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Abstract
Creating formal grammars is a time-consuming and complex task. We present a method to automatically create
the morphological components of a formal grammar in Grammatical Framework. Our method is linguistically
interpretable and modular, consisting of three stages: paradigm construction, extraction of inflectional classes,
and prediction of inflectional classes. The modular structure allows human interventions after each stage.
Moreover, our method supports encoding pre-existing language knowledge in form of Python APIs. Experi-
ments show that automatically extracted morphological rules yield results comparable with manual grammars
and that incorporating prior linguistic knowledge leads to improvement in low-resourced scenarios. Our find-
ings show that our method simplifies the process of grammar development while preserving quality and interpretability.
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1. Introduction

Our overall aim is the formalization of the syntax
and the morphology of the world’s languages in
the form of a grammatical library that can be used
for applications. Moreover, the formalization must
be human readable and verifiable.

This is an overly ambitious goal, but it can be
related to a number of other initiatives. The Uni-
versal Dependencies (UD) project (De Marneffe
et al., 2021) collects treebanks for a multitude of
languages annotated with a compatible schema.
Wiktionary contains morphology and translation
relations between hundreds of languages. Gram-
matical Framework (GF) (Ranta, 2011) provides
a library of formal grammars for more than 40
languages. GF WordNet (Angelov, 2020) is a
semi-automatically created resource with Word-
Net based lexicons for 264 languages, which is
moreover compatible with the GF library.

However, none of these resources fully realizes
the goal. UD is a collection of examples, but the
syntactic and morphological rules are not explicitly
formalized. Wiktionary is a great source of infor-
mation, but since it is structured as a wiki, the ex-
traction of data for applications is a messy process.
The GF library has been gradually developed by a
community of people, but adding new languages
requires native language expertise and is a slow
process. In GF WordNet, for most of its 264 lan-
guages, only the lemmas are available. Only for
45 languages the lemmas are complemented with
morphology and syntax.

With this work, our aim is to bring GF closer
to Wiktionary by learning the morphological rules
from examples, thus speeding up the grammar

Figure 1: The pipeline of modules we use and their
respective outputs. A user (on the left) provides an-
notated data and optionally configures parameters
for the system, such as parameter values, default
forms, etc., in forms of plugins written in Python.
For each step, the algorithm produces the output
converted to GF code (on the left) that the user
can edit and feed to the system for the next step
(green dashed lines).

development and expanding the set of languages.
The time required for building grammars is a

bottleneck (Beemer et al., 2020a), but learning
those fully automatically is a problem, if we want to
guarantee correctness and human readability. In
order to address that our system is organized into
modules, where after each one a user can correct
the output of the module. Moreover, the modules
are independent of each other and different models
can be integrated for specific subtasks in the future.

Since the primary requirement for the system
is interpretability, we design a system with the
paradigms as a central element to reflect the find-
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ings of theoretical research on inflectional mor-
phology. Several works (Matthews, 1972; Zwicky,
1985; Stump, 2001) suggest that paradigms are
a central part of inflectional morphology. These
claims are supported by research in psycholinguis-
tics (Janssen and Penke, 2002; Sonnenstuhl et al.,
2000). As a result of such a view of morphology,
most of the grammar textbooks describe inflec-
tional morphology in terms of paradigms.

Our experiments demonstrate in what aspects
the automatic rule induction performs better than
the manually defined rules and in which scenarios
it is beneficial to utilize both manually written rules
and automatic rule induction. Although previous
work has addressed morphological inflection, class
induction, or rule learning separately, to the best
of our knowledge, this is the first system that in-
tegrates these tasks into a modular, interpretable
pipeline that supports automatic code generation
for grammar engineering.

Contributions (i) We propose a modular method
for modeling morphology, summarized in Figure 1
which supports human intervention at every stage.
(ii) We show how automatic extraction of morpho-
logical rules yields better results than writing them
from scratch. (iii) We show how leveraging existing
knowledge can improve results in extremely low-
resourced scenarios. (iv) As a proof of concept,
we add 7 new languages to GF library.1

2. Grammatical Framework

Grammatical Framework (GF) (Ranta, 2011) is a
programming language specialized for the descrip-
tion of natural languages. GF is already supported
with a library of grammars (Ranta, 2009) for more
than 40 languages and a WordNet-like lexicon (An-
gelov, 2020, 2025) for 264 languages. Our code
generator is specifically tailored to produce code
compatible with these resources. We envision that
in the future we will also generate syntactic rules
by using UD treebanks or similar.

This section provides an overview of Grammati-
cal Framework. One of the key design principles of
the language is the abstract syntax – a collection
of functions which provides a language indepen-
dent API for the construction of natural language
phrases. On the lexicon level, this means that ev-
ery word is represented as a function with zero
arguments. When this function is implemented
separately for each concrete language, it usually
realizes a word by constructing an inflection table.
Similarly, syntactic functions take one or more ar-
guments and combine them to construct a higher-
level phrase. For example, adjectival modification
is realized with the expression:

1The code is available: https://github.com/
GrammaticalFramework/rgl-learner/

AdjCN (PositA nice_A) (UseN clothing_N)

Here the words are nice_A and clothing_N.
The function PositA selects the positive (non-
comparative) form of the adjective and builds a
simple adjectival phrase; UseN lifts the noun to
a common noun; finally AdjCN combines the two
sub-phrases, while taking care of gender and num-
ber agreement. Given that these functions are
implemented for several languages, the same ex-
pression can generate text in all of them, e.g. nice
clothing, snygg klädsel, etc.

