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Whatôs a Word?  Tokenization Is Trickyé

Example: H ow t o t okenize N 'T ?

² I t makes sense to tokenize didn' t as did n' t , hasn' t as has n' t .

² BUT can' t becomes ca n' t .

Example: H ow t o t okenize N EED LE-L I K E, SEV EN -DAY , M I D -

OCT OB ER , CRAY -3?

² I t seems sensible to leave hyphenated items as single tokens.

² B ut :

{ New Yor k-based

{ the N ew Yor k-N ew H aven Railroad

{ an ad hoc solut ion
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Counting Linguistic Entities II

What's A Sentence??

T he Obvious H eur ist ic For Sent ence B oundar ies:

/ [ . ?! ] [ ' ' ' ] * /

B ut : I saw M r . Jones visit ing St . Peter's basilica.

Pat ch: Delete the break after Mr. j Mrs. j Dr. j St . j Prof j . . . B ut :

² He left at 3 a.m . in the morning.

² He left at 3 a.m .

² In LISP, 2.0 and 2. stand for the same number.

Pat ch: Don't break if the next word isn't capitalized.

B ut : We saw Peter on Jones St . Peter's brother was with him.
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Estimating the Probability of a String of Words

How can we est imate the probability of a st ring of words W ?

Easy!

Let W = w 1w 2 w 3 : : : w n . Then, by the chain rule,

P (W ) = P (w 1 ) ¤ P (w 2 jw 1 ) ¤ P (w 3 jw 1 w 2 ) ¤ : : : ¤ P (w n jw 1 : : : w n ¡ 1 )

We can est imate P(w 2 jw 1 ) by the Maximum Likelihood Estimator

C oun t (w 1w 2 )

C oun t (w 1 )

and P(w 3 jw 1 w 2 ) by

C oun t (w 1 w 2 w 3 )

C oun t (w 1w 2 )

and so on....
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Predicting the Next Word in a Sequence

RECOGNITION ERRORSin tasks ranging from opt ical character recognit ion

to speech recognit ion can be reduced by looking at str ing probabi li ties.

RECOGNIZER POSSIBILIT IES:

form subsidy for

farm subsidies far

UNIGRAM FREQUENCIES (in 1:7 ¤ 106 words):

FORM 183 subsidy 15 FOR 18185

farm 74 SUBSIDIES 55 far 570

Close, but not close enough....
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Predicting the Next Item in a Sequence II

RECOGNIZER POSSIBILIT IES:

form subsidy for

farm subsidies far

Let 's look at BIGRAM frequencies:

BIGRAM FREQUENCIES:

form subsidies 0 subsidies far 0

FARM SUBSIDIES 4 SUBSIDIES FOR 6

form subsidy 0 subsidy far 0

farm subsidy 0 subsidy for 2

So how can we do this r ight?
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Predicting the Next Word in a Sequence III

A good idea: Let 's predict that the next word in a sequence is the most likely

word among the candidate possibilit ies.

Again, let W = w1w2w3 : : : wn .

So, if we've already seen w1w2 : : :w i ¡ 1 , how do we est imate the probability

of w i ?

Idea I: Use P (w i ) .

BUT: See last slide...

A much bet ter idea:

Est imate the conditional probability of w i given everything that has gone

before!

More formally, est imate P (w i jw1w2 : : :w i ¡ 1 ) .
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Estimating P(wi|w1w2éwi-1), Take II

Again, we can est imate P (w i jw1 w2 : : :w i ¡ 1 ) with the MLE

C oun t (w1w2 : : :w i )

C oun t (w1 w2 : : :w i ¡ 1 )

So, to decide pat vs. pot in Heat up the oil in a large pot, compute, for \ pot" ,

C oun t ( \ Heat up the oil in a large pot" )

C oun t ( " Heat up the oil in a large" )

NOT!!
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Hmm..The Web Changes Things
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Statistics and the Web II 

So, P(ñpotò|òheat up the oil in a large___ò) =  8/49  =

9/24/09
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Howeveré.

A larger corpus wonôt help much unless itôs 

HUGE.

Words such as óergativityô unlikely to be found 

outside a corpus of linguistic articles

More generally: Zipfôs law
ÅThe frequency f of a word w is inversely proportional to the 

rank r of w:

f 1/r

(this and the next slide adapted from Massimo Poesio)
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Zipfôs law for the Brown corpus
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The Sparse Data Problem

W H AT PA RA M ET ERS CA N W E EST I M AT E W I T H (ON LY )

100 M I LL I ON W ORD S OF T RA I N I N G DATA ?

Assuming (for now) uniform dist ribut ion of 5000 words and 40 part of speech

tags..

