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« Itis important for any transcription model to f\
first understand the language that the person is \]
trying to communicate in. Our architecture aims
to be that rudimentary step in trying to detect

Client Testimonial

"Training these new LID models will help better represent the world's
languages and potentially could help preserve them."
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« Constraints: We will be building an operationalized pipeline to model 6 ancient
Mayan languages that have negligible digital footprint, and later SIL will scale it
for other languages
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