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Abstract larity and is based on thdistributional hypoth-
esis that similar words appear in similar con-
Random Indexing is a vector space tech-  texts Terms are described by collating informa-
nique that provides an efficient and scal-  tjon about their occurrence in a corpus into vec-
able approximation to distributional simi-  tors. Theseontext vectorsre then compared for
larity problems. We present experiments  simijlarity. Existing approaches differ primarily in
showing Random Indexing to be poor at  thejr definition ofcontext e.g. the surrounding
handling large volumes of data and evalu-  words or the entire document, and their choice of
ate the use of weighting functions for im-  distance metric for calculating similarity between

proving the performance of Random In-  the context vectors representing each term.
dexing. We find that Random Index is ro-

bust for small data sets, but performance
degrades because of the influence of high
frequency attributes in large data sets. The
use of appropriate weight functions im-
proves this significantly.

In this paper, we analyse the use of Random In-
dexing (Kanerva et al., 2000) for semantic similar-
ity measurement. Random Indexing is an approxi-
mation technique proposed as an alternative to La-
tent Semantic AnalysisL6A, Landauer and Du-
mais, 1997). Random Indexing is more scalable
1 Introduction and allows for the incremental learning of context

information.
Synonymy relations between words have been

used to inform many Natural Language Processing ﬁ:u_rran a”?' Mc;]ens (|2002) :ound_ that gram?tl-
(NLP) tasks. While these relations can be extracte¢@'"Y Increasing the volume of raw input data for

from manually created resources such as thesau‘?i’smbuuonal similarity tasks increases the accu-

(e.g. Roget's Thesaurus) and lexical database&cY of synonyms extracted. Random Indexing

(e.g. WordNet, Felloaum, 1998), it is often ben_performs poorly on these volumes of data. Noting

eficial to extract these relationships from a corpuéhat_lm_ many'\_‘L'_D tTSkS_’ |hn_clud_|ng dlcsltrlb_utlonal
representative of the task. similarity, statistical weighting is used to improve

Manually created resources are expensive anaerformance, we modify the Random Indexing al-

time-consuming to create, and tend to suffer fromgor'thm to allow for weighted contexts.
problems of bias, inconsistency, and limited cover- We test the performance of the original and our
age. These problems may result in an inapproprimodified system using existing evaluation metrics.
ate vocabulary, where some terms are not preseite further evaluate against bilingual lexicon ex-
or an unbalanced set of synonyms. In a medicatraction using distributional similarity (Sahlgren
context it is more likely thaadministration will re-  and Karlgren, 2005). The paper concludes with
fer to the giving of medicine than to paper work, a more detailed analysis of Random Indexing in
whereas in a business context the converse is moterms of both task and corpus composition. We
likely. find that Random Index is robust for small cor-
The most common method for automatically pora, but larger corpora require that the contexts
creating these resources uses distributional simbe weighted to maintain accuracy.



2 Random Indexing contexts are extracted. For each new context, an

L o . index vector is produced for it as above. The con-
Random Indexing is an approximating technique

. text vector is the sum of the index vectors of all
proposed by Kanerva et al. (2000) as an alternanvgn ; .
. i e contexts in which the term appears.
to Singular Value DecompositiosyD) for Latent o
. . . The context vector for a termappearing in one
Semantic AnalysisiLsA, Landauer and Dumais, each in the contexts 1.0.0.-1] and
1997). InLsA, it is assumed that there is some 1= [1,0,0,—1] €2

underlying dimensionality in the data, so that the[o’ 1,0, _1]t WO(;"d b?“’ 1,0, _2]_' ollf the c?ntext d
attributes of two or more terms that have similar®! €NcOUNtered again, no hewindex vector wou

) . . be generated and the existing index vectordpr
meanings can bi®ldedonto a single axis. ould be added to the existi ontext vector to
Sahlgren (2005) criticisesa for being both WoU'd P€ adde existing context vector

: P - produce a new context vector foof [2,1,0, —3].
computationally inefficient and requiring the for- .
mation of a full co-occurrence matrix and its de- The distance between these context vectors can

composition before any similarity measurementsthen be measured using any vector space distance

can be made. Random Indexing avoids both thes@'ca>ure. Sah"-?’re” and Karlgren (2005) use the
by creating a shorindex vectorfor each unique cosIné measure:

context, and producing thentext vectofor each - d -~
e - 2 i—1 Uil
term by summing index vectors for each contextcos(f(u,v)) = EiiG = = y
as it is read, allowing an incremental building of \/Zi:l U?\/Eiﬂ 1722

the context space.

