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1 Introduction

Jets arise in many important scattering processes encountered at the LHC. Therefore,
much experimental and theoretical effort has recently gone into creating better tools for
handling them. Techniques now exist to identify jets arising from the decay of boosted
heavy particles [1-21], to remove unwanted radiation from jets [4, 22-34], and to measure
properties of the partons initiating jets [35—40]. See refs. [41-43] for an overview. To
this toolkit the authors recently added Qjets [44]. In the discussion that follows we are
specifically thinking in terms of “tagging” jets as either containing (the decay products of)
a heavy boosted object (the signal), or as being an ordinary QCD-jet (the background).
The motivation behind Qjets comes from the observation that as jets are produced
through a stochastic process there is an inherent ambiguity in their reconstruction. That
is, even with a perfect algorithm one could never hope to unambiguously associate each
hadron to an individual jet — instead one typically makes a best-guess assignment using
a well motivated procedure. This is not ideal as it removes all information about the
ambiguity in jet processing and tagging; any two jets that pass a set of selection cuts are
assigned the same weight, even if one is unambiguously signal-like and the other is only
marginally so. To address this concern the Qjets procedure processes and tags a jet using a
range of plausible algorithms and grooming procedures, assigning a distribution of possible



properties to each jet. The initial Qjets description [44] presented two central ideas: (i) a
new observable volatility that characterizes the width of the mass distribution generated by
the Qjets procedure and can help distinguish jets arising from boosted heavy objects from
QCD jets; and (ii) the use of the Qjets distributions to improve the statistical stability
of the measurements of jet observables. The former is an intuitively reasonable result in
the sense that one expects that a jet with an underlying mass scale (i.e., the mass of the
heavy object) will exhibit a jet mass that is more robust under changes in the details of
the jet algorithm and grooming procedure compared to a background QCD jet. Volatility
as a discriminating variable has recently been validated [45, 46] by both the ATLAS and
the CMS collaborations of the LHC. The Qjets improvement in the statistical behavior of
jet measurements is less intuitive and the current work has the goal of explaining the how
and why of this statistical improvement.

In order to explain why the Qjets procedure is associated with non-standard statistical
analyses, let us first distinguish it from a conventional, or “classical” approach, in which
a jet is first groomed and then tagged to be a signal jet if its groomed mass falls within
a pre-defined signal-mass window. Such a conventional approach therefore assigns both
a groomed mass uf and a tagging efficiency ch to each jet j. The conventional tagging
efficiency is a binary tagging variable, which takes the value 1, if the mass of the jet is
within the mass-window (£2), ,ujc € , and takes the value 0 if the mass of the jet is not
in the window, M]C ¢ Q. For Qjets there is a well defined procedure (reviewed in more
detail in section 3) to groom an individual jet in a variety of ways leading a distribution

of groomed masses. The corresponding Qjets tagging efficiency T]Q is the fraction of those

Q
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the average of the masses that fall within the mass-window. The fundamental difference in

the statistical analysis of the Qjets case arises from the fact that T]-Q exhibits a continuous

range of values in the interval [0, 1], in contrast to the binary values of 7€,

J
To illustrate the unconventional features of a continuous weight TJQ more specifically,

masses that fall within the mass-window, while the Qjets measure of the jet mass p* is

consider the goal of identifying boosted W-jets. A binary ch implies a jet is either W-

like or QCD-like, whereas a continuous TJQ allows a jet to be treated as partially W-like
and partially QCD-like. Now consider an example where in an experiment the conventional
approach identifies two jets with masses u{ = 80 GeV and u§ = 85 GeV with ¥ = 7§’ = 1.
One therefore reports that the experiment sees 2 tagged W-jets and measures the masses
of the tagged jets to be (80 + 85) /2 GeV = 82.5GeV. Contrast that result with the Qjets
procedure that might assign these two jets the same masses as the conventional approach

(i.e., u? = MJC), but finds one jet to be more W-like than the other (say, T{Q = 0.9 and

T;Q = 0.2). So, using the Qjets procedure, the experiment instead finds (0.9 4 0.2) = 1.1
W-jets, and measures the W-mass to be (0.9 x 804 0.2 x 85)/(0.9 4 0.2) GeV = 80.9 GeV.
Furthermore, as we explain below, both of these observables (the number of tagged jets and
the measured mass from the tagged jets) are statistically more robust in the case of the Qjets

procedure than in the conventional approach. In fact, one can make a definite statement:

SN\ © 1 1 <5NT>Q 1
=T - d < < , 1.1
( Nr ) vVeN o vN = \Nr T VeN (1.1)



where N7 represents the number of tagged jets that arise from a physical process expected
to yield N total jets and e represents the efficiency of the conventional tagging procedure,
e = Np/N. So, if a process is expected to yield N = 100 jets reconstructed at ¢ = 50%
efficiency, one expects unweighted measurements of the cross section to have a statistical
uncertainty of 14% (= 1/4/50). On the other hand, if one employs the Qjets procedure
with the average tagging efficiency e still at 50%, one can achieve an uncertainty somewhere
between 10% and 14%. Thus, with Qjets one can hope to obtain more precise results using
the same data.

More specifically, the claims in ref. [44] regarding the uncertainties of various measure-
ments can be stated as

Q /589 Q/mQ
5*/0 >1 and om=/m

eyl S fmC < 1. (1.2)

These expressions use the definitions (to be explained in more detail later):

SQ/C = > T]Q/ ©. total number of signal jets correctly tagged in an experiment.
j€Esignal

BQ/C = > T]Q/ . total number of QCD jets incorrectly tagged in an experiment.
j€bkg

Q/e Q/C
- J J
m®/C = JZiQ/c: the (average) mass of the tagged jets as measured in an experiment.
T
—~ ]
J

dBYC smYC: the fluctuations in the corresponding measurements.

In the phenomenological studies presented below we will confirm the inequalities in eq. (1.2)
and attempt to provide intuitive explanations of why they hold. Note that the explanation
is not as straightforward as for eq. (1.1).

It is helpful to think in terms of fwo types of effects contributing to the fact that
the left-hand sides in eq. (1.2) are different from 1. As described above, an essential
difference of the Qjets procedure is the shift from the binary tagging efficiency of the

conventional approach, T]-C (=0 or 1), to the continuously valued TJQ (0< TJQ <1). Thus

jets with ch = 1 can have T]Q < 1, while jets with ch = 0, which make no contribution

to the conventional analysis, can have T]Q > 0 and contribute to the Qjets analysis. These

changes impact both the counting of jets and the values of weighted averages, as in the
weighted average mass defined just above. One of the important results of the Qjets analysis
described below is that the distribution of jet-masses assigned by the Qjets procedure (,u?)
for W-jets is found to be more sharply peaked around My, than the ujc distribution. The
Qjets procedure, since it samples a variety of pruning scenarios, can include scenarios that
remove unwanted radiation from a W-jet more effectively than the single conventional
pruning scenario [24, 25]. Since it is exactly these more effective scenarios that lead to
larger weights in the Qjets analysis, the resulting weighted average mass tends to be closer
to the physical W-mass. Thus the Qjets procedure can provide a better “groomer” than

the classical pruning [24, 25]. In summary, the improvement indicated in eq. (1.2) stems



from both the “purely statistical” enhancement inherent in the shift from the binomial
distribution of ch to the continuous distribution of TJQ, which we label the “statistical”
effect, and from the possible improvement in the measured signal mass distribution inherent
in the shift of mass observable from M? to u?, which we label the “physics” effect.

Of course, the “statistical” and “physics” effects are not explicitly independent. In an
effort to a provide a quantitative separation of these two effects, we define a third, hybrid
pair of variables, ( u?, %]Q), where the mass variable remains the same as for the usual Qjets

procedure, but the tagging probability variable %]-Q follows a binomial distribution (similar

to ch) defined by

0 forr2=0

Q= T (1.3)
1 otherwise.

With our definition of ,u? in Qjets, %JQ corresponds to tagging a jet based on whether u]@

is in the bin or not — i.e. tagging efficiency is derived just like in the conventional case,
;52 ? such that its value is in the bin if any
of the Qjet masses for a given jet are in the bin, which is why all nonzero values for TJQ

but using p° instead of MJC. Further, we define

yield a %jQ value of 1.

The left-hand sides in eq. (1.2) can then be represented as products of statistical pieces
and physics pieces:

SQ/5BQ d dmQ/mQ

o statistical quantities: exhibiting the impact of using a continu-

SQ/6BQ @ /mQ
ous versus binary variable, T]Q versus %]Q;
Q /sRQ 7 Q /5 Q . . o . )
e physics quantities: gcf% and %, primarily exhibiting the impact of the dif-

Q
e

fering distributions for the mass variables M? Versus [
The present article aims to clarify these points by presenting an explicit framework
for calculating the statistics of jets obtained from the Qjets procedure, as applied to a jet-
tagging analysis. The paper is structured as follows: in section 2 we introduce a statistical
formalism for evaluating the uncertainties associated with the measurement of cross-section
and mass for a tagging efficiency described by a continuous variable, in section 3 we review
the Qjets procedure and discuss, in particular, how it leads to a mass and a tagging
efficiency for a given jet, in section 4 we apply the formalism derived in section 2 to
estimate the statistical and physics quantities outlined above, in section 5 and section 6
we present simple phenomenological pictures to assist in the understanding of the results
for the statistical (section 5) and physics (section 6) effects presented in section 4, and in
section 7 we provide concluding remarks. A validation of our analytical results, derived
in section 2, using Monte Carlo pseudo-experiments is provided in appendix A, and more
mathematical details are included in appendix B.

2 Statistical uncertainties

In this section we lay out the mathematical foundation needed to understand the statistical
fluctuations of measurements when using the Qjets procedure (i.e., non-binary tagging).
This analysis applies to both signal and background measurements.



One can think of the statistical uncertainties in jet-based measurements as arising from
two sources: (1) Poisson uncertainty, and (2) sampling uncertainty:

e Poisson uncertainty refers to the uncertainty in the number of events (or jets) of a
certain variety produced by a process yielding discrete counts at some continuous
rate. For example, if a collider is expected to yield on average N events (of the given
variety) with a given luminosity (N = Lo, where o is the production cross section
for this kind of event or jet) then the probability of it producing n events is given by
the Poisson distribution:

—N AT
e VN
. ()pois = N, 0Bye=N. (2.1)

Pois(n|N) = -
Thus the variance (o3 _;,) of this distribution is N as indicated, which tells us that
the characteristic size of the variation in the number of events (of the given variety)
produced with a given luminosity from one experimental run to the next is v/ V.

o Sampling uncertainty refers to the uncertainty in the way the events will be recon-
structed by the analysis procedure, leading to fluctuations in the tagging rate sample-
to-sample. Let us illustrate this point with an explicit example. Consider that we
are trying to identify jets containing W decays with an algorithm characterized by a
given tagging efficiency (say 70%). By sampling uncertainty we refer to the fact that
for one sample of 100 signal jets the procedure might tag 75 jets as W-like, while for
another sample of 100 signal jets it might only tag 65.

