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Abstract

Abstract

Feature representation is the foundation work of statistical machine learning, and al-
so one of the key factors that affect the performance of a machine learning system. In the
field of statistical natural language processing (NLP), the most commonly-used feature
representation is the discrete symbolic representation, such as the One-Hot representation
of words and the Bag-of-Words representation of documents. This kind of feature repre-
sentation is intuitive, concise and easy to calculate. It has been successfully employed by
most of the mainstream NLP tasks, combined with feature engineering and conventional
machine learning algorithms, e.g., Maximum Entropy Model, Support Vector Machine
and Conditional Random Fields. Another important feature representation mechanism
is known as distributed representation, mostly appearing as continuous, dense and low-
dimensional vector representations of features. Typical distributed representation learning
approaches include the early-stage latent semantic analysis and the “feature embedding”
approach which has gained a lot of interests recently.

In recent years, distributed feature representations have been extensively used in
deep learning models for NLP. Compared with symbolic representations, distributed rep-
resentations can be much more naturally combined with deep neural network models for
learning high-level task-specific semantic representations through layer-wise representa-
tion abstraction. This has been an effective way of bridging the semantic gap in NLP.
More importantly, distributed representation provides a universal semantic representation
space across different tasks, languages and data modalities, so that training signals from
multiple sources can be incorporated effectively, which further promotes knowledge trans-
fer in practical learning tasks. For example, the distributed word representations learned
from the neural network language modeling task on plain texts have been proven highly
beneficial for a variety of NLP mainstream tasks.

Inspired by these characteristics of distributed representation, especially its univer-
sality in semantic representation, this paper investigates the key technologies in distribut-
ed representation learning for knowedge transfer across languages, multi-typed data and
tasks. To be more specific, our contributions include:

1. Learning sense-specific word embeddings by exploiting bilingual parallel data. S-

ingle word embeddings have been shown poor in representing polysemy. To address this
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problem, we propose a novel and effective approach for learning sense-specific word em-
beddings by exploiting the sense-alignment information contained in bilingual resources.
The proposed embeddings are expected to capture the multiple senses of polysemous
words, and also benefit downstream applications.

2. Learning multilingual distributed representations for cross-lingual transfer pars-
ing. The majority of languages in the world are low-resource for dependency parsing, and
it’s labor-intensive to annotate treebanks for every language. We present cross-lingual
word representation learning, to map words from different languages into a common vec-
tor space, and thus build a bridge connecting different languages. Therefore, the large-
scale treebanks of rich-resource languages can be exploited to induce parsers for low-
resource languages through transfer parsing.

3. A deep multi-task learning framework for transfer parsing across multi-typed
treebanks. Various treebanks have been released for dependency parsing, either belonging
to different languages or annotated with different schemes. We propose a deep multi-
task learning architecture with representation-level parameter sharing, in order to distill
knowledge from multi-typed treebanks and benefit parsing of the target treebank.

4. A unified model for semantic role labeling and relation classification. It is com-
mon for different NLP tasks to be related in certain ways. For example, semantic role
labeling and (entity) relation classification both involve categorizing the semantic relation
between words in a sentence. We propose a unified neural architecture that ties togeth-
er the task of semantic role labeling and relation classification, and further apply deep
multi-task learning to leverage their potential mutual benefits.

Overall, this paper systematically and deeply investigates the application of distribut-
ed representation learning on knowledge transfer across languages, tasks and multi-typed
data. We will show its effectiveness through substantial empirical studies on lexical, syn-
tactic and semantic tasks respectively. In the future, we expect to apply our research
achievements to more diverse data and tasks, even to domain adaptation, and finally make

a significant difference in the NLP field.

Keywords: Natural Language Processing, Multilingual Learning, Multitask Learning,

Distributed Representations, Transfer Learning, Neural Networks
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P E U o0 A R s 2 A MUHIEAE — @ E R B —FloE UK, ik
Iy AT RN B & A TE CYERE 2 B AU AR ), — Rt “arE 07 AREL i
B MOE T AR R I NGEE CRN T SR IRAT, A2 e B e BN A
I &R ox (AT RLRBEALED , Bk HAE AR KNS HO0E T ). REIEREN
&, REWEAEATTE EARAR, (H5EER B, Pk 2 5 T8 XA
B, AL BRSSOk 2 ] 3 2 18] AU . BRI, P R (R . AR ST
AP AT RS B IX gk BTNk, AT A o407 BERL L & AR
155 Y AT T 4 i 3R
“THE” BERL, JELETE 5 #HT (Latent Semantic Analysis, & FRLSA) BHg —
PRSI “Uh B0 AR FELSAT, FRATTE et E — N iA— F R 3 (word-context)
ML ILAE R, AR 5 150 A A B o i B R OGE L R AT PR 4R Ab B, DT A5 21 B> 18] 19 2
TN . HApa = A EENE R
1. BRI . AN ) B SO g T 4 P AT B 1 18] 2R R B 28 2 Pk
o PLBUE I B RS0 ey B, — g w0 BT SCH g “aa 7 B
B “noRE” (n-gram) .o — MR, BT BRSO SO, BE E HR K
TR B R 3C B4 10 32 7 BT[] 1 3 T HY 32 R B 1 R T R
Bis AR BN S0 S B bR BE S G ], B B A TR R, B4
FTonka & E 2. RATE 27T DL E R 5 B AR A
ERSCECE KRR, B A AR A 1R R AR A VAR B AKAE OC & B dh M IR AR A
TR SCBRA TR P A 30 R R 2 2 5 2 AR R VR A TG IR 1 5
2. FLILAERE B B E o — MR 0 LI PR AT AL AL B, DA A A R
RN TR B R IE WS B SR e IR T 5
Aif-idf, & HAZ 5 (Pointwise Mutual Information, PMI), HUNG %45,
3. R4, ESLINAERE A, A AN ) B 6T BB R — A v 4 ELR B ) ) &R OR,
DL I 5 B0 HL R AT B 4t . die i IR B4 7 20 &7 7 {BL 7 % (Singular Val-
ue Decomposition, SVD), FEH [ 73 i (Non-negative Matrix Factorization,
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M IR ¥ ol R 2 T2 2267 18 X
NMF), #it% 5¢Hk 4> #1 (Canonical Correlation Analysis, CCA), Hellinger
PCARISE , [ritb 2z Ab, n] DA — 2o R 2t e 4 U7 5, ot B 4 b9 3
(AutoEncoder) . P 4ERERE W Br — LU i ) &= o & MR, [A) I 9 2> 47
RKe—HBa I ge A M ERAE S, Kk, fELPRNH A, 7 2R B RS
R P 2 J5 B R B YRR
{E 43 —$2 1) 2 Pennington¥ A\ $2 th 1Glove s B4 . Glove n] LA Jy A& — Fhix}
“IR 1] 7 R BEREAT 2 R AR A, s (Bl UE ) 7 SRR I AL 2 JE B 3 IR o gk
TG ASET HAdF 2 i3 77 20, Glove A 5 B4 B b B FE R 4H2.
“H B, B RT R T AR Y S R A7 Bk 2 N 2% 15 B I S
Ko AFTAARGRET “HE+FE” BAESHENTIEEREE (N-gram model),
PR 26 18 AR — M S HA I A0 O, LA AR R M e A | R
SR R R [ B AE N, IR I 2R 2 U SR 2 H R R ME 2 4> A . Bengio%E
HIREEET MR A S H A M2 18 5 A (Feed-forward NNLM) 3,
Hoas i E- 15T s

i-th output = P(w, = i| context)

softmax
(eo0oe@® ... e o ... 0 e e)
tanh
(eo0oe . .. N X))
€(Wen+1) e(wy.,) e(We1)
(eeo...0) ... (e0...0) (e @®...0)
Table [ v. Matrix E L
100K-UP | ™ e S -
InE shared parameters
across words
|| [ | ||
Index for Wi—n+1 Index for wy— Index for wy—;

I 11 B 26 P 4 25 D,
Figure 1-1 Feed-forward Neural Network Language Model.

AR A B R e R S A R R 2 b, s T — R R OF
22 ., Gloved o B B i ANl 1 1) B4R, 46 T T 2 0 1 LA 26 900 A B 7 3 90 o (008
BEABTT LU b U7 B (LR, SRR 1 £ A R %, Glove A — b it 407

5 B 5 0
5B I, Xu5Rudnicky fE20004F fix 5 52 13 T o 28 0 2% 1 i 3 R, (E R At AT RO A Y f AT AR

f10ne-Hot#& 7= 11 24 W 2% BN, 10 3R 70 A1 22 o
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FEEvyg, VNIRIR KA, dASMERFAELESL, X BN =, HRNZ
(R3] 355 A A R s B BT Ok, AR LUA) 1w, () Hifn — 118 [ & ()
$D) AERHIN: X = [e(Wips1) ® ... ® e(w,2) ® e(w,—)], FFHF FLAK V% 5 26 M B
TRV R R 4R O R RN, BURR F softmax bR 06 Han 2 i
1TIH—4, AT ERAS H FRiElw, IR

i g, @R KA T (Maximum Likelihood Estimation, MLE) 553 H b
EEMPUR R, BIAT X Z N AT (S8 . gk fm, B
T REE ) &5 — 47 W Ay f B2 18] (1) 43 A1 3 ) &

[ 58, 2R LAiE SRR S B bR, BA iz 2 I 2% 1) 4 N\ — M PR 2 o P
THOIN R (RS AH S, R DR I 20 A R s N 2] HAR, 240 4 0 2% 1) e A\
TN E L, AT LR AL A SR BT S &S S, R EEERE R

[F R PR ] i N EAERT DA i ) 4a FH JHG Al [ 24 65 400 (1) 1 5 A, B i i B
25 W 2818 5 B (Recurrent Neural Network Language Model, & #RRNNLM) B¢,
RNNLM& — Fh i P B8, 3 0 B J2 1l B N 2 1) e e, ST 4S A2 X 18 & HEAT 2
LIS gE % R BB 1) B 848 B BRIk 2 4b, Mnih5Hinton$ H X £—X0 £k 14 5
F A (Log-Bilinear Language Model, fi] FRLBL) FAS81, g 7 [ £ B2 i) E 45
PEA A, RN, 2 B R ) ) 2 PR AR AU A5 BE . LBLA I 2544
R LT A 2 ) 45 15 S AL DL SR PR e I 25 E R BE T AL
AR, Mikolov&s T20134F #& i T word2vec™!, 1E Hif 15t i 28 W 265 15 5 15 44 1) 45 44
Z BEAET mRBREEM R4, MRORARAL T BRI 2 ) B3, A5 78 KA £ 4R
I ZRAa B 53 A R s BN AT BE . word2vecH iR T AN E BB, oA iE
221 48 A (Continuous Bag-of-Words Model, f&#RCBOW) L A ik Bk SC vk #K Y
(Skip-gram Model) , 41 E1-2F1 7R .

FXT T 2 A AL, CBOWALRUAE 1 W J7 It fb: 1. 24 7 Rt Ba &
JZ; 2. SLBLAHLEL, CBOWAZ & R SCHII P45 R, 12 4 4 A i) B R SCA
o) & BB, Bt ES B AR & 2 B SR B, R H AR
W Aw,, WA S A EE N H B R SC = (Wimny voos Weets Wit ooy Wi} B B TRAT
Ko ETFSCH R RN B SCRIR: x = Daccew)), SR JE TR H-2k
PEAR TG H A 18] 12 AT T

exp(e’(w,)"x)

POw,|C) = o2 0 Y/
2wev eXple’(w)Tx)

*fEBengio®s AN TAEH, N JZIET LLEE S5 2 A7 &, AT — A dE& i & W 24 gAY

5 MR IR AR

(1-1)




(ooomokowooo)

SUM (@@ @

(o0 © 00--® (00 0 00 0
Wt W1 Wir1 Wi

CBOW Skip-gram
1-2 SRS () SERR SRR ()
Figure 1-2 CBOW model (left) and Skip-gram model (right).

7 = Blword2vec kK HI 1 PIAN 70 Al s R B, DA 20 7 o AN 5 a9 ] () &
(e5e). J4h, word2vecsifr ERRHZ—MERE, B “ L TF30” 2 “ii”
R ONA 3, DR N e AT X 0 2 & B, IR W ELSAH 43
By “9H” 5 BTN ARRRR AR MR SLhs b, 5 TR SRR, R
AW DR EEER BT KA RRRN LR H, ERigiE s
T30 (RL22M) %o 3RS A 2 I, BIVAT LU 85 K L8R 66 SR I
ZCBOW A,

Skip-gram## % 7] DL 1 fECBOWHE AL ) — A H5 451, AL (41). 7ESkip-
gramBER p, FRATERF IR AN R SCEGCH IR — M Ele, 4 H ] m] AR Y
H N, BN H bR w, 24T T
P(wilc) = exp(e’(w,)"e(c))

Lwev exple’(w)Te(c))
AN, AT LR B RALARAG vF 4T U 25, IRl E, 7ESkip-gramA# A o, SEfR B
e BN U7 5 R Z AN TR IR R R BT @R, L 5LSAZEAL

B T o 2 o0 T B A G R AT I P AR BOm, Rk, A T RTINS
RF, word2vect® it 7 RN T, 40l 2 )2 Ik b softmaxth, DL R FUORFEROR
(negative sampling) . 7] LAUE B, A FH 47 R AE B (1) Skip-gram 5 Y SEFr b S5 4 1
— A a2 R )

L, FARAWM—BEAE IR TR B TR BRI .
1, BaroniSF N AE RV AE SO RAE S5 E I SEEIE B, “Hu” A BT “at
e BIRA S i Levy S N AR B, 40 2R Krword2vecH AH UL B R 40 5 IE B &
“UHEC BRI, PIERIRIFEE E ERE. ATEKTWS, BT b8
BT 5 R v AT T8 B0 B 20 50 A, AT R ) 7 JFG x4 R A ) 9 e

(1-2)
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Pho [, “TREr” MR E XA AT SO R B, A Reis R s <R
BEARUH A PERE, DUk, HATAT TN SRATE A B 2 g CH T B, e

£word2vec.

122 BIBESPHRRFES

WATC AL FE, A1 27 AL DR Y% 22 1 B 7 5 5R S e T 3238 0 5 i1
XAF B Bk, AR s w] BB SR LR 45 R I S RMEE S TR A R (B
B BRI F AR BEX R, MR R SEE TR 5. B, s g
MR AR, (HRERIER A ZAMFERE 2 TR, Bk 2 (I
A TEES AR REN: BAFRESHEICRAER N HEEEZ
P, A A AR LA TS SRR A 7E 12 1) s I P PR s e, A L3R . B IE S K 40 AT
RAMIRZEEE S N (SCARDIE AR HLES B IESE) #4025 14
ZhPEM .

d EX
3 .
E Y semantic

ynta

dz elegant
Ri3

1-3 15 LA R s (Z4E3 08 N HIRED

Figure 1-3 Cross-lingual distributed word representation (3-dimensional illustration).

WA 22 2107 AR, W] DR BT I #5185 0 A Ron 2 21 0 8 2K, 733
fe: LT NGB TR 20 B TIRE AR TVA. N I X PSR AT VR4
i i

1. 22T &b B J7 5 I 56 A S B R S Bl S 2 5] B ANE S IR A RoR, R
Ja X W REAT XS 55 . MikolovEs KL, 1 Hlword2vec?y: > 13 2 iU AS [F1E 5 1) 73 Aii
RN AAFAE — ERE L L VEL R &R, TR “BIBERE” 305K
SEHLES 1 5 0 AT R s BB B, 258 — DN RIEEIE X IR AD = (a2l
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W 7R Tk R 2 T2 i b 22 iR S

CRIXCE TR 3, o 9 JE 5 26N, 8 BARiE 5 T S BB R 3AD
DA 6 FT 0 7 B 73 A7 2 7 R RE 3 AC N ES A R ES AR AR BAFAE — A IR
55 B HARE 5 R AEBI W, 157 7 iR ZE R b

min || EY* - W — EZ | (1-3)

PR WISEHT T 98] S 2 Ah ) HL Al IR B 5 1 S A . XA OTVE R RE AR B AR R
FZEEF (22 WHE, ATENEIES S ERES RS — DN
PR R 55
Ty A —Fh )7 i SR SCHR AT (CCA) . CCAR —FE RN 2 fA R
A 2 PEAH SR PE B BER . X T AS 2 4E A &, CCATHR WA WU HERE, K R
A8 B ) Wik 2B — AN TR ) RS O N AR R, R AR
(] B AH O 4 dpe KB . i SRAE S A iE 5 i RN B AR R A 2 4R R, U AT A
FHCCAXS IX 1 Fft 18 55 1A 3] 2 s 8 B JE AT AR 0 A5 98 25 18 UTE 1A] D, IF
¥ R FOR MR L N EL, E2, CCATRALLL R H i
max Corr(E! - W,EZ - V) (1-4)

Corr®/nAH K RE. WSVIUTT X5 PRARE 5 1) 18] 27 F FE gEAT B st AT 0,
CCAISR B LB T MR M B fi 2 B ). SRT, BT8R 4, &R
Hnh T o 1) B[R] B BRG OC R Z A I AN BEAR, BTk, LoufE AR HIRE
LR R I 70 #r (Deep CCA, DCCA), Sexf R afinl [ 4T 2 ZAELER#, H
fifi FICCALL HEBT

2. BRAEF I TN HE BN &R B %2 218 T 89 R s
Klementievas A fi B 42 tH £ T £ 1 55 %2 > (Multi-task Learning, MTL) >k [A] I
B AS [R5 5 B T 9 A 3R i PRl DL Sy SR, 107 VR e TR
KU P AT F A A AR 35 18] 06 5545 S 3R XOE VA RURE A6 B O SR8 . 40
T 52 ST SRR B 5 B4 T I PR 2 I 2% 18 5 AR AL, B 0 B TR Thwer i
B FE I, R 2 AR 8 AH AL BE FE B DA A BV 1 )V T 8 BE R 4 AH UL B2 1R 4T
D, MIIE BIEEA 22 2 B . Zou s NS 57 SCAr iR “BHBE 56" 1)
SRR, 00T ] Y1 AH AR R B B AR R 85 08 T WA AR R, i BAAH B P T 1R 22 4R
AR N BB o3 A R R 5 2] H bR B IR IR Sy — A BB R ) % R
5 1 75 AutoEncoderY, W FRAH I X 4% (Correlational Neural Network) . 1% /7 12
¥ AutoEncoder ) 3 4 AR N F T 008 AT £ 2 18] 8 SO, BEA L BR 2N
—FiE F A 7R (Bag-of-Words) fE RN, WEEMH 5 —MES K4
TRoR. XN AutoEncoderBUE K8 B Uy it 2 B 5 15 5 70 A R R .
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52 1% 7 & AutoEncoder T 5 &, FRATTAT DLIE o A0 A0 XUE 47 2080 o B Rl E
)T RN A PR B, SR SEILES IR T 20 AT RN W 5 ). AR TR 20 AT 3R R 1 ER il
ZERERIN) T ERRNTERIRZ, N TRIES AR R IR, —K
5 FH 8 M 7 B 08 SCZH A A . Hermann 5 Blunsom i HY OUTE 2H & 38 S Jn) & A5 7Y
(Bilingual compositional vector model, BiICVM) B, Z& fe& 7 gy i L A 1) 18 L &
7, AR Y f(x) = Y x, SBEEA: f(x) = YL, tanh(x,, + x;) (5
JEBigram{E ). 1ERE B, XOEFATHE XN TR 216 5 X0 5 #2965 G R,
BRI, Gouws® N i — 2 32 i Bilbowati B4, o B 43 A 227 7S] AR AL B A5
5XE AT L R AT G, A5 Y 58 8 [R] I R RO ASE B s DL A TR I
XE S -

LN SRE S AMINESANS WNEIERB AR, LN AETE
A5 1) 2 0GB e, T I B 5 S 7 iR HOUBUE AT Bs . UG ] B BE AT RL
AT E A rhoE I B 3R 5 ORIRAG, AT DU — S8 A 2 ] L BT YR R A, L
WPanLex’, Wikitionary®4§; AHXT T &, K2 801E 5 XF 18] 1 & o1 & XU 47 %L
P MESR L. [RIG, 26 N ACBR VA AT A B R, AR N xR R, LT
QLB TT VRN T8 1 WU 2 I A R AR S, XAEAR KR L4 T
IR IR S U R . BRE 5 21 07 VR UL IE AN X B 1B T 40 AT o ) IR B SG
RIFATLHR, FENHEH,

123 EFHERFHBARIES LB

DATRRAE HARE S ABEESTHEZNIMM. B, &R B A
H AR TE 5 AL B R AR AT BON el iRk, R AE g Uy i 3 A i SCARBL
PERITESL, Lk, IRARTE SCA o 22 219 B 70 A R RE W e S ge it B 28
15 AL PR SR RSN KRR, fE s R S RGBT 5 R B R I
BRI A e, 0 AT R s w] DL IR R 28 W 2% S E S MER Y AT R B 2
>3, AR BEAP 22 B 2% i K IR IE A & 5 52 ST e JT, AR SRR AL A 0 A R om 22
ERBERZER Eahg. 5HAES EANMKKIN A K om. 3 PR IX=
A REHEAT VR A 4
(1) &

AR TR AR GE, AR B RIEL I, MEHARE G T3 G2 m3E AR,

Shttps://panlex.org
Shttps://en.wiktionary.org
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FERHE (e % H ficosinedi B) .S58 b, A8 5 W3AIE 70 A & o 22 T i
FEH, A O AR A SO AU SR X6 20 A 2 o 10 ot B db AT PR AR BRI JE S 5T
TR DI 847 WordSim-353 (52300 B LK AH L (1) A SCRRAS IS 2 [R] I
LI 8 SR LR TS Re g 2 1 2 BRI SR 06524, Pamis SR, 38 SO
B, B RAR. BRI SEREER,

H 5 SCAHABLIE AT 2B H R A — A A 88 0 P 5 A2 0 A R 3 118 R R IR
5. Mikolova 5 Je K DL, i e A R SCoR RPN A, Hp A Ron i) 2 7 &
AR LN . — A T 4] o

e(woman) — e(man) ~ e(queen) — e(king)

RAE XA “E” PR, RATRES [ Kk “Jbniz T, IE e
T2 Wy ie) . RS KT S 2R AT 00 A KON K R ¥ ) (Relational Learn-
ing) 7T, b, Fufs NI, A RnE —ERE FLEE TR 5ME
B BRIk &R, M RESEE Rt A T B AL R mIB8 1 58 R A R R = 2T
BT RN AR ZE b4 (Knowledge Base Completion) £ 4% [ i #4 7 i 2 — 52601
(2) LHER TR IE I —ERRHE

HRARL2 T S22 ot T 40 A 42 % 25 ST 933 5 40 07, "TRAR B, 3alVE 4
A R 7R 1 5 R N ARARVE STAR A BEAT IRV, o6 T A e IR I RO R 5 /b X
FEPEA AT P48 & 2 S RS IR AT H o i o e AR Rk R 30, MOR RIAR
AAREEHE th 2 I3 2 1R R 2R (A B SR | A5 B A RHE Re 8 2 3 4
T2 0 H AR5 T AL BAE S I PERE, A bRE (Rl BRI A 44 SE
PR &) RO D) R Ak A7 ) oy Wl 45 1] TR I B AR AR 45 BT SO
AR 4T E— B HUAREE, A 2 T — P 4000 ) e, DAL kG R A% 3k 1) 1R X
SEBONAR. MR iig 5N H N X i 35 ) 7kt 7 —4
B Bk . Turianfs & AL 7 FIFRERR R & 1 2k TP 48 ) 25 15 5 15 8 1 3]
Gy AT R INRHE, LE A 4 AR R BL KK H 50 A (Chunking) 55 EUAS T 2 3%
()1 e T THO M ATT S R BEE R A IR S RoR R R & (B EL M.
e 5o R R B GEZE. %, K40 PHEEA &, M BoET i
REET B, P4 mR MR b (L] (FE)).

SRIM, XA A BB P AP B TAN &=, ERATAZEE & —
A AR RRIET R R GES HEEER R A AR T/ SRR
PIRFAE S 0] T 2 B LA 2 &AL, J I 2 — & e AiE 4 B2 R, 6 455 4 1)
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B 1-4 MR R 5 N0 A5 KR ER 7 e Turian (£), Guo (H) DL KZhang (£5).
Figure 1-4 Methods of augmenting distributed-represented features in (generalized) linear models:

Turian et al., (Ieft), Guo et al., (middle) and Zhang et al., (right).

HOREARS o — R B2 AR S 1 m 4E, W wi v o Al 73 5L 2k w] o) 1
Bome TARYE. W% 150 A0 R s B AE 25 (A WA S8 o X I A 1) @, WangZ5 A
FENER 5 ChunkingfF: 55 b, #ff 5T 1 S B Y 5 JE 42 MR Y 43 il 75 47 5 R IR R AR
7 18] 5 43 A R 7 R AR 25 8] R () B FH R ID . AT SESR R B, FE AT 5 RO R AIE
TN, LM EN T AERMERA, WS MmRARRES T, JE&MR
R 7e sz I T 2 AR A

AT R K, Guofs N$e HVR 70 A R o R AR BEAT B i, TR T2
PR AL (L4 (D) BATHER T =F i Etb 5, s k. Bk
PL K 4y Aii Ji B3 (distributional prototype) . fENER L SZI6 % B, BEib 2 J5
() 73 A 7R R AE RE % 45 SR B8 R 35 4 T [EIA, AT 8 11 S50 56 AN [F] R AR
Ron NEAE 4 0] 434 (linear separability) 4T 1 708, KIAEBERMLZ 5,
RRAIE 7% 18] () B M ] 43 Mt Si2 W S A T B 46 10 20 A o .

