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Introduction Algorithms

Jet “grooming” algorithms and taggers
An attempt to remove uncorrelated soft, wide-angle radiation without significantly
affecting hard, massive splittings within parton shower or, more importantly, heavy
particle decays→ Improve mass resolution & S/B, reduce sensitivity to UE/pile-up.

Mass-drop Filtering: (BDRS, PRL 2008)

Go to filtering results

Pruning: (Ellis, Vermillion, & Walsh, PRD 2009)

Go to pruning results

Trimming: (Krohn, Thaler, & Wang, JHEP 2010)

Go to trimming results
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Introduction Algorithms

“Complex” tagging algorithms using substructure (I)
Johns Hopkins Top Tagger: Kaplan, Rehermann, Schwartz, Tweedie, PRL 101 (2008) 142001

(Credit: Xiaoxiao Wang)
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Introduction Algorithms

“Complex” tagging algorithms using substructure (II)
HEPTopTagger: Plehn, Salam, Spannowksy, PRL 104, 111801 (2010) and Plehn, Spannowsky,
Takeuchi, Zerwas JHEP 10 (2010) 078

Combine generic substructure
tools like mass drop and
properties of the decay
products like the helicity angle
of the W and create a tagger:

1 Cluster fat jet and apply
mass-drop

2 Find subjets and keep N
hardest

3 Recluster into 3 objects
(for top tagging)
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Introduction Algorithms

“Complex” tagging algorithms using substructure (III)
Top Template Tagger: Almeida, Lee, Perez, Sterman, Sung, PRD 82 (2010) 054034 and
Almeida, Erdogan, Juknevich, Lee, Perez, Sterman, PRD 85 (2012) 114046Template function, ex. 2 body
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Example: 2-particle templates

Each location (η,φ) in R contains the overlap measure:
WH, pT=300GeV, R=1.0, r2=0.20
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The image above is the result R of running over templates with a Gaussian
measure. The yellow-ish locations indicate the highest matches. The location
marked by the black stars is probably the one with the highest value, so that
location (the circle formed by that point as a corner and radius equal to the
subcone of the template) is considered the match.
Jose Juknevich Weizmann Institute of Science

TemplateOverlap

Maximize

In practise we use the function maximize to locate the highest value in the R
matrix.

Figure : 2-particle templates at work.
Jose Juknevich Weizmann Institute of Science

TemplateOverlap

Given pT & mJ  a template is
characterize by a single angle (triangle).

5

(Credit: Gilad Perez)
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Introduction Algorithms

“Complex” tagging algorithms using substructure (IV)
Shower deconstruction: Soper and Spannowsky, PRD 84 (2011) 074002 and Soper and
Spannowsky, PRD 87 (2013) 054012 Shower Deconstruction

we will have the best statistical significance for a measurement if we make σC(B) as small as
possible. Thus we seek to choose the cut so as to minimize σC(B) with σC(S) held constant.
The solution to this problem is to choose C({p, t}N) such the surface C({p, t}N) = 0 is
a surface of constant χMC({p, t}N). That is, we should use signal and background cross
sections in which the function that defines the cut is taken to be

C({p, t}N) = χMC({p, t}N) − χ0 (8)

for some χ0. If we make any small adjustment to this by removing an infinitesimal region
with χMC({p, t}N) > χ0 from the cut and adding a region having the same signal cross
section but with χMC({p, t}N) < χ0, we raise the total background cross section within the
cut while keeping the signal cross section the same. Thus using contours of χMC({p, t}N) to
define our cut is the best that we can do.

What value of χ0 should one choose? For a simple optimized cut based analysis with a
given amount of integrated luminosity, one would choose χ0 so as to maximize the ratio of the
expected number of signal events to the square root of the expected number of background
events. We discuss this further in Sec. XI.

Instead of using an optimized cut on χMC to separate signal from background, one could
imagine using a log likelihood ratio constructed from χMC. We do not discuss that method
in this paper.

