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Outline

✤ Q-jets

✤ Jet Sampling (i.e. Q-events)

✤ Telescoping Jets (related work by Y.-T. Chien)

✤ Future-directions/Conclusions



Takeaway 

✤ Many jet algorithms have a good motivation

✤ Typically, we use anti-kT , kT, or C/A to chose the best one

✤ However, these can give very different interpretations of the same 
event 

✤ By considering many algorithms at once we can get weighted 
interpretations of a jet

✤ Weighted is better than unweighted -> better statistics



Qjets



Two Basic Approaches to 
Substructure

1. Consider only the two-dimensional distribution of energy in a jet

✤ Examples: Trimming & Filtering, N-Subjettiness, Jet substructure 
w/o trees

2. Try to associate a tree structure with a jet

✤ Allows one to use heuristic pictures of parton shower & decay 
chains.

✤ Examples: Pruning, energy sharing variables, mass drop

✤ However, the current procedure for constructing a tree is not ideal.



The energy distribution 
for a particular tree is 
unambiguous
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Figure 4: Comparison of a jet formed from the decay of a boosted heavy particle (left) with one
from the showering of light flavor/gluons (right). Specifically, the left hand panel shows the jet
formed from h � bb̄ while the right is a gluon jet. The (x, y)-axes are (y, ⇥)-distances as measured
from the jet center and the area of each calorimeter cell is proportional to its pT .

comparable pT s) we are limited to Rsub . R0/2 under the assumption that the initial jet

was chosen to be just large enough to encompass the entire decay of the heavy particle.

The situation changes when we consider jets from light quarks or gluons (compare

the two panels in Fig. 4). The first di�erence is that there is only one hard final state at

lowest order in �s. Softness is therefore more naturally established directly via a cut on

subjet pT rather than by restricting to a fixed number of subjets. Later we will establish

di�erent subjet pT cuts for di�erent kinematic regimes. The second di�erence is that there

is no natural size for the subjets as this depends upon the the pT cut for the subjets; a

larger/smaller subjet size will necessitate a harder/softer subjet pT cut. With these two

di�erences in mind, we can now define our jet trimming procedure.

3. Implementation

In this section, we present an explicit algorithm implementing the jet trimming technique

outlined above.10 Our choice of algorithm is motivated primarily by simplicity and the

ability to re-use existing jet finding procedures. Many more sophisticated choices could

easily be imagined, but these are beyond the scope of the present work.

Since our jet trimming procedure will make use of well-known sequential recombination

jet algorithms, we will briefly review how these work. Recall that in a recursive jet algorithm

one begins with an initial set of four-momenta (these could be tracks, calorimeter cells, etc.),

assigning every pair a “jet-jet distance measure” dij and every individual four-momenta a

10Our implementation is available as a plug-in to the FastJet package [20, 21], which is available from

the authors upon request.
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Mapping Jets to Trees
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But, more than one tree 
can correspond to the 
same energy distribution

{
}



Unnecessary Choices

✤ How do we assign a particular tree to an energy distribution?

✤ Standard answer: Use a well motivated algorithm like C/A or kT

✤ Ideally, since both are well motivated algorithms they’ll give the same 
answer:



















































✤ However, sometimes the answers are very different.

✤ Considering only the kT or C/A tree introduces an element of 
randomness into this process, resulting in unnecessary fluctuations in 
the final state observable.

✤ Intuitively it makes sense that defining an observable in a way which 
reflects the  ambiguity of this clustering should yield better results.































Related work by Soper & Spannowsky: 1005.0417 
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Solution: Sum over Trees

✤ We propose that rather than assigning a single number to each event, 
instead each event should contribute a distribution obtained by 
summing the observable over many trees.

✤ When we sum these together, the result is much more stable than the 
histogram we would have had if we just considered one number per 
event.
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Implementation

✤ Instead, we find a simpler Monte-Carlo procedure works quite well.
✤ As in a sequential recombination algorithm, assign every pair of 

proto-jets a distance measure dij.
✤ However, unlike a normal sequential algorithm (where the pair 

with the smallest measure is selected clustered), here we suggest 
that a given pair be randomly selected for merging with probability 

✤ Thus, paths which deviate from the CA or kT behavior are less 
likely to occur

✤ Repeat many (~100) times, till the distribution stabilizes

⌦ij ⌘
1

⌦

exp

 
�↵

dij
dmin
ij

!
, ↵ = rigidity parameter



✤ The result is that you get many trees

✤ The probability of finding a given tree decreases as it 
becomes less kT or C/A like

✤ Available as a Fastjet plugin:

http://jets.physics.harvard.edu/Qjets

http://jets.physics.harvard.edu/Qjets
http://jets.physics.harvard.edu/Qjets


IR/Collinear Safety

✤ As long as the rigidity variable (alpha) is non-zero, then infinitely soft 
or collinear particles will not change the observable at hand.

✤ How will this affect real analytical calculations?

✤ Still unknown

✤ Perhaps there is a better, more theory-friendly weight?
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FIG. 1. Typical jet mass distribution obtained for a jets clus-
tered using pruning operating on a single tree (left), and with
path-integral jets (right) with ↵ = 0.1, for boosted W jets
(top) and QCD jets (bottom). The distribution obtained
using path-integral jets is noticeably smoother, with smaller
fluctuations.

light partons for our background. We will consider mea-
surements sensitive to the accuracy of a measured mean
jet mass, �hmi, and typical of signal discovery/exclusion
analyses:4 S/�B, for S and B the signal and background
rates, respectively. Here � denotes the RMS fluctuation
of a given quantity. Now, �hmi scales with the number of
events considered as �hmi / 1/

p
N , while S/�B scales as

S/�B /
p
N . For a given observable, we will quantify the

improvement obtained by employing path-integral jets by
fitting our results to these parametric scalings, and de-
termining the equivalent decrease in luminosity.

Before we proceed, a note on our simulation tools.
All events are generated using Pythia v6.422 [13] as-
suming a 14 TeV LHC. We employ the “DW” tune for
ISR and multiple interactions. While we do not present
results with pileup, we have investigated its e↵ect and
find that its presence does not e↵ect the improvement
found using the path integral procedure. Fully showered
and hadronized events are grouped into 0.1 ⇥ 0.1 cells
(⌘,�) cells between �5 < ⌘ < 5, which are clustered
in Fastjet v2.4.2 [14] using the anti-kT algorithm [15]
with R = 0.7. The constituents of these jets are then

4 The correct quantity relevant for signal exclusion is technically
S/�(S + B), but the improvement we obtain for this is so close
to that which we obtain using S/�B that we only discuss S/�B.
The interested reader can compute S/�(S+B) using the data in
Table I.

used to compute the substructure observables below. The
path-integral jets are constructed according to the pro-
cedure outlined in Sec. II via a Fastjet plugin5. To com-
pute the RMS size of the fluctuations in each measure-
ment we employ a brute force approach, considering the
RMS distribution of an observable obtained from many
(104) pseudo-experiments. Note that the sample size for
each pseudo-experiment is chosen according to a pois-
son distribution centered upon some mean value (e.g.
hNi = 10, 20, 40). Thus, one should not expect further
broadening of the reported RMS from Poisson fluctua-
tions in the production rate.
First, let us consider a measurement of S/�B. We

will define our signal/background rate to be the sum of
pruned jet masses which fall in a window around the true
W mass: 70 GeV < mJ < 90 GeV, and �B to be the vari-
ance of this distribution for background events. A typi-
cal distribution of the signal and background processes is
shown in Fig. 1. There one can see the e↵ect of the path-
integral procedure – both the signal and background dis-
tributions (right) have become noticeably smoother than
they were using the standard pruning procedure (left).
Numerical results are presented in Table I, where one
can see that the decrease found in �B implies that an
analysis performed using path-integral jets can achieve
similar discriminating power to a standard one while us-
ing only ⇠ 70% of the luminosity. Finally, it should be
noted that the improvement is not greatly sensitive to
the choice of rigidity parameter ↵.
Finally, let us consider a measurement of jet mass,

where we look to see how precisely a given algorithm can
find the mean mass using only a limited set of events.
Here we consider only signal events and look at the av-
erage pruned mass within the range 70 GeV < mJ <
90 GeV. The results for this can again be seen in Ta-
ble I. As before we see that the typical size of the fluctu-
ation in hmi is much smaller when one employs the path
integral approach, here allowing an analysis performed
using path integral jets to perform equivalently to one
with twice the luminosity.

IV. CONCLUSION

The parton shower provides a very useful heuristic,
allowing one to construct substructure observables by
thinking of jets as tree-like structures. However, while
a given tree yields a fixed distribution of radiation in a
detector, the reverse is not true: a given distribution of
radiation does not map onto a single tree, not even clas-
sically.
Typically one partially overcomes this ambiguity by

selecting one of the candidate trees based upon the prob-
ability that the QCD parton shower would produce it.

5 The plugin can be downloaded at XXX
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Better Statistics

✤ Weighted events are better for statistics than unweighted events!

