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Structure of the Course

NnCoreo framewor k feat
and algorithm design




DataParallel Dataflow Languages

We have a collection aécords
want to apply a bunch of operations
to compute some result

What are the dataflow operators?
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Structure of the Course

Analyzing Text
Analyzing Graphs
Analyzing
Relational Data
Data Mining

NnCoreo framewor k feat
and algorithm design




Source: http://www.flickr.com/photos/guvnah/7861418602/




Count
(Efficiently)

class Mapper {
def map(key: Long, value: String) = {
for (word < tokenize(value)) {
emit(word, 1)
}
}
}

class Reducer {
defreduce(key: String, valuekerablgInt]) = {
for (value <values) {
sum += value
}
emit(key, sum)
}
}



Divide.

Source: http://www.flickr.com/photos/guvnah/7861418602/ https://twitter.com/mrogati/status/481927908802322433



Pairs. Stripes.
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Answer: language models



Language Models

P(wy,ws, ..., wr)

What are they?
How do we build them?
How are they useful?



Language Models

P(wl,wg,...,wT)

- P(wl)P(w2|w1)P(wg|w1, ’lUQ) ce P(wT|w1, “e ,’LUT_l)

[chain rule]

Is this tractable?



Approximating ProbabilitiedN-Grams

Basic idealimit history to fixed number ofN ¢ 1) words
(Markov Assumption)

P(wg|w1, ..., wi—1) ~ P(wg|wg—N+1y-- ., Wk—1)
N=1: Unigram Language Model

P(wg|wy, ..., wg—1) = P(wy)

= P(wi,ws,...,wr) ~ P(wi)P(ws2) ... P(wr)



Approximating ProbabilitiedN-Grams

Basic idealimit history to fixed number ofN ¢ 1) words
(Markov Assumption)

P(wg|w1, ..., wi—1) ~ P(wg|wg—N+1y-- ., Wk—1)

N=2: Bigram Language Model

P(wg|w, ..., wk_1) =~ Plwi|wg_1)

= P(wy,ws,...,wr) = P(wi|< S >)P(ws|wy) ... Pwp|wr_1)
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Approximating ProbabilitiedN-Grams

Basic idealimit history to fixed number ofN ¢ 1) words
(Markov Assumption)

P(wg|w1, ..., wi—1) ~ P(wg|wg—N+1y-- ., Wk—1)

N=3: Trigram Language Model

P(wg|wy,...,wk_1) = Pwk|wk_2, wr_1)

= P(wy,wa,...,wr) =~ Plw|<S><S>)... Plwr|lwr_swr_1)
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BuildingN-Gram Language Models

Compute maximum likelihood estimates (MLE) for
Individualn-gram probabilities

Unigram  P(w,) = C(wi) Fancy way of saying:
R count + divide
Cl(wi,w;)

Bigram P(w;,w;) =

N
P(‘tﬂg’g U‘_}) _ C(’!Ui} ij) 5 C({mt‘j U1J)
P(w;) S Clwpw) © Clwy)
Minor detail here...

P(wj|w;) =

Generalizes to highesrder ngrams
State of the art models use -gsams

We already know how to do this in MapReduce!
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The two commandments of estimating
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‘Source: Wikipedia (Moses)



Probabilities must sum up to one

a: http://www.flickr.com/photos/37680518@N03/7746322384/
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Source: https://WWW.fIicmlgom/ph‘)lolzl
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Example: Bigram Language Model

<s> | am Sanx/s>
<s> Sam | anx/s>
<s> | do not like green eggs and haris>

Training Corpus

P(l]|<s>)=2/3=0.67 P(Sam|<s>)=1/3=0.33
P(am|1)=2/3=0.67 P(do|1)=1/3=0.33
P(</s>|Sam)=1/2=0.50 P(Sam | am) = 1/2 = 0.50

Bigram Probability Estimates
Note: We do®ever cross sentence boundaries



DataSparsity

P(l]|<s>)=2/3=0.67 P(Sam|<s>)=1/3=0.33
P(am|1)=2/3=0.67 P(do|1)=1/3=0.33
P(</s>|Sam)=1/2=0.50 P(Sam | am) =1/2 =0.50

Bigram Probability Estimates

P(I like ham)

= P(1|<s>)P(like |1)P(ham | like ) P(</s>|ham)
=0

Why is this 0247

Issue:Sparsity



Thou shalt smooth!

Zeros are bad for any statistical estimator

Need better estimators because MLEs give us a lot of zeros
I RAAUONRAROdzIAZ2Y G6AGK2dzi | SNE

The Robin Hood Philosophy: Take from the rich (segrams)

and give to the poor (unseamgrams)
Need better estimators because MLEs give us a lot of zeros
A distribution without zeros i6ssmootheg

Lots of techniques:

Laplace, Gooduring, Katbackoff JelinekMercer
KneserNey represents best practice



Laplace Smoothing

Learn fancy words for

Simplest and oldest smoothing technique
Just add 1 to al-gram counts including the unseen ones
So, what do the revised estimates look like?



Laplace Smoothing

Unigrams

Bigrams
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