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2. Angular analyses

B0 ! K ⇤0µ+µ� angular analysis

⌘ Rich amplitude structure ! 8 observables

The B0 ! K �0(K+��)µ+µ� decay

⌘ The decay probability and angular distribution of decay products described
by 3 angles and the dimuon mass squared (q2)

Observables from the angular distribtion
For B0 � K�(892)0(� K±��)µ+µ� decays...

� P ! V V � (pseudoscalar to vector-vector)
� Vector K⇤(892) =� angular distribution, as well as rate, is interesting
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� Angular distribution �! Sets of observables:
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� ...Clever ratios of angular terms

S.Cunliffe (Imperial) FFP14 Angular analysis of B0 � K�0µ+µ� 13/21

⌘ Correctly determining which is the kaon
and which is the pion is critical to this
measurement

⌘ The decay of a B0 to a vector K⇤0 particle offers large number of
experimental observables by analysing distribution of the final state decay
products

! 8 experimental observables
! Sensitive to the effect of new particles entering the loop

October 21, 2014 1 / 4

In the �2 fit, the correlations between the di�erent observables are taken into account.
The floating parameters are Re(C9) and a number of nuisance parameters associated with
the form factors, CKM elements and possible sub-leading corrections to the amplitudes.
The sub-leading corrections to the amplitudes are expected to be suppressed by the size of
the b-quark mass relative to the typical energy scale of QCD. The nuisance parameters are
treated according to the prescription of Ref. [11] and are included in the fit with Gaussian
constraints. In the �2 minimisation procedure, the value of each observable (as derived
from a particular choice of the theory parameters) is compared to the measured value.
Depending on the sign of the di�erence between these values, either the lower or upper
(asymmetric) uncertainty on the measurement is used to compute the �2.

The minimum �2 corresponds to a value of Re(C9) shifted by �Re(C9) = �1.04 ± 0.25
from the SM central value of Re(C9) = 4.27 [11] (see Fig. 14). From the di�erence in �2

between the SM point and this best-fit point, the significance of this shift corresponds to
3.4 standard deviations. As discussed in the literature [9–12,14–21], a shift in C9 could be
caused by a contribution from a new vector particle or could result from an unexpectedly
large hadronic e�ect.

If a fit is instead performed to the CP -averaged observables from the moment analysis
in the same q2 ranges, then �Re(C9) = �0.68 ± 0.35 is obtained. As expected, the
uncertainty on �Re(C9) is larger than that from the likelihood fit. Taking into account the
correlations between the two methods, the values of �Re(C9) are statistically compatible.
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Figure 14: The ��2 distribution for the real part of the generalised vector-coupling strength, C9.
This is determined from a fit to the results of the maximum likelihood fit of the CP -averaged
observables. The SM central value is Re(CSM

9 ) = 4.27 [11]. The best fit point is found to be at
�Re(C9) = �1.04 ± 0.25.
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⌘ Angular distribution at 3.4� tension with SM

! Anomalous vector-dilepton coupling

⌘ Update with Run2 is in process.

⌘ With LHCb Upgrade II 400,000 fully
reconstructed B

0 ! K

⇤0µ+µ� candidates are
expected.

⇤ Precise determination of angular
observables in narrow bins or in an
unbinned approach.

Gabriela Pomery (UoB) b ! s(d)`` results from LHCb 17th September 2018 8 / 21

D. Straub, CKM2018

also (g-2)μ , ε’/ε, …

QCD UV
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Top-tagging: A Method for Identifying Boosted Hadronic Tops

David E. Kaplan, Keith Rehermann, Matthew D. Schwartz and Brock Tweedie
Department of Physics and Astronomy Johns Hopkins University Baltimore, MD 21218, U.S.A.

A method is introduced for distinguishing top jets (boosted, hadronically decaying top quarks)
from light quark and gluon jets using jet substructure. The procedure involves parsing the jet cluster
to resolve its subjets, and then imposing kinematic constraints. With this method, light quark or
gluon jets with pT ≃ 1 TeV can be rejected with an efficiency of around 99% while retaining up to
40% of top jets. This reduces the dijet background to heavy tt̄ resonances by a factor of ∼10, 000,
thereby allowing resonance searches in tt̄ to be extended into the all-hadronic channel. In addition,
top-tagging can be used in tt̄ events when one of the tops decays semi-leptonically, in events with
missing energy, and in studies of b-tagging efficiency at high pT .

The Large Hadron Collider (LHC) is a top factory. The
millions of top quarks it produces will provide profound
insights into the standard model and its possible exten-
sions. Most of the tops will be produced near threshold,
and can be identified using the same kinds of techniques
applied at the Tevatron – looking for the presence of a
bottom quark through b-tagging, identifying the W bo-
son, or finding three jets whose invariant mass is near
mt. However, some of the top quarks produced at the
LHC will be highly boosted. In particular, almost ev-
ery new physics scenario that addresses the hierarchy
problem will include new heavy particles which decay
to tops (such as KK gluons in Randall-Sundrum mod-
els, squarks in supersymmetry, top primes in little Higgs
models, etc.). If their masses are even a factor of a few
above the top mass, the tops that they produce will de-
cay to collimated collections of particles that look like
single jets. In this case, the standard top identification
techniques may falter: b-tagging is difficult because the
tracks are crowded and unresolvable, the W decay prod-
ucts are not always isolated from each other or from the
b jet, and the top jet mass may differ from mt due to an
increased amount of QCD radiation.

