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AEFE S = GUETRT + MAER +F I

Yoshua Bengio. Deep Learning of Representations. AAAI 2013 Tutorial.



* 1-hot representation: basis of Bag-of-Word
Model

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 @




* Count-based distributional representation

he curtains open and the stars shining in on the barely
ars and the cold , close stars " . And neither of the w
rough the night with the stars shining so brightly , it
made in the light of the stars . It all boils down , wr
surely under the bright stars , thrilled by ice-white
sun , the seasons of the stars 7 Home , alone , Jay pla
m is dazzling snow , the stars have risen full and cold
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* Distributed Representation (Word Embeddings)
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i-th output = P(w, = i| context)

softmax
(oo seo L X J ‘e o000 )
/ 7 AN
/ ’ . \
’ ’ most | computation here \
’/ ’ \
/ ] \
! ] \
! ] 1
" [ [
N e o | Neural
[ /
1 ’ L
; / Language
\
C(Wi—n+ C (W:—2) C(wi—1) I\/l O d e |
(ee ... .. (.....
Table _ Matrix C
!ooé—up shared parameters
- across words
index for w;_,41 index for w,_» index for w,_,;

Yoshua Bengio. A neural probabilistic language model. JMLR 2003.



INPUT PROJECTION OUTPUT

INPUT PROJECTION OUTPUT

w(t-2) w(t-2)
w(t-1) w(t-1)
SUM
4.H . )| —
w(t+1) \\ w(t+1)
w(t+2) w(t+2)

word2vec

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



thailand
cambodia
singapore
republic
mongolia
chinese
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Fu, Ruiji, et al. Learning semantic hierarchies via word embeddings. ACL 2014.
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Zou, WIll'Y., et al. Bilingual word embeddings for phrase-based machine translation. EMNLP 2013.



+ cat
automobile
truck

frog

ship
airplane
horse

bird

dog

deer

v d b <

Richard Socher, et al. Zero-Shot Learning Through Cross-Modal Transfer

. ICLR 2013.
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Language
Models

word2vec = MF

INPUT PROJECTION QUTPUT
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Distributional Representation

he curtains open and the stars shining in on the barely
ars and the cold , close stars * . And meither of the w
rough the night with the stars shining so brightly , it
sade in the light of the stars . It all beils down , wr
surely usder the bright stars , thrilled by ice-vhite
sun , the seasons of the stars 7 Home , alone , Jay pla
= is dazzling snow , the stars bave risen full and cold

Levy and Goldberg. Neural word embedding as implicit matrix factorization. NIPS 2014.



a .. gay (1900s)

flaunting sweet
tasteful cheertful
pleasant
frolicso
witty Ygay (1950s)
bright
gays isexual
homosexual
gay (1990s)
lesbian

b

spread
broadcast (1850s Sese%w
. SOWS
circulated scatter
broadcast (1900s)
newspapers
television
radio
b1 broadcast (1990s)

Cc solemn
awful (1850s)
majestic
awe

dread ensive

glogmy

horrible

appalliwg terrible
a

wiul (1900s wonderful

awful (1990s)
awfullyye'rd

William L. Hamilton, Jure Leskovec, and Dan Jurafsky. ACL 2016. Diachronic Word
Embeddings Reveal Statistical Laws of Semantic Change.
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« EZE: Jack L. GallantZ
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Gibbs Sampling& x % &

|,
Huth, Alexander G., Wendy A. de Heer, Thomas L. Griffiths, et al. Natural speech reveals the
semantic maps that tile human cerebral cortex. Nature 532, no. 7600 (2016): 453. 23
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Huth, Alexander G., Wendy A. de Heer, Thomas L. Griffiths, et al. Natural speech reveals the
semantic maps that tile human cerebral cortex. Nature 532, no. 7600 (2016): 453. 24
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Semantics derived automatically
from language corpora contain
human-like biases

Aylin Caliskan," Joanna J. Bryson,"** Arvind Narayanan'*

Machine learning is a means to derive artificial intelligence by discovering patterns in
existing data. Here, we show that applying machine learning to ordinary human language
results in human-like semantic biases. We replicated a spectrum of known biases, as
measured by the Implicit Association Test, using a widely used, purely statistical
machine-learning model trained on a standard corpus of text from the World Wide Web.
Our results indicate that text corpora contain recoverable and accurate imprints of our
historic biases, whether morally neutral as toward insects or flowers, problematic as
toward race or gender, or even simply veridical, reflecting the status quo distribution of
gender with respect to careers or first names. Our methods hold promise for identifying
and addressing sources of bias in culture, including technology.
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Original finding Our finding
Target words Attribute words
Ref N d P Ny Na d P

Flowers vs. insects Pleasant vs. unpleasant (5) 32 135 10® 25x2 25x2 150 1077
'I'r.ié't"r'ij}ﬁé'ﬁfé"\'/'é."\'/Q'é'é'b'é'ﬁé ........................................................... ﬁl'é"ééé'ﬁ{mv'é'"ij'r'ibul'é'ééé"rﬁm'm""mm"mm""(:"')'j ........... S5 e G S
EuropeanAmerlcanvsAfrlcanAmencannames ........ Pleasantvsunpleasant(5) ........... T g e
European-American vs. African-American names  Pleasant vs. unpleasant from (5)  (7) Not applicable . 6x2 25x2 150 10°%
European-American vs. African-American names  Pleasant vs. unpleasant from (9) (/) Not applicable | 6x2 8x2 128 10°
Vele v, fermalenames " Careervs.famiy &) "3k 072 <16 8Nz Exa Al i
Math vs. arts Male vs. female terms (©)) 28k 082 <107 8x2 8x2 1.06 018
Sciencevs.ants e MalE VS femaleterms 0 d0) 91 147 10°% 8x2  8x2 124 107
Mental vs. physical disease Temporary vs. permanent 23) 135 101 1073 6x2 7x2 138 1072

Young vs. old people's names Pleasant vs. unpleasant ©)) 43k 142 <1072 8x2 8x2 121 1072
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Fig. 1. Occupation-gender association. Pearson’s correlation co-

efficient p = 0.90 with P < 1078,
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Fig. 2. Name-gender association. Pearson’s correlation coefficient

p = 0.84 with P <1075,
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Xinxiong Chen, Lei Xu, Zhiyuan Liu, Maosong Sun, Huanbo Luan. Joint Learning of
Character and Word Embeddings. International Joint Conference on Aritificail
Intelligence(lJCAI'15).
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 $RH Character-enhanced word embedding(CWE)
+ CWETT 5E B & FMER(T ACBOW)#TRL &

|
- el f—
2 intelligent
fiE ability

: %l reach
e.g. {F'fE(intelligence), 5L (era), 3|3k (arrive)} 2 come
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» Fa)EAIKITLP
-~ ET{AE | BMES 3R F1EE (Begin)F18 E(End)
- ETEBX | IMpak & SIRMARRER

1E-B | 1817 (attainments of a Taoist priest), 14 Z¢ (Taoist scrip-
tures), 187£ (an oracular rule), i A\ (Taoist)

E-E | HiE (straight way), JT1& (shortcut), #1& (sidewalk),
21 (halfway), KiE (revenue), 4-1H (traffic lane)

-1 | HiF (straight way), #UiE (get on the way), 8 1 (side-
walk), i i& (inspect the road), Xi& (revenue)

H-11 J:_ﬁ (attainments of a Taoist priest), 451E (evil ways),

& 77 (an oracular rule), 1218 (talk about methods)
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* Wordsim240F0Wordsim296
— R E240F01296M8 X B X M A T HE{UEFT 9o
— FSpearman ZFITE S A TFI P RIMEREE

Dataset wordsim-240 wordsim-296
Method 233 Pairs 240 Pairs | 280 Pairs 296 Pairs
CBOW 55.69 55.85 61.81 55.75
Skip-Gram 56.27 56.12 58.79 S51.71
GloVe 47.72 48.22 48.22 43.06
CWE 56.90 57.56 64.02 63.57
CWE+P 56.34 57.30 62.39 62.41
CWE+L 59.00 59.53 64.53 63.58
CWE+LP 57.98 58.84 63.63 63.01
CWE+N 58.81 59.64 62.89 61.08




SM A5

» AT 1125/ Pt Xt
-BAN TN RE L BEFE
-AE=ME, HEONE, HEESHARE
Method Total Capital State Family
CBOW 5485 5140 66.29 6292
+CWE 5824 5332 66.29 70.00
+CWE+P | 60.07 5436 66.29  73.75
Skip-Gram | 69.14  62.78 82.29  80.83
+CWE 68.04 63.66 8l.14 78.75
+CWE+P | 72.07 65.44 84.00 84.58
GloVe 6744 69.22 58.05 69.25
+CWE 7042  70.01 64.00 76.25
+CWE+P | 7299 73.26 65.71  81.25
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Xinxiong Chen, Zhiyuan Liu, Maosong Sun. A Unified Model for Word Sense
Representation and Disambiguation. The Conference on Empirical Methods in
Natural Language Processing (EMNLP'14).
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He sat on the bank of the lake
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He sat on the bank of the lake
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Multiple Prototype Methods

(cluster#1)
location
importance
... chose Zbigniew Brzezinski bombing
for the position of ... ——
.. thus the symbol s position (cluster#2)
on his clothing was ... post
... writes call options against appointme
the stock position ... nt, role, job
... offered a position with ... ==
... a position he would hold _
until his retirement in ... * single i(::::;ﬁr#s)
.. endanger their position as prototype winds ¥
a cultural group... ’
... on the chart of the vessel s M
current position ... (Cluster#4)
... not in a position to help... lineman,
T ———— tackle, role,
scorer
(collect contexts) (cluster) (similarity)

J. Reisinger and R. Mooney. Multi-prototype vector-space models of word meaning. HLT-NAACL 2010.
E Huang, et al. Improving word representations via global context and multiple word prototypes. ACL 2012.



