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Relation Extraction



Knowledge Graph



Entities

• Common Types 

• NIL 

• Person 

• Organization 

• Location 

• country 

• state 

• city 

• Numbers/Date

• You can have different ontology 

• more fine-grain types 

• Common nouns (common sense) 

• Classifiers is called “Named Entities 
Recognizer” (NER) 

• Features 

• POS tagging 

• Lexicon dictionary (gazetteer) 

• word embedding or topic models



Relations

• Brendan born in USA 

• Brendan traveled to Pittsburgh 

• Brendan likes Amherst 

• Brendan thinks midterm is hard

Relation Extraction

Sentiment Extraction

Belief Extraction

Event Extraction

Brendan, birthplace, USA
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Tech pioneer Bill Gates 
stepped down today as chief 
executive officer of 
Microsoft, the Seattle-
headquartered software 
giant. Gates will now focus 
on the charitable foundation 
he runs with his wife 
Melinda Gates.
Gates moved his family into 
their 55,000-square-foot, 
$54 million house on the 
shore of Lake Washington, 
just outside Seattle.
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Melinda 
Gates

Bill Gates

Seattle

Microsoft
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Melinda 
Gates

Bill Gates

Seattle

Microsoft

Edges = 
{ 
spouse, 
located in, 
lives in, 
founded 
is married to, 
became the CEO of, 
is headquartered in, 
helped to start, 
resides in the city of, 
…. 
…. 

}
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Research Questions

• How to extract relations? 

• Relation Extraction 

• How to perform reasoning on relations? 

• Knowledge Base Completion 

• What can be qualified as a relation? 

• Schema/Ontology Definition



Challenges in Relation Extraction

• The problem could be very general 

• Many different relations 

• Many ways to expressing one relation in different context 

• Hard to get annotated data 

• Hard to get training data  

• Hard to evaluate the results completely 

• Unlabeled data: Missing positive or False?



Challenges in Relation Extraction

• Different ways of defining what is correct 

• Correct in reality, correct in author’s belief,  
probably correct? 

• Error propagation at different stages 

• Entity detection: F1 0.8~0.9 

• Entity Linking: F1 0.5~0.6 

• Relation Extraction: F1 0.2~0.3



Neural Networks



end with schairs

Noun

Naive Bayes

comfortable end with s

Adj

……

HMM

end with schairs

Noun

Logistic  
Regression

comfortable end with s

Adj

……

CRF

Or any 
other tags



Discrete Model

• Input/output: 
• sequence/sequence  

• The feature is discrete 
• f(x): [0, …, 1, 0, …] 
• x:    […, chairs, …] 

• The state is discrete

….. …..

Noun

Adj

y=Adj P(y=Adj)

V

1

0

0

0.5

0.2

0.1



chairs

……

……
word 

embedding

……

comfortable

……

……

Noun

Adj

V

Neural Networks

LSTM 
GRU 
CNN 

…
{



Continuous State Transition

• We can extend the size of the state to model longer 
dependency

Words with similar meaning

Traverse the state space similarly …

…
v1

v2 v3
v1
v2

v3



Applications of Sequence Learning

• Tags 

• POS tag 

• Dependency tags 

• Entity types 

• Event types 

• Words 

• Other language 

• …

• Applications 

• POS tagging 

• Dependency parsing 

• Entity detection 

• Event detection 

• Language modeling 

• Translation 

• …



How Discriminative you want?

• Model flexibility: 

• HMM<CRF<LSTM 

• Number of parameters: 

• HMM<CRF<LSTM 

• Performance (give sufficient data): 

• HMM<CRF<LSTM

• Interpretability: 

• HMM>CRF>LSTM 

• Optimization easiness 

• HMM>CRF>LSTM 

• Robustness against Overfitting 

• HMM>CRF>LSTM



Training Data 
External Resources

Model 
Feature Engineering

Prediction

Prior knowledge 
of the problem

Constraints and Problems

Trying many models? 
Getting more data? 

Describing precisely??



