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Abstract In consequence, there has been a need for ap-
proaches for morphological processing that would
require little language-dependent resources. Due
to this need, as well as the general interest in
language acquisition and unsupervised language
learning, the research on unsupervised learning
of morphology has been active during the past
ten years. Especially, methods that perform mor-
phological segmentation have been studied exten-
sively (Goldsmith, 2001; Creutz and Lagus, 2002;
Monson et al., 2004; Bernhard, 2006; Dasgupta
and Ng, 2007; Snyder and Barzilay, 2008b; Poon
et al., 2009). These methods have shown to pro-
duce results that improve performance in several
applications, such as speech recognition and in-
formation retrieval (Creutz et al., 2007; Kurimo et

We consider morphology learning in a
semi-supervised setting, where a small
set of linguistic gold standard analyses is
available. We extend Morfessor Base-
line, which is a method for unsupervised
morphological segmentation, to this task.
We show that known linguistic segmenta-
tions can be exploited by adding them into
the data likelihood function and optimiz-

ing separate weights for unlabeled and la-
beled data. Experiments on English and
Finnish are presented with varying amount
of labeled data. Results of the linguis-
tic evaluation of Morpho Challenge im-

prove rapidly already with small amounts

of labeled data, surpassing the state-of- al., 20_08)' _ _
the-art unsupervised methods at 1000 la- While unsupervised methods often work quite
beled words for English and at 100 labeled ~ Well across different languages, it is difficult to
words for Einnish. avoid biases toward certain kinds of languages and

analyses. For example, in isolating languages, the
average amount of morphemes per word is low,
Morphological analysis is required in many natu-whereas in synthetic languages the amount may be
ral language processing problems. Especially, itvery high. Also, different applications may need
agglutinative and compounding languages, wher@ particular bias, for example, not analyzing fre-
each word form consists of a combination of stemgjuent compound words as consisting of smaller
and affixes, the number of unique word forms inparts could be beneficial in information retrieval.
a corpus is very |arge_ This leads to problems ifn many cases, even a small amount of labeled data
word-based statistical language modeling: Evergan be used to adapt a method to a particular lan-
with a large training corpus, many of the words en-guage and task. Methodologically, this is referred
countered when applying the model did not occuito as semi-supervised learning.

in the training corpus, and thus there is no infor- In semi-supervised learning, the learning sys-
mation available on how to process them. Usingem has access to both labeled and unlabeled data.
morphological units, such as stems and affixes, inTypically, the labeled data set is too small for su-
stead of complete word forms alleviates this probpervised methods to be effective, but there is a
lem. Unfortunately, for many languages morpho-large amount of unlabeled data available. There
logical analysis tools either do not exist or theyare many different approaches to this class of
are not freely available. In many cases, the probproblems, as presented by Zhu (2005). One ap-
lems of availability also apply to morphologically proach is to use generative models, which spec-
annotated corpora, making supervised learning infy a join distribution over all variables in the
feasible. model. They can be utilized both in unsupervised
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and supervised learning. In contrast, discriminarelated tasks that deal with sequential labeling
tive models only specify the conditional distribu- (word segmentation, POS tagging, shallow pars-
tion between input data and labels, and thereforeng, named-entity recognition), semi-supervised
require labeled data. Both, however, can be exlearning is more common.
tended to the semi-supervised case. For generative Snyder and Barzilay (2008a; 2008b) consider
models, itis, in principle, very easy to use both la-learning morphological segmentation with non-
beled and unlabeled data. For unsupervised learparametric Bayesian model from multilingual
ing one can consider the labels as missing data arghta. For multilingual settings, they extract 6 139
estimate their values using the Expectation Maxiparallel short phrases from the Hebrew, Arabic,
mization (EM) algorithm (Dempster et al., 1977). Aramaic and English bible. Using the aligned
In the semi-supervised case, some labels are avapphrase pairs, the model can learn the segmen-
able, and the rest are considered missing and estations for two languages at the same time. In
mated with EM. one of the papers (2008a), they consider also
In this paper, we extend the Morfessor Basesemi-supervised scenarios, where annotated data
line method for the semi-supervised case. Morfesis available either in only one language or both of
sor (Creutz and Lagus, 2002; Creutz and Lagughe languages. However, the amount of annotated
2005; Creutz and Lagus, 2007, etc.) is one of thelata is fixed to the half of the full data. This differs
well-established methods for morphological segfrom our experimental setting, where the amount
mentation. It applies a simple generative modelof unlabeled data is very large and the amount of
The basic idea, inspired by the Minimum Descrip-labeled data relatively small.
tion Length principle (Rissanen, 1989), is to en- Poon et al. (2009) apply a log-linear, undi-
code the words in the training data with a lexiconrected generative model for learning the morphol-
of morphs, that are segments of the words. Thegy of Arabic and Hebrew. They report results
number of bits needed to encode both the morplfior the same small data set as Snyder and Barzilay
lexicon and the data using the lexicon should bg2008a) in both unsupervised and semi-supervised
minimized. Morfessor does not limit the num- settings. For the latter, they use somewhat smaller
ber of morphemes per word form, making it suit- proportions of annotated data, varying from 25%
able for modeling a large variety of agglutinative to 100% of the total data, but the amount of unla-
languages irrespective of them being more isolatbeled data is still very small. Results are reported
ing or synthetic. We show that the model can bealso for a larger 120 000 word Arabic data set, but
trained in a similar fashion in the semi-supervisedonly for unsupervised learning.
case as in the unsupervised case. However, with A problem similar to morphological segmen-
a large set of unlabeled data, the effect of the sutation is word segmentation for the languages
pervision on the results tends to be small. Thuswhere orthography does not specify word bound-
we add a discriminative weighting scheme, wherearies. However, the amount of labeled data is
a small set of word forms with gold standard ana-usually large, and unlabeled data is just an addi-
lyzes are used for tuning the respective weights ofional source of information. Li and McCallum
the labeled and unlabeled data. (2005) apply a semi-supervised approach to Chi-
The paper is organized as follows: First, wenese word segmentation where unlabeled data is
discuss related work on semi-supervised learningutilized for forming word clusters, which are then
Then we describe the Morfessor Baseline modelised as features for a supervised classifier. Xu
and the unsupervised algorithm, followed by ouret al. (2008) adapt a Chinese word segmentation
semi-supervised extension. Finally, we present exspecifically to a machine translation task, by using
perimental results for English and Finnish usingthe indirect supervision from a parallel corpus.
the Morpho Challenge data sets (Kurimo et al.,
20009). 2 Method