The next step is to explain why the probability distribution describing the tagging
of jets in the Qjets procedure is fundamentally different from the conventional procedure,
resulting in qualitatively (and quantitatively) different expressions for the sampling un-
certainty, as well as the total statistical uncertainty. Recall that a conventional tagging
procedure assigns a binary valued weight 7 of either 1 or 0 (i.e., tagged or not-tagged) to
a jet. Such a procedure is usually characterized by a tagging efficiency €, which means
that, on average, a fraction e of jets selected at random from a sample of W-jets will
be tagged. Thus the explicit probability distribution function (or pdf) for tagging 1-jet,
picked at random from a set of W-jets, by a conventional (C) procedure can be simply
represented as:

FE(r)=(1—€)d(r) +ed(r — 1), (2.2)

(where §(7) is the usual delta function that vanishes everywhere except at 7 = 0, but is
sufficiently singular at 7 = 0 to satisfy [drf(7)d(7) = f(0) for any range of integration
that includes the origin). This form is illustrated in the left-hand plot in figure 1. In
contrast, the weight 7 assigned by a Qjets procedure can have any value in the interval
[0,1]. We label the pdf for tagging 1-jet (picked at random from a set of W-jets) with
probability 7 by the Qjets procedure as F1Q<T) Note that, unlike eq. (2.2), F1Q<T) is a
continuous function of 7, as illustrated in the right-hand plot in figure 1.

These 1-jet tagging probability distribution functions (the Fj(7)’s illustrated in fig-
ure 1) are central to our analysis. As we will show later, the statistical uncertainties
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Figure 1. Illustration of how FC(r) (left) and F3(r) (right) may look for a sample of W-jets.
Note the binomial nature of FC(r) as opposed to the continuous distribution of 7 in F (7).

associated with various tagged 1-jet measurements are given entirely in terms of the first
few moments of the Fj(7). In particular, we define the average and variance (and the
normalization) of F;(7) to be:

<T>:/017F1(T)d7, and azz/ol(f—<f>)2pl(f)d7, (/OlFl(T)dT:1>. (2.3)

Note that, in the special case of the conventional procedure as in eq. (2.2),

1 1
(r¢) = / TFE(r)dr =€, and (09)%= / (1 —(T))2FC(r)dr = €e(1—¢€), (2.4)
0 0
where, as above, € is the average tagging efficiency in the conventional procedure. The
results of eq. (2.4) are just what we expect from the binomial distribution corresponding
to a binary valued weight. Note that the differences between the two distributions in
figure 1 (binary versus continuous, where the latter has more support near the average
value) already suggest that o < oS, even for cases where (7Q) ~ e.
For the corresponding hybrid analysis of eq. (1.3) we have a distribution similar to
eq. (2.2),
FR(7) = (1-&)8(7) + (7 —1), (2.5)

with moments
(7 =¢ and (o) =¢(1-¢). (2.6)

Note that, since the jets that were tagged in the conventional analysis are typically still
tagged, and the Qjets procedure allows more jets to be tagged, with 7~'JQ =1 in the hybrid
analysis, we expect that é > e.

2.1 Cross-section measurement

As a first detailed example consider the statistical uncertainties inherent in the measure-
ment of the production cross-section of jets containing the desired heavy particle. First,



imagine that Ng jets are selected at random from a set of W-jets. The total number of
(correctly) tagged W-jets (or Np) is then given as

Ng
NT == ZT]' . (27)
Jj=1

Since Nr is a sum of weights, it can exhibit non-integral values for the Qjets procedure.
The probability distribution describing N7, for a given sample size Ng, can be constructed
in terms of Fi,

Ns
Fng(Np) = [H/F1 Te di] (NT — ka> . (2.8)
k=1

For future reference the first two moments of this general distribution are

(N7)n / NpdNpFyg(Np) = [H / Fy (7 di] Zm = Ng(r (2.9)

and

Ng Ng 2
(N3)ng = / N2dNpFyy(Ny) = [H / Fl(Tk)di] (Z Tk>
k=1
= [H/Fl Tk di ZTk —i—ZTle

k#l
= Ng(7%) + Ns(Ng — 1)( 7)% + Ns ((r%) — (1)?) = N3(7)? + Nso? .
(2.10)

For the conventional procedure (with a binary valued 7) FE,S (N7) is given by the
probability of selecting Np objects from a set of Ng objects and the pdf is given by a
Binomial distribution of mean e:

Ng
FNS (N7) = [H/Fl Tk di] 4] <NT —ZTk>
k=1

(2.11)
Ng! Nrp Ng—N
= 1— ST = B(Nt|N.
NNy — Nl (I—¢) (N7|Ns,e),
with moments
NS N, = Nge
< T> S (2‘12)

(N)*)ns = N2 + Nge(1—¢).

Next we consider measuring the production cross section for the tagged jets. As noted
above, the total statistical uncertainty depends on both the Poisson uncertainty and the
sampling uncertainty. If the expected number of jets (for a given luminosity £) is IV, on
average the probability P of tagging Np jets is given by:

P(N7|N) = Z Pois(Ns|N) x Fng(Nr). (2.13)
Ng=Nr



Evaluating eq. (2.13) in the conventional case is easier than one might expect, since the
combination of a Poisson process and a Binomial process is still a Poisson process. We have

PE(N7|N) = > Pois(Ng|N) x Fy (Nr)
Ns=Nr (2.14)

oo
= ) Pois(Ns|N) x B(Nz|Ns, €) = Pois(Nr|eN),
Ng=Nr

i.e., it is a Poisson distribution with mean e/N. Thus we can still apply our “v/N” intuition.
Using eq. (2.14) (and eq. (2.1)) we find that the fractional uncertainty in the number of
conventionally tagged jets is

(SNQQ . U}%ois(NT) . V eN B 1
Njg (NT>P0is eN \/EN’

as already noted in eq. (1.1).

(2.15)

Thus, if we observe 100 events with tagged signal jets in £ =1 fb~! with € = 50%, we
would report a cross section for signal jets of 200 + 20 fb (i.e., 0 = Np/e/L = 100/0.5 b,
and §0/c = 6Ny /Ny = 1/4/100 = 1/10).

Evaluating statistical uncertainties for a general F(7), e.g., a Qjets FIQ (1), is slightly
more complicated. In particular, for the Qjets case Np is a sum of non-integer weights
and so can exhibit non-integer values. For example, consider a sample of 5 jets/events.
If, at the non-integer value 4.5, F?(4.5) = 0.1, then we interpret this to mean that the
probability of measuring one jet/event in the bin 4.5 &+ p/2 is 0.1 X p, for infinitesimal p.
In the following manipulations we treat Np as a continuous variable. The mean of the
distribution P(N7|N) is obtained from (recall eq. (2.9))

oo NS
<NT> = /NT dNT P(NT‘N) = Z POIS(N5|N) 0 NT dNT FNS (NT)
N Ns=0 (2.16)
= ) Pois(Ns|N)Ng(r) = (r)N .
Ng=0

The second moment of P(Np|N) is found from (recall eq. (2.10))

0 Ng
(N2) = / N#dNpP(Np|N) = ) Pois(Ng|N) / N# dNr Fy,(Nr)
Ng=0 0

= 3" Pois(Ns|N) (Nso? + N3(r)?)
Ng=0
= No2 + N(N + 1)(r)2.

So the desired variance is
(6N7)? = (N7) — (N7)* = No? + N(N + 1){r)* = N*(r)*

N (o2 (). 2



This is the general result including the analysis above for the conventional case in
eq. (2.15), when we recall that in the conventional scenario (as in eq. (2.4)) (7€) = ¢,
(09)2 = €(1 — €) so that (69)% + (1©)2 = . In the Qjets analysis the distribution F(7)
becomes non-zero at intermediate 7 values (7 # 0, 1), which, as already suggested, serves
to reduce o, from its “conventional” value, as we will see explicitly shortly.

So it follows that for a general probability distribution Fi(7) we have

5NT 1 0'2
— ==X y/1+ 5. 2.18

Since in the general case, 7, < 1.0 and thus 7']3 < 71, the averages must obey

(r%) = () < (1) (1= (7). (2.19)

Thus we obtain (essentially as claimed in the Introduction) that

(r)<(r) = o7

ONT 1

1
\/NS N, < g (2.20)

Comparing this to eq. (2.15) we see that the upper limit is saturated for the conventional
procedure with binary valued tagging. This allows for the the fractional uncertainty in the
cross-section measurement to be reduced by up to a factor of \/(7C) (= /€) if weighted
jets are used in the measurement. This is the advantage of using weighted jets — while
we are still subject to the Poisson uncertainties in eq. (2.14), the sampling uncertainties,
encoded in B(Np|Ng,€) for a conventional tagging procedure, are reduced.

2.2 Mass measurement

The statistical uncertainty of a cross section measurement is straightforward to compute
with Qjets because the probability distribution for the number of tagged events factorizes
nicely into one factor capturing the effects of Poisson uncertainties and one capturing
the effects of sampling uncertainties (see eq. (2.13)). This is not generally true for other
quantities that involve a weighted average rather than a simple sum, e.g., the average
tagged jet mass is defined by

Z;V:S1 Ty 1 s
mp = T - N (2.21)
21T Nr 3

The corresponding expression relevant to the hybrid analysis of eq. (1.3) is

_ D 17 1 -
mr = ]]\775~ =N HiTj - (2.22)
Zj:l Tj T j=1

One can still relate the relevant uncertainties to the underlying probability distribution
functions; however, the resulting expressions are more complicated. In particular, F(7) is
no longer enough. We now need to to know the probability distribution as a function of both



7 and p. We label this distribution Fj(u,7), which denotes the probability distribution in
the (i, 7) plane. Note that F(7) is simply related to Fy(u, ) by

Fi(r) = [ duFi ) (2.23)

For illustration we show the F(u,7) and FlQ(u,T) distributions in figure 2 derived
from a sample of W-jets. In the conventional procedure, a jet with jet mass inside a
pre-defined mass window, for example, 2 = (70 — 90) GeV for W-tagging, is tagged (with
7 = 1). This fact is demonstrated by F\°(u, ), where all non-zero entries are in the bin
at 7 = 1 and the jet mass distribution peaks around the W-mass. On the other hand,
F 1Q(,u, 7) shows that there are non-zero probabilities for tagging jets with efficiency 79 in
the full range [0, 1] for jet masses in the tagging window . Note that the contributions
that lead to the strictly 7 = 0 part of the distribution (see, for example, eq. (2.2)) all arise
from p values outside of Q.

In this section, we simply define moments of the two-dimensional distribution, and
leave all technical details to appendix B. The moments of interest, the single averages, the
two-dimensional mean, variance and covariance are given by

1 1
(1) E/d,u,/o dr TFy(p, 7) :/0 dr TFi(7),
dr prFy(p, 1),
T (T — (T))QFl(u, T), (2.24)
dr (pr — (p))* Fi(p, 1)

o(T, ur) = dr (pr — (pr)) (1 — (1) F1(p, 7) -

Q
I
\\?\
=
S— o— o— S—
a

Note especially that, since 7 and p are correlated by Fi(u,7), we are now interested in
both the variance of the parameters 7 and 7 and in the covariance o(7, ur).

So we are now ready to consider the measurement of the average (weighted) jet mass as
defined in eq. (2.21), where we want to understand the expected improvement in precision
from using the Qjets technique. Proceeding essentially as we did in the cross section case,
the expected average value of mp in a sample of Ng jets, is given by (recall eq. (2.21))

o7  o(r,pr)
e Tl (229

As explained in the appendix, we are expanding in the fluctuations around the average

2
pu

values and assuming that the higher order fluctuations are negligible. The corresponding
variance in this quantity is given by

(5mT)?VS = ((mr — <mT>Ns)2>NS = Ns<7'>2

) [ o o2 olrum)
[(m>2 et <m><¢>] - B0

~10 -
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Figure 2. Illustration of how F(u,7) and FIQ(,U,T) may behave for a sample of W-jets. Since
these plots are for illustration purposes only, we do not provide the numerical values associated
with different shades of red. Qualitatively, the lightest shade in these plots represents a vanishing
Fy(p,7) value, and a darker shade represents a larger value of F;. Note that all jets in the jet mass
window (70 — 90) GeV are tagged (with 7 = 1) in a conventional procedure and so only the 7 =1
boxes will be non-zero for FC(u,7). On the other hand, F2(y,7) can be non-zero in the entire

(1, 7) plane.

