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MT is Hard

Ambiguities

words
morphology
syntax
semantics
pragmatics

in the in-city exploded a car-bomb
In der Innenstadt explodierte eine Autobombe

-

A car bomb exploded downtown
In the downtown, a car bomb exploded



Levels of Transfer

report_event|

Interli ngua factivity=true
o - explode(e, bomb, car)
meaning loc(e, downtown)
] \
explodieren detonate
:argd Bombe :argd bomb
:argl Auto :argl car
:loc Innenstadt :loc downtown
:tempus imperf :time past
In der Innenstadt explodierte eine Autobombe A car bomb exploded downtown

S, i

In der Innenstadt explodierte eine Autobombe A car bomb exploded downtown



Two Views of Statistical MT

¥

= Direct modeling (aka pattern matching)
= | have really good learning algorithms and a bunch of example
inputs (source language sentences) and outputs (target language
translations)

= Code breaking (aka the noisy channel, Bayes rule)
= | know the target language
* | have example translations texts (example enciphered data)



¥

MT as Direct Modeling

A\

e = argmapr e| f)

7N

target sSource

= one model does everything
= trained to reproduce a corpus of translations



Noisy Channel Model

/
Y “Noisy” A .8
Decoder
channel

Sent Received
transmission transmission

Recovered
message

English “French” Engllsh’

A

€ — argmaxpcp ) X pe(f | e)

1 A

language model translation model
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Which is better?

= Noisy channel - pg(e) X pcp(.f  e)
= easy to use monolingual target language data
= search happens under a product of two models (individual models
can be simple, product can be powerful)
= obtaining probabilities requires renormalizing

= Direct model - Px(e | f)

= directly model the process you care about
= model must be very powerful



Centauri-Arcturan Parallel Text

¥

1la. ok-voon ororok sprok . 7a. lalok farok ororok lalok sprok izok enemok .
1b. at-voon bichat dat . 7b. wat jjat bichat wat dat vat eneat .

2a. ok-drubel ok-voon anok plok sprok.  8a. lalok brok anok plok nok .

2b. at-drubel at-voon pippat rrat dat . 8b. iat lat pippat rrat nnat .

3a. erok sprok izok hihok ghirok . 9a. wiwok nok izok kantok ok-yurp .

3b. totat dat arrat vat hilat . 9b. totat nnat quat oloat at-yurp .

4a. ok-voon anok drok brok jok . 10a. lalok mok nok yorok ghirok clok .

4b. at-voon krat pippat sat lat . 10b. wat nnat gat mat bat hilat .

5a. wiwok farok izok stok . 11a. lalok nok crrrok hihok yorok zanzanok .
5b. totat jjat quat cat . 11b. wat nnat arrat mat zanzanat .

6a. lalok sprok izok jok stok . 12a. lalok rarok nok izok hihok mok .

6b. wat dat krat quat cat . 12b. wat nnat forat arrat vat gat .

Translation challenge: farok crrrok hihok yorok clok kantok ok-yurp

(from Knight (1997): Automating Knowledge Acquisition for Machine Translation)



}f; Noisy Channel Model : Phrase-Based MT
Translation Model P(f|e)

Parallel
corpus

L/U\/m source | target |translation
f c h
phrase | phrase | features

\Reranking Model
Monolingual _‘ \ feature
corpus m “ . Language MOdel P(e) - Weights

]

/ argmaz.P(f|e)P(e)

Held-out f
parallel corpus C



Parallel
corpus

pos

]

Phrase-Based MT
Translation Model P(f|e)

source
phrase

target
phrase

translation
features

Language Model P(¢) —

Held-out
parallel corpus

BB

Reranking Model

feature
weights

/ argmaz.P(f|e)P(e)




Phrase-Based Translation

¥

B 3TOM CMbICNne nogobHble AeNCTBMA YaCTUYHO AUCKPEAUTUPYIOT CUCTEMY aMEPUKAHCKON AeMOKpaTuu

0 033 2 50 T

in this sense

america’s democracy
us democracy

In that sense

In this respect



¥

Phrase-Based System Overview

Morgen

fliege

1ieh nach Kanada

zur Konferenz

!

