CSE 842
Natural Language Processing

Lecture 22: Machine Translation (2)
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Topics to be covered

* Alignment in MT:
— IBM Model 1 and Model 2

e Phrase-based models
* Decoding
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The Noisy Channel Model

* Goal: translation system from French to English
P(e,f)  P(e)P(f |e)
P(f) Y. Pe)P(fle)

P(e|f) =

and
argmax, P(e|f) =argmax, P(e)P(f | e)

* A Noisy Channel Model has two components:

— P(e) the language model: could be a trigram model, estimated
from any data (parallel corpus not needed)

— P(fle) the translation model: trained from a parallel corpus of
French/English pairs
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The Noisy Channel Model

source sentencé“: i

Mary did not slap

the green witch. -
aria no dié una bofetada
a la bruja verde
Mary did not slap. waipy 1 )'r
guess at source: Harry did ot wrag. . ) /
Mary did not slap BTl
: - = i
the green witch Larry did not nap W‘Q

Language Model P(E) x Translation Model P(F|E)
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IBM Model 1: Alignment

How do we model P(f|e)
English sentence e has / words: e, ...e,,
French sentence f has m words f,...f,.
An alignment a identifies which English word each French
word originated from
Formally, an alignment a is {q,,...,a,,}, where each
a; €{0../}
There are (/+1)™ possible alignments.

— Each French word is originated from exactly one English word
(including NULL).
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IBM Model 1: Alignment

e eg,l=6,m="17
e = And the program has been implemented
f = Le programme a ete mis en application
* One alignment is
{2,3,4,5,6,6,6, }

Another (bad) alignment is
{L1,1,1,1,1,1}
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IBM Model 1: Alignment

* In IBM model 1, all alignment a is equally likely
1

(+D"

where C = prob(length(f) = m) 1s a constant

P(aje)=Cx acd

 This is a major simplifying assumption, but it
gets things start.
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IBM Model 1: Translation Probabilities

* Next step: come up with an estimate for
P(f|a, e)

* In model 1, this is:

P(flae) =] P(/ Ie,)
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IBM Model 1: Translation Probabilities

eg,l=6,m="17

€ = And the program has been implemented

f = Le programme a ete mis en application

a={2,3,4,56,6,6}

P(f |a,e) = P(Le|the) x P(programme | program) x

P(a | has)x P(ete | been) x
P(mis | implemented) x
P(en|implemented ) x
P(application | implemented)
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IBM Model 1: The Generative Process

To generate a French string f from an English string e
» Step 1: Pick the length of f (all lengths equally probable, C)
e Step 2: Pick an alignment a with probability

(+n"
»  Step 3: Pick the French words with probability

P10 =[P/, le,)
=1
¢ The final result:

P(f,ale)=P(ale)xP(f|a,e)=

0 1)H(fl
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IBM Model 1:

* We have
P(f,a =0 1) H P(f, e,

 And:

P(fle)=z(l Ty H P(f;le,)

acA

Where A is the set of all possible alignments
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IBM Model 2:

*  Only difference: we now introduce alignment or distortion parameters

D( i |j, I, m) = Probability that j°th French word is connected to i’th English
word, given sentence lengths of e and f are / and m respectively

. Define P(a:{al’_“’am}‘e’l’m):HD(aj ‘]7lam)

j1

P(f,ale,l,m)=][D(a, | j,l,m)T(f,|e,)
J=

« Gives

Model 1 is a special case of Model 2, where

D@\ j,l,m) :L foralli, j.
/+1
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An Example

I=6,m=17
e = And the Program has been implemented

f = Le programme a ete mis en application

a=1{2,3.45.6,6.6} plei=6,m=7)=D(i=2]j=11=6m=T)x

D@i=3|j=2,l=6,m="T)x
D@i=4|j=3,l=6,m="T)x
D(i=5|j=4,/=6,m=T)x
D(i=6|j=5[=6m=T)x
D(i=6|j=6,l=6,m="T)x
D@i=6|j=7,l=6,m=T)x
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An Example

eg.,l=6,m="17
€ = And the program has been implemented

f = Le programme a ete mis en application
a={2,3,4,5,6,6,6}
P(f |a,e)=T(Le|the)x T( programme | program) x
T(a| has)xT(ete | been)x
T(mis | implemented) x
T(en|implemented) x
T(application | implemented)
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IBM Model 2: The Generative Process

