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Data Sparsity

What is data sparsity?

— rarely occurring words cause problems in statistical applications

Why is this problematic for SMT?

— less occurrences — less reliable translations

— unseen words cannot be translated

What can we do about it?

— make the most out of the available training data!
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Hands on Data Sparsity

There are two kinds of sparse data in parallel corpora for SMT:
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There are two kinds of sparse data in parallel corpora for SMT:

1 unseen/rarely seen simplex words
— use more data

2 unseen/rarely seen complex words
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Hands on Data Sparsity

There are two kinds of sparse data in parallel corpora for SMT:
1 unseen/rarely seen simplex words
— use more data

2 unseen/rarely seen complex words
— decomposition into seen words and word parts
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Practical Exercise

The Revenge of the Sith:

N

-

Sith language is morphologically richer than you thought!
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Morphology

Morphology
|

Inflection

modiﬁcat‘ion of words

! .
Word Formation
creation of new words

Declination

case, gender and
number marking
of e.g. adjectives,
nouns, determiner

r6d —» roda

Conjugation
person, number,
tense, modus,
aspekt marking

of verbs
se —= ser, sett

Comparison

comparation of
adjectives: positive
comparative, superlative

stor —= storre, storst

Compounding

combination of
free morphemes
into new lexemes

Sfrukt+korg = fruktkorg

Derivation

combination of a
free with one or more
bound morphemes

dta+ —bar = dtbar
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Morphology

Morphology
\
— o
Inflection Word Formation
modificat‘ion of words creation of new words
[ I 1 [ ]
Declination || Conjugation || Comparison Compounding || Derivation

case, gender and
number marking
of e.g. adjectives,
nouns, determiner

rod —s roda

person, number,
tense, modus,
aspekt marking
of verbs

se —= ser, sett

comparation of
adjectives: positive
comparative, superlative

stor —» storre, storst

combination of
free morphemes
into new lexemes

frukt+korg = fruktkorg

combination of a
free with one or more
bound morphemes

dta+ —bar = dtbar

Previous work on morphological processing for SMT
has mostly dealt with Deklination, Comparation and Compounding
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Morphology

Morphology
\
— o
Inflection Word Formation
modificat‘ion of words creation of new words
[ I 1 [ ]
Declination || Conjugation || Comparison Compounding || Derivation

case, gender and
number marking
of e.g. adjectives,
nouns, determiner

rod —s roda

person, number,
tense, modus,
aspekt marking
of verbs

se —= ser, sett

comparation of
adjectives: positive
comparative, superlative

stor —» storre, storst

combination of
free morphemes
into new lexemes

frukt+korg = fruktkorg

combination of a
free with one or more
bound morphemes

dta+ —bar = dtbar

Previous work on morphological processing for SMT
has mostly dealt with Deklination, Comparation and Compounding

The goal is to make the source and the target language
as similar as possible prior to word alignment
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Morphology

Morphology
\
— o
Inflection Word Formation
modificat‘ion of words creation of new words
[ I 1 [ ]
Declination || Conjugation || Comparison Compounding || Derivation

case, gender and
number marking
of e.g. adjectives,
nouns, determiner

rod —s roda

person, number,
tense, modus,
aspekt marking
of verbs

se —» ser, sett

comparation of
adjectives: positive
comparative, superlative

stor —» storre, storst

combination of
free morphemes
into new lexemes

frukt+korg = fruktkorg

combination of a
free with one or more
bound morphemes

dta+ —bar = dtbar

Previous work on morphological processing for SMT
has mostly dealt with Deklination, Comparation and Compounding

The goal is to make the source and the target language
as similar as possible prior to word alignment
e.g. through lemmatisation or compound splitting
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Morphological Processing: Lemmatisation

Das Haus ist blau - The house is blue
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Morphological Processing: Lemmatisation

