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Statistical Machine Translation

e = argmax Pr(e|f)

= argmax Pr(f|e)Pr(e)

e

® Brown et al. 1993.The mathematics of statistical machine
translation: Parameter estimation. Computational
Linguistics, 19(2):263-31 1 (http://www.aclweb.org/
anthology/]/]93/]93-2003.pdf)

® Decomposed into translation model of p(f|e) and
language model of p(e)


http://www.aclweb.org/anthology/J/J93/J93-2003.pdf
http://www.aclweb.org/anthology/J/J93/J93-2003.pdf
http://www.aclweb.org/anthology/J/J93/J93-2003.pdf
http://www.aclweb.org/anthology/J/J93/J93-2003.pdf

Language Model

Pr(I do not know) ?

Pr(I not do know)

7



Language Model

Pr(Idonotknow) = 7
Pr(Inotdo know) = 7

® |ikelihood of a string of English words



Language Model

Pr(Idonotknow) = 7
Pr(Inotdo know) = 7

® |ikelihood of a string of English words
® Usually modeled by ngrams

W:wl,UJQ,’IUg,‘"UJN



Language Model

Pr(Idonotknow) = 7
Pr(Inotdo know) = 7

® |ikelihood of a string of English words
® Usually modeled by ngrams

W:w17w27w37”°wl\f
P(W) — p(w17w27w37"'7wN)

p(w1)p(wz|wy)p(ws|wi, ws) - - -

p(wN‘wl,QUQ,UJg, T 7wN—1)



ngram Language Model



ngram Language Model

® Markov assumption: only n-words are
memories in the history

® Bigram:

p(Idonotknow) = p(I)p(do|l)p(not|do)p(know|not)



ngram Language Model

® Markov assumption: only n-words are
memories in the history

® Bigram:
p(Idonotknow) = p(I)p(do|l)p(not|do)p(know|not)

® Training: Maximum likelihood estimate +
smoothing (Good-Turing, Witten-Bell,
Kneser-Ney etc.)



Larger Data, Better LM
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1 1 N
® Entropy: — Nlong(Wl ) Perplexity: 9—« log2 p(W1')



Test data BLEU

Better LM, Better MT
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Translation Model

je ne sais pas

I do not know

Pr(fle) =77



Translation Model

f = jene sais pas
e = Idonotknow
Pr(fle) =77

® 5 Models with increasing complexity: Model | to
Model 5

® VWe will concentrate on Model |:
® How to represent P(f|e)

® How to estimate P(f|e)



Alignment Representation

Pr(fle) = ZPT (f, ale)



Alignment Representation

Pr(fle) = ZPT (f, ale)

know .
not .

je mne sais pas




Alignment Representation

know

not

je mne sais pas

Pr(fle) =

aA —

ZPT (f, ale)

{(1—-1),(2—3),3—4),(4—3)}



Alignment Representation

Pr(fle) = ZPT (f, ale)

know .
not .

. a={(1—1),(2—3),3—>4),(4—3)}

je mne sais pas

® We decompose P(f|e) into P(f,ale)

® a:word alignment, mapping from source-to-target

. e| x|t
® How many possible “a’? 2lelIt
8



| -to-m Approximation



| -to-m Approximation

know .
not .

je mne sais pas




know

not

| -to-m Approximation

je mne sais pas

NULLy I; do; not; knowy

>

je; ne,; saiss pas,
a=1{1,3,4,3}



| -to-m Approximation

NULLy I; do; not; knowy

>

know . je; ney saiss3 pas,
ot/ N B a={1,3,4,3}
— m —
. P = 1 — f17f27f37”°
N
e = € = €0,€61,€2,€3, "

je mne sais pas a

|
&
—
|

ai, a2, ds, - -



| -to-m Approximation

NULLy I; do; not; knowy

>

know . je; neg sais3 pas,

ot/ N B a={1,3,4,3}

_ m
. I = 1 — f17f27f37”'
_ [ _
€ = € — €0,€1,€2,€3," "
JE 1€ Sals pas a — CLT — a/]_, aj27 013, o o o

® Each word in f is aligned to one of e
® Assume NULL word in e

o c¢c_9% f
® How many possible “a”? (lef + 1)
9



Decomposition: Model |
Pr(fle) ZP’F (f,ale)
ZPT f|a, e)Pr(ale)

— Pr(m\e)ZPr(f\a,m,e)Pr(a\m,e)

