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‘Nature uses only the longest threads to weave her patterns, so that each small piece of her

fabric reveals the organization of the entire tapestry.’

Richard Feynman
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Abstract

Corpus building is a resource-hungry venture. Collecting, analysing and maintaining
are essential stages of corpus building. Modern technology has allowed for collection
to be more accessible and, to an extent, has eased the analysis cost. Nevertheless, with
the increasing rate at which data can be captured, the resource demands for analysis
still need to be lowered. Language documentation poses an acute instantiation of this
problem. The extremely limited language descriptions (if any) that we have of most
of the world’s 7000+ languages, and the needs for community access, only add to the
difficulty of sufficiently capturing a language. Further still is the case of endangered

languages, where this issue is compounded by time pressure.

This interdisciplinary thesis aims to catalogue the process of enlisting the aid of
computational methods for morphological description. The Nen language is used
as a motivating case study. Nen is a member of the Morehead-Yam language family
of Southern New Guinea. It is an under-resourced language that is actively being
described and documented. It provides an interesting case study as it exhibits dis-
tributed exponence - a non-trivial means of mapping form to meaning. Its immense
morphological complexity and ongoing documentation status make it an excellent

playground for providing a real-time account of the process.

In an almost pedagogical order, the thesis presents the development of computational
resources for Nen and describes issues, caveats, and opportunities for applying
existing computational methods to language documentation. The thesis employs
two infrastructures for morphological analysis, finite-state automata and supervised

machine learning systems.

The thesis presents the first morphological analyser of Nen and explores the dif-

ference between linguist and computational needs. It finds that where a linguist
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might consider a principal parts approach optimal for description, computational
performance is impartial to a principal part or ‘Chunking’ approach. The resultant

architecture is different, but the accuracies achieved are the same.

The thesis extends its morphological models of Nen verbs with state-of-the-art neural
architecture. Its results show no significant difference between random and Zip-
fian sampling methods, and minor differences may be attributed to the training set
composition differences. It introduces empirical evidence highlighting training data
composition’s effects on model performance. The errors generated by each system
are extensively analysed. The most common error types are found to be allomorphy
errors, misapplication of morphophonological rules or feature category mappings.
Furthermore, the thesis findings indicate that the model learns paradigmatic inform-
ation as well as string transduction. It predicts syncretism in an unseen form where

the rest of the paradigm exhibits syncretism.

The thesis explores the concept of paradigm coverage, a consideration born from
the needs of language documentation. The question, ‘how much data is enough to
capture a language’ has haunted documentary linguistics for decades. The thesis
presents another way to measure completeness by leveraging computational models
as another line of inquiry; given the existing corpus, how much of the paradigm can
a deep learning model capture correctly? It distinguishes between attestation and
heuristic coverage; the former describes the corpus presence of specific lemmata and
inflectional features, while the latter refers to the discovery process of a morphological

paradigm.

Finally, the thesis proposes using active learning to minimise the data costs by
prioritising examples where the model showcases difficulty. To explore the viability
of this strategy, it extends its subject of study to 30 linguistically diverse languages.
It finds that data selection based on model confidence/entropy improves model
performance more rapidly than random selection. Experiments included in the thesis

imply that these metrics are robust to language typology, with the same behaviour
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observed across 30 languages.

Keywords: Nen, computational linguistics, deep learning, morphology, language

documentation
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Chapter 1

Introduction

The advancement of modern technology has uncovered innovative ways to make
large-scale data collection more accessible and efficient. Driven by the rise of empir-
ical approaches!, the focus on data has permeated across the scientific community,
with data being more important than ever before. This has created a new wave of
burden for data analytics. As a result, methods for processing data (including cleans-
ing) and automated analysis have been of increasing interest. While this task remains
pertinent across many disciplines, the subject of this thesis focuses on its linguistic
manifestation, with particular concern for efforts to document the world’s 7000+
languages. Language documentation entails developing corpora and grammar for
the languages of the world. The documentation effort came to be imperative with
half the world’s languages predicted to become extinct within this century (Krauss,
1992; Wurm, 2001; Bianco, 2002; Crystal, 2002; Seifart et al., 2018) 3 and of these,
around 35-42% are still substantially undocumented (Austin and Sallabank, 2011;

Seifart et al., 2018).

1For further discussion see Jurafsky and Martin (2009).

2For current figure see https:/ /www.ethnologue.com/.

3See Evans (2022) for further discussion on calculations and Simons and Lewis (2013) for a break
down of language decay by geographic regions.
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Languages need not be considered endangered to be of interest. With greater global
accessibility, the language sciences have shifted their traditionally Eurocentric do-
main to a global perspective (Gil, 2001; Evans and Levinson, 2009). Each language
contributes an integral part of the puzzle of understanding the full design space
of cultural and intellectual diversity. Within each piece lies the opportunity to test,
falsify and strengthen the models we develop. For this very reason, the natural
language processing (NLP) and computational linguistics (CL) communities have
both expanded their application domain to include more languages. The benefits
of diversifying subject languages include societal impact (particularly in the case of
endangered languages, by creating better language resources), challenging both our
computational models and linguistic theories with a wealth of linguistic features,

and minimising the risk of overfitting (Ruder, 2020).

One of the primary advantages purported by machine learning approaches to NLP
and CL is language independence, intended as a templatic approach to scalability,
much like generalisation and abstraction afforded by mathematical thinking. Gen-
eralisation is the derivation or induction from something particular to something
general by examining the features in common and expanding their domains of valid-
ity (Dreyfus, 1991). A notable example of this is ordinary differential equations.
This mathematical abstraction is the underlying structure for Newtonian mechanics,
reaction rates in chemistry, population modelling and many other natural phenom-
ena (Faraoni, 2020) *. It is tempting to generalise in a similar vein across languages
with models built on a subset of languages with sufficient resources and theoret-
ically extend to other languages. This would allow for the rapid development of

technological resources for smaller language communities.

Yet it is important to note that in the parallel drawn above, the natural phenomena
modelled crucially exhibit behaviour defined by the properties of the equation. In

other words, the mathematical description is considered an apt generalisation as it

40r indeed partial differential equations (with more than one variable) for sound, heat, diffusion,
electrodynamics, thermodynamics, general relativity, and quantum mechanics.
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shares properties with the system in question and is, therefore, able to accurately

model the behaviour of the system observed at any point.

In the case of language, it does not follow that all of the world’s languages must
share the same properties and behaviour. While they may share universal features at
an abstract level, the surface structures observed in real-world settings (like text and

speech) can vary significantly (Ponti et al., 2019).

Most current computational approaches are far from being language agnostic. In
fact, often, these methods inadvertently incorporate language-specific biases. More
specifically, generalising linguistic phenomena based largely on Indo-European
languages yields a lop-sided modelling capacity and performance. As a consequence,
discussions in NLP and CL have followed in the footsteps of the language sciences
by highlighting the consequences of European-centric practices and focusing on

linguistic diversity.

A notable example of this in the NLP and CL domain is language modelling. Lan-
guage modelling concerns building a probabilistic distribution across a sequence of
words and predicting the next word. For example, if asked to complete the following
sentence: ‘It was the best of times, it was the worst of ... , those who are familiar with the
works of Charles Dickens would produce ‘times” with a strong likelihood, but other

options such as ‘luck” and ‘weather” are possible though with a lower probability.

Works by Khudanpur (2006) and Bender (2011) detail the case of n-gram language
models, which notably underperform for languages with complex morphology
(loosely defined as languages with more morphemes per word) and relatively free
word order. The n-gram language model is the simplest model used to assign
probabilities to a sequence of words. It is predicated on the assumption that the
probability of the upcoming word depends only on n-1 previous words (Markov
assumption), where n defines the size of the search window. In a bigram model, n
is two. In a trigram model, n is three and so on. Similarly, more recent language

modelling techniques involving neural works have shown that typological properties
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of language, specifically morphological behaviour, has a significant impact on the

performance of language models (Gerz et al., 2018).

Moreover, Joshi et al. (2020) shows that low-resourced languages continue to be
underrepresented in NLP and CL, and the disparities continue to grow. As a case
in point, neural models often overlook the complexities of morphologically rich

languages (Tsarfaty et al., 2020):

* Vania and Lopez (2017) details a study on tokenisation based on subword
units such as word segments, characters, and character n-grams. Their study
is conducted across ten languages: Czech, English, Russian, Finnish, Japan-
ese, Turkish, Hebrew, Indonesian and Malaysian. The results show that the
subword unit models are most effective in agglutinative languages. They find
that subword tokenisation performs poorly for languages with reduplication

(Indonesian and Malaysian).

* Following the previous example, Byte pair encoding (a type of subword token-
isation which essentially encodes the most frequent words as single tokens
and less frequent, compound words as multiple tokens of their frequent com-
ponents, allowing for compression.) does not align well with morphology, as

shown by Bostrom and Durrett (2020) for English and Japanese.

¢ Work by Sabrina J. Mielke et al. (2019) shows that across 69 languages from 13
language families, language models have difficulties with languages that have

large vocabularies. °

* As above, languages with different grammars, word order and syntax present
open problems for neural models. Example studies include Ravfogel et al.
(2018) for examining agreement in Basque, Ahmad et al. (2019) looking at the

impact of word order on dependency parsing across 30 languages and Hu

>Language families considered are: Indo-European, Niger-Congo, Mayan, Austronesian, Sino-
Tibetan, Quechuan, Afro-Asiatic, Uralic, Creoles, Constructed languages, Austro-Asiatic, Totonacan,
Aymaran. See the paper for full details.
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et al. (2020) for noting a sizeable gap in performance for syntactic and sentence

retrieval tasks across 40 languages.

* Tsarfaty et al. (2020) highlights that pre-trained embeddings, in other words,
vector representations generated in another task and leveraged to a new, similar

task, do not always easily encode all relevant information for Hebrew.

The studies listed above emphasise the open questions posed to the NLP world by
diverse linguistic phenomena exhibited by the world’s languages. They present
unique challenges for modelling structure and dealing with data sparsity. Exciting

solutions have since risen, such as typologically informed modelling (Hu et al., 2020).

In order to address this ‘linguistic diversity gap” in NLP, the efforts must be bid-
irectional. In other words, while NLP practitioners focus on model architectures
and tasks®, linguists are essential to this effort by highlighting the importance of
language-specific phenomena and contextualising the cultural context from which
the data is created. Le Ferrand et al. (2022) and Bird (2022) highlight the pitfalls of a

purely technical exercise and explore potential solutions that are ‘ecologically aware’.

As the quest for the diversity of linguistic representation grows, so does the need
to build corpora. To build a corpus, someone or something has to go through the
collected recordings (audio or video) and mark, annotate and describe the contents
in a desirable format. Corpus annotation (also referred to as tagging or glossing) can
be broadly conceptualised as the process of adding linguistic and other information
to a corpus (Hovy and Lavid, 2010). The annotation schemes are often guided by
conventions such as the Leipzig Glossing Rules (Comrie et al., 2008) and annotation
use, tools and physical format considerations (Ide and Pustejovsky, 2017). For
languages undergoing description, the corpus-building endeavour typically falls on

the linguist documenting the language.

®See section 1.2.3 for examples
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Austin (2005) details five stages of language documentation. The first step involves
recording media of various formats, including audio, video, image, and text. The next
step is capture. This stage involves moving analogue materials to the digital domain.
The third is analysis. This stage deals with transcription, translation, annotation, and
notation of metadata. The fourth stage is archiving. In this step, archival objects are
created, including assigning access and usage rights. The last stage is mobilisation,

whereby the materials created are published and distributed.

This thesis fits within the third stage: analysis. Given the high resource cost of lin-
guistic transcription and glossing, a common consequence is a silo of resources, with
most recordings shelved without accompanying transcription, annotated materials or
translations (Lehmann, 2001; Himmelmann et al., 2006; Evans and Hans-Jurgen Sasse,
2007). This process has been described as a ‘bottleneck” in the literature through its
various stages. Cavar et al. (2016) estimate transcription to take up to 50-100 times
the real-time audio/video. Another study by Durantin et al. (2017) finds a ratio of
40:1 minutes of transcription time to real-time (recording time) and the average time
spent by a linguist transcribing per year as 152 hours. As Himmelmann (2018) puts it,

‘It is only a minor exaggeration to say that language documentation is all about transcription’.

To address the transcription stage of the analysis bottleneck (i.e., transforming an
acoustic signal such as speech-to-orthographic text or speech-to-text for short), pro-
jects like Elpis (Orthographic) (Foley et al., 2018) and Persephone (Phonemic) (Adams
et al., 2018) have been developed. The main concern for Elpis is in making the pro-
gram usable by documenters with minimal computational experience. The pipeline
entails a KALDI-based automatic speech recognition system with a user-friendly
web-based graphical interface. The goal of Elpis is not complete annotation, which
is infeasible with low amounts of data, but instead, a stepping stone that aids field-
workers to alleviate the transcription bottleneck by speeding up the process through
first-pass suggestions and recognition of recurrent sound units. Persephone also

focuses on the language documentation context, with a particular focus on tonal
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languages.

Beyond transcription, Evans and Hans-Jurgen Sasse (2007) note the importance
of meaning, particularly the role of translation, for language archives. They de-
scribe various subpar outcomes ranging from incorrect translations to the worst-case
scenario where high-quality recordings of a language are preserved without any
translation. To even contemplate whole sentence or utterance translation — the sub-
sequent step after transcription according to the process laid out by Austin (2005) —

without any morphological analysis would be premature.

T S
00:01:48.500

00:01:48.500
nowabtan

transcription@ngn

n-owab-ta-n

morph segment

M:a-talk-nd:ipfv-ipfv.basic:1sg.

gloss

| am talking

translation@en

Figure 1.1: Example of an Interlinear glossed text (IGT) in ELAN for Nen. From top
to bottom the tiers correspond to a direct transcription of the audio file, a segmented
break-down, morphological gloss and an English translation.

Computational models built for translation (machine translation) that utilise neural
network architecture are typically trained on parallel corpora’. These datasets are
comprised of sentence pairs of the two languages studied (incidentally, these correlate
to the transcription and translation tier shown in 1.1). An example pair might be the
English “He wrote a letter to a friend’ and the Japanese ‘tomodachi ni tegami-o kaita’ ®.
To help reduce sparsity encountered in corpora for low-resource languages’ studies

have found benefits to leveraging linguistic annotation. For example, Sennrich and

To address the short supply of parallel corpora, leveraging monolingual data for translation
systems is an active area of research (Haddow et al., 2022).

8Example adapted from Jurafsky and Martin (2009).

9Tt is difficult to define what makes a language low-resource. ‘Resourced-ness’ is a continuum, as
such any criterion must be arbitrary. It also largely varies with the task in consideration.
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Haddow (2016) describes model accuracy improvement when incorporating mor-
phological features, part-of-speech tags, and syntactic dependency labels. Haddow
et al. (2022) provides a more general overview of the types of linguistic information

utilised to improve translation systems.

For a fully automated pipeline for Austin’s stage three, it is possible to conceive of a
pipeline using a form of automatic speech recognition for transcription (Elpis, for
example), followed by morphological analysis wherein a lexical root and feature
values (e.g. speak:PRES.IMPF:1sgSubj) which is then used to generate translations

(e.g. ‘I speak’, ‘I am speaking’).

After the transcription stage, the order of this pipeline is open to debate. It is plausible
to build machine translation models to produce the translation from the transcription,
followed by morphological analysis of the machine-generated translation. However,
in the case of a language actively undergoing documentation, coupled with the
benefits of linguistic annotation to machine translation, the sequence of transcription,
glossing and translation is preferable. Therefore, the work presented here focuses on

the annotation stage and, more specifically, morphological glossing.

Similar to transcription, manual production of Inter-linearlised glossed text (IGT)
takes time and requires linguistic expertise. An idealised'’ depiction of an IGT
is shown in 1.1. Minimally, an IGT has the transcription, gloss (i.e. some level of
linguistic analysis) and translation tier. Although no estimation for time requirements
is currently known (presumably due to the variability across languages), the high cost
is well noted. IGTs are essential for linguists, creating language learning materials,

other cultural materials and archives, and valuable for many NLP tasks.

Morphological parsing and interlinear glossing are essential for linguists to analyse
and document language. Often linguists enlist the use of software tools such as

ELAN, Praat and FLeX (Sloetjes and Wittenburg, 2008; Boersma and Weenink, 2018;

19The level of detail varies widely depending on the language and the preferences of the lin-
guist/data administrator.
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Black and Simons, 2006). These tools range from allowing tier-like structures for
annotation (transcription, translation or otherwise), formant and tone analysis, and
building a lexicon or basic corpus statistics. The focus of these tools is to be as user-
friendly to linguists as possible, which often comes at the price of being heavyweight,
rigid, and unfriendly NLP researchers. Although they prove helpful in the initial
documentation process, as the corpus grows, so do the research questions and the
types of analyses needed. Given the diverse application of this software, it is no sur-
prise that they could be better at addressing a particular stage of the documentation
pipeline. Additionally, they rely heavily on software maintenance which can mean a
short lifecycle when distributors are susceptible to funding and time restraints. This
can create issues with version control. Migrating data from one platform to another

can tie up a lot of researcher time. One such example is FLeX and its predecessors

Shoebox/Toolbox.

Both ELAN and FLeX can be used for automatic morpheme segmentation and
glossing. To utilise such parsing facility, both software require hand implementation
of morphological rules. The main drawback to relying on either program for mor-
phological analysis is the lack of predictive power. While FLeX provides a form of
scalability by copying the pre-defined segment and glosses, it is vastly limited as it

requires the word forms to be identical (Moeller, 2021).

Prior studies have explored automating the task of morphological analysis with
computational methods. Snoek et al. (2014) use a rule-based approach (Finite-State
Transducers) to obtain glosses for Plains Cree, an Algonquian language. Samardzi¢
et al. (2015) explore automatic IGT glossing for Chintang, a polysynthetic Kiranti
language of Nepal. This approach divides the task into two stages: grammatical and
lexical glossing. Grammatical glossing is treated as a part-of-speech tagging task,
handled by a supervised learning approach, and the lexical glossing is generated
using a dictionary. Supervised machine learning requires a set of input observations

and the associated outcome (a ‘supervision signal’), from which the algorithm learns
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how to map from input to output.

Works by Moeller and Hulden (2018), Anastasopoulos et al. (2018) and Zhao et al.
(2020) have formulated the problem as a supervised tagging task and used sequence
models ! Moeller and Hulden (2018) consider Lezgian (Nakh-Daghestanian family)
for automatic IGT gloss generation. They present a study that compares several meth-
ods: conditional random field (CRF) (a sequence classifier that is context aware by
calculating conditional probabilities)'?, CRF combined with support vector machines
(SVM)(a type of supervised learning which can be used for both classification and
regression) and an LSTM-based (Long Short-Term Memory)'® sequence-to-sequence
neural network. The best results are obtained with a CRF model that leverages POS
tags. Barriga Martinez et al. (2021) details the development of models for automatic
IGT glossing for Otomi, an Oto-Manguean language. The model morphologically
segments each word and provides glosses for each segment. Similar to Moeller and
Hulden (2018), Barriga Martinez et al. (2021) compares several sequence models,

namely CRF, Hidden Markov Models (HMMs)'# and two recurrent neural networks

(RNN)'® architectures. Again, they found that the CRFs had the best performance.

In Anastasopoulos et al. (2018), they make use of neural network'® based models
with dual sources (Griko and Italian). In a similar vein, McMillan-Major (2020)
exploit parallel information (morphologically segmented source language phrase
and its English translation) in gloss generation for Abui (Alor-Pantar), Chintang

(Kiranti), and Matsigenka (Arawakan). Zhao et al. (2020) furthers this approach by

HThis describes a set of models whose input have sequential dependence, as is observed in language.
By extension, sequence-to-sequence (seq2seq) models further specify the output as sequential as well.

12See Chapter 8 in Jurafsky and Martin (2009) for more details.

13A type of recurrent neural network (RNN) capable of learning long-distance dependency in
sequence prediction problems. See Yu et al. (2019) for overview or Chapter 9 in Jurafsky and Martin
(2009) for an introduction.

14A Hidden Markov Model is a probabilistic model used to describe a sequence of observed data
from a sequence of hidden states. It is often used when the underlying system or process that generates
the observations is unknown.

15Any network that contains a recurrent unit within its network nodes. In order words, information
travels in loops from layer to layer so that the model’s state is influenced by its previous state.

16See section 1.2.2 for more details.
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enlisting cross-lingual transfer and an output length control mechanism for Arapaho

(Algonquian), Lezgi (Nakh-Daghestanian) and Tsez(Nakh-Daghestanian).

Another approach to the task of IGT generation is enlisting an Active Learning (AL)
framework. AL entails training a model with annotated data (i. e. supervised). At
test time, the model is asked to generate labels, which are corrected /verified by
human annotators. The corrections are incorporated back into the model for another
round of training. In their studies, Palmer (2009), Baldridge and Palmer (2009) and
Palmer et al. (2010) implement such a system for the Mayan language Uspanteko.
The authors train a maximum entropy classifier to predict a gloss given a morpheme
and a context window of two morphemes before and after the morpheme in question.
Baldridge and Palmer (2009) note the importance of annotator expertise. They
simulate two levels of annotator expertise; the expert is a native speaker of K‘ichee’,
a closely related Mayan language, and has worked extensively on Uspanteko. The
non-expert had no prior experience with Uspanteko and only limited exposure to
Mayan languages. The annotation process was more efficient and accurate, with
forms selected based on model uncertainty for the expert annotator. In contrast, the
non-expert annotator glossed more accurately when presented with random IGT

rather than the most uncertain.

The main research questions addressed in this transdisciplinary PhD thesis are as
follows: (1) how can existing computational methods be leveraged to aid language
documentation and description, (2) are there differences between linguistically and
computationally motivated modelling choices, (3) how to quantify the amount of
data needed to capture all possible features for a subdomain of language, specifically,
verbal morphology using the defined inflectional dimensions set out by existing

description, and (4) can computational models help prioritise data collection.

This thesis uses the verbal morphology of the Nen language of Southern New Guinea
as a case study to answer some of these questions. An outline of Nen’s verbal

morphology is given in section 1.1. The focus on Nen as a case study is two-fold.
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First, in examining the effectiveness of computational methods, there is nothing more
realistic than a natural low-resource language subject to ongoing documentation.
Second, the morphological complexity of this language sheds light on the modelling

of linguistic phenomena and the further deconvolution of mapping complexity.

This thesis presents tools for modelling Nen verbal morphology in a pedagogical
manner. First, a FST is compiled as detailed in Chapter 2. In Chapter 3, the application
of two neural network architectures is described. The concerns and considerations
are evaluated through a documentary lens for each methodology. For example, the
kind of information or data needed, the level of detail necessary, and the quantity
required to make these tools feasible and valuable. Chapter 4 explores using model
performance to evaluate the comprehensiveness of a corpus, from which a prediction
of data quantity for complete coverage can be obtained; one corollary is a more
refined analysis of the statistical distribution for each slot of the paradigm and the
corresponding model performance, with these results showing that not all slots are
equal in data demands. Chapter 5 details the use of active learning to prioritise data

collection and labelling. Lastly, Chapter 6 summarises and concludes the thesis.

The contributions of this thesis can be dichotomised into resource building and
theoretical. From an application perspective, several computational resources were
developed to aid in glossing the Nen corpus, and several form uncertainties in
description or data were discovered. From a theoretic perspective, a new metric to
measure corpus completeness is proposed, and a model-conscious method for data

collection can be integrated into the workflow of the documentation process.
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1.1 A sketch of Nen verbal Morphology

Nen is a language of the Morehead-Yam Family of Southern New Guinea. It is
spoken in the village of Bimadbn, by approximately 300 people. Most inhabitants
are multilingual, typically speaking several of the neighbouring languages. This
chapter is synthesized based on description and literature by Nicholas Evans (Evans,
2012; Evans, 2014; Evans, 2015; Evans, 2016; Evans, 2017; Evans, 2019b; Evans, 2020;
Evans, n.d.).The orthography for Nen used in this thesis follows that set out by Evans
and Miller (2016) (see Table A.2 and A.3). Nen is actively being documented. The
information presented here is the most current but is subject to being updated; where

the description is partial or limited, it is explicitly noted.

The Nen corpus is made of approximately 8 hours of spoken text or over 30,000
words that were recorded in the field with native speakers. A selection of this corpus
is available through the PARADISEC archives. This is filtered to over 6,000 verb
instances representing 2,282 forms. The full breakdown of the data used for a majority

of this thesis is given in figure 1.2.

Number of Words
30,000+ O Derived from recordings
that have been transcribed

Verb Tokens

6,000+ Verbs from spoken corpus
that have been glossed

Inflected forms

Sk Distinctive verb forms
Number of lexemes
274 Number of unique verb lexemes

Figure 1.2: The statistics of the current available Nen corpus.

The Nen language showcases complex verbal morphology. In fact, verbs are mor-
phologically, the most complicated word-class in Nen (Evans, 2016). Despite the

complexity observed, they are often regular. Figure 1.3 outlines the structure of the


https://catalog.paradisec.org.au/collections/CCC1/items/Nen
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verb for Nen. Verbs inflect for up to two arguments, mark person, number, and a
plethora of TAM categories (a more detailed account to follow), as well as direction.
Broadly, the Nen verb is made up of prefixes, stem and, suffixes. More specifically,

these affixes can be broken down as shown in the verb template in 1.3.

Nen Verb
/ Prefixes " Stem Y Suffix )
(@)
=) — —~
R 2
=) = @
S E a = a <4
218 |5 =S £ || B
= || B o' |l e o

e lg||lB o || S £ || B
- B || 8 b= B ||
=g S a3
+ z Z E
3 © *
z

L

Figure 1.3: A template for the structure of Nen verbs. U(pers/num) refers to the under-
goer person/number. M notes the middle verb prefix. TAM refers to the tense, aspect
and mood grammatical values available in Nen. AT denotes aspect/tense, num? refers to
the marking of the actor as dual or non-dual, and finally A(pers/num) is shorthand for
actor person/number.

In the Nen literature, the obligatory argument indexed by the prefix is referred to
as the undergoer and the argument marked by the suffix as the agent. It should be
noted that, in using this non-standard use of terminology, the prefix can take a wide
range of thematic roles including objects of transitive verbs and indirect objects of

ditransitive verbs 7 (Evans, 2016).

Within the prefixal site, the undergoer person/number and tense, aspect and mood
(TAM) is marked '®, followed by a directional prefix (marking the action as either

towards or away, discussed further in Section 1.1.3). This can be viewed as an

171t is important to note the distinction between valency and transitivity. Valency refers to the
number of arguments the verb can take in addition to direct objects. While transitivity describes
whether a verb can take objects and if so, how many. Prefixing verbs and middle verbs are monovalent.
Transitive verbs can be divalent or trivalent (e.g., rims ‘to give’) depending on the lexeme.

8Note that this also includes a dummy variable which marks the verb as a middle verb, effectively
reducing its valency.
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optional prefix or obligatory with a zero-morpheme utilised for an absent directional
semantic. When the future imperative semantic is expressed, the appropriate future
imperative prefix (marking the actor as either singular {-ang-} or non-singular {-and-/)
must be present. In a similar vein, this can be viewed as optional or indeed encoded

with a zero-morpheme when this TAM category is not expressed.

The stem of the Nen verb is comprised of a diathetic prefix and the root. The dia-
thetic prefix encodes various valency alternations (Evans, 2015; Evans, n.d.). These
alternations can broadly be split into valency increasing operations (such as caus-
ative'’and benefactive’’, and valency reducing operations (reflexive/reciprocal’!,
autobenefactive??, decausative®’). The valency-increasing prefix is a w-initial, while

the valency decreasing prefixes are vowel initial.

Employs both prefixes and suffixes Only uses prefixes to mark person,
limited set of TAM categories

Transitive

_ m Copula Positional
Maximal case (up to Prefixal slot is

1,740 forms for ane restricted Forms 3 verbs, Around 40 ‘positionals’,
stem) be/come/go with use of ~ with meanings like ‘be
ventative & andative sitting’ and ‘be stuck in a
prefix tree-fork’

Figure 1.4: A categorisation of verb types in Nen.

9These constructions denote the meaning ‘cause (motion/ trajectory) through sustained contact’.
For example, the pair: armbs ‘ascend’, warmbs ‘take /bring up, cause to ascend’.

20These structures carry the “for the benefit of” semantics. For example, bens ‘feed’, wabens ‘feed,
fatten up (e.g. a pig) for (some future recipient)’.

21Structures where each of the participants occupies both the role of agent and patient with respect
to the other. An example from Nen is the pair: wakaes ‘see” and awakaes ‘see each other/oneself .

22This describes verbs meaning ‘for one’s own benefit, on one’s own account’. For example, weres
‘listen to’, oweres ‘listen carefully, concentrate on, tune in, attend to’.

23These constructions note activity that occurs without overt agent involvement. For example, nps
‘cut’, efips ‘get cut’.
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The suffix can be further split into the thematic and desinence (See tables 1.5 and
1.6 for paradigm details. The thematic suffix partially marks the tense, aspect, and
number (as either dual or non-dual). The desinence notes the actor person/number

and TAM.