Das Haus ist blau - The house is blue

Number | Case Definite Indefinite
Nominativ | das blaue Haus ein blaues Haus

Singular Genitiv _ fjes blauen Hauses feine.s blauen Hauses
Akkusativ | in das blaue Haus in ein blaues Haus
Dativ in dem blauen Haus in einem blauen Haus
Nominativ | die blauen Hauser einige blaue Hauser
Genitiv der blauen Hauser einiger blauer Hauser

Plural . . . . N
Akkusativ | in die blauen Hauser in einige blaue Hauser
Dativ in den blauen Hausern | in einigen blauen Hausern
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Morphological Processing: Lemmatisation

Das Haus ist blau - The house is blue

Number | Case Definite Indefinite
Nominativ | das blaue Haus ein blaues Haus

Singular Genitiv _ fjes blauen Hauses feine.s blauen Hauses
Akkusativ | in das blaue Haus in ein blaues Haus
Dativ in dem blauen Haus in einem blauen Haus
Nominativ | die blauen Hauser einige blaue Hauser
Genitiv der blauen Hauser einiger blauer Hauser

Plural . . . . N
Akkusativ | in die blauen Hauser in einige blaue Hauser
Dativ in den blauen Hausern | in einigen blauen Hausern

blau, blaue, blaues, blauen, blauer — blue
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Morphological Processing: Lemmatisation

Das Haus ist blau - The house is blue

Number | Case Definite Indefinite
Nominativ | das blaue Haus ein blaues Haus

Singular Genitiv _ fjes blauen Hauses feine.s blauen Hauses
Akkusativ | in das blaue Haus in ein blaues Haus
Dativ in dem blauen Haus in einem blauen Haus
Nominativ | die blauen Hauser einige blaue Hauser
Genitiv der blauen Hauser einiger blauer Hauser

Plural . . . . N
Akkusativ | in die blauen Hauser in einige blaue Hauser
Dativ in den blauen Hausern | in einigen blauen Hausern

blau, blaue, blaues, blauen, blauer — blue
but: keep differences that are made in both languages!

Haus, Hauses — house
Hauser, Hausern — houses
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Morphological Processing: Compound Splitting

Rindfleischetikettierungsiiberwachungsaufgabeniibertragungsgesetz
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Morphological Processing: Compound Splitting

Rindfleischetikettierungsiiberwachungsaufgabeniibertragungsgesetz

This is a real example!
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Morphological Processing: Compound Splitting

beef labelling monitoring  task transfer law

Rindfleischetikettierungsiiberwachungsaufgabeniibertragungsgesetz

Rindfleisch Etikettierung Uberwachung Aufgaben Ubertragung Gesetz

This is a real example!
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Morphological Processing: Compound Splitting

beef labelling monitoring  task transfer law

Rindfleischetikettierungsiiberwachungsaufgabeniibertragungsgesetz
Rindfleisch Etikettierung Uberwachung Aufgaben Ubertragung Gesetz

| | | | | |
beef labelling monitoring task transfer law

This is a real example!
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Morphological Processing: Compound Splitting

beef labelling monitoring  task transfer law

Rindfleischetikettierungsiiberwachungsaufgabeniibertragungsgesetz

Rindfleisch Etikettierung Uberwachung Aufgaben Ubertragung Gesetz
| | | | | |
beef labelling monitoring task transfer law

This is a real example!

— more compound splitting for SMT in a student project!
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German to English SMT Example

viele hindler verkaufen obst in papiertiiten .

training | | s T

many traders sell fruit in paper bags .
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German to English SMT Example

viele hindler verkaufen obst in papiertiiten .

training | | s T
many traders sell fruit in paper bags .
Baseline

Moses

papierhindler

testin .
8 verkaufen tiiten .

German input
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German to English SMT Example

viele hindler verkaufen obst in papier tiiten .
training | | s T
many traders sell fruit in paper bags .
Baseline

\Y I

papierhindler

testin - ..
§ verkaufen tiiten .