Nonparametric Methods

Context Context Cluster  Word Sense Context
Vectors Centers Vectors Vectors

Vy(Wyy)

Average Context

Vector
H(w,1)

vg(wt+ 1)

vg(wH)

VCOI’]teXt(Ct)

'YX XYY
eoo0o0 cccoo jc0oeee
T
=
»

ooo0o0 cocooe eccee

vg(wt_z)

=

Q00009 O0000 O0POO 0000
0000 000000 0000 O® 00O0O

Predicted V(W,,3)
Sense S,

Neelakantan et al. Efficient Non-parametric Estimation of Multiple Embeddings per Word in Vector Space. EMNLP
2014,



Jobs Founded Apple

Chen Xinxiong, et al. A Unified Model for Word Sense Representation and Disambiguation. EMNLP 2014.
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sloping land (especially the
slope beside a body of water)

a financial Institution that
accepts deposits and
channels the money Into
lending activities
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He sat on the bank; of the lake

TR

bank; nank,
o0
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sat sat; on the of the lake lake;

output

projection

input

bank;
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T~

Word or Sense

Nearest neighbors

bank

banks, IDBI, CitiBank

bank, river, slope, Sooes
bank, mortgage, lending, loans

star stars, stellar, trek
star, photosphere, radiation, gamma-rays
star, someone, skilled, genuinely

plant plants, glavaticevo, herbaceous
plant, factories, machinery, manufacturing

plant,

locomotion, organism, organisms
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« (ABE S RhniE
— KA 15 EHY1E B I £ WordNet ) I _E
— #4178, HFPEXN 100D FF BB A

Algorithm Sports Recall |Finance Recall
Random BL 19.5 19.6
MFS BL 19.6 37.1
k-NN 30.3 43.4
Static PR 20.1 39.6
Personalized PR 35.6 46.9
Degree 42.0 47.8
Our Model 57.3 60.6




KL B IE X BB
SemEval2007
— ASENXNEFTEUEE, HEFE2269 1581514,
H 22151108
Algorithm Type Nouns F1 All F1
Random BL U 63.5 62.7
MFS BL Semi 7.4 /8.9
SUSSX-FR Semi 81.1 /7.0
NUS-PT S 82.3 82.5
SSI Semi 384.1 83.2
Degree Semi 85.5 81.7
Our Model U 31.6 75.8
Our Model Semi 85.3 32.6
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« SCWS#IEE
EF2003 MEX R EERF, TE

/

ISpearman R FTE S A TRFEENHEXEE

FRILE

3 Ja XA AR LE

Model o x 100
C&W-S 57.0
Huang-S 58.6
Huang-M AvgSim 02.8
Huang-M AvgSimC 65.7
Our Model-S 04.2
Our Model-M AvgSim 06.2
Our Model-M AvgSimC 68.9
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X%‘i%ﬂi/\—j HowNet

* HowNet@EHRFKR . ERXFE=1TF2Iir+
Eﬁj(mlm = ]l/\ﬁ E_g ﬁ E:lyglhj/[ %*E}E
/\*_F/__X)?/*]l/\

« FAKREREE, AHAXJRE (Sememe) tryE14E
TEN, YEMEEYHEBRTFEY, s
KB, N"EHDE E’folJ\f’iXEéu

* HowNetZEHMEZEH—ERMUINERR (B2
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- SR AXERE, BNRA X
X FREH

« XJRZ[BJIEFRICIEX KZF, Wmodifier, host,
belongSF

DEF={Boundary|5#BR:host={entity|SL{K},modifier={GreaterThanNormal| &3 IE & :degree=
{most|&}}}

TNR#2

DEF={location|{i. & :belong={angular|f&},modifier={dot|s}}
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HowNet4sF =

s ERINZREZIAHE, EFLOLLIMEH
— 5wWordNet., [E X3 ﬂﬂ‘ R EEZH R AR A
— HowNetiB1Id % — X B A R B iEfaEZIEI1E X

EFEER. M XEEXHHFEEE, TJHEEEMEX
PR3 ﬂ/\mﬁﬁ—?— _J7|‘E' Al
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X JRFIR

58



* Z[8HowNetiy1a X - X RFREE R, I8N
7ML RE

1ﬂ ZIZ% Wi Wey ) Wer Wi
N context {[000] 098] _[096] (006]—
'IED\( Z-Tz-%ﬁﬁ': Hi-f. E%Zk% word OO0 W, contextual 000
attg/a:tz\atta embedding
= L ~
/\ l sense 000s: 000s: 000s:
& | 4t = sememe 9| 8| /8|8 o/ &
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HowNet 1] X — X JE #iR;E 7= 5l (ACL 2017)
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L5 5)

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

RECHEIBESZIFMLE R, HASAC, SATRFZAFHA TIER B AVET




E.lJA/IZI7I<

* BB RURIE L T XXE R SRIE B

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
sememe SCNsScC . o .
vector | Sememe |distribution|  gense |distribution|  word distribution

Predictor Predictor Predictor
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B RS e NI
HEFEFE (SPWE) (sj» w) WgWCOS(w.wl) o

— wW::(s:+§: . /I __ .. /
ETFEX-XREES R e I A A
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(1JCAI 2017)
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ST EER S, B EERAXEHEN
R, @M. 1@A9EEBEZ0M,

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

MR RR

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
XA 2K (webaholic) A (human), K %¢ M (internet), 2 % (frequency), FIFH (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)
/~ZE(ram) & (livestock), 5 (male), ZZ (female), i & (beast), 1757 (foster)
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NEZPESX FEEMNIEX IR E
5 ZEZEANENNFE R

+ L
12

-

N

-
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#OXFE BB X RH
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.

= y=c]

T X IR

%=
e

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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X IRH#ERFR=FT LIRS

B, %

ENERXFEE, XI-

RIS

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 0.312 0.437 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 0.284 0414 0478 0.556 0.548 0.554 0.511
SPWCF 0.456 0414 0.400 0.443 0.462 0.463 0.479
SPCSE 0.309 0.291 0.286 0.312 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
- internal A (human), JfL(occupation), F7F(part), I [ (time), 5 v (tell)
(clockmaker) external A (human), % (ProperName), 377 (place), Kkl (Europe), Bl (politics)
ensemble A (human), Bi{ii (occupation), 255 (tell), 5 [d] (time), F E(tool)
g internal % (ProperName), 77 (place), i (city), A(human), [E[#F(capital)
(Oscar) external X [ifi(reward), Z.(entertainment), % (ProperName), & (tool), F1 (fact)
ensemble % (ProperName), % [ifi(reward), Z.(entertainment), 4% (famous), # /7 (place)
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« P LIWC (Linguistic Inquiry and Word Count)

hol, RUHAMARE

SEECRET
L IEEFOF
PRONOUNS

WHAT
WORDS
SA AB T

JAMES W. PENNEBAKER

LIWC Results

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

uwc
categones

LIWC Dimension

Self-references (1, me, my)
Soclal words

Positive emotions

Negative emotions

Overall cognitive words
Articles (a2, an, the)

Big words (> 6 letters)

N HY 2 2418 5

UWC results
from input
text

Y |Personal  Formal Iuwtnwarom
Data Texts Texts personal text and
8.33 11.4 4.2 S formal writing for
417 9.5 8.0
2.08 2.7 2.6
1.04 2.6 1.6
3.12 7.8 54
2.08 5.0 7.2
20.83 131 196

The text you submitted was 56 words in length.

Your writing:

health.

