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Koomama bam, abamithandazo ndiphila yiyo.
Kootata bam, abanggibelelo ndimi ngayo.
Kubantwana bam bonke, oomoya namaza endighutywa ngawo.
Kulentlantsi ibubom, ibungenathuba endixheshwa bubo.

Kubacebisi balomzamo, abankolelo kum ndikhanyisa ngayo.



ABSTRACT

In this work the use of unsupervised machine learning in the morphological segmentation of Nguni
languages, evaluated on isiXhosa, is advanced. The work researches, extends, implements and
evaluates unsupervised machine learning techniques in the morphological segmentation of

Nguni language, specifically isiXhosa.

IsiXhosa, one of the eleven South African official languages, is a Nguni language with 9.7 million
mother-tongue speakers (17% of the South African population). The language is an agglutinating
and synthetic language characterised by highly inflected words. Its nouns are characterised by a
class system based on their prefixes. Verbs are characterised by a concatenation of numerous
prefixes and suffixes - and their concordial agreement with the subject noun or object noun.

Two segmenters were developed using state of the art techniques in morphological segmentation:
the IsiXhosa Branching Entropy Segmenter (XBES), using branching entropy; and the IsiXhosa
Heuristic Maximum Likelihood Segmenter (XHMLS), using probabilistic language models.

The XBES branching entropy segmenter matched the 77.2 + 0.10% accuracy of the benchmark
(Morfessor-Baseline) with an accuracy of 77.4 £ 0.32% and outperforms the benchmark on its F1
Score of 48.9 + 0.75% with a score of 58.0 £ 0.10%. These accuracy results were achieved with
a z-score normalised variation of branching entropy (NzVBE) mode trained on 11-grams from a
1.5 million word corpus. The F1 Score was achieved using the unnormalised variation of

branching entropy (VBE) technique trained with 9-grams from a 1.5 million word corpus.

The study established that the character level n-gram length that encapsulates the predictability

of isiXhosa words to be ten (10), which corresponds to using 9-grams.

The XHMLS maximum likelihood segmenter has an accuracy of 75.2 + 0.18%, which did not meet
the accuracy of the benchmark but outperformed both XBES and Morfessor-Baseline on the F1
Score with a score of 59.4 + 0.20%. The best performing mode of XHMLS was the independent
affixes (XHMLS-I1A) language model confirming that morphemic dependencies in isiXhosa are
stronger within the affixes and weaker among the affix and that the roots in the language permeate

many of the word categories.
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ISISHWANKATHELO

Kulomsebenzi sighubela phambili ukusetyenziswa koomatshini abangagadwanga kumba
wocalulo-magama weelwimi zesiNguni, ngokuvavanya esiXhoseni. Umsembenzi uphanda,
wandise, uphumeze kwaye uvavanye ubuchule bokufunda ngomatshini obungagadwanga

kucalulo-magama lolwimi lwesiNguni, isiXhosa.

IsiXhosa, olunye lweelwimi ezisemthethweni zaseMzantsi Afrika, lulwimi lwesiNguni kwaye lune-
9.7 yezigidi (i-17% yabemi boMzantsi Afrika) abasithetha ulwimi lwenkobe. Olulwimi lulwimi
oluhlanganisayo noludityanisiweyo olubonakaliswa ngamagama aneempembelelo kakhulu.
Izibizo zalo zibonakaliswa yinkqubo yamahlelo asekwe kwisimaphambili. Izenzi zibonakaliswa
kukunxibelelana kwezimaphambili ezininzi kunye nezimamva, kunye nesivumelwano

sesivumelwano kunye nesibizo sentloko okanye isibizo sento.

Izicandi-magama ezibini sele ziphuhlisiwe kusetyenziswa ubuchwepheshe bobuchwepheshe
kucando-magama: ilsiXhosa Branching Entropy Segmenter (XBES), esebenzisa i-entropy
yesebe, kunye isiXhosa Heuristic Maximum Likelihood Segmenter (XHMLS), esebenzisa
imizekelo yobukho yolwimi.

Isicandi-magama se-entropy, iXBES, sihambelana nokuchaneka kwe-77.2 + 0.10%
komgangatho, iMorfessor-Baseline, nge-77.4 = 0.32% kunye nokuwuggwesa umgangatho
kumangaku eFl1 angama-48.9 = 0.75% ngamangaku angu58.0 + 0.10%. Ezi ziphumo
zichanekileyo esiziphumeleleyo nge-z-score aghelekileyo okwahluka kwe-entropy ye-sebe
(iN2ZVBE) eqeqgeshwe nge-l1l-gram kwi-1.5 yezigidi zamagama. Ingaku le-F1 lafezekiswa
kusetyenziswa ukwahluka okungacwangciswanga kwendlela ye-entropy yesebe (iVBE)

eligegeshwe nge-9-gram yamagama eli-1.5 lesigidi.

Olu phando lubonise ukuba ubude be-n-gram obubandakanya konke ukugikeleleka kwamagama

esiXhosa lishumi (10), ahambelana nokusebenzisa i-9-gram kwi-entropy yesebe.

Imodeli yolwimi ekhokelwa yindalo, iXHMLS, ukuchana kwayo kwe-75.2 + 0.18%
akuhlangabezani nokuchana komgangatho kodwa kwaziggwesa zombini i-XBES kunye
neMorfessor-Baseline kumangaku eF1 ngamangaku angama-59.4 £ 0.20%. Eyona ndlela ighuba
kakuhle ye-XHMLS yayiyimodeli yolwimi ezimeleyo (iXHMLS-IA) eqinisekisa ukuba
ukuxhomekeka kwezaki-magam kwisiXhosa kunamandla ngaphakathi kwezihlomelo kwaye
kubuthathaka phakathi kwezihlomelo kwaye iingcambu kulwimi zigcwele kwindidi ngeendidi

zamagama.



Amagama aphambili

Ukucalula uLwimi lweNdalo, iTekhnoloji yoLwimi loLuntu, ukuFunda koMatshini Ongagadwanga,

uCalulo-Magama, isiXhosa.
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1.  INTRODUCTION

Word segmentation is a requisite natural language processing task for agglutinating and
polysynthetic languages (Bender, 2013). The typology of agglutinating and polysynthetic
languages glues a number of the smallest meaning bearing units, i.e. morphemes, in the
generation of a word (Kosch, 2006; Bender, 2013). Word segmentation is the splitting of an

orthographic word into morphemes. This is not a trivial task, especially when using raw data.

South African indigenous languages have different types of orthography, with the Nguni
languages being conjunctive and the Sotho languages being disjunctive (Kosch, 2006:3).
IsiXhosa is a Nguni language together with isiZulu, Siswati and isiNdebele. Nguni languages
account for 45.8% of languages spoken most often in South Africa. IsiXhosa, one of the
languages most often spoken in South African households, account for 9.3 million South African
speakers (17% of the South African population), second only to isiZulu (Statistics South Africa,
2016).

Within the context of availability and quality of annotated data, isiXhosa can be classified as a
resource-scarce language. The quality and levels of annotation of the language data available
inform the approaches that can be pursued in the development of language technology. The
scarcity of isiXhosa data has therefore led to the continued pursuit of rule-based techniques. Rule-
based techniques require linguistic expertise, which is expensive and usually does not cover all
the rules of a language, hence the need for better techniques. AThe alternative, and the
contribution that is pursued in this study, is the use of unsupervised machine learning, which

builds a model from raw data, thereby bypassing the need for annotated data or rules

Hammarstrom and Borin (2011) differentiate between morphological segmentation, which splits
words into constituent morphemes; and analysis, which also classifies the identified morphemes,
a differentiation that originated from Zwicky (1966). A further differentiation is made between the
above and surface segmentation where a word form is segmented into a sequence of substrings
whose concatenation results in the word as opposed to morphological segmentation which does
not. This work contributes the development of an unsupervised isiXhosa surface segmenter that

models segmentation from raw data.
1.1 Research Work

This research work covers investigating and implementing unsupervised surface segmenters for

isiXhosa and comparing their performance to a benchmark morphological segmenter.



Two modalities of unsupervised surface segmentation, i.e. branching entropy and probabilistic
graphical modelling with language heuristics, are investigated.

1.1.1 Research Aim
The aim of this research work is to:

e advance the use of unsupervised machine learning in the surface segmentation of Nguni

languages, evaluated on isiXhosa.
1.1.2 Research Question

The research questions that apply to the use of unsupervised machine learning in the

segmentation of isiXhosa are, therefore:

e Question 1: Are there techniques that can readily advance the use of unsupervised
machine learning in the segmentation of Nguni languages, and specifically isiXhosa?

¢ Question 2: Can the unsupervised segmentation of isiXhosa words be improved using
these techniques relative to a benchmark?

¢ Question 3: What configuration of these techniques provides the best performance and
why?

1.1.3 Research Objective
The research objectives are, therefore, to:

e Obijective 1: Identify a benchmark in unsupervised surface segmentation and evaluate it
on isiXhosa,

o Obijective 2: Research and investigate unsupervised text segmentation techniques that
could readily be used for isiXhosa,

e Objective 3: Identify, research, extend, implement and evaluate unsupervised machine

learning techniques that can readily advance the surface segmentation of isiXhosa.
1.2 Research Methodology

The research included an experimental study where an intervention was applied to a sample of a
population. The results of the interventions to the sample are evaluated and compared to a control

intervention and generalised to the population (Welman et al., 2005:78; Rasinger, 2013:41).

In this study, the population is isiXhosa text and the sample is an existing isiXhosa segmented
corpus. The interventions being evaluated are machine learning segmenters that were specifically
2



designed for isiXhosa, while the control interventions are an existing segmentation benchmark.
The process of applying the segmenter involves first training the segmenters using a raw corpus
and then evaluating them against a test corpus.

The objectives stated above were achieved by following the phases below:
1.2.1 Literature Review

A thorough literature study was done on:

(1) Human language technology techniques;

(2) Unsupervised text segmentation measurement techniques, and

(3) Text Segmentation techniques.

An unsupervised text segmentation benchmark, and techniques for the unsupervised text

segmentation of isiXhosa, were identified.

The objective of the literature study was to gain an understanding of the techniques used in text
segmentation with a focus on unsupervised text segmentation. This work is presented in chapter

two (2) of the document.

This study provides guidance on how to compare the performance of the segmenters, suitable
approaches to implementing unsupervised segmenters for isiXhosa and choosing an effective

unsupervised control segmenter that could be used for comparison purposes.
1.2.2 Investigation and Extension of the Identified Techniques

Two techniques, branching entropy and heuristic guided probabilistic modelling, covered in
chapters three (3) to six (6), are researched, extended and implemented.

For the braching entropy technique, Chapter three (3) states the theory and Chapter (4) specifies

the implementation details of the technique.

Chapter five (4) digs into the surface segmentation structure for each word category of isiXhosa
and chapter six (6) specifies the modeling implemented for the heuristic guided probabilistic

models.



1.2.3 Evaluation

To evaluate the performance of the isiXhosa segmenters against a benchmark segmenter,
experiments were set up and the results were captured and compared. Statistical comparisons
that had been determined during the literature review were used to evaluate the segmenters’

performance.

The experiments were set up to ensure the reliability and validity of the results. Reliability is a
measure of the repeatability of an experiment, i.e. with the method used repeatedly, it determines
how consistent and stable the results are (Welman et al., 2005:9; Rasinger, 2013:28).

To ensure the validity of the result, the experiments were set up to ensure that the results could

be compared without bias, using the 10-fold cross-validation.
1.3 Publications

Parts of the work presented in this thesis have been presented in the following peer-reviewed

publications:

Mzamo, L., Helberg, A. and Bosch, S., 2019b. Towards an unsupervised morphological
segmenter for isiXhosa. In Proceedings of 2019 SAUPEC/RobMech/PRASA Conference.
Bloemfontein, South Africa, pp. 166—170.

Mzamo, L., Helberg, A. and Bosch, S., 2019a. Evaluation of combined bi-directional branching
entropy language models for morphological segmentation of isiXhosa. In E. Barnard & M.
Davel, eds. Proceedings of the South African Forum for Artificial Intelligence Research. Cape
Town, South Africa, pp. 77-89.

Mzamo, L., Helberg, A. and Bosch, S., 2020 ‘Evaluation of heuristic guided character level word
models for morphological segmentation of isiXhosa’, in Gerber, A. J. eds. Proceedings of the
First Southern African Conference for Artificial Intelligence Research. Johannesburg, South
Africa: Center for Al Research, pp. 162-178.

1.4 Thesis Structure
This document comprises eight (8) chapters, including this introduction.

Chapter two (2) covers broad aspects of unsupervised morphological segmentation. The main
themes in unsupervised morphological segmentation are explained. Based on the literature
reviewed, a benchmark unsupervised segmenter is chosen, techniques that show promise in the

unsupervised segmentation of isiXhosa are identified and the evaluation metrics are identified.
4



The review identified branching entropy and language models as the techniques to use in the
surface segmentation of isiXhosa. This chapter identifies Morfessor-Baseline as an appropriate

benchmark unsupervised surface segmenter.

Chapter three (3) introduces the reader to information theoretic measures, which underpin the
branching entropy technique. It presents predictive information metrics that are be used test the
predictability of a time series and language text.

Chapter four (4) details branching entropy techniques. A new branching entropy technique called
bracing joint entropy (BJE) is introduced. In addition, a relation between the branching entropy
variants and predictive information metrics is investigated. The chapter also looks at how to

efficiently model the branching entropy language model.

Chapter five (5) details surface segmentation for each isiXhosa category. This is then summarised
as a set of heuristics that are used to guide a probabilistic language model for text segmentation.
An analysis of the dependencies among the affixes and morphemes in isiXhosa leads to four

statistical language models being identified .

Chapter six (6) details the different generative models that could be used model isiXhosa words.
Four (4) models that make different assumptions about the dependencies structure of isiXhosa
affixes and morphemes are proposed. These models are guided by the set of heuristics identified

in the previous chapter.

Chapter seven (7) details the experimental configuration used, how the experiments were
conducted, how the segmenters were evaluated and presents the results. Two corpora were
used, one for training the segmenters and the other for evaluation. The branching entropy based
segmenter outperformed the benchmark’s F1 Score and achieved as much as the benchmark on
accuracy. The heuristic guided generative models segmenter outperformed the F1 Scores of both

the benchmark and the branching entropy segmenter but could not reach their accuracy levels.

Chapter eight (8) summarises the work conducted, presents the main findings and proposes

future work.
1.5 Conclusions

In this chapter, the need for morphological segmentation was set out. It was asserted that
morphological segmentation is the base technology in the natural language processing of
agglutinating languages. The case for work in isiXhosa, as a Nguni language, is motivated. The

Nguni class of languages is dominant in South Africa and accounts for 45.8% of mother tongue



speakers. Commonality within the Nguni languages is strong so that this work on isiXhosa should
be portable to other Nguni language with minor changes.

A list of peer-reviewed publications that stem from this research is provided.

The description of the work that will be presented in the rest of this thesis has been set out
according to the defined document structure. Two techniques are applied and evaluated against

an unsupervised segmentation benchmark.



2. LITERATURE REVIEW

This chapter reviews current techniques for morphological segmentation of words. The objective
of this review is to guide the selection of techniques that would be best suited for the
morphological segmentation of isiXhosa, whilst giving regard to the availability of language
modelling resources. The technique chosen will be trained on raw text, should exhibit ease of
implementation, and when used with complex languages it should provide good morphological

segmentation performance.

The chapter starts with an overview of the evaluation metrics used in morphological segmentation.
An understanding of evaluation metrics enables comparison of the performance of techniques
used. That is then followed by a review of the techniques used in morphological segmentation.

Jurafsky and Martin (2000:5) categorise the elements of a natural language processing toolkit
under "state machines, formal rule systems, logic, and probability theory", and go on to highlight
state space search algorithm and dynamic programming as being the most important elements.

For the purposes of this work, this chapter categorises Human language technology (HLT)
techniques under knowledge-based / rule-based, statistical based and hybrid systems. Because
the oldest morphological segmentation techniques are rule-based techniques a few of them are
cited as a background first. This is followed by an examination of statistical based techniques,
particularly machine learning techniques. The review of these statistical techniques starts with a
general review of machine learning. This is followed by specifying the different levels of
supervision in machine learning. Next is a brief overview of supervised morphological
segmentation. The bulk of the chapter then looks at different unsupervised morphological

segmentation techniques.

A comparative study of minimally supervised morphological segmentation techniques is available
in Ruokolainen et al. (2013).

2.1 Segmentation Metrics
This section looks at the metrics used in evaluating morphological segmentation performance.

A metric should be a single summary statistic, to ensure easy comparison, and be intuitive (Morris
et al., 2004). It should also be direct, objective, interpretable and modular. In this way, it is easy

to automate, use in a benchmark and apply (McCowan et al., 2005).



Measurement of the performance of a morphological segmenter depends on the objective of the
analysis. There are methods of directly measuring the analysis. Other objectives of morphological
analysis include analysis as a pre-processing step to another language processing task, e.g.
information retrieval (Darwish, 2002), automated machine translation (K.A. Lee et al., 2003;
Minkov et al., 2007; Virpioja et al., 2007) and in lemmatisation (Erjavec & DZeroski, 2004; Brits et
al., 2005; Roth et al., 2008). In these scenarios, the morphological analysis is measured indirectly
as the effect of the analysis on the information retrieval, translation or lemmatisation task.

The focus of this study is surface segmentation, therefore, the emphasis will be on direct
segmentation metrics. However, it is important to understand the methods of the indirect metrics
particularly as these provide a general framework for understanding prediction measurement, and
several studies use these for morphological segmentation as an enhancement to another

process. The review of the direct metrics follows.
2.1.1 Basics of Prediction Measurement

A useful way to understand binary metrics is illustrated by Manning and Schiitze (1999:268), as
reproduced below. In this simplified binary task, a predictor is required to select from the

presented items, the items that satisfy a particular criterion.

TN
Prediction Target
Figure 2-1: Graphical Representation of Precision and Recall Measures (Manning &

Schiitze, 1999:268)

In Figure 2-1, the rectangle contains all the items that need classification and four subsets of this
population are shown. The different partitions of the population are labelled with acronyms

defined as follows:

e TN = True Negatives: the number of items the predictor correctly identified not satisfying the
criterion



e TP = True Positive: the number of items that the predictor correctly identified satisfying the
criterion

o FP = False Positives: the number of items that the predictor incorrectly identified satisfying
the criterion

e FN = False Negatives: the number of items the predictor incorrectly identified not satisfying
the criterion

The most obvious metric is accuracy. Accuracy is the proportion of the items that the classifier

classified correctly in relation to all the items, and this is calculated as:

TP + TN (2-1)
TP +FP+TN + FN

accuracy =

The complement to accuracy is the error rate (Y.-S. Lee et al., 2003), which is calculated as the

ratio of items classified incorrectly to the total number of items presented for classification.

FP + FN (2-2)
TP + FP + TN + FN

error rate =

As much as accuracy and error-rate give an overall performance of the classifier, sometimes there
is a need for a better prediction of the classifier when the importance of positive predictions differs
from that of negative prediction, or cases where the ratio of the number of positive items to
negative items is orders of magnitude in size. These measures are provided by the precision and

recall metrics.

Precision is the proportion of items predicted to be positive (items meeting the criterion) that the

predictor classified correctly,

TP (2-3)

precision = W .

Recall is the proportion of items that actually are positive that the predictor classified correctly,

TP (2-4)

recall = TP+—F1V .

Precision is therefore referenced to what the classifier predicted to be positive (True Positives
and False Positives), whilst recall is referenced to what is actually positive (since the items that
should be predicted as positive include both True Positives and False Negatives). The distinction
between these two metrics is that higher precision means fewer false positives, while higher recall
implies fewer false negatives (Jurafsky & Martin, 2017). One of these may be more important than

the other depending on the objective of the prediction.
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In many cases, a trade-off between precision and recall is needed. The most ubiquitous measure
that is a trade-off between precision and recall is the F-Measure introduced by Rijsbergen
(1979:174)

(B? + 1) - precision - recall (2-5)
B? - precision + recall

F — measure =

For many natural language processing tasks, a variant of the F-measure called the F1 Score,

where g = 1, is used. The F1 Score is thus given by

Fl= 2. precision - recall (2-6)

precision + recall

Accuracy, precision, recall and the F1 Score are some of the most used metrics, as will be evident

when looking at the performance of technologies used.
2.1.2 Performance on Out of Vocabulary Words

Machine learning aims to use the training data to generate a predictive model generalised over
the population and tested using a testing set. In natural language processing, the in-vocabulary
words are the set of words that are in both the training set and the testing test. The unseen
samples, those words that are not in the training set but are in the testing set, are referred to as
out of vocabulary (OoV) words, see Figure 2-2. Therefore, to test for the generalisation ability of

a model, one measures the accuracy, precision, recall and F1 Score on OoV words.

Population
zll In \\\
;, Vocab . Outof
/ Vocab
%\/‘\ S
é}‘ N . e -
‘5\@;&
Figure 2-2: Graphical Representation of Out of Vocabulary words
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In Figure 2-2, the rectangle represents the entire population of words. The training set is the set
of words used to train the model. The testing set is used to measure the predictive performance

of the intervention.
2.1.3 Hypothesis Testing

Evaluation of the performance of an intervention involves comparison with a control. The
hypothesis is normally that the intervention performs better than the control. To evaluate if this
hypothesis is achieved, one tests whether the null hypothesis is rejectable or not. In this case, the
null hypothesis is that the intervention is not better than the control. So to test the hypothesis, one
must reject the null hypothesis. Rejecting the null hypothesis means testing for statistical
significance of the performance of the intervention. The question asked is whether the

performance of the intervention is statistically better than that of the control.

The t-test (Rasinger, 2013:192; Welman et al., 2005:231) is a widely used hypothesis testing
metric for comparing two interventions, or an intervention against a control. When comparing
more than two interventions, the one-way Analysis of Variance (ANOVA) is used to check for

statistically significant differences in the results of the interventions (Welman et al., 2005:237).

However, for evaluating HLT resources, the Wilcoxon signed-rank test (Wilcoxon, 1945) is the
most appropriate. The Wilcoxon signed-rank test is recommended by Demsar (2006) who found
that the widely used t-test was an inappropriate, and statistically unsafe comparison test, for
classifiers. The generally accepted threshold for statistical significance is a p-value that is less
than 0.05 (Rasinger, 2013:174).

2.1.4 Indirect Segmentation Metrics

As mentioned above, morphological segmentation is used to enhance information retrieval,

machine translation, lemmatisation and other natural language processing functions.
2.1.4.1 Bilingual Evaluation Understudy (BLEU)

The bilingual evaluation understudy (BLEU) measure is a machine translation metric that replaced
the use of human evaluators in the evaluation of a translated sentence (Papineni et al., 2002).
This metric compares the predicted sentence translation to reference translations, penalises for
both brevity and verbosity, and gives a rating between 0 and 1, or 0% and 100%. The BLEU has

been shown to be well correlated with human evaluators (Callison-Burch et al., 2006).
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2.1.4.2 Word Error Rate

The Word Error Rate (WER), a metric that is used in Automated Speech Recognition (ASR),
poses the evaluation as a Levenshtein distance (Levenshtein, 1966). This metric compares two
ordered lists of items, the prediction to the reference list, e.g a string or a sequence of morphemes.
It measures the difference between two lists. It is based on the fact that any list can be transformed
to another list by using a series of edit operations (insertion, deletion, substitution and swapping).
The distance is then the count of these operations. A generalisation is to assign a weight to each
operation, e.g. 1 for insertion and deletion, 2 for swapping or substitution, where the weighted
operation counts are summed. The Levenshtein distance is a special case where the operations
are given a weight of one (Manning et al., 2009:58; Jurafsky & Martin, 2000:154). Another
modality of the Levenshtein distance is to restrict the operations to insertion and deletion. The
Word Error Rate is defined as (McCowan et al., 2005)
WER = %, 27

where S is the number of substitutions, D is the number of deletions, I is the number of insertions
and N is the total number of items in the reference list. A problem with the word error rate is that

it can be difficult to interpret as its value can go beyond 100%.

The word error rate concept is used in evaluating phoneme identification as phoneme error rate
(PER) (Heymann et al., 2013; Neubig et al., 2010) and evaluating character identification as
character error rate (CER) (Chueh et al., 2006; Smith et al., 2005).

2.1.4.3 Perplexity

One of the indirect metrics to measure a segmentation is perplexity. Perplexity is based on

entropy, the randomness in the segmentation.

Definition 2-1. Let X be random variable with events outcomes x € y. Let the probability of an

event p(X = x) be p(x). The entropy of X, H(X), under some base b, is calculated as

HOO = ) p(x)log,

XEY

p(x) (2-8)

Definition 2-2. The perplexity of a random variable X, PP(X), with an entropy H(X) is defined

as:

PP (X) = 2HX), (2-9)

12



In language modelling, a reduction in perplexity, and therefore entropy, normally means a better
language model. For language model-based segmentation algorithms reduction in perplexity is a
good measure of a better segmentation.

2.1.5 Direct Morphological Segmentation Metrics

In this work, a look at metrics that provide a direct measure of morphological segmentation is
done. Two concepts are measured directly in morphological segmentation, namely boundary
identification and morpheme identification.

For a start, the metrics used either measure the proportion of correct results against the overall
results or the proportion of incorrect results, i.e. error. In the former, the metrics used are

accuracy, precision, recall and F1 Score, whilst in the latter, the error rates are used.
2.1.5.1 Levels of Measuring Segmentation
Two things can be read from a morphological segmentation:

e The ordered list of segment boundary locations of a word, and
e The ordered list of segments of a word.

From the above, one can measure the following:

e Whether the segmentation has the correct segment boundaries within the word or not. This is
morpheme boundary identification,

o Whether a word is segmented correctly or not. This is a measurement of segmentation at the
word level, and

¢ Whether the segmentation has the correct segments or not. This is morpheme identification.
The above measurements are, of course, equivalent, and the interest is whether a prediction is
correct or not. This makes segmentation a binary classification task. Therefore the task is a
classification of:

o Whether a list of morphemes is the correct list for the word,

e Whether a sequence of letters in a word constitutes a morpheme or not, or

e Whether a location in a word is a morpheme boundary or not.

Section 2.1.1 Basics of Prediction Measurement details the morphological segmentation metrics

used. These measures apply in all of the above segmentation classification tasks.

13



2.1.5.2 Morpheme Boundary ldentification measurement

The easiest way of measuring the performance of a segmentation system is to measure
morpheme boundary identification. In a text corpus, the locations between characters/letters are
all possible morpheme boundaries. One can measure true positive, false positive, true negative
and false negative morpheme boundaries in this way. This form of measurement assumes surface
segmentation, that is, concatenation of the segments results in the segmented word. Linguistic
morphological analysis results in segments whose concatenation does not result in the word,

hence the use of morpheme identification measurements (Spiegler & Monson, 2010).
2.1.5.3 Morpheme Identification measurements

In a morpheme identification setup, for each word, w;, there are two lists of morphemes to
compare, the reference list, R;, and the predicted list, P;, of morphemes (McCowan et al., 2005).

For each word, the recall is calculated as

CIRinP (2-10)
pi IR;| '

and the precision is calculated as

__Irnp (2-11)
' ||

The precision and recall for the corpus of N types is calculated as

1 <o |R; N P (2-12)
p=m ) ——=rr,

N IRl

1 imi NP (2-13)
T=— ) ———

N |7

1l
[

i

In a corpus of words, the word token refers to the individual duplicated words in the corpus and
word type refers to the unique words. As an example, a corpus of 100 words has 100 tokens, but
less or equal to 100 types. If a corpus has the same number of tokens as types then there is no

duplication of words in the corpus.
2.1.5.4 Evaluation Metric for Morphological Analysis (EMMA)

In unsupervised morphological analysis with labelling, the morphological analyser has no way of
knowing the labels in the reference analysis, and replacement labels are instead used. Because
14



of this, a number of techniques have been devised to map the segmenter’s analysis to the
reference analysis (Sami Virpioja et al., 2011). These metrics use what is referred to as
isomorphism - optimising a bidirectional mapping between the reference analysis and the
segmenter’s analysis - and making an evaluation from that mapping. The Evaluation Metric for
Morphological Analysis (EMMA) (Spiegler & Monson, 2010) is one such metric. This metric uses
linear programming to optimise the mapping, and the basic morpheme identification calculations,
Equations (2-10)-(2-13), to calculate the measurements for the entire test corpus.

2.1.6 Conclusions on Segmentation Metrics

This section gave a brief overview of evaluation techniques used in unsupervised morphological
segmentation. It started by giving the basics of prediction measurements followed by

measurement of generalisation in prediction.

The main categories of evaluation metrics for segmentation were presented as morpheme
boundary identification and morpheme identification. The morpheme boundary identification
metrics are the simplest to implement, but they assume surface segmentation. The morpheme
identification metrics do not assume surface segmentation but can be used for segmentations

whose concatenation does not result in the text being segmented.

For our work, which is unsupervised surface segmentation we choose morpheme boundary
identification. Our motivation is the use of the Occam’s razor principle (Blumer et al., 1987). The
simplest and yet adequate evaluation to use for surface segmentation is morpheme boundary

identification.

For hypothesis testing the Wilcoxon signed-rank test is the best test for the metrics identified
above.

2.2 Knowledge/Rule-based techniques

Knowledge / Rule-based systems capitalise on the knowledge of linguistic experts. Because of
the maturity of linguistic knowledge, this is an obvious choice for automating language processing.

In this setup, expert knowledge of the language is encoded as rules that a computer executes.
The de facto platform in use is the finite-state automaton.
2.2.1 Finite-State Automata

A finite-state machine/automaton (FSA) is a flexible state machine that is used to model a rule

sequence. A state machine is composed of two parts, states and transitions with rules - it takes
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the data as input and returns the possible sequences of states that model the data. The transitions
control the movement of the state machine between states. The transition rules determine the
sequence of states that the machine takes to model the data. A transition links two states, is
unidirectional and is activated when all the rules attached to it are satisfied. Transitions rules are
modelled as regular expressions (Jurafsky & Martin, 2000:21). The Xerox Finite-state Automata
is one of the default applications in use.

One of the seminal works on morphological computation that enabled better implementation of
language rules was the language-independent model for word-form analysis and synthesis by
Koskenniemi (1984). The model provided a computationally efficient way of moving from lexical
representations of words to their surface forms in just a single step. This allowed for the
compression of the generative processes in the morphology of a word to a two level description.
The model is bidirectional (analysis and synthesis) and was tested on a range of languages, and

implemented as Finite-state Automata (FSA).

One of the works that used the two level description was the implementation of the two-level finite-
state analyser for Arabic, a highly morphologically complex language, by Beesley et al. (1989)
and later by Beesley (1996). This work culminated in the Buckwalter Arabic Morphological
Analyser (BAMA) by Buckwalter (2002; 2004), a robust finite-state morphological analyser that

has seen extensive use for many variants of Arabic.

Closer to home, Pretorius and Bosch (2005) presented a prototype for the morphological analysis
of isiZulu using language rules. The system was built using the Xerox finite-state tools, i.e. the
Finite-State Lexicon Compiler (lexc) and the Xerox Finite-state tool (xfst) (Karttunen, 1993). The
prototype analysed 69% of the test tokens presented to it. This work was subsequently adapted
for other Nguni languages i.e. isiXhosa, Siswati and IsiNdebele (Bosch et al., 2008).

FSA are usable for languages as complex as Turkish, as shown in the work by Coltekin (2010).
Coltekin presented TRMorph, a freely available morphological analyser for Turkish. The analyser
is rule-based and was implemented using the Stuttgart finite-state transducer (Schmid, 2005).
TRMorph analysed 85% of the words in the Turkish Wikipedia.

Recently a finite-state morphological analyser was used for analysing Lakota, an endangered
language spoken by one of the largest Native American communities in the United States of
America (Curtis, 2014). The analyser properly analysed 59.1% of the 631 words tested. This was

a small study to test the feasibility of a morphological analyser for Lakota.
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2.2.2 Logic Programming

Another method of encoding expert knowledge is logic (Russell & Norvig, 2014:215).
Propositional logic provides for a mechanism to make statements in a shortened form. A symbol,
e.g. “A”, represents a statement, e.g. “the sky is red”. -A would then represent, “the sky is not
red”. The symbol - is a negation operation. Propositional logic includes a number of other logic
operators, e.g. Vv, A, —, <, for “or”, “and”, “if .. then ..”, and “if and only if”. After encoding
knowledge using symbols and operators one can then test for validity of a proposition, using
entailment. Entailment returns an indication of whether a statement/proposition is valid, based on

the encoded knowledge.

First Order Logic (Russell & Norvig, 2014:290) or predicate logic is an extension of propositional
logic. In First Order Logic, a statement is broken down into the object, the predicate and quantifier
operation. Quantifier operations use are, vV and 3 for “all” and “there exists” respectively. An
example is that red(sky) would represent “the sky is red”, and mother(jane, john) would represent
“‘jane is john’s mother”, and Vjohn 3jane mother(jane, john) would means that “for all john there
exists a jane who is the mother of john”. Inference in First Order Logic involves searching though
the encoded knowledge to find the cases under which an input is true (Russell & Norvig,
2014:327).

Spiegler et al. (2010b) used definite clause grammars, an instance of propositional logic, to create
an open source morphological corpus for isiZulu called Ukwabelana corpus. The labelling scheme
for the corpus is described in Spiegler et al. (2010a). The corpus comprises of 10000 labelled
word types, 100000 unlabelled word types, 3000 part-of-speech tagged sentences and 30000
raw sentences, a morphological isiZulu grammar and a parsing algorithm. The corpus is available

at http://www.cs.bris.ac.uk/Research/MachineLearning/Morphology/Resources.

Muggleton & de Raedt (1994) introduced inductive logic programming, an extension of first order
logic that, in addition to using encoded expert knowledge, learns from examples. This technique
was used by Dzerski & Erjavec (1998) to learn nominal inflections of English, Romanian, Czech,

Slovene and Estonian.
2.2.3 Challenges of rule-based systems

The most obvious challenge of developing rule-based systems is the need for expert knowledge,

and the length of time needed to develop them. In addition, rule-based systems produce a number

of valid segmentations, even though only one output is valid, requiring disambiguation. There are

isiZulu examples of these in Bosch (2020). Because of this, rule-based systems have seen

augmentation with statistical data, e.g. weighted finite-state automata (Allauzen et al., 2007),
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probabilistic context free grammars (Stolcke, 1995) and stochastic logic programming
(Muggleton, 2019). This is also where machine learning has a role to play.

Machine learning is a field under statistical based and hybrid techniques. Machine learning is
characterised by learning a model from data. Machine learning based systems learn the model of
a task from experience, the data. This model is then used in executing the task. A characteristic
of machine learning is improvement in performance with more experience, i.e. more data
(Mitchell, 1997).