German input
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German to English SMT Example

viele hindler verkaufen obst in papier tiiten .
training | | s T
many traders sell fruit in paper bags .
Baseline

papierhédndler
sell tiiten .

papierhindler

testin - ..
§ verkaufen tiiten .

German input English output
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German to English SMT Example

viele hindler verkaufen obst in papier tiiten .

training | | s T

many traders sell fruit in paper bags .

Baseline
st papierhindler papierhédndler
g verkaufen tiiten . sell tiiten .
German input English output
viele hindler verkaufen obst in papiertiiten
training | |
many traders sell fruit in paper bags .
Our system
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German to English SMT Example

viele hindler verkaufen obst in papier tiiten .

training | | s T

many traders sell fruit in paper bags .

Baseline
) papierhindler papierhédndler
test -~ .. .
g verkaufen tiiten . sell tiiten .
German input English output
viele hindler verkaufen obst in papier tiiten
training |
many traders sell fruit in paper bags .
Our system
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German to English SMT Example

viele hindler verkaufen obst in papier tiiten .

training | | s T

many traders sell fruit in paper bags .

Baseline
) papierhindler papierhédndler
test -~ .. .
g verkaufen tiiten . sell tiiten .
German input English output
viele hindler verkaufen obst in papier tiiten
training |
many traders sell fruit in paper bags .
Our system
' papierhéndler Moses
testing .
verkaufen tiiten .

German input
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German to English SMT Example

viele hindler verkaufen obst in papier tiiten .

training | | s T

many traders sell fruit in paper bags .

Baseline
) papierhindler papierhédndler
test -~ .. .
g verkaufen tiiten . sell tiiten .
German input English output
viele hindler verkaufen obst in papier tiiten
training |
many traders sell fruit in paper bags .
Our system
, papierhiindler Moses
testing .
verkaufen tiiten .

German input
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German to English SMT Example

viele hindler verkaufen obst in papier tiiten .

training | | s T

many traders sell fruit in paper bags .

Baseline
) papierhindler papierhédndler
test -~ .. .
g verkaufen tiiten . sell tiiten .
German input English output
viele hindler verkaufen obst in papier tiiten
training |
many traders sell fruit in paper bags .
Our system
, papier hindler Moses
testin, .
§ verkaufen tiiten .

German input
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German to English SMT Example

viele hindler verkaufen obst in papier tiiten .

training | | s T

many traders sell fruit in paper bags .

Baseline
) papierhindler papierhédndler
testin, ~ .. s
& verkaufen tiiten . sell tiiten .
German input English output
viele hindler verkaufen obst in papier tiiten
training | |
many traders sell fruit in paper bags .
Our system
, papier hindler Moses
testing - .
verkaufen tiiten .

German input

Fabienne Cap Morphological ProcessingforStatistical Machine Translation



German to English SMT Example

viele hindler verkaufen obst in papier tiiten .

training |
many traders sell fruit in paper bags .

Baseline
st papierhindler apierhindler
“HE\verkaufen tiiten sell tiiten .

German input English output
viele hindler verkaufen obst in papier tiiten .
training | | e // / //
many traders sell fruit in paper bags .
Our system

papier hindler
verkaufen tiiten .

paper traders

testin,
& sell bags .

German input English output
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Now: opposite translation direction!!!

Pay Attention You Must!!
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English to German SMT Example

many traders sell fruit in paper bags . I find them too expensive .

training ‘ ‘ \ \\\1 \\\\\ \ ‘

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .
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English to German SMT Example

many traders sell fruit in paper bags . I find them too expensive .

training ‘ ‘ \ \\\1 \\\\\ \ ‘

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
s many paper traders
estin, - .
¢ | find them too expensive .

English input
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .

training ) ‘ ‘ \ \\\[ \\\\\ \ ‘

viele hiindler verkaufen obst in papiertiiten . mir sind die zu teuer .
Baseline

many paper traders

testin, - .
§ find them too expensive .

