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what is Paraphrase?

wealthy richword

the king’s speech His Majesty’s addressphrase

 … the forced resignation 
of the CEO of Boeing, 

Harry Stonecipher, for …
sentence

… after Boeing Co. Chief 
Executive Harry Stonecipher 
was ousted from …

“sentences or phrases that convey approximately the same 
meaning using different words” — (Bhagat & Hovy, 2013)

Rahul	Bhagat	and	Ed	Hovy.	“What	Is	a	Paraphrase?”.	Computa>onal	Linguis>cs	(2013)		



 … the forced resignation 
of the CEO of Boeing, 

Harry Stonecipher, for …

… after Boeing Co. Chief 
Executive Harry Stonecipher 
was ousted from …

Who is the CEO stepping down from Boeing?

e.g. Question Answering

What’s good about Paraphrases ?
fundamentally useful for a wide range of applications



 … the forced resignation 
of the CEO of Boeing, 

Harry Stonecipher, for …

… after Boeing Co. Chief 
Executive Harry Stonecipher 
was ousted from …

Question
Answering

match

Who is the CEO stepping down from Boeing?

What’s good about Paraphrases ?

e.g. Question Answering

fundamentally useful for a wide range of applications



(courtesy:	Salim	Roukos)	



Wei	Xu,	Chris	Callison-Burch,	Courtney	Napoles.	“Problems	in	Current	Text	Simplifica>on	Research:	New	Data	Can	Help”		in	TACL	(2015)		

Natural Language Generation

Wei	Xu,	Courtney	Napoles,	Ellie	Pavlick,	Chris	Callison-Burch.	“Op>mizing	Sta>s>cal	Machine	Transla>on	for	Simplifica>on”		in	TACL	(2016)	

e.g. Text Simplification

machine translation 

pairwise ranking optimization

Techniques



Digital Humanities

Palpatine:  
If you will not be turned, you will be destroyed!

If you will not be turn’d, you will be undone!

Wei	Xu,	Alan	Ri[er,	Bill	Dolan,	Ralph	Grishman,	Colin	Cherry.	“Paraphrasing	for	Style”	In	COLING	(2012)		

Luke:  
Father, please! Help me!

Father, I pray you! Help me!

Quanze	Chen,	Chenyang	Lei,	Wei	Xu,	Ellie	Pavlick,	Chris	Callison-Burch.		
“Poetry	of	the	Crowd:	A	Human	Computa>on	Algorithm	to	Convert	Prose	into	Rhyming	Verse”	In	HCOMP	(2014)		

e.g. Stylistic Rewriting / Poetry Generation
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WordNet® 

• What is it? 

• a large lexical database of English  
(155,287 words, latest version in 2005~6) 

• created (from mid-1980s) and maintained by 
Cognitive Science Lab of Princeton University 

• designed to establish the connections between 
words

(Miller,	Beckwith,	Fellbaum,	Gross,	&	Miller	1990;	Miller	&	Fellbaum,	1991;	Miller,	1995;	Fellbaum,	1998)	



WordNet® 

• What is it? 
• a combination of dictionary and thesaurus 
• try it out   http://wordnet.princeton.edu/ 
• In other languages: http://globalwordnet.org/

wordnets-in-the-world/



WordNet® 

• 4 types of Parts of Speech (POS) 
- Noun, Verb, Adjective, Adverb 

• Synset (synonym set) 
- the smallest unit in WordNet 
- represents a specific meaning of a word



WordNet® 

• Synsets are connected to one anther through semantic 
and lexical relations 

• Type of relations (based on POS) 
- hypernyms (kind-of):   ‘vehicle’ is a hypernym of ‘car’ 
- hyponyms (kind-of):   ‘car’ is a hyponym of ‘vehicle’ 
- holonym (part-of):   ‘building’ is a holonym of ‘window’ 
- meronym(part-of):   ‘window’ is a meronym of ‘building’ 
- similar to:   ‘smart’ is similar to ‘intelligent’   
- antonyms:  ‘smart’ is antonym of ‘unintelligent’ 



WordNet® 

hypernym	 hyponym	



WordNet® 

• Interfaces 

• Unix-style manual 

• Web Interfaces 

• Local Interfaces/APIs (Java, Python, Perl, C# …) 

		http://wordnet.princeton.edu/wordnet/related-projects/



WordNet® 



ImageNet

More info: https://www.ted.com/talks/fei_fei_li_how_we_re_teaching_computers_to_understand_pictures
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If we consider oculist and eye-doctor we find 
that, as our corpus of utterances grows, these 
two occur in almost the same environments.  In 
contrast, there are many sentence environments 
in which oculist occurs but lawyer does not... 

