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Abstract market gainejland 6tock market rosestock prices rose

have the same meaning. If we memorized only these two
We describe a syntax-based algorithm that au-  pairs, it would be impossible to infer that, in fact, con-
tomatically builds Finite State Automata (word sistent with our intuition, any of the following sets of
lattices) from semantically equivalent transla- ~ phrases are also semantically equivalefstock market
tion sets. These FSAs are good representa- rose stock market gainedtock prices rosestock prices
tions of paraphrases. They can be used to ex- gained} and {stock marketstock prices} in the con-
tract lexical and syntactic paraphrase pairs and  text of rose or gained {market rose}, {market gained
to generate new, unseen sentences that express 1, {prices rose} and{prices gained} in the context of
the same meaning as the sentences in the input  stock and so on.
sets. Our FSAs can also predict the correctness
of alternative semantic renderings, which may
be used to evaluate the quality of translations.

In this paper, we propose solutions for two problems:
the problem of paraphrase representation and the problem
of paraphrase induction. We propose a new, finite-state-
based representation of paraphrases that enables one to
1 Introduction encode compactly large numbers of paraphrases. We also

In the past, paraphrases have come under the scrutiR(ePose algorithms that automatically derive such repre-

o . : sgntations from inputs that are now routinely released in
of many research communities. Information retrieval re-

searchers have used paraphrasing techniques for quer cropjunction with large scale machine translation evalu-
S barap 9 que que yaﬁons (DARPA, 2002): multiple English translations of
formulation in order to increase the recall of information

retrieval engines (Sparck Jones and Tait, 1984). Naturglo Y foreign language texts. For instance, when given

. as input the 11 semantically equivalent English transla-
language generation researchers have used paraphrasi

) . ; 10As in Figure 1, our algorithm automatically induces the
to increase the expressive power of generation syste

(lordanskaja et al., 1991; Lenke, 1994; Stede, 1999 3A in Figure 2, which represents compactly 49 distinct

And researchers in multi-document text summarizationemjenng’S of the same semantic meaning. Our FSAs

(Barzilay et al., 1999), information extraction (Shinyam capture both lexical paraphrases, suct{fghting, bat-

: ; ; le}, {died, were killed and structural paraphrases such
et al., 2002), and question answering (Lin and Pant%s {last week’s fighting, the battle of last wéekThe

2001; Hermjakob et al., 2002) have focused on identi- . .
X o . contexts in which these are correct paraphrases are also
fying and exploiting paraphrases in the context of recog-= ; . !
- : ; . conveniently captured in the representation.
nizing redundancies, alternative formulations of the samé
meaning, and improving the performance of question an- In previous work, Langkilde and Knight (1998) used
swering systems. word lattices for language generation, but their method
In previous work (Barzilay and McKeown, 2001; Lin involved hand-crafted rules. Bangalore et al. (2001) and
and Pantel, 2001; Shinyama et al., 2002), paraphrasBarzilay and Lee (2002) both applied the technique of
are represented as sets or pairs of semantically equivaulti-sequence alignment (MSA) to align parallel cor-
lent words, phrases, and patterns. Although this is adgora and produced similar FSAs. For their purposes,
guate in the context of some applications, it is clearly tothey mainly need to ensure the correctness of consensus
weak from a generative perspective. Assume, for exanamong different translations, so that different constituent

ple, that we know that text pairstock market rosestock orderings in input sentences do not pose a serious prob-



1. Atleast 12 people were killed in the battle last week. 2. Atleast 12 people lost their lives in last week'’s fighting.

3. Last week’s fight took at least 12 lives. 4. The fighting last week killed at least 12.

5. The battle of last week killed at least 12 persons. 6. Atleast 12 persons died in the fighting last week.

7. Atleast 12 died in the battle last week. 8. Atleast 12 people were killed in the fighting last week.

9. During last week’s fighting, at least 12 people died. 10. Lastweek at least twelve people died in the fighting.
11. Lastweek’s fighting took the lives of twelve people.