SR, BS UL BARUE A 2, (H 2 AN W] 3 St 2 B 2k — 38 43 B 46 70 A R 7w
HHE S, AR BE SR 0 A KON R BEAT IE AT AR M AR He, (U454
o 2 J5 R REAE 7 (8] 2 PR BT 5 1% BE 52 Zhang S8 N 22 1800 70 Al R OR HEAT — IRAE LR
AR, S5 EA B BCR R R AT B (L4 D), RS
WAL RS T8 45 RO, st b, AR MR OUHZ R E M AW
2 HATFHES I LR O A, 38 T RBAVEH AT AN 4.

(3) LR T KRR >

88 FH 3E 2 1t B Y R AT R AE 2 o BB A H R RO N H A RAE R 92 . X T H
SRR T AL B R ER 73 B O AT S5, JUIL R P AUARTE . )3k o3 b 55 &5 R T 1 @3t 1
&, HAREZ[E Chypothesis space) i T K. K, —ANUFHRHIE R 8%
TR R ) 2 OCHEE, fFEAGTTET, TR JCVEE Rt 2 R
fEZ W HAMER, i, AMTRYEE X TR e E 5% e 5 518 L K&
TR, ORIt 7T ZEAMHA SR EER. LUE A BFREIES (Semantic
Role Labeling, SRL) A1, CoNLL 20091l o #% 4F 19 R Gi 8 H 7 8 i S0 KR AE
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W 7R Tk R 2 T2 i b 22 iR S

B, 3™ B AR T L K RN IR I “HRRAE AR AR BCE, T H 32 2R
TEH & A T84 R 25 18] 4 2 wmr DA SRR AE il BT TR] AR AT v 45 Il R i) s me b, 7
XFEMERZT, ETARRMEEMN KRR B 305 3R 4 17— A0 0 o J7
&, HoJu DL B ph 42 W 2 AR

(= {12 1 T A 200 10 1 22 I 45 1 5 UL, JININLME, - BETR L b Sy A 3
AEEENTA, 2 —NELMNEEE (tanhBUE K ED HRIHP R KRR, B
M H = (softmax, — M EMRBAD TFE H AR MR A0 721X A i 5
RIS 25 b, RS2 2 BT A5 3 1 20 Al s SE B Bl e xR A AN ) B S0
MR —FHE S SR FFEREAER DA T HAES, tanagvE o
Chen5Manning 78 £ T4 8 K7 2] VL 0 M RGP JEL R & 2 (cubell
TERRHED RiF BRS04 R R, FAEH softmaxif 47 5 72 2 1 (1 B0
AT A B X 5 s D B R RVRR AR 1 20 A R R AR N BN, AR RS & )2 SE ILRR
fEZ T B2 A, AT R R 3 & 1 MK AF B0 20 B i 0% (R D B 4k 21,0004 )
T

R 7 S5 R AR T S AT A 2 4%, AE B R TE B AR R R I I 4% 4 R ik
BRI N 2% A R 1 280 ) 2% R 346 U1 o 42 T 2 55

L IR P& 25 (RNND J& — My e 47, 55 i 50 poh 22 90 245 1) 32 22 X))
ET 5l N T B AL . JordanfE 19864 fi FL i H 78 #h 22 W 2% vh 5] N\ i i ) /2
BN Z 0 B IE R, USRI P47 A F 34212 (dynamic memory) 2,
ElmanXf 1% 5 #) 347 7B 00 B B SO SOy RS 248 m N JE . R,
FEEImanfli A W 2% vh, T — I ZI BT G B0 A 2 b — I 20 i 5 R, T2
Horp Al K 7R . Elman% 14 52 BLAE e 0 H B0 0G 300 28 X 28 S5 4, 0k o8 a1 1
%% (Simple Recurrent Network) , i A5 5 25 4y i IE[1-5pr s . % F — AN
ANFPF) A i R B A 1) x = [y, X2, .0 X, ), RNNAZE 24 (BRSO
7)) ARIRAEBEAEA I ZI 5 N o[BI, a7 20 BB & E i AE 8 — i %)
RPN

h,=f(W-[x,®h,_]+b) (1-5)

Rk, fERAIZL, RNNTFRE SRS AS (g b AL ERmAaAs
AR BRI GRS 2 Ja, BATRT BUK R e 20 R e R £ D9 3
T YR IER R 54, RATW AT AR & % 8 s B A & 2 &
h=g(hy, hy, ... k) HglueE 80y B, Al CUR S O B8R, tm BL2
R AR AIBGRAN, H 2 2SS BE—RIE R A ALH,
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B 1-5 {3l 22 W 25 45 1

Figure 1-5 Architecture of recurrent neural network (RNN).

RNNZE H 2815 5 AL B A 3045 1 A ORI A Dye 5 AE b i Z2RNNRI B 6 H
INf, B FEE AT O 22 e D g N T3] 2R AR v DB 5 B AR E B A B
fE S H 2 2 IR T 4 i B RE J1, RNNFF& A &) Z M EM. TF
K, BEAERNNLELE S BAE S5 BB ARSI, A AT 46 5 ik 500 EIRNNY
T ICA AL BRI B AR A A O SRR AR A R R & M. H AT
RNNJL-F- 4% N T 46K 2 203 SR 16 5 A B in) 2 vh, S 36 4% 40 1 45 1) T AT
% Galyks AJik 18 L HaE) BLRNLPEAZ O R 2 ——H1 2B 1%k, [N,
RNNHH Ny — 26 4L e R R AR HMESE L H bRy ok 7 —Z6BBO, W ORI 2. Rk
AR XiERS B PRAEREE. XSS NIRERELPRREE, &40
T K R A k. — & KB E1Z (Long Short-Term Memory, LSTM) ]
PP, FE BN AT 4 K I, RNNGX AR 8 1 W 2 76 I 25 it 7 A A7
76 )" 5 B BEVH 2% (gradient vanish) 553 # FE 12 JE (gradient explode) [r] @Y,
f8 AFRNNAE S BR A1 0] < PR B AR i) il 42 25058 IF A s AEED . DILSTMOY AR ZE 1)
TG N 2% (gated RNND 8 36 P 2 A 1] g 42 i), >R o i Bl 3 =] 2
i N, fE/IRNNH 45 B RE 8 A R i AT K BE B AL k. IR G R A
(encoder-decoder) #E 42 ¥ 4 thi0l, 1% HE 42 24 7 31|-/5 %1l (sequence to sequence)
KRB AR | — & A ) % 2w (end to end) MR TT 5.

2. B M 2% (Convolutional Neural Network, CNN) == B 2% [& 1 4= ) fif
2 W 2 0 (1) JR IR (reception field) 4 B4, B R E #0420 K 555
NZM& R, RN AR RS ZEMZE TR EERUE 2L =1, CNNE
B HEMZE (convolutional layer) itk )Z (pooling layer) #4)flt. JHAR Y 2k 4 4
-6 . ATLLEH, BT, =% 0x, @ .. x,, RN R A& 17207
iz, BHREHE T N

hi=f(W- X1 +b) (1-6)
H A i R H 0K/ Wik 2% H EEAR & Kbt fb (Max Pool-
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W R Tl K 2 T2 il 2 A 8 3
ing). “F¥Jift. (Mean Pooling) %%, U:
h = max_pooling(h;, hy, ..., h,_111) (1-7)

B SR 08 1 P SRR AL R s o AR SEPR N AR, 3l ] DS A AN [R] &7 1R/
BRAE, DA FIRLE )= R IR H &

Pooling layer {hl }
(ee000e) (000000
Convolution layer )
(000000 (000000 (000000 .
X, X, X X,

B 1-6 B AR 22 W 4% 25 4

Figure 1-6 Architecture of convolutional neural network (CNN).

CNN ] Ja) #8032 32 1% o A8 15 0E T 2504 1~ A2 . Ee B4, ot 55 0% A A2
WHEA AN, BN E ) iz R T EAR AL B AU &, X — )R
EIR 2 BARE 5 B AT S A BT R, WX v SCAR AT 02K, & E
W AT A Bl R B0 ) — SE R E T, RIS AS T 22 S IR e R TR AR SCA T A B
5 R PRk, CNNIT AR K & N T 3O 73 A OC AT 45 R AT 1 3R B
AR R Bl H S |, CNNAE H 2818 5 A2 A a5 519 3 /2 B Collobert 5 4
H I ZAE 55 HRIE S R FEAESE, WA AC&WRL IO, C&WHSE Y 3= Z [f] [ 7
PR IEAT S, FEBE R AR R e Galy a2, KRS AR (A
ARG IREEM A M BN, 18 &R M 3 3h % SRk 2 W45 558 H,
Had - ZaEENIER R, RA&ER HmEA TR, Al Tr
FURRIEAE 5506 110 77 5545 B S U, It DLCNNAS — 8 & die BUAR (R RRAE 2 > T
o MWIEHERIIW R R RE, — A5 Jy BRI Tk J7 22 72 18 0 24 i &2 T
%%,

3. B 2 M 2% (Recursive Neural Network, RecNN) 2 7 34 #i1 28 X 2% &1 %)
HARE S aVEG M T E R — M AT . Wiai ik, RNNsZ U ZE &4 (B0#HF M
B B T i P A AT 4H S, TICNN & 77 U B — o X
5, RecNNH ) H XAHET7 AL A H B, 7T LUE 2R Y8 5 RE 5 KB L4
AT AR R LSRR S, WELETTR: XA RS T A AR, Bk
HxSx, EREEERL: BHEGnSx, K5k b ShBETHER SR,
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e Ja Hxs A 515 B e 22 W PP SR b

(000000 (000000 (000000 (000000 (000000
X, X, X5 X X5

B 1-7 BT 45 52 BT G5 R R 3 U o 8 I 2% 5 0

Figure 1-7 Architecture of recursive neural network (RecNN) based on syntactic structure.

1 ) P 22 I 2% i B #E B Socherds NAER)VE #1650 28, H R H A S5 4E
% I — R FIE 5T TAERCRERN 5] 2 5 A TR & AL BRI )2 k3. AAIT
WA, KT H RS F XA N AR A B BRI AN R, BhE T AR
f\JRecNNJv; ELRNN/CNN 5 Ay idE A .

ERNNZEAL, RecNNTE I Z5 I tH 23 52 ZI46 FE IH 2% 50 # b B2 R ME B 2. [A]
e, ATHEKERGCIZ (LSTM) [ B AH 5] ARecNN, $2H T #IR 45 4 FILSTM
(Tree-LSTM) [B2831

124 EFRHERRNVITHEES

HRFHIHEIY, EARIES B SRS, WInEATIR+F 285
B Bl E . SRR AE. BMER A - MIESNES, LRIt
REFAEMR R ZE S, WINAFE S 0307 RN, B0, XEE R
NG . AT D] AR AL R, KR E I e Y
JUAE SR B R SR, e EOKIEILT B AR S AT R R S SO E
YIS, [R)RE 2 IBCAE FE G B2 1 rh SCRE B X AN R 5 5 A8 K AR B8 {5
R, ANt 75 Bl 3ATT B TR 2 e B A AT K A2 XA SR I S A R s 1R At
TR EAE R ERE SCRARTTE, AARTES . ARBESEE. ARESZ
)AL 1 — PRAE B A H.. RARIE RS B4

1 i SR RAEARIE S S Z —FhEZR R ORE, TH
FEXT T B A F S . Yarowsky S P AR TS 15 F BT KT E, A
PIES (SLE) wnF & Wb E SR B sh i & HARE 5 MRS . X R 5 vE
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W 7R Tk R 2 T2 i b 22 iR S

NFRN “Hi4miE#” (data transfer), FEALE) 775 WA N FH T 85 76 5 WK A7 F)7% 47
PO OESCIAE SCM AR TERA . A TH S0 A BT U R A S M e e K T 1AV
B, B, P51 E SR AT O AR .

“BPR TR TIEAE L RS, X XOE AT R TR A5 52 3
X IR BRI, N TS E M R A, T, T ARk ) —
s 1E 5 IR ik —“P AT 2”7 (model transfer) FF 4552 2] 32 %, B,
McDonald% A A4 #d 1Y) “ 2 1a] 46 ” (delexicalized) KA 1) 7% 70 M 4% BE 6 B 2 7E
TETE T AEM E B EAT YRI5 0T B ARE 5 SCAR AT A1)k A8l 2 P DL 4%
CERETTCAR”, FEFE R R TR R BT E A AE ARG B 2 [ AT
. EIBHZ, 22N BRGSO MR R NIRRT — M E
AR TT 2R HEEAR T BR RAE VTR 5 i i — N2 T 0 M BRI A, IR A{E
UG TE T BRAE 0 A1 Ron AT I 25 XA R R RIE T L e N H T H
RS . BT EIES M &R “HMEITRE” eyt N T XA
FREEROEI 5 IRy WIS A 55

2. BIRAHIEIT ). ARBESREE, BB, AE. CFE, B
TIEXKAFERNIENX. EIRZFd, SR EMESRIE AR P
A NREM B AR B, S EIES. 07 BHR. BiRiEs
FFEERRETA. EHRESLOHE Y, FIEES S MERRT], LK
ANFERES B ER Ron A — D g — WE OB N, T SEI AR KRl 5 it .
tetn, iR A 5 EZ B R SRS AR R, %A K R
XTI 2R s o R IO 1 R R 35 4T B iR A (zero-shot learning ) 10U
SocherZs it — 00 B | S B ik (&8 SO TG R, B
eI T LA TR R SR R ARSI RCRIN, Rk & R B A
%” (Image Caption Generation) 1T 55 3= %2 K H{Encoder-DecodertE 42 >k SZ 3 [
53U Z 18] 43 A 1 R () Bl S 02

3. ARSI o). ML (BRAHIS) B4R S5 2 A4 A 20 5 5 Re % AH B R
(1R [ BL2.31 i BT AR f, A5 ) o 4 0 4% 8 5 AR T T 5 O 1 ] R
NAE INEREEAT 55 [1) 7 AE OOV 35 VR BE 1 20 W 28 () W) 4 Ak 2 30100, e g W 25 42 T
BERAE H AR5 ERRACR . R EMAE, AFRMESS 8 A LUE IS 2 500t = ok SEIl
MR, MAE S, BAESKEBEEI FEAMERTTE, —RERIESAT
WA B AR S8 (B 50 HEMAH T HARESBRIR AL, s 1E A
N Z B IR E . X PR 7 9% B BOE T H AR AR 55 Bl 2r s B> (L2 AD
FIETE. 5B —RKELZAT% % >] (Multi-task Learning, MTL), BIX} 2 ME 54T

- 18-



91 E iR

AL, MREE MRS, 2405 % )2 — MR KT %52
(Inductive Transfer Learning), & FH T HArAE 55 I 2R84 B BN R BB . 1E
LA, G AT ESRAN [FAE 55 2 8] 2K FH A UL A AR AR 25 4

AR SR G N ZAEF A G Tl A BRSNS fE IR
PR IR b, BRI A R X 4 2 T S B AT R R 5 H AR S5 B 5%, 1T
JE JZ B 73 AT 2% 7~ it ) A s o SX AN S5 AT LN AT 55 5 X B S Bt = AL
HIREA TR T R, ARG R EH AN S — D EERE R R %
MES B RBAME AL FAM) 41{T. Collobert&% it #2 Hh ) C& WS HY L0 0
W PERRE 74 SEAR U TR A EARE BTS2 S, BRI E. 1
AR5 Z T8 WAE AR 5 BAME .

MGt AL, T 2] — 7N HARE S5 4R Bt 1 #Ah 8 ) 25 s
FH—Ji WG AN TR EAFEES Ak E (Inductive bias) , MM 22 H 51T
55 LRI A . MOANFIRI A B, AT OIS 2 S — @ R Bk T A
KK E 2. Fee b, MHintonf) W 55 H &, FATA LUK IR 2% ) 3
il —FR T SCHI AR A HL (knowledge distillation) W04, RIS A5E Y A A (1] 0 1K 3
T2, HEEABHATRG. R, —HUK, HTHRESHNE RN
P LA K AL GEAT 5 A 1 JR) BT A5 AL 2R 7 2ty SR IR BR ], 35 T ) T 98 3 ke )
2RI A SRR N R 0 A1 R s 7 ST 9 NAANRITE 5 AN R s 28 84 DA
SN [T 55 2 18] 8RR T8 B iy SR B BLE

1.3 AXHMEABTRETLHE

AR ERE F AP EE SR W A (SR AMANE) B
LAl Lt AT, RGIRANMBE T 72T 0 RomEE S BES. B
PR 2 S AEA MRS TR S EOR. Bk, AT 7 P95 ) T
B (1) fEIEE R, BATHE I a o A 85 18 5 15 B 27 > B B L) o0 A %
AN, BAEEHERMZIE B RES T a2 7 R RN, AT A
Ron DURFAE AL AN T P bR AR 55, i 44 SEAR RO B i RCR B 25 A0 1% 4
AR R RAIE; (20 ERER T, BATHE =P i A IR SRE S KA FE
B ES 8 5 20 A Ron 52 2 ik, AN TSRS S AR A ) <RI R AR
MW7, RIET TR SR RE BT PR RE: (3D FATHE R G IR AT
T HARR > HIAE RGBS R AR OUR i) SE A RO R 2 R B,
IR T 2R RS EILE N DAL S P, 15 2 TR A fE W% A3 Z0h
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W 7R Tk R 2 T2 i b 22 iR S

B () FEENEHE, HATRE T MG WIRE S W ERELE, (1315 LA
TbRE 5T R R 7 RIX AN B AUAS [F) 06 25 B oAl S 1 1A 55 BE 8 HEAT B &
F2, JRAEE A OAREAE S LIS T 2T B AT A5 R

MHIRIERS A K, S (D) B0 0 TARERT 2 “BdliiE % (hfx
PRUEWRES ) B VE R BEAT 5 TR F RIR WS, AT B SR H AR iE S LA X
T SR DL T A RO 2. B (2) 0 (3D (4D Hi gy AR 2R
R TR, WERBEE SR 215 5 2 ARSI MmiRE 8. Hh, 2
(2) #oriT#e2: >] TAE & M HEERVRE GRlVED BB IE & 70 A R om R LT #
Fos A (3D (4) A AR W EE— 25 R R A e N 2% o il R R ICE
WA RN KT Z1E S ZAEF R . Bk, XDYE D AR L A R s
NG, RN RIS % Bl o Hr b B RGRIE A% 5kt 4T 1 &R et gt
RE S 3L 4 M AE 2 i L8 7

| BESAIRTS - | BESMILES
HTRGEVERIAY | | BT nsiE s BT ZAES2SM0 ||| W e U b
GRS RIS SRS ||| KRN KRG
(528 (38 (4% | ($58) |
’EU|5£
A TR (18 BN

B 1-8 I AHELL,
Figure 1-8 Structure of the thesis.

HARK), A58, SEAFALWT:

BIE, @ TACRERBETHE 5. B IR oA & o 0 7T R et
1T IE S0t BJR XA EEN R AT 1.

25, A xR R B R A B A RN AR RCRIEARE S T a2 X
BRI, 3R T 2 00 SRR X R A R oas 2 2 Uik, AR, Mg T
AR S SO L B s S . R S BRI A RR ], AL T R
R 73 AR IR, 1] SO o AT 2 7 B W BE R M 3Rk 22 SCIR R S ATk — 2
] RN R N T 2 SRR IEAE 55, IS 17 bL F [ B3] O3 A 3o B O R 2 I
PERESETT

3, AR TS S KA AT TR IRV AR AR IS Ve L AT
& PRI 70 A R 5 2 0585, o Bl S 1 5 BT 5 R ORI d . E 2B
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1, BEX 2SS BB IRAR TSR S Bk SOER T, IRy 7 UERE LT )
P 1R M U5, AR X 2 B R S 0 A RoR AT RS 2 . SRR U,
5 TE 5 0 A RN RS W 3K SETT AR R BT URTE 5 AR B RCR

Ham, R TETZRRSELZMRE LRSS FHIER, /A RE
FRBHELZ MM RE IR LG BB 5 He AT BAELE N H T 2 2K
RA)ER R AR, BAARRIE 2 15 5 R R % LUK R RS = 1 S A . SE8e
EW], ZAESERE WA RO SE B B 22 18] T M 22 2], R 3R T H AR L A
B AT RCR

SESE, ST 1O R TR SO AR 5 R R RN G TR A W g AR A,
AR T BE 6 78 7 S S 1K P AME 55 R O HL B = SRR AR BT SCHRFAE.
FVEAFAE DL SR SCRFAE . 7R L EEAIE 22 b, AT FR B 24T 55 5 S0 R0t
SKHL T A EPRES KRR IAEF 2RI FIIRITER . LIeRW], ZHE QX
PIAMAESS EAEUS 1 AT i df (BRE R EEBO AR, M2 AR5 I Mg —
RTE T A BFRERRCR, B2 1 H A& 1K
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F28 ETHEZRNRAXRRFE]

2.1 5|15§

AR, AR INERBAERRES oY SRR EENAE.
WEANHRIES REM R T —, HaomEonRy I3578 TN RGE. 1R
L2 A A, H BT TR A RoR S, EEAET U R
PAS BT “ T B AL T o e WA A A, IR A 1) 2 A AR 15 S 2 Firth T $i2
AT U IR, B — AN S SO S SRR B SOk E ). AE
A, FRATE T AW R I, AR R AR B OSCIE LN & L T A BE AE
I FRIE HARE 5 W “—m 2 L7 IR (polysemy) . X1 2 il &, W
“HIIR T CSEIRT S, CEATHERIE AN [E S S B B B SO AT AR AE BRI
55, DU IR 48R 43 ) R s 5% 2 J7 v R T B R RS B S AR — NS
K4, FHERS A S K B OREAT Y ). X P72 2 X
] ) B AR N, SERR bR i 1m] 1) 22 Fhia] SRR S AE [) 5 [R) R SR B A v 2 A H0
SRTIT, FEB A A R J7 0 A7 18] SR p 838 0 ISR A T, X P& H o
N EERNH GRABRLE R . VR ARMESS) i R+,

T B R GE R A F R L i, PR AR T “ZmE” B
(Multi-prototype ) — X} T3] & HH ) &AM A], 43050l % ST KA M B3R s, H K@ T
P BE [ — AMEOOUOR A0 T A% G S ) BB, XM T vk A R B A X — A
) R SR A AT B BN R MK 43, (B 2 RS R A [R] R e B E AR —
B, S — KR R HOR IO AER 2 22 3] (1) 1] 3 B

FEARTCH, AR — P fa) 5 R 73, R XSUE P AT 208 ok 2 21 1]
LN AR IR % IT IR B O AR B S 0 B4 i AT 1] SCUH 44 (Word Sense
Induction, WSD), 2R J5FEFRIC T i8] S I #4 b A8 F w8 X 2 45 5 A AL gk 47
AR X, AETORER T BN SCR M AT, AR
FH RCAE B2 500 T 0] S W B F SR IE A7 98] V4. i, “l k™ B ek SR 5

HEN A investment, overpower, subdue, subjugate, uniform55. H.H, overpower,

subdue, subjugate3Z 15 [Fl—F & X, Mlinvestment, uniformzZ ik “HIR” W) 5 —Fh &
o AR E SR, FRATT AT DUIE i oo 8 1 ) 3 AT JR SR XTIk AT 1] LA AN
BeRoR, FRATK AT SR A5 0 3R] SCER R0 i 00 R S L R B AR E S, A AS 2|
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52 BT OGE PR 1A SRR )

T AN FRVE TR SR H AR E F B . Eiz8dE L, RATERESA A MRS S
BEAY AT IR, S n] 45 23R SCHO 73 AT R o

N T xR oA R R AT VRA, AT 1 A T S0 SCE AR B T
frya e, HA X401 A X #EAT AU bR, SEIR R B, 5 R R R U
KA R s M LG, BT 30] S o3 A 4 om 3 T 28 SCiR] AR AL 1A A v 58 D v
o FATHE— DA ERAR S5 —an 44 SEAR IR (NERD v, SR~ B RFALE A 5
O8 ([L2.305) X i) LR AP A RN AT WA . Ak, ATEE— SR H —F B
B T8 A A 42 W 2% R SOTE B R, DA 52 B R SO0, SEER S5 SRR B,
P 3R] SCER ) 5 AT 2 7= R AL S 325 18 0 17 B R] 20 A R s AL

22 BREMEXIE

221 BFERBERNEESERNHHRTE

BAVFIIE, M W2 1E 5 AR B AT o A KRR F M FEE ke — (L
L2015 . H MBengio® A20034E o IRFE H “TAHR " 1) B ARRAIE i oh B A T
AT A M EE SR, HIL T — RS0 TAE, W B-0EMiEs
AL B b 22 ) 48 15 S R A (RNNLMD BOIZE . Horh, 75 3R b £ o 4818 5
A B T AR I AR A R YRR, T SRR T 2 B B AR AL HE A
NN ES

AT, FRATHE DMikoloviE A B R F 1416 2A 1 28 [ 4% 1 55 450 Y U081 gk
filf, A SRR R R . N E S B, 2 B2 24 AT [f1One-Hot
NI As(w,) = [0,0,...,1,...,0], PLE E—BZIBREEDMERHER . 8K,
Ko J2 R LA A 2 T |l T AT

h,=fU-s(w)+W-h_; +b) 2-1)

y; = softmax(V - h,) (2-2)
Forp fAR AL O s AHIE T b A A i sigmoidek 2.