The concept of abstract syntax is inspired by the
linguistic idea of interlingua, but except in limited
domains, it is not a true interlingua. The reason
is that different languages tend to use the same
linguistic constructions for different purposes. The
design is still useful and is more akin to how UD
uses the same schema for diverse languages.

Since the morphology is language-specific, it
is not part of the abstract syntax. On the abstract
level, we only have the types N, A, V, etc., which are
then defined different for each language by using
parameters and other primitive types. For example,
the type for nouns in Scandinavian languages is
typically defined as:
param Species = Indefinite | Definite
param Case = Nom | Gen
param Number = Sg | Pl
param Gender = Utr | Neutr
lincat N = {s : Species => Case => Number => Str ;

g : Gender
}

Here N is a record, which contains the inflec-
tion table for each combination of the parame-
ters (also called features) Species, Case and
Number. Separately the field g stores the gender
of the noun. See also Figure 2.

The above example is simpler, since, as it hap-
pens, the language has distinct forms for all com-
binations of features. This is not always the case,
but can be described by using algebraic types. For
example, European languages often have three
adjective forms in singular – one form for every
gender, and a common one for plural used for all
genders. This corresponds to the parameter:
param GenNum = GSg Gender | GPl

where GSg takes an additional argument for gen-
der, while the plural value GPl has no arguments
(see Appendix A for more detailed description).

So far we have only covered how the paradigms
are described. The actual inflections are imple-
mented as a set of functions. Given a number of
principal forms of the word, they return a value of
the corresponding type (Détrez and Ranta, 2012).

3. Related Work

Computational morphology The field of com-
putational morphology focuses on different ap-
proaches to modeling the morphological structures
of languages, especially in under-resourced set-
tings. Wiemerslage et al. (2022) provide a survey

https://github.com/GrammaticalFramework/rgl-learner/
https://github.com/GrammaticalFramework/rgl-learner/
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of different morphological tasks, mentioning mor-
phological (re)inflection, tagging, and segmenta-
tion, and paradigm clustering and completion. In
this work, we focus on the latter task.

Most approaches to this problem are based on
solutions for the morphological inflection problem,
where models are trained to predict a form based
on input lemma + grammatical features, therefore
each form is predicted separately (Silfverberg et al.,
2017; Silfverberg and Hulden, 2018; Kann et al.,
2017). However, there are approaches designed
specifically for the paradigm completion (PC) task.
Cotterell et al. (2017b) suggest an algorithm based
on neural graphical models for a paradigm comple-
tion task. The authors used the idea of principal
parts to decode the paradigm in a joint way. An-
other approach by Kann et al. (2017) introduces
a solution for the PC task by using new methods,
such as paradigm transduction and source selec-
tion with high precision. The latter method chooses
principal parts of the paradigm based on edit trees
from lemmas to forms, making it more applicable
in minimal-resource scenarios. However, the core
models used in this work are also seq2seq models
reused for the paradigm complection task.

Tools to support manual creation of morpholog-
ical resources As for assisting linguists in creat-
ing morphological resources, Beemer et al. (2020b)
used additional tools including a non-neural model
made for the task of morphological inflection. How-
ever, most of the work so far has been done man-
ually. Another work by Howell and Bender (2022)
presents the methodology to build grammars, in-
cluding morphological components, from language
specifications and corpus data. In this paper, simi-
lar to the former work, we account for linguists to
be able to control the output at the stage of gen-
eration, but similar to the latter work, we create
linguistically plausible resources.

4. Definitions

For further understanding, we need to define
paradigm, inflectional class, and inflection table
(see Figure 2). We define a morphological fea-
ture F by the set of all possible values it can
take: Fi = {f1, ..., fn}, where n is a number
of feature values. For example, the morphologi-
cal feature number can be defined in some lan-
guage as: Number = {Sg,Dual,Pl}. Most fea-
tures are atomic, but they can also be constructed
by applying a constructor to another value. For
example, the set of all values for GenNum is
{GSg Utr,GSg Neutr,GPl}.

If F1, ..., Fn are possible morphological features
for a given part of speech, then normally a
paradigm P is a Cartesian product:

Figure 2: Example paradigm for a noun class
in Danish. The top (in blue) shows the abstract
paradigm structure, the middle row shows exam-
ples of noun inflectional classes defined by form
patterns (in green), the bottom row shows exam-
ples of inflection tables for two nouns (in purple)
that belong to the two inflectional classes above

P = F1 × ...× Fn

Since in the Cartesian product the feature order
is fixed, the paradigm can also be seen as a tree
(Figure 2). The order comes from the order of the
features in the data.

An inflection table IT , on the other hand, is a
set of pairs:

IT = {(wi, fi)|fi ∈ P},
where wi is an inflection form and fi is a morpho-
syntactic description.

A generalised version of an inflection table is
an inflectional class IC where all members of a
class share the same set of form patterns. The
form patterns are generalized representations of
all forms that have the same set of morphological
features and share the same affixes. An example
inflectional class for English nouns would be:

IC : base → {(base, Sg), (base + s, P l)}, where
base is a variable that encodes a stem.

The essential part of our approach is building
smart paradigms (Détrez and Ranta, 2012) –
given some forms pi from a paradigm, a
smart paradigm SP can correctly reconstruct full
paradigms:

SP : (p1, ..., pn) → {qi, ..., qk}, 1 ≤ n < k,
where qi is a cell of the inflection table.

