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Abstract Much of the existing work on automatically ex-
o o ] tracting resources is based on ttistributional hy-
Distributional - similarity requires large pothesisthat similar words appear in similar con-

volumes of data to accurately represent  (oyis Existing approaches differ primarily in their
infrequent words. However, the nearest-  gefinjtion of “context’, e.g. the surrounding words
neighbour approach to finding synonyms o the entire document, and their choice of distance
suffers from poor scalability. The Spa-  metric for calculating similarity between the vector
tial - Approximation Sample Hierarchy of contexts representing each term. Finding syn-
(SASH), proposed by Houle (2003b), is  onyms using distributional similarity involves per-
a data structure for approximate nearest- forming a nearest-neighbour search over the context
neighbour queries that balances the effi-  \ectors for each term. This is very computation-
ciency/approximation trade-off. We have gy intensive and scales according to the vocabulary

intergrated this into an existing distribu-  gj76 and the number of contexts for each term. Cur-
tional similarity system, tripling efficiency ran and Moens (2002b) have demonstrated that dra-
with & minor accuracy penalty. matically increasing the quantity of text used to ex-
tract contexts significantly improves synonym qual-
1 Introduction ity. Unfortunately, this also increases the vocabulary

With the development of WordNet (Fellbaum, 1998)SIze and the number of conte_xts for. each term, mak-
Ing the use of huge datasets infeasible.

and large electronic thesauri, information from lex-
ical semantic resources is regularly used to solve There have been many data structures and ap-
NLP problems. These problems include collocatiofProximation algorithms proposed to reduce the com-
discovery (Pearce, 2001), smoothing and estimatidttational complexity of nearest-neighbour search
(Brown etal., 1992; Clark and Weir, 2001) and questChavez et al., 2001). Many of these approaches re-
tion answering (Pasca and Harabagiu, 2001). duce the search space by using clustering techniques
Unfortunately, these resources are expensive aflgenerate an index of near-neighbours. We use the
time-consuming to create manually, and tend to sufSPacial Approximation Sample HierarchgAsH)
fer from problems of bias, inconsistency, and limitedlata structure developed by Houle (2003b) as it al-
coverage. In addition, lexicographers cannot ked@Ws more control over the efficiency-approximation
up with constantly evolving language use and caritade-off than other approximation methods.
not afford to build new resources for the many sub- This paper describes integrating ts@sH into
domains thaiNLP techniques are being applied to.an existing distributional similarity system (Cur-
There is a clear need for methods to extract lexicabn, 2004). We show that replacing the nearest-
semantic resources automatically or tools that assiseighbour search improves efficiency by a factor of
in their manual creation and maintenance. three with only a minor accuracy penalty.
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2 Distributional Similarity 3 Nearest-neighbour search

Distributional similarity systems can be separate@he simplest algorithm for finding synonyms is
into two components. The first component extractaearest-neighbour search, which involves pairwise
the contexts from raw text and compiles them into &ector comparison of the target term with every term
statistical description of the contexts each term apin the vocabulary. Given an term vocabulary and
pears in. The second component performs nearesip tom attributes for each term, the asymptotic time
neighbour search or clustering to determine whicbomplexity of nearest-neighbour searchGg¥m).
terms are similar, based on distance calculations b€his is very expensive with even a moderate vocab-
tween their context vectors. The approach used uary and small attribute vectors making the use of
this paper follows Curran (2004). huge datasets infeasible.