To generate a French string f from an English string e
» Step 1: Pick the length of f (all lengths equally probable, C)
* Step 2: Pick an alignment a = {a,, a,,..., a,,} with probability

[ I, 1 j.t.m)
» Step 3: Pick the French’words with probability

P10 =T]T¢/ le,)

¢ The final result:

P(f,a\e)=P(a|e)xP(f|a,e)=CﬁD(aj | J,1,m)T(f; |ea,)

J=1
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IBM Model 2:

e We have

P(t,ale)=C[ [ D, | j,,mT(fe,)
 And:
P10y =Y [ [P, | jLmT(f, e, )

acd Jj=1

Where 4 is the set of all possible alignments

4/20/2009 CSE842, Spring 2009, MSU




A Hidden Variable Problem

Training data is a set of (f,, e;) pairs, the log likelihood of data is:
ZIOgP(fi le,)= legzP(a le)P(f; |a,e;)

ac4d

Where A is the set of all possible alignments

We need to find model parameters (i.e., translation probabilities) to
maximize the log likelihood function

EM can be used for this problem: initialize translation probabilities
randomly, and at each iteration choose

©' —argmax, ) > P(ale.f,.0")log(f, |a,e,.0)

i aed

where ©' are the parameter values at the t'th iteration
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The EM Algorithm

Initialize the model parameters to some arbitrary
values ¢’

Iterate the E-step and the M-step until convergence.

During step k

— Compute the expected values of the hidden data based on the
current parameter estimates 9ik (E-step)

— Derive 6,""'as an ML estimate using the values of the hidden
data computed in the E-step (M-step)

EM always converges, but convergence may be to a

local maximum.
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Simplification of Model 1 and 2

We have f= {fi-"fm}’a ={ay...a,},and

P(f,ale,l,m) =] [ Pla;. f; | el m)
Jj=1
where

P(a; f;le,l,m)=D(a; | j.L,m)T(f; e, )

We can think of the m (f;, a;) pairs as being generated
independently

How to approach this problem?

4/20/2009 CSE842, Spring 2009, MSU

A Crucial Step in the EM Algorithm

* We have the following (e,f) pair:
— ¢ = And the program has been implemented
— f=Le programme a ete mis en application

* @Given that f was generated according to Model
2, what is the probability that a, = 2?

P(a;=2|f.e)= Y Pa|f.e.l,m)

aa; =2
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A Crucial Step in the EM Algorithm

Pl =21f,0)= Y PG| f.el,m) = —ot =21/ =LI=6m = T)TUe | the)
aa2 Z_:OD(al =il j=11=6,m=T)T(le|e)

Follows directly because the (f,, a) pairs are independent

P(a =2, fi =Lel f,...f,,,e,l,m) (1)
P(f, =Lel f,...f,,,e,l,m)

_P(a;=2,f =Lele,l,m)

~ P(f, = Le|e,l,m)

_ Play=2,f =Le|e,l,m)

Y Play =i, fy = Le|e,lm)

P(a, =2|1f,e,l,m)=

2
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A Crucial Step in the EM Algorithm

A General Result

P(a; =i|f,e)= > P@l|f,elm)

a4aj =l

B D(a; =il j,l=6,m=TT(f;|e;)
B l . .
Zi‘:oD(af =i |j,l=6m=T)T(f;|e;)
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Alignment Probabilities

eg,l=6,m=7
€ = And the program has been implemented

f = Le programme a ete mis en application
Probability of “mis” being connected to “the”
D(as =2|j=5,1=6,m="T7)T(mis|the)

P(as =2|f,e) = B

where

Z = D(as=0]|j=5,1=6,m=7)T(mis| NULL)
+D(as =1| j=5,1=6,m="T)T(mis | And)
+D(as =2]| j=5,1=6,m="T)T(mis | the)
+D(as =3|j=5,1=6,m="T)T(mis | program)

+...
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The EM Algorithm for Model 2

* Define
— e[k] for k= 1...nis the k'th English sentence
— k] for k= 1...nis the kK'th French sentence
— [[k] is the length of e[k]
— m[k] is the length of f[k]
— e[k1] is the /'th word in e[k]
— k] is the j'th word in f[k]
*  Current parameters 6"'are
T(f |e) forall feF,eckE
DGl j,1,m)

* EM algorithm is used to re-estimated the T and D parameters
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Step 1: Calculate the Alignment
Probabilities

