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Abstract— Serious efforts to develop computerized systems language is the work of Richard Montague. Montague’s
for natural language understanding and machine translatio  thesis was that there is no essential difference between the

have taken place for more th.an. hglfacentu.ry. Some successfu semantics of natural languages (like English) and formal
systems that translate texts in limited domains such as welagr | lik dicate loai . h . .
forecasts have been implemented. However, the more general anguages (like predicate logic), i.e., there is a rigorous

the domain or complex the style of the text the more difficult Way how to translate English sentences into an artificial
it is to reach high quality translation. The same applies to logical language [2]. Montague grammar is an attempt to

natural language understanding. All systems need to deal |ink directly the syntactic and semantic level of language.
with problems like ambiguity, lack of semantic coverage and  qer to do so, Montague defined the syntax of declarative

pragmatic insight. In this article, some philosophical qustions . .
that underlie the difficulty of natural language understanding sentences as tree structures and created an interpresétion

and good quality translation are first studied. These two aras those structures using an intensional logic. The end result
of dealing with languages are actually closely related. Nasly, was a focus on such aspects of language that nicely fit with

for instance Quine’s notion of indeterminacy of translation have  the theoretical framework. Examples of language consitiere
shown that the problem of translation does not only hold for j,~,des sentences like “Bill walks”, “every man walks"h&

translation between different languages but similar probems ks d “John find . 5] It be fai
are encountered when communication between users of same Man Walks”, and “John finds an unicorn” [2]. It may be fair

language is considered. The term intralingual translationhas 0 say that most of the linguistic phenomena are set aside.
been used e.g. by Roman Jakobson. Intralingual translation Montague even assumes that the original sentences can be

relates to translation between languages and to the problerof  considered unambiguous even though ambiguity is a central
sameness of meaning. In this article, arguments and methods phenomenon in language at many levels of abstraction. The

of considering translation and meaning within the framewoik id f bei . b idered tand but
of continuous-valued multidimensional representations,prob- Idea of being ngorous may be considered a proper stand bu

ability theory, fuzzy sets and neural adaptive systems are it often leads to the negligence of the original complexity o
considered. the phenomenon being considered [3].

Many philosophers outside the analytical tradition have
already for some time criticized the approach of logical
In the following, a general introduction is provided to theformalization within philosophy of language. For instance
philosophical issues related to the theme of the article.  representatives of phenomenology (e.g. Edmund Husserl
and Martin Heidegger), hermeneutics (e.g. Martin Heidegge
and Hans-Georg Gadamer) and critical theory (e.g. Max
One underlying motivation of this article is the recognitio Horkheimer and Jiirgen Habermas) have presented alteznati
of a potential need to increase the variety of methods thgiews. Richard Rorty [4] attacks the correspondence theory
are used to deal with issues within philosophy of languagef truth (that truth is established by directly comparingawh
To express the basic situation in a slightly simplified mannea sentence asserts to the "facts applying), and even denies
the formal methodological realm of philosophy of languagenat there are any ultimate foundations for knowledge at all
is still largely dominated by predicate logic. Many phileso He calls for a socially-based theory of understanding. tde al
phers, including Gottlob Frege, Alfred Tarski and Rudolistrongly criticizes the notion of truth: Truth is not a commo
Carnap, have been more or less skeptical about formalizipgoperty of true statements, and the good is what provds itse
natural languages, but many of them have relied on a certa be so in practice. Rorty combines pragmatism (cf. e.g.
level of formalization. Some of the prominent members ofohn Dewey and Charles S. Peirce) with the philosophy of
this tradition of formal semantics include Alfred Tarski,language by later Wittgenstein which declares that meaning
Rudolf Carnap, Richard Montague and Donald Davidsofs a social-linguistic product.
Recent works on formal semantics have been conducted, for
instance, by Jon Barwise, Robin Cooper and Barbara Part8e From logical to statistical formalization
[1]. The works on analytical philosophy of language tend to The distinction between translation within and transkatio
focus on some particular aspects of natural language suchi@gween languages is made here to emphasize two matters.
truth conditions, and the role of quantifiers and connestiverirst, there is a strong connection between translation and
Maybe the most striking example of formalization of naturalinderstanding. Second, it is far from obvious that com-
o . _ munication between speakers of one and same language
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I. INTRODUCTION