This idea is closely related to the concept of
principal parts in theoretical morphology (Finkel
and Stump, 2007). Principal parts are the minimal
subset of a paradigm from which it is possible to
deduce all other forms in a paradigm. The classic
example comes from Latin: all verb forms cannot
be retrieved from one infinitive form, and therefore
several forms are needed to define a full paradigm
correctly.
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5. Method

Our algorithm consists of three modules: paradigm
construction, alignment of inflectional classes, and
creation of smart paradigms (see Figure 1). Each
step is automatic: running the pipeline produces a
functional prototype of a grammar resource.

Moreover, after each step, the algorithm pro-
duces a readable programming code in GF, which
can be manually inspected and edited. During
compilation, GF can also be instructed to produce
a JSON representation of the grammar, which our
algorithm uses as input for the next module. There-
fore, the module produced could be easily edited
and fed to the next step in the form of JSON.

5.1. Module 0: Data preparation

Currently, we support two sources: UniMorph
(Sylak-Glassman, 2016) and Wiktionary. UniMorph
is a standardized format for morphological tasks
with limited but better curated data. At the same
time, Wiktionary usually contains more data and
more languages, which we access through Wiktex-
tract (Ylonen, 2022).

The system is modular and makes it possible
to add other sources in the future, as the data ac-
cess is handled through source-specific plugins.
The plugins are simply Python modules, which the
framework detects and then uses them to call spe-
cific functions for different tasks. This lets the user
to alter the default behavior depending on data
source and language. For instance, the role of the
source plugin is to transform the input format to a
list of word forms and morphological tags. Simi-
larly, with language-specific plugins, the user can
give instructions for how to clean up the input data
(see Appendix B for more detailed description of
plugins).

5.2. Module 1: Paradigm extraction

We extract one paradigm per part of speech and
lexicon (a list of inflection tables). Recall that a
paradigm is a Cartesian product of morphologi-
cal features. Therefore, the first step is to define
the morphological features {Fi} and their values
{fj} for a given language and to map them to GF
features.

The mapping from source tags to morphological
features following the naming convention adopted
by the authors of the existing GF grammars is de-
fined in the source-specific plugins. Note that not
all tags are included. For example, Wiktionary uses
tags to indicate archaic forms, transliterations, or
regional variations. These are not kept in the gram-
mar.

Another issue is that tags are sometimes used
inconsistently with the general guidelines. In such

cases, in a language-specific plugin, a user can de-
fine a correct mapping for the particular language.

When the algorithm has collected all morpho-
logical features, it defines the order based on the
average position of a tag in the source. The algo-
rithm also keeps track of all possible combinations
of the features.

Based on the defined order and possible com-
binations of morphological features, the algorithm
produces a paradigm tree (Figure 2). This is ba-
sically a trie, where the edges are labeled with
features. As the last step, the algorithm constructs
an inflection table for each lemma by filling the
edges of the trie with the corresponding forms.
Some edges are left empty if the combination of
the features is possible, but no form is found for
the lemma.

In general, the main goal of this module is to
automatically clean up the data and organize them
in a convenient way that leads to correct GF code.

The user’s input is still needed since the source
annotations may be incomplete and inconsistent.
For example, for some nouns Wiktionary may list
only singular and plural forms, while, for others,
case inflected forms are also provided. In situa-
tions like this, forms marked only as singular/plural
are usually to be understood as forms in nomina-
tive. The general algorithm does not make such
automatic assumptions, but instead the user may
write a language-plugin function, which manipu-
lates the final form of the tree.

The user may also decide to alter the paradigm
tree, simply in order to make the development of
the future syntactic functions easier.

At the end of this phase, the generated code
contains a set of parameters similar to the ones
in Section 2, and a lexicon where the entries look
like:

lin tøj_N = mkNoun "tøj" "tøjer" "tøjs"
"tøjers" "tøjet" "tøjerne"
"tøjets" "tøjernes"

here mkNoun is an automatically generated func-
tion which fills in a paradigm with the given forms
(see Appendix C for full examples of the output of
each modules).

5.3. Module 2: Extraction of inflectional
classes

This module is based on the idea of the
longest common subsequence (LCS) adapted for
paradigm extraction from Ahlberg et al. (2015). The
first step is to extract LCS for each inflection table
(base), which ideally corresponds to a word’s stem.
Note that the base can be discontinuous and then
represented as base1, base2, etc. Other parts of the
words can be seen as affixes. Recall the exam-
ple from Figure 2. For the word kerne, the LCS is
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‘kerne’ and this is taken as the base, so the plu-
ral form kerner would be parsed as the pattern
base+ r.

When all forms in each inflection table are repre-
sented as patterns of bases and affixes, the next
step is to merge into one class all inflection tables
that share the same patterns. If the data is sparse,
and not all forms are available, some paradigms
might not be merged. For example, for most En-
glish nouns, a form pattern for plural would look
like base+s. If for some words, such as scissors,
only plural forms are attested in the data, the plural
pattern would be simply base, which will result in
an additional inflectional class.

To solve this problem, we first merge classes
into one, if inflectional class A includes more af-
fixes than class B and forms from B can be parsed
as from class A. Recall the example above: we ex-
amine that word scissors with pattern base (class
B) could also be parsed as pattern base+s (class
A). If so, we eliminate class B and merge all the
forms into class A.

Some inflectional classes contain missing values
but it is not possible to merge them unambiguously
with another class. In this case, we take all classes
that overlap in some forms and patch a missing
form from these classes by majority voting. We
also explicitly mark in the generated formal gram-
mar that this form pattern has been guessed and
not attested in the data.

To support prediction of all forms in the inflec-
tional class, the function should be able to parse a
lemma to extract all bases. In some cases, words
are parsed using several bases, for example, lan-
guages with transfixes, such as Arabic, Hebrew
(Semitic, Afroasiatic), or Germanic words where
the stem vowel changes. It is especially difficult to
parse if the bases are contiguous in a lemma and
the infixes are injected later. For example the Alba-
nian kalë becomes kuaj in plural. This means that
we have base1+base2+ lë and base1+u+base2+ j
for singular and plural.

