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ABSTRACT 

This paper describes the generation of iconic and categorical 

representations of word meaning, in propositional form, from 

the WordNet lexical database. These are derived from the list of 

synonyms, the descriptive gloss, and from the hypernym and 

meronym relations of each WordNet word sense. We 

demonstrate that these representations promote identification 

and discrimination, these being suggested qualities of 

representations of meaning, and finally suggest that these 

representations have further applications in language 

engineering. 

1. INTRODUCTION 

Systems are available for the conversion of speech into text, 

such as IBM ViaVoice


 and Dragon Dictate


. For text entry 

into a word processor this may be sufficient, but when 

extraction of the underlying semantics of the utterance is 

required by the task, in query expansion for example, further 

processing is necessary. 

  

The construction-integration model proposed by Kintsch and 

van Dijk [1, 2, 3, 4] models cognitive processes involved in 

story comprehension. Experimental evidence is available to 

support this model, particularly for the existence of arguments, 

propositions and the micro and macro-structural levels of 

representation [5]. The general nature of the model also makes 

it robust and applicable in virtually all situations when 

compared to other systems requiring complex and specific rules 

[6]. However, it has not yet been fully implemented, perhaps 

due to its enormous grammatical and domain knowledge 

requirements [7].  

 

Kintsch and van Dijk define an argument as the representation 

of the meaning of a word. Unfortunately, what a representation 

of word meaning might be is not given. We address this issue 

here. 

2. REPRESENTATIONS 

Harnad proposes that symbolic representations, such as words, 

must be grounded in iconic and categorical representations [8]. 

He suggests that the non-symbolic sensory data we receive is 

processed, possibly by some connectionist approach, such that 

features of that data emerge and are used as the basis of these 

representations. Iconic representations are shown to be 

sufficient for discrimination (how different or alike things are) 

and categorical representations for identification (naming 

things). He also suggests that the features can be processed 

symbolically. 

 

WordNet [9, 10] is an electronic lexical database and has 

become an important tool for the linguistics researcher. The 

basic unit of WordNet is the synset. This consists of a set of 

synonyms of a word sense (e.g. speech, oral communication), a 

descriptive gloss much like a dictionary description, and a set of 

semantic relations that link the synset with a number of other 

synsets. The two relations used here are hypernymy (the ‘is a’ 

relation) and meronymy (the ‘has part’ relation). Each synset 

also has a sense key, which serves as the primary key to that 

synset. 

 

We propose that a WordNet synset is a suitable basis for the 

formation of a representation as the additional descriptive 

information outlined above can be viewed as analogous to the 

features discussed by Harnad, and which in concert define that 

synset. Lesk uses this property in his maximal overlap of 

dictionary definition terms method of word sense 

disambiguation [11]. For future compatibility with the 

construction-integration model, the representations generated 

consist of sets of propositions. 

2.1. Categorical Representation 

The gloss of zebra reads: 

 

Any of several fleet black and white striped African 

equines. 

 

Which becomes in propositional form: 

 

(OF, ANY, (SEVERAL, EQUINE)) 

(FLEET , EQUINE) 

(STRIPED, EQUINE , BLACK , WHITE) 

(AFRICAN , EQUINE) 

 

Referring to figure 1 it can be seen that equine is a hypernym of 

zebra and so its representation will contain the argument 

EQUINE. Thus EQUINE is not a unique (categorical) feature of 

zebra and is replaced by the null argument 0. No further words 

from the synset of equine conflict with zebra, and so the 

categorical representation of zebra becomes: 

 

(OF, ANY, (SEVERAL, 0)) 

(FLEET , 0) 

(STRIPED, 0 , BLACK , WHITE) 

(AFRICAN , 0) 

 

This representation now contains only the information 

necessary to distinguish a zebra from a general equine. 

2.2. Iconic Representation 

The iconic representation contains features that allow 

discrimination between entities. As any feature may be called 

upon as a criterion for discrimination, the iconic representations 

should comprise all features. These can be formed from the 

conjunction of categorical representations along a hypernym 

chain. For example: 



 

Iconic(zebra) = Categorical(zebra) + 

Categorical(equine) + … + Categorical(entity) 

 

3. GENERATION OF WORD-SENSE 

REPRESENTATIONS 

The procedure for generating word sense representations 

consists of 4 steps to be followed in sequence. The procedure 

was implemented in C++, and was used to generate the 

representations used in the evaluation. The functions described 

in the evaluation were also implemented in C++. 