Now we must face the fact that to construct χMC({p, t}N), we would need two things:
the differential cross section to find microjets {p, t}N in background events and then the
differential cross section to find microjets {p, t}N in signal events. In each case, we would
consider this differential cross section in a parton shower approximation to the full theory.
Unfortunately for us, a parton shower produces dσMC(S)/d{p, t}N and dσMC(B)/d{p, t}N by
producing Monte Carlo events at random according to these distributions. If we have 10
microjets described by 4 momentum variables each and we divide each of these 40 variables
into 12 bins, then we have approximately 1240/10! ≈ 1036 total bins (accounting for the
interchange symmetry among the 10 microjets). The parton shower Monte Carlo event
generator will fill these bins with events, but it will be a long time before we have of order
100 counts per bin in order to estimate dσMC(S)/d{p, t}N and dσMC(B)/d{p, t}N at each bin
center. Thus it is not practical to calculate χMC({p, t}N) numerically by generating Monte
Carlo events. It is also not practical to calculate χMC({p, t}N) analytically using the shower
algorithms in Pythia or Herwig. These programs are very complicated, so that we have
no hope of finding PMC({p, t}N |S) and PMC({p, t}N |B) for either of them.

D. Probabilities according to simplified shower

What we need is an observable χ({p, t}N) that is an approximation to χMC({p, t}N) such
that we can calculate χ({p, t}N) analytically for any given {p, t}N . For this purpose, we
define a simple, approximate shower algorithm, which we will call the simplified shower
algorithm. We let P ({p, t}N |S) and P ({p, t}N |B) be the probabilities to produce the mi-
crojet configuration {p, t}N in, respectively, signal and background events according to the
simplified shower algorithm. Define

χ({p, t}N) =
P ({p, t}N |S)

P ({p, t}N |B)
. (9)

6

Need to convert the shower history into analytic expression

13BOOST 2012            Valencia      Michael Spannowsky            27.07.2012                       

top

b

W

full matrix 
element

Conceptional difference compared to Higgs from last year:
• Splitting functions for massive emitter and spectator
• Full matrix element for top decay

σ � 21 pb (85)

σ � 8 pb (86)

σ � 1.8 × 105 pb (87)

σ � 4.8 × 108 pb (88)

jet − jet (89)
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O(α2αs) (91)

O(α2
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2) (92)

h → γγ (93)

σ × BR(mH = 130 GeV) � 0.04 pb (94)

pT,γ,1 > 40 GeV (95)
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(Credit: Michael Spannowsky)
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W-tagging W-tagging performance

Boosted W’s in t̄t events in ATLAS (I)
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Figure: Jet mass distributions for jets with pT > 200 GeV in events containing a W → µν
candidate and a b-tagged anti-kt jet. The jets shown are (left) C/A R=1.2 after splitting and
filtering and (right) anti-kt R=1.0 after trimming.

Nearly identical yield and data/MC description for both algorithms.
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W-tagging W-tagging performance

Boosted W’s in t̄t events in ATLAS (II)
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Figure: Results of fitting the mass distributions of C/A R=1.2 jets after splitting and filtering. The
W+jets and multi-jet predictions have been subtracted from the distributions. The two figures show
(left) the Monte Carlo prediction and (right) data.

Fitted peak position for data vs. MC within ∼ 0.5%, with ∼ 2% systematics.
Monte Carlo modelling (MC@NLO vs. POWHEG vs. AcerMC), resolution smearing, fitting procedure, cross-section uncertainties, muon reconstruction
uncertainties, η-dependence, energy+resolution+b-tagging uncertainties associated with the additional jet, Emiss

T reconstruction uncertainties. The
most significant of these are the uncertainties associated with Monte Carlo modelling and jet resolution.

Very slightly larger systematic for trimmed W’s because of background shape, but
that’s it
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W-tagging W-tagging performance

Boosted W’s in t̄t events in CMS (I)

•  Check pT-dependence of W-tagging 
efficiency by checking also 
pT(W+b)>400 GeV events 

•  Agreement within limited statistics 

•  Can‘t check at even higher pT due to 
merging of W and b into top 

•  Candle for the future: semileptonic 
WW sample (but not at 8 TeV yet) 
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9 Boosted W-tagging techniques in CMS 
Andreas Hinzmann 

Using jet substructure 
23 April 2013 

Substructure energy correction for MC = 1.02± 0.01

Seem to show similar tagging efficiency as ATLAS algorithm (by eye)
and very similar systematics
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W-tagging Constraining the jet mass scale in situ