English input
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .
training | | N T~ T T T

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler
estin, ~ . . .
§ find them too expensive . sind die zu teuer .
English input German output
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .
training | | N T~ T T T

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estin, ~ . . .
§ find them too expensive . sind die zu teuer .
English input German output
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .
training | | N T~ T T T

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estns find them too expensive . sind die zu teuer .
English input German output
many traders sell fruit in paper bags . I find them too expensive .
training ) | | AN \\\[ \\\\\ N
viele hindler verkaufen obst in papiertiiten .mir sind die zu teuer .
Our system
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .
training | | N T~ T T T

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estns find them too expensive . sind die zu teuer .
English input German output
many traders sell fruit in paper bags .1 find them too expensive .
training ‘ | AN \\ \\\:J \\\\\ N
viele hindler verkaufen obst in papiertiiten .mir sind die zu teuer .
Our system
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .
training | | N T~ T T T

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estin, ~ . . .
§ find them too expensive . sind die zu teuer
English input German output
many traders sell fruit in paper bags . I find them too expensive .
training ) ‘ ‘ \ \\ ] \\\\\ \ ‘
viele hindler verkaufen obst in papier tiiten . mir sind die zu teuer .
Our system
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .

training ‘ ‘ \ \\\1 \\\\\ \ ‘

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estns find them too expensive . sind die zu teuer .
English input German output
many traders sell fruit in paper bags . I find them too expensive .
training ) | | AN \\\ \\\\\\ N
viele hindler verkaufen obst in papier tiiten . mir sind die zu teuer .
Our system

many paper traders

testin, . .
¢ find them too expensive .

English input
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .

training ‘ ‘ \ \\\1 \\\\\ \ ‘

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estin, ~ . . .
§ find them too expensive . sind die zu teuer
English input German output
many traders sell fruit in paper bags . I find them too expensive .
training ) ‘ ‘ \ \\\ \\\\\\ \ ‘
viele hindler verkaufen obst inpapier tiiten.mir sind die zu teuer .
Our system

many paper traders

testin, - .
$ find them too expensive .

English input
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .

training ‘ ‘ \ \\\1 \\\\\ \ ‘

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estin, ~ . . .
§ find them too expensive . sind die zu teuer
English input German output
many traders sell fruit in paper bags . I find them too expensive .
training ) ‘ ‘ \ \\\ \\\\\\ \ ‘
viele hindler verkaufen obst inpapier tiiten.mir sind die zu teuer .
Our system

many paper traders
find them too expensive .

viele papier hindler

testin, . .
$ sind die zu teuer

English input German output
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .

training ‘ ‘ \ \\\1 \\\\\ \ ‘

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estin, ~ . . .
§ find them too expensive . sind die zu teuer
English input German output
many traders sell fruit in paper bags . I find them too expensive .
training ) ‘ ‘ \ \\\ \\\\\\ \ ‘
viele hindler verkaufen obst inpapier tiiten.mir sind die zu teuer .
Our system

many paper traders
find them too expensive .

viele papier hindler

testin, . n
$ sind die zu teuer

English input German output
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .

training ‘ ‘ \ \\\1 \\\\\ \ ‘

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estin, ~ . . .
§ find them too expensive . sind die zu teuer
English input German output
many traders sell fruit in paper bags . I find them too expensive .
training ) ‘ ‘ \ \\\ \\\\\\ \ ‘
viele hindler verkaufen obst inpapier tiiten.mir sind die zu teuer .
Our system

many paper traders
find them too expensive .

viele papierhindler

testin, . N
$ sind die zu teuer

English input German output
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .

training ‘ ‘ \ \\\1 \\\\\ \ ‘

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estin, ~ . . .
§ find them too expensive . sind die zu teuer
English input German output
many traders sell fruit in paper bags . I find them too expensive .
training ) ‘ ‘ \ \\\ \\\\\\ \ ‘
viele hindler verkaufen obst inpapier tiiten.mir sind die zu teuer .
Our system

many paper traders
find them too expensive .

