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Differential Trace in Learning of Value Function with a Neural Network

«Shuji Enoki and Katsunari Shibata (Oita University)

Abstract— Reinforcement learning has a fatal problem of slow learning. To solve this problem, Eligibility-trace has
been widely used. However, since the trace throws away old information and takes the present information constantly not
depending on whether the information is important or not, long-term learning and short-term learning are incompatible.
In this paper, a novel approach called "Differential trace" is proposed, in which the trace is not updated constantly, but
according to the time derivative of each neuron’s output in a neural network. In other words, the time axis is subjectively
adjusted in each neuron. The characteristics of the Differential trace could be observed in the learning of state value in a
simple task where one-dimensional continuous environment is divided into 100 states. The learning performance is better
in total than any case of Eligibility trace with a variety of decay rates.

Key Words: Differential Trace,Reinforcement Learning, Neural Network, Eligibility Trace,Temporal Difference Learn-

ing
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Table 1: Parameters used for learning

number of neurons in each layer | (input) 200-30-1 (output)

learning rate Onestep 1.0
(hidden — output) E-trace,D-trace 2.0
learning rate Onestep 10
(input — hidden) E-trace,D-trace 20
initial connection weight random [-1.0, 1.0]
reward 1.0
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Fig. 4: Comparison of learning curves. The vertical axis
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ideal one.
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