Z]:[ f3|6a3 )
: s.t.Ve : th\e ) =1

2

10



Decomposition: Model |
Pr(fle) = » Pr(f,ale)
= ) Pr(fla,e)Pr(ale)

Pr(ml|e) Z Pr(f|a, m,e)Pr(ajm,e)

ZHt f3|6a3 )
n s.t.Ve.Zt(f\e) 1
/

2

® An example for a fixed “a”:

NULL; I; do, not; know, t(je,|I1) x t(ney|nots)

€ X t(

| />< x t(saisz|know,) x t(pas,|nots)
1
>< —_

je; ne; sais3 pas, 5



Efficient Computation

1

a j71=1
[ [ [ m 1

- Ea,lz::O agzz:O . a;()j[[lt(fﬂea )(l + 1)m
m l1 1

=c| t(fj\e)(l+1)m

11



je,INULL() X t(nes|nots) x - - -
je,|I1) x t(nez|not3) x - --
je,|dos) x t(nes|not3) x - - -

je, not3) X t(ney|notsz) x - -

je, know,) x t(nes|nots) X - - -

11




Efficient Computation

1

P X<

/

a1:0 CLQZO am:() j:1
m l1 1
:El t(fj‘el) (l—|—1)m

j=1 i=0
o« o o € X {
(je;INULLg) x t(nes|not3) x --- (t(je,[NULLg) °
(je;|I1) x t(nez|not3) x - - - +t(jeq|I1)
(je,|do2) x t(nes|not3) x - - { +t(je,|do2)
(je,|not3) x t(ney|notsz) x - - - +t(je, |nots)
(Je, know,) x t(nez|not3) x --- | +t(je, knowy)
.. } X 5% X }5%
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Estimation: Model |

® Given bilingual data,a setof fande: D = (F,&)
e Likelihood of data: [I Pritle)

(f,e)eD
® | earn parameters O that maximize the log-

likelihood of data: 5 _ Argmax Z log Py (fle)

O (fe)eD

® For Model I, O corresponds to t(f | e)

12



Objectives: Model |

Zlong(f\e) = ZlogeHthj\ez )
(f,e)

7=1 1=0
l
= constant+Zlo ﬁz t(file:)
(f,e) 7=1 1=0

m [
constant + L L log » t(filei)

(f.e) =1 1=0

13



Objectives: Model |

Zlong(f\e) = ZlogeHthy‘ez )
(f,e)

7=1 1=0
m
— constant + Z log HZ (f;les)
(f,e) j=1 1=0
m [
— constant + L L log fj‘ez
(fe 7=1 i=0

® Maximize: L Llogzt filei)

(f,e) 1=1 1=0

® Constraints: Ve: y t(fle) =1



Iterative Learning: Model |



Iterative Learning: Model |

® We will build an iterative procedure to maximize
L(©): choose O’ which is better than ©
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Iterative Learning: Model |

® We will build an iterative procedure to maximize
L(©): choose O’ which is better than ©

® |ntroduce an auxiliary variable: probability of
aligning f; and e; given f,e to(f:le:)
71¢1

q?i,j(‘9§ f7 e) —
S o te(filei)
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Iterative Learning: Model |

® We will build an iterative procedure to maximize
L(©): choose O’ which is better than ©

® |ntroduce an auxiliary variable: probability of
aligning f; and e; given f,e to(f:le:)
71¢1

q?i,j(‘9§ f7 e) —
S o te(filei)

® Remark:
’ Py(f,ale
Py(alf,e) = 2 f\e‘z | | qi.;(0; 1, €e)
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Iterative Learning: Model |

® We will build an iterative procedure to maximize
L(©): choose O’ which is better than ©

® |ntroduce an auxiliary variable: probability of
aligning f; and e; given f,e to(f:le:)
71¢1

q?i,j(‘9§ f7 e) —
S o te(filei)

® Remark:
’ Py(f,ale
Py(alf,e) = 2 f\e‘z | | qi.;(0; 1, €e)

® Use Jensen’s inequality:

long ki >Zq log




Lower Bound: Model |

m [
L") = ) N log» ter(file:)

(f,e) =1 1=0

S 3 9 SURGB RS

(f,e) j=1 i=0 1isj

33 (070 Y e

(f,e) 1=1 ’LOqZ]

— LL%J (61— 1) lOthQT (f;les) + constant

(f,e) 1=1

[V

15



Lower Bound: Model |

m [
Z Z 1ngt9T(fj\€i)

(f.e) j=1  i=0 Jensen’s inequality

4 tor (fles)
= log > " qi (0" 1) 20
S WM
S D) SRTARITS Rt sy
k (f,e) =1 1= OQz] /