Figure 1: Sample Sentence Group from the Chinese-English DARPA Evaluation Corpus: 11 English translations of
the same Chinese sentence.
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Figure 2: FSA produced by our syntax-based alignment algorithm from the input in Figure 1.
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Figure 3: FSA produced by a Multi-Sequence Alignment algorithm from the input in Figure 1.

lem. In contrast, we want to ensure the correctness of the automatic evaluations we perform are novel as
all paths represented by the FSAs, and direct applicatiomell.

of MSA in the presence of different constituent orderings

can be problematic. For example, when given asinputti2 Data

same sentences in Figure 1, one instantiation of the MSA . . . .
algorithm produces the FSA in Figure 3, which containd "€ data we use in this work is the LDC-available
many “bad” paths such ake battle of last week’s fight- Multiple-Translation Chinese (MTC) Corplideveloped

ing took at least 12 people lost their people died in th(_{;or machine translation evaluation, which contains 105
fighting last week's fightingSee Section 4.2.2 for a more news stories (993 sentences) from three sources of jour-
quantitative analysis.). It's still possible to use MSA if nalistic Mandarin Chinese text. These stories were inde-
for example, the input is pre-clustered to have the San%endently translated into English by'll translation agen-
constituent ordering (Barzilay and Lee (2003)). But wei€S: Eactsentence groupvhich consists of 11 semanti-
chose to approach this problem from another directior‘ﬁal_ly equivalent translations, is a rich source for learning

As a result, we propose a hew syntax-based algorithm Sxmal and structural paraphrases. In our experiments,
produce FSAs. we use 899 of the sentence groups — the sentence groups

with sentences longer than 45 words were dropped.

In this paper, we first introduce the multiple transla- . .
tion corpus that we use in our experiments (see Sectioh A Syntax-Based Alignment Algorithm

2). We then present the algorithms that we developed 8ur syntax-based alignment algorithm, whose pseu-

induce finite-state paraphrase representations from Su&Qcode is shown in Figure 4, works in three steps. In the
data (see Section 3). An important part of the paper iﬁ '

. 4 : i~ rst step (lines 1-5 in Figure 4), we parse every sentence

e el o e I e  sentence roup and merge l reulin parse uees

: : - |P|%0 a parse forest. In the second step (line 6), we extract
resentations encode thousands and sometimes millions o

equivalent verbalizations of the same meaning, we use 1| jnguistic Data Consortium (LDC) Catalog Number
both manual and automatic evaluation techniques. Som®C2002T01, ISBN 1-58563-217-1.



. ParseForest

. foreachs € SentenceGroup

t = parseTree(s);

ParseForest = Merge(ParseForest, t);
. endfor ‘ cD ‘ ‘ NN
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Figure 4: The Syntax-Based Alignment Algorithm. Parse Forest
NP | VP
an FSA from the parse forest and then we compact it fur-
ther using a limited form of bottom-up alignment, which / \
we call squeezing (line 7). In what follows, we describe AUX | vP
each step in turn. CD | NN / vB

Top-down merging. Given a sentence group, we pass / / \ \

each of the 11 sentences to Charniak’s (2000) parser to [, people
get 11 parse trees. The first step in the algorithm is to |~ 4.e persons ‘ were
merge these parse trees into one parse-forest-like struc-
ture using a top-down process.

Let's consider a simple case in which the parse for- Linearization
est contains one single tree, Tree 1 in Figure 5, and wesa / Word L attice

are adding Tree 2 to it. Since the two trees correspond died

to sentences that have the same meaning and since both 12 people
trees expand af node into anV P and aV P, it is rea-
sonable to assume thatP; is a paraphrase a¥ P, and O
V P, is a paraphrase df P,. We mergeN P, with NP, twelve persons were killed
andV P; with V P, and continue the merging process on
each of the subtrees recursively, until we either reach tHggure 5: Top-down merging of parse trees and FSA ex-
leaves of the trees or the two nodes that we examine alf@ction.
expanded using different syntactic rules.
When we apply this process to the trees in Figure 5hf .
the N P nodes are merged all the way down to the Ieaveé, ormation. , )
and we get 12" as a paraphrase ofielve and “peoplé To prev_ent such erroneous a_llgnments, we also imple-
ment a simple keyword checking procedure. We note

as a paraphrase opérsons; in contrast, the twol” Ps _
appears in bothV P, and

are expanded in different ways, so no merging is doniat since the wordattle’ a \ !
beyond this level, and we are left with the information’¥ /2 thiS can serve as an evidence against the merging of

that “were killed is a paraphrase ofdied". (NP, NPy) and (VP1, V). A similar argument can