Calculate an array of alignment probabilities
(fork=1...n,j=1...m[k], i=0...1[[k])
dli, j,k]=P(a, = i| e[k],{[k],0'")
_ D(a_]:l‘]ylym)T(fkj|ekl)
I
> Dla; =il j,LmT(fy | ew)

where
e = e[k,i],fkj =1k, jl,and/ = [[k],m = m[k]

i.e., the probability of f[k, /] being aligned to e[k, i].
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Step 2: Calculate the Expected
Counts

Calculate the translation counts

tcount(e, ) = Za[i,j,k]

i,j.k:
elk.i]=e,
flk,j1=f

tcount(e,f) is expected number of times that e is aligned with /'
in the corpus
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Step 2: Calculate the Expected
Counts

Calculate the alignment counts

acount(i, j,1,m) = Za[i,j,k]

kllk 1=l m[k=m

acount(i,j,[,m) is expected number of times that e; is aligned to f;
In English/French sentences of length / and m respectively
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Step 3: Re-estimating the Parameters

New translation probabilities are then defined as

tcount(e, f)

P(fle)= Ztcount(e,f)
7

New alignment probabilities are defined as

acount(i, j,I,m)

P(a, =i| j,l,m)= e
(@, =il j.tm) > acount(i, j,1,m)

this defines the mapping from 6! to 0.
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The Special Case of Model 1

+ Start with parameters 0''as

T(f|e) forall feF,ecE
* Calculate alignment probabilities under current parameters
T(fiy | ew)

di, j. k= ———"—"—
DTy )

(:D(a; =i| j.l,m)= foralli, j,1,m)

1
7+n"

* Calculate expected counts tcount(e,f)
* Re-estimate T(fle) from the expected counts
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A Summary of the EM Procedure

Start with parameters 0'as

T(f|e) forall feF,eckE

D@| j,I,m)
Calculate alignment probabilities under current parameters
D(aj =i ‘ JJ’m)T(fIg |eki)

ali, j.K1=—;
DD, =i jLmT(fy; | e)

Calculate expected counts zcount(e,f) and acount(i,j,/,m) from
the alignment probabilities.

Re-estimate T(f[e) and D(i|j,/,m) from the expected counts
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An Example of training Models 1& 2

Example will use the following translations

e[1] = the dog
f[1] = le chien

e[2] = the cat
f[2] = le chat

e[3] = the bus
f[3] = I’ autobus

No use of NULL word as e,
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e T T(f]e)

the le 0.23
the  chien 0.2
the  chat 0.11
the I’ 0.25
the autobus 0.21
dog le 0.2
dog chien 0.16
dog chat 0.33
dog I’ 0.12
Initial (random) parameters: dog autobus  0.18
cat e 0.26
cat  chien (.28
cat  chat 0.19
cat  I” 0.24
cat  autobus  0.03
bus le 0.22
bus  chien 0.05
bus  chat (.26
bus I 0.19
4/2¢ 32

