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Part of speech:

(VBD) (IN) NNP] (NNPJ[J(CCJ(PRPIVEZ] (RE] (VBG)  [(PRP) [IN) [PRPJ(]
e e e e ) e () e ey (Y (e e, e e (e (P

| Mrs. Clinton previously worked for Mr. Obama, but she is now distancing herself from him . I

Named entity recognition:

(Person]  (Date]
ey e —

——
i Mrs. Clinton previously worked for Mr. Obama, but she is now distancing herself from him. I

Mrs. Clinton previously worked for Mr. Obama, but she is now distancing herself from him.

Co-reference: e Coref = = = == == =~ == = -, o ot
: : | -===-- Coref— = = = - - | :
’ (Ment] [ M] Mention] [ M | ‘
— ——— ——— —t —

Basic dependencies: conj
CcC
. nmod nsubj nmod
nsubj case aux
compound £ compound £ advmod dobj case
"8 PRl N PR
INNP| NNP| NNPJ (] [CCJ(PRP](VBZ] [RB| VBG (IN] [PRP](J
= e e ———— e = R Y e ey (e, T, e e ) A
Mrs. Clinton previously  worked for Mr. Obama, butshe is now distancing herself from him .

Advances in Natural Language Processing. Science 2015. 2



The protests escalated over the weekend <EOS>

Die  proteste waren am wochenende eskaliert <EOS> The protests escalated over the  weekend

Advances in Natural Language Processing. Science 2015. 3
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In the short term, we feel confident that more
e data and computation, in addition to recent

EN %
S
\

advances in ML and deep learning, will lead to
further substantial progress in NLP.

/
\W 2
‘,:/ /' 7

However, the truly difficult problems of

i semantics, context, and knowledge will
ASTIFICIAL probably require new discoveries in linguistics
INTELLIGENCE and inference.
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¢ X Fone-hotzx, 1@EAREIAEAT

star [0,0,0,0,0,0,0,0,1,0,0,0,0, -]
sun [0,0,0,0,0,0,0,1,0,0,0,0, 0, -]

Sim (star, sun) = 0 ®
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INPUT

w(t-2)

w(t-1)

w(t+1)

w(t+2)

PROJECTION

SUM

-

OUTPUT

w(t)

INPUT

w(t) r

word2vec

PROJECTION OUTPUT

w(t-2)

w(t-1)

w(t+1)

w(t+2)

Tomas Mikolov et al. Distributed representations of words and phrases and their compositionality. NIPS 2013. 8
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.768188
. 652825
.614888
. 614887
.613579
. 605946
.592367
.577905
.575681
.569950
.567597
.554642
.551576

thailand
cambodia
singapore
republic
mongolia
chinese

0
0
0
0
0
0
0
0
0
0
0
0
0

Tomas Mikolov et al. Distributed representations of words and phrases and their compositionality. NIPS 2013.
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% PRINCETON UNIVERSITY

WordNet

A lexical database for English

TR

2T (HM) aiOiE s AasETE

Word Similarity Computing Based on How-net
XEE - =RE
Qun LIU, Sujian LI

BE

EXAEMNETBEERSTEPEHETZHNA, FINESRKRE. FRHME. X
A, FAXHE., ETXFNNRIRES, AXEMUEITENHEHERS
ERETHRAIR (Ontology) SEMDE(RR (Taxonomy) MWAEMETH
TN ETXAETERERAE. XmMAEESERRR.

CERIRY 2—SPLEENFRAIBEXAIRIEA, 37T AMNBENEN. Fd, B
F (RIRY 3T —MANIECRANE— S HNEIRR TN, XB19iE
BMNEMNTEFRET KRG, X—a5 WordNet f (RS IFEAMY FE. #
WordNet F1 {ES3F@AMY) &, FIBEREAMIENXIR (WordNet B synset 3 {[FE
XiFiam) KiaE) MA— RSN, ETEIEXTZENER, REITH
BRI PIER S R ROEEBENRT ., M7E (FIND) RiF0EEMENITEEFE
DA (a1 :

L S MEREGERE ST XRAK;

2. WENEHERFETNRATEFEN, EMNZEEEERNXE, B
H—#EINIRERIES KRR,

BN IEETEREE:

L R (AR PENRERESHIEE, TRESR—MIXMANZ X
RZBHXAR, ROEEDEEMNEITERMENER; HINRA—HME
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X)ﬁé\cﬂi/\—ﬁ HowNet