In order to figure out how to unambiguously ex-
tract the bases from a lemma, we need to define an
unambiguous regular expression for parsing. We
inspect all known inflection tables belonging to the
same class. Typically, all bases, except one, have
a constant length across classes. This is used as
a constraint in the case when the bases are con-
tiguous. In rare cases, it turns out that more than
one base is of various lengths. An example are
digraphs like rr, dh, etc. in Albanian, which should
really be counted as one phoneme but are written
as two characters. This is resolved by choosing the
base with the smallest number of possible values
and explicitly matching the pattern on the possible
strings.

There is also an optional step of generalization

Algorithm 1 Learning smart paradigms
while more principal parts possible do

i← 1
do

Hi ← predictClass(trainData, form, i)
i← i+ 1

while (ϵ < Hi < Hi−1) and (i ≤ depth)
errors← evaluate(evalData)
form← chooseForm(errors)

end while

of the paradigm: if there are multiple bases, the
algorithm can produce more inflectional classes
than necessary. For example, a common scenario
in Greek is the stress movement: the algorithm
initially extracts the base, such as base1+ω+base2,
where ω is singled out only because it appears as
stressed in another form. Therefore, the algorithm
creates different classes for different stem vowels.
To avoid this problem, one can use two forms (one
with stressed and one with non-stressed stems)
to extract patterns: base1+ω+base2 becomes base1,
and base1+ώ+base2 becomes base2. However, this
is not the default option because it always requires
at least two forms, while for future usage we want
to have the option to predict inflectional class with
only one form.

The final result is a file with all found inflectional
classes represented as functions. Each function
takes a lemma as an argument and produces the
table with all forms. We also update the dictionary
where now only the citation forms are listed, while
the rest are generated by applying the functions:

lin tøj_N = mkN021 "tøj"

here the number in the name mkN021 is an incre-
mental number generated to identify the class. We
no longer need to list all forms, but on the other
hand we need to know the inflectional class.

5.4. Module 3: Creation of smart
paradigms

The goal of this module is to infer rules to pre-
dict an inflectional class of unknown words in the
grammar. In principle, any model can be used, as
long as it allows to extract the pattern-matching
rules as readable code. While transformer-based
models currently achieve the state-of-the-art re-
sults on many morphological tasks, the lack of
transparency and interpretability makes them un-
suitable for our pipeline. Therefore, we adopt a
decision-tree based implementation (see Algorithm
1), formulating the problem as a classification task,
where the classes are all extracted inflectional
classes for a given part-of-speech.

The first step is to define whether the language
uses primarily, prefixes or suffixes (Dryer, 2013).
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Although this information could be taken from exter-
nal resources, we prefer not to rely on that because
of their scarcity. Similarly to Cotterell et al. (2017a),
we count how many form patterns start with an affix
(rather than a stem) and how many form patterns
end with an affix

The algorithm starts with a lemma form and
looks at affixes of all lemmas in the training data of
length 1. Then for each possible affix a of length 1,
it assigns the most likely inflectional class based
on the training data:

ci = argmaxc p(c|ai(1)),

where ai(l) is an affix of length l and p(c|ai(1)) is
the probability that a word belongs to the class c
given the affix ai.

Then for each affix, the algorithm computes the
entropy Hi,1. If extending the affix reduces entropy,
i.e Hi,2 < Hi,1, then the algorithm produces one
more rule. The process continues until maximum
length is reached or the entropy stops decreasing
with each l + 1.

After one iteration, the algorithm chooses a new
form with the highest error rate. We assume that
the algorithm would make more mistakes in one of
the principal parts as they are unpredictable from a
lemma by definition. Then, the algorithm proceeds
to the next stage where, this time, still ambiguous
classes are discriminated by considering the new
form, i.e. the goal is to maximize likelihood:

ci = argmaxc p(c|ai(li), ak(lk)),

, where ai(li) is the affix of length li of a lemma,
and ak(lk)) is the affix of length lk of a chosen prin-
cipal part. The process ends when the maximum
number of principal parts is reached.

This design allows the model to be initialised with
existing morphological rules (for example, from a
grammar book) and learn rules that are not covered
yet, as well as define what principal parts to use.

Once we have learned the smart paradigms, we
can simply define a lexical entry as:

lin tøj_N = mkN "tøj"

for regular words. If the word is irregular, we need
to provide several arguments (principal parts):

lin tøj_N = mkN "tøj" "tøjer"

This is in line with the design in (Détrez and Ranta,
2012).

6. Experimental Setup

We test our module in three different ways: its
performance in comparison to manually defined
rules and its performance on different amounts of
data and with different types of human intervention.

Comparison to manually defined rules As
our goal is to assist in the generation of mor-
phological resources, we compare the generated
grammar components with manually written gram-
mars. To compare the coverage of detected rules,
we choose 5 languages from different language
groups that are already supported in the GF library
Ranta (2009): Modern Greek (IE), French (Ro-
mance, IE), Slovak (Slavic, IE), Hungarian (Finno-
Ugric), and Finnish (Finno-Ugric).

One limitation when working with manually writ-
ten grammars is the variety of ways in which the
rules can be written. To make the comparison fair,
we choose grammars that use pattern matching
in one or more forms. We run the system in three
ways:

• M2+M3: the set of inflectional classes is de-
fined by the inflectional classes described in
the manual grammar, and the rules are based
on the manual grammars. We rewrite the rules
as input to our algorithm as we specify them
in a language-specific plugin.

