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Disclaimer
• This is a shortened set of slides used in an introduction 

block-lecture for graduate students in Freiburg. Included 
are the basic topics.

• The material was compiled Spring 2018 and therefor 
some of the recent developments (especially material 
shown at this BOOST) are not yet included

• If you need a sample to play with:  
https://goo.gl/XGYju3
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Literature
• Publications on arXiv:

• stat.ml and cs.lg

• Prepare for O(50) papers/day

• Big conferences (outside physics)

• ICML and NIPS
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Free online version:  
http://www.deeplearningbook.org/



Basics
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Terminology
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• What do we want to learn?

• Classification (Cat or dog?)

• Generation (New pictures of cats)

• Regression (How old is the cat?)

• Compression (Smaller cats)

• ?

• What do we have available?

• Labelled examples (supervised learning)

• Limited labelled examples 
(weakly supervised learning)

• No examples (unsupervised learning)

Artificial Intelligence (AI)  
General term, since 1950s

Machine Learning (ML)
BDTs, shallow neural networks, since 

1990s

Deep Learning (DL)
Neural networks with many layers,  
unprocessed inputs, since 2010



Humans vs Machines
• 2015 Image Classification:

• K. He et al (Microsoft Research), Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification, 
1502.01852

• 2016 Go:

• Alpha Go (D. Silver et al, Mastering the game of Go with deep neural networks and tree search, Nature 529, pp484–489 and D. 
Silver et al Mastering the game of Go without human knowledge, Nature 550, pp354–359)

• 2016 Speech recognition:

• W. Xiong et al (Microsoft Research) Achieving Human Parity in Conversational Speech Recognition, 1610.05256

• 2017 Poker (heads-up no-limits Texas Hold’em):

• N Brown and T Sandholm, Superhuman AI for heads-up  
no-limit poker: Libratus beats top professionals,  
Science 359, Issue 6374, pp418-424

• 2018 Translation (Chinese-English)

• H H Awadalla et al (Microsoft AI & Research)  
Achieving Human Parity on Automatic Chinese  
to English News Translation

• 20?? Particle Physics

• to be seen  6

(from 1502.01852)



Image Datasets: MNIST

• http://yann.lecun.com/exdb/mnist/

• Mixed NIST

• Grayscale, 28x28 pixels  7

http://yann.lecun.com/exdb/mnist/


• 14M hand annotated images

• 20k categories

• http://image-net.org
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ImageNet

http://image-net.org
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A Very Simple Network
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y = f(f(x1)w1 + f(x2)w2)

f(x) = ⇥(x) · x



Activation Functions
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Softmax 
(for final classification layer)



How do networks learn?
• Backpropagation + Gradient descent

• Pass input (x1, x2) to ANN

• Calculate output (  ) and difference to true value (y)  
This is the loss function L

• Find gradient of loss function with respect to weights 

• Use gradient to find new weights
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ŷ

Regression Problem:

L(y, ŷ) = (y � ŷ)2

wt+1 = wt � ⌘
@L

@wt
⌘ wt � ⌘rL(wt)



Optimisers
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(stochastic/batched) gradient descent

wt+1 = wt � ⌘rL(wt)

wt+1 = wt � ⌘rL(wt) + ↵�wt
+ momentum term

mt+1 = �1mt + (1� �1)rL

vt+1 = �2vt + (1� �2)(rL)2

m̂t+1 =
mt+1

1� �t
1

v̂t+1 =
vt+1

1� �t
2

wt+1 = wt � ⌘
m̂t+1p
m̂t+1 + ✏

Adam 
(a good starting point)



Information content of single 
event

• Likely events should habe low information content

• Less likely events should have higher information content

• Independent events should have additive information
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I(x) = � logP (x)



Entropy
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Boltzmann:
S = kB lnW

(W: number of micro states)

Gibbs:
S = �kB

X
pi ln pi

(p_i: probability of a micro state)

Shannon:
S = �

X
pi ln pi

(p_i: probability of a measurement)



Entropy
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Boltzmann:
S = kB lnW

(W: number of micro states)

Gibbs:
S = �kB

X
pi ln pi

(p_i: probability of a micro state)

Shannon:
S = �

X
pi ln pi

(p_i: probability of a measurement)

deeplearningbook.org

http://deeplearningbook.org


Classification
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• Entropy: Optimal number of bits needed to encode 
when the probability distribution is known

S = �
X

pi ln pi

• Cross Entropy: We do not know the true 
probability

S = �
X

pi ln p̂i

L =
X

Samples

�ys ln ŷs � (1� ys) ln(1� ŷs)

True class  
image is cat: 0
image is dog: 1

Predicted class  
DNN output between 0 and 1

Minimize cross entropy: approximate true distribution



Physics

 19





The LHC



CMS Experiment



Physics at the LHC

We want to infer underlying physics from measurements in the detector.
How can deep neural networks assist us?

http://www.quantumdiaries.org/



Jet Clustering• Two approaches:

• Cone based - Find stable axes of particles flow (ie. SisCone: 
0704.0292 )

• Sequential - Pairwise combination of clusters according to a 
distance measure:

 24
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most ATLAS and CMS results on top tagging are at best published in internal notes, so we will be very
brief.

II. TOP TAGGING ALGORITHMS

Top tagging algorithms are typically based on two classes of observables. On the one hand, we can
generalize the well established event shapes to jet shapes, i.e. observables defined on calorimeter clusters
of the energy flow inside a geometrically large fat jet. Such jet shapes are directly accessible by the LHC
detectors. For our purpose the most relevant jet shape is the jet mass, on which all top tagging algorithms
are based. The second class of observables is the clustering history of all jet constituents. This history cannot
be observed directly. Instead, we have to rely on our understanding of QCD to simulate it, based on the
energy depositions we observe in the calorimeters (and trackers).

To backwards engineer the splitting history of a jet we can use our picture of collinear quark and gluon
splittings predicted by first principles QCD. The successive splitting of quarks and gluons radiated o↵ an
n-particle hard process (�n) factorizes in the soft or collinear limits into the simple form

�n+1 =

Z
�n

dp
2
j

p
2
j

dz
↵s

2⇡
P̂j1 j(z) , (1)

where pj is the momentum of the splitting parton and z is the energy fraction of one of the splitting products

j ! j1j2. The di↵erent splitting kernels P̂ (z) depend on the partonic quark or gluon process and are known.
They often diverge in the soft limit z ! 0, so we will encounter an overlapping enhancement and eventually
divergence for soft and for collinear radiation [17, 18]. The factorization shown in Eq.(1) describes the
splitting of parton radiation o↵ incoming as well as o↵ outgoing hard partons until the radiated partons
become soft enough to hadronize. The numerical implementation of Eq.(1) is the parton shower, and it
describes the transition from hard partons to a large number of hadrons which eventually decay and appear
in the calorimeters of the LHC experiments.

Inverting this successive splitting and hence extracting a hard parton momentum from a measured jet is
what jet algorithms do. Historically, an important issue is the infrared safety of observables and algorithms;
a soft or collinear splitting of any parton momentum cannot impact the macroscopic observables. While
some cone algorithms are not collinear save, recombination algorithms are. Such recombination algorithms
iteratively determine which of the observed calorimeter towers should be merged into subjets and which of
these subjets should then be merged together step by step, such that finally we arrive at few hard jets per
event. The end of this successive splitting can be defined in terms of a given minimum jet separation or a
given maximum number of jets. Di↵erent recombination algorithms are based on di↵erent subjet distance
measures:

kT dj1j2 =
�R

2
j1j2

D2
min

�
p
2
T,j1

, p
2
T,j2

�
dj1B = p

2
T,j1

Cambridge/Aachen dj1j2 =
�R

2
j1j2

D2
yj1B = 1

anti-kT dj1j2 =
�R

2
j1j2

D2
min

 
1

p
2
T,j1

,
1

p
2
T,j2

!
dj1B =

1

p
2
T,j1

. (2)

These measures can be generalized to dj1j2 = �R
2
j1j2

/D
2
⇥ min(p2n

T,j1
p
2n
T,j2

) for n = �1, 0, 1. The kT -
algorithm [19] mimics the soft and collinear enhancement of the QCD splitting kernels in Eq.(1). For the
top tagging application it should best reconstruct the QCD splitting history. The Cambridge/Aachen (C/A)
algorithm [20] always combines the two closest (most collinear) subjets. It is sensitive to collinear but not to
soft splittings, but as we will see later it has some advantages in fat jet searches. The anti-kT [21] algorithm
first combines the hardest subjets, to define a particularly stable jet recombination with clean geometric jet

1112.4441  
0005012  

0802.1189 

anti-kT  
    Default ATLAS/CMS algorithm, nice and 
     circular boundaries
kT and C/A 
    better interpretability in terms of QCD



The (very) basics

• Hadronically decaying top quarks


• Contained in one (large-R) jet


• How to distinguish  
from light quark/gluon jets?
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Figure 1: Distance between reconstructed jet and closest generated top quark (left). Jet recon-
struction efficiency (right) as function of the generated top quark pT. The efficiency is defined as
the fraction of top quarks for which a reconstructed jet with pT > 200 GeV can be found within
DR < 1.2 (DR < 0.6) for CA15 (AK8) jets. Superimposed is the fraction of merged top quarks
as function of pT for the two thresholds used: 0.8 (0.6) at low (high) boost. All distributions are
made using hadronically decaying top quarks with pT > 200 GeV.

object close to the reconstructed jet. The truth-level matching is done using top quarks before
the decay, in the case of signal jets, and partons (u, d, s, c, b and gluon) from the hard scattering,
in the case of background jets.

Matching particles to the generator-level is performed by selecting the closest reconstructed jet
in DR to a truth-level parton or top quark. The maximum distance depends on the jet size and
corresponds to DR < 1.2 (DR < 0.6) for R = 1.5 (R = 0.8) jets. These values approximately
correspond to the minima of the DR distribution between jets and truth-level top quarks, as
shown in Fig. 1 (left).

The jet cone sizes are at typical values used in top quark reconstruction [24]. Fig. 1 (right) shows
the efficiency with which a reconstructed jet with pT > 200 GeV is found within DR < 1.2
(DR < 0.6), for CA15 (AK8) jets, with respect to a hadronically decaying top quark as function
of the quark pT. The efficiency reaches a plateau close to 100% at about 280 GeV (380 GeV) for
jets with R = 1.5 (R = 0.8). In fact, at low pT the larger cone size allows for the collection of all
decay products from the top quark. In contrast, at high pT the top jet is more collimated and
the smaller cone size reduces the amount of additional radiation clustered into the jet.

To evaluate the properties of top-tagging methods in an unbiased way over a large phase space,
taggers are studied in exclusive regions of pT, defined by the transverse momentum of the
matched truth-level parton (top quark, light quark, or gluon). Then, a weight is assigned to
each truth-level object such that the resulting distributions in pT- and h-space are approxi-
mately flat. As the distribution of top-jet candidates becomes more central with higher pT val-
ues, we tighten different selection criteria on |h| as the pT increases. Finally, to avoid the study
of incompletely merged top quarks (i.e. top quarks for which not all decay products are con-
tained in a jet), we restrict our selection to top quarks where the two quarks from the W boson
decay and the b quark have a maximum distance from the top quark direction (max(DR(t, q)))

CMS PAS JME-15-002



Jets Merging
Example: Hadronic top quark decays
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pT(top) ~ 150 GeV:
Three separate jets in the 

detector

R=0.4 R=0.4 R=0.4



 27

pT (top) ~ 250 GeV  
Quarks from the W can merge into 

one jet

R=0.4R=0.8

Jets Merging
Example: Hadronic top quark decays
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R=1.2

pT (top) ~ 500 GeV  
One object in the detector

Jets Merging
Example: Hadronic top quark decays



Heavy Resonance Tagging

• Hadronically decaying top/Higgs/W/Z

• Contained in one (large-R) jet

• How to distinguish from light quark/gluon jets 
(and from each other)

• For new physics searches (and SM studies)

Some Classical solutions:  
(aka jet substructure)

• Mass 
Calculate using a grooming algorithm  
(eg mMDT/softdrop or pruning) 

• Centers of hard radiation 
n-subjettiness or energy correlation 
functions

• Flavour 
b tagging of large-R jets or subjets

• Soft substructure 
Color connection

• Inclusive reconstruction 
HEPTopTagger V2, HOTVR

• Other substructure variables 
Shower deconstruction, template tagger, …

Towards an Understanding of the Correlations in Jet Substructure  
D Adams et al (BOOST 2013 Participants), Eur.Phys.J. C75
Top Tagging, T Plehn, M Spannowksy, J.Phys. G39 (2012) 083001  
Boosted Top Tagging Method Overview, GK, Proc. Top2017



Jet Grooming

• Remove

• soft radiation

• underlying event

• pile up

• from jet to access top mass
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Figure 2. Single-jet invariant mass distribution for Cambridge–Aachen (C/A) R = 1.2 jets in
simulated events containing highly boosted hadronically decaying Z bosons before and after the
application of a grooming procedure referred to as mass-drop filtering. The technical details of this
figure are explained in section 1.2. The normalization of the groomed distribution includes the
e�ciency of mass-drop filtering with respect to the ungroomed large-R jets for comparison. The
local cluster weighting (LCW) calibration scheme is described in section 3.3.1.

surrounded by soft radiation from the parton shower, hadronization, and underlying event

(UE) remnants [10–12]. Jets containing the decay products of single massive particles, on

the other hand, can be distinguished by hard, wide-angle components representative of

the individual decay products that result in a large reconstructed jet mass mass, as well

as typical kinematic relationships among the hard components of the jet [1, 2, 4, 13–18].

Grooming algorithms are designed to retain the characteristic substructure within such a

jet while reducing the impact of the fluctuations of the parton shower and the UE, thereby

improving the mass resolution and mitigating the influence of pile-up. These features have

only recently begun to be studied experimentally [19–25] and have been exploited heavily

in recent studies of the phenomenological implications of such tools in searches for new

physics [4, 26–36]. A groomed jet can also be a powerful tool to discriminate between

the often dominant multi-jet background and the heavy-particle decay, which increases

signal sensitivity. Figure 2 demonstrates this by comparing the invariant mass distribution

of single jets in events containing highly boosted hadronically decaying Z bosons before

and after the application of a grooming procedure referred to as mass-drop filtering. In

this simulated Z ! qq̄ sample described in section 2.2, pile-up events are also included.

Prior to the application of this procedure, no distinct features are present in the jet mass

distribution, whereas afterwards, a clear mass peak that corresponds to the Z boson is

evident.

– 6 –
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mMDT 
Softdrop

• Find hard substructure using step-wise 
unclustering


• No pure soft divergences


• Analytically calculable to high precision

Towards an understanding of jet substructure 
M Dasgupta, A Fregoso, S Marzani, G Salam


JHEP 1309 029

 

Soft Drop 
A Larkoski, S Marzani, G Soyez, J Thaler


JHEP 1405 146 
 

Factorization for groomed jet substructure beyond the 
next-to-leading logarithm 


C Frye, AJ Larkoski, MD Schwartz, K Yan 
JHEP 1607 064

log
R0

✓

log
1

z

log
1

zcut

� > 0

� = 0

� < 0

Figure 1: Phase space for emissions on the (log 1

z , log R0
✓ ) plane. In the strongly-ordered

limit, emissions above the dashed line (Eq. (2.2)) are vetoed by the soft drop condition. For

� > 0, soft emissions are vetoed while much of the soft-collinear region is maintained. For

� = 0 (mMDT), both soft and soft-collinear emissions are vetoed. For � < 0, all (two-prong)

singularities are regulated by the soft drop procedure.

and ✓ behavior:

soft modes: z ! 0, ✓ = constant,

soft-collinear modes: z ! 0, ✓ ! 0,

collinear modes: z = constant, ✓ ! 0.

