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— Classification Problem
— Sequence Labeling Problem
— Sequence-to-Sequence Learning

— Pointer Network
— Machine Reading Comprehension




INpubuly
- 2S00 iskl= 7H'E
- S0 EE SHE flof ANz TE AN (ex. ZE22HY AN)
AFRAQIO{o] H3H @B TR T

KFAHAO| X 2| (Natural Language Processing)
- AFHE Sotd 217to] 20| Z O[5fstl X E|5t= == Z0F
- 7|AHY, Xt559%8, AN, 2o|3H, MY EAREF
XN =
o



-1 L

ANEHAHZH o HEjARM: "Z7|="o At
> 47[(FAfcold) + =(=AD
> ZHEAO{Zh + 7|(HAKS ofO]) + =(EAD
> ZHEAF0{7h + 7]=(0fn))

TE&AM: Structural Ambiguities

> Time flies like light >27}X| O] 2t tree
» A man see a woman with a telescope > 27}X| 0|
A tree
/S\ sub
NP VP
N N Vv
Lt AMIME ®HQICH L ARRRE UG

1£: "ol By
: horse or speech ?

n

M "AN=... BN = ... O

?

rir

L
>
S
w

2 2



AHOME S8

o
* Natural languages are ambiguous - “Z7|=" > Z7|(FAD or ZLHSAD + 7|
e L : o 20| BICH - 2 = horse or speech ?
— Rule & Classification (Maximum Entropy, , .xy 1= BM= = g
SVM) > Deep Learning = - -

2> d:AorB?
NLP datasets are high dimensional

— One-hot representation > Continuous
representation (Word Embedding)

Many NLP problems can be viewed Cren D (per
as sequence labeling tasks

PER R\‘ /Tp@ 9/ @
Hidden Markov Model(HMM) > Ge"rge W. Bush

Conditional Random Fields (CRF) = Deep

Learning (RNN)

Ex. [0000010000000000]
Dimensionality

» 50K (PTB) — 500K (big vocab) — 3M

discussed Iraq

Many NLP problems can be posed as
sequence-to-sequence tasks

one 1o many many o one

many o many many to many
UL | Hod ot

Rule = Statistical Machine Translation = H I | | L ||” l ‘ M

Neural MT | H ' H ' ‘
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— Classification Problem
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— Sequence-to-Sequence Learning
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Why Deep Neural Networks?:
Integrated Learning

. 7|= 7|H TS HHE

M H O Hi.
— Handcrafting features - time-consuming

inDUt - - - - - DUtDUt

 Deep Neural Network: Feature Extractor + Classifier

inDUt - _ - OUtDUt

7
<7{2<t1u14 Deep Learning Xt& &>



Why Deep Neural Networks?:
Unsupervised Feature Learning

» 7|AIet 50 B2 o= Hoje Ee
- 49| 3% Ho|H

5 OIO|H = H[E/A[Zt

O| €Al I mA (unlabeled data)

emi-supervised, Unsupervised ...

ot 0

i

_EH

¢ OM

 Deep Neural Network
— Pre-training &S Soll CHEFe| A I EA0M XpE o

AL

— Restricted Boltzmann Machines (RBM)
— Stacked Autoencoder, Stacked Denosing Autoencoder
— Word Embedding (for NLP)



HAEQ BH T4

* NLP datasets are high dimensional
* One-hot representation (or symbolic)

- Ex[000001000000000 0]

— Dimensionality
« 50K (PTB) — 500K (big vocab) — 3M (Google 1T)

— Problem
e Motel[00000000100] AND
e Hotel[00000010000] =0

« Continuous representation
— Latent Semantic Analysis, Random projection
— Latent Dirichlet Allocation, HMM clustering
— Neural Word Embedding

« Dense vector
« By adding supervision from other tasks - improve the representation



Neural Network Language Model (Bengioo
0,03)

LT: |V|*d, Input(one hot): |V|*1 > LTTI
« Idea

input projection hidden output

— A word and its context is a

positive training sample wed) | [
— A random word in that same K
context > negative training
sample wi2) N~ 1w
— Score(positive) > Score(neg.) U |4 Vv w
e Training complexity is high %
— Hidden layer = output w(t-1) | 1 '@
— Softmax in the output layer

Shared weights
= Word embedding

+ Negative sampling it it Tpinc2 Toins T2 Toims

« Ranking(hinge loss) 1 (boy) 0.01 0.2 004 005

2 (girl) 0.02 0.22 -0.05 0.04 -04

e Hierarchical softmax



Word2Vec: CBOW, Skip-Gram

Input projection output

™.,

 Remove the hidden layer > e |
Speedup 1000x
— Negative sampling
— Frequent word sampling
— Multi-thread (no lock) P |shared

T/

» Continuous Bag-of-words (CBOW) ..., / "9
— Predicts the current word given the

sumMm
wit-1) ™ A

—— wr(t)

R"“x\ / .J".’

Input projection output

context e
« Skip-gram ff—
— Predicts the surrounding words given | e
the current word wey | -
— CBOW + DropOut/DropConnect | | \ | ety
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Data

NEIHA &F + Korean

Wiki abstract + News data '*[

e 29 80000F HEjA
Vocab. size: 60,000
- 2= dEiA Y (71=,
At SERE RAR 2
. _:.:_xl- I-I.F.l._‘il. + '6'1EHA 2
/POS: MHE/NNG, 00/SN

NNLM model
Dimension: 50
Matlab +&

=20

StEAIZE 16 5

= O Word Embedding: NNLM

R
HmNE g
2| /MNE E
H ke /MNE UEEHEC =S
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o= 0] Word Embedding: Word2Vec(CBOW)

20F %rlflgll:fvcn )\I‘éfﬂﬂ?h{sn Stvan
' AbE|Fdgen
Data gﬁ’l”rﬁ = St = Sling CH 5t 0 g
— 2012-2013 News + e, Jtsing offa SN Hlinng =T
L . t
Korean Wiki abstract: L B 2w g m Al =g T
* 9GB raw text i = btk E&lmn l:uh,g:fva
. 299 HEfA 10k E%&d%&ﬁbwn@wmtﬂ i G;i@j t%@%h
. " =) B i B
— Vocab. size: 100,000 HAlmg ey %ﬁﬂ"ﬁ*m@tﬁ*ﬁ@%@ aliics w21
= & N Jetn = n
- BEFEHAONOlZ £ 4l ;%_%{fﬂ%g W%ﬁ%q LlEr’ihg”mﬂmL %ﬁﬁec AT T r%;,rmg 24 g
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Recurrent Neural Network

Many NLP problems can be viewed as sequence
labeling or sequence-to-sequence tasks

"Recurrent” property - dynamical system over time

OUTPUT UNITS w
| |
4

7
!