2.1 Extraction Method 3.1 Heuristic

A context relationis defined as a tuplew(r,w’)  Using cutoff to remove low frequency terms can sig-
wherew is a term, which occurs in some grammatinificantly reduce the value ai. In these experi-
cal relationr with another wordv’ in some sentence. ments, we used a cutoff of 5. However, a solution
We refer to the tupler(w’) as anattribute of w. For s still needed to reduce the factor Unfortunately,
example(dog, diect-obj, walk) indicates thatlog  reducingm by eliminating low frequency contexts
was the direct object afialk in a sentence. has a significant impact on the quality of the results.
Context extraction begins with a Maximum En- Curran and Moens (20023) propose an initial
tropy Postagger and chunker (Ratnaparkhi, 1996)heuristic comparison to reduce the number of
The Grefenstette (1994) relation extractor producesil O(m) vector comparisons. They introduce a
context relations that are then lemmatised using thsbunded vector (lengtk) of canonical attributes,
Minnen et al. (2000) morphological analyser. Theelected from the full vector, to represent the
relations for each term are collected together angrm. The selected attributes are the most strongly
counted, producing a context vector of attributes angeighted verb attributes: Curran and Moens chose
their frequencies in the corpus. these relations as they generally constrain the se-
mantics of the term more and partake in fewer id-

_ _ iomatic collocations.
Both nearest-neighbour and cluster analysis meth- |t 5 pair of terms share at least one canonical

ods require a distance measure that calculates thgripute then a full similarity comparison is per-
similarity betwe_en context \_/ectors. Curran _(2004?ormed, otherwise the terms are not considered sim-
decomposes this measure int@asureandweight  jjar. If a maximum ofp positive results are returned,

functions. Themeasurdunction calculates the sim- o, complexity become®(n?k+npm), which, since
ilarity between two weighted context vectors and thg is constant, iO(n? + npm).

weightfunction calculates a weight from the raw fre-
guency information for each context relation. 4 ThesASH

The SASH requires a distance measure that pre- _ _
serves metric space (see Section 4.1). For these 1€ SASHapproximates a nearest-neighbour search
periments we use theédcARD (1) measure and the PY Pré-computing some of the near-neighbours of
TTEST (2) weight, as Curran and Moens (2002aFaCh node (terms in our case). It is arranged as a

found them to have the best performance in theffitlti-leveled pyramid, where each node is linked
comparison of many distance measures. to its (approximate) pear-nelghbours on the levels
above and below. This produces multiple paths be-

tween nodes, allowing theasH to shape itself to
the data set (Houle, 2003a). This graph is searched
by finding the near-neighbours of the target node

2.2 Measures and Weights

Z(I’,W’) mln(Wgt(\Nm’ *r, *W’)9 Wgt(Wn, *r, >kW’))
Z(I’,W’) maX(Wgt(Nm’ *, *W’)’ Wgt(Wn, *r, >kW’))

(1)

pw, 1, W) — px, 1, W) p(w, *, *) (2) ateach level. The following description is adapted
VP(x, 1, W) p(W, *, ) from Houle (2003b).
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Figure 1. AsasH, wherep=2,c=3andk =2

4.1 Metric Spaces 4.2 Structure

The sAsH organises nodes that can be measured The SASH is a directed, edge-weighted graph with
metric space Although it is not necessary for the the following properties:

SASH to work, only in this space can performance _

be guaranteed. Our meaures produceairic-ike ~ ® Each term corresponds to a unique node.

space for the terms derived from large datasets. e The nodes are arranged into a hierarchy of lev-
A domain D is a metric spaceif there exists a els, with the bottom level containing nodes
functiondist: D x D — R such that: and the top containing a single root node. Each

level, except the top, will contain half as many

1. dist(p,q) > 0 ¥ p,q & D (non-negativity nodes as the level below. These are numbered

2. dist(p,q) = 0 iff p=qV p,q e D (equality from 1 (top) toh.

. . e Edges between nodes are linked from consecu-
3. dist(p, q) = dist(q, p) ¥ p.q € D (symmetry tive levels. Each node will have at mgsipar-
4. dist(p, q) + dist(qg, r) > dist(p, r) entnodes in the level above, aecthild nodes

V¥ p,g,r € D (triangle inequality in the level below.

e Every node must have at least one parent so that

We invert the similarity measure to produce a dis- all nodes are reachable from the root.