Event Count Est imat e Qual i t y?

words 5000 Excellent

word bigrams 25 million OK

word t rigrams 12.5 billion Terrible!
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The Markov Assumption: 

Only the Immediate Past Matters

T he (Fir st Or der ) M ar kov A ssumpt ion:

P(w i jw1 : : : w i ¡ 1 ) = P(w i jw i ¡ 1 )

Under this assumpt ion, instead of

P (W ) = P (w1 ) ¤ P (w2 jw1 ) ¤ P (w3 jw1w2 ) ¤ : : : ¤ P (wn jw1 : : : wn ¡ 1 )

we est imate the probability of a st ring W by

P (W ) = P (w1 ) ¤ P (w2 jw1 ) ¤ P (w3 jw2 ) ¤ : : : ¤ P (wn jwn ¡ 1 )
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The Markov Assumption: 

Only the Immediate Past Matters

T he (F ir st Or der ) M ar kov A ssumpt ion:

P(w i jw1 : : : w i ¡ 1 ) = P(w i jw i ¡ 1 )

In general, we est imate the probability of w i given previous context by

P (w i jw1w2 : : :w i ¡ 1 ) = P (w i jw i ¡ 1 )

which can be est imated by the MLE

C oun t (w i ¡ 1w i )

C oun t (w i ¡ 1 )

So we' r e back t o bigr ams!!!
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Markov Models

A bigram model can be viewed as a M ar kov model , a probabilist ic FSA

with

² S, a set of st at es, one for each word w i in the vocabulary.

² A , a t r ansi t ion mat r ix where a( i ; j ) is the probability of going from

state w i to state w j .

² ¦ , a vect or of ini t ial st at e pr obabi l i t ies, where¼( i ) is theprobability

of the ¯rst word being w i .

9/24/09
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Visualizing an n-gram based language model: the 

Shannon/Miller/Selfridge method

For unigrams:

ÅFix some ordering of the vocabulary vi.

ÅChoose a random value r between 0 and 1

ÅPrint out the first vk such that

For bigrams:

ÅChoose a random bigram P(vk|<wi>)

ÅThen pick up bigrams to follow as before

(this and next two slides adapted from Massimo Poesio)

kX

i = 1

P(vi ) ¸ r

9/24/09
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The Shannon/Miller/Selfridge method trained on 

Shakespeare

9/24/09



CIS 530 - Intro to NLP 19

Approximating Shakespeare, contôd
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The Sparse Data Problem II

Under the Markov Assumpt ion,

P (W ) = P (w 1 ) ¤ P (w 2 jw 1 ) ¤ : : : ¤ P (w i + 1 jw i ) ¤ : : : ¤ P (w n jw n ¡ 1 )

But what if we've never before seen w i w i + 1 in st ring W ?

Then the MLE est imate of P (w i + 1 jw i ) is

C oun t (w i w i + 1 )

C oun t (w i )
=

0

C oun t (w i )
= 0

So our est imate of P (W )= 0!
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Smoothing

This black art is why 
NLP is taught in the 
engineering school ï
Jason Eisner
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Smoothing

To fix this, we can smooth the data.

Assume we know how many types never occur in the data.

Steal probability mass from types that occur at least once.

Distribute this probability mass over the types that never 

occur.

9/24/09



CIS 530 - Intro to NLP 23

Smoothing

é.is like Robin Hood:

Åit steals from the rich

Åand gives to the poor

9/24/09



CIS 530 - Intro to NLP 24

Add-One Smoothing (Laplace Estimator)

Est imate probabilit ies P̂ assuming that each unseen

word type actually occured once.

Then, if we have N events and V possible words instead of

P̂ (w ) =
C oun t (w )

N

we est imate

P̂ (w ) =
C oun t (w ) + 1

N + V

(This is almost as if we had appended a word list of

length V to the end of our text .)

9/24/09
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Add-One Smoothing (Laplace Estimator)

P̂ (w ) =
C oun t (w ) + 1

N + V

Let ¹ = N

( N + V )
then, by simple algebra

P̂ (w ) = ¹
C oun t (w )

N
+ (1 ¡ ¹ )

1

V

So the Laplace est imator is a linear interpolation of MLE and the uniform

dist ribut ion.

For bigrams, Church and Galeshow that 46.5% of theprobability isallocated

to unseen bigrams. Way too much....