In most studies of tt̄ resonances, emphasis is placed
on the channel in which one top decays semi-leptonically
(to an electron or muon, a neutrino, and a b jet) and
the other hadronically [1, 2]. This avoids having to con-
front the large dijet background to all-hadronic tt̄ . How-
ever, these studies need to assume that the lepton can be
isolated, which often excludes the electron channel, and
that at least one b jet is tagged, which is difficult at high
pT [3]. The hard muon tag alone already discards 90%
of the tt̄ events. So one would like to be able to use
the all-hadronic channel without b-tags. In this paper,
we introduce a practical and efficient method for tagging
boosted hadronically-decaying tops.

A top quark’s dominant decay mode is to a b quark
and a W boson with the W subsequently decaying to
two light quarks. The three quarks normally appear as
jets in the calorimeter, but for highly boosted tops these
jets may lie close together and may not always be inde-
pendently resolved. For example, a zoomed-in lego plot
of a typical top jet is shown in Figure 1. It displays
energy deposited in an ideal calorimeter versus pseudo-
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FIG. 1: A typical top jet with a pT of 800 GeV at the LHC.
The three subjets after top-tagging are shaded separately.

rapidity, η, and azimuthal angle, φ. The three quark
jets show up clearly by eye, but it is easy to see how
the number of jets identified by conventional clustering
would be highly variable and strongly dependent on the
jet-resolution parameter. This is the inherent difficulty
with extrapolating the techniques that work for slower
tops, where the decay products are widely separated, to
the boosted case.

The natural direction for finding boosted tops is to
look into subjet analysis and other measures of the en-
ergy distribution in the events. A recent ATLAS note [4]
explored the possibility by cutting on the jet mass and
the ycut variables associated with the kT algorithm. They
achieved an efficiency of 45% for top-tagging at pT = 1
TeV with 1 in 20 background jets getting through. Such
efficiencies are not strong enough to filter tt̄ events from
the enormous dijet background [21].

The key to efficient top-tagging is in isolating features
of QCD which control the background from features par-
ticular to the top quark. As can be seen in Figure 1,
boosted top events look like single jets with three re-
solvable subjets in a small region of the calorimeter.
These subjets are separated by angular scales of order
∼ 2mt/pT , and so remain distinguishable from one an-
other up to pT ’s of roughly 2 TeV for a calorimeter cell

CWoLa Hunting
3

Are we missing something?

1) Ever-more sensitive 

dedicated searches for the 

standard culprits:

 – Minimal Supersymmetry

 – Top Partners

 – diboson / ttbar resonances

2) General-purpose 

‘model-independent’ 

searches for 

unexpected new 

physics

CWoLa Hunting
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QCD UV
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A method is introduced for distinguishing top jets (boosted, hadronically decaying top quarks)
from light quark and gluon jets using jet substructure. The procedure involves parsing the jet cluster
to resolve its subjets, and then imposing kinematic constraints. With this method, light quark or
gluon jets with pT ≃ 1 TeV can be rejected with an efficiency of around 99% while retaining up to
40% of top jets. This reduces the dijet background to heavy tt̄ resonances by a factor of ∼10, 000,
thereby allowing resonance searches in tt̄ to be extended into the all-hadronic channel. In addition,
top-tagging can be used in tt̄ events when one of the tops decays semi-leptonically, in events with
missing energy, and in studies of b-tagging efficiency at high pT .

The Large Hadron Collider (LHC) is a top factory. The
millions of top quarks it produces will provide profound
insights into the standard model and its possible exten-
sions. Most of the tops will be produced near threshold,
and can be identified using the same kinds of techniques
applied at the Tevatron – looking for the presence of a
bottom quark through b-tagging, identifying the W bo-
son, or finding three jets whose invariant mass is near
mt. However, some of the top quarks produced at the
LHC will be highly boosted. In particular, almost ev-
ery new physics scenario that addresses the hierarchy
problem will include new heavy particles which decay
to tops (such as KK gluons in Randall-Sundrum mod-
els, squarks in supersymmetry, top primes in little Higgs
models, etc.). If their masses are even a factor of a few
above the top mass, the tops that they produce will de-
cay to collimated collections of particles that look like
single jets. In this case, the standard top identification
techniques may falter: b-tagging is difficult because the
tracks are crowded and unresolvable, the W decay prod-
ucts are not always isolated from each other or from the
b jet, and the top jet mass may differ from mt due to an
increased amount of QCD radiation.

In most studies of tt̄ resonances, emphasis is placed
on the channel in which one top decays semi-leptonically
(to an electron or muon, a neutrino, and a b jet) and
the other hadronically [1, 2]. This avoids having to con-
front the large dijet background to all-hadronic tt̄ . How-
ever, these studies need to assume that the lepton can be
isolated, which often excludes the electron channel, and
that at least one b jet is tagged, which is difficult at high
pT [3]. The hard muon tag alone already discards 90%
of the tt̄ events. So one would like to be able to use
the all-hadronic channel without b-tags. In this paper,
we introduce a practical and efficient method for tagging
boosted hadronically-decaying tops.

A top quark’s dominant decay mode is to a b quark
and a W boson with the W subsequently decaying to
two light quarks. The three quarks normally appear as
jets in the calorimeter, but for highly boosted tops these
jets may lie close together and may not always be inde-
pendently resolved. For example, a zoomed-in lego plot
of a typical top jet is shown in Figure 1. It displays
energy deposited in an ideal calorimeter versus pseudo-
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FIG. 1: A typical top jet with a pT of 800 GeV at the LHC.
The three subjets after top-tagging are shaded separately.

rapidity, η, and azimuthal angle, φ. The three quark
jets show up clearly by eye, but it is easy to see how
the number of jets identified by conventional clustering
would be highly variable and strongly dependent on the
jet-resolution parameter. This is the inherent difficulty
with extrapolating the techniques that work for slower
tops, where the decay products are widely separated, to
the boosted case.