tance, resulting in condition 2 not being satisfied
sincedist(p, p) = X, X > 0. For most measures Figure 1 shows a&ASH which will be used below.
is constant, sdlist(p, q) > dist(p, p) if p# gqandp _
andq do not occur in exactly the same contexts. Fof-3 ~ Construction
some measures, e.g.I1&k, dist(p, p) > dist(p,q), The SASH is constructed iteratively by finding the
that is, p is closer tog than it is to itself. These do nearest parents in the level above. The nodes are
not preserve metric space in any way, so cannot lfigst randomly distributed to reduce any clustering
used with thesasH. effects. They are then split into the levels described
Chavez et al. (2001) divides condition 2 into:  above, with leveh having) nodes, level 2 at most
) o nodes and level 1 having a single root node.
5. dist(p, p) =0V p € D (reflexivity The root node has all nodes at level 2 as children
6. dist(p,q) > 0iff p£q¥ p,qe D and each node at level 2 h_as the root_ as its sole par-
(strict positivenegs ent. Then for each node in each levdrom _3 to
h, we find the set op nearest parent nodes in level
If strict positiveness is not satisfied the space i§ — 1). The node then asks that parent if it can be
calledpseudometricin theory, our measures do nota child. As only the closest nodes can be children
satisfy this condition, however in practice most larg®f a node, it may be the case that a requested parent
datasets will satisfy this condition. rejects a child.
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DisT c \ LoAD TIME SASH using, for instance, the equation:

RANDOM 16 21.0hr 1

RANDOM 64 15.6hr k = max k' P, Epc} (3)
RANDOM 128 21.1hr

FOLD1500 16 50.2hr We use this geometric function in our experiments.
FOLD1500 64 33.4hr .

FOLD1500 128 25.7hr 4.5 Complexity

SORT 16 75.5hr When measuring the time complexity, we consider
SORT 64 23.8hr the number of distance measurements as these dom-
SORT 128 33.8hr inate the computation. If we do not consider the

problem of assigning parents to orphans, for
Table 1: Load time distributions and valuescof ~ Nodes, p parents per child, at most children per
parent and a search returnikgelements, the loose

upper bounds are:
If a child is left without any parents it is said to besasH construction

orphaned Any orphaned nodes must now find the
closest node in the above level that has fewer than pcnlog, n (4)
c children. Once all nodes have at least one parent, ]

we move to the next level. This proceeds iteratively*PPTOX. k-NN query (uniform)

through the levels.

cklog, n (5)
4.4 Search Approx. k-NN query (geometric)
Searching thsAsH s also performed iteratively. To L g pc
find the k nearest neighbours of a node we first i+ 5 10g;N (6)
Kogzn ~

find thek nearest neighbours at each level. At level 1

we take the single root node to be nearest. Then, for Since the average number of children per node is

each level after, we find tHenearest Unique children approximately P, practical complexities can be de-
of the nodes found in the level above. When theived usingc = 2p.

last level has been searched, we return the cldsest |n Houle’s experiments, typically less than 5% of

nodes from all the sets of near neighbours returneq:.omputation time was Spent assigning parents to or-
In Figure 1, the filled nodes demonstrate a seargbhans, even for relatively smadl In some of our

for the near-neighbours of some nageisingk = 2.  experiments we found that low valuesayproduced

Our search begins with the root nole As we are significantly worse load times that for higher values,

usingk = 2, we must find the two nearest children ofbut this was highly dependant on the distribution of

A using our similarity measure. In this cas2and nodes. Table 1 shows this with respect to several

D are closer tharB. We now find the closest two distributions and values @f

children of C andD. E is not checked as it is only )

a child of B. All other nodes are checked, including® Evaluation

F andG, which are shared as children BandC.  1he simplest method of evaluation is direct com-

From this level we chos® andH. We then consider arison of the extracted synonyms with a manually-
the fourth and fifth levels similarly. created gold standard (Grefenstette, 1994). How-

