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Recap

* Language modelling applications
e Perplexity (PPL) : 2/, where His cross entropy

* MLE: P(w2|w+1) = count(waz,w+)/count(w1)
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L anguage Models

 Language models answer the question:
How likely is it that a string of English words is good English?

* Help with reordering

poLm(the house is small) > puv(small is the house)

Help the with word choice

pLv(easy to recognise speech) > puv(easy to wreck a nice beach)

e They define the probability of a string of words
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N-Gram Language Models

e (@iven: a string of English Words W= w1, we, ws,..., why
e Question: what is p(W) ?

e Sparse data: Many perfectly good English sentences might not have been
recorded (or written)

—> Decomposing p(W) using the chain rule:
(W1, Wo, W3,..., Wn) = p(w1)p(wz|wi)p(ws|wi,wa)...o(Wn| w1, Wo, Ws,..., Wn-1)

(not much gained yet, p(wn| w1, Wo, wa,..., Wn-1) is equally sparse)
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Markov Chain

* Markov Assumption:
* only recent history matters

* - limited memory: only last k words are included in history (older words
less relevant)

kih order Markov model
* For instance 2-gram language model:
(w1, Wa, Ws,..., Wn) = p(wi)p(wa|w1)p(ws|ws)...o(Wn| Wn-1)

 What is conditioned on, here wi.1 is called the history
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Estimating N-Gram
Probabillities

Maximum likelihood estimation

p(wz|w1)= count (w1 wz)/count(w1)
Collect counts over a large text corpus

Millions to billions of words are easy to get

(trillions of English words available on the web)

LT1 6



Example: 3-Gram

* (Counts for trigrams and estimated word probabilities

the green (total: 1748) the red (total: 225) the blue (total: 54)

word C. prob. word C. prob. word C. prob.
paper| 801 0,458 cross| 123 0547  box | 16 | 0296
group| 640 0367  tape | 31 0138 . | 6 0111
light | 110 0063 army| 9 0040 army| 6 0111
‘party | 27 0015  card | 7 0031 card| 3 0056

— 225 trigrams in the Europarl corpus start with the rea
— 123 of them end with cross

—> maximum likelihood probability is 123/225 = 0,547
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Example: 3-Gram

prediction pLm -logzpLm
_______________________ pum(i I</s><5>) 0,109 3,197
____________________ p LM(wou/d/<s>/) 0144 2791
,DLM(/Ike/IWOU/d) """"""""""""" 0489 1031
oun(to | would like) | 0905 0,144
"""""" puv(commend | liketo) | 0002 = 8794
"""""" puw(him | to commend) | 0472 | 2367
__pu(.lcommend him) | 0200 1785
_____________________ puu(</s>1him.) | 0999 0,000
"""""""" average = 2,513
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Perplexity

PPL = 2A(- %z,- logz p(wi|wi1...))
* where Nis the number of tokens in data D, wje D

 Shannon-McMillan-Breiman theorem



Comparison 1 to 4-Gram

word unigram bigram trigram 4-gram

i 6684 3197 3197 = 3,197
"""""" would | 8342 = 284 . 2791 2791
"""""""" like | 9129 2026 1031 . 1290
""""""""" to | 5081 0402 0144 0113
_commend | 15487 1233 8794 8633
o im 19678 0818 2367 0880 .
_____________________________________________________ 48% 300 o hee o IR10
. 4828 0005 .00 0.000 .
_________ average | 7613 3898 2513 2302
perplexity | 195768 = 14907 = 5708 = 4,913
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Unseen N-Grams

 We have seen | like to in our corpus
 We have never seen |/ like to sSmooth in our Corpus
—> p(smooth | i like to) = O

 Any sentence that includes / like to smooth will be assigned probability O
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Seen N-Grams

e p(llike to commend) computed on training set
e |s it representative on test set?

e Does it overfit ?
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Add-One Smoothing

* For all possible n-grams, add the count of one

c+1 C

= <
NPV

e ¢ = count of n-gram in corpus

N = count of history

e Vv =vocabulary size
* But there are many more unseen n-grams than seen n-grams
 Example: Europarl bigrams:

* 86700 distinct words

. 86700° = 7516890000 possible bigrams (~ 7,517 billion )

* but only about 30000000 bigrams (~30 million) in corpus
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Add-a Ssmoothing

e Adda< 1toeach count
c+Q

“N+avn

 Whatis a good value of a?