A. Formal semantics



explicitly or implicitly. This leads to the rejection of the explored but rather invented or mentally constructed. Mick
idea of an idealized language user and to the rejection of tlkeen considers theories as fictitious constructs. He also
possibility to consider central epistemological questiand states, however, that there is no reason why useful fictitiou
natural language semantics without considering subjéctiv constructs should not be analyzed by any means or methods,
and variability. including theories of measurement, data, probability and

Rather than using first-order predicate logic, modal logitatistics.
and ot.her ;lmllar fprmal Iangqages as a basis for theory || TRANSLATION THROUGH SELE-ORGANIZED
formatpn within epistemology, it is strongly suggc_astedtth CONCEPTUAL SPACES
they might even be mostly replaced by probability theory,

matrix algebra, dynamical systems theory and other staist

and mathematical methods that seem to be better Suit%age_through conceptual Spaces or using the self-organizi
for building epistemological theories in order to be abld"aps 1S considered. Construction of maps of words based

to deal with continuous, multidimensional and dynamica(l)n the self-organizing map algorithm s presented as an

phenomena that are inherent in knowledge formation ar{atroductory theme.
natural language understanding. A. Self-Organizing Map

Notions such as a symbol or a proposition may still be The Self-Organizing Map (SOM) [6], [7] defines an or-
useful in some theoretical contexts but they may rather hfered mapping, a kind of projection from a set of given
seen as abstractions that are emergent outcomes of sofaga items onto a regular, usually two-dimensional grid. A
highly complex processes. However, even in the contesiodelm; is associated with each grid node. These models
of philosophy of language, it might be less misleadingire computed by the SOM algorithm. A data item will be
to use terms ‘'word’ and 'sentence’ rather than 'symbolmapped into the node whose model is most similar to the
and ’'proposition’ and discuss the emergence of symbogtata item, i.e., has the smallest distance from the data item
like and proposition-like phenomena through theoretisald  in some metric. The model is then usually a certain weighted
that are suited to capture the nature of those emergdstal average of the given data items in the data space. But
processes. Following the criticism by Richard Rorty toveardin addition to that, when the models are computed by the
the notion of truth, discussed earlier in this article, oreym SOM algorithm, they are more similar at the nearby nodes
really question the usefulness of the notions of truth as than between nodes located farther away from each other on
useful building block in realistic epistemological thezsi the grid. In this way the set of the models can be regarded
Truthlikeness already seems to capture better the naturetgfconstitute a similarity graph, and structured 'skelétoin
'sentential knowledge’ but even that term might draw thehe distribution of the given data items.[8]
attention away from the idea of language being primarily a
tool for communication of various kinds. Moreover, humarp: Maps of Words
understanding of the world and of the relationship between Charniak [9] presents the following scheme for grouping
language use and perception and action within the world @& clustering words into classes that reflect the commagnalit
based on a long learning process for which the genotygd some property.
gives a certain basis but which is mainly determined by « Define the properties that are taken into account and can
the individual interaction with the world including other be given a numerical value.
human beings and the social and cultural context. In general « Create a vector of length n with n numerical values for
the centrality of learning processes emphasizes the need each item to be classified.
to consider the statistical aspects related to learning ande Cluster the points that are near each other in the n-
using language. Language learning seems to be essentially a dimensional space.
statistical process. There are some researchers suchrps Jeryandling computerized form of written language rests on
Fodor who suggest that linguistic skills and even concéptugrocessing of discrete symbols. How can a symbolic input
contents are innate in the mind. However, it seems that thgich as a word be given to a numeric algorithm? One
arguments supporting the centrality of learning proposesl, yseful numerical representation can be obtained by taking
by Patricia Churchland, Paul Churchland, Andy Clark anthto account the sentential context in which the words accur
Paul Smolensky are more realistic. This line of thoughtéeadgefore utilization of the context information, howevergth
directly to the use of neural network models in modelingyymerical value of the code should not imply any order to
processes of language learning, understanding and gen&fgs words. Therefore, it will be necessary to use uncoedlat
tion. In language use, many specific situations can be feadiectors for encoding. The simplest method to introduce
analyzed as probabilistic questions. uncorrelated codes is to assign a unit vector for each word.