We present an extension of the Morfessor Baseline
method to the semi-supervised setting. Morfes-
There is surprisingly little work that consider im- sor Baseline is based on a generative probabilis-
proving the unsupervised models of morphologytic model. It is a method for modeling concatena-
with small amounts of annotated data. In thetive morphology, where the morphs—i.e., the sur-
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face forms of morphemes—of a word are its non2.2 Priors

overlapping segments. The model parame@rs \;qrfessor applies Maximum A Posteriori (MAP)
encode a morph lexicon, which includes the propggtimation, so priors for the model parameters

erties of the morphs, such as their string represeriaag to be defined. The paramet@isf the model
tations. Each morp in the lexicon has a proba- 4.

bility of occurring inaword P(M = m | 6).! The

probabilities are assumed to be independent. The e Morph type count, or the size of the morph
model uses a prioP(0), derived using the Min- lexicon, i € Z

imum Description Length (MDL) principle, that

controls the complexity of the model. Intuitively, ~® Morph token count, or the number of morphs
the prior assigns higher probability to models that ~ tokens in the observed datac Z.,

store fewer morphs, where a morph is considered
stored ifP(M = m|60) > 0. During model learn-
ing, 6 is optimized to maximize the posterior prob- ¢ \orph counts(r, ), 7€ {1,...,v},

e Morph strings(o,...,0.), 0; € X*

ability: >, 7 = v. Normalized withv, these give
OMAP — arg max P(6) Dyy) the probabilities of the morphs.

6
MDL-inspired and non-informative priors have
been preferred. When using such priors, morph
type count and morph token counts can be ne-

where Dy, includes the words in the trainin L
w = . . . N glected when optimizing the model. The morph
data. In this section, we first consider sepa-

rately the likelihoodP( Dy |@) and the priotP(0) strlng'prlior 'S based on length distributiah(L)
used in Morfessor Baseline. Then we describé"lnd distributionP(C') of characters over the char-
the algorithms, first unsupervised and then semi‘:’lc'[er sek., both assumed to be known:
supervised, for finding optimal model parameters. ||

Last,_we shortly discuss the algorithm_ for seg-  p(g;) = P(L = |oy]) HP(C =0y) ()
menting new words after the model training. j=1

= arg;nax {P(6)P(Dw|6)}, (1)