If we average over samples (to take into account the Poisson uncertainties) within an
experiment with a given luminosity, then we have Ng — N = oL in the denominator
of both eq. (2.25)) and eq. (2.26), plus corrections of order 1/N2. Combining the above
results, the ratio of the fluctuations to the average value can be written as:

dmp )2 1 ( on, o2 o (T, ut) < 1 >
L) = = + -2 +0(—= ). (2.27)
< (mr) N \(pr)?  (m)?{uT)(T) N?
We can easily evaluate this quantity for the conventional binary tagging procedure. By

definition, and as illustrated in figure 2, 7 = 1 for u € Q when we consider the pdf F®(u, 7).
The fractional mass uncertainty of eq. (2.27) for the conventional tagging procedure with

average tagging efficiency € is then

() =3 o () o

where we define the properly normalized mass distribution moments in the mass window

Q as
/du/ dr k1 (p, 1),
/ / (1= (1))” Fip,7) (2.29)

/ dr Fy(u,T) .

||

tl\’)

with Ngq

- 11 -



Here Ngq fixes the normalization of the pdf F; in the mass window Q. In eq. (2.28) we
follow the convention in eq. (2.4) to denote that the moments (u®) and O'E are calculated
from eq. (2.29) using the conventional pdf F (u,7). Note that in the conventional case

the normalization is

(NQ)C:/Qdu/OldTFlc(u,T):/Oldr (/QdMFIC(M,TQ :/OldTE(S(l—T):e, (2.30)

where we have used the fact that in the conventional or classical analysis all jets in the
tagging window have 7 = 1. Once again, the reader is directed to appendix B for details.

3 Review of Qjets

The purpose of this section is to demonstrate how the Qjets procedure assigns a jet mass
(u?) and tagging efficiency (T]-Q) to a given jet 7. Before describing the details, let us
first review the general idea of the procedure. As suggested in ref. [44], we start with jets
identified using a standard algorithm like Anti-kp [47]. We recluster the constituents of the
given jet using a sequential and probabilistic recombination algorithm, such as kr [48, 49]
or Cambridge/Aachen (C/A) [50-52]. During clustering, pruning [24, 25] is performed in
order to remove unwanted elements in the jet, i.e., those elements not arising from the
decay of the desired heavy object. Through pruning we map a jet to its pruned version. If
the above set of steps is repeated on the same jet using a slightly different recombination
metric as explained below (the Qjets procedure), we obtain a different four-vector after
pruning due to the probabilistic nature of the Qjets clustering algorithm. We iterate the
procedure a number of times (say Nijter) to map a jet to a set of pruned four-vectors.

]Q and TJQ are then calculated from the invariant masses of these pruned

The quantities p
four-vectors.

In more detail, sequential recombination algorithms build up jets by merging four-
momenta in pairs over many steps. The behavior of the algorithms is determined by
the metric for measuring the “distance” between four-momenta. At each stage in the jet
clustering, one identifies the pair of four-momenta with the smallest distance and merges
them together (i.e., adds the corresponding 4-momenta and replaces the merged pair with
this sum in the updated list of 4-momenta). This merging step is repeated on the list
of 4-momenta until all remaining 4-momenta are separated by more than a predefined
cutoff. See ref. [53] for a more comprehensive discussion. For instance, the kr [48, 49] and
C/A [50-52] algorithms correspond to the following metrics:

dZ.T = min{p%i,p%}Ajo and d?j/A = ARZZJ , (3.1)
where AR?j = Ayfj + A(b?j is the squared angular distance between a pair of four-momenta
i and j (with y the usual rapidity and ¢ the azimuthal angle). Thus the C/A algorithm
merges the 4-momenta in strict order of their angular separation with closest merged first.
The kp algorithm, in contrast, gives some emphasis to merging the smallest pr elements
first and so the two algorithms will tend to identify jets with slightly different constituents.
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As implemented in ref. [44], the Qjets procedure also processes jets via pairwise merg-

ings with pruning applied at each merging step. However, unlike traditional clustering

which works deterministically, Qjets uses a probabilistic clustering procedure:

1.

At every stage of clustering, for each pair of four-vectors (say, i and j), the conven-

tional distance metric d;; from eq. (3.1) (for kr or C/A) is evaluated for all such
(@)

pairs. This is translated into a weight w;; via
(a) B (d” _ dmin)
where d™ is the smallest d;j at this stage in the clustering process and o (termed

rigidity) is a continuous real parameter. This weight is then used to assign a proba-
bility €2;; to each pair via

Qij = wij /N, where N = > " wy; . (3.3)
(i)

A random number is generated and used to select a pair (ij) with probability €;;.
Note that the conventional clustering process will always choose the pair with the
minimum d;; at this point and corresponds to the limit o — 4o00.

Having chosen the pair (ij), the standard pruning procedure is applied. The softer
of the two selected four-momentum pair (ij) is discarded, if both of the following
criteria are satisfied for a given set of parameters (zcut, Deut)-

min (pTl ) ij )
pT,

z < Zewt and AR > Dey . (3.4)

Otherwise, the pair is merged.

Steps (1-3) are repeated until all constituents are clustered. The invariant mass of
the resultant pruned four-vector is stored for further analysis.

Steps (1-4) are repeated Njter times. This procedure yields a set of Nite, masses for
every jet it operates on. Due to the random numbers in step 2 these masses are
generally not the same, but instead define a distribution of masses.

In summary, the Qjets procedure maps the initial jet j to a set of masses, {m;},

where k takes integer values in [1, Nite]. For each jet j we can construct a probability

distribution fj(m;) as suggested in figure 3, with normalization [ fj(m;)dm; = 1. For

Niter > 1 this distribution will be relatively smooth and we will treat it as a continuous

function,

1 Niter
(m;) = i P — ). .
fi(mg) =l ) 0(my — i) (35)

k=1
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Figure 3. Sketch of the pruned jet mass distribution for a jet processed many times with Qjets.
The red area represents the mass window (2), the fraction of the jetmass distribution within the
Q

mass window (blue) is the tagging efficiency of the jet 7;, and ,u? is the mean jetmass-in-the-

window. p, is the average jet mass for the entire distribution.

As described above, to define a tagging process, for example for W-jets, we focus on the
W-like mass window {2 illustrated in figure 3. For a given jet j, the tagging probability TJQ is
the fraction of the Ny, clustering sequences yielding a pruned mass within the W-window,

1
TJQ = Niter Z 1= /ij(mj)dmj . (3'6)

kam; € Q
Q

J
tations for the same jet. Thus we have

Similarly we define i as the mean value of the pruned jet mass for these W-like interpre-

W= > my= Jo Jy (g )mydmg
7 7jNiter g Jq fi(mj)dm;

kam; €

(3.7)

For comparison, p, in figure 3 indicates the average jet mass for the full distribution, not

just in the signal window. For a background (QCD) jet, this full-average mass value is
Q
ne
Let us quickly review the Qjets procedure up to this point. We begin with a choice of

generally quite different from p

the jet finding algorithm and kinematic cuts, e.g., the anti-kr jet algorithm with R = 1.0
and kinematic cuts on the jet, pp > 200GeV and rapidity |y| < 1.0. Then we subject
the jets identified in this fashion to the Qjets procedure with specific choices of the Qjets
parameters a and Nijter to produce the single-jet pruned mass distribution in figure 3. With
a specific signal jet in mind, say boosted W-jets, we define the mass window 2 in figure 3.
This procedure results in values for TJQ and u? from egs. (3.6) and (3.7), which provide
a measure of the likelihood that the given jet is a signal jet along with an estimate of the

“true” mass of that signal jet.
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4 Results from phenomenological studies

As an introduction to the following discussion of the results of our phenomenological stud-
ies, recall that the goal of the current work is to provide a more detailed explanation of
the claim made in ref. [44] that the Qjets procedure improves the statistical stability of jet
observables. The fundamental point is that, unlike a conventional binary tagging algorithm
that identifies a jet as either tagged or not, the Qjets procedure yields a continuously valued
tagging probability for a jet (as detailed in section 3). If observables are constructed using
these tagging probabilities, it is non-trivial to estimate the statistical uncertainties associ-
ated with these observables as the tagging probabilities exhibits a continuous distribution
on the interval [0,1]. For example, the well known result that the statistical uncertainty
associated with the measurement of the number of tagged jets is given by Ny = /Ny, is
no longer true. In section 2, we gave analytic expressions for these uncertainties. In this
section, we report the results of our phenomenological studies, where we analyze carefully
prepared event samples (generated by standard Monte Carlo event generators) and use
the formulas from section 2 to demonstrate that indeed the Qjets procedure improves the
statistical uncertainties associated with cross-section and mass measurements.

To be specific, we study the problem of tagging jets containing the decay products of
W -particles. We treat a set of WW diboson events, where both Ws decay hadronically,
as signal events. We also consider QCD dijet events that provide the primary background
to W-tagging. We generate both signal and background events for a 14 TeV LHC, using
Pythia 8 [54]. Additionally, we use the “ATLAS UE Tune AU2-CTEQ6L1” [55] provided
by Pythia 8 to give these events a realistically busy environment corresponding to actual
proton-proton collisions. The detector simulation is provided by Delphes [56]. In particu-
lar, we use the default parameters provided by Delphes to simulate the ATLAS detector.
Delphes output consists of energy flow four-vectors that are constructed out of the calorime-
ter cells, tracks, and muon elements of the detector. We do not impose any additional cut
on rapidity or py on the Delphes output. We cluster the Delphes outputs into anti-k7 jets
with R = 0.7 and pr > 500 GeV using Fastjet [57]. Only the leading jet from each event is
selected for further analysis.

We perform the Qjets procedure using the publicly available Qjets plugin.! The con-
stituents of the selected jets are reclustered for various values of the rigidity parameter
(listed in table 1) using the C/A definition of the separation metric (see eq. (3.1)). For
the pruning parameter Dyt we use Dcyy = m/pr, where m and pp are the mass and the
transverse momentum of the unpruned jet respectively. We perform our analysis for two
Zeuwt parameter values, 0.1 and 0.15, where the smaller value corresponds to the default or
optimized pruning case and the larger value should lead to a bit of “over”-pruning. Re-
sults for both of these values are listed in table 1. Finally, we set the W-mass window to
(70 — 90) GeV for the purpose of tagging.

At this point, we reiterate that in this work we are interested in both the effects of a
switching from a binary to a continuous tagging variable and from the corresponding change
in the weighted average mass. In order to define a separation of these effects we introduced

Thttp://jets.physics.harvard.edu/Qjets.
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a new binary tagging efficiency 72 for every 7@ obtained after the Qjets procedure (as
defined in the Introduction). The ratio of the statistical uncertainty estimated using 7%
to that using 79 therefore provides an estimate of the statistical improvement arising
primarily from the differences between binary and continuous tagging variables (with the
identical mass distribution). We also consider the differences between an analysis using
(,uQ, %Q) versus one using (,uc, TC) to try to isolate the effects primarily due to the changes
in the mass distribution (which we label “physics” effects).