The mechanism which powers the complexity observed in Nen verbs is described
as distributed exponence by Carroll (2016). Distributed exponence is a kind of
multiple exponence?. Distributed exponence involves the use of more than one
morphological segment to convey meaning. It requires all relevant morphs to col-
lectively produce a precise interpretation of the feature value in question Carroll
(2016) and Harris (2017). The Nen verbal system distributes information across mul-
tiple morphological segments, where the prefixes and suffixes are not independent
values. As Evans (2016) puts it affixes ‘[need] to be unified into what are in effect cir-

cumfixal paradigms before inflectional values are known’. Consider the following example:

n-n-and-armb-ta-ng
M:a-VEN-FUT.IMP-Nsg-ascend-Ndu:IPFV-NSG.IPFV.IMP

“You | they (>2) climb up later! (in the future, said to a group of people)’

In the example above, to resolve the person/number of the actor, one must narrow
options by collecting information from the future imperative prefix, the thematic
and desinence suffix. The future imperative marker (discussed further in section
1.1.3) marks the actor as non-singular. Further along the verb, the thematic marks the
actor as non-dual (at this point, given the single, dual or plural number distinction
in Nen, it is possible to deduce the actor as plural). Finally, the desinence marks the
agent as either singular or non-singular (non-singular in this instance). Combining
information across all three sites of information, it is possible to mark the actor as

plural. The prefix {n-} serves as a place-holder variable, marking the verb as a middle

24First introduced as extended exponence by Mathews (1974).
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Series
Person/Number o B 08
1sg w- q- g-
2sg n- kn- gn-
3sg y-/D t- d-
Insg yn- tn- dn-

213nsg yéa-/ya-/e-/i- ta-/ta-/te-/ti- da-/da-/de-/di-

Middle n- k- g-

Table 1.1: Undergoer prefixes, adapted from Evans (2016). The available feature values
are contrasted across person/number (noted along the rows) and the dummy variables
«, B and 7. These variables are place holders and do not correspond to specific semantic
values until they unified with other TAM (Tense, Aspect, and Mood) markings on the
verb. The slash notes possible allomorphs.

Imperfective (IPFV) Neutral (NEUT) Perfective (PFV)
Series Imperative Basic Remote Primordial Preterite Irrealis Imperative Future Past
Future Non-PreHodiernal, Customary Accomplished
« - Primordial (PRIM) Preterite (PRET) - -
Imperative (FIMP) today past (NPHD) /Habitual Past (PIRR) Past Action (PST)
P Immediate Yesterday Immediate Unexpected
3 - - - - -
Imperative (IMP) Past (YPST) Imperative (IMP) Past Action (UPST)*
Mediated Remote Unrealised Perfective
v - Hope (HP)* - -
Imperative (MIMP) Past (RMPST) Action (UA)* Future (FUT)

Table 1.2: Combinations of prefix and suffix series and their meanings. * notes that the
TAM category is extremely rare in corpus. Adapted from Evans (2016).

verb (see section 1.1.2). It also marks the verb as a member of the a series. Together
with the desinence (and in this case the presence of the future imperative prefix), the

TAM feature can be obtained.

While the suffixal system can vary across verb type, the prefix system is shared
across verb types. Accordingly, the prefixing system is discussed before delving
into the specifics of each verb type listed in 1.4. Table 1.1 shows the undergoer
prefixes available in Nen. The undergoer prefixes are divided into arbitrarily labelled
series a, B and <y, which do not correspond to specific semantic values until they
are considered with other TAM markings on the verb. See table 1.2 for full TAM
resolution after cross-referencing with series values. Possible allomorphs are also

reported where observed.
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In Nen, there are a number of morphophonological alternations observed at the
boundary between verb roots and their affixes. For example, when some verbs
whose stem ends in final r interact with the non-dual imperfective suffix {-ta} the
expected sequence rta is reduced to na. Consider the verb esers ‘to descend’, when
inflected for the first person-singular basic imperfective (‘'IPFV.BASIC:1sgA’) is nesnan
‘I descend’ (Evans, 2016; Evans, n.d.). This behaviour only affects a subset of verbs
with stem final r, one notably example which does not exhibit this behaviour is the

verb waprs ‘to make’.

Another alternation observed is vowel harmony. One place this is observed is in
some forms of the neutral preterite (Evans, 2016; Evans, n.d.). For example, when the
transitive verb wngis ‘to stand up’ is inflected for 2 | 3sgA:NEUT.PRET", the observed
form is yngiwi, instead of yngiwe. Degemination is also observed. For example, when
a stem final t is combined with the {-ta} suffix the predicted double t sequence is
reduced to a single t, waets ‘say, tell’ forms yaetan rather than yaettan for ‘I say’. The
morphophonological variations listed here are by no means exhaustive, others have
also been observed. Those presented here are a subset which are straightforward
and well-attested. Given the on-going documentation effort, this is an active area of

research.

1.1.1 Prefixing Verbs

Prefixing verbs are the smaller set of verbs. Their inflection features are a subset of
those available to ambifixing verbs. Specifically, the set of TAM categories available
for these verbs exclude the perfective, preterite or irrealis categories (Evans, 2016).
Prefixing verbs include the copula m(n) (non-dual) ren (dual) ‘be’, the come/go
meanings derived by employing the directional prefixes with the copula, tan(non-

dual)/wen(dual) ‘to walk” and, approximately 40 “positionals’ (discussed further
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imminently). With the exception of ‘come/go’?’, these verbs lack infinitives.

Copula Verbs
Tense
Person/Number | Future Imperative | Nonpast Near past | Primordial | Far past
1sg wm qm wnzrman | gnzron
2sg nam, gnm nm knm gnnzron
3sg ym ~ ymn tm ~ tmn ynzrman | dnzron
1pl ynm tnm dnnzron
213pl yawam ydm ~ yadmn | tdm ~ tdmn dénzron
1du ynren tnren dnron ~ danrwon
213du yawaren yaren téaren ydrman darwon ~ darwon
1pl+
213pl+ yawamn yngm, ydmn | tngm, timn dngnzron

Table 1.3: Nen copula paradigm adapted from Evans (n.d.). From the ‘come/go’
paradigms primordial forms can be predicted but elicitation of these forms have been
unsuccessful so far.

The copula, ‘be’, paradigm is shown in table 1.3. The ‘come/go” paradigms are built

using the copula with the addition of directional prefixes, which will be discussed in

section 1.1.3.

Positional Verbs

Evans (2014) defines positional verbs as verbs that denote posture (e.g. ‘sit” and

‘stand’) or spatial position in relation to some frame of reference (e.g. ‘be up high’

and ‘be in a tree-fork”). So far 40 verbs of this kind have been documented. Verbs

of this class have special stative suffixes -ngr for non-dual and -aran for dual. As is

A suppletive infinitive yls and a special suppletive stem ewelmiin for large plurals.
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Number

Tense Person | Sg Pl Du Pl+

1 w-V-ngr yn-V-ngr yn-V-aran | w-V-aran
Non-prehodiernal 2 n-V-ngr yaw-V-ngr yaw-V-aran | y-V-aran

3 y-V-ngr yaw-V-ngr yaw-V-aran | y-V-aran

1 q-V-ngr tn-V-ngr tn-V-aran g-V-aran
Near past 2 kn-V-ngr | taw-V-ngr taw-V-aran | t-V-aran

3 t-V-ngr taw-V-ngr taw-V-aran | t-V-aran

1 g-V-ngron |dn-V-ngron |dn-V-aron | g-V-aron
Remote 2 gn-V-ngron | daw-V-ngron | daw-V-aron | dn-V-aron

3 d-V-ngron | d-V-ngron daw-V-aron | d-V-aron
Future 2 nang-V-ngr | yong-V-ngr | yong-V-aran | yang-V-aran
Imperative 3 yang-V-ngr | yong-V-ngr | yong-V-aran | yang-V-aran

Table 1.4: Positional Verb paradigm, with V representing the verb root, adapted from
Evans (2014)

characteristic of prefixing verbs, positional verbs do not have infinitives and cannot

form present imperatives°.

Table 1.4 shows a generalised paradigm for a positional verb in Nen. V represents a
positional verb stem. For example, the first-person plural undergoer of the remote-
past TAM category ‘(1plU:RMPST)’ for aki ‘to stand’ is dnakingron. See Evans (2014)

for a list of positional verbs.

1.1.2 Ambifixing Verbs

Middle and transitive verbs share the same TAM paradigm. Infinitives of ambifixing

verbs can be identified by the form final -s. Tables 1.5 and 1.6 show the available

26Distinct from the future imperative, which expresses an imperative to be carried out in the future.
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features and their corresponding forms. As in figure 1.3 the thematic needs to be
combined with the desinence. For example, to encode neurtal preterite first-person

actor, the non-dual thematic -we- needs to be concatenated with the desinence -n.

Imperfective Neutral Perfective

Imperative Basic Remote Primordial Preterite Irrealis Imperative Future Past

Non-Dual ta ta taw tama we nganz (%] ng nd

Dual e (%) (%) anz anz anz a a a

Table 1.5: Canonical forms of thematics across all TAM categories. Adapted from Evans
(2016).

Imperfective Neutral Perfective

Imperative Basic Remote Primordial Preterite Irrealis Imperative Future Past

1sg n n n n n n n
Insg m m m m m m m
2sg %) #e e nga %) %) %) %)

3sg #e e nga @) ) a a
213pl ng t t nd nd t ng @ t
213du ng t t t t t nd nd nd
213>du e ng ng ng ng ng e e e

Table 1.6: Canonical forms of desinence across all TAM and person/number categories.
Note that # means displacing previous vowel, and « means displacing previous Vw
sequence. Adapted from Evans (2016).

Middle Verbs

Middle verbs differ from transitive verbs in valency (Evans, 2015). Another feature of
middle verbs is that the stem begins with a vowel. In addition to the diathetic prefix
marking the stem as a middle verb, the middle verb is recognisable through the use
of a placeholder prefix with no semantic meaning other than to mark the inflection

series as «, f and 7y and the verb in consideration as a middle verb.
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Let us consider the inflected middle verb nowabtan ‘I am talking’. The first step in
analysing this verb is deciding whether it is a transitive or middle verb. Based on the
wordform only (i.e., no contextual pronoun such as ynd ‘I’), the prefix {n-} could be
2sg:a” or ‘M:a’. The more revealing component in identifying a middle verb is the
stem. A basic strip of affixes yields owab. To form the the infinitive a word-final s is
added, owabs*’. The verb owabs is described as a middle verb meaning ‘to speak’ in
Evans (2019a). So this verb can be segmented as n-owab-ta-n. Table 1.1 indicates that
the prefix {n-} marking it as M:x. Using information from tables 1.5 and 1.6, it can be
deduced that the suffix -tan encodes ‘IPDV:ND-1sgA’ or first-person singular actor,

imperfective non-prehodiernal (the basic imperfective for the a series). All together:

n-owab-ta-n
M:a-talk-ND:IPFV-1sgA

‘T am talking’

Transitive Verbs

Extension to transitive from middle verbs is a simple step. Where a limited set of
undergoer prefixes are at the disposal of middle verbs, transitive verbs have the full
paradigm shown in table 1.1 available (barring the middle prefixes, shown on the last

row). Transitive verb utilizes both prefixes and suffixes to mark person and number.

For example, consider takatang ‘(You pl.) look at him /her!”. Again the first step is to
identify the stem. Stripping affixes leaves aka. Immediately, the prefix prefix {t-} can
be mapped to the feature value of ‘3sgU.B’. A dictionary search returns aka yields
a long list of possibilities. To narrow the search a w may be inserted to explore the
possibility of the stem being transitive. This search (waka) returns a much shorter list

of verbs: awakaes ‘see /look at each other, oneself’, wakaes ‘to see/look at’, wakambos

27 Another verb wabs ‘count’ looks similar but the lack of ‘0" makes it a unlikely stem.
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‘stalk, creep up on” and wakaws “snatch from’. Examining this list, the closest (in edit

distance) verb stems is akaes from wakaes ‘to see/look at’.

An additional piece of information is needed to reach the target form. Evans (n.d.)
describes diphthong-shortening for verbs ending with a diphthong for the non-dual
thematic , the diphthong is still present for the dual. A quick look at the suffix shows
the presence of the non-dual thematic {-fa}. So the diphthong ‘ae” becomes ‘a’. Similar
to the example for the middle verb above, information from tables 1.5 and 1.6 is used
to decode the corresponding feature values for the suffix. The combined suffix -tang
encodes ‘IPFV:ND-IMP.2plA’ or the second-person actor imperfective imperative.

Combined together:

t- aka -ta -ng
3sgU.p- see -IPFV:nd -IMP.2plA
‘(You pl.) look at him/her!’

1.1.3 Extra combinations
Directional

As seen in figure 1.3 a directional prefix is possible following the undergoer prefix.
This can be filled with {-n-} ‘towards’ (ventative), {-ng-} ‘away’ (andative) or left
empty to convey a directionally neutral semantic. The direction is relative to the
speaker. Consider the verb armbs ‘to climb’, when marked for direction the resultant
forms are as follows: n-armb-te ‘(s)he is ascending (neutral)’, n-n-armb-te ‘(s)he is

coming up (towards speaker)’, n-ng-armb-te “s)he is going up (away from speaker)’.

Directional prefixes can combine with a wide range of verbs. Most notable of these is
the copula verb. For example, the copula verb ym ‘(s)he is” can become y-n-m “(s)he is
coming’, y-ng-m ‘(s)he is going’. On the surface, these forms are the exact same form

as the first singular non-past ynm ‘we are’ and the second/third person large plural
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yngm ‘they, many, are’ of the copula. This homophony does give rise to ambiguity

but, is generally resolved based on the surrounding context.

Future Imperative

In addition to normal imperatives, Nen has future imperatives. This type of imper-
ative specifies that an action should be carried out at some later point, and often at
a different location (Evans, n.d.). Future imperatives require an additional prefix,
which follow the directional prefix (as in figure 1.3). When the future imperative
is expressed, the future imperative is marked as either {-and-} for a non-singular or
{-ang} for a singular actor. The future imperative is only possible if the prefix is of the

« class.

1.2 Intra-word Modelling

Unpacking morphology is often an important step in most NLP tasks (Jurafsky and
Martin, 2009; Daniel W. Otter et al., 2021). Before almost any processing of a text,
the text must be normalised. This involves tokenisation (i.e., separating words),
which can easily be identified by white spaces and lemmatisation for most written
languages. Lemmatisation is the process of determining whether two words have the
same root. This is obvious in a case like speak, speaks, speaking (with spoke somewhat
trickier), but much less straightforward in the case of suppletive sets like English am,
is, were and be. The most sophisticated methods for lemmatisation involve complete
morphological parsing of the word. This step is particularly critical for processing

morphologically complex languages.

Rich morphology is more common than one would judge from the computational
literature. According to the World Atlas of Language Structure (WALS) (Haspelmath
etal., 2005), 80% of the world’s languages mark verb tense and 65% mark grammatical

case through morphology (Kirov et al., 2018a).
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Within traditional NLP, computational morphology can be viewed as a pre-processing
step for downstream tasks like machine translation, information retrieval (retrieval
of all information on user information need, for example, any search engine) and
dependency parsing (analysing grammatical structure in a sentence in terms of
dependencies between words). Even in the Transformer era, where entire compon-
ents of the pipeline described above (normalisation, tokenisation, lemmatisation)
is replaced with a Transformer and other non-linguistic sub-word information is
used, such as characters, n-grams or byte pair encodings, high-quality morpholo-
gical processing remains most helpful, especially for morphologically rich languages
(Belinkov et al., 2017; Vania et al., 2018; Dehouck and Denis, 2018; Klein and Tsarfaty,
2020; Park et al., 2021; Nzeyimana and Niyongabo Rubungo, 2022).

Within most fieldwork endeavours, IGTs are considered a gold standard for building
resources as they are often part of the process when constructing reference gram-
mars (for example a corpus analysis of certain morphological feature distributions),
dictionaries (in identifying all unique words), and other language materials (such
as storybooks). Morphological modelling is imperative for IGT generation. The
analysis involves three stages: segmentation of words into minimal meaningful units
(i.e., morphemes), noting the feature values of each morpheme (i.e., glossing) and

translation. The implementation of these tasks is discussed further in Section 1.2.3.

1.2.1 Finite-State Transducers

Despite the initially unsettled uptake of finite-state methods in linguistics, led by
the influential analysis by Chomsky (1956), it later found purpose in describing
subdomains of language. Chomsky (1956) reported on the unsuitability of finite-state
languages for describing natural language syntax (‘no finite-state Markov process...can
serve as an English grammar’. Later Chomsky (1959) proposed that four different
classes of formal grammars existed in a hierarchy (i.e., the Chomsky hierarchy),

including finite-state languages or ‘type 3 grammars’. Works by C. D. Johnson
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(1972) and Kaplan and Kay (1994) (on phonotactics), and Koskenniemi (1983) (on
morphology) demonstrated that certain aspects of natural language are completely
analysable using finite-state methods. While, in principle, morphological rules
can generate words that cannot be expressed with a finite-state grammar, no such
system has been encountered in natural languages (Langendoen, 1981). So, it is no
understatement that the hallmark success of computational morphology has been

the application of finite-state calculus to morphology.

A finite-state automaton is an abstract computational structure comprising an initial
state, transitions, and a set of final states. Pathways from the initial state to some final
state define a set of strings (Hulden, 2022). If an input string can be obtained from a
path between the initial state and some final state of the automaton, then the string is
accepted. If no such path exists, the string is not accepted. A finite-state transducer is
an extension of the automaton. FSTs have the same components as an automaton, but
each transition is labelled with a pair of input/output strings. These additions allow

for both analysis (e.g., sang — sing+PST) and synthesis (e.g., sing+PST — sang).

Since Koskenniemi (1983) combined ideas of sequenced phonological rewrite rules
with two-level morphology and proposed a first computational implementation of
Finnish morphology, finite-state morphologies have been developed for a diverse
group of languages.Prior works include FSTs for agglutinating languages such as
Turkish, Tuvan, and Northern Haida (Coltekin, 2014; Tyers et al., 2016; Lachler et
al., 2018), and polysynthetic languages like Arapahoe, Chukchi, Central Siberian
Yupik and Kunwinjku (Kazeminejad et al., 2017; Andriyanets and Tyers, 2018; Chen
and Schwartz, 2018; Lane and Bird, 2019). The definition of polysynthesis can be
nebulous. Greenberg (1960) defines it as something that has a synthetic index (number
of morphemes) of greater than three. However, this definition does not allow for
distinction between highly agglutinative and polysynthetic morphology. Evans and
Hans-Jiirgen Sasse (2002) refines this definition as ‘a prototypical polysynthetic language

is one in which it is possible, in a single word, to use processes of morphological composition
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to encode information about both the predicate and all its arquments...allowing this word to

serve as a free-standing utterance without reliance on context.’.

Throughout the history of finite-state approaches, multiple libraries have been de-
veloped for ease of implementation (Koskenniemi, 1983; Beesley and Karttunen, 2003;
Hulden, 2009; Lindén et al., 2011). With sufficient linguistic insight and investment
in developing such models, FSTs allow for analysing any well-formed words in a
language. Typically, FST models rely on lexical information, but they can also be used
to analyse complex inflections of word forms, provided the morphophonological
rules built into the model are obeyed. Even out-of-vocabulary words may be mapped

to the closest plausible reading using guessers.

Given their rule-based nature, FSTs have been popular as low-resource languages.
In the low-resource language setting, linguistic insight and unformatted materials
(such as fieldwork journals) can often be exploited to help generate larger datasets.
Moeller et al. (2018) describes using Finite-State methods to produce labelled data
for training neural networks. Another study by Beemer et al. (2020) explores the
differences between FSTs and neural approaches. In this study, the authors detail the
rapid development of 25 grammars for the 2020 SIGMORPHON (Vylomova et al.,
2020) shared task for morphological inflection. Most notably, they found that FSTs
were only able to outdo the neural counterparts when complex linguistic patterns

were observed (such as various inflection classes) and with substantial effort.

1.2.2 Deep Neural Networks

Since the early 1980s, many machine learning techniques have been applied to NLP.

These include naive Bayeszs, k-nearest neighbourszg, HMMs, CRFs, decision trees,

2 A supervised machine learning algorithm, which is used for classification tasks. It applies Bayes
theorem.

A supervised machine learning method, which uses proximity to make predictions about the
grouping of an individual data point.
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random forests®’, and SVMs (Daniel W Otter et al., 2020). By the end of 2010s, neural
networks transformed NLP, enhancing or even replacing earlier techniques (LeCun

et al., 2015).

Neural networks®! remove the need for incorporating detailed knowledge of the
specific context by optimising the mapping between input/output pairs. As a con-
sequence, a large amount of training data is required (Gorman and Sproat, 2016). In
traditional NLP, features were often hand-crafted, incomplete, and time-consuming
to create. NNs can learn multilevel features automatically and have been shown to

yield superior results (Young et al., 2018).

To perform higher-level tasks such as translation, text summarisation®” or text gener-
ation®, understanding of the underlying language is required. This understanding
can be broken down into at least four main stages: language modelling, morphology,
syntax parsing, and semantics.Computational linguistics has been utilising neural
models for various problem sets within these areas. For example, learning supervised
morphological inflection (Faruqui et al., 2016; Kann and Schiitze, 2016; Makarov and
Clematide, 2018b; Aharoni and Goldberg, 2017) and semantic embeddings34(Mikolov
et al., 2013; Pennington et al., 2014) 35 Most current sequence-to-sequence archi-
tectures are based on encoder-decoder models (Sutskever et al., 2014), and usually
contain an attention component (Bahdanau et al., 2015; Luong et al., 2015). Encoder-
decoder architectures involves a two-stage process. First, the encoder network creates
a contextualised, abstract representation from an input sequence. Later, this abstract

representation is passed to a decoder network to produce an output that matches

30 Another machine learning algorithm, used for both classification and regression, which combines
the output of multiple decision trees to reach a single result.

31Often used interchangeably with deep neural networks. Modern neural networks are often deep
(i.e., have many layers).

32The task of generating a shorter version of a document while preserving its content. See Lloret
and Palomar (2012) for a detailed overview.

3The task of producing new text, with the goal of imitating human language patterns. See Celikyil-
maz et al. (2020) and Igbal and Qureshi (2022) for survey of task.

34 A vector representation of a word, where this vector encodes the meaning of the word in such a
way that words that are closer in the vector space are expected to be similar in meaning.

35Gee De Mulder et al. (2015) for an overview on Language modelling
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the desired format/task. These properties render encoder-decoder models capable
of generating contextually-aware and length-variable output sequences from input
sequences (such as sentences for machine translation). These architectures face dif-
ficulties with long sequences as the information from the beginning of the input
sequence is diluted as the subsequent segments are processed. Inspired by cognitive
attention, the attention component was propose as a solution to this problem. This

mechanism allows for significant parts of the input sequence to be prioritised ™.

To address the increasing concern of diverse linguistic representation, highly multi-
lingual corpora such as UniversalDependencies (Nivre et al., 2016) and UniMorph
(Sylak-Glassman et al., 2015; Batsuren et al., 2022b) have recently been introduced.
SIGMORPHON organised a number of shared tasks on morphological reinflection
starting from 10 languages in 2016 (Cotterell et al., 2016) and up to 90 languages
in 2020 (Vylomova et al., 2020). In 2020, languages were sampled from various
typologically diverse families: Indo-European, Oto-Manguean, Tungusic, Turkic,
Niger-Congo, Bantu, and others. To date, only two Australian Aboriginal languages
Murrinh-patha (Vylomova et al., 2020) and Kunwinjku (Pimentel et al., 2021) have
ever been included in the shared task, and one Papuan language — Eibela (Pimentel
et al., 2021). Eibela comes from the large Trans-New Guinea family and is entirely

unrelated to, and typologically very different from Nen.

The neural network approaches adopted in this thesis are supervised approaches.
In other words, a labelled dataset is used to supervise or guide the model. The
primary reason for this is that the intention is to integrate computational methods
with existing documentary efforts and analytical choices. Accordingly, the existence
of a reasonably stable morphological analysis is assumed. The extent of ‘reasonable’

may be interpreted generously; mainly, data full of contradictory or nonconforming

examples is to be avoided. Nevertheless, the description may be evolving.

36See https:/ /zhanghanduo.github.io/post/attention/ for a friendly introduction for sequence-to-
sequence models and attention
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1.2.3 Task

Within computational morphology, computational tasks can be categorised into two
major groups: generation and analysis (Liu, 2021) (akin to the bi-directionality of an
FST, allowing for both analysis and synthesis). Within the taxonomy presented by
Liu (2021), segmentation is categorised as analysis, while glossing or tagging can be
either generation or analysis depending on the input/output pairs. For generation,
the input is a stem with morphosyntactic tags. For analysis, an inflected form is

given, which is decomposed into its stem and the relevant morphosyntactic tags.

The first step in analysing a word’s morphology is to establish morpheme bound-
aries. In 2022, one of the SIGMORPHON shared tasks focused on morphological
segmentation (Batsuren et al., 2022a). Previous studies addressing morpheme seg-
mentation approaches utilise unsupervised methods, where the objective is to induct
morphemes (Goldsmith, 2001; Smit et al., 2014; Soricut and Och, 2015; Eskander et al.,
2019; Eskander et al., 2020). Segmenting a word into morphemes involves defining
morphemes. This is most likely achieved in the earlier stages of documenting and
describing a language. In the case of Nen, this description exists (see Section 1.1 for
details), so the experiments presented in this thesis focus on the subsequent stage of

morphological analysis, that is, glossing and generating inflected forms.

The second step of analysis is attributing morphosyntactic values to each segment —
i.e., glossing/tagging. This stage can be conceived as an analysis or generation task
depending on the input/output pairs. The focus of experiments presented here is on
the generation side, or the task for morphological (re-)inflection as defined by the
SIGMORPHON shared tasks (Cotterell et al., 2016; Cotterell et al., 2017; Cotterell
et al.,, 2018; Vylomova et al., 2020; Pimentel et al., 2021; Kodner et al., 2022; Goldman
et al., 2023).

This choice is motivated by several factors. Firstly, the task of generating a full

morphological paradigm based on a lemma allows a linguist or native speaker to
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evaluate the predicted forms® . This task also works as a diagnostic tool; for example,
when the model provides a prediction, and the linguist or native speaker assesses the
prediction as incorrect, is this due to the lemma being an exception, the description
being insufficient or simply a model inadequacy? If either of the first two is correct,
this might suggest further investigation is needed. If the latter option, error analysis
can help identify problem inflection patterns for the model, the kind of data needed
or in some cases detect errors made by human-annotators®. These products of the
inflection task make it a good fit for the objective of aiding morphological description.
Secondly, the wide range of languages considered in the yearly shared task makes for
a good body of literature for comparison. Thirdly, the task design allows for string
transduction (the mapping of one word form into another), making it an ideal task for
sequence-to-sequence models (Nicolai et al., 2015; Rastogi et al., 2016; Nicolai et al.,
2018; Ribeiro et al., 2018; Makarov and Clematide, 2018b; Makarov and Clematide,

2018a; Wu et al., 2018). Lastly, it allows paradigmatic information to be modelled.

In the SIGMORPHON inflection shared task setup, the model is exposed to triplets of
the lemma, morphosyntactic descriptions (MSD)and inflected form at training time.
For example, a triplet for the English verb eat might be (eat, V;PRS;3;SG, eats).
The model is prompted to generate the inflected form with only the lemma and MSD

during testing. Morphological generation can be either type or token-based.

The two most extensive standardised, cross-lingual datasets and schemas for mor-
phological annotation are supplied by the Universal Dependencies (UD) (Nivre et al.,
2016; Nivre et al., 2020; Marneffe et al., 2021) and Universal Morphology (UniMorph)
(Sylak-Glassman, 2016; Kirov et al., 2018b; A. McCarthy et al., 2020; Batsuren et al.,
2022b) projects. Before exploring the differences between these projects, examining
the distinctions between types and tokens is important. Consider the following

quote:

37Eliciting or inflecting for full paradigms is anecdotally more time-consuming than assessing a
provided form as correct or incorrect.
38See 3for target error examples.
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When life gets tough, sometimes all you need is a tree to talk to.

(José Mauro de Vasconcelos — My Sweet Orange Tree)

How many words does the above sentence contain? One way to answer this question
is to count each occurrence of a word®. This is referred to as a token. So, the quote
above has 14 tokens. Another way to answer this question is to tally all unique tokens.
Repeating the word to twice means there are 13 unique tokens or types. Counting
the number of unique dictionary entries each word represents (i.e., headwords) is
also possible (Brezina, 2018). A lemma or citation form is the grammatical form that
is used to represent a lexeme (e.g., trees to tree or went to go), so the quotation above
has 13 lemmas. A lemma with a particular meaning attached to it is referred to as a
lexeme. This distinction arises from the need to distinguish polysemous words. In
the quotation above, the two uses of to are different senses of the word; the first is to
mark the verb talk as an infinitive, and the second as a preposition to indicate the

target or recipient of an action. Thus, this quote has 14 lexemes.

