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Abstract  

In this project, we have investigated how to perform rule-based machine 

translation of sets of keywords between two languages. The goal was to 

translate an input set, which contains one or more keywords in a source 

language, to a corresponding set of keywords, with the same number of 

elements, in the target language. However, some words in the source 

language may have several senses and may be translated to several, or no, 

words in the target language. If ambiguous translations occur, the best 

translation of the keyword should be chosen with respect to the context. 

In traditional machine translation, a word's context is determined by a 

phrase or sentences where the word occurs. In this project, the set of 

keywords represents the context. 

By investigating traditional approaches to machine translation (MT), we 

designed and described models for the specific purpose of keyword-

translation. We have proposed a solution, based on direct translation for 

translating keywords between English and Swedish. In the proposed solu-

tion, we also introduced a simple graph-based model for solving ambigu-

ous translations.  

Keywords 
Machine translation, MT, rule-based machine translation, RBMT, word 

sense disambiguation, WSD, translation disambiguation, translation, 

knowledge-based word sense disambiguation, keyword translation 





Sammanfattning 

I detta projekt har vi undersökt hur man utför regelbaserad maskinöver-

sättning av nyckelord mellan två språk. Målet var att översätta en given 

mängd med ett eller flera nyckelord på ett källspråk till en motsvarande, 

lika stor mängd nyckelord på målspråket. Vissa ord i källspråket kan dock 

ha flera betydelser och kan översättas till flera, eller inga, ord på målsprå-

ket. Om tvetydiga översättningar uppstår ska nyckelordets bästa över-

sättning väljas med hänsyn till sammanhanget.  I traditionell maskinö-

versättning bestäms ett ords sammanhang av frasen eller meningen som 

det befinner sig i. I det här projektet representerar den givna mängden 

nyckelord sammanhanget. 

Genom att undersöka traditionella tillvägagångssätt för maskinöversätt-

ning har vi designat och beskrivit modeller specifikt för översättning av 

nyckelord. Vi har presenterat en direkt maskinöversättningslösning av 

nyckelord mellan engelska och svenska där vi introducerat en enkel graf-

baserad modell för tvetydiga översättningar.  

Nyckelord 
Maskinöversättning, översättning, tvetydiga översättningar 
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Definitions and abbreviations 

Term Definition 

Ambiguity Ambiguity is when something cannot be definitely de-

termined. An ambiguous word is a word that has several 

meanings. 

Bilingual Bilingual refers to something that is of two languages. 

Corpus A corpus (also text corpus) is a large collection of struc-

tured texts. A bilingual corpus is a corpus that contains a 

collection of texts in a SL, which has a representation of 

correctly translated (by human translators) translations 

of the source texts in a TL. A monolingual corpus contains 

large texts in one language. 

Keyword A keyword refers to a word or a short phrase that accu-

rately describes a content of something. 

Monolingual Monolingual refers to something that is of one language. 

Morphology Morphology is a field in linguistics that focuses of the 

forms, internal structure and formations of words. 

MT Machine translation. 

Semantics Semantics is the study of the meaning of words, phrases, 

signs and symbols in a language. A semantic analysis can 

be used to find the meaning of a text. 

Sense A word's sense refers to the word’s meaning. One word 

may have several senses. 

SL Source language. 

Syntactics The syntactics in a language focus on how words and 

phrases are arranged to create sentences in a language. 

TD Translation disambiguation. 
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TL Target language. 

WSD Word sense disambiguation. 
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1 Introduction 

1.1 Problem statement 
Mostphotos AB is a company that hosts a website, Mostphotos.com, 

which is a marketplace where users can sell and buy images. An image 

can be a photograph or any other kind of image, owned or created by the 

user. The site is public and allows anyone to register and upload images. 

Each uploaded image can be tagged with several keywords that are relat-

ed to the contents of the image. The images' tags are entered in free text 

by the uploader and are later used to match the images with searches. For 

example, a photograph of a cat could be tagged with “cat, animal, fur, 

cute” and so on. A search for any of those tags, for example “cute”, would 

result in all images matching the search word, including the cat-image. 

Note that the same result would be achieved with several subsequent 

search words matching the image tags: a search for “fur cute” would still 

result in the cat-image matching the search. 

Mostphotos.com is a public website where users can be of different na-

tionalities. Because of that, users are able to choose in which language 

their tags are entered. This, however, is problematic when searching for 

images in another language than the language that the image tags were 

entered in. In a regular search, the search words would have to match the 

exact tags that were entered; in the exact same language. For example, if a 

Swedish-speaking user searches for the word katt (Swedish for cat) only 

images with that exact tag would match the search. No image with the 

English tag cat would match the search. To solve this problem, the tags 

must be translated to a set of supported languages. 

The paradigm of translation using a computer is called machine transla-

tion (MT). One major problem in machine translation is word ambiguity. 

An ambiguous word can have different translations in the target language 

depending on sense. The task to determine which sense of a word to use 

depending on its context is referred to as word sense disambiguation 

(WSD). For example, the word suit can have different meanings. Suit can 
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refer to a type of clothing as well as the color of a card based on the con-

text in which the word is used. When translating such a word using dic-

tionaries (rule-based MT), WSD is necessary to determine the correct 

sense of the word. 

A word's context is usually derived by the sentence in which it occurs. In 

Mostphotos.com, tags are thought to be entered as keywords rather than 

sentences; hence the context in which the keyword occurs is determined 

by the combination of tags for that image. Therefore, to disambiguate a 

tag's sense one must take the other tags that are combined with the am-

biguous tag into account.  

The stated problem is not specific for just the translation of tags in Most-

photos.com. In general, the problem is also relevant in any area where 

translation of keywords could be useful.  

1.2 Objectives 
The objectives of this project were to: 

1. Examine existing literature and history within the field of ma-

chine translation. 

2. Define the theoretical problems in translation of keywords. 

3. Present models and methods for solving these problems. 

4. Evaluate the presented models and methods. 

5. Propose one or more solutions to the problems of this project, 

based on the presented models. The solution should a variable 

number of keywords. The translation should be based on the con-

text of the keywords. 

If objective #5 is met: 

6. Evaluate, compare and optimize proposed translation solu-

tions(s). 

7. Implement a prototype from the best solution that supports bidi-

rectional translation between English and Swedish. The proto-

type should be limited to bidirectional word translation between 
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English and Swedish. It should also be limited to the precondi-

tion of having knowledge of the source and target language; no 

language recognition should be implemented. 

8. Analyze if and how the proposed solution(s) could be improved 

further. 

If objective #5 is not met: 

9. Analyze why objective #5 could not be satisfied: 

• Analyze the cause of failure to satisfy objective #5 (time, 

complexity of the problem, knowledge, etc.). 

• Analyze how to proceed with satisfying objective #5 (fur-

ther work, other approaches, etc.). 

1.3 Project scope and delimitations 
In this project we suggest generic models and methods for bilingual word 

translation, which are applicable for purposes other than translation of 

image tags. The suggested solutions do not include translation of phrases 

or sentences. To translate that kind of input, grammar and syntactic rules 

have to be taken into account, which would drastically increase the scope 

of this project. 

Since the fields of machine translation and word sense disambiguation 

are wide scientific fields with many different branches, the investigation 

solving the problem of this project was limited to rule-based MT and 

graph-based WSD. 
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2 Theory 

This chapter aims to give the reader a theoretical overview of relevant 

fields and put this project in a wider context.  

2.1 Background 
In this section, we present research on the history, theoretical principles, 

difficulties and approaches. 

2.1.1 Machine Translation 
Due to the increases in global exchange of information in the recent years, 

a demand for translation has increased. Because of this, translation using 

computers is a highly relevant topic in computer science today. Computa-

tional linguistics is a discipline for describing linguistics from a comput-

er-scientific perspective. Fields covered in computational linguistics in-

clude for example speech recognition, text-to-speech, and translation [1]. 

The subfield in computational linguistics, which investigates translation, 

is called machine translation (also referred to as MT). In MT, models and 

principles for translation between natural languages using computer 

software are described; hence an understanding of previous work in MT 

is important for solving the problem stated in this project. 

Traditional MT is about translating complete texts including sentences. 

However, this project's stated problem is about translating keywords, 

hence the problem does not include translation of sentences. In this sec-

tion we present history and previous work in the field of MT.  

2.1.1.1 History of Machine Translation 
Although ideas of universal languages and mechanical dictionaries can be 

traced back to the 17th century [2], it was not until 1933 that the first 

practical uses for mechanical dictionaries were suggested [3]. However, 

the field of 'machine translation' using computers was first introduced in 

1949 in a memorandum presented by Warren Weaver [4], where he also 

introduced the problem of ambiguity. In May 1951, philosopher Yehosh-

ua Bar-Hillel was appointed to begin research in the field at the Massa-
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chusetts Institute of Technology (MIT). Bar-Hillel then convened the first 

MT conference at MIT at 1952, which was attended by nearly every active 

researcher in the field [2, p.2]. At the time it was unrealistic that fully 

automated, high quality, MT (FAHQMT) could be achieved. At 1954, 

Léon Dostert at Georgetown University collaborated with IBM and devel-

oped the first demonstration of an MT system. The system was very lim-

ited; it supported a sample of 49 carefully selected sentences in Russian 

that were translated to English using a vocabulary of just 250 words and 6 

grammar rules [5]. The result had little scientific value, but got a lot of 

attention in media and helped stimulating and inspiring the initiation of 

research-fundings in MT. As a result of the pioneers' work, the first book 

about MT was released in 1955, by Locke and Booth [6]. The book was an 

edited collection of previous work in MT including Warren Weaver's 

memorandum and contributions from Bar-Hillel.  

Throughout the 1950s, the optimism towards MT was high. However, in a 

report in 1960 [7], Bar-Hillel stated clear theoretical doubts in the poten-

tial of MT where he argued that FAHQMT was not only impossible at 

present, but also in principle. To demonstrate his doubts, he stated an 

example in the translation of the word pen (the word can refer to either 

an enclosed area, e.g. a cage, or a writing instrument) [7, Appendix III, 

pp.158-163]. The meaning of the word pen in the context “The box was in 

the pen” obviously refers to an enclosed area. These types of assumptions 

are easy for humans to make, due to our knowledge of the real world. Bar-

Hillel argued that such translations, that require knowledge of the real 

world, are impossible for a computer to translate without some kind of 

global encyclopedia. However, in the report he also criticized the unreal-

istic ambition that the goal of MT should be to achieve FAHQMT. He 

recommended that the goals of MT should be less ambitious. [2, p.5] 

In the 1960s, MT research continued in the Soviet Union and the United 

States and concentrated mainly on translation between Russian and Eng-

lish. The main translated text were scientific and technical documents to 

investigate if these dealt with subjects of security interests. Although the 

translation was rough, the results were sufficient for a basic understand-
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ing of the contents. However, the optimism in MT was about to take a 

turn. 

The funding authorities of the USA formed a committee called the Auto-

matic Language Processing Advisory Commission (ALPAC) in 1964, to 

examine MT in aspects of the potential costs, prospects and need for re-

search. In the ALPAC report released in 1966 [8], MT was concluded to be 

more expensive, less accurate and slower than human translators and it 

was stated: “there is no immediate or predictable prospect of useful ma-

chine translation” [8, p.32]. As a result, the funding of MT massively de-

creased and the faith in MT was damaged. Even though the report was 

criticized for being narrow and shortsighted, it lead to the number of re-

search groups in the USA being dramatically reduced and MT was dis-

carded as a failed ideal. Instead, ALPAC recommended further develop-

ment in machine aid for translators and basic research in the area of 

computational linguistics [9]. 

