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Recently, the researches of social robots and agents that smoothly communicate to human are paid to attention. The
conventional researches seem to have aimed at the achievement of the society in the meaning of the wide sense. In a word, it
is an approach where the designer embedded social competence like human. In this paper, we adduce the current state and the
approach in the construction of such social robots and agents from the viewpoint of the information engineering and robotics,
and discuss the methodology with a new design of social intelligence to aim at symbiosis and diversity with human.
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1. Initialize q(s,a,i) for all s,a,i
2. Do forever:
1) User identification I € |
2) s<the current state
3) a<policy(s,q).
4) r,s’ <carry out action a.
Direct learning
5) Simple Q-learning
Indirect Larning
6) Model(s,a)<s’ ,r.
7) Repeat X times (do planning)
(a) s,a < random selection from experienced
states and actions
(b) r,s’ <Model (s, a)
(¢) q(s,a) < q(s,a) +a(r +ymax,.q(s',a") — q(s,a))
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1. Initialize q(s,a, i) for all s,a,i
Employed mean value (6) or not.

2

1)

2)

3)

4)

Do forever:

User identification I € |

s<the current state.

a<—policy(s, q).

r, s’ «<—carry out action a.

Direct learning

5) Simple Q-learning (1)
Indirect Learning

6) Model(s,a,i)<s’ ,r (2)

7) Repeat X times (do planning)
(a)
states and actions
(b) 1,8 <Model(s,a, i) (3)

(c)  qg(s,a) « q(s,a) + a(r +ymax, q(s,a’) —q(s,a))

(4)

8) Repeat X times

models)

s,a < random selection from experienced

(do planning from experienced

(a) s,a< (random or roulette or all) selection

from an experimented model j
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