To introduce our explicit numerical results it will be useful to make a few more com-
ments to define the notation used:

e As noted above, we are studying both a sample of W-jets, or signal jets, and QCD-
jets, or background jets. The corresponding results will be labeled by S and B.

e We also include results for the hybrid analysis of eq. (1.3) that is intended to sep-
arate statistical from physics effects. In particular, since this analysis uses a binary
7Q (with values only 0 and 1), the corresponding average tagging efficiency and fluc-
tuation are given by (7Q) = ¢ and Ug = €(1 — €) respectively (see eq. (2.6)). The
uncertainties associated with the measurement of the cross-section and mass in this
hybrid analysis can be estimated from the corresponding formulas for conventional
analysis in eq. (2. 15) and eq. (2.28), respectively, using the substitutions ¢ — €,
(u®) — (aQ), and a — 09 Once again we follow the convention that the appear-
ance of 7 and i in these moments reflects the fact that these moments are calculated
from their definitions in egs. (2.3), (2.24), (2.29) using the hybrid pdf ﬁlQ, which we
discuss in more detail below.

The statistical quantities we look at are given by the following equations:

5S9/VSQ 659 - >+ azs §BY/VBR 5B a2,
sse/v/5e vsa T () 5BQ/\ﬁ VBa

5Q/sBY
SQ/6BQ (TB) azB ’ (4.1)

omP/mQ | 2 0k _o(rs, usTs) Ths
o fimg ((MSTS>2 T T s usts) > 4 és(ns)? |

where we have used the equations derived in section 2.

In table 1, we tabulate the numerical estimations of the various observables for different
values of z¢yt and «. In the remaining part of this section we provide a brief description
of the patterns observed in table 1. Detailed explanations of these observations will be
provided in the following two sections.

The first four observables in the table capture what we have labeled the statistical
improvements seen in the Qjets procedure for the signal and the background samples. The

quantity 6N7C;2 / \/Nj(;Q for both signal and background represents the improvement in the

~16 —



Statistical Effects Total uncertainty
559 §BQ 52/6BQ sms /m$ 52/6BQ smP /m3
/5Q J/Ba 5Q/5B9 o S SC/5BC sm$ /mg
« Zeut Zeut Zeut Zeut Zeut Zeut
0.10 | 0.15 | 0.10 | 0.15 | 0.10 | 0.15 | 0.10 | 0.15 | 0.10 | 0.15 | 0.10 | 0.15
10.0 | 0.99 | 098 | 094 | 0.94 | 1.17 | 1.15 | 1.00 | 1.01 | 1.05 | 1.05 | 0.96 | 0.96
1.00 | 0.95 | 094 | 0.85 | 0.85 | 1.42 | 1.38 | 1.00 | 1.05 | 1.16 | 1.17 | 0.86 | 0.86
0.10 | 090 | 0.88 | 0.74 | 0.72 | 1.63 | 1.57 | 1.00 | 1.08 | 1.26 | 1.29 | 0.73 | 0.71
0.01 | 0.86 | 0.82 | 0.69 | 0.66 | 1.61 | 1.54 | 0.98 | 1.00 | 1.22 | 1.25 | 0.65 | 0.56
0.00 | 0.87 | 0.82 | 0.77 | 0.72 | 1.28 | 1.24 | 0.88 | 0.92 | 1.00 | 1.03 | 0.60 | 0.52
Table 1. Statistical uncertainties associated with various measurements of cross-section and mass.

Formulas used to estimate these quantities as listed in eq. (4.1).

uncertainty of the measured cross-section due to what we have labeled statistical effects.
Note that this quantity is unity for a binary tagging variable, which is why the denominator
becomes unity in the first line of eq. (4.1). For large « these quantities are close to 1 for
both values of the z.,;+ parameter. This situation reflects the fact that at high rigidity
the individual mass distribution for each jet is quite narrow even after applying the Qjets
procedure and 7 mostly has the values 0 or 1 (i.e., the Qjets procedure approaches the
“classical” limit as o« — o0). As indicated in table 1, the uncertainties decrease as « is
decreased and we include an increasing range of different clustering/pruning scenarios until
a plateau is reached at o ~ 0.01 (for the background the uncertainty actually turns over
and starts to increase again as a — 0). It is interesting also to note that the improvement
with decreasing « is slightly better (i.e., smaller values of the ratio) for the less optimal zcyt
value (0.15). This feature presumably arises from the fact that we start, in the classical
limit, with less than optimal pruning, which allows the Qjets procedure more opportunity to
include different clustering/pruning scenarios that improve the situation. The background
case is somewhat less zq,t dependent as expected, as there is less of a clear definition of
optimal pruning.

The statistical improvement in the discovery potential is captured by the third quantity,
the ratio (S/6BR) / (SQ/5§Q> . The larger this number becomes, the better is the chance
that a precise measurement of the signal can be performed with a given luminosity. Once
again we see that this observable is maximized for a small a ~ 0.01. The small z.u
dependence in this case makes the not unexpected suggestion that it is best for the Qjets
procedure to perturb around an optimal classical choice of parameters.

Finally, the fourth observable in table 1 provides an estimate of the uncertainty associ-
ated with the measurement of the jet mass arising from what we have labeled as statistical
effects. We interpret the fact that this ratio remains near unity (except for very small
values of @ ~ 0) as confirmation that we have largely succeeded in separating the effects
of binary versus continuous tagging variables, which we see are small for this variable,
from the effects of changing the mass distribution itself, which will be important for this
quantity. We refer the reader to section 5 for further explanation of these observations.
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Figure 4. The probability distributions FlQ (1), ﬁlQ (1), FlQ (1, 7), EQ(;L, 7) derived from a sample
of W-jets. These particular distribution are produced using o = 1.0 and z¢,t = 0.1. For the rest of
the parameters, see section. 4.

For completeness we include our estimate of the total improvements provided by the
Qjets procedure using the last two observables in table 1. These observables compare the
uncertainties in the Qjets procedure to those in the conventional or classical procedure.
As explained earlier, these quantities can be calculated from eq. (4.1) by the replacements
¢ = ¢ (iQ) — (u©), and ag — O'S. Overall we find that the behavior of the statistical
uncertainties associated with the cross-section and mass is similar to what was described
in ref. [44]. The cross-section measurement is most stable in the range 0.1 > a > 0.01,
whereas the mass uncertainty prefers even smaller rigidity (0.01 > « > 0.0).

Note that the contribution to the uncertainties from what we have labeled physics
effects can be found by simply dividing the total uncertainty by the corresponding statistical
contribution. These results will be discussed in more detail in section 6. It is worthwhile
noting that this exercise already tells us that the effects we labeled physics will be more
important than the statistical effects for the mass measurement uncertainties, as we just
suggested.

5 Understanding the statistical effects

In order to understand the uncertainties listed in table 1 it is essential to study the prob-
ability distributions Fij(7) and Fi(u, 7). In figure 4, we display these distributions as
derived from a sample of W-jets. On the left are the distributions FlQ(T) and FlQ(,u, T)
arising from the full Qjets analysis, while the plots on the right illustrate the distributions
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ﬁlQ(T) and ﬁlQOJ,,T) from the hybrid analysis. Recall that the latter analysis uses the
binary tagging probability 79 derived from the standard Qjets probability 7@ as defined
in eq. (1.3), i.e., all nonzero 79 values (79 > 0) correspond to ¥® = 1. By construction,
FlQ(T =0) = FlQ(T = 0) as illustrated by the equal heights of the zero bins of FIQ(T) and
ﬁlQ(T) in figure 4. The difference between the two distributions arises from the fact that the
rest of the probability in ﬁlQ (7) all lies in the 7 = 1 bin, whereas FlQ (1) exhibits nonzero
probability at values of 7 between 0 and 1 (although it is still strongly peaked in the 7 =1
bin). In other words in moving from the F 1Q (7) distribution to the F' 1Q (7) distribution (i.e.,
moving from a binary tagging probability to a continuous one), probability “leaks out” of
the 7 =1 bin into the 1 > 7 > 0 bins.

The lower plots of F' 1Q(M, 7) and F lQ (u, 7) provide additional information. In particular,
almost all jets that leak-out of the 7 = 1 bin, as one moves from ﬁlQ(u, T) to FIQ(,u, 7), lie
near or at one of the boundaries of the window in p. Also note that the distribution in p
corresponding to 7 = 1 is peaked near the W mass (as expected for an underlying W-jet
sample), and that the 7 = 0 bin does not actually appear in the lower plots as all of the
corresponding p values are outside of the p window (by definition). Lastly, but perhaps
most importantly, if we sum over 7 but with no explicit 7 weighting, the resulting mass
distributions are identical, [ drF3(u,7) = [ drF3(u, 7). To make this last point explicit
we note the following results for the moments of these two distributions,

NG :/dufdrﬁﬁ(ﬂ,r)zez<%Q>:/du/1dTF9(M,T)=N§,
<ﬁQ>=NQ/du/ dr pFR (pu, ) = /du/ dr pF (p,7) = ()

(a}f)Q - NQ/dﬂ/ dr (1 — (AQ))2E(u, /du/ dr ( — ()2 FC(p, 7)
= (o). (5.1)

These equalities should help to confirm that comparing the Qjet and Qjet analyses, as

in table 1, focuses on the statistical effects, while comparing the Qjet analysis with the
conventional analysis focuses primarily on the physics effects caused by the changes in the
mass distributions, as we will discuss in section 6.

With these insights, we can construct an explicit toy model that helps to illuminate the
connection between the two distributions FlQ and ﬁlQ We can approximate the filled bins
(closest to the boundaries) as being described by delta functions (recall the description of
the conventional result in eq. (2.2)). Considering first adding just a single extra bin near
the upper boundary, we have

FE (1) =(1-8)d(r) +&d(r—1)

- 5.2
FR(r) = F}(r)—Alf(1—7)—d(1—n-1)], >

where (as shown in eq. (2.5)) F 1Q (7) is represented by a binomial representation with mean

¢ and variance 02 = €(1 — ). The extra term in the expression for FlQ (1) is intended to
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present the fact that a small fraction of the jets, A, have migrated from the 7 = 1 bin
to the 7 = (1 —n) bin (0 < n < 1). It is straightforward to evaluate the corresponding
approximate mean and variance of FlQ (1) in the limit A < € in terms of the mean and
variance of ﬁlQ (7). To first order in A/€é we find

(1) ~€—An,
5 - ) ~ (5.3)
02 ~ 6(1—6)+A77(7] 21—¢)) =0+ An(n—-2(1-¢)).
Applying this result to the first few column of table 1 we obtain
6SQ/VS 6SQ o? A
/ (1s) + —= ~ 1—;17(1—77)_1. (5.4)
559 /\/ VS (s)

Noting that this expression is symmetric in  — 1 — 7, we see that the bins at both ends
of the 7 distribution will contribute in a similar fashion, decreasing the scaled fluctuations
in this observable. So, if we define a more accurate approximate expression for Fj(7),
including all of the filled in bins (7 near 0 and near 1),

F2(7) ZAk A-7)—6Q—m—7)], (5.5)

we find
5SQ/\/SQ N

Ay
f—l_ fnk(l_nk)gl
382/ 8@ ; 2¢

Since 0 < n,€ < 1 and Ag > 0, all of the terms in the sum serve to decrease these

(5.6)

fluctuations (at least to leading order in Ay /€). As rigidity is decreased and the analysis
moves further from the “classical” limit, we expect more bins away from the edges to
be filled-in, which explains, at least qualitatively, the systematic decrease with decreasing
rigidity (at least until we reach zero rigidity) in the first two columns, both signal and
background, in table 1. Note that the deviation of the Lh.s. from 1 in eq. (5.6) is essentially
proportional to the factor >, Ay/€. In our toy example, this represents the fraction of jets
that occupied the 7 =1 bin in le (1), but correspond to a smaller 7 value in F1Q (7). As
we mentioned earlier, these jets have masses near the boundary of the mass window and
we can say that >, Ay/€ represents the fraction of jets that reside near the mass boundary
(at least in our toy example) and that, after the full Qjets procedure, exhibit less than unit
tagging probability.

