NLP
HXBRIEE LI

BEFk - 2018 E1 H 23 H

HlIRZ




Overview NLP

1. CNN 5 NLP

2. Attention %
3. —ERIIZERTS
4. IXBWIESEE
5. & NLP

6. Nl

e - BXERIES



1. CNN 5 NLP

ENEMFEAR RNN B4, ZitilEE CNN BT .




. s NLP
1.1. —4EFR
CNN 3CBr L2 NLP HIFRERT55%, HEEREL RNN EMMB K. £F

facebook BJK1E «Convolutional Sequence to Sequence Learning®
FSEIT CNN 7 NLP RIEBRAMIZIEE 6

he = f(Xe-1, Xe, Xe1) = WXe_1, Xe, Xeq1] + b

0 X1 X2 X3 X4 X5 X6 X7 Xg 0

hy hy hs hs hs h¢ hy; hg

el - EXARESFLE



\ o NLP
1.1. —#57TR
CNN S2fr B2 NLP RIFREC TS 0L, HBEELL RNN EMER. XF
facebook BJK1E «Convolutional Sequence to Sequence Learning®

ZEAAEINT CNN #£ NLP IR B R AMISHE S 8.

he = f(Xe-1, Xe, Xe1) = WXe_1, Xe, Xeq1] + b

0 X1 X2 X3 X4 X5 X6 X7 Xg 0

hy hy hs hs hs h¢ hy; hg

el - EXARESFLE



1.2. [ TRGEN & e

ZMZENR, TUEESENE: EFERESLEY, FH
GLU (Gated Linear Unit, [J&M&8IT) fERBIERE, BR&E.

GLU(X) = fw, (x) @ o (fn, (x))
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RENBIAREN THRRREHREMENMIREAN, BEX L
ZRMTMEERRE, ESELAEBA A RNEE.
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— Position Embedding

— Word Embedding
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Attention, BIEENNG, REMAEE —HNzISBEFLT
RLEEFREE. Attention A2 ZHF NLP A1, T Google By
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Attention(Q, K,V) = sof tmax (%) V4 MatMul

Q € R™% K € R™d V € R™%
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Attention, BIEENNG, REMAEE —HNzISBEFLT
RLEEFREE. Attention A2 ZHF NLP A1, T Google By
R{E «Attention is All You Need» & Attention #Z 7 &&f.

Attention(Q, K,V) = sof tmax (%) V4 MatMul

Q c R"Xdk, K c Rde“, V4 c ]Rmxdv

]Rnxdk — Rnde

m
Attention(ge, K,V) =Y < exp (“\’}Lfi:)) Vs
s=1
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Multi-Head Attention 72 Google £ «Attention is All You Need»
REMFH S, KEEZPERZNT R, B Attention EEZIX
HIBERPFEER, MIEREBESEHIE.

head; = Attention(QWF, KW/, VW)

Q ¢ Rexd YK ¢ Roxde v ¢ R xde

WO € RExd WK € RIxd, WY € R L
Scaled Dot—lProduct ‘u}Lh

MultiHead(Q, K,V) = Atention

Concat(head, ..., heady)

Linear
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Attention ] Q K,V EBFERRKNBEHEE. RMFZRE
BRE, Q IIZEREMNABERFS, B K =V AEEAIRE
255, BLmEFEFTIBR Aligned Question Embedding.

NF - FFES, MXEAPEE, BNEEHMZE Self
Attention (BEE), U2

Attention(X, X, X) H MultiHead(X, X, X)
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3.1. focal loss NLP

focal loss /& Kaiming £ «Focal Loss for Dense Object Detection)
IREAIHT loss, AFRREFITNEE. SEEEZRMNEH, K
RREF. BEEAA

—oe(1 — pe)” log pr
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3.1. focal loss NLP

focal loss /& Kaiming £ «Focal Loss for Dense Object Detection)
IREBIHN loss, AFRREFNFAEE. DEFEEZRMEIM, A
RRIF. AFEEKXR

—a¢(1 — p¢)" log p:

RESHREGH, BN
—a(1 — p)log p— (1 — a)p” log(1 — p)

233 Kaiming HiAS, MUK IEHFARNEBEIT/NFRAFEARIE
B, BBAB a =0.25 v =2 b&F.
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3.2. FIRTF
RELSINAS BB, 1958, Hhh. BHBES.
NEHE, —RMSHEER sgd SFEF, A adam ESEHEITH
t, BAAUSEHNLRKRUAT:

1L BUAZE IR (107°) KIEREREBZRE, REKILIEH
RE SR

2. M E—PRMRE, FIKREER] 107°, BENHRE, R
BRIF EHERRSNELR;

3. M E—HRMAER, KIHEN LR (dropout F), FIR
B 107°, JIGEHRM.
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3. BEHBEMARIEA T, FHER—MHET, KITRE;

4. none of above: WEREZWETEIFR, ¥oEZM 1 3K,
BERHERYIAFZE (Universum Prescription- Regularization
Using Unlabeled Data) .
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2. HEE: HEFWIAERXNIER, L Skip Gram RE (REZ
Y1, (BRETRIERR)

3. IENL: EH{ER Dropout (ZEXE noise_shape), INREH
CNN B9i&, EATLLEFEfER DropPath (HH <(FractalNet:
Ultra-Deep Neural Networks without Residuals?) o
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BRE m FHAENRE, SFHREM » WO ZREIE, AUE
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BEET I EYNEEE, MANBEREENEEZELAEZE
0, MABHETEHE T RNNFEIRAK! FEEARITEREE,
BAVEEERRFEINAE, ZpERk/NERE—BIRERE
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o 2_ Pw log pw
FHRFRHME: L= T = —5
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WRADE, #HFHE, FHEFEREH/AN 965 2AE, BRE
NR 72, WEER, PAEMTREZIRA! XBIHI T
2A1RZ% NLP HEEFE K217
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AR EBTFREEIRAR. BARTR, REHE—MET
FIMANNADFTR, BALAECRBENDIREER, XExlE
BB AENEH. (<KRedundancy re- duction as a strategy for
unsupervised learning®, 1993 FRISLE)

HEterr: F =~ P, <Iog HP" 5 1)
1€a il

HIRMESE: R0k MF a= (a2, a), NRER
1 A, BATKREG LB, TUREXRHE
T, ENEEBMEAN (5% HEFEBNNTLE
SERE PR
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1. FractalNet: “4" M, =RBEED: 1. BEIRENES
SkigsaIELH; 2. DropPath SRIEN|{L;

2. CapsuleNet: Hinton Sx#Tie VA MEHFI S, BRIRE
E& TR, SHRALEEN;

3. Attention: 7E Google B «Attention is All You Need» HIiT#2
H 77— restrict iRAY Attention, BRFIR;
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