2.1 Likelihood We use the implicit length prior (Creutz and La-
The latent variable of the model,Z =  gus, 2005), which is obtained by removifi L)
(Z1,---,Zpy,|), contains the analyses of the and using end-of-word mark as an additional char-

words in the training datdDy,. An instance of acter in P(C'). For morph counts, the non-
a single analysis for thggth word is a sequence of informative prior

morphs,z; = (mj1,...,m;.,). During training,
each wordy, is assumed to have only one possible P(ry,...,0) =1/ (u - 1> @)
analysis. Thus, instead of using the joint distribu- p—1

tion P(Dyw, Z | 0), we need to use the likelihood _. | brobabili h ol bi
function only conditioned on the analyses of theglveS equal probapility to each possible combina-

" i f th h ki ,
observed wordsP(Dyy | Z,0). The conditional tlr?n ort ﬁ_ﬁoums \'It\;l em and v z;]lre nown, as
likelihood is there are(u_l) possible ways to choogepositive

integers that sum up to.

P(Dw|Z = z,0) 2.3 Unsupervised learning

| Dy |

- ﬁ PW =w,|Z = z,6) In principle, unsupervised Iearning can pe per-
Jaiey formed by looking for the MAP estimate with the
|Dw| |z EM-algorithm. In the case of Morfessor Baseline,

this is problematic, because the prior only assigns
= P(M =mj; |6), 2 ) . _
H H ( mji|6) @ higher probability to lexicons where fewer morphs
_ _ have nonzero probabilities. The EM-algorithm has
wheremy; is thei:th morph in worduw;. the property that it will not assign a zero probabil-

We denote variables with uppercase letters and their inlty to any morph, that ha§ a nonzero likelihood in
stances with lowercase letters. the previous step, and this will hold for all morphs

j=1 i=1



that initially have a nonzero probability. In con- overwhelmed by a large amount of unsupervised
sequence, Morfessor Baseline instead uses a locdhta and the bias of the prior.
search algorithm, which will assign zero probabil- We suggest a fairly simple solution to this by
ity to a large part of the potential morphs. Thisintroducing extra parameters that guide the more
is memory-efficient, since only the morphs with general behavior of the model. The amount of
nonzero probabilities need to be stored in memsegmentation is mostly affected by the balance
ory. The training algorithm of Morfessor Base- between the prior and the model. The Morfes-
line, described by Creutz and Lagus (2005), triesor Baseline model has been developed to ensure
to minimize the cost function this balance is sensible. However, the labeled
data gives a strong source of information regarding
L(0,z,Dw)=—1InP(0) —In P(Dw | 2,0) the amount of segmentation preferred by the gold
(5) standard. We can utilize this information by intro-
by testing local changes te, modifying the pa- ducing the weight on the likelihood. To address
rameters according to each change, and selectinge problem of labeled data being overwhelmed by
the best one. More specifically, one word is pro-the large amount of unlabeled data we introduce a
cessed at a time, and the segmentation that misecond weights on the likelihood for the labeled
imizes the cost function with the optimal model data. These weights are optimized on a separate
parameters is selected: held-out set. Thus, instead of optimizing the MAP
estimate, we minimize the following function:
z](-tH) = arg min { min (0, 20, DW)}. (6)

Zj 0 L<97Z7DW7DW'—>A) =
Next, th t dated: ~In P(6)
ext, the parameters are upaatea: —OJXIDP(Dw‘Z,G)
01+ — arg min {L(O,z(t“),DW)}. @) — B xInP(Dw.—alz6) (8)
0

The labeled training seDy,. 4 may include al-
As neither of the steps can increase the cost fundernative analyses for some of the words. Let
tion, this will converge to a local optimum. The A(w;) = {a;1,...,a;.} be the set of known anal-
initial parameters are obtained by adding all theyses for wordw;. Assuming the training samples
words into the morph lexicon. Due to the contextare independent, and giving equal weight for each
independence of the morphs within a word, the opanalysis, the likelihood of the labeled data would
timal analysis for a segment does not depend ohe
in wh_mh context the segmgnt appears. Thus, itis P(Dywi.a | 6)
possible to encode as a binary tree-like graph,

where the words are the top nodes and morphs the D4l 2k
leaf nodes. For each word, every possible splitinto = H I1 H P(M =myi | 0). (9)
two morphs is tested in addition to no split. If the J=1agreA(wy) =1