The statistical point of view also seems to be cohereWhen all different word forms in the input material are lste
with radical constructivism. Micko [5] presents an inter-a code vector can be defined to have as many components
esting observation that radical constructivism in phifd®p as there are word forms in the list. This method, however, is
of science forces reconsider the status of statistical. datanly practical in small experiments. With a vocabulary gidk
Radical constructivism argues that reality is not given anftom a even reasonably large corpus the dimensionality of

In the following, translation or mapping between two lan-



the vectors would become intolerably high. If the vocabularusing a larger vocabulary. Therefore, in many areas of the
is large, the word forms can be encoded by quasi-orthogomakp, a particular conceptual area is covered by one English
random vectors of a much smaller dimensionality [10]. Suctvord (for instance, “doctor” or “hairdresser”) and by two or
random vectors can still be considered to be sufficientljnore German words (for instance, “Arzt” and “Doktor” or
dissimilar mutually and not to convey any information aboutFriseur”, “Friseuse” and “Damenfriseur”). It is importan
the meaning of the words. Mathematical analysis of th#® notice that the model covers both translation between
random encoding of the word vectors is presented in [11llanguages and within languages. Namely, rather than dgalin
A typical result of applying the Self-Organizing Map in thewith German and English, the same model can be built for the
analysis of words is presented in Fig. 1 (based on the agalysinguage used in medical contexts by experts and laypersons
reported in [12]). The results reported above are in an interesting contrast
with another study in which words of two languages were
presented in linguistic contexts [14]. Li and Farkas fount o
VERES that the two languages were strictly separated on the map. It
seems that the different ways of representing context axpla
these differences.

D. Semantic Holism and Self-Organizing Maps

Quine [15] presents a situation in which one is confronted
with a situation in which one must attempt to make sense of
the utterances and gestures that the members of a previously
unknown tribe make. Quine claimed that it is impossible, in
NOUNS such a situation, to be absolutely certain of the meaning tha
fnanimte a speaker of the tribe’s language attaches to an utteraace. F

example, if a speaker sees a rabbit and says “gavagai”, is she
Fig. 1. A typical structure of a map of words. referring to the whole rabbit, to a specific part of the rabbit
or to a temporal aspect related to the rabbit. If one consider
the point of view of radical constructivism [16], [3] and the
symbol grounding problem [17], there can practically even

To illustrate the idea of using the Self-Organizing Magbe an infinite number of conceptualizations of the situation
in finding a mapping between vocabularies of two differenMaybe the members of the tribe not only consider the whole
languages, the results of a new experiment are reportedraibbit or some parts or aspects of it as potentially relevant
the following. Like discussed in earlier sections, the maps points of reference but, e.g., due to their cultural contiesy
words are often constructed using the sentential contdxts aonsider some other patterns of perception. Namely, censid
words as input data. The result is that the more similar thering the complex pattern recognition process, it is famfro
contexts in which two words appear in the text, the closer theivial to create a perception of a rabbit from the raw visual
words tend to be on the map. Here this basic idea is extendadd auditory input. Quine [15] mentions that one can form
to cover the notion of context in general: We consider themanuals of translation. The observer examines the uttesanc
use of a collection of words in two languages, English ands parts of the overall linguistic behavior of the indivijua
German, in a number of contexts. In this experiment, thand then uses these observations to interpret the meaning of
contexts were real-life situations rather than some téxtuall other utterances. Quine continues that there will beyman
contexts. such manuals of translation since the reference relatipnsh

