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CBOWR Y HL S 5ift A& MR B8 AN 18] 5 i ) 35 1) SR Tl 1% 3m], o m] BA
EWNAL K. B & AL & B E I Sof tmax K4 i H L AFAN 4]
X VA — AN . (BT B8+ LT E 35, I Sof tmax
THE BN, BER A DM A —Fh R A — R A& X X Hierarchical
Softmax (i JEA—HR = XH) KAt

see more please visit: https://homeofbook.com



1.2.3 Skip-Grami&i#l

Skip-Gramt& M [FFEE S ZZ: MINE. M EMHmEE. Bk
B 1-4Fr7R. Skip-Gram® B 1w () A% ANIA, 78 F1A
w (o) WIETHE S w (o) B E T Xw (t=2) « w (1) .
w (1)« ow (t+2) , MRS Ap (context (w) /w) o« HIREREL
N

E1-4 Skip-Gramiz A

AT T — TR BB SR 3 B Sk i p-Gramf A BAH , B %EE —
A) 1

the quick brown fox jumped over the lazy dog

LR, FATRIESkip-GramtBi B () ILA AR, H0X KB AR N —
ANHFPA CRIN, Rt MREEESE. B, A saX R —
YaEENE? JATE seXt — L #ia] DL e AT b SOA S N — A Hi s
o ATPLBMEMSHEF T 20E X “ B30, X R AR FIE A A

see more please visit: https://homeofbook.com



A AR E— AN B R SC, ERR/AN AT E I (Blwindow size=1) &
N, iR, GRS E T S & LA R R TS, e R —
AN (BT BRsmad) AmBdass, BERmRi-10R.

#1-1 @ Skip—Grami ik #) s 69| % 8 &

1.2.4 A fALSkip—Gramfs B sE 1 F2

A BRATT 8T B2 7 Skip—Gramf [ BE & 2244, £+ Skip-Gramill
e N L oA A N L (A) A TR e L T TR R EE T e
WREIR R4, HW AR 1M 1 fESkip-Gramf) BAKSZHUSFE, H
BT F 4 1 fiEword2vec LA S HAm I 258, UnBLMo. BERT.
ALBERTZ:, FFLL, AT EANN3Skip-GramfSeHE 2,  Inigise
HF S Se I BEAR . X TCBOWAE Y,  HSZHIALHI] 5 Skip-Gramfi A2k
L, RPAFER, BOLBAEE A DLE AT LK.

1. FRALIEIEREE
SR N TR R -

text = "natural language processing and machine learning is fun
and exciting"
corpus = [[word.lower () for word in text.split()]]

KRR 2 A1, L1043, Hiand KILPIK, 35459
AT . R D, X AR E SR, R R T 1E
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BEEEAT 4310, iR g5 Ran T .
["natural", "language", "processing", "and", "machine",

"learning", "is", "fun",
"and", "exciting"]

2. Skip—GramiR &Y ZE4[E]
i FHSkip—Gramfi 2y, & BEwindow-size=2, LLHAIrAEH T

ST, BIARRAE H AR A S A s 2 S A a2 A LAY G B 1 -5
7N o

E1-5 Skip—Grami: A 42 4 &

EE1-57, XHEIEREREFIINHIE, Hdins9, Mdin=10 Galfit
AN4EE) , =4 GZE N2*%window-size) o
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R AR MR R REL-5, A5 R E1-6 TR ITE R

E1-6 Skip—GramiZ A 4946 % &

S =
~
/E:u.\

A FIRIERE— bR K, BARMEE R T L. X EAME T
B, AfE R — & 3EAE i

E—Eik A, SOBHERER o FRNEHFR (look up table) o
2. 1. 17i N 43PyTorchiJEmbedding Layerhf, <=/ HEHRFTIIFHITH

N

3

3. HERHLAIRE ETNRIEIES

MRHEVE B ZE Fwindow—size, A Coia] 5 T B R SCRY B PR 4R,
W 1-TH 7~

see more please visit: https://homeofbook.com



E1-7 Skip—Gram#iE%E

-7 ILF 100 HdE, & Ry o], H AT e i
iy B R

4. HROIZGEHE

BT Zrword2vecti R, B/ 2L A A B fEiL . X RITE
A LA B g S A S o CETT TSR R HUTE RN T, BT R R 110X

Bl (R1EIH10) o BT DA Ao S L B SO . S8 1-
TR A B Oy RS Ja R DS R0 B 1-8 s I 258 25

B1-8 4K IEE

5. Skip—GramtREIgYIF [m)15 1%

see more please visit: https://homeofbook.com



EIRT~4D 5 il 1 H s O TRAC PR, $E N RO AR 1Y I R A%
&, AN Z PSRRI B

(1) RN =B 5R)Z

M JZ 2R, HERER R 2R A I = S EERE NN
M, WE1-9 7R,

B1-9 A2 (e E
X ERHEET g5 10 G BENLBTAG I -1 21 22 18] B 2L
(2) Btz 24 H =

MERLZ B4z, FL SRt R e R S AR R N AR,
SRR A HISof tmaxi#il R A RITINE, B 1-1057,

B1-10  Fe@UE 2k &
(3) THEHRE

P AE BN TS 5 sePRE ) 2, X B DLk BEEdR LR A5, Bl
oA Nnatural, ZRJEHET R Z A0 B, BDRGNAE, AT
MAE 5ehrl 2, BRgEE, Flnatural [ T (XBEH
A X)) ANlanguagefprocessing, EAIN N FIA LGS w_c=1,

w c=2, HAREERENEI-1107R.
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B1-11 FHEMEkA
6. Skip—GramtEHIfY iz [6)153%

PeA1E ) s 145 3% ek Bibackprop, HR¥E H FRia 1T 30 K (E £1,
S [A] 5E 5 M2

NI R S S o PR, X B B i I — N s Ak ) LA O
~APHEFIERE

B EE N, BT s b=u, WIFRIME A

(1) B Hbrph%L

(2) KHFBRERT  BIWTE
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Hrp o e BN SHEF R MR 5]

, A i, ¢ . =1L, B0, ¢ . =0,

, RN HIME S HSE IR
ITH SRR Al A B 112380

B1-12 BARHHXT Wik aRER
(3) HHHEREw” (BIR2)
HUFIRREE B BRTR TR
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X (L8 By I 1-13 & B 1-1437K

B1-13 A EeH 5B (—)

K1-14 2 2HTEE (=)

(4) RFT7 CAIM) 8w S5

)
+H

FIrLA

A (1.10) BiHESFE R HE1I-15/E1-168 7R~ .
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B1-16 h$itHeag (2)
S

BN E SRR T HE 117 E1-18FK R,
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H1-18 MEAHKZHLERX (=)
1.2.5 Hierarchical Softmaxftit

gih LHNE, BAIFEE WA, (HIXWAFEREY
KRR (R VASOR) » Fr CARE RS /R 2 FE R m I, JUHEZ
SRR o IEGNETH — BB, T2 CBOWEL A 1A & Skip-Gram
A, ANGREA (BiFEMini Batch) MRS HIE0H S0 W7 1)
BT VX Mo AT 8T, XM E AR E R . beah, e
zioftmax@;fﬁwﬂ“, THEEWR K. Ak, AT e i et

ZRE R EE R R ARG E 2 M E B, JCHREN 1Y
. [Kltword2vec i T PAMALAL 5% : Hierarchical SoftmaxAHl
Negative Sampling. —FHMWIH K S—E, BIERMNMNGHEART, AHE
SEATTEECE Y M, fea)ihid, A SRRSO B AR A
W XA, [, R FR VIR 1) 2 4% 5 5 2 K Sof tmax
B ERIY CGRAD IS, Bk BRI AL S 2 X Sof tmax
FIpeAl, T AMUUN A X fword2vec FIPLAL, -

I, word2vec I 2Rk 5 RORIEF, 1H] =&)L
WA RN, Xt Eword2vec fENLPAT I 4 ey 47 7Y S AL

Hierarchical SoftMax (LA FTEIFRHS) FA & Hword2vecH Jode
H I, T2 HYoshua BengiofE20054F fe 42 R AL T TH T TH &
FATE S A Sof tmax Y —Fp 77 o X B3 EA B U fEword2vec
WA FHHSHLA . HSHSE U HE T-Ia R &M (— M = X)) ik E &R
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MR AR —Fh R . WE-198T7R, RRMIBRTEREEZE
JridR T EER R, IS RN L T, HEEE AE
55 TR = OB AR A

K1-19 AKX EZMTFHR

Her, Byt R R P A ] GXEAVA)
O RN A AL B S S A L, HAR
2 ME—H)— SR MAR Y U R B84 . BATTH R Gy D Ros AR 5 3]
35 B LRSS R T 5L IR HAR AR s AR B
— A » HYEE S A

1.2.6 Negative Samplingfftft

YINEE— N2 X 2485 72 A S i NI RS T AN W R B4 28 JT R AR
H, TR S H AR T R TE . LB RR G — MR,
AEAR IR B2 —K . IR0 P8, vocabulary ) K/»
RS T Skip—Gram 28 (X 2% A B850 P 1 B AR KIASE, B I e AN B 75 B
B DA PG AEA SR I TR, AR IR H R, I
HAEEPRNGLFEF, HESIEEE.

Negative Sampling (HURAFE) gk 7X@, &0l LA s Il 2k
W E I NCE TS 2 B R T E. AT REAR T BN ZRRE A

HIFTA R E R Tk, GORFE R T SRR — IR 1 —/NER 23
BE, MEAR KRR LR T AR N A b i S A
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1.3 Item Embedding

& Word EmbeddingfENLPAR 22 GUSHUAS A EE 1R, ANTH67%
JEFEIX — RAEHE B H AR . Mword2vect BY Sl B B n] LA
H, EEEMM KRR, MRREARE NPl ik, HE
A P AL I 37 5 B % AR 1 A P IX A Embedding AR,

B1-20K 7 ¥ ANE A P A — e B A B8 (Ttem) R P
SIEE, WTUEH, YaBe s 5 s GER)D) F1IR%
LRI T, Rk, AAT14EWord EmbeddingiX Ff AR 5| A9 5 7 41
dr, HESRIERE . R TSR, IR 21155 Ttem Embedding.

K1-20 B F—2 iR R Ea4h %8Rs E R

WS T — S AR 55 1 98 T word2vec M T HEFE AU AT 18
OGERL 3 I o« WA ERBESH, TR R T
word2vec W FHYE ], (I MNLPYE B8 AR | 5. RAE
3 EEAT AR 0] DLAE B 20 R A5

1.3.1 TR RS 4 1tem Embedding
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Embedding & —FRIF B, EARRT BRIES LS, &
A] DA FH 2 AR 2 48, it 7 N s FE X Bl AR N F 2 HERE R 4
IR HF R R K RIE W L [ temZVec: Neural Item Embedding
for Collaborative Filtering® .

W, 1RSI T HWord Embedding i H R F7 7 5 1 AH
WUEHE AR, 01itemt Aword, FEFH 7 BIAT NI —N 4
G, N word2vec JSkip—-GramfiNegative Sampling (SGNS) HJHE
FEEER DR TR AL E (TtemBased CF) b, PA#pSLAI3E
MHAEABERIET R LT RR, WEME NI ] B e
RIP A ERN, WA HRBORS BRI

1.3.2 Airbnb#fFE RZF HItem Embedding

B4t S R I FE AR G, Adrbnb ) EEV 45 R TE 5 B
FALPS (listing) AHLLRYY 32 H A AL Z [a) Ry i — A g1
8, LAy b5 AR SS . XA G HAS 5 3 FE R
B IR P AL AL, AL, SSBEIAISE, AlrbnbZy A By B4R R HERE
Y. FriL, FEBIIXAERSIRGETHE TR A5 R o8 .

A4, Airbnbig iR TFIXANHEE SR FTERIWE? Airbnb KR
WX Real-time Personalization using Embeddings for Search
Ranking at Airbnb®| | BARMEREES . RSChHEH 1 pikhi@Es
EmbeddingZy A4 3k FH R HAGE A KA PGB 0 U772, RORIFH H P R
<1k (click session) FITES1TE (booking session) &4, U
EI1-21 K.
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E1-21  #| FSkip—Gramit & A mx 5 R Embedding T & B

WEIL-210778, 31X B S i IR 2 B Fr R &R, BIET
[ G IR 2 %60 fa T G = AR AR K s, m] DAFE — BB (8] Py 72 22k AR 1)
FHIRFNEER) T, TR EIEEER T, XN E
% ESword2vec ISR EHE M) IE FF BT A X A, BRI AT DL B 34 18
word2veclt) 51 GX B R HSkip-Gramfif) #4T7Embeddingi)l| 45,

WA ¥iListing EmbeddingflUser—type& Listing—type
Embedding, FFEmbeddingffiEHi AN RI7 5 T Mrankfi 8y, DUFRT
(R B

Airbnb¥ )l 5580 5 Embedd ing #H 45 G I 5L Bk 2251 AT LA 2 M
word2vec HAET AR A LYE . B4R, BB Sdeiine
J7 A SRR, GRS ) Embedding, SRIRECH o) k6 HAFH 5
A AR G5 SR . SE VRGN N A AR e S gk — 2 U B .
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1.4 FHEmbeddinghbF 45 S FRAF

gL 21 B AN B h — RS AT 0 AL, W IX SR IR BT
B AR R IE TR N L

7K (Categorical) FHEHHEFR NS BURFE, HEFRRMIE T 2
object, TIHLAS2A I HAYIE S H e AbBEEE EHE, P 2%
Categorical ZudiG % # il Numeric 4 »

Categorical FFILEL &M, FATH B EATN BARS SOFHEAT
FH L 45

(1) A (Ordinal) %A

H 7R ICategorical FE4E AR 45440, B LATT LR} %2
BB IAT T 7 8 BT HES Y, R oG F A AR A5 R AE (14 7T R
S (Small) . M (Middle) . L (Large) . XL (eXtra Large) ZEA[H]
R, BEATZ EAFIEXL LMW SHI RN K R

(2) HH# (Nominal) ZBERIsk T 7

ISR T R A R i E Categorical 2R A, IX SRAFAEE A &
BIRNZ Gy, g R e v fE{E A red. yellow. blue. black
& RATABERNominal 5B BE AT HEF .

A LA AN R 5 2285 0r d ina 1 3 RS MINomi na 1 8 R 4 e 45l 4
To X FNominal RARUHHE, A LAE A A b AT 564, (H 2B B)K
b, W—PMRERSEAETLE . JLTEEEZ AR, RX LKL 4
PR SIS, RREECR EOR Y ek, S b SR T BT SE )
Al FE BROB L, Toik T S X BBIRFAE A 2 25 R R U ik 238 351
I AfE S, A PR RRFAE, PTRERAEIERT. LIl BUM .
A2y, TR, ISI2UL. KAt KISE, XEEMERA 2o fits
P, dbRt. Bl BUMNZIEIREEE RGO, bS5 AL 2 T8l )RR i
LBz, ARG S R TR RN I R A A 1
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AR BEESNAAETGER? F, A T RENEM
Embedding /7% »

LA, MITENLAL G 2 B SR TE 5 A FE R 2 (8] e 41 T, fhe
X285 o R 2 ST N FH RT3 o« FEIR 2 ST R N I A,
Embedd i ngiX # — i B BUAR 5 AR i 8 1) == 1) 7 SN 257 TH A% St
FLER S > PRI 2% 1 S R A R ORAE R o ZF0R B AT 3228 N
H, HRIES A HFIWord Embedding L & B T2 S50 (1
Entity Embedding.

A ki, Embeddingii &l —MER4ER M E&FRR—ANFHY), "LL
e NAE. —EARAE (R B PEhESR) BRINE R AR AE
&, JEid2%>], Embeddinglr) & ] DL R AR 78 6 B RFAE A N 7E S5
S LA BE B ARSI B 1) oS S A A R B 3, BT 1-22 09
A

BH1-22 “TMAgerman_states _embedding
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A 1-220] 50, fEE A E T AR < 5 T AR G JRREAN . RIARAR N
Mt tbEcRel, HAS WA R, Xt Z&Enbeddingilit £ Ki%
R, MWEHE 2] B — e . BARAIS SE I i S A B
=N

Embedding 243 & MAEM I HE—Z, ErlLAIZE, Ll 3
X NAFIERINFER R A EmbeddingfI N 44 4584 n] 275 ] 1-23, FirLA

EmbeddingH By X #X NLearned Embedding. — /M%) 3]
Embedding, ] PAf HARBIRI B,

E1-23 “AEmbedding & 94 2% M 25 454 )

ME1-23F7~, AN DBERE Cinput 3, input 4) ¥k
Embedding/5, SiELEMNEHE (input 5) &3RE—#E, )5, &
BeEEE. )%+, Embedding A= AW 5 HT,

TEEMIAEAE is -2 M ES, Entity Embedding® ISR
If. BN, frKaggleseF® “ M AL 22 A0 PR 25 ) fl 7 B 3RAS 55 144 A
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WITRE, WA HEntity EmbeddingkAbBRAE R IR B 73 o s 1)
(Alexandre de Brébisson, 2015) . [AlFE, Til|Rossmann# )k 44
{ES RAT 3 WA R T ZAE R 1 ELRT A 7 SRR SR v [
B ETR L N, N ERR R E Entity Embedding. XA
Rossmann R 4t BLF5 8 1000/ 29 A8 &, 4075 1D (Guo &
Berkahn, 2016) . {E&ICELFREE I AEW XL Entity Fmbeddings of
Categorical Variables®', Ff{{FEntity EmbeddingH&ZiL4%5 >
SR M AT, SR K 120K .

%1-2 G BEF) SAhzR&aystb

7E: MAPERA5-F3 43t | bk £,

MFI-20] IE L, S HEntity Embedding, £ RNZ% AL
FLEANBAE T .
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1.5 Graph Embedding

HITE LA RAINE T HWord EmbeddingZE/H H (1 Ttem Embedding
5, IXEIE AR AR A A R AR E R R . S, w4
Wb HIRZ, HLEWIELRS TS, EidE YT i)s,
FREEH . WnE1-24F178, 72302 NATTAE H R X ol i W o D adte
X B 7 B gE ), e EyE (AR RS R, RS
) THE A, A AR A B A IR EE B e SRR ARRIE A%

B1-24 jeRiEAFIHEATE

Graph Embedding5Word Embedding—#f, HHIZHRMK4E. .
SEAE B R R s 25 R T 5. HETGraph EmbeddingEHEE R4t #
R T ESFYEAEE AT, JEHMEUE T IR AR SRR .
M4, Mz SEilGraph Embeddingle ?

Kl (Graph) Fox—F “ 48" WRAR, MFH| (Sequence) FIx
—Ffp “—4E” IR R, Kk, E¥iGraph#%# ~NGraph Embedding, —
W B B il ) — B B v Graph AR ASequence; PR )5 f — B A Bl A
AR IX ESequence#s # NEmbedding.

1.5.1 DeepWalk /7%

DeepWalk /7121 4 LABENLIFAE (RandomWalk) )5 TAE W 2% b i3k
A7 RCRFE, AERUT A, AR5 A8 F Skip-GramiB AL 7 41 3 45y
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Embedding. #HA, Ufa] MIKIZ& R AR 57 41 2 8 S8 FH RandomWalk 1]
77 AT SR RE . RandomWalk/& — ] 842 U5 0] 215 1n) 15 i VR B
PRSI P FE . SRR B ATV M e A, MWL E A BEALIE R —
N REAEAT =AU A, EE IR, BRIV 50 B 2 T

Bk AT

SREUEWEE R AU A5, [ Skip-GramfE B 147 7] & 2
>, RA&IREEAT A Enbedding, WE1-25F7 7,

K1-25 DeepWalk/Z¥E &K

DeepWalk /7 iE WAL 55 8 Se 2 E vl AL T 2B, FEMLIFE. BT
Skip-Gramfi B X B MEAR AT T4, R BN E F1Skip-
GramfJZH & ffiDeepWal kil NFELE B . HIK, DeepWalks2 R § FEM,
A AL A AN Sk i p—Gram A B )i R4 A& 5 20 HLF LI FRAT 4K
I BB /&, DeepWalks| N T IR 22 2] B HITEH

FSkip-Gram /7 yEX 4% A5 it AT 1%k 84, MRFPESkip—Gram
FRSZEL R, B B A E Y Context, ML &Neighborhood. 7EH
INE S A, Neighborhood & X4 HiWord & 5%, A SCHBENLFAE
15 32|GraphE & Network 111 S JNeighborhood.

1.5.2 LINEJVE

DeepWalk Hi@GHLm . T EE . E20154, FHLINFTFE
&AG T LINE (Large—scale Information Network Embedding, KAU{E
SN ) o LINERE IR e AR T AR S I BENURE BE1E 25 5 H
LHNode EmbeddingZREE M, [FIR 2 1 i /a 45 R W RCEA IR,
K 1267 o
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E1-26 xtiEFEI4E# (co—author) M 4697 MALE =

222 2 [ EmbeddingfF U, {8 t-SNERL, HgAE& WLl 3] —
AEAS[A] o TR IR EE P8 SR A0y “Hiz
W7, WO “Blase” , gooy “THEHE” .

MEI1-260] LA H -

L K2 # (Graph F, GF) B[RIK AT SOFAKR, BT
[F] — 4Tk A 1 3 AN TR AE — 2

2) DeepWalkFJRCREHS, (HR2VFE IR T AR A FF KR KA
FEL X, oA KER & R BT . 1K 52 R ODeepWal ki HI BEA L
FE R T IERY e R R0, BRI, 24 RSB
TH A RAR 22 e 3

3) LINE (2nd) PATHEAMALF, FFAERK T AE XM R (A
AL A i)

LINET¥ERT AN A R B e m B CL R AR E 4, Hae
B — . B RIRRIE S R N HARR L, &5 31
Node Embeddingf)43A5 5 NI . Fig

LT ARAE (first—order proximity) : FHF A B o it Tl 5,
B R ARAE, AR RALRIR A, 0 R Z A AR EHIEDL, Wik
A E R AP AN TS IARARLRE s 35 AFAEEIEIL, T ARARLEE 0.,
WEI-27078, 0 R6MTZ RfEEEHIEDL, HOBECR, WA W
ﬁ%ﬂlﬁﬁ*ﬁﬁugiﬁf%’ M5 A6 2 [ AAEAE B IED, D9 18] 1R A3 48
N0,

20T FHALLE (second-order proximity) : HWIE1-27f~, HEARTS
RSM6Z [BIANFAEEIED, B EATEIRZMEFERAELET A (1, 2,
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3, 4) , KU RIOAI6HZALRT, M0 1FAHBURE AR I AN B IR X M
KA, PrLLe HIBI2B A ACLRE R AR 1A

B1-27 43 .8 W 2 69—/~ A5 5
1.5.3 node2vec /i it

fEDeepWal KAILINEf At 2 b, HrdHAE KFEE20164E K40 1
node2vec. ZHEIFEAMEIRE T MM, o] DIEP & 2 83
1T AL

K 1-28 &7~ T node2vec 7 iE I P 2 Sk mE, Hrb, BFSFEIR) &
4G, DFSERNIREI S, node2vec T 4RI A X 4% 1) ] Jo 4 0 25 Aa) P A
HEdE R g2 ] DLl EOWH A RE ) o [R] BT P AR [R] 420 b AR P RE A2 ]
mm S A B B A — R SR, 5 R A R A L D)
BRI R R AL I A R A EE S R
o ZCEEM], RN SRR HERE R e 2 3B B RHIESR
15, HFnode2vecH X Fh R iGtE, DAL KIEAFFERIRE ), H&20]
PLEA [Fnode2vecd: i [FJ Embedding il & 4 A 5 BLIR 57 ST M 4%, LUER
B b AN [ R AIEAS B o
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B1-28 T & UAYBFSA=DFSH¥ & h wk

1.5.4 Graph EmbeddingfE il B iy H

- BNEEONBI, RERH T R A BN, A 129
Mo

B1-29 Xt B F o2& %) % 7B S0 G6raph Embedding =&

XA REEEENER, WHPXYE (Ttem) HY
iy FHPMEBIRR. SRS . i SWEASER. iz
PR S R Wi S PRI REE, i@ X 5 B4 A P 347
MEACHERE BAL e HE 7 RS R

K] B T AR IR AT T 2 I8V R e . —Bi11ion—scale Commodity
FEmbedding for E-commerce Recommendation in Alibaba, {ENVF-5]
AR K

e R Dy AT RS R 2 i B 1-29 o i U AN 25 3K
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1) ¥ H P AT 8 EdE, WSS H P AR TE N
o Blan, HPU2BHIRVIREE, B—IKREE TR INYWMBAE, 26—
KEHR T =MD, EFIF,

2) MM AT N EEE, LA (Ttem Graph) , AP
A, KR FPULEESE TP mAFIYI B, I DDA S B (B 27
A WARIBRIAA AL . MRS SR T 2 M R A R, A 1R
LRI RIS . FEXG P H 47 08 e 51 A i e i AR O T v ) 3
ZJ5, AR AR OR B SRR T

3) B BENLEAE T A AT R EE, EETSRIEY A
4) i FSkip-GramB B3t 1T RN .
E BARSEt G FE R, FERREE R AR JUANEAR A E,

o MY EYE (Scalability) M@, RECELAFAIRZ 0] LLIE/NIAR
B 2 AR I TAE R HERE v (B an$os e B P A
{HEATE Y S0 T R 54 LR .

o Mt (Sparsity) W@. BTHFAERT RS5/NESHY)
A H, REAE M P B A DB R, RIS
HERIHETA R, IR HRRON “Fhpitt” n) R,

e ¥WJA3) (Cold Start) I, fEiS, &/INNEISHEE TR
VI RE S bR . XY A AT N, BTRL, AL PRI SE) i Bk
TN A P E X e i A G MR ORI, IXBERR N RS

27 I

BEXFIX LB A, Fa] By 55 HIRA SR M 1 2k F-Graph Embeddingf5i%
K. BARTTRWR

1. Base Graph Embedding (BGE)

1§ FDeepWal K& K2 S LF B 1-29b N1 /i fEmbedding . i
BN B 1-29b ) RBITRE R, W ; AR AT R AR 1) 5 I .
%ﬁ%%ﬂ%ﬁﬁ@ﬁﬁiﬁi%ﬁ}?ﬂ, INJEAEIX LS 741 1247 Skip-
Gram® ik,

2. Graph Embedding with Side Information (GES)
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27 RN AIAME B (il ilcategory. brand. price?)
CLFEEWMRAEIIE . X4 (Ttem) , K152

item embedding. category embedding. brand embedding.

price embeddingZfEmbeddingfg 5, sAEXiXse s ER¥IME, HTFE
NIZYD L

3. Enhanced Graph Embedding with Side Information (EGES)

ZH GRS S item embeddingftf, <X ANENAME B HI
Embeddingf inAs F FIALE . A E @ A A1 2545 3] . EGESHTRAE K
ILEL1-30,

B1-30 GESA-EGESHY ¥ 4E 42
KT E1-30, F LT EWH,

1) SIFE/REIMER (Side Information) , i “ST 0”7 FKix
itemH & .

2) MIHFIE (Sparse Feature) AR MANEIME EHIIDEE,
BT m &
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3) W& #r N (Dense Embedding) =¥ ANAH N HIEAME B H]
Embeddingfz B,

4 a |, a oy, eoa SRRV AT SME S BJEmbedding
ER

5) BRGEZ &9 ik A E AH N RS ME B 5 S Embedding
6) Softmax K7 Iee HPIMCE R AR, PREIEFEAR.
HargedHirm AR “ THB” HASkip—Gram, HEeAbFEZRALF 711X

FE—4ERIR RN . DL, ZHPATTR ZAE e R Bk AT “RAE”
I, ) A AL o SR s B

1.5.5 HRKER) S &R G52

P AR EEE NG B9 N R G, v LA SR A% S
AL ML B B0 10 8, 18 ) LA 1R 2050 N L AOorE 5%
FITAE. HET, RN RME S R RS T R 2R
=F: AKIXF 2] (One-by—One Learning) . Bt&2%>] (Joint
Learning) PAMAZE 23] (Alternate Learning) o

1. RRFE ]
WRIREE 2R FAREE 2] T30 B S A AR B R ik 2 31 45 21 SR

FIEANSC R AR, KRR R4Em &I AR RS, A IFEH )
[FI A, WE1-31R.

B1-31 fRokF]
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PG 2p o) e e B AR B R IE 22 ) SR FEIER H ﬁ@ﬁ%é\,
i 525G (end—to—end) W HVEHATEES 2], WEI1I-32F175R.

A1-32 A3
3. XEBEF3]
AL S LR R R R PR R L 2 > AHERE SRR A 73 T 1E 3L

MFEMITS, 2545 (Multi-Task Learning) FIHEZEEATAS
B2, nBE1-33FR .

B1-33 %57
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1.6 Contextual Word Embedding

HITH AT 48 T Blword2vec it T HWord Embedding, IXFFRINTTikL
Ee B R R m IS B AR 2, RN B MY R T 465, 1677 DA Sk
BRI REME R, W “BHFE-Fo~B-&” ZMHELER. K
Hword2vec & HAMSRAUG L LT B ITEIREBR W& . HAE,
IXRRR IR VLRI TE R e A Bl ) 7 i, — AN BRLA] G B —A [] o K R
i, anRIER—iE 2 LEN, RN T .

g, Ff “SERBRZEIEAE LE (Apple stock is rising) ,
AEIXAER (T don’ t want this apple) ” MEIIIERH, WiiR
Fword2vec# Y SEIIRI RN, SETCIEX 0 IXANSER & Lo —id £
SCE IR AR T Y, WA R e — 18 2 LI A/, — B2 AAT]
AR H Fr

ARATEE SéContextual Word Embedding GEIEIAIHRA ) XS5
I, TH an el fE e —1a] 22 SR 1A L,

MR H#Eword2vec A IR R A FIHRE i, AT NI NERSEIRAN . TG
w b IR HE 4, ST AIa BHEFENRR. B,
WMREZE FRC, WAV SRR AR T, TN &8 FH 3
AN BTSRRI ROR D 7ok A3 . ELMo. GPT. GPT-2,
BERT. ENRIE. XLNet. ALBERTZ:E[JE T KB AERA T, Bk
KRIEH T ARSI MHRE, HHETIEAT REREZH,

1.6.1 ZFh Il Zrps RN Ik

RN TN 25 (Pre-Trained Model, PTM) #2454k,
PR A 222, vl A B SR BN SRR, WE
[ X BIAE T —MaliE A 2 B HEE L &AL

o N TRMIE RN (Non—contextual Word Embedding)
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OV 22 2R RN B B — R ORI IO AR (Uilword2vec) , Il
grse i, HERmRARE 2 7 (EbFERS) 1 H AR B — A
[ 5 R r) &, LTI 25 ) da] N R AT DA 3R R GR] R OE X, (H VR R R
—a| 2 XA, T —1a 2 AENLPH 2 dEH A . g oeiX A a) i,
MRS 7 B SCH R R .

o FFICHFXBAERA (Contextual Word Embedding)

DL 3] BT SCAR ORIl RN B TIN5 (ANELMo BERT. GPT.
XLNetZ5) & HATIIWE 7R E &, T HAEIR 28 EAE 7 Mk N i i 7K
(SOTA) , JER K FEAE T X R E R0 I ) 7 A Al Zrps 7Y
AR AT PAREENZS, &KX S Il R Y By A 2 5] 3]
Pz R CRIGEHRN ) b, A 27 S 1% L 3a] R N F AR TR B ) AT 27 31 1)
WEZSHE, Ft, XA iE % 2 RS R, Erl iR
R Eh AR HRFIGER R R LU, R BN
i, sinl BB G iES], fGPT-2. GPT-3.

IXULEN A PSR, AR IE S A AR, 71E “ )\l
WA EMIE” . ELMo. GPTRA H BIHIESHA (Autoregressive
Language Model, B {5 NAR IM) L., BERT{# FHERDiE =
(Mask Language Model, MIM) . XLNetXHHAFES A (Permuted
Language Model, PLM) .

FNORXX = A S AN R B, PRI S 25 A
KB

1. BEFESRE

H B H1E S AR R f il il 25 %€ SCACH) B 3CEk N 3T, 6 SR ik AT
. Ban, MR L SCP AT — A a] BEERBE R FLE, RIERATTH U
() E 1A A RS SRR SS, Bl Sad ok, AR TN SO i i ) A
?,%ﬁ%ﬂ%mw%ﬁﬁﬁﬁﬁgﬁﬂ,Eﬁ%@ﬁ(MEﬁﬁ)
1NNV
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:/H\:EFI: X<t:{X 12 X 99 °°% X t—l}’ Ty‘jiﬁ—ﬁ)\?ﬁ[‘la‘}&go
PR ERE CNARED N Prs:

:/H\:Eiji X)z-:{X t+12 X 490 7T X 7}7 Tﬁéfﬁﬁ]\}?ﬂ%{iﬁo

H [BE1E B R P P SUAR BG4, PR KO
PINER A B HME RS, I8 A H — M n—gramfBi . ARBIAA
ELMo. GPT. GPT-2%%,

2. MaskiE S8

Maskif: 5 A5 A8 i AE N7 71 HH BE LR el F — 50 70 B 3m], PR 58
T I A TR 1K L 7 88 il ot ) B T] o I 0 5 H9mtd (Denoising
Autoencoder) RAHALL,  FS HL A 148 el 4 ) B TR] 0 AH 24 T 76 S AU N (1

FIFiFIR 7

HAGUR R R PR

Hrbm (x) 43 2 7s METN F 51) Yo g R PR R VR 157 48 DL A
TR PIbFRFFEE . AR AIAEBERT. ERNIE. ALBERT.

3. HIESHE

ARAIE S EMERS T A BIHE SR Maskif SRR H
BURBRAN T PR
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Her, 7 mperm (1), BIFSXEEHLHES . ACRERY
XLNet,

1.6.2 ZRTIZRAERY ) K FE ik 2%

AT A R TV B A ST INLPH R 1 & G i T A FE
NNLM (2003) . Word Embedding (2013) . Seg2Seq (2014) .
Attention (2015) . Transformer (2017) . GPT (2018) .
BERT (2018) . XLNet (2019) . GPT-2 (2019) . GPT-3 (2020) %%,

T EE N SRR R R EUR e ks T F B 13417

E1-34 I GAER R &Rk 24

FAh BRI B R AE . IBCRFIE VA (EATE SRS
FENEURI-3R.

£1-3 B A GAL A G4 5
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1.6.3 AN ZRE R A ok

LA T BTN, X R S L S AR L, R
AL AL MR O IR RS Bk S Rt B A, B 1-35 7
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B1-35 3 2439 AL AL B 5] 49 5 20 BAR ok 7 ok
1.6.4 % Tt A

FNGHIIR 2, KREWARMGE, XATEAIN ) LR B T
SRR

1. ELMoTIIZ =S

20184E Y LB i, AllenNLPfMatthew E. PetersZE AfEIE

Deep Contextualized Word Representations (e X315 T NAACLEx
FER LX) P REY TEMo (Embedding from Language Model) i
WAL, MZFR LT PUEH, ELMooN T M A Thsic s, /8 715
M, ELMose i BT IESR AL A IR AN T A2 —, 2B g [RIH
TN GRARAY,  BLFEPANJHSL 1 B ) LSTMSZ B 1 B ) 5 5 A . ELMo )
FEARHELL R — N AUZHIBI-LSTM, &= 1E [ A1 [m) 1) 45 AT HF 4%
[F I A3 s B )z AR )y, AR — B 2 Z AN T — Mk 2
ghitt. Rk, ELMofEAJHR Eibse — AN pE 550, Hahmn & 1-
3617

B 1-36 ELMoAE Al 25 4

2. Transformer (&4}
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M-3R A1, AEIR 2 T Zrii B35 R F — P FR N Transformer
R TR ES, 2 B3] — R FRNN,  LSTM&E 7 vk AL BE 4 o) f, X
Lo VEAE AL B ARTE S AL . RS IR AR Y A B A — 2,
EHAFAE AR, WS IR AP W R, IXFh e 58 B i) 7 vk
E R EE R R BT B8 A MGG . FoIE] BARA N 22338 FH ONN G 1 36
T IX AP R BRI AT vk, HAURAME . MR 2 52818 5 AL BE .
EE A HEEEYE . R AT 55 ) AR 75 AR X = i vE R B A
T LW P EEESE, FrCL, War g peak A 1) /el o 5 20

Transformer it /& NAE AL A $E B A, H A7 E4R 22 4 1 4
BE CLZCEERNN. LSTM.

GoogleT20174E6 H fEarxiv LKA | — M IAEH LM i) v & —
Attention is all you need., %W X fHHSelf-Attention) G548 E
LSTM, ¥ T Z BifE 4t iEncoder—Decoder 7Y 1 47 45 £ CNNER 2 RNNFH)
AR, RO TR =R S AT AR B RN A S 1 G 14
R 1ZW S PE 201 THENLP AT ) 4 B B 43 14 3

Transformer & P K5t mi: “PATALERF 41 )@, FFSelf-
AttentionMLHilA R P BRI @, RN N B AR5 E A

4,
3. GPT. GPT-2FNGPT-3Fmi)l|Zr =R

GPT/&1EOpenAl [F1 PN 201846 H KR —F5 18 X Generative Pre—
Trainingt$EH ). M T Lkl LA HGPT & — AN A il X ) T )1 s
A, S5EIMoZfel, HE—NHEREFESHER, SELMoAFE K2, HF
HZ ZH I Transformer DecoderfE AFHIERIENES, Z Uit H MR
e, TransformerJ4F1EHHN B8 /) &2 58 T LSTMAY .

GPT-2. GPT-35GPTHAIMELE A KIFIX A, GPT-2FIGPT-318 R 1
FORRIRAY ., 20 H & & e . S VeE ) R4
5, R T LB ZAESBEIIGEE

4. BERT#&HY

BERTAR Y 2 HHGoogle AIffJJacob DevlinfUhffI&EHA1T-20184F
103 fFEarXiv E XK RH)— k54 NBERT: Pre—training of Deep
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Bidirectional Transformers for Language Understandingtf]ive X T

R

BERT & F-MLMAE Y, G b KB s . B R BY AN R AT & a4
SRR, ELIANBARE S PSS S 7L (SOTA) 458, It
TE AT 551 B8 T T A5 BB R ER T

1.6.5 Transformer )™ H

HEr Em il ga sy, KEPL201 TEA R H ) Transformer fi
RV RFEAE, FFCLEE A EH CRRHEFhEXER . AT AU, Transformer H
M I PSR BRI AR 7R 2 S ek, A FLE SANLPAIE, 1T deaE X
MG T R . SR

Fr[E g, HAlTransformer 46 #1 5 Ab B A I - 58 40 £ .
o 7 o AT BN P Transformer fEHELE 52 58 S A0 o A B 5 T Y
LRIV NAEE N

1. Transformer fEH#EF R G YN F
20 1 94F ] B 48 ZZHEFE I\ arXiv b kAT T 8 X Behavior

Sequence ITransformer for E-commerce Kecommendation in
Alibaba. SCHHEHBSTAAY, F|FHTransformer £ L HIE= /J
(Multi-Head Self-Attention) ALHFZFHLLST™, FHHEH AT AT IR
FFHUE R, BUS 7AER T RIRCE, HEIBST O &M & 78 E A g HE
BB, BERNEACTE B SR A R 55 . BSTIM 2% 4844 L& 1-37 .
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E1-37 BSTH % ZZH A

K1-38 2 FBST 5% 4t Uik I EL AL 45 R

B1-38 BSTH54F 47 x93tk

HAEl, eRCE A Transformer N SEHA B8 HESE R 4R
WDL (Wide and Deep Learning) AARH E HIHESE RGDIN (Deep
Interest Network for Click—Through Rate Prediction) .

2. Transformer ZE4R v QAL IR4TiT AY N FB
20204E12 7, LI RFBCEHNE T A fHLR = . B K% M
WG =R T — PN R1G A FE Transformer (Image Processing

Transformer, IPT) , i3 Transformer$i AN FH BI04 FE F, H
TR PR, L. EWEEEMWRALS, 45 R0 b0 AL B A
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AT T ERMAL MY (CNND) , I HZ TR E AT 5514 2L N B 17K
P (SOTA) o IPTHIMZEZBERIIN1-39F7 78

E1-39 [IPTALA 224 A

TPTHEAR LR HH DU A58 93 2H B% o

(1) 3k#f C(head)

R Z KA, RSk B = N BUR R 7 3 S B ME S
X4y 3 B A 57 M TR B R EURE, bl #RAk. %
e 1) 45

(2) TransformerZmfid s

AEASHF I A Trans former BHERT, K44 S ORFAE 4 B A 1,
AR LE— “word” .

(3) Transformerfifid s

; 59mtg e KA 1 IR 280 . B hg 23 )4 i /E N Transformer [
AN o

bl e 5 e as T Ik B s N BRI s A5 2.
(4) BH (tail)
5L SR, TR R e 2 B 2 B
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5, AN A H InageNe t B R HEAT TSR . 45 R EW], %
R B O 5 U 25 KR LB, BV £ B 25 13k BTk
FATTX IPT SR BE i 43 #5544 (Enhanced Deep Super—Resolution,
EDSR) fEA[FIZEEIIZRE EVEREHEAT T A EL, WE1-400R, il
GRREBURYUDIT, EDSREH AP OIGER: SR SR SE A AU, EDSR
REEBIAT, 1 IPTYY ] SR THI Kig kL 1 EDSR.

B 1-40 ONNA=|PTAE A 2 TR ) £ FEAAE b a9 5% rb &

[114 7 5B HMM, PLME 5, & ¥ B ALM.
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1.7 ¥ FHWord EmbeddingSZii A~ H 5l

AT I8 I — A S a0 AT s Word Embedding SEIH 3L H 34
2 X BAF FHGensimH Hword2ve v Y kA= iiWord Embedding.

1.7.1 B

fi HiWord EmbeddingJjikfe et y, LEIDIRUIT
D A CERE;

2) FEFXANPCGERE, ¥ iEword2vectiy, I 2452 % FIA
1] [ &

3) BN, AFES I A M ERRE R, T %
B, RN R A &

4) FHZERITTER, A A T4 R i o

1.7.2 FALFR A SCiERLE

A jiebasyial, EJEME ML, SCEURELR.

import jieba
import numpy as np

filePath="corpus.txt'
fileSegWordDonePath ='corpusSegDone 1.txt'

# ATEIH LR
def PrintListChinese(list):
for i in range(len(list)):
print (listl[i])
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# EBOC N B RIBIER
fileTrainRead = []
with open(filePath, 'r') as fileTrainRaw:
for line in fileTrainRaw: # FZATHRECCME
fileTrainRead.append (line)

# jiebaria 5 IRAFIEZIR H
fileTrainSeg=[]
for 1 in range(len(fileTrainRead)) :

fileTrainSeg.append ([’
'.jJoin(list(jieba.cut(fileTrainRead[i]
[9:-11],cut all=False)))])

if 1 % 10000 ==

print (i)

# ORAFE 53 1) 25 B S A
with open (fileSegWordDonePath, 'w',encoding='utf-8') as fW:
for 1 in range(len(fileTrainSeq)) :
fW.write(fileTrainSeqg[i] [0])
fW.write('\n'")

1.7.3 A piEm =

i Gensim word2vecFE A A ) &, SEIIAHS T .

mwwn

gensim word2vec3REUiA 7] &=

mmoawnw

import warnings

import logging

import os.path

import sys

import multiprocessing

import gensim

from gensim.models import Word2Vec

from gensim.models.word2vec import LineSentence

¥ AR

warnings.filterwarnings (action='ignore', category=UserWarning,
module="'gensim')
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if name == ' main ':
program = os.path.basename (sys.argv[0]) # BEHCHAETCAFRIE4
logger = logging.getlLogger (program)
logging.basicConfig(format="'% (asctime)s: % (levelname)s: %
(message)s',
level=logging.INFO)
logger.info ("running %$s" % ' '.Jjoin(sys.argv))

# inp NFINEERL, outpl NHIHFEM, outp2hvectortf Uiz

inp = 'corpusSegDone 1.txt'
out model = 'corpusSegDone 1.model'
out vector = 'corpusSegbone 1.vector'

# Zkskip-gramfEiy
model = Word2Vec (LineSentence (inp), size=50, window=5,
min count=5,
workers=multiprocessing.cpu count ())

# DRAFRER

model.save (out model)
# PRAFHE

model.wv.save word2vec format (out vector, binary=False)

1.7. 4 FE SRS A 1a] 5 6 oy ia] [m) =

SR AT TIAL R, FFFH Skip-GramW RO H L3 A6 m) &, S28
AW/ I

# KMword2vecid ZE T i B S Ha R] 1R BUOCAA] [ B R R

import warnings

warnings.filterwarnings (action='ignore', category=UserWarning,
module='gensim') # ZHBSEL

import sys, codecs

import pandas as pd

import numpy as np

import jieba

import jieba.posseg

import gensim

# IR [BIRFAEIH] ()
def getWordVecs (wordList, model) :
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name = []
vecs = []
for word in wordList:
word = word.replace('\n', '")
try:
if word in model: # FRAIHPAFLEZIANI M ERIR
#name.append (word.encode ('utf8'))
name.append (word)
vecs.append (model [word])
except KeyError:
continue
a = pd.DataFrame (name, columns=['word'])
b = pd.DataFrame (np.array(vecs, dtype='float'))
return pd.concat([a, b]l, axis=1)

# HEEPUACIEERAE: i, EAERE, ik
def dataPrepos (text, stopkey):
1 =1]
pos — [lnl’ anl’ lvl’ 'Vd',
() ]
seg = jieba.posseg.cut (text) # 471d
for i in seg:
if i.word not in 1 and i.word not in stopkey and i.flag
in pos: # XKHE +
FAEHE + ATk
# print i.word
1. append(i.word)
return 1

lvnl’ lll’ lal’ 'd'] # 'I—\—E'Xii

# AREHE SR 1% 5 1 1] 1] ] =
def buildAllWordsVecs (data, stopkey, model) :
idList, titlelList, abstractlList = data['id'], data['title'],
data['abstract']
for index in range(len(idList)):
id = idList[index]
title = titlelist[index]
abstract = abstractlList[index]
1 ti = dataPrepos(title, stopkey) # ACHFRM
1 ab = dataPrepos (abstract, stopkey) # ACHHHE
# 5tﬁlf%1i9%%¥ﬂﬁ’]ﬂﬁi
words = np.append(l ti, 1 ab) # PHEHATE
words = list (set (words)) # FHjuk ELE, 15BMRIECH A5
wordvecs = getWordVecs (words, model) # ZREUGYE A 18]
[ B RN
# RS NesvICF, BAME4004E

data vecs = pd.DataFrame (wordvecs)
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data vecs.to csv('wordvecs ' + str(id) + '.csv',
index=False)
print ("document ", id, " well done.")

def main () :
# SRS
dataFile = 'sample data.csv'
data = pd.read csv(dataFile)

# 5 AR

stopkey = [w.strip() for w in codecs.open ('stopWord.txt',
'r').readlines ()]

# 1] [ B A Y

inp = 'corpusSegDone 1l.vector'

model =

gensim.models.KeyedVectors.load word2vec format (inp,
binary=False)
buildAllWordsVecs (data, stopkey, model)
v

if name == main

main ()

1.7.5 ARG T ) S H 1]

K TR IS5 150 0k 348 O Bt 1] 1Y 1] 1) B EAT TR, S BLA RS 2
L

# KHWord2vecid] BT VA HUOOCEE 18] 1 — 3R HXUSC AN 1A] (7] B 3R 7

import warnings

warnings.filterwarnings (action='ignore', category=UserWarning,
module='gensim') # ZHBKEL

import sys, codecs

import pandas as pd

import numpy as np

import jieba

import jieba.posseg

import gensim

# IR [BIRFAE 1] (7] £
def getWordVecs (wordList, model) :
name = []
vecs = []
for word in wordList:
word = word.replace('\n', '")
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try:
if word in model: # FRAIHPAFLEZIANI M ERIR
#name.append (word.encode ('utf8'))
name.append (word)
vecs.append (model [word])
except KeyError:
continue
a = pd.DataFrame (name, columns=['word'])
b = pd.DataFrame (np.array(vecs, dtype='float'))
return pd.concat([a, b]l, axis=1)

# HAR TR o, EERE, R ML
def dataPrepos (text, stopkey):
1 = T1]
pos = ['n', 'nz', 'v', 'vd', 'vn', 'l', 'a', 'd'] # 'I—\—E'Xii
() ] 4
seg = jieba.posseg.cut (text) # 471d
for i in seg:
if i.word not in 1 and i.word not in stopkey and i.flag
in pos: # XKHE +
FAEHE + ATk
# print i.word
1.append (i.word)
return 1

# AR B R A 128 S Bt i) 1] [+ R
def buildAllWordsVecs (data, stopkey, model) :
idList, titlelList, abstractlList = data['id'],
data['title'], data['abstract']
for index in range(len(idList)):
id = idList[index]
title = titlelist[index]
abstract = abstractlList[index]
1 ti = dataPrepos(title, stopkey) # ACHFRM
1 ab = dataPrepos (abstract, stopkey) # Kb F 47 £
# B % OB 1] 1Y) 3] [ R
words = np.append(l ti, 1 ab) # PHEHATE
words = list (set (words)) # FUH TR FHEH, 15FMFIEICHE1E R
wordvecs = getWordVecs (words, model)  # FRHU5LE I8 1A] [ 17
[ B RN
# A ES ANesvXff, FEAME4004E
data vecs = pd.DataFrame (wordvecs)
data vecs.to csv('wordvecs ' + str(id) + '.csv',
index=False)
print ("document ", id, " well done.")
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def main{() :

# RS

dataFile = 'sample data.csv'

data = pd.read csv(dataFile)

# 1 HRE

stopkey = [w.strip() for w in codecs.open ('stopWord.txt',
'r').readlines ()]

# 1] [ B A Y

inp = 'corpusSegDone 1l.vector'

model =

gensim.models.KeyedVectors.load word2vec format (inp,
binary=False)
buildAllWordsVecs (data, stopkey, model)
if name == ' main
main ()

1.7.6 EHIBITHR

D BEIEMEET4N F S E R, SR
R I SO 3% =8 8 R LA B 10 P

system head -5 sample data.csv

['id,title, abstract’,

"1, KGR ALIXE A R B K T SO D B SR, AR B AT T — MUK G R LK )
(2 L B R R S P B T S, RIS B AR SR R L KRGV 8N T BOE (A I
R —E AN, By oo A — DR RS S, TS BOT BN T B0E M,
B e BRI, AL H ST A — AN I D R A REAE 5 B Bk A7 i 42 il
Aol 7 B PR L IE N P ) T IS PRI, 4 2 P 1) B o A ) 380 1| S s AR AT SR R
N, WU PR S KR AL R, A, R KWL AL S A SR AR s ] oA I )
T TESHOT R TRCE A AR BT B TR B A T A B, MR P
i, [R5 2 SRR ] ﬁ%%ﬁﬁ%&ﬁﬁE% R BN 0 4 B A SRl S A 1
#, BURTSEELE A H

'LMQEWEHmﬁwfﬁ@ G KL AR Dy N PR S A T A SR BEAE N BN A 4T
IR SR, PR it S ﬁﬁﬁ%AuxXﬁ CBTHHIMIRE, Pl — 301 2
8 55 ) — MR O ZHEE TR SR 4 500 107 o 354 5 R R ) FE T W A A T Al 9 = A
WG, DA LR AR A 3 G A2 WG N ) AR .

2) AR E R, AR AR
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! head -3 result/keys word2vec.csv

id, title, key B

1, KB F LIRS 2 F 2 DR T A 3 e 20 7 VR SRS, R T PR B0 e A 3 T P P 42 il Aok g
2, DU 2T TN 5E , Bt BRoo i 28 B AL Eh 449

MEERARTE, BORARE A
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1.8 /Ngh

AT F BN T KPR AT RSN, BV ERSTRA
(WWord Embedding) LA &I )L HILMEA IR (R Z Ml 2k
B 25, 84, il 3RE Embeddinglé? N —= BN,
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FoE
$REEmbedding ) 75 V5
E1ENE T & MEnbedding, XYEmbeddingfIN FHIER ) 2.
2, B FREGX 28 Embeddinge ? A 2K 48 =Fh i F B3R EL
Embeddingf 712 .

e f#HPyTorchfJEmbedding Layers
e ffifTensor Flow 2. 0HJEmbedding Layer.
o M ZRAE A SR B Embedding.
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2.1 f¥HPyTorchiJEmbedding Layer

PyTorch* - & Embedding Layer, 7] PAFETERAESS (UnCH45y
5. EMERRTE HEOITEE) BRI S 2 AR . BARSZEIP IR R EL
LU

1) HERERE;

2) BULHEERLE, R RRARRNTI, T IO &R
B BL%

3) MM, fEmbedding LayerfE AT —Z, JoWILEAHNT NH
BCEFERE (BIEHE)

4) WNZREAY, I ZRad R AR A W SE T A EE R R
XD YR ] DL S B B 2- s A2 I o

E2-1 @i34F 452 5] aa N — % F 5%

2.1.1 iEyEsg
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fdi FHEmbedding Layerﬁﬁﬁi%@Eﬂﬁ%%%ﬂﬂ—*ﬁ\ﬂiﬁi (Tensor) #5¥ky
A R AN B Embedding#% 2, HABEVER AT

torch.nn.Embedding (num_embeddings, embedding dim,
padding idx=None, max norm=None,

norm type=2.0, scale grad by freg=False, sparse=False,
_welght=None)

EmbeddingXf B E2-1H+H &R, H & B Dge &7 lh w7 4L Al
KRANHIAE R A o nn. EmbeddingBiEim & H T 17 g i i A I R 51k
Refl. BRI NRZRIIFNR, 10k H 2 AN RN o ﬁTﬁA
PR 5 i m] 5 A — AR B — BOCE A AR AR R R, NS4
HARSZI % .

SH A
B, BATR T I EEZRS LI

e num embeddings(int): i&EHEFZIH KN,

o embedding dim(int): i¢4\ AN PN

o padding idx(int, optional): #iER| MR HZFIER (40
RPN -

e max norm(float, optional): FEFIH—fLiEERAN, FENTHITEEL
ANFRMEME (i RRERMERTE) .

e norm type(float, optional): XJMNmax normiztIittHpyuEat 1)
p, BRNE N2,

==
TE

max_norm. norm_typei X ANSHEAATA T, IAB T Fkaiming
Faxavier #1455 H .

e scale grad by freq(boolean, optional): F¥iEid/MitE

(mini-batch) HEIAMIR A BIBORGE B EE, BRI NFalse (4N
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RIRALPITE) o R HE e 2 5 s 3RS Er Mt E
VA, T AR AN A

o sparse(bool, optional): WL ATrue, NEHEFEREM ICHIAARE
AR MK

1 PR

FIT 18 # BRLIK E A 48 R e A5 46 0 2 237 L AT4E F @ a9 E 42 %, vAdm
e P FHRE, AL, BP{Ei% Hsparse=True, RELEEH R LR £
#, BREAT:

1) 5#H4cE %, 4£ FlmomentumSGD. Adam3 # AL 5% B &, 4
momentum, F B A48 %15 A9EmbeddingiR R & & msh =, K iEHHR
2 #;

2) 1% Flweight_decay, BPiEN IR+ AR KAE,

2. TR

Embedding. weight Am %221 &4, HIEIKN (num_embeddings,
embedding dim) , FJIEHNIREIES A (V (0, 100 )

BNV : input (%), #PEEMLongTensor, —M% N [mini-
batch, nums of index].

B output (%, embedding dim), Ak E#y A (input)
IR

2.1.2 faj Fs A

AR RS 2H T Embedding Layer ] ik, 1% B — i 5
S SR NIVAR PR
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R 10 R, XN ZR 55059, I 104 B ia] ik £e6 A

RG], 2PN ER, MR AL, 2, 4, 5),

91,

(4? 37 27

1) & XEHRERIERIN10X3, BARAEIT,

import torch

import torch.nn as nn

embedding

nn.Embedding (

10,

3

)

2) AAEmbeddingWIERHAELE L.

embedding.weight

Parameter containing:

tensor ([[ 0.1207, -0
[ 0.7915, -0
[ 0.0260, -0
[ 1.6199, -1
[-1.3249, 2
[-0.1491, -0
[ 0.8756, -0
[ 2.5383, O
[ 0.1962, -0
[-1.7311, -1

L4225,
.2322,
.9882,
.5027,
.4104,
.5451,
.0814,
.1003,
.5397,
.514¢,

OO O rRPr PP ORrRE OO

.0385
.3281
.3983
L1276
. 7407
.3914
.9017
.2520
L1111
.3008

]
]
]
]
]
]
]
]
]
]

4
14
’
4
4
14
’
4
4
]

, requires grad=True)

MEERTTPLUEH, weightiX M ESE[FE L 22/ (K
requires grad=True) , HW LS.