We repeat this top-down merging procedure with eaCHe constructed for the Worcbéc_JpIé. So n this exam- .
of the 11 parse trees in a sentence group. So far, on’&Ie we actually have dOUbIEf\ evidence against merging; in
constituents with same syntactic type are treated as pa gneral, one such clue suffices to stop the merging.

phrases. However, later we shall see that we can matchOUr keyword checking procedure acts as a filter. A list
word spans whose syntactic types differ. of keywords is maintained for each node in a syntactic
tree. This list contains all the nouns, verbs, and adjectives

Keyword checking. The matching process describedthat are spanned by a syntactic node. Before merging two
above appears quite strict — the expansions must matabdes, we check to see whether the keyword lists asso-
exactly for two nodes to be merged. But consider the foleiated with them share words with other nodes. That is,

lowing parse trees: supposed we just merged nodéandB, and they are ex-
1.(S (NP, people)y P, were killed in this battle)) panded with the same syntactic rule iMgA,...A,, and
2.(S (NV P; this battle){ P, killed people)) B, Bs...B,, respectively; before we merge eadh with
If we applied the algorithm described above, we wouldB;, we check for eact®; if its keyword list shares com-
mistakenly alignVP; with NP, andV P; with VP, —  mon words with any4; (j # 4). If they do not, we con-

the algorithm described so far makes no use of lexicainue the top-down merging process; otherwise we stop.



and paraphrases.

4 Evaluation

The evaluation for our finite state representations and al-

a. Before squeezing

o~ gorithm requires careful examination. Obviously, what
‘ - — counts as a good result largely depends on the applica-
dot 2N i s o [t D gom tion one has in mind. If we are extracting paraphrases for
e leveled N . . . , .
e e N )@\\ﬂ/"’ = guestion-reformulation, it doesn't really matter if we out-
- ww’ﬂ put a few syntactically incorrect paraphrases, as long as

we produce a large number of semantically correct ones.
If we want to use the FSA for MT evaluation (for exam-
ple, comparing a sentence to be evaluated with the pos-
sible paths in FSA), we would want all paths to be rela-
tively good (which we will focus on in this paper), while

In our current implementation, a pair of synonyms caf Some other applications, we may only care about the

not stop an otherwise legitimate merging, but it's possiduality of the best path (not addressed in this paper). Sec-

ble to extend our keyword checking process with the helon 4.1 concentrates on evaluating the paraphrase pairs

of lexical resources such as WordNet in future work.  that can be extracted from the FSAs built by our system,
while Section 4.2 is dedicated to evaluating the FSAs di-

Mapping Parse Forests into Finite State Automata. rectly.

The process of mapping Parse Forests into Finite State

Automata is simple. We simply traverse the parse fore¢t.1 Evaluating paraphrase pairs

top-down and create alternative paths for every mergedl; 1 Human-based evaluation of paraphrases
node. For example, the parse forest in Figure 5 is mapped _ _
By construction, different paths between any two

into the FSA shown at the bottom of the same figure. In X . .
the FSA, there is a word associated with each edge. pifodes in the FSA representations that we derive are para-

ferent paths between any two nodes are assumed to plrases (in the cc_)ntext in which the nodes occur). To
paraphrases of each other. Each path that starts from tRguate our algorithm, we extract paraphrases from our