bus  autobus (.27




Alignment probabilities: € f toount(¢, f)
the e 0.99295584002626
: : S the  chien 0.552517995605817
i ] kooadgk) the  chat 0.356364544422507
| 1 0 0.526423237959726 the I 0.571950438336247
e he autobus 0.439081311724508
2 1 0 0.47357676204027- :
'J,",,,, if j';-f dog e 0.473576762040274
12 0 0.552517995605817 dog chien  0.447482004394183
2 2 0 0447482004394183 dog  chat 0
T LR = dog I’ 0
] 1 I 0.466532602066533 Expected counts: dog autobus 0
2 1 1 0.533467397933467 cat e 0.533467397933467
T 2 1 0356364544422507 e 354355740
ca chat H43635455577493
2 2 1 0.643635455577493 o T 0
T 1 2 0.571950438336247 cat__autobus 0
- - bus le 0
2 2 42804956 1663753 ;
2 1 2 0.428049561663753 bus  chien 0
12 2 0439081311724508 bus  chat 0
2 2 2 0.560918688275492 bus 1 0AZE049301603753
bus autobus  0.560918688275402
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€ Fi
the le 023 034 046 056 0.64 0.71
[ I old  new . ) - N
Tl 033 037 the  chien 02 019 015 012 009 0.06
the chien “2' {)-1‘) the  chat 011 012 0 0.08 0.06 0.04
the  chat 01l 012 the I’ 025 02 017 015 013 0.11
the I° 025 02 the autobus 021 015 0.12 0.1 0.08  0.07
the autobus 0.21  0.15 dog le 02 051 046 030 033 028
dog le 0.2 051 dog  chien 0.16 049 054 061 067 072
dog  chien 016 0.49 dog  chat 033 0 0 0 0 0
dog chat 033 0 dog I’ 012 0 0 0 0 0
dog | 12 0 dog autobus  0.18 0 0 0 0 0
Old and new parameters: L}Og autobus “.12\’ 0 _ cat e 026 0435 041 036 03 0.6
““I l‘;_ ::j? ::"b cat  chien 028 0 0 0 0 0
ca chien WA —r =
o4 he 0.19 0 ¢ : 7 7.
- 010 055 cat c_]nt )19 055 059 0.64 0.7 0.74
cat I 024 0 cat | 024 0 0 0 0 0
cat autobus  0.03 0 cat autobus  0.03 0 0 0 0 0
bus 1o 022 0 bus e 022 0 0 [i} 0 0
bus  chien 0.05 0 bus  chien 005 0 0 0 0 0
bus  chat 026 0 bus  chat 0.26 0 0 0 0 0
bus I’ 0.19 043 bus I’ 0.19 043 047 047 047 048
bus autobus 027 0.57 bus autobus 027 (.57 053 053 053 0352
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I _ e | T ]e)
the le 0.94 e  Ie 0.67
the  chien 0 the  chien 0
the  chat 0 the  chat 0
the I’ 0.03 the I’ 0.33
the  autobus 0.02 the autobus 0
dog le 0.06 dog e 0
dog chien 0.94 dog  chien I
dog chat 0 dog chat 0
dog I’ ] LIU:__' - i)
After 20 iterations: dog autobus 0 Model 2 has several local maxima — good one: dog  autobus 0
cat e 0.06 cat  le 0
cat  chien 0 cat  chien 0
cat  chat 0.94 cat  chat |
cat I’ 0 cat I 0
cat autobus 0 cat  autobus 0
bus e 0 bus e 0
bus  chien 0 bus  chien 0
bus  chat 0 bus  chat 0
bus I 0.49 bus I 0
bus autobus  0.51 bus _autobus 1
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e ] T(/ 1o e f T(f |e)
the e il the e 0
the  chien 0.4 the  chien 0.33
the  chat 0.3 the  chat 0.33
the I’ 0 the I’ 0
the  autobus 0.3 the  autobus 0.33
dog le 0.5 dog e 1
dog  chien 0.5 dog chien 0
dog  chat 0 dog chat 0
dog I’ 0 dog I’ 0
Muodel 2 has several loeal maxima — bad one:  dog  autobus (0 another bad one:  dog  autobus 0
cat le 0.5 cat e 1
cat  chien 0 cat  chien 0
cat  chat 0.5 cat  chat 0
cat I 1] cat I’ 0
cat  autobus 0 cat  autobus 0
bus e 0 Pus  To 0
bus  chien 0 bus  chien 0
bus  chat 0 bus  chat 0
bus I’ 0.5 bus I’ 1
bus  autobus 0.5 bus  autobus 0
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The Phrase-based Translation Model

* Modern SMT considers a better way to compute translation
model P(fle) is based on phrases.

The green witch is|at hc_l_mel [this weeK

| Diese Woche]ist die griine Hexe|zu Hause|

* Generative Story:
1. Group English sentence e into phrases, e, e, ...e,
2. Tranlsate each English phrase ¢, into a French phrase fl
3. Optionally reorder each of the French phrases.
41
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The Phrase-based Translation Model

P10 =[] #(7,.2)d(a,~b,,)

#(f,,e,): translation probability
d(a, —b, ) distortion probability :
a, : starting position of the foreign word (French) generated by e,

b, , : end position of the foreign word generated by e, |
d(ai _bifl) = a‘ul—bifl_l‘

Parameter estimation using parallel training data. But we don’t have
large, hand labeled phrase-aligned training sets.

