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Safety and Efficiency Learning for Multi—Robot
Manufacturing Logistics Tasks

Zuz-gad’

Minkyo Kang!, Incheol Kim"

Abstract: With the recent increase of multiple robots cooperating in smart manufacturing logistics
environments, it has become very important how to predict the safety and efficiency of the individual
tasks and dynamically assign them to the best one of available robots. In this paper, we propose a novel
task policy learner based on deep relational reinforcement learning for predicting the safety and efficiency
of tasks in a multi-robot manufacturing logistics environment. To reduce learning complexity, the
proposed system divides the entire safety/efficiency prediction process into two distinct steps: the policy
parameter estimation and the rule-based policy inference. It also makes full use of domain-specific
knowledge for policy rule learning. Through experiments conducted with virtual dynamic manufacturing
logistics environments using NVIDIA’s Isaac simulator, we show the effectiveness and superiority of

the proposed system.

Keywords: Smart Factory, Multi-Robot Logistics, Logic Rule Learning, Relational Reinforcement

Learning, Domain Knowledge
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[Fig. 1] An example of multi-robot logistics task
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Conditions
B safety 2(R, T) AC _safety 2(R, T)
AS_safety 1(R,T)A...
T efficiency 2(R, T) AR efficiency 2(R, T)
A

Policy Predicates

safety 2(R, T)
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[Fig. 8] Performance evaluation of using domain-specific predefined
rules
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[Table 2] Inference results based on learned rules
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