✤ Consider reconstructing events subject to some reconstruction 
efficiency

✤ Unweighted events

✤ Weighted events:

Note that using Qjets N

R

above is not necessarily an integer.

3.2 Statistical Uncertainties

It is helpful to think of statistical uncertainties in jet-based measurements as arising from two sources:
(1) Poisson uncertainty, and (2) sampling uncertainty. We will see how to put these together below.

By Poisson uncertainty we refer to the uncertainty in the number events produced by a process
yielding discrete counts at some continuous rate. For example, if a collider is expected to yield on
average N events with a given luminosity then the probability of it producing n events is given by the
Poisson distribution:

Pois(n|N) ⌘ e

�N

N

n

n!
. (3.3)

The variance of this distribution is N , which tells us that the characteristic size of the uncertainty in
the number of events produced is

p
N .

By sampling uncertainty we refer to the behavior of the reconstruction behavior on the events
produced in an experiment. For example, if an algorithm is found to tag signal event with ✏ = 70%
e�ciency then for one set of 100 signal events it might tag 75 events as W -like, while for another set
of 100 events it might only tag 65. The probability of tagging a events starting with a set of n using
a procedure with e�ciency ✏ is

B(a|n, ✏) ⌘ n!

a!(n � a)!
✏

a(1 � ✏)n�a

. (3.4)

The variance of this distribution is ✏n(1 � ✏), while the mean is ✏n.
To start o↵ let’s consider using these to measure a cross section using unweighted events. This is

easier than one might expect - it turns out that the combination of a Poisson process and a sampling
process is still a Poisson process:

Unweighted events: P(x) = Pois(x|✏n) =
1X

a=x

Pois(a|N) ⇥ B(x|a, ✏) (3.5)

and we can still apply our “
p

N” intuitions. Using Eq. 3.5 we find that

�N

R

N

R

=
1p
✏N

. (3.6)

Thus, if we observe 100 events in L = 1 fb�1 with ✏ = 50% we would report a cross section of
200 ± 20 fb.

Once one assigns a weight to events after they are produced Eq. 3.4 no longer applies. Instead we
modify Eq. 3.5 to

Weighted events: P(x) =
1X

a=x

Pois(a|N) ⇥
Z

dN

R

f(N
R

|N) (3.7)

where f(N
R

|N) is a probability density function describing the probability of reconstructing N

R

jets
starting from a set of N . We remind the reader that N

R

is a sum of weights and so it is can take
non-integral values. Here the mean of the distribution is again ✏N , where we define ✏ to be the average
event weight:

✏ =

Z
dN

R

f(N
R

|1), (3.8)

– 5 –

but the variance has become N(✏2 + �

2

1

) where

�

2

1

=

Z
dN

R

(N
R

� ✏)2f(N
R

|1). (3.9)

Thus we have
�N

R

N

R

=
1p
N

⇥
r

1 +
�

2

1

✏

2

(3.10)

and as �

2

1

is bound to the range 0  �

2

1

 ✏(1 � ✏), one obtains

1p
N

 �N

R

N

R

 1p
✏N

. (3.11)

This is the advantage of using weighted events - while one us still subject to the Poisson uncertainties

in Eq. 3.5, the sampling uncertainties encoded in B(x|a, ✏) are reduced.

3.3 Calculating Uncertainties

In practice it’s impossible to measure the continuous probability density functions f introduced above.
Fortunately Eq. 3.8 and Eq. 3.9 only make use of the moments of f which we can hope to obtain from
Monte-Carlo. To accomplish this, let us introduce the concept of the Master Set - a large set of jets
satisfying some basic kinematic cuts. If one employs a Master Set the integrals in Eqs. 3.8 and Eq. 3.9
become

✏ =
1

N

jets

X

jets

⌧, �

2

1

=
1

N

jets

X

jets

(⌧ � ✏)2 (3.12)

where the sum is taken over all jets in the Master Set.
Let’s put everything together to see how one would estimates uncertainties in practice. For

concreteness, let us consider a measurement of the cross section of events where the hardest jet is
tagged as a boosted W .

• Using conventional unweighted events:

1. One determines a set of kinematic cuts (e.g. jets with p

T

> 200 GeV).

2. One generates a large set of events satisfying the chosen cuts, prunes them, and measures
the average reconstruction e�ciency ✏ of the events.

3. After running the experiment one takes the total number of reconstructed W -jets N

R

and
the measured luminosity L to obtain:

� =
N

R

± p
N

R

✏L (3.13)

• Using weighted events:

1. (same as above)

2. One generates a large set of events satisfying the chosen cuts, applies Qjets+pruning to
these to assign each a W -like weight, and measures the average reconstruction e�ciency ✏

along with the variance of the tagging e�ciency �

2

1

as in Eq. 3.12.

3. After running the experiment one takes the total number of reconstructed W -jets N

R

(again,
with weighted events N

R

is non-integral) and the measured luminosity L to obtain:

� =
N

R

±
p

N

R

(✏ + �

2

1

/✏)

✏L (3.14)
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Note that using Qjets N

R

above is not necessarily an integer.

3.2 Statistical Uncertainties

It is helpful to think of statistical uncertainties in jet-based measurements as arising from two sources:
(1) Poisson uncertainty, and (2) sampling uncertainty. We will see how to put these together below.

By Poisson uncertainty we refer to the uncertainty in the number events produced by a process
yielding discrete counts at some continuous rate. For example, if a collider is expected to yield on
average N events with a given luminosity then the probability of it producing n events is given by the
Poisson distribution:

Pois(n|N) ⌘ e

�N

N

n

n!
. (3.3)

The variance of this distribution is N , which tells us that the characteristic size of the uncertainty in
the number of events produced is

p
N .

By sampling uncertainty we refer to the behavior of the reconstruction behavior on the events
produced in an experiment. For example, if an algorithm is found to tag signal event with ✏ = 70%
e�ciency then for one set of 100 signal events it might tag 75 events as W -like, while for another set
of 100 events it might only tag 65. The probability of tagging a events starting with a set of n using
a procedure with e�ciency ✏ is

B(a|n, ✏) ⌘ n!

a!(n � a)!
✏

a(1 � ✏)n�a

. (3.4)

The variance of this distribution is ✏n(1 � ✏), while the mean is ✏n.
To start o↵ let’s consider using these to measure a cross section using unweighted events. This is

easier than one might expect - it turns out that the combination of a Poisson process and a sampling
process is still a Poisson process:

Unweighted events: P(x) = Pois(x|✏n) =
1X

a=x

Pois(a|N) ⇥ B(x|a, ✏) (3.5)

and we can still apply our “
p

N” intuitions. Using Eq. 3.5 we find that

�N

R

N

R

=
1p
✏N

. (3.6)

Thus, if we observe 100 events in L = 1 fb�1 with ✏ = 50% we would report a cross section of
200 ± 20 fb.

Once one assigns a weight to events after they are produced Eq. 3.4 no longer applies. Instead we
modify Eq. 3.5 to

Weighted events: P(x) =
1X

a=x

Pois(a|N) ⇥
Z

dN

R

f(N
R

|N) (3.7)

where f(N
R

|N) is a probability density function describing the probability of reconstructing N

R

jets
starting from a set of N . We remind the reader that N

R

is a sum of weights and so it is can take
non-integral values. Here the mean of the distribution is again ✏N , where we define ✏ to be the average
event weight:

✏ =

Z
dN

R

f(N
R

|1), (3.8)
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Unweighted events: P(x) = Pois(x|✏n) =
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and we can still apply our “
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Thus, if we observe 100 events in L = 1 fb�1 with ✏ = 50% we would report a cross section of
200 ± 20 fb.

Once one assigns a weight to events after they are produced Eq. 3.4 no longer applies. Instead we
modify Eq. 3.5 to
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Note that using Qjets N
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above is not necessarily an integer.

3.2 Statistical Uncertainties

It is helpful to think of statistical uncertainties in jet-based measurements as arising from two sources:
(1) Poisson uncertainty, and (2) sampling uncertainty. We will see how to put these together below.

By Poisson uncertainty we refer to the uncertainty in the number events produced by a process
yielding discrete counts at some continuous rate. For example, if a collider is expected to yield on
average N events with a given luminosity then the probability of it producing n events is given by the
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This is the advantage of using weighted events - while one us still subject to the Poisson uncertainties

in Eq. 3.5, the sampling uncertainties encoded in B(x|a, ✏) are reduced.

3.3 Calculating Uncertainties

In practice it’s impossible to measure the continuous probability density functions f introduced above.
Fortunately Eq. 3.8 and Eq. 3.9 only make use of the moments of f which we can hope to obtain from
Monte-Carlo. To accomplish this, let us introduce the concept of the Master Set - a large set of jets
satisfying some basic kinematic cuts. If one employs a Master Set the integrals in Eqs. 3.8 and Eq. 3.9
become
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where the sum is taken over all jets in the Master Set.
Let’s put everything together to see how one would estimates uncertainties in practice. For

concreteness, let us consider a measurement of the cross section of events where the hardest jet is
tagged as a boosted W .