With the research in MT decreasing in the United States, the focus 

switched to Canada and Europe; in Canada there was a need for English-

French translation due to the Canadian government's bicultural policy 

and in the European Communities (now known as the European Union) 

there were growing demands in translation of technical and commercial 

documentation between all Community languages. During the 1970s, 

several MT systems were developed and installed. For example, despite 

the aftermath of the ALPAC report, a system called SYSTRAN was devel-

oped in the United States by Peter Toma in 1968, which was installed for 

Russian-English translation in the USAF Foreign Technology Division 

(later the National Air and Space Intelligence Center) in 1970. Also, an 

English-French version of SYSTRAN was purchased by The Commission 

of the European Communities in 1976. SYSTRAN was then installed at 

numerous intergovernmental institutions and big companies. Another 

example is the METEO system, developed by Université de Montréal in 

Montreal, for translating weather forecasts that went into operation 1977. 

By the 1980s, a wide diversity of commercial and operating MT systems 

had been adopted around the world. During this decade, the research and 
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development of commercial MT systems continued from a wider range of 

countries. The greatest activity of commercial MT systems during the 

1980s was in Japan, where most of the computer companies (Fujitsu, 

Toshiba, Sharp, Hitachi, NEC) developed computer-aided translation 

software (that relied on pre- and post-editing with human assistance) 

mainly for Japanese-English and English-Japanese translation. Another 

system called Logos appeared in the market in 1982 for German-English 

translation, which was developed for other language pairs during the 

1980s as well. The system was initially developed in the United States by 

Bernard E Scott and first operated in 1972 as a Vietnamese-English trans-

lation in the American-Vietnam war. The METAL system, which had orig-

inated from research at the University of Texas, appeared in the market in 

the late 1980s for German-English translation. The MT systems in Japan, 

SYNTRAN, Logos and METAL were systems designed for general re-

search purposes, in contrast to most systems developed in the 1970s, 

where the MT systems were adapted for special purposes. 

In the beginning of the 1990s, MT began to make the transition from 

mainframe computers to personal computers. With the increased usage of 

Internet in the mid-1990s, MT on the web became possible. It started 

with SYSTRAN offering free translation of small texts in 1996 shortly 

followed by AltaVista’s Babel Fish and Google Language Tools (both 

based on SYNTRAN technology). Since then, MT has become a mass-

market product that is available for the public, for example the widely 

used MT system Google Translate. Although the results of today's systems 

are acceptable, they are far from perfect (i.e. FAHQMT). 

2.1.1.2 Problems in MT 
In the early days of MT, the goal and ambition was to create fully auto-

matic, high quality, MT (FAHQMT). This goal was, however, later regard-

ed to be impossible to achieve in a foreseeable future. 

This is not the only purpose of MT though; as it was found that the crude, 

unedited, MT output was useful for getting a general idea of the content 

of the translated text. Extracting essential information (assimilation) in a 

text is today, for the regular user, the normal case when using MT. Infor-
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mation is typically assimilated when translating text, written in another 

language, where the user has no control of the input. This requires light, 

or no, post-editing from human translators [12].  

The purpose of dissemination is to, as an individual or an organization, 

publish translated text, which requires reliable, human-quality transla-

tions. Without FAHQMT, either human revision of the MT output or con-

trolling the input (pre-editing) would be necessary for the case of dissem-

ination. 

To achieve high quality MT, without restricted input or the need of post-

editing, there are well known problems in the field that have to be taken 

into consideration. Also, to get a thorough overview of what MT is, it is 

important to understand the problems that can occur in translation. In 

following sections we present typical problems in MT: ambiguity, lexical 

and structural mismatches and multiword units [10]. 

Ambiguity 
In an ideal scenario for word-to-word translation, all words would have 

only one sense (meaning). However, in reality words can have different 

senses. These words are said to be lexically ambiguous. Lexical ambiguity 

causes problems when translating ambiguous words, because different 

senses of such a word can be represented by different words in the target 

language. There are also cases where sentences or phrases can have more 

than one structure, which means that they are structurally ambiguous 

[10, p.105][11].  

Lexical ambiguity requires the disambiguation of a word's sense for cor-

rect translation. Word sense disambiguation (WSD) is a subfield in com-

putational linguistics that focuses on solving the problem of lexical ambi-

guity. The stated problem of this project is translation of keywords, which 

includes translation of ambiguous keywords. With lexical ambiguity being 

the main problem of this project, the field of WSD is discussed in a sepa-

rate chapter (2.1.2 Word sense disambiguation). 
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Example 2.1 demonstrates an example of the structural ambiguity. The 

sentence (*) is ambiguous in the sense that the word cleaning can be both 

a verb and an adjective in the grammar. Sentence (1) and (2) describe the 

two possible senses of this meaning, where in (1), cleaning is a verb and 

in (2), cleaning is an adjective. 

Example 2.1 [10, p.107]: 

* Cleaning fluids can be dangerous 1. Cleaning fluids is dangerous. 

 2. Cleaning fluids are dangerous. 

   

Structurally ambiguous sentences or phrases are problematic in MT, 

since the surrounding context is required to determine the correct sense 

of the sentence, which is not always obvious. Although structural ambigu-

ity is a typical problem of traditional MT, it is not relevant to this project, 

since this problem only occurs in sentences. 

Lexical and Structural Mismatches 
Along with the problem of ambiguity, there are also problems in lan-

guages expressing things differently. It can be differences in how concepts 

are expressed as well as differences in the grammatical structure. In other 

words, problems can occur caused by lexical and structural mismatches 

in languages. 

Lexical mismatches refer to the differences in how languages choose to 

classify the 'real world', how they express concepts of words as well as 

differences between which concepts are lexicalized1 at all. Lexical mis-

matches can be divided into two types: bilingual lexical ambiguity and 

lexical gaps [11]. Bilingual lexical ambiguity refers to the case where a 

word (not necessarily an ambiguous word) in the source language (SL) 

has more than one equivalent word in the target language (TL). Lexical 

gaps refer to when there is an absence of a word in the TL; the word to 

translate exists in the SL but is not lexicalized in the TL. 

                                                             
1 Lexicalize – To add a word or word pattern in a language. 
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To demonstrate an example of lexical mismatches, see Example 2.2. As 

seen in this example, the classifications of a watercourse (flow of water) 

are different in English and Swedish. The classifications in both lan-

guages are determined by the size of the watercourse. However, the fine-

ness, or 'granularity', in the distinction of different types of watercourses 

is higher in Swedish than in English. This results in that the word river 

can be translated to älv, flod or possibly å. Thus, there is a bilingual lexi-

cal ambiguity in the translation of river to Swedish. Also, the word å can 

be translated to either river or stream. As we can see, there is a clear dis-

tinction in how the concept of a watercourse is classified in the two differ-

ent languages. 

 Example 2.2: 

English: Swedish: 

1) river a) älv (large watercourse) 

 b) flod 

2) stream c) å 

 d) bäck (small watercourse) 

 

Another, typical, example of lexical mismatch between English and Swe-

dish is demonstrated in Example 2.3. The Swedish word lagom is an ex-

pression in Swedish for expressing that something is sufficient, enough, 

adequate, just right, in moderate, which is a concept that has no exact 

single word translation to English. This means that there's a lexical gap 

for this concept in the English language. 

Example 2.3: 

Swedish: English: 

mycket(adv.) greatly, a lot 
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lagom(adv.) roughly: just the right amount, sufficiently, enough, ade-

quate, just right, moderately2 

lite(adv.) slightly, a little 

 

To solve these kinds of lexical mismatches, a level of genuine creativity is 

needed to decide how to translate mismatches, which differs from the 

traditional behavior of a computer [10, p.110]. 

Structural mismatches arise when different languages use different 

structures for the same purpose and when they use the same structure 

for different purposes. In Example 2.4, a demonstration is shown of how 

different languages use different structures for the same purpose in the 

case of naming. In the three different languages presented in the exam-

ple, the structure of the concept of naming an object is different. These 

kinds of differences presented are problematic because they complicate 

the translation process. 

Example 2.4: 

I) English: He is called Andy 

II) Swedish: Han heter Andy 

 'He is-named Andy' 

III) French: Il s'appelle Andy 

 'He calls himself Andy' 

 

The problem of lexical mismatches in languages is highly relevant to this 

project, as they occur in word-to-word translation. However, the problem 

of structural mismatches is not as relevant, since the problem of this pro-

ject is not concerned with translation of phrases or sentences.  

                                                             

2 Translations from Folkets Lexikon (http://folkets-lexikon.csc.kth.se) 
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Multiword Units 
This part demonstrates the problems of multiword units, such as idioms 

and collocations. Although they are not as relevant to this project, they 

are briefly described.  

Idioms are expressions with figurative meanings, meaning that the idiom 

cannot be completely understood from the combined words, in contrast 

to a literal meaning. Example 2.5 demonstrates idioms that in their literal 

meaning are completely different than their actual meaning. 

Example 2.5: 

Idiom: Actual meaning: 

Break a leg in the game 

today! 

Good luck in the game today! 

It'll be a piece of cake. It'll be easy. 

Hold your horses! Be patient! 

 

The problem that idioms cause in MT is that they are not usually possible 

to translate using the normal rules. To be able to translate their actual 

meaning, a knowledge of the idiom as a single unit is required. Otherwise, 

translation using normal rules would most certainly result in nonsense.  

Slightly different expressions from idioms are collocations. Collocations 

are sequences of words that go together to create their own meaning. 

These sequences are predictable and sound 'right' in a language. Howev-

er, they often sound 'wrong' if combined with other words with the same 

meaning. See Example 2.6 for examples of collocations. 

Example 2.5: 

'right': 'wrong': 

They took a walk. They made a walk 
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They made an at-

tempt. 

They took an attempt 

  A fast train. A quick train. 

A quick shower. A fast shower. 

  A heavy smoker. A large smoker 

 A big smoker (as in French) 

 A strong smoker (as in German) 

 

To predict these sequences, they have to be thought of as single units, just 

like idioms. Otherwise, if the translation is literal, the translation can 

seem unnatural and 'wrong'. 

2.1.1.3 Approaches 
The translation process, regardless of MT, can be described as following 

two steps: 

1. Decoding the contents of the input text from the SL. 

2. Re-encoding the contents to produce an output in the TL. 

As seen in the previous section (Problems in MT) there are many, com-

plex, problems in MT. During the development and research in the field, 

several approaches to tackling the problems have been suggested, where 

different approaches have different benefits and drawbacks. In this sec-

tion we describe different approaches to MT 

Rule-based MT (RBMT) 
RBMT is based on the linguistic rules in the SL and TL. These rules are 

retrieved from dictionaries and grammars, which include the morpho-

logical, syntactic and semantic rules of the languages. In RBMT, an anal-

ysis is made on the input, and the output is generated based on the mor-

phology, syntactics and semantics of the SL and TL. 

Due to the fact that RBMT is based on rules, grammatical exceptions are 

hard to handle. However, due to that fact, RBMT systems are also robust 

and produce target text of consistent and predictable quality. RBMT also 
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requires little computational resources but is expensive to maintain and 

extend due to the use of dictionaries. This also means that the problems 

of ambiguity have to be handled [20][21]. 

There are three traditional approaches to RBMT, which are presented in 

this section: direct translation, interlingual translation and transfer-

based translation.   

Direct translation 
Direct translation was the first approach to be adopted by the 'first gener-

ation' MT systems. In the direct translation approach, the source text is 

translated directly from the SL to the TL. Unlike the other two approach-

es in RBMT, the text is not passed through any intermediary representa-

tion. Direct translation can be described as a word-to-word translation 

with low-level word-order adjustments. The translation process can be 

summarized as following: 

Source text → Morphological analysis → Bilingual dictionary lookup → 

Local reordering → Target text [13, pp.72, Figure 4.1].  

Direct translation depends on dictionaries and morphological analysis, 

making its limitations obvious. By only mimicking the syntactic struc-

tures of the TL this approach may lead to poor output. However, this ap-

proach is simple and cheap since little analysis is performed [15]. 

