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( Behavioral motivation-based Action Selection Mechanism
with Bayesian Affordance Models )

ol A ¥, A d "
( Sang Hyoung Lee and 11 Hong Suh)
e o

BRo] AgHolm FEHLE YFE £y dHME I AN Bosd s $4E A4 8 &
A AFF LA (affordance) S FHT FEFLAL 45E FeA o= BA £ 37 AEEA 48 AAsted &
34 AHRE & vk 2Ro| FYsle YREY dFE eeln B A dEE 9o v a2y FERLA
g o] 48 ol2d YRE £H¥sE AL 4A gl ol fd e PEHTAY EX AFY 248 RG] A
AZE YFEF7| 29 A (soft behavioral motivation switch)E o] §35td £4 8 gAwd $AE E4 IAd FRrS % A
g 928 st PEFVIE AT 7N BFEVIE BE AFHY 5L FAANI] 48 R deE TE
EF ZEE RSP A8 o449 9F M9 g g dv fEE BE AgHoln $AH qE dde] M
FRE o183t $#4 YENA(kill network)E AT 2L A MEHAE o489 X AFYeln £ JF
& AT & gt B =R wolx dEYHAE o4F YTy 2y L g by, g HEET AZE PFF
7l 29AE o)4H $4 9 M VESZ A4 B, viA e s #4 UEYAE o4 B NFH ¥ A9 s A
ohgtth. gl W& F98y] S8 AYR(NG ZHE o|4F A 7wt g Ee B “BA 27, "B et
71, “EAle WA 2)7, 2Ela “BAE LE A7) $EANAES g4k B, o5 oj&dtd &4 ¥ &4 e

3 Agste AYde] A8t dPsyct
Abstract

A robot must be able to generate various skills to achieve given tasks intelligently and reasonably. The robot must
first leamn affordances to generate the skills. An affordance is defined as qualities of objects or environments that induce
actions. Affordances can be usefully used to generate skills. Most tasks require sequential and goal-oriented behaviors.
However, it is usually difficult to accomplish such tasks with affordances alone. To accomplish such tasks, a skill is
constructed with an affordance and a soft behavioral motivation switch for reflecting goal-oriented elements. A skill
calculates a behavioral motivation as a combination of both presently perceived information and goal-oriented elements.
Here, a behavioral motivation is the internal condition that activates a goal~oriented behavior. In addition, a robot must be
able to execute sequential behaviors. We construct skill networks by using generated skills that make action selection
feasible to accomplish a task. A robot can select sequential and a goal-oriented behaviors using the skill network. For
this, we will first propose a method for modeling and learning Bayesian networks that are used to generate affordances.
To select sequential and goal-oriented behaviors, we construct skills using affordances and soft behavioral motivation
switches. We also propose a method to generate the skill networks using the skills to execute given tasks. Finally, we
will propose action-selection-mechanism to select sequential and goal-oriented behaviors using the skill network. To
demonstrate the validity of our proposed methods, “Searching-for-a-target- object”, “Approaching-a-target-object”,
“Sniffing-a-target-object”, and “Kicking-a-target-object” affordances have been learned with GENIBO(pet robot) based on
the human teaching method. Some experiments have also been performed with GENIBO using the skills and the skill
networks.

Keywords : Action-Selection-Mechanism, Bayesian network, Affordance, Skill, Behavioral motivation
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Fig. 6. An example of a skill operating like a fully
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connected finite state machine, (o) generation of
relationships among exist behavioral motivation
and an additional behavioral motivation.
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Table 1. Training data for leaming our affordances.
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Examples of collecting training data for leaming

affordances using a joystick.

(a) Searching-a-target- object,

{(b) Approaching-a—target-object.
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An example of a skl using behavioral
motivations of “Search-a-target-object”,
“Approach-a—target-object”, and
target-object”.
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Fig. 10, An example of a skil operating like fuly

connected finite state machine.
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Fig. 11. An example of executing a task in the situation

of partial occlusion of the target object. (@) The
situation of partial occlusion of the target object,
) An example of executing “Sniff-a-target
~object”.
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. WERUH0 dUiMoz AEFHE o,
"Strawberry tea” AAF, (b) "Butter waffle” AKX}
Examples using affordance  generally.
"Strawberry tea” box, (o) “Butter waffle” box.

(@

()

. Construct a Bayesian network for learning an affordance as Fig. 2.

LS

. Collect some training data of each affordance as shown in Fig 9.

w

. learn probabilistic models for calculating full joint distribution
using training data.

P

. Generate a skill with an affordance and a soft BM switch as Fig 6.

. Establish a soft BM network for executing a task with soft BM
switches of each skilf as shown in Fig 7.

v

™

. Compute the 2-tuples of each skill with current perceived information
and affordances using (5) and (6},

=~

. Draw a skill based on the 2-tuples of each skill using (7).

. Extract a behavior for achieving a task based oh a selected skill using
(8).
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13. An algorithm of the behavioral motivation- based
action selection mechanism with  Bayeisn

affordance modgls.
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