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NLPICBIFDF1—I5—=>49
=nnﬁg*ﬁ (Wang and Manning 2013)
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Feed-forward Deep NN
(Collobert et al., 2008, 2011)
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Autoencoders

RBM (Minh and Hinton 2007) (Socher et al., 2011, 2012,
Feed-forward Deep NN 2013)
(Bengio et al., 2003, Arisoy et al., 2012) -
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sEEspksa  (Huangetal, 2012)

saane ITHRIROFEH BRI




HASEWEDB TCTF—I S—=—20%E
ATDIEFNA—>3>

- DEIFRIA (Distributed Representation)
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NLPOD1BIE T Al =8

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

(Distributed Representation)
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The cat is walking in the bedroom ...

A dog was running in the bedroom ...
> BE—mHFTTJDEEE (cat-dog, walking-running, the-a)
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Input Sentence
A Unified ST
Architecture for NLP ...«
(Collobert et al., 2008, 2011) Lookup Table
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Deep NNZRRWEVILFHRAITFE

Lookup Table Lookup Table
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SETIIDFEE (Collobert et al., 2008)

... luxury auto _ ? last year...

- Negative exampleZH>2’U>4 (BH&H)
» Contrastive Estimation (Smith and Eisner 2005)
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FRANCE JESUS XBOX REDDISH SCRATCHED MEGABITS
454 1973 6909 11724 29869 87025
AUSTRIA GOD AMIGA GREENISH NAILED OCTETS
BELGIUM SATI PLAYSTATION BLUISH SMASHED MB/S
GERMANY CHRIST MSX PINKISH PUNCHED BIT/S
ITALY SATAN IPOD PURPLISH POPPED BAUD
GREECE KALI SEGA BROWNISH CRIMPED CARATS
SWEDEN INDRA PSNUMBER GREYISH SCRAPED KBIT/S
NORWAY VISHNU HD GRAYISH SCREWED MEGAHERTZ
EUROPE ANANDA  DREAMCAST WHITISH SECTIONED MEGAPIXELS
HUNGARY PARVATI GEFORCE SILVERY SLASHED GBIT/S
SWITZERLAND GRACE CAPCOM YELLOWISH RIPPED AMPERES

AMEUIZBRKRZ I DHEEDNIEVEFRICEF OTWND




Test Error

NIVFIRAIFERBR

(Collobert and Weston 2008)

-2_- ggbpos ¢ EH*EEIJ{q%g Za

=& SRL+CHUNK
SRL+POS+CHUNK 't“ §¥m
SRL+POS+CHUNK+NER A

41 SRL+SYNONYMS

e || 2)LF 52 OFBT

0 SRL+POS+CHUNK+NER+LANG.MODEL
IS5—L—METF
- SRBTEFTILEDIA
| HENETREE
B, - N HgE
1 NH--y--X ~§..§1:§::ziig::é:_g;;gg_:a L\liﬁb
0 --0---- S - B T o P — AT =Ry
1 e 5 3 5 kX TS T4 BE b ht_ﬁ{ﬂgt
N
Epoch state-of-the-art/
Task Benchmark | SENNA &6 A
Part of Speech (POS) (Accuracy) 9724 % 97.29 % I‘EHBEEEE
Chunking (CHUNK) (F1) 9429 % 94.32 % A4 53] +
Named Entity Recognition (NER) (F1) 8931 % 89.59 % > Eiﬁ‘% = OD%D%
Parse Tree level 0 (PTO) (F1) 91.94 % 9225 %
Semantic Role Labeling (SRL) (F1) 7792 % 7549 %

SENNA: http://ronan.collobert.com/senna/ 11
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Deep NNZFIHISAUY b
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> Deep NNIZEZEBHR (+a) ZRTWIHTDINT b

JLZlookup 9 BDITIF
SATLDERAAEY LBEIRAE—R
POS System RAM (MB) Time (s)
Toutanova et al. (2003) 800 64
Shen et al. (2007) 2200 833
SENNA 32 4
SRL System RAM (MB) Time (s)
Koomen et al. (2005) 3400 6253
SENNA 124 51
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» Feed-forward Deep NN, Recurrent NN
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Feed-forward NN Language Model (Bengio et
al., 2003, Schwenk 2007, Arisoy et al., 2012)
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: 4Ner=in €= (Cjont1,Cj—nt2,--+,Cj—1)

0 Output
Wit 0 .Y layer

8 Projection ’P(Wj:1|hj)

ayer Hidden T mxmeERs
0 \ c layer : NI RE
N , > .

