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Chapter 4

Alignment-based

distributional similarity

Part of the material in this chapter has been published as Van der Plas and

Tiedemann (2006).

4.1 Introduction

Defining the meaning of a word is hard. Translations are interesting in this

respect because, when translating, people bridge difficulties that are related to

the meaning of words. In this chapter we will try to use translations to discover

relationships, such as synonymy, between words.

In the previous chapter we explained how syntax-based methods are good at

retrieving semantic relations of all kinds between words, but that the number

of synonyms at the first ranks is not particularly high. Synonymy is a valuable

semantic relation that was explained in detail in chapter 2. It expresses a very

tight relationship between words. If two words are synonymous, they share the

same meaning.

We could have tried to improve the percentage of synonyms at the first ranks

by applying a filter on the nearest neighbours of the syntax-based method. For

example, patterns such as X, Y, and other Z, as defined by Hearst (1992) and

applied by IJzereef (2005) to Dutch, can help to identify (co-)hyponyms and

hypernyms among the nearest neighbours that could then be filtered. However,

we opted for a different approach. We decided to try and solve the problem

within the framework of distributional methods: We applied a method that is

based on the translations of words. We expect that this method is good at

retrieving synonyms specifically.
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In the previous chapter we presented the distributional hypothesis, i.e.

the idea that semantically related words are distributed similarly over contexts.

We then said that context can be defined in many ways. One possible context

is the syntactic context, another the bag-of-words, yet another context is the

translational context. This is the context we will be concerned with in

this chapter.

The translational context of a word is the set of translations it gets in other

languages. For example, the translational context of cat is kat in Dutch and

chat in French. This requires a rather broad understanding of the term context.

A straightforward place to start looking for translational context is in bilin-

gual dictionaries. However, these are not always publicly available for all lan-

guages. More importantly, dictionaries are static and therefore often incomplete

resources, and they often do not provide frequency information. We have cho-

sen to automatically acquire word translations in multiple languages from text.

Text in this case should be understood as multilingual parallel text. Automatic

word alignment will then give us the translations of a word in multiple lan-

guages. Any multilingual parallel corpus can be used. It is thus possible to

focus on a special domain. Furthermore the automatic word alignment provides

us with frequency information for every translation pair, which can be handy

in case words are ambiguous.

How do we get from translational contexts to synonymy? The idea is that

words that share a large number of translations are similar. For example both

autumn and fall get the translation herfst in Dutch, Herbst in German, and

automne in French. This indicates that autumn and fall are synonyms.

Aligned parallel corpora have often been used in the field of word sense

discovery, the task of discriminating the different senses words have. The idea

behind it is that a word that receives different translations might be polysemous.

For example, a word such as wood receives the translation woud and hout in

Dutch, the former referring to an area with many trees and the latter referring to

the solid material derived from trees. Whereas this type of work is all built upon

the divergence of translational context, i.e. one word in the source language is

translated by many different words in the target language, we are interested in

the convergence of translations, i.e. two words in the source language receiving

the same translation in the target language.

Of course these two phenomena are not independent. The alleged conversion

of the target language might well be a hidden diversion of the source language.

Since the English word might be polysemous, the fact that woud and hout in

Dutch are both translated in English by wood does not mean that woud and

hout in Dutch are synonyms. The use of multiple languages overshadows the

noise resulting from polysemy. We will explain in section 4.5.5 that, if two words
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in a source language receive the same translation in many target languages, this

often indicates that the two words are synonyms.

With this approach we hope to find the synonyms that the syntax-based

method failed to distinguish. We ascribed the fact that the syntax-based method

behaves in this way to the fact that words such as wine and beer are often found

in the same syntactic contexts. We hope that the alignment-based method

suffers less from this indiscriminant acceptance. Words are typically translated

by words with the same meaning. The word wine is typically not translated

with a word for beverage nor with a word for beer, and neither is good translated

with a word for bad. So we expect not to find hypernyms, co-hyponyms, nor

antonyms, at least not in general. However, we are still relying on automatic

word alignments. We will see that the noise introduced by this method results

in (co-)hyponyms and hypernyms being found as nearest neighbours.

The aim of this chapter is to show the nature and quality of the nearest

neighbours found by the alignment-based approach. In the next section we will

discuss the alignment-based methods in greater detail. The following sections

will be concerned with the methodology used in our experiments (4.3), the

evaluation framework (4.4), the results (4.5), and finally the conclusion (4.6).

4.2 Alignment-based methods

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

ilarity. We will give some examples of translational context (4.2.1) and we will

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

contexts (4.2.2). We end this section with a discussion of related work (4.2.3).

4.2.1 Translational context

The translational context of a word is the set of translations it gets in other

languages. There are several ways to get hold of the translational context of

words. One is to look up translations in a dictionary. The approach we are

proposing relies on automatic word alignment of parallel corpora from Dutch to

one or more target languages.

The corpora we are using are sentence aligned. To retrieve word alignments,

we apply standard techniques derived from statistical machine translation using

the well-known IBM alignment models (Brown et al., 1993) implemented in the

open-source tool GIZA++ (Och, 2003). These models can be used to find links

between words in a source language and a target language given sentence aligned

parallel corpora. We applied standard settings of the GIZA++ system without

any optimisation for our particular input. We also used plain text only, i.e. we
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did not apply further pre-processing except tokenisation and sentence splitting.

Figure 4.1: Example of bidirectional alignment of a two parallel sentences

Alignment of two texts, for example a Dutch and an English text, is bi-

directional. The Dutch text is aligned to the English text and vice versa. The

alignment models produced are asymmetric. Several heuristics exist to combine

directional word alignments to improve alignment accuracy. We believe that

precision is more crucial than recall in our approach and, therefore, we apply

a very strict heuristic, namely, we compute the intersection of word-to-word

links retrieved by GIZA++. This means that we only accept translation pairs

that are found in both directions. Picture 4.1 makes this a little clearer. In

this case the following pairs are selected: it-wij, not-niet, whipped-slagroom,

we-wij, want-willen, rights-burgerrechten, and the two periods at the end of the

sentences. As a result we obtain partially word-aligned parallel corpora from

which translational context vectors are built. Problems caused by this procedure

will be discussed in detail in section 4.5.

4.2.2 Measures and feature weights

Translational co-occurrence vectors such as the vector given in Ta-

ble 4.1 for the headword kat are used to find distributionally similar words. Ev-

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

type.1 For example, kat ‘cat’ gets the translation Katze in German. 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 kat ‘cat’. The first row

shows the contexts that are found, i.e. the translation plus the language the

translation comes from. These contexts are referred to by the terms features

or attributes.

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 kat ‘cat’ is 65.

Cut-offs for cell and row frequency can be applied to discard certain infrequent

1Language abbreviations are taken from the ISO-639 2-letter codes.
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co-occurrence types or headwords respectively. We have little confidence in

our characterisations of words with low frequency. For example, the English

translation ’the’ in Table 4.1 has a frequency of 1. A cutoff of 2 would make

us discard this co-occurrence. We will come back to these cutoffs in the results

section, more precisely in 4.5.1.

Katze-DE chat-FR gatto-IT cat-EN the-EN Total

kat ‘cat’ 17 26 8 13 1 65

Table 4.1: Translational co-occurrence vector for kat based on four languages

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 4.3.2 what measures we have chosen in the current

experiments.

Methods for computing distributional similarity between two words consist

of a measure for computing the similarity between two co-occurrence vectors

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

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

account the fact that not all combinations of a word and a translation have the

same information value.

In the previous chapter we explained how the syntactic method benefits

from feature 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’

that occurs less frequently. We will use the same weights for the translational

context. We hope that these weights will counter balance the alignment errors

that often occur with frequent words.

4.2.3 Related work

There is relatively little work on synonym acquisition from multilingual parallel

corpora. Multilingual parallel corpora have mostly been used for tasks related

to word sense disambiguation such as target word selection (Dagan et al., 1991)

and separation of senses (Resnik and Yarowsky, 1997; Dyvik, 1998; Ide et al.,

2002).

However, taking sense separation as a basis, Dyvik (2002) derives relations

such as synonymy and hyponymy by applying the method of semantic mir-

rors. The paper illustrates how the method works. First, different senses

are identified on the basis of manual word translations in sentence-aligned
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Norwegian-English data (2,6 million words in total). Second, senses are grouped

in semantic fields. Third, features are assigned on the basis of inheritance.

Lastly, semantic relations such synonymy and hyponymy are detected based on

intersection and inclusion among feature sets .

The following two papers we will describe are driven by the same motivation

as we have, namely, to improve the syntax-based methods that are not precise

enough to find synonyms. However, both papers discussed below have taken

bilingual dictionaries as a starting point and not corpora.

