Language
Modeling

Estimating N-gram
Probabilities

Estimating bigram probabilities

* The Maximum Likelihood Estimate

P(w, | w; =PI )
count(w,_, )

C(W;,, W)
(W)

P(W: | Wi—1):



An example

<s>|am Sam </s>
a(W_,W,)

P(w, |w_)= <s>Sam | am </s>
aw.,)

What are the probabilities for the following

P(</s>|Sam)
P(Sam|am)
P(@amjl)
An example
<s>|am Sam </s>
c(W,_,,w,
P(w, |w_)= (W1, W) <s>Sam | am </s>

aw.,)

What are the probabilities for the following

P(</s>|Sam) = .5
P(Sam|am) =.5
P@amjl) =1
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was beginning to get wvery tired of

sitting by her on the bank, of
having nothing to do: once or twice she
had peeped into the book her was
reading, but it had no pictures or
conversations in it, ! what is the use
of a book,' thought 'without

pictures or conversation?'

P(c£) = 3/66 P(her) = 2/66

P( ) = 2/66 P( ) = 2/66
P(was) = 2/66 P(,) =4/66

P(to) = 2/66 P(') = 4/66

Example from Julia Hockenmaier

Conditional on the previous word

was beginning to get very tired of

sitting by her on the bank, of
having nothing to do: once or twice she
had peeped into the book her was
reading, but it had no pictures or
conversations in it, ' what is the use
of a book,' thought 'without
pictures or conversation?'

P(Wis1= of | wi=tired) = P(Wis1= bank | wi=the) =

P(wisi= of | wi=use) = P(wis1= book | wi=the) =

P(wis1= | wisher) = _ P(wiszi=use | wi=the) =

P(wi+1= beginning | wi=was) =
P(Wis1= reading | wi=was) =



Conditional on the previous word

-
English Word Salad
beginning by, wery but was
was beginning to get wery reading no tired of to inko =sittin
tired of sitting by hex on the, bank

the bank, of having nothing to her nothing: having o
do: once or twice she had peeped once do or on che
into the book hex was peeped was conwvers

reading, but it had no pictures ox in, 'what is the

conversations im it what is a book' 'pictures or' to
the use of a book,’' thought
without pictures or conwersation?

Now, P(English) > P(word salad)

P(wisi= of | wi=tired) =1 P(wi+i= bank | wi=the) =1/3
P(Wisi= of | wi=use) =1 P(wi.1= book | wi=the) =1/3
P(wis1= | wi=her) = 1 P(wiszi= use | wi=the) =1/3

P(Wi;1= beginning | wi=was) =1/2
P(Wi+i= reading | wi=was) =1/2

More examples:
Berkeley Restaurant Project sentences

can you tell me about any good cantonese restaurants close by
mid priced thai food is what i’'m looking for

tell me about chez panisse

can you give me a listing of the kinds of food that are available
i'm looking for a good place to eat breakfast

when is caffe venezia open during the day



Raw bigram counts

e Qut of 9222 sentences
1 want | to eat chinese | food | lunch | spend
1 5 827 0 9 0 0 0 2
want 2 0 608 1 6 6 5 1
to 2 0 4 686 2 0 6 211
eat 0 0 2 0 16 2 42 0
chinese 1 0 0 0 0 82 1 0
food 15 0 15 0 1 4 0 0
lunch 2 0 0 0 0 1 0 0
spend 1 0 1 0 0 0 0 0
Raw bigram probabilities
* Normalize by unigrams:
1 want to eat chinese food lunch spend
2533 | 927 2417 | 746 | 158 1093 | 341 278

* Result:

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

1 0.002 03310 0.0036| 0 0 0 0.00079

want 0.0022 | 0O 0.66 0.0011 | 0.0065 | 0.0065 | 0.0054 | 0.0011

to 0.00083 | 0 0.0017 ] 0.28 0.00083 | 0 0.0025 | 0.087

eat 0 0 0.0027 | 0 0.021 0.002710.056 |0

chinese || 0.0063 | 0 0 0 0 0.52 0.0063 |0

food 0.014 0 0.014 |0 0.00092 | 0.0037 | 0 0

lunch 0.0059 |0 0 0 0 0.0029 | 0 0

spend 0.0036 | 0O 0.0036 | 0 0 0 0 0




Bigram estimates of sentence probabilities

P(<s> | want english food </s>) =
P(l]|<s>)

P(want|l)

P(english|want)

X X X X

(

P(food | english)
P(</s>|food)

= .000031

What kinds of knowledge?