Machine learning techniques are differentiated based on the characteristics of the data they take

as learning input, the training data. This is referred to as learning supervision.
2.3 Supervision in Machine Learning

There are four modes of training a machine learning model, i.e. supervised, semi-supervised,

unsupervised and reinforcement learning (Manning & Schitze, 1999:232; Murphy, 2012:2).

In supervised learning, the training data contains solution examples that the model must
generalise from, e.g. word and word segmentation pairs for a segmentation task. Data in
unsupervised training is devoid of such, and generates a model from raw data. Therefore, in a
segmentation exercise, the training data would be words only. Semi-supervised systems use
something in between, from using limited supervised data with large amounts of unannotated data

to unannotated data with rules built into the model.

This difference in supervision can be seen in the work of Spiegler et al. (2008) on learning the
morphology of isiZulu using the different levels of supervision. Under the conditions of limited
data, and data sparsity, supervised learning outperformed the other levels, followed by semi-
supervised, while the unsupervised method gave the lowest performance. The average F1 scores
of the respective levels of supervision were 81.24%, 53.6% and 40.93%. The results were
consistent for precision and recall as well. This is characteristic of performance between the

different levels of supervision.

In reinforcement learning, the system is given feedback on its performance after several attempts
at a solution. The system then learns from this feedback and adjusts its strategy as it attempts to
build a model. It is useful when the learning system needs to be given occasional reward or

punishment based on its performance.

In the following sections, works in supervised, semi-supervised and unsupervised learning are
covered. Reinforcement learning will not be covered, as there is little text segmentation work in

the field. Let us start with the studies in supervised morphological segmentation.
18



2.4 Supervised Morphological Segmentation techniques

There exists an extensive body of work in supervised morphological segmentation. This section
provides a cursory look at that work with emphasis on the segmentation of morphologically
complex languages.

In this section segmentation works using rules lists, Hidden Markov Models, Maximum Entropy
Modelling, Markov Random Fields, Support Vector Machines, Markov Chain Monte-Carlo based
systems, Memory-based systems and Neural Networks, will be covered. It is important to note
that although there are other supervised segmentation techniques that do not fall into the above
categories, the categories used are the most prevalent. An example are the works by Quasthoff
et al. (2014; 2016) that use the Maximum Affix Overlap algorithm and decision trees respectively

to segment isiZulu text.

The simplest form of supervised morphological segmentation is the inference of morphological

rules from word-segmentation pairs.
241 Rules lists

Three works are worth noting for the use of rule lists in supervised segmentation, i.e. the works
of Theron and Cloete (1997), Darwish (2002) and Mzamo et al. (2015) because these works are
specific to morphologically complex languages. As input, these techniques take a list of pairs,
consisting of surface forms paired with some analysis, and generate a segmentation rules list

from that. The analysis could be a root, a lemma or a full segmentation.

Theron and Cloete (1997) described a method for automatic context free acquisition of two-level
rules for morphological analysis. Given a source-target word pair where the target is an inflected
form of the source, the method generated segmentation rules in the form of an acyclic finite-state
automaton from string edit sequences of the word pair. The study used 5-fold validation to
measure both recognition accuracy and generation accuracy. The method was tested on English
adjectives, isiXhosa noun locatives and Afrikaans noun plurals. The method achieved 100% for

isiXhosa noun locatives. The word lists were small but they proved the concept.

Darwish (2002) presented a supervised statistical based algorithm for extracting roots from Arabic
words, called Sebawai. Given word-stem pairs, the system automatically generated the inflection
rules, and captured rule statistics for disambiguation. The rules with stochastic information were
used for root extraction. The different experiments done averaged to a performance root
extraction accuracy of 91.97%. The root extraction was then used in information retrieval.

Information retrieval searching using word roots was measured at a precision of 45%.
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Similar work on the lemmatisation of isiXhosa was done by Mzamo et al. (2015). In this work, a
lexicalised probabilistic graphical lemmatiser (XGL) was introduced. XGL used a hierarchical list
of inflection rules that were generated from isiXhosa word-lemma pairs. The inflection rules also
contained prevalence statistics that were used for disambiguation. The XGL lemmatiser achieved
the highest accuracy compared to selected benchmark lemmatisers, with an accuracy rate of
83.19%.

2.4.2 Hidden Markov Models

Hidden Markov Models (Rabiner, 1989; Baum & Petrie, 1966) have seen extensive use in
supervised speech recognition. Markov chains are statistical state-space processes that satisfy
the Markov property. State-space processes are modelled by states and transitions between
states. Stochastic state-space processes have associated probabilities for the start state,
activation of a transition between states, and the output of a state. In the modelling of dependence
between states, the Markov property restricts the dependence of the next state to only a subset
(n) of the previous states. This is referred to as the n-order Markov model. An n-order Markov

model satisfies the following probability equation:

P(xpralx1.1) = P (w11 Xk-n+1.1) (2-14)

where x; , = xq1,X,, ... X IS @ sequence indexed from 1 to k and xj_,+1.x iS @ substring of x;

with characters from index k —n + 1 to k.

In the basic Markov process the states, the transitions and the related probabilities are visible.
Hidden Markov Models (HMM) are Markov Models that have hidden states that are not apparent
in the data and that must be inferred.

What makes HMMs attractive is their ability to model hidden states that affect the observed
process output and the use of the Viterbi algorithm (Viterbi, 1967) which makes searching for the

most probable states that are responsible for the output highly efficient.

Baker (1975) and Jelinek (1976) introduced the use of HMMSs in speech recognition, as explained
in a tutorial by Rabiner (1989). Yamron el al. (1998) presented the use of HMM in text

segmentation, specifically in finding topic transitions.

A number of HMM variants have emerged, including the Hierarchical HMM (Fine et al., 1998)
which was used by Zhang et al. (2003) in Chinese word segmentation, POS tagging, and word

recognition.

20



Another variant of the HMM is the Hidden Semi-Markov Model (Kevin P Murphy, 2002; Yu, 2010),
an HMM that can emit a sequence of observations instead of just one. This was used for speech
recognition in English and Arabic (Pylkkdnen & Kurimo, 2004; Khelifa et al., 2017).

2.4.3 Maximum Entropy Modelling

A technique that dates back to the 1990s but continues to see wide spread use in natural language
processing is a supervised machine learning technique called maximum entropy modelling
(MaxEnt) (Berger et al., 1996).

Maximum Entropy modelling uses a principle akin to the Occam’s razor principle (Blumer et al.,
1987), which demands the use of the simplest appropriate solution. MaxEnt modelling takes from
the maximum entropy principle, which requires that the model “must use a probability distribution
which has maximum entropy subject to whatever is known” (Rathaparkhi, 1997; Jaynes, 1957).
The framework allows for a model designer to specify features that the model constrains with
observations from training data in arriving at an appropriate statistical distribution model.

Inference uses modified iterative scaling (Della Pietra et al., 1995).

This work was initially demonstrated in modelling segmentation of French in the English-French
translation. MaxEnt was also used in POS tagging for English (Ratnaparkhi, 1996) with state-of-
the-art accuracy rates of 96.6%. The MaxEnt has been used in a number of studies; some of

them are listed below.

Sarikaya et al. (2007) presented a language model, Joint Morphological-Lexical Language
Modeling (JMLLM), that jointly uses morphological and lexical information in modelling the
probability of an Arabic sentence. The model assumes the availability of morphological analysis
of lexical tokens. The morphological and lexical information is combined into a tree structure
called the Morphological-Lexical Parse Tree (MLPT). The model uses Maximum Entropy
modelling with morphological and lexical features. The model achieved a Word Error Rate (WER)

of 29.8% in an Iragi-Arabic Speech recognition experiment.

MaxEnt was also used as the Maximum Entropy Markov Model (McCallum et al., 2000; Kakade
et al., 2002) in the inflection prediction of Russian and Arabic for translation of English to Russian
and English to Arabic (Minkov et al., 2007). Maximum Entropy Markov Models (MEMMS) try to

solve three limitations of the HMM, i.e.:

1. HMMs only model the observations as raw text and do not allow for incorporation of
specific features into the model. Likely features are whether a text has a capital letter or

not, part of speech (POS) information, proximity to the beginning or end of a sentence etc.
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Part of Speech categories include Noun (N), Verb (V), Adjective (Adj), Noun Phrase (NP)
etc.

2. An HMM only works with known states. In some text work, the state could be unknown
and only discoverable at training or inference stage.

3. The HMM maximised the likelihood of the observation sequence while the requirement is
the maximisation of the state sequence given the observation.

The first difference between HMMs and MEMMs is the conditional probabilities. Whilst the
observations are conditioned on the state, P(o|s), in HMM, the MEMM model conditions the state
on the observation, P(s|o). This changes the model from a generative model to a discriminative
model (Murphy, 2012:685). The conditional distributions are modelled as exponential features
inspired by maximum entropy modelling. Variants of the Viterbi and the Baum-Welch algorithms

are used for learning and exact inference.
2.4.4 Markov Random Fields

Hidden Markov Models are regarded as a specific type of Dynamic Bayesian Network (Kevin
Patrick Murphy, 2002). Bayesian Networks are probabilistic graphical models that use directed
graphs, specifically directed acyclic graphs (DAGs). Dynamic Bayesian Networks model
sequential stochastic processes using directed graphical models (DGM). The directionality of an
arc in directed graphical model specifies the dependency between two random variables, or
groups of random variables, represented with vertices, with the arrow pointed to the dependent
random variable. See Figure 2-3 for an example of a Bayesian Network, with (2-15) as the
corresponding joint probability distribution. HMM are generative linear dynamic Bayesian

networks.
Figure 2-3: An example of a Directed Graphical model
P(W,s,r,p) = P(W|s,r,p) - P(s|r) - P(r|p) - P(p) (2-15)
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HMM are generative, maximising the joint probability of the hidden states and the observations,
hence the need for strict conditional independence to make inference tractable. As mentioned
above MEMM try to solve this by conditioning the current state on the current observation and the
previous states instead of conditioning the current state only on the previous state and
conditioning the observation on the current state.

There are cases where directed graphical models are limited in their functionality, and undirected
graphical models (UDM) are better models (Murphy, 2012:661). In fact, there are distributions
that can be modelled by UDMs and not DGMs (Murphy, 2012:665). Another name for UDMs is
Markov Random Fields (MRF) or Markov networks. An example of an undirected graphical model

is show in Figure 2-4, with the corresponding distribution

(W
(s

Figure 2-4: An example of an Un-directed Graphical Model

1 (2-16)
P, S,T,p|9) = m *Puwrs(W,T,w|0) - ¢wpr(W'p'r|9)
where ¢, is a potential/factor function for the maximal clique ¢ parametrised on the clique random
variables and 6 are the model parameter. A clique is a subgraph where all the nodes are

interconnected and the maximal clique is the largest clique from a number of variables.

Jung et al. (1996) used Markov Networks in the POS-tagging of English with better results at
97.1% accuracy compared to the 96.11% of an HMM model. MRF have also been used in
extraction of text from images and segmentation of such extracted text (Tian et al., 2015; Renuka
& Terdal, 2017). Dreyer & Eisner (2009) did some work on the generation of un-observed

morphological forms in a paradigm for English using MRFs.

Conditional Random Fields (CRFs) (Lafferty et al., 2001) are an undirected graphical model for
sequence modelling (Lafferty et al., 2001). They model the joint probability of the entire sequence
of states given the entire sequence of observations, as compared to MEMMs that do per state

modelling. CRFs can learn using maximum likelihood, P(D|6, m), or maximum a posteriori (MAP)
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estimations, P(6|D,m), where D is the training data, 6 are the model parameters and m is the
model. Below a number of studies that used CRFs in supervised natural language processing are
cited. Linear chain CRFs are the CRFs used in sequence modelling. Like MEMM, CRFs also use
exponential features in their conditional representation. CRF maximise the log-likelihood objective
function 0(0):

% . (2-17)
00) = ) log pe(y|x),
i=1

where N is the length of the training data, i is the index for the i-th data point, (x!,y) and1 <i <
N;i,N € Z*. Parameter estimation is done using the iterative scaling algorithm (Della Pietra et al.,
1995) or gradient based optimisation (Murphy, 2012:692).

Peng et al. (2004) presented work on the supervised segmentation of Chinese using linear-chain
CRFs. This work included identification of new words using segment confidence estimation.
Confidence estimation of a segment is done using a technique called Constrained Forward-
Backward algorithm (Culotta & McCallum, 2004). In this work a segment of text is a new word if
its confidence estimation is high or if it has low confidence but it is surrounded by segments with
high confidence. The technique was tested on four Chinese datasets of varying sizes. The dataset
had varying out of vocabulary (OoV) rates ranging from 2.2% to 18.1%. The technique’s
performance was measured at an average F1 Score of 91.85%. For OoV words only, recall was
measured, and it ranged between 40.3% and 61.9% and was highly correlated with the dataset

OoV rates.

Smith et al. (2005) used CRF in the supervised morphological disambiguation of Korean, Arabic
and Czech. The study looked at segmentation/tokenisation, POS tagging and lemmatisation. The
approach also used possible false analyses in training as well to optimise the solution. For
features, the approach used morpheme trigrams and head morpheme trigrams in one of the
models. The model used existing morphological dictionaries from existing morphological
analysers. An improvement in training was seen with factored training. Factored training is where
the training of the head trigrams is done separately. The study also recorded a rate of 1.7
morphemes per word (o = 0.77) in the training set for all three languages with the best

performance for the three languages being:
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Language | POS Tagging | Segmentation | Lemmatisation
(% accuracy) | (% accuracy) | (% accuracy)

Korean 92.2 90.7 97.6

Arabic 96.1 95.5 94.6

Czech 98.6 89.2 98.7

Andrew (2006) introduced the Hybrid Markov/Semi-Markov conditional random field (semi-
CREF) algorithm, a relaxation of the Markov property in linear-chain conditional random fields. This
paper introduced the log conditional odds feature. Extensive log-linear model feature engineering
for Chinese is explained in the paper. Using label unigrams and bigrams, length and word identity,
and log-odd features, the study achieved an F1 Score of 96.77% on Chinese.

Hai Zhao et al. (2006) presented feature enhancement to segmentation of Chinese with CRF.
The feature enhancements involved two additional tags to the 4-tag character-tagging scheme,
extending it to 6 tags. The results of the enhancement were an F1 Score of 95.3%.

Gahbiche-Braham et al. (2012) also used CRFs in the segmentation and POS tagging of Arabic
to improve machine translation. The system achieved 0.4% word error rate in segmentation and
a BLEU score of 32.9%. The systems implemented were faster than the reference MADA. Whilst
MADA processes 90 words per second, the CRF tagger did 2960 words per second for tagging

and segmentation.

Hatori et al. (2012) presented a supervised joint model that does word segmentation, POS tagging
and dependency parsing together using CRFs. The model was tested on three Chinese data sets.
The average performance over the three data sets used was 96.38%, 92.06% and 75.44% for

text segmentation, POS tagging and dependency parsing respectively.

Ruokolainen et al. (2013) implemented supervised morphological segmentation using CRF
trained with a small annotated corpus. Their approach outperformed semi-supervised morph
lexicon approaches, supervised Morfessor and a log-linear model (Poon et al., 2009) on Arabic,

Hebrew, English, Finnish and Turkish at the time.

Cotterell et al. (2016) introduced canonical segmentation, which is a segmentation of a word into
canonical morphemes using a log-linear model similar to semi-CRFs. The approach used

importance sampling for gradient learning (Bengio & Senécal, 2003). The approach was

25



evaluated on English, German and Indonesian with superior F1 Scores than a semi-CRF and
weighted finite-state transducer.

2.4.5 Support Vector Machines

Support vector machines (SVM) (Cortes & Vapnik, 1995) are linear classification models that
transform the input space into a high dimensional feature-space to maximise the separation of
the classes. This separation is done via a hyper-surface in the feature-space. Many
transformation models have been designed for SVM, however, there is no need to delve into
those models here. Vapnik (1999) provides a good description of the theory. Below a few works
in SVMs are listed.

Gao et al. (2004) presented a supervised model for simultaneous sentence segmentation and
new word identification for Chinese. Segmentation was done using linear discriminant functions
(Hastie et al., 2009:108). New word identification was done during segmentation avoiding error
propagation and used support vector machines. The technique achieved precision, recall and F1
Score of 95.2%, 95.9% and 95.5% respectively.

Diab et al. (2004) used an SVM in the automatic tokenisation/segmentation, POS tagging and
base phrase chunking of Arabic. Chunking groups of words in a sentence into non-overlapping
meaningful segments, or phrases (Jurafsky & Martin, 2000). The tool used was Yamchat , a freely
available SVM tool. The experiments were done on the Arabic Penn TreeBank 1 (v2.0).
Tokenisation involved classifying each letter in a word into five categories, i.e. beginning of a
prefix 1 or 2, beginning of the stem, other stem letters, beginning of a suffix and other suffix letters.
A collapsed list of POS tags was used for chunking. The experiments showed that an SVM can
be used in these tasks with an F1 Score of 99.12% in tokenisation, 95.49% accuracy in POS
tagging and an F1 Score of 92.08% for base phrase chunking.

Habash and Rambow (2005) presented a supervised approach to combined segmentation and
POS tagging of Arabic. The approach used an existing finite-state morphological analyser,
ALMORGEANA (Habash, 2007) to generate candidate morphological analysis for a word, and
support vector machines (SVM) for disambiguating segmentation and POS tagging. The features
used are inspired by Arabic linguistic morphology, span several words around the candidate word
for context and each feature is independently trained with its own SVM. The approach achieved

a segmentation F1 Score of 99.1% and POS Tagging accuracy of 97.6%.

! Yamcha is available at http://chasen.org/~taku/software/yamcha/
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Abdelali et al. (2016) presented a support vector machine based Arabic segmenter, called Farasa.
Farasa depended on lexicons of valid Arabic stems. The system achieved segmentation accuracy
of 98.76%.

2.4.6 Markov Chain Monte-Carlo based segmenters

Sampling methods are useful in modelling cases where the partitioning function (normalisation
factor) in a model is intractable. In these cases, conditional sampling can be used to model the
conditional distribution and to estimate marginal distributions, called Markov Chain Monte-Carlo.
The inference of choice is the Gibbs sampler (Geman & Geman, 1984).

Goldwater et al. (2006; 2009) proposed two supervised MCMC Bayesian word segmentation
methods, one using unigrams and one using bigrams. The intention of the paper was to highlight
the importance of contextual dependencies in word segmentation. The models used were based
on the Dirichlet process, a non-parametric Bayesian process. Non-parametric models do not
assume a finite set of states, and at most they assume a countably infinite set. The unigram model
was based on the Dirichlet processes (DP) (Ferguson, 1973), and the hierarchical Dirichlet
process (HDP) (Teh et al., 2005). Character-wise Gibbs sampling (Geman & Geman, 1984;
Brooks, 1998) was used to perform Bayesian inference. The unigrams algorithm showed an F1
Score performance of 53.0% on English. The HDP improved the results to an F-measure of 76.6%
in the Brent English child-directed speech utterances corpus of 33399 words. The precision was
reported as 61.9% for the Dirichlet Process and 79.4% for the HDP. The study showed that

context is important in segmentation.

Lee et al. (2011) used MCMC to validate the importance of the connection between Part of
Speech (POS) categories, word affixes and sentence word affix agreement in the segmentation
of words in a sentence. The study assumes that words with common affixes are likely to belong
to the same POS. Also, grammar agreement is likely to be realised in inter-word affix correlations
within a sentence. The approach uses graphic modelling and Gibbs sampling for inference. The

approach was tested on Arabic with segmentation accuracy of 86.2%.

Silfverberg and Hulden (2017) presented work on the morphological segmentation of text via
Universal Dependencies. Universal Dependencies are word level annotations that mark the
linguistic features of a word. The intuition is that linguistic features in a word are expressed as
morphemes, and with enough data, it should be possible to identify the morphemes that match a
particular feature and to identify such in a word. The study used a symmetric conditional
probability objective function which was initially used by da Silva et al. (1999) for multi-word

expression extraction. The study used the Gibbs sampler for inference over the large possible
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segmentation-label space. The method was tested on Finnish, Spanish and Swedish, and
performed better than Morfessor baseline (Creutz & Lagus, 2005). The F1 Scores (%) are

tabulated below:

Morpheme boundaries

Unlabelled morphemes

Labelled morphemes

Finnish | 90.89 66.67 85.02
Spanish | 86.45 52.08 76.39
Swedish | 91.28 58.69 92.73

247 Memory-Based learning

Also called instance based learning, memory-based learning (Stanfill & Waltz, 1986) takes an
input and compares it to the training data set and classifies it to the class of a subset of the training
set that is most similar to it. The most obvious type of memory-based learning is the K-nearest
neighbour algorithm.

Van den Bosch and Daelemans (1999) presented the use of memory-based learning in the
morphological analysis of Dutch. The algorithm achieved 93% accuracy and 84% for out of

vocabulary words.

Stroppa and Yvon (2005) provided an algebraic framework to a variant of memory-base learning
called analogical learning. The technique was evaluated on the lemmatisation and POS-tagging
of English, Dutch and German with results comparable to van den Bosch and Daelemans (1999).
The second task was the generation of a morphological parse tree for unknown English lemmas.

Not enough work was done to report definitive results on the second task.

De Pauw and De Schryver (2008) presented the Memory-Based Swabhili Morphological Analyser
(MBSMA). It was trained using lemmas generated by a rule-based morphological analyser
(SALAMA) (Hurskainen, 2004). The output of SALAMA, the Helsinki Corpus of Swahili (HCS),
consists of word forms, lemmas and morphosyntactic descriptions (MSD). A sample of 97000
words was extracted from the HCS and 10% was hand annotated to be a gold standard evaluation
set. Two versions of the MBSMA were developed, one being the original character based analyser
(MBSMA-c) and the other a syllable based analyser (MBSMA-s). The lemmas were generated by
the HCS trained MBSMAs and the original HCS lemmas were evaluated against the gold standard

and Morfessor. The syllable based MBSMA had the lowest lemmatisation error rate at 11.7%
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followed by the HCS lemma output at 12%. The MBSMA-c performed at a word error rate (WER)
of 13.6% with Morfessor-baseline being the worst performer at 73.6%.

Quasthoff et al. (2016) used Memory-Based learning in the segmentation of isiZulu and German
using small training sets of 8301 and 70000 words respectively. The approach achieved a

maximum accuracy rate of 96% for both isiZulu and German.
2.4.8 Neural Networks

An artificial neural network (ANN) or a multilayer Perceptron is a computational network of artificial
neurons that is used to model an artificial intelligence function. The neurons in an ANN are
arranged in a stack of layers such that a neuron in a layer is connected to neurons in neighbouring
layers, and computation is one directional. An ANN has at least three layers, the input layer an
output layer and at least one hidden layer between the input and the output layer. A single layer
can have many neurons. ANNs are sometimes called feed-forward networks because the
computation is one directional from the input layer to the output. A neuron receives input from a
number of neurons of the previous layer, does a weighting of each input and a simple non-linear
computation of those weighted inputs and passes the result as input to neurons of the next layer.
If one considers the inputs to a neuron as a vector, I, and the input weights as a vector, w, and

non-linear function, f, the output of the neuron, o, is then calculated as
o) = f(w'D), (2-18)

and the vector of the outputs of the neurons in a layer O (I), if the vectors of weights are combined

into a matrix, W, can be calculated as
o = fWTr. (2-19)

Training of the input weights for the neurons is done using a technique called error back-

propagation (Rumelhart et al., 1986) from input-output pairs in supervised training.

What makes ANNSs versatile are the many design possibilities regarding both the number of
neurons in each layer, the number of layers in an ANN, and the design on the neurons
themselves. Three neuron designs that have revolutionised ANNs are auto encoders, the
Recurrent Neural Networks (RNNs) and Convolutional Neural Networks (CNNs). A good text on
the latest ANN is by Aggarwal (2018).

Ordinarily, an ANN is trained in a supervised manner with input-output pairs, but what if one wants

a compressed representation of the input? That is where auto encoders come in. Auto encoders

are neural networks that find a compressed representation of the input. This is achieved by having
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one of the hidden layers constricted (with very few neurons) such that the network presents a
compressed representation of the input at that layer and training the network with input-input
pairs. This constricted layer is referred to as the code layer. The layers between the input layer
and the code layer are referred to as the encoder and the layers to the output are referred to as
the decoder. Another name for an auto encoder is the encoder-decoder.

The formulation of the ANNs above is memory-less, meaning that the neurons do not use their
current output in the calculation of the next output. RNNs provide sophisticated mechanisms for
a neuron to take sequential data and use their output as input in future calculations. This allows

for time-series models, text processing and biological data analysis.

In addition to the above, our formulation took the input as a vector, not a matrix, as in a picture,
or a tensor, where there are relationships between the different values in the input. This is where

Convolutional Neural Networks (CNN) are used.

A good overview of Neural Networks for scarce resourced languages is Loubser and Puttkammer

(2020). In this section, only an overview of works in morphological analysis is provided.

Collobert and Weston (2008) presented a single convolutional neural network architecture
that could analyse a sentence and produce POS tags, chunks, named entity tags, semantic roles
and semantic similarity words for each word in the sentence, and give a likelihood of the
grammatical and semantic correctness of a sentence. The language model is learnt from
unlabelled data and the rest from labelled text. Of interest is the semantic representation of a
word, the so called “embedding”. An embedding is an estimation of how a particular word
semantically relates (synonym, homonyms, hypernyms etc.) to other words. This is modelled as
a vector from the context of the word. Context is modelled using proximity. The network achieved
word error rates of 14.3% for semantic role labelling, 3.8% for chunking and 2.91% for POS
tagging of English.

Wang and Manning (2013) compared linear neural network (Collobert et al., 2011) and conditional
random fields. The work showed the mathematical similarity between CRFs and Linear Neural
Networks and the performance was similar for named entity recognition (NER) and syntactic

chunking.

Durrett and Klein (2015) introduced the combination of neural networks and conditional random

fields in neural CRF Parsing of 10 world languages, i.e. English, Arabic, Basque, French, German,

Hebrew, Hungarian, Korean, Polish and Swedish. Using neural networks as input to conditional

random fields allows for the use of non-linear potential functions (modelled by the feed-forward

NN) and the efficient inference provided by the CRF. Evaluating this approach in structured
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language parsing showed superior performance over CRF only parsers on all the languages.
Cotterell and Duh (2017) used this approach in named entity recognition and syllabification
(Krantz et al.,, 2019) and Peng & Dredze (2016) used it in joint modelling of Chinese word
segmentation and named entity recognition. Liu et al. (2020) also used the technique in segment

recognition.

Wang et al. (2016) used Long Short Term Memory (LSTM) (Hochreiter & Schmidhuber, 1997)
neural networks, a variant of a recurrent neural network, in the segmentation of Hebrew and
Arabic. The authors tested three context-based LSTM architectures, i.e. a simple window LSTM,
a multi-window LSTM and a bidirectional multi-window LSTM, in the prediction of morphological
boundaries in a word. The approach casts segmentation as a sequence labelling exercise, with
each letter in a word labelled as either the beginning of a morpheme (B), the middle of a
morpheme (M), the end of a morpheme (E) or as a single character morpheme (S). This is a
labelling used by Ruokolainen et al. (2013). After adjusting for hyper-parameter the best F1
Scores obtained were 95.2% for Hebrew and 96.5% for Arabic. Windows based LSTM showed
better results than conditional random fields on a small percentage of the training data, but were

comparable when trained on the full data set.

Kann and Schutze (2016) used encoder-decoder neural networks in the morphological re-
inflection (MRI) of Arabic, Finnish, Georgian, German, Navajo, Russian, Spanish and Turkish.
MRI is the production of a target inflection from a source form and source tag given a target tag.
The source form does not have to be a base or lemma. If the source form is a lemma or base MRI
is referred to as morphological inflection (MI). A simple example is pluralisation, “tree” -> “trees”.
The approach was reported to outperform other systems for all the languages on the
SIGMORPHON16 (Cotterell, Kirov, et al., 2016) shared task.

Kann et al. (2016) using neural encoder-decoder with a morph re-ranker to incorporate NLP
features in their work on the canonical segmentation of English, German and Indonesian.
Canonical segmentation handles morpheme fusion. This work was a porting of the work by
Cotterell et al (2016), on the joint modelling of orthography and morphological segmentation, to
neural networks. They achieved state of the art results in supervised canonical segmentation at

the time with F1 scores of 82%, 87% and 96% for English, German and Indonesian respectively.

Zhang, Yu, et al. (2018) presented a joint sequence-to-sequence neural network model for
Chinese segmentation and POS tagging using character level embeddings. The model is a
transition system, which predicts a sequence of transition actions. The transition actions are APP
and SEP, for appending the current character to the previous word or inserting a space before

the current character. Two LSTMs, one for generating character sequence features from
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character embeddings and the other for historical word tags, are used. The authors report superior
performance at the time on five Chinese datasets.

In Zhang et al.’s (2018) segmentation of Chinese using neural networks the approach used
embeddings of already identified words, embeddings of previous characters in the sentence
sequence and already identified segmentation tags to predict what segmentation tag the next
character should be allocated. The tags assigned to a character are B/I/E/S for identification that
the character is at the beginning, intermediate, at the end of a word or is a single character word.
The features were used in a transition based framework (Zheng et al., 2013). The approach

provided state of the art results when discrete and neural features were used.

Zeldes (2019) compared Deep Neural Networks and Extra Trees Random Forests (ETRF)
(Geurts et al., 2006) in the supervised segmentation of Hebrew, a morphologically complex
language with templating inflection. The approach was about ensuring that a good set of features
were used in the segmentation. The best performance came from the ETRF at an F1 Score of
97.08%.

Wang et al. (2019) incorporated unsupervised segmentation, including an unsupervised word
goodness measure, into a supervised neural word segmentation system to improve its
performance. Unlike other approaches, which use pre-trained word embeddings (Zhou et al.,
2017; Yang et al., 2017), the approach learns the embedding during training. For unsupervised
segmentation, the approach uses the accessor variety goodness measure metric and Nested
Pitman-Yor Language model (NPYLM) (Mochihashi et al., 2009). The approach outperformed
other neural network based Chinese segmenters on out of vocabulary (OoV) boosting recall by
up to 4.7% and F1 Score by 0.6%.

Gong et al. (2019) presented to use of multiple criteria framework in the segmentation of Chinese
word using switching LSTM neural networks. Each criteria is modelled using an LSTM, and the
different LSTMs are linked to a switching unit. The LSTM feed a CRF for character tagging. The

approach showed state of the art F1 Scores on eight corpora.
2.4.9 Conclusions on Supervised Morphological Segmentation techniques

The prevalence of a supervised technique seems to depend on the period. A language with similar
complexity as isiXhosa has seen more use of variants of Conditional Random Fields (CRFs) than
any other technique. Lately, however, neural networks, specifically Long Short Term Memory

(LSTM) networks, are dominating, especially when combined with CFRs.
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2.5 Semi-Supervised

As explained in section 2.3, semi-supervised algorithms use the best of both worlds, i.e. the
structure in annotated data and the statistics of large raw data. Here a few studies that use limited
annotated data with large raw data are discussed.

Lee et al. (2003) presented a seeded semi-supervised algorithm for the morphological analysis
of Arabic. A corpus of 110 000 analysed words was used to estimate a trigram model of Arabic.
The trigram model was then enhanced in an unsupervised manner with a corpus of 155 million

words. The resultant model was tested on 28 449 words and achieved an accuracy of 97%.

Collobert and Weston (2008) presented a single convolutional neural network architecture
that could analyse a sentence and produce POS tags, chunks, named entity tags, semantic roles
and semantic similarity words for each word in the sentence, and give a likelihood of the
grammatical and semantic correctness of a sentence. The language model is learnt from
unlabelled data and the rest from labelled text. Of interest is the semantic representation of a
word, the so called “embedding”. An embedding is an estimation of how a particular word
semantically relates (synonym, homonyms, hypernyms etc.) to other words. This is modelled as
a vector from the context of the word. Context is modelled using proximity where words with
appearing in a similar context are deemed close to each other. The network achieved word error
rates of 14.3% for semantic role labelling, 3.8% for chunking and 2.91% for POS tagging of
English.

Kohonen et al. (2010) added semi-supervision to an unsupervised morphological segmenter
Morfessor Baseline (Creutz & Lagus, 2002). Morfessor Baseline is discussed in section 2.6.3
unsupervised morphological segmentation using Minimum Description Length. This version of
Morfessor was tested on English and Finnish achieving F1 Scores of 72.85% and 60.26% for the
respective languages. This was achieved with the models trained with 10 000 labelled tokens for
both languages and 62 185 728 unlabelled tokens for English and 36 207 308 unlabelled tokens

for Finnish.

Shalonova and Golenia (2010) presented a weakly supervised approach to the word
segmentation of Turkish and isiZulu verbs and nouns. The study used small training sets. The
approach consists of two stages, i.e. the identification of the stem and the segmentation of the
resultant prefix and suffix into morpheme. Stem identification is done through the Supervised
Stem Extraction (SSE) algorithm presented in the paper, and the segmentation of affixes into
morphemes is through the unsupervised segmentation algorithm Graph Based Unsupervised

Morpheme Segmentation (GBUMS). The approach was tested on Turkish and isiZulu nouns
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and verbs. The approach showed superiority against Morfessor on nouns but did not perform as
wellon verbs for both languages. The average F1 Scores for isiZulu and Turkish were 86.2% and
77.85 respectively. F1 Scores for unsupervised Morfessor for both languages were below 29%.

Dreyer and Eisner (2011) extended their earlier work (Dreyer & Eisner, 2009) to a semi-
supervised approach to the induction of inflectional paradigms from text. The model reconstructs
latent word-bases and inflections. The approach tagged each word with a POS Tag, a base-
word/lemma and an inflection. This allows for prediction of out of vocabulary (OoV) words. The
approach uses log-linear models and Dirichlet Process Mixture models with Gibbs sampling and
is initialised with a few paradigms. The approach was tested on German verbs with an inflection

accuracy rate of 92.2%,
2.6 Unsupervised Morphological Segmentation works

As explained in section 2.3, unsupervised learning requires that the machine-learning tool use
unannotated training data to model the process. This section covers the nine techniques used in

the field and rounds off with a summary of the techniques.
2.6.1 Branching Entropy

The earliest works in unsupervised morphological segmentation used a form of accessor variety,
where a morpheme boundary is identified by the possible number of letters that may follow that
sequence of letters (Déjean, 1998; Feng, Chen, Deng, et al., 2004). One of the earliest works is
that of Ando and Lee (2000) that used the variability of letters following a substring in text
segmentation. This work presented a mostly unsupervised statistical word segmentation
algorithm for Japanese. The algorithm was trained on unsegmented Japanese text. The algorithm
used counts of character n-grams. It compared n-grams that straddle a proposed boundary to
those that are adjacent. A proposed boundary is valid if the n-grams that are adjacent to it are
more frequent than those straddling it and they are above a particular threshold t. The
algorithm achieved a word precision level of 85%, a recall of 78%, and an F1 Score of 82%, which
was better than rule-based morphological analysers available at the time, on the kaniji, a type of

Japanese characters. The morpheme level metrics reached an F1 Score of 80%.