Figure 2.1 presents what is called the Vauquois pyramid. The model 

shows how the different rule-based approaches relate to each other. The 

higher up in the pyramid we go, the higher the level of analysis on the 

source text is performed. As we can se in the figure, direct translation has 

the lowest level of analysis of the rule-based approaches. The two ap-

proaches, described in following two sections, can be described as indi-

rect approaches, in contrast to the presented direct approach. 



 
 
 
 
28  |  THEORY 

 
Figure 2.1: The Vauquois pyramid [13, p.107, Figure 6.1] [14] 

Interlingual translation 
In interlingual translation, the source text is analyzed into a highly ab-

stracted language independent representation. As we can se in Figure 2.1 

an analysis of the source text leads to a fully abstract, interlingua, repre-

sentation. The language independent representation is based on a mor-

phological, semantic and syntactic analysis of the source text and con-

tains all information necessary for direct generation of the target text [13, 

pp.69-80][15]. Thus, the target text should have the same interlingua 

representation as the source text. 

Interlingual translation makes it easy to add more languages to a transla-

tion system; due to the fact that the conversion from a SL to the interlin-

gua representation is reusable, the only part that needs to be added is the 

generation. This makes this approach the most attractive choice for mul-

tilingual systems [13, pp.69-80]. However, the problem of defining a 

'truly' language-independent interlingua still remains, as there is no de-

finitive method for defining such a representation [13, pp.69-80][15]. 

Also, to include the correct meaning of a text, there's a need for a lan-

guage independent semantic representation, which is hard to define [16]. 
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Transfer-based translation  
Another indirect approach is the transfer-based translation. This ap-

proach is, compared to the interlingual approach, less ambitious, because 

the level of analysis on the source text is lower (as seen in Figure 2.1). It 

can be described in three steps: 

1. Analysis: An analysis is made on the source text, converting it in-

to an abstract language-dependent, source language, repre-

sentation. 

2. Transfer: The source language representation is then transferred 

into a target language representation. 

3. Generation: The target language representation is then used to 

generate the target text. [13, pp.69-80]- 

Unlike the interlingual approach, the intermediary representations are 

language-dependent. Therefore, the transfer-stage is required to transfer 

the analysis from the source text to a target language representation. This 

means that the transfer method is different for each language pair [15], 

which makes it hard to expand such a system. The transfer-based method 

is however preferred to the interlingua method due to two main reasons: 

one being the problem of defining language-independent representations. 

The second reason is that the complexity of the semantic and structural 

analysis is much reduced because the intermediary representations are 

specific to the source and target language respectively [13, pp.69-80]. 

2.1.1.4 Corpus-based approaches 
Basically, corpus-based approaches base their translations on bilingual 

text corpora to determine how texts should be translated. In the begin-

ning of the 1990s, the popularity of corpus-based translation grew [15]. 

The reason for corpus-based approaches was that they would provide an 

alternative for RBMT, thus to “replace the intractable complexity of rule-

based approaches” [17]. There are two major corpus-based approaches: 

statistical MT and example-based MT. 
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Statistical MT (SMT) 
Although the idea of statistical machine translation (SMT) was presented 

by Warren Weaver in 1949 [18], the approach was unsuccessful prior to 

the 1990s [15]. However, large systems today such as Google Translate3 

are based on SMT.4 

The idea of SMT is to calculate the probability that the source text trans-

lates to the target text, and then to choose the translation that is most 

likely. The source text is segmented into strings of words and phrases. 

The segments are then compared in an aligned bilingual corpus and a 

statistical method is used to obtain the corresponding TL segments. The 

TL text is then produced from the TL segments [15]. 

The translation is basically made using two statistical models: a transla-

tion model and a language model. The translation model is used to seg-

ment the SL text and comparing it with training data from aligned bilin-

gual corpora, to determine the most probable TL segment translations. 

These segments are then applied in a language model, which, by using 

training data from monolingual corpora, are ordered in the most likely 

grammatical ordering [20]. 

The benefit of SMT is that, compared to RBMT, the resulting text has 

good fluency.  Also, if there are any rule exceptions that have to be con-

sidered, SMT is a great option, since it uses corpora. It is for the same 

reason that SMT systems are easy to build and maintain. The only things 

needed are existing corpora. However, SMT requires high computational 

resources. Additionally, SMT has no grammatical knowledge, which 

means that grammatical errors can occur [19][21]. 

Example-based MT (EBMT) 
In example-based MT, the source text is compared to the parallel, trans-

lated, text in a bilingual corpus. The source text is segmented into smaller 

                                                             

3 https://translate.google.com/ 
4 https://translate.google.com/about/intl/en_ALL/ 
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phrases that are then matched to similar phrases in similar sentences. 

The smaller the difference between the sentences is, the better match the 

phrase is considered to be. 

2.1.1.5 Hybrid MT 
Hybrid MT refers to the type of MT systems that use combinations of 

different MT approaches. It could be, for example, an rule-based-

influenced system which bases the rules on statistical rule generation 

from corpora rather than from lexical resources. Another example of hy-

brid MT is multi-engine systems, where the final output is generated from 

output from several subsystems that use different approaches [22]. 

2.1.2 Word sense disambiguation 
In languages, words may have different senses depending on the context 

in which they occur. The context is usually determined from the sentence 

and the surrounding words. Compare the following sentences; “Your new 

suit is too small.”, “The necklace doesn't suit you.” and “The Ace and King 

on my hand are in the same suit.”. The word suit in these sentences has 

the following three distinctive senses: 

1. A noun: Refers to a type of matching clothing. 

2. A verb: To fit. 

3. A noun: The four colors and symbols of traditional playing cards. 

For a human it appears effortless to determine the sense of the words 

when reading the sentences above. For a machine on the other hand, the 

task of deciphering the correct sense of a word is much more difficult. In 

computational linguistics this problem is referred to as word sense dis-

ambiguation (WSD). This has been a major problem in MT since it was 

introduced in the late 1940s [23] and is still today one of the biggest chal-

lenges within MT [24]. 

2.1.2.1 Problems in WSD 
Even though WSD has been a known problem for over 70 years, [23] 

WSD is still today an open problem. No machine has so far outperformed 
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humans. This section discusses some of the major problems and difficul-

ties within WSD today. 

It has been argued that developing a program or lexical resource with a 

complete set of senses for all words is an impossible task to accomplish 

because it is based on a faulty assumption: that every word can be divided 

into a finite set of senses [28]. One set of defined word senses is only rele-

vant for a specific purpose (task or field) [28 pp. 23-24] and the same set 

of senses may not be valid in other purposes. The problem is the grouping 

of similar meanings of words into senses, and how much the meaning of 

the word (derived by its context) can differ before it should be considered 

a separate sense. This problem is called granularity and is explained in 

the next section. 

Another opposition against the concept of perfect WSD by machine is the 

lack of deep understanding of the text. It is argued that for a machine to 

perform with the same quality as a human it would require reasoning 

capability and knowledge of the world. [27] This problem is further ex-

plained later in this chapter. 

Granularity 
Generally granularity is a scale of how finely or roughly a system is divid-

ed into smaller pieces. It ranges from coarser-grained (less in number but 

more distinctive) units to finer-grained (more in numbers but less dis-

tinctive) units. Coarse-grained WSD refers to dividing words into a few 

(distinctive) senses whereas fine-grained WSD refers to dividing words 

into more senses but with less distinction between them. The granularity 

used is different in different dictionaries. For example, a coarse-grained 

disambiguation of the word bank may result in the senses riverside and 

financial institution. The latter sense may in a finer-grained disambigua-

tion result in all the following senses (from English Wiktionary5): 

• An institution where one can place and borrow money. 

• A branch office of such an institution. 

                                                             
5 https://en.wiktionary.org/wiki/bank 
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• An underwriter or controller of a card game. 

• A fund from deposits or contributions. 

• The sum of money (gambling). 

• In certain games, a fund of pieces from which the players are al-

lowed to draw. 

• A safe place of storage for and retrieval of goods (blood bank, 

sperm bank, data bank). 

• Verb: To deal with a bank. 

• Verb: To put into a bank. 

There are disagreements when determining senses to words in finer-

grained WSD, both when professional linguists carry out the disambigua-

tion and when determined computationally [27]. In an international WSD 

workshop exercise there was an inter-annotator agreement of about 

80%6 for a group of linguists when determining senses for words in sen-

tences from a training corpus. [27 pp. 2-3]. 

Studies show that coarser-grained WSD results in higher accuracy (more 

words being correctly disambiguated) than finer-grained approaches [27 

pp. 5-7].  

World knowledge 
To understand the meaning of a sentence (and thus, the correct meanings 

of the words), the semantic knowledge of the language is not always suffi-

cient enough. Sometimes a deeper knowledge of the real world is required 

[27]. Compare the following two sentences: 

“Jill and Mary are sisters” 

“Jill and Mary are mothers” 

The first sentence tells us that Jill and Mary are sisters to each other. The 

other sentence tells us that Jill and Mary are mothers, not to each other 

                                                             
6 Meaning there was an 80% agreement of the senses among the judges, 
thus a 20% disagreement. 
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but independently. We assume this because we know that it is impossible 

for them to be mothers to each other. We draw this conclusion, not from a 

semantic difference in the sentences, but from our knowledge of the real 

world. 

Another example (stated by B. Hillel in 1960 [7]): 

“The box was in the pen” 

The word pen can either refer to a tool for writing or an enclosed area. In 

this case, it obviously refers to the latter of these senses, since it is physi-

cally impossible for the tool for writing to contain a box. We draw this 

conclusion from our knowledge of “common sense” rather than by any 

semantic rules. A machine cannot draw this conclusion without any rea-

soning and knowledge of the world [7].  

2.1.2.2 Knowledge-based approach 
In knowledge-based WSD, dictionaries, thesauri and other lexical-based 

resources are used as data to disambiguate words. Knowledge-based 

WSD is often divided into two methods, similarity-based and graph-

based approaches [26]. 

Similarity based WSD 
Similarity-based approaches use the lexical definitions of words to deter-

mine the right sense. It compares definitions of neighboring words from 

the context (e.g. sentence), ranging from a few words to an entire corpus 

[26]. The Lesk algorithm [25] is an example of a similarity-based ap-

proach. The algorithm compares definitions of different senses for am-

biguous words with the definitions of neighboring words. The selected 

sense is the one that in its description has the most co-occurring words 

with the neighbors’ descriptions. Similarity-based algorithms are based 

on the idea that two senses with many similar words in their descriptions 

are likely to be related to each other. 



 
 
 
 

35  |  THEORY 

Graph-based WSD 
In graph-based approaches, a node in a graph represents a word sense 

and the edges are connections between associated senses (e.g. synonyms). 

To disambiguate a text, the nodes (senses) that result in the smallest par-

tial graph are selected (i.e. the most associated nodes). This requires a 

lexical data resource with information of all senses for all words and syn-

onyms to build the associations. [26] 

A significant difference between the two methods mentioned above is that 

in similarity-based approaches the correct sense for a particular word is 

determined individually without any consideration of the chosen senses 

of the neighboring words. In graph-based algorithms on the other hand, 

the correct senses are collectively determined. [26] 

2.2 Theory of this project 
In this section we put the stated problem of this project in context to the 

theory described in 2.1 Background. 

2.2.1 Machine translation 
The objective of this project includes automatic translation of keywords, 

without post- or pre-editing. This means that the objective is to create 

fully automatic translation. However, since the only purpose of the trans-

lated keywords is to simplify searches, the translation is only for assimila-

tion purposes.  

