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Abstract
The BARN benchmark is meant as a general testbed to compare the performance of different navigation
policies and consists of 300 procedurally generated static environments. In many real-world applications,
however, navigation policies have to deal not only static obstacles, but also dynamic ones such as other
mobile robots and human pedestrians. In order to evaluate the applicability of the BARN benchmark on such
policies, this paper compares two different navigation policies that were trained in a dynamic environment
with 34 moving pedestrains. The DRL-VO model is based on reinforcement learning with a reward function
containing knowledge distillation term, which allows it to learn expert behaviour from a velocity obstacle
based model. The DRL model does not have this knowledge distillation term. Both models showed noticably
different behaviour in the BARN benchmark, and DRL managed to attain a higher navigation benchmark
score.
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