Using hadronic W decays as a standard candle
Adam Davison (UCL) & Gregor Kasieczka (Heidelberg)
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Again using full t̄t semi-leptonic muon-channel selection
Very resolved peak, but
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Pile-up Jet mass

Jet mass for trimmed jets
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Trimming has a significant impact on the strong rise of 〈mjet〉 with pile-up
The trimming configurations tested provide a highly tunable set of parameters
Rsub = 0.2, fcut = 0.03 and Rsub = 0.3, fcut = 0.05 exhibit good stability at low and high
pjet

T ,fcut = 0.05 exhibits smaller impact from pile-up at high NPV for low pjet
T .
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Pile-up Jet mass

Jet mass for pruned jets
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Pruned anti-kt: 600 ≤ pjet
T < 800 GeV

Pruning with R = 1.0 and kt jets does not suppress pile-up very much on its own
Driven by the weaker of the two requirements; in this case that’s zcut
Have seen that C/A pruning with a tighter zcut helps more, but still some dependence
Anyway, this is not the “point” of pruning, and we should be applying a pile-up correction
anyway!
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Pile-up Jet mass

Jet mass for filtered jets
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Filtered C/A: 600 ≤ pjet
T < 800 GeV

Filtering has a significant impact on the strong rise of 〈mjet〉 with pile-up
Already documented in 2010 paper (arXiv:1203.4606)
Filtering can be made to affect significantly 〈mjet〉 solely via the mass-drop criterion, µfrac,
but optimum value of µfrac = 0.67
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Systematic Systematic uncertainties using tracking

Mass scale uncertainties using tracking
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Mass scale uncertainties for large-R jets: approximately 5-6%
Based on the data-to-MC comparisons of calorimeter and tracking ratios in
order to isolate mismodeling.

More details on track jet systematics
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Sensitivity Top taggers

HEPTopTagger vs. Top Template Tagger
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Even though they are very different algorithms, similar limits
Optimized in very different ranges of jet pT and merging
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Computation Top Template Tagger

Top Template Tagger - ATLAS experience
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105 − 106 templates in text files
0.5 GB package
2 minutes / 100 events
Optimized in very different ranges of jet pT and merging
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Unfolding Unfolding

Inclusive “fat” jet substructure (35 pb−1) (I)
Using the anti-kt, R = 1.0 and C/A, R = 1.2 “fat” jet algorithms (arXiv:1203.4606)
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(Butterworth, Cox, & Forshaw, PRD 65 096014 (2002))

Jet mass is unfolded to the particle level to correct for detector effects.
PYTHIA under(over)estimates number of jets with large (small) jet mass
Jet “splitting scale”:

√
dij = min(pTi, pTj)×∆Rij (Butterworth, Cox, & Forshaw)

→ massive, wide-angle emissions→ need NLO
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Unfolding Unfolding

Inclusive “fat” jet substructure (35 pb−1) (II)
Using the anti-kt, R = 1.0 and C/A, R = 1.2 “fat” jet algorithms (arXiv:1203.4606)
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(Thaler & Tilburg, JHEP 03 (2011) 015)

Jet mass is unfolded to the particle level to correct for detector effects.
PYTHIA under(over)estimates number of jets with large (small) jet mass
“3-body-like” measure: N-subjettiness, τN (Thaler & Tilburg)
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Summary and Conclusions

Putting the substructure toolbox in ATLAS to work

Measurements and searches that aim to benefit from substructure-based analysis,
including examples that use “fat” jets and grooming techniques.

Jet mass and splitting scale measurements (SM QCD)

High pT W bosons and top quarks (SM EW / Exotics)

Boosted Higgs channels for light mass discovery (Higgs)

HRPV gluino or neutralino decays: g̃/χ̃0 → qqq (SUSY)

Heavy particle (e.g. Z′) decays to boosted top quarks (Exotics)

W

q

q
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Summary and Conclusions

Summary and conclusions
Almost everything we try works, and which
algorithm works best tends to depend on the details
of that to which the algorithm is applied.

Lots of information to work with

Fully unfolded Standard Model jet mass
measurements with a variety of algorithms,
including grooming
Comprehensive detector-level benchmarks and
“analysis-ready” syst. unc. for many additional
configurations
many searches employing these techniques,
some of which are not possible without them!

