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Segmentation ambiguity
tonbandaufnahme

tonband aufnahmeton band aufnahmeton band auf nahme
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Segmentation ambiguity
tonbandaufnahme
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tonbandaufnahme
tonband aufnahme
ton band aufnahme

ton band auf nahme

OOV

tape recording
audio tape recording

audio tape on take

Input Translation



Lattice translation
tonbandaufnahme
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Lattice translation
tonbandaufnahme

tonband aufnahme

ton band
auf nahme

tonbandaufnahme
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Lattice translation
tonbandaufnahme

tonband aufnahme

ton band
auf nahme

tonbandaufnahme
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How do you construct lattices?

Combine different off-the-shelf segmenters.

- Dyer et al. (2008), Xu et al. (2009)

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

Hand-written segmentation rules

- DeNeefe et al. (2008)
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Modeling segmentation
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Modeling segmentation

7

¥ Lots  of prior work:

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

¥ Koehn and Knight (2003)



Modeling segmentation

7

¥ Lots  of prior work:

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

¥ Koehn and Knight (2003)

¥ However, I have additional goals

¥ Translation optimal != linguistic intuition

¥ I want very high recall lattices (at reasonable prec)

¥ I want to easily correct segmentation errors



Modeling segmentation

¥Requirements:

¥A single model for lattices.

¥There may be multiple correct/plausible 
segmentations.

¥Minimal amounts of human-generated 
training data.
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A maxent model

¥EfÞcient inference in a lattice

¥Use overlapping features known to be 
informative for morphological segmentation

¥Probabilistic model

¥Easy to train using standard numerical 
optimization techniques
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Reference lattices
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Reference lattices
Lattices encode plausible segmentations for 
translation, not necessarily all morphemes!
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Reference lattices

freitag

tonbandaufnahme tonband

aufnahme

ton
band

freitag

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

tonband aufnahme

ton
band

auf nahme

tonbandaufnahme

wieder aufnahme

wie
der

auf nahme

wiederaufnahme

Figure 1: Segmentation lattice examples. The dotted
structure indicates linguistically implausible segmenta-
tion that might be generated using dictionary-driven ap-
proaches.

German English
auf on, up, in, at, ...
aufnahme recording, entry
band reel, tape, band
der the, of the
nahme took (3P-SG-PST)
ton sound, audio, clay
tonband tape, audio tape
tonbandaufnahme tape recording
wie how, like, as
wieder again
wiederaufnahme resumption

Table 1: German-English dictionary fragment for words
present in Figure 1.

ing data is processed such that, for example, auf-
nahme, in its sense of recording, is segmented into
two words, then more paths in the lattices become
plausible translations. However, using a strategy of
“over segmentation” and relying on phrase models
to learn the non-compositional translations has been
shown to perform significantly worse than a word-
based baseline on several tasks (Habash and Sadat,
2006; Xu et al., 2004). We conclude this section by
remarking1) that there are often multiple paths lead-
ing to a correct translation and 2) that there is a mis-
match between linguistic intuition about what mor-
phemes are present and what units will ultimately be
useful for translation.

3 A maximum entropy segmentation
model

We now turn to the problem of generating com-
pound segmentation lattices for machine translation.
Since in most languages that exhibit compounding,
the morphemes used to construct compounds fre-
quently also appear as individual tokens, most prior
work on data-driven approaches to compound split-
ting has used the frequencies of the morphemes in
monolingual text as an indicator of the goodness of
a hypothesized split (Koehn and Knight, 2003; Yang
and Kirchhoff, 2006). This has generally been com-
bined with some ad hoc requirements, such as be-
ing able to delete certain characters between words,
limiting the number of splits to a fixed value, or re-
quiring that all parts of the compound be analyzed
completely. While these methods have been rea-
sonably successful, they have two shortcomings: the
first is that they do not have a probabilistic interpre-
tation that, making them arguably more difficult to
incorporate into a lattice translation system. Second,
these methods offered no principled way to incorpo-
rate features which might be useful to determining
whether a word break should occur. We would like
a method that is more flexible, can model a wide va-
riety of segmentations of any word, and can make
use of a richer set of features.