Tomorrow

I|jwill fly

to the conference

in Canada

Sentence-aligned

corpus

SN

Word alignments

SN

cat ||| chat ]| 0.9

the cat ||| le chat ||| 0.8

dog ||| chien ||| 0.8

house ||| maison ||| 0.6

my house ||| ma maison ||| 0.9
language ||| langue ||| 0.9

Phrase table
(translation model)
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Lexical Translation

= How do we translate a word? Look it up in the dictionary
Haus — house, building, home, household, shell

= Multiple translations
= some more frequent than others
= different word senses, different registers, different inflections (?)
= house, home are common

= shell is specialized (the Haus of a snail is a shell)



¥

How common is each?

Look at a parallel corpus (German text along with English
translation)

Translation of Haus | Count
house 8,000
building 1,600
home 200
household 150
shell 50
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Estimate Translation Probabilities

Maximum likelihood estimation

ﬁMLE(e | Haus) —

0.8
0.16
0.02
0.015
0.005

if e = house.,

if e = building,
if e = home,

if e = household,
if e = shell.
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Lexical Translation

= Goal: amodel p(e | f,m)
= where e and f are complete English and Foreign sentences

e:<€1,€2,...,€m> f:<f17f27°°°7fn>



Alignment Function

¥

= |n a parallel text (or when we translate), we align words in one
language with the words in the other

= Alignments are represented as vectors of positions:
1 2 3 4

f=(f1,f2,...,/n) das Haus ist Klein

€ = (€1,€2,...,6m) the house is small
1 2 3 4

a=(1,2,3,4)



Alignment Function

¥

= Formalizing alignment with an alignment function

= Mapping an English target word at position i to a German
source word at position j with a functiona :i—j

= Example

a=(1,2,3,4)



¥

Reordering

= Words may be reordered during translation.

1 2 3 4
klein ist das Haus

S

the house Is small
1 2 3 4

a=(3,4,2,1)



¥

One-to-many Translation

= A source word may translate into more than one target word

;
das Haus |st klltzekleln

/\

the house is very small
1 2 3 4 5

a=(1,2,3,4,4)



¥

Word Dropping

= A source word may not be translated at all

das Haus |st kleln

/] /

house iIs small
1 2 3

a=(2,3,4)



¥

Word Insertion

= Words may be inserted during translation
= English just does not have an equivalent
= But it must be explained - we typically assume every source
sentence contains a NULL token

0 1 2 3 4
NULL das Haus ist klein

T\

the house is just small
1 2 3 4 5

a=(1,2,3,0,4)



¥

Many-to-one Translation

= More than one source word may not translate as a unit in
lexical translation

das Haus brach zusammen

ANV

the house collapsed

a="777 a=(1,2,(3,4) ) ?



Generative Story

p(e | f,m) 2

Mary did not slap the green witch




Generative Story

Mary did not slap the green witch

/

Mary not slapslapslap the green witch



¥

Generative Story

Mary did not slap the green witch

. \
fertility Mar;/ not/slapﬁaps\ap the\green %ch n(3lslap)



¥

Generative Story

Mary did not slap the green witch

fertility n(3|slap)

Mary not slapslapslap the green witch

I T

Mary not slap slap slap NULL the green witch



¥

Generative Story

Mary did not slap the green witch

fertili -
ertility Mary noOt slapslap slap the green witch n(3lslap)

NULL \ \ | { l \\\ P(NULL)

insertion — Mary not slap slap slap NULL the  green witch



¥

Generative Story

Mary did not slap the green witch

fertility Mary not slapslapslap the green witch n(3lslap)

NULL | \ | , | \\\ P(NULL)

insertion  Mary not slap slap slap\ NULL the ;reen witch

| A /

Mary no daba unabotefada a la verde bruja
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Generative Story

