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Abstract

Unsupervised learning of morphology has re-
cently been applied to predict unseen, but
morphologically possible words. We propose
to approach this task using a model of mor-
phology based on string transformations on
whole words, rather than segmentation. In
this way, overgeneration caused by inaccurate
modeling of morphotactics is avoided, as the
transformation-based model generates words
very similar to the ones seen in the training
set (mostly missing inflections). The eval-
uation on several inflecting languages shows
that the whole-word vocabulary expansion is
much more successful in reducing OOV word
rates than a recently suggested approach based
on state-of-the-art unsupervised morphologi-
cal segmentation and language modeling.

1 Introduction

Natural Language Processing methods frequently
make use of fixed lists of words from a given lan-
guage, called vocabularies. The need for listing
all words of a language arises typically in cases
where the words need to be recognized in a noisy
representation, like an image (Optical Character
Recognition, OCR) or acoustic signal (Automatic
Speech Recognition, ASR). Such lists are usually
constructed automatically based on corpora and
thus incomplete.

The purpose of vocabulary expansion is to sug-
gest further possible words given a vocabulary.
In the speech recognition context, syllable-based
generation of new words has previously been sug-
gested (Lei et al., 2009; Trmal et al., 2014), as well
as using directly a lexicon of morphs instead of
words (Kurimo et al., 2006).

Recently, unsupervised vocabulary expansion
based on morphological criteria has been at-
tempted (Rasooli et al., 2014; Varjokallio and
Klakow, 2016). Both these papers use Morfes-

sor (Creutz and Lagus, 2005b,a; Virpioja et al.,
2013) to segment the training vocabulary and sub-
sequently generate new words by combining the
induced morphs into new sequences. In order to
account for morphotactics and avoid overgener-
ation, the authors use additional language mod-
els to score the proposed words. (Rasooli et al.,
2014) use scoring based on character trigrams,
while (Varjokallio and Klakow, 2016) use lan-
guage models trained on morph sequences.

An alternative method for unsupervised learn-
ing of morphology and its application in vocabu-
lary expansion was proposed by (Neuvel and Fu-
lop, 2002). It consists of learning transforma-
tional rules operating on whole words from tagged
corpora. The rules learned this way were subse-
quently used for lexicon expansion. No statistical
inference was involved: all discovered rules ex-
ceeding a frequency threshold were used.

The approach of (Neuvel and Fulop, 2002) is
based on a linguistic theory called Whole Word
Morphology (Ford et al., 1997), which rejects the
notion of morpheme as means of describing struc-
tural similarities between words. Instead, it pro-
poses to treat words as atomic units of language
and express morphology in terms of patterns op-
erating on whole words. Although this view is
uncommon in theoretical linguistics, the criticism
of morpheme and a description on morphology
based on rewrite rules have been voiced by multi-
ple other authors (Aronoff, 1976; Anderson, 1992;
Starosta, 1988; Singh and Starosta, 2003).

In the remainder of this paper, we propose a
novel method of unsupervised vocabulary expan-
sion. Our approach utilizes a probabilistic model
designed for unsupervised learning of transforma-
tional rules in the spirit of Whole Word Morphol-
ogy, which was recently presented by (Janicki,
2015; Sumalvico, 2017). In Section 2, we briefly
describe the model and show how it can be used to



suggest and score new words. Section 3 describes
experiments, in which the proposed model is eval-
uated on the task of reducing OOV rates and com-
pared to one of the previous approaches. Section
4 contains a brief conclusion.

2 The Method

2.1 Unsupervised Learning of Whole Word
Morphology

The probabilistic model proposed by (Janicki,
2015; Sumalvico, 2017) describes the morpholog-
ical structure of a lexicon as a graph, in which
words are vertices and directed edges denote a
derivation of a word by a productive morpholog-
ical rule. The rules are formulated as patterns,
e.g. the rule responsible for the pair (related, rela-
tion) might have the following form (cf. Ford et al.,
1997):

/Xed/ — /Xion/ (1)

In this notation, X is a wildcard that can be in-
stantiated with any string and a pattern between
slashes refers to a whole word in its surface form.
The rules may also include context: /Xted/ —
/Xtion/ would be a possible alternative to (1).

The model defines a probability P(V, E|R,0)
of vocabulary V' and edges F given rules R and
numeric parameters 6. The latter is a vector of rule
application probabilities: for each rule r, 6, de-
notes the probability that r is applied to generate a
new word provided that the conditions for apply-
ing it are met. For example, the rule (1) can only
apply to words ending in -ed. The graph probabil-
ity is defined as follows:
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with Vj being the set of root nodes and p(-) being
a probability distribution over arbitrary strings (for
example, based on unigram frequencies). r(-) is a
function applying the rule 7 to a word.!