3.1. Step 1: Segmenting WordNet Glosses 

A WordNet gloss consists of a general dictionary-style 

definition, optional example sentences, and occasional 

bracketed or quoted embedded sentences. For example, the 

gloss for one sense of the word speech reads: 

 

(Communication by word of mouth; “His speech was 

slurred”; “he uttered harsh language”; “he recorded the 

language of the streets”) 

 

Obviously, the raw form of the gloss is unsuitable for 

presentation to a part-of-speech (POS) tagger, and the gloss is 

segmented, breaking it into its constituent sentences and 

extracting any embedded sentences: 

 

Communication by word of mouth. 

His speech was slurred. 

He uttered harsh language. 

He recorded the language of the streets. 

  

Each gloss segment is now in a suitable form for POS tagging. 

3.2. Step 2: Tagging WordNet Glosses 

The POS tagger used is probablistic and was constructed from 

word frequency/part-of-speech and part-of-speech/part-of-

speech bigrams derived from the British National Corpus. The 

Viterbi algorithm [12] is employed to determine the most 

probable path through the lattice of possibilities. Although 

generally not as good as, say, the Brill tagger [13], considering 

the relatively simplistic forms of the gloss sentences, and our 

requirement to identify only basic syntactic categories rather 

than the finer-grained categories of the CLAWS5 tagset used by 

the BNC, it is entirely acceptable. To date, no incorrect taggings 

have been detected. 

3.3. Step 3: Compound Noun Detection 

Nouns are replaced by their WordNet lemmas after identifying 

them from noun phrases obtained from the tagged gloss 

segments. Each noun phrase is presented to WordNet, and if 

recognised, is replaced by its WordNet lemma. If not, it 

repeatedly undergoes head decomposition until it is recognised. 

In this way both simple and compound nouns are recognised. 

3.4. Step 4: Proposition Extraction 

Propositions from the gloss. The procedure described by 

Kintsch [14] is used to extract propositions from each gloss 

segment. The propositions formed consist of a predicate derived 

from verbs, adjectives, adverbs and sentence connectives, and 

the arguments, representing items such as agent, subject and 

goal (replaced by 0 as necessary). Predicates and arguments are 

shown in uppercase to distinguish them from words. Currently, 

our proposition generator is limited in that fragments such as 

black and white striped equine are represented by the 

proposition set: 

 

{(STRIPED, 0) , (BLACK , 0) , (WHITE , 0)} 

 

and not the more accurate: 

 

(STRIPED , 0, BLACK , WHITE) 

 

So far this is not a problem, but will need to be rectified before 

the representations are used in conjunction with the 

construction-integration model. 

 

Participles and Gerunds. The use of participles (verbal 

adjectives) and gerunds (verbal nouns) is common in English. 

For example, striped horse is equivalent to horse with stripes. 

Thus it is desirable to capture the equivalent noun form of any 

participle or gerund used in the gloss to assist argument 

matching. As these often contain their noun-form in their gloss 

(e.g. wheeled = having wheels, containing = include or contain), 

this is possible: The participle or gerund is stemmed using the 

Porter stemming algorithm [15], and is compared to the 

stemmed words from the gloss. If a match is found, a new 

proposition is added to the relation, predicated by EQUIV, e.g. 

(EQUIV, WHEELED, WHEEL). 

  

Synonyms, Hypernyms and Meronyms. Additional 

propositions are generated to reflect the synonyms and WordNet 

relations of hypernymy and meronymy, predicated by SYN, 

IS_A, and HAS_PART respectively: 

 

(SYN , RUBBER , PENCIL_ERASER , RUBBER_ERASER) 

(IS_A , ZEBRA , EQUINE) 

(HAS_PART , COAT , SLEEVE) 

4. WORD-SENSE REPRESENTATION 

The representation of a word consists of the set of propositions 

generated from its synset as described above. This can be 

formally stated as follows: 

 

Let π be a proposition generated from a synset, and ρ a 

representation of a synset, then: 

 

ρ = {π} 

 

Now let ρs be the instance of a representation generated for 

synset s. The representation of zebra generated from its gloss is 

as follows (note, zebra has no synonyms): 

 

ρzebra = {(SYN , ZEBRA) , 

(IS_A , ZEBRA , EQUINE) , (FLEET , EQUINE) , 



(BLACK , EQUINE) , (WHITE , EQUINE) , 

(STRIPED , EQUINE) , (EQUIV , STRIPED , STRIPE) , 

(AFRICAN , EQUINE) , 

(EQUIV, AFRICAN , AFRICAN) } 

 

The function Η (hypernym) can now be defined as: 

  

Η(ρs) = {ρx | ρs IS_A ρx} 

 

The function M (meronym) is similarly defined. 