The natural direction for finding boosted tops is to
look into subjet analysis and other measures of the en-
ergy distribution in the events. A recent ATLAS note [4]
explored the possibility by cutting on the jet mass and
the ycut variables associated with the kT algorithm. They
achieved an efficiency of 45% for top-tagging at pT = 1
TeV with 1 in 20 background jets getting through. Such
efficiencies are not strong enough to filter tt̄ events from
the enormous dijet background [21].

The key to efficient top-tagging is in isolating features
of QCD which control the background from features par-
ticular to the top quark. As can be seen in Figure 1,
boosted top events look like single jets with three re-
solvable subjets in a small region of the calorimeter.
These subjets are separated by angular scales of order
∼ 2mt/pT , and so remain distinguishable from one an-
other up to pT ’s of roughly 2 TeV for a calorimeter cell
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A method is introduced for distinguishing top jets (boosted, hadronically decaying top quarks)
from light quark and gluon jets using jet substructure. The procedure involves parsing the jet cluster
to resolve its subjets, and then imposing kinematic constraints. With this method, light quark or
gluon jets with pT ≃ 1 TeV can be rejected with an efficiency of around 99% while retaining up to
40% of top jets. This reduces the dijet background to heavy tt̄ resonances by a factor of ∼10, 000,
thereby allowing resonance searches in tt̄ to be extended into the all-hadronic channel. In addition,
top-tagging can be used in tt̄ events when one of the tops decays semi-leptonically, in events with
missing energy, and in studies of b-tagging efficiency at high pT .

The Large Hadron Collider (LHC) is a top factory. The
millions of top quarks it produces will provide profound
insights into the standard model and its possible exten-
sions. Most of the tops will be produced near threshold,
and can be identified using the same kinds of techniques
applied at the Tevatron – looking for the presence of a
bottom quark through b-tagging, identifying the W bo-
son, or finding three jets whose invariant mass is near
mt. However, some of the top quarks produced at the
LHC will be highly boosted. In particular, almost ev-
ery new physics scenario that addresses the hierarchy
problem will include new heavy particles which decay
to tops (such as KK gluons in Randall-Sundrum mod-
els, squarks in supersymmetry, top primes in little Higgs
models, etc.). If their masses are even a factor of a few
above the top mass, the tops that they produce will de-
cay to collimated collections of particles that look like
single jets. In this case, the standard top identification
techniques may falter: b-tagging is difficult because the
tracks are crowded and unresolvable, the W decay prod-
ucts are not always isolated from each other or from the
b jet, and the top jet mass may differ from mt due to an
increased amount of QCD radiation.

In most studies of tt̄ resonances, emphasis is placed
on the channel in which one top decays semi-leptonically
(to an electron or muon, a neutrino, and a b jet) and
the other hadronically [1, 2]. This avoids having to con-
front the large dijet background to all-hadronic tt̄ . How-
ever, these studies need to assume that the lepton can be
isolated, which often excludes the electron channel, and
that at least one b jet is tagged, which is difficult at high
pT [3]. The hard muon tag alone already discards 90%
of the tt̄ events. So one would like to be able to use
the all-hadronic channel without b-tags. In this paper,
we introduce a practical and efficient method for tagging
boosted hadronically-decaying tops.

A top quark’s dominant decay mode is to a b quark
and a W boson with the W subsequently decaying to
two light quarks. The three quarks normally appear as
jets in the calorimeter, but for highly boosted tops these
jets may lie close together and may not always be inde-
pendently resolved. For example, a zoomed-in lego plot
of a typical top jet is shown in Figure 1. It displays
energy deposited in an ideal calorimeter versus pseudo-
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FIG. 1: A typical top jet with a pT of 800 GeV at the LHC.
The three subjets after top-tagging are shaded separately.

rapidity, η, and azimuthal angle, φ. The three quark
jets show up clearly by eye, but it is easy to see how
the number of jets identified by conventional clustering
would be highly variable and strongly dependent on the
jet-resolution parameter. This is the inherent difficulty
with extrapolating the techniques that work for slower
tops, where the decay products are widely separated, to
the boosted case.

The natural direction for finding boosted tops is to
look into subjet analysis and other measures of the en-
ergy distribution in the events. A recent ATLAS note [4]
explored the possibility by cutting on the jet mass and
the ycut variables associated with the kT algorithm. They
achieved an efficiency of 45% for top-tagging at pT = 1
TeV with 1 in 20 background jets getting through. Such
efficiencies are not strong enough to filter tt̄ events from
the enormous dijet background [21].

The key to efficient top-tagging is in isolating features
of QCD which control the background from features par-
ticular to the top quark. As can be seen in Figure 1,
boosted top events look like single jets with three re-
solvable subjets in a small region of the calorimeter.
These subjets are separated by angular scales of order
∼ 2mt/pT , and so remain distinguishable from one an-
other up to pT ’s of roughly 2 TeV for a calorimeter cell

0806.0848

QCD UV

Generic NP cascades:  
H+ → t b (hadronic + leptonic)  
X→YY→hhhh 
X → WW (hadronic + semi-leptonic) 
X→AB→ττgg  
…. 

O(300) possibilities for boosted X → 4 SM 
particles O(10k) possibilities for dijet combinations.  

Dark quarks with BSM showers? see e.g. Schwaller, Stolarski & Weiler, 1502.05409
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How to disentangle NP from NP? 

Task of classification 

Limited theoretical control & tools (pert. QCD, QCDF, 
sum rules, lattice, QCD shower & fragmentation 
models, …) 

Exhaustive exploration of NP model space? 

+ experimental systematics, limited statistics, etc… 

The Challenge

QCD

UV

How much can “we” learn directly from data?

