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More on word-based models

e So far, we discussed IBM Model1 - ignores
word positions

e The additional IBM models are: - H (1+1) X’L(fi‘("a,)

e Model 2 - Word positions matter! (and
Model1 is a special case)

i
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More on word-based models

|ch gehe Ja mcht zum haus

e So far, we discussed IBM Model1 - ignores l l / /\ \

word positions
ich gehe nicht zum zum haus

e The additional IBM models are: ,/; l l l l l
ich NnuLL gehe nicht zum zum haus

* Model 2 - Word positions matter! (and l l l l l l l
Model1 is a special case) do go not to the house

e Model 3 - Introduce Fertility l l X l l l

not go to the house
4
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More on word-based models
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More on word-b

e So far, we discussed IBM Model1 - ignores
word positions

e The additional IBM models are:

e Model 2 - Word positions matter! (and
Model1 is a special case)

e Model 3 - Introduce Fertility
e Model 4 - Relative word positions

e Model 5 - Avoids aligning target words to
the same source word

2020

[12) die |
(13ganz | |
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[15]) Mebwrheit |

[16) unserer
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(i8)hat | |
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[21jund ||
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23] Kommussion

[24] mach |
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(28],
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Problems with word-based models

1
 |IBM models create a many-to-one das Haus lst klltzekleln

mapping / \

the house Is very small
1 2 3 4 0
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Problems with word-based models
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mapping

e One source word can generate
several target words

1
das Haus ist klltzekleln

/\

the house Is very small
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Problems with word-based models

 |IBM models create a many-to-one

mapping

e One source word can generate
several target words

e But we need many-to-many
mappings...

1
das Haus ist klltzeklem

/\

the house Is very small
1 2 3 4 0
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Problems with word-based models

 |IBM models create a many-to-one

mapping

e One source word can generate
several target words

e But we need many-to-many
mappings...

* “Prime Minister”

1 2 4
das Haus ist Klitzeklein

/\

the house Is very small
1 2 3 4 0
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Phrase-Based Translation

nach Kanadal |zur Konferenz

will fly to the conference
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e Koehn, Och & Marcu (2003)

nach Kanadal |zur Konferenz

to the conference
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Phrase-Based Translation

e Koehn, Och & Marcu (2003)
e |Inputis segmented into phrases

e Each phrase is translated into
another phrase

e Phrases are reordered

nach Kanadal |zur Konferenz

to the conference
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Phrase-Based Translation

e Koehn, Och & Marcu (2003) e Many-to-many translations can handle

 Inputis segmented into phrases non-compositional cases

e Each phrase is translated into
another phrase

e Phrases are reordered

nach Kanadal |zur Konferenz

to the conference
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Phrase-Based Translation

e Koehn, Och & Marcu (2003) e Many-to-many translations can handle

 Inputis segmented into phrases non-compositional cases

e Each phrase is translated into * Models local context

another phrase

e Phrases are reordered

nach Kanadal |zur Konferenz

to the conference



STATISTICAL MACHINE TRANSLATION 2020 ROEE AHARONI

Phrase-Based Translation

e Koehn, Och & Marcu (2003) e Many-to-many translations can handle

 Inputis segmented into phrases non-compositional cases

e Each phrase is translated into * Models local context

another phrase o First Google Translate models were
phrase-based (2006)

nach Kanadal |zur Konferenz

e Phrases are reordered

to the conference
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How do we learn phrase translations?

o Start with word alignments

english to spanish

Maria no daba una
e .
did

intersection

spanish to english

stada bryja
) L0 T verde

Maria no daba una
A‘".u:‘,'
did
8

"u

bofetada L:U a
aba una | a -0 verds
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How do we learn phrase translations?

bofetada brTja

o Start with word alignments -=======.
* Preprocess using a heuristic - “Grow- 1 =-==.====

Diag-Final” (Och & Ney, 2003) S HEEEEE BN
el P11
e L]
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How do we learn phrase translations?

o Start with word alignments

 Preprocess using a heuristic - "Grow-
D|ag-F|na|" (OCh & Ney, 2003) Maria no daba Maria no daba Maria no daba

Mary Mary Mary

o Collect all phrase pairs that are dia did aid
consistent with the word alignment ™ not not
slap slap slap

inconsistent inconsistent
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How do we learn phrase translations?

o Start with word alignments

 Preprocess using a heuristic - "Grow-
D|ag-F|na|" (OCh & Ney, 2003) Maria no daba Maria no daba Maria no daba

L

Mary Mary Mary

did did

e Collect all phrase pairs that are did
consistent with the word alignment ™

not not

slap slap slap

e Phrase alignment has to contain all
alignment points for all covered
words

inconsistent inconsistent
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How do we learn phrase translations?

e We can learn phrase pairs with varying lengths:

r HE=E=EE =l
T

(Maria, Mary), (no, did not), (slap, daba una bofetada), (a la, the), (bruja, witch), (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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How do we learn phrase translations?

e We can learn phrase pairs with varying lengths:

e Too sparse with little data!