 

Applying the hypernym function to the representation of zebra 

yields the representation of equine: 

 

Η(ρzebra) = {ρequine} 

 

The function Ε (entire) generates the entire representation of a 

synset, which consists of the union of all representations on the 

hypernym chain of that synset, i.e. the reflexive transitive 

closure of Η over ρs: 

 

Ε(ρs) = ρs ∪{n : N | n ≥ 1 • Η
n
(ρs)} 

 

Thus the entire representation or zebra is: 

 

Ε(ρzebra) = {ρzebra , ρequine , ρmammal , ρanimal , ρentity } 

4. EVALUATION 

As discussed earlier, the properties of identification and 

discrimination have been proposed as desirable qualities of 

meaning representations. Thus the evaluation attempts to 

discover these properties in the representations generated by the 

procedure above. Representations for the animal words Horse, 

Zebra, Donkey, Panda, Parrot and for the marking words Stripe 

and Dapple, were generated. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Hypernym relationships of WordNet evaluation 

synsets (condensed for brevity). 

 

4.1. Identification 

Harnad uses the example that a Zebra can be identified from the 

expression: Horse + Stripes. If identification is possible, then 

combining these representations should lead to the selection of 

the representation of zebra from all representations. 

Firstly, we define the L function (like) to return all 

representations containing the immediate hypernym of the given 

representation, i.e. its siblings and their descendants. The 

hypernym itself is not returned: 

 

L(ρs) = ran(Η-1(ρs r Η)) 

 

This essentially selects all categorical representations that are 

like the given representation, i.e. have the same hypernymic 

subsumer. Thus, given the representation of the synset of horse, 

function L produces the following: 

 

L(ρhorse) = {ρhorse , ρzebra , ρdonkey } 

 

 

The function Υ (identify) produces a set of representations for 

which the function’s arguments are satisfied: 

  

Υ(ρa , ρb) = {ρx | ∃πx ∈ ρx , πb ∈ ρb  

• ρx ∈ L(ρa) L C(πx , πb)} 

 

The function C tests for referential coherence, which is 

implemented by Kintsch and van Dijk [1] as argument overlap 

between propositions. Thus proposition (X, Y, Z) is 

referentially coherent with (F, Z, T) as they share argument Z. 

Null arguments are ignored. 

 

When supplied with the representations of horse and stripe, the 

Υ function firstly applies the L function to horse as shown 

above. Referential coherence is sought between the resulting set 

and ρstripe, and is found only when ρx = ρzebra, where πx = 

(EQUIV, STRIPED, STRIPE) and πb = (SYN, STRIPE, STREAK), 

both from categorical representations, giving: 

  

Υ(ρhorse , ρstripe) = {ρzebra } 

 

Thus Zebra has been identified from the representations of 

horse and stripes.  

4.2. Discrimination 

Given a representation drawn from the entire set of items under 

consideration, the discrimination function (∆) should accept or 

reject that representation on the basis of a second representation, 

the discrimination criterion: 

 

∆(ρ, ρ) : boolean  

 

If the representations are sufficient for discrimination, then they 

should allow, for example, the partitioning of the set ANIMALS 

into feathered and non-feathered types.  

 

Positive discrimination is attained when the iconic form of a 

representation contains the feature feather. For example, when 

ρparrot, which contains the proposition (CHARACTERISED, 

FEATHER) from the synset of bird, is tested against ρfeather, which 

contains the proposition (SYN, FEATHER, PLUME, PLUMAGE): 

 

∆ (ρparrot , ρfeather) = true 

 

Negative discrimination is attained when the iconic form of a 

representation does not contain the feature FEATHER, e.g.: 

Horse    Zebra    Donkey    Panda    Parrot    Stripe    Dapple

 Equine 

  Mammal 

Animal 

 Entity 

 Procyonid    Bird          Marking 



 

∆ (ρzebra , ρfeather) = false 

 

Formally: 

 

∆ (ρa , ρb) = (∃ρx ∈ E(ρa) | ∃πx ∈ ρx , πb ∈ ρb  

 • C(πx , πb)) 

5. APPLICATIONS 

One application of this form of meaning representation that has 

been investigated is anaphoric resolution. Consider the two 

sentences: 

  

Before inserting the cassette into the vcr, make sure it is 

plugged-in/blank. 