3) & HN, BRI

input

torch.LongTensor ([[1,2,4,5],14,3,2,91])

4 ffa, EEAT AN E GRS RREANRG])D H i

A

embedding (input)

tensor ([[[ 0.7915, -0
[ 0.0260, -0
[-1.3249, 2
[-0.1491, -0
[[-1.3249, 2
[ 1.6199, -1

.2322,
.9882,
.4104,
.5451,

.4104,
.5027,

o

= o = O
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[ 0.0260, -0.9882, 1.3983],
[-1.7311, -1.5146, 0.3008]]], grad fn=
<EmbeddingBackward>)

2.1.3 #ItEtk

AU T FRAT 138 ik — A 187 B S T T Embedding Layer 48 FH 712,
4, Embedding Layerse WM WG AL E i FE (BIE4ER) e ? o]
DL I 7 A X N A R L S R

nn. Embedding Xt M IR FIYRAS a0 T -

import torch
from torch.nn.parameter import Parameter

from .module import Module
from .. import functional as F
from .. import init
class Embedding (Module) :
if weight is None:
self.weight =
Parameter (torch.Tensor (num embeddings, embedding dim))
self.reset parameters ()
else:
def reset parameters(self):
init.normal (self.weight)

MACHG R DUE Y, S frweight B R EAF 1 sz 51k
self. reset parameters(), TMEEf|HFVEN AR TG (init) Bk
Hiffnormal J53%, HB4, normal 772 QAT SZER R 2

" FHmnHF TR init. py XA, B LLUE Fnormal BREHIE X, H
IS

def normal (tensor, mean=0., std=l.):

# type: (Tensor, float, float) -> Tensor

r"""Fills the input Tensor with values drawn from the
normal
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distribution :math:  \mathcal{N} (\text{mean},
\text{std}"2) .
Args:
tensor: an n-dimensional “torch.Tensor’
mean: the mean of the normal distribution
std: the standard deviation of the normal distribution

mwwn

GELACHS, FRATAT CAHE Hwe i ght 48 FEWIUEALI5 B b v IE 24545
B Z 40715 0] LG A PyTorch B MY
(https://github. com/pytorch/pytorch/) .
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2.2 f#HTensorFlow 2. 0fJEmbedding Layer

PyTorch*F & XHal iR N XTI 25 2, [FIFETensorFlow & A
XTI Z . N HVEA 2B TensorFlow ™ iEmbedding LayerHf&#
H .

2.2.1 &R

TensorFlow 2. 0F"Embedding Layer i VE#& a1 .

tf.keras.layers.Embedding (

input dim, output dim, embeddings initializer='uniform',
embeddings regularizer=None, activity regularizer=None,
embeddings constraint=None, mask zero=False, input length=None,
**kwargs

)
D EESHGWIU R

e input dim, int>0. VLR KN, BIHAH Z/DANAMERIE, X
M PyTorchfnum embeddingsZ#{.

e output dim, int > 0. iH[EEFILERE, XFNPyTorchH)
embedding dimZ%{.

e embeddings initializer. Embeddings%E[% (RIEMFR) BIMHILG
Wik

e mask zero. WHEmask zero B NTrue, W/IETRE N0, ILI7EA]
ILRPFAGMEHZRTI0T

o input_length. MIAFHIMKSE, WRFEEZFlattenZHIERE
Densefz, XNSHEWIMERR, &N .

2) HANULBHUTR

WN—RoN2gEkE, PR N (batch_size, input length).
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3) HHUBHU R

i — O3 gEk &, HIEIR N (batch size, input length,
output dim) .

2.2.2 fa] FL5L4

NHFATRE — s, BARPRNT.
D & X—ER, AR

corpus=|
["The", "weather", "will", "be", "nice", "tomorrow"],
[IIHOW", "are"’ "you"’ "doing"’ "today"] ,
[VlHellO", "World", "!"]

2) FATEMFLR,

import tensorflow as tf

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Embedding
import numpy as np

3) Al — T

#IRBOE RIS A B, FRak g e
word set=set([i for item in corpus for i in item if 1i!="'!"'])
word dicts={}
$2ANLTFIE, ORI
J=1
for 1 in word set:
word dicts[i]=]
J=7+1

4) MZRGIRRER.

raw_inputs=[]
for i in range(len(corpus)):
raw_inputs.append([word dicts[]] for j in corpus([i] if
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jl=ring)

padded inputs =

tf.keras.preprocessing.sequence.pad sequences (raw_inputs,
padding="'post')

print (padded inputs)

5) MM,

model = Sequential ()

model.add (Embedding (20, 4, input length=6,mask zero=True))
model.compile ('rmsprop', 'mse')

output array = model.predict (padded inputs)

output array.shape

6) BHIBITS

output array[1]
array([[ 0.03433469, 0.0206447 , -0.03389787, -0.00570253
.00114531, 0.03147959, -0.02087148, -0.00851966
.01190972, -0.02093003, 0.02987151, -0.04057767
.01103591, -0.01805868, -0.00409973, 0.01246386
.02508983, 0.04906926, -0.02865715, -0.00525292
[ 0.03823281, 0.01339761, 0.01344738, -0.03699453
dtype=float32)

¥ 2 A8 H 7710 2 F TensorFlowE M
(https://www. tensorflow. org/tutorials/text/word embeddings)

14

14

14

4

O O O O

[
[_
[
[

[ T O T (S [ S W'

1,

o
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2.3 MII AR SR B Embedding

EHRIE S A, M@ IR A E s SR WX, UET
S AR R IR RGE A eSS . ARSI E A e ? Al
DR AIER S I 5, RRR RIS (R a R ANAE B (A, 24
JEAE IR BRI o 1 T A ] B S BR DR (e 158 FH T 2 10
T R A SR TR RE o

2.3.1 HaxuihH

AT 3T E YR AL IMDBREAT 1% B 0 M, AMCTTi 2 J17 75 2 e X 2 i 42
BEATTALEE, OB ERAN  1X BIRATR TR 22 I 7 ik $R
AR PERE, FRAE 201 440F e SO 4L i B T E SR IR AN B4R
ZHIR S A4 glove. 6B. zip, K/ N822MB, HLIHEI 474000004 £
1004 IR A 7] o FETNINZRITF IR RN S A SH— 2, FRRSS
ZJE, RGN R EHAT RN . GloVela ik NEUHREER) T Eitihl
HNhttps://nlp. stanford. edu/projects/glove/.

2.3.2 FEIMDBEHE£E

N IMDBE G R AAEA M . X BERN O FEIFMRFE T,
H M. /aclImdb.

import os

imdb dir = './aclImdb'
train dir = os.path.join(imdb dir, 'train')

labels = []
texts = []

for label type in ['neg', 'pos']:
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dir name = os.path.join(train dir, label type)
for fname in os.listdir (dir name) :
if fname[-4:] == '.txt':
f = open(os.path.join(dir name, fname))
texts.append(f.read())

f.close()

if label type == 'neg':
labels.append (0)

else:

labels.append (1)

2.3.3 AT 1A]

F|FTensorFlow 2. 032t Tokenizer B EHEAT /A #1E, W NFT

7N o

from tensorflow.keras.preprocessing.text import Tokenizer
from tensorflow.keras.preprocessing.sequence import
pad_sequences

import numpy as np

maxlen = 100 # SHEREAATL100MHIA]HIVFIL

training samples = 200 # fE200MEEA_EIIZ
validation samples = 10000 # Xf10000/MFFanidEAToIE
max_words = 10000 # RFEEEHEEEPHEFILKL10000 >HA

tokenizer = Tokenizer (num words=max words)
tokenizer.fit on texts(texts)

sequences = tokenizer.texts to sequences (texts)
word index = tokenizer.word index

print ('Found %s unique tokens.' % len(word index))
data = pad sequences (sequences, maxlen=maxlen)
labels = np.asarray(labels)

print ('Shape of data tensor:', data.shape)
print ('Shape of label tensor:', labels.shape)

# R BRI 23 I GREE AN e E AR
# ERITELEEE, PO ISR R 1
# SUHPFRLERT, (RIRPHRTER
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indices = np.arange (data.shape[0])
np.random.shuffle (indices)

data = data[indices]

labels = labels[indices]

x train = data[:training samples]

y train = labels[:training samples]
x val = data[training samples: training samples +
validation samples]
y val = labels[training samples: training samples +
validation samples]

BT R

Found 88582 unique tokens.
Shape of data tensor: (25000, 100)
Shape of label tensor: (25000,)

2.3.4 NEFETALEEGLoVelr] fr A

AT X GLoVe ik NIFEAT T I HR A 2H, 1 B AR a1 23 7t
REFRGLoVeld RN

1) Xfglove. 6B. 100d. txtHFEATMENT, K2 — H BR1a] B B Sy H ]
ERANHKIZRS . glove. 6BEUIEELLEL, FHRSFE LN H . XHE
TATE N EIFAE T A H S,

glove dir = './glove.6B/'

embeddings index = {}
f = open(os.path.join(glove dir, 'glove.6B.100d.txt'))
for line in f:

values = line.split ()
word = values[0]
coefs = np.asarray(values[l:], dtype='float32'")
embeddings index[word] = coefs
f.close ()
print ('Found %s word vectors.' % len(embeddings index))

2) \R TR
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for key,value in embeddings index.items() :
print (key, value)
print (value.shape)
break

BATAIRINR

the [-0.038194 -0.24487 0.72812 -0.39961 0.083172
0.043953 -0.39141

0.3344 -0.57545 0.087459 0.28787 -0.06731 0.30906
-0.26384
-0.13231 -0.20757 0.33395 -0.33848 -0.31743 -0.48336
0.1464
-0.37304 0.34577 0.052041 0.4494¢ -0.46971 0.02628
-0.54155
-0.15518 -0.14107 -0.039722 0.28277 0.14393 0.23464
-0.31021
0.086173 0.20397 0.52624 0.17164 -0.082378 -0.71787
-0.41531
0.20335 -0.12763 0.41367 0.55187 0.57908 -0.33477
-0.36559
-0.54857 -0.062892 0.26584 0.30205 0.99775 -0.80481
-3.0243
0.01254 -0.36942 2.2167 0.72201 -0.24978 0.92136
0.034514
0.46745 1.1079 -0.19358 -0.074575 0.23353

-0.052062 -0.22044
0.057162 -0.15806 -0.30798 -0.41625 0.37972 0.15006

-0.53212

-0.2055 -1.2526 0.071624 0.70565 0.49744 -0.42063
0.26148

-1.538 -0.30223 -0.073438 -0.28312 0.37104 -0.25217
0.016215

-0.017099 -0.38984 0.87424 -0.72569 -0.51058 -0.52028
-0.1459

0.8278 0.27062 ]

(100,)

3) ffembeddings indexZHLH Al FME—NEME, HIRA
10000X 100, *FHiaZE 5| (word index) HHZE|JyifIB8EFit, %5
[ (embedding matrix) FJJGE1iHL & IX AN BTA]F M A a2 (HL4E &
Nembedding dim, BEF100) .

embedding dim = 100

embedding matrix = np.zeros((max words, embedding dim))
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for word, i in word index.items() :

embedding vector = embeddings index.get (word)

if i < max words:
if embedding vector is not None:

# TERAZRT| (embedding index) FRAFIATIE, FHiRAFEAHEAN

embedding matrix[i] = embedding vector

2.3.5 gAY

K HKerasH] 7% (Sequential) MJEEFET, ACALUNT .

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Embedding, Flatten, Dense
model = Sequential ()
model.add (Embedding (max words, embedding dim,
input length=maxlen))
model .add (Flatten())
model.add (Dense (32, activation='relu'))
model.add (Dense (1, activation='sigmoid'))
model . summary ()
.
BATE R
Model: "sequential”
fgyer (type) Output Shape Param #
embedding (Embedding) (None, 100, 100) 1000000
flatten (Flatten) (None, 10000) 0
dense (Dense) (None, 32) 320032
agnse_l (Dense) (None, 1) 33
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Total params: 1,320,065
Trainable params: 1,320,065
Non-trainable params: O

LERERI R NEGloVelr ik N\, FHi%k%5Embedding Layer.

model.layers[0] .set weights ([embedding matrix])
model.layers[0].trainable = False

2.3.6 VIR

Al

XH, JATBE MR AN N32, AN, AT

model.compile (optimizer="'rmsprop',
loss='binary crossentropy',

metrics=['acc'])
history = model.fit(x train, y train,
epochs=10,

batch size=32,
validation data=(x val, y val))
model.save weights ('pre trained glove model.h5')

2.3.7 wAJRAL I ZRgh

BEAT AL ZR, P EERIEERNERE (ace) , AEUIT:

import matplotlib.pyplot as plt
gmatplotlib inline

acc = history.history['acc']

val acc = history.history(['val acc']
loss = history.history['loss']

val loss = history.history['val loss']

epochs = range(l, len(acc) + 1)
plt.plot (epochs, acc, 'bo', label='Training acc')
plt.plot (epochs, val acc, 'b', label='Validation acc')

plt.title('Training and validation accuracy')
plt.legend()
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BATE R A E 22

E2-2 STAALI 44

ME2-2a] UE Y, UIZRAERA R 5 AR ER R A ZBOR, AN
%’;ﬁiﬂ% TRUSHIZREEE, (BISUEERRIARI60% /A 4, W RCRIEA

H o

2.3.8  AVEEFTON LRI BR AR TE D

an AT ZRi R, MIIGRIEFE A s
1) PAEFEAE N ZREm IR o6, BARARSan T

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Embedding, Flatten, Dense

model = Sequential ()

model.add (Embedding (max words, embedding dim,

input length=maxlen))

model.add (Flatten()) #WATUEH Nmodel.add (GlobalMaxPoollD())
model.add (Dense (32, activation='relu'))
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model .add (Dense (1, activation='sigmoid'"))
model . summary ()

model.compile (optimizer="rmsprop',
loss="binary crossentropy',

metrics=['acc'])
history = model.fit (x train, y train,
epochs=10,

batch size=32,
validation data=(x val, y val))

2) HEAT AL 25

acc = history.history['acc']

val acc = history.history['val acc']
loss = history.history['loss']

val loss = history.history['val loss']

epochs = range(l, len(acc) + 1)
plt.plot (epochs, acc, 'bo', label='Training acc')
plt.plot (epochs, val acc, 'b', label='Validation acc')

plt.title('Training and validation accuracy')
plt.legend()

BATSEE R WPEE2-3T7R8
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BEl2-3 AL B F0 ZR i N A T DL

H B2-3RT %0, AN FH T A R ) 6 AR R R R 50% 2 A - 45
A LSl BT LUE A8 BN ZRia i N R R A T ok
PRI, X EIER S I JIFTAE . R ImERATN B
ELMo. BERT. GPT-24%, MIEANTTIHRUEESE T —Fh i)l Zrir A,
G E T PES Y RILD Ay N NG 2 N e g R e A
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2.4 INGE

F|FHTensorFlow. PyTorch T H$2fti) ik N/= (BEmbedding
Layer) A LAMR 77 {4 iEmbedding, %2 —MAENEEAMLE ) —
2o ] LI T ZRp B i) 7 v 3R BRI , 17 1A H T AR
B S A AR . TR — A B IERHE, R
KRB, 1R 2 & B AL S Ph i) e B i) 4, HARfE
HTERBAE N —ENH.
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3=
THRA UL BE A 2R

EFkK, BEERFEE A MNP RE, TH AN s
BT RERAH A R o R I N TRBER — 00, JTHE S
RO B R AN AR S A A B a9 A 1 T S L AN £ 24 4
N HIBEE T E6 . ERZEDL T, FENALE VA QoA TH &
NG EEA S, ENRRB . Biskil. &R, B3t
%gﬁ%@%T#%ﬁ%%&%,ﬁﬁ&ﬁﬁaﬁﬁklﬁ¢%¥ﬁ
K

IR S SIAE TR LA 0 AL BE 5 TRV B ) EOR Rt , BIREEZ S H
HIEIENITIEZEYIMIR, B ML, kIaEREFEE. IENL T
L IR RS, HPIRZ ik A SN, B anfd H 2 MR .
FIFIER AT IS HITERESE, AEHRME S PSR 7)™
ZNH. APEEETNN A Transformerf) 2 HiFE 77 (Multi-
Self-Attention) HtCAEZFHHIISAR A FIGR] 7T 32 N A .

AT EAFEI R N A
o GIRMHILE LS
o AT SR 715

o FREUTRI ZRAR Y (1) J7 12,
o ff FHPyTorchsZH E 372 5241
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3.1 GRhE: p 2%

FEG A N 2% |2 2 ()RR 45 7 2, W SRR EE IE B0
%, HEANGEmAEdE, BaLSsHEE B — R T
EL il 2k — 5K 1000 X 100014 = K &, SN B0 &
1000X 1000, LS Ram 2 2100, F54 5N = 3R g 2 18] (14 B 46
FESEAZ1000000 X 100! an S BNk =, AT R Ia4EH#k, A4
AIAET A, Aibwntt, R EEE T REE 5 SEERE .

Kit, NSEAROAEE . . S, BRE S RS
B, AT R . G ZEAAMWES T, NTA TR T — 53807
R L HE . KGR 2g, PR Lt 2 AR . 3ok
HA TR BRI, (LA TS AR

3. 1.1 HBARIMZE ) — NEZE R

LR 2E (Convolutional Neural Network, CNN) f&—7FhgE]
TR N 4%, B FRAE19864FBPRIVEHHEH « 1989F-LeCun¥y Hiz 3| £
ER g R, {HE F)19984FLeCundit i LeNet—5HE 7, il o £ (1) 4fk
A TR . fEH PR TaEmImt[a) B, GG AR 28 I 2% o) AH D it
T—HOTRS, BREEWAD: —RHR N AR R L E S MK
HEATBPUNZRIS T B8O, DL AT FLRE ) 52 4 AN mT BE sk
W —RBFESVMAE N IR ENLES 2= I FE T th % #2 L A

20064, Hinton—MEfE N, £ (BlF) b RFL NReducing the
Dimensionality of Data with Neural Networksi) X 2, CNNFE
e, HEEKEKRE. 20124, CNNfEImageNet K3E F4 7. 20144F,
B R 20 Z VG RY . [F]4F, DeepFace. Deep DAY 2 HH,
HEELEWEFE FE L A=A A AE ) IE #2352 = 21099, 75%,
T PN STl G

LI N2 H— AN G E A T 4 S O N 28 8
IR Hik, [FBERERBOAE AL E (Pooling Layer)
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Fo HHABIRIZ S ) BERIAHEL, SRR 2 I 2% BE s 12 IR ATE A
Tt e WA A R o IX BB ] DU e [ A% 38 SRt 47 U1 5.
FHEEEARTIREE . AUBieh e g, SR 2 p 2% n] U B D I 2 805015
M PERE . B3 182 — Al A AR X 2% 2244

BH3-1 AN 2Z2RE&TFER

W3-, ZRWEFEERMEMXERE, WERE. b
Wz, SEREARLE, AN EAMZE, mENE. @S
JR5F . 4% PRI S Z RIS TR SE AT TEH U

B3-152 FH A B ] F i) A 22 I 48 0 T 5 g ARl 2R 47 0 2R
HZe R, BERE R EERER MR, kil
PR SE SCXAS BRI S, IR 5 225 FB o 15 SOR SR

3.1.2 N IE )k 7

HA A E SEPR 2 T INE IR Z, ERENEIREREMNZ 0. R
& B ARz e e A A I Zd JEds (Vertical Filter) . /KF
N2 )RS (Horizontal Filter) . SobelidjE%#§ (Sobel Filter)
&, IXELTT VRS RE A I MG R H A Z . KPP g, R A A0
%ﬁﬂ%%oTﬁﬁﬁﬁﬁ*%@%ﬁﬁﬁ%ﬁ%ﬁﬁ%%ﬂ%ﬁ

1. EEASRN

P HID GO JEARE3 X3 GEE, TiEd— Bt
B> R ERR 1AM 3G, 55251080, AT AN R s
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P E L%, WE3-2FR.

B 3-2 itk R xtE A% a4
2. IKFh M

KPS A A3 X 3FERE,  RF A (E M2 26 AT NS5 31T,
$524780, AT A A R BE AKCTia %, anEI3-3H

F3-3 & B AR A L a9 A

DL_b P it 8 23 %5 BEIG /K San R N - 3 B R 0 7 250 2R 1l
K347
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B3-4 g B EBEKFLLARN, £ BN G 6 RE

E TS AR A i A LR B, AEVREESE TR, L UEARER 1
TR BN % KL%, I E AL SR .

T, AT R BV Y 3o AT b i 2 R 24 o A
FERE, BB TG R AT AR A, BT, fEVRIE )
R E B R I B BB R 5 th i g
SR, H1a 9B T X B AT R (R

3.1.3  JINIRM S B

TR W 28 R i A B3GR D S H s, 3 KEZ Y (Receptive
Field, 58 uitiinAR40 B A /=S 8] X )

B2 B R fe IR N & — E 5 WRFEE] (Feature Map) I

PME 25 SRS N B R B 1 X3RN . @A sl RS2 T S A
R AR NN E ERX I, E3-5F~ .
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B3-5 MM Ey KELH &R

HES-5f IR, @) INEREZE, — MRHMETRRTPIME R
Bk E, —AS3EM T xl. 2. x3. x4, HHEE,

BeAh, IR kB R R I T . 1K 2 KOS R Y 245
INT BT R A “ARZRE” RILJT, @I AR B S, Wl
LAR I IR 2 TN 2

ANFESEEEG RHME—A—FER, ERE, RN ERE
A, WE3-6T7R.

B3-6 AFE&ILN R &4 4E

MBEI3-6RT LAE Y, A 1= PR AL Bl fg 5, S — S5 (D
WGFFIE. AT, SR RRFEE R, 2B R ML RAR.
RAFEIA TSGR R TP, B8 2 2368 5¢ ot R
3% JZ R LS ORI R
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FEELMo TN R i th A7 AE SR 0L, InIEI3-THR, BEE)ZEL
FIgn, KRR AR IR,

E3-7 ELMo#E Al

3.1.4 WRZEER

WL 2 BN 1, ARYE SR BEAIRI, WU S Y DUR FE VH Ak
PRFEE I, B, A % 4 R0 R B S ECAR ELBU)S, IRAqE
2 ETRJE KR LT REST RS, IR U IR BE Y . X TR )Z
MERUL, REIR)R, PR JLFRE 1o

FEMRIRIXIS IR R, B 1 R S & I as R 8k, e — A EE
B, BMEARZEERE. B3-SRk dE i~ .
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K3-8 KEEETE

WE3-8fas, EF R —AS8EIN LT — AME%ET,
dA/dx=d (f+x) /dx=1+df/dx. WEEHEFEREI S/ AR, #E
SR BERS A RO S A ARG, X RFRZE R 0 B AR,
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3.2 A IZrAR A

APBEITEANAE TIRZ BIRE S PR A FOI 247, GiELMo-
BERT. GPT. XLNet. ALBERTZ, XYLl Zai i alit+ REFREE . IF
FE R 28 A5, ZEGPUBRTPU & K A Y 2545 5. [ [ SRTE = AbFHAT
WP, AR 2 A0 5 S Pl e 2, i T R A 4R
ImageNetil|ZxFJAlexNet. VGGZR . ResNet 241, InceptionZFIFAY
S XIXLLTYI e, A DL EBE R AR N M S RIALE, e AT
HEFATES b, XA 2 “iEf2e” .

3.2.1 ¥R

MONIER 2 2] 7 IERSS o) fe— ML 2 2 Ui, R HOR U, Bie
EAESS AT R R RIa6 i, BT I AEAES5BA, InE3-9fs.
tban, AESFARTLE R B A A 2R a0, AESSB Al L2 IR R4 BF

BNV EE

K3-9 #EHFITER

M, SEATHEUR “¥— k=" “MEHZE" £—E
B, BN “55—7 N sk, IEREIHHBELE )
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E)? ﬂ;u “%@” o

FERLER A2, TERS S Sl LEN LA REAE SRR O = 31 A RN
MR RH AT, 288 B HAAS F{E AT AR 55 DL DR BT A 1) L

EHAARITE2], 7] LB AN XSRS H R 55 4 Z Fp )l 2R
A, IR R T 20 H S

LETHHENIA AT S H H ME S AT S, K Bl 2R B R A
TR R S A — R O, B T SR Se R, AR T L
ﬁgégﬁ@ﬁﬁﬁ%ﬁoﬁﬁ%%ﬁ%%ﬁﬁ%%ﬁ%ﬁ@ﬁ%ﬁ
LSS

IS 52 2] B R OISR A, A anqmT Y 4 B0 SRS T g 2

3.2.2 I TIZRA AL 1) 72

PRS2 2 A A BN SR, 75 56 225 18 H AR AL i B3 &
H b Bt 5 IR A BRSO . — O BORYE A S 5 T 2R 2 O 2
SRR FEAIUE, RAAFRRAEETE, WE3-10/7R.

F3-10 ARIEHRAESR K5 RAEAL L 1L 25 T A A
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EI3-10F 41, R AR X T 2R 2 1 5 R R BERFE e B, 16
%ﬁ%ﬁ§%¢,@Wﬁﬁ%%ﬁ@ﬁ%ﬁ%%ﬁo%Tﬁﬁ%ﬁﬁ&
AT U

1. BuRsE/, BIEHEUES

X PP L LR AR, A] DU I ZR AR 2 (R ARl HL S R A A
HARMGE: EERHE, RFRFN A P4 2 E — A E RIRAIE
R, NP SRS T . RS RWE-11r, R RE
TS, AR OR R “UREE” RIW] . AR 7%, A X
FRORFAERIER, O TRN R TRY a] DR Dy B AR B RFIE SR S o

B3-11 AEMANFERAGH)EBTER
2. BIREKXR, BIEHENWES

FERXFMEOL N, KDY H b8l 5 B0 SR R 1)1 SR8 2 18] v 2
L, HCRH BN AR AR 75k, IGRGH —PMBORK
Bese, RMGATGCHERR /D EBIRZ, Brdsss, RREN
ﬁﬁﬁ@%%i%%%%%%%*ﬁﬁﬁ%ﬁﬁ,ﬂ%ﬁ@ﬁﬁm@
3-12P7 .
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N

F3-12 REMINEEAK S ETER
3. BIESEN, WEHENESS

FERXFMEDL T, AT ARG TSR i i D g 2% J=, SRR
BRI M2s, Bl Rds. ROVEIEIMLEA R, =Rk
FIE RE ARG AR Rt MR AE S /M A 2, Al R 45 T
SRR rp — BER IR N 28 SR AT 5D, FARAE B FE A B3 - 13

G
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K3-13 AEMINFER P L WL ETER
4. BIEEKX, BIEHEUELRS

EIXMIE T, BAE — MR R EdESE, B DA N 2% 1)1 25
RS L RE R IR, B~ B EdE S g8 8 frl 2r 80 ds
AR R ZE S, R ZER A R —FE 20 7 BRIt
) 7 VI8 52 ¥ Ti A PR AR v A B 4 R W1 IR A0 5 15 21 Bods 4 1Y S A
FEFITHEINZG, BEAARSEIE RN E3-14F17R
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K314 EHINGEANMNFERTER

CL_E S o BN R B i — O3, BARERAERS, TEES R 22
WREMITE, WIa, WNEFTIEFEE Mm%,
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3.3 FRECTI sy

BT T e BN GREEA,  BER ORA = Fhak BRI AR
MR, BRI .

1. MPyTorch3¥E&3KEX

PyTorchi] . Efltorchvision & model sFitl, ZAEHe LR
FE 5 S S R LR N 2% 25 0 DL R ISR AR A Can iRk $, FE
pretrained=True) , flffAlexNet. VGGZHR 4. ResNet &4,
Inception £ ¥)& ., A, torchvisionf . FPyTorch, 7=E FHAM%
%%, ffHpipEicondazedZRIA]:

pip install torchvision #B{conda install torchvision
2. MTensorFlowE &3k EY
MTensorFlowt- & ZR TR AR 1) )7 158 P

1) tensorflow. keras. application N & T IR Z il Zr By,
resnet. vggl6. resnetZE;

2) TensorFlowHubM %5 C(https://tfhub. dev/google/) LW AHIR
ZWONGAR, B FEREE T EHAT TG

TensorFlowHub ) H )& A 1 S i & E)Il gkl H&ad 78 3 30k
IR, T 15 28 B 1 I R TR RN B TR . I S T R e A A
B, A DAVEESEE, Ml LU TiERe22>] (Transfer Learning) . X
MANHKH KU, TensorFlowHubsi2dEH A m XA, i 'Er PAPLESE
G IXFE R A s RIS mEA, mMAHEC:
IREUX L TG, 498, DA AN CEIREUE IR AR AN TLSE )

IR TensorFlowHub M us ANGE VG 0],  A] #6424 3 [E N 531%

(https://hub. tensorflow. google. cn/) &%, AN E L FE 3
AN FH (https://tf.wiki/zh hans/appendix/tfhub. html) .
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3. MhuggingFace—-transformers3 & FxEX

huggingFace—transformersZENLPTRII| ZpAE AU 72, FEGitHub A
3138000 Star, T HiPyTorch 1+ATensorFlow 2. 0fxAs, HwJPLLE
PyTorch/TensorFlow 2. OfEZE Y [A]f m i AR, 202048 H ,
Hugging Faceflk457 &4 | Transformer 3. 0ffeAs, 2| HREI NI, ZR
AR T 1005015 F ARA, BHEBERT. GPT. GPT-2,
Transformer—XL. XLNet, XIM. ALBERT. T5. ReformerZ£20Z Fh¥iiil|
B s, R, 5K, mYERE, R TFAIIA Z®&EE. B
Bk Nhttps://github. com/huggingface/transformers.

A BCHT FINLP TR SRR A, SREUHAL .
https://github. com/huggingface/transformers #quick—tours

see more please visit: https://homeofbook.com



3.4 ¥ FHPyTorchSZIE 48 1E 4% S5

AT —ME Py Torch LB B TR B2, 35 Bh K SR Xt
AH ISR A FRARE

3.4.1 FFEFREESLA

FERFAESR I, ] DULAE TS Y ZR0 1 W0 28 254 Jm A ol i — A4
Ty FL R 7 2R, SRR RAIRAE S5 _E USRI ZRIF N A D o — > B ARAE
S IFFIE SR ILAS , R SRR B8N 70 2RA8 S B AT B2 >, i
WIZRES 1) P 28 Z BB IR &

FE 5SS BT 55 AU RFAE SR U3 Y AR IRAE 55 R 22 S B 28, 1
AHEFA A A S8 KT WPy TorchSKBLAR S, RAEAT G

B

I T FRAT T FH AN S48 AR 15 B G e 38 e AR AR SR A v AT
B, X BT GEAE Fretnet ISMN 4%, YERAZRIETFR75% /445
PLUF & B AR S BT 2

1. FAER
S PASICE- IO R

import torch

from torch import nn

import torch.nn.functional as F

import torchvision

import torchvision.transforms as transforms
from torchvision import models

from torchvision.datasets import ImageFolder
from datetime import datetime

2. INEEIE
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YN EHE &N EE AL, Wk B download=False. A&l 2k
E%@ﬁ, X N — e miAb B I RE, B EARUELL . o B A AT R Y

=

trans train = transforms.Compose (
[transforms.RandomResizedCrop (224),
transforms.RandomHorizontalFlip (),
transforms.ToTensor (),
transforms.Normalize (mean=[0.485, 0.456, 0.406],
std=[0.229, 0.224, 0.225])1])

trans valid = transforms.Compose (
[transforms.Resize (250),

transforms.CenterCrop (224),

transforms.ToTensor (),

transforms.Normalize (mean=[0.485, 0.456, 0.406],

std=[0.229, 0.224, 0.225])1])

$FIR R Linuxh 5, rootM{ES Nroot=""./data"', HAhALE

trainset = torchvision.datasets.CIFAR1O0 (root="'.\data',

train=True,

download=False, transform=trans train)

trainloader = torch.utils.data.DatalLoader (trainset,

batch size=64,

shuffle=True, num workers=2)

testset = torchvision.datasets.CIFAR1O0 (root='.\data',
train=False,

download=False, transform=trans valid)

testloader = torch.utils.data.Dataloader (testset,
batch size=64,

shuffle=False, num workers=2)

classes = ('plane', 'car', 'bird', 'cat',
'deer', 'dog', 'frog', 'horse', 'ship', 'truck'")

3. THFIZRE

X B B NI G, ZE N2 30 Nresnet18, H &
2 1F ImageNet KEFREE LRI T, ZBFREF 1000125,

# AE TR

net = models.resnetl8 (pretrained=True)

4. HRERBSY
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REXESH, BAE AR, A5

for param in net.parameters() :
param.requires grad = False

5. &M & fa— =Ry L 2B
JE R 512X 1000, BLAEFRATFE S o512 X 10, #HrEdase

10725 o
# ORI E ) AR R R 26
device = torch.device("cuda:1" if torch.cuda.is available()

else "cpu")
net.fc = nn.Linear (512, 10)

6. ERREHRNSHIFTNR
P 0 MRS B R4 R S 5 O
# BERSHMINGS

total params = sum(p.numel () for p in net.parameters())
print ("FEESEANE: ()} . format (total params))

total trainable params = sum(p.numel () for p in
net.parameters () if p.requires grad)

print (' FIMNESHAE: {}' . format (total trainable params))
BATH R

JFRSEA$ 11181642
FINEZE A 5130

HOSATEI R AT/, WRAERES, HFREHNS BT L, R
Ja, RFGEEFraER R ARSI,

7. EMINKERB AT
FE SRR R AL AR A AR 2 T Frss

criterion = nn.CrossEntropyLoss ()

#t AR EN G —EZ

optimizer = torch.optim.SGD (net.fc.parameters (), lr=le-3,
weight decay=le-3, momentum=0.9)

see more please visit: https://homeofbook.com



8. MZRIIEIREY

IR R B0 e AR AL AR T T s

rain(net, trainloader, testloader, 20, optimizer, criterion)

BTSSR OR10MEARIEER)

Epoch 10. Train Loss: 1.115400, Train Acc: 0.610414, Vvalid
Loss: 0.731936, Valid

Acc: 0.748905, Time 00:03:22
Epoch 11. Train Loss: 1.109147, Train Acc: 0.613551, Vvalid
Loss: 0.727403, Valid

Acc: 0.750896, Time 00:03:22
Epoch 12. Train Loss: 1.111586, Train Acc: 0.609235, Valid
Loss: 0.720950, Valid

Acc: 0.753583, Time 00:03:21
Epoch 13. Train Loss: 1.109667, Train Acc: 0.611333, Valid
Loss: 0.723195, Vvalid

Acc: 0.751692, Time 00:03:22
Epoch 14. Train Loss: 1.106804, Train Acc: 0.614990, Vvalid
Loss: 0.719385, Vvalid

Acc: 0.749005, Time 00:03:21
Epoch 15. Train Loss: 1.101916, Train Acc: 0.614970, Vvalid
Loss: 0.716220, Valid

Acc: 0.754080, Time 00:03:22
Epoch 16. Train Loss: 1.098685, Train Acc: 0.614650, Valid
Loss: 0.723971, Valid

Acc: 0.749005, Time 00:03:20
Epoch 17. Train Loss: 1.103964, Train Acc: 0.615010, Vvalid
Loss: 0.708623, Valid

Acc: 0.758161, Time 00:03:21
Epoch 18. Train Loss: 1.107073, Train Acc: 0.609815, Vvalid
Loss: 0.730036, Valid

Acc: 0.746716, Time 00:03:20
Epoch 19. Train Loss: 1.102967, Train Acc: 0.616568, Valid
Loss: 0.713578, Valid

Acc: 0.752687, Time 00:03:22

MR AT DU th, BT SGA B TON o AT, BT AT L
ORHOSETY, (EEROBEAE, T EFRA I T P R M 1 35 i
ST 2
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3.4.2 TlisEp

PO Fe VHE B Se I SR T 28 S HORSE 2] BARAESS, FrbL, i
ZRIN] 8] 2 LURFAE O 54, (EASRE S iy A I K B0 R R AR il
IZR R4 LRI R BENLRIAG AL )R, IEANFISE I RN X 25 22400
%g%%,@%@%ﬁ¢%%ﬁ$u%mﬁ%W%ﬁ%§ﬁﬁiﬁﬁ
AR

HHOTEREERENZH, AR - SEIRARENSH. X
FERT IR RS B R, ] gt e SR x4, JeH &
£ HARME ST B EAE RIGHE, ZIASIRA R Sbr b, flol
ZLT R, KON e RENEXTIE AR R W T Gk X 28 2 40t 471
e, AL B INE S A S

1. BiEFAALIE

X ES ISR BRI 1 LR R g 9%, R A sy ek
PR AR SE T8 MABE SR RS U A — R, A FER

trans train = transforms.Compose (
[transforms.RandomResizedCrop (size=256, scale=(0.8, 1.0)),
transforms.RandomRotation (degrees=15),
transforms.ColorJitter (),
transforms.RandomResizedCrop (224),
transforms.RandomHorizontalFlip (),
transforms.ToTensor (),
transforms.Normalize (mean=[0.485, 0.456, 0.406],
std=[0.229, 0.224, 0.225])1])

2. IREFNGARE
TN TN ZRAAL, XS
B B

net = models.resnetl8 (pretrained=True)
print (net)

i3 B G S M B — W4
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(1) : BasicBlock(
(convl): Conv2d(512, 512, kernel size=(3, 3), stride=(1,
1), padding=(1, 1),
bias=False)
(bnl) : BatchNorm2d (512, eps=1e-05, momentum=0.1,
affine=True, track running
stats=True)
(relu) : RelLU(inplace)
(conv2): Conv2d(512, 512, kernel size=(3, 3), stride=(1,
1), padding=(1, 1),
bias=False)
(bn2): BatchNorm2d (512, eps=1le-05, momentum=0.1,
affine=True, track running
stats=True)
)
)
(avgpool) : AdaptiveAvgPool2d (output size=(1, 1))
(fc) : Linear (in_ features=512, out features=1000, bias=True)

3. 2o mkeR
Bl n i)z, EISHE R 1000250810,
# ORI I AE R R R 28
device = torch.device("cuda:0" if torch.cuda.is available()
else "cpu")
net.fc = nn.Linear (512, 10)

#net = torch.nn.DataParallel (net)
net.to (device)

4. RIFRKR RPN

I SRR, — e — MR — RS2 20, iRk
BRI RN, ROREZE — 8, X RAEE I R N e-3,

criterion = nn.CrossEntropyLoss ()
optimizer = torch.optim.SGD (net.parameters (), lr=le-3,
weight decay=le-3,momentum=0.9)

5. WK IGUERE
WZR M ARUERT, ARSI T

train(net, trainloader, testloader, 20, optimizer, criterion)
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BATHR (ERERD -

Epoch 10. Train Loss: 0.443117, Train Acc: 0.845249, Valid
Loss: 0.177874, Valid

Acc: 0.938495, Time 00:09:15
Epoch 11. Train Loss: 0.431862, Train Acc: 0.850324, Valid
Loss: 0.160684, Valid

Acc: 0.946158, Time 00:09:13
Epoch 12. Train Loss: 0.421316, Train Acc: 0.852841, Valid
Loss: 0.158540, Valid

Acc: 0.946756, Time 00:09:13
Epoch 13. Train Loss: 0.410301, Train Acc: 0.857757, Valid
Loss: 0.157539, Valid

Acc: 0.947950, Time 00:09:12
Epoch 15. Train Loss: 0.407030, Train Acc: 0.858975, Valid
Loss: 0.153207, Valid

Acc: 0.949343, Time 00:09:20
Epoch 16. Train Loss: 0.400168, Train Acc: 0.860234, Valid
Loss: 0.147240, Valid

Acc: 0.949542, Time 00:09:17
Epoch 17. Train Loss: 0.382259, Train Acc: 0.867168, Valid
Loss: 0.150277, Valid

Acc: 0.947552, Time 00:09:15
Epoch 18. Train Loss: 0.378578, Train Acc: 0.869046, Valid
Loss: 0.144924, Vvalid

Acc: 0.951334, Time 00:09:10

A5k R 11 220075 3 PR ek T B K {68 PR RFAE SR U7 S IS 1], 52
Bl — MG TR EI PP A, (HIRUEAERG R FiL95%, DA [R]5¢ RiX
HREIR200K, WG INE A REL,  Nizid Al DB IS UEHER 2R F R T
JUANE D R
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3.5 /hgE

BRI S A BeE T AL e AL BE rp S EoR R T, B AR E
R RTTERSCR, WERMEms, 260 %. Z22M4%. 1ENL
Jiiks IR TTIRGE. IXETTIERR R e kRIS, e BRI
PEe 3% M ARK A HIRE AT S — D EETT IR T2,
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AT
SUA B B Ak 2

F SRR T A R RN A %, RSB
JARIE B, RO LIRS, AT LUR B RO fr B
B AL EEAKINEFE . (ESKbRAE SA0EE SRS S
i, g —BOrR . RO S R A, AR KR
FERA R, FARAEIIAG AR, FL7E b FLCRE 1 SR
W, BBERAI AR A 7. RONEEREE RS, R
5 55 I 6 H MR B M 1S

XTI, TSGR M % (Recurrent Neural
Network, RNN) %t JCHEFFACHE, RNNAGBIE 5 AbFRFF SIMAR, &
WO R, LR RT (A = B S
FrRRTE . HLESBIPE S UG A2 T

R SRR R W P R TR ), B

o TEINPILETLALE Y
o gt —LERFIREI
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4.1 TEA M8 B FA L5 1)

Bl4- 1R e WX 25 R e B A5 4, AN Al DUR SIS IR fif 22 f 2%
WA Rz s, Rt 2 o%, XEELGE LD, ke
WE DB, XM ER)— KA. XA BB TEUEE fE 2
M TCZ [HIEH KR, XRAGMEME. SR ITERAa .

B4-1  JEIRAY L2 A 25 09 45 4

4.1. 1 BRUETEIA 4 R 25

ESCHEA-URoR T — DRI RIE A eh e M 25 54 . Horh N
JZ= BIFeEZ BB RS, PR R e = b — IR BIMEAF eI A\ B AL
HIFE, sAIRES, VRERSEUZ 2% = A E AR (EE4-1 R
%, LT RIT R EA-2BTREE M, TR
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B4-2 JEIRAY 2 R 209 JE T 4EH)
Kl4-2/& — PN P E I manfE AL 25, T 1S 18] 5 SO0 N

I U VERRANARR, mBERM 2 L KL pE A L —#F, wl LA
TISHSLE, FR KK ESHE.

XF El4-2 7 RS = 4k Sl , ) DLAS B 4-3 o 45 14 K .

B4-3 (EFAYZ RS R E R 2R A E

XA AL % B AH R 28 254, R N oy ndE ) &, [l
JEMHE TN BN m, FiBERME TSN s W ORR/IN A X
B E—kWa  ER— AR NI RCE RS, RN mX ot 7
R B R AR, KN AmX M. Tix . a Mo HBR
A, B AR R

. x JEIZ AN
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o a JEMZMBRERE. BRMBHLIRE. a FETAT—mZ)
IR Z RS TG/ 2N AT, Wla =F (Ux AWa
D o PREABE RAELMER, WTanhsiF Rells a . NHT—/ M}
ZI) EEiECR A, HATUBA0IE B 0,

o o JENZ M. B, WABNA TR, ekt —
MAVCR PR E, o ~Softmax (Va ) ;

a JNAREMEHICIZIRES, a 0T D3R 1T BT A 20 2 1S
o Htho MITHREAAKH T I %1 eh)iC12 .

-2k G — A, RS R, SRR b
i, ST T ORI, BRI R CUCHER S (M, T
AT, SRR, (E5 b WA AR B L
26 BKHORS AR R ATBUEIRAS WL AR 6 P LA 35— A B —

A5

el

4.1.2 IRFETEIAFPL N 25

a2 N 28 TR G AR P 2% —FF,  BRAT AR R da R (G
TR DB AR, B ATIN R0 R 2 SR P A e o 4, i 443
TNo

B4-4 REBITAYEF L%
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4.1.3 LSTMPM £ &t #4]

BRI 28 R 2% 36 T R B FE B DS 1 L, LR RS — &
(CAZII8E, (HHIEF IR K, ERNNE R [ (L3RI, 2% RN ) 25
HEATREFE S, EIZIERNNAIBPTT (Back Propagation Through
Time, BHIIIEIR AR vk Gnd, W5 SahRE ko EE. X
(B, RNNARE AR AN, R BT . XA il 0t 47 2
8 W 25 S LA R A IS 0 B S R L AN o S 2

H B s AT B — Mg 5 R K IR g2 M 2% (Long Short-Term
Memory, LSTM) , &4 JUFh3ETLSTMAIAE A&, UWIGRU (Gated
Recurrent Unit, [J#EEEAEIL) HIESE. B RIBATEAALBLSTMH]
B IRBE 2

LSTMi - HHHochreiter&Schmidhuber (1997) 3EH, REWsH 2R
PUE BRI, B e bh B VE BB E. L b, LSTMR W THat 2
F T g B o) R ) . SAR S RNNAR B, B RS T T 1R A 45
¥, AP TTRES IR S NS . — M 2itsl] (Forget
Gate) , RE L —WZIMHEICREe  HZPVHRERYINZc
A—NEHANTT (Input Gate) , REXLATHZIMERHAY A% /D
RAFEIRIOIRES e o LSTMAHKIHETT (Output Gate) KIFH IR
A2 /D BILSTMR S arf i AE A . LSTMAITEMAZE # an 45
71N o
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B4-5 LSTMZEH A

NI, E4-5Frn 2 B A 5 S Mt &, *& "Hadamard
Product (RIXFNAITTEAHNE) » HAL NN,

4.1.4 GRUM L LEH#

A IRATIAE T RNNFISGHERRLSTM, B8 2 SL IR T A& SERNN [ — e
AN, HEF R TREEEE e . KIS . ANk, LSTMIA
SR, MRS, (HEERERS. Fik, AMTFELSTME A
G T HARAR R, B TR RAT FIGRU. anEl4-6/7x, GRULL
LSTMb—ANTT, I, TFERCRE G, 5 H AR, (EAEs
SrAdi R, GRUFILSTMA:RE 22 5 A K, {HGRULLLSTMf| # . [Rltk, GRU#
ARG R T -

E4-6 GRUM 224244

GRUM S T A R -
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VE: NEBIERIR RS Ua2EHEON D
GRUZELSTMA LAt 1 PN K ek sl

o R ATT BUETT Rt 12PN BT (Update Gate)
z JEE[] (Reset Gate) r o
o ITIRAS S A IR A

4.1.5  SJAPEIAPRLE R 2%

TEIAP 28 2 425 NI R AL B, BRI, AT 38 FH ARG A X 245
SRACHE B IRVE 5 7 ) . NI — M AOAG 34 W 2 i REA T wip
3, BBAMH N UER, RERXFECNCEIMEE R K. 1R UE
SR = A AR, R EA TS T, (BT
o A BE A T BN O, AR JE AR, AR B SR ST

A AWM. M LR SCE B R IX R UEAE, MWL ST B K,
e RS, AL (EERD KEBSRGE i,

HApE R EE L+ R B RATT R AT RE

NI A4 2 X 2 7l A B A R AR AR B, B O 4 I dn P47
Fiose BB ADVIER 51, IXFELSTMASE R TR n] LAAI ] _E3C
g, MERALRANN TS, XL TMARE R gl a] LRI T~
MAE S, AEPALSTMERL ()5 384T & 5, il Al AAS B3R 1) A
i, IR Al X 5 A R 2% 1) — > SR S 451
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B4-7 W ELSTME B9 T8 B 32

see more please visit: https://homeofbook.com



4.2 Foid SRR R AR Y

TR 2 2808 & ST I PP P AR SS, tE ARG S0, 1EF IR
S o T TR 2% n] AR T e SE5R KRR, fiEncoder—
Decoer (gwfdas—ftdas) B, Seq2Seqii%E ., 1EEHARSZINES, W
AR AR 25 18 0 (s R B AR I 2%, AIRNN, LSTM. GRU%E, 446l
%@ﬂﬁ@ﬁﬁ%%ﬂ?qﬁém%, SCE S RIPE. ORI M RA S
Thieé.

4.2.1 Encoder-Decoderfz!

Encoder-Decoderti & —Fh 2 W 25 v tHAE X,  H 28 #7s = E an
Fl4-8FT7R . BT NPER 4. dmid s AR ES . 1 5% H2mis 2R 4L
PEgmt AIRAS, 1ZIRESIEE AR E, ARG, PRIRSILIBA AL Lk
H

E4-8 Encoder-Decoder A2 2 #)~ & &

X E4-8i3t— 20 alitk, 1ERi AT ET, T BB IREIE A H b8 %
BONERIR N . X HRE S O 8, BEBFHARKELES
FIRTERER R R, dmiE e FEAD 28 — MOE BRI N &%, Bk ] ik
FERNN. LSTM. GRU%ZE, mILA—)=, Al )=, HARWE4-9f77R,
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B4-9 4841k 89Encoder—Decoder £ / 42 44

NH A=A R R AE S B s O8], N4 AR, R o3
ANELE, e Encoder—Decoder B 28 fg AN B 4-10 7 o

B4-10 A T1&3 #01%49Encoder-Decoder A2 42 4
X — M f)Encoder—-Decoder®i Y . 1% U n] EE AR IX MR AU WG 2
A PAUXFEEMELE: WNAERE, EEHE—1F (BURE) ARk
FAN—NA)F (BURE) BE AR, X AN R) 4 <,
v, AT ERESG EBWAAT X, @ idEncoder-Decoder ik
AR BT AR A DG R —RE S, T UMM ARIRIE S .
117 XA V73 501) EH 25 1) B3] 7 271 ) Rl

= (x |y x990 X 37X ) (11. 1)

E(y s v vy ) (1L2)
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Encoder, P44 8 St /e AN &) 7 Xt AT sy, 3@ JRLe 1 AE i
R N A1 Fe AL 9 RITE SCR IR G

C:f<X 1? X 99 X 3"'X [I]> (11.3)

X FDecoder ki, HATS ERYEA]F I EE R R 2 i &
ZEMBITISEERY 1 v o ¥ o3y o RA BN ZIE A B B

jo
.Vj:g(C; N4 12 _V29 _VS'"_V 1‘_1> (114)

WKIRERK Y 5 IBAEKRE RN ZREREMANA) T YR T B
¥rA)T V. Encoder—Decoder & N AEH i H 1T HEAMELE, TMEncoderfl
Decoder HARAE AT AR i IRATTH O € . % WA CNN, RNN,
BiRNN. GRU. LSTM. Deep LSTMZ:, 1 HAMLASIER £,

Encoder-Decodert B (N I AR ") iz,  FLanx) T-HlLas# Pk
P, <X, DR NAFRTEFWA) T, KPR RIEA)T, TN
B SRR T ORI ESR UL, MR —ROCE, DU X M
FE X TXENLEE ARUL, U —a)1E, Bl xailds A

IR .

XAMEZA — AR AL WU AR B &) 7 i RN R B T )E
b tHE R, RIERZ G Blhngn - LRSI, B 7 By, 1%
Rt rl BL, AR TMK—%, ARNATHARMAE . Ba,
LA FRE X AR S e 2

v o=g (G y ) (11.6)
V=g (G ¥y 1y Vo) (11.7)
FRBRIE MR N, BEARIAEHAECE, WiRsZAE C h i — Lok,

SIN—MER WL LA RO RE A . S FIER I 2 WA K
FESO TR U .
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4.2.2 Seq2SeqftH Y

fESeq2Seq AL GE Y 2 |, R EEMHZ B AL FBR > 855 1 BBz
WG 7 AR RORICR o Sy N AN 38 5 A8 ] LR s D [ A FE A 1]
B, mRE-MEPGREAENEL, EEETEANT 57254
7o (HEVFZ SEPMES T, GlanhLasEie. 1HE A BaxEsE,
RKaBEIE, HAREIFAREE. By Reax 4 R, AL
ﬁ&%&%%&%%%%%%ﬁﬁ,ﬁﬁimﬁﬁ¢,%@%@@Eﬁ
B

Seq2Segti B /& FLT-Encoder—Decoder = 2B A= il Y, Ho g N\ AN %
#Aaral, WE4A-11FR .

E4-11 Seq2Seqte !

Seq2Seq MNRpfe BAA T, HE 2N T i e 500 B 1,
] AR NSeq2Seqtit iy
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4.3 INgE

REANE T JUFMEA LI LS, FENLPAIE AAT2E 5 A R 24
X 2% #2) i Encoder—Decoder i B R 58 s AL A B PE . AMLATIE. H 3
2. BT HRMEES . HizENE - MERIA &, Bl{fEEncoders
DecoderZ [8] R —/N M & C, TiBEncoderiEr) 2K, #5 K geidd A
=LA Decoder, XEAESSFEUE BRI EL,

NERIX— T, NI TER NS Ba, HaiEE
P ? FEE LG TSR RV ERE R ? N EAR VRN U
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HFOEE
E=walINil

TSI (Attention Mechanism, AM) fEVRE > Hnlig k&
W, JCHZIELE, MEEAAMES O, EEIHE. it
SEAUE T2 M, AR SEREK W EERIE. WSeq2Seq | AJFEE /7
Hlii]. Transformerfd B HiE & JIMLd] (Self-Attention
Mechanism) , {F15yEE JIHLH|ITEFELENLP . HEAE R G55 07 H N A
HUAS 18T 0%

ARENAPE R —, WRFERETEIREAM, RITNZA
N GNER IS, AR .

VER JINLH

T = JINLE] ) Encoder—Decoderfsi Y
n] Mt Transformer

{di FHPyTorchsZHl Transformer
Transformer—XL

i FHPyTorchfy & Transformer—XL
Reformer
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5. 1 VER ML ML

ER IR T X ARSI T, TERE 72— M ANSRA m] Bl
?Eﬁ%ﬂ%%,%Aﬂ%ﬁ%&—%@%%ﬁﬁ@%ﬁm%%%ﬁ
EHEST o

ERIVGITENRE B ZH, JJANTE KB AR, EE
HBAEFHE RN, SRR R B R i 5 B2
ore HEIRIERRIY, e PR AER IR Ry, 1R XX
DRNEZER IR, USRIBCE 2 fr i ZLO0E R H AR AT (5 12,
g HABTEHE

X NSRH AT BR A7 = 70 SR K B A S rh DR i a2 th v i E
SREMTFBL 2 NRERIEA R ) — R AL . NSRS
BRI g T AL AE B A B R RR e

RIS > N A 1 SRABGE T AL LR, AT 1 H
SREFAH ., EE A BRI R A BE .

5. 1.1 PR WHIER ML

) MRAEE R IIVEH FIANF, ATEEER 0 A BE R T =

1) ¥iFEEJ) (Soft Attention) o IXi&WECH WHIERE 1AL,
XA key S KACEMER, B key# A — MR MNIIAE, Z2—MeRH
HE TR (HWIYYEGlobal Attention) o XFh 7R ELEFM:, £ T
Fifikey TN Z, FHATINAL, (H2THEEM RS K —L,

2) MyER /1 (Hard Attention) o IXF0 7 22 BHERGHE B3

Pkey, 1M2SHRTkey, AT keyMIMFEZL, HARkey I
A0, I 5777 A ERIR o
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5. 1.2 JER ML A

SR AR & SIHLH MEncoder—Decoder i B rh | B8 H ok, ik — 20
IR, TTLARE 25 5 B ARE = JILHI AR BT A H AR TE 5 AC BN
2R INUEIE R T (Target) )5 AN R AR\
(Source) AJFEANFIAPIAH M, X2dEH AIEEN

B 1 5 25 RS A A BRLR] e R A N ) 1 BRG] X ARG 23 017 T DAL i
DN [ BRI H AR A il ) FRAR] A0 R, IXAEN LA i
SN2 AR BN g gt pLas iR e e LA
;Exi??ﬁ@ﬁ%f", I R SR M R IR, o] E5-1 B0

&

B5-1 &) ALHEIR R

EE5-1, Sourcel— &R ¥HI<Key, ValuedBHEXTHIAL, XT455%E
Target ) HEA TR Query, LT Query A& MKey I AH I 81 #H
K, 92BN Key X BiValue AL E 28, SR EXValuedt AT Ak
M, HREZA A AttentionBUEH . Fr LAAS B _EyE & JIdL 2 X SourceH
JCE K ValuefE BT INBLR AL, 1MQueryAKey & F Kt H %} W Valueft)
B REU . A D AR B E A~ A

He, TASourcelIKE,
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B5- AT SEER I M A, B4, BARZE I  SHE= e ?
BAER USRI RE R 20 3B B

FIPrBL: RAEQuery MiKey T3 M5 F A BIE B M OCHE, & W
HITH SRR 1 R B SR SR 1A B Cos ine AL
EL I NFIMA R 2RR,  RBORAF HIAREME Jysi .

2B B X LG BOE AT A — U AL B, S RIBCE R X R
i FSof tmax BT H AN EAE (aid , HHEAF:

S3B B i AR 28 BUW AL R E Value AT IR A .

R IHLR PE AT R R I 52

B5-2 E& A hE et A
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B2, AETRIEE 7 2] e 3 S A 2 Bl AR OR S BURCR LA e 2 43¢
IORBAT - A AR R )7 ORSE L, v P E g, el —4>
Bl-5 2K T AN TS B AR TR 5 s T L] A AR R ) X ) o
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5.2  HriER JINLEIEncoder-Decoderfii il

b b EA-10mT 50, AR R H AR TR EIE R, AR K
AN ER], Ry o v oW, Ry WA, R AT AE X S R
W, WAEMX A TG L Ymhs O A XA e £t
Encodergmtd =11, XEMRE TILEMINIT], ¥ v v bRy
5, e SA) T XA B A O AR RS H AR Ay SRR ) ER SR A [
1, BEE AR X

WATUA—A BARG] 7 Ui B, AL EE GmATESe, Hit o
AR FEX PN Encoder—Decoder B B & T - B A, b

iDL A)F: Tom chase Jerry
Encoder-DecodertiIZ DA sl SC R . il B IR AN E

FEREE AT XA AR B, OB BT )RS gL
PR TR br LA “NER 7 DT AR R, IRBLEXIF A S
B, N “Jerry” XF “ANHi” WHE, (HEMOEARICIEAEILIX
— R, R E B 5N B R

bl

5.2.1 B ANFEESIVLH

B 5INTE R IHLH IR A g N\ ) 5 EEASCREL A0 B A 11 ] A
K, RN AT HES, B B 18 e il — A e
Q%%%ﬁ,%ﬁ@%%%%ﬂ%%%,ﬂﬁﬁﬂéi%ﬁzﬁﬁﬁ

o

0

fE_ BB, R SINER LR, N 2R« AN
FRORSSAE, A I HE 20 S BT o 8 128 4 i S B R] AR AN [R] R S I R
bLane H R0 i — MR A -

(Tom, 0.3) (Chase,0.2) (Jerry,0.5)
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TN AR IR ARER TR G HT A NI B, JERIEL
RO RC g AN R S ST R I E = TR/ e X0 T IR BRI 3 B s 1B R m]
ERFRIN, ENGIATHIER. FHE, Hisa 4 A 5
AR 12 22 2 HOOE N IR TR R ) LR YR B T R B R . XEME
EAE Ry s, RS AH R A TA)E SRR O2 B i iR 38 24 /i
A SRR T AN BT ARG R O FRARAMA) SR BR i 2 X B, BT e 8] 5 A A ]
T RN G R 1 AR YE 24 i B TR SR VR B I N B B Y ) AR 1)
Ci. I NJEE FINLEIHIEncoder—Decoder & A B 44 7~ & K an & 5-3 fip
7N o

B5-3 3] Niz & 7 HLH 89Encoder-Decoder 1 A 42 . [1]
P A= e B Fr e 7 B am] 1 A2 T LUS R T T T K
v =g (C ) (5.4)
v o=g (C o ¥y ) (5.5)
V=g (C sy ¥ 1» Vo) (5.6)

MRS C AT REXT NG A 7] (15 A 3 FOVE = 0 0 =R o A, BRI
X b AT DUR R U, O R AE B AT BB R

TR0 A R R
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B iATR Ny BRI TE R BRI REE IR v 8
X AEC HIXETER 70 B A Encoder X Binlx A% i R £ £
JHAFAFE], 5.

