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Reinforcement learning in large scale systems using state generalization and multi-agent

techniques

Hajime Kimura®*, Member, Kei Aoki*, Non-member, Shigenobu Kobayashi*, Non-member

This paper introduces several problems in reinforcement learning of industrial applications, and shows some

techniques to overcome it. Reinforcement learning is known as on-line learning of an input-output mapping

through a process of trial and error interactions with its uncertain environment, however; the trial and error

will cause fatal damages in real applications. We introduce a planning method, based on reinforcement

learning in the simulator. It can be seen as a stochastic approximation of dynamic programming in Markov

decision processes. But in large problems; simple grid-tiling to quantize state space for tabular Q-learning is

still infeasible. We introduce a generalization technique to approximate value functions in continuous state

space, and a multiagent architecture to solve large scale problems. The efficiency of these techniques are

shown through experiments in a sewage water-flow control system.
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Fig.1. A sewage system composed of five pumping
plants.
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Fig.2. The flow of the sewage water into the plant
no.4. The solid lines denote instances, the broken
lines show the variational range.
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Fig.3. A generalization of linear architecture

through the feature vector.
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Fig.4. An example of tile coding to generate a
feature vector. When the current state (s1,s2) is
located at the arrow in the figure, the correspond-
ing element x5 equals 1, and the others are all zero
in the feature vector (zo, 1, - 2s).
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Fig.5. An example of CMAC, which generates a
feature vector, composed of multiple overlapping
gridtilings. The large rectangle with thick line
shows the bound of the state space, two small boxes
with thick lines are the tiles corresponding to the
state input. When the current state is located at
the arrow in the figure, the corresponding element
z1, equals 0.5, 22, equals 0.5 and the others are all
zero in the feature vector.
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Table 1. Features of the states and rewards in the sewage plants.
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Fig.7. A gridtiling design to generate a feature
vector from the hour. It is a cyclical state vari-
able such as the next value of 23 is 0, and there is
no edge of the space. Therefore, we put the tiles
cyclically.
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tabular Q-learning.
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