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Abstract task is split into two steps: First, a so-call&h-
lois lattice is built for the lexicon. This encodes all
Lexical inheritance hierarchies are used  possible word classes together with their properties.
widely as a means of representing lexi-  The lattice is then pruned into an inheritance hierar-
cal information efficiently, but there have chy which is intended to capture interesting linguis-
been few attempts to construct them au- tic generalisations. Thus the automatic construction
tomatically. This paper presents a modu- of a hierarchy is reduced to a classification problem:
lar architecture which makes it possible to Finding a good learning method amounts to finding
evaluate different formal criteria that may a classifier that correctly predicts when a node in the

guide a learning algorithm. lattice should be pruned and when it should be re-
tained.
1 Introduction The set-up allows one to experiment with dif-

ferent classifiers but this presupposes an evaluation
Grammar development over the last decades hasethod. So far, automatically constructed hierar-
seen a shift away from large inventories of gramehies have been evaluated by comparing them “by
mar rules to richer lexical structures. Many modermand” to manually constructed hierarchies. To facil-
grammar theories lik¢ead-Driven Phrase Struc- itate the evaluation of big hierarchies, | will propose
ture Grammar(Pollard and Sag, 1994) arfthtego- an automatic evaluation technique based on a graph
rial Grammar (Wood, 1993) (Steedman, 1996) arematching algorithm and a distance measure.
highly lexicalised. But simply listing lexical en-  Two different pruning methods are evaluated: one
tries results in an undesirable amount of redundancyased on a simple concept of minimal redundancy
Lexical inheritance hierarchies address this problemind the other using a basic maximum entropy model.
by providing a way of capturing linguistic generali- For comparison, a randomly pruned lattice has also

sations. been evaluated.
Inheritance hierarchies are commonly constructed

by hand but this is time-consuming and often im2  Background
practical if a lexicon is very large. Constructing hi-
erarchies automatically or semi-automatically facilSo far there has been little work on the automatic
itates a more systematic analysis of the lexical dataonstruction of lexical inheritance hierarchies. The
In addition, lexical information is often extractedmost comprehensive work to date is Barg (1996).
automatically from corpora and this is likely to in- Barg presents an algorithm for learning hierarchies
crease over the coming years. Therefore it makdsr the DATR lexical representation language (Evans
sense to go a step further and automate the hieramnd Gazdar, 1996) using a transformation-based ap-
chical organisation of lexical data too. proach. The search through the space of permissi-
This paper presents an approach to learning inhdste transformations is guided by a set of evaluation
itance hierarchies from unstructured lexicons. Theriteria, which are ordered by priority. The criteria



included in the set and their priority may vary forficial. If the aim is to derive linguistically plausible

different linguistic domains. Most criteria refer to hierarchies then it may be better to focus more on

the size and complexity of a hierarchy. interdependencies in the data than on the number of
Cahill (1998) presents a semi-automatic methododes or attribute-value pairs in a hierarchy.

for building DATR hierarchies for multi-lingual lex-

icons. She focuses on inferring morphologicaP System Architecture

and phonological generalisations across Ianguagelshe architecture of the system utilises a Galois lat-

These generalisations are extracted automatically lﬁ}ée (Godin et al., 1995) (Ganter and Wille, 1999)
applying a pattern-matching algorithm to the OIrtho'Given a set of i,nstances (i.e. lexical ent,rieE)

gra_phic and phonological forms Of lexical e_ntriesa set of features (i.e. the different attribute-value
while the general structure of the hierarchy (i.e. thSairS describing the entried), and a binary rela-

part_lal order over nod_es) IS hard-V\_/lred._ tion R — E x E', a Galois lattice is a partial order
Light (1994) investigates ways in which new en-

, _ _ o . over all pairs of the form{ X, X'), whereX C FE,
tries can be inserted into an existing hierarchy. H%, C E' such that:

uses a greedy algorithm that inserts entries in sucha — '

way that the sum of the number of parent nodes and X = {z ¢ E|V2' € X', zRz'}

the number of attribute-value pairs that have to be X' = (o € B')Va € X,2Ra')