'
] HIDDEN UNITS g
*"ﬁ\ ( i nun
J'.’ hh\. \‘\-___
p -
i
;

-
-
-~
-

| [ = |

INPUT UNITS CONTEXT UNITS @

X = (xl, ...,xT) he = O(Wyn Xy + Wyphe—q + by)
Yy =1 ¥1) vt = Whyht + by



Bidirectional RNN

« Exploit future context as well as past

Outputs = I e L

Backward Layer

Forward Layer "‘I —I-

Inputs R/ P | T Tiel - - -

—_—

hy

H(W 5, + Wgzhe—1 + by) L _
E - Ve = Wﬂyht + Wﬁyht + by
t

HW x¢ + Wisheyq + by)



Long Short-Term Memory RNN

« Vanishing Gradient Problem for RNN

Outputs

Hidden
Layer

Inputs

Time

LSTM can preserve gradient information

1

2

@ O

5

@

6 7

* iy = o(Wyixe + Whihe—q + Weice—q + by)

* fo = o(Wypxe + Wiphey + Wepceq + by)

* ¢ = ftCr—q + iy tanh(Wiex, + Wyche_q + be)
* 0 = o(Wyoxy + Wyoheq + Woce + by)

* h; = ostanh(cy)



Gated Recurrent Unit (GRU)

—:--~.|H -
\

z

4 _“x,_"‘,f_} e
I\x_'.ljf" r h<— X

1y = 0(Wyrxy + Wyphe—q + by)

zy = 0(Wyxxe + Wphe_q + by)

he = @Wynxe + Win(re © he—q) + bp)
ht=Zt@ht+(1_Zt)@Et

YVt = g(Whyht + by)
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— Classification Problem

— Sequence Labeling Problem

— Sequence-to-Sequence Learning

— Pointer Network
— Machine Reading Comprehension



H0| 7[2re] ot=0f o|EFA ==

L L L

Transition-based(Arc-Eager): O(N) Configurations (5,8,A) 5= Stack, B = Buffer, A = Ars
Initial: ([ROOT], [wi, ..., wy],{ })
o=l 2 E2M 5 B 3| Terminal: (S,[1,A)
SB MO OBJ Shift:
(oo wils [y A) = (oo iy i [, A)
Reduce:

Of

 CJAEO; HHEL, QA2 MBI, (Tren  — (ien

o Right-Arc(/):
[root], [CJOE0|, CHSHE R, .1, { Wil e b A) = (oo iy i e Ty AU {0 w3 D)
« 1: Shift Left-Arc(/):
- (['-'swa']a[w'}"']aA) = (["']1[W'a"']sAU{(W':Wﬁ;)})
[root CJAEO|] [EHBHER, QIF+HAS; .1, J : :
o 2: Shift

[root CJAEO|, CHEHER,], [A15:AI2%E; HZRCL],
o 3: Left-arc(NP_MOD)

[root CIAZOI], € QASA %S, HAUCE] (A5HAS,IUHEL,)
» 4: Shift

[root CJOEO, 2€Q+A%E,], [HZHCL] (4% 2> TS L,)
o G: Left-arc(NP_OB)J)

[root CJAEO|,], BEHIZRCL,] (HZRCH>ALA %L, ..)
e 6: Left-arc(NP_SUB)

[root], [(1,3)€H|Z3ACE] {(MZXCE,>CIEO0]Y), ..}
« 7: Right-arc(VP)

[root>4  (1,3)&HZRUCL,] [1, {(root> K| Z3ACL), ..}



 Transition-based + Backward
— O(N)

- NSI3HA > o|E & HE

HEREA/QIMNERZEA X2

 Deep Learning 7|4t
— ReLU(> Sigmoid) + Dropout
— Korean Word Embedding

NNLM, Ranking(hinge, logit)
Word2Vec

— Feature Embedding

POS (stack + buffer)

- XtE 2M(F =8
Dependency Label (stack)
Distance information
Valency information

Mutual Information
- 2T AHAS>X}E IR B

Input Word

S[w,, Wi ] Blw, ...]

-

Word Lookup Table

- -HEAHA

Input Feature

i b, f5 .

'

Feature Lookup Table

LT, i
LT, =

concat

[T

:

LinearI "-V
M1 x —>|||||||||||h|||||||||||
RelLU ‘-V
/= [T T
=

Linear

M2 x

#output




— N ] H =
ot O] O|ELEZE=M A &1}

7€ & FE B4 UAS LAS
o] £ F[15]: =7o] A Bo] -~ 28,42 -
e AG[16]: AT~ 87.03 -

u-r-'rb [17]: A& 529 2~ H5.15 - e 7|&¢+: UAS 85~88%
J.D. Choil18]: M| & 518 H50.47 8347
kA A [19]: M= 5] 2~ 86.43 e Structural SVM 7|8t M=
ot 2 [20] AlF==2#H = 27.02 — e UAS=89.99%
d #g+Ae]7]gk oj& FE Y UAS LAS e LAS=87.74%
(MFERHE, AF F4 FHL o] &)
RelLU +dropout 29.06 87.35 o Pre-training > no Pre.
NNLM+ReLU+dropout 90,05 87.87 . Dropout > no Dropout
NNLM+ReLU+MI feat. #9.91 87.58 « RelU > Sigmoid
NNLM+ReLU+dropout+MI feat. 90.37 B88.17 e MI feat. > no MI feat.
NNLM+sigmoid+MI feat. 29.94 87.64 e Word Embedding M
MNNLM+sigmoid +dropout+MI feat. 00,27 #2803 20
Ranking(hinge loss)+RelLU+dropout 90.19 3801 1. NNLM
*MI feat. 2. Ranking(logit loss)
T[:FII{:EE_]“E]L loss )+ Rel.U+dropout 90,31 9’11 3 WOI‘d.ZVGC.