Mary did not slap the green witch

fertili i
ertility Mary not slapslapslap the green witch n(3lslap)

NULL " \ l | l \\\ P(NULL)

insertion Mary not slap slap slap NULL the reen witch
lexical \ l p\ \ / ; / t(Ialthe)

translation ~ Mary no daba unabotefada a la verde bruja




¥

Gene

rative Story

fertility

NULL
insertion

lexical
translation

n(3|slap)

/ t(la|the)

Mary did not slap the green witch
Mary not slapslapslap the green witch
| . I \\\ P(NULL)
Mary not slap slap slap\ NULL\ the reen witch
] ;/
Mary no daba unabotefada a la verde bruja




¥

Generative Story

fertility

NULL
insertion

lexical
translation

distortion

Mary did not slap the green witch
Mary noét lslap slap slap the green witch
Mar"y no\t slap slép slalp\ NULL\the\;htch
Mary  no c;ba una botefada \a Ia/ verde bruj/a
.

n(3|slap)
P(NULL)

t(la|the)

d(li)
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The IBM Models 1--5 (Brown et al. 93)

fertility

NULL
insertion

lexical
translation

distortion

Mary did not slap the green witch

Mary not slapslapslap the green witch n(3lslap)

I ] \\\ P(NULL)

Mar"y not slap slap slap\ NULL the ;reen witch

| \ / / t(la|the)

Mary no daba unabotefada a la verde bruja

A S B S

Mar"y no dabauna botefada a la bruja verde

[from Al-Onaizan and Knight, 1998]
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Alignment Models

= |BM Model 1: lexical translation

= |BM Model 2: alignment model, global monotonicity
= HMM model: local monotonicity

= fastalign: efficient reparametrization of Model 2

= |BM Model 3: fertility

= |BM Model 4: relative alignment model

= |BM Model 5: deficiency

= +many more




¥

P(e,a|f)

fertility

NULL
insertion

lexical
translation

distortion

Mary did not

slap the green witch

Mary n\ot lslap slap slap the @ {ch \

Mar"y not slap slép slap\ NULL\ the reen ;vitch
] ;/

Mary no daba unabotefada a la verde bruja

Mar"y no dabauna botefada a la bruja verde

P(e, alignment|f) = [1p[p [,

n(3|slap)
P(NULL)

t(la|the)

d(li)
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P(e]|f)

fertility

NULL
insertion

lexical
translation

distortion

Mary did not

slap the green witch

Mary n\ot lslap slap slap the @ {ch \

Mar"y not slap slép slap\ NULL\ the reen ;vitch
] ;/

Mary no daba unabotefada a la verde bruja

Mar"y no dabauna botefada a la bruja verde

P(Elf) = Zall_possible_aIignmentsl_lpfl_lpl“l_I pd

n(3|slap)
P(NULL)

t(la|the)

d(li)



IBM Model 1

¥

= Generative model: break up translation process into smaller
steps
= Simplest possible lexical translation model

= Additional assumptions
= All alignment decisions are independent
= The alignment distribution for each a.is uniform over all source

words and NULL



IBM Model 1

¥

= Translation probability
= for aforeign sentence f=(f, ..., f/f) of length lf
= toan English sentencee = (e, ..., e ) of length |
= with an alignment of each English word e toa foreign word f
according to the alignment functiona :j— i

le

p(e;alf) = 7 L] tleslfan)

7=1

= parameter € is a normalization constant



E& Example
das Haus klein

] [ el ] ¢ [wen] [e {el)
the 0.7 house 0.8 is 0.8 small | 0.4
that 0.15 building 0.16 s 0.16 little | 0.4
which | 0.075 home 0.02 exists | 0.02 short | 0.1
who 0.05 household | 0.015 has 0.015 minor | 0.06
this 0.025 shell 0.005 are 0.005 petty | 0.04

p(e,alf) = % x t(the|das) x t(house|Haus) x t(is|ist) x t(small|klein)

= % % 0.7 % 0.8 x 0.8 X 0.4

= (.0028¢
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Learning Lexical Translation Models