word is split, the same test is applied recursivelyHowever, when the analyses of the words are
to its parts. See, e.g., Creutz and Lagus (2005) folixed, the product over alternative analyses4n
more details and pseudo-code. is problematic, because the model cannot select
several of them at the same time. A sum over
A(w;):s would avoid this problem, but then the
A straightforward way to do semi-supervisedlogarithm of the likelihood function becomes non-
learning is to fix the analysesfor the labeled ex- trivial (i.e., logarithm of sum of products) and too
amples. Early experiments indicated that this haslow to calculate during the training. Instead, we
little effect on the results. The Morfessor Baselineuse the hidden variabl& to select only one anal-
model only contains local parameters for morphsysis also for the labeled samples, but now with the
and relies on the bias given by its prior to guiderestriction thatZ; € A(w;). The likelihood func-
the amount of segmentation. Therefore, it may notion for Dy, 4 is then equivalent to Equation 2.
be well suited for semi-supervised learning. TheBecause the recursive algorithm search assumes
labeled data affects only the morphs that are founthat a string is segmented in the same way irre-
in the labeled data, and even their analyses can tepective of its context, the labeled data can still

2.4  Semi-supervised learning



get zero probabilities. In practice, zero probabil-2009. For supervised and semi-supervised meth-
ities in the labeled data likelihood are treated a®ds, the amount of labeled data is varied be-

very large, but not infinite, costs. tween 100 and 10000 words, whereas the held-
_ out set has 500 gold standard analyzes. To obtain
2.5 Segmenting new words precision-recall curves, we calculated weighted

After training the model, a Viterbi-like algorithm FO0.5 and F2 scores in addition to the normal F1
can be applied to find the optimal segmentatiorscore. The parameters and 5 were optimized
of each word. As proposed by Virpioja and Ko- also for those.

honen (2009), also new morph types can be al- )
lowed by utilizing an approximate cost of adding 31 Dataand evaluation

them to the lexicon. As this enables reasonable rede used the English and Finnish data sets from
sults also when the training data is small, we use &ompetition 1 of Morpho Challenge 2009 (Ku-
similar technique. The cost is calculated from thefimo et al., 2009). Both are extracted from a
decrease in the probabilities given in Equations 3hree million sentence corpora. For English, there
and 4 when a new morph is assumed to be in th@ere 62 185 728 word tokens and84 903 word

lexicon. types. For Finnish, there wes 207 308 word
tokens an 206 719 word types. The complexity
3 Experiments of Finnish morphology is indicated by the almost

. - , ten times larger number of word types than in En-
In the experiments, we compare six fjlfferent Varl'glish, while the number of word tokens is smaller.
ants of the Morfessor Baseline algorithm: We applied also the evaluation method of the
Unsupervised: The classic, unsupervised Morphq Challenge 2Q09: The results of the mor-
phological segmentation were compared to a lin-
guistic gold standard analysis. Precision measures
e Unsupervised + weighting: A held-out set Wwhether the words that share morphemes in the
is used for adjusting the weight of the likeli- proposed analysis have common morphemes also
hooda. Whena = 1 the method is equiva- in the gold standard, and recall measures the op-
lent to the unsupervised baseline. The mairposite. The final score to optimize was F-measure,
effect of adjustingy is to control how many i.e, the harmonic mean of the precision and re-
segments per word the algorithm prefers.call? In addition to the unweighted F1 score, we
Highera leads to fewer and lower to more  have applied F2 and F0.5 scores, which give more
segments per word. weight to recall and precision, respectively.
Finnish gold standards are based on FINT-
e Supervised: The semi-supervised method wOL morphological analyzer from Lingsoft, Inc.,
trained with only the labeled data. that applies the two-level model by Koskenniemi
) L (1983). English gold standards are from the
* Superwsed * w_e|gr_1t|ng: A_S aboye,_ but the CELEX English database. The final test sets are
weight of the likelihoodf3 IS optimized on the same as in Morpho Challenge, based ®®00
the helgl-out set. Th? weight can only af- English word forms and00000 Finnish word
fect wh|c_h segmenta_mons are sele_cted_frorr}orms_ The test sets are divided into ten parts for
the possible alternative segmentations in thecalculating deviations and statistical significances.
labeled data. For parameter tuning, we applied a small held-out
q set containings00 word forms that were not in-

[ ]
Morfessor baseline.

e Semi-supervised:  The semi-supervise

method trained with both labeled and clUdedin thet_estset. _ . -
unlabeled data. For supervised and semi-supervised training,

we created sets of five different sizeH)0, 300,
e Semi-supervised + weighting: As above, 1000, 3000, and10000. They did not contain any
but the parameters and3 are optimized us- ©f the word forms in the final test set, but were
ing the the held-out set. otherwise randomly selected from the words for