• Using conventional unweighted events:

1. One determines a set of kinematic cuts (e.g. jets with p

T

> 200 GeV).

2. One generates a large set of events satisfying the chosen cuts, prunes them, and measures
the average reconstruction e�ciency ✏ of the events.

3. After running the experiment one takes the total number of reconstructed W -jets N
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and
the measured luminosity L to obtain:
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yielding discrete counts at some continuous rate. For example, if a collider is expected to yield on
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✤ In practice determine moments of f from MC (tau here 
is the % of the interpretations tagged as signal-like)

✤ Similar results hold for any measurement whose error 
drops as 1/sqrt(N) - e.g. avg. jet mass

✤ Formal discussion in “The Statistical Properties of Qjets” 
with Ellis, Hornig, DK, Roy, Schwartz
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Signal Discovery & Exclusion

✤ Signal = boosted W-jets, pT > 500

✤ BG = light QCD jets, pT > 500

✤ Measure the signal size in a bin 
(here 70-90 GeV) and compare it 
to the size of the BG fluctuations 
(Poisson stats included)

✤ Need only ~70% the luminosity 
to have the same significance

!
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0.01 1.13

0.1 1.18

1.0 1.14

100 1.06S/�B /
p
N

4

Vol. Rigidity

cut (Vcut) ↵ = 0 ↵ = 0.01 ↵ = 0.1 ↵ = 1 ↵ = 100

hSi/�B|Q
hSi/�B|cl

0.02 1.28(5) 1.24(3) 1.28(3) 1.36(3) 1.13(1)

0.03 1.51(2) 1.45(3) 1.37(4) 1.35(2) 1.10(1)

0.04 1.51(4) 1.45(4) 1.39(3) 1.29(3) 1.10(1)

0.05 1.43(4) 1.44(3) 1.39(3) 1.27(1) 1.08(1)

None 1.07(1) 1.13(1) 1.18(1) 1.14(1) 1.06(1)

�hmi|cl
�hmi|Q

0.02 0.48(7) 0.49(7) 0.50(7) 0.77(2) 0.95(1)

0.03 0.56(4) 0.57(5) 0.60(4) 0.87(1) 0.98(1)

0.04 0.62(3) 0.69(3) 0.71(2) 0.93(1) 1.00(1)

0.05 0.80(1) 0.80(1) 0.81(1) 0.96(1) 1.01(1)

None 1.32(2) 1.31(2) 1.25(2) 1.10(2) 1.03(1)

hSi/hBi|Q
hSi/hBi|cl

0.02 14(2) 13(1) 11(1) 3.1(1) 1.44(2)

0.03 8.6(5) 7.7(4) 5.6(3) 2.4(1) 1.30(2)

0.04 5.3(2) 4.9(2) 3.9(1) 2.00(4) 1.19(2)

0.05 3.6(1) 3.5(1) 3.1(1) 1.75(4) 1.14(2)

None 0.67(1) 0.74(1) 0.89(1) 1.01(2) 1.00(1)

TABLE I. The improvement found in various measurements
performed using the Qjet procedure compared to the classical
pruning result, for a range of values of the rigidity parameter
(↵) and subject to a set of volatility cuts (V  Vcut). The
first set of rows exhibit the discovery potential hSi/�B, while
the second shows the average jet mass fluctuation �hmi. The
last set of rows shows the change in the signal to background
ratio S/B. In all cases results greater than unity indicate im-
provement over the classical pruning procedure (see the text
for further discussion). For all quantities, the approximate
statistical uncertainty for the last digit is shown in parenthe-
sis.

repetitions of the pseudo-experiment and expect at most
O(1%) statistical e↵ects from this procedure.

The first set of rows in Table I display measurements
of the discovery potential hSi/�B compared to the re-
sults with classical pruning. Since this quantity scales aspL, the square of the number in the Table can be in-
terpreted as an e↵ective luminosity improvement due to
employing the Qjet procedure. For example, for ↵ = 0.1
(with no volatility cut) the number 1.18 means an e↵ec-
tive increase in the luminosity by (1.18)2 � 1 = 0.39 or
39%. Larger ↵ values confine the range of trees and yield
results very near the classical pruning results. Smaller
↵ values (with a much broader range of trees) tend to
degrade (decrease) the discovery measure.

The second set of rows exhibit the average jet mass
fluctuation �hmi|

cl

/�hmi|
Q

(note classical over Qjets
here). Values greater than unity mean that the mass
can be measured more precisely with the Qjet proce-
dure for the same luminosity, or the same precision can
be obtained with a smaller luminosity, compared to the
classical case. For this quantity (with no volatility cut)
there is continuing improvement as ↵ decreases and the
range of trees probed grows. The third set of rows show
the usual signal to background ratio, S/B, for pruned
Qjets compared to classical pruning. For this quantity
(and again no volatility cut) the best case occurs for large
↵ with all trees being essentially the classical tree. Note
that the fact that we get sensible results for ↵ = 0 (with
no weighting of the trees) is testament to the amount of
physics contained in the act of pruning, which often gives
the right mass even for IR sensitive clusterings.
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(and again no volatility cut) the best case occurs for large
↵ with all trees being essentially the classical tree. Note
that the fact that we get sensible results for ↵ = 0 (with
no weighting of the trees) is testament to the amount of
physics contained in the act of pruning, which often gives
the right mass even for IR sensitive clusterings.
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FIG. 2. Upper: the distribution of volatility for signal
(boosted W -jets) and background (QCD jets) using a rigidity
↵ = 0.01. Lower: the background versus signal e�ciencies
(fraction in the mass bin) obtained for various ↵’s obtainable
from a cut on volatility and compared to the classical pruning
result.

While the discussion above certainly suggests that us-
ing Qjets is helpful statistically by reducing fluctuations,
we can use the single-jet pruned mass distributions that
arise from the N

Qjet

di↵erent prunings more directly. We
introduce the volatility of a jet, defined as

V = �/hmi , (4)

where � ⌘ phm2i � hmi2 and hmi are the RMS devia-
tion and the mean of the pruned jet mass distribution for
a single jet.

The distribution of volatility for signal and background
Qjets with ↵ = 0.01 is shown in the upper panel of Fig. 2.
On simple physical grounds one expects that signal jets,
i.e., jets that contain an intrinsic mass scale, will ex-
hibit a lower volatility than QCD jets with no intrin-
sic mass scale. This expectation is confirmed by our
simulations, as can be seen in the figure. Cutting on
volatility, V  V

cut

, leads to the signal and background
e�ciencies, compared to the classical results, shown in
the bottom panel of Fig. 2. The numerical values are
defined as in the Table, i.e., e�ciency refers to the frac-
tion of the Qjets that yield a pruned mass in the mass
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Vol. Rigidity

cut (Vcut) ↵ = 0 ↵ = 0.01 ↵ = 0.1 ↵ = 1 ↵ = 100

hSi/�B|Q
hSi/�B|cl

0.02 1.28(5) 1.24(3) 1.28(3) 1.36(3) 1.13(1)

0.03 1.51(2) 1.45(3) 1.37(4) 1.35(2) 1.10(1)

0.04 1.51(4) 1.45(4) 1.39(3) 1.29(3) 1.10(1)

0.05 1.43(4) 1.44(3) 1.39(3) 1.27(1) 1.08(1)

None 1.07(1) 1.13(1) 1.18(1) 1.14(1) 1.06(1)

�hmi|cl
�hmi|Q

0.02 0.48(7) 0.49(7) 0.50(7) 0.77(2) 0.95(1)

0.03 0.56(4) 0.57(5) 0.60(4) 0.87(1) 0.98(1)

0.04 0.62(3) 0.69(3) 0.71(2) 0.93(1) 1.00(1)

0.05 0.80(1) 0.80(1) 0.81(1) 0.96(1) 1.01(1)

None 1.32(2) 1.31(2) 1.25(2) 1.10(2) 1.03(1)

hSi/hBi|Q
hSi/hBi|cl

0.02 14(2) 13(1) 11(1) 3.1(1) 1.44(2)

0.03 8.6(5) 7.7(4) 5.6(3) 2.4(1) 1.30(2)

0.04 5.3(2) 4.9(2) 3.9(1) 2.00(4) 1.19(2)

0.05 3.6(1) 3.5(1) 3.1(1) 1.75(4) 1.14(2)

None 0.67(1) 0.74(1) 0.89(1) 1.01(2) 1.00(1)

TABLE I. The improvement found in various measurements
performed using the Qjet procedure compared to the classical
pruning result, for a range of values of the rigidity parameter
(↵) and subject to a set of volatility cuts (V  Vcut). The
first set of rows exhibit the discovery potential hSi/�B, while
the second shows the average jet mass fluctuation �hmi. The
last set of rows shows the change in the signal to background
ratio S/B. In all cases results greater than unity indicate im-
provement over the classical pruning procedure (see the text
for further discussion). For all quantities, the approximate
statistical uncertainty for the last digit is shown in parenthe-
sis.

repetitions of the pseudo-experiment and expect at most
O(1%) statistical e↵ects from this procedure.