— _ f 4. Ranking(hinge loss)
WordZ2vec+RelLU+dropout+MI feat, 090,27 87497




ot=0] ST E

= AT XX (Coreference)

244 L{OI A O[D| QIZ-E Zxof Cist0] ES0| CH2 EHO{2 CHA| O
sh

= Mention: AT EZS|ZAO| CHMO| E|= ZE HAIR(Z, HAL E
&

ot

P AL

I

= Entity: XS & XTI} Q= MentionE2| Tlgh
= Mention Detection 0j &
= [[DF]0 A HMlol 2 E]2 [EY|0| ]t &2 AL Z [[[X]|A]Q] E
H2 32117t [[&4F12 T 37|12t Z&X7] HY uj] 2oL Cf.
= [EEAHZ S7017F WEA 455t [T S7]]= ;

—

(o)
sl 229 #5]10| H7ALA [[2] eHoM A E 7t [¢|e|HtE]o] f=

4 L.
= Entity OfjX|
= [X]&e AR 711, [EAHZ 7]
= [&5e T J7I] [T 37I]

* [ECHE 71§ 2Ye| 8] [A]



=228 7|8 oh=0] 4= ARG E
(KCC 15, ETRI Journal 16)

Input Word Input Feature
=2{d 7|8t Mention-Pair model  ycnsion pair: w, | " £ f f .
- d2E=NE > &7 = i
— Korean word embedding + feature
embedding (SVM1} =9) Word Lookup Table Feature Lookup Table
o =
— Dropout + RelU LT - LTy =
Data set T, => LT, =»

— Test: -||7|-ﬁ 1~20 —Ell—kl concat

— Training: 72 21~100 2A{, &= Linear

QA 15374
M= Mix@ —» [T PO
O o h

— Deep Learning (MUC F1): 69.62%
« No pre-training: F1 65.8% RelU
— SVM (MUC F1): 60.46% A = [T T

ﬁ

0

M2 x LT

#output
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Sequence Labeling Tasks:
CRF, FFNN(or CNN), CNN+CRF (SENNA)

many to many

1 ] ] AED) Ue) Nt+)
@@ 0 @ W
George Bush  discussed Iraq _'J’_
h ﬁ 43 Xt-1) X(t) X(t+1)
B B Features

Ut-1) Ut At+])

Word embedding Word embedding



RNN + CRF - Recurrent CRF

At

NE)

®

Ne+])

®

Nt+)




LSTM RNN + CRF = LSTM-CRF
(KCC 15)

At+])

A(t+1) +
X(t+1)

At-D) 176 At+])

X(t-1) X(t) X(t+1)

At+])

—
—————
-

M(t+1) i(t) o olt)

NNNNNN
~
~

xt) F=G >| A(t)

X(t+1)




LSTM-CRF

Ni+])

h(t+1)

ir = o(Wyixy + Whiheq + Weice—q + by)
o fr=0(Wyrxe + Wypheq + Wepce—q + by)
* ¢t = [t O ceq + iy O tanh(Wyexy + Wychiq + be)
* 0p = 0(Wyoxy + Whohe1 + Weocr + by)
h; = oy O tanh(c;)
'—y;———g-ﬁ%ghr%% > THo] THe 2 o5
* Vi = Wyyht + b,
o s(xy) = Xi=1{AWe-1,¥e) + Vi)
* logP(y|x) = s(x,y) —logXy, exp(s(x,y)) > 2% = &5

X(t+1)



GRU-CRF

At+1)

—(h—"—{n

o 1. = 0(Wyrxe + Wyphiq + by)
* 2y = o(Wyzxy + Whzheq + by)
o hy = dWynxe + Wi (re © he_q) + bp)
ht_ZtGht  +(1-2z)Ohy
—yr=gMWzhi+b5) > oo w92 o
* V¢ = Wyyhe + by,
o s(xy) = Xi=1{AWe-1,¥e) + e}
* log P(y|x) = s(x,y) —log Yy, exp(s(x,y')) > 2% gz &

h(t+1)

A

X

X(t+1)



BI-LSTM CRF

e Bidirectional LSTM+CRF
e Bidirectional GRU+CRF
e Stacked Bi-LSTM+CREF ...

NED NE) Ne+)




Stacked LSTM CRF

HED) AE) At+1) At-D) J76) At+1)

hZt+1)

A(t+1)

X(t+1)




0] 7HH|H Ol A
| 17)

(KCC 15, IEICE Journa

0| 7iH|H Q1A (CoNLLO3 data set) Fl(dev) |F1(test)

SENNA (Collobert) - 89.59
Structural SVM (baseline + Word embedding feature) - 85.58
FFNN (Sigm + Dropout + Word embedding) 91.58 87.35
RNN (Sigm + Dropout + Word embedding) 91.83 88.09
LSTM RNN (Sigm + Dropout + Word embedding) 91.77 87.73
GRU RNN (Sigm + Dropout + Word embedding) 92.01 87.96
CNN+CRF (Sigm + Dropout + Word embedding) 93.09 88.69
RNN+CRF (Sigm + Dropout + Word embedding) 93.23 88.76
LSTM+CRF (Sigm + Dropout + Word embedding) 93.82 90.12

GRU+CRF (Sigm + Dropout + Word embedding) 93.67 89.98



SH2Of ZHH|H QA
(IEICE Journal 17)

o2 7 H|H QA (TV domain) F1(test)

Structural SVM (baseline)

(basic + NE dic. + word cluster feature + morpheme feature) EMLE
FFNN (ReLU + Dropout + Word embedding) 87.70
RNN (Tanh + Dropout + Word embedding) 88.93
LSTM RNN (Tanh + Dropout + Word embedding) 89.38 (+0.35)
Bi-LSTM RNN (Tanh + Dropout + Word embedding) 89.21 (+0.18)
CNN+CRF (ReLU + Dropout + Word embedding) 90.06 (+1.03)
RNN+CRF (Sigm + Dropout + Word embedding) 90.52 (+1.49)
LSTM+CRF (Sigm + Dropout + Word embedding) 91.04 (+2.01)

GRU+CRF (Sigm + Dropout + Word embedding) 91.02 (+1.99)