The next major work on this variability of preceding and succeeding letters as a way to identify

morpheme boundaries was done by Feng et al. (2004). They called the method for Chinese text

segmentation Accessor Variety. The method considers characters before (predecessors) and

after (successors) a string as accessor of the string. The study uses its own statistical criterion,

accessor variety, to evaluate the probability of a string being a word/morpheme. The paper uses

the intuition that the larger the context, i.e. accessor variety, in which a particular substring
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appears in a corpus the higher the probability that it is a morpheme (Harris, 1942). For a particular
string, the accessor variety was calculated from the number of different characters preceding it,
the number of different characters succeeding it, and the number of sentences in which the string
appeared at the beginning and at the end. The performance of this approach resulted in precision
and recall of 86.48% and 89.78% respectively.

Jin and Tanaka-Ishii (2006) extended the measure of variability to using entropy instead of counts
for unsupervised word segmentation. They called it Branching Entropy. The algorithm is based
on the assumption that a point of peak entropy of successive characters in a sequence of
characters is the location of a word boundary. The algorithm was tested on Chinese text and

achieved a precision rate of 90% and a recall rate of 80%, which results in F1 Score of 84.7%.

Zhikov et al. (2010; 2013) presented an unsupervised word segmentation algorithm that uses
branching entropy (Jin & Tanaka-Ishii, 2006) and Minimum Description Length (Rissanen, 1978).
The algorithm was evaluated on Japanese, Thai and the CHILDES English corpus. The method
achieved results comparable to state of the art at the time with significant improvement in
computation speed. The method achieved boundary identification F1 Scores of 88.56%, 90.7%
and 90.7% for Japanese, Thai and English respectively, and token F1 Scores of 75.42% and

71.31% for English and Japanese respectively.

Chen et al. (2011) proposed an approach to unsupervised word segmentation using a word
induction criterion call WordRank. WordRank estimates the goodness of a word hypothesis using
two metrics, the lowest mutual information of bigrams within a prospective word and some word
boundary metrics. The approach was tested on English, Chinese and Japanese with F1 Scores
of 78.6%, 78.8% and 66.3% respectively.

Wang et al. (2011) presented an unsupervised iterative approach to Chinese word segmentation
called ESA. ESA stands for the three phases of the approach, i.e. Evaluation, Selection and
Adjustment. The evaluation stage is used to estimate and calculate certain statistics from the
corpora including Branching Entropies of the n-grams. Because the strategy uses n-grams of
different lengths, the evaluation stage uses a normalisation method called balancing to ensure
that comparisons among the different n-grams are proper. The selection stage uses the
evaluation stage statistics in identifying locations for segmentation. Having segmented the
corpus, the adjustment stage adjusts the statistics accordingly and the iteration starts again. The
algorithm is complete when two consecutive iteration return the same results or a specified
number of iterations is reached. The approach does require one to set the maximum n-gram
length and an exponent in the statistical calculations, which both affect the performance. The

approach was evaluated on several Chinese corpora with an average F1 Score of 78.1%.
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Magistry and Sagot (2012) and Magistry (2012) presented work on the unsupervised
segmentation of Chinese. The approach uses the variation of branching entropy (VBE) (Kempe,
1999) for a subsequence to determine how likely a substring is to be a morpheme. To compare
VBE of different string lengths the VBEs are normalised by subtracting the average of VBESs for
strings or a particular length. The average F1 Score among four Chinese corpora was 78.65%.

Magistry and Sagot (2013) extended the use of Variation of Branching Entropy (Magistry & Sagot,
2012; Magistry, 2012) and evaluated the use of Minimum Description Length (Rissanen, 1978) in
Chinese word segmentation. The algorithm first uses the normalised VBE introduced by Magistry
and Sagot (2012) for the initial segmentation. The approach is a further segmentation or merging
of segments to reduce the Description Length. The initial work resulted in a reduction in the
Minimum Description Length; however, the F1 Score of the segmentations was suboptimal. This
meant that the reduction in the description length of a corpus does not necessarily result in the
best segmentation of Chinese. Some linguistics informed constraints were introduced in the
method resulting in major improvements to the F1 Score. The average F1 Score for the four
Chinese corpora used was 80.925%. The description lengths were similar to those achieved by
Zhikov et al. (2013).

Bergmanis and Goldwater (2017) presented an improvement to Narasimhan et al.'s (2015)
unsupervised word segmenter, MorphoChain. The extension was that of making the system
output a word morphological analysis instead of word segmentation. The enhancements made
were in the features used. The check for presence in the training data was modified to have an
out of vocabulary feature for parents that were not in the training data. The affix feature was
modified to use Letter Successor Entropy (LSE), a variant of the right branching entropy,
thresholded at an entropy level of 3.0 and a frequency of 100. Augmentation of the compounding
feature was also done to the transformation features, with the inclusion of the head word in the
feature. To reduce noise from low frequency types in the training data, the training data was
pruned to retain words with a frequency of at least 50% of words having an embedding, and to
finally decide on the usefulness of a word a modification of Whole Word Morphology (Neuvel &
Fulop, 2002) strategy was used. The approach was tested on English, German, Turkish, Arabic,
Finnish and Estonian with EMMA F1 Score percentages of 76.3, 56.8, 44.2, 33.1, 54.9 and 76.0
respectively. The EMMA evaluation metric is defined in section 2.1.5.4 Evaluation Metric for
Morphological Analysis (EMMA).

El-Kishky et al. (2018) presented SubwordMine for information retrieval. SubwordMine uses
Letter Success Entropy to segment words into subwords. These subwords are then used in
enriching word embedding that are tested in information retrieval. The work is refined in El-Kishky
et al. (2019) with using binimoal distribution in the morpheme statisical modelling.
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2.6.2 Maximum Entropy Learning

MaxEnt is explained in section 2.4.3. This section provides a list of unsupervised segmentation
works done using this technique. Training an unsupervised system using MaxEnt is different from
using a supervised system. For a model with features f;, A; are the feature model coefficients and

the conditional probability distribution of the outcome Y given the input X is defined as.

vix eZiti fi(X.Y) (2-20)

pVIX) =

7 = eZiti fi(xy) (2-21)
Xy €XXY

Unsupervised learning maximises the log-likelihood of the observations.

Lo(X) = logz P(X,Y) (2-22)
Y

This is achieved using gradient descent. The gradients of the feature weights are calculated as:
a -
a_/lil"’ X) = EP(YlX) [fz] - EP(X,Y) [fl] (2-23)

Where Ep(f) denotes the statistical expectation of function f under that probability distribution P.

De Pauw and Wagacha (2007) presented a proof of principle experiment on the unsupervised
morphological analysis of a resource-scarce Bantu language Giklyd. The study used maximum
entropy learning (Ratnaparkhi, 1998) to induce morphological features. The algorithm attained an
F1 Score of 64.6% in prefix retrieval.

Sarikaya and Deng (2007) used the JMLLM (presented in section 2.4.3 on supervised Maximum
Entropy Modelling) in the Arabic-English statistical machine translation. This resulted in a BLEU
translation score of 30.41% when combined with Morpheme trigram features, an improvement of

0.79% from just the Morpheme trigram language model.

Narasimhan et al. (2015) presented an unsupervised morphological analyser that is also based
on log-linear models, called MorphoChain. Some the main features used were semantic similarity,
candidate affix distributions, affix correlations and morpheme attachment transformations.
Normalisation of the objective function, the likelihood function, was replaced with contrastive
estimation, which reduced the normalisation from a sum over all the words to a sum over the word

neighbourhoods. Contractive estimation is explained in section 2.6.8: Contrastive Estimation. The
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approach was tested on English, Turkish and Arabic with F1 Scores of 76.2%, 61.2% and 79.9%
respectively.

2.6.3 Minimum Description Length

Descriptive Length Gain (DLG) is a criterion used in unsupervised lexical acquisition. It is a
measure of how good a substitution is at reducing the minimum description length (MDL) of a
corpus. Consider an N long corpus D = m,..my which is made of types m; € M, where M is the
dictionary of types. If #m is the count of m € M in the corpus, the minimum description length is
calculated in two parts i.e. the length of the corpus given the types, L(D|M), and the length of the
code book L(M).

DL(D|M) = L(D|M) + L(M)

=— Z #m-log, p(m) — Z log; p(m)

meM meM (2_24)
#m #m
== ) #mloga (G7) = D tog (7)
meM meM

The description length gain (DLG) of modelling the same corpus with morphs m’ € M', where M’

is the dictionary of morphs, is calculated as follows:
DLG(D) = DL(D|M) — DL(D|M") (2-25)

An algorithm that uses DLG, maximising the DLG, was developed by Kit (1998) and was
evaluated (Kit & Wilks, 1999) on the English Brown corpus resulting in a precision level of 79.33%
and recall of 63.01%.

Goldsmith (2000; 2001) presented the unsupervised learning of morphological segmentation of
European languages using the minimum description length (MDL) as the global segmentation
evaluator, in an algorithm called Linguistica. Minimum description length optimisation involves
minimising the MDL. Linguistica produced analysis comparable to the human morphologist for
English, French, Spanish, Latin and ltalian. Results were only specified for English and French

with accuracies of 82.9% and 83.3% respectively.

Teahan et al. (2000) presented a supervised scheme for estimating morpheme boundaries in
Chinese text using text compression techniques. Text compression is similar to minimisation of
description length. The error rate, recall and precision achieved by the technique were 10.8%,
93.4%, and 89.6% respectively.
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Creutz and Lagus (2002) presented methods for unsupervised segmentation of words into
morpheme-like units. The first method used the Minimum Description Length (MDL) optimisation
and the second method used Maximum Likelihood (ML) optimisation, called Morfessor-Baseline
and Morfessor-Categories ML respectively. Maximum Likelihood optimisation minimises the log-
likelihood of the data given a model M'. Below N’ is the number of segments in the new

segmentation of the data D.

Lo(DIM") = — Z #m- log, (#;g) (2-26)

mIeM/
The Morfessor variants performed well compared to the state-of-the-art system at the time,
Linguistica, on both Finnish and English. Accuracy results for the MDL algorithm, the ML algorithm
and Linguistica were 49.6%, 47.3% and 43.1 % respectively on Finnish.

Creutz and Lagus (2005; 2007) presented an algorithm for unsupervised word segmentation of
words called Morfessor Categories-MAP. The algorithm used the probabilistic maximum a
posteriori (MAP) model. MAP models maximise the posterior probability of the model M given

the data D, P(M|D), which can be calculated as follows:

P(DIM) - P(M
P(M|D) = % (2-27)

The algorithm was tested on Finnish and English and compared to Linguistica (Goldsmith, 2001),
its predecessors Categories-ML and Morfessor Baseline (Creutz & Lagus, 2002). Very good
results were obtained for Finnish, but it showed an F1 Score lower than the original Categories-
ML for English.

Gronroos and Virpioja (2014) presented a new variant to Morfessor (Creutz & Lagus, 2002; Creutz
& Lagus, 2005), FlatCat which applies Hidden Markov Model to morphological segmentation.
FlatCat did not reach the accuracy of Morfessor Categories-MAP, but performed better compared

to systems implementing Conditional Random Fields (CRFs).

Golénia et al. (2009) presented an unsupervised word segmentation algorithm called
Unsupervised Graph Decomposition (UNGRADE). The algorithm operates in two phases. The
first phase identifies a pseudo stem using a window based Minimum Description Length algorithm.
The second phase takes the resultant affixes (prefix and suffix) and segments them into the
constituent affixes (morphs) using a graph algorithm called Graph-Based unsupervised sequence
segmentation (Shalonova et al., 2009). UNGRADE was tested on English, German, Finnish,
Turkish and Arabic with F1 Scores of 37.11%, 33.44%, 36.51%, 36.64% and 54.37% respectively.
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2.6.4 Paradigmatic Clustering

A paradigm is a grouping of words according to their main meaning (Booij, 2012). Normally words
in a paradigm group share a base word from which they are all derived. Several metrics can be
used to measure the similarity between words to cluster them into a paradigm.

Gaussier (1999) presented an unsupervised method for learning suffixation rules from an
inflectional lexicon. This is done by clustering words into relational families. The similarity
measure in this study is based on the commonality of stems between words resulting in suffix
pairs, and the prevalence of the suffix pairs. Such rules were then used to identify even more
suffixes. This was done by extracting derivational morphology from words in a relational group.

The algorithm was evaluated on English with an accuracy of 85%.

De Roeck and Al-Fares (2000) presented an unsupervised algorithm for clustering Arabic words
that share the same root. The algorithm uses the Dice and Jaccard coefficients (Manning &
Schiitze, 1999:299) with modifications for the language to measure similarity between words. The

algorithm achieved a maximum clustering accuracy of 94.04%.

Lignos et al. (2009) introduced an unsupervised morphological analyser that learns rules from
unannotated text. The rules are stored as base/lemma and transform pairs. The work was then
improved by Lignos (2010) to better handle compound words and an addition of transforms that
are based on other transforms. The best segmentation F1 Scores achieved were 56.62% for
English, 48.93% for Finnish, 38.78% for German and 33.31% for Turkish.

Muller and Schutze (2015) experimented with different word representations in morphological
tagging. They compared Singular Value Decomposition, Language Model based word clustering,
neural network embeddings and accumulated tag counts, a form of sparse representation. The
work was done for six languages, i.e. Czech, English, German, Hungarian, Latin and Spanish.
They found that Language-Model based clusters outperformed other representation for POS

tagging in all the languages evaluated.

Mendez-Cruz et al. (2016) presented an unsupervised morphological segmentation method that
uses affixality measurements (Méndez-Cruz et al., 2012). Affixality measurement is made up
three statistics measurements that together give a score of a segment being a morpheme. For a
particular segment, the statistics used are the entropy of segments attaching to it similar to right-
branching entropy, an economy of a segment which is a measure of how many other morphemes
can replace the segment in its context, and the number of squares of the segment which is a

measure of how many times it is found in combination with three other segments. The method
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outperformed other unsupervised morphological segmentation algorithms (Morfessor and
ParaMor) in the segmentation of Spanish words.

Chavula and Suleman (2017) presented work on the unsupervised morphological segmentation
of Bantu languages using morphological clusters created using a weighted word similarity
measure. The similarity measure is based on Ordered Weighted Aggregator operators. The
Chavula-Suleman similarity measure is biased towards the similarity of the middle characters in
strings and reduces the importance of similarity the further away from the centre. It is based on
the assumption that stems are distributed more towards the centre in Bantu words. This was then
used to cluster words into paradigms, identify stems and eventually identify affixes. The study
measured the purity of the clusters identified, and the morphological segmentation induced from
the stems identified. The tests were done for two Malawi languages, Citumbuka and Chichewa.
The clustering purity results obtained were 0.7 and 0.79 for the respective languages, compared
to 0.59 and 0.66 using the Dice coefficient. Precision for morphological segmentation was
measured at 53% for Chichewa and 54% for Citumbuka, an improvement for Citumbuka when
compared to Morfessor-Baseline whose precision was 50%, but a reduction from for Chichewa’

Morfessor-Baseline precision of 58%.
2.6.5 Context based segmentation

Whilst paradigmatic clustering groups words according to their paradigm, identifying the root and
the segmentation, context based approaches group words according to their context. The idea is
that words that appear in the same context are probably of the same part of speech and therefore
are inflected in a similar manner. Therefore, in the cases below the approach is that of identifying

POS common inflections thereby being able to analyse the words.

One of the earliest works that used this approach was Déjean (1998). Instead of using a word
context, this work used character level context. The paper describes an unsupervised method for
the automatic discovery of syntactic structures from an untagged corpus in twenty languages.
The structures discovered are morphemes, chunks, relationships between chunks and clauses.
The method differentiates between frequent and infrequent morphemes and finally segments
words in the corpus. The method has three steps. The first step identifies the top 100 frequent
morphemes using boundary identification. A boundary between morphemes is identified by the
number of different letters that follow a sequence of letters, similar to Accessor Variety (see
section 2.6.1: Branching Entropy). Having identified the top 100 morphemes, the method then
uses words that have these morphemes to find other strings that replaced these top 100

morphemes, assuming those strings also to be morphemes. Having identified this extended list
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of morphemes, the method then can analyse the entire corpus. The training process used 100 000
words. Déjean mentioned that 5% of the words were not segmented by the method.

Yarowsky and Wicentowski (2000) presented an unsupervised algorithm that induces inflectional
morphology of English from a corpus. The algorithm uses distributional patterns in the
monolingual text. The algorithm combined techniques for relative corpus frequency, contextual
similarity, string similarity and induced flectional probabilities. The algorithm was tested on

English past tense cases and achieved an accuracy of 99.2%.

Schone and Jurafsky (2000) presented an unsupervised morphology induction algorithm that
uses Latent Semantic Analysis (LSA) (Deerwester et al., 1990). The intuition of LSA is that the
meaning of a word can be induced from its contextual use. Statistical context is inferred from
words that frequently appear with the word in question. This means that words that appear in the
same context should have similar meanings. This analysis is extended to the use of identifying
morphemes by Schone and Jurafsky. The approach rivalled the state-of-the-art at the time,
Linguistica. The algorithm was tested on the English CELEX corpus with an F1 Score of 84.3%

compared to Linguistica’s 81.6%.

Schone and Jurafsky extended their initial work to induce inflectional morphologies by adding
orthography and syntactic distribution. The improved algorithm was tested in the CELEX
corpora for German, Dutch and English. The new algorithm achieved F1 Scores of 88.1% for
English, 92.3% for German and 85.8% for Dutch. This was well above the results of 85.2%, 88.3%
and 82.2% for English, German and Dutch respectively from the earlier Schone and Jurafsky
(2000) algorithm.

Belkin and Goldsmith (2002) presented experiments that use unsupervised statistical methods to
infer syntactic categories, morpheme identities, from an untagged corpus. The method derives
categories using the occurrence of words adjacent to other words. It is a form of word
clustering that is based on co-occurrence. The heart of the algorithm is the use of eigenvectors
of the bigram graph. The work does not provide results other than the list of English suffixes that

the method identifies.
2.6.6 Non-parametric Bayesian techniques

The techniques above are parametric. Whereas parametric methods assume a fixed set of
features and parameters, non-parametric Bayesian methods do not. These mostly use Markov
Chain Monte Carlo simulation with Gibbs (Geman & Geman, 1984) sampling inference.
Techniques that show promise are Pitman-Yor process based models (Pitman & Yor, 1997) and
Dirichlet processes (Ferguson, 1973).
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Goldwater et al. (2005) presented a framework that augments standard generative models with
an adaptor that modifies the distribution to generate power-laws. Inference is done using the
Gibbs sampler (Geman & Geman, 1984). The adaptor used the Pitman-Yor process and improved
the performance of verb suffix identification using unsupervised learning. The paper however
does not provide empirical results. This work was applied to probabilistic context free grammars
to create adaptor grammars by Johnson et al. (2007). Adaptor grammars are an unsupervised
extension to Probabilistic Context Free Grammars (PCFGs) that lightly break the independence
and introduce links with previous text in the string being analysed.

Johnson (2008a) used adaptor grammars in the segmentation of Sesotho speech. Different
grammar models were used with the word-morph model giving the best word F1 Score at 55.6%
and the colloc2-syll model producing the best morpheme F1 Score at 39.3%. Adaptor Grammars
were also used by Johnson (2008b) in the unsupervised word segmentation of English speech.
The best word segmentation F1 Score was measured 78%. Botha and Blunsom (2013) evaluated
the use of adaptor grammars in the identification of roots and morphological segmentation of non-
concatenative languages, particularly languages with templatic morphology, i.e. Hebrew and
some Arabic variants. The approach resulted in an accuracy of 74% for identifying Hebrew roots
and an F1 Score of 78.1%, an improvement to previous results in these languages, for

segmentation.

Sirts and Goldwater (2013) also tested the use of adaptor grammars for morphological
segmentation in different supervision modes: supervised, semi-supervised and unsupervised
training. The unsupervised model for learning the grammar rules introduced by Sirts and
Goldwater included using over-articulated meta-grammars that are then filtered with a small
labelled set to optimise boundary identification. The approach was tested on English, Finnish,
Turkish and Estonian with segmentation F1 Scores of 74.4%, 70%, 61.7% and 71.7%
respectively. The implementations outperformed Morfessor and Morsel (2010).

Mochihashi et al. (2009) extended the use of the Pitman-Yor process to a Nested Pitman-Yor
Language Models (NPYLM) in the segmentation of English, Chinese and Japanese speech. This
work also introduced the blocked Gibbs sampler with dynamic programming for inference. The
best results were an F1 Scores of 75.7% for English, an average F1 Score of 81.2% for the two

Chinese corpora and 66.6% for Japanese.

Neubig et al. (2010; 2012) presented work on unsupervised learning from continuous speech
instead of text of a language model and word boundaries. The work used a novel Weighted Finite-

state Transducer (WFST) based sampling technique to simultaneously learn word boundaries
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and the n-gram language model in an unsupervised way. The work used the Hierarchical Pitman-
Yor language model. The work was tested on Japanese with a phoneme error rate of 8.1%.

Another attempt at translating to morphologically rich languages (MRL) saw the use by
Chahuneau et al. (2013) of a discriminative model to predict inflection of targets from rich source-
side annotations. In this approach, the morphological analysis of the morphologically rich
language used an unsupervised Bayesian model instead of a supervised analyser. The
baseline translator was a hierarchical phrase-based statistical machine translator (HP-SMT)
(Chiang, 2005) using a 4-gram language model. A word class-based language model was one
enhancement and synthetic inflection was the other enhancement. This approach showed
translation improvements when translating from English to Russian, Hebrew and Swabhili. The
BLEU results for translation from English using baseline translations, class-based LM and
synthetic inflection were 14.7%, 15.7% and 16.2% for Russian, 15.8%, 16.8% and 17.6% for
Hebrew, and 18.3%, 18.7% to 19% for Swahili. In this approach translation is done to the stem
of the MRL, the stems are then inflected to form a sentence. Unsupervised morphological analysis
uses the Dirichlet distribution to model morpheme distribution, the Beta distribution to model
affix distribution, a geometric distribution to model the vocabulary and the Gibbs sampling
(Geman & Geman, 1984; Brooks, 1998) to model word segmentation. The approach is similar to

using adaptor grammars (Goldwater et al., 2006; Johnson, 2008a).

Cao et al. (2014) proposed a four-level Dirichlet Process (DP-4) based model for learning word
segmentation (WS), keyword extraction (KE) and term extraction (TE) for Chinese. For Dirichlet
Process based model a sampler is required. In this paper the authors introduced the sentence-
wise Gibbs sampling technique and used the dynamic programming strategy proposed by
Mochihashi et al. (2009). The algorithms achieved an F1 Score of 82.1% for word segmentation,
and 37.4% recall for out of vocabulary words, and accuracy levels of 70.4% and 57.1% for term

extraction and keyword extraction respectively.

Zhang et al. (2015) presented an approach to simultaneously/joint segmentation, POS tagging
and dependency parsing. The system was tested on Arabic and Chinese and use a randomised
greedy algorithm based on one that was initially designed for parsing only (Zhang et al., 2014).
The algorithm showed improvements to the state of the art on three data sets. Performance on

this study resulted in the following percent F1 Scores:
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Segmentation | POS Tagging | Parsing
Modern Standard Arabic | 99.52 97.43 87.23
Classical Arabic 94.35 84.44 -
Chinese 98.04 94.47 82.01

Uchiumi et al. (2015) presented the Pitman-Yor Hidden Semi-Markov Model (PYHSMM) for the
joint segmentation and part of speech tagging. This model is an extension of the Nested Pitman-
Yor Language Model (NPYLM) introduced by Mochihashi et al. (2009) to include hidden states.
The method was tested on Japanese, Chinese and Thai. Segmentation average accuracy was
measured at 71%, 82.37% and 82.1% for Japanese, Chinese and Thai respectively and POS

tagging for Chinese gave an average precision of 46.9% across the data sets.
2.6.7 Neural Networks

Recent neural networks architectures have provided good performance even though they are not
strictly unsupervised. There are two techniques used in neural networks that have boosted their
performance, i.e. word and character-level embeddings (Mikolov, Corrado, et al., 2013) and deep

architectures (Bengio & Senécal, 2003).

Collobert (2011) proposed a discriminative algorithm for natural language parsing based on deep
recurrent convolutional neural networks. The method used the embedding modelled in
Collobert and Weston (2008). The algorithm performed similarly to existing algorithms at an F1
Score of 89.1% for English.

Collobert et al. (2011) proposed a unified neural network architecture for use in natural
language processing tasks including POS tagging, named entity recognition, segmentation and
semantic role labelling. The proposed neural network model learns internal representation of a
language from unlabelled training data. The model was tested on a tagging system with
satisfactory results. The system vastly outperformed benchmarks when it comes to computing
resource usage and speed. The model achieved 77.24% accuracy for POS tagging, and F1
Scores of 94.29% for parsing, 89.31% for named entity recognition, and 77.92% for semantic role

modelling for English.

Ling et al. (2015) introduced a model for creating word embeddings from characters, C2W. The

approach used bidirectional Long Short-Term Memories (LSTMs) (Hochreiter & Schmidhuber,

1997; Graves & Schmidhuber, 2005). LSTMs are neural networks that have memory whose decay

can be controlled. The approach was tested on language modelling and part-of-speech tagging

for English, Portuguese, Catalan, German and Turkish. The language modelling perplexity results
45



for the respective languages were 57.39, 40.92, 34.92, 41.94 and 32.88. The approach showed
superior performance for all the languages except Turkish in tagging. The POS tagging percent
accuracy results were 97.36%, 97.47%, 98.92%, 98.08% and 91.59% for English, Portuguese,
Catalan, German and Turkish respectively.

Word embeddings are a representation of words as points in a high dimensional geometric
space such that similar words are closer to each other (Mikolov, Corrado, et al., 2013). Lin et al.
(2015) tested the use of this concept in unsupervised POS induction. The system used
multivariate Gaussian distributions over word embeddings to model POS clustering. They found
superior performance when using simple Gaussian Hidden Markov Models with a Conditional
Random Field auto-emitter. The study used the V-measure metric, a metric that evaluates the

homogeneity and completeness of a cluster (Rosenberg & Hirschberg, 2007).

Instead of using complete words in generating the word embedding, Kim et al. (2016) created a
neural language model that only takes character level sequence input. The model does
predictions at word-level. The model is said to be able to encode rich semantic and orthographical
features. The model was on par with existing English models and outperformed existing models
for some morphologically rich languages, i.e. Arabic, Czech, French, German, Spanish and

Russian.

Wang et al. (2017) used a Neural Network named “Sleep-Wake Networks” (SWAN) inspired by
connectionist temporal classification and sequence transducers. The approach was tested on the

segmentation of English text and achieved 30.5% character error rates (CER).
2.6.8 Contrastive Estimation

The idea behind contrastive estimation is to replace the normalisation denominator in probability
density estimation, the partitioning function, with one that does not sum across the entire dataset
but a subset of the dataset that is close to the event that needs to be normalised. For example,
the normalisation function Z in Maximum Entropy Learning (see section 2.6.2) can be intractable

for large data sets but can be efficiently estimated using contrastive estimation.

Smith and Eisner (2005) introduced contrastive estimation, an unsupervised machine learning
technique that uses Conditional Random Fields and data perturbation to improve modelling
accuracy. The model uses perturbation to create false samples. The paper considered different
perturbation methods including transposition of letters, deletion and both. The best results came
from transposition. The approach was tested on POS tagging for English and achieved 90.4%

accuracy.
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Poon et al. (2009) used contrastive estimation with log-linear models for unsupervised word
segmentation of Arabic. According to the paper, the algorithm achieved a reduction in the F1 Error
rate of 11% compared to Morfessor-Baseline. The F1 Error is defined as 1 — F1 Score.

Narasimhan et al. (2015) presented an unsupervised morphological analyser that is also based
on log-linear models. Some the main features used were semantic similarity, candidate affix
distributions, affix correlations and morpheme attachment transformations. Normalisation of the
objective function, the likelihood function was replaced with contrastive estimation. The approach
was tested on English, Turkish and Arabic with F1 Scores of 76.2%, 61.2% and 79.9%
respectively.

Zoph et al. (2016) presented work on the use of noise contrastive estimation (NCE) to improve
speed in neural language modelling. NCE converts an unsupervised method to a supervised
model by introducing false/wrong/noise injected samples onto the training set. This improves
estimation by treating the training process as a classification problem between the true samples
and the false samples. Ordinarily, a number of false samples are created for each true sample,
increasing the training set size, thereby slowing down training. The enhancement introduced in
this paper was the use of the same false sample for a batch of true samples. This approach was
tested on language modelling a large Arabic corpus resulting in the perplexity of 43.2 compared
to 51.3 from an earlier study on the same corpus. The enhanced language model was used in an
Arabic-English translation pipeline resulting in a BLEU score of 41.0% compared to 39.7% from

a previous study on the same translation corpus.
2.6.9 Language Model based segmentation

A language model is a model that assigns probabilities to sequences of words
p(w;_y) (Jurafsky & Martin, 2000:36). This is achieved by using the chain rule of probability and

assuming that the conditional probabilities are a Markov Chain of order n, such that

N
ponn) = | [pOiwinerion. (2-28)
i=1

Because the n-gram probabilities are determined from type counts of a corpus, which is finite,
there are valid types that are not in the corpus. This is referred to as sparseness as the counts of
the missing types would be zero, an incorrect estimate. In addition, counting from the corpus
produces poor estimates for near-zero probability types (Jurafsky & Martin, 2000:207).
Compensating for these deficiencies is called smoothing. There are a number of smoothing

methods with the simplest being Good-Turing Discounting and the best performing smoothing
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being the modified Kneser-Ney smoothing (Chen & Goodman, 1998). Chen and Goodman
provide good detail of the different smoothing techniques. Heafield et al. (2013) provide a scalable
implementation of the algorithm. Pickhardt et al. (2014) extended the modified Kneser-Ney
smoothing to skip-grams.

Language models are used in handwriting recognition, augmentative communication for the
disabled, spelling error correction and other tasks (Jurafsky & Martin, 2000:192). Sarikaya et al.
(2007) used a language model, Joint Morphological-Lexical Language Modelling (JMLLM), for
speech recognition. Sarikaya and Deng (2007) used the JMLLM in the Arabic-English statistical

machine translation.

Most language models are parametric, meaning that they have a set depth, a maximum n-gram
size. However, there is a need for non-parametric language models, especially if one wants to
relax the Markov order or to have a variable Markov order. The Dirichlet Language Model
(Mackay, 1995) and the Nested Pitman-Yor Language Models (NPYLM) (Teh, 2006b) are such
models. The NPYLM is a generalisation of the Dirichlet Language Model and defines the
interpolated Kneser-Ney model under certain conditions, specifically combining type and token
frequencies (Goldwater et al., 2005). Non-parametric models use statistical processes to
generate the model, and the Pitman-Yor and Dirichlet are such processes. Work on language
models using other non-parametric statistical processes continues. Studies in segmentation using

non-parametric methods are detailed in section 2.6.6: Non-parametric Bayesian techniques.

Recently, neural language models have become the benchmark in language modelling (Bengio
& Senécal, 2003; Mikolov, Corrado, et al., 2013; Mikolov, Yih, et al., 2013). Kim et al. (2016)
extended the ideal to a neural language model that only takes character level sequence input.
The model does predictions at word-level. The model is said to be able to encode rich semantic
and orthographical features. The model was on par with existing English models and
outperformed existing models for some morphologically rich languages, i.e. Arabic, Czech,
French, German, Spanish and Russian. Mikolov, Corrado, et al. (2013) improved on previous
neural word embeddings by introducing techniques for learning word vectors from large data sets
efficiently. The architecture is called word2vec and has seen extensive use in neural language

modelling.

Non-parametric language models use sampling and are heavy on computation. Neural language
models require vast amounts of data and they are also computation-intensive, hence the
persistent use of classical language modelling techniques, as used in Erdmann et al. (2019). This
work used a language model guided by language heuristics to segment a number of variants of

Arabic resulting in an average accuracy of 80.5%. Teh (2006a) showed that the hierarchical
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Pitman-Yor language model recovers the exact formulation of the interpolated Kneser-Ney
smoothing algorithm.

In classic terms, the probability of a token, say a word w = w;, given a context, say h = W;_,41.i-1

is calculated as

Hhw _ #Wini1
#h  H#Wi_nyg i1 (2-29)

pwlh) = pW;|wi_n41.i-1) =

where #x is the number of times the n-gram x is seen in the data, the count of x.

Of the classical language smoothing techniques, the Good-Turing is one of the simplest. The
Good-Turing Discounting is based on the assumption that bigrams are binomially distributed
(Jurafsky & Martin, 2000:215), and it does a re-estimation of the n-gram probability of scarce
tokens from the number of n-grams with higher counts. The smoothed count (c") is:

. Nciq

where c is the unsmoothed count and N. the number of n-grams that occur c times.

The modified Kneser-Ney smoothing is an interpolated smoothing technique. The easiest
interpolated smoothing method is called Deleted Interpolation where the conditional probability,

p(w;|w;_,,w;_1), is calculated from unigrams, bigrams and trigrams as

PWilwi—z,wi—1) = LipWilwi—z, wi—1) + Aap(Wilwi—1) + Azp(w;) (2-31)

where

Z A =1 (232)

The easiest choiceis 4; =1, = 13 = 1/3. A generalised interpolation technique is such that
n-1
PWilWi—ni1.i-1) = Aop(w;) + Z Ajp(wi|wi—j..i—1)- (2-33)
j=1

Considering recursion, (2-33) can be rewritten to

pwlh) = pWiIWi_n41.i-1) = aw|h) + A(R) - p(w|R)

2-34
= aWilwi—ni1.i-1) + AWi—ny2.i-1) " DWiWi_pi2.i-1). ( )
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where a(x) is the discounting function and 4, (x) is the interpolation function and h is the history

truncated by one token. Equation (2-34) is the model that modified Kneser-Ney (mKN) smoothing

uses.

Modified Kneser-Ney (mKN) smoothing uses three innovations in calculating a conditional
probability at a particular level, say n. The first one is adjusted counts. Instead of using the
prevalence of a sequence as a count, the number of times the sequence is seen as the first n
words in sequence of length n + 1 is used where possible. Second, the counts are discounted.
There are three discounts, for each level. One for counts of 1, another for counts of 2 and the
third for counts larger than 2. These discounts are based on the total counts for each level. The
third innovation is the recursion with dependence on only one level lower. In this way a conditional
probability calculation at a particular level requires adjusted counts based on one level higher,

discounts calculated from statistics at its level and conditional probabilities from one level lower.
2.6.10 Summary of Unsupervised Morphological Segmentation

A comparison of the performance of the different techniques would have enhanced the study and
the choice of technique to use, however, the curse of dimensionality looms large in the cohort of
unsupervised segmentation papers cited in this study. There are many techniques used, in
several different languages, evaluated on differing testing corpora and using a plethora of
evaluation metrics. This leaves persistence of use as a better criterion for choosing the

technologies to use.