Matrix Factorization



Interpretations of Word Embedding
Unsupervised learning

words

documents ~=

words

topics

documents

topics
estimate

infer

• Word similarity  
• documents -> short context, semantic -> syntax 

• Document similarity 
• Topic modeling (LSA)



Structure on Interactions

words near word (context)

words documents

users documents

entity pairs relations

key words documents

entities near entities



Applications

words near word (context)

words documents

users documents

entity pairs relations

key words documents

entities near entities

word embedding

topic modeling

summarization

recommendation

coreference

relation extraction



Matrix Factorization plus Neural Networks

word 
embedd

…

…

…

…

…

LSTM 
GRU 
CNN 

words

Sentence 
Embedding

sentence

users
entity pairs



An example



Universal Schema

• How to extract relations? 

• Neural Network (LSTM) 

• How to perform reasoning on relations? 

• Matrix Factorization 

• What can be qualified as a relation? 

• Everything could be a schema



KB

Wei Li studies at Xinghua U. 
Her 2008 publications include 
W. Li. “Scalable NLP” ACL, 2008.

Entity 
Extraction 

(NER)

Resolution 
(Coref)

Xinghua U.

Text 
docs

   Entity 
   Mentions

   Entities, 
   Relations

   Relation 
   Mentions

Wei Li 
W. Li 

Xinghua U.

Member( 
Wei Li,  

Xinghua U.)

Wei Li 
W. Li 

Xinghua U.

Text 
docs

Text 
docs

(PER)

(PER)

(ORG)

Knowledge Base (KB) Construction
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Relation 
Extraction

Wei Li, Member, 
______? 

…
Queries



KB

Wei Li studies at Xinghua U. 
Her 2008 publications include 
W. Li. “Scalable NLP” ACL, 2008.

Entity 
Extraction

Resolution 
(Coref)

query

answer

Text 
docs

   Entity 
   Mentions

   Entities, 
   Relations

   Relation 
   Mentions

Wei Li 
W. Li 

Xinghua U.

Wei Li 
W. Li 

Xinghua U.

Text 
docs

Text 
docs
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Relation Extraction
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Compositional 
Universal Schema

Verga, P., Belanger, D., Strubell, E., Roth, B., and McCallum, A. (2016). Multilingual 
relation extraction using compositional universal schema. In Annual Conference of the 
North American Chapter of the Association for Computational Linguistics (NAACL).
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for which similarity is difficult to be captured by an Ope-
nIE approach because of their syntactically complex con-
structions. This motivates the technique in Section 3.2,
which uses a deep architecture applied to raw tokens, in-
stead of rigid rules for normalizing text to obtain patterns.

Sentence (context tokens italicized) OpenIE pattern
Khan ’s younger sister, Annapurna
Devi, who later married Shankar, de-
veloped into an equally accomplished
master of the surbahar, but custom pre-
vented her from performing in public.

arg1’s * sister
arg2

A professor emeritus at Yale, Mandel-
brot was born in Poland but as a child
moved with his family to Paris where
he was educated.

arg1 * moved with
* family to arg2

Kissel was born in Provo, Utah, but
her family also lived in Reno.

arg1 * lived in
arg2

Table 1: Examples of sentences expressing relations.
Context tokens (italicized) consist of the text occurring
between entities (bold) in a sentence. OpenIE patterns are
obtained by normalizing the context tokens using hand-
coded rules. The top example expresses the per:siblings
relation and the bottom two examples both express the
per:cities of residence relation.

2.4 Universal Schema
When applying Universal Schema (Riedel et al., 2013)
(USchema) to relation extraction, we combine the Ope-
nIE and link-prediction perspectives. By jointly mod-
eling both OpenIE patterns and the elements of a target
schema, the method captures broader relational structure
than multi-class classification approaches that just model
the target schema. Furthermore, the method avoids the
distant supervision alignment difficulties of Section 2.2.

