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Distill a stream of unlabeled text into 5 synthetic examples that train a model almost as well as all the data: +10.2 points over the best selection baseline offline, +6.6 online, 30% faster with a hybrid pipeline.
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(a) Offline: 50 real examples — 5, held-out accuracy. (b) Online: stream-AUC over 10 steps. SST-2, Rotten Tomatoes, RT-Polarity, IMDB, TwitterEmotion.
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