TS

(Maria, Mary), (no, did not), (slap, daba una bofetada), (a la, the), (bruja, witch), (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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How do we learn phrase translations?

e We can learn phrase pairs with varying lengths:
e Too sparse with little data!

e Should be tuned

TS

(Maria, Mary), (no, did not), (slap, daba una bofetada), (a la, the), (bruja, witch), (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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STATISTICAL MACHINE TRANSLATION 2020 ROEE AHARONI

How do we translate?

e We want to solve the following problem: €pest = ArgMax, p(elf)
e This task is called decoding
e \We need to search for the most probable translation

e For example:
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How do we translate?

e We want to solve the following problem: €pest = ArgMax, p(e|f)
e This task is called decoding
e \We need to search for the most probable translation

e For example:

er geht ja nicht nach hause
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How do we translate?

We want to solve the following problem:

This task is called decoding

We need to search for the most probable translation

For example:

er

er

geht

he

ja

Chest — dArgimax, /)<e|f)

nicht

nach

hause

ROEE AHARONI
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How do we translate?

We want to solve the following problem:

This task is called decoding

We need to search for the most probable translation

For example:

er

er

geht

ja nicht

ebest = argmax, p(e|f)

nach

ja nicht

P

he

does not

hause

ROEE AHARONI
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How do we translate?

e We want to solve the following problem: €pest = ArgMax, p(e|f)
e This task is called decoding
e \We need to search for the most probable translation

e For example:

er geht ja nicht nach hause

er geht ja nicht

\ >,

he does not go
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How do we translate?

e We want to solve the following problem: €pest = ArgMax, p(e|f)
e This task is called decoding
e \We need to search for the most probable translation

e For example:

er geht ja nicht nach hause

er geht ja nicht nach hause

\ <, g

he does not go home
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How do we translate?

e |n phrase-based translation, score partial hypotheses by:

€hect = ArgmMax, H o( file;) d(start; — end;—1 — 1) piu(e)

er

er

I

=1
start; end 1—1
geht ja nicht
geht ja nicht

he

e

does not

go

nach

hause

ROEE AHARONI
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How do we translate?

e |n phrase-based translation, score partial hypotheses by:

€hect — ArgmMax, H o( file;) d(start; — end;—1 — 1) pLu(e)

e Translation model, reordering model, language model

er

er

I

1 =1

start;
geht

ja

geht

end;_1
nicht

he

ja nicht

e

does not

go

nach

hause

ROEE AHARONI
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How do we translate?

e |n phrase-based translation, score partial hypotheses by:

€hect — ArgmMax, H o( file;) d(start; — end;—1 — 1) pLu(e)

e Translation model, reordering model, language model

e Asmall problem...

er

er

I

1 =1

start;
geht

ja

geht

end;_1
nicht

he

ja nicht

e

does not

go

nach

hause

ROEE AHARONI
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How do we translate?

* Large search space - er geht ja nicht nach hause

many options to choose e 5 5 ot e T

fr0| A “ goes , Of course does no according to chamber

0o . IS not . n ] at home
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How do we translate?

e Large search space -

er geht ja nicht nach hause

many options to choose e 5 5 ot e T
G are S Tdonol ) (o ) Tome

frOm g goes . Of course does no according 10 chamber

, he 0o . IS not (.  n ] at home
G | S ot T fome )
—Fewllle ) (Rnl ) (underhosss
* Use words? Phrases? T Wgoes ) (  doesnol ) ( relunhome 3

e goes do no do no

Larger phrases?




