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Why Deep Neural Networks?:
Integrated Learning

« 7| 7|A|StS HHHE

1T H O H L.

— Handcrafting features - time-consuming

=

Classification

- output

« Deep Neural Network: Feature Extractor + Classifier

inDUt - _ - OUtDUt

<7{2%t1114 Deep Learning X} & &>
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Why Deep Neural Networks?:
Unsupervised Feature Learning

- At =0 B2 o5 HIojE ER
2~ 29| st5 [|0|H

- ot HIO|H = H|E/AIZ
— CH2FO| K A| I A (unlabeled data)

Semi-supervised, Unsupervised ...

* Deep Neural Network
— Pre-training BttH =2 E5|| C{=FO| K A| I T A 0| A XA St
— Restricted Boltzmann Machines (RBM)
— Stacked Autoencoder, Stacked Denosing Autoencoder
— Word Embedding (for NLP)



Autoencoder

 Autoencoder is an NN

whose desired output is
the same as the input

representation (encoding)

for a set of data.

— Find weight vectors A and
B that minimize: X.(y,-x)?

Yi
A I
— To learn a compressed
B I
X:

<7423t 14 Deep Learning At & &>



Stacked Autoencoders

« After training, the hidden node extracts features from
the input nodes

 Stacking autoencoders constructs a deep network

N

&« | e

P1 I 2nd phase

P

| I 15t phase

N

P

» » »

n | |

<7423t 14 Deep Learning At & &>



Dropout (Hinton12)

* In training, randomly dropout hidden units
with probability p.

<7423t 14 Deep Learning At & &>



DropConnect (ICML13)

Dropout DropConnect

» DropConnect masks the weight.



Rectified Linear Hidden Unit (ReLU)
Sparse Coding

— Allow only a small number of computational units to have non

-zero values
VT .
= Potern B
Sigmoid | Filters Features Sparse Coding
f(net) = 1/(1+exp(net)) e
RelLU

f(net) = max(0, net) Hidden layer 2

3
—Softplus
5 |~ Rectifier

Hidden layer 1

Input

3 2 A 0 i 2 3 [Glorot11 ]
<7{Z%<t1114 Deep Learning Xt= &>



Maxout Networks (ICML13)

e Learn the activation function

« Maxout unit;
— kis # linear models, m is # hidden units

— — T
h{x) = max,;,;z; z;=x' W _;+b;

W e R¥*m>*k and b e Rm*¥




Convolutional Neural Network (LeCun98)

layer m+1
. layer m
Convolutional NN " @
. layer m-|
— Convolution Layer

« Sparse Connectivity N
 Shared Weights EEO E |
« Multiple feature maps "

— Sub-sampling Layer /E§Q:> [EiEES
EE £
/

 Average/max pooling HO
* NxN->1
Inpuc layer (51) 4 feature maps
¢ EX' Le N et i e 1 1 (C1) 4 feature maps (52) & feature maps {C2) & feature maps

1Tl 1=

| sub-sampling layer | convalution layer ed MLP |




Recurrent Neural Network

« "Recurrent” property - dynamical system over time

OUTPUT UNITS w
| |
A
'
¥
I
’ -
] HIDDEN UNITS f - iddenun
FA N \
J'. -“-‘
| | [ |
INPUT UNITS CONTEXT UNITS @

X = (X1, e, XT) hy = O(Wynxe + Wrphe_1 + bp)
Yy =y e V7) Ve = Wyyhe + by,




Bidirectional RNN

 Exploit future context as well as past

Outputs - i et - - -

Backward Layer 0 %, @

Forward Layer 0 o —h-

Inputs O | Xy Typsel == -

ht —_ H(Wxﬁxt + Wﬁﬁhf—l + bH) o -
ht —_— H(thxt + W:’Ihht'*'l + b't‘)



Vanishing Gradient Problem for RNN

@ OO 0OC

Hidden
Layer

nputs O O O O O O
2 3 4 5 - 7

Time 1



Long Short-Term Memory RNN

« LSTM can preserve gradient information

CIITTTTT

O — O
Hidden
Layer

>0 tl®

> |
O

Inputs ‘

Time

QH'. —O

3
4>




LSTM Block Architecture

it = 0 (Wyixe + Wyihe—q + Weice—q1 + by)

ft = J(foxt + thht_l + chct—l + bf)
¢t = fyCr_q + i tanh(Wyex, + Wyche_y + b,)

