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Inferring other’s intention based on estimated state value of self
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Inferring intention of other agents is one of the most imortant issues in realizing cooperative
behaviors in multiagent environment. This paper proposes a method where an observer
infers the intention of other agent (performer) from its own estimated state values instead
of conventional three-dimensional reconstruction of other agent’s behaviors. This is because
conventional methods often require precise knowledge of the camera parameters and the
environment. Furthermore, the difference of the viewpoints between them may disturb
the observer in its inferring intention of the performer even though the both take the same
behavior in the physically same situation. However, the tendency of the estimated state value
changes can be same if the both attempt to accomplish the same task. This inference method
requires two steps. At first, the observer learns several behaiviors to accomplish various kinds
of task, each of which may correspond to the other’s intention to do it. Second, the observer
estimates the variation of the state value of the performer through observation and figures
out the behavior that has the same tendency of the value changes. The experiments results
in computer simulation and the real robot tasks are shown.
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Fig.2 Sketch of state value propagation
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Fig.4 Sketch of different behaviors for one intention
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Fig.5 Method for inferring intention by the change of
state value
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Fig.6 A system for inferring other’s intention
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Fig.7 Sketch of the experimental environment
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Fig.9 State variables used for learning and estima-
tion. (a)State variables representing distances to ob-
jects. (b)A state variable 0 representing the positional
relationship between objects. (c)Estimated state vari-
ables representing distances. (d)An estimated state
variables € representing the positional relation among
objects.
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Table 2 Results of inferring intention
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ShootBlueGoal 4% 24%
ShootBlueGoal2 2% 25%
ShootBlueGoal3 78% 11%
Shoot YellowGoal 86% 20%
PassToTeammatel 76% 34%




Table 1 Behavior Modules and state variables

Module State variables

GoToBall ball position y on the image of perspective camera

GoToBlue blue goal position y on the image of perspective camera

GoToYellow yellow goal position ¢ on the image of perspective camera

ShootBlue ball position ¥, blue goal position y, and angle between them 6 on the image
Shoot Yellow ball position y, yellow goal position y, and angle between them 6 on the image
PassToTeammatel | ball position y, teammate 1 position y, and angle between them 6 on the image
PassToTeammate2 | ball position y, teammate 2 position y, and angle between them # on the image
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