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Now what?

• Semantic relations between words
» Can we learn Wordnet relations automatically?
» Word relations vs. sense relations

• Similarity between phrases
» Paraphrase: Two semantically similar word sequences
» Extended distributional hypothesis
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What are paraphrases?

• A paraphrase is a pair of two expressions which can 
be exchanged without changing the meaning of a 
sentence (at least in some contexts).

• Approximation of phrase-level synonymy.

• In the literature, varied definitions:
» "approximate conceptual equivalence" 

(Barzilay & McKeown 01)
» "a sentence containing p' might contain an answer to the 

question from which p was extracted" (Lin & Pantel 01)
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What are paraphrases?

• Example:
» 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.
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Why do we care about paraphrases?

• Information retrieval: Find not just documents that 
match your query, but also documents that match 
paraphrases.

• Information extraction: Identify information not just by 
the pattern you defined, but also by its paraphrases.

• Question answering: Enable your system to 
recognise a paraphrase as the answer.

• Semantic world knowledge?
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Application to Textual Entailment

• Remember last night’s RTE example?
» Prime Minister Mahmoud Abbas offered the hand of peace to 

Israel after his landslide victory in Sunday’s presidential 
election.

» Mahmoud Abbas has claimed victory in the presidential 
elections.

• Problem for knowledge-based system because it 
didn’t realize that “X’s landslide victory” implies “X 
claimed victory”.

• Paraphrase?

6
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Types of paraphrases

• Lexical paraphrase: both expressions are single 
words.
» China has regarded Taiwan as a rebel province since a civil 

war split them in 1949.
» China has regarded Taiwan as a rebel province since a civil 

war separated them in 1949.

• Lexical paraphrases are typically synonyms or 
hyponyms.
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Types of paraphrases

• Structural paraphrases: expressions are more 
complex phrases.
» Detroit building reduced to rubble.
» Detroit building blasted to the ground.

• Sometimes there is a "grey area":
» After the latest Fed rate cut, stocks rose across the board.
» Winners strongly outpaced losers after Greenspan cut 

interest rates again.
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Paraphrase representations

• As pairs of strings: (comfort, console)

• As templates with argument slots:
 (X comforts Y, X consoles Y)
 (X buys Y from Z, Z sells Y to X)
 (X wrote Y, X is the author of Y)
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Paraphrases in this lecture

• We will discuss three main approaches:
» learning from unannotated corpora using the distributional 

hypothesis (Lin & Pantel 2001)
» learning from multiparallel corpora (Barzilay & McKeown 01)
» learning from parallel corpora using methods from machine 

translation (Bannard and Callison-Burch 2005)

• There are many more variants in the literature.

10
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The Distributional Hypothesis

11

Grandma baked an apple pie for my birthday.

• „You shall know a word by the company it keeps.“

Firth (1957), A Synopsis of Linguistic Theory

• „Each language can be described in terms of a

distributional structure, i.e., in terms of the occurrence of

parts relative to other parts. The distribution of an ele-

ment is understood as the sum of all its environments”.

Harris (1968), Distributional Structure

Koller & Schulte im Walde / ESSLLI 2007 6

Corpus Co-Occurrence

applebaked
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Lin’s implementation of the DH

12
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Distributional-Similarity-based Thesaurus

Dekang Lin (1998): „Automatic retrieval and clustering of similar words“.

In: Proceedings of the 17th International Conference on Computational

Linguistics.

• Model word similarity by functional context similarity

• Basis: distributional patterns of word w and relations r: 

f(w,r,w’) for all patterns (w,*,*), using dependency triples

f(cell, subj-of, adapt) = 1

f(cell, obj-of, attack) = 6 ...

• Mutual information I(w,r,w’):

! 

I(w,r,w') = log2
p(w,r,w')

p(*,r,*)" p(w,r,*)" p(*,r,w')
= log2

f (w,r,w')" f (*,r,*)

f (w,r,*)" f (*,r,w')
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The Distributional Hypothesis

• Words that appear frequently in similar contexts have 
similar meanings.

• Extended Distributional Hypothesis: Contexts that 
frequently connect similar words have similar 
meanings.    → paraphrases

13
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Lin & Pantel 2001: The DIRT system

• Generalisation of Lin’s noun similiarity system to 
multi-word template paraphrases.

• Here paraphrases are paths in syntactic dependency 
trees that can be exchanged:

found

John solution

a to

problem

the

su
bj obj

m
od

pcomp

de
t

de
t

solved

John problem

the

su
bj obj

de
t
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Parsing

• We start with an unannotated corpus
(1 GB of English newspaper text).