Wj-rF’(l) alh _>p(wj=i|hj) IINENDSD

0

. CJ Nn+2 d V 0]

7

('_’ G /H :
: (n-1)x P
' / —»P(w=N|h)

. : d = tanh(Uc)
0=Vd /

explo; .
softmax: Pi = N () = p(wj = z\hj)

Zrzl exp(of,a) 16

(= OOO}‘




Recurrent Neural Network Language
Model (Mikolov et al., 2010)

ZEFEDword FBUTWDERE
representation/ JEF1CIED TLY
" RN S / BRI ML

s(t) = f(Uw(t) + Ws(t—1))

— y(t) T\

BEDERE (XIR) %=
U s(t) RIFL TR ML
(ERIDsDE)

Feed-forward NN-
based LM&EX D EILLY
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y(t) = g(Vs(t))
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Feed-forward (Deep) Neural Networks vs.

Recurrent Neural Networks (Arisoy et al., 2012)
ENEORT AEERRORT

Models / Wexity WER (%)
4gram LM | f 11a4 | 223
DNN LM: h=500, d=30

with 1 layer (NNLM) 115.8 22.0
with 4 layers 108.0 21.6
DNN LM: /2=500, d=60

with 1 layer (NNLM) 109.3 21.5
with 3 layers 105.0 213
DNN LM: ~=500, d=120

with 1 layer (NNLM) 104.0 212
with 3 layers 102.8 20.8
Model M (Chen, 2008) 99.1 20.8
RNN LM (h=200) 99.8 :
RNN LM (h=500) 83.5 -

Feed-forward NN
(IENEZIE>T
& Cl%EgeEME _E

TERIRZKEL T
2EI\—TLF>
TAIEKTF

Recurrent NN
PRI A = 2
EU)
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FEBINEDHURIRIC, EOBEEDRHHE
FNTNDSDH?

Sentiment Noun Gender Plurality s g5 Nt
Positive NegativeFeminine Masculine|Plural Singular == —

Samples|talent stupid |Irena Roland [tables table L SEIAS
amazing flaw Linda Leonardo [systems system EE Bt IJJ;_I 1= (C h en et d | .

Synonyms and Antonyms|Regional Spellings 201 3)

Synonyms Antonyms UK Us
store shop rear front colour color
Samples|virgin pure  polite impolite|driveable drivable ° AN :
permit license friend foe smash-up smashup ﬁﬁ&%iﬁ,%lﬂ t L/t

SVM 48

c BLVEDTIE90%iIEL .,

FlzlFdE'NZ L3148
7 R,

« FHEINTEERIRICHE
SEOIRFDOHEENSENT
LD

Sentiment Gender Plurality

[ SENNA [ Turian-25 = Turian-100
I HLBL-50 B Turian-50 [ Huang
I HLBL-100 19




ralERIRZ AL CTHREDRERZ AF<

(Mikolov et al. 2013)

— = Method Adjecti N Verbs | All
B (CB9 D 5aHEEIRE it R i h Al bl R
o H”EEE - . . . 7.
78X0 LSA-320 | 11.3 181 207 | 165
<good - better> <rough - ?> | [T5SA620 |96 01 | 138 | 113
- %450 RNN-80 | 9.3 52 | 304 | 162
<year - years> <law - 7> RNN-320 | 18.2 19.0 | 45.0 | 285
. == RNN-640 | 21.0 252 | 548 | 347
B2 RNN-1600 | 23.9 202 | 622 | 39.6
<see - sees> <return - 7> - : ' : :
WOMAN
/ / AUNT QUEENS
MAN
UNCLE KINGS \
QUEEN \ QUEEN
KING KING
ERIDE R kings — king + queen %= queens