0r = 0O(Wyoxy + Wyohe—1 + Woce + byg)

ht — ottanh (Ct)



Recursive Neural Network (ICML 13)

Parsing Natural Language Sentences

S
NP VP E;ExﬂP
- = - Vi "
A small quietly ‘
crowd enters

D1l=.':tf Adj.
‘_ the ‘ [hlsturlcl ‘

A small crowd
quietly enters
the historic
church

ol

church

Semantic

Representations

Indices
Words

f Weeere rI S |
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HAEQ B T4

* One-hot representation (or symbolic)
— Ex. [000001000000000 Q]

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

— Problem
 Motel[00000000100] AND
* 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 (Bengio00,03)

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

input projection hidden output

— A word and its context is a
positive training sample wed) | [

— A random word in that sam K
e context - negative trainin
g sample

— Score(positive) > Score(neg.) u

 Training complexity is high %

— Hidden layer = output w(t-1) | 1 '@'

— Softmax in the output layer —
 Hierarchical softmax

»

w(t-2) i B >

Shared weights
= Word embedding

* Negative sampling mmmmmm

« Ranking(hinge loss) 1 (boy) 001 )

2 (girl)  0.02 0.22 -0.05 0.04 -0.4




Ranking-based Model (Collobert)

Ranking(hinge loss)[2,11]: max(0, 1 - s+ s.)
[ Ranking(logit loss): log(l + exp(s. - s)) ] > 2 A4 7t

input projection hidden output

w(t-2) ()
\
IR
w(t-1) U ™ y - " » ior
L I,-/'F\i// (o
— |
w(t) or w,(t) % '.I‘u!.| 5>s,
-
Negative sampling ~— Shared weights

= Word embedding



Word2Vec: CBOW, Skip-Gram

Input projection output

* Remove the hidden layer 2 e ||
Speedup 1000x
— Negative sampling
— Frequent word sampling
— Multi-thread (no lock) P Lshared

+ Continuous Bag-of-words (CBOW) ..., /"9

— Predicts the current word given the con

SUM
wit-1) — »

i wrt)

R"“x\ / .A’,'

Input projection output

text T ] s
« Skip-gram Ve
— Predicts the surrounding words given | w(t-1)
the current word wo | L3
— CBOW + DropOut/DropConnect | | \ | ey



Global Vector (EMNLP14)

« Capturing local co-occurrence statistics
Probability and Ratio | k = solid k = gas k = water k = fashion
P(klice) 1.9x107% 6.6x 1079 3.0x 1073 1.7 x 1073
P(k|steam) 22x 1070 78x107% 22x107% 1.8x 1077
P(klice)/ P(k|steam) 8.9 8.5 x 1072 1.36 0.96
F ([“’i — u'j)Tﬁ';\.) = Pik whiog = log(Pir) = log(X;1) — log(X;) .
ij ] = = &

Vv

ij=1

J = Z / (Xr‘j) (_‘f ; Wi+ bi +bj — 10gX;;]

if x < X max

W orron (x/Xmax)®
0= { l otherwise .

T~
exp(m ; uj)

log Q;; .

Skip-Gram: J = -

2

i corpus
jEcontext(i)

Qij = :
% T
g1 EXp(w; i)

 Efficient use of statistics:
— Can train on (comparably) little data and gigantic data!



Accuracy [9%6]

72r

70r

681

66

B4r

621

60

Global Vector (EMNLP14) — cont'd

Training Time (hrs)
2 3 4

GloVe

—ge— CBOW
5 10 15 20 25
o Itlera’lciongliGIqUe]I . .
135710 15 20 25 30 40 50
Negative Samples (CBOW)

Accuracy [%6]

T2r

70

B8

e6}

B4l

B2t

60

Training Time (hrs)
3 1|2 1|5 1.8 2|1 24

e GloVe

mmges Skip-Gram |

20 . 40 . 60 . 80 . 100
Iterations (GloVe)

123456 7 10 12 15 20

Negative Samples (Skip-Gram)



o= 01 Word Embedding: NNLM

 Data
— M=32mMA |2 + Korean Wiki abstract + News data
« 29 80008t HEfA
— Vocab. size: 60,000
- D= HEfA O (7=, AL SHRLE AL ZEY)
. X} M3} + HEJA/POS: ME/NNG, 00/SN
e NNLM model input  projection  hidden  output