Neural Architectures for NER

(CMU Arxiv 16)

e LSTM-CRF model + Char-based Word Representation
— Char: Bi-LSTM RNN

LSTM-CRF | pretrain + dropout
LSTM-CRF '




End-to-end Sequence Labeling via
Bi-directional LSTM-CNNs-CRF (cMu ACL16)

o LSTM-CRF model + Char-level Representation

— Char: CNN
Char
Embedding
Convolution
Max Pooling
Char
Representation
NER
Dev i Test
Model Prec. Recall Fl :Prec. Recall Fl
BRNN 92.04 89.13 90.56:8?.05 83.88 8544
BLSTM 92,31 9085 91.57 , 87.77 86.23 87.00
BLSTM-CNN 92,52 93.64 93.0?:88.53 90.21 89.36
BRNN-CNN-CRF | 94.85 94.63 9474 1 91.35 91.06 91.21

TN N N SN

L(RF — P —{ vBP | VBG — W }—
ayer /
\‘:ﬂ: “I{ \‘I{ N {

Backward / \ {/ x\ /..—J- \\

LSTM <«—{ LSTM ~l——{ LSTM kh— 1ST™ '4—|’ LSTM 'Ii—v—

N \/’ \,/ \,/

Forward / ] \\. / _ ﬂ\‘ \ / \
Lot >\ BT | s | 1T F»{ LT I—v—h

N2 2 N2 RS
A A A A
Char ] ] ] ]
Representation [ — — —
Word L L L L
Embedding
We are playing soccer



o|0|Yg Z7d (Semantic Role Labeling)

def : : :
SRL “= detecting basic event structures such as who did what to J

whom, when and where [IE point of view]
S
NP NP VP
%\‘_‘

NP PP

ANRN

The luxury auto maker last year sold 1,214 cars in the U.S.

AO AM-TMP P A1 AM-LOC

Agent Temporal Predicate Object Locative
Marker Marker




St=0f o|0|9f AX (SRL)

M0 Q14(PIC)

- O 2LTb 3ULNK| QARFO| AIBHE (2T, UCHD [HEFCHa,

=3} 01 A|(AIC)

- O (25T e BRI R Larovrue ALHE| [ABF S ane: [ZDsr (9
CF Dy HEQILH

| |
| B

AElarco 27F 3| AR 2| Algts L4 [T ppey [HE HCH

=.1

ol

o A A A
MNEP_SBEJ MNP_SBJ NP_AIT  WP_ROD NF_OBJ WP VE_CMP S ROOT _Q-IT,'_:— ?“E‘ ‘E‘*—-!

O= =222t g elHel AlEtE A Ak AEICH
| AddVerb | | Addverb | | AddVerb | | AddVerb | | AddVerb | | AddVerb | | AddVerb | | AddVerb |
ARGD  ABGM-ThMF ARG e
‘\\ ‘\\ __:7'/ o ool Zdxd
- =
ARGO TTT—— ARGT  SI=20[.1 I I_l e

‘\/




Clpiul 7|HE SE20] o|0|Y AR
(= 94 et=0 SEXNZ[ 15 sA/4 %EHRI 15)

Bidirectional LSTM+CRF

Korean Word embedding
— Predicate word, argument word
— NNLM
Feature embedding
— POS, distance, direction
—Dependeney-pathLCA
Bi-LSTM+CRF & (AIC)
— F1: 78.2% (+1.2)
— Backward LSTM+CRF: F1 77.6%
— S-SVM = (KCC14)

e 7|2X}E: F1 74.3%

o 7|2 X}ZA+word cluster: 77.0%
- BHEIE3| =F%X| 2015.02




Structural SVM

FFNN

Backward LSTM CRFs

Bidirectional LSTM CRFs

Stacked Bidirectional LSTM CRFs (2 layers)
Stacked Bidirectional LSTM CRFs (3 layers)

76.96
76.01
76.79
78.16
78.12
78.14

74.15
73.22
76.37
78.17
78.57
78.36
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— Pointer Network
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Recurrent NN Encoder—-Decoder for SMT
(Montreal U. EMNLP 14)

many to many Decoder
000 [y, |
| [ Models BLEU
-+| ot [ dev test
e P Baseline 30.64 | 33.30
\ [ T, RNN 31.20 | 33.87
CSLM + RNN 31.48 | 34.64
CSLM + RNN + WP | 31.50 | 34.54
C
GRU RNN - Encoding
GRU RNN - Decoding
X, X, X1 Vocab: 15,000 (src, tgt)
Encoder
Source | Translation Model | RNN Encoder—Decoder

at the end of the

[a la fin de la] [r la fin des annees] [etre sup-
primés a la fin de la]

[ala fin du] [a la fin des] [a la fin de la]

for the first time

[r (©) pour la premirére fois| [été donnés pour
la premiere fois] [été commémorée pour la
premiere fois|

[pour la premiere fois] [pour la premiere fois ,]
[pour la premiere fois que]




Sequence to Sequence Learning with
Neural Networks (Google NIPS 14)

W X Y . Z <EOS5=
A \\ T\\ A T‘\ A
\ \ S \
\ \ \ \
\ \ \ \
» —» > -—> ——> —> -—>
\ \ \
A \ \ A \ \ A
\
N N N 4
A B C <FOS> W X Y Z
Method fest BLEU score (nis{1d) Source Voc.: 160,000
Bahdanau et al. [2] 28.45 Target Voc.: 80,000
Baseline Syst 29 33.30 :
: aseline System [29] _ Deep LSTMs with 4 layers
Single forward LSTM, beam size 12 26.17 .
Single reversed LSTM, beam size 12 30.59 Train: 7.5 eIOOChS
Ensemble of 5 reversed LSTMs, beam size 1 33.00 (12M sentences, 10 days with 8-
Ensemble of 2 reversed LSTMs, beam size 12 33.27 .
Ensemble of 5 reversed LSTMSs, beam size 2 34.50 GPU maChme)
Ensemble of 5 reversed LSTMSs, beam size 12 34.81
Method test BLEU score (ntst14)
Baseline System [29] 33.30
Choet al. [5] 34.54
State of the art [9] 37.0
Rescoring the baseline 1000-best with a single forward LSTM 35.61
Rescoring the baseline 1000-best with a single reversed LSTM 35.85
Rescoring the baseline 1000-best with an ensemble of 5 reversed LSTMs 36.5

