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Abstract  The radial basis function (RBF) network approximation models can effectively solve
the reinforcement learning problems with continuous state space. However, the online characteristic
of reinforcement learning determines that the RBF network approximation models are facing the
“catastrophic interference” problem, namely the input-output mapping learned in the past is easily
collapsed by the learning of new training data. In order to solve the “catastrophic interference”
problem of the RBF approximation models, we proposed a collaborative Q-V value function
approximation model and a corresponding collaborative algorithm named QV (A1) based on the
adaptive normalized RBF (ANRBF) network. The algorithm normalizes the feature vector generated
by RBFs, and adjusts the number of the ANRBF network’s hidden layer nodes, the center and
width of each node online and adaptively, which can effectively improve the anti-interference

capacity and flexibility of the approximation model. The collaborative approximation model uses
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the Q and V' value functions to shape the TD error collaboratively, which can obtain some prior

knowledge of the environment model. So we can improve the convergence speed and the initial

performance effectively. The convergence of QV(Q) algorithm was analyzed theoretically. Exten-

sive experiments were conducted to show that QV(A) algorithm has better performance than the

other function approximation methods.
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learning problems with continuous state space. However, RBF

‘

network approximation models are facing the “catastrophic
interference” problem.

In this paper, we introduced a new function approximation
model named collaborative Q-V value function approximation

‘

model to solve “catastrophic interference” problem of RBF
approximation models. A function approximation algorithm
named QV()) was proposed based on the collaborative Q-V
The convergence of

We verified the

value function approximation model.
QV()) algorithm was analyzed theoretically.
performance of QV(2) on Mountain Car benchmark problem
and compared with GD-Sarsa (1) Greedy-GQ and RGD-
Sarsa(}l). The results show that QV(2) has better perform-

ance than the other three.



