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I saw the dog

Machine Translation
-

Phrase- based MT : 2000 - 2015

Neural MT: 2015- present
This lecture : PBMT and Wyrd alignment
Thursday : finish PBMT

,
start NMT: seq2seq models

→ leads to attention : critical idea in
modern deep learning w/roots in word alignment

Goal : understand core concepts of PBMT,
understand word alignment (As)



Learn to translate sentence in one

lung (source) to another king (target)
French → English
Data bileat

, parallel sent pairs
d

Je fois un bureau I make a desk
C

Je fois une sovpe I'm making a soup
Q tu fois ? Whyte you doing?
Quelle errevr ! What a mistake !

you make a mistake

① What does
"

tu fois une error
"
mean ?

② How do you know what fais means ?

- Many - to- many translations
- Cooccuirrence → alignment
- phrasal translations



French →meaning Ea sentence
→ Ja sentence

f :

Vauquois ( 1968) levels of transfer
• interlingua X

→ semantic X

yes:#
>
word

source target

① How to get chunks ) phrases ?
② How to translate sentences ? next class

word alignment
-

Input : bi -text



Output: Je fois un bureau
af# a aq=2lau⇒l 05=4
I am making a desk
I 2 2 3 4

Source = French
, target English

Alignment' family of models

Pta
,
Its) F : Eng words

J : Fr words
a- : alignment

ai=j : the ith En

word aligns to jth fr word

ai takes one value

one- to - many alignment
necessarily

ai are not
n
monotonic

Faris - tu un bureau ?

th- -
Are you making a desk ?



Unsupervised learning problem
- We do not see labeled a-

anywhere in our data
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Model params : emissions in an HMM

plvslxlvtl matrix of probs
includes NULL P(target word ( Src word)

Phil Sai ) : look up the prob of
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Sai in the matrix
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Learning
No labeled a-

If we had labeled a- i
.
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Problem : no a- Labeled
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Expectation Maximization

For Model l : :{ log !TEP(a;,t7" 154
because of Aj
independence -
assumptions Olam)