— Dimension: 50

. W(t'a} ™)
— Matlab +¢d K
- BEAIZE 162 -\
w(t-2) I > > w(t)
o \'J w

w(t-1) u/
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Word Embedding:

NNLM
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- " G = otep OHEEEC  DPEG/EC — /e
=25 Hy OHEP 5ﬂfEC
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o= O Word Embedding: Ranking-based

Data (1t =< Ranking(hinge loss)[2,11]: max(0, 1 - s+ s.)
_ 291 80008+ SHEjA [Ranl{ing{lngit loss): log(l + exp(s. - S}}]
— Vocab. size: 60,000 > & g+ =7t

Ranklng'baSEd model input  projection  hidden  output
— 7|& 9+ Hinge loss —

— B L =7} Logit loss  w(t-2) T
— Dimension: 50 \

— Matlab ++& [ ] R\
SEA AL 7 ol w(t-1) I g >or
— 295 I._. 1.95 « v W Sc

|
f

| |
_Ec

C

w(t) or w(t) 1

— mred weights
= Word embedding



ot 0] Word Embedding: Ranking(Logit)

~iSP "
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ot=0{ Word Embedding: Word2Vec(CBOW)

« Data
— 2012-2013 News + Korean Wiki abstract: o
o 9GB raw teXt Input_ projection output
o 299 HEfA wit-2) | N
— Vocab. size: 100,000 — o
. DS HElA THA (7], R, BIAE ZAF =) D s
o =X} ™M3E + €0 22X + HEfA/POS — . EE— w(t)
+ 7| & Word2Vec(CBOW, Skip-Gram)  { V/
— B 4l- CBOW > SKIP-Gram - _,f"
— & A7 248 /

wit+2) /" Shared
weights



oF:EO1 Word Embedding: Word2Vec(CBOW)
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Fo| 7|8to| ot=0] o|&EtE&M: Forward

Configuration: (S,B,A) [S = Stack, B = Buffer, A = Arcs|
Initial: ([ROOT], [wy, ... wyl,{ })
Transition-based(Arc-Eager): O(N) Terminal (S.[1,A)

Of

Shift:

/ % (ool W 1A = (oo wiwl [ A
/_\ Reduce:

- CJIE0|; CYTtEL, Ql=H A4S, AN}, (..., wl,B,A) — (l..],B,A)

— Right-Arc(/):
[root], [CJ:I-'E‘Oll EH@%%Z 216 ([.oowil[wy,. LAY = ([..,wi,w], [ LAU{(w;, w;,D})
 1: Shift (L[(.eft.ﬁff»)-&wl,A) = ([ W L AU{(w Wi DY)
[root CJOAEO[,] [CHEHE 2, QAL Z; ] {
o 2: Shift

[root CJAEOl, CHBHER,], (A7, MBHCL],
e 3: Left-arc(NP_MOD)

[root CJAEO|,], [2€ QA5 H2FS, AL, (A4S HIHER,)
« 4: Shift

[root CJZO0|, 2€QA%A%L,], [T, (A5 42> HHEL,)
e 5: Left-arc(NP_OB))

[root CJA&EO[,], [BEHAMCE] {(MEAMCE> A=A %S, ..}
* 6: Left-arc(NP_SUB)

[root], [(1,3)€HZAMCE,] {(HZAMCEH,>CIOEO]), ..}
» 7: Right-arc(VP)

[root>4 (1,3)€HM[ZRUCE,] [1, {(root>M[ZEULCE,), ..}



Backward

0| 7|8e] ot=0f S|EFE=4A:

—

Transition-based(Arc-Eager) + Backward: O(N)

NN

O: O1&0| tigts= A4S HEZUC
— [root], [HZ¥C, Q1A|FS; Ch3HE R, JAEOI], §

» 1: Right-arc(VP)
[root>4 M ZARUCE] [QITAHLYS; .1 {(root>H| ARUCE,)}
« 2: Right-arc(NP_OB)J)

_Io

Configuration: (S,B,A) [S = Stack, B = Buffer, A = Arcs]

Initial: ([ROOT], [wa, ..., wal,{ })

Terminal: (S,[1,A)

Shift:

(l-wil [wjy . ,A) = ([ wiwl, [ L A)

Reduce:

([...,w],B,A) = ([...],B,A)

Right-Arc(/):

(lowil gy LAY = ([owiwgls [ L AU {(wi, w5, 1)})
Left-Arc(/):

(Loswils g LAY = (L [wgy - LAU{(wgy wiy 1)})

— [root=>4 HZRMLCH>3 QAFAfSZ;] [CHEHS 2, .1 {(MEBRULCE > A=A LS, )
* 3: Right-arc(NP_MOD)
— [root>4 H|ZBHCEH>3 OQlSHtS,5>2 CHSHER,], [CJAE0],], {(QI$H A4S DISIER,),
o}
* 4: Reduce
— [root>4 HNZIUCHL>3 QAFAfE;>2] [AJAE0],] (YAt E;>ets =), -}
* 5: Reduce
— [root>4 M[ZUCE,~>3] [AE0]] {(lF=AAS;> eSS =2, -}

» 6: Right-arc(NP_SUB)
[root>4 AN ZAJUCH,>(1,3)

2491 Z43H

= AN

CJAE0[,] [1, {(H|

CH,~>CE0|), ...}



H2ld 7| 30| A EREEN

(et= A

Transition-based + Backward

— O(N)

- MB33EHA S 9E & ”45._*
« HEXEO/OIMEXZEN X

Deep Learning 7|t
— ReLU(> Sigmoid) + Dropout
— Korean Word Embedding
« NNLM, Ranking(hinge, logit)
« Word2Vec
— Feature Embedding
« POS (stack + buffer)

- A& 4R £
Dependency Label (stack)
Distance information
Valency information

Mutual Information
— T AMA > XIF & =

(L

ot=0{14)

Input Word Input Feature
S[w, , W1 1 B[w, ...] fp i f3 f, .
<= -
Word Lookup Table Feature Lookup Table
LT, - LTl -
LTy = LTy =
concat
' -
near
— L[] |||||||||||
-
RelLU

/= [T T

'

M2 x LT

#output




— N I | =
ot O] O|EAEZ=4 A &1}

7€ & FE B4 UAS LAS
o] £ F[15]: =7o] A Bo] -~ 58,42 -
e AG[16]: AT~ 87.03 -

1:_|__-|5 [17]: A& 529 2~ H5.15 - « 7|&¢+: UAS 85~88%
J.D. Choil18]: M| & 518 H50.47 8347
b Al [19] HlF =28 2~ 56,43 e Structural SVM 7|8t M=
ol [20]: AE = H A "7.52 — « UAS=89.99%
d #g+Ae]7]gk oj& FE Y UAS LAS « LAS=87.74%
(MFERHE, AF F4 FHL o] &)
RelLU+dropout H0.56 87.35 * Pre-training > no Pre.
NNLM+ReLU+dropout 90.05 B7.87 . Dropout > no Dropout
NNLM+ReLU+MI feat. #9.91 87.58 « RelLU > Sigmoid
NNLM+RelL.U+dropout+MI feat. 90.37 88.17 e« MI feat. > no MI feat.
NNLM+sigmoid+MI feat. £29.94 87.64 « Word Embedding Me
MNNLM+sigmoid +dropout+MI feat. 00,27 #2803 %9
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 Word.2vec.

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




10

-10

— |
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o|0|Y 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 Al AM-LOC

Agent Temporal Predicate Object Locative
Marker Marker




Korean PropBank

 Virginia Corpus « Frame file 0| X
— CH =0 9, 54,500 £HO] - HE.01
> Q0] &X| Ha - -
. — English Define = add
. Ne\ivs;wwe (()Zorpus _ Role set
- &= =0el « ARGO: adder

(1139193(/)?)/%:51000/3/20)’ « ARG1: thing added
' L « ARG2: added to

o
AxE W3 > 4882 DA — Mappingl
* Frame file L gjgom
« Src = sbj, Trg = ARGO
— 2,749 xml files « Src = obj, Trg = ARGL
« &212| root (not stem) « Src = comp, Trg=ARG2
- 23t 7t HA
(deverbal noun)



ot=0] 20|] €438 (SRL)

. MZ0| 91AI(PIC)
- O 2LUh 3UUNK UK AIBHS (2T, UCHD [HE A CH e
. =8 Q1A (AIC)
A (22 e BELI K o 4RO (A3 aner [Z D15 [
I:|-—TI—]AUX l/:d%%:lkl:"-

