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Chapter 5

Proximity-based

distributional similarity

5.1 Introduction

Words that are distributionally similar are words that share a large number of

contexts. We explained in Chapter 3 that there are two methods for defining

contexts that are used extensively in literature. One can define the context

of a word as the n words surrounding it. In that case proximity to the head-

word is the determining property. We refer to these methods as proximity-

based methods. Other terms used to refer to this method are bag-of-words

method, co-occurrence method, and window-based or word-based

method.

Another approach is one in which the context of a word is determined by syn-

tactic relations: the syntax-based method. We have discussed this method

in Chapter 3.

As we explained in Chapter 3, Kilgarriff and Yallop (2000) use the terms

loose and tight to refer to the different types of semantic similarity that are

captured by proximity-based methods and syntax-based methods. The semantic

relationship between words generated by approaches which use unstructured

context seems to be of a loose, associative kind. These methods tend to find

nearest neighbours that belong to the same subject fields. For example, the

word doctor and the word disease are linked in an associative way and part

of the same subject field. Also, the proximity-based methods are not bound

by syntactic categories. The word aardbei ‘strawberry’ can have zoet ‘sweet’

as a nearest neighbour, since both words appear in the same proximity-based

context.



112 Chapter 5. Proximity-based distributional similarity

We expect that the associative nature of the nearest neighbours will make

them useful for certain modules of our QA system. We believe that we will

be able to use them for query expansion in the passage retrieval module. In

Chapter 2 we explained that associations often prove to be valuable expansion.

The example is repeated in (1).

(1) Welke bevolkingsgroepen voerden oorlog in Rwanda?

‘What populations waged war in Rwanda?’

We expanded the keywords of this question automatically with associations

found by the system. Hutu and Tutsi were among the associations found by

the system. Expanding a question with an association that is in fact the answer

helps a lot in finding the right answer.

5.2 Proximity-based methods

In this section we explain the proximity-based approaches to distributional sim-

ilarity. We will give some examples of proximity-based context (5.2.1) and we

will explain how measures and weights serve to determine the similarity of these

contexts (5.2.2). We end this section with a discussion of related work (5.2.3).

5.2.1 Proximity-based context

The context in the case of proximity-based methods is an unstructured stretch

of text that can be of varying size. For example, one can decide to define the

context with respect to a window of 50 words around the headword. It could also

be decided to take one word to the right or one word to the left of the headword

to define its context. Yet another alternative would be to adopt a discourse-

motivated context, such as words from the same sentence or the same paragraph.

In the related work section (5.2.3) we will mention several alternatives discussed

in literature. In section 5.3.1 we will explain what strategy we adopted.

Every word in the defined context has every other word in the defined context

as a feature. Often lemmas are used instead of words to allow for surface

variation (Sahlgren, 2006). Also, additional information such as part-of-speech

information can be used (Widdows, 2003). We will explain in section 5.3.1 what

units of information we have chosen in this study.

In Table 5.1 a part of a proximity-based matrix that we collected for the

words tandarts ‘dentist’, arts ‘doctor’, ziekte ‘disease’ and telefoon ‘telephone’

is given. Each row represents the vector for the given headword. Each column is

headed by a word. We can see that tandarts appeared 50 times in the proximity
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heb ziekenhuis zeg vrouwelijk besmettelijk
‘have’ ‘hospital’ ‘say’ ‘female’ ‘contagious’

tandarts
‘dentist’ 50 4 20 10 10

arts
‘doctor’ 68 24 30 12 21

ziekte
‘disease’ 114 20 31 3 30

telefoon
‘telephone’ 81 5 28 2 3

Table 5.1: Sample of the proximity-based co-occurrence vectors for various
nouns

of the verb hebben ‘have’ and that ziekte appeared 20 times in the context of

ziekenhuis ‘hospital’.

5.2.2 Measures and feature weights

Proximity-based co-occurrence vectors such as the vectors for the four

headwords given in Table 5.1 are used to find distributionally similar words. Ev-

ery cell in the vector refers to a particular proximity-based co-occurrence

type. The value of these cells indicate the number of times the co-occurrence

type under consideration is found in the corpus.

The first column of this vector shows the headword, i.e. the word for which

we determine the contexts it is found in. Here, we find tandarts ‘dentist’, arts

‘doctor’, ziekte ‘disease’ and telefoon ‘telephone’. The first row shows the words

that are found in the context of the headwords. These contexts are referred

to by the terms features or attributes. In the context of proximity-based

methods one often speaks about column labels.

Each co-occurrence type has a cell frequency. Likewise each headword

has a row frequency. The row frequency of a certain headword is the sum of

all its cell frequencies. In our example the row frequency for the word tandarts

‘dentist’ is 94. Cut-offs for cell and row frequency can be applied to discard

certain infrequent co-occurrence types or headwords respectively. We will come

back to these cutoffs in the results section, more precisely in 5.5.1.

The more similar the vectors are, the more distributionally similar the head-

words are. We need a way to compare the vectors for any two headwords to

be able to express the similarity between them by means of a score. Various

methods can be used to compute the distributional similarity between words.

We will explain in section 5.3.2 what measures we have chosen in the current

experiments.
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The results of vector-based methods can be further improved if we take into

account the fact that not all combinations of a word and a feature (a co-occurring

word) have the same information value.

In the Chapter 3 we explained how the syntactic method benefits from fea-

ture weights. Selectionally weak (Resnik, 1993) or light verbs such as hebben ‘to

have’ are given a lower weight than a verb such as uitpersen ‘squeeze’, which

occurs less frequently. We will use the same weights for the unstructured text.

We hope that these weights will be beneficial for the proximity-based method

as well, as some frequently occurring proximity-based contexts, such as the verb

heb ‘have’, are rather uninformative.

Our methods for computing distributional similarity between two words con-

sist of a measure for assigning weights to the co-occurrence types present in the

vector and a measure for computing the similarity between two (weighted) co-

occurrence vectors.

5.2.3 Related work

Early attempts at acquiring similar words from unstructured co-occurrence data

include Wilks et al. (1993); Schütze (1992), and Niwa and Nitta (1994). Prob-

ably the most influential work has been Hinrich Schütze’s Word Space Model

(Schütze, 1992; Schütze, 1993).