I8 % K FHIBPTT (Back Propagation Through Time) % yENOI5R 14 5475 4 4 245 Y
P SRR B, IR R B BELAR B R BE (SGD) S5 Ak 75 ¥ % % R 25 34T 1)
Y5. t5Bengio A IR0 28 W 4417 & BN [, AL O N IR O T 24 T
] K 1) £ One-Hot[r] 8 % 7, AR RPN . Bk, 98I0
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2-1 1HI A A N 2818 = Y,

Figure 2-1 Recurrent neural network language models.

B Ja, FATRU - s(w,)——BIVBUEAE FEU X Biw, 1 51 [ 5 ——AF yw, 1870 A &
ZN IR

222 HEZ XA HRTFS

—i 2 SGE AR E LB A A LIS, R HARIE F U — A
HER Y. A AL SR B R B A R s s IR T, 2 SCIE S UIUR A TR S
PR BT AL Oy T WE IO R B R R R VR, R, AR
KA AronaZs it 1 — AN SEARU, 32 SHGE R R TE AL A P ASF B3 Cufily)
GIADHINGEF ), AL “u5vRwl Py RRE L7 X — 1. 1k
FEME G I MuEvI AR R R ew), e(v)5H I Jawh] &K Re(w)Z 8] 11k
FRo WIEREKM: ew) ~ a-e(w) +4-e(v), Rlwia RN EPR L& EIEANR
W (ulgy) FRERREEMEH S ZAHG NEE 2 R RIE R
TN A

N T AE A RN I A SR ARE N 2 X, B LA S AR B
B 73 A o 5 21 5 3 SO BB R 25 5 kg ok 8 S R P ] S B R SR gt
179 ChRiE, RS FERRIC JE B9 ERE LI 2R 15 A AN [ 3R SO B A &R . FESE
B RES TAR, WA A7k, AR T XA R . Kk B 5
M TAETT A3 AW, 7 dn) e 3 1 AR B 05 ¥k DL L 0 B 5

-4 -



52 BT OGE PR 1A SRR )

He T RN [0 07 i B AR N T B AR (WiWordNetHMYEE) ok
Ty € ) 1R S, B X R 7 AT 3R A5 I I R R & “EEHL” 1) (grounded) .
UTacobacci&EHH i F BabelNet 2 24 id] S %111 2E IF 18 F Babelfy™ %} & k| i3 17
) SCTH B AL, Chen®s N4 FHWordNetH By e IR L iR, $& it —
ol fe B P B T 1 B AERLUIE HE A R 1] SOV 807, #ET A T SRR ). i
4, Rothe 5 Schiitze M| 3 — % F] FlWordNetH Bt & S 1) 18] X UL K 18 XS5 45 B
(an: BRI R REE) K2z ) R R,

76 W B 7 95 D00 AN MR N AR R, T R AN B Bk AT G R B e S gh
(WSD . Reisinger5Mooney & X # th 2 [a] & £ /<158 (Multi-prototype) 1%, g
M BT CRER 7 AT 0 SOE A, SR G SR 1 i SO B AT
A R IR ¥ 2] . Huang®5 K B 7 R ABL kU0, AN [F] T-Reisinger 5 Mooney i F &
B bR ST AIE ) 2 AR 9 SRR B LA, AR ATTASE A B TR SR ) 40 A R s ] BT
VENRITR ) £ . BRIk b, Tian%s: %fword2vecH [ Skip-gramfi B HE 47 T 7 &,
MNTIT 4t — b 5 Dy 7 B 00 T 1) 22 1) 8 3R 7 2 ) BRI EHOL At AT TR 3] SUAE 9 — A
B AR &, XfSkip-gramtbi B rpia] — bR S TR 2 34T 43 i, AT AE A B 5
BEAT 1A SCIH AN 1E B0 S 3RS AR 1 2 ) R OR .

SRR, T RN VR PR R D7 VR ] SRR ) A S SE AR, HR 0 BRI
BORWEE, LR BBIFREANTENE ST FIN, ©7E SR i N 2R
2RI SO B R S e . o B 7 S e, H 2 T b AR
TR, 48R A Y RN 1] T 1 9] SR ) O AT R RE ) — B, 7 L RR
il 7T X R IEAEH . RN, BT BN SCER SR SR8 7 R BN
R JCHAETE RIS K BB LT .

AL IR D7V & T R e B T . JRATTR R B R e Ak B S
R R R A, I8 FH A7 S A% 8 58 28 B5002 oR Ml 1] SR ) ) — B

B

2.3 ETRERFEMRNRRFEIFE

S K VE A1 A 28 B T X008 B 13 LR 2] TR Rz JT iR, AT
B G 1 %Galess NHALL K ChanfINgSF NS HYOCE £ 5 3l 3R B SCH 5
(WSD) Il Zr e dls 19 AR, St 1 — F 3k 3 001 B U5 B 3] SR 9l 7 ik,
R D5 A PR A A A 22 I 2% 1 5 R R AE 25 A 3R] SR b il I Bt b EAT 0 A R R 2
Mo RN, AT TV R A DUR YA P B
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W 7R Tk R 2 T2 i b 22 iR S

L 8RR . MOBUTE P AT Hds b il B H A iE S AN R AR RS S R

A
2. BT R AR OB £ BT R, M AR
il .

3. B5TE T A WA, R SCISRMG & HARTE S P AR A T (token) s A
45 3 — AL 18] SChR i B 35 L
4. 3ATR AR A EA PR N 2518 5 AR 2 TR BEAT I Sk, BET 3R
518 SCHA ) 93 A LR o
BRI AT =P R AT EEAN 4.

2.3.1 EPiFia)4hEY

AR ST — T 0L 1) ] SR B R R O . ORI EAN T
X FF AL, ide = (c1y e e) N — AN LAF, ide = (er, .., e) N H HF
AT SCA)F o 1A% SRR AL AT LR IR A

p(cle) = X4 pla, cle) (2-3)

p(a.cle) = [T, patajla-. Hpi(c)lea,) (2-4)

Hrpaya) TeR|ci X T, aRmed Ba N (ep) He i (e X

7 pilejlea) BRI Ne,, Elle, BRI PEABE 26 . T8 Ik 0] 5~ P A 28 7E B AR B0 L B AR

BREHEAT AL, 8T LSRR AS R0 2 8] S A IR R0 5, DA OB TR R 2 TR [
[ERE

FRATR F Liang 7 41 Hh 0 58 - 0 m) — S5t (10 1) 5 S A5 RUU0 - 3 28 5 2% v
o R[] B PR MR R R AT B IR R . BARET, 4508 HARWw,, XTI —NEES
WHEE: we, HAETEDWwe) 5 pi(welw )Y KT IEABIMES € [0, 1IE T, A4 #
WA w 1 — A BB

232 FIFIRERE

ROk, BATX H briE F A R R SR S AT IR, R AR
B A F o AERREREF, O 7 X 5 1 2 8] ) BEAT L, 3RAT
B e EOR AR AR R R s R A SR RCRF IR R R B R R Pl
W AEYRTE S I B 30, IF AR DY e SRR, BRI R U7 2 T

EASCH, HARE F O S0, JRIEF N TEC.
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52 7 B0 B 0 ) SRR ]

Bilingual data TLword | #iIAR
(E: English, C: Chinese)
N E: --- subdue , conquer or control the opponent . - 3?]?%’:_?“
C: -~ LI , AR S X F overpower
) E: The workers wearing the factory 's uniform -+ O Extract| Translations subjugate
C:H% ] Bl i) TA - vestment
s E: She overpowered the burglars. | | e
Coitr il T Bk .
. E: They wore their priestly vestment in Church . @ Cluster l
C:7E #iE , AbAT B2 MU 1 Bk .
il st \bmm
5 | eeeenn (clothes)
® Project l “feccccccccccccaa o 2
- m (defeat)
Monolingual
sense-labeled data
L[ R g , EMR B 420 X T .
2|55 %) il gy B9 N - Sense-specific

@RrNNLM  |Word embeddings
- HIAR 20 | < vi™, o™, o, Wt >

4 #2 #2 #2
M#z <V VR L, U >

w

i Bz g T OGIK

I

TE 0, AT B PO i sl 4

5 [ereees

K22 B R, A TL (Target Language) Rox HARIES.
Figure 2-2 An illustration of the proposed method. TL stands for target language.

FAMN KRG, T RMEBER Y R ZE. Fit, RATFEEE S0 MRRm
BAR, G U5AE F i 1A AR ZE 20 A 2o 0] B AR O F T SRR IR RRAE 1n) B2

] SCRSE R A ) Jy — S Ok n) e TR R B M e . AN R A 2 B )
BHAAEE, ot “477 78 A B SO b “Hik” FE. K, W HRKS
52 (k-means) DA KH 0 5K (k-medians) HiEHANERH. AT H, K
IR FFreyfDueck K R AE (B2 & B w05 35 & #& 5% (Affinity Propagation,
AP) WL Bl P S5 & AT SR 2. AP IS 32 2L AR R 08 I 70 % SRR AR s 2 ]
AW £ 38 15 B (message passing) K% H & MR FIARFE AR (examplar), DL5E
BRI S Bk O UK EIEAE, APRRATE ZEN N REHE R
H ., T 22 3B A A AR A A iR 3 A1 SR B A 7 5E

FR-AFP A T — SR, R 8 T O R B B A5 R, 5 =8 R
BRI BEATAPR RS R TLLE W, BB RIBGHIX 70 17 H 5 i 1
W . SKHPOD R RBEREIEMEL, EAPRRM G R, A KN H O
(Rlexamplar) NFEAZ —, RIER IO I

2R 32K F 1 7 Collobert =% 71 WikipediaZit 4 & Il 2515 2 (1) A FF 1] W & (http://ml.nec-labs.com/senna/)) o
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W 7R Tk R 2 T2 i b 22 iR S

0.1 BV L A RR R, Akt AR o E s | s haaln,
B HUNAPR R R (ER3.2M).
Table 2-1 Results of our approach on a sample of polysemous words. The second column lists the
extracted translation words of the target language word (Section[2.3.T)). The third column lists the
clustering results using affinity propagation (Section[2.3.2).

TL Word Translation Words Translation Word Clusters
R investment, overpower, #1: investment, uniform
subdue, subjugate, uniform #2: subdue, subjugate, overpower
. blossom, cost, flower, #1: flower, blossom
AR
spend, take, took #2: take, cost, spend

#1: France, French
. act, code, France, = oo
R #2: law, act, code
French, law, method =~ -
#3: method

#1: leader, leadershi
A3 lead, leader, leadership =~ oo O

2.3.3 BB S 18 W BRET

BN OR, AR B b A 2E IR TE 5 v ) 1A SCRISE R ML B HARTE S, PS5
A SOH A RE . 3T B AR Ew i & AR 00, AT E S FRIE S S 2
X T M A A v R AR Dy FAE S AT TE B N MR EIA, 1 0ve R, AR S
BEA ] SIS A Lo r] 22 18] A ARAUE - i % A AL EE 85 v (10 SR A Db ) 3] 36
A FHEXWHEAT RS, W0 R 5 IS F AR T 5, A BATEAARIE wi
HHV BN IR SR AR ok, AT H bR i S i Bl A R AR 1 R SO
2, MWIMARAS T —AARIE 1 LR TERE. JATTBE — D A 2 i b A i A
P2 5 AR AT I SR, 2 2 3 SO TR R I 0 AT RO o

2.4 WX HRTANA

W XA B TR 2 ARE 5 AT S A% A # B, b sy 4 SL kiR
SR, “3E7 AE R IA B K NE S I ROAR T N 4 (Location), T £ 3R ik
LA S, WA R — AN & SE k. 2R, “HeREtm” BE RS L2 A 48 Seqk
(Person), Ayt 4 52k, Rk, w0 GE% 15 2 R /ENEREE &Y b 5] N 1] SUAE
B K 2 WNER A 1) S A BT A8 A

FA17E FE Turian®% BT K FH 16 75 70090, 22508 1] S 23 A 3R 7w DA I B RRAE (1)
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52 BT OGE PR 1A SRR )

F 3 FNERIE %50 SAT, 0 XA i dm i, i — Al i s %
A4 B R FLBCF A, BEREF 7 5IR TR R BB T 4 1 4 2.
T 6 FINER P A 3 1) SCF R, FoA) 75 B 9 28 A T8 47 340 SO
R J5 A R T ] SUF e R 2R KL, A4 I S B — A
B E IR, R — T R (] SO BB, (RS T, TRA A O ER
o 2 0 24 5 MR SRIEAT R RE B AR (0 T

RATHE, 5 2 B8 A A R4 o T OO A T BN
B pOv w1, o Wi )o BRI, BRATTTT BUAR 46 M 4955 4 A 5K T
WA T B 0w, WATTA 5 25 BT P T S 2 AT 55, 2 Ak e L
PR i AH  B FERE PR T 2 e, SR T D SCK M A
FRACHG — AN T, o 5w, 1 R 1) S, 64 T DA B T 3 T o, ) i
SUKHs:

s = argmax p(w,* w)" ..., W) (2-5)
Sk

RS M BN SCwi s e wen B O REFRIC T X, p RIRATAE B — v 52 =) 0]
X3 A R R P o 22 W 28 05 S AL, wT O, JRATTIF A 7 228 A 89U Zr Ao
DRI, f B MRS D7 2 B 22 A AT BfE E SO 8 R, P UIuid i
W ER-3T s T 7R T + LINE 20358 (3] SO, 38 B SR B A B 1 (i)
WIRATA T EAE A R BT R0 — i &, A & Z i Rw A
T AR IE N MR 26 4 A0, I i 0 ARE R A vy 10 T SCAE R T ) 45 SR . B9 -1
AT o0 A ) AR R

T Z I — AN R AR B 2 5 ] g AT S e, R 2B R B S SR
B MRAAFE TSGR Bk, X3 0) e i W E 5 2 WA A IR R 2
) (RAEREM(RREIRENR D ER EXUEED . R, O RE S 23
iR A&+ Cerror propagation) M. A T /b X 451, FAVERT — DK
iR B kAN B AT BE IR P41 (top-k), HH R AL R (beam search) HEAT 1D,
PLSRAT — A2 5 SEAR 18] SCF 81 e R0 T ) Fx, FRATT 8 i A 44 R 45 21 1) 34
X P HNEEE NGEN(x), HraEA-in U FI 708 BT 20 e

score(q) = ) 10g p(qlgyi-1) (2-6)
AR SR 31 9
y = arg max score(q) (2-7)
qeGEN(x)

0 Do R TR R R ARG . 9 RS B FHRNNAE LR, R
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Input: Sentence x = (s), wy, ..., w,, (/)
Word sense clusters: SC
Recurrent neural network language model: RNNLM
Output: Word sense sequence: y
fori = 1..1en(x) do
S = get_sense(SC, w;)
Select the best sense s € S for w; according to Equation
yi=s

return y

BOK 2-1 B TR B3] SO Boon O g .

Algo. 2-1 Transition-based greedy decoding for word sense disambiguation.

10

11

12

Input: Sentence x = (s), wy, ..., w,, (/)
Word sense clusters: SC
Recurrent neural network language model: RNNLM
Beam size: B
Output: Word sense sequence: y
agenda =[]; GEN =]
fori = 1..1en(x) do
S = get_sense(SC, w;)
for q € GEN do
for s € Sdo
insert(agenda, expand(q, w}))
end
end
GEN = top_B(agenda, B) > ranking according to Equation
agenda = []

end
Determine y according to Equation and return.

BOK 2-2 BT HAE B SO B R AR

Algo. 2-2 Transition-based beam-search decoding for word sense disambiguation.
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52 BT OGE PR 1A SRR )

<
Last word Next word
h, (sense-labeled) (sense-labeled)
//H\\\ S
(‘\7,/ B W,
| O
I E
| h ]
Se t Sa ®)
Wi OO Wi B v 9
e wz L4 h O
o : e
5 ht+1 Se O : : ; 2
Wi > >© Wiz © B max
T Lol
P B (@ : >
e [ ] w,
4 hr+’7 ~ 8
Sx - Sx .
WHZ > :@ WH3 ° 8
N\ e
| Y
(] S0
i ~ Shortlist
hr—l

\

2-3 HETRNNLM A SCH B () BLR b s id f2 (4D
Figure 2-3 Using RNNLM for WSD by sequential labeling (left). Decision at each step of the
RNNLM-based WSD algorithm (right).

ATTER PP B S0 ASE R AN 36 2 B 2R AT R AR5, TRl L AN A7 22 T IS T8) PN PR G 1 4 )
ftd . X2 RATEFAE R AR4ER L (Viterbi) fift 5 1 1 2R A

2.5 L5 a4

FEIRX 0, FATaE i S 96 A AA] SORTABLUEE BL K B J= B2 A A )= T v i) S )
AT R AR EAT VR RATSE A 4R S 56 P FH B Bdls DL R AR R I sk B i L, A
K LERE M.

2.5.1 LWIKE

A SE 58y v A P 6 OO P AT R I RR- 2 R . FE BB KK (> 40) HUK
(<100 AT 2 )E, FA135918,68 14 XAE A) X (Z121.7MANE)D) « FRATTME
FBerkeleyAlignert Vi 47 18] X 5753, HRAF AN UG A1) 56 A X [a] 3] ——1a] % 5% 1
R, DL SCEEROOUE 1) 3R B R EE . FRATTE H scikit-learn™ 24 S AP TR R K4,
TEERNAZA, TAPEETIRE — A AESEI N “Imit” (preference)
XTI ARBMBHE AR BRI “Anid” (E 8Bk A 2 RE

3code.google.com/p/berkeleyaligner/

4scikit-learn.org
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W 7R Tk R 2 T2 i b 22 iR S

BH. FEARER R, BT RATEA T RS A e R S, LR A
A APSLYA I “fhihy” H BT AR A RE DL A I O P G e, AT 675 K 5
e A6 I Miikolov2 T fgrnnim T ELS Sk i 26 40 B ol 22 0 46 18 75 B0 9 3 1
/T AT R, AT FOR A W50, B, AT 3E3RAE T217KAN
[ 5 A5 B, E 55 M SUEEN R, 8.A% I 72 AN LA, B % S,

22 WEPAT IR RHE SR 415 2. X TLDCO4E12, FATRHI19984E 1) — T 4.
Table 2-2 Statistics of the bilingual parallel datasets. For LDC04E12, the subset from 1998 is used.

Dataset Source #Sent-pairs
LDCO3E14 news of FBIS 253,202
LDCO4E12 United Nations 624,954
IWSLTO08 IWSLT 2008 Evaluation campaign 39,947
PKU-863 Peking University 200,101

2.5.2 3% AR LE TN & LR T 45 R
BT —"NMARREEZ N MR E, FH, TR Eefly, FRATR
B KA (MaxSim) 5-FMLE (AvgSim) PR & by NS,

MaxSim(u,v) = max  s(u’,vY) (2-8)
1<i<k,, 1< j<k,

k, k
1 u vV
AvgS im(u, v) = DT s v) (2-9)

ku X Ky i=1 j=1
Hotk, 5k, u5vI LEAEH o sC, )T PLURAE R — RO UE L X LR
155 1) 72 cosine FHALLFE
A8 ] JE AR AL BT g b, AATT A w48 B BodlE 4 2 WordSim-353 (2 30)
U2 al # 5 H6 B oh S RAR X e A A b LR A S 2 SE, AN &
T AT . 1 H O RER TAESCE ALY, MKE — xS
Z S]] SCHRT AR UMPE PRI ER . D VAN — 2, AN LARE T — A2
SCE AP R A . DAR 2 AT B AR bR
FATAE Wi HowNet (1) HARU2 g Hy gt b £ 415 £6°. HowNets/& — 4> LA
Mg i (1) 18] 3 T ARR R & R X R, AR /s W& 5 L2 2 18] DA R MR 22 B

5

www.fit.vutbr.cz/~imikolov/rnnlm/
*HowNet#: 2l {5 & W.:  http://www.keenage.com
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52 7 B0 B 0 ) SRR ]

A & M T8 B 98 RO HEAR A B RATR PR . 0 T 0E T EE, HowNetb
“CUBR” R E/NE SCEAL, ek TR EE B R L. JE T HowNet, FATTHY
AR E R FE D AT =P R
1. 2 SO, AT E Je M B HowNet T 8 SR A AN 1] FR A ] S0 K Fl
B2 X]. SR, HowNetH B & W] ORI FEAEAE I 40, X TR 15 5 2%
RN S A S X o B, FRATE N 0S80 fh U (1) 22 3 in] i3
AT UE, s 7R LR SO SNSRI 2 S .
2. B R AE A B o S T SR RS 2 SR w,  BRATTRAE A H
fib R R 5 22 R BRI 0 o SR HH BRI AT LA N R SwiH G EE TGS,
R N THEAT R, WA 1% 2 S i) LR B A7 Chypernym)
~ 21 Chyponym) . [A] 2% A (sibling) [F] BT X 1A (near-synonym) .
S XA Cantonym) 8% W A& RUAH SC )il . oo 1a ) A BE ML R AE .
3. AHBLEARTE. WL HEIN 2 5, FATE SO B RIE T B Lot 7
g BEAS R BEAT AL BE AR D, 2 % WordSim-353,  FRATTH AH 8L E 1B
PR i1l £ [X 18] (0.0, 10.0)0  [EIBSF, A 7 AR UEFRVE ) — B, FATHR LR 75
A R TT Z /DT LOM R A o e &A1 — L3RI 74014 bt — BUVE BT
R XS o 5 WordSim-3534H L, AT H AL FMEE £, BEHiE. 4
i, A%, i WordSim-3531 I 3= B 4 1] .
TR AL T — H bR IR Bl

K 2-3 2 SCHEARALEE VP A B0 88 7R . Mean. SimA AR AL FE AR 1A I3 E,  Std.Dev i br#E %
Table 2-3 Sample word pairs of our dataset. Mean.Sim represents the mean similarity of the

annotations, Std.Dev represents the standard deviation.

Word Paired word Category Mean.Sim Std.Dev
s Menguer  synonym 860 029
B Rlkey poie unrelated 0.12 0.19
B enter autonym 7.90 0.97
s neasymomm 786 076
e Eplan siem  sibling 7.80 0.12
WML, topicrcaed | 586 090
i} Ty food hypernym 6.50 0.71

ATAE ZEHE 4E L FH SpearmantH 5¢ & %o UL K KendallAH 5¢ & Fr it 47 VFAT S
g BNk R. AT ULE Y, G A AR ot T2 SUE A AL B %) i g ) 35
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MTHERERR. P, RIEE 2 MERRY 7 (Multi-prototype)
HEAT T X E . fE S Huang®5 A BOENA, X T — AN ialw, B AEE B 1) B AS 1]
TS i e B R SR e W B R R R . AT BN SCE %810, TR, X
Fr B m kAT 35 5 2, RATAE T 4R E XSk B #EAT R0, A& % N2

LIAVRBE V2, 2 ERREA IS TURK AR, HrEae 2 MK
TR P ERR. REWE A7 M FEEE R E LR —FRg”
A2

£ 2-4 1E 2 SUTE AL B4 4 I ) Spearmantt 5% & % M Kendall A 5¢ & B4 45 .

Table 2-4 Spearman’s p correlation and Kendall’s 7 correlation evaluated on the polysemous dataset.

MaxSim AvgSim
System
px100 7x100 px100 7x100
Ours 554 40.9 49.3 35.2
SingleEmb 42.8 30.6 42.8 30.6

Multi-prototype 40.7 29.1 38.3 27.4

N AT R AR R — AN EMI NS, RATIIEME PR T
— e 4E], R 1A A A R R T RS AR & AN ST AR, 4 B R R-5 R.

R 2-5 WA 2 SR 1 R] S A 2o T 54 B I AR AN [F) 3R] SO AT

Table 2-5 Nearest neighborhoods on a sample of polysemous words.

TL Word Sense Cluster Nearest Neighbours

. 3 =
#1: uniform 7 %dresxs §Egﬂ[ipoliceml/m uniform

i #2: subdue T W e pears 5 WMpears TE MR conguer
g Hspend B Seow, 1 B sae, B Frea
#2: flower Fegreenss Wiears S fruir
#1: law 152 ordinances V5 Fvitts 125 rute
B #imethod Mo Kschene
#3: French T8 Germanys Wrussiar FE Britain
g Tlead I B superviser e Haecision

#2: leader o %’;chief, b A poss

2.5.3 A B SEMIRA ERISKIEE R
FATTE — 25 A v 3w 44 LR AT 55 B XS R O A R R BEAT VEA . A A4
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52 7 B0 B 0 ) SRR ]

SEARAR BT 5538 B R — A AU bR VR ) @, B R 1 A G AT AR A
TR XF MR FR A AT R om N “Ar B+F” IE R, Han “B-PER” Eox A 44 5K
EHIFFEG, “I-ORG” MR 7R 1Z A AL T IEHA 44 Sefh 2 a5 R B . JRATT
2N R H #1998 1 7 4y 56 H 4y i s B kAT seie. J5 a2l h bs v 7 7h
5K, Rl N4 (Person), Hi44 (Location), M4 (Organization), H
# (Date), W}[A] (Time), #r¥ (Number) LA A H Al (Miscellany) . 7Sz o
R FH R I =P sk 8. N4, LM 4. RATER LA 6 1)
AR AE RN GEi374260 7)), 63 4 Hdl 1 HI2,0000) 15 9 7F Kk 4R,
J5i8,000 5] 11 I 1 5 .