Accessor variety is one of the earliest techniques used in unsupervised morphological
segmentation. This evolved further to use mutual information (Sun et al., 1998; Ye et al., 2013),
and different forms of Branching Entropy (Ando & Lee, 2000; Sun et al., 1998). This technique
continues to be used in a number of variants (Wu & Zhao, 2018; El-Kishky et al., 2019).

Minimum Description Length (MDL) (Rissanen, 1978) has seen extensive use, primarily as a
measure of fit of the training data to heuristic models and statistical models (Kit, 1998; Creutz &
Lagus, 2002; Golénia et al., 2010).

Another popular approach is clustering and paradigmatic models. A paradigm is a grouping of
words according to their form/meaning correspondence (Booij, 2012). This involves clustering
related words into a paradigm using a similarity measure, identifying the stem, and considering
the rest as a sequence of affixes (Gaussier, 1999; Chavula & Suleman, 2017). The similarity
measures used are Latent Semantic Analysis (Deerwester et al., 1990), Dice and Jaccard
coefficients (Manning & Schiitze, 1999), affixality measurements (Méndez-Cruz et al., 2016) and

Ordered Weighted Aggregator operators (Chavula & Suleman, 2017). Word context is also
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another technique that is used to identify similar words (Belkin & Goldsmith, 2002; Schone &
Jurafsky, 2000).

Non-parametric Bayesian techniques have also shown promise, including Pitman-Yor process
based models (Goldwater et al., 2005; Uchiumi et al., 2015) and adaptor grammars (Sirts &
Goldwater, 2013). These use Markov Chain Monte Carlo (MCMC) simulation with Gibbs Sampling
(Geman & Geman, 1984) for inference. Contrastive Estimation (Smith & Eisner, 2005;
Narasimhan et al., 2015) is another non-parametric model that is showing elegance and promising

results.

A number of studies have used a combination of the above techniques and measures (Schone &
Jurafsky, 2000; Nogwina, 2016) and recently language heuristics have been used to guide the

segmentation.
2.7 Techniques and Benchmark of choice for isiXhosa segmentation

In selecting techniques to use in the rest of the study, simplicity of implementation and high

performance are selected as the prime criteria.

The requirements of the simplicity of implementation, coupled with the high performance, make
the branching entropy unsupervised techniques, especially the work by Magistry and Sagot
(2013) on the use of the Normalised Variation of Branching Entropy, the preferred types of
candidates for segmenting isiXhosa. This is a variant of the accessor variety which is seeing
recent use in the text segmentation. Thus this technique will be investigated in the following
chapters, extended where necessary, implemented and evaluated in the unsupervised

segmentation of isiXhosa.

Another class of unsupervised segmentation techniques that meet the two previous criteria in
segmenting a complex language, are hierarchical non-parametric character-level language

models applied to unsupervised text segmentation.

Ordinarily, non-parametric character-level language model based techniques use a hierarchical
Pitman-Yor process for language modelling and Gibbs sampling for inference. This is however
demanding on computational resources. A possible maodification is worth investigating. Instead of
using non-parametric Bayesian language modelling one could use modified Kneser-Ney (mKN)
smoothed character-level language models to estimate the hierarchical Pitman-Yor process. The
mKN was shown to estimate the hierarchical Pitman-Yor language models by Teh. The search
space could then be reduced using language heuristics, similar to adaptor grammars. This

approach was used by Erdmann et al. (2019). As such, in further chapters, work on this approach
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will be investigated, appropriate language heuristics will be identified, appropriate generative
language models will be identified, implemented and evaluated in the unsupervised segmentation
of isiXhosa.

For a benchmark, availability of the algorithm, wide use in the literature and suitable license
conditions are pre-requisites. A tool that has been used as a benchmark in several studies in this
literature review (de Pauw & de Schryver, 2008; Kohonen et al., 2010; Shalonova & Golenia,
2010; Chavula & Suleman, 2017; Méndez-Cruz et al., 2016) is Morfessor-Baseline (Creutz &
Lagus, 2002). This tool is also freely available and accordingly, this study will use it as a

benchmark.
2.8 Conclusions

This chapter examined several methods used in the morphological segmentation of text. The
chapter started by detailing metrics used in evaluating text segmentations. For evaluation
purposes, accuracy and the F1 Score are the standard metrics of use and are explained in this

chapter.

That was followed by a review of the techniques used in morphological segmentation. The review
starts by looking at knowledge and rule-based systems. The rest of the chapter focuses on
machine learning based segmentation including supervised, semi-supervised and unsupervised

segmentation techniques.

Several supervised techniques are used in unsupervised segmentation scenarios with the
appropriate optimisation technique. Because computation in unsupervised methods can be
intractable, the use of non-parametric Bayesian methods is also common. A new technique that
attempts to address that intractability is contrastive estimation and its variant, noise contrastive

estimation.

The versatility of Artificial Neural Networks has enabled the use of several ANN techniques in text
segmentation, including recurrent neural network, convolutional neural network and auto encoder.

Recently word and character-level embeddings have provided major improvements.

In choosing techniques that could be used to segment isiXhosa, the criteria specified of training
on raw text, ease of implementation, use in complex languages and good morphological
segmentation performance leads to the branching entropy and heuristics guided language model-
based segmentation techniques. The Normalised variation of Branching Entropy (Magistry &
Sagot, 2013) is an unsupervised technique that has performed well in Chinese, a language

without word delimiters, and has ease of implementation. Using heuristics to guide a language
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model segmenter (Erdmann et al., 2019) showed good performance in Arabic, a complex
language, the language model can be implemented using modified Kneser-Ney smoothing to
approximate non-parametric language modelling without computationally heavy MCMC, and is

unsupervised.

For evaluation, as stated in Sect 2.1.6: Conclusions on Segmentation Metrics the morpheme
boundary identification metrics are the best fit for the work of unsupervised surface segmentation.
In addition, overwhelmingly the studies cited use either accuracy, F1 Score or both in their
evaluation. As such this work will follow that precedence and use accuracy and F1 Score in the

measurements.

For a benchmark, the chapter identifies Morfessor-Baseline, because it is a surface segmenter
that continues to be used as a benchmark by many studies cited in this chapter and there isn’t

another benchmark with such ubiquity.
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3. INFORMATION THEORETIC FUNDAMENTALS

This chapter provides an overview of information theory which underpins the branching entropy,
unsupervised, text segmentation techniques. Information theory is the basis for the branching

entropy techniques that will be used in the segmentation of isiXhosa text.

Claude Elwood Shannon established the field of information theory in his paper titled “A
Mathematical Theory of Communication” (Shannon, 1948). The theory initially considered
guestions in telecommunications on the transmission of information across a noisy channel,
particularly the shortest possible error-free data source encoding as well as the maximum error-
free information transmission rate. Shannon introduced two fundamental measures of
information, namely entropy and mutual information. The metrics introduced in that paper are now
widespread and their use in more than just telecommunications is widely prevalent (Prokopenko
et al., 2009; Itti & Baldi, 2009; Williams & Beer, 2010; Scutari, 2018).

3.1 Entropy

Entropy is the measure of the uncertainty of a random variable, in this case the output of a data
source (Cover & Thomas, 1991:13). The convention in this document uses uppercase letters for
random variables, lowercase letters for outcomes and Greek script letters for the dictionary of all

possible outcomes, with respective examples: X, x and y .

Definition 3-1. Let X be random variable with events outcomes x € y. Let the probability of an

event p(X = x) be p(x). The entropy of X, H(X), under some base b, is calculated as

HOO = ) p(x)log,

XEY

p(x) (3-1)

The unit of entropy is the bit when the logarithm base b is two (2), and the nat if the base is ten
(10). For brevity, this document uses logarithm base two by default, but the theory applies to
decimal logarithm base 10 as well. H(X) is bound by zero (0) at the minimus, when there is no
uncertainty, and log,| x|, at maximum uncertainty. |y| denotes the size of the dictionary y. H(X)

is zero (0) when p(x) = 1 for one of the outcomes and p(x) = 0 for all the other events. H(X) is

largest when all the outcomes are equiprobable, i.e. p(x) = ﬁ Entropy is also considered a

measure of the information of a random variable.

Another way of looking at equation (3-1) is to consider it as the expectation of a function f(x)

under the probability distribution p(x). In this case
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1

f(0) = log =, (3-2)

so that
H(X) = E,[ ()] = E, [log—]. (3-3)

The measure f(x) above is referred to as the surprisal of the outcome X = x. It measures the
degree of surprise at discovering the outcome x. It is also interpreted as the information content
of the outcome x. Thus the surprisal and information content of an outcome is highest when its
probability is low. Therefore, H(X) is the average surprisal / information content associated with

a random variable X.

The original explanation by Shannon was as follows. If X is the random variable of a source output
in information coding and the coding scheme allocates the shortest code to the most probable
outcome using a code of length f(x), then H(X) is the average length of the shortest possible

error-free coding of the source output.

It is important to note that each event’s contribution to the entropy, p(x) - logﬁ, iS non-negative.

Entropy is easily extendable to two or more random variables with the concepts of joint entropy

and conditional entropy.
3.1.1  Joint Entropy
Joint entropy is the uncertainty associated with more than one random variable.

Definition 3-2. The joint entropy of two random variables X and Y, with events x € yand y €y
respectively, and compound events (x,y) € y Xy with probability distribution p(x,y), is the
expectation of the surprisal function f(x, y) such that

1
p(xy)’ (3-4)

f(x,y) = log

defined under the compound space and is calculated as

H(X, Y) = Ep [f(x:)’)] (3_5)
= z Z p(x,y) log ! :
S p(x,y) (3-6)
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Again, the contribution of each event to the joint entropy, p(x, y) - log , IS non-negative.

p(x.y)

3.1.2 Conditional Entropy and Residual entropy

Having defined the joint surprisal, conditional measures of information are defined. First the
conditional surprisal is defined, which is the surprisal of one variable when another variable is
known.

Definition 3-3. Conditional surprisal is defined as

1
(x|ly) =lo : )
o) =log 36w (3-7)
From the conditional surprisal, define the conditional entropy.

Definition 3-4. The conditional entropy, H(X|Y), is defined as

1
p(x|y) (3-8)

HIXIY) = B, [f@In] = ) ) p(xy)log

XEXY YEY

Conditional entropy, H(X|Y), measures the residual uncertainty about X when Y is known. With

this Equation (3-8) can be restated as

1
HX|Y) = Z Z x|y)log——,
X1Y) r(¥) ) p(xly) G (3-9)
€Y XEX
= H(X|y),
> pe) HEXIY) 310
yey
where
HXIy) = ) plxly) log——
= X og———.
Y RERFTETY (3-11)
XEY
The joint entropy can also be formulated from the conditional entropy as follows
HOY) = Y Y ploy)log——
) = x,y) log————,
R TCTOTIe) (3-12)

YEY x€x
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1 1
;p(y)logm + ZZp(x,y)logp(xly), (3-13)

YEY x€x

H(Y) + H(X]Y), (3-14)

H(X) + HY|X). (3-15)

When X and Y have marginal entropies H(X) and H(Y), then the joint entropy of these variables
is the marginal entropy of one variable, say X, plus the residual entropy of the other variable when
the first variable is known, H(Y|X) in our case. This is referred to as the chain rule of entropy.
Therefore, joint entropy is the uncertainty of the whole system, while conditional entropy is the
uncertainty about the system that is attributable only to a single variable. Thus H(Y|X), is the
amount of uncertainty in the joint system that is attributable to Y, and that cannot be accessed via
X. Thus even for known X, the variable Y still retains information about the joint system (X x Y)
not known in X namely H(Y|X). Of course, X behaves the same, it exclusively retains H(X|Y)
information about (X xY) to itself. Shared information between the variables is called mutual
information (cf. section 3.2). This also means that adding a variable to a system only adds to the

residual information, the information that the new variable does not share with the system.

In a joint system, the portion of the information that can only be accessed via each variable as
the sum of the residual entropies on the individual variable is determined using the residual

entropy:
R(X,Y) =HX|Y)+ H(Y|X). (3-16)

Statistical independence between the variables is only possible when the joint entropy equals the

residual entropy,

RX,Y)=HX,Y)eoX1Y. (3-17)
In Equation (3-17), the symbol L denotes statistical independence.
3.1.3 Cross Entropy

Suppose there is a random variable X, with outcomes x € y, and p(x) as the true distribution.
Suppose one estimates X using another random distribution g(x). How much information content
does our estimate of the distribution provide? What is the average number of bits needed to

encode X using q. In this case, the surprisal is
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1
fa() = logm, (3-18)

and cross entropy can then be defined as below.

Definition 3-5. If a random variable X with outcomes x € y, whose accepted probability mass
distribution p(x) is estimated using another probability mass distribution q(x), the uncertainty

about X under the estimate probability mass distribution, the cross entropy, is

Hp,q(X) = Ep| fa()], (3-19)
L 1
2O} (3-20)

This notation differs slightly from the conventional notation. The conventional notation used is
H(p, q) which emphasizes the fact that entropy is a function of a probability distribution. H,, ,(X)

is inspired by the notation of expectation, E,,, as entropy is an expectation over a metric under a
probability distribution. This makes the notation for entropy H,(X), but the subscript is implied in

most cases as the metric uses the same probability distribution.
3.1.4 Relative Entropy

The different types of entropies above have been entropies for distributions under different
random variables, except for cross entropy. However, to measure the difference in entropy of the
same random variable under different random distributions, requires an extension. This is
considered by the Kullback-Leibler divergence (Kullback & Leibler, 1951) and is also known as

the relative entropy.

Suppose there is a random variable X, with outcomes x € y, and whose true distribution is p(x).
Suppose this random variable is estimated by another random distribution g(x). The following

definition determines the difference of the approximate encoding from the true encoding.

Definition 3-6. The Kullback-Leibler (KL) divergence between two probability distributions is

_ p(x)
D llg)= Z p(x) 10g@- (3-21)

xey

The KL divergence can also be calculated from entropies as
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XEY

1 1
Dg(p Il q) = Z p(x) log@] - Lzexp(x) 10gm : (3-22)

= Hp’q (X) - Hp (X) (3_23)
Importantly, the contribution of each event, p(x) logp( ) to the relative entropy is not always

positive. It is only positive when p(x) > q(x).

The most important characteristic of relative entropy is that it is always non-negative. The proof
for this is due to Jensen’s inequality (Jensen, 1906) and can be found in Cover and Thomas
(1991:26) and Murphy (2012:58)

Dplq) =0. (3-24)
The Kullback-Leibler divergence is equal to zero only when the two distributions are equal,
Dipllg)=0 ©p(x)=q(x) VxEy. (3-25)

What this inequality implies is that the cross entropy of any two distributions of the same random

variable is always larger than or equal to the entropies of the individual distributions,
Hp(X) < Hp,q(X) = Hq(X)' (3'26)

Another property to note is that relative entropy is not a distance measure as it is not symmetrical

and does not satisfy the triangle inequality,
ID( Il | # |D(q I p)l, (3-27)

D@ 1 )|+ Dz Ip)l & ID(q I p)I. (3-28)

3.1.5 Conditional Relative Entropy

The relative entropy of two conditional probabilities over the same random variables is referred to

as the conditional relative entropy.

X|Y

D(pCxly) I a(x1y)) = Epxy) [longX:Y; (3-29)
B p(x|y)

= yzeyp(y) xze);p(xly) 10g—q(x|y)- (3-30)
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Conditional relative entropy is the average relative entropy between the two conditional probability

functions.
3.2 Mutual Information

The second information metric that Shannon introduced in his paper is mutual information. Mutual
information tells us how much information the variables share, how much knowing one variable
tells us about the other. For two variables mutual information measures how similar the joint
distribution of random variables, p(X,Y), is to their factored distribution, p(X)p(Y). It is a measure
of how independent the two variables are on average.

Definition 3-7. The mutual information between two random variables is calculated as

I(X;Y) 2 Dy (p(X, 1) Il p(X) - p(Y)), (3-31)
=F I:log_p(x' y)
ps) |08 Gy (3-32)
ZZp(x y) log——— p(x,7)
L4 PGP (3-33)

The above metric is the average of the joint outcomes metric, called the point-wise mutual

information (PMI) which measures how independent two events are, shown in Equation (3-34).

p(x,y)

PMI(X,y) e logm

(3-34)

PMI can take any number below or above zero but the mutual information, I(X;Y), is always non-

negative.

Mutual information can be decomposed into entropies, as

IX;Y)=HX)+HY)—-H(X,Y). (3-35)
Proof:
IX;Y) = Z p(x,y)IOgM,
o5y pC)p(y) (3-36)
1 p(x,y)
= ( z p(x,y)log— 00 + z p(x,y)log 20) | (3-37)
X,Y)EXXY (e y)EXXY
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1 1
= Zp(x)logm - Z p(x,y)log——— (3-38)

XEYX (xy)exxy p(xl}’) ’
= H(X) — H(XI|Y), (3-39)
=HX)+HY)-HX,Y) = (3-40)

The next section deals with conditional mutual information.
3.2.1 Conditional mutual information

Conditional mutual information defines the mutual information between two random variables
conditioned on a third variable I(X;Y|Z). It is the reduction in the uncertainty of one variable due
to the knowledge of the second given knowledge of the third variable. Given the previous
definitions of random variables X andY, if Z is a random variable with event z € Z, and the joint
probability distribution of the three variables being p(x,y,z) then the conditional mutual
information I(X;Y|Z) is defined as follows

Definition 3-8. The conditional mutual information of random variables X and Y when Z is
known is

o P, Y12)
IX;Y1Z) 2 Epey,z logm : (3-41)
= H(X|Z2) — HX|Y,2). (3-42)

Proof:

pX|Y,Z2)p(Y|2)
r(XI2)p(Y12) | (3-43)

1
[a—

I(X;Y|Z) = Ep(xy.2) |log

e oy PY, Dp(X)
ey |8 X Dp (Y Z2)p (2)p(X) | (3-44)

_ [ p(X,Y,Z)p(X) ]

= Eveva) 108 L1700 (7, 2 (0) (3-45)
. " p(X,Y,2) 1o p(X|2)

— Ep(x,y,2) _ gp(X)p(Y,Z) g p(X) ’ (3'46)
=I1(X;Y,2) = 1(X;Z)m (3-47)

The proof of Equation (3-47) is in Cover and Thomas (1991:22).
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The next section deals with the chain rules for the above metrics, allowing for the extension of

these metrics to more than two random variables.
3.3 Chain rule of entropy, relative entropy and mutual information

Consider X = X; x X, X ...x X,,, a product ensemble of n random variables X;, X5, ..., X,, with
events x; € xq,X, € x5, ..., Xy € xn and a joint distribution p(x,, x,, .., x,,). In a stochastic process

xi€x|i €{1,2,..n}.

Definition 3-9. Stochastic processes are time or sequence indexed random variables (Cover
& Thomas, 1991:60)

Stochastic processes are generally numerically indexed with increasing integers, i.e. X, X5, .., X,.
This stream is characterised by a joint probability distribution p(X; = x1,X; = x5, ..., X, = x3,),
where x; € y | i € {1,2,..N}and y is the vocabulary of possible outcomes. For brevity, the notation

of the probability distribution is shortened to p(xy, x5, .., x,,).

Using the chain rule of probability (Murphy, 2012:29), the joint distribution can also be stated as

n
p(x1, %, Xp) = np(xilxl,..,xi_l). (3-48)
i=1
The sections starts with the chain rule of entropy, then cover that of relative entropy and finish
with that of mutual information.

3.3.1 Chain Rule of Entropy

The entropy, H(X) of n random variables X = X;, X,, ..., X,, can be presented as sum of conditional

entropies.

Theorem 3-1. Chain rule of entropy. The entropy of H(X = X; X X, X ... X X,,) can be expressed
as

H(X) = Z HX X o Xier). (3-49)
i=1

The proof below is from Cover and Thomas (1991:21) and uses two techniques, i.e. the repeated
application of the two-variable expansion rule [Equations (3-14) and (3-15)], and the use of
Equation (3-48).

62



Proof:

HOO= = > pln.x)logpQe, e, ) 350
X1€EX1,X2€X2,-Xn€Xn
Using the chain rule of probability
n
== ) pewxealog| [Pl xio), (3:51)
X1€X1,X2€X 2, Xn€Xn i=1
n
=~ Z Z p(x1, %z, .., %) log p(x;|xq, .., Xi—1). (3-52)
X1€X1,X2€E 2, Xn€Xn =1
Swapping the sums and marginalising out x;, .., x,,, gives us
n
H(X) = Z - Z p(x1, Xz, %) log p(x;|xq, .., xi-1) |, (3-53)
i=1 X1E€EX1,X2€X 2, Xi€EXi
n
= Z H(X;|Xy, o, Xiq) m (3-54)
i=1

For stochastic processes, this is referred to as the block entropy H(n) (Prokopenko et al., 2009),

defined as

H = = > pa™ logp(e™.

xnexn (3-55)
Next is the chain rule for relative entropy.

3.3.2 Chain Rule of Relative Entropy

For the purposes of this section, the notation of relative entropy is modified from D(p Il q)
to Dy, 4(X), such that

Dp,q(X) = D(p(X) Il q(X)). (3-56)

This allows a formulation of the relative entropy for multiple random variables.

63



Theorem 3-2. Chain rule of relative entropy. Relative entropy for multiple random variables can

be restated as

n
D, (X) = sz,q(XXm, X)),
i=1

(3-57)

Proof: Using the proof of Cover and Thomas (1991:23) for two random variables, having

extended it to multiple variables one gets

p(xlixZ""xn)

Dpg@ = > plang..,x)logt TR

q(xlixZ""xn)

X1€EX1.X2€X 2, Xn€Xn
n
D N R (LD
- 1rA2) AN ]
Xi|X1,+» Xj—
X1€EX1,X2€EX2,+Xn€Xn i=1 q( ll 1 L 1)
n

T Y b xlog PR D)
- 1) A2y .
" q(xi|xy, .., Xi—1)

X1€EX1,X2€EX2,-wXn€Xn =1

Having swapped the sums and marginalising x;,.., x, gives

n
Xi|Xq, .0, Xi
Dpq(X) = Z Z p(x1,%3,..,%;) log pCiln 1)

q(xilxq,..,

i=1X1€X1,X2€ X2, X{€EXi
n
= Z Dp'q(Xl-|X1, ""Xi—l) | |
i=1

The chain rule for mutual information follows.
3.3.3 Chain Rule of Mutual Information

Fano (1961:58) presented the multivariate mutual information as,
n
100 = HOO = ) HOXGIX\)
i=1

I(X) = I1(X\p) — I(X\ilXp),

=Z(—1)i-1 Z 1(XP).

i=1 XP S P;(X)
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(3-58)

(3-59)

(3-60)

(3-61)

(3-62)

(3-63)

(3-64)
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Here X,; is the product ensemble of X = X; X X, X ..X X, with X; excluded, and i,k € 1,2..n.
P;(X) is a set of all the ordered combinations of random variables from X of size i, i.e. the partial
ordered partitions of X of size i. This can also be presented in terms of entropies of subsets (Ince,
2017 Equation (13))

1(x)=—zn:(—1)”‘i z H(XP). (3-66)

XP S Pi(X)

Another way to look at multivariate mutual information is to decompose it into sets of local mutual

information.

Definition 3-10 (Local Mutual Information). Let x™ = x4, x5,.., x,, be the outcome of a multi-
variate random variable X™ = X;, X,,.., X,,. the local mutual information i(x™) between the n
outcomes of x™ is defined as

I(X™) = Z p(x™) - i(x™) i(x™) = i(xq; %055 %)

xtexn

Induction is used to reformulate multivariate Mutual Information for variables X = X = X; X X, X
XX, . Forn=1

1 00 = o p(x;|None) o 1
pGr) T T e S pta) (3-67)

1) = ) p(x) - log

It follows from independence that p(x|None) = 1 since the probability that the outcome x exists

isl.Forn=1

_ P( 2x1) . o _ p(xz]xq)
1) = ;zp(xl,xz) log™ 37 = i(x) = i) = log— (3-68)
Forn =3
_ ] p(x3]x1, x7) _ p(x3]x2) _ p(x3|x1)
100) = D, plryxs)-[log =~ logh (0~ logh 0 (3-69)

X1,X2,X3

Z p (1, X2, %3) - [1Qx1, X5 x3) — i (22 x3) — i(xq;%3) |

e, (3-70)
= i(x%) = i(x1ixzix3)) = i(xq,x2; x3) — (x5 x3) — 1(x1; x3) (3-71)

where i(x = x4, xp, .., Xx; X,) @and x is some multivariate outcome of length, is defined as
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p(xn[x)

i(x; =1 .
R ETEN ©72)
Forn =4
—i(x1;x4) — 1(x2; x4) — (X35 X4)
I(x*) = Z P (X1, X2, X3,%4) * [F1(21, %5 X4) + 11, X35 %4) + 1(X2, X35 %4) (3-73)
X1,X2,X3,X4 —i(xq, X2, X35 X4)

—i(xq;x4) — (x5 204) — (235 24)
= i(x*) = (0 x2; %35 %4) = +i(xg, X25 %) + (1, X35 %4) + (X, X35 X4). (3-74)
—i(xl,xz,x3;x4)

Using induction, i(x™ = x4; x5;..; X,) is then formulated to

n—-1
== ) i) (3-75)
=1

xP € P;(xn1)

3.4 Predictive metrics for stationary stochastic processes

Stochastic processes as defined in Definition 3-9 are random variables that are a sequence, a
stream (Cover & Thomas, 1991:60). They may be time indexes but are generally numerically
indexed with increasing integers, e.g. X;,X,,..,X,. This stream is characterised by a joint
probability distribution p(X; = x1, X, = x5, ..., X, = x,), Where x; € y | i € {1,2,..n} and y is the
vocabulary of possible outcomes. For brevity, shorten the notation of the probability distribution
to p(xq,x,,..,x,). TO establish predictive metrics, start by defining a number of important random

processes.

Definition 3-11. A stationary process is a stochastic process where the probability distribution

of any fixed length sequence is shift invariant, e.g.

p(x1, X2, %) = P(X141 X240+ Xntt) nleZ (3-76)
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Definition 3-12. A Markov process is a stationary process whose probability distribution can be

reduced to a function of conditional distributions of a fixed length, [, such that;

p(x1, %z, .., %) = p(x1) p(xalx1) p(x3lxy, x2). . p(Xn X1, .., Xp-1), (3-77)
n

= np(xilxi—Hl; cXi1). (3-78)
i=1

Recent times have seen a lot of work into information theoretic metrics for predicting complexity,
self-organisation and emergence of systems (Fernandez et al.,, 2014; Rosas et al.,, 2018;

Prokopenko et al., 2009). This section focuses on those that have promise in segmentation.

In prediction, the objective is to predict the future depending on a seen past. Denoting the future
and the past as X, the past as X , and the future as X, then prediction involves predicting the

probability of some future given the past, p(X|X).
The following metrics are used in quantifying predictability of a stochastic process.
3.4.1 Entropy Rate

Definition 3-13. For a product ensemble X;, X,, ..., X,, with a probability distribution
p(X1, X3, ..., X)) the entropy rate (Cover & Thomas, 1991:63) is defined as

o H(X X, Xn)
h, = lim (3-79)

n —oo n

For a stationary process, the entropy rate exists and can be expressed according to conditional

entropies as below (Cover & Thomas, 1991:64).

hy = rglfc}o H(Xn1X1, o Xn-1)

(3-80)
The entropy rate can be approximated using the block entropy rate
H(X1, X5, 0 X))
h,(n) = - n (3-81)
= H(X,|X, ..., X,—1) for a stochastic process (3-82)

Boffeta et al. (2002) redefined the entropy rate. Their approach is based on the block entropy for

stochastic processes.
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In a stochastic process, Prokopenko (2009) defines the block entropy, H(n), of a data stream of

lengthn , x™ = x4,x5,..,x, Where x; € y | i € {1,2,..N} as

Hm == ) pG™logpG™.

xM e xm

(3-83)

In the above, y™ contains all possible sequence of length n. This is then used in formulating the

entropy gain.

Definition 3-14. The entropy gain h,(n) is then defined as

hﬂ(n) = H(n) - H(n - 1) (3_84)

The entropy gain is the average uncertainty about the n —th symbol given the n — 1 previous
symbols. This leads to a re-definition of entropy rate h,, which is

: _Hn) _
h, = lim h,(n) = lim —— = 1111_r)r30 H(X,| X1, o) Xp—1) (3-85)

n—oo n—-oo n

The entropy rate is also referred to as the entropy density, the density of information per unit time

or symbol depending on the index. The entropy gain, h,(n), is always positive because H(n) =

H(n-1).

Of importance is that h, = 0 for periodic and deterministic processes, even those with infinite-
memory but no randomness. h,, > 0 for unpredictable processes, e.g. independent and identically
distributed process, as well as Markov processes. h,(n) estimates the number of parameters k

in the system to model sequences of length n such that

k
h,(n) = Elogz n. (3-86)

This measure is used in the calculation of excess entropy, explained below, but starting with an

entropy measure that is under-utilised, namely redundancy.
3.4.2 Redundancy

As indicated above, the entropy of a random variable X™ with outcomes x; € y has a maximum
observable value of nlog|y|. Redundancy is the difference between the maximum possible

entropy rate and the data’s entropy rate.
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Definition 3-15. Redundancy is calculated as

R = lOngl - h# (3_87)

This is another measure of the predictability of the random process.

3.4.3 Excess Entropy
Excess entropy, E, is the measure of the intrinsic redundancy of a source (Grassberger, 1986).

Definition 3-16. Excess entropy of a process is defined as
E= ) [hum) by (3-88)
n=1

Excess entropy measures the structure in a source. It “measures the amount of apparent
randomness at small values n that is explained by considering correlation over larger blocks”
(Crutchfield & Feldman, 2003). Crutchfield and Feldman provide a finite-sum estimate of excess

entropy for length n as
E(m) = H(n) — nh,(n). (3-89)

Excess entropy is also expressed as the mutual information between future events and past
events of a process, precisely the amount of information stored in one half that is useful to predict
the other half (Grassberger, 1986; Crutchfield & Feldman, 2003),

E = Iprea ()?' X))' (3-90)
= H(X) — H(X|X), (3-91)
= H(X) + H(X) - H(X), (3-92)

where X depicts the sequence data covering the past and the future. In this expression, it is
referred to as predictive information (Prokopenko et al., 2009). This is the measure of information
that the past provides about the future. Excess Entropy can also be considered the cost of

amnesia.
3.4.4 Transient Information

Transient Information quantifies how block entropy, H(n), converges to E + nh, (Feldman &

Crutchfield, 2004).
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Definition 3-17. Transient information is defined as

T=nZE+nhH—H(n). (3_93)
n=1

3.4.5 Transfer Entropy

Transfer entropy (Schreiber, 2000) measures the effect that one process has on another.

Consider two processes X and Y. This is looking for information that the history Y brings to the

current value of X, X,.

Definition 3-18. Transfer entropy is defined as
Tyx = 1(Xi; V] X). (3-94)

If ¥ is the previous j states of ¥, such that ¥ = Y,_;,..,Y;_,,¥;_; and X is the previous k states of

X such that X = Xi_k,--» Xt_2,X¢_1 then the transfer entropy, Ty_, is the amount information that

the previous j states of Y provide about the current state of X, X;, when both are conditioned on

the previous k states of X. Conditioning on X removes its effect on X¢.

From Equations (3-41) and (3-47), where x;, ¥ and X are outcomes of random variable ensembles

X, Y and X respectively, restate transfer entropy as,

N N JcA %)
Y-X p(xt,y,%) g P(Xt|52) ’ (3-95)
= H(X[X) — H(X|V, X). (3-96)

From the above two things are apparent. Firstly, Ty_y is zero only when Y does not have an

influence on X;,

Ty-x =0 & plx |y, %) = plxlx) Vx.,y,x. (3-97)
Secondly, the limit of Ty_,x as j,k — oo generalises to the entropy rate between two processes.
3.5 Predictive Information Metrics

Bialek et al. (2001a; 2001b) argued that whilst the mutual information of the past and future

contains predictive information, it also contains information that is useless to prediction. They
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provided a decomposition that extracts the predictive information from the excess information

E = pred()?;)?)-

The premise is that the entropy of a sequence, e.g. a time series, is extensive and proportional

to its duration, meaning the entropy rate, h,, of the past exists and is quantifiable.

From Equation (3-89) the block entropy can be represented as
H(n) =Em) + nh,(n) and, (3-98)

7111_r)£10 H(n) = E + nhy,(n). (3-99)

From E(n), the predictability of the source can be determined. Excess entropy E(n) is
subextensive, meaning that it grows with n less rapidly than a linear function. That said, it
increases with the amount of complexity in the process. Bialek et al. (2001b), provided three
scenarios that E can take and what they say about the predictability of a source. The Excess

entropy increases when

e E is finite for periodic and random process, being zero for 1ID processes.
e The finite estimate E(n) diverges logarithmically for complex processes. The coefficient

of this divergence estimates the number of parameters or rules in the process.

One of the key criteria of predictability of a system is whether the entropy rate falls below the
measurement channel capacity or not. If that is so, the process can be predicted from its data,
otherwise, it is not predictable (Shannon, 1948; Crutchfield & Feldman, 2003).

It is important to note that h,(n) is considered the estimate of the process’ unpredictability and
decreases monotonically to the limit h,, the process’s “long-time measure of unpredictability of

sequences” produced by it. Crutchfield and Feldman derive a predictability gain metric;

Definition 3-19. Predictability gain is defined from estimates of entropy rate as

A*H(n) = Ah,(n) = hy(n) — hy(n — 1) with (3-100)

A*H(1) = H(1) — log|x| (3-101)

A large value of |A2H(n)| indicates that the n‘th ensemble is informative. A2H(n) is always non-
positive. This makes H(n) a concave function of n. Crutchfield and Feldman also presented, the

total predictability, G of a process;
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Definition 3-20. Total predictability of a process with a defined H(n) is
n=1

Total predictability quantifies the amount of information that a predictor must acquire before it can
predict the process.

3.6 Conclusions

In this chapter, Information theoretic measures were introduced. These measures provide the
foundation to branching entropy

The chapter detailed the different types of entropy metrics as well as the mutual information
metric. Chain rules for the entropy, relative entropy and mutual information metrics were detailed

for stochastics processes.

Lastly, the chapter presented the state-of-the-art metrics, namely entropy rate and predictive gain,

in measuring the predictive information contained in a stationary process.
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4. SEGMENTATION WITH BRANCHING ENTROPY

This chapter provides some theoretic underpinning of branching entropy in unsupervised text

segmentation. Different variants of the branching entropy technique are presented.