* HowNet2E#REK. ERXFE=TFZINRF
E’Jk%”mm R E, FEMEPXXHEC S
*T/__X)?/*]l/\

« FARRIFREE, HXJRE (Sememe) #ryEia
CIE X, X)?Fﬁ%,b\XTiE}fi?lﬁx Rl e &
Ay, N"EESINH/IEX BAL

* HowNetZX 18 &E H —E*EQEE']XETZL‘?\ (B2
220001 X&) . RittrE 7 8T/ 1E X
HTEXER




- FMEXERAXEARE, SRR EX
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« XJRZ[BIIEFRICIEX RZR, Wmodifier, host,
belong=

Tm#1
DEF={Boundary|5%BR:host={entity|S£{&},modifier={GreaterThanNormal| 5 F 1E % :degree=
{most|&}}}

TR #2

DEF={location|{ii &:belong={angular|£},modifier={dot| 53}}
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B
1] R

vg | TE [ HE] [

T || Anh#

HowNet 18] X - X R 45 7E 7~ 51

Wz Wey Wea  Wua
context i 000 000 (000 000
word contextual II.II
embedding

att; att, att

|
sense 000s: 000s: 000
f_H f_'% ( \

§838 ¢

X E-1R X -1R LA A R E SR EY
(ACL2017)

sememe
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Model Accuracy Mean Rank

Capital City Relationship All Capital City Relationship All
CBOW 49.8 85.7 86.0 64.2 36.98 1.23 62.64 37.62
GloVe 57.3 74.3 81.6 65.8 19.09 1.71 3.58 12.63
Skip-gram 66.8 93.7 76.8 73.4 137.19 1.07 2.95 83.51
SSA 62.3 93.7 81.6 71.9 45.74 1.06 3.33 28.52
MST 65.7 95.4 82.7 74.5 50.29 1.05 2.48 31.05
SAC 79.2 97.7 75.0 81.0 28.88 1.02 2.23 18.09
SAT 82.6 98.9 80.1 84.5 14.78 1.01 1.72 9.48

RECHEIRESIFMLE R, HFSAC, SATREFZFAFHATIER L AES
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ETXE XE “BEE” XE “HE”
e 0.39 0.42
BREH 0.39 -0.09
Epili 0.00 0.36

ET3Ex “BRERAB” XREESMERS

1/a] X1 MR X2 ;R
REREERPEER SER A 0 0.28 ERIKER 072
ERBNITAIES B SERmME 087 SERKER 1013
I\ BAMEHNE Z I B A A3 A4 : 0.90 #RBA © 0.10
NeEEMNMIAREE Fl{& : 0.15 ZBBA : 0.85

RIE LT ICGHEBRER R
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The U.S. trade deficit last year is initially
estimated to be 40 billion
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context word
vector distribution

Conventional Decoder

Sememe-Driven Decoder
context word
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vector |  Sememe [distribution Sense distribution Word dlStI'lbutlonA
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- XIERE@HE LM XEFMRESKRE#, 2

}HT/_
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(1JCAI 2017)



<17 +
SIS TSR
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Method MAP

AN
e

SPSE 0.554

SPASE 0.506

GloVe+LR 0.662

SPWE 0.676

SPWE+SPASE 0.683

SPWE+SPSE 0.713

X IRHEFFR

POS number of words MAP word frequency number of words MAP
adverb 136 0.568 <800 1,659 0.817
adjective 808 0.544 800 - 3,000 1,494 0.736
verb 1,867 0.583 3,001 - 15,000 1,672 0.690
noun 3,556 0.747 >15,000 1,311 0.596

REEM T SRR ARSI R AR R



words Top 5 sememes prediction
¥ 2K (webaholic) A (human), K55 ™ (internet), 22 % (frequency), ] (use), E#X(fond of)
& ¥ (express mail) HB3F (post), 15 - (letter), TR (fast), =1 (fact), Z(landvehicle)
B2k (film industry) ¥ %5(affairs), Z,(entertainment), Y (shows), 5% (take picture), Hil3& (produce)
{E I (rafting) Hi(ship), Hk{F#(tour), ¥ (swim), 7Kg (waters), YH Al (whileaway)

