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Problem: Relation Extraction

ideitifying relations between named entities
motivation:

Freebase isincomplete

Missing Facts: placeOfBirth attribute is missing for 71% of the
people (Dong et al., 2014)

Missing Entities: Contains no information about UCL. Machine
Reading Lab

Missing Relations: May contain profAt (John Shawe-Taylor,
UCL) butnotgivesLecturesAt (John Shawe-Taylor, UCL)
Machine reading and reasoning to the rescue!
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[Riedel+ 13]

Petrie, UCL
Ferguson, Harvard
Andrew, Cambridge

Trevelyan, Cambridge
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Textual Patterns Freebas e

« rows: entity-pairs of interest

« cols: textual patterns + Freebase relations
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[Riedel+ 13]

Petrie, UCL 0.06/0.97/0.93/0.07|0.96 Vp

Ferguson, Harvard |0.93/0.94/0.03 0.06 0.88 Vp,

Andrew, Cambridge 0.00/0.95/0.10/0.95/0.76 Vps

Trevelyan, Cambridge |0.96/0.03 0.00 0.06 0.96 Vps

(VY VI R VR T € Rk

+ matrix Factorization = low-rank embedding
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Approach 1: Matrix Factorization
(Low-rank Embedding)

v’ generalization

v tractable (computation is easy)
X hard to fix mistakes

X data sparsity
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Approach 2: Logical Inference
(Rule-based)

v/ easy to modify and improve

v/ data sparsity

v’ easy to fix mistakes

X generalization

X intractable (e.g. Markov Logic Networks)
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rhrewc

« matrix factorization (low-rank embedding) IC logical
inference ZfHAIAL

Evidence Sparse Training Matrix Low-rank Logic Embeddings Completed Matrix
IR| k IR|

—

Facts

> Pl

)
‘ Vx,y : co-founder—of(z,y) = company/founders(y,z)
Va,y : review-by(z,y) = author/works written(y,z)
) Vx,y : daughter—of(z,y) = person/parents(z,y)

First-order

i (R e [P
i

Formulae
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Research Questions

+ How to inject logical background knowledge into
embedding?

+ Does injection of logic formulae into the embeddings of
entity-pairs and lelations provide any benefits?

« ITHIDERIC FOL TENMNICHBZBATEHIET

EDREFABEIA LT ZH?
« T—Y DERMEICK U THEED?

o TS5 OIERIREZERZ 2FFICHE > TUL
BhH\?

3/4



Table of Contents

Notation



Notation [1]

« (constant) ::=¢;,¢; €&
« named entities
« e.g. NOLAN
« (predicate) ::=r,, € R
« binary relations between the entities

1. textual patterns (e.g. #2-co-founder-of-#1)
2. Freebase relations (e.g. company/founders)

o (term) ::= (constant) | (varriable)
« using function-free first-order logic

« no function symbols
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Notation [2]

 (ground atom) ::=ry(e;, €;)
« predicates applied to constants

e.g. directorOf(NOLAN, INTERSTELLAR)

=
Il

{rm(ei, ej)}: possible world
a set of ground atoms

=training data
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MF: Matrix Factorization
« {0, )PHIRE fTF &, RIPHE 1751 & REIRI D175 D
BICHET S
+ training data
oW = {rm(e,-, e_/)}: possible world
+ model to learn
e V= {v(ei,ej)} U {v,, }: model
* Ve, € RF: entity pair (er,¢;) DT N ILRIR
. v, € RF:relationr, DX7 ~LERER
+ objective function

powVy= || o0n v [] (1=00mn V)

rm(eiej)EW rm(eiej)gW
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Pre: Pre-Factorization Inference

1. N\L—Z YU F7—%7%, logical formulae [CfE> THLFE
+ logical formula: e.g. Yx,y : rg(x,y) = ri(x,y)

2. 1T
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Joint: Joint Optimization

« F
+ alogical formula
* 5
+ atraining set of logical formulae

1. ground atoms (facts)
2. logical background knowledge
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Objective Function

min ;ﬂ[f]) 43
€ veV

« [F1:=pIV)
« the marginal probability that the formula ¥ is true
under the model

« FXTIE p(w|V) EELEH
« L(FD = —log([F ]
optimize using AdaGrad — We need to calculate
+ the marginal probabilities [F]
« the gradients of the losses d L([F])/dv
forevery ¥ € &
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c [Fl=

Ground Atom

« if F =rp(ei,ej) then

O-(Vrm : V(e,:,e_,-))

8[]:]/8"(6,',63') = [‘7:]
olF]/0vr,, = [f]
aﬁ([f])/av(ei,ej) =

OL(F])/0Vr,, = —

2
3)
“4)
&)
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Logical “And” (A Set of Ground Atoms)