20
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France . Australia ® blue scratch

® smash

2 grey[ ] ZI

>
the country of my b|rth X1

- 1B IERIE (principle of compositionality)
> APXDOEKR (RT ML) ([F0 TNZER I DEE LS

3

Fite [CRDREETND

« APXDAHRIRIESSIESRL\OH?
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Recursive Neural Networks

(Goller and Kuchler 1996; Socher+ 2011)
© p2= g(a,p1) p1=f (W [ b ])

© o p1=g(b,c) .
UM

P1

. hot ver ood ...
. b y gc W c Rdx2d f — tanh

« APXDOEHRRZIBRNICESI—FELUTESE
> 2DDNRY NVEBHEDE T DOFZRARY ML 283

> B—DRTEEFDOOT, HiELA., XHLEEPIEE(C
- BAAE
> FARD BV NS A—=F17HIW TR EEZEZ AU TER
> BREDONRT NLE. aBIONRT ML ERURTE = BlF
FY7aE A E] EE




RNN (Recursive AE) [GH: 1S 525

(Socher+ 2011)

Recursive Autoencoder Dynamic Pooling and Classification

Paraphrase Softmax Classifier

Fixed-Sized Matrix |

Dynamic Pooling Layer

\‘J

|Variable-Sized Similarity Matrix |

Model Acc. Fl

LA S ‘_|j All Paraphrase Baseline 66.5 799
AutoencoderDF28: ¥TEEC  rusera, (2008) [16] 706 80.5
== Y . Mihalcea et al. (2006) [17] 703 81.3
= (y&ﬁﬁ%EEE) jEEFIJ’ - Islam and Inkpen (2007) [18] 72.6  81.3
- . = _ 0 Qiu et al. (2006) [19] 720 816
ST MSR S0MEX 11—/ R Femando and Stevenson (2008) [20] 741 824
» Wan et al. (2006) [21] 75.6  83.0

(R SN /CAFEE E‘C‘ state-of- Das and Smith (2009) [15] 739 823

Das and Smith (2009) + 18 Features  76.1  82.7
th e-a rtfd:'|$ 52 Unfolding RAE + Dynamic Pooling  76.8 83.6




MV-RNN: Matrix-Vector RNN

(Socher et al., 2012)

Recursive Matrix-Vector Model

(©©)-vector

00|. i
0 matrix

p= fan(e) = f(Ba, a0 =g (w| 0 ])
> HEDAOEBEC S (CIR3EVEZ I SNBESICRNNE
i35 = R NLETHR B TCEENa 2R
> NP ESVOSBKRZRDOMN. 179 : ERZESDEE
I BhH




SU-RNN: Syntactically Untied RNN

(Socher et al., 2013)

Syntactically Untied Recursive Neural Network

[Pm’ =B =

Parser dev (all) test< 40  test (all)
Stanford PCFG 85.8 86.2 85.5
Stanford Factored 87.4 87.2 86.6
Factored PCFGs 89.7 90.1 89.4
Collins 87.7
SSN (Henderson) 89.4
Berkeley Parser 90.1
CVG (RNN) 85.7 85.1 85.0)
lCVG (SU-RNN) 91.2 01.1 90.4
Charniak-SelfTrain 91.0
Charniak-RS 02.1

- HERMAREHIE
(PCFG)&ETEFIL &R
EFIILDHEE

- B HhFaVEZEEL
EINSA—5DNE

> WEXHFTIU @5,
eZ5ER), 425, BEH, etc.

