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R1 FRRICBT B AN & RO BEE

Belief Degree of The differences of user’s operations from reasoning results
1 0,
Reasoning [%] Same | Different | Case where the user doesn’s operate
80~100 Obey user’s operations Execute reasoning results with Execute reasoning result
point out user’s mistake
Autonomy Level 4 | Accumulate with weight 0 Accumulate with weight 10 if the | Accumulate with weight 0
user corrects the reasoning result
65~79 Obey user’s operations Wait user’s operations with Execute the reasoning result while

showing the reasoning result

showing deduced choices

Autonomy Level 3 | Accumulate with weight 1

Accumulate with weight 5

Accumulate with weight 2

50~64 Obey user’s operations

Obey user’s operations with
showing reasoning result

Execute the reasoning result while
showing deduced choices

Autonomy Level 2 | Accumulate with weight 3

Accumulate with weight 5

Accumulate with weight 5

0~49 Obey user’s operations

Obey user’s operations

Wait for user’s operations while
showing deduced choices

Autonomy Level 1 | Accumulate with weight 5

Accumulate with weight 10

Accumulate with weight 10
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