• M2+A3: the set of inflectional classes is the
same as in the manual grammar but the sys-
tem automatically learns the rules.

• A2+A3: we train the algorithm on the entire
training data, so both inflectional classes and
rules are automatically induced.

For Greek we generalize the forms, so each
inflectional class takes at least two forms.

We use UniMorph datasets for all languages
except Greek. We use 80% of the data set as
training data and the rest as test data.

Effect of training size We run the algorithm in
each setting with several different thresholds of
the training data (each repeated 5 times): 50, 100,
400, 700 and 1000 inflection tables (i.e. all word
forms for n lemmas), to show how much data is re-
quired for performance to stabilize. The languages
included in this experiment are the new languages
that we added to the GF-RGL library: Albanian
(IE), Armenian (IE), Faroese (Germanic, IE), Irish
(Celtic, IE), Macedonian (Slavic, IE), Kazakh (Tur-
kic), and Scottish Gaelic (Celtic, IE). The choice
of the languages is dictated by the interest in the
community.

Human-assisted performance This experiment
is meant to test the limits of the algorithm and to
show how low-cost manual intervention can im-
prove the performance.

We include five languages in our experiment: Ar-
menian, Faroese, Irish, Kazakh, and Macedonian.
In this experiment, we are testing whether provid-
ing a few rules that can be easily found in grammar
books will improve the performance in the earlier
stages when there is not enough data.
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Figure 3: Effect of training data size on accuracy across languages. The X-axis shows the amount of
data (in log-scale with base 10). The y-axis shows the accuracy-per-form, i.e. percentage of all forms
produced correctly. The curves stabializes around the threshold of 400 inflection tables.

We run the algorithm in three different setups:
with no corrections, with pre-defined principal parts,
and with pre-defined rules. We consult the follow-
ing grammar books to define principal parts and
rules: Dum-Tragut (2009) (Armenian), Lockwood
(1977) (Faroese), Doyle (2001) (Irish), Somfai Kara
(2002) (Kazakh), Friedman (2002) (Macedonian).

7. Results

language POS M2+M3 M2+A3 A2+A3

Greek N 0.734 0.659 0.886
Finnish V 0.854 0.834 0.842
French V 0.798 0.825 0.834
Hungarian N 0.606 0.68 0.807
Slovak N 0.5 0.787 0.941

Table 1: Accuracy-per-form (percentage of all
forms produced correctly) with manually written
rules and automatically generated rules. M2 in-
cludes only inflectional classes that are included
in the manual grammar, M3 includes rules from
the manual grammar. A2 are the automatically
extracted inflectional classes and A3 are the auto-
matically extracted rules

Comparison to manual grammars As Table 1
illustrates, the generated rules cover the morpho-
logical variation at least as well as well-tested man-
ually written grammars (French and Finnish). How-
ever, we significantly improve on the newer gram-
mars (Greek, Slovak, and Hungarian), which were
developed in a shorter time and have not been

extensively used. This shows that our system is
useful as a support tool in grammar development.

Which inflectional classes are included in the
grammar is important: although the set of inflec-
tional classes based on manual grammars (M2)
is smaller, in case of French and Finnish, the al-
gorithm performs as well as on the full set of in-
flectional classes (M2+A3 shows almost the same
result as A2+A3). In cases of Greek, Slovak and
Hungarian, we see that training on a full set of
inflectional classes gives significant gain in perfor-
mance. It supports the hypothesis that the gram-
mar description of classes is simplified and does
not include all possible classes (Silfverberg et al.,
2018a).

Comparison of manual (M3) and automatically
extracted (A3) rules shows that for Hungarian,
French, and Slovak datasets, the algorithm finds
rules that perform better, while for Greek, manual
rules lead to better performance. One possible
explanation is that, in the manually written Greek
grammar, the choice of the second form is not
fixed: several different forms are used for different
inflectional classes. While this leads to better per-
formance, it is more convenient to use the grammar
with determined forms.

Effect of training size Figure 3 shows the effect
of the training size. Across the board, when given
at least 400 inflection tables in the training data, the
algorithm produces stable results. As a practical
implication, it shows that a dataset of such size
would be sufficient.

Effect of manual interventions We then com-
pare the performance of the algorithm trained with
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Language POS Rules Size: 50 Size: 100 Size: 1000
NC PP GR NC PP GR NC PP GR

Armenian N 11 0.836 0.823 0.836 0.841 0.849 0.858 0.879 0.881 0.881
A 1 0.911 0.911 0.911 0.909 0.909 0.915 0.928 0.928 0.929
V 5 0.872 0.872 0.872 0.963 0.963 0.963 NA NA NA

Faroese N 7 0.587 0.594 0.654 0.623 0.656 0.691 0.766 0.797 0.802
A 2 0.897 0.897 0.897 0.916 0.916 0.916 NA NA NA
V 3 0.590 0.534 0.534 0.638 0.589 0.589 NA NA NA

Irish N 3 0.355 0.357 0.346 0.416 0.417 0.410 0.561 0.561 0.561
A 2 0.566 0.565 0.562 0.640 0.645 0.670 0.675 0.677 0.683
V 1 0.219 0.219 0.255 0.288 0.288 0.309 NA NA NA

Kazakh N 4 0.746 0.746 0.746 0.796 0.796 0.796 0.963 0.963 0.963
V 2 0.659 0.659 0.659 NA NA NA NA NA NA

Macedonian N 10 0.822 0.834 0.862 0.86 0.881 0.903 0.927 0.956 0.957
A 3 0.752 0.752 0.756 0.752 0.752 0.756 0.762 0.760 0.762
V 12 0.859 0.838 0.838 0.947 0.960 0.960 0.953 0.976 0.976

Table 2: Accuracy-per-form (percentage of all forms produced correctly) for different user-involving
scenarios across different training data sizes (50, 100 or 1000 inflection tables). Three possible scenarios
include no input from a user (NC), pre-defined principal parts (PP), and with initialization with grammar
rules (GR). NA signifies that the dataset did not contain enough data. The results are given by each
part-of-speech separately and the number of rules is specified. All the results are averaged over 5 runs,
results with standard deviation over 0.1 are given in italics

no input from a user, with user-defined principal
parts, and with user-defined rules as part of the
initialisation. Table 2 summarizes the results. The
results are language-dependant: for example, for
Kazakh no interventions improved the quality.