It is a question of the relative frequency of such 
environments, and of what we will obtain if we 
ask an informant to substitute any word he 
wishes for oculist (not asking what words have 
the same meaning).   

These and similar tests all measure the 
probability of particular environments occurring 
with particular elements...  If A and B have 
almost identical environments we say that they 
are synonyms. 

–Zellig Harris (1954)

Distributional Hypothesis

Source: Chris Callison-Burch



DIRT  
(Discovery of Inference Rules from Text)

modified by adjectives objects of verbs
additional, administrative, 

assigned, assumed, 
collective, congressional, 

constitutional ...

assert, assign, assume, 
attend to, avoid, become, 

breach ... 

Decking	Lin	and	Patrick	Pantel.	“DIRT	-	Discovery	of	Inference	Rules	from	Text”	In	KDD	(2001)	
Source: Chris Callison-Burch

Lin and Panel (2001) operationalize the Distributional 
Hypothesis using dependency relationships to define 

similar environments. 
 

Duty and responsibility share a similar set of 
dependency contexts in large volumes of text:
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What a scene!  Seized by the 
tentacle and glued to its suckers, 
the unfortunate man was swinging 
in the air at the mercy of this 
enormous appendage.  He gasped, 
he choked, he yelled: "Help!  Help!"  
I'll hear his harrowing plea the rest 
of my life!  
The poor fellow was done for.  

What a scene!  The unhappy man, 
seized by the tentacle and fixed to 
its suckers, was balanced in the air 
at the caprice of this enormous 
trunk. He rattled in his throat, he 
was stifled, he cried, "Help! help!" 
That heart-rending cry!  I shall 
hear it all my life.  
The unfortunate man was lost.  

Source: Chris Callison-Burch



Novels (parallel monolingual data)

Emma burst into tears and he tried to comfort her, 
saying things to make her smile.  

Emma cried and he tried to console her, adorning 
his words with puns.  

Barzilay and McKeown (2001) identify paraphrases 
using identical contexts in aligned sentences: 

burst into tears = cried and comfort = console 

Regina	Barzilay	and	Kathleen	McKeown.	“Extrac>ng	Paraphrases	from	a	Parallel	Corpus”	In	ACL	(2001)	
Source: Chris Callison-Burch
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News

Microsoft Research Paraphrase Corpus

(Dolan,	Quirk	and	Brocke[,	2004;	Dolan	and	Brocke[,	2005;	Brocke[	and	Dolan,	2005)	



News (comparable texts)

On its way to an extended mission at Saturn, the 
Cassini probe on Friday makes its closest 

rendezvous with Saturn's dark moon Phoebe.

The Cassini spacecraft, which is en route to 
Saturn, is about to make a close pass of the ringed 

planet's mysterious moon Phoebe.

Dolan, Quirk, and Brockett (2004) extract 
sentential paraphrases from newspaper articles 

published on the same topic and date:

Bill	Dolan,	Chris	Quirk,	and	Chris	Brocke[.	“Extrac>ng	Paraphrases	from	a	Parallel	Corpus”	In	COLING	(2004)	
Source: Chris Callison-Burch



Paraphrase Research
'01

Novels
'05 '13
Bi-Text

'04
News

'13* '14*
Twitter

'11
Video

Xu
Ritter 

Callison-Burch 
Dolan 

Ji

Xu
Ritter 
Dolan 

Grishman 
Cherry

'12*
Style

‘01
Web

Xu
Callison-Burch 

Napoles

'15*'16*
Simple

80s
WordNet



Paraphrase Research
'01

Novels
'05 '13
Bi-Text

'04
News

'13* '14*
Twitter

'11
Video

Xu
Ritter 

Callison-Burch 
Dolan 

Ji

Xu
Ritter 
Dolan 

Grishman 
Cherry

'12*
Style

‘01
Web

Xu
Callison-Burch 

Napoles

'15*'16*
Simple

80s
WordNet



Monolingual parallel: English – English

Plain monolingual: English

Monolingual comparable: English ~ English

Bilingual parallel: English – French

Data-Driven Paraphrasing

Ni>n	Madnani	and	Bonnie	Dorr.	Genera>ng	Phrasal	and	Senten>al	Paraphrases:	A	Survey	of	Data-Driven	Methods.		
In	Computa>onal	Linguis>cs	(2010)

