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Regularized Knowledge Transfer for Multi-Agent

Reinforcement Learning

Niloofar Alavi & Jafar Tahmoresnezhad™
Faculty of IT & Computer Engineering, Urmia University of Technology, Urmia, Iran

Abstract
Reinforcement learning (RL) refers to the training of machine learning models to make a sequence of
decisions on which an agent learns by interacting with its environment, observing the results of
interactions and receiving a positive or negative reward, accordingly. RL has many applications for
multi-agent systems, especially in dynamic and unknown environments. However, most multi-agent
reinforcement learning (MARL) algorithms suffer from some problems specifically the exponential
computational complexity to calculate the joint state-action space, which leads to the lack of scalability
of algorithms in realistic multi-agent problems. Applications of MARL can be categorized from robot
soccer, networks, cloud computing, job scheduling, and to optimal reactive power dispatch.

In the area of reinforcement learning algorithms, there are serious challenges such as the lack of
application of equilibrium-based algorithms in practice and high computational complexity to find
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equilibrium. On the other hand, since agents have no concept of equilibrium policies, they tend to act
aggressively toward their goals, which it results the high probability of collisions.

Consequently, in this paper, a novel algorithm called Regularized Knowledge Transfer for Multi-
Agent Reinforcement Learning (RKT-MARL) is presented that relies on Markov decision process
(MDP) model. RKT-MARL unlike the traditional reinforcement learning methods exploits the sparse
interactions and knowledge transfer to achieve an equilibrium across agents. Moreover, RKT-MARL
benefits from negotiation to find the equilibrium set. RKT-MARL uses the minimum variance method
to select the best action in the equilibrium set, and transfers the knowledge of state-action values across
various agents. Also, RKT-MARL initializes the Q-values in coordinate states as coefficients of current
environmental information and previous knowledge. In order to evaluate the performance of our
proposed method, groups of experiments are conducted on five grid world games and the results show
the fast convergence and high scalability of RKT-MARL. Therefore, the fast convergence of our
proposed method indicates that the agents quickly solve the problem of reinforcement learning and
approach to their goal.

Keyword: Multi-agent reinforcement learning, Knowledge transfer, Meta and Nash equilibriums,
Regularization, Sparse interactions, Agents negotiations.
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(Figure-1).: Examples of multi-agent systems with
sparse interactions. a) Intelligent warehouse game, in which
the R and G symbols represent the autonomous robots and
the goal of each agent, respectively. b) Multi-agent game
based on the sparse interactions [20].
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(Figure-2). Example of the expansion of an agent’s state space, when they negotiate at the collision place. The 8th state of
agent 1 is expanded to two joint states, the first one is with agent 4 and the second one is with agents 3 and 4. Similarly, the 9th
state of agent 1 is expanded to three joint states, the first one is with agent 2, the second one is with agents 2
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(Figure-3). Two scenarios of possible collisions between
two agents. Scenario 1) moving two agents into the same grid
location. Scenario 2) moving two agents into their previous
locations [11].
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(Figure-4). Example of the local Q-value transfer in a two-
agent system. a) 4 x 4 simple environment with two agents.
b) A complex environment.
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(Table-2). The optimal values of the parameters a and b for
each five grid world games.
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(Figure-6). REE criterion for each algorithm in ISR game.
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(Figure-7). REE criterion for each algorithm in SUNY game.
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