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» Learning through weight adjustments

Combined Single- & Multitasking Training
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» Validation of experimental predictions » Multiuse enables flexibility but limits capacity for multitasking

Multiused Representations Impose Limit on Multitasking Capacity

» Computational analysis of the trajectory from controlled to automatic (parallel)
processing and multitask performance over the course of learning

» Investigation of optimal balance between parallel and
sequential task execution based on individual model fits
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