maxout PRECHAN S EA GG, Bl a8 0
T ZHHE.

4. ELU BR%Y

FR A2 5. o (Exponential Linear Unit, ELU A% /&t Djork-Amé Clevert. Thomas Unterthiner.
Sepp Hochreiter 7F-{Fast and Accurate Deep Network Learning by Exponential Linear Units (ELUs)) ( it

FriZiTHE N 2016 4F 2 H 22 H) — R, HEEFRESD T, Bt 5-18 B,

K 5-18 ELU m¥H-~EHE

ELU pRE LS B T sigmoid A1 ReLU PSR, ] LERAE A XX A~ R 20— A 3 44,
TR AEA A M. AT, e, ELU eREA 215 7 e
% 2 AR FEE T S i 22 () BV A SO T N ) N B AR el S B B, B ELU [t 3BT
N0, RISt e, BLU B SE R Fr i EEIE 2 BRI .

ZUt, TAICLKBEOE RN BoeE, FHBAPEX L Z 317 R EE.

5.5 itufL,

ML

[T

551 IEfEMiL

HTFEGES “BE87 B, RikEINIS%SHLEERE . B RRAE, [R50 e
—EME XIS IE A R AR R E R T 55— X . Bril, AERGA —ANEMERS, #ia) PG
1% A B X A4S AE T R & gt (AR EXIR FRIgeit) » XM RS g HEE S L. B
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(ST TR AR PR ST RO Y 2 o = MY S A S AN 2 £ AN o 50 1 AN ) o S M AN 7 ] R
S WA R A AN B it A s S R A .

552 MKIER

(1) AMIAT PALEDR B 2 B AE B RIS D S50 50 (FRARAERE, R0 PCA) it &, &)
PARST b3 05 0 G i HY B

AT RA TGS BT 2] AR IE (Feature) , 5 1 Rk X SR AE Fs3E 470025 28R aT L
fdi FH B P2 BB W RFAE I ZRIRAT T 23 2R 288, (R IXFES M FH AR & . BiE softmax 7745k
i, BEA —1 100x100 B =EHE, RUIRNICL% 213 17 500 € AL 8x8 fi A L IRFHIE,
D45 — MR AE A S AR 23K 15— (100-8+1) x(100-8+1)=8649 4% FURAIE, X IAA 500 M
1iE, B LLEEANEED] Cexample ) 5 215 21 —/N(100-8+1) x(100-8+1) x500=4324500 4 )3 FUFAE ] & .
WK, HEI— A ETT 400 JTHERFE W B RN, BRSO TR 5 I A
4.

(2) fIEFE T LMETR B RN XA R EER R BB TU&R . B R4EFF AT fA
P/ NTUR A R g, RORTE R XA e A 7T &R, FRESEE.

(3) 0] CAFS BhI3RA13K1S UG B R AR P B RFIEA Y (Invariance) o IXFPA ML FE-F 72
(Translation) . Jig#s (Rotation) . JU/¥ (Scale) HHPFIAZM. (FE, HRUEMNHENTEEA
A, WAEXHRFEF AR, D

R, ffbis 5% A HE T RG9S B9 B SR 4EZL PR AR 58 32000, PR FRATT AT LA ke 7E M6 B 98k
AL E I RN, AN ERRES S R A SEBR b, A TS RS PR 4ETEIR KRR SRR
FRATFE CNN AT o i T 2 5L

5563 mAitiL

i Kitiil (Max Pooling) iz &1t = Eidked O X AR I B R o s AF v & SRR gt
RN AR ERE D GLIESEMAZ ERIIRERE T , R4 Eik#iE KKt
~MEA— . g b TR E L LI 5-19 Fros bl

A FE

hi’j = max(‘x((i—1}><s,;+1,(j—1)xsj+1)' x((i—l}XSi+1,U—1)XSf+2)’ o x([i—l)XSi+1,U—1]XSj+m)’

x((i—l)x.si+2,(}'—1]><sj+1)’ g x((i—l]XSi+2,(j—1)XSj+m)' e x((i—l)x.si+m,{j—1}><sj+1)' e

x({i—l]xsi+m,(j—1)><sj+m))
XH, AxXNROEFHARNtEE, A

I =i=floor[(n—m)/s;]+1 1 éj%ﬂuﬂr[(n —m)/sj] +1
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Max(1,1,5,6)=6

AN 2[4
(5 6/7 8 e = B
\>_ |/ .
321110 4
-
—

A 5-19 wAfhizEREE

EP 5-19 1, 2B KN 20 i iERS N 2x2, fES NS 4x4 50k Figah e, BRINEr R 4 ) (2
PRAERNFBE) , EEANXE P ERBEE R CEEN N, S E2A M05m4 R RIr .

554 ik

FEJih Al (Average Pooling) W) I/E A REM T BRI, HENKHEIFE, mdxXHA
FRTE M AREEME. BRI AR:

Xirir Xi(j41) 7= +» Xir(j+m—1) » X(i+1)rj 7 - -» X(i+1)(j+m—1) 7" » X(i+m—1)j 7 - - - X (i+m—1)’(j+m—1)

h,, =
v mXxXm
vi 1, j=sn—-m+1

S ihis H & 5-20 s

vl S A E

W/ / zy V' / 2/ 3 ! //f/f//
iy A
[ /53 /) 3 yi/1/ Aﬂﬂr
Y AVEAVE //f//// Y AVEVE 1/
B 5-20 “FIyihib 15

506 ﬁ‘ ]1:3:‘,

L‘iIIJ

SRR AHALZ e 25 H 1 4 A\ R @ SR AL, T 2382 10 H RSN 1 XX SRR T
AEFE RIS BB 70 IR LA AE . AIROE S — S0, iR WA 25t 58
EERNNEAES, SESERNERRBRBENSE M NEZER S M2 2RER. A
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A 5 IR B X SO VF A 1 218 5 B 2 BTGRP ST IE A 2 S5 F BE AL k2R, AT 7~
AR . FiHg s RE RN REE A, i 5-21 P

28 x 28 Ix24x M 8
K G 3 X 12 x 12 O
] O
L O
= g — O
—T Q
[ O
| O
5% 5 local 2%2 max- O
receptive field pooling layer

fully-connected

layer

K 5-21 &EERE

MARZS B, A i BE AR A A AN RFIE, 3l B — = 1 softmax S0 eR B iE 477026
k[l 5.

5.7 EBSBEFEHRREREITIIZ

mn BRIk, HPAALETE S5 B R IR R IS, 158 iR R T 0 RKds.
T A 5-22 125k ConvNet A, W4 ABIGEM, KX TA (Boat) 1X—28[) H Frk
FN L, RFHAR=AEHK Hbs#=79 0, B

® T ABME=AS
® HirdE=[0,0,1,0]

Feature Extraction from Image Classification

& 5-22  i)|Z: ConvNet
LR AP I 28 BRI it FE T

(1) fEHBEHUER i i g as S HUALEAE .
(2) MR INZREIEBIE A, EdarFERh PR (GFL. ReLU AtiLia 5 LA K 5¢ i %
JZ R BT AR AE D) , FFREBIEA SR R
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nJ DL TR A T 4t A %2 42 [0.2,0.4,0.1,0.3] .
H T AESE — NI Bl R B RS AEBE L B, DRIk A Rt 2 B ALY

(3 HEHEHERRIRE (rF 4 DB .
MirZE=S% (HsEE - HHms) 2

(4) R AR B, LR R R BT A AL T B 22 (OB, R BAFE T Wk S 37
i B A RS M, LU IR M b it 2

® M E(AMYIAELE ST E IR L 6T Ak A LA,

® L ASAT AR 6 B AT, Hr i AR ILA ST 4652[0.1,0.1,0.7,0.1], £4&iL B #7%)£[0,0,1,0].
® XEvREMKOEFLBITIHELREM/ATIE LR EHARTIZLKBERIITHE, AP
RV Hr iR £,

o ERHFT. LEEXD. MERMFAIMOLASR (1) XFISEEL, FHLA
NGIRF AL A2 TN, REFSRBEGF G EL.

(5) MNNAEEFRIEERBERESE (2) ~ 4) .

FIH_FIR 53891125 ConvNet, PR MRS ConvNet [P A AR MBS E O &4k, albLiE
a2k B Zr s i P .

AN CGRANFD EE g S ConvNet HHisf,  FEH [X4%:K5 22 F B o) A% 4% 5 3% -4 HH 49
AMENEHER T EUR, SR AL EE R, DEIERA 5 25 A Z 80 il
GREED o WRBAVINGEARLE R, MEKA VLS H EGERGMZAER, FEEis 3
IERIZE I % .

5.8 EINZHEEFRMHEZ ML

5.8.1 AlexNet

1. AlexNet f&ik

AlexNet s&H Hinton FMihi)2%4 Alex Krizhevsky %5 N (8 & % E Alex Krizhevsky. Ilya
Sutskever 1 Geoffrey E. Hinton, iX AN § 51, 3257 | i — F IR 2012 =72 H 24 818 X (ImageNet
Classification with Deep Convolutional Neural Networks) HEH PRGNS, W] LA F AL Lenet
B —FnE N B A, R %8 O CNN GURH 228 2 /R . XFTie 3052 Y AlexNet fH2%,
AR T — RIGH AR sk T ReLU. Dropout Al LRN %5 5i0%, F—Xflif T GPU
KT IR, I EAEFHIEIFIR T AT I7E GPU _EIIZRM 45 (1) CUDA fRA%. AlexNet (1) /9 2% &5 4 1 )
5-23 fin, BAMRAE T AML=TANERE. A TANSERS A4, 08 5 16
PE (EH) C1. C2. C3. C4. C5 , HAM=AEHEERE 7 ERbLE, BELHT 3 4
EiERZE (B R, R2. R3) . 7£ 2012 4F, AlexNet LAZEST IR 53 T 244 ILSVRC 1L 3§
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W2, top-5 HiREFIKE 16.4%, ML TH =4 26.2%Kk4ia | BRI, /& T AlexNet
I I, A TR H A e 28 X 288 8 T R R TR, R PE 2 2] (GRPEB RN ) 7015 S
SR E TS ia A, RN IE TIRE A IEE SRS ARIE S A F 2545 55 1 30 R

\ t..' " l 2 N S : l Y 4 E
i\ ;R'~ ij | éi W 3 \\ - "£ \
AN\ 1 | -  m—

L a8 - - — 3\

: 2038 ﬂm‘ia dense
1 R\é ' D O, "\EK\\ '
J : : 13 \
' “ / NV

5 \ a1
. 3

e ™

dense dense

2:4 | 5 " 1~ 'L - |

F L 5 . — 1 |

% \ 27 N | l
k\”’] 5% \ 3 | ' 1000

Ji \ 192 192 - u

\ \ 2048 TirY
224%08trid Max 128 Max pooling 2048

ot 4 pooling pooling

3 4

C1 C2 C3 C4 5 R1 R2 R3

-

' S |

B 5-23  AlexNet M4 A EE (FEF/- GPU Fi#HT)
2. AlexNet EARSFIFMRT

{E AlexNet H, X THIXGIRGHIEEE, RAVETLALEE] 5-23 HFF]. Fla, 2dEHE Cl
fe, BRI RL T 55%55 BIRE, —3L4 96 MiliiE, /3 AafE 2 7K 3GB Rk b, FrLAK 5-23
SR RS I 55%55%48 (48 EBIERLH ) , MEX N7 E BHNAA —4> 5x5x48 )7
SEAER, IXANEE C2 BRUEHIAZIT, 48 MR .. XEFERATHEEE 28— ENEE RT U
KEF—EEMZFRRN T .

X ZEIEILT, RAVAFE AlexNet ML LEAERZ A B 5-23 kAT, (22 FEF L, #
N6 R~ R 224%224x3, W2 227x227x3 ( L ETvA A 224 YR TS —TF, 3o

EIA T LER A E, PR RT3,

THFRA X ALexNet W45 55 /4 3E4T VEANART -
(1) B—EmANEHE N E G R 227x227>3 FIEME, XAEIE 113113 BT 5z

B, BRI E BRI G A — N R R . SEUZIE LGB T x Ho5 WA y S )
#al, BEhWP KR 4 MEE. Bk, SRR SRR SAERN0227-11)+4+1=55 MR, 17
BN 55%55 MERICHEA EERBERZ ERERE. S 96 MR, 24 55%x55%96
MERERMBERE. 96 MRk 2 4, F40 48 NG, MK A AR 2 2] 55%55x48 &
GG R EHIE . XEAE R EL AR 54 BE R R E, RN 2 4 55%55x48 R &R JZ
AEI

REG R EL e FAR GhibisFHREN 3x3, BREINFZKAN2) , ks EE )
RS} N(55-3)+2+1=27. BIytfb 518 RN 27x27x96; RG&IT—4babFE, H—{LizEK R
FER 5x5; F—GREIEHE R EIEEINE R E RN 27x27x96. 75 BIXT B 96 PN ER LTz H
e X 96 ZEEREN2H, B 48 MEERE, BUHAE LK GPU Lt frias.
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SRR, AR N — MWz, BRI — 21 96 MM EAUZ M_EE AR 96 A2
{E .

(2) B REMANBHENE K 27x27x96 B RE, NETESAE, SR EEK
A PO R BB TS 2 ME R 27x27x96 HMR R A 75 Bk 27x27x48 B AR = ETE, M
HEE 7 MAEP AN A GPU Wi Tiz 5. FAGREBIEY 5x5x48 BB IT Gz, &
PUZ R A AR B G R — S R R . BRI R G R x B mAn y B 20,
BEPIb Kt 1 ME R ik, SRR RIEER 24 K(27-5+2x2)/1+1=27 MEE (27 M&
O 5, IEEFRE 22, b BT EARSHERER 2 MEE, B 26 MEE, BN EBREER S
WXt AR NMEER) o TSR 27327 MER LT EEEGERZ ERERE. L 256
5x5x48 HRUZ: X 256 NERFUZ A, BAE ST GPU Hf) 27x27x48 (G R i TERHIZ
B, AN 27x27x128 NMERUEHIERE. XEERELTH A FAERBEEERE, ]
ST NP AL 27x27x128 HIE R E .

B R ELE ER AR Qb2 B REN 33, BERMNEZK N 2) , Wit s EE
RS N(57-3)+2+1=13, B4 515 2= A N 2 41 13x13x128 MR R )2 R R4t 13— {bAb#E,
H— 2 HHIRE N 5x5; 38 —GREEEE R RIE R ERME R 2 4 13x13x128 L E)E,
SRR 2 20 128 MERZIEHE L. B4 —A GPU LiltiTiaH, W3t 256 MR, L2 4
GPU #ATizH..

KSR, BAERUE N — M ZEE, BE— 2R 96 MG N _E AT 256 M
Z1H.

(3) FE=EHINBEENE BN 2 4 13x13x128 G £ 2, NETEEAE, SiRgE
EWALWAMN ETFHAEEER 1 MEER; 2 A FZEHIRE¥ER 2 M AFRR GPU Hitfria
B 81 GPU H#A 192 M, 10 GPRRIIRNTE 3x3x256. ik, &4~ GPU HHIGH X
HEEXT 2 41 13x13x128 MR REM A EIRHITERIERE . G EE 1R G R A BR
— MR R .. GRZITEEERIEN x B M y S s, B 1 MEE. Fil,
& H BRI RS N(13-3+1x2) - 1+1=13 (13 ME R % 3, IE4FE 10, b EF. AA%IHA
7l 1 MEE, BIAER 12 MEE, BN EgRER 3 X NAEKR —MEER) , B4 GPU Hik
13x13x192 N EFZ . 2 4> GPU H3E 13x13x384 NEFERBRE. Ak, XBGRELiTiHE
G, EREIESRERE, R 2 4 13x13x192 2 22, 3k 13x13x384 ME R Z.

(4) FIERAEENE =B 2 4 13x13x192 B R E, NETREAH, FiR4 5
JEWAEAPIAM EFPAEEET 1 MER: 2 ABEEZEIEAYEE 2 MAFP GPU Hitiria
H. 81 GPU HF#AF 192 M, BTGP 3x3x192. [Ritk, &4~ GPU B X
HEXT 1 4H 13x13x192 B = EREIR T EREE . SR A EdE PR GREAE B— A
P8 & GRRLIE G R EZEARE x #ho7mm y 37 sh, #ahrPKd 1 MEE&. ik, 285G
PR UZ R N(13-3+1x2) - 1+1=13 (13 ™MEZ ML 3, 1E4F2E 10, b ETF. EA&ERED 1
Mg, AR 12 M &, N Egi 2 3 AR —AMEE) , B GPU 13t 13x13%192
MNMEFZ. 2 4> GPU H13t 13x13x384 NMERERERE . R, XEERESTA G A4 S
BRE, RN 2 4 13x13x192 8 R )2, 3L 13x13x384 MEERE.
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(5) BHEMAEIE RN LR 2 4 13x13x192 B4 %2, NE TR, SiE4 s
ER AL ETFPIaEEET 1 MEE; 2 A EXEEIREEEERE 2 NAFP GPU Hitfriz
B/ B GPU H#A 128 MG, B INGHII R A& 3x3x192. ik, &4~ GPU HF ) GR X
AEXT 1 4 13x13x192 PR R EREIR# T GREE . SR A 5 W IR G A R —1 8
g% . BRI G RZEARE x Jho7mm y $or s, #afPK 1 MeE. ik, 885G
FIE PR B G N(13-3+1x2) - 1+1=13 (13 MEZWE 3, 1EEF&E 10, b B AAFERTH 1
Mg E, BIAER 12 M8 %, Fm BRI m 3 AR —/MEE) » B4 GPU F 3t 13x13x128
PMEFUZ .2 4~ GPU H13k 13x13x256 DMERUEMB R E . REBE R EL T 54 RS E R E
RSN 2 4 13x13x128 B2 2, 3L 13x13x256 MEHRE.

2 1 13x13x128 (& R 25 HHE 2 NANE GPU A i ibic EALEE . Wbz E R E R 33,
EEMIHK A 2, WAL S BRI R (13-3)+2+1=6, Bk G2 E B N4 6x6x128 FIfL 2
R, 3t 6x6x256 ML EHUEE.

(6) F/NJEHNEHE TR 6x6x256, K 6x6x256 I 1L JERS X 5 75 )2 B4 N Edia it
TERIEHE: B 6x6x256 RT R IEAR 0T 56 /N 2 B AR T SR FA R — MEHE R,
i — AN o X AN B FE AR R 35 4096 4N 6x6x256 R SE RS X im N B T ERIE E,
it 4096 Ttz HAT R X 4096 Mz H A5 Rl ReLU B0 e £ 2E B 4096 AME; JFi@E
it drop iz 5 J5 4 H 4096 N4 )2 F) 4 H 45 B AE .

H T 58752 1032 Bt 2 0 R e 8 8% 1O R SF(6%6%256) 5 R A FE FRFAE P (Feature Map) )
T (6x6x256)AH A, RPEigds A 28U SHEE E I — MBS A mHEAEEES,
BRI R EE 2 S 2 REE R G R EATE: Hit, BEASERASERE.

FHERHE 6x6x256 MEMBREEIE S F/NER 4096 M&E T 2%, REEH
relu6 AT AbEE 5 42 Bl 4096 MR, FI4id dropout6 AbEE 4 4096 4~ Ed .

(7)) FLEHH R 4096 MEHE 55 )VUZEK) 1000 Mo T 4%, 23312005 % )|
25 1 U

3. AlexNet 254 AT

AU UE T — & AlexNet HYFEARMLELE, KK w0 HA ) — b= N, i LRN,
ReLU. dropout, AH1& 4% 2 2 i &0 ek 1 il iX 88, X BUR FEA R IX B 2R i N
2 BEHE i & R 245 T B

(1) ReLU E£tE

REOGERRANTE, TERERIFEMES, 5| NAELMHEEE (2@ RIS R ED i
m LM Tz AEE ST, B M E B S8 HREREMEZF, WA 11EFF tanh
R BUE MGG R A, HSe SRR T B . JIZRE A% . Hinton 25 7E18 X 5] N\ ReLU

(Rectified Linear Units) KAF N¥E0E ek 5L
Relu(x) = max(0, x)

PR b, FEF ReLU IR EAER ML LT tanh SRR o mEfs. B 524 44T
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—/NET CIFAR-10 VY E UMLK /E tanh FT ReLU ik 2| 25%H I 254 1% % (Training Error) I
EARIREL

0.75

Training error rate

I
N

] ;': 1II.'JI Tl5 E’lEi :?:5 f‘:[?l E::".u 40
K 5-24 tanh f1 ReLU jA %] 25%K I 455512 % (Training Error) P& IERIXEHIZLIEDR

fE 5-24 o, S22k, ELRY HMRENE ReLU. tanh (IIZRES IR RSN, WTLAKRIL, ReLU
Lt tanh Y STE TR

Z PP IR 5-24 IR A, FRATOT LA EL RPN G TR SRR 85—, f ) max 1HE
0 LUORHERE Dl T B, b THIgRd . Gescheale) o H, 78 ReLU H, B EH HIAL
B, MFRAT I RITE LR EE P28 s R P S AFAE TR IR, 1 ReLU ANEEWS i KIRFEEHDAERFRARE, (415REE
RIRAEBIG IR . 1A, T e ERRA T HERERERE, Ra] BUInERIZRE#EE .

(2) JEilue .3 —4k (Local Response Normalization, LRU)

EIXH, AT T AERE—2E% (KerneD) HREE (Weight) ABGE K, 37 ZXASF 14
##47H—4k (Normalization) Ab¥. Z PrPlix#s, fElRy: WERFE MR EMBEZRFIRK, B4
B BB AR I B R A MR AR A 5l 250 P 28 M e = AR AR R B 5208 5 31X — AT DL & w2 2w 1) il 4
iill (Lateral Inhibition) {2 RIEME, RIVERRAIFRE o0 5 E AT BP0 7= A f0E H

L
(x,y)

béx,y) = | L B
R

(j=max(0,i—;

He, XEMk. n. a. B EHEE “ATHSE” , HEGHEUESE (Validation Set) SKEHIE .

(3) Dropout

XA PR NGB, B Lb oA Rath By 1k #2228 it 4 (Overfitting) , 8 ff LA
Hl o3 1P 22 7T ) it L RS

FEAF T — R ClnZR AR A A R () 5 V2R By IE R R U, FE#RZ2 4% 1 Dropout il i %
AR R AR B I 45 Rk L. fE2IERE, RKFELEmZEMEximt &N 0, X T8 M Mast
W BN 0 FIREZEZE 0.5, Dropout HUFPZE LA XA AL R ARG i, WIRH | s s 3L
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FAEBIE . XFEARSINZGRRCERIN WG L 7S IR R A o v SO BG P 8 28 ) 26 71 5 7] PN
M EfR 2317 1 Dropout, A RGHEHIE i IA&IL S

(4) ¥z 78 (Data Augmentation)

TEVRPE 52 3] v, 9 80dE B AN R i, SR iz — (8 R BdE 78 (HiAihit A Regularization.
Dropout 55) : #idF#. B, SN A EIRE R aE S 57 PEdE. @l EdE
78, ATATCAPT BRI IS A RS, S sE A R BE . /& Hinton A1 Alex Krizhevsky 1)
W, JEM 256x256 HFEHLIRH 227x227 ) patches (i & 224x224) , b E S PCA
Ky AR XFESIRA Y 7T T EdEE, HEEFEEZ R L, o] DAREIRATH 55375 2
M, Hend AT AR EUR . Cnsg s b B . R — Sy e EIASE) X — M
AR FBL, OIS B B A R E A% .

9.8.2 VGGNet
1. VGGNet f&jik

VGGNet 7T 2014 A FRE A HEIA A (Visual Geometry Group) #1 Google DeepMind
NEIREF R — PR IR G A4 .. VGGNet IRER | G MG FIIRE S Mg
IR, B REHER 333 KNG BIEA 2x2 R Kitib)/Z, VGGNet HINHMIE T 16~19
EIRFIER LM 4% . VGGNet ERH 1 5900 2% 7R B GE W8 AL — e A2 b 520 ) 2% B 24 PR g
ML Z AT 28 2540, fERNRZE KR FRE, FIUE 7 ILSVRC2014 EFRPEMHKFE —% (5F—
% 4t GoogLeNet, tHEFRIFEFRHEH)D MEMITHKZE —%. R VGGNet MRS, 1T/ 3
oA & &dlE Bz A e AR 47 . VGGNet W25 R ®ivs, BEAMEHEMER T RN E
BUZ R (3x3) F KAk RS (2x2) o HET, VGGNet {KIRZH 4k HR IR I B FFIE . VGGNet
GG R S EAE U E Wk e IR 1, o] FISRAE R e St i) S o A1 55 Bt AT il g (A
HFRAE T HAER I EED , R 2R

2. VGGNet E5¥1F#%

{E VGGNet 2 3 (Very Deep Convolutional Networks for Large-Scale Image Recognition) (Z:7T
R IZ GRS )RR ENR R0 &, fEE 2 ER 3x3 FIBHIZA 2x2 fibfbix, f&Bi AN
IR B 25 R R fe M R PR g . 8] 5-25 Zh Y T VGGNet H & 200 B MM 4& 25 i 2 B . 18 SR 71
WA T Av A-LRN. B. C. D. EiX 6 P2 &5t 4rilit, X 6 Phes a5t ML, #EH 5
EHERE. 3 BREEEAN, HPRXAIETENEREN TEREAR, MW A £ E KK
(TEHEMNL 4O , SHMEEEZEMN1LES 19 2 GRMMEUHEER , FPRERES
RN N “conv EZEFR/N-IEIERL” , 140 con3-128, FoRfiH] 3x3 M RUZ, EEECH 128.
N T TR, EFREE AR ReLU HuE I HE.
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VGG16 VGG19
. / /
ConvNet Configuration / /
A A-LRN B C D 7 E 7
ITweight | 1T weight | 13 weight | 16 weaight | 16 weight | 19 weight
layers layers layers layers layers layers
wmput (224 < 224 RGB image)

conv3-64 conv3-64 conv3-64 conv3i-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | comv3-128 | conv3-128 | convi-128 | comv3-128
conv3-128 | conv3-128 | conv3-128 | comv3-128

maxpool
comv3-256 | convi-256 | comv3-256 | comvi-256 | convi3-236 | comvi-256
comv3-256 | comv3-256 | comv3-256 | conv3-256 | conv3-256 | comv3-256
convl-256 | conv3-256 | comv3-256
conv3-256

i maxpool
comv3-312 | conv3i-312 | comv3-512 | conv3-512 | conw3-312 | comv3-312
comv3-512 | conv3-312 | comv3-512 | comv3-512 | conv3-512 | comv3-512
convl-512 | conv3-512 | comv3-512
conv3-512

maxpool
conv3-312 | conv3-512 | comv3-512 | comv3-512 | comv3-512 | comv3-512
comv3-512 | comv3-512 | comv3-512 | conv3-512 | conv3-512 | comv3-512
convl-512 | conv3-512 | comv3-512
conv3i-5]12

:_n.upool

FC-4096

FC-4096

FC-1000

soft-max

&l 5-25 VGGNet #4t5 HIM K S H 45 fm B A

Kl 5-26 st T H—ZUNISEANEL NE 11 ERIME—ERIE 19 ERIMNEEE FERTEGE
ke EARM A B E B —H WL HZEHINE, ([HLMBRZHNEHFREEINEZ, XERIZ
KA BT #EFERG 3 NMEEERE LT . eTIFGEEE > mAAREE, (B RS HAEOE
AR, MNZR ECEFERT R T PR G ARy X EER R « XHAF RN D K
2R 5K B AT U VGG16 #1 VGG19.

Network AAIRN | B C D E
Number of parameters 133 133 [ 134 | 138

K 5-26 VGGNet ZHAMESEHAE (BA: AH)

e, AILL VGG16 (454 D) NI A& ER AT, WK 5-27, AL A-LRN. B.

C. E FHAMME LA BT R E M 4454 D KRl HAEEEN T GEXHE 5-25. K 5-26
HE 5-27 FIEF 21k, AETF R VGGl6 HAb Bt f2) -

(1) Fi\ 224x224x3 BB, 2 64 1~ 3x3 RIGBRZMMAIXER+ReLU, HRERIRSEH
224x224%64 .

(2) B Kihft (Max Pooling) , b 8o R 2x2 GEANEUE RS, i)
RSFAE N 112x112%x64.

(3) & 128 4~ 3x3 BB IR GEHReLU, RSJAER 112x112x128.

(4) i 2x2 BERibAk, TR 56x56x128.
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(5) 2256 )~ 3x3 HIBEFZM =R EF+ReLU, R ~J25 K 56x56%x256.

(6) flft 2x2 By Ak, RFAEN 28x28%256.

(7) 22512 4 333 MEFZM =K EH+ReLU, 148K 28x28x512.

(8) fi2x2 Wik, R-FAE N 14x14%512.

(9) 4512 1 3x3 WHEPZM =IKEF+ReLU, R~FA5H 14x14x512.

(10) 14 2x2 By Ribtl, RSN 7x7x512.

(11) H5ME 1x1x4096, — 2 1x1x1000 FHi74%E+ReLU (=) .

(12) J#1d softmax it 1000 />l 25 B,

224 x 224 x3 224 x 224 x 64

nnnnnnn

ﬂ nvolution+ Rel.U

[' ] max pooling
fully connected+RalU

softmax

i 2 ¥
v . A
.:f.r" A
W f
'}} CL AL 11 Laxs12 |
L —
]tﬁf = 'l' 1% 1 = 4096 1% 1 % 1000
’
W

BAl BHE 255 - B

B 5-27 VGG16 (MELE# D) {EAETEREE

&l 5-28 25t T VGGNet f#i /] Multi-Scale Il Zxi 75 245 %, o] LUK LM 28 2544 D 1 E MREW

AR 7.5%MIEHR %, EXTH, VGGNet 28 B M4 IS 13 LA R 3 N 2

(1) LRN EEHA K.
(2) v = B PR 258 2 SR A

(3) 2x2 WA RN, 1BEA 3x3 BIEREF, B RK—Si G ge08 2 =) B KR 250

AL .
ConvNet config. (Table|1) smallest image side top-1 val. error (%) | top-5 val. error (%)
train (.5) test (¢0)
B 256 224,256,288 28.2 9.6
256 224,256,288 27.7 9.2
C 384 352,384,416 27.8 9.2
[256; 512] 256,384,512 26.3 3.2
256 224,256,288 26.6 3.6
D 384 352,384,416 26.5 8.6
256; 512] | 256,384,512 24.8 7.5
256 224,256,288 26.9 8.7
E 384 352,384,416 26.7 8.6
256; 512] | 256,384,512 24.8 7.5

& 5-28 VGGNet 52 7| 7Ef8 A Multi-Scale YI|Z5HS 1] top-5
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5.8.3 Google Inception Net

Google Inception Net( A i R GoogLeNet) fll VGGNet #: 2014 4 ImageNet #k ik ZE(ILSVRC14)
HIRRE, 7 AI3R1G VB — 2 ME 2, XWEEM SRR SR aM g R IRER 7. Hd
VGGNet ##7K | LeNet LA AlexNet [ —SEHEAR 254, 1fif GoogLeNet NIl 1 58 0 R BH ) /4 2% 435 #4)
ike 2014 4FiX Ja kb 229 1Y Inception Net — M #FKX A Inception V1, Hirp— /MR 8 T RF 5 55 T
THEEMSECE R RIS 1745 H AR R PEGE: top-5 HIiREN 6.67%, A 3| AlexNet ff)—3F-.
Google Inception Net H: 52—/ MRS E, NRA:

(1) 2014 “£ 9 H, & (Going Deeper with Convolutions) $&Hi ] Inception V1 (top-5 ffiix%
N 6.67%) .

(2) 2015 %F 2 H, W3 (Batch Normalization: Accelerating Deep Network Training by Reducing
Internal Covariate Shift) & 1) Inception V2 (top-5 =% N 4.8%) -

(3) 2015 £ 12 H, WX (Rethinking the Inception Architecture for Computer Vision) 42 1)
Inception V3 (top-5 %% 3.5%) .

(4)2016 4 2 H, & {Inception-v4, Inception-ResNet and the Impact of Residual Connections on
Learning) & 1] Inception V4 (top-5 = 3.08%)

1. Inception V1

Inception V1 HIRIRE HA 22 |2, (HA/NEILL AlexNet #1 VGGNet /MRE%, GoogleNet S5 A
500 /i, N AlexNet ZEMNH 1/12 1%, & VGGNet ZEANE01) 1/4, Pt PALE N A7 2R 115 B2 IR
A PR %, GoogleNet /& LLEC I % HE: MR )G, GoogleNet Fi M gt 2 58 H: Ik £
Inception V1 A ) ZHE /MBI PR G R R PR TR ERCE R, RiLGe /I Eomsh, G~
EASE

(D B3 T REREERR, KU ERFESMM0E CRER RSN 1x1D) o BTl
JZ)LF 55 T AlexNet 2¢ VGGNet 1 90%Z %, HiXL50E MG . KN eRHFEiit
ERE S EREENMIAMEYE T Network In Network (NIND 8 SCHJEAH, X BERETR )| S5t ke i P 5
PR L 1 S R,

(2) Inception V1 HAH.Lr#¢ i1 Inception FHt (Inception Module) 271 1 ZHiFIHI 2%,
BRI P25 2544 WL 5-29, X — B/ fE45 T NIN [ AE, 0T LR A Inception 554 £ 5kt [F] K
PIZg ) — AN N2, FLEE ] DL E BINAE — BB ORI %% . {H Inception V1 Lt NIN B HA L
FHHb T A e T SR ES, NIN W 3 22 GO R)EFUZ Al MLPConv JZ
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Filter
concatenation

e

e ' e S

1%1 convolutions Jx3 convolutions 55 convolutions
‘--\-“-\-\.‘_\_\_ ‘ f__d__.r
Hh‘"‘"-h ..-d""rf — -
Hh'“"'-.._ _..-"f_ e
e | m—
Pravious layar

Jx3 max pooling

——

(a) Inception module, naive version

o

-

T
-

1x1 convolutions

o

—

—

Filter
concalenation

—

-
e

— ——
. —
e

e

3x3 corvolutions

3xo comvalutions

1x1 convolutions

)

}

121 comvalutions

1%1 comaiutions

Prawious laysr

]

A3 max poaling

i

(b) Inception module with dimension reductions

K] 5-29 Inception V1 ML~ EE (BB W (Going Deeper with Convolutions) )
B TR, AL Inception V1 BRI, FARWIF:

(1D HBREIAK—ADThRE, Al LLSEBUmE Jy ) ) FR4ERg 4, 2 T2 FRab2ng, BURT4%5
PEREER LIS TED , 1E Inception V1 H 1x1 BRIV T-F4E, /BRI ANERRIE I 4E

.

(2) 1x1 BRFFERIThEE, BT 1x1 BRRA 1S5, AT R GERE B T — AU
B (scale) #1F, HHIXNREZREIALEINGFH KL, TEESRMEEA I,

(3) H4hNn T P48 IR

(4) HEHN T P48 58 P

(5) FIBER T 1x1. 3x3, 5x5 BB, 3007 W28 X ) e ad A%

2. Inception V2

Inception V2 %% >] | VGGNet, A~ 3x3 FIBEHEIR T 5x5 FIRER (HT RIS ER
WS . FFRH T 4 1Y Batch Normalization (BN) 57k, M4 45 1& 5-30 Frx. BN
e — M EFA B IENL ik, BT PR RS AR R 28 51 g B2 INRAR 2 1%, [RImf e 85 17 25
ffi % 0] LAAF 2R R4 T . Inception V2 FYPEIALE T LA P A5 :

Filter Concat

Filter Concat
5x5 3x3 1x1 e
1x1 1x1 Pool ek i
Base
Inception V1

& 5-30 Inception V1 St 3| V2 HIMLE &5 S E

1x1 Pool 1x1
Base
Inception V2

(1) AT BN JZ, Wb 7 WEH T 2 Wt8 (InternalCovariate Shift, N #EBHZE 7o 125 7 Af
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KAEZN) , SRR HER AR — N, DEmESrAn (BPIER 4D . s 74
R B, BeLARE KA SEZR NS, SRR, FItaWEFEMEE, FNAEA—FOEN e
A, A LAJE> dropout EHIE .

(2) 2 MMESY) 33 conv & 4X Inception BEERAH ) 5x5, M SEHR 28R B 3 n, R 25 B
PRERFESEIN 1 9 2, BRI 1 25% A E F AT 30% )15 &

3. Inception V3

Inception V3 M8 = BELE V2 [l F42H TR0 (Factorization) , W 5-31 P, H
T B A LR P A

(D ¥ 7xT RPN —4ERER (1x7,7x1) , 3x3 0 —FF (1x3,3x1) , XFEREFAL R
WE AT DAINER TS (2 RETHELRE /1 nT DAHRIG IR ), T LUK 1T NS REL 2 NG
(A2 IR i3k — S0 BN, ANITIHE 0 1 W 28 ) AR 2, SRS Al i1t 1 35%35/17x17/8x8 HIALLR.
(2) HEINMZE 3R, MEi A 224x224 25 T 299x299,

B 5-31 B 3x3 HBRRRR 13 BRI 341 HHA

4. Inception V4

Inception V4 AMLLT V3 FEEEZE S 7 WM ResNet, 3% J Inception-ResNet-vl .
Inception-ResNet-v2. Inception-v4 2% . 5<T ResNet FA PEFAE 5.8.4 7 5t FH .

ResNet [R5k Z 451l 5-32 B

Relu activation

D
.

Conv

I

1x1 Conv

/

Relu activation

& 5-32 ResNet fiELE M REE
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Inception 5 ResNet &5 i ) 28 258 W1 ¥ 5-33 P

Relu activation

o)

—

_hh-_‘_‘__h'_""‘“-——_._
1x1 Conv
(256 Linear)
/ 3x3 Conv
(32)
‘ 1x1 Conv f
(32)
3x3 Conv 3x3 Conv
(32) (32)
/ | f
1x1 Conv 1x1 Conv
/ (32) (32)
/ P ——
Y—

f
Relu activation

] 5-33 Inception 5 ResNet 454 Ji5 B 28 45 M7~ B B
PLLE, FATAT AR —F Inception V4 R &, BEARLIF:

(1) ¥ Inception FEHLAI ResNet 454, 21 | Inception-ResNet-vl. Inception-ResNet-v2, fiff
FUNZRE, WSER, R .

(2) Bl 7 IR Inception-v4 i A, Z{ A Inception-ResNet-v2 1 21.

(3) WA K/INFI V3 —FE, i8¢ 299%x299,

5.8.4 ResNet M%g

1. &k

ResNet( Residual Neural Network, 7% 2= #1228 9 2% ) f& HH AU il 0B 1Y) Kaiming He . Xiangyu Zhang,
Shaoqing Ren Al Jian Sun VY4 N\ F 2015 “F-7E HA2 W {Deep Residual Learning for Image Recognition)
e i, JE It ResNet Unit IR T 152 EIRIIAHZE M 4%, FH7E ILSVRC 2015 LhFEH Y
3 V%, 1L topS ERVFEIRZEN 3.57%, R SEHAELL VGGNet K, ZCRAAEH . ResNet
[ 25 42 ] DA PR ks R AR 22 W 2 N 25, BB vERR R e THBAE W .35 o 1E /2R84 ResNet “ i
BYSH” HAERRE ST, B USRI 2 5530 EZAE ResNet50 28 ResNet101 Al b 52 B,
Fd, ol RS ES S Sy H] T ResNet %%, Alpha Zero tf#H] T ResNet, A] /i, ResNet
i SEAR 32U

2. ResNet 48454

ResNet & &% 7 HE i M 4% (Highway Network) [)EAH, B o5 Gim A5 B B L 2
fET I ZSZ R CGRATATCAERAR N, WSR3 TRl d HEMEs WS EEES) , H
SEPR | ResNet Xy s g A0 28 I 28 04T 1 et (R 2T A mr B BUEE Y, 1f7 ResNet MK HI{E
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MBS Z) o I’ 5-34 25 H T ResNet 2% 9 25k 2227 ] oo = A
X

weight layer ‘

F(x) l relu identity
weight layer ‘ X

H(x) - F(JC) + X | shortcut connections
o (R )

/] 5-34 ResNet 2% 25k 22 > g

FAVRIE, 1EAEG RGN e SR M 0, 5 BB EN 2 s b S EE R R R, i
FESFILSE R @, HL 28 5EHH BT R ul BF EE R AE /™ B e i, 3 BRAT 1 i IR AR e X 2 BEAT I
FlZR. MAEIRATINIRS], ResNet ] DUl HPEARER NG B B Bl o, RRERE b
PRAE 75 B e B, AN I 2 DU B2 5 30 Fan N s A0 i HH i A7 AE 22 5 O 5B 0 B AT, Af KRR

& TR 22 SIS

1 (Deep Residual Learning for Image Recognition) " &H | ResNet HEELH PR Z5F (1
5-35 ), FSEHIEFEAE ) ResNet B FFAEIX 4 B — . IX I FP &5 70 71 X ResNet34 (2
KR JZ M 2% ) Fl ResNet50/101/152 (AEIRZEMZS) , BANEHEFRN— “building block” .
o X AEFR A “bottleneck design” , HBHUE N TS EEH . AT 28 2 2R %2
B, FEFRZE 2% A ST A HH vm P 4EZOR AR R, BRI T SR e 438 20 3R = M 28 | & S 30 B AR,
ML MR EME ST IR RS TR 2, KRS 1Ix1 SR TR4E, AR —

N33 BRRE, BEFEH— 1x1 HERRKRE B ATHI4EE .

64-d 256-d

K 5-35 —JEFI=JZH ResNet 2> Hith

5.9 FIA CNN 3 MNIST #iE&EH#HITE /92

ATEAV T — MEIEGETME MR 25 2561, BRI CNN Xf MNIST £ 4

AT r3k.
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591 HBEHEK

HAEAE AL AT LA X A AR B A Bl A2 : MNIST #diafE. MNIST FdEHEEM 0
3 9 MFS5H TR BB ERE FE. BHEEOS =R TEEE: gk, BiEfmitE. F
MFRA PRI EHOIZR, TN P BEFLERE 2 E A H R RRIFEAS, BLYEAL CNN Y

FHEST -

5.9.2 =SCI CNN

AR W e BARRS AL T chS A J2f) 5 cnn image classification mnist.ipynb #.
B, A E X TensorFlow G477, M RN (FHEO Ffid bR ks, REE X
—NEJRBEL BB TR R S SR

# A (BB M@t (%) HALFF

tf inputs = tf.placeholder (shape=[batch size, image size, 1mage size,

n channels],dtype=tf.float32,name="tf mnist images')
tf labels = tf.placeholder (shape=[batch size, n classes],
dtype=tf.float32,name="tf mnist labels')

# AT WEEREIERNERPH
global step = tf.Variable(0,tralinable=False)

&R, AR e SRR A AR B, e RSP EAEA  22 LA R 58 i S AL E 1A
+ VA EA R E

layer weights = {}

layer biases = {}
for layer id in cnn layer ids:
if "pool' not in layer id:
layer weights[layer id] =tf.Variable(initial wvalue=
tf.random normal (shape=layer hyperparameters|[layer id]['welight shape'], stddev=

0.02,dtype=tf.float32),name=layer id+' welghts')

layer biases[layer id] = tf.Variable(initial wvalue=tf.random normal
(shape=[layer hyperparameters|[layer id]['weight shape'][-1]],
stddev=0.01,dtype=tf.float32), name=layer id+' blas')

T35 X logit i1 5 . Logits & W H] softmax W& Z Al EFME. Ak, FTAVGE S8 —
=
TN GREZE, BT E A T s

h = tf.nn.conv2d(h,layer weights[layer id],layer hyperparameters[layer id]

['stride'], layer hyperparameters[layer id]['padding']) + layer biases[layer id]
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XE, MTFE-EH, i\ h 2| tfon.conv2d K54 B 4 tf inputs. 4, tf.nn.conv2d(input,
filter, strides, padding)#% LA M7 K H A XS H1E
A A8 FH AE e M 0 R 21 ReLU:

h = tf.nn.relu(h)

WG, TR, EHCLT i m A BT 1 K-

h = tf.nn.max pool (h, layer hyperparameters[layer id]['kernel shape'],
layer hyperparameters[layer id]['stride'],layer hyperparameters[layer id]

[ 'padding'])

tfnn.max_pool (input, ksize, strides, padding) R&EHZIF HKH L~ ZE:

® input: F TFRKAF, # X A [batch size, input height, input width, input depth].

® ksize: 3R KEALIE oA/ 4 E L&y N4z Ko, T X Yy [batch kernel size, height kemel size,
width kernel size, depth kernel size].

® strides: #TABANEE TR, X A[batch stride, height stride, width stride, depth stride].