N T AENERAE 55 T A8 FH i) S0 A KRR AR, 3RATTE 56 77 EEXTNEREHE 3 17
T SCTH e BT 43 A R4S R BT A B B R R (ST R SR 2O
fiff E NEREL A A0 B AN 18] 098] R X T R Ak, FRATETF R4 EX AR
Te % (beam size) HEAT AL

A SIS SR FHCRFARE B R AT 15 5 bR, AR A6 J7 325 D08 FHIL2 00 D 1) 8 AL A B2
F% (Stochastic Gradient Descent, SGD) . R fIE A5 b 11 K- 7. % T 5 7] B 4] 43
AT 2R 7N REAE B 17 S A s R, FRATT I8 98 FE DS B R SR .

% 2-6 NERFHERMR . H P Prefix/Suffixy il MUK NIRRT 28//5 4% Shape & 7 i Y
KA, a7 bE; SingleEmb iy [\ & 1A 40 4 K 7 SenseEmb A 1] X 73 A KR o
Table 2-6 Features used in the Chinese NER system. Prefix and Suffix are the first and last /
characters of a word. Shape indicates the shape of w;, such as number or alphabet. SingleEmb
represents the single word embeddings of w;,,, SenseEmb represents the sense-specific embedding of

Wiy in the sense of s; .

00: wip,—2<k<2
O1: Wik © Witks1,—2 <k <1

Baseline Features 02: Prefix(wi,D),-2<k<2,1<1<4
03: Suffix(wipg, ), —2<k<2,1<1<4
04: Shape(wj;), -2 <k <2
SingleEmb(w;y), -2 <k <2

SenseEmb(Wii, Siwk), —2 <k <2

Embedding Features

TATE 5 2 52 3R] S B eb oA 4 2R 9 B 6 TNERSS S 1 5 0
R T TENERJF % 4 P b6 %5 AL 48 R 98 B i As 4. AT RLE Y, MRS R
Jgalt, NERTEREA 53 3T 24 9% 2 4k 2L 9 ik, NERYE g 1032 FF i T
%, [FIWF, Sp R A AT R E R TR RS BB IR THE, X
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Figure 2-4 Performance of NER w.r.t. the beam-size B of RNNLM-based WSD on development data.

L Turian® [ 5256 ¢ 39— F100 i 45 A 4] S o A 327 W AR 7 B8 K48+, 1
MK AR B 1 S 06 45 B a0 RR-TV s, 5 R R S 43 AT 3 R [ R R AR L B ) 3R OR
PEFHE1% (88.56 vs. 87.58) . 1 It — testXf & Tl 45 R #F47 &5 & PEAG 46 1B
~p — value < 0.01,

< 2-7 NERMAEE =i 25 R .
Table 2-7 Performance of NER on test data.

System P R F

Baseline 93.27 81.46 86.97
+SingleEmb 93.55 8232 87.58
+SenseEmb (greedy) 93.38 83.56 88.20

+SenseEmb (beam search) 93.59 84.05 88.56

PRI AT BE, 17 X5 A 28 7~ R AIE B N 6 T NER A 25 SCAR] 7900 4 o 2k
BRTEE . N TR ZAR R, AT — VP NERW A 45 5 A 22 S ) 9
B . X HIRATR A 2 TR T #EAI % (per-token), TIEE T2k, XF+2 X
VAl B AR S AT A% 48 FlHowNet.  FR-51¢ WA 4] S 40 A & 7~ 5 41E 1 2 1 ot 1 2 X
T 2 B THE A, T B ) B R N R AE £ A T 2 S ) T o A 2R
A TR, FIE, B BN SCHAT T 1] o A R R R T R SCIA] 1
MR & SN E 752
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0.90

O Baseline m +SingleEmb O +SenseEmb

0.80
1

per—token accuracy

0.65
1

0.60

Polysemous(2) Polysemous(3)  Monosemous
2-5 NERJREE b 22 SCin] S B SCTa] {1 1] T 2% T00 6 4 % .- Polysemous(k)# 7~ HowNetH filf
SE R UK T 55 TR 5 .
Figure 2-5 Per-token accuracy on the polysemous and monosemous words in the NER test data.

Polysemous(k) represents the set of words that have >k senses defined in HowNet.

2.6 KRB

AR ZEE X EARTE S A A H WL A 2 307 BUGHR H — RhEF UE B
(098] S A R s 2 21 7 i S ARG R ) s iR RORAH B, 1] SRR BR S T I
WA Z ORI IR S o T 8RAEE L RRA8E, BIOWET —Eh 2
SCU AL RE VPN B8 2, 7R iZ R4 BT &5 IR BoR, 1] X A Ron AR
TR RS ARRULET E T XREMZ mERR.

AREW R — A BB R TTER R TR T P IR TR PR A 451 AR A ) R
B R SOV B, TS AR X A R R Be 8 T (B S T R AR SS . AR
SC A 4 SRR R B 25 IR B oR, A BT R R BRORARAE, 18] X0 A RN T
fIERE 0% 7 K T 2 25 I MR e 4 T, JUILR XN T 22 SCIa) | FRUm o 1t

EARFENTAEY, ATS LERH 2 R BB, AR A28
P N 2578 5 AL (RNNLMD SR 2] 73 fi K 7n . SR MRNNLMYI 250 B 4518
XFF R IUBECHE AL BB 1A PR Rk, 7EARSRM TAES, AIAEMIE R
R, dnword2vect?, & B R B kAT A A Kon o). 5 R,
FRATT A T AL ) 285 e B R P R ST B B
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Iy RV Y R 2 T2 e 2 8 3
EIE ETHMRTNBEIBSKREAEDT

3.1 3|8

W AT #)3% 7 M1 (dependency parsing) & HAE S A Z OS2 —,
B AR KA SOEN B ARE T A F I NS G W AT T, B8R+ T
FIIE AR IR S5, A AT LA 32 31 4] -7 PN &6 18] 15 2 18] FR) Az 2R 25 45 i B A5
ok RU, da K IKAE el it R R P A RIRFEEIE S L, o, H
(5. X TREIET, NMICSERE 738 MW ERIE, 7] LL7 (8 3 B kR 21T
FWEBEES, /i, EiF EIAART7,0002 FESF, 40K580108 S A
(BREAFAEN D 2D 0] R AR 22 o I8 2 FRATT T I 1) — A o< ekt i) 80t 3t A2«
W] 3 B0 X B8 F I SCR AT )L 7 25 8 B AV B AR TR R A, AT
TG IR R LB I EW . B 15 T bR B J7 RN DL R R BT 78 07 EPR R 0 B R
el 5 AT AL . B RTEIEF R BUIR KRG, BB 7k redic it & A
IR T EE S IER R AE TR Rk, A EERFMEMIER L, B
b7 F FH 5005 = 5 WIS 5 W EE BT R Rk i 2 B4 vT F T SRR AR SRS F I A0V 4y
Pris.

HAT, BEALTR 7k S mim w7 Bk 1 AEE S Z AR s
FRAE” P890 2. ANFIVE 5 2 (8] HH T 18] 55 A [F] B iy SR I A vk 46 40 22 5

FEA)VE S AT B A v, R VAR AR (R RR AR S A R R B B TR S
AR, HXF T 9k o & A om0 K . A [F T 5 2 18] 1 16 &8 % A7
R 2R, SRR IE LR EATEEST TR AT 8 XA N>,
McDonald%E ANPSSR L 7 “ Xm0 467 (delexicalized) W&, W R A M. I 1
KAFIEFICACFRAE R 7 S BB S AL, X7 sNE SR P AT, (H2lH Tk T
WTCAGRRAE, AE A3 Ak A P RE B, JUH /ZLAS (Labeled Attachment Score)
{H . Tackstrom®§ AWMk — 5 52 th 4l FH 5 15 55 1] 28 R AR AE SR R A1 1l VAL e iE 1)
SRR o 1R BRI AT LA A — Bl AL B 1 TR R AR B AR IR OA] I R AE,  ERARTE
— B R FE BRI AR RE AT 7 Ab 7S, (HR IR R TS AR FE I RV A AE
E

Lo

FEAWE T, AT 2 T 0 A Ros 15 5 KA AE D T HEZE, R AN
A5 5 B ARV RRAEBRE EGE— R AT R os A, TSR B “ARiE
W RS IE M. RER, RAOTAHEZR A S P L Z M5
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O 3 E T A RN B R S KA AVE

1 BT o0 P4 R A DRI HT R G RS2 1O 28, 40 A
i S0 A T AE 2R MEBL ARUICN - ChenfiManning 48 H (4K A7 1)V 53 i R 4t
15 FH ph 22 ) 2% 0h B — P B BB S AR EAT TN, R B 2E MR T T AR R
> PA S 55 0 SRR A T B 2R TR RS AR A R0k A A s Ve Re . FRATKAE SR
3.3 VR R i
2. BIBE AR aAT . AN “ICALRRAE” IV R EAE T HARES
(IR A R AR R s AE (7] — [l S 25 ) 2 N, FEAT 1515 SRR ABL IR e AE B 55 4%
U, AR S22 BT R EEE AR A A R R
A, AFEES Z I ETHEFAR, SBURZ KA WS, Fla, £
BIEE T (EiE. IR, BREEEE T AW G, NnreE TIRZ
o 48 H amod A7 s AR ANFRATR FH JEEAE AME—RIE S, A BRESH
) 3K T A A7 235 AL AR HE A M AT LE R e BRI R, JRATTE — PR BT 2 TR
SEBM T, A 2SSOk T 2 A G H AR E S R R
MEEFUR. Z2U0E S WM E WSS 5 MRR R TPk,
I, WATWE X Z TWAMIE S EE, R TN ZIET MR RFEIT7
o
285 BN E (Universal Dependency Treebank, UDT) 31 | [y 5246
ZEREBY, ERBEESAZIESHEIET, ATRIRAAE “£Wmi0407 B2
Z EAFRENS AT W KRR IR T RERIE, EZEESHOT, AR T H
RIS 15 5 WA A o b e A AR RS R PR e . & Jm, IRATTHE S 1 anfel A H /> &
HARE S hriEdE (nsot)) Skt — 2 udh s v 5 i A,

32 BR5MEXTIHE

3.2.1 IKEFERIESh

B, X — NN TF I x = [wi,wa,ow,]s KA RIEE 3 HT B H
PR — KA d={(hmD:0<h<n0<m<nle L), WERB-1FTw.
(h, m, )R 7R Hw,, 38 Flw,, 1) — 20 AR IR, Hodw, ZoR 2085 5, w, RoR 1B
SR, DAWRAT R AR

M ARRS SV A B, H AT 32 IR B AR B3 20 M D5 VE AT BL 23 R T B i O s
(Graph-based models, UL R EFRE 75 UL LE T H B 7k (Transition-based
models, VLT faIFRE R 7850 o B D75 I 32 22 AR R AE i ) 1 v BT i A R
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punct
root dobj
nsubj / — \
/ v \ VN

ROOT He has good  control
PRON VERB ADJ NOUN

B 3-1 AKAEAVEM 7= o

Figure 3-1 An example labeled dependency tree.

A 1) 56 4 B Sk — BRI R AR BORE . D 1T SRR I 2R, R T B
T &5 K 51 NRe € W R ST AEAR B, IF R FH 2h 3 B0 ) 5008 g0 A7 RS o g i . thanAE
— B B4 RS (first-order graph-based model) 28I, FR AR 15 B 2% WK A7 9 2 [A] #1
poai = M2 v P = T R o S i =B N R R e (e P = o ( I 1 DT
(sibling) 549 LA K2 = 897 F) C(grandchild) 4544, o B 4 20 S 4k A7 4 201 1 45 B
R, MEREUL TARBY AR AL, Rl RS s R K, IR R R T . B RE
77 V5 00 2 38 ik T — AN B A2 e A R B 2 xR AR AR AR IR, B B 3RAS 58 B AR A
P glsal . TTRE R, B IR O R 2] — AN RS S A B TN AR A B )
Kis. FHHBAEE R AESHAEL, W OoBFEEE R, Fibasf —E i
FEWR . IRT, AR BLARLIN (A B2 2R BEARUIC (B, FEE TR FEE W
2 R AE R AR 3 LA 52 B ORk Bk 22 1K 90 .

MREAE R 7 B A B, AT DL A AR AE 035 0 A By O B T /5 5 3k
N AR A DL T o0 A0 KOs IR B 2K . J5 & R I = AR A R o BT R AL
s, I A BE A A2 X 2% ) B H . ChenflIManning 1 (R 5% D HUKs 1 J2 #8248 )
SN TSN, dEEEBEMREA TERT SO DL “RES
27 W B AR, 2 TAE R &, WHIiEBEE IR 7 & RS A ) ot 5
W, MR R T KB ICIZM Y (LSTM) RN 5 # 4k A5 10k 47 s 434, 75 44y
RS BRI HL AT S5 e A 2 U D) R A T A R SRR RO ISALE . AR R — R
P, FRATTAE AHF 58 8 K H ChenAManning (A 8 (i FRC&MAL AL .

322 BiESKEAESHR

PEE S MARAEAE S EEG R T, —Fh ARy, WRREIRIT %
(data transfer); 73— RAAIEF (model transfer) o

BHE L 7 77 VA I A AR Rl I NGOG P AT R, R EE S R B s AR
RAE A5 LS 2 HARiE S 8 h, Wi E — M ESsER. SBAEKH
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bRIE E R BET,  FRATET AR A A IR A H AR R E RAR AR RVE 2 BT
o BT A2 U5 VA e - th Yarowsky N T 1A PE AR AL o) B S5 R VA 2 AR
5B, HwaSe NPUG LY e B2 A03k AR 55, JF Wit 7 — B A) iR A5 Ay i i i) 30
o Tiedemannidt — 25 Xif WSk R BEAT 1 St B o IXRh 7 3k (10 3 Bk m A P 5
e 1 HRASCETAT HlE: 2. 515 S AR MU R A B Sy il e, H 32 B3 3
FHR I, R, AHEIER AR S BBV, BT EHEERRIES
W _EREAT IR, BRI EAS 52 37] e i 3 0 52 o

o R IE 2 05 3k S5 U _E AR O0UTE P AT B, TR I AN R O L BT I ) ik
MRS RLN . (B2, W AR A RE 5 Bt T I ZRiN, DI — e fE 52 3
WP A BUR R S . y—JF I, ERER T vA T, AR AL E AT AL
Moo DRI, e G2 88 3 P AN — S0 1R R S22 G e] BE A R R R A R
AE? 3 A [a] RRSE A AR BIF 9 10 3 2 R A

3.3 ETHEMFZHKRFETH

R4 SBR2. 1 B, 185 T 8B MK Ao ks, BRATNER &
GRIVIHIRE MR, BT — RINKERNEBER ML RS BBRREN
MRS (. FReonfiguration) 1 % 1] LA R 8 N — A Z 0 4(S, B, Ay, HHSH
— MKk, FH BUAE 6 2 A0 & 20 4k Bk i ] DL S8 4 AR O T 4 R, B —
MNGEAE, RN F PR A7 A R Ab 3 1938 P s AN U ETIRAES T 2 &4 KT
WHEIMESE. T —DNEANA]TX = [x,%,....%,], VIHEFELIRES A LLERIR
HNeg = ([wols, Wi, Was oo, Wal, 005 IR Ne, = (Iwols, s, A)o FeFwie ATA
RGN — APy ia], Ron B M RS A RA1IES, = 0,1,..) 9tk &
BN ILER (= 0RAHID, B (i=0,1, )JNEFT RN IR,

O 3 R BV T 1A B 4 Bt (projective parsing) farc-standard 5 arc-
eager FLIFWSAUSI D) K T (7] A & 55 4 53 #1 ) list-based™ 5 swap-based F. 13102
AN 5] (1) 3 7 538 8 X e # S AE A Fr ARl Llare-standard .35 9 #1, 1% 5
R T ZREREGE, e EINHZ) (LerrArc(r), 4 5RIHZ) (RiGaT
Arc(r)) VAN FE#HE (Surm) . HAr KA R &,

o LerrARc(r):: 24— 2 HHS o35 IS IR A IR (S) & So) (So A% 45 1,

SNBSS D, MR IHBRS
o RIGHT-ARC(r): =4 — 2 HHS 3B IAIS oK E TR (81 5 So) (S A L4 S,
So RIS KD, MARF MRS o

_4] -



W 7R Tk R 2 T2 i b 22 iR S

o SuiFr: K ZEAFTNE TG R BoE AR T, A& %R 2 BA N

X I T 000 R Warc-standard 35T 5, 8E WL SHE -2 00k
ar CANSCHR R EAL , FR I =2 F I 21 5 R RS T il B HH O PR ARF AiE 7] 2 o T 4
B REM R ENME. SR, (RS “HRefiE TR J7iE% B 52 = J7 1 R 2 1) 52 0
L BEM B 2. FrAEE S5 AN T4 3. R AR A BB i TR A Bt o0 X = A
) @, T3 AT RN S I g AR R ER A T — AN R T R

FRATVEE FH 1) 35 T 4001 28 00 285 1) A A7 A A 2 8 4 B -2 s

HET /5 RARMANES B A R, AT H R AR 75 A R, Bk
(1), 7EChen5Manning BRI rpr, = B AL = R EEANFAE, 2070l 2 1A RF AR 1] %
FRAE UL SARAF IR E . AT, AT 34T 7 e, FEHn 7 2R AE "
FRAE: FEESREAE (Distance) DA BCANHRRAE (Valency) W39, R B4R 1E 3R 7R P A
TCR A EE B, Bo O AR W R R R g o R LT 45 i (BB 45 50 3 H .
BT ok, TRATHRYE FRAE AR P A6 1) X 1R 0 I 9 SRR AR HEAT Bk, R e ¥ a1
R A 0 B S S A S 1) 43 A7 R R TR e 56 R [V R FE AR AR L =B 1T 7

JIr A R AE R 20 AT 3R 7 1) 2 AE B 3 J2 38 1 Cube B0 BR A AT H A

h=gx)=W,-[x"oxeox ox'aox+b) (3-1)

Hrr, WiNBEEZEPUESERE, b W& R &,

FrEH AN T RS EHRIESHHEAESMNSHEFXEE, o LEH,
Cubel i bR Hlig(x) = ¥*SEFr L2 KA K & 70 (low-rank tensor) [ — FPREIR 15
o N THAUEME ZEMEER, RATEg0)T EH:

gwixy + ... + Wpx,, +b) =
Z(w,-ijk)x,-xjxk + Z bwiwjxixj + ...
ik W

B 4 s B DA b X x0, Ferixg = 1o B4 X T 8 MRFAE A G o ixg,
BRI Awwwee B EH, g0)FN TCPKENME RPN —MH—KE
(rank-1 tensor) » FATEITE, MCRLTK &5 ff a4 7 & DN IEM 24 G
(full combination) "4, JfjCubeliif R £ 1Y 3 EAE H BRI IR . 48, 20
T PR IR 2 22 I AR 3R R I AR v 25 5 7= AR BE P AR IR I Tl R, DR O A 52 o
A, 7 EE S B AT IR AL B (clipping)

TR, @HFEHENREES MR EE 2 )E, @idsoftmaxif
Bt HEBIEEES M E D A6: y = softmax(W, - h). FATE H 38 4 2k
BRI BRI S A 2R

(3-2)
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Softmax Layer:
y = softmax(W, - h)

Hidden Layer:
h=gx) = (W;-x+by)?

Input Layer:

X = [xw’ xc’ Xt, xr’ xd,v]

Feature Extraction

Parsing Configurations

Transition Actions

(000 - 00]
/A‘ES? 2
(ee0ee - o000 - o000
Wi
00000 00000 00000 00000 00000
EWI Eﬂ IEt IE’ JEdE”
Words Clusters ( POS tags Relations [c:tlz:zj’
* Lexical features - 4. - L Non-lexical features -~~~ 4" -
””””””””” stack  Bufer
ROOT has_VERB good_AD) Control_NOUN
nsubj
He_PRON
B 3-2 JH T 20 [ 28 (1) KA ) 7 40 BT B R 25 44
Figure 3-2 Neural network model for dependency parsing.
1 & P!
J () = — > CrossEntropy(d;, y) + 5 I6IP (3-3)
N pary 2
H.H1CrossEntropy(p, ) AL 704 p 5 g2 18] (128 S
(3-4)

CrossEntropy(p, q) = Z piIn gy
k

FERATHRE b, 04405 BT M HE A0 AR R Gl TS DL 44
AR, FBEREZN S, IR T (RS d BT 6k i 55 05 B se ik,
AT WA A Fon i (B, HMAEE SR HIEL .

34 BIESIALRTRES

FEARMT T, FATE SR U BN T B XGE W A R s 2 2 Tk, 8
BEXF 2 IR 5 IR B 5 A B 1 2 8 RN 0 A R on = IR fda, AT
2R 5 W IR IR 2 2 TT

3.4.1 WiBWECHfHRTES

ATt b 5 35 oK 5 33 0 R 0 Al R, o3 il 2 BT R R 5
B E B DL R i A SQ IR A A e 3K YR VA AR A LA SN £ R AL BT VR (L
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2 3-1 B T AR AE B AR o v BRI R OR AT B p It 3 AR [ 4 IE 43 A R R ]
w, lel/rel Ron FE AT B8 — AT 45 5, 1e2/re2 3R 2o /A5 MR 365 AN 125 e TaaliE
WRFAE, HHFIEVCALRFAE .

Table 3-1 Feature templates of the neural network model for transition-based dependency parsing.

=,

E},W""”r’d’lv’”} indicates various feature embeddings of the element at position p. Ic1 (rcl) is the first

child to the left (right) and Ic2 (rc2) is the second child to the left (right). ™ indicates the lexical

features, ¥ indicates the non-lexical features.

Type Feature Templates

EY,Eyp,i=0,1,2

Word' Eiisy Ereicsy Ereagsy Ereasp 1= 01
Eitaersoy Erergerspy 1= 90 1
Eg,Ep,i=0,1,2

POS? E;cus,-)’ Eicl(Sl-)’ EECZ(Si)’Eiﬂ(S,-)’i =0,1
E;cl(lcl(S,v))’ Ef‘cl(rcl(S[))’i =0,1

Relation® Elrcus,-)’E:cl(s,-)’Ezrcz(si)’E:cz(s,-)’i =0,1
Elrcl(lcl(Si))’ E:cl(rcl(S,-))’i =0,1

. $ d d
Distance E<50,S|>’E<so,Bo>

Valency* E’SVO, EISVl EY

SAL2.2015) .
(1) T % 55 58 5 & B g

=R B RO G T = (/o (R B o T SN 1 =g VA E 2 LY A el [
WL . 7ESERRfEolh, —AN A Ext Mg 2 A e, g e “4aEmR”
ERFEE BRI 2= U — EME D MBI A “overpower” , “subdue” , “subjugate”
2, BTN, B R BT 2R s AR NOE Bl R 48R B SR, TRk,
AT VR TE 5 rh 31 1 R 7 1) AR HE 0 5 I3 B g AT LR A, I DLtk
VB2 H AR 1] 1 43 A R ) &

TR Hh, 45 8 — AN BE P AT 1B BID. B 5 FR AT 3 4T T8 S B 1 1]
X5, FEARAE X S A AT e, LR BT E R N R R (BAES =
0.95). HiBLT] BLGETH A5 2] — A 0UE XS 55 B, 308 AT = (W], eip.i =
L2, N5 j = 1,2, N¥)o Horhe; ZRon HARIE & 1w] 5 1R & Wws {EDH ) Xt
FREG N5 Ng R R RN AT 82 5, j) € AT RRATS P — A
RABEAT XS, 24, BEE T /A0 R s WL 773207 DUS BBl R IR

ewh= Y “eew)) (3-5)

G j)eArss "
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overpower subdue subjugate

e(fEfR) = 0.84 - e(overpower) + 0.13 - e(subdue) + 0.03 - e(subjugate)
3-3 B TE 5 70 A R s W s A

Figure 3-3 Example of cross-lingual projection of word embeddings.

ﬁ\:qjci,. =Xcijo

P51 5 WS 1) T v T LA RO R B ATS A ) B A A R T 4 A Row, SR
FEERXGE AT HYE (D) ABLEE RO E R, & & 1w R WA N R
TGN EETE RN T A, AR L TR JE % (morphology) FIHLI,
GINT —NEAN BAE A R /IS . IR ZE S, W IEAH T 1)
B WA -2 BERNES, W Ch e &2k, Fit, AT DA
R 8 BRI AR AL, R4S ] AT R I 89 H FR 18 5 3 (PR R 8 5% ],
o0V) WA am. BERR), X T HRIES BN REFEW , AT
YmiE A% (Edit distance, 5 #XLevenshtein distance) 7E XU iE id] # A 4l B H — £ 51
52 MR, idAC, ABawl 154 2R s (a5 N Y CH B A 1] 23 A 3R s I &
(1] F 15

e(w,,,) = Avg(e(w’))
weC (3-6)
Hp: € = {wEditDist(w! ,w) < 7)
N T BRI AT R R AE R R RS, JRATHRE g R R R B B T L .