Lin et al. (2003) try to tackle the problem of identifying synonyms in lists of

nearest neighbours in two ways: Firstly, they look at the overlap in translations

of semantically similar words in multiple bilingual dictionaries. Secondly, they

design specific patterns designed to filter out antonyms. They evaluate on a set

of 80 synonyms and 80 antonyms from a thesaurus that are also found among the

top-50 distributionally similar words of each other. The pattern-based method

results in a precision of 86.4 and a recall of 95.0. The method using bilingual

dictionaries gets a higher precision score (93.9). However, recall is much lower:

39.2.

Wu and Zhou (2003) report an experiment on synonym extraction using

bilingual resources (an English-Chinese dictionary and corpus) as well as mono-

lingual resources (an English dictionary and corpus). Their monolingual corpus-

based approach is very similar to our monolingual syntax-based approach de-

scribed in Chapter 3. The bilingual approach is different from ours in several

aspects. Firstly, they do not take the corpus as the starting point to retrieve

word alignments. They use the bilingual dictionary to retrieve multiple transla-

tions for each target word. The corpus is only employed to assign probabilities

to the translations found in the dictionary. The authors praise the method for

being able to find synonyms that are not in the corpus as long as they are found

in the dictionary. However, the drawback is that the synonyms are limited to

the coverage of the dictionary. The aim of automatic methods in general is

precisely to overcome the limited coverage of such resources.2 A second dif-

ference with our system is the use of a bilingual parallel corpus whereas we

use a multilingual corpus containing 11 languages in total. The authors show

that the bilingual method outperforms the monolingual methods both in recall

and precision. However, a combination of different methods leads to the best

performance. A precision of 0.271 on middle-frequency nouns is attained.

A large proportion of related work is not limited to synonyms. Many re-

searchers present methods for the automatic acquisition of paraphrases, in-

cluding multi- and single-word synonyms (Barzilay and McKeown, 2001; Ibrahim

2Of course the synonyms found by using corpus-based methods is limited to the corpus
used, but it can be varied, if available, and adapted to the domain.
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et al., 2003; Shimota and Sumita, 2002; Bannard and Callison-Burch, 2005).

The first two of these have used a monolingual parallel corpus to identify para-

phrases. The last two employ multilingual corpora.

Barzilay and McKeown (2001) present an unsupervised learning approach

for finding paraphrases from a corpus of multiple English translations of the

same source text. They trained a classifier with the help of identical words

(co-training). The method retrieved 9,483 lexical paraphrases of which 500

were selected for evaluation. 70.8% were single words. A manual evaluation

resulted in an average precision of 85.5%. Evaluation on WordNet only resulted

in 35% of the paraphrases being synonyms. 32% are in a hypernym relation,

18% are siblings and 10% are unrelated. Examples of paraphrases classified as

hypernyms by WordNet are landlady and hostess and reply and say. Examples

of siblings (co-hyponyms) are city and town, and pine and fir. The authors

argue that synonymy is not the only source of paraphrasing. It is a fact that

people can paraphrase by using alternative wording that can be more specific or

more general in nature than the original wording. We then find hypernyms and

hyponyms of the original words, but people do still judge it to be a paraphrase.

We have also run a manual evaluation that we will discuss in more detail in

section 4.5.9.

Ibrahim et al. (2003) present an approach that is a synthesis of Barzilay and

McKeown (2001) and a method based on dependency tree paths between a pair

of words in monolingual data by Lin and Pantel (2001). Ibrahim et al. (2003)

capture long-distance dependencies with structural paraphrases, generalizing

syntactic paths. This way they hope to find longer paraphrases. Indeed the

average length of the paraphrases learned reaches 3.26. The precision of 130

paraphrases according to three human judges is on average 41,2%.

Shimota and Sumita (2002) propose a method for extracting paraphrases

from a bilingual corpus of approximately 162K sentences of travel conversation.

They select all sentences with the same translations. Extraction and filtering is

done on the basis of Dynamic Programming matching (DP matching, Cormen

et al. (2001)). Only sentences that differ in fewer than 4 words are selected.

Variant words and surrounding words are extracted. At last filtering is done on

the basis of frequency and association strength. A manual evaluation was car-

ried out in which judges had to label a candidate paraphrase as same, different,

semantically improper, syntactically improper. 83.1% of the candidate para-

phrases for the English-Japanese setting were labeled as being similar. 93.5%

of the candidate paraphrases for the Japanese-English setting were considered

the same.

Bannard and Callison-Burch (2005) use a vector-based technique to extract

paraphrases. Their work is therefore closely related to our work. The method is
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rooted in phrase-based statistical machine translation. Translation probabilities

provide a ranking of candidate paraphrases. These are refined by taking contex-

tual information into account in the form of a language model. The Europarl

corpus (Koehn, 2003) is used. It has about 30 million words per language. 46

English phrases are selected as a test set for manual evaluation by two judges.

When using automatic alignment, the precision reached without using contex-

tual refinement is 48.9%. A precision of 55.3% is reached when using context

information. Manual alignment improves the performance by 26%. A precision

score of 55% is attained when using multilingual data.

4.3 Methodology

In the following sections we describe the set up for our experiments. After

describing the corpora we have used and the translations we extracted from

them (4.3.1) we will describe which measures and weights we have applied in

the sections 4.3.2 and 4.3.3, respectively.

4.3.1 Data collection

Measures of distributional similarity usually require large amounts of data. For

the alignment method we need a parallel corpus of reasonable size with Dutch

either as source or as target language. Furthermore, we would like to experiment

with various languages aligned to Dutch. The freely available Europarl corpus

Koehn (2003) includes 11 languages in parallel, it is sentence aligned (Tiede-

mann and Nygaard, 2004), and it is of reasonable size. Thus, for acquiring

Dutch synonyms we have 10 language pairs with Dutch as the source language:

Danish (DA), German (DE), Greek (EL), English (EN), Spanish (ES), Finnish

(FI), French (FR), Italian (IT), Portuguese (PT), and Swedish (SV). The Dutch

part includes about 29 million tokens in about 1.2 million sentences.

Context vectors are populated with the links to words in other languages ex-

tracted from automatic word alignment. We applied GIZA++ and the intersec-

tion heuristics as explained in section 4.2.1. From the word-aligned corpora we

extracted translational co-occurrence types, pairs of source and target

words in a particular language with their alignment frequency attached. Each

aligned target word is a feature in the (translational) context of the source word

under consideration.

As mentioned earlier, we did not include any linguistic pre-processing prior

to the word alignment. However, we post-processed the alignment results in

various ways. We applied a simple lemmatiser to the Dutch part of the bilingual

translational co-occurrence types in order to 1) reduce data sparseness, and 2)
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to facilitate our evaluation based on comparing our results to existing synonym

databases. For this we used two resources: CELEX, a linguistically annotated

dictionary of English, Dutch, and German (Baayen et al., 1993), and the Dutch

snowball stemmer implementing a suffix-stripping algorithm based on the Porter

stemmer. Note that lemmatisation is only done for Dutch. Furthermore, we

removed word type links that include non-alphabetic characters to focus our

investigations on real words and we transformed all characters to lower case.

Finally, we restricted our study to Dutch nouns. Hence, we extracted trans-

lational co-occurrence types for all words tagged as nouns in CELEX. We also

included words that are not found in CELEX. Discarding these words would

result in losing too much information. We assumed that many of them will be

productive noun constructions.

We populated the context vectors with the remaining translational co--

occurrence types. Table 4.2 shows the number of translational co-occurrences

(tokens and types) for each language pair after applying post-processing.

Language # tokens # types Language # tokens # types

DA 3.3M 104K FR 3.9M 90K
DE 1.3M 133K IT 3.5M 96K
EL 1.9M 60K PT 3.8M 86K
EN 3.4M 119K SV 2.9M 97K
ES 3.2M 119K ALL 31.3M 994K
FI 2.3M 89K

Table 4.2: Number of translational co-occurrences tokens and types for different
(combinations of) languages (hapaxes excluded)

When combining all languages we find data for some 51K headwords and

386K features (translations in multiple languages). The matrix has approxi-

mately 19.7 million cells, of which 994K (0.005%) are filled. The matrix is almost

as sparse as for the syntax-based method, where 0.003% of the co-occurrence

matrix contains values.

Note that we rely entirely on automatic processing of our data. Thus, results

from the automatic word alignments include errors and their precision is very

different for the various language pairs. Bannard and Callison-Burch (2005)

show that when using manual alignment the percentage of correct paraphrases

rises from 48.9% to 74.9%. It is clear that the automatic alignment introduces

a lot of noise.

In Figure 4.2 we have plotted the number of co-occurrence types at several

frequency cutoffs. The distribution is relatively close to Zipfian for the lower

ranks, but the line is too flat for the higher ranks.
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Figure 4.2: Number of co-occurrence types when augmenting the cell frequency
cutoff

4.3.2 Similarity measures

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

We chose these methods, as 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. We repeat the most important points here for

the convenience of those who do not wish to turn back to section 3.3.3.