® padding: ¥ vAZ'SAME' ='VALID'.

oK, MFE e aEENE, RATER .

h = tf.reshape (h, [batch size,-1])

IR JE AR AT IR SR A A 22 0, BEAT HE S B0 -

h = tf.matmul (h, layer weights[layer id]) + layer biases[layer id]
h = tf.nn.relu(h)

XIS logits:

h = tf.matmul (h, layer weights[layer id]) + layer biases[layer id]

AT b BB e —ME (&G —EREH) 7rBc4 tf logits:

tf logits = h

TR, AR E X softmax A2 XR§HK, 1K AT B 7 AR5 B R A 2K pRE

tf loss = tf.nn.softmax cross entropy with logits v2(logits=tf logits,

labels=tf labels)

AL TG € A3 2, B UG UERERD A RN TiU€ U8 epoch (—> epoch s i
i—im AN EAESE, BIZR—) I, FRATPRESE 1K 0.5 . IXAR 9o 2] S8R

tf learning rate =tf.train.exponential decay(learning rate=0.001,

global step=global step,decay rate=0.5,decay steps=1,staircase=True)

A, AR ] RMSPropOptimizer LAt 4 € X R /ME, A NRIVER T &5 BEHLEE
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EREE (SGD) , JEHEAETHENLAL RN -

tf loss minimize = tf.train.RMSPropOptimizer (learning rate=tf learning rate,

momentum=0.9) .minimize (tf loss)

F J, IS LRBCT ) 73 ZERRAE AN SE BRI PR AR B A HERA 2, FAT TRE 2 SCRAT Fitill it
AR

tf predictions = tf.nn.softmax(tf logits)

HAT, FATEA5EHK 15—~ CNN ZhHe Ay 81 TAF . 2438 1 AHR R ECR L CNN Z544)
FE AR B R PR JEE el D457 2% K5 0 2 Dy AR o] WA . FRATE I ] 52 CNN KRB e 2T 7]
PASEILN F5 BT 0 K5 2] . sk, 83 CNN, FRATTREUE A 98 % LA ERHERIIE . T K
AR ONN F=AE )25 R, K5 B9t 2 CNN JGidk il 1) 2R 26 AR

59.3 %t CNN 4 gyfninss R

FEIX B, FRATAT LA B B AL — L E R AR R 70 R HIREAS, AVEAL CNN R 5 ) g
(K 5-36) o FATATLAER], X 1EM>2RA5L6], CNN Xt AR A5 0, Xa] Ay
AFER RAFEE. SR, IR R ZRA06] T, F AT CUR R e 1L e b R,
ENEWAFELFEEN (B, B AT NEMGES 3 MEBD , XAXRE, XA IR,
CNN #HE MR R IEBIFEART 4 G . st REHIIXEA L, (HIERFRIPRESE T A28 0
g, JF HARFETESS 20, Bltn, B AT EIME, (BRI AR A S TR

B SR

IF 78 47 %4 4% 25 ) Sof tman 7L

(a) MNIST IE#f4r 25545

R E

E1 S K9 K ) ) B2

RS BH EHSof tmax AN

(b) MNIST #5134 2 5L
B 5-36  MNIST IE#§4)25(a) F48 1% 73 25 (b) ) 24
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510 FIF CNN i#{Ta1F 49

AR CNN FZEH FHEN AT S, (B4 NLP s th 2 5w 2, E X a) 7041 5%
Ik (FEER VA

Ea) TR B, BaEn) TR —FK. WAV —A 1 R, A m @A
R ) A BT (BRZE) o Bilf, “HWERZRIRRE? 7 B M, BERRRERE “N7 . K
T @A) TR AR SE, B AME eI Rk ) B SiE . 51 Gn, http://cogcomp.org/Data/QA/QC/_E 2 {ik
4] REREE, AT AR E] 1000 MIZRA) T K I8 3 BIARZEA 500 4~ H) 1

XH, IPEZSHEKE MR Yoon Kim T 2014 K £ L (Convolutional Neural
Networks for Sentence Classification) , Kf#% CNN 7£ NLP A£55H ) LAEU . 281, A CNN
AT )T R 5 IRATHS I /) MNIST ~fF AR, KO LEE (B, SFAbie) 2
RAEME—HEMA L 42 E. s, XRMeFi S5 EwmttbeE e —EnER, £
Mt 2B 3. FHIERAS, J#E chS 432 FH 5 cnn sentence classification.ipynb Y {4

5.10.1 CNN Z+3ZR4

MAEFATTHE — FHFA) 720250 CNN RIS B 5%, IRATEHE e 4E £dE 5l =) 174
i  CNN 0] AR AAACER ) i e dg e B Tk, EATTHS BB EEmmEH Ta 1702, &
&, FATTEIHS T IX Sl A el iE R

1. E0EEHR

B —ANH p W T R A) 7o B S, AT — SRR AR E 78 0] 1 (R a) 71K EE 2/ T
n i), A TKEREN N, K n=pe 8K, AT EE KN R ERER R AT
], HoAiZ ) & 0] LAA] One-Hot 4mfd %S, WA LAfEH] Skip-Gram. CBOW &Y GloVe F5#5
Bk For. G, —HRAN b Ba) 0] DL bxnxk FEFEER R

N HRE — M T

® Bob and Mary are friends.
® Bob plays soccer.

® Mary likes to sing in the choir.

(EIXAME T, =) TR R 2, BRI E n =7, IX2F =07 a4
Rk, AERATE — T 811 One-Hot It m 1t . HTBANR FTXEA 13 MFERH
i, PRIHIRATIAG B R

Bob: 1,0,0,0,0,0,0,0,0,0,0,0,0
and: 0,1,0,0,0,0,0,0,0,0,0,0,0
Mary: 0,0,1,0,0,0,0,0,0,0,0,0,0
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B, HFRFEAERE, =13, @idXfpRR, AT LK =) 7R AR 3XTX13
I =25 %, Wk 5-37 Fis.

Mary .| 0|0|1|/0o|ofo|ojo|o|ofo|o]|pm
ke |0|0|0o|ojo/oflo]1]0 0o 0| o
P olololo/olololo|1|o]ofolo
Bob |1[ofofofofofofofofofofof[eD|o]o
lays |o|oflo|o|ofl1]o/ofloflololoob|o]o
soccer |0|o0]ojololo]l1]lolololofolob|o]o
Bob |1]oloJolo]lolololoJolololoblo|ob|o]o
and 0 tololololoflolololololob|olo
May |o/o|1/oloflololoflofloloflolob|o]o
are o/o/o/1/o0|lolololoflolololob|o]o
fiends [0/ 0|0 /0|1|/0|0o|ojoflolo|o]lo
PAD |o|o|oflo|lofo|o|loflofo|o|o]o
pAD |o/o|ololoflolololoflolo|o]o

& 5-37 A FHEEREE

2. HBREHED

WERBRAT T ZBEHEE RN, HalE i, WER R — R A — A a) 1, IR AN TR EAR R & —A
nxk HiFE, Hn REREHNTRRIEEL FE—MARERGEE. £ RRAETF, XN
e 7x13 HPE.

ILAEFRA RSB EAE TG € SN mxk IR/, Forb m ot —4E G BUE B RS 19 R/ . 18
HAERADA nxk BN x SR mxk FIRCERAEFEFE WAGERIEE, AT =KD N 1xn K h

i, W R
k
Z W@ X(i+j—1.D

=1

hiy =

m
i—1

]
K, we R W EG JNTEE, RIS «. 643 h BFNN Do B8k, AT
I A X, R R

h=W=x+b>b
XH, *E X 7TEREE GFER) , EIPEHEN—N85N0brERZ b B 5-38 45 tH 71X

iz B

RIG, NTHIAFEMRMEES, RAWRE T AATFAEBEESR K IKFITE. BNERE
Bt — NN Ixn BIBSRA &, FRA TR ERX S LU R — N KANA ¢on BIEREIN, H
g RBAVMER R IFITEL . ¢ K, BRI GEERLT

B AEE T LU CA R 75 AR . A — N HEE PR ST a8 (A WS40 28, IEm R 2 i)
EATE L AT

® ] like the movie, not too bad
® [ did not like the movie, bad
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baes

L

"

Input . :
(nxk) : Convolution
Outputofa
Single Layer

A Single Convolution Layer
K 5-38 Al FaRPEREERER

BAEAR R — AN RANA 5 FIEBHE O iERANTRE-GI & O W sk 3558 in) (FR1X L i 77 fiFg i
*) .
1)1 “I like the movie, not too bad” HJf M1 T Pras:

I, like, the, movie, ',']
like, the, movie, ',', not]

the, movie, ',', not, too]

[
[
[
[movie, ',', not, too, bad]

)T “I did not like the movie, bad” HIE MW F s

I, did, not, like, the]

[

[did, not ,1like, the, movie]
[not, like, the, movie, ',']
[

like, the, movie, ',', bad]

TR, W R PoRE) R H RIS IR TR -

[I, like, the, movie, ',']

[movie, ',', not, too, bad]

SRIM, XFF 5 a)ih, BUR & H 4 R TFSOE O -
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[did, not, like, the, movie]

TR E AR, RIERATRE B BRI A B T X PR 01T or 38 Bln, anRAE ] v
Al 4E (bag-of-words) Z EMFAKIE T RFNE BHA)TFR, BAFRIN G TRRK SR
AR . BB EAERE A TR hE. ﬁﬁ@f#mi%mﬁm

Wi B A IES KN ¢ DAFRE, #MZMzgsg 3] 5200 7 BA AR R/NEERTEI, i
o 1R

5102 WiizE

WAz B VU A A AT N FRAT B RE P AR B B T T OOREE, ke BL R 5 Ok SE
L o

G — 2 h B4 RANA @xn. B I [R] FIHERS , 241z B0 = A /AN R g< 1 Wi i
HARTHE T

hi1 = max(h®)

HA, 1=si=q.

XHE, MO =w® «x + bREHE i MEREFERGE, wORBTHZEXNNEMBES. M
52, MR, i FiEEEE NG ERN R AT keI M E. RATKAERE 5-39 4
B A B

Output of the
Pooling Over Time
Layer

Convolution
Qutput of a
Single Layer

Pooling Over Time

& 5-39  HT 874 Rt ikiz H A I 224 B 2 A
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ER: 2R 5-39 1, FATHBEERIBERE S TGP E R B E-
B 23 TS A X EIE SR 2 1K 5-40 P28 .

Convolution
Layers .+

L L] "/
| L =
TLL] '.""f |
hana 21 | | Qutput of the
| L ] > | | pooling over time auf
Ermw . | A ayer '___.,-'
1 i | | - }
™ML r [ 1 Pooling
L1 Over Time Fully-
TIL] | | Layar Connected

Layer

Softmax
Qutput

Input

(nxk) Convolution
Qutput of a
Single Layer

i 5-40 ATFATF2IER CNN iR ER

5.10.3 FIMH CNN I aF 9o

B, JATRE R A o fa At S) 1, AR EiE] B One-Hot 2w f% Y ia] ] S %< . AT
FOE A ) B 22 iR L L One-Hot 4wf& s EafpyPERE, {048, s i, RATXHAEA] One-Hot
IR

sent Inputs =
tf.placeholder (shape=[batch size,sent length,vocabulary size],dtype=
tf.float3Z, name="sentence inputs')
sent labels = tf.placeholder (shape=[batch size,num classes],

dtype=tf.float32, name="'sentence labels')

XH, A1 XL T EANARA—460 2, Kb =1 EEE eSS AN e 3. 5 /17 (f8
filter sizes FF NHFIRMAL) , LA EAN1E B 1%

wl = tf.Variable(tf.truncated normal ([filter sizes[0],vocabulary size,1],

stddev=0.02,dtype=tf.float32),name="weights 1")
bl = tf.Variable(tf.random uniform([1],0,0.01,dtype=tf.float32),
name='bias 1")

w2 = tf.Variable(tf.truncated normal ([filter sizes[l],vocabulary size,1],
stddev=0.02,dtype=tf.float32),name="weights 2")
b2 = tf.Variable(tf.random uniform([1],0,0.01,dtype=tf.float32),

name='bias 2")

w3 = tf.Variable(tf.truncated normal ([filter sizes[2],vocabulary size,1],
stddev=0.02,dtype= tf.float32),name="weights 3")
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b3 = tf.Variable(tf.random uniform([1],0,0.01,dtype=tf.float32),

name='bias 3'")

AN R B X =50, 80N BET 1 GRE, EWmIRATRINDE SCRIAEE. FA10T LA
fii ] TensorFlow 2L tfnn.convld BRECREEFASE AT . FATEHI PR 1 (stride=1) FZEIHEF
S g 8-S AN B AR R R0

hl 1 = tf.nn.relu(tf.nn.convld(sent inputs,wl,stride=1,padding="SAME') + bl)
hl 2 = tf.nn.relu(tf.nn.convld(sent inputs,w2,stride=1,padding='SAME') + b2)
hl 3 = tf.nn.relu(tf.nn.convld(sent inputs,w3,stride=1,padding="SAME') + b3)

N TR () AR T R A B e A, AT e B R A R BUKRAE TensorFlow A 47 4H 5%
iz, [AN TensorFlow %A HATHEE KA R A . 1M5EFr b, 405 1X L0 R EOA BRI
BHAG, BANTESENGRER AR KME. XN EEER— M rE:

h2 1 = tf.reduce max(hl 1,axis=1)
h2 2 = tf.reduce max(hl 2,axis=1)
h? 3 = tf.reduce max(hl 3,axis=1)

ARG, BATEEM 1 G EreAruftt, BLPA2 K/ batchsizexq Hfait -

h2 = tf.concat([hZ 1,h2Z 2,h2 3],axis=1)

ok, HADE LG REEN R, X5 2R 50 4% 8 2 th b Ak 2 B ) i 7= A 1 A
batchsizexq. fEXPFMEN T, RA - PNEREENE, XRS5 HE:

w fcl = tf.Variable(tf.truncated normal ([len(filter sizes),num classes],
stddev=0.5,dtype=tf.float32),name="weights fulcon 1")
b fcl = tf.Variable(tf.random uniform([num classes],0,0.01,dtype=
tf.float32) ,name="bias fulcon 1")

Ak e S R ECRs AR BB e T A X 28 451 K Y logits:

logits = tf.matmul (hZ,w fcl) + b fcl

IS softmax BEE M H T logits, FRAT K IRAGAH G FLl -

predictions = tf.argmax(tf.nn.softmax(logits) ,axis=1)

BeAh, FAI TR AR R, B AE SO K -

loss = tf.reduce mean(tf.nn.softmax cross entropy with logits v2

(labels=sent labels,logits=logits))

N TS, AT 148 H 42 4 MomentumOptimizer Y] TensorFlow N B LAV 25

optimizer = tf.train.MomentumOptimizer (learning

rate=0.01,momentum=0.9) .minimize (loss)




160 | TensorFlow 5SBE%AES4EM A

AT LLPAT IX Be S0 AT 5 RO EAE, DAMEARAL CNN FEiEAd 451 Fh 44 R B, BRI 1%
)T FRALS R TR 90% (500 /M) 1) BIMKHER % (7F 49 4> Epoch L, IIZx%i#E
FISEIAR 2k 0.28, MR 2 HERG 2 88.333, T WARIZIZITE )

X H, T CNN #HATH T R &5 o) 1 o BATE e ihie 7 ks — 4B AE
L #5N pooling over time HIFeIRIfLIZE AL &, DASCHREL T ONN 22 0] 700 K88 . &Ja,
AT T AT fE ] TensorFlow K SCHLXFER) CNN, FRAVE R EAER) T BHRINE LT .

T RRIA i o o) B S EG, ABh T 3RATTFE B S S A 4 IX Bl ok S Bk A R . RO ERAT T —
(R T2 S5 sE R RR SO, FF HIRA VAR AE A el S B 4 SCRS AT 8 T WAIR Julius Caesar. 7EIXF)
LT, FRATTRIRISZEL ) A7 70 FREE 0] AE N —A TRk 285 AN+ — PN AR AT, AL B
A HY .

) o 0] VR 2 HARAE ST, — 4 DL A 38 2 K F S VER 70 28 9 DR THT A B £ T AR, X6k
T HNTEHEFRIBER .. AT 08B0 0 —ANEEMNAEERFE, RATTUMNE &S KECER
R SR R R B IR R 2] 1.

511 BZ

ey =H

EAZT S, ATHEAWH T CNN Bk LK, HXNHOLDNEHRDEN GaNE. GRIEEE.
WHE. L E . 2% EE) fIlNRAZE AT (GHER., biz®E., EEsFZARNEE)
ENRN R

Hk, HAVEE S CNN M IIANFEARIZFH F oo CNN B A ER ST 8 — A, X
HTAFEE AT 7V, FHhie 7N S5IX s AR S 2, Flnid iEds K/ BiaAl
H7E. AT B HFER CNN HH &AM, ROV ATRETEAIHEE 1 X B A 7

e, fAleat T LA SR a4 : AlexNet. VGGNet. Google Inception Net I
ResNet, FFiZ—MMLE AR, S5t RetEss sl S5 T 1 VER MR L, A 3RATI6 I LAk W i i i 22
i e A R O o o SR M ATt < ¢ 11 N 2

e, WAV TR LR R R B A B ER B 2w, Al T ARG A CNN XY
MNIST £ G470 AR ] CNN X a) b 470028 . 72X MNIST RSt 1T B 702K,
A VAT 7 — 25041, BL TN A CNN ikiEmiii ol e &g . imfERI A CNN X a) 7287
GrRHR, FATHE 7] 6 a) T 40 50 CNN 284, FRESEFR B 0] 170 AL 55 Bt AT 1 k.

e~ —F A, AP ST 18 T 2 NLP AR AT I L M 28 22— THAA P2 M 28 (RNND.



TRINFRLE P 4%

AT, BATENBIEH LML (Recurrent Neural Network, RNN) , ‘Bt — B A H
MINFHVBAER ML WL, LI TH AR FHx b, x2, 23, .., xTIXFERIAPZE N 2%, 3 Eedg A n] DL
AL EH - BEFES, FHH oo R IR T H 2 57 I o = AR AT AR A A . RNN B R,
WU AE AP P 2 Bt R AP Hh 3 e 31 5 A 1R R 98 P A v B2 1) 145 B o LA 3K /)N m] 32 1 RS
RNN fetigy g 2 KB o) H 2 HaEe e A  n] R KR P51 . BRI, RNN S8 72 FT##
R UEF IR SRR 15T BUR T A R IDUF L 25 B 15 55 1) L

HSZ, RNN fE4idrE — ISR, DI IRIUT FI80dE R A7 0 SRR =, b ae g X 17 31|
RE A . AL G AT 2 N 28 A B X R EE 77, FRAE I IRIUT 71 A7 AE 1) B 2 A s R IR s ok
R B AT R R . AR, X IXFERFE R s A AR R MER o 15t Y 28 0 e 51 B R AT AR AR ) 5 — A
J1 ik ) e e A BB B S AR, (B2 X — R RIS I A7 89 & /7 BB,
X ARAT AL T BRI B = )\ EALEs T S MGt = A B A FEAR R A RS o L 22
. RAZHSLEAB R ge T e BIA R AR BT LAz k. [z, TERRANINIA) s B35 Bl
HIZH, X APHE LR EZ AN GRS IS P P BE, 1 BASGEAERS 7] _E 3L = AR P K B
IR A ML ERISG T EE . e, X —MEEKER AT, RINERNGE, LS aEEn6
W& BB MR IE R — 124, XA TR ML B P EIE S AN T EF 2],
RNN HF7E 2N (5K N RS L AR RIFACEAE,  PRIHEAS ) a) B A E E = AR 2] — 3

EAZTH, FRATHRANIR T RNN 4075 . 756, A PREE v 5 B & AR B i e I &
FIHIEAMZE . k2 J5, FATRGEEFAIEIEEE 5] H RNN i p Rt 8, PN RS
VR . A OB IRANT FAR SRR A, 610 RNN {4t oFEASECE 0, FF578 RNN
N B LR R —XF—, —X 2. ZX—MEZXZH) RNN. &S50 2R 0a468 1
RNN F:F I ZREdE Sk A ol CAS, FF0018 RNN —2 /IR . fETHEA PR, Al CA Z J5,
FATRAE RNN B9, #7108 RNN-CF, 5% RNN AHLGICIZE K, &Gl RNN-CF 4l 5
B, et T A oA .
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6.1 HEERERIFT

THE B — Rl T RSP B Rk R 7 3 B0 OV A R, 38 R RO BT Reiz
So BN, KA. ZE00S B AT UK O THRS . X LA AS 5 RNN THEAS 2 1) 52 S5 it
fTEDRE, XEEEBEH BN T —DF . PGS RGHER T2 .

5S¢ = f(s(t—l); 9) (6.1)

X s AR RGURE
WARF (6.1) ZEHH, MTAHRK 15, X (6.1) BRI REZGIANL RIEHE)R
B Bk, X RIATRE ALt A et B RS AR R AL, W 6-1 Fras.

!’-4‘\ "~‘-‘

: . I' 1

i s fro——pl S W f—pl s el 5. Jrmm- - s ]

(er) (o)

oLt e f ' I o FooelL
K61 = (6.1) BIiHEE

K 6-1 # (6.1) ICERLHIERGH EIFFTERE R K. A SRR AN Z)
t WPIRES, FEEHRE K ¢ FPIRESIE B r+ 1 ZRPIRE . Bra P K& EHAERNZSE (T
ZH AL FRIAEE 0 5D
MG INEESHEARENR T, HINBE S BEREE Rg KA T
St = f(s(t—l):.?(tig) (6.2)

ARYAPIRES R TN ERFINE B

SLPR_b, PG AR R ECA 0 b ] DLREIA A — P IE At e 2%, B 2 0 A ph 2 R 45 0]
L (6.2) SR R cE. FHGHIRESZE h 1A, 12 2% RNN 8 A,
= (6.3) Pros:

hy = f(h(t—l}rXt; ) (6.3)

Zitral (6.3) , FAIZ i RNN ERINSMTE 5 x WO E B h FREAT B = i, W
& 6-2 B

” PRl
1 ' 1
. — h[..‘} P @—@—. ey h{...j [
* R + * - +
AN f (L)f f (*T)f
\*~.
uxl’f_g © ﬂ'*lp

Kl 6-2 RNN 7ESGINAMER(E S x BEEBURES(E B b 34T I Ay~ 2 E
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K 6-2 s fAtmt, HAEHMBNALERBRA x BI{E R, RKHEIHFRIZ IS ) =Ry R
& ho BRI NP IRFEE], BEOTERRBAN PR . A EIE— M2 4RI E A,
HAp BT AL S — AN € 1IN 18] SE AR SR .

X, & 6-2 72 nl g o B O BRACRAERT Z) RSB Z1 ¢ + 1 ARSI ZI TR )
HEAFA .

FAVRIL, T3 (6.3) KR el A WR T, — e A2 EIACKR [l 5 H# U 9E A -, 55—
AR IR R. TR, M etz E b, AarkaS e AR MRS
P AEEITRUERN S, RRfEE MR 2 ARNEREREA, — Pk —4
AR, Rz g EAFRPIRES TSN, SR E TR E SR AL A I3RS A
R K g, RACERE ¢ B IEITJE TG -

he = ge(Xe X(t-1), X(t—2)r -+ -» X2,X1) (6.4)
R (64) MR (65) . HTFEHG,ME, CRISKITEZ AR U0 Xy Xox)

NN LA RCYRDIRES . RN FRATT LR B, B RIS 454 5o R AT THE sh B g, 7 i N B 8 N H
FIRE fo AR, BTS2 R DL R T 4b.

(1) BwHFAKEL, INgRiFrER —HBEA RERmA KRS, XEHTFERERAEE
A AR FEE R SRS FiE S, s —AIRES R A —FRIRES I # .

(2) TEEAI (a5 FRAT AT LA F AR R S 208 A8 [F) 3% 72 sR 28 £

zr BHA, faA AT EEE &8RS, EAREIRMIE, T ] DLiE b ik H A 1
THE AR, 0] PLEBL B 2UE B B 8 B8 A2 i RS LA [a) b pa) g (oF&0 4 s A4 26) Al fe (i
AL BIER.

6.2 RNN f&i%

fRE

6.21 FHIHE

[ -

CEBLSRA T AR, FATTREE B BN R 2R vy, X2 X3, oo X1) s 0 V2o V30 oo, Y IXFEI T 51 2UEHRE
H HiX 88 5| AR AL 2 DU A AN A, Eet:

(1) EEHRESKREF, yTUAERNE A0, x AERNEANE, f5HCAUEHE.

(2) EEEAIS, xy, X0 X5 AW FEEE S

(3) fERfRFA @i, B8R RENE. B RFRES

ZE5 6.1 THINE, BATTAA B Ay RECR, WT:
he = fi(h-1), Xt 0) (6.6)
Ve = f2(hg; @) (6.7)
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FATOT LB f~ LRI x A1y WESEEERFERME, BFg—Suf, B (6.6) « (6.7)
T REWMT:

Ve = L(fi(xe he-1); 0); @) (6.8)
R ieix B t=4, tha(6.8)1T Ky, H:
Va = f2(fi(Xa h3; 0); @) (6.9)

XS (6. — B FETT, FATTPT IAF RN & 45 R O 7 RIEIEWHE ., X BAIEOM )
Ya = f2(ila 21z, f2 (i Oz, f2(F (X1, ho)))))))) (6.10)

A 14 (610 7E R T IR, WK 6-3 Finx.

ORORORS

f2| z

D) O“{D
B 63 x My ZEHIRZARE, BEE N, EE4sy &

KR, —AEERR I R B — IR f Wy + b) AR .
X FARATE E IR 6, FRAT— AR L] 6-4 RAEHE .

©

f ot

f;l
A
K 6-4 —> RNN £8P 8RR E

RAEM, YT ha s, SEPR ERBEER e Z TR IR e WEEUL, Ao KPR EZE— IR Z
AT ARy FITEA, FRATAT DAME I PEIRE R R s h REZ E G L, W1 6-5 B
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K 6-5 FIAEFEREN RNN g5 E R EE
E: XBEAEGES 6.1 TP A& X —F, BIMCER BN R K A ZER

EE 6-5 Hr, FATATLAER], X BB 7500, X20 X30 oo X7 VIR B B {1, 2, V30 oons 1} HY
SRR, EHE—BUF, Bidheo1ys he xS EMER Ry, XH/& RNN ftZ 0B PE.

6.2.2 #F=mEEZERMIERNN

IRAELEFRATZR 07— & RNN 224, F8 RNN FRTHE € X . BRI

he = f1(xe, h(t—lji )
Ve = f2(he; @)

IEGRIRATTETE B R AEE, PRLe P2t i — 4IRS AR W2 AR RO ek BT 4L, AT TaT PAe
SENNPES AN

hl‘,’ —_ tanh(UXt + Wh(t—l))

XH, tanh()/E tanh UG EREL, U 2K/ mxd FOBCEEEE, HA m AR R o EE,
d SN LEE . BEAh, WK/ mxm BIBCEAEFERE, eI T I B b BFTEAESE. B

v, = softmax(Vh,)

XH, VEKNA exm FIBEERFE, o A% r4Es (A7 LSS RAOEE) o XK,
ATk AT PAZs X SR AR IR RNN H)Eg 42, Wil 6-6 P

g LRk, JAN LR 1l v A S EPRE R — 4 RNN, JFREEE>] T RNN 55 FECFE
WK R F—F, IAPKEX RNN FBCEERATIAE (BeF g , DUEE 45ty > Fr 5 B i
A
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W

/Q A\
V¢

h h

h
XEIXK

A0
ONO 9 (0
Kl 6-6 RNN HIGMREE, HRRFTE

6.3 BITRTEIR R EEEEE

S IlZ: RNN, Al —FPRp R SUR) e midE 4k, BRI 1 (8] ) 2 7443 (Back Propagation
Through Time, BPTT) . AV H LA BMMERE (BP) B LAEEER; RGN 4 R IaiEEA
BEEEMN AT RNN, LU A& i& v RNN f5 0] PLP=4 BPTT: &5 016 BPTT HAFEAE I PH
AT E R L

6.3.1 KEMEFEIL(ERIE

e A 2 T gRAT i 22 I 28 FOR,  fE mfeshad, $AT LT #R1E:

(1) T8 5 4 N T o
(2) LK 5% 7 S B 47 ek S TR 2% B (Bl iy i FAs SURBRD
(3) (EFTEE TR E fliwg;, (i 25§ AR B RE—2— i 2 7 16 e — A

W (i j)

INHIBAK, BERTHI AR RIBCE R, MIMEREER (2) FRTHESURRIME.

N T EFRR, IRATX BLA AT M s = B B T S A S B Ry . X B A
B—NEME: UMV, BitEHEENME - Ay, BAAE 6-7 s OX BRI h RN fE7EEZR
M .
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B 6-7 HIRMLEITE
BEA, HA T LLR BRSNS, R

dE _ d(y-0)? d(vh) d(Ux)
au  ay dh AU

* o dE 9L dy oh
I T =| \l . o —

XL, B x BIEMIRRES . RAh, IR B T IR R R X R AR D
L, ST

6.3.2 EXEERRREERNERM%E

HUAE, FRATXSE 6-8 ) RNN BEATSE AR, X B © — MEAEE W.

@:-ﬂ.

v
@ =UZ+Wh
©

B 6-8 RNN fitH
TR RN, 135:
OE 9L dy dh

oW 9y dh aw
_d(y-D%*a(vh) ,0(Ux) , d(Wh)
8y  dh ( F174 oW )
i, FETR - ANE AT, ARGk LR . BASEEIES 2N EOR, R
EIBIER (SR, THE O A5 , H h AREFEGEH T W. fEIXA SR T, FATHE
M T 1a] JE A7 2 x SRR, R A x, B RNN BRI I i a8 AR =
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B B BRI AT RIVR LB AR . B PRI e — P HRARTS M.

6.3.3 1#1d &k EE#EVIZ RNN

THE RNN ML RIS AF SR A, 2B BRI AR R IRATERS (8] 22
Ko 4 BRSS9 5] LU R 45 5L
OE 3 OL 3y, dhy 0h;j
ow “I=1ay,0n, on; ow

XK B — BV S RU3 4 AN T KBTI T 25 K OB BEZ AL A0, A1
B SRR PR, AT LA SRR )5 K § 2R FieL, A8 et 61 RN ) 4 /AR 52 R

dhj
P, ZEFHEE LA+ RNN. BRI KBS EL R RNN, B2 AT
5 KARA IR RE IR R, B oo 7 RNN. (LR, ST — AR, BT i) 25 K 1
I, ML At . Ay T AR R, AT 1K £ (T BPTT (TBPTT) SRARALAET,
iX & BPTT HIITMA

6.3.4 &l BPTT

{EET BPTT H, AT GFEBEEER T DR, 3 BRI, ﬁfriﬁi%&f',
SRt AT E S5, JHP T

B_E:Zq_l BL 6yt Bht th
ow =T 3y, 0he dhj ow

X bR BPTT 1HREACR &3 % . 7EhstiE BPTT 1, XTI G, AR ERIFFIEIT
W)L AR K AR EORE (BB A A B AR, XA R LASEIRRY . IAE
g BPTT , AU ETHE R E SRR S8, fTURR, BEEFIIRR, THRERAA .

6.3.5 BPTT BUEBRM——HEiH L F%h EIBIE

TAVE A SRR A OB 4 A BT AE, W TBPTT, IXAEFRATHFFRastbil
2% RNN S, X BRI S B T HoAth i) .
AT TRRFAH AR, RO TE AT RS R, T B
0L 0y, O0hy 0hy 0L 8y, d(Ux+Whsg) d(Ux+Why)
0y, 0h, Oh, OW 8y, 0h,  Ohy ow
P - B R S [ £ 1 o K R 2, AR 20 Ux T, BRI

3y, Ohy @hy OW 0y, dh, 0hy OW
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N HFATXT ha 2k Sz I s B, 158
dL dys Ohs Ohy _ AL 3y,
0ys 0Ohy Ohqy OW 0y, Ohy
XERANTERRA 4 KA —Aws, RIRERTREEK RN “EIA7 B, eBEN
W=D . R TT R W BEATHRAE 208, CASEER I Hofs 91 2R RNt B 4 K 1) e A
1. BEIRX
R FRATIAE n =100 B [A28 4 B W P1aa4AF4E % 7y CEbn 0.00001) , ABARE R &5
N CEEEn 0150 o HAF, T ENUERREUE PR EAR, Rk sEE (BE M) 2
W&, SXBERRNIH RBIERIE o BRI R BRR S a) IR AR . X R A R TR BB, DE
'V REMSTERS ) BRI . TEREMAEE b, MRORbR R T 2% n) R ) 7 v R A AU B I aE 1 (5
w1 Xavier #14G4) , AR TAERA T E (BEREVE, BR T MaT e Ah, A TEDS
ey —A&shm, Bpra e R R, RO EEDL (Velocity Term) ) o 2RI, 1EWIFRA PR AE
F 7 T CRKEEHOZME” BESIFIE, S5 N T EZA MR, FlansbrfE RNN
FRIAN [ 25 #a TR B 55

2. HBEIEE

SR 1K W BUE WA E3E K CEblnn 1000.00) , TIZERF A5 » BL 100 B, AR AR
FAEF R (L1030 o« XL SBEUEEE A, {E Python HUKL3R1G#E M Inf (%5 K)
B¢ NaN (A& — PN EUE) ZRRIER, XN ELE.

B W | PTE (R T e s =B S e ST s st v )3 -9 S E R AN U B2 D 8 R SR e (DN
B BCEME) , ERIAEMIARRTERE MM R R SR, B 6-9 i I RNN fdik
X, FREERTEAREMBREMMAA. WRIA S IXEER R, B85S BIE,
1 6-9 HRISELA PR . X AT RE T ECER 2= 13 K B /ME BB E AR B F A 2 . 7EIXF
0L, J8E G RN ) 1 BR AR 5 SR AR R T A BUE I K b B A A B N 2 8 /. B 6-9
1) R 28 2 2 TR TR B P TR B N AN B IMA R & R AAT 4

hoW3

0.35
(0.30
I 0.25
----- o
= 0.20 &
L @
0.15
ie '0.10
L. 4.8 (0.05
%,
% 5.(53
O 3. 24 = -2.0

-2.8 —26 ieofb

K 6-9 BEEBRIERMN
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KT IIZR RNN H 86 R @, 8L (On the Difficulty of Training Recurrent Neural Networks)
(Pascanu,Mikolov, and Bengio, International Conference on Machine Learning (2013): 1310-1318) {i
TAER MM, R E3EE TT DA B %18 3
A AT L, FRATHS A ER S — X —BREG A RNN. £ oK, FRATRT &P i KR ) RNN i
FRAA, XA R BR R RNN 7E0) 77028 USRI LA B R A IR A B R o

6.4 RNNRJMFZRE

— 3BT RNN 5, 4304 T A0 LS SRR SR B A S . X R 1
5 R AL R NP B0 24 R4 A Ot o AT, 7ESEBRAORET B, ATREAECERERING BL: SNST
G U — AN« BN A R 7 51 LR NS R\ P B0 2 R P 31
1, JRAT TR B AR A

6.4.1 Xf—HY RNN

{fE—X%F— RNN #, HuErm BRI ms 2 fgm A, Wik 6-10 przx. iXFf RNN i& ]
TR PR, (8 e B 2w AR SO AN B DD SRS . IX SRS
— AN IR B R T T . 5 — M TR S R 2R, e B R B REAME bR (B iR A
TEBEAARIBRRE) o ST HE Gy TSy AHR . Blf, ESCARAR RS, Semi
) 3] 2% R 7 R — AN 1A B AN

Yf --.“ yf -h“ }.‘f

One-to-One | | ' One-to-One ; One-to-One
RNN ' RNN ; > RNN SEEE
X1 T > X2 . " X3

A 6-10 AFRAKBIER—X— RNN

RE 2R A ﬁ?x{erl)—“T A 5_)&7}5 [, ﬂ%x(r+1}qP1ﬁ$z£ﬁﬁ$ﬁ)\c

6.42 —XI%HA) RNN

—XF Z ) RNN KA B A5, Wik 6-11 Bros. i BAR AW A DO Z 0] S LY .
LU, AT T EG RS ARG BT A A 15 EREIL S HER, IVRE A
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REFEERAN GO, B AR T SE AT dan AL — R AIME . X326 RNN M T BHR FRAES5, Bl
THE R BME, SCRPREE T LA 5 87 10 Ml Frdd pli. #a)ifidi, RNN R OREF R, B3
B 4 R RE T TR BB A B U

yl y2 y3

T T T

RNN ¥ RNN > RNN

x1

B 6-11 —XfZ [ RNN

6.4.3 ZX—HJ RNN

Z % —H) RNN KHMEEKERRAE A, FFmARFZIF g4t miE 6-12 P,
AT R IXE—TES, T EXS—H RNN $52 8. A T RAERKEREFY], HER N
Pz s, T TP Aok a) 7 or oy — AT R — Kt . &) 1770 2RH)— S BRG] T

(D) K HEFHE I By R ek mmprid (i) .

(2) WRIFEA) RIS (Bl SR ED 6] kT 2.

20— H) RNN [ 55— WA gl — R A — B BRI AE B BB _ER sl & 1R RS
BB AT 1K

y3

T

RNN > RNN " RNN

T T T

x1 x2 x3

i 6-12 ZXF—H RNN

6.44 Z%XT%AY RNN

Z X Z 1) RNN il MEBEKERSA P~ EEKER L, 0 6-13 Pros. fa)ifil, 4
A AN BAH R A B o XAEHLAS B R e i A ), AT 5 7 N —Fh il = B e a5y — s
S, TR, EMESHH MRS S MBS TR 51— R 2R
ae N BIRHLES NEEHC— R 50 CHPER) IRhitt— &0 (F5) .
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RNN > RNN > ANN » RNN » RNN > RNN

%1 X K

K 6-13 ZXfZH] RNN

6.5 FIA RNN &£

IAEAEIRATE — R H RNN #1588 —AMl1- . ZEARF] A, AT A8 A RNN A Blc— AN B 1% s
XA —XF— ) RNN [a) @, FRAPGE— RINEHFLFHIIZRRE RNN, FFZRK RNN A pl— il
H o X T IXTUES, FATTRHAE ) — 05 20 DASRIRCE /N SCAE R o X A7 28 5 RNN
H— 1T ERRBRME: fZFABNKH L. &6 AQEIE R che 34 3% 1
6 mmn language bigram.ipynb 1.

6.5.1 TEMNEBEH

& L RNN B () J USSR AR I T

(1) B[] — IR PESAT B R IR B IX RN E T 225, &l BPTT /5% (TBPTT
F T (Truncated) A RCNIZE RNN #873) FHristie . %507 8K, RNN fidfzik. A2,
HF B R R 2, X FHE% &7 num_unroll (B4 K+ 50) , MEMKRESH L. FE, 1
Il num_unroll 1238 IR 7 ) N A7 75 5K

(2) YIZREHE . SO E s AT AR R R/ . BGm AR R /Nl s 25 R AP 45 3L
RN BRAN 1S MU S IR R B8 280, 2R 1A num _unroll —#F, X2 80 & N AFE /K .

(3) G A RS E R4 BE . B9 N Bk = 1 48 B2 H 2 R AP Itk ae . (BigERE, M
MR E KN S8URE =M EMES (B U. W M V) 8, M S 805 &R

7] o

56 T b IRt B KD

num_unroll = 50
batch_size = 64
test_batch_size = 1

2 TR SCREE P I B oo X LA BB eE RNND 25 tan ARt /)

hidden = 64

in size,out size = vocabulary size,vocabulary size
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6.5.2 PFEEREMIERREFER BPTT BN

IEINFA 2 BiE BIR, BER ) HERE B N & RNN ifbidtf2 (TBPTT) R EEE)
Kltt, F—02: @ S A\ re] b i ) g T .
XBRGEH M, BEEE —NE) T

Bob and Mary went to buy some flowers.

fERCIRAT LA 745 B BEZOM AL R B . mhbh, & —tEdE, R H IR A (num_unroll)

7= 5.

B, AR TR BT

lBT; 'D', lbl{ L] '.I' 'a', 'I‘l', 'd'; ] 'IF 'M', 'al; 'I", 'ylr ] ll‘ 'W', 'E'; 'I‘l',
ltl’ ] '.I" 't', l(:l', L ] I’ lbl' 'U_', Iyl' T 'lJr 'Sl; 'DI; 'm', Te!, 'lJr If'l'Jr I:l_lJr

'D‘; lwl; 'E'; lrl; lSl

AR TR R =/t A M5 e, Wk 6-1 Frow.
£ 6-1 BI=HHEAFIHME

Input Qutput

B','0,'b,"'", "a’ 'o,'",'d'", 'a", n'
n','d",""','M', 'a’ 'd, ', M, 'al, T
T, 'y, "', 'w', e v, 'w e '

EIL X, RNN —RE B KSR 5, AME—IRAEE R4 Kk, enl PLORE
BRAFFAHCIL:

train dataset, train labels = [], []
for ui in range (num unroll) :
train dataset.append(tf.placeholder(tf.float32,
shape=[batch size,in size],name='traln dataset %d'%ul))
train labels.append(tf.placeholder(tf.float3?2,

shape=[batch size,out size],name='train labels %d'%uil))

Aty

6.5.3 ENXIIEHIES

—

FEATPRS 5 SC—ANI6AIE s 5 LA B RN Bifi ) [m) (O PEBE TS 50 o FRATIAS 234 F 901 £ A 1) Ktfs ot
TR, FORERIGUEZE 1 T 7F Jy RNN P4 5E R Fa b

valid dataset = tf.placeholder(tf.float32,
shape=[1l,1in size],name='valid dataset')
valid labels = tf.placeholder(tf.float32,

shape=[1l,out size],name='valid labels')
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FEATE B ) S SR IR AR, JF M5 SR () — 870 ACRS S R A PRI R IE %
A A L EHT AR

6.54 TEXWNEEMRE

EIX B, AP 2 L RNN LA EAE AR 2S5

® W xh: AL EZ R R EAE.
® W hh: RAREMNEIEZOREM.
® W hy: [EiEFdird Z 8] a9 EAA.

W xh = tf.Variable(tf.truncated normal (
[in size,hidden], stddev=0.02,
dtype=tf.float32) ,name="W xh')
W hh = tf.Variable(tf.truncated normal ([hidden,hidden],
stddev=0.02,
dtype=tf.float32) ,name='W hh')
W hy = tf.Variable(tf.truncated normal (
[hidden,out size],stddev=0.02,
dtype=tf.float32),name="'W hy')

6.55 TEMKRESKALZT=

{EIX L, AR 2 U F[X 4 RNN 55 5 G5 28 0 45 1 B B B SEk 2 —: RNN FPIRES . IS
B EACER RNN B2, dbah, Xy @ A |25 1) TensorFlow 42 & .

BAVE e B S (NEEPE: prev_train h FIIGIFEHE: prev valid h) PA4ERF T84
Al RS BB 2 RIS . BATR 2 X IRELE . —/MIREZREENIZ N 4ERF RNN
FERES, B —ANIREZ B W R 4ERF RNN FRES:

prev _train h = tf.Variable(tf.zeros([batch size,hidden],

dtype=tf.float32),name="'train h',trainable=False)

name='prev hl',trainable=False)
prev valid h = tf.Variable(tf.zeros([1l,hidden],dtype=tf.float32),

name='valid h',trainable=False)

6.5.6 FHAERFNMNITERBIRSHME

ROk, AR 2 VBRI A R ZE HE . e - Bo il . N 7T EE R E
g, BATRGERRENEI CER num unroll BEEUIRESHH (RS H ) outputs) . ARJGiHE
FifA num unroll 25 #AEbr AL T (HFR N logits 81543 ) A softmax Tl .
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# 7€ num unroll FHH, AFANPBKEM ETHER RN i
outputs = list ()
# XHETER num unroll HHHIEA{EH
output h = prev train h
# 1HH num unroll SR RNN Hi i (RIEEETE) BPTT BIEK)
for ui in range (num unroll) :
output h = tf.nn.tanh(
tf.matmul (tf.concat([train dataset[ui],output h],1),
tf.concat([W xh,W hh],0))

)
outputs.append (output h)

IR THEARPRAHEAL TR (y_scores) MIFRAEALTIGNI (y_predictions) , 1T Hrios:

# FREIRATA num unroll HBAEKKIATA RN i A£G F

y scores = [tf.matmul (outputs[ui],W hy) for ui in range (num unroll) ]
Y predictions = [tf.nn.softmax(y scores[ul]) for ui in range (num
unroll) ]

6.5.7 tE%k

ETFE N 2 J5, #THE mn loss. 45 72 P00l 4an A0 S Brfian 2 1) 28 SRtk . 1R,
AT tf.control dependencies(...) R ECHF RINN(output h)) & 5 — /M H IRA7 3| prev train h 2 &
o ik, BB, AT AR EMRAFH RNN fa tAF N P1EIRE

HRRTETHER R Z 8T, FRRGHRE —1 roN R RS REIRESE R

with tf.control dependencies([tf.assign(prev train h,output h)]):

$IHETERA num _unroll FZH—REIREHIFTA TN K softmax 32 X4

rnn loss = tf.reduce mean (

tf.nn.softmax cross entropy with logits v2(
logits=tf.concat (y scores,0),

labels=tf.concat (train labels,0)
))

6.5.8 HEMXARENFLEERS

FATE T 2 L EmCR S BB RAE. BN A B ) SO 2 f1ir,  JCH T 248 = B 1#1F,
S RNN G4k 80 AR T Je Al P~ AE R SCAS, AT e B0s BEAE G St . s itk SRR REEE,
RN B B 280 51 ke RNN — 3 X — i ih g tH AH R i) . SEPR b, 7RI 25 0) B BRGS0 m /528
fFEFHL . A, FATAME LT TensorFlow #1F:

4 HERRBURS
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reset train h op = tf.assign(prev train h,tf.zeros(
[batch size,hidden],
dtype=tf.float32))
reset valid h op = tf.assign(prev valid h,tf.zeros

[1,hidden] ,dtype=tf.float32))

6.5.9 JTEIGUEHE

XH, FBITINZGRES . SRR, FATE LT AT RAERPRE . 15 5 -

HHE T —MEXRES (18
next valid state = tf.nn.tanh(tf.matmul (valid dataset,W xh) +
tf.matmul (prev valid h,W hh))
# 5 RN PRSI v T
# (BEILZ AT, ¥ RN BJRFCIRES Y L RS BIER BRREZE
# FrU R EMMRIIT valid predictions BELUEHRILRE
with tf.control dependencies([tf.assign(prev valid h,next valid
state) ]) :
valid scores = tf.matmul (next valid state,W hy)

valid predictions = tf.nn.softmax(valid scores)

6.5.10 THE#EMMIL

HF 225 7 RNN B9352%, A PRAE FIBEYLERE iRt B R IR EAT. A, A
i /] TBPTT. 7EiXFprrike, FRATRBEES [a] i RNN CGRALT3ATanfar B [a) g 4 ) F1t
SRR, ARJE RRTHE AR DA HT RNN FRCEE. thah, FATEd ] AdamOptimizer, 1Xj&—
PP T2 B AL 5125, B s th bR EREHLES BE P 58 4 S SSGE B & e 4b, 4451 Adam Optimizer
IS B AR A /N 22 21 2 (EI /T 0.001 A1 0.0001 Z[0)) o FRATAN 48 FF A BE 3 B Sk B 1 AT AR
T I RR LR -

rnn optimizer = tf.train.AdamOptimizer (learning rate=0.001)
gradients, v = zip(*rnn optimizer.compute gradients (rnn loss))
gradients, = tf.clip by global norm(gradients, 5.0)

rnn optimizer = rnn optimizer.apply gradients(zip(gradients, v))

nd |

6.6 HMHATERBIXAFE

N HRE War s P DI A R 4 o8 SCAS . AEX B, FRATPRE TR — 4>, K Zim AR T — 4
FF o — A3, LX R sk Sk AT JLAI )25 4K

# IR BB B R 1T R e BT ZS
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prev _test h = tf.Variable(tf.zeros([test batch size,hidden],

dtype=tf.float32),name="test h')

# MAEHEEE

test dataset = tf.placeholder(tf.float32, shape=[test batch size

r

in size],name='test dataset')

# TSR R R
next test state = tf.nn.tanh(tf.matmul (test dataset,W xh) +
tf.matmul (prev test h,W hh)
)
# BAOREECHEAT TN s 0 5 R U B A B2 BR A
with tf.control dependencies([tf.assign(prev test h,next test

state) ]) :

test prediction = tf.nn.softmax(tf.matmul (next test state,W hy))

#OEER, BAEEENGCRSHER 7TAARE (—2/0HERE (imputations) )
XA TAERKCARNELZE

reset test h op = tf.assign(prev test h,tf.truncated normal (

[test batch size,hidden],stddev=0.01,

dtype=tf.float32))

.