No relative scaling is assumed between energy fraction z and splitting angle ✓ for soft-collinear

modes. In these logarithmic coordinates, the emission probability is flat in the soft-collinear

limit. In the soft limit, the soft drop criteria reduces to

z > zcut

✓
✓

R0

◆�

) log
1

z
< log

1

zcut
+ � log

R0

✓
. (2.2)

Thus, vetoed emissions lie above a straight line of slope � on the (log 1

z , log R0
✓ ) plane, as

shown in Fig. 1.

For � > 0, collinear radiation always satisfies the soft drop condition, so a soft-drop jet

still contains all of its collinear radiation. The amount of soft-collinear radiation that satisfies

the soft drop condition depends on the relative scaling of the energy fraction z to the angle ✓.

As � ! 0, more of the soft-collinear radiation of the jet is removed, and in the � = 0 (mMDT)

limit, all soft-collinear radiation is removed. Therefore, we expect that the coe�cient of the

double logarithms of observables like groomed jet mass (and C
(↵)
1

) will be proportional to �,

– 6 –

1 Introduction

The study of jet substructure has significantly matured over the past five years [1–3], with

numerous techniques proposed to tag boosted objects [4–46], distinguish quark from gluon jets

[44, 47–51], and mitigate the e↵ects of jet contamination [6, 52–61]. Many of these techniques

have found successful applications in jet studies at the Large Hadron Collider (LHC) [50, 62–

89], and jet substructure is likely to become even more relevant with the anticipated increase

in energy and luminosity for Run II of the LHC.

In addition to these phenomenological and experimental studies of jet substructure, there

is a growing catalog of first-principles calculations using perturbative QCD (pQCD). These

include more traditional jet mass and jet shape distributions [90–95] as well as more so-

phisticated substructure techniques [44, 59, 60, 96–103]. Recently, Refs. [59, 60] considered

the analytic behavior of three of the most commonly used jet tagging/grooming methods—

trimming [53], pruning [54, 55], and mass drop tagging [6]. Focusing on groomed jet mass

distributions, this study showed how their qualitative and quantitative features could be un-

derstood with the help of logarithmic resummation. Armed with this analytic understanding

of jet substructure, the authors of Ref. [59] developed the modified mass drop tagger (mMDT)

which exhibits some surprising features in the resulting groomed jet mass distribution, in-

cluding the absence of Sudakov double logarithms, the absence of non-global logarithms [104],

and a high degree of insensitivity to non-perturbative e↵ects.

In this paper, we introduce a new tagging/grooming method called “soft drop decluster-

ing”, with the aim of generalizing (and in some sense simplifying) the mMDT procedure. Like

any grooming method, soft drop declustering removes wide-angle soft radiation from a jet in

order to mitigate the e↵ects of contamination from initial state radiation (ISR), underlying

event (UE), and multiple hadron scattering (pileup). Given a jet of radius R0 with only two

constituents, the soft drop procedure removes the softer constituent unless

Soft Drop Condition:
min(pT1, pT2)

pT1 + pT2

> zcut

✓
�R12

R0

◆�

, (1.1)

where pT i are the transverse momenta of the constituents with respect to the beam, �R12

is their distance in the rapidity-azimuth plane, zcut is the soft drop threshold, and � is an

angular exponent. By construction, Eq. (1.1) fails for wide-angle soft radiation. The degree

of jet grooming is controlled by zcut and �, with � ! 1 returning back an ungroomed jet. As

we explain in Sec. 2, this procedure can be extended to jets with more than two constituents

with the help of recursive pairwise declustering.1

Following the spirit of Ref. [59], the goal of this paper is to understand the analytic

behavior of the soft drop procedure, particularly as the angular exponent � is varied. There

are two di↵erent regimes of interest. For � > 0, soft drop declustering removes soft radiation

1The soft drop procedure takes some inspiration from the “semi-classical jet algorithm” [58], where a variant

of Eq. (1.1) with zcut = 1/2 and � = 3/2 is tested at each stage of recursive clustering (unlike declustering

considered here).

– 2 –

calculate filtering’s impact on the background in the near future!

We can verify this conclusion numerically with the help of a Monte Carlo study. This is

shown in Fig. 12 (right), where mMDT mass distributions are compared with and without

filtering, using nfilt = 3. The difference between them is hardly perceptible.

7.6 Calculability at fixed order

An interesting consequence of the presence of only single logarithms relates to the extent to

which fixed-order calculations are reliable. For observables with terms αn
sL

2n, fixed-order

perturbation theory breaks down when L ∼ 1/
√
αs and becomes unreliable somewhat ear-

lier. Instead, for observables whose most divergent terms are αn
sL

n, the breakdown occurs

when L ∼ 1/αs, i.e. fixed-order perturbation theory has a parametrically larger domain

of applicability. We have not investigated the behaviour of the fixed-order predictions in

detail, however such a study would be worthwhile and is straightforward to perform to

NLO in the jet mass distribution with tools such as MCFM [63] and NLOJet++ [64].

8 Phenomenological considerations

8.1 Comparisons between taggers

We have commented in previous sections on similarities between the taggers for regions

of intermediate tagged mass. In particular if one chooses ycut =
zcut

1−zcut
, then one expects

trimming and pruning to be nearly identical to mMDT in the regions ρ > zcut(Rsub/R)2

and ρ > z2cut respectively.
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Figure 13. Comparisons of Monte Carlo distributions for trimming, pruning and mMDT for
equivalent parameters, i.e. identical zcut = 0.1 for trimming and pruning, while for mMDT we use
ycut = zcut/(1− zcut). We also show the zcut-variant of mMDT defined in the text, with zcut = 0.1.
The details of the MC event generation are as for Fig. 1.
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calculations and resummation techniques (see, e.g. recent work in Ref. [29, 30]) compared

to algorithmic methods for studying substructure. Finally, N -subjettiness gives favorable

efficiency/rejection curves compared to other jet substructure methods. While a detailed

comparison to other methods is beyond the scope of this work, we are encouraged by these

preliminary results.

The remainder of this paper is organized as follows. In Sec. 2, we define N -subjettiness

and discuss some of its properties. We present tagging efficiency studies in Sec. 3, where we

use N -subjettiness to identify individual hadronic W bosons and top quarks, and compare

our method against the YSplitter technique [2, 3, 4] and the Johns Hopkins Top Tagger [6].

We then apply N -subjettiness in Sec. 4 to reconstruct hypothetical heavy resonances de-

caying to pairs of boosted objects. Our conclusions follow in Sec. 5, and further information

appears in the appendices.

2. Boosted Objects and N-subjettiness

Boosted hadronic objects have a fundamentally different energy pattern than QCD jets

of comparable invariant mass. For concreteness, we will consider the case of a boosted

W boson as shown in Fig. 1, though a similar discussion holds for boosted top quarks or

new physics objects. Since the W decays to two quarks, a single jet containing a boosted

W boson should be composed of two distinct—but not necessarily easily resolved—hard

subjets with a combined invariant mass of around 80 GeV. A boosted QCD jet with an

invariant mass of 80 GeV usually originates from a single hard parton and acquires mass

through large angle soft splittings. We want to exploit this difference in expected energy

flow to differentiate between these two types of jets by “counting” the number of hard lobes

of energy within a jet.

2.1 Introducing N-subjettiness

We start by defining an inclusive jet shape called “N -subjettiness” and denoted by τN .

First, one reconstructs a candidate W jet using some jet algorithm. Then, one identifies

N candidate subjets using a procedure to be specified in Sec. 2.2. With these candidate

subjets in hand, τN is calculated via

τN =
1

d0

!

k

pT,k min {∆R1,k,∆R2,k, · · · ,∆RN,k} . (2.1)

Here, k runs over the constituent particles in a given jet, pT,k are their transverse momenta,

and ∆RJ,k =
"

(∆η)2 + (∆φ)2 is the distance in the rapidity-azimuth plane between a

candidate subjet J and a constituent particle k. The normalization factor d0 is taken as

d0 =
!

k

pT,kR0, (2.2)

where R0 is the characteristic jet radius used in the original jet clustering algorithm.

It is straightforward to see that τN quantifies how N -subjetty a particular jet is, or

in other words, to what degree it can be regarded as a jet composed of N subjets. Jets
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Figure 4: Left: Decay sequences in (a) tt and (c) dijet QCD events. Right: Event displays for
(b) top jets and (d) QCD jets with invariant mass near mtop. The labeling is similar to Fig. 1,
though here we take R = 0.8, and the cells are colored according to how the jet is divided into
three candidate subjets. The open square indicates the total jet direction, the open circles indicate
the two subjet directions, and the crosses indicate the three subjet directions. The discriminating
variable τ3/τ2 measures the relative alignment of the jet energy along the crosses compared to the
open circles.

a b jet and a W boson, and if the W boson decays hadronically into two quarks, the top jet

will have three lobes of energy. Thus, instead of τ2/τ1, one expects τ3/τ2 to be an effective

discriminating variable for top jets. This is indeed the case, as sketched in Figs. 4, 5, 6,

and 7.
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Figure 5: Distributions of (a) τ1, (b) τ2 and (c) τ3 for boosted top and QCD jets. For these plots,
we impose an invariant mass window of 145 GeV < mjet < 205 GeV on jets with R = 0.8, pT > 300
GeV and |η| < 1.3.
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Figure 6: Distributions of (a) τ2/τ1 and (b) τ3/τ2 for boosted top and QCD jets. The selection
criteria are the same as in Fig. 5. We see that τ3/τ2 is a good discriminating variable between
top jets and QCD jets. In this paper, we do not explore τ2/τ1 for top jets, though it does contain
additional information.
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Figure 7: Density plots in the (a) τ1–τ2 plane and (b) τ2–τ3 plane for boosted top and QCD jets.
The selection criteria are the same as in Fig. 5. These plots suggest further improvement in boosted
top identification is possible with a multivariate method.
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Figure 2: A Fisher’s linear discriminant presented as an image (left) and the distributions

of the discriminant output when applied to W-jets and Light-jets (right), when the FLD is

trained on jets with pT 2 [250, 300] GeV, mass M 2 [65, 95] GeV, and separation between

subjets of �R 2 [0.6, 0.8].

The background rejection vs. signal e�ciency curves for the FLD, computed using

the 1-D likelihood ratios of the output distribution of the FLD for W-jets and QCD jets,

can be seen in Figure 3a, along with the rejection vs. e�ciency curves observed when

using N-subjettiness (⌧2/⌧1) [7, 8] computed analogously with the 1-D likelihood ratios.

For the rejection vs. e�ciency curve in Figure 3a Fisher-jets are trained on jets satisfying

pT 2 [250, 300] in 6 bins of �Rjj , and a combined 1D likelihood ratio distribution is

computed by taking the likelihood ratio for each jet computed with respect to appropriate

�Rjj bin and merging these likelihood ratio values into a single distribution. The N-

subjettiness distributions are not binned in �Rjj as this did not show any improvements

in performance. Figure 3b shows the e�ciency of W jets at a fixed QCD jet rejection of 10

as a function of jet pT for the FLD (combining the 6 bins of �Rjj for each jet pT bin) and

for N-subjettiness. It can be seen that FLD outperforms N-subjettiness for the full range

of jet pT examined.

It should be noted that the output of FLD and N-subjettiness are correlated, as shown

in Figures 4a and 4b for W and QCD jets respectively, with a correlation coe�cient of

approximately 0.7 for both W and QCD jets. Thus, the Fisher-jet approach is able to

combine in a linear way the information comprising the jet e↵ectively, and capture much

of the information of N-subjettiness and more. On the other hand, mass, which relies

on quadratic relationships between the inputs, is a simple quantity which FLD does not

reproduce, as shown in Figures 4c and 4d for W and QCD jets respectively. Since the

Fisher-jet output is only slightly correlated with mass, with a correlation coe�cient of

approximately -0.25 for both W and QCD jets indicating a small degree of anti-correlation,

the performance of the classifier does not change dramatically whether it is applied to a

small window around the W mass, or to a sample without jet mass cuts.
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Jet-Images: Computer Vision Inspired Techniques for Jet Tagging
J Cogan, M Kagan, E Strauss, A Schwartzman
arXiv:1407.5675

jet-images with di↵erent energies. This step is analogous to the standardizing the

lighting conditions of images.

5. Binning: In many cases, the expected jet-images may vary significantly with a

known variable; in this case, the variable can divide a class of jet-images into a set

of sub-classes with more uniform jet-images. For instance, if the total transverse

energy of the jet-image or the �R between the subjets causes significant variations,

jet images can be binned into di↵erent ranges of the variable. This is analogous to

separating images based on the facial expression. A di↵erent discriminant can then

be trained separately for each sub-class.

(a) Jet-image prior to rotation (b) Rotated pixel grid (c) Jet-image after projection

onto rotated grid, before transla-

tion

(d) Average jet-image, prior to

rotation

(e) Average jet-image, after pre-

processing

Figure 1: The preprocessing of jet-images and the impact on the average jet-image for

W jets in which the leading jet with pT between 200 and 250 GeV. Note that the grid

in figure 1c appears shifted down to represent the jet-image before translation, which is

subsequently translated such that the leading subjet lies in the location (Q1 ⇠ 1.5, Q2 ⇠
1.25) as see in the final average jet-image of figure 1e.

An example of the image preprocessing with jets from hadronically decaying W bosons

can be seen in Figure 1 plotted using the ⌘ and � coordinates of the pixels relative to
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the jet axis (before rotation) and using the rotated coordinate system Q1 and Q2 after

rotation. The average of a large sample of W jet-images without preprocessing can be

seen in Figure 1d, where there is no clear sign of the two-prong decay structure of the W

jet. Figures 1a, 1b, and 1c illustrate the di↵erent stages of preprocessing on a single W

jet-image. Finally, Figure 1e shows the average of the same large sample of W jet-images

after preprocessing with the two-prong structure of the W decay clearly visible.

This preprocessing prescription is generic enough to be applied to most jet flavor

identification problems. However, the impact of the preprocessing steps on the system

under consideration must be carefully considered and in some cases tailored. For example,

while trimming, or more generally jet grooming, is important for LHC experiments which

expect large amounts of pileup, it could be dropped for use in a cleaner experimental

environment. Similarly, the rotation steps can be adjusted depending on the system under

study (i.e. two-prong decays or three-prong decays).

2.3 Jet-Image Processing: Constructing the Discriminant

Having preprocessed the jet images, we have a representation which can be thought of as

a vector specifying a coordinate in a high-dimensional space. Linear classification of the

jets is performed by projecting the vector onto the discriminate direction which ideally

maximizes the separation between di↵erent classes of jets.

A number of linear classifiers can be used for discrimination. In facial recognition,

Principle Components Analysis (PCA) [49] and Fisher’s Linear Discriminant (FLD) [50]

are common choices and their specified directions are known as eigenfaces and fisherfaces

[51] respectively. While both methods have been investigated within the context jet-images,

FLD is observed to perform significantly better and thus this paper focuses on FLD exclu-

sively. FLD identifies the plane in the high dimensional feature space which maximizes the

separation between the jet classes and simultaneously minimizes the scatter within each

jet class 5. Since FLD uses knowledge of the within-class variations, it is less influenced

by variations present in both classes than PCA. In addition, we employ a regularized FLD

implementation [52] which mitigates the impact of statistical fluctuations in the training

sample and reduces overfitting.

FLD is trained using a set of preprocessed example jet-images from two classes and

produces a discriminant F , which we denote the Fisher-jet, that has the same dimensional-

ity as the example jet-images and thus can be viewed as a jet-image itself. Discrimination

between classes for a jet-image, A, is then achieved by projecting A onto the Fisher-jet.

