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Reinforcement learning of walking behavior for a four-legged robot

Hajime Kimura, Member, Toru Yamashita, Non-member, Shigenobu Kobayashi, Non-member (Tokyo

Institute of Technology)

We investigate a reinforcement learning of walking behavior for a four-legged robot. The robot has two

servo motors per leg, so this problem has eight-dimensional continuous state/action space. We present an

action selection scheme for actor-critic algorithms, in which the actor selects a continuous action from its

bounded action space by using the normal distribution. The experimental results show the robot successfully

learns to walk in practical learning steps.
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Fig.1. The robot. FEach leg is controlled by
2-servo motors that react to angular-position com-
mands.
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Fig.2. A standard actor-critic architecture. The
critic estimates state values and provides the
TD-error to the actor. The actor updates the policy
using it. If the TD-error > 0, the actor raises prob-
ability of action a; because the action a; would lead
the agent to a better state. Otherwise, it decreases
the probability of a;.
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0 10 Observe state s;, choose action a; with probability
m(at|f,s¢), and perform it.
0 20 Observe immediate reward r¢, resulting state sy41, and

calculate the TD-error according to
(TD-error) = ry + 'yV(sH_l) — V(st) R (3)

where 0 < v < 1 is the discount factor, V(s) is an esti-
mated value function by the critic.

0 30 Update the estimating value function V (s) in the critic
according to the TD(X) method as:

() eult) + E0(0)
Aw(t) = (TD-error) g, |

—_
o
N

where e, denotes the eligibility of the parameter w in the
function approximator V(s), &, is its trace, and a, is a
learning rate.

0 40 Update the actor’s stochastic policy by

ex(t) = j_eln(ﬂ(atwyst)) e (5)

ex(t)  enlt) +75(0) |
Af(t) = (TD-error)ex(t) ,
0 0+ arAO()

where e, 1s the eligibility of the policy parameter 8, e is
its trace, and a . is a learning rate.

0 50 Discount the eligibility traces as follows:

where A, and Ax (0 < Ay, Ax < 1) are discount factors in
the critic and the actor respectively.
060 Lett + t+ 1, and go to step 1.
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Fig.3. An actor-critic algorithm using eligibility
traces in both the actor and the critic.
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Fig.4. lLearning curves averaged over 2 trials on
the carpet and the high-frictional rubber mat. Each

run consisted of 10000 steps (about 80 minutes).
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Fig. 5. Gait pattern of the learned behavior on the
carpet after 10000 steps (about 80 minutes). The
top graph shows the movement of lifting legs, and
the bottom graph is that of swinging legs.
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Fig. 6. Gait pattern of the learned behavior on the
rubber mat after 10000 steps (about 80 minutes).
The top graph shows the movement of lifting legs,
and the bottom graph is that of swinging legs.
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