C1=Cyyy = &0.6%F ,("Tom”), 0.2%f ,("Chase”), 0.2%f
o ("Jerry”))  (5.8)

C,=0C, g(0.2%7 o ("Tom”), 0.7*f ,("Chase”), 0.1%f

o ("Jerry”)) (5.9

Cq=C 4pm = g(0.3%f 4 ("Tom”), 0.2%f ,("Chase”), 0.5%f
o ("Jerry”))  (5.10)

Hrr, £ o BREUANEREncoder Xy N e SCHLIR] (RS R AR 5 ek 2, LE
gnEncoder {f FIRNNEE L )38, XA £ o BRI 25 SRAEAE & I 2 g A\
x JEFREIEUE T R PR E: 2fUREncoder HE#H5 BLia] 1) Hh [A] R & il 8
)RS SRR AR e bR B — M, apR B0 X M BT 3 AL
KA, Wt TATE BT 5 25

RixC HWg Limm “mw” , Bar a3, EmAR]
FHIKRE, h, = £, Ton”), hy = £,("Chase”), hy = F
o ("Jerry”), XMNHERSIBRAUE 5 A20. 6, 0.2, 0.2, Frilgmk
HogtE — ANIMBUCR AR . WSIE R RS, BRSO ‘%
G B, B A S R E]E R AR C AR BOd AR N B 54 B
7N o
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@5_4 0 ,éﬁ iﬁk‘(‘liﬁi

A —N A8 AERH AR RN A, bR “ma” R,
B FTEE R IV BT R B RN A BA) VR 1 e R AR
We? Hsk, izEme “al” NN EMEE 4 (Tom, 0.6)
(Chase, 0.2) (Jerry, 0.2) .

A

5.2.2 1HEES

¥

o e

el

WA TR R S BCAE ? N T U, (RO AR T R4 B 4-1011)
A 5 NERE JIHLEI I Encoder—Decoder B A 47401k, BlEncoder:k
FHRNNAS 2, Decoderth % FHRNNAR I (X 2 EL e o L 1) — e 2R i
B, Wm A E 55w

e

E5-5 K FIRNN&#JEncoder—Decoder#2 & 42 #) -7 & &

¢
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E15-6m] DL N S s th i WV R 77 70 BC R 3 20 A A 38 A TF S

K5-6 =& pBE T HidAE

BATHH KR SEA Ry A, AT A “Tom”
“Chase” “Jerry” Xty [MIERSIPECMERDAT. XL LU H
Ffi A1 - T 2 BRRRR T DR A SRR T AR FA R
I FURNNEEGUZ 5 sRES o HEAT —— Xt BB R r (h A
1) RIRAG H AR AR AR N AR B S T e . SRR R A
Y% H 2830 Sof tmax e HUEAT H— LA B — DN O-1RITE R /- FE MR
SATEE . TER, BREF Ch  H o) TEANER ST ERE 7 il RE
A

M RN “Tom” B Z205%) B2 1140 N ) 1~ BRI SE M . 40K
2 BUTTE 2 AL AR AR A A R B IR B R SR S R 40 e Ak
RHAER, REREREAE X ETgea AR, v AR
A 25 K]5-7,
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B5-7 WMANES (x4, x5, x3x P ERFtAMdy ,
Hor
p(y iy sy =gy s, Cp) (5.12)
s A (s 1 v 44y C P (5.13)

YV 78 (y —~10 S 4 C t> (5.14)

e ,7a (s ;1 h ) (5.17)
R AR PIE R AR IS A, A B A BT

= IR AR P E S SR 2 — ISR B T R AL A A A
BRI ST, DA ) 3 A ol R A A B X N i A\ ) L] 1 R
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FRG)AT ] LAER R D an N B0 5L 9A] 53X H bR 2R CRRAR] B3 SRR, X
FENLERI RS N 2R B,

SR, WA F IR, T AL RO SR S
ROt A B . BRI, 75 R BRI, B TR B
S T2 A B 22 IR B RFE o S R th 2 TR AR A4V 25 9 B
S R T 5 ST 7

IR PR BT PEA RS D) S RIEET . R
7. BIER IR, eAE EA IR RS T T e, Hrp
HEE S RAES. 3. 3 4

FIHETALE, EERAINDBEncoder-Decoder 2244/, MJR%
Encoder®Decoder ) — 2 EIA LM 45 (UIRNN. LSTM. GRUEE)
XMBERIFEIE EOTE R ER TR AER &, XEERHTHESME
MR8 TV FAT AL TR T8 . BEAR U, R 2 N 48 AT AL FE RE S8
5, AR DTGNS ? SR N4 A — L RIAA
B, TR FK R —iES] . XTI R AR S . AR L

m R,  AATTE S — Ry = 1 28 M) —Transformer, HARKAES. 375
AT
JI" 0.

5.2.3 A HPyTorch3ZI w7 yE = JIHL#I ) Encoder—

Decoderfkify

J:ﬁ?iﬁﬁ]ﬁﬁfﬁiTéﬁfff%kfﬁijjﬁl%ﬂH@Encoder—DecoderE%ﬂﬁ, X
A M Py Torch>RSLILE

1. $#33EEncoder

FIPyTorch##Encoder L 1] #.,  FE5 A A) A BN 538
torch. nn. Embedding (m, n)# ¥ Rimm&E, REET— N mIZeE (X
FURMHGRUBRL) |, XFRAMAT, S EMEeRES, TRk e
REHT T —PMaAT. BAES%K5-8.
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M5-8 % H LA
X A SE B -

class EncoderRNN (nn.Module) :
def  init (self, input size, hidden size):
super (EncoderRNN, self). init ()
self.hidden size = hidden size

self.embedding = nn.Embedding (input size,
hidden size)

self.gru = nn.GRU (hidden size, hidden size)

def forward(self, input, hidden):
embedded = self.embedding (input) .view(l, 1, -1)
output = embedded
output, hidden = self.gru(output, hidden)
return output, hidden

def initHidden (self):

return torch.zeros(l, 1, self.hidden size,
device=device)

2. ¥JEE EDecoder

AT — A ] B MR s, A P 5 2 1 o g L A D A
P aE PR A o ﬁﬁ%)ﬁ*’l‘iﬁjﬁﬁﬁ FoN BN RE, POVEfE
BAFPAI R gty B RS AEMRISNIE 2D, S E AT — M
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T MIBBUIRES %Uﬁbﬁu)\ﬂsTE4>§z??5§?FﬁAEG<SOS>%a<z, 55—
ﬁ%uﬁi?lﬁi(ﬁﬂ e I B E BEBUIRAS ), 2t 25 & 5-9
N o

AN

@5_9 fﬁz?;_%ég 07}/‘9

XF N SEELARAS U

class DecoderRNN (nn.Module) :
def  init (self, hidden size, output size):
super (DecoderRNN, self). init ()
self.hidden size = hidden size

self.embedding = nn.Embedding (output size, hidden size)
self.gru = nn.GRU (hidden size, hidden size)

self.out = nn.Linear (hidden size, output size)
self.softmax = nn.LogSoftmax (dim=1)

def forward(self, input, hidden):
output = self.embedding(input) .view(l, 1, -1)
output = F.relu(output)
output, hidden = self.gru(output, hidden)

see more please visit: https://homeofbook.com



output = self.softmax (self.out (output[0]))
return output, hidden

def initHidden (self):

return torch.zeros(l, 1, self.hidden size,
device=device)

3. i ;F = Decoder

iiiUslﬁi@E@Bahdanau?ff%‘?ﬁ?@*@?’ﬂﬁﬂ, TEHWUZE. RAER
MNTEHHONRE, TEE N mISEREFERERNE . RNNE M
HZE

H AT P57 w] %, ARG AS B A A BB A X 2% 8 e B R SRS s
1~ WJESI Y o FrAEESATaR LA o

D XN, SRR R, H, y  ENIRANZ W
PN

embedded = embedding(last rnn output)

2) ERNZMRB NN s o Mh o, Hit e » brdE(GAL
HigHNa .

attn energies[j] = attn layer(last hidden, encoder outputs[]])
attn weights = normalize (attn energies)

3) [AIEC ygmid s &t B = e .
context = sum(attn weights * encoder outputs)

4 PEREAEIANN (s o 7o ¢ ) OV AERES SR

BMs o

rnn_input = concat (embedded, context)
rnn_output, rnn hidden = rnn(rnn_input, last hidden)

5) MR MAN (v i 5 e Py FHINy .

output = out (embedded, rnn output, context)
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2245 UL B8P, BIn[183|BahdanauyE & /T I EIS 25 .

class BahdanauAttnDecoderRNN (nn.Module) :

def  init (self, hidden size, output size, n layers=l,
dropout p=0.1):
super (AttnDecoderRNN, self). init ()
#E XS
self.hidden size = hidden size
self.output size = output size
self.n layers = n layers

self.dropout p = dropout p
self.max length = max length

# EXE

self.embedding = nn.Embedding (output size, hidden size)
self.dropout = nn.Dropout (dropout p)

self.attn = GeneralAttn (hidden size)

self.gru = nn.GRU (hidden size * 2, hidden size,
n layers, dropout=dropout p)
self.out = nn.Linear (hidden size, output size)

def forward(self, word input, last hidden,
encoder outputs) :
# AU AR R RIS AT — AN RS, BT A i g i 25 4
# FECYETEHRA  (last output word)
word embedded self.embedding (word input) .view(l, 1,
-1) # S=1 x B x N
word embedded

self.dropout (word embedded)

# VHRLE R R R g 5 A8

attn weights = self.attn(last hidden[-1],
encoder outputs)

context = attn weights.bmm(encoder outputs.transpose (0,
1)) # B x 1 x N

# RN ST E JJcontext A 7E— 1L, R ANTEH M 2%
rnn_input = torch.cat ((word embedded, context), 2)
output, hidden = self.gru(rnn input, last hidden)

# € e E

output = output.squeeze(0) # B x N

output = F.log softmax(self.out (torch.cat ((output,
context), 1)))

see more please visit: https://homeofbook.com



#IR B e B IRES RE R IR

return output, hidden, attn weights

[115. 27 3R 5% T SRR AR GG HE &
https://blog. csdn. net/malefactor/article/details/78767781,
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5.3 B Transformer

Transformer#&GoogleE2017T W L Attention 1is all you
need P TR HE I —FoF 280, BEERET HIEE VSR EEL, fEAaFE
LS BHPEAE N I 2 TINLPAE S5 ERCR B2, PREREPL T-RNNHLII SR 5 5
e HAilTransformer &4 BUARNN g 1 22 X 28 AL 2 B 35 )

SOTA (State-Of-The-Art) HiA!, ERI. K. HAE. FTHE, i
LLZRKNFEIREINH . Transformer i AMYAE B HR1E 5 A0 FE T H il #T
T 2max, HERHT. HERG, B2 EIEARAE M AR TS
ER. EANMREWILLE T ? H T MR A M EORE VA R EE
fHa? BN RBATEH B

5.3.1 Transformeri 1=t

FA1SE M Trans former IREVEAE, 285 /M 4HILEARIERY, X254
HAEFAT A, FEAIA P Transformer Y ZhBE A Qi AT v R SEHILIX L 1)

o
Ae o

WA Transformer 118 5 B,  LLandt —A)i BB e —
A)OCTE, B AR AT HEG-10%R R

B5-10 Transformer & Fli& = #1i%

Transformerit i) T L ERME . W& TAiE 7 2RENLP R, B
MG —NRET, ERI—KIER) G, PR S — KB,
XA B TR TAERWE? & WP Ee g A F) il ? I e gl 44 S A&
il TAEIWE ?
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WAV XN B ET, KT H SR — A B Ymis a8 f g
M Ee e BT I 2% 2h e, IR S5 IRATTIE 5 & 2 E 5 BIE s AL, i
5-11F17R~

E5-11 Transformer 5 Encoder 2L #2Decoder 2014 4 Bk,

DLH FRATTIE 5 45 F A A P 265 505 AR X 28 AE R 9 i s A1 g A 2 1) X
25 45N, AN Transformer B ZmbD 25 2HAF A gD s 04, BEA H G
2%, WA HIEAMLS . Transformer FJEncoderZH 44 6/ AH [F] 45 K 11
Encoder 8B BT K, DecoderZH -t 2 HH67 45 #4 AH [F] (¥)Decoder 5t BE T

B, WE5-1207 7,
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B5-12 TransformerZE#

WE5-12F7~, A —=Encoder W4 ¥ £ ADecoder ¥ & —
7o #t—2PFT HEncoder &kDecoderz &KL, ®AmiSaH—ZEHIEE
TR —ERT M 2% (Feed Forward) 4K, MMRIESEEERATEEE.
ﬁﬁ’ﬂ%@iﬁ%%, H AR — N RN E — N mt s i e, W
K5-1317~

E5-13 Transformer#3k ¥ Encoder 5Decoder 9% & &

ZIt, BATHOS Transformer F RS AT 17— EMWM, H
BT VRIS R AT, Bt DL FoRoRE A — S8 B N F 2847
Ui
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5.3.2 Encoder5Decoder i A\

AT FRATN A T Transformer B REL S5 M), 1E# i Encoder #1
Decoder I 48 2t ki, Fi A TGP M 25, WA 1 AR
W25 X TEF RN, AR R R T B B e — N E
WEENKER, BEOMESRENES A EERR. WRERHTEA
2%, BT LR H SR Hiu i o — AN a) 7 R & R I IR B AL B ), {EL A
RAEH Transformer, B n] fif e v A) o & B ] 1 VR B B < &R ) 7
g 2

Transformer i {7 B 4w (Position Encoding) Rici=f %% HiA]
FEE IR B BT, A7 B G S ARG — e M Cn i = pR A
AR , BRI (BCH PR EAED IR RN SO N A7 B dw S AR D
(S Bt m =S5 ARLERAERD , WE5-14F7,

B5-14 A RHIE T Rhofs B @&

XA Ao (B H PR ) o ms MR 2, B H AR
IN_EAE B G A s A I TS S RN . R AT it AL PR
I, FRESIB R A —EHIER): XTRAIESR), FTUUHETE (0
HOETE) M7 AN ST X T RKHIER], LR BRI EN 55
CUnzeix 2o B A — MR KL, 2 AT Sof tmaxiz B
0) .

5.3.3 miIEREKICIZHISEE
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BT E — Fi@Eid TransformerVE FH IR R B . BB g N1E
] “The animal didn’t cross the street because it was too
tired. ” FTFEENE, R THPTH “itEfganimalibEstreet” XA
B, X N SRUR AT, (EX VAR A IR AT R T . At
TransformerH ) HiE = /I REE LML AR E 1 tAlanimal BE R K, BERM
RN 51517 .

EE5-15, WEEncoderH A HTIE (Rl#5)2, #0RRFH1ZE)
1t FRL A0 E A A B ) OCTE B, 2RI tXT the animal {2y B
ERFHAMRFERRFE ., B4, XEESSTER 2 M TE? N
RN

BUTAIS. 1. 20/l 1 — My = I Ry = 1 BeAE I vk, T
Transformer>KH HERE L], XPFNLHIFTFE AR AMEE, H
Query P RIFAE . —MIE = JINLEH query KI5 T HARER] (mIE
PEAD , T EAEE AV queryRIE T EIEAA S GnIEHFRE
f), RIS HIEAD , X ECEF RS B R T RR Sk B .

B5-15 it#EEtEa PEEEROLIETER

Encoderfidid Bk & JINLHI K EE T HE DB IT (5Decoderfé
By B VE = JIRLHEIZRED .
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1) 05 N H i ey iis i Ta) (BRI PP D 3 BB A &

2) I A R EE Mg £ vV=HE, X=HE5 RN
query. key. value,

3) WR#g, THEEANFIE SR score=q * ko
4) ¥fscoredHATEIIEA . Softmax/bFE, RiER KNa.

5) aSXI MR viEE, SRJ5 RIS 2 2 ETE A & R 2 (8] ) H R
T1z: =X av.

XH e Transformer PIRZ O N, AT REE LR, XD E
a7 LIR XA/ (1

B G BT R PERER) N : Thinking Machines. L1 Thinkingi
ALEE CRIAHR AN B Gm 15 2k 7] EEmbedding) JFHx (R, H
iiMachinesWALEE J5 FH x 3R~ . THE IR Thinking 5 A7 1E ) %
VR R /11584 (Score) , UE5-16/17,

K5-16 3+ HThinkingh % ATi5 &) & #1369 15 5
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R BRI R IEE A ey OXAME— BB, WR512) ,
FEES-16 g kv vIN4ERZECERUDN, —Mflig. A vIRHERETH &2 -
(AR7RA M head, JEHEA“Hhead & X, XH A8, d
mode1:512’ E&d /(:647 ﬁlﬁ ) o
Z e B PRt I AR R B score AT E LR, NRIE TSR B

WA AR e v, @ 2T A — e fE, XEERLL , WES-17
Mo

B5-17 *tscoreitfT)a —iLiL3E

XA 5 ats vAHRE 200, w52z, WELs-18.
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K5-18 REHviafks & im

IXHFE A5 2 B3R Think i ng % 4 B 5 1) 2% B3] ()3 B 1 B0 FE 2
L R FRETTE, WAl DO B IR Mach i ne s X 24 Fif 3 A1) % 5 18] R &
ij 90

bR EERE T IRETIEE, HECHIEA ML B A KR
KA, MR EHERM RS, U a] DUE A IF A A B BRGPUR DI fiE . 1K
S-19N HIER AJFBONFERE T S R . SR I EHES AR L, 2R
JE 3 M S HERE . WL GRS AL 5 ST R RE, PR ) 5
HE YRl VR G /NI S A
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E5-19 sfmuANwE, FEEHFO AV

FERXAN B L, b v SRR B AR e TS D R 5-20 A A%
o

B5-20 +H iz &N 289 4EIEAE KX
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BRI R W] DU EI5-213K 78, XA 2N RN S ARVE R T
(Scaled Dot—Product Attention) .

E5-21 B EREET

EE5-211, MatMul s SAEE, MaskF g, FT i
YA, EHAESEEH AR . Transformer BB 3 e Py AP HERD
7, 2 Padding Mask (JH7EHER) FlSequence Mask (/7514
f%) o Padding Mask<x HAEFTA MI4a UG ARE R i, H T AR
AN—H1iEH], M Sequence Mask R & #EDecoder HiE= S1th, HT
B3 1EDecoder il H AR1E I 21K K FI1E -
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(1) Padding Mask

2 7&Padding MaskWe ? AR LIS 791 K B A — A
), W, FATES NI T 5. Bk, il
P F R IR TR0, HR2RWRHM AR FIIRK, MRS BRNE,
P RMEEET. FNXSIERMMNE, SR as L,
DLV = AW B Z 0 B e X Sy & L, BT DA AT — S Ak
M, BAARMEE, A EfEin E—A e R (e
55) , XFERE, ZidSoftmaxth, XL E FIRER S HT0! 1M
Padding Mask3&Pr b2 —AN5k &, BAMMEASZ—Boolean, 1HN
falsefPJ 7 W2 AT AL BRI HL T .

(2) Sequence Mask

HUTH tH3E 2], Sequence Masksg A [ ffifSDecoder A REFE WA K
BE. Wi, XF—NFF], fEtime step N tHINTZ, A% H
Wiz R B R T e 2 2 BT A3, AR 2 Ja s . RIEER
B — N, ez R E RS R . B4 BAREAfWe? W
R AR L =AM, L =AMES N0 RE 1L 5L
EANERE, BIEXANEREE AR —A T L, siel LA EIH . XF
TDecoder) HiE & 71, HIHERH B M aARER 71, RN 752
Padding MaskflSequence Mask{F Nattn mask, BA&RSZHIR 7524 P
MaskAMAE Nattn mask. HAhE M, attn mask—fEZETPadding
Mask,

HITH B5-15 A SF AN FEIHIFith, XS8FFitFRm 45 XE? iX
SO SR BRI E TEE (BB , EERME T, &—
ANMEEF RN —F ARG . ZIJE &, ALRMIF N RAETHE B & St
WRARBTE, B RHENERZLFE ) (Multi-Head
Attention) ML, FHZEMEUI5-22F77R.
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B5-22 %Kiz&HNHEMAE
2 SRR AL A UNSAN T TR T = T R TR RE .
D By TR T AR AL E B RE
2) BT AR B I AR AR, AT A TR

3) BNEFEENE (Attention Layer) LT EA “FrnTT
[B]” o fEZIERNGERT, FRATE 2 H At/ 5 /{E A E FRE
(Transformerff F )\ ok, FUILEE N YwiDas/ fehD a8 i 2459 3 )\
H) . RELELSHWE— DAL MEIPIGI .. g2 G, F
HE G AN\ (Input Embedding) (E{kHBKGIL e/l as
P &) H R ARPIR R 2T HEUJE #5468 A3 A RS %
P G F 52 BAS [F] XU 1)+ 25 18] — FF
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ES LWL/ Rpec SuRy I

. &E*ﬂ%ﬂﬁ?%/\éﬂ%ﬁﬁi, , i€1{0, 1, 2, 3, 4,
5, 6, T};

o XS /\HIEFEAHR, BRINHAQ ;, £ ;0 V ,€R2,
{0, 1, 2, 3, 4, 5, 6, 7};

o« MWAER)\AZ ;, 71€{0, 1, 2, 3, 4, 5, 6, T}, ARFHEX/N
N HEM—DRIIZ o7

o 75WIMEAL IR 0 € P127012 3, 15 3] i &40 HHE 7

HAR IS RE Al F E5-23 R B RN .

K5-23 % kix&HhuhliE HidAE

HHE5-137T 41, fRtgastbgmidas 2 1 midas St = 1=
(Encoder—-Decoder Attention Layer) . {EZmfdss S5fEMgsit=HE
b, gREMEIRE L — M, AR ISk B gt as i e — = B
H, &S eEE M.

BT ENLESEES, iR 2 — NP EERERE, g
RS S8 ANFIE I 2, RATHBEE RS A1 N BiR g s 1, X
LT B2 SkyEE /R IERE 2 SkiF R /) (Masked Multi-Head
Attention) , BJ[EIEH#H T Padding Maskf1Sequence MaskPHFh /T
2.

|
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MUL BT LR, BIERE IV A TG R, 7] A3k
TRERE AT R IR AL, 5 AN BaE] B B S T — = A BA] 1
#AL, wEbs-24F~, U BIANAEAERE B A KBRS 1 vE SR e A, A
I, Transformeriif | &t KAL) 58 KT8 !

K5-24 BEEHMNFMANSH B Z ] R EEES T E R

5.3.4 NHINARTransformer M4 Z 82 ML) LR 7
R

M5. 3. 1A 51, TransformerffJEncoderZH A FDecoderH 443 i)
H6Z, ERHENHYPSHFEZE., MEEERMEN, MENEE
K, RiXge i om, HBSH M SPUSCRERE R, 3 5 H e
FEVE RZE N @, 4 Transformer g WA oo ARIXEEA E IR ? TR T
PR TV, — MR Z1EE: (Residual Connection) , H—Ffh2
H—4k (Normalization) o BARSEINIT VLA RAERE 00 & SO &%
HIN T2 (BlSelf-AttentionfIFFNN (Feed Forward Neural
Network, FUIWAFZEMZ%) O a3 vk 2 & MH— L H R E, W
EI5-250 7
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B5-25 ifhmik £ EIER )T — A IR AY &

SRR i Bt 2 MRS 2 A5 I RE AL 2], an5-26 R
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K5-26 [N R GRS RGAAT &Rk £ £ A )3 — L&

N ES-27E 7R 1 gt & 5 AE s 2% i R 52 B — LA B A 55 1Y

TR,

B 5-27 Transformer 3L — AL R E%35 &) 69 7 2 it 42

5.3.5 el H B S

EncoderfiJa HY%m il — a8 R K Sof tmax ek U/ H = w75
2 7 PE H B R GX BARBCR FH 28 it i 57, Bl H]argmax
BR Bk OB e KABX SRR 51D 5 anE5-28]r7s o FHMIEL X 250k
A& SRR L PR A 20 D P 222 Al A RSO TR 1 45 2 b B
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E5-28 Transformer &9 & /& 4 % 4& & B Softmax i 3%

22 FRriR, TransformertiZy fHEncoderfiDecoderH -4 ik, H
EncoderZH{f X 61 EncoderZ4H i, & Encoder ZH & — 1NHIEE
HTEM—NEEETZ: MDecoderH A4t 72 H16Decoder Z 4 ik,
/I\D}(;coder}%'@/é'\*/l\ﬁ‘]j{%?j]?}%\ FEITFEMEERTFE. W
5-29 78 o
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K 5-29 TransformerZE#] &

see more please visit: https://homeofbook.com



5.4 fHFHPyTorchZ# Transformer

Transformer ] JEERAE AT & 0 MR VR4l 1, N ek Ad
PyTorch 1. 0+58#¢ SEBTransformer ) HEANEEH, I F o] B SEA1 #E 4T 46
ke A ZE 5l K 7 0penNMT B BA £ % Transformer SEELIAHS, 1%
b5 & FHPyTorch 0. 3. 0SZHLA .

5.4.1 Transformer® s/ %H

H BT 1 FE AR 7 51 i B K 2L TEncoder—Decoder i 84 . Fit
H T 5 L s B R — AN N7 51 L Bl A — Ny 41, EAT
PR AT BE & A FIAT . Lhandt T M L e, AL
A, M RTOER) T, X NF AR, SRR, SR
BEL OGS R A DUBAE T A e n) @, B ARIX B R BT ALA B
BB, HRATRATRIA 2 — T8, F 2 A Ah—AN 7 F10 I 1) R aT DAAE
HEncoder—-DecodertiZy

EncoderfBHi AP (x |, ==+, x ) B (Eigmbd) Bi—NiEsE
PIFHl = (z {, =, z ) o [fDecoderiR¥E ZRMAIIS 24 H 751y
\» ***» ¥ po Decoders®HIFIJHH) (Auto—Regressive) , =fEHI—4
ig?ﬂ@giﬁﬁtﬂf’ﬁ?ﬂ%ﬁﬁﬁ%ﬁ‘ﬁﬁ)\o Encoder-Decoder ¥ B B8 {4 FIA LS 7

P

5.4.2 HJEEncoder—-DecoderfEity

1. BEANEENE
S ATorch &Python® H TR AAL ) —LE 7, Umatplotlib.

seabornZ,
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import numpy as np

import torch

import torch.nn as nn

import torch.nn.functional as F
import math, copy, time

import matplotlib.pyplot as plt
import seaborn
seaborn.set context (context="talk")

$matplotlib inline

2. Bll3Encoder-Decoder 3

€ X EncoderDecoder?s, 1% 4kHEnn. Module,

class EncoderDecoder (nn.Module) :

nmmow

X MR Encoder-Decoderfifiy
def init (self, encoder, decoder, src _embed, tgt embed,
generator) :
super (EncoderDecoder, self). init ()
# encoderflldecoder#R R IE FIRMEAAE NKT, XFESIEHE Rig
self.encoder = encoder
self.decoder = decoder
# F ANFNEH flembedding
self.src embed = src embed
self.tgt embed = tgt embed
#Decoderif Gl Linear+softmax
self.generator = generator

def forward(self, src, tgt, src mask, tgt mask):
FHRSOTH AL P BE s T o A1 H AR P51
#E M Hencode TEXM M NEAT RIS, AR5 HHdecode TTIEIFAT RIS
return self.decode(self.encode(src, src mask),
src_mask, tgt, tgt mask)

def encode(self, src, src mask):

#HEANZH UffisrcHlembeddingflsrc mask
return self.encoder (self.src embed(src), src mask)

def decode(self, memory, src mask, tgt, tgt mask):
#HENTFIZS AR B brfembedding. Encoderffiitimemory, KA
g
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return self.decoder (self.tgt embed(tgt), memory,
src_mask, tgt mask)

M BRI T PLE H, EncoderfliDecoder#lf# H T #4d (4n

src_mask. tgt mask) o
3. flliEGenerator

Decoder fJ4 HURHAL N — 2R R, MJF4IE 1og sof tmaxph £Y
HIFER, BONBERAE.

class Generator (nn.Module) :
mn g MR — N4 iER: (1inear) + softmax
i De code r FIREARZS ¥y H — AN
d modelsEDecoderfii IR/, vocabsgia H A/ e
def init (self, d model, vocab):
gaper(agnerator,_self).__init__()
self.proj = nn.Linear (d model, vocab)

P EEEEIN E—softmax
def forward(self, x):
return F.log softmax(self.proj(x), dim=-1)

5.4.3 @& Encoder

Encoder HH MM HH A 45 M IR EncoderLayer iR (stack) TR, 1MEE
MEncoderZXNAEHMWANTE. B—ME—FZ LI EEEIVE], 5B
AN R R, AR A B R 2 . H Al A LayerNorm &2 Bk
TR,

1. EXEFIRRAY R E
B E Xelonesi %, R+ wlEAER I Encoder)= .

def clones (module, N):

" BENN AR, A T copy . deepcopy™
return nn.ModulelList ([copy.deepcopy (module) for  in
range (N) ])
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X BHAFEH T nn. ModulelList. ModulelListHi% — 8 H)Py thon ]
List, FRATATCMER TRV IS, Ab2fe A ModuleList K FTH
Module#l 2 vEM 2|PyTorch B, IXfFOptimizerflge R EIELFHISEL,
MR E N EHITE . {HZnn. ModulelistIEAZModule (KT
), KIEHEA forvardgE vk, 8E SR Module . T
B EEEncoder,

2. flJ#EEncoder
% Encoder, fLALUNT:

class Encoder (nn.Module) :
"Encoderﬁ%Nﬁ\EncoderLayerWﬁﬁiﬁmﬂﬁ"
def init (self, layer, N):
super (Encoder, self). init ()
#layer&—/ SubLayer, #fJclone NI
self.layers = clones(layer, N)

#+HIN—/LayerNorm/Z
self.norm = LayerNorm(layer.size)

def forward(self, x, mask):
"EHIA (x, mask) #IE R AL
for layer in self.layers:
x = layer (x, mask)
return self.norm(x) #N/EncoderLayerb¥ el FibiEE—14
LayerNorm

ARSI A, Encoderit &N+ EMIM, wEmL—1
LayerNorm. PHFRAIRH)ELayerNorm.

3. #JjELayerNorm
i LayerNormfiRy, ARRD 40 -

class LayerNorm (nn.Module) :
" — P LayerNormfEA "

def init (self, features, eps=le-06):
super (LayerNorm, self). init ()
self.a 2 = nn.Parameter (torch.ones (features))
self.b 2 = nn.Parameter (torch.zeros (features))
self.eps = eps

def forward(self, x):
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mean = x.mean (-1, keepdim=True)

std = x.std (-1, keepdim=True)

return self.a 2 * (x - mean) / (std + self.eps) +
self.b 2

HARE IR -
x —->xt+self-attention(x) ->layernorm(xt+self-attention(x)) => vy
y—> dense (y) ->y+tdense(y) ->layernorm(y+dense(y)) => z (N —
=

X BB LayernormZEI T 1, B FEMR
X —->layernorm(x) -> self-attention(layernorm(x)) -> x + self-
attention (layernorm(x)) => y
y —->layernorm(y) -> dense (layernorm(y)) ->y+dense (layernorm(y))

=>z (MINTF—Z)

PyTorch™ 2% EALE 25258 e nn. Parameter, A &Tensors
MG G IS8 (TensorY) #HATI M FH . 1 Encoder)E X
EHNTE, BN FREEIRELSZEM NSRS . NS
HERNEGLREEREE, #Jc~&LayerNorm, JAJE&Self-
Attention/Dense, #& &Dropout)Z, WGk EEEE. R
e BiSublayerConnection,

4. #$33ESublayerConnection

% SublayerConnectionf® 4, AHGUnT:

class SublayerConnection (nn.Module) :

mwmwn

LayerNorm + sublayer (Self-Attenion/Dense) + dropout + FRZiE
B2

N T, fELayerNormiE] T AT, XARIASCRIA N, 5461
LayerNormfE & /5

mwwn

def init (self, size, dropout):
super (SublayerConnection, self). init ()
self.norm = LayerNorm(size)
self.dropout = nn.Dropout (dropout)

def forward(self, x, sublayer):
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HRRZEIERR N T RA M FE NIRRT TR

return x + self.dropout (sublayer (self.norm(x)))
5. ¥J#EncoderlLayer

F 7P EXEeART, ¥ EncoderLayer iR B H 1, ARG

class EncoderlLayer (nn.Module) :
"EncoderHiself attn Ml feed forwardfyp"
def  init (self, size, self attn, feed forward, dropout):
super (EncoderLayer, self). init ()
self.self attn = self attn
self.feed forward = feed forward

self.sublayer = clones (SublayerConnection(size,
dropout), 2)
self.size = size

def forward(self, x, mask):
x = self.sublayer[0] (x, lambda x: self.self attn(x, x,
x, mask))
return self.sublayer[1l] (x, self.feed forward)

RNTEH, XHE{self attn/ZMfeed forward Z1ENSEEN,
HMEMWANTE. forwardifl FHsublayer[0] (iXf&sublayer®f%) ,
A EE W forward ik, MREANTIEFTENNZH, — I _EA

Tensor, —/NEXTREKE. fEPythonH, FEALLRI S AT LIS e £ —
M, ATUMGA . Miself attnREFHEEANSE, Blquery %A
keyIfi N valuef)%i N imask, K, {3 1lambdalfj#; 152 E 48
KNS E xR (maska] LA R CHFIED .

5.4.4 f4@Decoder

B R 2, Decodertl &N/ Decoder ZHIHES, Z%layeri®
Decoder 241, WA —NMHHANS, HEASHH
DecoderLayer. forward J5i%, XNTEFREANSE, #HiAx. Encoder
Z W% Hmemory . #if AEncoderffimask (src mask) Fl%i ADecoderff]
mask (tgt mask) . FTAHIXHEFDecoderforward VAW T EIX4N S
.
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) ##Decoder 2
Gl Decoderds, SN

class Decoder (nn.Module) :
"IN E A FE I Decoder E"
def init (self, layer, N):
super (Decoder, self). init ()
self.layers = clones(layer, N)
self.norm = LayerNorm(layer.size)

def forward(self, x, memory, src mask, tgt mask):
for layer in self.layers:

x = layer (x, memory, src mask, tgt mask)
return self.norm(x)

2. fl)i#DecoderLayerZ

Bl&DecoderLayerss, BHARSZILUIT:

class Decoderlayer (nn.Module) :
"Decoderflffiself attn. src attnflifeed forward/zE"

def  init (self, size, self attn, src attn, feed forward,
dropout) :
super (DecoderLayer, self). init ()
self.size = size
self.self attn = self attn
self.src attn = src attn
self.feed forward = feed forward
self.sublayer = clones (SublayerConnection (size,

dropout), 3)

def forward(self, x, memory, src mask, tgt mask):
m = memory

x = self.sublayer[0] (x, lambda x: self.self attn(x, x,
X, tgt mask))
x = self.sublayer[1l] (x, lambda x: self.src attn(x, m,

m, src _mask))
return self.sublayer([2] (x, self.feed forward)

SEEAMETIEIB DecoderLayer%‘é[:KEncoderLayer%‘é%é/l\src—attn
2, X EARRG A O éﬁﬂ%‘ﬁﬁﬁiﬁuﬂj (memory) . src—attnfllself-attn
PFISEI 2 —FERT, RAquery. keﬁﬂvalueﬂ’ﬁﬁu)\ﬁlﬂ Ee D GiPE=\
(src-attn) Wquery>kKH FERHIA (Blself- attnEl/ﬁﬁJﬁ) , keyfH
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value3k HEncoderf )5 — = % Himemory; TMSelf-Attentionf]
query. keyFlvalue#B2&RKH NEMHIA .

3. 7E M subsequent_ maskiF %

DecoderflEncoderff — NI A[F: DecoderfEMFMLEE ¢ %]
HIES e R Re A F 1=+ BT ZI B %N, T ASREAE FH e+ 18 Z1) S = 2 f5 i)
No REFRATHE E—DREBCRA K — MMaskFa[E, (Crgan T

def subsequent mask(size):

"Mask out subsequent positions."

attn shape = (1, size, size)

subsequent mask = np.triu(np.ones(attn_shape),
k=1) .astype ('uint8")

return torch.from numpy (subsequent mask) == 0

FATE — T AR BUE B — A A, RRiE AR N6,
24T 85 LA E5-30 78 o

E5-30 subsequent maskif & 5 F AL BT R
plt.figure(figsize=(5,5))

plt.imshow (subsequent mask (6) [0])
subsequent mask (6) [0]

BATHR:

see more please visit: https://homeofbook.com



ensor ([[ True, False, False, False, False, False],
True, True, False, False, False, False]
True, True, True, False, False, False]
True, True, True, True, False, False]
True, True, True, True, True, False]
True, True, True, True, True, True]

UL ESRmTa, W — 0, A& AL T
True. HH, HB—ITREFE L True, & HEEZRZI1H G873
ANl FB=ATUARZI3T LA {1, 2, 3V mMARERE {4, 5, 6} %
AN, BUATE RIS B, & TG R . Rl XA R0
Hizz s, EHRPAMESIRE 2R T .

14
14
4
4
]

)

5.4.5 fEMultiHeadedAttention

N A a0 R ZiMul tiHeadedAttentions,
1. ENXAttention

Attention (f#ESelf-AttentionflEiHKJAttention) 1] LLAEAE
—/NEREL, BRI A Zquery. key. valueMmask, Fithsg— M okE
(Tensor) . H.A#HiH Zvalue I INABCEY, MALE Hqueryfkey it &
B . BARPIE 5. 1850 R:

def attention (query, key, value, mask=None, dropout=None) :
"it# 'Scaled Dot-Product Attention'"
d k = query.size(-1)
scores = torch.matmul (query, key.transpose(-2, -1)) /
math.sqgrt (d k)
if mask is not None:
scores = scores.masked fill (mask == 0, -1e9)
p_attn = F.softmax(scores, dim = -1)
if dropout is not None:
p _attn = dropout (p_attn)
return torch.matmul (p attn, value), p attn
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£ _E T A s, AN B RIFATANR, X B O A#S
reAdEskE, W5

AL LEEE . torch. matmul 2 X queryflkey 1 5% J5 P 4E2E4T Hi R Ife
B, XHERCRE S, WRERATERERERE (24E5kE) gk,
M) 5= E ik Fibatch4t & Flhead 4§ 5 .

H— A~ BRG] 7 PR ER — e AN [F sk E AR, AEXRARXS
WAGPM. ting? (30, 8, 33, 64), H30&#MENE, 82k
NG 3BRIFHNKE, 642 T ZIMRHIEE. £F1 @1 shape b ZiiAH
&, T V/AJPIAE, H2X B Fshapett 2RI # T k2
scores. masked fill (mask == 0, —1e9), HT{EmaskZ0HIE 742K
— AMR/ANREL, RS AL Sof tmax BRETTH B 2 5 IR sl 2> s
%, self attentiont Hmask EE R paddingtg X, HDecoder ' H]
mask A [A]

B2 T okXTscoredtATSof tmax R B, 15BN attn,
WA dropout, NXfp attni{rDropout (JFEiE %A dropout) » I
Jailp attnfllvaluefi3E. p attnZ (30, 8, 33, 33) , values®
(30, 8, 33, 64) , MIHAEFEMLE, (33x33) x (33x64) , &
15.5133x64

2. EMMultiHeadedAttention

B T AT AR IR 3 A48 T A i N Q. AR T, B TR — A
head, #BMH =/ MNMEFEA. AL W/ IEENER R Q. AV, SR)5 55
T —Ahead 4T BIEE JITE, M head U5 BHEER, SHFEP
FHFE., MultiHeadedAttentionH)tHE AU T :

MultiHead (@, A, ) =concat (head |, head ,, -, head ,) #’
(5.19)

X HEBUR 2 S HOERE, o

)
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i ishead M CA8, BI/A=8, o VEANR VAT FE an
T

class MultiHeadedAttention (nn.Module) :
def init (self, h, d model, dropout=0.1):
"&£ Nhead ™M Mmode 1 I4ERE . "
super (MultiHeadedAttention, self). init ()

o) —_—

assert d model % ==

# XEE®d v=d k

self.d k = d model // h

self.h = h

self.linears = clones(nn.Linear (d model, d model), 4)
self.attn = None

self.dropout = nn.Dropout (p=dropout)

def forward(self, query, key, value, mask=None) :
"Implements Figure 2"
if mask is not None:
# HMIE Hmaski@ M fhead.
mask = mask.unsqueeze (1)
nbatches = query.size (0)

1) EIRMALHETH, SREHD model M lilsih M Head, B headHy
d k=d model/h
query, key, value = \
[l1(x).view(nbatches, -1, self.h,
self.d k) .transpose(l, 2)
for 1, x in zip(self.linears, (query, key,
value)) ]

# 2) fHHattentionREHHEYE B S FRFE N
x, self.attn = attention(gquery, key, value, mask=mask,
dropout=self.dropout)

# 3) LI Multi-head attention, FHviewbRE I8 Mheadl644E ]
EPHEER— N5 121 A .
#INJE A — 2B R (512, 521) , shape A&

X = xX.transpose(l, 2).contiguous() \
.view (nbatches, -1, self.h * self.d k)
return self.linears[-1] (x)

Hrzip(self. linears, (query, key, value)) &l
(self. linears[0], self.linears[1], self.linears[2]) #H
(query, key, value) JE|—id#E)j. XBFRINTHRE
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self. linears[0] (query). fR¥EMIERIHIE X, self. linears[0]
e—A (512, 512) HI4EFE, TMqueryse (batch, time, 512) , AHIE
2 5153 Hqueryid£512 (d model) ZEHIMIE, 2R)5HviewplEHE
BA R (batch, time, 8, 64) . EHEHH (batch, 8, time,

64) , XstattentionpREE R K Ishape. 70X N8 head, £F{ head
Hlquery#Bi&644E

keyfivalueiz 52440, KIHLFRATH 70 715 28/ head 11644
Hikeyf644EHvalue., B N Hattentionpd%, 1530
self.attn. HMHxHshapes& (batch, 8, time, 64) , [Mattniz
(batch, 8, time, time) , x.transpose (1, 2) {xZH (batch,
time, 8, 64) , AJaHviewlFIE LML (batch, time, 512) ,
A G 8N 644E M In PR G 12/ I . e e 0
self. linears[-1]Xfx@#t1T &M Ak, self. linears[-1]/& (512,
512) K1, HIERLRIHIHIER (batch, time, 512) . FATEAIHIE
T4 (512, 512) WyHERE, HI3MNEFEH TXfquery. keyMvalueidtfT
AZ e, T 5 — N EFE XT8N head HF4E i B 1) & Bl — AT ke

MultiHeadedAttentionf) M EEAH LK JLF:

o EncoderfIHIEZE JIE. query. keyMlvalue#fefHFIMME, KE
TERHIN, Mask#lZ1l (4RpaddingIAE) .

o DecoderfIHIERE JIE. query. keyHMvalue#fefHFIMIME, KEH
TEREIN, (HEMask{H15E AREDT 7 AR HIN

o Encoder-Decoder ¥ IHIER JIZE. query>REH FERIHIA, key Ml
valueff[d, ZFEncoderfx)i— =ML, TMMask#R&1.

5.4.6 MEERTHIMLE R

bR 7 REVER TR, T B g A e ARG 4% TR BN R
AL S — e AR AT 48, 2 N TR ZE R NAE . X
RSN B, FIEE — P ReLUBLE K%, AAEAH:

FEN (X) —max (O’ XW 1+b 1) W2+b 2 (5.21)
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IR E i NS d model #2512, H0[E] Fa BT AN 5L
d ff42048, BEARIGHN .

class PositionwiseFeedForward (nn.Module) :
"SI FEN R A
def init (self, d model, d ff, dropout=0.1):
super (PositionwiseFeedForward, self). init ()
self.w 1 = nn.Linear (d model, d ff)
self.w 2 = nn.Linear(d ff, d model)
self.dropout = nn.Dropout (dropout)

def forward(self, x):
return self.w 2(self.dropout (F.relu(self.w 1(x))))

5.4.7 TALEE N NEHE

NI P BB R IDR 51, B CARRAT TG AT AL R . S S A
HArE S8 EmAN, WAARIEFHE— AQ)%TEESE%%%EF%EEEEEEBZ%J
LR, X A] PUE I AT ) Generator 8K SEI . Transformerfsi U 1)
ERINSHIEFREREMEREE, M2, Eﬂ@ A) 15 FRREEA
EEEDA=R ﬁi}i%ETransformerqjﬂzbz¥§[iﬁUHﬁ XA A 5L FR .
Rlt, fETransformer ™ 5] AA7 B A5 B X T-CNN, RNNZE AU A JEH 8 2L
FIER %%%ﬂﬂﬁ%%ﬁﬁ%@ﬁ&%: Pyt — N ER N RN G — A
PIAERE, AR 5 R AN R AN NS 21 22 S = IR o X & N ) b 2
R E5-31 R

K5-31 i AL IR
1. AN BIEGE % 9Embedd ing
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S N B #5 45 NEmbedding, BEARRRGUNR

class Embeddings (nn.Module) :
def init (self, d model, vocab):
super (Embeddings, self). init ()
self.lut = nn.Embedding(vocab, d model)
self.d model = d model

def forward(self, x):
return self.lut(x) * math.sqrt(self.d model)

2. NI E YRAD
AR T LT /AW TN
PE (pos, 27) =sin (pos/100027/d model) (5.22)

PE (pos, 27+1) =cos (pos/100027/d medel) ) (5.23)

HARSEHAE R
class PositionalEncoding (nn.Module) :
" ify‘[l“PE gli&"
def init (self, d model, dropout, max len=5000):
super (PositionalEncoding, self). init ()

self.dropout = nn.Dropout (p=dropout)

# I EAE Y

pe = torch.zeros(max len, d model)

position = torch.arange (0, max len) .unsqueeze (1)

div_term = torch.exp(torch.arange (0, d model, 2) *
- (math.log(10000.0) / d model))

pel[:, 0::2] = torch.sin(position * div_ term)

pel[:, 1::2] = torch.cos(position * div term)

pe = pe.unsqgueeze (0)

self.register buffer('pe', pe)

def forward(self, x):

X = x + self.pe[:, :x.size(l)].clone().detach()
return self.dropout (x)

FEIXHEIHH TModule. register bufferpfi#. ZRENI/EH 2
GE— M bufferZz X, X HilpefrfF K. register bufferidl
WA TR NS ANE, HBinfEBatchNormA, oAl 1F B4R
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fFrunning mean CPFINIFE) , EARKEMUPISE (ANEEITIERE
AWSEO , HeEMsEce, mHAEN )RR E A 2. X
BRI, pee— MERiH R EE, fEforvard N4 H
B, EMIE R R IR A EpelffrEElsel I, (HE{Eforward %l
VB DLEEMAE T (self.pe) o WHRHEAE (FHI4L) AL 3|
%L, NIPyTorchE SRSz i X B B a PR AT BIRERL, IXFE T4 I
B A BEK E EAT o

3. AL E AL

i N K EAL100IDF 4, Wi NEmbedding2 J5 2 (10,
512) , MMl BgfLmfm b tg (10, 512) o XtNpositZfiE (0
~9) , 5124k B e FH sinpR %y, T A2 4Efd FHcospRi%l. XL
B YU A& PEpos+kn] PAFR /N I PEpos 28 BR L,  IXFE FT
L REIR AR Gy 2 S BIFA XA B R R . 5325 21X FE— Il
)& K/Nd _model=20, X HLm H KM ZH4. 5. 6f174E C N NEITF
1) 4ERIEIE, KK E 2100, A LLERIENTEZ1IETZ (5% &
B, 1 H R R A

E5-32 “TAAAL & GmAD B AT 4%

HER)KEN100, EHEEWD model=20
plt.figure(figsize= (15, 5))

pe = PositionalEncoding (20, 0)

y = pe.forward(torch.zeros (1, 100, 20))

plt.plot (np.arange (100), yI[0, :, 4:8].data.numpy())
plt.legend(["dim %d"%p for p in [4,5,6,7]])

4. 18 Bl

A S B 2 B ) ] B s B
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d model, dropout, max len=512,0,5000

pe = torch.zeros(max len, d model)

position = torch.arange (0, max len) .unsqueeze (1)
div_term = torch.exp(torch.arange (0, d model, 2) *-
(math.log(10000.0) / d model))

pel:, 0::2] = torch.sin(position * div_term)
pel:, 1::2] = torch.cos(position * div_term)
print (pe.shape)

pe = pe.unsqueeze (0)

print (pe.shape)

5.4.8 TR 2%

TR B A% B RS N e M g, SEIARIS IR .

def make model (src vocab, tgt vocab,N=6,d model=512, d ff=2048,
h=8, dropout=0.1):

L AR AR

Cc = copy.deepcopy

attn = MultiHeadedAttention (h, d model)

ff = PositionwiseFeedForward(d model, d ff, dropout)
position = PositionalEncoding(d model, dropout)
model = EncoderDecoder (

Encoder (EncoderLayer (d model, c(attn), c(ff), dropout),

Decoder (DecoderLayer (d model, c(attn), c(attn),
c(ff), dropout), N),
nn.Sequential (Embeddings (d model, src vocab),
c(position)),
nn.Sequential (Embeddings (d model, tgt vocab),
c(position)),
Generator (d model, tgt vocab))

+ BENWIIE S E, FEREE, XHMGlorot/fan avg
for p in model.parameters() :
if p.dim() > 1:
nn.init.xavier uniform (p)
return model

B 5eilcopy. deepcopyfn & Nc, XFER] LA N AACHS & v —
o, ARIGH)EMul ti—-HeadedAttentions PositionwiseFeedForwardAll
PositionalEncodingXf % . &M itiEncoder-DecoderXt %, %Xt %=
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HEANZH: Encoder. Decoder. src—embed. tgt—embedfll
Generator,

BAVGE G = RBE S8 Generator ] PLEH AL, ERIME
FH A FEAB AR 1) e . e A8 B HH IR I AER s Tl sre—embed & — MR A JZE Al
—/MMIBE R Ee; tgt-embed 52 FAL,

i )G A1 FEDecoder (EncoderfilDecoderZfLl) . Decoder M
DecoderLayerZH ¥, [MDecoderLayeriE &L Nself-attn. src—attn.
HEHE MDropout /2. KIANFTA HIMul ti—HeadedAttention#f & —FF
Ky, RN EEIRE S H] (deepcopy) #iT; [, FrEH
PositionwiseFeedForwardtl & — R, FATAT LR B & il A H B

&

KPR, AT LR BB G SRS A, G R P

FIMHR— AR A, N BAniBA)KE S AN10, Encoder. Decoder®2/Z.
tmp model = make model (10, 10, 2)
tmp model

5.4.9 IR

1) YIZRAT, @ —METHKIZRBatch2s, BAkg i
T

class Batch:
"EENZRIIE], A A D B R s
def init (self, src, trg=None, pad=0):
self.src = src
self.src mask = (src != pad) .unsqueeze (-2)
if trg is not None:
self.trg = trgl:, :-1]
self.trg y = trgfl:, 1:]
self.trg mask = \
self.make std mask(self.trg, pad)
self.ntokens = (self.trg y != pad).data.sum()

@staticmethod
def make std mask(tgt, pad):
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"Create a mask to hide padding and future words."
tgt mask = (tgt != pad) .unsqueeze (-2)
tgt mask = tgt mask &
subsequent mask(tgt.size(-1)).type as(tgt mask.
data) .clone () .detach ()
return tgt mask

Batchtyid sRF 1% N sre. trgfipad, HAtrgIERiME N
Noneo KIFHM PRI A tet . NfE THE, X HHA— M7k
B . BRI X NGB — T Batch, srclJ4EE -~ (40, 20) , Hr
402t E RN, 202 KA KR, HARAE A I #E 78 520,
MtrglI4EE N (40, 25) , FaBIVEERIERKA)TF&257MA, B
AR PP,

W4, src maskBEUMASZIINE? VR, FKIAR (src !'= pad) &
fetlisrc R FOMBT 2 E N1, PLRRNECERFERTEREA. A5G
unsqueeze (-2) #src maskZFRY (40/batch, 1, 20/time) . ‘EHIFHE
A MattentionBhE.

gy CCAZUMsEEA gy, ZmamiEA (Teacher

Forcing) f&—MHRINZGE RFIEB R TVE, 1ZI71EU E—RZIF)
MIHEAEAN T I ZIF N ik, Decoderfd — N AR — . L
mXFFH) 1 “<sos> it is a good day <eos>” , TIASAK” <{sos>
it is a good day” , T#iH A” it is a good day<eos>” o X%
RIGH, self. trg@@iiN, TMiself. trg yl&fith. RN
self. trg@tATHEMERAE, 15 HVER ARV M AR KRN . X218
Nmake_std maskeECSCHLA, Ko/ oM 2 T AR B SEATAN 40
subsequent maskRi#, mZAFFHHItrg maskHshapest (40/batch,
24, 24) , RIR2ANBTZIFIFERSFEME . ZHFEERTH e N A, X
BAHKIR,

&, src_maskHJshapes& (batch, 1, time) , TMtrg maski&
(batch, time, time) o IXs&[K Nsrc maskPIRE—ANH ZIELGE I B
T CRAHITIAD KB M RAT T, 1
trg maskd E—NHERE,

2) MM ZRsACR A, BRI T

def run epoch(data iter, model, loss compute) :
"Standard Training and Logging Function"
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start = time.time ()
total tokens = 0
total loss = 0
tokens = 0
for i, batch in enumerate(data iter):
out = model.forward(batch.src, batch.trg,
batch.src mask, batch.trg mask)
loss = loss compute (out, batch.trg y, batch.ntokens)
total loss += loss
total tokens += batch.ntokens
tokens += batch.ntokens
if 1 % 50 == 1:
elapsed = time.time() - start
print ("Epoch Step: %d Loss: %f Tokens per Sec: %$f" % (i,
loss / batch.
ntokens, tokens / elapsed))
start = time.time ()
tokens = 0
return total loss / total tokens

‘Bl [Jjepoch (epochfg BN ZREMINGRIIRED &SR, ARG
W forwardpi %L, $2%E Hloss_compute R EiHHAEE, FHHSHIEH
XAl loss,

3) XEPEHATHEAAFE, AT

global max src in batch, max tgt in batch
def batch size fn(new, count, sofar):
"Keep augmenting batch and calculate total number of tokens
+ padding."
global max src in batch, max tgt in batch
if count == 1:
max_src_in batch = 0
max_tgt in batch = 0
max src_in batch = max(max src in batch, len (new.src))
max tgt in batch = max(max tgt in batch, Ilen(new.trg) + 2)
src_elements = count * max src in batch
tgt elements = count * max tgt in batch
return max (src elements, tgt elements)

4 S, LA
class NoamOpt:

AR ST R AR

def  init (self, model size, factor, warmup, optimizer):
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self.optimizer = optimizer
self. step = 0

self.warmup = warmup
self.factor = factor
self.model size = model size

self._rate_= 0

def step(self):

"R SR S ] R

self. step +=1

rate = self.rate()

for p in self.optimizer.param groups:
pl'lr'] = rate

self. rate = rate

self.optimizer.step ()

def rate(self, step = None):
"Implement "“lrate’ above"
if step is None:
step = self. step
return self.factor * \
(self.model size ** (-0.5) *
min(step ** (-0.5), step * self.warmup ** (-1.5)))

def get std opt (model) :
return NoamOpt (model.src embed[0].d model, 2, 4000,
torch.optim.Adam (model.parameters (), 1lr=0, betas=
(0.9, 0.98), eps=1e-9))

5) NHREZAFREAF SR, PL RIS & —
Honf], HizsAT45 R anE5-3307s .
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K5-33 FR%=TFIEHTHEFIL

# SR IR N .

opts = [NoamOpt (512, 1, 4000, None),

NoamOpt (512, 1, 8000, None),

NoamOpt (256, 1, 4000, None)]

plt.plot (np.arange (1, 20000), [[opt.rate(i) for opt in opts]
for 1 in range (1, 20000)])

plt.legend(["512:4000", "512:8000"™, "256:4000"])

6) 1ENIAL . X AREAME WAL T g AR, AT DL i Y ) RE Aff 4
BLEUAM %11, fRAg iR,

class LabelSmoothing (nn.Module) :

"Implement label smoothing."

def init (self, size, padding idx, smoothing=0.0):
super (LabelSmoothing, self). init ()
#self.criterion = nn.KLDivLoss (size average=False)
self.criterion = nn.KLDivLoss (reduction="sum')
self.padding idx = padding idx
self.confidence = 1.0 - smoothing
self.smoothing = smoothing
self.size = size
self.true dist = None

def forward(self, x, target):
assert x.size(l) == self.size
true dist = x.data.clone()
true dist.fill (self.smoothing / (self.size - 2))
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true dist.scatter (1, target.data.unsqueeze(l),
self.confidence)
true dist[:, self.padding idx] = 0
mask = torch.nonzero(target.data == self.padding idx)
if mask.dim() > O:
true dist.index fill (0, mask.squeeze(), 0.0)
self.true dist = true dist

return self.criterion(x, true dist.clone() .detach())

X B e 8 SRR S A B 2K, 1225 KBS H 2k
(nn. KLDivLoss) SEHARZE . BIE— N0, %04 B X
IR EEE, MHR S E S MR

crit = LabelSmoothing (5, 0, 0.4)

predict = torch.FloatTensor([[0, 0.2, 0.7, 0.1, 0],
(6, 0.2, 0.7, 0.1, 01,
(6, 0.2, 0.7, 0.1, 011)
v = crit(predict.log () .clone() .detach(), torch.LongTensor ([2,
1, 01)
.clone () .detach())

plt.imshow (crit.true dist)

BAT S R UK5-34 175

B5-34 AR&pH KA
SE T P53 4 T DA AT 5 F B 43 P R ) P4 B«
crit = LabelSmoothing(5, 0, 0.1)
def loss (x):

d=x+ 3 *1
predict = torch.FloatTensor([[0, x / 4, 1 / d, 1 / 4, 1 / d1,])
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return
crit(predict.log () .clone() .detach(),torch.LongTensor([1]) .clone

().
detach ()) .item()
plt.plot (np.arange (1, 100), [loss(x) for x in range(l, 100)])

MIES-35R LA, Wb I T 4508 IR FARE A 5
y B AR AL B S Br b T 6 X A R 3 BN S0

E5-35 IARE-FRAEEHMEAH TR
5.4.10 SEIL—E] B s

T BA A AT ERL AR 3 B IR PR A
1) Al i

def data gen(V, batch, nbatches):
"Generate random data for a src-tgt copy task."
for 1 in range (nbatches):

#fltorch.EmbeddingfIHi AR K NLongTensor,

data = torch.from numpy (np.random.randint(l, V, size=
(batch, 10))).long()

datal[:, 0] =1
src = data.clone () .detach()
tgt = data.clone () .detach()

yield Batch(src, tgt, 0)
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2) FE XK AL

class SimplelLossCompute:

AN R T SR R R AL

def init (self, generator, criterion, opt=None):
self.generator = generator
self.criterion = criterion

self.opt = opt

def call (self, x, y, norm):
x = self.generator (x)
loss = self.criterion(x.contiguous () .view (-1,

xX.size(-1)),
y.contiguous () .view(-1)) / norm
loss.backward ()
if self.opt is not None:
self.opt.step()
self.opt.optimizer.zero grad()

return loss.item() * norm
3) YIZRTa] HAE 55
v =11
criterion = LabelSmoothing(size=V, padding 1idx=0,

smoothing=0.0)

model = make model (V, V, N=2)

model opt = NoamOpt (model.src embed[0].d model, 1, 400,
torch.optim.Adam (model .parameters (), 1lr=0, betas=(0.9,

0.98), eps=le-9))

for epoch in range(10):
model.train ()
run_epoch (data gen(V, 30, 20),
model, SimpleLossCompute (model.generator,
criterion, model opt))
model.eval ()
print (run epoch(data gen(Vv, 30, 5),
model, SimpleLossCompute (model.generator,
criterion, None)))

IBATE R (5 Ja J LSRR an ks
Epoch Step: 1 Loss: 1.249925 Tokens per Sec: 1429.082397
Epoch Step: 1 Loss: 0.460243 Tokens per Sec: 1860.120972

tensor (0.3935)
Epoch Step: 1 Loss: 0.966166 Tokens per Sec: 1433.039185
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Epoch Step: 1 Loss: 0.198598 Tokens per Sec: 1917.530884
tensor (0.1874)

4) N7 RGN, SO A ST AR MR AL R TN B 45 R

def greedy decode (model, src, src mask, max len, start symbol):
memory = model.encode(src, src mask)
ys = torch.ones (1, 1).fill (start symbol).type as(src.data)
for 1 in range (max len-1):
#add torch.tensor 202005
out = model.decode (memory, src mask,ys,
subsequent mask (torch.tensor (ys.
size(l)) .type as(src.data)))
prob = model.generator(outf:, -1])
_, next word = torch.max(prob, dim = 1)
next word = next word.datal[0]
ys = torch.cat([ys,
torch.ones (1,
1) .type as(src.data).fill (next word)], dim=1)
return ys
model.eval ()
src = torch.LongTensor([[1,2,3,4,5,6,7,8,9,1011])
src _mask = torch.ones(1l, 1, 10)
print (greedy decode (model, src, src mask, max len=10,
start symbol=1))

BATERUIE

tensor([([ 1, 2, 3, 4, 4, o, 7, 8, 9, 1011)

[1]BLEU (Bilingual Evaluation Understudy, & iFAi&%4%)
aE, FRATHAMERE LA S AF LA E, EAZEL, LA
AN A ARAR A
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h. o Transformer—XL

Transformer ¥ F HiEE 1L, A ALk 5a 2 B B8 R R
Kl Transformer 2wt (5 5 A0 52 S REAE Y BE JJ ELRNNER . {H A2
TransformerfE 2% > K BE B K M5 2 BE 11 7 HI oA & 52 3 bR SCK R
] e I RR il o BEAlh, XHERESAT B, BT MMT R e K,
Bt A& S 2 A ] 7

1) KA FUIE IR 238 TR S, AR TR I 25,

2) FrBIVIEAA 5 8 X, Wl R R AR I R 2 1 B = A
B A N 2 BRI T R .