STATISTICAL MACHINE TRANSLATION 2020 ROEE AHARONI

How do we translate?

e Large search space -

er geht ja nicht nach hause
many options to choose — - — — —
i are s (__donot__J 0 (__home
fr()m M goes . of course does no according 10 chamber
. he 0o . 1S not n at home
itis not home
e Use words? Phrases? — Toes roheTRioe
e goes do not do not

IS 0

followin

not after

Larger phrases?

are

IS aiter all

o 2727 relevant phrase
pairs for this sentence in
Europarl alone

IS NO
are not
IS not a
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How do we translate?
* Large search space - er geht ja nicht nach hause
many Optlons O ChOOSG he s es not after house
(at ] (_are ] (15 ] (__donot ) ( to |
erm (.t ] (_goes (_does not )
e - (g0 ) . L In ( _athome
T ﬂ  ome
e Use words? Phrases? T =
e goes (  _donot do not
Larger phrases? —
IS after all not after
d not t
o 2727 relevant phrase E— Y
pairs for this sentence in L

Europarl alone

e Exponential explosion
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Search Procedure

o Start with empty hypothesis

er geht ja nicht nach hause
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Search Procedure

o Start with empty hypothesis

er geht ja nicht nach hause

o Fetch all initial hypotheses
and score them
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Search Procedure

o Start with empty hypothesis

er geht

o Fetch all initial hypotheses

ja

nicht

nach

ROEE AHARONI

hause

and score them

e Maintain a coverage vector
for each hypothesis

- dare
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Search Procedure

o Start with empty hypothesis

er geht ja nicht nach hause

o Fetch all initial hypotheses

and score them
e Maintain a coverage vector .

for each hypothesis = Fy.es =

he

e |terate: expand each —" = \\:H;oes > | home

hypothesis until full cover QUEDE < rroyry N gy SN ey

r t > e to
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Search Procedure

o Start with empty hypothesis

er geht ja nicht nach hause
o Fetch all initial hypotheses
and score them
e Maintain a coverage vector
for each hypothesis r]ves

he

\HE A2

o |terate: expand each
hypothesis until full cover

\:noes home
> P
does not go m

are

/1

ﬂ$H\‘l

it —>
~A

o Backtrack to get best
candidate
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Search Procedure

e The proposed approach is
still exponential.
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Search Procedure

e The proposed approach is
still exponential.

e How can we improve?

e Recombination - merge
hypotheses with similar
traits
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Search Procedure

e The proposed approach is mﬁ_’[ S
T

still exponential. >

e How can we improve?

e Recombination - merge
hypotheses with similar

traits TTTTTL_»l he |—|does not
e Depends on the modelled \‘E.III" _.F-Idoes ot :
context

 EEEEN r:-I
l_» he | does not
\AL]:ED:‘ yd

it
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Search Procedure

e The proposed approach is
still exponential.

e How can we improve?

e Recombination - merge
hypotheses with similar

traits TTTTTL_»l he |—|does not
e Depends on the modelled \‘mn _.F-Idoes ot :
context
CEEEEE r:-I
e Still not enough, not o | » fe [ doesno

controllable \C':'F‘I\/
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Pruning with Stack Decoding

e |dea: throw away bad
hypothesis early

e Put comparable hypotheses qo0es ldoes not |
into stacks (same coverage)

no word one word two words three words
translated translated translated translated
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Pruning with Stack Decoding

e |dea: throw away bad
hypothesis early

e Put comparable hypotheses qo0es ldoes not |
into stacks (same coverage)

he
e Limit the number of
hypotheses in each stack - are
throw away the worst [IEUI‘ FIIII‘ rII
hypothesis when stack is full ! yes
no word one word two words three words

translated translated translated translated
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Pruning with Stack Decoding

e |dea: throw away bad
hypothesis early

e Put comparable hypotheses qo0es ldoes not |
into stacks (same coverage)

he
e Limit the number of

hypotheses in each stack - are

throw away the worst IEIII:‘ FIDI‘ FIE

hypothesis when stack is full ! yes
* Beam search is similar, but no word one word two words three words

without stacks translated translated translated translated
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Pruning with Stack Decoding

Stack Decoding Algorithm

1: place empty hypothesis into stack 0
2: for all stacks 0...n — 1 do

3:  for all hypotheses in stack do

4 for all translation options do

5 if applicable then

6 create new hypothesis

7: place in stack

: recombine with existing hypothesis if possible
9 prune stack if too big

10: end if

11: end for

12: end for

13: end for
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Pruning with Stack Decoding

Stack Decoding Algorithm

1: place empty hypothesis into stack 0
2: for all stacks 0...n — 1 do

3. for all hypotheses in stack do

4 for all translation options do

5 if applicable then

6 create new hypothesis

7: place in stack

5 recombine with existing hypothesis if possible
9 prune stack if too big

10: end if
11: end for
122 end for

13: end for

()(max stack size x translation options x sentence length)
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Summary

e Additional lexical models
e Position based (absolute - Model 2, relative - Model 4)
o Fertility (Model 3)

e Phrase based models

e Decoding

e Recombination, Pruning (Stack decoding/Beam search)
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Questions diverses ?