The first set of rows in Table I display measurements
of the discovery potential hSi/�B compared to the re-
sults with classical pruning. Since this quantity scales aspL, the square of the number in the Table can be in-
terpreted as an e↵ective luminosity improvement due to
employing the Qjet procedure. For example, for ↵ = 0.1
(with no volatility cut) the number 1.18 means an e↵ec-
tive increase in the luminosity by (1.18)2 � 1 = 0.39 or
39%. Larger ↵ values confine the range of trees and yield
results very near the classical pruning results. Smaller
↵ values (with a much broader range of trees) tend to
degrade (decrease) the discovery measure.

The second set of rows exhibit the average jet mass
fluctuation �hmi|
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(note classical over Qjets
here). Values greater than unity mean that the mass
can be measured more precisely with the Qjet proce-
dure for the same luminosity, or the same precision can
be obtained with a smaller luminosity, compared to the
classical case. For this quantity (with no volatility cut)
there is continuing improvement as ↵ decreases and the
range of trees probed grows. The third set of rows show
the usual signal to background ratio, S/B, for pruned
Qjets compared to classical pruning. For this quantity
(and again no volatility cut) the best case occurs for large
↵ with all trees being essentially the classical tree. Note
that the fact that we get sensible results for ↵ = 0 (with
no weighting of the trees) is testament to the amount of
physics contained in the act of pruning, which often gives
the right mass even for IR sensitive clusterings.
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FIG. 2. Upper: the distribution of volatility for signal
(boosted W -jets) and background (QCD jets) using a rigidity
↵ = 0.01. Lower: the background versus signal e�ciencies
(fraction in the mass bin) obtained for various ↵’s obtainable
from a cut on volatility and compared to the classical pruning
result.

While the discussion above certainly suggests that us-
ing Qjets is helpful statistically by reducing fluctuations,
we can use the single-jet pruned mass distributions that
arise from the N

Qjet

di↵erent prunings more directly. We
introduce the volatility of a jet, defined as

V = �/hmi , (4)

where � ⌘ phm2i � hmi2 and hmi are the RMS devia-
tion and the mean of the pruned jet mass distribution for
a single jet.

The distribution of volatility for signal and background
Qjets with ↵ = 0.01 is shown in the upper panel of Fig. 2.
On simple physical grounds one expects that signal jets,
i.e., jets that contain an intrinsic mass scale, will ex-
hibit a lower volatility than QCD jets with no intrin-
sic mass scale. This expectation is confirmed by our
simulations, as can be seen in the figure. Cutting on
volatility, V  V

cut

, leads to the signal and background
e�ciencies, compared to the classical results, shown in
the bottom panel of Fig. 2. The numerical values are
defined as in the Table, i.e., e�ciency refers to the frac-
tion of the Qjets that yield a pruned mass in the mass
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result.

While the discussion above certainly suggests that us-
ing Qjets is helpful statistically by reducing fluctuations,
we can use the single-jet pruned mass distributions that
arise from the N
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di↵erent prunings more directly. We
introduce the volatility of a jet, defined as

V = �/hmi , (4)

where � ⌘ phm2i � hmi2 and hmi are the RMS devia-
tion and the mean of the pruned jet mass distribution for
a single jet.

The distribution of volatility for signal and background
Qjets with ↵ = 0.01 is shown in the upper panel of Fig. 2.
On simple physical grounds one expects that signal jets,
i.e., jets that contain an intrinsic mass scale, will ex-
hibit a lower volatility than QCD jets with no intrin-
sic mass scale. This expectation is confirmed by our
simulations, as can be seen in the figure. Cutting on
volatility, V  V

cut

, leads to the signal and background
e�ciencies, compared to the classical results, shown in
the bottom panel of Fig. 2. The numerical values are
defined as in the Table, i.e., e�ciency refers to the frac-
tion of the Qjets that yield a pruned mass in the mass
bin. The parameter being varied along the curves (for



Width to Mass Distribution

✤ volatility = width of pruned mass distribution 4

Vol. Rigidity

cut (Vcut) ↵ = 0 ↵ = 0.01 ↵ = 0.1 ↵ = 1 ↵ = 100

hSi/�B|Q
hSi/�B|cl

0.02 1.28(5) 1.24(3) 1.28(3) 1.36(3) 1.13(1)

0.03 1.51(2) 1.45(3) 1.37(4) 1.35(2) 1.10(1)

0.04 1.51(4) 1.45(4) 1.39(3) 1.29(3) 1.10(1)

0.05 1.43(4) 1.44(3) 1.39(3) 1.27(1) 1.08(1)

None 1.07(1) 1.13(1) 1.18(1) 1.14(1) 1.06(1)
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0.02 0.48(7) 0.49(7) 0.50(7) 0.77(2) 0.95(1)

0.03 0.56(4) 0.57(5) 0.60(4) 0.87(1) 0.98(1)

0.04 0.62(3) 0.69(3) 0.71(2) 0.93(1) 1.00(1)

0.05 0.80(1) 0.80(1) 0.81(1) 0.96(1) 1.01(1)

None 1.32(2) 1.31(2) 1.25(2) 1.10(2) 1.03(1)

hSi/hBi|Q
hSi/hBi|cl

0.02 14(2) 13(1) 11(1) 3.1(1) 1.44(2)

0.03 8.6(5) 7.7(4) 5.6(3) 2.4(1) 1.30(2)

0.04 5.3(2) 4.9(2) 3.9(1) 2.00(4) 1.19(2)

0.05 3.6(1) 3.5(1) 3.1(1) 1.75(4) 1.14(2)

None 0.67(1) 0.74(1) 0.89(1) 1.01(2) 1.00(1)

TABLE I. The improvement found in various measurements
performed using the Qjet procedure compared to the classical
pruning result, for a range of values of the rigidity parameter
(↵) and subject to a set of volatility cuts (V  Vcut). The
first set of rows exhibit the discovery potential hSi/�B, while
the second shows the average jet mass fluctuation �hmi. The
last set of rows shows the change in the signal to background
ratio S/B. In all cases results greater than unity indicate im-
provement over the classical pruning procedure (see the text
for further discussion). For all quantities, the approximate
statistical uncertainty for the last digit is shown in parenthe-
sis.

repetitions of the pseudo-experiment and expect at most
O(1%) statistical e↵ects from this procedure.

The first set of rows in Table I display measurements
of the discovery potential hSi/�B compared to the re-
sults with classical pruning. Since this quantity scales aspL, the square of the number in the Table can be in-
terpreted as an e↵ective luminosity improvement due to
employing the Qjet procedure. For example, for ↵ = 0.1
(with no volatility cut) the number 1.18 means an e↵ec-
tive increase in the luminosity by (1.18)2 � 1 = 0.39 or
39%. Larger ↵ values confine the range of trees and yield
results very near the classical pruning results. Smaller
↵ values (with a much broader range of trees) tend to
degrade (decrease) the discovery measure.

The second set of rows exhibit the average jet mass
fluctuation �hmi|

cl

/�hmi|
Q

(note classical over Qjets
here). Values greater than unity mean that the mass
can be measured more precisely with the Qjet proce-
dure for the same luminosity, or the same precision can
be obtained with a smaller luminosity, compared to the
classical case. For this quantity (with no volatility cut)
there is continuing improvement as ↵ decreases and the
range of trees probed grows. The third set of rows show
the usual signal to background ratio, S/B, for pruned
Qjets compared to classical pruning. For this quantity
(and again no volatility cut) the best case occurs for large
↵ with all trees being essentially the classical tree. Note
that the fact that we get sensible results for ↵ = 0 (with
no weighting of the trees) is testament to the amount of
physics contained in the act of pruning, which often gives
the right mass even for IR sensitive clusterings.