Source: Chris Callison-Burch

'01
Novels



Monolingual parallel: English – English

Plain monolingual: English

Monolingual comparable: English ~ English

Bilingual parallel: English – French

Data-Driven Paraphrasing

Ni>n	Madnani	and	Bonnie	Dorr.	Genera>ng	Phrasal	and	Senten>al	Paraphrases:	A	Survey	of	Data-Driven	Methods.		
In	Computa>onal	Linguis>cs	(2010)

Source: Chris Callison-Burch

‘01
Web
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Novels



Monolingual parallel: English – English

Plain monolingual: English

Monolingual comparable: English ~ English

Bilingual parallel: English – French

Data-Driven Paraphrasing

Ni>n	Madnani	and	Bonnie	Dorr.	Genera>ng	Phrasal	and	Senten>al	Paraphrases:	A	Survey	of	Data-Driven	Methods.		
In	Computa>onal	Linguis>cs	(2010)

Source: Chris Callison-Burch
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'01
Novels
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News



Monolingual parallel: English – English

Plain monolingual: English

Monolingual comparable: English ~ English

Bilingual parallel: English – French

Data-Driven Paraphrasing

Ni>n	Madnani	and	Bonnie	Dorr.	Genera>ng	Phrasal	and	Senten>al	Paraphrases:	A	Survey	of	Data-Driven	Methods.		
In	Computa>onal	Linguis>cs	(2010)

Source: Chris Callison-Burch



Data-Driven Paraphrasing

Monolingual parallel: English – English

Plain monolingual: English

Monolingual comparable: English ~ English

Bilingual parallel: English – French

Ni>n	Madnani	and	Bonnie	Dorr.	Genera>ng	Phrasal	and	Senten>al	Paraphrases:	A	Survey	of	Data-Driven	Methods.		
In	Computa>onal	Linguis>cs	(2010)

Source: Chris Callison-Burch



Paraphrasing & Translation

Translation is re-writing a text using 
words in a different language. 

Paraphrasing is translation into the 
same language.

Source: Chris Callison-Burch



Bilingual Data

Sentence-aligned parallel corpora in 
English and any foreign language 

Available in large quantities 

Strong meaning equivalence signal 

... but different languages.

Source: Chris Callison-Burch



Bilingual Pivoting

... fünf Landwirte , weil

... 5 farmers were in Ireland ...

...

oder wurden , gefoltert

or have been , tortured

festgenommen 

thrown into jail

festgenommen

imprisoned

...

... ...

...

Source: Chris Callison-Burch



Large and diverse 

Bilingual Data Sets

DARPA  
GALE Program

250M each

European 
Parliament

50-80M each

French-English  
10^9 word webcrawl

1000M

2 languages @

21 languages @

Source: Chris Callison-Burch



Wide range of Paraphrases

arrested 
detained 

imprisoned 
incarcerated 

jailed 
locked up 

taken into custody 
thrown into prison

thrown into jail

be thrown in prison 
been thrown into jail 

being arrested 
in jail 

in prison 
put in prison for 

were thrown into jail 
who are held in detention

arrest 
cases 

custody 
maltreated 

owners 
protection 

thrown

Source: Chris Callison-Burch



Paraphrase Probability

Abundantly available bilingual parallel corpora
have been shown to address both these issues, ob-
taining paraphrases via a pivoting step over foreign
language phrases (Bannard and Callison-Burch,
2005). The coverage of paraphrase lexica extracted
from bitexts has been shown to outperform that
obtained from other sources (Zhao et al., 2008a).
While there have been efforts pursuing the extrac-
tion of more powerful paraphrases (Madnani et
al., 2007; Callison-Burch, 2008; Cohn and Lapata,
2008; Zhao et al., 2008b), it is not yet clear to which
extent sentential paraphrases can be induced from
bitexts. In this paper we:

• Extend the bilingual pivoting approach to para-
phrase induction to produce rich syntactic para-
phrases.

• Perform a thorough analysis of the types of
paraphrases we obtain, and discuss the para-
phrastic transformations we are capable of cap-
turing.