Since we would like to have some kind of proba-
bility distribution associated with each hypothesized
split and would also like to be able to incorporate
arbitrary features into the segmentation model, we
chose to use maximum entropy models, which have
a probabilistic foundation and can admit a rich set of
overlapping features (Berger et al., 1996). We thus
create a model of the conditional probability distri-
bution P r (sN

1 |w), where w is a surface form and sN
1

is the segmented form consisting of N segments:

Pr (sN
1 |w) =

exp
!

i λihi(sN
1 , w)

!
s̄! exp

!
i λihi(s̄!, w)

(4)

To further simplify the computations, we only make
use of local feature functions that depend on proper-
ties of each segment:

Pr (sN
1 |w) ! exp

"

i

λi

N"

j

hi(sj , w) (5)
Further constraints:
 - si must be at least d characters long
 - s1...N, concatenated, must yield w
 - |w| will be at least 2d
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Training

3.1 Building a segmentation lattice

The segmentation model just introduced is equiva-
lent to a lattice where each vertex corresponds to
a particular coverage (in terms of letters consumed
from left to right). Since we only make use of lo-
cal features, the number of vertices in a lattice for
word w is |w| ! m, where m is the minimum seg-
ment length permitted.2 Each edge e is labeled with
a morpheme s (corresponding to the morpheme as-
sociated with characters delimited by the start and
end nodes of e) as well as a weight,

!
i ! ihi(s, w).

The cost of any path from the start to the goal vertex
will be equal to the numerator in equation (4). The
value of the denominator can be computed using a
shortest-distance algorithm from the start node to the
goal node under the log semiring (Mohri, 2002).

In most of our experiments, s will be identical
to the substring of w that the edge is designated
to cover. However, this is not a requirement. For
example, German compounds frequently have so-
called Fugenelemente, one or two characters that
“glue together” the primary morphemes in a com-
pound. If these characters are deleted in some path
in the segmentation lattice, then the edge where they
are deleted will have fewer characters than the cover-
age indicated by the edge’s starting and ending ver-
tices.

It will be frequently useful to select a single-best
segmentation according to the model. The segmen-
tation and its corresponding probability, which is
maxs Pr (s|w), can be computed using the tropical
semiring (Mohri, 2002).

3.2 Lattice pruning

Since our model places few restrictions on the hy-
pothesized splits, the resulting segmentation lattices
are quite large, even for relatively short words. Since
large lattices are quite costly to deal with during
translation, we prune them using forward-backward
pruning (Sixtus and Ortmanns, 1999). This works
by computing the score of the best path passing
through every edge in the lattice. By finding the best
score on anyedge, we can then easily prune lattices
such that the branching factor along the best path is

2In all experiments reported in this paper, we use m = 3 .

expected to be any value d " 1.3

3.3 Features and Parameter tuning

The features we used in our compound segmenta-
tion model for the experiments reported below are
shown in Table 2. Building on the prior work that
relied heavily on the frequency of the hypothesized
constituent morphemes in a monolingual corpus, we
included features that depend on this value, f (si).
For the German segmentation model, we permitted
the strings s and es to be deleted between words.
Each deletion fired a count feature (listed as fugen
in the table). Analysis of errors indicated that the
segmenter would periodically propose an incorrect
segmentation where a single word could be divided
into a

Additionally, we found it beneficial to include a
feature that was the probability of a certain string
of characters beginning a word, for which we used
a reverse 5-gram character model and predicted the
word boundary given the first five letters of the hy-
pothesized word split.4

To tune the weights for these features, we re-
quire a small amount of manually annotated data
that gives plausible segmentations of source lan-
guage compound words. We acquired this data
by randomly choosing 15 German newspaper arti-
cles, identifying all words greater than 6 charac-
ters is length, and segmenting each word so that
the resulting units could be translated into English
and preserving the meaning. In cases where there
were more than one plausible segmentation, all were
taken. If a Fugenelementwas present that the model
was capable of deleting, it was always deleted from
the test data. This resulted in training examples.

3.3.1 Training to maximize likelihood

To maximize the likelihood of the reference lat-
tices, that is the likelihood of all paths in the refer-
ence lattices, we use the following:

L = log
"

i

"

s∈Ri

P(s|wi) (6)

3In the experiments below, d is referred to as the density
parameter.

4In general, this helped avoid situations where a word may
be segemented into a frequent word and then a non-word string
of characters since the non-word typically violated the phono-
tactics of the language in some way.

Feature de-only other
  si ∈ N -3.55 Ð

f (si ) > 0.005 -3.13 -3.31
f (si ) > 0 3.06 3.64

logp(# |si 1si 2si 3si 4) -1.58 -2.11
segment penalty 1.18 2.04

|si | ≥ 12 -0.9 -0.79
oov -0.88 -1.09

  fugen -0.76 Ð
|si | ≤ 4 -0.66 -1.18

|si | ≤ 10, f (si ) > 2−10 -0.51 -0.82
logf (si ) -0.32 -0.36

2−10 < f (si ) < 0.005 -0.26 -0.45

Table 2: Features and weights learned for German-
English compound splitting. See text for description.

