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NerxS = HiEwRr + FIBHE + MUFGE

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



BREk: RZXFRIES RMG—
HIIB MRS T FE

ST




 EREIERE, BI%—0, SHERTS

RTNFEIEMNGE—R
1B N R REE]

WA

1&2& \ *H”EE’\J rﬂ%ﬁl\ﬂ

S INFR~ (distributed representation) /%A (embeddings) ¢



« FMRENEEESNAEXAR
- T EAREE
- EIBRERXAR

SSCAl LA = R R
— (head, relation, tail )

o RFJEMAEE
— WordNet: 185 1R
— Freebase: tH R F11H

A




AR FRENEH R R F > 5)&

AR FRENEET =

— S4%. %ﬁfﬁl_fm.\ I, 5o

AR ENE R SRR A
— ¥IREEFE=Jt4H, RDF, FFSURREBINLE/XE
— FTEBME=MF B SLIRE)1E X B

MREE: FAREERAZRERE )
— LIRFMXRE R ARERE
- BRCGRTMEESELF. XRIERVIENKEK

NApE: FMRIREL, FHHHEIE, MRS




o M EIL (head, relation, tail), IFrelationF M
MheadZEltail B9 F1FHE1E
o LILBFR: h+r=t

born in Mom

P e—

Austin
' _chiId_ofI
Patt*

a
Mlaml JOhl# ne




¢ XTE

- 1L

FMAR R TIEE

/NEE

h+r=t

A

TransE

&1

£ 3L (head, relation, tail), 1Frelation3

Mhead@JtallEl'Jﬁﬂlﬂﬂ'E
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Confidence for Triplet E((Ihs, reI rhs))

A
/@\
Neural !Ihs(rel) rhs(rel)
R Tensor L 1

Network Jle ft( ) g right(' )

el _ _ _
- E E E
lhs rel rhs
1:22 §)ﬂ (e]ele) \ 1 /

(lhs, rel, rhs)
Neural Tensor Network (NTN) Energy Model
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TEIESS : SEET

. Animation
Computer animation
Comedy film

|

2

3

4. Adventure film
5. Science Fiction
6

7

8

9

|

Fantasy
Stop motion
Satire

. Drama

0. Connecting
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_.Translation-based Model

¢
Tensor Factorization (RESCAL)
4 Bilinear Model (SME)
= Projection Matrices (SE)
0 20 40 60 80

Number of parameters (in millions)

100
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Dataset | #Rel #Ent #Train  #Valid  # Test
WNI18 18 40,943 141,442 5,000 5,000
FB15K | 1,345 14,951 483,142 50,000 59,071
WNI11 11 38,696 112,581 2,609 10,544

FB13 13 75,043 316,232 5,908 23,733
FB40K | 1,336 39528 370,648 67,946 96,678




1RE

TransEZ5 1RV B 7=

X HR

o QFETMMEMIEITE S BER

U8 E S IHEE R EERNL

Data Sets WNI11 | FB13 | FB15K

SE 53.0 75.2 -

SME (bilinear) 70.0 63.7 -

SLM 69.9 85.3 -

LFM 73.8 84.3 -

NTN 70.4 87.1 68.5

TransE (unif) 75.9 70.9 79.6

TransE (bern) 75.9 81.5 79.2

TransH (unif)
TransH (bern)

77.7 76.5 79.0
78.8 83.3 80.2

TransR (unif)
TransR (bern)
CTransR (bern)

85.5 74.7 81.7
85.9 82.5 83.9
85.7 - 84.5

14
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o IETransEZ

it =

t
A
h )
\ \
\ V-7
\ _—-=-—7 /
/—(‘ \ /
\ /
// . //',t_y/
// ;‘//’d’l”/’
/ hy R
A -
==-" >
TransH

)\

peE B EN NN PEAL

Ad-

Y,
e
Aol
A

Entity Space

TransR

Relation Space of r

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.