6.7 1A RNN B ARG R5AH

X FIRATTHG s A RNN A2 B SCA B, o AN P e A\ R s A B 4S8 FH i A\ e T B 485

EERARINEIFRE T, 7£ 10 > epoch CEIYIZ: 10 ) Z fa, 193|004 H.

him

he had then the king then the king ferdinand the fait, and the king,

and the

king, and the king, and the king, and the king, and the king, and the king, and

the
and
and
and
and
and
and
and
and
and

and

king, and the king, and the king, and the king, and the king, and the

the king, and the king, and the king, and the king, and the king, and the

the king, and the king, and the king, and the king, and the king, and the

the king, and the king, and the king, and the king, and the king, and the

the king, and the king, and the king, and the king, and the king, and the

the king, and the king, and the king, and the king, and the king, and the

the king, and the king, and the king, and the king, and the king, and the

the king, and the king, and the king, and the king, and the king, and the

the king, and the king, and the king, and the king, and the king, and the

the king, and the king, and the king, and the king, and the king, and the

king,
king,
king,
king,
king,
king,
king,
king,
king,
king,

the king, and the king, and the king, and the king, and the king, and...

MAEGm A JEIRS, 7E 10 > epoch 5K KRG LA T A2

god grant that our sister may be here, and then we shall be

free.

when the maiden,who was standing behind the door watching, heard thatwish,
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she came forth, and on this all the ravens were restored to their
human form again. and they embraced and kissed each other,

and went joyfully home whome, and wanted to eat and drink, and
looked for their little plates and glasses. then said one after
the other, who has eaten something from my plate. who has drunk
out of my little glass. 1t was a human mouth. and when the
seventh came to the bottom of the glass, the ring rolled against
his mouth. then he looked at it, and saw that it was a ring
belonging to his father and mother, and said, god grant that our

sister may be here, and then we shall be free. ..

Mgl B, AT LU ER B — i, S8R E AR AAE LG, B SLPr B BT (AR
HATRIAN I . AR EPfE RN, BAFE — Bk R A E WP B R X2 nT DRz, A
RNBAT— IR FR AT

A RESERRE, JAIK RNN R E@EdH G2 5rE 2 A RS R = — D H .
HATTLAER], HARCHRLSST, AEEERICE T8 AN TRz 750, EHEFEZ 22540
T & Rt = H A8 (Goldilocks and the Three Bears) HI# 57 . 4% F &, XA 5 H T —HMAkds.

XERAE RNN C&a 2 TAHAHE, FHFEEH &, R, FATTLOET 5] N B L7152
R (fFln LSTM) FIEAF S RBR (FINERIER) Kt — P olaFiX g |, X E T —&
4R,

B T35 3 69 5 404 RNN 8y Rmde ), EAF 32T, RRTRRFS AL
TE) X ARA—ARAF a4 E . Bsb, RAPGE T —2 A AR, PARIERATGIE,

FER, X R OHGR R SO ORGP A EE 2RI, MR AR, R4k 2Kk
AT, RNN £>—i X —imh 55 [F—H A, JATTCLE R, XAERTH ) SO B
ORI, HpE— M T 55 —Aa THE. BEESIEE DA, RIS, XA
] B AFEEINR Y o 3% HH T80 B VH 2K 1) R BR AT THY) RNN R 2 Be I 2 gl R . 1A T Ik
AKX FPECIE, 7E 6.9 A1 6.10 iHH, TATKITIE RNN B—MAA——B%F F T CHHMER RNN
(RNN-CF) , 0] LAy ix iz .

{E(5 BitH, WEEE (Perplexity) HIREE & —MBEEE 0 A A5 Y mlo 22 458 B A AR () 47 TR A2
FE, AT DU K B AP AN 22 0 A BB S AR TR o AEC PR s R PP R 23 0 A A5 Y bR 58 A5 7Y i B gt ol
FEA. KTWERENEZER, wETUSELRE AR BRI (https:/en wikipedia.org/wiki/
Perplexity) .

FATH TAEAMUAE R AL AE B SO, TG ERMH — APk E e AR i & . —
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P70 & RNN 8 225 2 A Wt 2774 2 KR E B RN 2F2 P (Perplexed, & A F2E
(Surprised) ) o ELEVL, WIS A, S X R4 H y; B A2 U R L (x;, y;), B4 2
o A -
p(x;, y;) = el
XA ] D E KD N f &G 8dE SRR =%, BAR .
P(Derain) = (/) Zli=1yP (xis ¥)

TER 6-14 v, FRATTE R 1 I 25 PR 2 P AT 561k PR 228 52 B (] ) AR A s 50 . FRATT AT LB 2, I 2
X P B B () ) FEER RS D BB, L AR 56 L DN e P D B2 08 28 RS o LS T ARR AR, R
(ERUER R o, Ao B PEAS % RNN ST 3AT IR I ZR 80808 1) 57 SR AN o] WSCARIBE T H
THESESIRAERER, R & — M EF MRS, B SRS RIER .

I B 3% ) P SEF B4 A0 R oL
\ h
|
A
| | | /| /
L1/ | ,.
|| | II,- .f II"-. / . .-I
| ."II .I".. | "., .'I
1 || ' II' f”f \ / '
H\. S \
‘\\ //A.H‘-. N ‘ Pt \‘( -
ViV A S
Iﬂ!E;:h:n::h “Ep-:u:h

B 6-14 I ZrEE AN 56 B i) PR 256 B i e 1) 28 A4 ) 7 7
XBRA—MEGES R A, #UE R RNN BN 2 82, ROV RE R 8 ] BA
PRALE I ZE R, FRATHE che 3+ ) 6_mn language bigram multilayer.ipynb #3528 | —4~=

JZ RNN, =& AJLLEITEE .
MAEFATRE A, 2B AELHR RNN 282 TAEEEGR? #lin, F7% A RNN £

AR 8 A ROM R RS I R R R BT AR T, AR — MRy RNN-CF 4844

6.9 BB L TXIFIEREIHEMLE
——RNN-CF

AITEATI T8 7 Y251 B2 RNN B EZ Bk B RIERIES W k. A TIE DT LA —4
i B PR SR M SR B LB BE AR NE I et PE R BY, AT SEER B AR I Zh . SR, TR Y 2K IR I
5 IOTEEEINES Sy F A4, RO A T B A TR0/ B LA AT DU R B R ), AR IR AT T
6 LR NE TR AR . IRIE, FRATTT ZAE 2 RNN A 5 25+, BHRfHIR 7 &1l 12808 e 3 s
U HIHE /7. Tomas Mikolov 55 A\ T 2015 “E7EH S (Learning Longer Memory in Recurrent Neural
Networks) (International Conference on Learning Representations) 2 | RNN-CF, #&bnifE RNN
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BUE )R, BENSHE I RNN B I )10 (B8 51 Fr K R

RNN-CF 1 51 A7 AR — AL i mr o) AE A E SR DB T k. 52, H5IVAA &
IR ERPRME RNN AHEL, RNN-CF HHAPARESHE. HEEEEE, —MIRESm BN
e, MTREBAKHKICIZ, 15— RS EE e PLpuE 2R, TR Aheiz TAE.

6.9.1 RNN-CF B9 ARiHEBR

EIX B, ATH NS ECR AL ) RNN, DLH Bh4efr B ACHT ) 1812 . BR T brifE RNN 5
R AR IUIRAS T & 2 Ah, XSS A FE S AFTRPIRS R & . Rk, 51N 7 JLAET A1
W EMAE. %2R E, K 6-154H 7 RNN 5 RNN-CF L&~ =E-.

(») (»)

r

4 )
|
\ Xt )

& 6-15 RNN 5 RNN-CF L&~ EE

MK 6-15 AT LB ], 54450/ RNN #HLL, RNN-CF B A —SeBsMORE[H. IEEIRA T
ME A XL R AP E A S A/

B, WA EEEZEG SUEAE RNN fRILFfE SRz —F . RiCaF2], Uk
XA B2 AE O B A ICAZ 5 TR A « (B, FATT T DI 5 i) 0 3480 B d2e0r [R]— PR R B
ARLR AR s B e = B A [l OR B D12 SR Ml [R]— PR A AR Ay, RAEAEh BT
(R AN AZ IR AR H T AR . Ba) il Soar PRS2 A aniRES R B~ . XF
HURBZANE T2 RRPEERE ARt . i, X RIRESE B T K [ R B idAZ . KPR
IR 11 53— AR R, ACE AR 1 I, e HE S R T anw (OB AN 2 R sl o
B2, WERFBRATIOAE T 35 AE LR AR AR mlZ AOTE, BRI AS 22kl . FEX R, X TB6 R
ANEIEZE, TH S AN Z0 N T B RN o SR, FRATT T B I I [ 45 A A 4% 2 S A\ R an
B, HXFER AR . Bk, 780 FAXHA i, FARE 7XMAE: o] PR AR )
bR RNN RS JZ Che ), BLRCARCEE T2 B R SCRFIEZ (s ) IX S8 EAR 8 B T 3CZ (Context Layer)
BN TFARE K WHEAZ IR . RNN-CF (EFNA T GX R RA1IEA B Fs oy B — A HAL
R TR, DAL= Se_y)) -

s¢ = (1 — a)Bx; + asi_y
hy = o(Ps; + Ax; + Rh_yy)
y, = softmax(Uh; + Vs,)
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5 RNN-CF tHKHIFF 5 B4 ESR 6-2 H.

#6-2 RNN-CF HHEHPFE5E

FRICHF BEEX

X; E LR RPN

h, HETHRE E &

Ve =Rkl

St AT BT X IER &
A x¢ Ahe 22 18] F AL B RE
B x¢ FH s, 2 8] B A B P
R h, IR IR 5

a s X s LM &
P h, Hls, 2 6] A B [
U he Fy, 2 18] A E 55 R
\Y s¢ iy 2 18] A A 2 P

6.9.2 RNN-CF gysCIj

AT ATT S22 018 7 RNN-CF 40 & f AR SRS o) B LR e ane) 5 BBy bR BETH 2K . IX L3R

IR 18 RNN-CF f9SEB. FR 71548 RNN S REREUZ (he)

Wy CEFHA) o Wy, (K

P R) AWy, (R U) Z4h, BEETE A=A EE, RN E X B, P MV, L4t
AV L— P H R KL s, (Hidden_Context, A {u¥fh,) .

6.9.3 ZEMX RNN-CF #8&#

B TRA T GBS W28l LS ERHZH. —PHBESEGE LT T SCRFIE
JEH L e Es,, HH alpha £-FH T a.

hidden context = 64
alpha = 0.9

6.9.4 EMMIAFHS

LT

IEARFRATIXS bR i RNN P ARRE, 8 SCEALAF DL 3 2R ARt SR an AR 4t DA K%

RPN

+ I GBHEE

train dataset, train labels = [], []

for ul in range (num unroll):

train dataset.append(tf.placeholder(tf.float32,

shape=[batch size,in size],
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name="'train dataset %d'%uil))
train labels.append(tf.placeholder(tf.float32,
shape=[batch size,out size],

name="'train labels %d'%ui))

# IS UEHE AR
valid dataset = tf.placeholder(tf.float32,
shape=[1,in size],name='valid dataset')

valid labels = tf.placeholder(tf.float32,

shape=[1,out size],name='valid labels')
A
test dataset = tf.placeholder(tf.float32,

shape=[test batch size,in size],

name="'save test dataset')

6.95 ENX RNN-CF B EE

FATK & X RNN-CF 1+ H N EME . FNEFSEPERRIBEE, iXH RNN-CF 15
76 HAMNEE (A, B. Ry P UMV) o M{EESH) RNN iF&EAH, AR E=HAREEGTLL T .

+ BANEMEEEZ (h) Z B HREE

A = tf.vVariable(tf.truncated normal ([in size,hidden],
stddev=0.02,dtype=tf.float32),name="W xh'")

B = tf.Variable(tf.truncated normal ([in size,hidden context],

stddev=0.02,dtype=tf.float32),name="W xs')

# FRZ (h) FAIREE

R = tf.Variable(tf.truncated normal ([hidden, hidden],
stddev=0.02,dtype=tf.float32),name="'W hh')

P = tf.Variable(tf.truncated normal ([hidden context,hidden],
stddev=0.02,dtype=tf.float32),name="'W ss')

# F23E (h) &R (v) ZERIREHE
U = tf.Variable(tf.truncated normal ([hidden,out size],
stddev=0.02,dtype=tf.float32),name="W hy")
V = tf.Variable(tf.truncated normal ([hidden context,out size],stddev=0.02,
dtype=tf.float32),
name="'W sy')
# NIGHEFPREEZE
prev _train h = tf.Variable(tf.zeros([batch size,hidden],dtype=tf.float32),

name='train h',trainable=False)

prev _train s = tf.Variable(tf.zeros([batch size,hidden context],
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dtype=tf.float32),name="train s',

trainable=False)

# BAEHIERPREZE
prev valid h = tf.Variable(tf.zeros([1l,hidden],dtype=tf.float32),
name="'valid h',trainable=False)
prev valid s = tf.Variable(tf.zeros([1l,hidden context],dtype=tf.float32),
name='valid s',trainable=False)
# MR EARERE
prev _test h = tf.Variable(tf.zeros([test batch size,hidden],
dtype=tf.float32),
name="'test h')
prev test s = tf.Variable(tf.zeros([test batch size,hidden context],

dtype=tf.float32),name="test s')

6.96 HAT4HIFREEENLETXIRSHT=FIRE

AR 2 X RNN-CF RS E . Fr 7155 RNN Hih 250, A TE T EX B SR ER —
PNEMEPRE, s B2, TATKH 6 MIRESERE. Hrp, =/MIREREEINZR. KaEA
[ AEFRIRES [ B h,, 1155 =ANIRESEREAENZR BRI R 4E R IR W &, -

# NIZGEEEFPRERE

prev _train h = tf.Variable(tf.zeros([batch size,hidden],
dtype=tf.flcocat32),
name="'train h',trainable=False)

prev train s = tf.Variable(tf.zeros([batch size,hidden context],
dtype=tf.float32),name="train s',

trainable=False)

# WIFHIERIRERE
prev valid h = tf.Variable(tf.zeros([1l,hidden],dtype=tf.float32),
name='valid h',trainable=False)
prev valid s = tf.Variable(tf.zeros([l,hidden context],
dtype=tf.float32),
name="valid s',trainable=False)
# WABHEKRELE
prev _test h = tf.Variable(tf.zeros([test batch size,hidden],
dtype=tf.float32),
name="'test h')
prev _test s = tf.Variable(tf.zeros([test batch size,hidden context],

dtype=tf.float32),name="test s')

R, AT P ) E A ERAE, DLEEIRE:
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reset prev train h op tf.assign(prev train h,tf.zeros([batch size,
hidden], dtype=tf.float32))
reset prev train s op = tf.assign(prev train s,tf.zeros([batch size,
hidden context],dtype=tf.float32))
reset valid h op = tf.assign(prev valid h,tf.zeros([1l,hidden],
dtype=tf.float32))
reset valid s op = tf.assign(prev valid s,tf.zeros([1l,hidden context],
dtype=tf.float32))
# IR S SRl E AR
reset test h op = tf.assign(prev test h,tf.truncated normal (
[test batch size,hidden],
stddev=0.01,
dtype=tf.float32))
reset test s op = tf.assign(prev test s,tf.truncated normal (

[test batch size,hidden context],

stddev=0.01,dtype=tf.float32))

6.9.7 HEWmE

fEE ST FrEmA . ZREMREWEZE, D/ERYERTHRIIA T EIRTE RNN-CF /%
Hie 156, RORESHEWIIANE. IR, KE—40E € e R BPTT M2 T
FAT AN, T RSN PR ARbR Rt (AT RROY logits BRAG70) o #3, HiEdE
J& TR I 25 KB P y {8, &5 THR P X ST~ 2530 %, R H 5 ESE bR gk 4T U

# ZxiG5r CEpRAEAL) (EMIIM BriEl)

y scores, y predictions = [],[]

FIXLREFE num unroll WHHEIPRPIENEH
next h state = prev train h

next s state = prev train s

# fE£ num unroll SE P N KB INTHE R RN

next h states unrolled, next s states unrolled = [],[]

#A num unroll FHHE RN K GRIEERTAY BPTT FIZER)
for ui in range (num unroll) :
next h state = tf.nn.tanh(
tf.matmul (tf.concat ([train dataset[ui],prev train h,
prev train s],1),
tf.concat([A,R,P],0))
)

next s state = (l-alpha)*tf.matmul (train dataset[ui],B) +
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alpha * next s state
next h states unrolled.append(next h state)

next s states unrolled.append(next s state)

#3KBUN num unroll HAEIFTA RNN it #5 EOR Fi)
y scores = [tf.matmul (next h states unrolled[ui],U) +
tf.matmul (next s states unrolled[ui],V)
for ui in range (num unroll) ]
y predictions = [tf.nn.softmax(y scores[uil]) for uli 1n range (num

unroll) ]

6.9.8 HEIRL

AT A L RNN-CF B4 AR . S 2 ardR A AbRHE RNN & CHE(EARR, R
Fhs:

# BARIETTESRZ AT, ERABANRGAHERE 1 RN B REREFRELZR
with tf.control dependencies([tf.assign(prev train s, next s state),
tf.assign(prev train h,next h state)]):
rnn loss = tf.reduce mean (
tf.nn.softmax cross entropy with logits v2(
logits=tf.concat(y scores,0),

labels=tf.concat (train labels,0) ))

6.9.9 JTEIGUFHIL

SNSRI B RS R, A 1IX B RS IE R A RS . (R, RATA AR A )| SR
HRFERETFAm AN, PR 9 AE Tt 39 a) AN 75 2 T

# WHEEIEA SR HEEEE GER R ZHETEZE)
# THETFANRIERES (X138
next valid s state = (l-alpha) * tf.matmul (valid dataset,B) +
alpha * prev valid s
next valid h state = tf.nn.tanh(tf.matmul (valid dataset,A) +
tf.matmul (prev valid s, P) +

tf.matmul (prev _valid h,R))

#45 F RN R A e SR TR

# {BFEMZ A/, B RN HJBGHCIRES i 4 BRS BAE R PR EE R

# Pk, TFEFRIAT ron_valid loss FBIELLEFHRIERE

with tf.control dependencies([tf.assign(prev valid s, next valid s state),

tf.assign(prev valid h,next valid h state)]):
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valid scores = tf.matmul (prev valid h, U) + tf.matmul (prev valid s, V)

valid predictions = tf.nn.softmax(valid scores)

6.9.10 HEM XL

AT TIAE AT LARE St 55 CAAE BG4 -

# MAKHE A R K HE I
it S R O R e

next test s = (l-alpha)*tf.matmul (test dataset,B)+ alpha*prev test s

next test h = tf.nn.tanh/
tf.matmul (test dataset,A) + tf.matmul (prev test s,P) +
tf.matmul (prev test h, R) )
# FOREEICHEAT TR AR 5 T 1 AR BB ER
with tf.control dependencies([tf.assign(prev test s,next test s),
tf.assign(prev test h,next test h)]J):
test prediction = tf.nn.softmax

tf.matmul (prev test h,U) + tf.matmul (prev test s,V)

6.9.11 JTEEBHEMMIL

T EAE AR AR AMERR, X5 Z AR %S0 RNN Frfi ) ik A] ] -

rnn optimizer = tf.train.AdamOptimizer (learning rate=.001)
gradients, v = zip(*rnn optimizer.compute gradients(rnn loss))
gradients, = tf.clip by global norm(gradients, 5.0)

rnn_ optimizer = rnn optimizer.apply gradients(zip(gradients, v))

6.10 {EH RNN-CF 432

X FLIRATTH X RNN H RNN-CF A B SCAR T e R RE BRI RS, A e BEABE AT 20 M2k
ARYIRIE A R . 2 RIS O R BRI = %) 100, LAY A RNN A1 RNN-CF 2 Rt & K&
Ko, DA o AT SCAR

B, XA 20 MIZRSCRY, RNN-CF AE Rl SCAR DR

the king's daughter, who had
no more excuses left to make. they cut the could not off, and her his
first rays of life in the garden,

and was amazed to see with the showed to the grown mighted and the
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seart the answer to star's brothers, and seeking the golden apple, we
flew over the tree to the seadow where her

heard that he could not have discome.

emptied him by him. she himself 'well 1 ston the fire struck it was
and said the youth, farm of them into the showed to shudder, but here
and said the fire himself 'if i1 could but the youth, and thought that
is that shudder.'

'"then, salid he said 'i will by you are you, vyou.' then the king, who
you are your

wedding-mantle. you are you are you

bird in wretch me. ah. what man caller streep them if 1 will bed.

the youth

begged for a hearing, and said '"if you will below 1n you to be your
wedding-mantle.' 'what.' said he, 'i shall said 'if i1 hall by you are you

bidden it i1 could not have

SOCAR R EIN S, ShatEl) RNN AL, FRINTEABIRKRZEN . 2T A4 RNN-CF % f
LLbriE RNN &I 153 5 4, Mikolov 55 ALEARA I8 3L {Learning Longer Memory in Recurrent Neural
Network) HRF]:  “ bniEFRet 5 oo i 8CE 2 DR BB NN, 52 3] B TR E AR P 50 A 1
BHE”

PRI, T SR RS e AR 2 0% K, RNN-CF S5Fx#E RNN AH ELst50A B W A 35 . iX nl BE i
A FATRE )X — B R R P e . EACRE S, FRATIAE 1 64 AN ESk ) #0 22 Jo Al — MR /N )
iR, BRUER AR, A3 RNN Frigis 25 /KF.

FAVERE B INEdE B RS ERNABT RNN-CF #4715 E4f. XFX RG], Eilg T
K#) 50 4~ epoch 22 Ji&, FATVIGIE A EERINF] 100 14~

PLR JEbrRiE RNN 50 -

they were their dearest and she she told him to stop crying to the
king's son they were their dearest and she she told him to stop crying
to the king's son they were their dearest and she she told him to stop
crying to the king's son they were their dearest and she she told him
to stop crying to the king's son they were their dearest and she she

told him to stop

AT LLE S|, S5 HEDCEIEN FRIAEEL, RNN BEEME 7. R CNERNEEA L
AR E RNN A AF52m, S ECe 5 AR B 1) A,
PLR /& RNN-CF it . AT TLAE D], #t4840i 5, RNN-CF LbrifE RNN {45 4115 % -

then they could be the world. not was now from the first for a set
out of his pocket, what is the world. then they were all they were
forest, and the never yet not rething, and took the

children in themselver to peard, and then the first her. then the was
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in the first, and that he was to the first, and that he was to the

kitchen, and said, and had took the

children in the mountain, and they were hansel of the fire, gretel of

they were all the fire, goggle-eyes and all in the moster. when she

had took the changeling the little elves, and now ran into them, and she bridge
away with the witch form,

and their father's daughter was that had neep himselver in the horse,

and now they lived them himselver to them, and they were am the

marriage was all they were and all of the marriage was anger of the

forest, and the manikin was laughing, who had said they had not know,

and took the children in themselver to themselver and they lived them himselver

to them

Rltt, %R 7T AR, RNN-CF BASE R EAR TR RNN AR FRATDRE i iy A58 7Y 22 1| B
I AR B I ZR AN IS UE I R 26 . IEaIRATTFTE 2R, 7l Zr M 2 Z 7T, RNN-CF Fflbs#E RNN
BEREER. &E, ERITEHZERE (30HE 6-16) HrlLIESR], Ski RNN AL, RNN-CF
o T AR

ISR 3R B9 2 E SEE SR B B R
©
»1 \ --=- RNN } ---- RNN
L |
: —— RNN-CF © ) —— RNN-CF
s] | nl
. o :H' L
\ = VAN R | |\
] ' BEEITAL A
l1- |.. B, II-. \ "h\ .lJI
1 o v 7 11 \ P AW
| 4 I \ ; L d
i [N | 1 L \
13 " 0 :: '..1- ! b
: L N
\ A 5
W [ A r f
- '\\ "r\l " -._Luf k\ }‘.Hf \“ . '
0 0 » 0 5 " s p
Epoch Epoch

& 6-16 RNN. RNN-CF Il ZrEiH 25 B2 A0 9 E 204 W 2 = A

{EIX A PAS H — P EEA 50, A8 B8N, bRk RNN o] fe & o0& 20l . st &,
RNN ] fed% S5 FFICAZ 0, iy A il B 52 I i T AR B B AR . = RINN # K B A X
F HA N ZRE A a) CEEanR 2991125 50 i, B 50 4> epoch) I}, iXFpgg i3 ENRt . P4/
AN, SR N2 SO, i RNN-CF X /) B 8dE AR BB R S R L — 2 /Y
— 5.

6.11 mgk

10N =

EART S, FATE GBI THRE LRI RE 78D R RREREDNZ) ¢ FPIRES, A f
ATLAKE t ARFPIRSBRET R ¢ + 1 ARRPIRES, MIERINEE 5 x WSO T, 3 B AEA R o
BUA i b n] AN — P E A e p 2%, Lm0 34 1 2 X 4% B A oo OB o] BAg e 3 GRE 3



F6E BEIMEENSE | 189

(6.2) ), if HFRATTXS T R T EIE EF I 7 4073 = 1 0 fgtise

FIR, XFT RNN BUfseaBsr, JRATVEANNA | Ry Bda s iz 2PN S, B A
UM IR T RNN BN FEALGE S 3T 1 P EINT, HAAEEC BT 1.

g, BANA 7 R R AR (BPTT) o fEIX35r, ATAHE T RIaAE3RER) 1
TR ER . A A A GEXT RNN A I brifE s A% 86 wifel {8 ) BPTT XHEdE 2E47T RNN Il 25 #5%r BPTT
M BPTT W)RFRIESE, ffve 1 RIRMEAR ) E Wi 8. BREE T AR ERIE, Jrant 752X R
R TTI%

RIE, ARSI 5 RNN BISEhRM T, e 1 4 P 2228 E) RNN. — X — &5 T8 e
AR s AR IC 2 RBMESS . 20— 25 T, B E A T/RE (5
A E R A) TARLL) o — X 2 B HTE R T A S TR AR T L, K B SR S 2 A R AT
B TTRE. FIHZ 02 a8 gt Las R 55

7ok, AN E T — D EEBE RNN M H——XAAER . 3RAMEH = 7515 R R )12k RNN,
AR W R ) SCARAT RN bigrams (— P Zm AW TN TR o A BA S B —H N
B e AAF MRS 5 RO BE CERSA) E RS RIIZE RNN. 2858 oAb I
P~ — A oo A HERR PR AL RNN. $2RIX NP, FRATTE SR RNN Al — A A R, X
e R 2 AN T PR R R B

® LR L, MARIREGIESS, B AA BT KR HiRFFITIT.
® PP /EJF, RNN 4R (4654 ki ey Kkipitic,

R, FATTWEFE T —Fh eI B K012/ RNN 4244, #F%y RNN-CF. RNN-CF HA M4
ARKE: )z (FEfT# RNN k2| gekaim =) M L3R AR KIHETD .
FANVER], H5/NEERE AR, AN LT R ERARE AR, KYE RNN
FH A E R ERE, (HE AN E S HEER, e/ A T RIFREIR.

£ —FH, FARFRHE MR AR RNN B, A8 KREHICIZ. (LSTMD k4%, naldt
— BB EETH R AR, A A BB A A IR



KAHRIE(Z

£ E—%Fd, RINAB TIHAMEMNEE, T HZITE)IZE RNN B o] gg s 2R E AT GH R
FURIE) BYIR G, SEERNTPHE N =2 R AT ST E K. RimziEfet, RAITTELGIA
— RN KR #8412 (Long Short-Term Memory, LSTM) Bt (Block, tHFrA Cell, B “4H1” )
B N RNN #1.LSTM 1 Sepp Hochreiter #11 JiirgenSchmidhuber 1 1997 E42 H!, 7T 2000 4F i Felix
Gers HBIBAZEAT 1 o, ‘BJ&T RNN B — Pl 28RS, R &S A B (o] Fp 51 $ds . X MR AL )
P22 R 2% B T AE VR P2 57 ST S 52 R R I, RN e A BB R B I8, PRt 7 i 25 2R
FIERE. 2T LSTM 1R Z& S 0] F7 2 Fuill fn 7 SR R AR e 4, I B IEAE IR 2 AL GE IR E
2151

FH 856 B 3 % 2 BHL I ABE R 2 ST ) BAARCsE M , 1fg 76 I8 ) 7 2] A ) B B2 A 2 [R) ] B A7 AE AR RO FF
LRI R AR S, THDOAHX PRI SR, FATX LSTM 2T 1 AG O s, BeigEE G2 /B AR BE AR e IR,
{115 LSTM REW 17 fifi Lb 3 RNN B K AEHZ (A imm) o EBEA)IZ4H, RNN URFF
BANERCRES, 1 LSTM B EZHIZH, v DMEERZAAER A ZEFRES, 1 RNN 475
VAR EATAERLEAS B DL S B FWREAS B, [RONTEREAN I S5 A7 SR b A il 22 B T BRmie RS « 6k 3 1a] Bi
K R AR AN U & LSTM ABXH- RNN. &y /R o] KA R H A e 51 22 ST RUAEVF 2 N A Y
PLEBFTE, XMIRA LI SRR AR T % L C2B 2R IGIE, 2V 2P 5IES (Bl
5 S . ET, Plasiirss EEaRRrRM.

AT R Je 48 LSTM ISR E Al AT A0 (sRFRvid2) o Hk, %FF LSTM K
B FEAE 2R AT e, FFH — AN oRBin LA igRE . RGN A LT T ASGERRE LSTM F=AE il
TSI UMEOR, IR0 A LSTM #8L . B 51 i LSTM KP4~ 424K Peephole i%
M EES 2T (GRU)D
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71 LSTM f&ik

LSTM A bt —Fi B @) RNN, o] DL SHIHGHE B, ERRIR 2 a8 AR 1 I

FRIVERE, X5 ERAREHAMRAKRSR, HBESHEINE 7-1 fros.

output
L recurrent
block output 1:3 r;'?_”mm LEgEl”lﬂ
& ¢
output gate (R4 .
LSTM block Yy o 6 o ——— unweighted connection
(+)
N\ e weighted connection
peepholes 2~ connection with time-lag
T TIR input ‘
recurrent »” RO ® Dbranching point
% P
- ®  mutliplication
LN ] -_‘
~. :
a G ~~‘ recurrent @ sum over all inputs
- L s .4 .
forget gate . ; e @ gate activation function
1 always sigmoid
mput 6 o ( yssig )
Z input gate ' input activation function
(usually tanh)
input
block input output activation function
(usually tanh)
9 . J
/i
Illl]l]l TE[U]TE'I'IT

& 7-1 LSTM #ik4E#y

B 7-1 a7 40, LSTM FIEARLERMI T -
(D) SANFELH, 2HlnT.

OYIHIRA (Cell State) = LSTM 40 A EBIRES GiEdZ) .

@257 (Hidden State) = T vH5 Tl ity #M BR IR S -

@Al (Input Gate) : #5E | MATHIAB AL RS IR .

@it 1] (Forget Gate) : HisE T K56 Al B 40 LIRS K 0% B 4 B A LIRS AR
%7 (Output Gate) = i T4 2 DA HUIRES i th 2 FREUIRES .

(2) FRRIMP L IussEi, 5 4 /> Input (3 14> Gate % #1155 LA L AEHE) H1 1 /> Output.

(3) PGk ECBE R LM Sigmoid eRAEL (HNY Logistic A% , M H] tanh K%(. Sigmoid
s R B TG R 4a 2 0 A0 1 2 fa), HIF3RoR Gate (AT JFAREE .

AT IENDE LSTM IAMEEH, X B H LSTM R mm S -, WK 7-2 Fios.
IEmE 7-2 PR, anfiisda AR, ZIREHG T (B HERMBUERED 2 ai RS 4
AU HHIAN . H5, 7 RNN 5, AR EEREE & PRIV A AL s0 1, X R EL R A7 XS
:,I:ﬁﬁﬁ K A s A 2 A A AR

TR EER R A, LSTM 0] DLk e frlinf 5 i . BE 3T Bt S AP FE A BRIRS R M2 o N
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PGS Ha)ifhud, WA W ERE, LSTM A S H S A /e — ML (CLSEsi e 1D SR IRE
MHLRE AL, (EEA TR A6 K AR —— B R R HEZ .

LSTM il 41 75 B HAT BN S2K1T (Gate) , X8 THFTHFFRREELE 0 A1 1 2 Ja] (i@
i Sigmoid BRED AEELE), H 0 Rz T THERE, ®AEBRTGEEZT, 1 &R
ZIIAETFATIFIRAS, A5 B E0T LLEE %1 7. LSTM [FiX Lo ThEEATIE ] 7-2 e BT THRE R
MEAE ISR AR SeRTFEECRS B ATRI RS A 2 DRARE (AR S EL
AR ) , FALRFA R RMIZI T FE B8R B, ST T e & RBUIRS
B R VR B 2 ) 2 A g N G, I8 1T U B XKLL BB 2 PR S A 2R BRI A i AN A M AT g N

. e ™

Output Gate
‘?‘ A A Current
S pesdecassccssssassenssl Cell State
K.
b1 -
Input Gate Forget Gate
A A A

|
!
‘ @ Previous
| Cell State

A 7-2 LSTM ZifahEdEim B

7.2 LSTM T{ERIEIF#H

ATNE LSTM IsERIZEAREHE . 7.1 F3RATRE, LSTM M5 thi g4k, B
A LSTM 4 & =FRAIM1T: S BT HTT, S0 LB 40 s fig 2 1 5
A B (RN EE) MEIIRE. XA S 36, AR GEF S 7E0, 175
W i Sigmoid #uE R ECE B, o 0 R 8], 1 R B B0E) o LSTM 41 H & H i AN IR m) &
A PRSFBBOIRES, YRR R, A TERARERMAL . 28R, 72 B AF oy DLd i 76 6
BasicLSTMCell I+ 1z & state is_tuple = False K 8 {UtbERIAAT . B 7-3 $2flt 7 B A 8IRE R Tl
LSTM ZHHIE B 7R . LSTM P25 (11 hl 5 ] B 1) RNIN & — 201, U2 Beie 2 B HE 4t B o i
fAfgae i B 4. thAh, 534 RNN —#F, B2 0] ABHINBUERERE A nT o da il 2, BRI
FRIRHAES (BIE. 33R%) .



FT7E KEHCIZ | 193

NET OUTPUT

OUTPUT GATE

-
4 T INPUT GATE

NET INPUT

[ 7-3 BfF—IREHEICH LSTM 41 g FoR

E 7-3 o, B BUERCEE N E (1.0) PAEEERRAER N EAMIRE . =TT
P ERAI SR R TG O, B FRvA T ORI FHI 40 MRS . Fan AT TR 4 Hi 171 4% 161 41 B £
YE UL AR A 4 R, T T A AR ROIRAS AR e A gt B B (g b)) N
e E . EKbr b, ZEAGH T ZBEARIBREE S BT s £ .

BN, B AR R AR, AR T, BN )25 5K b A2 1 1k DA
TR

(1) FLBERRETAE
(2) [AlfzZs #8558 NIRFEA LT G e B 457 B EE .
(3) T4 (1) M (2) FHASE, Tl 4R i 40 55 27 & .

XA T B I 5 S IRA TR LSTM i) AR R FRILSeARARL,  Ebtn (1) S Raia ryR e
PERAE RTINS Ax, s (2) ISR A ZATRICIZAE B (3) Rl &I RSN s A Hlx,
Z AT g AR R E R AR (ye) o FIEEAEE A BAR R B X LSTM W LEE HEBEAT AL .

B, BRBSXRA 6T

John gave Mary a puppy.

ST 1460 tH B P97 B2 Tobn. Mary 1 puppy. N s LSTM 7E - % i 0040 715 7 i
BT

John gave Mary a puppy.

B2 J T PR~ 7) 1 ] BEAE -

It barks very loudly. They named it Luna.
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ARFEATTRY LSTM #5783 ams A i Hi vt e SR i SE PR, (H & m) DL 27 310X 6 47 1] A4 i) 22 [a)
FIFH. B, It 5 puppy A%, They 5 John #l Mary <. RfE, It Nz > 4 wl/A1a A5
w2 KR B, XTIt iz —1 s. X TIXLEfEN, NG GH L4 1 iXL
FR] A RS R, & 7-4 B BATTE BEGEH P EZ. (B0 Luna—puppy) #1112

(It Tt—barks) IR R, LLLF-LCEZ AR Z PR, EBLH k2R T 4/4R0
HZh 1) 2Z 8] K 22

John gave Mary a pu‘fp;\

It barks very loudly.
' A

They named it Luna.
A

B 7-4 i) & B 2 Ta] ) & AR ok R B
BTk, BATPREE X L P 3 B AR B R oR 8 5L B im] (] A B RP oG 3R, AR A R ) ) 1 S0

721 BEEEWN Lkt

Bl LE AR B2 B ) B sl AN R A TR R G AR, A PR AEFATT A R 2 )
Ber b, olxs 1/ Doy s BE RGE 2 1, i RIRATAG RN REEFEE Y 1, ZAuLin] BB AR AR 1
X, FATHAT ARSI iCAZ 40 ¢ RBCAR R AT Wik, KB Tl E

Ct = C(t-1)
X, R I AL R ) S ECIUOETEE /) CBPON 1 ), iR 22 0T PA—BR G A0FEHb [ 5T 4% % B 21
MRS . WAL UL, FRATAT LS ) BP0 28 N 25 Fi i S5 2R i A AR
SRR IS —1F, S AYiE 1. 8N RIRATDN EhE 5 R SR E gk T AL H

722 BFEEEFANKENCIZHME

FHRTTTARA0, S0 i 2 BT Ao, RN — A 2 B B ooy (E MR IF B0 BT T

I = J(W(ix}xr + W{ih)h(t—l) + bl) (7.1)

v 1
I«X.EF"_J(X) - mg

b N1 10] CAERAR ON/E B Sigmoid BUE BB B FEEE (bR RNN _FRIBERUZ ) AAPUTHITTH
. bRiE RNN FIBREZ RS HE AR F

ht = tﬂﬂh(Uxt + Wh{r_l}) (?2)
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FATVRINBE 7 BoE ek A R A Il 22 2 4h, LSTM 4 A1 i AR RNN ()RR h, 7E
TR EARARRL. BT A ERANG R, ST TR, AYE N 1, SEREE AT
HIFTA (S B B AL B B A MIRES: WA 0, sUERRE HaTH A RIS B RER AL 14 2N A RS .

K, WATESH N tanh EEBER—MEkIirE, 6, % ERS A MER
BEWS TS AT A RS

EE = tanh(W(cx)xt + W{Ch)h(t—l} + bC) (?3)

ik, WEKITHE AT IER 7-5 A S,

lhr
T
X
ks | (C > tanh A
il % —h-—\
ffd}‘. \
x__ )
o P «
X X
o A
I\E. L*:' CE; :' ' f ; t:' ':\EO;H'
t N
sigmoid tanh sigmoid ‘ sigmoid
! t t 1
wx+b | [ wx+b || wx+b || wxib |
1 17 1} 1

H7-5 LSTM ¥ kKA UTHRE REER) , HPHiHEi M LR EER

MAEREIH, 125 TR AT B, SN T 2 S EOE . LSTM 4 b 28 — ANl s it. itk
LSTM WA 214138 puppy tHAEFR N ite s LSTM H 5 ML CRAF RS . A 1HE LSTM 171i#
it Fr4a )2 puppy 155, WA LSTM F R 5 —KE LS (FEAFBFLETH) &9 i 2
it if, xRN I S RAZAE R ES A s.  LSTM 5 BRIER A — 52/ M (puppy) 1]
PLR A (loudly) BR (barks) o P& 7-6 ¥tBH | LSTM Gne] /& 340 B IR 7S o A X 645 Bk AT dmhd b 2,
A A R MBS 2L (RREIT) .

® @ ® @ O

It->Puppy  Current Verbfor  parks->loudly
subject (i.e. current
"it") subject (i.e.
"barks")

B 7-6 ZAMIRER XS BT R LR - TFRER
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[ B AT Vi i 5 — S8R 1, R

John gave Mary a puppy. It barks very loudly.

7.2.3 BEFTABIRTSAIBETE R M RAR T R
Harl 79 ARG E IR/, X TFRATTEZRAKR, [HIlssh AR E 85 IR, A
IRSATAT RS, R EE R E B EARR R IRE c FMESZEIR K. AL
WU L I ek PR g HE

ZEAE 4 G AR ¢ WOE, 102 ¢ AR1FHER RIS, 1% sigmoid. tanh IX4L
Zxse i, e 7-7 25 1 tanh 05 R

1.0}
s

05F|

& 7-7 tanh B0E R
Y e KIAEEBE R, tanh 4T T 1, XK ¢ BEIINWEEH 22X, FAC&Eh TR

e 4

A, AnREREERCE 2SR IATATHEHR A S ST L TR IS A @ Bt #Y, v LR |
= P B 4 —= g

o, TR E AW
(7.4)

3% 1. B ZHEEERMGEE, FERLBETEF BAFEMNGELE, YRS eFE—L
F{E 5., Xt n] LB 1k iR 20 RS 1D n)
ft = o(Wiryxe + Wipnyhe—1y + bf)

v _ 1
XHo(x) = TreC)°
WA, TSN S K 2T W R R AE:

® IS IIeAA O %”ﬁﬁf"l‘%’%%’ﬁ?lﬁ* A Cit—1) :OEES 'gl-‘*ﬁ%i‘ct&
o AN | BokA TR R I &R B,

TR, FA TR B30 T e 7 BB 17~ — %)

They named 1t Luna.

XA AR B, FATIEESFRAH K 22208 (John) ATHIFN (Mary) LALARAT] (They) Z
HIHR R Bk, FAABTEAREEE O GBS barks 1170, KATIERLH

(John) ANINF (Mary) o FRATTELESTTH AT F35 (They) FILXTMZ)1H (named) K& A7
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fefi AL 2 AP 2 o P Y EEADS M shiEl 5 2, Bl 7-8 Fras.

@ 6 © @ O

It -> Puppy Current Verb for barks->loudly
subject (i.e. current
"they") subject (i.e.
"named")

B 7-8 AKilESE_-_AME=HELITHEE (Qt—barks) $#¥{55 (They—named) FrEUY

S RN T TR S TR EEN S, B 7-9 it 7ix et i, RNTAS 2 4 +5
It—puppy Xk RN ZL TTHIIRE, RN puppy £ G —A)H B N — D HEERT 4. Xt
WE N It — puppy M) =S, M EM I E A 1 REHI . RS IA TR FE 0 15517 K
BB AR AT B A S/ 305 B EE B X R IE R Z S T S S A E R £ W BN 0 K
SR B, AT 48T Bz EE BN AP L RS REMR - BN 1, AT LUK E
PONBRESET(E B (B sk B 2Mars N x FOEHE 8D BOZgw 2E g MeR S sk e .

oA B 0
( f: ) 1
/ ~ 1
® @ ® dm Q
PEP;Y "it" “bark” EE:: d C{ t—1) Pl:p:w named bark->loud €
LCPNREE

>

O O O O O

"they” “named" C

/79 R Ay PR ITE RH EAm R A,
9 H 2 TR S ST T
Ct = [tCe-1) T 1t Ce (7.5)

B, URTRA A DL F LA

@ A — /iR A S AeAEIR RS &
® BRm/EF HaTir A1z g,

& 7-10 o 74 AT(E LSTM kT P a tHE R N 2.



198 | TensorFlow 5BAEE4 M A

_—

sigmoid tanh sigmoid | sigmoid

! ! I I

wx+b | | wx+b || wxsb || wxeb |

# $ 4 iy 19

(%

B 7-10 MEifEEHATHITAEHERNE (i.f.Cl.c)
2 G, SeBERIRUIRE A 7-11 Fias.

® © © o 0|

It -> Puppy Current Verb for barks->loudly ~ They -> John
subject (i.e. current and Mary
“they") subject (i.e.
"named")

K 7-11 &wEFANMTE, S2EAARRERE
Rk, BRAVEEE W5 LSTM 4 R 2ZRE (hy) -

0y = J(W(ﬂx)xt + W(ﬂh)h(f—l} + bﬂ) (?6)
h, = o.tanh(c;) (7.7)

N SIS T MY G

They named 1t Luna.

AL, FAIA T EFHEEE ML kit EZANA) T, BIOVER AR (puppy) 41T ER
(barks) HIES, MEXEJIEER T/ (puppy) BFHI. IXAFENRK, (ERfE 0] 8T 4 min] LA
BRSERJG— P2 0 (54 barks—loudly HISKFR) o XIEZo i, X2 ALERLZE
B AAETHE LSTM 20 i 2% 4 ti ier AR BRAIRS R B AR GRS 25 8. B 7-12 25 7 LSTM

20 L PN TS )2 4
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)
f

¥

? @
i

t ! !
sigmoid tanh sigmoid || sigmoid
t ! ! t
Wx+b Wx+b Wx+b Wx+b

(;%/”)

B 7-12  SEEEM LSTM 40 i1 9 #0248
EIXH, FAVEES— T 1L LSTM 4H M 3 #8  AE #AF BRI B A S T RE K.
ir = 0(Wixyxe + Winyh(e-1y + b;)
C¢ = tanh(Wx)xe + Wienyh(e-1) + be)
ft = o(WiryXe + Wignyh(e—1y + by)
Ct = frCe—1) T 1eCt
0; = U(W(Dx}xt + W(ﬂh)h(t_l) + b,)

h; = o;tanh(c;)

724 LSTMiERSE

IAE N SR AR — PR T FPIEREAER RS . K LSTM 40 M0 bi i 18] 284 fe T,
DL Ji g 3 SC A i A Ie] i 70 — R 1), A 42408 H X S gl i Bl S B RPIRES 5 50 & T — 14l A
WA, WK 7-13 Pros.