QCD UV
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1. Supervised (boosted decision trees, neural networks, …) 

train (general enough) model on (fit to) pre-labelled data 

domain (QCD) knowledge through labelling/generation of 
training data 

2. Unsupervised (e.g. (jet) clustering algorithms) 

search for structures within (unlabelled) data using priors 
for the structure distributions 

domain knowledge through choice of priors / clustering 
model 

Approaches to classification
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How a jet is formed (& reconstructed)

Jet formation: starting from a hard ‘seed’ - sequential 
combination of QCD showering, fragmentation and 
hadronization and possibly massive particle decays  Jets and substructure
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How a jet is formed (& reconstructed)

Jet reconstruction: sequential combination of energy/
momentum (sub) clusters based on appropriate IRC safe 
measure (e.g. kT) 

Clustering history - proxy for how jet was formed 

cl
us
te
rin

g

de-clustering

CHAPTER 3. JETS AND JET ALGORITHMS 32

Figure 3.2: Jets obtained with the Cambridge/Aachen (left) and anti-kt (right) al-
gorithms with R = 1. The shaded regions correspond to the (active) catchment
area (see [64]) of each jet. While the jets obtained with the Cambridge/Aachen al-
gorithm have complex boundaries (a similar property would be seen on kt jets), the
hard jets obtained with anti-kt clustering are almost perfectly circular. This figure has
been taken from [63].

concept of a stable cone: for a given cone centre yc, �c in the rapidity-azimuth plane,
one sums the 4-momenta of all the particles with rapidity and � within a (fixed) radius
R around the cone centre; if the 4-momentum of the sum has rapidity yc and azimuth
�c — i.e. the sum of all the momenta in the cone points in the direction of the centre of
the cone — the cone is called stable. This can be viewed as a self-consistency criterion.

In order to find stable cones, the JetClu [66] and (various) midpoint-type [67, 68]
cone algorithms use a procedure that starts with a given set of seeds. Taking each of
them as a candidate cone centre, one calculates the cone contents, find a new centre
based on the 4-vector sum of the cone contents and iterate until a stable cone is found.
The JetClu algorithm, used during Run I at the Tevatron, takes the set of particles as
seeds, optionally above a given pt cut. This can be shown to lead to an infrared unsafety
when two hard particles are within a distance 2R, rendering JetClu unsatisfactory for
theoretical calculations.

Midpoint-type algorithms, used for Run II of the Tevatron, added to the list of seeds
the midpoints between any pair of stable cones found by JetClu. This is still infrared
unsafe, this time when 3 hard particles are in the same vicinity, i.e. one order later in
the perturbative expansion than the JetClu algorithm. This infrared-unsafety issue was
solved by the introduction of the SISCone [69] algorithm. It provably finds all possible
stable cones in an event, making the stable cone search infrared-and-collinear safe.

Finally, note that finding the stable cones is not equivalent to finding the jets since
stable cones can overlap. The most common approach is to run a split–merge procedure
once the stable cones have been found. This iteratively takes the most overlapping stable
cones and either merges them of splits them depending on their overlapping fraction.

0802.1188
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How a jet is formed (& reconstructed)

Jet reconstruction: sequential combination of energy/
momentum (sub) clusters based on appropriate IRC safe 
measure (e.g. kT) 

 

cl
us
te
rin

g

de-clustering Each (un)clustering node 
defines own ‘Lund plane’ 
kinematics - observables

CHAPTER 5. JET SUBSTRUCTURE: CONCEPTS AND TOOLS 85

James Dolen Boston Jet Workshop,  Jan 22, 2013

HEP Top Tagger details
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James Dolen

Mass drop 
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Figure 5.3: Visualisation of the HEP top tagger algorithm.

In the end, the tagger uses a multivariate (Boosted Decision Tree) analysis based on the
series of kinematic variables — subjet transverse momenta and masses — the optimal
jet radius, and the shape values.

5.6.3 The Lund jet plane

In section 4.2, we have introduced the Lund plane as a graphical representation conve-
nient for resummation calculations. It has actually been realised recently that, in the
context of jet substructure, it was possible to promote this idea to a genuine observ-
able [65].

In practice, one reclusters the constituents of the jet with the Cambridge/Aachen
algorithm and apply the following iterative procedure, starting with the full jet:

1. decluster the jet in two subjets pi and pj, with pti > ptj.

2. with the idea that this corresponds to the emission of pj from an emitter pi + pj,
one defines the following variables:

� ⌘ �Rij, kt ⌘ ptj�, m2 ⌘ (pi + pj)
2 (5.33)

z ⌘ ptj

pti + ptj

,  ⌘ z�,  ⌘ tan�1 yj � yi

�j � �i

(5.34)

Dreyer, Salam & Soyez, 1807.04758
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Simplified generative model of jet (observables)

Assume:  
• most of useful jet information contained in node observables 
• their values are generated by sampling from several underlying 

‘latent’ distributions (e.g. QCD splitting, particle decay,…) - themes 

 

p(
w

|t)
p(

w
|t)

theme 1

theme 2

…

Defines s.c. mixed membership model 
of Latent Dirichlet Allocation

Dir
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Construct the generative model for jets with K themes

Latent Dirichlet Allocation for jet observables

!Dir(↵)

prior on theme 
proportions

theme proportions

Step 1: sample proportions for each theme, a K-dimensional multinomial
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Construct the generative model for jets with K themes

Latent Dirichlet Allocation for jet observables

! tDir(↵)

prior on theme 
proportions

theme proportions

Step 2: sample a single theme from the multinomial



16

Construct the generative model for jets with K themes

Latent Dirichlet Allocation for jet observables

! t node (f )

latent node 
distributions

Dir(↵)

prior on theme 
proportions

�K⇥V

theme proportions

Step 3: sample a node from the appropriate theme distribution
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Construct the generative model for jets with K themes