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, ∗t, ∗w′)× weight(W2, ∗t, ∗w′)
√

∑

weight(W1, ∗, ∗)2 ×
∑

weight(W2, ∗, ∗)2

Remember from the previous chapter that for the syntax-based data, (w, r, w′)

denotes a headword w in a syntactic relation r with another word w′. For the

alignment-based method, translation IDs t, such as EN for translations from

English and DE for translations from German, take the place of the syntactic

relations r in the triples (w, t, w′) and this is reflected in the formula’s given here.

In Table 4.1 we can see that the language ID takes the place of the syntactic

relation.

Curran and Moens (2002) propose a variant of Dice, which they call Dice†.

It is defined as:
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Dice† =
2

∑

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

weight(W1, ∗t, ∗w′) + weight(W2, ∗t, ∗w′)

4.3.3 Weights

As explained in section 4.2.2, methods for computing distributional similar-

ity between two words consist of a measure for assigning weights to the co-

occurrence types present in the vector and a measure for computing the simi-

larity between two (weighted) co-occurrence vectors.

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). These weights are applied to the values of cells of the co-

occurrence vectors, before calculating their similarity by means of a similarity

measure.

Pointwise mutual information (MI) measures the amount of information one

variable contains about the other and we applied it in the same way as explained

in section 3.3.4. T -test tells us how probable a certain co-occurrence is by look-

ing 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.

4.4 Evaluation

In this section we will explain the evaluation framework. We have chosen to

evaluate the nearest neighbours of the alignment-based method on the gold

standard EuroWordNet (EWN, Vossen (1998)). We will explain how we calcu-

lated the precision of the system with regard to the acquisition of synonyms in

section 4.4.1. In section 4.4.3 we will explain what test set we have used in the

experiments.

4.4.1 Synonyms, hypernyms and (co)-hyponyms

As noted in the introduction we hope to find many synonyms with this approach.

Accordingly, that is what the evaluation will be focused on. In the second place

we will look at the distribution of other semantic relations and the EWN score

that combines all. In order to evaluate the system with respect to the number

of synonyms found, we simply 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
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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. Again, words that are not found in EWN are

discarded.

We would like to mention again that this is a very strict evaluation. Curran

and Moens (2002), for example, have combined near-synonyms from thesauri

such as the Macquarie (Bernard, 1990), Roget’s (Roget, 1911), and Moby (Ward,

1996). These thesauri are looser than WordNet.

For hypernyms and (co)hyponyms we used the same gold standard. For

example, in order to determine if a candidate word is in a hyponym relation

with the test word, we check if there is one sense of the candidate word and

test word that are in a hyponym relation in EWN. If so, this contributes to the

hyponym score for that test word.

4.4.2 Evaluation against human judgements

The drawback of using a resource such as EWN is that coverage is often a

problem. Not all words that our system proposes as synonyms can be found

in Dutch EWN. Words that are not found in EWN are discarded. EWN’s

synsets are not exhaustive. After looking at the output of our best performing

system, we were under the impression that many correct synonyms selected by

our system were classified as incorrect by EWN. For this reason we decided to

run a human evaluation over a sample of 100 candidate synonyms classified as

incorrect by EWN. Ten evaluators (authors excluded) were asked to classify the

pairs of words as synonyms or non-synonyms using a web form of the format

yes/no/don’t know.

4.4.3 Test set

We have chosen to use the same test set in this chapter as done in other chap-

ters. In chapter 3, section 3.4.3 we explained how we built a large test set of

3000 nouns selected from EWN. For every noun appearing in EWN we have

determined its frequency in 80 million words of newspaper text: the CLEF cor-

pus. The corpus was annotated with PoS-information. We have chosen nouns

at ranks 1-1000, 3001-4000 and 9001-10,000 as high-frequency, middle-frequency

and low-frequency test sets. For the high-frequency test set the frequency ranges

from 258,253 (jaar, ‘year’) to 2,278 (scène, ‘scene’). The middle-frequency test

set has frequencies ranging between 541 (celstraf, ‘jail sentence’) and 364 (vre-

desverdrag, ‘peace treaty’). For the test set of infrequent nouns the frequency

goes from 91 (charter, ‘charter’) down to 73 (basisprincipe, ‘basic principle’).
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4.5 Results

In the current section we will give results obtained when applying the evaluation

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

settings in terms of cell and row frequency cutoffs (4.5.1). In section 4.5.2 we

will compare combinations of measures and weights and give an error analysis.

In section 4.5.3 we will discuss possible improvements. In section 4.5.4 we

will show the differences in performance for different corpora. We will show the

contribution of the individual languages in section 4.5.5. The distribution of the

different semantic relations in the lists of nearest neighbours will be discussed

in 4.5.6. We make a comparison between the performance of the syntax-based

methods from the previous chapter to the performance of the alignment-based

methods in section 4.5.7. In section 4.5.8 we compare both methods for French

evaluating on a French synonym dictionary. Lastly, we include results from a

small-scale manual evaluation in section 4.5.9.

4.5.1 Cell and row frequency cutoffs

% synonyms
Cell Row HF MF LF
Freq Freq k=1 k=5 k=1 k=5 k=1 k=5

2 2 31.71 19.16 29.26 16.20 28.00 16.22
2 4 31.43 19.03 29.22 15.73 28.64 16.63
2 10 30.82 18.50 28.74 14.81 28.57 15.75
2 20 30.56 17.65 27.27 13.45 31.03 15.96

4 4 31.51 17.80 29.19 15.28 30.33 17.10
4 8 30.99 17.63 28.93 14.73 30.91 17.51
4 20 30.60 17.20 28.11 13.58 30.53 15.87
4 40 30.32 16.59 27.02 12.07 34.67 16.52

6 6 30.99 17.71 29.17 14.72 32.29 16.67
6 12 30.67 17.48 28.10 14.62 36.90 17.00
6 30 30.91 16.99 27.34 13.29 37.88 17.75

6 60 30.48 16.36 26.02 12.08 32.20 17.37

Table 4.3: Average precision at k candidate synonyms for different cell and row
frequency cutoffs

As we have seen in the previous chapter, augmenting the cell and row fre-

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

the cell frequency cutoff reduces the number of infrequent co-occurrences. Aug-

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

These actions can reduce noise. Also, higher cutoffs are beneficial for the ef-

ficiency of the system. This is why we have decided to discard hapaxes, i.e.

co-occurrence types that only occurred once in our data.
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Before discussing the results, it should be noted that these tests were done

using MI as weight and Cosine as measure. This combination gives the best

results in our experiments, as will be shown in the next paragraphs, and pre-

senting results for all combination of weights and measures would take too much

space here.

We evaluate on the percentage of synonyms found because that is what we

hope to do with this method: finding synonyms.

In Table 4.3 we see the effect of changing the cell frequency cutoff (CF) from

2 to 6 and the row frequency cutoff (RF) from 2 to 60 for the three test sets:

high-frequency nouns (HF), middle-frequency nouns (MF), and low-frequency

nouns (LF). The precision is calculated as the percentage of synonyms according

to EWN and is given for different values of k, i.e. the top-k nearest neighbours.

We can see that the best results are attained when no cutoffs are used and

all data except hapaxes is used. All test sets at all values of k except the

low-frequency test set perform best with cell and row frequency cutoffs set to

2. However, in the next section, when we will give figures for coverage and

traceability, we will see that numbers given for the low-frequency test set are

less reliable. Even when setting cell and row frequency cutoff to 2, only 42% of

the words in the test set are found in the data. In turn only 48% of the nearest

neighbours given by the system for these test words can be found in EWN. At

k=1, this means that we are evaluating on roughly 200 samples for the cutoffs

set to 2. At higher cutoffs these figures will even be lower.

It seems that no matter how noisy the data might be, the system fares well

with large amounts of data. We decided to set both the cell and row cutoffs to

2 for the remainder of the experiments in this chapter.

4.5.2 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

word vectors (Dice† and Cosine). The results are given in Table 4.4. For each

of the three test sets the average percentage of synonyms among the nearest

neighbours is given for each combination of a measure and a weight.

Evaluations on the high-frequency test set clearly perform best, followed by

the middle-frequency test set. The low-frequency test set performs worst. This

is in line with expectations since the low-frequency words suffer most from data

sparseness. Weeds (2003) reports the same tendency in a WordNet prediction

task.

Cosine in combination with MI gives the best results overall. Cosine in

combination with t-test performs very well for the high-frequency test set. Dice†
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% synonyms
Measure HF MF LF
+Weight k=1 k=5 k=1 k=5 k=1 k=5

Dice†+FR 24.75 13.78 23.83 13.19 22.05 13.57
Dice†+MI 29.10 16.64 26.09 14.32 25.87 14.76
Dice†+TT 32.03 18.34 27.89 15.38 25.58 14.82
Cosine+FR 35.76 19.77 31.13 15.18 22.22 14.53
Cosine+MI 31.71 19.16 29.26 16.20 28.00 16.22

Cosine+TT 39.54 20.53 28.17 15.87 23.21 14.59

Table 4.4: Average precision at k candidate synonyms for different similarity
measures and weights

performs much worse than Cosine. The worst performance is attained when

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

word vectors. The differences in performance of the different combinations are

large for the high-frequency test set and smallest for the low-frequency test set.