As mentioned above, the task of morphological generation can be implemented
as a type or token-based task. Accordingly, two projects address this distinction.
The UniMorph project details an annotation schema that aims to be cross-lingual
and is a type-based resource. A type-based morphological generation task concerns
generating inflected forms from a lexicon. In other words, the data contains a lemma
in isolation, inflectional values and the corresponding wordform. By contrast, the
UD project is a token-based annotation scheme which considers context — typically
at the sentence level. The dataset is comprised of annotated treebanks*’. Since both

schemata encode similar information, it is possible that both projects may be needed

3The definition of a word can be complicated, even more so in languages such as Chinese, Japanese,
Arabic and Hebrew where word segmentation is notoriously more difficult as there are no explicit
word boundary markers (such as whitespaces) Xue (2003) and Shao et al. (2018). Here, the most basic
definition is used — segments demarcated by whitespace.

40Treebanks are parsed corpora that are annotated for syntactic structure (in the case of UD, these
structures are analysed in terms of dependencies (described from dependency grammar) at the
sentence level.
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at some stage of language description or corpus building. A. McCarthy et al. (2018)

outlines a mapping process from one project to the other.

Current resources available for Nen include 30,000+ words of transcribed text, from
which all verbs have been hand-annotated to form a specialised dataset Muradoglu
(2017). Unfortunately, annotation involving syntactic or semantic parsing is yet to be
done. Taking into account the available data and the aim of aiding morphological
description, the work presented here employs a type-based (i.e., following the schema
of UniMorph) database for Nen and the setup of the SIGMORPHON shared tasks on

inflection.

While the task of (re-)inflection focuses on inflected form generation, more recent
work invites a focus on the production of IGTs directly (Ginn et al., 2023). The
input for this task is the transcription and translation of a text, and the desired
output is the morphological gloss. A linguist might identify and collate inflected
forms encountered in natural speech (or indeed a corpus of IGTs) when describing a
language. This process is formulated as a separate task by Moeller et al. (2020). This

task pertains to the production of complete inflectional paradigm tables from IGTs.

Given that language naturally exhibits a Zipfian distribution (Zipf, 1932; Zipf, 1935),
texts collected in the process of language documentation often need to be supplemen-
ted to create complete a grammar. For example, to describe the noun morphology of
one language, a linguist typically must collect paradigms of these inflection patterns
for a large number of lemmata (Moeller, 2021), in doing so in a targeted way since
they do not naturally occur with significant frequency in language. Zipf’s law*!
describes a mathematical power relation*?, where the measured value (word fre-
quency in Zipf’s notable example) is inversely proportional to its frequency rank. For

example, the second most frequent work in English ‘be” will be half as frequent as

Hor in the author’s own words ‘Principle of Relative Frequency’.

#2Despite the notable dislike of mathematical involvement in linguistics. ‘Let me say here for the sake
of any mathematician who may plan to formulate the ensuing data more exactly, the ability of the highly intense
positive to become the highly intense negative, in my opinion, introduces the devil into the formula in the form

of V/i.’ Page 21 in Zipf (1932).
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the most frequent item ‘the’, and the third most frequent item “to” will be a third as

frequent (James P Blevins et al., 2017).

One way to address this sparsity can be formulated as the paradigm cell filling
problem (PCFP). PCFP has its origins in language acquisition; morphologists have
explored the abstraction process of parts to wholes *>. PCFP, as outlined by James P.
Blevins and J. Blevins (2009), asks how speakers of a language can reliably produce
inflectional forms of most lexemes without ever witnessing those forms. The basis
of this problem is generalisation, how a full paradigm may be constructed from
partial ones. Computational implementations include an encoder-decoder approach
(Silfverberg and Hulden, 2018), and the CoNLL-SIGMORPHON 2017 Shared Task
(Cotterell et al., 2017) where systems were given a lemma and some of its specific
inflected forms and asked to complete the inflectional paradigm by predicting all of
the remaining inflected forms. By extension, the theoretical question of identifying
principal parts and determining the optimal path to generalisation arises. Like
a language learner, a field linguist typically obtains part of the paradigm (either
through elicitation or natural means) for each word. These fragments likely allow for
reconstructing the entire paradigm (Ackerman et al., 2009; Liu and Hulden, 2020).
Another way to address this sparsity** in representation is by artificially curating the

data on which the model is trained, which will be explored further in Chapter 5.

1.3 A data-conscious perspective

Data is an integral component of empirical research. It encapsulates a concrete
way to capture direct and indirect observations to support or challenge a purported
hypothesis. This section discusses the considerations of data and its importance in

both linguistics and computational modelling.

#or the other way around depending on the morphological framework used.
4 Assuming, of course, that low model confidence mostly correlates with rarity. This is explored
further in Chapter 4.
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In linguistics, a major discussion is how data should be collected and collated. The
tield of corpus linguistics, which involves the study of language through a corpus,
exerts a substantial amount of focus on corpus design. Building a corpus is not
merely a task of collecting anything and everything. In the design stage, several
decisions need to be made. These decisions include but are not limited to how
much data is needed to minimally achieve the goal of the project and what kind of
annotation is needed (e.g., should part of speech be marked or is it irrelevant, should

the transcription mark stress) (O’Keeffe and M. McCarthy, 2021).

The broader goal of the research project impacts the decisions described above. For
example, Barth and Schnell (2021) describe three types of corpora: general, language
documentation and research corpus45. The goal of a language documentation project
is to create linguistic descriptions, dictionaries and other non-linguistic tasks (such
as resources for the language community). The corpus of such a project is typically
small, comprised of mostly spoken recordings, linked to primary media and requires
processing/annotation. By contrast, the research corpus (type 3) is created with a
focused research topic in mind. As Biber (1993) describes it, ‘there must be a match

between the language being examined and the type of material being collected’.

1.3.1 Corpus Representativeness

The use of corpus data for linguistic investigation relies on one central assumption,
namely that the corpus is representative of the linguistic phenomenon in question
(Raineri and Debras, 2019). A corpus is a sample of a language or language variety
(i.e. population) (McEnery et al., 2006). Leech (1991) characterises a corpus as repres-
entative of a language variety when findings based on its contents can be generalised
to a larger hypothetical corpus*. Similarly, Biber (1993) defines representativeness as
‘the extent to which a sample includes the full range of variability in a population’; it

is a subset of a population that aims to reflect the characteristics of the larger group.

#5Gee Table 6.1 on page 92 in (Barth and Schnell, 2021) for full characterisation.
46Gee Kruskal and Mosteller (1980) for a historical overview on representative sampling.
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When constructing a corpus, Biber (1993) notes that various factors such as genre,
register, and medium (i.e., spoken or written) must be considered to provide adequate
coverage of alanguage at a given time and domain. A corpus’s overall design encodes
decisions about the types, quantity, and length of texts to include. Each of these
decisions involves a sampling decision (Biber, 1993; Biber et al., 1998). The length of
text and number of texts per variety pertain to the balance of the corpus. That is, the
weighting given to different elements in a corpus. For example, if more legal texts
are included, the distribution of linguistic phenomena in the corpus might be more

representative of legalese rather than linguistic structures found in narrative texts.

Another thread of consideration for balance and representativeness in corpus design
is whether it should be bottom-up or top-to-bottom; in other words, whether texts
should be curated based on internal or external criteria®’. Internal criteria concern the
distribution of words or grammatical features; by contrast, text-external criteria are
based on parameters related to the context of its production, such as its author, the
intended aims of the author or perception by the audience (Sharoff, 2017). Examples
of external criteria are genre and register. McEnery et al. (2006) highlight the circular
nature of using internal criteria as primary metrics for selecting corpus data. One
primary function of a corpus is to study linguistic distributions. If, during the design
phase, the corpus is curated based on internal criteria, any resulting study does
not reflect the natural feature distributions of the language. The corpus has been
skewed by design. Sinclair (1995) suggests text selection based on external criteria
in the initial phase of building a corpus. After which, corpus analysis can guide
the representativeness of the corpus. Biber (1993) suggests that ‘the compilation of a

representative corpus should proceed in a cyclical fashion’.

A fundamental consideration for fieldworkers is providing the best possible account
for a language with limited time and resources. Where should they spend their

resources? Evans (2008) outlines the debate around whether the primary focus for

#7In Biber’s literature, this is referred to as ‘linguistic perspectives’ and ‘situational variability’
respectively.
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capturing language should be expanding the corpus of primary data or developing
a description. The review details two cases to support the supplementation of
unstructured text with elicited probing. The first case presented by Hyman (2007)
centres on tone in a Kuki-Chin language, Thlantlang Lai. The author argues that
elicitation is needed to work through all possible tone combinations. The second
case by Rice (2006) highlights a range of principles uncovered through the use of
elicitation to understand how Slave syntax works. Both cases draw attention to the
fact that even an infinitely large corpus is unlikely to contain all combinations needed
to answer questions about specific phenomena. Often, corpora constructed during

documentation efforts are a combination of both.

The language documentation case is a particular instantiation of the sampling prob-
lem; if the population is still being discovered, how might you even begin to measure
the corpus/sample representativity? In addition to this, Atkins et al. (1992) notes that
even if it were possible to delimit the population in a rigorous way, given resource
limits, finding an inadequately represented feature in the sample would always be
possible. Given the mix of primary data and targeted (often elicited) recordings, how

representative is this of the language studied?

In most language documentation projects, it is important to note that the field re-
cordings, which often directly contribute to the language corpus, are directed by the
heuristics of the linguist doing the fieldwork*®. In a sense, this is another type of
population sampling. The high variability of individual intuition is unavoidable,
given the nature of fieldwork. Leech (1991) describes representativeness in corpus
linguistics as an ‘assumption [which] must be regarded largely as an act of faith’. This is

arguably even more true for language documentation corpora.

Although it is improbable for a small corpus to contain samples from all environ-
ments citep{02010routledge, that should not discredit insights obtained from smaller

corpora. Biber (1990) reports on the relative stability in the occurrence of common

#Direction of research is often guided by a linguist ‘following their nose’.
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linguistic features (such as prepositions, past/present tense and personal pronouns)
across 1,000-word texts obtained from the London-Lund corpora. While this study
focuses on English, it highlights that even a relatively small corpus can sufficiently
represent the language in question, provided the corpus represents the full range of
variation. In the Nen corpus, the attestation of morphosyntactic features is shaped by
the availability of texts and their lengths. A clear example of this is the appearance of
two inflected forms of the transitive verb yis ‘to plant’ in the top 20 most frequent
verbs across the corpus®. This frequency is likely to be boosted by the many coconut
interviews™. Nevertheless, the most frequent verb is the copula verb, occupying half
of the top 20 most frequent verbs. Other verbs include rims "to do/give’, owabs ‘to
speak” and wakaes ‘to see’. All these verbs can be used in more widespread contexts

and are not as limited in the range of us as yis ‘to plant’.

The concept underpinning the Nen yis ‘to plant” spike was first introduced by (Kilgar-
riff, 1997) as the whelk problem. Suppose an English corpus contained a substantial
sample from a book on whelks; the word whelks will appear frequently given the
subject content. In general English (i.e., the population), whelk is not a particularly
common word. The problem arises when a frequency list is calculated from this
corpus; the term whelk will appear to be high frequency. In other words, the sample
is not representative of the population. To counter this, an additional metric -— dis-
persion is introduced. Dispersion accounts for the distribution of words or phrases
throughout the corpus. Various metrics for dispersion exist; for an overview, see
Gries (2008). Considering the growing nature of a language documentation corpus,
iterative corpus analysis to guide representativeness and balance is ideal. It must
also be tempered with the practicalities of fieldwork, for example, working with

what stories exist and what community members wish to share. Adding a more

#The ninth most frequent wordform is yiwin - the yis verb inflected for first person-singular neutral
preterite (NEUT.PRET:1sgA’) and the eighteenth most frequent yiwi, yis inflected for second/third
person-singular neutral preterite (NEUT.PRET:2|3sgA’).

S0These typically involve some biographical questions and questions about coconut trees that belong
to the interviewee. See Evans (2020) for more details.
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comprehensive range of genres and registers remains an ongoing effort for the Nen

corpus.

1.3.2 Data Quantity

As mentioned above, the quantity of data is an important consideration when con-
structing a corpus. Given that one of the goals of language documentation is to
describe the linguistic design space, a further consideration is how to quantify the
amount of data points needed to obtain a complete outline of the system in consid-
eration. For example, Baird et al. (2022) explore the question of how much text is
needed”! to capture the inventory of phonemes®?. The authors count the phoneme

attested when at least one allophone is encountered.

Another example is from morphological paradigm attestation. Muradoglu (2017)
attempts to answer the question of how much data is enough to have full verbal
paradigm attestation for Nen. The study examines the frequency distributions of
Nen verbal paradigms and the coverage of such paradigms (for different verb types)
within a 30,000-word corpus, of which more than 6,000 were verbs. Like English, the
most frequent verb in Nen is the copula ym (‘3sg:NPst” ‘be’), followed by the same
root inflected for different TAM categories (dnzron ‘3sg:farPst’,wm ‘“1sgNPst’, yngm
“2|3pl+:NPst” or "3sg: AND:NPst’ meaning ‘(s)he comes’.). The frequency distributions
reported were Zipfian. Zipt’s law has been shown to hold across various languages
(Piantadosi, 2014) for word frequency and other units of language such as phonemes
(Macklin-Cordes and Round, 2020). This poses a problem for any documentation
project aiming at comprehensive coverage since many of the key items (e.g., some
cells in large paradigms) will only occur very infrequently and hence only occur once

a very large corpus is obtained.

51The authors formulate this as the ‘Himmelman-Bird” problem, which is discussed further in
Chapter 4.
2The smallest unit of sound which distinguishes meaning.
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An example is seen in Nen, where a transitive verb can take up to 1,740 distinct
forms. The calculation of this daunting figure involves summing across the forms
associated with each series («, B and 7). For each series, all possible TAM and
actor(person/number) combinations are counted®. The number obtained is then
multiplied by the possible undergoer prefixes™. Certain combinations are disreg-
arded as they encode semantics which are expressed through different constructions.
For example, a first singular actor acting on a first singular undergoer, this semantic
is expressed by a reflexive form. Finally, this number is multiplied by three for
each direction prefix available (see section 1.1.3). Muradoglu (2017) reports a 3.06%

coverage for rims ‘to do/give’, the most frequent transitive verb.

Given that middle and transitive verbs in Nen share the same actor/TAM inflec-
tional paradigm, it is conceivable that most of the verbal inflection system can be
constructed from either of the prefixing verbs (copula or positionals) and the middle
verb paradigm. When the prefixes from a prefixing verb and the suffixes from the
middle verb are combined, most of the transitive verb paradigm is recovered. The
only additional information needed is the interactional forms (e.g., ‘2|3sg du’ for the
imperfective series, -ng). By taking the minimal set of inflected forms of a lexeme
which allow for all other possible inflections to be deduced (i.e., a principal parts
approach (Finkel and Stump, 2007)), the coverage increase to approximately 95% and

consequently the estimated quantity of data needed is reduced (Muradoglu, 2017).

The answer to the question of the quantity of text/data needed largely depends on
the data sample considered. Baird et al. (2022) considers the ‘North Wind and the
Sun’ texts, while Muradoglu (2017) considers the Nen corpus of approximately 30,000
words made up from naturalistic texts. How can the data required be minimised? For
English, the ‘Rainbow Passage” by Fairbanks (1960) captures all phonemes in the first

four lines. This idea can be formalised as the Kolmogorov complexity (Kolmogorov,

Note the syncretism of several cells. For example, the suffix {-te} encodes the imperfective basic
and remote second and third person singular (i.e., IPFV.BASIC2|3SGA and IPFV.RMPPST:2|3SGA.

%4This is where the calculation for paradigm size differs for middle verbs, as they only have three
prefixes available. See table 1.1.
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1963). Kolmogorov complexity is the shortest computer program (or set of rules)
that produces the desired outcome. Although analytically tantalising in its elegance,
Kolmogorov complexity is impossible to calculate in practice. Instead, pursuits of
optimisation of this kind focus on reducing the required information rather than

reaching the absolute minimum. This process describes compression.

A classic linguistics example includes the grammar of Sanskrit written by Panini.
This work seeks to extract all grammatical regularities rigorously guided by the twin
imperatives of complete coverage and the principle of minimum description length™.
Panini builds semantic sense with each successive rule so that no word or meaning
is repeated in subsequent sentences. Almost every siitra in the Astadhyayi is an
elliptical sentence that borrows meaning from the siitra or stitras above it. In its
entirety, the Astadhyayi consists of just 7,007 words. Suppose the grammar where
fully decompressed; the rule set expands to 40,000 words. Panini achieves a 1/6

compression (or 1/3 bytes) (Goyal et al., 2007; Chandra, n.d.).

Intuitively, a more complex system is more challenging to describe. For example, a
higher-order polynomial requires more data than a linear system to fit a curve (and
thus model the system). The concept of complexity is hard to define and has been an
ongoing discussion among linguists. Ackerman and Malouf (2013) make a distinction
between E(numerative) complexity and I(ntergrative) complexity. E-complexity
identifies the number of morphosyntactic feature categories (i.e., paradigm cells)
available in a language, while I-complexity measures the predictability among word
forms within a language. Other works show a trade-off between the paradigm size
and irregularity: a language’s inflectional paradigms may be either large or highly

irregular, but never both (Cotterell et al., 2019a).

A similar concern on sparsity is noted in computational learning theory>®(Pertsova,

The minimum description length principle states that the best explanation for a set of data is one
that allows the most compression of the data. In other words, the explanation that encodes it in the
shortest possible way. Ideally, this would be equivalent to the Kolmogorov Complexity of Sanskrit.

% An area of research which uses computational modelling to understand further the task of learning
a natural language (i.e., language acquisition).
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2016). Focusing solely on E-complexity, Chan and Yang (2008) shows the relationship
between corpus size, paradigm size and saturation (i.e., how many available forms
are attested in the corpus). It is clear from the results that the more E-complexity
a language has, the larger the corpus needed to capture it. Lignos et al. (2016) also
reports on the data sparsity encountered in child-directed language. With only a small
percentage of possible morphological forms attested in acquisition data, the authors
conclude that the child learner must be able to form wide-ranging generalisations

from partial paradigms.

In machine learning or NLP projects, creating training data is often the most expens-
ive part in terms of cost and time (M. Johnson et al., 2018). As such, predicting the
quantity of training data and its relationship with accuracy is of great importance.

Plotting learning curves®’

is an established practice for investigating these paramet-
ers. The common wisdom for improving accuracy is to acquire more data (Banko and
Brill, 2001). However, this is not always feasible, particularly for under-resourced
languages. M. Johnson et al. (2018) set out to model how accuracy varies as a function
of training size on subsets of data and use that model to predict how much training
data would be required to achieve the desired accuracy. Williamson (2020) suggests
treating data as a process rather than a thing; it encapsulates decisions that should, in
theory, lend themselves to the research question of interest. However, in addressing

the research question and the implications for the data collected /used, how the data

is substantiated must also be considered.

1.3.3 Data Quality

Another important factor to consider is data quality. Data remains susceptible to
errors or noise that may be introduced during the collection, annotation or collation
stage (Gupta et al., 2021). For example, noise in morphological inflection data can

be in the form of incorrect annotations or mixed orthographies (Gorman et al., 2019;

57A learning curve of a machine Learning model shows how the model performance (this metric
could be loss, accuracy, error) changes as the size of the training set increases.
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Moeller et al., 2020). Liu and Hulden (2022) use the Transformer model to identify
annotation errors by artificially generating three categories of errors: typographical
(change of a single character in data), linguistic confusion (two inflected forms are
systematically swapped) and self-adversarial (where the model itself is used to
generate incorrect yet plausible-looking forms). Wiemerslage et al. (2023) investigate
the types of noise encountered in inflection data and the impacts for the task of

unsupervised morphological paradigm completion.

Data quality is among the most commonly cited culprits for poor model performances.
However, the concept of quality is ill-defined °®. What makes a dataset high-quality?
The standard practice for verification involves comparisons to human benchmarks
after the training set has been re-evaluated. Quality can be defined as a high signal-
to-noise ratio, where noise is misinformation or irrelevant information. With this
working definition, high-quality data for the morphological inflection task would
have standardised orthography, little to no mislabelled MSDs and consistent labels

(e.g., no leftover analyses resulting from ongoing documentation).

Data is an essential component of ML. Yet, much of the focus in ML and NLP is on
the specifics of the architecture. Model-centric approaches prioritise state-of-the-art
performances, which can, at times, be marginal and reliant on practices such as fixing
random seeds and selective reporting (Henderson et al., 2018; Lipton and Steinhardt,

2019). Crucially, model results do not necessarily lead to scientific understanding.

In more recent years, there has been a push for data-driven/data-centric practises for
artificial intelligence and ML (Miranda, 2021; Whang et al., 2023)*. Sambasivan et al.
(2021) note the importance of data, particularly in the domains of health and conser-
vation. Anik and Bunt (2021) describes the perceived transparency of explainable
data for Al systems. This is a particularly significant point in the context of language

documentation and low-resource languages.

%Mishra et al. (2022) propose a data quality metric for benchmarks in NLP.
%See Datacentricai for the project which has reinvigorated these efforts.


https://datacentricai.org/
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Data-centric research focuses on strategies for building and maintaining datasets
effectively and ensuring data quality ®’. The focus on data can inform the design of
representative resources and corpora. We currently lack best practices and principled
methods for efficiently building datasets for different tasks whilst reliably ensuring
data quality. Further, the goal of linguistic documentation is an overarching archive
that includes cultural and linguistic records that adequately represent a speech
community (Himmelmann, 1998). The latter half of this thesis explores these ideas

further.

60Such as the Data-centric Al workshop (NeurIPS 2021)


https://datacentricai.org/neurips21/

45

Chapter 2

Finite-state Approach to Modelling

Morphology

This chapter was published as:

Muradoglu, S., Evans, N., & Suominen, H. (2020, July). 2020. To compress or
not to compress? A Finite-State approach to Nen verbal morphology. In
Proceedings of the 58th Annual Meeting of the Association for Computational
Linguistics: Student Research Workshop, pages 207-213, Online. Association

for Computational Linguistics.

Author contributions: S.M. and H.S. designed research; S.M, performed research;
N.E. contributed linguistic data; S.M., H.S. and N.E. analysed data; and S.M. wrote

the paper and revised it, based on critical comments by H.S. and N.E..

The first step in developing computational resources for morphology begins with cre-
ating a finite-state description. In doing so, it is possible to leverage existing linguistic
knowledge by enforcing a rule-based system that does not rely on large quantities

of data to achieve high levels of accuracy. This paper outlines the development of
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a finite-state transducer for the Papuan language Nen'. Given the infrastructure
afforded by FSTs, the model can be used for glossing and predictively generating
forms. Glossing involves morphological segmentation and analysis. These analyses
can later be used to build IGTs. Prediction or inflected form generation can be utilised
as a mechanism to examine whether the rules that are used to describe the language

hold in every environment.

For example, consider the transitive verb wakaes ‘to see’. The diphthong ‘e’ in the non-
dual form is shortened to ‘a’ (e.g., yakatan ‘3sgU:see:IPFV:ND-1sgA’ I see him/her’).
For dual forms, the full diphthong ae is present, followed by dual-marking {-w-}
(Evans, 2016). For example, takaewt ‘3sgU:see:IPFV:ND-2 | 3nsgA’ 'you two/they
two saw him/her’. Based on this information for the ‘3sgU: NEUT.PRIM:1duA’
grammatical features, the model predicts yambaewanzm. The full diphthong of the
verb stem, followed by the dual-marking {-w-}, is recorded for imperfectives, but
it is yet to be attested in other TAM values, such as the neutral and perfective
categories. This kind of large-scale testing can aid in identifying areas that need

further attention.

The transducer presented focuses on verbal morphology. The reasons for this are
two-fold; first, the verb is the most complex word class in the Nen language, with a
transitive verb taking up to 1,740 distinct forms?. Second, the structural properties
of Nen verbs raise interesting choices for analysis. Nen verbs exhibit distributed
exponence’® where multiple exponents are required to resolve the intended morpho-
syntactic category. As the name suggests, often, these exponents are distributed

throughout the word.

In addition to computational resource building, this paper further explores a ‘Chunking’

IThe code for the architecture is available at https ://github.com/smuradoglu/ngn-morph. The
morphological rules are adapted from Evans (2016). The data set has not been made publicly available
as a default. This is because the language community is still to be consulted at the time of publication
of this thesis.

2The derivation of this figure is outlined on p.40 in chapter 1.

3See the section 1.1 for more detail.


://github.com/smuradoglu/nqn-morph
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* and a decomposition approach. This distinction is motivated by what would be
considered gold standard practices for linguists and what is convenient from a com-
putational point of view. The maximal decomposition approach follows a more
classical linguistics approach whereby the minimal units are utilised to construct a

word.

While this approach allows for greater generalisability, it introduces complexities
by requiring pruning of certain disallowed combinations. For example, the dual
thematic ({-anz-} for the neutral preterite (from table 1.5) cannot combine with the
singular and plural actor numbers listed in table 1.6, it can only combine with the dual
actor person numbers. Further, not all person/number combinations are available
for each TAM category (noting that the TAM category is partly distinguishable by the
prefix). This restriction needs to be carried through the thematic and the desinence.
Things become even more convoluted with the @ morphemes in both the thematic
and desinence. In particular, the sequence ng” could be parsed as either {-0-ng/
or {-ng-@}. If no restrictions were applied, the model would over-assign the zero
morphemes. These options are not linguistically viable because the TAM features do
not match. Defining rules to block certain combinations leads to more rules (Beesley

and Karttunen, 2003).

This issue can be circumvented by adopting a less strict approach, here called
‘Chunking’. ‘Chunking’ refers to grouping morphemes into prefixes and suffixes
while the same amount of meta-information is retained. In this approach, the non-
dual thematic would be combined with the singular and plural actor desinences. The
disallowed non-dual thematic and dual desinence combination is not a possible path-
way. So the sequence ng could be analysed ‘IPFV.NPHD: 2 | 3du>du’, ‘IPFV.YPST:
213du>du’, IPFV.RMPST: 2| 3du>du’, ‘PFVIMM:2plA’, ‘PFV.FUT:3plA’ depending

on whether the prefix belongs to the «,  or y category and context.

Both models are built using the FST toolkit foma (Hulden, 2009). The resultant

4Inspired by the definition: ‘unanalysed exemplars or chunks’ from Kelly et al. (2014).
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architectures show differences in size and structural clarity. The size, states, arcs and
paths are reported, with and without the flag diacritics eliminated. The numbers
correspond to an FST with only one verb stem. This is to focus on the morpholo-
gical system instead of stem alternations. The ‘Chunking” model is under half the
(computational) size of the full decomposed counterpart, but the decomposition
displays a higher structural order. The arcs in the figures shown in the paper note the
flag diacritic relations. With the distributed exponence characteristic of Nen verbs,
flag diacritics are a necessary way to code the long-distance dependencies between
morphemes. For example, consider the verb y-apr-tam (the verb waprs ‘to make” inflec-
ted for ‘3sgU:IPFV:NPHD:1plA’), the prefix {y-} is marked with a P.alpha.on, which
sets a value of « (i.e., the dummy prefixing series). For the ‘Chunking’ approach,
the suffix {-tam} is marked with R.alpha, which notes that the a prefix is required.
The decomposition approach breaks the suffix into two parts: {-ta-} and {-m}. The
thematic is marked with two flags. First, the R.alpha to ensure the suitable prefix is
used. Second, it is marked with a PNPHD.ND to enforce the alignment of the correct
morphemes between the thematic and desinence. This last flag is resolved at the

desinence with a RNPHD.ND.

Both models are evaluated on a hand-annotated verb corpus. Unsurprisingly, the
overall accuracy is 80.3%. This consistency in performance is expected when both
strategies are correctly implemented — as such, it also confirms the integrity of the
architecture constructed. The choice of model depends on the primary concerns
of the user. A more comprehensive evaluation remains a future task. Here, the
reported accuracy pertains to assigning the correct MSD based on the inflected form.
Another evaluation might be on the accuracy of synthesising inflected forms from
lemma and MSD. Examining overgeneration in either application may reveal further
distinctions between the approaches considered. In particular, given the intricate
relationship between the thematic and desinence suffixes, some illegal analyses may

be overlooked.
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From a computational perspective, there is not much difference between the two
other than the size of FST. In terms of implementation complexity, the ‘Chunking’
approach is more straightforward. This approach lists all available combinations. By
contrast, the decomposition approach identifies the minimal units, but instead of
listing all available combinations, it requires blocking unavailable combinations. One
factor to consider is the size of the transducer produced. This can be an important
point depending on the intended use. If the aim is to use the resultant FST in the field,
having a lightweight model can be very important, given that in-field computation
resources are often low. Combining the full lexicon, complexity and number of rules
can quickly lead to a heavy system. If the user prefers structural granularity or a
one-to-one mapping between the computational implementation and the linguistic
grammar (perhaps for explainability), then the decomposition approach can be taken.
One of the prime reasons to develop an FST morphological description is to gloss
existing texts. In this case, there is no computational motivation for having a high-
resolution description. Further, one of the drawbacks of FSTs is the expertise required

in both finite-state methodology and the subject language.