Latent Dirichlet Allocation for jet observables

! t node (f )

latent node 
distributions

N

Dir(↵)

prior on theme 
proportions

�K⇥V

theme proportions

 - repeat this for each of the N nodes in the jet
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Construct the generative model for jets with K themes

Latent Dirichlet Allocation for jet observables

! t node (f )

latent node 
distributions

N
M

Dir(↵)

prior on theme 
proportions

�K⇥V

theme proportions

 - repeat this for each of the N nodes in the jet  

 - repeat again for each of the M jets you want to generate
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Construct the generative model for jets with K themes 

Define probability to generate a set of node observables (f) 

Solve for latent theme distributions (β) using Bayes theorem 
& approximate inference 

Originally constructed for study of genotypes & text topics

Latent Dirichlet Allocation for jet observables

p(jet|↵,�) =
Z

!
p(!|↵)

Y

f2jet

 
X

t

p(t|!)p(f |t,�)
!

�MLE
K⇥V = argmax

�
log

 
MY

i=1

P (jeti|↵,�)
!

p
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Papadimitriou, Raghavan, Tamaki & Vempala (1998)
Hofmann (1999)

Blei, Ng, & Jordan (2002)
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2-theme LDA trained on mixed sample (S+B) using jet mass  
B: QCD dijets 
S:

Example LDA models: top jets

50 100 150 200 250

p(
m

j 0
|t

)

50 100 150 200 250

50 100 150 200 250
mj0 [GeV]

0.2

0.4

0.6

0.8

1.0

m
j 1
/m

j 0

0 0.008 0.016

50 100 150 200 250
mj0 [GeV]

0 0.006 0.012

pp ! tt̄ ! W+W�bb̄, S/B = 1, ↵1 = ↵2 = 0.5
Theme 1 Theme 2
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2-theme LDA trained on mixed sample (S+B) using jet mass  
B: QCD dijets 
S:

Example LDA models: top jets

50 100 150 200 250

p(
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j 0
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)
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mj0 [GeV]
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0.8
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m
j 1
/m
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50 100 150 200 250
mj0 [GeV]

0 0.006 0.012

pp ! tt̄ ! W+W�bb̄, S/B = 1, ↵1 = ↵2 = 0.5
Theme 1 Theme 2
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2-theme LDA trained on mixed sample (S+B) in Lund plane 
B: QCD dijets 
S:

Example LDA models: NP jets

S/B = 0.011

mW 0 = 3 TeV, m� = 400 GeV mjj 2 2730� 3190 GeV
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J. H. Collins, K. 
Howe, B. Nachman 
(2019) 

pp ! W 0 ! W� ! WZbb̄
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2-theme LDA trained on mixed sample (S+B) in Lund plane 
B: QCD dijets 
S:

Example LDA models: NP jets
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2-theme LDA trained on mixed sample (S+B) in Lund plane 
B: QCD dijets 
S:

Example LDA models: NP jets
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2-theme LDA trained on mixed sample (S+B) in Lund plane 
B: QCD dijets 
S:

Example LDA models: NP jets
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Can we use this information to classify QCD from UV?
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x list of observables useful for distinguishing S from B 

pS(x) and pB(x) - probability distributions of x for S and B 

classifier h(x) close to 1 for S and close to 0 for B - to be 
learned by minimizing loss function (e.g mean-square) 

receiver operating characteristic (ROC) curve 

Neyman-Pearson lemma: 

If x - low dimensional, can use histograms directly, 
otherwise use supervised ML (BDTs, NNs, …) 

Jet classification: basics

residual dependence on simulation; indeed, one could even combine adversarial approaches

with CWoLa in this case to mitigate simulation dependence [31]. Finally, the CWoLa approach

presented here only applies to mixtures of two categories, and further developments would be

needed to disentangle multicategory samples.

The remainder of this paper is organized as follows. In Sec. 2, we explain the theoretical

foundations of the CWoLa paradigm and contrast it with LLP-style weak supervision and full

supervision. We illustrate the power of CWoLa with a toy example of two gaussian random

variables in Sec. 3. We then apply CWoLa to the challenge of quark versus gluon jet tagging

in Sec. 4, using a dense network of five standard quark/gluon discriminants to highlight the

performance of CWoLa on mixed samples. The paper concludes in Sec. 5 with a summary

and future outlook.

2 Machine learning with and without labels

The goal of classification is to distinguish two processes from each other: signal S and back-

ground B. Let ~x be a list of observables that are useful for distinguishing signal from back-

ground, and define pS(~x) and pB(~x) to be the probability distributions of ~x for the signal and

background, respectively. A classifier h : ~x 7! R is designed such that higher values of h are

more signal-like and lower values are more background-like. A classifier operating point is

defined by a threshold cut h > c; the signal e�ciency is then ✏S =
R
d~x pS(~x)⇥(h(~x)� c) and

the background e�ciency (i.e. mistag rate) is ✏B =
R
d~x pB(~x)⇥(h(~x)� c), for the Heaviside

step function ⇥. The performance of a classifier h can be described by its receiver operating

characteristic (ROC) curve which is the function 1�✏hB(✏S). A classifier h is optimal if for any

other classifier h0, ✏h
0

B (✏S) � ✏hB(✏S) for all possible ✏S . By the Neyman-Pearson lemma [39],

an optimal classifier is the likelihood ratio: h
optimal

(~x) = pS(~x)/pB(~x). Therefore, the goal of

classification is to learn h
optimal

or any classifier that is monotonically related to it.

In practice, one learns to approximate h
optimal

(~x) from a set of signal and background ~x

examples (training data). When the dimensionality of ~x is small and the number of examples

large, it is often possible to approximate pS(~x) and pB(~x) directly by using histograms.