In Schütze (1992) a disambiguation experiment is run, in which senses are

assigned to words by clustering a training set of contexts. Training is done on

a few months of the New York Times News Service and testing on one other

month of that year. The optimal window size is reported to be 1000 characters

surrounding the headword. For reasons of efficiency dimensionality reduction

is applied (singular value decomposition, SVD). Schütze (1993) states that the

results from this disambiguation experiment are among the best reported in

literature. The vector representations are also applied to thesaurus induction.

The author states that classical thesauri such as Roget’s differ in that they

concentrate on synonyms and near-synonyms, whereas the nearest neighbours

retrieved by the proximity-based method include mostly collocates.

In Schütze (1993) letter fourgrams are used in the vector representations.

5K fourgrams are selected by deleting fourgrams below a certain frequency and

by deleting the 300 most frequent fourgrams. A window of 200 fourgrams is

used to retrieve co-occurrence data from five months of the New York Times.

Some example nearest neighbours are given.

In Wilks et al. (1993) the sense-entry of the Longman Dictionary of Con-

temporary English (Summers, 1995) is taken as the textual unit from which

co-occurrence data is extracted. The extraction of co-occurrence data for words
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in the LDOCE controlled vocabulary results in a matrix of 2200-by-2200. Eval-

uation is done on a task of partial word sense disambiguation. The automatic

disambiguation of the 197 occurrences of the word bank in LDOCE was correct

for up to 45% of the sentences according to human judgments . The amount

of information is reduced by using a psychometric scaling method based on

the mathematical theory of graphs and networks. In 53% of the 197 example

sentences the correct sense was chosen by the system using the scaled data.

Niwa and Nitta (1994) compare a method based on distances between words

in a network derived from Collins English Dictionary (CED) with a method

based on co-occurrence statistics from a 20 million-word corpus (the Wall Street

Journal). They attained co-occurrence data for 50% of the total 62K headwords

of the CED in text windows of 50 words. The authors selected 1K words, which

they call origins. These are words at frequency ranks 51 untill 1,050. In a task

of word sense disambiguation in the tradition of Wilks et al. (1993) the co-

occurrence vectors are superior to the dictionary-based distance vectors. In a

task of learning the positive or negative meaning of words the dictionary-based

distance vectors were better than the co-occurrence vectors. The authors argue

that the sparseness problem of co-occurrence vectors is a major factor.

More recently, Widdows (2003) evaluated the usefulness of part-of-speech

information combined with LSA for the task of placing unknown words into

a taxonomy. The method builds upon Hearst and Schütze (1993). The BNC

corpus was used to extract co-ordinates determined by the number of times the

headword occurred within the same context-window of 15 words as one of the

1000 column-label words. These 1000 column-label words are the most frequent

words in the corpus minus stop words. For common nouns PoS information

proved beneficial, but not for proper nouns nor for verbs. The best results are

obtained for common nouns using part-of-speech information. In 82% of the

cases the system was able to find the correct classification for a test word.

Sahlgren (2006) uses a corpus of 56MB that includes 10.8M tokens. The

corpus is small enough to allow for a construction of an unreduced space. A fre-

quency threshold is used for words that occur less than 50 times. Morphological

normalization is applied. Sahlgren (2006) uses both word-by-word matrices and

word-by-document matrices. The use of word-by-document matrices, where the

features are document IDs was introduced by Qiu and Frei (1993). The word-by-

word matrix is 8217-dimensional after thresholding. Sahlgren (2006) evaluates

the system with respect to several parameters on several applications. The

author looks both at syntagmatic and paradigmatic uses of context, i.e. first-

order affinities and second-order affinities. Another parameter that is studied

are frequency transformations that change frequencies into values that better

reflect the information value. The motivation behind this is very similar to our
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use of weights. Yet another parameter is the size of the context window. The

applications on which the parameters are evaluated are thesaurus comparison,

association tests, synonym tests, antonym tests, and part-of-speech tests. The

last application measures how many of the nearest neighbours share the same

part-of-speech information. For thesaurus comparison transforming the fre-

quencies by TFIDF performs best, whereas for association tests dampening the

frequency counts produces the best results. Wide context windows are preferred

for association tests, whereas narrow windows result in better performance for

thesaurus comparison. This is in line with results presented by Curran (2003),

where small context windows produce similar results as syntax-based methods,

if sufficient amounts of data are used.

Padó and Lapata (2007) have compared the performance of a proximity-

based model with a syntax-based model on three tasks: semantic priming,

synonymy detection and word sense disambiguation. We have explained in

Chapter 3 in section 3.2.3 how they used the BNC corpus to select 14 depen-

dency relations from. Syntactically enriched models outperform the word-based

models in all cases.

For Dutch Peirsman et al. (2007) describe a comparison between using a

context of five words on either side of the target word and a 50-word context

window. For the 50-word context window they kept the dimensionality low by

looking at the 2000 most frequent nouns only. They compare the proximity-

based method with the syntax-based method. They evaluate on EuroWord-

Net (EWN) comparing the distances in EWN between nearest neighbours of

the different methods. The syntactic methods outperform the proximity-based

methods on this task. This is in line with expectations because the syntax-

based methods typically produce nearest neighbours that are tighter and less

associative than the proximity-based methods and EWN is organised in a tight

way. Also, they show that dimensionality reduction hurts the performance of

the different methods considerably.

Other work that needs mentioning are the methods dedicated to a specific

task, for example smoothing using class-based models (Brown et al., 1992) and

similarity-based or distance-weighted averaging (Dagan et al., 1993). In Da-

gan et al. (1993) 4M co-occurrences are extracted from the USENET corpus

(approximately 9M words) employing a window of 3 content words. The idea

is that similar co-occurrences have similar values of mutual information. The

method is not class-based such as Brown et al. (1992), but it estimates similar-

ity directly using a metric based on strong “neighbourship”. In a data recovery

task, simulating a typical scenario in disambiguation, the performance of the

estimation method was 27% better than frequency-based estimation.
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5.3 Methodology

In the following sections we describe the setup for our experiments. After de-

scribing the corpora we have used and the data we extracted from them (5.3.1)

we will describe the measures (5.3.2) and weights (5.3.3) we have applied.