Riedel et al. (2013) augment a knowledge graph from
a seed KB with additional edges corresponding to Ope-
nIE patterns observed in the corpus. Even if the user does
not seek to predict these new edges, a joint model over all
edges can exploit regularities of the OpenIE edges to im-
prove modeling of the labels from the target schema.

The data still consist of (s, r, o) triples, which can be
predicted using link-prediction techniques such as low-
rank factorization. Riedel et al. (2013) explore a variety
of approximations to the 3-mode (s, r, o) tensor. One
such probabilistic model is:

P ((s, r, o)) = �

�
u

>
s,o

v

r

�
, (1)

where �() is a sigmoid function, u
s,o

is an embedding
of the entity pair (s, o), and v

r

is an embedding of the
relation r, which may be an OpenIE pattern or a rela-
tion from the target schema. All of the exposition and re-
sults in this paper use this factorization, though many of
the techniques we present later could be applied easily to

the other factorizations described in Riedel et al. (2013).
Note that learning unique embeddings for OpenIE rela-
tions does not guarantee that similar patterns, such as the
final two in Table 1, will be embedded similarly.

As with most of the techniques in Section 2.1, the data
only consist of positive examples of edges. The absence
of an annotated edge does not imply that the edge is false.
In fact, we seek to predict some of these missing edges as
true. Riedel et al. (2013) employ the Bayesian Person-
alized Ranking (BPR) approach of Rendle et al. (2009),
which does not explicitly model unobserved edges as
negative, but instead seeks to rank the probability of ob-
served triples above unobserved triples.

Recently, Toutanova et al. (2015) extended USchema
to not learn individual pattern embeddings v

r

, but instead
to embed text patterns using a deep architecture applied
to word tokens. This shares statistical strength between
OpenIE patterns with similar words. We leverage this ap-
proach in Section 3.2. Additional work has modeled the
regularities of multi-hop paths through knowledge graph
augmented with text patterns (Lao et al., 2011; Lao et al.,
2012; Gardner et al., 2014; Neelakantan et al., 2015).

2.5 Multilingual Embeddings
Much work has been done on multilingual word embed-
dings. Most of this work uses aligned sentences from
the Europarl dataset (Koehn, 2005) to align word embed-
dings across languages (Gouws et al., 2015; Luong et al.,
2015; Hermann and Blunsom, 2014). Others (Mikolov
et al., 2013; Faruqui et al., 2014) align separate single-
language embedding models using a word-level dictio-
nary. Mikolov et al. (2013) use translation pairs to learn
a linear transform from one embedding space to another.

However, very little work exists on multilingual re-
lation extraction. Faruqui and Kumar (2015) perform
multilingual OpenIE relation extraction by projecting all
languages to English using Google translate. However,
as explained in Section 2.3 the OpenIE paradigm is not
amenable to prediction within a fixed schema. Further,
their approach does not generalize to low-resource lan-
guages where translation is unavailable – while we use
translation dictionaries to improve our results, our experi-
ments demonstrate that our method is effective even with-
out this resource.

3 Methods
3.1 Universal Schema as Sentence Classifier
Similar to many link prediction approaches, (Riedel et al.,
2013) perform transductive learning, where a model is
learned jointly over train and test data. Predictions are
made by using the model to identify edges that were un-
observed in the test data but likely to be true. The ap-
proach is vulnerable to the cold start problem in collab-

Relation Types
structured textual 50k columns
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for which similarity is difficult to be captured by an Ope-
nIE approach because of their syntactically complex con-
structions. This motivates the technique in Section 3.2,
which uses a deep architecture applied to raw tokens, in-
stead of rigid rules for normalizing text to obtain patterns.

