
Tracking Particles with Machine Learning
Post-doc position@INRIA

The TAU research group (INRIA, CNRS, Université Paris-Sud), in collaboration with the Atlas
team at LAL (CNRS-IN2P3) and the Paris Saclay Center for Data Science, proposes a one year
postdoctoral position in data science. The postdoc will explore machine learning approaches to
the pattern recognition task of particle tracking at the Large Hadron Collider (LHC), based on the
dataset of the TrackML challenge.

Overview

In the LHC, proton bunches collide at high energy. Each collision produces a firework of new
particles. A complex apparatus, the detector records the impact (hit) of the particles at well-
defined locations. Tracking refers to reconstructing the trajectories of the particles from the hits
locations. The goal of the research is to address the explosion in combinatorial complexity in
particle tracking expected from the 2025 major upgrade of the LHC.
From machine learning, the problem can be stated as a latent variable problem similar to a clus-
tering, or by considering trajectories as time series, or a pattern de-noising problem considering
that the dotted trajectories are noisy versions of continuous traces.

Methods

Tracking, and to some extent particle tracking, has been related to representation learning [1], to
combinatorial optimization [2], neural-network based clustering [3], and time series prediction[4].
To efficiently exploit the prior knowledge about geometrical constraints (trajectories are perturbed
helices) [5], generative approaches have been investigated [6, 7], in particular with introduction
of supervision in variational autoencoders [8]. Recent work in a simplified setting [9] indicate a
strong potential for ML methods, including LSTM (Long Short-TermMemory) and MCTS (Monte-
Carlo Tree search).
One envisioned approach is to consider particle tracking as a one-player game. Given an end-
particle (seed particle), a first move consists of selecting a candidate hyperparameter setting
(trajectory parameters compatible with the seed). The second phase of the game consists in
efficiently confirming/discarding the (seed,setting) determined in the first move, by iteratively
checking whether the candidate trajectory is ”sufficiently” populated in the particle position set.
This game thus involves two skills: choosing good candidates; confirming/infirming candidates.
The challenge is to gradually acquire some knowledge about the search space, guiding the
strategy applied in the further episodes of the game.

The group

The TAU group targets four core research dimensions: Causal Modelling, Deep Learning, Op-
timization and Meta-Optimization, including sequential decision making, and Big-Data Driven
Design. The group has a long lasting collaboration with High Energy Physics, started with the
organization of the HiggsML challenge, and is strongly involved in the TrackML challenge.

How to apply

Candidates with expertise in machine learning, or High Energy Physics with a preliminary expe-
rience in machine learning (in particular sk-learn suite), are encouraged to apply.
The position is open from now, for a duration of 12 months. The post-doc will be allowed to
participate in the TrackML challenge, but not to compete for the prizes.
Interested candidates should submit a resume and a short description of research interests
to Drs. Sebag and Germain (sebag@lri.fr, cecile.germain@lri.fr) at INRIA, and Dr Rousseau
(rousseau@lal.in2p3.fr) at ATLAS-LAL.
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