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Context The internship is at the interface of two research domains: we will design reinforcement learning
(RL) algorithms to solve challenging problems in queueing theory.

Queueing theory1 is an area at the intersection of applied probability and operations research that
studies queueing systems, i.e., dynamical systems containing waiting lines. In a nutshell, the idea is to
model queueing systems using Markov chains or Markov decision processes (MDPs), in order to predict or
optimize their performance. Examples of applications of queueing theory include resource management in
hospitals, bandwidth sharing on the Internet, scheduling and load balancing in datacenters, and management
of bike sharing systems. In this project, we will focus on Jackson networks, a model introduced in 1957 [4]
that has played a leading role in the development of queueing theory. Jackson networks are celebrated
because they capture realistic features while remaining simple enough to be analyzed exactly; for instance,
several algorithms have been proposed to predict the average queue length in Jackson networks [2, 12, 1].
Unfortunately, to date, there is no general-purpose algorithm to optimize performance in Jackson networks.

In this project, we will develop RL algorithms [15, 13] to optimize performance in Jackson networks.
RL emerged as a research area in the 1980’s and became popular in the 2010’s after several noteworthy
successes, such as the victory of AlphaGo against a professional Go player in 2015. Optimization in a
Jackson network can be written as an infinite-horizon MDP with an average-reward criterion, which can
in principle be optimized using the framework of RL. However, several features of Jackson networks make
them challenging for classical RL algorithms: (i) The average-reward criterion is considered challenging in
RL [16, 10]. (ii) The state space is infinite or extremely large (in typical applications, its cardinality grows
exponentially with the “size” of the system). (iii) In some applications, rewards are extremely infrequent [8].

Objectives The goal of the project is to design RL algorithms to optimize performance in Jackson net-
works, with low memory, time, and sample complexity. The key challenge is to exploit the (relatively) simple
structure of Jackson networks to speed-up the learning process. We will consider and/or improve over sev-
eral learning algorithms, in particular SARSA [13, Section 6.4], Q-learning [13, Section 6.5], policy gradient
[14, 6, 7, 3], and natural policy gradient [5, 9, 11]. We will run extensive numerical results to analyze the
performance of these algorithms and, if time permits, we will prove theoretical bounds on their convergence
speed.

1Spelled either queueing theory or queuing theory.
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Prerequisites The candidate should be able to demonstrate a mathematical background, including one
or more courses on probability theory and Markov chains, and proficiency in scientific computing software
for prototyping algorithms, such as Python, Julia, or Matlab. Experience in stochastic optimization is also
appreciated but not mandatory.

Work environment As an intern, you will receive a “gratification” of 639,45e per month. The research
project will be carried out in the SARA team at LAAS, in Toulouse, France. The candidate will also be
involved into the activities of the SOLACE team, which gathers researchers working on stochastic modeling
at IRIT and LAAS. The SOLACE team has established international collaborations with leading academic
institutions and industrial labs.

Application procedure Candidates are invited to send their application by email to Céline Comte
⟨celine.comte@laas.fr⟩ and Gersende Fort ⟨gersende.fort@laas.fr⟩, in PDF format. Applications should in-
clude a curriculum vitae, a transcripts of grades in first and second year of Master’s study (possibly incomplete
for the second year), and a short covering letter (approximately 200–400 words).
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