Beemer et al. (2020) compares FST-based modelling with deep learning infrastructure
for the SIGMORPHON shared task for morphological inflection. The paper focuses
on developing over 25 finite-state grammars. Of the 25 language models submitted,
13 matched or surpassed the strongest neural-based submission. Several of these
were relatively ‘easy’ — as they did not contain complex morphophonology, and the
inflection patterns were regular. The study finds that it is not easy to outperform

state-of-the-art neural network models.

In cases where the hand-written grammars outperform the neural models (e.g.,
Tagalog and Ingrian), a significant development effort was required by trained
linguists to analyse and describe morphophonological patterns. For some of the
languages in the task, only a small subset of morphosyntactic features were included.

In these cases, although developing a highly accurate hand-written grammar was a
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straightforward task, the success was diminished by the apparent ability of neural
sequence-to-sequence models to also capture such morphological systems with
high accuracy and little data. The time and expertise required to build FSTs is
significantly higher than that of neural approaches. For languages that exhibit high
morphophonological complexity and a variety of inflectional classes, Beemer et
al. (2020) estimates hundreds of hours of development effort by a trained linguist
to potentially surpass the performance of a current state-of-the-art seq2seq model.
With these differences in mind, the next chapter details the implementation of deep

learning-based approaches to model Nen morphology.
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Abstract

This paper describes the development of a
verbal morphological parser for an under-
resourced Papuan language, Nen. Nen ver-
bal morphology is particularly complex, with
a transitive verb taking up to 1, 740 unique fea-
tures. The structural properties exhibited by
Nen verbs raises interesting choices for analy-
sis. Here we compare two possible methods
of analysis: ‘Chunking’ and decomposition.
‘Chunking’ refers to the concept of collating
morphological segments into one, whereas the
decomposition model follows a more classical
linguistic approach. Both models are built us-
ing the Finite-State Transducer toolkit foma.
The resultant architecture shows differences in
size and structural clarity. While the ‘Chunk-
ing’ model is under half the size of the full de-
composed counterpart, the decomposition dis-
plays higher structural order. In this paper,
we describe the challenges encountered when
modelling a language exhibiting distributed ex-
ponence and present the first morphological
analyser for Nen, with an overall accuracy of
80.3%.

1 Introduction

With the advance of modern technology, collecting
data for the task of language documentation has
become easier, but methods for coping with the
influx of data have become a pressing concern. One
robust solution in the realm of morphology and
phonology has been Finite State methods.

This paper focuses on the development of Finite-
State architecture in aid of the glossing process
for building resources for Nen. Nen is a under-
resourced language of the Morehead-Maro lan-
guage family of Southern New Guinea (Evans,
2015). It is spoken by approximately 300-350
people in the village of Bimadbn in the Western

Province of Papua New Guinea. The resources
developed here feed directly into the efforts of doc-
umentation and corpus building. This effort is glob-
ally shared amongst fieldworkers and descriptive
linguistics across many languages, in response to
the estimation for half of the world’s languages to
be extinct within the next century (Krauss, 1992).
Aside from aiding the documentation process, the
linguistic property of multiple exponence (ME)
makes Nen an interesting case study for computa-
tional methods, as well as exasperating the already
present data sparsity problem.

Though much of the recent work in Natural Lan-
guage Processing (NLP) has centred around ma-
chine learning, it is still not quite feasible in low
resource problem sets. Neural networks remove
the need for incorporating detailed knowledge of
the specific context by optimizing the mapping be-
tween input/output pairs. As a consequence a large
amount of training data is required (Gorman and
Sproat, 2016). In the low resource language setting,
often linguistic insight can be exploited to help gen-
erate larger datasets, such as Finite-State methods
being used to produce labelled data for training of
neural networks (Moeller et al., 2018).

Finite-state Transducers (FSTs) are widely ac-
cepted as a standard way to computationally model
the morphological structure of words in natural
languages (Beesley and Karttunen, 2003; Kosken-
niemi, 1983). Prior works include FSTs for ag-
glutinating languages such as Turkish, Tuvan, and
Northern Haida (Coltekin, 2014; Tyers et al., 2016;
Lachler et al., 2018), and more recently so-called
polysynthetic languages like Chukchi, Kunwin-
jku, Central Siberian Yupik, and Arapahoe (An-
driyanets and Tyers, 2018; Lane and Bird, 2019;
Chen and Schwartz, 2018; Kazeminejad et al.,
2017).
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The novel contributions of this paper are twofold:
First, we present a preliminary morphological anal-
yser for verbs in Nen. In addition to resource build-
ing for the Nen language, this work outlines a com-
putational approach for modelling the linguistic
phenomenon of distributed exponence.

2 The Nen Language

With on-going documentation efforts, the Nen
corpus is approximately 30,000 words of natural
speech, of which there are approximately 6, 000
verbs tokens (Muradoglu, 2017). Over a third of
these verb tokens (2, 379 tokens) are varieties of
the copula, which form a restricted paradigm of
their own. Simply put, the amount of data is scarce.
To add to this problem, Nen exhibits complex ver-
bal morphology. In fact, verbs are morphologically
the most complicated word-class in Nen (Evans,
2016, 2019). Despite this, they are often regular,
allowing for generalisation of rules to analyse them.
As outlined by Evans (2016), Nen verbs can be di-
vided into two categories: prefixing and ambifixing
verbs. Prefixing verbs mark the undergoer argu-
ment by prefix and ambifixing verbs employ both
prefixes and suffixes to index person and number
of up to two arguments. In this paper, we focus on
the more complicated case of the ambifixing verb.
The full prefix and suffixal paradigm can be found
in Evans (2016) Table 23.3 (pg 548), Table 23.14
(pg 563) and Table 23.16 (pg 565).

The undergoer prefixes are divided into arbitrar-
ily labelled series «, (3, v, which do not corre-
spond to specific semantic values until they are
unified with other TAM (Tense, Aspect, and Mood)
markings on the verb (Evans, 2015). Following
the undergoer prefixes, a directional prefix slot is
available. This can be filled with {-n-} ‘towards’,
{-ng-} ‘away’ or left empty to convey a direction-
ally neutral semantic. Consider the verb armbs ‘to
climb’. When marked for direction the resultant
forms are as follows: n-armb-te ‘(s)he is ascending
(neutral)’, n-n-armb-te ‘(s)he is coming up (to-
wards speaker)’, and n-ng-armb-te ‘(s)he is going
up (away from speaker)’.

The middle prefixes simply mark the verb as a
member of the middle verb type; essentially dy-
namic monovalent verbs. Prefix cells with more
than one entry note possible allomorphy depend-
ing on the phonological environment within the
verb. The suffixal system applies to both middle
and transitive verb types.
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Although it is convenient to segment verbs, into
prefix, stem, and suffix, the Nen verbal system dis-
tributes information in a complicated way. The
prefixes and suffixes are not independent values.
Nen exhibits a particular kind of multiple expo-
nence (ME), which requires prefixes and suffixes
to be unified before inflectional values are known
(Evans, 2016).

The possible combinatorial space for transitive
and middle verbs is determined by summing the
forms associated with each series (o, 8, and 7)
and the TAM suffixes they can co-occur with. The
figure obtained is then multiplied by the possible
undergoer prefixes (with only three available to the
middle verbs). Lastly, this number is multiplied
by three for each directional prefix available. This
process yields a 1, 740 cell paradigm size for the
transitive verbs.

2.1 Distributed Exponence

One of the prime motivations for choosing Nen as
a case study is the phenomenon that gives rise to
this combinatorial power: distributed exponence.

In linguistics, the notion of extended exponence
was first introduced by Mathews (1974) and is now
commonly referred to as multiple exponence (ME).
Matthews defined ME as “a category if positively
identified at all, would have exponents in each of
two or more distinct positions” (Mathews, 1974).
Distributed exponence is a kind of ME, which in-
volves the use of more than one morphological
segment to convey meaning. It requires all rele-
vant morphs to yield a precise interpretation of the
feature value in question (Carroll, 2016; Harris,
2017).

(1) N-n-and-armb-ta-ng
M:a-VEN-FUT.IMP-Nsg-ascend-
Ndu:IPF-NSG.IPEIMP

“You|they (>2) climb up later! (in the fu-
ture, said to a group of people)’

In the example above, no one marker marks the
plural person. The information of the agent being
plural is distributed across the thematic (dual/non-
dual) and the desinence (single/dual/plural). If a
non-dual thematic is present than the desinence
cannot have dual features, and so the only options
are singular or plural. Further, this is an example
of the future imperative in Nen. The future imper-
ative category is marked by an additional prefix,



which also carries information about the agent. It
carves up the person space in a different way to
the thematic, and yet these values must be compat-
ible. The other main feature value evident in this
example is the prefix n- which serves as a dummy
variable to reduce the valency of the verb, but it
also yields information about the membership of
the class «. Together with the desinence (and in
this case the presence of the future imperative pre-
fix), the TAM feature can be obtained.

3 Method

Several implementations of FSM compilers were
available: XFST (Xerox Finite-State Transducer)
(Beesley and Karttunen, 2003), foma (Hulden,
2009), and HFST (Helskini Finite-State Trans-
ducer) (Lindén et al., 2011), of which the latter
two are open source. To develop a morphological
analyser for Nen, we employed the foma Finite-
State toolkit.

FSTs are an ideal tool for morphology, since they
allow for both analysis and synthesis, meaning the
user can both decompose a word and construct one,
given the desired morphological features. Addi-
tionally, given the ongoing nature of language doc-
umentation, linguistic rules are constantly being
added to, reviewed and revised. The incremental
modularisation of FSTs allows for easy testing of
set rules and addition of new rules.

FSTs are constructed in two parts: the first part
deals with morphological rules and irregularities,
as well as lexicon creation. The second component
implements morphophonological rules.

3.1 Long Distance Dependencies (LDDs)

As with most languages, there are long-distance
dependencies (LDD) that need to be resolved. This
is even more true of Nen given its distributed nature.
In FSTs, the transition from one state to another
depends on the current state and the next input
symbol. To transition to a state at time ¢ + 1, the
only thing considered is the state at time ¢ (i.e.,
Markov assumption). In other words, there is no
stack or other memory-like function that can be
consulted.

One way of introducing memory is through
Feature-setting and Feature-unification operations.
These are practically implemented using flag di-
acritics (Hulden, 2011). Arcs with flag diacritics
are like an epsilon transition but are conditional
on the success or failure of the operation specified
by the flag. In our setup, the operations used are

P (positive) and R (require). This process is often
repeated through the verb, where the unification of
features is required.

3.2 Future Imperative

In addition to normal imperatives, Nen has future
imperatives. This type of imperative specifies that
an action should be carried out at some later point,
and often at a different location (Evans, ms)

As seen in example 1, the TAM category of fu-
ture imperative requires another prefix. Essentially
at this point the FST has three options, {-and-}
for non-singular, {-ang} for singular and {-0-}. If
the verb is not a future imperative than the {-0-}
pathway is taken. The future imperative is only
possible if the prefix is of the « class.

The Nen language distinguishes between SG,
DU, PL persons. For the decomposition model,
there needs to be restrictions for the thematic,
which splits this combinatorial space in a differ-
ent way: Dual (DU) or Non-Dual (ND). A non-
singular future imperative prefix cannot be used
with a singular actor suffix.

This licensing of information can be done in
several ways. For simplicity, the LDD is recalled
in the shortest way possible. If this prefix is present
then the system knows the series must be «, so
instead of propagating the series restrictions to the
end, we require the FUT.IMP (SG/NSG) feature to
be unified.

3.3 Models

In building an FST for the Nen verb, the question
of whether to ‘Chunk’ or decompose arose. By
‘Chunking’, we refer to the idea of combining mor-
phological segments rather than decomposing to
the minimal units (as briefly mentioned in Lachler
et al. (2018)).

There are several motivations for this distinction.
First, from a technical point of view, decomposing
requires more rules to govern the combinations
of even more segments. By having to block the
possibilities of certain combinations (i.e., negative
definition), this leads to more complex rules which
need to be carefully considered and tested.

Secondly, this distinction neatly parallels with
psycholinguistic theories dealing with processing
of agglutinative or polysynthetic languages. The
basic idea is that there is a dual mechanism for
processing inflected words: lexical memory and
morphological decomposition/grammatical rules
(Hahne et al., 2006; Ullman, 2004).
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Figure 3: Information flow for decomposition model.

3.3.1 ‘Chunking’ Model

As described above, ‘Chunking’ refers to the idea
of combining morphological segments. In the
case of Nen, this means treating the thematic and
desinence as one rather than two separate segments.
The thematic and desinence have the same hidden
featural restrictions. That is to say, thematics of the
same TAM feature can be unified with desinences
of the same value. In this approach, the Under-
goer prefix limits the possible allowed suffixes and
forces certain TAM interpretations. Figure 2 de-
picts the LDD resolution for this model. We impose
a prefix series restriction since the membership of
the prefix (whether «, (3, or ¥) changes the inter-
pretation of the suffix. It is a much more straight-
forward model compared with the decomposition
model discussed next
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3.3.2 Decomposition Model

The decomposition model follows the analysis of
Evans (2016). It segments morphemes to their min-
imal meaningful units. This approach gives a more
granular insight into the flow of information from
one segment to the next. In fact, it is simply the
uncompressed version of the ‘Chunking’ model.
Decomposing into smaller units gives rise to more
complex rules to constrain the FST to linguistically
viable forms only. For example, Nen has {-()-}
and {-ng-} as possible thematic values, but it also
has these same values in the desinence, so if no
restrictions exist the system would over-assign the
zero morphemes. The ‘ng’ suffix could be analysed
as either {-(-ng} or {-ng-0}. Both these options
are not linguistically viable because the TAM fea-
tures do not match. In the decomposition model,
we need to impose restrictions between all three:
undergoer prefix, thematic and desinence (and the
future imperative prefix). The simplest way to do
this is to plan restrictions from undergoer prefix to
thematic, and thematic into desinence (since they
adhere to the same underlying paradigmatic struc-
ture) as seen in Figure 3. Instead of enforcing the
dependency from the undergoer prefix, the range of
the LDD or feature-unification is minimised. Since
the future imperative and thematic already block
the unsatisfactory feature-holding morphemes, the
desinence only needs to be unified with the the-
matic morpheme.
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4 Results

The decomposition model showed a clearer level
of organization than the ‘Chunking’ model (Fig-
ures 1 and 4, both with the flags included). Note
that, one verb stem armbs ‘to ascend’ was used
in both figures, for visibility of manifestation of
morphological paradigm for one ambifixing verb.
The particular stem was chosen because we had a
full paradigm elicitation from members of the Nen
community to confirm the existence of predicted
forms. When comparing the specifications of both
models, shown in Table 1, we could see that the
decomposition was roughly double the ‘Chunking’
model in size, the number of states and arcs, and
approximately 3.5 times more pathways.

These results questioned the benefit of decom-
posing further, apart from the obvious benefit of fol-
lowing the linguistic description. Given the added
difficulty of implementing, if both yield compara-
ble results, and the end goal is to have the highest
possible accuracy of gloss than the choice of model
should not matter.

4.1 Evaluation

We evaluated our FST models by comparing the
glosses produced with those of a hand-annotated
set (Muradoglu, 2017). The hand-annotated corpus
was derived from the Nen natural speech corpus.
This included 1, 680 unique inflected forms (with
the middle and transitive verbs making up approxi-
mately 58% of verbs observed) and 274 stems. Un-
surprisingly, the hand-annotated corpus displays
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Features ‘Chunking’ Decomposition
Size 8.0kB (7.6kB)  13.7kB (15.2kB)
States 230 (197) 513 (470)
Arcs 385 (340) 709 (656)
Paths 5,371 (26,288) 18,706 (811, 069)

Table 1: FST attributes for ‘Chunking’ and decompo-
sition model with diacritic flags eliminated. Figures in
brackets refer to the flag counterparts.

Zipfian properties, with the copula verb (and all of
its inflections) being the most frequently occurring
and making up 39% of the corpus. The coupla verb
in Nen takes up to 40 unique forms which can be
modelled perfectly.

During testing, we encountered an unexpected
difference between the two proposed models.The
definition of the imperfective basic non-dual the-
matic ({-taw- }|{-ta-}) required a morphophonolog-
ical rule to drop the a or aw and attach the {-e}
desinence for the 2|3sg actor. We addressed this
problem in the foma file. This again, reiterates the
notion of more rules required for further decompo-
sition.

Both ‘Chunking’ and decomposition model
showed an 80.3% accuracy (70.5% if only mid-
dle and transitive verbs are considered). The most
common errors were attributable to spelling and/or
morpholonological changes. For example, the in-
flected form nédramanda, would only be recognised
by the FST as nrdmnda with the stem as réd@m. This



is because, exceptionally, the verb stem (w)drama-
‘to give’ does not appear in full in the infinitive
rdams, whereas other verbs with benefactives (e.g.
wabens ‘to feed for’) do include the prefix. The
verb stem for give is built by adding benefactive
{wi-} "make’ (thus ‘giving’ is literally ‘doing for’)
to the root rdm (infinitive rdms) ‘to do’.

Some of the unrecognised forms can be a result
of variation in transcription. With ongoing efforts
of documentation, transcription decisions evolve,
resulting in a distribution of forms that represent
the same thing. A typical example of this variation
in the corpus is wérélés|wetls ‘to tell/say/report’,
with the epenthetic vowels either being written or-
thographically or omitted. Typically these issues
would be dealt with in the pre-processing stage
however, some of these cases are harder to recog-
nise than others, as is the case of handling natural-
istic data.

S Conclusion

This paper explores options for modeling the
low-resource language Nen using finite-state
transducers. Nen shows distributed exponence;
multiple morphs can contribute to the specification
of a particular feature value. This property
motivates the comparison between a ‘Chunking’
model, which combines the thematic and desinence
segment, to a decomposition model which handles
the two separately at the cost of many more
parameters. Both models achieve the same
accuracy of 80.3%. The choice of model depends
on the primary concern of the user. Assuming that
either segmentation is linguistically possible, if the
size of the transducer is of concern (as a result of
the size of lexicon, complexity of rules or sheer
number of rules) a ‘Chunking’ approach can be
taken with no cost to accuracy. If the user, prefers
structural granularity or a one-to-one mapping
between the computational implementation and
the linguistic grammar then the decomposition
approach can be taken. Most often, the primary
use of FST grammars are to provide morphological
glosses, in this case there is no computational
motivation for having a high resolution description.

Future work would entail analysing and imple-
menting more detailed underlying morphonolog-
ical rules, and investigating the cross-over from
FSTs to neural models. One of the prime moti-
vations for building an FST, in the era of neural
networks is to generate enough labelled data, in the
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appropriate format to enable testing across architec-
tures. Additionally, the process of building an FST
proves to be a great way to examine the validity of
the linguistic analyses.
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The time and expertise required to build FSTs are significantly higher than that of
neural approaches. For languages that exhibit high morphophonological complexity
and a variety of inflectional classes, (Beemer et al., 2020) estimates hundreds of hours
of development effort by a trained linguist to construct an FST to potentially surpass

the performance of a current state-of-the-art sequence-to-sequence model.

With these differences in mind, this chapter explores the application of deep learning

approaches to analysing Nen verbal morphology. Two high-performing submissions
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from the SIGMORPHON-CoNLL 2017 Shared Task (Cotterell et al., 2017) are utilised
to examine the feasibility of this extension. This choice is based on both general
performance and, more pertinently, the success shown in the low-resource (100

training samples of inflection) setting.

From an NLP perspective, diverse languages and their corresponding linguistic
features are vital for testing the generalising capacity of models. To that end, the
robustness of the two selected models (Aharoni and Goldberg, 2017 and Makarov

and Clematide, 2018b) is tested by training both on Nen verbal morphology.

In this paper, the first-ever neural network-based analysis of Nen is presented, the
tirst representation of the Yam language family and, to the best of our knowledge, of
a Papuan language. Nen provides an interesting case study for neural approaches as
it exhibits non-monotonic morphological mapping: distributed exponence (see 1.1

for a detailed example).

Further, this study addresses several questions: (1) how model performance varies
across both training data size and sampling methods, (2) how training data composi-
tion (with respect to verb type) affects prediction accuracy, and (3) can these models

infer properties of the language which are not annotated in the data.

Model performance is compared across both data size and sampling methods.
The data sizes considered range from low-resource (100 samples), medium (1,000
samples), ALL (everything that is available from the corpus after test/dev split) and

tinally, high-resource (10,000 samples, obtained by data hallucination).

With the rare opportunity afforded by the direct distillation of glossed data from the
corpus, comparing a more naturalistic “Zipfian sampling” to the more widespread
approach in NLP — random sampling is possible. A detailed taxonomy of the errors
produced by the model is also given. ‘Zipfian sampling’ describes a sampling strategy
that considers observation frequency. For example, the 100 most frequently occurring

inflected forms are sampled for the training data in the low-resource setting. Note
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that frequency is only used as a sorting metric and is otherwise not considered in
the UniMorph-like (i.e., type-based) dataset created for Nen. Given the type-based
dataset, each inflection is treated as equally probable. So, a random sample is unlikely
to follow the same Zipfian distribution observed across the texts in the corpus. As
Cotterell et al. (2018) notes, ‘this is a realistic setting since supervised training is usually
employed to generalise from frequent words that appear in annotated resources to less frequent

words that do not.”

Unsurprisingly, the best performance for both models is observed in the high-resource
setting. Training data collated by random sampling yields slightly higher accuracies
than their Zipfian counterparts. An extensive analysis of the types of errors generated
by each system is provided. The most common error type was found to be allomorphy

errors, a misapplication of morphophonological rules, or feature category mappings.

The errors are reported in a hierarchical manner as follows: Target > Stem > Allo-
morphy > Free Variation. This is in acknowledgement of some errors being worse
than others. For example, if a predicted form has a stem error, this means that the
generated stem is either a re-mapping of a seen but irrelevant stem or a made-up,
nonce stem. This error type supersedes allomorphy as a stem error is arguably a
more grievous faux pas than an allomorph error since the underlying lemma has
changed. Further, it becomes a question of ‘what does the correct allomorph for this
new word look like?’. To categorise this error as an allomorph error, the evaluator
would need to perform a wug test-like task (Berko, 1958)!. While it is possible to
provide a prediction, language expertise is required to assess whether it is correct.
A more comprehensive error distribution whereby all errors are reported remains a

task for future work.

The minor differences in performance observed across the two sampling strategies
may be attributed to training set composition differences. In the Zipfian case, the

prefixing verb types are over-represented as they are more frequent in natural speech.

!When the inflected form is not observed in the corpus, this holds for mismatched stems as well.
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This observation prompted a more detailed investigation of training data composition.
Given that the inflectional paradigm size varies significantly across the verb types, it
is conceivable that having more examples for the smallest paradigm (i.e., the prefixing
verbs) might negatively affect model generalisation. In particular, since the only
relevant part of the prefixing verb paradigm for the ambifixing verbs is the prefixal
paradigm (see 1.1 for discussion). This experiment examines the transferability of

learning about the inflectional paradigm from one verb to another.

A new subcategory of error, ‘free variation’? is introduced. In linguistics, free variation
describes the case when two (or more) forms occur in the same environment without
a change in meaning and without being considered incorrect by native speakers. This
type is only an ‘error” from the model’s perspective, as it compares the predicted
forms with a gold set. This type of evaluation assumes a convergent language
standard. From a linguistic point of view, these variations of language are not
considered errors as they are deemed grammatical by native speakers. Additionally,
language variation can be conditioned by a whole plethora of factors, and these
factors are typically the subject of study in sociolinguistics. When these ‘errors” occur,
either inflected form is typically in the top two most likely forms of the beam search
— the probabilities are more likely an indication of form frequency observed in the
corpus than any linguistic signal suggesting a base form. This approach can be
extended to sociolinguistic analysis, although a larger corpus size would be required

to make any statistically significant conclusions.

Unsurprisingly, when the training set contains only one type of verb, it performs best
for the type of verb seen in the training data. The partitioned training sets show no
particular evidence of a principal parts-like modular learning. This might be due
to the small sample size, the limitation of the MSDs (explored further in chapter 4)

or that the neural network generalisation does not follow the plausible linguistic

’The example given is a little misleading in the paper. It describes non-standard orthography
where the epenthetic vowel is written— a relic from older transcriptions. Perhaps a better example
would be ym and ymn ‘NPST:2 | 3pl’ from the copula paradigm (shown in table 1.3).
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trajectory.

The third question explored in this paper is whether the models can infer properties
of the language that are not annotated in the data. The test case is designed around
the second- and third-person singular actor past perfective ('PFV.PST:2 | 3sgA’) cells
of the paradigm. While Nen verbs typically exhibit syncretism in the second and
third cells of the paradigm, this is the one place where this pattern is broken. During
training, the model is exposed to examples of the third-singular past perfective
(‘PFV.PST:3sgA’) MSDs to test whether the model would overgeneralise and predict
a syncretism that does not exist. At test time, the model is asked to predict the

previously unseen second-singular past perfective ('PFV.PST:2sgA’) form.

The results show that the model overwhelmingly predicts syncretism for the second-
singular past perfective — much like a linguist or a human learner might guess.
These results suggest that neural-based approaches learn structural information

beyond a sequence of characters correlating to a particular MSD.

With structural inference across the paradigm shown possible, it rekindles the idea of
minimum description length but with a focus on data rather than model architecture.
In other words, how much data is minimally needed to describe the full system, and
what does it look like? Instead of focusing on the model architecture, this approach
embraces the data-driven nature of neural networks (in the supervised machine
learning case). The next chapter navigates these ideas and questions by comparing a
linguistic corpus-building approach with a dataset built specifically for NLP tasks

such as morphological inflection.
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Abstract

Nen verbal morphology is remarkably com-
plex; a transitive verb can take up to 1,740
unique forms. The combined effect of having
a large combinatoric space and a low-resource
setting amplifies the need for NLP tools. Nen
morphology utilises distributed exponence — a
non-trivial means of mapping form to mean-
ing. In this paper, we attempt to model Nen
verbal morphology using state-of-the-art ma-
chine learning models for morphological rein-
flection. We explore and categorise the types
of errors these systems generate. Our results
show sensitivity to training data composition;
different distributions of verb type yield differ-
ent accuracies (patterning with E-complexity).
We also demonstrate the types of patterns that
can be inferred from the training data through
the case study of syncretism.

1 Introduction

A long-standing research direction in NLP targets
the development of robust language technology
applicable across the wide variety of the world’s
languages. Unfortunately, the vast majority of ma-
chine learning models are being developed for a
small fraction of nearly 7,000 languages in the
world, such as English, German, French, or Chi-
nese. With introduction of highly multilingual
corpora such as UniversalDependencies (Nivre
et al., 2016) and UniMorph (Sylak-Glassman et al.,
2015; Kirov et al., 2018) the situation started to
change. For instance, SIGMORPHON organized a
number of shared tasks on morphological reinflec-
tion starting from 10 languages in 2016 (Cotterell
et al., 2016) and up to 90 languages in 2020 (Vylo-
mova et al., 2020). In 2020, languages were sam-
pled from various typologically diverse families:
Indo-European, Oto-Manguean, Tungusic, Turkic,
Niger-Congo, Bantu, and others. Still, just one lan-
guage, namely, Murrinh-patha, an Australian Abo-
riginal language (Mansfield, 2019), represented the

whole linguistic variety of the Oceania region. In
this paper, we aim at filling the gap by exploring
Nen, a Papuan language spoken by approximately
400 people in Papua New Guinea. Nen is known for
its rich verbal morphology, with a transitive verb in-
flecting for up to 1, 740 feature combinations. Dis-
tributed exponence, the phenomenon which gives
rise to this large paradigm size, provides insight
into modelling complex mappings between surface
forms and feature bundles.

We conduct a series of experiments on morpho-
logical reinflection task recently introduced under
the umbrella of SIGMORPHON (Cotterell et al.,
2016, 2018). We train several state-of-the-art ma-
chine learning models for verbal inflection in Nen
and provide an extensive error analysis. We inves-
tigate the relationship between the distribution of
verb type (inflection classes) in the data and per-
formance. Finally, we show that the system learns
properties of the data that are not explicitly given,
but may be inferred.

The rest of the paper is organized as follows: In
Section 2, we give a brief overview of related work.
Section 3 provides an overview of Nen verbal mor-
phology, Section 4, details our methodology, and
Section 5 presents our results. Finally, Section 6
concludes the paper.

2 Related Work

Muradoglu et al. (2020) is the only reported work
on the computational modelling of the Nen lan-
guage. Similar to this study, the main focus is on
modelling Nen verbal morphology, but using finite-
state architecture instead. The accuracy achieved
by the FST system is 80.3% obtained across the
corpus, with approximately 10% of the accuracy
attributable to the modelling of prefixing verbs (the
regularity of copula verbs boosts the accuracy from
70.5%). The accuracies reported are not directly



comparable with those presented here due to the
different data splits, and increased amount of data.