Sentence (context tokens italicized) OpenIE pattern
Khan ’s younger sister, Annapurna
Devi, who later married Shankar, de-
veloped into an equally accomplished
master of the surbahar, but custom pre-
vented her from performing in public.

arg1’s * sister
arg2

A professor emeritus at Yale, Mandel-
brot was born in Poland but as a child
moved with his family to Paris where
he was educated.

arg1 * moved with
* family to arg2

Kissel was born in Provo, Utah, but
her family also lived in Reno.

arg1 * lived in
arg2

Table 1: Examples of sentences expressing relations.
Context tokens (italicized) consist of the text occurring
between entities (bold) in a sentence. OpenIE patterns are
obtained by normalizing the context tokens using hand-
coded rules. The top example expresses the per:siblings
relation and the bottom two examples both express the
per:cities of residence relation.

2.4 Universal Schema
When applying Universal Schema (Riedel et al., 2013)
(USchema) to relation extraction, we combine the Ope-
nIE and link-prediction perspectives. By jointly mod-
eling both OpenIE patterns and the elements of a target
schema, the method captures broader relational structure
than multi-class classification approaches that just model
the target schema. Furthermore, the method avoids the
distant supervision alignment difficulties of Section 2.2.

Riedel et al. (2013) augment a knowledge graph from
a seed KB with additional edges corresponding to Ope-
nIE patterns observed in the corpus. Even if the user does
not seek to predict these new edges, a joint model over all
edges can exploit regularities of the OpenIE edges to im-
prove modeling of the labels from the target schema.

The data still consist of (s, r, o) triples, which can be
predicted using link-prediction techniques such as low-
rank factorization. Riedel et al. (2013) explore a variety
of approximations to the 3-mode (s, r, o) tensor. One
such probabilistic model is:

P ((s, r, o)) = �

�
u

>
s,o

v

r

�
, (1)

where �() is a sigmoid function, u
s,o

is an embedding
of the entity pair (s, o), and v

r

is an embedding of the
relation r, which may be an OpenIE pattern or a rela-
tion from the target schema. All of the exposition and re-
sults in this paper use this factorization, though many of
the techniques we present later could be applied easily to

the other factorizations described in Riedel et al. (2013).
Note that learning unique embeddings for OpenIE rela-
tions does not guarantee that similar patterns, such as the
final two in Table 1, will be embedded similarly.

As with most of the techniques in Section 2.1, the data
only consist of positive examples of edges. The absence
of an annotated edge does not imply that the edge is false.
In fact, we seek to predict some of these missing edges as
true. Riedel et al. (2013) employ the Bayesian Person-
alized Ranking (BPR) approach of Rendle et al. (2009),
which does not explicitly model unobserved edges as
negative, but instead seeks to rank the probability of ob-
served triples above unobserved triples.

Recently, Toutanova et al. (2015) extended USchema
to not learn individual pattern embeddings v

r

, but instead
to embed text patterns using a deep architecture applied
to word tokens. This shares statistical strength between
OpenIE patterns with similar words. We leverage this ap-
proach in Section 3.2. Additional work has modeled the
regularities of multi-hop paths through knowledge graph
augmented with text patterns (Lao et al., 2011; Lao et al.,
2012; Gardner et al., 2014; Neelakantan et al., 2015).

2.5 Multilingual Embeddings
Much work has been done on multilingual word embed-
dings. Most of this work uses aligned sentences from
the Europarl dataset (Koehn, 2005) to align word embed-
dings across languages (Gouws et al., 2015; Luong et al.,
2015; Hermann and Blunsom, 2014). Others (Mikolov
et al., 2013; Faruqui et al., 2014) align separate single-
language embedding models using a word-level dictio-
nary. Mikolov et al. (2013) use translation pairs to learn
a linear transform from one embedding space to another.

However, very little work exists on multilingual re-
lation extraction. Faruqui and Kumar (2015) perform
multilingual OpenIE relation extraction by projecting all
languages to English using Google translate. However,
as explained in Section 2.3 the OpenIE paradigm is not
amenable to prediction within a fixed schema. Further,
their approach does not generalize to low-resource lan-
guages where translation is unavailable – while we use
translation dictionaries to improve our results, our experi-
ments demonstrate that our method is effective even with-
out this resource.