As grammars vary in the way they describe rules,
we explicitly mention how many rules were used in
initialization. Across the board, adding more than
5 rules shows improvement. However, even one
rule improved the performance for verbs in Irish,
as the dataset did not have enough examples.

Moreover, as an overall trend, the more data
the algorithm gets, the smaller the difference be-
tween fully automatic and pre-initialized settings
becomes.

8. Discussion

Using existing knowledge Our experiments
show that including any existing knowledge, such
as knowledge about principal parts or rules from
grammar descriptions, can improve the quality of
the algorithm, especially in low-resource scenarios.
It suggests that combination of existing knowledge
and data-driven approaches gives a promising di-
rection in low-resource scenarios. One challenge
in this situation is to make the integration as easy
as possible for users. This is the reason why, un-
like previous works where seq2seq approach was
used, we split the problem into several modules,
which means that the inflectional classes can be
automatically induced. In that case, the user does

not have to write the rules for the inflectional class
from scratch but rather they can write the rules
identifying such class.

Effect of number of inflectional classes It is
a known fact that computational models of mor-
phology extract more classes (Détrez and Ranta,
2012; Silfverberg et al., 2018a). However, our re-
sults show that if the inflection tables are properly
chosen, the model can cover most of the data, and
the gain from more paradigms is not big. It leads
to the conclusion that even with a small amount of
data, it can be possible to build a computational
model, if the data is well-curated.

Implications for grammar engineering As our
second experiment shows, around 400 inflection
tables are enough to give stable results. If there is
enough data, the involvement of the user would be
mostly post-processing: the system warns about
tags that are unknown to it, the user can check
generated results after each step, correct them, or
define some metavariables, such as order of the
morphological features, to change the outlook of
the generated grammar. However, if there are not
enough data, the user can initialize the algorithm
with existing knowledge from grammar books, as
the third experiment shows.

9. Conclusion

We have presented a modular system, which auto-
mates the creation of morphological components
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for formal grammars by combining paradigm mod-
eling, induction of inflectional classes, and learning
rules for inflectional class classification. To the best
of our knowledge, this is the first system that auto-
matically creates grammars and supports correc-
tions and initialization based on prior knowledge.

Unlike manual creation, our approach is more
scalable and less time-consuming. Moreover, our
experiments show that in most cases our system
performs better than the manually written rules.
We argue that this is due to grammar books not
mentioning all exceptions that are found in data.

Unlike neural approaches, our method is compu-
tationally cheaper and provides user flexibility for
encoding prior knowledge, such as rules that iden-
tify different inflectional classes. Unlike previous
seq2seq approaches, building the system around
paradigms allows to minimize manual work and
makes the output better aligned with theoretical
representation of inflectional morphology.

As a practical contribution, we created morpho-
logical components for 7 new languages.

Limitations

The main limitation of our method is that it requires
structured input with morphological annotation, al-
though it is not limited to one specific formalism of
annotation.

As for the output of our algorithm, we support
code generation for the Grammatical Framework
but one can adapt to any possible format.

Ethical considerations

Responsible use of language technology is espe-
cially important in minority or dying languages. In
those cases, generation of erroneous output is dan-
gerous since new language users might rely on the
computer output and thus start learning the mis-
takes produced by the machine. The possibility
to inspect and correct the computational model is
therefore essential.

There are several sources of errors in our ap-
proach. Annotation errors in the original data may
lead to errors in the predictions. Those cases can
be solved by either fixing the annotations or pre-
processing via the plugins mechanism.

When we merge paradigms, we introduce mor-
phological patterns for forms that were not attested.
These we mark in the generated source code and
should be manually inspected.

When a lexicon for a particular application is built,
new words can be introduced by applying the smart
paradigm to the lemma. The paradigm will do its
best to guess the rest of the forms, but for reliability
a native speaker must inspect the output. When
necessary, more than one form must be provided

to the paradigm to be able to correctly predict the
full paradigm.
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A. Grammatical Framework

The abstract syntax serves as interlingual repre-
sentation that is linearized differently in each lan-
guage. For example, the following abstract syntax
expression :
AdjCN (PositA nice_A) (UseN clothing_N)

represents an adjectival modification, and it is lin-
earized into nice clothing in English, snygg klädsel
in Swedish, and vêtements agréables in French.
The concrete linearizations of rules define how this
expression is realized both morphologically and
syntactically.

Lexical items, such as nice_A and
clothing_N, are functions that do not take
any arguments and are defined as following:
English: nice_A = mkA "nice" "nicer"
Swedish: nice_A = mkA "snygg"
French: nice_A = mkA "agréable" "agréable"

English: clothing_N = mkN "clothing"
Swedish: clothing_N = mkN "klädsel"
French: clothing_N =

mkN "vêtement" "vêtements"
masculine

mkA and mkN are functions that implement smart
paradigms, which, given some forms, recreate a
full inflection table for the given adjective or noun.
These are precisely the functions that our system
learns automatically.