A new variant of the branching entropy techniques is introduced, Bracing Joint Entropy, which
removes the need for modelling entropies in two directions, left to right and right to left, but instead

provides a single measure.

The chapter also links the branching entropy techniques with predictive information metrics, and
proves that these techniques capture certain types of information.

Lastly, the chapter investigates a combined way of training the directional branching entropies in
a unified way, including models based on modified Kneser Ney smoothed probabilistic models.

4.1 Branching Entropy

Branching Entropy is used in two ways in text segmentation. The first method (Ando & Lee, 2000)
involves identification of morpheme boundaries in a word. The second is a recent form that uses

branching entropy in identifying possible morphemes (Magistry & Sagot, 2013).

Branching entropy techniques are based on the principle that with progression through the letters
in a word, the predictability of the next letter increases, so a decrease in uncertainty. The
consequence of detecting an increase in uncertainty, measured in terms of entropy, is that a
morpheme boundary has occurred. Letter progression sequences are analysed using substring

methods.

Substring Attachment

X1.n ||X

Figure 4-1: Right Branching from a substring

Definition 4-1. From Figure 4-1, consider a substring x; 5, the uncertainty regarding the following

character X, Branching Entropy, is defined as;

h(x1.) = H(X|x1.5) (4-1)
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- _ z P(x|x; ) log P(x|x; )

XEXY

The substring could have attachments on either side. A left side attachment is measured with Left

Branching Entropy, h.(x;.,), and conversely right side attachment as Right Branching Entropy,
ho, (X1.5).

4.1.1 Morpheme Boundary Identification using Branching Entropy

Huang & Powers (2003), Jin and Tanaka-Ishii (2006) and Zikhov et al. (2010) used branching
entropy as a way to identify a morpheme boundary in word segmentation. These works use the
branching entropy without modification.

To extend their work, the work here repurposes a metric introduced by Magistry and Sagot (2012)
and Magistry (2012; 2013), variation of branching entropy, for the identification of morpheme
boundaries. This metric was initially used by Jin and Tanaka-Ishii (2006) as one of their criteria,
Bincrease, in boundary location identification. This was then used by Magistry and Sagot (2012) and

Magistry (2012; 2013) to normalise the branching entropy.

For a word of length L, there are L — 1 possible boundary locations. For each of these possible
boundary locations, a boundary branching entropy measure is calculated from a language corpus,

according to Definition 4-2 below.

X

T

~
+
e

Y~

Xk+1.k+n

k-nt1
k
k+n

N~

Xk—n+1.k

|
I
I
|
I
I
Possible boundary

Figure 4-2: Location of a possible boundary in a substring

Definition 4-2. From (Magistry, 2012; Zhikov et al., 2013) and Figure 4-2, consider a word
x = x, y Of length N. Determine the Boundary Branching Entropy across the x;, and xj,,

letters, represented as x;.,+1, from the right branching entropy of the substring of length n to the
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left of the boundary location, h_,(x;_,+1 %), and the left branching entropy of the substring of

length n to the right of the boundary location, h_ (Xy41.k+n), @S

H(xk;k+1|xk—n+1..k5 xk+1..k+n) = h_(Xk-n+1.6) 0P he (X41.k4n) (4-2)

= _zp(xlxk—n+1..k) log P(x|Xk-n+1.k) OP

XEY

_Zp(xlxk+1..k+n) log P(x|Xk+1.k4n)

XEyx

(4-3)

In the definition above, X1 is the word location between letters x;, and x4, x;_j is the word
substring from the i-th letter to the j-th letter, y is the vocabulary of letters in the language,
h_, and h_ are the right branching and left branching entropies defined above and the operator op

could be any binary operator. The min and the sum operations are generally used.

To infer boundaries, the peaks in the boundary branching entropy profile of the word are
considered morpheme boundaries. Then for location x,., ;1 to be a boundary, the two substrings

Xx—n+1.kx @Nd X411 k4+n MUSt combine into an increase in branching entropy at this location.

Working from Harris’s hypothesis (1955) on morpheme boundaries, Magistry and Sagot (2012)
and Magistry (2012; 2013) introduced the variation of branching entropy. The hypothesis is that,
in general, the access variety decreases with increasing context size. If one translates this to
branching entropy, generally h(x; ,) = h(x; ,+1). However, Magistry and Sagot do not use this

metric in morpheme boundary identification but apply it in morpheme identification only.

Definition 4-3. The Variation of Right Branching Entropy for a substring x_,+1.x IS

calculated as
Sho,(Xg—ns1.0) = hoOeongra) = ho(eonyzn) (4-4)
The variation of the left-branching entropy is defined analogously.

In this work, VBE is also used to identify morpheme boundaries. The VBE profile of a word is
calculated and the peaks are identified as morpheme boundaries. Sect. 7.2 shows that this

approach gives superior F1 scores.
41.2 Morpheme Identification using Branching Entropy

Instead of focusing on a location in determining the boundary location in a word, another
investigated using a measure of “wordhood” or “morphemehood” of a substring (Zhang et al.,
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2017; Magistry, 2013). The latter measures determine the likelihood of a substring being a

morpheme.

In Figure 4-3, let y be the dictionary set of letters in a language L. Let A,C and B be random
variables with a,c and b as their outcome respectively. Let a,c € y and b € y* such thath =
by, by, b, ...,b, and b; € y. y*denotes a string of letters from y. Let (a,b,c) be an n+ 2 long

observation of a substring in L.

Figure 4-3: A graphical representation of left and right attachment to a substring

From access variety (Feng, Chen, Deng, et al., 2004) on can consider the wordhood of a substring
to be a function of the variability of letters attaching to the substring on both sides.

Let the wordhood metric be a(w;). For a word w = w; ,,, inference of the best segmentation, s*,

is then

&*(w) = arg max a(w;y). len(w;
W) 5e§egs(w);5 (w)). len(w) 4-5)

Above Segs(x) are possible segmentations of w, w; is a possible morpheme from segmentation

8, and len(w;) is the length of the segment.

To speed up inference a Viterbi-like optimisation using memorisation is used where, if the score

of the best segmentation s*(w, ;) of a prefix w, ; is known, the best segmentation is

sw) = argmax & (wy;) +aWirrn) - (0= 1) (4-6)

8*(W1.):Witr1.n

The first measure of this variability that this section considers is the newly Bracing Joint Entropy,

being the joint entropy of the attaching letters conditioned on the substring.
4.1.2.1 Wordhood from Bracing Joint Entropy

The Bracing Joint Entropy considers the joint entropy of the attachment letters on both sides of

the substring, as shown in Figure 4-3.
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Definition 4-4. Considering Figure 4-3, the Bracing Joint Entropy, BJE(b), of a substring b is

calculated as

BJE(b) = H(A,C|B = b) (4-7)
== > > p(aclb) log, pla,clb) @8)
a€A ceC

BJE measures how variable the combined side attachments are, given the substring they are
attaching to. This measures strict variability around a substring.

Bracing Joint Entropy removes the complexity of keeping two entropy measurements per string
as described in Definition 4-2 for Branching Entropy, resulting in half the model size. This

reduces memory and processing requirements for the algorithm.
4.1.2.2 Wordhood from individual left- and right- branching entropies

Whilst Bracing Joint Entropy measures the combined variability of the attachment letters,
individual entropies from each side of the possible morpheme might give a better measure. This

is the measure used in Magistry (2013).

In this setting, Bracing Joint Entropy is a stricter metric than the sum of the individual entropies

because a joint entropy is no greater than the sum of the individual entropies (Williams, 2011),
H(A,B) < H(A) + H(B), (4-9)

The BJE matches the separate entropy sum only when A is independent of B, but not as strict as
the minimum of the two individual branching entropies. Thus the wordhood from individual

branching entropies is calculated as

wWBE(b) = H(A|B = b) op H(C|B = b) (4-10)
= p(alb)loga =~ 0p ) plelb)logs ——c
L PR @) P LR el (@-11)

Here H(A|B = b) is the left branching entropy (LBE) and H(C|B = b) is the right branching entropy
(RBE), the operator op is either the sum or the minimum of the two directional branching

entropies.
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4.1.2.3 Normalisation across substring sizes

To enable comparison between substrings of different lengths, normalisation is required. In this

work, variation normalisation, statistical normalisation and a combination of both is used.

Variation normalisation uses the intuitive notion that metrics generally decrease with n-gram
size (Harris, 1942; Magistry, 2013). Let the metric be denoted with @w. @ could be the bracing joint
entropy or the branching entropy. For a case of combined side attachments metric, like the
bracing joint entropy, the variation of the metric, dw, for a substring b = b, ,, of length n is
calculated as the average of the metric for substrings one character shorter.

@(b1.n-1) + @(by.p)

dw(by.n) = @(b1n) — 3 (4-12)

For a metric that uses an individual metric, like the branching entropy, for each attachment side
of a substring, the following variation metrics are used, according to their direction.

8w (by.p) = @(b1.p) — @(b1.p-1) (4-13)

§w(by.n) = @(by.y) — @(bsn) (4-14)

The original metric, or the variation of the metric, can also be statistically normalised using
either the mean of the metric for a length or the z-score which also uses the standard deviation
(Magistry, 2013).

Nyw(bl..n) = @(by1.n) — tn (4-15)
b n) — Hn
N,@(by.n) = w(l(f# (4-16)

In the above, u, is the mean of the metric for substrings of length n and ¢,, is the standard

deviation for the same length, where

o = Z p(b1.)@(by.1) w1

Op = jz p(br)[@(by.n) — pn)? (4-18)
b
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On = \/Z p(by. )@ (by.n)? — pn® (4-19)
b

Where p(b,_5) is the probability of substring b given that it is of length n.
4.2 Branching Entropy Metrics and Predictive Information

The purpose of this section is to show that the different variants of branching entropy capture
different aspects of predictive information. Here only the right branching entropy is presented
since the results, and calculations for the left branching entropy are analogous.

4.2.1 Branching Entropy and Entropy Rate

Branching entropy is defined in Definition 4-1 as

Ry n) = HXlxy ) = = )" P(xlxy ) log P(xlxy n). (4-20)

XEY
Theorem 4-1 shows how Branching Entropy relates to predictive information.

Theorem 4-1. Branching Entropy captures the block entropy rate such that

Punt D= > Pl k()

X1.n€EX™ (4-21)
Proof: From equation (3-82)
hu(n +1) = HXny1 X1, o Xn) (4-22)
== z P(x1.n+1) 108D (X g1 |x1.0)-
xntl e yn+t (4_23)
= > bl |- D) Pl ) 108l n) (4-24)
xm e xm Xn+1€ X
= p(x1.n) HXp411x1.)
S (4-25)
= p(x1.n) h(xy. ) m (4-26)

xme yn
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Therefore, the branching entropy is the local / point-wise analogue to block entropy rate. The next
variant of branching entropy metric to consider is the variation of branching entropy (VBE).

4.2.2 Variation of Branching Entropy and Predictive Gain
The variation of branching entropy (VBE) is defined in Definition 4-3 as
5h—>(x1..n) = h—>(x1..n) - h—>(x2..n) (4-27)

Theorem 4-2. The Variation of branching entropy(VBE) captures Predictive Gain such that

M+ D)= D plea)ShCey)

X1.n€XT" (4-29)

Proof: From Equation (3-100)
Ah,(n+1) = hy(n+1) — hy(n) (4-29)
= z p(x1.2)h(x1 5) — Z P(x1.n-1)h (X1 n-1) (4-30)

X1.nEX™ X1.n-1€X"1
Since the process one is dealing with is stochastic and therefore time shift invariant, p(x; ,—1) =

p(x2 ) if x4 n—1 = x5 . This leads leading to a change of the second terms such that

M+ D= D plahGa) = Y ploahCea)

X1.nEX™ Xo.n€X"1

(4-31)

Since h(x,,) is not a function of x;, the second term could be regarded as a result of

marginalising x; out where

> POz = hCiz) D PC) = Ao Pz ). (4-32)

X1€EX X1€EX

This leads equation (4-31) to

M+ = Y plahGad— Y Y plradhCe) (4-33)
X1.nEX™ X2.n€X"T1 X1€X
= ) PlaahCan) = Y pCawhG) (4-34)
X1.n€EX™ X1.n€EX™
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= ) PG lhCrn) = hCe)] (4-35)

X1.n€EX™

= ) oG ). (4-36)

X1.n€EX™

This means that using variation of branching entropy (VBE) captures the predictive gain in the
text as its local / /point-wise analogue. The above proof has assumed right branching — an

analogous proof applies for left branching.

The inference algorithm used in segmenting using VBE chooses the segments x; ,, of text with
the highest VBE. This is either done through bias normalisation or through the z-score

normalisation, since Ah, (n + 1) is the average of §h(xy ).
4.2.3 Normalisation and Predictive Information

Next, consider the normalisation functions, and what they mean for inference using branching

entropy.

There are two branching entropy metrics that are normalisations of branching entropy and
variation of branching entropy. They are normalisation by bias and normalisation by the z-score.
From (4-15) and (4-16),

Nuh(bl..n) = h(b1.n) — Un

h(by.n) = Hn

Nzh(bl..n) = .
n

Both of these normalisation schemes use the bias or the average of metric per length n , u . The

z-score normalisation uses the standard deviation g, per length n, and these from (4-17) (4-19)

are

= Y by adh(by )
b

Op = \/Z p(b1.n) [h(bl..n) - .“n]z
b

From (4-21) the mean of the branching entropy at a particular length n is the entropy rate for a

length one unit longer, n + 1, and it is
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nBE = ) p(bynh(br) = hy(n+ D (4-37)

by.n€X™
Therefore u, = h,(n + 1) for Branching Entropy. For Variation of Branching Entropy (VBE), the

bias is calculated according to (4-22) and is the Predictive Gain for a unit longer length.

BnVBE = " by n)8h(byn) =Ml (n+ 1) (4-38)

by n€X™

The second moment of branching entropy, hﬁ(n+1), and variation of branching entropy,

AhZ(n + 1) are then defined as

RE+ D= ) py)lhb)P (4-39)
by n€X™

AR+ 1D = D plby ISk I (4-40)
by n€X™

The above gives us a way to define the variance of the branching entropy and variation of
branching entropy as

O'nBE = \/hﬁ(n + 1) - [‘LlnBE]Z (4_41)

0,VBE = \/Ahﬁ(n +1) — [u,VBE]? (4-42)

In the above, u, is the mean of the metric for substrings of length n and ¢, is the standard

deviation for the same length. The normalised metrics are therefore

N,BE(by ) = BE(by ) — hy(n+1)

(4-43)
N,BE(by ) = BE(bl"n)GJBZ”(n D (4-44)
N,VBE(by) = BE(byn) — Ahy(n+ 1) (4-45)
N,VBE(by ,,) = VBE(bl"nczn;BA; wn+ D (4-46)
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The objective in segmentation is to choose among segments of different lengths. Because
h,(n) = h,(n + 1) and Ah,(n) < Ah,(n + 1) there needs to be a way to normalise the metrics

across lengths depending on how length is used in inference.
4.2.4 Branching Entropy Inference and Predictive Information

Inference is done differently for the different metrics. As a start, there are eight (8) metrics to
consider for the branching entropy and four metrics for bracing joint entropy. The eight are the
base metric, i.e. Branching Entropy and Bracing Joint Entropy, the variation of each, and the two

normalisations for the base metrics and the variation metrics:

Branching entropy metrics Bracing joint entropy metrics

e Branching Entropy Bracing Joint Entropy

e Variation of Branching Entropy e Variation of Bracing Joint Entropy
e Bias normalised Branching Entropy e Bias normalised Bracing Joint Entropy
e Z-score normalised Branching Entropy e Z-score normalised Bracing Joint
¢ Bias normalised Variation of Branching Entropy

Entropy ¢ Bias normalised Variation of Bracing
e Z-score normalised Variation of Joint Entropy

Branching Entropy e Z-score normalised Variation of

Bracing Joint Entropy

4241 Inferencein BE and VBE

For the un-normalised branching entropy metrics, BE and VBE, inference is about locating
morpheme boundaries in the word. In a word of length |w]|, this is done by first calculating a BE
or VBE profile of the |w| — 1 possible boundary locations in the word. The metric is calculated for

both directions. The final metric is either a sum or a minimum of the two.

For BE, the peaks in this profile are inferred to be boundaries. For VBE, a value of zero or higher
in the profile is considered a boundary, because Predictive Gain is a decreasing/declining metric.
If one keeps the boundary context size, n, remains the same, there should be no need for
normalisation by length because the average of the BE metric for the length, the block entropy
rate hﬂ(n + 1), is the same for the size. However, the requirement for normalisation arises due to

the following.
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However, the context size shrinks for locations/boundaries close to the edges, specifically for
locations less than n from the edges,. This means that the un-normalised BE and VBE metrics
are incomparable at locations less than n from the word edges. Because the block entropy rate
declines as n increases, locations less than n from the word edges have higher BE on average,
and therefore increase the possibility of boundaries at the edges. Because the Predictive Gain,
Ah,(n + 1), is an increasing metric, boundaries at the locations less than n from the word edges
have a lower chance of becoming boundaries. Therefore, normalisation is required at locations
closer to the word edge. This is an important finding that the information theory provides and
future work should investigate this.

What makes using word profile peaks to infer a morpheme boundary interesting is that a boundary
needs agreement from both straddling substrings, and these are two different substrings.

4.2.4.2 Inferencein normalised BE and VBE

Ordinarily, the normalised metrics are used in direct morpheme identification instead of
morpheme boundary inference. The algorithm for inferences of morphemes in a sequence is
according to equation (4-5) and (4-6), where s IS a possible segmentation, w; is the possible

morpheme of that segmentation, a(w;) is the normalised metric as

8*(w) = arg max Z a(w;). len(w;)
8 ESegs(w) Wies

Above Segs(w) are possible segmentations of w, w; is a possible morpheme from segmentation
&, and len(w;) is the length of the segment. What this means is that for a corpus of words the
algorithm chooses segments of different lengths that increase the predictive information whilst

constrained by the need to combine into words.

This allows for comparison of possible morphemes w; of different lengths. From an information
theoretic perspective normalisation using bias is clear as the first moment of branching entropy
and variation of branching entropy, the block entropy rate and predictive gain respectively is
defined. What is not clear is the meaning of the second moment, as the z-score uses the variance
of the metrics, the shifted second moment of the metrics. Intuitively, however, using the z-score
should normalise out any average effects from the calculation, including spread, such that
possible morphs of different sizes are directly comparable. This however might mean
neutralisation of any effect, even linguistic phenomena, that applies to all segments of a particular

length. This might be an issue for isiXhosa as most closed class morphemes are bigrams.
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4.2.5 Conclusions on Branching Entropy Metrics and Predictive Information

In this section, proof that branching entropy metrics are related to predictive information and
capture the different aspects of predictive information, i.e. block entropy rate and predictive gain,
were presented.

In addition, inference using unnormalised metric was shown to tend to oversegment the edges of
a word in the case of Branching Entropy, and undersegments the edges in the case of Variation
of Branching Entropy.

It was also shown that z-score normalisation has unintended consequences, that of smoothing
out any n-gram length specific linguistic phenomena, which might be a problem for isiXhosa as

most of its morphemes that are in closed classes have two letters.
4.3 Bi-directional Entropy Language Modelling

The metrics presented above depend on a language model. Section 2.6.9 Language Model based
segmentation provides some detail of language modelling and its use in text segmentation. In that

section, the reason for the need for smoothing in language models was also explained.

Language modelling as a task has an extensive research history, so there is no need to delve
into the general aspects of it in this document. However, Branching Entropy, and metrics derived
from it, require modelling in two directions. This can be easily achieved by using two language
models, one for each direction as Magistry does (Magistry, 2013), but there is a cost involved. In
this section, work on combining the two languages models into one and extending them into an
entropy model is detailed. This model is such that a dictionary entry points to a vector of two
values, the right branching and the left branching values. This reduced the memory footprint. The
model is called the Bi-directional Branching Entropy Language Model (BELM). Also, because
smoothing assists in improving language processing performance, a BELM that is smoothed with
modified Kneser-Ney smoothing (Chen & Goodman, 1998) is implemented. In addition, the
language models were also extended to include an option for using all possible n-gram levels in
one model instead of having a maximum n-gram level limit, i.e. an infinite-gram. All the other
calculations are then done as specified above, based on these language models. The algorithms

are briefly described below.

The implementation presented in this section used the Python programming language (van
Rossum, 2007), and the model runs in a single thread. The interest is not much on speed other

than proving that this kind of model is possible. There are better implementations of uni-directional
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language models (Stolcke, 2002; Heafield, 2011), and the implementation could be ported to
optimised programming languages in the future.

4.3.1 Un-smoothed bi-directional Branching Entropy language model flow

The input to the unsmoothed modelling is a list of one directional (left-to-right)
n-gram strings with frequency counts (n-gram, f) or a mapping of n-gram strings to frequency
counts, and the process returns a single Bi-directional Branching Entropy Language Model
(BELM) with branching entropy values for both directions. Figure 4-5 shows the process of the
modelling.

The first is the creation of a mapping, M: x — (f, null), from the n-gram string to a tuple containing
the frequency and a space for the appropriate reverse count, and an empty mapping H for the

branching entropy model.

The Mapping M is then updated with reverse frequencies such that each n-gram x is mapped to

a list of two counts such that,

#X
M@) = (#x) (4-47)

To find the appropriate location for a reverse count a reverse key is generated for each n-gram

X1.n. Figure 4-4 shows how the reverse key is generated from the normal key.

Figure 4-4: Representation of Reverse Key Transformation

The reverse key is generated from a normal key. The normal key, x; ,,, is split into a context, h
and the last letter ¢, such that x; ,, = hc. This implies that the context h = x; ,_; and the last letter
¢ = x,,. Language models estimate the conditional probability p(c|h). For the reverse key x; ,, =
ch, such that h = x, ,, and ¢ = x;. The value of the reverse key is stored in the same location as

if it was hc. This allows for handling the mapping as if it was a single left to right mapping, allowing
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for sorting by context which is required for calculating the directional probabilities p(c|h) and

p(c|h) which are then used for the directional branching entropies.

Add reverse n-
gram frequencies
#X to Mappings

v

Sort Mapping
alphabetically

v

For each n-gram hc

Calculate probabilities
p(clh), p(clh),

Update context (h)
Branching Entropies

Store hc count until used by
all n-grams with hc as their
context

Figure 4-5: Representation of the Un-Smoothed BELM process

The keys to the mapping are then sorted alphabetically. The sorting allows the process to do a

single pass through the n-gram strings frequency counts, as context always precedes the full
counts. The probabilities are calculated such that

_— #hc
p(clh) = s (4-48)
—  #ch (4-49)
p(c|h) = Fh

A buffer for increasing contexts is kept until exhaustion and then calculating the conditional

probabilities is unrolled, adding to the branching entropies. This is important when dealing with
large data amounts counts as in this case.

The resulting BELM model is a mapping H such that

H(xyn) (h*(xL“))

he(x1.0) (4-50)
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The branching entropies are calculated according to (Zhikov et al., 2013). The probabilities, p(c|h)

and p(c|h), are discarded after use.

4.3.2 The modified Kneser-Ney smoothed bi-directional Branch Entropy language

model

For this study, there was a requirement to establish whether smoothing had any effect on the
performance of the branching entropy segmenter. Smoothing is necessary where there is data

sparsity, which is the case in higher-order character n-grams, i.e. long n-gram strings.

A bi-directional mKN smoothed BELM was also implemented. Input to it is also a list of one
directional (left-to-right) n-gram strings with frequency counts (n-gram, f) or a mapping of n-gram
strings to frequency counts and the process returns a single bi-directional Branching Entropy
Language Model (BELM) with branching entropies for both directions. The process is shown in
Figure 4-6.

The conditional probabilities are calculated according to (Chen & Goodman, 1998) and the
branching entries are according to (Zhikov et al., 2013).

Having created the n-gram frequency mapping with reverse counts as in section 4.3.1 above, two
empty conditional probabilities models are also created, one for the current level, P, and one for

the previous n-gram length level, P’.

Next, all the keys from the mapping M are extracted and this is used to create the adjusted counts
required in mKN smoothing. Because the work requires modelling both directions, the «x and xe
counts are needed for extrapolation. This is done by simply removing the last letter from each key
for xe and then doing counts, and the first letter from the keys for «x and doing the counts. The
new counts, the adjusted counts, are used to update mapping M accordingly. See Chen and

Gooman (1998), and Heafield (2011) for the meaning of the adjusted counts, «x and xe.

Next, mapping, M, is sorted by length and n-gram context. The sorting by n-gram lengths and n-
gram contexts ensured that lower level n-grams, shorter n-grams, are processed first as their
results are required for the interpolation of higher-level, longer, n-grams. This also ensured that
discount values could be calculated independently for each level. Lastly, this ensured that n-

grams are clustered by context, which is required for mKN smoothing.

88



;

For Each n-gram level /)

Add reverse n-
gram frequencies
#X to Mapping

Generate Discount values D,

l For Each n-gram level context h
Modify Mapping For Each n-gram hc and
with Adjusted h<unk> in context h
Counts #-x,# - x
Calculate Interpolated,
l conditional probabilities
p(c|h), p(c|h),
Sort Mapping by n-
gram length and Update context (h)
context Branching Entropies

Store conditional
probabilities for back-off
purposes

Discard conditional probabilities
forlevel I-1

Figure 4-6: Graphical representation of the mKN Smoothed BELM Process

At a particular n-gram length level, n, conditional probabilities from the previous n-gram length
level, n — 1 are needed, so the conditional probabilities model of only that level, P' are kept. The
conditional probabilities of the current level are calculated using interpolation, stored in P and the
branching entropy model is updated at the same time. When the level is exhausted, the
conditional probabilities model of the previous level, P’, is discarded and is replaced with one from

the current level, P and the modelling continues on to the next level.

All this ensured that only two passes through the n-gram counts are required. One for generating
adjusted counts and collection interpolation statistics and the second for calculating the
probabilities and updating the BELM.

4.3.3 Summary of Bidirectional Entropy Language Models

In this section, an overview is given of the work involved in creating the Bidirectional Entropy
Language Models. This highlights how the directional counts are combined into a single entry and

how the adjusted counts can be done easily.

The conditional probabilities models are discarded and only the branching entropy models persist.

Entries not in the model are regarded to have zero entropy.
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4.4 Conclusions

This chapter presented information theory based, unsupervised, morphological segmentation
techniques.

Two approaches to unsupervised morphological segmentation are presented, namely Branching
Entropy and the introduction of a new technique of Bracing Joint Entropy. It is shown that
Branching Entropy extracts and uses predictive information from the data to predict
segmentations.

As part of the development of branching entropy techniques, the bi-directional branching entropy
language modelling technigue, that combines both branching entropy directions into one model

and used for both un-smoothed and smoothed language modelling is presented.

The evaluation of the techniques identified in this chapter will follow in Chapter 7.
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5. ISIXHOSA SEGMENTS

This chapter establishes the heuristics that guide the language models used to assess the non-
parametric language model based segmentation. This relies on a deep understanding of the
grammar rules of the isiXhosa words. The purpose of this is to cover the language’s grammar

such that segmentation heuristics, which generalise over the word categories, can be established.

To build a model for the segmentation of isiXhosa words, the morphology of its words must be
understood. In this chapter, the question of what the appropriate surface analysis for a category
of isiXhosa words should be for automated surface segmentation is investigated. According to
Bender (2013:1), "knowledge of linguistic structure leads to better features for machine learning.”
The understanding of isiXhosa, in the context of surface segmentation, is therefore important.

The intention, therefore, is not to establish all the rules of the language (as in implementing a rule-
based system), but to find a set of heuristics that ensures identification of all the possible
segmentation boundaries. This implies that the heuristics might decompose a possible morpheme
into pieces, but this is considered a worthwhile compromise.

This chapter first describes what surface segmentation is in isiXhosa. This is followed by an
enumeration of isiXhosa word categories because segmentation is specific to a word category in

isiXhosa. This is followed by details of how each category should be surface segmented.

The detailed work is then summarised into a set of heuristics that can be used later in the study.

Lastly, a summary of dependencies of the components in the language is established.
5.1 Surface Segmentation

Morphological analysis is the task of splitting a language token, in this case, a word into its
constituent units (Manning & Schiitze, 1999), e.g. the segmentation of a word into morphemes;
and thereafter classifying these. Morphemes are the smallest meaning-bearing component of a
word (Kosch, 2006). This is a preprocessing step in information retrieval, translation and other

operations for languages rich in inflection and derivation.

A differentiation is made by Hammarstréom et al. (2011) between morphological segmentation,
which splits words into constituent morphemes, and morphological analysis, which splits words

and also classifies the identified morphemes. This differentiation originated from Zwicky (1966).

The focus of this work is specifically on surface segmentation which does not handle morpheme

boundary fusion. Surface segmentation segments a word such that a concatenation of the
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segments results in the word. As an example the morphological segmentation of ukwanda is u-
ku-and-a, however, in this study, the word is surface segmented to u-kw-and-a.

5.2 Word Categories of isiXhosa

Since different categories of isiXhosa words are made up of different free or bound morphemes,
it is better to look at what surface segmentation would be for each word category. For isiXhosa,
word categories have evolved over the years (Boyce, 1844; Pahl, 1982; Louw et al., 1984).

Louw et al.’s (1984) approach to isiXhosa word categorisation is morphologically based and
provides for thirteen word categories, namely noun [isibizo], pronoun [isimelabizo] (absolute,
demonstrative, quantitative, and emphatics absolute), verbal [isenzi] (auxiliary verb [isenzi
esilabalabayo]), adjective [isiphawuli], relative [isibaluli], enumerative relative [isichazi sobalo],
possessive [isimnini], copulative [isibanjalo], verbal relative [isibaluli esakhiwe kwisenzi],
descriptive [isihlomelo], ideophone [isifanekisozwi], conjunction [isihlahnganisi] and interjection

[isikhuzo].

The Greater Dictionary of Xhosa: Volume 3 (Q to Z) (Pahl et al., 1989) provides for a traditional
nomenclature of isiXhosa word categories i.e. noun, pronoun, verb, qualificative, conjunction,

adverb and ideophone.

The Greater Dictionary of isiXhosa: Volumes 1: (Ato J) and 2: (K to P) (Mini & Tshabe, 2003:xxxiv;
Tshabe & Shoba, 2006:xxv) provides a slightly diffirent categorisation with twelve word categories
for isiXhosa i.e. noun [isibizo], pronoun [isimelabizo], verb [isenzi], adjective [isiphawuli],
copulative [isibanjalo], qualificative [isichazil, possessive [isimnini], quantificative [isahluli],

enumerative [isiquki], ideophone [isifanekisozwi], adverb [isihlomelo], and form word [isikhapi].

For surface segmenting isiXhosa words, eight main word categories will be used in this document,
i.e. noun, pronoun, qualificative, predicate, descriptive, ideophone, conjunction and interjection.

This main categorisation is a fusion of the above categories.

Each main category consists of sub-categories, e.g. the different copulatives in The Greater
Dictionary of Xhosa: Volume 3 (Pahl et al., 1989:xxxvi) and parts of speech in Louw et al.
(1984:16). In this work, the hierarchy of isiXhosa categories used is that developed by Mzamo

(2015). The flow of this section also follows that work :

92



e Noun (isibizo)
e Pronoun (isimelabizo)
o Absolute pronoun (esoqobo)
o Demonstrative (esokukhomba/ esokwalatha/ isikhombisi/ isalathisi/)
o Quantitative pronouns (ezoquko)
o Differentiative Pronoun (isahluli)
o Superlative (esobalaselo)
e Qualificative (isichazi)
o Adjective (Isiphawuli)
o Relative (Isibaluli)
o Possessive (isimnini)
o Enumerative (esobalo)
e Predicate (Isivisa)
o Verb (isenzi)
o Copulative (isibanjalo)
= [Indicative copulative (isibayiyo)
= Qualificative copulative (isibanjani/ isibanjalo sochazo/ isichazi)
= Locative Demonstrative Copulative (isibandawo/ izibanjalo-
zalathandawo)
= Possessive copulative (esinesibandakanyi/ isibanayo)
= Distributive (esinokwaba)
e Descriptive/Adverb (isihlomelo)
o Locatives (Descriptive of place) (isalathandawo)
o Descriptive of Manner (sihlomelo sobunjani)
o Descriptive of Time
¢ Ideophone (isifanekisozwi)
e Conjunction (isihlanganisi)
¢ Interjection (isikhuzo)

Figure 5-1: The hierarchy of IsiXhosa word categories we use

The hierarchy of categories is important because in each main category there are nuances

specific to the sub-categories.
5.3 IsiXhosa Segmentation Specifics

Each word in isiXhosa has a root and affixes, i.e. suffixes, prefixes or circumfixes. A root carries
the main meaning of the word, and always appears with at least one suffix. The shortest word
form appears as a stem. A stem is a root suffixed with a vowel, hence the term - terminal vowel,
e.g. hamba (go) has the root hamb and the terminal vowel a. A circumfix is the "simultaneous
affixation of a prefix and suffix to a root or a stem to express a single meaning" (Kosch, 2006). An
example of a circumfix in isiXhosa is the combination a-...-anga used for negation, e.g.
akahambanga (he/she did not go). Most stems, which are the meaning carrying constituents of

words, consist of two syllables (Meinhof, 1932:36).
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Since isiXhosa is an agglutinating language displaying a measure of polysynthesis, each word is
made up of numerous morphemes (Kosch, 2006). Word creation also uses fusion, where
morpheme edges are fused. An example is the conversion of umntu (person) with the suffix -ana
to form the diminutive umntwana. In this case, the u and a vowels are fused into wa. This is the
reason for the deviation in this study from traditional grammar. The difference is that morphemes,
such as noun stems, are broken into further pieces, e.g. nt-u, because the last vowel in a noun

stem is the one that could undergo fusion.

Affixes are made up of one or more morphemes. An example is the prefix string su-ku-ndi- in the
word sukundibamba (don’t hold me). The sequence of the morphemes is strict in isiXhosa words,
and depends on the word type (Louw et al., 1984). Most of the affixes in isiXhosa are bound

morphemes, so they never appear independently as meaningful words (Pahl, 1982).