9/24/09
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Add-One Smoothing

Pro: Very simple technique

Cons:

ÅProbability of frequent n-grams is underestimated

ÅProbability of rare (or unseen) n-grams is overestimated

ÅTherefore, too much probability mass is shifted towards unseen n-
grams

ÅAll unseen n-grams are smoothed in the same way

Using a smaller added-count improves things but only 
some

9/24/09
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The Sparse Data Problem III

Exper iment : Divide 3M words of Wall St reet Journal into 2 halves. Com-

pare word counts across the two halves.

Count 1 Count 2 W or d Count 1 Count 2 W or d

1 0 abacuses 1 2 abilit ies

11 6 abandon 86 72 ability

29 21 abandoned 1 0 ability...

4 8 abandoning 0 1 ablaze

0 2 abandonment 192 149 able

2 0 abandons 0 1 able-bodied

1 0 abashed 4 9 abnormal

0 2 abate 0 2 abnormalit ies

1 1 abated 0 2 abnormality

Conclusion: T he smal ler t he count t he wor se t he est imat e.

Data From Mark Liberman ACL '92 Tutorial

9/24/09
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Estimating Counts by Split Halves

Quest ion: What is the average count in the 2nd half for all words with the

same count in the ¯rst half:

Half 1 Half 2 Half 1 Half 2

0 1.60491 8 7.53499

1 0.639544 9 8.27005

2 1.59014 10 9.50197

3 2.55045 11 10.0348

4 3.49306 12 11.2292

5 4.45996 13 12.7391

6 5.23295 14 12.5298

7 6.28311 15 14.1646

Obser vat ions: The Maximum Likelihood Est imator for items

² with count 0 is ver y bad.

² with small count is too high.

² for non-zero count , looks like it is always too high.
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Deleted Estimation

Why not , for all words with a given count in the ¯rst half, just use the

average count in the 2nd half of those same words as a bet t er est imat e of

t he r eal count t han t he M LE?

K EY I D EA : Pool all items with the same frequency, compute average

counts across halves, replace raw counts with \ smoot hed" est imates.

Half 1 Half 2 Half 1 Half 2

0 1.60491 8 7.53499

1 0.639544 9 8.27005

2 1.59014 10 9.50197

3 2.55045 11 10.0348

4 3.49306 12 11.2292

5 4.45996 13 12.7391

6 5.23295 14 12.5298

7 6.28311 15 14.1646

This method is a simple form of the smoothing method of cr oss val idat ion

or delet ed est imat ion. Bet ter: do both halves then average. Bet ter: divide

into more than 2 chunks.

Deleted est imat ion shi ft s some pr obabi l i t y mass to items with count 0.

9/24/09



CIS 530 - Intro to NLP 30

Good-Turing Smoothing

The Good-Tur ing for mula provides another way to smooth probabilit ies.

² Assumes that items are binominally dist ributed.

² Let N r be the number of items that occur r t imes.

² Key insight : N r can be used to provide a bet ter est imate of r , given the

binomial dist ribut ion:

² The adjust ed fr equency r ¤ is then

r ¤ = ( r + 1)
N r + 1

N r

(See Church & Gale, Computer Speech & Language 5, 1991 for a proof)

9/24/09



CIS 530 - Intro to NLP 31

Good-Turing Smoothing II

r r * delet ed r r * delet ed

est imat ion est imat ion

1 0.60657 0.60022 6 5.8471 5.48049

2 1.53609 1.5374 7 6.34003 6.50951

3 2.44796 2.45536 8 7.48252 7.427

4 3.47138 3.5363 9 8.49959 8.31739

5 4.43164 4.52614 10 9.46363 9.54607

Pr oblems wit h Good-Tur ing:

² To est imate 0¤ , must know how many t hings never occur ed.

² For larger r , the N r values get very small, so they must be smoothed!
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Witten-Bell Discounting

KEY IDEA: a zero -frequency N-�J�U�D�P���L�V���M�X�V�W���D�Q���H�Y�H�Q�W���W�K�D�W���K�D�V�Q�¶�W��
happened yet.

How often do zero-frequency N-grams first appear in this context? 

Å Just as often as zero-frequency N-grams have become 1-frequency N-

grams in this context. 

ÅWe can use the MLE estimate by counting the number of times we first 

encountered a type.

If P(wi | wi-k���«���Zi-1) = 0, 

then the estimate PWB(wi | wi-k���«���Zi-1) is higher
if wi-k���«���Zi-1 occurs with manydifferent words wi

�'�D�Q���%�L�N�H�O���F�D�O�O�V���W�K�L�V���³�G�L�Y�H�U�V�L�W�\���V�P�R�R�W�K�L�Q�J�´��
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