N Transformer X 28 A, AATHEH T Transformer—XLo #l
HTransformer—XLT] LAE Evanilla Transformer2 > K EAMK#H(Z B K

ab
He o

W R, Transformer—XLIFAEE M 20174 KA ) JR 45 Transformer
HEALTI R, M —1Wvanilla TransformerfJit4As. Transformer—XL
FEGooglefE20 19 FEF2 B 1) —FE S B I & 5k, BB MR &
TEHLE] (Recurrence Mechanism) FIFHX B 2w (Relative
Positional Encoding) , PAFafkvanilla Transformerfii#e i 24K
HR TR S R BN SCRE R A IR . B 2 R S A I
Transformer—XL: Attentive Language Models Beyond a Fixed-
Length Context. FHMNACHIHB}E N
https://github. com/kimiyoung/transformer—x1/.

5.5.1 S ATEAHNLHE

Hvanilla Transformer AL Z A&, Transformer—XLA/38R 1% H
ST AT @R, (HH Hvanilla Transformer AN [E 2 4bf2
Transformer—XL5| A T B¢ (segment) HEZ [A]RIaH ML, {613 2077
BRCAE A ) Ik BE 8 R FH 22 AT B A SR S I I, AE IR
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AT — Bt A 5 IERE, AT R At iE, aiE5-36/T
71N o

B5-36 Transformer—-XL&y7|Zhit4E

K5-3672 Transformer—XLEJ Y Zxid#E, 7] LLE 2| Transformer—XL
ENG—AH BN, SFHI—MRAER, WRANGF Y, Ha]
DL R LA B, BE5-36 M B 2R B 2 s L ay BER H i — MR {3
B HHEINLEE ¢ + 1DNEE, Transformer—XLH 26 nZ NS

1

i D 5t I B S VR, B BOIR&EL THR A

2) % B U5, BB R, IXER AT A
PRI, Rk ZHRik (5.24)

W r+ 1IN B, AT TP AT E Transformer—XLEE nf= 1
B RS

Hrp

. RS THINBOE nR 5
. R THIAD B A SRS N BRIEE OORNEF

memory) o
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e SG (Stop Gradient) FiniFILTHEEE, BIJC/kmfEHE, HikEm

fE 55 .
o [° 1Tt ENE, —MHKE concat LI,
. XK RTransformerf]g. k. v =

TR, HE AN B ERR BRI, T
— P BEE

PLERINEER B M F 8GR, NI B, £5R
Transformer fE VAL BB %, —X REgEfAardt—2, il —-5a,
FEHFREMNL @A . MfETransformer—XLH, &R AT BART#E—4>
B, - HAIAH AT 2 A B S SR T 2 5y i 4 i . an 537,
Transformer—XLA] PASC R B KAREIIT L0 (VX L) , LRAR—NE
HIKE, MERTransformer ) EE,

B 5-37 Transformer—-XLiE4&E Y&

5.5.2 A AN B i b

TEIANLEN k2B, EAFRBARIRA, XHHHEAMAE (BiZE5)D
PIFR I B AL B b AR R o EbnifETransformerH, AT AL E
gt R X RIS RN, AR EEEXE VAN 2]
Transformer—XLAEA, TGk X 79 A [F] B H AR A7 B AH B AR AL
BHo tbln, B r BN rr 1B ML E R RE S o ~ ox
o1, AFEAMFERA BRI, (EEAI T r B g E B2t B A4
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FAMIE Bl o+ 1Bh R s ML E B EVE ] e 2k —2)
B, FEX R ERATIX 7. A4, QAT AR ER R BAE A A ORI AL B
1] 7L 2

fETransformer B i, I ia] [m) & A0 A7 B 7] = AH IS 215N 1] fe 2%
AN, SRIEIRHT — RIVERMERE, WANMEREFEZAITEES
g, HAhRs EAAL B gD % R . T HE R R R
=1 T E R A

{ETransformerf M fr, JE[F]— AN B v ESyd = 0 0 B 289 i)
Aillg AMRBEAEL AT,

IESINELIECE

HpF o E AR x BN, U R0 R AR
fir B 4

X (5.28) sETransformeritHiFE 1B A, 1M
Transformer—-XL A MG B A 51 A [F] By b m] A7 B 1 1A 8, fEiT &
VER 1B NN 7 ARX A B gmtd, X0 (5.28) 7 R eksl.

D ka3l (5.28) by dIUH AL B U A5 BOAHXS AL B S
it , B H B R OO BUIE Z TR A AL B, AR
ZARBARTERD], ER—PsinusoidifE, ARESHY .

2) AW (¢) WA, Al RN HEE NS
Al B ue ONAES BRI B %, AN EamrgEx g, ik
AR, BRI FERE R RE. FE, £ d) B H
BRN—NREZANSH Ry, XBAMAET  , JYEESIREH
AESL
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3) K AR E M EFEEN SN o~ Wy o AT IHE R
WNBMEREAE. 18R (5.28) BN ERER, EH
Transformer—XLi+5yE = 710 EU A 2

5.5.3 Transformer—XLitE &

223 RPN SHLEN, Transformer—XLAEfa A5 4 ] 5-38 ff 7
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K 5-38 Transformer—-XLZ#) & (Decoder)

H &|5-380] %1, Transformer—XLAH4 T Transformer ™ fJDecoder
F1 4 Encoder—Decoder—attention®l /s —PNZRA —PEFEE 113k
HITransformer—XLAE B R+ SRR AN R, X F =1, 2, -, M
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5.6 ffiHPyTorchfy @ Transformer—XL

f§i FH#A4%: Python3. 7+, einsum, PyTorchl+, GPUEKCPU

Hreinsum (ZREHEKRMNLZ)E) S HZHEEHEEH T, SikE
a8 (N MR BB, SR FERERE. HAh H e s i—
Fhfaicik. fEPyTorch. numpyfTensorFlowZ ZEMHITEE 2 > FETh #A
SEHL,  einsumfEnumpy S I SEZE Nnp. einsum, FEPyTorchH fsZE N
torch. einsum, fETensorFlow HsZEl Ntf. einsum.

FIEZEISTIE =7

e https://rockt. github. i0/2018/04/30/einsum.
e https://pytorch. org/docs/master/generated/torch. einsum. ht
ml .

AT FEATHPyTorch 1. 6 A S Transformer—XLHJEEAN TR, N
B R, AT E— AT L Head AttentionFT4s,
IRIGHEE S SkAttention, H/afdEiDecoder. JHE, XH
Transformer—XL¥% A ffi HEncoder.

5.6.1 #MJEE"THead Attention

BATEE ST BN Head AttentionFFiG. N TS HAK, AT
B — BRI EIIR A (seq = 7, batch_size = 3,
embedding dim = 32) HJHIAHRA . AL N, 7R AT AU
B, 7R8I, AR5 (5.30) FraaiitHidFE.

D SATHEME,

from typing import *
import torch
import torch.nn as nn
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import matplotlib.pyplot as plt
fmatplotlib inline

2) IR SR o

seq, batch size, embedding dim = 7, 3, 32
word embs = torch.rand(seq, batch size, embedding dim)

3) BT Y IETF A B HT T A E Nprev_seq = 6:

prev_seq = 6
memory = torch.rand(prev_seq, batch size, embedding dim) # LING]
seqRHUE & RAS

£/ NHead AttentionfIEIANA. @ V, BARLBEANT, XfRAb
PR E W& 5-39 7R

E5-39 ¥ A Head Attention®yZE#K

XA O VRZRTEARAL

XHREAS B E = 15030

KRN @, THE VR = IR EE 2
SEPNAR 72 1 B A0 1 A A

4) MNE5-39E AR, XQ. K VT EH AR,
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inner dim = 17 # RN 4

linear k = nn.Linear (embedding dim, inner dim)
linear v = nn.Linear (embedding dim, inner dim)
linear g = nn.Linear (embedding dim, inner dim)

5) BURAEANLE . SEZAFS S AT P, HaCPHRE
FIEAE NI A . EE, EASEWERE R, XERN
B A AR A TEE I — A 3]

word embs w memory = torch.cat ([memory, word embs], dim=0)

k tfmd = linear k(word embs w memory)

v_tfmd = linear v (word embs w memory)

g tfmd = linear g(word embs) # HEEquery AT H ], SIEZE A
memory

6) TFEIEE .

HAE, AT E I Trans former it 5 3% LU 45 ) A AR =&
77 F& eI 46 ) ARV E B I THESRAGIAS 1 A E A S AN ) & 2
(B AR . S T B BB B 4R R RS T “RIE” , ARG
BRI ER VRN RNEE TR, B AR T,

FAEARS 5 Tl s, S FHeinsumRmik. einsumf—/ N5k
TR NG R, X BRI AN (4, b, & R (4, b,
D, WA (4, 4 b, HEAHFERERER IR FEE RN
e 1nsum e 8 I BUFH [F) 7 75 8 4 B 1) S AR B

content attn = torch.einsum("ibd, jbd->ijb", g tfmd, k tfmd) /
(embedding dim ** 0.5)

AT A 2, FRATIG R B Sof tmaxii® . X BRI N EEE L R4
A Ge RS e BEWE = 1155« e AT AL B iR N, BIATSC 2
(5.30) T fali,

7 EI (5.29) e, AL ERTHETEEIE
queryfJ g MkeyHa &L o

see more please visit: https://homeofbook.com



u = torch.rand(1l7) .expand as (g tfmd)
content attn = content attn + torch.einsum("ibd, jbd->ijb", u,

k tfmd) / (embedding
dim ** 0.5)

XFEERRATIAS] 7 (5.29) djaliiflcTi,

8) TF&b. dIi. JeitH T AN AL E#R AN, Transformer—XLf#
FH [ 52 1 IE5Z RN

pos_idxs = torch.arange(seq + prev seq - 1, -1, -1.0,
dtype=torch.float)

inv _freq = 1 / (10000 ** (torch.arange (0.0, embedding dim, 2.0)
/ embedding dim))

sinusoid inp = torch.einsum("i,j->ij", pos_idxs, inv_freq)
plt.plot (sinusoid inp[0, :].detach() .numpy()):;
plt.plot (sinusoid inp[6, :].detach() .numpy()):;

BATEE R P5-40 17

E5-40 Transformer—XL{z & %+

E (5.29) b, dI:

linear p = nn.Linear (embedding dim, inner dim)
pos_tfmd linear p(relative positional embeddings)
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v = torch.rand(17) # positional bias
pos_attn = torch.einsum("ibd, jd->ijb", g tfmd + v,
pos_tfmd[:,0,:]) /
(embedding dim ** 0.5)
pos attn.shape
#4it . torch.Size([7, 13, 31)

ERACH A AR AL B R AT IR R T R
0 (/7 o M TFEXAIE, BHEEHE—Aqueryitm s, AR5
AR query RIAHM AL B R RN, FIREIN ] 5228 BE /D 210 ()

zero pad = torch.zeros((seq, 1, batch size), dtype=torch.float)
#F|Hpadding MshiftinghemA0tHEIERE T

pos_attn = (torch.cat([zero pad, pos attn], dim=1)

.view(seq + prev_seq + 1, seq, batch size) [1:]
.view as (pos attn))

9 WS HEETI T
raw_attn = content attn + pos attn

10) & valueJ AR . EATIE S @R, FEMIEBENEE
N AZ T H) B R . fETransformer™, FRATEMN B FEE 10 EXE N
ORSEIIX — /o TP 55 FA A A B 1 7

mask = torch.triu(

torch.ones ((seq, seq + prev_seq)),diagonal=1 +

prev_seq,) .bool () [...,None]

raw _attn = raw attn.masked fill (mask, -float('inf'))
THARIGXT R (5. 34) IR

attn = torch.softmax(raw attn, dim=1)

attn weighted sum = torch.einsum("ijb, jbd->ibd", attn, v_tfmd)
attn weighted sum.shape
##HIH: torch.Size([7, 3, 17])

1) JRHIFRHEAL . RER IR oy R 4R E, IR A
REEREMZbRHEL . X H X B3 (5.35) FIAHR. A%

linear out = nn.Linear (inner dim, embedding dim)
layer norm = nn.LayerNorm(embedding dim)
output = layer norm(word embs + linear out (attn weighted sum))
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output.shape
#H#HIH s torch.Size ([7, 3, 321)

b, WA TiFE R (5.30) WIFES, B R RSLILZ ST E
FETRIBAR

5.6.2 MJEMultiHeadAttention

gEE FIRRRE AL, M NDropout =, A5 %|MultiHeadAttention
R,

from typing import *
class MultiHeadAttention (nn.Module) :
def  init (self, d input: int, d inner: int, n heads:
int=4,
dropout: float=0.1, dropouta: float=0.):
super () . init ()
self.d input = d input
self.d inner = d inner
self.n heads = n_heads
# LN 2 A
O TR, BN Bk 5CE EAE
self.linear kv = nn.Linear(
d input,
(d_inner * n heads * 2), # 2F/keyfllvalue
bias=False, #NEHEEZNL, XEARGWE
)
# queryhHmemory IRASHIIER:
self.linear g = nn.Linear (
d input, d inner * n heads,
bias=False
)
# WAL BN (embeddings)
self.linear p = nn.Linear (
d input, d inner * n heads,
bias=False
)
self.scale = 1 / (d_inner ** 0.5)
self.dropa = nn.Dropout (dropouta)
# o NGRS
self.lout = nn.Linear(self.d inner * self.n heads,
self.d input, bias=False)
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def

def
d in)

d in)

d in)

self.norm = nn.LayerNorm(self.d input)
self.dropo = nn.Dropout (dropout)

_rel shift(self, x):
zero pad = torch.zeros((x.size(0), 1, *x.size()[2:]),
device=x.device, dtype=x.dtype)
return (torch.cat([zero pad, x], dim=1)
.view(x.size(l) + 1, x.size(0), *x.size()[2:])

.view as(x))
forward(self, input : torch.FloatTensor, # (cur_seq, Db,
pos _embs: torch.FloatTensor, # (cur seq + prev_seq,
memory: torch.FloatTensor, # (prev seq, b,

u: torch.FloatTensor, # (H, d)
v: torch.FloatTensor, # (H, d)
mask: Optional[torch.FloatTensor]=None, ) :

mwman

pos_embs: FINTTEALBARRALE, BT LAFRATEIAE B A7 B IR
BMAEIR: (seq, bs, self.d input)

pos embs JEIR: (seg+prev seq, bs, self.d input)
WIHIEIR:  (seq, bs, self.d input)

cur seq = input .shape[0] # METBFHIKE

prev_seq = memory.shape[0] # HI—BFTHIKE

H, d = self.n heads, self.d inner

input_with_meﬁory = torch.cgt([memory, input ], dim=0)

e P AR

(memory)

# LU R P9 R K EIRR
# cs: current sequence length CHATFIKE) , b:

batch (#it&E) , H: number

of heads CL#O

# d: inner dimension (N¥4EfE) , ps: previous sequence

length (L—FHKE)

dim=-1)

# G ET BB A TR T ) BN S

k tfmd, v _tfmd = \

torch.chunk (self.linear kv (input with memory), 2,
# (cs + ps, b, H * d)

g tfmd = self.linear g(input ) # (cs, b, H * d)

# DA AT R A
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# IEHHEELLN4EE, X£ETransformer/Transformer XI, Z2fgH

INPRsEsE (2

AL,

=1

HiER

w/MEER

_, bs, = g tfmd.shape

assert bs == k tfmd.shape[1l]
# EETNEREZEII CHRRICH (a) v (c))
# X Trans former MpREE R JIARIE, fETransformer XLAEM)H
BAAE RN RS
¢ iR EWEE, NAETRA/ BEREL G
# JRoNEE/MEREE, AT H TR A E
content attn = torch.einsum("ibhd, jbhd->ijbh", (
(g tfmd.view(cur seq, bs, H, d) + # (a)

u), # (o) : ufRERR CHSLTEED , WA/

# EE: ERFEEMERINELESH
k tfmd.view(cur seq + prev _seq, bs, H, d) # X HARE AL

)) # (cs, cs + ps, b, H)

# ETALE PRI G NI () + (d))
# XAMERBEEETRE/MENME (RIEAFEEE/ERINE
p tfmd = self.linear p(pos embs) # (cs + ps, b, H * d)
pgsition_attn = torcﬁ.einsam("ibhd,jhd—>ijbh", (

(g tfmd.view(cur seq, bs, H, d) + # (b)

v), # (d): vERER L TERD , WEENMEEE
p tfmd.view(cur seq + prev seq, H, d) # # FEXHEKA

)) # (cs, cs + ps, b, H)

# AROTEALEERT

position attn = self. rel shift(position attn)

# RER IR AT A B R A

attn = content attn + position attn

if mask is not None and mask.any () .item() :
attn = attn.masked fill (mask[...,None], -

float ('inf'))

e

attn = torch.softmax (attn * self.scale, # R 4E T LA 1E1E

dim=1) # FeiEWAET S
attn = self.dropa(attn)

attn weighted values = (torch.einsum("ijbh, jbhd->ibhd",
(attn, # (cs, cs +
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v_tfmd.view(cur seq + prev seq, bs, H, d), #

)) # (cs, b, H

.contiguous () # AR, IEMETE

.view(cur seq, bs, H * d)) # (cs, b,

#H [l N HE B IR IR 22 i

output = input +
self.dropo(self.lout (attn weighted values))

output = self.norm(output)

return output

i — P BEHLER 1% 2 SkIE R T .

mha = MultiHeadAttention (32, 17, n heads=4)
inpt = torch.rand(7, 3, 32)

pos = torch.rand (13, 32)

mem = torch.rand (6, 3, 32)

u, v = torch.rand (4, 17), torch.rand (4, 17)
x1 = mha (inpt, pos, mem, u, V)

x1.shape

#HiH: torch.Size([7, 3, 321)

5.6.3 #HJ%ZDecoder

fFDeocderfihrf, % TMultiHeadAttention/Z4},
7=

class PositionwiseFF (nn.Module) :
def init (self, d input, d inner, dropout):
super () . init ()

self.d input = d input
self.d inner = d inner
self.dropout = dropout
self.ff = nn.Sequential (

H * d)

(cs +

14

d)

nn.Linear(d input, d inner), nn.RelLU(inplace=True),

nn.Dropout (dropout),
nn.Linear (d inner, d input),
nn.Dropout (dropout),
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self.layer norm = nn.LayerNorm(d input)

def forward(self, input : torch.FloatTensor, # (cur_seq,
bs, d input)
) —> torch.FloatTensor: # (cur seq, bs, d input)
ff out = self.ff (input )
output = self.layer norm(input + f£f out)
return output

7dDecoder B AIACAL 1 R -

class DecoderBlock (nn.Module) :
def init (self, n heads, d input,
d head inner, d ff inner,
dropout, dropouta=0.):
super (). init ()
self.mha = MultiHeadAttention (d input, d head inner,
n_heads=n_heads,
dropout=dropout,
dropouta=dropouta)
self.ff = PositionwiseFF(d input, d ff inner, dropout)

def forward(self, input : torch.FloatTensor, # (cur_seq,
bs, d input)
pos _embs: torch.FloatTensor, # (cur seqg +
prev_seq, d input),
u: torch.FloatTensor,
v: torch.FloatTensor,
mask=None,
mems=None,
) :
return self.ff (self.mha(input , pos embs, mems, u, v,
mask=mask) )

PRF e, X B RS ARS . S8 B AR E B A A R B

(H, d input),

#
# (H, d input),
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h. 7T Reformer

Transformer{Rom K, HAFMEFEENTIRETEIR 22 7 1HI # i A A% St 11
A%, UORNN, LSTMEE. AidHam K1 &5 2B KRR S #,
thtn, b H s K Transformer 5 ¥ KE, HfAESHE 524
2GBINAE, Fhn bftm KA. AW 55 i B 2GBIN A7 A 4,
BURWNAATEHAET Ko Wb WAR A . I Al gy, AbPERE K
7 B A5 it R 9 38 ) A ke 4 1) R

Reformerift & A T f e Transformerit 8 44 Bt Ak DL 5 F N AF
2R R SRR . E R B RS EAREIE R 71

D) P& g 2 SiE = I SO A R UK IS A7 (Locality—
Sensitive Hashing, LSH) HJVE= JIHLH;

2) ffiHi¥ Transformer (Reversible Transformer) .

5. 7. 1 A% ] Jay Al B/ s 7y

HI X A VEAE 714 2 kiE = P, 5. 4. 5755 Frik, 3
FERJIVHECRH M Z SRR FYE, oM ARG 2 — M AHRUERE . X
MNERELE A)F IR KPR R R R, RN SECFERERRK, Er
R B0 (£2) , HA Lt 2 FIIKE. STk, Reformerff
H T R #Usns 75 (Locality-Sensitive Hashing, LSH) KfEifbi%it
5o LSHEAZ O JBAR R Z: M= A EAHIE RN &, &fidhashpgil
JE IR FEARIT A o AEIX BT 5 ORI AT S AR 2 1 3R 31 o0 AR AL A 588
9, BT D EE P IR M =S AR, B] BRSO T A AR
oy ALSH, PR R AR EEARHI0 (L long L) o LSHEYJFE AN
KI5-41 75 o

K5-41rp feor | LSHI BAR TSRS, W& —4A)3lh, H e HILSH
RIS BEABRBEAT 20, REARACLR BT 20 TS (R — M LT o AR e s —
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MIATA G 2 T R A R AR BAE, ORI B IR R T
AR AL 0 2 4 23 BUAS R AR B A 1R 0

E5-41 LSH/R3Z

5.7.2 Al AZ= M 4%

LSHfFE Y 715 24 BE o) J, IR — 5850 WA T it N AF o5 FH I
W@, Transformer PAFTEAR 2R IR 7y, H— MR EERE T E
FATFEEE A, SUEH M RIERRERH, XS E0™E R NAAR
%% . ReformerfH% T RJIFRZM 4% (RevNet) WJEAE, AFEARAEE]
JERR LSRR N, R BEIE G — E T LS H A (]
JZHIEN, R I0 R 4% FEAR A8 o A P ml i ik 25 R 4% i R N A
FH A @ BEA TR B 4R

D @R ZEM S TE R N y=xt £ (o, Teik My EIHE H

2) EHAA N x (x5, WRJE A BB OREAT R ZEE
%, HREly My o, nEREMZEEE:
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V=x (7F(x 9) 5 ¥ o=x o6 (x ) (5.36)
3) B IRIALEIHE S 15
X 1=y I_F (X 2) y X o=V 2_G (X 1) (5 37)

XH, RBAEER I, RGBT
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5.8 /N

REFENGEE IS, A —RAEE AL & 33 E L
fillo VEEJINGIHER EE, FIHE4TENHEncoder-Decoder i B 7E
B ZVE = LRI, P Re Sz A RE AERIR — M, BN B3R E I H LA
J5, BORBRIKERA. #ENDH [ Transformer, MR T
Encoder—-Decoderti R, (H7ESwmMG#sBuidas T H 1 2 Kkik=E Il
i, AETEREE T — KB ER. ZJE3ATT A4 1 Transformer AP A4
Bt A: Transformer—XLAIReformer. 1X P03 fCAS IR ZE A HY R
R PR &, S nfm A B S

Transformersg—/N5@ KHPRFALSEE TR, 582 4R IAR 2 T 25
AL T8, ORI v LLEAT 1 #.
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o
MWord Embedding#I|ELMo

HITH LR T BN (IR LS V3= TP 5 3%
RN, B ORI T A B anflic F X Ee il . A FE FEANH—Fh i
SCAELSTME A EIELMo T 2R . X5 PA4F Bword2vec X GloVeZE 1M
&, EMoliH T BB i X H)—2 . Word Embedding i A& —F i
SPHRATTIE, FriE e STa B I Zh T 2 Ja BEAS 516 1) 220K 5 [3]
E T, ERESHERN, Wm0 LR SRR A, XA R
Word Embedding#iAN&ffisE bR 35 AL T AR L . (HIXF R PR 1
IR Z s iy, B —ANia] fO3E SF A & B HAE S AN [F) 1 A
Ao LA “SER” AR, EARRES S, ELENIZMER, HART
FrimiEsE T, ERRIERAFFHLiPhone. A4, NAZUMA R HIX
— @ ? REMKAHER, WEANEKNEWNT:

o Mword2vecE|ELMo;
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6.1 Mword2vec#|ELMo

word2vecSZE T ML 2 Word Embeddingft)— K335, @i
word2vec ¥ f5, — NEIAIN N —N A&, RIEPRIEEE 7, H
LT RAE S ] LA BRI . {Hword2vecib & A itk —
TA) 22 SCI)IA) R, B AN FE U0 e e B ] Bl R 53 A8 A4 T AR A4 1) 1) A

WA FIE, 2 n2aREsHPLE IS, AESRIE
PR R ) —FP AL . Bkl “Don’ t trouble trouble” , AIEHIFEN
“Hli 7”7, HArtroubleX ANEELE T —H 2 . W Hword2vec
BRYIZ5 )5, trouble A XN —ANA &, EAATCIEX XS troubleff]
AN E o 2% L, ARRAIE, P AEHMESF, #F
e IR AL A )R . ArAT i XA ) L, — B AT 0 A BASK 1Y)
W)@, AT DAt ELMo Bl A& ik L8 o] @ g HE 1), ELMof g H Bk
FATMIA RN (Word Embedding) BARHEN TiEES A ERA
(Contextualized Word-Fmbedding) K4 !
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6.2 TAALELMo J7 B

ELMo3k H it X Deep contextualized word representations, 't
& “Embedding from Language Models” HITEIFR, %8 201844
NAACLEZR, FEPFN20185E 113,

Mg S H T LLE Y, ELMo A% 0 JBAR 3= SR IIAE IR R X
(Deep Contextualized) . S5EFAHIEBRAAF, ELMoRgHE LGS
RN AN, b FR AR plxX e 3m] i NP 2 Y, Bir DUAE SE b4
i, EMLom] DAZEF AR A, ARHESZhR BT 303 58l 2 TR 1] 1)
Word EmbeddingZR7~, XFFLIL IR G HIWord Embedding B RERIALE
EA BN SRR S, BRI AR T 2 SR IR . B PAELMo
SEIL T — AN HERAS R BT KER.

EMLo M 523l 3= 23k KB S 1% (Language Model) , 48R, ‘©ff
FIRAE S REAE fRER], BT B et N oA Z R 20 B
Embedding, HRIEFLFH A I EnbeddingR4 ik _E R SCTE K iWord
Embedding, #RE4H X AE S (GaBi-LSTM) AR bR SCAHZR T
Word Embedding. T[4 % 5 5 B 34T BAR MR

ELMo [ 3 AR AR Y 25 R 1 6 -1 T

see more please visit: https://homeofbook.com



Ké6-1 ELMoEARAE Al 25 4
ME6-17T ULE i, ELMof A AL PRRAE 7T 20 N R LA P IR,
1. AA]F

FITYEE BRI C, Hob BRORHEE K/ (batch size) , JERR—
A3 P R HAE B inum. words, CRIRNERDHIA ) BN R EH
(max characters per token) , BB NFAMEEE (U508

2. FHmIEE

WMINEAEAET — N F/YmiSE (Char Encode Layer) , KA
ELMoSERR Fag 2t T-24F (char) [, FrLlES X &4 i i pr A
FAIEAT IS, MINASRIXA B )RR . I & I R/ gbd 2 gl
EE‘%%&%}@E@?@E%%%R XA TRATFN N T — A0 FAEE T 0]

TYERE

M N T AR, DB BE 4 4 1] 1) A A4 4 15

. tlibeautyfibeautiful, BIEA T Xy M iE ) BN, X AE
AW Re e ] e T — e R L AR e .
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3. WEIES&EE

S FF RIS 5, %0 T4 W RE S AR (Bi-LSTD
RSN 8 3 JT IR 1 IS IE TR MU A (K35 5 B2, T e R AR AL 3k
TP, ERERH RN ([+1) B Ix2D, X B+152kx 2
7 HEWIEmbedding/=, A UK EER

4. BEE

BB ENERRIEZ )G, 28— 1MNREEE (Scalar Mixer)

TN I E )RR AT MRS, FHRAWELMoR &, 485
N (B W, 2D .

6.2.1 FIrgmisE

PRI RN R (B, W, O , MitgER (B, W,
D, BARGEINE6-2077~.

see more please visit: https://homeofbook.com



B6-2 R R & )
FREAD = (1) A R .

1. HANA)F
EFRIAMAN ) THBBICR N (B, I, O K&,
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2. Char Embedding

WHFA FRFHEATImb, ARG — SRR 75, W a1 45 <bow> .
PR S5 R Ceow> . B IE R <bos> (AJFHIHLE) « AIFHISE R
fieos> BRI EAF <pow> A F AN R/ <pos> 2, HEfEAN (B,
W, ¢, & , XHERFRIIEnbedding4EfE (char embed dim) -

3. Multi—-Scale CNN

Char Embeddingi@ it AN[EIFIAL (scale) HI—4E&FA. iLZ4EH
J5, BadBEEE, sEFAFFEMESCIRE (Concat&Reshape)
Zo

4. GConcat&Reshape

EERRMEREAT I, R (B, # dlte+dn)
X B AR B I G AR B EE

5. Highway Net
Highway NetZ{UBkZEER:, XHEA2MHighway/z.
6. Linear Projection

Linear Projection (ZMmiETE) : mIHTHEARK N =4EE
dl+d2+---+dmFfE LK, St XA IEIE ZE, BdEEmE 3]0, 1
MR NN G E T, X BB R4EE N (B, W D .

1) Multi-Scale CNNRJSZIACHDLUNT -

for i, (width, num) in enumerate (filters):
conv =
torch.nn.Convld(in channels=char embed dim,out channels=num,
kernel size=width,bias=True )
self.add module('char conv {}'.format (i), conv)

# forwardpREl
def forward(sef, character embedding) :
convs = []
for 1 in range(len(self. convolutions)):
conv = getattr(self, 'char conv {}'.format (1))

see more please visit: https://homeofbook.com



convolved = conv(character embedding)
# (batch size * sequence length, n filters for this
width)
convolved, = torch.max(convolved, dim=-1)
convolved = activation (convolved)
convs.append (convolved)
# (batch size * sequence length, n filters)
token embedding = torch.cat (convs, dim=-1)
return token embedding

2) Highway Net[ISZHLACHLUN .
¢ WL L

self. layers = torch.nn.Modulelist ([torch.nn.Linear (input dim,
input dim * 2)

for in
range (num_layers)])
# forwardph#
def forward(self, inputs):
current input = inputs
for layer in self. layers:
projected input = layer (current input)
linear part = current input
nonlinear part, gate = projected input.chunk (2, dim=-1)
nonlinear part = self. activation(nonlinear part)
gate = torch.sigmoid(gate)
current input = gate * linear part + (1 - gate) *

nonlinear part
return current input

6.2.2 X iE S A

ELMo K FH X [a] 15 5 F8Y, R [E] ) 25 & 1F [m) F0 S ) R I8 5 A, 1
H br & i KA B B LogUUAR{H :

Hpo . 6 M RN A EE . Sof tmax )z .
LSTMIE (A e [ [RS8, R85, Zramlgs 1 IR R AT A I ML, dx
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JEfE BB R ., WREZENSHe MSoftmaxZZH 6 AEHT A
MG s S A R IL =), (HLSTIMIE M5 RIS HRZS T . B
PRIZ N E6-3 TR

B6-3 miE s A
BE—JZ A AT AT B BRI 1] 25 0 1 170 4 RS2 1 A EE 543 17

Jl, BRI Y DA SR S L EAT HEAR . St 4ERE Dy (Z+1)
*BeIE2D, Horp LR+ D AR B IR FIIR AR o

6.2.3 A SELMotAl R A

WISbilMsEZ J5, R HL4EE )y (L+1) *BxIE2D, SRJEHE K
RAMELMo [ & X Fa—"Mdt , LEMbilMsA R EREH2L+1
A, AR ARXaT:

Hrh ZiAffEnbeddingfi 2, Tt —)=
) 1E T7) A s [ 3 P 4% .
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N T A NIFRAL, ELMoZe b & A Z IR — A E: ELMo
B R ©e) o HiE &7 Rk nmz:
o RFOUE A R 2 3

Hor, prtask@gais s,  f2Softmax [ IEMLELE,

B2 NETESFHELMoE WA
(https://github. com/allenai/allennlp/blob/master/allennlp)

o

ELMoRR BYAE — AN R IERLEE B AT T 2R, IIZRI AN 35 BT Ar]
PR, aiseAsiaI LA, BBk a] DU AR KRB R E . JI1Z5 58 ELMofi
ﬂhﬁﬂuﬁkgﬁﬁﬁ¥,ﬁﬂﬁ¢ﬁ4$ﬁﬁ%%%%?%&m
1A 7] & o

see more please visit: https://homeofbook.com



6.3 /I

B A TR L E] BT word2vec PSR 25 ik L AL B . ELMoFiiil|
SRR A8 S AR, 12T AR Re s e 2 ELRE = 9058
RN, IS A ) Embedding. 249K, HT-ELMoX FILSTMZE
w, i, R IERRE ST, SRVETE A B K SRR K RO E R R T AT
B EIIANC . F—FRAVEN G —Fh 55 KT SR, %4570
TEAR ZNLPAE 55 TR I HUAS T AR &F 1 5t
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FTE
MELMoFBERTFIGPT

ELMofR A4 m] DIARHE b~ SCHUBr Al RRF IR, SeBIL 1 1] 1) B bl e
SRR . AN FIELMoAKRIILSTMA 284, S ECHL IR R fe %0
HUHE, AR T NS B BN B O EAT IR, Pl DAAE TR Ry
KIBRHER AR FERS . ShAh, LSTMESAMAILIZIRE, HEK M
TCRIBERFFA AR

NRARELMoRE Y frpix s n) @i, AAT 9T 1 3 J77%, UIBERT.
GPTEE T, XS RN L FLSTMAESR, T2 F—Fh i om K
HITransformerfEZs ., R RAZ RN PXEEF)GAET, BRI
INZECE

ELMo FI ALl 15

A A4 BERT & 32 ;

i FPyTorchSZ I BERT;
a] A4 GPT 5
GPT-3f&i /.
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7.1 ELMoffIflHh &

ELMoSEHL T M A a i N RIS RN, Bk A\ 23 Sial N
FIFEH, BUF gk T —8 2 iR @, (B [KELMof# FHBi-LSTM, 115K
TEHBIEAN B, B HI KIS 2w, 757 EREIEREE
AINGEEIEIE G, X PR R B R 5 m Ak ge AP0 etk

Ay R X HIE A, X e ATAER O ia) @, GPT. BERTEEAd A
Transformer{F AN IEHEEZS, RIFHUMR Y T HF & 8, TmBERTAE H
MLMBR TR, 7E 14 RE 1S 21 KR 37t

1. ELMoRYML =

ELMoSEIN, 7 AN L AR .

1) S EALE iR # N (Word Embedding) FF Feial#x A\
(Contextualized Word Embedding) HJ¥%%A%;

2) SEILTI A N ER S BB AR
2. ELMoBY&R =

BLMo TR Z A5 M (R RFAE SR R A ] T XU R A e 22 4% (B -
LSTM) , G LS I SR iTa Z4% P S W e B BN B4, 4%
PR 7R ACFERE Jy. BEAh, ELMoff)4E— B BHEM N7 1n i n) &,
Pt AR R SRR TS AR S8 1 B ) 52 20, TR 3R] IS g 4 1] =2
P
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7.2 W] AALBERT 7 2

AU FE R, ELMos& Tl SRR g S Bl SR HEEE T A8, A
I E TR LELST™, Xt ™ B fRE] 7 H IR RE ), X E R
WIERE, XREFEMA .. Ak, 878 REAHIBERTFIGPT Hi)
ST i AR I AR R T XA A, BT ERETLSTM, 2 T A oF
AT AR ) Transformer .

7.2.1 BERTHEEARLEN

BERT ) ¥ AR ZEMI N K T-1 77, B H T Transformer ¥ [fJEncoder
3 Bﬁj\o

Tk

B 7-1 BERTAL A 69 AR 22 4

K 7-19 ) Trm¥g TransformerfJEncoderfidl, B 7-217~.
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E7-2 Transformer @ Encoder %3
BERTHR L 1 1] B AN e /MY, X RS20 m i T

o BERT pagp: 712, [ET68, A=12, Z4H110MB;
o BERT | pep: [724, 1024, A=16, ST 340MB.,

Horp IRORMZS B JZE (RVET-2 11950 @ N HRIRFRR RN,
ARTR 2 RER I BIER SRR, X B AT RS 2 RN S
AR AR — B B V4. IR B 458 1 B 7-3 7
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B 7-3 BERT® A+ 4244
HAHSGM NI RN R R, AISHEW U

class TransformerBlock (nn.Module) :
def init (self, k, heads):
super (). init ()
self.attention = SelfAttention(k, heads = heads)

self.norml = nn.LayerNorm (k)
self.norm2 = nn.LayerNorm (k)

self.mlp = nn.Sequential (
nn.Linear (k, 4*k)
nn.RelLU ()
nn.Linear (4*k, k)

)

def forward(self, x):
HETTEAEE
attended = self.attention (x)

#HitH Layer norm
x = self.norml (attended + x)

# feedforwardfllayer norm
feedforward = self.mlp (x)
return self.norm2 (feedforward + Xx)

BERTYE# sitfpl B2 Ak LHEAT B & 2] (BNl B B 7 > 24
FEHRA N TAMER S EIS T B3] o £ MINLPAES, ] L
B FHBERT M RFIER R i Nl AR 55 1A R ARFfiE . BT BABERTH2
R — A NS IER A S A, i ] DAAEARSE R (R 55
Pl Bl ] 52 2 R AR N RF ISR s
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7.2.92 BERTHI%IN

BERTH I NP4t M & (d model=512) &3 NAFAE 1 B A7
A, IX =ANEHER N B U N R

1. #r1HERN (Token Embedding)

P AE R E — M H Al ik A (WordPiece Embedding) , tHEL=Z
B, R R o B — A PR 1 A 1R BR T, XA REAE FR A 1A R
FF5F B RAIETE 2 RSP . 03 “playing” #5430 “play” #
“ing” . WHRZEFCERE, B MwordZ BT,

2. iLE#N (Position Embedding)

A7 B RN 81 a1 A BAG Bt iURHE M &, A5
NHIAA B R A B R BB — . X B AL B AR Z 5 & A
Transformer 67 B AN —FE, EAZ=ARE, M2 kI,

3. Egfx N\ (Segment Embedding)

T X3 WAA)T, BIAIBR S ZAR T30 Cnxtiiiy s, W&y
R o XWTATR, BRI T IRHEE R0, B AN T IR IEE

=1,

HA NG5 MR IER R BAR n 25 T4,

B 7-4 BERT&Y# AN4F/E
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S B T4 I AN RFIR AT 5 [CLSIAT[SEP] : Horpr [CLS] FR iz
ML TR, AR R, 2T 5 al LI 2% [SEPI R AIFF
7, AT oE BRI

7.2.3 RIGIE SRR

ALIE S A (Masked Language Model, MLM) & —7#H E 1F [ XY
w3k, BUTHIFR B ELMo B H & left—to-right flright—to-
left 7 HINGRPHER K . PIFMELRY B X 5 AN EATTHT H Fr ek E0sk 7] LA

El&ﬂﬁ%ﬁo ELMO[JP(Z’ k‘ t 12 "% t /(—1) ’ P(t k‘ t /(+1) y *tty, L
o VENBERERE, REMSLING, RG0S RPHEEEK. MBERTL
P (t k‘ t 10 "% t /(*1) y L k1 o r 17) 1@7’351‘/@%%&, ﬁﬁ%

3 )] 7] B AT R IR SV 2 A Al A R

LEBERTHI N ZRiEFE A, 15%AIR AR IRST (WordPiece Token)
(N SCERE, M FEBE Nwordd) S¥EBENLER T, KRR
A ERIX AR, AR EEGRANX PINIAESE T, BERTH
PR EMH T AR AN TS, A7 e B ) B 2 e, 80%%s
BELHEES Y MASK], 10%28 H& oy HAAE = ], 10% 2R 4G
FRIRSF o BEASMIMYIZRE FE B 7-5 17

E7-5 BERT&IMLM)| £5iE 42
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7.2.4 TN —E)F

ZIERRZ IS A2 (QA) FMERIESHER (NLD 2
KWMESS, FrbAEhn 7 NE R RIESS, BIFGIN R —E]F (Next
Sentence Prediction, NSP) , H W & il B AN 1) 2 [8] T BE
o EZAESH, AR TANB, BE MR AR T —
f), BINXFEANE)T, B EITMBRAN AR N —F) . NSPIZk i
fi ] LR B97%~98% I vERf & . EAR I R R an P 7-6 BT 7~ o

E7-6 BERT&INSPF | it 42

BERT Y Zri FE L FEMLM ZNSP, o451 2K pR 5 1 BEAKR g ] 225
Hugging Face'E W L HIXT NACHS
(https://github. com/huggingface/transformers/blob/master/src
/transformers/models/ bert/modeling bert.py) o

Class BertForPreTraining
if labels is not None and next sentence label is not

None:

loss fct = CrossEntropyLoss ()

masked Im loss =
loss fct(prediction scores.view(-1, self.config.

vocab size), labels.view(-1))
next sentence loss =

see more please visit: https://homeofbook.com



loss fct(seq relationship score.view(-1, 2),
next sentence label.view(-1))
total loss = masked 1lm loss + next sentence loss
outputs = (total loss,) + outputs

return outputs

7.2.5 fOH

TE 58 BERTX R 70 AT 550, W 75 BEAEBERT A LAty s hn—
AN EAE A PLSE O R @A S 0 (fine—tuning) o X 4381n] @
Al B — ANFRIRAF (Token) IS4 H (Bifinal hidden
state, BJAFREEIRE) ce R, In—ZBLE Wa fF F Sof tmax K T
PREE I

P = Softmax (CW)

X T HAh T EAESS, WRE E AT — iR, TR

B 7-7 YBERTH I 44 A 8t 4T #0A VA % R AB B2 T 545 4
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B 7-7F [l Tok KR ASF ) Token, EE/RBANRE, T FoRmEid
TokenZt i BERTAL B j5 45 B AR IE R & 1 [ 8 B H LR I R 55 &
HFH BRI N2

1) BETHFRI2KE5 . W, MNLT, Z5%€ — D Erde, RiIExA
AT HERT RO SRTHE IS R MRPC, AW ANE) TR G

2) BTN FHIGIFAES. W, SST-2, HEPEN E 45
Mrs CoLA, A)FiENHIW, 2/ 2R,

3) WMZAES. W, SQuAD vl.1: ZE— AT GEEE N
) F— B A, R IX A SR, AT e B A ) 1
K iEL!Eo

4) SRR S, i, CoNLL-2003 NER: Mr— ] ) i
BAREN (Person) « #HZ (Organization) « H28 (Location) EY,
B H AR SR,

o=

i

0

7.2.6 A RFHESE I T

SRR TR, BERTH Rl A FYRFAESEIOT 7%, A3 F T oe UI2Ra 1)
BERTRLAL R B | R ST BRI RN, PRJF, REZ LR A DA A
o NP AR SR U — A R ER B, BRI -8R .
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E7-8 BERT/& F4FILRI T kT =& A

R P78 2% = B0 A H A D SEAAR RO B RF AL, 20 AN R P e 95
b, B 798

MET-901 50, RAESRBUTVE S A B A 2521, A F =
et B AN A3 3

K 7-9 BERTAFE E 8940 i 3t F it 469 %R
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7.3 ¥ FHPyTorchSZEIBERT

@ﬁﬁpﬂomh%)ﬁhBERTE’ﬁ%wfﬁﬁ%a‘zg”ﬁz/\, 551/ &4 BER T
AHBIBERT-EmbeddingZ, ZE2/~s&TransformerBlocka. W ixX PR R
Q_/\, EﬂBERTi‘%ﬁ”E’ﬁﬁﬁ%bert Py ﬁ¢b$ﬁﬁ%21mﬁﬁﬂé%ﬁﬂg7 10/

No

E7-10 BERTALA 694z S AL 3k
7.3.1 BERTEmbeddingZKifLhy

DL ANSEIIBERTEmbedd ingZE A% Lo A,

import torch.nn as nn

from .token import TokenEmbedding

from .position import PositionalEmbedding
from .segment import SegmentEmbedding

class BERTEmbedding (nn.Module) :

nwman

BERT Embedding A3 L RAHIF -
1. TokenEmbedding : 1E D) AR R
2. PositionalEmbedding : ffifsin. cosiivfiEE R
3. SegmentEmbedding : HMIAJEEE (sent A:1, sent B:2)
A IX LE R AE ) S R B BER TEmb e dd 1 ng A i
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mwman

def init (self, vocab size, embed size, dropout=0.1):

mwwn

:param vocab size: SiAJCEMIRK/D

:param embed size: FRICHRAMHRA K/

:param dropout: dropoutbbF

super (). init ()

self.token = TokenEmbedding (vocab size=vocab size,
embed size=embed size)

self.position =
PositionalEmbedding (d model=self.token.embedding dim)

self.segment =
SegmentEmbedding (embed size=self.token.embedding dim)

self.dropout = nn.Dropout (p=dropout)

self.embed size = embed size

def forward(self, sequence, segment label):
x = self.token(sequence) + self.position(sequence) +
self.segment (segment label)
return self.dropout (x)

7.3.2 TransformerBlockZEHJ{CHE

PA N NSEHL TransformerBlockZE A% Lo HE

import torch.nn as nn

from .attention import MultiHeadedAttention
from .utils import SublayerConnection, PositionwiseFeedForward

class TransformerBlock (nn.Module) :
Bidirectional Encoder = Transformer (self-attention)
Transformer = MultiHead Attention + Feed Forward with
sublayer connection

nmmow

def init (self, hidden, attn heads, feed forward hidden,

dropout) :

mwman

:param hidden: Transformerf&iE/Z KN
:param attn heads: ZKEE ALK

see more please visit: https://homeofbook.com



:param feed forward hidden: feed forward hidden, E%AH
4*hidden size
:param dropout: dropoutltF

mmow

super (). init ()
self.attention = MultiHeadedAttention (h=attn heads,
d model=hidden)
self.feed forward =
PositionwiseFeedForward(d model=hidden, d ff=feed
forward hidden, dropout=dropout)

self.input sublayer = SublayerConnection (size=hidden,
dropout=dropout)
self.output sublayer = SublayerConnection (size=hidden,

dropout=dropout)
self.dropout = nn.Dropout (p=dropout)

def forward(self, x, mask):
x = self.input sublayer(x, lambda x:
self.attention.forward( x, x, X,
mask=mask))
x = self.output sublayer(x, self.feed forward)
return self.dropout (x)

7.3.3 FJEEBERTHIfCHE

PLR 2 W S BERT [P 4% Lo/ ST

import torch.nn as nn

from .transformer import TransformerBlock
from .embedding import BERTEmbedding

class BERT (nn.Module) :

mmawn

BERTHEAY : TransformersX a4l a5 R~

mmawn

def  init (self, vocab size, hidden=768, n layers=12,
attn heads=12,
dropout=0.1) :

mmoan

see more please visit: https://homeofbook.com



:param vocab size: &SAlJCE K/

:param hidden: BERTHAIGEZE K/

:param n_layers: Transformerit (Z) H#&E
:param attn heads: VFEEJISkHIEE

:param dropout: dropoutbbF

mwmwn

super (). 1init ()
self.hidden = hidden
self.n layers = n layers

self.attn heads = attn heads
# WHEff network hidden sizeN4*hidden size
self.feed forward hidden = hidden * 4

# BERTHIHRA, A2E. B, RICHRAKEA
self.embedding = BERTEmbedding (vocab size=vocab size,
embed size=hidden)

# ZJETransformerik, IREERZS

self.transformer blocks = nn.ModuleList (
[TransformerBlock (hidden, attn heads, hidden * 4,
dropout) for  in

range (n_layers)])

def forward(self, x, segment info):
# EFPRIC I = I
# torch.ByteTensor ([batch size, 1, seqg len, seqg len)
mask = (x > 0) .unsqueeze(l) .repeat(l, x.size(l),
1) .unsqueeze (1)

# KRS RS T

= self.embedding(x, segment info)
# fEZ AN Transformerdt FigfT
for transformer in self.transformer blocks:

x = transformer.forward(x, mask)

return x

see more please visit: https://homeofbook.com



7.4 AfRAGPT R

BERTHUI 551 K A T TransformerfJEncoderiifi 7y, AT /44
HIGPT &% (FFEGPT-2. GPT-3) ffifH | TransformerfDecoderidi sy o

7.4.1 GPTf&E/

A H T BERTAER, AL R SCRINA . Rk, RO
SAGPT R, GPTHIELRFI T B 5L 2 SR (T I 25, {0 )
SO B, TR, GPTERK AL [ SA1E 2 AR AR S (NLG)
TTBERT T 48 K 4b B [ ARV 25 BEARAT S (NLU) .

7.4.2 GPTHIEEARZERKY

GPTHUNZR ) 7 AL s S —, dad B3, i~ —4
Fga] . GPTHYREAR B I ] T-11 o

B7-11 GPTAYEAIREHE
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HrpTrmR/"Decodertidh, 7E[F]—7/K-F£E b Trm& /R 7E [F— > 5
JG, E FRoNERAN, IR A EL RN SR 2 MK R, B
SR, GPTEFM ) ia] RAK#: F

GPT-2AR 48 H AR A NIAF],  KRECH 4R, W 7-12F71,

E7-12 GPT-28944p42 A

7.4.3 GPTHRETZE K

GPT. GPT-2{fiFTransformerf]DecoderZ#s, {H*}Transformer
DecoderifT | —¥M&22k: JEA M Decodertd & N2 kL= J145H),
GPTRARHE TR 2 = 1, wnET-13FR.

B7-13 GPTAYAE A 2544
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7.4.4 GPT-2fMulti-Head 5BERT[¥Mul ti-HeadZ [H]
X )

BERT{ H 22 ki 77, wl LRI MIREAA] () 22 A7 A b AT 53T . 1
GPT-2R I 2 KT R 7y, REEREWMAL, WET-1457m.

E7-14 BERT5GPT-2&9Multi-Head®y X 7

7.4.5 GPT-211%i N

GPT-20100) A5 J2 KU — NS R A SR
BRANHE (Token Embedding) , ZFEREARN
mode vocabulary sizexEmbedding size; J— &R HimfE LT
HI B ZmhSFEfE (Positional Encoding) , iZFEFEFIRN
context_sizexEmbedding size, HHEmbedding sizeHHGPT-2fAK
/NTTSE, Smal VESRRT68, MediumBifd 1024, LAMLZHE. i AGPT-2
BT, 5 EAERR I E R G B A, T 1557
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K7-15 GPT-2894m N & 3%

FEET-1591, AP IR BIALE gL % = HIDecoder 2 A ALY,
AL B A — A A

7.4.6 GPT-27H5EH VLS I AR

B NERN:  “robot must obey orders” , #% NKitH LA
%ﬁlmusﬁyﬁi’ma‘éﬁéiﬁﬁ@%ﬂE@a‘%ﬁﬁ CBI%¥0 , FESHW

D SN, AR A

2) THEAEA @R Ho A % 38] ) 3 2

3) XFATIR I BT IR (SEFR Bt R R LI —A T =A%) .

NI TEAH U

1. BEREE0 AV

SHEAIAN IR, A SECEAERE . P PR, 33—

WM& (query vector) . FHEFME (key vector) . M=
(value vector) , WKET7T-1617~.
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B7-16 4 & Self-AttentionP 89K, Q. V
2. TESNGTHIES

WA G AR5, R E T TR

B7-17 @A Ke9 3509t i34
3. XTI HUHEITIERE
XF TS B 0 BOs AT IR, 1538 0 B0 ss, WK 7-18f 7.