We would like to estimate the lexical translation probabilities
t(e/f) from a parallel corpus

= ... but we do not have the alighments

= Chicken and egg problem

= if we had the alignments,
— we could estimate the parameters of our generative model




¥

EM Algorithm

= |ncomplete data
» if we had complete data, would could estimate the model
= if we had the model, we could fill in the gaps in the data

= Expectation Maximization (EM) in a nutshell

1. initialize model parameters (e.g. uniform, random)
2. assign probabilities to the missing data

3. estimate model parameters from completed data
4. iterate steps 2—-3 until convergence



EM Algorithm

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

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

= |nitial step: all alignments equally likely
= Model learns that, e.g., la is often aligned with the



p 3 EM Algorithm
. la maison ... la maison blue ... la fleur ...
. the house ... the blue house ... the flower ...

= After one iteration
= Alignments, e.g., between la and the are more likely



EM Algorithm

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

= After another iteration
= |t becomes apparent that alignments, e.g., between fleur and
flower are more likely (pigeon hole principle)



EM Algorithm

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

[ X ]

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

= Convergence
= |[nherent hidden structure revealed by EM



¥

EM Algorithm

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

| >< | |

the house ... the blue house ... the flower ...
(lalthe) = 453
p(le|the) = 334

p(malson|house) = 0.876
p(bleu|blue) = 0.563

= Parameter estimation from the aligned corpus



IBM Model 1 and EM

¥

EM Algorithm consists of two steps

= Expectation-Step: Apply model to the data

= parts of the model are hidden (here: alignments)
= using the model, assign probabilities to possible values

= Maximization-Step: Estimate model from data
= take assigned values as fact
= collect counts (weighted by lexical translation probabilities)
= estimate model from counts

= |terate these steps until convergence



IBM Model 1 and EM

¥

= We need to be able to compute:
= Expectation-Step: probability of alignments
= Maximization-Step: count collection



¥

IBM Model 1 and EM

p(thella) = 0.7 p(housella) = 0.05

t-table Probabilities p(the|maison) = 0.1 p(house/maison) = 0.8
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IBM Model 1 and EM

p(thella) = 0.7 p(housella) = 0.05

t-table Probabilities p(the|maison) = 0.1 p(house/maison) = 0.8

Alignments
la®—othe la e—o the la®e ethe lae_e®the
maisor*—e house maisor!\' house maiso house maisor®” ® house



IBM Model 1 and EM

¥

p(the|la) = 0.7 p(house|la) = 0.05

t-table Probabilities p(the|maison) = 0.1 p(house/maison) = 0.8

Alignments
la®—ethe la the la® ethe lae_ethe
maisor*—e house maisor® ® house maiso house maisor® ®house

p(e,alf) =0.56 p(e,alf) =0.035 p(e,alf) =0.08 p(e,alf)=0.005



¥

t-table Probabilities

IBM Model 1 and EM

p(the|la) = 0.7 p(house|la) = 0.05
p(themaison) = 0.1 p(house|maison) = 0.8

Alignments
la ®—othe la the la® ethe la the
maisor*—e house maisor* ®house maiso house maisor® ®house

p(e,alf) =0.56 p(e,alf) =0.035 p(e,alf) =0.08 p(e,alf)=0.005

. p(e,alf B
Applying the chain rule:  p(ale.f) = L(e“‘)) p(e, a) = p(e)p(ale)




% |BM Model 1 and EM: Expectation Step

We need to compute p(e|f)

plelf) = Zp(e.alf‘)

Ly Ly

Z Z ple,alf)

a(1)=0 a(l:)=0

l,

Ly Ly |
Z Z (U:—U"Hi((l!'uu))

a(l)=0 a(l:)=0 =]

|



IBM Model 1 and EM: Expectation Step

Ly Lg l,

pelf) = 3 - 3. v L teslfach)

a(l)=0 a(ls)=0 " S | |

z z [ tteslfucs)