All iati luated . the i ist] 2Both the data sets and evaluation scripts are available
variations are evaluated using the InguistiC 44, fhe Morpho Challenge 2009 web pagé:t p: / / waw.

gold standard evaluation of Morpho Challengeci s. hut. fi/ nor phochal | enge2009/
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Figure 1: The F-measure for English as a functiorFigure 2: The F-measure for Finnish as a function
of the number of labeled training samples. of the number of labeled training samples. The
semi-supervisedndunsupervisedines overlap.

which the gold standard analyses were available.

In order to use them for training Morfessor, thegmgjlest training data sizes. The supervised al-
morpheme analyses were converted to Segmentg'orithm only knows the morphs in the training
tions using the Hutmegs package by Creutz andet and therefore is crucially dependent on the
Linden (2004). Viterbi segmentation algorithm for analyzing new
32 Results data. Thus, overfitting to some small data sets is
. ) . notsurprising. At 10 000 labeled training samples
Figure 1 shows a comparison of the unsuperwseqt clearly outperforms the unsupervised algorithm.

§uperwsed apd semi-supervised Morfessor. B,asel'he improvement obtained from tuning the weight
line for English. It can be seen that optlmlz—ﬂ in the supervised case is small

ing the likelihood weighta alone does not im- . .
. . Figure 2 shows the corresponding results for
prove much over the unsupervised case, imply—. L - )
. o . Finnish. The optimization of the likelihood weight
ing that the Morfessor Baseline is well suited for _. .
Enalish morpholo Without weiahting of the gives a large improvement to the F-measure al-
g P oy- ghting ready in the unsupervised case. This is mainly be-

likelihood function, semi-supervised training im- cause the standard unsupervised Morfessor Base-

proves the results somewhat, but it outperform%ne method does not, on average, segment words

weighted unsupervised model only barely. With. .
2 . . 27 . 'into as many segments as would be appropriate for
weighting, however, semi-supervised training im-

- Finnish. Without weighting, the semi-supervised
proves the results significantly already for only . .
- .2 method does not improve over the unsupervised
100 labeled training samples. For comparison

in Morpho Challenges (Kurimo et al., 2009). the bne: The unlabeled training data is so much larger
. . ” ! that the labeled data has no real effect.

unsupervised Morfessor Baseline and Morfessor o .

Categories-MAP by Creutz and Lagus (2007) have For Finnish, the_ unsuperwseq Morfessor Base-
achieved F-measures of 59.84% and 50.50% rj'-ne and Categories-MAP obtain F-measures of

! 0 0 i i

spectively, and the all time best unsupervised re-26'75A’ and 44'61_ %, respectively (Kurimo et' al.,
The all time best for an unsupervised

sult by a method that does not provide alternativezoog)' _ 0 :
analyses for words is 66.24%, obtained by Bern-methOd is 52.45% by Bernhard (2008). With op-

hard (2008} This best unsupervised result is Sur_tlmlzed likelihood weights, the semi-supervised

passed by the semi-supervised algorithm at looHI_orfessor Baseline achle\_/e§ higher F-measures
labeled samples. with only 100 labeled training samples. Fur-

As shown in Figure 1, the supervised methc)Ollhermore, the largest improvement for the semi-

obtains inconsistent scores for English with thesuperwsed_ ”.‘eth"d 'S achleveq alread_y from 1000
labeled training samples. Unlike English, the su-

*Better results (68.71%) have been achieved by Monsomervised method is quite a lot worse than the un-

et al. (2008), but as they were obtained by combining of ised f Il traini dat This i
two systems as alternative analyses, the comparison is not aupervised one for small training data. IS 1S

meaningful. natural because of the more complex morphology
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Figure 3: Precision-recall graph for English with Figure 4: Precision-recall graph for Finnish with

varying amount of labeled training data. Paramevarying amount of labeled training data. Param-

tersa. and3 have been optimized for three differ- etersa and 5 have been optimized for three dif-

ent measures: F0.5, F1 and F2 on the held-out sderent measures: F0.5, F1 and F2 on the held-out

Precision and recall values are from the final testet. Precision and recall values are from the final

set, error bars indicate one standard deviation. test set, error bars indicate one standard deviation,
which here is very small.