BEGIN node and ends at thN D node corresponds FSAs and ask human judges to evaluate their correctness.
to either an original input sentence or a paraphrase sefl€ compare the paraphrases we collect with paraphrases
tence. that are derivable from the same corpus using a co-

training-based paraphrase extraction algorithm (Barzilay
Squeezing. Since we adopted a very strict matchingand McKeown, 2001). To the best of our knowledge, this
criterion in top-down merging, a small difference in theis the most relevant work to compare against since it aims
syntactic structure of two trees prevents some legitimatgt extracting paraphrase pairs from parallel corpus. Un-
mergings from taking place. This behavior is also exacefike our syntax-based algorithm which treats a sentence
bated by errors in syntactic parsing. Hence, for instances a tree structure and uses this hierarchical structural in-
three edges labelatktroit at the leftmost of the top FSA formation to guide the merging process, their algorithm
in Figure 6 were kept apart. To compensate for this efreats a sentence as a sequence of phrases with surround-
fect, our algorithm implements an additional step, whiching contexts (no hierarchical structure involved) and co-
we call squeezing. If two different edges that go into (otrains classifiers to detect paraphrases and contexts for
out of) the same node in an FSA are labeled with the sang@raphrases. It would be interesting to compare the re-
word, the nodes on the other end of the edges are mergsdlts from two algorithms so different from each other.
We apply this operation exhaustively over the FSAs pro- For the purpose of this experiment, we randomly se-
duced by the top-down merging procedure. Figure 6 illected 300 paraphrase pairS,(,) from the FSAs pro-
lustrates the effect of this operation: the FSA at the toduced by our system. Since the co-training-based al-
of this figure is compressed into the more compact FSgorithm of Barzilay and McKeown (2001) takes paral-
shown at the bottom of it. Note that in addition to reduciel corpus as input, we created out of the MTC corpus
ing the redundant edges, this also gives us paraphrasgsx 993 sentence pairs (Each equivalent translation set
not available in the FSA before squeezing (§ig@duced of cardinality 11 was mapped int(621) equivalent trans-
to rubble, blasted to grounld. Therefore, the squeezing lation pairs.). Regina Barzilay kindly provided us the list
operation, which implements a limited form of lexically of paraphrases extracted by their algorithm from this par-
driven alignment similar to that exploited by MSA algo-allel corpus, from which we randomly selected another
rithms, leads to FSAs that have a larger number of pattset of 300 paraphraseS ().

b. After squeezing

Figure 6: Squeezing effect



] \ Correct  Partial| Incorrect range of ASL| 1-10 10-20 20-30 30-45

Seyn 85% 12% 3% recall 30.7% 16.3% 7.8% 3.8%
Judge 1 Scotr ~ 68% 13% 19%
Ssyn 80% 13% 7% Table 2: Recall of WordNet-consistent synonyms.

Judge 2 Secotr ~ 63% 13% 24%
Ssyn  81% 5% 13% . .
Judge 3 S..ir  68% 3% 200 they do discover a lot of common pairs.
Ssyn 1% 17% 5%
Judge 4 Scotr ~ 68% 16% 16%
Average of | Sgyn 81% 12% 7%
All Judges | Scorr  66% 11% 22%

4.1.2 WordNet-based analysis of paraphrases

In order to (roughly) estimate the recall (of lexical syn-
onyms) of our algorithm, we use the synonymy relation
in WordNet to extract all the synonym pairs present in

Table 1: A comparison of the correctness of the parg2ur COrpus. This extraction process yields the list of all

phrases produced by the syntax-based alignm&nt, WordNet-consistent synonym pairs that are present in our
and co-training-based(,.,) algorithms. ‘ data. (Note that some of the pairs identified as synonyms