V. Is there anyone in this community who deals with Leiden as well as
diabetes? If there is 1 would LOVE to be able to chat with you regarding di
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

I'm newly diagnosed with type 2 diabetes. I also struggle with both calcium Inputtext: A post from a
and uric acid kidney stones as well as the rare blood disorder LEIDEN FACTOR 40 year old female

member n Amercan
Dabetes Assooaton
[\ onine community

Streeter
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Al & HowNet X JRFR/E Y TE 883 F

o A LIWC (Linguistic Inquiry and Word Count)
A, BIrEHASRIZFRAIER1EH

* LIWCHBEZAE|700018, B XHEIDEFES
7% A8

) 4R F s A 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
fif 7] 1] 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



& HowNet X JRFR)ERY TR Y &

A ILIWC (LIﬂQUIStIC Inquiry and Word Count)
A6, BITEHSEFE R HE 21

o] |4 Eﬁfdﬁﬂ 5IZ RIS

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

=]

B
(most)




— |

iS5 HowNet X JR AR FHY 18] £

* Hierarchical Decoder with Sememe Attention

(AAAI 2018)

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

N :J:)\ /

J

— 1 1 ]
g L
(U

( Context Vector ¢ )
7y A

]

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

<GO> A)el Vi Label y, Label y;

<



« HCLIWCIECL BEXX7 3

HDSAEB ZL T E

SIS LB, FIRE

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

74




Word Sememes HD Prediction HDSA Prediction True Labels
A (sweetheart) | - e e $ (human). | ocialefriend ol et peeas
4% (today) H’g ﬁ(t'i ig:ﬁiﬂiﬁc;}ogezg;;), relativetime functf-;reelzzzh(d_(t-i;?senﬂ\d, funcu-lei:fiihi(t—imP:esentM,
78 (town) 4 (Vi;hljg%:;:ze(;itw’ Perso(n_al“%or;cems relativ«—space relativ<—space
FE# (hopeless) A8 (miserable) cogmech+—discrep affect«negemo+—sad affect«—negemo<—sad
FF (all kinds of) L (various) funct«negate funct<—quant funct«—quant
K25 (sky) Z338 (airspace) relativ«—time relativ+—space relativ<—space
FR2A (alliance) éﬁ(;ﬂiﬁ-jﬁ.t y) Perso:fl‘gor:cems Personaleoot‘:ci;lr’nS(—work Perso(n_aﬁol;cems
{HZK (teardrop) m%ﬁkﬁfﬁ ﬁ:ﬁ:;%uid)’ affect<—negemo+—sad aff::: (::gg;nhno, affect<—negemo<+—sad
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N/ > \
EEDEIN
TZ Mt : http://nlp.csai.tsinghua.edu.cn/~lzy/publication.html
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).
Xiangkal 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 (IJCAI 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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Yu Zhao, Zhiyuan Liu, Maosong Sun. Phrase Type Sensitive Tensor Indexing Model for
Semantic Composition. AAAI 2015.
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vec(‘neural’) vec(‘network’) tensor(‘neural’)  vec(‘network’)

— ()

- WE  BEEFEIESHARKRE, BEERTFEITTIES
FMEERAGE, ELEANERTTRNEIEESHITES

v(fiLs) v(H %) v(fZE) + v(M %) v (2 X 2% )

= J % A J R[] 25 J 1R 4% 4
R il A ZHLAL I 2 K4

R IR ARG IPTV 28 15 AT i K R B 25 [ 2%
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- BEAMEBARTOE, REFAENFELR

BAGAZIE o

BAEFZI (Data mining) , FARREEY. HEZE. BEEX . CRBEHEERRAHR PlLEL2: 5] SRR
(ZE: Knowledge-Discovery in Databases, 4E5: KDD) FHI— 1B, FHESZE K
REMNKENSEFENERERBETEFEERFKRKARE (BTFAssociation rule
learning) W BRITE. HEFZHEEE HHENREREX, FEISGT. ELoITEE. ) .,
BRIEE. {L%‘%’%‘H JEZRG (KEITEHLRZEN) MERIRFEE S HERLY ik 1 ';.,,,,,,‘,ﬁ‘ .
E*’io ° ‘9\"\"000
BHx [F&#E]

1 EX

4K - TR . EIEF - FERN -
ks KBTI - BET - LHTN -
5 BERE GE%3] - FERED] - BBEEBE%Y .
6 FIEIZIEAIERE BRI

AR ERR Y 24T S 5218 HaoiE
(X =FhEZiEK B ADJ-N. N-N. V-N)
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- SZIBEIMEIVERITE [Lapata 2010 FHEE]
— 324 NFIEX (Adj-N, N-N , V-Obj)

- AT
— X5GiEpl. p2MEE3R7~ Ve(pl). Ve(p2) ITTERX
AEULE

Ve(pr) - Vel(p2)
Ve(pi)| - [Ve(p2)]

Simc(p1.p2) =

- A THOTER DAL R




s BAMTIMEERS A TARFMNHEXREES

W.I c.m || Adj-N | N-N | V-Obj
SDS ADD || 037 | 038 | 0.28
(BNC) MUL | 048 | 0.50 | 0.35

RAE || 0.31 | 030 | 0.28
ADD | 034 | 044 | 0.13
SDS | MUL || 042 | 0.63 | 0.28
(Wiki) AT 0.42 | 0.45 -
FT 0.49 | 0.57 -
ADD || 0.73 | 0.73 | 0.62
MUL || 0.39 | 0.34 | 041
(%gg) AT | 036 | 051 -
FT 0.57 | 0.66 -
TIM 0.77 | 0.75 | 0.66
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» BRFEREKRIPHLSME (k=2)

Perozzi et al. DeepWalk: Online Learning of Social Representations. KDD 2014
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o Random Walks Uk 1]::,- ——
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@ Representation Mapping
06 » .. .‘ * ®®
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@ Hierarchical Softmax @ Output: Representation



Tang et al. LINE: Large-scale Information Network Embedding. WWW 2015 92
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nodeZvec

* BEALIRs RS
- BEMERER | B0
- REMERER  RYE,
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Grover and Leskovec, node2vec: Scalable Feature Learning for Networks. KDD 2016
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Algorithm Dataset
BlogCatalog PPI Wikipedia
Spectral Clustering 0.0405 0.0681 0.0395
DeepWalk 0.2110 0.1768 0.1274
LINE 0.0784 0.1447 0.1164
node2vec 0.2581 0.1791 0.1552

96



* NRL Papers:
— https://github.com/th = ®7*™"

An Open-Source Package for Network Embedding

unlp/NRLPapers NE)
@ Python w360 %130
* OpenNE
= NRLPapers

- httpS/ / g |th U b .CO m/ th Must-read papers on network representation

unlp/OpenNE learning (NRL) / network embedding (NE)
@TeX w794 ? 272
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Cheng Yang, Maosong Sun, Zhiyuan Liu, Cunchao Tu. Fast Network Embedding
Enhancement via High Order Proximity Approximation. International Joint
Conference on Artificial Intelligence (1JCAI 2017).
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Table 1: Comparisons among three NRL methods.

SC DeepWalk GraRep
T . K AR . =
Proximity Matrix L k‘=1 }—\ AR k=1... K
Computation Accurate  Approximate Accurate
Scalability Yes Yes No
Performance Low Middle High

?

BIRR - AR E R B B R EM,  [REAN g T R R

K
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Table 2: Classification results on Cora dataset.

| To Accuracy 3 i 1)
Y% Labeled Nodes 10% 50% 90% ‘

GF 50.8 (68.0) 61.8 (77.0) 64.8 (77.2) 4 (+0.1)

SE 55.9 (68.7) 70.8 (79.2) 72.7 (80.0) 1 (+0.1)
DeepWalk; T71.316.2) 76.9 (81.6) 78.7 (81.9) 31 (+0.1)
DeepWalk,,, i 4 68.9 (76.7) 76.3 (82.0) 78.8 (84.3) 69 (+0.1)
DeepWalky, ; o1 68.4 (76.1) 74.7 (80.5) 75.4 (81.6) 223 (+0.1)
LINE s+ 64.8 (70.1) 76.1 (80.9) 78.9 (82.2) 62 (+0.1)
LINE>,, 4 63.3 (73.3) 73.4 (80.1) 75.6 (80.3) 67 (+0.1)
node2vec 16.9.(717.5) 81.0 (81.6) 81.4 (81.9) 56 (+0.1)
TADW 78.1(84.4) 83.1 (86.6) 82.4 (87.7) 2 (+0.1)
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AUC values (< 100)

70

60

50

il O\=0E

Y 268 3= 715

I CN

B Jaccard
Il salton
B GF

I GF+NEU
[sc

[ _ISC+NEU

[ |DeepWalk
[ |DeepWalk+NEU

I LINE
I LINE+NEU

I TADW
I TADW+NEU

Cora BlogCatalog Flickr

Figure 1: Experimental results on link prediction.
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Cheng Yang, Zhiyuan Liu, Deli Zhao, Maosong Sun, Edward Y. Chang Network
Representation Learning with Rich Text Information (IJCAI 2015)
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» Pkl ERB LIERVERFRMETTESIAINNME
E., WDeepWalk (Perozzi et al. KDD 2014)
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Text-Associated DeepWalk (TADW)

o TEERPEDBMER E, FR(NEIT T Text-
Associated DeepWalkE 7%

min ||[M — W THT||: + = (H” |7 + ||H||#).
V| k
A< > <>
ft |V]
<> : :
> M > W x H x T
Y ]
HATREWE XA ESEIMTFIDFERE, W. HESH

TADW va%uHT?ﬁ&T’EjJZk{cf Y W 2% 3= 7~



SCISZE R - Cora

fﬂiﬁ])l"H%%Ej_"f'lfﬁl%,mEI'JﬁﬁE(feature),
SVMEEMITZE, MR R oL IEHE

Table 1: Evaluation results on Cora dataset.

Classifier Transductive SVM SVM
% Labeled Nodes 1% 3% 7% 10% 10% 20% 30% | 40% | 50%
DeepWalk 62.9 68.3 72.2 72.8 764 | 78.0 | 79.5 80.5 81.0
PLSA 47.7 51.9 55.2 60.7 57.0 | 63.1 65.1 66.6 | 67.6
Text Features 33.0 | 43.0 | 57.1 62.8 58.3 674 | T1.1 73.3 74.0
Naive Combination | 67.4 70.6 75.1 77.4 76.5 80.4 82.3 83.3 34.1
NetPLSA 65.7 67.9 74.5 77.3 80.2 83.0 | 84.0 84.9 85.4
TADW 72.1 | 770 | 79.1 | 81.3 || 824 | 85.0 | 8.6 | 86.0 | 86.7




Table 2: Evaluation results on Citeseer dataset.

