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The IsiXhosa Heuristics Maximum Likelihood Segmenter (XHMLS), an
unsupervised isiXhosa segmenter, that contributes use of isiXhosa word
morphology heuristics as a guide to probabilistic graphical modelling (PGM) in
the segmentation of isiXhosa, outperforms the benchmark Morfessor-
Baseline’s boundary identification (Bl) accuracy of 77.2 £ 0.10%, by 1.5 +£ 0.01%
and its Bl f1-Score also outperforms Morfessor-Baseline’s 48.9 £ 0.75% by 19.1
+ 0.06% when modelled with circumfixing and modified Kneser-Ney (mKN)
smoothing.

Heuristic guided probabilistic graphic language modelling
for morphological segmentation of isiXhosa
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Segmenter (XHMLS) against the benchmark Morfessor-Baseline [1] in terms of ,__1 b mor.phemes
morpheme boundary identification accuracy and f1-score. m is the k-th

XHMLS is an unsupervised heuristic guided probabilistic graphical modelling
(PGM) [2] based segmenter that implements four (4) isiXhosa word generation
models.
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Morphological analysis, the task that XHMLS attempts to solve, is one of the Fig. 4 Morpheme Sequences e P(-)is the
basic tools in the natural language processing (NLP) of agglutinating languages, orobability of an
like isiXhosa. event
IsiXhosa, one of the South African official languages belonging to the Bantu e P(-|<unk>) = P(-)

language family, is classified among the “resource scarce languages”. The
second largest language in South Africa with 8.1 million mother-tongue
speakers (16% of the South African population), second only to isiZulu [3],
isiXhosa has seen an increase in HLT tools, however this increase has been
from a low baseline [4].

The close morphological structure that isiXhosa has with other Nguni
languages, i.e. isiZulu, Siswati and isiNdebele, means that work done in it
could be easily bootstrapped to these languages as has been shown in [5].
Nguni languages account for 43% of the South African mother tongue speaker
population.

IsiXhosa Word Constitution
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Method Accuracy (%) F1-Score (%)
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Morfessor-Baseline

73.6 £0.05
78.7 £ 0.01
75.7 £0.03
74.7£0.24
77.2+0.10

59.2+0.16
68.0 £ 0.06
58.3+0.51
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Morphological segmentation is the task of splitting a word, into its constituent
smallest meaning bearing units, the morphemes [6].

IsiXhosa is an agglutinating and polysynthetic language as its words are made
up of many morphemes [7], e.g.

Conclusions

akahambanga <- a-ka-hamb-ang-a (he/she did not go). The use of morphology heuristics in isiXhosa segmentation is feasible.
The effect of circumfixes in the modelling of isiXhosa improves the
performance of a guided probabilistic graphical model, but that depends on

the generative model used.
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