B7-18 44T ) 15 2 48 2 B4t

4. {EASoftmax ik T TR BIEITIHE
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15 F Sof tmax bR B0 28 3 S Jim 1) 40 Bt AT 1T 5 a2k R an ] 7-19
FrRs

B7-19 45438 i Softmaxf £+ H 49342
5. Hiamust (Blqg2) X EIFHIED
G2X} & FAR AS 70,  WnBE7-20 7

B7-20 @23t 41345155

7.4.7 i

e —E, BN AR S5Token Embedding®EFEFAIE. 1%
FERIFE AR Amode vocabulary sizexEmbedding size, ,EQEP
EmbeddingisizeE/J@EBGPT 2S5 o W R 2 Small By, ?jiﬂz768
W EMedium®y, BLE1024. SR )G IHE I Sof tmax PR ECTT H 15 2 A A =7 il
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o TR B 45, PR top BUE 77 v B AT A5 21 W0 ) B . BN I
TR ET7-21 R

B7-21  f35]GPT-24f h 09 % tmid A2

7i: KB PDecoder #12, Position #14 %)% 7 %12 EZDecoder, #1ANARIAFFHY
128,

7.4.8 GPT5GPT-21 714

FERTI T B0, GPTHGPT-27E 444 HiAA RINAEfh, 27
AL, B B A AN, e A R R B AR AR I i DT

1) g5 AR, ECORRLMEESY, {8 Transformerf)Decoder.
2) ANFEEEEFLLT LA

o GPT-2MHIBLRE K, EHH K,

o GPT-2%¥aE K. Ha M E L, XLH R G 5m AR A 138 H
P, FEXT BRI

o GPTXH AR FIHATS KA M FI 720, BEumARE, i
I—NEEEE, WMET-22078. MGPT-25%F N IF% F 6 s B2 2]
TR, ANEEBARE IS SE AT (AIFTE ) Zero—Shot
Setting) o
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K7-22 (A&) Transformer® M A=) 2k B AR, (&) SR REAE 3t 47 4408 Bt 4
NGO gt

M2, GPTAE U] i R IFAT S5 IV ? FERORRS, &M AR BRI
1155, EENBNCGPTHMAME N, B AEMESEEHEIEAE, A
Transformer®if, AKX J57ER M B ) 5dE 5 in 482 (Linear) LA
ERCAMEE R RS, B YRR

1) PRI, R, RE L R S )
T,

2) A TFIRAFIW I E, tbhiEntailment, FANE)F A FEINA
(CESRRIEIF

3) SCACHIALLE AT fr) i, S AE0 1 NSFP B0 A0 HE P A g A B
Al XN T R YRR AL A A B

4) ZIUEFEFE, ZHMN, BB SRS RETHHRE K
TEAN— A RTA

MBET-22T U, AFES R s SR AT ugE ], JEH

FE. BETRANEGPT-3, E5GPT. GPT-20] LLEAER— &5 A i
A,
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7.5 GPT-3f&i/r

GPT-3MK |H ZEZEGPTH B ) iE S I k7 5, RO A R ~f 4
KB 7175012, F¢HAEHASTBE SR AT N %, RN, GPT-3FEEET
R NLPA A, 7E— R 51 SR AR e S ) 3 2AE 5 AL PRAT 5%
CNE S BRI AE i a)D Ak B EHrISOTAZE B . 5GPT-24( L,
GPT-3 11 A AL B D ae S8 e, AT,  mt v DAEA 52 211 BUE AR A
Fefih Fab e B EG . GPT-3RMRE N — B =ACHI BRI 7 A
AR

1) MIE S 2IEME AR,

2) A S/ AT B, EE AL O A TR A n) J

1. FIGER—BORIE

TR (WIELMo. BERTZE) H)—MimAZanE 723, Hef
T R — N B LAY

K7-23 TR FARR &) —RRAZ

2. GPT-35BERTHY[X 7l
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LE— M T A R rp R0 & — AN EE AT, (HGPT-3E i,
BE I (X B DIBERT AH) EIRZAFE &, HAknA]
K724,

K7-24 GPT-35BERT#) X 5|
3. GPT-35& % HIARX 7
XRS5 1 B ORECE AR DY 2.

1) Bl o FTRIA BSGT 73 B R 974 55 bt 2080 R S8 1 A A
FHIBLE LIRS 08 KT RE . B2, AR DB T IHE
ST ERNENIETER, & FBUEMEFEASNOTINGEJRIs. B
SNGPT-3 NFRIR b SCHFFT, (HSERRIF A R XA 2.

2) &R B| (Few-Shot) o BAIFEHER Y BRI LIS 2> & 1) T i
S5 RBIVE R B 254, (EREAS SO VF S8 PRI ZR A A v A R

3) ARG (One-Shot) o BALAEHER Y BUNAS 2 1A FIFESS
ZNE

4) FRfl (Zero-Shot) . HARIEHERERY BUNAG 2] — B LA B ARG
= IR R A SS Ui .

GPT-35 & G FI ZRA R 1 i A 55 AL BT iR X3, I S5 A
1-25,
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B 7-25 GPT-354F %t A 69X B 7 ik 0k ig
4. GPT-37=%3
GPT-37EVF ZNLPEH 4 E B A AeERIERE, RIS, RE. 4
BRI AT TS, B iR HERA TS . BT R

AR, XA SRS — AR A2 By T S s . B 7-26 948 H
GPT-3HEAT SUARAEEHISEH], MAMFEERKRE, RORIEAEE

B7-26 GPT-3ut 4T L K 2] 4409 5% 7]
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7.6 /NgE

T Transformer fJEncoder i 45 2| BERT TRl i Y, FLT
Transformerff]DecoderfF F|GPT R F Tl Zx A . BERTHFHMLM, TMGPT
ZYERHIM, EAISERSE, #ERZ OISR IRAR. 24,
E WA AR AL, BN RBATE A ABERTI JLFME AL T5 12
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e
BERT[RIAL 5 ¥

BERT K FH A A 18 S LA, AT B 1B SEH 7 X R &2 3] 1 B b, 1E%F
HEHE B 7 TH SR B Transformer F1 ¥ Encoder, B LAZERK HAK IS . FH4T 4b
TR T ZEAS TR UF IR 5 . (HBERTHAELE — ek 5, = EARILLE W
LA

1 WZITESMRATTEA 3 BINZRI TR P 51 5 15%FEHL
B HMASKER L, HIX ARG ENHA B S AEER, By
i A5 R B

2) X B e AOMASKFRIE, BERTHI$R R R EUE H A%, 2K
WAL bR i R AE 45 8 AEARIC R B 25 R A AT i . (B SEFRATTHE
AT, EAMERIEA a2 oz,

T HFEAEE A TR . Ebin “New York is a city” ,
R FRATTFRIE “New” F1 “York” WANE], HBAZEE “is a city” H
AT “New” R “York” Fe-AMAL, KN “New York” J&—sLiK,
FBH| “New” Jo L “York” HIMERIEELL “01d” 5l H I “York”
i) RN

AIRIEA FoAth — LA F SO Ry, AR S LR ORI, B
INVE B BRARAT 55 RO B, (HBANE S AERUES ROR R, BB
[A]GR Z R R

B IXEEER AL, AR VAR Z B R . il anXLNet |
ALBERT. ELECTRASEALTY, X EAGAY 3 AN [R] A E XS BERTHEAT T 4L

A FEAFEI T NE:
o AJAALXLNet R,

o ALBERT /574
e ELECTRA 5%,
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8.1 HJMALXLNet R FE

EEXIBERT SR 5, XLNet$&H 17 —Fhik A [BIHIE A MR B R
X E S I TR, LR SeMask T VAR E gD iE S AT o B s

AN T AR BEBERTAEL AR X [a) 22 S AR A, (RIS et Rl B AL 2 B e N T
FII15% A AR IMASK] 3 B0 255 BT BEA — 3 L B 25 pE X L
% [MASK] By B 21 2 18] AR ¢ R 5 in) i, XLNet R FHHF51E & B4

(Permutation Language Modeling, PLM) kf##; XH T
Transformer—XLAZEH) Rtk B 2 [A] S BEAS R B A @l AB4, XLNetH
PRZATSEEWe ? AT REAR, BT ok — e B RS T U

8. 1.1 HFAIEF Ao

B —NMINTFI x| x o5 x5, x 41, WIEFESNIE S
R, NP HIA Lo o 2 s 77 20, XA B AR Ty
i, A ARSI B (x o x o) FITRC (x ), WEIS-1f
N
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K8-1 HEF|E S AR A LA TN x 30T 7R B HEZ) 69 17 2L

ERES-1ad, XTI R RE3—=2—>4—1, KIEHNx FARE
FE (attend to) HARATATIE], HEEHIE 2 B I BRARZS R Tt . &
8-1b, srfi)i & 2—~4—>3—1, WHHRTCIRE Y o« x SRTM Yy 555,
FrbOAT x 5, BT x A fa, WAHE T AL, X ES-
le, 77 Xog1—4—>2—>3, UBATIM X 5B, A] DUHR PR o Ath 34> 1a] i3k
A7 T

mEEFFCERLRZ, BaETesHFRiEEEIEE K. )
BWEI0MNICE, B4E10!=3628800FHE 7 771k . ISz bR
i, AR AL B 2 KA e 51 3047 HEF

8. 1.2 d XU B i = L
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MR KA HER Transformer KA HEFIE S A, SHEIEAE H
PRz BAG S I 1) ) @1 S B AR ABE IR S AN R L Tl 1) 21 Je & MR A
ﬁ%ﬁ‘]ﬁl , M-S EGH 43 HES) ™ BIPLMAL TR A [5] H AR 1a] B AR 2 /2 A
[F] )

NfEPIXAN R T, XLNet 5] A T XU BiEE JIHLH] (Two-Stream
Self-Attention) . B8-2J&7~ T X BiF & JINLHIH T E Tz .

o BN (Query) o AT HNMHTH, RASMERFER, AEi
HIEEN

o WU (Content) o NAMIFRARMHAMIF AR, BEME
{E RN RS

K8-2 Ik AE&E N IF eyt HidA
K82 A 1L 2 e B EiI R, MM TS, Bk gs 7
Wt A e (x ) AW, A HNAFERE (Content Mask) A7)k
& (Query Mask) tHHFE—ZW5Ha (1) g (1) , FEETHEE

7. =R

XA AR A AR AV, RAeFE N RIER. ErIE
— AT N (BB NREORD , R — M A DO a1
] (R#E3—2—>4—1) , AW LUOGERIE B OHE =0, i

PARNY

BI8-21 /2 LT WAL R I BITHE, BRHRY N3 —~2—~4—~1,
FATHAE TIN5 1 B AR R . ARYEHES, T AZ 25 prfy 44~

see more please visit: https://homeofbook.com



HIfE S, Bk , o f NI REWRKTE, B
NABZSHEEHCHNE, Fri , 1M .

8.1.3 & ATransformer—XLF) %

1) 5| ATransformer—XLIJTEFAHLE (Recurrence Mechanism) o

o HI—MBUTEMEIR (representation) #EE HLe(F, LMELL
FAY AR — SR BON AR 98 e B SCEHTA A

o HNFREMHIOR RACEEREIN | M5, Hrh VRIS 28 TR

o MEURT LRICHE R, D BORn I AR AR S plas By R

o
e MTAFEELEITHE, Transformer—XLIEE T EFRESS KR4S HH
[B]bhvanilla Transformer{R1800% 1% .

2) SINMNAL BT . B— B NZEA AR AL E S
i, [KkTransformer—XLRHL T AV B 9mhS o

8.1.4 Ui

SBERTAHEL, X8 KB SR A Nl AE 55, XLNet T RESR T LLAS
ED%EIZ.’ ﬁnlg]8_3}5ﬁi<o

H8-3 XLNet 5BERTZ M) 4k & L a1 Ak b4

X 5853 S50 K FH AIBERT— A F I 258 d5 . LABERT LA, #4BERT
H1 3TN 2% MTransformer#fe il Transformer—XLji5, 1F i E@EERK F
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TSI S PR ARAT S5 RACERISQUAD2. OFy ¥54 LE A% BE T i 32 7 (ot EE 1A
247) o MEIANHFESEA G, EEES LEEANFREE T
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8.2 ALBERTJjV%

BERT. GPTEEREM A ARIIMRA . EIRZHN T, wRERER
JT, FRAVIIRGER R, MRSy, (HAYIE M AEE S A ), BRI AYRE
BkoK . SR L, MHeERIMRK, XFI S AR AR
(Model Degradation) . FiTA WA G & @ 3 INBERT AR AR e £
FHEBE, HUBERTH 75 ABERT-xlarge, {HA NRiFHIE, L REiES
HRAT S b, AR EEE IR (RACE) I, PERE A K BERT-
large, {ERACE_FRIPEEETE 273, 9% RS54, 3%, WIEI8—4ff/K.

K 8-4 BERTA&Y AL A & 4k 5 15)

HSEZ, XFERMAEAEGN A5 . A0 AL FE AT AN 2 B WA i
e A4, W ATAERRAR A S 2 BE R R R R ge A A, E R T
BeWe ? ALBERTAEIX 77 [H HXUAS AR & AR o

ALBERTHE A >k H Google St A AT R CALBERT: A Lite Bert for
Self-Supervised Learning of Language Representations, M4
AT LA HALBERT/EBERT Y “ st ” , Hiutz 4k, —F Llilliz,
e DI, BUSEIFRIRCER .

ALBERT ) 3= Z A R IAE LU J LA T T«

o srfiitVocabulary EmbeddingfE[%;
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o BIRILESH
o PBIE T AT

8.2.1 “rf#Vocabulary Embedding#E %

NI ERN CRRA]. FRIRFFEE) N BT OB RMFRRIER, 1M
FZ AN LI SR BI R R IER . Bk, 7] PO AN RESEAT A
T ff, EIRNFEBE D i A BN EFE I RE, WES-5f s, X%
%*%@,M%m%%%&%ﬁmﬁﬁﬁ¢%%,ﬁﬁ%ﬂﬂﬁ@¢
N

K 8-5 Vocabulary Embedding4E %

ALBERTI&E i ¥ Bl J= ) KNSR A RN e, FEAN B 3
IRV ZRAR NS BRI INT R 8T 38 IR Z Ky, H3E e %) PR BE )
i, IES-6FTN.
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K8-6 4rf#Vocabulary Embedding4E 4T & K

F}é)\_lx_ilé%é%*@%%ALBERTE‘J%EKE%%, [IRE &2 L EESRENIE: Pu o U
8=THIR .

8-7 ALBERT4E 4 i ) % 77 %
bR R e AR A IS BE RS S AL, VEARAAS AT

class Embeddings (nn.Module) :
"HRNARER B A B AR AR
def init (self, cfqg):
super (). 1init ()
# JFKBERT EmbeddingfCHg
# self.tok embed = nn.Embedding(cfg.vocab size,
cfg.hidden) # token embedding

# fikembeddingfifE

self.tok embedl = nn.Embedding(cfg.vocab size,
cfg.embedding)

self.tok embed2 = nn.Linear (cfg.embedding, cfg.hidden)
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self.pos embed = nn.Embedding(cfg.max len, cfg.hidden)
# position embedding

self.seg embed = nn.Embedding(cfg.n segments,
cfg.hidden) # segment (token

type) embedding

8.2.2 EEILEZH

BERT#E I ZHAFE, (HIESAE R EAER I, T Blasd
BELESHEN T, KKERZXMSETER. BRALESESH S
TR B, (HiEESEE S, o] D = T sk i =808
90% CRig/b> 770%) o N T HHIX—r5, BITRE—1ET12Z
BERT AR L (K17, BN BE8-8fT 7o FRATN 2 30 25 — /N R [ 2 B 8 H
S1EPEMZS, AR LD EThS—ERE—25.

E8-8 ALBERT#% & & F A K

5 E L E S APy TorchfRHS S2 TN T

class Transformer (nn.Module) :
"vv TransformerfJSelf-Attentive HEF"""
def init (self, cfqg):
super (). 1init ()
self.embed = Embeddings (cfqg)
# JFORBERTWA 1 3L =24
# self.blocks = nn.ModuleList ([Block(cfg) for in
range (cfg.n layers)])

# LSRN
self.n layers = cfg.n layers

self.attn = MultiHeadedSelfAttention (cfqg)
self.proj = nn.Linear (cfg.hidden, cfg.hidden)
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self.norml = LayerNorm(cfqg)

self.pwff = PositionWiseFeedForward (cfqg)
self.norm?2 = LayerNorm(cfqg)

# self.drop = nn.Dropout (cfg.p drop hidden)

def forward(self, x, seg, mask):
h = self.embed(x, seq)

for in range(self.n layers):

h = block(h, mask)

= self.attn (h, mask)

= self.norml (h + self.proj(h))
= self.norm2 (h + self.pwff (h))

o e gl Y

return h

8.2.3 FHSOPALEENSP v

2 2 F|BERTALAY FHNSP (Next—Sentence Prediction Loss, F—
A)TN AR L) TR, FATEHSOP (Sentence Order
Prediction, AT FEFITRM) RINSPVEHEAT T 2 . SOPHIIEREAH
IEAINSPAHE], FAFEARNH “ WAF SRS E” A2 “ [F—AN S0 A
WA+, XM fe2E ] 2B R E . E8-9/&BERTHL Y
R A FINSP 5 v i) SEELE FE

K8-9 BERT¥NSPT& K
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ALBERT{# FHSOPARENSP 5 v, JEFH LV 8, N —H)a2d—A)
e — T, BARSZHANES-10AT7R .

K 8-10 ALBERT/# J{1SOP-T= &

NSP5 SOP )4 B8 PL B = B an 8- 11 s o

K8-11 NSP5SOPM At rb 3

FPyTorchSZHISOP I~ A AL i -

is next = rand() < 0.5 # whether token b is next to token a or
not

tokens a = self.read tokens(self.f pos, len tokens, True)

seek random offset (self.f negq)

#f next = self.f pos if is next else self.f neg

f next = self.f pos # f nextig[ F—%4]

tokens b = self.read tokens(f next, len tokens, False)

if tokens a is None or tokens b is None: #3452
self.f pos.seek (0, 0) # reset file pointer
return

# SOP

instance = (is next, tokens a, tokens b) if is next \
else (is next, tokens b, tokens a)
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8.2.4 HAMILALTTIE

R LR Al =AU, e — S AR A i, 2D
e

1) HIBERTELEX T REAT Y, oy mgramf@hsh, Horp g y1~
3, IXPELE—E MR b P] e 4 [MASK] 22 [8] FOARSZ i) o o) i SCHEAT
], 0 E] DB SR I RE 4 EER R AGAE S PR R — 5 I 3R
Tto

2) MEkdropout. [RIBERTLE V2RI v A L L& 3
%, WMERdropout.
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8.3 ELECTRAJFVE

WA TR 7 0 AR, SB—RRE S A (LMD ,
U, ELMo. GPT. GPT-2%%, ZRAGVEILIEM AR (BIMARIAE) 1)
J e AL B S N SCAS, SRR AR e SGHT B R SIS LR, TR — AN
e B—FRMIDIESHA (MLM) , 40, BERTAIALBERT, ixXZSAE7Y
A3 A T E N\ A L B R ) 2D R N A

FHLCIM, MOV ST B 08 2, DR A ol LA B0 T g 4 1
FE QR SCAS o (EMLRE PR Ut 7, S48 ST T
WAFFRIFIUN T CRNFSIIS) . M T e
TR R, BT SR Besh, BT A MASKER
VE, AR SO 2 5 MR BRSO, SRR P

KT U] v IRMIMA R i, R IE A AL, AT TIRZ 57k, W
XLNetfd FHAEZE S AL ENAS 1 ELEIF IR, (HXLNet T AU 2511
—HA RIS EMAT . FIHES, oo B2 im )
TransformerAbH

BT OoRIATE M A — AN B e X BERTHEAT 04, B 5] ARL
b AL H AR RO PTIN 2% (GAN)  JEAEFRJELECTRA.

8.3.1 ELECTRAR%IA

ELECTRATR I A 74 2 th B dH AR SATL 5256 = Manning /N H AT A 8K
AT FE A A FE BT, ¥ S SC B RN ELECTRA: Pre—training Text
Encoders as Discriminators Rather Than Generators. YEN—FpfT
HISCAR T ZRA5 AL, ELECTRAPRDHT A v it g . B /D )it BB RV A
FEEDRIZE, WG| 7 RHEOEE

ELECTRARS A (BASERRAS) 7% Jifi /& #—Ff 7 i5 K I ZRBERTAL B ) 2

B, BRI A AR S PTINZE (GAN) IS &k, {HAFE) &,
ELECTRARRE YK FH 1 & i RANSR T AEXT U >, I B 78 A e Al 20 )
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a4, BT AELECTRARY TN ZR v LAy AP ER 7. A2 Bl

(Generator) A1 A (Discriminator) #E47.

TEAE a4, ELECTRABEAYATI AR K FIMLM, 4544 5BERTZRALL, #)
FHIX AN RS 42 35 R 1% 1R 04T TN, X FLgkAT B 4, 25 B e i A]
Q%Eﬁ,Mﬂiw%ﬁ%ﬁ%,%@%ﬁmﬁéﬂi&ﬁ%ﬁ%ﬁ

TEFNA ZSE A, INER—A T BB A7 & ) 1a) 12T 8 1R
W, TRINAE RS Es BRI AR AN AR JEOR G, AT v 5 B
Transformer )& NSE, IR [ B ZRH B o I sy SO0 AR Y 4 J8 i
T AT S IRAN ] DL R BCR IR T, X T A B ]
HEATTIIN, WSO RIS . 512K bR BUR R 2E 128358 40 R 462 2R A
I 2 B 45 2 R B L — A LB B I . B PE ORI, EFAE R
o5, WAER A28

8.3.2 RTDZEH

ELECTRAG P F2 H TRTD (Replaced Token Detection, #ift
FRICERID X Pl T ZRAE S5 CrT CLAI BT BN 10 B R AN
MBS, nbulgaRE) , HER B RInES-120T7R.

K8-12 RID&HMTER

P 2H . AR ES A ) 28 . I & Transformer fi
Encoder#b#, RH&K/INANIHE-.

1. %Rk

JJ)F:I
oo
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A B BRI —AN/NIMIM GEH S 1/AT R BB /), 8 SR H
2 WFIBERTHOMLM 7 2o B ZE BB 5% AR R AT, B #eh [MASK]
RS . BUY T BERTIRIS0%[MASK], 10%AA%, 10%BENLE #iEelE, KA
FATVOR BB A2 ) 8%, AN TR B BX e .

158 P AR A oI B R, Ao 5 TR T 8 JE 4 IR AR 1R AT (masked
token) , BRI HIFRIC (corrupted token) o A fN#SHI H bRk
FBERT—#%, #B A& Ay SE AU 1 AR VR T BE 0 487 34 I B R A B i

(original token) .

NE8-12/7, theMlcooked B FEALUETE, FR )5t Az Bt 775 21
PSR HIARIRAT, AL pitheflate,

2. FnlsE

3 2 ) A AT 2B R U e OB, FDR) AR AT R 20 R N
IR DARIRFT I JFOR AIE R H i, JERL: A0SR as 28 B b
RFFARIE AR — 20, IR IR IRFFIR 2 R FrEL, Xt T

REMBRIRGT, FIRIS A 2T A RIE, s SR f
(Loss) o

8.3.3 PR

EGANMZEANE], FEELECTRAY, GfEH BRI A 2k, Mk
PN ZR. BHFAESCAAT S F DI R AME T AE25 6, BT DLDRT G )1 25
NI, BEEIZRITRk mBin

DS 40 ) 4% BRI 25 AR SR 2 7 2%, RTDA 45 SR A XIMLM ) 932 2k 2
RN, b E—AN8240 A, ELECTRAFIMEZ TE VLRI 4 A 450,

8.3.4 FELECTRASGAN[F 5[]
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ELECTRASRFH T 2R LAGANHI R 3, (HEGANN A TE2AMIE, P& KR
[F) ] F R 8- 1A 45

#8-1 ELECTRAL5GAN# 7

8.3.5 P

50 N GO ELECTRA S HoAth s 8 INLPAER Y 3647 1 ELAR, RIFEZS
EAHFETEIRE LT, ELECTRAG SZm M fekdt, MitEpts
RoBERTa. XLNetAHXE}, ‘Eff I ITHHE & #I A 2|RoBERTa, XLNetH)
1/4, WE8-13fF7~,

FE18-13 ELECTRA#YIF4& 45
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MES-137] LER, %52 ELECTRA— B 5 T-BERT, i HAEI
GHE KNP G, A2 T 4 SOTAR B —RoBERTa )RR .
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8.4 /N

BERTAs FHMLMAE A Il SRR A8, AT 552 ] DA RIS Sy 22 A5 AN 7
FRy 3] St P R LRl g e 55 T, (BE A A DB S . AR T EIHE T
2 ANTJ7 T £ YR #MBERTIX Lo 5 15 (1 77 v
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FHIEE
EE RSt

EJUVE, BEENLGES), UHRBREE M IRE R fE, 1FNEE
PR 51 R HERE R GEAR 2 US| 2 db . XD
RGP NIBEN VIR I Hk, WG RMa ML, I5 s
2. BRALEES] . XHPUE ] Transformer. 2RI RI%E,

7 R g e — PR AR IZ I SRR BRSBTS, W]
LI B P NERAE B R IE A G E . SRS BEAAF
2, HEFRFEATEM RN ETER, EEJH 8 SHAY
B SRR, R R g8 n] LG o3 i T B9 D SEAT 9 SE 7 %
BRI, Oy P R RO R 0 it A 2

AREAEU T NE:
o W RGMIR;

o AL IE;
o WRIEEZEMEHERE RGN o
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9.1 {HEXFERGIA

— N HHERE RGN RE N SR TR AR 55, ik Re S H
EANLE VIR AR, A SR A HEE RSB 2 M TR
2 A, P R I HAT R ) R R AN Y i 5% A R0l A2 L T
5. [FIN, SEARFESHERE R FONE — AR, XA HED
N — TSI 52

9.1.1 HHEREM—RImfE

R ARG — SRR L B 9- 1R .

K9-1 fH 7 %) — A RAE
e AR, FEARYE SRR, AR R & AR
WA — /NGB F PGB I &, AR HEF B HEFE o
BEml AR AR Z R AL, A B2 e B R SR AG HE s AT MR . B 1]
SRR, HEF s/

9.1.2 HHIMELEFIA
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WHERAE LG, B ZENKEMNERE, HA. EHEE
ARG EMEEG, R, SRBEEE . MR REARE] TER
HIFESNVER] . MEEEE =R EPIE K. BRI H T H 7, —i&
& G5 1) BRI A MGG 1, B 2 B R IR B 2 ST Bk DL &
Embedding[r] & & ik,

HEERFMEIAR S, KIRBMRIR, KRB HL R T
B

1. BETARHER

T HNAEHIHEFE (Content—Based Recommendation) 212 B it jE
HARMEL S KR, ER-RAIHMNAGE R LM, AT ER
JE P IE PRy, 2 R TR AN I T E R T WA
fEF IR B A3 2 0T P X R, R T WA MR RS
W, T H BN GO B M ORI R B Sk e W), RS TH P PEY
XTRIBVRFE, ST R2%ER, 2 P ORS00 I H i UL AC AR
. AP RMR R BGR TR 22 31 vk, WA SRR g
AT R ENRRNTIESE. BRTHNERNHPZRGFEAER P
s, H P TRV ] ek F P i 4 o5o3e i & A AR Ak .

2. thlEIAE

PrEIREE (Collaborative Filtering, CF) faj B K yimt R4 &
G P i RAG T H AR B G ) S AR R . BRI RS A
. A LA L 50 R ) 0 R 17 5 B AR BRI R, 4R
EREWEN, (anvPss) FFids FRCLUR RIS JEm B 1, ki 35 B H
FURIE T e R, BINA—E FIR T4 BRI, 457 5l A B B
PR AR B E ., E HEAES, ATSEhs b2 50 X R ik,
wlan, IREREE—H R, (EARIEBREWEE, IRESEAM? K
SR N a B B A, REORFRATT— M B AT 1) 1 AR B i A AT 1)
A BEAG RS . X R EIE R A Ber)ugid, A et
FEAE S 5 ARA IS N s R AT 42 .

3. ETRERMEFRE

SR HER FIA R S, EEAFRIEIA. BREL. o
REGVAS BASHE, FEFE M. Mg, BRI,
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9.2 PrFERLYE

P RILIEA PIRP RT3 1 F P (B IR S AT 35 420 s 1)
FIRLE . ORI IE R BN TR RSt B AN s P — R dh ORI
B FH R SR AR 97

%Fﬁ%m&%f SRS, ARYEN A S HIAE, ATRER s
FO P ) PE) %F%ﬁ%m%ﬂ% F P B Sl 5 . HLSIX
M%Fmﬁﬁf SCINVSI PSR

D EABH P & m A5 B2 P AE MG I B SR e Bl i
gﬁu%,Mﬁ%ﬁm&%;u,%m%FﬂWMM%A&%ﬂ%m
PEe

2) BRI P Bt e SR ZRAE IS8 F 7 A2 48 FH I s e 7 A F 8
%%g&%;%Fﬁ%MMRﬁ,W@%FW%T%%m,%F%ﬁ
]u] Du—J‘

Eﬁ%%ﬁ&%%@%ﬂ&%%ﬁﬁ%%%ﬁiéﬁ,@%%ﬁ
PSS kR ATy, Il A AL, AR
&%%F%éﬁ,R%ﬁﬁﬁ%@%%,ﬁ%ﬁ%%%ﬁﬁﬁﬁﬁﬁ
MR o AH R SRR IR AT JVREIE, RS P RS RE AR SR 4 )
MOR S FU AT REAEAN R N Y AR AT O RFIE I A IR KANR, flndE
E?ﬁ%mﬁi,%%ﬁ%ﬁ%*ﬁ%@ﬁ%%%F%ﬁ%%ﬁ&

HEFF 5| ARG AN R I HERE DL i) m) 58 F 2B R b A 3 B, 2R
JEAR YR H G, i — EM%W&%E%HQF%%@%MM#

EFREAT N TR IXREAERE 51 Bl a) DUCE P P E NI [ AR A At v e
RSy LY LEE

9.2.1 FTH P rhE g E
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ST H P B R g O A AR AR 2 g B, RISEE T P X
Pl FR BIAR LR E F S SRR Q08 FH P 3 X P b A 20 =4 i
o FETHEE, Bt P A Y e AT EaE) fE—
AR TSR Z BRI, 3R EBIKAT e, AR AT A AR DU AL
DL R AT IO ) R A, T 4 i P ORI R IS R,
AR - ANHIF MY SR . Mg T M, XA
A, RIS PR e, X B A EAR R REE—HC, A
R F P CE XY RDHEREZE LA, A 9-2 7

K9-2 ATHAPOEAFRATEH

9.2.2 FETWirE e

T it 000 tp (R0 o i S B AN R T F P g i [l i B 2R AL,
AT SRR JE I R v AV A B M B, AR P AL, RIJE T
R0 dt 0 3R BUARACL RO P b, PR 5 AR T P IR D Sy, 4
ARt gafl . MIHSRI AR, Bk A P X 54 1
o R VRN — AR B AR, 15 200 5 i) A
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AP h e, AR R 0 73 SE e e S0 =24 i P 3 B0 2R i 14
d, FEAA R HEF SRR . Nl 17—,
XA, ARGEFIAT L B D S b, 520 i ARG R P AT X i
C, f3HNMANIYISCELBAIL, T 7 CEXEA, A2 ] LLAERT H
M CH et E XY C, BN AT A E19-33KR 7

B9-3 A THetiEsHircegRl
RXPRIOTEBA A X)), — R T HdE ke P R

%h%F¢,Wﬁ%%?%F;m%%&&,@%F%,Mﬁ%%?
HH o
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9.3 TREEZAIEHERE R Gt N H]

R R FHlas I BRI, HArC#A TIRE
FAWBL StEgiflas A BRI, TREESE SRR B T 5 ) 4 >
Re WAIERIERE ), ML RE, BEE5m 5.

9.3.1 PSR S esah &

AT IRAINA T R e, PR pE bb e i e, [KoNE 3 T HE R
IR R FHIEERE (latent feature) HIWARHEATHESRE, MW
e T, HAFMERMRIMAR . XA~ in) @, HrndkE sz
REAR M R PR — Mg 7 R (W8 X Neural Collaborative
Friltering (fEIFFNCEF) ) , W& SCHIRZ oA FH A28 X 28 BUARIX AN PN AR T
ﬁ:ﬂ@ﬁiﬁy PLE2 BIHHIE 2 AL R R EOC R - NCEI) 2240 4 B 9-4
71N o

E9-4 NCFZ&HME

S N2 H P IR s DL K ) i A i i, Embedd ing J= #E3HEK
G b2 BN R IR 25 B R P P AE R A AR AR TR &, X BRI AE ] B Sk
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b Rt RN R &, IR [ RIEAZ R ML, 19 2T
LR e

AT BINGHNAELR I RE 1T, IR SRR T — P 1
R MRS RS (Neural Matrix Factorization Model, NeuMF) .
NeuMF[g: T & AR/ (GMP) J24F, IBEFE—AN 2 R A5
(MLP) #idk, & [F]R H A MF )28 M A4 S5 AMLP ) E L AL 34
NeuMF i) ZE2 4] I an B 9-5 Ffr 7 o

F9-5 NeuMFAEA! 22 4 &

ME9-5RT LIS Y, WS et B 2% K 7 -7 i S HLEEAE,  NeuF
KL ZOMEAIMLP RN R, R K3 PS8 70 AL B 1R 45 R AT 21
B

9.3.2 RUANZJRERINLIIHEL RS

Z RN A2 B m Y, e M TR 2 A, JUH
T F . Z =2 ge 8 LA = nl I R B R S M, B
IR Z m B R ARl . 201 7T4E MG TR 54 0 W5 ARSI = K R
WX DeepFM: A Factorization-Machine based Neural Network for
CTR PredictionT & H T DeepfM, HZEMIUIEI9-6HT/N

see more please visit: https://homeofbook.com



E9-6 DeepFMZZH) &

DeepFM#ES | FMAIMLP . Hirp, FMEEtE B shia S 4k 8] IR P <
e, MLPREWS AL B 1 B ORI, A RUHWKE K123 A B 55 4 28 o 4%
IR s G fE—i .

B9-6 1 22 M NEMI 4544 )2, A ADeep NN&ER4», W& A FAHA]
FIRHERR N, WIK)E L MAgmL 2 G2 5nsE (RiField
7) o DeepFMEERYAG U0 4 A4

1) DA FIEM. DNNZEASIEHEEU 712, BEANER AT N T E T

Fi;
2) AT 2 SRR BB (0 AL & R A
3) FMBLHUHIDeep NNEEHUIESRHERAH S, AT LIS E IR0
BT ERE
9.3.3 RMUNGHMAHIHER: RSt

RUPOR R ah PEO il CniPie s f EE e 2255 B S S
ARG RN EEZN R —, UEEH AR (Bag-of-Word
Model) ACFEISAIEHE, (HPNTALEE A 1 — L/ RIE, Ea A H
MO R SUE BT AR R XE, 3 S0 S0 B
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Donghyun Kim$&H 1 —Fp SRS bR SO HEZE R — G AR FE R 47
ik (ConvMF) , XN A& Convolutional Matrix Factorization
for Document Context—-Aware Kecommendation.

W RGP RINGEFRNE N2, 55 A8 ) F 5 FR 0 4% 5 K )
FRIEFREN T BE . ConvME{sE FHCONNR 27 2] i I i i R e R 7, SR e VEFH 2
F an ERE, R I E9-TRR

-7, ZE Ui,

E9-7 ConvMFZE#) &

. lﬂﬁ%ConvMFE@ﬁ}Eﬁgﬁﬁﬁé, B TR R (PMF) A5
i,

o 2IREEBFHIMEML (CNN) FRAY,

o IAFRONNAAYF A 1 H fid SR FEgn2ery, HU)EHB: A
/= (Embedding Layer) . H#JZ (Convolutional Layer) . ¥
vJE (Pooling Layer) . #itiE (Output Layer) .

FEPMPHER Sy, (RWEBEA NN, Wi, 38 -5 2 18]
VB ARSI (RIUE kN, VE kD , 5, B0, VEZERES5ERE
R,

FECNNER7), WACNNAUEAERE, WEPIiR iamid SO 4R

9.3.4 Fh ATransformer HJ{EE RS
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A EIRAINE T Transformer, ‘e H BiyFEE IPLH], HA5mKH
FRESEEN TN RE, BE EEL )2 e n) PASEEUN KRB ) AT AR, 7800 K
FEGPURWE 77, T AMEIEIA s W 25 A8 A W BE A 21 A BN A2 214 I 7
AbER, K, HulTransformer) 2N AH T HIRE S B, A b
HEEEHE T .

KN H— N Transformerf ANHESE R F P LA 5], %%
S 5% 4 A0 EE AR N R T 20204 /K R AECTKM2020 - [ — 55 18 3¢
Deep Multifaceted Transtformers for Multi—Objective Kanking in
Large-Scale Ecommerce Recommender Systems, &3 KEIN
Transformer #ELE RSt fai FRNDMT (Deep Multifaceted
Transformer) , REFELE T MNBEE, 241452, WEFZIE)L
#ay, HHl, DMTOAMEERURIEIE R ST, KA E9-8 T
7N o

K9-8 DMTZ A KA
BADMT AL E DL 45857
1. #INEANZE (Input and Embedding Layer)
N JZ AT U AEATE SR o B ICRRAE E 20098 H AR bRy
ne u&ﬁﬁ)j%i‘%f-ﬁﬁﬁi'\j}?ﬂﬁ@ﬁ@%ﬁ%; SRR P R
BRE. PR AR AR S, N SRR R AT AR UE AL AL B

2. REZEXTransformer (Deep Multifaceted Transformer)
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X4y BT P AR R AT AR A A T A, X T Ak
(click) + AW Ccart) « FEL (order) =MTNFH, 45E A
=N FE M i Trans former 3R/ T 245

3. ZIESEXRMNLE (Multi-Task Mixture—of—Expert)

R RAEAETETMZ A HAR, WadE (CTR) iR
(CVR) &%, IXHAFH T 24157 IS,

4. R REEMHEZMLE (Bias Deep Neural Network)

HHERETHREFIRZM, B WAL E k& AT 25 W
B o DMTAE F B ) R AE VR BE AR 22 X 28 0 B IEAT 24 . IX— 3B o0 B A\
B 3 E g — R A RFE (Bias Feature) .

B 9-8H [V JE M Transformer [ 2844 5 L B Transformer 4t #4215
h, ATESLIIAL B RN (Positional Embedding) W7k B LA
Al AP Transformer>X A [E] € I sin—cosBREE, TR EE D4R
Transformer>K FIFE NP AWr22 I8 7 e SO X X VAT
Tk, AREHEEMREEG TR, BEAANER-1R,

£9-1  bEA: BN A E T X,
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9.4 /N

T ECAE FE AR VR B2 ST AW R 8, TR A BRI 2 M ,
UL K Transformer. BERTEEFTHIARMIHI, #MwkbE. HRNES A
A7 AR S OGE  — Ok . VBN B sl E —HE
HAG, HAE—RRFEE XS PR o5k, WA R
FIHFERGR) ZMNH, Transformer. BERTZEE T AREZ NMEHE R
25 T v HL S R e AT HIE B .
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Embedding v FH SZ43

%103  HEmbedding I 7 S4FME
%11% FIEmbeddingf FH ML 2824 > Ak
2122 M TransformersSZ I P
135  EmbeddingHi RAEHETE RS+ 1IN H
147  FHBERTSZIL A SCiEa) 402K

152 FHGPT-2/E Bl A

#5163  Embedding$i A4
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10
HEmbeddingZE ¥ 73 ZEHFF1E

DI I8 A8 AR GebL s 22 21 T i S i A B dk AT o0, i
5, BEE ML KR ORSEIR R AN, N b 2ol B A 2y
K, FIFH A2 48 R I A S5 A A A TS DUROR RS o I T2 ko 2%
BRIR FE 5 2] () 7 1 AL B S WA KR BT, RRAIE A 382 75 B SOy I Il

H

L o

A B BN A L, VRGN AE T N & R i AL B
i, VLA Anf FTensorFlow 2HRASRSEILIXLLTTE, RAEHE A
7
e MHE =N
e TensorFlow 2VFZHSZEL
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10.1 TiHHE

AT H AdH R R 22 OB I W ER AR, A8 A AT X AS [R]RFE K
FAFRIFIABE T, FFE S AUl — 2 o R SR RHIE R H o
Embedding [ /7%

10. 1.1 I HMEA

AT HBEFECLT NE:
1) FPandasS§ ACSV Y

2) Htf. data@ . 7 — A Im/KZ (pipeline) , FHTXH7Ti
174574k (batch) FFENLHET (shuffle) .

3) FHHFEZPKECSVH ) A1 e 5 21 B I SRR O RRAE o A
Embedding&bFRr2%1 (B4 RAFAE) , STEUE F AT o fh B BB Ak Ak
H, FEX—ERHME TH S, &EEIFIXERHME . BRI R an A
10-1FT718,

B10-1 4Ffes g4z
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4) Htf. Kerast i UNIZRIF VPR o XoF LK) X 2% 25 44 G P 10-2
Fizs, St — AR, S R ECNSigmoid.

E10-2 FIZELAI L4
10. 1.2  H¥e4E 10

b A R 22O R 12 Wi B R 2 2 e A R == D BRI ik
(Cleveland Clinic Foundation for Heart Disease) #&ft[). B 4G
SPACSVIMH. BESILATEE, BITHIA—WA (patient) ,
AR —NEM (attribute) o FRATTRHE X EAE Bk F —A7 9%
N EH O, BTHEZEEE LR R E5%.

RI10-1E/R T AR Z 0 m e ENFHRER. R, %
BAEEFEEHIE (Numeric) FIZE5| (Categorical) FEMAIFI,

101 AR ZQHERIS B R IE R R L &
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10.2 TensorFlow 27F4HSZHA

AT FEEA U {E FH TensorFlow 2520 2 FhAFAE B AR . Undaf
MM 4, DL eIl gh i i 45

10. 2.1 S ATensorFlowAlHAth )2

AT B S5 3= EAd A T pandas. numpy. sklearn.
tensorflow. keras® /%, S NEAT.

import numpy as np
import pandas as pd

import tensorflow as tf
from tensorflow import feature column

from tensorflow.keras import layers
from sklearn.model selection import train test split

#hERE S E R
import os
os.environ["TF CPP MIN LOG LEVEL"] = "2"

10. 2.2 S AFIEFF G Edataframe

TR R 2E O R 2 Wi B R P BE = AR N, TRLEEEMAN B
#, LR,

URL = 'https://storage.googleapis.com/applied-dl/heart.csv'
dataframe = pd.read csv (URL)
dataframe.head ()

BATE R, WE10-3FT.
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F10-3 FAHER

10. 2.3 BdataframedfZy N B Al 42

T R EEE S E —ACSVICAT, PR ZER v Milgk. 56
UEATI A -

train, test = train test split(dataframe, test size=0.2)
train, val = train test split(train, test size=0.2)
print (len(train), 'train examples')

print (len(val), 'validation examples')

print (len(test), 'test examples')

PR &R0 R

193 train examples
49 validation examples
6l test examples

10. 2.4  FHtf. dataf @ AJR KLk

XBIRATE XL— R EdE _to_dataset, #dataframeZi#gisit
Tensorflowtg & dE, Frdataframe 1151 2 T I 2R 2 i RFAE
o, FRHERALER . I ERCSVICA R R (AR RULE T ARERA N
%), ALMEHLL. data B MBEAL S EUE .

def df to dataset (dataframe,
shuffle=True, repeat=False,batch size=32):
dataframe = dataframe.copy ()

# targetFBURIHIZ RSSO IEWE, BRI PSSR
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labels = dataframe.pop('target')
# 4 fiDataset

ds = tf.data.Dataset.from tensor slices((dict (dataframe),
labels))
if shuffle:
¥ R EAL
ds = ds.shuffle(buffer size=len(dataframe))

if repeat:
ds=ds.repeat ()

# WAL R E

ds = ds.batch (batch size)

return ds
batch size = 32 # /MItER/NHETER
train ds = df to dataset (train, batch size=batch size)
val ds = df to dataset(val, shuffle=False,
batch size=batch size)
test ds = df to dataset (test, shuffle=False,
batch size=batch size)

BRI tran_ dsHI%5H

for feature batch, label batch in train ds.take(1l):
print ('Every feature:', list (feature batch.keys()))
print ('A batch of ages:', feature batch['age'])
print ('A batch of targets:', label batch )

BATEE R

Every feature: ['age', 'sex', 'cp', 'trestbps', 'chol', 'fbs',
'restecqg’,

'thalach', 'exang', 'oldpeak', 'slope', 'ca', 'thal']
A batch of ages: tf.Tensor([64 40 65 45 60], shape=(5,),
dtype=int32)
A batch of targets: tf.Tensor ([0 0 1 0 0], shape=(5,),
dtype=int32)

HHIEAT AL, BAEER A T — AN, %5 S R OB = X B
dataframef %144, FHFENT N dataframed| HIME -

10. 2.5 TensorFlow$& 1) J LA AL BEEFAE 41 1) 7 7%
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BT oR, BAE FH TensorF lowd AL 1) 22 B AL BRAFAE 51 05 VR0 g a3t
ITEHR, IR G R 5 B S ATensorFlowf
layers. DenseFeatures/Z, FH¥HZE/E N ML IHINE

FATER T i TensorF Lowhe (i 1 LA AR ERAE A1 B 575
1. B AR $HE
G HUH 8 Hidie FH T s U B

it A DK BT A SRR T LR R E 51

example batch = next (iter (train ds)) [0]

XA HTER 73 B wn R B -

{'age': <tf.Tensor: id=87, shape=(5,), dtype=int32,
numpy=array([47, 53, 53, 59, 62])>,

'thal': <tf.Tensor: i1d=97, shape=(5,), dtype=string, numpy=
array([b'normal', b'normal', b'reversible', b'fixed',
b'normal'], dtype=object)>}

2. EMX—NEFEZIT ayers. DenseFeatures IR f5RIEHEdemoR
g

# B NRFIE S JE e e — LR 1 SE AR 7 7k

def demo (feature column) :
feature layer = layers.DenseFeatures (feature column)
print (feature layer (example batch) .numpy())

3. AEHIEZY

I FH e XA demo bR, FRATKE BEHER LG B dataf rame 457
HIEEH TR BUEH (Numeric Column) S&fxfaj Bz 2kA, HT-%£
INSEBURFIE . R LA, BiALK M dataframe B ICR B B F1)4E

age = feature column.numeric column ("age")
demo (age)

N—

BATHE S
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oY U1 U1 U1 W
N O wwJd

1]
4. WBIEFEHITOWE (BaE)

FAT— A R A E A AR, T2 AR BV B L fE
TIRA RIS L NBIEER G, FATR LA 74 51
(Bucketized Column) J7iERA®E 70 LA 704 (bucket) , TAE
KRR NEEEY] . B A& idDenseFeatures CEEERHIE) EHH
ARG o
age buckets = feature column.bucketized column(age, boundaries=
(18, 25, 30, 35,

40, 45, 50, 55, 60, 65])
demo (age buckets)

AT T

coooo
O O O oo
O O O O o
O O O O o
O O O O o
O O O O o
O OO o
oo N )
O O OO
R O O OO
O O O O o

5 A 573RT

FEMWEIEES, FEthal ENTFLT
(W1’ fixed , 'normal’ B reversible’ ) . FHER|TATTCIEE B F
FreefRften iy, FrClEstff S eI 218UE . 7 28R70 51
(Categorical Vocabulary Column) #Eft | —FtHone-hot[mE&EFK
R V. 1alYL R AT LA
categorical column with vocabulary list{EN1istf&if, B¢E H
categorical column with vocabulary file M\ SCAFFINE.

D R F B 5785 (categorical column)
thal = feature column.categorical column with vocabulary list(
'thal', ['fixed', 'normal', 'reversible'])

#1097K %] (categorical column) Frif yh#dmbs
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thal one hot = feature column.indicator column (thal)

demo (thal one hot)

O OO O
O O OO

— e, BAREH IIR 2 S KT . EACBE RIS, FHIE
FIANE. REEZEIEEY G —51785, HBATEMHER
TN 7E AL B AL R AL B ] CLAE R ) UPh B L i R i v
feature columnf] 5 £1E B n]Z=*TensorFlowE M
(https://www. tensorfFow. org/api docs/python/tf/feature colum
n o

6. (& FEmbedding bR 4y 2%

BiEEANIA R RE VTR R, MmN ala i+ (8
W) . HTZMER, BEEIRNBERIEMm, 8R4
R NG AT AT o BEES AT DA F R AN Z1 R v AR R PR 1) o R A B
(Embedding Column) ¥HHER N —MER4EEZE M=, MIEE 4
P e &, 2R YE R A ) ] DU EATA L, A 08
MANBIRN (FE R FI B FoNS) BB KSH. T ¥k
YV EBHWZ 0 BEERS, I ERERAS . FRATEX B A H AL 2
N T g, R vE R T AR

# ERIRAS BN R BATZ AT IS5 51

thal embedding = feature column.embedding column (thal,
dimension=8)

demo (thal embedding)

iBirEs
[[-0.34863454 -0.30269626 -0.46925494 0.31163093 0.01260155
-0.31821153
0.22603929 -0.1570794 ]
[-0.34863454 -0.30269626 -0.46925494 0.31163093 0.01260155
-0.31821153
0.22603929 -0.1570794 ]
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[ 0.12153319 0.37201008 -0.4721048 -0.31468096 -0.62527615
0.16459835
-0.2799887 0.19178092]
[-0.02939529 -0.02541047 -0.0191548 0.10025691 0.49624655
0.04122929
-0.04043907 0.6418098 ]
[-0.34863454 -0.30269626 -0.46925494 0.31163093 0.01260155
-0.31821153
0.22603929 -0.1570794 1]

7. ZIIEEHLIERIFHES

MR RYIMERIRZ, Wal UEH
categorical column with hash bucket 5k, ZAFNEFTHE K —
MEAE, RJF1EFE—hash_bucket_sizeZp MRt . fiH
AR, AFERMEICERR, I H A L {fhash bucketsHE =iz
T8 /N T SE BRI B DA A 2 A

AT E AT REAFAEPI R, RIAS [R] (745 53 7 R 4 WS 1)) —
AVEHE . SERR L, TR, St A AR IR R RFE SR S L AR A AT
AR X B2 P K7 Bl thal A
thal hashed =
feature column.categorical column with hash bucket (

'thal', hash bucket size=1000)
demo (feature column.indicator column (thal hashed))

e R

i

coooo
ol oNoNoNo)]
ol oNoNoNe
ol oNoNoNe)
ol oNoNoNe)
ol oNoNoNo)

8. ‘HEHIHHIES

P2 MR H A B — M E T, FRONRHMEZ S (Feature
Cross) o WILFHIEA G, BAIA] DIOARERRRIE 24 & 52 > B AL E
Ak, WATE AR —Nagefthal HE HIHRAE . # 2H &RFE 4R
TP —IE BTG, BUARHEGERAEERE . X BT
crossed column/7i%, HBZFIEHASHENTE ] e & 1) 5EHS
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& (ATgedEE X)), MmAR PLEER AR/, Hhashed column$g sz

Fo

crossed feature = feature column.crossed column ([age buckets,
thall],

hash bucket size=1000)
demo (feature column.indicator column(crossed feature))

10. 2.6 IRPAFNE

BITE A4 7 el f# FH TensorFlowH [ feature columnibEEFAE %
LR 77 . INAE A B X L5 v AT RE TAL 2], AR5 AL EE 5 11
PIPHEE —BAE MM E RN — NN E . XERBAVMEEESE T LY
KNI, H DG A e b n] 2l HAth 775 . i 2] K
BARLE, P LIS ST X Le R E 353k, 0 AT PR AR RS R A e ) s

feature columns = []

¥ REEAUES

for header in ['age', 'trestbps', 'chol', 'thalach', 'oldpeak',
'slope', 'ca'l:

feature columns.append(feature column.numeric column (header))

# IagedHEAT 71 Bl
age buckets = feature column.bucketized column(age, boundaries=
[18, 25, 30, 35,
40, 45, 50, 55, 60, 65])
feature columns.append(age buckets)

# Ko KA F NI Y

thal = feature column.categorical column with vocabulary list(
'thal', ['fixed', 'normal', 'reversible'])
thal one hot = feature column.indicator column (thal)

feature columns.append(thal one hot)

#i FEmbedding /7 ik HE 432551

thal embedding = feature column.embedding column (thal,
dimension=8)

feature columns.append(thal embedding)

# HE5
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crossed feature = feature column.crossed column([age buckets,
thal], hash bucket
size=1000)
crossed feature =
feature column.indicator column(crossed feature)
feature columns.append(crossed feature)

10. 2.7 GIEMLHIHNE

AN L e X THRHAES], T HDenseFeatures/Z & 33,
TR R4S, SR EHEEE NKerastB T I N JZ o

feature layer = tf.keras.layers.DenseFeatures (feature columns)

AT FATE A 1 — A ERBOR RS i 8 . X BEA TR
A1 — T ) SR B A A it K 26

batch size = 32

train ds = df to dataset(train, batch size=batch size)
val ds = df to dataset(val, shuffle=False,

batch size=batch size)

test ds = df to dataset(test, shuffle=False,

batch size=batch size)

[DenseFeatures BB & i iH )

tf. keras. layers. DenseFeatures R &&=\ :

tf.keras.layers.DenseFeatures (feature columns, trainable=True,
name=None, **kwargs)

HAp 2R AR

o feature columns: & HERAH NFIFeatureColumnsH]
iterable. A THSN %A MDenseColumnyRAE HIZEHI LM, 40
numeric column. embedding column. bucketized column.
indicator_column. WREG7IEThEE, AT LA R AP ETE R AT
I ALIEEAT
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e trainable: Ai/R{E, RARFEINGRIIAZ SIEEHEE N LR R

e, BRME NTrue,

e name: ADenseFeaturesfi44 .

HEZEER, n[Z*#TensorFlowE M:

(https://www. tensorflow. org/api docs/python/tf/keras/layers/

DenseFeatures)

10. 2.8 Q. FRiFEAIZrfE iy

i iR ZRBid, RS .

model = tf.keras.Sequential ([
feature layer,

layers.Dense (128, activation='relu'),
layers.Dense (128, activation='relu'),
layers.Dense (1, activation='sigmoid'")

1)

")
")

model .compile (optimizer="'adam',
loss="'binary crossentropy',
metrics=["accuracy'],
run_eagerly=True)

history =model.fit (train ds,
validation data=val ds,
epochs=10)

LAR & i Ja S IKIE A is AT 45 R -

Epoch 6/10
7/7 [==============================] - 1ls 165ms/step
0.6157 - accuracy:

0.7098 - val loss: 0.6317 - val accuracy: 0.6327
Epoch 7/10
7/7 [==============================] - 1ls 163ms/step
1.0140 - accuracy:

0.5492 - val loss: 1.5707 - val accuracy: 0.6735
Epoch 8/10
7/7 [==============================] - 1ls 163ms/step
1.0267 - accuracy:
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0.7565 - val loss: 0.5165 - val accuracy: 0.7755
Epoch 9/10
7)1 [============================== ] - 1s 169ms/step - loss:
0.4308 - accuracy:

0.7565 - val loss: 0.4990 - val accuracy: 0.8163
Epoch 10/10
7/ [m========s=s=s=s========s========== ] - 1s looms/step - loss:
0.4653 - accuracy:

0.7824 - val loss: 0.5034 - val accuracy: 0.7551

10.2.9 BRI ZRad FE

T FE P E Jupyter Notebookiz 4T W), 188N E%matplotlib
inline. %matplotlib inlines/&Python[fl 1T H— N EEVEKEL (Magic
Function) , HIJRERZNR KKK A Jupyter NotebookH', FfH A LLA
& Fiplt. show O X —2 . BRI A [Py thonf) N B RREL, 1E
PyCharm. IDLEH A FF.

smatplotlib inline

sconfig InlineBackend.figure format = 'svg'
import matplotlib.pyplot as plt

def plot metric (history, metric):

train metrics = history.history[metric]
val metrics = history.history['val '+metric]
epochs = range(l, len(train metrics) + 1)

plt.plot (epochs, train metrics, 'bo--')
plt.plot (epochs, val metrics, 'ro-')
plt.title('Training and validation '+ metric)
plt.xlabel ("Epochs")

plt.ylabel (metric)

plt.legend(["train "+metric, 'val '+metric])
plt.show ()

plot metric(history, "accuracy")

W EE LA 10-4PT78
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B10-4 )| % Ao o il 4 4 %

T P 104 m 2, 3X BLAS A A B £ R OR LB/, (AR IR HERA 3845
ET0%, RRIEAHE . REET KEIELE, PERERIRTHE ISR K

10.2. 10 Pt AsE

AL, WA

loss, accuracy = model.evaluate (test ds)
print ("Accuracy", accuracy)

BT R
2/2 [==============================] - (s 93ms/step - loss:

0.6706 - accuracy: 0.7049
Accuracy 0.704918

REAREBUN, MBI ER, SRR AT IR T,
PZ R T AR . IR AN R SRS, — B s R SR
S BEHLAR A NS0 JI 2 HE . AHRER) H AN UIZR— M HER A
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M, AR E S AL B A MR ROLAR KRR, FERORAEH B SR EE
L, REZZE =

see more please visit: https://homeofbook.com



10.3  /hgh

X G5 R BRI A5 Ao 2 0 48 RGR B2 2 S SR AT o AT, B e
X ESRFIE . FEARERAT AL B . BT AR . X IESRIE —
AT o> BUE AR AC B, PR Al AL BE s O o0 SRR I AT DK L
OB TS B Embedding. WIS RN AR, BN
TGRS AnHOR AL, i FE R ONEmbedding. A HFRIX LB
TR 2N R -
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11
FEmbedding#E ML 28 5= > 1 BE

AR FEWGAE AR SE AR R B R ST 25, FRELEBCEATI)IZ:
gh B X EIE TGN F ) P L A (A1XGBoost) FZ E ML
W& BAT L . B T AR SE AT bR 2 4, W Rl—FhEE, A&
St H & 548 FEmbedd ing I BUR HET T LS. SR ER, KHT
Embedding /7 VAWM SEIEH I T A 4 FHEmbedding 71 &Y%, WERH T
i FHEmbeddingREFR FHR AU ML BE .