When the dimensionality is large, an explicit construction is often not possible. In this

case, one constructs a loss function that is minimized using a machine learning algorithm

like a boosted decision tree or (deep) neural network. The following section describes three

paradigms for learning h
optimal

(~x) with di↵erent amounts of information available at training

time: full supervision, LLP, and CWoLa. The ideas presented here apply to any procedure

for constructing h
optimal

(~x).

2.1 Full supervision

Fully supervised learning is the standard classification paradigm. Each example ~xi comes

with a label ui 2 {S,B}. For models trained to minimize loss functions, typical loss functions

– 3 –
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x list of observables useful for distinguishing S from B 

pS(x) and pB(x) - probability distributions of x for S and B 

classifier h(x) close to 1 for S and close to 0 for B - to be 
learned by minimizing loss function (e.g mean-square) 

receiver operating characteristic (ROC) curve 

Neyman-Pearson lemma: 

If x - low dimensional, can use histograms directly, 
otherwise use ML (BDTs, NNs, …) 

Jet classification: basics
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Figure 5: ROC curves for all algorithms evaluated on the same test sample, shown as the
median of multiple trainings.

similar information should be included in the ROC curve. For the background rejection we
see a sizeable variation from around 1/600 to better than 1/1000. Again, the cutting edge
ResNeXt50 and ParticleNet approaches lead to the best results, corresponding to an improve-
ment of the signal-to-background ratio by a factor ✏S/✏B > 300, and vastly exceeding the
current top tagging performance in ATLAS and CMS.

On the other hand, in Fig. 5 and Tab. 1 we see that some of the physics-motivated setups
remain competitive with the technically much more advanced ResNeXt50 and ParticleNet
networks. This suggests that even for a straightforward task like top tagging in fat jets we
can develop competitive and e�cient physics-specific tools. While their performance does not
quite match the state of the art standard networks, it is close enough to test both approaches
on key requirements in particle physics, like treatment of uncertainties, stability with respect
to detector e↵ects, etc.

The obvious question in any deep-learning analysis is if the tagger captures all relevant
information. As a starting point we can test how correlated the classifier output of the di↵erent
taggers are. We show the pair-wise correlations for a subset of classifier outputs in Fig. 6, with
the correlation matrix given in Tab. 2. As expected from strong classifier performances, most
jets are clustered in the bottom left and top right corners, corresponding to identification as
background and signal, respectively. The largest spread is observed for correlations with the
EFP. The two strongest individual classifier outputs — ResNeXt50 and ParticleNet — are
not perfectly correlated.

Given that we find the outputs of the di↵erent algorithms not to be fully correlated, we can

14

Example: QCD j vs. t classification (top-tagging)
1902.09914
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Classification from mixed samples: pure samples not 
available in real data 

1.) Assume f1, f2 known (e.g. from MC), then simply 

2.) Assume only f1 > f2 then use monotonicity of 

Jet classification: mixed samples

are the mean squared error:

`
MSE

=
1

N

NX

i=1

⇣
h(~xi)� I(ui = S)

⌘
2

, (2.1)

for the indicator function I, or the cross-entropy:

`
CE

= � 1

N

NX

i=1

⇣
I(ui = S) log h(~xi) +

�
1� I(ui = S)

�
log

�
1� h(~xi)

�⌘
, (2.2)

where N is the size of the subset (batch) of the available training data. With large enough

training samples, flexible enough model parameterization, and suitable minimization proce-

dure, the learned h should approach the performance of h
optimal

.

2.2 Learning from label proportions

For weak supervision, one does not have complete and/or accurate label information. Here,

we consider the case of accurate labels, but in the context of mixed samples. Consider two

processes M
1

and M
2

that are mixtures of the original signal and background processes:

pM1(~x) = f
1

pS(~x) + (1� f
1

) pB(~x), (2.3)

pM2(~x) = f
2

pS(~x) + (1� f
2

) pB(~x), (2.4)

with the signal fractions satisfying 0  f
2

< f
1

 1.

Instead of having training data labeled as being from pS or pB, we are now only given

examples drawn from pM1 and pM2 with the correspondingM
1

andM
2

labels. We are however

told f
1

and f
2

ahead of time. The resulting optimization problems are much less constrained

than those in Sec. 2.1, but learning is still possible. The key is to use several di↵erent mixed

samples with su�ciently di↵erent fractions in order to avoid trivial failure modes, as discussed

in Ref. [34]. One possible loss function is given by:

`
LLP

=

������

NM1X

i=1

h(~xi)

NM1

� f
1

������
+

������

NM2X

j=1

h(~xj)

NM2

� f
2

������
, (2.5)

where NM1 and NM2 are the number of M
1

and M
2

examples in the batch. One could extend

(and improve) this paradigm by adding in more samples with di↵erent fractions, but we

consider only two here for simplicity.

2.3 Classification without labels

CWoLa is an alternative strategy for weak supervision in the context of mixed samples. Rather

than modifying the loss function to accommodate the limited information as in Sec. 2.2, the

CWoLa approach is to simply train the model to discriminate the mixed samples M
1

and M
2

from one another. The classifier h trained to distinguish M
1

from M
2

(using full supervision)

is then directly applied to distinguish S from B. An illustration of this technique is shown in

Fig. 1. Remarkably, this procedure results in an optimal classifier (as defined in the beginning

of Sec. 2) for the S versus B classification problem:
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h

M1/M2

optimal

(~x) = pM1(~x)/pM2(~x)
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M
1

and M
2

defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f
1

> f
2

, an optimal classifier trained to

distinguish M
1

from M
2

is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f
1

pS + (1� f
1

) pB
f
2

pS + (1� f
2

) pB
=

f
1

LS/B + (1� f
1

)

f
2

LS/B + (1� f
2

)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f
1

> f
2

, since

@LS/B
LM1/M2

= (f
1

� f
2

)/(f
2

LS/B � f
2

+ 1)2 > 0. If f
1

< f
2

, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f
1

and f
2

are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that
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(Classification Without Labels)
Metodiev, Nachman & Thaler, 1708.02949

