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numbers of top signal and dijet background
and a 5-5-90% test, validation, and training
split.

horizontal axis Is
populated by
constituents, and they
are combined in a
certain order to form the
last element at the top.

Standard Model properties. o I

ATLAS produces top quarks by colliding ot
ultrarelativistic protons, providing a large o2l
amount of energy. While top quarks are = HTW%

produced, other irrelevant particles are also T —

Background rejection as a function of training epoch
at 20% (left) and 50% (right) signal efficiency. k;
(purple) and anti — k; ( ) are shown.
Background rejection is the reciprocal of the false
positive rate.

The same events were clustered with k;
and anti—k; and trained separately.
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our events. It combines events In a pre- realistic choice, we are not sure why.
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2. Decay

Top quarks predominately decay into three
other quarks which then hadronize and form
clusters (called jets) of energy deposits In
the detector. Each individual energy deposit
IS a constituent.

Hence the defining feature of a top quark Is
three jets (Fig. 1) which add up to the top
mass.

As Jets get boosted, they will become
collimated and overlap (Fig. 2), making
identification challenging.

The metric defines the clustering algorithm.
Clustering jets with a well-chosen algorithm
Injects  physically-motivated information
about the event and should be a valuable
feature for training a classifier, since top and
background seguences should be
significantly distinct. Of interest to us are the
k., and anti — k; algorithms (Fig. 6).

With the clustering sequence as a feature,
the order In which we group and read
constituents of an event are significant now.
This has many parallels with natural
language processing.

defined way according to the sequence our
clustering algorithm defines. It will learn how
to best combine constituents.

It uses two auxiliary data structures, the
stack and Dbuffer, and uses shift-reduce
language to encode a clustering sequence.
An example with 4 constituents is in Fig. 5.
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Distance metrics
between constituents i
and j given transverse
momentum p,
pseudorapidity n, and
azimuthal angle ¢ of
the constituent.
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