by WordNet, like follow/b€’, are not really synonyms in
the contexts defined in our data set, which may lead to
artificial deflation of our recall estimate.) Once we have
The resulting 600 paraphrase pairs were mixed anfe list of WordNet-consistent paraphrases, we can check
presented in random order to four human judges. Eagibw many of them are recovered by our method. Table 2
judge was asked to assess the correctness of 150 pagfves the percentage of pairs recovered for each range of
phrase pairs (75 pairs from each system) based on thgerage sentence length (ASL) in the group.
context, i.e., the sentence group, from which the para- Not surprisingly, we get higher recall with shorter sen-
phrase pair was extracted. Judges were given thrégnces, since long sentences tend to differ in their syn-
choices: “Correct”, for perfect paraphrases, “Partiallfactic structures fairly high up in the parse trees, which
correct”, for paraphrases in which there is only a pareads to fewer mergings at the lexical level. The recall
tial overlap between the meaning of two paraphrases (e.gn the task of extracting lexical synonyms, as defined
while {saving set, aid packages a correct paraphrase py WordNet, is not high. But after all, this is not what
pair in the given context{set, aide packageis consid- our algorithm has been designed for. It's worth notic-
ered partially correct), and “Incorrect”. The results of thang that the syntax-based algorithm also picks up many
evaluation are presented in Table 1. paraphrases that are not identified as synonyms in Word-
Although the four evaluators were judging four differ-Net. Out of 3217 lexical paraphrases that are learned by
ent sets, each clearly rated a higher percentage of the oatir system, only 493 (15.3%) are WordNet synonyms,
puts produced by the syntax-based alignment algorithmhich suggests that paraphrasing is a much richer and
as “Correct”. We should note that there are parametelgoser relation than synonymy. However, the WordNet-
specific to the co-training algorithm that we did not tunebased recall figures suggest that WordNet can be used as
to work for this particular corpus. In addition, the co-an additional source of information to be exploited by our
training algorithm recovered more paraphrase pairs: tragorithm.
syntax-based algorithm extracted 8666 pairs in total with
1051 of them extracted at least twice (i.e. more or les&2 Evaluating the FSA directly
reliable), while the numbers for the co-training algorithmy/e noted before that apart from being a natural represen-
is 2934 out of a total of 16993 pairs. This means we argtion of paraphrases, the FSAs that we build have their
not comparing the accuracy on the same recall level. - own merit and deserve to be evaluated directly. Since our
Aside from evaluating the correctness of the paraFSAs contain large numbers of paths, we design auto-
phrases, we are also interested in the degree of overlaptic evaluation metrics to assess their qualities.
between the paraphrase pairs discovered by the two algo- )
rithms so different from each other. We find that out of+2-1 Language Model-based evaluation
the 1051 paraphrase pairs that were extracted from morelf we take our claims seriously, each path in our FSAs
than one sentence group by the syntax-based algoriththat connects the start and end nodes should correspond to
62.3% were also extracted by the co-training algorithma well-formed sentence. We are interested in both quan-
and out of the 2934 paraphrase pairs from the results tify (how many sentences our automata are able to pro-
co-training algorithm, 33.4% were also extracted by theluce) and quality (how good these sentences are). To an-
syntax-based algorithm. This shows that in spite of thewer the first question, we simply count the number of
very different cues the two different algorithms rely on,paths produced by our FSAs.




average|| N (# of paths) log N well-formed sentences. But it does mean that our FSAs
length || max ave || max ave produce sentences that look more like human produced
1-10|| 22749 775 | 10.0 5.2 sentences than machine produced ones according to a lan-

10-20|| 172386 4468 || 12.1 6.2 guage model.

20-30|| 3479544 29202 15.1 5.8 " .

30-45 || 684589 4135 || 13.4 45 4.2.2 Word repetition analysis

Not surprisingly, the language model we used in Sec-
tion 4.2.1 is far from being a perfect judge of sentence

Table 3: Statistics on Number of Paths in FSAs . i
quality. Recall the example of “bad” path we gave in Sec-

random variable mean std. dev tion 1: the battle of last week’s fighting took at least 12
ent(FSA) — ent(SG) | —0.11586| 1.25162 people lost their people died in the fighting last week’s
ent(MTS) — ent(SG) | 1.74259 | 1.05749 fighting Our 4-gram based language model will not find

any fault with this sentence. Notice, however, that some
Table 4: Quality judged by LM words (such as “fighting” and “people”) appear at least

twice in this path, although they are not repeated in any
of the source sentences. These erroneous repetitions in-

Table 3 gives the statistics on the number of paths prélicate mis-alignment. By measuring the frequency of
duced by our FSAs, reported by the average length (yyordg th{:\t are mistakenly r.epeated,_we can now examine
sentences in the input sentence groups. For example, ffigantitatively whether a direct application of the MSA
sentence groups that have between 10 and 20 words ppégorithm suffers from different constituent orderings as
duce, on average, automata that can yield 4468 altern4€ expected. .
tive, semantically equivalent formulations. For each sentence group, we get a list of words that