L L Qi ( (0" 1) lothQT filei) + constant

(f,e) 1=1
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Lower Bound: Model |

m [
Z Z 1ngt9T(fj\€i)

(f.e) j=1  i=0 Jensen’s inequality
S 0
_ T— 1 9T(f]|€z)
- LLIOngzj 9 QZJ(HT 1)
(f,e) j=1 1=0
> (9T 1 1 tQT f]|€z
— L qu] ng q; QT 1
\_ <fe>3 1 i=0 i
— LLQW <9T 1 lothgT f]\ez -+ constant
fe Y 3=1

. lower bound



Maximize: Model |
QT:argmaxLqu (61— 1) 10g2t9T (fileqd)

(f,e) 1=1

s.tVe: Y to(fle) =
!

® Obijective is concave: we can compute global maximum

® But, potentially many global maximum (VWhy?)

(Toutanova and

® Brown et al. (1993) says “strictly concave”  Gallen201D)

® Standard maximization technique: Introduce Lagrangian
+ take its partial differentiation + maximize

16



Maximize: Model |

17



Maximize: Model |

® Lagranglan

LLQL] HT 1 lothgT filei)

(f,e) 1=1

— Z&e (ZteT(fe) ~ 1)
c f

17



Maximize: Model |

® |agrangian

no™) = LLQH (G 10%2759T filei)

(f,e) 1=1
® Partial derivation Zo‘e (Z tor (fle) )
Oh(67) .
Ot ( > > > qw ‘9T 1)t9T(fj‘€z) 15(f f]) (e,e;) — e
o7 (fle) (f.e) j=1 1=0

17



Maximize: Model |

o Lagranglan

LLQZJ HT 1 lothQT filei)

(f,e) 1=1
® Partial derivation Zo‘e (Z tor (fle) )
Oh(67) .
Ot ( > > > qw ‘9T 1)t9T(fj‘€z) 15(f f]) (e,e;) — e
o7 (fle) (f.e) j=1 1=0

® Maximize |
m™m

Lo f‘ —1222%3 QT 1 faf]) (6 ei)

(f,e) j=1 1=0 | ifr—y
o, y) = { 0 otherwise

17



EM-AIgorithm: Model |
tor (f|e) _1242424%3 (67 ~H)o(f, fi)d(e, es)

(f,e) =1 1=0 t(f| )
o\J ;€
Ve:S t(fle)=1 ¢ ;(0;f e) =
zf: ] y:i,_o to(fjlei)
® New parameter t(fle) in LHS is estimated from the
expected counts using the old parameters

® a|pha serves as a normalizer
® Starting from O° compute OT from O™!
® Compute expected counts (E-step)

® Perform maximization (M-step)
18



An Example

. la maison ... la maison blue ... la fleur ...

. the house ... the blue house ... the flower ...

® |nitial steps: all alighments equal likely

® An example from Chapter 4 of (Koehn, 2009)

19



An Example

la maison ... la maison blue ... la fleur ...

P X

. the house ... the blue house ... the flower ...

® After one iteration, alignments between
“le” and “the” are more likely

20



An Example

. la maison ... la maison bleu ... la fleur ...
. the house ... the blue house ... the flower ...

® After another iteration, ‘fleur’ and “flower”
are more likely aligned

21



An Example

la maison ... la maison bleu ... la fleur ...

| X

. the house ... the blue house ... the flower ...

® Convergence

22



Interpretation: Model |



Interpretation: Model |

® |[f“a” is given, we collect counts from alignment

NULLO Il d02 IlOtg kIlOW4

, - count(je, I
‘ />< Hiell) = D s count(f,I)

JE€;1 1€y Salss pas,

23



Interpretation: Model |

® |[f“a” is given, we collect counts from alignment

NULLy I; dos; not; knowy

, - count(je, I
‘ />< Hiell) = D s count(f,I)

JE€;1 1€y Salss pas,

® EM-Algorithm: collect “fractional counts” from t(f|e)

NULLy I; dos; not; knowy

- (el count(je, I;6)
I \\ \“\~\~~~ e —
I N ) Zf count(f,I;@)



Pseudo code: Model |

Input: set of sentence pairs (f, e)
Output: translation prob. ¢( f|e)
1: initialize ¢( f|e) uniformly
2: while not converged do

3:

A AN Ll

10:
11:
12:
13:

/] initialize
count(fle) =0 for all f, e
total(e) =0 for all e
for all sentence pairs (f,e) do
/I compute normalization
for all words f in f do
s-total(f) =0
for all words e in e do
s-total(f) +=t(f|e)
end for
end for

14:
15:
16:
17:

18:
19:
20:
21:
22:
23:
24
25:
26:
27:

/] collect counts
for all words f in fdo
for all words e in e do

count(fle) += Sigf; |18,3)

total(e) += S’iéé |18,3)
end for
end for
end for
/I estimate probabilities
for all English words e do
for all foreign words f do

H(fle) = Sl
end for
end for

28: end while

® Adapted from Chapter 4 of (Koehn, 2009)



Summary: Model |

® Modeling: Model | parameter O consists of lexical
translation parameters of t(f|e)

® | earning: EM-algorithm to learn O given f, e
® Remaining questions:
® Given O,f, e, what is the most likely “a”
® Viterbi alignment: replace summation with “max”

® Given O, f, what is the most likely “e, a”

® decoding problem: we will cover this later

25



Some notes on Model |
ZZIOth]‘HeZ

(f,e) 1=1 1=0

Ve th| =

f(Aa;+(1—>\) ) < M) + (1= A)f(y)

a T b " f()\CE' T (1 - )‘)y) < )\f(ilf) T (1 o )‘)f(y)
® -log(x) is strictly convex, but -log(2 x) is convex

® Many global optimum (Toutanova and Galley, 201 |)

® We can easily re-distribute > x among others

® |f e and e’ always co-occur in a data, we cannot
distinguish them

26



Other Models

je ne sais pas

know

not

do

I

NULL

ap d2 dA3 a4 (Brown et al., 1993)
® Reminder: Generative story of Model |

® Each word f is generated from one of e



Model 2

je ne sais pas

know

not

do

I

NULL

ap d2 dA3 a4 (Brown et al., 1993)

® |ike Model |, each f is generated independently,
but with alignment distribution

28



HMM Model

je ne sais pas

know

not ‘\(v w.\
\>‘V
‘ (/
CH
g
X
4

\

~S

4,
dO !‘.l v
\) 53 /

'r
0

>\
"~
=

I

AW
YN AN
L AV A A
b X0 X

A A

i

L

‘V
}
(/

NULL

i
4

S

N

e

L\"/:'

W NG WNY WY
IR X0

K1/

XY '
e
B

X
W /
/\\/

%\
Ny /

(4

t(f|6) X a(i —1'|m,1)

(Och and Ney, 2003)

® Each f is emitted from one of e, and alignment
is conditioned on previous alignhment

29



Model 3-5

(Brown et al., 1993)

® Completely different story from Model |,2 or HMM
® Explicitly model one-to-many alignment via fertility

® Unlike Model 1,2, HMM, no Dynamic Programming
30



Model 3-5

| do not know

(Brown et al., 1993)

® Completely different story from Model |,2 or HMM
® Explicitly model one-to-many alignment via fertility

® Unlike Model 1,2, HMM, no Dynamic Programming
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Model 3-5

| nhot know

| / \ \ fertility

| not not know

(Brown et al., 1993)

® Completely different story from Model |,2 or HMM
® Explicitly model one-to-many alignment via fertility

® Unlike Model 1,2, HMM, no Dynamic Programming
30



Model 3-5

do not know

If / \ \ fertility
|

not not know

| } | NULL insertion
| not not know

(Brown et al., 1993)

® Completely different story from Model |,2 or HMM
® Explicitly model one-to-many alignment via fertility

® Unlike Model 1,2, HMM, no Dynamic Programming
30



Model 3-5

do not know

If / \ \ fertility
|

not not know

| ! | NULL insertion
| not not know
! | } l translation
je  ne pas sais

(Brown et al., 1993)

® Completely different story from Model |,2 or HMM
® Explicitly model one-to-many alignment via fertility

® Unlike Model 1,2, HMM, no Dynamic Programming
30



Model 3-5

do not know

/ \ \ fertility

|
|
Il not not know

| } | NULL insertion
| not not know
! | } l translation
je  ne pas Sais
U >< distortion
je  ne sals pas

(Brown et al., 1993)

® Completely different story from Model |,2 or HMM
® Explicitly model one-to-many alignment via fertility

® Unlike Model 1,2, HMM, no Dynamic Programming
30



Conclusion

® |ntroduced IBM Models, a basis of SMT

® Derived iterative procedure for estimation
® Generative model, EM-algorithm
® Higher models (Model |-5, HMM)

® VWe can answer a question: P(f | e) =

® By-product, we can also answer two
questions: P(f,a|e) =?and P(a | f,e) =

31



S c W

C g @) (J)) » O

O > (d)p) N - CT)

O 0O (qv] -~ O O - C O
michael
assumes
that
he
will
stay
N
the
house

® Given a sentence pair, can we COmPUte word
oo rreSPOndence? (An e>§a2mple from Chapter 4 of Koehn, 2009)



Word Alignment!?