[+1 a )()Jl

1 HZf J'fl

If+1 1=1 1=0

e Note the trick in the last line

— removes the need for an exponential number of products
— this makes IBM Model 1 estimation tractable



The Trick

(casele =1y = 2)

2 2 2
> Y =mlltelfun) =
a(l)=0a(2)=0 j=1

= t(e1|fo) t(ez| fo) + t(e1] fo) t(e2| f1) + t(e1| fo) t(ez| f2)+
+ t(ex| f1) t(e2|fo) + t(ex| f1) t(ez|f1) + t(ea| f1) t(e2| f2)+

+ t(e1| f2) t(ez|fo) + t(ex| f2) t(e2|f1)

+t(e1| f2) t(ez| f2) =

= f el|f(, Czlf()) + t(e?.lfl) ‘s t(€2|f2))

+ t(e1| f1) (t(ez|f1) + tlea| f1) + t(eo
+ t(e1| f2) (t(ea| f2) + t(ea| f1) + t(ea] f:

= (t(e1|fo) + t(er|f1) + t(e1]|f2)) (t(e2|f:

f2)) +



% |BM Model 1 and EM: Expectation Step

Combine what we have:

p(ale.f) = p(e.alf)/p(e|f)

. l,
(1 sy HJ 1 t€j1fa())
[
lf 11 l_[J IZIIUf

n J|f1(])
Ly
J]= 121 ()t Jlf




% |BM Model 1 and EM: Expectation Step

p(thella) = 0.7 p(housel|la) = 0.05

t-table Probabilities p(the|maison) = 0.1 p(house/maison) = 0.8

Alignments
la ®—o the la the la® ethe la the
maisor*—e house maisor® ® house maiso house maiso house

p(e,alf) =0.56 p(e,alf) =0.035 p(e,alf) =0.08 p(e,alf)=0.005

E-step plale,f) =0.824 p(ale,f) =0.052 p(ale,f) =0.118 p(ale,f) = 0.007

p(e;alf)
p(e|f)

plale,f) =



}g IBM Model 1 and EM: Maximization Step

Now we have to collect counts

Evidence from a sentence pair e,f that word ¢ is a translation of word f:

le
c(e|f;e, ) = ZP(”le-f) Z‘s(‘_-('])‘s(f‘ fa(i))
a 1=1

With the same simplication as before:

[c

Ly
. t(e|f) ' a
cle|f;e,f) = _ E ofe,e;) E o(f, f;)
Ziitjf("’f:)J:I ] i=0




E{i IBM Model 1 and EM: Maximization Step

p(the|la) = 0.7 p(house|la) = 0.05

t-table Probabilities p(the|maison) = 0.1 p(house/maison) = 0.8

Alignments
la ®—o the la the la® ethe la the
maisor*—e house maisor® ®house maiso house maisor® ®house

p(e,alf) =0.56 p(e,a|f) =0.035 p(e,alf) =0.08 p(e,alf)=0.005
E-Step plale,f) =0.824 p(ale,f) =0.052 p(ale,f) =0.118 p(ale,f) = 0.007

c(the|la) = 0.824 4 0.052 c(house|la) = 0.052 + 0.007

vI-step Counts . cimaison) = 0.118 4 0.007 c{house|maison) = 0.824 +0.118



E& IBM Model 1 and EM: Maximization Step

After collecting these counts over a corpus, we can estimate the model:

>_ef clelf;ef))

t(e|f:e,f) =
(el f:e,f) Y e 20 hclelf;e.f))




E{i IBM Model 1 and EM: Maximization Step

p(the|la) = 0.7 p(house|la) = 0.05

t-table  Probabilities p(the|maison) = 0.1 p(house|maison) = 0.8

E-step Alignments
plale,f) =0.824 p(ale,f) =0.052 p(ale,f) =0.118 p(ale,f) = 0.007

c(thella) = 0.824 + 0.052 c(housella) = 0.052 + 0.007

Vi-step Counts: o b o) = 01184 0.00F -cfhouse]maiseri)= 08241118

Update t-table:
p(thella) = c(the|la)/c(1a)
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IBM Model 1 and EM: Pseudocode