Classifier Transductive SVM SVM
% Labeled Nodes 1% 3% 7% 10% 10% | 20% | 30% | 40% | 50%
DeepWalk - - 49.0 | 52.1 524 | 547 | 56.0 | 56.5 | 57.3
PLSA 452 | 49.2 | 53.1 54.6 54.1 58.3 | 60.9 | 62.1 62.6
Text Features 36.1 498 | 57.7 | 62.1 583 | 664 | 69.2 | 71.2 | 72.2
Naive Combination | 39.0 | 457 | 58.9 | 61.0 61.0 | 66.7 | 69.1 70.8 | 72.0
NetPLSA 454 | 49.8 | 529 | 549 587 | 61.6 | 63.3 | 640 | 64.7
TADW 636 | 684 | 691 | 711 | 706 | 71.9 | 73.3 | 73.7 | 7T4.2

“-" Indicates TSVM can not converge in 12 hours because of low quality of

representation (TSVM can always converge in 5 minutes for TADW).




Table 3: Evaluation results on Wiki dataset.

Classifier SVM
% Labeled Nodes 3% 7% 10% | 20% | 30% | 40% | 50%
DeepWalk 484 | 56.6 | 593 | 643 | 66.2 | 68.1 68.8
PLSA 58.3 66.5 | 69.0 | 725 | 747 | 755 | 76.0
Text Features 46.7 60.8 | 65.1 729 | 75.6 | 717.1 77.4
Naive Combination | 48.7 62.6 | 66.3 73.0 | 75.2 | 77.1 78.6
NetPLSA 56.3 646 | 67.2 | 706 | 71.7 | 719 | 723
TADW (k=100) 598 | 68.2 | 7T1.6 | 754 | 77.3 | 7T7.7T | 79.2
TADW (k=200) 604 | 699 | 726 | 77.3 | 79.2 | 79.9 | 80.3




» Corafyt£651%4E

— B X HRAL: Irrelevant Features and the Subset
Selection Problem

— X 4H: Theory

Top 5 nearest documents-by DeépWalk

Top 5 nearest documents by TADW

Title

Class Label

Title

Class Label

Feature selection
methods for classifications

Neural Network

Feature subset selection as

Automated model selection

Rule Learning

Compression-Based

Learning library of C classes

Feature Subset Selection Theory
Induction of Condensed Determinations Case Based
MLC Tutorial A Machine

Theory

search with probabilistic estimates Theory
Compression-Based Theo
Feature Subset Selection ry
Selection of Relevant Theo
Features in Machine Learning ry
NP-Completeness of Searches

Theory

for Smallest Possible Feature Sets

Feature subset selection
using a genetic algorithm

Genetic Algorithms




Cunchao Tu, Han Liu, Zhiyuan Liu, Maosong Sun. CANE: Context-Aware Network
Embedding for Relation Modeling. The 55th Annual Meeting of the Association for
Computational Linguistics (ACL 2017). 112



c TREPETRHAITXEN, RIEAEIE

I am studying NLP problems,
including syntactic parsing,
machine translation and so on.

& <4 Co-author-p A

< Co-author-p~

My research focuses on typical am a NLP researcher in machine
NLP tasks, including word translation, especially using deep
segmentation, tagging and learning models to improve

syntactic parsing. machine translation.
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s RIFETEABLLE FIAENEERT
s FEXAEE#HTHEERE (mutual attention)

A
Convolutional Convols al
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pIESS

%Removed edges 5% 25% 35% 55% 65% 5% 85% 95%
DeepWalk 55.2 66.0 70.0 81.3 833 876 889 88.0
LINE 53.7 60.4 66.5 785 83.8 875 877 876
node2vec 57.1 63.6 69.9 84.3 873 884 89.2 89.2
Naive Combination 78.7 82.1 84.7 88.7 91.8 921 92.0 92.7
TADW 87.0 89.5 918 91.1 926 935 919 91.7
CENE 86.2 84.6 89.8 92.3 91.8 932 929 93.2
CANE (text only) 83.8 852 873 91.1 91.2 91.8 931 935
CANE (w/o attention) | 84.5 89.3  89.2 91.1 918 923 925 93.6
CANE 90.0 91.2 920 942 946 954 957 96.3
Table 3: AUC values on HepTh. (a = 0.7, = 0.2, = 0.2)
%Removed edges 5% 25% 35% 55% 65% 5% 85% 95%
DeepWalk 56.6 58.1 60.1 61.8 619 633 63.7 67.8
LINE 52.3 55.9 59.9 64.3 66.0 677 693 T71.1
node2vec 54.2 57.1 573 58.7 62.5 66.2 67.6 68.5
Naive Combination 55.1 56.7 58.9 644 68.7 689 690 T71.5
TADW 52.3 54.2 55.6 60.8 624 652 63.8 69.0
CENE 56.2 57.4 60.3 66.3 66.0 70.2 69.8 73.8
CANE (text only) 55.6 56.9 57.3 63.6 670 685 704 73.5
CANE (w/o attention) | 56.7 _ 59.1  60.9 66.1 689 698 71.0 743
CANE 56.8 59.3 629 689 704 714 736 754

Table 4: AUC values on Zhihu. ( = 1.0, 8 = 0.3,y = 0.3)




 Mutual Attention

Edge #1: (A, B)

Machine Learning research making great progress many
directions This article summarizes four directions discusses
current open problems The four directions improving
classification accuracy learning ensembles classifiers methods
scaling Supérvised learning algorithms learning
learning complex stochastic models

The problem making optimal decisions uncertain conditions
central Artificial Intelligence If state world known times world
modeled Markov Process MDP MDPs studied
extensively many methods known determining optimal courses
action policies The realistic case state information %
observable Partially Observable Markov Decision

received much less attention The best exact
algorithms problems inefficient space time We introduce
Smooth Partially Observable Value Approximation SPOVA
new approximation method quickly yield good approximations
improve time This method Gombined [SISRSSR SN
combination effective test cases

Edge #2: C
ﬁ“-makinggreat rogress many

directions This article summarizes four discusses
current open problems The four directions improving
classification accuracy learning ensembles classifiers methods
scaling reinforcement learning
learning

In context Maching leaming examples paper deals problem
estimating quality attributes without dependencies among

Rendell developed algorithm called RELIEF shown efficient
estimating attributes RELIEF deal discrete continuous
attributes limited twoclass problems In paper analysed
extended @eal noisy incomplete multiclass data sets The
extensions verified various @tfificial one well known realworld
problem

116



Cunchao Tu, Weicheng Zhang, Zhiyuan Liu, Maosong Sun, Huanbo Luan. Max-
Margin DeepWalk: Discriminative Learning of Network Representation. International
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DeepWalk as Matrix Factorization

M = X x Y

. Biased Gradient
"o Support Vectors

Classification

Max-margin classifier Boundary
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* Max-Margin DeepWalk (MMDW)
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DeepWalk as Matrix Factorization

" . == Biased Gradient
" Support Vectors

Classification
Boundary
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Table 2: Accuracy (%) of vertex classification on Citeseer.

AN P 3
N /7N
7<%ﬁ%

9Labeled Nodes 10% 20% 30% 40% 50% 60% 70% 80% 90%
DW 49.09 | 55.96 | 60.65 | 63.97 | 65.42 | 67.29 | 66.80 | 66.82 | 63.91
MFDW 50.54 | 54.47 | 57.02 | 57.19 | 58.60 | 59.18 | 59.17 | 59.03 | 55.35
LINE 39.82 | 46.83 | 49.02 | 50.65 | 53.77 54.2 53.87 | 54.67 | 53.82
MMDW(n = 1077) | 55.60 | 60.97 | 63.18 | 65.08 | 66.93 | 69.52 | 70.47 | 70.87 | 70.95
MMDW(n = 1073 | 55.56 | 61.54 | 63.36 | 65.18 | 66.45 | 69.37 | 68.84 | 70.25 | 69.73
MMDW(n = 10™%) | 54.52 | 58.49 | 59.25 | 60.70 | 61.62 | 61.78 | 63.24 | 61.84 | 60.25
Table 3: Accuracy (%) of vertex classification on Wiki.