listed at the entry itself is minimised. Light's algo-

rithm does not create new (non-terminal) classes anthe pair(X, X') is called aconceptwhereX is the
therefore cannot be used to learn a hierarchy frogytensjorof the concept (i.e. the set of lexical entries
scratch. it comprises) and\{” is its intension(i.e. the set of
Petersen (2001) independently proposed an agyibute-value pairs that are shared by all members
proach that is similar to the one presented here. Shethe concept's extension).
also constructs &alois (or Concepy lattice. This Under the (simplifying) assumption that the
lattice is then pruned into a hierarchy that is min«jqeg” hierarchy for a lexicon is contained in the
imally redundant with respect to the number of itg5¢tice 1 building a hierarchy can be reduced to a
attribute-value pairs, i.e. each attribute-value pagjassification task: one has to decide which nodes
occurs exactly once. (i.e. concepts) should be pruned and which should
Most of these approaches focus on some notion gk retained. Finding a good algorithm for construct-
“‘minimal redundancy”, i.e. they aim to derive hierar-ing |exical inheritance hierarchies then amounts to
chies which are minimal with respect to some deﬁniﬁnding a suitable pruning method.
tion of redundancy. However, minimal redundancy Assessing a pruning method involves evaluating
is not well defined in the context of inheritance hierine nierarchies derived by it. Barg (1996) and Light
archies and different redundancy criteria often COrY1994) evaluate their hierarchies by comparing them
flict with each other. For instance, reducing the NUM+y hand” to a manually built hierarchy for the same
ber of attribute-value pairs often means increasingyicon. | follow these approaches in assuming that
the number of nodes, andce versa Previous ap- manually built hierarchies are the “gold-standard” —
proaches have addressed this problem by restrictirﬂgey represent what linguists believe are important
the definition of minimal redundancy to one Crite'generalisations. But | propose an automatic evalua-
rion (Petersen, 2001), by weighting (Light, 1994)j5n method which uses a graph matching algorithm
or ordering potentially conflicting criteria (Barg, o match a derived hierarchy to the corresponding

1996). So far, however, there has not been any wotkanyally built one. Since hierarchies derived by the
on assessing which formal criteria are useful fo——

1 : H “; H 2
. . . . In practice there is not an “ideal hierarchy” but rather a
the task of constructing hierarchies automatically Olet of more or less plausible hierarchies. Not every of these

how these criteria should be combined, that iS howierarchies is necessarily contained in the Galois lattice. For
much weight conflicting criteria should carry. It isinstance, in the Galois lattice every non-terminal node will have

. . at least two children while there may be a plausible hierarchy
also not clear that focusing more or less eXClus“/el%at —due to data sparseness— contains a node with only one
on criteria that aim to minimise redundancy is beneghild.



pruning methods discussed below are guaranteeduaique in the other direction, i.e. one has to ensure
be sound i.e. compiling them odtwill result in the that no node in the automatically constructed hier-
same lexicon as compiling out the manually built hiarchy is matched twice. A greedy search is em-
erarchy, it is not necessary to test for soundness ployed for this optimisation: Conflicts are resolved
the evaluation step. by comparing the best match for every node to the
The graph-matching has to leeror-tolerant i.e. best match for every other node. If the best match
allow for imperfect matches. This requires (i) a meatfor two different nodes in the manually built hierar-
sure of the similarity between two graphs or theichy involves the same node in the automatically con-
components and (ii) a threshold which specifies howtructed hierarchy, the algorithm chooses the match
similar two components have to be before they cawith the higher node similarity and backs off to the
be matched. second best match for the other node if possible. If
The matching algorithm matches nodes. Nodbacking off creates a new conflict this new conflict
similarity (ns) is based on the (weighted) exten-is resolved in a similar fashion. The algorithm stops
sional €ol) and intensional i¢l) overlap between when there are no conflicts left. In practice, conflicts

two nodes: _ occurred in less than 1% of the nodes.
ns= w The overall precisiongrec of the learning algo-
Where extensional and intensional overlap are déithm is then defined as the average of two basic
fined as: precision measuresattribute-value pair precision
eo| = # 0f common terminal descendants x 2 (avp-prec)_, w.hich measures how well the attribute-
# tdesc n+7 tdesc n’ value pairs in the derived hierarchy represent the
(# tdesc n and # tdesc n' are the number of terminal attribute-value pairs in the manually-built hierarchy,
descendants of nodeand node’, respectively) andnode precisior{fnode-preg, which measures the
. _ # of shared attribute—value pairs x 2 percentage of nodes in the derived hierarchy that
ol = # avps n+f avps n’ could be matched:

(# avps n and # avps n’ are the number of attribute-value
pairs of noden and noden’, respectively)

# matched avps
# avps in derived hierarchy

avp-prec =
. . . # matched nodes
The graph matching algorithm starts by matching — NOd€-PreC gt ierived hierarchy
the terminal nodes of the manually built hierarchy
to the terminal nodes of the derived hierarchy. This prec
is fairly straightforward since every terminal node Attribute-value pair precisiomndnode precision
contains an attribute-value pair which encodes an 1bave different strengths and weaknesses, which can
number by which it can be uniquely identified. AndPe levelled out by combining the two measures to
ID numbers are identical in both hierarchies. Thdorm an overall precision measure. Thus, node pre-
algorithm then traverses the manually built hierarcision depends largely on the matching threshold
chy bottom-up, comparing each non-terminal nod@nd once two nodes have been matched the qual-
in the manually built hierarchy to each non-terminalty of the match is disregarded, while attribute-value
node in the derived hierarchy. Thebest matches Pair precision depends to a lesser degree on the
for a node are remembered, provided their similaritfhreshold as it takes the overall quality of matches
value lies above the user-defined threshold and ndfLto account but it disregards the number of nodes in
ther their extensional nor their intensional overlaghe hierarchy.
are zer® Once all nodes in the manually built hi- Overall recall fec) is calculated in the same fash-

erarchy have been considered the matching is maif#, based orattribute-value pair recall(avp-req
. andnode recall(node-reg:

_ (avp-prec)+(node-prec)
- 2

2A hierarchy is compiled out by having each lexical entry
inherit all properties from its ancestors, resulting is a set of fully avp-rec = __# matched avps
specified lexical entries. # avps in manually—built hierarchy

3n was set to 10 in the experiments, but in practice a node “The termmatched avpslescribes the number of attribute-
could maximally be matched to 2 other nodes. For all othevalue pairs that could be matched, i.e. the number of shared
potential matches the node similarity was below the thresholdttribute-value pairs in a matched node summed over all
(which was 0.5). matched nodes.




node-rec= -7 it ods 1999). After removing lexical rules and inconsistent
nodes in manually—built hierarchy ) ) ) )
entries, the hierarchy contained 501 terminal nodes
_ (avp-rec)+(node-rec) . . . .
rec = 2 (i.e. lexical entries). It was compiled-out and a Ga-

. _ lois lattice was built for the compiled-out lexicon.
Precision and recall only take non-terminal nOde%en two different pruning methods were tested:

into account since it is in general much easier for g, minimal-pruning the lattice is pruned in such

construction algorithm to do well on terminal node%1 way that every attribute-value pair occurs only
than it is to do well on non-terminals. This is be-, .o " For each attribute-value pair there is guaran-
cause there are usually several attribute-value pajigy 1 he a unique highest introduction point and for
that apply uniquely to one lexical entry, for exampl&inimal-pruning attribute-value pairs are only re-

attribute-value pairs referring to the orthography Ofyineq at their highest introduction point and pruned
phonology of an entry. These attribute-value pairgq, every node further down the inheritance path.

will only occur in one place in the Galois lattice Nodes which do not function as highest introduction

(”""_me'y in the node corresponding to the_ reIev‘""ﬁoints for any attribute-value pair will consequently
lexical entry) and consequently every pruning algobe stripped of all their attribute-value pairs and will

ntEm will get them right. ~ If term(;nal n(I)Ides V|\£jer§ subsequently be removed from the hierarchy. The
taken into accqunt, prec_|5|on and reca ) wou oot and terminal nodes, however, are retained even
pend on the ratio of terminal to non-terminal nodes; they do not contain attribute-value pairs to en-

Once precision and recall have been defined they, e that the hierarchy is well-defined (Carpenter,
can be combined into a single measure,ftseore 1995y This pruning method is equivalent to Pe-
which is defined as: tersen’s (2001) approach.

f.score= 2xXprecxrec In  random-pruning  non-terminal  nodes
prectrec are pruned using a random  process
The experimental set-up then is as shown X : Q — {prune,retain}:
Figure 1.  First, a manually built hierarchy is .
compiled-out. Then a Galois lattice is constructed P(X = retain) = P(X = prune) = 0.5
for the compiled-out lexicon. The lattice is then Random-pruning is done top-down. If a node is
pruned and the resulting hierarchy is matched to tH€tained, all of its attribute-value pairs are removed
manually built hierarchy. from nodes further down the inheritance path. This
guarantees that no attribute-value pair will be speci-

precision fied twice on any inheritance path. Again, resulting
automatically . .
derived hierarchy] recall empty nodes are pruned (with the exception of _the
graph root and terminals). Therefore the actual pruning
T _ matching rate may be higher thaR(X = prune). Random-
pruning pruning forms a baseline for the task.
The automatically constructed hierarchy was then
Galois manually built matched to the original, manually built, hierarchy
|attice hierarchy (using a threshold of 0.5) and evaluated. Random-
\ compiled out / pruning was performed 100 times and the results
lexicon were averaged (figure 2).