• Describe how design and training paradigms
for syntactic/sentential paraphrase models
should be tailored to different text-to-text
generation tasks.

• Demonstrate our framework’s suitability for a
variety of text-to-text generation tasks on the
example of sentence compression, obtaining
state-of-the-art results.

2 Related Work

Madnani and Dorr (2010) survey a variety of data-
driven paraphrasing techniques, categorizing them
based on the type of data that they use. These
include large monolingual texts (Lin and Pantel,
2001; Szpektor et al., 2004; Bhagat and Ravichan-
dran, 2008), comparable corpora (Barzilay and Lee,
2003; Dolan et al., 2004), monolingual parallel cor-
pora (Barzilay and McKeown, 2001; Pang et al.,
2003), and bilingual parallel corpora (Bannard and
Callison-Burch, 2005; Madnani et al., 2007; Zhao et
al., 2008b). We focus on the latter type of data.

Paraphrase extraction using bilingual parallel cor-
pora was proposed by Bannard and Callison-Burch
(2005) who induced paraphrases using techniques
from phrase-based statistical machine translation

(Koehn et al., 2003). After extracting a bilingual
phrase table, English paraphrases can be obtained
by pivoting through foreign language phrases. Since
many paraphrases can be extracted for a phrase,
Bannard and Callison-Burch rank them using a para-
phrase probability defined in terms of the translation
model probabilities p(f |e) and p(e|f):

p(e2|e1) =
�

f

p(e2, f |e1) (1)

=
�

f

p(e2|f, e1)p(f |e1) (2)

�
�

f

p(e2|f)p(f |e1) (3)

Several subsequent efforts extended the bilin-
gual pivoting technique, many of which introduced
elements of more contemporary syntax-based ap-
proaches to statistical machine translation. Mad-
nani et al. (2007) extended the technique to hier-
archical phrase-based machine translation (Chiang,
2005), which is formally a synchronous context free
grammar (SCFG) and thus can be thought of as a
paraphrase grammar. The paraphrase grammar can
paraphrase (or “decode”) input sentences using an
SCFG decoder, like the Hiero, Joshua or cdec MT
systems (Chiang, 2007; Li et al., 2009; Dyer et al.,
2010). Like Hiero, Madnani’s model uses only a
single nonterminal symbol X instead of linguistic
non-terminals.

Three additional efforts incorporated linguistic
syntax. Callison-Burch (2008) introduced syntac-
tic constraints by labeling all phrases and para-
phrases (even non-constituent phrases) with CCG
slash categories (Steedman, 1999), an approach sim-
ilar to Zollmann and Venugopal (2006)’s syntax-
augmented machine translation (SAMT). Callison-
Burch did not formally define a synchronous gram-
mar, nor discuss decoding, since his presentation
did not include hierarchical rules. Cohn and Lap-
ata (2008) use the ‘GHKM’ extraction method (Gal-
ley et al., 2004), which is limited to constituent
phrases and thus produces a reasonably small set of
syntactic rules. Zhao et al. (2008b) added slots to
bilingually-extracted paraphrase patterns that were
labeled with part-of-speech tags, but not larger syn-
tactic constituents.

Before the shift to statistical natural language pro-

Colin	Bannard	and	Chris	Callison-Burch.	Paraphrasing	with	Bilingual	Parallel	Corpora.	ACL	2005.