That is,

D[A] =
N2X

k=1

F̄k · Āk (2.2)

where D[A] is the discriminant output for the jet-image A, and F̄ and Ā are the vector

representations of F and A, respectively, as discussed in section 2.1.

5
In general, FLD can be trained on M classes, with M � 2, resulting in M � 1 Fisher discriminants for

separating the M classes
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• Fully connected networks

• Image recognition

• Natural language processing

• Physics based

• Graph networks

Architecture
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How to build a network?



Performance Measures
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(fraction of correct predictions)

ROC:
Receiver operation characteristic

AUC:
Area under curve

Background rejection at given  
signal efficincy

Accuracy

scikit-learn.org

https://photos.google.com/photo/AF1QipPDN7qLSqFaJs0XNcxnnOzh4k11O9RegV45tVMn


Fully Connected

• Classical artificial neural network

• Most generic structure

• Many weights, inefficient

• Can we use the symmetry of the problem to simplify 
matters? 
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Fully Connected Networks

Jet Constituents for Deep Neural Network Based 
Top Quark Tagging 
J Pearkes, W Fedorko, A Lister, C Gay  
1704.02124

the impact of the size of the test set on the quoted results, the performance metrics of the

best performing network were evaluated on 15, 4-batch subsamples of the test set. This

evaluation was performed only for the best performing network in the LHC 2016 pileup

scenario due to computational constraints.

3 Network Architecture

The networks studied here were implemented using the Keras suite [46] with the Theano

[47] backend. The input layer of the network consists of a vector of jet constituent pT, ⌘

and � coordinates. The network depth and number of nodes per layer were tuned manually,

exploring a space between 4-6 layers and 40-1000 nodes per layer. ReLu activation [48]

was used for the hidden layers while a sigmoid is used for the output node. The network

was trained with the Adam optimiser [49] for a maximum of 40 epochs. Early stopping

with a patience parameter of 5 epochs on the loss in the validation set was used. The model

used for evaluating the performance on the test set is the model with the best performance

(lowest binary cross-entropy loss) on the validation set. This method prevents overtraining

by freezing the model once performance on the validation set begins to decrease. The final

chosen network architecture consists of 4 hidden layers, with 300, 102, 12 and 6 nodes per

layer. Figure 2 shows a schematic of the overall network architecture used in this study.

... ... ...

φ1

η1
p1T

Input Layer�
Individual  $POTUJUVFOUT

Hidden Layers�
� layers, 300-� nodes per layer

Output Layer
Binary Prediction

Figure 2. Schematic of overall network architecture used.

3.1 Preprocessing

The key idea behind preprocessing the jets is that, by incorporating domain specific knowl-

edge about the jet physics, the dimensionality of the problem can be reduced. The prepro-

cessing steps were inspired by previous papers [22, 23, 25, 28] and determined through a

series of studies. Jets are scaled, translated, rotated and flipped.

First, the pT of all jet constituents is scaled by 1/1700 to ensure that the majority of jet

constituents have a pT approximately between zero and one. This ensures that the value of

the input nodes corresponding to the pT of the jet constituents are roughly within the same

order of magnitude as the input nodes corresponding to the ⌘ and � of the constituents.
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4.2 Preprocessing Studies

The e↵ect of multiple di↵erent preprocessing steps were studied to optimise the tagger

performance. Figure 6 illustrates the performance gain from each sequential preprocessing

step: trimming, scaling, translation, rotation and finally flipping. Each step has a positive

impact on overall performance, with the final flipping step improving the performance only

marginally. Table 2 summarises the performance increase following each preprocessing

stage for the AUC and rejection for the given signal e�ciency operating points.
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Figure 6. ROC curve for DNNs trained on reconstruction level jets after each successive prepro-
cessing step. The LHC 2016 pileup scenario was used.

Preprocessing step AUC
Rejection at signal e�ciency of

20% 50% 80%

Trimming only 0.827 45 9 3.3

After scaling 0.904 130 22 6.3

After translation 0.920 175 30 7.9

After rotation 0.933 325 43 9.6

After flip 0.934 365 45 9.8

Table 2. Area under the curve and background rejection factors for 20%, 50% and 80% signal
e�ciency for the DNNs trained on reconstruction level jets after each successive preprocessing step.
The LHC 2016 pileup scenario was used.

The e↵ect of trimming and jet constituent ordering was also investigated. Figure 7

shows the impact of the jet trimming on the ROC curve, with the same subsequent pre-

processing steps applied in all cases. Trimmed jets typically perform better at the high

background rejection operating point often desired in an analysis setting. Networks trained

on jets without trimming perform marginally better at the signal e�ciency operating points
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Playing Tag with ANN: Boosted Top 
Identification with Pattern Recognition
LG Almeida, M Backovic, M Cliche, 
SJ Lee, M Perelstein
arXiv:1501.05968

Input layer Hidden layer 1 Hidden layer 2 Output layer

Bias nodes

Calorimeter image

Figure 1. Graphical representation of the Artificial Neural Network (ANN).

Networks in the context of image recognition, see for example [42].) Mathematically, the
ANN can be thought of as a succession of non-linear transformations:3

✏i ! h(1)
i = f (W(1)

i j ✏ j + b(1)
i )! · · ·! h(l)

i = f (W(l)
i j h(l�1)

j + b(l)
i )! Y = f (W(O)

j h(l)
j + b(O)),(3.1)

where f is the so-called activation function, chosen to be

f (z) =
1

1 + e�z . (3.2)

The inputs ✏i are simply the normalized energy deposits "ab defined above, rearranged
in a single 900-dimensional vector: "ab ⌘ ✏30a+b. The weights W(L)

i j and the biases b(L)
i are

numbers determined by the training procedure, which we will now describe.
To train the network, we use a set of N/2 top and N/2 QCD jets, where N is a large

number. For the i-th jet, we assign the “target output” variable: yi = 1 if it is a top jet,
and yi = 0 if it is a QCD jet. Training consists of adjusting the weights so that the actual
outputs of the ANN Yi correspond as close as possible to the target outputs yi, across the
training set. To quantify the error, we use the logarithmic loss variable

Log-loss = �
1
N

NX

i=1

⇥
yi log(Yi) + (1 � yi) log(1 � Yi)

⇤
. (3.3)

The goal of training is to choose weights that minimize this function. We use the back-
propagation algorithm [43], combined with gradient-descent minimization. In its simplest
version, the algorithm can be summarized as follows [44]:

1. Initialize the weights of each link to small random values.
3In Eq. (3.1) and below, repeated indices are always summed over.
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Figure 4. E�ciency vs. Mis-tag rate curves for the ANN tagger (blue/solid lines), for jets in three
representative pT ranges. For comparison, corresponding curves for three existing top taggers are
also shown: d12 tagger (yellow/dashed), top template tagger (green/dotted), and N-subjettiness
(red/dash-dotted).
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Image approach
• Jets = 2d grayscale images:

• 1 pixel = 0.1 in eta, 5 degree in phi

• pixel energy: calorimeter ET

• Preprocessing (for illustration!)

• Center maximum

• Rotate so that second maximum is 12 o’clock

• Flip so that third maximum is on the right side

• Crop to 40x40 pixels
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Figure 1. Jet image after pre-processing for the signal (left) and background (right). Each picture is averaged
over 10,000 actual images.

pT,fat = 350 ... 450 GeV, such that all top decay products can be easily captured in the fat jet. For
signal events, we require that the fat jet can be associated with a Monte-Carlo truth top quark
within �R < 1.2.

We can speed up the learning process or illustrate the ConvNet performance by applying a set
of pre-processing steps:

1. Find maxima: before we can align any image we have to identify characteristic points. Using
a filter of size 3 ⇥ 3 pixels, we localize the three leading maxima in the image;

2. Shift: we then shift the image to center the global maximum taking into account the peri-
odicity in the azimuthal angle direction;

3. Rotation: next, we rotate the image such that the second maximum is in the 12 o’clock
position. The interpolation is done linearly;

4. Flip: next we flip the image to ensure the third maximum is in the right half-plane;

5. Crop: finally, we crop the image to 40 ⇥ 40 pixels.

Throughout the paper we will apply two pre-processing setups: for minimal pre-processing we apply
steps 1, 2 and 5 to define a centered jet image of given size. Alternatively, for full pre-processing
we apply all five steps. In Fig. 1 we show averaged signal and background images based on the
transverse energy from 10,000 individual images after full pre-processing. The leading subjet is in
the center of the image, the second subjet is in the 12 o’clock position, and a third subjet from
the top decay is smeared over the right half of the signal images. These images indicate that fully
pre-processed images might lose a small amount of information at the end of the 12 o’clock axis.

A non-trivial pre-processing step is the shift in the ⌘ direction, since the jet energy E is not
invariant under a longitudinal boost. Following Ref. [12] we investigate the e↵ect on the mass
information contained in the images,

m2
img =

"
X

i

Ei

✓
1,

cos�0
i

cosh ⌘0i
,

sin�0
i

cosh ⌘0i
,
sinh ⌘0i
cosh ⌘0i

◆#2

Ei = ET,i cosh ⌘
0
i , (11)
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Figure 1. Jet image after pre-processing for the signal (left) and background (right). Each picture is averaged
over 10,000 actual images.

pT,fat = 350 ... 450 GeV, such that all top decay products can be easily captured in the fat jet. For
signal events, we require that the fat jet can be associated with a Monte-Carlo truth top quark
within �R < 1.2.

We can speed up the learning process or illustrate the ConvNet performance by applying a set
of pre-processing steps:

1. Find maxima: before we can align any image we have to identify characteristic points. Using
a filter of size 3 ⇥ 3 pixels, we localize the three leading maxima in the image;

2. Shift: we then shift the image to center the global maximum taking into account the peri-
odicity in the azimuthal angle direction;

3. Rotation: next, we rotate the image such that the second maximum is in the 12 o’clock
position. The interpolation is done linearly;

4. Flip: next we flip the image to ensure the third maximum is in the right half-plane;

5. Crop: finally, we crop the image to 40 ⇥ 40 pixels.

Throughout the paper we will apply two pre-processing setups: for minimal pre-processing we apply
steps 1, 2 and 5 to define a centered jet image of given size. Alternatively, for full pre-processing
we apply all five steps. In Fig. 1 we show averaged signal and background images based on the
transverse energy from 10,000 individual images after full pre-processing. The leading subjet is in
the center of the image, the second subjet is in the 12 o’clock position, and a third subjet from
the top decay is smeared over the right half of the signal images. These images indicate that fully
pre-processed images might lose a small amount of information at the end of the 12 o’clock axis.

A non-trivial pre-processing step is the shift in the ⌘ direction, since the jet energy E is not
invariant under a longitudinal boost. Following Ref. [12] we investigate the e↵ect on the mass
information contained in the images,

m2
img =

"
X

i

Ei

✓
1,

cos�0
i

cosh ⌘0i
,

sin�0
i

cosh ⌘0i
,
sinh ⌘0i
cosh ⌘0i

◆#2

Ei = ET,i cosh ⌘
0
i , (11)
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Convolutional Layer
That’s the weights we want to train
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Convolutional Network

• How to build a convolutional network

• Chain multiple conv layers

• Use multiple masks per layer

• Pooling

• Max Pooling

• Average Pooling

• Add a fully connected network in the end
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Network architecture 9

Figure 4. Architecture [29] of our default networks for fully pre-processed images, defined in Tab. I.

classification is a parameter that allows to link the signal e�ciency ✏S with the mis-tagging rate of
background events ✏B.

In Sec. III we will use this trained network to test the performance in terms of ROC curves,
correlating the signal e�ciency and the mis-tagging rate.

Before we move to the performance study, we can get a feeling for what is happening inside
the trained ConvNet by looking at the output of the di↵erent layers in the case of fully pre-
processed images. In Fig. 5 we show the di↵erence of the averaged output for 100 signal and 100
background images. For each of those two categories, we require a classifier output of at least 0.8.
Each row illustrates the output of a convolutional layer. Signal-like red areas are typical for jet
images originating from top decays; blue areas are typical for backgrounds. The first layer seems
to consistently capture a well-separated second subjet, and some kernels of the later layers seem
to capture the third signal subjet in the right half-plane. However, one should keep in mind that
there is no one-to-one correspondence between the location in feature maps of later layers and the
pixels in the input image.

Figure 5. Averaged signal minus background for our default network and full pre-processing. The rows
correspond to ConvNet layers one to four. After two rows MaxPooling reduces the number of pixels by
roughly a factor of four. The columns indicate the feature maps one to eight. Red areas indicate signal-like
regions, blue areas indicate background-like regions.
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Figure 3. Left: performance of some of our tested architectures for full pre-processing in terms of an ROC
curve, including the default DeepTop network. Right: discrimination power or predicted signal probability
for signal events and background probability for background events. We use the default network.

can be slightly reduced due to boundary e↵ects. For each convolution we globally set a filter size
or convolutional size nc-size ⇥ nc-size. The global number of kernels of corresponding feature maps
is given by nc-kernel. Two blocks are separated by a pooling step, in our case using MaxPooling,
which significantly reduces the size of the feature maps. For a quadratic pool size of p ⇥ p fitting
into the n ⇥ n size of each feature map, the initial size of the new block’s input feature maps is
n/p⇥n/p. The final output feature maps are used as input to a DNN with nd-layer fully connected
layers and nd-node nodes per layer.

In the left panel of Fig. 3 we show the performance of some test architectures. We give the com-
plete list of tested hyper-parameters in Tab. I. As our default we choose one of the best-performing
networks after explicitly ensuring its stability with respect to changing its hyper-parameters. The
hyper-parameters of the default network we use for fully as well as minimally pre-processed images
are given in Tab. I. In Fig. 4 we illustrate this default architecture.

In the second step we train each network architecture using the mean squared error as loss
function and a the Nesterov algorithm with an initial learning rate ⌘L = 0.003. We train our
default setup over up to 1000 epochs and use the network configuration minimizing the loss function
calculated on the test sample. Di↵erent learning parameters were used to ensure convergence
when training on the minimally pre-processed and the scale-smeared samples. Because the DNN
output is a signal and background probability, the minimum signal probability required for signal

hyper-parameter scan range default
nc-block 1,2,3,4 2
nc-layer 2,3,4,5 2
nc-kernel 6,8,10 8
nc-size 2,4,6,8 4
nd-layer 2,3,4 3
nd-nodes 32,64,128 64
p 0,2,4 2

Table I. Range of parameters defining the combined ConvNet and DNN architecture, leading to the range
of e�ciencies shown in the left panel of Fig. 3 for fully pre-processed images.

Iterative tuning of hyper parameters.
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Figure 8. Left: performance of di↵erent DeepTop setups, including the curves shown in Fig. 3. Right:
performance of the neural network tagger compared to the QCD-based approaches SoftDrop plus N -
subjettiness and including the HEPTopTagger variables.

to the HEPTopTagger or SoftDrop picks up this additional information and also induces the
three-prong top decay structure into SoftDrop. We use N kT -axes, � = 1 and the reference
distance R0. A small value ⌧N indicates consistency with N or less substructure axes, so an N -
prong decays give rise to a small ratio ⌧N/⌧N�1. For top tagging ⌧3/⌧2 is particularly useful in
combination with QCD taggers in a multivariate setup [19]. The N -subjettiness variables ⌧j can
be defined based on the complete fat jet or based on the fat jet after applying the SoftDrop
criterion. Using ⌧j and ⌧ sdj in a multivariate analysis usually leads to optimal result.