4

Vol. Rigidity

cut (Vcut) ↵ = 0 ↵ = 0.01 ↵ = 0.1 ↵ = 1 ↵ = 100

hSi/�B|Q
hSi/�B|cl

0.02 1.28(5) 1.24(3) 1.28(3) 1.36(3) 1.13(1)

0.03 1.51(2) 1.45(3) 1.37(4) 1.35(2) 1.10(1)

0.04 1.51(4) 1.45(4) 1.39(3) 1.29(3) 1.10(1)

0.05 1.43(4) 1.44(3) 1.39(3) 1.27(1) 1.08(1)

None 1.07(1) 1.13(1) 1.18(1) 1.14(1) 1.06(1)

�hmi|cl
�hmi|Q

0.02 0.48(7) 0.49(7) 0.50(7) 0.77(2) 0.95(1)

0.03 0.56(4) 0.57(5) 0.60(4) 0.87(1) 0.98(1)

0.04 0.62(3) 0.69(3) 0.71(2) 0.93(1) 1.00(1)

0.05 0.80(1) 0.80(1) 0.81(1) 0.96(1) 1.01(1)

None 1.32(2) 1.31(2) 1.25(2) 1.10(2) 1.03(1)

hSi/hBi|Q
hSi/hBi|cl

0.02 14(2) 13(1) 11(1) 3.1(1) 1.44(2)

0.03 8.6(5) 7.7(4) 5.6(3) 2.4(1) 1.30(2)

0.04 5.3(2) 4.9(2) 3.9(1) 2.00(4) 1.19(2)

0.05 3.6(1) 3.5(1) 3.1(1) 1.75(4) 1.14(2)

None 0.67(1) 0.74(1) 0.89(1) 1.01(2) 1.00(1)

TABLE I. The improvement found in various measurements
performed using the Qjet procedure compared to the classical
pruning result, for a range of values of the rigidity parameter
(↵) and subject to a set of volatility cuts (V  Vcut). The
first set of rows exhibit the discovery potential hSi/�B, while
the second shows the average jet mass fluctuation �hmi. The
last set of rows shows the change in the signal to background
ratio S/B. In all cases results greater than unity indicate im-
provement over the classical pruning procedure (see the text
for further discussion). For all quantities, the approximate
statistical uncertainty for the last digit is shown in parenthe-
sis.

repetitions of the pseudo-experiment and expect at most
O(1%) statistical e↵ects from this procedure.

The first set of rows in Table I display measurements
of the discovery potential hSi/�B compared to the re-
sults with classical pruning. Since this quantity scales aspL, the square of the number in the Table can be in-
terpreted as an e↵ective luminosity improvement due to
employing the Qjet procedure. For example, for ↵ = 0.1
(with no volatility cut) the number 1.18 means an e↵ec-
tive increase in the luminosity by (1.18)2 � 1 = 0.39 or
39%. Larger ↵ values confine the range of trees and yield
results very near the classical pruning results. Smaller
↵ values (with a much broader range of trees) tend to
degrade (decrease) the discovery measure.

The second set of rows exhibit the average jet mass
fluctuation �hmi|
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(note classical over Qjets
here). Values greater than unity mean that the mass
can be measured more precisely with the Qjet proce-
dure for the same luminosity, or the same precision can
be obtained with a smaller luminosity, compared to the
classical case. For this quantity (with no volatility cut)
there is continuing improvement as ↵ decreases and the
range of trees probed grows. The third set of rows show
the usual signal to background ratio, S/B, for pruned
Qjets compared to classical pruning. For this quantity
(and again no volatility cut) the best case occurs for large
↵ with all trees being essentially the classical tree. Note
that the fact that we get sensible results for ↵ = 0 (with
no weighting of the trees) is testament to the amount of
physics contained in the act of pruning, which often gives
the right mass even for IR sensitive clusterings.
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FIG. 2. Upper: the distribution of volatility for signal
(boosted W -jets) and background (QCD jets) using a rigidity
↵ = 0.01. Lower: the background versus signal e�ciencies
(fraction in the mass bin) obtained for various ↵’s obtainable
from a cut on volatility and compared to the classical pruning
result.

While the discussion above certainly suggests that us-
ing Qjets is helpful statistically by reducing fluctuations,
we can use the single-jet pruned mass distributions that
arise from the N

Qjet

di↵erent prunings more directly. We
introduce the volatility of a jet, defined as

V = �/hmi , (4)

where � ⌘ phm2i � hmi2 and hmi are the RMS devia-
tion and the mean of the pruned jet mass distribution for
a single jet.

The distribution of volatility for signal and background
Qjets with ↵ = 0.01 is shown in the upper panel of Fig. 2.
On simple physical grounds one expects that signal jets,
i.e., jets that contain an intrinsic mass scale, will ex-
hibit a lower volatility than QCD jets with no intrin-
sic mass scale. This expectation is confirmed by our
simulations, as can be seen in the figure. Cutting on
volatility, V  V

cut

, leads to the signal and background
e�ciencies, compared to the classical results, shown in
the bottom panel of Fig. 2. The numerical values are
defined as in the Table, i.e., e�ciency refers to the frac-
tion of the Qjets that yield a pruned mass in the mass
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TABLE I. The improvement found in various measurements
performed using the Qjet procedure compared to the classical
pruning result, for a range of values of the rigidity parameter
(↵) and subject to a set of volatility cuts (V  Vcut). The
first set of rows exhibit the discovery potential hSi/�B, while
the second shows the average jet mass fluctuation �hmi. The
last set of rows shows the change in the signal to background
ratio S/B. In all cases results greater than unity indicate im-
provement over the classical pruning procedure (see the text
for further discussion). For all quantities, the approximate
statistical uncertainty for the last digit is shown in parenthe-
sis.

repetitions of the pseudo-experiment and expect at most
O(1%) statistical e↵ects from this procedure.

The first set of rows in Table I display measurements
of the discovery potential hSi/�B compared to the re-
sults with classical pruning. Since this quantity scales aspL, the square of the number in the Table can be in-
terpreted as an e↵ective luminosity improvement due to
employing the Qjet procedure. For example, for ↵ = 0.1
(with no volatility cut) the number 1.18 means an e↵ec-
tive increase in the luminosity by (1.18)2 � 1 = 0.39 or
39%. Larger ↵ values confine the range of trees and yield
results very near the classical pruning results. Smaller
↵ values (with a much broader range of trees) tend to
degrade (decrease) the discovery measure.

The second set of rows exhibit the average jet mass
fluctuation �hmi|
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(note classical over Qjets
here). Values greater than unity mean that the mass
can be measured more precisely with the Qjet proce-
dure for the same luminosity, or the same precision can
be obtained with a smaller luminosity, compared to the
classical case. For this quantity (with no volatility cut)
there is continuing improvement as ↵ decreases and the
range of trees probed grows. The third set of rows show
the usual signal to background ratio, S/B, for pruned
Qjets compared to classical pruning. For this quantity
(and again no volatility cut) the best case occurs for large
↵ with all trees being essentially the classical tree. Note
that the fact that we get sensible results for ↵ = 0 (with
no weighting of the trees) is testament to the amount of
physics contained in the act of pruning, which often gives
the right mass even for IR sensitive clusterings.
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FIG. 2. Upper: the distribution of volatility for signal
(boosted W -jets) and background (QCD jets) using a rigidity
↵ = 0.01. Lower: the background versus signal e�ciencies
(fraction in the mass bin) obtained for various ↵’s obtainable
from a cut on volatility and compared to the classical pruning
result.

While the discussion above certainly suggests that us-
ing Qjets is helpful statistically by reducing fluctuations,
we can use the single-jet pruned mass distributions that
arise from the N

Qjet

di↵erent prunings more directly. We
introduce the volatility of a jet, defined as

V = �/hmi , (4)

where � ⌘ phm2i � hmi2 and hmi are the RMS devia-
tion and the mean of the pruned jet mass distribution for
a single jet.

The distribution of volatility for signal and background
Qjets with ↵ = 0.01 is shown in the upper panel of Fig. 2.
On simple physical grounds one expects that signal jets,
i.e., jets that contain an intrinsic mass scale, will ex-
hibit a lower volatility than QCD jets with no intrin-
sic mass scale. This expectation is confirmed by our
simulations, as can be seen in the figure. Cutting on
volatility, V  V

cut

, leads to the signal and background
e�ciencies, compared to the classical results, shown in
the bottom panel of Fig. 2. The numerical values are
defined as in the Table, i.e., e�ciency refers to the frac-
tion of the Qjets that yield a pruned mass in the mass
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tion and the mean of the pruned jet mass distribution for
a single jet.

The distribution of volatility for signal and background
Qjets with ↵ = 0.01 is shown in the upper panel of Fig. 2.
On simple physical grounds one expects that signal jets,
i.e., jets that contain an intrinsic mass scale, will ex-
hibit a lower volatility than QCD jets with no intrin-
sic mass scale. This expectation is confirmed by our
simulations, as can be seen in the figure. Cutting on
volatility, V  V
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, leads to the signal and background
e�ciencies, compared to the classical results, shown in
the bottom panel of Fig. 2. The numerical values are
defined as in the Table, i.e., e�ciency refers to the frac-
tion of the Qjets that yield a pruned mass in the mass
bin. The parameter being varied along the curves (for





Jet Sampling (i.e. Q-events)



✤ Similar to Qjets:

✤ Perturb anti-kT metric

✤ Cluster many times

✤ After each clustering apply full set of cuts.  Count how many 
iterations passed signal-cuts.

http://jets.physics.harvard.edu/Qantikt

Generalize Q-jets to Whole Events

⌦ij ⌘
1

⌦

exp

 
�↵

dij
dmin
ij

!
, ↵ = rigidity parameter

http://jets.physics.harvard.edu/Qantikt
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Figure 1: The top-left panel shows the ⌘⇥� plot of a simulated pp ! �� ! gggg event at the LHC,
with m� = 500 GeV. The top middle panel shows the jet areas associated with the four jets which
best reconstruct the event using the classical anti-kT algorithm (see Sec. 6.4). The colors show the
detector elements where zero-energy ghost particles would get clustered into each jet. The remaining
plots show the frequency with which a cell is clustered into one of the four jets which best reconstruct
each event for di↵erent choices of ↵. Blue squares indicate a cell is nearly always included amongst
the four hardest jets, green squares indicate that the cell is included roughly half the time, while pink
indicates a cell is only rarely included. The same event is shown in all plots.

