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Result - Low Resource and
Synthetic Data

Task and Challenges System Design

Spelling Correction in low-resource languages. We build a typical system (Figure 1) and develop an user interface (Figure 2) to benefit the end users for
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¢ Incremental training.

e CharTriLlM provides better convergence and LSTM models catch up when more data comes.

Demo portal: https://nativeatom.github.io/OSC/

e The difference between neural model and

language model becomes minimal as the
amount of data increases.




