Natural Language Processing

Lecture 9

Today’s Outline

Homework Review New Topic Parts of Speech English Parts of Speech Tagging Tagging with Rules Statistical Tagging Transformation-Based Tagging

Review

Basic language models

• N-grams trained from some corpus • smoothing combined with backoff • evaluation issues

Alternative Language Models

N-gram language models are an extremely impoverished attempt to capture what we know about likely sequences of words.

Clearly, syntactic, semantic, and discourse expectations play a role.

New Topic: Syntax

Up until now we’ve been dealing with individual words and simple-minded (though useful) notions of what sequences of words are likely.

Now we will turn to the study of how words are clustered into classes, group with their neighbors to form phrases and sentences, and depend on other words. In particular, we’ll be interested in word order, constituency, grammatical relations.

But we’ll start with syntactic word classes.

Parts of Speech

Most tagsets implicitly encode fine-grained specializations of eight basic parts of speech (POS, word classes, morphological classes, lexical tags).

• noun, verb, pronoun, preposition, adjective, conjunction, article, adverb

These categories are based on morphological and distributional similarities and not, as you might think, semantics.

In some cases, this is straightforward (at least in a given language), in other cases it’s not.

The Distribution of Tags

Tags follow all the usual frequency-based distributional behavior.

• most word types have only one part of speech • of the rest, most have two, etc.

• the most frequently occurring word types tend to have multiple tags (and as we’ll see later, they also tend to have more meanings)

Therefore, while it’s easy to determine the correct tag for most wordtypes, it isn’t necessarily so easy to tag most texts.

Notes on Tagsets

There are various tagsets for formally coding POS.

The choice of tagset pretty much depends on the nature of the application.

Since accurate tagging can be performed with relatively large tagsets it makes sense to use one of the larger standard sets. If it makes distinctions you don’t need, you can merge the finer grained tags.

Why Tag POS?

Language Modeling Pronunciation Stemming Word Sense Disambiguation Information Extraction

English Word Classes

Open (lexical) class types • new words are coined/borrowed • nouns, verbs, adjectives, adverbs Closed (functional) class types • relatively fixed membership • small class, but frequently occur • pronouns, prepositions, conjunctions, articles . . .

Nouns

Take possessives, occur in plural form, occur with determiners . . .

Proper nouns (Diane) Common nouns • count nouns (professor) • mass nouns (snow)

Verbs

Standard morphological forms, as previously discussed. • stem or non-3rd-person-sg (eat) • -s form or 3rd-person-sg (eats) • -ing participle or progressive (eating) • past participle (eaten) Most verbs refer to actions and processes. Auxiliary subclass of verbs are closed class, however.

Adjectives and Adverbs

Adjectives (semantically) describe properties or qualities.

• color (blue) • age (old) • value (good)

Adverbs also modify something, often verbs but also other adverbs and verb phrases.

• directional or locative (downhill) • degree (extremely) • manner (slowly) • temporal (yesterday)

Pronouns

Roughly, a shorthand for referring to a noun phrase or entity.

• personal (you, I, me) • possessive (my) • wh- (what, who, whom, whoever)

Pronouns (continued)

English pronouns from CELEX on-line dictionary, with frequency counts from a 16 million word corpus.

Prepositions

Prepositions occur before noun phrases. Semantically, they are relational. • spatial (on ) • temporal (after) • . . .

Conjunctions

Conjunctions join two things.

• coordinating (and, or, but): things are of equal stature • subordinating (that): one element has an embedded status • . . .

Articles

Articles (determiners) begin noun phrases. A particularly small class, but also very frequent.

• the 1,071,676 • a 413,887 • an 59,359 • sometimes others

Penn Treebank Tagset Formalization

How are nouns, verbs, adjectives, adverbs, pronouns, prepositions, conjunctions, and articles formalized? How would you tag the following sentence from the Brown Corpus?

• The grand jury commented on a number of other topics.

Penn Treebank (continued)

Tagged sentence from Brown Corpus • The/DT grand/JJ jury/NN commented/VBD on/IN a/DT number/NN of/IN other/JJ topics/NNS ./.

UCREL C5 Tagset Fragment

Part of Speech Tagging

Part of speech tagging is simply assigning the correct part of speech for each word in a corpus. Input • a set of tags (a tagset) • a dictionary that tells you the possible tags for each word (including all morphological variants) • a text to be tagged Output • best tag for each word • e.g., Book/VB that/DT flight/NN Note that tagging is a type of disambiguation.