AT ELARE KR N

o I HMEIR,

o 1 F{EmbeddingH& T2 I 4514 BE 5
o FEXGBoost A ;

o f§iFHEmbeddingZi#E HIXGBoost A 7Y,
o A[iALEmbedding % .
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111 JHMEE

K HEmbeddingfe FH R BUMERE, XL Gl 5 > v, R g
XGBoostHyE, KHAMFIEIELE. MEIFE, (EXH N EHE AL EE ) 7
AAFE: — PR A 7%, J—M N HEmbedding. [FIFEXSfH£E
WX 2% AT ELA, A P AR R TR 2 4y, B k4 N B8 S5 FH A [ ) 56
W — PR RSB AT M GRS, A — PR R Embedding b ¥ .
XL BRI L g R R 11-1 PR

111 B A H SRR LA

HEL1L-1T UUEH, MEMNENNIIPEREIL TR gihlgs 7], A
EE (Entity Embedding) HJELIEAL T AMEFHEERRELAL, BANTH 1) K]
WEEMTESH F 1K 1-23,

11.1.1 FHEEF A

A E5 A Bt B2 9 1115548 B 25 i & s s 110 g S AR B e . A
e T GER I “HHEE” H1l. Bduse b 2L LR fE O I S Al Lk
frfsn, W RREEESCIFI R .

rain. csv: PiSEHdE (BFEHE) ;

test. csv: ISR (ABEFEHEE) ;

sample submission. csv: H&FUIERAIFEAS SR A SCAF,
store. csv: A KR JE AN G B .

R BAE BT
o ID: AURMBEENR ek, HED —JudiID,

see more please visit: https://homeofbook.com



Store: AT )EFIME—ID,

Sales: fEmE—RHIE AT CXHLERIITII)

Customers: FFx& HIHRIE P =,

Open: FJEEEENTIFERE, 0=, 1=E.

StateHoliday: fRanMMRH. @, FrA RS EEMEE R H K

e BIER, AR BB RE . a=nIRH,

bzgiézﬁ’fg/ﬁﬂ’ C:%i}@jﬁ" O:%o

. Sr(]:hoolHoliday: feon (RS, HED BEZB)A SRR
M

e StoreType: XZr4FAFEBIREIEREA, dlas by ¢y do

o Assortment: AR LH], a=FEA, b=Fi4l, =¥ .

e CompetitionDistance: PEEHRIEMITEFXNFREMEIIEE (LKA
AL

e CompetitionOpenSince [Month / Year]: % H&iT =45 FIF
T RN B T1]

o Promo: FINKIME M RAEBIEITIEH .

o Promo2: F/RFELERHERG S HIESREH, (R HEASE, 1
KRB IEAES 5.

o Promo2Since [4/Jf]: IR H G2 5Promo2 40 A1 H 7
A -

e PromoInterval: ik /58)Promo2 FIELE ARG, FHar 4 EHH G

MR . B, “—HA. BA. \NH. +—A” FRZEIER

H—REG T —EN—_H. ILH. \H. +—H.

11.1.2 S AEHE

1) § Atrain.csv, store.csv, store states.csvZ 4.

# RN B
import pickle #{EWNIAEBFFINLE NHEE

import csv

2) SEMXPHNRE, csv2dictsH Tlcsv U3 A 7 i,
set nan as stringfRZH THEFETE (FHO) .
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#HBcsv Uy 7 i
def csv2dicts(csvfile):
data = []
keys = []
for row index, row in enumerate (csvfile):
HAEEE —ATHR ST B R
if row index == O0:
keys = row
print (row)
continue

data.append({key: value for key, value in zip(keys, row) })
return data

W HRE A, WAHERT
def set nan as string(data, replace str='0"):
for i, X in enumerate (data) :
for key, value in x.items() :
if value == '':
x[key] = replace str
datal[i] = x

3) SAHHE.

train data = r".\data\train.csv"
store data = r".\data\store.csv"
store states = r'.\data\store states.csv'

HEALH S BN 580 5 AN ST

with open(train data) as csvfile:

data = csv.reader (csvfile, delimiter=',")
with open('train data.pickle', 'wb') as f:
data = csv2dicts (data)
#3k Rtk
data = datal[::-1]

Ak, HEEE DR AE 2SO
pickle.dump (data, £, -1)

print (datal[:3])

train. csvi ¥ Ja M EEAER

['Store', 'DayOfWeek', 'Date', 'Sales', 'Customers', 'Open',
'"Promo’', 'StateHoliday',

'SchoolHoliday']
[{'Store': '1115', 'DayOfWeek': '2', 'Date': '2013-01-01",
'Sales': '0"',
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'Customers': '0', 'Open': '0', 'Promo': 'QO', 'StateHoliday':
lal’

'SchoolHoliday': '"1'}, {'Store': '1114', 'DayOfWeek': '2"',
'Date': '2013-01-01"',

'Sales': '0', 'Customers': '0O', 'Open': '0O', 'Promo': '0Q"',
'StateHoliday': 'a', 'SchoolHoliday': '1'}, {'Store': '1113"',
'DayOfWeek': '2', 'Date': '2013-01-01', 'Sales': 'Q"',
'Customers': '0', 'Open': '0', 'Promo': '0O', 'StateHoliday':
'a', 'SchoolHoliday': '"1'}]

4) ¥ store data. store statesZ#.

b 5 store data, store statesHIEE AN ffstore data.pickle
with open(store data) as csvfile, open(store states) as
csvfile2:
data = csv.reader (csvfile, delimiter="',")
state data = csv.reader (csvfile2, delimiter=',")
with open('store data.pickle', 'wb') as f:
data = csv2dicts (data)
state data = csv2dicts(state data)
set nan _as string(data)

#itistatefl®|store datadi®d, )5 IRAFERINEDE

for index, val in enumerate (data) :

state = state data[index]
val['State'] = state['State']
data[index] = wval

pickle.dump (data, £, -1)
print (datal[:2])

KEER 5 BRI T

['Store', 'StoreType', 'Assortment', 'CompetitionDistance',
'CompetitionOpenSinceMonth', 'CompetitionOpenSinceYear',
'"Promo2"',
'"Promo2SinceWeek', 'Promo2SinceYear', 'PromoInterval']
['Store', 'State']

[{'Store': 'l', 'StoreType': 'c', 'Assortment': 'a',
'"CompetitionDistance’:

'1270', 'CompetitionOpenSinceMonth': '9',
'CompetitionOpenSinceYear':

'2008', 'Promo2': '0O', 'Promo2SinceWeek': '0',
'"Promo2SinceYear': '0',

'"PromoInterval': '0', 'State': 'HE'}, {'Store': '2",
'StoreType': 'a',

'Assortment': 'a', 'CompetitionDistance': '570',

'CompetitionOpenSinceMonth':
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'11', 'CompetitionOpenSinceYear': '2007', 'Promo2':

'Promo2SinceWeek’':

'13'", '"Promo2SinceYear': '2010', 'PromoInterval':
'Jan, Apr,Jul,Oct’,

'State': '"TH'}]

11. 1.3  FAL P

1D FATERE.

from datetime import datetime
from sklearn import preprocessing
import numpy as np

import random

random.seed (42)

2) ¥ Fpickleiszipickle )X AF£HE

#1EMpickle XX

with open('train data.pickle', 'rb') as f:
train data = pickle.load(f)
num records = len(train data)

with open('store data.pickle', 'rb') as f:
store data = pickle.load(f)

3) WP S I ] BUIAT R o A 4
I (RPRFAE AT 4 4 P, T pr omo SR 4 A

def feature list (record):
dt = datetime.strptime (record['Date'], '%Y-%m-%d')
store index = int (record['Store'])
year = dt.year
month = dt.month
day = dt.day
day of week = int (record['DayOfWeek'])

try:

store open = int(record['Open'])
except:

store open = 1
promo = int (record['Promo'])

# AR [B] st ate X B R T FR
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return [store_open,
store index,
day of week,
promo,
year,
month,
day,
store data[store index - 1]['State']

]

4) XTtrain dataiffT—SL7a] s el pEEAE
#4825

train data X = []
train data y = []

for record in train data:
if record['Sales'] != '0' and record['Open'] != "':
f1l = feature list (record)
train data X.append(fl)
train data _y.append (int (record['Sales']))

print("%ﬁ%%ﬁk%iﬁ. ", len(train data vy))

print ("R/MHEE: {}, RAEHEE: {}".format (min (train data y),
max (train data y)))

iBfr4s

FHEEICSREL: 844338
wMEEE 46, BRNEHEE 41551

5) BUEALSHFL, JCERORAF B A

feature train data.pickle ',

full X = np.array(train data X)
#full X = np.array(full X)
train data X = np.array(train data X)
les = []
$REEFBEAT AL R, FE S e Bl
for 1 in range(train data X.shape[l]):
le = preprocessing.Labelkncoder ()
le.fit (full X[:, 1i])
les.append(le)
train data X[:, 1] = le.transform(train data X[:, 1])
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# AN H A R S Apickle XA
with open('les.pickle', 'wb') as f:
pickle.dump (les, £, -1)

#AE IR H R ¥ ey A
train data X = train data X.astype (int)
train data y = np.array(train data vy)

#RfFHHE Rl feature train data.pickleXff

with open('feature train data.pickle', 'wb') as f:
pickle.dump ((train data X, train data y), £, -1)
print (train data X[0], train data y[0])

BAEFEB:

[ 0 109 1 0 0 0 0 71 5961

11.1. 4 & X AFEREL

BE XA IR B, EE UL LA DR,
1) BT B R

import numpy
import pickle
numpy.random. seed (123)

from sklearn.preprocessing import StandardScaler
import xgboost as xgb

from sklearn import neighbors

from sklearn.preprocessing import Normalizer
from sklearn.preprocessing import OneHotEncoder

from tensorflow.keras.models import Sequential

from tensorflow.keras.models import Model as KerasModel

from tensorflow.keras.layers import Input, Dense, Activation,
Reshape, Flatten

from tensorflow.keras.layers import Concatenate

from tensorflow.keras.layers import Embedding

from tensorflow.keras.callbacks import ModelCheckpoint
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Pt i A5 B

1mport warnings
warnings.filterwarnings ("ignore")

2) WE EESH.

train ratio = 0.9
shuffle data = False
one _hot as input = False
embeddings as input = False
save embeddings = True
saved embeddings fname = "embeddings.pickle" # set
save embeddings to True to
create this file

3) XL FLR AL

f = open('feature train data.pickle', 'rb')
( y) = pickle.load(f)

num records = len (X)
train size = int(train ratio * num records)

if shuffle data:
print ("Using shuffled data")
sh = numpy.arange (X.shape[0])
numpy .random.shuffle (sh)
X = X[sh]
y = ylsh]

if embeddings as input:
print ("Using learned embeddings as input")
X = embed features (X, saved embeddings fname)

if one hot as input:
print ("Using one-hot encoding as input")
enc = OneHotEncoder (sparse=False)
enc.fit (X)
X = enc.transform(X)

def sample (X, vy, n):
''"'"random samples'''

num row = X.shape[0]
indices = numpy.random.randint (num row, size=n)
return X[indices, :], ylindices]
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def evaluate models (models,
assert (min(y) > 0)

guessed sales = numpy.array ([model.guess (X)

models])

mean sales = guessed sales.mean (axis=0)

X, y):

for model in

relative err = numpy.absolute((y - mean sales) / y)

result =_numpy.sum(relative_err) / len(y)

return result

#53 A SRR, B X RT 8 AR (BREELAD

def split features (X):
X list = []
IR 2 51 H i

store index = X[..., [1]]
X list.append(store index)

#HERIUKE 35K , LT It

day of week = X[..., [2]]
X list.append(day of week)

promo = X[..., [3]]
X list.append (promo)

year = X[..., [4]]
X list.append (year)

month = X[..., [5]]
X list.append (month)

day = X[..., [6]]
X list.append(day)

State = X[..., [7]]
X list.append(State)

return X list
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11.2 ¥ FHEmbeddingH Jl i1 48 X 2% 1k fiE

B RORIAM i — e g, RIEMALBERS AR, EH
AR AT 30, — Rl U 0 SRR AT S G i e 48, S — okt o
FRPFIEE FHEmbedding b, AR5 LB RN T AR fE

11.2.1 B ghadm b i Al

g PTRHIR T BRI, SRS RA
HHRAE.

AR R IE ey b AR G A

one hot as input=True

if one hot as input:
print ("Using one-hot encoding as input")
enc = OneHotEncoder (sparse=False)
enc.fit (X)
X = enc.transform (X)

X train = X[:train size]

X val = X[train size:]

y train = y[:train size]

y val = yl[train size:]

X train, y train = sample(X train, y train, 200000) # Simulate
data sparsity

print ("Number of samples used for training: " +
str(y train.shape[0]))

2) FEAPLE 2%

class Model (object) :

def evaluate(self, X val, y val):
assert (min(y val) > 0)

guessed sales = self.guess (X val)

relative err = numpy.absolute((y val - guessed sales) /
y val)

result = numpy.sum(relative err) / len(y val)
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return result

class NN (Model) :

def init (self, X train, y train, X val, y val):

super () . init ()

self.epochs = 10

self.checkpointer =
ModelCheckpoint (filepath="best model weights.hdf5",

verbose=1, save best only=True)

self.max log y = max (numpy.max (numpy.log(y train)),
numpy.max (numpy.log(y val)))

self. build keras model ()

self.fit (X train, y train, X val, y val)

def  build keras model (self) :

self.model = Sequential ()
self.model.add (Dense (1000,

kernel initializer="uniform", input dim=1183))
#self.model.add (Dense (1000,

kernel initializer="uniform", input dim=8))
self.model.add (Activation('relu'))
self.model.add (Dense (500,

kernel initializer="uniform"))
self.model.add (Activation('relu'))
self.model.add (Dense (1))
self.model.add (Activation('sigmoid"'))

self.model.compile (loss="'mean absolute error',
optimizer='adam')

def wval for fit(self, wval):
val = numpy.log(val) / self.max log y
return val

def wval for pred(self, val):
return numpy.exp(val * self.max log y)

def fit(self, X train, y train, X val, y val):
self.model.fit (X train, self. val for fit(y train),
validation data=(X val,
self. val for fit(y val)),
epochs=self.epochs, batch size=128,
# callbacks=[self.checkpointer],
)
# self.model.load weights('best model weights.hdf5'")
print ("Result on validation data: ",
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self.evaluate (X val, y val))

def guess(self, features):
result = self.model.predict (features).flatten()
return self. val for pred(result)

3) YRR,

models = []
print ("Fitting NN...")
for 1 in range(2):
models.append (NN (X train, y train, X val, y val))

4) PEAbAEA,

print ("Evaluate combined models...")

print ("Training error...")

r train = evaluate models (models, X train, y train)
print (r train)

print ("Validation error...")
r val = evaluate models (models, X val, y val)
print (r val)

SEAT 4 R

Evaluate combined models...
Training error...
0.027937487329290835
Validation error...
0.10169659670565763

11.2.2 T EmbeddingfyiAy

D AR T Embedding 2 #2845 £ s -
# HFT RO 2R 2 e
f = open('feature train data.pickle', 'rb')

(X, y) = pickle.load(f)

num records = len (X)
train size = int(train ratio * num records)
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20 PR TR o AR A
#5 Kedf

X train = X[:train size]
X val = X[train size:]
y train y[:train size]
y val = yl[train size:]

X train, y train = sample (X train, y train, 200000) # Simulate
data sparsity

print ("Number of samples used for training: " +

str(y train.shape[0]))

3) HE T Embedding/Z IFHE N %% .
class NN with EntityEmbedding (Model) :

def init (self, X train, y train, X val, y val):
super (). init ()
self.epochs = 10
self.checkpointer =
ModelCheckpoint (filepath="best model weights.hdf5",
verbose=1, save best only=True)
self.max log y = max (numpy.max (numpy.log(y train)),
numpy.max (numpy.log(y val)))
self. build keras model ()
self.fit (X train, y train, X val, y val)

def preprocessing(self, X):
X list = split features (X)
return X list

def  build keras model (self):
input store = Input (shape=(1,))
output store = Embedding (1115, 10,
name="'store embedding') (input store)
output store = Reshape (target shape=(10,))
(output store)

input dow = Input (shape=(1,))

output dow = Embedding (7, 6, name='dow embedding')
(input dow)

output dow = Reshape (target shape=(6,)) (output dow)

input promo = Input (shape=(1,))
output promo = Dense (1) (input promo)
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input year = Input (shape=(1,))

output year = Embedding (3, 2, name='year embedding')
(input year)

output year = Reshape (target shape=(2,)) (output year)

input month = Input (shape=(1,))

output month = Embedding (12, 6, name='month embedding')
(input month)

output month = Reshape (target shape=(6,)) (output month)

input day = Input (shape=(1,))

output day = Embedding (31, 10, name='day embedding')
(input day)

output day = Reshape (target shape=(10,)) (output day)

input germanstate = Input (shape=(1,))
output germanstate = Embedding (12, 6,
name="'state embedding') (input germanstate)

output germanstate = Reshape (target shape=(6,))
(output germanstate)

input model = [input store, input dow, input promo,
input year, input month, input day,
input germanstate]
output embeddings = [output store, output dow,
output promo,
output year, output month,
output day, output germanstate]

output model = Concatenate () (output embeddings)

output model = Dense (1000,
kernel initializer="uniform") (output model)

output model = Activation('relu') (output model)

output model = Dense (500, kernel initializer="uniform")
(output model)

output model = Activation('relu') (output model)

output model = Dense (1) (output model)

output model Activation('sigmoid') (output model)
self.model = KerasModel (inputs=input model,
outputs=output model)

self.model.compile (loss="'mean absolute error',
optimizer="adam')
def wval for fit(self, wval):
val = numpy.log(val) / self.max log y
return val
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def wval for pred(self, val):
return numpy.exp(val * self.max log y)

def fit(self, X train, y train, X val, y val):
self.model.fit (self.preprocessing (X train),
self. val for fit(y train),
validation data=
(self.preprocessing (X val), self. val for
fit(y val)),
epochs=self.epochs, batch size=128,
# callbacks=[self.checkpointer],
)
# self.model.load weights('best model weights.hdf5")
print ("Result on validation data: ",
self.evaluate (X val, y val))

def guess(self, features):
features = self.preprocessing(features)
result = self.model.predict (features).flatten()
return self. val for pred(result)

4) Y ZpE A,

models = []

print ("Fitting NN with EntityEmbedding...")

for 1 in range (5):
models.append (NN with EntityEmbedding (X train, y train,

X val, y val))

5) PHALFRA,

print ("Evaluate combined models...")

print ("Training error...")

r train = evaluate models (models, X train, y train)
print (r train)

print ("Validation error...")

r val = evaluate models (models, X val, y val)
print (r val)

BATER

Evaluate combined models...
Training error...
0.062487139710410665
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Validation error...
0.09575525157323411

6) fRA7EA A EmbeddingZ 4R .

save embeddings = True
1f save embeddings:
model = models[0].model
store embedding =
model.get layer ('store embedding') .get weights () [0]
dow embedding =
model.get layer ('dow embedding') .get weights() [0]
year embedding =
model.get layer ('year embedding') .get weights () [0]
month embedding =
model.get layer ('month embedding').get weights () [0]
day embedding =
model.get layer ('day embedding') .get weights () [0]
german_ states embedding =
model.get layer ('state embedding').get weights () [0]
with open (saved embeddings fname, 'wb') as f:
pickle.dump ([store embedding, dow embedding,
year embedding,
month embedding, day embedding,
german_states embedding], £, -1)

7) € XIREEmbedding B4 1) BE 25 .
#2555 B S R AE O Embe dd i ng [ B, I e [ B/ 9 i A B

def embed features (X, saved embeddings fname) :
# £ embeddings = open ("embeddings shuffled.pickle", "rb")
f embeddings = open(saved embeddings fname, "rb")
embeddings = pickle.load(f embeddings)

#Flstore open. promolXMA|EZ RAMWNME, WAHHITEnbedding, #HTH
HEBRFEST

index embedding mapping = {1: 0, 2: 1, 4: 2, 5: 3, 6: 4, 7:
5}

X embedded = []

(num records, num features) = X.shape
for record in X:
embedded features = []
for i, feat in enumerate (record):
feat = int (feat)
if 1 not in index embedding mapping.keys() :
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embedded features += [feat]
else:

embedding index = index embedding mapping[i]
embedded features +=
embeddings [embedding index] [feat].tolist ()
X embedded.append (embedded features)

return numpy.array (X embedded)
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11.3  HMJEEXGBoostfH

ﬁﬁ;)%&%%ﬁ%oﬁ%ﬁ%ﬁﬂﬁﬁﬁﬁ%ﬁﬁ,XM@%%@

# FHT RO 2R B

f = open('feature train data.pickle', 'rb')
(X, y) = pickle.load(f)

num records = len (X)
train size = int(train ratio * num records)

2) oy Bl I AT R o A A8 i A R 1 )
FEEWEEL, ToFp Ao 2840 B Bk g i ] DLagE S 1) B 2 1 B3 3 B
i 1 o T AR, Sl E A gAY, ) AR BT R A
AT o IX B BRATHANKS 7 FERFAEREAT R G 55 5

X 73 HoH

X train = X[:train size]
X val = X[train size:]

y train = yl[:train size]
y val = yl[train size:]

X train, y train = sample (X train, y train, 200000) # Simulate
data sparsity

print ("Number of samples used for training: " +
str(y train.shape[0]))

3) MJEEXGBoostiR A,

class XGBoost (Model) :

def init (self, X train, y train, X val, y val):
super (). init ()
dtrain = xgb.DMatrix (X train, label=numpy.log(y train))
evallist = [(dtrain, 'train')]
param = {'nthread': -1,
'max depth': 7,
'eta': 0.02,
'silent': 1,
'objective': 'reg:linear',
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'colsample bytree': 0.7,
'subsample': 0.7}

num round = 3000

self.bst = xgb.train(param, dtrain, num round,
evallist)

print ("Result on validation data: ",

self.evaluate (X val, y val))

def guess(self, feature):
dtest = xgb.DMatrix (feature)
return numpy.exp (self.bst.predict (dtest))

4) ARy

models = []
print ("Fitting XGBoost...")
models.append (XGBoost (X train, y train, X val, y val))

5) PR,

print ("Evaluate combined models...")

print ("Training error...")

r train = evaluate models (models, X train, y train)
print (r train)

print ("Validation error...")
r val = evaluate models (models, X val, y val)
print (r val)

1B1T 4

Evaluate combined models...
Training error...
0.11262781078707171
Validation error...
0.17633094240281574
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11.4 f#i HEmbeddingZi#i ) XGBoos t ## 7Y

1) #EmbeddingfE ¥ AXGBoos tH A 114

embeddings_as input=True
if embeddings as input:
print ("Using learned embeddings as input")

X = embed features (X, saved embeddings fname)
X train = X[:train size]
X val = X[train size:]
y train = y[:train size]
y val = yl[train size:]
2) IR
models = []

print ("Fitting XGBoost...")
models.append (XGBoost (X train, y train, X val, y val))

3) TR,

print ("Evaluate combined models...")

print ("Training error...")

r train = evaluate models (models, X train, y train)
print (r train)

print ("Validation error...")
r val = evaluate models (models, X val, y val)
print (r val)

RREEEE S IR

Evaluate combined models...
Training error...
0.0631171387140202
Validation error...
0.09852076399349817
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11.5 W] #4LEmbeddingZi#E

DD SNTEME,

import pickle

from sklearn import manifold
import matplotlib.pyplot as plt
import numpy as np

fmatplotlib inline

#hERCE S5 R
import warnings

warnings.filterwarnings ('ignore')

2) 1EHEmbedding i .

with open ("embeddings.pickle", 'rb') as f:

[store embedding, dow embedding, year embedding,
month embedding, day embedding, german states embedding] =
pickle.load (f)

3) BRI I ERFE A

#R B B IE A B

with open("les.pickle", 'rb') as f:
les = pickle.load(f)
le store = les[1]

le dow = les[Z2

]
le month = les[5]
le day = les[6]
le state = les[7]

4) H SRSB4 TR
states names = ["fAMK", "ELEFFHEE, " FHL, "F?ﬁ%’%","ﬁ","ﬂ
g, AL . Uiﬁﬁ%é/ﬂ/‘ﬂ[" "SR 22 e VR IRIRMN Y, A B 5 B AR A AR AR A
PN, BETEARIN ", B AR R, AR

5) ARSI S B
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plt.rcParams['font.sans-serif']=['SimHei'] ##ERH X
plt.rcParams['axes.unicode minus']=False ##Pji-brfl L - 52880
B

tsne = manifold.TSNE (init="'pca', random state=0,
method="'exact"')

Y = tsne.fit transform(german states embedding)
plt.figure(figsize=(8,8))

plt.scatter(-Y[:, 0], -Y[:, 17])

for 1, txt in enumerate (states names) :

plt.annotate (txt, (-Y[i, O0],-Y[i, 1]), xytext = (-20, 8),
textcoords = 'offset points')

plt.savefig('state embedding.pdf')

XF A MG B AT 45 R A B 1 1= 17

B11-1 A FTHEHIEHEN I H B
6) IAALEEEEIHHE R

see more please visit: https://homeofbook.com



tsne = manifold.TSNE (init="pca', random state=0,
method="'exact"')

Y = tsne.fit transform(dow embedding)

names = ['Mon', 'Tue', 'Wed', 'Thu', 'Fri', 'Sat', 'Sun']
plt.figure(figsize=(8,8))

plt.scatter(-Y[:, 0], -Y[:, 17)

for i, txt in enumerate (names) :

plt.annotate (txt, (-Y[i, O0],-Y[i, 1]), xytext = (-5, 8),
textcoords = 'offset points')

plt.savefig('dow embedding.png')

B ERIE R AT S B A 11278

B11-2 A T4
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11.6 /hgh

2 5 AN 7 T A R A B T 456 P Embedd ing A 42 P 28 AR RL AT T
fegiflas s A, — @R, (HEGERI T AR Rk
RYT7AMF, EEEANE
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FH12E
F Transformer S g% H

EHESTERATTEMN 4 T Transformer, FFFHPyTorch=Zil, E&—
FiEncoder-Decoder®i M, 1E4FA] DA RIEATIE S8R ARERAMLEH
TensorFlow 2K A4%ETransformer, #RJ5Hnewscommentary v14%4E4E
WIERPEALREAY,  JF IR s A Y, HARE RS T N2

TensorFlow 2+5Z1|#f ik
AL ERH A

M Transformer Y
TE X AR R £

€& XA d%

YRR

PP TR A 2R
ATARAR T = IR E
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12.1 TensorFlow 2+5Z45|HEiA

A= S Md F TransformeriX A as K AR SR E T B, S SOl
Wb s, AR IR E S i Transformer iy, SRJE I, PRASER
B, e JE LA 9 SOE A IR Y AR

A ) B e i A YA B A fa A\ B s i /2 Trans former iy A b%
X, Bkl HTensorFlow 28R

AEF N, X BIIGEEHEEHTensorFlow 2L
wmt19 translate/zh—enZ#EEE BT H PE 5K 7
(newscommentary v14) , EENzh-enBIEEF2BLEL . FK12-1NFE
54

E12-1 DA KR

see more please visit: https://homeofbook.com



12. 2 TiAbPRE PR

T84 N B H Frdn N IEB) i A TransTormer B FIA% 20 ? ik
XBAEWER] . MAER) R KNKE NS, ANEMIERJHERN. HER
BRI R KK N0, ANERTERJFOE . T8 N iEA)IBOS. EOS
SN2 5] 8135418136, H b NiEA]FIBOS. EOSKT N2 5] Aj4201F1
4202, fLIRK/AINAN2, BARGE R ZHE K121,

B12-1 Transformer# & #iy N4 4B 4& X
FEPRE R e A B 12- & U s ) E 2D IR T .
1) f#iHTensorFlowHtensorflow datasets (N faiFRNtfds)

Bt R, PALBRERSE . "I llpip i N iziith, B2 EE 2%
E M (https://www. tensorflow. org/datasets) o

pip install tensorflow-datasets

2) f§iftfds. features. text. SubwordTextEncoderti&k} ZE 34T
], FHEa AL XS N A 1R] L

3) UNImMER)FFGE (BOS) 54T (EOS) XfMNEE|, F—ikajk
B, ANERHOET.

4) ¥HolNtf. Tensorfg .
5) BRI EE, RGN AU .

12. 2.1 T# &R
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DD SAFERE.

import os

import time

import numpy as np

import matplotlib as mpl

import matplotlib.pyplot as plt

from pprint import pprint

from IPython.display import clear output

import tensorflow as tf
import tensorflow datasets as tfds

2) wEMH H &

AN T S TensorF lowhiy tE AL ERE R, X EH KT loggingds
2% . K ~NfETensorFlow 2H.tf. loggingfy 57, PrbAn] LLEEH
logging ik 58 L IX A 15 .

import logging

logger = tf.get logger()
logger.setlLevel (logging.ERROR)

i numpy N R IE S

np.set printoptions (suppress=True)

3) & XNRAFHIEIAR . T IAFBOEE L .

output dir = "nmt"
en vocab file = os.path.join(output dir, "en vocab")
zh vocab file = os.path.join(output dir, "zh vocab")

checkpoint path = os.path.join(output dir, "checkpoints")
log dir = os.path.join(output dir, 'logs')
download dir = "tensorflow-datasets/downloads"

if not os.path.exists (output dir):
os.makedirs (output dir)

4) NEEHE.

#IX HIRAUE FHwmt 19 translatefi#ise
tmp builder = tfds.builder ("wmtl9 translate/zh-en")
pprint (tmp builder.subsets)

S—

a4
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{NamedSplit ('train'): ['newscommentary v14',
'wikititles vl1',
'uncorpus vl1',
'casiaz015"',
'casict2011"',
'casict2015"',
'datum2015"',
'"datum2017"',
'neu2017'],

NamedSplit ('validation'): ['newstest2018']}

A DL BIAEWMT2019 B A e B 1 B s 05 9 A 2D o zh-enB Iz £ 6
N AR

o XA EZEHE: uncorpus vl
o JEIEFHBMRB: wikititles vl
o HE1FEiIL: newscommentary v14

BARKEFIE S NG E NS IRA T, BN T A%
Transformer BT 75 KBS 1E], X BLIRATT Rk FE— BRI A1ERHEE .
QBRI BEIRNE ? BeS B B AR R, 4L | Ry s w
WNZARTE, BT DL B PR o A — AN & A e . AT AT BLTE
configH$& & # PR X MR IR Il g TensorF low B E 48 T %,

5) & NEACE M. N ERAAEENEE, JF T EEE.

config = tfds.translate.wmt.WmtConfig(
version=tfds.core.Version('0.0.3', experiments=
{tfds.core.Experiment.S3: False}),

language pair=("zh", "en"),
subsets={
tfds.Split.TRAIN: ["newscommentary v14"]

}
)

builder = tfds.builder ("wmt translate", config=configqg)
builder.download and prepare (download dir=download dir)

Hrptrds5eml 7~ TAE:
D FEELE IR EE B R 4e R

2) i AE13 BICSVES 2
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3) BATERIUZCSVH K BT Hh ) 1

4) HENLIEAFFE %W row;

5) Shuffle¥dfi;

6) B JEHE R TFRecord B A INEE 5251 .

12.2.2 0 EHHE

BARFMNA TE T —NoETFe B dEE, EiZBEEL2F 3
L3075 2R T~ AT )T o N T DN 2R 75 BB 18], A F
tfds. Spliti® X —"split¥ Es LT k2 N85

1) A8 splitX EidE 317X

train perc = 20
val prec =1
drop prec = 100 - train perc - val prec

split = tfds.Split.TRAIN.subsplit([train perc, val prec,
drop prec])
split

2) ARG IERAE SR . K RTDspli tZRIIEUIZRE LK
Rriese, HREAEM

examples = builder.as dataset (split=split, as_ supervised=True)
train examples, val examples, = examples

3) BHEAEL . A Hnumpy () KX e Tensors SEPR A7 B 745 Hh
HCHS I 2 AR

sample examples = []

num samples = 2

c=1

for en t, zh t in train examples.take (num samples) :
en en t.numpy () .decode ("utf-8")
zh zh t.numpy () .decode ("utf-8")
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print ('=' * 10 + 'F'+str(c)+'XIEA+"-"*10)
print (en)

print (zh)

c+=1

# X LSRR R AT B AT A I R A 0

sample examples.append( (en, zh))

iBfr4s

EZHVEZS

If the Putins, Erdog~ans, and Orbéans of the world want to
continue to benefit

economically from the open international system, they
cannot simply make up

their own rules.

AR R BIRZ ZANROR YRRy AR S AT bk RS2 br Rz, wiASRER) 5
HudtlE B SRR .

12.2.3  GUETECE R 7L

KL ENPE A, T BRI T, AT A,
YR AR IS 5 AT R ] CIndex)
tfds. features. textJi N HSubwordTextEncoderf2 At T JE 5 J7{H 1Y
APT, WAJCAEFRATS NG IR LIt L, FHR/NEEN
8192 (H2%x13) .

1) Men vocab fileizEUEdE .

try:
subword encoder en =
tfds.features.text.SubwordTextEncoder.load from file
(en_vocab file)
print (E"FACEZHFM: {en vocab file}™)
except:
print ("BA CESLHITH, EHTET. )

subword encoder en =

see more please visit: https://homeofbook.com



tfds.features.text.SubwordTextEncoder.build from corpus (
(en.numpy () for en, _ in train examples),
target vocab size=2**13) # FH K/ A8192

# PR IBER, T R IRAEA

subword encoder en.save to file(en vocab file)
print (£"FHK/N: {subword encoder en.vocab size}")
print(f"ﬁﬁlOﬁ‘ subwords: {subword encoder en.subwords[:10]}")

IBATHR:

FACEKFM: nmt/en vocab
T K/ 8135
Al104 subwords: ('~ ', 'the ', 'of ', 'to ', 'and ', 's ',
'in ', 'a ', 'that ', 'is ']

1X B subword encoder en#| FHGNMT 24 #] 4 H f a3k (wordpiece)
Kt AT WA, T PEAE iR (subword) ST IXHE 2 (). P
RESr B EIWEIE (character—delimited) S5HZ A FREEIWIE (word-
delimited) . FEFARTHE Y A)F LS, subword encoder enssfdtir
—/NEBI3SANF IR A M . FRATAT LA 2% R A A TR — AN e S A)
FEERS T MR 5| F%) (index sequence) o

2) N2 # FHsubword encoder en. encode ] — & ELI~

sample string = 'Shanghai is beautiful.'
indices = subword encoder en.encode (sample string)
indices

N— g

IBAT 4

(2467, 232, 3157, 7911, 10, 2942, 7457, 1163, 7925]

TR 2FAF L. kerasH i Tokenizer W SZHL T AH[E I ZhAE, RIS
BRI R R G . AL PRIX LR F1E

3) MRIEZRGIHATIE

print ("{0:10}{1:6}".format ("Index", "Subword"))
print ("-" * 15)
for idx in indices:
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subword = subword encoder en.decode ([idx])

print ("{0:5}{1: 6}'. format(ldx ' ' * 5 4+ subword))
BT 4
Index Subword
2467 Sha
232 ng
3157 hai
7911
10 is
2942 bea
7457 uti
1163 ful
7925

*subwordtokenizerif £ 7 4 B M IR, 2B ZiA Pk
ZATA. et B A fbeaut i ful BT ibea uti ful, Xt
AR X Fh WA 5 5 T DAY B 7 B R IS % Cout—of -
vocabulary words) . FAMG AKX HE N 17X FFE Mprintigik. EHA
ﬂz%EﬂJ*Tklﬁﬁsubword encoder_enffdecode PR &L F BEG 2R 51 7% [0l
HGF N 58]

12.2.4 Qg SOE R

B ﬂ%ﬁ%%l L, AILAE 7 1a] B 75 B g R — A
VEAF I — AL, @R BEnax subword length=1523,
HARARI T -

try:
subword encoder zh =
tfds.features.text.SubwordTextEncoder.load from file
(zh vocab file)
print (E"SANCEIMFM: (zh vocab file}™)
except:
print ("WA CESIFH, BEHHLH. )
subword encoder zh =
tfds.features.text.SubwordTextEncoder.build from corpus (
(zh.numpy () for , zh in train examples),
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target vocab size=2**13, # 72N A LUAEEF R/
max_subword length=1) # &F—/HCFEmiR MK —A AL

# DR ILAE R R AR

subword encoder zh.save to file(zh vocab file)

print (£"FH K/N: {subword encoder zh.vocab size}")
print(f"ﬁﬁlOﬁ\ subwords: {subword encoder zh.subwords[:10]}")

12.2.5 & X mhd R AL

TEAC B 7 2 B 8 By FRAT T 3 S 72— N7 A B0 JE 2% TN — N RER
HIARRET, DAFRICIZFEFI I IE 5450, WHi SC 2 IR BTG/ 45 R
FRiRAF (BOS/E0S)

XIAFATE LT — K tf. data. Datasetf# H fJencode b %L, &
N —2E 052 string TensorsfIflF, HiH ME24M-4B0S /
EOSHIZ 5| 751 .

D B IENERIRIITE . 45 R ARRTT

def encode(en t, zh t):
# FPAIR S NOTT4E,
# FATTLMEH subword encoder en.vocab size X/MEAEABOSHIZRIIMA

# M subword encoder en.vocab size + 1 fEAE0S HIRIIMH
en indices = [subword encoder en.vocab size] +
subword encoder en.encode (
en_t.numpy()) + [subword encoder en.vocab size + 1]

# [FE, AP RE RS+ 1

zh indices = [subword encoder zh.vocab size] +
subword encoder zh.encode (
zh t.numpy()) + [subword encoder zh.vocab size + 1]

return en indices, zh indices

2) fencodeI 4 RiL# Nt Tensork& NI EHE . HAEY
tf. data. Dataset. map PR AL B A THAE AL B (Graph Mode) T#k
1T, TMiTensorsIF A& HEagerB XPATH 4 F Wnumpy @, Kk, ]
PIME A tE. py_functionfGERATHINIE S Fencode b& B3 e pli— A~ LA
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;ageﬂfﬁiﬁﬁhﬁ PIEAE, Bldfencodeff) gl AL N tE. Tensorkg AL
I

def tf encode(en_t, zh t):
# £ “tf encode’ I ‘en t° 5 “zh t° #AZE Eager Tensors,
# ZE|] tf.py funtion® HAE
# Hh, BOARSIHEGERES, FrUMEM tf.inte4”

return tf.py function(encode, [en t, zh t], [tf.int64,
tf.into4d])

# “tmp dataset’ ANUHMEIEE, HTUHIIEEZEN func, RN HHEE
# EFTE—NIEXK “train dataset®

tmp dataset = train examples.map (tf encode)

en indices, zh indices = next (iter (tmp dataset))
print (en indices)

print (zh indices)

BATH R

tf.Tensor ([8135 4682 19 717 7911 298 2701 7980 81367,
shape=(9,), dtype=int64)

tf.Tensor ([4201 48 557 116 48 81 4202], shape=(7,),
dtype=int64)

12.2.6 3 yEEIE

AAE YR Transformer 5 & 5., 31X B L3 A K I 40 MR
TS 8 X— MR, HMAN—MEETETFHen. 3L
5 zh -, I RAEIX AN 51 A B /N 40 ) B i e 4% B AH
(True) &

MAX LENGTH = 40

def filter max length(en, zh, max length=MAX LENGTH) :
# en. zh ZHMEFIEC SRR T TS
return tf.logical and(tf.size(en) <= max length,
tf.size(zh) <= max length)

# tf.data.Dataset.filter (func) R[EME func NEIHIF
tmp dataset = tmp dataset.filter(filter max length)

see more please visit: https://homeofbook.com



12.2.7 G ZREMIGIF &

padded_batchpf F e IE I AN 77 FE A T B batch I 751
R Y FhatchH i KT H—FEK . LT ChatchH i K 7
H734; 1 Xbatch g K I T 51 440 CWITF & BATTH e i i 7
FIKE FIRD) , i@ padded batchp&En ¥ Chatch H) 75140
THEER40, IMAERMNIM KBTI GESKUESE, NEEF XL 5a)
R U FE R A T B TS

BATCH SIZE = 128
BUFFER SIZE = 15000

# I ZR5E
train dataset = (train examples # fith: (XA, HHF)
.map (tf encode) # fith: (RXELIFH], PURIF

%)
.filter (filter max length) # [[.t, HFIKEAHE
i$40
.cache () # T HPREBESE
.shuffle (BUFFER SIZE) # #IELEE
.padded batch (BATCH SIZE, # ffbatchi i) F{RiF—
PRI
padded shapes=([-1], [-11))
.prefetch (tf.data.experimental .AUTOTUNE)) #
i
# HIELE
val dataset = (val examples

.map (tf encode)

.filter (filter max length)
.padded batch (BATCH SIZE,
padded shapes=([-1], [-1])))

X AR @I ZR AR RN IRV N 1 — L e B, eI T4
EEMARER, FEA S A RARAEIR N T RX L R s
TE77:0, ATLAZ L. datall B 7 308 . IUELERATE & i 5 B ok
EE R A AT
en batch, zh batch = next(iter (train dataset))

print ("en batchHJEIR: {}, zh batchHJBIR:
{}".format (en_batch.shape,zh batch.shape))
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print ("SI EG| PN batchEFm)
print (en batch[:2])

print('-' * 20)

print ("HXZELIFAIM batchEpl)
print (zh batch[:2])

BATE R
en _batchffEIR: (128, 37),zh batchIR: (128, 40)

PRI FFHIR batchiEHl

tf.Tensor (

[[8135 17 7088 5507 2489 2188 2168 2542 8 649 997 1685
160 1882

5261 7911 37 6309 59 7925 8136 0 0 0 0 0
0 0

0 0 0 0 0 0 0 0 0]
[8135 2699 3692 7445 7911 2833 33 6131 7911 3381 1394 7980
8136 0

0 0 0 0 0 0 0 0 0 0 0 0
0 0

0 0 0 0 0 0 0 0 0]], shape=(2,
37), dtype=int64)

FCREIFFHIR batchiEfl

tf.Tensor (

[[4201 4023 4010 4015 4029 4010 923 935 111 9 735 2
692 178
2033 413 146 74 372 81 337 337 374 1 136 994
3 4202
0 0 0 0 0 0 0 0 0 0 0 0]
[4201 15 257 375 342 163 91 6 7 31 274 489
123 143
4202 0 0 0 0 0 0 0 0 0 0 0
0 0

0 0 0 0 0 0 0 0 0 0 0

011,
shape=(2, 40), dtype=int64)

ZE, BTSSR T, X EeBE# E Transformer 5 A
o PR E Transformer iy,
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12.3 f @ Transformerfsity

Transformer e K2 WIS ) iZ 0, HEZEMHA S MW 1 .
AR F FE LA, X BN H TensorFlows i (2+hAs) it
TR, FEH EH & Transformer, &5 4TI 25 FVEAL

12.3.1 Transformerfil ZaFg &l

=

Transformerﬁ@)?fiﬁ%B%@ﬁééﬁﬂﬁ\ﬁﬁ, XBEARZER, Hi
PR HAZ O OZEN), tTnE12-20 7R .

K 12-2 TransformetZ A 2 K
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12.3.2 2R A

ME12-28%F L, Transformerl — 1 4mfg%s (Encoder) Al—
MMEAGEE (Decoder) #JEL, TMEncoder X FH M Encoder Layerts i,
Decoder X M Decoder Layer# . XLtk 2 [B] 1288 RU0T,
JE HFA T IZ FRIX A R KM Transformer By,

Transformer 45
Encoder
i\ Embedding
fiE Encoding
N /> Encoder layers
sub-layer 1: Encoder HFEJJHLHI
MultiHeadAttention
scaled dot product attention
layerngrml_ B
sub-layer 2: Feed Forward
Decoder
#itl Embedding
fiE Encoding

N /> Decoder layers

sub-layer 1: Decoder HFEEJHLHI
MultiHeadAttention
scaled dot product attention
layernorml

sub-layer 2: Decoder-Encoder VF& /Ll
MultiHeadAttention
scaled dot product attention
layernorml

sub-layer 3: Feed Forward

Final Dense Layer

12.3.3 HJ%tscaled dot product attentionfiii

oy 1 2-2 7P BV R IR AR DA B —

scaled dot product attention.
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def scaled dot product attention(g, k, v, mask):

me R R IR .
a~ ke v DA VLECHIZERE .
ZH:

q: query shape == (..., seq len g, depth)

k: key shape == (..., seg len k, depth)

v: value shape == (..., seq len v, depth v)

mask: Float tensor with shape broadcastable

to (..., seq len g, seq len k). Defaults to None.

1 [ -

output, attention weights

mwmoan

# KaG s, HARR
matmul gk = tf.matmul (g, k, transpose b=True) # (...,
seq len g, seqg len k)

dk = tf.cast (tf.shape(k)[-1], tf.float32) # 3KHlseq kKFIIKE
scaled attention logits = matmul gk / tf.math.sqgrt(dk) #
scale by sqgrt (dk)

# BRI N logits
if mask is not None:
scaled attention logits += (mask * -1e9)

# i softmax UKL

attention weights = tf.nn.softmax(scaled attention logits,
axis=-1)
# (..., seq len g, seq len k)

# XvISINALCE 12 (weighted average)

output = tf.matmul (attention weights, v) # (..., seg len q,
depth v)

return output, attention weights

12.3.4 fJ@MultiHeadAttentionfE bk

Xfas ks vEIAN— DRI N ZE, SRIGTE
scaled dot product attentionfEBpIEat by Sk JifEth,
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# MR E R 4R X2 T B H (d model5num heads)

# BITHHIAN v k. g PLEmask

# it S5scaled dot product attentionPRi#—F%, AW

# output.shape == (batch size, seq len g, d model)

# attention weights.shape == (batch size, num heads, seq len g,
seq len k)

class MultiHeadAttention(tf.keras.layers.Layer) :
# VIR S S 5
def init (self, d model, num heads):
super (MultiHeadAttention, self).__init__()
self.num heads = num heads # #REZKd model#fii/Lhead
self.d model = d model # fEsplit headsZ HiHI4ESE

assert d model % self.num heads == 0 # WA{REERERECE5

self.depth = d model // self.num heads # ®headH FiaHiHI4E
J&

self.wg = tf.keras.layers.Dense(d model) # DAlE g ke v
L e it

self.wk
BRI

self.wv

tf.keras.layers.Dense(d model) # X B0 i o

tf.keras.layers.Dense (d model)

self.dense = tf.keras.layers.Dense(d model) # ZLPfHaMLk
(LR

# XI5 AL

def split heads(self, x, batch size):
ml e — NEEYR SN (num_heads, depth) .
HBJEWIIRA (batch size, num heads, seqg len, depth)

mmow

x = tf.reshape(x, (batch size, -1, self.num heads,
self.depth))
return tf.transpose(x, perm=[0, 2, 1, 31)

FUEHE 22 SR R IR SEBR AT IR, TR SR
def call(self, v, k, g, mask):
batch size = tf.shape(q) [0]

ARGy ke vl B —IREME R Eld_mode14E23[H]

= self.wg(q) # (batch size, seq len, d model)
= self.wk(k) # (batch size, seg len, d model)
= self.wv(v) # (batch size, seqg len, d model)

< A~ Q
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R E— 1N d mode 1 4EE 7/ Finum heads~depth4EfE

g = self.split heads (g, batch size) # (batch size,
num heads, seq len g, depth)

k = self.split heads(k, batch size) # (batch size,
num_heads, seq len k, depth)

v = self.split heads (v, batch size) # (batch size,
num heads, seq len v, depth)

# AL (broadcasting ) iEBNM)FHIE N head g k. vERS H
SEHLE R TP
# i Z— AR "num headsM4ERE
scaled attention, attention weights =
scaled dot product attention
a, k, v, mask)

# scaled attention.shape == (batch size, num heads,
seq len g, depth)
# attention weights.shape == (batch size, num heads,

seq_len g, seqg len k)

# Ssplit_heads#lfx, Jeffifs iR
# Frnum heads/~depth#EEHHERIFE KA model 4E /&

scaled attention = tf.transpose(scaled attention, perm=[0,
2, 1, 31)
# (batch size, seg len g, num heads, depth)

concat attention = tf.reshape(scaled attention,
(batch size, -1,
self.d model))
# (batch size, seq len g, d model)

# IR e — R
output = self.dense(concat attention) # (batch size,

seq_len g, d model)

return output, attention weights

12.3.5 HJ&point wise feed forward networkfEii

K EEEncoder & Decoder B R A 485 X 28%
(point wise feed forward network) AL,

# Gl Transformer HHEncoder / Decoder Layer #HZE|HFeedForward
H A
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def point wise feed forward network(d model, dff):

# XHEFEN XA, I — AN Re LUBE B £
return tf.keras.Sequential ([
tf.keras.layers.Dense (dff, activation='relu'), # (batch size,
seq_len, dff)
tf.keras.layers.Dense (d model) # (batch size, seq len,
d model)
1)

12.3.6 #HJ&EncoderLayerfibl

{#FAMHA. dropout. normAZFFEN#4 % —~EncoderLayerf&itt,

# Encoderf N/ EncoderLayertidl, MEPEncoderLayerfiil AP sub-
layer, HIMHA & FEN
class Encoderlayer (tf.keras.layers.Layer) :
# dropout rate¥ AN0.1
def  init (self, d model, num heads, dff, rate=0.1):
super (EncoderLayer, self). 1init ()

self.mha = MultiHeadAttention (d model, num_ heads)
self.ffn = point wise feed forward network(d model, dff)

# —Psub-layerfliHl—/LayerNorm

self.layernorml =
tf.keras.layers.LayerNormalization (epsilon=1e-6)

self.layernorm?2 =
tf.keras.layers.LayerNormalization (epsilon=1e-6)

# —/sub-layerffifl—/{"Dropout/z
self.dropoutl = tf.keras.layers.Dropout (rate)
self.dropout?2 = tf.keras.layers.Dropout (rate)

# Dropout/ZAEINZR AL IMA B 1E A BT AN F
def call(self, x, training, mask):
# Br7Tattn, HAUSKERIEIREHN (batch size, input seq len,
d model)
# attn.shape == (batch size, num heads, input seq len,
input seg len)

# sub-layer 1: MHA
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# Encoder A FVERE JIHLHIDE B S 4HT T4,
# Rk, 7FEHERERE T SORIEE AT AT I <pad> bR IR T

attn output, attn = self.mha(x, X, X, mask)
attn output = self.dropoutl (attn output, training=training)
outl = self.layernorml(x + attn output)

# sub-layer 2: FFN

ffn output = self.ffn(outl)

ffn output = self.dropout2 (ffn output, training=training)
out2 = self.layernorm2 (outl + ffn output)

return out?2

12.3.7 #¥JEEncoderfith

& X AN#R A (Embedding) MAVEZAY (pos encoding) , E#E
M EncoderLayerfi i) liEncoder it

class Encoder (tf.keras.layers.Layer):
# Z#num layers: Mi&H /L EncoderLayerfith
# Z%input vocab size: HRERLIFEINIEIKA (Embedding) M

def  init (self, num layers, d model, num heads, dff,
input vocab_ size,
rate=0.1):
super (Encoder, self). init ()

self.d model = d model

self.embedding =
tf.keras.layers.Embedding (input vocab size, d model)

self.pos encoding = positional encoding (input vocab size,
self.d model)

# f##num layers/EncoderLayerfiil

self.enc layers = [EncoderlLayer (d model, num heads, dff,
rate)
for in range (num layers)]
self.dropout = tf.keras.layers.Dropout (rate)

def call(self, x, training, mask):
# iAW x.shape == (batch size, input seq len)
# BVF%§E§WﬁﬁHjﬁH%(batch_size, input seqg len, d model)
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12.

input seq len = tf.shape (x) [1]

¥R 24 R T AL 3 ME IR IR AR B, IFI bsqrt (d_model)
# PRI B R EE A B g A

x = self.embedding (x)

x *= tf.math.sqgrt(tf.cast(self.d model, tf.float32))
x += self.pos encoding[:, :input seqg len, :]

x = self.dropout (x, training=training)

# EIINPMEncoderLayerfiif)H# Encode rfith
for i, enc layer in enumerate(self.enc layers):
x = enc layer(x, training, mask)

return x

3.8 HJ%&DecoderLayerfith

DecoderLayer HMHA. Encoder#ij H FIMHA A& FENA4 Ji%

# Decoderf N/ DecoderLayerfibt
# M# N DecoderLayerfitif 3/ sub-layer: HIEREWIMHA. Encoderfiit i
MHA N FEN
class Decoderlayer (tf.keras.layers.Layer) :
def init (self, d model, num heads, dff, rate=0.1):

super (DecoderLayer, self). init ()
# 3 Msub-layer

self.mhal = MultiHeadAttention(d model, num heads)
self.mha2 = MultiHeadAttention (d model, num heads)
self.ffn = point wise feed forward network(d model, dff)

# B sub-layerff i LayerNorm
self.layernorml =

tf.keras.layers.LayerNormalization (epsilon=1e-6)

self.layernorm2 =

tf.keras.layers.LayerNormalization (epsilon=1e-6)

self.layernorm3 =

tf.keras.layers.LayerNormalization (epsilon=1e-6)

# X sub-layerffi I IDropout
self.dropoutl = tf.keras.layers.Dropout (rate)
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self.dropout?2 = tf.keras.layers.Dropout (rate)
self.dropout3 = tf.keras.layers.Dropout (rate)

def call(self, x, enc output, training,
combined mask, inp padding mask) :

# Frfisub-layerfIEEHHEN (batch size, target seq len,
d model)

# enc output HEncoderfiith/¥4l, HILIKN (batch size,
input seq len, d model)

# attn weights block 1 JBIRAN (batch size, num heads,
target seqg len, target seq len)

# attn weights block 2 BN (batch size, num heads,
target seqg len, input seqg len)

# sub-layer l:Decoder layerfs2fllEiiH (look ahead mask) BAK
Xt H P 47 S TS I

# (padding mask) , LAIRIBE G ] O AR B 18] 53 2R 2R 1Y F-18] DA &
<pad> HRICRF

attnl, attn weights blockl = self.mhal(x, x, X,
combined mask)

attnl = self.dropoutl (attnl, training=training)

outl = self.layernorml (attnl + x)

# sub-layer 2: Decoder layerXkifEncoder & /aHiH

# [FAFEREE X Encoder Wi Flpadding maskPABE G RiER] <pad>

attn2, attn weights block2 = self.mha?2 (

enc _output, enc output, outl, inp padding mask) #
(batch size, target
seq len, d model)

attn2 = self.dropout2 (attn2, training=training)

out2 = self.layernorm2(attn2 + outl) # (batch size,
target seqg len, d model)

# sub-layer 3: FFN #f%#R Encoder layer &k

ffn output = self.ffn(out2) # (batch size, target seq len,
d model)

ffn output = self.dropout3 (ffn output, training=training)

out3 = self.layernorm3(ffn output + out2) # (batch size,
target seq len, d model)

return out3, attn weights blockl, attn weights block2
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12.3.9 #fZDecoderfith

Decoder Layer5Encoder layerH)X H#ET/> T 1/"MHA, £
Decoder P FRAT R T B — L [ T A SCHRRAL PR ER N Z DAL B G
LRI R] . ZEfE FHAENDecoder Layer i 75 2 IHE f8 By AL HAFE N R,
AT AR FRATT T fee R B 25 5€ J5 o B A (B3R 1P

class Decoder (tf.keras.layers.Layer):

VIS E S Encode r FEAAM A,
# A FER 2 FHtarget vocab sizelldEinp vocab size

def  init (self, num layers, d model, num heads, dff,
target vocab_ size,
rate=0.1):
super (Decoder, self). init ()

self.d model = d model

# s (REEARES) MR Z

self.embedding =
tf.keras.layers.Embedding (target vocab size, d model)

self.pos encoding = positional encoding(target vocab size,
self.d model)

self.dec layers = [DecoderlLayer (d model, num heads, dff,
rate)
for 1in range (num layers)]
self.dropout = tf.keras.layers.Dropout (rate)

+ FWHMZ$ 5DecoderLayertild
def call(self, x, enc output, training,
combined mask, inp padding mask) :

tar seq len = tf.shape(x) [1]
attention weights = {} # T A£i N DecoderLayer MV E I E

X HEncode rffl (I HH 1 ¢ 4 —FF

= self.embedding(x) # (batch size, tar seqg len, d model)
*= tf.math.sgrt(tf.cast(self.d model, tf.float32))

+= self.pos encoding[:, :tar seq len, :]

= self.dropout(x, training=training)

XX X X =

for 1, dec layer in enumerate(self.dec layers):
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x, blockl, block2 = dec layer(x, enc output, training,
combined mask,
inp padding mask)

# BMEEN DecoderLayer FRHUHIVERE JIME A7 FREME, T 548
M52
attention weights['decoder layer{} blockl'.format (i + 1)]
blockl
attention weights['decoder layer{} block2'.format (i + 1)]
block?2

# x.shape == (batch size, tar seqg len, d model)
return x, attention weights

12.3.10 #J%ETransformerfa

¥ Transformerfily, ‘& HEncoderfliDecoderty ik .