LSTM Cell —'[LSTT"I Cell }—- LSTM Cell }—i lllll
L 4 x " &

B 7-13  LSTM 4 B 5] 22 1k FO i #2 E
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(HESEPR b, XA R DM — 55 R LA . (E3RAT PR 2R R, B n] LG — 1R
IERE X P SR EAT AR LSTM 88, I VA TCIARE AT frth syl , iy iy AR Z2 AL H] LSTM
KhrirBRE R, TATHEZE—FEES A LSTM 4 thah iU 24 A5 BBk Rk, 3RATTPREAE
LSTM TR E — > softmax = (S EAEW AW ZDs) » B2 K4t v BAH PA R 355k 15 -

y, = softmax(Wh, + by) (7.8)

WAE, 4 softmax FE LSTM & & B & E 7-14 .

® o o

saftmax m&max snﬁ.‘max
Wx+b Wx+b Wx+b
LSTM CEII LSTM Cell ——» LSTM Cel| ——>» wwwas

TTT

i 7-14 A softmax JZ K] LSTM Bifi i} [A] 2544 B

7.3 LSTM 5%54 RNN By X 3

AT ERT LSTM LbrifE RNN 7. SEbr b, S5Fr#E RNN AHEL, LSTM HEHEE
RGN . EEX 2 — LSTM B WA RPPRES: HCIRES o R ZEECRES, 1 RNN Y
HAEBNEBRS. 51N FEXHNET, BT LSTM EG=MAFMIT (Gate) , [FibXit5H
B 2 B IRAS I, LSTM X difn] A £ >4 i A A0S 7T A 20 R 25 B 58 2 451 23 ] .

LSTM H 77 X A AN R FPIRES 2 B B A 55 5 /1 o &2 9], LSTM #2819 #% 0> D1k (Hochreiter
A1 Schmidhuber, 1997) J&5| N A HI4atb A8k, DU A0 B AN [a) A (0] B ai sl (g 28 . iX 52
) — N R PR R U B A AR A Sl vl g, A2 [EE R (Gerset 55, 2000) . |7]
XA BIER CH R — R oiE 6D BIACEE RN [a] )REEn] LA A B354 0, Hry B
LSTM IZHE e 1), SRR A IR () RUBE AR B 0% DR S N 0 1T R A AR Ak, 300 FH IR () 3 B A5 Y
AL . AT WL, LSTM iX R L] FIAFE7E, BPfEAMRE K A TRE AR, & BRI
NG SN (R, SR MRS IEAE 5% ) R BRI ARt , (i 2% BRumiCIR S T DA Je e iz 1
A A s ol B A s A g P S s ok

T WL, LSTM & — AN P sk i 771 CRE Sh5#E RNN AHEL) , BROVERTBAE N E
{5 1428 1) 2 A 4 N A 2 T4 AR S A AT A MUK S O DT RRFE B o kA, FarHh 11 nT DLSE G b 1 4 g
REF RZRRRURE W TTERIERE . /- 7-15 H, AL HE T bl RNN A1 LSTM I EoR = E,
s PSR TY 2 [a) ) 22 R

£i ERrR, @i A 4ERE RS R IRAS, LSTM 0 DA2E ) R WA K WK #io< &, XA BT
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AR A LT R )L, FATPRAE T — i

@)
]
tanh | sigmoid ] | tanh I I sigmoid H sigmoid ]
t t ! t
| Wx+b | | Wx+b || Wx+b || Wx+b |
i . 14 /1‘
Cj//::—,__;/'

@F"/ X

B 7-15 —H#XTHER: M8 RNN, AMA—4 LSTM 41

7.4  LSTM 3N{aTike 5 56 BE i K FN 456 L 1R K o) =R

IEGNIRATTETHE P8, BIAE RNN 7E¥S R GFA), (EFESKE P e mAA7E™ B AR .
WAAE Y, S @I ) S m %3k (BPTT) I, BhEEaiadm), X EFRATT A et JL AN A
SRIMER . XK, FATH AR DR RS RENE R, 2 R e micis. X had kIR
fil] 1 RNN ESERR ST 55 1 R I

WA M BB S TS (Blan i 52 i 1l elih 5 850D & 25 5 ST MR IR
BICRHIBES T LA s3I R — 4~ 5a]

[

John 1s a talented student. He is an A—grade student and plays rugby and cricket.
All the other students envy

XA, TR A OIS . ZRRELH Tohn) o R, X RNN KB, XA
—BUREMIES . RATRETR MR, SERETCARIF k. o, BT RIEMES, R
{117 3 —Hi7E RNN AR F A7 K HRBIOC RAO 7. X IE R LSTM B ZERR U IRAE S5 2L

TES 6 BINARER AL, N TG T o0 7E BT AE o] R M B R L T LA FE 3 5
BRAE. RATIEASES), EMEAEAEARAMET, SRR . ik, TAHSE B S HR=2 gy

dh(t-k)

11458 RNN FI LSTM (LSTM /52> %, IEMITRATIZES: 6 Ferb oy, cje Sk
EREPNIPS 3R
bRt RNN BB S THE T
he = o(Wex, + Whh(t—l))

T AL, BRATTT LA T S SRR, 0 I USRI th DL R
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-
he = U(Wth(r—n)
WU RRA A A (00, 19 2L T4 R
Oh TiW(Wh )(1 — o(Wyh )
- g —k+i — 0 —k+i
ah(t—k) L h I (t—k+i) hY(t—k+i)
=W TTizo o(Wahie—k+i) (1 —0o (Whh(t—k+ij))
BT VB Wi o< O BWaheiry>> O SRR 4o ZEPTRMIL ) 20
HaaHE 0, I RARRER K . Whhe—griy= 0 BF, X Sigmoid BIEERENN 5, B AL BRI
(0.25) , HUAZ AW P KIS, BARREERGAER o shsh, Wi (TREH TR G ED
B FEEERIESE K. 2RI, SHWLh—ran<< 0 BiWhh—rrn>> 0 IS BIBEEH RARLL,

FH W T30 5| 6 FR 6 B 31 e AR YE AT 25 S R GAE-A FEYI0a A B Ak TRR EE 80
AEAEERATE — TAMIRES, HFRGAH:

Ct = ftc(t—l) +i:C
X e LSTM H A= B B i T T8 B9 7= o A, I 2R CARAL) 7 08 LSTM ifﬁ%( 2.
W Weex JUMDe, RN EANTRARIEAR)) , KRBT 45258

k—1
dc;

P — l_[ J(M/}hh(t—kﬂ))
“(t=k) i=0

(ESXPIHE LT MR Wy he gy << 00 TRABBEEKSIE s 55— T, WRWyh—gr>> 0, T4
SHCKLLRRE RNN RS E58 832 . IbAh, M6 R B, PSRk (BB RIE

aﬂ[t—k)
W1 TR R IR BRI . AN, MWihorany>> O B, FRAVEFIEE 1 IR KBEEE,
X BRI B AR IR I/E RNN sh B B BRI CYBB B A BIRAMEND) - BIE, fEifES
PR IIWEZ KT, BRI, T ST . 1R A B X T T AR Tt

dh(t—g) h(t_k)

T MBERIMPE R ERXEHES, BERLLFRAT:
dh;  0(ostanh(c;))
Oh(—) he—)

— BRR T XA AR, FAT G BRI

tanh(.)o(.)[1 — 6(.)[Wop + ¢(.)[1 — tanh?()] (c(—pyd(D[1 — 6(.)wpn + o()[1 — tanh(.)*]wep
+ tanh(.)o(.)[1 — o(.)]win)

FAIAF o (.)Ek tanh ( D)ABIAZE, AT 4E, EHEAE 0,1) 2% (-1,1) FEH
Z W WRBATH 2% LRSS (blny (L)) kE#H 6(.). [1-6(.)] ~ tanh (. )FI[1-tanh ( . )*2]
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I, R T
Y(IWon + ¥ ()ICe-1)Y ()wWen + ¥ ()Wen + ¥ ()Win]
HERBILLUREIR (RSN y (OB ARIEEAS y ()R -
Y (IWon + Ce—1)V ()Wrn + ¥ ()Wen + ¥ ()Win

XK g LR A

k—1
S = | [ o ccrOmm v Owen 10
t—

X VR BRI HE W TUL 240, (R AL, [HI, 7EWIEEAE LSTM IR

(t k) d h{t—

HE AT TE, FRATTH N 2 A B e

R o, #B0H ROA MR T LSTM 5+ 4% RNN AR Z &, B A AT A At K
BRI M AR B R 09 FR, T B4R E Z, h T A A R RIUR M,

7.5 {K{¢ LSTM

IEINFRATLE S~ =] RNN B R B AREE, HA BB 3 3F A — e e RE e 17E Lk h &
WLt . XA TSN IR HIpra, LSTM W2 anitk. #i18 E408t, R EifiheE
FLHUE P K R, XA HEAERE LSTM 4 5o S uem o mim . Kk, o2k 7%
LY KR LSTM 7E il LR IS B 4f . fEiX B, AR S LA X R ot . 3K
AR L 8 1A ) B AS 42 35 Y One-Hot 4 A% 27 A K2 4 FF X A) LSTM.

751 SREERM

R IRA 1A 2R B UL B i E T 37], LSTM B i 7= A e s B — R4 3. i, & &7ey)
W2 5y — AN AR 2 A 2 CE H 0] the.

R TR A AN 1a) ) —F S A 548 K BE (Greedy Sampling) , FAT TN &R n
FFEA . IXA BhFFT R o0 i B2 — 14 .

EFRAT I JE AT — M1 1 5 —f) 1k -

John gave Mary a puppy.

TATAE — A Fid g e, FRAEZE I T KA 4 A5

John

IR IRA A0 ME R IR FEAS, LSTM o] e T4 ik N2
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John gave Mary gave John.

{2, it Ml R B — AN Bin] AR p KA B B3ia], LSTM 38 B3 1l - nl e 4 i LA
THA:

John gave Mary a puppy.

B R LU

John gave puppy a puppy.

{2, BV B KA B T AR B SCAS S IINSE 2 284k, W7 ik AN REOR IR i Hi 4R 2% 02 HSEHY,
TEH A AE R B B SCAR PP o 432 T RIRATE — R B R R R, B khs EEN Z srey LA
BRI AT AT .

752 EFREER

A% (Beam Search) J&—Fp#EHh LSTM S5t Fuill i & (1 ik, fEuL, @i i vt 22 )
RENTM . SEAIL RIS IR T (0D M (Ve Vs Yerzy - Yierp)) MAEH
MM tHyeo IXH, b BEFCOVERKKE, FEE~4R b MR NER . WA EUF, RATERE
BHABSKEMED Ve Yier1) Yeray - Yerny | o) FIEEA, A SRR T R EMEp (e | xe)-
(EREAT TR Z AT, FRATR 2t —PRFFARK, Xl H 2 KB 45 R

LEFRA 13 A T TR PR RS AR

John gave Mary a puppy.

X, FATRZABEAT Bin T . EA)3RATE LA F A

John

{E ¥ LSTM {E R R R~ 515), A8 5L fRE T e s A% B 7-16 P ROIRE. RSk
RKEb=2, HANPEAERRIFENIEFHIE n=3 MEeEFRIEE. ERMUE 7-16 Fix.

}’“

15 0.3 0.2 0.15 0.2

John gave Mary a puppy

0.15 0.1 0.3 0.2 0.15 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
John gave Mary a puppy John gave Mary a puppy John qgave Mary a puppy
B 7-16 HEHRERAT A 454, XHE n=3 H b=2

FATIAELIA] John JTAR, 152 RFPTA B MR, 72679, Ha=28, AWK T
— YRR =AMRIAT: gave. Mary 1 puppy. X BRI, IXEERTHEAE LSTM SLhrik
BRI, AHERFINE . S8 NIX L BRETH, BRI — R4S ntff. e HE, #%
BMEE, HEHRIWPRIRE N, AP PhE L) = MFEik .
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K 7-16 2 T Bl A R84 (P (gave , Mary | John) =0.09) , iX B AR Z g7 LR H
BN o IXSE— PR MALE], RON'E 281 John gave Mary 2 25 i) 18I [0 5 i 1) M 4 Bl 22
Jil, 1A & John Mary John 2Y% John gave.

R, TR AN AR 2 A i S AE IR T B oS AR RT3 — MR 5 AN B ] [ 1]
Ba)To SR, HIAPRILAAE Dt — iR/ SCERF, fESF Rtk S E, JEa SRR R A
()25 Ju¥ Leam i s A R = AL ) 5 B N 5L, VA B INIER .

753 {ERIAEMEE

55— A LSTM PERE 17 7 R 1 ] 0 T A2 6 ) One-Hlot 410 ARy LSTM H)
N AERAG A LT TRIEATERIT o (R TAE T A — LB 8847 b 2 A, A BT
%

John

AR LA T A) 75 1 LSTM 5 7.

John gave Mary a puppy. Mary has sent Bob a kitten.

B a m B 7-17 Fras

John
..
Mary
@ Kkitten
puppy ® P
®
sent

B 7-17  —4E=8 8] § e | &R 1
1X B3] ) B ) B I e BE R -

kitten: [0.5, 0.3, 0.2]
puppy: [0.49, 0.31, 0.25]
gave: [0.1, 0.8, 0.9]

a[LLVEH (kitten , puppy) FIFEE/NT (kitten , gave) FIFEES. {H &, W34 148 One-Hot
hd, EATHW T

kitten: [ 1, 0O, 0, ...]

puppy: [0, 1, O, ...]
gave: [0, 0, 1, ..]

ifif BEI,  C(katten , puppy) HJEEES AT (kitten , gave) HIFEEAESE . IEWIFTE 2R FAE, One-Hot
P b [] S AN BEF IR B ) 2 (M) P IERA DS R, HLE 2P Sl i bk 2 [a] i B B AR AR 55 . 2R, ia] 7] B
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WA RIX AR &R, HIXR R R EIE SN LSTM HIFFAE
AT L, A ] ) B, LSTM H4 57 ) BIEAF [ inl Z Al Ik &R . B0, {EH]n a5, LSTM K
FALUT A%

John gave Mary a kitten.

XAEF I LT A2

John gave Mary a puppy.

teAh, ES5 LU AAEEEAR:

John gave Mary a gave.

(B2, W R{EH One-Hot Zwhdia) &, A2t L PR L

754 Mm@ LSTM

X7 LSTM (Bidirectional LSTM, BIiLSTM) J& 4@/ LSTM il Jii & 11— 75 ik. FIHZH
1207 LA 2R LSTM MO 46 3 R 3 M R S BT 46 e BUEE . 7EI1Z% LSTM WAIR], K68 an T 2dE
£

&L P A1

John gave Mary a . It barks very loudly.

FEIXAPT B, Bl 14 2 LSTM REWE & BT MBI AR 55 — AN ) 7o A R R ERE
SR MR ARE R ER H BLin], 20K -

John gave Mary a

XA P ALK TR B R SCHY A WS B LA LAt R T B A . (HUE, W R RN X B
BAKG LU AA:

John gave Mary a

. It barks wvery loudly.

A R FRA M X PR A TR0 B E A, 502 DATI 25 K i) B ia] 1% 48 dog 2K puppy. [Rlitk, AP
ANJ7 el B AT DL S e A R [ R R R R . A, XN T P X 2% ] ) R B R R
T HAERE

BiLSTM ) 75—/ N AP Ze P g LA B0, R EE S A FRER B AR E S A 1. T —
PSS B S —PINE 5 Z A S i — 2, Rtk 1 #RIRE 5 B B A ACKRAT BT B A
e B0, A=A A RO RIRACR . B, KRR RS RIPERCEIE R RS IR EE,
) T8 3% S R verb-object-subject, [ 7E 55, M| & subject-verb-object. fEIX P EIVFATE S 4,
fea) B A0 ) S5 ) 132 ) 7~ LAREAT RAF B8
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BiLSTM AJifi F&EPANIAL) LSTM 4% . — AWML BIEF 1 8dE, B— MK EER
LS K s . LR 7-18 BB 1 BILSTM W 4% [ 2244 .

softmax softmax softmax
Wx+b Wx+b Wx+b
- * - 1
""""" O 1 ““““":E;t-l:l "'““'*EEJ:J' T T T T T T 003
. ¥ %
«--! [LSTMCell<{-- {LSTMCell -~ :LSTM Cell <--"
L A ’ 1 i ¢ A + ’
>{LSTMCell|  >{LSTM Cell| >/ LSTM Cell .

E 7-18 BiLSTM ZE#niE A

WZRER B WAET B H 56, 18 W IT k345 R O T 612 AR DI RS2 P 2% . 245
ORI Thrife LSTM HIEF NGRS . FR, A A5 e ml s O AR A Rl 0 I 25 R 2 PR 25
PRIE, FEHEFRR BE SRR AR OIS HIE B GBI ERE MRS IR &) R sR R 817 .

7.6 LSTM BEMBT{E

EARFCA ) EEICIFEMRER) LSTM 2244, (B2 e A S 24, ST LLR{bbriE LSTM
IR Ze 284, NaJCAF=AE B fIrEee, sREMERINA 2. ATEIFFCHIFIXT LSTM 4 g 2244 i3
1T R 2 A . BIALFLIEHE (Peephole Connection) 1] 1% iE¥ 5.7t (Gated Recurrent Unit, GRU) .

7.6.1 FMFLIER

FALFLEEAN V] (Gate) AEWSTE B4 AT f AN JC BT ) B A FRmUIRAS, L So VR RIS AT Y
MR XN 7 LSTM i 28 Fy A e £ B . b W BAT iR ] L= A B AT [ &5
R, IXETTREUWTF

ir = o(Wixyxe + Winyhe—1) + WieyCe—1) + bi)
¢ = tanh(Wiexyxe + Wienyhe-1) + be)

fe = o(Wiroyxe + Wirnyhe—1) + Wire)Ce—1) + by)
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Ct = ftCe-1) T LGt
Or = J(W(ax)xt + W(ah)h(t—lj + W{ac)c(t) + b,)
h, = o;tanh(c;)

EFAT R EAE — TR it LSTM B RYH) . X875 2 #0225 5 A A B 22 BEscik
&, [EAZMMIRES. A, EHBcE S, w5 I EERZE, RIME4 RS &0 TR THE
ReE REENGELE, RARBRSEREL %, Fik, X EHERNASEERBUIRE. £
[ TUHS T RE AR 25 4 BRUIRZS A 70 Vi 4 PR 25 OE 22 i 4%, JF BRI 7 4ar e T 1B R L T
AR LRI R 4T .
FATHE 7-19 F B FLIEESK U LSTM RIZ24, b LSTM I A Ef#1T T K
O ALEE, AN E R LB A B R

(h,)
RS ®
% B tanh "/I
Cir—l “—'t
© <,
D /_\
) &
| F
i) @ ¢ ©)
sigmoid tanh sigmoid " sigmoid
Wx+b Wyx+b Wx+b Wx+b
&)

K 7-19 FAEMFLERES LSTM (B fLERERNES, HiEREERAKE)

7.6.2 |2 REFBET

I T B (Gated Recurrent Unit, GRU) aJ #4% AbriE LSTM ZERJ ) fifb it . 1Eand&A ]
BER, LSTM A =/ AFRM TR AR FPRES . BIMES FRENFERES, (X — St HERE
ZH. Rk, BEFNER TS HEER A, 1 GRU BRI —M 5%k, b LSTM A
GRU Z[HH N FEEEZR, BAEUF:

H e, GRU ¥MMRE (RS MR ZRREURE ) A& ENREeIRES . e, XX m
P ORI B U, SRRV % Tt . Harm I m g, 3RAVRE S ] PR e
¥ 2 DA MRS SN L BRI E R/ T LSTM 4l a5 &

K, GRU GIA—NEAT] (BFRNEETD , YT 1, ETHE AR KR
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SCRMEIPIRESE R Y EA 1T 0 B, BT E Y ADIRSH 2R RSB R .
e = o(Wexyxe + Wenyh(t—1) + by)
he = tanh(We X + Wny (rehe—1y) + bi)

HIK, GRU R A TS ST IHAER— N EH ] b LSTM WA AT TR S .
BN TR ERKZ /0 HarSn NI AR, st s o B 2 20 e AT g IR S N Y Ar gl R
EHEE E, XafPLERWT:

ir = 0(WiinyXe + Winyhe—1) + bi)
ft = c(Wigxyxe + Wirnyhe—1) + by)

AN BT D0 0, R o A4l MRS 1 5 BORZSAE BHEA Zan 4R, Forb = a3 94
BN HPIRGS . WOREHTTTE 1, AP Anrm AR gl R, i ard RS A A &=
PAEE B AT MRS . BAJTR Y, SRR NS TR ME, Bl - f

zr = 0(WignyXe + Weanyh(e—1y + b2)
he = zhy + (1 — Ze)he-1)
HUESAHE GRU Wit iE S 4 —F, Akt
e = 0(WexyXe + Wenyh(c—1) + by)
hy = tanh(Wn X + Wenn) (ehe-1)) + br)
ze = 0(WizyXe + Wianyhc—1) + bz)
he = zehy + (1 - Ze) g1y

XL LSTM B 5. A 7-20 7, FAIAH T GRU 400 (£ FLSTM 41 CAED .

Cell State

[sigmoid| | tanh | |[sigmoid]| |[sigmoid

[we+b| [Wx+b| |[Wx+b| |Wx+b|
[ [ % [~ I"

—

& 7-20 GRU #1 LSTM X EL
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77 B

SN =

fEAF S, FA15%2] 7 LSTM M5, 15, A8 T LSTM KH S48 0, BIEANIER |
LSTM A kA RTVEN S, il — M0 7 &SRR,
FATER LSTM EEHH 5 MR 4%

mfeIRA (Cell State) : LSTM @@ty MERAs (A58 ) .

2K A (Hidden State) : #P3p &K A A Tt EFm.

#r7 (Input Gate ) : X AEZ T HATIM AMIEAN AR & 6942 2.

%17 (Forget Gate) : XA T Faaled i K ALK E D] 4 Al il R S0 A2 L.
#rdi 17 (Output Gate) : XAE T3 ) K SHE 2| AR E.

AT e B 24 i 45 7 7 1 LSTM 1R S H 4k 37 o B AN K e it

AT LSTM SEFr b GE a4 4 BAAR 14 o JE 45/ 9 B G 37 2647 5% 21, 1fl RNN 0] e Joik
LKA . 2 E, FRATE T LSTM el ixk L & Z% i) 45 A4 f v e FEE 3 2 1) 1) f

SR, FATHR T LA T MRS LSTM MY . B 2| IR AR — MR
M B AR, ForR, AT S B IR T, iy A A — A AR T0 R B LR AR T . FRAT)
BEXMEEARNE T AERCCARR 2. 37K, AR T — MOV R R EE R R,
Ao B IXFEAR, AT AT LA A2, HRk 3= A ARG S M2 i T, A
H Xt AR ) AN I () A BEA T FI0 o  5y — T90 e A 9] ) B e 5 B AR AT 142 = LSTM Tl (1) )53 &
ff FH ] [ B, LSTM 0 LLBEAG 2ch & =1 76 Pt A ) 2 4518 SCRRL ia] (4, A& St dog, LSTM
Al HEfaI Y cat) , MM AR OB FLSEALIERG . FRATIFHS EE R B &Y i & BiLSTM B0 ] LSTM.
BiLSTM ) —ANt AT B A S 78 J 18 R ) Bk 3] . BiILSTM 1] LM 4R 3R i« MR v B4R M
A TTATEROCAR . XN RARME 7 B2 1 3CARE F 50, I E BTz JinT OS2 R4
FROCAR R A .

B e, FATTHE T LSTM WpippAsfh. FiMFLiE+AI GRU. Vanilla LSTM 7ETHE T, HA
B YA AN R . @I BRILERE, RAMET IR T G . B gl R .

GRU & VanillaLSTM AL FH 484K, Al faift LSTM i A<tk ft. GRU XA TAI—
ARZS, 1 VanillaLSTM A =AM TR MRS

e~ —FH, ATKE DX AR EE SN BRI EE, TR eI SR A AR 55 1
3



FIF LSTM B ahE g ST A

SCA B BN R B ARE 5 A ER AT — AN A AL A, X T R 0] PASEIR R EA LR AL —
HRSHSEBERERES XA MAFRBRAM S, AT LLR A B 8h 4 skl 73 8 SCA 3 SCA
14 B (Text-to-Text Generation) . & X E| AR (Meaning-to-Text Generation) . £{4f5 F|
AHH R (Data-to-Text Generation) PLA % 3| A M)A % (Image-to-Text Generation) 55, .
PR 2 SCARAE RO TR BRI S NS AG E T — F5 B 4 o I B SO i AR — TR IR K B BkaR 14,
AADHEFEN EREANEE BT RO 7E, B SCSN F ¥E J1 B oK. B, SCA B ahA iR mT LA
R 28 T R R R e ) B AN BT SR AR S L SRR F A Y S i B A R R SRR P
R E s ESS, 20T DLHRE B8 T ARG SO RS, M SE3 S InE Gefn B R ANLAS
B, DA TZES TEANRRK TEE, ﬁ?ﬁiﬁ*ﬁ%%ﬂﬁ%%%iﬂiilzﬁfﬁ at RV S
Bttt 2014 4F 7 H ORAFTESFER A A S F AR iRE L v kS, 32 EREAZ VLN A A
R AR S 5 k8], K “H3hiR%E )17 ~F] (Automated Iu51ghts) KH “EELE” A
1B R R L I 22 55 7 THT (3 Rl 408 .« 1xX 4l BAR S0 b B 38 SO B 3h A BER 2% FAT TR AR AL
Vs AR T BRI 5

55 7 %, WAICLRIFIRE 7 LSTM HIFEA S ER, B a0 e AT ] fig st 5 3 R AN BT RK
DU E R @, B i ] PAE A W AE NLP ARSI EANT. LSTM K& A T AR sl BE b s A ik
FAESS . B, 185 @EN T A EESAEE A, 8 e AR N SO &, Hd EHE
b AR Rl el B R R T SR R AER A, B 7 o] e W E A R R et 2 ) G () —
)

A TSN A BBV E AT = DN EORITE R, B B ER LSTM AERGHT XA . ik, 3R
1R T AR AR o0 B — LE B[R] SCEE B SCARER, R A8 X B RN 2R LSTM, e i e 2R —
AN ETHIHCR . AT R AR MR A ol (n-gram, A n=2) RALFR A, FHHR|H
ME— 1) — e R HIE R K o AT TEKFHR R LI 2 AR B IR vk, 6 5028 KA el i 4 2
T . 2 J5, BATE A B ae] SLIBR bR LSTM 2 ZbF i a7 778, 5] i BAA B FLiEHE:A1 GRU
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] LSTM.

PR, BAVK A S AR L7/ 29— oo CEL i B4 Baa)) BB A HO S AN R s i A . T
SR —u AL, B One-Hot 4ah i) B REAIE & AE FARRL, PR ia) & ] DARE 3 5 ] PR 4
Ko Rk, MRHXANWER) — AN AR A m R (BER PR E R ) , K IE N LSTM
4 N o A 3] ) B B 0 Okt A 4 U E o 7RI S R 2R R B A, 3A]E & R/ AT LA T
10 000~1 000 000 Z [A). #Aifn, RAEWENCERK, Aidian) & B A [ p 4R .

8.1 ZEIXZAHIER

SR B A A R B EX 45 5 SCAS AT AR SR AT AL I, M ZRAG 8T SCAS, T o SCAS 37 22
(Document Summarization) . ) J-JE4i (Sentence Compression) . #) J-fll {5 (Sentence Fusion) .
VAR Y (Paraphrase Generation) 55125 XMIXEAFRPFEA, RN R OEHT TR
LRI T, HIRAGHRRE R K2 1E ARG 5 A R RS WS AT kT 7 AP REE, il
ACL. EMNLP. NAACL. COLING. AAAI. IJCAI. SIGIR. INLG. ENLG %. =Zfr_l, MIHF
PR B &, 3RATTAT CUREHL A8 A F — R WIEAE 5 3 HARE S U ERER . 298, THL4S
TSR RS — W S, DRI FRAT PR AE S 11 FE X 7 T ) P & 24T B A 4

8.1.1 NXAXHE

AR R A S @ B 370 tréa € B SO BOCE 8, SO G2 2= 2, Bt — R R
i GEW A& VAW E T , ZMEPRAETEEN A ESC, W] fmiRE AR 3]
AT SCAAR B B BB SR SCASHEAT I 4i . 428k, ) SR AR PR ) N A A . T IUAR
g, WA EAARPR I bRME, BRI

HRAE BT B AL PR SRR AR, ORI T DAJr N BRI B M AR 2. AR, AT
T VURT B SO AR R, 2 SO B U — S SO SR A i 2

MRAE SR AL BB SGESEA R, SCATRE AT LAy Jy 3 8 it ) 76 5 A 47 22 A0 3 8 i A 16 AH 5K O 97
2o TR e A e R HYIR B TR AN G € @A Y S R SR B OO SR A AR s T e
A < FO A B TR AE 25 7 B RS T Bl A ) 15 00 Bef% ) B % - ek A1 &% A i) .

R 2 PR VA AN R, SO F )LL) 928 el e A2 ple s — T AU 5 2R1E
5 B AR AR SCABATVERANE SO B 04T, FexE B TR &, T B 28 5 A AR A s
RO AR e e B, 2R AR R 5V SR 45/ e (R) . BESS) BT
VT, TR SR ETI T e A, ARG A ) A5 R B e AL A . N EERE il
UGS i M QRN ESSY A v S T

AR E RN EBAE, FEE R L e 2. 0 se, s B . X E— ot
T AR FE R E RN TR, BRI e Z A/ B B RN NAE R — DR TR R, — i R
XIS R whdg . PR bk, B4R POBREITFSE . FRATIE N WA AR R ]
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PR IXA N B BRI

HAl, REHCCARBHE A EERFET A TG B BUSE S B A) 7 8 BALEAT PR S R
X715 TS B e KRR B RAE R 2 0) 7 B RAF B ol sett . XS TAR A s P BON -
— X SRR A TR T E B E Y, RN E RSN THS TR E. TR
ANIR, FRATTAT AR EE TR0 7k, dlad a) 7 A7 B Bk BT £ B 2k 2R )R i ) T ) B,
] DK & FILES 2 21 ik IRE S 21 71k, WA 50 a) 1 19 2 PRk 47 S EE P ) 71 2K
HelH . XT38 AP, METH - PRINE R, WEFEA) 2R, & hikEsE
HHa)1 (i MMR 535 , FFE—383%) prie i 2 0) 7T E S EHES CnE Em Bk . M
IR B AT 2 o Bl SR G — 4 1 5 T BB R 1 7 v DA B A% ek B8 KA
i, AT MER) TR AR o R 25 A TR TR M.

i 48 SXOCARIH T IENIAE], B 80 A) 1347 R 4a, LA SR K BERR I T Lh 3% 25 5 5
Z WA X AR L L RN 2T 0] Tk S 7)1 k46, Be k15 47 ) ROUGE PEFE(TE:
ROUGE /& Lin #1 Hovy 42 H 1) —Fr B 208 205 7k, # Z H TREVEESH) o Bk,
B0y TARER A A) 7 G SRR O 7)) T AT e de, SREGHT I E N2

Kt — 2 A AR B F, A I 5 SR AT SRR, g SR R AR EE SO
s RG2S EE R 218 SRR, IR ENIREE X R R R A i 2 AR . A ) —Fh
ST S T 4 B K~ (Abstract Meaning Representation, AMR) & J& A= iU 2. 3/ 18
o IX TV P RS B B 0] T AR T R Ch) 7, R B 2AE 5 A R ME X GRIE H A
Ao PR b, IXERGTEAR R E 2, XRIASW K ERE SRS BRE S AR S 1R 83, B
A ERIHESE .

8.12 AIFEHESME

al RGeS RS ER EEH T AR E R G Y, ARG B EINEENHE, (H53RA1134E
P ERAORE . BRE, AT RGaReR F 2R T — KA RAER— MR T, BIRIEiZR
H TR AR KA TR EEE R, WEEEEEAALK. M) T REFE. A)7 S R R
PR Z M E R N ERA S A T-A HERARRG — ) 7. X BARYE H AR 0T B AR,
—RA)TEA A RRE 2 MM TR FEE R, i EEA o5 R CRUTESEEF T
WAtz H) , n—RNERIEZ M TZRNEENE CRUTEGEREHMIEIZRE) .
K TH) R4 A, Regina Barzilay 1 Kathleen McKeown #&H T —&M/K& S, FE LIt
7 {5 LR 51 (Identification of Common Information) . @& #4115 (Fusion Lattice Computation) .
MR tE{l (Lattice Linearization) — /5 [fl. #4b, FHRHFF N RETA) T-Fl-G i B H T HAR)
T8, oA G H T a5 o ST vk FE T BEE R LRI ) 7 i & T P ) e R B A ) 7 VRS

8.1.3 XAERHERK

AR A AR XT 45 7 AR BT IS, LA AR B 0 SO, 38 & HH SO S5\ S
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AAERE LA AR, ABENIPrEE R & SRR 8 X TR AR E RN S, RN RS
VR BRE SRR TR, ETHLESEIER R SR TR (Pivot) BG5S, Hf, & T
H 288 S AR iR GRS, X A1) &) b ATV8 CHRAR, 1598 0] 7RIS R
7~y PR TG B HTE R GHT R )1 FETHLas B9 1 v R SO SR A B i) el e B
S LA, JFEE A HLES PR Y g 4 0 SCARAE AR SO o Fk S R VR T K 2
ifr & PHEASCEARER 5 — i S GO, FRRERIRIRAS B SO TR OB R [B] 2 |G S

Hsg, WARRANSARBRA T Z RN AT, GIInfEDL a8, JATTm] BUR| I SCA =ik 4
A AN A AT TRIACALFR, AT & TH AR RICR o 72 LB Ui, FeATa] LA H SCA S
TR AR 7 Al Y SCAS TR AR FR Dy ) LB A 5 BRI SRS .

PRI, B BT RERE s i XA R BN R I SR SO, ABAE SCAR AR RS o B b T I A
Pk, 3B RO T U5 E 2 1) BR SCAR I 5 e AR A BEE ) PRAUE 5 8 ST SO —
Ak, NEMBNZ AR AT 3 .

8.2 ENEBINARIER

ETHHEIE T 2ok, KZ2HBF 5N 1 # 8 E f1s 72 J Mt i 2 e “ BfE & (Truth
Condition) ” HyE:AE E, I NFHE] 1 REWAE B IRE SR %4, BIAEREMARREE E2)mE | H
PRAE S HIE X .

BIF 5N 03 75 AR iR 15 BE il 3F  SR 32 35 1 7 VA S SCGHHATRAE, H MR RS (Model
Theory) AHEBHE (Proof Theory) M/ EERHATHIA, FrLA RZEUE M FIXFhERY FE AR
B HEAE .

Hosg, BN BICARR A A8 L (Compositional Semantic Parsing) VI, 5 X
I it B XS 2ot 1A e A E AT B 2l a)val U 5 B B A th TR AE A FE g 1
B FE A4 50 (Principle of Compositionality) , Kt FR A AE o tr, #7208 S

(Distributional Semantics) #HX . 1F8HIRIE 5 A H B — M2 OEOR, HEE AR E X
e 7 T A CEE AR R, 7ER RE IR & HLas Bl 20 AR E 5 i MBS A H BRI
MR B fE XORE, FLSLE RIS A RS 158 S pr e — X LW ) B 2RAE & AL PRS-
TR, AMMNETIREEIER SCARAE R 7T R S0E R SO A M 7 TSR S48

8.2.1 ETIREEERNXAERK

{E H R85 A EE T A B R B0 B, 1HEANLE & i3 TR KREMER, AT EE S FZHXMIER
A6 IR T D H AR TE 3T 7, R 1 B ERRSE S B EVLEE R — R a)ik1E A,
B AR X LR R A & | HRTE 5 L HL RS .

MiREEEE RS, W EN G E R PE SR EA & 5% (Broad Coverage) [
TRV AR £ 2 — RO ME @ . DA _EAIF 7T 32 B R R BV AT 08, 1o R B S m) R R
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AR A SRR T R, CLERT R IR 2R A AREE X HaREs K. &3 +RTEN
WA, BN RAE HPSG HE ALl BT & 1 9618 St 1574 (English Resource Grammar, ERG),
X — AN AR D B A s 78 s R R R R A R 8e, S ERG P Re 1) SCA A BaiE 7
WA 7 A mi g, Carroll A1 Oepen #:+ ERG HESZIAEHE Tt 13T B A REA,
e TIREZE B LAY . A6, 5 E T I3H KRR SO R T & — B AR TR R
#H#7~ (Compact Representation) MIAHKHEMDFiA——%#EMEITHE (Selective Unpacking) , JC
Fo e # A Rt R 1 050 25 ST Bk it SCAR A pliast A2 H Brid 21 s S

FOCHR A AE = )\ LIS T BT 7R, — RPA RIS 5 AR i+ E
PR 157830 (Grammar Formalism) #42 i, W41 &7585157% (Combinatory Categorial Grammar,
CCG) W UMBEIKsh AR5 45 #0157, (Head-Driven Phrase-Structure Grammar, HPSG) %5. AT
Haia)ik it Br E 2R B R ek i (Context-Free Grammar, CFG) , FiRiEZILNEA
B E N SR RRIFRIARE S, ARSI EFEEERES, A5 FEZMER, mixe(5 BT LK
(S S B A5 SO, T 5 2, X SEPR AR VAU SR B 4 Hh S R r)ikiE R RS & . 1L
RETEAR SR, i Ak R B [R5 0] LRI A 8E & A G183, 14 LIS CRIETE AN
YN, e LT AR T DL S R SR SCAR AR

HEOFIEL AT Z ARG 5 AP 7 2 0y s ke s, i igs 1R AE Y
(Type Transparency) F) 5 U, ELARS ) BE VTS XA T, 3 H s SO i Al SC AR AR R B B /e H &
White A1 Baldridge 516 1 40 2k B A Bl 5 LB VW EVE S &, FRIFR T IFIR I T4 & Y6 G
EVEI)A) 52 (Realization) |- H——OpenCCG. White X 5 H A= EHBARH T bl
HE A ) B

8.22 ETRIPZIENITAER

fERE 21 20 4E 0], Guita)ikonth S5t PLEs v e 2 AR PN IS K 2 2P 1) B 281G 5 AL 3
FiR . Br 7 MBI Gt a)idk it a5 Canpl i 80 2 4h, A A E )
HIH L 25 BH PRAR TR ke 78 il SO A A il ML 28 B Y H AR5 3ok B 2E S8 BV R S —Fh B 2RE 518
), HOR B R FR 2 AR s 1 SCAAE BN o] AR R FE R 2R 5038 518 A B3 —Fh B 2818 S 15 1),
A BANER AT .

Chiang 21} 73T ERMEERFEIPEAR T (Hierarchical Phrase-Based Model) , JLA% /& F| ] [A]
& B K ik (Synchronous Context-Free Grammar) K P [FJ51E 5185 KT A H brid 518 5)
AR H AR SOk D eyl i B2 UL i 74 . Wong 5 Mooney BIAZ/E 118 T FIE
I8 S HTRIEE X : B—FE AT RIENSE ASMERIEGE S, 8 R B 81 E0E R 205
S 1 Lu 5 Ng WE*TRER Itoar 2 A KA (Typed h-expression) JE 5. PIIIHT
FLH — I [E] s R MR 0E S B TR, PR AR R S5 74 i E) B 281G 5 IR S5 i 5T
—EUEXT R, I SE RO AE AT S5 s 3 — SR RS 2 sl A Bl Bl RoR (g T
PSS SRHAT AL, fRRESE.

Wi & P ARG HEAE 5 F T B 2RE 5 8 e S 800, o paEtH T & A&
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if X2 AT A AR S H e AW B RE S B REE RSN B SRR R S A A )
1117585 355 SO SCAS () A B 7o I BB A2 AT, AR /D 58 WBIAR R A AR R R R AL B 2 R WA ) |

8.3 HUEEIXARIER

AR 2 SCA 1 A B AR FE AR 45 e B E B0 A R AR 9% SCAR , 48 28 1 B0 25 A iR S gk
A, REHE. MEdkiE. BIrid . 8d8 2R AR AR B G RE ST S, Hjriz9
b O ERAT TIR RIS RERE, M5 Cu | B i m A [F) U A S 1 2N AR R S &0 2 2
SCAR A B AR 7 B DR LA AL, S E R T OR S AR SRR T R
L MR EE R RA INLG. ENLG 4R S E.

S [E e T K%K Ehud Reiter 7E=[rBrim/K 2t B f)ELaE EFE Y 7 Bl B AR £ R Gt
) —RHEZE, i 8-1 Fias.

Event Numeric Input Data
Input Data l

Signal Analysis

J Patterns

——» Data Interpretation

Messages,
Relations

Document Planning

Selected msgs,
doc/rhet struct

Microplanning and
Realisation

.

Text

B 8-1 HHERI AR ERRGH —RHER

Forr:

{5570 (Signal Analysis) FERFIHI A NEUEEE, @0 A SR EEE 2>t 7 i s
HIZEARET, i th 2 R . B ABCREEE R . BRI S . 2SS BAR N
FSUSAN B SR RUAR O, BT AN R A N ek 55 2 2 R dn H RO B AR s AN R Y

¥ (Data Interpretation) FEHRA4 A NFEARE X ST, 80 F A Mg A\ 35142t
AT o i FEEWT B I A AT R A S, R HERT I ST Z MR &, Bt & 20 B PR R
Z )5 Ao B X RS A, T SRR B i R AME A PT DA — 2R R . e T B AR S 2 1A
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IR FZ, BIWFRER R BFRRE. ERRARE, BdREBREIIFASEA XAELERRGH
T2, FIWERSPR CAE R ARG, AR DO 2 25K, DRI A 75 2K 200 [ R
L

SCRSFEE)] (Document Planning) #EE 4 AN B R, 7B e BRLEH BRI OC R 75 B AE X
AR K, [RIN EER G SCAR R A5 R, a7 B R S i B DA R SR R . BRI 2 R
&9t S EdE R e A RERH B S EAF, B Adw KESZIR, Haefid )
— 0y, DRI SO AR B 201 ffy 2 SCAC HR 75 B2 U B OV B o — RROPTARAE L 2k vH B E 2
JET AU SR AT IR . 28, 2GS ARG, AN R4 A o B B B R 5 RE Y [A]
- Ny = S = [ N E2CY AR ERE 7 Nl = 2

1) 522 E] (Microplanning and Realization) #Ef4m A ik F v J8 & gh4, dlid B RE
5 A AR HH B W DA o 2 AR 3 B On ) AT AR CA B ) T R SEER, ESR B 28 S )
THAIEWREL. WERNPESE, RS ER AR

Har, M5 Cmf| 1 ) 29k ) 2dE 2 SCAR R AR S, X RGERHELRE S FiR —AHE
BRI TCRIIZETN, 53 REG0E _EIREZE R MRS A — M, sl i — M, 2L
38 1) SCAS B A B ARAE RSP S 455 o e, ML I 1 24 R G0 RS PR EdE 47 2
g5, R XA . Fli, FoG RSGihaet MW P #AF i 9 EE A A2 BOSGE R SCAR
SumTime £ Gt i{e 54 B R IR SCA, SCEG PR B A N B i m 1 (3% SumTime FrA:
R RS TR, AT RIS R Rk 104, FEEBM{E T R#H) Anja Belz $2H 7 B4 AL
P BT RS S AR . Anja Belz A1 Eric Kow #—2 %+ K REGE /0 xf bk 7 2 5
BRI SCARWIE RS, 45 R EHKH MRS B N EHFA S RO R &, R SCA
e S Bl R A e S e o G 1L A S 4 O Rl = P S 2 <

HH 25040 21 SCAR B A R B R AME, ML FEROL T 2 K MNHE CARAERRI AT, GE A%
AT WS T AT b B A B AT b i 7 BRI RIE , AT A RERI AT LRI B /A FH ARRIA.
AT (Automated Insights) . Narrative Science %5, JLH ARRIA & —FK BT AERKINEI A a], FAT
RN Data2Text, HIKHEPME T RKFHIMNZ 4% Ehud Reiter 5 Yaji Sripada 8/7p, ERERIES
e R 55— LR # 2K Robert Dale A [ iZAA], iZA A FI%0E AR AN ARRIANLG 5| %,
AT NE—ZxEE AN TEGEAA, H—2 BRI T Robbie Allen 8173, fFETAEHIEA
RCOCATEE, HArae AmRsEEa. NSNS R RE. P2 A S5 75 N ) 2 Stk ) s A Rl s
A, HAZOHEARN WordSmith NLG 5%, HAT, Al AR S4B 2 Z A0 A L
Feor R IE, &R T B KRS NE /7. Narrative Science NI AR 45 38 [ g4 Ak K=/ — DRI H
StatsMonkey & IR, HAZOH AN Quill NLG 5|%5. Forbes J& Narrative Science [f)—>
2P, fEM S E4A —7> Narrative Science 4 71, 438 W & #F /2 FH Narrative Science H =4 B -
g5 B A s BRI, i 8-2 Fras.
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Earnings for Alcoa Projected to Rise

By Mamrative Science

+ Comment Now  + Follow Commants

Wall Street is high on Alcoa, expecting it to report earnings that are
up 28% from a vear ago when it reports its second-quarter earnings

on Wednesday, July 8, 2015. The consensus estimate is 23 cents per
share, up from earnings of 18 cents per share a year ago.

The consensus estimate has fallen over the past three months, from
27 cents. Analysts are expecting earnings of 95 cents per share for
the fiscal year. Analysts look for revenue to decrease 1%
year-over-year to $5.79 billion for the quarter, after being $5.84
billion a year ago. For the year, revenue is projected to roll in at
$23.63 billion.

Revenue dropped year-over-year in the first quarter, ending a
two-quarter streak of growing revenue.

Alcoa is a global producer of aluminum. It is mainly engaged in the
production and management of primary aluminum, fabricated
aluminum, and alumina combined. It is actively involved in a range
of industries, including technology, mining, smelting, and recycling.
Kaiser Aluminum Corp., also in the metal mining industry, will
report earnings on Wednesday, July 22, 2015. Analysts are expecting
earnings of $1.19 per share for Kaiser Aluminum, up 13% from last
year’s earnings of $1.05 per share. Other companies in the metal
mining industry with upecoming earnings release dates include:
Noranda Aluminum Holding and Aluminum Corp. of China Limited.

Earnings estimates provided by Zacks.

[E 8-2 Narrative Science B zh4E B% I RE 51 57 5]
TR, BATEEFFIH LSTM FEALZ DS A B3 A I H .