At this point we now have the list of near nodesever, on small corpora, rare direct matches provide
A C,D,G,H, I, J KandL. From this we chose |imited information for evaluation, and thesaurus
the two nodes closest tp H andl marked in black. coverage is a problem. Our evaluation uses a com-
These are returned as the near-neighbours of  pination of three electronic thesauri: the Macquarie

k can also be varied at each level to force a largéBernard, 1990), Roget's (Roget, 1911) and Moby
number of elements to be tested at the base of tlf@/ard, 1996) thesauri.
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With this gold standard in place, it is possible DiST FREQUENCY # RELATIONS

to use precision and recall measures to evaluate the Mean Median| Mean Median
quality of the extracted thesaurus. To help overcomexanpom 342 18 126 13
the problems of direct comparisons we use severakop500 915 865.5 500 500

measures of system performance: direct matchego p1000| 2155 1970.5| 1001 1001.5
(DIRECT), inverse rank (IvR), and precision ofthe ro p1500| 3656 3444 | 1506 1510.5

top n synonyms (Pq)), forn =1, 5 and 10. SORT 44753 37937.5 8290 7583.5
INVR is the sum of the inverse rank of each

ranks 3, 5 and 28 give an inverse rank score of

$+%+ 24, and with at most 100 synonyms, the max-

16

imum INVR score is 5.187. Precision of the tojis L4t
the percentage of matching synonyms in themop .| N
extracted synonyms. 1 K

The same 70 single-word nouns were used for the
evaluation as in Curran and Moens (2002a). These °°f
were chosen randomly from WordNet such that they os|
covered a range over the following properties:

Y

£y

frequency Penn Treebank areic frequencies; 0z f

number of sensesWordNet and Macquarie senses; ¢, 0 w0 ww ww w0 w70

Avg Search Time (ms)

specificity depth in the WordNet hierarchy; Figure 2: NVR against average search time

concretenessdistribution across WordNet subtrees.
Our initial experiments showed that the random

For each of these terms, the closest 100 terms aggltribytion of nodes§ANDOM) in SASH construc-
their similarity score were extracted. tion caused the nearest-neighbour approximation to
be very inaccurate for distributional similarity. Al-
though the speed was improved by two orders of
The contexts were extracted from the non-speedhagnitude whee = 16, it achieved only 13% of the
portion of the British National Corpus (Burnard,INVR of the naive implementation. The be&stN-
1995). All experiments used thadCARD measure DOM result was less than three times faster then the
function, the TEST weight function and a cutoff naive solution and only 60%VR.
frequency of 5. ThesAsHwas constructed using the In accordance with Zipf's law the majority of
geometric equation fok; described in Section 4.4. terms have very low frequencies. Similarity mea-
When the heuristic was applied, the #§TLoG surements made against these low frequency terms
weight function was used with a canonical set sizare less reliable, as accuracy increases with the num-
of 100 and a maximum frequency cutoff of 10,000.ber of relations and their frequencies (Curran and

The values 4-16, 8-32, 16—64, and 32—128 wefdoens, 2002b). This led to the idea that ordering
chosen forp andc. This gives a range of branch-the nodes by frequency before generatingsheH
ing factors to test the balance betwesgarseness would improve accuracy.
where there is potential for erroneous fragmentation The SASH was then generated with the highest
of large clusters, antiushinesswhere more tests frequency terms were near the root so that the initial
must be made to find near children. The 4pre- search paths would be more accurate. This has the
lationship is derived from the simple hashing rulaunfortunate side-effect of slowing search by up to
of thumb that says that a hash table should haveur times because comparisons with high frequency
roughly twice the size required to store all its eleterms take longer than with low frequency terms as
ments (Houle, 2003b). they have a larger number of relations.

6 Experiments
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DisT C‘DIRECT P(1) P() P(10) NVR SEARCH TIME

NAIVE 283 49% 41% 32% 1.43 12217ms
RANDOM 16 0.17 9% 6% 3% 0.18 13% 120ms

RANDOM 64 1.09 30% 21% 15% 0.72 50% 1388ms
RANDOM 128 153 31% 24% 20% 0.86 60% 4488ms
SORT 16 151 33% 25% 20% 0.90 63% 490ms
SORT 64 255 47% 38% 31% 1.34 94% 2197ms
SORT 128 281 49% 41% 33% 1.43 100% 6960ms

