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The Large Hadron Collider (LHC)[1] located at the European Center for Nuclear Re-
search (CERN) is a unique particle accelerator complex providing proton beams at un-
precedented energies. It allowed the Higgs boson discovery in 2012 (acknowledged by the
2013 Nobel prize in physics). Experiments at the Large Hadron Collider are collecting
events (∼ images, see Figure 1) of the proton collisions of increasing complexity at an
increasing rate. The CPU time to reconstruct the trajectories (helices) from the measure-
ment (3D points) is increasing year after year 10 times faster than the hardware resources.
Exploration of completely new approaches to pattern recognition is needed.

Figure 1: Etched-out collision image : measurement points in yellow, trajectories are green.
The tracking volume is a cylinder of 1m radius and 5m length. The measurement points
have geometrical precision of 10 to 100 microns.

To reach out to Computer Science specialists, a Tracking Machine Learning challenge
(trackML) is being set up for the first 2018 semester by a team of ATLAS and CMS

1Contact: trackml.contact@gmail.com
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physicists tracking experts and Computer Scientists, building on the experience of the
successful Higgs Machine Learning challenge in 2014[2, 3]. A dataset consisting of an
accurate simulation[4] of a LHC experiments has been created, listing for each event the
measured 3D points, and the list of 3D points associated to a true track. The data set
is large to allow the training of data hungry Machine Learning methods : the orders of
magnitude are : one million event, 10 billion tracks, 1 TeraByte. Typical CPU time
spent by traditional algorithms is 100s per event. No limit on the training resources will
be imposed. The participants to the challenge should find the tracks in an additional
test dataset, meaning building the list of 3D points belonging to each track (deriving the
track parameters is not the topic of the challenge). The emphasis is to expose innovative
approaches, rather than hyper-optimising known approaches. The challenge will be run in
two phases:

1. During the first phase, a metric reflecting the accuracy of the model at finding the
proper point association that matters to most physics analysis will allow to elect the
programs that could be good candidate at replacing the existing algorithms. The
is metric based on the overall fraction of points associated to a good track (a good
track being a track where more than 50% of the points come from the same ground
truth tracks) has been shown to be well behaved and robust

2. The second phase will be focussed on optimising the inference speed on one CPU
core, starting from the collection of algorithms exposed in the first phase. The train-
ing speed will remain unconstrained. We foresee a code performance improvement
during which the metric will be the time for inference with a penalizing factor on
decreasing value of the accuracy metric. We aim with this second phase at finding
new implementation of algorithms for faster execution, at the cost of minimal loss of
accuracy.

A simplified version of the challenge has been run as a 40 hours hackathon in March
2017 as part of Connecting The Dots / Intelligent Tracker 2017 workshop[5]. This was a 2D
problem which just 10 tracks per event (instead of 3D and 10.000 tracks per event), nev-
ertheless the validity of the scoring and the richness of the problem could be confirmed[6].

There has been very limited use of Machine Learning algorithms in particle physics
tracking so far, however there is a strong potential for application of machine Learning
techniques. The problem can be related to representation learning [7] as in [8], to combi-
natorial optimization as in [9], to clustering, and even to time series prediction [10](even
though the time information is lost, it can be assumed that particles were coming from the
center of the detector and have successively crossed the nested layers of the detector). An
essential challenge is to efficiently exploit the a priori knowledge about geometrical con-
straints [11], with recent work in the generative, e.g. [12] and [13] as well as discriminative
approaches e.g. [14] for combining structural priors and nonlinear state estimation with
neural network.
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