• Parsing using broad-coverage Minipar parser gives 
us a dependency structure for each sentence:

• Parse tree is (automatically) simplified a bit.
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Paths

• An (undirected) path in a dependency tree is 
specified by the words and relations along the path.

• Example:

SlotX SlotY

filler fil
le

r
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Triples

• For each path p in the corpus, we collect the words 
that can fill its two slots in triples:
 (p, SlotX, w1)
 (p, SlotY, w2)

• The more common triples two paths have, the more 
similar we take them to be.
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Mutual Information

• We need MI for three events:

• Apply this to our problem, assuming conditional 
independence of path and filler given a slot:

• Estimate these probabilities by counting in corpus.
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Similarity between two paths

• Define the similarity of two pairs slot1 = (p1,s) and 
slot2 = (p2,s) of paths and a slot:

• T(p,s) are fillers with positive mutual information.

• Define the similarity of two paths as the geometric 
average of the similarities of their slots:
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Finding similar paths in the corpus

• Extract all paths that satisfy certain constraints. In the 
newspaper corpus, this gives 200.000 distinct paths.

• Compute similarity for each pair of paths.

• Because this is a computational nightmare, apply 
some clever heuristics to make it feasible.
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Top paraphrases for "X solves Y"
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Evaluation

• Basis for evaluation: Questions from TREC-8 
question answering competition.

• Compute all paraphrases that DIRT finds for each 
question.

• Use human judge to check how many of these are 
correct.

• Evaluate overlap of DIRT paraphrases and human-
produced manual paraphrases.
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Evaluation: Results
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Lin & Pantel: Conclusions

• Run a broad-coverage dependency parser.
• Extract paths and compute pairwise similarity.
• Advantage: Get syntactic paraphrase templates.
• Problems:

» Comparing each pair of paths is computationally problematic
» Is the Extended Distributional Hypothesis correct in general?
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Fixing the EDH

• The EDH may not be correct in general.

• But it would probably be more true if the two contexts 
are in synonymous sentences.

• Now, if only we had access to pairs of synonymous 
sentences ...



Koller & Schulte im Walde / ESSLLI 2007 3Koller & Schulte im Walde / ESSLLI 2007

Synonymous
sentences

26

Barzilay & McKeown: The big picture

Corpus 
(French)

Translation 2
(English)

Translation 1
(English)

Paraphrases
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Parallel translations

• Idea: Different translations of the same foreign-
language sentence are synonymous.
» use multiple English translations of five French novels

• Compute a sentence-level alignment of each 
document (methods from statistical MT).
» sentences aligned to same F sentence are synonymous

• Simultaneously learn (“co-training”)
» pairs of synonymous pharases (i.e. paraphrases)        EDH
» pairs of contexts that surround synonymous phrases   DH
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Learning paraphrases and contexts

28

Emma burst into tears, and he tried to comfort her, ...

Emma cried, and he tried to console her, ...

left context:
tried to her ,
VB1 TO2 PRP$3 ,

tried to her ,
VB1 TO2 PRP$3 ,

right context:

Peter managed to solve it, ...

Peter managed to fix it, ...
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Algorithm

1. Initialization: Equal words in parallel sentences are 
paraphrases, all other word pairs aren’t.

2. Update contexts:
• context strength: strength+(x) = count(x+)/count(x)
• pick 10 strongest contexts, only with strength > 95%

3. Update paraphrases:
• find matches of contexts in corpus and take fillers as new 

paraphrases
• paraphrases may be multi-word

4. Go back to 2 with new paraphrases.

29
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Examples: Paraphrases

lexical paraphrases

morpho-syntactic paraphrase patterns
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Evaluation

• Precision:
» two human judges,  500 random paraphrases
» without context: precision = 87.8% / 85.2% (K=0.68)
» with original context: precision = 91.8% / 91.4% (K=0.97)

• Recall:
» hard to evaluate: no resources to compare against
» One judge extracted 70 paraphrases from 50 sentences by 

hand.  Of these, the system found 69%.
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Comparison to Wordnet

• What Wordnet relation do single-word paraphrases 
stand in?
» check this for 112 word pairs that occurred at least 20 times
» Synonymy: 35% (rise/stand up, hot/warm)
» Hyponymy: 32% (landlady/hostess, reply/say)
» Sisters: 18% (city/town, pine/fir)
» Unrelated: 10% (sick/tired, next/then)
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Barzilay & McKeown: Summary

• Obtain synonymous sentences from parallel 
translations.

• Use co-training to learn good paraphrases and 
paraphrase contexts in tandem.

• Problems: 
» multi-parallel translations are rare
» and unannotated
» statistical parsers trained on different text genres
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Paraphrases from multilingual corpora

• Idea: Use methods from statistical MT to align 
phrases in multilingual corpora.