We can extract phrases based on word alignment
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Extracting Phrases

* A training example of Spanish/English sentence pair (from
Koehn and Knight Tutorial):
Spanish: Maria no daba una bofetada a la bruja verde
English: Mary did not slap the green witch
— Some phrase pairs (not all) extracted from this example:
(Maria <»>Mary), (bruja <>witch), (verde <> green), (no <> did not)
(no daba una bofetada <> did not slap), (daba una bofetada a la <> slap
the)
* The phrases can be extracted using alignment from the IBM
models (e.g., from IBM Model 2)
— Once we trained the model, for any (f, e) pair, we can identify the most
likely alignment a* under the model:

a’ =argmax, P(a|f,e) = argmax, P(a,f | e)
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Finding Alignment Matrices

Step2: Train IBM model 2 for P(fle), come up with

Stepl: Train IBM model 2 for P(e|f), come up with
most likely alignment for each (e,f) pair

most likely alignment for each (e,f) pair

English to Spanish
bodetata enia bofutsda
b | v Mot o S owa | @

Spanish to English
Maa ne db wa | & b | e

Z EE

Els82¢f

Step3: Take intersection of the two alignments as a

\ starting point
Y Maia no 0% wa | 8 B | veds 7

L™ S/
:[ . . =

£l 282k
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Finding Alignment Matrices

- Apply heuristics for growing alignments
-Only explore alignment in union of P(fle) and P(e|f)
-Detailed operation can be found in Och and Ney (2003)

.......

-Allow many-to-one alignment in both directions
-Collect all phrase pairs that are consistent with the word
-A phrase alignment has to contain all alignment points for all words it

Word Alignment Induced Phrases
(Knight & Koehn Tutorial, 2003)

bofstada brpja
Maria no daba una E| a la Tvsrda

Mary

did

not

slap

the

green

witch

(Maria. Mary), (no, did not), (slap, daba una bofetada), (a la, the), (bruja, witch),
(verde, green)

covers
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Word Alignment Induced Phrases Word Alignment Induced Phrases
(Knight & Koehn Tutorial, 2003) (Knight & Koehn Tutorial, 2003)
7 Maria no daba unbanTadaa la bITj‘:erda V Maria no daba unb:fTadaa la brr‘a;exde
B ="5s -
did I did
:::p | ] s [ I
M osEEn M ===
gr=en green
(Maria, Mary), (no, did not), (slap, daba una bofetada), (a la, the), (bruja, witch), (Maria, Mary). (no, did not). (slap. daba una bofetada), (a la. the). (bruja, witch),
(verde, green), (verde, green),
(Maria no daba una bofetada, Mary did not slap),
(no daba una bofetada a la, did not slap the), (a la bruja verde, the green witch)
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Word Alignment Induced Phrases
(Knight & Koehn Tutorial, 2003)

bofetada brpja
maria no dsba una E| a2 1a Tuexaa

green

witch

(Maria, Mary), (no, did not), (slap, daba una bofetada), (a la, the), (bruja, witch),
(verde, green), (Maria no, Mary did not), (no daba una bofetada, did not slap).
(daba una bofetada a la, slap the), (bruja verde, green witch),

(Maria no daba una bofetada, Mary did not slap),

(no daba una bofetada a la, did not slap the). (a la bruja verde, the green witch),
(Maria no daba una bofetada a la, Mary did not slap the),

(daba una bofetada a la bruja verde, slap the green witch)
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Word Alignment Induced Phrases
(Knight & Koehn Tutorial, 2003)

boferads bryja
Maria no dsbauna 7 a 1a Tverde

(Maria, Mary). (no. did not), (slap. daba una bofetada). (a la, the), (bruja, witch),
(verde, green), (Maria no, Mary did not), (no daba una bofetada, did not slap),
(daba una bofetada a la, slap the), (bruja verde, green witch),

(Maria no daba una bofetada, Mary did not slap),

(no daba una bofetada a la, did not slap the), (a la bruja verde, the green witch),
(Maria no daba una bofetada a la, Mary did not slap the).

(daba una bofetada a la bruja verde, slap the green witch),
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Phrase Translation Table

We can store each phrase (f.), together with its probability ¢(fe)
in a large phrase translation table, where :
count(f.e)

v = Zcounlﬁ_, e)
=
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Decoding for Phrase-based Models

| Maria | no | did l una [bofetadal a l la | bruja | verde |
Mary not give a slap to the witch green
_didnot a slap to __greenwitch
ne slap to the
did not give to
the
slap the witch

The lattice of all possible English translations for words and phrases in a Spanish sentence
Decoding:
The goal is to identify the English sentence that maximizes the translation and language

model probabilities

A* search (check P. 890-894)
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