Unlike traditional MT, where the goal is to translate sentences and 

phrases as units, the problem of this project is (as mentioned in section 

1.1 Problem statement) to translate words as units. Hence, the problem of 

this project have to be approached with the mindset that it does not ex-

actly match the problems of traditional MT (translation of sentences and 

phrases), as the objective is not the same either. The objective is to per-

form word-to-word translation, which means that there are no syntactic 

rules to consider. The problems of structural ambiguity, structural mis-

matches and multi-word units (presented in chapter 2.1.1) are therefore 

eliminated. However, the problems of lexical ambiguity and lexical mis-

matches persist. 
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2.2.2 Word sense disambiguation  
In traditional WSD the problem is to disambiguate words where the con-

text consist of other words in a sentence. However in this project the con-

text consist of a variable set of independent words. These words are un-

ordered and lack words that bind them together, such as adverbs (e.g. 

how), prepositions (e.g. to), pronouns (e.g. that) or conjunctions (e.g. 

because). The keywords entered will mostly be either nouns, verbs or 

adjectives. This is because these part-of-speech classes contain useful 

meanings when they stand-alone and can be used to describe objects, 

feelings, situations, phenomena or such. A keyword such as the adverb 

therefore would certainly be a bad keyword since it does not describe any 

concrete concept on its own. The concept of keywords is to efficiently 

describe things by single words; thus, they should be as descriptive as 

possible. 

Instead of determining the meaning of the source text by analyzing sen-

tences, the meaning of the source text has to be determined from the 

combination of keywords that are inserted. Any ambiguous word's sense 

would need to be determined from its surrounding words. However, there 

is no guarantee that the keywords will have any relation to each other. 

There may be just one single keyword entered, or a bunch of totally unre-

lated keywords to be translated. In such cases, no information from the 

context can be used to disambiguate any ambiguous words. If the key-

words are semantically unrelated to each other in the source language, 

the same should be true for the translated words. In such cases, it would 

be incorrect to assume the best translation to be the one where the TL 

words are semantically closest related to each other. 
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3 Methods and results 

With the problems of MT redefined, models and methods for solving the-

se problems have to be developed. In this chapter, we present the devel-

oped models, methods and a proposed solution for the specific problems 

of this project. The models were developed by analyzing the existing ap-

proaches for rule-based machine translation and knowledge-based word 

sense disambiguation and the solution was proposed based on tests, eval-

uation and analysis of the suggested models and methods. 

3.1 Models 
In this section, we present models for approaching the problem of this 

project. 

3.1.1 Translation approaches 
Based on the different approaches of MT, presented in section 2.1.1.3, we 

can redefine specific approaches for solving the problem of this project. 

We chose to investigate how to approach this problem based on rule-

based MT (RBMT) approaches. 

As mentioned in Section 2.1.1.3, in the subsection about Rule-based MT, 

there are three main approaches to RBMT: direct translation, interlingual 

translation and transfer-based translation. In these different approaches, 

different levels of analysis to the source text are performed. However, 

there are no syntactics involved in the translation of single words, thus no 

need for the syntactic analysis. Therefore, if we apply the Vauquois pyr-

amid (Figure 2.1) to this specific problem, the analysis side of the pyra-

mid would only consist of a morphological and semantic analysis, where 

the semantics of a word is represented by its sense (meaning). In Figure 

3.1, we can see how the Vauquois pyramid can be represented applied to 

keyword translation. 
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Figure 3.1: The Vauquois pyramid applied to the problem of this project 

Based on traditional RBMT approaches as represented in Figure 3.1, we 

introduce specific approaches to the problem of keyword-translation.  

3.1.1.1 Direct translation 
In a direct translation approach of RBMT, the source words would only 

be analyzed in their morphology. After the morphological analysis, the 

words would be translated into the TL and then morphologically recon-

structed. As described in section 2.1.1.3, subsection Direct translation, 

the process of direct translation can be summarized as following:  

Source text → Morphological analysis → Bilingual dictionary lookup → 

Local reordering → Target text  

In our specific problem, there is no need for local reordering of words, 

since no sentences are translated. This is, however, replaced by a mor-

phological reconstruction step, since it was included in the local reorder-
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ing. Words that have been translated have to be reconstructed with re-

spect to the source word's morphology (this is further discussed in section 

3.2.2).  Therefore, the specific process of direct translation in keyword 

translation can be summarized as: 

Source words → Morphological analysis → Bilingual dictionary lookup 

→ Morphological reconstruction → Target words 

Note that no semantic analysis is performed in this approach, which 

means that no consideration is taken to the meaning of the words. This 

leads to that the problem of ambiguous words (word → meaning) and 

the problem of lexical mismatches (SL meaning → TL meaning) are dis-

tinguishable and merged into a single problem of ambiguous translations 

(SL word → TL words). This approach does not solve the problem of 

ambiguous translations. Therefore, a direct translation approach to the 

problem of this project would require some kind of translation disam-

biguation (see section 3.1.2) applied on the output, to produce unambig-

uous translations. An example of a translation approach, in the case 

where the source word is ambiguous, can be seen in Figure 3.2 

 

Figure 3.2: Example of direct translation in the problem of lexical ambiguity. 
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In Figure 3.2, the English word suit is translated to Swedish using the 

direct translation approach. The different senses of suit (suit as in cos-

tume, suit as in card-color, suit as in 'fit' and suit as in 'lawsuit') all have 

different translations to Swedish.  

In Figure 3.3, an example of how the direct translation approach would 

handle lexical mismatches. The English word river can be translated into 

älv, flod and å in Swedish, depending on the river's size. In the two ex-

amples (Figure 3.2 and 3.3), it can be noted that the problems of word 

ambiguity and lexical mismatches are not handled in a direct translation 

process, thus producing ambiguous translations. This is because there is 

no semantic analysis in this approach. 

 

Figure 3.3: Example of direct translation in the problem of lexical mismatches. 

3.1.1.2 Interlingual translation 
In an interlingua approach, a morphological analysis and a high level of 

semantic analysis would be performed on the source words. The semantic 

analysis of the source words would be used generate an interlingua repre-

sentation, containing the words' exact meanings. 
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The high level of semantic analysis in this approach would generate an 

interlingua representation that contains the exact meaning of a word. 

This interlingua representation must contain enough information to be 

able to represent it as one unambiguous expression in any TL. Such rep-

resentation would mean that the problems of lexical ambiguity and lexical 

mismatches would be handled by using this approach. However, this is 

very hard to accomplish.  

Although it can be hard to exemplify such an abstract representation, we 

present examples for attempting to provide a clearer view of what an in-

terlingua representation could contain. In Figure 3.4, we exemplify trans-

lation in the interlingua approach, in the case of lexical ambiguity. 

 

Figure 3.4: Example of interlingal translation in the problem of lexical ambiguity. 

Consider the example in Figure 3.5, where the word river is translated 

using an interlingua approach. The word river can be translated into 

three Swedish words: älv, flod and å (as defined in Example 2.2). De-

pending on the size of the river, the word is translated differently to Swe-

dish. The word river has one definition in English, but is classified into 

three different definitions in Swedish; the Swedish classification of the 
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concept 'river' is more fine-grained than in English. To be able to create 

an interlingua representation of a word, the exact meaning of the word 

and its usage has to be extracted. In other words, to generate an interlin-

gua representation of the word river, the size of the river has to be de-

termined. Without that kind of knowledge, a totally language independ-

ent representation of the word cannot be generated. How do we deter-

mine the size of the river, by simply examining the word and the context 

in which it is used? If the context does not give any information about the 

size of the river, it is impossible determine which concept is referred to. 

Another problem caused by lexical mismatches is that, since the interlin-

gua representation has to be specific enough to translate to/from all lan-

guages, the granularity of the representations have to be fine-grained 

enough to cover all languages. However, if the representations are too 

fine-grained, they can be hard to translate. More about problems of gran-

ularity can be read in section 2.2.1. 

 

Figure 3.5: Example of interlingal translation in the problem of lexical mismatches. 
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As demonstrated in this section, and as mentioned in section 2.1.1.3 (sub-

section Interlingual translation), creating a truly language independent 

representation of the semantics of a text is a very complex problem, were 

there is no definitive method for solving it in traditional MT. Based on 

this assumption, we can conclude that an interlingua approach is 

unachievable for the problem of this project in today's situation. 

3.1.1.3 Transfer-based translation 
A transfer-based approach to the problem of this project would, like inter-

lingual translation, also include a morphological and semantic analysis on 

the source words. However, the level of the semantic analysis is not as 

ambitious. 

The source words are analyzed to SL-dependent representations of the 

source words, which are then transferred to TL-dependent representa-

tions. The semantic analysis is carried out to create a SL representation of 

meaning of the source word. Unlike the interlingua approach, the SL rep-

resentation of a word's meaning only represents the concept as defined 

the SL. The SL representation would therefore only represent the source 

words' senses: the semantic analysis would 'only' consist of WSD. An ex-

ample of the transfer approach with an ambiguous word is presented in 

Figure 3.6. 
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Figure 3.6: Example of transfer-based translation in the problem of lexical ambiguity. 

Once the senses can be represented in the SL, they are transferred to TL 

representations of the senses, which are used to generate the target 

words. In the transfer stage however, the problem of lexical mismatches 

can arise. If the granularity is finer in the TL and SL representations of a 

concept, a choice of TL representation has to be made. This problem is 

similar to the lexical mismatches problem in the interlingua approach. 

However, in this approach, we do not have to focus on creating an all-

covering language independent representation; we only need to transfer 

the SL representation to the correct TL representation. A demonstration 

of this problem is presented in Figure 3.7. 
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Figure 3.7: Example of transfer-based translation in the problem of lexical mismatches. 

3.1.2 Translation disambiguation  
Translation ambiguity is the problem where an expression in SL has 

more than one possible translations in TL. This happens when either the 

problem of lexical ambiguity or lexical mismatches is not solved by the 

translation process (see section 3.1.1.1). In this project, we introduce the 

term translation disambiguation (TD), as the task to determine one best 

translation from several ambiguous ones (compare with the task WSD, 

which is to determine one best sense from an ambiguous word). 

In the problem of this project, we have a set of keywords in a SL that is to 

be translated into a corresponding set of keywords in a TL. Translation 

ambiguity exists if at least one of the words in SL has ambiguous transla-
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tions. In this case, TD has to be performed to determine one translation 

for each SL keyword.  

To approach a solution for TD, we investigate the semantic relations be-

tween words in SL, and also the semantic relations between the TL words. 

This approach is based on the logical assumption: If two keywords are 

semantically related to each other in SL, the same should be true for the 

corresponding translated keywords in TL. Let us say we have the two 

words 𝑊! and 𝑊! in SL that are semantically related to each other. The 

word 𝑊! has one unambiguous translation 𝑇! and 𝑊! has two ambiguous 

translations 𝑇!! and 𝑇!!. Further assume that 𝑇! and 𝑇!! are semantically 

related to each other while 𝑇! and 𝑇!! are not. In this case, the correct 

translations are 𝑇! and 𝑇!! since they are semantically related. This oc-

curs when the word 𝑊! has two distinct senses and both of those senses 

have their own word representations in the TL. 

We provide a model with influences from the graph-based approach (de-

scribed in chapter 2.1.2, section Approaches). In classical graph-based 

approach, senses are represented as nodes and semantically related to 

each other with edges. In this model, words, instead of senses, are repre-

sented by nodes in a graph, with weighted edges between words that are 

semantically related to each other. These weighted edges are called asso-

ciations and connect pairs between words within one language. Each SL 

word also connects to all its translation candidates, meaning all possible 

TL words that the SL word can be translated into. We call this model sim-

ple graph-based approach. See Figure 3.8 for an example of the graph 

structure where the English word suit has the two ambiguous translations 

kostym ('costume') and färg ('color' of playing cards). 
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Figure 3.8: A graph showing words with associations and translations. 

Even though there is no division into concrete senses, we can still deter-

mine if a word is ambiguous by observing the associations. Assume that a 

word W has the associations 𝐴!, 𝐴! and 𝐴!. Further assume that 𝐴! and 

𝐴! are semantically related to each other and 𝐴! is not associated to either 

𝐴! or 𝐴!. In this case the word W is ambiguous and has two senses, one 

related to 𝐴! and 𝐴! and the other related to 𝐴!. 