• Alternative translations of same phrase may be 
paraphrases.

34

what is more, the relevant cost dynamic is completely under control

im übrigen ist die diesbezügliche kostenentwicklung völlig  unter kontrolle

we owe it to the taxpayers to keep in checkthe costs

wir sind es den steuerzahlern die kosten zu habenschuldig  unter kontrolle

Figure 2: Using a bilingual parallel corpus to extract paraphrases

2.2 Assigning probabilities

We define a paraphrase probability p(e2|e1) in terms
of the translation model probabilities p(f |e1), that
the original English phrase e1 translates as a partic-

ular phrase f in the other language, and p(e2|f), that
the candidate paraphrase e2 translates as the foreign

language phrase. Since e1 can translate as multiple

foreign language phrases, we sum over f :

ê2 = arg max
e2 !=e1

p(e2|e1) (1)

= arg max
e2 !=e1

∑

f

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

The translation model probabilities can be com-

puted using any standard formulation from phrase-

based machine translation. For example, p(e|f)
can be calculated straightforwardly using maximum

likelihood estimation by counting how often the

phrases e and f were aligned in the parallel corpus:

p(e|f) =
count(e, f)

∑
e count(e, f)

(3)

Note that the paraphrase probability defined in

Equation 2 returns the single best paraphrase, ê2, ir-

respective of the context in which e1 appears. Since

the best paraphrase may vary depending on informa-

tion about the sentence that e1 appears in, we extend

the paraphrase probability to include that sentence

S:

ê2 = arg max
e2 !=e1

p(e2|e1, S) (4)

word-level alignments in this paper, direct estimation of phrasal
translations (Marcu and Wong, 2002) would also suffice for ex-
tracting paraphrases from bilingual corpora.

a million, as far as possible, at work, big business,

carbon dioxide, central america, close to, concen-

trate on, crystal clear, do justice to, driving force,

first half, for the first time, global warming, great

care, green light, hard core, horn of africa, last re-

sort, long ago, long run, military action, military

force, moment of truth, new world, noise pollution,

not to mention, nuclear power, on average, only too,

other than, pick up, president clinton, public trans-

port, quest for, red cross, red tape, socialist party,

sooner or later, step up, task force, turn to, under

control, vocational training, western sahara, world

bank

Table 1: Phrases that were selected to paraphrase

S allows us to re-rank the candidate paraphrases
based on additional contextual information. The ex-

periments in this paper employ one variety of con-

textual information. We include a simple language

model probability, which would additionally rank

e2 based on the probability of the sentence formed

by substiuting e2 for e1 in S. A possible extension
which we do not evaluate might be permitting only

paraphrases that are the same syntactic type as the

original phrase, which we could do by extending the

translation model probabilities to count only phrase

occurrences of that type.

3 Experimental Design

We extracted 46 English phrases to paraphrase

(shown in Table 1), randomly selected from those

multi-word phrases in WordNet which also occured

multiple times in the first 50,000 sentences of our

bilingual corpus. The bilingual corpus that we used

599

(Europarl corpus: Proceedings of European Parliament)

(Bannard & Callison-Burch 05)
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Statistical MT

• Goal: Given an input sentence in one language, find 
best translation in another language.

• Use parallel corpus to train a statistical model P(e|f): 
Probability of English sentence e as translation of 
foreign language sentence f.

• Then, given input sentence f, compute English 
sentence e such that P(e|f) is maximized.

• Phrase-based and word-based models; both based 
on (manual or automatic) word alignments.

• This is an extremely active research field right now.

35
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Statistical MT for paraphrasing

• Define paraphrase probability P(e2|e1) for e2 being a 
paraphrase of e1.

• Using parallel corpus, express P(e2|e1) in terms of 
translation probabilities:

                                =

• Best paraphrase for e1: maximizes P(e2|e1).
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model probability, which would additionally rank
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paraphrases that are the same syntactic type as the
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tion about the sentence that e1 appears in, we extend

the paraphrase probability to include that sentence

S:

ê2 = arg max
e2 !=e1

p(e2|e1, S) (4)

word-level alignments in this paper, direct estimation of phrasal
translations (Marcu and Wong, 2002) would also suffice for ex-
tracting paraphrases from bilingual corpora.

a million, as far as possible, at work, big business,

carbon dioxide, central america, close to, concen-

trate on, crystal clear, do justice to, driving force,

first half, for the first time, global warming, great

care, green light, hard core, horn of africa, last re-

sort, long ago, long run, military action, military

force, moment of truth, new world, noise pollution,

not to mention, nuclear power, on average, only too,

other than, pick up, president clinton, public trans-

port, quest for, red cross, red tape, socialist party,

sooner or later, step up, task force, turn to, under

control, vocational training, western sahara, world

bank

Table 1: Phrases that were selected to paraphrase

S allows us to re-rank the candidate paraphrases
based on additional contextual information. The ex-

periments in this paper employ one variety of con-

textual information. We include a simple language

model probability, which would additionally rank

e2 based on the probability of the sentence formed

by substiuting e2 for e1 in S. A possible extension
which we do not evaluate might be permitting only

paraphrases that are the same syntactic type as the

original phrase, which we could do by extending the

translation model probabilities to count only phrase

occurrences of that type.