Table 3: Evaluation of different random and fully sortedidlsitions

This led to updating our original frequency order-7 Results
ing idea by recognising that we did not need ninest
accurately comparable terms at the top ofsheH, Table 3 presents the results for the initial experi-
only more accurately comparable terms than thosE1€nts. SORT was consistently more accurate than
randomly selected. RANDOM, and wherc = 128, performed as well as
As a first attempt, we constructsasts with fre-  NAIVE for all evaluation measures except for direct
quency orderings that werfelded about a chosen _matc_h_es. BotlsAsH solutions outperformedAIVE
number of relationsM. For each term, if its num- i efficiency.
ber of relationamy was greater thai, it was given ~ The trade-off between efficiency and approxima-
a new ranking based on the scdﬁg. In this way, tion accuracy is evident in these results. The most
very high and very low frequency terms were pusheSfficient result is 100 times faster thamive, but
away from the root. The folding points this wasOnly 13% accurate onNVvR, with 6% of direct
tested for were 500, 1000 and 1500. There are mafjatches. The most accurate result is 100% accu-
other node organising schemes we are yet to explof@te on NVR, with 99% of direct matches, but is
The frequency distributions over the top three leveSS than twice as fast.
els for each ordering scheme are shown in Table 2. Table 4 shows the trade-off for folded distribu-
Zipf's law results in a large difference between thdions. The least accurateoLb500 result is 30%
mean and median frequency values in ##espom  accurate but 50 times faster thanive, while the
results: most of the nodes have low frequency, buost accurate is 87% but less than two times faster.
some high frequency results push the mean up. THé&e least accurateoLb1500 result is 43% accurate
four-fold reduction in efficiency fosoRT (see Ta- but 71 times faster thanAIVE, while the most ac-
ble 3) is a result of the mean number of relationgurate is 101% and two and half times faster. These
being over 65 times that G/ANDOM. results show the impact of moving high frequency
Experiments covering the full set of permutationderms away from the root.
of these parameters were run, with and without the Figure 2 plots the trade-off using search time and
heuristic applied. In the cases where the heuristidN\VR atc = 16, 32, 64 and 128. Far = 16 every
rejected pairs of terms, thensHtreated the rejected SASH has very poor accuracy. By = 64 their ac-
pairs as being as infinitely far apart. In addition, theuracy has improved dramatically, but their search
brute force solutions were generated witha(vE time also increased somewhat. ét= 128, there
HEURISTIC) and without (AIVE) the heuristic. is only a small improvement in accuracy, coinciding
We have assumed that all weights and measur®édth a large increase in search time. The best trade-
introduce similar distribution properties into theoff between efficiency and approximation accuracy
SASH, so that the best weight and measure when pegccurs at the knee of the curve where 64.
forming a brute-force search will also produce the Whenc = 128 bothsorTandroLD1500 perform
best results when combined with teasH. Future as well as, or slightly outperforrmAlVE on some
experiments will explorsAsH behaviour with other evaluation measures. These evaluation measures in-
similarity measures. volve the rank of correct synonyms, so if tkasH
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DisT C‘DIRECT P(1) P() P(10) NVR SEARCH TIME

FOLD500 16 053 23% 11% 8% 043 30% 243ms
FOLD500 64 1.69 49% 29% 23% 1.09 76% 2880ms
FOLD500 128 229 50% 35% 27% 1.25 87% 6848ms
FOLD1000 16 0.61 29% 14% 9% 0.51 35% 228ms
FOLD1000 64 207 49% 36% 26% 1.21 84% 3192ms
FOLD1000 128 257 50% 39% 31% 1.40 98% 4330ms
FOLD1500 16 090 30% 17% 13% 0.62 43% 171ms
FOLD1500 64 236 57% 39% 30% 1.36 95% 3193ms
FOLD1500 128 267 53% 42% 32% 1.44 101% 4739ms