In our error analysis, we follow the error tax-
onomy proposed by Gorman et al. (2019) upon a
detailed analysis of typical errors produced by mor-
phologically reinflection systems. A similar study
was conducted for Tibetan (Di et al., 2019).

3 The Nen Language

Nen is a Papuan language of the Morehead-Maro
(or Yam) family, located in the southern part of
New Guinea (Evans, 2017). It is spoken in the vil-
lage of Bimadbn in the Western Province of Papua
New Guinea, by approximately 400 people, for
which it is a primary language (Evans, 2015, 2020).
Most inhabitants are multilingual, typically speak-
ing several of the neighbouring languages.

The subject of this paper — verbs — are the
most complicated word-class in Nen (Evans, 2015,
2019b). They are demarcated into three separate
categories: prefixing, middle, and ambifixing verbs.
The latter two are mostly regular in terms of mor-
phophonological rules. In the remainder of this
section, we elaborate on these characteristics, to
give the reader enough background to follow the
discussion in subsequent sections.

3.1 Verbal morphology

We begin our description from the maximal case
— transitive ambifixing verbs. Examples of this
verb type include yis ‘to plant’ and waprs ‘to do’
These verbs allow for full prefixing and suffixing
possibilities. Evans (2016) provides the canoni-
cal paradigms for the undergoer prefixes, themat-
ics and desinences. Suffix combinations are con-
structed by concatenating the corresponding the-
matic and the desinence. Between the undergoer
prefix and verb stem is a directional prefix slot,
available for all verb types. This slot is occupied
by {-n-}! to convey a ‘towards’, {-ng-} for ‘away’
or left empty to convey a directionally neutral se-
mantic.

Middle verbs such as owabs ‘to speak’ or angs
‘to return’, are also ambifixing, but the prefixal slot
is restricted to {n-} (a—series), {k-} (G—series), {g-
} (—series). These prefixes are person and number
invariant, and mark the verb as being a dynamic
monovalent verb. The prefix set is divided through
the use of arbitrarily labels: «, (3, and v. These

"We follow linguistic convention with ‘{}* denoting mor-
phemes, and examples are italicised.

dummy indices do not carry specific semantic val-
ues until they are unified with other TAM (Tense,
Aspect, and Mood) markings on the verb (Evans,
2015).

Prefixing verbs have separate closed paradigms,
tailored to the subtype. Prefixing verbs are mostly
distinguished through semantics; positional verbs
such as kmangr ‘to be lying down’, the verb ‘to
own/have’ awans, the verb ‘to walk’ fan and the
copula verb m with its directional variants (be
hither (i.e. come) or be thither (go)).

Inflectional prefixes for these verbs, mostly re-
semble the process with ambifixing verbs, yet the
suffixes are limited. Of the 50 or so prefixing verbs,
the vast majority are positional (Evans, 2020). An
additional distinguishing feature of prefixing verbs,
is the lack of infinitives. Both ambifixing and mid-
dle verbs form infinitives through suffixing -s to
the verb stem. For the purposes of this study, we
have listed the prefixing verb lemmas as the verb
stem.

Methodologically, it is more convenient to seg-
ment a word as a classical bijective mapping be-
tween form to meaning. However, the Nen verbal
system distributes information in a more compli-
cated way. The prefixes (undergoer and future im-
perative) and suffixes (thematic and desinence) are
not independent values. Nen verbal morphology is
characterised by distributed exponence (DE); “mor-
phosyntactic feature values can only be determined
after unification of multiple structural positions”
(Carroll, 2016).

There are two consequences for morphological
parsing:

a) Provisional unspecified values occur regularly,
whether

(i) These involve partial specification that
will be filled in later in the word-parse,
such as the left-edge prefix {yaw-} (1st
person non-singular undergoer), which
will only be made more precise in its
number value (dual, or plural) when
the thematic is encountered after the
verb stem: thus yaw-aka-t-an ‘1 see
them? (more them two)’, where the ‘non-
dual’ marker {-ta-} eliminates the dual
(them two) but yaw-akae-w-n ‘I see them

2Can also mean ‘I see you (more than two)’, resolved
by combining with an appropriate free pronoun, bm ‘you
(absolutive)’, but for present purposes we ignore this further
complication.



(two)’, where the ‘dual thematic’{-w-}
eliminates the plural (them more than
two) reading.

(i) These involve semantically-unspecified
prefix series which only acquire mean-
ing when they are combined with suf-
fixes at the other end of the word: thus
{yaw-}, in the above example, belongs
to the a-series which, if it combines with
the ‘basic imperfective’, will be given
a (broadly) non-past reading, but when
it combines with the ‘past perfective’ it
will be given a past reading and when it
combines with a ‘projected imperative’ it
will be given a future meaning; a 3-series
form like {taw-}, by contrast, will have
a ‘yesterday past’ interpretation when
combining with the ‘basic imperfective’
suffixes but when combining with im-
peratives it will have a ‘now/immediate
command’ meaning

b) More problematically, prefixes that normally
have one reading (such as the yaw-example
just discussed, which normally marks sec-
ond/third person non-singular objects) some-
times have to be given a different meaning
(e.g. large plural intransitive subjects) if fur-
ther parsing to the right encounters a ‘middle’
rather than a ‘transitive dynamic’ stem (Evans
2017, 2019).

In principle that this means left-to-right
morphological parsing is sometimes non-
monotonic (particularly in the case of (b)),
so that semantic values, as parsing proceeds,
need to be sometimes held as provisionally
unspecified, sometimes as partially specified,
and sometimes as specified but subject to later
override.

3.2 Distributed Exponence

One of the primary motivations for choosing Nen
as a case study is the phenomenon that gives rise
to this combinatorial power: distributed exponence.
Essentially distributed exponence is a morpholog-
ical phenomenon that gives rise to some types of
non-monotonicity.

In linguistics, the notion of extended exponence
was first introduced by Mathews (1974) and is now
commonly referred to as multiple exponence (ME).
Matthews defined ME as a category that would
have exponents in two or more distinct positions.

Distributed exponence is a kind of ME, which in-
volves the use of more then one morphological
segment to convey meaning. It requires all rele-
vant morphs to yield a precise interpretation of the
feature value in question (Carroll, 2016; Harris,
2017).

(1) n-ng-owan-t-e
M:a-VEN-set.off-ND:IPF.NP-
IPENP.2|3SGA

“You/(s)he are/is setting off.3

In the example above, no one marker marks
the singular person. The information of the
agent being singular is distributed across the
thematic (dual/non-dual) and the desinence (sin-
gle/dual/plural). If a non-dual thematic is present
than the desinence cannot have dual features; the
only options are singular or plural. Another mor-
pheme present in this example is the prefix -ng-
which marks the verb with the directional thither.
The prefix n- marks this verb as a middle verb; it
reduces the valency of the verb and yields informa-
tion about the membership of the class «.. Together
with the prefix, thematic and desinence, the TAM
feature can be obtained.

4 Methodology

4.1 Morphological reinflection task

Morphological inflection is a task of predicting
a target word form from a corresponding word
lemma and a set of morphosyntactic features (spec-
ifying the target slot, e.g. its part of speech (POS),
tense, number, gender). For instance, a system is
provided with a lemma “to sing” and a set of tags
“Verb; Past” and needs to generate “sang”. Mor-
phological reinflection is a variation of the task
when a lemma form is replaced with some other
form and (optionally) its tags. The task has been
traditionally solved with finite-state transducers,
either hand-engineered (Koskenniemi, 1983; Ka-
plan and Kay, 1994) or trainable models that rely
on both expert knowledge and data (Mohri, 1997;
Eisner, 2002). In 2016 SIGMORPHON started a
series of shared tasks on morphological reinflection,
and neural models demonstrated superior perfor-
mance when compared to finite-state or rule-based
approaches, especially in high-resource languages
(Cotterell et al., 2016; Vylomova et al., 2020).

*Example adapted from (Evans, 2020)



4.2 Data

The data used in this study comes from a Nen verb
corpus (approximately 6,000 verb samples repre-
senting 2, 231 unique inflected forms) created by
Muradoglu (2017). This dataset is a distilled sub-
set from the approximately 8-hour natural speech
corpus for the Nen language. As such it entails a
frequency sorted list of all the verb forms occur-
ring.

The training data is a set of triples comprising a
lemma, morphosyntactic features, and an inflected
form (i.e. we will only focus on morphological
inflection).

Sampling Following the methodology in Cot-
terell et al. (2018) we split the data into training,
development, and test sets. Training splits were
created by sampling without replacement for three
set sizes: all (ALL), medium (MR), and low (LR).

In virtue of coming from a natural corpus, the list
of verb forms we use is Zipfian. This study does not
distinguish between the feature bundles and only
considered surface (inflected) forms. To facilitate
the nature of our study, we uniformly distribute
frequency across each syncretic cell.

For the ALL training set we start by sampling
the first 1,931 forms, in accordance with the Zip-
fian ranking across the corpus. In other words, we
sample the 1,931 most frequent verb forms. We
randomly shuffle the remaining 300 forms into a
200 form test, and 100 form development (dev)
sets. The test and dev sets remain the same through
this experiment. Zipfian sampling is considered
more realistic in this case, as it mimics the stimulus
a language learner encounters. The dev and test
set are randomly shuffled since supervised meth-
ods usually generalise from frequently encountered
words.

For the LR and MR settings we take the first
100 and 1,000 forms from the ALL training set,
respectively. In addition, we create a high-resource
(HR) set by supplementing the ALL set with syn-
thetic forms, the final set contains 10, 000 forms.
In order to generate synthetic samples, we use data
hallucination technique proposed in Anastasopou-
los and Neubig (2019). Note that the low-resource
(LR) training set is a subset of the medium-resource
(MR), which is supersetted by the ALL (and by ex-
tension the high-resource (HR) data set).

Finally, we contrast Zipfian sampling, when
forms are sampled based on their frequency, to
random sampling. Both sets (LR and MR) for the

random sampling are created in a similar manner to
Zipfian sampling, except frequency is not consid-
ered. Note that due to initial data size constraints,
the ALL (and, therefore, HR) data sets for both the
Zipfian and random sampling are the same. *

4.3 Experiments

In the current study we conducted three experi-
ments to address our research questions.

4.3.1 Experiment 1: Testing across various
data sizes and sampling methods

Research Question: How does training size and
sampling method affect the models’ performance,
and what kind of errors are likely across these con-
ditions?

We evaluate modelling accuracies across four
different training sizes, which is further contrasted
across sampling type. Our experimental setup mir-
rors those of the SIGMORPHON reinflection tasks
(Cotterell et al., 2016, 2017, 2018; Vylomova et al.,
2020): given an input lemma and a set of feature
tags, models generate inflected forms. The final
accuracy is computed as the percentage of matches
between the gold and predicted forms.

4.3.2 Experiment 2: Testing compositionality
of training data

Research Question: Does the composition of the
training data affect the resultant accuracies, and,
if so, how?

We test the effects of the verb type composi-
tion (i.e. how much of each verb type there is) in
the training set. This study consists of seven (aris-
ing from all combinations of the three verb types)
training data sets obtained through the sampling
methods outlined above. We compare training sets
of ambifixing verbs only, prefixing verbs only, mid-
dle verbs only, a two-way combination of each verb
class: ambifixing and prefixing verbs, ambifixing
and middle verbs, and prefixing and middle verbs
and, finally an equal distribution of all three verb
types, as listed in Table 4. Each set contains 386
forms (instances), stipulated by the amount of pre-
fixing verbs available. The test and development
set are 100 forms each, and is made up of 34 ambi-
fixing, 33 middle and 33 prefixing verbs >

“Since the test and dev set are the same for both sampling
methods, and are generated from the remaining 300 tokens
(i.e. the least frequent items), it renders the random sampling
of the ALL (and thus HR) the same.

SUniform distribution is unlikely in natural language, in
fact, Muradoglu (2017) shows that the distribution is skewed



4.3.3 Experiment 3: Testing syncretism

Research Question: Do the models infer properties
of the language which are not annotated in the
data?

In Nen, the second and third person feature bun-
dles often correspond to the same surface form
across the available TAM categories (i.e. are syn-
cretic). We test the likelihood of both models pre-
dicting the unseen second person singular for the
past perfective TAM category as syncretic with the
seen third-person singular variant. This is the one
instance across the Nen verbal paradigm where this
syncretism does not hold. In essence, we examine
linguistic patterns that may be inferred from an
annotated dataset.

The main focus here, is to categorise the type of
prediction rather than the overall accuracy, as such
training and development sets are identical to those
generated for the ALL setting in the first experiment.
The test set is comprised of 100 inflections of the
past perfective second singular tags, most of these
have been gathered from the Nen dictionary (Evans,
2019a).

4.4 Models

For our experiments, we will utilise two mod-
els that have shown superior performance in
SIGMORPHON-CoNLL 2017 Shared Task on
morphological reinflection in low- and medium-
resource settings (Cotterell et al., 2017). Both of
them are essentially neural sequence-to-sequence
models implemented in Dynet (Neubig et al., 2017).
In addition, we also compare the results with a sim-
ple non-neural baseline used in 2017-2018 tasks on
morphological reinflection (Cotterell et al., 2017,
2018).

Hard Monotonic Attention (Aharoni and Gold-
berg, 2017) An external aligner (Sudoh et al.,
2013) first produces transformation operations be-
tween an input (lemma) and a target (inflected
form) character sequences. The alignment oper-
ations (steps) are then fed into a neural encoder—
decoder model. The network, therefore, is trained
to mimic the transformation steps, and at infer-
ence time it predicts the actions based on the input
(lemma) sequence. Unlike soft attention models,
this model attends to a single input state at each step
and either writes a symbol to the output sequence

to favour a higher number of ambifixing verbs in terms of the
number of inflected forms.

or advances its pointer to the next state. Hard atten-
tion models demonstrate superior performance in
languages that employ suffixing morphology with
stem changes.

Neural Transition-based (Makarov and
Clematide, 2018) The model is essentially
derived from Aharoni and Goldberg (2017) by
enriching it with explicit insertion, deletion
or, alternatively, copy mechanisms. The copy
mechanism led to significant accuracy gains in low-
resource settings. Following Rastogi et al. (2016),
the model can be seen as a neural parameterization
of a weighted finite-state machine.

Non-neural Baseline (Cotterell et al., 2017,
2018) The non-neural system first aligns lemma
and inflected form strings using Levenstein dis-
tance (Levenstein, 1966) and then extracts prefix-
and suffix-based transformation rules.

4.5 Settings

The hyperparameters of the models are set to the
values reported in the corresponding papers as per
Table 1.

Hyperparameters | A&G | M&C
Input dim 100 100
Hidden dim 100 100
Epochs 100 50
Layer 2 1

Table 1: Hyperparameters for both A&G (2017) and
M&C (2018) models.

5 Results

Table 2 shows the accuracies achieved for each sys-
tem for each training set size and sampling type
from Experiment 1. For all setups the M&C model
performed best with random sampling (where ap-
plicable). As expected the high-resource setting
performs best overall. The random sampling yields
slightly higher accuracies than the Zipfian coun-
terpart, this is likely due to the fact that prefixing
verbs, particularly the copula and its 40 distinct
forms occupy a majority of the top 100 positions
in the Zipfian distribution. Thus when random
sampling is utilized the training set includes more
examples of ambifixing verbs.



A&G 2017 M&C 2018 Non-Neural baseline (NNB)
Random \ Zipf | Random \ Zipf | Random \ Zipf
HR 0.610 0.650 0.015
ALL 0.390 0.510 0.010
MR 0.295 | 0.285 0.445 | 0.420 0.000 | 0.000
LR 0.020 | 0.005 0.080 | 0.030 0.010 | 0.010

Table 2: Data set, model and sampling accuracies. ALL
LR is 100 samples for the training set.

is a total of 1,931 verbs, HR is 10,000, MR is 1,000 and

ALL HR MR LR

5 & 2198 2| 8| 2 2| 8 2 ¢

<| = zZ|<| =2 zZz| <| =2| =Z <| =| =z

Allomorphy | 56 [ 55 [ 190 | 54 | 46 | 144 | 61 | 77| 188 17 | 162 | 190
Free Variation | 30 | 24 ol14]15] 11| 13] 24 0 0 2 0
Target 8] 8 8| 8 8 8 8 8 8 8 8
Stem | 28 | 11 ol 2] 1 5] 61] 7% 2174t | 22 0

Total | 122 |98 [ 198 | 78 | 70 | 168 | 143 | 116 | 198 | 199 | 194 | 198

Table 3: Absolute number of errors on the test set (200 instances) made by each system trained in ALL, HR, MR
and LR setting.*contains 5 looping errors,{ 17 looping errors.

5.1 Error Analysis

We analysed the errors produced in prediction fol-
lowing the taxonomy laid out by Gorman et al.
(2019); Di et al. (2019).

We have taken a hierarchical approach to our
error classification; whereby if more than one error
is present, the category higher up is reported. For
example, if a predicted form exhibits both target
and allomorphy errors (error types are described
in the following subsections), then only the tar-
get error is reported. The motivation for this lies
in the nature of the error; free variation is techni-
cally not even an error. By contrast, misapplication
of a morphophonological rule does indeed yield
an incorrect form. Additionally, we have marked
Target errors higher up as the system cannot be
expected to correctly predict a form if the gold
standard is incorrect. The hierarchy is as follows:
Target>Stem>Allomorphy>Free Variation. 3 Ta-
ble 3 summarises the types of errors across the
different training sizes for each model. Overall, for
both systems allomorphy errors remain relatively
unimproved between the ALL and HR setting, but
show a leap of reduction from the LR to MR con-
ditions. Free variation errors are more prevalent in
the ALL setting. This is probably a consequence
of seeing more of the golden data and thus observ-
ing more of the systematic variations. This also
explains why these errors reduce in number for

the HR setting. The target errors are consistent
across each experiment, as these are systematic is-
sues with the gold data. Interestingly, stem errors
reduce in the HR setting. This is despite the use of
hallucinated data.

5.1.1 Allomorphy

This category consists of errors which are charac-
terised by a misapplication of morphophonological
rules, or feature category mappings. Frequent er-
rors include the absence of vowel harmony or place
assimilation rules, and incorrect mapping of feature
bundles to surface forms. Most errors are of this
category.

Vowel harmony. The Nen language exhibits
vowel harmony. Consider the form yngite gener-
ated by one of the models, in a canonical sense the
inflection is correct, but the presence of the high
front vowel i requires the general e to harmonize to
become yngiti.

Morphophonological Rules. When combining
r final stems with ¢ phonemes (which occurs in
inflections via the non-dual thematics or certain
desinences with () thematics), the resultant sound
is n (Evans, 2016). The M&C systems predicts
that the stem tar inflected for the non-prehodiernal,
first person actor and third person undergoer as
ytaretan. Presumably, the break down is y-tar-e-ta-
n. Interestingly, it inserts an e between the r and 7,
rather than concatenates the stem with the {-ta-n}



suffix. The correct form is ytanan.

Misapplication of category. These errors are
rather straightforward: they are a misapplication
of inflection rule and result in an incorrect cell of
a paradigm. For example, ynrenzan is generated
instead of ynrenzng. Technically, the form gen-
erated is correct, but it should correspond to the
past perfective, first-person singular acting on dual
actor suffix. Instead, it is mapped to the imperfec-
tive non-prehodiernal, third singular acting on dual
actor suffix.

Future Imperatives. In all settings, across all
systems tested, the future imperative was incor-
rectly predicted. Much like the 3 and - counter-
parts, the system generated this TAM category by
simply choosing an « prefix and suffixing {-ta}.
Both A&G and M&C systems produce yngita in-
stead of yngangwita. This formulation is correct
for the 5 and ~y series producing the imperfective
imperative and mediated imperative, respectively.
However, the future imperative has a special prefix
which prefixes after the undergoer and directional
prefix. It signifies the future imperative TAM cat-
egory and marks the agent as either singular or
non-singular.

Prefixing Verbs. Given the sparsity of examples
for prefixing verbs and in particular their subtypes,
a common occurrence across the data sizes is for
the prefixing verb predictions to be inflected with
the wrong features. For example, when the verb m
‘to be’ is inflected for the andative, 3PL+ undergoer
and imperfective non-prehodiernal TAM the cor-
rect inflected form would be yenewelmdin, instead
the system gives ynm which it correctly identifies
as a related form, but it does not have the correct
inflectional features.

5.1.2 Free variation

Free variation errors occur when more than one
acceptable inflected form exists; this is particularly
true of the data set used in this study. The corpus
used here has been distilled from a natural speech
corpus, that has been transcribed. In addition to
spelling variation - that arose as the orthographic
decisions changed with ongoing documentation,
the corpus also exhibits inter-speaker variation. An
example includes: yérniwi as the predicted form
and yrniwi as the gold standard. In Nen orthogra-
phy, epenthetic vowels are not written in as their
locations can be predicted (Evans and Miller, 2016).
Older transcriptions wrote these vowels in with the

2

e.

5.1.3 Target

These errors are characterised by incorrect feature
tags in the gold standard data. One such example
is as follows: the model predicts the form to be
nnganztat and the gold standard is given as ynganz-
tat, the feature tag, however, includes [M]® and
not [3SGU]. In such cases, based on the feature
bundle, the system generated form is correct. This
particular mismatch of middle and transitive verbs
is the main source of this kind of error; it arises
from the fact that a single verb may have a middle
and transitive verb variant. This distinction can be
difficult to decipher, and on some occasions, it can
even be a result of speaker error.

5.14 Stem

This category denotes either a generated stem or
a re-mapping of a seen but irrelevant stem, to the
inflected form. These errors have linguistically
viable morphemes attached, but we have not evalu-
ated the accuracies of the mapping between feature
and form for the morphemes.

Remapping

One such example is A&G model generating
ygmtandn for the stem sns. It appears that the gms
stem has been (incorrectly) inflected and mapped
to the feature bundle of the sns stem. The correct
inflection is ysnendn.

Generated Stem

The less frequent of the two are stems that have
been randomly generated. For example with the
stem given as renzas, the system generates: ym-
ryawem in place of yrenzawem.

We have also encountered several loop-
ing errors such as: ynawemaylmyylmyylmyylmy-
ylmyylmyymayamawemyymamyamawemyymamya-

mawenyymamyamawenyymamyamawentyymamyant-

awemyylmyamyamawemyymamyamawemyymamya-
mawemyylmyylmyy where the correct form is
ysnewem.

5.2 Composition study

In Experiment 2, we tested the effects of training
set composition; in other words, the informative
nature of each verb type.

As mentioned above, the ambifixing verb class
has the largest combinatorial space, reducing in
size as we consider middle and prefixing verbs, re-
spectively. Another way to consider this would be

%[M] marks the verb as middle and is present when one of
the three middle prefixes is present.



A&G | M&C | NNB

Ambifixing only | 0.111 | 0.170 | 0.010
Middle only | 0.121 | 0.210 | 0.111
Prefixing only | 0.212 | 0.250 | 0.010
Ambi + Pre | 0.111 | 0.190 | 0.010

Ambi + Mid | 0.071 | 0.130 | 0.040

Mid + Pre | 0.141 | 0.290 | 0.040

Ambi + Mid + Pre | 0.061 | 0.200 | 0.040

Table 4: Data sets for each composition type, model
and sampling accuracies. The training size for each is
386 forms (defined by the available prefixing verbs).

by providing comprehensive lists of the morphemes
in a given language (such as Bickel and Nichols
(2005); Shosted (2006)). Thus, the complexity of
an inflectional system is measured by enumerat-
ing the number of inflectional categories and the
range of available markers for their realisation (i.e.
E-complexity). The bigger the number, the more
complex the resulting system is.” With this in mind,
we would expect that, given the same training size
for each verb type, the ambifixing would perform
the worst,® then the middle followed by the prefix-
ing verbs. Our results, shown in Table 4, confirm
this hypothesis.

More revealing than the overall accuracy for
each set and model combination, is a decomposi-
tion of accuracy according to the verb class. Table 5
summarises the performance for each category ac-
cording to verb class. Unsurprisingly, when the
training set contains only one type of verb, it per-
forms best for the type of verb seen in the training
data.

From a linguist perspective, with principle parts
from the middle verbs (mainly the suffixal system,
recall that the middle verb takes a dummy prefix
to reduce valency) and prefixing verbs (prefixal
paradigm) we can construct the full paradigm avail-
able to ambifixing verbs. The results presented
here show no such compositionality; instead, we
see a simple correspondence to verb type observed.

As expected, we see the weak leaking or overlap
between ambifixing and middle verbs, with very
little transferability from prefixing to other verb
types. It highlights the importance of tag choice;

7 Although more recent works have explored the issues
with E-complexity (Ackerman and Malouf, 2013), we use it
here as a guiding principle and acknowledge that further work
is required to make a more nuanced statement.

8The combinatorial space for a transitive verb is 1,740
cells (Muradoglu et al., 2020)

middle verbs have a [M] tag for the undergoer pre-
fix, to mark the dummy prefix. If this tag were
absent, would we see more transferability between
ambifixing and middle verbs? Linguistically, no
information would be lost as the absence of this
tag still allows for the middle verbs to be clustered
together.

5.3 Syncretism test

Experiment 3, entailed testing the systems with an
unseen feature bundle and analysing the predicted
forms, to gauge whether the models learnt syncretic
behaviour.

As can be seen by the suffixal paradigm found in
Evans (2016),° where both numbers are available,
almost all the TAM categories exhibit syncretism
across the second and third-person singular actor.
The past perfective slot is the only case with dis-
tinct forms for the second and third singular person
numbers. We are testing the prediction of an excep-
tion. The second singular is formed with {-nd-()-}
and the third person singular with the {-nd-a} suf-
fix. We note the similarity between the second
singular and dual forms, where the second dual is
{-a-nd}. This becomes particularly pertinent when
a vowel is inserted between consonants for ease of
articulation but must also adhere to vowel harmony.
In such cases, the second dual and second singular
may appear the same.

Using the Aharoni and Goldberg (2017) archi-
tecture, the model incorrectly predicts 81 out of
the 100 test forms as the third singular perfec-
tive category with the suffix {-nd-a} instead of
{-nd—{)-}. Four forms predicted correctly (likely
due to the similarity between the surface forms
of the second person dual and singular tags) and
the remaining fifteen distributed across second per-
son dual and plural actor of the same TAM cat-
egory, second/third singular for the imperfective
non-prehodiernal TAM category, and several in-
stances of nonce inflections such as {-ngt} or {-
ngw}.

Similarly, the Makarov and Clematide (2018)
system overwhelmingly predicts the unseen sec-
ond singular form to be syncretic with the third
singular (90 out of the 100 forms are predicted as
such). Of the remaining ten instances three are
correct, four are incorrectly modelled as the imper-
fective imperative (yet given the prefixing series is
a, the future imperative prefix is absent) and one of

“Table 23.14 (pg 563) and Table 23.16 (pg 565)



Ambifixing | Middle Prefixing

AG| MC | AG | MC | AG | MC

Ambifixing only | 11 15 2 0 0 2
Middle only 2 1| 12| 19 0 1
Prefixing only 0 0 0 0| 21| 24
Ambi + Pre 1 1 1 0| 10| 18

Ambi + Mid 1 4 6 8 0 1

Mid + Pre 0 3 3] 10| 11 16

Ambi + Mid + Pre 0 6 4 8 3 6

Table 5: Absolute number of correct predictions for each setup.

each: second/third imperfective non-prehodiernal,
second/third neutral preterite or second dual past
perfective.

From these results, it is clear that such systems
not only observe patterns that are directly stipu-
lated through annotation but also others that may
be inferred from the data. It is important to note
this behaviour, particularly in cases such as the one
presented here as the verb corpus only entails two
instances of the second singular past perfective.

6 Conclusion

Diversity representation of languages in NLP is vi-
tal to test the generalisations of models. We present
the first-ever neural network-based analysis of Nen,
the first representation of the Yam language family
and to the best of our knowledge, of a Papuan lan-
guage. Nen provides an interesting case study as
it exhibits non-monotonic morphological mapping:
distributed exponence.

We compare state-of-the-art models for morpho-
logical reinflection across various training sizes
and two sampling methods: random and Zipfian.
The results show no significant difference between
sampling methods, and minor differences may be
attributed to training set composition differences.
In the Zipfian case, the prefixing verb types are
over-represented as they are more frequent in natu-
ral speech. We provide extensive analysis of types
of errors generated by each system and show that
the most common error type is allomorphy errors;
a misapplication of morphophonological rules, or
feature category mappings. We introduce a new
subcategory of error type: free variation, which is
a consequence of the natural speech origins of the
corpus.