3.1.2.1 Association 
An association or associated word in this paper refers to a coupling be-

tween two words that are in some way semantically related to each other 

with respect to word sense (see Figure 3.9). These semantic relations can 

be synonyms and acronyms, hyponyms and hypernyms, meronyms and 

holonyms etc. [29]. Synonyms are words with similar or identical mean-

ings (e.g. big and large) and acronyms are words with opposite meaning 

(e.g. warm and cold). A hyponym is a specialization of a word (e.g. cat, 

dog and horse are hyponyms of mammal) while a hypernym is a general-

ization of a word (e.g. animal is a hypernym for mammal). Meronyms are 
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words that represent parts of other words and holonyms are the opposite 

(e.g. saddle is a meronym to bike and bike is a holonym to saddle). 

  

Figure 3.9: Example of words with their associations. 

Associations may also include other words that are related but not includ-

ed in the categories above, like love and red for example. 

Relevance 
The relevance or relevance weight is an attribute on an association, 

which indicates how closely, related the two words are to each other. It 

ranges between 0 and 1 where lower values indicates less relation and 

higher indicates more relation. If an association has a relevance of 1, the 

two words are synonyms. If the relevance is 0, no association between the 

words exists. 
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Directed and undirected associations 
Associations can be logically divided into the two sub-categories; undi-

rected associations and directed associations. Let a and b be two words 

that are associated with each other and let 𝑎 → 𝑏 represent a's association 

to b and 𝑏 → 𝑎 b's association back to a. There is no distinction between 

these two when using undirected associations and they are therefore rep-

resented by a single association. In directed associations on the other 

hand, they are distinguishable and represented by separate associations. 

In this case the relevance weight of 𝑎 → 𝑏 may differ from 𝑏 → 𝑎.  

To exemplify the concepts, we can look at the two words tree and nature. 

If using undirected associations, they would be represented by the same 

association with a single relevance weight. If using directed associations, 

the relation tree → nature and nature → tree would be represented by 

two different associations with (possible) different relevance weight. It is 

arguable that the tree → nature relation should have more relevance than 

vice versa. If one thinks of trees, an association to nature is not very dis-

tant (since trees are almost always in the context of nature). Nature on 

the other hand has not the same obvious relation to tree (since there are 

many instances of nature that precludes trees, e.g. desert, ocean and tun-

dra). 

We can represent directed associations between two words with the nota-

tion in expression 3.1 and 3.2. 

A! = 𝑎
!!→!

𝑏  (3.1) 

A!! = 𝑏
!!→!

𝑎   (3.2)  

In expression 3.1, a is a word associated with the word b where 𝑤!→! is a 

number that represents the relevance weight of the association. Whereas 

in expression 3.2, b is associated with a with a relevance of 𝑤!→!. The 

relevance weights in expression 3.1 and 3.2 may have different values. 

In undirected associations the relevance weights 𝑤!→! and 𝑤!→! are al-

ways equal. Hence, we can represent this as a single undirected associa-
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tion as in expression 3.3, where 𝑤 is the relevance weight of the associa-

tion.  

A! = 𝑎
!
𝑏  (3.3) 

3.2 Methods 
In this section, we present methods for performing partial tasks in the 

models in Section 3.1. Lexical resources for direct translation are pro-

posed and evaluated in section 3.2.1 and in section 3.2.2, morphological 

analysis is discussed. Methods for creating associations for translation 

disambiguation are proposed and evaluated in section 3.2.3. In section 

3.2.4, an algorithm for graph-based translation disambiguation is pre-

sented. 

3.2.1 Lexical resources for direct translation 
The use of bilingual dictionaries is crucial in RBMT. For the direct trans-

lation approach, we specifically need word-to-word translations from 

bilingual lexicons, to translate single words. Machine-readable dictionar-

ies (know as MRDs) are digital dictionaries that can consist of for exam-

ple lexical databases.  

In the objective of this project, we specified that the suggested solution, or 

solutions, would support translation from Swedish to English, and vice 

versa. For this project, we chose to investigate three different possible 

MRDs for that purpose: OmegaWiki7, Folkets lexikon8 and Wiktionary9. 

All three MRDs are open-source and contain entries for bidirectional 

translation between Swedish and English. 

                                                             
7 http://www.omegawiki.org 
8 http://folkets-lexikon.csc.kth.se/folkets/ 
9 For English-Swedish translation: 
https://en.wiktionary.org/wiki/Wiktionary:Main_Page  
For Swedish-English translation: 
https://sv.wiktionary.org/wiki/Wiktionary:Huvudsida 
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Although all three resources were also available via web-APIs, we chose to 

parse their downloadable database dumps. Even though the database 

dumps were very large and cost a lot of time to handle, they were pre-

ferred due to the possibility of independent usage (in the sense that no 

Internet communication is required). 

3.2.1.1 OmegaWiki 
OmegaWiki is a dictionary, translation dictionary, thesaurus and an illus-

trated dictionary. Their data is available in a relational database. Anyone 

is able to edit or add data to OmegaWiki. In the database, each word has a 

relation to its meaning. This means that every word can be separately 

retrieved depending on its sense; the database is based around concepts 

rather than words. [30]  

The process of extracting translations from the database can be described 

in following steps: SL expression entry → Defined meaning for SL ↔ 

Defined meaning for TL → TL expression entry. A translation is deter-

mined as not possible if the source or target word is missing or if there is 

no link between the defined meanings in the SL and TL. OmegaWiki does 

not contain the references from words to their lemma (the original form 

of the word). The contents of OmegaWiki are available under GNU Free 

Documentation License 1.2 and Creative Commons Attribution 2.5 Dual-

Licensing  

3.2.1.2 Folkets lexikon 
Folkets lexikon is a Swedish-English and English-Swedish translation 

dictionary that is run by Nada10, KTH. Folkets lexikon is originally based 

on Lexin11, but which is not available anymore. As a replacement, Viggo 

Kann and Joakim Hollman in Algoritmica HB have developed Folkets 

lexikon in three projects, supported by .SE, the foundation of Internet 

                                                             
10 http://www.kth.se/csc/ 
11http://www.sprakochfolkminnen.se/om-oss/publikationer/institutets-
utgivning/sprakliga-publikationer/lexin.html 
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infrastructure12. Users can also contribute to the contents by assessing 

translations and suggesting alternative translations. [31] 

The contents of Folkets lexikon are available in XML-format. Each sense 

of a word is presented in a an entry, which also holds its translations. 

Although Folkets lexikon entries hold definitions for different senses of 

words, a word cannot be translated by its sense, which means that the 

translation process is as: source word → target word. A translation is 

considered as not possible if there is no entry for that word. Folkets lex-

ikon covers limited relations between words and their lemma. The con-

tents of Folkets lexikon are available under Distributed Creative Com-

mons Attribution-Share Alike 2.5 Generic license. 

3.2.1.3 Wiktionary 
Wiktionary is a multilingual dictionary, containing translations, thesau-

rus, a rhyme guide, phrase books, language statistics and extensive de-

pendencies. Entries can be edited and created by anyone. [32]  

The contents are available in XML-format. There are different Wiktionary 

domains for different languages; there is one for English and one for 

Swedish. Therefore, English Wiktionary was used for English-Swedish 

translations and Swedish Wiktionary was used for Swedish-English trans-

lation. Although Wiktionary entries hold definitions for different senses 

of words, a word cannot be translated by sense. This means that the 

translation process is as: source word → target word. A word is consid-

ered not translatable if there is no entry for the word in the SL's Wik-

tionary, or if the entry contains no translation. Wiktionary has a great 

amount of entries containing reference to their lemma. 

Wiktionary content is available under Creative Commons Attribution-

ShareAlike 3.0 Unported License as well as the GNU Free Documentation 

License. 

                                                             
12 https://www.iis.se 
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3.2.1.4 Comparison  
To determine the major differences in the different MRD resources, some 

comparison of the quality has to be made. However, it is a complex task 

to determine the quality of translations. Therefore, the comparison of the 

different resources was limited to measuring how many relevant words 

they can translate (the relevant quantity) between Swedish and English 

(both ways) and the granularity of relevant, ambiguous, translations 

between Swedish and English (both ways). The most frequent image tags 

from Mostphotos' database were extracted to perform the comparisons. 

Even though it can be hard to determine which lexical resource is 'best' or 

of 'highest quality' by the comparison made, it gives a good idea of how 

common input data is handled by the different resources. Other possible 

evaluations could include comparison of accuracy of the translations or 

the total number of translation entries existing in the resources. Howev-

er, these were excluded due to following reasons: 

• The accuracy of translated output is hard to determine. Such 

measurement would have to be evaluated by a human, which can 

lead to disagreements in the assessment. 

• The total number of translation entries in a lexical resource may 

not be enough to determine the quality. If, for example, half of 

the entries in a resource consist of rarely used keywords, that 

number could be misleading. 

Comparison of relevant translations 
The measurements were performed with the 100, 1,000 and 10,000 most 

common image tags in Mostphotos' database. One measurement was with 

the top English image tags for English-Swedish translation and the other 

with the top Swedish image-keywords for Swedish-English translation. In 

Table 3.1 and Table 3.2, we present the percentage amounts of successful 

translations in this measurement for each of the lexical resources for 

translation. 
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Resources / Top words 100 1,000 10,o00 

OmegaWiki 75% 62.2% 33.75% 

Folkets lexikon 97% 89.6% 65.93% 

Wiktionary 78% 70.1% 45.35% 
 

Table 3.1: English-Swedish translation count 

Resources / Top words 100 1,000 10,o00 

OmegaWiki 48% 41.9% 23.62% 

Folkets lexikon 62% 61.2% 42.22% 

Wiktionary 55% 49.4% 29.38% 
 

Table 3.2: Swedish-English translation count 

When comparing the results in Table 3.1 and Table 3.2 to each other, it 

can be noticed that the results in Table 3.2 are poor compared to the re-

sults in Table 3.1. This is due to bad Swedish input data. The Swedish 

image tag entries in Mostphotos' database consisted of both raw image 

tags from users, as well as previously, poorly, translated image tags from 

English entries. For example, the top 4th and 5th entries in Swedish were 

vackra (plural of beautiful) and isolerade (plural or isolated), respective-

ly. Both of these words had incorrectly been translated to be in plural, 

which means that they would not match any translation entry in any of 

the MRD resources, as they only hold entries words in their original form. 

Therefore, trying to determine the quality of the translation resource 

based on Table 3.2 (top Swedish image tags to English) would be mislead-

ing, hence, Swedish to English translation was excluded from the 'over-

lap-test'.  

Another problem with this measurement is that all of the English, and 

most of the Swedish, image tags in Mostphotos' are raw input from users. 

This means that some tags might not be in the correct language, or even 

worse; not even existing words. This can lead to a decreased amount of 

matching translation entries in the MRD resources. Another reason for 
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poor results for Swedish-English translation using the multilingual dic-

tionaries (OmegaWiki and Wiktionary) may be that they contain many 

English entries, compared to the Swedish entries. For example, when the 

measurements were made, English Wiktionary contained 19,021 transla-

tions to Swedish, whereas Swedish Wiktionary only contained 14,090 

translations to English. 

Based on the result in Table 3.1 and Table 3.2, we can conclude that Fol-

kets lexikon has the highest amount of relevant translations of the three 

resources. However, what is not obvious in the comparison is how the 

translated entries overlap each other. What if we could boost the result by 

combining the MRDs? 

With the same data as above, additional measurements were performed 

to determine how the entries of the MRD resources overlap each other in 

English to Swedish translation. By doing this, we can show how much the 

results of the above test can potentially be boosted by combining them. 