3.3.1 Training to maximize likelihood

To maximize the likelihood of the reference lat-
tices, that is the likelihood of all paths in the refer-
ence lattices, we use the following:

L = log
!

i

!

s∈R i

P (s|wi ) (6)

∂L
∂λk

=
!

i

Ep(s|wi ) [hk ]− Ep(s|wi ,R i ) [hk ] (7)

we use a standard quasi-Newtonian method L-BFGS
(Liu et al., 1989), where the objective is the likeli-
hood, ...

3.3.2 Training to minimize 1-best error

We used the minimum error training algorithm di-
rectly on the segmentation lattices to Þnd the pa-
rameters that minimized the error on our test set
(Macherey et al., 2008). The performance measure
we used was WER (count the number of insertions,
substitutions, and deletions in the hypothesized seg-
mentation with respect to the reference). When mul-
tiple references were given for the same word (in
some cases, multiple segmentations seemed equally
plausible), the WER was computed with respect to
all references independently and the lowest was cho-
sen. The model always converged in fewer than 5
iterations of 1000 random directions with 1 random
starting point to the same error rate on the develop-
ment set, 11%. When the development set was split

into two halves, and one half was used for training
and the other for testing, the error rate on the held-
out portion was 21%; however, for the system used
to segment the data for MT, all training data was
used.

Since we did not have the resources to acquire
training data for Hungarian or Turkish, we used the
German parameter values, but disabled the deletion
of s andes.

4 Translation experiments

We now review experiments using segmentation lat-
tices produced by the segmentation model we just
introduced in German-English, Hungarian-English,
and Turkish-English translation tasks and then show
results elucidating the effect of the lattice density pa-
rameter. We begin with a description of our MT sys-
tem.

4.1 Data preparation and system description

For all experiments, we used a 5-gram English lan-
guage model trained on the AFP and Xinua por-
tions of the Gigaword v3 corpus (Graff et al., 2007)
with modiÞed Kneser-Ney smoothing (Kneser and
Ney, 1995). The training, development, and test
data for German-English and Hungarian-English
systems used were distributed as part of the 2009
EACL Workshop on Machine Translation,5 and the
Turkish-English data corresponds to the training and
test sets used in the work of Oßazer and Durgar El-
Kahlout (2007). Corpus statistics for all language
pairs are summarized in Table 3. We note that in all
language pairs, the 1BEST segmentation variant of
the training data results in a signiÞcant reduction in
types.

Word alignment was carried out by running
Giza++ implementation of IBM Model 4 initialized
with 5 iterations of Model 1, 5 of the HMM aligner,
and 3 iterations of Model 4 (Och and Ney, 2003)
in both directions and then symmetrizing using the
grow-diag-final-and heuristic (Koehn et al.,
2003). For each language pair, the corpus was
aligned twice, once in its non-segmented variant and
once using the single-best segmentation variant.

For translation, we used a bottom-up parsing de-
coder that uses cube pruning to intersect the lan-

5http://www.statmt.org/wmt09

12

Gradient with respect to feature weights:

Objective: move probability mass from 
Òbad pathsÓ (paths not in the reference) 
to Ògood pathsÓ (paths in the reference).  
Maximize:
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Training recipe

¥For each <word, reference lattice> pair:

¥Construct lattice for w, containing all  
segmentations

¥Inside-outside inference for Þrst 
expectation

¥FST intersect with reference lattice

¥Inside-outside inference for second 
expectation

14
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3.3.1 Training to maximize likelihood

To maximize the likelihood of the reference lat-
tices, that is the likelihood of all paths in the refer-
ence lattices, we use the following:

L = log
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P (s|wi ) (6)
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Ep(s|wi ) [hk ]− Ep(s|wi ,R i ) [hk ] (7)

we use a standard quasi-Newtonian method L-BFGS
(Liu et al., 1989), where the objective is the likeli-
hood, ...

3.3.2 Training to minimize 1-best error

We used the minimum error training algorithm di-
rectly on the segmentation lattices to Þnd the pa-
rameters that minimized the error on our test set
(Macherey et al., 2008). The performance measure
we used was WER (count the number of insertions,
substitutions, and deletions in the hypothesized seg-
mentation with respect to the reference). When mul-
tiple references were given for the same word (in
some cases, multiple segmentations seemed equally
plausible), the WER was computed with respect to
all references independently and the lowest was cho-
sen. The model always converged in fewer than 5
iterations of 1000 random directions with 1 random
starting point to the same error rate on the develop-
ment set, 11%. When the development set was split

into two halves, and one half was used for training
and the other for testing, the error rate on the held-
out portion was 21%; however, for the system used
to segment the data for MT, all training data was
used.