We further explore composition effects by gen-
erating training sets with incremental distributions
for the three verb classes noted. As expected, we

found that the models trained with one class had
higher prediction accuracy for that class. Across ho-
mogeneous compositions, the prefixing verb class
performed the best. This is likely due to a smaller
E-complexity — or more simply — a smaller com-
bination of feature tags for which the system must
learn mappings. Finally, we explore the likelihood
of learning syncretic behaviour and using this as a
predictor for an unseen feature bundle — the second
singular past perfective. Overwhelmingly, the sys-
tem incorrectly predicts syncretism with over 80%
for the A&G system and 90% for the M&C system.
These results highlight that these systems can infer
patterns from the data sets provided. Although in
our case the prediction of syncretism mirrors that
of a human learner, there may be underlying, un-
wanted properties learnt from the data given, which
calls for careful preparation of data and observation
of output.
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Chapter 3 revealed that neural network-based approaches can generalise paradig-
matic patterns to unseen cells of the paradigm. It also hinted at the importance of
training data composition. This raises the question of how well each part of the
paradigm is represented and whether the under-represented morphosyntactic fea-
tures can be predicted from those represented in the corpus. This chapter presents

and contrasts a corpus-based account with a neural network-based account.
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Language documentation aims to collate a collection representative of the language.
The question of how to measure the completeness of the collection remains a topic of
lively debate in the documentary linguistics literature. Himmelmann (1998) states
that the purpose of language documentation is ‘to provide a comprehensive record’, yet
as Bird (2015) questions, what constitutes a comprehensive record. In honour of this
discussion, Baird et al. (2022) term this problem as the ‘Himmelmann-Bird’ problem.
This is the language documentation manifestation of a more general problem in

statistics — sample represen’cation1 (Biber, 1993; Liipke, 2009).

This paper explores this question using the bridge between corpus and computa-
tional linguistics. Given the enormity of the task of language documentation, the
focus is narrowed down to Nen'’s verbal morphology. Model paradigm saturation”
is measured by prompting the trained model to inflect a full paradigm for each
verb type®. The accuracy obtained is used as a metric for paradigm coverage. To
provide an empirical answer to the question of ‘how much data is needed for X
accuracy/coverage’, a learning curve (accuracy as a function of annotation units)
is modelled. The curve is modelled as a monotonic increasing function to present
the best possible scenario. Specifically, the greater the number of annotation units

considered, the greater the accuracy/paradigm coverage.

The corpus comprehensiveness is measured by following the trajectory of the most
frequent verb for the type in question. The model is given a lemma at test time
and asked to inflect the full paradigm to examine how well a model can capture
generalisations. Four representative verbs are chosen for the test. The choice of
these test verbs is motivated for several reasons: availability of verified paradigms,
morphophonological similarity to the forms chosen for the corpus counterparts and

regularity.

IRefer to 1.3.1 for further discussion.

2The term saturation in this sense is used interchangeably with coverage and comprehensiveness.

3Note that here type refers to the linguistic verb categories of transitive, middle, positional and
copula, and not the type as defined in corpus or computational linguistics.
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Recall that the experiments presented here involve the use of type-based datasets
(discussed in more detail in 1.2.3). As such, the frequency of each wordform has
no functional operation in the model or corpus-based account of coverage. Each
wordform is encountered during train time once for the model-based account and
is indexed by the corresponding lemma and MSDs (i.e., with no context). For the
corpus-based account, the wordform is considered attested upon the first encounter,
regardless of whether it is attested multiple times across the corpus. The available
frequency measures from the specialised verb corpus by Muradoglu (2017) are

leveraged to sample training data in a similar manner described in chapter 3.

Moreover, the frequency of MSD combinations (actor/TAM and actor /undergoer)
is utilised to establish the correlation between paradigm cell frequency (i.e., size of
bubbles in figures) and model accuracy. We would expect that frequent MSD would
be modelled with high accuracy. The results show that to be mostly true. The opposite
does not appear to hold; less frequent MSDs are not necessarily modelled with low
accuracy. For example, despite being represented in less than 1% of the corpus, the
second person plural imperfective imperative (‘IPFV.IMP:2plA, {-ta-ng}) or the first
person singular neutral primitive ‘NEUT.PRIM:1sgA’, {-tama-n})are modelled with

high accuracy.

One explanation for this is the observed trade-off between paradigm size and irregu-
larity in literature (Ackerman and Malouf, 2013; Cotterell et al., 2019b). Future, the
well-known correlation between frequency and irregularity (Bybee, 1991), where
irregular forms tend to be highly frequent in their usage, and low frequency forms
tend to follow a regular pattern. As such a factor to consider is the complexity of the
rule which governs the corresponding cell of the paradigm. Complexity here refers
to allomorphy or conjugational differences. For example, the difference between the
‘IPFV.BASIC:2 | 3sg A’ form for waprs ‘to make’, esrs * descend’, aebyiings “to fly” , naprte,
esrne and naednde respectively. The results from this study do not necessarily correlate

to inflection complexity. It can also reflect the representation of these various pattern
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differences in the corpus.

It is no stretch that the needs of a model for generalisation can be distinct from
that for archival purposes. For example, despite observing a second singular non-
prehodiernal form for the verb owabs ‘to speak’, for archival purposes, the same
morphosyntactic category is just as important for the verb owans “set off”. From a
modelling perspective, this is not entirely true. An unseen morphosyntactic category
for the same verb owabs ‘to speak’ is potentially more informative (barring any
phonotactic triggers for allomorphy). A side product of following the trajectory
of coverage growth as a function of data size is the prediction afforded for data
requirements to reach full coverage using a machine-learning-style learning curve.
Following a common practice in ML applications, the data needed to achieve full
coverage for the full verbal system and each verb type individually is extrapolated

from the established learning curve.

The data size is reported with respect to units of a corpus, ‘annotation units’. An
annotation unit is defined as audibly demarcated units in the flow of speech (typically
by pause breaks). Figure 4.1 shows three annotation units. For example, approxim-
ately five words must be encountered to encounter one verb. This average prediction
is based on the statistics of the current Nen corpus, shown in figure 1.2. Although
these units have been marked by hand in the corpus and are by no means strictly
standardised, it characterises one of the common ways a linguist might annotate
their recordings in ELAN. This unit is easily convertible to more standard metrics
such as number of words or hours of recording. The motivation behind this unusual

metric is to contextualise the data needs in a relevant way for field linguists.

This study examines four verb types: the copula, positional, middle and transitive
verbs (See figure 1.4 for an overview of characteristics of each verb type). The results
show that model coverage is significantly higher for the middle and transitive verbs
compared to the coverage afforded by the corpus-based account. The positional

verb is the one verb type, where the corpus coverage is higher than the model. This
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AW@en Because of that snakebite, that is why people die. This snake is giving death to the people. here in Papua New Guinea giving us difficulties.
AW@ }—‘—U)—;‘ }#—H—P—L

Figure 4.1: Example of three "annotation units” or segments in ELAN for Nen. The top
tier encodes the direct transcription of the audio file and the second tier shows a rough
English translation.

tinding is interesting, as the positional verb paradigm is the smallest of the three. It is

likely due to the low representation of inflected positional verbs in the training set.

The purpose of an archive needs to be explicit, given that the distillation process for
a task-oriented sub-corpus is highly costly. The results here suggest a transferability
between data collected for language documentation. There is room to optimise the
type of data if a particular output is desired, examples of this include active learning

strategies®.

4.0.1 MSD/gloss ablation study

Another question is the optimal number of tags to gloss the data. A small pilot study
that did not make it into the paper is included. The focus is exploring whether the
copula, positional, middle and transitive verbs should be marked as such (and thus
treated as separate entities) or whether they should be minimally marked to allow
leveraging from shared features. Given that, a field linguist and a language learner
bootstrap the mapping of a linguistic paradigm by obtaining partial paradigms
(either through elicitation or by natural means). Encountering a full paradigm for
one verb is highly unlikely. Instead, the circumstantial context primes language
informants to showcase verbs of different semantic domains. The field linguist most
likely obtains part of the paradigm (either through elicitation or by natural means)
for each verb. Depending on the degree of paradigmatic irregularity, these fragments

may allow for a reconstruction of the full paradigm. With this in mind, we explore

4For general corpus building strategies see Barth and Schnell (2021).
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Verb Type
Tags Metric Overall Transitive Middle Positional Copula
Acc 2843  25.35 3478  3.76 70.67
W/out [P]I[C]I[T]/[M]
Edit Distance 2.10 211 1.97 3.44 1.07
Acc 2772  24.62 4255  16.54 71.33
W/out [PLICL[T]
Edit Distance 2.08 2.23 1.92 3.35 1.09
Acc 30.81  26.31 49.07 075 68.00
With [P,[C][T],[M]
Edit Distance 2.45 2.62 2.00 2.98 1.09
Acc 4.69 0.06 4.04 1.50 60.67
W/outa, B, v
Edit Distance 3.75 4.06 3.30 3.71 1.27

Table 4.1: Transfomer model performance with varying degrees of gloss encoded in
training data. [P], [C], [T], [M] note positional, copula, transitive and middle respectively.
W /out is shorthand for ‘without’. &, f and 7y refer to series. See 1.1 for explanation.

whether allowing cross-transfer from one paradigm allows for greater coverage of

the verbal morphological system.

The models are trained on the full corpus data (2,022 training samples) with the

following variations in glossing:
¢ (1) Without any verb type tags

* (2) Without marking positional, copula and transitive explicitly. Middle verbs

are marked. This option follows the Nen literature (as outlined in 1.1)
¢ (3) With all verb types marked
* (4) Without the «, 8 or 7y series marked

Table 4.2 shows examples of the glossing for each experiment. Table 4.1 shows that
the model does better overall when the verb types are not specified. However, the
experiment setup in the paper follows the approach outlined by the Nen literature

(examples shown in 1.1), experiment (2). On average, this approach yields the highest
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Verb Type

Copula ‘ Positional ‘ Middle ‘ Transitive
Lemma ‘ m ‘to be’ ‘ akingr ‘be standing (ndu)’ ‘ owabs to talk’ ‘ yis ‘to plant’
Wordform | ym yakingr nowabtan yiwin
1) ‘ V;IPFV.NPHD;3SGU;LGSPEC1 ‘ V;IPFV.NPHD;3SGU;LGSPEC1 ‘ V;IPFV.NPHD;1SGA;LGSPEC1 ‘ V;NEUT.PRET;1SGA;3SGU;LGSPEC1
(2 ‘ V,IPFV.NPHD;3SGU;LGSPEC1 ‘ V,IPFV.NPHD;3SGU;LGSPEC1 ‘ V,IPFV.NPHD;1SGA;M;LGSPEC1 ‘ V,NEUT.PRET;1SGA;3SGU;LGSPEC1
3) ‘ V;IPFV.NPHD;3SGU;C;LGSPEC1 ‘ V;IPFV.NPHD;3SGU;P;LGSPEC1 ‘ V;IPFV.NPHD;1SGA;M;LGSPEC1 ‘ V,NEUT.PRET;1SGA;3SGU;T,LGSPEC1
(4) ‘ V;IPFV.NPHD;35GU ‘ V;IPFV.NPHD;35GU ‘ V;IPFV.NPHD;1SGA;M ‘ V;NEUT.PRET;1SGA;3SGU

Table 4.2: Example of MSD tags for each experiment across each verb type. Fol-
lowing unimorph (Kirov et al., 2018a) conventions for language specific phenomena,
‘LGSPEC1,LGSPEC2,LGSPEC3’ refer to a, p and -y respectively.

accuracies across the four verb types. The dataset, which tags verb type, benefits the
transitive and middle verbs, but the performance of the prefixing verbs, particularly
the positional verb, suffers. The absence of all verb type tags marginally benefits the

transitive verb coverage but comes at a cost to the middle and positional verbs.

Lastly, given the ability of neural approaches to absorb implicit information, we
examine whether the (x,ﬁ,'yS dummy variables are needed or whether the model can
infer co-requisite prefix suffix pairs to achieve particular TAM meanings. In some
cases, the labelling of the series is not informative. For example, marking the <y for
the imperfective remote past (see table 1.2) yields no additional information. At
the same time, they are essential for other TAM categories, such as the imperfective
non-prehodiernal (¢) and imperfective yesterday past (f). Table 4.1 shows that the

model performs poorly without these glosses.

It is important to note that the copula verb does consistently well across the glossing
approaches as the model is exposed to a significant portion of the copula paradigm

in training (given the large representation in the corpus).

Middle and transitive verbs share the suffixial system. Positional, transitive and
copula verbs share the prefixial system. In the largest training set of 2,022 examples,

699 of the verb forms are middle, 51 are positional, 72 are copula, and 1200 are

5These are coded in data as ‘LGSPEC1,LGSPEC2,L.GSPEC3’ in the data as per unimorph conven-
tions.
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transitive. All results reported for the main experiment follow the Nen literature
glossing style (i.e., as in experiment (2). See table 4.2 for examples.). The main reason

is the model performance.

These results suggest that the model is able to encode information beyond each
example present in the corpus. In other words, the model can treat and infer informa-
tion about a connected system (i.e., paradigm) rather than considering each inflection

category as an independent string transduction.

Despite being a ‘medium’ resourced language (according to SIGMORHON termino-
logy — i.e., the number of individual word-form samples available are in the 1,000s),
the neural model performance is still quite low®. Additionally, it can be seen that
the needs of corpus building can be different from that of an NLP system. The
next section explores model intrinsic metrics (like model confidence scores) to guide
sample collection. Prioritising NLP system performance is motivated by the benefits
of automated glossing and processing. Further, the ability to capture generalisations
allows for a compressed data quantity to capture the intricacies of the system at
hand. Given the time pressures and resource costs of language documentation, this
is an important point. To this end, the next chapter explores the idea of identifying

informative examples in relation to model performance.

Often morphonological behaviour can be language-specific and not necessarily in-
flection feature specific. For example, if the model observes behaviour with one set of
MSDs exhibiting vowel harmony, we expect the model to predict similar behaviour
to an unrelated MSD. Certainly, the evidence from chapter 4 seems to support this
hypothesis. So, is it enough to see a morphophonological pattern like vowel harmony
in the frequent forms to extend the same alternative patterns to less frequent MSDs?

This remains a direction for future research.

61t is possible to compare with other polysynthetic languages and the baselines reported in Gold-
man et al. (2023) (for example, Navajo obtains 52.1% accuracy for the same neural baseline). However,
this should be taken as a very rough comparison, given the variation in linguistic complexity, data
quality and the extent of the inflectional system included in the dataset.
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Abstract

Language documentation aims to collect a rep-
resentative corpus of the language. Neverthe-
less, the question of how to quantify the com-
prehensive of the collection persists. We pro-
pose leveraging computational modelling to
provide a supplementary metric to address this
question in a low-resource language setting.
We apply our proposed methods to the Papuan
language Nen. Nen is actively in the process
of being described and documented. Given
the enormity of the task of language documen-
tation, we focus on one subdomain, namely
Nen verbal morphology. This study examines
four verb types: copula, positional, middle, and
transitive. We propose model-based paradigm
generation for each verb type as a new way to
measure completeness, where accuracy is anal-
ogous to the coverage of the paradigm. We con-
trast the paradigm attestation within the corpus
(constructed from fieldwork data) and the accu-
racy of the paradigm generated by Transformer
models trained for inflection. This analysis is
extended by extrapolating from the learning
curve established to provide predictions for the
quantity of data required to generate a complete
paradigm correctly. We also explore the correla-
tion between high-frequency morphosyntactic
features and model accuracy. We see a posi-
tive correlation between high-frequency feature
combinations and model accuracy, but this is
only sometimes the case. We also see high
accuracy for low-frequency morphosyntactic
features. Our results show that model coverage
is significantly higher for the middle and tran-
sitive verbs but not the positional verb. This
is an interesting finding, as the positional verb
paradigm is the smallest of the four.

1 Introduction

A key question in studying language is: when do
we have enough data to fully understand the sys-
tem? This is especially important in language docu-
mentation. As Himmelmann (1998) states, ‘the aim

of language documentation is to provide a compre-
hensive record of the linguistic practices charac-
teristic of a given speech community.’. Bird (2015)
extends this by asking, ‘If a comprehensive record
is unattainable in principle, is there a consensus
on what an adequate record looks like. How would
you quantify it?’.

Honouring their formulation, Baird et al. (2022)
label this the ‘Himmelman-Bird’ problem.! In
their paper, the authors strive to explore this
Himmelman-Bird problem for the inventory of
phonemes, which are the subdomain of language
with the smallest and hence most frequently-
occurring units. They set the bar even lower by
simply requiring that at least one allophone of each
phoneme occur. They then examine how much
text it might take to capture a language’s entire
phoneme inventory, drawing on a sample of 137
distinct languages, some with additional dialectal
or register variety taking the total to 158 speech
varieties. Full ‘coverage’ is achieved, for a given
domain of language (say, its phoneme inventory)
and a given corpus, it there is at least one incidence
of each relevant unit (in this case, each phoneme)
in that corpus.

Here we strive to follow a similar route for mor-
phemes and their respective allomorphs, while still
posing the problem in its simplest and hence most
easily-satisfied form: we look just at verbs, and we
restrict ourselves to one representative lexeme (the
commonest) in each of the four main morphologi-
cal classes — see below.

The goal of collecting a representative sample
has permeated many fields, from biology to sociol-
ogy. Researchers have explored the idea of having
a gold standard process for collecting all required
components to describe a system. For example, if
we wanted to gather all the phonemes for English,
the ‘Rainbow Passage’ by Fairbanks (1960) may
be chosen. The first four lines of the passage cap-

IThis is akin to the problem of corpus representativity.



ture all phonemes for English. In morphology, we
can discuss the idea of collecting all principal parts
(Finkel and Stump, 2007) to construct the entire
paradigm.

This idea presents as a great solution to the diffi-
culty faced by low-resource languages and, more
specifically, language documentation. However,
one caveat is the system knowledge required for
designing such a task. For example, how might a
linguist know all the phonemes before beginning
their in-field analysis and recordings? Accordingly,
we make the distinction between heuristic and at-
testation coverage.

The first refers to the discovery stage of a lan-
guage, leading to a sketching of the dimensions
of its design space - the logical space of all its
possibilities in a particular domain, such as verbal
inflections — through discovering the dimensions
where it encodes contrasts (say ‘dual number’, ‘fu-
ture imperative’, ‘imperfect aspect’), and mapping
out the ways these interact (say ‘future imperfec-
tive dual imperative’, as in Nen nandowabe ‘you
two should be talking later on!” (Evans, 2019). The
latter describes the scenario where a description ex-
ists, and the aim is to collect examples of language
within the denoted design space.

The concept of a ‘whole language’ is so vast and
heterogenous that it is not operationally useful for
many linguistic or practical purposes. To explore
this question, we consider a particular component
of language, inflectional morphology on the verb.
We base our study on modelling morphological
inflection in the Nen language and examine the
attestation coverage observed in the transcribed
natural spoken corpus and inflection models built
on the same data.

In this paper, we address the following questions:
(1) How can we test the degree to which a linguistic
subsystem exhibits coverage in a given corpus (2)
How does the model coverage compare with the
corpus? (3) Does corpus frequency relate to model
accuracy? (4) Can we use model-based learning
curves to predict the data required for complete
coverage?

We propose a test case for the model that asks to
predict a complete paradigm, i.e. the complete mul-
tidimensional array of inflected forms — English
is too morphologically impoverished to furnish a
good example (the best is with the copula to be:
{am, (art), is, are; was, were; (to) be; being}. Our
results indicate that the generalisations afforded by

the Transformer model yield better coverage than
the natural corpus. Furthermore, we explore two
separate correlations of the high dimensional axes
of Nen verbs; the undergoer and agent combina-
tions and the agent and Tense, Aspect, and Mood
(TAM) combinations. While frequent features tend
to be captured correctly by the model, surprisingly,
so are some low-frequency forms. Finally, we use
learning curves to predict the data needed for 100%
coverage.

2 Related Work

To our knowledge, only two prior computational
studies of Nen exist. Muradoglu et al. (2020)
presents a finite-state description, while (Mu-
radoglu et al., 2020) explores the use of neural
architecture, to model Nen verbal morphology. The
latter is based on two high performing submis-
sions in the SIGMORPHON-CoNLL 2017 Shared
Task (Cotterell et al., 2017). Between the two
approaches, the finite-state description achieves
a higher accuracy across the corpus. However, we
note that the accuracies reported are not directly
comparable given the ongoing development of the
corpus.

Despite the performance difference, we opt to
use a neural approach to enlist the aid of its gener-
alising ability. Moreover, the statistical nature of
these models make the intersect with corpus lin-
guistics an object of interest. Specifically, we use
a Transformer (Vaswani et al., 2017) based model.
Transformers have been successful in capturing
complexities of phonological and morphological
details (Pimentel et al., 2021; Kodner et al., 2022),
often achieving state-of-the-art performance. Over
the years, the inflection task has been extended to
many languages, including other complex morpho-
logical systems such as Murrinh-Patha, Kunwinjku
and Seneca.

3 The Nen Language

Nen is a Papuan language of the Morehead-Maro
(or Yam) family (Evans, 2017). It is spoken as a
native language in the village of Bimadbn in the
Western Province of Papua New Guinea (Evans,
2015, 2019). Most Nen speakers are multilingual,
typically speaking several of the neighbouring lan-
guages.

Verbs in Nen are notoriously complicated and
are described as the most complicated word-class
in Nen (Evans, 2015, 2019). They can be grouped



in several ways, either as prefixing and ambifixing
or by further breaking down the inflection patterns.
Prefixing verbs consist of the copula (and its deriva-
tives ‘go’/‘come’/‘have’), ‘to walk’ and positional
verbs. Another distinguishing feature of prefixing
verbs, is the lack of infinitives. Both ambifixing
and middle verbs form infinitives through suffix-
ing -s to the verb stem. In this study, we have
listed the prefixing verb lemmas as the verb stem.
Ambifixing verbs can be separated into middle and
transitive verbs. Here, we separate the verb types
beyond the prefixing and ambifixing categories as
the corresponding paradigms are distinct. We pro-
vide details for the verbs we track below.

3.1 Copula

The copula is a special case for our test, in that
we test the generation of a partial paradigm as the
model would have seen several forms of the cop-
ula. We note that this verb, together with its direc-
tional counterparts ‘come’ and ‘go’. The come/go
paradigms are built using the copula with the ad-
dition of directional prefixes, is the most frequent
verb type in the corpus. The copula paradigm con-
sists of 40 unique forms. See Evans (2014) for full
paradigm.

3.2 Positional

Verbs in the positional class fall into two main
types: posture and position proper (Evans, 2015).
For example, mdngr ‘be lying in a jumble’ and
érningr ‘be in hiding’ or spatial position in relation
to some frame of reference like pingr ‘to be high
(typically inanimate)’. So far, 45 verbs have been
recorded. Verbs of this class have special stative
suffixes -ngr for non-dual and -aran (dual). They
exhibit properties of prefixing verbs: they do not
have infinitives and cannot form present imperative
(Evans, 2014).

3.3 Middle

Middle and transitive verbs have the same TAM
paradigm. Aside from valency, the distinction
between the two is that the middle verbs have a
dummy prefix with no semantic meaning other than
to note that they are middle verbs. This prefix does
not mark an argument like other verb types. In rare
cases, middle verbs use the undergoer prefix slot
to index large plurals. Example verbs of this type
include owabs ‘to speak’ or angs ‘to return’. Both
these verbs are ambifixing, but the prefixal slot is

restricted to {n-} (a—series), {k-} (B—series), {g-}
(y—series).

3.4 Transitive

By contrast, transitive verbs utilize both prefixes
and suffixes to mark person and number. Examples
of this verb type include yis ‘to plant’ and waprs ‘to
do’ These verbs allow for full prefixing and suffix-
ing possibilities. The prefix set is divided through
the use of the same arbitrarily labels «, 3, and ~,
as the middle verbs. Instead of the middle verb
marker, transitive verbs allow for person/number
undergoer marking. These dummy indices do not
carry specific semantic values until they are unified
with other TAM markings on the verb.

Evans (2016) provides the canonical paradigms
for the undergoer prefixes, thematics and
desinences. Suffixes are constructed by combin-
ing the corresponding thematic and the desinence.
The future imperative construction is a special case,
where an additional future imperative prefix is re-
quired (Evans, 2015).

3.5 Directional

Following the undergoer prefixes, a directional pre-
fix slot is available. This can be filled with {-n-}
‘towards’, {-ng-} ‘away’ or left empty to convey a
directionally neutral semantic.

Consider the copula verb m ‘to be’, when marked
for direction the resultant forms are as follows: y-n-
m ‘(s)he coming (towards speaker)’, y-ng-m ‘(s)he
is going (away from speaker)’. Note the speaker
centric frame of reference.

4 Data

The Nen corpus is made of 44 individual texts that
were naturalistically recorded in the field. This
amalgamates to approximately 8 hours of spo-
ken text or over 30,000 words. This is filtered
to over 6,000 verb instances representing 2,282
forms. Some of these forms are the same, with
different feature combinations due to syncretism or
polysemy. For example, the sequence yn- can be
parsed in two ways. It can either mean the prefix
yn- coding first person nonsingular undergoer for
the « series or y-n the third singular undergoer with
the ventive (towards) directional. Each of these in-
stances are treated separately to expose the model
to all possible meanings.

A large portion of the texts in the corpus are
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Figure 1: The coverage growth for four verb types in Nen, reported as a function of Annotation units (within corpus),
where ‘annotation units’ are audibly-demarcated units in the flow of speech (typically by pause breaks). In our
corpus, on average there is one verb per annotation unit, making annotation units a reasonable proxy of how often
we would expect verbs to occur. The corpus accounts follow akingr ‘to be standing’ for the positional, owabs ‘to
speak’ for the middle and rdms ‘to do/give’ for the transitive. The confidence bands reported on the model results
are calculated based on a 4-partition variance. The full Nen corpus currently consists of 6,446 annotation units. The
starting point is 1,079 as this roughly corresponds to 382 (100 train + 282 dev) instances.

coconut interviews?, these typically involve so-
called biographical questions (parent names, place
of birth etc), and questions about coconut trees that
belong to the interviewee. This type of text was
chosen as it can include a variety of tense - whether
someone has planted or will plant a coconut tree -
and is a topic that easily inspires conversation from
locals. Although, these do not constitute a genre in
the traditional sense, they do exhibit characteristic
features, such as a high token count of the verb yis
‘to plant’ and third person non-past copula ym. The
remaining texts range from anecdotal stories, folk
tales, other narratives or procedural explanations.

5 Experiment

We contrast the corpus-based account of the Nen
verbal paradigm to that modelled by a Transformer
model (Wu et al., 2021). Our study is conducted
in two parts: first, we follow the attestation cover-
age of the paradigm for one representative verb for
each type in the corpus. Second, we train Trans-
former models to generate a complete paradigm

2See Evans (2020) for more details.

for an unseen (barring the copula) verb for each
type with incremental amounts of data. We es-
tablish a learning/coverage curve for each method
(Anzanello and Fogliatto, 2011; Viering and Loog,
2022). We use the term coverage here to mean
the percentage of cells observed in the corpus or
correctly predicted by the models out of the entire
language design space.

5.1 Corpus-based Account

Here we present a corpus account of paradigm cov-
erage. For each of our four verb types, we follow
the trajectory of the lexeme.? As it happens the top
three verbs, by frequency, are the copula (most fre-
quent at 80.46 IPT (Items per thousand)*, the mid-
dle verb owabs ‘to speak’ (Second most frequent
lexeme in the corpus, 6.83 IPT) and the transitive

3Where a lexeme is a‘dictionary word’, i.e. the citation
form of a word used in a dictionary, and uniting all its inflected
forms. Thus the lexeme run unites the inflected forms run,
runs, ran and running. In Nen the number of inflected forms
per lexeme is much larger, as we shall see below.

“The more common metric is IPM (items per million) but
given that the size of the Nen corpus is in order of thousands,
we report these figures in IPT.



verb rdms‘to do/give’ (Third most frequent lexeme
in corpus, 6.46 IPT). We then have to descend some
way down the frequency list before reaching our
highest-frequency positional verb, namely akingr
‘to be standing’ (16th most frequent lexeme, 1.83
IPT).

For our four verbs, we then collate all distinct
forms of the verb in question, tracking for where in
the corpus it is encountered. For example, for the
verb akingr, the first form yakingr is encountered
at the 223rd annotation unit, the second ynakiaran
at 242nd and so on. The texts within the corpus
are concatenated, and the same order of the text is
preserved for each analysis.

The copula verb m is included in both training
and test since it makes up for a large portion of the
existing corpus and occupies the top 5 most fre-
quent forms. It is the most frequent lexeme (80.46
IPT). This scenario can be seen as a more straight-
forward case, as 62.5% of the copula paradigm
(without the directional prefix) is attested in the
complete 2,000 instance training data. So the
model needs to reproduce these forms with the di-
rectional prefixes. The remaining three verb types
are not encountered in training time, barring the
stem.

5.2 Model-based Account

We train models like an ‘inflection’ task in the SIG-
MORPHON shared tasks (Kodner et al., 2022),
with tags identifying morpho-syntactic categories.
The system is asked to produce the inflected
form given the lemma and morpho-syntactic tags.
For example, (owabs, V;IPFV.NPHD;1SGA;M;a,
nowabtan) or the English equivalent (talk,
V;V.PTCP;PRS’, talking).

We additionally account for the copy bias re-
ported in (Liu and Hulden, 2022) by including the
three® (see Section 5.2.2 for details) lemmas con-
sidered during test time in the training set.