91abeled Nodes 10% 20% 30% 40% 50% 60% 70% 80% 90%
DW 52.03 | 54.62 | 59.80 | 60.29 | 61.26 | 65.41 | 65.84 | 66.53 | 68.16
MFDW 56.40 | 60.28 | 61.90 | 63.39 | 62.59 | 62.87 | 64.45 | 62.71 | 61.63
LINE 52.17 | 53.62 | 57.81 57.26 | 58.94 | 62.46 | 62.24 | 66.74 | 67.35
MMDW(n = 10~7) | 57.76 | 62.34 | 65.76 | 67.31 | 67.33 | 68.97 | 70.12 | 72.82 | 74.29
MMDW(n = 107%) | 54.31 58.69 | 61.24 | 62.63 | 63.18 | 63.58 | 65.28 | 64.83 | 64.08
MMDW(n = 107 | 53.98 | 57.48 | 60.10 | 61.94 | 62.18 | 62.36 | 63.21 62.29 | 63.67
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Cunchao Tu, Zhengyan Zhang, Zhiyuan Liu, Maosong Sun. TransNet: Translation-
Based Network Representation Learning for Social Relation Extraction. International
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TransNet: Translation-based NRL
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TransNet: Translation-based NRL
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* TransNet
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TransNet: Translation-based NRL
Sk RIS

Table 2: SRE results on Arnet-S. (x 100 for hits@Qk, a = 0.5 and 8 = 20)
Metric | hits@Ql hits@5 hits@10 | MeanRank | hits@1 hits@5 hits@10 | MeanRank

DeepWalk | 13.88  36.80  50.57 19.69 1878  39.62  52.55 18.76
LINE 11.30 3170  44.51 23.49 1533  33.96  46.04 22.54
node2vec | 13.63  36.60  50.27 19.87 1838 3941  52.22 18.92
TransE | 39.16 7848 8854 | 539 | 57.48  84.06  90.60 | 4.44
TransNet | 47.67 86.54 9227 | 5.04 | 7722 9046 9341 | 4.09

Table 3: SRE results on Arnet-M. (x100 for hits@Qk, o = 0.5 and 8 = 50)
Metric | hits@l hits@5 hits@10 | MeanRank || hits@1 hits@5 hits@10 | MeanRank

DeepWalk 7.27 21.05 29.49 81.33 11.27 23.27 31.21 78.96
LINE 5.67 17.10 24.72 94.80 8.75 18.98 26.14 92.43
node2vec 7.29 21.12 29.63 80.80 11.34 23.44 31.29 78.43

TransE | 19.14  49.16 6245 | 2552 || 3155 5587  66.83 | 23.15
TransNet | 27.90 66.30 76.37 | 25.18 | 5899 7464 79.84 | 2281

Table 4: SRE results on Arnet-L. (x 100 for hitsQk, o = 0.5 and 3 = 50)
Metric | hits@Ql hits@5 hits@10 | MeanRank | hits@l hitsQ5 hits@10 | MeanRank

DeepWalk 5.41 16.17 23.33 102.83 7.59 17.71 24.58 100.82
LINE 4.28 13.44 19.85 114.95 6.00 14.60 20.86 112.93
node2vec 5.39 16.23 23.47 102.01 7.53 17.76 24.71 100.00
TransE | 15.38 41.87 55.54 32.65 || 23.24 47.07 59.33 | 30.64
TransNet | 28.85 66.15 75.55 | 29.60 || 56.82 73.42 78.60 | 27.40
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Table 6: Recommended top-3 labels for each neighbor.

Neighbors

TransE

| TransNet

Matthew Duggan

ad hoc network; wireless
sensor network; wireless
sensor networks

management system; ad
hoc network; wireless
sensor

K. Pelechrinis

wireless network; wire-
less networks; ad hoc net-
work

wireless network; wire-
less sensor network; rout-
ing protocol

Oleg Korobkin

wireless network; wire-
less networks; wireless
communication

resource management;
system design; wireless
network
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Cheng Yang, Maosong Sun, Wayne Xin Zhao, Zhiyuan Liu, Edward Chang. A Neural
Network Approach to Joint Modeling Social Networks and Mobile Trajectories. ACM
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(a) Friendship Network (b) User Trajectory

Fig. 1. An illustrative example for the data in LBSNs: (a) Link connections represent the friendship be-
tween users. (b) A trajectory generated by a user is a sequence of chronologically ordered check-in records.
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Short-term Context Representation modeled by RNN

Long-term Context Representation modeled by GRU
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Dataset Brightkite Gowalla
Metric (%) | R@l | R@5 | R@10 | R@l | R@5 | R@10
PV 18.5 | 44.3 53.2 9.9 27.8 36.3
FBC 16.7 | 44.1 54.2 13.3 | 344 42.3
FPMC 20.6 | 45.6 53.8 10.1 | 24.9 31.6
PRME 154 | 44.6 53.0 12.2 | 31.9 38.2
HRM 17.4 | 46.2 56.4 7.4 26.2 37.0
JNTM 22.1 51.1 60.3 15.4 38.8 48.1

ii—[_-J
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Dataset Brightkite ~ Gowalla
" Metric (%) | R@l | R@5 | R@10 | R@1 | R@5 | R@10
PV 0.5 1.5 2.3 1.0 3.3 5.3
FBC 0.5 1.9 3.0 1.0 3.1 5.1

FPMC 0.8 2.7 4.3 2.0 6.2 9.9

PRME 0.3 1.1 1.9 0.6 2.0 3.3

HRM 1.2 3.5 5.2 1.7 5.3 8.2
- JNTM 1.3 3.7 5.5 2.7 8.1 12.1
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Training Ratio 20% 30% 40% 50%
Metric (%) R@5 | Re10 | R@5 | R@10 | R@5 | R@10 | R@5 | R@10
DeepWalk 2.3 3.8 3.9 6.7 5.5 9.2 7.4 12.3

PMF 2.1 3.6 2.1 3.7 2.3 3.4 2.3 3.8
PTE 1.5 2.5 3.8 4.7 4.0 6.6 5.1 8.3
TADW 2.2 3.4 3.6 3.9 2.9 4.3 3.2 4.5
JNTM 3.7 6.0 5.4 8.7 6.7 11.1 8.4 13.9

Training Ratio 20% 30% 40% 50%
Metric (%) R@5 | Rel10 | R@5 | R@l0 | R@5 | R@10 | R@5 | R@10
DeepWalk 2.6 3.9 5.1 8.1 7.9 12.1 | 10.5 15.8

PMF 1.7 2.4 1.8 2.5 1.9 2.7 1.9 3.1
PTE 1.1 1.8 2.3 3.6 3.6 5.6 4.9 7.6
TADW 2.1 3.1 2.6 3.9 3.2 4.7 3.6 5.4
JNTM 3.8 5.5 5.9 8.9 7.9 119 | 10.0 15.1
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( William Shakespeare, book/author/works written, Romeo and Juliet)
head entity relation tail entity
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Cyc

©

1985

WordNet

1990

oNBP
Wikipedia ~ DBpedia

*

VaGO

select knowledge

High-Quality Data
Source

5 million concepts
muilti-lingual

rich structural data:

Infobox, table,
list, category...
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& WolframAlpha e
knowledge engine

Enter what you want to calculate or know about:

how big is China B

(2] | T = Examples >z Random

Assuming “how big" is intemational data | Use as referring to sociogconomic data or referring 1o species or
referring 1o administrative divisions instead

Assuming total area | Use population instead

Input interpretation:

China total area

Result: Show non-metric

9.597 x 108 km? (square kilometers) (world rank- 4"

Unit converslons:
9.597x 102 m? (square meters)
3.705 million miZ (square miles)

1.033 10" f2 (square feet)

Comparisons as area:
2 0.96 - total area of Canada (9 98467 - 10% km?)
* 0.996 « total area of the United States (963142 10" km? )

= largest extent of the Roman Empire (. 2 Mm?
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Photos Inspired This to Letters Issued by phone call dispute and
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Poople - 7 hours ago Newsweek - 15 hours 890 Washingnon Examiner - i ho

=> More for Barack Cbama

The Office of Barack and Michelle Obama
https:/www.barackobama.com/ *
Welcome to the Office of Barack and Michelle Obama. We Love You Back. Play

video. The Office of Barack and Michelle Obama. © 2017 | Legal & Privacy.

Barack Obama - Wikipedia

hitps i en wikipedia.org/wiki/Barack _Obama v

Barack Hussein Obama |l is an American politician who served as the 44th President
of the United States from 2009 to 2017. He is the first African American to ...

Early life and career of Barack - Michelle Obama - Ann Dunham - Barack Obama Sr.

Barack Obama (@BarackObama) | Twitter

hitps./twitter.com/barackobama ~

15.4K tweets « 2067 photos/videos * 91,9M followers. “Health care has always been
about something bigger than politics: it's about the character of our country.

Barack Obama - Home | Facebook
hitps./www.facebook.com/b na/ v
Barack Obama, Washington, DC. 54M likes. Dad, husb.

d, former P W, citizen.

Barack Obama | LinkedIn

hitps./www iniedin com/in/barackobama ~

Washington D.C. Metro Area - Former President of the United States of America
View Barack Obama's professional profile on Linkedin. Linkedin Is the world's largest
harel i hal £, i lc liva Rarank Nhama Aicrrwar

More images

Barack Obama <

44th U.S. President
&)  barackobama.com

Barack Hussein Obama ¥l is an American politician who served as the
44th Presicent of the United States from 2009 10 2017, He is the first
African American 10 have served as president. Wikipeda

Boen: August 4, 1561 (age 55), Kapiolani Medical Centier for Women and
Children, Honolulu, HI

Helght: 6°1°

Parentsc Ann Dunham, Barack Obama Sr.