24Jesse Thaler — On the Topic of Jets

Key Challenge:  Mixed Samples are Mixtures

Mixed Classifier?

hmixed(x⃗) =
pA(x⃗)

pA(x⃗) + pB(x⃗)

hpure(x⃗) =
pq(x⃗)

pq(x⃗) + pg(x⃗)

≠

Classifier

1 0

Mixed A Mixed B

pmixed(x⃗) = fq pquark(x⃗) + (1− fq) pgluon(x⃗)

but…
∂hmixed(x⃗)

∂hpure(x⃗)
> 0

[Metodiev, Nachman, JDT, 1708.02949; see also Cranmer, Pavez, Louppe, 1506.02169;	
Blanchard, Flaska, Handy, Pozzi, Scott, 2016; Dery, Nachman, Rubbo, Schwartzman, 1702.00414; Cohen, Freytsis, Ostdiek, 1706.09451]

Can be used directly on latent theme distributions! 
(alternatively use inference on ω)
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NP example:

Jet classification with LDA

S/B = 0.011

mW 0 = 3 TeV, m� = 400 GeV mjj 2 2730� 3190 GeV

errors estimated using k-folding, with k=10

Collins, Howe & Nachman, 1805.02664
1902.02634

pp ! W 0 ! W� ! WZbb̄
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30

NP example:

Bump hunting with LDA

S/B = 0.011

mW 0 = 3 TeV, m� = 400 GeV mjj 2 2730� 3190 GeV

LDA with no signal                 vs                       LDA with signal

pp ! W 0 ! W� ! WZbb̄
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>
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Conclusions

Latent Dirichlet Allocation addresses several interesting 
problems in NP (QCD) vs NP (UV) classification: 

✔   train on mixed, unlabelled, imbalanced samples  
✔   sensitivity to small S/B (~1%)  
✔   extract descriptions of signal and background  
✔   interpret ‘what the machine has learned’  
✔   no control/side-band regions 

So far, this is proof-of-concept. 
 
Next steps: 

❋   explore classifiers with more than two themes 
❋   hierarchical theme models:  extract optimal #themes from data 
❋   can observables’ space be optimised with deep learning? 
❋   more applications:  category based searches, pile-up mitigation, …
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Jet tagging

Recent ML revolution: 

 – train NNs on (low level) jet info (jet images, particle four 
vectors) using (MC generated) pure S & B samples 

see 1902.09914 for recent review

12/12/17 Anti-QCD Tagger
14

A Generic Anti-QCD Tagger [1709.01087] JAAS, JHC, RM

[1704.08249] Larkoski, Datta

Standardized

Two hidden layers: 512, 32 relu nodes

(although one layer of ~100 nodes does just as well)

Train: Model Independent (phase space) data vs QCD jets

Test: Boosted BSM Higgs cascade jets vs QCD jets

SciPost Physics Submission

systematics, etc.

2 Data set

The top signal and mixed quark-gluon background jets are produced with using Pythia8 [25]
for a center-of-mass energy of 14 TeV and ignoring multiple interactions and pile-up. For
a simplified detector simulation we use Delphes [26] with the default ATLAS detector card.
The fat jet is defined through the anti-kT algorithm [27] in FastJet [28] with R = 0.8. We
only consider jets with

pT,j = 550 .... 650 GeV , (1)

a matched parton-level top within �R = 0.8, and all top decay partons within �R = 0.8 of
the jet axis as well. We also require |⌘|j < 2. The constituents are extracted through the
Delphes energy-flow algorithm, and the 4-momenta of the leading 200 constituents are stored.
For jets with less than 200 constituents we simply add zero-vectors.

Particle information or additional tracking information is not included in this format.
For instance, we do not record charge information or the expected displaced vertex from the
b-decay. Therefore, the quoted performance should not be considered the last word for the
LHC. On the other hand, limiting ourselves to essentially calorimeter information allows us
to compare many di↵erent techniques and tools on an equal footing.

Our public data set consists of 1 million signal and 1 million background jets and can be
obtained from the authors upon request [29]. They are divided into three samples: training
with 600k signal and background jets each, validation with 200k signal and background jets
each, and testing with 200k signal and 200k background jets. For proper comparison, all
algorithms are optimized using the training and validation samples and all results reported
are obtained using the test sample. For each algorithm, the classification result for each jet
is made available, so we can not only measure the performance of the network, but also test
which jets are correctly classified in each approach.

Figure 1: Left: jet image for the top signal after pre-processing. Center and right: signal and
background images averaged over 10,000 individual images.
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systematics, etc.

2 Data set

The top signal and mixed quark-gluon background jets are produced with using Pythia8 [25]
for a center-of-mass energy of 14 TeV and ignoring multiple interactions and pile-up. For
a simplified detector simulation we use Delphes [26] with the default ATLAS detector card.
The fat jet is defined through the anti-kT algorithm [27] in FastJet [28] with R = 0.8. We
only consider jets with

pT,j = 550 .... 650 GeV , (1)

a matched parton-level top within �R = 0.8, and all top decay partons within �R = 0.8 of
the jet axis as well. We also require |⌘|j < 2. The constituents are extracted through the
Delphes energy-flow algorithm, and the 4-momenta of the leading 200 constituents are stored.
For jets with less than 200 constituents we simply add zero-vectors.

Particle information or additional tracking information is not included in this format.
For instance, we do not record charge information or the expected displaced vertex from the
b-decay. Therefore, the quoted performance should not be considered the last word for the
LHC. On the other hand, limiting ourselves to essentially calorimeter information allows us
to compare many di↵erent techniques and tools on an equal footing.

