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Cognitive Architecture senarioskeren 22 Humans Participants took part in the driving

simulator study, wearing an eye-tracker, and
answered a questionnaire afterwards.

We use human data to validate and further
develop our cognitive architecture, which can be
deployed earlier in the developing process,

interacting with a digital twin of the HMI design. Some Results
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Unlike trained models cognitive architectures do error went from close to 0% up to 35%. This could
not need new training data for every new scenario, be due to length recognition failure. However
they are more performant than general models Cascas makes the same errors, which arise due to
like big LLMs and unlike both they are not a black takeover time calculation and difficulty of finding
box. Thus they allow for perfect assessment of a corresponding large traffic gap.
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