Each model is trained using a character-level
Transformer (Wu et al., 2021). This model has been
used as the neural baseline for the SIGMORPHON
shared task on morphological inflection’.

We train models based on a Zipfian sampling
strategy, as corpora obey Zipf’s law at all sample
sizes (Baayen, 2001; Blevins et al., 2017). The dev
set is determined as the least frequent 282 forms

>Present participle

8Since the model is already exposed to the copula during
training time, it does not need to be included again.

"Model parameters follow (Wu et al., 2021).

and is kept the same for every experiment. The
distribution is calculated from the existing corpus
study (Muradoglu, 2017). We train at 100 train-
ing sample intervals, ranging from 100 to 2,000
instances.

Prior work has explored the difference between
random and Zipfian sampling. For example, Mu-
radoglu et al. (2020) examined the difference and
reported that random selection yielded better re-
sults (or a faster coverage rate). However, given our
research question, what random sampling means
for language documentation is unclear. With many
of the corpora built by field linguists built upon a
combination of standard field method practices and
anthropological story gathering, the type of data
collected is hardly random. As such, the model
results presented in this paper are based on Zipfian
sampling.

5.2.1 Design of Test

We propose a modified test case to measure
paradigm coverage of the model. A lexeme is cho-
sen for each verb type and tested for each cell or
unique morphosyntactic description (MSD).

The choice of lexeme is motivated by how regu-
lar the inflection of its particular phonotactics are.
With the purpose of testing generalisability, it fol-
lows that our case study verbs are regular. Although
we note that limitations of this approach, namely
the variation of morphs across certain phonological
properties of the stem (e.g., vowel harmony).

Given resource and access limitations we have
utilised the finite-state grammar for Nen (Mu-
radoglu et al., 2020) to generate full paradigms for
the positional and transitive verbs, these paradigms
are later examined by a language expert. The mid-
dle verb test is based on a full paradigm that was
previously verified with Nen speakers. The full
copula paradigm and its directional variants are
sourced from the forthcoming grammar of Nen.

In a sense our suggested test for coverage is sim-
ilar to the wug test in the SIGMORPHON shared
tasks (Kodner et al., 2022), but rather than gen-
eral production processes of nonce words we are
interested in generating complete paradigms.

5.2.2 Meet the Verbs

m ‘to be’ The copula paradigm consists of 40
unique forms. The come/go paradigms are built
using the copula with the addition of directional
prefixes.
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pingr (n-du)/piaran (du) ‘to be high/elevated’
Depending on the vowel of the stem (‘i’ in this
case), the 2I3nsg prefix is e-, e.g., epingr ‘you
two/they two are up high’.

armbs ‘to climb’  As with all middle verbs, armbs
begins with a vowel. It is somewhat similar to the
most common middle verb in the corpus owabs ‘to
speak’, with a shared b before the infinitive marker
-s. In addition to exhibiting regular inflection, the
forms have been verified by native Nen speakers.

wambaes ‘to sniff’ There are a few key points
to note for this verb. When verb infinitives end
with a dipthong (e.g. ae) before the final s, the
dipthong is shortened in the non-dual (e.g., wakaes
‘to look at’ but yakatan ‘I look at him/her’), but
in the dual the full diphthong is present and also a
dual-marking -w- which only occurs in such envi-
ronments, e.g., yawakataewn ‘I look at the two of
them’, yakataewm ‘we two look at him/her’.

The most notable verb that is similar in phono-
logical structure is wakaes ‘to see’. The corpus
contains 36 unique forms for wakaes.

6 Results and Discussion

A full paradigm for one verb is unlikely to be en-
countered in natural speech, or language learning
contexts (Chan, 2008; Blevins and Blevins, 2009).
Although the focus of this paper is not language
learning, the sparsity of paradigm coverage ob-
served in these contexts is equally relevant here.
Based on various well-known corpora, Chan (2008)
shows that languages with larger verbal paradigms
exhibit lower coverage. Most notably, the only lan-
guage with full coverage of its verbal paradigm is
English, which only has six verbal forms. By con-
trast, Finnish has 365 verb forms and only a 40.3%
saturation even though the corpus size is almost
double (2.1 million words compared to the Brown
corpus of 1.2 million words) that of the English
counterpart.

Muradoglu (2017) reports on the bleak data re-
quirements to record each cell of the transitive verb
in Nen. Here we have utilised the power of trans-
former models to leverage abstraction and statisti-
cal learning. Figure 1 shows that the model based
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on the corpus does significantly better in terms
of coverage. This suggests that while each com-
bination might not be present in the corpus, the
relevant information is. This typically parallels a
mechanism utilised by field linguists to bootstrap
the mapping of a linguistic paradigm since going
through a complete paradigm for one particular
verb is implausible. Instead, the circumstantial
context primes language informants to showcase
verbs of different semantic domains. The field lin-
guist typically obtains part of the paradigm (either
through elicitation or by natural means) for each
verb. These fragments likely allow for a recon-
struction of the entire paradigm. Dimensional in-
dependence allows the linguist to fill out parts of
the paradigm. This task has been described as the
paradigm cell filling problem (PCFC) Ackerman
et al. (2009); Silfverberg and Hulden (2018); Liu
and Hulden (2020).

Figure 1 shows the paradigm coverage across
the four verb types in question. We contrast model-
based coverage with a corpus-based account. In
both instances, we follow the trajectory of one rep-

resentative verb. For the model, the four test verbs
are detailed in the Section 5.2.2. The corpus cov-
erage curve follows akingr ‘to be standing’ for the
positional, owabs ‘to speak’ for the middle, and
rdms ‘to do/give’ for the transitive verb. The model
and the corpus follow m ‘to be’ since the copula
verb is one entity.

The most observable behaviour shown in Figure
1 is the fluctuation across models trained across
different training sizes. Although, in general, the
growth is positive, we see a significant difference
across each step. One explanation might be the
skew within the samples added. In other words,
the added examples negatively influence the gen-
eralisations built by the model. Another might be
the model sensitivity to initial training data and
data order. To account for the statistical variation,
we report confidence bands for each verb type by
measuring the variation in accuracy by dividing
the test case for each verb into four random parti-
tions. The partitions are randomly sampled as the
test file is constructed in paradigmatic order. If the
partitioning is performed sequentially, we might



Corpus Model
Annotation units # of words Training size Annotation units # of words
All - - 198,000 560,000 2,610,000
Transitive 154,000 716,000 34,000 97,000 451,000
Middle 44,000 205,000 4,000 12,000 55,000
Positional 40,000 188,000 3,000 10,000 45,000
Copula 11,000 53,000 3,000 10,000 46,000

Table 1: Extrapolated values based on the learning curve for both corpus and model-based coverage. The corpus’s
training size has been omitted as it does not bear any particular meaning. The numbers presented are rounded to the

nearest thousand.

observe bias in one part of the paradigm, yielding
large error margins.

The model shows greater coverage for the transi-
tive, middle and copula verb types than the corpus
account. Interestingly, the growth curve shows that
the model-based account for positional verbs does
worse than the corpus account. This is because
the learning curve for the positional verb fluctu-
ates substantially. The best-performing model for
positional verbs is obtained with only 900 train-
ing examples (or 3,339 annotation units) at 16.5%
coverage compared with the corpus account of ak-
ingr at 9% across the whole corpus. Given that
the paradigm of the positional verb is the smallest
among the four, we would have expected coverage
to be high. A possible explanation for this might be
that there are few instances of positional verbs in
the corpus (26 distinct forms across seven lexemes)
and, thus, the training set. We also observe looping
errors as described in Shcherbakov et al. (2020),
particularly for training sets below 1,000 instances.

We describe the coverage growth relative to an-
notation units to capture the data requirements for
paradigm representation fully. The texts are seg-
mented into annotation units to retain some of
the contextual information surrounding the verb
in question. These units are typically one complete
sentence and most commonly correspond to a seg-
ment in ELAN (Sloetjes and Wittenburg, 2008).
On average, 4.7 words per intonation unit, one of
which is usually a verb. With 6,446 annotation
units across the corpus, on average, for every 2.88
units, there is a distinct form encountered.

The model paradigm coverage is contrasted with
that from the Nen spoken corpus. We make a point
to situate the required data size for training the
model (i.e., train + dev) with units that relate to
the corpus to help highlight the distillation process.
Typically, the model training size is measured in

the number of instances. However, when collating
a data set for a specific natural language processing
(NLP) task — such as morphological inflection, the
corpus is filtered from total words (assuming tran-
scription exists) and later further distilled to types
from tokens.

To address our third question, we analyse the fre-
quency of the verb features along the TAM/Actor
and Actor/Undergoer dimensions. We expect a
strong correlation between highly frequent features
in the corpus and the model accuracy for that slot.
Figures 2 and 3 show the frequency of feature bun-
dles. In both figures, the size of the bubbles corre-
sponds to the frequency of the two sets of features
in question (TAM and Actor or Actor and Under-
goer). The saturation of the bubble shows how
successful the model is in capturing the particular
feature combination. The darker the bubble, the
more likely the model will produce the correct cor-
responding form. These results are based on the
model training with the entire training set available
(2,000 instances).

As expected, both figures show a correlation
between the bubble size (corpus frequency) and
saturation (model accuracy). Nevertheless, there
are cases where the corpus frequency is low, but
the model proves to be proficient in producing the
correct form. One such example is the imperfec-
tive imperative (ipfv.imp), the second person plural
actor (which requires a prefix of the « series and
the -tang suffix) makes up for 0.29% of the training
data, but the model produces the correct form more
than 66% of the time. One explanation might be
that the rule’s complexity and the chosen test verbs
do not trigger allomorphic variants.

We note the morphophonological element of in-
flecting. While we have tried to choose regular
verbs, they still exhibit a phonological layer. It
is hard to disentangle such effects. One possible



future direction would be to choose a list of verbs
across the categories presented here which exhibit
the full range of phonological phenomena observed
in Nen. For example, verbs that might trigger vowel
harmony and the consequent allomorphs.

We further our analysis by providing a predictive
quantity of data needed to reach 100% accuracy.
We utilise scipy-based (Virtanen et al., 2020) ex-
trapolation by treating the resultant coverage curve
as a learning curve. The predictions presented here
are optimistic; to ensure that the predictions are
based on monotonically increasing functions, we
ensure that:

A(AU") > A(AU)

where A is the accuracy, AU is the annotation units
and AU’ > AU. Given the predictions’ variability,
the numbers are rounded to the nearest thousand.
Table 1 shows that the amount of data needed for
the model to reach full coverage is significantly less
than a corpus-based account. In some cases, such
as the transitive and middle verb, the estimated
quantity is over four times less. We expect these
paradigms to benefit the most from generalising as
they typically display regular inflection. Addition-
ally, the paradigm size for both is substantial.

It is tempting to draw parallels between language
learning and the analysis presented here. However,
we remind readers that we base our predictions on
one representative verb and focus on attestation
coverage rather than heuristic coverage. Further-
more, we note that heuristic coverage would require
a vastly more significant quantity of data. In addi-
tion, the numbers here are for one verb only, and it
does not extend to include all parts of speech.

7 Conclusion

We propose ‘coverage’ as a new way to measure the
comprehensiveness of a corpus for morphological
paradigms. Here we present this application to
Nen verbal morphology. This methodology can
be extended to include other parts of speech or
languages.

Our results show that using deep learning ap-
proaches, more specifically the Transformer archi-
tecture (Gillioz et al., 2020; Lin et al., 2022) allows
us to exploit the generalisable parts of a paradigm
and thus grant us a higher coverage. The model-
based account yielded higher attestation for three

of the four verbs considered. In an ideal setting,
each inflection feature for each word would be ob-
served and recorded naturally. However, this is an
impossible feat in real-life. Using statistics-based
modelling like the Transformer model allows us to
synthesise forms based on examples encountered
in the training data. As a result, the existing corpus
can account for more of the system than a simple
count within the corpus would suggest.

We have explored the basis of the conventional
wisdom of higher frequency yielding better model
performance. While this holds, we observe a pos-
itive correlation between high-frequency feature
combinations and model accuracy; we also see that
the model can correctly generate less frequent fea-
ture combinations as well.

We provide data quantity estimations based on
the learning curves generated. These predictions
are meant only as a guide rather than anything
definitive, as they present an optimistic case defined
by the enforcement of monotonicity.

The extension of our proposed methodology to
other languages with diverse morphological charac-
teristics remains an open direction for future work.

Limitations

One major limitation of the study presented here is
the microscopic tracking of one representative verb.
As mentioned earlier, one potential solution is to
track several verbs of each inflection type. These
might be chosen based on phonological behaviour,
allowing us to account for allomorphy. Another
difficulty to note is the generalisability of parts of
the paradigm. By using a neural approach, we wish
to leverage the generalisability of the system but
to cover even a subsection of language like verbal
morphology fully, sometimes a direct exposure to
the exceptions is needed.

Ethics Statement

Data on Nen were gathered by Evans under the
projects Language and Social Cognition (ANU
Aries protocol 2008/253), Languages of South-
ern New Guinea (ANU Aries protocol 2011/313)
and The Wellsprings of Linguistic Diversity (ANU
Aries Protocol 2014/224). Nen data are lodged on
open access in the PARADISEC archive.
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A Appendix: Inflection categories

IPFV.FIMP:
IPFV.IMP:
IPFV.MIMP:
IPFV.NPHD:
IPFV.YPST:
IPFV.RMPST:
NEUT.PRIM:
NEUT.PRET:
NEUT.PIRR:
PFV.IMP:
PFV.FUT:
PFV.PST:

Future Imperfective
Imperfective Imperative
Mediated imperative
Imperfective Nonprehodiernal
Imperfective Yesterday Past
Imperfective Remote Past
Neutral Primordial

Neutral Preterite

Neutral Irrealis

Perfective Imperative
Perfective Future

Perfective Past
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Chapter 5

Active Learning Guided Sample

Collection

This chapter was published as:

Muradoglu, S., & Hulden, M. 2022. Eeny, meeny, miny, moe. How to choose data for
morphological inflection.. In Proceedings of the 2022 Conference on Empirical
Methods in Natural Language Processing, pages 7294-7303, Abu Dhabi, United

Arab Emirates. Association for Computational Linguistics.
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S.M., M.H. analysed data; and S.M. wrote the paper and revised it based on critical

comments by M.H..

Results from chapter 4 showed the interaction between high-frequency MSDs and
model performance. As expected, in general, high-frequency MSDs were modelled
with high accuracy. Notably, some low-frequency feature combinations were also
predicted with high accuracy. These results highlight the discrepancy between the
needs of the corpus for building an archival resource and model building. While an
even sample distribution across each cell is regarded as ideal, this might not be the

case for building NLP models. In particular, if the corresponding paradigm cell does
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not exhibit a lot of allomorphy, the pattern the model must learn is simple. Where
morphonological conjugation differences are present, the model must statistically
infer the environment which conditions the allomorphs. Given these considerations,
model-based methods to guide sample collection are examined. In this chapter, an

active learning (AL) approach is explored to aid in prioritising linguistic annotation.

For example, consider the inflection patterns for the desinence suffix shown in 1.6.
The pattern for the second singular person imperfective imperative ("2sgA:IPFV.IMP’)
is affixing {-@}. This rule is arguably more straightforward than the second singular
person imperfective remote ("2sg A:IPFV.BASIC) expressed by displacing the previous
vowel (#e). The latter pattern requires identifying the category of possible vowels.
Another example is when vowel harmony effects are observed in some forms of
the neutral preterite (Evans, 2016). Consider the transitive verb wngis ‘to stand up’,

inflected for 2 13sg A:NEUT.PRET" is yngiwi, instead of yngiwe.

In this chapter, the focus is redirected from Nen and expanded to 30 typologically
diverse languages. The primary reason for this is the quantity of data needed.
Unfortunately, the current Nen corpus is smaller than the 3,500 training (5,000 in total)
examples required for the experimental setup. An astute reader might question why a
smaller training size was not considered. Despite advances in model performance for
low-resource languages, the SIGMORPHON-defined low-resource (i.e., 100 training
samples) setting is potentially prone to noise, whereby any data is beneficial. With
this in mind, a relatively stable training size in terms of model performance has been
chosen. Investigating AL with severely limited resources remains a question for

future research.

Languages are chosen based on various WALS features pertaining to inflection,
writing script, paradigm size and data availability. In addition to a one-cycle iteration
for these languages, a detailed case study for the Austronesian language Natiigu is
presented. The reasons are severalfold; the data itself is IGT sourced, making it a

more realistic scenario for language documentation, Natiigu exhibits complex verbal
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morphology, and it is a language of the Asia and Pacific.

As noted by Palmer (2009), active learning and label suggestion can reduce annota-
tion costs, although the effectiveness is impacted by annotator expertise. The authors
contrast three sampling methods: sequential, random, and uncertainty. Palmer (2009)
which notes that sequential sampling methods perform worse by far, despite being
the most common approach to annotation. Following this, sequential sampling is not
considered in the experiments presented here. Instead, the remaining two methods
(i.e., random and uncertainty-based sampling) is implemented. This chapter’s repor-
ted model confidence-based sampling strategy is comparable to the Palmer (2009)

uncertainty sampling.

The experiment presented in this chapter explores four sampling strategies for mor-
phological inflection using a Transformer model. The first two sampling strategies
are informed by model-intrinsic metrics: model confidence and entropy. The model
confidence-based sampling relies on the transformer-generated loglikelihood as-
sociated with each form inflected. The higher the value, the more confident the
model is of producing the correct form. From this, the correlation between correct-
ness and model confidence is investigated. The results do not show a convincing
correlation consistent across the 30 languages in this study. However, it should be
noted that the four languages that derive data directly from IGTs are in the top eight
Point-Biserial Correlation Coefficient (PBCC), showing a strong positive correlation
between correctness and model confidence. The entropy-based sampling strategy
extends the model confidence approach by treating the model calculated probabilities

as a distribution rather than a single point.

Next, random selection is used to establish a comparable baseline. In other words,
this baseline helps inform whether a guided sampling strategy is able to outperform
random selection. For this method, the sampling process is repeated across three
independent runs to account for variation and to report on a margin of uncertainty.

As a measure of central tendency, the mean attempts to identify the central position
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within the dataset. As such, if only two runs are considered, it is impossible to tell
whether the returning two values are outliers of a similar type, polar opposites or
representatives of the central point. The third run minimally allows for weighting to
either of the first two runs. The margin of uncertainty also reports the variation of
the actual results to the calculated mean. This accounts for the spread of accuracy
observed across each run. While more runs would undoubtedly yield a more stat-
istically stable value, the practical implications of computational costs (in both time

and resources) meant limiting the independent runs to three.

The remaining strategy is informed by comparison to a gold standard. This strategy
parallels the involvement of a linguist/language expert in the process, where the
linguist/language expert can mark the model-generated form as either correct or
incorrect. This is referred to as the oracle experiments in the paper. Symmetry is
maintained by including conventionally disfavoured metrics. For example, high-
confidence or correct forms are not typically resampled in AL experiments. Nev-
ertheless, by including these metrics, data composition is shown empirically to
be important. Despite conventional wisdom positing that larger data quantities
yield better model performance, this is not the case when an incorrect abstraction is

reinforced or other parts of the paradigm are queried at test time.

The underpinning theorem for this intuition is the law of large numbers. The law
of large numbers is a theorem from probability and statistics, which states that the
average of the results derived from repeating an experiment multiple times will
better approximate the expected value. By extension, the more times the experiment
is repeated, the closer the average is to the expected value. This idea extends to
data in a machine-learning context. The training data should be representative and
thus contain sufficient information to allow for generalisation to the unknown and
underlying distribution of the population. From this, it is not hard to conceive that
more data results in better performance. However, in low-resource settings, this

approach is only sometimes feasible. Often, the corpora available are sparse for
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morphologically complex languages (whether the inflectional system is synthetic,
polysynthetic or agglutinating). As discussed earlier (section 1.1), a language such as
Nen has multiple dimensions along which it encodes information. The multivariate

nature of the distribution in question must be considered in these cases.

The results found a clear benefit for selecting data based on model confidence and
entropy. Unsurprisingly, the oracle experiment, where only incorrectly inflected
forms are chosen for further training, shows the most improvement. This is followed
closely by choosing low-confidence and high-entropy predictions. As expected,

random sampling sits between the two diametric ends of the metrics considered.

The experiment design is primarily motivated by possible integration into field lin-
guistic methods and cycles. Before a field trip, a linguist typically prepares materials
or questions for language consultants'. Each task or question typically focuses on
one or two elements of a language. The envisaged usage would be training the model
and generating predictions over a list of glosses. The list is then brought into the
field to be evaluated by language informants”. The feedback is incorporated into the
training data, and the model is retrained over a new set of examples. This process
can be iterated until the model can reliably produce morphological glosses. For
languages with large inflection tables (up to 1,740 wordforms for a transitive verb
in Nen), it is unlikely to have many, if any, full inflectional tables for a lemma. It is
also a taxing demand to task a linguist or native speaker with the production of such
large tables. The ability to produce complete inflection tables is a valuable resource,
not only for resource building in the form of aiding annotation but also for building
pedagogical resources and language description —a common object found typically

in the appendix of a grammar.

IFor example, when first discovering the design space of a language, a linguist might start by
creating a small list of vocabulary. The next step involves testing paradigmatic variables (such as
subject person and number, object person and number, gender, TAM and polarity.) to get an initial
feel for where there is inflectional complexity. After this, a linguist might design tasks around the
inflectional complexity.

2A more detailed motivation behind implementing the morphological generation task is given in
1.2.3.
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One possible future direction is to combine the approach in 4 with that presented
here. That is utilising AL to address model coverage®. From a corpus-building
perspective, it would make sense to prioritise sampling unseen inflected forms
of lemma. However, results from 4 showed that the model can efficiently learn
infrequently encountered inflection patterns. So, the model might be used to generate

these forms.

Undoubtedly, a similar setup for morphological analysis would benefit the annotation
bottleneck. A. McCarthy et al. (2019) outlines a task for in-context morphological
analysis, where a sentence is given, and the task is to provide the lemma and MSD
of each word. Another future research question might be to explore whether data
for one direction (e.g., synthesis/generation) can be used in the counter direction
(e.g., analysis). If a model achieves high performance in synthesis, can the same data
(when the input and output pairs are inverted) be used to train for analysis? Would
the performance be comparable? Can the model for morphological generation be

used to generate data for morphological analysis?

3To an extent, the experiment presented here still concerns coverage, although not in the same
systematic way presented in 4.
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Abstract

Data scarcity is a widespread problem in nu-
merous natural language processing (NLP)
tasks for low-resource languages. Within mor-
phology, the labour-intensive work of tag-
ging/glossing data is a serious bottleneck for
both NLP and language documentation. Active
learning (AL) aims to reduce the cost of data an-
notation by selecting data that is most informa-
tive for improving the model. In this paper, we
explore four sampling strategies for the task of
morphological inflection using a Transformer
model: a pair of oracle experiments where data
is chosen based on whether the model already
can or cannot inflect the test forms correctly,
as well as strategies based on high/low model
confidence, entropy, as well as random selec-
tion. We investigate the robustness of each strat-
egy across 30 typologically diverse languages.
We also perform a more in-depth case study
of Natiigu. Our results show a clear benefit to
selecting data based on model confidence and
entropy. Unsurprisingly, the oracle experiment,
where only incorrectly handled forms are cho-
sen for further training, which is presented as
a proxy for linguist/language consultant feed-
back, shows the most improvement. This is fol-
lowed closely by choosing low-confidence and
high-entropy predictions. We also show that
despite the conventional wisdom of larger data
sets yielding better accuracy, introducing more
instances of high-confidence or low-entropy
forms, or forms that the model can already in-
flect correctly, can reduce model performance.

1 Introduction

The need for linguistically annotated data sets is
a drive that unites many fields within linguistics.
Computational linguists often use labelled data sets
for developing NLP systems. Theoretical linguists
may utilise corpora for constructing statistical argu-
mentation to support hypotheses about language or
phenomena. Documentary linguists create interlin-
ear glossed texts (IGTs) to preserve linguistic and

mans.hulden@colorado.edu

cultural examples, which typically aids in generat-
ing a grammatical description. With the renewed
focus on low-resource languages and diversity in
NLP and the urgency propelled by language extinc-
tion, there is widespread interest in addressing this
bottleneck.

One method for reducing annotation costs is ac-
tive learning (AL). AL is an iterative process to
optimise model performance by choosing the most
critical examples to label. It has been successfully
employed for various applications through NLP
tasks including deep pre-trained models (BERT)
(Ein-Dor et al., 2020), semantic role labelling (My-
ers and Palmer, 2021), named entity recognition
(Shen et al., 2017), word sense disambiguation
(Zhu and Hovy, 2007), sentiment classification
(Dong et al., 2018) and machine translation (Zeng
et al., 2019; Zhang et al., 2018). The iterative na-
ture of AL aligns nicely with the language docu-
mentation process. It can be tied into the workflow
of a field linguist who consults with a language
informant or visits a field site in a periodic manner.
Prior to a field trip, a linguist typically prepares
material/questions (such as elicitation’s or picture
tasks!) for language consultants which may focus
on elements of the language they are working to
describe or for material creation (e.g., pedagogical).
We propose AL as a method which can provide a
supplementary line of insight into the data collec-
tion process, particularly for communities that wish
to develop and engage with language technology
and/or resource building.

Previous work by Palmer (2009) details the ef-
ficiency gains from AL in the context of language
documentation for the task of morpheme labelling.
With deep learning models leading performance
for the task of morphological analysis (Pimentel
etal., 2021; Vylomova et al., 2020; McCarthy et al.,

'Or indeed any materials such as those complied by
the Max Planck Institute for Psycholinguistics at http://
fieldmanuals.mpi.nl/
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Figure 1: The accuracy for each trained modelled, starting from the baseline (cycle 1). Each cycle 250 instances are re-sampled
via the seven sampling methods: correct/incorrect, high/low model confidence, high/low entropy and random (coded with colour).
The reported error bars are calculated across 3 separate runs. See Table 1 in Appendix for more detail. After cycle 2, the same
sampling strategy is applied to that stream of experiment - e.g. for the lowest log-likelihood strategy, from cycle 2 to 10 the same

strategy is used.

2019), AL in the context of neural methods is
needed.

This paper addresses the following question:
How can we identify the type of data needed to
improve model performance? To answer this, we
explore the use of AL for the task of morphologi-
cal inflection using a Transformer model. We run
AL simulation experiments with four different sam-
pling strategies: (1) correctness oracle, (2) model
confidence, (3) entropy and (4) random selection.
These strategies are tested across 30 typologically
diverse languages and a 10-cycle iterative experi-
ment using Natiigu as a case study.

2 Data

We use data from the UniMorph Project (McCarthy
et al., 2020), Interlinear Glossed Texts (IGT) from
Moeller et al. (2020) and SIGMORPHON (Vy-

lomova et al., 2020; Pimentel et al., 2021). In
addition to the data availability, we consider ty-
pological diversity when selecting languages to
include. Broadly, we attempt to include types of
languages that exhibit varying degrees of complex-
ity for inflection. We also consider morphological
characteristics coded in WALS; prefixing vs. suf-
fixing (Dryer, 2013), inflectional synthesis of the
verb (Bickel and Nichols, 2013b) and exponence
(Bickel and Nichols, 2013a). An additional consid-
eration is the paradigm size for the morphological
system modelled.

We note data source type to account for the vari-
ation in standard across Wikipedia, IGT field data,
glossed examples from grammars and data gener-
ated from computational grammars.
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3 Experimental Setup

We train the model as if we were addressing an
‘inflection’ task (Vylomova et al., 2020). The data
is in the form of triplets: lexeme, morphosyntac-
tic tags and the desired output inflected form (e.g.
(walk, V;PST, walked))?. Each model is trained
with the fairseq Transformer (Ott et al., 2019)
and our hyperparameters follow Liu and Hulden
(2020).

A baseline model is trained, after which more
examples are resampled from the baseline test file
using the methods detailed below. The initial base-
line model is trained with 3,500 instances, 1,000
test and 500 for development. We resample 250
instances.

3.1 Sampling strategies

Oracle The oracle experiments serve as a proxy
for linguist/language expert feedback. 250 exam-
ples are sampled based on whether the predicted
form is correct/incorrect. The initial filter is sup-
plemented with the following criteria: (1) if there
are fewer than 250 incorrect forms, the remaining
slots are filled in accordance with examples that
exhibit the smallest difference between the first
and second output form’s log-likelihood, (2) in the
case of more than 250 incorrect forms, the incor-
rect instances are ranked based on the maximum
Levenshtein distance between the predicted and
target forms. The same selection criteria are appli-
cable for the counterpart correct experiment, with
reversed limits (e.g. in the case of less than 250
correct forms, the instances with the largest differ-
ence between the first and second log-likelihood
are considered).

Model Confidence The instances introduced to
the training data are sampled based on the model
confidence for each form. In this particular strategy,
we only record the log-likelihood for the highest-
ranked prediction in the beam.