Note that if we always get the same degree of mergin§eVer appear more than once in any sentence in this

per word across all sentence groups, the number of pati€UP- Given a word from this list and the FSA built
would tend to increase with the sentence length. This &0 this group, we count the total number of paths that
ontain this word ) and the number of paths in which

not the case here. Apparently we are getting less mer&, , X
ing with longer sentences. But still, given 11 sentencedliS word appears at least twicé', i.e. number of er-

we are capable of generating hundreds, thousands, and #1€0US repetitions). We define thepetition ratioto
some cases even millions of sentences. be C../C, which is the proportion of “bad” paths in this

Obviously, we should not get too happy with our abiI-FSA according to this word. If we compute this ra-

ity to boost the number of equivalent meanings if they ari® for all the words in the lists of the first 499 grodps

incorrect. To assess the quality of the FSAs generated W‘d the corresponding FSAs produced by an instantia-

our algorithm, we use a language model-based metric. tion of the MSA algorithm, the average repetition ra-
We train a 4-gram model over one year of the Walf'o is 0.0304992 (14.76% of the words have a non-zero

Street Journal using the CMU-Cambridge Statistical L ari€petition ratio, and the average ratio for these words is
.206671). In comparison, the average repetition ratio for

Modeli kit (v2). F h ; )
guage Modeling toolkit (v2). For each sentence grou ur algorithm is 0.0035074 (2.16% of the words have a

SG, we use this language model to estimate the ave it tfo and th tio for th
age entropy of the 11 original sentences in that grouBon'Zero repetition ratip and the average ratio for these

(ent(SG)). We also compute the average entropy Oyvords; is 0.162309). The presence of different constituent

all the sentences in the corresponding FSA built by Outl;rdenngs does pose a more sefious problem to the MSA

syntax-based algorithnet(F'SA)). As the statistics in algorithm.
Table 4 show, there is little difference between the ava 2.3 MT-based evaluation

erage entropy of the original sentences and the averageRecently Papineni et al. (2002) have proposed an au-

entropy of the paraphrase sentences we produce. To bFCJtFnatic MT system evaluation technique (the BLEU

ter calibrate this result, we compare it with the average .
) . : sScore). Given an MT system output and a set of refer-
entropy of 6 corresponding machine translation outputs

(ent(MT'S)), which were also made available by LDC  2MsA runs very slow for longer sentences, and we believe
in conjunction with the same corpus. As one can see, thaing the first 499 groups should be enough to make our point.
difference between the average entropy of the machine *We thank Regina Barzilay for providing us this set of re-
produced output and the average entropy of the orighults

nal 11 sentences is much higher than the difference be- - NOte that FSAs produced right after keyword checking will
not yield any non-zero repetition ratio. However, if there are

tween the average entropy of thg '_:SA'prOduced OutpuFrsris-alignment not prevented by keyword checking in an FSA,
and the average entropy of the original 11 sentences. Obmay contain paths with erroneous repetition of words after
viously, this does not mean that our FSAs only producequeezing.



range| 0-1 1-2 2-3 3-4 45 ed(FSA,) ed(inputy,)

count| 546 256 80 15 2 —ed(FSA1) | —ed(FSA,)
n | mean std. dey mean std. dey

Table 5: Statistics foedgqin 1 | 5.65 3.86 0 0
2 | 3.66 3.02 0.19 0.60
3| 271 2.55 0.33 0.76
ence translations, one can estimate the “goodness” of the 4 | 210 2.33 | 0.46 0.90
MT output by measuring the n-gram overlap between the 5 | 156 2.01 | 0.56 0.95
output and the reference set. The higher the overlap, i.e., 6 | 1.18 1.79 | 0.65 1.02
the closer an output string is to a set of reference transla- 7 | 079 148 | 0.75 1.09
tions, the better a translation it is. 8 | 0.49 110 | 0.81 111
We hypothesize that our FSAs provide a better repre- 91021 074 | 089 116
sentation against which the outputs of MT systems can 10| © 0 093 121

be evaluated because they encode not just a few but thou-

sands of equivalent semantic formulations of the desirethble 6: Effect of monotonically increasing the number
meaning. ldeally, if the FSAs we build accept all andof reference sentences

only the correct renderings of a given meaning, we can
just give a test sentence to the reference FSA and see |f . . -
it is accepted by it. Since this is not a realistic expectaynald an increase in the pre.dlc.nve pOwWer.