It is interesting to see that for all but one evaluation point an association

measure such as MI improves the scores. For the syntax-based measure this

effect was expected since the information value of certain frequently occurring

co-occurrences contain less information than some other less frequently occur-

ring co-occurrences. A large number of nouns can occur as the subject of the

verb to have. This verb therefore has a low information value. The fact that we

know that an unknown word such as zazhiko co-occurred 25 times with to have

does not tell us much about what zazhiko could be. If we knew it occurred 25

times with to drink we are beginning to get an idea of what it could be. The

verb to drink has more information value. But why should this weighting also

work for alignment-based co-occurrence types?

In an ideal world the fact that one translation appears with many words

indicates that this is a word with many senses or that it is a word with many

synonyms. However, we are working with automatically aligned data and the

chances are high that this word is a frequent word that is wrongly aligned.

After inspecting the results it became clear that that is indeed the case. All

determiners were on top of the list of words with the most variation in alignment.

Also, words that occur frequently in the domain (proceedings from the European

Parliament) such as commission were found at high ranks. It is to be expected

that words that occur frequently run the risk of being aligned wrongly more

easily than infrequent words. This explains why a weight such as MI is beneficial

for the alignment-based method. Incorrect alignments will be downplayed.

As we explained in section 4.4.3 we used three sets of 1000 words to test our

data. Whereas in the case of the syntax-based method most of these test words

were found in the data, for the alignment-based method we have less data. In
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Measure+Weight HF MF LF
Cov. Trace. Cov. Trace. Cov. Trace.

Dice†+FR 91.6 76.3 72.7 58.9 41.6 46.9
Dice†+MI 91.6 73.9 72.7 60.1 41.6 48.3
Dice†+TT 91.6 69.9 72.7 60.7 41.6 51.7
Cosine+FR 91.6 57.1 72.7 56.1 41.6 51.9
Cosine+MI 91.6 67.1 72.7 57.4 41.6 48.1
Cosine+TT 91.6 57.4 72.7 58.6 41.6 57.0

Table 4.5: Coverage and traceability for various combinations of measures and
weights

Table 4.5 we can see that 916 words of the 1000 high-frequency test words were

found in the data. For the middle and low-frequency test set 727 and 416 test

words were found, respectively. We will say more about the coverage of the

system in section 4.5.5.

Unlike when using the syntax-based method, the combination of Cosine and

t-test does not result in very low traceability scores with the alignment-based

method, as can be seen in Table 4.5. Although the scores for Cosine + t-test

and Cosine + frequency are still the lowest of all combinations, the distribution

of the data is different from the syntax-based data. In general Dice† results in

higher traceability scores than Cosine. We saw this effect with the syntax-based

method as well. When inspecting the nearest neighbours given by the system

when using the several combinations of measures and weights (see Table 4.6) we

did not see large differences in performance for the several combinations. Based

on these evaluations we decided to use the combination Cosine + MI for the

remainder of the experiments. It results in high scores in the overall evaluation.

It performs rather well and apart from that it is convenient to keep the measures

and weights used for the different methods the same.
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Test word Measure + Weight k=1 k=2 k=3
HF Dice†(Freq) schijnhuwelijk homohuwelijk huwelijkszaken
huwelijk ‘marriage of convenience’ ‘homosexual marriage’ ‘marital affairs’
‘marriage’ Dice†+MI homohuwelijk schijnhuwelijk huwelijkszaken

‘homosexual marriage’ ‘marriage of convenience’ ‘marital affairs’
Dice†+Tt schijnhuwelijk homohuwelijk homohuwelijken

‘marriage of convenience’ ‘homosexual marriage’ ‘homosexual marriages’
Cosine(Freq) homohuwelijk huwelijkswet schijnhuwelijk

‘homosexual marriage’ ‘marital law’ ‘marriage of convenience’
Cosine+MI schijnhuwelijk homohuwelijk homohuwelijken

‘marriage of convenience’ ‘homosexual marriage’ ‘homosexual marriages’
Cosine+Tt homohuwelijk schijnhuwelijk homohuwelijken

‘homosexual marriage’ ‘marriage of convenience’ ‘homosexual marriages’
MF Dice†(Freq) voorbehoud bezwaar reserve
bedenking ‘reservation’ ‘complaint’ ‘reserve’
‘objection’ Dice†+MI kanttekening voorbehoud bezwaar

‘marginal comment’ ‘reservation’ ‘complaint’
Dice†+Tt voorbehoud bezwaar reserve

‘reservation” ‘complaint’ ‘reserve’
Cosine(Freq) voorbehoud reserveverplichtingen veiligheidsvoorraden

‘reservation’ ‘reserve obligations’ ‘safety reserves’
Cosine+MI voorbehoud bezwaar kanttekening

‘reservation’ ‘complaint’ ‘marginal comment’
Cosine+Tt voorbehoud bezwaar begrotingsreserves

‘reservation’ ‘complaint’ ‘estimate reserves’
LF Dice†(Freq) waarachtigheid waarheidsgetrouwheid juistheid
waarheidsgehalte ‘truthfulness’ ‘truthfulness’ ‘correctness’
‘degree of truth’ Dice†+MI waarachtigheid waarheidsgetrouwheid juistheid

‘genuity’ ‘truthfulness’ ‘correctness’
Dice†+Tt waarachtigheid waarheidsgetrouwheid juistheid

‘genuity’ ‘truthfulness’ ‘correctness’
Cosine(Freq) waarachtigheid waarheidsgetrouwheid juistheid

‘genuity’ ‘truthfulness” ‘correctness’
Cosine+MI waarachtigheid juistheid waarheidsgetrouwheid

‘genuity’ ‘correctness’ ‘truthfulness’
Cosine+Tt waarheidsgetrouwheid waarachtigheid juistheid

‘truthfulness” ‘genuity’ ‘correctness’

Table 4.6: Examples of nearest neighbours at the top-3 ranks
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Before we move on to comparisons with other methods and other corpora

we would like to say something about the quality of the nearest neighbours that

stem from the alignment method. We used the optimal settings, i.e. using the

measure Cosine and the weight MI and without any row or cell frequency cutoffs

(we do exclude hapaxes) for the example output in Table 4.6.

One phenomenon that is omnipresent in the results of the alignment-based

method illustrates its major weakness. Frequent monolingual co-occurrences re-

sult in so-called indirect associations (Melamed, 1996) between translation

pairs. The number of indirect associations rises when one of the languages in

the parallel corpus uses single-word compounding, whereas the other does not.

Languages have different ways of dealing with compounding. Some languages,

such as Dutch and German, build compounds in one word. In English com-

pounds are mostly composed of two words orthographically, e.g table cloth and

hard disk versus database. For example whipped cream is a co-occurrence that

appears quite frequently in English text. The translation of this word in Dutch

is slagroom, which is a single word.

In section 4.2.1 we explained how the alignment is calculated based on the in-

tersection of translations in two directions. In the example given in section 4.2.1

the compound slagroom ‘whipped cream’ is aligned to whipped, whereas the

translation of whipped is geslagen. The adjective geslagen and the compound

slagroom will now both have whipped as a feature. This will augment the sim-

ilarity score of these words. This is the reason why compounds and parts of

compounds turn up as each other’s nearest neighbours. We can see this hap-

pen for huwelijk ‘marriage’, which has homohuwelijk ‘homosexual marriage’ and

schijnhuwelijk ‘marriage of convenience’ as nearest neighbours. The three terms

all have translations of huwelijk ‘marriage’ as features.

Lastly, we see errors related to stemming. Homohuwelijken is the plural of

homohuwelijk. The post-processing, we explained in section 4.3.1 failed to stem

the word. The word is absent in CELEX and the Dutch snowball stemmer did

not process it well.

% synonyms
HF MF LF

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

31.71 19.16 29.26 16.20 28.00 16.22

Table 4.7: Average precision at k candidate synonyms for Cosine+MI

In Table 4.7 the percentage of synonyms for the best combination of measure

and weight (Cosine+MI) is repeated. At k=1, more than 30% of the nearest

neighbours found are synonyms according to EWN.
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It is difficult to compare our scores to previous work. On the one hand,

the scores reported by Bannard and Callison-Burch (2005) are based on man-

ual evaluations done by two native speakers. We know from experience (see

section 4.5.9) that manual evaluations result in higher precision scores than

evaluations done on (often incomplete) gold standards, such as EWN. On the

other hand, we have to note that they studied paraphrases, whereas we lim-

ited our research to single word synonyms. Their task is a harder task because

they have to be concerned with the grammaticality of the paraphrases as well.

