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Multi-agent coordination is prevalent in many real-world applications, such as
traffic light control, warehouse commissioning and wind farm control. Often,
such settings can be formulated as coordination problems in which agents have
to cooperate in order to optimize a shared team reward. Handling multi-agent
settings is challenging, as the size of the joint action space scales exponentially
with the number of agents in the system. Therefore, an approach that directly
considers all agents’ actions jointly is computationally intractable. This has made
such coordination problems the central focus in the planning literature. Fortunately, in real-world settings agents often only directly affect a limited set of
neighbouring agents. This means that the global reward received by all agents
can be decomposed into local components that only depend on small subsets
of agents. Exploiting such loose couplings is key in order to keep multi-agent
decision problems tractable.
In this work, we consider learning to coordinate in multi-agent systems. While
most of the literature only considers approximate reinforcement learning methods for learning in multi-agent systems, it has recently been shown that it is
possible to achieve theoretical bounds on the regret (i.e., how much reward is
lost due to learning). In this work, we use the multi-agent multi-armed bandit problem definition, and improve upon the state of the art. Specifically, we
propose the multi-agent Thompson sampling (MATS) algorithm [5, 6], which
exploits loosely-coupled interactions in multi-agent systems.3 The loose couplings are formalized as a coordination graph, which defines for subsets of agents
whether their actions depend on each other. We assume the graph structure
is known beforehand, which is the case in many real-world applications with
sparse agent interactions (e.g., wind farm control). Additionally, our method
leverages the exploration-exploitation mechanism of Thompson sampling (TS).
TS has been shown to be highly competitive to other popular methods, e.g., the
Upper Confidence Bound algorithm [3]. Recently, theoretical guarantees on its
regret have been established, which renders the method increasingly popular in
the literature. Additionally, due to its Bayesian nature, problem-specific priors
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can be specified, which has strong relevance in many practical fields, such as
advertisement selection and influenza mitigation.
We provide a finite-time Bayesian regret analysis and prove that the upper
regret bound of MATS is low-order polynomial in the number of actions of a single agent for sparse coordination graphs. This is a significant improvement over
the exponential bound of classic TS, which is obtained when the coordination
graph is ignored. Moreover, we show that MATS improves upon the state-of-theart algorithms, Multi-Agent Upper Confidence Exploration (MAUCE) [2] and
Sparse Cooperative Q-Learning (SCQL) [4], in various synthetic settings. Although MATS and MAUCE have similar theoretical guarantees, we found that
MATS consistently outperforms both MAUCE and SCQL empirically. We argue
that the high performance of MATS is due to the ability to seamlessly include
domain knowledge about the reward distributions and treat the problem parameters as unknowns. To highlight the power of this property, we introduced a
novel setting with skewed reward distributions. As MAUCE only supports symmetric exploration bounds, it is challenging to correctly assess the amount of
exploration needed to solve this task. In contrast, MATS has the ability to exploit the shape of the reward distribution to achieve more targeted exploration.
Finally, we demonstrate the practical benefits of MATS on a realistic wind farm
control task. As wind passes through the farm, downstream turbines observe a
significantly lower wind speed. This is known as the wake effect, which is due
to the turbulence generated behind operational turbines. Wake redirection is a
control mechanism where turbines’ rotors are misaligned to deflect wake away
from the wind farm. While a misaligned turbine produces less energy on its own,
the group’s total productivity is increased. Physically, the wake effect reduces
over long distances, and thus, turbines tend to only influence their neighbours.
We can use this domain knowledge to define groups of agents and organize them
in a graph structure. We demonstrate that MATS achieves state-of-the-art performance on the wind farm control task.
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