Could be optimised on held-out set
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Example: 2-Grams in Europarl

C (c+1) NTVZ | (c+a) N+I\c||v2 | tc

0 0,00378 0,00016 0,00016
"""""""""""" 1 | 000785 | 095725 046235
"""""""""""" 5 | 002266 478558 435234
"""""""""""" 8 | 003399 765683 7,15074
T R 004155 957100 011927
""""""""""" 20 | 007931 1914183 1895048

e Add-a smoothing with a=0,00017

e t{care average counts of n-grams in test set that occurred ¢ times in
COrpus
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Deleted Estimation

e Estimate true counts in held-out data

split corpus in two halves: training and held-out

counts in training Ci(ws,..., Wn)

number of n-grams with training count r: N,

total times n-grams of training count r seen in held-out data: 7,

e Held-out estimator:

T,

NN

on(W1,..., Wn) = where count(wi,..., Wn) = r

 Both halves can be switched and results combined

T7r+T2r
= here count(ws,..., =r
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Good-Turing Smoothing

 Adjust actual counts rto expected counts r" with formula

e N,number of n-grams that occur exactly rtimes in corpus

e Nptotal number of n-grams

e This smoothing works well for low r

e |t fails for highr,as Ny =0
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Good-Turing for 2-Grams in Europarl

Count Count of counts% Adjusted count Test count

r N r t
0 | 7514941065 = 000015 000016
"""""" 1| 1132844 046539 046235
s | 49254 436067 435234
8 21603 743798 7,15074
""""" 10 | 14880 931304 911927
20 | 4546 1954487 1895048

adjusted count fairly accurate when compared against the test count
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Back-Off

* In given corpus, we may never observe

e Scottish beer drinkers

e Scottish beer eaters
e Both have count O

e our smoothing methods will assign then same probability
» Better: back-off to bigrams:

* pbeer drinkers

e Deer eaters
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Interpolation

 Higher and lower order n-gram models have different strengths and
weaknesses

* high-order n-grams are sensitive to more context, but have sparse
counts

* |ow-order n-grams consider only very limited context, but have robust
counts

e (Combine them
pi(ws|w1,wz) = A1p1(W3) + Aspa(Wz|wa) + Asps(wa|wi,w2)

)\1+)\2+)\3:7
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Recursive Interpolation

 We can trust some histories Win+1,...,Wi.1 more than others
e (Condition interpolation weights on history: A(Win+1,...,Wi-1)
* Recursive definition of interpolation

PIn(Wi|Winet,...,Wi-1) = N Wins1, ..., Wi-1) P(Wi|Wins1, ..., Wi1) +
(1-MWine1, .. ., Wie1))P!n(Wi| Win+2, ..., Wi-1)
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Example: Recursive
INnterpolation

Consider a trigram: in spite of (BTW: GT = Good Turing)

pi(of | in spite) = Ain spite PaT(Of | in spite) + (1- Ain spite )O1(Of | Spite)
= Ain spite PGT(OF | in spite) (- expanding pi(of | spite) )
+ (1- Ain spite ) { Aspite par(0f | spite) + (1-Aspite J01(OF )}
= Ain spite PaT(Of | in spite) (- pi(of ) = par(of ) )

+ (1= Ain spite ) { Aspire par(0f | spite) + (1-Aspite Jpc7(0f )}
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Back-Off

e Trust the highest order language model that contains the n-gram
pBOﬂ(WI | Wi—n+7; ey W/-7) —
An(WilWins1,. .., Wi1) if county(Wipe1,...,w;) > 0

An(Winit, ..., Wi1) PPCn(Wi|Winsa, ..., Wi 1) else

e Requires
 adjusted prediction model an(WilWins1,...,Wi1)

 discounting function d,(Win.1,...,wi1) :left over mass from the adjusted
predicted model
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Back-Off with Good-Turing
Smoothing