/iele__papierhindler _|

testin, . .
$ sind die zu teuer

English input German output
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English to German SMT Example

many traders sell fruit in paper bags .1 find them too expensive .

training ‘ ‘ \ \\\1 \\\\\ \ ‘

viele hindler verkaufen obst in papiertiiten . mir sind die zu teuer .

Baseline
st many paper traders viele paper hindler_
estin, ~ . . .
§ find them too expensive . sind die zu teuer
English input German output
many traders sell fruit in paper bags . I find them too expensive .
training ) ‘ ‘ \ \\\ \\\\\\ \ ‘
viele hindler verkaufen obst inpapier tiiten.mir sind die zu teuer .
Our system

many paper traders
find them too expensive .

/ielen papierhédndlern |

testin, . .
$ sind die zu teuer

English input German output
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German to English SMT Example

Morphological Processing....
@ allows to translate compounds that have not occurred in the
training data:
o provided that they have been properly split
o their parts must have occurred in the training data
o it is irrelevant how the parts occurred:
as simplex words, compound modifiers or heads
@ enhances the word counts of simplex words and thus makes
their translations more reliable as well

@ can produce unseen inflectional variants of seen words

@ can produce coherent inflected sequences of words
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Goals for Today

Why Morphological Processing?
Morphological Processing in SMT

A closer look at Compound Merging
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Goals for Today

Why Morphological Processing?
Morphological Processing in SMT

A closer look at Compound Merging
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Compound Merging Approaches

1) List-based approach
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Compound Merging Approaches

1) List-based approach

@ store compounds and their parts after splitting
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Compound Merging Approaches

1) List-based approach
@ store compounds and their parts after splitting

@ only words that are on this list are merged into compounds
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Compound Merging Approaches

1) List-based approach

@ store compounds and their parts after splitting

@ only words that are on this list are merged into compounds
2) POS-based approach
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Compound Merging Approaches

1) List-based approach

@ store compounds and their parts after splitting

@ only words that are on this list are merged into compounds
2) POS-based approach

@ POS-markup for compound modifiers:
Inflations|N-Part + Rate|N = Inflationsrate|N
restricts the POS of candidate heads for merging
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Compound Merging Approaches

1) List-based approach

@ store compounds and their parts after splitting

@ only words that are on this list are merged into compounds
2) POS-based approach

@ POS-markup for compound modifiers:
Inflations|N-Part + Rate|N = Inflationsrate|N
restricts the POS of candidate heads for merging

@ use CRFs for the merging decision
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Compound Merging Approaches

1) List-based approach

@ store compounds and their parts after splitting

@ only words that are on this list are merged into compounds
2) POS-based approach

@ POS-markup for compound modifiers:
Inflations|N-Part + Rate|N = Inflationsrate|N
restricts the POS of candidate heads for merging

@ use CRFs for the merging decision

3) Morphological approach
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Compound Merging Approaches

1) List-based approach

@ store compounds and their parts after splitting

@ only words that are on this list are merged into compounds
2) POS-based approach

@ POS-markup for compound modifiers:
Inflations|N-Part + Rate|N = Inflationsrate|N
restricts the POS of candidate heads for merging

@ use CRFs for the merging decision
3) Morphological approach

@ use a rule-based morphological analyser for analysis and
generation of compounds
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Compound Merging Approaches

1) List-based approach

@ store compounds and their parts after splitting

@ only words that are on this list are merged into compounds
2) POS-based approach

@ POS-markup for compound modifiers:
Inflations|N-Part + Rate|N = Inflationsrate|N
restricts the POS of candidate heads for merging

@ use CRFs for the merging decision
3) Morphological approach

@ use a rule-based morphological analyser for analysis and
generation of compounds

@ use CRFs for the merging decision
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Compound Merging for English to German SMT

Compound merging is a challenging task:
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Compound Merging for English to German SMT

Compound merging is a challenging task:

@ not all two consecutive words that could be merged,
should be merged:
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Compound Merging for English to German SMT

Compound merging is a challenging task:

@ not all two consecutive words that could be merged,
should be merged:

“kind" + “punsch” = “kinderpunsch” (punch for children)
but: “darf ein kind punsch trinken?”
(may a child drink punch?)