To provide a more detailed picture of the rigidity («) dependence exhibited in table 1,
figure 5 shows plots of F lQ (1) and F 1Q (w1, 7) for various values of the rigidity with zcy = 0.1.
To appreciate these plots it is important to note a couple of relevant features. In order
to make visible the values at intermediate 7 values, the plots of F1Q (1) are semi-log plots,
while the 2-D FlQ (p, 7) plots use a linear scale for the color scale. Further, the 7 = 0
bin at the extreme left of the FlQ (1) plots corresponds to p values not shown in the 2-D
FlQ (w4, 7) plots, which show only the u values in the window . To understand the general
structure of the plots in figure 5 recall that, as we lower the value of the rigidity parameter
a, the Qjets procedure explores an ever broader spectrum of clustering histories. This
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Figure 5. The distributions Fj(7) and Fj(u,7) for signal (in red) and background (in blue) jets
as functions of a.

leads to changes in the plots arising from two distinct underlying effects, where both are
associated with p values near the boundaries of the window €). Individual jets, whose
Qjet mass distributions are entirely within {2 for large « values, i.e., appear in the 7 = 1
bin, may eventually exhibit Qjets mass distributions with tails that extend outside of 2 for
sufficiently small « values. So, as the value of o decreases, such jets will gradually populate
the bins with 7 < 1, but still with u near the boundaries, at least initially. Likewise there
are jets whose large o Qjets mass distributions are entirely outside of €2, i.e., appear in the
7 = 0 bin, but then develop tails inside of 2 for sufficiently small « values. These jets will
gradually populate the bins at small 7 values, always moving inward from the boundaries
in p. This simple picture is generally correct for both the signal and background samples
as illustrated in figure 5. As « decreases the distributions in 7, FIQ (1), for both signal and
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Shme | Svse | y/BeBe
Zeut Zcut Zeut
0.10 | 0.15 | 0.10 | 0.15 | 0.10 0.15
10.0 | 0.90 | 0.91 | 1.16 | 1.18 | 0.776 | 0.774
1.00 | 0.82 | 0.85 | 1.48 | 1.61 | 0.554 | 0.530
0.10 | 0.77 | 0.82 | 1.81 | 2.12 | 0.427 | 0.385
0.01 | 0.76 | 0.81 | 1.91 | 2.32 | 0.399 | 0.351
0.00 | 0.78 | 0.83 | 1.93 | 2.37 | 0.406 | 0.350

Table 2. The physics component of the cross-section uncertainties as functions of z.y; and rigidity
«a, found by dividing the total uncertainty by the purely statistical component (from table. 1). We
also provide numerical values of different components in eq. (6.1) responsible for the physics part
of the cross-section uncertainties.

background, gradually fill-in at intermediate 7 values leading to decreasing values of the
fluctuation 09. In turn this means that Nz / /Nt decreases with decreasing o values as
indicated by the numbers in table 1, and the toy model analysis of eq. (5.6).

In the limit & — 0 the F1Q (u, ) plots for both signal (red) and background (blue)
suggest an “arc” structure, i.e., a ridge of enhanced probability connecting the p boundaries
at small 7 via bins at intermediate p values at larger 7 values. The primary distinction
between signal and background is the fact that the bins near 7 = 1 for the background
are rapidly depopulated as a decreases, while for the signal the bins near 7 = 1 maintain
a population similar to those near 7 = 0 and the bins near 7 = 1 always exhibit a u
distribution with a peak near the signal mass (Myy ).

Figure 5 also indicates that for large rigidity (say, a > 1.0), the probabilities for finding
jets with intermediate 7 values (0 < 7 < 1), are tiny. In this range of «, the approximations
made in our toy model above are quite appropriate. For smaller rigidity (o < 1.0), more
and more jets occupy the intermediate 7 values, new patterns emerge in the pdf FlQ (1, 7),
and the deviations of FlQ from FlQ are not necessarily small.

6 Understanding the physics effects

We list the components of the cross-section and mass uncertainties due to what we have
labeled physics effects in table 2 and table 3 respectively. The numerical values of these
components can be evaluated by dividing the total uncertainty in table 1 by its statistical
part (also listed in table 1).

Understanding these physics quantities is relatively easier since one does not need to
think of fractional tagging efficiencies. In particular, since both the conventional and hybrid
analyses use binary tagging efficiencies, the fluctuations in the number of jets goes like
1/VN (recall the discussion in section 2). For example, the quantity in the table 2, which
measures the improvement in the cross-section measurement significance, simplifies to

§Q/6BQ [ S B¢
S¢/6B S BQ
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The improvement in statistical stability, therefore, depends on two independent ratios, the
relative signal efficiency (S?/SC) and (1 over) the square root of the relative background
efficiency (EQ /BC), for the hybrid Qjets analysis compared to the conventional analysis.
Table 2 separately exhibits the variation of these two components of eq. (6.1) with the
rigidity parameter «. To understand the exhibited behavior, we must recall our previous
discussion. As we decrease a, we include new clustering histories, and, as a result, find
that jets, which were previously not tagged (for larger « values), are now tagged. By
construction 79 = 1 for these jets (even though they may have small 7Q). This is why
the ratio Nz(% /NTC increases with decreasing « for both signal and background. In the case
of the (signal) W-jets, almost all jets are tagged even for large a and so SQ / SC increases
relatively slowly (but monotonically) as « decreases. In the language of the simple model
in the previous section (see eq. (5.6)), the behavior of the ratio S?/SC is telling us about
the magnitude of the leak-in effect, >, Ay /€, at least quantitatively (note that the effect
is no longer small as o approaches zero).

In the case of background jets, there are always more untagged jets than tagged ones,
some of which can be tagged when we allow a broader range of clustering histories as
o decreases. Thus the ratio B /B€ increases quite rapidly with decreasing «, resulting

in the somewhat slower but still rapid decrease of the factor \/BC/BQ . By eq. (6.1),
the physics component of the cross-section uncertainty in table 2 is the product of the
corresponding values in the two right-hand columns in the table. Numerically the decrease
of the background ratio is dominant, leading to a slowly decreasing cross-section uncertainty
in the hybrid Qjets analysis compared to the conventional analysis with decreasing « until
« reaches 0.01. For even smaller a values the sampling of clustering histories is so broad
that the qualitative behavior of the background ratio changes and the relative fluctuations
begin to grow.

Note also that the variation with « of the individual ratios, and the product, is some-
what stronger for the non-optimal z.. value (0.15). This is to be expected as the non-
optimal conventional result implies that more of the added clustering histories in the Qjets
analysis will correspond to an improvement. Note that this is a statement about the im-
provement in the statistical stability. Overall one is better off starting with an optimal
choice of the conventional pruning parameters to perform the Qjets procedure around.
However, the results in table 2 do suggest that the Qjets procedure can help to moderate
the impact of any initial poor choice of parameters.

Finally we turn to the mass measurement uncertainties as described by the results in
table 3. The general expressions from eqgs. (2.27) and (2.28) for the signal sample yield

0~ Q Q
smg/mi _ [G§)  ome WS _ [SC 0w (k) (6.2)
omG/m$ Fd O oons (ad) VS on (i)

The relative stability in the mass measurement depends on three important ratios, the
relative signal efficiency (S©/S9), the relative fluctuation in the mass spectra (O'gs / O'ES),

and the relative average mass ((15)/ <[Lg>) Table 3 exhibits the variation of these quantities

with a. As discussed in the previous paragraphs (and indicated in also table 2) /SC/SQ
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T | fsorse | 0ol | WS/
Zeut Zeut Zeut Zeut
0.10 | 0.15 | 0.10 | 0.15 | 0.10 | 0.15 | 0.10 | 0.15
10.0 | 0.96 | 0.95 | 0.93 | 0.92 | 1.03 | 1.03 | 1.00 | 1.00
1.00 | 0.86 | 0.82 | 0.82 | 0.79 | 1.05 | 1.04 | 1.00 | 1.00
0.10 | 0.73 | 0.66 | 0.74 | 0.69 | 0.98 | 0.95 | 1.01 | 1.01
0.01 | 0.66 | 0.56 | 0.72 | 0.66 | 0.91 | 0.86 | 1.01 | 1.02
0.00 | 0.69 | 0.57 | 0.72 | 0.65 | 0.95 | 0.86 | 1.01 | 1.02

Table 3. The physics component of the mass uncertainties as functions of z..; and rigidity c,
found by dividing the total uncertainty by the purely statistical component (from table. 1). We
also provide numerical values of different components in eq. (6.2) responsible for the physics part
of the mass uncertainties.

is a slowly but monotonically decreasing function as « decreases due to the increasing set
of tagged jets in the hybrid analysis, i.e., the jets leaking-in at the edge of the window {2
as measured by the quantity ), Aj/€ in our simple model.

As shown in table 3, the average jet mass remains relatively constant ((fig) ~ (u$) ~
80 GeV) for all values of a. In terms of the simple model presented in the previous sec-
tion, the shift in the average jet mass (in the window ) in going from the conventional
analysis to the hybrid analysis is proportional to the difference between the number of jets
leaking-in from the upper edge of the window and the number leaking-in at the lower edge,
(Ot Ag+ — D Ag—) /€ (recall that the counting analysis, see eq. (5.6), involved the sim-
ple sum of these contributions). Since this leaking-in process is quite symmetrical (i.e., the
signal sample itself is quite symmetrical about My, with nearly identical numbers of jets
just outside the window at both ends), any shift in the average jet mass is expected to be

quite small, i.e., much smaller than the shift seen in the quantity 4/S€/ §Q7 in agreement
with the results in table 3.

The last quantity (namely, the the relative fluctuation in the mass spectra, U/?S / O'SS)
is especially interesting. Table 3 shows that this ratio first increases with decreasing «,
and then decreases. The simple model of the previous section suggests that the size of the
deviation from unity for the ratio is again set by the fraction of tagged jets that are leaking
in, > . Ag/€, but now with a coefficient that, not surprisingly, depends on the shapes
of the jet mass distributions. The changes in the mass distribution can be qualitatively
understood as follows. As « is decreased and we move away from the conventional analysis,
the initial change in the mass distribution is the leaking-in of jets just outside the mass
window 2 into mass bins just inside the window (as is evident in figure 5). Thus initially
the mass distribution in the hybrid analysis is broader than in the conventional analysis
and O'gs /UES increases above unity with decreasing . However, eventually, as the mass
distribution fills in the central region of the window (again see figure 5), the Qjets mass
distribution again has a width similar to the conventional case and US'S / O'ES goes back to
unity (for o just above 0.1 in table 3). With a further decrease of o, 0.1 > a > 0, the
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results in table 3 indicate that the jet mass distribution found by the Qjets procedure is
narrower than the one found by pruning alone, i.e., the Qjets procedure provides a more
efficient groomer than conventional or classical pruning.

Overall the relative uncertainty in the tagged mass measurement for the hybrid analysis
versus the conventional analysis decreases with decreasing o and the hybrid result becomes
approximately 30% smaller than the fluctuations in the conventional analysis, i.e., it is

the 1/S€/ SQ factor that effectively controls the o dependence shown in table 3. What
we have labeled the physics part of the mass measurement uncertainty is minimized for
0.01 >a>0.

7 Conclusions

The Qjets procedure is intuitively motivated by the idea that analyses of jet observables
that depend on clustering histories can be improved by considering multiple clustering
histories of a jet. On the other hand, the statistical treatment of the results can be
unintuitive and opaque. Much of the confusion lies in the fact that, while all observables
in the Qjets procedure are weighted with weights following a continuous distribution in
the interval [0, 1], the conventional approach applies no weight as long as jets are tagged,
i.e., applies a simple binary weight. Even in sophisticated multivariate analyses, where
many variables are combined in a likelihood and each jet/event is assigned a likelihood (a
continuous distribution in the interval [0, 1]) for being a signal, the likelihood variable only
provides a discriminatory variable to separate signal from background. The measurements
are subsequently estimated from the tagged jet/event sample (i.e., the jets/events that pass
the cut on likelihood to be signal) with only a binary (0 or 1) weight.