3 Overlapping jets and jet area

Before applying Qanti-kT to a signal/background discrimination task, we can explore how it di↵ers
from classical algorithms. An advantage of Qanti-kT is that particles are not always clustered into the
same jets. This is particularly useful in contexts where jets overlap. With overlapping jets, classical
algorithms must assign each particle to exactly one jet. But Qanti-kT can split the particles into each
jet some fraction of the time.2

2A note on our sample composition: we generate our signal and background events using a combination of Madgraph

v5.7 [19] and Pythia v6.4 [20]. All events were generated assuming a 8 TeV LHC. We group the visible output of Pythia

into massless �⌘ ⇥ �� = 0.1 ⇥ 0.1 massless cells with |⌘| < 5. Each type of event is analyzed with both Qanti-kT and

also standard anti-kT for comparison. We use Fastjet v2.4.2 [21] to generate the standard anti-kT results.
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Sum over trees -> Sum over shapes



Figure 2: The jet area computed using Qanti-kT for various choices of the rigidity parameter ↵.
Shown is the area of the hardest jet in � ! gg dijet events with m� = 1 TeV using R = 1.1.

To see how Qanti-kT handles overlapping jets, consider the four-jet event shown in Fig. 1. This
event is pp ! �� ! gggg at the parton level, a process examined in Sec. 6.4. In order to demonstrate
that particles between jets can get clustered into di↵erent jets, we show what happens when ghost
particles are added to the event. Ghost particles were introduced in [22] as a way to characterize
the area of a detector to which a jet is sensitive. Ghost particles are zero energy particles scattered
throughout the acceptance region. Since they have zero energy, they do not a↵ect the location or
4-momentum of the final jets. The top-middle panel of 1 shows the areas associated with the four jets
which best reconstruct the event using classical anti-kT (see Sec. 6.4). This panel is similar to the
bottom right panel of Fig. 1 of [5].

The remaining panels in Fig. 1 show the frequency with which individual cells are clustered into
the four jets which best reconstruct the event using Qjets for various ↵. We see that for small values
of ↵ there is little well defined structure to the event, while for ↵ = 0.1 we begin to see jetty areas
of activity with amorphous borders. Finally, for larger value of ↵ we begin to resolve the standard
anti-kT circular jet shapes. Note in particular from the ↵ = 10 panel that there are five jets relevant
in this event – there is no clear choice between which four should be used in the reconstruction. This
is precisely the sort of ambiguity which the multiple-interpretations approach can e�ciently exploit.

One can be more quantitative about the area clustered into each jet using the jet area proposed
in [22]. In a classical algorithm, this is the area of the detector clustered into a given jet. With Qjets,
the area varies for each clustering. Thus the jet area becomes a distribution. This distribution is
shown in Fig. 2, averaged over many events for R = 1.1. Jet area using the classical anti-kT algorithm
would give a �-function at area = ⇡R2 = 3.8. One can see this being approached at large ↵. For
↵ = 1.0, 0.1 or 0, the area is much broader. Thus, with Qanti-kT , the jet area can be either larger or
smaller than what comes from using classical anti-kT .

– 6 –

Sample jets of many areas



z
0 0.2 0.4 0.6 0.8 1

ev
en

ts
 (n

or
m

al
iz

ed
)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

signal (Z + H)

background (Z + jets)

Tclassical anti-k

z
0 0.2 0.4 0.6 0.8 1

(z
)

ρ
ev

en
ts

 (n
or

m
al

iz
ed

) =
 

0

1

2

3

4

5

6

signal (Z + H)

background (Z + jets)

=0α

z
0 0.2 0.4 0.6 0.8 1

(z
)

ρ
ev

en
ts

 (n
or

m
al

iz
ed

) =
 

0

1

2

3

4

5

6

signal (Z + H)

background (Z + jets)

=0.3α

z
0 0.2 0.4 0.6 0.8 1

(z
)

ρ
ev

en
ts

 (n
or

m
al

iz
ed

) =
 

0

1

2

3

4

5

6

signal (Z + H)

background (Z + jets)

=1α

Figure 3: z is defined as the fraction of interpretations of an event satisfying a set of cuts. Shown
is the distribution of z for signal (H + Z events, hollow, blue) and background (Z + bb̄ events, solid,
red) for various ↵. The cuts used to calculate z are 110 GeV < mJJ < 140 GeV and pT > 25 for
each jet. Top-left shows the classical case, where an event either satisfies the cuts z = 0 or it does
not. Distributions are normalized to area 1. These normalized distributions are the functions ⇢(z)
discussed in Sec. 5.

4 Cut-weights

Once one generates N clusterings of each event using Qanti-kT , the clusterings can be used to improve
the statistical significance in an analysis. In the context of a search, combining multiple interpretations
can be used to improve the S/�B (the signal size divided by the characteristic background uncertainty)
compared to a standard jet algorithm. Alternatively, the uncertainty on a mass, cross section, or
branching ratio measurement from a given sample can be reduced. In this paper, we focus on improving
S/�B.

Suppose one decides on a set of cuts which optimally distinguish signal from background for a
particular classical analysis. For example, in searching for H + Z events with H ! bb̄ one might like
to cut on the invariant mass of the bb̄ pair. Whatever the cuts are, classically an event either passes
those cuts or does not pass them. With Qanti-kT , a fraction z which we call the cut-weight, of the
events can pass the cuts.

To get a feel for what the cut-weight distributions look like, we show signal and background
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Each event is assigned a weight
Aside: Can shift 

to use better 
weights

observables cuts cut-weighted cut-reweighted

mJJ 1.00 – –

↵ = 0 1.00 0.79 0.82

↵ = 0.1 1.01 1.19 1.24

↵ = 0.3 1.00 1.22 1.28

↵ = 1.0 1.02 1.18 1.24

Table 1: Comparison of the significance using the cut-based, cut-weighted, and reweighted methods.
The mJJ window used 110 GeV < mJJ < 140 GeV taken from and the significance of this cut is
normalized to 1. The mass window has not been optimized (optimizing it on our samples leads to
104 GeV < mJJ < 136 GeV and gives a significance of 1.03). This same 110 GeV < mJJ < 140 GeV
window is used to compute the weight functions ⇢(z) for signal and background. Cuts refers to the
number NS/

p
NB of events in a window, cutting on the ⇢S(z) and ⇢B(z) distributions as well as

mJJ in the Qanti-kT cases. “Cut-weighted” refs to using Eq. (5.16) and“cut-reweighted” refers to
using Eq. (5.17) and (5.19). All numbers are for the same Z +H sample (signal) and Z + bb̄ sample
(background), as described in Sec. 6.3.

The functional variation of the significance is

�significance[t]

�t(z0)
=

⇢S(z0)

ht2i1/2⇢B

� t(z0)⇢B(z0)hti⇢S

ht2i3/2⇢B

(5.18)

This vanishes when

t(z) =
⇢S(z)

⇢B(z)
(5.19)

up to an overall constant which has no e↵ect on the significance enhancement.
To use these results in practice, suppose we are interested in how much luminosity it would take

to see a certain signal over a certain background. We first compute the expected numbers NS and
NB of signal and background events produced at the collider for a given set of cuts. Given these cuts,
we can calculate ⇢S(z) and ⇢B(z), as in Fig. 3. Thus functions give us hzi⇢S and hz2i⇢B (as well as
hti⇢S and ht2i⇢B if we want to use reweighted events). We then calculate S = N sig.

expected

= NShzi⇢S

and �B =
p

NBhz2i⇢B . The expected significance is given by S/�B. With data, one could just look
for an excess over expected background. Then S would be replaced by N

observed

�Nbkg

expected

.
As a comparison of the cut-based, cut-weighted, and reweighed approaches, we give the expected

significance for each method in Table 1 for the Z +H signal and Z + bb̄ background samples. Note
that since S/�B scales as

pL (the square root of the luminosity), an improvement in S/�B of 28%
means that one can make measurements with a significance comparable to standard anti-kT using only
( 1

1.28 )
2 = 61% of the luminosity. On the other hand, since S/�B is proportional to NS/

p
NB , for any

⇢ one can compare the significance for di↵erent algorithms and cuts independent of the expected cross
section and luminosity.

6 Example applications

In this section we show how Qanti-kT can be useful for a variety of searches. We will consider
three signals, listed here in ascending order of complexity: (1) a resonance decaying into dijets, (2)
a resonance produced in association with a vector boson (including the H + Z example), and (3)

– 13 –



Figure 6: The two resonance masses in the pp ! �� process found for 100 interpretations of a single
signal event using Qjets. From top left going clockwise, ↵ = 0.1, ↵ = 1, ↵ = 10, and ↵ = 100. We
see that while the ↵ ! 1 interpretation of the event does not fall within the mass window, such an
interpretation arises when ↵ is relaxed to ⇠ 1 and below.