Oracle Rescoring of the Baseline 1000-best lists \ ~45




Neural MT by Jointly Learning to Align and
Translate (Jacobs U, Montreal U. ICLR 15)

zone
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GRU RNN + Attention - Encoding
GRU RNN - Decoding

Vocab: 30,000 (src, tgt)

Train: 5 days

exp (e;;)

T, !
Ekzl exp (Eik)
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: : AN Y :
| —  RNNsearch-50 [............._. S S \-,hx __________ J
----- RNNsearch-30 |: ; I
5H — - RNNene-50  faooooon O T R J
-~ RNNenc-30 | : : S
I 1 1 1 1
10 20 30 40 50 60

Sentence length

Model | All | NoUNK®

RNNencdec-30 | 13.93 24.19
RNNsearch-30 | 21.50 31.44

RNNencdec-50 | 17.82 26.71
RNNsearch-50 | 26.75 34.16

RNNsearch-50* | 25.45 36.15

Moses 33.30 35.63
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ASPEC E-to-) Al war 15

« This/DT:0 paper/NN:1 explaines/NNS:2 experimenta
e ASPEC E-to-J) data /J):3 result/NN:4 according/VBG:5 to/TO:6 the/DT:7

. ML IS model/NN:8 ./.:9 </s>:10
e (Juman Ol e BLEU) « CZ/B:0 M/I.1 €/B:2 T/I.3 JL/I:4 IZ/B:5 &/B:6 B/1.7

— PB SMT: 27.48 %=/B:8 E&/1.0 #5/B:10 B/1:11 %/B:12 §%/B:13 B4/.14
— HPB SMT: 30.19 L/B:15 =/B:16 , /B:17 </s>:18
— Tree-to-string SMT: 32.63 TIS @ 1 2 3 4 5 6 7 8 9 1@
. @: 8.3 8.7
— NMT (Word-level decodlng): 1: 8.2 0.1 2.1 .2 0.2 @.2
2978 2: 8.3 0.1 8.1 0.2 8.2
] 3: 8.1 8.2 0.4 8.3
— NMT (Character-level decoding):  a: 8.9 .1
33.14 (4%1) g 8.1 8.1 8.2 B.2 8.2 08 8.1
« RIBES 0.8073 (29|) 7: 0.2 2.1 2.2 .1 2.1 8.3
- Tree-to-String + o: 0.1 0.4 0.1 0.2
NMT(Character-level) re- 10: 1.0
. 11: 0.1 2.5 0.1 0.1 8.1
ranking 12: 8.6 8.1 8.1
« BLEU 34.60 (2¢)) 13: 8.7 8.1 8.1
 Human 53.25 (29]) e 01 a0t @1 o
16: 8.1 0.1 0.2 8.6
17: 8.1 0.1 0.1 8.6
18: 9.1 0.1 0.1 8.1 8.1 8.5



Input-feeding Approach (stanford EMNLP 15)

Aftention Layer
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. o Effect:

The attentional decisions are made - We hope to make the model fully aware of
independently, which is suboptimal. previous alignment choices
In standard MT, a coverage set is often - We create a very deep network spanning
maintained during the translation process to keep both horizontally and vertically

track of which source words have been translated.



Copying Mechanism or CopyNet
(Hong Kong U. ACL16)

(b) Generate-Mode & Copy-Mode

Prob(*Jebara"”)=Prob("Jebara”, g) + Prob(*Jebara”, c)
------I

; o e e e e B
hf ,f Tn:nr'n;,rl:let*araE ............................................. '[||:||:|_ DDD-:IDDDDDD.DJ]

-I--- o e ol vﬂ:abuladi‘ Suum

M

I —— e ——— - ----1

JURINTATATA A

N O . -J

Embedding

— for “Tony"
. N N TN~ Selective Read
H 'I for “Tony”
I iff— il a filf— _—1 —y
R e e e e e L - | — _____________M
TTTTTTT / e 00000000}
hello name is .

»

Tony Jebara
{C} State Llpdatg 2 I------------------
(a) Attention-based Encoder-Decoder (RNNSearch) lﬂnﬂﬂmnn 3

p(yt|5t:yt—1,~ct: M) = P(yt:g|5t1 Yi—1, Ct, M)

J {
. Helle Jack, my name is Chandralekha. +p(yhcs£:yt_1:(:t,h1) (4}
* Ni to meet 1, Chandralekha. 1 4
ice to meet you andralekh Ee"’r’g(m}, weyv
- This new guy dossn’t perform exactly p(e,g|-)= 0, Yy € xXnv (5 ’t,."')g(yﬁ = ;) :VJWQSt, v; € VUUNK
as we expected. — e¥a(UNK) Yy EVUX
! What do you mean by "doeszsn’t perform Z

exactly as we expected"? 1 j
4 _ . pe(z;) ,
P('yt-,c ) 7 Zi“x_i:y; € EE Yt € X (6) ’Uc[:yt = g_;j) =T (h;rwc) St, T; cX

0 otherwise



Abstractive Text Summarization
2 o= 0] 16)

(ct= &
x|t 16Y EQEOlS 22 27 XIS oMY 20| $71 § 228 X2l S
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00|20 St WEL 0f7|A 20| OfL|QACt DO OX| [t X2 E

Of =3H= St 10| APM| & Bi2hECh O Bt2 ROj| X2l & 1 |53] T2
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RNN_search+input_feeding+CopyNet

ELZZ s X0l A X[F|= ZaA0[9| 250 4]
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End-to-End ot=20{ FEjA 2 A
(SA == 16)

: : : : 2 s<sp>F IO N E <sp> B L <sp> B
Attention + Input-feeding + Copying mechanism 2= _
A 2 = <NNG> <sp> Z J| <NNG> 0 A <JKB> &