8.4 NARBINEMBIRIEIEER

B, ARS8 3R A s s DR I8 B I S R A HE P IR

AT

8.41 HUES

176, AVE — FEAREIIFE T, UME 295 24 B SO, #RPZIINZREIE AL B R A =
A TR M https:/www.cs.cmu.edu/~spok/grimmtmp/ | FELHT 100 A4, X AR T H—E 1
CNEEIERITEE) BIEL, 55 6 mIGH L N 28+ ] Tk BH RNN P4 FER) SCA M ]
B, A B 20 RS T EET 100 A4, ACRS T

url = 'https://www.cs.cmu.edu/~spok/grimmtmp/"’
+ MBEHLERE, MR- TEZX

dir_name = '"stories'
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if not os.path.exists(dir name) :
os.mkdir (dir name)
def maybe download(filename) :
e RSO R R AR
print ('Downloading file: ', dir name+ os.sep+filename)

if not os.path.exists(dir name+os.sep+filename) :

filename, = urlretrieve (url + filename, dir name+os.sep+filename)
else:
print ('File ',filename, ' already exists.'")

return filename
num files = 100
filenames = [format (i, '03d')+'.txt' for i in range(l,101)]
for fn in filenames:

maybe download (fn)

FA TG s NP Bl AL ke F) 8 3w SR EBURR) 7= 81) SCAS v B
PN &S — AR B (0.01.txt)

The king's daughter began to cry, for she was afraid of the cold frog
which she did not like to touch, and which was now to sleep in her
pretty, clean little bed. But the king grew angry and said, "He who
helped you when you were 1n trouble ought not afterwards to be
despised by you." So she took hold of the frog with two fingers,
carried him upstairs, and put him in a corner, but when she was in
bed he crept to her and said, "I am tired, I want to sleep as well as

you, 1ift me up or I will tell your father." At this she was terribly

angry, and took him up and threw him with all her might against the

wall. "Now, will you be qgquiet, odious frog," said she. But when he
fell down he was no frog but a king's son with kind and beautiful
eyes. He by her father's will was now her dear companion and
husband. Then he told her how he had been bewitched by a wicked
witch, and how no one could have delivered him from the well but

herself, and that to-morrow they would go together into his kingdom.

BANVAFE (0.02.txt) W

Next morning, when the loss was reported abroad, all the people cried
loudly 'the queen is a man—-eater. She must be judged, and the king
was no longer able to restrain his councillors. Thereupon a trial was
held, and as she could not answer, and defend herself, she was
condemned to be burnt at the stake. The wood was got together, and
when she was fast bound to the stake, and the fire began to burn
round about her, the hard ice of pride melted, her heart was moved by

repentance, and she thought 'if I could but confess before my death
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that I opened the door.' Then her voice came back to her, and she
cried out loudly 'yes, mary, I did it, and straight-way rain fell
from the sky and extinguished the flames of fire, and a light broke
forth above her, and the virgin mary descended with the two little
sons by her side, and the new-born daughter in her arms. She spoke
kindly to her, and said 'he who repents his sin and acknowledges it,
is forgiven.' Then she gave her the three children, untied her

tongue, and granted her happiness for her whole life.

8.4.2 TnALIREF

FEFRALEE 7 T, FRATTH e g SCAR TR /NG, 4 SR R 7 FF n-gram, HH n=2.
ﬁ%jﬁﬁﬂﬂfF{Uﬁa:

The king was hunting in the forest.

XK N — &%) n-gram, U1 KPR

["th,' 'e ,' 'ki,' 'Ilgr' "'w,' ‘'as,' ..]

FAVRAE A O X B, ROy 5 A Bl A b, R ED il & . thah, ]
AR R bR (UNKD B R AEiE B T BT 10 IR W B, Roniz oo R m. X
A B F3A T3k — 25 > e

8.5 LI LSTM

AR S LSTM SEILAI40YT . Hi2R TensorFlow HHA T-FE OS2I 1 IR LSTM, {HIFRA]
B I ARSI o R JE 5 A MEL, TR A E IR SEHH 5 a] GE A7 76 ok B2 30 FH X e 1 Bl 28 44 i 1
ARSI T ch8 CAFJeH ) 8 Istm for text generation.ipynb RS e . {H)E, ALK LE—
AN, oA R Wil i FH LA (F) TensorFlow RNN API, % API fE47 A — 3CAF J& Fh i)
8 Istm word2vec mn api.ipynb fUHS . fEIXH, FATE TS 8 Istm for text generation.ipynb
A AT H AR

Hoe, AT ISR T LSTM KSR HHCR . Hk, KBSl LSTM Fris 25 (B
BEMNZ) . #358, HireirE X ESECckRmE LSTM R RAENERE. 25, AT 17 #
WA R AR P ey LSTM. 3 1R, ¥ ihig i e fd F s s By se Il S5 Lt it &5,
FRA TR R 7 anqm] s FH 27 =3 20 s A o o, IX el e A o e, TR AEAR 1A E
SRR



F8E FALSTMEaERXA | 221

851 TEMNBEH

T, AK€ L LSTM Privs 2 1) — L5t S 44 -
# RRECRSZE R HME TiE

num nodes = 128

§ —/ batch ELLTE HIMR A

batch_size = 64

# FEDCALHA 8] T e 1) 22 4

num unrollings = 50
#f# F dropout
dropout = 0.2

LTt F B ESER Y .

® num nodes: R Fmie (Cell) LKA T MM E LM T, GEIBEALRN, 3 inmilitic
0 3 R BiFayae, BN, CRIZT AR A

® Dbatch size: X Z—F A HES, WA XA TREGER ML, 228F K
F 5N AEKR.

® num unrollings: 24K ¥r BPTT 4% 498718 F4L. num unrollings #7345, M EEARLT,
{82 "¢ 3G hn ) G & KAt Fafe],

® dropout: 1%/ dropout ( ERMALFA ) Rim VA e G, FF 7 A& BAT6945 R, dropout
E¥AL il RAETEAEICNOELBEZA, MAUBKEA. . REE
TP MRAZ L, XAEF ] TAY A TURIFAE, M- EAF69 M 6.

852 TEMXNESH

AEFRA T A LSTM #5E2pRZ e X TensorFlow 25 & .
], WA m AN 1Z5.

® ix: XML RPFHAEERHATIG T,
® im: XL FAFFBEABUKEEED AT EL,
® ib: X ZHEM,

X FLIRATHRE E XS

#Input gate (it) - BAHERENCEILE

HA LA A EE IR

ix=tf.Variable (tf.truncated normal ([vocabulary size, m nodes],stddev=0.02))
# KSRl R BRI E R BT

im = tf.Variable(tf.truncated normal ([num nodes, num nodes],stddev=0.02))

# BN T W2
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ib = tf.Variable(tf.random uniform([l, num nodes],-0.02, 0.02))

AN, FATVR IR ETT kIt A7k s B oo 80D a7 SRR AR
B X aF

HME] (ft) - MARREEFZ D81

HA L E AR RS

fx = tf.Variable (tf.truncated normal ([vocabulary size, num nodes],stddev=0.02))
H K Z AT R S E R BB ST

fm = tf.Variable (tf.truncated normal ([num nodes, num nodes],stddev=0.02))

# Ml THRZE

fb = tf.Variable(tf.random uniform([l, num nodes],-0.02, 0.02))

fie Tt (T HR4IMUIRES ) E anh -

#Ccandidate value (c~t) - HTIFESETHHRES
# 4 2 Al R R R TN

cx = tf.Variable(tf.truncated normal ([vocabulary size, num nodes],stddev=0.02))

H K 22 1 B e bR 25 3 5 3 figk 8 T

cm = tf.Variable(tf.truncated normal ([num nodes, num nodes],stddev=0.02))

# BRI T A e 22

cb = tf.Variable(tf.random uniform([1l, num nodes],-0.02,0.02))

fr T Lk

#EIET - ANdRRRER L2812
# ¥ AT N R R ]
ox = tf.Variable(tf.truncated normal ([vocabulary size, num nodes],stddev=0.02))

# K S AT B BRI A E e Bt 1

om = tf.Variable(tf.truncated normal ([num nodes, num nodes],stddev=0.02))
#in T T H R 22
ob = tf.Variable(tf.random uniform([l, num nodes],-0.02,0.02))

Tk, BN IS St e L& E . B/ TensorFlow &, #ox LSTM 4 fa i) A #BAR

AMANBERBARES . 7EE L LSTM tHERJ#E/ER, FRATEH] tf.control ies(...)eRHUE iX L,
UG R AT T 55 A o 4 B R 285 AR RS el PR 2854 BE

# AR BTERITI RAFIRES
# FRR S

saved output =tf.Variable(tf.zeros([batch size, num nodes]),trainable=False,

name='train hidden')

# MRS

saved state = tf.Variable(tf.zeros([batch size, num nodes]),trainable=False,

name='train cell")

# YR BT B AR R AR

saved valid output = tf.Variable(tf.zeros([1l, num nodes]),trainable=False,
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name='valid hidden')
saved valid state = tf.Variable(tf.zeros([1l, num nodes]),trainable=False,

name='valid cell")

B, AK€ X softmax 7 LAIRAS S fm Pt -

#softmax 70 A2 E H w2

w = tf.Variable(tf.truncated normal ([num nodes,
vocabulary size],stddev=0.02))

b = tf.Variable(tf.random uniform([vocabulary size],-0.02,0.02))

FE, RAIMEARZIES A, BAFENPNIMRERZ . ZXRIRLFR), KOVERNTRERZ
— AR LSTM 4iffd. 2810, MG EIRR (24> LSTM 4iffadE S /e —i#) , #EE
F AL BIWIIE AR o —FlXFE IR E A AR Ry Xavier ¥1461k, HH Glorot A1 Bengio 7EAHA 1)
W (Understanding the difficulty of training deep feedforward neural networks) FHEH (F 13 Jg[H
PR N LRGeS Guit = e 3, 2010 ) . iX0] LIfEN TensorFlow H 4% & %) 46 {4 &% fd H
Chttps://www _tensorflow.org/api_docs/python/tf/contrib/layers/xavier initializer) .

853 EMN LSTM ZHpa L HiR{E

I e PR AE A 22 7] LAZE LSTM 4Hffarf 5 S AF, X R s LU A

AN AR & AR
it HE A @RS,

R AR XU

HHE SR ISR 2

DL R S LSTM 40 B SEFR 15 i«

def 1lstm cell (i, o, state):
input gate = tf.sigmoid(tf.matmul (i, ix) +tf.matmul (o, im) + 1ib)
forget gate = tf.sigmoid(tf.matmul (i, fx) +tf.matmul (o, fm) + £fb)
update = tf.matmul (i, cx) + tf.matmul (o, cm) + cb
state = forget gate * state + input gate * tf.tanh (update)
output gate = tf.sigmoid(tf.matmul (i, ox) +tf.matmul (o, om) + ob)

return output gate * tf.tanh(state), state

8.54 ENMMINFIRE

PRAEFRAT PR e SO ZRdm AN IR FbR%s. IIlZRdm A B A num unrolling fit E&#E (¥
) e, HAaitE s B [batch size, vocabulary size] K/)h:

train inputs, train labels = [], []
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for ui in range (num unrollings) :

train inputs.append(tf.placeholder (tf.float32, shape=[batch size,vocabulary

size],name="'train inputs %d'%ui))

train labels.append(tf.placeholder (tf.float32, shape=[batch size,vocabulary

size], name = 'train labels %d'%ui))

AT S S NN € SO AR, X8 SRR TR AR 2R (Perplexity) « ANid,
(EIX IRATIAE F d A EAT S 30 UE AR R R H 5L

# IOUFEE 5 A7 5F

valid inputs = tf.placeholder(tf.float32, shape=[l,vocabulary size],

name='valid inputs')

valid labels = tf.placeholder(tf.float32, shape=[1l,vocabulary size],name =
'valid labels')

8.55 ENXNABFRINBIERENFIITE

(EIX B, FATTKG AT 7 ot R R TN SR A B = AE 5 . AT 1L K {8 ] Dropout (Z
% Srivastava fll Nitish %5 N\ ) {Dropout: A Simple Way to Prevent Neural Networks from Overfitting)) ,
Journal of Machine Learning Research 15 (2014) : 1929-1958) , [ NiX#En] LARURE STERE. &
Ja, BT BT R R O I ZREHRE T 5 logit {H -

#YIZHRHHEEE R, EFTE RIS h R E AR S5 A T Rk

outputs = 1list()

#IXPMA Python ZEERIT KBNS KPEREH

output = saved output

state = saved state
#XTRITPHIFAEPE, B FEREEURE Gath) AgRE CRE
for 1 in train inputs:

output, state = lstm cell (i, output, state)

output = tf.nn.dropout (output, keep prob=1.0-dropout)

# 3G~ B HEHE

outputs.append (output)

#itEAE

logits = tf.matmul (tf.concat (axis=0, wvalues=outputs), w) + b
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BN, fETHERKZ AT, FRAT 200 O b A AN RS S 8 B N Z BT E R BT . X
a] DL AN tf control dependencies 2644 45 logit A1 loss 11 ARFFAE DL T 2644 RS2 1] -

with tf.control dependencies ([saved output.assign(output),
saved state.assign(state)]):

# rRER

loss = tf.reduce mean( tf.nn.softmax cross

entropy with logits v2(logits=logits, labels=tf.concat (axis=0,

values=train labels)))

WA X T SRR AT AR R . R, BRAMIASEERARAER dropout, {XFRT)
Zx A A ;

# IS IE BT B 5 B 4 B2 46

#1HE KR EEER LsT™ 40 %

valid output, wvalid state = 1lstm cell( valid inputs, saved valid output,
saved valid state)

#HitH logits

valid logits = tf.nn.xw plus b(valid output, w, D)

856 EMNMK:E

AR E AR . AP — P AR Adam ) JeibIRALES , BAEI2 45 A b B AT ) 5 T B
WUEBFERIi a2 — o 7EACRS T, gstep s — AR R, JH TRl A HERS REmy S i Z . RATHAET
RGN . eAh, FRATTRE A R R R B AR Sk FE AR

# R gstep MINFERE S F
tf learning rate = tf.train.exponential decay(0.001,gstep,decay steps=1,
decay rate=0.5)

# Adam PUILASAIBLREEET

optimizer = tf.train.AdamOptimizer (tf learning rate)
gradients, v = zip(*optimizer.compute gradients(loss))
gradients, = tf.clip by global norm(gradients, 5.0)
optimizer = optimizer.apply gradients( zip(gradients, v))

8.57 BEEMIEANEBINE IR

IOETRTIR, A F ZE ks ) 2t A R E e W2 21 3 . Bl I R HERE , 3205 S R R IRE
215 - S B - g A ek D FE LA B R o 31X 5L G REAR U, SR IGAIE PR 2 B A 19 i 4K
BRI N EE R, SRR TEmE (F W 0.5 £5) o iERATRE — F X & W LB .
50 X gstep F1—/M4500 gstep IE(F, 444 inc_gstep, fRHSUIT:

# 25 R
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gstep = tf.Variable (0, trainable=False,name="'global step')
HIBITIHIRIEN S gstep KA, ML HEE

inc gstep = tf.assign(gstep, gstep+l)

T IXAN 8 ] PAgn 5 — e i B @ 45 AE 50Uk 4 2 & A D B R IR A inc gstep #:1F, AR
ST

#5 S R R
# ARIGUEBE I R IRA R, AR & R ST R
decay threshold = 5
# ORAF T 2R 3G
decay count = 0
min perplexity = 1lel0
IR E
def decay learning rate(session, v perplexity):
global decay threshold, decay count, min perplexity
#REI > R
if v perplexity < min perplexity:
decay count = 0
min perplexity= v perplexity
else:

decay count += 1

if decay count >= decay threshold:
print ('\t Reducing learning rate')
decay count = 0

session.run(inc gstep)

B 2 FRA 28 B ) B N SAE R 2R R, FRATTHE 2 ¥ min_ perplexity. IEAb, v perplexity &4
GILEESANRLSER 90

8.58 HiTIRMN

FLE AT T DA 26 MR 2 BB Togits 1) softmax S SR HEAT T TRA 1S X T %
il logits FFili 2 1F -

train prediction = tf.nn.softmax(logits)

HPREREL T SR ZATEFRERE

with tf.control dependencies ([saved valid output.assign(valid output),
saved valid state.assign(valid state)]):

valid prediction = tf.nn.softmax(valid logits)
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8.59 HWEREXE (ak)

FAESE 7 & “KIEHCfZME” e L THZ=E., BIE—T, FREEYETH n-gram, K 2%
fE & LSTM & 2| F — n-gram H) = 4b (Surprised) F2LF . [Klitk, %m0 B A 245 Sk 35 5 = HITERE,
1T SRR I T 2 i R R A e R P

'L-"m

train perplexity without exp = tf.reduce sum(tf.concat(train labels,0)*
—tf.log{tf.concat{train_prediction,O}+1e—10}}/(num_unrollings*batch_size}

# LR BOE R A

valid perplexity without exp = tf.reduce sum(valid labels*-tf.

log(valid prediction+le-10))

8.5.10 EERTE

FAMEAPRSEE, OB R 2408 . R, FEJF AR Ab# SO, JA PR RN S &
BT, A%, ki, RERSEGARENLRERE. — il HIFmbEEREEn, ¥
BN IR R) LSTM iR 2 (sRE A EENFIERKRIEEM: H—7H, XK
AR ERAE. TONSINERSEENRSAEENEN FEITEL, HFEEWR AR RLT.

+ EEIGKE

reset train state = tf.group(tf.assign(saved state, tf.zeros([batch size,

num nodes])),tf.assign(saved output, tf.zeros([batch size, num nodes])))

# EEIIEPRES

reset valid state = tf.group(tf.assign(saved valid state, tf.zeros([1,

num nodes])), tf.assign(saved valid output, tf.zeros([l, num nodes])))

8.5.11 TWEXRHITHEESEM

Kot — M AEE R B AEOR, AT LLBEHLKFE LSTM MR B n AN AERIE T —4
oL

def sample(distribution):
best inds = np.argsort(distribution) [-3:]
best_probs::distribution[best_inds]/np.sum{distribution[best_inds]}
best idx = np.random.choice (best inds,p=best probs)

return best_idx

8.5.12 “HEmEISXA

FATPRE € A G SCAR P B LR . AR R AERAE . IR 5 SO JA DA I 25250308 P i) 35484
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Bo5E, BRSNS E N SRR, BETR, Be SCIRESHEEERF. &h, BNE4L
R A 2 S LSTM 41 B i 55 A Fiim .

# UAHERM: batch 1, PAEFF

test input = tf.placeholder (tf.float32, shape=[l, vocabulary size], name

= '"test Iinput')

# WAET BRI R AR

saved test output = tf.Variable(tf.zeros([1l, num nodes]), trainable=False,

name="'test hidden')

saved test state = tf.Variable(tf.zeros([l, num nodes]),

trainable=False, name='test cell'")

$ HEH TSR LsT™ 4 f

test output, test state = lstm cell( test input, saved test output,

saved test state)

4 BAORTEAEE T —IRERZ A EFIRELRE
with tf.control dependencies ([saved test output.assign(test output),

saved test state.assign(test state)]):

test prediction = tf.nn.softmax(tf.nn.xw plus b (test output, w, b))
# B E A GURE
reset test state = tf.group(
saved test output.assign(tf.random normal ([1l,num nodes],stddev=0.05)),

saved test state.assign(tf.random normal ([1l,num nodes],stddev=0.05)))

8.5.13 R{E R RISZA

WEERATTE — T 26 253 J5 LSTM A i i) — S A4 -

the little said, am one of the glass, and the father had to this, there 1s at
the dog
would have should be stone with the money, hans that in his father the king was

mine, then he did not know what a beautiful bird am UNK

thereupon they said, klippines,

my father he did not know when you have sold his wife, and
said, the wedding was alone. then the money him a sunder them.
so the shepherd
was dead to his father, and that he had
been he said,

what, can you speak and said, he saw the window that he had to see him and comes,

he fell into a son, and
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went out and where that

this all heads which he did better, he were was to standing by the handsome of
the brother, said the wine of his strang the way to the faith, and said, you have
promised her this, said, the little marlinchen by his father, 1 will not know how
i will have you are, and they were to her father, 1 will now change man, and

wept again, and the father, and the master loses.

so the master the good brother was a couple 1in

IEWRATE B, SCABEKILIRAIM RNN Al Eir G 2. b, ATRNZE R E R
BN RTREMPFRTEET. B2, A LSTM A &5 A, @ n] LASINH 4R 1
tb 4% =£ N\ (shepherd) . #5#L (wedding) I &I (wine) NIX/NMIFEINAE Z MO, #
TR, BAPEHEFE AR LSTM A2 sl ) SCAR S HA A R iy BUARFLIE R GRU [ LSTM) AE Rk
() SCA ) LA

8.6 *RHELSTM 5 HFEmANFLEE
#1 GRU By LSTM B LL &

AATFGAE A A AT S5 AR LSTM 577 A BALFLIERE A GRU R LSTM #E{7 tb . XA B+
AT LA [R5 Y A A 286 B R A e SO o B 7 TR R . SE ARSI ch8 43 AR S48

8 Istm_extensions.ipynb.

8.6.1 #¥rfE LSTM

B E HhRE LSTM A4 . FA 1A S EEF#E LSTM B, Roh'e 5 Z i iAE[H .
BEWE D) LSTM A B — A,
FEIX L, FRAT DI 35587 o MLbR E LSTM 2544 . 1EInaf 423, LSTM WfGLL T A%

BIATT: XRE T AATRAR S ARSI ER.
BT XRE T T — RS B A AT AR S KRR
Bt (7. IXPRE T AGH RS 18 S R 2 H 15 B

TR B AR X ST d N ARSI ANER B CR S T OB — ik, Wk 8-3
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MRS [, tanh -'E

i, C, fe @
} } I I
sigmoid tanh sigmoid I sigmoid

t t t

Wx+b Wx+b Wx+b Wx+b

RN HH/
—

i _,__/

8-3 EA/K LSTM 4 Mo gs#4 it~ P

T IAE PR LSTM 7EXH AT EAE S 3E 1T 58 1 BN 1T 26 I 25 Ja Al i) SCA .
B 155 ) R A

den there here, the took his she was and will, and was are then the bad the baved
the bailled then said the to he was nother had he baill the baillet not ther, and
the to had to had to and said to then he had said to he had to the but, and to his
that the baill to had so that his baid the bailled not the baad the was to her that
to the to had the was and said the to his so he will to and the will her one there
to the wher the was was not the to the wast her the baad, but the was was the to
to the to had that the took, and the baad, and to to the hat to a said to the will
to had =said, and was he ward, and the bailled ther, and the to his he bad ther,
and the to the wook the bave, and the took, and the was was to he was was the to
the will that his his said to the baid the to the when that, and the to he bad the
to the beather he was to he bad to he want, but the was was not not the baad and
then him not the was not to the but his sook that he hat to and the was as the was

not not not the

5B 26 57 > Ja A U SO

as and with the king, that they were there to be two-eyes and was

to two—eyes, and so that is so that and that they said, "you strange to be still
again. she was two-eyes, and where is some to her that, and the two

brothers, when he was to drink, but the two brought that they said, "you will

became to be still standing and the tree for they came and she had gone and the
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king they were to the golden road, and thereupon they were two two-eyes," and they
was apples the tree to her took at the tree, who was to dear the three beautiful
bear struck the two the water to seek her to them, and two-eyes, "got to she was
standing to strong was to door, and said, "they two belongs, and said,

"wite and was the goat, the two godfather took them that they

went to your son, and the two

false her some, and the two

false hearts with you, but the two brothers were two-eyes, and two-eyes, "the
king, and said to him to him that the king with the tree for they can belong, that
is the golden and said, the

HATTLAE S|, 1255 26 B2 m 558 1 P53 Rk, CARRER ARG, A,
A AR ICIRAES 6 TPl FEA A N & 1~ ) 7 2R L5 22, 28 100 4 kil
2N Rt

8.6.2 | HEEIARE T

AT S S A GRU BRI R, AR5 f&52H GRU 4 SRS, &J5E& — F GRU 4194 sl i)
— AR,

1. [BlpR

TE>]—T GRU. GRU & LSTM #A{EMEHEfRIALIER . GRU X LSTM 5| A 1 PIF A [F] 1)
B, W 8-4 s ‘B SR RS AN Bk S E B RIS . R AR TR S]]

AT,
@
/7-( 1

Fy

sigmoid |
!
Wx+b |
fy=—"

& 8-4 H~ GRU 4H 45+ #)~Bi E

2. HBRAAS
X RIATHG € 1> GRU 4y
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def gru cell(i, o):
mreflE—4 GRU ZHfg. "
reset gate = tf.sigmoid(tf.matmul (i, rx) + tf.matmul (o, rh)+ rb)
h tilde = tf.tanh(tf.matmul (i,hx) + tf.matmul (reset gate * o, hh) + hb)
z = tf.sigmoid(tf.matmul (i,zx) + tf.matmul (o, zh) + Zzb)
h = (1-z)*o + z*h tilde

return h

SR JG AR Z ATAE 7 51 F B A ) AR A 78 P e 9 -

for i in train inputs:
output = gru cell (i, output)
output = tf.nn.dropout (output, keep prob=1.0-dropout)
outputs.append (output)

3. RHEERKHYSIAN

NI E7R GRU fEXEAEEHAT SR 1 PN FHAT 26 ) Gk fa A2 i) SCA
B 1) RN A

ce that the said the said of and sher the said the aged king, when that hat have
she head was ing-maid, which the bride, and such it, and the said thave heart with
a was 1ng, how the said was of how said was ing-maid thad ther, and have him the
there he said the shere, but the said, and which a deacest the which a ded mame
her that ing the king's saided to her the wase was ing, the saider, to the

dereess was ing-mall him and and wast he heart whe she went ther the was to the
deserved her, she had had that the such it went in and and wast her the way to to
the said, and the which the bride was into then her saw he had that the breart to
here, and the king-maid, and broid, but to then the said, and the said to the said,
the whene hered when the such a deace was to her, and have shere then she king,
and the whice he had to her here the went the said, and when the such ther the was
that that she was the such a deach was to him and then he heart the heaced when

the such a king-meart and the w

5 26 55 2] Ja rr A SOA

over the road to the forest and was to take you down again.

then they had so much, and said, the king's daughter to his room, and she had
been into the room what had to the horse. the head at the king, the hearth, and
they had given him, and that it was that her heart, and they had give him that they
were some him to his son, and the king, that i have brought the

king's son, and the maiden, and the king said, "the king's daughter to the forest,
which had so much again, and they had been the heart, whereupon it in the paddock,
and the prince was so that the king said, then they made himself, and that it was the

master's daughter was 1n this the master loses away again. the king's head of
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this, and she saw the father into him, and when he was to say, and the king said
the maiden and said, "1 have not his head and the king's house, and the man said
the kingdom, and the old king's son to be over the door white, and that the king

said, "1f the king's head off her, and said, 1 have been cha

AT LLE D], SiCAFREMS, S5kadE LSTM AL, GRU EE S~ SER R EM0H. R
M, GRU % H AL AP H LSTM 58 40 %5 b 75 45 4 ] 529m] (940 8297 King) . XA fge T
R (ShriE LSTM R EIMASIRS AL, (YA BENRE) SEKICiZZ 3 E.

8.6.3 TFTaMFLERAILSTM

TS BAFLERR) LSTM LA EA 1S58 #E LSTM FIA R Z AL e F RS EA TR 5L
L, BRJEAE ) AL ) LSTM AR5 A pli S A .

1. Bl

T A — T A AL ILIER R LSTM. BALFLA B o — R G AT 38 T T A e 1)
HEOAEMMIRSR T AR SEFFINTREBURS (LK 8-5) .

)

y
{ED tanh '

®
() (X)
G @ O

sigmoid tanh sigmoid || sigmoid
Wx+b Wx+b Wx+b Wx+b

&)

85 —ANHEAFLIERER LSTM 41 i ~Fl &
2. A0S

X P REEERNE, REALPFAILERE. ATV, MNTXME S EEES, B A
MFLERE (HH Gers A1 Schmidhuber 7EAEAI1E L (Recurrent Nets that Time and Count, Neural
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Networks) HHEth) XPEGAIAREEW R TR . Fik, FATKRH 7 —FA R R 2R,
X I MLIERE, W1 Sak. Senior FlI Beaufays fEAAIA16 L (Long Short-Term Memory
Recurrent Neural Network Architectures for Large Scale Acoustic Modeling) = Frfdi FH] .

AR AL S

def 1lstm with peephole cell (i, o, state):
input gate = tf.sigmoid(tf.matmul (i, ix) + state*ic +tf.matmul (o, im)+ib)
forget gate=tf.sigmoid(tf.matmul (i, £x) + state*fc +tf.matmul (o, fm) +fb)
update = tf.matmul (i, cx) + tf.matmul (o, cm) + cb
state = forget gate * state + input gate * tf.tanh (update)
output gate =tf.sigmoid(tf.matmul (i, ox) + state*oc +tf.matmul (o, om) +ob)

return output gate * tf.tanh(state), state

SRS F NS batch it TR IG5k, VLB EF ArA I 2238 (num unrollings I [AIZZEE) ,
T EACES s

for 1 in train inputs:
output, state = 1lstm with peephole cell (i, output, state)
output = tf.nn.dropout (output,keep prob=1.0-dropout)
outputs.append (output)

3. TBIERAISIA

N E T B FLIE R LSTM AT X BT 28 1 2 Sr kAT 26 25455 A2 i) 3
7N
81 W) fE A U

apotut whe wher he whe ther to was the wit was so that wit was she was ther that
to the the to was was whe the che was the with he cou whe cas to the the that and the
wou to the ther ther to was so to ther he cas the cas ther the that to the the he che
whe the cou wer was ther he cout the the that and the was that the her he win the whe
was whe was the whe cout the to wit to the the that ther the ther whe cou the cou the
whe cou wer the whe whe cas to to whe cout he wou was ther that the cou ther he cou
the was the cou was the whe cou was wit to the the the the the that whe whe was was
the was she che whe whe cas was was was the wou whe wout the to shat the to so the
to the che cou ther he cas to the he cthe he whe che the was she cou ther the to to
ther ther to sher he was she whe whe whe cout he was so the the he cthe that and as
ther the che was so the the her ther the whe the whe che cas the was she wou the wou

whe the che whe che thas the he win to he cout to was the cou ther he whe

5 26 W S Ja e A SOA

he was the king, and when they shall because took and said, and then the the
the the maiden his back the king, and when the whole and said, then the the kinger,
and when she was they the the that his been to the said to the whome, then so the
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there, and when he said the the king's said, the said, "that they the that to the
king's said the greaved the grand the king's was she her, the the king, and

the the that had to the king's had that the that they were the said, "1 came,
and the gread them. the whole to the the that in the greed to they the king's said
the the the that that the king, and that to the king's was to the kill, that they
the king to the the took her. when the that that

the that he was

not the great the great of her they had not the king's was and when she wanted
to his bring to they had took the was and with you shall of the said them, when
she said, "then her, the the that her, and the the kind to his bring to said, as
the that they the great the that the beather, the

kst LSTM 8k GRU A il SCAAH L, 48 LA FLIE R LSTM 7= A i UL e E T &R
W ZE . B N RAEIRAT VR G R B A R 2B 5 e AT s & Ee B A I

8.6.4 PEERTIBIAVFEFRIIZFNIGUE X ZRE

{EF 8-6 H, A 2= LSTM ., B A S FLIERER LSTM A1 GRU Fifi i 8] (1 PR 25 2 R IR I o
e, ATTLLE 2], ANMEH] Dropout B 0] LB R Js /DI ZRIA 2% 5 . (B, FRATA N 1Z15 H Dropout
S0P PERE AR T M 2518, TRUONIX R 5 AN IR I t Tk FE LA N i ey . AP
8-6 A LAFE HIX— 4. iX[[FA1E R T Dropout F52 FA3 B T3A 156 AE & A AT 55

LSTM 2 28 35 1 A l| 5 S50 ) B R R INA R

as —e— LSTM + Dropout
»- LSTM
1 LSTM (Peephole) + Dropout
PHas —=- GRU + Dropout
E 10 "___""'——.....a--ﬂ"'""'_-""‘h--—”""'"‘h—i—-——l— —1——-—_.-——”""'_‘-—-—""”'“'%-..#""'"*‘““&.._ ——————
ml'l'ﬁ 29
20 1 \T-‘.t_-‘"““*-/# F_Lﬁf#r el - - . " . " »
1.5 i " » L - ) . - .
I 0 T .
Q 5 W 15 X F.o |
LSTME R T EaIEERIEE X E RN R
g —eo— LSTM + Dropout
“1 . »- LSTM
- » X N —+— LSTM (Peephole) + Dropout
P40 4 X " » - —~m=- GRU + Dropout
#h '
|‘|H- 15 4
n
10 1

0 15
Bfj@4¥ (Time Step)

Kl 8-6 #EHHI, BEERMAHERE, LSTM &RARMKE VI SR8 M5k B095 0 M 2 B R E I
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A, ML Dropout A Jrik, FRATATLAE S| LSTM Al GRU #2445 FARGFHIPERE. — 12
NIFEARDREREE RS, BAA B LERR LSTM 7= A B = I kI 2o = RS0 UE R 2 . X TR
A B LEE A IR IA TR ) B DA AME, i [ R 5] N8 2 ZECRAE U RS
Mo BARFRIUGHLIE 8-6 P, & tn] AFEACRS U1 plot_perplexity_over-time.ipynb H HAT A&

B AT 69 Lak & B, LSTM #= GRU Z 8734 Bl 6 s K, A2k KAZE _EBUE T BAREY
IAEAES (HAR KEmpirical Evaluation of Gated Recurrent Neural Networks on Sequence
Modeling), Chung %, NIPS 2014 X E 5 3 #tit4, 2014 %12 A ).

8.7 ik LSTM—E&RHEER

\EANFAT TR T A 2R, AR SCAS AT AR et . BAE, AEIRATE RS 7 & “ K Hhcie” +
RHERERER A TRE&MER. ERRERS, RITEHETES T2E FRVEARD , JF3k
G NMERAG EEKGHMEAER UEEFFH)) o Ba#E Gl 7E 5 A e DL T ) —
TORA T P AR SR . R, X AR, EWRERE WIS, RATREAH 5
W RN R LR BRI T . MAZERR S, MR RS SE e RaEIEAR.

871 SLIEFRER

N7 EMERE R, AT T EZNR CARERREAR, MBI R, (HE At
KM BB LA ERBFEREEE 2. AR W ch8 X4 J& d i AL S 3 £
8 Istms for text generation.ipynb A Y 4E 48 2570 o

", & XEFRKE (RAIACRE 2P IERED Al beam neighbors (FATIFEEANE 25K F L
HRMEETnEE) -

beam length = 5

beam neighbors = 5

AR 5 X beam_neighbors A GALAFEL,  DLEAEREN I 18] 224 ORFr B AR Az 10 -

sample beam inputs = [tf.placeholder(tf.float32, shape=[1l, vocabulary size])

for 1in range (beam neighbors) ]

TR, € A SRR R K IR B 8 R R AR S A A b 4E 40 B e iR SR AR R 5, &
(1R I EATTREAT T — T B B i) Tt

best beam index = tf.placeholder (shape=None, dtype=tf.int32)
best neighbor beam indices = tf.placeholder (shape=[beam neighbors],

dtype=tf.int32)
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IR IG R S AR T SCIRAS A it AR 5, AR AT I 2Z T oy B4 T B {8 ) IR -

saved sample beam output = [tf.Variable(tf.zeros([1l, num nodes])) for 1in
range (beam neighbors) ]
saved sample beam state = [tf.Variable(tf.zeros([l, num nodes])) for in

range (beam neighbors) ]

A TN € SOIRAS B 1R AF

reset sample beam state = tf.group(*[saved sample beam output[vi].
assign(tf.zeros([1l,num nodes])) for vi in range (beam neighbors)],
*[saved sample beam state([vi].assign(tf.zeros([l, num nodes])) for

vi in range (beam neighbors)])

BEeAb, B XS A ) B T AT AT T 5

¥ BANTEBNERD 1stm cell WREMHEH
sample beam outputs, sample beam states = [],[]
for vi in range (beam neighbors) :
tmp output, tmp state = lstm cell( sample beam inputs([vi],
saved sample beam output[vi], saved sample beam state[vi] )
sample beam outputs.append (tmp output)
sample beam states.append(tmp state)
X E R —HER, HitH K/ beam neighbors KITRMEESIER, FAMEAREA EEWICRR T
sample beam predictions = []
for vi in range (beam neighbors) :
with tf.control dependencies([saved sample beam output[vi].
assign (sample beam outputs[vi]), saved sample beam state[vi].
assign (sample beam states[vi])]):
sample beam predictions.append(tf.nn.softmax(tf.nn.xw plus b

(sample beam outputs[vi], w, b)))

&R, X 4UFIERE, T AR ARG R E, JRER D IR A
AR R T o XX THANPREAIRE R, Ky R ARG TR A 2 TE 25 € TR AL BRI 1 2
Moy sCiR . B 8-7 o T — Aol e FRATTARG AR R A 7 A5 kA 7o o A SR AR IR 00

the

v N

'y
the king was hunting in the forest

L
the king was hunting in the forest the king was bhunting in the forest the king was hunting in the forest

the king was hunting in the forest the king was hunting in the orest the king was hunting In the orest

B 8-7 HERERUY T EBIEHERREHEK
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EANX B B, RGEIRAS SIS SRR, e e RS ST — KB TH (—HNFE
—RIFIRRIETR) ROk, Blhn, (EREE 2 &b, A3 M hunting — king #4545 O BIE I, DRt
FAUNZBATH ERPIRESEH A TA M ProA3RAITTyZ A 4E 37 FPIRES 6 250% 09 king — was
ERPIRES TR, RONIRAER W 2k B8 A7 L 2 50T 1 king — waso 88 F DA ARG X IR BT H SR B 4t

stacked beam outputs = tf.stack(saved sample beam output)

stacked beam states = tf.stack(saved sample beam state)

update sample beam state = tf.group(
*[saved sample beam output[vi].assign(tf.gather nd(stacked beam outputs,
[best neighbor beam indices[vi]])) for vi in range (beam neighbors)],
* [saved sample beam state[vi].assign(tf.gather nd(stacked beam states,

[best neighbor beam indices[vi]])) for vi in range (beam neighbors)])

8.72 (FERAEREREMIAR KA

EFRATE A LSTM J& tfel il it 45 fid 8 = AT, BB K EE DART B 47

ugh, and said. then two paddock

would certainly have

brought it again. but the ground, but when the father said. the paressed the
master, heard that 1 cannot. when the father said

that it one of the second

tired, and threatening she was away. the king's son paddock coming out, he said,
i have not. have you

not seen little red-stockings. the paddock says,

no, 1 has not seen it. the king's son paddock crown where off his hand. the
king's son paddock crown where he had before the paddock came, and the paddock cries,
huhu.

then thereupon he could not recognize her to that the paddock cries, huhu, huhu,
huhu. but the golden came for the child, and when she spread out his little

sister, had becomes out, and he came ball, and the

paddock says,

no, no, i have take you do. when he cried, the paddocked at last. the paressed
the master wanted again.

then the

paddock comes out, thereupon the child inguires rosy cheeks, and the paddock
cries, huhu.

then thereupon he could not received

5 LSTM AR SCARHEL, OSCARTERFF SCAREL B FER, I AEE 22, H
e, AR EA BT AR R AR, A R AN iE] . teAh, FATE R LSTM 456G
MR TR T AR B2, A8, BEAdSHRAZREN. THXKE
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b e] it — 2 et FA 1) LSTM.

8.8 M LSTM——ERIAIM A= n-gram & p XA

EIXH, AP HEME LSTM B —2057k. Hie, TAPE TR WL ER One-Hot Zwhtin) %y
fiE, BRI SEECE S AT o X AR IRAT M A ARCHE 7] ) & 1 A~ /& One-Hot Zwmfd M & . A)F,
AR 5 bigrams AL,  Qal7EA QRS H 48 FH 1a] ) Bk AR B0 B BE B SCAS . R 0 B ACAY
{7 F ch8 3] 8 Istm word2vec.ipynb A,

8.8.1 H[E[o]fn

BEL 1EFAT 1458 FH 17 1 AS /& n-gram {E 9 LSTM i A [ —A> F PR EI L, KA A B A= 5 o (1)
ZHEE . AEIRA A A R ER AR IX — i FERIRATE — KA 500 BRI — AN RN K
100 AR A . X S 20 R 45F 240000 N2 (AUFE softmax ) , WFPr:

~ 4X(500X100 + 100X 100+ 100) =240000
ILAEFRA TR 4 AN B R /NG N 3 1000, S B EURK L 2 440000, S 1H00 R
~ 4X(1000X100 + 100X 100 +100) = 440 000

B AR, XA A4ERE RN 500 AN AL, SEEGERIN T T 200 000, XA T
EEZE, BT RESEWIGERIN T o ERLE R RS R, FRATEE B 4 N B 4E R 47
PR 1]

8.8.2 5t= Word2vec

L5 One-Hot ZmfidAH L, Word2vec AMY T LAZS H ia] WM 4ERFIE R 7~ , 1y HooT BAZS HiE X EA 2
FIFAE. N7 HRIX — 5, FRATEE=10: cat. dog Al volcano. 15 - %X #6453k 4T One-Hot
It FHUFEENIZMPIRJ LRSS, ¥uF:

distance(cat,volcano) = distance(cat, doqg)

an SRAE R R AT, RS 30T FoR:

distance(cat,volcano) >distance(cat,doq)

A1 BIXBRFAEREACR G, DR AR LA 9 1] B ANARALLAC) 7 A i) B A B8 /N () B S . ATt
AR Y e A S B SR A ) SO
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8.8.3 {FH Word2vec £ 3K

XL LSTM LbbritE LSTM B 4152, PONIRATERIAF LSTM R aFEA T — Mg AE. K
8-8 il T LSTM-Word2vec IR ZER], AHIARHD I, ch8 S f4FJ 1) 8 Istm word2vec.ipynb 3 f¥.

MR (W, )

}

NGRS

+
igmoid
*
Wx+b
‘f#iii:#;##;fi)
]
T pu
Vv AP E
l BAE
@Al (W, )—

[ 8-8 —FhETHMER LSTMIES BEEH

AP 1 S S A4S (CBOW) RS S ii] [A . DA R & Word2vec #8875 5 | ff) — b 5 4

5 will ®#EiER 8] : shall, can, must, may,

5 of I H®¥iE: against, knocked, tongue, pulled,
5 have B¥FEIAKIEIA: marry, had, receive, give,

5 i H¥EEITR) I 'i, yourself, we, 1i.,

I AE ] LLKE ) [\ & fg A /& One-Hot % f9 f) ] B2 ik 45 LSTM . Nk, TAT&EIHFT
tf nn.embedding lookup A%, LRSI T

for ul in range (num unrollings):
train inputs.append(tf.placeholder(tf.int32, shape=[batch size],

name='train inputs %d'%ui))
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train inputs embeds.append(tf.nn.embedding lookup (embeddings,

train inputs[uil]))

3 F P Aeid A 6918 3 EAUES, RAT A A 4T %48 e 2. 8 AREA 112

A48 6 IAREAE T F 3] ARk B| — ki e, X G I AL T T A, X

2, RAVFF] B JUAST R 6972) @) 2 69 -k -

e Word2vec: https://code.google.com/archive/p/word2vec/

e Pretrained GloVe word vectors: https://nlp.stanford.edu/projects/glove/

e fastText word vectors: https://github.com/facebookresearch/fastText/blob/master/pretrained-
vectors.md

9%, b TFAMNEARAFEARGIELE, BrEFT A THAAE, WwRAMNEK

KR ZahiE e A ER TILTAS2869800 R, AL —KEH T4, b, & T

AV AR PR AR, T, B ] a9 f2 b L £ ST AR AR R AR F 3R 20 14

##.93) (474w elves #= water-nixie ).

HARARG R AT FATZ AT H9 LSTM diffavt 5. Hik. ifemmmi. {22, XRAHmAK
NSRRI, 1S ] W] &K

884 {FH LSTM-Word2vec Fi& ¥ =4 g St A B 7= 451

PLF SCAS ) LSTM-Word2vec A (FEMIFR T A2 AR B AN PR ) , BIFEIX s 7
il R iE T .

the devil has told her that the king who had told her how his brothers had been
UNK , and had put the UNK in her arms . when she came to the king , and the king

said , ° my dear wife , you shall be mine , i am UNK . the king said , i will not
find it . '' the king said , ~~ 1 feel so UNK that the king 's son , and i will
UNK herself . '' then the king said , ~ 1 feel as if it was UNK , as much as a
reward . but the king said , i will not find it . '' the king said , ~ 1 feel so
UNK that the king 's daughter . the king said to her , °~ my dear wife , you shall
be mine , and 1 am UNK . the king said , 1 have not . '' and the king said ,

1 feel as 1f it was so beautiful that they had ever UNK . when the king saw that

the king said , ~~ 1 feel as if it was UNK for it . '' the king said , ~ 1 feel

as 1f 1t was UNK . then the king said , 1 will not find it . '' the king said ,
" i feel so UNK , and

nfUVERIX BEAEER LA, SMAZIRAEIRME RNN FF 2RI, £ RZEH N T iXEe g
AFECRIEL B B S RRIR D

i, AT T haiE LSTM. 78 B FLIERE R LSTM. GRU. i AHE R ZE K LSTM
PLE A Word2vee J#EATHE U4 2 1) LSTM KA BOSCAR R L o IUAEFRAT I FIR B B IX LR 2 [a] [
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i B LR B .

