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Dan Jurafsky

The intuition of smoothing (from Dan Klein)

e When we have sparse statistics:
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e Steal probability mass to generalize better
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Add-one estimation

e Also called Laplace smoothing
e Pretend we saw each word one more time than we did
 Just add one to all the counts!

e MLE estimate: c(w,_;)

e Add-1 estimate:
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Maximum Likelihood Estimates

e The maximum likelihood estimate

e of some parameter of a model M from a training set T
* maximizes the likelihood of the training set T given the model M

e Suppose the word “bagel” occurs 400 times in a corpus of a million words

e What is the probability that a random word from some other text will be
“bagel”?

e MLE estimate is 400/1,000,000 = .004

e This may be a bad estimate for some other corpus

e Butitis the estimate that makes it most likely that “bagel” will occur 400 times in
a million word corpus.
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Berkeley Restaurant Corpus: Laplace

smoothed bigram counts

1 want | to eat chinese | food | lunch | spend
1 6 828 1 10 1 1 1 3
want 3 1 609 | 2 7 7 6 2
to 3 1 5 687 | 3 1 7 212
eat 1 1 3 1 17 3 43 1
chinese 2 1 1 1 1 83 2 1
food 16 | 1 16 1 2 5 1 1
lunch 3 1 1 1 1 2 1 1
spend 2 1 2 1 1 1 1 1
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Laplace-smoothed bigrams

P (Wn |Wn—l ) —

C(Wn—lwn> +1

C ( Wn—1 ) +V

1 want to eat chinese food lunch spend
1 0.0015 0.21 0.00025| 0.0025 0.00025| 0.00025| 0.00025| 0.00075
want 0.0013 0.00042| 0.26 0.00084 | 0.0029 0.0029 0.0025 0.00084
to 0.00078 | 0.00026| 0.0013 0.18 0.00078 | 0.00026| 0.0018 0.055
eat 0.00046| 0.00046| 0.0014 0.00046| 0.0078 0.0014 0.02 0.00046
chinese || 0.0012 0.00062| 0.00062| 0.00062| 0.00062| 0.052 0.0012 0.00062
food 0.0063 0.00039| 0.0063 0.00039| 0.00079 | 0.002 0.00039| 0.00039
lunch 0.0017 0.00056| 0.00056| 0.00056| 0.00056| 0.0011 0.00056| 0.00056
spend 0.0012 0.00058 | 0.0012 0.00058 | 0.00058| 0.00058| 0.00058| 0.00058
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Reconstituted counts

A

c” (Wn—lwn) —

A

N

[C(Wn—lwn) =+ 1] X C(Wn—l)

C(Wn—l ) +V

1 want to eat chinese | food| lunch| spend
1 3.8 527 0.64 6.4 0.64 0.64 | 0.64 1.9
want 1.2 0.39 238 0.78 2.7 2.7 2.3 0.78
to 1.9 0.63 3.1 430 1.9 0.63| 4.4 133
eat 0.34| 0.34 1 0.34 5.8 1 15 0.34
chinese || 0.2 0.098| 0.098| 0.098| 0.098 8.2 0.2 0.098
food 6.9 0.43 6.9 0.43 0.86 2.2 0.43 0.43
lunch 0.57| 0.19 0.19 0.19 0.19 0.38 | 0.19 0.19
spend 0.32| 0.16 0.32 0.16 0.16 0.16  0.16 0.16
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Compare with raw bigram counts

1 want | to eat chinese | food | lunch | spend

1 5 827 0 9 0 0 0 2

want 2 0 608 | 6 6 5 1

to 2 0 4 686 | 2 0 6 211

eat 0 0 2 0 16 2 42 0

chinese | 0 0 0 0 82 1 0

food 15 0 15 0 | 4 0 0

lunch 2 0 0 0 0 | 0 0

spend 1 0 | 0 0 0 0 0

1 want to eat chinese | food| lunch| spend

1 3.8 527 0.64 6.4 0.64 0.64| 0.64 1.9
want 1.2 0.39 238 0.78 2.7 2.7 2.3 0.78
to 1.9 0.63 3.1 430 1.9 0.63| 44 133
eat 0.34| 0.34 1 0.34 5.8 1 15 0.34
chinese || 0.2 0.098( 0.098| 0.098| 0.098 8.2 0.2 0.098
food 6.9 0.43 6.9 0.43 0.86 2.2 0.43 0.43
lunch 0.57| 0.19 0.19 0.19 0.19 0.38]| 0.19 0.19
spend 0.32| 0.16 0.32 0.16 0.16 0.16| 0.16 0.16
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Add-1 estimation is a blunt instrument

e So add-1isn’t used for N-grams:
o We'll see better methods

e But add-1 is used to smooth other NLP models
e For text classification
e |n domains where the number of zeros isn’t so huge.
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