5.3.1 Data collection

Measures of distributional similarity usually require large amounts of data.

However, we have used the CLEF corpus that consists of approximately 80M

words of newspaper text instead of the 500 million-word corpus to keep the

amount of data manageable. The context vectors resulting from harvesting fea-

tures for the headwords from unstructured context are very high-dimensional.

With respect to the window size of the contexts, we decided to use a rather

large window limited by a discourse-motivated boundary, namely, end of sen-

tence. The context from which we harvest features hence is the sentence. Lit-

erature (Sahlgren, 2006; Curran, 2003) leads us to believe that smaller windows

result in nearest neighbours very much like the syntax-based methods. It is

our aim to find a different type of relation with the approach followed in this

chapter. The aim of this chapter is to find associative relations between words.

There are many combinations of two words possible in the bag of words

retrieved from a single sentence. Just try to imagine the number of combinations

for a large corpus of 80 million words of newspaper text. The majority of the

cells in the co-occurrence matrix will be zero.

The number of (non-zero) co-occurrences is of course dependent on the size

of the context and the frequency cutoffs used to determine the headwords and

features under consideration. When the context is large enough and only high-

frequency words are accepted as headwords and features, no zero co-occurrences

are found. Schütze (1992) reports that for a typical 4000-by-4000 matrix fewer

than 10% zeros are found. The author uses contexts of 1000 characters around

the target word.

To keep the dimensionality of the matrix manageable we selected 5K words

as column labels or attributes/features. These words were selected on the basis

of corpus frequencies. The 5K most frequent words minus stop words (the 50

most frequent words) were selected. Also, we extracted co-occurrence data for a

limited number of headwords. The 50K most frequent words minus stop words

were selected.

In our case, there are 50K headwords times 5K features, that is 250M cells.

In Table 5.2 the number of co-occurrence tokens and types are given. There

are 34.6M cells with non-zero co-occurrences. This means that 13.84% of the

cells are filled. The matrix is less sparse than the matrices for the syntax-based
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and alignment-based method. We discarded hapaxes, and the counts given in

Table 5.2 are the result of subtracting the hapaxes from our data. This adds

to the number of empty cells. We discarded hapaxes because we have little

confidence in these single occurrences and they seriously harm the efficiency of

our system.

# tokens # types

526.4M 34.6M

Table 5.2: Number of proximity-based co-occurrences tokens and types (hapaxes
excluded)

Only a small number of words are frequent in language, the vast majority

only occur in a very limited number of contexts. This phenomenon is referred

to as Zipf’s law (Zipf, 1949). In Figure 5.1 we can see that the distribution

of co-occurrence types approaches a linear line for the high ranks in a log-log

representation, i.e. when the number of co-occurrence types is small (right part

of the figure). For the highest ranks the line is too flat. The line approaches

Zipf’s law less well than the syntax-based data and alignment-based data in the

previous chapters.
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Figure 5.1: Number of co-occurrence types when augmenting the cell frequency
cutoff

Often people have used dimensionality reduction to deal with the problem

of large amounts of data and many zero co-occurrences. The idea behind such

techniques is to bring the dimensionality down, while retaining as much as
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possible of the original information. LSA (Landauer and Dumais, 1997) is a

well-known dimensionality reduction technique that uses a statistical technique

called Singular Value Decomposition (SVD). It falls outside the scope of this

chapter to use this type of technique. Also, Peirsman et al. (2007) showed that

dimensionality reduction brings their scores down.

We have explained how we use statistically motivated dimensionality reduc-

tion by selecting only the most frequent headwords and features. Other ways

to reduce the dimensionality of the matrix are linguistic in nature. An example

of a linguistically motivated form of dimensionality reduction is to include only

words with a certain part-of-speech tag. However, since we want to find asso-

ciations that are not bound by syntactic categories, we will not use this kind

of linguistically motivated dimensionality reduction. Another example of lin-

guistically motivated dimensionality resolution is to extract lemmas instead of

word forms from the corpus to reduce variation. We extracted lemmas from the

corpus as they are given by the Alpino parser (van Noord, 2006).1 Apart from

reducing data sparseness, it will facilitate the evaluation based on comparing

the results to existing databases.

5.3.2 Similarity measures

We have limited our experiments to using Cosine and Dice†, a variant of Dice.

We chose these methods because they performed best in a large-scale evaluation

experiment reported in Curran and Moens (2002). These measures are explained

in greater detail in section 3.3.3, Chapter 3. We will limit ourselves to repeating

the basic explanations here.

Cosine is a geometrical measure. It returns the cosine of the angle between

the vectors of the words and is calculated as the dot product of the vectors:

Cosine =

∑

weight(W1, ∗w′)× weight(W2, ∗w′)
√

∑

weight(W1, ∗)2 ×
∑

weight(W2, ∗)2

For the syntax-based methods we have seen triples holding the headword,

the syntactic relation, and the other word in the syntactic relation. For the

alignment-based method the second slot of the triple was taken by language

IDs instead of syntactic relations. The proximity-based method does not need

a slot for syntactic relations nor language IDs. There is only one relation in

the proximity-based method, which is proximity to the headword. In Table 5.1

we can see that there is no relation ID attached to the attributes. As the r/t

1Unlike for the syntax-based method we have excluded multi word units. We decided
that this type of information is syntactic in nature and should therefore not be part of the
proximity-based method. We believe that we could have improved scores by including these
multi-word expressions, as we could have decreased ambiguity for example in person names.
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variable is redundant, we removed it.

Dice† (Curran and Moens, 2002) is defined as:

Dice† =
2

∑

min(weight(W1, ∗w′), weight(W2, ∗w′))
∑

weight(W1, ∗w′) + weight(W2, ∗w′)

5.3.3 Weights

We used pointwise mutual information (MI, Church and Hanks (1989))

and the t-test as weights. Frequency was used as a baseline. It simply assigns

every co-occurrence type a weight of 1 (i.e. every frequency count in the matrix

is multiplied by 1). Pointwise mutual information (MI) measures the amount

of information one variable contains about the other and is explained in sec-

tion 3.3.4. T -test tells us how probable a certain co-occurrence is by looking at

the difference of the observed and expected mean scaled by the variance of the

data. It is also further explained in section 3.3.4.