/A2 (ram) - E& (livestock), 5 (male), 2 (female), & 2 (beast), 1737 (foster)
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2RI (ironsmith) word
External information
[ _V\_/o_r(} ?II}[)_CEI(!II}g_ ] ironsmith sense
O '
_’:[ % (iron) \“ Vdefine
%
| I (craftsman) |i_ A
Internal information, | "~ (human)
. sememes
a ‘[~ =\ domain
v+ JRelateToA ™2
HRAZ &)E T
(occupation) (metal) (industrial)

(ACL 2018)
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word frequency <50 51-100 101-1,000 1,001-5,000 5,001-10,000 10,001-30,000 >30,000
occurrences 8537 4868 3236 2036 663 753 686
SPWE 0312 0437 0.481 0.558 0.549 0.556 0.509
SPSE 0.187 0.273 0.339 0.409 0.407 0.424 0.386
SPWE + SPSE | 0284 0414 0.478 0.556 0.548 0.554 0.511
SPWCF 0.456 0414 0.400 0.443 0.462 0.463 0.479
SPCSE 0309 0291 0.286 0312 0.339 0.353 0.342
SPWCEF + SPCSE | 0.467 0.437 0418 0.456 0.477 0.477 0.494
SPWE + fastText | 0.495 0.472 0.462 0.520 0.508 0.499 0.490
CSP 0.527 0.555 0.555 0.626 0.632 0.641 0.624
words models Top 5 sememes
bk [ internal A (human), Bi{iZ (occupation), FB 14 (part), B [B] (time), 5 1 (tell)
(clockmaker) external A (human), & (ProperName), #, /7 (place), FX¥/l (Europe), B (politics)
ensemble A (human), i (occupation), £k (tell), K5 [B](time), F E (tool)
g internal & (ProperName), 3 /7 (place), i (city), A(human), [E#B(capital)
(O;car) external  Z[ifi(reward), Z.(entertainment), % (ProperName), 7 E (tool), F1F (fact)
ensemble & (ProperName), X [ifl(reward), Z.(entertainment), 3% 4% (famous), 3 /7 (place)
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Streeter

1 S LIWC (Linguistic Inquiry and Word Count)
A6, BITEHSRF ARy E 168

LIWC Results

Details of Writer: 40 year old Female
Date/Time: 6 January 2014, 1:02 am

UWC results
frominput
text

Wi from
~owc LIWC Dimension Data perres:t';al F;:mxtgl _[ l;e’scor:;l::itac:‘d
_categories Self-references (I, me, my)| | 8.33 11.4 4.2 formal writing for

Social words 4.17 9.5 8.0 ™\_comparison
Positive emotions 2.08 2.7 2.6
Negative emotions 1.04 2.6 1.6
Overall cognitive words 3.12 7.8 5.4
Articles (a, an, the) 2.08 5.0 7.2
Big words (> 6 letters) 20.83 13.1 19.6

The text you submitted was 96 words in length.

Your writing:

I'm newly diagnosed with type 2 diabetes. I also struggle with both calcium
and uric acid kidney stones as well as the rare blood disorder LEIDEN FACTOR
V. Is there anyone in this community who deals with Leiden as well as
diabetes? If there is I would LOVE to be able to chat with you regarding diE:
and possible weight loss plans. I currently have no regular doctor and
insurance so my diabetes is uncontrolled at this time. I am working hard to
educate myself AND make the necessary changes to improve my current
health.

8 Inputtext: A postfrom a
40 year old female

memberin American
Diabetes Association
online community
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B 5 HowNet X JRFRyE Y18 HY &

L ILIWC (Linguistic Inquiry and Word Count)
AR, —ITEHSRIFHRIE B

* LIWCH @/ZTZ:?WOOO@, ERXHEDEIESH

I%J ] 'l»—.l
) 4R wEE AR SER
WWE IR ] cogmech 1255 P, 1EFE. ke
JIF %% 5] insight 328 TS PR KRIE. R
IRl S 1] cause 128 gl 1S, ALK
7= ih 1] discrep 84 AR ghiel. AT
SZRARE tentat 167 K. RiEN BEAZ
] R certain 145 AEEEE. IR, {RIE
B 1] 3] inhib 292 ik A B
1] incl 82 BFE. BT @

AR 1] excl 39 HUHE. B2, B4



Al 5 HowNet X JRFR)E Y18 88Y &
o M YLIWC (Linguistic Inquiry and Word Count)
A, BITEHSRFZHRZE F 15
o & ﬁiiﬁﬂ 5IZ =R 2K