The training of the model consists of a prepro-
cessing step, in which candidates for rules and
edges are extracted from pairs of string-similar

'Note that the result of applying a rule to a word is in
general a set of words, as there might be multiple resulting

words. The set is empty if the context on the left-hand side of
the rule is not matched.

words, and subsequent statistical inference using
Monte Carlo Expectation Maximization (Wei and
Tanner, 1990). In the latter step, Metropolis-
Hastings sampling is used to obtain large samples
of graphs within the space defined by candidate
edges.

2.2 Vocabulary Expansion

In the following, we propose a cost function c(+)
for extending a vocabulary with new words given a
trained morphology model. For a single new word
v ¢ V, we consider the following log-likelihood
ratio:
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The sums are taken over all forests> possible

within the set of candidate edges generated from
V. In the numerator, the edges involving v are ad-
ditionally considered. In order to make the compu-
tation tractable, we will restrict this sum to graphs,
in which v is either a root or a leaf node.

Let pp = p(v) and py, ..., p, denote the prob-
abilities of possible edges deriving v. Observe
that the probability of each graph considered in
the denominator contains a multiplicative term
[Ti=1(1 — pi): none of these edges is present in
such graphs (as v is not present as a node), but
each of them is possible (i.e. considered in (2)),
because the corresponding source nodes and rules
are present. By drawing this term in front of the
sum and calling the rest of the sum Z, we can write
the denominator as [ [}, (1 — p;)Z.

Now, let us consider graphs, in which v is a root
node. Each of them can be thought of as one of
the graphs from the denominator with the addition
of v as a root. The probability of such graphs can
thus be summarized as po [ [}, (1 —p;)Z. Finally,
let us consider graphs, in which v is derived by
the j-th edge. Their probability can be similarly
summarized as 12 - I[;=1(1 — pi)Z. Shortening

the common therm H?zl(l — p;)Z from the nu-
merator and the denominator, we obtain the final
formula for the cost of adding v to the vocabulary:

c(v) = —log |po+ > I 5)

2Graphs without cycles, in which every node has at most
one incoming edge.



The cost is thus dependent on all possible ways
of deriving v: the more possible source words and
rules ‘support’ it, the cheaper it becomes. Note
that in Whole Word Morphology there is no con-
cept of ‘lemma’: any inflected form can be derived
from any other, provided that the pattern is suffi-
ciently productive. The summing of probabilities
of individual derivations enables the model to take
into account whole morphological paradigms and
reduces overgeneration caused by applying a pro-
ductive rule to a wrong base word (like e.g. adding
a verb suffix to a noun).

3 Experiments

3.1 Datasets and Setup

As a source of unannotated corpora, we utilize
the Leipzig Corpora Collection® (Biemann et al.,
2007; Goldhahn et al., 2012), which provides
freely available corpora in standardized sizes for
a large variety of languages. The experiments de-
scribed here were carried out on corpora of 100k
sentences for seven different languages. Each cor-
pus was randomly split on sentence basis into
training and evaluation set in proportion 1:9. Both
parts were converted into lists of word types. Ta-
ble 1 provides some statistics about the result-
ing datasets. No preprocessing was applied — the
wordlists were taken as they are, including punc-
tuation, numbers, uppercase etc.
We compare the following methods:

SEG is a simplified* version of the approach
proposed by (Varjokallio and Klakow, 2016). It
consists of segmenting the training vocabulary
with Morfessor 2.0 (Virpioja et al., 2013) and
training the RNNLM language model (Mikolov
et al., 2010; Mikolov, 2012) on the segmentations.
The language model treats morphs as words and
segmented words as sentences. We subsequently
sample 100 million sequences from the language
model, which results in around 4 to 5 million new
word types, depending on the dataset. The train-
ing parameters for both Morfessor and RNNLM
were set exactly as described by (Varjokallio and
Klakow, 2016) (Morfessor: o = 0.8; RNNLM: 50

Shttp://corpora.uni-leipzig.de

4(Varjokallio and Klakow, 2016) obtained their best re-
sults for an interpolation of n-gram and RNN language mod-
els. However, as evidenced by Figure 1 in that paper, the
difference between the interpolated model and the individual
models is not critical, so we decided to reproduce a simpler
setup for the sake of comparison.
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Figure 1: Token OOV rate for Latin.

classes, hidden layer size 20). For RNNLM train-
ing, one fifth of the segmentations was used as a
validation set.

