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e Account for phonetic, semantic, orthographic, and
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e Our method generalizes to unseen language pairs
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multilingual language models MBERT and XLM-100
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Support Vector Machine, Random Forest detection for arbitrary language pairs

e Automated loanword detection
enables many downstream tasks
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e Loanword knowledge is useful in,
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Resources

e Codebase: https://github.com/csu-signal/

Loanword detection architecture
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