The 289 evaluation sets they selected comprise a total of 1,366 candidate para-

phrases. For the setting that is most similar to our setting, i.e. using multiple

corpora and automatic alignments about 55% of the paraphrases are correct.

The evaluations in Wu and Zhou (2003) are based on the combination of

two gold standards. The evaluation framework is hence more comparable to

ours. There are, however, again large differences. First, they used Princeton

WordNet (Fellbaum, 1998), a resource that contains twice as much data as

Dutch EWN and they added synonyms from a much looser resource: Roget’s

thesaurus (Roget, 1911). Second, the test set is not composed in the same way

as ours. Judging from the precision-recall curve, the highest precision curve

attained for nouns is a little under 30%.

4.5.3 How to remedy errors related to compounding

We explained in section 4.5.2 that one of the major weaknesses of the alignment-

based method is the fact that many compounds and parts of compounds are

among the lists of nearest neighbours. This is due to the fact that the lan-

guages in the corpus all have different ways of dealing with compounding. In

section 4.2.1 we explained how the alignment based on the intersection of trans-

lation directions takes place. Compounds and part of compounds get the same

features. This will augment the similarity score related to this pair of words.

This is the reason why compounds and parts of compounds turn up as each

other’s nearest neighbours.

One way to deal with these problems is to use multiword detection in lan-

guages that use multiword expressions for compounding. For example,if we run

a multiword identifier over the corpus before the alignment process, multiword

terms, such as whipped cream, could be correctly aligned to the single-word

translation in Dutch: slagroom. However, we would need multi-word detection

for all language pairs that do not use single-word compounding. Another solu-

tion would be to use some sort of constituent alignment as in Padó and Lapata

(2005) or phrase-based machine translation. This is something we would like to

work on in the future.
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Target Source OK/not OK

acquis communautaire acquis not ok
transitional period overgangsperiode ok
cooperation agreement samenwerkingsovereenkomst ok
criminal court strafhof ok
convergence criteria convergentiecriteria ok
rural areas platteland ok
my colleagues collega not ok

Table 4.8: Some examples of compound to compound translation links resulting
from the trg2src method

One way to remedy problems related to compounding that is less time-

consuming and resource-intensive is to use another way to deal with the bi-

directionality of the translation links. The intersection method (inter) includes

only links that exist in both directions. The target to source method (trg2src)

includes all links that are established from the source language to the target

language. Multi-word terms are thus possible for the target language. In Ta-

ble 4.8 some examples are given of compound to compound translation links

resulting from the target to source method.

Although these examples look promising, we add a note here. Table 4.9

shows the difference in translational data between the target to source and

the intersection method for the word samenwerkingsovereenkomst ‘cooperation

agreement’. It is clear from the examples given that the target to source method

gives rise to noise.

Trg2src Intersection
Freq. Target Freq. Target

244 cooperation agreement 285 cooperation
86 cooperation agreements 98 agreements
5 cooperation 8 agreement
5 agreement 2 of
3 of 2 the
3 cooperation agreement concluded 2 association
2 the 2 in
2 that
2 in
2 cooperation treaty
2 cooperation agreements entered into
2 cooperation agreements concluded
2 association agreements
2 association agreement
2 agreements

Table 4.9: Comparison of translation links resulting from trg2src and intersec-
tion for the word samenwerkingsovereenkomst ‘cooperation agreement’
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We ran a short experiment for the English-Dutch part of the parallel cor-

pus comparing the intersection data with the trg2src data. The results are in

Table 4.10.

Method Semantic rel. HF MF LF
k=1 k=5 k=1 k=5 k=1 k=5

Inter Synonyms 28.36 17.98 20.34 13.79 22.94 16.12
Trg2src Synonyms 29.54 17.87 23.57 13.77 26.17 16.15

Inter Hypernyms 7.84 6.41 7.93 5.95 8.26 6.94

Trg2src Hypernyms 9.34 7.13 6.73 6.29 4.67 6.18

Inter Hyponyms 21.27 17.57 9.66 5.86 4.59 3.47
Trg2src Hyponyms 15.96 14.11 6.73 5.18 3.74 3.56

Inter Co-hyponyms 41.04 29.41 31.03 23.29 29.36 22.65
Trg2src Co-hyponyms 40.92 29.27 33.33 22.35 34.58 23.52

Table 4.10: Distribution of semantic relations over the k candidates for the two
alignment methods

The percentages of synonyms are higher for the target to source method at

low values of k and especially for the low-frequency test set, although the data

for that test set is limited and hence less reliable. The number of hyponyms is

lower. That is positive news and in line with what we expected.

However, the percentage of hypernyms and co-hyponyms is not very dif-

ferent. For the low-frequency test set the percentage of co-hyponyms is even

considerably larger when using the target to source method. We believe that the

noise in the data is compensating for the positive effect of allowing multiwords

for the target language.

4.5.4 Comparing corpora

Corpus # tokens # types

Subtitles 4.0M 119K
Europarl 31.3M 994K

Table 4.11: Number of translational co-occurrences tokens and types for differ-
ent corpora

Apart from the corpus consisting of proceedings of the European Parliament,

we have also run experiments with a corpus that is completely different in nature.

It is a multilingual corpus of subtitles (Tiedemann, 2007a,b). The complete

corpus contains about 21 million aligned sentence fragments in 29 languages.3

3We have only used the languages that were also in the Europarl corpus to make the
comparison between the two corpora fairer: Danish (DA), German (DE), Greek (EL), English
(EN), Spanish (ES), Finnish (FI), French (FR), Italian (IT), Portuguese (PT), Brazilian
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% synonyms
Corpus HF MF LF

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

Europarl 31.71 19.16 29.26 16.20 28.00 16.22
Subtitles 28.87 18.71 26.25 16.42 20.63 14.69

Table 4.12: Average precision for different corpora at k candidates

The sentence alignment is adapted to the type of data: movie subtitles.

Translations of movie subtitles differ in many respects from other parallel data.

They contain many insertions, deletions and complex mappings due to the fact

that movie speech is hardly ever transcribed literally. These translations are

often compressed and moreover they are often mixed with other information

such as titles and trailers. It is clear that it is a challenging venture to sentence

align such a corpus.

For our purpose, i.e. acquiring semantically related words, the subtitle cor-

pus is interesting for different reasons. The domain is different from the domain

of the Europarl Corpus. There is world of difference between the working day of

a member of the European Parliament and the adventures of Nemo. Above all,

movie subtitles consist mainly of transcribed speech. In principle the Europarl

Corpus consists of spoken data as well, but it is far less spontaneous than the

speech in movies.

The corpus is smaller than the Europarl corpus. In Table 4.11 the number

of co-occurrences tokens and types is given for the two corpora. The difference

in number of co-occurrence types between the subtitle corpus and Europarl for

the different languages varies considerably. The ratios between the two corpora

go from 1:3 for Spanish to 1:100 for Greek. The subtitle corpus results in fewer

co-occurrence types for all languages.

In Table 4.12 we have presented the results for both corpora. As expected the

larger corpus produces better results. Also, the difference in performance of the

corpora increases as the frequency of the words in the test set decreases. This

is again due to data sparseness, which is most severe for the combination of the

smaller corpus and the low frequency test set. We found the same phenomenon

when comparing the two corpora in the previous chapter on syntax-based meth-

ods. However, the alignment-based method seems a little less affected by data

sparseness than we syntax-based method. With very limited amounts of data

as present in the subtitle corpus, the results are still rather good.

However corpus size is not the only factor. It is expected that the two

corpora will result in very different nearest neighbours, because the domains

Portuguese (PB), Swedish (SV). We included Brazilian Portuguese to compensate as much as
possible for data sparseness.
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are very different as well. In Table 4.14 some examples are given for the three

test sets. From the nearest neighbours given we can see that in the two corpora

often a different sense is dominant. For example for the word kip ‘chicken’ the

dominant sense in the case of the Europarl corpus is the feathered animal, for

the subtitle corpus the ‘coward’ reading is dominant. The same for the example

avontuur ‘adventure’, the dominant sense in the Europarl corpus is the incident

reading, whereas in the subtitle corpus the affair is the preferred reading. In

the case of liefde ‘love’ the differences are a little smaller we could speak of a

difference in connotation. The last example gevangenis ‘prison’ shows that the

subtitle corpus results in a large number of colloquial, nonstandard synonyms.

We see the same result for the word politie ‘police’.

Corpus HF MF LF
Cov. Trace. Cov. Trace. Cov. Trace.