tion, we measure the edit distance between a string andLet ed(F'SAy) be the edit distance from the test sen-

an FSA instead: the smaller this distance is, the closertl‘fnCe t.o the FSA built Or_‘ t_he fmtsgnte_znces; similarly,
is to the meaning represented by the FSA. let ed(input,,) be the minimum edit distance from the

To assess whether our FSAs are more appropriate ret7§—st sentence to an input set that consists of only the first

i . sentences. Table 6 reports the effect of using differ-
resentations for evaluating the output of MT systems, we : )
ent number of reference translations. The first column

erform the following experiment. For each sentence L N .
P g exp hows that each translation is contributing to the predic-

group, we hold out one sentence as t?St sentence, andtl% power of our FSA. Even when we add the tenth trans-
to evaluate how much of it can be predicted from the Othelrtion to our FSA, we still improve its predictive power

10 sentences. We compare two different ways of estimal-
: T - he second column shows that the more sentences we add
ing the predictive power. (a) we compute the edit distance

between the test sentence and the other 10 sentence'.%iolr%he FSA the larger the difference between its predic-

the set. The minimum of this distanceeg(input). (b) ve power and that of a simple set. The results in Table 6

. ) o suggest that our FSA may be used in order to refine the
we use dynamic programming to efficiently compute theBLEU metric (Papineni et al., 2002)
minimum distancedd(FSA)) between the test sentence P B '
and all the paths in the FSA built from the other 10 seng

tences. The smaller the edit distance is, the better W5e Conclusion & Future Work

are predicting a test sentence. Mathematically, the diffen this paper, we presented a new syntax-based algorithm
ence between these two measuéSnput) — ed(F'SA)  that learns paraphrases from a newly available dataset.
characterizes how much is gained in predictive power byhe multiple translation corpus that we use in this paper
building the FSA. is the first instance in a series of similar corpora that are
We carry out the experiment described above in built and made publicly available by LDC in the context
“leave-one-out” fashion (i.e. each sentence serves a$ a series of DARPA-sponsored MT evaluations. The
a test sentence once). Now lei,.;, be the average algorithm we proposed constructs finite state represen-
of ed(input) — ed(FSA) over the 11 runs for a given tations of paraphrases that are useful in many contexts:
group. We compute this for all 899 groups and find theo induce large lists of lexical and structural paraphrases;
mean foredyq:, to be 0.91 (std. dev = 0.78). Table 5to generate semantically equivalent renderings of a given
gives the count for groups whos#,.;, falls into the meaning; and to estimate the quality of machine transla-
specified range. We can see that the majoritgdyf,;,  tion systems. More experiments need to be carried out
falls under 2. in order to assess extrinsically whether the FSAs we pro-
We are also interested in the relation between the preluce can be used to yield higher agreement scores be-
dictive power of the FSAs and the number of referenceveen human and automatic assessments of translation
translations they are derived from. For a given group, weguality.
randomly order the sentences in it, set the last one as theln our future work, we wish to experiment with more
test sentence, and try to predict it with the first 1, 2, 3flexible merging algorithms and to integrate better the
... 10 sentences. We investigate whether more sentend¢ep-down and bottom-up processes that are used to in-



duce FSAs. We also wish to extract more abstract par®ARPA. 2002. InDARPA IAO Machine Translation
phrase patterns from the current representation. Such patWorkshop Santa Monica, CA, July 22-23.

terns are more likely to get reused — which would help u
get reliable statistics for them mthe extrac_:tlon phase, an Marcu. 2002. Natural language based reformulation
also have a better chance of being applicable to unseen,oqurce and web exploitation for question answer-

data. ing. In Proceedings of the Text Retrieval Conference
(TREC-2002)November.
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