# Transformer Z FLWEHHAMEZE, WAMEH L. keras.Mode 1 HJ A
class Transformer (tf.keras.Model) :
# WIS FEEncoderfDecode r B ¥ N KIS H LI N g7 Mt H 25
def init (self, num layers, d model, num heads, dff,
input vocab size,
target vocab size, rate=0.1):
super (Transformer, self). init ()

self.encoder = Encoder (num layers, d model, num heads, dff,
input vocab size, rate)

self.decoder = Decoder (num layers, d model, num heads, dff,
target vocab size, rate)

# IXAFEN SR ST — R Kl ogitsfl, B3t Softmax it S E ok
S IR R

self.final layer = tf.keras.layers.Dense(target vocab size)

# enc padding mask R dec padding mask #ZJELFHIH padding
mask,
# HE—/itEncoder LayerfIMHAfEH], —/MitDecoder Layer FIMHA 2ff
H
def call(self, inp, tar, training, enc padding mask,
combined mask, dec padding mask) :
enc_output = self.encoder (inp, training, enc padding mask)
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# (batch size,
inp seq len, d model)

# dec output.shape == (batch size, tar seq len, d model)
dec output, attention weights = self.decoder (
tar, enc_output, training, combined mask,
dec _padding mask)

# Decoder NG — N2 EHE (1inear layer)
final output = self.final layer(dec output) # (batch size,
tar seq len,
target vocab size)

return final output, attention weights

iy N Transformerf) ZA~24E 98 3 7Kk 7 inp— 18T Encoder 1 1A
MANE. MEIE LM Encoder Layer )& ## il Encoderfi H
enc_output, XK SRS tar N2 EDecoder 2 i AH Rl AE F &
—JEHDecoder LayerFHMHA 27<iFEncoder % enc output, /5
#Decoderfi H .

MDecoder W4 Hdec output I &1l i &% J5 B4R = 7 N
Softmax PR E AT logits final output, HlogitHIEH S5 gl B
¥ 1R ZCHE [

KN TransformerifiDecoderF ek 1, AN T ELE
Encoder %l Hienc_output, REHHFT CRIE LR (His) 1
Z 5| FF¥batch®E ATransformer, Transformerit<fi & J5— 4 N
R/ sk E . SE24E Ry, KR — B Wi E AR
AL E P IR A (2 EE @ Sof tmax i B A g, XU
N T AR -

BIN: B4 (batch size, inp seq len)
13 F%):  (batch size, tar seq len)

. B 4):  (batch size, tar seq len,

target vocab size)

LA — A Transformer 8, ik LML 1T H
demo B HE KN 25" 58 i 3 2 ST BN PRAE S
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12.3. 11 58 X HEh pr &L

N U PRAA AR AT A2 e s, Al B SE BT 46 .
1) ZE R o

demo examples = |

("It is important.", "IXIREE, "),

("The numbers speak for themselves.", "#FUEW T —1)
]

pprint (demo examples)

2) A Transformert& =UEHE .

batch size = 2

demo examples = tf.data.Dataset.from tensor slices((
[en for en,  in demo examples], [zh for , zh in

demo examples]

))

° ")’

R AN Tl 2 /T S U R 1 ) (sequence of subword)

# FHEI padding token: <pad>HKHifr batch B A FH —FEKEE

demo dataset = demo examples.map (tf encode)\
.padded batch (batch size, padded shapes=([-1], [-1]))

# XA demo FHE/EN—1batch

inp, tar = next(iter (demo dataset))
print ("inp:"', inp)

print('' * 10)

print ('tar:', tar)

BATH R

inp: tf.Tensor(

[[8135 105 10 1304 7925 8136 0 0]

[8135 17 3905 6013 12 2572 7925 8136]], shape=(2,
dtype=int64)

tar: tf.Tensor (

[[4201 10 241 80 27 3 4202 0 0 0]
[4201 162 467 421 189 14 7 553 3 4202711,
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8),

shape=



(2, 10),
dtype=int64)

3) 5 SRS R EL

def create padding mask(seq) :
# HRIERAL IR AT 0 KALERN 1
mask = tf.cast(tf.equal(seq, 0), tf.float32)
return mask([:, tf.newaxis, tf.newaxis, :] # broadcasting

inp mask = create padding mask (inp)
inp mask

BT R
<tf.Tensor: id=437865, shape=(2, 1, 1, 8), dtype=float3z,
numpy=
array(((rro., o., o., 0., o., 0., 1., 1.111, I[T[[O., O., O., O.
O., O., O-/ O-]]]]I

dtype=float32)>

4) FEHNEHE L 5 9Embedding A

# o+ 2 RENBATBINNT <start> UM <end> #RiFF
vocab size en = subword encoder en.vocab size + 2
vocab size zh = subword encoder zh.vocab size + 2

# N T ITEEOR, R R B A A 4R IR N 22 1]
d model = 4
embedding layer en
d model)

embedding layer zh = tf.keras.layers.Embedding(vocab size zh,
d model)

emb_ inp = embedding layer en (inp)

emb tar = embedding layer zh(tar)

emb inp, emb tar

5) JE SO H AR B R A

$ B A2 HEAERE, 4N (size, size),
# ZHmask N—Ma LA =AY
def create look ahead mask(size):
mask = 1 - tf.linalg.band part(tf.ones((size, size)), -1,

tf.keras.layers.Embedding (vocab size en,

0)
return mask # (seq len, seq len)
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seq len = emb tar.shape[l] # VEEXREAMTHFBCHEIKAKEemb tar
look ahead mask = create look ahead mask(seqg len)

print ("emb tar:", emb tar)

print ("-" * 20)

print ("look ahead mask", look ahead mask)

6) & SCHC B % fith R

# LT EBEZS% TensorFlow BT XHY
def get angles(pos, 1, d model):

angle rates = 1 / np.power (10000, (2 * (i//2)) /
np.float32 (d model))

return pos * angle rates

def positional encoding(position, d model):

angle rads = get angles(np.arange(position) [:, np.newaxis],
np.arange (d model) [np.newaxis, :],
d model)

# apply sin to even indices in the array; 2i
sines = np.sin(angle rads[:, 0::2])

# apply cos to odd indices in the array; 2i+l
cosines = np.cos(angle rads[:, 1::2])

pos_encoding = np.concatenate ([sines, cosines], axis=-1)

pos_encoding = pos_encoding[np.newaxis, ...]

return tf.cast(pos encoding, dtype=tf.float32)

7) MRHE DL A Rl e AR B, ik Transformerfi Y,
#38 L INNESH

num layers = 1
d model = 4
num heads =
dff = 8

2

# + 2 Nilli<start>s<end> FRIART
input vocab size = subword encoder en.vocab size + 2
output vocab size = subword encoder zh.vocab size + 2

# T A AT — AN IS — AN
tar inp = tar[:, :-1]
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tar real = tar[:, 1:]

# AR BN, XBEMH comined mask & 3FHFRE S HIPFHE

fich

inp padding mask = create padding mask (inp)

tar padding mask = create padding mask(tar inp)

look ahead mask = create look ahead mask(tar inp.shape[l])

combined mask = tf.math.maximum(tar padding mask,
look ahead mask)

# VI — N Transformer
transformer = Transformer (num layers, d model, num heads, dff,
input vocab size, output vocab size)

# FAEL, FFS], BETransformer T FNH IS
predictions, attn weights = transformer (inp, tar inp, False,
inp padding mask,

combined mask, inp padding mask)

print ("tar:", tar)

(
print ("-" * 20)
print ("tar inp:", tar inp)
print ("-" * 20)
print ("tar real:", tar real)
print ("-" * 20)

(

print ("predictions:", predictions)
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12. 4 & XK R EL

X LI A X E AR AL, S D s XX 5, 28
Ji € XA R B 2 R

1. EX—PRETR
BT — XA, BRI R

loss object = tf.keras.losses.SparseCategoricalCrossentropy (
from logits=True, reduction='none')

# R ERATELIFE—/"4rHbinary classifcation, 0 « 1 AWZHE
real = tf.constant([1l, 1, 0], shape=(1, 3), dtype=tf.float32)
pred = tf.constant([[O0, 11, [0, 11, [0, 11], dtype=tf.float32)
loss object (real, pred)

2. EXIRKEH

H TR %E (loss object) ZJ5, MBFEEFIN—ARECRES
I INA B FAH, XBEAE S tokenf, B IS, Ja2fin L.

def loss function(real, pred):
# BRI AETOMAEM AL, HARNO
mask = tf.math.logical not(tf.math.equal (real, 0))
¥ UFEATAALE R R, B
loss = loss object(real, pred)
mask = tf.cast (mask, dtype=loss .dtype)

loss  *= mask # HilHIE<pad> MEMPIE

return tf.reduce mean(loss )
3. EXAMEEIEIR
E X NG TEdR: train lossfltrain accuracy.

train loss = tf.keras.metrics.Mean (name='train loss')
train accuracy = tf.keras.metrics.SparseCategoricalAccuracy (
name="'train accuracy')
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12.5 & XMt es

LR, FIRSEAREE, X RRAIRA A2
GESES

1. EX—EBESY

€ X EncoderiDecoderZ4. M AN E4EZ . FNNREET S8%
HZH.

num layers = 4
d model = 128
dff = 512

num heads = 8

input vocab size = subword encoder en.vocab size + 2
target vocab size = subword encoder zh.vocab size + 2

dropout rate = 0.1 # ¥IMHMHE

print ("input vocab size:", input vocab size)
print ("target vocab size:", target vocab size)

2. EXMALRE
AR IR, R HE M4 Adam,

class
CustomSchedule (tf.keras.optimizers.schedules.LearningRateSchedu
le):
# Til{Hwarmup steps= 4000
def init (self, d model, warmup steps=4000) :
super (CustomSchedule, self). init ()

self.d model = d model
self.d model = tf.cast(self.d model, tf.float32)

self.warmup steps = warmup steps
def call (self, step):

argl = tf.math.rsqgrt (step)
arg2 = step * (self.warmup steps ** -1.5)
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return tf.math.rsqgrt(self.d model) * tf.math.minimum(argl,
argz)

R 52 il R 2 R A A Adan Ak &
learning rate = CustomSchedule (d model)
optimizer = tf.keras.optimizers.Adam(learning rate, beta 1=0.9,
beta 2=0.98,
epsilon=1e-9)

3. ERFIRNTMLIF

RERZEARSYALEEAL, MR E SRR %
o

d models = [128, 256, 512]

warmup steps = [1000 * i for i in range(l, 4)]

schedules = []

labels = []

colors = ["blue", "red", "black"]

for d in d models:
schedules += [CustomSchedule(d, s) for s in warmup_ steps]
labels += [f"d model: {d}, warm: {s}" for s in warmup steps]

for i, (schedule, label) in enumerate (zip (schedules, labels)):
plt.plot (schedule(tf.range (10000, dtype=tf.float32)),
label=label, color=colors[i // 3])

plt.legend()

plt.ylabel ("Learning Rate")
plt.xlabel ("Train Step")

BATE R P12-3 17
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12.6 )|

” AT HE R R ARCR, ARSI S GPUR) il 55 A5 HEAT I

12.6.1 sEBIfkTransformer

WRyE AT E XAESE, Lt Transformer3s.,

transformer = Transformer (num layers, d model, num heads, dff,
input vocab size, target vocab size, dropout rate)

print(f"""iZTransformer H {num layers} JZ Encoder / Decoder
layers

d model: {d model}

num heads: {num heads}

dff: {dff}
input vocab size: {input vocab size}
target vocab size: {target vocab size}

dropout_rate: {dropout_rate}""")
y— S
BITE R

XTransformer H4JZ Encoder / Decoder layers
d model: 128

num heads: 8

dff: 512

input vocab size: 8137

target vocab size: 4201

dropout rate: 0.1

12.6.2 1 BEcheckpoint

W E checkpoint K& B /e BB B AL AL 25 o
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# TR RISEL: /AR S H R T i 45

run id = f£"

{num layers}layers {d model}d {num heads}heads {dff}dff {train
percl}train perc"

checkpoint path = os.path.join(checkpoint path, run id)

log dir = os.path.join(log dir, run id)

# tf.train.Checkpoint W LAXMEEAE RGBT ES, T EAMEMEE

# PR KA d: (optimizer) MPRES

ckpt = tf.train.Checkpoint (transformer=transformer,
optimizer=optimizer)

# ckpt manager 4%§ﬁcheckpoint_path BEA ckpt HEXHGER
# HIRGFHRIIS5Kcheckpoints, HAth B 3l

ckpt manager = tf.train.CheckpointManager (ckpt,
checkpoint path, max to keep=5)

# WHAEcheckpoint EAIA A FH1EHL
if ckpt manager.latest checkpoint:
ckpt.restore (ckpt manager.latest checkpoint)

# FHRHE Z AT U SR8 P I8

last epoch = int (ckpt manager.latest checkpoint.split ("-")
[-1])

print (f' EiHUE#T Fcheckpoint, HEHEIZ% {last epoch}
epochs. ")
else:

last epoch = 0

print (" H KB checkpoint, HEFHWHIILE. ")

12. 6.3 A2 Frideng

FE (il 5 pR BOR AL B FIT AT B RS

def create masks (inp, tar):

# NYTS)Z (EncoderLayer) & Xpadding maskfEBYERJHHEY, IHEE
A R = IR

HEX A B A E B, I Tpadding mask/7ak

enc_padding mask = create padding mask (inp)

# NES)E (Decoderlayer) % Xpadding mask
# KyEEncoder #iHiF7)
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dec padding mask = create padding mask (inp)

#ilidDecoder Layer M) MHAL SZHELHEIER L]
# combined masksa"H 3 H)FH padding mask fR look ahead mask &
pili

look ahead mask = create look ahead mask(tf.shape(tar) [1])
dec_target padding mask = create padding mask(tar)
combined mask = tf.maximum(dec target padding mask,

look ahead mask)

return enc padding mask, combined mask, dec padding mask

12.6.4 5 M| Zrpe 2 pR &

€ XN Train step R %o

@tf.function # ffifHTensorFlow W] eager codeffifbiz{
def train step(inp, tar):

# HERMELE AR — 7 )

tar inp = tar[:, :-1]
tar real = tarf[:, 1:]
# T3NS

enc_padding mask, combined mask, dec padding mask =
create masks (inp, tar inp)

# 1K Transformer WHTHIBHERE, U HEZEHRIEEITHE
with tf.GradientTape () as tape:
# ?ﬁ?%ﬁ%@]\tar_inp i trainingZS B B NTrue
predictions, = transformer (inp, tar inp,
True,
enc_padding mask,
combined mask,
dec_padding mask)
# IHEBURE

loss = loss function(tar real, predictions)

# fFHAdanfib s iTransformer P IS4

gradients = tape.gradient (loss,
transformer.trainable variables)

optimizer.apply gradients (zip(gradients,
transformer.trainable variables))

see more please visit: https://homeofbook.com



# B AR DL N R e R 255 B R 7 B TensorBoard b
train loss(loss)
train accuracy(tar real, predictions)

12.6.5  YlZRpEAY

WERER, FEORAFINZREE R

# 58 SCNZRIIIE I I EL

EPOCHS = 30

last epoch=0

print (f"Cil% {last epoch} epochs. ")

print (£"%4R epochs: {min(0, last epoch - EPOCHS)}")

# H ANTensorBoard
summary writer = tf.summary.create file writer (log dir)

# NG Z IR
for epoch in range(last epoch, EPOCHS) :
start = time.time ()

# B TensorBoardM$8hr
train loss.reset states()
train accuracy.reset states()

# —EM (epoch) M YIZRE BN ZRE

for (step idx, (inp, tar)) in enumerate(train dataset):

# BEIES AN Transformer, JHitHE#IKH

train step(inp, tar)

¥ BT AR A — K
if (epoch + 1) % 1 ==
ckpt save path = ckpt manager.save ()
print ('Saving checkpoint for epoch {} at
{}'.format (epoch+1,

ckpt save path))

# ¥lossblfaccuracyH5 ATensorBoard
with summary writer.as default():
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tf.summary.scalar ("train loss", train loss.result(),
step=epoch + 1)

tf.summary.scalar ("train acc", train accuracy.result(),
step=epoch + 1)

print ("Epoch {} Loss {:.4f} Accuracy {:.4f}'.format (epoch +
1,

train loss.result(),
train accuracy.result()))

print ('Time taken for 1 epoch: {} secs\n'.format (time.time ()
- start))
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12.7 PPk Tt As 4

»

XA B VAL R B R, BRI B QAR .

12. 7.1 & XPPAH R 2L

72 VPSR T R 2
AT i TR T SO B A R R

def evaluate (inp sentence) :

HEFR A TRTE N E<start>. <end>FRiRFF
start token = [subword encoder en.vocab size]
end token = [subword encoder en.vocab size + 1]

# inp sentence mFffH, HSubwordTokenizer ¥HAZRT1aMIZRE]F 5]
# fERTENE Bos / EOSHRIRFF

inp sentence = start token +
subword encoder en.encode (inp sentence) + end token
encoder input = tf.expand dims (inp sentence, 0)

# DecodertHEMANRZ —PMREE—MHL <start> FRIRFFHIFS
decoder input = [subword encoder zh.vocab size]

output = tf.expand dims (decoder input, 0) # ¥/l batch4fE

AR IR AR v AN # ATransformer
for 1 in range (MAX LENGTH) :
# B AS TS R Y
enc padding mask, combined mask, dec padding mask =
create masks (
encoder input, output)

# predictions.shape == (batch size, seqg_len, vocab size)
predictions, attention weights = transformer (encoder input,
output,
False,

enc_padding mask,
combined mask,
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dec_padding mask)

# B TR RS — N0 (distribution) R HERKHUVERRY BoR

1) TR =
predictions = predictions[: , -1:, :] # (batch size, 1,
vocab size)

predicted id = tf.cast(tf.argmax(predictions, axis=-1),
tf.int32)

# P <end> MRRFFHUE LRI, R K

if tf.equal (predicted id, subword encoder zh.vocab size +
return tf.squeeze (output, axis=0), attention weights

#f5Trans formerFH M AT SR B INEB S H 754, ffiDecodern] PAF2AE
# A SRR S B B predicted id
output = tf.concat ([output, predicted id], axis=-1)

# KibatchM4ERE 5 [BIAE N ) o SCR 514

return tf.squeeze (output, axis=0), attention weights

12. 7.2 MR R LA o] B 15 )

BT & s (A5 s0) RHRE AL AT SR DA IR
# HASLR) T

sentence = "China, India, and others have enjoyed continuing
economic growth."

# SR SR 5 78

predicted seq, = evaluate(sentence)

# MUER <start>&<end> WRIRFFHHH X SubwordTokenizer$ & 5| 74k

SR 3R]
target vocab size = subword encoder zh.vocab size
predicted seq without bos eos = [idx for 1dx in predicted seqg

if idx<target vocab size]
predicted sentence =
subword encoder zh.decode (predicted seq without bos eos)
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print ("sentence:", sentence)

print ("-" * 20)
print ("-" * 20)

(
(
print ("predicted seq:", predicted seq)
(
(

print ("predicted sentence:", predicted sentence)
N— S
BT8R

sentence: China, India, and others have enjoyed continuing
economic growth.

predicted seqg: tf.Tensor (

[4201 16 4 37 386 101 8 34 32 4 33 110
5 104

292 378 76 22 52 107 84 31, shape=(22,),
dtype=int32)

predicted sentence: 1. EIERIILIE S ANERF MR Z IR K
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12.8 AP FRE JIRLE

1) X AR R AE 5 3 v (R o R B T L Al AL

predicted seq, attention weights = evaluate (sentence)

# XHEHERFRG— 1 "DecoderLayer ) MHA 2, Hii/£Decoder FKiF
Encoder MJMHA

layer name = f"decoder _layer{num layers} block2"
print ("sentence:", sentence)

print ("-" * 20)

print ("predicted seq:", predicted seq)

print ("-" * 20)

print ("attention weights.keys():")

for layer name, attn in attention weights.items():
print (f"{layer name}.shape: {attn.shape}")

print ("-" * 20)

print ("layer name:", layer name)

2) B AT ARARTE = TR EE R Y

import matplotlib as mpl

# I matplotlib W T FRFE

zhfont =

mpl.font manager.FontProperties (fname='/home/wumg/data/simhei.t
tf!')

plt.style.use("seaborn-whitegrid")

# 2 R AICKE D SRy v SRR R AL AT AT A4
def plot attention weights(attention weights, sentence,
predicted seq, layer name,

max_ len tar=None) :

fig = plt.figure(figsize=(17, 7))
sentence = subword encoder en.encode (sentence)

# ONFEEN, XRREBRPFHE] max len tar NF

if max len tar:
predicted seq = predicted seqg[:max len tar]
else:

see more please visit: https://homeofbook.com



max len tar = len(predicted seq)

#E8—/MEFE DecoderLayer THIMHAL B{ MHA2 FVE AR E Sk IFH%R 2
batchlf4E R

attention weights = tf.squeeze(attention weights[layer name],
axis=0)

# (num_heads, tar seq len, inp seq len)

# H S head)iFEEAE
for head in range(attention weights.shape[0]):
ax = fig.add subplot (2, 4, head + 1)

# R A BT S 1A s AR y Rl L, X S BB N T R

attn map = np.transpose (attention weights[head]
[:max len tar, :])

ax.matshow (attn map, cmap='viridis') # (inp seq len,
tar seqg len)

fontdict = {"fontproperties": zhfont}

ax.set xticks(range (max (max len tar, len(predicted seq))))
ax.set x1im(-0.5, max len tar -1.5)

ax.set yticks(range (len(sentence) + 2))
ax.set xticklabels ([subword encoder zh.decode([i]) for i in
predicted seq
if i < subword encoder zh.vocab size],

fontdict=fontdict, fontsize=18)

ax.set yticklabels(
['<start>'] + [subword encoder en.decode([i]) for i in
sentence] + ['<end>'],
fontdict=fontdict)

ax.set xlabel ('Head {}'.format (head + 1))
ax.tick params (axis="x", labelsize=12)
ax.tick params (axis="y", labelsize=12)

plt.tight layout ()

plt.show ()
plt.close (fiqg)

3) BT

plot attention weights (attention weights,
sentence, predicted seq, layer name,
max len tar=18)
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12.9 /hgE

B S8 F TensorF LowHg At 1 B4 T AR H kAT B3 A 21, A8 5 H
EMNEH G E Transformer A, YIZRAR AR FH B A AR S ) R 5
o W5, FET A IHT EE R E SR AT I ZR A PR
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135
Embedding$ RAEAESF Z Gt 1
AR LN RGER ], NS A T Enbedding B AR 1EHE
HRGFIRIT . Enbedding/EAMUE f7 il FIFUR I B B, TN
HERE 5 G0 D RE AR AE . TR ZHEA R G041 FIEmbedding 1941

A, Xz, AttentionizfZ,
K= NN

e EmbeddingfEAirbnb¥fEfE RS H BN H ;
o TransformerfE R BLHESE RGN FH
o BERTIEERHER R I
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13.1 EmbeddingfEAirbnbfEFE £ 48 HI N H

K45 G Airbnb K FAEKDD 2018118 X Real~time
Personalization using Embeddings for Search Ranking at Airbnb

S 4 HrEmbedding ZEA i rbnbHEFE RGN FH .

db
1. B=T4A

AirbnbE Ayt A i KRR AR M, $R AL T — AN s AR
K&, AT 6 B EEREME (listing) AR A,
i, B AE(E S, HHAirbnb A5 AT B A R HERE A 2 .
Al MR BRI H0T, 5w DAk B 2 iR A BT

FHTXFEEM s, PR A 57 AR EHE, AirbnbiiE |
—ANSEWTHE PR . A TR B RS BRI 1 SR AT R
Airbnb B B\KEFH AT A 5 AT UL LRGP S 1E BN
Embedding, #iX%Embedding4t—1F—/ &= 2SA], SR)GH]H
Embedding )45 A a2 2 FidfiE, PAUHAE NI RIEFHE N . 35
2 HAR Qe SEIR I We 7 82 B R SR LA T E R U B .

2. {FEmbeddingZ 3] B P RYFEHAR LT

PN DA BRI, AT e 1. 45 5 0 A
FER LERARBLI, P 8 53 R FE BRI et 201 Celick
session) , XU FIMEARE S P MR AL, WE13-1F7rR,
P i 0 S BV SR L fENLPH A0 - (sentence) , oo
LR, BiE—MEAI BT (context) , WIH &SRS HE
AT NI RIREANE IS 3008, AR N —Aa) 7, S A B— D Hr
Aiheih. Xl Fword2vec FSkip—Gramii B M\ fith & ph rh 27 2]
Listing Embedding.
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B13-1 *t4A BEmbedding#9Skip—Gram#t &
3. {#EmbeddingZ ) EIE P ER R LT

HH R P 1 T 2 A g i R AR P S S R s U Embedding, WJ DAF
If b fe N 28 Y BT RE R RS, {H1ZEmbeddingfEFE A RE N HIK
AMBEE. LW E2FET 7T —NEE, HPeEE TP T 5
BArt&. ERMEREMEN KAWL, Klisting Embedding RAFH T
SURRA SRR, WMBAEER THPRKAMEBER . IED
(EECE -l RS Ly SR

Airbnb X H TIiE 21 (booking session) FE#IHI i KAmiFE H -
KR 4T

e P T R IR TUE 61K, B4 L HUE 2 1 e 41 5t m)
RIRNN:

s = el g 1o Lo 1 5 1) (131
FIRTRIT b A TS B R, T RS S S e, RIS R
PETTT RS (8] 8 BEAE AR 8K (WA FE L — R B L 4F) , AL IT
WA K] Wit. 5A521EARE, - word2vec A B2
>JEmbeddingAFAE# 2 Pk -
1) FiiT B S PSR IR £

2) HIRZH AR RAOTE—R, XFFHIT SRS LT E
B, TikEEMM Hword2vecst > ;
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3) FHPPRIRTT B TR] R ] BEARAC CAnsEs Z=E) , X ITR]H - fhi
SR g SN AP = (1] AN S e 78 N = w2 Y R AT TR =
PRl oA, WS AL G5 2R L s S5 I (R 2 2R

ST U0 A I (A B B4 Fword2vec B B 3E 4T 52 5T, ARAR IR
%o NI, Airbnb¥EEE KRG K B BAES] — AP 7 vk Sexd H P
MR JEME (type) AT/, SAJEHEH P A I IR 4G 1 it 5
type_id, ¥ type idfE NS4k, % >JEmbedding.

4. {¥Embedding®E NGkl 55

N 1 {#Embeddingfe BB 4F A BN 551E 48, Airbnb I BAXS H A5 eR %L
BEAT T B

(1) #EWieFIE (booked listing) B HirkE+

Airbnb) TEEITLE JF thword2vec Embeddingf)FEmt b, 453k
S0, EPHE R E B 5 AEmbedding. IXFEMCE AT A rbnb R4 £
HE 7 1) 2 FSALL B 2= B A0 ) T 435 2 A/ Tl sl ) ) AL 5 A8 2

MEL3-10T 50, BATUE TP T RE&E— e biE HE, AP
N THRXANMT NGB IREREH, ANE X booked listingse fH7ES
Rl Fword2vecH) R HENE O, EHUEBHN H iR E

(2) #EEEHELHA BT RN B A5 R+

fEAirbnb, J5ERVIELH P ITRT, A 7P BT )

%, AirbnbH & BB EAME S AE AR AW AU BN HAr K2, W
K13-2F17~ .
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13.2 Transformerft ] BH#EFE R G HIN H

AT GE-E B L 20 194548 & [ BA ) L E Behavior Sequence

Transformer for E-commerce Recommendation in Alibaba’i) ¥t

TransformerfE ] B RS HIN H »

db
1. B=T4A

BRI WINE S L) 2 T TR 248 (Recommender
System, RS) o PARTHI TAEIE T KH#KAN (Embedding) FIMLPYE:
JEARRFAE RN ARGE R B, IR 5 R oA AMLP LIRS e 28 (RHERE 45 R o
KT, KR T A N R R [ (AT, 208 T 1 P 47 P e
2019/ B BL I L4 25 0 L B A T — TURTAF 9, R A B K
Transformer BB ZRH AT N AIE R, TS RIEGRE R S5
(. SRR OSMEERTE L, Hos iRy, 5pi ik
Sk, fEZEsSH % (Click-Through-Rate, CTR) 5 R EHE

2. 1RAIZRH

R B 42 Y AR B FR NBST (Behavior Sequence Transformer) ,
BRI R E 133 7~ o
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B13-3 BSTALA 224

BSTHE N 2 5 HA P 248l T E G Ttem Feature. FH 7 IH|
By B SORMIE DA HARRHIE S, X ded N & id Embedding)Z J5 Hf AL
—i. FHPITRNTHIE S Ttem IDIRHE X B IPositionfs B4, #t
1T7EmbeddingibH J5 % AN Transformer Z 43k 7 1 247 N ETarget
TtemZ [AJAHE IR, MIMAFRIH AT MEBRIA, 5HANRME
Embedding M EHHEAE—2, 200 =JEMLPJZ TH5HA5 2 A i) 5 5 %
TR AT AR AR

3. Embedding/=

FH— 2% N\ NEnbedding)Z, F 1455 4EM B 1) TDS L5 21 1)
{K4EEmbedding %S A7, 315 [l 72 4E ¥ Embedding Vector. M E13-37]
K, BSTHEER!fYEmbeddingZ F A FH 7 RHiE (User Profile
Feature) . FEAIRE d4F{E (Sequence ITtem Feature) . _E N SCHFE
(Context Feature) . R X4FE (Cross Feature) . i BE4F1E
(Positional Feature) %%,

fFEmbeddingZ, & (Ttem) HFA R BRI, B EFER
B, Hob A BARFE 2L BN (Positional Embedding) . FF4I
ARk HCategory idfishop id&E04 @R IN, HidR sl A R
15 Bk,

NTHIRAP LB FEINER, KRS v AR
ML sin-cos BBUA, &R~ it &R A

pos (v D) =t(Cv ) -t(v ) (13. 1D

Hepe Cvo ) RoRIERERE, ¢ Cvo ) NEP AR v e

g
3.

i

o
4. Transformer =

MK 13-30] %0, BSTZEA4 3 E A FTransformer il Encoderi#fi s H 2K
fiizkTarget Item5H AT NFHIHF ItemPIAHICI R BSTAHE H I
EncoderZity 5FrtEIZEAM I, AT EAEIE, FNER EFEITE
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= N R, Pl HEAESel f-AttentionfIFENT#R4# F T Dropout A
LeakyReLU,

5. HEAMEKERIRKERH
&R, KA IEmbeddingPHEER, A =2 HIHH LM 45

Fr, IR AT Sigmoid R B HON0~ L2 [RIME, AR P s H iR
o il (RRBE R o I B I A SO S R i 8, BT SR A s(nh

HAPEORTAREAR, ye (0, D R RS A 1 IRIER
d, o Co) ZZM T L, x y 0 Bl RN FEAR AR RS .
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13.3 BERT{EERIHERE R I N H

148 FIBERT S AR BTG S R, DABRTHE R 1 e
1. BRI

TransformerfE ABERTHIAZ 0», HA 58 K I SCAKFIEIRELEE /1, FF
CfE Z WINLPAL 5 438 701k, ER R MBI T Transformer F+ 2% |
MDA B, BUS TANE IR R . st — P I R AT
25 R AR EETE SR, $RTHH ARG, 32 4148 2R ENLPES &L 1 BA
2019 T UG JE T BERTAL AL 6 I R HE P AH e,  C&BEMT-BERT R
R R B EIR . 90 G SVEEERL . s REE
ﬁk%&{%,@ﬂjo 2t = A B W EEERMAL, B2 b SRS
TR

2. IEBERT FZEIERE . HIFRARSZH
BB R N2 W5 s BEAR R EZRBR K, NEk2I 5

s A, SEHIRA T T XA RS BBERT I HE F# AT 5 I B &
YGRS, HARH g5 R A 13-4 TR
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B13-4 FR&)| AR

o HINZ: FALEN N B USRI & AT N 5L [R) & A0
HARE B2 . A STPOTZFR . MR FR. A2 FR s
fE 7] & FIBERTHEATHHER, XSGt 2RAFAE . SCARRFAE SRR AE 5917
Ja ¥4 NEmbedding, X H AT N H4FIE ) &= 48 F Transformer
HEATHHHL

o IEE. KEMBKSENIARMEILE,

o Y5 )Z: WIS IEATRH 7, BN 553 5 s s T I 25 25
¥y, F 0 R e i — .

o WURBREL: RS I OHEME T H Sk 45 B IFIR, F AR
PI2h BHER S, H P S PA5 FIRL:, Rk A HNDCGIT
Lambda#ii 2k BRI 24 .

BERTYE H JR1H & BEAE 55 LIS 7 BRI, (HR AR
FEHLAY— LB Ha], SEC-LEERAGEK . gl gk, SR HERRE
71 QORI AE R B, 34T 25 RS T [MASK ] 2 Ta] AR S, s Xt
i AR A MR A WAL

R I3 eBERTIZ T TH AN 2, ATTEH 51N E HIAIRE
, RGNS, A O {E FIMASKER IS <5 7k o

ZEFBERT (MT-BERT) 4£FXIBERTHIAE, FF T LA FHGH 7,

o ERTAEITEE BRIAHER RSt
o SINFEREARIITE.

(1) TR EEE SRS RSt

EMNIKHE G, f5 2 RKENEREIARIZEAL, TBERT
AR PEREAR DA AL RAE, o] DIE/E R SCAR LR, {H
KEREFHEIRZRAHAEME, RAEETIIRESRH AR, 5
A, BERTAR R AR E HHL R Hicdhs v 2 5 TR SRR, SEA P D e B g
T

NGRAMBERTAL (RIXEEAN L, SEHIFE S P R rh, /2 H
PRI Query AT BRI, DARAOR A1 R 45 R HEmPE. o, X+
“CERIE T M CERXG T ER” P Query, A HIBERTIE MARALIR

CIT
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Hiln, ERASHNEREENERAR. Eexkm=’, MHM
RERYUEH B, 10 N2 A, B AR MG T I Kk
FERXFP I 50T, BERTRLRUAR MEAR 15 N —FF 5 IR A SHE R W

T A BRSO, 3% B AEMT-BERT BN 2ol 72 v il N iR ]
WSS ARG AT AH A St A AR, iR, 58
iy KA. XFRTRF 51 TR, n] UOYBERT 42 (L 56 K0
W, A I F IR AR A

(2) SIS SLAR ) 5%

BERTAE AT IE SRR, EEBERFIGTREFERE, BAHE
P ] 2 [ MO R, EASE BN B SIARR . veik
BERTFJIX AN ER 5, MT-BERTE| N T #EAL AR J1% . BE13-5 Mg T
BERTHE Y MLMAE: 55« I R) T 02 “ R Es A fim s ” o« H
i, “IRYOCIT T IANTFAER NI B BN L, A ) SR R
Hh T BT X 3N I A A H I

E13-5 BERT5MT-BERT:K A 5% 4K 36 2L 64 < 15 )

BERTRE AL @ i 45 BT C(Hban “XfE” ), R SHEN g “H
7 WTFRELE Cm” ), (HXRMEGE R 221 3 1 Seik A Ly 2 Ja]
HIBLRILR 2R, IFBCA 22 2] BISR R BARIE )RR . DAL, FERENL “ 3
Q| PN S< v 57 A SN (T vk il S S VAR ZT B

NSEBLZ A, EAE TN SR BORE RS 7], 470 17 45 3R A
BITESCARRS 5o B3-S A Mo 1 3 SRR R 95, “ I
WBANL “UERT” . MT-BERTFHEARYE “HENg” “Afuimks” SEH,
R <4 AR” o JEILIXR TS, MT-BERT R A S| “ 4048~
AR LR, BURCEER BRSO S f 2 (] (5 HE, M T
%ﬂiéﬁﬁ%ﬁoﬁﬁﬁ%@%ﬁ%ﬁﬁ%@ﬁﬁ&%ﬁ&@ﬁ?
BERR
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13.4 /N4gE

S SAF) U B I 1 B B AR, ] DL 2= R E RS 5537
= JEmbedding. ZH2/N3L411d B 5] NI Transformer ] PAVE A AL
Embeddingia B omA /1 T H . 5834 S5 ik anfr7 {5 FH BERT 42 A5 1Y

PERE -
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143
FABERTSLZ I H SC1E ) 4328

BERT LA Transformer fJEncoder AZEA, DIMLMWARTY, FEIR £ A5
S R . X B PATransformer_F3& T H SCiERHE _F I Z: 10 Pl
YA bert-base—chinese AR, DA
bertForSequenceClassification iy FUHTEA, 7E— N CHIEEE
EdATER) IR, BARBETEIT NS

B e AR

A] A4V BERT VA B SJA

FHBERT Pl A B A8 N WA 55
VIEN LR

AR

see more please visit: https://homeofbook.com



14.1 WU

A A T A JE trans formers A HAAE & 2E (NLU) A1 H
SRB SRR (NLG) $efft 7 i et H 224 (BERT. GPT. GPT-2.
Transformer—XL. XLNet. XIM. T6%F) , HPHHEIE302Z/1KHK100£
FE S TR R, Jf[RIE S FFTensorFlow 2. 0f1PyTorchl. O K
IREEZIHEZE . Al Hpip#%dktransformers .,

pip install transformers

A 5 Af FHBERTHE Y P B R A : bert—base—chinese, L4 {4 Al
RN, 12, 768N, 12 Attention head, 110MBZ
o HBERTHI MK NAIF 2. 1T MFRIRRT, XL R a] DL
Transformer’E WX N,

XA T Ak T EBertViz, ©RIZIELEBINT:

1) F#iBertviz, HulibN
https://github. com/ jessevig/bertviz;

2) fiRJEF] Jupyter Notebook4Fi H3F, Bllbertviz-masters

14.1.1 &%+ UBERTFZ ML B ffj—ubf= B

1) SANFERE., BEMF )G bert—-base—chineses

import torch
from transformers import BertTokenizer
from IPython.display import clear output

# R E W T BERT-Base Ml Zf A

PRETRAINED MODEL NAME = "bert-base-chinese"
# FREFMAE R ] i tokenizer
tokenizer =

BertTokenizer.from pretrained (PRETRAINED MODEL NAME)

see more please visit: https://homeofbook.com



2) BF tokenizerfE B,

vocab = tokenizer.vocab
print("f?ﬁﬂj(d\:", len (vocab))

BATEE R .
FHK/N: 21128

3) BEEIHEEE R,

import random
random tokens = random.sample (list (vocab), 5)
random ids = [vocab[t] for t in random tokens]

print ("{0:20}{1:15}".format ("token", "index"))
print ("-" * 30)
for t, id in zip(random tokens, random ids):

print ("{0:15}{1:10}".format (t, id))

BATHE R
token index
##san 10978
+ 4374
##and 9369
Tk 6008
60 8183

BERTf# FHGoogle NMTHEH HiFERFR1CTE (WordPiece
Tokenization) , X4 /&5 A IR P B /MR B TR B, A R EEANAE
?ﬁ%&ﬁﬁmo¢i%%ﬁm%?$ﬁﬁ%ﬁ,ﬁﬁ#ﬁwwwwa
BN Ay TE R,

B T — MR B LA, BERTIEAT 5/ MRF IR bR IR AT -

-g%giEﬁ%%&%ﬁﬁ%ﬁ~%%%ﬁ%ﬁ%%%ﬁﬁk%ﬂ
\ 7N o

o [SEP]: AWM FHICASH EEEM— M MATS, FEWA)Z
[B] 48 N XA FR IR E N 73 FR AT -

o [UNK]: ¥ HIWAEBERT 7 B 1) P 2 4 IX R IR AT B
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o [PAD]: FTIHFHMN, KKEA—HIHNTFIIENST, {8 G50
batchiz &,
o [MASK]: ARENFEM, AAETIIZRI B 2.

14. 1.2 ffFHtokenizer4) E|H iE4]

1 FRATTA FH  SCBERT ) tokenizer i —> i S0 A1) 1WA .
text = "[CLS] MAIFIX [MASK] ST, MEIMHFRT .

tokens = tokenizer.tokenize (text)
ids = tokenizer.convert tokens to ids(tokens)

print (text)
print (tokens[:10], '...")

print (ids[:10], '...")
BT R

[CLS] fhFEHFiX [MASK] &T, MERMMKFRT .

['[cLs]', ‘v, &, 'JFr, viX', '[MASK]', ‘&', 'F', ', ',

l?ﬁ:l]

[101, 800, 4919, 2458, 6821, 103, 3430, 2094, 8024, 2218]
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14. 2 A WALBERTV: 2 J1 A E

AR BRI TEE 4 € B IMASK] fA) 1, BERTSIE AT 4.

14. 2.1 BERTXIMASK= 1 T

{8 Fber tForMaskedLMAR 54 Xof 45 3 8 () 1] 2R AT T

mwman

A CINZREF IR TE 5 AR [MASK] 167

mwmoan

from transformers import BertForMaskedLM

# B TARRFT AANRA T 75 Z 0 5) 7 BLid

tokens tensor = torch.tensor([ids]) # (1, seg len)
segments tensors = torch.zeros like(tokens tensor) # (1,
seq_ len)

maskedLM model =
BertForMaskedLM. from pretrained (PRETRAINED MODEL NAME)
clear output ()

# f HFERDIE S AU [MASK ] AL B TR ) SEBRbR IR AT

maskedLM model.eval ()

with torch.no grad() :
outputs = maskedLM model (tokens tensor, segments tensors)
predictions = outputs[0]
# (1, seg_len, num hidden units)

del maskedLM model

# HU[MASK] AL B HIMERR A0 Hh BT kAN A AT RERI AR TAAT

masked index = 5

k=23

probs, indices = torch.topk(torch.softmax (predictions]O,
masked index], -1), k)

predicted tokens =
tokenizer.convert ids to tokens(indices.tolist())

# EORATRAN R AT RERT TS, — AR —ANME A TIE
print ("#iN\ tokens : ", tokens[:10], '...")
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print('-' * 50)
for 1, (t, p) in enumerate (zip (predicted tokens, probs), 1):
tokens [masked index] = t

print ("Top {} ({:2}%): {}".format (i, int(p.item() * 100),
tokens[:10]), '...")

BATHR:

iﬁ)\ tokens : [I[CLS]I, l/fml, l%gl, l}:l:l, ljz'l, I[MASK]I, l%l,
l?ll ', 1’ l?ﬁ:l]

Top 1 (83%): ['[CLS]', 'fhr, "%, 'JFFr, 'iX', '3k, 'H', T,
]

Top 2 ( 7%): ['[CLS]', "fh', "%, 'FFr, 'X', A, rHE, T,
]

Top 3 ( 0%): ['[CLS]', '"fh', "%, 'FFr, "X, ‘[, rHE', 'Fr,
]

BERTIZEIL vk “iX” “H” XWAT, M2 2 AN aBpa] gefE A+
PEH Bk VRIS T IMASK AR RS B A, 20 SR R AN
]

14. 2.2 S NAAAL T B

D FATEAE.

from transformers import BertTokenizer, BertModel
from bertv master.bertviz import head view

2) g T AL 5 B HTML A B R 2

# f£ Jupyter Notebook Es/NA[#ifL
def call html():
import IPython
display (IPython.core.display.HTML ('""'
<script src="/static/components/requirejs/require.js">
</script>
<script>
requirejs.config ({
paths: {
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base: '/static/base',
"d3":
"https://cdnjs.cloudflare.com/ajax/1libs/d3/3.5.8/d3.min",
jquery:
'//ajax.googleapis.com/ajax/libs/jquery/2.0.0/jgquery.min’',
Yy
})
</script>

111))

14.2.3 W[4k

{§i FHHbert—base—chinesefli 4, Xfi&f)sentence a. sentence bH]
HyEE IR E AT R AL

# M BERT

model version = 'bert-base-chinese'

model = BertModel.from pretrained(model version,

output attentions=True)

tokenizer = BertTokenizer.from pretrained(model version)

# 8 1 AT
sentence a = "W /NEELEM, "
sentence b = "[ERE T H AR, v

¥ 1S RARRFT A A BERT AR SR & AU E

inputs =
tokenizer.encode plus (sentence a,sentence b, return tensors='pt'
, add special tokens=True)

token type ids = inputs['token type ids']

input ids = inputs['input ids']

attention = model (input ids, token type ids=token type ids) [-1]
input id list = input ids[0].tolist () # Batch index 0

tokens = tokenizer.convert ids to tokens (input id list)

call html ()

# HBertvizatifk

head view(attention, tokens)

BATEE R WKE14-1FT7R
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H14-1 XEFAEEEIRETER

X AEBERTEE9)ZEncoderHt i — A head MiERE 145 5K, ME14-17]
DA, FRAREA “Ai” AR “RT R .
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14.3  FHBERTTIII A B S0E T W fE 5%

FHBERT TRV A8 B R I#AT %5 540 3R

1) e G SR B

2) W JEUE AR B 45 BERT HE 28 HO A A% 305
3) fEBERTZ _EWNA#iLayer s il R E 4515
4) IERZ TSR,

5) XHTFEAAHE L .

DIRL. ARG G ZR— B T f P IR R K= S+ . SBERT i
PNk avi VESRE

A4, WK SR AR s 35 0 il BERT 3 25 B Fan AR =g 2 an el £E
BERT L ##t 37 Layer AT & FUFAESS T5 oK 2 £ F RIRATTUMBCHT 18] 43 241 55
R [F B IR e ) i, X AMESS A AN A) T, Fan A2 3N SR AR
HIZ 202K F% (Multi—Class Classification Task) , 5NLP%i
W WA EAE S H#EWR (Natural Language Inference) HAAH[H
P

14.3.1 SRR IESCAREHE

SANNGHE, JHIATIEE ., I UE S AL BEER AT

import os
import pandas as pd

# HBoEisE, HEEA

df train = pd.read csv("./data/fake-news/train.csv")
empty title = ((df train['title2 zh'].isnull()) \
| (df train['titlel zh'].isnull()) \

see more please visit: https://homeofbook.com



| (df train['title2Z zh']
| (df train['title2Z zh']
df train = df train[~empty title]

# IR KMFEA, LB RBERTEIERE BN P AR BIEA IR eputh
MAX LENGTH = 30

df train = df train[~(df train.titlel zh.apply(lambda x :
len(x)) > MAX LENGTH) ]

df train = df train[~(df train.title2 zh.apply(lambda x :
len(x)) > MAX LENGTH) ]

# HH1e B EEBERT X D E bRy 1 3UR
SAMPLE FRAC = 0.01
df train = df train.sample (frac=SAMPLE FRAC, random state=9527)

# EBRADEREAL I E B % bR R IR AL 44

df train = df train.reset index()

df train = df train.loc[:, ['titlel zh', 'title2 zh', 'label'l]]
df train.columns = ['text a', 'text b', 'label']

# B AR F tsv XX it Py Torch i H

df train.to csv("train.tsv", sep="\t", index=False)

print ("YIZFEALL: ", len(df train))
df train.head()

5 T4 R A 1R B SR 4

X BAEFHRE 1% B 5 i L PRI KRR, sEfR B Saiz= ki)l
GIIFEAREAF2, 6574, H AR TEm ] DL RIS EHE 1%, =&
5/ D EREHE . FRATE ] DUE BT RIFEA 5 1768%, Kb ATH
BERT VI Z5 H K 1) 77 25 4% 22 /D B I3 68% 417

df train.label.value counts() / len(df train)
N— g —
BT R

unrelated 0.679338

agreed 0.294317

disagreed 0.026346
Name: label, dtype: floatoc4

A N i Jm I R AT AR A AL B, T7 2 e
AT A BRI 2
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df test = pd.read csv("./data/fake-news/test.csv")

df test = df test.loc[:, ["titlel zh", "title2 zh", "id"]]
df test.columns = ["text a", "text b", "Id"]

df test.to csv("test.tsv", sep="\t", index=False)

print ("TMFEAL: ", len(df test))
df test.head()

BT8R B A K

14. 3.2 W SR UG SCARE #0 BERT A Fn A kS =X

REFRSE R IR EE CLE, BBt & 1 A an{a i BERT L HUIX L6 4y
PR T INGAHEL T . BATFHE 7 BERTH M A g%, X&R
e, B 14-2 52 BERTHL Y (i N E

1) B4Rz N2 2BERT IS SC B R 78 i+

Kl 14-29F 1B Token Embedding Xt N Al H&ad ) — AN Al B, 1

Segment EmbeddingfXEAFH)FHINE, &H KH). Positional
Embedding Ul BRI A Trans former#4) 22 H I8 A B Jw b5 20 H —Hl

F14-2 BERTAZ A a9 4y N3 4%

2) W[ REZ MRERE TR .
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AT BB R 45 SR B ¥ i 3 Fh 1 dik 5

o tokens_ tensor (FRIHFFIKE) : AFR BB MRIRFFHIR GME,
HHtokenizer# Bl w],

e segments tensor (B5KE) : HRIRMA]FAIR. FH—Ha]N0,
BN, 5 AN R TR B [SEP] 0.

o masks_tensor (#MdsK=E) : HRFAE BIEEIVIHENERE. 158K
EBERTIGVFEZAL E, ONIMCEREIH R, TR,

3) HEHIE.

H1 & batch ™ A 78 ol GEREIFAMIF, 9 1 ikGPUIFAT
T, FAFEEH O E L E B M A8, PUORIEEAITKE —
B RHMER KR LK BUKEAE [PAD] XS RAL & HIE AR 20,

AL PA_E X 5 R T DASE SR 4R SUASH # FBERT A 75 A% 20 1
X NERZ, WARE EE,

14.3.3 & XU PR I R %L

H e BN SR/ MR SR IR B, e R ABREUORE tsv LK —MA) 1
X5 BERTHE A A% 3, IR L3 7K &

e tokens tensor: WNRIFHEIFERIRGIFS], BEICLS]S
[SEP].

o segments_tensor: A PAFSRIRGIBANH])F AR 02Kk &,
o label tensor: Y470 RArRRE RN R TIPIHKE, 0N
A [E] f£None .

N I R SCEE U R A AR AL

from torch.utils.data import Dataset

#H O SO HCEE i3, ARPEPyTorch 2R, TEEI—ATHRE ( getitem )
# R JEEA)TRKEMRE ( len )
class FakeNewsDataset (Dataset) :

# DL B S I tsv U IR AR L — e 2
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def

__1init (self, mode, tokenizer):
assert mode in ["train", "test"]
self.mode = mode

self.df = pd.read csv(mode + ".tsv",

sep="\t") .fillna("")

self.len = len(self.df)
self.label map = {'agreed': 0, 'disagreed': 1,

'unrelated': 2}

self.tokenizer = tokenizer # ffifHBERT tokenizer

# R ML —2E I 25 S e 1) pR 2

def

len Db,

def

__getitem (self, 1idx):
if self.mode == "test":
text a, text b = self.df.iloc[idx, :2].values
label tensor = None
else:
text a, text b, label = self.df.iloc[idx, :].values

#ORRE Labe LU AR 5], DMERH K E
label id = self.label map[label]
label tensor = torch.tensor (label id)

¥ ELEB—AAITH BERT AR IRFFIFIIA D FRFT [SEP]

word pieces = ["[CLS]"]

tokens a = self.tokenizer.tokenize (text a)
word pieces += tokens a + ["[SEP]"]

len a = len(word pieces)

# B AT BERTARIRFF

tokens b = self.tokenizer.tokenize (text b)
word pieces += tokens b + ["[SEP]"]

len b = len(word pieces) - len a

# R ARRTT PP 9 e Bl R 5 Fr 4|

ids = self.tokenizer.convert tokens to ids(word pieces)

tokens tensor = torch.tensor (ids)

# KRBT [sEP] WbsCA B8N0, Hfho1, FoRH A

segments tensor = torch.tensor([0] * len a + [1] *
dtype=torch.long)
return (tokens tensor, segments tensor, label tensor)

len (self) :

;gturn self.len
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# IRt — BN ZRFEA 0 EdE (8 o SCBERT 40 1]

trainset = FakeNewsDataset ("train", tokenizer=tokenizer)

14. 3.4 B PE TR T 2 e

DAELBRATE B B — DI R Bl Ja ks = 7
# PR AR

sample idx = 0
# 5 RIA SO L

text a, text b, label = trainset.df.iloc[sample idx].values

# FIFNIE L, W HERid tensor
tokens tensor, segments tensor, label tensor =
trainset[sample idx]

# F¥tokens tensorilJFEEICA

tokens =
tokenizer.convert ids to tokens (tokens tensor.tolist())
combined text = "".join (tokens)

$ EARTEZESR, UL HBEE DY
print (£""" [JR4H A

T 1: {text a}

f]F 2: {text b}

7 . {label}

[Dataset [FIf£H] tensors]

tokens tensor : {tokens tensor}
segments tensor: {segments tensor}
label tensor : {label tensor}

(185 tokens tensors]
{combined text}

mwmw )
BATE
SO )

BT 1 JRSRAEEGS T, AR IS R A NE R A E
BT 2 FHESIRB AR ZRZIIEER, B8 HE R K BRI A
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[Dataset 4% 1) tensors]
tokens tensor : tensor ([ 101, 5722, 3300, 3301, 6206, 5310,
2042, 749, 8024,
852, 5381, 1351, 6230, 2533, 800, 6820, 3221, 1469, 3360,
2552, 1963, 3683,
6772, 1394, 6844, 102, 1962, 7318, 6057, 5310, 2042, 5314,
679, 2042,
3184, 4638, 4912, 2269, 2803, 5709, 4413, 8024, 948, 7450,
4638, 4912,
2269, 2957, 3717, 7027, 5010, 1526, 5722, 3300, 3301, 8013,
1027)
segments_ tensor: tensor ([0, O, O, O, O, O, O, O, O, O, O, O, O,
o, o0, o, o, 0, O,
o, o, o0, 0, O,
o, 6, 2, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1,
i, 1, 1, 1, 1, 1,
i, 1, 1, 1, 1, 1, 1, 1, 11)
label tensor : 2

[iLJ5i tokens tensors]
[CLS] A ELE S T, (HM A R &AM NE LU A& [SEP] U B 2 45 152 AN IS
EZZZRZYIEER, FIFEREREKEERIAE! [SEP].

14.3.5 #m— M HeE4EE

ffiHDatalLoader, XfillZrEmininfit &4 .

mmoaw

Rl —Pmini-batchifiDataloader

X Dataloader#kT LHIE X ¥ FakeNewsDataset,

R EIIZKBERTHS , 5 Z 45K E:

- tokens tensors: (batch size, max seg len in batch)
- segments_ tensors: (batch size, max _seq len in batch)
- masks_ tensors: (batch size, max seg len in batch)

- label ids: (batch size)

nmmow

from torch.utils.data import DatalLoader
from torch.nn.utils.rnn import pad sequence
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# XA AR, KA e RmE# 2 NE L FakeNewsDataset [BALZ ] —4>
FEA,
# B FEAA A S 3A K E
# - tokens tensor
# - segments tensor
# - label tensor
# XA IKEA 0TS, JF/"fmasks_tensors
def create mini batch (samples) :
tokens tensors = [s[0] for s in samples]
segments tensors = [s[l] for s in samples]

# MREAIRE
if samples[0][2] is not None:

label ids = torch.stack([s[2] for s in samples])
else:

label ids = None

# XA RIFKEA T 0HTE, 2 KA
tokens tensors = pad sequence (tokens tensors,
batch first=True)
segments tensors = pad sequence (segments tensors,
batch first=True)

# attention masks, ¥ftokens tensorsFAN0 (FEFT N0 MMNEKRE

# [FBERT H KyFIX LN B AR N
masks tensors = torch.zeros (tokens tensors.shape,
dtype=torch.long)
masks tensors = masks tensors.masked fill(
tokens tensors != 0, 1)

return tokens tensors, segments tensors, masks tensors,
label ids
# BRRARE32 GZEARMECPUTERERTINED MIZ A MDataloader
# FlHcollate £n¥FEARYIEIEM—/PE (mini-batch)
BATCH SIZE = 32
trainloader = DatalLoader (trainset, batch size=BATCH SIZE,
collate fn=create mini batch)

14.3.6 &H —PMHEREAEE

i#iidDataloaderd Hmini-batch, HH —batchHIEHEHF M .
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data = next (iter (trainloader))

tokens_tensors, segments tensors, \

masks tensors, label ids = data
print (f" wn
tokens tensors.shape = {tokens tensors.shape}

{tokens tensors}

segments tensors.shape = {segments tensors.shape}
{segments tensors}

masks tensors.shape = {masks tensors.shape}
{masks tensors}

label ids.shape = {label ids.shape}
{label ids}
mw ")

7 BERTH BImini-batchi & 75 ByE B L 20 7R . /R AR IR
% T lable idsPAAb, HAL3ANIK & IR FEARR &G KRN0, X
FE AN FEAR PR IRST R F A KA S A, 75 E4N0,

F b, AT L TR B 6 SOAS T 45 I BERT S A ) g A% 2
1o R NERZ, WEAREREENNE, THEBLH LN L
P JOEHE R Bl AE BERT 4 A SN 5K &5, Wit n] BAZEBERT E
ORI R NS T

14. 3.7 TABERTSEER F AT %%

LE JE ) B BUBERT Al — Y80, a3 in— Mo 28 ) 4 e 4
=, el HRSZEL S, X BHiE$EbertForSequenceClassification
TIHESESY, WE14-3F7R

R ABGHT 18] 93 e — AN oW R) 7 0 RAE S5, B AR BN N 21 & 14-3
HIA TN H. A4, WG FEBERTAEWE ? HuggingFace O K 1 &F %
BRI IAT S OO A, anx) RIER TS, R T
bertForSequenceClassificationfiZld, NI VELHN %L .
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B 14-3 bertForSequenceClassificationtt?!