(see Ref. [25, 26] for similar analyses at ATLAS and CMS). The background in this case is four-jet
production in QCD.

In analyzing the four-jet events, while the core Qanti-kT algorithm remains unaltered we add a
preselection step to speed up the analysis (cf. Sec. 7). In the preselection step we run both signal and
background events through anti-kT using Fastjet with R = 0.5. We then check to see if each of the
four hardest jets in each event have pT > 120 GeV. Only events passing this cut are passed through
to our non-deterministic anti-kT algorithm.

Each interpretation of each event using Qanti-kT (or the single classical interpretation) gives a set
of jets. Our goal is to select from these jets the four that yield two pairs which are close to each other
in mass. In order to do this, we select the five hardest jets from the final set of jets, form all possible
pairs, and calculate the invariant mass for each pair. For each two pairs a and b (representing the
reconstructed scalars), we calculate the quantity |ma �mb|/(ma +mb) to evaluate how close in mass
the reconstructed scalars are. We choose the pairing that minimizes the mass di↵erence between the
two reconstructed scalars. Once the pairing is chosen, we further require that:

• The mass di↵erence between the two reconstructed scalars is less than 20%: |ma �mb|/(ma +

– 16 –

Example: Four-jet resonance



✤ For simple events (e.g. dijets) there isn’t much improvement

✤ More significant for more complex events (~50% in some cases).

Sample R
Improvement in S/�B (%)

anti-kT ↵ = 0 ↵ = 0.01 ↵ = 0.1 ↵ = 1 ↵ = 100

pp ! � 1.10 1.0 0.14 0.77 0.89 1.03 1.01

pp ! �+ Z(A) 0.95 1.0 0.64 0.99 1.07 1.09 1.01

pp ! �+ Z(B) 0.65 1.0 0.58 0.98 1.19 1.10 1.01

pp ! h+ Z 0.7 1.0 0.79 0.99 1.19 1.18 1.01

pp ! �+ � 0.75 1.0 0.75 1.43 1.49 1.40 1.01

Table 2: The improvement in S/�B compared to standard anti-kT for various processes using di↵erent
values of ↵, the rigidity parameter. pp ! �+Z(A/B) denote the �+Z processes with a missing energy
cuts of 400 and 800 GeV, respectively. The value of R used in both standard anti-kT and Qanti-kT is
the one which optimizes the standard anti-kT results. The largest improvements are shown in bold.

mb) < 0.2

• The average mass (ma + mb)/2 of the two reconstructed scalars fall within the window 450 �
550 GeV.

• Each jet used to reconstruct the scalars must have pT > 120 GeV

An example distribution of ma vs mb for a single event is shown in Fig. 6. We see that the
classical analysis (↵ ⇠ 100) does not find ma = mb = 500 GeV which would correspond to perfect
reconstruction. The distribution of ma and mb for finite ↵ shows that many masses can be sampled.
More importantly, we see that some samplings come very close to the perfect reconstruction. This
shows why Qanti-kT will be helpful for this multijet sample.

This procedure is applied first to the classical analysis. We find that R = 0.75 maximizes S/�B

in the classical case. Using this value of R, the S/�B improvements using Qanti-kT on the same
signal and background events at di↵erent values of the rigidity parameter ↵ are shown in Table 2.
We see that at ↵ = 0.1 there is a 49% improvement in S/�B over the classical results. As with the
previous cases, when ↵ approaches higher values such of 10 and 100, the improvement declines as the
algorithm begins to behave more like the classical algorithm. At very low values of ↵ the performance
of Qanti-kT is poor. Again this is expected due to the highly random nature of the mergings at low
↵ with little physical motivation

The large improvement (49%) in significance achievable with Qanti-kT over the classical analysis
is consistent with our expectation that Qanti-kT helps more in more complicated event topologies. In
this case, having four jets rather than two makes the jets more likely to overlap and Qanti-kT is more
likely to be helpful.

7 Speed

Unfortunately, adding non-determinism to a jet algorithm and running it 100 times can slow down
an analysis significantly. You might expect that running something 100 times (with no optimization)
should take at worst 100 times the amount of time it takes to run it once. But actually, our algorithm
can be even slower. The reason is that one must recompute !(↵)

ij at each stage in the clustering using a
new dmin (see Eq. 2.3), whereas ordinary anti-kT need only compute the smallest distance at each step.
Because of this extra information required, we cannot exploit without modification the computational
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Figure 4: z is the fraction of interpretations of an event which satisfy the cuts, as in Fig 3. The
2D distribution of z as a function of the classical dijet mass mJJ is shown for some values of ↵ for
signal and background. Every event gives a value of mJJ and a value of 0  z  1. Thus integrating
over z reproduces the classical mJJ distribution, as shown in the bottom right. In the classical limit
(↵ ! 1), information from multiple interpretations is inaccessible.

distributions of z in Fig. 3. Here, signal is H + Z events with H ! bb̄ and background is Z + bb̄

events. We demand that pZT > 120 GeV for all events, imagining Z decays to neutrinos and this is
a missing transverse energy cut. The cuts by which z is determined are that the two hardest jets
should have pT > 25 GeV and that the dijet invariant mass of the two hardest jets is in the window
110 GeV < mJJ < 140 GeV.

In the classical limit (↵ = 1), we see that z = 0 or z = 1 only. That is, an event either satisfies
the cuts or it does not. For smaller ↵, say ↵ = 1, there is a substantial fraction of the events for
which only some of the clusterings satisfy the cuts. Note that more signal events pass the cuts than
background events. For ↵ = 0 where the clustering is random, no more than half of the interpretations
pass the cuts.

As another way to visualize the value added by cut-weights, we show in Fig. 4 how z changes
for events with a given classical dijet invariant mass. In a classical analysis, one can look at the
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Full likelihood approach?



Performance

✤ Qanti-kT is slower than anti-kT, but we believe it can still be used 
practically - takes ~30s for 100 clusterings of an event with a few 
hundred particles.

✤ There are tricks to improve it!

✤ Preselection: only look at events which pass a looser cut

✤ Limit mergings: don’t calculate if delta-R > 2 or so

✤ Preclustering: coarse grain to limit number of initial particles



Telescoping Jets



Telescoping Jets

✤ By Y.-T. Chien [1304.5240]

✤ Basic idea: use statistics formalism 
of Qjets/Jet Sampling, but 
simplify/improve the algorithm.

✤ Two versions of algorithm:

1. Use sets of anti-kT jets with 
different R’s.

2. Determine jet axes using R=0.4 
anti-kT jets.  Then make cones. 
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Telescoping Jets: Multiple Event Interpretations with Multiple R’s

Yang-Ting Chien
Center for the Fundamental Laws of Nature, Harvard University, Cambridge, MA 02138, USA

Jets at high energy colliders are complicated objects to identify. Even if jets are widely separated,
there is no reason for jets to have the same size. A single reconstruction, or interpretation, of each
event can only extract a limited amount of information. Motivated by the recently proposed Qjet
algorithms, which give multiple interpretations for each event using nondeterministic jet clustering,
we propose a simple, fast and powerful method to give multiple event interpretations by varying the
parameter R in the jet definition. With multiple interpretations we can redefine the weight of each
event in a counting experiment to be the fraction of interpretations passing the experimental cuts,
instead of 0 or 1 in a conventional analysis. We show that the statistical power of an analysis can be
dramatically increased. In particular, we can have a 46% improvement in the statistical significance
for the Higgs search with an associated Z boson (ZH ! !!̄bb̄) at the 8 TeV LHC.

Jets are manifestations of the underlying colored par-
tons in hard scattering processes. In order to reconstruct
hard processes and uncover physics at high energy, jets
are key objects to identify in high energy collider exper-
iments. The conventional way to identify jets is to use
clustering algorithms [1–5], where a parameter R sets an
artificial jet size. The constituents of each reconstructed
jet are those particles within an angular scale R away
from the jet direction. This is particularly true for the
anti-kT algorithm because it gives almost perfect cone
jets in the calorimeter pseudorapidity-azimuthal angle
(!-") plane. On the other hand, a jet is a distinct struc-
ture in its own right with many collinear particles. The
width of the localized energy distribution of the jet in
the !-" plane is an independent quantity and should be
distinguished from the parameter R (FIG. 1).
Because the formation of jets is quantum mechanical

and probabilistic, the widths of jets are always di!erent
(FIG. 2). To reconstruct partonic kinematics we should
pick a large enough R so that most of the radiation emit-
ted by the partons is enclosed. However, with a large R
more radiation contamination will be included. We can

Width
R

(!,")

Energy

Jet axis

FIG. 1: A cartoon calorimeter plot distinguishing the width
of the localized energy distribution of a jet (red) from the pa-
rameter R (blue) in the anti-kT algorithm. R is an artificial
distance scale introduced to define the calorimeter region we
want to look at. The jet axis points in the direction of the
dominant energy flow, and the precise direction is not essen-
tial here.

manage to use jet grooming techniques [7–10] to get rid of
contamination. Algorithms with a large R may also fail
to resolve jets in some events. Multiple partons may be
in a fat jet which potentially has substructure. Without
looking into jet substructure we may incorrectly include
irrelevant jets in event reconstruction. In the end an R
is chosen for all events to optimize an analysis (see [11]
for jets with variable R). A fixed R defines a single set
of constituents for each jet and a single interpretation for
each event. There is no choice of R in conventional clus-
tering algorithms which can resolve jets and get most of
the relevant radiation for all events.