The tests showed that the range of words that can be translated increases 

when they are combined. In Figure 3.10, a Venn diagram is presented, for 

showing how much difference there is in the sets of translation entries for 

the different MRD resources when translating the 10,000 most common-

ly occurring words. The input data was identical to the measurements in 

Table 3.1. O, F and W represent percentage of translation entries for 

OmegaWiki, Folkets lexikon and Wiktionary respectively. U represents 

the percentage of words that are not covered by any of the translation 

resources. In Appendix 1, the same measurement is presented with the 

top 100 image tags and in Appendix 2, with the top 1,000 image tags. 
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Figure 3.10: Translation overlaps in the top 10,000 most common keywords 

Note that the values of O, F and W values all match the corresponding 

contents of Table 3.1. Each circle in the diagrams represents the set of 

words translated by each resource, with the corresponding percentage 

values of each intersection and relative complement. In Table 3.3, we can 

see how a combination of the three presented MRD resources perform. 

Resources / Top words 100 1,000 10,o00 

All 3 combined 98% 92.7% 72.83% 
 

Table 3.3: English-Swedish translation count 

Although the results are seemingly boosted by combining the three MRD 

resources, it can still be concluded that the results for Folkets lexikon are 

superior to the results for OmegaWiki and Wiktionary. As seen in Figure 

3.10 and in Table 3.3, only 6.9% of the translated 10,000 most common 

image tags could not be covered by Folkets lexikon's 65.93%. 
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Comparison of granularity of ambiguous translations 
In this comparison, we examined the granularity of ambiguous transla-

tions in the different resources. When a translation word is directly trans-

lated, translations may be ambiguous (further described in section 3.1.1, 

subsection Direct translation). If the granularity of the ambiguous trans-

lations is too fine, the translations may be hard to disambiguate, as de-

scribed in section 2.2.1, subsection Granularity. The finer the granularity 

of ambiguous translations is, the harder it may be to disambiguate trans-

lations. However, it may also be problematic if the translations are too 

coarse-grained: the translations might not be fine-grained enough to rep-

resent each sense of the source word. 

The measurements were performed with the 10,000 most common image 

tags in Mostphotos' database. They where then attempted to translation 

using the previously presented lexical resources, between English and 

Swedish (both ways). Whenever a word was successfully translated, the 

number of resulting translations for that word were counted. The com-

parison was thereafter performed by the average number of translations 

from the lexical resources. In Table 3.4 the results of measurements from 

English to Swedish are presented. 

Resources / Top words 10,o00 

OmegaWiki 1.6 

Folkets lexikon 5.6 

Wiktionary 2.7 
 

Table 3.4: English-Swedish translation, average number of translations per transal-
tion 

As seen in Table 3.4, Folkets lexikon has the highest average number of 

translations, which means that Folkets lexikon can be concluded to have 

the most fine-grained translations. Each successfully translated word has 

an average of 5.6 translations. OmegaWiki has the coarsest grained trans-

lations, with 1.6 translations per successfully translated word. 
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The same measurement was executed for Swedish to English translation, 

as seen in Table 3.5. As we can in the table, the 'standings' in the table are 

reversed from Table 3.4. However, note that the results of the different 

resources are very even and that the overall granularity is coarser in Swe-

dish to English translation (Table 3.5) than English to Swedish (Table 

3.4). From this, we can assume that there are fewer senses represented in 

the Swedish to English translation. If there are too few senses represented 

it may be hard to disambiguate a word to its correct sense (since it might 

not even be represented). 

Resources / Top words 10,o00 

OmegaWiki 1.9 

Folkets lexikon 1.6 

Wiktionary 1.7 
 

Table 3.5: Swedish-English translation, average number of translations 

3.2.2 Morphological analysis 
Morphology is a branch in linguistics, which deals with the internal struc-

ture of words and how words are formed. In the approaches of RBMT, the 

source text is morphologically analyzed and, after the translation, mor-

phologically reconstructed in the TL. The analysis includes tasks such as 

lemmatization and part-of-speech tagging [33]. Lemmatization is the 

task to get a word's 'original form', which is called the lemma. Part-of-

speech tagging refers to the task of extracting and representing the part-

of-speech of a word (e.g. noun or verb). Examples of morphological anal-

ysis are shown in Table 3.6. [34] 

Word Part-of-speech Lemma Morphological analysis 

walked verb walk verb simple past tense, walk 

   verb past participle, walk 

saw verb see verb simple past tense, see 
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 noun saw noun singular, saw 

carpets noun carpet noun plural, carpet 

 
Table 3.6: Example of morphological analysis 

As can be seen in Table 3.6, the word saw can be lemmatized to either the 

verb see or the noun saw. This means that saw can be viewed as an am-

biguous word, since the source word saw has different meanings. The 

different lemmas of an ambiguous word would therefore have to be used 

to disambiguate the word's sense. 

To reconstruct the lemma to its source form (the way it was entered) in 

the TL, knowledge about how the target word should be generated based 

on the morphological analysis is required. However, even if we perform a 

morphological analysis on a word, the morphological analysis does not 

necessarily provide enough information for an unambiguous reconstruc-

tion in the TL. The morphological representation cannot be guaranteed to 

exist in the TL. This can be viewed as a result of structural mismatches, or 

more specifically: morphological mismatches [35]. As described in Sec-

tion 2.1.1, subsection Lexical and Structural Mismatches, this problem 

arises when either different languages use different structures for the 

same purpose or when they use the same structure for different purpos-

es. In table 3.7, we exemplify a case where morphological reconstruction 

of the source word is problematic, due to a different morphological struc-

ture for the same purpose in the TL.  

 

Source word är 

Morphological analysis verb present tense, 

vara 

Translation vara → be 

TL morphological reconstruction -  is/am/are 
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verb present tense, be 

TL morphological reconstruction - 

verb first-person singular present indicative, be 

am 

TL morphological reconstruction - 

verb third-person singular simple present indica-

tive, be 

is 

TL morphological reconstruction - 

verb second-person singular simple present 

tense, be 

verb first-person plural simple present tense, be 

verb second-person simple present tense, be 

verb third-person simple present tense, be 

are 

 
Table 3.7: Example of morphological reconstruction of structural mismatches be-
tween Swedish and English 

As seen in Table 3.7, English has the inflectional aspect in the concept of 

being (i.e. the word depends on who the subject of being is), which Swe-

dish lacks altogether. Note that, in a traditional case of morphological 

analysis (in sentences or phrases), ambiguous reconstructions would not 

be a problem. Even if the source word of the morphological analysis 

would be the same as the example in 3.7 (är), enough information would 

be provided by the source text (e.g. information about the subject of är) to 

perform a higher level of morphological analysis. 

3.2.2.1 Morphological analysis using Wiktionary 
We have developed a module for performing morphological analysis on 

input words. The module is based on the contents of Wiktionary. Wik-

tionary contains entries that connect words to their lemma as well as 

providing their morphological information. The set of supported words 

are therefore limited to the set of Wiktionary's word entries and the con-

nection to their lemma. Due to the demonstrated problem in Table 3.7, 

we limited the development our module to only performing morphologi-

cal analysis. Therefore, no morphological reconstruction has been devel-

oped in this method. 
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3.2.3 Associations for simple graph-based approach 
In this section we provide methods for creating the words and associa-

tions in simple graph-based approach (section 3.1.2 Translation disam-

biguation). To associate words that are semantically related to each other 

we use statistical data from Mostphotos database. 

Mostphotos has provided a JSON-file generated from the database with 

information of how frequent pairs of keywords exists within the same 

image. It contains one large array with subdocuments, each containing 

the following information: Two keywords, in what language they are en-

tered in and a number representing how many times they are tagged to-

gether within an image. The array has one subdocument for every two-

keyword combination that exists together in at least one image in the 

database. 

3.2.3.1 Proposed algorithms 
Data from Mostphotos image database can be used to create associations 

with relevance weight between keywords. The basic idea is that if two 

words often occur together within the same image they are likely to be 

semantically related to each other. Four different algorithms are devel-

oped for creating these associations and their corresponding relevance. 

The algorithms are described below. See Appendix 3 and Appendix 4 for 

an example comparison between the four algorithms. 

Let 𝐴 and 𝐵 be two arbitrary words within one language. Further let 𝑎 and 

𝑏 be numbers representing the total occurrence of the words 𝐴 and 𝐵 

respectively. Let 𝑎, 𝑏  be a number representing the occurrence of both 

the words 𝐴 and 𝐵 within the same image. The following conditions are 

true; 𝑎 ≥ 𝑎, 𝑏  and 𝑏 ≥ 𝑎, 𝑏 . We can say that 𝑎 = 𝑎, 𝑏  implies that eve-

ry occurrence of 𝐴 is together with 𝐵, or in other words 𝐴 does not exist 

without  𝐵. 

Directed associations 
Assume that 𝑎 > 0. The relevance for the association 𝐴 → 𝐵 can be ex-

pressed by: 
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w!→! =
!,!
!

 (3.4) 

We can see that the relevance w𝐴→𝐵 = 0 when 𝑎, 𝑏 = 0 and w𝐴→𝐵 = 1 

when 𝑎, 𝑏 = 𝑎. These associations are directed, hence w𝐴→𝐵 is not neces-

sarily the same as w𝐵→𝐴. 

This algorithm has directed associations, meaning the association 𝑤!→! is 

not the same as 𝑤!→!. If a word 𝐴 occurs almost exclusively together with 

another word 𝐵, while 𝐵 occurs many times on its own without 𝐴, we can 

conclude that 𝐵 is likely to be a hypernym to 𝐴. In this case, 𝑤!→! is 

greater than 𝑤!→!; thus hyponyms will have stronger relations to their 

hypernyms than vice verse.  

To exemplify, look at the associations for the words animal, in Appendix 

3, and leopard, in Appendix 4. As we can see, the association leopard → 

animal has a high weight while the association animal → leopard is 

much lower (less than 5.6). This is because animal is a hypernym to leop-

ard.  

Multiplicative Undirected associations 
Assume that 𝑎 > 0 and 𝑏 > 0. The relevance for the undirected associa-

tion 𝐴 ↔ 𝐵 can be expressed as follows: 

w!→! =
!,!
!
∙ !,!

!
= !,! !

!∙!
 (3.5) 

The relevance w𝐴↔𝐵 = 0 when 𝑎, 𝑏 = 0. w𝐴↔𝐵 = 1 when both 
!,!
!
= 1  

and 
!,!
!
= 1. This happens when both 𝐴 and 𝐵 occur together (thus nei-

ther word occur without the other). 

In this algorithm, the direct association relevance for the association 

𝐴 → 𝐵 is multiplied by the direct association relevance for 𝐵 → 𝐴.  To get a 

high relevance with this algorithm, not only does 𝐴 have to have a strong 

relation to 𝐵, but 𝐵 must also have a strong relation to 𝐴. In other words, 

we need a strong association both ways. It can be assumed that this algo-

rithm will generate a lower score to hypernyms than the directed associa-

tion algorithm. 
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As seen in Appendix 4, the word leopard is strongly associated with pan-

ther, jaguar, puma, cheetah and tiger. This indicates that words that 

share the same hypernym (also known as coordinate terms, in this case 

with the common hypernym large cats), will be strongly associated with 

each other. 

Additive Undirected associations 
Assume that 𝑎 > 0 and 𝑏 > 0. The relevance for the undirected associa-

tion 𝐴 ↔ 𝐵 can be expressed as follows: 

w!→! =
!
!
∙ !,!

!
+ !

!
∙ !,!

!
= !

!
+ !

!
∙ !,!

!
 (3.6) 

In this algorithm the both quotients 
!,!
!

 and 
!,!
!

 are multiplied by 0.5 

and summed to get the relevance weight. In contrast to the Multiplicative 

Undirected algorithm, the quotients do not affect each other but are 

equally valued and contributes to the total score with a value of 0 to 0.5 

each. 

As seen in Appendix 3, animal has many associations with the score 0.5. 

These words are very uncommon words that only occur together with 

animal and not on their own. They still contribute to the total score by 

0.5. 

Balanced Additive Undirected associations 
Assume that 𝑎 > 0 and 𝑏 > 0. The relevance for the undirected associa-

tion 𝐴 ↔ 𝐵 can be expressed as follows: 

w!→! =
!

