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Real time learning control of high D.O.F. robots: Automatic generation of discrete states and
learning transition models

o Hajime Kimura,

Shigenobu Kobayashi

Interdisciplinary Graduate School of Science and Eng., Tokyo Institute of Technology

Abstract:

We present a model-based RL approach to cope with continuous space of high D.O.F.

robots, combining model learning and an actor-critic method. The model learner generates a discrete
state-transition model, that helps improvement of both the policy and state-representation. In general,
model-based methods tends to fail in Non-Markovian problems, but the proposed method, using actor-

critic, can find good policies in such environments.
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1. Observe state sy, choose action a; with prob-
ability m(at|0, s¢), and perform it.

2. Observe immediate reward 7, resulting state
st4+1, and calculate the TD-error according to

(TD-error) = vy + v V(sH_l) —Vi(s), (1)
where 0 < y < 1 is the discount factor, V(s)
i1s an estimated value function by the critic.

3. Update the estimating value function V(s) in
the critic according to DP in the estimated
model.

4. Update the actor’s stochastic policy by

er (t) =

F

om(x(alo.s)) @)
ex(t) +ex(t)
= (TD-error)e;(t) ,

)
0 « 0+ aA),
where e, is the eligibility of the policy pa-

rameter #, €, is its trace, and a, is a learning
rate.

5. Discount the eligibility traces as follows:

Tt +1) — v A7 (t) (3)

where Az (0 < Ap < 1) is a discount factor in
the actor.

6. Let t «—t+ 1, and go to step 1.
- J
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