Education: Harvard Law School (1588-1991), MORE v
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View 7+ more
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View 15+ more
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Confidence for Triplet E((Ihs, rel rhs))

/@\

/ Neural !Ihs(rel)
4

rhs(rel)
R Tensor
Network Jleri(-) right(-)

E Ihs E rel E rhs

’
1 (lhs, rel, rhs)
Neural Tensor Network (i\lTN) Energy Model




e WEFANEL (head, relation, tail), BH
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Which genre is the movie WALL-E?

WALL-E _has_genre ?
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Which genre I1s the movie WALL-E?

WALL-E _has_genre Animation
Computer animation
Comedy film
Adventure film
Science Fiction
Fantasy

Stop motion

Satire

Drama

Connecting
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Entity Tsinghua_University A.C._Milan
1 University_of_Victoria Inter_Milan
2 St._Stephen’s_College,_Delhi Celtic_F.C.
3 University_of Ottawa FC_Barcelona
4 University_of British_Columbia Genoa_C.F.C.
5 Peking_University Udinese_Calcio
6 Utrecht_University Real_Madrid_C.F.
/ Dalhousie_University FC_Bayern_Munich
8 Brasenose_College,_Oxford Bolton_Wanderers_F.C.
9 Cardiff_University Borussia_Dortmund
10 Memorial_University_of_Newfoundland Hertha_BSC_Berlin
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Entity China Barack_Obama Apple
1 Japan George_W._Bush Onion
2 Talwan Nancy_Pelosi Strawberries
3 South_Korea John_Kerry Avocado
4 Argentina Hillary_Rodham_Clinton Pear
5 North_Korea Al_Gore Cabbage
6 Hungary George_H._W._Bush Broccol
/ Israel John_McCain Egg
8 Australia Colin_Powell Cheese
9 lceland Bill_Clinton Bread

10 Hong_Kong Charles_B._Rangel Tomato
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TranskE Examples

Relation

/people/person/nationality

/location/location/contains

1

/people/person/places_lived

/base/aareas/schema/administrative_area/ad
ministrative_children

2 /people/person/place of birth /location/country/administrative_divisions

3 /people/person/spouse S /location/country/first_level divisions

4 /base/popstra/celebrity/vacations _in|/location/country/capital

5 /government/politician/government |/award/award_nominee/award_nominations
positions_held

6 /people/deceased_person/place_of_ [/location/administrative_division/capital
death

/ /olympics/olympic_athlete/country [/location/us_county/county seat

8 /olympics/olympic_athlete/medals_w/|/base/aareas/schema/administrative_area/ca
on pital

9 /music/artist/origin /location/us_county/hud _county place

10  [/people/person/employment history/award/award winner/awards won
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Head China Barack_Obama

Relation |/location/location/adjoin| /education/education/institution
1 Japan Harvard_College
2 Talwan Massachusetts_Institute_of_Technology
3 Israel American_University
4 South_Korea University_of _Michigan
5 Argentina Columbia_University
6 France Princeton_University
! Philippines Emory_University
38 Hungary Vanderbilt_University
9 North_Korea University_of Notre_Dame
10 Hong_Kong Texas_A&M_University
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Head Stanford_University Apple Titanic
Relation /edgcatlon/educatlonal_lnstl /food/food/nutrients |/film/film/genre
tution/students_graduates

1 Steven_Spielberg Lipid War_film
2 Ron_Howard Protein Period_piece
3 Stan_Lee Valine Drama
4 Barack_Obama Tyrosine History
5 Milton_Friedman Serine Biography
6 Walter_F._Parkes lron Film_adaptation
! Michael Cimino Cystine Adventure Film
8 Gale_Anne_Hurd Pantothenic_acid Action_Film
9 Bryan_Singer Vitamin_A Political_drama
10 Aaron_Sorkin Sugar Costume_drama
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Head Barack_Obama
Tail Columbia_University
/education/education/institution
/business/employment_tenure/company
/organization/leadership/organization
/base/popstra/paid_support/company
/location/location/contains
/education/education/institution
/american_football/player_game_statistics/team
/organization/organization_board_membership/organization
/music/artist/album
/baseball/batting_statistics/team

-

O |0 [ N|O OB W (N

[EN
-
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Head Barack_Obama
Tail United States of America
1 /people/person/nationality
/government/politician/government_positions_held./government/govern
2 ment_position_held/jurisdiction_of office
3 /people/person/spouse_s./people/marriage/location_of ceremony

/government/politician/government_positions_held./government/govern

4 ment_position_held/district_represented

5 /people/person/places_lived

6 /base/popstra/celebrity/vacations_in

/ /people/person/place_of birth
/government/political_appointer/appointees./government/government_p

38 osition_held/jurisdiction_of office

9 /royalty/monarch/kingdom

10 /people/person/languages
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Head Titanic

Tail Drama

/film/film/genre
/media_common/netflix_title/netflix_genres
/film/film/subjects
/film/film_cut/type_of_film_cut
/film/film_regional_release_date/film_release_distribution_medium
/law/inventor/inventions
/government/government_position_held/jurisdiction_of_office
/tv/tv_program/genre
/film/dubbing_performance/language
/film/film_film_distributor_relationship/film_distribution_medium

-

O |0 [ N|O OB |wW (N

[N
&
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* 1-to-N, N-to-1, N-to-NXxZFH
— (USA, president, Obama)
— (USA, _president, Bush)
Obama
.
USA _president
®e + (e® 2
Bush
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......
—_—

Entity Space Relation Space of r

TransH TransR

Wang, et al. (2014). Knowledge graph embedding by translating on hyperplanes. AAAI.
Lin, et al. (2015). Learning entity and relation embeddings for knowledge graph completion. AAAI. 164



s NEANEL(head, relation, tail) {RiF
— hxWr+r=txWr
« BLAERE B AERXREANR[E), B FHFRR

>

Entity Space Relation Space



Transk : -

e TP S Sk

o+ XENEL(head, relation, tail) £RIE
_ hxWr+r=txW.r
BRI B AR R RN B, BIFBEXR
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head

relation tail
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King'sCollege, Cambridge

England
contains
Italy contains contains
contains
Europe contains CQbeidge
contains

London

King'sCollege, Cambridge
England
university of
Italy country of city.of
M
Europe ————e¢ity-of ——— Cambridge
city of

London



HTEBERPKARY D

* |ocation/location/contains BY/~[E2E

e

(Head, Tail)

1 | (Africa, Congo), (Asia, Nepal), (Americas, Aruba),
(Oceania, Federated States of Micronesia)

2 | (United States of America, Kankakee), (England, Bury St
Edmunds), (England, Darlington), (Italy, Perugia)

3 | (Georgia, Chatham County), (Idaho, Boise), (Iowa, Polk
County), (Missouri, Jackson County), (Nebraska, Cass
County)

4 | (Sweden, Lund University), (England, King’s College,
Cambridge), (Fresno, California State University, Fresno),
(Italy, Milan Conservatory)




Data Sets WNI18 FB15K

Metric Mean Rank | Hits@10 (%) | Mean Rank | Hits@10 (%)

Raw Filter | Raw Filter | Raw Filter | Raw  Filter

Unstructured (Bordes et al. 2012) 315 304 | 353 38.2 | 1,074 979 | 45 6.3

RESCAL (Nickel, Tresp, and Kriegel 2011) | 1,180 1,163 | 37.2  52.8 828 683 | 284  44.1

SE (Bordes et al. 2011) 1,011 985 | 68.5 80.5 273 162 | 28.8 39.8

SME (linear) (Bordes et al. 2012) 545 533 | 65.1 74.1 274 154 | 30.7 40.8

SME (bilinear) (Bordes et al. 2012) 526 509 | 54.7 61.3 284 158 | 31.3 41.3
LFM (Jenatton et al. 2012) 469 456 | 714 81.6 283 164 | 26.0 33.1_

TransE (Bordes et al. 2013) 263 251 | 754 89.2 243 125 | 349 47.1

TransH (unif) (Wang et al. 2014) 318 303 | 754 86.7 211 84 | 42.5 58.5

TransH (bern) (Wang et al. 2014) 401 388 | 73.0 82.3 212 87 | 45.7 64.4

TransR (unif) 232 219 | 78.3 91.7 226 78 | 43.8 65.5

TransR (bern) 238 225 | 798 920 198 77 | 48.2 68.7

CTransR (unif) 243 230 | 789 923 233 82 44 _66.3

CTransR (bern) 231 218 | 794 923 199 75 | 484 | 70.2

+20%




SLIGZER R ATUN
eetosiData Sets WNI11 | FB13 | FB15K
SE 530 | 752 -
SME (bilinear) 70.0 | 63.7 -
SLM 699 | 85.3 -
LFM 73.8 84.3 -
NTN 704 | 87.1 68.5
TransE (unif) 759 | 70.9 79.6
TransE (bern) 75.9 81.5 79.2
TransH (unif) 71777 | 76.5 79.0
TransH (bern) 78.8 83.3 80.2
TransR (unif) 83.5 74.7 81.7
TransR (bern) 85.9 | 82.5 83.9
CTransR (bern) 85.7 - 84.5




Head Entity Titanic
Relation /film/film/genre

Model Transk TransH TransR
1 War_film Drama Costume_drama
2 Period_piece Romance _Film Drama
3 Drama Costume_drama Romance_Film
4 History Film_adaptation Period_piece
5 Biography Period_piece Epic_film
6 Film_adaptation Adventure_Film Adventure_Film
! Adventure Film LGBT LGBT
38 Action_Film Existentialism Film_adaptation
9 Political_drama Epic_film Existentialism
10 Costume_drama War_film War_film
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Examples