5.4 Evaluation

In this section we will explain the evaluation framework. For the nearest neigh-

bours found by the previous methods, we have chosen to evaluate on the gold

standard EuroWordNet (EWN, Vossen (1998)). Because of the difference in

nature of the nearest neighbours of the proximity-based method, we have cho-

sen to evaluate the neighbours on the Leuven Dutch word association norms

(De Deyne and Storms, 2008). In section 5.4.1 we describe this gold standard.

To allow for a comparison with the syntax-based and the alignment-based

methods, we will evaluate the nearest neighbours resulting from the proximity-

based method on EWN as well. We will explain how we calculated the precision

of the system with regard to the acquisition of synonyms, hypernyms, and co-

hyponyms from EWN in section 5.4.2. In section 5.4.3 we will explain what test

sets we have used in the experiments.

5.4.1 Word association norms

As we believe that the nearest neighbours found will reflect associations, evalu-

ation on a hierarchically structured gold standard is not completely satisfactory

nor adequate. We have therefore decided to use a collection of association

norms to evaluate the nearest neighbours: the Leuven Dutch word association

norms (De Deyne and Storms, 2008). We have explained in section 2.4.2, Chap-

ter 2, how norms for 1,424 Dutch words were gathered in a continuous word

association task. For each cue, three association responses were obtained per
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participant. In total, on average 268 responses for each cue were collected.

The experiments were conducted between 2003 and 2006 and involved 10,292

participating individuals.

We have used EWN as a gold standard as well. The reader might remember

from our explanations in section 3.4.1 that we discarded words that were not

found in the gold standard. EWN is made semi-automatically and it is possi-

ble that there are omissions. EWN provides us with an approximation of the

semantic similarity between a pair of words as conceived by humans.

In the case of associations, De Deyne and Storms (2008) have provided us

with a large amount of human data. Although one can always argue about the

way these association norms were gathered, they represent a large-scale attempt

to obtain the actual thing we are testing: human associations. We do not need

to use approximations. Hence, we take the associations as the absolute truth.

That means that a combination of a word and a nearest neighbour is counted as

a correct association, when it is found in the association norms, and incorrect

if it is not found. We do not discard words that are not found.

5.4.2 Synonyms, hypernyms and (co)-hyponyms from EWN

To evaluate the system with respect to the number of synonyms found in EWN,

we again used the synsets in Dutch EWN as our gold standard. In EWN, one

synset consists of several synonyms which represent a single sense. Polysemous

words occur in several synsets. We have combined for each target word the

EWN synsets in which it occurs. Hence, our gold standard consists of a list

of all nouns found in EWN and their corresponding synonyms extracted by

taking the union of all synsets for each word. Precision is then calculated as

the percentage of candidate synonyms that are truly synonyms according to our

gold standard.

For hyponyms, co-hyponyms, and hypernyms we used the same gold stan-

dard. For example, we determined whether there is one sense of the candidate

word and test word that are in a hyponym relation in EWN. If so, this con-

tributes to the hyponym score for that test word. Note that it is possible for one

polysemous word to contribute to the percentages of multiple semantic relations.

5.4.3 Test sets

We will evaluate the associations found both on the Leuven Dutch word asso-

ciation norms and EWN. We have therefore used two seperate test sets.

To evaluate our system on the Leuven Dutch word association norms we used

the headwords (cues) for which the authors provide association norms. This is

a list of 1,424 words from which we removed verbs, adjectives and plural nouns.
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This to make the comparison with the EWN evaluation that is only based on

single nouns, easier. This resulted in a list of 1,214 words.

It contains concepts from various natural categories (fruit, vegetables, in-

sects, fish, birds, reptiles, and mammals), artifact categories (vehicles, musical

instruments, and tools), action categories (sports and professions), and a vari-

ety of concrete object concepts. The remainder of the items was taken from

the semantic categories of weapons, clothing, kitchen utensils, food, drinks and

animals. Furthermore, this set was expanded with words corresponding to su-

perordinate concept nouns such as mammal or vehicle.

To evaluate on EWN, we have used the same test set as done in other

chapters. We have constructed a test set of 3 times 1000 words. In section 3.4.3,

we explained how we built a large test set of 3000 nouns selected from EWN.

5.5 Results

In the current section we will give results for applying the evaluation framework

introduced in the previous section. We will first determine the best settings in

terms of cell and row frequency cutoffs (5.5.1). In section 5.5.2 we will compare

combinations of measures and weights. The distribution of the several semantic

relations in the lists of nearest neighbours will be discussed in 5.5.3. We make a

comparison between the performance of the proximity-based methods and the

previously discussed methods in section 5.5.4.

5.5.1 Cell and row frequency cutoffs

As we have seen in previous chapters, augmenting the cell and row frequency

cutoffs has an effect on the performance of the system. Augmenting the cell

frequency cutoff reduces the number of infrequent co-occurrences. Augmenting

the row frequency cutoff reduces the number of infrequent headwords. These

actions can reduce noise. Also, higher cutoffs are beneficial for the efficiency of

the system. This is why we have, as in previous chapters, decided to discard

hapaxes, i.e. co-occurrence types that only occurred once in our data. We have

run experiments with cell and row frequency cutoffs ranging respectively from

2 to 10 and 2 to 100.

Before discussing the results, it should be noted that these tests were done

using MI as weight and Cosine as measure. We will explain in the next section

why we have chosen this combination. We have evaluated on the Leuven Dutch

word association norms (De Deyne and Storms, 2008).

In Table 5.3 we see the effect of changing the cell and row frequency cutoffs.