« [AAB] =[A][B]
« provided both formula concern non-overlapping
sets of ground atoms
s ERODHZHER>EVICRBESICATNIE
A
e ifF =F A--- AF,then
* [F1 = llgerl¥il
« LUF)D = Xrer LUAFD
- DR,
. BN = BB | T RE ground atoms DES
« EFTILV ICNT BFRER O FKEMES = HEXZ
729 ground atom DT SHEX
(T, Viere))) DR
EEZD
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Complex Logical Formulae

Negation
o [FA]l=1-[A]

Other Logical Connectives (A,— ZF\\T)
¢ [AVB]=[~(AAB)]=[A]+[8]-[A]B]
e [A = B]l=[AVB]=---=[AI(B]-1 +1

Universal Quantifier
« ifF =Vx,ye & :G(x,y) then

c [Fl=[Vx,y €& :G(x,y)] = [Aryes G(X,¥)]

More Complex Logical Formulae

M k7 BIRRIC B

7/41



“Implications”

s ifF =Vx,ye & :ry(x,y) = ri(x,y)
o Fij = rs(ei,e)) = riei,e))

* [F1=TeepeplFijl

o LAFD = Xeseper LUAF;]

[Fijl = [rs(eis e5)] ([rs(eise)] = 1) +1 (6)

% = —[Fij] 7  (Ire(es, )] — 1) W
Pal) — (e e )
o7h _ —[Fig] 7t ([re(es, e5)] — 1) Olrs(eir e5)]

e, e; ey e
Olre(ei; €5)]

~ ) e )]

®)
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Data

knowledge base completion of Freebase [Bollacker+ 08] with
textual data from the NYTimes corpus [Sandhaus 08]

¢« R

+ 151 Freebase relations

« 3,960 textual (surface) patterns
s PCEXSE

+ 41,913 entity-pairs of interest
«s RXP

+ 118,781 training facts

« including 7,293 Freebase relations (alignments
between entity-pairs and Freebase relations)
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Extract Background Knowledge

1. 2HET7—% T

2. INRTD (rg,r,) € RXxR (212U 1, & Freebase
relation) (ICDWT [V(eie)) € Prs(eiej)) = ry(eie))]
ZEE

3. kL1000 SFHTI6HET I IVT

Formula Score
Vz,y: #2-unit-of-#1(z,y) = org/parent/child(z,y) 0.97
Ve,y: #2-city-of-#1(z,y) = location/containedby(z,y) 0.97
Vz,y:#2-minister—#1(z,y) = person/nationality(z,y) 0.97
Vz,y : #2—-executive-#1(z,y) = person/company(z,y) 0.96

Vz,y : #2-co-founder—of-#1(z,y) = company/founders(y,z) 0.96

Table 1: Sample Extracted Formulae: Top implica-



Metric

(weighted) mean average precision (MAP, wMAP) on
manually annotated predictions for Freebase relations
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1. Zero-shot Relation Learning

« FreebaserelationsC RxEXEZXZINTEL T, HTS
« background knowledge [&f& >
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Relation # MF Inf Post Pre Joint
person/company 102 | 0.07 0.03 0.15 031 0.35
location/containedby 72 1003 006 0.14 022 031
author/works_written 27 |0.02 0.05 0.18 031 027
person/nationality 25 | 001 019 0.09 0.15 0.19
parent/child 19 | 0.01 0.01 048 066 0.75
person/place_of_birth 18 | 001 043 040 056 0.59
person/place_of _death 18 | 001 024 023 027 023
neighborhood/neighborhood of 11 | 0.00 0.00 0.60 0.63 0.65
person/parents 6 0.00 0.17 0.19 037 0.65
company/founders 4 0.00 0.25 0.13 037 0.77
film/directed_by 2 0.00 050 050 036 0.51
film/produced by 1 0.00 1.00 100 100 100
MAP 001 023 034 043 0.52
Weighted MAP 0.03 010 021 033 0.38

Table 2: Zero-shot Relation Learning: Average and
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2. Relations with Few Distant Labels

« FreebaserelationsCRxEXxEZ—FLEL T, HTHS

« NL—Z=Z> %57 —% & U TED Freebase relations
(distant labels) DEIGZZb=E 3
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wMAP

o .
0 0.1 0.2 0.3 0.4 0.5

Fraction of Freebase training facts

Figure 2: Relations with Few Distant Labels:
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3. Comparison on Complete Data

+ FreebaserelationsC RxEXE X I NTHES

« JC1THAZE [Riedel+ 13] D matrix factorization model “F”
& DMERELLER

« 722U [Riedel+ 131 5D TH-EHRBW EFILTH S
“NF” ¥° “NFE” & [FHEBIE LT LR LY
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4. Analysis of Asymmetry in the
Predictions

« FB(CHF U2 logical formulae (TR T
Yx,y:rg(x,y) = ri(x,y) DI

c BFEINCETIER = OIFERMEERZI STV
SH7?

¢ Joint [ FI’ASENTVWBLSICRZS

| MF Pre Joint
[Vx,y:rs(x,y) = ri(x,y)] | 0.94 0.96 0.97
[Vx,y:ri(x,y) = rs(x,y)] | 0.81 0.83 0.49
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