Hecht-Nielsen (1994) observed that there are Random Indexing allows for incremental sam-
many more nearly orthogonal directions in high-Pling. This means that the entire data set need not
dimensional space than there are truly Orthogobe sampled before similarity between terms can be
nal directions. The random index vectors argmeasured. It also means that additional context
nearly-orthogonal resulting in an approximate information can be added at any time without in-
description of the context space. The approx_\/a”daﬂng the information already produced. This
imation comes from the Johnson-Lindenstrausds not feasible with most other word-space mod-
lemma (Johnson and Lindenstrauss, 1984), whickls. The approach used by Grefenstette (1994) and
states that if we project points in a vector spaceCurran (2004) requires the re-computation of all
into a randomly selected subspace of sufficientlyion-linear weights if new data is added, although
high dimensionality, the distances between th&ome of these weights can be approximated when
points are approximately preserved. Random Proadding new data incrementally. Similarly, new
jection (Papadimitriou et al., 1998) and Randomdata can bdoldedinto a reduced sA space, but
Mapping (Kaski, 1998) are similar techniques thathere is no guarantee that the original smoothing
use this lemma. Achlioptas (2001) showed thawvill apply correctly to the new data (Sahlgren,
most zero-mean distributions with unit variance,2005).
including very simple ones like that used in Ran- .
dom Indexing, produce a mapping that satisfiess Weights

the lemma. The following description of Ran- o initial experiments using Random Indexing

dom Indexing is taken from Sahligren (2005) andy, exiract synonymy relations produced worse re-

Sahigren and Karlgren (2005). sults than those using full vector measures, such as
We allocate ad length index vector to each y,ccarp (Curran, 2004), when the full vector is

u_nique context as is it found. These vectors CONyeighted. We experiment using weight functions
sist of a large number of Os and a small numbey,;ih Random Indexing.

(¢) of ilg. Each element is alloc_e_lte.d one of these Only a linear weighting scheme can be applied
values with the following probability: while maintaining incremental sampling. While

+1 with probabilityE{TQ incremental sampling is part of the rationale be-
0 with probability% hind its deyelopment, it is nc_)t reqt_ured_for Ran-
ith babilitve/2 dom Indexing to work as a dimensionality reduc-
—1  with probability=7~ tion technique.
Context vectors are generated-the-fly As the To this end, we revise Random Indexing to en-

corpus is scanned, for each term encountered, i@ble us to use weight functions. For each unique



IDENTITY 1.0 FREQ fw,r,w')
Flw,raw’) _ fw,r,w’)
RELFREQ Fla) TF-IDF )
logs (f (w,r,w')+1) p(w,rw’)
TF-IDF} SR e MI log(-—2nt o)
(ryw’ p(w,x,%)p(x,mw’)
loga (14 =)
p(w,rw’) —p(xrw)p(w,* %) logy (f (w,r,w’)+1)
TTEST \/p(*,r,w’)p(w,*,*) GREFO4 loga (n(*,mw’)+1)
LINOSA log(if (<:;77';’U“f)}fz§jy’:;)) ) LINO8B - 1og(7”<*]’\',’;w ))
CHI2 cf. Manning and Schiitze (1999)LR cf. Manning and Schitze (1999)
DICE 2p(w,r,w')

p(w,*,x)+p(x,r,w’)