The best results are attained when no cutoffs are used, i.e. when only hapaxes
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% associations
Cell Row
Freq Freq k=1 k=5 k=20 k=50

2 2 0.32 0.23 0.15 0.10

2 4 0.32 0.23 0.15 0.10

2 10 0.32 0.23 0.15 0.10

2 20 0.32 0.23 0.15 0.10

4 4 0.30 0.20 0.13 0.09
4 8 0.30 0.20 0.13 0.09
4 20 0.31 0.20 0.13 0.09
4 40 0.31 0.21 0.13 0.09

6 6 0.28 0.19 0.12 0.08
6 12 0.29 0.19 0.12 0.08
6 30 0.30 0.21 0.13 0.09
6 60 0.32 0.22 0.13 0.09

10 10 0.14 0.10 0.07 0.06
10 20 0.26 0.18 0.11 0.08
10 50 0.28 0.20 0.12 0.08
10 100 0.30 0.21 0.13 0.09

Table 5.3: Average precision at k candidate synonyms for different cell and row
frequency cutoffs

are discarded. At all values of k, the system’s performance is best when the

minimum frequency is set to 2. Only at cell frequency 6 and row frequency 60

the results are equally good at k=1.

Another phenomenon that can be seen from Table 5.3, is that the row fre-

quency determines quality more than the cell frequency. The system fares well

with high row frequency cutoffs, more or less independent of the cell frequency.

Only for the cell frequency 2 this does not hold. All row frequencies perform

equally well when the cell frequency is set to 2. It seems that when limited

data is available (since much co-occurrence data is removed by cell frequency

cutoffs 4 to 10), removing infrequent headwords, for which there is less data, is

beneficial.

As we have seen with the other methods, the performance of the system is

best when as much data as possible is used. Although efficiency is more of a

problem with the large amounts of data the proximity method uses, we decided,

also for the sake of keeping all settings in all three methods as equal as possible,

to set both the cell and row cutoffs to 2 for the remainder of the experiments.

5.5.2 Comparing measures and weights

We compared the performance of the various combinations of a weight measure

(frequency, MI, and t-test) and a measure for computing the distance between

co-occurrence vectors (Dice† and Cosine).
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The results are given in Table 5.4. The average precision in percentages of

associations for the 1214 test words is given at various values of k. Not all words

were found in our data. As the reader might remember from section 5.3.1, we

have only selected the 50K most frequent words as headwords minus a stop list

of the 50 most frequent words. Less frequent words are not included in the data.

For 264 words the system did not provide any nearest neighbours because there

was no data for these words. They were not among the 50K most frequent words

in the 80 million word newspaper corpus. One word was not found because it

happened to be in the stop list (jaar ‘year’). These words were discarded in the

evaluation. Still, the coverage of the system is over 78%.

% associations
Measure+Weight k=1 k=5 k=20 k=50

Dice†+FR 0.21 0.12 0.07 0.04
Dice†+MI 0.30 0.21 0.12 0.08
Dice†+TT 0.34 0.24 0.15 0.10

Cosine+FR 0.29 0.21 0.13 0.09
Cosine+MI 0.32 0.23 0.15 0.10

Cosine+TT 0.23 0.17 0.11 0.08

Table 5.4: Average precision at k candidate synonyms for different similarity
measures and weights

In contrast to previous methods Dice† in combination with t-test results in

the highest scores. However, Cosine in combination with MI gives comparable

results. As we have seen in previous chapters, Dice† performs much worse

than Cosine, when no weights are used. The worst performance is attained

when Dice† is used without any weighting and the raw frequencies are used to

compare word vectors.

In general the scores are improved when weights are used. For Dice† both MI

and t-test weighting improve the scores considerably. For the Cosine measure MI

is beneficial, while t-test is harmful. Note that in this evaluation on association

norms, words that are not found in the gold standard are considered incorrect.

That is different from the previous evaluation on EWN. The rare words provided

by the combination of Cosine and t-test that are not found in the association

norms will bring the scores down. Still, it is interesting to see that weights can

be beneficial for proximity-based methods as well as they are for the syntax-

based method. Many frequently occurring contexts have a very low information

value. A large number of nouns can occur in a sentence with the verb to have.

This verb therefore has a low information value. The effect of such contexts will

be downplayed when using weights.

Although the combination Dice† with t-test performs slightly better, we
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decided to use Cosine + MI for the remainder of the experiments. This to keep

the settings as equal as possible to the other two methods, for which we used

the combination Cosine + MI as well.

Before we move on to comparisons with other methods, we would like to

say something about the quality of the nearest neighbours that stem from the

proximity-based method. The example output provided in Table 5.5 resulted

from setting the row and cell frequency cutoffs to 2 and using the measure

Cosine and the weight MI.

The first example shows that some examples from the football domain arise.

For the headword kanarie ‘canary’ we see that the proper name Garrincha is

retrieved. This is due to the fact that the Brazilian football team is referred to by

the term canary because of the bright yellow colour of their shirts. Garrincha

is a famous Brazilian player, described in The Divine Canary, a book about

Brazilian football from Garrincha to Ronaldo. The term kanarie is found in the

same sentences as Garrincha is. These terms are subject-related, although very

domain-dependent. Football is a domain that is well-represented in newspaper

text. We will see more examples from football later in this chapter.

The proximity-based method sometimes results in words that belong to the

same semantic and syntactic category, as can be seen in the second example

from Table 5.5. These examples are very much like the examples we have seen

for the syntax-based methods. Garage ‘garage’ gives parkeerplaats ‘parking lot’,

parkeergarage ‘parking garage’,

The last example shows a deficiency of the proximity-based method. The

fact that the proximity-based method is not limited to syntactic context nor

translations makes it especially vulnerable to ambiguities. The syntax-based

method might also be harmed by ambiguity, but not of the sort we see in the

last example in Table 5.5. This is a typical example of an ambiguity between

the verb and noun reading of a word. The Dutch word dam can refer to playing

checkers and it can be dam as in river dam. It is the noun reading that we

are looking for here. Using PoS information could remedy these problems or

deciding beforehand to select only nouns. However, Widdows (2003) reports

that PoS information proved beneficial for common nouns, but not for proper

names nor for verbs.