C E — E
C O O O 0
O = c c T, )
c o u ©
. S © £ o
john
does john
not kicked
live the
here bucket

® one-to-many for does-to-{wohnt, nicht}

® phrasal correspondence in “kicked the bucket”
33



in -
1978 -

Americans -

Alignment Error Rate

divorced -
1,122,000 -

times -

en

1978 Sure
on O Possible
a
enregistré . Predicted
1,122,000
divorces
sur
le
continent |14_ f;‘ ‘14 }D‘
NS+ AN
AER(A, S, P) = (1 Al + |S] >
= (1-2E8) 2l
3+ 4 7

® An example from (Taskar et al., 2005)



AER Results

Model Training scheme 0.5K 128K 1.47M
Dice 509 434 396 389
Dice+C 463 376 350 34.0
Model 1 1° 406 336 286 259
Model 2 1°2° 46.7 293 220 195
HMM 1°H> 263 233 150 10.8
Model 3 1°2°3° 436 275 205 18.0
1°H>3° 275 225 166 132
Model 4 1°2°3°4° 41.7 251 173 141
1°H>3°4° 26.1 202 13.1 9.4
1°H>4° 263 21.8 13.3 9.3
Model 5 1°H4°5° 265 215 137 9.6
1°H>3°4°5° 265 204 134 9.4
Model 6 1°H>4°6° 260 216 128 8.8
1°H>3°4°6° 259 203 125 8.7

® Fr-En Hansard Task (Och and Ney, 2003)



Symmetrlc Allgnment

—
.C
@

eibt
ibt

.S 5 EZ 5 E S 3 s E &
michael michael
sssssss assumes

that that

he he

will will

stay . stay

in B in
the the
house . house
n erma is
e
E

ble

N

oo F.L (Och and Ney, 2003)

Intersection / Union

® TJake intersection of two directions

® Heuristic to add unjon alignment points



Agreement Training

1
E'Step: Q(aa f7 e) — 7 P1 (a|f7 S, (91) " P2 (a|ea f7 (92)
M-step: 6 = argmax Z q(a;f,e)logpi(f,e, a;6;)
0
f.ea
+ ) q(a;f,e)logpa(f, e, a;0,)

f.ea

® As an alternative to the heuristic approach, we
can enforce agreement of two models during EM-
algorithm (Liang et al., 2006)

® Summation is intractable: Approximate q by
multiple of qj(O;f,e) from two models

® M-step is performed for each individual model
37



Posterior Constraints

to(fjlei)es
> i—oto(filei)e s
to(ei| fj)e” o
> o taleil f)e M
Nij — XNii—qi (0,1 e)+qi(0,)ef)

di,j (97 )‘; f7 e) <

Qj,i(ea )‘; e, f) <

® Another objective to make an agreement
(Gancheyv et al., 2008)

® Additional projection step to adjust A so that two
posterior probabilities qi j() and g;j,i() agree

383



Other Topics for Alignment

Supervised training (Taskar et al., 2005; Haghighi et
al., 2009)

Unsupervised training with many features (Berg-
Kirkpatrick et al., 2010; Dyer et al, 201 |)

Syntactically constrained alignment (DeNero and
Klein, 2007; Burkett et al. 2010; Riesa and Marcu,
2010; Pauls et al., 2010)

Phrasal alignment (Marcu and Wong, 2002;
Blunsom et al., 2009; Neubig et al., 201 1)

39



Implementations

® |anguage Model

® SRILM (http://www-speech.sri.com/projects/srilm/)

® BerkeleyLM (http://code.google.com/p/berkeleylm/)

® kenlm (http://kheafield.com/code/kenim/)

® |BM Models

o GI|ZA++ (http://code.google.com/p/giza-pp/)

o MGIZA (http://geek.kyloo.net/software/doku.php/
mgiza:overview)

® Agreement/Posterior constrained training

® BerkeleyAligner (http://code.google.com/p/berkeleyaligner/)

® PostCat (http://www.seas.upenn.edu/~strctlrn/CAT/CAT.html)
40
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