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Abstract

The amount of multimedia traffic is increasing exponentially due to the development of over-the-top media
services(OTT). In order to efficiently transmit multimedia traffic, it is very important to effectively set up a multicast
routing tree that determines the route from one sender to multiple receivers. In this paper, we propose an efficient
multicast routing tree generation method using PEARL, one of the meta-RL models, considering the variable network
environment. Meta-RL is a technique that can learn various tasks and is suitable for variable network environments,
and PEARL is a context-based meta-RL technique with high sample efficiency compared to conventional meta-RL. To
measure the performance of the proposed method in a variable network environment, we experimented with random,
30%, 50% and 70% link distributions. The experimental results show that the performance of the model trained by
the proposed method is 1.184, which can generate a near-optimal multicast routing tree.
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Table 1. MDP definition for the environment in this paper

Attribute Description
The currently connected multicast routing
tree
State Source node information
Destination node information
) The set of reachable links in the currently
Action . .
connected multicast routing tree
Give +1 reward if the destination node is
Reward relaohed . .
Give +0 reward if not at the destination
node
Gamma | Discount factor
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