B. Comparison

To benchmark the performance of ourDeepTopDNN, we compare its ROC curve with standard
Boosted Decision Trees based on the C/A jets using SoftDrop combined with N -subjettiness.
From Fig. 3 we know the spread of performance for the di↵erent network architectures for fully
pre-processed images. In Fig. 8 we see that minimal pre-processing actually leads to slightly better
results, because the combination or rotation and cropping described in Sec. II A leads to a small
loss in information. Altogether, the band of di↵erent machine learning results indicates how large
the spread of performance will be whenever for example binning issues in pT,fat are taken into
account, in which case we we would no longer be using the perfect network for each fat jet.

For our BDT we use GradientBoost in the Python package sklearn [28] with 200 trees, a
maximum depth of 2, a learning rate of 0.1, and a sub-sampling fraction of 90% for the kinematic
variables

{ msd,mfat, ⌧2, ⌧3, ⌧
sd
2 , ⌧ sd3 } (SoftDrop + N -subjettiness) , (16)

where mfat is the un-groomed mass of the fat jet. This is similar to standard experimental ap-
proaches for our transverse momentum range pT,fat = 350 ... 400 GeV. In addition, we include the
HEPTopTagger2 information from filtering combined with a mass drop criterion,

{ msd,mfat,mrec, frec,�Ropt, ⌧2, ⌧3, ⌧
sd
2 , ⌧ sd3 } (MotherOfTaggers) . (17)
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to the HEPTopTagger or SoftDrop picks up this additional information and also induces the
three-prong top decay structure into SoftDrop. We use N kT -axes, � = 1 and the reference
distance R0. A small value ⌧N indicates consistency with N or less substructure axes, so an N -
prong decays give rise to a small ratio ⌧N/⌧N�1. For top tagging ⌧3/⌧2 is particularly useful in
combination with QCD taggers in a multivariate setup [19]. The N -subjettiness variables ⌧j can
be defined based on the complete fat jet or based on the fat jet after applying the SoftDrop
criterion. Using ⌧j and ⌧ sdj in a multivariate analysis usually leads to optimal result.

B. Comparison

To benchmark the performance of ourDeepTopDNN, we compare its ROC curve with standard
Boosted Decision Trees based on the C/A jets using SoftDrop combined with N -subjettiness.
From Fig. 3 we know the spread of performance for the di↵erent network architectures for fully
pre-processed images. In Fig. 8 we see that minimal pre-processing actually leads to slightly better
results, because the combination or rotation and cropping described in Sec. II A leads to a small
loss in information. Altogether, the band of di↵erent machine learning results indicates how large
the spread of performance will be whenever for example binning issues in pT,fat are taken into
account, in which case we we would no longer be using the perfect network for each fat jet.

For our BDT we use GradientBoost in the Python package sklearn [28] with 200 trees, a
maximum depth of 2, a learning rate of 0.1, and a sub-sampling fraction of 90% for the kinematic
variables

{ msd,mfat, ⌧2, ⌧3, ⌧
sd
2 , ⌧ sd3 } (SoftDrop + N -subjettiness) , (16)

where mfat is the un-groomed mass of the fat jet. This is similar to standard experimental ap-
proaches for our transverse momentum range pT,fat = 350 ... 400 GeV. In addition, we include the
HEPTopTagger2 information from filtering combined with a mass drop criterion,

{ msd,mfat,mrec, frec,�Ropt, ⌧2, ⌧3, ⌧
sd
2 , ⌧ sd3 } (MotherOfTaggers) . (17)

SoftDrop + n-subjettiness:

MotherOfTaggers:
• Train a BDT on a set of  

standard tagging variables
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to the HEPTopTagger or SoftDrop picks up this additional information and also induces the
three-prong top decay structure into SoftDrop. We use N kT -axes, � = 1 and the reference
distance R0. A small value ⌧N indicates consistency with N or less substructure axes, so an N -
prong decays give rise to a small ratio ⌧N/⌧N�1. For top tagging ⌧3/⌧2 is particularly useful in
combination with QCD taggers in a multivariate setup [19]. The N -subjettiness variables ⌧j can
be defined based on the complete fat jet or based on the fat jet after applying the SoftDrop
criterion. Using ⌧j and ⌧ sdj in a multivariate analysis usually leads to optimal result.

B. Comparison

To benchmark the performance of ourDeepTopDNN, we compare its ROC curve with standard
Boosted Decision Trees based on the C/A jets using SoftDrop combined with N -subjettiness.
From Fig. 3 we know the spread of performance for the di↵erent network architectures for fully
pre-processed images. In Fig. 8 we see that minimal pre-processing actually leads to slightly better
results, because the combination or rotation and cropping described in Sec. II A leads to a small
loss in information. Altogether, the band of di↵erent machine learning results indicates how large
the spread of performance will be whenever for example binning issues in pT,fat are taken into
account, in which case we we would no longer be using the perfect network for each fat jet.

For our BDT we use GradientBoost in the Python package sklearn [28] with 200 trees, a
maximum depth of 2, a learning rate of 0.1, and a sub-sampling fraction of 90% for the kinematic
variables

{ msd,mfat, ⌧2, ⌧3, ⌧
sd
2 , ⌧ sd3 } (SoftDrop + N -subjettiness) , (16)

where mfat is the un-groomed mass of the fat jet. This is similar to standard experimental ap-
proaches for our transverse momentum range pT,fat = 350 ... 400 GeV. In addition, we include the
HEPTopTagger2 information from filtering combined with a mass drop criterion,

{ msd,mfat,mrec, frec,�Ropt, ⌧2, ⌧3, ⌧
sd
2 , ⌧ sd3 } (MotherOfTaggers) . (17)
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Adding Color
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Deep learning in color: towards automated quark/gluon jet discrimination
PT Komiske, EM Metodiev, MD Schwartz
JHEP 01 (2017) 110

⌘ �

b
ea
m

pre-process

convolutional layer

max-pooling

dense layer

quark jet

gluon jet

| {z }
⇥3

Figure 2: An illustration of the deep convolutional neural network architecture. The first

layer is the input jet image, followed by three convolutional layers, a dense layer and an

output layer.

The maxpooling layers performed a 2⇥2 down-sampling with a stride length of 2. The dense

layer consisted of 128 units.

All neural network architecture training was performed with the Python deep learning

libraries Keras [47] and Theano [48] on NVidia Tesla K40 and K80 GPUs using the NVidia

CUDA platform. The data consisted of the 100k jet images per pT -bin, partitioned into 90k

training images and 10k test images. An additional 10% of the training images are randomly

withheld as validation data during training of the model for the purposes of hyperparameter

optimization. He-uniform initialization [49] was used to initialize the model weights. The

network was trained using the Adam algorithm [50] using categorical cross-entropy as a loss

– 8 –

function with a batch size of 128 over 50 epochs and an early-stopping patience of 2 to 5

epochs.

Only moderate optimization of the network architecture and minimal hyperparameter-

tuning were performed in this study. This optimization included exploration of di↵erent

optimizers (Adam, Adadelta, RMSprop), filter sizes, number of filters, activation functions

(ReLU, tanh), and regularization (dropout, L2-regularization), though this exploration was

not exhaustive. Further systematic exploration of the space of architectures and hyperpa-

rameter values, such as with Bayesian optimization using Spearmint [51], might increase the

performance of the deep neural network.

3.3 Jet images in color

All implementations of the jet images machine learning approach that we know of take as

the input image a grid where the input layer contains the pre-processed energy or transverse

momentum in a particular angular region. This can be thought of as a grayscale image, with

only intensity in each pixel and all color information discarded. In computer vision one can

do better by training on color images, with red, green and blue intensities treated as separate

input layers, also known as channels. Thus, it is natural to try to apply some methods for

processing color to physics applications.

For particle physics, there are many ways the calorimeter deposits can be partitioned.

One could try to identify the actual particles: have one channel for protons, one for neutrons,

one for electrons, one for ⇡+ particles, one for KL’s, etc. Although it is not yet possible to

completely separate every type of metastable particle, advances in experimental techniques,

such as particle flow [52], indicate that this may not be too unrealistic. However, it is also

not clear that having 15 color channels would help and training with so many input channels

would be much slower. There are many options for a smaller set of channels. For example,

one could consider one channel for hadrons and one for leptons, or channels for positively

charged, neutral and negatively charged particles. To be concrete, in this study we take three

input channels:

red = transverse momenta of charged particles

green = the transverse momenta of neutral particles

blue = charged particle multiplicity

Each of these observables is evaluated on each image pixel. All channels of the image undergo

the following pre-processing: the images are normalized such that the sum of the red and

green channels is one; the zero centering and standardization are done for each pixel in each

channel according to I(k)ij ! (I(k)ij � µ(k)
ij )/(�(k)

ij + r). Here, I(k)ij is the intensity of pixel ij in

channel k of an image, and µ(k)
ij and �(k)

ij are the respective mean and standard deviation of

pixel ij in channel k in the training data.

The network architecture is designed to respect the overlay of the di↵erent color images.

That is, every image channel feeds into the same units in the network and the weights from

– 9 –
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State of the art

Inception v4

Inception-v4, Inception-ResNet and the Impact of 
Residual Connections on Learning

C Szegedy, S Ioffe, V Vanhoucke,  Alemi
arXiv:1602.07261

Residual connection
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Recurrent

• Inspired by natural language processing

• Work with a sequence of inputs

• Inputs can change the state of the cell (Long Short Term Memory)

http://colah.github.io/  50
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http://colah.github.io/  51



LSTM

http://colah.github.io/ 52

forget

which inputs to keep?

update cell state

decide output
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Term  
Memory



GRU

http://colah.github.io/ 53

Gated  
Recurrent 
Unit

Learning Phrase Representations using RNN 
Encoder-Decoder for Statistical Machine Translation

K Cho et al
arXiv: 1406.1078

• Combine forget and input gate

• Combine cell state and hidden state



Reminder:  
Jet Clustering• Two approaches:

• Cone based - Find stable axes of particles flow (ie. SisCone: 
0704.0292 )

• Sequential - Pairwise combination of clusters according to a 
distance measure:
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4

most ATLAS and CMS results on top tagging are at best published in internal notes, so we will be very
brief.

II. TOP TAGGING ALGORITHMS

Top tagging algorithms are typically based on two classes of observables. On the one hand, we can
generalize the well established event shapes to jet shapes, i.e. observables defined on calorimeter clusters
of the energy flow inside a geometrically large fat jet. Such jet shapes are directly accessible by the LHC
detectors. For our purpose the most relevant jet shape is the jet mass, on which all top tagging algorithms
are based. The second class of observables is the clustering history of all jet constituents. This history cannot
be observed directly. Instead, we have to rely on our understanding of QCD to simulate it, based on the
energy depositions we observe in the calorimeters (and trackers).

To backwards engineer the splitting history of a jet we can use our picture of collinear quark and gluon
splittings predicted by first principles QCD. The successive splitting of quarks and gluons radiated o↵ an
n-particle hard process (�n) factorizes in the soft or collinear limits into the simple form

�n+1 =

Z
�n

dp
2
j

p
2
j

dz
↵s

2⇡
P̂j1 j(z) , (1)

where pj is the momentum of the splitting parton and z is the energy fraction of one of the splitting products

j ! j1j2. The di↵erent splitting kernels P̂ (z) depend on the partonic quark or gluon process and are known.
They often diverge in the soft limit z ! 0, so we will encounter an overlapping enhancement and eventually
divergence for soft and for collinear radiation [17, 18]. The factorization shown in Eq.(1) describes the
splitting of parton radiation o↵ incoming as well as o↵ outgoing hard partons until the radiated partons
become soft enough to hadronize. The numerical implementation of Eq.(1) is the parton shower, and it
describes the transition from hard partons to a large number of hadrons which eventually decay and appear
in the calorimeters of the LHC experiments.

Inverting this successive splitting and hence extracting a hard parton momentum from a measured jet is
what jet algorithms do. Historically, an important issue is the infrared safety of observables and algorithms;
a soft or collinear splitting of any parton momentum cannot impact the macroscopic observables. While
some cone algorithms are not collinear save, recombination algorithms are. Such recombination algorithms
iteratively determine which of the observed calorimeter towers should be merged into subjets and which of
these subjets should then be merged together step by step, such that finally we arrive at few hard jets per
event. The end of this successive splitting can be defined in terms of a given minimum jet separation or a
given maximum number of jets. Di↵erent recombination algorithms are based on di↵erent subjet distance
measures:
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These measures can be generalized to dj1j2 = �R
2
j1j2

/D
2
⇥ min(p2n

T,j1
p
2n
T,j2

) for n = �1, 0, 1. The kT -
algorithm [19] mimics the soft and collinear enhancement of the QCD splitting kernels in Eq.(1). For the
top tagging application it should best reconstruct the QCD splitting history. The Cambridge/Aachen (C/A)
algorithm [20] always combines the two closest (most collinear) subjets. It is sensitive to collinear but not to
soft splittings, but as we will see later it has some advantages in fat jet searches. The anti-kT [21] algorithm
first combines the hardest subjets, to define a particularly stable jet recombination with clean geometric jet

1112.4441  
0005012  

0802.1189 

anti-kT  
    Default ATLAS/CMS algorithm, nice and circular boundaries
kT and C/A 
    better interpretability in terms of QCD
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5 Constituent sequence ordering

We hypothesize that the order of the constituent sequence can provide salient information for signal/background
discrimination to the LSTM tagger, and thus develop sorting methods which attempt to represent the
underlying QCD and substructure of the jets, referred to as substructure ordering. In particular, we use
a recursive algorithm which utilizes the history of the initial anti-kT clustering to add constituents to the
input list in an order which reflects the jet substructure. Clustering algorithms e↵ectively produce a binary
tree from the reconstructed particles, as depicted in Fig. 1, where the intermediate jets are referred to as
“PseudoJets” and are constructed by summing the four-momenta of the particles or PseudoJets with the
smallest distance metric 2 at a given clustering step. The jet substructure sorting algorithm starts with
the final jet and is called on each of the parent PseudoJets. Recursion is called on the pseudojet whose
parents have a smaller dij . If one of the parents of the jet or PseudoJet under consideration is the original
jet constituent that constituent is added to the list and recursion is continued on the other parent. If both
parents of a jet or a PseudoJet are original constituents, both are added to the list with the higher pT one
added first and the recursion is terminated. Thus the ordering algorithm performs a depth-first traversal of
the clustering tree.

This method is compared to sequence ordering schemes that were previously tested on the DNN in [23],
namely sorting purely by pT of jet constituents, and “subjet sorting”. In the latter scheme first subjets are
arranged in a descending order by pT , and then constituents of given subjet are added to the list, also in
descending order by pT . Subjet sorting was found to yield the best performance in [23].

6 Network architecture

Figure 1: An example of the binary tree constructed
by jet algorithms during clustering and the resulting
constituent list ordering presented to the LSTM in the
substructure ordering scheme.

The best-performing network design consists of an
LSTM with state width of 128 connected to 64-node
dense layer. Only the output of the LSTM layer at
the last step is connected to the dense layer. This
architecture was found through heuristic search of the
number of LSTM layers, layer widths and presence
or lack of the of the dense layer. Several optimization
methods were tried with Adam [34] providing the
most stable training with highest final performance.
The input data used for network selection was the
trimmed, subjet sorted set with LHC2016 pileup.
The Keras suite [35] with the Theano [36] backend
was used to implement the model.

7 Performance

The primary interest of this study was to evaluate
how an LSTM network would compare to the previ-
ously developed DNN. Fig. 2 (left) shows receiver operating characteristic (ROC) curves for the DNN and
LSTM taggers under their respective best performing architectures and input conditions. The LSTM network
yields better performance than the DNN across all signal e�ciencies, in particular reaching a background
rejection of 100 at 50% signal e�ciency - greater than a factor of two improvement with respect to the DNN.