I

<UX> <sp> E T <MAG> <sp> & <MAG> 0ol

M

r I
CE LI - I‘T <XSV> % <EP> [} <EF> . <SF>

r—-———-"=-=-=-—=-=-=-=-- I T 2 Y & EHejd 24 452 HIH0| S2L6HA
Tar et A = = [ [}
uocabgulary _.: u |:| \— |: I— I % %=)
_____________ | JHEH 0lE ZEIHI0IH
Cource }: ] - CRFI|gH[5]+ 97.65%+
words o | S-5VM J|EH6B] 98.03%
il X Xa BT
I Sequence—to—sequence 07 150
2 J|EH 8]+
RNN-search[2] 96.56% 95.92%
RNMN-— hi2]+l -
search[2]+Inpu 97.50% 96.87%
feeding
RNMN-— hi2]+l -
NN-search[2]+Input- 97.64% 97.08%
feeding+Copying mechanism
E A~ B4 Z

o SZ/NNP ./SP A'ZZ/NNP
S/NNB 21/JKG -

Copying - T3 /NNP ./SP A Z/NNP
HE E/NNB 21/JKG -

Copying - T /NNP ./SP HEZ/NNP
I ESE= E/NNB 21/JKG -




Sequence-to-sequence 7|HF ot= 0
TTE T2 4 (32 4 330 16)

/MP\
P A

43/SN  + =/NNG E7HNNG

—~ L

(NP (NP 43/SN + ==/NNG) (NP &t7t/NNQG))

M M <NNG> 2 <XSN> 9] <JKG> <sp> 0| OF 7| <NNG> <sp>

= L} <VV> X} <EC> <sp> Of X| <VV> £ <ETM> <sp> &
<NNG> 0| <JKS> <sp> & 2| <VV> @ <EP> C} <EF> . <SF>

(S (S (NP_SBJ (NP_MOD XX ) (NP_SBJ XX ) ) (VP XX) ) (S (NP_SBJ
(VP_MOD XX') (NP_SBJ XX) ) (VP XX)))

(S (VP (NP_OBJ (NP_MOD XX ) (NP_OBJ XX ) ) (VP XX )) (S (NP_SBJ
(VP_MOD XX ) (NP_SBJ XX ) ) (VP XX)))

~
(<]

1L

RNN-search[7]

RNN-search +
Input-feeding +
Dropout

(S (S (NP_SBJ (NP_MOD XX ) (NP_SBJ XX') ) (VP XX) ) (S (NP_SBJ
(VP_MOD XX') (NP_SBJ XX ) ) (VP XX)))

ABHZC 122 M7|[13] 74.65

HZ2 FE=47I[13] 78.74

RNN-search[7] (Beam size 10) 88.00

SEIL2] B2 + A RNN-search + Input-feeding 88.68

Ef + <sp>
RNN-search + Input-feeding + Dropout 89.03



Neural Responding Machine for Short-Text
Conversation (Huawei ACL 15)

Post | Having my fish sandwich right now

UserA | For god’s sake, it is 11 in the morning
UserB | Enhhhh... sounds yummy
UserC | which restaurant exactly?

#posts 219,905
Training #responses 4.308.211
#pairs 4,435,959
Test Data #test posts 110

For god's sake, it is 11 in the morning

Enhhhh. .. sounds yummy %Hﬁ which restaurant exactly?

Decoder

ﬁ vector

Encoder \\\\

{r

Having my fish sandwich right now

N

Y1 - Yt

i

\\\\. Decoder

'y

LT e
Attention Signa

] Context Generator
T h
//// Encoder ‘\\\\

i

(@1,---, 27)




Short-Text Conversation

(Ej:”ol-

CH=| 16)

Data: 22| 'OFR ALt EE A AT
- 77,346 RE-2E A
HF-IH _

Decoder
Az, len(x)
Encoder— len(x]
len(X
T
Xlen(x)
—-— = Copy mechanism
— — =+ Input-feeding
o4 BLEU-1 ROUGE-1
GRU-Search (baseline) 1.8 20.10
GRU-Search + input-feeding 3.59 (+1.79) | 21.40 (+1.30)
GRU-Search + mput—_feedlng 3.02 (+122) |21.74 (+1.64)
+ copy mechanism

4
Ol =Z2|¥AMZ Lojn Y& OLESS LT YIS AN

SH 2ol=a|:M CIXt0|) ehdsiHe He CiXf

33% He=E €5 “.:*E O A=A} gol= otfjel o|2ez £l
=0 A5i EHEE H FIEZ X 89H 0|7 E 23X jao| 5

A =g YL

AP0l B SE: AFEAF WAL BIEX2|SH=A OfHOlY, 7HE Af

2 Zode s EE’,—O| Or=IL|C},

GRU search: 1 & LICH M7k Obs Z40] Q= @2 2m Qs

Ch. RIS He DAME 2osEAls 20| Heg

ot
i)
"
i3
I

C}.

GRU search + input-feeding: A7} €7|2 & s|FX| = Z=2
0 QYEULCHE IpMEt H DMHEY ZosiEAl= Aol FE
zv2 0L}

GRU search + input-feeding + copy mechanism: SH|Cjj-&0]
L2t FIEZ X 85h= 70| ofd 22 L1 QUEL|CH XApA
2 0 dEo 2osfEAle Z0] FE A Z&ULCH
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CNN 7|8t 320

(KCC 16)
. [ ]
¢ SIZ0 M EAM: 2R X HNY (E=2 X))
|_|- OO I 1 - O ooor o L TT |_X LI
E e~ —l & T
« EMNLP14 CNN Z & =hXb nnon
—_ © E X| HA .
ot=0| £ EtE
Bi-gram
\sf'ait (A=) \Pooling
or EN
the -
video A 59
and ] — [ et
do AN .
n't HHH
“’i{“ HiEH
{ | | \ | L | | Tri-gram
Lonk—uptab\§1n get nx Krepregenlgzmn of 't‘.on‘v'ctutionallaye{wim Iv13-—?\'errt\me Fully connectedlayer [)\| 75"]2-\: 3
g g i b o+ e e i ksperien QR Hidden
~[SHgt Output
[SHeHH
il el )|
-~ — B = i Hi=)E
<3H20] WHH 24 £ oojE] 15> s
or;
Emb_drop | Hidden | Hid_act | Hid_drop | Accuracy 2/NR 0
Bi(baseline) 0.5 50 sigmoid 0.5 90.96% ~/S0
Tri(baseline) 0.5 100 | sigmoid 0.5 90.67% HHH /NNG
Morp(baseline) 0.5 250 | sigmoid 0 91.35% F|11/NNG
Bi + Tri 0.5 250 |sigmoid| 0.5 90.84% T 8/EC
Bi + Morp 05 25 relu 025 | 91.52% 5P
Tri + Morp 0.5 250 |sigmoid| 0.25 91.44% \—|
Bi + Tri + Morp | 05 25 | relu 0 91.52% Fully
connected




STM RNN 7[HF 3F20{ ZHA E A

« LSTM RNN-based encoding
— Sentence embedding > §#
— Fully connected NN > =& D p2) M
— GRU encoding &= S Atgt

D) X2) X

DatosetIModel T acaureey

Mobile SVM (word feature) 85.58

Train: 4543 ) .