Table 1: Weight Functions Evaluated

context attribute, al length index vector will be
generated. The context vector of a tetums then

created by the weighted sum of each of its at-

tributes. The results of the original Random In-

dexing algorithm are reproduced using frequency n(w, *, *

weighting (RREQ).

frequency. This is the number of attributesuaf

f(wv *, *) = Z(r,w’)e(w,*,*) f(wa T, w,)
I B
) [(w, %, )|

Ny {wln(w, *,%) > 0}

Weights are generated using the frequency disgost experiments limited weights to the positive

tribution of each term and its contexts. This in-

range; those evaluated with an unrestricted range

creases the overhead, as we must store the cont% marked with & suffix. Some weights were

attributes for each term. Rather than the context i< evaluated with an extriag, (f
vector being generated by adding each individuah) >

w? T? w,) +
factor to promote the influence of higher fre-

context, it is generated by adding each the index, oncy attributes, indicated by @b suffix. Al-
vector for each unique context multiplied by its ternative functions are marked with a dagger.

weight.

The time to calculate the weight of all attributes
of all terms is negligible. The original technique
scales ta)(dnm) in construction, fom terms and

m unigque attributes. Our new technique scales to

O(d(a + nm)) for a non-zero context attributes

per term, which since < m is alsoO(dnm).
Following the notation of Curran (2004) can-

text relationis defined as a tuplew, r, w’) where

The context vector of each termis thus:

>

(ryw’) € (w,*,*)

—

w = (r,w') wgt(w, r, w')

where (r,zu’) is the index vector of the context
(r,w’"). The weights functions we evaluate are
those from Curran (2004) and are given in Table 1.

4 Semantic Similarity

w is a term, which occurs in some grammatical re-

lation  with another wordw’ in some sentence.
We refer to the tuplér, w’) as anattribute of w.
For example,(dog, direct-obj, walk) indicates that
dog was the direct object afalk in a sentence.

An asterisk indicates the set of all existing val-
ues of that component in the tuple.

(w, *, %) = {(r,w")|3(w,r,w)}

The first use of Random Indexing was to measure
semantic similarity using distributional similarity.
Kanerva et al. (2000) used Random Indexing to
find the best synonym match in Test of English
as a Foreign Language@EFL). TOEFL was used

by Landauer and Dumais (1997), who reported an
accuracy 36% using un-normalised vectors, which
was improved to 64% usingsA. Kanerva et al.
(2000) produced an accuracy of 48-51% using the
same type of document based contexts and Ran-

The frequency of a tuple, that is the number ofdom Indexing, which improved to 62—-70% using

times a word appears in a contextfiw, r, w’).
f(w, %, %) is theinstanceor tokenfrequency of the
contexts in whichw appearsn(w, *, %) is thetype

narrow context windows. Karlgren and Sahlgren
(2001) improved this to 72% using lemmatisation
andpostagging.



4.1 Distributional Similarity Source | Context| Target
Measuring distributional similarity first requires Language Language
the extraction of context information for each of aaabbc | XXyzzz

the vocabulary terms from raw text. The contexts bee I WXy

for each term are collected together and counted, aab I Xzz
producing a vector of context attributes and their Table 2: Paragraph Aligned Corpora

frequencies in the corpus. These terms are then

compared for similarity using a nearest-neighbour,
search based on distance calculations between the? the paragraph as context. In Table 2, the source

statistical descriptions of their contexts. language is limited to the words b andc and the

. . . ._target language to the wordsy andz. Three para-
The simplest algorithm for finding synonyms is .
: L9 . graphs in each of these languages are presented as
ak-nearest-neighbour search, which involves pair-__. .
. . pairs of translations labelled as a contexdabbc
wise vector comparison of the context vector of:
. is translated asxyzzz and labelled context I. The
the target term with the context vector of every . .
. frequency weighted context vector faris {I:3,
other term in the vocabulary. i e ] .
_ [1:2} and forx is {I:2, 1I:1, 111:1}.
We use two types of context extraction to pro-

. . . A translation candidate for a term in the source
duce both high and low quality context descnp—lan uage is found by measuring the similarity be-
tions. The high quality contexts were extracted guag y g y

