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Figure 1 Schematic diagram of human-machine shared control arbitration framework.
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Figure 2 The overall framework of arbitration optimization for human-machine shared control.
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Figure 3 Simulated environment.
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Abstract Considering that human-machine shared control occurs in many decision-making scenarios where
human intelligence and machine intelligence participate together, and the decision-making range of humans and
intelligent machines have not been clearly divided, real-time arbitration is required to achieve human-machine
coexistence and sharing of decision-making authority. To this end, this paper proposes an arbitration optimization
method, which is unique in that the concept of autonomous boundary optimizes the arbitration mechanism
of human-machine decision-making actions in shared control. This paper provides an idea for the calculation,
update and maintenance of the autonomous boundary, which can analyze the possible goals of the human-machine
shared systems based on Bayesian rule-based intention inference, so as to determine the selection of arbitration
parameters. In addition, this paper also analyzes the uncertainty of the autonomous boundary to promote the
optimal effect of boundary information on decision quality in shared control. The final experimental results
show that the proposed method performs well in cumulative reward, success rate, crash rate, which illustrate
the effectiveness and value of our proposed quorum optimization method in shared control for solving sequential
decision problems.

Keywords Shared control, arbitration optimization, autonomous boundary, human-machine sequential
decision-making, reinforcement learning
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