Table 1 shows the background rejection power of the network when di↵erent pileup level datasets are
analyzed and di↵erent constituent ordering schemes are used. The LSTM with substructure ordering displays a
higher dependence on pileup conditions than the LSTM with subjet ordering, which has the best performance

2The distance metric used is referred to as dij , i and j being indices of particles or PseudoJets in the event list, and is defined

as: dij = min(k2pti , k
2p
ti )

�2
ij

R2 , where kti is the transverse momentum of particle i. Exponent p defines the precise algorithm
used (p = 1 for kT , p = �1 for anti-kT or p = 0 for Cambridge-Aachen), R is the radius parameter of the clustering, and
�2

ij = (yi � yj)2 + (�i � �j)2, y being the rapidity

3

Sequentially uncluster jet using Anti-Kt order 
to define input order

Long Short-Term Memory (LSTM) networks with jet 
constituents for boosted top tagging at the LHC
S Egan, W Fedorko, A Lister, J Pearkes, C Gay  
arXiv: 1711.09059  

LSTM width of 128, fully connected layer of 64 nodes
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QCD-Aware Recursive Neural Networks for Jet Physics  
G Louppe, K Cho, C Becot, K Cranmer  
arXiv:1702.00748
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FIG. 1. QCD-motivated recursive jet embedding for classifi-
cation. For each individual jet, the embedding hjet

1 (tj) is com-
puted recursively from the root node down to the outer nodes
of the binary tree tj . The resulting embedding is chained to
a subsequent classifier, as illustrated in the top part of the
figure. The topology of the network in the bottom part is
distinct for each jet and is determined by a sequential recom-
bination jet algorithm (e.g., kt clustering).

B. Full events

We now embed entire events e of variable size by feed-
ing the embeddings of their individual jets to an event-
level sequence-based recurrent neural network.

As an illustrative example, we consider here a gated re-
current unit [21] (GRU) operating on the pT ordered se-
quence of pairs (v(tj),h

jet
1 (tj)), for j = 1, . . . ,M , where

v(tj) is the unprocessed 4-momentum of the jet tj and

hjet
1 (tj) is its embedding. The final output hevent

M
(e) (see

Appendix B for details) of the GRU is chained to a subse-
quent classifier to solve an event-level classification task.
Again, all parameters (i.e., of the inner jet embedding
function, of the GRU, and of the classifier) are learned
jointly using backpropagation through structure [9] to
minimize the loss Levent. Figure 2 provides a schematic
of the full classification model. In summary, combining
two levels of recurrence provides a QCD-motivated event-
level embedding that e↵ectively operates at the hadron-
level for all the particles in the event.

In addition and for the purpose of comparison, we
also consider the simpler baselines where i) only the 4-
momenta v(tj) of the jets are given as input to the GRU,
without augmentation with their embeddings, and ii) the
4-momenta vi of the constituents of the event are all di-
rectly given as input to the GRU, without grouping them
into jets or providing the jet embeddings.

IV. DATA, PREPROCESSING AND
EXPERIMENTAL SETUP

In order to focus attention on the impact of the
network architectures and the projection of input 4-
momenta into images, we consider the same boosted W
tagging example as used in Refs. [1, 2, 4, 6]. The signal
(y = 1) corresponds to a hadronically decaying W boson
with 200 < pT < 500 GeV, while the background (y = 0)
corresponds to a QCD jet with the same range of pT .
We are grateful to the authors of Ref. [6] for shar-

ing the data used in their studies. We obtained both
the full-event records from their PYTHIA benchmark sam-
ples, including both the particle-level data and the tow-
ers from the DELPHES detector simulation. In addition,
we obtained the fully processed jet images of 25⇥25 pix-
els, which include the initial R = 1 anti-kt jet clustering
and subsequent trimming, translation, pixelisation, rota-
tion, reflection, cropping, and normalization preprocess-
ing stages detailed in Ref. [2, 6].

Our training data was collected by sampling from the
original data a total of 100,000 signal and background jets
with equal prior. The testing data was assembled sim-
ilarly by sampling 100,000 signal and background jets,
without overlap with the training data. For direct com-
parison with Ref. [6], performance is evaluated at test
time within the restricted window of 250 < pT < 300
and 50  m  110, where the signal and background jets
are re-weighted to produce flat pT distributions. Results
are reported in terms of the area under the ROC curve
(ROC AUC) and of background rejection (i.e., 1/FPR) at
50% signal e�ciency (R✏=50%). Average scores reported
include uncertainty estimates that come from training 30
models with distinct initial random seeds. About 2% of
the models had technical problems during training (e.g.,
due to numerical errors), so we applied a simple algo-
rithm to ensure robustness: we discarded models whose
R✏=50% was outside of 3 standard deviations of the mean,
where the mean and standard deviation were estimated
excluding the five best and worst performing models.

For our jet-level experiments we consider as input to
the classifiers the 4-momenta vi from both the particle-
level data and the DELPHES towers. We also compare the
performance with and without the projection of those
4-momenta into images. While the image data already
included the full pre-processing steps, when considering
particle-level and tower inputs we performed the initial
R = 1 anti-kt jet clustering to identify the constituents of
the highest pT jet t1 of each event, and then performed

Recursive embedding using clustering history 

Map one jet with arbitrary constituents to a fixed 
length  vector
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Message Passing

• Nodes in the graph: particles 

• Edges: “closeness” of Nodes

• Encoded in Adjacency matrix

• Can also be learned by algorithm

• Model clustering structure by sending messages 
between nodes

Neural Message Passing for Jet Physics 
I Henrion et al  
 Procs. of the Deep Learning for Physical Sciences Workshop at NIPS (2017)
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Neural Message Passing for Jet Physics 
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node [26]. Cascaded operations in the form (GNN NODEUPDATE) are able to approximate a wide
range of graph inference tasks. Inspired by message-passing algorithms, [27–29] generalized GNNs
to also learn edge features A(t)

i,j from the current node hidden representation, leading to the so-called
Message Passing Neural Network (MPNN) model. Adjacency learning is particularly important
in applications where the input set is believed to have some geometric structure, but the metric is
not known a priori. In the case of jet physics, the d↵ij provide a well-motivated family of adjacency
matrices, but in what follows we explore learning the adjacency directly. In particular, we consider
the family of adjacency matrices given by

A(t)
i,j = softmaxrow'(h

(t)
i , h(t)

j ) , (ADJACENCYMATRIX)
where ' is a symmetric function parametrized with, e.g., a neural network, and the softmax over
rows turns the kernel into a transition matrix. In this work, we choose for simplicity '(h, h0) =
v>(h+ h0) + b.

In our experiments, we call this model MPNN-directed. We also experiment with undirected
graph models by symmetrizing A via the transformation S(A) = 1

2 (A+A>), and use the identity
matrix A = 1 as a baseline. The resulting update rules for node features is obtained from (GNN
NODEUPDATE) by using the edge feature kernel A(t) and modifying the node-wise nonlinearity with
a more powerful gated recurrent unit (GRU, [30]):

m(t)
i = tanh

0

@
X

j

A(t)
i,jh

(t)
j

1

A , (MESSAGE)

h(t+1)
i = GRU(h(t)

i , [m(t)
i , xi]) , (MPNN VERTEXUPDATE)

where [⇤, ⇤] denotes concatenation of vectors. In this model, the hidden dimension dt is kept constant
across timesteps at 40. We also considered a set variant in which the current mean hidden state
across all nodes ĥ is passed as additional input to the GRU. These updates induce an order-invariance
amongst the hidden states, as in the set2set model [31]. Finally, the collection of hidden states
is collapsed to a single hidden state representing the whole graph, using another neural network
(READOUT). A simple particular case of MPNN considered in [27] (RelNet) consists in only one
message passing iteration that aggregates the adjacency kernel to directly predict the output label:

p(ŷ | x) = f✓

0

@
X

i,j

Ai,j

1

A . (RELNET)

In general graphs, the network depth is chosen to be of the order of the graph diameter, so that all
nodes obtain information from the entire graph. In our context, however, since the graph is densely
connected, the depth is interpreted simply as giving the model more expressive power. The resulting
model is summarized in Algorithm 1. Note that each iteration of neural message passing has its own
parametrized functions ADJACENCYMATRIX, MESSAGE and VERTEXUPDATE.

Algorithm 1 Message passing neural network
Require: N ⇥ S array of jet constituents x

. N is the number of particles, S is their data dimension
h tanh(Wex+ be) . Embed the jets
for t = 1, . . . , T do . Message passing

A ADJACENCYMATRIXt(h)
m MESSAGEt(A,h)
h VERTEXUPDATEt(h,m,x)

end for

return READOUT(h)

3 Results

We consider the same benchmark data and binary classification problem as in Ref. [10]. The first
class, which we denote ’QCD jets’, arises from a known mixture of quarks and gluons. The second

3

Adjacency Matrix:

Message from all others to i:

Vertex Update:

h.. 40 feautres/vertex
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Input is a pT sorted list of Lorentz 
four-vectors:  

(calo towers or particle flow objects)

Combination Layer (CoLa): create linear combinations:    

Lorentz Layer (LoLa):  Use resulting matrix to extract physics features. 
Main assumption is the Minkowski metric

Deep-learned Top Tagging from Lorentz Invariance

Anja Butter,1 Gregor Kasieczka,2 Tilman Plehn,1 and Michael Russell3
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Institut für Theoretische Physik, Universität Heidelberg, Germany

2
Institute for Particle Physics, ETH Zürich, Switzerland
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We introduce the new top tagger DeepTop2, based on Lorentz-vectors and the Minkowski metric.
It allows us to e�ciently identify boosted, hadronically decaying top quarks not only from calorimeter
information, but also including tracking, using a standard deep neural network. We show how this
Lorentz-vector-based

The identification of hadronic objects has become the
main driving force behind the application of machine
learning techniques in LHC experiments. The task is
to identify the partonic nature of large-area jets or
fat jets. They appear from hadronic decays of Higgs
bosons [1], weak gauge bosons [2], or top quarks [3–
11]. A straightforward question to ask is whether we
can analyze such jet substructure patterns using stan-
dard machine learning techniques, mostly likely trained
on LHC data. An early example are wavelets, describing
patterns of hadronic weak boson decays [12, 13]. The
most widely used approach is image recognition applied
to calorimeter entries in the two-dimensional azimuthal
angle vs rapidity plane, so-called jet images. They can be
used to search for hadronic decays of weak bosons [14–
17] or top quarks [18, 19], or to distinguish quark-like
and gluon-like jets [20]. For top jets it has been shown
that the machine learning approach not only outperforms
the multi-variate QCD-based taggers, but also that the
convolutional network learns all the appropriate sub-jet
patterns. An alternative approach is inspired by natural
language recognition, applied to hadronic decays of weak
bosons [21].

While the number of pixels inside a typical fat jet de-
fines an image which can be evaluated by a convolutional
network [22] without loss of information, a major prob-
lem arises when we attempt to include tracking informa-
tion with its much better experimental resolution [20].

We propose a new approach to jet substructure us-
ing machine learning: rather than relying on analogies
to image or natural language recognition we analyze the
constituents of the fat jet based on the Lorentz group
and Minkowski space-time. For our new DeepTop2 ap-
proach we introduce a set of combination layer (CoLa)
and Lorentz layer (LoLa) as two parts of a deep neural
network. In the usual setup they act on 4-momenta cor-
responding to calorimeter towers. However, unlike other
approaches this DeepTop2 tagger can trivially be ex-
tended to include tracking information and particle flow
objects with the full experimental resolution of these ob-
jects and can therefore be immediately included in to
state-of-the art ATLAS and CMS analyses.

In this letter we first introduce the new machine learn-
ing setup. Using standard fat jets from hadronic top

decays we compare its performance to multivariate QCD-
inspired tagging and an image-based convolutional net-
work [19]. We then extend it to include particle flow in-
formation and estimate the performance gain compared
to calorimeter information only.

Combination Layer — the basic constituents entering
any subjet analysis are a set of N measured 4-vectors,
for example organized as the matrix

(kµ,i) =

0

BB@

k0,1 k0,2 · · · k0,N
k1,1 k1,2 · · · k1,N
k2,1 k2,2 · · · k2,N
k3,1 k3,2 · · · k3,N

1

CCA . (1)

For a typical hadronic we show the corresponding jet
image in Fig. 1. For our analysis we use the leading
N = 20 constituent. For calorimeter information only we
have confirmed that including more constituents does not
significantly improve the tagging performance. Inspired
by the usual jet clustering history we multiply these 4-
vectors with a matrix Cij

kµ,i
CoLa�! ekµ,j = kµ,i Cij , (2)

to define M 4-vectors j̃j . For illustration purposes, we

Figure 1. Jet image illustrating a signal event, defining N =
20 4-vectors kµ,i with k0 > 1 GeV on the calorimeter level.
unit on color axis? fat jet boundary? 1 GeV correct?

kµ,i =

0

BB@

E0 E1 . . . EN

px,0 px,1 . . . px,N
py,0 py,1 . . . py,N
pz,0 pz,1 . . . pz,N

1

CCA

Fully connected layers for final output

Deep-learning Top Taggers & No End to QCD 
A Butter, GK, T Plehn, M Russell
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• Goal:  Allow network to reconstruct substructure axes 

(top, W, hard subjets, ..) by summing constituents

• (M - (N+1)) x N trainable weights
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2

can look at a top decay through an intermediate W -
boson, where the two conditions

k̃2µ,1 = (kµ,1 + kµ,2 + kµ,3)
2 = m2

t

k̃2µ,2 = (kµ,1 + kµ,2)
2 = m2

W (3)

lead to typical non-zero entries

C11 = C21 = C31 and C12 = C22 . (4)

In general, we expect our neural network to learn this
CoLa layer matrix starting from a general ansatz

C =

0

BBBB@

1 1 0 · · · 0 C1,N+2 · · · C1,M

1 0 1
... C2,N+2 · · · C2,M

...
...

...
. . . 0

...
...

1 0 0 · · · 1 CN,N+2 · · · CN,M

1

CCCCA
. (5)

This guarantees that the set of M 4-momenta k̃j includes

1. the sum or all momenta, i.e. the fat jet momentum;

2. each original momentum ki;

3. a trainable set of M � (N +2) linear combinations.

These k̃j will be analyzed by a deep neural network. For
our numerical study we use M =????. Note that as part
of the DNN we will only include one CoLa.

Lorentz Layer — from fundamental theory we know
that the relevant distance measure between two substruc-
ture objects is the Minkowski metric. We then use it
to construct the weight function of the neural network.⇤

The LoLa as the second part of the DNN first transforms
the M combined 4-vectors k̃j into M new objects k̂j

k̃j
LoLa�! k̂j =

0

BBBBBBBBBB@

m(k̃j)
E(k̃j)
pT (k̃j)

w(m)
jm m(k̃m)

w(E)
jm E(k̃m)

w(p)
jm pT (k̃m)

w(d)
4jm djm

1

CCCCCCCCCCA

. (6)

The first three entries in Eq.(6) map individual k̃j onto
the invariant mass, transverse momentum, and energy
entries of each k̃j . The next four entries combine all k̃m
combined with a fixed k̃j , including a trainable set of

weights w(m,E,p,d)
jm . This combination can be a sum over

m or the maximum/minimum over m for fixed j. The
last entry uses the Minkowski distance

d2jm = (k̃j � k̃m)µg
µ⌫(k̃j � k̃m)⌫ . (7)

⇤ We are grateful to Johann Brehmer pointing out that this ap-
proach limits us to fat jets far from black holes.

Figure 2. ROC curve for the new DeepTop2 tagger, com-
pared to the QCD-inspired MotherOfTaggers and the
image-based DeepTop tagger [19]. In all cases we only use
calorimeter information.