* Previously, we computed n-gram probabilities based on relative frequency

count(wi,wo)
count(wsi)

p(wa|wr) =

* Good Turing smoothing adjusts counts ¢ to expected counts ¢’

count(wi,wz) < count(wi,wz)

* We use the expected counts for the prediction model (but O" remains 0)

count’(w1,wo)
count(ws)

CJ(W2|W1):

e This leaves probability mass for the discounting function
do(w1) = 1- Zwea(wa|ws)
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Example: Back-Off with GT
Smoothing

peo( of | spite ) = agt( of | spite ) [ c(spite of) > 0 ]
peo( . | spite ) = agt( - | spite ) [+ c(spite .) > 0 ]
agT < PMLE, tO allow for unseen words

d(spite) = 1 - agr( of | spite ) + aat( . | spite ) [ a piece of the pie left for
unseen words]

Test set: Cut your nose to spite your face

peo( your | spite ) = d(spite) x pat(your)
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Diversity of Histories

e (Consider the word York
e fairly frequent word in Europarl, occurs 477 times
e as frequent as foods, indicates and provides
e in unigram language model: a respectable probability
 However, it almost always directly follows New (473 times)
« Recall: unigram model only used, it the bigram model inconclusive
* York unlikely second word in unseen bigram

e in back-off unigram model, York should have low probability
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Kneser-Ney smoothing

 Kneser-Ney smoothing takes diversity of histories into account

Count of histories for a word
Nii(ow)= |{wi:c(w,w)> 0}

e Recall: maximum likelihood estimation of unigram language model

ow(w) = W)
2i c(w))

In Kneser-Ney smoothing, replace raw counts with count of histories

/\/1+(OW)
2i N7+(‘W/')

PKN(W) =
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Example: Kneser-Ney
Smoothing

| can’t see without my
p(York | my) = agr(my York) + dmy X agr(York)
= c*(my York) + dmy x c*(York)

c(my) N
=> p(York | my ) > p(glasses | my)

Applying Kneser-Ney ...
p(York | my) = akn(my York) + dmy X akn(York)

= c*(my York) + dmy X N+, (eYork)
c(my) N1+ (ow)

=> p(York | my ) < p(glasses | my)
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Modified Kneser Ney
Smoothing

e Absolute discounting: subtract a fixed D from all non-zero counts

c(Wi,...,Wn)- D
a(wn|wi,...,Wn-1) =

e Refinement: three different discount values
D1 if c=1
D(c) Doifc=2

Dasif c>= 3
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Discount Parameters

* Optimal discounting parameters D1,D2,D3.can be computed quite easily

N
Y= /
/\/1 +2/\/2
D10y N2
N
N
Do=2-3Y—2
N>
N4
D3+ :3'4 Y
N3

e Values N¢ are the counts of n-grams with exactly count ¢
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Interpolated Back-Off

« Back-off models use only highest order n-gram

* if sparse, not very reliable

e two different n-grams with same history occur once —> same
probability

e 0one may be an outlier, the other under-represented in training
 TJoremedy this, always consider the lower-order back-off models
* Adapting the a function into interpolated a, function by adding back-oft

aWwn|wi,...,\Wn-1) = Q(Wn|W1,...,Wn-1) + d(W1,...,Wn-1)pi(Wn|Wea,...,Wn-1)

Note that d function needs to adapted as well
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Evaluation

Evaluation of smoothing methods:

Perplexity for language models trained on the Europarl corpus

Smoothing method bigram trigram 4-gram
Good-Turing 96,2 629 599
Modified Kneser-Ney 95,4 61,6 58,6

...............................................................................................................................................................................................................................

Interpolated Modified Kneser Ney| 945 = 593 540
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summary

e Language models: How likely is a string of English words good English 7
* N-Gram models (Markov Assumption)
* Count smoothing
e add-one, add-a
* deleted estimation
» Good Turing
 Interpolation and back off
* Good Turing

* Kneser-Ney
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