— [A=lareo 27t 3FENA| X 2] Alots 21 [RUCt ] ppe [SE R
SiE.1

e &
MP_SBJ NP_SEJ MNP_AIT WP_MOD NP_OBJ WP~ VP_CMP RooT O|E & EAM
= S0 3EENA ZlHe] ATHE =1 2t SEFALC

| AddVerb | | Addverb | | AddVerb | | AddVerb | | AddVerb | | AddVerb | | AddVerb | | AddVerb |

ARGO  ARGM-TMP ARG 2H 1
‘\\ ‘\\ :.'7" o glulgl 7E:|§
ARGO [ ———

ARGT  FIE0[1

‘\/




edl's 7|

Deep Learning
— RelLU + Dropout

Korean Word embedding

— Predicate word, argument word
— NNLM

Feature embedding
— POS, POS list
— Dependency path, LCA
— Distance, direction
‘85 (AIC) - (7H2 3) > RNN
g o8
— F1: 75.14%
* Prec: 79.94%, Rec: 70.88%
— S-SVM 45 (KCC14)
. 7|EI|-Jcl F1 74.3%

o 7|2XtZ +word cluster: 77.0%
— ™EErs| =2X| 2015.02

ot=0] QU] £78

— KCC15(X| =)

Input Word

Input Feature

wpred Wi Wy Wi f1 f2 f3 f4

Word Lookup Table

-

Feature Lookup Table

LT1 -

LTy =

L L

concat

near

RelLU

_/

M2 x

[T

' M-
> [T |||||||||||
=
— [T TP
=

#output




ot=0] S2YZONE

= AMSEZE (Coreference)
" =A L{ojA ojo] eieEl Ao CHot] ®R0| CHE B2 CiA| el
St A
" Mention: S BZSHZY| THO| &= 22 FAT(F, AL SRAL

=AEHZS Zor AR 3)F 20|
=  Entity: 4SS EX7} 4= Mentiong2| Xt
= Mention Detection 0f| Xj|
. [[.T'_ FOlA /et E2E12 [EYIO|E]IQI 22 A2 =2 [[[X]H]e] =
H2 370117t [[Z312 T S701eF ZX7] HAY uf] ZdeL(Cf.
= [EEAHZ 37017t WEA o555t [T S7|]1= StEstHAM [[ZCFE 7I
5] 2| F+E10| MALLL [[11] eHOM ZZH ot [2]E[H}E0| £=
AL Ck.
= Entity OfjX|
n [x|AI-O| |:|:7.|o _Tl_7|] [|:|:7.|° _Tl_7|]
. [AEQ| % 37|, (3 B7I]

" [?EIE'I'ELI- 718 2¥2e| 8], [1]



AtS

Xk X

O -

ol 4 Mention-Pair A&

feature name

explanation

feature name

explanation

C if both mentions are proper names and

pronoun_1 Y if antecedent is a pronoun; else N nonpro_str_match .
are the same string; else |
Cc if the two mentions are both
subject_1 Y if antecedent is a subject; else N pn_str_match non-pronominal and are the same string;
else |
left pos_ 1 The POS tag of just before antecedent mention. number gisgg:: mentions agree in number; | if they
right_pos_ 1 The POS tag of just after antecedent mention. animacy C if the mentions match in animacy; else |
nested 1 Y if antecedent is a nested NP; else N both_pronouns C if both me.ntlons are pronouns; | if neither
are pronouns; else NA
number_2 SINGULAR or PLURAL, determined using a lexicon | both _proper_nouns c .'f both mentions are. proper nouns; | if
neither are proper nouns; else NA
pronoun_2 Y if anaphoric is a pronoun; else N span word distance between the mentions
nested 2 Y if anaphoric is a nested NP; else N semclass if the .mentlons Ihave the same semantic
class; | if they don't
the semantic class of anaphoric; can be one of
semclass_2 NA human,thing,time,place by pronoun_dic and | distance sentence distance between the mentions
an NE recognizer.
. Y if anaphoric is determined as HUMAN by C if the mentions' dependency heads have
animacy 2 - . same_mather :
pronoun_dic and an NE recognizer same lemma; else |
left_pos_2 The POS tag of just before anaphoric mention. number_12 SINGULAR E’r. PLURAL of two mentions ( e.g.
number_12=singluarsingluar )
right_pos_2 The POS tag of just after anaphoric mention. pronoun_12 the concatenation D.f the PRONOUN 2 feature
values of two mentions.
C if the mentions have the same head noun; else the concatenation of the MNESTED 2 feature
head_match nested 12

values of two mentions.