Conclusions

Even more systematic studies, but optimize
your analysis taking into account all of the
possibilities and use what’s best!

2014?
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Backup slides and additional information Historical context

First evidence for jet production at SLAC, 37 years ago
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The agreement of the observed sphericity distributions with the predictions 

of the jet model as opposed to phase space is evidence for jet structure in hadron 

production by e+e- anfiihilation. 2o A sample 7.4 GeV event, which illustrates the 

reconstructed jet axis and may illustrate a typical jet-like event, is shown in 

Fig. 18. This event has eight prongs, two of which have x> 0.3. The other six 

prongs have low momenta. The event has S= 0.08 1. The observed energy is less 

thanEc m and the momenta do not balance, so there are missing particles. 
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Fig. 18. Momentum space representa- 
tion of a sample 7.4 GeV event. px, py, 
and pz refer to the three spatial com- 
ponents of the particle momenta. The 
z-axis lies along the positron direction. 
This event has 8 prongs, 2 with x> 0.3. 
The reconstructed jet axis is repre- 
sented by the dashed line. The event 
has S=O. 081. 
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√
s = 7.4 GeV event from the SLAC/LBL magnetic detector (1975).

SLAC scientists proved that protons were indeed composite objects, likely
composed of Zweig and Gell-Mann’s quarks, and that these objects formed
“jets” in their detector: predictable, clustered patterns of energy deposits.
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Backup slides and additional information Subdetector systems used for jet physics in ATLAS

The ATLAS detector at the LHC
Weight: 7000 tons
Length × height: 44m × 25m
Toroid: 4 T
Solenoid: 2 T

100,000,000 electronic channels
3000 km of cables

But the whole is more than just the sum of its parts...
D.W. Miller (EFI, Chicago) Which algorithms work best in which circumstances? 23-26 April, 2013 4 / 24



Backup slides and additional information Subdetector systems used for jet physics in ATLAS

The ATLAS tracking system

Transition Radiation Drift Tubes (TRT)

73 barrel straws, 2x160 end-cap disks
σr ∼ 130µm, particle ID
350k channels

TRT 

SCT 

PIX 

Silicon Strips (SCT)

4 barrel layers, 2x9 end-cap disks
σrφ ∼ 17µm, σz ∼ 580µm
6.3M channels

Silicon Pixels (PIX)

3 barrel layers, 2x3 end-cap disks
σrφ ∼ 10µm, σz ∼ 115µm
80M channels

Excellent position resolution, tracking efficiency, vertexing performance.
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Backup slides and additional information Subdetector systems used for jet physics in ATLAS

The ATLAS calorimeter systems

•  Cu-LAr  
  structure 
•  1.5 < |η| < 3.2  

•  Pb-LAr  
   accordion 
•  |η| < 2.5  

•  Fe-Scintillating 
   Tile structure 
•  |η| < 1.7  

•  Cu/W-LAr  
   structure 
•  3.2 < |η| < 4.9  

Cryostat (dead material)
(LAr: Liquid Argon) 

Min. bias trigger scintillators (MBTS)

Well known technologies with fast readout and high granularity.
D.W. Miller (EFI, Chicago) Which algorithms work best in which circumstances? 23-26 April, 2013 6 / 24



Backup slides and additional information Calorimeter detail

The ATLAS calorimeter system (II)
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Figure 5.4: Sketch of a barrel module where the different layers are clearly visible with the ganging
of electrodes in ! . The granularity in " and ! of the cells of each of the three layers and of the
trigger towers is also shown.

5.2.2 Barrel geometry

The barrel electromagnetic calorimeter [107] is made of two half-barrels, centred around the z-
axis. One half-barrel covers the region with z > 0 (0 < " < 1.475) and the other one the region
with z < 0 (!1.475 < " < 0). The length of each half-barrel is 3.2 m, their inner and outer
diameters are 2.8 m and 4 m respectively, and each half-barrel weighs 57 tonnes. As mentioned
above, the barrel calorimeter is complemented with a liquid-argon presampler detector, placed in
front of its inner surface, over the full "-range.