Tagging with Rules

The rule-based approach uses handcrafted sets of rules to tag input sentences.

• e.g., if input follows a determiner, tag it as a noun. Simplified ENGTWOL example in Jurafsky and Martin • use lexicon FST to tag all possible POS • apply rules to eliminate tags This approach does work and produces accurate results. What are the drawbacks?

Statistical Tagging

Statistical (or stochastic) taggers use a training corpus to compute the probability of a tag in a context. Hidden Markov Model (HMM) Tagger ArgmaxP (T agSequence | W ordSequence) • argmax means the Tag Sequence such that P is maximized Rewriting this using Bayes Rule yields P (W ordSequence | T agSequence)P (T agSequence) P (W ordSequence) Most of the better statistical models report around 95% accuracy on standard datasets (often the Brown corpus). But note that you get 91% accuracy just by picking the most likely tag (more on this later).

Unsupervised HMM Training

What if you have the following, but not a tagged training corpus?

• the tags • the set of possible words • the correct set of tags for each word

Use an unsupervised approach.

Nobody really does this for tagging anymore.

• it does work • but, even a tiny amount of smoothed hand-tagged data results in better performance than a purely unsupervised HMM approach

Transformation-Based (Brill) Tagging

A hybrid approach.

• like rule-based taggers, this tagging is based on rules • like (most) stochastic taggers, rules are also automatically induced from hand-tagged data

Basic idea is to do a quick and dirty job first, and then use learned rules to patch things up.

Overcomes the pure rule-based approach problems of being too expensive, too slow, too tedious, etc.

An instance of Transformation-Based Learning (a supervised method).

Brill Tagging (continued)

Example 1. is expected to race tomorrow 2. the race for outer space Tag all uses of “race” as nouns (the most likely tag in the tagged Brown corpus).

1. is expected to race/NN tomorrow 2. the race/NN for outer space Then use a transformation rule to replace that tag with one for verb for all “race” uses that are preceded by the tag TO.

1. is expected to race/VB tomorrow (correct) 2. the race/NN for outer space (correct) What about • drawing the district line according to race

Brill Tagging (continued)

Assume some tagged training corpus.

1. Tag the corpus with the most likely tag for each word (unigram model).

2. Choose a transformation that deterministically replaces an existing tag with a new tag such that the resulting tagged training corpus has the lowest error rate out of all transformations.

3. Apply that transformation to the training set. 4. Iterate.

5. Return as your tagger one that first tags using unigrams and then applies the learned transformations in order.

Brill Tagging (continued)

Templates (abstracted transformations) are used to keep the number of transformations finite.

• each begins with “Change tag a to tag b when ...”

where variables range over the POS tags

CS 3730 / ISSP 3120, Fall 2001 Lecture 9 30

Example Learned Transformations

Other Issues

Multiple Tags Multiple and Split Words Unknown Words Class-based N-grams • can use POS results to augment our previous N-grams

Evaluation

How do you know how well you’ve done? • use a tagged test corpus How do you know if you’re doing well? Doing ok? Doing great?

Making stupid claims?

A Common Evaluation Metric

Percent Correct

• the percentage of all tags in the test set where the tagger and a human labeled “gold standard” agree • typically 96-97% for POS tagging

Evaluation Issues

Lower Bound/Baseline

• your goodness metric has to take into account some baseline that any dumb approach could achieve • in the case of POS tagging, this is the most frequent tag heuristic (unigrams) • can get you 90% for POS!

• thus, a result of 99% for POS tagging is less impressive than for say speech act tagging, where the baseline is much lower

Upper Bound/Ceiling

• this is all dependent on how good the human taggers did their job • if there’s a 3% error in your training corpus, then reporting 99% accuracy will make you look silly

Another Evaluation Metric

Agreement via Kappa

• adjusts for a baseline and thus normalizes for task difficulty • P (A) − P (E) 1 − P (E) • P(A) = percent correct • P(E) = expected agreement (by chance)

Kappa is also useful for evaluating human labelers without a gold standard.

Error Analysis

Once you have some results, you can improve your tagging scheme by doing error analysis.

Contingency Tables/Confusion Matrices

• usually a table of raw counts, where cell(x,y) contains the number of times that an item with the correct class x was classified as class y

- A B C
A 5
B 1 4
C 7 1

• error analysis suggests that you might want to merge tags B and C or rewrite their coding instructions

For Next Time

Chapter 9

Acknowledgements

Some of this material was taken from the course web pages of James Martin.