Europarl 91.6 67.1 72.7 57.4 41.6 48.1
Subtitles 74.3 65.3 28.7 55.7 9.8 64.3

Table 4.13: Coverage and traceability for the two corpora

Table 4.13 shows the coverage of the two corpora. Coverage is defined as the

percentage of test words that are found in the data. The coverage of the Europarl

corpus starts relatively high for the high frequency test sets, but decreases quite

rapidly. The coverage of the subtitle corpus is decreasing even more rapidly

from 74.3% to as low as 9.8% coverage. Traceability is another quality that

is given in the table. It indicates the ability to find the nearest neighbours in

EWN. The difference between both corpora with respect to this quality is less

apparent.
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Testword Corpus k=1 k=2 k=3

kip Europarl kippenvlees dioxinekip dioxinekippen
‘chicken’ ‘chicken meat’ ‘dioxine chicken’ ‘dioxine chickens’

Subtitles schijterd wafelhuis bangerik
‘chicken’ ‘wafle house’ ‘coward’

avontuur Europarl wederwaardigheid nietverbazingwekkende avonturistisch
‘adventure’ ‘incident’ ‘not-amazing’ ‘adventuristic’

Subtitles verhouding bevlieging niemendal
‘affair’ ‘rage’ ‘meaningless affair’

liefde Europarl vrijheidsliefde naastenliefde vredelievendheid
‘love’ ‘love of freedom’ ‘charity’ ‘peaceableness’

Subtitles dotje hartstocht liefhebben
‘sweetheart’ ‘passion’ ‘to love’

gevangenis Europarl gevangenschap gedetineerde gevangenisomstandigheden
‘prison’ ‘captivity’ ‘detained’ ‘circumstances in prison’

Subtitles nor bak bajes
‘jail’ ‘jug’ ‘brig’

Table 4.14: Examples of nearest neighbours at the top-3 ranks for two corpora
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4.5.5 Comparing languages

% synonyms
Language HF MF LF

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

DA 28.60 18.08 25.47 15.07 28.46 19.56
DE 27.60 16.76 28.18 14.25 35.92 23.32

EL 25.71 16.70 20.91 12.54 20.99 12.69
EN 28.36 17.98 20.34 13.79 22.94 16.12
ES 25.86 16.49 23.74 14.93 19.63 13.86
FI 28.44 15.24 22.03 12.91 18.97 15.90
FR 27.24 17.76 21.31 15.53 23.00 14.75
IT 25.46 16.16 24.22 14.49 18.69 18.89
PT 29.01 17.76 25.55 13.83 24.80 15.57
SV 28.64 17.70 25.39 15.37 32.00 21.15

ALL 31.71 19.16 29.26 16.20 28.00 16.22

Table 4.15: Average precision at k candidates for different (combinations of)
languages

In Table 4.15 the performance of the data collected using various languages

is compared.4 Scores are given for Danish (DA), German (DE), Greek (EL),

English (EN), Spanish (ES), Finnish (FI), French (FR), Italian (IT), Portuguese

(PT), and Swedish (SV). The last row of each test set is reserved for the com-

bination of all languages (ALL).

When comparing the performance of the individual languages, we can see

that German and Danish are the best scoring languages over all. This is not

surprising since German and Danish are more similar to Dutch than the other

languages are. We already explained that compounds are a major source of

errors in section 4.5.2 and we tried to remedy this by using the target to source

alignment method in section 4.5.3. We can see from Table 4.15 that the lan-

guages that perform well are all languages that deploy single-word compounding:

German, Danish, and Swedish. Other languages such as English use multiword

instead of single-word compounds: dog house instead of hondenhok ‘doghouse’.

Combining all languages gives the best results overall. However, for the

low-frequency test set the individual languages Swedish, German and Danish

perform better. For the middle-frequency test set, this effect has disappeared

and for the high-frequency test set combination of all languages outperforms the

individual languages with large differences. This is striking because we would ex-

pect that combining all data would be beneficial especially for the low-frequency

test set, as the data sparseness is most severe for the low-frequency test set. We

can see that the differences in performance of the several languages is larger

4For these experiments we have used the Europarl corpus and not the subtitle corpus.
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Language HF MF LF
cov. trace. cov. trace. cov. trace.

DA 88.0 62.4 52.4 60.7 21.3 57.7
DE 87.1 64.1 50.1 58.1 18.8 54.8
EL 84.4 62.2 43.7 60.2 15.0 54.0
EN 90.4 59.3 60.8 47.7 27.6 39.5
ES 89.1 59.0 57.1 48.7 25.8 41.5
FI 80.2 68.0 33.7 67.4 9.3 62.4
FR 90.0 57.1 60.4 40.4 28.4 35.2
IT 88.2 61.5 55.6 52.0 23.7 45.1
PT 89.5 58.5 57.6 47.6 27.2 46.0
SV 86.5 67.4 49.5 64.4 17.0 58.8

ALL 91.6 67.1 72.7 57.4 41.6 48.1

Table 4.16: Coverage and traceability for various (combinations of) languages.

for the low-frequency test set. The badly performing languages might bring

the scores down. However, languages, such as German and Swedish, actually

perform better when tested on low-frequency words than on high and middle

frequency words. This might be due to the fact that many of the words in the

middle and low frequency test set are compounds. The number of compounds

in the high frequency test set is much lower. Languages that deploy single-word

compounding will perform relatively well on the low and middle frequency test

set, because Dutch has single-word compounding as well.

When we take a look at Table 4.16 it becomes clear that the scores for the

low frequency test set is not very reliable. For the low frequency test set the

coverage of the individual languages is rather low. For the Swedish data set

only 17% of the test words are found. Over and above only 59% of the nearest

neighbours given back by the system are found in EWN. This means that the

figures given for the low frequency test set are only based on the evaluation of

some 100 pairs. The scores are therefore less reliable than the scores for the

middle and high frequency test set.

In Table 4.16 we see the coverage of the system in terms of the percentage of

test words found in the data and the traceability of the nearest neighbours given

by the system. Especially for the middle-frequency and low-frequency test set

the difference in coverage is very high between using the individual languages

or all languages at the same time. This is another reason to combine languages.

We can also take a look at how many of the nearest neighbours given by

the system can be found in EWN (traceability). There seems to be a negative

correlation between the coverage and traceability for the languages. Finnish,

a language that shows a very low coverage, scores quite well on traceability.

Finnish is a language that has a lot of inflection due to the many cases it has.

This is the reason for the data sparseness that is particularly severe for the
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low-frequency test set. The fact that languages that show good coverage give

relatively low scores for traceability is probably due to the fact that there is more

data for low-frequency words that return low frequent and hence less traceable

nearest neighbours. That idea is strengthened by the fact that only the middle

and low-frequency test sets show this effect.

We have seen that combining languages has a positive effect on coverage

and that the performance is very good as well when translations from different

languages are combined. A last reason to include all languages is the fact that

polysemy can cause problems when using one language. We introduced this

problem in the introduction to the chapter. For example, if we only take the

English corpus into account, we get hard drugs ‘hard drugs’ at rank 10 for the

test word medicijn ‘medicine’. This is due to the fact that in English the word

drug refers to both medicine as in drugstore and illegal substances as in drug

prevention. However, because this is not the case in several other languages, we

are less effected by this polysemy in English when including all languages. The

compound drugsdeskundigen ‘drugs specialists’ on rank 85 for the headword

medicijn ‘medicine’ is the only reference to the hard drugs reading of drugs in

the first 100 nearest neighbours we checked. Including all languages will filter

out errors due to polysemy in one of the languages.

4.5.6 Distribution of semantic relations

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

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

Table 4.17: Distribution of semantic relations over the k candidates

So far we have evaluated the performance of the system by seeing how many

synonyms are found among the nearest neighbours. We will now check what

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

previous work we know that there are many lexical relations other than syn-

onyms among nearest neighbours found for the syntax-based methods (Weeds,

2003; Bourigault and Galy, 2005; Van der Cruys, 2006). As we explained in the

introduction we hoped to find more synonyms and fewer other semantic rela-

tions with the alignment-based method. However, due to mistakes in compound

alignment, we find many hypernyms and (co-)hyponyms. We will compare the

outcome to the syntax-based method in the next section (4.5.7).
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Table 4.17 shows the proportion of synonyms, hypernyms, hyponyms, and

co-hyponyms among the nearest neighbours at ranks 1 and 5. Note that we have

determined these percentages in the way described in 4.4.1. 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 might have multiple

senses and we did not restrict ourselves to one particular sense, percentages are

likely to total more than 100%.

For the high-frequency test set approximately 32% of the nearest neighbours

at rank 1 are synonyms. Note that a score of 100% is unrealistic because not

all words have synonyms. As we mentioned, when evaluating the percentage

of synonyms for the syntax-based method, according to our calculations about

60% of all nouns in EWN has one or more synonyms. At rank k=5 retrieving

100% is even less realistic. Not many words have 5 synonyms.

There are still many co-hyponyms, but somewhat fewer than for the syntax-

based method as we will see in the next section. There are more related words

overall in the high-frequency test set as there is more data for those words.