8.8.5 [RFHKEREREHERINTILIFRL

EE 8-9 Fff2hl RN LI R LSTM. A BMFLIERER LSTM. GRU F{ii [
Word2vec R ) LSTM 54 7Y 1) [ 2% B2 eI [A)_E AR fb i . v 7 BN 7 X, FRATTA Ky b 3L
A . Al 1] ] & A1 Dropout B = 2R ) LSTM. A0 LM Ad ] Dropout B 777% (Ja/b it B
AT ESR], B Word2vee F1FH) LSTM & B 47 A9 45 B . iX B IF A /5 B B Word2vec
1) LSTM, 3T HARERME RiFrtEGe, HIOAMNHEIL ) @ HEE . £ Word2vee X &
d, FRATTH T ST e/ B S BA], 548 A bigram ) HAMETIANE . B FEVCE K, 5 bigram
eMARLE, BRI A R E S T AP E . AR R E ST bigram AR T SEE RIFE R
%k, fENZREE T, SRR RO N EE: . BAVE — FRAER R EEE, nf LU B3 T F &
()7 V38T B ) SGAIE PR 2B o X mT DABRAR ), PRORIRC &R, FrbAESS B BAPksktt. n—1
A B ESE LR S LSTM AR E LSTM. 0] LB BIPREE LSTM Bl I [a] fUHERS i i BEAIK LA
iC BRI R EE, XA G IR EARALE R i I ROR . IX R HREERRE, RITEES N
AR RS, RO R A T, o 25 2% R VA 50

LS TN 385 35 1 At 1) 5 8 30% 29 3 32 P | AR
\ —i— LSTN (Peephole) + Dropout

3 —=- GRU + Dropout
'Eq —+— LS5TM + Word2vec + Dropout

If‘%"‘# w— [Deep LSTM + Word2vec + Dropout
1 h#ﬁ-t P
', b afant st ¢

\
i
e T

o

150 x =

LSTME 26T (5 A 18 43R 0 (B B A R IR R

iR E =
" ifrF

o =

HI::].l'Ei]'_-“E {Time Stanl;d

K89 MEHGW, PEHM AR, LSTM &RZRMA I ZrEidE A 56 uk B4 i N 25 B 2R AL 1% Ot

8.9 {¥FH TensorFlow RNN API

A0 55 {8 ] TensorFlow RNN API {4 /CA 58 fa] B2 . TensorFlow RNN API U4 % 5 RNN
FHRHI R AL, XA TIRATER. BRI RNN. R ] TensorFlow RNN API SEHL3A 7L
AU e RAR R 2810, A T BEINAEE, AL —MNAE LSTM Mg, g = 23R
et et . 5eBACHS W, Ch8 343 F ) 8 Istm word2vec rmn_api.ipynb 44

B, AR e SCHARF, HT IR bR AAE L F ] o) & . FRATT20E 1 5 50 uE s A ¢



F£8=E FALSTM BaiErkXa | 243

FIks, k.

# Il ZRim A\ B

train inputs, train labels = [],[]
train labels ohe = []
#5E I K1Y SRt A
for ui in range (num unrollings) :
train inputs.append(tf.placeholder (tf.int32,
shape=[batch size],name='traln Inputs %d'%ui))
train labels.append(tf.placeholder (tf.int32, shape=[batch size],
name = 'train labels %d'%ui))
train labels ohe.append(tf.one hot (train labels[uil],
vocabulary size))
# NPT RITIA € A A E A W R
# YIZRHA
train inputs embeds = []
for ui in range (num unrollings) :

#HAEMH expand dims ZRIN—MESMEH, FOVEERK Lst™ 4T E & Z M2

train inputs embeds.append(tf.expand dims( tf.nn.embedding lookup
(embeddings, train inputsfui]),0))

e, FATEM RNN API [F) LSTM 40 5 X LSTM 41 fi [ %) 26 -

# XHE num nodes &— RF[EEE KK/

cells = [tf.nn.rnn cell.LSTMCell (n) for n in num nodes]

A TAK N LSTM 452 Y. DropoutWrapper, ‘&%t LSTM 404N« KA. AT
Dropout /-

# WAENT A LsT™™ 4 € X —/ DropoutWrapper
dropout cells = [

rnn.DropoutWrapper (cell=1stm, input keep prob=1.0,
output keep prob=1.0-dropout, state keep prob=1.0,
variational recurrent=True,
input size=tf.TensorShape ([embeddings size]),
dtype=tf.flocat32 ) for lstm in cells
]

AL X TIRERI Z 50 | -

® cell: fitFP4£H ¢ RNN @i kA,
® input keep prob: AT Dropout B 4&RFFSLE 6T N EAL 2 Z (0~1) .
® output keep prob: AT Dropout By EARFF S FE 698k #4240 2.
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® state keep prob: AT Dropout B ZPRiFE0F 64 it R & 6 A 3 & .
® variational recurrent: Gal #= Ghahramani /£ {Theoretically Grounded Application of Dropout
in Recurrent Neural Networks) F 7] A\ #9 RNN &) Dropout #4553 &AL,

SRIE, BATTREE L—A~4 00 iitial_state BJ5KE (HEYIE1L) , BRA0LE LSTM RIEACE B
IR (FRRCRS TR -

# LSTM iBIZHIWIIEIRES

initial state = stacked dropout cell.zero state(batch size,

dtype=tf.Float32)

e X LSTM 4l 522, AT 1HL7E 0] DL X —ANE13E LSTM 41 f 71| % ) MultiRNNCell X1 %,
(AR LN

¥ BEE X —/M#H DropoutWrapper B MultiRNNCell X% (FHTIZ)
stacked dropout cell = tf.nn.rnn cell.MultiRNNCell (dropout cells)
# X HE N —MAMER Dropout BIEMIMAK MultiRNNCell KRR

stacked cell = tf.nn.rnn cell.MultiRNNCell (cells)

ok, AR tfan.dynamic mn PRECTHE LSTM 4 f04m H, ACRSan T -
# EX LsT™M ARTHE GIIZR)

train outputs, initial state = tf.nn.dynamic rnn(

stacked dropout cell, tf.concat(train inputs embeds,axis=0),

time major=True, initlal state=initial state)

T eiEe, ALK R LS5

® cell: ATitHmdeyp 8RN RXA . £6TF, TRZATZLH LSTM A,

® inputs: X Z LSTM @it A, #r % £ B4 [num unrollings, batch size,
embeddings size]#9/IK., B b, KRAVIAA ZIKE F PTA B 18] 37 K69 PrAT pe L 3224035, 4K
MG X A KA GG EIBARA time major, B A B 1A 4452 % 0 44,

® time major: A& T HIA (Hrd ) K aGAI A E LA AT GE L,

® initial state: LSTM & 22— A#453K & A GETT45.

W T LSTM R B 22 B CIRAS MAMUIRZS, Tl E X logits (ANEEMaIf) softmax Z3R13 Y
FEbRAEAL 2 BO AT (B4R softmax = HIbRHEIL 2 ED -

+ HRARHEER [num unrollings*batch size, num nodes]
final output = tf.reshape(train outputs, [-1,num nodes[-1]])
# i+#H logits

logits = tf.matmul (final output, w) + b

# T E TN

train prediction = tf.nn.softmax(logits)
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PRJE L logits HE%374 time-major SRR, IS K5 2240 H] 30 K B BUE L ZE ) -

¥ logits BN time-major
time major train logits=tf.reshape (logits, [num unrollings,batch size,-1])
¥ BUEVIZAREE, UME A SRIHER % R &L

time major train labels = tf.reshape(tf.concat (train labels,axis=0),

[num unrollings,batch size])

AR E N LSTM I softmax 2115 i 5 SEbrbr s Z [ 4R 2 . ik, AT kA8
tf.contrib.seq2seq.sequence loss EN%EL. 1ZERE 7 THLABIRALSS,  DAUESAR AL 4 B3 A0 S2 Fr
MR )2 5, IXEERIR 2T RIFERBES T D R RIFA TR A8, ROATRA1FE A EAR L dm
H— Z51 B

#+ BAMVMEH sequence-to-sequence 5% R R E LIk

# THEA AL BRI IME

#RAEB BT FFHIHC B AN

loss = tf.contrib.seg2seq.sequence loss (
logits = tf.transpose(time major train logits, [1,0,2]),
targets = tf.transpose(time major train labels),

weights= tf.ones ([batch size, num unrollings],

dtype=tf.float3i2),

average across timesteps=False,

average across batch=True

)

loss = tf.reduce sum(loss)

THKRERZ KRB S

logits: Z A+ B9 AEAFEALTAR] 5L, s B B B3z vd F 7 XA 49 logits: [batch_size,
num_unrollings, vocabulary size]. #t, &A1& A tftranspose FHEL.

targets: ALIERITASF 7] 69 F FRARA . X L& fe[batch size, num unrollings]¥ A& 54 49.
weights: KA /2R 8] 444w batch 4h L2-F B B4R E(E. RV RARE 16912 B K
R oo, TV AAZEXEAN 1.

average across timesteps: KA1 R*# B8] F K ag 30 K K-F H)ME, RAVE B35 af i8] F K e
BAa, BHtiX 2R E A False.

average across batch: FRATFH Stk 22 6940 K K-F #)4E, B obiX TR IHR FE A True.

& TR g, k.

TS F

gstep = tf.Variable (0, trainable=False)

¥ BATHERIER S gstep [ERIIGM, MK FE ) HEE
inc gstep = tf.assign(gstep, gstep+l)

# Adam RALBSFIELREE £ Y
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tf learning rate = tf.train.exponential decay(0.00l1,gstep,decay steps=1,
decay rate=0.5)

print('Defining optimizer"')

optimizer = tf.train.AdamOptimizer (tf learning rate)
gradients, v = zip(*optimizer.compute gradients(loss))
gradients, = tf.clip by global norm(gradients, 5.0)
optimizer = optimizer.apply gradients (zip(gradients, v))

inc gstep = tf.assign(gstep, gstep+l)

& X T AR, A LLs T AR SO A ARES 1
8.10 gt

EATE R, FRATE e M SCA B B0 R = AN AT ARSI SR A AL BB SCAR A R 3
3 2 A AE RO AR T VEAAR L, A48 30 A B B AN 7 TN R S0 O, A 3T T3
A AR ARG A T BRI

FLUR, 75 LSTM [ 5035523, FRATTA FHAS AR bl 285 B 38 SCAR 2R34T 1/ LSTM, FH- 2k LSTM
S — AN TR SO .

e, WA fE F BAFLIERE A GRU LI LSTM #H 7T T HAREMmITiIE. )5, il
brifE LSTM F HARA Z [a]E 1T 1 PERELLE: . FATE R LSTM 5 BA BIMFLiEREF GRU ) LSTM
MR A, FATE M R I FLEE LR EHE TN A LA B T8 S BRI

SRIE, BAVTE Tl REA B T LSTM A= sl & BT 1 SCAR ) S5 M b 7% s —Miifk
TiFERERE R, AR THREAE RIS, FHFNA TSl e . Ra, EIE T W
i FF 3] ) B 7 R AdE LSTM i th B8 47 ) SCAS

B2, LSTM ZEH i RIS 5= ST, o] DU R BRI BRI ok &R . bAh, 5 —Ik Tl
MAELE, RIS RLER BT A EIE B CARE . teAh, o] BURK IR EGT-{# H] One-Hot 4wh5
PIRFIER ST &, A8 F il ) B AR S A\ 3k 15 AR PERE .

fE N —F, AT HE S — A % LSTM B NLP A£5%: A G 7%



FIA LSTM s E G ESBoE /K

{E b —F o, AT TR 7 e A LSTM A Rl SCAR . AR FoKg A FH] LSTM SKfiff v 38 & 2 4L 55
e UG AE GG T B« BUE B SCAR I AR BB A R TR AR TR 45 v 1 B A B iR % MR N A1
SRIE & SCAS, 15 el PR B s o bn . ER = BB s i B . LB 30E s LA B v LA &
JLE R R S B B FH A A% T R S SR AL 08 B SO AR TR B AR B B ARE & SCAR R VEAIFE B S K
AR, X IAT 55 0] ULy A RS b i B 8 A B AT PG B S0 B sl AR il B0 e AR 48 B 37 53 58
H PR A% Lo 2, 50 s Tl PR P A e ) s i o 2 R 5 PR P 25 DD G IR R Tl A, R ESR
1577 SR AR 5 12 R ER s 1M J5 08 T EE R IA BB EE NS, B E RS
ANFRAE RIS AL B A Uil Jik A N E T BA K EE R ok, mife Bk RE A B
A B ESK,

X T EUE B SCA R B 20 4E OX — 455, AETUEATFR I EEEAE, B A RLE
SRES A TRIEER AR K, SR FiFENLn S, W — M e FIRE S B, B i Aria
PURZALER , THEHLAL AT B 2AE & A FR S T LR SR A A AR . IXMES B INE 44, AR e
REZANTAES, BN/ EH CNN RA s EE R gnidm &, 5 21 W) & LR IZE LSTM KA Rk
TFhre Rk, XFHAMEIANIE 8 FHEBIM A AT S AR B, AT H 2 BUF B I 77 A SR
gt SCAS . AF N — Tt B 1 A8 AT FAT 5%, BEUE 2 SCA ) B 2h A sl 51 36K B A [R ST
T 1R

H 204 UG PR el B G ARER AT Z RN SRRz — &8 R 5 S BRI .
H ah A s G %5 0] AR L - g kG R 8 TREES T a BE (Bl o B— PR A2
(e AR, YA AR, BGEA s, 15 ] AAAb A s i) 7 4 el R AR K
A o

A 5 St [l P A5 e 1 3 R DR R SRR S AT 3 R s . FLR, BTN
Bt UG e 1 T R B B R TR S B T 5. SR )5, KAk M BB A il F B 72 34T
k. feha, i NEBTEREEEIVERE . IR R A EE R B EdEE (MS-COCO) KR BA3K
BHEHAETINGERMLEML (CNN) FIEE 9D, CNN JEFA T 20 38 T b 18 5 4y 2R £
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P25 . CNN KK H [ KN EURAE i A\ FEam s BUR BT @ m] (Blanda. Jf. 258, REM
W5 o fH1% CNN nf DGRIGHEA B R dadmid i & . A5, AR EE TR, LLFS)
(E R AR B ) 8o FRAT T ] DAE F T 25 4 im] ) 8K S8 AT 55 B2, 7E3RTS RN 4w
ifE, AT EANHEA LSTM FH7EEME A& B 75 Ldtirilg, CMERR—dHRmpEE (58
UEEE) AR B N ) -

9.1 HMENLE

B T AE Xl RGEA n] s ARG 7 b, H 2RE & A2 Al (NaturalLanguageGeneration, NLG)
ETE SCATH L HLasBlPE . BRI 5% UL S oAt B SR8 5 A0 (NLP) M A A 3835 8 EH .
AFEAEN— ) NLG HiARSAT AR, e — ANk B SR Aok S Ja B3R T 1 BRI,
M 58 R P 7 H B AE AT ST . T I RIR = I P, NLG ARStIS 7 B Rt E.

92 ZRE=

KHEILLK, AIT—EHIWAEE —RILEE 0T DA R —FE R R e 2 B P fIH 5. i
TIRE2 )05 (Hinton %5, 2012; Dahl %5, 2011; Deng Al Yu, 2014) , HERFFR A AT LL
WEAEFH RGP ZRMZE (CNN) , e ORI BUR 73 8554155, I8 B4 NED R ZI FR 5
%% (Krizhevsky %, 2012; He %%, 2015) . {EIXEL(E55H, RTINS T Fid 45 e B 20 )
A, ] LT S ok B Tl MR ISR 23 I 2k 8 & P B BE TR . il ix i 5e
2 WERINZ, THENLOT DL ) Wifer ok BHR AT 02K .

MIAA B FEALIRAR R 25 5O, XS 0T 5 1S B Bkt . BB R A B A B 21X
FERAESS 2 —. kR B AN AT . H, A THER—MEXAREX. AERSN TR, &AW
TR I PG 5 S SO, B EAT L IR R, RO BB B BEAR ) A AT B A, X
JOF FARG Z A EE & AR R ER A TAE . eAh, TR H g R 2R, R XER R B
il J& PSR s e AT 1 TR RRE BE Y Al 22 0« i ok TN R R F i A B TR R A THBARES
% BRI N AT R A, BT B A B 7 X R A i a) 2 [a) SR = 4100 BE TR, I X R
fi 1A A AR ) 6

Ah, B 75 A RS EG RESAR . EERG TS S, KRG SRS TE
Bz Ja, AT AR 2 5 Ho B W 2 2R 4 2 IE AR FIE R 5 R, BAA 200 E 27 Aok G
I o AT BRI W A b R % 2 15 IR DL SOk BIRTAPAR . AR MEAG 58 . 7EScikH, 18
KN LR 7R W gs e BUR F R & . 280, T AN Ty s s FERHG, A3 T
2 MR EbrdE, XU B brE BN T 2GR K.

AR PG TR ER iR BT A AR SE . — B FARMRULACH) (Farhadi %5, 2010;
Kulkarni %, 2015) J7ik, XEIEMKIEGF XS, sifE. SRABHEITE, AEKEE



F9E WA LSTM IHEGFHEEa0%Em | 249

78 2 F Lt BRI R A) TR o X B A E R IE A R M I E A R . 75—
FET R T, 207158 e DRSS Pr Rk 35— A _EABLR) PR, 28 5 KA 2R 21 i BRI
TR NS S PIEE (Hodosh 5%, 2013; Ordonez 55, 2011) o 7y UL I A &M
oA B RGN, RN e BB T I R BRI 74, BASRE A BT )

I R FEE Ao 22 P 2% st o A It A Rt i A ' A 2 B 7 1) % SR ke b T 268 1) FRY X A e, 3
e 7 2t 0] AHE T RN ZREE CLAM R M g o o 0 A e A AE AR 3 2 e A R 2 X 2% 1) R T
(Krizhevsky 5%, 2012; He %%, 2015) F4ALEM| (Girshick, 2015) UK 1 AATOHE A # 22 /9 2%
REAT A0 - AR S5 R

9.3 FHREFIERNMNERTERFTS

9.3.1 End-to-End #EZ2

T, AL 742751 (Sequence-to-Sequence) 7> (kT (Sutskever 55, 2014;

Bahdanau %%, 2015) , WFFAGWF 7T R F R 2% (End-to-End)  fY 4 5 25 - i 15 25
(Encoder-Decoder) HEZE (Vinyals 55, 2015; Karpathy fll Fei-Fei, 2015; Fang %%, 2015; Devlin
3%, 2015; Chen # Zitnick, 2015) . P& 9-1 frn 1 — AN SR R T G i 450D 25 (1) PSR 755 2 1l
#4t (Vinyals 55, 2015) . fEixERS, el 2R/ RRHIE A & G BT WS, %A
EIEIE R EE CNN Kos BRI BARE UAE B Wl 9-2 Frax, CNN HLMNGERZ . Bk e
H— b eEEZA . fEiX 5, CNN fERK%Y ImageNet 5 FE32 1 1000 251 K ER 77
FAEFHINZ (Deng 55, 2009) . 1% AlexNet 5 —/Z (L7 1000 M1 41, AT RO —2K
e RN, FHUEECGE — e aEENERE SRR IE R E, RoRBNEBREEXAE.
25 — N EIE ENMR, B R R R — )2 58 A A BOE A T A RO 2 R AL R A & IX RS
R0 T R R ) BME 7028 C 4R Ry, I BT 2 BRFIE © 48 7 HH mT DARE 3 25 A5 R A
£ .

global visual Caption
vector

g I — . . @ baby holding a toothbrush in
b its mouth

Bl 9-1 f#A CNN F RNN Xt BE& 317 5 25 I 20 B 2RE S A L (He #1 Deng, 2017)
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v 13 7
27 13 11_ 13 13] 13 -
Vil 384 384 256 1000

55 256

4096 aose Classification

35
layer

Raw Image 96

Global visual feature
vector

B 9-2 REE CNN (filtn AlexNet) #HIEEET#H RGN AT (Front-end) 4wmb523
(He 1 Deng, 2017)

FM— BRI 7 2R E, #LRAR S — N ERETEAMEMNLEE (RNN) F)fEDES LA
R, W 9-3 Pan. (EWILEP IR, RomEUREAE SR 4 /PR m) B 44 A\ RNN A DL
R — it EREZE. R, £8 24, MR TIFER S<s>{E R BEmZRA . RE, N
Bl E A R — A A . gkt A2, AE b D AR B BRRDKEE B oN  —P REEE BN, DA AR
AN XM ERGE R - T R A RS </s> ik, RSB, AT A RNN 1Y
PR, KA 012 4% (LSTM, Hochreiter 1 Schmidhuber, 1997) 1| 145/ %t (GRU,
Chung 55, 2015) , P9#F#EBHE B GEHE A ROt SR A SR HATE & 014 (Bahdanau 5%, 2015;
Chung 55, 2015) , [ BAEAT AIRAMESH1E 2] 7RI A (Varior 55, 2016) .

a baby holding mouth </s>
global visual 4 4 4 4 T
vector
B - > | —> | —> e P —>
i i 'y i A
<s> a baby its mouth

K 9-3 RNN F{EEMGFR RS /5m (Back-end) fi#i%2% (He Al Deng, 2017)

il b3 s 3] i HE 2R O AR PRI 70 0458 BH% %+ £ i (Chen 1 Zitnick, 2015; Devlin 55, 2015;
Donahue %5, 2015; Gan %%, 2017; Karpathy I Fei-Fei, 2015; Mao 55, 2015; Vinyals 55, 2015)
ARSI 7524 5 (Venugopalan 25, 2015; Ballas %5, 2016; Pan %%, 2016; Yu %%, 2016) . P
JE I EEAE T CNN ZERI 2R BRIZE T RNN (1915 & 8. 5] 411, Karpathy 1 Fei-Fei(2015) .
Mao %A (2015) fESLU6{§ ] T Vanilla RNN #5275, |fij Vinyals 25 A (2015) {# ] 7 LSTM #5274,
{E Vinyals 25 A\ (2015 4F) SEEGHIEE—0H, PLRERFAE M B0 H4m A RNN — IR, fi ‘& 7L Karpathy
1 Fei-Fei (2015 47) SEIGH) RNN HE P #A M . ALERAZE, % CNN X T
FUR BISCA N BT 2R EE, EF)E | BE M ARFARFREA R E.
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T3, Xu SN (2015) FIHZRFERAIMS]F S 1 AT R4 BSHAE R EHE A RERALE .
EE LIS 9-4 P . 55 (el B ) w28l 4 iR ANE], B FEE A TAE R CNN A
A RA R &, R R ) XA B AL ) B, X SR X B AT BAAL CNN YR
RUZHFIRI. EiESAERT, EERHNE T ES, RNN S HiX8 7 X E, Hfe
B TXES HEPRSH SR ] GeER A izl . &2, FEEAINSRIER D BT XA &E, e
I AT BEPE NN 1~ XA D (o] B2 A0, - RNN G — AN i) R4 g .

global visual Caption
vector

. | . > . @ baby holding a toothbrush in
' its mouth

Attention context vector

Visual vectors
for sub-regions

o4 BBEFHEASGNBRESERERETRER/IPLS] CRE He M Deng, 2017)

Yang 5 N'EFHHTIXTTAE (2016) , HHGIAN T — A EESCSRUHEZ /IPLH], HH
Liu 5N (2016) #t—342H 7 —Fde sl id 2 /Rt 7k, &ilt, Anderson A (2017)
e TRTHFERME A M EREEER, BoR T BB EHTERE. [EiZERYS, a5
£ (fod% CNN. RNN FESE /AL #nT DLNEEARAE Y (1) 146 2 45 G050 70 AT S I 25, DRI
N E T

032 iHG5HEZE

L5 W I3 1) g ) i ) G B - AR RS B AEZE AN R, B ) — R B B304 (Image-to-Text) 7
Ve A ] 5 RAE X -HES -5 (Semantic-Concept-Detection) i3 FE KAz ol T B o A8 AR 7Y A oA A5
BRI BTN ZRI - B 9-5 25 HH 1 Fang 55 A (2015)42 Hh 13 18 S-SR i ) 415 v
XA AR T E S IR KR AE R 254, FH32 2225 BRE), 12458 s i Y . R sl
G 5 AR 2 MR HL B (Baker %5, 2009; Hinton 55, 2012; Deng %%, 2013 ; Deng A1 O’Shaughnessy,
2003) .

Semantic tags

baby
mouth ”'b'_?“ *
. E MaxEnt LV SRSl | OMS . 0 baby holding
holding hypotheses Re-ranking toothbrush in its
mouth
= I
global visual
vector

B 9-5 FETFIE-ME-ENAAEHZEREG TR (He Al Deng, 2017)
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EMAEZE A, FRA RS IE (Pipeline, AR WA NRIKL) B — A8 — 4 E XS,
FRoAbRICEEYE, BT R EE R B — 52 . IXEebrid ] U TR 28, dh %A, Bhia Al
. S5EUR T RAE, brdE B F I EARNGEE RN T 2 REs, PO B AL & R
BN LERR A TRIER), 15 i B3 EGE RO R RAE . AT XA~ A&,
Fang 55 A\ (2015) &4 ] 2 5245157 >] (Multiple Instance Learning, MIL) [1]55 W B 7 k5= 2146
4§ (Zhang 55, 2005) . JfifE Tran &N (2016) FJBCH, Z R E# N 2 hr% 702K (Multi-Label
Classification) {f%5.

{E Fang 55 A\ (2015) FE SCH, KA TN B bR 2 3 L5 35+ N-Gram ) £ KM (Max-Entropy)
15 5 AR AR A AR IR B3R . BB AR T o S bR R e B ) T, IR H e SR R FI R
S AR BE S AR P AR R VA T R4

SN, IR REANG) TAVREA BG T E R R E & A S (A TKE . 1B SRS UL
B EMG AR AR 2 R SRR, ST A R ERHDT . Hd, BGTFHE R
MR R 2 A AL AR RS S iR SERTONE B R IT R IR E S5 M08 SR £
AT (Huang 25, 2013) o iXAp “i 307 AV — 2 Mg H ik, H RSN AER. K
& FNTE 5 WL A A 38 SO (R B ) &, 28 5 K BUR 5 aE SR e SR EATT IR & 22 [ 4R 9% A8
BUTE

Lo B AL AR L, A5 T7EE RGO R AR E AL 7 S i i R g, FA Bh TR &
AR E A FO A A RIS P B, A R A PRI B AR B2 S I R i . 55—
J3 T, i B A R 5 Y B A B ] R 2R, n] LS A RS i R I R G A R 24
B SRAT EAFMERE .

Foilr, WEARANGERH T —3BRRK B 208 S0 M5 A gl 2 - R0 2siE 28 . i,
Ballas 5 N (2016) Fitu = 2107 AAMOIMERE XS 8, CIEARF R 2 LSTM £, 1f
{F Fang 25 AFI63C (2015) + You 2 AL (2016) F1 Tran 5 A (2016) RIS, b4 17E4E
AT Z BIAE 78 -SRI FE . 7E Gan 22N (2017b) FIR S0, FEFAG A F#4 ak
TRAE RS FIRER, WIEIE VA EMYS . X — R ERE T 4ar G 75 m iR

MEEFIRTSS & LIRS, XM AT EG R fiE & R A S HER B A 2 LR 1) 38,
XMESEAE BANE S A T RS, RRITE AR EGE R, EHERASRRE SN
Co FURFHEH B RIS H S8 35 30 A FE S IR e 5 2RI E ] (Deng A1 Yu, 2007) .
{8 5 R0 U A U B B A 3 4 o BUE e ) i gk, s R E I R A A
KR ZR, B R AE S B e O R B SRR & G RS |, ARG HEAE
SEMREEFY] GRITESHES)  (Bridle 25, 1998; Deng, 1998) . PEU% 4B h
FrZ AAET, Z AT B AR A R L e BB 2 RE R, mEREREEG AR B I ERE
AR EIXE R, LT, BRI T Z LA AR 4 R e

0.3.3 HithiEZ®

B 1 BB R A P A T BEHE SR 2 A, FAth AR S HE ZR3A 57 ) 1 A0 0 s T ARTAH G4 R IBK 5 ] 1)
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{51l fm Wei 55N (2015) &0 7ty BE &4 X AR Bl S 1 BS54, FF H Pu 55 A (2016)

R THTEGFHN2 0 A dmbthds . dhsk, SZEimsmit s > o i, FURFHF 5N Rk
e 7 —EER T 58 (Reinforce) = IHIHEE, DLEHBAR R X 7558, ], Rennie
FN (2017) $2H T —FP Self-Critical /& FIZRE L, 48R s ERILALE CIDEr IXFE I PEAL
Ta bR, X F AT, TRIEANES 518 i A% Se i 25 T80 FE B 7 i AT R4k - 76 Ren 55 A (2017)

)RR, 7 Actor - Critic HEAE A, 2% > RN N 28 AT LAk 100 28 38 ik LA A i v SCBsUAh R A Rl -5

F B R BB A A B 4 2 (R AR . Ok T BB 3R A i, W0 N R B S T 28 AR Xt
P 2% (GAN) B CAA AR, Hd, SeqGAN (Yu %5, 2017) ¥4 plias @45 A vmik 2 =1 T i)
SEHLIACRS , S CASE B EGH, RankGAN (Lin 55, 2017) 2 7 —FEFHF RS RNRSHL, ©
A AR S HpP A A ORI &, AT 7= 2E B 7 R A il

94 R HIstRFNE;

KT BMERFRFE, BN GG K E ShvPAb A ST 70 1) SCHR A 80 pEAL AR
W B SN PEAL Fr 55 XOE PEAL 5 # BLEU(Papineni %%, 2002 ) .METEOR (Denkowski fl Lavie,
2014) . CIDEr (Vedantam %5, 2015) DL SPICE (Anderson %, 2016) . BLEU (Papineni %%,
2002) {EMLESEIEER S 2, HFHEEREMSE (K—HSH) k2 [ HF K N-Gram 77
# (% 4-Gram) . METEOR (Denkowski 1 Lavie, 2014) B E—J70# A (Unigram) 1)k
WA A R, (B2 T RS AH I B R DLAC LA 45 25 T WordNet [R] SCia) Fia] A5 i B9 2Rl 0] o
CIDEr (Vedantam %5, 2015) iAfE & | FaR1AZS 3 CEk 2 0] /) N-Gram VLHC, 1ff N-Gram /&8
ik TF-IDF #EAT IR . MBI, TE4RE S5 CERTE L T, SPICE (Anderson 7%, 2016) 0] LLpFAl
UG 75 0 58 XA B A A1 F1 1877, Rk 5 A ZERIMr AR SR B i . 3X 28 3 3 pEAd o] DL K
HHE, RIHRIOINR T BMR Fme Bk R R . SR, AR, Praixee 5 ahfeis 15 A KT H)
T K EAE 2 (Elliott A1 Keller, 2014) .

HEFHAONIE, RN R LAl 7 VF2EdRE, T BB 50875 . Flickr 235 £E (Young
%, 2014) 1 PASCAL 4] T-##5 £ (Rashtchian 55, 2010) f& 4 1 (&t & 75 0T 7 i €U 1 .
AT, R A RV BB R COCO (B R XCHBIAILX S HifE (Lin 55, 2015) EHATAAEA
A B K MR Bl e . IR, KA EIRER o] YRR R e 2 T BB Bt e . {E
2015 4F, K& 15 MMAZIN T COCO FHHhikTE (Cui 55, 2015) o HesH R H KA
HIVEAY . FEARRLETRF, Frfa ZFEM B vEER s b g vt “U47 7 8k “55 17 ANEAKFERIFRERT
A ML, EE R RS N M2, B A=A EE R VRSS2 A RRE: 1~5 2%
TR M3-FJIERITE CRIERI-1IERID  1~5 750 MA-FI40 & (BRZ4075-3E% R4l BA
Fe 5 NEHRA M5-F1 70 e % 7EvE b, BMESHERH — MBI T5: — I
At EBAERK, A NREALTR. T ML, B R R A 7 5 B i AR T I,
B 7L B AR (R e AR R AR T . 6T M2, BESRVPHIE 2 3 A 25 R R it N A Bk
M. TS VPHIFT R FE B SRR FAr, B IESE “IRiAE AT kT, sl et 1R R TR

mr
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M 2015 5F COCO FH-dhdl AT 15 NEME T4 R 403k15 1 ik M1 £ MS ks BEAL 45 3,
UL R it A shE be PE BRI HARIN, C7E He Al Deng (2017) B XCH T 7 B4 Hr. XER
G 1 R T S e 1 FRATTAE R IR S 2 20 5 VS I BN B S X — B BRI RS EIE T E K

9.5 ITHATAZR

R B 5 ) R GUAR YR BR A ) B 2R1E 5 F ek AR AT R AL R VF 2R OR AL 1 7, 85
AN BB ANERHR . BRIE S ISE R ot FE w20k . BRI, IUA 1 E1R
T ARG — A ANE S AR, AN Z S S HARIE 5 A S 5 XAS TR A, Mk = B
WA= HE 5 XA IPLE . Gan 5 A (2017a) &I WS B e IRiX — 6B, Fd T 1 AECH iR .

Xf B AT IR 12 B K ER 1) 3 2RE 5 i 0] AR ORHY & A A n] R IR R E AR5 /5. —
MRS T EME R 8 B R AR 08, E 20T AN TR R G — R E IR . X0
LN FHOCHA UE, B, B0 AERBIRHLEE N “BR” )25 B el A4 A A (1 BE 5
F R KA

Gan 55 N\ (2017a) {2 | StyleNet, ‘& HREWA A 215 FREFIE S BRE AR E%)
Fb tHE 55 52 BB A -5 SR AR R B B U B 5| I BB 7% . StyleNet &2 TSR
Z2M %% (CNN) FPEHHEmMLg (RNN) Hgia, HTEGRFRAH . X TAEZ 22 (L5575
% AR RRS #UE) (Luong 55, 2015) o FRAlE, ESIANT —ME LSTM #7481, 288 n]
PLIE I ZAES N ZE M a) T 5 25 LR = AR IR 2R . SRS, (R 47 i ] DL ol K R R &
FAE—iD, PR A A [F] R

HK2, StyleNet £ A Flickr KU AL EHR 7 fR Bdla f B C 282t 1 VPG, SOREWIPriE
(1) StyleNet i 35 0L T 56 a1 HH B 20 vEAL A GE VAL B B ) o BB 2 7 ik B 9-6 Sk 7 —Lbt
R PR A i ], LR W 82 31 5L bR o 55 S XA ) 2 AR A DR R 1S 5 F A R e i 3,
T 71 72 A R RS ) % AT LR R B N 2, 36 PLIR 2 s ER 1Y) 7 SR IE N & . 1l A By
AiIRE (BN E.. AR £ L9255 BB 1 RE 0] LR R —Fh &R Rk 77 . 1Ak,
ik I StyleNet A= pl ) kEE 55 BMR RO 9 A 25 UL G — 250, A 15 PR el e e AR e i A 4] 77,
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M F: A boy sits on the swing. ___ F: Ablack dog stand in the water.

S8 R: Aboy swings to experience the highs and lows in his life.

R: A dogtakes a shower in the water before dating.

VBl | H: Aboy is sitting on a swing ready to fly. H: A black dog Is running into the water to catch fish.

F: A man is riding a bike on a dirt road. 8 TS F: A brown dog and a black dog play in the snow.
R: A bike rider races along a road, speed to finish the line, R: Two dogs in love are playing together in the snow.
H: A man rides the bike fast to avoid being late for a class. y H: A brown dog and a black dog are fighting for a bone.

F: Two men are sitting on a bench under a tree .

. F: A football player in a red uniform is running with football.

I i =4
W R: A football player in red is running to win the game. - L R: Two men are waiting for their true love.
T -

h__.ﬁf- H: Two men sit In the city park to catch pokemeon go.

H: A football player in red is challenging the playerin a game.

Kl 9-6 i StyleNet #4TEBRAERTHR 6 Mfl, BMERKEGTHRESA 3 AR A
9.6 ERFHEHITURE

TERF A S E R RSN T, ST GE B BE 7R RSy . £ 2016 3 H, HURA R HAA
RATENT APL WEE7HRS . N T ERZIIEEFI R, BEHE T —1% N CaptionBot
(http:/CaptionBot.ai) ] Web N HFEfF, HTHAH " B EREE . &L, e Z A8 H
] Office F= i BE T oA RS, Frnlie Word A1 PowerPoint BN F, I+ HzahAE &%
A, UM#EFUi . Facebook A m]tHAEMM | —MNEUEFH AT TH, $24E 7 8B A bt rxd
FMGFEWFIR. R, Google 2Rl AfLXIFH | BB FH AN EKRZRS -

(I X EEAEAT M Y KB REE TR TE ,  SEPRg 5 O E BEUE R P i AR B WA,
Ve RNARTRE IR SR80, LAk e bt @ R G RIHERE . X8 St KRR 1 AL EE AR AN F ARG &
A SRR B 27 2 71 T 7T

9.7 FRMERFHEHIERMES

9.7.1 NMREIES

Al

B S Bkl | A I EAECE RO EdE, & i s BaEE:

® The ILSVRC ImageNet dataset ( http://image-net.org/download )
® The MS-COCO dataset ( http://cocodataset.org/#download )

TN EREEAE —PNEERE, X Tras ] B RHE, IR EC S FE S AR
Rbrss (B, . FREARSE) o FAPEN —A 2 MRS EZRE ) CNN, P
CAAS A S TT 5 B 8 ZRiX N Bl . 3% POk, KA MS-COoCo Hfiafk, HA & EBR &K
& H BT B PR CNIN R R s 21 [ e /D RRFAE I B, 28546 LSTM K ikt v S i
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BIA PN A5, BEMZEIRES =] O E”R TR e 1ZEd ) .
1. ILSVRC ImageNet #iEE

ImageNet /& — N EMEEAR S5, (05 REEUZ (A — 1 1) RH & A bR X LK B & T 1 000
ANAFRIZEN . seHAREART BA R, F BAAERNZE AR m EG o] LR B LA
It 4. R, ImageNet f&—MBEAFHINGEARSE, #TIRIRGAERF R R EE WIS, 3R
MR e Al X AN RS, DRI PR 283 B fT)IlZs CNN. [Ritk, FATA
STRHRIXANEIRE, WASTEHEERE )4 CNN. & 9-7 57 T ImageNet $# 4 4 1) —tem]
9.

sea_snake Shetland_sheepdog carton crane

grey whale

cellular_telephone

Granny_Smith go-kart

& 9-7 TmageNet 45 1 [ — L8/ NFEF
2. MS-COCO #UEE

A4k S THS EIESE MS-COCO (Microsoft - Common Objects in Context) , iX BLFRA i H
2014 FFREAREE . AT, AR H G L& B SR P . BdE AR R (i,
YR 50 55 HH K20 120 000 MEAA R, FdE &l 15GB) , XM EIRESFEEST Ik, RE%
1T TR LI AR RIEIN . B b2 A 1 LI EERe, (R e B8R L B4k
B AR, AIRAE T, REEAMER, Enl LUEHE R ) B R R R R At
. Rk, FATEEHBNRIEESE (240 000 5K EILF1Z) 200 000 000 755 RIIGAETL., B
9-8 44 T L] FIREA

AT 2 2RI 2 S 4 B B A AR R, AR 5 MS-COCO Eidia 5 vl |42
L) 2014 4ERIBIERIE S . 1ZER 5 2 41 000 K EHE L) 200 000 N FHEALRG . Tl TEHE )
BRI 1 000 MEEALE NGRS, HRMENIIZGE.

FEEEP, RAVLIZAED 406 3038 B AT0X AR, 122, & FRAVEA T AR
Ak, AT mRRAFIHEK, HiX 27 4 F 48 B 69 238 & 34T X A B0,
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pink and green marker, next to another object.

pair of red scissors on top of a desk.

lose up image of the finger holes on a pair of scissors and sharpie markers.
lose up of a red pair of scissors and a green sharpie marker.

very close up view of some scissors and markers.

>»pp>Dp
nn

A bathroom that has magazine rack and small cabinet.
Compact bathroom area, tub, toilet, magazine area and sink.
Small residential bath room decorated in wood tones

A tissue box on top of a toilet in a bathroom.

an image of a clean full bathroom

A woman exercising a brown horse in a riding ring.

A woman is in a barn with a brown horse.

A woman training her beautiful brown horse.

A woman with a brown horse in a dirt area of building.
A woman and a horse in a barn with dirt floor.

Man in mid air reaching between his legs to reach a frisbee.
A man is doing tricks with a frisbee

A person is jumping with a Frisbee in the air.

a person jumping in the air while playing with a frisbee

A man in mid air attempting to catch a frisbee.

A grey motorcycle on dirt road next to a building.

A motorcycle is parked on a dirt road in front of an old farm truck selling produce.
there is a bike on a dirt road

Motorcycle sitting on a dirt road in front of a farm house advertising produce.

A motorcycle that is sitting in the dirt.

& 9-8 MS-COCO H45 4 i) — Lb 451

7EE 9-9 H, FATT0] LA RISGIEFE A ) — e G . X BB AR L E IO UE SR PR OBk i) — BE o
B, R T SRR R A 500 FRAT TR X 26 MG R AG A 45 58, TR N PA TR 5 2046 7 56A1E
R 1000 MEA AT

B 9-9 PUXEEEGRMREZLEG 74 83 ENREEN

9072 HBTEGBFEHEBmWERNREZEIEE

EIXH, IPEER—NESPEG T HEEEREIE, REENT0E, BHAER—45%
RAPAER . B 75 B sh A BE S = A SR — 0] i A k-

® CNN A & THEER %6 £,

® WFHMAEFI]EEE,

@ (i) TUABHLERETHREHBAEETHENERE (BEFEHATIFE®ITIE) .
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® ISTM KEREG e &, H#rhAamey5 ik,

B, WEFATE —T CONN A EME R i & . FRAT0T LU 7 KRB oy REFR 4 ()
ImageNet) _Fi)llZk CNN FA8 12 %08 A2 pl IS A 1R 4 1) AL R SR SEBLIX — K.

AANATEEE R, AR U LSTM W2 ? iEFRAIEIRI5E 8 T2 31— AN a5

“IHE AN ERIN T 500 AL, B2 S ESEEE N 200 000 1~ .

FRATTAEIX FL AL ) PR R 7E 150 000~224x224%3 22 [A], iXMi%A] PLAER =R 3] £ 55 LSTM
ZHAERSNPIREE . ik, M FEgam B0 R TAEEREREE . LSTM ANd& B )5
IEEGBEIER S —NERE, S5{ER CNN AF FEEdRAEN, & BadTE 2.

HFE, LSTM P AL 4£ 4 4% LSTM ( Convolution LSTM ) X A4 H 4Kk, AAR LSTM T
VAL BRI TR kB E XA EES . ZAFNE R T ZFA (44,

AR AEAESRALI M ), A BB = ) abf 8] 45 5, ZAFT vAM Jeff Donahue 57 A4
#> L {Long-term Recurrent Convolutional Networks for Visual Recognition and Description))
( Proceedings of the IEEE conference on Computer Vision and Pattern Recognition, 2015) ¥

HZAH ¥ EFLSTM 6498 %13 4.,

ERIZR AR 50 AR IR AR/ U 2R R 0 b 52 = i ) b AT 3 e
A7 EAR A B A AR ) B GBI . TR A RO B G ) . k)
. W R Image, F RN UG MG RO B, A4 DU R R TR %O

Distance(Imagecqs, Imageypicano) > Distance(Imagecqs, Imagegog)

oK, ATKEIE N MS-COCO E¥a L1 L i P A -4 F2 BT A B 1) SR 5 2] i B 28 ) S
AIERER R M. 2w R EA TR LSTM S AMI4EE, e F BT AN EA 2 %
IE{Ey LSTM BN . XML ETE R 75— K8 B br.

A ME ] LSTM A= e SCAKT , A8 5171 1) One-Hot 4w 3/~ 8l in] 1] S 78 . (R, LSTM 1)
i ANGEZEIE W E R/ANET o RS AN RN &SR, FRATTREfE bR dE LSTM SRALHRE . HSE
EALERLZ — R, BN A ARG B

PRI, AEIXAEOL T, FRATIAE b 2 PR AN SO I 5 0 DR AR A 2 B i) B S T R - e Y
B 1 () R A B A AR IR BO4EBE o e A, A 1] 1) B2 mT RO A B il 61 A 5 ) v A P ) o T 3K
DRI, FRATIAE P 1] ) Bk DTG S G 1) B 2

IE, AN EREIE DM EIEFY], HbFpFlfE — 1 or BRI R EdER, A
JG & PR - inl ) 8o FRATTRE A P X AN S Fe 415K )11 2k LSTML.