14.3.8 BERIMAGEEII P45 M

B BERT IR 2 2 i I F A

bertForSequenceClassificationfZ5#)

¥ FATPIHTHXZ 0 RESHIEAE, n class = 3

from transformers import BertForSequenceClassification

PRETRAINED MODEL NAME = "bert-base-chinese"
NUM_LABELS =3

model = BertForSequenceClassification.from pretrained/(
PRETRAINED MODEL NAME, num labels=NUM LABELS)

clear output ()

# high-level xR A FIEIAL(E B
print (£"""

name module

nn ")

for name, module in model.named children() :
if name == "bert":
for n,  in module.named children () :
print (f"{name}:{n}")
else:
print ("{:15} {}".format (name, module))

BAT 4k
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name module

bert:embeddings

bert:encoder

bert:pooler

dropout Dropout (p=0.1, inplace=False)
classifier Linear (in features=768, out features=3,
bias=True)

AT 2B B mode 1 3k R & #EBERT i A\ dropout J= DL K ] B
P T804 2, BT A SR TIN 2R A B logits. X Fk &M
i BOT R 5 ) 5m KU T . ARASH BB AR BBASFINLPAE 5 N E ¥ HE
RPN, HEEWAEENBRE L, — S b= 7.

IR A LR BHEAN 73 A5 B mode L LR I BROIRAS 4B FE 768 . iR
YRAEEETE GBERTHEE 24, T Ll config dictRisE. AN 250K
Hitmode 1 FBLH S HBLE -

model.config
PyTorch™ ' F<Bert HJ#58 H 5 A 101>
1) FEABIA.

e bertModel
e bertTokenizer
e BertTokenizerFast

2) TR B

e bertForMaskedlLM
e bertForNextSentencePrediction
e bertForPreTraining

3) WoHRr B

bertForSequenceClassification
bertForTokenClassification
bertForQuestionAnswering
bertForMultipleChoice
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245 B n] 2% HuggingFace H M
(https://huggingface. co/transformers/model doc/bert.html) .

ANz FEAFHHE P = bertTokenizer. bertForMaskedLM.
bertForSequenceClassifications
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14.4 )|

BRI LG, BN RGNS, BT FHE AR
€ S batchF g AL, IR R model 5 48 FHPyTorchill x5
TR0 IR A A

14.4.1 58 A ek &y

FE SCTRTIN o 5 K PP A AR e o

device = torch.device("cuda:1" if torch.cuda.is available()
else "cpu")
def get predictions(model, dataloader, compute acc=False):
predictions = None
correct = 0
total = 0

with torch.no grad() :
¥ IR
for data in dataloader:

# FPrskER Blepu L

if next (model.parameters()).is cuda:
data = [t.to(device) for t in data if t is not
None]
# B3N IKES A Ntokens. segments PAMK masks
# HEEK XK E S Amode 1, $HEXT M S E AR
tokens tensors, segments tensors, masks tensors =
datal:3]

outputs = model (input ids=tokens tensors,
token type ids=segments tensors,
attention mask=masks tensors)

logits = outputs[0]
_, pred = torch.max(logits.data, 1)

# TFEIIGENERR

if compute acc:
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labels = datal[3]
total += labels.size(0)
correct += (pred == labels).sum().item()

FITR S ATALRAE S

if predictions is None:
predictions = pred

else:
predictions

torch.cat ((predictions, pred))

if compute acc:
acc = correct / total
return predictions, acc
return predictions

14. 4.2 | gy

YRR I B /R PP Fe AR E
#I A

model.train () .to (device)

# AL Adam B HT S8

optimizer = torch.optim.Adam(model.parameters(), lr=le-5)

EPOCHS = 6 #/EM K%L
for epoch in range (EPOCHS) :

running loss = 0.0
for data in trainloader:

tokens tensors, segments tensors, \
masks tensors, labels = [t.to(device) for t in data]

4 EESHILE

optimizer.zero grad()

# forward pass

outputs = model (input ids=tokens tensors,
token type ids=segments tensors,
attention mask=masks tensors,
labels=1labels)
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loss = outputs[0]
# backward
loss.backward ()
optimizer.step ()

# ALK H AT ESUAE

running loss += loss.item()

§ TSR
_, acc = get predictions (model, trainloader,
compute acc=True)

o\

print (' [epoch %d] loss: %.3f, acc: %.3f'
(epoch + 1, running loss, acc))

IBATEE R
[epoch 1] loss: 49.698, acc: 0.855
[epoch 2] loss: 30.061, acc: 0.889
[epoch 3] loss: 21.553, acc: 0.938
[epoch 4] loss: 17.090, acc: 0.937
[epoch 5] loss: 12.715, acc: 0.960
[epoch 6] loss: 7.431, acc: 0.986

MHERR AT LA Y, AR o AR AR AR H N B I ZR SR R DL
St Ak, BEILRINEE X MR RARED.
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14.5 A

IR J5 147 25 8 mode 1 AR B 1SR A AR il Fa i) 43
;\ :
j< o

14.5. 1 A Hr A

MRS, B AT

# BN . XHbatch sizeJRK/NAMRIEGPUMEREREAT %S, I RE LTI T] LA
batch sizelff k—1Lk

testset = FakeNewsDataset ("test", tokenizer=tokenizer)
testloader = DataLoader (testset, batch size=32,

collate fn=create mini batch)

# F T AT 70 2R
predictions = get predictions (model, testloader)

# WM 1abel id##HN1abel XF

index map = {v: k for k, v in testset.label map.items () }

# RIS csv IR

df = pd.DataFrame ({"Category": predictions.tolist()})

df ['Category'] = df.Category.apply(lambda x: index map[x])

df pred = pd.concat ([testset.df.loc[:, ["Id"]],

df.loc[:, 'Category']]l, axis=1)

df pred.to csv('bert 1 prec training samples.csv', index=False)
df pred.head()

BATEE R 14-4F17R
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E14-4  F#7 KB NEARR 624748 R

14. 5.2 LB AHOHA T E ) EdE 5[5

Fe FORIRATK TR FBERTA S EA Bl 5 2 5 ZER. LR
52 %) AR A Bl Dh Pl d i sagreed S Bl B — Le 451 -1~

predictions = get predictions (model, trainloader)
df = pd.DataFrame ({"predicted": predictions.tolist () })
df ['predicted'] = df.predicted.apply(lambda x: index map[x])
dfl = pd.concat([trainset.df, df.loc[:, 'predicted']], axis=1)
disagreed tp = ((dfl.label == 'disagreed') & \

(dfl.label == dfl.predicted) & \

(dfl.text a.apply(lambda x: True if len(x) < 10
else False)))
dfl[disagreed tp].head()

BATE R 14-517R
B14-5 oA $3E
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MK AHER H, ZIEF A Btext bR X text a, Bk
BheRvE [vR] MR SRR E XKL, #EHEE MDA
TIEAT BT SO SRl

EFRAT B e B — M5~ BB R 5 BUBERTREANRE RE R
ZRIEMALE . AR Ber tViz ok Al AALBERT (IE E AL E

14.5.3 wJRALTE R JJRE

N RFRATE e nf fAk i A) sentence_a. sentence b HIER ]
UE

# WELYINZod J RS R A Ak BRARHT 1) 23 SRAT 55 I SRV A
# LKfstate dictBPAI WA FIABERTS

model version = 'bert-base-chinese'
finetuned model =BertModel.from pretrained(model version,
output attentions=True, state dict=model.state dict())

#ANEA)
sentence a = "12306%#EHtEE"
sentence b = "REE: 212306 KRR

# REFR RS S S ABERTIRIUAE & S E
inputs = tokenizer.encode plus(sentence a, sentence Db,
return tensors='pt', add
special tokens=True)
token type ids = inputs['token type ids']
input ids = inputs['input ids']
attention = finetuned model (input ids,
token type ids=token type ids) [-1]
input id list = input ids[0].tolist() # Batch index 0
tokens = tokenizer.convert ids to tokens (input id list)
call html ()
head view(attention, tokens)

AT R N E 1467
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H14-6 TANLEZEHARE
T BRI R SRR DR, R

hoadE i [CLS]HIFRARIN , 22 TF ISP IR T A% HBRA S5
I . B
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14.6 /hgh

AT EIREM 1 Transformer AL HIRLAL, (HAHE #E 2 TAESELAR
R, 3K A A O SR B ) OGS P A o T 2R 2 — A -
RAERE, BRAEEE G, WIRBATE SRR AR FER
FITCA— AN BOXHEA, 239K, RRIRTS DLER AT
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FHGPT-24F pfi S A

7E b —FIRAT T A BIBERT /2 2 T XU [ Trans former f 1), TMGPT-
278 H T B A Transformer M @ ) . X B m R R AE ATV E R ) THE
I, BERT < [F] I 25 18 7 75 79 320 PR 9 o 04 8 P 3 FRTs2 00, T B [ 2
GPT—2 ] =75 FEAE AR T s 5 B 2 M PRy il X EL RO 52 0

GPT-2#8 A il I iR Bl TAG PR 7 v R AR 25 44, DL K BRI
PEINZAGHE . OpenATHI A T 24 5&E, WA TRESTINESE, W
PR TN TR . F R ORIRAT PG AEGPT-2 T I A5 284 1) S At
A TR . BARBEREI N A

o GPT-2Mfid

o FHGPT-24 il Ial s
o TEGPT—24 B I SC A o
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15.1 GPT-2#%ik

GPT-2[IHESL S5GPTIAM A, (HXF R TS5 AL #E 7 AR H . GPT
FEFA MBI 2 S0 SR P AOR J7 A0 B R AR 5%, GPT-2 B B F E M &
305 AL FIAT S . X S5GPT-2LGPTH B K (S EZAGPTHIL0
E;%iw@¢>,u&ﬂmmﬁﬁﬁfﬁ\EE%\E%EEWW%
Ty

GPT-27E (S i Jo i BAE S5 HIMS i, AR S5 H, AN EEEAL
HZA, MBS AT AORSEL. ARSI, A
— 5 FFRF, 5 FCPT-21EMHb I H bx .

F2 B ORIATIA L JIASLHRIGUEGPT-2 R B . DL RS2k B
OpenATE W, AT REEME, XEM EXNH, PenAl'E ML
N: https://openai. com/blog/better—language—models/#samplel.

Bl1. ARYE RN AL RN B A
B in MR NI -

In a shocking finding, scientist discovered a herd of unicorns
living in a

remote, previously unexplored valley, in the Andes Mountains.
Even more

surprising to the researchers was the fact that the unicorns
spoke perfect English.

Hrp 35 SON:

[CREEZATT A N BRI, 82255 ik — Mz B gt sl 45 &2,
EIEE RS . MBI RS, XA A SR, ]

N X ST SR GPT-2AR HE _E 1T A $2 7 15 2E A -

The scientist named the population, after their distinctive
horn, Ovid's Unicorn.

These four-horned, silver-white unicorns were previously
unknown to science.
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Now, after almost two centuries, the mystery of what sparked
this
odd phenomenon is finally solved.

X EE AR S XN
(X EYrEE MR M, BRI LN el lm4, ovid's Unicorn. K&
VUHR AR A EY), EXZATFFANEZE R .
WAE, ETIERMMLD, INTFRNNRAESEAREN, BELTETT. ]

" B2, HIRIER, THEAGPT-2MR1IE N TIREEK BRI R
H,

FIGPT-2[# 52 A F)1~,  [B13E B ia] i e Fig AR B0

The trophy doesn't fit into the brown suitcase because it is
too large.

AR R R AT, OB AT . ]
GPT-225 H &R -

it = trophy
[HIEMER—E]

FIGPT-20 2 N i A A)1,  [B13 i i e Fi AR 20

The trophy doesn't fit into the brown suitcase because it is
too small.

MR 325, RIAEARNT . ]
GPT-2%5 H & %R -

it = suitcase

[ 5IEME SR8

2, GPT-2 B AR Z W sEBL e ? 2 F R FRA Tl Ad FHGPT-24
JS T e ) S BEA T FEAR TR .
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15.2  FHGPT-24 5 i8]

B ST — DG CPT-285 8], R TRl E H
H TAE, BOREALAERCCAS . Hem)ihie, 7fEHFMRRT, FRAISGE— miik
i,w—ﬁﬁ%H%@%ﬁﬁ,%Etﬁ@ﬁﬂ%ﬂ%&ﬁﬁ%i

(HIXFEA N AT Re 2> HEL A, BB BB N — MG, ASBrA
Al —AN ], Oy 7R BLX MG, GPT-2iE | — M top-kZ 4,
TX AR AR 55 2 R 23 JiF ACK 1 B3] R Bl ALk B — > B R R — AR
o N HAZIERF top—k ¥R F 1 B AR SLELT FE

15.2. 1 & XBENLIE R R AL

1) g SCREHLIZE 3¢ eR B AR an R
import random

def select top k(predictions, k=10):

predicted index = random.choice (
predictions [0, -1, :].sort(descending=True) [1]
[:10]) .item()

return predicted index
2) PN,

#id B S

import warnings
warnings.filterwarnings ('ignore')
import logging
logging.basicConfig(level=1logging.INFO)

import torch
from transformers import GPT2Tokenizer

# AT GRELRL R 73 10] 4

tokenizer = GPT2Tokenizer.from pretrained('gpt2')
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3) MHRGPT2Tokenizers

# Ml GPT2Tokenizer XJHiyNiEATHMS

text = "Yesterday, a man named Jack said he saw an alien,"
indexed tokens = tokenizer.encode (text)
tokens tensor = torch.tensor ([indexed tokens])

tokens tensor.shape

15. 2.2 3 FH Wl A RY AR Rl B

&R AE FGPT2LMHeadModel () SRR, FRA AR SRy S0 Uk
e T HONGMEE S HARBIR K, X B N Mo, JF
FAE T AR gpt B3R F o FEGPT-2TIIZAER, BT,

#t Nhuggingface’E X (https://huggingface. co/models) , ik
BEIGEN, nE15-1F17R .

H15-1 ST &R R\

AidiList all files in model, N F#ECCHEFHE, W& 15-257
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H15-2 @&HFTHIMHF @

X BAFHPyTorch, FrllikfEpytorch model. bin. 1R fH
TensorFlow - &, Ni%EFetf model. hb, FHABLEIIAHIE .

T 4578 B tex t AR BT IE] .

from transformers import GPT2LMHeadModel

# L GPT-2 THilZRMEAY
model = GPT2LMHeadModel.from pretrained("./gpt2")
model.eval ()

total predicted text = text
n = 100 # TIGSFERIFEIR RS
for in range(n):
with torch.no grad() :
outputs = model (tokens tensor)

predictions = outputs[0]
predicted index = select top k(predictions, k=10)
predicted text = tokenizer.decode (indexed tokens +

[predicted_inaex])
total predicted text += tokenizer.decode (predicted index)

if '<|endoftext|>' in total predicted text:

# R GERARE, MR IR

break
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indexed tokens += [predicted index]
tokens tensor = torch.tensor ([indexed tokens])

print (total predicted text)
BITGER GERa&RD -

he called in an air support aircraft in his helicopter so as to
take down the pilot and get out the other side of his ship to
prevent any possible casualties and prevent anyone from going
overboard." The UAS, according to Mr, has no record of a pilot
flying within 500 km in that time range," the BBC report stated
on the official site for Pyongyang. It did mention "an
unidentified aircraft flying around in that air base

MEERRE, WBRE—BUEERISOR, A, e KIE
)P AN R 2 Ak B T BN T R R A il SOA 22 A
ﬁﬁﬁﬂu@%ﬁﬁ%ﬁ%ﬁmw&ﬁ@i&ﬁ%ﬁﬂ%ﬂ%ﬁ%i

see more please visit: https://homeofbook.com



15.3 TGP T-242 i 3% il < A

FROR, FATRE A — L8 B SO GPT-2 8 AT R0, IX BLRAYS £
FEE IR IR dh (S WS AR ) AR ZRFEA

15.3. 1 ¢EHCCA:

BEETS T R R E i (BB E RN ) 1R ST 2504 -
with open('./data/romeo and juliet.txt', 'r') as f:

dataset = f.read()
len (dataset)

BATE R
138150

HIZ5 SRl 50, %SO 1370 2 Fdd]

15. 3.2 Xt sef k4T 50 1A]

E ﬁi#ﬁﬁ%ﬁ%ﬁ?ﬁ%%&,@ﬁ&&%ﬁﬁﬁmwﬁﬁ%@
K

indexed text = tokenizer.encode (dataset)
del (dataset)

dataset cut = []
for 1 in range(len(indexed text)//512):

§ ORFRER B B NS 12 MR IRST

dataset cut.append(indexed text[1*512:1*512+512])
del (indexed text)
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dataset tensor = torch.tensor (dataset cut)
dataset tensor.shape

15. 3.3  JEHIE I N B R

Al Hidataloaderiik, FEEHRER Gyl it &AL B AT R .

from torch.utils.data import Dataloader, TensorDataset

# MEBIR R EAR LA, W€ batch_size N 1
train set = TensorDataset (dataset tensor,

dataset tensor) # MRZFSFEARZIEAMIFE

train loader = DatalLoader (dataset=train set,
batch size=1,

shuffle=False)

train loader

15.3.4 | 2Ry

WA, 530K, RAAdamfR 1%, 2] % A le-b.

from torch import nn
import time

pre = time.time ()
epoch = 30 # 2] 30 X

#model.to (device)
model.train ()

optimizer = torch.optim.Adam (model.parameters (), lr=le-5) # &

At

for 1 in range (epoch) :
total loss = 0
for batch idx, (data, target) in enumerate(train loader):
data, target = data, target
optimizer.zero grad()

loss, logits, = model (data, labels=target)
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#print (loss.shape)

total loss += loss.item()
loss.backward()
optimizer.step ()

if batch idx == len(train loader)-1:
# ERIXEARN G — T4 %R

print ('average loss:',
total loss/len(train loader))

print ("YIZEESE]: ', time.time () -pre)

15.3.5 [ A A= gl SOA

- FIAHIZREFGPT-285 8, ARAEFE ) 5] 18R], HEWT—BUBT
o

text = "From fairest creatures we desire" # iXHEHA] DL AASE )

AR
indexed tokens = tokenizer.encode (text)
tokens tensor = torch.tensor ([indexed tokens])

model.eval ()
total predicted text = text

# XEONGREREAT 500 il gk
for in range (500):
tokens tensor = tokens tensor

with torch.no grad() :
outputs = model (tokens tensor)
predictions = outputs[0]

predicted index = select top k(predictions, k=10)

predicted text = tokenizer.decode (indexed tokens +
[predicted index])

total predicted text += tokenizer.decode (predicted index)

if '<|endoftext|>' in total predicted text:

# WRHBUCARSAbR G, was AR A K

break
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indexed tokens += [predicted index]

if len(indexed tokens) > 1023:
# PR KEIN K NL024 MR URAF, 0 SR et U 2

indexed tokens = indexed tokens[-1023:]
tokens tensor = torch.tensor([indexed tokens])

print (total predicted text)
BATEE R (FRI) -

From fairest creatures we desire to be friends

Our lives may not stand but to be separated; we may call

This holy division death: this holy marriage must cease in our
death. Thus saying farewell we besan our dead, that we should
be as friends in death. Thus says he;

Death may not withdraw his holy order: 'tis but our common
grief

In that part where thou wossiest death, and where death
withdraw'd the blessings that we shouldDainst us by parting
ways:'So sayeth he our hearts will live on this vow for eon
life. This last part of our vow may be quiesolved and
ourmarmarry be as dear a vow ours are; we do wish our death

MARREE R AT UE S, B2 ] ) 7w SRR . A
HABEEEERATS 2 I SCA DI AR R CER, K& UONTEAIEL. 75
ﬁ%g%EQOW%ﬁE%%ﬁ%,W%E&%ﬁ@,ﬁ@&@%ﬁ

IR .
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15.4 /gt

BERT#A AU f# FH TransformerfJEncoder®l 4y, LLifEK HARE =S H
FREIIAESS, MGPTELAE F Transformerff)Decoderifisr, J&T H Al
H, K BEMRESEREITS . AERSLH e — AN A 5 AR E
SRS, BIAGPT-28 M —4a)3E, 1EFRAYIR B — B R «
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163
EmbeddingHi AR L&

EmbeddingJL-F-TACATE, TRRALGH AT HEFRSG, &2
WREEZAPHERE S OE, EERBAHE, #P KEnbeddingfi AR
. MR X Bk, JEEmbeddingfld T, BT H YO SR
B 1o AENARPRIGE &, FATR R BB FEnbeddingfiR, Jf
JEE — NERAR, B LU~ N

e Embedding$i A [a] i ;
e Embeddingdi AEH,
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16.1 Embedding$i A =] i

Embedding IR ILGE JJIEH 58, L& P AR ERIER] . FH
YR, bR YERANESE R SR AE . Ve, #T LA Embedding
KRN Rn T BB, AL U] L X 2R o~ HERA S B IX L6 o B AT
NG EREEEMEE ., R RIX L n) @4 A 317 13 B .

16.1.1 Embedding%/~

Embeddingi#tii T-word2vecHiWord Embedding, fF2 B
Hmt R ~word. F AR IL RIS AR, (HX PR~ IEH W
B, &5 FELER GHME, BEEENEIX RN AR AN E BAEE
b mE16-1FR. Bl sk AT 5T HWord Embedding. H MWord
EmbeddingfENLPEUASR B REIN G, AATTHERIRER, /5ititen,
Graph. Node. Position# K& #R4: NEmbedding.

B16-1 Jk# %4 5Embedding b4
Embedding/EA—Fpr AR, HE XKREES LU LA H:
o HMHMIBES KW N BT, NIERES ]I E;
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o BRGNS, BRI AR T RFE AR
o BACHRRIFERE, MRAHFRR 7 iFE R,
o FENZRRIRER AL, MRS FES, WE16-287,

F16-2 & NAFAIET & B

B16-2 £ R RLEE YIRS B — A fal FLrl IR A RS, AR
ITATBLE S B, . BEE. FE. FERFEIRA CAERE 52
FIVER. E=. Fhe. BYSHRE BB,

16.1.2 222> Embedding /xR BVE

e BRI NTE, W B AN B R Embedding R R ? B NAT2
P 2 JZE 4, it ARHER RS 21 AfEmbedding® o, HAK
SRR E 16-3 7

MIRIBILIX AT 1 2 Embedding P4 1, 1] H.Embedding &
FrASH), ToiEMEETE ORI AL . 5 R AT 5T HELMo
BERT. GPTZETII AR, /37 R HLSTM. Transformer{E A4F1EFEEL
2%, fEHbILM. MLM2Z 25 NI T AR T R OR, RBhZASHIEmbedding
FTomo IHITIRLE T LR DL RBh S & (8081 &5Embedding) , A LA
B LR AR AS . 1£GPT. BERT. XLNetZ:%F{Self-
Attention/jvk, BEWS R KiBH] 2 [BIFKEIR R, AL EIH)
Embedding BARIGE Tyt B om A, R IG.
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B16-3 4&H % E4v22 K 2% 4 s Embedding

16.1.3 JLFEmbeddingfiTAEH A

RYE 2 K EmbeddingfiT 4= H#r iEmbedding, 5HRFIE LFE P HI4F
A . BRAERTAE R, EmbeddingfTAE I I A EEHHE. &Md
& XXHESE, WEI16-47m.

E16-4 Embeddinght4 &9 JLA % B 7 ik

K{16-49'EmbeddingJbit-wise. element—wise. vector-wiseZ¥

FHIEAE s HE R AL an B 16-5 17~ o

FK16-5%1, Embedding (bit-wise) . Embedding (element-
wise) . Embedding (vector—-wise) #HEiApAC X AFER) LR 7 =X,
AR T I CRSeHE, EEETIHEREHE.
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E16-5 Embeddingty &% iz H

Embedding )25 FifiT A= T AE MR R Gt i FIARF T 2. E16-604
xDeepFMIE R ZE R R B, BRI N =800

B 16-6 xDeepFMAE A 2 44

o Linear: fHIELRIEIFE.
e CIN: E4aAZ HM&%, M. mEH (vector-wise) M%) E
B 28 R
o DNN: [2xUMh. J0EZ (bit-wise) HZZ] EMAS X HFE o
Fi L Autolnt: Automatic Feature Interaction Learning via
Self-Attentive Neural NetworksF'5| N T ZLBHERT] (Multi-

Head Self-Attention) FARKIRFAMEIELILGE ). E16-TNAutolnt
IRk

AutoInt KFE T20194F, ©HIEEEHDCN, xDeepFMAHL, # 2 H2 H
TEE B S A XM 4% . Btz Ah, AutoIntBEELT
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NLPFE I HiTransformer 2 sk BiFE & JIMLH], 28 A28 XAFESI AN
AR, AT DAL AR R e i R e 11 KT S EE A B O

B16-7 Autolnt&yZ24#) B

16. 1.4 Embeddingfi RHIA £

Enbeddingff —FIHiR, BRI, HRMAE—LTL,
EmbeddingfIZENE— M fE A28, ASREAR RS BRI UL 3% 2 B K
Ao W RS RHER R LR, — BRI FIROLENE, 1A AR
SASERTTTRR LA PEHERT BB X — B G 17 )
Enbedding, et FRRCRMTHAMIIZER: 5550, SROBAILL,
Embedding [ AR EEME MBS N, KoV th 2 H RTHLE ) JRRE2 )
R O R )
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16.2 EmbeddingfiRNEEE

EEEE . EEE. FRAEGE. BARES, ERRGREIES,
AT L #yEmbedding, B PAUL JI¥)# ] FHEmbeddingZR i~ . Uifa[ K
BRI TIE, OO —ANRGEIN H 25 RS ) 55 2 )@,

Embeddingf@— N IEEES K R Y, W K EHAL S, ek
HAE, #EER S kemm @, k0 H, - %Embedding) & 8] 504 5
M A 78S RV Ak i 25 1 1l R, Bl B fGoog et J5 fEEmbedding Y 38 7 Al 45
M _EAT TR

16.2.1 MEmbeddingt)ZR~ 77 HHATILAL

frf L3 4 T Residual EmbeddingffIMESr, A S Rl52KnEAE,
fo— N EE A AL R EAR E R E R ACKRER R, PURR|[E— 5] ]
HENEEREMNHR, WE16-8F7~,

E16-8 Residual Embedding#:#y

FERI16-8F, RESAMB A B B i 0N 24 FRC RN [ BRI 3 A fik
NI A FIXAREE R, [F]— el R RN TR 4 45 R AR iR
N TR R R E
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16. 2.2 MEmbeddingf1 45 #4474k

Google U7 B Xf Embedd ing ()4 i 2 [RIBEAT AL, X 2 RFAE Y
Embedding R F AU HORALEE, - 1o AN fil AT BENRFALE 1Y
Embedding#f ik Bl —MNEEE . fa] R UL N B M. A RO R AIE
DECEZ KIS E, W BE A AL E, R 16-9fR .
R EART T, MR B Al 2 S W TR R TS K

B16-9  #k AN kFods i) B &350 T

R ABR (Embedding Block) HIMERSERR_b w2 i ah i N FERE 1 43
Beo R E LA NFRE /N (10MB, 256) , E16-9a¥H 40k 120
MR, BRI AN FER A AL R E16-9bFr R — R~
RN\ (Single—size Embedding, SE) PAMKE16-9cHr~iIZ KRR
(Multi-size Embedding, ME) .
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16.3 /hgh

A FE X EmbeddingF ARBEAT 1R HLIA I, FFEXTHARARIEAT T LR
=
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ff A
L FGPURTensorFlow 2+. PyTorch 1+J}

o1 %

A1 &Y

1) H#x: FAZ3|TensorFlow—GPU 2.0

2) JFEA,EE: Python 3.6, TensorFlow—GPU 1.6,
Ubuntul6. 04, GPUBKZH ANVIDIA-SMI 387. 26

3) “HEZ” -

OURE T2 F|TensorFlow-GPU 2.0, CUDARi%S210. +, TCUDA
ﬁ;ozgﬁf GPUIR IR SN AR A R ZAME T-410, (X LA FH 1) 2 DR S i A

@TensorFlow3 f#Python 3.7

4) {E%¥TensorFlow-GPU 2. 02 Rij 75 B 1) 155

OFHRCPUMRBI A, AT 410 (R

@)% #EPython 3.7

@)% #CUDA 10

@)% 3ETensorFlow—GPU 2.0
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A2 ZFEGRL

FE LA P Al BE R 2L UL R IX S BT
1. A& GPURL S 5IRENM A Z [BIRI K R ?
R SCRFCUDA 10+/ 33l . BAR L 3ERE vl 8 s B 7 Pk

(https://www. nvidia. com/Download/Find. aspx?lang=en-us) 15

B, FRFHEEA-1TR, B A RGPURY 5 DISRIOS N X Z A7 .

EA-1 GPUR! 5 & = 3 & 7| 3 22 69 3R 3 ja A
2. ZIEGPUIREh A ML =R EE?

‘ZBEGPUIK B A LU 3R 5%, A2 AR LU 5L, 2B 3RE
NVIDIAHERF [ T8l 2247k, el R LG, (B BB

1) i R AEUbuntu s FEREAT H AN 2236
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2) i FHPPA G FEEAT H Bk 22 2%

3) i B 5 HINvidiadk BT T3l 23k

3. WAIEESHATAZ?

B R, RS HPL/boot H A 1A AS L I A, A 75 B
I — ST VAR /boo t 23 8], An M bk — Se 3k 2 /i 48 FH 16 I A% s

7t./boot Z¥ [H) &5,

1 BHNZIIE:

sudodpkg --get-selections |grep linux-image

2) BE HAEH A

uname -—r

3) MIERAE = i Y 1 A A% -

sudo apt-get remove linux-image-***-generic

see more please visit: https://homeofbook.com



A3 EEWIHESR TAE
1. EFEEFEAEE
Wit Ay Snvidia-smi & B REAEE, 50T iR

TlIf

=l

NVIDIA-SMI 387.26 Driver Version: 387.26
2. NvidiadXEFICUDA runtimehR AN & FH
NvidiafJE Mtk Ahttps://docs. nvidia. com/cuda/cuda-

toolkit-release—notes/index. html. JLIX#5CUDA runtimefii A )

CUDA 5 A 3 %% 89 3R 5 hk A

XN R R UNRA-1FT 7R
A1

MFEA-1R] %0, KIE#H HETIGPUIRBI R A ADriver Version:
387.26, PTLAIEZR S cudnnl0+, FEFZCPUIKE).

see more please visit: https://homeofbook.com



A. 4 FHEKGPULKEY

Ubuntuft X #EL T — 4 NGraphics Drivers PPAFI4SHPPA, &
[T AUbuntuH P Rt soRT A i S P IR EIAE 7, WiNvidiadXsh. Kt
X BLE T PPANUbuntu % 2NvidialR B2 7, RIS FHPPAG ZEIEAT H 3l
22k,

1) HEH RSB FINvidia{KI A &R IRE) .

sudo apt-get purge nvidia*

2) T RIXE) N APPA:

sudo add-apt-repository ppa:graphics-drivers

3) HHrapt-get:

sudo apt-get update

4) BEIRE R IXEEH IR T -

sudo apt-get update

R [ B A-2 BT s IS S

BA-2 & B IRFH{E 8
5) K Hapt-getfir & 1E & i % 25 GPUIK 5

sudo apt-get install nvidia-418nvidia-settings nvidia-prime

see more please visit: https://homeofbook.com



6) HJ5RGIFIIE

®§E/\é}ﬁ:
sudoreboot

QEF LRNEIL . LA LU 6217
lsmod | grep nvidia

AR BA R, M2 R 2R T = A EA-3 Bl B SR ELE

l%\ o
BA-3 ZEMRI
@& A Ubuntu [ 1 inouveaudK 5 & H 1817 -
lsmod | grep nvidia

ISR 2 A WA T, U R KBl 2 R ) !

@ Hag A nvidia—smi BEAEGPUMKB &/ IEH » I N2 & s un &
A-AFT7R(E B

see more please visit: https://homeofbook.com



FA-4 GPUIRF) M &3

2, GPUIRBN I e, WA N418, BT Rtn] 2
PTensorFlow. PytorchZEf A 1 !
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A.5  ‘Z3EPython 3.7
K TensorFlow-GPU 2. 037 #Python 3.7, #FEMEEPython 3.6,
Z4EPython 3. 7.

D) fFHrm —rfa 2 H3%: anaconda3.

rm -rf anaconda3

2) FlAnaconda’E W N & FHAnaconda 3hAS. MHEHN
https://www. anaconda. com/distribution/. |F#ZFH W EA-5F7N

B A-5 Anaconda F#H X &

T#E 5 JE BN AT B 2] shf2 )% : Anaconda3-2019. 10-Linux-—
x86 64. sh,

3) 2%EPython3. 7o M AATHATWI R A4

bash Anaconda3-2019.10-Linux-x86 64.sh
AR H AN, BRI ETR.
55— A

Do you accept the license terms? [yes]|no]

see more please visit: https://homeofbook.com



EFEyes.

>

it ] 51 PP

Anaconda3 will now be installed into this location:
~/anaconda3l

- Press ENTER to confirm the location
- Press CTRL-C to abort the installation
- Or specify a different location below

3% A ZEENTERB 1] ,
2%22 Iﬁﬂ%ﬁ:

Do you wish the installer to initialize Anaconda3
by running condainit? [yes|no]

EFeyes, FnfEPythonZ % H 3 H 35 . bashre
4) {4 conda 1istBEEH O ZER LA, WEA-6FTR.

BHA-6 & FHcondal 23 a94E 3k R A AT B 5

see more please visit: https://homeofbook.com



A.6  Z3ETensorFlow-GPU 2.0

W ARAE FH condaZt i TensorFlow—GPU 2.0, nJH—PMm¥dEE, W
RHpipZedR M 7234,

A.6.1 Hcondazidk

f§i Fcondat 3 Tensorflow—GPUR}, ‘Bl H 3 FEKHEIIN, Hinf
HH ZLJCUDAFI cuDNNZS:,  H A CUDAYS H Bh 2 3510 A .

1) BEEREZEEF TensorFlowt, .

conda search tensorflw

2) ‘#Z3ETensorFlow—GPU 2. 0.

conda install tensorflow-gpu=2.0.0

A. 6.2 Hlpip%d

1) Yez¢dEcudatoolkits

pip install cudatoolkit==10.0

2) ‘Z3Ecudnn,

pip install cudnn

3) “ZIETensorFlow—GPU 2. 0.

pipinstalltensorflow-gpu==2.0.0

see more please visit: https://homeofbook.com



PR

1) 4 E 4 Flconda (d=E A —APythonjizk A&, &7 ~1& FHcondaZr
%) , GVEIRIEN, K Hconda create —n tf2 python=3.7, @R~
A Z AT A Bysource create *, L FEIRIFA AL Flconda activate
tf2,

2) 4o R FEE L FEcuDNN, FH#7# cudatoolkito

see more please visit: https://homeofbook.com



A.7 Jupyter NotebookHJHC &

Jupyter Notebooks& H RiPythonbtb B IMAT I A RIS E,
Hi# #R N IPython Notebook, VAWM LA ZFTH, B LAZER BT U1 [
HEmSAEITAN, R AAERZEITER (BFEEE) 258 R
N, WAL FETIIER. Hx. BGESAXFENE. Jupyter
NotebookH L T4 i :

R B iEE =, gt tabfh TR,

] B e e iz TS, [FEIBFEARIE R T T R oRis T A R .
PLE G R R S R . B SRR A EHTML . LaTeX.
PNG. SVGZ:,

SRS 4 5 Uk B SO EIGE AR, S FREMarkdownifii .
SCHEAS FHLaTeXgm 5 B0 M U A

B2 N KA E Jupyter Notebook [ - E D IE

1) A plie B S

jupyter notebook --generate-config

PAE 2 HT P H 3 N AR
f: . jupyter/jupyter notebook config. py

2) AERCHETH P S E . T Fipython, BN ICE Y-

In [1]: from notebook.auth import passwd
In [2]: passwd()
Enter password:
Verify password:

3) BBLE S . XL E S Fvim
~/. jupyter/jupyter notebook config. pyi{Tun F&4:

c.NotebookApp.ip="*"' # FEWEIHipEA
c.NotebookApp.password = u'sha:ce...RIAEH|FINELC"

see more please visit: https://homeofbook.com



c.NotebookApp.open browser = False # ZEibHZNFTHNI WA
c.NotebookApp.port =8888 #iX ZERINuGI, tHA]H5 e HAthim

4) Ja3)Jupyter Notebook.

tEE R8I upyter: MdHE:
nohupjupyter notebook >/dev/null 2>&1 &

WA b, HINIP:port, BPWIE R W0EA-TFrs i) i

B A-7 Jupyter Notebook’s F &

P2 T ok ] DAAE N a8 52 B H R APy Torchy Python%§41:5%
I

see more please visit: https://homeofbook.com



A8 ZEEIGIE

BriETensorFlow2e 3% & 15 B -

#F ANtensorflow
import tensorflow as tf

# A tensorflowhi A

print (tf. version )

# B E gpuse 3 A H
print (tf.test.is gpu available())

BATE RN

2.0.0
True

YA TensorFlow-GPUZ 3 B I, 1 H.GPUAE FH 1E % »

see more please visit: https://homeofbook.com



A.9 TensorFlow—#& 7 T AL FH 244

BERRATA. 9O 5A. 1077 H 3L TMNISTH iR &2, IR TiAbHEAH A, F5
BB AHE . i, A 97K HKerasi— AR 251, A 1075 % H
AT RACER T v, e T BARSEB Lh s s R o7 AL B P L
e S BT B Ta) 25 48 h5

il

A.9.1 S|AFERE

S A\PythonffJoss sys. timeZERi & tensorflowfiiids,

import os

import sys

import time

import tensorflow as tf

from matplotlib import pyplot as plt

gmatplotlib inline

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense, Dropout, Flatten
from tensorflow.keras.layers import Conv2D, MaxPooling2D

A.9.2 SAEHE

f§i FH tensorflow. keras H w1y R EC N #2205 .
#EKeras H i FIEHEE T S AT R IMNT STHIHL

from tensorflow.keras.datasets import mnist

#INEEIE S| Keras

(x_train, y train), (x test, y test) = mnist.load data()

A.9.3 HiHETnAbEE
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1) B NA4ESUAL .

x train = x train.reshape (60000, 28, 28, 1)
X test = x test.reshape (10000, 28, 28, 1)

A TN

2) FRPUEIEE S

# 02 AN BB EHE 14T 5145 12

img rows, img cols = 28, 28

#S Abackendiilt, il image_data_ format () SREBGEIAL B S
from tensorflow.keras import backend as K
if K.image data format() == 'channels first':

X train = x train.reshape(x train.shape[0], 1, img rows,
img cols)

x _test = x test.reshape(x test.shape[0], 1, img rows,
img cols)

input shape = (1, img rows, 1img cols)
else:

x train = x train.reshape (x train.shape[0], img rows,
img cols, 1)

X test = x test.reshape(x test.shape[0], img rows,
img cols, 1)

input shape = (img_rows, img cols, 1)

3) W RHEIHEAT i T

x train = x train.astype('float32"')
X test = x test.astype('float32'")

x train /= 255

x test /= 255

4) JERR R Fe oy —AE A A S I G A A 5
# B IR ras A0 T RS FRA MR F R — (MR 5, DAy (R 125

import tensorflow.keras.utils as utils
y train =utils.to categorical(y train, 10)
y _test = utils.to categorical(y test, 10)

A.9.4 KRR

see more please visit: https://homeofbook.com



S LE. keras I SR M dE LAY,

model = Sequential () #¥JEEILF FIFR Y

model.add (Conv2D (32, kernel size=(3, 3),

activation='relu',
input shape=(28,28,1))) # _4EHE
model.add (MaxPooling2D (pool size=(2, 2)))#&KNIiL/ZE
model.add (Conv2D (64, (3, 3), activation='relu'))# _4EGH)=E
MaxPooling2D (pool size=(2, 2)))#mKibiL/Z
Flatten())#Flatten/Z, tensorfH#Hli—4EE
model.add (Dense (64, activation='relu'))#E X EEEKE
model.add (Dense (10, activation='softmax')) #E X%HZE

model .add

(
(
model .add (
(

model . summary () # & & LA 451

FRALZER IR

layer (type)

#

conv2d (Conv2D)

max pooling2d (MaxPooling2D)
conv2d 1 (Conv2D)

max pooling2d 1 (MaxPooling2D)
flatten (Flatten)

dense (Dense)

102464

dense 1 (Dense)

Total params: 121,930
Trainable params: 121,930
Non-trainable params: 0

A.9.5 ZmiFiAY

Output Shape

(None, 26,26,32)
(None, 13,13, 32)
(None, 11,11, 064)
(None, 5,5, 64)
(None, 1600)
(None, 64)

(None, 10)

T AR, SR A As SRl T Tk

import tensorflow.keras as keras
model.compile (loss=keras.losses.categorical crossentropy,
#foptimizer=keras.optimizers.Adadelta(),

optimizer=keras.optimizers.Adam(),

metrics=["'accuracy'])

see more please visit: https://homeofbook.com
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A.9.6 I ZrfEY

ZRAAY, AR KN MG IRE S -

model.fit (x train, y train,
batch size=128,
epochs=12,
verbose=1,
validation data=(x_test, y test))

BATEERIT.

Epoch 9/12
60000/60000 [============================== ] - 5s 8lus/sample -
loss: 0.0133 -
accuracy: 0.9958
Epoch 10/12
60000/60000 [============================== ] - 5s 79us/sample -
loss: 0.0101 -
accuracy: 0.9969
Epoch 11/12
60000/60000 [============================== ] - 5s 8lus/sample -
loss: 0.0083 -
accuracy: 0.9973
Epoch 12/12
60000/60000 [============================== ] - 5s 80us/sample -
loss: 0.0082 -
accuracy: 0.9973

[
<
Q

lH
l_l
0
0
0
(@)
(@)
N
U1
O

[

val accuracy: 0.9915

|
<
Q
| =
|_|
@)
0
0
o
(@)
N
o
NN
|

val accuracy: 0.9916

[
<
Q

lH
l_l
0
0
0
(@)
(@)
W
W
(00]

[

val accuracy: 0.9892

val loss: 0.0308 val accuracy: 0.9910

A.9.7 GPURYfEH 1B

BEGPURME TGN, wWEA-8FN.
MEIA-8RT LLE Y, SEFR B HE—AGPUERER, A— 1L TRE

N

&84T
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EA-8 GPUE B3 &
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A. 10 TensorFlow4) A T0AL F S 44

A.10.1  MER

TensorFlow 2. 0FF 452 FR MM ZGPUS A )l gk, H AT
Tensorflowf) 734 SR IE 3= EZ A P4,

MirroredStrategy: {550,
CentralStorageStrategy: T CrfEfiE HRMS .
MultiWorkerMirroredStrategy: % TAEX B4 R0,
ParameterServerStrategy: SRS 25T o

XHETTAAE MGG, BIBIRANE . TensorFlow 2. 0fEZGPU
2R BRI R B A THE? £/, BB A+ 8l 2 REdE 4T
[Fl 20 BB S DL, AEREANGPU_E(RAF— B BIAS, B i AR i
WG ARIA T, X8R —EEK— 4 MirroredVariable
IRt AR . WL AT FE R, R AR E A

AR RIS T AU IALl-reduce By R S ¥ 24 2 [A) 28 & A& 1
B, BOAEM T, EFNCCL (Nvidia Collective multi—GPU
Communication Library, NvidiaZ RiB{EHEZE) {ENAll-reducesL
fiﬁlo F Pk m] CLPE B 5 FR AL ) HoAd J LA I 2 (et ATk . W EA-9FT
7INo
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EA-9 TensorFlow{f Bl %GPUT & &

B RS B TAE IR FR b an F o R ARINLES A 24NGPU, fEH
MLEGPUR IR, Bl — P itE— D IERIZ. EBHLZG6PU
B, B — AL B2 N R (R 2NGPUIINZR) , A/ NGPUALFE—A
MEMEITRTE. TE, FE WS, RFECPU L. WITFUE L
P& HHCPUZ K 25 241NGPU, {EGPU_LSERIT 5, 15 RIREAN L &= S S ik
B o SRSEAECPU LI EE2ANGPU_ L B RE B E, 11— N TFIgBREE, 44
GRS, FEREIEIRXA TR

A.10.2 Al —N kA A ETE N EAS RS

Nt I TensorFlowf 73 A Ak B 75 14 2 52 AR e

strategy = tf.distribute.MirroredStrateqgy ()
print ('Number of devices:

see more please visit: https://homeofbook.com



{}'.format (strategy.num replicas in sync))
FNGRIA 2 B 3 T A RN 2R SRR R EHL B E 0 cruil gk
#strategy = tf.distribute.MirroredStrategy (devices=["/gpu:0",
"/gpu:l"] )

A.10.3 & XA AT &

FE SRR TEATREEF S HL.

BUFFER SIZE = len(x train)

BATCH SIZE PER REPLICA = 128

GLOBAL BATCH SIZE = BATCH SIZE PER REPLICA *
strategy.num replicas_in sync

EPOCHS = 12

A.10.4 QIEBEIREH K

JEHHE S 70 I ZRER AT A 2

train dataset = tf.data.Dataset.from tensor slices((x train,
y train)) .shuffle (BUFFER SIZE) .batch (GLOBAL BATCH SIZE)

test dataset = tf.data.Dataset.from tensor slices((x test,
y test)) .batch (GLOBAL BATCH SIZE)

train dist dataset =
strategy.experimental distribute dataset (train dataset)
test dist dataset =
strategy.experimental distribute dataset (test dataset)

A.10.5 g fsEs

K Htensorflow. kerasH] AR =0 AR Y,

def create model () :
model = tf.keras.Sequential ([

see more please visit: https://homeofbook.com



tf.keras.layers.Conv2D (32, 3,

activation='relu',input shape=(28,28,1)),
tf.keras.layers.MaxPooling2D(),
tf.keras.layers.Conv2D (64, 3, activation='relu'),
tf.keras.layers.MaxPooling2D(),
tf.keras.layers.Flatten(),
tf.keras.layers.Dense (64, activation='relu'),
tf.keras.layers.Dense (10, activation='softmax')

1)

return model

A.10.6  BIEAFER A S

PRAF LR IR 48 T DR AT 245
AR A H S DA

checkpoint dir = './training checkpoints'
checkpoint prefix = os.path.join(checkpoint dir, "ckpt")

A.10.7 B XA REL

E TR, X B ZEReductionfd HERIA{ENONE.

with strategy.scope() :
# K SHReductionik B ANONE
loss object = tf.keras.losses.CategoricalCrossentropy (
reduction=tf.keras.losses.Reduction.NONE)
# BEEM loss_fn =
tf.keras.losses.sparse categorical crossentropy
def compute loss(labels, predictions):
per example loss = loss object(labels, predictions)
return tf.nn.compute average loss (per example loss,
global batch size=GLOBAL
BATCH SIZE)

A.10.8 & X MERefiiETEbR
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with strategy.scope():
test loss = tf.keras.metrics.Mean (name='test loss')

#train accuracy = tf.keras.metrics.SparseCategoricalAccuracy (

train accuracy = tf.keras.metrics.CategoricalAccuracy (
name='train accuracy')

#test accuracy = tf.keras.metrics.SparseCategoricalAccuracy (

test accuracy = tf.keras.metrics.CategoricalAccuracy (
name='test accuracy')

A.10.9 IRy

DRV SR N R K PN ER

# WIlifEstrategy.scope N OJEMBIFILALES
with strategy.scope() :
model = create model ()

optimizer = tf.keras.optimizers.Adam()

checkpoint = tf.train.Checkpoint (optimizer=optimizer,
model=model)
with strategy.scope():
def train step(inputs) :
images, labels = inputs

with tf.GradientTape () as tape:

predictions = model (images, training=True)

loss = compute loss(labels, predictions)
gradients = tape.gradient (loss, model.trainable variables)
optimizer.apply gradients (zip(gradients,

model.trainable variables))

train accuracy.update state(labels, predictions)
return loss

def test step(inputs):
images, labels = inputs

predictions = model (images, training=False)
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t loss = loss object (labels, predictions)

test loss.update state(t loss)
test accuracy.update state(labels, predictions)

2) YRR A,

with strategy.scope():
#experimental run v2RHEHIRMERITHREAR, FHomlisiT
@tf.function
def distributed train step(dataset inputs):
per replica losses =
strategy.experimental run v2(train step,
args=
(dataset inputs,))
return strategy.reduce (tf.distribute.ReduceOp.SUM,
per replica losses,
axis=None)

@tf.function
def distributed test step(dataset inputs):

return strategy.experimental run vZ2Z(test step, args=
(dataset inputs,))

for epoch in range (EPOCHS) :

# YIGIEIR

total loss = 0.0

num batches = 0

for x in train dist dataset:
total loss += distributed train step (x)
num_batches += 1

train loss = total loss / num batches

# MAAEH
for x in test dist dataset:
distributed test step (x)

if epoch % 2 == 0:
checkpoint.save (checkpoint prefix)

template = ("Epoch {}, Loss: {}, Accuracy: {}, Test Loss:
{, "

"Test Accuracy: {}")
print (template.format (epoch+l, train loss,

train accuracy.result ()*100,
test loss.result(),

test accuracy.result()*100))
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Epoch 9, Loss: 1.0668369213817641e-05, Accuracy:
99.91753387451172, Test Loss:

0.041710007935762405, Test Accuracy: 99.09666442871094
Epoch 10, Loss: 0.006528814323246479, Accuracy:
99.90166473388672, Test Loss:

0.04140192270278931, Test Accuracy: 99.10091400146484
Epoch 11, Loss: 0.001252010464668274, Accuracy:
99.90159606933594, Test Loss:

0.04158545285463333, Test Accuracy: 99.10043334960938
FEpoch 12, Loss: 0.0014430719893425703, Accuracy:
99.90159606933594, Test Loss:

0.041613057255744934, Test Accuracy: 99.09874725341797

A.10. 10 GPUfE FHTE M

EHEGPUMME HIEN, WEA-10F7R.

KA-10 » % XGPUAE A 1 2L

He el g, R A RT3, PIASGPUARRERS B T8 A H

see more please visit: https://homeofbook.com



A. 11 ZE1PUE HcondaZidETensorFlow

i TensorFlow A ENLES 2= ) TAERIA A, MNizE A 2&ilidpip
T TensorFlow. {H 2 HHl#55% 2] L2 Michael Nguyen$Eitl, N
THERE, AW Hpipifii&Hconda F#TensorFlow, EEHALLTH

\\\\\

(1) FEHRFICPUMERE
CondaTensorFlowf A T H TR ML M 458 1. 9. OffcA LA B /Y

MKL-DNN X 2& ({8 R (R 3 7 4% 00 FE (Math Kernel Library, MKL) ,
XA ERELECPUR MR RITEEE FF . tnBEA-11FT7RN .

EA-11 1% Flcondafrpipas 3 69 M4 R85 1L

AVE S|, tHEpipZe3%, i condaZdEfm HPERE MR Z H2TT 18
o XX TARAF AL FHCPUINZRAI AR UL, Toheds BIR K.
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MKLJZEAMY BN TensorFlow B i 4TIE A, 1 H.RE$2 - Hofih — 1t
I VAR EREE, b iINumPy. NumpyExr. Scikit-Learn,

(2) fRiALGPURR [ 2 2

conda %354 H 8)) 22 2 CUDARIGPUSZ 7 BT 75 JCuDNNJE, {HpipZed&
T AR TF- Bl 5E A

PR

% Flconda %z 3 B SRR A B, A LT R B, LR FH 2L Mpip
ZEo AL Rlpip ™ VAR — AT IR A o
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A. 12 Z3EPyTorch

1) BFPyTorchEM (https://pytorch. org/) -

2) PR BENE, WEA-12077R.

EKA-12 PyTorchz% (B &} &

17 FA

o F X AGPUR K, M CUDAi£#EFNone, 4= EAGPURF, T A
10.129.2 (HIRFAMmALZ) , BIRTHAFE LA,

3) FHCUDAZ %

conda install pytorchtorchvisioncpuonly -c pytorch

R IX M X TCERAT, B ERTE, "TH-c pytorchZ:d,
ZHFEH T FEPyTorchfdiE, Lo tbifesi G Em, _Tklztﬁﬁﬁﬂ
T2

R BECPURA

conda install pytorchtorchvisioncpuonly

R BECPURA

conda install pytorchtorchvisioncudatoolkit=10.1

see more please visit: https://homeofbook.com



PR

Jm 2 ZEWindows T & £ PyTorch it FLaF xx 7442 7% H AR &G 5] BB, &
g Aemdiy, HHEFAEER SRR, WwBA-13T.

4) ffiHpipZd.

# B T GPUIR T AR A

python -m pip install --upgrade torch torchvision -i
https://pypi.tuna.tsinghua.edu.cn/simple

# 2R CPURAS

pip install torch==1.6.0+cpu torchvision==0.7.0+cpu -f
https://download.pytorch.org/whl/torch stable.html

5) B E 2 AAET I o

import torch
print (torch. version )
print (torch.cuda.is available()) #BHEGPUR G
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HA I pipEkconda Z R HAFIN, RIS L A8 I SROE R SR
iR, HIX LSO — B N O T 3l B ARk T LU Sz iR
IR N HOE BT PRIERSEPE,  LAR 4 LRMOR FIE SR R IR K 5 o

. {2 condaZ &R

EHRAYETEFET, Bz, condare XX, REHELL NN BEBRNIZ
AR

channels:
- defaults
show channel urls: true
channel alias: https://mirrors.tuna.tsinghua.edu.cn/anaconda
default channels:
- https://mirrors.tuna.tsinghua.edu.cn/anaconda/pkgs/main
- https://mirrors.tuna.tsinghua.edu.cn/anaconda/pkgs/free
- https://mirrors.tuna.tsinghua.edu.cn/anaconda/pkgs/r
- https://mirrors.tuna.tsinghua.edu.cn/anaconda/pkgs/pro
- https://mirrors.tuna.tsinghua.edu.cn/anaconda/pkgs/msys2
custom channels:
conda-forge:
https://mirrors.tuna.tsinghua.edu.cn/anaconda/cloud
msys2: https://mirrors.tuna.tsinghua.edu.cn/anaconda/cloud
bioconda: https://mirrors.tuna.tsinghua.edu.cn/anaconda/cloud
menpo: https://mirrors.tuna.tsinghua.edu.cn/anaconda/cloud
pytorch: https://mirrors.tuna.tsinghua.edu.cn/anaconda/cloud
simpleitk: https://mirrors.tuna.tsinghua.edu.cn/anaconda/cloud

1 FA

Windows3 Rz 4L & 4o dt, 4 F XA . condarc L, # A,

EpipREIR
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N T Fcondafrfr—2, ERIEBEFEMSEGIE. PEBUIT.
(1) B /. pip/pip. conf X4

vi ~/.pip/pip.conf

17 PA

o F AWindows3R3%, AR P SaTH KT, % &pip\pip. ini L4,
Jo R A A E

(2) ISIE

[global]

index-url = https://pypi.tuna.tsinghua.edu.cn/simple
[install]

trusted-host = pypi.tuna.tsinghua.edu.cn
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W 28] (Pre-Trained Models, PTM) M K= TohriEEdE it
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1. BEIFAIESEHER

1 5E X:

HAJH (AutoRegressive, AR) fE[E]FEA) M B E 15 5 AL FHE A
s ) — ARE, — M) FRAEBGERR N : EAR RN R A AR
B — A, ARG MRYESE — A AR RGE —ANa], A MR R ET P 1R AR
B =AM, DLBLSEHE, B 24 AN )T

2) FikA:

3) st SURFAERE MR A E AL, RO GiiiE 5,
RIRE A B IR AT SS

4) BRad s BRE MRS MOCR PP AN A g ORI &
ol bR SE BT XU AR AL

5) fR3&: ELMO. GPT. GPT-2. GPT-3.
2. BFmIBIESER

D EX:
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H9mhggs (AutoEncoding, AE) & —FhJg e B2 X N IERT
e ATH — MN8N G N IS S8 hn— g =) ARg,
— MELERVFHE, XEtegmiSil . A H —1DecoderZ il EFFIETR &
BRI E S . Flan. B DAEBERTEAE—F H 2wy, ‘o il #ad s
T ERIRSAT, AR5 B E I R SR A AR TR R VR A I e A g
8 AR URAT

2) FKik:

3) MU ARPYRENE B ISR IE RN, I 5] AW R [MASK ]+
MLM,  REX L SCAH SR IR A RFAE R

4) ghri: SIS R, NS MR FTE WAL, BE SR
DU IMASK] 2 [B]FIAH <M, AiE A EIA A AT 45, MUMT)I S5 H briv)
BB IS PR Zrd FE A A i R (BRI D) AS—80 TIZRIS )
[MASK ] s 75 ZE o I B A2 B, 3 e 7 B/ B AN G i 25 1) J

5) A£%: BERT. UnilM. T5. ALBERTZ:,

3. HIFhES&E

D € X:

HANE S A (PLM) s&—F) " XA BRI AE, ST —NEET
H, A RIL AT E AT RERES AT RAEAE AR B AR . PLMBA X022 I 46
XAFHIRIEARAME, R X T PRI AmT . PLME &£ X
ﬁ%@@ﬁﬁﬁﬁﬂ?%ﬁﬁ%%ﬁﬂ,#K%ﬁ%ﬁﬁ%%%é%

Hl,

2) Rk BENLRIRFRSG P AIRIE T HES], SRIEE.

3) L PLMAEXENADE (Neural Autoregressive Distribution
Estimation, £ B BIIHAAMMETE) BB, BXFESR B IRIH
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B EMPEATHET ™, KPR AR M BENL IR AR, AT 22 B SRR
I A RFAER R o
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Re O E R BRI R T8, SERAUKIRATCIEE B 5E 8775 BN E
2
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5) f8#: XLNet.
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