P(english|want) =.0011
P(chinese |want) = .0065

(
(
(
(
(
(

P(to|want) = .66
P(eat | to) =.28
P(food | to) =0

P(want | spend) =
P(i | <s>)=.25



Practical Issues

 We do everything in log space
e Avoid underflow
e (also adding is faster than multiplying)

log( X o, X Py x o) = log p +log p, +log P +log b,

Language Modeling Toolkits

* SRILM

e KenLM



AUG

Google N-Gram Release, August 2006

All Our N-gram are Belong to You

Posted by Alex Franz and Thorsten Brants, Google Machine Translation Team

Here at Google Research we have been using word n-gram models for a variety of R&D projects,

That's why we decided to sh:@ire this enormous dataset _with everyone. We prﬁ)cess_ed 1.024.908.26?.229 _words
of running text and are publishing the counts for all 1,176,470,663 five-word sequences that appear at least 40
times. There are 13,588,391 unique words, after discarding words that appear less than 200 times.

e serve
e serve
e serve
e serve
e serve
e serve
e serve
e serve
hd serve
hd serve

Google N-Gram Release

as
as
as
as
as
as
as
as
as
as

the
the
the
the
the
the
the
the
the
the

incoming 92
incubator 99
independent 794
index 223
indication 72
indicator 120
indicators 45
indispensable 111
indispensible 40
individual 234
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Google Books N-gram Viewer

Google Caveat

We will talk more about test sets and training sets... Test
sets should be similar to the training set (drawn from the
same distribution) for the probabilities to be meaningful.

So... The Google corpus is fine if your application deals
with arbitrary English text on the Web.

If not then a smaller domain specific corpus is likely to
yield better results.



Language
Modeling

Evaluation and
Perplexity

Evaluation: How good is our model?

* Does our language model prefer good sentences to bad ones?
» Assign higher probability to “real” or “frequently observed” sentences

|))

* Than “ungrammatical” or “rarely observed” sentences?

* Recall word salad example
e We train parameters of our model on a training set.

* We test the model’s performance on data we haven't seen.

» Atest set is an unseen dataset that is different from our training set,
totally unused.

* An evaluation metric tells us how well our model does on the test set.



Training on the test set

We can’t allow test sentences into the training set

We will assign it an artificially high probability when we set it in
the test set

“Training on the test set”

Bad science!

And violates the honor code

More later!

49

Extrinsic evaluation of N-gram models

* Best evaluation for comparing models A and B
e Put each model in a task
* spelling corrector, speech recognizer, MT system
* Run the task, get an accuracy for A and for B
* How many misspelled words corrected properly
* How many words translated correctly
e Compare accuracy for A and B



Difficulty of extrinsic (in-vivo) evaluation of
N-gram models

e Extrinsic evaluation
* Time-consuming; can take days or weeks
* So
e Sometimes use intrinsic evaluation: perplexity
* Bad approximation
e unless the test data looks just like the training data
* So generally only useful in pilot experiments
e But is helpful to think about.

Intuition of Perplexity

/~ mushrooms 0.1
¢ The Shannon Game:

* How well can we predict the next word? pepperoni 0.1

< anchovies 0.01
| always order pizza with cheese and

The 33" President of the USwas fried rice 0.0001

| saw a

\_ and 1e-100

* Unigrams are terrible at this game. (Why?)

e A better model of a text
* is one which assigns a higher probability to the word that actually occurs



Perplexity

The best language model is one that best predicts an unseen test set

* Gives the highest P(sentence) .

PP(W) = P(ww,..wy) ¥
Perplexity is the inverse probability of W) (WiW,... Wy)

the test set, normalized by the number

1
of words: - N\/m

N

Chain rule: PP(W) = fd

1
P(wiwi...wi_1)

1

1

For bigrams:
PP(W) =

Minimizing perplexity is the same as maximizing probability

Lower perplexity = better model

* Training 38 million words, test 1.5 million words, WSJ

Bigram |Trigram

Perplexity 962 170 109