Source: Chris Callison-Burch



count = 2

= 2

= 1

= 1

= 1 

= 1

= 1

military force

militärische 
gewalt

truppe

streitkräften

streitkräfte

military force

force

armed forces

forces

military forces

military force

phrase

paraphrases

militärischer 
gewalt

friedenstruppe

militärische eingreiftruppe

translations

count = 2

military force
= 2

= 5

= 3

= 3

= 2

=1

forces

military foces

military force

armed forces

= 6

= 2
= 1

=1

defense=1

military force= 1

military force

peace-keeping 
personnel

= 1
= 1

military force= 1

Source: Chris Callison-Burch



= 20

= 4

DANISH

militære midler

= 3

militær magt

= 13
militær styrke

= 4

military resources

= 8

military force

= 3

military means

= 28

military action

= 3
military power

= 5
military force

= 13 military violence
= 3

military force
= 4

GERMAN

militärische gewalt

= 10

streitkräfte= 5

militärisch

= 4

militärischer gewalt

= 11

army

= 6
armed forces

= 28 military forces
= 5

troops

= 6

forces

= 23

military force= 3

military force

= 4

military

= 35

militarily

= 21

military force

= 15

military violence

= 3

military force

= 10

= 58
= 6

= 3

= 3

= 24
= 4

= 4
= 3

= 4
= 85

= 41

= 3
= 3

SPANISH

fuerza militar

intervención militar

poder militar

medios militares

military means

military resources

military force

military

military action

military intervention

military force

military power

military strength

military power

= 13

FRENCH

force militaire

= 22

la force militaire

= 8

intervention militaire

= 5

force armée

= 6

military force

= 21

military power

= 3

military force

= 6

armed force

= 4

military intervention

= 29

military

= 4

military force

= 4

military force

= 8

ITALIAN

forza militare
= 39

la forza militare

= 6

militare

= 3

militari

= 3military force

= 41

military

= 4

soldiers

= 5

military

= 76
military

= 90
military force

= 6

PORTUGUESE

força militar

= 55forças militares

= 4

intervenção militar
= 4

forças armadas
= 4

military force

= 46

army

= 8
military force

= 3

military = 3

armed forces

= 42

forces

= 3

military action

= 16

military intervention

= 51

military troops

= 3

troops

= 5

military force

= 4

military

= 4
military forces

= 16

DUTCH

troepenmacht

= 5

militair geweld

= 14

militair ingrijpen

= 3

militaire macht

= 10

militaire middelen

= 6

leger

= 3

military means

= 40

military resources

= 17

military force

= 6

military violence

= 4

military force

= 15
army

= 71

military

= 12

armed forces

= 4

military force

= 9

military power

= 20

military force

= 3

military

= 3

military intervention

= 19

military action

= 14troops

= 12

military force

force

forces

= 5

military force

Source: Chris Callison-Burch



Syntactic Constraints

arrested 
detained 

imprisoned 
incarcerated 

jailed 
locked up 

taken into custody 
thrown into prison

thrown into jail

be thrown in prison 
been thrown into jail 

being arrested 
in jail 

in prison 
put in prison for 

were thrown into jail 
who are held in detention

arrest 
cases 

custody 
maltreated 

owners 
protection 

thrown

Syntac>c	Constraints	on	Paraphrases	Extracted	from	Parallel	Corpora.	Chris	Callison-Burch.	EMNLP	2008.

Source: Chris Callison-Burch

http://cs.jhu.edu/~ccb/publications/syntactic-constraints-on-paraphrases.pdf


Distributional Similarity

Idea: similar words occur in similar contexts. 

Characterize words by their contexts 

Contexts represented by co-occurrence 
vectors, similarity quantified by cosine

“Are these paraphrases substitutable?” 
Source: Chris Callison-Burch



Easy for lexical & phrasal paraphrases 

More involved for syntactic paraphrases

$cup mug✓

?

✓

Similarity

$the king’s speech His Majesty’s address

$one JJ instance of NP a JJ case of NP

..sip from a cup of cocoa..  
..a cup of coffee.

..sip from a mug of cocoa..  
..a mug of coffee.

..anxiously awaiting the king’s 
speech..

..anxiously awaiting His 
Majesty’s address..

Source: Chris Callison-Burch



Syntactic Paraphrase 
Similarity

NP

the's NP

ofNP

long

long-term

term

the

inNN

NN

Juri	Ganitkevitch,	Ben	Van	Durme	and	Chris	Callison-Burch.	Monolingual	Distribu>onal	Similarity	for	Text-to-Text	Genera>on.	*SEM	2012.

Source: Chris Callison-Burch

http://cs.jhu.edu/~ccb/publications/syntactic-constraints-on-paraphrases.pdf


Syntactic Paraphrase 
Similarity

NP

the's NP

ofNP

long

long-term

term

the

inNN

NN

Juri	Ganitkevitch,	Ben	Van	Durme	and	Chris	Callison-Burch.	Monolingual	Distribu>onal	Similarity	for	Text-to-Text	Genera>on.	*SEM	2012.

Source: Chris Callison-Burch

http://cs.jhu.edu/~ccb/publications/syntactic-constraints-on-paraphrases.pdf


Syntactic Paraphrase 
Similarity

NP

the's NP

ofNP

long

long-term

term

the

inNN

NN

Juri	Ganitkevitch,	Ben	Van	Durme	and	Chris	Callison-Burch.	Monolingual	Distribu>onal	Similarity	for	Text-to-Text	Genera>on.	*SEM	2012.