η

0.5
1

1.5
φ

3

4

5

6

E 
(G

eV
)

0

2

4

6

8

10

η

0.5
1

1.5
φ

3

4

5

6

E 
(G

eV
)

0

5

10

15

20

FIG. 2: Two b jets with the same partonic kinematics but
di!erent widths, wider (top) and narrower (bottom).
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FIG. 3: The invariant mass distribution of the two b jets for
a ZH event with multiple interpretations using the telescop-
ing jet algorithms (black). Using the anti-kT algorithm with
R=0.7, mjj=143.4 GeV (red) which is outside the mass win-
dow of 110 GeV < mjj < 140 GeV in a conventional analysis.
Using multiple interpretations reveals the ambiguity of this
event and 37% of the interpretations pass the cuts (blue).

Multiple event interpretations can provide extra infor-
mation and help increase the statistical power of an anal-
ysis. The recently proposed Qjet algorithms [12] give
multiple event interpretations using nondeterministic jet
clustering. Unlike conventional clustering algorithms,
Qjets merge pairs of particles probabilistically according
to an exponential weight, resulting in di!erent clustering
histories. An event may have a wide range of interpre-
tations, and the probabilistic nature of Qjets allows the
correct event structure to emerge. It was shown that jet
sampling with Qjets [13] can help improve considerably in
the statistical significance S/!B –the expected size of the
signal divided by the background uncertainty– in many
classes of analyses, and it is interesting to understand the
essence of Qjets.
In this paper we propose a simple way to define an

event interpretation: each choice of R in jet algorithms
gives a distinct event interpretation. The idea of probing
jets with multiple R’s is referred to as telescoping jets.
As a first step we can apply conventional clustering al-
gorithms on each event multiple times with di!erent R’s.
Note that, with a too-small R we may resolve an event
in too much detail that miss its overall jet structure: in
the R ! 0 limit particles are all jets. On the other hand,
with a too-large R we may fail to resolve close jets. To
deal with these issues, we improve the algorithm by first
using the anti-kT algorithm with a suitable R to reliably
reveal the jet structure of an event and determine the jet
axes from the reconstructed jet ”cores”. These axes point
in the directions of the dominant energy flow in an event,
and the precise directions are not essential. We can also
use the axes determined through a jet shape minimiza-
tion procedure and bypass using clustering algorithms.
Then we define jet constituents by the particles within
a distance R away from the predetermined jet axes in
the "-# plane. So di!erent interpretations correspond to
di!erent jet constituents without the tree structure.

pp!ZH

0 50 100 150 200 250 300
0.00

0.05

0.10

0.15

0.20

0.25

mjj !GeV"

#A
.U
.$

telescoping cone
telescoping anti"kT

anti"kT , R#0.7

pp!Zbb
"

0 50 100 150 200 250 300
0.00

0.01

0.02

0.03

0.04

mjj !GeV"

#A
.U
.$

telescoping cone
telescoping anti"kT
anti"kT , R#0.7

FIG. 4: The signal (top) and background (bottom) mjj dis-
tributions reconstructed using the anti-kT algorithm with
R=0.7 (red), as well as the telescoping anti-kT (blue) and
cone (green) algorithms. Using multiple event interpretations
gives a wider signal Higgs mass peak, but it reduces the sta-
tistical fluctuations of the mjj distributions.

However, another way of thinking about the above tele-
scoping cone algorithm is that, we essentially move down
the clustering sequence in the anti-kT algorithm to build
up jets after identifying the branch structure. This is
complimentary to moving up the reclustered tree and
looking for mass drops to identify the branches [6, 7].
Using di!erent R’s allows us to probe the energy distri-
bution within each jet and give multiple event interpre-
tations, and every observable of each event turns from a
single number to a distribution (FIG. 3).
In the following we present the detailed procedure of

the algorithm and apply it in a search for associated pro-
duction of a Higgs and a Z where the Higgs decays to
two b jets and the Z decays to $$̄ (ZH ! $$̄bb̄). The
background is Z+ bb̄ from g ! bb̄. We require the events
to pass a /ET > 120 GeV cut for the experimentally avail-
able triggers. The bb̄ system is slightly boosted so that
the two b jets are closer to each other and more di"cult
to resolve. We define the signal window (specified later)
by imposing cuts on the invariant mass of the two b jets
mjj (FIG. 4) and the transverse momentum of each b-
jet in our analysis. With multiple interpretations, each
event is counted by the fraction of interpretations pass-
ing the cuts, instead of 0 or 1 in a conventional analysis.
As we will see, this increases the statistical stability of
observables so that background fluctuations shrink con-
siderably, which is the key for S/!B improvement.



Results

✤ Advantages:

✤ Faster than Qanti-kT

✤ Jet shapes more regular 
(easier calibration for 
experimentalists)

✤ For Z+h, outperforms 
Q-antikT.  Need to 
investigate other 
channels

4

R range N algorithm weight S/!B !

0.4 and 1.0 2 cone z 14%

0.4 to 1.0 7 cone z 20%

0.4 to 1.5 12 cone z 26%

0.2 to 1.5 100 anti-kT z 20%

0.2 to 1.5 100 cone z 28%

0.4 to 1.5 12 cone "S/"B 38%

0.2 to 1.5 100 cone "S/"B 46%

TABLE I: S/!B improvements using telescoping jets with dif-
ferent ranges of R, numbers of interpretations N , jet algo-
rithms and weights in the counting experiment.

the improvement by using just two R’s, and using 12 R’s
between 0.4 and 1.5 performs almost as good as using
100 R’s between 0.2 and 1.5.
With !S(z) and !B(z) we can get an even larger im-

provement with the optimized weight !S(z)
!B(z) [13] in the

counting experiment. Then the significance is equal to

S

"B
=

NS!
NB

!

" 1

0

!2S(z)

!B(z)
dz , (3)

and we get a 46% improvement compared to the conven-
tional analysis. For R=0.4 to 1.5 with increment 0.1 we
can get a 38% improvement with just 12 R’s.
To conclude, the width of the localized energy distri-

bution of a jet may not match well with the parameter R
in jet algorithms. The situation is even more complicated
for events with close jets because resolving jets becomes
an issue when the parameter R and the distance between
jets confront with each other. We explore a simple and
promising way of giving multiple interpretations for each
event by changing the parameter R in jet algorithms.
The approach increases the statistical stabilities of ob-
servables which leads to remarkable improvement in the
significance of a refined counting experiment. Telescop-
ing jets open up the possibility of refining and improving
jet physics analysis in high energy experiments.
Also, we only look at the transverse momenta and in-

variant mass of the two b jets, which are observables
at high energy scales. It would be interesting to see
how much more we can improve the significance of Higgs
searches in hadronic channels by combining the analysis
with other jet substructure [19–21] and color flow [22, 23]
observables, which probe softer sectors of QCD and color
connections in an event. The approach of using multi-
ple event interpretations could potentially be combined
with likelihood ratio test and multivariate analysis, and
in the presence of pile up our method will have to combine
with jet grooming techniques. Applications of telescop-
ing jets beyond physics searches, for example observable
measurements, are also worth investigating. Probing jets
with multiple Rs may also allow us to construct jet ob-
servables more reliably.
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Sizable improvement for Z+h!  
Working with experimentalists in 

ATLAS to try this out.



Future Directions

✤ Consider other useful channels: e.g. jet vetos (preliminary studies indicate 
huge improvements).

✤ Think about how to implement side-band analyses.

✤ What is the optimal weighting scheme for Q-events/Telescoping jets?  

✤ Are there more analytical ways to understand the optimal rigidity 
parameters used?

✤ How does the improvement found using Q-events change when one 
applies jet grooming?

✤ How does this relate to Shower Deconstruction?



Conclusions

✤ Jets are great because they help us add structure to an event, but if we 
only ask yes/no questions (e.g. “Signal-like or not signal-like”) we 
lose sensitivity.

✤ The formalism of Q-jets/Q-events fixes this - now each event is 
signal-like to some degree (e.g. 90% signal-like).

✤ While Qjets is fast enough(?), Qanti-kT can be slow.  Fortunately, 
Telescoping Jets is very fast and may outperform Qanti-kT in many 
channels.  It works!  Use it!

✤ Lots of interesting questions remain open.


