
● Efficiency in PYTHIA8 Z’ → tt  signal sample used to 
define the working points is flat around the designed 
value

● Efficiency in POWHEG+HERWIG7 is always 
significantly lower which shows dependence of the top 
taggers on parton shower models

– Dedicated calibrations could be derived per MC 
model

Adversarial Neural Network (ANN)
● Adversary trained to infer jet mass from 

DNN score by minimising its loss function [5]
● Auxiliary input variable log(pT) is used to 

make the decorrelation robust across the pT 
spectrum

● Parameter 𝜆 controls the trade-off between 
the classifier’s and adversary’s loss functions; 
optimal value → 𝜆 = 10
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The Unified Flow Objects (UFOs) are optimised large radius jet input objects which combine 
desirable aspects of Particle-flow objects (PFO) and Track-CaloCluster (TCC) reconstruction to achieve 
optimal overall performance across the full kinematic range [1].
● PFO improves the energy resolution at low pT where the tracker resolution is better than that of the 

calorimeter but is limited by the inner detector’s resolution at high pT.
● TCC is designed to resolve many high energy particles but splitting low-energy topoclusters can result 

in incorrect redistribution of energy.
● Improved jet mass resolution by ~45% provided by UFOs relative to LCTopo trimmed jets is 

extremely beneficial for jet substructure (JSS) reconstruction and leads to significantly higher 
background rejection for DNN-based classifiers.

● Pile-up is mitigated by Constitient Subtraction + Soft Killer (CSSK) for neutral particles while 
charged particles are considered only if matched to the primary vertex → UFOs demonstrate 
excellent pile-up stability.

References

Cut based tagger
● Cuts on jet mass, D2, ntrk were found to 

provide the highest background rejection [3]
– D2 enhances the two prong structure 

and is almost independent of pT due to 
improved angular resolution of UFOs 
compared to LCTopo

– ntrk supresses background jets, especially 
gluon-originated, which improves 
background rejection significantly

Machine learning based tagger
● DNN with three fully-connected dense 

layers of 32 nodes with tanh activation 
function and single node output layer with 
sigmoid activation [3]

● 2x - 4x improvement in background 
rejection improved with respect to previous 
LCTopo jet tagger depending on pT and 
signal efficiency (Figure 4)

● Including ntrk as an additional DNN input 
variable further improves performance [4]

Table 2: List of substructure variables used in W/Z cut 
based (top section) and ML-based (bottom section) tagger

Jet substructure moments used as an input 
to the DNN training (Table 1) were 
optimised for the UFO jet collection to 
enhance the discrimination between top-jets 
and quark- or gluon-initiated jets. Comparison 
of performance between UFO and LCTopo 
trimmed jets is shown in Figure 2. [2]

Analytical mass decorrelation
● Distribution of D2 is computed in bins of

log(m2/pT
2) and pT for a fixed Effbkg

rel = 8% 
(corresponding to 50% sig. eff.)

● Functional dependence obtained with
k-nearest neighbours algorithm

● Easier to understand systematic effects in 
cut-based taggers than ML-based taggers 
when decorrelating jet mass with respect to 
single other substrucutre variable D2

● Modelling uncertainty is the leading uncertainty in the calculation of signal and background 
efficiency scale factors derived from tt events in the lepton+jet channel and 𝛾+jet and dijet events 
respectively

● Even with the new UFO jets and new grooming algorithm differences in performance of up to 
40% are present for the top jet tagging (Figure 7) and up to 20% for the W jet tagging (Figure 8) 
across different generators [2, 3] and were found to depend on the tagging algorithm [6].
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Figure 5: Significant sculpting on background jet mass distribution shape after cut on DNN score which makes it resemble 
shape of W+jets and hence more complicated to estimate background contribution in some physics analyses (left). 
Suppression of sculpting is achieved when applying mass decorrelated taggers (right). 
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Figure 4: Background rejection as a function W-jet 
signal efficiency

Figure 2: Background rejection as a function of signal 
efficiency of the inclusive top tagger for the UFO and 
LCTopo jets with 1500 GeV < pT < 2000 GeV

Figure 3: Comparison of the background rejection of UFO SD jets 
as a function of pT in dijet events for a fixed signal efficiency of 
50% and 80% for the inclusive and contained top tagger

Figure 8: Ratios of background jet rejection (top) and W-jet 
signal efficiency (bottom) for the ANN tagger for the 
different MC samples to the for the nominal multijet and 
W’ signal samples

Figure 7: Signal efficiency as a function of pT for a fixed signal 
efficiency of 50% working point for the inclusive top tagger 
compared between different MC generators simulating production of 
tt  events

Figure 1: Illustration of a top quark decay with parton shower and hadronisation creating a jet. Parton level decay is enclosed in 
a cone representing the truth jet while hadron tracks and energy deposits in calorimeter cells are used as the input for UFO jet 

Table 1: List of substructure variables used in the 
training of the DNN top tagger

Performance of top/W/Z tagging
using UFO jets in ATLAS

Figure 6: Adversarial neural network architecture. The classifier network predicts jet labels (y) based on JSS variable inputs (x), 
outputting a tagger variable (z). The adversary network infers the values of the variables from which the classifier is to be 
decorrelated (d) optionally aided by auxiliary features (a), by parameterising a posterior p.d.f. as a Gaussian mixture model.

improvement

● Hadronisation and fragmentation models have 
small impact on tagging performance

● W/Z tagging efficiency strongly depends on the 
boson polarisation

– Nominal W’ → longitudinal polarisation

– SM V+jets → transverse polarisation

● Further studies splitting the effects between matrix 
element, parton shower, and hadronisation could 
clarify origin of modelling differences
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