English
Translation

word

Morphological
Analysis

umntu (persoﬁ)
u[NPrePre]-m(u)[BPre]-ntu[NStem]

u[NPrePre]-m[BPre]-nt[NRoot]-u[NTerm]|
u-m-nt-u v

Proposed
Surface Analysis

Proposed Surface
Segmentation

Figure 5-2: Glossing Description

Segmentation for each word category will be specified using a form of glossing. A gloss gives
information about the meaning and grammatical properties of individual words and parts of words
(Comrie et al., 2008). For clarity, the glosses (tagset) used are based on the ZulMorph (Pretorius
& Bosch, 2018) tagsetz. Glossing tags are in square brackets, e.g. [BPre] for the basic prefix. In
addition, hyphens,’-, are used to separate segments, e.g. u[NPrePre]-m[BPre]-ntu[NStem].
Because the primary objective is to get to a surface segmentation from the morphological
glossing, this chapter will not specify noun class, so a gloss of the form u[NPrePre][1]-m[BPre][1]-

ntu[NStem][1] will be glossed u[NPrePre]-m[BPre]-ntu[NStem]. Some new tags might be used if

2 https://portal.sadilar.org/FiniteState/demo/zulmorph/doc.html#tagset
94



https://portal.sadilar.org/FiniteState/demo/zulmorph/doc.html#tagset

the need arises. See Figure 5-2 for the description of the glossing. If the morphological analysis
matches the proposed segmentation, it will not be duplicated. The glosses used are tabled in

Annexure A.

This section describes the appropriate manner for segmenting the surface form of each word in
detail. As the effect of nouns permeates all other word categories in isiXhosa (McLaren, 1948:14),
they are the first category considered. The following sections follow the same structure as Mzamo
(2015), which was about lemmatisation, and the wording might seem similar.

This similarity has to do with the definition of the word category and how that category is used
and formed in the language. The suggested surface segmentations that are specified for each

category, which are the main crux and innovation of this chapter, do not appear in Mzamo (2015).
5.3.1 Noun (Isibizo)

There are two types of substantives in isiXhosa: nouns and pronouns. Nouns are dominant in that
they affect the morphology of many of the other word categories The part of the IsiXhosa nouns
that affects all the other isiXhosa words is the noun prefixes which expose the class of the noun
(Pahl, 1982:9; McLaren, 1948:16; Louw et al., 1984:18). The noun class structure is a system of
classifying Bantu nouns according to prefixes specific to a class. These prefixes distinguish
between singular and plural forms. In this work the classification specified in the Greater
Dictionary of isiXhosa: Volume 2 (2003:1110) is used.

Table 5-1: Noun Class Prefixes
Class Singular Class Plural
1 u-m(u)- 2 a-ba-, a-be-, ab-
la u- 2a 00-
3 u-m(u)- 4 i-mi-
5 i-li-,i 6 a-ma-, a-me-
7 i-Si-,i-sa- 8 i-zi-
9 i-,in- 10 i-zi(n)-, ii(n)-
11 u(lu)- 10 i-Zii-,ii-
14 u-bu-
15 and 17 | u-ku-, ukw-

Some parts of the prefix are hidden. In Table 5-1 one can see that some class prefixes are
segmented. This is to show that noun prefixes are made up of two parts, i.e. an initial vowel called
the pre-prefix (Pahl, 1982:9; Louw et al., 1984:19) and the noun prefix proper (McLaren, 1948:27)
called the basic prefix (McLaren, 1948:19). This noun class structure affects how other word

categories relate to nouns, as will be shown later in the chapter. This effect is referred to as
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concordial agreement (Mncube, n.d:13; McLaren, 1948:16; Louw et al., 1984:17). The basic
prefixes are listed in Table 5-2.

Table 5-2: Noun Basic Prefixes
Class Singular Plural
1 and la mu- 2 and 2a ba-
3 mu- 4 mi-
5 li- 6 ma-
7 Si- 8 Zi-
9 i- 10 Zi-
11 lu- 10 Zi-
14 bu-
15 and 17 ku-

This basic prefix forms the base for concords in the formation of other isiXhosa word categories,

e.g. relatives, adjectives, enumeratives and copulatives.

The basic segmentation for a noun would therefore involve identifying the pre-prefix, the basic

prefix and the root stem.

umntu (person)
u[NPrePre]-m(u)[BPre]-ntu[NStem]

u[NPrePre]-m[BPre]-nt[NRoot]-u[NTerm]
u-m-nt-u

The noun basic prefix involves dropping the pre-prefix from the noun class prefixes. Class 2a is

an exception to this rule.

On the suffix, IsiXhosa nouns can take an augmentative -kazi or a diminutive suffix —ana. Such a

segmentation is as shown below.

umthikazi (large tree)
u[NPrePre]-m(u)[BPre]-thi[NStem]-kazi[AugSuf]
u[NPrePre]-m[BPre]-thi[NStem]-kaz[ AugSuf]-i[NTerm]
u-m-thi-kaz-i

umntwana (child)
u[NPrePre]-m(u)[BPre]-ntu[NStem]-ana[DimSuf]
u[NPrePre]-m[BPre]-ntw[NRoot]-an[DimSuf]-a[NTerm]
u-m-ntw-an-a
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5.3.1.1 Noun Concords

Concordial agreement permeates isiXhosa sentences and links words in a sentence. In isiXhosa
words are characterised by their concordial element which specifies the noun class to which they
refer (Louw et al., 1984:57). The concordial element is a prefixal morpheme that relates the word
to a noun class. This referential characteristic allows the word to be used in the place of a noun,

a pronominal character.

These concordial morphemes normally bind to stems of other word categories to form the word,
e.g. “ndi-mi” (I stand), for subject concords, and “u-ndi-mele” (he/she waited for me), for object
concord. Concords are a closed group and shown in Table 5-3 and Table 5-4 for subject and

object concords respectively.

Table 5-3: Subject Concords
Perso s gula P 3
1st Person ndi- Si-
2"d person u- ni-
34 person
Class 1 and 1a | u- Class 2 and 2a | ba
3 u- 4 i-
5 li- 6 a-
7 Si- 8 Zi-
9 i- 10 zZi-
11 lu- 10 Zi-
14 bu-
15 and 17 ku-

Because most word categories relate to the subject and object via the concord they also have
concords, but those concords are formulated from the noun basic prefix, and the subject and
object concords. One characteristic of concordial agreement is that it allows for the omission of

the noun in the use of the language.
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Table 5-4: Object Concords

Perso 3 gula P a
1st Person -ndi- -Si-
2" person -ku- -ni-
39 person

Class 1 and 1la | -m- Class 2 and 2a | -ba
3 -Wu- 4 -yi-
5 -Ii- 6 -wa-
7 -Si- 8 -ZI-
9 -yi- 10 -Zi-
11 -lu-

14 -bu-

15and 17 -ku-

Surface segmentation as proposed below preserves the number of segments, and the

concatenation of the segments results in the word.

uhambile (he/she is gone)
u[SC]-hamba[VStem]-ile[VTPerf]
u[SC]-hamb[VRoot]-il[VTPerf]-e[VT]
u-hamb-il-e

undihambele (he/she visited me)
u[SC]-ndi[OC]-hamb[VVRoot]-a[VT]-ele[VTPerf]
u[SC]-ndi[OC]-hamb[VRoot]-el[VTPerf]-e[VT]
u-ndi-hamb-el-e

5.3.2 Pronoun (Isimelabizo)

The main pronoun sub-categories for isiXhosa are, absolute pronouns, demonstrative pronouns,

gquantitative pronouns and superlatives.
5.3.2.1 Absolute Pronoun (Esogobo)

This is a closed group of full words. Absolute pronouns are characterised by a stem for each noun
class and a common suffix —na, e.g. thi-na, wo-na, so-na, ko-na, ye-na. The list of absolute

pronouns is shown below.
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Table 5-5; Absolute Pronouns

Perso 3 gula P a

15t Person m-na thi-na
2" person we-na ni-na

39 person

Class 1 and 1a | ye-na Class 2 and 2a | bo-na
3 wo-na 4 yo-na
5 lo-na 6 wo-na
7 So-na 8 Z0-na
9 yo-na 10 Zo-na
11 lo-na 10 Z0-na
14 bo-na

15 and 17 ko-na

As such, absolute pronouns will segment as the absolute pronominal stem followed by the
common suffix —na, e.g:

mna (me)
m[PronStem]-na[PronSuf]
m-na

wena (you)
we[PronStem]-na[PronSuf]
we-na

The above absolute pronouns are used to form some locatives, possessives, copulatives and
adverbs (Pahl, 1982:38). This formation is characterised by the dropping of the absolute pronoun
suffix:

Na+yena > naye
Ya+tzona > yazo

Nga+bona > ngabo

This will be handled later in the document.
5.3.2.2 Demonstrative Pronouns (Isilathisi)

IsiXhosa also uses demonstrative pronouns. There are three types; firstly for demonstrating at
positional types: here [this], secondly near [that]; and lastly at a distance [that yonder], e.qg. lo,
lowo, lowaa (Louw et al., 1984:60; McLaren, 1948:57; Pahl, 1982:39). These are also a closed

set depending on the class of the related noun and are enumerated in Louw et al. (1984:61).
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Demonstratives are formed from the demonstrative element la- and the class subject concord as

shown in the examples below.

esi (this one)

(Na[Dem]-si[SC]
e[SC]-s[DemRoot]-i[DemTerm]
e-5-i

leyo (that one)
(Da[Dem]-y[Drift]-o[SC]
le[SC]-y[Drift]-o[SC]
le-y-0

lowa (that one yonder)
(a[Dem]-o[SC]-w[Drift]-a[SC]
lo[Dem]-w[Drift]-o[SC]

lo-w-a

In the examples above, the a in la- assimilates to the subject concord vowel i to form e. In the
second case above, the pronoun is made from the concatenation la- and the subject concord —o.
In this case, a vocalic/drift consonant is added to vocalise —o to —yo, and —a to —wa for the yonder

pronoun.
5.3.2.3 Quantitative Pronoun (Esoquko)

Quantitative pronouns have the stems: -nke (all), -dwa (only) and —humeral (Louw et al., 1984:68;
Pahl, 1982:43). Examples are:

Table 5-6: Quantitative Pronouns
-nke so-nke all of us
zo-nke: all of them
-dwa ye-dwa: only him
so-dwa: us alone
-numeral so-babini: | the two of us
zo-mbini: | the two of them

The surface segmentation for quantitative pronouns is as follows:
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sonke (all of us)
s0[QC]-nke[QuantStem]
so[QC]-nk[QuantRoot]- e[QuantTerm]
s0-nk-e

zombini (that one yonder)
zo[QC]-mbini[QuantStem]
zo[QC]-mbin[QuantRoot]- i[QuantTerm]
zo-mbin-i

5.3.2.4 Differentiative Pronoun (Esokwahlula)

Differentiative pronouns convert a differentiative qualificative with stem —mbi [another] and —phi,
(which of these) (McLaren, 1948:67) into a pronoun. For the differentiative pronouns derived from
the qualificative stem —phi, the prefixes a-, e- and o- are added (Pahl et al., 1989:703). These
pronouns are also a closed set that is related to the noun class and are listed in Addendum 15 of
Volume 2 of the Greater Dictionary of IsiXhosa (2003).

Differentiative Pronouns can be surface segmented as shown below:

bambi (other persons)
ba[SC]-mbi[DiffStem]
ba[SC]-mb[DiffRoot]- i[Diff Term]
ba-mb-i

omphi (which person)
o[DiffPref]-m[SC]-phi[DiffStem]
o[DiffPref]-m[SC]-ph[DiffRoot]- i[Diff Term]
0-m-ph-i

5.3.2.5 Superlative Pronoun (Esobalulo)

Emphatic absolute pronouns or Superlatives, are based on absolute pronouns and serve the
purpose of emphasis (Louw et al., 1984:74) by showing that a particular noun should be
highlighted in some manner (Pahl, 1982:39). These are noun class specific, only exist in the third

person and are listed in Addendum 6 of Volume 2 of the Greater Dictionary of IsiXhosa (2003):

Superlatives are created by prefixing an absolute pronoun with a superlative prefix a-, e- or o-

depending on the class. These pronouns are therefore segmented as follows.
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oyena (thee “person”)
o[SupPref]-ye[PronStem]-na[PronSuf]
0-ye-na

eyona (thee “person”)
e[SupPref]-yo[PronStem]-na[PronSuff]
e-yo-na

5.3.3 Qualificative (Isichazi)

This word category describes the quality of a noun. Qualificatives differ in the origin of their stem.
Such stems belong to other word categories, like a verb or pronoun, except for adjectives and

enumeratives. The sub-categories are adjectives relatives, possessives and enumeratives.
5.3.3.1 Adjective (Isiphawuli)

Adjectives are characterised by a noun class concord prefix, the adjective concord, and a stem.
The characteristic of the substantive is carried by the stem of an adjective e.g. —de (height or

length), or —hle (beauty or goodness). The adjective concords are listed in Table 5-7.

Table 5-7: List of Adjective Concords (Louw et al., 1984:77)

a gula P a

l1and la | om- 2 and 2a | aba-

3 om- 4 emi-

5 eli- 6 ama-

7 esi 8 ezi-

9 en- 10 ezin-

11 olu- 10 ezin-

14 obu-

15 and 17 | oku-

There are only nineteen adjective stems in isiXhosa and are listed in Pahl (1982:46) and Louw et
al. (1984:78).

The adjective concord is made up of a qualificative prefix a- and the basic prefix. The qualificative
prefix assimilates the basic prefix’s vowel such that a- + -m(u) > om. This results in the following

segmentation of adjectives.
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omde (tall one)
a[QualPref]-m(u)[BPre]-de[AdjStem]
o[QualPref]-m[BPre]-d[AdjRoot]-e[Adj Term]
0-m-d-e

abafutshane (short ones)
a[QualPref]-ba[BPre]-futshane[AdjStem]
a[QualPref]-ba[BPre]-futshan[AdjRoot]-e[AdjTerm]
a-ba-futshan-e

entle (a beautiful one)
a[QualPref]-i(n)[BPre]-hle[AdjStem]
e[QualPref]-n[BPre]-tI[AdjRoot]-e[AdjTerm]
e-n-tl-e

Adjectives allow for negation (Louw et al., 1984:81). An often neglected adjective negation form

adds a circumfix —nga- .. -anga. and is segmented as follows.

ongamdanga (the one who’s not tall)

a[QualPref] -nga[NegPre]-m(u)[BPre]-de[AdjStem] -nga[NegCirc]
o[QualPref]-nga[NegPre]-m[BPre]-d[AdjRoot] -ang[NegCirc]-a[Adj Term]
0-nga-m-d-ang-a

olungeludanga (the one who’s not tall)
a[QualPref]-lu[BPre]-nga[NegPre]-lu[AuxVStem]-de[AdjStem]-nga[NegCirc]
o[QualPref]-lu[BPre]-nge[NegPre]-lu[BPre]-d[AdjRoot]-ang[NegCirc]-a[Adj Term]
o-lu-nge-lu-d-ang-a

It should be noted that similar to nouns, adjectives can take an augmentative suffix -kazi or

diminutive suffix —ana (Louw et al., 1984:81).
5.3.3.2 Relative (Isibaluli)

Relatives have a similar purpose as adjectives but differ in the source of the stems. The relative
is formed from relative stems and stems of other word categories (Louw et al., 1984:83), making
the relative a noun qualifier that may inherit stems from other word categories. Relatives are

produced by prefixing a stem from another word category with the relative concord.

The relative concords are enumerated below:
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Table 5-8: Relative Concords (Pahl et al., 1989:685; Louw et al., 1984:84)

Perso 3 gula P a3
1st Person endi- esi-
2" person o- eni-
39 person

Class 1 and 1a | o- Class 2 and 2a | aba-
3 0- 4 e-

5 eli- 6 a-

7 esi- 8 ezi-
9 e- 10 ezi-
11 olu- 10 ezi-
14 obu-

15 and 17 oku-

Relatives from relative stems are segmented as:

obumnyama (that is black)
a[RelPref]-bu[SC]-mnyama[RelStem]
o[RelPref]-bu[BPre]- mnyama[RelRoot]-a[RelTerm]
0-bu-mnyam-a

Relatives from noun stems are segmented as follows;

ongumthuthi (who is a courier)

a[RelPref]-ngu[CopPre] u[NPrePre]-m[BPre ]-thuthi[NStem]
o[RelPref]-ngu[CopPre]-m[BPre]-thuth[NRoot]-i[NTerm]
0-ngu-m-thuth-i

It should be noted that similar to nouns, relatives can take an augmentative suffix -kazi or
diminutive suffix —ana (Louw et al., 1984:87-88). Relatives from possessives are segmented as

follows;

elabo (theirs)
a[RelPref]-la[PossConc]-bo[PronStem]
e[RelPref]-la[PossConc]-bo[PronStem]
e-la-bo

Relatives from a connective are segmented as follows;
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endinayo (that I have)
a[RelPref]-ndi[SC]-nayo[PosStem]
e[RelPref]-ndi[SC]- nay[PosRoot] -o[PosTerm]
e-ndi-nay-o

5.3.3.3 Enumerative (Esobalo)

Enumeratives are considered qualificatives that usually follow the substantive which they qualify
(Louw et al., 1984:89; 1989:xxxvi; Pahl, 1982:45). But, the same Greater Dictionary of Xhosa lists
the stems —mbi (other) and -phi? (where) as both qualificative and pronouns in Addendum 15
(Pahl et al., 1989:702).

Louw et al. (1984) add two more stems in the list of enumerative stems to the two stems listed
above, i.e. —nye and —ni?. These stems are adequately covered in section 5.3.2.4: Differentiative
Pronoun. To form the enumerative stems —nye and -ni? One prefixes the basic class prefix to the

stem.

Enumeratives are surface segmented as follows;

ezinye (that are one)

ezi[AC]-nye[EnumStem]
e[QualPref]-zi[SC]-ny[EnumRoot] -e[EnumTerm]
e-zi-ny-e

omni (that are one)

om[AC]-ni[EnumStem]
o[QualPref]-m[SC]-n[EnumRoot] -i[EnumRoot]
0-m-n-i

5.3.3.4 Possessive (Isimnini)

The possessive is a qualificative because it qualifies either a noun or a pronoun in terms of
possession (Louw et al., 1984:99; 1989:xxxvi; Pahl, 1982:45).

The possessive modifies a noun with another noun using a possessive concord. It is the
possessor that is prefixed with the possessive concord. The possessive concord is formulated by

adding the possessive concordial morpheme —a- to a class concord, e.g. u- + -a- > wa.
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Table 5-9:

List of Possessive Concords (Louw et al., 1984:100)

Class 1 and 1a | wa- Class 2 and 2a | ba-
3 wa- 4 ya-
5 la- 6 a-
7 sa 8 za-
9 ya- 10 za-
11 lwa- 10 Za-
14 ba-

15 and 17 kwa-

Possessives from nouns are segmented as follows;

wenkosi (that are one)
wa[PC]-i[BPre]-nkosi[NStem]
we[PC]-nkos[NounRoot]-i[NTerm]
we-nkos-i

Possessives formed from pronouns are unique because the absolute pronoun loses its suffix, -
na, when it converts to a possessive pronominal stem. The possessive pronominal stems are

listed in the table Table 5-10. An example of a pronominal possesive is shown below.

yakhe (that are one)
ya[PC]-khe[PosStem]
ya[PC]-kh[PosRoot]-i[PosTerm]

ya-kh-e

Table 5-10: Possessive Pronominal Stems (Pahl et al., 1989:690)
Perso 2 gula P a
15t Person -m -ithu
2"d person -kho -inu
34 person
Class 1 and 1a | -khe Class 2 and 2a | -bo
3 -WO0 4 -y0
5 -lo 6 -WO0
7 -S0 8 -Z0
9 -yo 10 -Z0
11 -lo 10 -Z0
14 -bo
15 and 17 -ko
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From the possessive prefixes and possessive pronominal stems, a list of pronominal possessives
is generated as in Addendum 9: Pronominal Possessives of the Greater Dictionary of Xhosa:
Volume 3 (Pahl et al., 1989:691).

5.3.4 Predicate (Isivisa)

The predicate is the word that carries the central meaning of a sentence. In isiXhosa it “can be
the statement, the relation or the declaration” (Louw et al., 1984:111)., There are two types of
predicates in isiXhosa, i.e. verbs and copulatives.

They are always used relative to a substantive, either a subject or an object. This relation is
reflected in the concord, the subject concord if related to the subject or object concord if related

to the object. The concords are listed in Table 5-3 and Table 5-4.
Because each predicate category has a complex structure they should be handled separately.
5.3.4.1 Verbs

IsiXhosa verbs contain morphemes for person, number, class, mood, tense and form (McLaren,
1948:80), e.g. ndi-balek-is-iwe (I was rushed), be-si-ngxam-is-ana (we rushed each other), a-ka-

buy-a (he/she didn’t return), ba-ku-buy-isw-a (they will be returned).

Verb extension, conjugation, change in verb form, mood, aspect and tense can cause verb

inflection.
5.3.4.1.1 Verb Extensions

Verbs may be extended to show a relationship between the subject, the object and the intensity
of the action. These extensions are: Applied, Neuter, Causative, Connective, Intensive, Passive
and Reduplication (Louw et al., 1984:122; Pahl, 1982:81). Table 5-11 shows the segmentation

manners for each extension type

Table 5-11: Verb Extension examples

Basic verb stem bamba (hold)
bamb[VRoot]-a[VT]
bamb-a

With applied extension bambela (hold for)
bamb[VRoot]-el[ApplExt]-a[VT]
bamb-el-a

With Neuter extension bambeka (able to hold to)
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bamb[VRoot]-ek[NeutExt]-a[VT]
bamb-ek-a

With Causative extension bambisa (hold with)
bamb[VRoot]-is[CausExt]-a[VT]
bamb-is-a

With Connective/reciprocative extension  bambana (hold each other)
bamb[VRoot]-an[RecipExt]-a[VT]

bamb-an-a

With Intensive extension bambisisa (hold tight)
bamb[VRoot]-isis[IntensExt]-a[VT]
bamb-isis-a

With Passive extension banjwa (able to hold to)

bamb[VRoot]-iw[PassExt]-a[VT]
banj[VRoot]-w[PassExt]-a[VT]
banj-w-a

With Reduplicated stems extension bambabamba (hold many times)
bamba[VStem]-bamba[VStem]
bamba-bamba

5.3.4.1.2 Conjugation

Verb negation in isiXhosa is expressed using a bound morpheme, e.g. aka-hamb-ang-a (he/she
did not go). This is referred to as conjugation (Louw et al., 1984:132). The positive conjugation of
the above example would be u-hamb-ile (he/she went). In verb conjugation the verb root is
persistent and the word should be segmented as.

uhambile (he/she left)
u[SC]-hamb[VRoot]-ile[VTPerf]
u[SC]-hamb[VRoot]-il[VPerf]-e[VT]
u-hamb-il-e

akahambanga (he/she left)
a[NegPre]-ka[SCNeg]--hamb[VRoot]-anga[NegCirc]
a[NegPre]-ka]SCNeg]--hamb[VRoot]-ang[NegCirc]-e[VT]
u-ka-ham-ang-a

5.3.4.1.3 Forms

There are two forms of verbs in isiXhosa, i.e. the potential and temporal forms (Louw et al.,

1984:133). Whilst the potential form indicates an ability, e.g. ndi-nga-hamba (I can go), the
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temporal form indicates “when the action of the verb takes place”, e.g. sa-ku-hamba (when we

go).

ndingahamba (I can go)
ndi[SC]-nga[Pot]-hamb[VRoot]-a[VT]
ndi-nga-hamb-a

sakuhamba (when we go)
sa[PronPref]-ku[SC]-hamb[VRoot]-a[VT]
sa-ku-hamb-a

Negation for both forms can be expressed as below, e.g. a-ndi-nge-hamb-i (I cannot go), sa-ku-
nga-hamb-i (when we didn’t go).

ndingehambi (when I do not go)
ndi[SC]-nga[Pot]-hamb[VRoot]-i[VT]
ndi[SC]-nge[Pot]-hamb[VRoo0t]-i[VT]
ndi-nge-hamb-i

sakungahambi (when we do not go)
sa[PronPref]-ku[SC]-nga[NegPre]-hamb[VRoot]-i[VT]
sa-ku-nga-hamb-i

5.3.4.1.4 Moods

There are five verb moods in isiXhosa. These express how the speaker views the reality
expressed by the predicate (Louw et al., 1984:133). Although it is semantic, it is expressed in the
morphology of the word. The infinite moods are the infinitive and imperative mood, whilst the

indicative, participial, and subjunctive moods are finite moods.

Infinite moods do not have a subject concord and do not relate to a subject of a sentence e.g. the
infinitive verb, ukubona [to see], does not indicate tense and can act as both a noun and a verb.
Imperative verbs, on the other hand, do indicate tense but only the present tense, e.g. bona [see].

These can be segmented as follows

ukubona (to see)

uku[SC]-bona[VStem]
u[NPrePre]-ku[BPre]-bon[VRoot]-a[VT]
u-ku-bon-a
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bona (see)
bona[VStem]
bon[VRoot]-a[VT]
bon-a

Finite moods use subject concords. The indicative mood makes a statement, e.g. uyahamba
[he/she goes]. The participial mood stipulates the circumstances under which the predicate takes
place, e.g. uhamba ecela [he/she goes begging]. The subjunctive mood displays a made-up
reality, e.g. ukhwazela ukuba avakale (he/she shouts to be heard). The segmentation of these is

shown below.

uyahamba (he/she goes)
u[SC]-ya[LongPres]-hamba[VStem]
u[SC]-ya[LongPres]-hamb[VRoot]-a[VT]
u-ya-hamb-a

uhamba (he/she goes) ecela (begging)

u[SC]-hamba[VStem] e[SC]-cela[VStem]

u[SC]-hamb[VRoo0t]-a[VT] e[SC]-cel[VRoot]-a[VT]

u-ya-hamb-a e-cel-a

uhambela ukuba abonakale

(he/she walks) (so that)  (he/she can be noticed)
u[SC]-hamb[VRoot]-el[ApplExt]-a[VT] ukuba[Conj] a[SCSubj]-bon[VRoot]-akal[NeutExt]-e[VTSubj]
u-hamb-el-a ukuba a-bon-akal-e

5.3.4.1.5 Aspect

Aspect qualifies tense indicating whether an action is complete or not, continuous or not or
progressive or not (Louw et al., 1984:135). This translates into the progressive and exclusive
aspects. Usatya (he/she is still eating) is an example of a progressive verb and seletyile (he/she

has eaten) an example of an exclusive verb.

usatya (he/she is still eating)
u[SC]-sa[ProgPre]-tya[VStem]
u[SC]-sa[ProgPre]- ty[VRoot]-a[VT]
u-sa-ty-a
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seletyile (he/she has eaten)
se[SC] -le[AuxVStem]-ty[VRoot]-ile[VTPerf]
se-le-ty-ile

5.3.4.1.6 Tense

There are six verb tenses in IsiXhosa and they are the present, future, perfect, the remote past,

the continuous past and the contingent tense (Louw et al., 1984:134).

The positive conjugation of the verb ends in the terminative morpheme —a, e.g u-ya-bon-a (s/he
is seeing), except for the perfect tense which uses the suffix —ile, e.g. u-bon-ile (he saw). Tenses
can also take a negative conjugation which terminates with —i. The morphemes —ka- and —nga-

are also used in negation.

Most verbs have two forms per tense, i.e. the short form, e.g. ndi-bona (I see), and the long form,
ndi-ya-bona (I see). To produce the long form in the present tense,one appends the morpheme

—ya- to the subject concord.

The form of an isiXhosa verb in a particular tense is made of prefixes and suffixes that are defined
by the conjugation, form, mood and aspect of the verb. The table below gives examples of

isiXhosa verbs for different tenses.

Table 5-12: Examples of different isiXhosa tenses
Tense Positive example Negative example
Present tense ndi-bon-a (I see), Ndi- a-ndi-bon-i (I don’t see)
ya-bon-a (I see)
Future tense ndiza ku-bon-a (I will andizi ku-bon-a (I will not see)
see)
Perfect tense ndi-bon-ile (I saw) a-ndi-bon-ang-a (I did not
see)
Remote past tense wa-a-bona (he/she saw) | a-ka-bon-ang-a /akazange
wa-bona (he/she did not see),
Continuous past tense ba-be-bona (they used ba-be-nga-bon-i (they did not
to see) see)
Contingent tense bendiza ku-bona (I was | Bendingazi ku-bona (I was
going to see) not going to see)

The above table shows a few of the isiXhosa verb tenses. One would have seen these forms
earlier in this chapter, so their segmentation will not be redone. The table is not exhaustive of all
the different combinations of isiXhosa verb tenses, moods, forms etc. However, it gives a good

indication of the segments that constitute words across the different tenses.
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In Table 5-12 it is seen that some verbs precede other verbs. These verbs are referred to as
auxiliary verbs and should be segmented the same as other verbs.

5.3.4.1.7 Conclusions on Verbs

As demonstrated above, isiXhosa verbs are intricate but are consistent in their segmentation. The
common morpheme in a verb paradigm is the verb root with further morphemes attached on both
sides for mood, aspect, tense, form and conjugation.

5.3.4.2 Copulatives

Copulatives are non-verbal predicates and specify the nature of a substantive, e.g. ngumthi (it is
a tree). They are derived from nouns, absolute pronouns, qualificatives, descriptives and
conjunctions (Louw et al., 1984:216). They can also stand as a complete sentence (Mncube,
n.d:59). Even though they can be produced from quantitatives as well, such copulatives appear
as word phrases, instead of individual words (Louw et al., 1984:227). Such will not be expounded

on here as a phrase can be segmented according to earlier specifications.

Copulatives are predicates and as such have positive and negative conjugation. They also have

a personal and an impersonal form.

Copulatives derived from substantives are called identificative copulatives (Louw et al., 1984:216)

and identify the substantive in terms of type, status etc.

This section will present only noun- and pronoun-derived copulatives because pronoun derived
copulatives are used in the negation of other copulatives. Derivation of other copulatives follows

a similar pattern.
5.3.4.2.1 Pronoun Derived Copulatives

Copulatives that are derived from absolute pronouns are formed by prefixing the copula to the
absolute pronoun. The copula connects a subject with any predicate other than a verb (McLaren,

1948:44). Different noun class pronouns use different copulas as shown in Table 5-13.
The absolute pronoun stem —na is dropped.

To negate a copulative one prefixes the negation prefix asi- or ayi, depending on the dialect of

isiXhosa spoken, to the positive copulative (Pahl, 1982:167).
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Table 5-13: List of Copula (Louw et al., 1984:220)

Perso a gula P 3
15t Person ndi- Si-
2" person ngu- ni-
39 person

Class 1 and la | ngu- Class 2 and 2a | nga-
3 ngu- 4 yi-

5 li- 6 nga-
7 si- 8 zZi-

9 yi- 10 Zi-
11 lu-

14 bu-

15 and 17 Ku-

An example of segmenting a pronoun derived copulative is shown below:

nguwo (it is it) asinguwo (it is not it)
ngu[CopPre]-wo[PronStem] a[NegPre]-si[BPre]-ngu[CopPre]-wo[PronStem]
ngu-wo a-si-ngu-wo

A list of copulatives that are derived from pronouns are listed in Pahl (1982:167) and Louw et al
(1984:220).

Personal copulative pronouns are derived by prefixing the copulative pronoun with the subject
concord of the appropriate person Impersonal copulatives. The latter are derived by prefixing a
subject concord (Table 5-3) to the copulative pronoun. The absolute pronoun stem —na is again

dropped.
unguwo (s/he is it) akanguwo (s/he is not it)
u[SC]-ngu[CopPre]-wo[PronStem] a[NegPre]-ka[ExcINeg]-ngu[CopPre]-wo[PronStem]
u-ngu-wo a-ka-ngu-wo

A list of impersonal copulatives that are derived from absolute pronouns is listed in Louw et al.
(1984:222).

5.3.4.2.2 Noun Derived Copulatives

To form copulatives from nouns, one prefixes the noun stem with a compound prefix composed
of the the Noun-Derived Copulative Prefix (Table 5-14), the copula (cf. Table 5-13 on page 112),
and the noun prefix (cf. Table 5-2 on page 96) (Louw et al., 1984:217; Pahl, 1982:167).
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Table 5-14: Noun Derived Copulative Prefixes (Louw et al., 1984:220)

Perso gula P a
1%t Person | ndi- si-
2" person | ngu- ni-
39 person

Class 1 ngu- Class 2 | nga-
la ngu- 2a ngoo-
3 ngu- 4 yi-

5 li- 6 nga-
7 Si- 8 zi-

9 yi- 10 Zi-
11 lu- 10 Zi-
14 bu-

15and 17 | ku-

Personal copulatives derived from a noun are formed by prefixing the noun-derived copulative

with the subject concord. To negate one prefixes the noun-derived copulative asi- e.g.:

ndingumntu (I am human)
ndi[SC]-ngu[CopPre]-m(u)[BPre]-nt[NRoot]- u[NTerm]
ndi[SC]-ngu[CopPre]-m[BPre]-nt[NRoot]- u[NTerm]
ndi-ngu-m-nt-u

ngumntu (it is human)
ngu[CopPre]-m(u)[BPre]-nt[NRoot]- u[NTerm]
ngu[CopPre]-m[BPre]-nt[NRoot]- u[NTerm]
ngu-m-nt-u

andingomntu (I am no human)
a[NegPre]-ndi[SC]-ngu[CopPre]-m(u)[BPre]-nt[NRoot]- u[NTerm]
a[NegPre]-ndi[SC]-ngo[CopPre]-m[BPre]-nt[NRoot]- u[NTerm]
a-ndi-ngo-m-nt-u

asingomntu (it is no human)
a[NegPre]-si[ExcINeg]-ngu[CopPre]-m(u)[BPre]-nt[NRoot]- u[NTerm]
a[NegPre]-si[ExcINeg]-ngo[CopPre]-m[BPre]-nt[NRoot]- u[NTerm]
a-si-ngo-m-nt-u

5.3.5 Descriptive

According to Louw et al. (1984:24), a descriptive is a word that describes a predicate or other

descriptive in terms of manner, time and place (locatives).
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Descriptives of manner are derived from adjective stems, relative stems, nouns and pronouns by
prefixing them with the descriptive prefixes, ka- , kaku-, na-, kuna-, nga-, njenga-, and
nganga-. (Louw et al., 1984:254). Descriptives of manner should be segmented by identifying

the descriptive prefix [DesPre] e.g.

kakuhle (beautifully)
kaku[DesPre]-hle[AdjStem]
kaku[DesPre]-hl[AdjRoot]-e[AdjTerm]
kaku-hl-e

Descriptives of time are derived by prefixing the time noun stem with e-. These descriptives should
also be segmented to show the descriptive prefix.

emini (during the day)
e[LocPre]-mini[NounStem]
e[LocPre]-min[NounRoot]-i[NTerm]
e-min-i

5.3.6 Adverbs

The isiXhosa adverb expresses a relation of place, time or manner of a verb or another adverb
(Mncube, n.d:51).