3 Experimental Design

We extracted 46 English phrases to paraphrase

(shown in Table 1), randomly selected from those

multi-word phrases in WordNet which also occured

multiple times in the first 50,000 sentences of our

bilingual corpus. The bilingual corpus that we used
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Some example paraphrases

37

under control checked, curb, curbed, in check, limit, slow down

sooner or later at some point, eventually

military force armed forces, defence, force, forces, military forces, peace-keeping personnel

long ago a little time ago, a long time, a long time ago, a lot of time, a while ago, a while back,

far, for a long time, for some time, for such a long time, long, long period of time, long

term, long time, long while, overdue, some time, some time ago

green light approval, call, go-ahead, indication, message, sign, signal, signals, formal go-ahead

great care a careful approach, greater emphasis, particular attention, special attention, specific

attention, very careful

first half first six months

crystal clear absolutely clear, all clarity, clear, clearly, in great detail, no mistake, no uncertain,

obvious, obviously, particularly clear, perfectly clear, quite clear, quite clearly, quite

explicitly, quite openly, very clear, very clear and comprehensive, very clearly, very

sure, very unclear, very well

carbon dioxide co2

at work at the workplace, employment, held, holding, in the work sphere, operate, organised,

taken place, took place, working

Table 2: Paraphrases extracted from a manually word-aligned parallel corpus

judged to be correct and curb, limit and slow down

were judged to be incorrect. The inter-annotator

agreement for these judgements was measured at

κ = 0.605, which is conventionally interpreted as
“good” agreement.

3.3 Experiments

We evaluated the accuracy of top ranked paraphrases

when the paraphrase probability was calculated us-

ing:

1. The manual alignments,

2. The automatic alignments,

3. Automatic alignments produced over multiple

corpora in different languages,

4. All of the above with language model re-

ranking.

5. All of the above with the candidate paraphrases

limited to the same sense as the original phrase.

4 Results

We report the percentage of correct translations (ac-

curacy) for each of these experimental conditions. A

summary of these can be seen in Table 3. This sec-

tion will describe each of the set-ups and the score

reported in more detail.

4.1 Manual alignments

Table 2 gives a set of example paraphrases extracted

from the gold standard alignments. The italicized

paraphrases are those that were assigned the highest

probability by Equation 2, which chooses a single

best paraphrase without regard for context. The 289

sentences created by substituting the italicized para-

phrases in for the original phrase were judged to be

correct an average of 74.9% of the time.

Ignoring the constraint that the new sentences re-

main grammatically correct, these paraphrases were

judged to have the correct meaning 84.7% of the

time. This suggests that the context plays a more

important role with respect to the grammaticality

of substituted paraphrases than with respect to their

meaning.

In order to allow the surrounding words in the sen-

tence to have an influence on which paraphrase was

selected, we re-ranked the paraphrase probabilities

based on a trigram language model trained on the

entire English portion of the Europarl corpus. Para-

phrases were selected from among all those in Table

2, and not constrained to the italicized phrases. In

the case of the paraphrases extracted from the man-

ual word alignments, the language model re-ranking

had virtually no influence, and resulted in a slight

dip in accuracy to 71.7%
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Evaluation: Method

• Manual evaluation of highest-ranked paraphrases:
» Insert highest-ranked paraphrase into original context:

This situation is in check in terms of security.
This situation is checked in terms of security.
This situation is slow down in terms of security.

» Ask human to judge whether paraphrased sentence is both 
grammatical and preserves original meaning.
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Evaluation: Results

• With manual word alignment: 85% correct meaning, 
75% also grammatically correct.

• With automatic word alignment: 65% correct 
meaning, about 50% also grammatically correct.

• Improve performance with automatic alignment to 
70% / 62% by
» using a language model
» using multiple foreign languages
» controlling for word senses
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Conclusion

• Paraphrases capture meaning equivalence of word 
sequences.

• Various methods:
» single corpus, distributional hypothesis
» multiple translations, co-training with distributional 

hypothesis
» parallel corpus, methods from machine translation

• Best methods get results that seem pretty good.

• Evaluations hard to compare.
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