The percentage of hyponyms found is very different for the three test sets. The

more frequent the test words are, the more hyponyms are found. Frequent

words are often more general and thus have a larger set of hyponyms. The

percentage of hypernyms found decreases less rapidly because, along the same

lines of reasoning, the low frequency words are often less general terms that

typically have more hypernyms than general terms. The decrease in performance

is compensated by this counter-effect.

Again, we must say that it is hard to compare our results to other work.

Barzilay and McKeown (2001) evaluated on Princeton WordNet. They selected

112 paraphrases with a frequency of 20 or higher and determined for those para-

phrases in what relation they are found in WordNet. Results of their evaluation

show that only 35% of the paraphrases are synonyms, 32% are hypernyms, 18%

are siblings in the hypernym tree, 10% are unrelated, and the remaining 5% are

covered by other relations. They conclude from these results that synonymy is

not the only source of paraphrasing.

We have evaluated on a much larger test set at varying frequency levels and

we have used Dutch EWN. At rank 1 the percentage of synonyms is 31.71%

as can be seen from Table 4.15. Both hypernyms and hyponyms are under

the header hypernyms in the results of Barzilay and McKeown (2001) and they

appear almost as frequently as the synonyms: 32% versus 35% of synonyms.

The same phenomenon can be seen in our results in Table 4.17.

However, our results show a considerably higher percentage of co-hyponyms

or siblings. At rank 1 the percentage of siblings is around 43% for all three test

sets against 18% in the results of Barzilay and McKeown (2001). However, it
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is clear from the numbers given by Barzilay and McKeown (2001) that their

percentages add up to 100%. Our percentages do not add up to 100%. In case

of polysemy we included all possible senses. It is thus possible that one noun

contributes both to the synonym scores in one sense and the co-hyponym (sib-

ling) scores in another sense. The authors do not mention what their strategy

is for polysemous nouns. It is possible that they give preference to closer rela-

tions such as synonyms, hypernyms, and hyponyms. This would result in lower

percentages for siblings.

4.5.7 Comparison to syntax-based method

Method # tokens # types

Syntax 73.8M 7.1M
Align 31.3M 994K

Table 4.18: Number of co-occurrences tokens and types for the two corpora
(hapaxes excluded)

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

Align 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

Syntax 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

Table 4.19: Distribution of semantic relations over the k candidates for the
alignment-based and syntax-based method

In this section we would like to explore the difference in performance between

the syntax-based method and the alignment-based method. First we have to

note that the alignment-based method does not incorporate multiword terms,

while the syntax-based method does. Furthermore, the amount of data used

in the syntax-based method, which results from the 500 million-word corpus

(TwNC), is much larger than that used for the alignment-based method. This

can be seen in Table 4.18.

In spite of the limited data available, it is clear from Table 4.19 that the

alignment-based method is better at finding synonyms than the syntax-based

method. The performance of the syntax-based method decreases rapidly with

the rise in number of nearest neighbours, i.e. at higher values of k. For the
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high-frequency test set this is most apparent: From k=1 to k=5 the syntax-

based method precision score is halved. At k=5 the alignment-based method

receives still 2/3rd of the score at k=1. The syntax-based method retrieves

about 2/3rd of the synonyms the alignment-based method retrieves for the high-

frequency test set. The difference between the alignment-based method and the

syntax-based method is smaller for the middle and low-frequency test set. The

alignment-based method has access to a smaller amount of data.

The limited amount of data that is available for the alignment-based method

has its effect on coverage, as can be clearly seen from Table 4.20. For the low-

frequency test set the difference in coverage is large. The syntax-based method

finds nearest neighbours for more than twice as many test words. The traceabil-

ity of the alignment-based method is relatively good and for the low-frequency

test set even better than for the syntax-based method. This is remarkable, if we

take into account that the alignment-based method has problems due to incor-

rect stemming that affect the traceability. Plural forms of nouns are not found

in EWN. However, we have seen this effect in section 4.5.5. Language pairs for

which there was little data available had a reasonable traceability.

Apart from percentages for synonymy, Table 4.19 shows percentages of sev-

eral other types of lexico-semantic relations at k=1 and k=5. In general, the

alignment-based method retrieves more of every type of relation compared to

the syntax-based method, although the largest difference is in the number of

synonyms.

Method HF MF LF
Cov. Trace. Cov. Trace. Cov. Trace.

Align 91.6 67.1 72.7 57.4 41.6 48.1
Syntax 100.0 88.7 100.0 65.3 99.9 32.8

Table 4.20: Coverage and traceability for the two methods

EWN similarity
Method HF MF LF

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

Align 0.755 0.669 0.699 0.601 0.649 0.545
Syntax 0.765 0.697 0.737 0.656 0.666 0.620

Table 4.21: EWN score at k candidates for the alignment-based and syntax-
based method

For the sake of completeness we have included EWN scores as well in

Table 4.21. Apparently, the syntax-based method does a bit better on the

EWN score. The larger percentage of synonyms in case of the alignment-based
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method does not outweigh the fact that the syntax-based method finds more

(less closely) related words. Note that the EWN score is a score that combines

all semantic relations at several distances from the test word and is not restricted

to the semantic relations given in Table 4.19.

In Table 4.22, we have given a few examples for the syntax-based and the

alignment-based method. For the example test word huwelijk ‘marriage’ we see

that the syntax-based method has the tendency to select related words that

belong to the same semantic class of ’important events in a person’s life’. How-

ever they are by no means synonyms, rather co-hyponyms. The fact that the

alignment-based method suffers from compound problems is clear from this ex-

ample: schijnhuwelijk ‘marriage of convenience’ and homohuwelijk ‘homosexual

marriage’ are both compounds of the term huwelijk. When talking about se-

mantic relations these terms are hyponyms of the term huwelijk. The word

homohuwelijken is a mistake due to stemming. It is the plural form of homo-

huwelijk. When we look at the other examples, we can state that the nearest

neighbours found by the alignment-based method are closer in meaning to the

test word than the syntax-based method, provided that it does not suffer from

compound or stemming problems.
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Test word Method k=1 k=2 k=3

huwelijk Align schijnhuwelijk homohuwelijk homohuwelijken
‘marriage’ ‘marriage of convenience’ ‘homosexual marriage’ ‘homosexual marriages’

Syntax geboorte relatie verloving
‘birth’ ‘relations’ ‘engagement’

bedenking Align voorbehoud bezwaar kanttekening
‘reservation’ ‘reservation’ ‘objection’ ‘comment/reservation’

Syntax bezwaar misnoegen grief
‘objection’ ‘displeasure’ ‘complaint’

waarheidsgehalte Align waarachtigheid juistheid waarheidsgetrouwheid
‘degree of truth’ ‘genuity’ ‘correctness’ ‘truthfulness’

Syntax juistheid rechtmatigheid deugdelijkheid
‘correctness’ ‘lawfulness’ ‘soundness’

Table 4.22: Examples of nearest neighbours at the top-3 ranks for the two methods
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4.5.8 Evaluation on French data

Part of this section is taken from Van der Plas et al. (2008b) and Manguin et al.

(To appear).

An advantage of the alignment-based method that should not remain unno-

ticed is that it is language-independent. Therefore we used the method to find

French synonyms. We used the same corpus (Europarl) and the same alignment

method, i.e. intersection. As a similarity method we used Dice† and as weight

we used MI. We set the cell and row cutoffs to 4 and 10, respectively.

The goal of the French study was to compare the syntax-based method for

French by Bourigault and Galy (2005) and the alignment-based method and see

if the same tendencies would appear as found for the Dutch study. The syntax-

based method by Bourigault and Galy (2005) is very similar to our syntax-based

method, and we gave a summary of their method in section 3.2.3 of Chapter 3.

We evaluated the two methods on the Dictionnaire Electronique des Syn-

onymes (DES, Ploux and Manguin (1998, released 2007)), which is based on

a compilation of seven French synonym dictionaries. It contains 49,149 nodes

connected by 200,606 edges that connect synonymous words. The number of

entries is a little bit lower than EWN. EWN contains a total of 56,283 entries.

However, the degree of synonymy is higher. For EWN the degree of synonymy

is expressed by the ratio of senses per synset: 1.59. The ratio of edges per entry

in the case of the DES is 4. Although the two are not entirely comparable, it

gives an indication of the number of synonym links per word in the DES.

The evaluation carried out by Jean-Luc Manguin is different from the frame-

work we used, the most important difference being that the similarity scores

calculated by the system for a pair of nearest neighbours is used as a threshold.

The test set was chosen by looking at the pairs of nearest neighbours resulting

from the syntax-based method that receive a score not lower than 0.16. This

resulted in a list of approximately 1000 nouns. Of this list 950 can be found in

the data of the alignment-based method. This list of 950 word constitutes the

test set.

Precision and recall are calculated as well as the coverage of the system

at varying thresholds of similarity score values. The results can be seen in

Figure 4.3 and Figure 4.4.

