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Data-driven hyperparameter optimization: Better priors + transfer learning

Problem: How to transfer-learn over different search spaces and tasks,
containing unstructured text data?
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Data Serialization + Tokenization
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o Normalized parameter + function values as After preprocessing
integer token from [0, 1000)

e Metadata tokenized by standard English
sentencepiece tokenizer

"\“o\}{\\‘{%v\ Wi
[
N

e Future: various extensions in search spaces,
training algorithms, planning, multi-objective, ...
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