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General view on SMT
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Noisy Channel Model

argmax
e

p(e|f)= argmax
e

p(f |e)︸ ︷︷ ︸
transl. model

p(e)︸︷︷︸
lang. model

n p(e) = language model

n p(f |e) = acoustic model

n SMT must deal with word reordering
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Why LM?

reordering

pLM(the house is small) > pLM(small the is house)

right word choice:

pLM(I am going home) > pLM(I am going house)
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Bayes rule

p(x|y) = p(x, y)

p(y)

p(y)p(x|y) = p(x, y)

p(wk
1) = p(w1, w2, . . . , wk)

= p(w1)p(w2|w1)p(w3|w1, w2) . . . p(wk|w1, . . . wk−1)
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Example of a 3-gram model
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“I would like to commend the rapporteur on this work”
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“I would like to commend the rapporteur on this work”
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Add 1

unsmoothed: p =
c

n
, c=number of n-gram in corpus

n=count of history (1)

(2)
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Add 1

unsmoothed: p =
c

n
, c=number of n-gram in corpus

n=count of history (1)

”Add-one”-smoothing: p =
c+ 1

n+ v
, v = size of vocabulary (2)
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Add α

p =
c+ α

n+ αv
, α < 1, α optimized on held-out set (3)
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Add α

p =
c+ α

n+ αv
, α < 1, α optimized on held-out set (3)

Example: 2-grams in Europarl

Count Adjusted count Test count
c “add 1” “add α tc
0 0.00378 0.00016 0.00016

1 0.00755 0.95725 0.46235

2 0.01133 1.91433 1.39946

3 0.01511 2.87141 2.34307

4 0.01888 3.82850 3.35202

5 0.02266 4.78558 4.35234

6 0.02644 5.74266 5.33762

8 0.03399 7.65683 7.15074

10 0.04155 9.57100 9.11927

20 0.07931 19.14183 18.95948

α = 0.00017
tc = average count of n-gram in test set that occured c times in training
corpus
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Deleted Estimate

r∗ =
T 1
r + T 2

r

N1
r +N2

r
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Good-Turing smoothing

r∗ = (r + 1)
Nr+1

Nr

Nr – # of n-grams that occur r times in our corpus
N0 – total # of n-grams.
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Interpolation

pI(w3|w1, w2) = λ1 p1(w3)

+ λ2 p2(w3|w2)

+ λ3 p3(w3|w1, w2)

∀λn : 0 ≤ λn ≤ 1∑
n

λn = 1
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Recursive Interpolation

pIn(wi|wi−n+1, ..., wi−1) = λwi−n+1,...,wi−1 pn(wi|wi−n+1, ..., wi−1)

+ (1− λwi−n+1,...,wi−1) pIn−1(wi|wi−n+2, ..., wi−1)
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Recursive Back-off

pBO
n (wi|wi−n+1, ..., wi−1) =

dn(wi−n+1, ..., wi−1) pn(wi|wi−n+1, ..., wi−1)

if countn(wi−n+1, ..., wi) > k

αn(wi|wi−n+1, ..., wi−1) p
BO
n−1(wi|wi−n+2, ..., wi−1)

otherwise
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if countn(wi−n+1, ..., wi) > k

αn(wi|wi−n+1, ..., wi−1) p
BO
n−1(wi|wi−n+2, ..., wi−1)

otherwise

n k usually a small number – 0 or found emprically

n Good-Turing estimation reduces counts (and probabilites), we can just
use the discount GT gives as a discounting function dn(w1, ..., wn−1).

n αn(wi|wi−n+1, ..., wi−1) then collect all the missing probability mass:
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