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Uyghur morphological segmentation with
bidirectional GRU neural networks
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(State Key Laboratory of Intelligent Technology and Systems,
Tsinghua National Laboratory for Information Science and
Technology . Department of Computer Science and Technology
Tsinghua University, Beijing 100084, China)

Abstract: Information processing of low-resource, morphologically-
rich languages such as Uyghur is critical for addressing the language
barrier problem faced by the One Belt and One Road (B&.R)
program in China. In such languages, individual words encode rich
grammatical and semantic information by concatenating morphemes
to a root form, which leads to severe data sparsity for language
processing. This paper introduces an approach for Uyghur
morphological segmentation which divides Uyghur words into
sequences of morphemes based on bidirectional gated recurrent unit
(GRU) neural networks. The bidirectional GRU exploits the
bidirectional context to resolve ambiguities and model long-distance
dependencies using the gating mechanism. Tests show that this
approach significantly outperforms conditional random fields and
unidirectional GRUs. This approach is language-independent and can
be applied to all morphologically-rich languages.
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