. . . tween its context vector and the context vectors of
from grammatical relations extracted using the

. each of the terms in the target language. The most
SEXTANT relation extractor (Grefenstette, 1994) similar target language te?m is ?he gmost likely
and are lemmatised. This is the same data used I, slation candidate
Curran (2004). '
( ) . . Sahlgren and Karlgren (2005) use Random In-
The low quality contexts were extracted taking d

. . exing to produce the context vectors for the
a window of one word to the left and right of the sourcg andp taraet lanauages. We re-imolement
target term. The context is marked as to whethe 9 guages. P

it preceded or followed the term. Curran (2004){he|r system and apply weighting functions in an

found this extraction technique to provided rea_attempt to achieve improved results.
sonable results on the non-speech portion of th
BNC when the data was lemmatised. We do no

lemmatise, which produces noisier data. For the experiments extracting synonymy rela-
tions, high quality contexts were extracted from
the non-speech portion of the British National
A variation on the extraction of synonymy rela- Corpus BNC) as described above. This represents
tions, is the extraction of bilingual lexicons. This 90% of theBNC, or 90 million words.
is the task of finding for a word in one language Comparisons between low frequency terms are
words of a similar meaning in a second languageless accurate than between high frequency terms
The results of this can be used to aid manual conas there is less evidence describing them (Cur-
struction of resources or directly aid translation. ran and Moens, 2002). This is compounded in
This task was first approached as a distriburandomised vector techniques because the ran-
tional similarity-like problem by Brown et al. domised nature of the representation means that
(1988). Their approach uses aligned corpora ira low frequency term may have a similar context
two or more languages: tl®urce languaggrom  vector to a high frequency term while not sharing
which we are translating, and th&rget language many contexts. A frequency cut-off of 100 was
to which we are translating. For a each alignedound to balance this inaccuracy with the reduc-
segment, they measum®-occurrence scorebe-  tion in vocabulary size. This reduces the original
tween each word in the source segment and ead%6,046 word vocabulary to 14,862 words. Exper-
word in the target segment. These co-occurrenceanents showed = 1000 ande = 10 to provide a
scores are used to measure the similarity betwedpalance between speed and accuracy.
source and target language terms Low quality contexts were extracted from por-
Sahlgren and Karlgren's approach models thdions of the entire of th&eNnc. These formed cor-
problem as a distributional similarity problem us- pora of 100,000, 500,000, 1 million, 5 million, 10

t% Experiments

4.2 Bilingual Lexicon Acquisition



million, 50 million and 100 million words, cho-

sen from random documents. This allowed us test \liV:'Eggt | D'REE;:; '“(')Vgi
the effect of both corpus size and context qual- TDENTITY 95 095
ity. This produced vocabularies of between 10,380 RELFREQ 89 0.94
and 522,163 words in size. Because of the size TF-IDF 0.9 007
: TF-IDF} 11.0 139

of the smallest corpora meant that a high cutoff M 26 054
would remove to many terms for a fair test, a cut- MIIlOG 101 1.39
off of 5 was applied. The value$ = 1000 and M= 56 0.65
- q MILoG 106 141
e = 6 were used. o _ _ TTEST 32 052
For our experiments in bilingual lexicon acqui- TTesTLoG 46 0.62
sition we follow Sahlgren and Karlgren (2005). TTEST: . 3.2 052
We use the Spanish-Swedish and the English- TTESTLOG 1.6 06l
P g GREFO4 85  0.86

German portions of the Europarl corpora (Koehn, LINO8A 46 0.50
2005)! These consist of 37,379 aligned para- '(-:'N28B ?-2 8-%
graphs in Spanish—-Swedish and 45,556 ir_1 English- DchlE 100 111
German. The text was lemmatised using Con- DiceLoG 77 081
nexor Machinese (Tapanainen and Javinen, 997) LR 59 058

producing vocabularies of 42,671 terms of Span-
ish, 100,891 terms of Swedish, 40,181 terms of
English and 70,384 terms of German. We usenyms. For each of these terms, the closest 100
d = 600 ande = 6 and apply a frequency cut- terms and their similarity scores were extracted.

