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Motivated by packet routing in computer networks and resource allocation in cognitive radio,
bipartite queuing systems have risen as a canonical setting to capture carryover effects in sequential
learning. In this setting, there are N agents and K servers. Each agent i receives jobs with a
fixed arrival rate λi and selects a server j to route their job. The server selects (at most) one of
the requesting agents i and successfully serves her job with service rate µi,j . Any non-served job
returns to its respective agent and is stored in a queue in front of her.

Although this kind of queuing system has long been a standard approach to model service sys-
tems, a learning lens has only recently been introduced to this context. In particular, Krishnasamy
et al. (2016, 2021) introduced this line of work by studying a centralized view of the problem where
a learner is allowed to jointly control all agents (there, agents correspond to different classes of
jobs). That said, many queuing systems exhibit a decentralized nature, in which agents do not have
the ability to communicate. Very recently, two works initiated the study of decentralized multi-
agent learning in queuing systems for the symmetric case where the service rates are only affected
by the server j, i.e., µi,j = µj for all agents i. Gaitonde and Tardos (2020) studied the quality of
outcomes when agents are strategic and use no-regret learning algorithms to maximize their individ-
ual welfare and showed that the system only stabilizes if it has twice as much capacity as a central
controller requires. Closer to our work, Sentenac et al. (2021) provided a collaborative scheme that,
when followed by all agents, provides bounded average-time queue lengths, i.e., it stabilizes the
system for any positive traffic slackness without online communication or knowledge of the service
rates. Despite providing the first decentralized learning algorithm for bipartite queuing systems, the
algorithm of Sentenac et al. (2021) does not scale well to systems with even a moderate number
of servers K, requires significant initial coordination to hardwire subsequent communication, and
needs the system to be symmetric.

In this work, we design a simple learning the first decentralized learning algorithm for online
queuing systems that achieves the following desiderata. It is sample-efficient in the sense that its
queue-length guarantee is polynomial in the system parameters K and N . It is computationally
efficient as its running time is linear in K and independent of N . It is fully decentralized in the sense
that all agents use exactly the same simple algorithm without needing to have a unique identifier or
shared randomness. Finally, our results hold for any asymmetric bipartite queuing system. In fact,
our algorithms even extend to a dynamic setting where queues can join the system or depart: we
prove that a dynamic version of our algorithm adapts to a changing set of queues as long as there
is a known upper bound on their number at any time. Along the way, we provide the first UCB-
based algorithm even for the centralized case of the problem, which replaces the need for forced
exploration and resolves an open question by Krishnasamy et al. (2016, 2021). 1
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