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Approach

Trade-Off

s, Annotation Cost

Strategy 1: annotate more data to directly train a small model
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Strategy 2: train a larger model, then distill into a small model
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Approach

Cost Estimations
Task & Annotation Cost

Dataset Task $ per Label
WLP Named Entity Recognition $0.26
STANCEOSAURUS Stance Classification $0.364
FEVER Fact Verification $0.129
MuLTIPITIo Paraphrase Identification $0.2
MuLTIPITGEN Paraphrase Generation $0.371
Natural Questions Question Answering $0.129
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Computational Cost

$1.875 per 1 GPU hour (est. based on A100 in Google Cloud Platform)
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In general, data annotation might not be
the best practical solution in light of

cost-efficiency; Scale up, then distill !

Synthetic data generation using GPT-3.5
could be cost-efficient compared to

humans, but still limited

For the best performance, however, data
annotation is essential despite its

inefficiency

More details and analyses in the paper,
such as different sizes of large &

compact models