off of 100. For the evaluation of bilingual lexicon acqui-

sition we use two online lexical resources used
by Sahlgren and Karlgren (2005) as gold stan-

The simplest method for evaluation is the directdards: Lexin's online Swedish-Spanish lexiéon
comparison of extracted synonyms with a man@nd TU Chemnitz’ online English-German dic-
ually created gold standard (Grefenstette, 1994)t_|onary.4_ Each of the elements in a compound
To reduce the problem of limited coverage, our® Multi-word expression is treated as a poten-
evaluation of the extraction of synonyms combinedi@! translation. The Germaabblendiicht (low beam
three electronic thesauri: the Macquarie, Rogetdght) is treated as a translation candidate Itor,
and Moby thesauri. beam andlight separately.

mance measures: direct matchesREcT) and thesaurus task as we have not used combined re-

inverse rank (WVR). DIRECT is the number of Sources. There are an average of 19 translations

INVR is the sum of the inverse rank of each matchlations for each of the 4,468 English terms. The
ing synonym, e.g. matches at ranks 3, 5 and o&nglish-German translation count is skewed by
give an inverse rank score &f+ + + L. With the presence of connectives _in mu_Iti-word expres-
at most 100 matching synonyms, the maximumS'ons, such asf andon, producing mistranslations.
INVR is 5.187. This more fine grained as it incor- Sahlgren and Karlgren (2005) provide good com-
porates the both the number of matches and thel[P€ntary on the evaluation of this task.
ranking. Spanish and English are used as the source lan-
The same 300 single word nouns were used foguages. The 200 closest terms in the target lan-
evaluation as used by Curran (2004) for his larggduage are found for all terms in both the source
scale evaluation. These were chosen randomiyocabulary and the gold-standards.
from WordNet such that they covered a range over We measure the IRECT score and NVR as
the following properties: frequency number of above. In addition we measure the precision of the
sensesspecificityand concreteness On average closest translation candidate, as used in Sahlgren
each evaluation term had 301 gold-standard syr@nd Karlgren (2005).

Table 3: Evaluation of synonym extraction

6 Evaluation Measures

Shttp://lexin.nada.kth.se/sve-spa.shtml
“http://dict.tu-chemnitz.de/

http://iwww.statmt.org/europarl/
2http://www.connexor.com/



Weight English-German Spanish-Swedish
DIRECT Precision NvR | DIRECT Precision HNVR

FREQ 6.1 58% 0.97 0.8 47% 0.53
IDENTITY 6.0 58% 0.91 0.8 47% 0.53
RELFREQ 6.1 58% 0.97 0.8 47% 0.53
TF-IDF 4.9 53% 0.84 0.8 43% 0.50
TF-IDFT 6.3 58% 0.94 0.8 47% 0.53
MI 2.3 58% 0.76 0.8 48% 0.56
MIL oG 2.1 58% 0.76 0.8 49% 0.56
M| * 4.6 57% 0.86 0.8 46% 0.53
MIL oG* 4.6 57% 0.87 0.8 47% 0.54
TTEST 2.1 57% 0.75 0.8 48% 0.56
TTESTLOG 1.9 56% 0.72 0.8 46% 0.54
TTESTH 4.3 57% 0.85 0.8 45% 0.53
TTeEsTLoOG* 4.0 56% 0.80 0.8 46% 0.53
GREFO4 6.1 58% 0.95 0.8 48% 0.54
LIN98A 4.0 59% 0.82 0.8 48% 0.56
LINO8B 5.9 58% 0.91 0.8 48% 0.54
CHI2 3.1 50% 0.71 0.7 41% 0.48
DicE 5.7 58% 0.95 0.8 47% 0.53
DicELOG 4.7 57% 0.90 0.8 46% 0.52
LR 4.5 57% 0.86 0.8 47% 0.54