R IR AT DU HE N #5015 5 BT (cross-lingual projection) LA K BLiE 1% #;
(monolingual propagation) P> E it #8. AR A MR i — 0 0 Hp K
1o

1. B5iE T B, ICATS € Ryyrpqys 9 X IE 18] SLATS By 55 B IR 0] X 5% 46 B
AT e TCER N SR R A — A0 A

AT, ) = Cij (3-7)
Zjcij
R VEIE = IC A6 KR FERNES, T HARE S A R B
AT 1 5
El =A™ . ES (3-8)
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W JRVE Tl K& T2 422 ig X
0. MEAERE. B RO, TRATHTIRE IR, WRRET Rt 3R G i
I RSB IEET, o M7 € Ry qr 9 015 AR AR, 3K B30T 1
SR8 BE 8 A A O B B, R

W) - {1, if EditDist(w], ., wh ) <7 5o
0, if EAitDist(w,,q»Wi) > T
Hrhr = 1. EXNMZATHATH AL Z G, RE W7 i Kox i
WAl e T EEAT T 5
E,,=M"-E, (3-10)

(2) BRISCER S Hr

MR L2285 h A28, FRAENE, CCAR—FERHA £ 4 & 2 A
KM G M T M TFPA LB R, CCAIIL RPN B AR, KR
U AR B ) T W AT T A AL, AR R e B k. XL, AT
KCCARL ] T XGETIC A5 Fom 2 3 8%, BRATAIUE X 5 17 St AT o fih B
B “—X—" MIARD : X o Q. HPTCETHHENHEEQC ESH HE—
MR, RZIFR.

B T CCARY W E I 40 A5 % 7w 2 =1 1 72 o0 BB o= R it 2 5

dl dZ
KN

z an Q

ny ny
ET ES

d a s
| | v w4

/T A \

n ET ES 2

Kl 3-4 HFCCARXE R0 A T 2 > i

Figure 3-4 Bilingual word representation learning using CCA.
()T 2% [ 4E B2 Nd < min(dy, dy), 1 56, FATE FICCAZR A3 15 A~ Ik 5 ¥ [V €
th ><d, W € Rdzxd:
V,W = CCAZ, Q) (3-11)
B, FHVE W 588 1) R AT B
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538 T4 A FOR MBS & RAE A0 0
ET=E".v. ES=E5-W (3-12)
ET 5 ES W) R 8¢ 5 48 31 50 8UE R 43 A7 R s

342 ZiBlAL O RRFES

N2 T PRE S S, AT P R IR RS RO T 2R
AT RN T
(1) ZES SN

BT 5 S 1 5 R R AT VR A AR R R 2R S L. W
ER-S 7, JATEL—FIES CndEsO ERAARMIEES, ¥ IZiEs L
BB R AT R 4% R R, BATHIA “#5 38 5 BT+ FOE R 87 105 iE R
VB B A R A A = A R TS F e B S U AR AR T T

Een
Cross-lingual projection ... Adelen Aeslen Afrlen | L
d
Efy E5; El}
Monolingual propagation Mmde Mes M
E, ES5, El,

3-5 ZiARE MG TR B,

Figure 3-5 TIllustration of the multilingual robust projection approach.

(2) %1i& & Skip-gram#%: %!

MRYE L2 AR, FRATENIE, Skip-gram i Y () 35 B2 I A B A2 2 A 1
X AE % (distributional hypothesis), Bl: XJ 318 AHRLR ], 5HILIE) BT
AT AR, PR Bk, Skip-gramif i XF bR SC R g R S ) T I 0 A 3R
TNe FARI, X TR — AN A A BT SCH R IR R (w, €) s Skip-gram R Y K F Xf
B 28 1 ok 5k T P S B R
exp(e’(w) e(c))

e 0 = S e exple v Te)

HE AR R E: T(O) = X 00en log plelw; )R SRS K

FEIXH, AR RIE %A T R A Ry 22 E S N, IR

(3-13)
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w5 15 § 43 A 18 AR ¥ (Cross-lingual Distributional Hypothesis): X 1 A LA
W, KRS B SCH A AR AL . ACERE A AT 1B SRR B 2218 O Al v X
5858 EEPWﬁ?@%ﬁ@ﬁx%ﬁﬁ%—ﬁﬂﬁﬁiﬁﬁﬁEP B 55 1 PR A
AR BOABRE GE X —80. 4R, BT B 3hinl %5 048 5 B 51 N B e S
DLE S, AREIX — MRk, FRATTIE 215 5 Skip-gram B A, AU B HE B 3¢

BEAT TR, TR AE F 3R 5 B A ST NESE S R SO TR
F RS B BB IR BTz M, FRATTAK AR SR A 3 SR B 45 HoA A R E F .
PLYEiE (END. 518 (FR). FAHEZiE (SP) AH AT B8, R AT 5l A
oE 1 VT PG PE P IR 0O AT s . E SE, FRATTEEAT B 3hiE e S
KB-67 /<, (accepter, accept)5(accept, acceptan) & ¥ AN A . X 5% ()17 Xf o 1F %

5 Skip-gram& A H, AT FE 205 BN SCR TN, BRI 2R 20 -
D = Dgneen U Drrorr U DEs s U Deyerr U Deyeks (3-14)

Bk EinE

FR je ne peux pas ' accepter cette proposition

' EN i cannot | accept this  proposal :
1 EN they | accept my application :
1 ES ellos = aceptan mi aplicacidn i
proposition o
\ application
cette » \
my »
peux x :

pas - they «.

accepter £ = accept 4 aceptan
W \ * ellos
"4 this
* cannot ciGn

. apllca
proposal

(FR) context space (EN) context space  (ES)
— monolingual prediction ~ ----- > cross-lingual prediction
Kl 3-6 £ 15 & Skip-gram/#%: Y
Figure 3-6 Illustration of the multilingual skip-gram model.
EEEFHEEL 2155 skip-gramBE AL W T B Fr B 2L
J = a’Z-’monoI +:8 Z Jbl“,, (3'15)

lel leL\{en}
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>~ EF‘:
Jimono, = Z log p(clw; 6) (3-16)
(W,C)EDIHI
Tbiren = Z log p(ciw; 6) (3-17)
(ch)eDenHl

7 SEBR R 1, o 57T LLARHE B4 (F 25 AT VA 0E. oA 1 60 R B (negative
sampling) I ZRMUEL . 75 BETE RO Jpono O FT B MU - A7 S8 o
FFEFE, AT LURU R AAM G 0 VU, R R B 3

343 ZIBSWRBERREY

] SRR AR — b 2 B RS AR, AT S RN R A Rl
FoAth (B HURFAE — A2 0, B8 AR 4 3t 2 A 030 A 7 17 AL, Brown 2R 2K101 2 |
SRR T AL R E R R SRR, B MR IRESS, KRR R R A
“017 8, RIZ AL = W i) — 2k 42

Tickstrom=5 $1 H XU 1] JE S5 1R I 2 ] T 848 5 KA7 A0k o i, U 1 &
FWROREA . ATR %55 R E 2RI, 53 TR 55 s E 5 Sk
SR REL, FATR AR E A il 5, 65 ) IR B fUBrownid] 22K, il
RERERPIE O AR X TS B AR E . Rk, o T HARE S EAH
brin], e R RS A] T A E

cw]) =argmax > ;- Ue(w}) = k] (3-18)

(@.j)eATS
R R, XA EARIR JCIE T i B R i 2 AR s i . R, AT
PR P LB A% B (0 D7 920 R BRAS OR 8 SR 1] 1R 3R e 4 2R

c(wh,) = argmax > T[c(w) = k]
£oowee (3-19)

Hr: C={wEditdist(w/ ,w) <1}
iiqj: T=1,
3.5 KI5 TR

3.5.1 LWIgE

AT, FRATEH 218 5 38 H K AF M E (Universal Dependency Tree-
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banks v2.0) WSl EIRK i & (Indo-European) i & )W FE, 4% BB AR HE AT “9)l
SR/TF R X4y 347 S5 . 248 & I AR AR 0 B =2 08 LR AR AF B0 40 A it
FE— Kutseas, Hig L TEHARZIET M Q28D DLRAE AR
VG (EFA0FMRAE R R, B & & H T B M B s 5 20 A 72

WATVHE B IR 3% i e, ol RS 5 0B DL A 2 IE S 1T
o PRBRE DL K A A ) f 2 W 8 AR A7 a) vk e I, P RS B & ot
H 400, & JHRFE 43 A1 o 1) & 10 48 B a0 RB-2F k. FATE A /Mt E (mini-
batch) H &N FENLESE T FF 5% (Adaptive Stochastic Gradient Descent, AdaGrad)
XY AT AL AT . 4> mini-batch K /)N /910,000

32 AFRER S F B 45

Table 3-2 Dimensions of various types of feature embeddings.

Word POS Label Distance Valency Cluster

Dimension 50 50 50 5 5 8

TR, BAT IR RYRIE T IEAE UL 2 RS 5 RS S K A R AT TR
{OPIRZEP

352 BIRIBESERE I

ERJFIEFER LK S, RAVEIE (BN fENFIES, 85 (DE). &
B (FR). FHYEAFE (ES) fENEWES. ERIERRRMTNGLREF, Xt
FHAE. fEE S UG A E, BAVE FHWMT-2011 548 37 = iE R, 6 FikiE,
FAWMT-2011 LA S WMT-20122 (] 535 35 ) 18 kL. XGE 47 0408 I AL F5WMT2006-
105035 3 [8] PF 18 15 Bl UL Kk Europarlifi £1° . 3 A48 FH cdecl 3! H [f)fast-align T H Xf
HEAT H B BB W 5, FEGE i o 55 H R
AR Sz vp A SRSt B B R HE R B0
o ARIAVLALIT R RS0 (DELex) o 1% F G5 [FIAEFL T 11 T AT A 48 B o 48 R 48 4K
7405y BT 38, (FR U AR C AR AE (LK B-ID, 2 #Distance L)
S Valency i 1iE o
e McDonald% A $& t (1) 2 T & 84 1E % 7 19 JF 17 0 16 i B & 4l
(McD13) . % & G0 1 2 58 T 8 0 AL 1 4K A7 R0 3% o i, A A

Thttp://www.statmt.org/wmt11/

Zhttp://www.statmt.org/wmt12/
3http://www.statmt.org/europarl/
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R IEAT NGB R 5N« [FIN, FRATE FHZear 4 E B T 1%
Jiik, BEI RS AMeD13%,
o Tickstrom&E A #2 1 11 5 T 55 18 5 6 KR E T B 24l Z 24
SCPR B AEMDI3M LAl 2 B30 7 R F O R ARRE, B IR AT
AMcD13*+cls.
HT HAsE & AEAESRESE, Bk, E% 8N T8 RGN, RATERAE
FH 5 38 [ F Ak 48 ok 45 i Yl 2 3 F2 Cearly-stopping) o 5K 5% 45 H 0 B3 R. A
i, FATHAE R B-Arb 3t — b MRS T 49 Al S50 ¥ B N BUE AP AR IR T

H 3 F2 AT BIDecex & 4 Ad FH 1) A2 000 RS DL A R BB e o), [ e
FH OB 2L AR 3 R MY A& 4 R 2% 2] IMcDI3 R 48 i (K. K AT 2 T Zparst B
IMcD13* 5McDYE BE A 4. B 56, 1@ i Proi, CCAS5DEeLExR 4t 1 5T EL 7] DL F
H, BMXUE IR AR R E S e B E R AT RGN . A8NE,
Pro‘IG A T-CCA, H EMcDI13*+clsthE BEAH 4. RATIE 224 XF b i3t — 2 1)
AR

FAh, ATE R, FINEE W R EREZ J5, Pros5CCAT# R 4t 1
PERE S T — PR FRI . SARRICAEEME RS, UASHIAX Hf iR
BRAE IGO0 N BEAIS 7 13.1%, LASH12.6%-

R 3-3 R F KM T IEB AR, KHUASELASHAT WA o T RIAE 538 =
Rk RERE A HFRiE 5 A R T AR AL, DR LA T2 2 B 20 ) <1 24 1
Table 3-3 Cross-lingual transfer dependency parsing from English on the test dataset of 4 universal
multilingual treebanks. Results measured by unlabeled attachment score (UAS) and labeled
attachment score (LAS). " indicates the averaged UAS/LAS in EN since the model varies for different
target languages in the CCA-based approach.

Unlabeled Attachment Score (UAS) Labeled Attachment Score (LAS)

EN DE ES FR AVG EN DE ES FR  AVG
DELEX 83.67 57.01 68.05 6885 064.64 | 7942 47.12 56.99 57.78 53.96
Pros 91.96 60.07 7142 7136 67.62 | 9048 4994 61.76 6155 57.75
Pros+cls 9233 6035 7190 7293 6839 | 9091 51.54 62.28 63.12 58.98
CCA 90.627 59.42 6887 69.58 65.96 | 88.88" 4932 59.65 59.50 56.16
CCA+cls 92.03" 60.66 71.33 70.87 67.62 | 90497 5129 61.69 61.50 58.16
McD13 83.33 5850 68.07 70.14 6557 | 78.54 48.11 56.86 58.20 54.39
McD13* 84.44 5730 68.15 6991 65.12 | 80.30 4734 57.12 58.80 54.42
McD13*+cls  90.21 60.55 7043 7201 67.66 | 88.28 50.20 6096 6196 57.71
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R34 ANFERGZIEMR . A RIS R #E ) (MaltEval)
Table 3-4 Summary of each of the experimental gains detailed in Table [3-3] in both absolute LAS

gain and relative error reduction. All gains are statistically significant using MaltEval 43 at p < 0.01.

Experimental Contribution DE/ES/FR Avg. (Relative)
Pros vs. DELEX +3.79 (8.2%)
CCA vs. DELEX +2.19 (4.8%)
Pror vs. McDI3*  +333(73%)
CCA vs. McD13* +1.74 (3.8%)
Prortcls v Pror  +1.23(2.9%)
CCA+cls vs. CCA +2.00 (4.6%)
McD13*+cls  vs. McD13* +3.29(7.2%)
Pro+cls  vs. Deex +5.02(10.9%)
CCA+cls vs. DELEX +4.20 (9.1%)
Prortcls  vs. McDI3 +4.46(9.8%)
CCA+cls vs. McD13* +3.74 (8.2%)
Protcls  vs. McDI3'+cls  +1.27(3.0%)
CCA+cls vs.  McD13*+cls +0.45 (1.1%)

3521 BIBEBIIENSN

B T fEPros LA S 518 5 18] SR o, FRATTERASE FH 17 2 T 4 B0 B 0 1) B4
FERERRIAR G R IR R, Bk, FRATLIPRos+cls R G AHI, W iZid #8 By K
() e AT 13— 5 Bt e

R BRI R T B R OR MM BE R T, R FRATT AR W SR T g i R
BIETHI AR A OAEI3) SHPERERIRE . B b, BB S A0 R onxt HARIE 5
WA HEIERE 5% (coverage) XKAEHT MIMEREE BRI . Kk, FRA
ERB-SHFFEMFIE TESRNE. TUEH, F£=MiES L, BiEART
FEH B8 T KRB B e, JUHEEEE FIRARNEZE (+1.76% UAS) .
B 35 R )RR Y, AR IRV IR i SRR R R, X
WIGUE T RATHIAR W 767835 DA L VG HE F 35 b, S EE B 2R BUAS T B
SEIR, (H R kSN KRR EE S N 2 5] NBE 2 M 7S, T 5 B0k A A BT R
B
3.5.2.2 1AL 43 76 FR R~ 45 {EFine-tuningid 12 B9 2 1

ProJIE FCCARY 5 — A J R 2 AT PALE I 50 A7 1) 45 43 A A 784 f o R o o)
B 5 1A RN FFAEHEAT B (fine-tuning) , 78 8 AL Il 25 5 B 2 )5 T 047 B8 4 5 Ak
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R 3-5 AR IR AR R

Table 3-5 Effect of robust projection. ”Simple” indicates using cross-lingual projection only,

whereas “Robust” includes the monolingual propagation procedure.

Simple Robust
=] T=2 =3

coverage 9137 9470 96.50 97.47

DE UAS 59.74 6035 60.53 60.53
LAS 50.84 51.54 51.70 51.69
coverage 94.51 96.67 97.75 9847

ES UAS 70.97 7190 72.00 71.93
LAS 61.34 6228 6234 62.27
coverage 90.83 97.60 98.33 98.58

FR UAS 71.17 7293 7279 7270
LAS 61.72 63.12 63.02 62.94

SR, PRE, Pronfit 15 2 185 15 5 8V 20 A & 7n Al LY AR SS AR, 1T
FECCAT, T ER IR WS (10 A B e, BATTAE R A I 2R3 A o R e ] e 1) 2o

FRAE, ANBEX HBEATHE B, Jv 1 W S fine-tuningid F2 %t 14 BE

1= VA
52

M, FAT BT

T XSS, RIFEPROIZR Gt H AN BB R SRR RF ik SIS 45 R ISR

% 3-6 Fine-tuningid F£ H 5 M

Table 3-6 Effect of fine-tuning word embeddings.

Fixed Fine-tuning A

UAS 59.74 60.07 +0.33
PE LAS 4944 49.94 +0.50
UAS 70.10 71.42 +1.32
BS LAS 61.31 61.76 +0.45
UAS 70.65 71.36 +0.71
R LAS 60.69 61.50 +0.81

3.5.2.3 5HAIIERIC 57 H R AAIXSEE

FEA /N, AT S I AT 1 At X B8]V 20 A1 R0 2 21 D7 VAT X B X

EAIPIRFCE

o ST AT 27 vEE (MTL) .
o XUIE H Ynfid 2% 77 7L (Biag) .
o XUEH A 1E BT (Bicvm) .



W IRV Dol K2 T2 28 S
o XUiE1a] 4 B2 (BiLeowa) o
XFFMTLUA K Biag, T )l Zhit REFERT 8K, A L BRATIAE FHAE & AT 1 XGE 43
RN E . X T Bievm5Bisowa, AL AN SLIG By F ) 208 b 58 2 S XUE
Iy AT, S 2 AN BT R

% 3-7 5 HoAbXGE R 73 A7 2R 1 EL . "MTL S Braefil H (152 75 2 kA7 1 8k
Table 3-7 Comparison with existing bilingual word embeddings. ¥For MTL and BiaE, we use their

released bilingual word embeddings.

DE ES FR
UAS LAS UAS LAS UAS LAS

MTLE8 56.93 4622 67.71 5843 67.51 57.27
BiagbUl# 53.74 43.68 58.81 46.66 60.10 49.47
BicvmPl 56.30 46.99 67.78 58.08 69.13 58.13
Bieowal? 5451 4495 67.23 56.16 64.82 52.73
CCA 59.42 4932 6887 59.65 69.58 59.50
ProJ 60.07 4994 7142 61.76 7136 61.55

Al LAE th, Proy5CCATEFT A E T LB 40T HARXGE 70 M £ ox = 21 07
%o MTL5Bae)7 i 2 Fr LAPEBEBLAR, — 3 70 J5 IR & A2 H A il 5 I 24
R R B, e, EAETE A E, MTLSBaeR 2 7 1 31%0 3,
MCCALSProi¥E T T70%UL Lo 55 4h, Bievm5Bmsowafll B 4] - 2% 118 X 70 47
RRR T, AL RN 2 0 5 SO 5% BRI ABAE . 2§ 1950 A1 R 7w 2% 2 it
FUIE T AR SCA 7 RAT S5 B AT MK, 6 38 20 B X SF M SR AN s T AE 5]
EAHTAESS X R g R I TN A DAIR] g AT 1, PR I 3R] 2 ) 1 o SO 55 Ak
CAFH Oy HEE,

[F A, FRATT X5 AN 8] () R 70 AT 27 o 2 T ik AT 7 e o #re BLIEE /00
YR8 ], 0T BE LR A 1S 20 78 B 8 18I, RATR PscosinetB L& 115
5 H AL PO JEERE (REARD, R B-8fian. ATLLE H, Pror5CCART
15 2 ks A8 5 N R, TBIaE, Bicvm 5 Bieowaf — € 118 /A1 WAL . tbin,
2 #EBicvmit & Hproblematical (EN) s&problemas (ES) [T 4R, 1 SLbr L # &
WA B, AKEHTAES T ES.
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R 3-8 AEICIE/ VUL 1 0 A K os _ERIKAL AR o A
Table 3-8 Target words in Spanish and their 4 most similar words in English, as induced by various

approaches.

Neighboring Words (EN)

Word (ES)
Pros CCA MTL Biag Bicvm BiLBowa
india russia china korea chinese helsinki
china russia indonesia  independent india chinois bulgarians
(china) taiwan beijing sumitomo chinese sino constituting
chinese chinese malaysian brazil 33.55 market
problem problems  events problem problematic deficiencies
problemas  difficulties woes sanctions greatly problematical situations
(problems)  troubles troubles conditions highlighted difficulties omissions
issues dilemmas laws scale troubles attentively
october december december month 11th a.m
septiembre  august july february april 11.00 p-m
(september) january october july scheduled 11 twelve
december  june november march eleventh 1998-1999

353 ZIRIBEIBFEILW

AR E B 2 8 BT &R A 22 (typology) i {iE 25 57 1M 3 B 1K
EANES M ZE R, TR, RATETZHEESHER TRTE Y Lk, 3RAT
FEUDT 2.0 A ENERTE R1E S, Hrhsif (END fEARAILREE 5. &G
(DE). PHILAiE (SP). &Il (FR). W& 41 (PT). B AHME AT BLL Hi
HAE (SV) NHFRES. X TEMEFRIES, TAEH oM 1E S 1E ARG
AT ZR.

L2 5SS 7 IMuini-Pros, % 15 5 Skip-gram s 4 HMurri-SG, %
ToE, MG, PP AR DL AGETE, IRATR A S SIS 5 S5 oA R i S5 &
B AT A A E BRANE DL LS, FRATT 8 F Europarl SUE AT H#E . )
Ak, FE I ZEMuLt-SGAE R B, FRATTE FHWMT-201 15 15 387 15 15 B E %41 1) 518
PR fEHYE F TS, RANCELUEN 785 W R ELNERH, B,
FEHRE T ORISR b, ] 3R 2RK 5 40 A 18] R RRAE — &2 A

A SIS HRAE N LU I SR 1 R G A
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o HFIEF TR (Bi-Pror) . FATHE XS LLAE HLYEE 5 IR S50 b R B i 4F
[\JPrOI+ClS 2 4
o ZYHIE T AEWICALIEH (Munr-DeLex) » fEiZ RS H, HAIAEH £ IE
I3 A0 2 DL B 18 T A B SR S 1A VA RRAE
e ZhangHBarzilay$& Hi ) /2 XA AL FR Tk 2= A5 B4036 (ZB15) . B8R 2
AN AR 5K B Oy R S IS ¥ 5 1 A 1 A T IR BV 2 L =
SEIG g RN B9 R, B, i8id X EbMucn-Decex 5Br-Pros ] LAF HY, B
5 A B RV A RFAIE,  Mucr-DeLex fEESFIFR | 14 68 12 2 2% ft T B1-Pros. X
WER T Z2PES A B M. Hik, X EEMun-SG, Muir-Pros5Murr-DeLex A] DA
FIIE, Joie R 2 IR 15 R 0 AT R R R AR, R R 3R B 2 iR TR
WICALIERE KRGt RE. BARET, Mucn-SGAH X FMucn-Decex~F- Y42 T+ 12.24%
(UAS) 55.18% (LAS): TiiMutr-Prosff] $2 7+ B N B2, 43 5 723.90% (UAS)
56.53% (LAS). T M., LASHI#Ft LUASH#R A B8 B 2%, 13Xt EpHE T FAT
B KT A B HLI R, BI: VAR AE T FAR AR IR 5 R 4 X0 N &

Ei

AR S, FET28F AL ) Mucn-Pros /7 74 P 3% T B0 6 52 2] IMuen-SG i ¥4
WA 7T MR XMW ESEANMEEA — Mo, SLhr b, MEJEE
FIEBLE A LLE , REET AT A KIProyJT VAR T 5, H 2 i3 2
[ BE o i Ron B R E (LR B-8D. MEBA % ikd, G H s R
(Jmono ) T XE HARREL (Jy) FEHLAGOL T2 57 o, JoH 2 78 18 6 5%
HILE RIS . X, WERRA SRR AIRE N, BRE A EmR ik
F—A PR, IR FFA L RATH B ARAESS THE R fEARR TAEF, JATAT
DL I I o SRHME K # — B IR TR E 7 S TTE AR . 5 4h, AT 7 &
BERT U R RS (ZB1S), I RIELASTH b L.

3.54 HHEXHTHERES BEN

AN AIRD, — Fh R I SEBR G T . 7E Z BT IE #8572 st AR
W HARE S AEEARAThRE SR . TR SCPR M HE R, 8RN —ME SR
KB IBE AR B M LASE IR, H 2 e D B B8] 1 (n50%0). 1006)) £ 2
SEAETATI. Hik, FAE % Zhang 5Barzilay 1 S2 536 % E 149, K HAriE S
PaiE 7500)0E, IR X /A 8 0 bR 20 Sk il — PR A RN 2 IEE 5 &
FEAR AL
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R 3-9 ZIRIE T RN T RERIRAAAED LR LI R b it 3] 1

Table 3-9 Transfer parsing accuracies on the test data using gold standard POS tags.