X PR W L (Show, Attend and Tell: Neural Image Caption Generation with Visual
Attention) (Xu 7%, 5 32 faflde ) HbraBGRCE, 2015) FFORILRY L, MRALE AR 4
9-10 Fre
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B 9-10 MTAEREBRTFHENEFEIEE

9.7.3 {FH CNN 1E2HE{&4FE

VR R e 4 ] CNN SRIEEVEME RRFE M & O 73RS RAFRsaEm &, RA1E %W
B B B T I R 21 25 CNN Bl BRI _E 5 T (i) Tl ZR 7 9 CNIN T SR 3RAT ]
ML IFEE 2R CNN, 3 AN BAT EE MR AR, A 15X BRI ZRid PR (] % 27 R 40 .
FAMTEEVHR S, W ONN RBEGRE IR Z DR, B4 B BT &P R —4 02k k
BEAT ISR Xl e E RTAIEHESE (1] ImageNet) F SRR E ZRSENFE (B, 5HAE 10
MAFIZEDN N IR RN ZGA L) . METHTA, ImageNet 47 1000 xR IE50 . X% A1
R R LR S AR L A

A3t, ImageNet fu7%) IMB HJE&. 4k, HFHE 1000 13K, RIARAEEN ) EA L5
F)/hEL CNN (i, BAJLUZR CNN) R T2 RATHEE R KR, BERZKE CNN, {HiE
HF CNN 8 M AMEIRER G E 4, £ GPU FIlZGXERMEME R E LR (EE
JURED Bt a]. i, VGG (Bl —4~3& & ) CNN, fE ImageNet 25 H T JE 5 47 1 S 2 et )
0] e 7 2 2~3 i I (a7 )1 25

Rk, FRATHEE IG5 R R RIXA A . SEIE RS, % VGG X CNN nf PABER T
B, BT DAFRATT T AAE A AT AR B ZR i 0 A R EATT, I st B AR R Tl 255 24 i) J5t IR
FITTE o A FH TN S5 8 o] DL FRAN 1158 BOR RO e, DRURERATT AT 5 B FU = I A E B AT CNN
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ISEPRagste, LAE 3 2% FF 57 RS A e AT HERR T4
A S o, FRAT RS ) VGG CNNCR] £E http://www.cs.toronto.edu/~frossard/post/vgg 1 6/4L 3845 ) .
GG ZRHI4E 2014 4 ImageNet 7 FEh K135 — 4, H VGG H JLFA K 13 EREZEMZ(VGG-13),
16 JZIRE ML (VGG-16) #1119 ZIREMZE (VGG-19) o FA1X B S VGG-16, FL M2 4E 5y
anE 9-11 P

. ————————— ———— ——— ———— ——— ———— —

VBT conv—-BFE ; pool——MEE ; (- 2EEE |
[ |
o opyogp 00 Lo .
pooll pool2 pool3 poold pool5 M
CONV Conv CONV conv CONV CONV CONV CONvV conv conv CONV conv CONV CONYV CONV CONV
1112 21 22 3132 33 34 41 42 43 44 5152 53 54 | fc6 fc7fc 1
I I ' v v
| [N - I
I } I l
l [ 1 | : ]
! b - - '}
- - 256 512 512
64 128 iy
. . J oftmax
Y Y Y
L ! T J N o
Rel.u Rel.u Rel.u Rel.u Rel.u Rel.u

B 9-11 VGG-16 MZ L H~E E

074 {£H VGG-16 MENEEFHFHITHIE

[ 3; http://www .cs.toronto.edu/~frossard/post/vggl6/4& fit | L FEAH K {F N NumPy ﬁéﬁ H -8,
BA 16 MBUCEMEA 16 M2 FELXT T 16 2 H) VGG-16 #58, “EA150 i fRAFAE T Il — L85 B .

convl 1 W, convl 1 b, convl 2 W, convl 2 b, convZ 1 W, convZ 1 b.

o, M BRSO R HLRAE 2 ch9/image _caption_data S fderh. BUEFRATRE 8 A
RSB AE : DA T 875 3 ) CNIN 21 4] FEI 2R 1 CNIN HEAT T . 75 56, B 4 2211 TensorFlow
A EIFH PERBEERMBEAT. K, XM AREEEE, B ERIEN CNN K
N CLAR LA AL B BR . PRJG 8  CNN ROHEFE 2 0F LIRS AH G A RO TGl . 436345 € LRRTHE
PURTGEIB 2L, JF 8 ONN & SOA AT &4 e A BIR R s 7 R il.  BAR &G — M RIEA
i 2 NEMBAE R, (B IERHBAC & I 2R CNN A E %,

1. HENEHEE

B e DL AR5 CNN ALE{E /) NumPy #0207 843 9 A7 CRIngk 2 CNN )il
fZ.H) -

weight file = os.path.join('image caption data', 'vggle weights.npz')
weights = np.load(weight file)

% N K, G TensorFlow 28 & A B A IR T SLPr AL EAE . bk, Xl {E & A M Z AT
K, A 7 BES LS i, A TR 25K TensorFlow ¥ HARAF(E CPU fiAJE GPU L. X H¥
iR TR @A A EMA EAE K TensorFlow 288 KCHE . A1 & 46 #E Python %1%
TF_SCOPES & A 7 (F/R CNN AFRE ID) o AR EACE IS EE ID, R
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{5 AR L A S R A R 22 ) B A O AT aa A I AR, AR5 AH B 14 /2 ID iy 44 BLAE ) TensorFlow 42 & :

def build vgg variables (npz weights):
rrr

TR K] TensorFlow R EMAT vGe-16 A LR EMEETEA]

:param npz welights: loaded weights as a dictionary

rreturn:

Tr

params = []
print ("Building VGG Variables (TensorFlow)...")
with tf.variable scope('CNN') :
¥ ERENERNEERE, HMEAZEERAEREIE TensorFlow B &
for si,scope in enumerate(TEF SCOPES) :
with tf.variable scope(scope) as sc:

welght key, bias key=TF SCOPES[si]+" W', TF SCOPES[si]+' Db’

with tf.device('/cpu:0"'):
welghts = tf.get variable (TF WEIGHTS STR,
initializer= npz weights[welght key])
bias = tf.get variable (TF BIAS STR, initializer = npz welghts[bias key])

params.extend ([welghts,bilas])

return params

2. FRALIEEIAN

ok, M NEE DS RS B VGG-16 #57H . VGG-16 X AEEGE LN E
K, DA 0 EE T 1 A

® T AT M A[224,2243].

® A RIZARIE (2L Ff2H £) .

DA AR B — AN TE, 2R E B\ — A A 5w PO 2 e, B R ) e f e —
b RS P 5 A PMS . a FREAEARRD S0 L preprocess inputs with tfqueue REGH 1T & X .

B, AT E D3 2F, X BARAF 7 RAINAZ IR k2 (BUERISCHE2) -

# AR FIFO B\
# @& FIFO A%, PME reader AJPATEEUFAF)

filename queue = tf.train.string input producer (filenames, capacity=10,

shuffle=False)

FLRk, X B XIS, R BAAIE s A TR st B — 2 rb X, i JE Az
1 DX A 48 AFR B AT O . A B AR B0 -
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HEELES (reader) XKHXHZBAFIF read () B 5 H EHE

reader = tf.WholeFileReader ()

_+ 1mage buffer = reader.read(filename gueue,name='image read op')
# RS EHREAE HEN units IR [E
dec image = tf.image.decode jpeg(contents= image buffer,channels=3,

name="'decode Jjpg')
# Ff units FHEFE N float32 KR
float image = tf.image.convert image dtype (dec image,

dtype=tf.float3Z,name= 'float image')

R REAT PALER T A

+ HEMEK/NAE N 224 X224 X3

resized image = tf.image.resize images (float image, [224,224])*255.0
# XF vee B, BEBEFHER (AREIRERBRALTTZE)

std image = resized image - tf.reduce mean(resized image,axis=[0,1],

keepdims=True)

{EE X PR EZ 5, FRATIEZ R TensorFlow — R4 Bl —HEFALHE 1) 1% -

image batch = tf.train.batch([std image], batch size = batch size,
capacity = 10, allow smaller final batch=False,name="image batch')
3. #HHE

ik, FANCELEET CNN, HOe&w X7 — 1M EEHFIEER, @ eiUrRFerdd b
(1) UG SR B R RE AR . BREFRAT AR FH S T8 e ) UG R HE T CNN. HEEE 2R L iddm AN (&
%) A (8 THEEGR#RE) EAmt. A, IRITEMNE — B EIF54C3)] softmax
J= o B REFEARHS SO L inference cnn BRECK E X .

Eg—Z, TOPERENEENmZ, AT

def inference cnn(tf inputs, device):
with tf.variable scope('CNN') :
for si, scope in enumerate (TF SCOPES) :
with tf.variable scope (scope,reuse=True) as sc:
weight, bias = tf.get variable (TF WEIGHTS STR),
tf.get variable (TF BIAS STR)

RIER T N EREBAT IR IR

h = tf.nn.relu(tf.nn.conv2Zd(tf inputs,weight,strides=[1,1,1,1],
padding="'SAME')+bias)

T HEREPRES AT E I, A% A ST — = g -

h = tf.nn.relu(tf.nn.conv2d(h, weight, strides=[1, 1, 1, 1],padding= 'SAME')

+ bias)
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S E, TR

h = tf.nn.max pool(h, [1,2,2,1]1,[1,2,2,1],padding="SAME")

Rig, MTERERE - PMEHEMILEZERAINE — M eeEEn e, RIEsEnT
€ SCE . FRA1T5 Z26 ok E [batch._size, height, width, channels]f) & Jic— & 2L E %
A ¥ N[batch size, height * width * channels] K/, [N TR E — DN E2EREE:

h shape = h.get shape().as list()

h = tf.reshape(h, [h shape[0], h shape[l] * h shape[2Z] * h shape[3]])
h = tf.nn.relu(tf.matmul (h, weight) + bias)

TR — BN s iR, RAAG R

h = tf.nn.relu(tf.matmul (h, weight) + bias)

Bia, T RE - NTEEEEE, AT AR RS EE . XK 2R AL4; LSTM
FIEME SR IER N, B 1000 4E/)[q) & .

out = tf.matmul (h,weight) + bias

4 IR EFRIRENFR

AT CNN 2 EUH) i B2 B S B ER R E R s . SRR R R s, 3041 PRFAE B H
softmax Tl Z A3k &G — ERM it . i, XT8N EAE ) m &K EE N 1000:

tf train logit prediction = inference cnn(train image batch, device)

tf test logit prediction = inference cnn(test image batch, device)

5. {5 VGG-16 Tl E{5 o 2=atH=R

TR, AT E SGRBUR B IER R P ds (3R 0F DL SEBR ) softmax T,  DARA (R IRATI A%
RIE SR R R ) IR o FRAT TR I 2R A i SIX L6 AH K81 -

tf train softmax prediction = tf.nn.softmax(tf train logit prediction)

tf test softmax prediction = tf.nn.softmax(tf test logit prediction)

HAEis TIX B lF, BEENREEER LE, Wk 9-12 P,
IAEKRE, FATH CNN IFRIEEEMA 4. S8, BAERRDEBIFER (P, KIE
BRI, ERZEAE T2 BRI

FEEATH @ €8 LG RAE VA A AEG) S AT M BT, 727 batch size T8, ¥ Angbfid%
1 XA PR IEAT, 122, WwREAALBRGALF (KT 8 GB), A TTHE-FHK AL .
o RAREA @ 3m et B, EBUREARIFAE 10 LT,
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African elephant warplane cellular telephone seashore fire engine
(Confidence: 0.60) {Confidence: 0.61) (Confidence: 0.40) (Confidence: 0.49) {Confidence: 0.29)

®

racket pizza llama bookshop
(Confidence: 0.98) (Confidence: 0.58) (Confidence: 0.46) (Confidence: 0.31) N

B 9-12 FH VGG XA B g 3k 17 42 Fl

9.75 FIMEE

ANV ] Ay PR AR R A R A ) B AT ST ] ) B R . 5, BT AT
SUSIE

def preprocess caption(capt):
capt = capt.replace('-'," ")
capt = capt.replace(',',"'")
capt = capt.replace('.',"'")
capt = capt.replace('"',"'")

capt = capt.replace('!',"'")

capt = capt.replace(':',"'")
capt = capt.replace('/','")
capt = capt.replace('?','")
capt = capt.replace(';',"'")
capt = capt.replace('\" ',"' ")
capt = capt.replace('\n',' ')

return capt.lower ()

i, EHELL T AT

A living room and dining room have two tables, couches, and multiple chairs.

XKFFH LT A

a living room and dining room have two tables couches and multiple chairs

SRIG A ESRAR (CBOW) FERR~2 =) [i) &, iARFRATIAE SR 4 F il iR A\ 5 >0 inl 1) B o Prfih
HOIREE . (B2 20 i A B, Pl 1 BEEe — at: i) A B4R Rz 5 9 BB SRS HORFIE R s i 4E
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11.12.2 BERT #&8I44#

X BARYE Jacob Devlin 25 AHJ18 L (BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding) BEATHATITIE A4, 5L, BERT A28 T GPT #AAIZ54), KH
Transformer F9mS a8 {F A EARB R, Wat 2 O IERIFYFE T Ashish Vaswani 55 A (2017)
) {Attention is all you need) ik i) Jii 45 =20 ) Multi-layer Bidirectional Transformer 4mf% %5,
{E tensor2tensor &= H#E1T K A . Ifil Transformer N#H#FF | RNN IG5, (SR THER T
BLHI X —BOCAR B T @45 . T PLAE Transformer )48 421G TCAAANTE, & 3SCH I SEEL S G 5L
IR AARTR], DRI FRHE 4 0 A5 Y 5 A4 ) TE Al ikt

EX T TAFd, K )=40 (Transformer Blocks) #n A L, ¥R A/ NE RN H, ¥
Self-Attention Heads E“J#{ BRRNNA. TETATER T, ¥ Feed-Forward/Filter ) X/NZE N 4H,
B H=1768 i 3072, H=1024 B}y 4096, 3L FEELEH T LU T AETI /NI 25 5 .

® BERT BASE: 1=12, H=768, A=12, Total Parameters=110M
® BERT LARGE: 1L=24, H=1024, A=16, Total Parameters=340M

N T BT, 0% TS OpenAl GPT HAMHIFMAER K/, SR, EEH L BERT
Transformer f# /] | X n] Self-Attention ( HyER /1) HLH, 1fi GPT Transformer NIJ45 H 52 PR il 1)
Self-Attention HLHl, 4> Token (Y)4ria) HueAbH HAMIA) E . XU Transformer i# 7%
$PRN “Transformer Encoder” , 1AM L~ 3CNIHFRA “Transformer Decoder” , K24 LAH
F A K. BERT. OpenAl GPT fl ELMo 2 [u]ffj tb g 11-28 fior.

BERT (Ours) OpenAl GPT
(n () - ] -
N

B 11-28 TR 2E R ) 2 7

BERT {ii ] X{[7] Transformer; OpenAl GPT i ] M\ 21’5 ) Transformer; ELMo {ii Ff] Z& 5t Jii 57
WZRHI N E B AR MA R LSTM B BORAE B IR S R, =M, H45 BERT %R
{EFTE E 3L RO T A2 4 B R 3

BERT Xf GPT M2 — b2 51N 1 WA fi8 S AL S . AT L se iy — St fREE S
PR MESS AR 7 XU ) 774, A ndE ELMo A& 3@ i XA 1) 2 RNN 5 #4357 TA) 1254 T
A, AEPAN T M R R T RS A B R . 1t BERT WIMEE R : X P4 J7 ) A0 B A S el
A B E R R D 0] e A KA B B RIRCR, AT GHE ZEW R g, b7 ZINER M2 E 4
AN AL ) G 5 P 255 2= 5| N —N a8, 730 B B 28 m] ARl BiPR ™ B 75 B R0 ] o 1XA

“ELIR” RIS RE T AR 11-29 REoR.
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1129 EREE “BHR7 BFHERRNFENEREREE

MBI 11-29 Fro] LUE B2 5 2 RO EAE, B0 E E 4 22w A R A M E Bl
R T XMW “EIRT 2 FEEERTNE RS R EE N, HAERCEEREMIE B
21T .

AT RPXARE, FATAT TN ZRE H AR AN T o FRATTAEZE ) LS L AR Y 2 2 BN IS
HIEERER BT 3GEE A fad ki, WS 7 HEA LT OER, BARATAH B R nIE
XA TS S EN BRI WX — ik, HSen] DLEE XA, JHUERAE B R3C RE
ST IX AN, (RIS X AN AR A BAE S b —Fos SR EIX N1 A7 & L b
PLAAGE 0], (B R R R AL A, 50T Be 2 b A ME LU SR .

BERT HIfE&#2H 7 KA MaskLM H7 SR INGRE AL J@gHle, SURERIA —a)1E K
I, BELHE — S Z M AR, SRR — MR 5 R . REBENELERSEFERM
AAE EREAE S, BT 75 ZER ) SRR T S A, BT AR T TG 5 e i X ey
A 2GR, IXFEF AT AR R AR HE P 45 B bR 2 2 2 ST IX Be b 7 i Z 3 ) 1] T .

SR IX HLLAT — N A B, A FRATIAE TN it 2 o B A FH R ANRRIR A 5, B R BTSSR i
AL IR . R, AT 5EEAES R 2 (FF % 0 LB /e 75 ZE 0l i im A7 B 4 5 i
AL . U8R, T IR SR B R R RS A R AT UINZR, TRk BERT &
ME ELARTEEAE SR, F& iR BERT MRS 28 2 1l 455

BERT A4 MBI AL, 7EXAE 5 Y F S al &AM N T — A0 72 50 60 3% S 1 T4 55
IXAMES R H bR AR B, w2 4R N BERT P oG SCAE BONIELLR SCA, V& TR 5] AiX
AMESS 0] LS i LR AR R 2 B S A U B (AR & o FEVN GRS R, S AAL Y28 =N B
2L 50%AIE R IR S AR R BEALIET, R 50%MERIETUE — N BRI B8R

11.13 Mgt

(EA T A, JATT T e VR4 1 TR B HL a5 8% L et Bl as RS AL S R p L 2 B RO 15 O »
AEFEE TR P BRI e TP a5 B ORI T E 5. Fh AR SR 3
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R, BAVEMTHE T HLMEHLEIF (NMT) o fEIZEE7 X2 W 25 41 4 B 15 70 1) 22
P CARALRIS 1 vEanfgse, s — /D22 T TR AR FRAT T8 T IX L R G R R AR S,
HAR BRI RN S ah T SO ARG A - RN 12 P LA B S iR N E T4,
& RS M (One-Hot) Fufd m EARLL, B4R ML 7R H93E R FLRIRAT T ¢ 1 dah 25 1) H b,
B2 2] — MR IE A EDE K E R M &, 87K, %223 TR KER T XmE, fFHERYI%G
fefhaas . RhDas 5 5T AR IRE ) ) SE bRl ir . SRS FRATTDIE 1 R 28 HLas #1540 I 20
HE PR W] AR

e, BAIEH T PHLPLEE1E RS FE 2456 : BLEU 4. X & BLEU (/¥ & . BLEU
IR EEFNIETI R 7. BLEU 199 B 455 .

IRFE, FRATTWEFE T P MM B EE RGSEIL, 1Z RG0K A)7 MWEEE R s, DAEE R
WM EHLAIF RGN . X, AR T FEA TensorFlow #:{F LB #1424
EHLANEIE RS, [NoN5 18R] TensorFlow FHFIILALE (U seq2seq) FHEL, XAEFRATREWIRAN T #
RGHZEHAT .

e, IRATGHE T 5148 2018 FFH)E KB AHL: BERT #8S., A1 T f#3] BERT # A 2E5—
MR F 2k B A2RE S 4B (NLP) AR50 BB . XM 1 5248 (Unsupervised, Deeply
Bidirectional System) , HiZ#AE 11 W NLP {E5%5H 513 STOA 455, &AW EH. EXH, A
¥1iE BERT #AY /2 40t it J5 1) GPT B, FAh AN BB 2 AL . R MaskLM ()77 skl Zx
B SR 7R AE SRR R B AN T — AN )T 0O 5 S TAT 55

£ F—&H, TATKIHEEGENZ RS,



1% (Question Answering, QA) j& HIATE 5 AbH A — I HA PRAMERMESS . Tk, BEHETR
JE 2 SIAETE SCR )ik i HLAseE . ¢ SR hiEE B 20E 5 BT 55 EIAG 1 RERIRT), FIHIE
JEE 27 SRS R B AR 55 AR B 1 SRR 2 ) SR o A T ] B R IR L 5 S 7 VAAE AN SR ) A
5% ERI BRI ERERITE Ol (1) FETRRERE S IRHE (KBQA) , TERMREEMPZRM 25K
FR IR ) S, PR L o AL ity e BB o Gl X RoR. (2) PLEs3E
it BIRSE 7 2] (Machine Comprehension, MC) & — T BRIP4 W 28 1) im 2 imya 20, T H
BRI, B RN Bk 0] TR =18 SCULAC.

121 =

METRFSCRRRB BREFHE (QA) , MEHZRIEATRZANEERMATE Y. © W
FRAFR A ;A8 B ARE S 5 TH RS 0 MM B S FE BRI R3S, BB SN E R
S H A B RE S A F (NLP) £55, WiathbriE . @I MpLasfiiEiel, KEEUES R QA ikl
EFRT R FGRRM . EXFERTERA, MEMERFRFA TR, OFFFRIE. B, 77 SO,
HH AT NLP SEARBHCRANEE 1), 853 R b s AE S5 i ig =X, amid 4. g
W AL EE . R4 8 BSOS T, T B ) R e B 5 2 [A)AE SCRAR AP E BAE G 1, AL
HA &m0 B e B 2 R Rk, IXFE R §5 5078 F P 9“8 74 ” (Semantic
Gap) , RIEAGAARIE CHISCARE ] gt FIA R 58N,

{EM MR, SCARIE T Ko N A m &, 1 SCARES S 2 1a] BRG] LA H 23 A =)
B2 M FIaF RS . XL G 5 1A BE SIS VA 1) Bk T LAE — e 12 15 B 22 /.

AL, FZAESHIER LA BREERTRZRENAZ (IRQA)  fEXMFAZ (CQA) . #
FRURERZ (KBQA) FIHLARFEM (MC) MInE. 7EiX B, HATF: B IRFEE T RIRER R &
(KBQA) FEEFHLERERME (MC) HyiRZr, RIS ) 2 75 ZE0T SCAS M I B 21 SO 134T 58 22 1)
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VBT R R . HAh, FRATEE WA FE T8 KBQA FIfdrdthe, FRik— 5l mis 5t plas £
iR (MC) WIREES>] TAFSE.

122 EFIRERIEE

w2 Har, K2 aut s N Ry e 2 g S8 7 AT 772 D=k, FH Hig
m U RRE RS R RIPERE. X BA 2 M AL R AR 2 W 2 AL F B LA IR, W CNN. RNN
(LSTM. BLSTM) . FEEANHIACIZMEL, JF B CAEESPaa 7Rk, X8 T/EAZERT L
By ARG {5 Bl (Information Extraction, IE) A1i& Y Zr#7 (Semantic Parsing, SP) ,
Wi 12-1 Pros. A5 B =0 & 6 & Pk R AR MR ER R — ARk E R, BREK
IX MR 2 55 R ARk 23 18] HH 1) Rl SEREAT EL s 1 SO0 B Ase XN i Bl g 2R 1) 40 (B pop 42 P 2% &5
2, ARSI I /AT 5 ) R os B ES f A ) ) .

(Natural Language Question ) (Natural Language Question)
|
Anchor Semantic Parser
[ Topic Entity ) [Meaning Representation )
| I
Retrieve KB Graph Map with KB
v
[ Candidate Answer ) ( Structured Query )
1 l
Ranking Query over KB
v '
[ Answer ) [ Answer )

(a) 16 BIHBUEAAESE (b) B A HESR
E 12-1

M — ARG, FATTAT LU AT S AR FE 2 21 iR e gk 3 1 Jnil FE ) 1e) & (KBQAD JF
RAIAF NPIZE: (EALGEH) KBQA HEZE P I Y )4 222 o 28 A RY R eSOk s o ) AL A AN AE G — I
122 X 288 R TR AR AL L AFAE ST o B — oo s 32 00 5 ) ] Se ik (0 4 2 X 28 A TR OR st I A T 2
P, RS IERR A, S¢S R0 1 SCVLACERAR A RETHELSE a8 D 2 i i ) 9 2R 02 2 = ST R AR K
i F 2RV 5 B IR R cize B SR A R AE R —IR4EE U N . [RltL, 1% KBQA 455 1T LAF i [F]
jEL ) [ea) B 2 7 (1) PR (e 220 S 2 A AR ACLEE A T BRI e, 3 DA S B Jy U T

1221 {E5E3HEY

BAVAEASE R FE 2 2] AR SRR, FZ S T SR A/ 77804 B 2RE 5 89 a8k 5 %0
PR HMEIRZ RN [Fl— A B R 4@ s XA R . — MG OL T, X TAESAEST — B FH & I 45 28
L “ReR-IRN-LEE”  (Retrieval-Embedding—Comparing) /K2 (BB NEIE) B
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A AR R SRFATARHEAL .
1. BEANE

& S (Information Extraction, IE) S4B CAHALE HIE BTSSR TR, 2Rl —
FERAZIE N FIAE BIR G E B AGCAS, b 12 [ e A% NS B . BB S E & Fh
BRSO g U R, ARG LG — BT IR AE —ile, X2 5 B 2241 % . (E RS
— I B AT — R AL 7 R R A L o A5 B A AR FFE AN P 4 T HE A B 0 SOk, U
SCRY AL F A AT BB 2 AT 0 A, 2 T MRS B AR SC Y, K th RGNy 4R 2 Ta R e

B I AR RS T MK & ) SO HR 4 BCRS 22 RE E S SoR Ul AR R A Y, TR X 4 —
AN EE . AEBIRM b, [F]— 3 S B B BHE A R N E, RIEHEEAHE,
R EEK X (g BUERAE —iig, FERI e i, AR R dER A .

- B RR_E fAE E 3 32 B SO, Bt DA 2 A R ARG 0 e 418 DGR 24 e i SR IR A
Kt B R EER . 5 BMIRSG 0] LA L1015 B AR SO S 45 sl B8 e il sk 1 R 50, BT
O ERSE NV W N B S A SN O &/

ARG B U AL I Ak R SR T B R dk, (BRI 3 VF 2 8 Pk ik - 15 B IUE K
) H ARt W ESRE & SRR BIR e A B, & B AE 5 A B AT a8 — A T8k E T
KBS B R G EERE AL FE 5 R AR5 BRI A AR, b 3 o0k (drmikiE) . 5
BAHE R G B B R 2 — R A IDOR M 50 =, AR RS0 2 7 2 I RS B . LI
B SCAAE B R E R N B0 U5 1 BB 7oA 3 S E A

2. MEFK

Bordes 58 A\ T 2014 252 15 BAIUE A 5k, A0 13E B RS2k 5] FASE
S TR B R R R A B SR T | SEARAE ], R T M E BRI Tt T
KA IR AREZE R 7 ) 5 AL AR PE R ) ] . AR o RATLARAE LI ) B R s, H AR B 2R
i & PSS B R EAR TR, E 12-2 Pk

Score(q, a)
Q ¢ a'
 — 'O*' ]

dot
xW
T &
L1[1[] SEBRREBIEERE

BEEEE

A

BOW Embedding BOW Embedding
o o
“Who did Clooney marry in 19877
o 2

K 12-2 FAEXRFHREE
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2 H ARG 5 R UM 1 P AR 4 ) B o i), n] DR S stk 5 L i) U1 P 22 i) RO AR
AR R i By R A ) B LN 9 I 2 s, tm] PUIE I ] B AR O AR5 A R E 2 1)
IZRSER o i R IO0 A0 H A B IR A S AR BT S5, R R 5%, R B R ORAR LR 15 15 H
A 5B AR ATE, A e 2 IR A A TR K

B 12-2 FrosBREZR RIAE IS AE ) B0 1 AKX CARMHBIEE) 254, B R-BRA-LL
B T AT N CAIE RFAE . BANE) )7 O3 i el AR el UL R B K ) ) 2 S R IR, SR AESE
AR AR ESeIl 7 BAT SEF T TRRE

N TETSEI, Bk E R, Rl — M E4ad iR, X2 | HRE S
R R AR SR o AR TR BIE ] T ig B 5%, Frp 1 [ o] B 3t s Dy 3L pinil B2 SEAR R SC 2R 1Y
Multi-Hot JE3 o SXFP I 772 L 902 By IEARRIAE B SRS 5 B B IR FE AR B8 B 22 HO45 Bk
Pi, BIan R R OC SRR B SRR TR AR, B AR R ) SRR ] B

BeAh, H Az B2 R ) Ab T R E A BEAR B AL FE U S, LAKRR 1 a4 el st 4R
KARIRNZAN)EFILIA, n “/NHRI SRR BRI LT AN EER R SCRL T o TAE
FRERE B, AT LS 1) AT SEVR AN RUTEVA 0T, B S XS R R P R AT S A SR A R

2. {85 CNN SR NIHE

Yih A (2014) fEHEZFHERME ML (CNND) KIH#RE— KR8, X5 Bordes
FNAE ) SR BLACFR e e B R SR AR . FE Yih S8 AR SCES, SChr B2 EE T CNN
FIE A (CNNSMD) #43E DA A AR . — AN AR iR R @ R g 55— DTk R
KSRV AR ERI R R X B E W R, R E RS RS — DSk — R, XEl b
i 7 &P KBQA CGETHIRPEM AZ) FAERARFERIR LG, 1myix 2 ja) @) 25 79 A6 7 W AR
et e, WP R—A<FEiE. BiE. Eif>=cd. Nk, AHEE LR mnEERikE 2458
RS R ] [E A A .

Hapix fHp et A0S Bordes 55 A4 B AHAER AL, B B 2RE T 1A R IA ) o) SRR 2
SR KRR FE R 1 2¢ Z /48 1) 0] LLE TS CNN #5556 21 A [FMEE B )8 . [, R EE )
SRS SRR 2 A48, FFHETLAH CNN #fi3K3]. Kk, CNNSM nf DUR4L H 2R
15 5 A AR PR HR pOEE = ol 2 IR AE A, RS Em ) — MEARAE R,

XMRER T R Gm TSR MEMg A, R epin S, JFEE—E~EE LD
Letter-Trigrams [A] &1F N A RALER R4 (Out-Of-Vocabulary, OOV) [i]/@. {HjE, iXik3k
A8 S T KBQA (RSN EE M. SRS AOC RN, e 1AS#HEa 2w rPkikit,
HHHEZEAWRIZEDE, B “0 8-k ob A “ BARE SR -RIRE R R MRS %y
A B AT R B ENRFE R AAE R E WSRO R, Wl Freebase, i 1GALEE 22 NSRRI OC R 11 In) AR 15
BN B A HhakE .

Y —J71H, Dong 55N (2015) $EHAEH CNN i [] BRI i% 1% 25 & 2 18] B AN [R) R U REAE 64T G
A, AT 4R R 2 5 SR 22 I 2% (Multicolumn Convolutional Neural Network, MCCNN) A&7
KA — AN AR T, HEd = AMRE (BRRE. BERERME R Py —X
IF] & o
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L i E R x (Bordes 5, 2014) AHLK, MCCNN {# il CNN #liEUAS [F] (F4FAE, IX ERFAE
] L, S 3R ] el A ) 2 SR AR R e B R 28 SR 2 1) R i A DA R S B R SRR A, XA
TEVHl — Mk & R BAF IR 8 M2 28 RS DT 5 1951, MCCNN & n] VAT fig
B2 BRI DIRE.

A TR T RAERERY, SCARBERETI R R — B AR R R . N B2 4 5 A B T MCCNN
ER PR Ea e iR Z AR, R i T 88 R AR R - A— L8 (Retrieval-Embedding
—Comparing) HEZZATEFT, MCCNN {58 ok 34 2 58 4 () ok 7 SR AL B A 358 5 5= 22 10) B LLA

3. MAEEINEERANGE

Hao %5 A\ (2017 4F) KA 7 XA RNN #8385 5 n B S Lo AT 1A, — A RS %
RIEBANRIEZAF G HBIGES (BRFME DL RILAARL RPN, ERIEES) UAF
R ER. PLMERTEATERK? 7 N8, HEILFEEER — “FEZE” EN—MT.
(EALFRE RSk “ZZ %7 B, mEHRR) “EFK M “AEAR” WAMEEMES, H R
R[] TIX PN ] 1SS RBAE “AR]7 B “ERSRRT I, CUE” RN R
o [FII, G Len) @n] GE A BE ZRAM AL A 76 AR B, 2R2Ho0 R0 EEL TR
NAZE S E G R, TR R EAER, BRMEMRIEN . B, XTHE—MEE LS,
CAEN 1 A EUR AR 55 A N 5 5 T 22 8] [ AE FLE2

EALFRERAE T (UGS R, ERIERMERERD I, Hao FARL | M T2
MER IR E 2R HAT KBQA , i AR BAAFRZEH =4~ CNN k£ s )@,

A SR ETARER R @A S R H 2 A CE, AW B 5R- 0 =i A
- RER I, A A TR, RO SRR, FEETRAENENEMR. &
J v B 1) R A (5] 7 TR RS X LB e 2 58 2 (R FIABACA LS 0, AR 38 AR DL 1) ) -2 SR AN EEARLRS
BMEIE T R ES T H A, EER I RE P REDE N R AER.

4. FRICIZAHE1E R

A2 48R — T B = IR AR, B R e —Fln] LAZERF e A5 55 A e RS &/ B i ac A2 L
Mk (Weston 55N, 2015) o fEIRfZMZIET, FETARERSESFSHIITCESH | L&
Fik, FEEEIEE B R R s 2

Bordes % NT- 2015 F3HT 78— k=W, TZEMETRE NS HS, e DUH—~<3
&, FZ& . X %> (<subject. relation. object>) = oK Z . fEim A1+, FATLL bag-of-symbols
(FF548) B IS M B RR B R FoA i AE ez A4, HL iR 3y b ¥ sl bag-of-ngrams (1)
e SR 4 A4 A, 4 bag-of-ngrams 441 )8 51012 H () 2% B 34T LLEE DR B ik — o4,
ISR BB AT RAE (1570) A, 15990 ) = o4 6 G0k H e 220 A ik BLAF i Ay
HHER. XMi%E KBQA (£S5 HicfZMEg i) — Ml BN, SEhr ERor TiciZM B EE K E
FARME (KB) 5% H 7 g 77, H2EEHRE 2 A5 IRR KR RRE S B gk, i 12-3
FIT7 o
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Query update
» :
Key Value
[ Addressing ] [ KV-memory I [ Reading J
T Answer Candidatesl
[Embeddingj [ Reranking J
Question Answer

[ 12-3 #-{H (Key-Value) iC1ZMZ&HI~EE (Miller %, 2016)

KEHEN (Miller, 2016) JEEAF 5 fZHLHIH S AP X - (Key-Value) [IR1R R E—
SR T IX A, SO EREELS R M E 2RI A R IR R R/ E I, MIishEE
B LRI R AR AR, B (Key-Value) BETHIIE 25 /2 M0 IZ ML) B i R 36 Ho A7 i 5 Fh ik,
MR PE = e (R REANE Key, X RIENE Value) S0 (h) s 1a & HAE st ek
{6 , B CFH R B R (A1 55 4R ) ) i,

12.2.2 B FER

18 S i SRR 0 B 2RE T #EATIE R, FeAL RO —FhaE S L EIRE “FH N 1)
i M, BRI R E R ) EE B THERE (Inference) . rif] (Query) fHHEAWIER. M
5, 15 SUREATEM FE UL B ARE S B R B AN —PhEe LRI E “F T BIE GROR,
BlZ 4512 (Logic Form)

“RrR-HRN-EEE 7 HEZR LS 57 2 T - PR 28 Y 2% 2H AR A 3k i 2 AR EE 1Y), FF ELAE TR 221
] R R IAG B AT, AR SRR o R AT AR E R R AR T B . B, ETIHAFE TR
BB A E, RIOSTE PR R8N %A B BO4S B IO H R X P45 . 4BEEZ T, KBQA
i) oAt 90 TAF GBSO R 78223 E U R a1 2 50, 285 48 R0 iR P A T 451
L U R T R FE g5t At Amnnl BLE sCHB 3R B 4410 i)

PRI, XSRS R A% O 20 A N ZRE 5 Rk B 2 R R R, WnZ e A ekas b &
1), FFE R R R R B R FEA A I A AR, AME R FE R IRRE &R . IR 3] 7k L
TE RN | SRR e 2 4

AT PO 12.2.1 /N8 ) CNNSM A2 (Yih 55, 2014) B AE & — s Ui m) 4 i,
B HBEr=4 —~<subject. predicate. object>—JufE i), HH CNN HTHATLEFERAC R
POl ABANE & T HME 2200 B8, W R 2 AL R, DL BRG] 5. 25 F
22 W 2 04 A B 5 EIR PR A (SEARELSC R ) 2 IS, i A PR B HLH SRR 51 22 4> SefkREl
KAWL . FE b, EAEGHRFETIE U giid, C2ilid PCCG. PCFG. #K#i4h
f ARk 15 M S X e A AT TIRABE AT .
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1. STAGG : I2ZABIRATHNE Mo

bR 7B RARIAE, Yih A (2015) WU il B 7 JORE A< R 5 3 ey 4
P . ZEAESE/K (Grounded Entity, FriESEIR) . fF{E4 & (Existential Variable) . A 4F 5 fl1Z]
FRRE (EIXH, ANAERAFRHER A, JF A BN RENE S AEZEN IR (51 FD
Frla] e, W “/NRSCSERIBESE T R “AR” BIRIE, EEMSTT A, W1 Freebase HHE G
(R (CVT) Fimi, HHAReCRER O ARIE L E B (0 argmin) 138 —4 5244
ER R P A, 9 sz (A WIS, BRI s 8] 1 50 28 W B i iR P Tl 1R AT S
anE 12-4 P,

[ argmin ( Dumbledore ]

from haracter

[ Harry Porter)w- @

[ 12-4 YihZE A (2015) REATHBEAEEREE (STAGG)

SRE S ARG R — A B ARE & 8 S X A A B . Yih AN (2015) 428 T —A
S B B AR AR R (STAGG) » AU AR EE MCKIZ D BIRE R 250], Fraas e rif.

STAGG I A5 3 B SL AR B AR M A O HE RS, B R AR MR O 1TH 78, X3
A S — AP E IR A i AR  IX BAZ O PR A 3R 1 R SRR lambda A5 &2 A E R,
FONBMIRALE T T8, Yih A (2015) [RGB 2 TR 7E1E X DTEL— A 1a) A —
MBS CKBERN 2, a4 CVT 15) .

R STAGG 7EF R4 FIUE 7RI, (H2FRATAT LA STAGG iR I — L2245,

FBEAE: F—5, KRB FEARHEERB RN E, R —P. STAGG il T S-MART
(Yang i Chang, 2015) , X — PR CARELAARFHEZRI G, EX) G900 3R KRR REERE
HEEEM. 208 3 BsziR e 5 9 U Freebase API i), STAGG ) F1 514 R 4.1%.

WA OHEERE: BA FIXE— SRR EE, AR A KB El 3 3 8 soAR T 43R
B A A&, @it ONN 35, 2T Yih 25 A 2014 4E32 1) CNNSM. % T e ik e £ E K
0], STAGG NH 85 £ SR AT G AR e e 10, F L 3K ) B el 735 B 5 32 8 s )
) KB K AFHIVLAEC. R, R0 O AR AR IX — RO ULECAIHE 4 (Match-and-Rank) f)75
IR, RIS T KRR 2 7 2507

ML RAIEE S : STAGG 225 [ B3 e 1y o Ath S A BN 0] 208 B B A% O HEBRBE [ 29 A1 15,
J b2 5] AR B DL — B IR R, Wk first. smallest 3 4 arg min. @ —ZH0 0],
114 B 2] KBQA R4 5l AR A REUE NIEE RE— 57 .

HEBEHHRFRZXZSA: 10 Berant M1 Liang (2014) . Zhang %5 (2015) #FrisHigHITR
B, FEREF ] LG B SR TEIE (RiX) « KEE KBQA T AFHRI AR AR Bl AR M >k /3 #1 &% =
2 #IA R, H i M arg min 2¢ arg max i 7IEFERIT] (Berant 1 Liang, 2014; Yih %, 2015) .
BRI, 1B K R M R RIE T E NEE ST KB 5L b4, KA BT KBQA R4 i ik
P R s, AR B P B2 RS . Zhang 55N (2015) BT 1 — M2 ) 28 455 1Y %
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FABAAONTEIEN KB KAZ M FEER N IC R, (FAHARESAP I EE4ERE . B, M the
longest river 2| o4l <river.length. descending. 1>, FAIIHIZFT A river /£ KB 1§ river.length | 3
T GERFFHF) » HEBE S FEERATH B bx.

2. BEXRIRG

IEUE Ui LAE R (Kwiatkowski 25, 2013; Berant %5, 2013: Berant #1 Liang, 2014)
BT e BIARFE, AR B KB O¢ Z /8 1S D ) O, A 4% Gt [ 2 T Ak RO AL HE DL 3R
BA) 75 KB (IR RRZMPALAL R BRE S HEZ R ESR . HE, C8G AZBIRME
H CNN &} RNN BRI EIR R I Bl )RR B o0 R G B 2N ] T IR EE 2= S TR 2 IR (Zeng
4, 2014; Liu%s, 2015: XuZ%:, 2015) .

KBQA H i)k RIBMAN B LA IER PR T KB HCR, Hbfa 28T Mrkn. —
Fh o] BER R R 5 R IE I CNN 76 HARE S 1R AT KB 5% R 2 34718 X VCEL(Yih %5, 2014 #12015),
ORI RO R T iR 2R, WK 12-5 B

/ A /\\
/ & Nsubj 2%, _ prep o« pobj

[Who| does [michael keaton| play in [cars]

relation#1 refation#2

e e R gy e e o o e e I e

[Who]e, does [michael keaton]g, play i cars [Who]., does michael keaton play in [cars]..

.

! Feature Extraction channel 1 channel 2 :i channel 1 channgl 2
i — (syntactic) (contextual) k - [syntactic) (contextual)
i
[} e i! " 5 g9 o H H ) 3 v
: («— dobj — p]iy— nsubj = ) does play in 1 doby — play - prxp -+ in- pobj —» foes play in
| ¥
i Word e @ ] ]
| Representation [“' é I“ I"
AT N S Wi B2 b
| Convolution WK * WX * WiX -
= B B in B i B )
i max( -} k“ ¢ : \ :' i \ - ‘Ii l 'j
' P aassd | | % /@
e, r : :
| tanh{wmm- ——= o) tanh(w: x @) Ei tanhiw: x @) CYTYYTYYY) tanh(wz x @)
E Feature Vector — = | i i e —
[ nz n: & na nz
tanh{wa x O) ! tanhiwa x Q)
Output L........_) Ei ['l...’l")
Sofimax L Solima
Joint Inferenceg) s film characterportraved in_films. film performance actor TToIIEC film film.starring. film.performance character

== _zz===% film actorfilm..film.performance film

I- -':;.::; tvtv_actorstarming_roles..t '.-'_.T!::.gular_t'.f_uppcmunuc.charmtcf

Ea
L | -
. RS IS
bl bl - 1
e =9 m. Okdy
'\\ 'ﬁ\
. O

film.actorfilm..film.performance.character
film.actor. film. film. performance. film s
aaw \}ﬁ :r | # 1I

Tagzo=" | ]

Jir L
L ! ]
m.0lhps =7 d o
£ rl
= -
- -
= =
- ::,.--""

- ;!‘q“

o i oo {moa2ien ) o entity
'michael keaton —j i inking — €ars

|
]
[}
1

m.03g0r1

---------------------------------------------

-----------------------------------------------------------------------------------------------------------------------------------

m.01)5ws  film.actor.film..film.performance.character ‘?x}

select 7x where { _ )
m.Ok4)  film.film.starring..film.performance.character ?x

B 12-5 ZBEHHRMEME (MCCNN) #HEREE
Xu FA (2016) #2H 7T —MZHEGFPLMNLE (MCCNN) AR, M ialykFla) vk iy 7 [ &
SVEEM. R R RFT A, X VEEGE SIS KBQA 5 . RIAE—N AR KB #,
HBEA BT RR, L G R EETRRE B AR B AN 0] 68 G b 2 188 21 HCHE 67 n) R8RS A 20 B 0a) 72 AL BE



374 | TensorFlow 5SB%AES4EM

ZEH 1)

3. MEFFSHES

A 71— A BEE TR R TAE, 5B 4551 228 P 28 R0 755 -5 HE R AR ke 90 In) 2 30R
Liang 25 N\ T 2017 FE5| A2 55750125 (Neural Symbolic Machine, NSM) , HAl#& | — M £s
tRIALE, T B ARE S R B nT BT RARED, DA — NS AR BT, DAY R RS
] R BNE R,

ARk, MEMBGHEFREARLEZE—NFARFHER, B4 — PR R B
(Key-Variable Memory) , {EAERFETFHIRACER 50, (RS, Fhee 25 4 1R RF 5 A RE A%
PR AW AL AE LA 2R, SR 5 B8 A 45— 5k 55 =] In) R A

12.2.3 (EEHESEX /NG

gi ERTiR, HSARE 5y R I A T B RS S DUy v ANTE SO #r ikt AT B R X 7)o 1X
MO SR SE S A IS, B BRI (XE) Tk B2 MR 1 B e e i 28 A R R 2@ R oI i, DA
Fe A 38 S ) s B AT i R ) IR B 52, JF BB A SRR G /) h & IR BRI iE R . 51—
ST IR SIONTE ot (SP) ARFLRAL 1 AR OC R ERL AR /MG, I SCRF AR A/ B 4%
)5 RIS

FisL b, Z AR 2 1 BCR#AS AT LA Ayt BAT I J 1T AR, JCH S AR o) ] B0 ) el 32
i TIX PR R . Bl STAGG MEIEESHITE L irisal, A—Ain) @A 454 iy,
Hor -8R W 8B R 250, RS B Al a5 AR AR PR RE . IRATTIA N, —BRA1(E
S EOANTE SOt IR SO0 R BeE, Wi iZ M TR SAE SR, B e i) R sk,
CIRYS i i o =R : U Lp 1

12.2.4 Hix

biERETHIRERZS RGN KE, S 1 LA FGES /) ), I =2 el HIVR B
RS =

1. HEMH

G R T1E U ) KBQA (BEFHEHRERIRIZ) AR @ & 23587k (CCG) alig
ZM ) e S & WK s (Cai Il Yates, 2013: Kwiatkowski 25, 2013) , WIHEAEEIXEG]
VLR, s BAMBRR H) 71k, IR AfE gy — iR ep gE T ol SR AR R R . R, 2 Ia
B CAE Ol AT 108 U sl At R AL R 4H 514 (Yih 5%, 2015) .

2. BAES SMREZBRNERE

FATEL W, M2 R kS R ek B 2818 5 758 5 AR ET A ARULACR, sSciksEimm
R ATIOE A T EFERG . H 3 EE RS 3 RE S SERIRERAILES, (5T S 51 B SCRIBR
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B AN TR R e, H AR E R EREG . HAT, AR RN G CERH T &R
28 AR SR 0t O R UCECERAMEN 7 7%, (B SEARBEBAE 5 B ST E Al i N8, 1y SEARBE R 55 2
KBQA R4 A IR,

3. JIZREHE

R INGREE 7T, LSRR — B R S AL 52 2 5 iR AR AL 1 n) 8L, G 3L 2 P 5 4
M, e ARG ik B 2 SRR . (R 2 s, AR IR R R R A S R B B, A
AR R, W, difafetri), B2 S KRR . nlBERIAEo 7 A H4 H i)
BT ol W Bkl St bR 2 (Yih 25, 2015; Xu 25, 2016) , B0l e ks el AR
AN GREGE (Miller 25, 2016; Bordes 55, 2014a)

KBQA (RETHHRPERME) &—EASMERAES, ©fEF 2 NLP 8¢ IR £, WA
SNt BNET. (B B, SeiREEREE. HERESE, MR ECHTEEE MRS KBQA RIE T A
) R FIHELE, X SeqE B R R K AR IRAAE(E, ML 28 A L ) 2 (VR FE Rl 5 ks 22
R IX — A K B 2 B

12.3 H=RERPRREFS

12.3.1 {E%Hmik

PlLasEif# (Machine Comprehension, MC) f&IT K70 H 28G5 AR AD N L& ek 5 2]z
R ) — R IR o AL FEAR R ML el e . A BT AR SCAR R BE /). DA EE AR IBI5 L S )
QA (M%) WHE, MNfFiE xR,

(D) fEfEEE QA H, XM T4 E R, ZRNRIENTgE &M &R, HAES, WwmET iR
FERIRZ (KBQA) « Web #ZRGER, HE—HHE-FG (WHRNEKX QA) . MV B+,
bR SCHRR A PR 45 5 1 BN SCRY

(2) 5&451) QA HLL, FRHZEXTT IRQA Ml KBQA, HLasHff 3= B OGS 61k H i 1%
)RR, 75 AR YR 2 SO R ) 2 A AR B A AT HERE . Ak, DLASERAR T B AR

(3) 5440 QA FHLL, PLaFFH R EMZAEML, MBI B 20 745,
BeAh, HLAsER AR RS R 2 R 2 R, MR TUEREE (AT ALRE RREDD MEHES
@ AR EED, TEMNRGHERESR -

1. #UESE

MCTest: HLAFEEMFIMESS G T HRESAH (NLP) #EIX. 2013 4F, TR A GRE T
MCTest (Richardson 55, 2013) R IFALVLESHIERMFRE /1. /£ MCTest H, BN (HEH
5 4 A IREAE K X TR R, SR ft 4 DMk S R, JF ARG HikFIETHIE 5. MCTest
F—AM5] 1 12-6 Fizwe
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Alyssa got to the beach after a long trip. She's from
Charlotte. She traveled from Atlanta. She' s now in

Miami. She went to Miami to visit some friends

The girls went to a restaurant for dinner. The
restaurant had a special on catfish. Alyssa enjoyed
the restaurant’'s special. Ellen ordered a salad.
Kristin had soup. Rachel had a steak.