Performance — to compare the DeepTop2 approach
to established top taggers we simulate a hadronic tt̄ sam-
ple and a QCD dijet sample with Pythia8 [23] for the
14 TeV LHC. We ignore multiple interactions, because it
can eventually be removed. Moreover, we assume that
our top tagger can be trained on data.
All events are passed through the fast detector sim-

ulation Delphes3 [24], with calorimeter towers of size
�⌘⇥�� = 0.1⇥5� and a threshold of 1 GeV. We cluster
these towers with FastJet3 [25] to R = 1.5 anti-kT [26]
jets with |⌘| < 1.0. This defines a smooth outer shape
of the fat jet and a well-defined jet area. The fat jets
have to fulfill |⌘fat| < 1.0, to guarantee that they are en-
tirely in the central part of the detector and to justify
our calorimeter tower size.
Moreover, we focus on the standard range

pT,fat = 350 ... 450 GeV , (8)

such that all top decay products can be easily captured in
the fat jet. For signal events, we require that the fat jet
can be associated with a true top quark within�R < 1.2.
Unlike in our earlier study we do not re-cluster the anti-
kT jet constituents, because we eventually include track-
ing information and do not compare our results to QCD-
inspired taggers. The additional clustering step which
is not part of our current analysis can very slightly im-
prove the tagging performance for some hyper-parameter
choices. However, we expect this advantage to vanish for
optimized hyper-parameters, and because it cannot easily
be applied to tracking information we skip it throughout
our analysis.

We then use ??? signal and background events to train
a deep network with .... The network is ... Keras [31]
.... In Fig. 4 we compare the performance of our LoLa-
based DeepTop2 tagger to earlier benchmarks: a BDT
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We introduce the new top tagger DeepTop2, based on Lorentz-vectors and the Minkowski metric.
It allows us to e�ciently identify boosted, hadronically decaying top quarks not only from calorimeter
information, but also including tracking, using a standard deep neural network. We show how this
Lorentz-vector-based

The identification of hadronic objects has become the
main driving force behind the application of machine
learning techniques in LHC experiments. The task is
to identify the partonic nature of large-area jets or
fat jets. They appear from hadronic decays of Higgs
bosons [1], weak gauge bosons [2], or top quarks [3–
11]. A straightforward question to ask is whether we
can analyze such jet substructure patterns using stan-
dard machine learning techniques, mostly likely trained
on LHC data. An early example are wavelets, describing
patterns of hadronic weak boson decays [12, 13]. The
most widely used approach is image recognition applied
to calorimeter entries in the two-dimensional azimuthal
angle vs rapidity plane, so-called jet images. They can be
used to search for hadronic decays of weak bosons [14–
17] or top quarks [18, 19], or to distinguish quark-like
and gluon-like jets [20]. For top jets it has been shown
that the machine learning approach not only outperforms
the multi-variate QCD-based taggers, but also that the
convolutional network learns all the appropriate sub-jet
patterns. An alternative approach is inspired by natural
language recognition, applied to hadronic decays of weak
bosons [21].

While the number of pixels inside a typical fat jet de-
fines an image which can be evaluated by a convolutional
network [22] without loss of information, a major prob-
lem arises when we attempt to include tracking informa-
tion with its much better experimental resolution [20].

We propose a new approach to jet substructure us-
ing machine learning: rather than relying on analogies
to image or natural language recognition we analyze the
constituents of the fat jet based on the Lorentz group
and Minkowski space-time. For our new DeepTop2 ap-
proach we introduce a set of combination layer (CoLa)
and Lorentz layer (LoLa) as two parts of a deep neural
network. In the usual setup they act on 4-momenta cor-
responding to calorimeter towers. However, unlike other
approaches this DeepTop2 tagger can trivially be ex-
tended to include tracking information and particle flow
objects with the full experimental resolution of these ob-
jects and can therefore be immediately included in to
state-of-the art ATLAS and CMS analyses.

In this letter we first introduce the new machine learn-
ing setup. Using standard fat jets from hadronic top

decays we compare its performance to multivariate QCD-
inspired tagging and an image-based convolutional net-
work [19]. We then extend it to include particle flow in-
formation and estimate the performance gain compared
to calorimeter information only.

Combination Layer — the basic constituents entering
any subjet analysis are a set of N measured 4-vectors,
for example organized as the matrix

(kµ,i) =

0

BB@

k0,1 k0,2 · · · k0,N
k1,1 k1,2 · · · k1,N
k2,1 k2,2 · · · k2,N
k3,1 k3,2 · · · k3,N

1

CCA . (1)

For a typical hadronic we show the corresponding jet
image in Fig. 1. For our analysis we use the leading
N = 20 constituent. For calorimeter information only we
have confirmed that including more constituents does not
significantly improve the tagging performance. Inspired
by the usual jet clustering history we multiply these 4-
vectors with a matrix Cij

kµ,i
CoLa�! ekµ,j = kµ,i Cij , (2)

to define M 4-vectors j̃j . For illustration purposes, we

Figure 1. Jet image illustrating a signal event, defining N =
20 4-vectors kµ,i with k0 > 1 GeV on the calorimeter level.
unit on color axis? fat jet boundary? 1 GeV correct?
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(pass-through constituents)
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• Transforms M Lorentz-vectors into M vectors with P components

• Using:

• Per pseudo-jet variables:  
 
 

• Trainable sums: 

• Sum of differences:

ekµ,i ! ek0,i
ekµ,i ! ekµ,iek⌫,i⌘µ⌫

ekµ,i !
X

j

(eki � ekj)µ(eki � ekj)⌫⌘µ⌫Bij

⌘µ⌫ =

0

BB@

�1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 1

1

CCA

ekµ,i ! ek0,jAij

Still fine-tuning what needs to be included..
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All events are passed through the fast detector sim-
ulation Delphes3 [27], with calorimeter towers of size
�⌘⇥�� = 0.1⇥5� and an energy threshold of 1 GeV. We
cluster these towers with FastJet3 [28] to anti-kT [29]
jets with R = 1.5. This defines a smooth outer shape
and a jet area of the fat jet. The fat jets have to ful-
fill |⌘fat| < 1.0, to guarantee that they are entirely in the
central part of the detector and to justify our calorimeter
tower size. For signal events, we require that the fat jet
can be associated with a true top quark within�R < 1.2.
Unlike in our earlier study we do not re-cluster the anti-
kT jet constituents, because we eventually include track-
ing information and do not focus on a comparison with
QCD-inspired taggers [20].

We then consider the two standard ranges

pT,fat = 350 ... 450 GeV

pT,fat = 1300 ... 1400 GeV . (8)

In Fig. 2 we show the number of calorimeter-based 4-
vectors kµ,i as well as their ordered mean transverse mo-
mentum for the soft and hard fat jet selections of Eq.(8).
For the soft and hard selections we have tested values
up to N = 60 and find the using the leading N = 20
calorimeter constituents essentially saturates the tagging
performance. The remaining entries will typically be
much softer than the top decay products and hence carry
little signal or background information from the hard pro-
cess.

For the softer fat jets we use 180,000 signal and 180,000
background events to train the network, 60,000 events
each for tests during training, and 60,000 events each
to estimate the performance. For technical reason the
harder fat jets rely on a 10% smaller sample.

The network is trained using Keras [30] with the
Theano [31] back-end, theAdam optimizer, and a learn-
ing rate of 0.001. Training terminates either after 200
epochs or when the performance on the test sample does
not improve for five epochs, typically after several tens
of epochs.† We independently train five copies of the
network, and compare their performances on the inde-
pendent validation sample.

Because of a long history of tests and applications on
data, top taggers are especially useful to establish the
performance of machine learning tools. In Fig. 3 we
compare our DeepTopLoLa tagger to earlier bench-
marks for the softer of the two selections in Eq.(8): a
BDT of a large number of QCD-inspired observables and
the image-based DeepTop tagger [20]. As long as we
only include calorimeter information we cannot expect

† Using this setup, the training for the softer fat jets takes less than
15 minutes in total on a Tesla K80 using a p2.xlarge computing
instance on Amazon Web Services.

Figure 3. ROC curve for the new DeepTopLoLa tag-
ger, compared to the QCD-inspired MotherOfTaggers

and the image-based DeepTop tagger [20]. In all cases we
only use calorimeter information for soft fat jets, pT,fat =
350 ... 450 GeV.

the new method to significantly improve over these two
approaches. On the other hand, the much faster, more
flexible, and physics-motivated LoLa-based DNN easily
matches the convolutional network approach.

Learning the Minkowski metric — a technical chal-
lenge related to the Minkowski metric is that it combines
two di↵erent features: two subjets are Minkowski-close if
they are collinear or when one of them is soft (ki,0 ! 0).
Because these two scenarios correspond to di↵erent, but
possibly overlapping phase space regions, they are hard
to learn for a DNN.
To see how our DeepTopLoLa tagger deals with this

problem we turn the problem around and ask the ques-
tion if the Minkowski metric is really the feature distin-
guishing top decays and QCD jets. To this end, we define
the invariant mass m(k̃j) and the distance d2jm in Eq.(6)
with a trainable diagonal metric and find

g = diag( 0.99± 0.02, (9)

� 1.01± 0.01,�1.01± 0.02,�0.99± 0.02) ,

where the errors are given by five independently trained
copies. It is crucial for our physics understanding [32]
that the distinguishing power of theDeepTopLoLa tag-
ger is indeed the same mass drop [1] which drives many
QCD-based top taggers [6, 7] and the image-based top
tagger [20].

Tracking — a standard criticism of the jet image ap-
proach is that the pixelled image removes information
from the original jet. For the calorimeter information
alone this is not the case, because the image pixels are

4

given by the calorimeter resolution. However, this identi-
fication is not possible for tracking information, because
the tracking resolution of ATLAS and CMS is much finer
than a jet image can realistically resolve [21]. This makes
it hard to in general extend jet images to particle flow
objects and to reliably determine how much performance
can be gained through tracking information.

In contrast, for our LoLa-based approach this exten-
sion to particle flow constituents is straightforward: in-
stead of defining one constituent or 4-vector per calorime-
ter cell we use all objects defined by the Delphes3 par-
ticle flow algorithm in the same pT,fat range as in Eq.(8).
The fat jet constituents at the particle flow level are
di↵erent from the calorimeter case, which implies that
for the same pT,fat range the underlying top quarks are
around 5% softer for fat jets based on particle flow ob-
jects. Nevertheless, defining the signal and background
events using Eq.(8) still is the best choice.

In Fig. 2 we show the number of constituents for the
calorimeter-level and the particle flow approaches. The
latter o↵ers not only considerably more objects, the cor-
responding 4-momenta are also measured more precisely.
We also show the mean transverse momentum for each of
these constituents, indicating that the larger number of
particle flow objects at least in part arises from splitting
harder calorimeter entries into several objects at higher
resolution. For our DeepTopLoLa tagger Fig. 2 im-
plies that we could include more particle flow objects
than calorimeter objects in Eq.(1). However, to match
our calorimeter-based analysis for the soft or hard fat
jets we find that combining at least N = 20 particle flow
objects kµ,i already gives a stable performance.

Searching for possible improvements to our tagger, we
first check that indeed the top quark kinematics are more
precisely measured by the particle flow objects. However,
the observed 5% improvement, for example in the reso-
lution of the top transverse momentum, is unlikely to
significantly improve our analysis.

In Fig. 4 we confirm that using the same neural
network for calorimeter and particle flow objects gives
hardly any improvement for moderately boosted tops
with pT,fat = 350 ... 450 GeV. The situation changes
when we train and test our tagger at larger transverse
momenta, pT,fat = 1300 ... 1400 GeV. Here the calorime-
ter resolution is no longer su�cient to separate the sub-
structures [33]. For a fixed signal e�ciency the back-
ground rejection including particle flow increases by a
factor of two to three.

Conclusions — based on a deep neural network work-
ing on Lorentz vectors of jet constituents we have built
the new, fast, and flexible DeepTopLoLa tagger. It in-
cludes three structures: a Combination Layer mimicking
QCD-inspired jet recombination, a Lorentz Layer trans-
lating the 4-vectors into standard kinematic observables,
and two fully connected layers.

Figure 4. ROC curve for the new DeepTopLoLa tagger op-
erating on particle flow objects, compared to the its perfor-
mance operating on calorimeter objects.

We have compared the tagging performance to QCD-
inspired taggers and to image-based convolutional net-
work taggers using only calorimeter information for mod-
erately boosted top quarks [20]. Figure 3 shows that the
new tagger is competitive with either of these alterna-
tive approaches. To understand the physics behind the
machine learning we have confirmed that the Minkowski
metric related to a mass drop condition indeed drives the
signal and background distinction.

Finally, we have used our tagger on particle flow ob-
jects, combining calorimeter and tracker information at
their respective full experimental resolution. We have
found that while for moderately boosted top quarks the
performance gain from the tracker is negligible, it makes
a big di↵erence for strongly boosted top quarks.

The coverage of the full transverse momentum range
and the possibility to include b-tagging through the track-
ing information should make the DeepTopLoLa tagger
an excellent starting point to employ machine learning
as the standard in ATLAS and CMS subjets analyses.
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All events are passed through the fast detector sim-
ulation Delphes3 [27], with calorimeter towers of size
�⌘⇥�� = 0.1⇥5� and an energy threshold of 1 GeV. We
cluster these towers with FastJet3 [28] to anti-kT [29]
jets with R = 1.5. This defines a smooth outer shape
and a jet area of the fat jet. The fat jets have to ful-
fill |⌘fat| < 1.0, to guarantee that they are entirely in the
central part of the detector and to justify our calorimeter
tower size. For signal events, we require that the fat jet
can be associated with a true top quark within�R < 1.2.
Unlike in our earlier study we do not re-cluster the anti-
kT jet constituents, because we eventually include track-
ing information and do not focus on a comparison with
QCD-inspired taggers [20].

We then consider the two standard ranges

pT,fat = 350 ... 450 GeV

pT,fat = 1300 ... 1400 GeV . (8)

In Fig. 2 we show the number of calorimeter-based 4-
vectors kµ,i as well as their ordered mean transverse mo-
mentum for the soft and hard fat jet selections of Eq.(8).
For the soft and hard selections we have tested values
up to N = 60 and find the using the leading N = 20
calorimeter constituents essentially saturates the tagging
performance. The remaining entries will typically be
much softer than the top decay products and hence carry
little signal or background information from the hard pro-
cess.

For the softer fat jets we use 180,000 signal and 180,000
background events to train the network, 60,000 events
each for tests during training, and 60,000 events each
to estimate the performance. For technical reason the
harder fat jets rely on a 10% smaller sample.

The network is trained using Keras [30] with the
Theano [31] back-end, theAdam optimizer, and a learn-
ing rate of 0.001. Training terminates either after 200
epochs or when the performance on the test sample does
not improve for five epochs, typically after several tens
of epochs.† We independently train five copies of the
network, and compare their performances on the inde-
pendent validation sample.

Because of a long history of tests and applications on
data, top taggers are especially useful to establish the
performance of machine learning tools. In Fig. 3 we
compare our DeepTopLoLa tagger to earlier bench-
marks for the softer of the two selections in Eq.(8): a
BDT of a large number of QCD-inspired observables and
the image-based DeepTop tagger [20]. As long as we
only include calorimeter information we cannot expect

† Using this setup, the training for the softer fat jets takes less than
15 minutes in total on a Tesla K80 using a p2.xlarge computing
instance on Amazon Web Services.

Figure 3. ROC curve for the new DeepTopLoLa tag-
ger, compared to the QCD-inspired MotherOfTaggers

and the image-based DeepTop tagger [20]. In all cases we
only use calorimeter information for soft fat jets, pT,fat =
350 ... 450 GeV.

the new method to significantly improve over these two
approaches. On the other hand, the much faster, more
flexible, and physics-motivated LoLa-based DNN easily
matches the convolutional network approach.

