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Lower perplexity = better model

* Training 38 million words, test 1.5 million words, WS)

N-gram Bigram Trigram
Order

Perplexity 962
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* Training set: * Test set
... denied the allegations ... denied the offer
... denied the reports ... denied the loan
... denied the claims
... denied the request

P(“offer” | denied the) =0
PCM*SM"') = W) ?(We/"')(?(kolw- "4; -




The intuition of smoothing (from Dan Klein)

* When we have sparse statistics:

P(w | denied the)
3 allegations
2 reports
1 claims
1 request

7 total

- Outcome

vl Ave. enths

e Steal probability mass to generalize better

P(w | denied the) -l
2.5 allegations
(%21
1.5 reports £ d &
0.5 claims =R [y £
0.5 request o || & L c S
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Add-one estimation /

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

c(w,_,,w,
Pew,lw,_ )= SUETLD
e MLE estimate: c(w,_,)
7
c(w._ . ,w.)+1
. . . P (wlw_)=—H0"
Add-1 estimate: Add-1 1 c(w,,) +IV[

éﬂﬂﬁ”l A-U" oA 5”00‘”\9 R=0./ A=0.D0)

X= |op




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—l) +V
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e |

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
Iunch 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




Challenging example

Noam Chomsky (Syntactic Structures, 1957):

Sentences (1) and (2) are equally nonsensical, but any speaker
of English will recognize that only the former is grammatical.

5 — T 3
(I)\Colorless green ideas sleep furiously.

(2) Furiously sleep ideas greenc

[T]he notion “grammatical in English” cannot be identified in
any way with the notion “high order of statistical
approximation to English”. It is fair to assume that neither
sentence (1) nor (2) (nor indeed any part of these sentences)
has ever occurred in an English discourse. Hence, in any
statistical model for grammaticalness, these sentences will be
ruled out on identical grounds as equally ‘remote’ from English.