Murri-DELEX MuLri-SG Mutri-Pros Bi1-Pros ZB15
UAS LAS UAS LAS UAS LAS | UAS LAS UAS LAS

DE | 59.35 49.82 61.70 54.16 65.01 5591 | 6035 51.54 625 54.1
ES | 75.54 64.68 7842 7156 79.00 73.08 | 7190 6228 78.0 683
FR | 7441 6421 7644 7021 77.69 71.00 | 7293 63.12 789 68.8

IT | 76.60 6549 7748 70.04 7849 71.24 - - 793 694
PT | 75.64 69.66 77.87 74.10 81.86 78.60 - - 78.6 725
SV | 73.38 6290 7645 67.74 78.28 69.53 - - 75.0 625
AVG | 7249 62.79 74.73 67.97 7639 69.32 - - 754 65.9

— Ml B R T K B AR E T AR SR 5 RE S U S 8E TIUE —
ISR . (H X AR A K, i H H AR S Bl s oKD, R B AE
MAEE AR, i, RATEH —FELR T, # 2 seie b S22k aF 1id
MARBAE /D & HAriE S 8 B TFS I (Fine-tuning), A LR S MK E Y
RIFAZ. BT HIRE S BRI A ITRE, FIR Dy 7 b7 bR HARiE 5 5
¥ b LA, AR E Fine-tuningid F£ /1 1) AL X 24100,

S Sk AN R B- 107~ . AT LLE Y, X FMurr-DeLex. Murri-SGEA K Mutri-
Pro)=AN R G0, /A& HARE S Bl 2 5 WIS 7 B E R, HA Al e
CALRRIE 2 J5 B9 R 4t AR RN AGIE 72 248 (Muen-Decex) #2158 8.3

— PN HBRIRE, i (DB ERETA B SEAE T 9E% KB+
(>10% UAS/LAS) o 5] BUEATIZE 55 BAT1S o i A 21, S0 A% AL 280 o T M ) — A 7 22
PR RIETE S 5 HIRE S 2 BT 2R R R AN E (B andE ) 13 8 A7k
git 2. ZURIE S BRI — CEE XA, (H2 KR KE IR
R Bk TR E HARE S SR EE B 2 R IX — R A S B PRIk, o6
THETE BB R TE, AT, — AR RS EE S HIEE S 2 EAE
FREGER E 2 RBOR. NZ RIS AT DUE H, AR RIEIE S TR
ZWET TR, i ERERGEALIK T HMERESH, ItWE—E~HE E
Y T X — R,

MR =2 B R i, AEFEIE T, B H O e V2RI, &, Wl 2 AE
TR G, WIS T KE LR R Mdobj (BhERR) KA. KRR S K
W EEEAE, wE BN,
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Table 3-10 Parsing accuracies of different transfer models with 50 annotated sentences from target

languages as minimal supervision. The numbers in parentheses are absolute improvements over the

directly transferred models as shown in Table

Murri-DeLEx(50) MuLr-SG(50) Mucri-Pros(50)

UAS LAS UAS LAS UAS LAS
DE | 67260751y 57404758 727641106 66280412120 73.614860) 66.79,1038)
ES | 7346205 6419 049y 7907065 74200268 7967067  T427(o110)
FR | 74.604010) 6472051, 7926282 73.100280) 7999230 7445345
IT | 75.68 002 67.560207 7992143 7486048 79.85u045 74940370,
PT | 7501063 6837129y 8ldd(zsy  7877¢aen,  81.11Co7s) 7822038
SV | 7493155 65.160206) 80.04.350) 7410635 80.03¢175) 73.71(sars)

AVG | 73491000 64.57178 78750402  73.55usss)  79.04Gres)  73.73(a41)

Al i, ?Jaﬂm‘fu w5 S H
EHHdobjfik FINE HMMiES A EEENER.

LR

Table 3-11 Distribution divergence of left-directed and right-directed arcs with dobj relation across

ET e, FATEE D0 P as B S ,UE’J‘?I)\Xj‘?dobﬁ)ﬁu” FROAS B R DL S A

CESGE TN Y SE e 5 B B KB T T dobjik

VG T Pdobjik FEINEE M HEAT T e vk AR B-11)

R 3-11 AN[EE T Fdobjik 77 I8 1 1 73 A6 22 57 o

A9 A [B] 5%,

different languages.

dobj~, ~dobj ratio

Target DE 4,277 3,457 1.2:1
EN | 38,395 764 503:1

ES | 10,551 1,175 9.0:1

Source FR | 10,015 2,667 3.8:1
IT | 4,714 695 6.8:1

PT | 8,052 773 104:1

SV | 2,724 163 16.7:1
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root

advmod

det - dobj -\
// N

DE: endlich den  richtigen  gefunden

->Z

I ~ -
N <

> =~

EN: finally found ™ the r\ight,man

\advmod/ \\\\ \det/ﬁ

~
~

TS =-dobj -~

root

B 3-7 FEE IS TS [E] B dobj A7 IR T 7] o

Figure 3-7 Reverse direction of the dobj relation in German and English.

R 3-12 55 MBS BN T dobj i A7 58 73 288 HE R 2 1K 52 1
Table 3-12 Effect of minimal supervision on dobj of DE. Unsup indicates the (unsupervised) directly

transfer models.

Murri-DELEX Mutri-SG Mutri-Pros
P R P R P R
Unsup | 36.84 35.69 36.10 38.65 50.47 35.69
+50 | 39.62 4145 4738 60.86 5234 62.66

Al 278 576 11.28 2221 187 26.97

3.6 RE /NG

AR B BT AR AF A5 o AR B AE 5 1 5 I A% S R v Xk DAAT ORI R AV AL R AR
M), 2t T 9 TSR T 0 A R S ST MR QR SR AN — R A . R,
XFFANFE B 2 8] i T R R SR AR 0 22 3 T BUN VA S ) 22 2, SR T 2R
B 5 T DA e — Rl ROR) 58 I BHE BB A AR iR 5 B &N T,

PAVE X BJRIE T M ZIRE S HE DL AR T A IS TE S 0 A RoR
F2 U5 2R T AR FEM I LR se i 45 R AR WY, BATIT IR iR
B A RN BE S 3 R TR R ALE R R G i Re. AR, YRR S el
KK IIGET o Ty oh, FESEPRRN A o, A8 R O briE > B 1 H AR TE 5 2
P& (ans0%)), P AR 5 T A AOHE ZEOR A 2 TE RS R K IE A2 R S

FEARTN LA, 97 SE98 7 (8, FRATE A 002 38 AR A W A m ) B RR T
RIEF. Mk b, XEEFIFAZEENEIEMRES. B, AARRKT
T, JATAT B BEHOR N F T IR 1R B R R 1 5
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F4E ETREZESFINSLXENEME

4.1 5|5

FERT— &, IRATE B SRS 5 KA 50 0 B F e B 1 536 5
AR, FRFRATRES LS A, SIANDEBRESHRERECE, TR
e VE RE RE 8 AT B ISRt Uk gl A — A REE, M EHRESMED
2R —E R (Q15,0007], 1,00000)) B, #5555 508 0] LU kA
M FHR AT, TAVKIZXA W@ — P REIF, HREBRNERLRE —E
FUBEIE DL T, an el fl & FLARRS 22 53 U DAR THIKAE 1035 20 M R P e .

WAEFITERS FE AR AU T K FR B SR By, 1 B TR 28N
HHKES (>0 mE, fRiEr)— S sl. XWAR KRR ERS TR
LT EANEN M. 51— J7 1, WRAF A3 B BRI 0 1T 105 SR 72 AN I
M AR, AL S iR G B AR A A AR S LA B T R 3 A B A T X
R AE G5 AU, T 3 BUR 218 5 A7 AE A R AR VS AR A e . 3R 2Rt
JEE 38 FR N A (Heterogeneous Treebanks)

FEARZN TAED, TATHEE — A0l §hG 2 28 B0 2 138 H T % )3k
PrAEZE . FARSRYF, RATHE RPN EE, 700 828 5@ H M E, Wt 26l
— =T RHUDT; DA BAE S i b e . ZEICRT R TAE o, A 3l Bl
A HE M R EE CLIR T H AR B B B AR AE R)E 3 A B IINTu S N P R FH A R
4 g7y Lige N B B A 3t T [F] 2P S0k (Quasi-synchronous Grammar, QG)
FRAE ) 775048, L e Johansson T 4 th 1 & T~ fiE Hh 2 1 7 509, X e TR 7
Sy Uk T EE R A B B 2 TADR SE AR AE AR B AR, I AN B A AT — A B
o

W e Rl A R Pk AR TR B S H bR R TR AE AR A R B E
X 22 e A AN R R Y R e B SO B AN X T 55 5 BB, HA — Bk
FERBAFES Z MR (typology) HFE A F T S 80, sk B.5.40%
T PE R AEIE. SLIEZ MR E S (EB-Lap . St 518 5 R E,
AN — B ) 3 B AR AE ARG 2 . XM E R FEERIAENDSZH, —
Fe AR B30k, Q0 v S5 0 S0V DA RRAF Gk Sk ok, 0 T [A) — Bl o0k,
WAEEA A IR IE TG . X TARE SR T, W B AR S Bl AR A% O 25 R I8 4%
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PA R ARAF R R 5E Lo AN FECONLLAR A7 4K 2 1, 4341 2 AT RE1A] (functional
words) fE A% 045 i, [RIINARAE G R B8 2 BLA)E N F, 18 SORLE B0
1M 7 Stanford K 7744 5 LA A i@ AR A7k &2, W = Z LN %A (content word) 1
GG, HARAF R RERL A, AR TIESUZH (LER-1b).

advmod root

//det\ - dobj X\ [

DE: endlich den  richtigen gefunden

]

~

EN: finally found™  the rightman

Kadvmod/w\\ \det/f

" ==-dobj-- "~
root

a) Multilingual universal dependencies.

root
_ nsubjpass _
,auxpass

-

det //
v\ v

Univ: DET NOUN VERB V\EYRB
the  price | was

CoNLL: DT NN VBD VBN
KNMOD/ *\\SBJ’//A\ A

b) Monolingual heterogeneous dependencies.
B 4-1 AN FHRAFE AR X b 2R E KA (a) LR BIE R RRAF 451 (b) o
Figure 4-1 Comparisons between multilingual universal dependencies (a) and monolingual

heterogeneous dependencies (b).

RERFWEZ B AAEA S, ES5MRR, Ao ahg—
B o BATIYI B PR L — S 54 o 78 2 ASHURIR, R R R £ AN — Bk
v ats RS AEARHE T, AT H — R fil 5 HL AT RO R T 2 AE 55 2 AR
ZRo AZMEZLIE TURFE M P2, R B Al B F ) 22 S i R AL AR — A AR
%5, JFIEIE A R R B2 HOE R G A FE S 2 [R5 A2 H. 3Al
FEI M R BEAR 28 B 28 45 R s 24 2] B JZ P, AN R SR R e it 1A
[7] (1) 2 Bt 2 5

HAVEATFE T A AR AEW B EREAT 1 7870 se k. EUDT LI ES
1 I A Al S e B R B, SRATA R AL N RS F B EE T H AR A
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BRI B iR FH . fEUDTS5 CoNLL-XUO 2 | () 545 S 4 W) 2 k5
SER AR 1 BATIER A k. R, AT CEMBZE (CTB5) (H
PR PED DL R b SOIRAE R e (CDT) P G ) B REAT S5, DAiE— B 51 A
TAEBEAT XS b e SRS S5 R R W, XS T LissE NS T [7] 20 SRR AE 19 77V
FRATT B4 7Y B 0 B A R0 A ) B4 S R R 2

2 BEREEXTIIE
4.2.1 EEMKFRIESITNEZIRME 5

42.1.1 BIBERIEME

R B TE R A A PR BT R R 5 B K AE ) o M i AR B OR © A, Niudg
U B3 3 W P B A ) 70, A 5 40 I CDT 4% #e v 5 CTBS— U i i
gER, DT ELEE YT 70 A TR 45 A B3R A BT IR B OB . Lis%e U8 N
T4 (Transformation Patterns) % bR id: 0 I A — gk AT @482, %
Ji BT b AR 20 B HE [ B S0 (QG) USIERAE, Sk 18 5 4K A ) 5 40 B R 28
AR5t AR R BL,  Johansson!™ 2t 5% A 2 £ 4t == 1) SR AR SR il & =t F B R B
ANFHE, AT TAEF, SHCEEBEURFIEZ T (feature-level) FiE47 3k
. Bk, MATR R TR R R S M EM A L, RUONTEESE S
FEFRRHEMRIME A TR E A —8, LEMERELZNSH. S52HK,
TATAR R AR s @R, AR RZH (representation-level) | [ 2>
L=, 15 A F SR B PR 2 [A) 4 RedEAT J7 (A Al &
42.1.2 ﬂvaﬁ:iu;;::}_nﬂm

EiE S RIEEE ST RERBES NN s, Bl s

i AR, Bl o AR Y G PR IRl 5 oK ST B 5T T AE AH 8L, DuongZ¥

NUS5 Ammards AU 3R H 22 $03E 2 10 07 ok I H 248 5 0 8 R 3 9 4K
TERPES AT o CEMATTI AR, BIBYM 4 R 0 S 8O R L =0 (B TRV AF
TS A Ko [ 82D, T 288 T AFIE S W AR g5 i B A — Bk, Britt
2 4b, DuongZ NI TAE LN T RFEMBUES MWLE (REERES
U ~3KAMN IO, A HIRES A —EEEENGELT, R
Frdi k. Ammars N IS5 B B 5 AT 7T oML, AT AT 77518 ik

Uhttps://catalog.ldc.upenn.edu/LDC2012T05
“DuongZe A [T53[4R 4 X & i8] B 7E H Ax 58 H0H 51N 7 %0 F il VI RFAE BFIL21E ) 1
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JZZAF 4% 2] (shallow multi-task learning, SMTL), F1F A — /3L uk & 48 #E 47 %+
tb. TEVFER 2, SMTLE A X ER — P E]. Br 7 2185 /EME, R
22 b 1SS AT B8t BE 0 N AR A7 A3 o M B A1t — e 1 A iRl

422 BETHEMENZESIBES]

AL F 22— MIH A (Inductive) EF 52, BEFH KB AFRMES
15 Bk B HARESS B3] FE2 ARSI — B0 X, Z2MMES =TT
TR, FRad — AN LB R R E R SLHA [FE 55 2 (845 BT U, a4
K, FET R 5 504 FoR ) 2 AF 55 5 ST HE H IR 1E 5 A0 BRI 32 BBk 2
RV, 3 R B AE T 28 X 28 50 T Rp AR R s I 3B = Hh R IRATTHR0E,
TEIRFEAR 2 0 28 T, S T A0E 1 9l S22 T o 19 26 = 00170 366 38 T b R bk vy,
el Ji& 2 IR IE 7k BE 2 A1, T T2 I R I 38 7 W) 5 B AT 55 1
FHOC VB g . DR, AR V2 A PR R 1 R s B AT S8 =, AT BLSEIAS
[F4E 55 2 A S B .

5 24155 5 21 A6 A AL — 2z STPLHT 2 B & % ) (Joint learning) o BX
G AEBRET R P AEEZHMAH, UHRE MO ZAFE—E
B IR K 2R AT 55 B, A e aEl R PERRTE. AR AT 3B A AR E
SISO I 2 O 1) AR B GR AR 55 TR I B R AR A ) B, A e 3] AR
ERE RN SFBEMAES TR IR S2EFZFAANFMNE, B 85 2R
PP RIS & 2 MES BIARvERE S, e in v 5 A vk Bk A 2 SJUSIEE SR —
AT R AR T R 51 DA SRR S5 s T 22 4T 55 2 ) I A IR 1R BR 1
DAL Sk A6 52 B rh R 8 B S B

AR, EETHAEMZKZAESERESAHEM Y, RESR—RZW
sECollobert5 Weston T #i2 Hi 10 5 T~ IR B2 5 A1 I 465 1) 22 AT 55 2% S HE R0, i e
45— BB R SR A vk 22 T H AR TE 5 A0 BRAE 5%, L FE R AR . A & SRR ),
B XA OSSR 55 2 8] 38 a3 = AV AR 7 A 32 ok SR LE B A2 .
Dong%i NHOIFE BT “Z b —f A5 " HEZL Bt 2 AL 28 B R G R A 2 Mg
#% (Decoder), MM SEHUE —FiE 5 A B F 3R 2 M HAMOE S . B H £
fE55 % 2347 I Sk, o IEIE S 2R H PR 1E S 00803 < 1A) 18 0 3 = 2 L 3
(Encoder) ZHUR LG BiE . Luongss NP 24T 55 “Ywtd—efid” 5
RN H T 2 04E5%, BIERES I PLasilie. B PR, mik, W
A TAER FH 2 AE 55 00 2 P 28 72 3 2UR &% R RAE S5 DL ROSUAR I RAE S5 P it &
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W 7R Tk R 2 T2 i b 22 iR S

AR SR AL IR I Gr B o100l 55 RS R s B O A AL

4.3 BT KEFICIZMEZ K EFE A D TR

RAE AT — F A4, WATRIE, EETRBNRAEAES g, &SR
WA RN TENERIRER KRR BRI EE W LIRS Nl —
(). —ANE&AF (B) DAL ERIRFINES (A Frig i =oil.
e Gt I MR A A1) 3 23 A A R Gl 3 N T SCHR) R B R AL AR AR M 3% = e 41 b il RS
e, RO fe e AL (e BT, ZeARTAE) BSEMEME (e R, GRS
BE M. XRHO “RFAE AR BT NRIERE TR, R AR R IE I
ANFE e I B PR B2 T A Ao 4 R 2% 1) A B T A Cube 0 bR HUAE
—EREE B TRIEH A R e SRR AL (B, ERTR A RS ARRFAL S R 2
W N € R R B AR AR, TovA B i 58 B AR 2247 DA K R A7 4R & I 45
5

Lo

TEARBEFEH, FoATTR FDyer%s BT $2 tH 1) 2% T K B id 12 (LSTMD M 45 11
WRAF A1) ¥ 43 B R B3 5 i B L[] LS TV 8] 28 o HE AT 2 A0TSR P 4% 45 1
(1 JE PR 4

o 5 ChenfliManning ()5 B4 AH b, 12455 8 A8 FHLSTM LA % 38 VA i 22 ) 288 X 24

AT RIRES B AN HBGR 7 (B AT IR FH, DL SRR AT
TRES) #ITERMEG, TR T REBER.

o BT XTI MR GBATF B T Ay IR M A, AR AR AT S
STHEZE b RE6% 8 i RS Hh g ) S Bk =

Pl -2 7 T B (g B AR 25 44

o, FRAAE 3 T 5 4 R A LS TMK 3k 15 A1) - v 45 AN 3] 1 43 A 8 7w
(K B-3, 12 AChar-BiLSTM) . AN i 3 AT LL % 78 A):

x=ReLUV-[WoWat]+b) (4-1)
HAeAwl m S R s g 5Tk, JAT2 0E HLSTM # H 1) 6 &= 7
) VL S R AT H ) S 1e 0] B3R AT B AR, s B I 20 P B2 i A DR 2 AR
ZAME R R, ERSEERBRELT, RREAPREAN TR TR Z Y
AR ZS T F KA 7R A% 0 85 5, Rk, AT o ATl st Ak oo Rk 47 R
Ny BATRFBITFE ML (RecNN) Xt AH R ()70 1€ 7 LB T4 5. B
I, GG ARE RRAR, ZAERIN P s 8 2 1F 7 5 kAT T e
AT ¥ st RS B R R R N A R R &, TR L ILSTMI# N
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7772 Char-BiLSTM

A
W w
Wy
Stack LSTM Buffer LSTM

— q ] ... 5

RecNN

Wit1 Wn

NL1ST uondy

¢ a;

Kl 4-2 JETLSTMAR A7 G35 73 W A BY 5 4
Figure 4-2 LSTM-based model for dependency parsing.

<w> | 0 Vv e </w>

Kl 4-3 T XA LSTMI 1Al R 7R % > o
Figure 4-3 Char-BiLSTM for modeling words.

Hidt, WATAT AG 204k, 247 DI BB AR ER R, 70 5iE s, by ayo
Ak,

§; = LSTM(r(S o), (S 1), ..., 7(S 1)) 4-2)

b, = LSTM(r(B,,), r(By-1)s -, 1(By41)) (4-3)
H 1. #(x) = RecNN(subtree(x)), subtree(S)3 7~ IS N IR 45 & A& 47 F W
RecNNIF) 1 5 b 72 2 V&l Bdlir 7o ol AR A7 0 P 00 — AN AR S5 AT AR AE 2 A
T4, DRI AT 4% IR e A R A AR A7 N 3 9 I 8 I s e AT S, A S
TR R R RIE, LB B ke, B hRA b “overhasty” 5
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W 7R Tk R 2 T2 i b 22 iR S

“decision” , 1F3|H ] EKIRe,, BHfe 5 “an” HITHA, BRZFHEERERE

ﬂ_iCz:

det i mod C2 head
! /— lrel\'
1
% : an amod mod o head
.. : /- lre\
an overhasty decision |
1

overhasty amod  decision

4-4 FE T3 A 28 R 2% AR AR T R

Figure 4-4 Recursive neural network for computing the representation of a dependency tree.

¢, = tanh(U - [e(decision) & e(overhasty) @ e(amod))) (4-4)
¢, =tanh(U - [¢; D e(an) ®e(det)])
XTI SRR RS AT 51 0 2 T L R A A2 Sl A (0 o A o 1 AR D
A
a, = LSTM(e(a,), e(ay), ...,e(a;)) (4-5)

*ﬁ%’ ?‘Z'fl‘])[gj‘st, b;, azﬁ*ﬁ’ ﬁi@ﬁg/l\#@éﬁ K%/E\Eo EE%H%RGLU(X) =
max (0, x)TE 7 JE 28 ML B0E bR 2L
p:=ReLUW - [s,® b, ®a,] +d) (4-6)

PRV N YT FRE R A R wJm, BAVE Hsoftmaxpf it T~ — P
1Ez € AS, B)IIHEZ 7 Afi:

exp(g; - p: +q,)
p(lel): ng pl qZ

Loeacs,p eXp(gy - Pr + qz)
HAAS, ByFRRE LT HBIRES T AN HERMEES .

T A B 78 v B 25 RS B K 23 A R B A AR R 1R AR AR, RATTR
FANivre T & t 1) 2k T 52 e 1) 4% #% B0 (Swap-based) » ZH %€ L 740k Y
K% 51

o LEFTARC(r): 774 — 25 HIS 38 IS IR AE TN (S| & So) (SN &5 4,

SR KD, DA MRS
e RIGHT-ARC(r): =4 — 2 HIS FE IS IR IR (S, 5 So) (S, A% L4,
SoABMRSSE 5D, AR MRS o
o Swap: KR ICERS BANEAATH, MMETRS5S 38 HRITT
o Surrr: N ZAF TR IC R BB AR TN, A HE 56 R BA N
SELMEL LR S KRR B A AEA FTA R, i MEAaZ N wy, kT B EE (Suar) .

(4-7)

- 66 -



O 4 T ORET IR 2 AR S5 21 10 2 R Rl

Swaplf A B GIN, A3 AN G2 A7 T A AT REAFAE AR A 710 DRIt JRATT A P 3
VA 2 IR 2% 508 L R (1 T8 B B EAT RO

44 BT REZESZSFESINHEMSIELR

TEARWE T, TAVE B AR e 5 SRR — A AT 5%, R4 —
Pl IR B 2 AT 55 2 ) (OAE B R SEBLAS AT 45 2 A B4 B A2 1L, R =SR2k
16K B bR EE B 2% ST E N A 55 (primary task), YR ZE 1 2% 2] N AH AT
% (related task) o SZAmmarss N TAENR 5 k&, WATIIN T —ADEIAE %R
e, ¥ Ss,, b, a Pt 2 5 F i Hp,

P = ReLU(W . [sl‘ ©® bl‘ ©® a; ) et] + d) (4_8)
I, et 5 p,— i Fl T e M S AT L5 20 A1 (0 1 5

p(p,) = softmax(g, - [p: ® €'l + q.) (4-9)

& 2
A Q AR
(W=
g' g
r P AY N
Char-BiLSTM [ e P Pt el etz ]
Buffer LSTM H Buffer LSTM
@ @ |'/Task1 Shared \Task2 @ @
Wy, Weiq L Parameters// / Wiiq Wi,
Stack LSTM Stack LSTM
Fomfi] i+ F
RecNN 5 5>
: : =) S :
oW B ol wy wy
v we a; —* g 2 4
vi ==
Configuration Configuration
(Task 1) (Task 2)

K 4-5 He IR IE 2 AF 555 ST RO IR b 5 HE 2

Figure 4-5 Illustration of the deep multi-task learning framework for treebank integration.
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Iy R P Tl oK 2 T2 22 iR

&
s

ot

4.4.1 S

W

ZALS S I WRBAE TS8O . fEARM A, AV AFRES CAF
PR Wit TR S Ht s iwng . BARR), AT R W A0 28 B 1) U5 A
SN E S @M E (Muen-Usiv) - BLR 535 S /4B % (Mono-HETERO) -

Mucri-Univ 7538 F AR f2 48 B b, A [EE S O SR A 48— 1% a8 A 3]
(Universal POS) & GUSIDL KIKfE R RE S M TR —MEREENE, Hi%
BOEEGHRE BN (ZREBRIMESKERRMWAS) . R, HNTE
B, AFENE S WIS Z/FEEEAE. Bk, EEFELEESHE, AT
Al ARAFE R R VLSRR ENE R 0 AT KoK (E oy, Erely Eger) s AL ZFRF 4y
Ai IR (B VA RFET 775 B FLSTMZ 3 (BILSTM(chars)) . 5 — J7 i,
HTANFNE & 2 AR 2 i (il ) B2 5, BRIk, 784 B A7 34 1
R R, EHRIMER T AR A E . B, 3RATE Z24F5% 5 b A
ST SRS A 7 AR L HILSTMZ 4 (LSTM(A)) .