Word

(apex) Sensel (acm e) \ Senses(vertex) \,‘n
o ‘ FI fir
Level-1 WS SERE AH A (Boundary) (lLocation)
Categories \ (PersonalConcerns) (relative) /VV\ / V\
2% oA %
/'Y /'Y & @, & %;
> é& P é&
SR T IEw pif! =
Level-2 G IR] 7= [ 1] (entity) (GreaterThanNormal) (angular) (dot)
Categories (achieve) (space) 4
degree
4

(most)
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 Hierarchical Decoder with Sememe Attention

(AAAI 2018)

Label y, Label y, Label y; <EOS>

~— 1
et Mo

J

( Context Vector ¢ )
y'y 7}
L a 1) a 2/ oN

Sememe Sememe |, ., .| Sememe
Embedding| {Embedding Embedding

<GO> A)el Vi Label y, Label y;
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HDSAZ Z LT E

SES L A lREH A

Overall Level 1 Level 2 Level 3
Model Micro-Fy | W-M-F1 | Micro-F1 | W-M-F; | Micro-F; | W-M-F; | Micro-F1 | W-M-F}
TD k-NN 0.6198 0.6169 0.6756 0.6772 0.5716 0.5646 0.4884 0.4858
TD SVM 0.6283 0.6106 0.6858 0.6785 0.5766 0.5557 0.4503 0.4142
Structural SVM 0.6444 0.6448 0.7011 0.7010 0.5919 0.5919 0.5725 0.5718
CSSA 0.6511 0.6319 0.6880 0.6864 0.6172 0.5914 0.4729 0.4322
HD 0.7023 0.7000 0.7495 0.7476 0.6658 0.6614 0.6113 0.6064
HDSA 0.7224 0.7204 0.7636 0.7616 0.6927 0.6874 0.6270 0.6234
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Word Sememes HD Prediction HDSA Prediction True Labels
. R 1F (associate), A (human), } ; social«friend, social«friend,
A (sweetheart) F (Love) social<—friend affect<—posemo affect«—posemo
BF1E] (time), THFE (present) . funct<TenseM<—PresentM, | funct<TenseM<PresentM
A ’ ’ ’ ’
4K (today) 52 (specific), H (day) relativ<—time relativ<—time relativ<—time
2 (village), T (city), PersonalConcerns . .
T4 (town) H77 (olace) — work relativ<—space relativ<—space
JCH (hopeless) BB (miserable) cogmech<+—discrep affect<—negemo<—sad affect<—negemo<—sad
FFH (all kinds of) ZFh (various) funct«negate funct<—quant funct«quant
K= (sky) Z518, (airspace) relativ<—time relativ<—space relativ<—space
. ZEHH(ally) PersonalConcerns social PersonalConcerns
B H Y) ’
FXE (alliance) & (community) +work PersonalConcerns<—work +work
y ¥ (part), MWK (BodyFluid), affect«—negemo,
JHEK (teardrop) HYI(AnimalHuman) affect<—negemo<—sad bio<_health affect<—negemo<—sad
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Huiming Jin, Hao Zhu, Zhiyuan Liu, Ruobing Xie, Maosong Sun, Fen Lin,
Leyu Lin. Incorporating Chinese Characters of Words for Lexical Sememe
Prediction. The 56th Annual Meeting of the Association for
Computational Linguistics (ACL 2018).

Xiangkai Zeng, Cheng Yang, Cunchao Tu, Zhiyuan Liu, Maosong Sun.
Chinese LIWC Lexicon Expansion via Hierarchical Classification of Word
Embeddings with Sememe Attention. The 32nd AAAI Conference on
Artificial Intelligence (AAAI 2018).

Ruobing Xie, Xingchi Yuan, Zhiyuan Liu, Maosong Sun. Lexical Sememe
Prediction via Word Embeddings and Matrix Factorization. International
Joint Conference on Artificial Intelligence (1JCAI 2017).

Yilin Niu, Ruobing Xie, Zhiyuan Liu, Maosong Sun. Improved Word
Representation Learning with Sememes. The 55th Annual Meeting of the
Association for Computational Linguistics (ACL 2017).
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https://github.com/thunlp

THULAC :

THUCTC :

THUTAG

OpenKE

OpenNE

SE-WRL
Auto_CLIWC
sememe_prediction

Character-enhanced-Sememe-Prediction :
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