Since we did not have the resources to acquire
training data for Hungarian or Turkish, we used the
German parameter values, but disabled the deletion
of s andes.

4 Translation experiments

We now review experiments using segmentation lat-
tices produced by the segmentation model we just
introduced in German-English, Hungarian-English,
and Turkish-English translation tasks and then show
results elucidating the effect of the lattice density pa-
rameter. We begin with a description of our MT sys-
tem.

4.1 Data preparation and system description

For all experiments, we used a 5-gram English lan-
guage model trained on the AFP and Xinua por-
tions of the Gigaword v3 corpus (Graff et al., 2007)
with modiÞed Kneser-Ney smoothing (Kneser and
Ney, 1995). The training, development, and test
data for German-English and Hungarian-English
systems used were distributed as part of the 2009
EACL Workshop on Machine Translation,5 and the
Turkish-English data corresponds to the training and
test sets used in the work of Oßazer and Durgar El-
Kahlout (2007). Corpus statistics for all language
pairs are summarized in Table 3. We note that in all
language pairs, the 1BEST segmentation variant of
the training data results in a signiÞcant reduction in
types.

Word alignment was carried out by running
Giza++ implementation of IBM Model 4 initialized
with 5 iterations of Model 1, 5 of the HMM aligner,
and 3 iterations of Model 4 (Och and Ney, 2003)
in both directions and then symmetrizing using the
grow-diag-final-and heuristic (Koehn et al.,
2003). For each language pair, the corpus was
aligned twice, once in its non-segmented variant and
once using the single-best segmentation variant.

For translation, we used a bottom-up parsing de-
coder that uses cube pruning to intersect the lan-

5http://www.statmt.org/wmt09

Compute :



Feature engineering
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¥Preferences

¥Prefer as local as possible

¥Prefer dense features

¥Prefer a small number of features



12 Features

¥Phonotactic probability

¥Lexical features (in vocab, OOV)

¥Lexical frequencies

¥Is high frequency?

¥Segment length

¥...

16



Features
ÒPhonotacticÓ probability

tonband#auf ...

tonban#dau f...
tonba#nda uf...

-0.15

-0.98
-1.63

17

log p(#|s1s2s3)

*Estimated from unsegmented monolingual text.



Features
Is found in dictionary?

ton

tonb

1

0

18*Estimated from unsegmented monolingual text.

f(si) > 0

tonba
tonban

tonband

0
0
1



Features
Length of segment?

#band#

#aufnahme#

4

8

19

|si|



German features
¥Fugenelemente (-s, -es, -n) can be deleted 

between morphemes (cf. Koehn & Knight 
2003). Count feature for each deletion.

¥Manually created ÒnonwordÓ list:

20

nis
nisse
nen
eien
gern
sch
...

Common derivational endings,
trigraphs, non-compounding 
particles, etc.



Now what?
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Inside-outside pruning

¥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 away

22
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Evaluation
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Training data statistics

Documents 7

Words 491

Total paths 566

Max paths 4

Documents 4

Words 279

Total paths 302

Max paths 2

dev test

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.
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Lattice evaluation
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1-best evaluation

27

Training WER

MaxEnt 11.1

MERT 9.9



¥Baseline system

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

¥500M words English, 5gm LM

¥Hierarchical phrase-based MT system

¥Tuned with MERT to optimize BLEU-TER

28

Translation Experiments



Translation Experiments
¥4 Experimental conditions

¥No segmentation [baseline]

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

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

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

Input Phrase table BLEU TER

Unsegmented Unseg. 20.8 61.0

1-best segmentation 1-best seg. 20.3 60.2

Lattice (a=0.2) Unseg. 21.0 60.2

Lattice (a=0.2)Unseg. + 1-best21.5 59.8

German-English

30



in police raids found illegal guns , ammunition stahlkern  , 
laserzielfernrohr  and a machine gun .
in police raids found with illegal guns and ammunition steel 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?
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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
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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

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

BLEU TER

Baseline 11.0 71.1

1-best 10.7 70.4

Lattice: baseline+1-best12.3 69.1

Hungarian-English
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Other languages

BLEU TER

Baseline 26.9 61.0

1-best 27.8 61.2

Lattice: baseline+1-best28.7 59.6

Turkish-English
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Conclusion

¥We described a simple model of compound 
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 on 
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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