Learning the Minkowski metric — a technical chal-
lenge related to the Minkowski metric is that it combines
two di↵erent features: two subjets are Minkowski-close if
they are collinear or when one of them is soft (ki,0 ! 0).
Because these two scenarios correspond to di↵erent, but
possibly overlapping phase space regions, they are hard
to learn for a DNN.
To see how our DeepTopLoLa tagger deals with this

problem we turn the problem around and ask the ques-
tion if the Minkowski metric is really the feature distin-
guishing top decays and QCD jets. To this end, we define
the invariant mass m(k̃j) and the distance d2jm in Eq.(6)
with a trainable diagonal metric and find

g = diag( 0.99± 0.02, (9)

� 1.01± 0.01,�1.01± 0.02,�0.99± 0.02) ,

where the errors are given by five independently trained
copies. It is crucial for our physics understanding [32]
that the distinguishing power of theDeepTopLoLa tag-
ger is indeed the same mass drop [1] which drives many
QCD-based top taggers [6, 7] and the image-based top
tagger [20].

Tracking — a standard criticism of the jet image ap-
proach is that the pixelled image removes information
from the original jet. For the calorimeter information
alone this is not the case, because the image pixels are

Perfomance equal  
to image approach Clear gain at high pT

Metric learned

14!65

diag(�1, 1, 1, 1) ! diag(K,L,M,N)
Ansatz
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4.2 Preprocessing Studies

The e↵ect of multiple di↵erent preprocessing steps were studied to optimise the tagger

performance. Figure 6 illustrates the performance gain from each sequential preprocessing

step: trimming, scaling, translation, rotation and finally flipping. Each step has a positive

impact on overall performance, with the final flipping step improving the performance only

marginally. Table 2 summarises the performance increase following each preprocessing

stage for the AUC and rejection for the given signal e�ciency operating points.
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Top Tagging Efficiency
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Figure 6. ROC curve for DNNs trained on reconstruction level jets after each successive prepro-
cessing step. The LHC 2016 pileup scenario was used.

Preprocessing step AUC
Rejection at signal e�ciency of

20% 50% 80%

Trimming only 0.827 45 9 3.3

After scaling 0.904 130 22 6.3

After translation 0.920 175 30 7.9

After rotation 0.933 325 43 9.6

After flip 0.934 365 45 9.8

Table 2. Area under the curve and background rejection factors for 20%, 50% and 80% signal
e�ciency for the DNNs trained on reconstruction level jets after each successive preprocessing step.
The LHC 2016 pileup scenario was used.

The e↵ect of trimming and jet constituent ordering was also investigated. Figure 7

shows the impact of the jet trimming on the ROC curve, with the same subsequent pre-

processing steps applied in all cases. Trimmed jets typically perform better at the high

background rejection operating point often desired in an analysis setting. Networks trained

on jets without trimming perform marginally better at the signal e�ciency operating points

– 11 –
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Figure 3: ROC curve for the new DeepTopLoLa tagger, compared to the QCD-inspired
MotherOfTaggers and the image-based DeepTop tagger [20]. In all cases we only use
calorimeter information for soft fat jets, pT,fat = 350 ... 450 GeV.

3.1 Calorimeter

We consider the two standard ranges, moderately boosted tops available in Standard Model
processes and highly boosted tops in resonance searches,

pT,fat = 350 ... 450 GeV

pT,fat = 1300 ... 1400 GeV . (8)

In Fig. 2 we show the number of calorimeter-based 4-vectors kµ,i as well as their ordered
mean transverse momentum for the soft and hard fat jet selections of Eq.(8). For the soft and
hard selections we have tested values N = 10 ... 60 and find the using the leading N = 40
calorimeter constituents completely saturates the tagging performance. The remaining entries
will typically be much softer than the top decay products and hence carry little signal or
background information from the hard process.

For the softer fat jets we use 180,000 signal and 180,000 background events to train the
network, 60,000 events each for tests during training, and 60,000 events each to estimate the
performance. For technical reason the harder fat jets rely on a 10% smaller sample.

The network includes the CoLa, the LoLa, and two fully connected hidden layers, one with
100 and one with 50 nodes. It is trained using Keras [32] with the Theano [33] back-end,
the Adam optimizer, and a learning rate of 0.001. Training terminates either after 200 epochs
or when the performance on the test sample does not improve for five epochs, typically after
several tens of epochs. † We independently train five copies of the network, and compare
their performances on the independent validation sample.

Because of a long history of tests and applications on data, top taggers are especially useful
to establish the performance of machine learning tools. In Fig. 3 we compare our DeepTo-
pLoLa tagger to earlier benchmarks for the softer of the two selections in Eq.(8): a BDT of

†Using this setup, the training for the softer fat jets takes less than 15 minutes in total on a Tesla K80 using
a p2.xlarge computing instance on Amazon Web Services.
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Figure 8. Performance of the neural network tagger compared to the QCD-based approaches
SoftDrop plus N -subjettiness and including the HEPTopTagger variables.

where mfat is the un-groomed mass of the fat jet. This is similar to standard experimental

approaches for our transverse momentum range pT,fat = 350 ... 400 GeV. In addition,

we include the HEPTopTagger2 information from filtering combined with a mass drop

criterion,

{ msd,mfat,mrec, frec,�Ropt, ⌧2, ⌧3, ⌧
sd
2 , ⌧ sd3 } (MotherOfTaggers) .

(3.5)

In figure 8 we compare these two QCD-based approaches with our best neural networks.

Firstly, we see that both QCD-based BDT analyses and the two neural network setups are

close in performance. Indeed, adding HEPTopTagger information slightly improves

the SoftDrop+N -subjettiness setup, reflecting the fact that our transverse momentum

range is close to the low-boost scenario where one should rely on the better-performing

HEPTopTagger. Second, we see that the di↵erence between the two pre-processing

scenarios is in the same range as the di↵erence between the di↵erent approaches. Running

the DeepTop framework over signal samples with a 2-prong W 0 decay to two jets with

mW 0 = mt and over signal samples with a shifted value of mt we have confirmed that the

neural network setup learns both, the number of decay subjets and the mass scale.

Following up on on the observation that the neural network and the QCD-based taggers

show similar performance in tagging a boosted top decay inside a fat jet, we can check what

kind of information is used in this distinction.

Both for the DNN and for the MotherOfTaggers BDT output we can study signal-

like learned patterns in actual signal events by cutting on the output label y corresponding

to the 30% most signal like events shown on the right of figure 3. Similarly, we can

require the 30% most background like events to test if the background patterns are learned

correctly. In addition, we can compare the kinematic distributions in both cases to the
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DeepTop minimal
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Figure 4: Sequence of ROC curves (background rejection 1/✏B vs. tagging e�ciency ✏S) illustrating

the cumulative e↵ects of the various improvements to the DeepTop tagger, for the DeepTop jet sample.

Our final tagger including all the improvements is shown in orange.

ture, image preprocessing, sample size and color) to the DeepTop tagger in the preceding

sections, we are now ready to put them all together and quantify their cumulative ef-

fects on the tagger performance. Shown in figs. 4–6 and table 3 are ROC curves and

aggregate metrics characterizing these e↵ects. The baseline in these plots is always the

DeepTop minimal column in table 2, applied to the two di↵erent jet samples in table 1.

Each modification is then added cumulatively to this baseline. Here is a more detailed

breakdown (each entry here corresponds to moving from left to right sequentially in the

corresponding category of table 2):

• The end result of all of our improvements to the training (loss function and op-

timizer) is the blue curves in figs. 4-6. This gave the single largest boost to the

performance of all the di↵erent modifications we considered. Furthermore, we find

that over half of the improvement here is due solely to the smaller minibatch size.

16

(Urgently) needed: Comparison of 
algorithms/architectures on a common 
samples

Our top tagging reference sample:
https://goo.gl/XGYju3

https://goo.gl/XGYju3
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B Mesons
• Mass: 5-6 GeV

• Lifetime (in restframe): 1.5 x 10-12 s

• Decay length (in restframe): 0.45 mm

• Lab frame decay length:

• Assume momentum ~30 GeV

• v: ~0.99 c

• ɣ: ~2

• Decay length:  ~1 mm 



b quark identification in CMS
• Classic approach

• CSVv2 (Combined Secondary Vertex version 2), uses 
secondary vertex and track-based lifetime variables combined 
using a (shallow) neural network

• DeepCSV

• Same variables, more charged particle tracks, fully connected 
network with 5 hidden layers and 100 nodes/layer

• DeepFlavour

• 25 charged particle flow candidates (16 properties)

• 25 neutral particle flow candidates (6 properties)

• 4 secondary vertices (17 properties)

• Deep architecture

 70

CMS DP 2017-013
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CNNchchar. part. RNNchCNNchchar. part. RNNchCNNchchar. part. RNNchCNNsvsec. vert. RNNsv

CNNchchar. part. RNNchCNNchchar. part. RNNchCNNchchar. part. RNNchCNNneneutr. part. RNNne

Classification
DNN

CNNchchar. part. RNNchCNNchchar. part. RNNchCNNchchar. part. RNNchCNNchcharg. part. RNNch

FC

global

Classification
DNN

~700 400 250
® ® ®

• Particle and vertex based DNN has factor 10 less free parameters than a 
generic Dense DNN would have

• 100M jets used for training, overtraining is not an issue

~ 700 inputs and 250.000 model parameters

17

Particle and vertex based DNN: DeepJet

Machine Learning for Jet Physics in CMS  
Markus Store (for CMS)  
Jets in ML Workshop, Berkeley, 2017
 
CMS DP 2017-013

1x1 Convolutions 
64-32-32-8 for charged/vertices 

32-16-8 for neutral  



CMS Pixel Upgrade
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3.0 cm
6.8 cm

10.2 cm

16.0 cm

Previous



Impact
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How much information 
is in a jet?

• Study W tagging

• Use n-subjettiness with different 
exponents to build basis

• Train ANNs with different numbers of 
variables

 75

How Much Information is in a Jet?
K Datta, A Larkoski  
arXiv:1704.08249
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Figure 1: Z boson jet e�ciency vs. QCD jet rejection rate plot as generated by the deep neural

network. Details of the event simulation, jet finding, and machine learning are described in

Sec. 3. The di↵erent curves correspond to the mass plus collections of observables that uniquely

define M -body phase space. Discrimination power is seen to saturate when 4-body phase space

is resolved.

the M -body phase space observables to standard observables as a benchmark. We conclude in

Sec. 4. Additional details are in the appendices.

2 Observable Basis

In this section, we specify the basis of IRC safe observables that we use to identify structure in

the jet. For simplicity, we will exclusively use the N -subjettiness observables [24–26], however

this choice is not special. One could equivalently use the originally-defined N -point energy

correlation functions [27], or their generalization to di↵erent angular dependence [28]. Our

choice of using the N -subjettiness observbles in this analysis is mostly practical: the evaluation

time for the N -subjettiness observables is significantly less than for the energy correlation

functions. We also emphasize that the particular choice of observables below is to just ensure

that they actually span the phase space for emissions in a jet. There may be a more optimal

choice of a basis of observables, but optimization of the basis is beyond this paper.

The N -subjettiness observable ⌧
(�)
N is a measure of the radiation about N axes in the jet,

specified by an angular exponent � > 0:

⌧
(�)
N =

1

pTJ

X

i2Jet
pT i min

n
R

�
1i, R

�
2i, . . . , R

�
Ni

o
. (2.1)

In this expression, pTJ is the transverse momentum of the jet of interest, pT i is the transverse

momentum of particle i in the jet, and RKi, for K = 1, 2, . . . , N , is the angle in pseudorapidity

and azimuth between particle i and axis K in the jet. There are numerous possible choices for

the N axes in the jet; in our numerical implementation, we choose to define them according
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particle 1

particle 2

(a)

particle 1

particle 2

particle 3

z1

z2

1 � z1 � z2

✓12

✓23

✓13

(b)

Figure 2: Illustration of the momentum fraction and pairwise angle variables that describe

2-body (right) and 3-body (left) phase space.

to the exclusive kT algorithm [29, 30] with standard E-scheme recombination [31]. Note that

⌧
(�)
N = 0 for a jet with N or fewer particles in it.

To identify structure in the jet, we need to measure an appropriate number of di↵erent

N -subjettiness observables. This requires an organizing principle to ensure that the basis of

observables is complete and minimal. Our approach to ensuring this is to identify the set

of N -subjettiness observables that can completely specify the coordinates of M -body phase

space. Ensuring that the set is minimal is then straightforward: as M -body phase space is

3M � 4 dimensional, we only measure 3M � 4 N -subjettiness observables. A jet also has an

overall energy scale. To ensure sensitivity to this energy scale, we will also measure the jet

mass, mJ .

We will describe how to do this for low dimensional phase space, and then generalize to

arbitrary M -body phase space. We will work in the limit where the jet is narrow and so all

particles in the jet can be considered as relatively collinear. This simplifies the expressions

for the values of the N -subjettiness observables to illustrate their content, but does not a↵ect

their ability to span the phase space variables.

• 2-Body Phase Space: 2-body phase space is 3 · 2 � 4 = 2 dimensional. For a jet with

two particles, the phase space can be completely specified by the transverse momentum

fraction z of one of the particles:

z =
pT1

pTJ
, 1 � z =

pT2

pTJ
, (2.2)

and the splitting angle ✓ between the particles. This configuration is shown in Fig. 2a. To

uniquely identify the z and ✓ of this jet, we can measure two 1-subjettiness observables,

defined by di↵erent angular exponents ↵ 6= �. For concreteness, we will measure ⌧
(1)
1 and

⌧
(2)
1 .

To determine the measured values of the 1-subjettiness observables, we need to determine

the angle between the individual particles of the jet and the axis. Because E-scheme

recombination conserves momentum, the angles between the particles 1 and 2 and the
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tion of observables sensitive to two-prong structure measured on the jets. In Fig. 3, we plot

the mass of the signal and background jets as defined by the simulation and jet finding from

earlier. Applying a mass cut around the Z boson peak, we then measure the two-prong jet

observables. In Fig. 4, we show the distributions of the N -subjettiness and energy correlation

function ratios ⌧
(�)
2,1 , D

(�)
2 , and N

(�)
2 . As was extensively studied in the original works, these

plots make clear the separation power that these observables enable. When we compare these

observables to the discrimination power of the M -body phase space observables, we relax the

hard mass cut, and let the machine learn the optimal mass and observable cuts dynamically.

In Fig. 1, we plot the signal jet (Z boson) e�ciency versus the background jet (QCD)

rejection rate for the collection of observables that minimally span M -body phase space, along

with the jet mass. The observables that are passed to the neural network to specify M -body

phase space are, explicitly:

2-body: ⌧
(1)
1 , ⌧

(2)
1

3-body: ⌧
(0.5)
1 , ⌧

(1)
1 , ⌧

(2)
1 , ⌧

(1)
2 , ⌧

(2)
2

4-body: ⌧
(0.5)
1 , ⌧

(1)
1 , ⌧

(2)
1 , ⌧

(0.5)
2 , ⌧

(1)
2 , ⌧

(2)
2 , ⌧

(1)
3 , ⌧

(2)
3

5-body: ⌧
(0.5)
1 , ⌧

(1)
1 , ⌧

(2)
1 , ⌧

(0.5)
2 , ⌧

(1)
2 , ⌧

(2)
2 , ⌧

(0.5)
3 , ⌧

(1)
3 , ⌧

(2)
3 , ⌧

(1)
4 , ⌧

(2)
4

6-body: ⌧
(0.5)
1 , ⌧

(1)
1 , ⌧

(2)
1 , ⌧

(0.5)
2 , ⌧

(1)
2 , ⌧

(2)
2 , ⌧

(0.5)
3 , ⌧

(1)
3 , ⌧

(2)
3 , ⌧

(0.5)
4 , ⌧

(1)
4 , ⌧

(2)
4 , ⌧

(1)
5 , ⌧

(2)
5

Significant gains in discrimination power are observed by including observables sensitive to

higher-body phase space, until enough observables to specify at least 4-body phase space are

included. Including observables sensitive to 5- and 6-body phase space does not improve

discrimination power, and therefore suggests that there is only an extremely limited amount

of information in a jet useful for discrimination.