Input: set of sentence pairs (e.f) 14: / / collect counts
Output: translation prob. t(e|f) 15: for all words e in e do

1: initialize (el f) uniformly 16: for all words f infdo

2: while not converged do 17: count(e|f) += S_ttf)‘;a%

3: / / initialize 18: total(f) T -tt(:l{)

& count(e|f)=0foralle, f B i e

5:  total(f) =0 for all f 20: corid for

6:  for all sentence pairs (e,f) do ; 1 sad fo

7: // compute normalization » /] estimate probabilities

- for all words ein e do 23 for all foreign words f do

% stotalle) =0 24: for all English words e do

10: for all words f in f do counte|F}

11 s-total(e) += t(e| f) 25: telf) = Somlr)

L i 26: end for

o cnd foi 27 end for

28: end while



Convergence

das Haus das Buch ein Buch
Pt o 0, 2o o
the house the book a book
e ¥ 4 initial | 1stit. | 2nd it. | 3rd it. final

the das 0.25 0.5 | 0.6364 | 0.7479

book das 0.25 0.25 | 0.1818 | 0.1208

house | das 0.25 0.25 | 0.1818 | 0.1313

the | buch || 025 | 0.25 | 0.1818 | 0.1208

book | buch 0.25 0.5 0.6364 | 0.7479

a buch || 0.25 0.25 | 0.1818 | 0.1313

book | ein 0.25 0.5 | 0.4286 | 0.3466

a ein 0.25 0.5 | 0.5714 | 0.6534

the haus 0.25 0.5 0.4286 | 0.3466

house | haus 0.25 0.5 0.5714 | 0.6534

=IO =O0O =IO OO =
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Problems with IBM Model 1

fertility

NULL
insertion

lexical
translation

distortion

Mary did not slap the green witch
Mary not slapslapslap the green witch n(3lslap)

L | \\ P(NULL)
Mary not slap slap slap NULL the reen witch

| | p\ N/ 7 / t(la|the)
Mary no daba unabotefada a la verde bruja
d@li)

Mary no dabauna botefada a la bruja verde
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fertility

NULL
insertion

lexical
translation

monotonic
alignment

IBM Model 2
Mary did not slap the green witch
Mary not slapslapslap the green witch n(3lslap)
LT
Mary not slap slap slap NULL the reen witch
| | p\ N/ ; / t(lalthe)
Mary no daba unabotefada a la verde bruja

|

|

| <

Mary no daba una

botefada

a la bruja

verde




IBM Model 2

le
p(e,a|f) — ¢ H t(e‘]|fa(])))a(a(3)|j1 le, lf)
1=1
le lf
plelf) = e [ D tlejlfuiy)alad)ld le. 1)
j=1i=0

= compare with Model 1:

le
(

p(e,alf) = i+ )i H f<(’_j|fu(_;‘))

7=1




Higher IBM Models

IBM Model 1 | lexical translation

IBM Model 2 | adds absolute reordering model
IBM Model 3 | adds fertility model

IBM Model 4 | relative reordering model

IBM Model 5 | fixes deficiency

Only IBM Model 1 has global maximum
— training of a higher IBM model builds on previous model

Compuationally biggest change in Model 3

— trick to simplify estimation does not work anymore
— exhaustive count collection becomes computationally too expensive
— sampling over high probability alignments is used instead



¥

The IBM Models 1--5 (Brown et al. 93)

fertility

NULL
insertion

lexical
translation

distortion

Mary did not slap the green witch

Mary not slapslapslap the green witch n(3lslap)

I ] \\\ P(NULL)

Mar"y not slap slap slap\ NULL the ;reen witch

| \ / / t(la|the)

Mary no daba unabotefada a la verde bruja

A S B S

Mar"y no dabauna botefada a la bruja verde

[from Al-Onaizan and Knight, 1998]



Word Alignment

Given a sentence pair, which words correspond to each other?