SING is the Whole Word Morphology model
described in Sec. 2.1. However, instead of us-
ing (5) to derive word costs, only the minus log-
likelihood of the best edge is used. This approach
roughly corresponds to the previous evaluations of
(Janicki, 2015; Sumalvico, 2017). The model is
fitted using 5 iterations of the MCEM algorithm
with 10 million iterations of sampling each and the
number of rules discovered in the preprocessing
step is limited to 5,000 most frequent ones.

COMB is the Whole Word Morphology model
utilizing (5) to compute the word costs via com-
bining the probabilities of all possible derivations.
The training parameters are the same as in the
SING setup.

3.2 Results

We compare the reduction of OOV rates for dif-
ferent sizes of the generated vocabulary. The
results presented in Tables 2-3 and Figures 1-
2 indicate a clear advantage of the word-based
model over the segmentation approach. The work-
ings of both methods are fundamentally different:
while the word-based model explores the nearest
neighborhood of the training vocabulary, apply-
ing small and well-motivated changes to known
words, the ‘disassemble and reassemble’ approach
of the morph-based model frequently produces
words very much unlike anything seen in the train-
ing data.

The difference is especially prominent for lan-
guages with extensive fusional inflection (the bot-
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Table 2: Token-based OOV rate reduction for vocabu-
lary expansion with 100k new words.

Language SEG SING COMB
Finnish 358% 773% 929 %
German 357% 736 % 833 %
Latin 551% 1572% 17.80 %
Latvian 540% 17.39% 19.54 %
Polish 558% 1632% 18.56 %
Romanian | 4.57% 16.03% 17.47 %
Russian 479% 14.06 % 16.63 %

Table 3: Type-based OOV rate reduction for vocabu-
lary expansion with 100k new words.
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Figure 2: Type OOV rate for Latin.

Language Training corpus Evaluation corpus
Types Tokens | Types Tokens  Token OOV rate Type OOV rate

Finnish 50,570 142,741 | 256,465 1,286,794 27.6 % 88.0 %

German 41,877 194,267 | 203,645 1,744,533 16.2 % 87.1 %

Latin 41,566 167,169 | 183,033 1,482,448 18.3 % 84.3 %

Latvian 42,488 165,135 | 173,683 1,479,769 18.1 % 82.0 %

Polish 46,977 173,159 | 200,939 1,562,446 19.6 % 83.2 %

Romanian | 40,803 216,335 | 161,858 1,950,586 12.7 % 81.2 %

Russian 50,420 173,233 | 227,231 1,557,690 212 % 85.0 %

Table 1: The datasets used for evaluation.

Language SEG SING COMB tom five in the tables), which are most affected
Finnish 778 % 1471 % 17.70 % by the inadequacies of the segmentational view
German 793 % 1482% 1651 % on morphology. Furthermore, missing inflected
Latin 965% 2743% 31.03 % forms account for most OOV words in those lan-
Latvian 964% 2980% 33.23 % guages. On the other hand, Finnish exhibits ag-
Polish 1059% 2891 % 32.76 % glutinative morphology, which fits much better to
Romanian | 835% 29.86% 31.98 % the segmentational view. In German, the fusional
Russian 957% 26.60% 30.90 % inflection is comparatively small and the concate-

native mechanism of compounding accounts for
most OOV words.

The difference between the COMB and SING
setups, measuring the impact of summing all pos-
sible derivation alternatives with (5), is small com-
pared to the difference between both and SEG.
The most plausible reason for that seems to be that
the probabilities p1, . . ., p, of different derivations
might differ in the order of magnitude, so their
sum is often close to the single largest value. Nev-
ertheless, the COMB setup provides a significant
and consistent improvement for all languages and
extended vocabulary sizes.

4 Conclusion

We presented a method for unsupervised vocab-
ulary expansion based on a probabilistic model
of morphology as whole-word string transforma-
tions. In the task of vocabulary expansion, this
approach turned out to be much more effective
than previous methods relying on unsupervised
morph segmentation and scoring of newly gen-
erated morph sequences. Its advantage lies in
generating mostly missing inflected forms through
small changes in the known vocabulary. The main
contribution of the present paper — taking into ac-
count multiple possible ways of deriving a word to
compute a combined score — provided a consistent
improvement in the OOV rate reduction.
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