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Data labeling is expensive INTERVAL:
Interactive Learning with Weak Supervision

Approach |: Active Learning

Adaptively choose which instances to label INTERVAL balances the quality of instance labels with the efficiency of labeling rules
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Issue: Labeling one instance at a time is not scalable.
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Issue: Desighing many strong rules in a single shot is hard.

INTERVAL outperforms Weak Supervision and
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How to efficiently use expert feedback Active Learning using fewer expert queries

Assume limited budget T to query an expert

* Should we spend T querying for rules or instance labels!? Experimental Results

* What rule properties are required to train an accurate model?

INTERVAL is more effective than existing Weakly Supervised Learning (VWSL) and
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2. Automatic rule extraction via prompting Rule vs. instance trade-off Budget (T
We propose a method that extracts rules with rich predicates: Feedback on both rules and instances is more effective than feedback on instances
* 71-gram features Yelp (n-gram vs. prompt-based rules) only even when labeling rules are up to 9x more expensive than labeling instances.
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Our rule family achieves higher precision and coverage than n-gram rules. Student. Would this apply to other Teacher types or distillation types?
* Integrating richer feedback (e.g., editing rules) could lead to stronger performance gains.
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3. Interactive machine teaching * Could LLMs replace experts without sacrificing accuracy during interactive learning!
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