§ i D ) w O

2% & 3 T . T O

E oo © o © E £ 5
michael
assumes
that
he
will
stay
in
the
house




Word Alignment?

c 5

b = e P

£ 0 © ©

O = T T
john
does
not
live
here

[s the English word does aligned to
the German wohnt (verb) or nicht (negation) or neither?



Word Alignment?

A

£ 8 o ©

S 80 £ o
john
kicked
the
bucket

How do the idioms kicked the bucket and biss ins grass match up?
Outside this exceptional context, bucket is never a good translation for grass



¥

Word Alignment and IBM Models

= |[BM Models create a many-to-one mapping
= words are aligned using an alignment function
= a function may return the same value for different input
(one-to-many mapping)
= 3 function can not return multiple values for one input (no
many-to-one mapping)

= Real word alighments have many-to-many mappings



Symmetrization

english to spanish spanish to english

bofetada brTJa bofetada ja
B

or
Maria no daba una a 1 verde Maria no daba una a la T verde

Mary . 7 Mary
did did
not not

slap slap .
the the -

green green
witch witch

intersection
bofetada bryja
Maria no daba una a la T erde

Mary

N
did
-
slap .
the lll

green

witch




Growing Heuristics

bofetada bryja
Maria no daba una a la verde
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black: intersection grey: additional points in union

= Add alignment points from union based on heuristics
= Popular method: grow-diag-final-and
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Evaluating Alignment Models

= How do we measure quality of a word-to-word model?

= Method 1: use in an end-to-end translation system
= Hard to measure translation quality

Option: human judges

Option: reference translations (NIST, BLEU)

Option: combinations (HTER)

Actually, no one uses word-to-word models alone as TMs

= Method 2: measure quality of the alignments produced
= Easy to measure
= Hard to know what the gold alignments should be
= Often does not correlate well with translation quality (like perplexity in LMs)



Alignment Error Rate
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[4] derartige i
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[6] worz &
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Alignment Error Rate
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Alignment Error Rate

Possible links
f 2

#17

[1] Und

[2] zwar

[3] sollen

[4] derartige
[5] Strafen
[6] wotz

[7] des

[8] Grundsatzes
[9] der

[10] relativen
[11] Stabilitat
[12] verhangt
[13] werden
[14].

relative

stability

Sure links

S
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Alignment Error Rate

Possible links
b o

Precision(A, P) =
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[2]zwar |H|H N
[3] sollen H N
[4] derartige = S -
i can " ure links

[6] wotz H S

[7] des "

[8] Grundsatzes ]
[9] der @

[10] relativen
[11] Stabilitat
[12] verhangt =]
[13] werden [
[14].
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Alignment Error Rate

[1] Und
[2] zwar
[3] sollen LI

Possible links "o ——1a Sure links

[6] rotz S
P [7] des H S

[8] Grundsatzes m

[9] der 2

[10] relativen il

[11] Stabilitat =

[12] verhangt =

[13] werden i

[14]. @

PN A
Al

SN A

Precision(A, P) = S

Recall(A, S) =

ISNA|l+|PNA|
S|+ |A]

AER(A, P,S) =1




Problems with Lexical Translation

¥

= Complexity -- exponential in sentence length
= Weak reordering -- the output is not fluent
= Many local decisions -- error propagation



Phrase-Based Translation
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B 3TOM CMbICNne nogobHble AeNCTBMA YaCTUYHO AUCKPEAUTUPYIOT CUCTEMY aMEPUKAHCKON AeMOKpaTuu
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in this sense

america’s democracy
us democracy

in that sense

In this respect

P(e, alignment|f) = p

segmentation ptra nslation preorderings



Phrase-Based MT
Translation Model P(f|e)

Parallel
corpus

source | target |translation
e f
phrase | phrase | features

\Reranking Model
Monolingual _‘ \ feature
corpus m “ . Language MOdel P(e) - Weights

2]

/ argmaz.P(f|e)P(e)

Held-out f
parallel corpus C