A half-barrel is made of 1024 accordion-shaped absorbers, interleaved with readout elec-
trodes. The electrodes are positioned in the middle of the gap by honeycomb spacers. The size
of the drift gap on each side of the electrode is 2.1 mm, which corresponds to a total drift time
of about 450 ns for an operating voltage of 2000 V. Once assembled, a half-barrel presents no

– 114 –

Highly granular EM calorimeter with
longitudinal segmentation
∆η ×∆φ ≈ 0.025× 0.025 for the
central compartment
22X0 − 33X0 in the barrel

Excellent energy resolution overall
(≈ 60%/

√
E)

7− 8λ0 in the hadronic calorimeter
alone
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supplies which power the readout are mounted in an external steel box, which has the cross-section
of the support girder and which also contains the external connections for power and other services
for the electronics (see section 5.6.3.1). Finally, the calorimeter is equipped with three calibration
systems: charge injection, laser and a 137Cs radioactive source. These systems test the optical
and digitised signals at various stages and are used to set the PMT gains to a uniformity of ±3%
(see section 5.6.2).

5.3.1.2 Mechanical structure
Photomultiplier

Wavelength-shifting fibre

Scintillator Steel

Source

tubes

Figure 5.9: Schematic showing how the mechan-
ical assembly and the optical readout of the tile
calorimeter are integrated together. The vari-
ous components of the optical readout, namely
the tiles, the fibres and the photomultipliers, are
shown.

The mechanical structure of the tile calorime-
ter is designed as a self-supporting, segmented
structure comprising 64 modules, each sub-
tending 5.625 degrees in azimuth, for each of
the three sections of the calorimeter [112]. The
module sub-assembly is shown in figure 5.10.
Each module contains a precision-machined
strong-back steel girder, the edges of which
are used to establish a module-to-module gap
of 1.5 mm at the inner radius. To maximise
the use of radial space, the girder provides both
the volume in which the tile calorimeter read-
out electronics are contained and the flux return
for the solenoid field. The readout fibres, suit-
ably bundled, penetrate the edges of the gird-
ers through machined holes, into which plas-
tic rings have been precisely mounted. These
rings are matched to the position of photomul-
tipliers. The fundamental element of the ab-
sorber structure consists of a 5 mm thick mas-
ter plate, onto which 4 mm thick spacer plates
are glued in a staggered fashion to form the
pockets in which the scintillator tiles are lo-
cated [113]. The master plate was fabricated
by high-precision die stamping to obtain the dimensional tolerances required to meet the specifica-
tion for the module-to-module gap. At the module edges, the spacer plates are aligned into recessed
slots, in which the readout fibres run. Holes in the master and spacer plates allow the insertion of
stainless-steel tubes for the radioactive source calibration system.

Each module is constructed by gluing the structures described above into sub-modules on a
custom stacking fixture. These are then bolted onto the girder to form modules, with care being
taken to ensure that the azimuthal alignment meets the specifications. The calorimeter is assembled
by mounting and bolting modules to each other in sequence. Shims are inserted at the inner and
outer radius load-bearing surfaces to control the overall geometry and yield a nominal module-
to-module azimuthal gap of 1.5 mm and a radial envelope which is generally within 5 mm of the
nominal one [112, 114].

– 122 –
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Backup slides and additional information Jet reconstruction

Systematic evaluation of IR-safe jet algorithms
The LHC experiments (most notably, ATLAS and CMS) are the first
experiments to systematically choose theoretically well-motivated algorithms
to perform their measurements.

21st century jet algorithms

Recombination: Cone:
kt algorithm

Cambridge/Aachen alg.

anti-kt algorithm

a

CDF JetClu

CDF MidPoint

D0 (run II) Cone

PxCone

ATLAS Cone

CMS Iterative Cone

PyCell/CellJet

GetJet

SISCone

4 available
safe algorithms

anti-kt adopted as default by ATLAS and CMS

– p. 12

G. Soyez, CERN 2010
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Backup slides and additional information Jet reconstruction

Inputs to jet reconstruction
ATLAS has a highly flexible and robust set of input signals to consider for jet
reconstruction:

Towers without noise
suppression

Topological clusters Towers with noise sup-
pression

Tracks

Each of these has been studied in detail in the data in order to ensure a thorough
understanding of the jet reconstruction itself and the signal model being used to form
the basis for physics measurements.

