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Abstract

TheVarro toolkit offers an intuitive mech-
anism for extractingsyntactically mo-
tivated multi-word expressions (MWES)
from dependency treebanks by looking for
recurring connected subtrees instead of
subsequences in strings. This approach
can find MWEs that are in varying orders
and have words inserted into their compo-
nents. This paper also propos#sscrip-
tion length gainas a statistical correlation
measure well-suited to tree structures.

1 Introduction

Automatic MWE extraction techniques operate

by using either statistical correlation tests on thEi9ure 1. Adependency treef the sentence
distributions of words in corpora, syntactic pat- | "€ Minutes of yesterday’s sitting have been dis-
tern matching techniques, or by using hypothelibuted”

ses about the semantic non-compositionality of

MWEs. This paper proposes a purely statisticdion projects to date take advantage of dependency
technique for MWE extraction that incorporategnformation directly. There are a number of rea-
syntactic considerations by operating entirely ogons why this is the case:

dependency treebanks. On the whole, dependency.
trees have one node for each word in the sentence,
although most dependency schemes vary from this
to some extent in practice. See Figure 1 for an
example dependency tree produced automatically
by the Stanford parser from the English language
data in theEuroparl corpus (Marneffe, 2008;
Koehn, 2005)

Identifying MWES with subtrees in dependency
treesis not a new idea. Itis close to the formal def-
inition offered in MelCuk (1998), and is applied
computationally in Debusmann (2004) However, The tool and statistical procedures used in this
using dependency treebanks to automatically exesearch are not language dependent and can op-
tract MWEs is fairly new and few MWE extrac- erate on MWE ofany size producing depen-

String-based algorithms are not readily ap-

plicable to trees.

e Tree structures yield a potentially combina-
torial number of candidate MWEs, a prob-
lem shared with methods that look for strings
with gaps.

e Statistical techniques used in MWE extrac-

tion, like pointwise mutual informatignare

two-variable tests that are not easy to apply
to larger sets of words.



fixed sequences of words in the original text,
they include syntactically motivated discontinu-
ous phrases. This dramatically reduces the num-
ber of candidate discontinuous MWEs when com-
pared to string methods. Amnordered induced
subtreeis a subtree where the words may appear
with different word orders, but the subtree is still
identified as the same if the dependency structure
(@) “The Minutes ()  (b) “(..) Minutes of is the same. Arequent closed subtres a sub-
have been distributed”  (...) distributed.” tree of a treebank that appears more than some
fixed number of times and where there is no sub-

Figure 2. Two induced subtrees of the dependend}f€ that contains it and appears the same number
tree in Figure 1. Note that both correspond to dis?f times. Finding onlyclosedsubtrees reduces the
continuous phrases in the original sentence. combinatorial explosion of possible subtrees, and
ensures that each candidate MWE includes all the
words the that co-occur with it every time it ap-

dency pairs, short phrases of any syntactic Catﬁ'ears

gory, lengthy formulas and idioms. There are no

underlying linguistic assumptions in this method3 Preprocessing and Extracting Subtrees
ology except than MWE must consist of words

that have a fixed set of dependency links in @he English language portion of thEuroparl
treebank Even word order and distance betweelCorpus, version 3vas parsed using the Stanford
words is not directly assumed to be significantparser, which produces both a constituentcy parse
The input, however, requires substantial linguisand a dependency tree as its outpifthe depen-
tic pre-processing — particularly, the identificatiordency information for each sentence was trans-
of at least some of the dependency relations iformed into the XML input format used byarro.
the corpora used. Retrieving MWES that contairrhe result is a treebank of 1.4 million individual
abstract categories, like information about the aparse trees, each representing a sentence, and a to-
guments of verbs or part-of-speech informational of 36 million nodes.
for unincluded elements, requires using treebanks |n order to test the suitability dfarro for large
that contain that information, rather than purelyreebanks and intensive extractions, all recurring
lexical dependency trees. closed subtrees that appear at l¢astewere ex-
tracted. This took a total of 129,312.27 seconds
(just over 34 hours), producing 9,976,355 frequent
subtrees, of which 9,909,269 contain more than
The Varro toolkit is an open-source application folone word and are therefore candidate MWEs.
efficiently extractingfrequent closed unordered A fragment of theVarro output can be seen in
induced subtreedrom treebanks with labeled Figure 3. The nodes of the subtrees returned are
nodes and edges. It is publicly available under anot in a grammatical surface order. However, the
open source license.For a fuller description of original source order can be recovered by using
Varro, including the algorithm and data structureghe locations where each subtree appears to find
used and a formal definition fifequent closed un- the order in the treebank. Doing so for the tree
ordered induced subtregsee Martens (2010).  in Figure 3 shows what kinds of MWES this ap-
Given some tree like the one in Figure 1,ian proach can extract from treebanks. The under-
duced subtredés a connected subset of its nodedined words in the following sentences are the
and the edges that connect them, as shown émes included in the subtree in Figure 3:

Figure 2. Subtrees do not necessarily represent——
- 2This portion of the work was done by our colleagues
Yhttp://ivarro.sourceforge.net/ Jorg Tiedemann and Gideon Ké&at RU Groningen.

2 Varro Toolkit for Frequent Subtree
Discovery



<subtree rootCount="2581"

entropy="97. 2382532056 Space prevents the full description of the en-
MiT7s S1000050 coding mechanism used or the way DLG is cal-
trogy ComPression=r0. 7765525044787 > culated. The encoding mechanism is largely the
<niod dge=" t" label="ROOT" > i i i
node edgeso lahels+take > same as the one described in Luccio et al. (2001)
<node edge="nsuhj" lahel="vote" > i i i i
PRSI ket B A Converting the trees_ to st.rlngs makes it .p053|ble to
</node > -
e dgeerdabi® Labele"place” /> calculate the encodlng size by calc_ulatlng the en
<node edge="prep" label="at" /> tropy of the treebank in that encoding using clas-
<node edge="aux" label="will" /» . . . .
jrf'ngdm sical information theoric methods.
</node s . .
</tree> In effect, the procedure for calculating DLG is
<addresses>
<node id="ep-05-02-22.649.0" /> to calculate the entropy of the whole treebank,

<node id="ep-05-02-22 2712
<node id="ep-05-02-22.2981:
<node id="ep-05-02-22:3126:
<node 1d="ep-05-02-22:3204:
<node 1d="ep-05-02-22:3420:;
<node id="ep-99-01-14:1510:

S given the encoding method chosen, and then to
e recalculate its entropy given some subtree which
i is removed from the treebank and replaced with a

ocoooooo o
S
w

(node A e symbol that acts as an abbreviation. That subtree
node id="ep-99-01-14.3075.0" />

<node id="ep-01-01-1%.392.0" /> i

e e e 0 is then be added back to the treebank once as part

of a look-up table. These methods are largely the

Figure 3. An example of a found subtree and carf@me as those used by common data compression
didate MWE. This subtree appears in 2581 uniquéoftware.

locations in the treebank, and only the locations DLG is the difference between these two en-
of the first few places in the treebank where it aptropy measures.

pears are reproduced here, but all 2581 are in theBecause of the sensitivity of DLG to low fre-
Varro output data. guencies, it can be viewed as a kind of non-

parametric significance test. Any frequent struc-
ture that cannot be used to compress the treebank

The vote will take placéomorrow at9 a.m. has a negative DLG and is not frequent enough or

The vote will take placéoday atoon.

The vote will take placeomorrow, Wednesday large enough to be considered significant.
at11:30 a.m. Varro reports several statistics related to DLG
for each extracted subtree, as shown in Figure 3:
4 Statistical Methods for Evaluating e Unique appearances (reported by tioet-
Subtrees as MWEs Countattribute) is the number of times the
extracted subtree appears with a different

To evaluate the quality of subtrees as MWEs,
we propose to use a simplified form afe-
scription length gain(DLG), a metric derived
from algorithmic information theory and Mini-
mum Description Length methods (MDL). (Ris-
sanen, 1978; Gmwald, 2005) Given a quantity of
data of any kind that can be stored as a digital in-
formation in a computer, and some process which
transforms the data in a way that can be reversed, o
DLG is the measure of how the space required to
store that data changes when it is transformed.

To calculate DLG, one must first decide how to AMI is comparable tgpointwise mutual infor-
encode the trees in the treebank. It is not neceg¥ation(PMI) in that both are measures of redun-
sary to actually encode the treebank in any paglant bits, whilecompressiofis comparable taor-
ticular format. All that is necessary is to be ablenalized mutual informatiometrics.
to calculate how many bits the treebank would re-

) ] 3This is avery simplifiecpicture of MDL and DLG met-
quire to encode it. fics.

root node.

e Entropyis the entropy of the extracted sub-
tree, given the encoding scheme thairro
uses to calculate DLG.

e Algorithmic mutual information(AMI) (re-

ported with themi attribute) is the DLG of

the extracted subtree divided by its number
of unique appearances in the treebank.