> HFTUDEWICKD
IRDEVEIEX D

- B HFOVEBEL
IRVRNNELEBIUTK
VAN L T S
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RNTN: Recursive Neural Tensor Network
(Socher et al., 2012)

Neural Tensor Layer ’ ﬁ_m?')‘{)bvctﬁﬁlj
Slices of Standard Wiéﬁﬁ H# (cJEFﬂ
po e TN S A oiEsED
il | : olls
= ! | |+18333
" | C FIVMICKBAR
| 33| 9!
o _Eﬂ:} )| ¥ —OOFIVIEDRS
T N 1 AN AARD MU
pzf[ [b} Vi [b} W[b} 8T 35 BHEDEH
‘ : = PE AV = WY

> 2 DOFFEIND NLEID
HAENDEZERESRE




RNTNIGH: 4 - ORI %A

(Socher et al., 2013)
®
® ® o
- o : Model Fine-grained
o o & All Root
© ¢ but it () © NB 67.2 41.0
@) o O O © © SVM 64.3 40.7
There © has " g SPice o @ BiNB 71.0 41.9
are © ) just enough to o © VeCAVg 73.3 32.7
o ° pﬁ‘l‘t\S keep RNN 79 . O 43 . 2
o N v tetingMV-RNN 787 44.4
slow and RNTN 80.7 45.6

« HRY
> EHEE S AESIRDH

e/ — RIS LT RE TS

> B{E: positive++, positive, neutral, negative, negative++

 RNN, MV-RNN &

LB U TR VIERE

> MMEDRER(C(E. ATIND MLOBRAR IZHAENDEZERE
LCEMRT D ENER
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HEEDDHIRIRZ1SS. Deep NNKDEE
NizLog-linear€7 JLOHIR

wor morcion o o Log-linear®3Jb: Skip-
w2 gram (Mikolov et al., 2013)
> BNEEL
> N> LB, A&
HDESERT NLDOANIE

exp(v,’wo V)

w(t-1)

wit) —»

7%

w(t+1)

w(t+2) p(UJO |’U)[) — W
szl exp(v,’w ) UUJI)
Skip-gram
Model Semantic-Syntactic Word Relationship test set MSR Word Relatedness
Architecture || Semantic Accuracy [%] | Syntactic Accuracy [%] Test Set [20]

RNNLM 9 36 35

NNLM 23 53 47

CBOW 24 64 61
Skip-gram 55 59 56




HFI TV LABEDIEVLND ML

=l + BT = XIS %4E

Czech + currency

Vietnam + capital

German + airlines

Russian + river

French + actress

koruna
Check crown
Polish zolty
CTK

Hano1

Ho Chi Minh City
Viet Nam
Vietnamese

airline Lufthansa
carrier Lufthansa
flag carrier Lufthansa
Lufthansa

Moscow
Volga River
upriver
Russia

Juliette Binoche
Vanessa Paradis
Charlotte Gainsbourg
Cecile De

Country and Capital Vectors Projected by PCA

e . vec("33EDEE")
Japarx Moscow - vec("E") =
Turkey< Ankara 10Ky VEC("EEB)
ol Poland« ¢ g E t“ ﬁﬁiu lJ 7::/\‘0
T e RLBESNTWS
p e S| - HEOBDBRHA
1 | Spaix a l\)b(zﬁﬂméht
-15 | Portuxgal ﬂ-iSb;?‘Aadnd b\5
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Deep NND X SIRIERAZET IVLIE,. TERF
BEERUTEDIEEENTWSDOH ?

» IR —FFT I F VY DNLPH R I (CHETBBE
Z A8 (Wang and Manning 2013)

» Deep NN (2/&. tanh’&U. tanh# D) &Conditional
Random Fields (CRFs) (Lafferty+ 2001) ZLb#k

Nonlinear

Input Hidden Output  Input Hidden

Input Output layer layer layer layer
layer ) layer W) (1o
&L . P / \.
® = @ O
®:-- °
/ /

CRF Linear NN Non-linear NN




CRF&Deep NNTODIRFT> v )LEEEGEE

The luxury auto maker last year ...

