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Leech's main academic interests are: English grammar;
... Corpus-based natural language processing by computer

2 external links: www.culinaryanthropologist.org/about.html

Matt eats very well. He is also a computational linguist
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Engineering Words to Concepts

From Words to Concepts and Back:

Examples:
word sense disambiguation

named entity recognition
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Engineering Concepts to Words
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Examples (Generation):
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Engineering Modularity and Abstraction

From Words to Concepts and Back:

Comes up in IR and NLP all the time!
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From Words to Concepts and Back:

Comes up in IR and NLP all the time!

Good engineering: modularity and abstraction.

Dictionary modules : stubs.

Interface is conditional probabilities :
| P(concept j words); and P(words j concept).

Conceptually trivial platform (hides engineering/systems details) .
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5. carbonated beverages 0.3
6. non-alcoholic 0.2
7. soft 0.1
8. pop 0.1
9. carbonated soft drink 0.1

10. aerated water 0.1

Restricted to English Wikipedia (and hence missing 2/3 of the data) .
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P̂(URL j s) URL (and Associated Scores)
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0.0169492 bushbaby w:2/5

0.00847458 Lesser bushbaby W:1/111 W08 W09 WDB

0.00847458 bushbabies c t w:1/5

README�le has (much) more about the features;

More than half the paper is detailed examples...
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| earlier work with E. Agirre, E. Yeh, C. Manning and D. Jurafs ky

cleaner �ltered English dictionary, designed for precision

To be released soon! | by A. Subramanya, S. Singh, F. Pereira a nd A. McCallum

We hope you will �nd creative uses for these! :)
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Conclusion Thanks!

Thanks!

Yet in each word some concept there must be...

Quite true! But don't torment yourself too anxiously;
For at the point where concepts fail,
At the right time a word is thrust in there.

| Mephistopheles, in Goethe's Faust (Part I, Scene III,

as translated by G.M. Priest)

http://www.levity.com/alchemy/faust05.html
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Conclusion Questions?

Thanks!

Any questions?
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