Head Barack Obama
Relation /people/person/education
Model Transk TransH TransR
1 Harvard_College University_of Virginia | University of Virginia
Massachusetts_Institut|(George_Washington_U| George_Washington_Uni
2 e_of_Technology niversity versity
3 American_University |University of Michigan|  Stanford _University
4 University of Michigan| Harvard _College Harvard_College
5 Columbia_University | Princeton_University Purdue_University
5 Princeton_University Umversﬁyt_g)r]:_Washmg Princeton_University
/ Emory_University Yale_University University_of _Michigan
38 Vanderbilt_University | Stanford_University Occidental_College
University_of Notre_D Purdue_University University_of Maryland,_
9 ame College_Park
10  |Texas A&M_University| Columbia University Columbia_University

172




Head University of Cambridge
Relation /education/education/student

Model Transk TransH TransR
1 John_Cleese Stephen_Fry David_Attenborough
2 Samuel_Beckett David_Attenborough Stephen_Fry
3 Harold_Pinter |Ralph_Vaughan_Williams Stephen_Hawking
4 Virginia_Woolf Alan_Bennett Ralph_Vaughan_Williams
5 Graham_Chapman Francis_Bacon Alan_Bennett
6 Philip_Pullman Julian_Fellowes Julian_Fellowes
/ lan_McEwan Hugh_Bonneville Ernest_Rutherford
3 Douglas_Adams Graham_Chapman Jonathan_Lynn
9 Terry_Gilliam Miriam_Margolyes Tom_Hollander
10 Richard_Dawkins Stephen_Hawking Chris_Weitz

173



* Projection matrices not only related to relation
but also head/tall entities

A A
hl hlr t
O /Mrhr\ O >4
tor
4 t3 h2r .— Mz
®h: Mrt— h G
A © h / \ - —>A
9] A
t
> >
entity space relation space of r

Ji, et al. (2015) Knowledge Graph Embedding via Dynamic Mapping Matrix. ACL-IJCNLP. 174



* Represent relations / entities with Gaussian
distribution

* Consider (un)certainties of entities and relations

Bill Chnton
'

He, et al. (2015) Learning to Represent Knowledge Graphs with Gaussian Embedding. CIKiM.



* NTN models KG with a Neural Tensor Network
and represents entities via word vectors

Score
A A
Neural
Tensor
T Network
A
A
A
h t
7 S
> : >
word space entity space

Socher, et al. (2013) Reasoning with neural tensor networks for knowledge base
completion. NIPS. 176
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—1-N, N-1, N-N

— TransA, TransD, Transk, TransG, TransH,
TransR, KG2E, TranSparse, Hole
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Entity Space Relation Space of r
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Founder

Bill Gates > Microsoft

1

R pv—.
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Weston et al.2013)
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Non-linear X

Max

Pooling
¥ L
Convolution :___ I O I ey
Layer |
Ly Y N A
Vector } Wond
Representaion
—P position

Sentence Bill Gates is the founder of Microsoft.

Daojian Zeng, Kang Liu, Siwei Lai, Guangyou Zhou, and Jun Zhao. Relation classification via
convolutional deep neural network. In Proceedings of COLING.

Daojian Zeng,Kang Liu,Yubo Chen,and Jun Zhao. Distant supervision for relation extraction via
piecewise convolutional neural networks. In Proceedings of EMNLP. 181



KG (oooo)+ (ooco)=(co¢o)

|

Fact ((oooo) (e000) (oooo))

Mark Twain ,» PlaceOfBirth , Florida

t

(0000)
1
Encoder
O @] O @) O
O O O @) O
O O @) @) O
O O O O
e @ @ @ @9
Text Mark Twain  was born in Florida

Xu Han, Zhiyuan Liu, Maosong Sun. Neural Knowledge Acquisition via Mutual Attention between Knowledge Graph and
Text. The 32th AAAI Conference on Artificial Intelligence (AAAI 2018). 182



Precision

< JomtD+KATT
— & JomtE+KATT
- CNN+ATT
—< CNN+ONE
MIML
MultiR
Mintz
—<— Sm2r

0

[
0.05

0.1

0.2
Recall
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» FALEIERERREHERTLEMNEXER

( William Shakespeare, book/author/works written, Romeo and Juliet )

1 1

William Shakespeare was an Romeo and Juliet is a tragedy
English poet, playwright, and written by William Shakespeare

actor, ... early in his career ...

184



head + relation = tail

L]
+

o0
I
— 00

2nd Pooling & nonlinear

i
e o o s s
2nd Convolution M ./I><><I\:
ist Pocking & noukucar rﬁ &l& ‘e Je 4l. L& JW X 676 {Lﬁ

o o
1st Convolution \
®© © 0 0 000 00 0 0 o ®© © 0 0 000 00 0 0 o
®© © 0 0 0 00 0 0 0 0 0 ®© © 0 06 000 0 0 0 0 o

description of head description of tail

Xie, et al. (2016). Representation Learning of Knowledge Graphs with Entity Descriptions.
AAAL. 185
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Table 5: Evaluation results on entity prediction in zero-shot

scenario
Metric d—e e—d d-—d Total
Partial-CBOW  26.5 20.9 67.2 24.6
CBOW 27.1 21.7 66.6 25.3
Partial-CNN 26.8 20.8 69.5 24.8
CNN 31.2  26.1 72.5 295

Table 6: Evaluation results on relation prediction in zero-

shot scenario
Metric d—e e—d d-—d Total
Partial-CBOW  49.0 42.2 0.0 46.2
CBOW 52.2 47.9 0.0 50.3

Partial-CNN 56.6 524 4.0 54.8
CNN 604 555 73 58.2
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rorer =

/tv/tv_progra mk(@ / \ yv/_program/genre

Freddy's Nightmares

Freddy ‘s Nightmares is an American
horror anthology series, -+, The pilot
episode was directed by Tobe Hooper, -

/tv/tv_program/coun
/tv/tv_program/gefire try_of_origin

[ Anthology ] [United_States_of_AmericaJ
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rorer ) =

/tv/tv_progra mk% / \ /t/v/_program/genre

Freddy's Nightmares
Freddy ‘s Nightmares is an American

horror anthology series, -, The pilot
episode was directed by Tobe Hooper,

/tv/tv_program/coun
/tv/tv_program/gefire try_of_origin

[ Anthology ] [United_States_of_AmericaJ
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Economics is the social science that describes the
factors that determine the production, distribution and| [ -
consumption of goods and services.

Economics focuses on the behavior and interactions M
of economic agents and how economies work.

> [Economics)

But he said that economics can be used to study other m
things, such as war, that are outside its usual focus.
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nsm LSTM LS’I'M LSTM LSTM LSTM LST™ LSTM

(i) () () woe (mi) () () () woe (s

reference sentences of head reference sentences of tail

190



Rank | Sentence

1 Economics 1s the social science that describes the factors that determine the production, distribution and con-
sumption of goods and services.

2 Economics focuses on the behavior and interactions of economic agents and how economies work.

10 The ultimate goal of economics is to improve the living conditions of people in their everyday life.

RR) There are a variety of modern definitions of economics.

Entity Rank No.1 Sentence
Productivity | Productivity is the ratio of output to inputs in production.
February February is the second month of the year in the Julian and Gregorian calendars.
Food Food is any substance consumed to provide nutritional support for the body.
Travis County | Austin is the capital of Texas and the seat of Travis County.
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Y Lin, Z Liu, M Sun. Modeling Relation Paths for Representation Learning of Knowledge
Bases, EMNLP 2015,
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Paramount] Count United
Pictures J SOy States
Company Robert Offi cnal Language
Zemeckis
Director Language
romest [ __ ... Language of Film= = = = = = = English
Gump guag g
Release Region Official Language

e




* Path Ranking Algorithm

1D

PRA Path (Comment)

10

11
12

13
14

15
16

athletePlaysForTeam

hletePlaysl leaguePla hletePl Te
A e L e I ¢ T L ¢ (teams with many players in the athlete’s league)

athletePlayslnLeague C leagueTeams c teamAgainst Team

c
athletePlaysInLeague

¢ ShicicPlaysSport ) o Blayer, o AthlecPlavinlown , ¢ (the league that players of a certain sport belong to)

» ¢ (teams that play against many teams in the athlete’s league)

-1 e
iy o, e e (popular leagues with many players)
athletePlaysSport

- hletePla
¢ A2y o, o ZISTTVEROT L ¢ (popular sports of all the athletes)

athletePlaysinLeague superpartOfOrganization teamPlaysSport .
P ¢ — L > C e (popular sports of a certain league)

stadiumLocatedInCity

stadiumHomeTeam e teamHomeStadium . stadiumLocatedInCity

» ¢ (city of the stadium with the same team)

latitudeLongitude latitudeLongitudeOf stadiumLocatedInClty . . . .
c yC »C » ¢ (city of the stadium with the same location)

teamHomeStadium
teamPlaysinCity ¢ cltyStadlums

+ ¢ (stadiums located in the same city with the query team)