Since the syntax-based method is limited to syntactic contexts this ambiguity

will not appear. The syntactic contexts that the noun dam as in river dam

is found in are different from the contexts that the verb dam as in playing

checkers is found in. Dam as in playing checkers is typically found as a feature,

namely the subject relation that can be found with people such as Tsjizjov and

Wiersma. The noun ’dam’ that we are looking for here is typically linked with

features such as the object of the verb bouwen ‘to build’. The nearest neighbours
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it gets are stuwdam ‘dam’, dijk ‘dike’, and stuw ‘dam’.

Test word k=1 k=2 k=3
kanarie Garrincha lop los papegaai
‘canary’ Garrincha ‘walk freely’ ‘parrot’
garage parkeerplaats parkeergarage caravan
‘garage’ ‘parking lot’ ‘parking garage’ ‘caravan’
dam Tsjizjov Wiersma Baljakin
‘dam’ Tsjizjov Wiersma Baljakin

Table 5.5: Examples of nearest neighbours at the top-3 ranks

5.5.3 Distribution of semantic relations

So far we have evaluated the performance of the system by determining how

many associations are found among the nearest neighbours. We will now check

what other kind of lexical relations are found among the nearest neighbours. In

the previous chapters we saw that many semantic relations other than synonyms

are found.

We evaluate on the same test set used in previous chapters: a high frequency

test set, a middle frequency test set, and a low frequency test set. The test set

is different from the previous section, in which we evaluate on the association

norms, so we cannot compare the results. We will compare the results to the

syntax-based and alignment-based methods in the next section (5.5.4).

Table 5.6 shows the proportion of synonyms, hypernyms, hyponyms, and co-

hyponyms. Note that we have determined the percentages as described in 5.4.2.

In short, for each pair of nearest neighbours we check if there is any sense in

which both neighbours are found in a particular semantic relation. Since words

have multiple senses and we do not restrict ourselves to one particular sense,

the percentages do not add up to 100%. If we included all possible relations

and non-relatedness, we would obtain a total of over 100%.

Only 8% of the nearest neighbours at rank 1 are synonyms. The semantic

relation that is most found among the nearest neighbours of the proximity-based

method is co-hyponymy. We have seen this for both the syntax-based and the

alignment-based method as well; however, the difference was not that big. It

is striking that the low-frequency test set results in the largest percentage of

synonyms. We would expect the low-frequency test set to suffer more from data

sparseness, which would result in lower scores.

We will now turn to the comparison of the different methods.
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Semantic HF MF LF
Relation k=1 k=5 k=1 k=5 k=1 k=5

Synonyms 7.88 3.85 7.46 3.61 9.69 4.10
Hypernyms 4.92 3.71 2.54 1.37 3.15 2.26
Hyponyms 7.17 4.61 3.17 2.10 2.91 1.20
Co-hyponyms 24.19 16.66 21.11 14.47 22.76 13.79

Table 5.6: Distribution of semantic relations over the k candidates

Corpus # tokens # types

Proximity 526.4M 34.6M
Syntax1 (500M) 73.8M 7.1M
Syntax2 (80M) 10.5M 1.4M
Alignment (Europarl) 31.3M 994K

Table 5.7: Number of co-occurrences tokens and types for the several corpora
(excluding hapaxes)

5.5.4 Comparison with syntax- and alignment-based method

First we have to note that the amount of data used for the proximity-based

method is much larger than for the syntax-based or alignment-based method,

although a smaller corpus is used to harvest the data from. This is the result of

the fact that the proximity-based method is less limited in the contexts it uses.

It is not limited to translations, nor to syntactic relations. Any two words that

co-occur in one single sentence, provided that the headword appears in the list

of 50K most frequent headwords and the feature appears in the list of 5K most

frequent features, are taken as a co-occurrence token. We can see the number

of co-occurrence tokens and types for the three methods in Table 5.7. For the

syntax-based method figures are given both for the 500 million-word corpus as

well as for the 80 million-word corpus to make a better comparison with the

proximity-based method that uses the 80 million-word corpus.

In Table 5.8 we can see the percentage of associations found among the near-

est neighbours provided by the three methods. We can see that the proximity-

% associations
Method k=1 k=5 k=20 k=50

Proximity 0.32 0.23 0.15 0.10

Syntax1 (500M) 0.25 0.19 0.11 0.07
Syntax2 (80M) 0.17 0.12 0.07 0.04
Align 0.22 0.10 0.04 0.02

Table 5.8: Average precision at k candidate associations for the different meth-
ods
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based methods are better at finding associations than any other method. The

syntax-based method, even when using a larger corpus, does not reach the pre-

cision the proximity-based method reaches.

However, we must be cautious. There might be an effect of frequency. In sec-

tion 5.3.1 we explained that we have limited our calculations for the proximity-

based method to the 50K most frequent headwords to keep the dimensionality

of the matrix feasible. The nearest neighbours found by the proximity-based

methods will be among the 50K most frequent words (taken from the 80 million

corpus). The syntax-based method has no such limitations. In section 3.5.1,

Chapter 3 we showed that the easiest way to limit the syntax-based method

with respect to the frequency of the nearest neighbours found is by augmenting

the row frequency cutoff for a headword. The two frequency cutoffs are compa-

rable but not identical. The row frequency is the sum of the frequencies of the

syntactic co-occurrences for that headword. It is not a global frequency, but it

gives the frequency in the context of syntactic relations.

In section 3.5.1 we showed that augmenting the row (or cell) frequency cutoffs

resulted in lower scores on the EWN measure. However, augmenting the row

frequency cutoff does result in better scores when evaluating on the association

norms. We have tried to keep the frequency cutoffs comparable. For the syntax-

based method using the 80 million-word corpus this was easier than for the 500

million-word corpus. The frequencies we used for the proximity-based method

were calcualted on the basis of the 80 million-word corpus. A frequency cut-off

of 10 seemed reasonable to remove many of the infrequent headwords that were

not part of the 50K most frequent words. For the 500 million-word corpus it was

harder to determine a reasonable cutoff. We have set the row frequency cutoff to

50. We have to stress that these frequency cutoffs only approximate the result

of excluding words that are not among the 50K most frequent words. Some

words that are among the 50K most frequent words will be below the frequency

cutoffs set and some words that are not among the 50K most frequent words will

have a row frequency cutoff above the cut-offs set. The results are in Table 5.9.