str_match

C if the mentions are the same string; else |

semclass_12

the concatenation of the SEMCLASS 2 feature
values of two mentions.

subster_match

C if one mention is a substring of the other; else
I

animacy_12

the concatenation of the ANIMACY 2 feature
values of two mentions.

pro_str_match

C if both mentions are pronominal and are the
same string; else |

guide

the result of Multi-Pass-Sieve




clold 7|t SRl 4B AR

— KCC15(X| =)

Input Word Input Feature
: I— 2 D~ o [
hl E-I ol = Ol'g'ﬂ- Mention-Pair Mention Pair: w; , w; fpof f3 f, .

J

model -

— Korean word embedding + feature
embedding (SVM1} 5¢)

— Dropout + RelLU T - ik
Data set T, —» LTy =>

Word Lookup Table Feature Lookup Table

[T

— Test: /A 1~20 E‘A-I : concat J
U o RFSLE : — =
— Training: 52 21~100 2A{, &t&t3 L.,;earf/
= QA 1537 —
M Mix@ => LI PITTTITTTT
(o N h

— Deep Learning (MUC F1): 69.62%
* No pre-training: F1 65.8% e
— SVM (MUC F1): 60.46% / — [T T

RelLU

Linear

M2 x LT

#output
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e o8 7| Fof A =F

Input Word Input Feature
EI E.‘I Ia'% Ol—g_?j' —E"Z” _;IS% NE Pair: w; , w; ff f f
— Rel(el, e2) > + or — -
— Word embedding: word pair, words Word Lookup Table Feature Lookup Table
around word pair " T
. 1
— Feature embedding g
« POS, NE, dependency path LT, =>» LT, =>»
— DI’OpOUt + RelLU | . concat J -
Data set Linear
— ConllO4.corp: 5 relation types Mix@ — [T TTTT TTTTTTIT0T
‘s (P1E 3) > CNNi} ZgHEl .
oE HE oY 5 -
— F1=66.86%
. Prec-83.03, Rece55.97 _ / — [T I

— S-SVM (F1): 72.25%

Linear

M2 x LT T

#output




H0{/Bt=0f
= 1

(‘S

2| A

Input Word Input Feature
Wi Wip Wi Wiag Wisp i o i f .
Word Lookup Table Feature Lookup Table

L concat

J
Lil?_/
M x@ = [[TTTTTTTTT TTTTTTTIT
I

- ~HHEHE :;:EE%

-
RelU
A = [T T
. B
Linear
M2 x@ —> [ITTTTT]

#output

Feed-Forward NN

M QA — FFNN, CNN
of=L=]14)

Input Sentence

Convolution
Word Lookup Table

Feature Lookup Table
T, = LT, =
| T —
Linear

Mlxﬁmuu|||h|||||||||||

concat

ﬁ

RelU

o — T T

Linear

M2 x

#output

—_ =
LI Tl
—_ —

Transition

1

g

\

Convolutional NN



in

Transition Layer

Word(t-th)-tag(k) score: (], &, t, 6)
Transition score A, jJump from tag K to /

Arg0\ @ ® ® ® ® //. fod ki €
Arg1 & @ e /o ,|
Ag2 (@ @ ® o |’ o |
°* o i ® o \ o/
Verb \\\H ®/

Sentence score;:

T
sl i1, ) =Y (A4, _, + f(=ll [, 1, 0))



TS OIAl AlS

L- 1 = 3

gjof 7§ 214! (BBN data set)
S—-SVM1 (base + NE dic. feature) 90.66
S—-SVM2 (base + NE dic. + word cluster feature) 90.87
S—SVMB3 (base + NE dic. + word cluster + word embedding feature)  91.74
NN1 (Sigmoid + Pre-training) 88.19
NN2 (RelLU + Pre-training) 88.31
NN3 (RelLU + Dropout + Pre—training) 90.01
CNN4SEQ (RelLU + Dropout + Pre—training) 91.40
B0 WA 214 (TV S0 Q)
S—-SVM1 (base + NE dic. feature) 87.77
S—-SVM2 (base + NE dic. + word cluster feature) 88.40
S—SVMB3 (base + NE dic. + word cluster feature + morpheme feature) 89.03
NN (RelLU + Dropout + Pre—training) 87.70