Test: 500 CNN(EMNLP14 : relu,kernel3,hid50) 91.20
GRU encoding + Fully connected NN 91.12

LSTM RNN encoding + Fully connected NN 90.93
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Vision Language A group of people

. Deep CNN  Generating| |Shopping at an
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o |_9_'<'5 | | | ZH A AH A
- - A . .
(SA ==tz 15)
Flickr 8K B-1 B-2 B-3 B-4 Flickr 30K B-1 B-2 B-3 B-4
m-RNN (Baidu)[2] 565 386 256 170 m-RNN (Baidu)[2] 60.0 41.2 27.8 18.7
DeepVS (Stanford)[5] 579 383 245 16.0 DeepVS (Stanford)[5] 573 369 240 157
NIC (Google)[4] 630 410 270 - NIC (Google)[4] 66.3 423 277 18.3
Ours-GRU-DO1 63.12 4427 2982 1934 Ours-GRU-DO1 63.01 43.60 29.74 20.14
Ours-GRU-DO2 61.89 4386 2999 1985 Ours-GRU-DO2 63.24 44.25 30.45 20.58
Ours-GRU-DO3 62.63 44.16 30.03 19.83 Ours-GRU-DO3 62.19 4323 2950 1991
Ours-GRU-DO4 63.14 45.14 31.09 20.94 | | Ours-GRU-DO4 63.03 4394 30.13 2021
W +1 3 A Wt+1 Wt+1 R A Wt+1
Softmax Softmax Softmax
VGGNet '
Multimodal e CNN Multimodal el CNN Multimodal |-—| CNN ...| Multimodal |._| CNN
GRU Image GRU Image Image GRU Image
Embedding Embedding 4 Embedding
Wt Wt Wt Wt



Residual Net + S+=20{ O|O|X| ZHA A M
CH=2| 16)

(Ej:”ol-

Chg ol
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1
Softmax

weilght layer

D ReLU

N

identity weight layer

X

[

Rel T | \SEsassis s EEammamEI

Multimodal

w P

Embedding

f
Ty oy

it

identity G

|

weight layer

identity
X

Residual Net: F(x)

weight layer

Hx)=F(x)+x @

H 3. =0 OI0IA &8 dd &8 Z1

23 B-1 B-2 B-3 B-4
GRU-DO1[4] 68.64 54.42 44.07 35.50
GRU-DO2[4] 68.56 54.74 44.52 36.02
GRU-DO3[4] 67.89 53.68 43.25 34.77
GRU-DO4[4] 68.56 54.65 44.18 35.51
GRU-ResNet 68.96 54.93 44.61 36.14
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— Classification Problem

— Sequence Labeling Problem

— Sequence-to-Sequence Learning

— Pointer Network
— Machine Reading Comprehension



Pointer Network Google NiPs 15)

» Travelling Salesman Problem: NP-hard
* Pointer Network can learn approximate solutions: O(n”2)

Ground Truth: tour length is 3.518

o ¥ ¥ ¥ ¥

\ %1 vy

R | #2 Y W

IIEEREE 7

(c) Truth, n=20 Y 1V T v
Predictions: tour length is 3.523 ’E .[‘i "J
i X 1%] [ %] | % AREANE R
ARARAR A R AR AR EARE?

(f) Ptr-Net , m=5-20, n=20



£O|E.| |_-||EO — 7||:| AI—EXI- H7=I
(KCC 16, Pattern Recognltlon Letters 17)

ASEZXS|AE: 'AN=. . BN= ... = .."> d:AorB?
U= CHOJ(HEfx) S %%‘E(EH””P ’SAHL(OI EINEIRS)))
- X ={A0, B:1, C:2, D:3, <EOS>:4}, Start_Point=A:0
Y ¢y tHo] 9| fX|(Pointer) & > Entity
- Y ={A0, C2, D:3, <EOS>:4}
E Xl: End-to-end gtAlo| CHHAL A S E X A (mention detection 1t X)
¥ @ L 2 R 2
Attention = = = = . = !
Layer A ¥ I ® ¥ ‘
- \
Hidden | H—HEH—ER——0 N N
Layer | T
- =T ]
Projection
Layer * * ,\
A B C D <EOS> A=C=D = <EOS>
~" .
Encoding Decoding
_
BI_GRU_concat h=[400,400] 8437
3 BI_GRU_concat h=[400,400] 85.50
5 BI_GRU_concat h=[400,400] 85.83 82.38 83.95
10 BI_GRU_concat h=[400,400] 85.83

Rule-based system (Multi-pass sieve) - 55.49 62.77



Z11 Of| A

H 7

— Q&HZZl 22|10 Li2kl 23|:2 A3 2|44 |5 6 HE:7 018 2.9 HE:10 £2:11
0|12 =: 13 0|:14 7|<k:15 Lj:16 Of:17 CHS=:18 0[:19 & x£:20 5}:21 o:22 O 2
M:23 2t4:24 T|:25 L C}26 27 SA8:28 0f:29 HA|:30 E/|:31 :32 0|:33 7|5}:34
2:35 H{#E!:36 0]:37 =7}:38 ?:39 <EOS> 40

— =8 g94H™: 0]_7|8H15

== MEF (Coref0 &=A)

0]_7|3k15 (Z2LH) > 0] 7|3H34 > {E:36 > <EO0S>:40

Attention score (100M)
— 0|_7|3+15 > 0| _7|%}:34
e O|_7|%F L}:16 (3), 1H:28 (1), 0|_7|et:34 (80), H{E!:36 (10), <EOS>:40 (2)
— 0| _7|3+34 > m*x!:36
« [HAE:36 (89), <EOS>:40 (9)
— %36 > <EO0S>:40
e <EOS>:40 (99)
Xb7: Al 7| HE Z 0