Coverage of both systems decreases when the threshold for the similarity

score is augmented. That is expected since not many words have nearest neigh-

bours with a high similarity score. The alignment-based method never reaches

100% coverage. However, it should be noted that the test set was chosen in

a way that favours the syntax-based method. The test set was chosen from

the pairs of nearest neighbours resulting from the syntax-based method above
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Figure 4.3: Number of co-occurrence types when augmenting the cell frequency
cutoff

the threshold 0.16. Thus, the coverage of the syntax-based method is 100% at

0.16. The coverage of the alignment-based method is approximately 70% for

that threshold. However, the coverage of the syntax-based method decreases

more rapidly as the thresholds are raised. At threshold 0.45 the coverage of the

syntax-based method is close to zero.

If we compare the precision of the nearest neighbours for both systems at

the same level of coverage (50%) we see that the syntax-based method has a

precision score of 25%, whereas the alignment-based method produces nearest

neighbours with a precision of 60% to 65%. The precision of the alignment-

based method ranges between a little under 60% at threshold 0.16 to a little

under 80% at threshold 0.45. The precision of the syntax-based method ranges

between 10% at threshold 0.16 and a little under 40% for threshold 0.4. It is

striking that the precision drops at the end of the line, when the threshold is

set to 0.45. The nearest neighbours with the highest scores are not the best.

In addition, it should be noted that due to limited coverage (close to 0) the

numbers at this threshold are unreliable.

With respect to recall, it can be concluded that there is a smaller difference

between the two methods and the scores are less satisfactory in general. It

should be noted that the dictionaries often include synonyms from colloquial

language use. We do not expect to find these synonyms in the Europarl corpus.

A closer inspection of the nearest neighbours resulting from the alignment-

based method, shows that many of the candidate synonyms judged incorrect
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Figure 4.4: Number of co-occurrence types when augmenting the cell frequency
cutoff

are in fact valuable additions, such as sinistre ‘disaster’ for accident ‘accident’.

On the other hand, we find the same errors as found for the Dutch nearest

neighbours. Many errors stem from the fact that the alignment-based method

does not take multiword units into account. For the French data this typically

results in many related adjectives and adverbs being selected as nearest neigh-

bours. For example, majoritaire ‘majority (adj)’ is returned as a synonym for

majorité ‘majority (noun)’, stemming from the multiword unit parti majoritaire.

Also majoritairement and largement are among the nearest neighbours. Words

that would be translated in Dutch as voor het merendeel, literally, ‘for the most

part’. These translations in other languages into multiword units cause prob-

lems for the alignment method and hence for the synonyms extracted. It must

be noted that we did not use post-processing for the French study, whereas for

the Dutch study we applied stemming and we tried to select just nouns.

We can conclude from the study on French synonyms that the performance

of the alignment-based method compared to the syntax-based method is even

more impressing. The precision is more than twice as high for the alignment-

based method, even when taking coverage into account.

4.5.9 Evaluation against ad hoc human judgements

In Van der Plas and Tiedemann (2006) we gave results for a manual evaluation.

The test set was different so the results are not entirely applicable to the current
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setting, but they give indications about the number of false negatives when

evaluating on a resource such as EWN.

We conducted a human evaluation on a sample of 100 candidate synonyms

proposed by the best performing system that were present in EWN and clas-

sified as incorrect. Ten evaluators were asked to classify the pairs of words

as synonyms or non-synonyms using a web form of the format yes/no/don’t

know. We explained our definition of synonymy to them by giving them exam-

ples, in particular vreugde-blijdschap ‘cheerfulness-happiness’ and achterkant-

rug-achterzijde-rugzijde ‘back end-back-rear end-backside’. We also specified

that words that have multiple senses can belong to several synonym sets, again

by giving an example.

For 10 out of the 100 pairs all ten evaluators agreed that these were syn-

onyms. For 37 of the 100 pairs more than half of the evaluators agreed that

these were synonyms.

We have to be careful with these evaluations on human judgements, because

they are subjective and depend on the way the task is defined. We can take

a look at some of the pairs of words that all evaluators judged to be synonym

pairs that were not found as such in EWN:

afkomst-origine ‘descent-origin’

bijlage-aanhangsel ‘attachment-attachment’

fabricage-vervaardiging ‘manufacturing-production’

neiging-tendens ‘tendency-trend’

vertegenwoordiging-afvaardiging ‘delegation-delegation’

vruchtbaarheid-voortplantingsvermogen ‘fertility-ability to reproduce’

zitting-vergadering ‘session-meeting’

Many of these seem valid synonyms and give the impression that the eval-

uators did not judge too leniently. We can infer from this evaluation that the

scores provided in evaluations based on Dutch EWN are a little too pessimistic.

We believe that the actual precision scores lie approximately 10 to 35% higher

than the 22.5% reported in Van der Plas and Tiedemann (2006), i.e. between

32.5% and 47.5%. Over and above, this indicates that we are able to extract

automatically synonyms that are not yet covered by available resources.

4.6 Conclusions

In this chapter we have tried to provide information about the nature and

quality of the nearest neighbours found by the alignment-based method. We

hoped that the alignment-based method would be better at finding synonyms
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and that it would retrieve fewer less related words. We have evaluated the

nearest neighbours on the manually built resource EWN. We have determined

the percentage of synonyms and other lexico-semantic relations. We also showed

some results from a manual evaluation and an evaluation on a comprehensive

French synonym dictionary.

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

method is better at finding synonyms than the syntax-based method discussed

in chapter 3. The performance of the former is almost twice as good as the

latter.

The syntax-based method has one advantage and that is coverage. Multi-

lingual parallel corpora are relatively small and sparse. Over and above the

Europarl corpus, composed of proceedings from the European Parliament, is

very different from newspaper text. We used newspaper text to select words

for our three testsets. It is not surprising that methods that use that same

newspaper text result in higher coverage. It remains a fact that the sparseness

of multilingual parallel texts remains a problem for the technique.

Although the alignment-based method has access to smaller amounts of data

that are not general in nature, the alignment-based method is able to deal very

well with sparse data. It is able to outperform the syntax-based method while

using 7 times less data (in number of types) than the syntax-based method.

We hoped that the method would not retrieve (co-)hyponyms and hyper-

nyms. Unfortunately, the alignment-based method still retrieves many hy-

ponyms and hypernyms due to problems with the alignment of compounds.

A compound such as slagroom ‘whipped cream’ is wrongly aligned to only one

part of the multiword unit whipped and not the entire component whipped cream.

The use of other alignment methods, such as the target to source method, helps

only moderately. We would like to try and use consituent alignment or phrase-

based machine translation in future work.

There were a number of smaller findings that need to be discussed here.

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

the best performance. We decided to use no cutoffs for the remainder of the

chapter, except for removal of hapaxes.

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

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

again the best combination: Cosine in combination with mutual information.

However, weighting is less important for the alignment-based method than for

the syntax-based method. The intuition behind using weighting is more closely

related to the syntax-based method where we used it to compensate for the

effect of frequent light verbs. For the alignment-based methods we used it to

take care of very frequent words that have a higher probability to receive wrong
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translations.

We have run experiments to test the performance on another corpus, a corpus

of movie subtitles that is about eight times smaller than the Europarl corpus

in number of co-occurrence types. The performance is not as good, though still

better than the syntax-based method that uses far more data. The alignment-

based method fairs relatively well with small amounts of data. It is interesting to

see that two very different corpora give rise to very different nearest neighbours.

In some cases the nearest neighbours of the Europarl corpus all belong to a

particular sense of a headword, and the nearest neighbours acquired from the

subtitle corpus all belong to another sense. The advantage of corpus-based

methods is that we are free to select a corpus that is most suitable for the task

at hand.

We have used a multilingual corpus comprising 11 languages in parallel. It

was possible for us to see the contribution each language made. Dutch deploys

single-word compounding. Languages that deploy single-word compounding

as well, such as German, Swedish, and Danish, perform best. This is related

to the problem that appears when aligning languages that deploy single-word

compounding to languages that use multiword units such as French and English.

There are several reasons for combining languages: In general better scores

are attained. The coverage is higher. Furthermore, using multiple languages is

useful for filtering out errors due to polysemy in one of the languages.

The manual evaluation we did in a previous study showed that many of

the words that are incorrect according to EWN are in fact judged as correct by

evaluators. A majority decided in 37% of the cases that the synonym considered

incorrect in EWN is in fact correct.

Due to the fact that the method is language-independent we were able to run

an evaluation on French data using a comprehensive French synonym dictionary.

The difference in performance between the alignment-based and syntax-based

methods is even more apparent. Moreover, higher precision scores (up to 78%)

are reached by thresholding the similarity scores. However, we must note that

these high threshold result in very low coverage.

Finally, the usefulness of the nearest neighbours found will be tested on a

real application, question answering, in Chapter 6.