Table 4: Evaluation of bilingual lexicon extraction

TF-IDF (GREF94) does not perform as well as

Weight I DIRELCATRG'IENVR TF-IDF{, and Lin’s variations on M¥ (LIN98A,
FREQ 839 093 725 085 LiN98B) do not perform as well as MihG*.
TF-IDFTi 118 139 125 150 MIL oc* had a higherNvR thanTF-IDFf, but
MIL oc 105 141] 138 175 a lower DRECT score, indicating that it forces
Table 5: Evaluation of Random Indexing using amore correct results to the top of the results list,
very large corpus but also forces some correct _results further down
so that they no longer appear in the top 100.
7 Results The effect of high frequency contexts is in-

creased further as we increase the size of the cor-

Table 3 shows the results for the experiments expus. Table 5 presents results using the 2 billion
tracting synonymy. The basic Random Indexingword corpus used by Curran (2004). This consists
algorithm (FRREQ) produces a IRECT score of of the non-speech portion of tieac, the Reuter’s
2.87, and anNVR of 0.94. It is interesting that Corpus Volume 1 and most of the English news
the only other linear weight DENTITY, produces holdings of theLbc in 2003. Contexts were ex-
more accurate results. This shows high frequencytracted as presented in Section 4. A frequency cut-
low information contexts reduce the accuracy ofoff of 100 was applied and the valuds= 1000
Random Indexing. DENTITY removes this effect ande = 5 for FREQ ande = 10 for the improved
by ignoring frequency, but does not address theveights were used.
information aspect. A more accurate weight will  We see that the very large corpus has reduced
consider the information provided by a context inthe accuracy of frequency weighted Random In-
its weighting. dexing. In contrast, our two top performers have

There was a large variance in the effective-both substantially increased in accuracy, present-
ness of the other weights and most proved to bing a 75-100% improvment in performance over
detrimental to Random Indexing:F-IDF was the FREQ. MILOG™ is more accurate thanF-IDFt
worst, reducing the IRECT score to 0.30 and the for both measures of accuracy now, indicating it is
INVR to 0.07. TF-IDFY, which is a log-weighted a better weight function for very large data sets.
alternative torr-1DF, produced very good results.

With the exception of DCELOG, adding an
additional log factor improved performancer{  When the same function were applied to the bilin-
IDFf, MILoG and TTesTLOG). Unrestricted gual lexicon acquisition task we see substantially
ranges improved the MI family, but made no dif- different results: neither the improvement nor the
ference to TEST. Grefenstette’s variation on extremely poor results are found (Table 4).

7.1 Bilingual Lexicon Acquisition



11 . . . . sults. It performs better than MG* for very

1F e .4 small corpora, but produces near constant results
09 fTHIDPT 4 for greater corpus sizes. Curran and Moens (2002)
0.8 [ JACCARD == ... found that increasing the volume of input data in-
N 07 - 1 creased the accuracy of results generated using a
z 06p o T 1 full vector space model. Without weighting, Ran-

dom Indexing fails this, but after weighting is ap-
plied Curran and Moens’ results are confirmed.
The quality of context extracted influences how
weights perform individually, but Random In-
0 20 40 60 80 100 dexing using weights still outperforms not using
Corpus Size (millions of words) weights. The relative performance of Mblc*™
has been reduced when compared withiDFT,
Figure 1. Random Indexing using window-basedpyt is still greater then REQ.
context Gorman and Curran (2006) showed Random In-
dexing to be much faster than full vector space

In the English-German corpora we replicate : ’ . e
Sahlgren and Karlgren's (2005) results, with a pre{eCniques, but with a 46-56% reduction in accu-

: +

cision of 58%. This has a RECT score of 6.1 and '2CY compared to usingadCARD and TTEST™..

an INVR of 0.97. The only weight to make an im- USiNg the ME weight kept the improvement in

provement isTE-IDFT, which has a DRECT score speed but with only a 10-18% reduction in accu-

