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= Subjective probability: AAMAMNZHLTIZSTHSIEBLVALEZTDESLY

» In cognitive science applications, probabilities refer to ‘degrees of belief'. Thus, a person’s
degree of belief that a coin that has rolled under the table has come up heads might be
around 1/2; this degree of belief might well increase rapidly to 1 as she moves her head,
bringing the coin into view. Her friend, observing the same event, might have different prior
assumptions and obtain a different stream of sensory evidence. Thus the two people are
viewing the same event, but their belief states and hence their subjective probabilities might

differ.
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