Table 4: Evaluation of folded distributions

approximation was to fail to find some incorrectlyresults are seen with other orderings. It appears that

proposed synonyms ranked above some other carsing the heuristic changes the clustering of nearest-

rect synonyms, those correct synonyms would haveesighbours within thesAsH so that better matching

their ranking pushed up. In this way, the approximapaths are chosen and more noisy matches are elimi-

tion can potentially outperform the original nearesthated entirely by the heuristic.

neighbour algorithm. It may seem that there are no major advantages
From Tables 3 and 4 we also see that as the vali@ using thesasH with the already efficient heuris-

of ¢ increases, so does the accuracy across all # matching method. However, our experiments

the experiments. This is becausecaacreases the have used small canonical attribute vectors (maxi-

number of paths between nodes increases and Wwim length 100). Increasing the canonical vector

have a solution closer to a true nearest-neighbogize allows us to increase the accuracy of heuristic

search, that is, there are more ways of finding thgolutions at the cost of efficiency. UsingsasH so-

true nearest-neighbour nodes. lution would offset some of this efficiency penalty.
Table 5 presents the results of combining thdhis has the potential for a solution that is more than

canonical attributes heuristic (see Section 3.1) witfin order of magnitude faster thamive and is al-

the SASH approximation. ThislAIVE HEURISTIC is ~ Most as accurate.

14 times faster thanAIVE and 97% accurate, with .

96% of direct matches. The combination has com8- Conclusion

parable accuracy and is much more efficient than thge nave integrated a nearest-neighbour approxima-
best of thesAsH solutions. The best heurist&AsH  tion data structure, the Spacial Approximation Sam-
results used theorT ordering withc = 16, which  pje Hierarchy §AsH), with a state-of-the-art distri-
was 37 times faster thamave and 2.5 times faster pytional similarity system. In the process we have
thanNAIVE HEURISTIC. Its performance was statis- extended the originasAsH construction algorithms
tically indistinguishable fromNAIVE HEURISTIC. (Houle, 2003b) to deal with the non-uniform distri-
Using the heuristic changes the impact of théution of words within semantic space.
number of childrerc on thesAasH performance char-  We intend to test other similarity measures and
acteristics. It seems that beyord= 16 the only node ordering strategies, including a more linguistic
significant effect is taeducethe efficiency (often to analysis using WordNet, and further explore the in-
slower tharNAIVE HEURISTIC). teraction between the canonical vector heuristic and
The heuristic interacts in an interesting way withthe saAsH. The larger 300 word evaluation set used
the ordering of the nodes in tleasH. This is most by Curran (2004) will be used, and combined with a
obvious with theRANDOM results. TheRANDOM  more detailed analyis. Finally, we plan to optimise
heuristic NVR results are eight times better than theur SASH implementation so that it is comparable
full RANDOM results. Similar, though less dramatic,with the highly optimised nearest-neighbour code.
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DisT C‘DIRECT P(1) P(B) P(10) NVvR SEARCH TIME

NAIVE HEURISTIC 272 49% 40% 32% 1.40 827ms
RANDOM 16 261 50% 40% 31% 1.39 99% 388ms
RANDOM 64 272 49% 40% 32% 1.40 100% 1254ms
RANDOM 128 271 49% 40% 32% 1.40 100% 1231ms
FOLD1500 16 253 49% 40% 31% 1.36 97% 363ms
FOLD1500 64 272 49% 40% 32% 1.40 100% 900ms
FOLD1500 128 272 49% 40% 32% 1.40 100% 974ms
SORT 16 278 49% 40% 32% 1.41 100% 323ms

SORT 64 273 49% 40% 32% 1.40 100% 1238ms
SORT 128 273 49% 40% 32% 1.40 100% 1049ms

Table 5: Evaluation of different distributions using theegximation

The result is distributional similarity calculated James R. Curran. 2004&rom Distributional to Semantic Simi-
three times faster than existing systems with only a 'arity. Ph.D. thesis, University of Edinburgh.
minor accuracy penalty. Christiane Fellbaum, editor. 1998VordNet: an electronic lex-

ical database The MIT Press, Cambridge, MA USA.
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