Source: Chris Callison-Burch

http://cs.jhu.edu/~ccb/publications/syntactic-constraints-on-paraphrases.pdf


Syntactic Paraphrase 
Similarity

NP

the's NP

ofNP

long

long-term

term

the

inNN

NN

the long-term
in the long term

's
of

⌘
+ sim

⇣ ⌘!

sim(r) =
1

2

 
sim

⇣

Juri	Ganitkevitch,	Ben	Van	Durme	and	Chris	Callison-Burch.	Monolingual	Distribu>onal	Similarity	for	Text-to-Text	Genera>on.	*SEM	2012.

Source: Chris Callison-Burch

http://cs.jhu.edu/~ccb/publications/syntactic-constraints-on-paraphrases.pdf


n-gram Context

the long-term

achieve25

goals 23

plans 97

investment 10

confirmed64

revise43

Left Right

the long-term

the long-term
the long-term

the long-term
the long-term

..
..

L-achieve = 25

L-confirmed = 64

L-revise = 43

⇣
R-goals = 23

R-plans  = 97

R-investment = 10

⇣
the long-term

⌘
=~signgram

⇣

Source: Chris Callison-Burch



Syntactic Context

long-term investment holding on to

det
amod

the

JJ NN VBG IN TO DT

NP
PP

VP

⇣ ⇣
the long-term

⌘
=~sigsyntax

⇣
dep-det-R-investment

pos-L-TO 

pos-R-NN  

lex-R-investment 

lex-L-to 

dep-amod-R-investment

syn-gov-NP syn-miss-L-NN 

lex-L-on-to 

pos-L-IN-TO  

dep-det-R-NN dep-amod-R-NN

Source: Chris Callison-Burch



Large Monolingual  
Data Sets

Google n-grams

Collection of 1 trillion tokens with counts 
Based on vast amounts of text 

Annotated Gigaword (AKBC-WEKEX ’12)

Collection of 4 billion words, parsed and tagged 

Juri	Ganitkevitch,	Ben	Van	Durme	and	Chris	Callison-Burch.	Monolingual	Distribu>onal	Similarity	for	Text-to-Text	Genera>on.	*SEM	2012.

Source: Chris Callison-Burch

http://cs.jhu.edu/~ccb/publications/syntactic-constraints-on-paraphrases.pdf


PPDB: The Paraphrase 
Database

• A huge collection of paraphrases 
• Extracted from 106 million sentence pairs, 

2 billion English words,  22 pivot languages

http://paraphrase.org

Paraphrases
Lexical 7.6 M
Phrasal 68.4 M

Syntactic 93.6 M
Total 169.6 M

Source: Chris Callison-Burch

http://paraphrase.org


PPDB: The Paraphrase 
Database

http://paraphrase.org Source: Chris Callison-Burch

http://paraphrase.org
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Do the Scores Work?  
great

terrible

expect| 
harbour expect|

hope

high recall
high precision

Source: Chris Callison-Burch



sexiest ||| hottest

Fun PPDB Examples

 hustle ||| scam

 abso-fucking-lutely ||| indeed

dummies ||| losers

sheeit ||| dammit

munchies ||| hungry

Juri	Ganitkevitch,	Ben	Van	Durme	and	Chris	Callison-Burch.	PPDB:	The	Paraphrase	Database.	NAACL	2013.
Source: Chris Callison-Burch



Pivoting w/ Neural MT

Jonathan	Mallinson,	Rico	Sennrich	and	Mirella	Lapata.	Paraphrasing	Revisited	with	Neural	Machine	Transla>on.	EACL	2017.

http://www.aclweb.org/anthology/E17-1083.pdf


Pivoting w/ Neural MT

Neural MT tutorial: https://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-3/

Jonathan	Mallinson,	Rico	Sennrich	and	Mirella	Lapata.	Paraphrasing	Revisited	with	Neural	Machine	Transla>on.	EACL	2017.

http://www.aclweb.org/anthology/E17-1083.pdf


Improve MT w/ PPDB

Ram>n	Mehdizadeh	Seraj,	Maryam	Siahbani,	Anoop	Sarkar.	Improving	Sta>s>cal	Machine	Transla>on	with	a	Mul>lingual	Paraphrase	Database.	EMNLP	2015.

http://aclweb.org/anthology/D15-1163