in Finnish; good results are not achieved just by
knowing the few most common suffixes. high 8 would end in overlearning of the small set
Figures 3 and 4 show precision-recall graphé"’ords at the cost of overall performance.
of the performance of the semi-supervised methog1 Discussion
for English and Finnish. The parametersand 5
have been optimized for three differently weightedThe method developed in this paper is a straight-
F-measures (FO0.5, F1, and F2) on the held-out seforward extension of Morfessor Baseline. In the
The weight tells how much recall is emphasized;semi-supervised setting, it should be possible to
F1 is the symmetric F-measure that emphasizegevelop a generative model that would not require
precision and recall alike. The graphs show thakny discriminative reweighting, but could learn,
the more there are labeled training data, the more.g., the amount of segmentation from the labeled
constrained the model parameters are: With mangata. Moreover, it would be possible to learn the
labeled examples, the model cannot be forced tenorpheme labels instead of just the segmentation
achieve high precision or recall only. The phe-into morphs, either within the current model or as
nomenon is more evident in the Finnish data (Figa separate step after the segmentation. We made
ure 3), where the same amount of words containgitial experiment with a trivial context-free label-
more information (morphemes) than in the En-ing: A mapping between the segments and mor-
glish data. Table 1 shows the FO.5, F1 and F3heme labels was extracted from the labeled train-
measures numerically. ing data. If some label did not have a correspond-
Table 2 shows the values for the F1-optimaling segment, it was appended to the previous la-
weightsa and ¢ that were chosen for different bel. E.g., if the labels for “found” are “find/
amounts of labeled data using the held-out set. APAST”, “found” was mapped to both labels. Af-
even the largest labeled sets are much smaller thdaar segmentation, each segment in the test data was
the unlabeled training set, it is natural titat>> o.  replaced by the most common label or label se-
The small optimakx for Finnish explains why the quence whenever such was available. The results
difference between unsupervised unweighted andsing training data with 1 000 and 10 000 labeled
weighted versions in Figure 2 was so large. Genersamples are shown in Table 3. Although preci-
ally, the more there is labeled data, the smalles  sions decrease somewhat, recalls improve consid-
needed. A possible increase in overall likelihooderably, and significant gains in F-measure are ob-
cost is compensated by a smalter Finnish with  tained. A more advanced, context-sensitive label-
100 labeled words is an exception; probably a veryng should perform much better.



English | Segmented | Labeled

labeled data] FO0.5 F1 F2 English, D = 1000
0| 69.16| 61.05| 62.70 Precision 69.72%| 69.30%
100 | 73.23| 65.18| 68.30 Recall 66.92%| 72.21%
300 | 72.98| 65.63| 68.81 F-measure 68.29%| 70.72%

1000| 71.86| 68.29| 69.68 English, D = 10000
3000| 74.34| 69.13| 72.01 Precision 77.35%| 77.07%
10000| 76.04| 72.85| 73.89 Recall 68.85%| 77.78%
Finnish F-measure 72.86%| 77.42%

labeled data] FO.5 | F1 F2 Finnish, D = 1000
0| 56.81| 49.07| 53.95 Precision 61.03%| 58.96%
100 | 58.96| 52.66 | 57.01 Recall 52.38%| 66.55%
300 | 59.33| 54.92| 57.16 F-measure 56.38%| 62.53%

1000 | 61.75| 56.38| 58.24 Finnish, D = 10000
3000| 63.72| 58.21| 58.90 Precision 69.14%| 66.90%
10000| 66.58| 60.26| 57.24 Recall 53.40%| 74.08%
F-measure 60.26%| 70.31%

Table 1: The F0.5, F1 and F2 measures for the
semi-supervised + weightingethod. Table 3: Results of a simple morph labeling after
segmentation with semi-supervised Morfessor.
English Finnish
labeled data| « G « I}
0/0.75] - | 0.01 - 5 Conclusions
100| 0.75| 750 | 0.01 | 500
300( 1 | 500/ 0.005| 5000
1000f 1 | 500| 0.05 | 2500
3000| 1.75| 350| 0.1 | 1000
10000| 1.75| 175| 0.1 | 500

We have evaluated an extension of the Morfessor
Baseline method to semi-supervised morphologi-
cal segmentation. Even with our simple method,
the scores improve far beyond the best unsuper-
vised results. Moreover, already one hundred
Table 2: The values for the weights and 3 known segmentations give significant gain over
that the semisupervised algorithm chose for differfhe unsupervised method even with the optimized
ent amounts of labeled data when optimizing F1.9ata likelihood weight.

measure.
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