¢ —amMember, ¢ e L (home stadium of teams which share players with the query)

teamPlaysInCity
& teamHomeStadium C stadiumLocatedInClty

» ¢ (city of the team’s home stadium)

teamHomeStadium s stadiumHomeTeam »C teamPlaysinCity ' e (Clty of with the home fium as the query)

teamPlaysInLeague
¢ —amTlavSeont, o Blaver, o ieiePlavelaleane ¢ (the league that the query team’s members belong t0)
samPlaysigansToan ) ¢ —samPlavsialeagus | ¢ (the league that the query team’s competing team belongs t0)
teamPlaysSport
c=¢ ‘“-‘: & e + ¢ (sports played by many teams)
LAnTAVINIONN | ¢ BT o TR, ¢ (the sport played by other teams in the league)

Lao, et al. (2011). Random walk inference and learning in a large scale knowledge base. EMNLP.
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[Composition BN, FH3kE. RNN

Steve BornInCity CityInState Callfoml StateInCountry United
Jobs Francnsco State
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. Mean Rank | Hits@10 (%)

Metric Raw Filter | Raw  Filter
RESCAL 828 683 | 28.4 44.1

SE 273 162 | 28.8 39.8

SME (linear) 274 154 | 30.7 40.8
SME (bilinear) 284 158 | 31.3 41.3
LFM 283 164 | 26.0 33.1

TransE 243 125 | 34.9 47.1|

TransH 212 87 | 45.7 64.4

TransR 198 77 | 48.2 68.7

TransE (Our) 205 63 | 479 70.2
PTransE (ADD, 2-step) | 200 54 | 51.8 83.4
PTransE (MUL, 2-step) | 216 67 | 474 77.7
PTransE (RNN, 2-step) | 242 92 | 50.6 82.2
PTransE (ADD, 3-step) | 207 58 | 514 |84.6

+35%

Lin, et al. (2015). Modeling Relation Paths for Representation Learning of Knowledge Bases. EMNLP. 199



Metric Mean Rank Hits@1 (%)
Raw  Filter | Raw  Filter

TransE 2.8 2.5 | 65.1 84.3
+Rev 2.6 23 | 67.1 86.7
+Rev+Path 2.4 1.9 | 65.2 89.0
PTransE (ADD, 2-step) 1.7 1.2 | 69.5 93.6
-TransE 135.8 1353 | 514 78.0
-Path 2.0 1.6 | 69.7 89.0
PTransE (MUL, 2-step) 2.5 20 | 66.3  89.0
PTransE (RNN, 2-step) 1.9 1.4 | 68.3 93.2
PTransE (ADD, 3-step) 1.8 14 | 685 [94.0]

+10%
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Precision

0 0.05 0.1 0.15 0.2
Recall
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Head Barack Obama
Relation /education/education/institution

Model Transk PTransE
1 Harvard_College Columbia_University
2 Massachusetts_Institute_of Technology Occidental_College
3 American_University Punahou_School
4 University_of Michigan University of Chicago
5 Columbia_University Stanford_University
6 Princeton_University Princeton_University
/ Emory_University University_of_Pennsylvania
3 Vanderbilt_University University_of Virginia
9 University _of Notre_Dame University_of Michigan
10 Texas_ A&M_University Yale _University

202




Head Stanford _University
Relation /education/educational_institution/students graduates
Model Transk PTransk
1 Steven_Spielberg Raymond_Burr
2 Ron_Howard Ted_Danson
3 Stan_Lee Delmer_Daves
4 Barack Obama D.W._Moffett
5 Milton_Friedman Gale_Anne Hurd
6 Walter_F. Parkes Jack_Palance
! Michael _Cimino Kal_Penn
3 Gale_Anne Hurd Kurtwood Smith
9 Bryan_Singer Alexander_Payne
10 Aaron_Sorkin Richard_D. Zanuck
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KRB IZ D

Relationl

/people/person/place_of birth

Relation2

/location/administrative_division/country

1

/people/person/nationality

/people/person/places_lived./people/place_lived/location

/people/person/place_of_birth

/music/artist/origin

/olympics/olympic_athlete_affiliation/country

/government/politician/government_positions_held

/base/popstra/vacation_choice/location

/people/deceased_person/place_of death

OO NOO|O|DIwWwiN

/government/political_appointer/appointees

[N
-)

/location/administrative_division/country
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KRB IZ D

Relationl

/location/location/contains

Relation?2

/location/location/contains

1

/location/location/contains

/location/country/second_level_divisions

/location/country/administrative_divisions

/location/administrative_division/capital

/base/locations/continents/countries_within

/base/aareas/schema/administrative_area/administrative _children

/location/us_county/hud_county_place

/location/country/capital

O OOINOOOTDWIN

/location/country/first_level_divisions

[EN
()

/travel/travel destination/tourist_attractions

205



* RARZEEBERHIEEFR
* RRFEZRBREERNHEREE

Paramount United
[;‘_‘_J { states ] (Obama, president, USA)
« '“{" K ZZ,ZZiEs Offcl Language
Forrest )

Gump | ~"T°° Language of Film= === = == m ] .
L (Obama, _is, American)

Release Region Official Language
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Knowledge Graph Relationship Among Embeddings

Hao Zhu, Ruobing Xie, Zhiyuan Liu, Maosong Sun. Iterative Entity Alignment via Joint Knowledge Embeddings. International
Joint Conference on Artificial Intelligence (1JCAI 2017). 208
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Metric . . DEB'l . ) DEBQ . . DEB'B
Hits@] Hits@l0 Mean Rank | Hits@] Hits@]10 Mean Rank | Hits@]1 Hits@1(0 Mean Rank
MTransE (LT) 38.9 61.0 237.7 12.3 338 419.2 6.5 22.0 699.8
MTransE (TB) 13.6 35.1 547.7 13.9 354 675.7 4.5 16.1 1255.5
TransE + PS 61.9 79.2 105.2 41.1 67.0 154.9 12.2 34.6 431.9
ITransE (HA) 62.6 78.9 100.0 41.2 66.9 151.9 12.3 33.7 4323
ITransE (SA) 67.1 83.1 80.1 57.7 77.7 109.3 16.2 40.9 367.2
PTransE + PS 65.8 83.4 62.9 46.3 72.1 96.8 15.8 40.2 346.9
[PTransE (HA) 66.1 83.3 59.1 46.2 72.6 94.2 15.1 39.7 337.6
[PTransE (SA) 71.7 86.5 49.0 63.5 82.2 67.5 20.4 474 281.0

Hao Zhu, Ruobing Xie, Zhiyuan Liu, Maosong Sun. Iterative Entity Alignment via Joint Knowledge Embeddings. International

Joint Conference on Artificial Intelligence (1JCAI 2017).
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* W XASLAEFHITENE DL, BIRED
?EJJ\%IJJ KGELIAZRR, IREAMIZEZSIHLH,
S BN XS RUERR

Feature Vector

Context and Mention

Representation
Attention o @ \?tt::‘:g
Bidirectional LSTM
et 000000
N
Word Vector @00 @00 ©00 @00 @00 ©00 @00 o«
......Geraldine  Chaplin and Julie Christie .  Concentrating  on...... Entity Embedding in
e e e Knowledge Base

Context Entity Mention Context

Ji Xin, Yankai Lin, Zhiyuan Liu, Maosong Sun. Improving Neural Fine-Grained Entity Typing with Knowledge Attention. The
32th AAAI Conference on Artificial Intelligence (AAAI 2018). 210



o WA HFHITHENEDE, BIIIREDHT
3En7FIJ KG;LTZIS%%T REFNRE=Z SIFLE],
NN E TN XS ER

. BEEFARH KA

Dateset WIKI-AUTO WIKI-MAN
. Strict Macro Micro Strict Macro Micro
Metrics
Acc Pre Rec Fl Pre Rec Fl Acc Pre Rec Fl Pre Rec Fl

AFET 20.32 67.00 45.82 5475 6929 4240 5261 18.00 64.50 50.00 5633 6429 5043 56.52
KB-ONLY 35.12 69.65 71.35 7049 5485 7499 63.36 17.00 5550 7283 63.00 27.81 74.57 40.52
HNM 3488 68.09 61.03 6437 7280 6448 68.39 15.00 61.80 68.00 64.75 6235 6853 6530
SA 4277 75.33 69.69 7240 7735 7263 7491 18.00 66.67 73.67 6944 6554 7543 70.14
MA 41.58 7364 T71.71 7266 7594 7552 75.72 26.00 65.13 7850 71.19 64.09 8233 72.08
KA 4549 7482 7246 7362 7696 7549 76.22 23.00 64.69 7892 71.10 6325 82.68 71.67
KA+D 47.20 75.72 7403 7487 7796 77.87 77.92 34.00 6841 8283 7494 66.12 87.50 75.32

Ji Xin, Yankai Lin, Zhiyuan Liu, Maosong Sun. Improving Neural Fine-Grained Entity Typing with Knowledge Attention. The
32th AAAI Conference on Artificial Intelligence (AAAI 2018). 211
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25 OpenKE

http://openke.thunip.org/
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JEM S OpenNE

https.//github.com/thunlp/OpenNE

« THH | 5 —3# = F TensorFlow 3£ I
DeepWaIk LINE, nodeZveC GraRep, TADW and
GCNFEM L FRRF I TT A
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