% associations
Method k=1 k=5 k=20 k=50

Proximity 0.32 0.23 0.15 0.10

Syntax1 (500M) r=50 0.31 0.23 0.14 0.09
Syntax2 (80M) r=10 0.21 0.15 0.09 0.06

Table 5.9: Average precision at k candidate associations for the different meth-
ods using row frequency cutoffs

The scores for the syntax-based method using the 500 million-word corpus

approach the scores for the proximity-based method. However, the associations
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found by the two systems are very different. The syntax-based method finds

many of the associations that people make between words in the same semantic

and syntactic class, whereas the proximity-based method finds associations that

are only subject-related. For example, for the head word bar ‘bar’ of the 50

nearest neighbours for the syntax-based method the following are found among

the association norms: kroeg, ‘bar’, terras, ‘terrace’, disco, ‘disco’, pub, ‘pub’,

zwembad, ‘swimming pool’, hotel, ‘hotel’, lounge, ‘lounge’, keuken, ‘kitchen’,

strand ‘beach’. Of the 50 nearest neighbours of the proximity-based method

the following are among the association norms: terras, ‘terrace’, gezellig, ‘cosy’,

drink, ‘drink’, hotel, ‘hotel’, zwembad, ‘swimming pool’, keuken, ‘kitchen’, bier,

‘beer’, kroeg, ‘bar’, glas, ‘glass’, glazen, ‘glass (adjective)’, ober, ‘waiter’, drank,

‘drinks’, avond, ‘evening’, disco, ‘disco’, dame, ‘lady’, lekker, ‘nice’, stoel, ‘chair’,

koud ‘cold’.

Method Coverage

Proximity 0.78
Syntax1 (500M) 0.92
Syntax2 (80M) 0.84
Align 0.51

Table 5.10: Coverage for the several methods and corpora

Method Semantic HF MF LF
Relation k=1 k=5 k=1 k=5 k=1 k=5

Proximity Synonyms 7.88 3.85 7.46 3.61 9.69 4.10
Hypernyms 4.92 3.71 2.54 1.37 3.15 2.26
Hyponyms 7.17 4.61 3.17 2.10 2.91 1.20
Co-hyponyms 24.19 16.66 21.11 14.47 22.76 13.79

Alignment Synonyms 31.71 19.16 29.26 16.20 28.00 16.22
Hypernyms 11.71 8.45 7.67 7.69 9.50 7.02
Hyponyms 19.67 18.27 7.19 5.93 5.00 3.87
Co-hyponyms 43.25 32.32 39.09 26.88 38.50 22.88

Syntax1 (500M) Synonyms 21.31 10.55 22.97 10.11 19.21 11.63
Hypernyms 11.95 7.35 8.42 6.43 5.79 4.12
Hyponyms 20.74 17.34 7.20 5.17 3.05 2.80
Co-hyponyms 41.71 32.74 43.03 30.29 37.80 31.42

Syntax2 (80M) Synonyms 17.20 9.92 12.97 7.59 5.26 2.74
Hypernyms 10.93 7.52 6.37 3.44 2.19 1.61
Hyponyms 20.62 15.75 5.66 3.88 1.32 0.57
Co-hyponyms 39.52 31.21 31.37 23.41 17.98 11.34

Table 5.11: Distribution of semantic relations over the k candidates for the three
methods

When we look at the coverage of the system on the association test set,

provided in Table 5.10, we see that the syntax-based method results in the



130 Chapter 5. Proximity-based distributional similarity

EWN similarity
Method HF MF LF

k=1 k=5 k=1 k=5 k=1 k=5

Proximity 0.524 0.493 0.451 0.429 0.401 0.385
Align 0.755 0.669 0.699 0.601 0.649 0.545
Syntax1 (500M) 0.765 0.697 0.737 0.656 0.666 0.620
Syntax2 (80M) 0.747 0.680 0.644 0.577 0.488 0.431

Table 5.12: EWN score at k candidates for the three methods

highest coverage. Remember that we only admitted the 50K most frequent

words as headwords for the proximity-based method. That is why a lot of

nouns from the test set do not result in any nearest neighbours. The alignment-

based method has the lowest coverage. The corpus used for the alignment-based

method is small and the type of words that are in the test set built from the

association norms, such as types of fruit, vegetables, insects, etc. do not occur

frequently in the Europarl corpus.

Let us now turn to evaluations on EWN. From Table 5.11 we can see the

percentage of several types of lexico-semantic relations for the three methods.

In general, the proximity-based method retrieves less of every type of relation

compared to the other two methods. The largest difference is in the number

of synonyms. The syntax-based method retrieves three times as many and the

alignment-based method retrieves four times as many. However, if the same

corpus is used to retrieve the information from (the 80-million word corpus),

the proximity-based method is more succesful in finding semantic relations for

for low-frequency words than the syntax-based method. The alignment-based

method still outperforms all, especially for the low-frequency test set. This is

in line with work done by (Grefenstette, 1994a, pg. 94–96). Data sparseness is

the reason for this phenomenon. Data sparseness is most serious for the low-

frequency words, when using a relatively small corpus. The proximity-based

methods suffers less from data sparseness. The alignment-based method suffers

the least.

Also, when the performance is measured on a combination of semantic rela-

tions, as is the case for the EWN score, the proximity-based method performs

poorly. In Table 5.12 we see the EWN scores for the three methods. These

figures are in line with the results found in Peirsman et al. (2007). The authors

report 0.48 EWN similarity score for the syntax-based method, when taking the

ten most related words into account, i.e. k=10, against 0.34 EWN similarity

score for their proximity-based (bag-of-words) model. The difference between

the proximity-based method and the syntax-based method is smaller, when

based on the same corpus and tested on low-frequency words. However, the
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syntax-based method still outperforms the proximity-based method, even when

based on the same corpus.

These results are in line with what we expected and what has been described

in the literature (Kilgarriff and Yallop, 2000; Padó and Lapata, 2007). The

nearest neighbours resulting from the proximity-based method are looser, more

associative in nature. They are related with respect to subject field.

In Table 5.13 we can see a number of examples for the different methods.