\j
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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 | 35.3 38.2 | 1,074 979 4.5 6.3
RESCAL (Nickel, Tresp, and Kriegel 2011) | 1,180 1,163 | 37.2 52.8 828 683 | 28.4 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 | 71.4 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 | 78.9 92.3 233 82 44 66.3
CTransR (bern) 231 218 [ 794 923 | 199 75 | 484  70.2]

17




B X ARERAIPEAX

+ RHS
— TransA, TransD, TranskE, TransG, TransH, TransR

« Hkx[elRR
— TransEE R BT EANITEZ K FH (1-N. N-1, N-N)
-EBWARE: BXRAXTAPERE, SME

» FBRZDEM (4], EFE) « X&

Mean Rank Hits@1 (%)

Metric

_ o o Amibm;\‘\i Raw Filter | Raw  Filter
T —— | - @ Q\ ! i\/ﬂ\ 7 P(YIX) TransE 3.2 3.0 | 68.9 84.3
A | S A TransH 34 321|677 836

i > rrew = X TrasnR 3.3 3.1 | 673 845
i @@ o —

| . , rewions | | KR-EAR(TransE) | 2.8 25| 692 876
[ g——® N ’ PEX) | + CRA 2.3 20 | 73.7 903

9 KR-EAR(TransR) | 2.6 23 | 660 877
+CRA 20 17| 720 907




HMAR ARG CKR+KGREES
o BT ARFIH 3 B A

o« BTN ENERY ST

_director_of
“writer of
Freebase: (/m/2d3rf /m/3/324

Text: *"Alfred Hitchcock , who wrote and directed, The Birds"
"M. Hitchcock , on the set of the movie The Birds"
"Sir A. Hitchcock , the famous director of The Birds"
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e KG=>TransE, Text=>Word2Vec

o SRE|E K [E]RTEKGHII A b IR AY SE R L =+
{ARY e =

[’AN — Z I[’whEV/\’thV]'[:f(wh”r’ 'U.]t)"‘
(h,rit)EA

I[’whEV] ) Lf(whv T, t) + I[thV] ’ ‘Cf(ha T, wt)

Wang, et al. (2014). Knowledge graph and text jointly embedding. In EMNLP. 21



.

NYT+FB

0.90 T T T '

0.85f

0.80f

0.75f

0.70f

precision

0.65

0.60

— Sm2r (0.67446140565)
— Sm2r+)ointly (0.802071230237)
— Sm2r+Knowledge (0.697899016348)

0'58.0 0.2 0.4 0.6 0.8 1.0
Recall

0.55

22



M AR+KGRE & BRI AX o) R
EANAXRHEBHSE: (NS
e ST AHAD . IR RIS —FR T

I-l)}

ety

[E]

head + relation = tail
: + : - :
o o o
2 2 2
¢ & T 3+ Type Accuracy
. 1 TransE 0.38
© 66 06 6 0 6 0 6 o CNN(We implemented) 0.68
222222222 TransE+CNN 0.74
§$8sssss8se

Zeng, et al. (2014). Relation classification via convolutional deep neural network. COLING.
Santos, et al. (2015). Classifying Relations by Ranking with Convolutional Neural Networks. In ACL..
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* Path Ranking Algorithm

D PRA Path (Comment)

athletePlaysForTeam
athletePlayslnLeague o leaguePlayers e athletePlaysForTeam

» » ¢ (teams with many players in the athlete’s league)
athletePlaysinLeague >o leagueTeams . teamAgainst Team

2 ¢ » » ¢ (teams that play against many teams in the athlete’s league)
athletePlaysInLeague
& athletePlaysSport >C plnym: ¢ athletePlaysinLeague » ¢ (the league that players ofac . belong 10)
-1
4 Byl LRI, ¢ (popular leagues with many players)
athletePlaysSport
isa isa=? athletePlaysSport
5 c=—rc » » ¢ (popular sports of all the athletes)
athletePlaysinLeague - superpartOfOrganization e teamPlaysSport > C (popular B of a certain Imgue)
stadiumLocatedInCity
stadlumHomeTeam . teamHomeStadium y e stadiumLocatedInCity » ¢ (city of the stadium with the )
latitudeLongitude . latitudeLongitudeOf . stadiumLocatedInClty - (Clty of the stadium with the locauon)
teamHomeStadium
9 e > C e » ¢ (stadiums located in the same city with the query team)
10 ¢ —amiember, o e y ¢ —ambomeSadion, ¢ (home stadium of teams which share players with the query)
teamPlaysInCity
. P (city of the team’s home stadium)
12 ¢ teamHomeStadium »e stadiumHomeTeam >c teamPlaysInCity ’ e (City of with the home fium as thequery)
teamPlaysInLeague
13 ¢ —amPavseon, . plves, o SthiecPlavenlowe, e (the league that the query team’s members belong to)
14 ¢ —amPlaysigansfoas |, o SoamPlaysinleasie , ¢ (the league that the query team’s competing team belongs t0)
teamPlaysSport
-1
15 4=y o, o JADTYSROT, ¢ (sports played by many teams)
16 . e IR e R i L) (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. 25



e Recursive Neural Network (RNN)