ATLAS-CONF-2010-18
ATLAS-CONF-2010-53

Topological
clustering for
noise suppression

!"#$$#$! %!"#$%&'()(*+,,+$-(.
/
(+$(0/102 $&

!"#"$"%&'($)'$*+,-.&/%

!'()*+%+,%-./,0123+3045
6
2177%038,(7+0*8+1,(9%:#;#!%+,),8/*7+307

!<4=123(71,(./%>0,*)%,?%8./,0123+30%83//79

" 733=%83//7%@1+A%B5
83//
B%C%:DE

(,173

" 1+30.+1F3/G%.==%(31>AH,*07%@1+A%B5
83//
B%C%;DE

(,173

" .==%)30123+30%83//7%@1+A%B5
83//
B%C%!DE

(,173

D.W. Miller (EFI, Chicago) Which algorithms work best in which circumstances? 23-26 April, 2013 9 / 24



Backup slides and additional information Jet reconstruction

Input to jet reconstruction: topological clusters
Since the Tevatron and H1, new techniques for combining calorimeter cells have
been explored such as 3-dimensional clustering, or topological clustering

1 Find seed cells above some
noise threshold
(Ecell/σ

noise
cell ≥ Nthreshold)

2 Then cluster cells around
that in 3-dimensions,
successively allowing in
more cells

For example: 4σ seed,
several layers of 2σ cells,
last layer of all cells

These clusters can then be used as
the basic object of calibration
instead of entire jets! Will focus
here on early data approaches
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Backup slides and additional information JES pile-up uncertainty and corrections

Measuring the effects of pile-up on the jet energy scale
As the level of in-time pile-up increases (i.e. the number of simultaneous
proton-proton collisions in the same bunch-crossing) the average total energy
deposition in the calorimeters also increases.

Clusters, cells (Tile, LAr, HEC) energy

2 minimum bias interactions
3 minimum bias interactions
10 minimum bias interactions

Fundamental aspects

Assumed to be completely independent of the hard-scattering activity
Thus, also independent from the hard-scatter jet pT
Roughly uniform in φ with respect to the hard-scatter

not with respect to the UE!
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Backup slides and additional information JES pile-up uncertainty and corrections

Thinking about pile-up contributions to the jet-energy scale
Traditional approach: pile-up contributes an uncorrelated, soft, diffuse background.
⇒ subtract this contribution on average or using individual event & jet information.

Ecorrected
T = ET −O(η,L;NPV,A)

O(η,L;NPV,A) =
(
ρ × A

)

Must derive the quantity (density) to subtract

Measure the average tower energy density in events with different number of
interactions (NPV)
Measure the event-by-event density by looking at the entire event (Salam, et al.)
Use a 2D/3D grid at any energy scale, with any input→ under study

Must estimate the metric (area) with which we perform the subtraction

Atower
jet [determined jet-by-jet with towers, averaged with clusters]
Aghost

jet [theoretically dynamic, but near δ-function for anti-kt jets]
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Jet-vertex association
Originally developed by the DØ Collaboration

The Jet Vertex Fraction (JVF)
JVF measures the fraction of charged particle transverse momentum in each jet (in the form of
tracks) originating in each identified primary vertex in the event.

Associate jets to primary vertices using tracks and obtain a jet-by-jet energy correction and
jet-selection criterion.
Improve jet-energy reconstruction, missing Et resolution and primary vertex (PV) selection
using this jet-vertex fraction, or JVF.

JVF[jet1, PV1] = 0.66 
JVF[jet1, PV2] = 0.33 

JVF[jet2, PV1] = 0 
JVF[jet2, PV2] = 1 

PV2	   PV1	  

jet1	  

jet2	  

Z 

* Caveat: tracks can be associated to more than one vertex  

JVF discriminant definition

JVF(jeti, vtxj) =

∑
k pT(trkjeti

k , vtxj)∑
n
∑

l pT(trkjeti
l , vtxn)

For jet i, JVF is the track pT fraction from vertex j.
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Jet “grooming” algorithms in active use in ATLAS
An attempt to remove uncorrelated soft, wide-angle radiation without significantly
affecting hard, massive splittings within parton shower or, more importantly, heavy
particle decays→ Improve mass resolution & S/B, reduce sensitivity to UE/pile-up.