The purpose of this paper is to address this issue, namely, to provide a platform in
which the uncertainties associated with the measurements in the Qjets procedure can be
evaluated. We also propose an alternative way to calculate the uncertainties of measure-
ments. Uncertainties are traditionally estimated using Monte Carlo pseudo-experiments, in
which jets/events are picked at random from a given master-sample of jets/events (either
carefully prepared using a Monte Carlo event generator, or control-samples from collider
events), and then repeating pseudo-experiments several times. Variations of observables
over pseudo-experiments then provide an estimate of statistical uncertainties. While this
method is straightforward, it is time consuming (since pseudo-experiments need to be re-
peated many times), and still does not provide any insights regarding these measurements.
In this work we choose a different framework — we provide analytic formulas in section 2,
which relate these uncertainties with various moments of the given jets/events sample. On
the one hand, these expressions provide much faster ways to measure uncertainties; while
on the other, they help explain the physics of the uncertainties. We have also presented a
simple model of how the Qjets procedure impacts the probability distributions in both the
tagging efficiency 7 and the jet mass p, which provides further insight into the observed
numerical results.

We find that, while Poisson uncertainties associated with measurements are unavoid-
able, sampling uncertainties can be reduced by using weighted jets such as those returned
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by Qjets. We show that this additional stability in measurements provided by the Qjets
procedure can arise from two qualitatively different sources — from the transition from
unweighted to weighted measurements (which we label the statistics effects), and from the
Qjets generated changes in the distributions of jet-observables themselves, e.g., jet masses,
(which we label physics effects). Our explicit numerical results indicate how these two
kinds of effects often compete with each other, and how they vary as various Qjets pa-
rameters, especially the rigidity «, are altered. Overall, however, the Qjets procedure acts
to improve both the statistical stability of counting experiments and the precision of the
measurement of jet observables like the jet mass. Further, we have seen that the Qjets
procedure can largely remove the negative impact of a less-than-optimum choice of jet
grooming parameters on a conventional analysis.

Before we conclude, let us note that the results in this work can be easily generalized.
We obtained the expressions for uncertainties only for cross-section and mass measure-
ments. Uncertainties for any other weighted measurements in the Qjets procedure can
be performed by following the treatment for the mass measurement. Also note that, in
deriving these formulas, we explicitly talked about jets. However, we can easily use the
same formalism when we need to talk about events. In fact, we choose one jet per event
in our calculations. Therefore, the expressions for uncertainties associated with the num-
ber of jets observed (for example), is identical to the uncertainties associated with the
number of events observed. It is straightforward to apply the framework introduced in
this work to explain the statistical improvements claimed by the recent proposals such as
“Telescoping Jets” [58] and “Jet Sampling” [59]. Finally, we also expect that sophisticated,
state-of-the-art multivariate techniques can be made more robust by estimating measure-
ments using weighted events with the likelihood variable as the weight. Such an analysis
could presumably follow the framework laid out in this paper.
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manuscript we explore both cross-sections and more general measurements such as jet mass
and provide an analytical framework for calculating their statistical properties in terms of
probability density functions (the results are then validated using pseudo-experiments in
appendix A).
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A Validation of section 2 with pseudo-experiments

Traditionally, statistical uncertainties of complicated observables are estimated by using
Monte-Carlo pseudo-experiments. In this procedure, one generates many sets of events,
where the number of events is chosen according to a Poisson distribution with a given
mean (see eq. (2.1)). One then measures the quantity of interest on each set of events,
and, by considering the variation of the quantity across many pseudo-experiments, one
can estimate the statistical uncertainty of the measurement considered. This procedure
simultaneously accounts for both Poisson and sampling uncertainties.

In this work, we advocate for a different method of calculating statistical uncertain-
ties. As shown in section 2, analytical expressions may be derived, which relate these
uncertainties to various moments of a probability distribution constructed from a sample
of events. These analytical formulas carry more information than just performing Monte-
Carlo pseudo-experiments, since they (like all analytical derivations) also explain “why the
numbers are what they are.” One can use this improved understanding to devise ways to
attempt to reduce uncertainties further.

The purpose of this section of the appendix is to validate the formulas derived in
section 2 using pseudo-experiments. In order to do this, we choose a sample of W-jets
(in fact, we choose the same set of hadronic WW-events as outlined in section 4, and use
the same procedure and parameters to construct W-jets out of these events). We perform
10° pseudo-experiments, in each of which n W-jets are chosen at random. As explained
above (see especially section 2), n follows a Poisson distribution with mean N. Jets chosen
in a pseudo-experiment, are then subjected to the Qjets procedure for a particular set of
parameters (a = 0.01, zeyt = 0.1, Doy = m/pr, Q = (70 — 90) GeV). Using the outputs of
the Qjets procedure, we calculate observables Ny (number of jets tagged in an experiment)
and mp (tagged mass in the experiment) for each pseudo-experiment. The variations of the
these observables over the set of pseudo-experiments provides estimates of the statistical
uncertainties d N7 and dmyp. We also estimate the same uncertainties using the analytic
expressions derived in section 2 and compare them.

In figure 6 we compare the analytic estimates of the mean values and the uncertainties,
represented by the blue lines, and the numerical values from the pseudo-experiments (the
red points) as a function of the mean number of W-jets N. We begin with a measurement
of the cross section in the top row of figure 6. Here we see that the average and the
uncertainty in the number of tagged events follow essentially exactly the distribution in
eq. (2.18). Next, consider a measurement of the average jet mass, as in the bottom row of
figure 6. Here we see that the uncertainty falls as 1/ VN up to corrections whose effects
are captured by terms of O(1/N?) in the formulas in section 2.

B Jet mass

In this section of the appendix we derive the analytical expressions relevant for estimating
the uncertainties associated with mass. In particular, we derive egs. (2.25)-(2.28). For the
sake of completeness, we repeat a few of the definitions introduced in section. 2.2.
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Figure 6. Left: variation of (Nr), 0Np, (mr), and dmrp as functions of N for a sample of
W-jets. See the text for details of the Qjets parameters used. The analytical results (calculated
using formulas derived in section 2) are represented by blue lines. The red points denote the same
quantities evaluated using Monte Carlo pseudo-experiments.

In an experiment where Ng jets with masses {y;} and tagging probabilities {7;} are
chosen at random, the measured tagged mass is given by

ZNS .

=1 MjTj
Ng :
j=1

mr =
7j

We are interested in the average and the variance of mp. Given the fact that the experiment
started with Ng jets, we have

N
(mr)ng = <Zj:s1 MjTj> = <%> and
5 Z;V:“gl 7j ' Ns Nr /Ns’
2

(6ma), = ((mr — (mr)Ng)®) N = (M) g — (mr) R -

In these expressions the notation M7 = mypNr is used in order to simplify the results. We
note that the probability distribution for My and N, for a given sample of size Ng, can
be constructed in terms of F(u, ),

Ns Ng Ns
Fng (Mg, Ny) = [H /Fl(/,Lk,Tk)dudek] b <NT - ka> b (MT - Zﬂm> . (B.1)
k=1 k=1

k=1

The relevant moments of this general distribution can be derived in terms of the moments

~ 98 —



of F} by repeating the manipulations in egs. (2.9)—(2.10). We have

(Nr)ng = / dMy AN Ny Fyy (My, Ni) = Ne(7) (B.2)
(M) ny = / dMy ANy My Fy, (Mr, Ny) = Ng{ur) (B.3)
(Vs = [ dMz dNeN} iy (M, Nr) = N3(r)? + Noo? (B.4)
(MZ)Ng = / dMrp dNp M7 Fyg(Mrp, Np) = N3(ut)* + Ngop, (B.5)

(MrN7)Ng = / dMyg dNyMr Ny Fng(Mr, Np) = N2{ur) () + Ngo(r, ur) (B.6)

Now we are ready to estimate the mean and variance of the tagged mass, mr, distri-
bution. These calculations are slightly non-trivial since mr is a ratio of two independent
variables. We use a Taylor series expansion to simplify the results. In particular, note that
a generic bivariate function f(z,y) can be expanded using

of of
f(x,y) ~f(xo,y0) + o (x —x0) + By |zo.u0 (¥ — vo) (B.7)
x0,Y0
1|0%f 0% f 0% f
2[8x2 (v — 0)2+87y2 (y—yo)2+23$ay (x—20)(y —yo) | + ...
Z0,Yo Zo,Yo Zo,Yo0

Therefore, treating mr as a function of My and Np, we can expand mp around My =
<MT>N5 and NT = <NT>N5- We find that

+ LN (Np — (N7, )

mp >~
N N
i (B3)
— oo (N — (Nr)ng) (Mp — (Mr)Ng) + - ..
<NT>?V5 s s
It is now straightforward to find the average
{pT) [ o7 o (7, put) ]
m ~ 1+ T — B.9
s = [ Nt~ NaGur) ) ()
A similar expression can be derived for m%,
2 2
2 (ur)? Our o; o(T, ur)
m ~ 1+ +3 —4 B.10
Vs = [N Nlur TN T Nslumin) (310

The final step in our calculation involves convolving with the Poisson distributions. This
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yields

B R 112} PO S Y10
) = 32 PN 5 1+ 575 = e (510
m2) — - ois m2 N</“'>2 ZT o7 - o(r, ur)
i) = 3 PSS ) = o |14 Rur NG W)
(B.12)
)2 = (m2 — ()2~ (pr)? | onr o7 _yo(Tpr)
(6mr)” = (m7) — (m7) = N2 [<m>2+<7>2 2<m><7>] : (B.13)

In these expressions we have neglected terms of order 1/N? and higher.
Some simplifications arise for the case of the conventional tagging procedure. Since 7
is non-zero (and equal to one) only in the range 2, we find that (¢ > 0)

1 1
() = [ du /0 arwriFe = | d /0 dr pF = (No(u')© = e((u°)") . (B.14)

where we use eq. (2.29) to derive the final expressions and borrow the notation x€ from
eq. (2.28), to denote that the moment is to be calculated from eq. (2.29) using the conven-
tional pdf FC (u, 7).
Therefore we find the following identities (recall (7€) = ¢)
C 2 2
i (1)) — e(u®)? o(r,pr)\°_ ()1 -9 _1-e _ (o7)

= and = = = .

(n°) (7€) € (r€)?

(ur)? e(u®)? (ur)(T)

(B.15)
The final expressions for the conventional average mass and its uncertainty then simplify to

2 1 1 2

(m) = (1), (0mg)” =5 <~ (o0)"
B.1
smg N _ 1 1)’ (10
= — X —
(m) N~ e (u)?

Open Access. This article is distributed under the terms of the Creative Commons
Attribution License (CC-BY 4.0), which permits any use, distribution and reproduction in
any medium, provided the original author(s) and source are credited.

References
[1] M.H. Seymour, Searches for new particles using cone and cluster jet algorithms: A
Comparative study, Z. Phys. C 62 (1994) 127 [INSPIRE].

[2] J.M. Butterworth, J.R. Ellis and A.R. Raklev, Reconstructing sparticle mass spectra using
hadronic decays, JHEP 05 (2007) 033 [hep-ph/0702150] [INSPIRE].

[3] G. Brooijmans, High pT Hadronic Top Quark Identification, ATL-PHYS-CONF-2008-008
(2008).