!!!
∙ !,!

!
+ !

!!!
∙ !,!

!
= 2 ∙ !,!

!!!
 (3.7) 

This algorithm is similar to the Additive Undirected algorithm. However, 

the quotients 
!,!
!

 and 
!,!
!

 are each multiplied by 
!

!!!
 and  

!
!!!

 respectively 

instead of the constant value 0.5. This means that a more frequent word 

is valued higher than a less frequent one. This filters associations with 

uncommon words, which would generate high scores in the Additive Un-

directed algorithm.  
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3.2.4 Algorithm for simple graph-based translation disambiguation 
In this section, we suggest an algorithm for performing translation dis-

ambiguation (presented in section 3.1.2), which we have developed. In 

this algorithm, the source words’ and translated words’ associations are 

taken into consideration when disambiguating the translation. In the 

following sections, a simple description of the algorithm is first presented 

and then a general definition of the algorithm will be stated. 

3.2.4.1 Simple description of the algorithm 
Let the words be represented by nodes in a graph and let associations and 

translations be weighted edges between the words (see Figure 3.8. Asso-

ciations exist between two nodes in the same language while translations 

are always between two nodes of different languages. Associations can be 

either directed or undirected depending on which WSD algorithm is cho-

sen for the associations in chapter 3.2.3. 

In this section a simple concrete example is used to describe how the al-

gorithm operates. Let 𝐴, 𝐵 and 𝐶 be three translatable13 words in the 

source language. Words that are not translatable are excluded. The rela-

tive weights between the associations between the words are shown in 

Table 3.8. A cell in the table represents a relevance weight14 of the associ-

ation from the row-word to the column-word (e.g. the intersection of row 

𝐴 and column 𝐵 shows the value of the association 𝐴 → 𝐵). 

 A B C 

A w𝐴→𝐴 w𝐴→𝐵 w𝐴→𝐶 

B w𝐵→𝐴 w𝐵→𝐵 w𝐵→𝐶 

C w𝐶→𝐴 w𝐶→𝐵 w𝐶→𝐶 
 

Table 3.8: The relevance weights for associations between three fictive words A, B 
and C. 

                                                             
13 A word is not translatable if no translation edges are connected to the 
node or if the node itself does not exist in the graph. 
14 Se section 3.2.1 Associations for definition of relevance weight. 
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Further assume the following possible translations to target language for 

𝐴, 𝐵 and 𝐶: 

𝐴 → 𝐴!  
𝐵 → 𝐵!,𝐵!  
𝐶 → 𝐶!,𝐶! 

𝐴 is translated into 𝐴! in the TL. Both 𝐵 and 𝐶 are ambiguous since they 

can be translated into two words in the TL. 𝐵 can be translated into either 

𝐵! or 𝐵! and 𝐶 can be translated into either 𝐶! or 𝐶!. Create all possible 

translation solutions by selecting one translation for each word in all 

combinations: 

𝑇! = 𝐴!,𝐵!,𝐶!  

𝑇! = 𝐴!,𝐵!,𝐶!  

𝑇! = 𝐴!,𝐵!,𝐶!   
𝑇! = 𝐴!,𝐵!,𝐶!  

For every translation 𝑇!, find all relevance weights for the associations 

between the target words: 

𝑻𝟏 𝐴! 𝐵! 𝐶!  𝑻𝟐 𝐴! 𝐵! 𝐶! 

𝐴! w𝐴1→𝐴1  w𝐴1→𝐵1  w𝐴1→𝐶1   𝐴! w𝐴1→𝐴1 w𝐴1→𝐵1 w𝐴1→𝐶2 
𝐵! w𝐵1→𝐴1  w𝐵1→𝐵1  w𝐵1→𝐶1   𝐵! w𝐵1→𝐴1 w𝐵1→𝐵1 w𝐵1→2 

𝐶! w𝐶1→𝐴1  w𝐶1→𝐵1  w𝐶1→𝐶1   𝐶! w𝐶2→𝐴1 w𝐶2→𝐵1 w𝐶2→𝐶2 

         

𝑻𝟑 𝐴! 𝐵! 𝐶!  𝑻𝟒 𝐴! 𝐵! 𝐶! 

𝐴! w𝐴1→𝐴1 w𝐴1→𝐵2 w𝐴1→𝐶1  𝐴! w𝐴1→𝐴1 w𝐴1→𝐵2 w𝐴1→𝐶2 

𝐵! w𝐵2→𝐴1 w𝐵2→𝐵2 w𝐵2→𝐶1  𝐵! w𝐵2→𝐴1 w𝐵2→𝐵2 w𝐵2→𝐶2 

𝐶! w𝐶1→𝐴1 w𝐶1→𝐵2 w𝐶1→𝐶1  𝐶! w𝐶2→𝐴1 w𝐶2→𝐵2 w𝐶2→𝐶2 
 

Table 3.9: The relevance weights for associations between the target words in the 
translations. 
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Now evaluate a translation score for each translation by multiplying eve-

ry relevance for the source word's associations with the corresponding 

relevance of the target word's associations and sum the factors. The trans-

lation score for translation 𝑇! will be: 

𝑆!! = w!→! ∙w!!→!! +w!→! ∙w!!→!! +w!→! ∙
w!!→!! +w!→! ∙w!!→!! +w!→! ∙w!!→!! +
w!→! ∙w!!→!!  (3.8) 

 

The translation with the highest score 𝑆!! will be the chosen translation. A 

word W has no association to itself, hence w𝑊→𝑊 is always zero and those 

factors are excluded from the score calculations in formula 3.8. 

General definition of the algorithm 
Let 𝑊!,𝑊!,… ,𝑊! be the keywords to be translated. These are words with 

at least one possible translation. Any words that cannot be translated are 

excluded. Perform the following steps: 

Create the association matrix 𝐴 (expression 3.9) of dimension 𝑛×𝑛 where 

𝑛 is the number of words that can be translated. The weight 𝑤!→! is a 

number that represents the relevance weight of the association 𝑊! → 𝑊!. 
If the associations are undirected we have that 𝑤!→! = 𝑤!→! and 𝐴 will be 

symmetric. 𝑤!→! is always zero since it is the relevance weight for the as-

sociation from 𝑊! to itself, which does not exist. 

𝐴 =   

𝑤!→! 𝑤!→! ⋯ 𝑤!→!
𝑤!→! 𝑤!→! ⋯ 𝑤!→!
⋮ ⋮ ⋱ ⋮

𝑤!→! 𝑤!→! ⋯ 𝑤!→!

 (3.9) 

Let a possible word translation for the word 𝑊! be called a translation 

candidate to 𝑊!. All candidates to 𝑊! can be represented as 𝐶!! ,𝐶!! ,… ,𝐶!!
!  

where 𝑚! > 0 is the number of candidates for 𝑊!. A translation solution 

𝑇  is presented by selecting precisely one candidate from every word 𝑊! 

(expression 3.10). 
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𝑇 = 𝐶!!
! ,𝐶!!

! ,… ,𝐶!!
! , 1 ≤ 𝑘! ≤ 𝑚! (3.10) 

Form every possible translation solution 𝑇!,𝑇!,… ,𝑇! where 𝑁 = 𝑚!
!
!!!  is 

the number of solutions. 

For every translation solution 𝑇!, create a candidate association matrix 

𝐴!, with the relevance weights for the associations between the candi-

dates (see expression 3.11). 

𝐴! =   

𝑤!→! 𝑤!→! ⋯ 𝑤!→!
𝑤!→! 𝑤!→! ⋯ 𝑤!→!
⋮ ⋮ ⋱ ⋮

𝑤!→! 𝑤!→! ⋯ 𝑤!→!

 (3.11) 

To evaluate the translations, we create a score matrix 𝑀! for every trans-

lation 𝑇 by performing a matrix multiplication between the transposed 

matrix 𝐴! from the matrix in 3.9 and the candidate association matrix 𝐴!: 

𝑀! = 𝐴!×𝐴! (3.12) 

Calculate a translation score 𝑆 for a translation by summing every diago-

nal element 𝑀!,! in the score matrix 𝑀!!: 

𝑆 = 𝑀!,!
!
!!!  (3.13) 

The chosen translation solution 𝑇! will be the one with highest translation 

score 𝑆!. 

3.3 Proposed solution  
In previous sections in this chapter, models and methods for solving the 

problem of this project have been presented. As a proposed solution for 

this project, we present a solution based on direct translation with simple 

graph-based translation disambiguation. 

As described in section 2.1.1, subsection Approaches, and section 3.1.1, 

the direct translation approach consists of following three steps: 
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Morphological analysis → Bilingual dictionary lookup → Morphological 

reconstruction. 

However, as mentioned in section 3.1.1, the problems of lexical ambiguity 

and lexical mismatches can cause ambiguous translations. For potentially 

solving the problem of ambiguous translations after the direct transla-

tion, an extra step can be added in the translation process: 

Morphological analysis → Bilingual dictionary lookup → Translation 

disambiguation → Morphological reconstruction. 

The process of translation disambiguation is used to attempt the produc-

tion of an unambiguous translation. The simple graph-based approach to 

translation disambiguation can be described as following steps (as de-

scribed in 3.1.2): 

Creation of associations → Translation disambiguation. 

A solution for the problem of this project therefore requires methods for 

handling each of the above stated tasks. An overview of used models and 

methods in this proposed solution is presented in Table 3.10. 

Model Task Method 

Direct translation Morphologi-

cal analysis 

and recon-

struction 

Morphological analysis using Wik-

tionary, without morphological re-

construction after translation (see 

section 3.2.2). 

 Bilingual 

dictionary 

lookup 

Folkets lexikon as lexical resource 

(see section 3.2.1). 

Simple graph-

based translation 

disambiguation 

Association 

creation 

Mostphotos' database statistics as 

association resource, created with the 

directed associations algorithm (see 

section 3.2.3). 
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 Disambigua-

tion 

Proposed algorithm for simple 

graph-based translation disambigu-

ation (see section 3.2.4). 
 

Table 3.10: Overview of proposed solution. 

Some of the suggested models and methods in Table 3.10 were chosen 

from different presented models and methods in section 3.2. Following 

choices had to be made: translation model, lexical resource and associa-

tion creation. Motivations for these choices are presented in the two sub-

sections below. 

3.3.1.1 Choice of translation model 
Direct translation is the simplest of the presented rule-based MT ap-

proaches, since it is based on word-to-word translation. No semantic 

representations of word senses are required. This means that the lexical 

resources used for translations and associations only need to represent 

words; not senses. Also, the problems of lexical ambiguity and lexical 

mismatches do not have to be solved in the chosen approach. For disam-

biguating the output, however, translation disambiguation is used. 

3.3.1.2 Choice of lexical resource for translation 
In section 3.2.1, three different lexical resources for direct translation are 

presented, as well as compared in relevant factors: how many relevant 

translation entries each resource contained and how fine-grained the 

translations were. We propose Folkets lexikon as the lexical resource for 

translation in this solution.  

As seen in section 3.2.1, subsection Comparison of relevant translations, 

Folkets lexikon had the highest number of translations, compared to the 

OmegaWiki and Wiktionary, and was therefore chosen as the proposed 

lexical resource. 

3.3.1.3 Choice of association creation method 
In this solution, we proposed that the Directed Associations algorithm  

(see section 3.2.3.1) is used to create associations. A word can be assumed 
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to have more hypernyms than hyponyms. Also, hypernyms tells more 

about the semantic classification of a word than hyponyms do. Because of 

this, words should be stronger associated to their hypernyms than to their 

hyponyms; hence, this algorithm was chosen. 
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4 Analysis and discussion 

4.1  Models for translation 
The proposed solution is based on direct translation, whereas solutions 

based on transfer-based translation and interlingual translation were 

not proposed. An interlingua approach for solving the stated problem 

would be ideal, due to the high level of preservation of meaning in the 

interlingua representation. No information about the meaning of the 

source word would be lost. However, a transfer-based approach to this 

problem would be a more realistic alternative, due to the unachievable 

level of abstracted language independent representation of the interlin-

gua approach (as discussed in section 3.1.1). As mentioned in section sec-

tion 3.1.1, subsection Interlingua translation, an interlingua approach is 

assumed to be unachievable in today's situation, and was therefore not 

considered as a viable option for solving the problem of this project. 