Mass-drop Filtering: (BDRS, PRL 2008)

Decluster until largest subjet mass
(mj1) is less than µfrac × mjet and they
are relatively symmetric (ycut)
Retain the three highest pT
subjets

Pruning: (Ellis, Vermillion, & Walsh, PRD 2009)

Rebuild jet with C/A or kt

Veto wide angle (Rcut) and soft
(zcut) recombinations
Does not recreate subjets but
prunes at each point in jet
reconstruction

Trimming: (Krohn, Thaler, & Wang, JHEP 2010)

Recluster into kt subjets with
R = Rsub

Remove those with pti/pjet
T < fcut
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Systematic uncertainties from tracking (ungroomed)
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Data 2011
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Comparison with HERWIG++ and Alpgen

By eye, no increased systematic due to HERWIG++, although completely different
UE/hadronization model
Significant deviation from data and other MCs for Alpgen (5-10%)
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Detailed comparisons of grooming algorithm performance
Many combinations of grooming configurations in data and MC, signal and background
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Multiple figures of merit: signal resolution in 2- and 3-prong boosted objects,
resilience to pile-up, signal efficiency for benchmark processes, etc.
Generic recommendation to ATLAS: trimmed anti-kt R = 1.0 (fcut = 0.05, Rsub = 0.3)
and split/filtered C/A R = 1.2 and µfrac = 0.67
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New physics searches with substructure Search for boosted t̄t resonances

Search for all-hadronic t̄t resonances using HEPTopTagger
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ATLAS-CONF-2012-102

Put HEPTopTagger to use in search for Z′ → t̄t
Reconstruct top mass peak to demonstrate a consistent and well-understood final state
Search in the t̄t invariant mass spectrum for signs of new physics.
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Expected and observed limits on the σ×BR vs. the mt̄t for (left) Z′ → t̄t and (right)
Kaluza-Klein gluon gKK → t̄t
Largest uncertainties: b-tagging efficiency, t̄t normalization, the jet energy scale
Upcoming combination with a 2nd approach for even higher-pT sensitivity
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New physics searches with substructure Boosted RPV SUSY search

Boosted RPV signatures via jet substructure
Concept: Focus on the high-pT tail of the g̃ spectrum and utilize jet substructure
to reduce the QCD background and combinatorial issues.

6-jet signature→ 2-heavy-jet signature + calculable discriminants

Y‐scale 1‐2 (y1)  Y‐scale 2‐3 (y2) 

Jesse Thaler — N-subjettiness 7

Introducing N-subjettiness
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Minimize distance to
candidate subjet axes

Later:  Minimize τN over all possible subjet axes,
becomes a true jet shape

Jet shape that “counts” number of subjets!
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pT,k min
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A Hybrid Jet Shape:

0τN: 1

≤ N > N# subjets:

τN = f({pk}, {paxes})

Mjet~ mgluino 

Mjet~ mgluino 
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New physics searches with substructure Boosted RPV SUSY search

Boosted RPV signal kinematics
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(Left) Gluino production cross-section calculated in PROSPINO 2.1 as a function
of mg̃. (Right) Gluino transverse momentum (pg̃

T) spectrum for two low-mass
gluino models.
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New physics searches with substructure Boosted RPV SUSY search

Boosted gluino mass distributions
arXiv:1210.4813
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Hard selection on the pT of the leading jet: pT > 200 GeV (350 GeV) for mg̃ = 100 GeV
(300 GeV)
Incomplete “merging” of gluino decay products in latter case, but still good discrimination
(peak at mjet ≈ 275 GeV)
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New physics searches with substructure Boosted RPV SUSY search

Background discrimination using τ32
arXiv:1210.4813
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τ32 provides an increase in S/B by a factor of two
Signal efficiency drops by ×2.5, background efficiency drops by ×5

Final optimization yields ε = 12% and fmis−tag = 1.5%, as compared to leading jet pT and
trigger requirements alone
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New physics searches with substructure Boosted RPV SUSY search

RPV gluino limits: resolved & boosted approaches
arXiv:1210.4813
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Both analyses exclude top-mass region (non-trivial!)
Resolved analysis extends reach to exclude up to mg̃ > 666 GeV
Lack of extensive optimization of boosted analysis hurts final limits...do better for 8 TeV!
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