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EM idea

EM (Expectation Maximization) in a nutshell:
1. Initialize model parameters, e.g., uniform.
2. Assign probabilities to missing data. E-step
3. Estimate model parameters from manufactured/expected data. M-step
4. Iterate step 2 - 3 until convergence.
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EM

E:

qi(zi) =
p(xi, z; θ)∑
z∈Z p(xi, z; θ)

M:

θ = argmax
θ

m∑
i=1

∑
z∈Z

qi(zi) log
p(xi, z; θ)

qi(zi)
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Map to SMT

xi → (e, f)

zi → a

qi(zi) = p(a|e, f)
p(xi, zi; θ) = p(a, e|f)

m∑
i=1

∑
z∈Z

qti(zi) log
p(xi, z; θt+1)

qti(zi)∑
(e,f)∈D

∑
a

p(a|e, f) log
p(a, e|f)
p(a|e, f)
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EM translated to SMT

E:

p(a|e, f) = p(a, e|f)∑
a p(a, e|f)

M:

θ = argmax
θ

m∑
i=1

∑
a

p(a|e, f) log p(a, e|f)
p(a|e, f)
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E-step for IBM1

IBM Model 1:

p(e, a|f) = ε

(lf + 1)le

le∏
j=1

t(ej |fa(j))

The trick:

p(e|f) =
∑
a

p(e, a|f) = ε

(lf + 1)le

le∏
j=1

lf∑
i=0

t(ej |fi)

Final for E-step:

p(a|e, f) = p(e, a|f)
p(e|f)

=

le∏
j=1

t(ej |fa(j))∑lf
i=0 t(ej |fi)
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M-step for IBM1

Counts over 1 sentence:

c(e|f ; e, f) =
∑
a

p(a|e, f)
le∑
j=1

δ(e, ej)δ(f, fa(j))

Counts over corpus:

c(e|f ; e, f) = t(e|f)∑lf
i=0 t(e|fi)

le∑
j=1

δ(e, ej)

lf∑
i=0

δ(f, fi)

Final for M-step:

t(e|f) =
∑

(e,f) c(e|f ; e, f)∑
e

∑
(e,f) c(e|f ; e, f)
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EM pseudo code

Require: set of sentence pairs (e, f)
Ensure: translation prob. t(e|f)

initialize t(e|f) uniformly
while not converged do

{initialize}
count(e|f) = 0 for all e, f
total(f) = 0 for all f
for all sentence pairs (e,f) do

{compute normalization}
for all words e in e do

s-total(e) = 0
for all words f in f do

s-total(e) += t(e|f)
end for

end for
{collect counts}
for all words e in e do

for all words f in f do

count(e|f) +=
t(e|f)
s-total(e)

total(f) +=
t(e|f)
s-total(e)

end for
end for

end for
{estimate probabilities}
for all foreign words f do

for all English words e do

t(e|f) =
count(e|f)
total(f)

end for
end for

end while
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IBM Model 2 vs. Model 1
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IBM Model 2 vs. Model 1

natürlich ist haus klein

of course is the house small

das
1 2 4 53

of course the house is small
1 2 3 4 5 6

lexical translation step

alignment step
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Higher order IBM models

IBM Model 1: lexical translation, all reorderings / alignments
are equally likely; still used for initialization

IBM Model 2: adds explicit reordering / alignment model
IBM Model 3: adds fertility model
IBM Model 4: adds improved reordering model
IBM Model 5: fixes deficiency
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E-step for IBM2

IBM Model 1:

p(e, a|f) = ε

(lf + 1)le

le∏
j=1

t(ej |fa(j))

IBM Model 2:

p(e, a|f) = ε

le∏
j=1

a(i|j, le, lf )t(ej |fa(j))

Final for E-step:

p(a|e, f) = p(e, a|f)
p(e|f)

=

le∏
j=1

t(ej |fa(j))∑lf
i=0 t(ej |fi)
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IBM Model 3
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IBM Model 3
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fast align
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Marginals for the E-step

still quadratic time!
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M-step

Optimizing for λ
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Advantages of fast align

n still quadratic time of the E-step

n Zλ calculation using simple geometric progression formula in constant
time!

n although optimizing for λ requires gradient descent, it also uses the
same formula
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