--—_‘__————_
1: one: Why did Alyssa go to WMiami?
Al swim
B) travel
*C) visit friends
D) laying out

2: multiple: What did Alyssa eat at the restaurant?
A) steak

B) soup

C) salad

*D) catfish

B 12-6 MCTest Hrifs il 55 A0 ja) & 5 751

AR, MCTest /& —MhrERI AR AR, HApsd 2B ln, —sim@n] LA JLNA)
T bR A2 FiTRIE. (EEBEIRE S AN T, W5 MC160 1 MC500, 73565
160 A1 500 /N cEF, (HSE MBI E RN, ARUHENRBE . 9k, 2R E BT
BhANTE 5 L ECRIEHURFE, JA G EbAal Bt rHEEE . I MCTest J14f, C& kA 1L HLEEHE
frEdRSE . EIX R, WATFEZENBUUT JLAPRAERIEEE BT

bAbi: bAbi (Weston %%, 2015) & —MHIAERMEUELE, WA IEE RSN LR e 4N
B CHSRE SO FR NN TR REE 2 R (AT Complete) , tHahfdik, Wi HRIE S AbFSL
BT, NLEBEWESEEH ) - Bk, bAb 5 20 N TAES, HAEAN TES T EAR KN
By, —E ARSI W 12-7 k.

John is in the playground. John is in the playground.

Bob is in the office. Daniel picks up the milk.

Where is John? playground Is John in the classroom? no
Does Daniel have the milk? yes

single supporting fact
Yes or No questions

John is in the playground.

Bob is in the office.

John picked up the football.

Bob went to the kitchen.

Where is the football? playground

Where was Bob before the kitchen? office

The office is north of the bedroom.

The bedroom is north of the bathroom.
What is north of the bedroom? office
What is the bedroom north of? bathroom

Subject vs. Object

two supporting facts

B 12-7 bAbI HIBEEF IS FILE

H 12 EdE = R A R 250, RIEAS R4S BRI RE v e B 8z tH— MR AEAN A )
GRTY FRPEER o BN AR AR LA AN LR B 205 Bl B sh A B, BARFE S 1% 42
TCRRHN Y, (BSEPR_EA B A FE T AN T 100 AN 8al. (A1, b £ A i 5 2 ) R ol SRS 2 &
. HT bAbi & LN E 2hA R, DR R i 0k el 5 40 58 ] ge gz BT A FH A6 A o )

SQuAD: SQuAD (Rajpurkar %5, 2016) J&irtH4g & EdatE, REIT AN — AN LeE
KAWL FE RS . 28R E ST 100 000 A4 “SCRY—R) @7 Foxt, XS Sof R Ia T 4E 58 T R
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UL, SRR AR X e SRt — S8 ) @, JFAE SCR A briE AR N ) R . 1ETE R, 78 SQuUAD
A RAMEIEE R . RG] LB & B AR M RAL B R “Apk” &%, XM
AR 12-8 Frass

In meteorology, precipitation is any product of the condensation
of atmospheric water vapor that falls under gravity. The main
forms of precipitation include drizzle, rain, sleet, snow, graupel
and hail... Precipitation forms as smaller droplets coalesce via
collision with other rain drops or ice crystals within a cloud. Short,
intense periods of rain in scattered locations are called “showers”,

Where do water droplets collide with ice crystals to form precipitation?

] 12-8  SQuAD #i 454  [a] & 7= B
Ak, it kA 1)L S SQuAD IUAEFE SEATLAINL 28 FE AR R ZE, 1 NewsQA 7 Al

Marco.

ST EFANEEBEIERE: bf VLA FE 220 QA N2 4k, 7EEIES XA (Taylor,
1953) 2 HARFEARIEARZ —. KPR EA R R R e, A5 IS SRR —
il SEbr b, BITHRE T2 X EMESESE, 1 CNN/Daily Mail (Hermann %5, 2015) fl CBT

(Hill %, 2015) . {£ CNN/Daily Mail #, {EZF4EHE T P MNPASHT EERE S 3 3h A e E
TR, B HEERE — G E . IR MR b S — AN BAR R, KRG
ARE 25 7 B SCRE SR FRIX A G ALRF - A 1 SiE 5 A Bl H SO R A 50 [l ) 3 S R R R 520,
{E 8 X SCRS AN ) R b e B BT A SEAR AT 1 B B ALALEE . 7E CBT H, 84O 20 NMESLRIH)
T, B2l AR NAERE LT . N T BRI AR TE S BRI, BERRT
LA 2. K 12-9 45 T CNN/Daily Mail #—M 1.

CONTEXT:

( @entity4 ) if you feel a ripple in the force today, it may be the news that the
official @entity6 is getting its first gay character . according to the sci-fi website
@entity9 , the upcoming novel " @entityll " will feature a capable but flawed
@entity13 official named @entityl4 who " also happens to be a lesbian . "
comics and books approved by @entity6 franchise owner @entity22 - according
to @entity24 , editor of " @entity6 " books at @entity28 imprint @entity26 .

QUESTION:

characters in " @placeholder " movies have gradually become more diverse
ANSWER:

@entity6

B 12-9 CNN/Daily Mail £#E £ # 7= 151
2. SCHIN =R RYAIRRS

PLasFR AR e — TR S T FHEFAESS, WEXN BRIE S ARAMIERE . /L0, Bk T
WiEZ AIFAE AR, IXEEE ] DUk R 40 8 Bk SO A RS AR B — N EE PR
ZOHAERE, KT 4 Pl S HEE: B WEET B CEANER S ST L AR B ), 2
SCIR R R AR L A T B 2 T 0) (R)) Z [ 198 R . il hn, ZEEERR S 2 1a] iy [A] 5C &1,
Be 2 Cth 5 ZE R %4517 (when, as, since, ...) . Bf[A]Z£ 5|1 (morning, evening, ...) . W&
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i (Aspect, EHNNBAPLEALE)  (went, 1s going, will go, ...) FRIAR. MAb, AT EHAD
HERETY, FlnECHEFE R ERIZESERREA XIS, W “Hila 4 XL, 4 TR%E2 37,
flIR R JLLEYE? 7, BRI IX N 8T R G SAZHERT 25 “4-2=27 . Sugawara % A (2017)
P T LA ER AR T 10 AN AR, Wi 12-10 Bk

T sils Descriptions or examples

List/Enumeration Tracking, retaining, and list/enumeration of entities or states
Mathematical operations Four arithmetic operations and geometric comprehension
Coreference resolution Detection and resolution of coreference
Logical reasoning Induction, deduction, conditional statement, and quantifier
Analogy Trope in figures of speech, e.g., metaphor
Spatiotemporal relations Spatial and/or temporal relations of events
Causal relations Relations of events expressed by why, because, the reason for, and so on
Commonsense reasoning Taxonomic knowledge, qualitative knowledge, action and event changes
Schematic/Rhetorical clause Coordination or subordination of clauses in a sentence
relations
Special sentence structure Scheme in figures of speech, constructions, and punctuation marks in a sentence

B 12-10 HIZSEMETFERTRE
— MR, Hlas EARVE A FRF 28 S48 (Pattern) , WHAL . A)EEL S dhEns . BEX. N
T ATIXSCRENE AT AR, R e M R, AT DO S T 1 A 1R AR s FETURRE TR 7 ik
MFEFIRE IR 71, 1 P oRIRAT TR ek — 2 ] ik .

[T

12.3.2 EF4EETIEMNN BT E

H AT, BUA 2 T RE AR 7 V538 W e 5 SCAR B R AL 55 i i SR € 0] S SR el Bk 2
)35 AR TS . Xy il 3 T POS bric FIERE . KA TR aE . L3851 &
JEIE B SRR A) TR SCRS PR T . BT ARRRE, 0T LA SRA RS AE S, Wi
JEURE X R CERBEIEE) 1E .

1. 18 CPLfC

1) Y VC G AE HL A FRARAT 55 A — Pl il 5 110 A R 7 ko 3PP O 1B R — Fh R g ah & D5
1%, B N5 RS SR RO S RO R, X iR E R T HEE (Rank) . 2R
J& FRAE AN 1 T 3 SCAR I B B P e A T T vEY, FHRUH R A2 B s B i o AR,
XA FIRAEREANSMF SOR B E— AN 1, % EW R/ T R ZHEC 3 A B A . WMo SO
1 v B BO X 2 ] B B e B 70 B AR 8 RO 7 4

sE RN (2015) @l 2 RAGE, FHXRE R 0 BORFE B E Rt T vy . B S,
EATAME DR/ 2 PG I H3EmE] 30 (AP 30 AMJ)4ra]) , SR ERIX 1S/ S8 B “ )i
ERT BN R ILECECR A Aok . BT ERRIBEE, IXPBhE T R0T LIk R Gl e B
R E S OC R . MCTest |5 BRI 52 178 2 & Ha]vA UL AC 7 v 5 LA ES R Nk 12-1 Po.
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#* 12-1 MCTest LiabC LEC 5 ARIRIMIF AR

BEIE O Sliding window(%) 1458 RV 7FEhE O Enhanced sliding window(%)
MC160 69.43 72.65
MC500 63.01 63.57

2. 1H1E ( Discourse , 1IBfR ) X&

(31 % — A~ i) & P 5 B AR 9945 2 AT A AR 72 2 4~ 5) 1o, BRI B R) 12 ] B8 SOR A0 Tk 3
IEFE SRR EER . DA 12-11 R, 7 BIE A3 F 5 BT 0, 3472
HEWT Y “ah s bR M AN EUE T Z RAFAE IR R AR

Sally liked going outside. She put on her shoes. She went outside to
walk. [...] Missy the cat meowed to Sally. Sally waved to Missy the cat
[...] Sally hears her name. “Sally, Sally, come home”, Sally’s mom calls
out. Sally runs home to her Mom. Sally liked going outside.

Why did Sally put on her shoes?

A) To wave to Missy the cat

B) To hear her name

C) Because she wanted to go outside
D) To come home

12-11  —AHRE S A HEE ) E B

Sfr b, —LeSe T AR D UE ] 11T O RAE — LA N, AR LE RO, T ) 2 A
(Jansen 55, 2014) . Narasimhan fll Barzilay T 2015 fE§2H 7 =R, BufiiE e K299 T HL2
HFE ARG H
¥ SRR R) TR AN z, MR ARHN @ BERERN a.

A 1
P(a,z|q;)=P(z|qj)P(alzgq;) (12.1)

EAT (12.D) A, A PRS2 5 SOV CHRIRRO AN B /3. o,
AT e 8] B 25 BRTE BLA) TR AR A, XSO T BRI [l R R R A T A
S AR I 45 5E [ q A1A) T z SR B R i AR 3R g AT AR o JRATT T RAASE O R A5 211X
Loy B HER, BIP(z 1 q) « exp@1®1@D)HIP(z | a,q) « exp@2?2(222) | Hoohgp EEEF A, 0 0%
KIKPLUEAE (Associate Weight) o X A H A 4] T2, KM, #] LAG B AR E R R ;-

P(a;j | qj) = XnP(aj, 2y | q;) (12.2)
I X P AT LR H ARELAR R 28 (Likelihood Objective Function) 5 i :
Li(0) =log) i Xn P (aj, 2, | q}) (12.3)

fEAl 2.,
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ERRE AR AT (W 2) , MR, LR T RREA T . RITNEA
B ) A P 2 M) T, ZEICRIE LT, IR AT R 5 SLI T

P(a,zy,2, 1 q) = P(2, 1 Q)P(z, | 2,q)P(a | z1,2,,q) (12.4)

ZrE A q, FATH TN SR P (z1] @ MHXHE DR TXFFA) 2, REg5H q Mz,
AR AR T 3T 20, BRIGER a (HRBETITIM H A 45 R

fE Ay 3.

Z A5 R B B e 18 [A) B TE TR 5C 2R, AR5 1 FH X A oe 2060 SRS AR ) FLARAR SS) T-HE 47 HE
. Bk, B 3 AN T — AR R rER KRR KRB, CEMTEREER S5RKRR
U RAE— S HRReE, R 9% R ARTHEA] 1 2 (Rl )Ry An A AR .

KEFER HELFRAARK.

(1) FHEXFR: FHRE R RA .

(2) WFZs: FEARI T -

(3) . FEZAH how-type [ In] 2.

(4) HAth: ER=FERUIMIK R ({U4EHESE R non-relation) .

IAE, FADTENX (1240 FHEAEMEHITES MARRZE , FRUWT:

P(a,7v,z.,z, 1 q) = P(z, | Q)P(r | q)P(2, | z;,1,q)P(al z4,2,,7,q) (12.5)

o, B H)/r & (Component) P(r|q) &Ik T ) E’J%??@ﬁﬂ r FIZREEE . Ak, 1Z4%
RUn] L2 2] st B2 TR R 9% A B why-questions. B [HIFAT1 25 H X =P B g 25 BLAd i, sk 12-2

FIT7s o
#+z 12-2 MCTest E=MiERIFERMER
MC160 MC150
Single(%) Multi(%) All(%) Single(%) Multi(%) All(%)
Model 1 78.45 60.07 68.47 70.58 57.77 63.58
Model 2 74.68 60.07 66.52 66.17 59.9 62.75
Model 3 72.79 60.07 65.69 68.38 59.9 63.75

IE':F' Smgle f-LTLilf\ lfug

7] et

3. ZERE = ( Answer-Entailing )

4514

— A IFRA) T ERRE R E Y IR, Multh 4R TR E 2N T A BRI

AR — 28 NLP B 70 BOR1G 8 T 57 ST AN SO BRZ I T E S5 A8 i, (2R SCAS 2
(RTE) B, af PLEE e AT (0] i) R B i A0 7 ML a4 Fh A iz R st . AEMLAR R, 341k
A LUK X R Z4E8 (Entailing) S5F{5 BT A. ] 12-6 FrosiyBl 7o, 8 115 — /) i,
FATT AT LAAE ] — ) vk R0 DURs m) A — M i i 2 R BB &) . fildn, Ris B R — et
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(catfish) , FRAPGIHLSMHREHAHG K— iR ER): Alyssa fE&ETIZEEH (catfish) . fEXA
BRIARE N — M, SCRENETHE, FATTAT LAHERT X/~ Z53k (Entailment) FIMEE. JEB, 3AT]
n] PAze iz Bl R SRR R B R, Wi 12-12 Pos.

Question: Answer:

What did Alyssa eat at the restaurant ? catfish

\/

Statement:  Alyssa eat catfish at the restaurant

Document: ... The restaﬂant had a special on catfish ... Alyssa enjoyed the restaurant's special...

12-12 MCTest B —/N25 R 2 L 45 I H 7~ &

X FARATIH B 2R 2 R A5 R 0] DR SCAS R ) 2 0] T 5 R B0 55, H BGH55 SCA R i ) 7 3
ABRFAESCARFIEG I, R 7 LI FAELHIXT 5%, Sachan 5N (2015) KA T 344544,
JCHEABAT Iy B B ah A B8, 0] DA 2 B S sl AR 0] T Z A LR EC SR o ARAT A T 7R 45
4 SVM (LSSVM) L1 T4k | — R Kibr77 3. (Max-Margin Fashion) , JLH 28R E R 4514
JEIBTER] . MC500 X Pz i 2 SRR 1) Seaa 25 Rk 12-3 Pros.

#z 12-3 MCH00 & RE BT ERE

Single Multiple All

Accuracy(%) 67.65 67.99 67.83

4. ETFRHAETAE AR IGRIPL

FeTRFIE AR A 5705 2 AL BT 25 B2 A 1m) 23 A — A R R i 0 D 2%, e AT Tl B R T T LR S 5 8
U SR IS 45 i SCRS AT i) e 2 (] T SO AR AT G ASE, PR AR IX SR AT HE ], Zod AR i b EL
Sy FELEZ O A ), (S X BT S R A N B s 2 56 eR R AR IR TS . S5t
EATE BT IALRE T LR, WiiafEbsiE, A0 4855, Xngeass REUiRe S . K,
FRAE AR 5128 5 L MCTest SEAL4F FLAREEE MO 7A0 4, 1iixd T — SE SO L A% 1 e 250 £
1 SQuAD A1 bAbi, I H)ZE THRHIE TR A T VRARME N SCA s AT BT R U A RO R o T4
K, BEA R S SIAETH LA e AT R T S B B Tl CRBk 25 (O AIE FE N BT8R SR H
TR I RIHL as B AR TR

12.3.3 HzFEMPRREZREI HE

A THLAS BT S5, AR A URRAT 93 T AR AR R R 52 2 U7k . BIESR E — 1
P d A—A R q, WEFEE R a BIRESRE AL RT LA T a0 R B

P(ald,q) x exp(W(a)g(d,q)) (12.6)
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HA, WEFRRERZRER a RN, gdoFonsm@md@ q T8 d R . KRERETZ
TSR AL o(d,q), ATLAN AT TR EAFLE R 4%, W RNN, LSTM AHCIZ/ 4% (Weston 5%, 2015b) .

1. HF LSTM {47758

KR HAIC 2 M 2% (LSTMD) EL B IE BH BE 98 A RAOHK: e 51 i A5y im) & Rk, O 17 % e g(d.q)
BT, Hermann 5 A (2015) BAH G SR — IR MM A B 2ET LSTM Higmidas$. W@ q 7t
Sy PR Z e IR LA 1 Z a0 2 . IXFELS ESCRY d ARl q BOECK AT LS —AMB K B A, T

NN
SESRSNs
EERRRR

B 12-13 £35S0 d AliEL R q RO BCH AT BLR — MR B 51

2. WeELFEI9REsE

KON EL ] LSTM R MEFECEE B AL FRMOBOC &, BT LME B AE N — N30 55 — N A B4 4
SRR 2R TR, 1 1S SCRY E A RE R HER bR . Rk, BCRERZE BT 78N 53 R L)
LSTM &S5 7 F B 2 TS . S4b, SO d e A A ek B T SC S5 48 5 1 1R q f 5%
B. B, XBEA AR d, HAAE “ETR « FToPHE 1993-94 FeEIF IR 2 AU RN ZINEF A
ABAIRTE, ZHBRKEH CREERIRNAEIE” o Y1 q f& “W 3R « FeFHAT i A NBA SB[ ? 7 I,
Y d R RORVE RUMNAZ R “TE 1993-94 FEF IR Z AT o i q 2 L TRIEFH N NBA B fE
SN TWEILESN? 7 i, SOR d RO ST ROZ S CIESRBERRAEJE” o R, EALERAN R Y )
R, FRATRAZIT Y d FARFERB A FASFE R E . ik, KRR SHLH] 51N TR EE 2R R 245 2
REZAMINS . Chen FFA (2016) H#2H T —F EAFEZE VLI M 4miSHEE (BiDEA) , %M
AUYE CNN/Daily Mail (45 % FHUG 7 R4 mITEGE .

KPS P SIS R AR T B, Foriil & Zrid 72 3 ZAR L =P

(1) Ymhth: 7ERTA A B 2 d 4Em &2 f5, Btk p(ME ) q A AR 20 3R Apy, Pa. oos P
Maq,,qy rqo B, B p B B CE BT CUEE i AR 2.
— —
hi = LSTM(hi_y,p)),i=1,....,m
«— —
hi = LSTM(hiyy, pi),i =m,...,1

- —y
pi = concat(h;, h;).
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A, E ] DAL R B 7 30 55— LSTM E AR q CBEAM A ED) .
(2) EE: pi P RIEA CAE BT a7 A &t i o .

a; = softmax;q" Wsp,

O:Zaipi
i

£ EiRE R, Wy e RPWFFMIE R & q 587K pi S 2 a] AR L .
(3) Foim. FESR afiEEFEm T,

a = argmaxgepng)Wy O

Hor, EEBRNIERE, W 2% oMMz a 2 [a] A &k .

AR FIRETY R AR W R, (AR S CNN/Daily Mail EEIFEMS T B I e R
(SEIGLE R 12-4 ) o fBHE Chen 25N (2016) HI4r#T, HBHMEAKNAEHMEHRT: ©
CNN/Daily Mail FJHEFEK-F5R R B, o] LA — ] AR R AL HE; @& K5 AYE CNN/Daily
Mail | O ZIAR] T AL IR, H 20T LLUEE B R KRG ZER IR I Hh i Ab 22

7 12-4 BIDEA &8I CNN/Daily mail £ HYSEIE4ER

CNN Daily mail

Val Test Val Test
Attentive reader (Hermann %5, 2015) 61.6 63.0 70.5 69.0
MemNN (Sukhbaatar %, 2015) 63.4 6.8 — —
AS reader (Hermann 5, 2015) 68.6 69.5 75.0 73.9
Stanford AR (Chen %, 2016) 68.6 69.5 75.0 73.9
DER network (Kobayashi 2, 2016) 71.3 72.9 — —
Iterative attention (Sordoni Z¢, 2016) 72.6 73.3 — —
EpiReader (Trischler <%, 2016) 73.4 74.0 — —
GAReader (Dhingra 28, 2016) 73.0 73.8 76.7 75.7
AoA reader (Cui %, 2017) 73.1 74.4 — —
ReasoNet (Shen %5, 2017) 72.9 74.7 77.6 76.6
BiDAF (Seo %, 2016) 76.3 76.9 80.3 79.6
BiDEA (Chen %, 2016) 72.4 72.4 76.9 75.8

AL, N T PAASFEVEURLE %o~ B R SCHF S A A B R LR IR, Seo AN (2016) KM%
b AP T T LA FR AR S B O Al E = -1 4% (BIDAF)
mpE 12-14 s, BRI FEFEHLLR 6 241
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FHBNE: FAEA ) CNN, 7T 3798 F 64 F 45 it 2| iE 4 6) 2.

WEHANE: TSR 46998 6 4R,

5EIEMNE: e LSTM &, T AR $18 69 L F 43 &

AR ) B AADMESER S, MF ok B AA T e 6 LT LA Ea)iE = Ja] eg Ak, BP BT L
2| & iffa 193] LT L.

BAEE: QA8 FTA #15 LTF X3 8697 ER G LSTM.

Wk & MAEEEER, SRR R et kR T,

Output Layer DE“SE"’ — I'STM -
| Softmax Softmax

T l

Modeling Layer 2-layer LSTM Encoder J

Query2Context and
Context2Query Attention

Attention Flow Layer

Hidden State Sequence

] Hidden State Sequence

Phrase Embedding Layer

1 I F 3 3 .!. 1 1 3 3 fh [ 3 3 F 3 i
word Embedding Layer L L L L HEN L

Char Embedding Layer

B 12-14  XUa) R AR A

N 12-5 przn, SQUAD ERsLiszt gL, BIDAF Bk 7V HERERIIR &, X 0] fEE
F BIDAF 72 % v B AT K& 037 1 E 408 1 06 55 45 o1 5 I RE 1R 5 1EK .

= 12-5 BIDAF Z488/7F SQUAD K& FEYSEId &R

Single model Ensemble

EM F1 EM F1
Logistic regression baseline (Rajpurkar %, 2016) 40.4 51.0 — —
Dynamic chunk reader (Yu %, 2016) 62.5 71.0 — —
Fine-grained gating (Yang 25, 2016) 62.5 73.3 — —
Match LSTM (Wang #1 Jiang, 2016) 64.7 73.7 67.9 77.0
Multi-perspective matching (Wang %, 2016) 65.5 751 68.2 772
Dynamic coattention networks (Xiong %, 2016) 66.2 75.9 71.6 80.4
R-Net (Wang %, 2017) 68.4 77.5 72.1 79.7
BiDAF (Seo %, 2016) 68.0 77.3 73.3 81.1
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3. 18124 ( Memory Network )

Weston 55 AT 2015 SEF2H 7 icAZ Mg, MR Fr 51 22 X 2% A {5 ) S8R il e mT A
FHEFR A IAZ A (SEBR B — NP EGR &, B 44 sl X FEOR I ) BEATHERE . &
Fkud, el T 4 4 EEZARGE)

® I (M ASFAEmSt) i A ®) 244 A A SAFAER T,

® G (:zfb) REHMALIIA LI,

® O (#rdbaFAERS ) ARIEFI G dm A Ae L ATIC RS FAr 69 dm b
® R ("mpL) Fhm b 378 PTE £ a)om A& ..

K 12-15 451 7 MemNN (Memory Network) 7~ . 1042 W 45 i) — B 85 22 20 i 31 i
feM 2%, A4S N MemN2N. MemN2N ) — /M 0 a] BL L 25w 1 5 G T 25, IXE
REHGESOHEEGER, FHETEGEH TR, SR 002 L G, O M R H|H
THEAR

® Ip;, = Softmax(up,m;) , 2 F m i=Ax; (x; 28 N8) FTHHANGE); u=Bq (qAZ#N

F14) .

® G /£ MemN2N ¥, 2T KA LA,

® Oo=};pic;> FFc=Cx.

® R4 = Softmax(W(o + u)).

F14k, 3@ PAT 5 AR A 545 W 2% 248 A B MEMN2NS H1.

® % (k+1) B&juTrAitg Huktd) = yk + ok,
® B EAA f Ty ARA=CK,
® | vAidita = Softmax(Wuk+tD) kit 5,

A —

Output

Passage

Memory

& 12-15 FTF bAbL fESRIIEIZ MG R E E
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MemN2N ) B FH F bAbI AL 55 H ) 20 MES . FfER) MemN2N P fedEin I B A, &
il (PE) FonibT a4 (Bow) #i%Y, 2t (LS) & Bh Tk 4 /it ME, B2 Bh
TR A LS

B TidfZ e ms, EERRE, G FRRITHESERR F2E—FER IPLE . midz Meg g5 —
ANBEAMB AR AR AL A5 i F B R AT, B X ARE 5 AR ) S AR E AR R e WL R R
A B

12.4 F|H TensorFlow LI} 8] F{E 5%

A& (QA) RFu2 A BIENEIE ARG SR E KRR RS —L% QA RGN
A B S 2 RS IR SR EUE B DA B BAR R ) R X SR A5 BRI B RG] Lo AP
ANEERN: PR, e 2 B ) ) L] BUE B AR AT T, AN PR R e =
Silek, PR R A — R BRG], POV ES — e CHE BIEEC (st B R
SCEGRALL T R 7 S5 R D

TP EVE — N T PEM ) QA 258, & AMIERAS BRI, N T HEIX—, &
i Ankit Kumar 55 ATEHAG W (4sk Me Anything: Dynamic Memory Networks for Natural
Language Processing) F/ BRI ICZM 4% (Dynamic Memory Network, DMN) FfaE b4 (13
G LLHATE ], 444 {E https:/arxiv.org/abs/1506.07285 F3RELFIZ ) .

AT

12.4.1 bAbl RS

P XATH, #4148 H] Facebook €171 bAbI B, SHTH QA it —+, HEFEELS
TN TEER A 8IS S bALL HdREFIFTA RREA — M S22 BT, E&E—M) 1P
Fll, DAERERS PRAE [ 5 (7] 1A P W HIVFAE B tedh, BRI AR 1 IEmE 5.

AR (125 1) 35 P 55 B 792, BADT EE S A 1) 1) g R 70 4 20 DMANRIR TS« BASTAESSER
A H A —E ) Zk ) B A — 2 8 i ik a) B4R, IX 46 AT 55 Il & PR HE ) B 281G 5 AL PR RE
L FE I A HEER AN GZ . N 7 AL T RRIX — A BRATRE —1 QA RGUKE E M1 ) @) B Ak R
5, tnp 12-16 Frow.

Context

Fred picked up the apple there. Bill travelled to the kitchen. Bill got the milk there. Jeff went to the kitchen.
Bill passed the milk to Jeff. Jeff handed the milk to Bill.

Question Answer

Who did Jeff give the milk to? Bill

i 12-16 bAbI HHEERFIE (B KPE: Steven Hewitt)
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ERFIEER A R (BGESR) , o SRR n) R R 6 N2 F (RME N E R

AT 25 fo 22 PR 28 3 T-3X = AN R 2 (0] A 7E R SR P B pl 5% ia S sl AR B BEAR - MBS B,
ZALSH A R g 2 B REW X 7 FiE. BEEEEMNREEE . EARFH, 880 A f 2 &g —
() 1) 2 T2 TR ——UE A BN AN Teff F LB W )N o 1 22 IR 288 00 2%} 5 ) o BTt T F) %o A o R
#EX 7y, Hd Bill & 118, Jeff RIS, MAESE NHH, Jeff MEEE. MR, BAIKWHHZE K
28 A WEINEAR G T G s G A A BB AR I 25, & 2 20 NI ZR B 1) 7= 451 R HE W L X Rh 5 2
12 -

KRG IR Ty — >/ 0] 8 B AR A A Ehdim A H A B &b [R) SCin], To Jeff fE 49 “ad4n
(handed) ” Bill, {Hf& Jeff ] ARIFEA Sl “45 (gave) ” 8L “A24 (passed) ” #5 Bill. ANid,
{EIX 9 A2 2 A0 ST 4R, TR e mT DOAGA] ) & A5 FRAS 21— L F5 Bl . T N 28 A7 A
R in] () &, 3 ] [r) B n] DA 6 ] () R S HAmIR] 2 18] 58 SRS 2., i AE AL L AT AH
AR R AR R, XA R N 28 0] LK S AT TR N L AR R 1] o X6k F-1m] o) S AL, FRATPR 6 A

Stanford fJ4= /Al E &K/~ (GloVe) .

VFZ AT — AN PRSI, ARt ] R 3OS P2 i B U1 S0, e RAT T8 w45
HUAT LAE B R SR BIE R “Bill” o AT LLRX —BR$AAEDL S, AT UE B RS &
23 AP STESUN AT

12.4.2 4347 GloVe HAbIEFK N4 p8

X FIATZS > sentence2sequence, it — MRAE GloVe 5& SCHIMRS FFAH7 717 88 Fe 45y Ha
IR ZREG TGRS NEANL I (Token, XA F2ENY Tokenization, B H)4r il Ekid %)
X LG EEELN) T B G TR RS L B BB R Y — 40« 51T, 4T Bill traveled to the kitchen.”
1oy 6 AL, By 5 AL RN R TR, B AN N T RN EIRE) C.7 o BN AR
M AL, Ay AR N T AN TR SR, i 12-17 Pk

Vectorization

“Bill” 0.5 08 -1.2 ..
“traveled” -1 0.2 0.9
0 0 0.7
“Bill traveled to the kitchen.”
0 1 -16 ..
“kitchen” 1 03 -1
0 09 0

K 12-17 ¥Aa)TEBRAZANMERERE (B HRIE: Steven Hewitt)
7£ bALI FIfESH, RGBT —LL GloVe Bia| [ EAL A B HEIA, N 1 b2 45 GE08 b
PRIXSE R AN iA] 5%, FRATT G B oNiX s sp ] 4E 47 — R ) EAIRES . 8 B0 A2 ] BB <UNK> ]
BEEATAARMAM, (BIXAOREAUM . M, FAT0T P BN 71K A AR A4 e &
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— A FHIR .

M8 — U B —ANHT A KN A R, FATT T B MU 4G GloVe [ &AL 23 A G ALk Wi 7047 )
FORE AN R &, Rz E A INE] GloVe WL Fo A TWES MBS EL v PEH
Numpy FHIRECR B i E 5 Z R -FEE .

+ RIFFME Glove HIE
glove wordmap = {}

with open(glove vectors file, "r", encoding="utfg8") as glove:
for line in glove:
name, vector = tuple(line.split("", 1))

glove wordmap[name] = np.fromstring(vector, sep="")

wvecs = []
for item in glove wordmap.items() :
wvecs.append (item[1])

s = np.vstack (wvecs)

+ WEED MBS

v = np.var(s,0)
m = np.mean(s,0)

RS = np.random.RandomState ()

M LRINTFER, £fi11l unk KRE—AFHHENE

def fill unk(unk):
global glove wordmap
glove wordmap[unk] = RS.multivariate normal (m,np.diag(v))

return glove wordmap [unk]

12.4.3 BFIsRENBEHEER

HSZ bALI AR IR C B A R, X B M4 i Bin z Al e R, B A AE R
Be BRI S, N T IREE SRS, AT ROZ R nT e R A NTE R U M &, ik, JANUE
F 532 3848 225 R A R AFE T 48 GLoVe ] ) B 5 45 1 ], i SZ s A (e, WA —
ANARFIET S BEALEEE ] ) B R o R B AN B

FEIX AN ) B4R AL T, FRATOTLLE X —>#T i) sentence2sequence.

L .

def sentenceZsequence (sentence) :

LI

- B BIERRION (m, d) FERE, Kt n BA)FHHNAZHE, A REANARE04EE.
XBATHEMA TensorFlow, FAR 2 AR THRENE TR KFIATE TensorFlow
AT SCRE, Wil Python BEHRE DLSERRIAT S
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tokens = sentence.strip(""(),-") .lower () .split("")
rows = []
words = []

#XF & AT R

for token in tokens:
i = len(token)
while len(token) > 0O:
word = token[:1]
if word in glove wordmap:
rows.append (glove wordmap[word])
words.append (word)

token = token[i:]

1 = len(token)
continue
else:
i=1i-1
if 1 == O0O:
# o0V Hid

rows.append (fill unk(token))
words .append (token)
break

return np.array(rows), words

HUAEFAT AT LLRF BN In] BB 5 B B A BT WAE—ke, WG B F3C. A E R RE. 1
bAbI F, b N ICHE UK T &85 B 51, A SO 54 (contextualize) B UK 58 L AES
) RIS SRAE R —AT, HWHIRST o baIt, Bril3ATal LR IR A RbRC R — 1T 2 B Fa 1 1 iR .
S AN, ASKE RS HFR BT GEE, @% P E TN EZARE)  ZRidE
SRACRAEATFT EZMLHAR B —FE8: SFINfF, 50R1%E R R AT AR R AR 3R
ARG, R M EHE B 52 ZEMRLE ) 7oK [a] 2 Ja] B

def contextualize(set file):

RN A AR R BB R - > E .
W R EERSIR, BIEERTERE - PMEEUTAER 7 uETd.:
EFxhEa)F Ll E A I
E R E AT B R &SRR T
Al AL 2R 1]
V715 R ] 2 31 3 1) i)
A B A& 2
TERN TR IR R RAIE S
T 3 FF A AT AR AE ) BT SR
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LI

data = []
context = []
with open(set file, "r", encoding="utf8") as train:
for line in train:
1, ine = tuple(line.split("", 1))

+ AT S TR R B E) TR B R

if 1 is "1"™:
# FAFR ETFCERM L IS, X RE—A1EE E T XES
context = []

if "\t" in ine:
¥ HIRFR I ENMERZIAIN SR, LT GERPAFE
question, answer, support = tuple(ine.split("\t"))
data.append( (tuple(zip (*context) )+
sentenceZsequence (question) +

sentenceZsequence (answer) +

([int (s) for s 1in support.split()l]l,)))
# ZA AR PRI ERC, URITAEEE
else:
# EFXATF
context.append (sentenceZsequence (ine[:-1]))
return data
train data = contextualize(train set post file)
test data = contextualize (test set post file)

1244 ENBESH

By, JATE A& FE o R4 T NGREAE A G, N MES SR T B AR O f 22 K
7% . FAM15EMIERR TensorFlow BIATHE EIJFAG, WERMEEE 2R, $inT DLEEE G T4
WA &5

tf.reset default graph/()

T IX R L 2 N2 BTG, Iid2E XM P A & &, By “BZE7 , BNE
SCT IR “HM (Zhkg) 7 AZE T 3.

+ FTAAEEM S h B3R 2 2 Al 1% 5% B B 4E 5

recurrent_cell_size = 128

# 1] ] == A 4E R
D = 50

# AN RER . FEEEEAE, WA EE 28 B EE AR € B A ] AR
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learning rate = 0.005

# dropout HEZE
input p, output p = 0.5, 0.5

# — KN 2R R A2
batch size = 128

# 1EFRICAZ KL IS IR

passes = 4

¥ BRE K/ F T8 AT E AL 15 B B0 B 46 5L
ff hidden size = 256

# ZEERICIZHIMmEYE, BE%EE, AZEiILE KT learning rate
weight decay = 0.00000001

#EEUCNZRI PP N 28 I el BE 80 AR B Z R E

training iterations count = 400000

HPERR IR IR 2 B 75 Z AT VI ZRHIE AR 2L
display step = 100

1245 HRZMELEFER S

R LG 2E R AA BRI 70~ 4 A EEL, 7E 2015 4F Ankit Kumar 5 AESH LFE (4sk Me
Anything: Dynamic Memory Networks for Natural Language Processing) 25 H T #H M1 BH

HTFMEM BT T —MEHZ, FLRENEHE T 3O B A ARG B ah & E SO, RIAERR A3
A1CIZM 2 (DMN) o« DMN Ji& k10 A S ife] [o] 35 ] 52 R AR 20 1) R B . B %6, AR b
PR ESI A ST L)L, 1OF X H L fE 12 B 2 iR O R A B 3G RS
5 FEAE R —SERKER, FHR R85 BAF LT L

A —AF L5 FIRAVE M B — AT 7E bALI i R4E T, M2 25 F B B L BRINAL B
EHAE R T EERAA) T, JF RN John & B fa — MEMEFREIA . 2AEHEZR LT JTohn KT,
I John 822 AE RN EMGER B 7S . & — HERS John fEER FR&EE—MA, #inT LLAREZ XA
] R A5 i e BRAEE R B, P 12-18 P

e — R Bodr, MR AR QR RI SR SE, DLAERERE R H IEfE 5. Kumar JEEH|#
28 P 28 i R R — SRR AR 158 2 A, XA JEEE), FDN John CAFENR T, & X
fl %A £ PR (Ankit Kumar %5, 2015) .
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Episodic Memory ; 2 , , , y ; Answer module
Modul e, e, e, e e. e, e, e, ,
oduic 00 o3 0.0 0.0 0.0 la.s: 0.0 0.0 _gm
: .
e re,l e, e, e. e, e e, & &
0.3 0.0 0.0 0.0 0.0 0.0 1.0 0.0 _§m & &
! A

Input Module ¢ \s s, 5 s, \sﬂ \s, s, Question Module g
e 1
W & ; & & ,5; S o &
o ‘O& (f:\ ﬂ;:f @\;‘1 \\‘\{g’ @\6" dslprb ‘iﬂ‘bib ’ CP\GT
A b
=¥ > qﬁ& & xﬂﬁ "FF'F,D w Z dt‘-{\\?ﬂ‘ *-'@& Z é;&&
2 ok e % i
& & & ﬁzb 5 £ O & &
¥ &5 .:ﬁ o ‘cpﬁ_'l \P{‘ K, gbtﬁ
\"ﬁ & ﬁ‘ﬁd ¥ ¥
&

B 12-18  FERZE N FR 4 MR 4H & 7E —i& T /E LAFIZF bAbI 48 & [ o] &

124.6 HIAERD

i ANBHE BN SICMZ NS 4 MER R — AN HE R, ERE P RBEREA, w8
P50 GRU (TensorFlow [ tf.contrib.an GRUCeID) f4a A& & 3+ LA R SR AT il . 45
— A B RAEE B S, fE R SO ERS B —ANR) e, HEH H I TR B A R R, X
I TensorFlow [HfiAbEE. [RItk, FRATAT CAWCER ) 12K 2 B 67 B -1 HiAk 1847 TensorFlow, LAH7E
J T A R A

AT LLFIH] TensorFlow H [ gather nd() e ECXT IX Lo ¥ 48 FEAT AL FE,  FRAE F]IX o5 Ab # it )
B R EEAE N 4 (gather ndOpREUE —MMEEW AR LHE)

# cs: M ETFICIRERESL

cs = tf.gather nd(input module outputs, input sentence endings)

12.4.7 |o]R0RER 4

R R 3 AV, BT AR B RO . S OIE S A GRU M. YR AEL
A RSO T A T — R, AT LA M FRARAS , TR 0 S R ) R A P
R— AT

124.8 F=121CER7

= MRPURS FICIORER, R F IR ITHRESGA B X r . EHERAIPITZ IR,
N EREAE S 2 GRU FERH AN EATIEAC. BRI A A AR A2 2 T 2 I X A N S S 50
R IFX HRC 2 R A E AT T
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1249 FE1ER

FREZE P25 H (R B 1 B Ve N T AT BMR S At et 19, 4R e e P& i B e 045 Bz b
HAR I/ A5 B 5 20 b RS H AR SRR IS Il o FEFHATAESS I AR, #h e I 48548 F v =2 T e At
RN 0 B IS A 5 P 7 0 ) e 2 L, I R S b B ot SR B BRERAE R Z [RIFE B X 4
T 0 R ) Bl L Ath 75 A BB TR B A B HIAES

I FLR ) R B A DR ) (Hard Attention, HUORHE—MaAGLE) RAEH
. S RZHMEME—FF, TATHRAC T ZR&THESUR REGE T AR ERN 25, HTH
TR, B R IR ATy . Rk, BATAEAE R T HU R, BRI
& 71 (Soft Attention) , “&%F A $in A B B AS I FEAE IR E KRR AN FESREE . e,
X L R AL R e A e 1Y, AT RARE IE T ISk, SR SIS /2 T LU, {HE EiR
R B DL SCI H A R I EE 2, DR X B RAT A A AR A T A RO R S B R B AT S,
TensorFlow AL 5 O & NFRATMM 7 AH AL FE

FEIX A b, JRAT 8 e AL BN T3 52 L AT 2 A0 iR 46 n) 8 ] AR AL P R SR R T
AR, X R E S @ EE AT E TR ARIR, Rl R S R G LS Y ETie 2 1A
HIAEACAE B & o FRAT DR &5 SR IE T — P E AT IR 2 I 28 SR RS BN LR 1 2L AR EXT
i N ) S8 — 1 GRU SRIR T B Gl A8 R B9 2 05 B0 AR , iz i ar itz
N7 wERAE B SR TR R A 2 R A I E RS B, A6 T — MR, JEHEA
FERTER T, BAEANERYE (BPREAER P .

H—MEEE R T, FEE AR LT B2 B SEm a N g 1) — DN EX R B T E L.
WNTEBImE, ZEUEAETRAEEGHE L (AR R 2 EENALE) . mxT+H
WG TR, ZEMUEE TR EETESZE L. BRFFERAEPE-DTTE L, EER EER
1T, AHEI8 T & A 4 b ——2 /D7 AR 5 B2 A P 22 X 2% 2 HE CABE X Fh o =X

def attention(c, mem, existing facts):

H 7 IE R I

c: KE [batch size, maximum sentence count, recurrent_cell_size]@.@J:—Fj{':fz'ﬁ’{]

BT S5k

mem: W& HHCIZHEKER [batch size, maximum sentence count, recurrent cell size].

AT RBEFRRGER, XA ESLEHMNZA HFF121Z
existing facts: K& [batch size, maximum sentence count, 1], BMERNILHEHIEBIK

(—J5) ¥y

with tf.variable scope("attending") as scope:

# attending: FEERAIREXZREMTA
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attending = tf.concat([c, mem, re g, ¢ * re g, c¢ * mem, (c-re g)**2,

(c—mem) **2], 2)

# ml: AIRMZERE —EAERE
+ BRATFHENEEDEFEEE, BN tf.matmul M TensorFlow 1.2 HIE#MALEENME
itk B R R ek
ml = tf.matmul (attending * existing facts,
tf.tile(w 1, tf.stack([tf.shape(attending) [0],1,1]))) *

exlisting facts

# bias 1: F— AR ERNREIE AN G BLERE
bias 1 = b 1 * existing facts

$ tnhan: FH—IELM. EFE relu AR tanh Z2BUHFEL M, BAT#4AY tanh 228
R EME BT 1 8 -1 A B R A B 1 i) f&

tnhan = tf.nn.relu(ml + bias 1)

# m2: HI B R SE — R R EE

m2 = tf.matmul (tnhan, tf.tile(w 2, tf.stack([tf.shape(attending) [0],

# bias 2: F AN E R E R L AR A

bias 2 = b 2 * existing facts

# norm m2: FH_ENEERRELRE, HTHR softmax JELEAEH

norm m2 = tf.nn.12 normalize (m2 + bias 2, -1)

# softmaxable: FERATERNKE L sparse softmax . ATk norm m2
RANFEGKE, EHEREZEHREE

softmax idx = tf.where(tf.not equal (norm m2, 0))[:,:-1]

softmax gather = tf.gather nd(norm m2[...,0], softmax idx)

softmax shape = tf.shape(norm m2, out type=tf.inted) [:-1]

softmaxable = tf.SparseTensor (softmax idx, softmax gather,

softmax shape)
return

tf.expand dims (tf.sparse tensor to dense(tf.sparse softmax(softmaxable)),-1)

12410 ZER{ER

o — MMEPJE B R, EAE ] 58 4 E X 8] NS Sc A2 AR B R th 2R AT [ IR 3R 1S
“CERZALELT WA [ B, 1S R R ) BT S R e R IRATT R A A . (AR S IR —
PMESEFEED) o FATEL AR A DR RIUFEREITIE, 20BN RS RS
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AR . AR AT PLBTE AN IR [B] 4 i [ SRR, EER T IRAT B A R ) DADI AL 5K
A R

12411 &BMLE

B R R M 2 G R P B AL RS, L H AR RSB 2511 “Ha7R 7, 1X 2 17 M 25 14
e 2 20— MEbs. Bl R YT A T R AR TR EAE R 2L AEET “RRIK”
PR AR R4 % . RZEHE, XM OERCRIREF R, (B R BRI L. HAlTA T2 A
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