@ solution: use linear chain Conditional Random Fields
(CRFs).
e machine learning technique
o learn context-dependent merging decisions
based on features assigned to each word
o features can be derived from the
target and/or the source language
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Compound Merging for English to German SMT

Examples of CRF features derived from the target language:

part of speech some POS patterns are more likely to
form compounds than others

modifier vs. head position some words occur much more often as
modifiers than as heads (and vice versa)

productivity of a modifier some words are more productive than
others: for each modifier, | count the
number of different head types

However, as all these features are derived from the (often
disfluent) target language, they might not be very reliable
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Compound Merging for English to German

the source sentence is fluent language, and
sometimes, the English source sentence structure may help the

i fffﬁ

M‘D D‘T N‘N Y D‘T N‘N $. NN

may a child have a punch ? everyone mdy have punch for chlldren '
should not be merged: should be merged:
darf ein kind punsch trinken? jeder darf kind punsch haben!
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Compound Merging for English to German

the source sentence is fluent language, and
sometimes, the English source sentence structure may help the

N /ﬁfﬁ

M‘D D‘T N‘N Y D‘T N‘N $. NN

may a child have a punch ? everyone may have pumh for thldlen '
should not be merged: should be merged:
darf ein kind punsch trinken? jeder darf kind punsch haben!
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Compound Merging for English to German SMT

CRF Training: learn binary merging decisions

German English
word POS MOD HEAD PROD | EN:NP MERGE?
darf VM 0 0 0 0 0
ein DET 0 0 0 0 0
kind NN 16,126 1,195 1,824 0 0
punsch NN 2 13 2 0 0
trinken VvV 0 0 0 0 0
? ? 0 0 0 0 0
jeder PRO 0 0 0 0 0
darf VM 0 0 0 0 0
kind NN 16,126 1,195 1,824 1 1
punsch NN 2 13 2 0 0
haben VvV 0 0 0 0 0
! ! 0 0 0 0 0
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CRF Training: learn binary merging decisions

German English

word POS MOD HEAD PROD | EN:NP MERGE?
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kind NN | 16,126 1,195 1,824 0 0
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In the training data...
— "Kind" occurred more often as a modifier than as a head
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Compound Merging for English to German SMT

CRF Training: learn binary merging decisions

German English

word POS MOD HEAD PROD | EN:NP MERGE?
darf VM 0 0 0 0 0
ein DET 0 0 0 0 0
kind NN | 16,126 1,195 1,824 0 0
punsch NN 2 13 2 0 0
trinken \AY% 0 0 0 0 0
? ? 0 0 0 0 0
jeder PRO 0 0 0 0 0
darf VM 0 0 0 0 0
kind NN | 16,126 1,195 1,824 1 1
punsch NN 2 13 2 0 0
haben A% 0 0 0 0 0
! ! 0 0 0 0 0

In the training data...
— “Kind" occurred more often as a modifier than as a head
— the opposite applies to “Punsch”!
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Compound Merging for English to German SMT

CRF Training: learn binary merging decisions

German English
word POS MOD HEAD PROD | EN:NP MERGE?
darf VM 0 0 0 0 0
ein DET 0 0 0 0 0
kind NN | 16,126 1,195 1,824 0 0
punsch NN 2 13 2 0 0
trinken \AY% 0 0 0 0 0
? ? 0 0 0 0 0
jeder PRO 0 0 0 0 0
darf VM 0 0 0 0 0
kind NN | 16,126 1,195 1,824 1 1
punsch NN 2 13 2 0 0
haben \AY% 0 0 0 0 0
! ! 0 0 0 0 0

English feature determines merging decision!
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