Our public data set consists of 1 million signal and 1 million background jets and can be
obtained from the authors upon request [29]. They are divided into three samples: training
with 600k signal and background jets each, validation with 200k signal and background jets
each, and testing with 200k signal and 200k background jets. For proper comparison, all
algorithms are optimized using the training and validation samples and all results reported
are obtained using the test sample. For each algorithm, the classification result for each jet
is made available, so we can not only measure the performance of the network, but also test
which jets are correctly classified in each approach.

Figure 1: Left: jet image for the top signal after pre-processing. Center and right: signal and
background images averaged over 10,000 individual images.
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Jet tagging

Recent ML revolution: 

 – train NNs on (low level) jet info (jet images, particle four 
vectors) using (MC generated) pure S & B samples 

see 1902.09914 for recent review
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14
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Standardized

Two hidden layers: 512, 32 relu nodes

(although one layer of ~100 nodes does just as well)

Train: Model Independent (phase space) data vs QCD jets

Test: Boosted BSM Higgs cascade jets vs QCD jets

SciPost Physics Submission

systematics, etc.
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for a center-of-mass energy of 14 TeV and ignoring multiple interactions and pile-up. For
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Particle information or additional tracking information is not included in this format.
For instance, we do not record charge information or the expected displaced vertex from the
b-decay. Therefore, the quoted performance should not be considered the last word for the
LHC. On the other hand, limiting ourselves to essentially calorimeter information allows us
to compare many di↵erent techniques and tools on an equal footing.

Our public data set consists of 1 million signal and 1 million background jets and can be
obtained from the authors upon request [29]. They are divided into three samples: training
with 600k signal and background jets each, validation with 200k signal and background jets
each, and testing with 200k signal and 200k background jets. For proper comparison, all
algorithms are optimized using the training and validation samples and all results reported
are obtained using the test sample. For each algorithm, the classification result for each jet
is made available, so we can not only measure the performance of the network, but also test
which jets are correctly classified in each approach.

Figure 1: Left: jet image for the top signal after pre-processing. Center and right: signal and
background images averaged over 10,000 individual images.
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Jet tagging

Recent ML revolution: 

 – train NNs on (low level) jet info (jet images, particle four 
vectors) using (MC generated) pure S & B samples 

Key challenge: knowing what the machine has learned 
(genuine SD physics or MC implementation particularities)

see 1902.09914 for recent review

12/12/17 Anti-QCD Tagger
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A Generic Anti-QCD Tagger [1709.01087] JAAS, JHC, RM

[1704.08249] Larkoski, Datta
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Two hidden layers: 512, 32 relu nodes
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Train: Model Independent (phase space) data vs QCD jets

Test: Boosted BSM Higgs cascade jets vs QCD jets
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systematics, etc.
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The top signal and mixed quark-gluon background jets are produced with using Pythia8 [25]
for a center-of-mass energy of 14 TeV and ignoring multiple interactions and pile-up. For
a simplified detector simulation we use Delphes [26] with the default ATLAS detector card.
The fat jet is defined through the anti-kT algorithm [27] in FastJet [28] with R = 0.8. We
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the jet axis as well. We also require |⌘|j < 2. The constituents are extracted through the
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Particle information or additional tracking information is not included in this format.
For instance, we do not record charge information or the expected displaced vertex from the
b-decay. Therefore, the quoted performance should not be considered the last word for the
LHC. On the other hand, limiting ourselves to essentially calorimeter information allows us
to compare many di↵erent techniques and tools on an equal footing.

Our public data set consists of 1 million signal and 1 million background jets and can be
obtained from the authors upon request [29]. They are divided into three samples: training
with 600k signal and background jets each, validation with 200k signal and background jets
each, and testing with 200k signal and 200k background jets. For proper comparison, all
algorithms are optimized using the training and validation samples and all results reported
are obtained using the test sample. For each algorithm, the classification result for each jet
is made available, so we can not only measure the performance of the network, but also test
which jets are correctly classified in each approach.

Figure 1: Left: jet image for the top signal after pre-processing. Center and right: signal and
background images averaged over 10,000 individual images.
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Multivariate equivalent of Beta distribution                       
(e.g. dice factory vs. coin factory) 

αi determines prior - mean shape and sparsity  

Dirichlet is defined over (k-1) simplex (k non-negative 
arguments which sum to one) 

Dirichlet is conjugate prior to multinomial distribution - 
posterior is also Dirichlet 

In jet LDA, themes are V-dimentional Dirichlet; theme 
proportions are K-dimensional Dirichlet 

What exactly is the Dirichlet Distribution

24

Now,	What	Exactly	is	the	Dirichlet	Distribution
(and	why	are	we	using	it?)

• The	Dirichlet is	a	“dice	factory”
• Multivariate	equivalent	of	the	Beta	distribution	 (“coin	factory”)
• Parameters	α	determine	the	form	of	the	prior

• The	Dirichlet is	defined	over	the	(k-1)	 simplex
• The	k	non-negative	arguments	which	sum	to	one

• The	Dirichlet is	the	conjugate	prior	to	the	multinomial	 distribution
• If	the	likelihood	 has	conjugate	prior	P	then	the	posterior	has	the	same	form	as	P

• If	we	have	a	conjugate	prior	we	know	the	(closed)	 form	of	the	posterior
• So	in	this	case	the	posterior	is	also	a	Dirichlet

• The	parameter	α	controls	the	mean	shape	and	sparsity	of	θ

• In	LDA	the	topics	are	a	V-dimensional	 Dirichlet and	the	topic	proportions	 are	a	K-dimensional	 Dirichlet
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Simplex

figure by D. Meyer