. . | Minimal | Random (avg.) Manual |
Figure 1: Experimental Set-Up

f-score| 22.14% 18.37% n/a
prec. 15.79% 12.21% n/a
0, 0,
4 Minimal vs. Random Pruning ‘ reco.l ‘ 377'22/‘" 377';3/" ‘ QE ‘
nodes

The experiment was conducted using the lexical in- _ - _
heritance hierarchy supplied with (Sag and Wasow,  Figure 2: Minimal vs. Random Pruning



As expected, minimal pruning performs better As a first experiment a simple maximum en-
than random pruning. While an f-score of 22.14%ropy model has been trained on a Spanish lexicon
may not look very impressive, it has to be remem{Simbes, 2001). Nodes contained in both the Ga-
bered that the upper bound for this task is certainlipis lattice and the manual hierarchy are positive
below 100%. This follows from the fact that lin- training examples (i.eretain) and nodes only con-
guists do not always agree on the most plausible hiained in the Galois lattice are negative training ex-
erarchy. amples (i.eprung. The trained model has then been

A visual inspection of the hierarchy derived byused to prune the Galois lattice derived from the
minimal pruning revealed that it contains severaEnglish lexicon mentioned above (Sag and Wasow,
nodes with only one attribute-value pair. This is1999) and the resulting hierarchy has been evaluated
not surprising as attribute-value pairs will only oc-against the original (English) hierarchy.
cur together at a node if they always occur together To be able to train on one lexicon and test on
in the original lexicon. However, nodes which con-another means that the maximum entropy features
tain only one attribute-value pair are are unlikelyhave to be kept relatively knowledge-poor, i.e. they
to be plausible generalisations of the lexical datahould not refer to particular attribute-value pairs.
and hardly ever occur in manually built hierarchiesSo far, 14 maximum entropy features sets have been
Thus it is likely that minimal-pruning is too aggres-implemented, which refer, for example, to the ances-

sive in this respect. tors and descendants of a node, to its level in the hi-
erarchy and to properties of its attribute-value pairs
5 A Maximum Entropy Classifier (see Sporleder (2002)). However, so far no interde-

pendencies between attribute-value pairs have been
It seems that it might be beneficial to experimentaken into account. The results are shown in figure 3.
with an alternative classifier that aims for a global
optimisation over different contextual criteria that f-score | prec. rec. | nodes
can effect the construction of lexical inheritance hi- 22.16% | 18.59% | 27.44%| 553
erarchies. This allows for a more fine-grained mod-
elling of linguistic plausibility and can be done by  Figure 3: Simple Maximum Entropy Model
making use of the maximum entropy framework.

Maximum entropy models have been success- The f-score is comparable to the one for minimal
fully applied to several NLP problems (RatnaparkhiPruning. Given that the maximum entropy model is
1998). They use weightdeaturesto determine the Still very crude and the training set supplied by the
probability of a class. Features represent the cofgPanish lexicon is quite small, this is encouraging.
text of an entity to be classified. The weights are sdtis hoped that with a more sophisticated model and
automatically by running a parameter-estimation a@ bigger training set this will further improve.
gorithm, enforcing a uniform distribution while still
obeying the constraints specified by the features.

Because feature weights can be set automaticallyhis paper presented an approach to constructing
in a supervised training step, the maximum enfmonotonic) multiple lexical inheritance hierarchies
tropy framework makes it easy to combine featureautomatically by first constructing a Galois lattice
into one classifier. Consequently, maximum entropfor a lexicon and then pruning it. To evaluate the re-
models can be very fine-grained, taking several asulting hierarchies an automated evaluation method
pects of the context into account. This makes themvas proposed, which assesses the similarity between
ideal for pruning the Galois lattice. Furthermorean automatically derived and a manually built hier-
the features do not have to be statistically indeperarchy.
dent. This is useful because some contextual prop- A pruning method using a simple minimal redun-
erties are not independent (cf. the redundancy critelancy criterion was evaluated and compared to prun-
ria: number of attribute-value pairs and number oing randomly and to a simple maximum entropy
nodes). pruning method. As expected, both the minimal

6 Conclusions and Future Work



pruning and the maximum entropy pruning yieldwiebke Petersen. 2001. A set-theoretical approach for
better results than random pruning. The fact that the induction of inheritance hierarchieslectronic
the results for the relatively crude maximum entropy '\Otes in Theoretical Computer Sciend:1-12.

model are already comparable to the minimal pruncarl Pollard and Ivan A. Sag. 199Klead-Driven Phrase
ing method is quite encouraging. Structure Grammar University of Chicago Press,

For the future it is planned to refine the maximum hicago.

entropy model by incorporating more features an@lgwait Ratnaparkhi. 1998 Maximum Entropy Models
training on a bigger training set and to evaluate it on for Natural Language Ambiguity ResolutionPh.D.

a set of different hierarchies. However, constructing thesis, Computer and Information Science, University
a complete Galois lattice is infeasible for most non- of Pennsylvania.

trivial lexicons. So a first step will involve approxi- lvan A. Sag and Thomas Wasow. 1998yntactic The-
mating the Galois lattice construction or interleaving ory: A Formal Introduction CSLI Publications, Stan-
it with the pruning step. ford.
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