IsiXhosa contains a few simple adverbs because of its use of nouns in the locative case, e.g. e-
bu-suku (at night), ku-ba-ntu (to the people), e-mthi-ini (to/at the tree) or by preceding nouns with
the preposition nga- e.g. iya nga-sekunene (go left). To express manner, adverbs are formed by
prefixing ka- to an adjective stem, e.g. ka-de (for long), (McLaren, 1948:142). To describe time,
one uses the prefixes nge-, ngo- and ku- to form adverbs, e.g. nge-Cawa (on Sunday), ngo-

Mvulo (on Monday), ngo-mso (tomorrow), ku-sasa (in the morning), ku-gala (first).

emthini (at the tree)
e[AdvPre]-m[BPre]-thi[NStem]-ini[LocSuf]
e[AdvPre]-m[BPre]-th[NRoot]-in[LocSuf]-i[NTerm]
e-m-th-in-i

Another set of adverbs is a closed set called simple adverbs, e.g. phandle (outside) and phesheya
(across the sea). These should be segmented with root and stem. Prefixal adverbs should be
segmented to show the adverbial prefix the stem is bound to, e.g. ngoMvulo (on Monday) > ngo-

Mvulo. An example is shown below
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phesheya (across the sea)
phesheya[NStem]
pheshey[NRoot]- a[NTerm]
pheshey-a

5.3.7 Conjunctions
Conjunctions are words introducing a sentence or linking two clauses (Louw et al., 1984:262).

IsiXhosa has few primitive conjunctions. Most isiXhosa conjunctions are either verbal forms (e.qg.
ukuze < ukuze (then), ndaye < ukuya (and ), ngokungathi < ukuthi (like), nouns (e.g. xa < ilixa
(when), mhla < umhla (the day when), and pronouns (e.g. kaloku (by the way) < oku (this), okoko
< oko (that), especially the pronoun oko (McLaren, 1948:149; Pahl, 1982:205). Some

conjunctions are phrases, e.g. ngoko ke (therefore) and ke kaloku (when).

Even though there seems to be productivity in conjunctions, that productivity is exhausted;
conjunctions are a closed set, albeit a large set. To preserve similarity with other word categories,
conjunctions will be segmented according to their source category or at least to a root and a

terminal vowel.
5.3.8 Interjections

The last word category to consider are the interjections. Interjections express exclamation and
are isolated. There is one class of original interjections, such as ewe! (yes), hayi bo! (no), and
heke! (expressing approval). This list is provided by Pahl (1982:207) and could be considered

almost as a closed list.

Another class of interjections is derived from other word categories, e.g. nouns, copulatives,

conjunctions, adverbs and even short sentences.

For this study, original interjections should not be segmented as they are almost a closed list.
Interjections that are derived from other word categories are difficult to identify without looking at

the context. As such, the only solution is to segment them to the source category segmentation.
5.3.9 isiXhosa NLP Surface Segments in Summary

To summarise, IsiXhosa nouns influence the prefix structure of many word categories. The nouns
themselves are segmented by identifying the different components of the prefix, the noun’s root,

any extension to the noun and a noun terminal vowel.
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The other word categories are derived from prefixing a stem from another category with
appropriate category specific concords. These concords are derived from the subject and object
concords. The segmentation of such must show the original concords that the new concords are
derived from. There are classes of words that cannot be categorised as definitely closed but have
stabilised, like original interjections. Such should be segmented to only a root and terminal vowel.
Words derived from other words must be segmented to show the segments responsible for the

concordial agreement.

Verbs must be segmented to show the different segments responsible for concordial agreement,
and all other grammatical variations and the stem must be segmented to a verbal root and a

terminal vowel.

Therefore segmentation must show, in surface form, the concordial links to the subject and object
as independent segments. For surface segmentation stems, even pronominal stems are
segmented to show a root and a terminal vowel. Extension for grammatical type must be clear as
well. To summarise all of the above, the simplified heuristics that ensure that all the segment
boundaries can be identified is, therefore:

e The first vowel is always a prefix morpheme (pre-prefix or other);

e The last vowel is always a suffix morpheme (terminal vowel);

o Prefix morphemes are complete syllables, except for ‘m’ which has a silent vowel when
followed by a consonant;

e Roots start with a consonant and end in a consonant; and
e Suffix morphemes are reverse syllables, so they start with a vowel and end in a consonant,
except for the terminal vowel and for ‘w’ which has a silent preceding vowel when following a

consonant.

The above heuristics are not linguistic but are meant to simplify isiXhosa surface segmentation
5.4 Dependencies among affixes and morphemes

One of the key aspects of probabilistic modelling is to map statistical dependencies between the

entities being modelled. This section will briefly deal with that in relation to the affixes in isiXhosa.
5.4.1 Intra-affix dependencies

In isiXhosa, prefixes are influenced by high concordial agreement between words. Because our
work is not inter-word but intra-word, this phenomenon will not be used. Importantly the strong

sequence structure in both prefix and suffixes suggest intra-affix dependence. In addition affixal
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(prefix and suffix) morphomes are closed classes. These two characteristics suggest a strong
sequential probabilistic dependence among morphemes in an affix.

5.4.2 Affix-root dependencies

It is understood in linguistics that the category of a word attracts certain morphemes. This implies
a dependence on some affix morphemes for a word category and an independence to other affix
morphemes for the same word category, in a way, a distinct statistical characteristic that could be
exploited or at least tested. One cannot be sure of this effect as some relatives and descriptives
are derived from nouns, some nouns are derived from verbs and the roots tend to be maintained
across the categories. This implies that some roots appear in many word categories, diluting this

strong dependence or independence. Again another reason to test the affix-root dependency.
5.4.3 Circumfixing

Circumfixing could only be identified for negation in this chapter, however, the selective
dependence between roots and affixes could mean a level of statistical circumfixing. | use the
word “statistical circumfixing” to mean that there might be some selectivity between prefixes and
suffixes, although it happens through the root, and it might be statistically useful for the study.

Therefore, this is a reason to experiment.
5.4.4 Summary on possible morpheme dependency.

Considering the above, there is generally a strong dependence among the prefix morphemes in
a prefix, and among the suffix morphemes in a suffix. This gives us a sequential affix morpheme

dependence that we can base our work on.

The dependency between roots and affixes can be argued to exist, but the reuse of roots in many
word categories means that this might be diluted and the affixes might be independent of each

other and the root.

The dependence between prefixes and suffixes, namely circumfixing, seems very limited but
because of the seeming selectivity between roots and affixes it might actualy exist through the

root and should be tested.

These specified possible dependencies mean that we should test a number of statistical model
for isiXhosa, namely:
o A purely morpheme sequential model

o An Affix-root independent model
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e An affix-root dependent model, and
e A circumfix-root dependence model.

The list of experiments above, provides a good combination of the dependencies that need to be
evaluated to be able to choose an unsupervised surface segmentation model for isiXhosa. The
work of converting these models into probabilistic graphical models is done in Chapter 6: IsiXhosa

Language model based segmentation and the evaluation is done in Chapter 7:Evaluation.
5.5 Conclusions

In introducing this chapter, an explanation of what a segmentation in isiXhosa is was given.
IsiXhosa words were then classified into words categories so that an appropriate segmentation
can be determined.

Thereafter the appropriate surface segmentation for every word category and sub-category is
established. This exhaustive approach allows for the identification of all the boundary locations.
This work culminates in the establishment of a set of heuristics that covers the surface
segmentation of isiXhosa. The surface segmentation does not concur with grammatical rules
because it oversegments some stems, however this ensures that all the boundary locations are
identified.

An analysis of the dependencies among morphemes in the languages provides a guide to a set

of possible statistical models for the language that need to be evaluated.
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6. ISIXHOSA LANGUAGE MODEL BASED SEGMENTATION

In this chapter, directed probabilistic graphical techniques are used to model the morphological
segmentation of isiXhosa. These use language modelling to estimate the segmentation
probability distributions. These distributions, constrained by isiXhosa heuristics established in

Chapter 5, are then used to find the most probable isiXhosa word segmentation.

Probabilistic Graphical Modelling (Bishop, 2006; Airoldi, 2007) provides a simple way of modelling
the generative behaviour of a stochastic system. It has been used in several morphological
segmentation studies (Dreyer & Eisner, 2011; Chen et al., 2014; More & Tsarfaty, 2016; Costa-
Jussa & Fonollosa, 2015). Most studies that use language modelling to implement the generative
process use non-parametric models with Markov Chain Monte Carlo with Gibbs Sampling
techniques (Geman & Geman, 1984) for inference because of the excessive size of the search
space. In this study, the use of simplifying heuristics derived from isiXhosa’s properties, to reduce
the search space, will be tested.

Probabilistic graphical models are a diagrammatic representation of a parametric random
process. These models allow for simple visualisation of the structure of the probabilistic model,
giving a clear view of the properties of the model - including the conditional dependence properties
(Bishop, 2006:360). PGMs come in two forms, directed graphs and undirected graphs. In this
document directed graphs are used. These graphs use nodes to indicate the random variables
and directed edges to indicate dependence. The direction arrow of an edge originates points at
the dependent node, or the vertex of a group of random variables. Shaded nodes indicate
observed variables, while unshaded nodes show latent variables that ought to be inferred by an

implementation model.

Sect. 2.4.4 discusses Markov Random Fields and gives a summary of Bayesian networks. The
majority of segmentation work that uses Bayesian networks has been on supervised text
segmentation. In this work, Bayesian Networks are used in an unsupervised manner, and the
design of these networks and how they are trained is detailed. The results are described in
Sect. 7.2. Four network configurations are tested to determine which network best models

isiXhosa words.

A language model is a model that assigns probabilities to sequences of words
p(wy_n) (Jurafsky & Martin, 2000:36). This is achieved by using the chain rule of probability and
assuming that the conditional probabilities are a Markov Chain of order n. Sect. 2.6.9 gave some

detail about language models.
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In this work, four probabilistic graphical models for modelling isiXhosa word generation are
proposed and compared. For training and inference, the models are guided with isiXhosa
heuristics to reduce the search space. Because of sparsity, language models require smoothing
to compensate for unseen tokens, but there are cases where this smoothing is ineffective. The
state-of-the-art in language modelling smoothing is the modified Kneser-Ney (mKN) smoothing
technique. In the evaluation in Chapter 7, results from mKN smoothed and non-smoothed models
are compared.

6.1 IsiXhosa Probabilistic Models

The isiXhosa Heuristics Maximum Likelihood Segmenter (XHMLS) that is proposed is based on

the directed graphical model of isiXhosa and isiXhosa heuristics.

The individual models required that different statistical data be kept. Where there is a sequence
of morphemes, the modelling technique has an option of smoothing using the modified Kneser-
Ney smoothing (Chen & Goodman, 1998). Information on the four models evaluated is presented

below.

In the following models, the symbols are standardised such that, w is a word, s is a word
segmentation, r is a word root, c is a circumfix, m is a morpheme, p is a prefix, s is a suffix, p; is
the i-th prefix morpheme, s; is the j-th suffix morpheme, m, is the k-th morpheme, I is the number
of prefix morphemes, J is the number of suffix morphemes and K is the number of morphemes.
Let a sequence m,_, = my,m,,.., my represent a list of morphemes. To handle sequences and
conditional probabilities effectively, an axiomatic convention for vanishing sequences and define

a truncation operation is stated.

Axiom 6-1. Vanishing sequences convention. Consider sequences X = x;, Xj11,..,Xj+n, and
X = Xj_n,..,Xi_1,X; Where n,i € Z. For convenience and as a convention in this document, both
sequences X and x reduce to x; when n = 0, and vanish to an empty list, nothing, when n < 0.

Furthermore, p(y|X) and p(y|x ) reduce to p(y|x,) when n = 0, and to p(y) when n < 0.

Definition 6-1. The truncation operator (...)p, on a sequence m,  is defined as a function that

returns a vanishing sequence of its argument such that

nothing, n<o0
<m1..k>[n = mi .k, n=>k . (6-1)
My —pgts o Mig—1, My, otherwise

This representation allows for a compact formulation of probabilistic mass functions.
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In this section, four (4) models of varying complexity are presented. A modified graphical
representation which differentiates between generation and statistical dependence is used.
Generation is shown using dashed lines and statistical dependence using solid lines.

6.1.1 Morpheme Sequence model (MS)

The simplest model is the Morpheme Sequence (MS) model. The model proposes that an
isiXhosa word is made up of a root and affixes. This model considers the word root to be one of
the morphemes and models all the word morphemes to have a Markov sequential dependence

of some order n.

@)

Figure 6-1: Probabilistic graphical model of the Morpheme Sequence model

In Figure 6-1 the plate notation of PGM is used. Here, a recursion plate form, something not seen
in PGM, is introduced. The plate notation means that whatever is inside the block is repeated by
the number of times specified on the right bottom corner of the block, in this case, K times and
the m; node is dependent on the m;,_, node. The probability of the word w when modelled by the

segmentation s, where the Markov order of the dependencies is n, is estimated to be

K
P(w|s) = Hp(mkl(ml..k—l)[n)- (6-2)
k=1

The next model is also a simple model for isiXhosa.
6.1.2 Independent Affixes (IA)

The Independent Affixes (IA) model is one of the simplest models. It assumes that an isiXhosa
word is made up of a root and affixes, that all three are independent of each other and that the
affix morphemes have a Markov dependence within the affix. This model implements the affix

dependencies proposed in Sect 5.4: Dependencies among affixes.
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Figure 6-2: Probabilistic graphical model of the Independent Affixes model

Note that a word can have an empty prefix or an empty suffix, or both. The probability model
distribution for the segmentation is formulated as follows:

I J
Pwle) = P@)- | [P@iltrim) - | [P (si|(s0s-)p,) (6-3)
i=1 j=1

It is important to note that the relationship between p and p; is that of generation, that p is made
up of I p;’s and the suffix also has an analogous arrangement. The next model is called Affix-

Links (AL) and introduces some complexity to the structure.
6.1.3 Affix-Links (AL)

The Affix-Links (AL) model proposes that a word is made up of a root and affixes and that the
dependence between the root and the affixes is through the first prefix morpheme and the last
suffix morpheme. If there are I prefix morphemes with the first morpheme being p, and there are
J suffix morphemes with the last morpheme being s;; then the prefix attaches to the root through
the first prefix morpheme, p,; the suffix attaches to the root through the last suffix morpheme, s; ;
and the rest of the affix morphemes attach to these linking morphemes, and the root, in a Markov
Sequence of order n. Figure 6-3 shows the Probabilistic Graphical model for Affix Links.

Note that the boundary of the plate model has been modified to only apply to the affix morpheme
sequence dependence. In this model, variables for the generated prefix and suffix are not shown

as they don’t occur in the dependence structure.
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Figure 6-3: Probabilistic graphical model of the Affix-Links model

The probability formulation of the word under a segmentation is therefore

I ]
P(w|s) = P(r) - HP(PL'RT, Pri-m) | | P (5j|(7"' Sy.j+1 >[n)- (6-4)
i=1 =1

j
It is important to note that the Markov sequence dependency for the suffix is reversed.

6.1.4 Circumfix Link (CL)

The Circumfix Link model proposes that in generating an isiXhosa word a root is chosen and
inflected with a circumfix, which is composed of a prefix and a suffix. In addition, the circumfix
used is dependent of the root.

Figure 6-4: Probabilistic graphical model of the Cicumfix-Link model

A circumfix can have an empty prefix, thereby presenting as a suffix only, and can have an empty
suffix, thereby presenting as a prefix only. The assumption is also made that there is a Markov
dependence of order n between the affix morphemes within an affix.

The model is shown in Figure 6-4. The probability formulation of a word segmentation using a
circumfix link is shown in Equations (6-5)-(6-8).
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P(w|s) = P(r|c) - P(s|p) - P(p) (6-5)

K
P(c) = P(m |<m k- )n)'
11:1[, kI\M1 k—1)] (6-6)
my g=p1.1Ps1.
1
P) = | | P(oiltpriadin), 6-7)
i=1

J

P(s) = HP (Sj|<51"j_1>[n)' (6-8)

j=1
Note that @ denotes the concatenation of two lists.
6.2 Training and Inference

During training, each training word is split into all possible combinations of the heuristics as per
Sect. 5.3.9: isiXhosa NLP Surface Segments in Summary. Each possible segmentation has a list
of prefix morphemes, a list of suffix morphemes and a root. The root and the two lists are used in
the language model. Depending on the model, they can be concatenated into a single list and n-
gram statistics generated from that, as for the Morpheme Sequence model, or the model can use
the individual lists as in the Independent Affixes model. For the Affix Links model, the prefix and
suffix lists are augmented with the root, and n-grams generated from that. For the Circumfix Links
model, the model is changed such that one list is generated such that the root is the last in the

sequence.

A normal unsmoothed conditional distribution language model may be built from the frequency

counts, or a modified Kneser-Ney smoothed model.
Inference chooses the segmentation that maximizes the probability of the word as

8" = argmax P(w|s), (6-9)

8 € Segs(w)
where Segs(w) is all the possible segmentations of w that the heuristics can generate.
6.3 Conclusions

In this chapter, four possible models that could capture the generative nature of isiXhosa are

presented: the Morpheme Sequence, Independent Affixes, Affix-Links and Circumfix Link models.
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The four language model implementations are explained and an overview of the inferences is

given.
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7. EVALUATION

This chapter details how the segmentation methods for isiXhosa, developed in this research, were

experimentally evaluated and presents the results of these experiments.

There are three (3) sets of evaluations that were conducted for this study. Two of these directly
measure the performance of the segmenters and the third determines the complexity-theoretic
predictability of isiXhosa sequences. The first experiment evaluates the performance of the
branching entropy based segmenter. The second experiment tests the predictability of isiXhosa
words using information theoretic means. This evaluation reveals the reason for the performance
of the branching entropy segmenter. The third evaluation test determines the performance of the
heuristic guided language model segmenter.

This chapter provides an overview of the experimental setup - outlining the rigorous processes
followed, the experimental procedures conducted and the detailed comparisons performed.

The full results of the three experiments are provided and evaluated by comparison with the
Morfessor-Baseline in terms of accuracy and F1 Score.

7.1 Experimental Setup

Rigorous attention was given to the setup of the experiments to ensure that the validation was
justified. Therefore, the description starts by detailing the sources of data used. Thereafter, how

the data is used in development, validation and consequent evaluation is specified.

Sect 2.1 Segmentation Metrics described how the metrics measured for segmentation are the

segmentation boundary identification accuracy and the F1 Score.

This research used three stages in the generation of a verified machine learning system. The first
stage is the development and implementation of the system algorithms. The data used in this
stage is meant to ensure that the segmenters are set up and work as intended. The next stage is
that of validation. The validation stage is normally used for tuning the system’s performance and
choosing a configuration that gives the best performance. However, in this study, identifying the
best configuration and the reason for that configuration is treated as part of the system
development stage. In this case, the validation stage was modified to ensure that the system can
handle the amount of training data required and to generate test results. The third stage is that of

evaluation, which is the ultimate execution of the experiment for system verification.
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To ensure that a machine learning system is not built with bias towards the data, the data used
for development must be independent of that used for validation, which in turn must be
independent of that used for evaluation. Therefore, there is a need for three separate datasets
for each stage, i.e. a development dataset, a validation dataset and an evaluation dataset.

In addition to the above, each of the three datasets must be split further into a training dataset
and a testing dataset, such that the development of the system does not contain performance
biases. The training set is used to train the segmenter and the testing set is used to measure the

performance of the segmenter.
7.1.1 Data Sources

In this work, two types of corpora are needed, a corpus of unsegmented words for training the
segmenters and a corpus of word-segmentation pairs for testing. In this study two different
corpora were used, one for training and the other for testing. The use of two independent corpora
reduces the chances of overlap between the two, ensuring rigour in the study. The training corpus
was compiled as part of this study, whilst the testing corpus was not. This makes the two corpora

independent.
7.1.1.1 Training Corpus

Because this study uses unsupervised training, it needs to use a large training set of raw isiXhosa
words. At the time of choosing an isiXhosa training corpus, there were not enough available, so
one had to be assembled. To get to a large enough set we combined raw isiXhosa words from

three sources to achieve a training corpus of 1.425 million tokens.

¢ the isiXhosa version of the South African Constitution (South African Parliament, 1996),
e raw isiXhosa text that was scraped from internet sources, and

¢ the IsiXhosa Genre Classification Corpus (Snyman et al., 2012).

We refer to this corpus in the rest of this document as the training corpus. This corpus has
157 095 unique words. The word with the highest frequency is ukuba and it is seen 14871 in the

corpus, about 1% of the corpus.

128



Training Corpus frequency distribution
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Figure 7-1:  Training Corpus word frequency distribution

It is important to note that recently there are bigger raw isiXhosa text corpora available, that could
be used, but there corpora were not available a the time of the development of this work.

7.1.1.2 Testing Corpus

For testing, one needs a segmentation annotated corpus, specifically one that consists of word-
segmentation pairs, e.g. siyabaleka — si-ya-balek-a. At the time of choosing a testing corpus the
largest segmentation corpus available was the NCHLT IsiXhosa Text Corpus (Eiselen &
Puttkammer, 2014), so this was chosen as the base for the testing corpus. This corpus has 44 609
tokens including punctuations, numbers and sentence separation lines. The corpus is rated at an

accuracy of 84.66%.

Some cleanup was required for this corpus. The corpus had the following types of undesirable
entries. The list below shows the type of undesirable tokens and their quantities:
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Table 7-1: Quantities of undesirable NCHLT corpus entries

Type Quantity
Numbers, Punctuations, Sentence separation lines 8073
Non-surface segmentations. 18 962
Unsegmented words. These were words that were not recognised by the rule- 4133
based segmenter therefore unsegmented.

Total 31168

Excluding the above types of entries resulted in a testing corpus of 13 441 tokens. For a testing
corpus of a scarce resource language, we consider 13 441 tokens a decent size. This set has 4
102 unique words. Below is the histogram of the frequency distribution of the test set words.

Testing Corpus frequency distribution
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Figure 7-2:  Testing Corpus word frequency distribution

The word with the highest frequency is okanye, and it is seen 548 times, 4.07% of the corpus.

There will always be an overlap of words between the training and testing corpora. Overall 3 483
of the unique testing words appear in the training corpus. This leaves 519 unique out of
vocabulary words, 12.7% of the unique words in the testing corpus. We consider this a high out
of vocabulary unique word percentage. This however accounts for 581 of the 13341 tokens,
meaning that a great majority of these OoV words have a frequency count of 1. This is also a
4.35% token OoV rate which is comparable to other unsupervised segmentation studies.

130



7.1.1.3 Conclusion on the corpora

The choice of corpora for this study ensured that we cancel the training — test data bias as the
two corpora were generated from two independent studies. That said, we still see a token in
vocabulary rate of 95.7% and a unique word in vocabulary rate of 87.3%.

(%]
Training é
corpus 2
(Mainly S
Genre =
classifica- ..%
tion Corpus) g_ ——
— es
corpus 13441
(NCHLT Tokens
extract)
Figure 7-3: Graphical representation of Source corpora

The isiXhosa Genre Classification Corpus and the NCHLT IsiXhosa Text Corpus were accessed
from the South African Centre for Digital Language Resources (SADiLaR)

(https://www.sadilar.org), which provides a central source of data and resources for South African

natural language processing work.
7.1.2 Data Splits

The first split to consider is the differentiation between development, validation and evaluation

data set. For each of these, one needs a training corpus and a testing corpus.

After that, N-Fold validation, as it is applied in this study, is explained. Lastly, details of the data

split done during evaluation are given.
7.1.2.1 Development, Validation and Evaluation Corpora

Ordinarily, the corpora are split into three pieces, i.e. development, validation and evaluation

datasets, but because the training corpus and the testing corpus are completely separate (having
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been created independently through different studies) corpora can be reused safely. The amounts
of reuse are small compared to the set sizes and will have little impact on the overall results. This

reuse is explained below.

For the development training corpus, the first 10 000 tokens from the 1.425 million token training
corpus are used. That amounts to 0.69% of the full training corpus. For development testing, the
first 100 tokens from the testing corpus of 13 441 tokens are used, being 0.744% of the testing
corpus. This is 75 of the 4102 types, which is a type rate of 1.83%.

For validation, there is a need to simulate part of the evaluation environment. Therefore, the entire
training corpus was used for training but testing was performed on only the first 1000 tokens,
being 7.5% of the testing corpus. This amounts to 438 unique words of the 4102 words. This
amount to reuse of 10.7% of the types. This allowed for the evaluation of the resource usage of
the system without significant effect on the results of the evaluation. This is considered acceptable
as the training and testing corpora come from two different sources. It is also important to
remember that in this study, validation was not used to tune performance or the selection of the
best performing configuration, it was only used to ensure that the training process can deal with
the size of the training corpus. This design decision of using a testing corpora different from a
training corpora allow us to maximise on the use of the corpora. For evaluation, the entire training

and testing corpora were used.

Table 7-2: Test Corpora words overlap
Stage Token count Token Percent | Types count Types Percent
Development 100 0.75% 75 1.83%
Validation 1000 7.44% 438 10.7%
Evaluation 13441 100% 4102 100%

For the experiment on the predictability of isiXhosa tests, only the training corpus was used. For
development, the first 10 000 tokens from the training corpus were used. Since there is no testing
required, validation and evaluation amount to the same thing, leading to only the evaluation run

being done, on the entire training corpus.
7.1.2.2 N-Fold Validation for unsupervised systems

N-Fold validation is used in machine learning systems to ensure that the testing set is not the
same as the training set. This tests the generalisation ability of the model. In unsupervised

modelling, where one trains on large amounts of raw data and the testing corpus is completely
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different from the training corpus, the case can be different. However, if testing should be done
from the same corpus, then full N-fold validation should be used, except that the segmentations
will not be used during training, only on the raw text. That said, for a valid statistical analysis, and
to test for generalisation in cases where the training and testing corpora are different, it is still
necessary to do several training runs using different training datasets. In this section this is done.

In both cases of N-Fold validation, the training corpus to be used for evaluation is split into N
blocks, however, these blocks are used differently. In cases where one corpus is used for training
and testing, the N blocks are all used for testing, but not at the same time. Training and testing is
done N times. At each time, N — 1 of the blocks are used for training and the N-th block is used

for testing. In this way, there will be N different training and testing sets.

In the case where the training corpus is different from the testing corpus, N — 1 of the N blocks
are used at a time for training, and the entire testing data set can be used for testing. In this way,
there are only N runs, not N x N as would have been the case if the testing set was split N times

as well.
7.1.2.3 Evaluation sets

To evaluate how the segmenters performed under varying degrees of resource scarcity, the
performance of the segmenters under different training data sizes and different n-gram lengths
was evaluated. For training data sizes, training set sizes being powers of ten, starting from 100
(i.e. 100, 1000, ... 1 million, and finally a size of 1.5 million) were evaluated. For XBES, training
used bigrams, trigrams, 4-grams, odd-numbered n-grams up to 19- and all possible n-grams, the
infinite-gram. XHML training used bigrams, trigrams, 4-grams, 5-grams, the 7-gram and the
infinite-gram. Validation testing showed that XBES did not have a change after 15-grams,
motivating the decision to do up 19- and infinite-grams for coverage. For XHMLS, the performance
was the same for 5-grams and above, so 7-grams and infinite-grams were added. The effect of
modified Kneser-Ney smoothing was also tested. The training set was split using ten-fold

validation, as explained above.

The testing corpus was not split in any way. This means that the models trained with different
data sizes were evaluated against the entire testing corpus, even the model trained with 100

words.
7.1.3 Segmenters

This section gives some information on the segmentors designed and implemented as part of this

study work. In addition to the benchmark segmenter, three segmentors were developed in this
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study, i.e. the random segmenter, the branching entropy segmenter (XBES) and the Heuristic
Maximum Likelihood Segmenter (XHMLS).

The random segmenter does not need training as it randomly decides if a location in a word is a
boundary with a 50% probability. The other two segmenters are trained from a text file containing
a word per line. All the segmenters developed in this study were programmed in the Python
programming language (van Rossum, 2007) using Python version 3.7.9.

All the segmenters run as command line tools. The Random Segmenters’ command line is;
> python.exe RandSeg.py <inputFileName> <outFileName>

where <inputFileName> if the fully qualified name of the test file and the <outFileName> is the
fully qualfied name of the segmented words

The command line usage for XBES is

> python.exe XBES.py <command> —-input <inputFileName> -model
<modelFileName> -output <outFileName> -smooth <smoothing> -

algorithm <algorithm> -ngramsize <ngramsize>
and the one for XHMLS is

> python.exe XHMLS.py <command> —-input <inputFileName> -model
<modelFileName> -output <outFileName> -smooth <smoothing> -

algorithm <algorithm> -ngramsize <ngramsize>

where: <inputFileName> and <outFileName> are as in the Random Segmenter. The
<outFileName> is now required during training, only the <inputFileName> is needed. The rest of

the arguments are

= <command> is either train for training or segment for segmenting.

= <model> is the fully qualified filename for the model file

= <smoothing> argument turns smoothing or (True) or off (False).

= <algorithm> is the abbreviation of the algorithm detailed in the chapter on branching
entropy and heuristic guided probabilisitic graphical models.

= <ngram> specifies the ngram size to use
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7.1.4 Choice of benchmark unsupervised segmenter

To benchmark the performance of the isiXhosa segmenters presented, some baselines were
created. This work required evaluation against an existing benchmark segmenter that is publicly
available, and that also has shown robustness in segmenting highly agglutinative languages.

The minimum performance baseline was chosen to be a random segmenter that randomly, with

50% probability, decides if a location in a word is a segment or not.

Morfessor-Baseline (Creutz & Lagus, 2002) was chosen to be the comparative benchmark. This
has been used as a benchmark extensively (van Niekerk, 2014; Kotzé & Wolff, 2015; de Pauw &
de Schryver, 2008; Méndez-Cruz et al., 2016) and is freely available.

7.1.5 Experiments conducted

All the modes of the two segmenters XBES and XHMLS are evaluated, and the predictability of
isiXhosa words using information theoretic predictive metrics is measured. XBES also requires
choosing an operator to combine the left- and right-branching entropies, i.e. minimum or sum.
The effect of smoothing on performance is also evaluated. Both segmenters are compared to

Morfessor-baseline and a random segmenter.

Training was performed for three segmenters, i.e. XBES, XHMLS, and Morfessor-Baseline, using
the training corpus, and tested using the testing corpus. The random segmenter does not require
training. XBES, XHMLS and Morfessor-Baseline were trained with different training set sizes.
Because Morfessor-Baseline does not support specifying n-gram size, only XBES and XHMLS

were trained to different model n-gram lengths.

The segmentation using boundary identification accuracy and F1 Score, where, within a word,
the morpheme boundary location is tagged with a 1 and everything else 0, was measured.
Performance of the systems on out of vocabulary (OoV) words was also done. Statistical
significance between results is measured using the Wilcoxon Signed-Rank test (DemSar, 2006).
OoV words and statistical significance are explained in Sects. 2.1.2: Performance on Out of

Vocabulary Words and 2.1.3: Hypothesis Testing respectively.
7.1.6 Conclusions on Experimental Design

In this section, the experimental design is explained. An experimental design that maximised
evaluation on the available data was set up. To meet the rigour requirement, two separate corpora

were used, one for training and one for testing.
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The section shows that the data was split for development, validation and evaluation in a way that
maximises the use of the data, again for reasons of rigour. The section also explains how N-Fold
validation is implemented in this setup.

The command-line arguments for the three segmenters developed as part of this study are

specified.

The benchmark that the segmenters were compared to is identified, and how these will be
evaluated, as well as how the experiments were conducted is also detailed.

7.2 Results

In this section of the document, the results of the experiments conducted are presented. Three

primary experiments were conducted.

The first experiment is the segmentation of isiXhosa using Branching Entropy and Bracing Joint
Entropy techniques in the isiXhosa Branching Entropy Segmenter (XBES). XBES has twelve (12)
modes, six (6) being Bracing Joint Entropy based, the other six (6) being Branching Entropy

based, with various modes of configuration based on n-gram size smoothing and operator used.

The second experiment considers the predictability constraints of isiXhosa words, particularly
validating the link between branching entropy and predictive complexity theory. This experiment

establishes the n-gram length whose ensemble captures the predictability of isiXhosa.

The third experiment evaluates the segmentation of isiXhosa using heuristic guided language
models in the isiXhosa Heuristics Maximum Likelihood Segmenter (XHMLS). This segmenter
implements the four language models defined in Sect. 6.1: IsiXhosa Probabilistic Models.

For each of the segmenter evaluation experiments, the configuration with the best accuracy, and

the one with the best F1 Score for each mode or model, is presented.
7.2.1 Benchmark performance

Starting with the performance of the benchmarks, the random segmenter presented an average
accuracy from ten (10) runs of 50.1 + 0.16%. This implies that any segmenter whose accuracy is
below this threshold would actively degrade segmentation. The benchmark ten-fold validation
highest average accuracy from Morfessor-Baseline was measured at 77.2 + 0.10% and achieved
when trained with one million words. In terms of the performance when compared to the size of
the training set size, see Figure 7-4, the accuracy of Morfessor-Baseline increases with training

set size and flattens from 100 000 words onwards. In Table 7-3, the p-value listed next to a result
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refers to the p-value between the results on the line where the p-value is written and the results
on the line before. The average accuracy maximum of 77.2% is not statistically significant from
the second-highest accuracy of 77.1% at 1.5 million words, as the p-value between the two is
0.492. The second highest accuracy is also not statistically significant from the third-highest
accuracy, which is 76.9% at 100 000 words, as the p-value is 0.105. However, the third-highest
Morfessor-Baseline accuracy is statistically lower than the highest accuracy as the p-value is
0.0195.

Table 7-3: Benchmark Overall Boundary ldentification Results with p-values
Method Highest % Accuracy (training Size) Highest % F1 Score (training Size)
Random 50.1£0.16 35.7+0.16
Morfessor- 77.2 £ 0.10(1m) 48.9 £ 0.75 (10K)
Baseline p=00195< 77.1+0.20(1.5m), p = 0.492 p =0.002 48.7 + 0.64 (100K), p = 0.375
76.9 + 0.28(100k), p = 0.105 44.0 + 0.24 (100), p = 0.002

In terms of the F1 Score, the random segmenter achieved an F1 Score of 35.7 + 0.16% and
Morfessor-Baseline achieved a maximum of 48.9 £ 0.75% when trained with 10 000 words.
However, this is comparable to the Morfessor-Baseline’s F1 Score of 48.7% when trained with
100 000 words as the p-value between the two is 0.375. For larger training set sizes the F1 Score
degrades. Therefore, the best combined overall performance is of Morfessor-Baseline trained

with 100 000 words as both the F1 Score and accuracy are high.
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Figure 7-4: Benchmark overall performance by training set size
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In terms of out of vocabulary (OoV) performance, Morfessor-Baseline’s highest OoV accuracy

was measured at 73.3 £ 0.26 %, performed with a training set size of 1 million words, and is the

highest because it is statistically significant from the second highest and third highest accuracy

scores.
Table 7-4: Benchmark OoV Boundary Identification Results with p-values
Method Highest % Accuracy (training Size) Highest % F1 Score (training Size)
Random 50.1+0.16 35.7+0.16
Morfessor- 73.3£0.26 (1m) 44.3 £ 0.42 (10K)
Baseline p=0002 < 72.7+051(1.5m), p=0.012 |p=0.105 44.2 +0.24 (100), p = 1
70.6 + 0.64(100k), p = 0.002 | p =0.002 43.5 +1.14 (100K), p = 0.084

39.3 + 1.36 (1m), p = 0.027

As for out of vocabulary (OoV) F1 Scores, the top three scores are achieved at 10 000, 100 and
100 000 words with scores of 44.3 £ 0.42%, 44.2 + 0.24% and 43.5 = 1.14% respectively, see

Table 7-4 for the p-values and Figure 7-5 for the trendline. These three are equivalent as the pair-

wise Wilcoxon p-scores among them is higher than 0.05. Everything else is statistically lower.
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Figure 7-5: Benchmark OoV overall performance by training set size

For out of vocabulary words, there is no combined overall Morfessor-Baseline best performance,

as the performance peaks are at different training set sizes. Having defined the benchmark, the

next task is the results of the two segmenters developed in this study.
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7.2.2 IsiXhosa Branching Entropy Segmenter (XBES) Results

Table 7-5 shows the best performing configurations of the different modes of the Branching
Entropy (BE) and the Bracing Joint Entropy (BJE) compared to the random segmenter and
Morfessor-Baseline. The best performances overall are marked with a .