Figure 2 presents the order of a number of words on ia indeterminate. He allows that simplicity considerasiomt
self-organizing map that serves simultaneously two puepos only can be used to choose between competing manuals
First, it has organized different contexts to create a cpnceof translation but that there is even a remote possibility
tual landscape (see, e.g., [13]). Second, the map includek getting rid of all but one manual. It seems that propo-
a mapping between the English and German words usedional logic as the underlying epistemological framekvor
in the analysis. The input for the map consists of wordannecessarily complicates the consideration. For Quinast
and their contexts. The German vocabulary includes 33ecessary to consider a number of logically distinct manual
words (Advokat, Angler, Arzt, Autofahrer, ..., Zahnarztjda of translation hypotheses. However, if one considers thgeis
the English vocabulary of 17 words (boss, dancer, dentistithin the framework of statistics, probability theory and
director, ..., professor). For each word, there is a assas#smcontinuous multidimensional representations of knowéedg
by 10 to 27 subjects indicating the degree of suitability fofsuch as conceptual spaces [13]), one can consider the-condi
the word to be used in a particular context. The number dional probability of different hypotheses and partiakgimins
contexts is 19. The resulting map is shown in Fig. 2. which do not need to be logically coherent. Moreover, the

The map shows that those words in the two languagagarch for translation mappings can be seen as a process that
that have similar meaning are close to each on the map. tmay (or may not) converge over time. For Quine meaning
this particular experiment, the German subjects were lysuals not something that is associated with a single word or

OTHER
CLASSES
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C. Interlingual Mappings
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Fig. 2. A collection of German and English words positionecoaceptual landscape based on a Self-Organizing Map oéxisntThe darker the shade
of gray, the longer are the distances in the original inpacep Thus, relatively light areas correpond to conceptigdsaor clusters. The dots on the map
denote empty prototypes, i.e., model vectors that are mob#st match of any of the words under consideration.

sentence, but is rather something that can only be attdbutés. Let's consider a situation in which we wish to translate
to a whole language. The resulting view is called semanti€innish sentences,, into English sentences, Bayes' rule
holism. In a similar fashion, the self-organizing map sfiesi givesp(e|f)p(f) = p(e, f) = p(fle)p(e) and reduces to the
a holistic conceptual space. The meaning of a word is nbiasic equation of statistical machine translation: mazémi
based on some definition but is the emergent result of jde|f) = p(f|e)p(e) over the appropriate. This splits the
number of encounters in which a word is perceived or usedanslation problem into a translation modg( (|e)) and a

in some context. Moreover, the emergent prototypes on thenguage modely(e)). The decoding algorithm, given these
map are not isolated instances but they influence each otimodels and a new sentengefinds translatiore.

in the adaptive formation process. In their classical paper, Peter Brown and his colleagues

described a series of five statistical models of the traiosiat
, process and gave algorithms for estimating the parameters
Bayes' rule tells that of these models applying the basic equation [18]. During
p(A|B) = p(B|A)p(A)/p(B), 1) recent years, this statistical gpprgach has had considerab
successes, based on the availability of large parallelorarp
where P(A) is the prior probability or marginal probability and some further methodological developments (consider,
of A, and P(A|B) is the conditional probability ofd, given e.g., [19], [20]).

E. Comparison with Bayesian Models in Translation



The main difference between the approach outlined in tH&trong Bayes” model, presented as a solution to the concept
previous sections and the Bayesian method, in its commorilyduction problem, is based on the following ingredients:
itly modeled in the SOM-based approach. Thus, the mapping 3 concept,
between any two languages is based on an intermediate level 4 prior distribution over the hypothesis space reflecting
of representation. This approach resembles, to some degree the |earner’s relevant background knowledge,
the idea of using a knowledge-based interlingua in machine, the size principle for scoring the likelihood of hypoth-

knowledge are, however, quite different. In a knowledge- , hypothesis averaging: integrating the predictions of mul-
based interlingua, the semantics of natural language sxpre  tiple consistent hypotheses [24].

