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Outline

¥ Word segmentation, lattices, and MT

¥ A maximum entropy model for
segmentation

¥ Model training
¥ Features
¥ Evaluation
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How do you construct lattices?

Combine different off-the-shelf segmenters.

- Dyer et al. (2008), Xu et al. (2009)
Hand-written segmentation rules
- DeNeefe et al. (2008)

Problems:
- different segmenters may not be available
- engineering challenges
- segmentation not tailored to MT
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Modeling segmentatic

¥ Lots of prior work:

¥ Poon et al. (2009), Johnson (2008), Goldwater et al.
(2007, 2006)

¥ Koehn and Knight (2003)
¥ However, | have additional goals
¥ Translation optimal != linguistic intuition
¥ | want very high recall lattices (at reasonable prec)

¥ | want to easily correct segmentation errors



Modeling segmentatic

¥ Requirements:
¥ A single model for lattices.

¥ There may be multiple correct/plausible
segmentations.

¥ Minimal amounts of human-generated
training data.



A maxent model

¥ Efbcient inference in a lattice

¥Use overlapping features known to be
iInformative for morphological segmentats

¥ Probabilistic model

¥ Easy to train using standard numerical
optimization techniques
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Reference lattices

Lattices encode plausibdegmentations for
translation, not necessarily all morphemes!
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Model form

’ . (N

g exp ;! hi (s, w)

Further constraints:

- § must be at leastl characters long
- S1..N, COncatenated, must yield

- |w] will be at leastd
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Training

Objective: move probability mass from
Obad pathsO (paths not in the reference)
to Ogood pathsO (paths in the reference).
Maximize:

L = log P (s|w;)
1 SER;

Gradient with respect to feature weights:
e ~ Epsiwn ] — Epgspwy riy ]
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Tralning recipe

.oL !
Compute : 7= = Egspw)lud — Epespw &) [

¥ For each <word, reference lattice> pair:

¥ Construct lattice forw, containingall
segmentations

¥ Inside-outside inference for brst
expectation

¥ FST intersect with reference lattice

¥ Inside-outside inference for second
expectation
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Feature engineering

¥ Preferences
¥ Prefer as local as possible
¥ Prefer dense features

¥ Prefer a small number of features
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12 Features

¥ Phonotactic probability

¥ Lexical features (in vocab, OOV)
¥ Lexical frequencies

¥ s high frequency?

¥ Segment length

e
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Features

OPhonotacticO probability
log p(#|s15:Ss)

tonbandtauf ... -0.15
tonbar#dau f... -0.98
tonba#nda uf... -1.63

*Estimated from unsegmented monolingual text



Features

Is found In dictionary?
f(s) >0

ton

tonb
tonba
tonban

tonband

R O O O

*Estimated from unsegmented monolingual text



Features

Length of segment?
Bl

#band# 4
#Haufnahme# 8
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German features

¥ Fugenelemente (-s, -es, -n) can be deleted
between morphemescf. Koehn & Knight
2003). Count feature for each deletion.

¥ Manually created OnonwordO list:

nis
nisse Common derivational endings,
trigraphs, non-compounding

nen

eien _
gern particles, etc.

sch
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Now what?
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Inside-outside prunin

¥ Too many paths in the lattice, use inside-
outside pruning to keep only the high
probability paths:

¥ Compute best path probability
¥Compute best path through each edge

¥ Prune out all paths some threshold aw.
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Evaluation
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Tralining data statistic

dev test
Documents I Documents 4
Words| 491 Words 279
Total paths| 566 Total paths| 302
Max paths 4 Max paths 2

Development data was selected from German
language news sites. 3 news documents and 1 document

from de.wikipedia.org were selected as a test set. -



Recall

| attice evaluation

0.99

0.98

0.97

0.96

0.95

0.94

0.93

0.92

| | | |
[ | L L
ML —m—
— ML, no special German -——-e--—- .
| | | | | | |

0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95
Precision
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1-best evaluation

Training WER
MaxEnt 11.1
MERT 9.9
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Translation Experiments

¥ Baseline system

¥ German-English, 1.5M parallel sentenc
Giza++ Model 4 alignments

¥ 500M words English, 5gm LM
¥ Hierarchical phrase-based MT system
¥ Tuned with MERT to optimize BLEU-TE
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Translation Experiments

¥ 4 Experimental conditions
¥ No segmentation [baseline]

¥ 1-best segmentation [cf. Koehn & Knig|
(2003)]

¥ No segmentation (training), segmentati
lattices (decoding)

¥ No segmentation + 1best (training),
segmentation lattices
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Application to MT

German-English

Input Phrase table

BLEU

TER

Unsegmente

Unseg 20.8

61.0

1-best segmentatic 1-best sec

20.3

60.2

Lattice (a=0.2

Unseg 21.0

60.2

Lattice (a=0.24 Unseg. + 1-be:

21.5

59.8
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In police raids found illegal guns , ammunistahlkern |,
laserzielfernrohr and a machine gun .

In police raids found with illegal guns and ammunisi@e| core , a
laser objective telescope and a machine gun .
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Other languages
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Other languages

¥ Observe : Many languages have similar
compounding processes
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Other languages

¥ Observe : Many languages have similar
compounding processes

¥ Can we reuse our model?

¥ The features we used are (mostly)
language Independent

¥ LetOs see how it works on Hungarian-
English and Turkish-English!
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Other languages

Hungarian-English

BLEU

TER

Baselin|

11.0

/1.1

1-bes|

10.7

70.4

Lattice: baseline+1-be

12.3

69.1
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Other languages

Turkish-English

BLEU

TER

Baselin|

26.9

61.0

1-bes|

27.8

61.2

Lattice: baseline+1-be

28.7

59.6
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Conclusion

¥ We described a simple model of compou
word segmentation

¥ can be trained with minimal examples
¥ nearly perfect recall at good precision

¥ generalizes to typologically similar
languages

¥ yields good translation results
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Future work

¥ Incorporation of target-language features
Into the segmentation model

¥ make segmentation decisions based o
how things are translated

¥ the same word may be segmented
differently in different contexts!

¥ Feature engineering

¥ Fully unsupervised training
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Thank you!

redpony@umd.edu
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