Mono-Herero 5 5 15 5 3 B PE AN [R], B35 ¢ Mg A 2R IR 2 48— 1)
TG, BIBEE e UL X BILSTM(chars) if LLAE AT 55 2 [ 3 52 (H2, i Tk A7
M5 RGFERAZAAFEES, TR HLERINESLESHEHTAR,
WE, o1, Eoery LSTM(A)¥) AR S MR B FEARTAER, ANK—MME, JATR F5E
SR R R G U BN RSN PR PS Nl S P B 2 1

br 7 UL BB ZH, R BT 55 2 1A R B AH OGP, FRATT L R R 43 H
i 24, X T A (LSTM(S)) . Z24F (LSTM(B)) . H T W & 48 1y ick 1
AP 4% (RecNND\ PLAH T i BB RS R oxp KIBUEFE B (W) o 1 8 Tl
FEH TR EBIIEME S MMBUERE (g9 HT5EFZEEMKL, FHibA
AT E,

P Fh s 0 R B B S B e R G- R .
4.42 IN&iTFE

AR FH — Fh BE AL 1 7 AT I 25

1. BENLERE— AT 5

2. MIZAESS CFxs LR BED R BENLE £ — N a) 7, FEMEH T30 %
I s 4

3. MRAE XKLL YN ZRSEE], R R A% J v EAH R S BB, R S AL

4. REIZFE1.
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R A-1 PSR T E U DK AT R B A N I S HOE R g . b, LSTM(S),
LSTM(B), LSTM(A) 7} il /R A% . 2247 [ SE R s 1F 7 5 FILSTMZ 4L
BiLSTM(chars) A Z - 5 #F (1117 78 AALSTMZ ;. RecNNAJ B A T B 1) 326 U b £ 0 4% 5

ENRHE 73 A1 2 7m F R
Table 4-1 Parameter sharing strategies for MuLti-Univ and Mono-HETERO. LSTM(S) — stack LSTM;
LSTM(B) - buffer LSTM; LSTM(A) — action LSTM; BiLSTM(chars) — Char-BiLSTM; RecNN —
recursive NN modeling the subtrees; W — weights from A, S, B to the state (p;); g — weights from the
state to output layer; E — embeddings.

Murri-Univ Mono-HETERO
E, . E ., Ey E o5, Ecpar
Shared LSTM(S), LSTM(B), RecNN | LSTM(S), LSTM(B), BiLSTM(chars), RecNN
w w
E par, €' E,e, Eqer, €'
Task-specific | LSTM(A), BiLSTM(chars) LSTM(A)
g 4

BTAVEH B ARMES I KRB HIIZRdERE Cearly-stopping)
15 THE 54

451 LR E

FEAW T A, FATAE A 3 AR A7 B FE (UDT v2.0) 5 CoNLL-X 3 i # #2,
Az JEARAE BRI 7 04T 5208 . X T BB R AR 2, D T 5L R ARSI
X, AT AT 7 s ERyskss, oA FHCDTIE AUEM %, CTB51E N H
PP E o BT A H0E 0 %I 2 R s % (-2 . FRAI 1% 8 DL 26 i B
e MurriLinGuaL (UNtv—UNIv). 1Z 3250 1% B F, FATHE RS E 5 W E 2
[ H G BARE, JATHAESE. WG, %15 #aFE. 8K
T DA S BB EEAE 9 B AR, TR B UR B O T I SR EEAE N A
FE PRI YR B
e MonoLINGUAL (ConLLesUniv). X B, FR AT B 78 5 8 5 ) A FECoNLL-
X5UDTZ 8 il & FARK), AT FHCoNLL-X15 kL 5 UDTIE B 3k
BWES (EE. YRS, MA A E. miE, N TeMIET, A
M HUDTH 5 CoNLL-XB 2 43 il A g U b e ISF X6k 5 A 48 22 £ 52 1)

e MonoLINGUAL (CDT—CTBS). %W & ~, FRATKH S5LiE AW T AE dh A [H]
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W 7R Tk R 2 T2 i b 22 iR S

fSEoe B, %8 T A A B ik LA R TE 8 i v R 3 5

7% S0 o 1R Syt L B v R G40 4

o MIEA MBI EI RS (Sup). ZRGNTE HFRME LA BB %A

%,

o BIEESI ARG (Cas)e LABKBEWANLE, B, WAVEERE LI

GRACAE AP AT R, AR5 A% R 2R o (0 2 50 T A W B 2 ST R () 2]

fho 3% A0 7 25 BATHE BT — 35 55 BS54 b 70 10 55 I 2% 1 R (R RS 2

17 A A

BEAN, X T B E R B A T2, FRATH N T A 2 h TR B
(%22 E %% A% (SMTL), 3 2ZDuong NI, % Ammarss A\ IS4
T, ESMTLHY, AR T FH LR (Ege) ZINOEATE
ZH, RN AME AL SRR e 5Duong®% N FlAmmarss N TAE AN [F] 1] 42,
BATAT 8 F 15 I 55 =i B2, BEVE 35 40 A 727 LA R ] LA A1 5 VR

R 42 ARSI b T B B RAF F)VE M P SR g TR R .

Table 4-2 Statics of the treebanks used in our experiments.

Train Dev Test Train Dev Test

UDT CoNLL-X

EN [ 39,832 1700 2416 | - -
DE | 14,118 800 1,000 | 35295 3921 357
ES | 14,138 1,569 300 | 2976 330 206
FR | 14,511 1611 300 - - -
PT | 9,600 1200 1,198 | 8164 907 288
IT | 6389 400 400 - - -

SV | 4,447 493 1,219 | 9,938 1,104 389

ZH | 55,500 1,500 3,000 | 16,091 803 1,910

452 BiESBRAMERESEER

P15 S B R E RS RS g R in R B3R, B, AT ULEH, fE
Kol s b, HIF 3] (Cas) MHELT A B2 S RE IS T 83T,
HAERMAE FIRT RN E# (+1.52% UAS, +2.04% LAS) . Xt 5 W35 75 95 X
T e B R TR 25 S R % v B bR i 1 2 ST HR it — N R M S Evl s k. A
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R 43 FEIETIEMAMERES RSB R I MaltEval 317 12 2 MR A6 56 9 45 R B RMTLAE
P A LA LA T99% 1) BAS LA T-Sup.

Table 4-3 Parsing accuracies of MurriLincuaL (Univ—Univ). Significance tests with MaltEval yield

p-values < 0.01 for (MTL vs. Sup) on all languages.

MurriLiNgUAL (UnNtv — Univ)

Sup Casgy SMTLgy MTLEgy

UAS LAS | UAS LAS | UAS LAS | UAS LAS
DE | 84.24 78.40 | 84.24 78.65 | 84.37 79.07 | 84.93 79.34
ES | 8531 81.23 | 8542 81.42 | 85.78 81.54 | 86.78 82.92
FR | 8555 81.13 | 84.57 80.14 | 86.13 81.77 | 86.44 82.01
PT | 88.40 86.54 | 88.88 87.07 | 89.08 87.24 | 89.24 87.50
IT | 86.53 83.72 | 86.58 83.67 | 86.53 83.64 | 87.26 84.27
SV | 8491 79.88 | 86.43 8192 | 86.79 82.31 | 8598 81.35
Ave | 85.82 81.82 | 86.02 82.15 | 8645 82.60 | 86.77 82.90

I SMTLAR Gt JL-FE P18 5 LIS 1 HCAsTE I 45 R (FE K R)E EYEfE
Bty . Rk, AT B M0 450 & BPEAE A R — AN, SR E b
BEAT I & 2 > B T 2B 2] 1 7 3

B2, B EENSEOtE

s, BATHIRE 2 A 55 5 3] J7 ik AES R

BE LIS T RER R AR — AN 2 I R, R PR LUE
Cas5SMTL % 4t ££ Hif S 15 b 19 R I A0 2 3 8 TMTL (3 mMTLAS 248 & 2 1L
TSRS . &0t AT AR E 324 BUT P A
1. it diiE tp a8 (&5 2% (mophology) 451iE 5715 KL, KL FATHE 5
A A R A S 4 (ANBiLSTM(chars)) L REME L=,

2. Kt B0 1E 1 I 2R B PR R BN, 5 I 1 R B PR AL EL B 19, FRATTSE
ESMTL S Castt H AR FERL/N (R BEYRM B BIE O IR B 2 AF 55
2] (MTL) BEA . B b, R H AW E 28 & 0 HR oKD, 8
AAEBRA 5 S i R, 3% 3 o TR IR B R O 2 — PP R N A EE Y 7 5K
MILEHELZ NS4, WSMTLIE 2l L EH 2 S HOR LI X —

EN:0P

N AR — AR, AT T AL A X P SE A, o R

B 4f

B b, S22k WOk B, SMTLI M g B 2 T %, H rPUASSLASS) 7 B A
T0.73%50.81%. XK EREAT, FFIEEZAFSF I RHELE ], Hsznal
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Iy RV Y R 2 T2 e 2 8 3

DL i A B S 5 5 o i R BT S N5 BRI 2 4
L FRATT A B — N 3 M A 1 HE B SR A v 22 SRR
AN — 2 s A

N T IR —AME A, A1 DuongZs NISSLE Y5 B 2 1F T 1 S256 %
B ZWET, B ES HE3KAMNE . AR A S5Duong® A\ — U SL 5K
Hym, s RmEBAIR. Bk, AT LUEH, Cas, SMTL'%MTL%BJZ%WE
TS F Gt [N, CasS5SMTLECMTLEI B 4F, HACasK I & lf. X Ak,
15 B bR PE R /N I 0N, Rk A% 2 2 B A U 7 K

FAN, FEARSZI R, AT R FSMTLEMTLIM 5, 7T LLE X /E %
IINBCK A (weighted task sampling) HEATHRA. 1EZ ALK T H, FAMMES K
SR E RS —ERE LM ARa ke, #Hie b, RAIHESANMMESE
[ — B Za i SR, g 7R SE B B R, 3K — SR MEGRE o BU dn 6 T AR AN 35 47 11
PR B EE B ER B %, RS T B e SO B2 15 08 L/ PR 2248 . (R, iX
FLFRATTHRE W — I T OB 55 SR R T U . B, R AT S5 B tE
AT I WSSO BE LU AR 19, A FRATTAE 2 AT 55 5= Sk #E T RLO: 1A M 26 43 A1
XiF AT R AR, AR ISR RIE A — 5. R B4R, SR A AT
% KFEZ G, SMTLSMTLI M REEENAS T 8N B 3 iR Tt

R A-4 HAsW R EONE DL SR a5 R, KR LASPAR .
Table 4-4 Low resource setup (3K tokens), evaluated with LAS.

=AM 15% FEA T I
126 Fil A e AL, DAL AT

i
= 4

DE ES FR

Sup 58.93 61.99 60.45
Cas 64.08 70.45 68.72
SMTL 63.57 69.01 65.04
+ weighted sampling | 63.50 70.17 68.52
MTL 62.43 66.67 64.23
+ weighted sampling | 64.22 68.42 66.67
Duong et al. 612 69.1 653
Duong et al. + Dict 61.8 705 672

453 BIERIMEMEKINER
A SR LA R S g R I R B-SOR. BRI S, ERARE T
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(ConLL—Univ 5 UNiv—Conte) , MTLER & L T-Sup & 4t RN, 1 KHEE 015
T’ MTL/ﬁEﬂ:CAS/\éﬁo

R A-5 BRI R S 06 25

Table 4-5 MonoLINGUAL (CoNLLe UN1v) performance.

MonNoLINGUAL (CoNLL— UNiv) MonNoLINGUAL (UN1v—CoNLL)
Sup Cas MTL Sup Cas MTL

DE | 8424 7840 85.02 80.05 8573 80.64 | 89.06 8648 89.64 86.66 89.98 87.50
ES | 831 8123 8590 81.73 85.80 81.45 | 8541 8050 86.46 8137 86.07 81.41
PT | 8840 86.54 89.12 87.32 89.40 87.60 | 90.16 85.53 89.50 85.03 89.98 85.23
SV | 82.61 77.42 8539 80.60 8529 81.22 | 79.61 7271 8291 7496 84.86 77.36

AvG | 8514 8090 86.35 8243 86.56 82.73 | 86.06 81.31 87.13 82.01 87.72 82.88

N TP 5LI% N1 B 5 AW PE LA T ARSI AT B, FRATTAE S
W EECTBS HCDT Lt 4T 7 SE%0. SHLIS ALK S E, RAIEEMAH A shiA
P DA B IE i e PR S . S 4k R K B- . R EERME, S5A
FH (0 35 F 3 B (AR A7 )3k TR BUAS [R], A AT DA D 1 i R 1 T 1) i A 24 01290
R AT 2 HE R Gems k. R Wik, M2 FRAITMMTLA G B AL~
LA 7 N AR T . X AR T IRATT T A

% 4-6 13X FCTBS 5CDTHI M & 5230 45 o Lil2-02:% A 2 1 B Y, 4 o
ZEAE LA S A PGS MR AEs T La12-02s18 S A F b 26 465 A SRR AE
Table 4-6 Parsing accuracy comparisons of MonoLINGUAL (CDT—CTBS). Li12-O2 use the O2
graph-based parser with both sibling and grandparent structures, while Li12-O2siB only use the
sibling parts.

Auto-POS Gold-POS
Sup Cas MTL Sup Cas MTL
UAS | 79.34  80.25(+0.91) 81.13(+1.79) | 85.25 86.29 (+1.04) 86.69 (+1.44)
Ours LAS | 76.23 77.26 (+1.03) 78.24 (+2.01) | 83.59 84.72 (+1.13) 85.18 (+1.59)
Sup with QG Sup with QG
Li12-02 79.67 81.04 (+1.37) 86.13 86.44 (+0.31)
L112-O2s1B UAS 79.25 80.45 (+1.20) 85.63 86.17 (+0.54)

1 B 4 B EUNv—ConLL 1 L T, Cas5MTLER B3 A & Sup. 5UDTAE #Ryan McDonaldis i 2 J&,
BATAA, FEOXFHLS M R R 2 8 4 7 1EUDTI B 3 (ki FR AR sk g, b A5 1R 2 8 R bRt
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4.6 REINGE

AT A LU O 2 S35 TAFRISE 2. ARV AL H AR % B4 — 8 IR Y
TEOLT, Wl R Y A B e R 3 5 H b e Bt AN 8 1 2 Rl R A
IR 2, RIS 1 5 AR I8 T A 2 DL B BT S A W B, B b — I R TR
ZARG ML, (RIS H b e Re e 7 RO al &, SRR EEE T
FE55 22 ST I S AR, R PR P A 22 W0 288 50 TR AR s 1 52 2D e 0 B i ke vk, |
B ZHOL ORI RN 22 ST 15 S22 B, DURTH B AR 2 1
iR

TAVEZMIES . ZRBE TH#AT TR s, IF5E50NA B>
RGN LGRS S RGEHEAT TS L. SRR A RR T, AT HE AL 26 K 2 At
OLTF RRRS UM L B ME R AR IO PERE, LW T 2AE 55 SIEM EERL & B 1A 2%
Peo W, FATHRAD, £ H bR 2E S RBOSRR SRS 0L T, R RS 22
— P A R A

FEARE N AR, S HIEEH0 A #E 5 2R 0m > SN e de iR CEL i ies
B E MR AR RS FERFESE) o ARRIATA HI D] — M EE s B 3 K B
20 4 FRRF IR R s Z A SR PE LA, AT SR B B IE B 1) 2 B
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55 % W U bR S R KI5
F5E HEBEXNACHRISXADENE—1RE

51 5|5F

FERTJLEW TAEH, AT TAFENE S AR R 288 2 (8] o a8 i 45
A R DA S PR 28 ) 24 SR SEIL HTRT 78 o 7 AR B 2 SR AR il 1l REINF, FRATTR
FH & —Fh B TR B 2 AR 55 7 ST AR SR, R B Fhom 28 1) 2 2SI AR — AME 55 F i
TSR ERSLIMES 2 RIME R H, fEARES, RATE Z B R 2 E L
SRR, HERERLNZAAES R, WHTE O3 AT T8 7 2
EYRAM RN G REARESTHEBEPROEZE NS, B2 HAREF L
AT 55 #0 ot A1) 7 AN [F] Rl I (B o) TR SR RIEAT AT,
N IEE A EARE (SRL) . R RZFMEL (Relation Extraction, RE) 54328
(Relation Classification, RC) &, A [A4E 55 X T LR R B &€ XA R L
W, AE S EFRFEAT S oo TR 518 J0 2 18] S UK OG R, 12 1T S B i%
WICHE A CEFEMHEE . ZFE N, o, 7S . MAE X R
W57y RARSS b, W m) () 2 S AR B 44 18] 2 (A IR0 OG0 7= =A™
#” (Product-Producer), “#f7r—#4K” (Component-Whole) %, T ULE L, J53&
e € SR B 2R B i SRAA WG SOZ IR, T XA bR iEAE 55 2 EERIA ) 2
HIEE S BB A T HAMES T K18 K RARER G
FEZ H AT TR b, 18 SO (bR 5 9% & il 70 RN N 22 A AR AN [F]
PIAE S, HAF ARt B AN AH [ ph b T = 28 1) — A i 82 W 35 2 ) 7 2008 %
P BEATTE R RIEE g AR . FEARBE U, RATKRIE XA abriES K
ROFBESAAEZ T —EME, FFHTEE — g — Rk, N T
i IX — R, FRATTRE Y AME 25 1 32 I B B v i FH 381 1) 50 B e Ak 1R AT 93 A
o EFIUHRAE. X T KERr B ARG B AL BAE S (an gyl R MEARTE. A
EH ME, BT CREA AR R B R L RARN S EY, BT
HFEFEZE. DEBE- 1L MAF R, FERRERHEA LR (LD 4
%l 9People Sdowntown, X F Ky “SEAA-H [FJHL” (Entity-Destination) , i
R, BT “moved” AR R HI AR ML T AR EEZ IR, A& 2
T “fidR R AR . 2R, H RTESRLSRC 1 48 K38 7 B 70448 FH 4y
fIE TAREM 7 ACRFEH bR SCHReAiE, @ R BRI E O BT 1
ARG, XM A P ReE 5 A B IR R) “Ad k.
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AM-LOC

NI

UNESCO is holdlng its meetmgs in Parls

/ \

sosmy -l eve-s " NMOD “ /’ “PmOD”
So~0BJ--77 .
T---LOC--""

a) Semantic Role Labeling.

Entity-Destination(e;, e,)

/

People,; have moved into downtownp,
N » , / . " , /A
Se o ) aui(j/ \\\ \\case-’,///
~~-nsubj -~ T ~-nmod--"~

b) Relation Classification.
Kl 5-1 i LA EARE () 5READE (b) BIbRERG]. =2 W w6k A [F #) A7
FNERRIE
Figure 5-1 Examples of semantic role labeling (a) and relation classification (b). Note that they may

use different syntactic parse annotations.

o HJVRFRAE. 15 XA OFRE S KR BAEFW N — D EZEWILFE ST
FYVERFAE AR o 78 B [S- 1 P AN R 8 o, FRATT TR B RR v T A
REE . DB XA bRiE B (EIB-1a), WIoiEiEiA “meetings” 58
1 “holding” 2 [A] () AJVEAKAF R R (“holdings” o8, “meetings”, OBJF
INEIER R RFHAE LAOAAL CREEH) FIMFEIER K. 2R/
B S OFR R TR, AATTE A E ] B AR A 5 R T R R ) 9
PRACFEAE CE RN, T HH 3] BT A4 B 2% A% SR AAE DR D o 1 A 1 1T 6 0
i

o WIVLEURHE. X T GREZED 1F LRSS &, WIS URHE U &
o ERZEHT, 1 %ﬁﬁ’]ﬁ%;&ﬁﬂiﬁﬁﬁéﬁa (138 @ e 7 s
XK FR. Hi, i&iﬂ% R 22 118 S H A 98 T 46 48 B R0 4 A 3R
N~ JRALVEERRAE, B % M WordNet, HX1717$4‘£%H1 J2E: v 1l BBORE L )
7 2K |90

A, ATERRE - TMHTEUMORTESRESENS

R A8 A FH X 1) K R I 10 12 19 45 SR SR B4 J) 1 BT SCRFAE AR A1)V R AR
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FRAE, (AN 3= (R0 3E A ROR R IEE N R N . SRR 2KH
P AR ) 52, 1 A tbnid SE bR b — AN G50 T 7] & (structure prediction)
Himh a5 R EZ 2 — € MG MWL R Bk, X118 A OAsEES, 3RAT
BANE N T — A HE TR 2k K (Integer Linear Programming, ILP) [ Ji5 #E ¥
(Post-Inference, PI) i 2. iZ A NSRLERCX HAMESS @ T — FEMF L, 15
ATRENS 13— 2 F FH 2 A 55 55 S R SC LW & B i #8 5% 2 «

FAT A FHCONLL-2009 v Wl ffr 412 41 1) 38 A (o bR vE 48, DL J¢SemEval-
20104F 55 84 BT 42 £ (1) 5¢ & 7 R AT S50 . AR 18 UM B briE b, AT L
RAENAES ERRIWA R ZN T ARG RS Falr, £k, 3-A1
IPTERE L AT R EF I R Gim ToN A7 s (FUED: fER R EMAS L, HATH
AR T 5 90 s i W45 AT K. T ah, 24855 S e il A briE
PR RE AT SR 1 — 2B I B E R T T

52 BExS5HEXTIE

52.1 BEXAERTE

XA bR E &R E 1B X M7 (Shallow Semantic Parsing) ) — Fh SZ B 77
U, B 7E R 4] T R 4 e 1 R 8 UM 8 (Argument) o 91 Q7 B [5-1 )t
B, Xt T 181 “holding”, “UNESCO” . “meetings” . “in Paris” 43 %] A H
M (A0, ZFH (AD PLAEME KA . & XABIRESEFHE T 597
W MR AE S T EE S, B R R T R A fE R
2 A0 E KRR, A5 S 1R G LR 5 2] B ORI 2R 1R UM B bR i B Y,
Gildea 5 Jurafsky i 5. K X AP 715 IF 5 Y 7 — R IV B R AEE S, JF 8 K
TZ AW KREMIK TA/E. i, fECoNLL-2009VF AL, KRIMBITFH ARG —
R A 17502 A8 5 S RHE BRI, X SEREE 2 225 8 T F . e iR ik
W bR S B R AR AR U R, A R AR s R T T S R AE,
EE 4N 22 AN 18 J0 B # 22 1 1A] S LEHR0,

T R R R AE TR B AR AL, [ S RGO B (R A, AATTR B AT T
AR R . B SR A% 7. Moschitti%s A 7515 A bR 5\ B %
(tree kernel), VLI 4 F) VR REAE 2 [8) [ 45 4 AH UL PR IS8, Che S AN HLabAT T
ok, R TIREERMZ, IS R BIAZATE S, FREMRET 715
XA R R BRI . R R OT R RENE HEAT A A B B R R S, (H 2 Hat
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HEARMEEES, VEEAL. HiREETKRERNTTE. Leidd AR H Y HHCRE
sKE P RESEIL T GBI, RJt, BRI AR DY RERIE A ) H U, X
J7E R B AR T HJCE A Ao AR S M R AT 2 Ak . RN, AdUATT I AR
SRARORURR IE AR 1) 7 AOR A UR A B R SCRFIE. JEAEOR, ORI 2 B T 4
% )RR AIE 2% =) B8 77 58 5 1) A 28 ] 29 A R D HOSSUIS6L - 5 57, RothFllLapata>k A
LI A0 A2 W 248 B R SR 2 =) ) VK B A 1R 20 A RS, B 2B ML AR T T B UM (b
MR AR S ASCH) TARARL, B, AT HARRE (i BRSO, AT
&% 7 Anders5F NS TSR H 1) B HURFAE -

522 REPE

ANTE SCAH AR ZRABL, X 5 300 19 5¢ 28 il B 20 SRk e T Ot s AiE T
FEUOV i) 7L, NATTRARE AR R 1 A 7 iUV 5 gy yk BB, il a2 ok, T
PR 25 1 9K 2R 23 8 D4 O 450 I 323/, Socher N di B4 FH 3 A 0 22 1Y 4%
K 5 ST 7 SR AN S8 A 22 TR) A VE AR K R R . Zeng A N U 6 AR 22
W 2% oK 5 21 A1) 1 K 42 Ry R BLT 50 & 20 SRE030 Al AT I 45 B AN A5 ) 09k e
LR 25N, BUS 7 A FE R R R. KXW UEW] T4 W21 55 L
AR 2z AR R K, R Z 3 TF o0 256l 08 1Y B8 52 2% XA 2R oK o 47 3t %o
A7 AR B B ARSI AT L, B i G A B R LR G A K R R T 12 A

é%[193—195] .