The resulting expressions have types A and N
respectively. These types represent what morpho-
logical features (defined as parameters) each part-
of-speech has in a particular language. For exam-
ple, nouns in English are defined in the following
way, as an English noun has four forms (girl, girl’s,
girls, girls’):
param Case = Nom | Gen
param Number = Sg | Pl
param Gender = Masc | Fem | Neutr

lincat N = {s : Number => Case => Str ;
g : Gender} ;

Note that although English, is generally seen as a
genderless language, the full grammar still has a
gender parameter. It shows up in rare cases when
reflexives are used, e.g. himself/herself/itself.

In Swedish, nouns additionally encode definite-
ness and inherent gender:
param Species = Indefinite | Definite
param Gender = Utr | Neutr
lincat N = {s : Species => Case =>

Number => Str ;
g : Gender

}

While smart paradigms define morphology, other
functions in the abstract syntax represent syntactic
composition. For example, UseN is a function that
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creates a common noun phrase that consists of a
single noun. This is usually an identify function, but
there are also exceptions. For instance, in morpho-
logically rich languages the plain noun may contain
only stems, which are extended to full forms by
UseN.
PositA, on the other hand, chooses the positive

form of an adjective and produces an adjectival
phrase.

Finally, adjectival modification is defined by
AdjCN, which combines the adjective phrase with
the common noun to form another common noun.
To produce a complete noun phrase, one would
apply further syntactic combinators which will add
a determiner as well (See Ranta (2009)).

In English, the last rule mainly defines the posi-
tion of an adjective:
AdjCN ap cn = {

s = \\n,c => preOrPost ap.isPre
(ap.s ! agrgP3 n cn.g)
(cn.s ! n ! c) ;

g = cn.g
};

but it also ensures that there is a gender, number,
and case agreement. The gender in particular
is relevant only if the adjectival phrase contains
reflexives, while the only non-trivial case is genitive.

In French, the gender and number agreement
is more pronounced and is implemented in a very
similar way:
AdjCN ap cn = {

s = \\n => preOrPost ap.isPre
(ap.s ! genNumPos2Aform cn.g n

ap.isPre)
(cn.s ! n) ;

g = cn.g ;
};

Finally, its linearization in Scandinavian lan-
guages, also includes agreement in number, defi-
niteness, and gender:
AdjCN ap cn = {

s = \\n,d,c =>
preOrPost ap.isPre
(ap.s ! agrAdj (gennum (ngen2gen cn.g) n) d)
(cn.s ! n ! d ! c) ;

g = cn.g ;
isMod = True
} ;

B. Plugins

Plugins are Python modules which make it pos-
sible to preprocess data and override automatic
decisions. To start with, the input data are ac-
cessed via a source specific plugin, currently only
two – Unimorph and Wiktionary. In addition, for
each combination of language and source, we can
write a different language-specific plugin.

Source Plugins The main component in the
source plugins is the extract function which reads
the input data from a custom format and returns a
quadruple of lemma, part of speech, list of forms
and lemma tags. Currently, the only possible

lemma tag is the gender for nouns. The list of forms
contains pairs of forms with the associated tags.
When reading the raw data, the plugin also calls
the language-specific preprocess function, which
can perform arbitrary cleanup on the raw data. For
instance, the Kazakh data in Wiktionary contained
a mixture of Latin and Cyrillic letters that had to be
cleaned up.

The other main ingredient is the mapping from
source-specific tags to prefered GF names. For
example, the following are the tags in Wiktionary
for a grammatical person:

1 params = {
2 ’ f i r s t −person ’ : ( ’P1 ’ , ’ Person ’ ) ,
3 ’ second−person ’ : ( ’P2 ’ , ’ Person ’ ) ,
4 ’ t h i r d −person ’ : ( ’P3 ’ , ’ Person ’ )
5 }

while these are the corresponding tags in Uni-
morph:

1 params = {
2 ’ 1 ’ : ( ’P1 ’ , ’ Person ’ ) ,
3 ’ 2 ’ : ( ’P2 ’ , ’ Person ’ ) ,
4 ’ 3 ’ : ( ’P3 ’ , ’ Person ’ ) ,
5 }

Note that for each tag we also specify the type of
the tag, so at the end, assuming that the language
has three genders the program will generate the
feature (also called parameter in GF):

1 Person = P1 | P2 | P3 ;

regardless of the input annotation.

Language Plugins The code generator pro-
duces files with specific names following the con-
vention in the GF Resource Grammars Library
(Ranta, 2009) (Appendix C). The last three letters
of every module name are usually the ISO 3 code
of the language which are specified by defining the
variable iso3, e.g.:

1 i so3 = " Sqi "

If the raw data for the language need cleaning up,
the user can define the function preprocess(record),
which takes as argument the current record in a
source-specific format.

The preprocess function is very low-level while
there are common issues which can be handled in
a more convenient way. For example, if the function
patchPOS(lemma,pos) is defined, it can be used to
fix erroneous parts of speech. It takes as input the
current lemma and part of speech and returns a
new one.

If a lemma must be completely excluded, then
the function filter_lemma(lemma, pos) can be de-
fined to return False. Sometimes only specific
forms must be excluded which is similarly possible
with function filter_form (form,tags).
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After the data are cleaned up, the algorithm
builds a draft for each paradigm in the form of a
tree. The tree can then be manually manipulated
by defining one function for every part of speech.
For example function patchN(lemma,tree) is invoked
for every noun and its corresponding paradigm tree.
The tree is a simple Python dictionary from tags to
sub-trees. The leafs of the tree are the correspond-
ing word forms. The shape of the tree affects the
the final code, which means that these functions
are the main way to control how the generated
grammar will be structured.