— 30 —


http://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.1007/BF01559532
http://inspirehep.net/search?p=find+J+Z.Physik,C62,127
http://dx.doi.org/10.1088/1126-6708/2007/05/033
http://arxiv.org/abs/hep-ph/0702150
http://inspirehep.net/search?p=find+EPRINT+hep-ph/0702150
http://cds.cern.ch/record/1077731

[4]

J.M. Butterworth, A.R. Davison, M. Rubin and G.P. Salam, Jet substructure as a new Higgs
search channel at the LHC, Phys. Rev. Lett. 100 (2008) 242001 [arXiv:0802.2470]
[INSPIRE].

J.M. Butterworth, J.R. Ellis, A.R. Raklev and G.P. Salam, Discovering baryon-number
violating neutralino decays at the LHC, Phys. Rev. Lett. 103 (2009) 241803
[arXiv:0906.0728] [INSPIRE].

D.E. Kaplan, K. Rehermann, M.D. Schwartz and B. Tweedie, Top Tagging: A Method for
Identifying Boosted Hadronically Decaying Top Quarks, Phys. Rev. Lett. 101 (2008) 142001
[arXiv:0806.0848] [INSPIRE].

J. Thaler and L.-T. Wang, Strategies to Identify Boosted Tops, JHEP 07 (2008) 092
[arXiv:0806.0023] [INSPIRE].

L.G. Almeida et al., Substructure of high-pr Jets at the LHC, Phys. Rev. D 79 (2009)
074017 [arXiv:0807.0234] [iNSPIRE].

T. Plehn, G.P. Salam and M. Spannowsky, Fat Jets for a Light Higgs, Phys. Rev. Lett. 104
(2010) 111801 [arXiv:0910.5472] [INSPIRE].

J. Thaler and K. Van Tilburg, Identifying Boosted Objects with N-subjettiness, JHEP 03
(2011) 015 [arXiv:1011.2268] [INSPIRE].

D.E. Soper and M. Spannowsky, Finding physics signals with shower deconstruction, Phys.
Rev. D 84 (2011) 074002 [arXiv:1102.3480] [iNSPIRE].

C. Englert, T.S. Roy and M. Spannowsky, Ditau jets in Higgs searches, Phys. Rev. D 84
(2011) 075026 [arXiv:1106.4545] INSPIRE].

J. Thaler and K. Van Tilburg, Mazimizing Boosted Top Identification by Minimizing
N-subjettiness, JHEP 02 (2012) 093 [arXiv:1108.2701] INSPIRE].

T. Plehn and M. Spannowsky, Top Tagging, J. Phys. G 39 (2012) 083001
[arXiv:1112.4441] NSPIRE].

M. Jankowiak and A.J. Larkoski, Jet Substructure Without Trees, JHEP 06 (2011) 057
[arXiv:1104.1646] [INSPIRE].

S.D. Ellis, T.S. Roy and J. Scholtz, Jets and Photons, Phys. Rev. Lett. 110 (2013) 122003
[arXiv:1210.1855] [INSPIRE].

S.D. Ellis, T.S. Roy and J. Scholtz, Phenomenology of Photon-Jets, Phys. Rev. D 87 (2013)
014015 [arXiv:1210.3657] [INSPIRE].

D.E. Soper and M. Spannowsky, Finding top quarks with shower deconstruction, Phys. Rev.
D 87 (2013) 054012 [arXiv:1211.3140] [INSPIRE].

A.J. Larkoski, G.P. Salam and J. Thaler, Energy Correlation Functions for Jet Substructure,
JHEP 06 (2013) 108 [arXiv:1305.0007] [INSPIRE].

A.J. Larkoski, I. Moult and D. Neill, Power Counting to Better Jet Observables, JHEP 12
(2014) 009 [arXiv:1409.6298] [INSPIRE].

N.G. Ortiz, J. Ferrando, D. Kar and M. Spannowsky, Reconstructing singly produced top
partners in decays to Wb, Phys. Rev. D 90 (2014) 075009 [arXiv:1403.7490] [INSPIRE].

J.M. Butterworth, A.R. Davison, M. Rubin and G.P. Salam, Jet substructure as a new Higgs
search channel at the LHC, AIP Conf. Proc. 1078 (2009) 189 [arXiv:0809.2530] [INSPIRE].

~31 -


http://dx.doi.org/10.1103/PhysRevLett.100.242001
http://arxiv.org/abs/0802.2470
http://inspirehep.net/search?p=find+EPRINT+arXiv:0802.2470
http://dx.doi.org/10.1103/PhysRevLett.103.241803
http://arxiv.org/abs/0906.0728
http://inspirehep.net/search?p=find+EPRINT+arXiv:0906.0728
http://dx.doi.org/10.1103/PhysRevLett.101.142001
http://arxiv.org/abs/0806.0848
http://inspirehep.net/search?p=find+EPRINT+arXiv:0806.0848
http://dx.doi.org/10.1088/1126-6708/2008/07/092
http://arxiv.org/abs/0806.0023
http://inspirehep.net/search?p=find+EPRINT+arXiv:0806.0023
http://dx.doi.org/10.1103/PhysRevD.79.074017
http://dx.doi.org/10.1103/PhysRevD.79.074017
http://arxiv.org/abs/0807.0234
http://inspirehep.net/search?p=find+EPRINT+arXiv:0807.0234
http://dx.doi.org/10.1103/PhysRevLett.104.111801
http://dx.doi.org/10.1103/PhysRevLett.104.111801
http://arxiv.org/abs/0910.5472
http://inspirehep.net/search?p=find+EPRINT+arXiv:0910.5472
http://dx.doi.org/10.1007/JHEP03(2011)015
http://dx.doi.org/10.1007/JHEP03(2011)015
http://arxiv.org/abs/1011.2268
http://inspirehep.net/search?p=find+EPRINT+arXiv:1011.2268
http://dx.doi.org/10.1103/PhysRevD.84.074002
http://dx.doi.org/10.1103/PhysRevD.84.074002
http://arxiv.org/abs/1102.3480
http://inspirehep.net/search?p=find+EPRINT+arXiv:1102.3480
http://dx.doi.org/10.1103/PhysRevD.84.075026
http://dx.doi.org/10.1103/PhysRevD.84.075026
http://arxiv.org/abs/1106.4545
http://inspirehep.net/search?p=find+EPRINT+arXiv:1106.4545
http://dx.doi.org/10.1007/JHEP02(2012)093
http://arxiv.org/abs/1108.2701
http://inspirehep.net/search?p=find+EPRINT+arXiv:1108.2701
http://dx.doi.org/10.1088/0954-3899/39/8/083001
http://arxiv.org/abs/1112.4441
http://inspirehep.net/search?p=find+EPRINT+arXiv:1112.4441
http://dx.doi.org/10.1007/JHEP06(2011)057
http://arxiv.org/abs/1104.1646
http://inspirehep.net/search?p=find+EPRINT+arXiv:1104.1646
http://dx.doi.org/10.1103/PhysRevLett.110.122003
http://arxiv.org/abs/1210.1855
http://inspirehep.net/search?p=find+EPRINT+arXiv:1210.1855
http://dx.doi.org/10.1103/PhysRevD.87.014015
http://dx.doi.org/10.1103/PhysRevD.87.014015
http://arxiv.org/abs/1210.3657
http://inspirehep.net/search?p=find+EPRINT+arXiv:1210.3657
http://dx.doi.org/10.1103/PhysRevD.87.054012
http://dx.doi.org/10.1103/PhysRevD.87.054012
http://arxiv.org/abs/1211.3140
http://inspirehep.net/search?p=find+EPRINT+arXiv:1211.3140
http://dx.doi.org/10.1007/JHEP06(2013)108
http://arxiv.org/abs/1305.0007
http://inspirehep.net/search?p=find+EPRINT+arXiv:1305.0007
http://dx.doi.org/10.1007/JHEP12(2014)009
http://dx.doi.org/10.1007/JHEP12(2014)009
http://arxiv.org/abs/1409.6298
http://inspirehep.net/search?p=find+EPRINT+arXiv:1409.6298
http://dx.doi.org/10.1103/PhysRevD.90.075009
http://arxiv.org/abs/1403.7490
http://inspirehep.net/search?p=find+EPRINT+arXiv:1403.7490
http://dx.doi.org/10.1063/1.3051904
http://arxiv.org/abs/0809.2530
http://inspirehep.net/search?p=find+EPRINT+arXiv:0809.2530

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

J.M. Butterworth, A.R. Davison, M. Rubin and G.P. Salam, Jet substructure as a new Higgs
search channel at the LHC, arXiv:0810.0409 [INSPIRE].

S.D. Ellis, C.K. Vermilion and J.R. Walsh, Techniques for improved heavy particle searches
with jet substructure, Phys. Rev. D 80 (2009) 051501 [arXiv:0903.5081] [INSPIRE].

S.D. Ellis, C.K. Vermilion and J.R. Walsh, Recombination Algorithms and Jet Substructure:
Pruning as a Tool for Heavy Particle Searches, Phys. Rev. D 81 (2010) 094023
[arXiv:0912.0033] [INSPIRE].

D. Krohn, J. Thaler and L.-T. Wang, Jet Trimming, JHEP 02 (2010) 084
[arXiv:0912.1342] [INSPIRE].

G. Soyez, G.P. Salam, J. Kim, S. Dutta and M. Cacciari, Pileup subtraction for jet shapes,
Phys. Rev. Lett. 110 (2013) 162001 [arXiv:1211.2811] [InSPIRE].

D. Krohn, M.D. Schwartz, M. Low and L.-T. Wang, Jet cleansing: Separating data from
secondary collision induced radiation at high luminosity, Phys. Rev. D 90 (2014) 065020
[arXiv:1309.4777] [INSPIRE].

M. Dasgupta, A. Fregoso, S. Marzani and G.P. Salam, Towards an understanding of jet
substructure, JHEP 09 (2013) 029 [arXiv:1307.0007] [INSPIRE].

M. Dasgupta, A. Fregoso, S. Marzani and A. Powling, Jet substructure with analytical
methods, Eur. Phys. J. C 73 (2013) 2623 [arXiv:1307.0013] [INSPIRE].

M. Cacciari, G.P. Salam and G. Soyez, On the use of charged-track information to subtract
neutral pileup, arXiv:1404.7353 [INSPIRE].

M. Cacciari, G.P. Salam and G. Soyez, SoftKiller, a particle-level pileup removal method,
arXiv:1407.0408 [INSPIRE].

D. Bertolini, P. Harris, M. Low and N. Tran, Pileup Per Particle Identification, JHEP 1410
(2014) 59 [arXiv:1407.6013] INSPIRE].

A.J. Larkoski, S. Marzani, G. Soyez and J. Thaler, Soft Drop, JHEP 05 (2014) 146
[arXiv:1402.2657] [INSPIRE].

J. Gallicchio and M.D. Schwartz, Seeing in Color: Jet Superstructure, Phys. Rev. Lett. 105
(2010) 022001 [arXiv:1001.5027] [INSPIRE].

J. Gallicchio and M.D. Schwartz, Pure Samples of Quark and Gluon Jets at the LHC, JHEP
10 (2011) 103 [arXiv:1104.1175) INSPIRE].

J. Gallicchio and M.D. Schwartz, Quark and Gluon Tagging at the LHC, Phys. Rev. Lelt.
107 (2011) 172001 [arXiv:1106.3076] [INSPIRE].

J. Gallicchio and M.D. Schwartz, Quark and Gluon Jet Substructure, JHEP 04 (2013) 090
[arXiv:1211.7038] [INSPIRE].

D. Krohn, M.D. Schwartz, T. Lin and W.J. Waalewijn, Jet Charge at the LHC, Phys. Rev.
Lett. 110 (2013) 212001 [arXiv:1209.2421] [INSPIRE].