sions are typically represented as propositions and oeigti

in symbolic hierarchical structures. The SOM can be use bneralize from just a few positive examples. Later, a eelat

.to span a cqntinuous and multidimensional conceptual_sp gyesian approach has been applied to word learning [25].
in a data-driven manner._MoreO\{er, the approach provides 4Mike Dowman has considered the evolution of color terms
natural means to deal with multimodal data [21] and, thuTZG]. In his simulation, ten agents could learn color term

deal with the symbol grounding problem [17]. denotations by generalizing from examples using Bayesian
inference. Conversations between the agents were sirdulate
over several generations, and the languages emerging at
In this section, modeling language use based on fuzzy s@f end of each simulation were investigated. The results
theory and Bayesian probability theory is considered. As ahrresponded closely with the observed typological paster

introduction to the theme, subjectivity of understandisg iin basic color terms in human languages around the world
discussed. [26].

Tenenbaum aims to explain how it is possible to learn and

IIl. M ODELING LANGUAGE USE

A. Subijectivity of Understanding C. Fuzzy Set Models of Language Use

The language of a person is idiosyncratic and based on the| otfi Zadeh has presented arguments for the idea that
SUbjeCtiVe experiences Of the indiVidUal. For inStanCED tWthe brain has a crucial ab|||ty to manipu'ate perceptions
persons may have a different conceptual or terminologicgd7]. Manipulation of perceptions plays a key role in human
density of the topic under consideration. A layperson, fofecognition, decision and execution processes. Zadeh also
instance, is likely to describe a phenomenon in genergbints out that measurements are crisp whereas perceptions
terms whereas an expert uses more specific terms. Mog{ fuzzy. In general, the relationship between percegtion
and Carling [22] state that languages are in some respegid their linguistic descriptions is not as straightforvar
like maps. If each of us sees the world from our pal‘ticulaés often Suggested, for instance' by many |Ogicians_ It is
perspective, then an individual’s language is, in a seie®, | thjs fundamental difference that makes it necessary to use
a map of their world. Trying to understand another person {§zzy sets and fuzzy systems. Jonathan Evans points out
like trying to read the map of the other, a map of the worldhat reasoning is highly contextualized by relevant prior
from another perspective [22]. knowledge and belief [28]. He also refers to the dual process

If some persons speak the same language, many symbg|gories of reasoning that make a division between a heurist
in their vocabularies are the same. However, as discussggstem and an analytical system. The heuristic system has
above, one cannot assume that the vocabularies of any tefolved early, it is shared with animals, it is rapid and
agents are exactly the same. parallel, has high capacity and is pragmatic. According to

We take a broad view of learning, including any adaptatiogvans, the analytic system is conscious and it has evolved
of internal representations that may occur as a result gfte in the evolution. It seems that many theories of languag
interactions with other agents or the environment. As Kirsfise consider only the level of the analytic system and fail to
[23] points out, in ecological systems each component of thesal with the effects of the heuristic system.
system has a causal influence on the other. In the biologicalperhaps the most widely used mathematical method of
world Organisms interact with their environment and Wlth'node“ng gradience in |anguage use is fuzzy |Ogic and fuzzy
other organisms, who, of course, also tend to be part @kt theory [29]. Regarding a sentence like “John is tallg th
each other’s environment, the whole system of componenifth’ of this sentence needs to be considered a matter of
being interdependent and interlocked. The result is a highljegree. It is not possible to state a limit of tallness above
complex system displaying attractors, instabilities ayeles  \hich John would definitely be tall and under which not.
typical of dynamical systems [23]. In fuzzy logic, the truth of a proposition is expressed by a

. ) value between 0 and 1 rather than being just 'true’ or 'false’
B. Bayesian Models of Language Learning and Conceplecqrdingly, an item may belong to a set in a fuzzy manner.
Formation The degree of membership of a set is also specified by a

Joshua Tenenbaum [24] discusses the inductive concepaded value from the real interval between 0 and 1. Often,

formation problem presented by Quine [15]. Tenenbaumlisowever, a single dimension such as height is not enough: to
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