3 Methods
3.1 Universal Schema as Sentence Classifier
Similar to many link prediction approaches, (Riedel et al.,
2013) perform transductive learning, where a model is
learned jointly over train and test data. Predictions are
made by using the model to identify edges that were un-
observed in the test data but likely to be true. The ap-
proach is vulnerable to the cold start problem in collab-
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Tech pioneer Bill Gates 
stepped down today as chief 
executive officer of 
Microsoft, the Seattle-
headquartered software 
giant. His long-time friend, 
Steve Balmer, will take over 
as CEO of Microsoft.  Gates 
will now focus on the 
charitable foundation he 
runs with his wife Melinda 
French Gates. Bill and 
Melinda were married in a 
ceremony in Hawaii, rather 
than her hometown of Dallas.
Gates moved his family into 
their 55,000-square-foot, 
$54 million house on the 
shore of Lake Washington, 
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37



January 15, 2000

Tech pioneer Bill Gates 
stepped down today as chief 
executive officer of 
Microsoft, the Seattle-
headquartered software 
giant. His long-time friend, 
Steve Balmer, will take over 
as CEO of Microsoft.  Gates 
will now focus on the 
charitable foundation he 
runs with his wife Melinda 
French Gates. Bill and 
Melinda were married in a 
ceremony in Hawaii, rather 
than her hometown of Dallas.
Gates moved his family into 
their 55,000-square-foot, 
$54 million house on the 
shore of Lake Washington, 
just outside Seattle.

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

Gates moved his family into their 55,000-
square-foot, $54 million house on the shore 
of Lake Washington, just outside Seattle.
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January 15, 2000

Tech pioneer Bill Gates 
stepped down today as chief 
executive officer of 
Microsoft, the Seattle-
headquartered software 
giant. His long-time friend, 
Steve Balmer, will take over 
as CEO of Microsoft.  Gates 
will now focus on the 
charitable foundation he 
runs with his wife Melinda 
French Gates. Bill and 
Melinda were married in a 
ceremony in Hawaii, rather 
than her hometown of Dallas.
Gates moved his family into 
their 55,000-square-foot, 
$54 million house on the 
shore of Lake Washington, 
just outside Seattle.
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January 15, 2000

Tech pioneer Bill Gates 
stepped down today as chief 
executive officer of 
Microsoft, the Seattle-
headquartered software 
giant. His long-time friend, 
Steve Balmer, will take over 
as CEO of Microsoft.  Gates 
will now focus on the 
charitable foundation he 
runs with his wife Melinda 
French Gates. Bill and 
Melinda were married in a 
ceremony in Hawaii, rather 
than her hometown of Dallas.
Gates moved his family into 
their 55,000-square-foot, 
$54 million house on the 
shore of Lake Washington, 
just outside Seattle.
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Joe NewEntity worked with 
his wife Jane NewEntity on 
relation extraction.

Joe
Jane

Joe NewEntity worked with 
his wife Jane NewEntity on 
relation extraction.
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Joe NewEntity worked with 
his wife Jane NewEntity on 
relation extraction.
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Joe NewEntity worked with 
his wife Jane NewEntity on 
relation extraction.
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Joe Jane

Joe NewEntity worked with 
his wife Jane NewEntity on 
relation extraction.
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Conclusions

• Relation extraction is one step further toward 
bridging the gap between text and knowledge 

• Neural networks are powerful, but data is usually 
the bottleneck in relation extraction 

• Matrix factorization can alleviate the requirements 
of large amount of annotations 

• Universal Schema is an example of combining 
complex methods to solve complex problem
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Multilingual Universal Schema