/ \
AT tanh(Q1f(x))

0" f(x) —
1] A
O | | : |
Vg1 tanh
KR TTEHHE
f(x)looggoo;o ...... }1{ N L | - |
-T:auto -1:NN +1:last +1:J) | | | |
A
BN SESNDEIRTHREEINT ML _ -
k
CRF luxury =
—

year Deep NN
avto =2 | .., P



18I A TDCRFEDeep NN &EDIEHELLEE

(Wang and Manning 2013)

BN MUV ERTEEIND MLDISS

CRF ZJENN
P R F1 P R F1
EaxEmt dev | 909 | 90.4 | 90.7 | 89.3 | 89.7 | 89.5
BEE=EHME test | 85.4 | 84.7 | 85.0 | 83.3 | 83.9 | 83.6
EEZEEmE out-of-domain1 | 81.0 | 74.2 | 774 | 80.9 | 74.0 | 77.3
EaxRFMmE out-of-domain2 | 72.5 | 74.5 | 73.5 | 71.1 | 74.1 | 72.6
/
FENARD BVDMERTGEGIENRD N LDSE
(Collobert+ 2011 @ word representationzFIF)
CRF ZENN
P R F1 P R F1
EE=EmE dev | 80.7 | 78.7 | 79.7 | 86.1 | 87.1 | 86.6
EaxERmE test | 764 | 75.5 | 76.0 | 79.8 | 81.7 | 80.7
BEAaZEEmE out-of-domain1 | 71.5 | 71.1 | 71.3 | 75.8 | 74.1 | 75.0
EBZEEMY out-of-domain2 | 65.3 | 74.0 | 694 | 65.7 | 76.8 | 70.8




18I A TDCRFEDeep NN &EDIEHELLEE

(Wang and Manning 2013)

=X TCEERIND ML ERIRSTERMENRD M a
HASHEEES

EExX BEEX
EEXRRHmEY BEEXRRFHL R Higd
dev test 0O0D1 O0D2
CRF &/xcitar| 90.7 85.0 774 | 73.5 >
CRF ERToEtEHE R mEs: | 92.4 87.7 82.2 81.1
Z[ENN KX TEse| 86.6 80.7 75.0 | 70.8
ZENN KX TTES: + =R cetar| 91.9 87.1 81.2 79.7 >

I DF AT DFENRD ML &ildy
ShE32LTIERERL




SEVNEB(CHITDIT—I5—=0D
BRIRDX L&

- Deep NN7—FF DI F v
SETETIVE—TEDREMNE TS
> SEBEENISMEEFE (e.g. CRF) MSDKIERNE (IR0
- 9aFRI;A (Distributed Representation)
> BEEX/NT ML EDHHAFEDTE (TERD
> BRSIBHEEEBVERDAE D DHD
- K1 ,%%' (Representation Learning)

> SRS XU THEIIFHEFETRDCER SR T D EEH =
ZNEFLEREFE=ZEDS?

S THEE>>>1E0TIL
- SEEDIBTEDEFTIVE
> Recursive NN(ZsEADRT L —LDT—D
> RVWSEBIIEADIGADORIEEEZ SO TLND




SENEB(CHIFDIT—IFT—=>D
SEDFEE
- BLWDRIRIRDFEBGEICDNT
> SIENNDENICRIRZEDI I L —LAD—DUDRE
> DEERIRZE AUV CERE RO
- JL—RXULRNIILODFEREHTE
» A prevents B < A reduces the risk of B
> BRESNIZmEOHEAENE TIE>AENEDDHD
(Tsubaki et al., 2013)
- YIFE—HI
> B EiRETFER S




#E1&E ) Multi-layer NN + Convolution
T )L, DEERIA: ZENN, Recurrent NN
DFERKEDFRIR: Recursive NN

gull -l
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[ J
Ann
c
N3
>k

> 4HEEME T (IERDOE BTN S LEE U TR UVVEEENESNT
LD EIESEOVEEL)

> DEERIRZEVZEKRLANILOEE., BB RTE(IEE
VEERMNEDDH D

- S

> RPN DREBIRIDEHFRIEOFEE A

> JL—X LN LDOBKE&ZOHE R
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