 

Using the representations of the words cassette, vcr, plugged-in, 

and blank, the anaphor it can be resolved by the ∆ function in 

each case: 

 

∆ (ρvcr , ρplugged_in) = true 

∆ (ρcassette , ρblank) = true 

 

which are respectively satisfied by: 

 

C((recording , TV), (connect , TV)). 

 

C((HOLDS, CONTAINER , MAGNETIC_TAPE), 

     (EQUIV, CONTAINING, CONTAINER)) 

 

The other two combinations are not coherent: 

 

∆ (ρvcr , ρblank) = false 

∆ (ρcassette , ρplugged_in) = false 

 

Note also that the adjective blank has three senses in WordNet, 

but only one sense satisfies the referential coherence function, 

suggesting applications in word sense tagging. 

6. CONCLUSION 

Using a model system we have demonstrated that it is possible 

to construct representations of word meaning from WordNet 

synsets which promote the properties of identification and 

discrimination. It has also been demonstrated that these 

representations have applications in language engineering, 

namely anaphoric resolution and word sense tagging. However, 

a larger scale evaluation is required to confirm the robustness of 

the representations and the defined functions, and to determine 

any requirement for further functionality. 

  

The work presented here concentrates on noun representations. 

Other syntactic classes will require slightly different 

representations, for the incorporation of transitivity (or 

otherwise) and selectional preference of verbs for example.  

 

An extension to this work will use WordNet sense keys as 

propositional arguments. This will allow inheritance of 

representations indexed on sense key, that is the import of 

additional related features, enabling the representations to be 

extended in a constrained manner. 

7. REFERENCES 

    1. Kintsch, W & van Dijk, T.A. Towards a model of text 

comprehension and production. Psychological Review 

85, 363-394. 1978. 

 

    2. Kintsch, W. The role of knowledge in discourse 

comprehension: A construction-integration model. 

Psychological Review, 95, 163-182. 1988. 

 

    3. Kintsch, W. A cognitive model for comprehension. In 

H.L.Pick, P. van den Broek, & D.C. Knill (Eds.), 

Cognition: Conceptual and methodological issues. 

Washington, DC: American Psychological Association. 

1992. 

 

    4. Kintsch, W. The psychology of discourse processing. In 

M.A. Gernsbacher (Ed.), Handbook of 

psycholinguistics. London: Academic Press. 1994. 

 

    5. McKoon, G. & Ratcliff, R.  Priming in item recognition: 

The organisation of propositions in memory for text. 

Journal of Verbal Learning and Verbal Behaviour, 19, 

369-386. 1980. 

 

    6. Kintsch. W., Welsch, D., Schmalhofer, F. & Zimny, S. 

Sentence memory: A theoretical analysis. Journal of 

Memory and Language, 29, 133-159. 1990. 

 

    7. Hahn, U. & Mani, I. Tutorial T6: Automatic Text 

Summarisation. ECAI ’98. 1998. 

 

    8. Harnad, S. The Symbol Grounding Problem. In: S. 

Harnad (Ed.) Categorical perception: The groundwork 

of cognition. New York: Cambridge University Press. 

1990. 

 

    9. Miller, G. A. (Ed). WordNet: An on-line lexical 

database. Special issue of International Journal of 

Lexicography, 3(4). 1990. 

 

   10. Miller, G. A. WordNet: A lexical database for English. 

Communications of the ACM, 38(11), 39-41. 1995. 

 

   11. Lesk, M. Automatic sense disambiguation using 

machine readable dictionaries: how to tell a pine cone 

from an ice cream cone. Proceedings ACM SIGDOC 

Conference, 1986, 24-26. Toronto, Canada. 

 

   12. Viterbi, A.J. Error bounds for convolutional codes and 

an asymptotically optimum decoding algorithm. IEEE 

Transactions on Information Theory. IT-13:1 260-269. 

1967. 

 

   13. Brill, E. A simple rule-based part of speech tagger. In: 

Proceedings of the Third Conference on Applied 

Natural Language Processing, ACL, Trento, Italy. 1992. 

 

   14. Kintsch, W & van Dijk, T.A. The representation of 

meaning in memory. Hillsdale, N.J.: Erlbaum. 1974. 

 

   15. Porter, M.F., "An Algorithm For Suffix Stripping," 

Program14 (3), July 1980, pp. 130-137 


