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When we teach, how do we decide what information to share? And, how
effective are our teaching choices?

Past research has found that adults teach rationally in short tasks (i.e., Shafto,
Goodman & Griffiths, 2014), but fail to recognize and ameliorate learners’
knowledge gaps in longer tasks (i.e., Chi, Siler & Jeong, 2004).

We provide an account of teaching that unifies these findings.

Participants. Teachers, n = 20; Learners, n = 200; Amazon Mechanical Turk
Procedure. Teachers learned how to activate a machine, and selected
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. & Hypothesis spaces. We built a computational model of a rational teacher:p,....(H|E) < p.....(E|H) * p. .. ..(H)
(following Shafto et al., 2014), lesioning it to create three simpler models. If teachers produced bad data, no rational learner

model should be able to learn from teachers” examples. But, if teachers produced good data under inaccurate assumptions
about learners’ initial knowledge states, our rational learner model should learn the machine’s activation rule given the
correct initial hypothesis space. Thus, we built 8 hypothesis spaces of varying size and complexity.
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Model-Based Analysis
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examples. We find no evidence that teachers thought learners would interpret data
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pedagogically, although teachers do select data under these assumptions in other tasks
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assess learners’ initial knowledge states (perhaps cursed by their own knowledge to overestimate that of learners).
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