The first example shows very clearly that the proximity-based method is more

associative in nature. The nearest neighbours of a word such as feest ‘party’

are: feestelijk ‘festive’, avond ‘evening’, and vrolijk ‘cheerful’. The syntax-

based method retrieves less associative, more semantically related nearest neigh-

bours, such as feestje ‘little party’, receptie ‘reception’, and concert ‘concert’.

The alignment-based method retrieves nearest neighbours that are closer in se-

mantics: feestmaal ‘feast’, volksfeest ‘popular festival’, and feestdag ‘holiday’.

Both the syntax-based method and the alignment-based method retrieve nearest

neighbours that belong to the same syntactic category: nouns. The proximity-

based method retrieves two adjectives and one noun.

In the next example we see again how the proximity-based method is influ-

enced by sports articles in newspapers. For the headword knie ‘knee’, we get

geschorst ‘suspended’, Vitesse, a Dutch football team, and geel ‘yellow’. The

last adjective refers to the colour of the card that football players receive as a

caution for one of the seven offenses.

The syntax-based method and alignment-based method are less biased to

football terms. The alignment-based method returns rather poor nearest neigh-

bours due to sparseness in the data. The syntax-based method’s nearest neigh-

bours are limited to parts of the body. The fact that the syntax-based method

uses syntactic information is again the reason for this: the syntactic contexts

knie ‘knee’ is found in are very different from the syntactic context Vitesse or

geschorst ‘suspended’ are found in. They will not appear as each other’s nearest

neighbours. For the proximity-based method, the contexts Vitesse and knee are

found in are rather similar. These words are often found in the same sentences.
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Test word Method k=1 k=2 k=3

feest Proximity feestelijk avond vrolijk
‘party’ ‘festive’ ‘evening’ ‘cheerful’

Syntax feestje receptie concert
‘little party’ ‘reception’ ‘concert’

Align feestmaal volksfeest feestdag
‘feast’ ‘popular festival’ ‘holiday’

knie Proximity geschorst Vitesse geel
‘knee’ ‘suspended’ Vitesse ‘yellow’

Syntax enkel elleboog heup
‘ankle’ ‘elbow’ ‘hip’

Align knieën baas gecontroleerde
‘knees’ ‘boss’ ‘controlled’

land Proximity regering Nederland groot
‘country’ ‘government’ ‘The Netherlands’ ‘big’

Syntax buurland lidstaat staat
‘neighbouring country’ ‘member state’ ‘state’

Align lidstaat vaderland staat
‘member state’ ‘motherland’ ‘state’

Table 5.13: Examples of nearest neighbours at the top-3 ranks
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5.6 Conclusions

In this chapter we provided information about the nature and quality of the

nearest neighbours found by the proximity-based method. We have evaluated

the nearest neighbours on the Dutch association norms and on the gold standard

EWN. We have determined the percentages of associations, synonyms, and other

lexico-semantic relations.

The most important outcome of this study is that the proximity-based

method is better at finding associations than the syntax-based method dis-

cussed in chapter 3, when using the same corpus. When we try to account for

the frequency bias introduced by that fact that the the proximity-based method

uses only the 50K most frequent words as headwords the results for the syntax-

based method using the larger corpus approaches the proximity-based method.

The alignment-based method finds fewer associations than the proximity-based

and syntax-based method.

The type of nearest neighbours found for the syntax-based and the proximity-

based method are different. The syntax-based method finds many associa-

tions that belong to the same semantic and syntactic category, such as bar-pub,

whereas the proximity-based method finds less associations that belong to the

same semantic and syntactic category, but in addition many subject-related

associations, such as bar-cosy and bar-evening.

As for the evaluation on EWN, the proximity-based method finds fewer taxo-

nomically related words ((co)hyponyms, hypernyms) and even fewer synonyms.

Both its ability to find associations and its performance on finding semantic

relations are in line with expectations. The nearest neighbours retrieved by the

proximity-based method are associative in nature due to the type of context

used in calculating disributional similarity: non-syntactic, sentential.

It is, however, less sensitive to data sparseness. Because of that it performs

better than the syntax-based method on the low-frequency test set, when the

same corpus is used to harvest data from.

As for the cell and row frequency cutoff, using no cutoffs at all except the

removal of hapaxes results in the best performance. Since the data we are

working with is still manageable as it is, we decided to use no cutoffs for the

remainder of the chapter.

When determining the best measures and weights, we found that the com-

bination that performed best in the previous chapter on syntax-based methods

was again among the best combinations: Cosine in combination with Mutual

Information. However, Dice† + t-test performed a little bit better at low val-

ues of k. Weighting is important for the proximity-based method as it is for

the syntax-based method. There are proximity-based contexts, such as prox-
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imity to the verb heb ‘have’, that are frequent, but less informative than other

less frequent co-occurrences. However, to use t-test in combination with Cosine

harmed the results.

The nearest neighbours resulting from the proximity-based method do not

stick to the same syntactic category as the headword. We can get verbs and

adjectives as nearest neighbours for a noun. We allowed for this effect when

deciding to include all syntactic categories and not just nouns. This has as

a negative side-effect that the proximity-based method suffers from ambiguity

problems. Since the context used is non-syntactic, the vectors, for example for

the ambiguous word dam ‘dam’, contain both contexts for the noun as well as

for the verb reading. The syntax-based method has separate entries for these

different part-of-speeches. Using PoS information could remedy these problems.

However, Widdows (2003) reports that PoS information proved beneficial for

common nouns, not for proper nouns nor for verbs.

The associations retrieved by the proximity-based method are often very

domain-specific, such as the two examples we have showed from the domain

of football. For example, for the headword knie ‘knee’, we get geschorst ‘sus-

pended’, Vitesse, a Dutch football team, and geel ‘yellow’, referring to the colour

of the card that football players often receive. Sports articles are very well rep-

resented in newspapers and especially for a popular activity such as football.

The syntax-based method is less sensitive to these effects. As it is limited to the

syntactic context it retrieves parts of the body: enkel ‘ankle’, elleboog ‘elbow’,

and heup ‘hip’. It remains to be seen if these associations are helpful in a task.

That is why we will test the usefulness of the found neighbours on a real

application, question answering, in Chapter 6.