We further examine the correlation between the
log-likelihood (continuous variable) and accuracy
(dichotomous variable) of the best prediction gener-
ated by the model by calculating the Point-Biserial
Correlation Coefficient (PBCC). Across the 30 lan-
guages we study, the average PBCC is 0.388. Like
all correlation coefficients, the PBCC measures the
strength of the correlation, and the reported value

’Data and code available at https://github.com/
smuradoglu/ALmorphinfl
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Figure 2: The calculated Point-Biserial Correlation Coeffi-
cient (PBCC) between correct prediction and the model log-
likelihood, across 30 different languages. The source of the
data is also noted with colour.

ranges from -1 to +1, where -1 indicates an inverse
association, +1 indicates a positive association, and
0 indicates no association at all.

Entropy Here we expand upon the previous
strategy—model confidence. We consider the
distribution of the ranked output predictions for
a particular input and approximate its entropy
—>; pilog(p;), by only considering such pre-
dictions where p; > 0.05, i.e. we calculate
— > pilog(p;), for all p; > 0.05. The model gener-
ated log-likelihoods are converted to probabilities
and renormalised across the outputs generated by
beam search. p; = —£2—, b being the number of

B
Zj:l Pn

predictions we retrieve from the beam search.
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Random We contrast the previous methods for
re-sampling with random data selection. To estab-
lish whether the change in accuracy is statistically
significant, we report the average across three inde-
pendent runs and the standard deviation across the
measured accuracy.

4 Results and Discussion

To simulate a documentation process, we have cho-
sen Natiigu as a case study. The inflection data
is from Moeller et al. (2020) and is derived from
IGTs—a form that is commonly utilised by field
linguists. Our choice of language is further moti-
vated by the morphological complexity exhibited
by Natiigu. By all accounts Natiigu showcases com-
plex morphology (Wurm, 1976; Ashild Nzss and
Boerger, 2008), particularly on the verb. Histori-
cally, this observed complexity led to the language
family named as Papuan instead of Austronesian.

Additionally, we observe a positive correlation
between prediction correctness and model confi-
dence (0.605). In fact, 4 out of the top 8 correla-
tions (as shown in Figure 2) are languages with
IGTs as a data source. For these reasons, we have
chosen to examine iterative sampling over 10 cy-
cles.

Figure 1 summarises our results for Natiigu. The
re-sampling process is iterated over 10 cycles. The
first cycle is the baseline/seed run and consists of a
600 instance training set. To account for the impact
of random factors affecting the initial training data
selection, we have conducted 3 independent seed
runs—differing solely on the initial training set.
The average accuracy and corresponding standard
deviation is reported with the error bars.?

The small starting size is motivated by the par-
allels with language documentation efforts, which
are typically a low-resource setting. In each cycle,
250 forms are sampled via the corresponding sam-
pling strategy. By the last cycle the training data
consists of 2,850 instances.

Aside from the 3rd and 10th cycle, the lowest
log-likelihood sampling consistently provides the
greatest improvement. For these two cycles sam-
pling based on incorrect forms outperforms selec-
tion based on low confidence. In general, the top 3
selection methods are ranked as follows: low log-
likelihood, incorrect and highest entropy forms. We
note the possible interplay between paradigm size
(907 unique tag combinations) and training size set

3Individual values can be found in Table 1 of the Appendix.

(1,100 by cycle 3); unseen morphosyntactic cate-
gories will be most informative and presumably
beneficial to model performance.

Given the strong correlation between prediction
accuracy and model confidence for Natiigu, we ex-
pect similarity in trajectory across cycle number
and accuracy for the oracle and model-confidence
based sampling strategies. Figure 1 verifies these
forecasts; we see that the sampling based on pre-
diction correctness (in light blue) and the sampling
based on the highest log-likelihood (in light green)
almost look identical. The same is observable for
low log-likelihood (in red) and sampling based on
incorrect prediction (green).

The lowest log-likelihood sampling method can
be seen as an approximation for the highest entropy
selection method, and by extension, the highest
log-likelihood as an approximation for the lowest
entropy selection. Our results for iterative AL for
Natiigu show that choosing by approximation is
a higher risk endevaour. The choice either works
really well or not at all. When we contrast low
entropy and high model confidence as a selection
strategy we can see that low entropy limits the im-
pact of high model confidence since it accounts for
a distribution rather than the single value approx-
imation. We observe similar behaviour between
the the high entropy and low confidence selection
strategies. Random sampling shows gradual im-
provement.

Work by Yuan et al. (2020) highlight the issues
with uncertainty sampling for deep learning mod-
els; noting that neural networks are poorly cali-
brated (Guo et al., 2017), and that the correlation
between high confidence and correctness is not
well established. We explore this correlation for
our models in Figure 2. We observe a similar un-
certainty with an overall slight positive correlation
across the 30 languages examined. Despite this,
our results show that data selection based on low
model confidence yields significant improvement
of model accuracy. The work presented here is
intended as a preliminary baseline; we leave it to
future work to consider calibration methods such
as temperature scaling.

Interestingly, despite an increase in training
data size, introducing new data that the model al-
ready can inflect correctly, or low-entropy or high-
confidence forms actually reduces model perfor-
mance despite the widely-held notion that more
data is better. Another recent study by Samir and
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Figure 3: The change in accuracy (from the established baseline) is reported with each sampling strategy, across 30 different
languages (coded with colour). The source of data is also noted with tick shapes.

Silfverberg (2022) reports similar behaviour, where
data hallucination reduces prediction accuracy for
words that exhibited reduplication.

We extend the same sampling strategies to 30
different languages for one round of re-training.
The results are summarised in Figure 3. Within
the 30 languages we ensure to include languages
with large inflection table sizes (ranging from 12
to 700+), different scripts (Latin, Cyrillic, Arabic,
Hangul, Ge‘ez and Gujarati) and morphological
typology (agglutinating, fusional, polysynthetic).
We code for the source of the data, and see no
particular deviation from the overall observed be-
haviour. The reported error bars for random sam-
pling correspond to the standard deviation across
three independent runs of random sampling.

It is clear that in general, the sampling strategies
can be ordered for prediction accuracy improve-
ment in the following manner: incorrect, lowest
log-likelihood, highest entropy, random, highest
log-likelihood, lowest entropy and finally correct
form sampling. While a handful of languages de-
viate from this pattern (e.g. Swahili or Dido),”* it

4see Table.3 in Appendix for more detail.

holds true for a majority of the languages consid-
ered.

5 Conclusion

In this paper we examine four different sam-
pling strategies within an AL framework for mod-
elling morphological inflection using a Transformer
model. We consider correct/incorrect prediction,
model confidence, entropy and random selection
as sampling strategies. Our results clearly show
that AL can significantly improve learning rates for
morphological inflection. Unsurprisingly, adding
oracle-indicated incorrect forms for training yields
the greatest model improvement. In the absence of
a language expert, model confidence can be used to
prioritise data annotation. This holds true across 30
different languages. We also show that larger data-
sets do not always yield better results; the diversity
of the training set matters.

Future research should extend the analysis to
incorporate language-specific factors—such as
model performance for each morphosyntactic slot
within the morphological paradigm.
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Limitations

The primary limitation of this study is that the re-
sults are not evaluated in a real life documentation
scenario. While we have tried to address this gap
by noting the source of data, and have enlisted IGT
data to serve as a proxy, we acknowledge that field-
work data is often inconsistent, noisy and requires
much more data cleaning. The data used for these
experiments is, for the most part, already structured
as a paradigm.

In addition, the simple metric of accuracy can be
crude and is often prone to some degree of fluctua-
tion. To minimise these effects we have considered
the change in accuracy across sampling cycles in-
stead. Lastly, we have tried to collate a diverse set
of languages to consider. However, this is largely
limited by the availability of data. It is likely that
several morphophonological phenomena are not
included within the data sets used here.
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Resample by:
Lowest log(p;) Highest log(p;) Random

Cycle # | training size || S1 S2 S3 avg std S1 S2 S3 avg std S1 S2 S3 avg std

1 600 0.618 | 0.621 | 0.604 | 0.614 | 0.009 | 0.618 | 0.621 | 0.604 | 0.614 | 0.009 | 0.618 | 0.621 | 0.604 | 0.614 | 0.009
2 850 0.800 | 0.795 | 0.774 | 0.790 | 0.014 | 0.508 | 0.532 | 0.522 | 0.521 | 0.012 | 0.617 | 0.666 | 0.642 | 0.642 | 0.025
3 1100 0.870 | 0.872 | 0.886 | 0.876 | 0.009 | 0.439 | 0.442 | 0.439 | 0.440 | 0.002 | 0.679 | 0.697 | 0.662 | 0.679 | 0.018
4 1350 0.927 | 0.933 | 0.905 | 0.922 | 0.015 | 0.374 | 0.317 | 0.321 | 0.337 | 0.032 | 0.723 | 0.723 | 0.659 | 0.702 | 0.037
5 1600 0.922 | 0.939 | 0.932 | 0.931 | 0.009 | 0.275 | 0.310 | 0.267 | 0.284 | 0.023 | 0.727 | 0.744 | 0.705 | 0.725 | 0.020
6 1850 0.934 | 0.925 | 0.943 | 0.934 | 0.009 | 0.266 | 0.234 | 0.236 | 0.245 | 0.018 | 0.741 | 0.771 | 0.754 | 0.755 | 0.015
7 2100 0.921 | 0.929 | 0.933 | 0.928 | 0.006 | 0.256 | 0.198 | 0.208 | 0.221 | 0.031 | 0.735 | 0.726 | 0.791 | 0.751 | 0.035
8 2350 0.940 | 0.890 | 0.929 | 0.920 | 0.026 | 0.236 | 0.207 | 0.206 | 0.216 | 0.017 | 0.756 | 0.774 | 0.758 | 0.763 | 0.010
9 2600 0.943 | 0.932 | 0.948 | 0.941 | 0.008 | 0.225 | 0.208 | 0.258 | 0.230 | 0.025 | 0.758 | 0.783 | 0.794 | 0.778 | 0.018
10 2850 0.929 | 0.927 | 0.939 | 0.932 | 0.006 | 0.242 | 0.230 | 0.217 | 0.230 | 0.013 | 0.760 | 0.795 | 0.803 | 0.786 | 0.023

Table.1: Model accuracies for iterative sampling for Natiigu, across the lowest and highest low-likelihoods and
random sampling strategies. S1, S2, S3 corresponds to seed 1, seed 2 and seed 3 respectively. Avg and std indicate
the average value across the three seed runs and the standard deviation. Data used to generate Figure.1.

R le by:
Incorrect Correct Highest Entropy Lowest Entropy

Cycle # | training size || S1 S2 S3 avg std S1 S2 S3 avg std Sl S2 S3 avg std S1 S2 S3 avg std

1 600 0.618 | 0.621 | 0.604 | 0.614 | 0.009 | 0.618 | 0.621 | 0.604 | 0.614 | 0.009 | 0.618 | 0.621 | 0.604 | 0.614 | 0.009 | 0.618 | 0.621 | 0.604 | 0.614 | 0.009
2 850 0.778 | 0.791 | 0.758 | 0.776 | 0.017 | 0.530 | 0.521 | 0.493 | 0.515 | 0.019 | 0.792 | 0.790 | 0.731 | 0.771 | 0.035 | 0.506 | 0.520 | 0.518 | 0.515 | 0.008
3 1100 0.896 | 0.887 | 0.913 | 0.899 | 0.013 | 0.452 | 0.446 | 0.402 | 0.433 | 0.027 | 0.848 | 0.861 | 0.848 | 0.852 | 0.008 | 0.507 | 0.445 | 0.448 | 0.467 | 0.035
4 1350 0.901 | 0.931 | 0.900 | 0.911 | 0.018 | 0.373 | 0.346 | 0.320 | 0.346 | 0.027 | 0.876 | 0.857 | 0.885 | 0.873 | 0.014 | 0.500 | 0.439 | 0.421 | 0.453 | 0.041
5 1600 0.923 | 0.934 | 0.901 | 0.919 | 0.017 | 0.291 | 0.278 | 0.216 | 0.262 | 0.040 | 0.892 | 0.908 | 0.888 | 0.896 | 0.011 | 0.454 | 0.386 | 0.369 | 0.403 | 0.045
6 1850 0.935 | 0.935 | 0.917 | 0.929 | 0.010 | 0.212 | 0.189 | 0.250 | 0.217 | 0.031 | 0.895 | 0.895 | 0.918 | 0.903 | 0.013 | 0.460 | 0.342 | 0.357 | 0.386 | 0.064
7 2100 0.906 | 0.916 | 0.916 | 0.913 | 0.006 | 0.189 | 0.229 | 0.203 | 0.207 | 0.020 | 0.919 | 0.916 | 0.908 | 0.914 | 0.006 | 0.362 | 0.248 | 0.408 | 0.339 | 0.082
8 2350 0.929 | 0.872 | 0.917 | 0.906 | 0.030 | 0.234 | 0.220 | 0.194 | 0.216 | 0.020 | 0.919 | 0.917 | 0.899 | 0.912 | 0.011 | 0.408 | 0.301 | 0.327 | 0.345 | 0.056
9 2600 0.928 | 0.947 | 0.940 | 0.938 | 0.010 | 0.210 | 0.229 | 0.280 | 0.240 | 0.036 | 0.933 | 0.860 | 0.938 | 0.910 | 0.044 | 0.365 | 0.409 | 0.339 | 0.371 | 0.035
10 2850 0.935 | 0.940 | 0.937 | 0.937 | 0.003 | 0.229 | 0.188 | 0.224 | 0.214 | 0.022 | 0.933 | 0.904 | 0.925 | 0.921 | 0.015 | 0.378 | 0.389 | 0.342 | 0.370 | 0.025

Table.2: Model accuracies for iterative sampling for Natiigu, across incorrect, correct, highest and lowest entropy
sampling strategies. S1, S2, S3 corresponds to seed 1, seed 2 and seed 3 respectively. Avg and std indicate the
average value across the three seed runs and the standard deviation. Data used to generate Figure.1.
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Language Iso-code | PBCC | p-value
Adyghe ady 0.031 | 3.29E-01
Ambharic amh 0.643 | 5.74E-118
Arabic ara 0.394 | 1.53E-38
Arapaho arp 0.607 | 1.08E-101
Aymara aym 0.394 | 1.64E-38
Ashaninka cni 0.799 | 1.10E-222
Palantla Chinantec | cpa 0.355 | 4.10E-31
Cree cre 0.069 | 2.91E-02
Dido ddo 0.550 | 4.24E-80
German deu 0.363 | 1.60E-32
Basque eus 0.707 | 3.67E-152
Evenki evn 0.532 | 2.94E-74
Persian fas 0.242 | 7.68E-15
Finnish fin 0.135 | 1.84E-05
Irish gle 0.172 | 4.24E-08
Gujarati guj 0.168 | 8.40E-08
Haida hai 0.240 | 1.47E-14
Indonesian ind 0.364 | 1.05E-32
Halh Mongolian khk 0.370 | 8.44E-34
Korean kor 0.431 | 1.78E-46
Manipuri mni 0.709 | 2.34E-153
Navaho nav 0.396 | 7.66E-39
Natiigu ntu 0.605 | 1.13E-100
Quechua que 0.838 | 3.44E-265
Russian rus 0.282 | 9.57E-20
Seneca see 0.306 | 3.75E-23
Spanish spa -0.069 | 3.02E-02
Swabhili SWC 0.324 | 6.16E-26
Turkish tur 0.129 | 4.17E-05
Zulu zul 0.540 | 9.23E-77

Table.2: Correct and model log-likelihood correlation based on baseline for each language. The reported value is a
Point-Biserial Correlation Coefficient (PBCC) with the respective p-value. Data used to generate Figure.2.
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R le by:
Language Source | # Tables | Baseline | Correct | Incorrect Lowest | Highest | Lowest | Highest Random; | Randomsy | Randoms | Randomg,, | £ Std dev
log(pi) | log(pi) | Entropy | Entropy 9

ady Wiki 430 0.986 0.984 0.998 | 0.990 0.988 0.985 0.992 0.989 0.990 0.990 0.990 0.001
amh | c. grammar 285 0.983 0.977 0.989 | 0.993 0.975 0.965 0.987 0.980 0.977 0.977 0.978 0.002
ara | c. grammar 83 0.800 0.755 0.924 | 0.920 0.730 0.754 0.838 0.818 0.805 0.824 0.816 0.010
aym grammar 55 0.933 0.924 0.991 | 0.988 0.923 0.926 0.959 0.939 0.941 0.938 0.939 0.002
cpa grammar 490 0.843 0.798 0.895 | 0.899 0.822 0.822 0.866 0.820 0.857 0.832 0.836 0.019
cre grammar 22 0.113 0.029 0.130 | 0.125 0.096 0.066 0.133 0.110 0.116 0.115 0.114 0.003
deu wiki 450 0.937 0.911 0.979 | 0.945 0.942 0.928 0.948 0.935 0.939 0.920 0.931 0.010
eus wiki 12 0.755 0.738 0.914 | 0.905 0.660 0.612 0.897 0.813 0.754 0.784 0.784 0.030
fas wiki 39 0.178 0.044 0.222 0.201 0.143 0.064 0.222 0.186 0.182 0.178 0.182 0.004
fin wiki 97 0.587 0.489 0.717 0.601 0.539 0.528 0.676 0.593 0.584 0.590 0.589 0.005
guj wiki 280 0.620 0.511 0.743 0.603 0.579 0.544 0.660 0.601 0.587 0.594 0.594 0.007
ind wiki 750 0.551 0.445 0.634 | 0.590 0.469 0.543 0.590 0.556 0.530 0.549 0.545 0.013
khk | c. grammar 720 0.936 0.930 0.980 | 0.967 0.920 0.932 0.952 0.944 0.934 0.918 0.932 0.013
kor wiki 60 0.597 0.504 0.696 | 0.710 0.519 0.529 0.629 0.595 0.597 0.606 0.599 0.006
rus wiki 320 0.884 0.861 0.959 | 0.901 0.917 0.878 0.915 0.857 0.889 0.881 0.876 0.017
see grammar 135 0.895 0.872 0.951 | 0.943 0.878 0.873 0.919 0.902 0.884 0.898 0.895 0.009
spa wiki 75 0.880 0.847 0.966 | 0.853 0.918 0.861 0.901 0.884 0.874 0.884 0.881 0.006
SWC wiki 53 0.931 0.916 0.961 | 0.973 0.903 0.957 0.925 0.939 0.941 0.937 0.939 0.002
tur wiki 35 0.464 0.328 0.575 | 0.491 0.402 0.384 0.556 0.456 0.462 0.452 0.457 0.005
zul wiki 62 0.881 0.861 0918 | 0.957 0.844 0.875 0.861 0.876 0.868 0.856 0.867 0.010
arp IGT 470 0.290 0.238 0.352 0.354 0.265 0.165 0.315 0.326 0.296 0.349 0.324 0.027
que wiki 25 0.982 0.985 0.988 0.990 0.972 0.973 0.959 0.969 0.994 0.982 0.982 0.013
gle wiki 350 0.387 0.228 0472 | 0427 0.371 0.297 0.444 0.372 0.375 0.385 0.377 0.007
ddo IGT 400 0.793 0.770 0.925 | 0.904 0.756 0.762 0.858 0.804 0.799 0.806 0.803 0.004
nav wiki 280 0.860 0.826 0.943 | 0.941 0.854 0.852 0.926 0.874 0.862 0.877 0.871 0.008
mni IGT 525 0.752 0.730 0.932 | 0.908 0.729 0.737 0.877 0.784 0.784 0.780 0.783 0.002
evn grammar 2250 0.460 0.368 0.551 | 0.559 0.374 0.447 0.554 0.470 0473 0.479 0.474 0.005
cni grammar 105 0.992 0.991 0.999 | 0.993 0.996 0.997 0.993 0.993 0.996 0.995 0.995 0.002
hai wiki 31 0.715 0.656 0.874 | 0.731 0.731 0.708 0.773 0.728 0.727 0.717 0.724 0.006
ntu IGT 560 0.800 0.762 0.947 | 0917 0.772 0.766 0.897 0.811 0.792 0.806 0.803 0.010

Table.3: Model accuracies for each sampling strategy, across 30 different languages. Data used to generate Figure.3.
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Chapter 6

Conclusion

One of the goals of this thesis was to examine the use of computational resources
in aid of language documentation. Data processing is often the primary use of
computation in the context of language documentation. For example, many resources
have been developed for the first part of the annotation process - transcription.
Speech-to-text tools, predicated on both old and new computational methods, are
used to alleviate the resource demands placed primarily on the linguist(s). The same
constraints are observed in the next stage of annotation — glossing. Often this step
requires more linguistic expertise. With the success of computational methods for
transcription, the long-standing robustness of finite-state approaches to phonology
and morphology, and now the success of neural-based models, it is no surprise
that computational methods are recruited to reduce the strain on resources required.
Although much of the architecture exists, the application to field linguistics requires

refinement.

The contribution of this thesis is twofold; computational resources for the Papuan
language Nen and a more general investigation of the interface between computa-
tional and field linguistic methods. These considerations include how much detail
the gloss should include, what kind of data is best for model building, whether the
data requirements of NLP models and linguistic corpora intersect, and whether data

tailored to NLP models help reveal linguistic insight.
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The first half of this thesis focused on building morphological models for Nen verbs.
Both FST and neural network approaches and their corresponding considerations
were presented. The first followed the traditional approach of FSTs. The motivation
for adopting such an approach is clear, given the low-resource setting and ongoing
documentation efforts. A rule-based method allows for quick adaptations when
forms are discovered or description changes. Furthermore, it leverages heuristic
linguistic insight that might not yet be substantiated in a statistically meaningful
way via data. Two segmentation approaches are compared to further investigate
architectural decisions made when building an FST: “chunking’! and complete de-
composition. In the ‘chunking” approach, the suffix treated as one unit. Similarly,
the prefix can be seen as a concatenation of the undergoer, the directional and future
imperative prefix in the maximal case. By contrast, complete decomposition follows
the linguistic description where both the prefix and suffix can be split further into

the components noted in 1.3.

The results showed that despite the strong linguistic motivations for a morpheme-
based approach, the computational implementation remains largely indifferent to
the two approaches. The main difference is in the resulting FST size. While this
may appear to be a secondary concern, it can become more pressing when a large
lexicon is available or the language described displays complex morphophonology.
In particular, this may become a primary consideration if the FST is to be used in-field

where computational resources are typically limited.

Technological advances and the availability of computing power have led to neural-
based approaches dominating NLP. This extends to the realm of phonology and
morphology. Sequence-to-sequence models have been used to model morphological
inflection. The SIGMORPHON share tasks have pioneered the inflection task and,

over the years, have shown the massive success of neural-based architecture. One

IRetrospectively, this term might be confusing given its usage in syntax, but here it is intended
to mean ‘treating the suffix as one unit rather than breaking further into minimal components as
expected of a morpheme’.



Chapter 6. Conclusion 112

of the primary benefits of neural-based approaches is the ability to model complex
phenomena without the need for domain expertise. It also can capture the statist-
ical nature of language”. With these features in mind, the analysis of Nen verbal

morphology is extended from FSTs to models based on deep learning architectures.

Two high-performing models from the 2017 SIGMORPHON shared task for low-
resourced languages were compared. Given the statistical nature of these architec-
tures, the effects of training data composition were investigated. First, the effects
of how the sampling method by which the training data was constructed on model
performance were examined. The training data was based on the corpus Zipfian
distribution and compared with a random sampling strategy. The former approach
is motivated by the Zipfian nature of language; word forms are not encountered uni-
formly, and often a handful of forms are encountered with higher frequency than the
rest of the paradigm. A minor difference in model performance was observed, with
random sampling marginally outperforming the Zipfian counterpart. This result was
unsurprising as random sampling allows for a more diverse paradigm representation.
The Zipfian distribution was calculated from the existing Nen corpus, and as with
any corpus, the resultant distribution is conditioned mainly by the semantics of the
recordings available. This line of inquiry was furthered by introducing training size
as a variable. The experimental setup followed the 2017 SIGMORPHON shared task,
namely 100 training samples (Low resource (LR)), 1,000 samples (Medium resource
(MR)), and 10,000 (High resource (HR)). An additional ‘ALL’ setting was included to

utilise the available corpus at 2,260 forms.

Second, the correlation between model performance per verb type and verb type
representation in training was studied. As expected, when only one verb type is
encountered, the model best predicts that verb type. However, when an egalitarian
approach is adopted, whereby the model is exposed to an equal amount of each verb

type, the model performance is not equal across verb types.

2FSTs can also model statistical behaviour with weighted FSTs, where in addition to the in-
put/output pairs a weight is included.
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Lastly, a special test case to probe whether each architecture can learn and predict
paradigmatic structures was presented. The test case focuses on syncretism. Across
the verbal paradigm, Nen exhibits syncretism between the second and third-person
("213sgA’) singular cells. This pattern does not hold for the perfective past (‘PFV.PST’)
TAM category. The second singular person ("2sgA’) tag is with-held during training to
test whether the syncretic behaviour is learnt. The model is exposed only to the third
singular (‘3sgA’) forms. When the second singular person (‘2sgA’) form is elicited
during test time, both models overwhelmingly (80% and 90% of the examples) predict

syncretism by producing the third singular (‘3sgA’) form.

The second half of this thesis concentrated on utilising these computational con-
structions to address corpus concerns that are of interest to field linguists. One such
question is the amount of data needed to capture the intricacies of a language. Using
a similar setup as the neural approach to Nen verbal morphology, a SSGMORPHON
neural baseline model is trained with various data quantities and a learning curve
was generated. At test time, the model was asked to inflect full tables for a selected
verb for each verb type. Inflected forms of the verb chosen for the test were excluded
at training to avoid pre-exposure. During training, the infinitive forms of the test
verbs were included to account for the performance dip noted for previously unseen
lemma. The test verbs were chosen based on three factors: availability of tables
verified by native Nen speakers, regularity of inflection patterns and similarity in
phonology to the corpus-account counterpart. The accuracy for each verb type can
be seen as a type of ‘coverage’. In other words, how well the model can account for
a complete verbal paradigm. The model-based ‘coverage’ is compared to a corpus-
based account, where the trajectory of one representative verb for each verb type is

followed and tallied across all the unique forms encountered in the corpus.

This study proposed a new way to measure paradigm ‘coverage’. Predictably, it
showed that a model-based account covers more of the paradigm than would be nat-

urally encountered in a corpus. It found that the model can achieve high performance
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for low-frequency MSDs and provided a rough estimation of the data requirements

to achieve full attestation of the paradigm.

Given the difference between the needs of a linguistic corpus and datasets for model
training, the last part of this thesis examines the use of active learning to guide
data collection, with particular attention to model performance. Four sampling
strategies are compared, with model performance improving in the following method
order: incorrect, low-model confidence, high entropy, and random. By including the
opposite of these sampling strategies, the results showed that adding data without

regard to sample diversity leads to overfitting and reduced model accuracy.

The work presented in this thesis is intended as a potential linguist guide for adopt-
ing NLP into the documentation process, detailing modelling decisions and their
consequences (if any). Concentrating on Nen has made it possible to provide a
pedagogical overview of computational resource development for morphological
modelling. The interface between linguistic and computational practises was ex-
amined at each stage to outline where they converge and diverge. The purposes of
these computational models are to aid analysis in some form by organising the data

to draw focus to where linguistic insight is needed.

For example, both the FST and the neural-based models can be employed directly to
generate inflectional tables of all verbs identified in the dictionary. At this point, the
linguist or native speaker can verify the predicted forms. An additional step might
be to cross-reference the inflection tables produced to what is and is not attested in
the corpus to better serve a documentation process. These tables can be used to guide

linguist attention and data collection for archival purposes.

On the other hand, this is an area where computational considerations can feed into
linguistic practises. AL was shown to be a useful tool for significantly improving
model performance. Future work could investigate whether there are linguistic
foundations to the model-identified low-confidence forms and how these insights

can potentially interface with the documentation process. To this end, it is imperative
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that an AL cycle is tested in a real-time documentation setting to substantiate its

effectiveness in practice.

One oversight in implementing computational methods for documentation efforts
is the assumption of a standardised way of working amongst fieldworkers. It is
an understandable notion given the generalising power afforded by computers. To
better understand the underpinning processes of field linguistics, gathering as many
perspectives and insights into workflows as possible is essential. This might be
addressed as extensive and, importantly, ongoing surveys and interviews with field
linguists to determine what could be met by computational techniques. Beyond that,
it would be incredibly insightful for a computational linguist to engage in fieldwork

to compare perspectives and workflow and contextualise the research questions.

Another exciting extension to the work presented here would be the inclusion of
a principal parts account to the question of how much data is needed to capture a
linguistic sub-system. Given the statistical nature of neural networks, what does
capturing the principal parts of a system entail? Is it possible to capture morphophon-
ological patterns in highly frequent MSDs and extend the pattern to rare MSDs? All
these research questions can potentially strengthen the interaction between the fields
of computer science (specifically NLP) and linguistics. Given that the employment of
computational methods in linguistics is becoming more commonplace, fostering a

mutual symbiotic relationship is essential.
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