A.J. Larkoski, J. Thaler and W.J. Waalewijn, Gaining (Mutual) Information about
Quark/Gluon Discrimination, JHEP 11 (2014) 129 [arXiv:1408.3122] [INSPIRE].

A. Abdesselam et al., Boosted objects: A Probe of beyond the Standard Model physics, Fur.
Phys. J. C 71 (2011) 1661 [arXiv:1012.5412] INSPIRE].

~32 -


http://arxiv.org/abs/0810.0409
http://inspirehep.net/search?p=find+EPRINT+arXiv:0810.0409
http://dx.doi.org/10.1103/PhysRevD.80.051501
http://arxiv.org/abs/0903.5081
http://inspirehep.net/search?p=find+EPRINT+arXiv:0903.5081
http://dx.doi.org/10.1103/PhysRevD.81.094023
http://arxiv.org/abs/0912.0033
http://inspirehep.net/search?p=find+EPRINT+arXiv:0912.0033
http://dx.doi.org/10.1007/JHEP02(2010)084
http://arxiv.org/abs/0912.1342
http://inspirehep.net/search?p=find+EPRINT+arXiv:0912.1342
http://dx.doi.org/10.1103/PhysRevLett.110.162001
http://arxiv.org/abs/1211.2811
http://inspirehep.net/search?p=find+EPRINT+arXiv:1211.2811
http://dx.doi.org/10.1103/PhysRevD.90.065020
http://arxiv.org/abs/1309.4777
http://inspirehep.net/search?p=find+EPRINT+arXiv:1309.4777
http://dx.doi.org/10.1007/JHEP09(2013)029
http://arxiv.org/abs/1307.0007
http://inspirehep.net/search?p=find+EPRINT+arXiv:1307.0007
http://dx.doi.org/10.1140/epjc/s10052-013-2623-3
http://arxiv.org/abs/1307.0013
http://inspirehep.net/search?p=find+EPRINT+arXiv:1307.0013
http://arxiv.org/abs/1404.7353
http://inspirehep.net/search?p=find+EPRINT+arXiv:1404.7353
http://arxiv.org/abs/1407.0408
http://inspirehep.net/search?p=find+EPRINT+arXiv:1407.0408
http://dx.doi.org/10.1007/JHEP10(2014)059
http://dx.doi.org/10.1007/JHEP10(2014)059
http://arxiv.org/abs/1407.6013
http://inspirehep.net/search?p=find+EPRINT+arXiv:1407.6013
http://dx.doi.org/10.1007/JHEP05(2014)146
http://arxiv.org/abs/1402.2657
http://inspirehep.net/search?p=find+EPRINT+arXiv:1402.2657
http://dx.doi.org/10.1103/PhysRevLett.105.022001
http://dx.doi.org/10.1103/PhysRevLett.105.022001
http://arxiv.org/abs/1001.5027
http://inspirehep.net/search?p=find+EPRINT+arXiv:1001.5027
http://dx.doi.org/10.1007/JHEP10(2011)103
http://dx.doi.org/10.1007/JHEP10(2011)103
http://arxiv.org/abs/1104.1175
http://inspirehep.net/search?p=find+EPRINT+arXiv:1104.1175
http://dx.doi.org/10.1103/PhysRevLett.107.172001
http://dx.doi.org/10.1103/PhysRevLett.107.172001
http://arxiv.org/abs/1106.3076
http://inspirehep.net/search?p=find+EPRINT+arXiv:1106.3076
http://dx.doi.org/10.1007/JHEP04(2013)090
http://arxiv.org/abs/1211.7038
http://inspirehep.net/search?p=find+EPRINT+arXiv:1211.7038
http://dx.doi.org/10.1103/PhysRevLett.110.212001
http://dx.doi.org/10.1103/PhysRevLett.110.212001
http://arxiv.org/abs/1209.2421
http://inspirehep.net/search?p=find+EPRINT+arXiv:1209.2421
http://dx.doi.org/10.1007/JHEP11(2014)129
http://arxiv.org/abs/1408.3122
http://inspirehep.net/search?p=find+EPRINT+arXiv:1408.3122
http://dx.doi.org/10.1140/epjc/s10052-011-1661-y
http://dx.doi.org/10.1140/epjc/s10052-011-1661-y
http://arxiv.org/abs/1012.5412
http://inspirehep.net/search?p=find+EPRINT+arXiv:1012.5412

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

A. Altheimer et al., Jet Substructure at the Tevatron and LHC: New results, new tools, new
benchmarks, J. Phys. G 39 (2012) 063001 [arXiv:1201.0008] [INSPIRE].

A. Altheimer et al., Boosted objects and jet substructure at the LHC. Report of BOOST2012,
held at IFIC Valencia, 23rd-27th of July 2012, Eur. Phys. J. C 74 (2014) 2792
[arXiv:1311.2708] [INSPIRE].

S.D. Ellis, A. Hornig, T.S. Roy, D. Krohn and M.D. Schwartz, Qjets: A Non-Deterministic
Approach to Tree-Based Jet Substructure, Phys. Rev. Lett. 108 (2012) 182003
[arXiv:1201.1914] [INSPIRE].

ATLAS collaboration, Performance and Validation of Q-Jets at the ATLAS Detector in pp
Collisions at \/s = 8 TeV in 2012, ATLAS-CONF-2013-087 (2013).

CMS collaboration, Identifying Hadronically Decaying Vector Bosons Merged into a Single
Jet, CMS-PAS-JME-13-006 (2013).

M. Cacciari, G.P. Salam and G. Soyez, The Anti-k(t) jet clustering algorithm, JHEP 04
(2008) 063 [arXiv:0802.1189] [INSPIRE].

S. Catani, Y.L. Dokshitzer, M.H. Seymour and B.R. Webber, Longitudinally invariant K;
clustering algorithms for hadron hadron collisions, Nucl. Phys. B 406 (1993) 187 [INSPIRE].

S.D. Ellis and D.E. Soper, Successive combination jet algorithm for hadron collisions, Phys.
Rev. D 48 (1993) 3160 [hep-ph/9305266] [INSPIRE].

Y.L. Dokshitzer, G.D. Leder, S. Moretti and B.R. Webber, Better jet clustering algorithms,
JHEP 08 (1997) 001 [hep-ph/9707323] [INSPIRE].

M. Wobisch and T. Wengler, Hadronization corrections to jet cross-sections in deep inelastic
scattering, hep-ph/9907280 [INSPIRE].

M. Wobisch, Measurement and QCD analysis of jet cross-sections in deep inelastic positron
proton collisions at /s = 300-GeV, DESY-THESIS-2000-049, Hamburg germany (2014).

G.P. Salam, Towards Jetography, Eur. Phys. J. C 67 (2010) 637 [arXiv:0906.1833]
[INSPIRE].

T. Sjostrand, S. Mrenna and P.Z. Skands, A Brief Introduction to PYTHIA 8.1, Comput.
Phys. Commun. 178 (2008) 852 [arXiv:0710.3820] [INSPIRE].

ATLAS collaboration, ATLAS tunes of PYTHIA 6 and Pythia 8 for MC11,
ATL-PHYS-PUB-2011-009 (2011).

DELPHES 3 collaboration, J. de Favereau et al., DELPHES 3, A modular framework for
fast simulation of a generic collider experiment, JHEP 02 (2014) 057 [arXiv:1307.6346]
[INSPIRE].

M. Cacciari, G.P. Salam and G. Soyez, FastJet User Manual, Eur. Phys. J. C 72 (2012)
1896 [arXiv:1111.6097] [INSPIRE].

Y .-T. Chien, Telescoping jets: Probing hadronic event structure with multiple R s, Phys. Rev.
D 90 (2014) 054008 [arXiv:1304.5240] [INSPIRE].

D. Kahawala, D. Krohn and M.D. Schwartz, Jet Sampling: Improving Fvent Reconstruction
through Multiple Interpretations, JHEP 06 (2013) 006 [arXiv:1304.2394] [INSPIRE].

Y.-T. Chien et al., Quantifying the power of multiple event interpretations,
arXiv:1407.2892 [INSPIRE].

— 33 —


http://dx.doi.org/10.1088/0954-3899/39/6/063001
http://arxiv.org/abs/1201.0008
http://inspirehep.net/search?p=find+EPRINT+arXiv:1201.0008
http://dx.doi.org/10.1140/epjc/s10052-014-2792-8
http://arxiv.org/abs/1311.2708
http://inspirehep.net/search?p=find+EPRINT+arXiv:1311.2708
http://dx.doi.org/10.1103/PhysRevLett.108.182003
http://arxiv.org/abs/1201.1914
http://inspirehep.net/search?p=find+EPRINT+arXiv:1201.1914
http://cds.cern.ch/record/1572981
http://cds.cern.ch/record/1577417
http://dx.doi.org/10.1088/1126-6708/2008/04/063
http://dx.doi.org/10.1088/1126-6708/2008/04/063
http://arxiv.org/abs/0802.1189
http://inspirehep.net/search?p=find+EPRINT+arXiv:0802.1189
http://dx.doi.org/10.1016/0550-3213(93)90166-M
http://inspirehep.net/search?p=find+J+Nucl.Phys.,B406,187
http://dx.doi.org/10.1103/PhysRevD.48.3160
http://dx.doi.org/10.1103/PhysRevD.48.3160
http://arxiv.org/abs/hep-ph/9305266
http://inspirehep.net/search?p=find+EPRINT+hep-ph/9305266
http://dx.doi.org/10.1088/1126-6708/1997/08/001
http://arxiv.org/abs/hep-ph/9707323
http://inspirehep.net/search?p=find+EPRINT+hep-ph/9707323
http://arxiv.org/abs/hep-ph/9907280
http://inspirehep.net/search?p=find+EPRINT+hep-ph/9907280
http://dx.doi.org/10.1140/epjc/s10052-010-1314-6
http://arxiv.org/abs/0906.1833
http://inspirehep.net/search?p=find+EPRINT+arXiv:0906.1833
http://dx.doi.org/10.1016/j.cpc.2008.01.036
http://dx.doi.org/10.1016/j.cpc.2008.01.036
http://arxiv.org/abs/0710.3820
http://inspirehep.net/search?p=find+EPRINT+arXiv:0710.3820
http://cds.cern.ch/record/1363300?ln=en
http://dx.doi.org/10.1007/JHEP02(2014)057
http://arxiv.org/abs/1307.6346
http://inspirehep.net/search?p=find+EPRINT+arXiv:1307.6346
http://dx.doi.org/10.1140/epjc/s10052-012-1896-2
http://dx.doi.org/10.1140/epjc/s10052-012-1896-2
http://arxiv.org/abs/1111.6097
http://inspirehep.net/search?p=find+EPRINT+arXiv:1111.6097
http://dx.doi.org/10.1103/PhysRevD.90.054008
http://dx.doi.org/10.1103/PhysRevD.90.054008
http://arxiv.org/abs/1304.5240
http://inspirehep.net/search?p=find+EPRINT+arXiv:1304.5240
http://dx.doi.org/10.1007/JHEP06(2013)006
http://arxiv.org/abs/1304.2394
http://inspirehep.net/search?p=find+EPRINT+arXiv:1304.2394
http://arxiv.org/abs/1407.2892
http://inspirehep.net/search?p=find+EPRINT+arXiv:1407.2892

	Introduction
	Statistical uncertainties
	Cross-section measurement
	Mass measurement

	Review of Qjets
	Results from phenomenological studies
	Understanding the statistical effects
	Understanding the physics effects
	Conclusions
	Validation of section 2 with pseudo-experiments
	Jet mass