The preference to particular grammar structure
is mostly a matter of a design choice, but there is
one particular case when this is particularly impor-
tant. Some of the grammars in the GF libraries
are just sketches while other are quite mature. In
some languages (Greek, Slovak, Czech, others)
we would wish to rebuild the morphology to gain
better coverage, while preserving the syntax. In
that case the patch functions can be used to shape
the trees in the desired way.

Finally, when learning the smart paradigms, the
algorithm chooses the principal parts based on
statistical measures. On the other hand, every lan-
guage also has linguistic traditions that we want
to respect. For example, the reference form for
verbs in Macedonian is not the first person, sin-
gular but third person. In situations like this we
can hard-code the desired principal parts, while
the algorithm fills in the rest. This is done with a
configuration like this:

1 requi red_forms = {
2 ’N ’ : [ ’ s ; I nde f ; Sg ’ , ’ s ; I nde f ; Pl ’ ] ,
3 ’V ’ : [ ’ present ; Sg ; P3 ’ ] ,
4 ’A ’ : [ ’ s ; I nde f ; Masc ’ , ’ s ; Inde f ;Fem ’ , ’

adverb ’ ]
5 }
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C. Examples of output of each module

C.1. Output of module 1

1 param Species = Inde f | Def ;
2 param Case = Nom | Acc | Dat | Ab la t ;
3 param Number = Sg | Pl ;
4 param Gender = Masc | Fem ;
5

6 oper Noun = { s : Species => Case => Number => St r ; g : Gender } ; −− 3978
7 oper mkNoun : ( _ , _ , _ , _ , _ , _ , _ , _ , _ , _ , _ , _ , _ , _ , _ , _ : S t r ) −> Gender −> Noun =
8 \ f1 , f2 , f3 , f4 , f5 , f6 , f7 , f8 , f9 , f10 , f11 , f12 , f13 , f14 , f15 , f16 , g −>
9 { s = tab le {

10 I nde f => tab l e {
11 Nom => tab le {
12 Sg => f1 ;
13 Pl => f2
14 } ;
15 Acc => tab le {
16 Sg => f3 ;
17 Pl => f4
18 } ;
19 Dat => tab le {
20 Sg => f5 ;
21 Pl => f6
22 } ;
23 Abla t => tab le {
24 Sg => f7 ;
25 Pl => f8
26 }
27 } ;
28 Def => tab le {
29 Nom => tab le {
30 Sg => f9 ;
31 Pl => f10
32 } ;
33 Acc => tab le {
34 Sg => f11 ;
35 Pl => f12
36 } ;
37 Dat => tab le {
38 Sg => f13 ;
39 Pl => f14
40 } ;
41 Abla t => tab le {
42 Sg => f15 ;
43 Pl => f16
44 }
45 }
46 } ;
47 g = g
48 } ;

Listing 1: A function in ResSqi.gf which builds a noun in Albanian from a list of all forms.

C.2. Output of module 2

1 mkN006 : S t r −> N ;
2 mkN006 base =
3 case base of {
4 base_1+" l l " => l i n N
5 { s = tab le {
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6 I nde f => tab l e {
7 Nom => tab le {
8 Sg => base_1+" l l " ;
9 Pl => base_1+" j e "

10 } ;
11 Acc => tab le {
12 Sg => base_1+" l l " ;
13 Pl => base_1+" j e "
14 } ;
15 Dat => tab le {
16 Sg => base_1+" l l i " ; −−guessed
17 Pl => base_1+" jeve " −−guessed
18 } ;
19 Abla t => tab le {
20 Sg => base_1+" l l i " ; −−guessed
21 Pl => base_1+" jesh " −−guessed
22 }
23 } ;
24 Def => tab le {
25 Nom => tab le {
26 Sg => base_1+" l l i " ;
27 Pl => base_1+" j e t "
28 } ;
29 Acc => tab le {
30 Sg => base_1+" l l i n " ; −−guessed
31 Pl => base_1+" j e t " −−guessed
32 } ;
33 Dat => tab le {
34 Sg => base_1+" l l i t " ; −−guessed
35 Pl => base_1+" jeve " −−guessed
36 } ;
37 Abla t => tab le {
38 Sg => base_1+" l l i t " ; −−guessed
39 Pl => base_1+" jeve " −−guessed
40 }
41 }
42 } ;
43 g = Masc
44 } ;
45 _ => e r r o r "Can ’ t apply paradigm mkN006"
46 } ;

Listing 2: A Paradigm function in MorphoSqi.gf with takes a lemma and produces all forms

C.3. Output of module 3

1 regN : S t r −> N −− s ; Inde f ;Nom; Sg
2 = \ form −> case form of {
3 _ + " l t h " => mkN001 form ;
4 _ + " k th " => mkN206 form ;
5 _ + " eth " => mkN005 form ;
6 _ + " gth " => mkN005 form ;
7 _ + " ath " => mkN031 form ;
8 . . .
9 _ + " sh " => mkN017 form ;

10 _ + " xh " => mkN034 form ;
11 _ + " dh " => mkN013 form ;
12 . . .
13 _ + " h " => mkN002 form ;
14 _ + " t " => mkN002 form ;
15 _ + " d " => mkN002 form ;
16 _ + " r " => mkN031 form ;
17 . . .
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18 } :

Listing 3: A smart paradigm function for nouns which guesses and executes an inflectional class
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