1 :l: -

of 6.3, but a lower KvR and all weights perform acy- When ACCARD and TTEST" are used with

worse in at least one measure. our low quality contexts they perform consistently
Our results for the Spanish-Swedish CorporaWors,e that Random Indexing. This indicates Ran-

show similar results. Our accuracy is down fromdom Indexing is stable in the presence of noisy

that in Sahlgren and Karlgren (2005). This is ex—?hata' It Wﬁ“'? tt)ﬁ mteresctjlng ZIO further compare
plained by our application of the frequency cut-off ese results to those producediisA.
to both the source and target languages. There are | N€ results we have presented have shown that

more weights with higher accuracies, and fewe@PPIYINg weights to Random Indexing can im-
with significantly lower accuracies. prove its performance for thesaurus extraction

tasks. This improvement is dependent on the vol-
7.2 Smaller Corpora ume of raw data used to generate the context in-
o ... formation. It is less dependent on the quality of
The absence of a substantial improvement in b'“n'contexts extracted.

gual lexicon acquisition requires further investiga- What we have not shown is whether this extends
tion. Three main factors differ between our MONO~, the extraction of bilingual lexicons. The bilin-

lingual and bilingual experiments: that we aregual corpora have 12-16 million words per lan-

?mootlhlng a_hom?gerrlltcajo:sh dtaeta set in our drqznogyage, and for this sized corpora we already see
ngual expenments al eterogeneous data Sedystantial improvement with corpora as small as
in our bilingual experiments; we are using local

tical tox(S | i I -5 million words (Figure 1). It may be that ex-
grammatical contexts in our monofingua experl'tracting paragraph-level contexts is not well suited

ments and paragraph contexts in our bilingual %o weighting, or that the heterogeneous nature of

perlmgnts; and, the volumc_e of raw d_ata used in ou he aligned corpora reduces the meaningfulness of
monolingual experiments is many times that use

. bl I . . eighting. There is also the question as to whether
N ourbingual expenments. it can be applied to all languages. There is a lack of

Figure 1 presents results for corpora extracteqqq\y available large-scale multi-lingual resources
from the BNC using the window-based context. that makes this difficult to examine

Results are shown for the original Random Index-

ing (FREQ) and using bENTITY, MILOG™ and g conclusion

TF-IDFT, as well as for the full vector measure-

ment using ACCARD measure and the TEBT®  We have applied weighting functions to the vec-
weight (Curran, 2004). Of the Random Index-tor space approximation Random Indexing. For
ing results REQ produces the lowest overall re- large data sets we found a significant improvement

02 K h i
01 1 1 1 1




when weights were applied. For smaller data setSregory Grefenstette. 199&xplorations in Automatic The-
we found that Random Indexing was suﬁiciently saurus DiscoveryKluwer Academic Publishers, Boston.
robust that weighting had at most a minor effect. ropert Hecht-Nielsen. 1994. Context vectors: general pur-

Our weighting schemes removed the possibil- pose approximate meaning represen_tations self-_org_anized
ity of incremental learning of the term space. An fl_ri(]fénpf;"esdjg"_'f)gomp”ta“o”a' Intelligence:  Imitating
interesting direction would be the development of

algorithms that allowed the incremental app”C(,;I_William B. Johnson and Joram Lindenstrauss. 1984. Exten-
. f iah h b iahti sions to Lipshitz mapping into Hilbert spac€ontempo-
tion of weights, perhaps by re-weighting VECtors  rary mathematics26:189—206.

when a new context is learned. Penti K Jan Kristof 4 Anders Holst. 2000
. S . Pentti Kanerva, Jan Kristoferson, and Anders Holst. .
Other areas left open for investigation are the in- Random indexing of text samples for latent semantic anal-

teraction between Random Indexing, weights and ysis. InProceedings of the 22nd Annual Conference of the

the type of context extracted, the use of large- Cognitive Science Societpage 1036, Philadelphia, PA,
.1 — . USA, 13-15 August.

scale bilingual corpora, the acquisition of lexi-
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