Relation Types
structured English  

textual

Spanish  

textual



CE
O 

ch
air

m
an

 
pr

es
id

en
t 

lea
de

r-o
f 

he
ad

-o
f 

m
ar

rie
d-

to
 

HQ
-in

Steve, Microsoft

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r
Bill, Microsoft

Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or

49

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

LSTM

CE
O 

ch
air

m
an

 
pr

es
id

en
t 

lea
de

r-o
f 

he
ad

-o
f 

m
ar

rie
d-

to
 

HQ
-in

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or



Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

 50

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

 5050

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

LSTM

CE
O 

ch
air

m
an

 
pr

es
id

en
t 

lea
de

r-o
f 

he
ad

-o
f 

m
ar

rie
d-

to
 

HQ
-in

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or

##############



Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

 51

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

 51

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

 51

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

LSTM

CE
O 

ch
air

m
an

 
pr

es
id

en
t 

lea
de

r-o
f 

he
ad

-o
f 

m
ar

rie
d-

to
 

HQ
-in

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embedding
distributed
representation

of
semantics

learned
parameters

#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

LSTM

CE
O 

ch
air

m
an

 
pr

es
id

en
t 

lea
de

r-o
f 

he
ad

-o
f 

m
ar

rie
d-

to
 

HQ
-in

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or



52

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

LSTM
CE

O 
ch

air
m

an
 

pr
es

id
en

t 
lea

de
r-o

f 
he

ad
-o

f 
m

ar
rie

d-
to

 
HQ

-in

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or

Melinda, 

Bill

Entity pair Relation

Michelle, 
Obama

spouse

married to

esposa



##
##

##resident

##
##

##
##

##
##

esposaspouse

##
##

##

cat

##
##

##

married

##
##

##

resident

##
##

##

presidente

##
##

##

casado

##
##

##

gato

53

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

LSTM
CE

O 
ch

air
m

an
 

pr
es

id
en

t 
lea

de
r-o

f 
he

ad
-o

f 
m

ar
rie

d-
to

 
HQ

-in

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or



54

##
##

##

##
##

##

esposa

spouse

##
##

##

cat

##
##

##

married

##
##

##

resident

##
##

##

casado

##
##

##

gato

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

LSTM
CE

O 
ch

air
m

an
 

pr
es

id
en

t 
lea

de
r-o

f 
he

ad
-o

f 
m

ar
rie

d-
to

 
HQ

-in

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or

##
##

##

presidente



55
##

##
## ##
##

##

esposa
spouse

##
##

##

cat

##
##

##

married

##
##

##

presidente

##
##

##

casado

##
##

##

gato

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

LSTM
CE

O 
ch

air
m

an
 

pr
es

id
en

t 
lea

de
r-o

f 
he

ad
-o

f 
m

ar
rie

d-
to

 
HQ

-in

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or

##
##

##

resident



##
##

##
##

##
##

esposaspouse

##
##

##

cat

##
##

##

married

##
##

##

casado

##
##

##

gato ##
##

##

spouse / esposa

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

LSTM
CE

O 
ch

air
m

an
 

pr
es

id
en

t 
lea

de
r-o

f 
he

ad
-o

f 
m

ar
rie

d-
to

 
HQ

-in

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or

##
##

##

resident

##
##

##

presidente



##
##

##

spouse / esposa

##
##

##

cat

##
##

##

married

##
##

##

casado

##
##

##

gato

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

##############

##
##

##
#

##
##

##
#

##
##

##
#

Steve, Microsoft

Bill, Microsoft
Bill, Steve

Melinda, Bill
Microsoft, Seattle

Melinda, Dallas

Bill, Seattle
Obama, Michelle

Obama, US

vector
embeddin
distribute
representati

of
semanti
learned
paramete
#######

~x

~y

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

##
##

##
#

#######

##
##

##
#

#######

##
##

##
#

LSTM
CE

O 
ch

air
m

an
 

pr
es

id
en

t 
lea

de
r-o

f 
he

ad
-o

f 
m

ar
rie

d-
to

 
HQ

-in

sp
ou

se
 

bo
rn

-in
 

fri
en

d
pe

r:c
o-

wo
rk

er
 

pe
r:l

ive
s-

in
 

or
g:t

op
-m

em
be

rs
 

or
g:m

em
be

r

es
po

sa
  

pr
es

id
en

te
  

viv
e e

n 
re

sid
en

te
  

fu
nd

ad
or

##
##

##

resident

##
##

##

presidente