CNN4SEQ (RelLU + Dropout + Pre—training) 88.43



HAIE 1AL NLU — RNN, LSTM

s(t)

¥(t)

0 x(t)
7 Word ¥
o embedding
_}
\s(t] >
W o —»
L, Featurf-:- .,
embedding
U : —>
/ —
<« : ////:i’///)' ;
e —y(t) = sotfmax(Ws(t))
—s(t) = sigm(l/xx(t) + fo(x) + Us(t — 1)) «

Qutputs

LSTM
memory hlacki

Backward Layer

Forward Layer

Inputs

IR




JHX‘” 04 O /\I NLU I

NLU (Airplane Traveling Information System data)

NN (Sigm + Dropout + Word embedding) 91.73
RNN (Sigm + Dropout + Word embedding) 94.62
Bidirectional RNN (Sigm + Dropout + Word embedding) 94.73
LSTM RNN (Sigm + Dropout + Word embedding) 94.75
GRU RNN (Sigm + Dropout + Word embedding) 94.89
CNN4SEQ (Sigm + Dropout + Word embedding) 95.01
0 JHANS 91 Al (CoNLLO3 data set)
Structural SVM (baseline feature) 82.77
Structural SVM (baseline feature + Word embedding feature) 85.58
NN (Sigm + Dropout + Word embedding) 86.23
RNN (Sigm + Dropout + Word embedding) 86.92
Bidirectional RNN (Sigm + Dropout + Word embedding) 87.82
LSTM RNN (Sigm + Dropout + Word embedding) ?
GRU RNN (Sigm + Dropout + Word embedding) 87.09

CNN4SEQ (Sigm + Dropout + Word embedding) 89.09



S|

o2l 270

Word Embedding

Word Embedding &

- Bad 7| XX g
Phrase/Sentence Embedding
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ob=0] Phrase Embedding — Word2Vec

U e > HE S (FEf2)*
_ OO HEfA EHE* 0|2 (Ml ES 0|2% &% 9/2)

=

‘M Z/nnp’ 2} H|==3t word/phrase

- %“Ef-_rL/nnp 0.825 (cosine)
— F&/nnp_sbs/sl 0.804

— _/.\_%%/nnp 0.793

— CHX[EE&/nnp 0.791

— 08 /nnp_ AI’“/nng 0.789

E/vv' e} H|==3t word/phrase

- =/w 0.936 (cosine)
- S0{&/w 0.934

— #4/nng_o}/xsv 0.918

— = 4/nng_ol/xsv 0.900

— &7l/nng_5}/xsv 0.873



St Phrase Embedding — NNLM
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Paragraph Vector (ICML14)

 Distributed Representations of Sentences and
Documents

Classifier Classifier the cat sat on

Average/Concatenate o manaang|

AN
t

) t
Paragraph Matrix----- > * W W W Paragraph Matrix --———----= >
| | |
Paragraph the cat sat paragraph
id

1d



Sst= 0 Paragraph Vector 4!
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Recursive Autoencoder+Sentiment Analysis
(EMNLP11)
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Recursive Neural Network (ICML13)

Parsing Natural Language Sentences

S
CUSEETTVP A small crowd
~ D quietly enters
NP - VP - ~_NP | ClLE
:&mg_"'_‘ =y R the historic
- S church

A small quietly ‘ “‘“EP

crowd enters Det, Ad Semantic
”*T'ib ‘”f“ Representations
‘ ‘ Indices
_ historic

the | church/ Words

WSCGTEP (9)

WSCUTE
[ p = [f(Wler;ca] +0)

(eoeeee) p

F
e, e,
(900888 (900088

C1 C2




Recursive Neural Tensor Networks
(EMNLP13)
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Recursive Autoencoder
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Mobile SVM (word feature) 85.58
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Test: 500 RAE (word feature) + Word embedding 87.57



CNN for Sentence Classification
(Sentiment Analysis)
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Convolutional Neural Network for
Modeling Sentences (ACL14)
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Convolutional Neural Network for
Sentence Classification (EMNLP14)
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Datoser Model Thcumgy

Mobile SVM (word feature) 85.58

Train: 4543 .
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