A solution based on transfer-based translation would, unlike the pro-

posed solution, require a semantic analysis of the source text, as well as a 

transfer of the semantic representation of the SL to the TL. In the seman-

tic analysis, the sense of a source word would be disambiguated, using 

WSD. This approach would, in contrast to the proposed solution, perform 

the disambiguation before the translation. In other words, the translation 

would be based on the sense of an ambiguous source word rather than 

basing the disambiguation on ambiguously translated words. This would 

lead to that the output of transfer-based translation would result in one 

word (or possibly several words if the words are synonyms) per transla-

tion. From this, we can conclude that the usage of transfer-based transla-

tion would eliminate the need for translation disambiguation, since the 

problems of lexical ambiguity and lexical mismatches are solved within 

the process. However, this also means that the problems of lexical ambi-

guity (in the analysis stage) and lexical mismatches (in the transfer stage) 

would have to be solved separately when implementing this approach. 

Additionally, even if the source word is unambiguous, the transfer be-

tween an SL sense and a TL sense has to be created, which requires spe-

cific logical representation of senses in the lexical resources.  
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No solutions were proposed for transfer-based MT, due to the complexity 

in solve the problems of lexical ambiguity and lexical mismatches within 

the time frames of this project. 

4.2 Lexical resources for translation 
In the proposed solution, Folkets lexikon was proposed as the lexical re-

source for translation, because of the wide coverage of relevant transla-

tions. Due to that reason though, one could suggest a combination of the 

lexical resources. However, if we would combine the three lexical re-

sources, as attempted in Table 3.3, the granularity can be assumed to be 

at least as fine as the finest-grained (Folkets lexikon) and was therefore 

expected to produce too fine-grained results, which may lead to difficul-

ties in disambiguating the produced translations. 

Also, one must keep in mind that Folkets lexikon still produced very fine-

grained results (an average of 5,6 translations per successful translation 

entry). Therefore, one may consider using Wiktionary as a lexical re-

source for translation instead. Even if the number of translated relevant 

words was lower than in Folkets lexikon, the granularity of Wiktionary 

can be presumed as much more acceptable, since it can be viewed as pro-

ducing results of moderately fine granularity. As described in section 

2.1.2, subsection Granularity, studies show that higher accuracy in dis-

ambiguation can be achieved with coarser-grained senses, which might 

mean that even if Folkets lexikon has more translation entries, the usage 

of Wiktionary may result in more successful disambiguations. However, 

although Wiktionary produced coarser-grained translations, it was not 

suggested due to the low results in the comparison of relevant transla-

tions. 

4.3 Morphological analysis 
The suggested method for morphological analysis was limited to the con-

tents of Wiktionary. Also, no morphological reconstruction is attempted 

in the developed module, due to difficulties with morphological mis-

matches.  
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However, since the morphological analysis in this project was thought to 

be used as a complement for the lookup in dictionaries in the translation, 

the limited morphological analysis can still be of use. If the source word 

has no entry in the dictionary, the word will be lemmatized and its lemma 

will be looked up. This means that, even if there is no morphological re-

construction of the translated word, the results can still be predicted to be 

better.  

4.4 Translation disambiguation 
The presented model for translation disambiguation describes that dis-

ambiguation should be based on the semantic relations between words. 

However, when the provided keywords are not semantically related, we 

need a way to determine the best translation. This may happen in cases 

where there are no associations between the source or target words, when 

only one ambiguous word can be translated into TL, or when two or more 

translations has the same score. When a word has several distinctive 

senses and no semantic conclusion can be drawn from the context, the 

best translation can be determined by the most probable translation. To 

exemplify, look at the English word cat. English Wiktionary has 21 differ-

ent senses for the word15, some more common than others. Compare the 

following two senses: 

• Cat: A domesticated subspecies, “Felis silvestris catus”, of feline 

animal, commonly kept as a house pet. 

• Cat: A spiteful or angry woman. 

The first sense definition is what we usually mean by the word cat and 

should be chosen over the second sense.  

Therefore, in some situations the presented translation disambiguation 

will not be sufficient to determine one unique best translation. In these 

situations, instead of not translating at all or translating into a random 

word, we must somehow determine which translation to choose. 

                                                             
15 https://en.wiktionary.org/wiki/cat 
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If a word is ambiguous and has several translations and no information 

can be used from other words to help determine sense, using the most 

common translation is a good approach. To determine the most probable 

translation, we suggest that a candidate score is introduced for the trans-

lation candidates. These scores should reflect how likely a translation 

candidate is. The sum of all translation candidates for a translation 

should be 1. Since no such scores exists in the presented lexical transla-

tion resources (chapter 3.1.4) these can be created from statistics data 

from Mostphotos' database in the following way:  

Assume a word 𝑊 has the translation candidates: 𝑡!, 𝑡! and 𝑡!. The can-

didate scores are calculated by: 

𝑡𝐴 = !
!!!!!

, 𝑡𝐵 = !
!!!!!

, 𝑡𝐶 = !
!!!!!

 (4.1) 

 

where 𝑎, 𝑏 and 𝑐 are values representing how many times the translations 

𝑡!, 𝑡! and 𝑡!  occurs as image tags respectively. 

This is a naïve solution, since this implies that words that often occur in 

Mostphotos database are better candidates than more seldom occurring 

words. This is of course not always the case, the most common word is 

not necessary the best translation candidate. For instance, if we translate 

an uncommon SL word it is probable that the TL word also is uncommon. 

However, this is a good attempt for the best translation and is assumed to 

produce better results than a groundless guess.  

4.5 Resource for associations 
As a resource for creation translation disambiguation associations, we 

presented methods where the associations were created from common 

occurrences of keywords in Mostphotos’ database. However, one must 

keep in mind that the combined keywords may not necessarily be seman-

tically related at all. This means that the result of creating associations 

from this resource may lead to poor semantic relations between the asso-

ciated words. Therefore, for creating associations, one might consider 
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using other resources for extracting semantic relations. Another problem 

is that there are fewer tags in Swedish than in English. This may lead to 

fewer associations between uncommon Swedish words. 

As mentioned in section 3.1.2.1, semantic associations can be created 

from any resource where there are semantic relations between words (e.g. 

a thesaurus). For example, all three lexical resources for translation con-

tain synonyms. Wiktionary and OmegaWiki contain semantic relations 

where hyponyms and hypernyms of words can be extracted. Other exam-

ples of tools for extracting semantic relations are WordNet16 and 

BabelNet17, which may be of use in further development.  

4.6 Results in a wider perspective 
In this section we discuss how the results affect the society in a wider 

scale with focus on socially, economically and ecologically sustainable 

development. 

Internet as a medium enables fast and easy communication between peo-

ple separated over large geographical distances all over the world. How-

ever, one major limitation today is the language barrier. The results of 

this project can be used to facilitate communication between people of 

different nationalities, and ultimately contribute to a socially sustainable 

development in the future. 

The results of this project will help Mostphotos to further globalize their 

market, since it enable people to search for relevant images tagged in 

different languages. This will probably increase the total number of pur-

chases and sales. The results can similarly be used in other systems and 

by other companies to globalize their markets, thus contributing to an 

economically sustainable development. 

The results of this project do not directly affect an ecologically sustaina-

ble development in a larger scale. However, since the results can be ap-

                                                             
16 http://wordnet.princeton.edu 
17 http://www.babelnet.org 
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plied for a wide range of purposes, it can be used to facilitate global shar-

ing of information that contributes to an ecologically sustainable devel-

opment.
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5 Conclusions 

The contributions of this project are that the problem is analyzed from 

the aspect of MT and theoretical subproblems are identified. Models and 

methods are presented and analyzed and a solution based on the models 

and methods is proposed.  The presented models are based on rule-based 

MT and knowledge-based WSD. The proposed solution is evaluated and 

analyzed. The solution is not optimized since no implementation of the 

solution is proposed. There is also no comparison between solutions since 

only one solution is presented. 

For further development of the suggested solution, we recommend that 

semantic associations are created (or extended) from other resources 

than  in the proposed solution. We also recommend further investigation 

in how to improve the proposed method for morphological analysis to 

include morphological reconstruction. 

For future research, we suggest that a solution based on transfer-based 

translation is further investigated. This would require further research in 

WSD as a semantic analysis and how to solve lexical mismatches in the 

transfer stage. 
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Appendix 

1. Translation overlaps in the top 100 most common keywords 
 

 

  



 
 
 
 
86  |  CONCLUSIONS 

2. Translation overlaps in the top 1,000 most common keywords 
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3. Comparison between association algorithms for the word animal 
(A = Association, w = 1000*weight)  

Directed Multiplicative 

Undirected 

 

Additive Undi-

rected 

 

Balanced 

Additive 

Undirected 

A w A w A w A w 

nature 16.2 mammal 0.29 taxidermy 500 mammal 15.1 

white 11.6 wildlife 0.26 animal theme 500 wildlife 14.9 

wildlife 10.1 pet 0.22 weasel 500 pet 12.5 

mammal 10.3 dog 0.14 nutria 500 wild 10.3 

cute 8.8 wild 0.11 dun 500 dog 9.1 

wild 8.3 bird 0.11 pests 500 bird 8.8 

isolated 8.2 canine 0.10 howl 500 fur 7.8 

pet 8.2 fur 0.10 badger 500 domestic 7.5 

background 7.6 purebred 0.09 buckskin 500 canine 6.9 

brown 6.6 breed 0.09 howling 500 purebred 6.1 

portrait 6.2 vertebrate 0.08 artiodactyl 500 breed 6.1 

bird 5.7 fauna 0.08 goldie 500 creature 5.8 

beautiful 5.6 creature 0.08 animal king-

dom 

500 fauna 5.6 

dog 5.6 pedigree 0.08 ancestor 500 nature 5.3 

black 5.6 puppy 0.07 baby animals 500 cat 5.3 
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4. Comparison between association algorithms for the word leopard 
(A = Association, w = 1000*weight) 

Directed Multiplicative 

Undirected 

 

Additive Undi-

rected 

 

Balanced 

Additive 

Undirected 

A w A w A w A w 

animal 18.1 macularius 0.17 macularius 83.7 panther 7.5 

wildlife 14.2 panthera 

pardus 

0.15 panthera 

pardus 

59.1 cheetah 6.7 

nature 13.2 eublepharis 0.12 eublepharis 58.9 jaguar 6.4 

wild 12.1 panther 0.10 cat-girl 34.3 big cat 4.1 

cat 11.6 jaguar 0.10 cat-woman 29.5 tiger 4.1 

mammal 11.2 cheetah 0.07 puma 23.0 large cat 3.9 

white 10.5 cat-girl 0.06 jaguar 16.1 wildcat 3.8 

feline 10.1 cat-woman 0.05 panther 14.2 endan-

gered 

species 

3.7 

fur 9.9 puma 0.04 cheetah 10.0 undomes-

ticated 

3.7 

background 9.5 large cat 0.02 animal 9.2 panthera 3.1 

africa 9.3 tiger 0.02 prowling 7.8 katavi 

national 

park 

3.0 

safari 9.3 wildcat 0.02 wildlife 7.3 undomes-

ticated cat 

2.8 

isolated 8.6 big cat 0.02 nature 6.6 predator 2.7 

black 8.5 undomesti-

cated 

0.02 cat 6.4 lake man-

yara 

2.7 

young 8.3 endangered 

species 

0.02 wild 6.2 leopard 

print 

2.7 

 