OIIII1T] CountryOfHeadquarters
O

T

Compositon

/

oo

T

Compositon

7 T

oo oI

@ IsBasedin _,}O StateLocatedin "\ .\ CountryLocatedin >

Neelakantan, et al. (2015). Compositional Vector Space Models for Knowledge Base Completion. ACL. 2%



TransE PTransE

KB | ——t h e 2 ey

S , S
,T1,€ e1,79,1

Triples (h,r,t) (h,71,€1) (€1, m2,)

(Rjdlom2)

~
h+r,=e e +ry=t

Objectives | 1 1 — ¢ R

Lin, et al. (2015). Modeling Relation Paths for Representation Learning of Knowledge Bases. EMNLP. 27



+ RRBENRR: HEEX
» ADD, MULTIPLY, RNN

QO0O)

T

[Composmon

Steve BorniInCity San CityInState Californi StatelnCountry United
Jobs Francisco e State

Gardner, et al. (2013). Improving learning and inference in a large knowledge-base using latent syntactic cues.
EMNLP. -




PEMZE R . Se{RFam|

Metric Mean Rank | Hits@10 (%)

Raw Filter | Raw  Filter

RESCAL 828 683 | 284 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 | 47.9 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 | 514 184.6

+35%

Lin, et al. (2015). Modeling Relation Paths for Representation Learning of Knowledge Bases. EMNLP. 29



PENZER: AT

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

TransE 2.8 2.5 | 65.1 84.3
+Rev 2.6 2.3 | 67.1 86.7
+Rev+Path 2.4 1.9 | 65.2 89.0
PTransE (ADD, 2-step) 1.7 1.2 | 695 936
-TransE 135.8 1353 | 514 78.0
-Path 2.0 1.6 | 69.7 89.0
PTransE (MUL, 2-step) 2.5 2.0 | 66.3 89.0
PTransE (RNN, 2-step) 1.9 1.4 | 68.3 93.2
PTransE (ADD, 3-step) 1.8 1.4 | 68.5 94.0

+10%
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KRB RERTHIHE AR ]

» WA SR RIBIEREIEXR
- B AT X A

Country United
States I_“H :EI
7/
(e

5, 5%, %xH)

4

se Region Official Language (E@ E —-D--] , /\Et' , ;ﬁt E A)
Norway

— EEXRTEM

o W IFHIFRRKRZIBNEZEE X R
— AEIBENHERY: RNN. NTN. ..

A : QA (Guy, etal. 2015)

Guu, et al. Traversing Knowledge Graphs in Vector Space. EMNLP 2015.




* TransE\ TransH. TransR. PTransE
— https://github.com/mrlyk423/relation_extraction

o FFFEAMEZFNN

Mrlyk423 / Relation_Extraction

AT S RE

@ Watch 8 Y Star 38 Y Fork 21

AAAI2015 Learning Entity and Relation Embeddings for Knowledge Graph Completion

10 commits

¥ branch: master v

1 branch

Relation_Extraction / +

Add data download link.
lyk423 authored on 2 Mar

Ba CTransR

B8 TransE

8 TransH

B8 TransR

B cluster

2 .DS_Store

B README.md

B makefile

Add source code of TransR and CTransR.
Add data download link.

Add trainning code of TransH

Add data download link.

Add source code of TransR and CTransR.
Add data download link.

Add data download link.

Add source code of TransR and CTransR.

<> Code
0 releases Fetching contributors
@ Issues
= { Pull requests
latest commit a72d562841 [ 4~ Pulse
5 months ago fuli Graphs

2 months ago

3 months ago HTTPS clone URL
https://github.cor | B
2 months ago
You can clone with HTTPS or
5 months ago Subversion. @
2 months ago (@ Clone in Desktop
2months ago &> Download ZIP

5 months ago
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http://nlp.csai.tsinghua.edu.cn/~lzy

liuzy@tsinghua.edu.cn
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