5.3 18]RRE X

TEANTI R, AL AT 50 0 18 A bt 5 2k R RIX AT S
A E o

S F 18 M ObRTE, 3R ATR F CoNLL-2009 3 AT 25t () 5 . FE %I
RAMEE S, BT (o WA IR ARE T B shiE LR R, f ik
W AR L TR, ANE IR TR T KA NE E AT AR ()
ZAL S H AR, TR Emwp, T R SURAF S5, Bl AriE
H %8 ] 1 BT W T R HE SO R AT

HA b, A SERE S AR EAT 55 38 S U5 1 R ) PR 3R] ST B
M AE AT o, FRATR 18 ] 2 45 58 1, KA 55 1 B0 E e R 5

UpropBank 1 £, 5204 Fit i XA 1, 36 0 (01 LA €2 9AO~AS/S B, AOIE 5 72 7 20 1 1 1t 95 %
AUBHE ZR T (2R E), A2~ASUHE I 1R 7 274 A 05 3.
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RAES b R, XFFst g — AN B p, FATTIE Fist ER piZ A BT A R
Uiz {w € slw # pi}, FEHIBrEATE SO B R LUK IXAS R G A X T 1]
X (pi, R — D3 RAE S5 B 7 AR HERE LA O RS, RATIESE I T —1
BONANULLE R, RomiZia A p ) — iR ot. Ji4k, 9 7 RIEX T — A1
FO R E 45 R R R S5 B A R, AT EE— D R T B A R ) (ILP)
)RR G RAT S HEWT (BB 5447

T KRR, NEB-L R G ELE H, Hodg SCiE ok R K
RUFNAE A EAREBR A . FATT R I SemEval-20107F I 4F: 5581 v ) 52 S
ARG, D THEARE T — X % %R (nominaD) e, Se,, 1M HATH H
RS X 1% SE AR R BEAT > K. AR S —HE LT MR R KA, e
Cause-Effect, Entity-Origin, Message-Topic, Product-Producer, Entity-Destination,
Member-Collection, Instrument-Agency, Component-Whole5 Content-Container. I
Ab, AFEIXRIFKZ K RILNOther (TS o HITAEPFUIS FATEE 5 Rk A28
B 8RB T5 ), P — 3L 195058 R K01,

54 BT HEMBZHG—RE

GHRT AR, 15 SO GARTE 5 9% 2 73 8] BLE s0AE X ) e e 2t 47 2>
KHMEST o AR — A58 — F JE T ol 22 D00 28 P A R of of g 28 R AT A, 2R
Ak un B 5287w, H S BUT =AM .

5.4.1 1ECE XAFIERTR

T SCRFAE S T35 R R0 4y 280 N B Lo dnoxd T Pl [5-3 1 491
¥, TEAFEWALAR “regulations” 5 “force” H Hi XWIHE M T, HRIEH
bR SCRRE (“entered into” ) AR % 5y W B B 2 18] (8 L% R A R AR VE N Entity-
Destination .

BRI, BRATT St ) o A A 9] BRIV A SURRAE o BEAS B R AIE A0 45 3R] (B
HIEAD DAL, R R RES T, W AL B AR08 (NED
PL K #EWordNetHH fiT i€ R _EAL AR AE . X T BT HORRAE, Fo AT #0 K H o A5
Fon. XTI A LR, 0 CAF] Fword2vectE K AR A1 38 %8 5 b 32 47 W) 25
ANFEFRHER RIS — ZAR LA AT H G, T ERAT 1% 10 ) 78 2 R0
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is its meetings in Paris

______ T O S NN RO S S o
i fi f i fo S i f2 f fi ]

ROOT ve

2k FXET

AR

K 5-2 FFiE XA ERRES RARAD KRNG5,
Figure 5-2 The unified architecture for SRL and RC.

/ Other\

International ship sewage regulations,,; have entered into force,

5-3 C A SCRFE B 2R 1

Figure 5-3 Illustration of the importance of lexical semantic features.
X = ReLU(Wlex : q)i + blex)v /E\:EF"
Xj‘ﬂ: SRL: q)i = [e(W,') GBe(t,-)] (5'1)

X‘j‘ﬂ: RC: q),' = [e(w,-) @ e(t,-) @ e(ne,-) @ e(wn,-)]
Hodw,, t;, ne;, wn 0 B R al (BJE B (Al P, S22 A L K WordNet A 7]

542 £RETXRT

PEROR, FRATAE X 1 A 2 R 48 SR SR B E BRI X R 4 R B R Sk
e BARHY, WA B R TR AR AR A XUAILSTMI fi N, FE44 B bR 1 X B
TE A B 1R B 2 R on AT PR 2 e =R A A R B SRR
RS = [7t>e1 ® (1761]; R = [Tz)e2 ® (1762] (5-2)
B RN, T IRATE A B2 B bR TR E E IR E RN, WAk
TR, R BRATTTC 75 {3 FH A o7 B 25 R fiE 0 1921960
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HSE B XABRESRARSENG — R
543 AR REERT

X TR 43 KA B Tiley, e, AT IE B AT BT A I AH SR SR
Hncaler, ez), 4T LA Flley, 273 7 Fllnca(e, e) KK A AL EE AL € — ... —
ncale;, ex)Snca(ey, e;) — ... — eyo FATHEZ FEAKAF YN A5 7] K F XX RILSTMXY It
AT R, WEB-2 () Frim. TATEEPRAERAE, B2 hiaikes
fiEA B B8 4%, 18 Ngeneric path; IR & KA & R M R B8 42, 12 Arelation
path. X W 2K B 1% 5 B HBILSTM,,, 5 BiLSTM, it 17 #8235, AT H W
¥enca(e,, ex) Ak 1) A 1e) ] 5 RF AIE 6 A% 26 7 DA SO IR AR AF 9K 2R B8 438 3 7 )E AT PF 4%,
M 3R AT 56 B (1) 1)1 B AT 3R 7

— — — —
gen _ gen gen . rel _ rel rel
R(el,ez) - [hnca(el,ez) ® hnCa(El,GQ)]’ R(el,ez) - [hnca(e],ez) ® hnca(e],ez)] (5-3)

R, &R BN RN U R ARNE R R B AR R AT A A, T
RERANFRRAE, FHTRADHE

p=ReLUW, - [R% & R%1+W,,-[RY", = @ R{, 1+b) (5-4)
—————
S Mol ARE R RN
plclp) = softmax(g. - p +q.) (5-5)

FAAE A2 XRG4 2K bR BORZ AR EAT UL L£0) = — 2 log p(cilpy), F
FNAEZFEALH

5.4.4 BT EEERM MR B G HERT

B S AR SEBR R — AN G5 A T ) R, R T — AN ) B T A R
Wi —E RN AESGS AL AR Bt TR R ) — MBI S, K A bl
ORI — I T T o 28 AR B 5 R TE VAR AIE L 1B A bR 4
JEIXFER A R 2K . ZPunyakonok®§ AW E Chef NS T AR JF &, RATEE
S R R CRY ) R R AN R PR LA BRI E B RIMER D b
B — 0 SR P B A R ME LR AT JE AT, DR A7 B R s AriE g R .

LSWHAF LS, RENMEES (WENULL) . 154 € 18 17 1)
FAET, T EAEw € WL KB LM EKr e R, RAVEH — 404
By € (0, )RE W TE A B2 B HENRERre po Awbsid Arf 2, HA
XSt FE R EEHENE RS, RATFE B LT B Ax ek
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Wa 7R VE Tl K 2 T2 22 it 3
Lilp = Z log(pwr “Vir) (5'6)

SR e, P E, BRI R AMIE LA AarESE R, FEEEN L, A
SRILPAE — INPHE ) r] @, H X T A (8. 2R H) BAAMEE,
A LA Flp_solve?&s T 2 HE 47 /& 250 Hh SR i o

AR FH Che 5 NI T A o it s U = 2R 2400

o Cl: tRvELERA, BAMEAHRfEAE — A (BENULL . H:

Z Viy = 1 (5-7)

o C2: pEME/NTHEABE (ﬁrifi?'\jo.s) A8 A AR E (A
TNULL) . HP:
Vor =0, if p,, <03 and r# NULL (5-8)
o C3: — MK KNE A AR T AHI—, &1 DEHS. %%
fERAE S HKH, B, X TREMES, ATERYE — > “ B pliE LA
87 FIE Rupar WERFI. W
D ve <1, if 1€ Ry (5-9)

w

*®5-1 AFTE S P AT “ gl X 5%k,
Table 5-1 No-duplicated-roles for different languages.

Language No-duplicated-roles

English A0, Al, A2, A3, A4, AS

Chinese A0, Al, A2, A3, A4, AS

Catalan arg(0-agt, arg0-cau, argl-pat, arg2-atr, arg2-loc

German A0, Al, A2, A3, A4, AS

Spanish arg0-agt, arg0-cau, argl-pat, argl-tem, arg2-atr, arg2-loc,
arg2-null, arg4-des, argL.-null, argM-cau, argM-ext, argM-fin

55 ZESET]

AT 22X T8 A bR 5 5 AR 20 SRAE W BUE S T O 3% B i 3k R R it
77 R A, JHEH T — g ARG XAERRNARES: X
MMESS Z M RET REAT AL G, AT IE I B2 2 (K HOR? AR 5 e 0 92k i 42

Zhttp://lpsolve.sourceforge.net/5.5/
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B, B B AN S iR ey, e TR AFAE FE A E SOR RIS, B W
e iz ) AN G B E R IR T, v T B R B AR, RATE K
5-4 ol 7. X B “author” 5 “disassembler” Z ] 7 {£ Instrument-Agency ] %
R, XN EAVIRM T — D2 (E B “author” 5 “disassembler” 43 il /& H)
BB IES RS E (A0 5%FEE (AD. WEZ0) THIRAELR, 7T
AR 25 2 o3 #r th, FLPT 0 B 98 ] 52 “uses” .

Instrument-Agency(e,, e)

/

The authory,; of a keygen uses a disassembler,; to look at the raw code.

P

5-4 AL FR (D) MEE A EARE CF) BIBERKR.
Figure 5-4 The implicit connection between RC (top) and SRL (bottom).

AT LAEH, SRR RAR A B TR UM A r A . KRR, RPEIE X
FEFREI S B (“author” & “uses” 25 “disassembler” ), F8AT1H B % H: 7
P Z AR BEAEAE LI TR UK R CRARHIO o AR, HA T B ARE LR HE
AW HE CCRDR MBEARMEEZ MR RIBA0, ALE XA, A
JU T HE DL A W 9 A 1] 22 8] R 18 9K &R A& Instrument-Agency, Product-Producerits
#&Cause-Effect.

gib, BRAVAA, KRG RS RA B T8 A EFRE, 10 A st
MTRABDFAEFZMEA T HRARFEE, 7£T X R0 R PrE LK RAE
T8 SUORLFE DA Z IR B LGTE UM bR 4, SR DR, AR SORAF 72 1) B R
TEE XA AR EFAE S iR L.

ST AN AR A G — B A, BRATTAT LAy 5 b i 2 R Tk S
MES Z B FRIER . SH1— &8 TR, IRATE &M A2 5 2 Bl

o U] (Cas)o FEETZFT, BATHERNG D RESEEL, KRG
i FZA R R ) 2 80 CRRAE 70 A R, WS BUED A N TE A bR AR
R ZHRIEE A .

o ZAES¥ 2] (MTL) . fEi%J7 &, ARG M ORIt 5K R KX

PRAME S AT R G 2 ) o FRATTR A LA 18R T7 =X

1. FRAE B b Rk 28 40 A RHAE 55 1 AT R AE

2. MAZAE S5 1 BE LA B — AR B ZRFE AR, AT JT 10 A
3. AT A VR ZE AR R R EE R, IR SR AR S5 T IS A
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&
s

4. RFIE1E,

FEZELEH, AR RBMERFTELE. &k, WAGERES
) T AT 55 F2 30 F R BT e S8 . Oy 1R Bix — H i, FRATT SR A A ST Hh T A
I IABUT %5 RAE Tk IWBRAE 55 5 2 1 s 3 h AT W 82 31, 15 S B bR i
55 i SI0d % KA R R FAE SN 70 2 —, k3R ATLA4:1 (SRL:RC)
() BE S 20 AT R BEAT AR 55K fE. IR, Z2MEFFAMKRE TS HILZE. B
FHAE /& — AN — IR AL, IR Ik 48 K 4 2 BOH 2 Tl LLZE AT 55
AL FEEENR, AFEMES R KA ) E AR TR A, L
A1CoNLL-2009 VMl & 77 Fir 2 it i) H 8l 5132 b5 v /2 CONLLAK A7 AL 1, 10 K8 7>
R F 53 R 58 WA 1) /2 Stanford fk A7 #A R0 7 5 78 A% 0 45 I S8 R
DA KA R B LARRE BRI 22 57, Rk, 5 0095 B AR A1 0% (¥ 2 HOH0 8 v 3t
=, fHEBILSTM,,,, BILSTM,,'5W,, (JLIE[-2).

5.6 SR 57

56.1 L E

FEAE UM B bR AT S5 B, AT fE I CoNLL-2009%F I BT 42 £ () 3¢ S % 4 3t
TSRS Ak, BATWAES L, MEL Je Wi (Catalan), 815 LR FEIEF 15 |
BEAT T 2R SE . ST AR bR AE R GE R R R . R AL, PRI R
fe it 1 Brownifi B — A 7 A AE Jy s S B dls . v TR IR TR AL AE AN A
Ak bz A, FRATTHE AE 2 ST I Brownill iR 4 b HEAT T IR, HAKREYE
P R K 4y in 2 52 7 o A S 6 A B VR o BT B AL 6 B s L R R R DL &
WA FNE AT 4 RAE NN . FE SR R g FE v, FRATME 2 BT B 1B W 3 2
BeAREs TR, FRATTAR AN XS 3 ] AT ) SOV B, AT R A 5 1) B JOAE 18 A
RS 70 BAE S b BT ORI e i 45 R R o, ATR A A E
1] S TEN FR AR . X TR B L, N TS BRI FT AR o T A A R S B 2 R
AT BRI B, FRATTR AHLeifs NS 7 2, ¥4 AndersSE AU 1)1 18] 18] S 43
Kok W5 ARSI o B AS B MAE UM bR 45 R AT & 3F, M 3R A5 7 18 i 1A
ST 2 R

BATE LT R G047 SL 50X L

o CONLL-2009 %l 115 S At brid: 45 RHEL 5 — I R 4

e Roth5LapataJi #i2 t 1) £ T PathLSTM ] 152 FY LS,
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Table 5-2 Statistics of the SRL data from CoNLL-20009.

Language Train Dev = Test OOD-Test

English 39,279 1,334 2,399 425
Chinese 22,277 1,762 2,556 -
Catalan 13,200 1,724 1,862 -
German 36,020 2,000 2,000 -
Spanish 14,329 1,655 1,725 -

o FitzGerald5F A FT 2 Hi 1) 1 25 [0 28 455 7Y 11861,

o Lei%s N JITHe Hh i 5k & 40 g 5 41084

o AndersZ: A\ BT K H 3 T liblinear i) 73 23 A AYLS8T
[FIET, FRATH S FIRAE R ) B HE P ook 25 1 DL R 2 A B A e 5 AT 7 X L

X F K R FAESS, FAE FSemEval 20101F 558 = 41t i PP I S 4. 1%
Bl S b — bR 710,717 ), Horh Il 27 468,0000), M 4E2,7176]). FRAT
K547 28 G AE 1 5 i B e kAR IR B AT T RS R4

e SemEval-20101F: 5581 44 28 — ) R 4t (SVMD) U,
Socher& A\ $i H ) B — ) & 3 ) A 22 X 2 A58 (MVRNIND B9,
ZengZE NI H BT WM 4B R (CNN) 1920,
YusE N4 H 2 Tk E A (FCMD 11200,
dos Santos%§ A fT K F 1923 T HE 7 $712k  (ranking loss) Fr) =5 AR 1 25 Y £ fi
Al (CR-CNN) 19,

o BT KA PRI A M 2% B AL (DepNNI,  depLCNNEPH)

ATAE KU R AR SCA _EAF FHword2veckt 371 73 Aii 2% 78 BEAT TR 25 X
THAE, MED JEWiE. 815 DL L TP F 8, AR &8 i Wikipedia%i 4
XS, AL A A L Gigaword 2 FL ik (LDC2011T13) H 1387 A 44 18] 1 )
(2000-2010), FFEHEFH ARG (LTP) ROUE4T 738 Ab B

EINGIERE P, KT8 A EbRE, RO IS X (mini-batcch) K
NI BEHLES B R B (SGD) Bk RN Zri i, Horp — ANk A b — A
BT R SEB AR Gy TR R BATS, BT RAA) T R AR5 S,
BRI 3 2R K/ g Le IG5 21 W o = 0.1, Bl A A O H it 47 22 3k
e =n0/(1+0.16) K [5-3H A S50 B 4 H K 8 S 50k B
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Table 5-3 Hyper-parameters settings.

Dimension of embeddings Dimension of layers

word POS NE WordNet | LSTM input LSTM hidden hidden
200 25 25 25 100 100 200

5.62 IBX ABIRESLNS

WATE e fE D8Il Bt AT e, SR mERE-ArR. TUEH, RIW
AWBEI RS (Sup) 1 [ 25 4o X 8 i PERE L T-o 2Lk R4
(R XED, FEB, 5mAEHEHT B0E 2 88 8 S R 48 1% 5 A 4
(BT X .

5621 XESLXESZSHTFIBEXACIRTHNEIG

WL HIFE R (Cas) ZEE¥EI RS (MTL) 5SwR G X, &
TR LAR I, 5% &R 0 AT 55 19 51 N RE 65 0 38 BB T8 SC A 8 bRy B 28 1) 1
T Ak, MTLUGZAR TCas, XMW — P T RAVEN —FH P X THEET S
WM B S . AT L% R (MTL) HEREBH T Z AT
EHIRG, BAS T 4 H1fECoNLL-2009 I X #5 b i) 5 i Sz 56 45 51

AT — L W5 T Supy Cas 5MTLI Zr it 72 o 78 FF & 4 b M A8 i A2 10 i
2k, MEB-SR. WTLE W, EEARYIN, Cas5MTLYE R E® #ih HAR T Sue,
SRR L ZI0 TMTL. X U6BH 1 9C 3 75 AT 55 0 S5 e il SO Ebrid B A
PP — AT S BILE . B AR B IE 0, MTLIZ BT 2 0 H BA 2 2
(A 35

0.80- W
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'-'>- 0.70- / MTL
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Kl 5-5 YRt 72 P A A IR LB 7R T R 55 LI AR h 2.

Figure 5-5 SRL F1-scores on the development data w.r.t. the number of predicates trained.
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% 5-4 CoNLL-20095% %6 £ dfs [ )18 A bmik SEIR 45 R (F1), DAK5 A 5 v 22 42 (0
bo 2 PEAR 36 45 S R WIMTL LA = T-99% 1) & {5 J% 18 T Sup.

Table 5-4 SRL labeled F1-score of our model variants, compared with the state-of-the-art systems on

the CoNLL-2009 shared task. Statistical significance (MTL vs. Sup) with p < 0.01 is marked with *.

Model Excluding pred. senses Including pred. senses
WSJ-dev WSJ-test Brown-test | WSJ-test Brown-test
Sup 82.32 84.06 72.12 87.67 76.56
Cas 83.33 84.73 73.00 88.14 77.15
MTL 83.51* 85.04* 73.22% 88.37* 77.34%
CoNLL-2009 1st place - 82.08 69.84 86.15 74.58
(Roth and Lapata, 2016)H187 - - - 86.7 75.3
(FitzGerald et al., 2015)1156! 82.3 83.6 71.9 87.3 75.2
(Lei et al., 2015)1184 81.03 82.51 70.77 86.58 75.57
(Roth and Woodsend, 2014)I2041 - 80.87 69.33 85.50 74.67
(Anders et al., 2010)!188] 78.85 81.35 68.34 85.80 73.92
Model + Reranker/Ensemble | WSJ-dev WSJ-test Brown-test | WSJ-test Brown-test
(Roth and Lapata, 2016)+R,E - - - 87.9 76.5
(FitzGerald et al., 2015)+E 83.0 84.3 72.4 87.8 75.5
(Roth and Woodsend, 2014)+R - 82.10 71.12 86.34 75.88
(Anders et al., 2010)+R 80.50 82.87 70.91 86.86 75.71

5.6.2.2 [EHEMWTIE 2R SN0

PEROR, IRATW S T BB LMK (ILP) {1 J5 #E Wi #2415 A
bRt R R, iR 55T R, ILPXS F-Sup. Casbh KMTLIY g %2 21 — & 1)
PEFHEH
5623 ZIESENABIREXNS

I Ah, BAT A ECONLL-2009VF U T 45 1 Al $2 fit (1 o Ath JLFPE S BT T
UG TR HARE B EIRATEA AR R R KRR R AT I 2],
AT LB B ANE A bR, AR Sup A, Sz a6 £ SRR [5-dFT R .
AfLLEH, RATMBERIAE DI MIE S LM T am g &8, BHAAS L,
AP UE L U7 10 25 T 316.3% . 5 BEEE NS, ATEA B XA FE 5 47
FREEE S5 B,
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Table 5-5 Effect of post-inference, evaluated excluding predicate senses.

Model WSJ-dev ~ WSJ-test
Sup 82.32 84.06
w/o ILP 81.87 83.53
Cas 83.33 84.73
w/o ILP 82.90 84.40
MTL 83.51 85.04
w/o ILP 83.15 84.75

®5-6 oL, INERPJEWAE . B DL B I BN S 1 i 1A SCH) TR 45
Table 5-6 SRL labeled F1-score excluding predicate senses on Chinese, Catalan, German and

Spanish. All results are evaluated excluding predicate senses.

Test set
Language )
Ours  (Leietal, 2015184 CoNLL Ist CoNLL 2nd
Chinese 75.46 69.16 68.52 68.71
Catalan 79.24 74.67 76.78 74.02
German 77.41 76.94 74.65 76.27
Spanish 79.17 75.58 77.33 74.01

563 XADAILHER

FER R ARSI, WAV T WRB I RRAE, 53 ) =2 fr 4 SR 2R A
DL & WordNet b= 73 . #£SemEval 2010/F: 558 _ ) S 46 &5 i1 3% [5-7 s AT
P LA T 83.9%MF1{H, Sdos Santos®E A&t B (84.1%) #*4. H dos
Santos%§ A\ ] & Gt W £ 5 Other 96 22 T s R VR ELHEAT T AR PRI AL 2. 10 2R ABLI
b BR 7 AR T DU T IRATIRE AL, DUEAS B P RE

IRYE 55 5.5 B, 38 A CRRTE X T 5% R 40 84T 45 R 1A i 3 1R
e T EUE ARG, RATE I THNMBREKSY 5 2E% %)Lk, 4R
KW, Cas5MTLM L T SupR %, PEREWA —EW TR, HrhCasPE{K 70.9%,
MTLP#1K 170.7%-

5.7 BB
2R I T A 20 L 2 I 4 (1 24T 55 2 5 BB AR R S8 U BT
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Table 5-7 Comparison with previously published results for SemEval 2010 Task 8.

Model Features F1
SyMI POS, prefixes, morphological, WordNet, Levin classes,
PropBank, FrameNet, dependency parse, NomLex-Plus, | 82.2
(Best in SemEval 2010)
Google n-gram, paraphrases, TextRunner
MVRNNE syntactic parse 79.1
MVRNNIE syntactic parse, POS, NER, WordNet 82.4
CNNL22 position, WordNet 82.7
FCMIP0! dependency path, NER 83.0
DepNNH23 dependency parse, NER 83.6
CR-CNNL2ol position 84.1
depLCNN/203 WordNet, words around nominals 83.7
Ours dependency path, POS, NER, WordNet 83.9
Model + Ensemble/Additional data
ER-CNN+R-RNNEM | position 84.9
depLCNN+NSE03 WordNet, words around nominals 85.6

o E 5, FRATE XS A OFR TR S 5 % R AT S5 18 W8 E . RRAE R
PR R SE ] SR T — AN G A PR AT, AR RE S A RO R IA H AR
I 4 R B R SCRFAE LR AL I AR B R R AE . B2, BATHHAMMES 2
) BT BB A7 CE I AE TR BEAE AT 700, IR T REE ST UL R A5 5 5]
175 20, I DG 2R 3 AT 25 A B 26 5 000 TR R IR S B v E I R

FATTTECONLL-20091E X A 45 13 v I £ H% LA K SemEval-20101T: 45 8 It #2 it
%R o R s kAT 75250, SEIG 5 AR, ATMBLRILE 2 FPiE 5 L3
19 7 AT B G A BbRiEPERE, JUHAES S b, A E T R R ) B U
BT T763%. HA, TBFIMNERKRERBEE, 5[0 REHSHEEE ¥
S RENE W MR IR XU AR TE RS PERE .

FEARZR TAES, FRATEZE MM ZE LKA HK, LB P T E
H, BAMES MBS % e 2 w1, Hi ol U BARvEXN TR R BT 5%
FRAERA. FOHRIE, FEAE T HAMES 2 8 e LR R BB HE L2 IR
A TEARKR TAEF, AT B BE % A A HLEL & B IR 2 IR BE U T ER
CanE SUIRAF i) DL S B BUE 55 .
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