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Detalled results In the

D1: task congruent stimuli

Adapting to the discrimination task: acquiring a contextual prior
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Gradual update of the prior upon stimulus mismatch (D2)

The contextual prior can adapt to clear violations of learned statistics:
unfounded hypotheses early in a session are gradually discredited
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- Partial adapter model: Adaptation to D2 stimuli then retain D2 in later sessions
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Predictive power of alternative accounts

TAVAE (45, 90)

VAE

TAVAE (45, 135)

Orientation (°)

TAVAE (EAGER)

r(TASK)
r(TASK-NAIVE)

0.78 -

- 0.02

0.58 -

- 0.09

0.93

0.12

0.94 -

- 0.10

- 0.17

0.32 =

- 0.11

0.93 =
—0.10

+ 0.23

i
ko

0O 30 60 90 120150180 O 30 60 90 120150180 O 30 60 90 120150180 O 30 60 90 120150180 O 30 60 90 120 150 180
Orientation (°)

Orientation (°)