7.2.2.1 Overall performance of XBES

Starting with the Bracing Joint Entropy (BJE) scorer, the best accuracy was achieved by the
Variation of Bracing Joint Entropy score (VBJE) at 75.0 £ 0.31%. This was achieved with a training
size of 1.5 million words using 15-grams and less. The best F1 Score for BJE, at 46.7 + 1.0%,
was achieved by the mean normalised Variation of Bracing Joint Entropy score (N,VBJE) trained
with 1.5 million words and a 10-gram model. The Wilcoxon p-value of with the next BJE highest
F1 Score was 0.02841 which is less than 5%. The Bracing Joint Entropy models were not
evaluated for smoothing because interpolation is not clear for bracing joint entropy models. Such

work could be done in a follow-up study.

Table 7-5: XBES Overall Boundary Identification Results

Method Highest Accuracy Highest F1 Score
(Smoothing/Op/training Size/n-gram (Smoothing/Op/training Size/n-gram
length) length)

Random 50.1 £0.16 35.7 £0.16

XBES -BJE 44.3 £ 0.350 (100K/2) 45.6 £ 0.06 (10K/4-max )

XBES -NuBJE 71.1+0.18 (Im/15-max ) 45,6 + 0.27(1m/11)

XBES -NzBJE 72.2+0.19 (Im/12) 43.5 + 1.06(1.5m/9)

XBES -VBJE 75.0 £ 0.31(1.5m/2-15) 41.9 £ 1.07 (1.5m/10)

XBES -NuVBJE 69.8 +0.67 (1.5m/15-max) 46.7 £ 1.0 (1.5m/10)

XBES -NzVBJE 70.2 +.28 (1.5m/13) 44.2 +.36 (1.5m/9)

XBES-BE 71.6 + 0.35 (No/Min/100K/4) 55.3 £ 0.12 (No/Sum/1m/7)

XBES-VBE 72.4 + 0.25 (Yes/Min/1.5m/9) 58.0 £ 0.10 (No/Sum/1.5m/9)*

XBES-NuVBE 75.8 £ 0.60 (No/Sum/1m/11) 53.6 £ 0.35 (No/Sum/1.5m/13-max)

XBES-NzVBE 77.4 +0.32 (No/Sum/1.5m/11)* 55.5 + 1.18 (No/Sum/1.5m/9)

Morfessor-Baseline 77.2 £0.10(1m)* 48.9 £ 0.75 (10K)

For the Branching Entropy (BE) scorers, accuracy peaked at 77.4 =+ 0.32% achieved using the z-
score normalised Variation of Branching Entropy (NzVBE) model trained with 11-grams of a 1.5
million words training set. This accuracy is comparable to Morfessor-Baseline’s peak accuracy of
77.2 + 0.10%, which was achieved at 1 million training word, as the Wilcoxon p-value between
the two was measured at 0.07446. The F1 Score for the study was achieved by the un-normalised

Variation of Branching Entropy (VBE) variant of Branching Entropy, at 58 + 0.10%, using a 9-
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gram configuration trained on 1.5 million words. The pair-wise Wilcoxon p-values with the second-
best F1 Score showed statistical significance at 0.0051. This F1 Score is superior to both
Morfessor-Baseline and the BJE highest F1 Score. The results show that modified Knesser Ney

smoothing does not provide any benefit to branching entropy overall accuracy and F1 Scores.

For Normalised Variation of Branching Entropy modes, the sum of the left- and right-branching
measures performed better than the minimum of the two, implying that a smoothing effect is
better, as the sum is a form of averaging the two branching directions. However, for the un-
normalised metrics, the min operator gave better accuracy whilst the sum operator gave better

F1 Scores.
7.2.2.2 XBES overall performance trends

The trend of the best performing scorer for branching entropy and bracing joint entropy over the

training set size uncovers an unexpected result from the variation metric.
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Figure 7-6: Average overall accuracy of the segmenters and the best BE and BJE modes

by training set size

For the accuracy results shown in Figure 7-6, the bracing joint entropy gives impressive accuracy
for the smallest training set with an accuracy of around 65% whilst the others are below 50%. The
scorer is the un-normalised variation of bracing joint entropy (VBJE). These are very encouraging
results because they mean that the proof that the variation metric captures predictive information

has empirical support, in at least the bracing joint entropy metric when trained with small data.
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Also, this makes the use of VBJE very attractive for use in endangered languages when the metric
of choice is segmentation accuracy. For a training set size of 1000 words, BJE is comparable to
BE.

As for training set sizes longer than 1000 words, Morfessor-Baseline outperformed the other
scorers’ accuracy except at 1.5 million words where the NzVBE is comparable. The trends
suggest that more training data would result in Branching Entropy outperforming Morfessor-
Baseline. However, the Bracing Joint Entropy shows a much steeper trajectory, which suggests
that Bracing Joint Entropy’s accuracy might exceed both Morfessor-Baseline and Branching

Entropy, given enough data.

Figure 7-7 shows the F1 Score trends. Morfessor-Baseline and XBES’s BJE (NuVBJE), show
better performance than Branching Entropy’s best for F1 Scores, un-normalised VBE, when
trained on 100 words. However, from 1000 words onwards, VBE outperforms all the other metrics

and suggest that it may improve with more data.
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Figure 7-7: Average overall F1 Score of the Random Segmenter, Morfessor-Baseline, and

the best BE and BJE modes by training set size

The F1 Score of Bracing Joint Entropy shows a steady performance increase with more data,
which suggests that more data would continue to improve its F1 Score. Even though the trajectory

suggests improvement, it is doubtful whether enough data would allow it to reach the Variation of
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Branching Entropy (VBE). Again, this supports the understanding that Variation of Branching
Entropy captures the predictive information in the text.

7.2.2.3 XBES Performance on OoV words

For out of vocabulary (OoV) words, the un-normalised Branching Entropy (BE) and z-score
normalised Variation of Branching Entropy (NzZVBE) give the best accuracy and are comparable
at 76.8 £ 0.45 and 76.7 £ 0.47% respectively. The p-value between them is 0.9527. These
outperform Morfessor-Baseline’s 73.3 + 0.26 %, and the p-value of Morfessor-Baseline relative
to the two is 0.00195.

Table 7-6: XBES OoV Boundary Identification Results

Method Highest OoV Accuracy (%) Highest OoV F1 Score (%)
(Smoothing/Op/training Size/n- (Smoothing/Op/training Size/n-
gram length) gram length)

Random 50.1 +0.16 35.7 +0.16

XBES -BJE 48.6 + 0.37 (100K/2) 47.3 + 0.12 (10K/4-max )

XBES -NuBJE 74.1 £ 0.26(1.5m/12 ) 50.1 £ 0.37(1.5m/9)

XBES -NzBJE 74.7 £0.31 (1.5m/17) 47.9 £ 0.66(1.5m/10)

XBES -VBJE 73.6 + 0.31(1.5m/15-max) 43.9 + 0.63 (1.5m/15-max)

XBES -NuVBJE 71.2 +0.49 (1.5m/15-max) 47.7 + 0.96 (1.5m/15-max)

XBES -NzVBJE 73.9£0.34 (1.5m/15) 48.9 +0.54 (100K/9)

XBES-BE 76.8 £ 0.45 (Yes/Sum/1.5m/9)* 65.3 + 0.12 (Yes/Sum/1.5m/9)*

XBES-VBE 74.7 + 0.33 (No/Sum/1.5m/7) 65.0 + 0.48 (No/Sum/1.5m/7)*

XBES-NuVBE 74.4 £ 0.63 (No/Sum/1.5m/13-max) 51.8 +1.17 (No/Sum/1.5m/13-max)

XBES-NzVBE 76.7 £ 0.47 (No/Sum/1.5m/13)* 54.3 + 1.03 (No/Sum/1.5m/9)

Morfessor-Baseline | 73.3 £ 0.26 (1m) 44.3 £ 0.42 (10K)

The best bracing joint entropy (BJE) also outperforms Morfessor-Baseline with OoV accuracy of
74.7 + 0.31% when trained with 17-grams from 1.5 million words using the z-score normalised
bracing joint entropy mode. The p-score is 0.00195. Importantly, the smoothed un-normalised
branching entropy gives high OoV accuracy from very small training sets and is stable across the

range of the training set sizes as visible in Figure 7-8.

For the out of vocabulary F1 Scores, un-normalised Branching Entropy (BE) and un-normalised
Variation of Branching of Entropy (VBE) give the best performance and their performance is
comparable at 65.3 + 0.12% and 65.0 £0.48% respectively and the p-value between them is
0.08398. Of interest is the performance trend of the mode with the second-best F1 Score, the un-
normalised Variation of Branching Entropy (VBE) mode which has a better OoV F1 Score than

the other modes for the training set of 1000 to 1 million words when trained with unsmoothed 7-
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grams. This shows that the variation metric, an information theoretic predictive measure, captures
the word predictive information for smaller training set better than its counterpart.
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In out of vocabulary words, mKN smoothing improved the un-normalised branching entropy
performance but did not aid the other modes.

7.2.2.4 Conclusions on XBES Performance

It is clear XBES is comparable to Morfessor-Baseline in accuracy but far superior to it when it
comes to the F1 Score for surface segmentation of isiXhosa, depending on the configuration one

uses.

It is also worth suggesting that XBES, using Variation of Bracing Joint Entropy (VBJE), should be
considered the new benchmark for unsupervised accuracy of segmenting scarce resource

languages because of its accuracy when trained with 100 words.

Out of vocabulary (OoV) accuracy is better achieved with a smoothed un-normalised Branching
Entropy mode trained with 9-grams as this configuration gives high OoV accuracy for the entire
training set range. This same configuration also gives good F1 Scores, but it is outperformed by
the un-normalised Variation of Branching Entropy (VBE) when trained on unsmoothed 7-grams.
This begs the question of whether there is a relationship between mKN smoothing and entropy

finite differentiation, i.e. predictability gain (Definition 3-19).
7.2.3 Predictive information in isiXhosa

In this section, the results of measuring the predictability of isiXhosa words are presented. This is
done using the information theoretic predictive metrics explained in Sect. 3.5: Predictive
Information Metrics. These predictive metrics use information theoretic measures to measure the
length of the ensembles that contain all the predictive information in a stochastic process. The
figures below show the trend for the different predictive metrics for isiXhosa text. The ten-fold
analysis made no difference as the trends were the same with a set corpus size. This makes

sense because entropy is an averaging process.
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Block Entropy H(n) vs n-gram length by Corpus size
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Figure 7-10: Trend in Block Entropy by n-gram length
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Predictive Gain Ah_p (n) vs n-gram length by Corpus size
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Figure 7-12: Trend in Predictive Gain by n-gram length

Figure 7-10 shows that the block entropy starts around 4.2 for the unigrams for all the analysis
set sizes, and converges to some limits, whereafter longer n-grams do not provide more
predictability. The n-gram length at convergence for the largest dataset is approximately 10.
Figure 7-11 also confirms that the entropy rate vanishes at around the 10-grams for larger corpus
sizes and much earlier for smaller sets, but that it should be at least longer than 6 irrespective of

corpus size.

From Figure 7-12 one can see that predictive gain is only obtained up to the 10-gram. Of interest
is also that trigrams add little predictive information for data sets larger than 100. This means that
the initial predictability is on unigrams and bigrams, and then 4-grams to 10-grams.

This also implies that the bigrams provide the trigram information content. It would be interesting
to see if this trend is reflected in other Nguni languages. These results reveal that isiXhosa words
are periodic with its entropy rate vanishing at 10-grams for corpora of the size and characteristics

used in this study.

These results, in some measure, correlate with Theorem 4-1 and Theorem 4-2 wherein it is

stated that Branching Entropy (BE), h, captures the block entropy rate, h,, such that

Put D= Y Pl k),

X1.n€EX™
and variation of branching entropy (VBE), 8h, captures predictive gain, Ah,,, such that
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According to the results in this section and the above theorems, branching entropy and the
variation of branching entropy should capture the predictive information when

n+1=10=>n=09. (7-1)

If one considers the overall XBES results, VBE provides the best results when trained with 9-
grams. The same 9-grams appear as the best configuration for out of vocabulary (OoV) words
when segmenting with the mKN smoothed branching entropy (BE) mode. This gives the
impression that smoothing assists the classic branching entropy to extract the predictability from

the text. This means that, at the least, the aspect of predictability needs further investigation.

7.2.4 IsiXhosa Heuristics Maximum Likelihood Segmenter (XHMLS) performance

This section considers the benchmarks for isiXhosa unsupervised surface segmentation to be
Morfessor-Baseline and XBES, and the best results from XBES are included. The benchmark
accuracy is therefore 77.4% from XBES, which is comparable to Morfessor-Baseline’s 77.2%.,

For the F1 Score, XBES is the benchmark, but Morfessor-Baseline’s F1 Score is presented as

well.
7.2.4.1 XHMLS Overall performance results

The overall results, including the best performance per XHMLS model, are shown in Table 7-7.
The results are shown with configuration information (i.e. smoothed or not, the training set size

and the language model n-gram level that produced the results).

Table 7-7. Best XHMLS Overall Boundary Identification Results per model
Method Highest % Accuracy (Smoothing/ | Highest % F1 Score (Smoothing/
Training Size/n-length length) Training set Size/n-gram length)
Random 50.1+0.16 35.7+0.16

Morfessor-Baseline

77.2+0.10 (Im)

48.9 + 0.75 (10K)

Best XBES 77.4 +0.32 (No/Sum/1.5m/11) 58.0 + 0.10 (No/Sum/1.5m/9)
XHMLS-MS 74.7 + 0.24 (Yes/1m/4) 59.5 + 0.30 (Yes/1.5m/4)
XHMLS-IA 75.2 + 0.18 (No/100K/2) 59.4 + 0.20 (No/10K/3)
XHMLS-AL 73.7 + 0.01 (Yes/1.5m/2) 59.0 + 0.04(Yes/1.5m/3)
XHMLS-CL 74.0 £ 0.01(Yes/10K/4) 49.6 + 0.04(Yes/10K/4)
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From Table 7-7, the best 10-fold average accuracy for XHMLS, 75.2 £ 0.18 %, is achieved by the
Independent Affixes model (XHMLS-IA) of XHMLS at a training set size of one hundred thousand
(100 000) words using an unsmoothed bigram language model. This accuracy is, however,
inferior to Morfessor-baseline’s accuracy of 77.2% and XBES'’s 77.4% as the Wilcoxon Signed
Rank test (Dems3ar, 2006) p-value against the two was measured at 0.00195.

However, the accuracy of the XHMLS-IA model shows high accuracy even with a small training
set (100 words), and is stable across the training set sizes, as shown in the trend lines of Figure
7-13.
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Figure 7-13: Average overall accuracy of the best modes for the segmenters by training set

size

As for the F1 Score, all the XHMLS modes show segmentation F1 Scores superior to Morfessor-
Baseline at some training set size. The XHMLS mode whose best is the lowest is the Circumfix
Link model (XHMLS-CL) of XHMLS whose best F1 Score is 49.6 = 0.04 % at a training set size
of ten thousand words (10 000) using a smoothed 4-gram language model. Even this outperforms

Morfessor-Baseline as the p-value between the two is 0.0039.

Regarding the best XHMLS F1 Score, there is no significant difference between the best of the

Morpheme Segments (XHMLS-MS) and the Independent Affixes (XHMLS-IA) models as the p-

value between the two is 0.4921. The best F1 Scores for the two are respectively 59.5 + 0.30%

and 59.4 £ 0.20% respectively with the former having been trained with mKN smoothed 4-grams
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from a 1.5 million word corpus and the latter with unsmoothed trigrams from ten thousand words.
These two outperform every other mode and have p-values of 0.00195 and less.
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Figure 7-14: Average overall F1 Scores of the best modes for the segmenters by training
set size

Of interest are the trend lines of the two modes. The XHMLS-IA reaches its best F1 Score with a
smaller training set size than XHMLS-MS, but it is still lower than XBES for small training sets,
however, the overall performance of XHMLS-IA degrades for training sets above 10 000 words in
both accuracy and F1 Score. This might mean that the XHMLS-IA mode overfits, but only OoV

performance can verify that.

As is evident from Table 7-7 the effect of modified Kneser-Ney smoothing improves performance

for all the XHMLS models except the Independent Affixes model.
7.2.4.2 XHMLS out of vocabulary results

For the out of vocabulary words, a different picture emerges where the Independent Affixes
(XHMLS-IA) model provides the best OoV accuracy when trained with unsmoothed trigrams from
1.5 million words. This OoV accuracy is statistically better than all the work done in this study as
the pairwise p-value with the others is 0.00195. The best OoV accuracy is around 81.8% and the
F1 Score is 68.7% as shown in Table 7-8. The trend of the XHMLS-IA OoV Accuracy is higher

than the other segmenters across the training set sizes, as seen in Figure 7-15.
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Table 7-8: Best XHMLS OoV Boundary ldentification Results per model
Method Highest % Accuracy (Smoothing/ Highest % F1 Score (Smoothing/ Training
Training Size/n-length length) set Size/n-gram length)
Random 50.1 £0.16 35.7+0.16

Morfessor-Baseline

73.3£0.26 (1m)

44.3 +0.42 (10K)

Best XBES 76.8 £0.07 (Yes/Sum/1.5m/9) 65.3 £0.12 (Yes/Sum/1.5m/9)
XHMLS-MS 73.2 £ 0.24(Yes/1m/4) 16.8 = 0.30 (Yes/1.5m/5-max)
XHMLS-IA 81.8 £ 0.18 (No/1.5m/3) 68.7 £ 0.10 (No/100K/3)
XHMLS-AL 80.1 + 0.30 (Yes/1.5m/3) 64.8 + 0.05 (Yes/1.5m/3)
XHMLS-CL 77.1 + 0.05 (Yes/100K/3-max) 53.3 + 0.07(Yes/10K/3-max)
Average OoV Accuracy
O
0.7 1 sttt _/-.—-..--—"
.,.—‘-
4
Ve
5 4
3 7
< s
0.5 1 y.a
./'
4
0.4 - /-/ Random
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Training Set Size (words)
Figure 7-15: Average OoV Accuracy of the best modes for the segmenters by training set

size

The best OoV F1 Score is also attributed to XHMLS-IA model trained with unsmoothed tri-grams
from a corpus of one hundred thousand (100 000) words. From the trend line in Figure 7-16, one
can see that the XHMLS-IA model provides superior generalisation for the F1 Score from as small

as one thousand words.
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Figure 7-16: Average OoV F1 Scores of the best modes for the segmenters by training set
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7.2.4.3 Conclusions of XHMLS results

In summary, XBES and Morfessor-Baseline continue to maintain their benchmark status on
unsupervised segmentation of isiXhosa if the metric is overall accuracy. A different picture
appears when the metric of choice is the F1 Score. In this case, the XHMLS is the benchmark as

two of its models outperform both XBES and Morfessor Baseline.

An even more interesting picture appears when looking at performance on out of vocabulary
(OoV) words, the measure of generalisation. In both accuracy and F1 Score, the Independent
Affixes model of XHMLS (XHMLS-IA) dominates without the need for language model smoothing

for all the training set sizes and has a superior F1 Score for all sizes but the smallest training set.

Since the Independent Affixes mode being the best mode for XHMLS, this confirms the summary
of the dependencies within the language specified in Sect. 5.4: Dependencies among affixes. In
that section, it was identified that morpheme dependence is mostly within the affixes, that there
is little circumfixing and that root, prefixes and roots have very little dependence because of their

major reuse in the language across word categories.
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7.2.5 Conclusions on Experiments Results

The experiments conducted resulted in the best morpheme boundary identification accuracy
being those of XBES and Morfessor-Baseline and the F1 Score being that of XHMLS. Model
smoothing on XBES is useful only for the standard branching entropy technique and provides no
improvement on the other. The same applies to XHMLS, where smoothing improves performance
on all the models except the Independent Affixes model, which is dominant in OoV performance.

The predictiveness of isiXhosa words is investigated and confirmed using information theoretic
and complexity metrics. The experiments reveal that isiXhosa is periodic with its entropy rate
vanishing at 10-grams for corpora of the size and with the characteristics used in this research
study. This study therefore shows that it is possible to predict the maximum n-gram size that

captures the predictive information of isiXhosa text.
7.3 Summary

This chapter specified how the experiments were conducted and recorded all the results

achieved.

On the experimental setup, the data sources; the data splits that ensure rigour; and the maximum
use of the data have been presented. In addition, the benchmarks in unsupervised segmentation

were identified and described with detailed explanations on the experimental procedure.

Results of the evaluations, including out of vocabulary results, are provided. It is found that XBES
and Morfessor-Baseline provided the best accuracy results and XHMLS provided the best F1
Score result. In addition, it is found that XHMLS provided the best out of vocabulary results when
compared to XBES and Morfessor-Baseline for both accuracy and F1 Score. Lastly, the results
show that XHMLS has high accuracy and F1 Score performance from very small training sets and

furthermore one of its modes provided stable performance across the training set sizes.
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8. CONCLUSIONS AND FUTURE WORK

In this chapter, a summary of the work presented in this document is provided, the findings are
presented, direction on future work that could be conducted from this study is suggested and

concluding remarks are given.

The major finding of this research is that an unsupervised, morphological surface segmenter is

achievable for isiXhosa, which achieves better results than a comparable, accepted benchmark.
8.1 Summary of the work

This thesis investigated the use of variants of branching entropy and heuristics guided language
modelling of isiXhosa words in the unsupervised segmentation of isiXhosa. This includes the
theory, application and evaluation of these techniques.

The work commenced by motivating for word segmentation in the natural language processing
(NLP) of morphologically complex languages. The motivation extended to the use of
unsupervised machine learning in the word segmentation of agglutinating and resource-scarce
languages, a technique that avoids the use of expensive and time consuming resources, like

linguistics experts.

For sample depth, the study used the language isiXhosa, which is in the largest mother tongue
subgroup in South Africa, namely Nguni, with the aim of advancing the use of unsupervised
machine learning in the surface segmentation of Nguni languages, with isiXhosa as a language

of application.

To set the scene in the use of technology, an overview of the vast work done in the unsupervised
segmentation of words is provided. The work is extensive, covers many decades and a vast array
of technologies. The latest developments have seen the use of deep architectures in artificial
neural networks. Surprisingly, work on deep neural networks seems to need segmentation of
words as input to train word embeddings that are then used for other higher-order NLP tasks like

translation, making yet another case for word segmentation.

For this study, the literature study revealed that the use of variants of branching entropy and
character-level language modelling were two suitable techniques for unsupervised segmentation
of isiXhosa. The study also identifies the morpheme boundary identification accuracy and F1
Scores as the most appropriate evaluation metrics for this study. The study also reveals that the

benchmark of choice for segmentation studies is Morfessor-Baseline.
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In the first technique of branching entropy, preliminaries on information theory and complexity and
predictability measures are given. These guide the work in proving that the different branching
entropy variants capture different aspects of predictive information. A combined bi-directional
character-level entropy language model, with an option for modified Kneser-Ney smoothing, is
also presented. This model combines the branching entropy character-level language for left-
branching and right-branching models. A new variant to branching entropy techniques that does
not require directional modelling is introduced, the so-called bracing joint entropy (BJE) model.

In the second technique using word language modelling work, probabilistic graphical modelling
(PGM) is used to model the morphology of isiXhosa words. To get to a set of models that would
capitalise on the structure of the language, the surface morphological structure of the language
is studied. This study revealed two things, a set of heuristics that could be used to reduce the
search space of a probabilistic model. In addition, the work lead us to a set of possible statistical
dependencies between the morphemes in a language. These possible dependencies lead us to
a combination of four possible models of differing complexity for the language. To capture the
generative and statistical dependence model in a graphical model, modifications were done to
the PGM notation and also to the use of the plate system to model conditional probability

recurrence and to differentiate between generative links and probabilistic conditional links.

To verify this work, three experiments were conducted. The first experiment used branching and
bracing joint entropy in the segmentation of isiXhosa. The second experiment, which confirmed
branching entropy, established the n-gram length that encapsulates the predictability of isiXhosa
words. The last experiment segmented isiXhosa using heuristic guided probabilistic language

models.
8.2 Contributions
This work makes six (6) contributions to the work on automated text segmentation.

The first contribution is the combined, bi-directional, branching entropy language model (BELM).
The BELM combines two directional branching entropy models into one and supports the modified
Kneser-Ney smoothing algorithm. This improved the performance of the basic branching entropy

model but did not provide improvement to the other modes of XBES.

The second contribution is the Bracing Joint Entropy (BJE) for isiXhosa. BJE does away with
directional branching entropy altogether by combining the two into a joint entropy. This mode of
“branching” entropy performed better than Morfessor and other branching entropy modes when

trained with one hundred words and was comparable when trained with one thousand words.
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The third contribution is the use of Branching Entropy in the segmentation of isiXhosa, opening
the way for this technique to be used in other Nguni languages. This work matches the current
state-of-the-art in accuracy.

The fourth contribution is proof that the different branching entropy variants capture different
aspects of predictive information. Specifically, it is proved that branching entropy captures entropy
rate and variation of branching entropy captures predictive gain.

The fifth contribution is the determination that ensembles of character n-grams of length ten (10)
capture the predictive information in isiXhosa words. This motivates for branching entropy

techniques to use 9-grams.

Lastly, the work contributes the use of morphology heuristics as a guide to probabilistic graphical
modelling of the segmentation as a substitute to non-parametric language modelling techniques.
This is proven in isiXhosa with the use of isiXhosa heuristics and achieve state-of-the-art results

in unsupervised F1 Scores. This result could be generalised to other Nguni languages.

8.3 Main Findings

This section evaluates how much of the intended research work was achieved and to what extent.
As its main aim, this study set out to:

¢ Advance the use of unsupervised machine learning in the morphological segmentation of

Nguni languages, with isiXhosa as a language of application.
The research questions that the study set out to answer were:

e Question 1: Are there techniques that can readily advance the use of unsupervised
machine learning in the segmentation of Nguni languages, evaluated using isiXhosa?

e Question 2: Can the unsupervised segmentation of isiXhosa words, using these
techniques, be improved relative to a benchmark?

e Question 3: What configuration of these techniques provides the best performance, and

why?
The research objectives that were specified, are:

e Objective 1: Identify a benchmark in unsupervised morphological segmentation and

evaluate it on isiXhosa,
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e Objective 2: Research and investigate unsupervised text segmentation techniques that
could readily be used in isiXhosa,
e Objective 3: Identify, extend, implement and evaluate unsupervised machine learning

techniques that can readily advance the morphological segmentation of isiXhosa.

The activity of establishing whether the intended research aims, questions and objectives were
resolved, or not, will be done from the bottom up. This means the research objectives are
addressed first. The results of the research objectives lead to outcomes on whether the questions
were answered, or not. The answers to the research questions, once combined, will give an

indication whether the aim of the study was achieved.

8.3.1 Addressing Research Objectives

This section details work done to address the research objectives.
8.3.1.1 Findings on Objectives 1 and 2

Objective 1 was to identify a benchmark in unsupervised surface segmentation and evaluating it

using isiXhosa.

Objective 2 was to research and investigate unsupervised text segmentation techniques that

could readily be used in isiXhosa.
Both objectives were met by:

o A literature study of unsupervised text segmentation techniques, published worldwide,
that is documented in Chapter 2: Literature Review.

e The literature study culminating in the identification of Morfessor-Baseline as the
benchmark for the experiments to be conducted in this thesis, in Sect. 2.7: Technigues

and Benchmark of choice for isiXhosa segmentation.
8.3.1.2 Findings on Objective 3

Objective 3 was to identify, research, extend, implement and evaluate unsupervised machine

learning techniques that could readily advance the morphological segmentation of isiXhosa.
This objective was met as follows:

e The literature study, Chapter 2: Literature Review on unsupervised text segmentation
techniques culminated in the identification of branching entropy and language model
based segmentation as the techniques that could be used in the unsupervised
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segmentation of isiXhosa, in Sect. 2.7: Technigues and Benchmark of choice for isiXhosa
segmentation.

e The two techniques identified were researched, extended and implemented as detailed
in chapters three (3) to six (6).

o Chapter three (3) researched the underpinning metrics to branching entropy
including predictive information metrics.

o Chapter four (4) gave specifics of branching entropy, extended the work with a
new metric, bracing joint entropy (BJE) and proved that the different variants of
branching entropy capture predictive information.

o Chapter five (5) researched and formulated a set of isiXhosa guiding heuristics
that could be used to guide a probabilistic language model and proposes four (4)
models for the surface segmentatio of isiXhosa.

o Chapter six (6) presented four (4) generative language models for the
unsupervised surface segmentation of isiXhosa.

e The two techniques identified were evaluated and the results presented in chapter 7:

Evaluation.
8.3.2 Answering the Research Questions

The answer to Question 1, the existence of techniques that can readily advance the use of
unsupervised machine learning in the morphological segmentation of Nguni languages, especially
isiXhosa, is provided by the identification of the two surface segmentation techniques in chapter
2.

The answer to Question 2, whether the unsupervised segmentation of isiXhosa words could be
improved using these techniques relative to a benchmark, can be found in chapter 7: Evaluation.
In this chapter, the techniques implemented outperform the benchmark, Morfessor-Baseline, on
the F1 Score. One of the techniques, branching entropy is comparable to the baseline. The overall

performance is considered an improvement relative to the baseline.

The answer to Question 3, on the configuration of these techniques that provided the best
performance, and the reasons thereof, is also found in chapter 7: Evaluation. In the branching
entropy techniques, the Variation of Branching Entropy (VBE) technique provided the best
performance because it captures predictive 9-grams. This is confirmed by the results that VBE
capture all the predictive gain when using 9-grams as specified in equation (7-1). The heuristic
guided system’s best performing model, Independent Affixes, is also presented in this chapter
and confirms that morphemic dependence is strong within an affix and weak among affixes as

specified in Sect. 5.4: Dependencies among affixes. In addition, the tri-gram reflects the fact that
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there are three dependency factors in the morphology of the language that dominate the structure,
i.e. the subject concord, the object concord and the root. The other dependencies could be
considered weak.

8.3.3 Achievement of the Aim

From the resolution of all of the research questions above, it is clear that the main research aim,
has been met. Two systems that match the benchmark on accuracy, and outperform the
benchmark on the F1 Score, have been provided.

8.4 Future work
In the future, more information-theoretic and statistical metrics could be evaluated on isiXhosa.

Regarding smoothing, there is a possibility of using the Good-Turing or Witten-Bell (Chen &
Goodman, 1998) smoothing in branching entropy segmentation as they have shown promising
results in Arabic (Darwish, 2002).

In addition, the techniques used in this thesis can be used for unsupervised segmentation of other

Nguni languages and other, more resource-scarce languages.

There is also scope to see what guidance one can get from predictive information metrics for

natural language processing, and what techniques would maximise the use of this information.

As identified in Sect. 4.2.4.1: Inference in BE and VBE the branching entropy measurements are
not comparable close to the edges of a word. Another study could be an investigation into the

effect of normalising the class branching entropy as well.

There is further scope to also establish heuristics and appropriate models for other South African

languages.

Finally, XBES or XHMLS could be a pre-processing step to improve machine translation and web

embeddings for South African languages.
8.5 Conclusions

In this study, unsupervised word segmentation techniques have been used to extend the field of

unsupervised text segmentation.

It has been shown that branching entropy captures the entropy rate of a language as a time-

series, and that variation of branching entropy captures the predictive gain.
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It has also been shown that the use of generalised word morphology heuristics, when coupled
with a character level language model, can provide state-of-the-art unsupervised word
segmentation in isiXhosa.
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ANNEXURES A: GLOSSES USED

Gloss Description

AC Adjective concord

AdjRoot*s Adjective root

AdjStem* Adjective stem

AdjTerm* Adjective terminal vowel

AdvPre Adverb prefix

AdvRoot* Adverb root

AdvStem* Adverb stem

AdvTerm* Adverb terminal vowel

ApplExt Applied extension

AugSuf Augmentative suffix

AuxVStem | Auxiliary verb stem

BPre Basic prefix
CausExt Causative extension
CopPre Copulative prefix
Dem* Demostrative prefix
DesPre* Descriptive prefix

DiffPref* Differentiative prefix

DiffRoot* Differentiative root

DiffStem* Differentiative stem

DiffTerm* Differentiative terminal vowel

DimSuf* Diminutive suffix

Drift* The drift consonant in the production of a demonstrat

EnumStem* | Enumerative stem

3 Glosses with " are identified specifically for this study. They may not be grammatical
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EnumRoot*

Enumerative root

EnumTerm* | Enumerative termin vowel
ExcINeg Exclusive negative
IntensExt Intensive extension
LocSuf Locative suffix
LongPres Long present tense
NegCirc* Negative circumfix suffix
NegPre Negative prefix

NeutExt Neuter extension
NPrePre Noun preprefix

NRoot* Noun Root

NStem Noun stem

NTerm* Noun Terminal vowel
PassExt Passive extension

PC Possessive concord
PosPre Possesive prefix
PosRoot* Possessive root
PosStem* Possessive stem
Posterm* Possessive terminal vowel
Pot Potential

ProgPre Progressive prefix
PronPref Pronoun prefix
PronRoot* | Pronoun root

PronStem Pronoun stem
PronTerm* | Pronoun terminal vowel
QC Quantitative concord
QuantPref* | Quantitative prefix
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RecipExt

Reciprocal extension

RelPref* Relative prefix

RelStem Relative stem

RelTerm* Relative terminal vowel
SC Subject concord
SupPref* Superlative prefix
VPerfExt Verb extension perfect
VRoot Verb root

VStem Verb stem

VT Verb terminative
VTPerf Verb terminative perfect
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