Compressions the AMI divided by the en-

tropy.



5 Results and Conclusions 6 Acknowledgements

We used the metrics described above to sort thehis research is supported by the AMASS++

nearly 10 million frequent subtrees of the parse®roject; directly funded by thenstitute for the
English Europarl corpus. We found that: Promotion of Innovation by Science and Technol-

ogy in Flanders (IWTJSBO IWT 060051) and by
e Compressiorand AMI metrics strongly fa- the PaCo-MT project (STE-07007).
vor very large subtrees that represent highlﬁ
formulaic language. eferences
e DLG alone finds smaller, high frequency ex-Debusmann, Ralph. 2004. Multiword expressions as

pressions more like MWEs favoured by ter- dependency subgraphsProceedings of the 2004

minologists and collocation analysis. ’gg L Workshop on Multiword Expressionsp. 56-

For example, the highest DLG subtree matchéegotti, Fabrizio, Philippe Langlais, Eliott Macklovitch,
. P P Didier Bourigault, Benoit Robichaud and Claude
the phrasethg European Union” This is not Coulombe. 2005. 3GTM: A third-generation trans-
unexpected given the source of the data and con-jation memory. Proceedings of the 3rd Computa-
stitutes a very positive result. Among the nearly tional Linguistics in the North-East Workshopp.
10 million candidate MWEs extracted, it also 8-15.
places near the top discontinuous phrases likgrinwald, Peter. 2005. A tutorial introduction to
“...am speaking ... in my ... capacity as..” the minimum description length principle. Ird-
Using both compression ratio and AMI, the vagczs 'I',”' M'”'m(ugn Deéc”pt'cig Il_erj]gth:MTheory
: . . and Applications (Peter Ganwald, In Jae Myung,
same subtree appears first. It is present 26 times, Pitt, eds.), MIT Press, pp. 23-81.
in the treebank, with a compression score of 0.894

and an AMI of 386.92 bits. It corresponds to the<0ehn, Philipp. 2005. Europarl: A Parallel Corpus for
Statistical Machine Translation. Proceedings of the

underlined words in the sentence below: 10th MT Summit, pp. 79-86
The next item is the recommendationfor Luccio, Fabrizio, Antonio Enriquez, Pablo Rieumont
second reading (A4-0245/99), _on behalf of and Linda Pagli. 2001. Exact Rooted Subtree
the Committeeon Transport and Tourism, on Matching in Sublinear Time Universiti di Pisa
the common position adoptedby the Council Technical Report TR-01-14.
(13651/3/98 - C4-0037/99-96/0182 (COD) with
a view to adoptinga Council Directive on the de Marneffe, Marie-Catherine and Christopher D.
charging of heavy goods vehicles for the use of Manning. 2008. The Stanford typed dependencies

certain infrastructures. representation. Proceedings of the 2008 CoLing

Workshop on Cross-framework and Cross-domain
This is precisely the kind of formulaic speech, Parser Evaluationpp. 1-8.

with various gaps to fill in, which is of great inter- Martens, Scott. 2010. Varro: An Algorithm and
est forsub-sentential translation memory systems Toolkit for Regular Structure Discovery in Tree-
(Gotti et al., 2005; Vandeghinste and Martens, banks.Proceedings of the 2010 Int'l Conf. on Com-
2010) putational Linguistics (CoLing)in press.

We believe this kind of strategy can substanMel’¢uk, Igor. 1998. Collocations and Lexical Func-
tially enhance MWE extraction techniques. It in- tions. In: Phraseology. Theory, Analysis, and Ap-
tegrates syntax into MWE extraction in an intu- Plications (Anthony Cowie ed.), pp. 23-53.
itive way. Furthermore, description length gainRissanen, Jorma. 1978. Modeling by shortest data
offers a unified statistical account of an MWE as description.Automaticavol. 14, pp. 465-471.

a linguistically motivated structure that can comy/andeghinste, Vincent and Scott Martens. 2010.

press relevant corpus data. Itis similar to the types Bottom-up transfer in Example-based Machine

of statistical tests already used, but is also non- Translation. Proceedings of the 2010 Conf. of the
. . . European Association for Machine Translatjan

parametric and suitable for the study of arbitrary press.

MWEs, not just two-word MWES or phrases that

occur without gaps. “http://www.cs.kuleuven.bel liir/projects/amass/