=

— {0|_7|sk15, 0| 7|sk34) — %36 MEF =
— {HE_©9h8, HA:36} (X)
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Hidden
laver

Input

Hidden
layer

Projection
laver

Input
laver

Iapo3ag]

IApo;]

2 0|83 3120f o|EREE
(SA =0 =| 16)

1 °E F& &4 tl2H ¢

Input sentence

LENP:201[0] <sp=:

2[1] SHAUNP:2834[2] S/JKG:9[3] <sp=:

2[4] 2E A}

/NNG:6803[5] &/JKO:12[6] <sp=:2[7] SHVV-2241[8] SOIEC:163[9]

<sp=:2[10] ZHVV:262[11] & /CHEF:213[12] /SEF:3[13] </s=:1[14]
Input criteria Input explanation
ol g|= 2 ofEe| A|E Ef4e| ol A
Yinpue =1 -FNP[0], SAUNP[2], 25 ANNG(5], &
VY8, ZHVV1I]}
Dp0 Y, uepur =L ZVVI8], IS AUNNG[5], EVV[E], 7F
VY1), </s=[14]}
Zoutpur = {NFsgj, NPyop, NPog;, VP, VFP}
I 3. =0 ol& 77 4 45 vuEls 24 gEA 0|8
Dependency parsing UAS | LAS
O| & 7([4] with MI 90.37|88.17
ol (5] 90.33| -
Lt5 Z[6]: String-to-dependency SMT 22 88.16( -
LIESZ[7]: Stack LSTM 7| gt 90.11(87.70
Lt5Z[8]: Stack LSTM + SZ 0 FeEfj2 Z& | 90.44(87.93
Our: Dp0 concat? [800, 400] dropout{0.1, 0.1] 91.36|88.67
Our: Dpl concat? [400, 200] dropout[0.1, 0.1] 91.46|89.05
Our: Dpl concat? [400, 200] dropout[0.2, 0.2] 91.55|89.16
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— Classification Problem

— Sequence Labeling Problem

— Sequence-to-Sequence Learning

— Pointer Network
— Machine Reading Comprehension



SQUAD

e Stanford Question
Answering Dataset (SQUAD)

— Reading comprehension
dataset
— 100,000+ questions

— 536 Wikipedia articles

» 23,215 passages
« 107,785 questions

In meteorology, precipitation is any product
of the condensation of atmospheric water vapor
that falls under gravity. The main forms of pre-
cipitation include drizzle, rain, sleet, snow, grau-
pel and hail... Precipitation forms as smaller
droplets coalesce via collision with other rain
drops or ice crystals within a cloud. Short, in-
tense periods of rain in scattered locations are
called “showers”.

What causes precipitation to fall?
gravity

What is another main form of precipitation be-
sides drizzle, rain, snow, sleet and hail?
graupel

Where do water droplets collide with ice crystals
to form precipitation?
within a cloud




SQUAD Leaderboard

Rank Model EM F1
1 r-net (ensemble) 76.922 84.006
Microsoft Research Asia
2 ReasoNet (ensemble) 75.034 82.552
Mar 2017 MSR Redmond
3 BiDAF (ensemble) 73.744 81.525
Allen Institute for Al & University of Washington
https://arxiv.org/abs/1611.01603
4 SEDT+BiDAF (ensemble) 73.586 81.393
cMU
https://arxiv.org/abs/1703.00572
4 Multi-Perspective Matching (ensemble) 73.765 81.257
IBM Research
https://arxiv.org/abs/1612.04211
5 T-gating (ensemble) 72.758 81.001
Peking University
6 r-net (single model) 72.338 80.717
Microsoft Research Asia
7 Dynamic Coattention Networks (ensemble) 71.625 80.383
[ Nov 2016 | Salesforce Research
https://arxiv.org/abs/1611.01604
7 QFASE 71.898 79.989
NUS
8 Interactive AoA Reader (single model) 71.153 79.937

g

-

Joint Laboratory of HIT and iFLYTEK Research

MNov 2016

@ iNet (single model) 70.607 79.821
USTC & National Research Council Canada &
York University
https:/ farxiv.org/abs/1703.04617
9 Ruminate Reader (single model) 70.639 79456
New York University
10 ReasoMNet (single model) 70.555 79.364
MSR Redmond
10 Document Reader (single model) 70.733 79.353
Facebook Al Research
10 FastOQAExt 70.849 78.857
German Research Center for Artificial Intelligence
https://arxiv.org/abs/1703.04816
11 Multi- Perspective Matching (single model) 70.387 78.784
Apr 2017 IBM Research
https://arxiv.org/abs/1612.04211
12 SEDT+BIDAF (single model) &£8.478 77.971
cMmu
https:/farxiv.org/abs/1703.00572
12 RaSoR (single model) 69.642 77.696
Google NY. Tel-Aviv University
https://arxiv.org/abs/1611.014346
13 T-gating (single model) &8.132 77.569
Apr 2017 Peking University
14 BiDAF (single model) &7.974 77.323
Allen Institute for Al & University of Washington
14 FastQA 468.436 77.07
Dec 2014 German Research Center for Artificial Intelligence
https://arxiv.org/abs/1703.04816
15 Match-LSTM with Ans-Ptr (Boundary) (ensemble) 67.901 77.022
Oct 2016 Singapore Management University
https://arxiv.org/abs/1608.07905
16 Iterative Co-attention Network 67.502 76.786
Feh 2017 Fudan University
17 Dynamic Coattention Networks (single model) 66.233 75.896

Salesforce Research
https://arxiv.org/abs/1611.01604
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Why did Tesla 7

(b) Boundary Model

plalH) = pl(as|/H")p(ac|as, H).

I__I’r
H' = ﬁr )
— — — P
h' — LSTM(Z;, h' ,), Z:-— [H‘!I%T :
Eii = tanh(WYHY + (WPh! + Wrﬁ;_., +bP)®eq),
o, = softmax(wTai +b®eq),

HP — LSTM(P),

HY — LSTM(Q).
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Bi-directional Attention Flow Model

Output Layer
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Layer
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Embed Layer
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Layer

Character
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(Allen Institute Arxivl6)
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R-Net: SQUAD 15t

(Microsoft Research Asia)
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