To see what information is necessary to accomplish the maximal discrimination power,

in Fig. 5 we plot the signal e�ciency versus background rejection rate for the collection of

N -subjettiness and energy correlation function ratios plotted earlier. For comparison, we

also include the corresponding curves for the jet mass, jet mass plus 3-body phase space

observables, and jet mass plus 4-body phase space observables. The discrimination power

of all of these observables are comparable, and this illustrates that they appear to capture

essentially all of the information contained in the 3-body phase space observables. Then, to

match the maximum discrimination power (as represented by the jet mass plus 4-body phase

space curve), one just needs to augment the measurement of jet mass and an N -subjettiness

or energy correlation function ratio with observables that are sensitive to 4-body phase space.

We leave the construction of the optimal 4-body phase space observables for this purpose to

future work.

As a cross check that our minimal basis of N -subjettiness observables listed above does

capture the maximal amount of information useful for discrimination, in Fig. 6, we compare

our minimal basis to an overcomplete basis of observables. Here, we measure the mass and the

following collection of N -subjettiness observables on the jet:
n

⌧
(0.25)
1 , ⌧

(0.5)
1 , ⌧

(1)
1 , ⌧

(2)
1 , ⌧

(4)
1 , ⌧

(0.25)
2 , ⌧

(0.5)
2 , ⌧

(1)
2 , ⌧

(2)
2 , ⌧

(4)
2 , ⌧

(0.25)
3 , ⌧

(0.5)
3 , ⌧

(1)
3 , ⌧

(2)
3 , ⌧

(4)
3 , (3.2)

⌧
(0.25)
4 , ⌧

(0.5)
4 , ⌧

(1)
4 , ⌧

(2)
4 , ⌧

(4)
4

o
.
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Figure 1: Z boson jet e�ciency vs. QCD jet rejection rate plot as generated by the deep neural

network. Details of the event simulation, jet finding, and machine learning are described in

Sec. 3. The di↵erent curves correspond to the mass plus collections of observables that uniquely

define M -body phase space. Discrimination power is seen to saturate when 4-body phase space

is resolved.

the M -body phase space observables to standard observables as a benchmark. We conclude in

Sec. 4. Additional details are in the appendices.

2 Observable Basis

In this section, we specify the basis of IRC safe observables that we use to identify structure in

the jet. For simplicity, we will exclusively use the N -subjettiness observables [24–26], however

this choice is not special. One could equivalently use the originally-defined N -point energy

correlation functions [27], or their generalization to di↵erent angular dependence [28]. Our

choice of using the N -subjettiness observbles in this analysis is mostly practical: the evaluation

time for the N -subjettiness observables is significantly less than for the energy correlation

functions. We also emphasize that the particular choice of observables below is to just ensure

that they actually span the phase space for emissions in a jet. There may be a more optimal

choice of a basis of observables, but optimization of the basis is beyond this paper.

The N -subjettiness observable ⌧
(�)
N is a measure of the radiation about N axes in the jet,

specified by an angular exponent � > 0:

⌧
(�)
N =

1

pTJ

X

i2Jet
pT i min

n
R

�
1i, R

�
2i, . . . , R

�
Ni

o
. (2.1)

In this expression, pTJ is the transverse momentum of the jet of interest, pT i is the transverse

momentum of particle i in the jet, and RKi, for K = 1, 2, . . . , N , is the angle in pseudorapidity

and azimuth between particle i and axis K in the jet. There are numerous possible choices for

the N axes in the jet; in our numerical implementation, we choose to define them according
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Novel Jet Observables from 
Machine Learning 
K Datta, A Larkoski  
arXiv:1710.01305

1. Construct a basis of observables that is sensitive to the phase space of particles in a jet.

Measure these basis observables on your signal and background samples.

2. Use machine learning techniques, such as neural networks, to identify the resolved M -

body phase space at which signal vs. background discrimination power saturates.

3. Construct a function of the phase space variables at which discrimination power saturates

which has tunable parameters. This function will be a new observable on the jets that

can be used individually for discrimination.

4. Fix the parameters in the new observable by demanding that it maximizes some discrim-

ination metric, such as the area under the signal vs. background e�ciency curve (ROC

curve).

This algorithm is simple enough that it can be automated with essentially no human input,

with a specified basis of observables to span M -body phase space and an appropriate functional

form for the observable. We will present and use a particular choice for the phase space basis

and functional form of the final observable in this paper, but these may need to be modified

and optimized for di↵erent studies.

For concreteness, here we apply the above approach to the problem of discriminating highly

boosted decays of the Standard Model Higgs boson to a pair of b-quarks from splittings of gluons

to b-quarks. We study identification of H ! bb̄ decays here as the signal and background jets

both have a two-prong substructure, and theoretically-optimized discrimination observables

have not been studied in great detail. Recently, Ref. [21] utilized jet substructure approaches

to propose a promising search strategy for this boosted decay mode of the Higgs, encouraging

the possibility of discovery in data from Run-II of the LHC. In order to further increase the

probability of discovery, it is necessary to explore new strategies to ensure sensitivity to the

specific features of this decay mode.

Using the organizing principle proposed in Ref. [19], if discrimination power saturates at

M -body phase space then the machine must be learning some function of the corresponding

3M � 4 phase space variables. To resolve the M -body phase space, we use the N -subjettiness

observables [22, 23], as employed in Ref. [19]. In the case of discrimination of boosted H ! bb̄

decays to g ! bb̄ splittings, we find that the discrimination power increases only slightly once

3-body phase space is resolved. Thus, we will only study the resolved 3-body phase space in

this paper. The function of the observable on 3-body phase space that we study is a simple

product form

�3 ⌘
⇣
⌧
(0.5)
1

⌘a⇣
⌧
(1)
1

⌘b⇣
⌧
(2)
1

⌘c⇣
⌧
(1)
2

⌘d⇣
⌧
(2)
2

⌘e
. (1.1)

Here, the ⌧
(�)
N are the N -subjettiness observables, 3-body phase space is 5 dimensional, and

the parameters a, b, c, d, e will be chosen to maximize discrimination power. We emphasize

that while this product form is simple, there may be a better choice for the form of function

on phase space.

We show in Fig. 1 the results of this analysis. We consider jets in simulation on which

no grooming has been applied and on which the modified mass-drop tagger (mMDT) [24, 25]

has been applied. We then measure the mass mJ of these ungroomed or groomed jets (as

appropriate) and make a cut of mJ 2 [100, 150] GeV, in the range of the Higgs peak. On these
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(a) (b)

Figure 3: Histograms for the values of exponents of the product observable. For ungroomed

(a) and groomed (b) jets exponent values in these histograms were accepted when the generated

AUCs for the binned signal and background likelihood distributions were above 0.81 and 0.73

respectively.

We apply this procedure to jets that have been groomed with mMDT and those that have

not. In the groomed case, due to the exclusion of soft emissions and contamination from initial

state radiation (ISR) or underlying event, it is relatively straightforward to extract a useful

physical understanding from the obtained functional form of the observable. In Fig. 3, we plot

the distributions of the exponents a, b, c, d and e with the requirement that the AUC for the

corresponding product observable is greater than 0.81 or 0.73, for ungroomed and groomed jets,

respectively. These distributions will enable us to extract the exponent values for which the

AUC is maximized for the binned likelihood distributions of the product observable measured

on signal and background.

By studying the histograms of the exponents one can make the following conclusions:

• For the ungroomed jets, AUC is maximized when c = 0, d = 0.5, e = �1 as the

distributions for these exponents are very narrow. Since the distributions for a and b are

both approximately uniform on [�5, 5], further interpretation is required.

• For the groomed jets, AUC is maximized when c = 0, d = �2, e = 2. Again, since a and

b are both approximately uniformly distributed over [�5, 5], further analysis is required

to determine their optimal values.

To determine the optimal values for a and b for both ungroomed and groomed jets, we work

to understand the correlation between the exponents.

To determine the correlation between the exponents a and b, we plot their joint probability

distribution with the same cuts on the resulting observables’ AUC. For both ungroomed and

groomed jets, this is shown in Fig. 4. These plots demonstrate a strong correlation between
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(a) (b)

Figure 4: Heat maps of the correlation between a and b exponents of the product observable

for ungroomed (a) and groomed (b) jets.

Figure 5: Variation of area under the ROC curve for the observable when the a exponent is

scanned over the range [�5, 5], keeping the c, d and e exponents fixed and varying b with a as

per Eq. (3.2).

these exponents, which to very good approximation is:

Ungroomed : a + b = 2 , Groomed : a + b = �2 . (3.2)

These relationships can be used to fix b, for example, as a function of exponent a. To determine

the optimal value of the exponent a, we then fix b, c, d, and e as earlier, and calculate the

AUC for a 2 [�5, 5]. The results of this scan are shown in Fig. 5 for ungroomed and groomed

jets. In particular, we note from the plot that AUC is maximized for the ungroomed case when

a = 2 and for the groomed case when a = �2. This implies that the exponent b = 0 for both

cases, using Eq. (3.2).
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(a) (b)

Figure 6: Distributions of the product observable for signal (red) and background (blue),

measured on the samples of ungroomed (a) and groomed (b) jets showered with Pythia, within

a mass cut of mJ 2 [100, 150] GeV.

Thus, the product observable takes on the following forms for the two kinds of jets:

Ungroomed : �3 =

⇣
⌧
(0.5)
1

⌘2 ⇣
⌧
(1)
2

⌘0.5

⌧
(2)
2

, Groomed : �
(g)
3 =

 
⌧
(2)
2

⌧
(0.5)
1 ⌧

(1)
2

!2

. (3.3)

Any monotonic function of the observable will produce the same discrimination power, and so

we can simplify the expression for the groomed product observable. For the optimal product

observable for groomed jets, we use the expression:

�
(g)
3 =

⌧
(2)
2

⌧
(0.5)
1 ⌧

(1)
2

. (3.4)

It is interesting to note that the optimal observables from this method are Sudakov safe [44, 45]

because they are formed from ratios of IRC safe observables.

3.2 Physical Interpretation

In Fig. 6, we plot the distribution of these new product observables measured on signal and

background jets showered in Pythia. This shows that these product observables on ungroomed

and groomed jets e↵ectively separate signal from background. Additionally, in Fig. 7, we mea-

sure these product observables determined from the Pythia signal and background samples on

the jets showered with Herwig. We observe a similar relative separation between the distri-

butions, although the absolute scale is di↵erent, in the Herwig samples suggesting that these

observables are sensitive to real physics, and not idiosyncrasies of the parton shower programs.

Especially for groomed jets, these simple forms for the product observables enable a nice

interpretation of the physics to which they are sensitive. In the case of ungroomed jets, there

are multiple sources of radiation (final state, initial state, underlying event, etc.) that makes

an interpretation a bit more challenging, so we won’t discuss it more here. When the jets are

– 9 –

Parametrise phase space

Find optimal exponents 
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Final variable

(a) (b)

Figure 7: Distributions of the product observable for signal (red) and background (blue),

measured on the samples of ungroomed (a) and groomed (b) jets showered with Herwig.

particle 1

particle 2

particle 3

z1

z2

1 � z1 � z2

✓12

✓23

✓13

Figure 8: Illustration of the momentum fraction and pairwise angle variables that describe

3-body phase space.

groomed with mMDT, however, contamination radiation from the initial state or underlying

event is dominantly removed, and so a picture of the jet exclusively with radiation from the

final state is accurate. In this case, the mMDT jet with resolved 3-body phase space consists

of the b and b̄ pair, and the dominant gluon emitted o↵ of them. The 3-body phase space

configuration is shown in Fig. 8, with transverse momentum fractions zi and pairwise angles

✓ij . In what follows, we will let particles 1 and 2 be the b and b̄, and particle 3 be the gluon.

Because we make a cut on the jet mass and there is no soft singularity for g ! bb̄ splitting,

we assume that the emitted gluon is relatively soft and/or collinear with respect to the b and

the b̄. With this assumption, then the value of ⌧
(0.5)
1 is completely determined by the b and b̄.

Then, the value of ⌧
(0.5)
1 is approximately

⌧
(0.5)
1 ' z((1 � z)✓12)

0.5 + (1 � z)(z✓12)
0.5 (3.5)

= (z(1 � z)✓212)
0.25

�
z
0.75(1 � z)0.25 + z

0.25(1 � z)0.75
�

.

Here, z is the transverse momentum fraction of the b quark subjet, for example. The com-
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(a) (b)

Figure 9: Signal e�ciency versus background rejection rate for N -subjettiness ratio ⌧
(2)
2,1 , N

(2)
2 ,

and D
(2)
2 , measured on ungroomed (a) and groomed (b) jets showered using Pythia, compared

to the discrimination power of the product observable �3 or �
(g)
3 . The discrimination power of

the product observable is comparable to that of the standard observables.

(a) (b)

Figure 10: Signal e�ciency versus background rejection rate for N -subjettiness ratio ⌧
(2)
2,1 ,

N
(2)
2 , and D

(2)
2 , measured on ungroomed (a) and groomed (b) jets showered using Herwig,

compared to the discrimination power of the product observable �3 or �
(g)
3 .
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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 M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 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

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, 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 f1 and f2 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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Figure 2. The AUC for the LLP and CWoLa methods as a function of the signal fraction f1, for
training sizes Ntrain of (a) 100 events, (b) 1k events, and (c) 10k events. Here, the complementary
signal fraction is f2 = 1� f1. By construction, the AUC for full supervision is independent of f1. The
horizontal dashed line indicates the fully-supervised AUC with infinite training statistics. For Ntrain

su�ciently large and f1 su�cient far from 0.5, all three methods converge to the optimal case.

on the number of training events and the signal fraction f1. The full supervision does not

depend on the signal composition of M1 and M2 as it is trained directly on labeled signal and

background examples. As expected, the performance is poor when the number of training
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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 M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 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

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, 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 f1 and f2 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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3

by subtracting the mean and dividing by the standard
deviation of each pixel as calculated from the training
set.

All instantiations and trainings of neural networks
were performed with the python deep learning library
Keras [50] with the TensorFlow [51] backend. A CNN
architecture similar to that employed in Ref. [17] was
used: three 32-filter convolutional layers with filter sizes
of 8⇥8, 4⇥4, and 4⇥4 followed by a 128-unit dense layer.
Maxpooling of size 2⇥2 was performed after each convo-
lutional layer with a stride length of 2. The dropout rate
was taken to be 0.1 for all layers. Keras VarianceScaling
initialization was used to initialize the weights of the
convolutional layers. Due to numerical precision issues
caused by the tendency of LLP to push outputs to 0
or 1, a softmax activation function was included as part
of the loss function rather than the model output layer.
Validation and test sets were used consisting each of 50k
equally mixed quark and gluon jet images. Training was
performed with the Adam algorithm [52] with a learning
rate of 0.001 and a validation performance patience of
10 epochs. Each network was trained 10 times and the
variation of the performance was used as a measure of
the uncertainty. Unless otherwise specified, the following
are used by default: Exponential Linear Unit (ELU) [53]
activation functions for all non-output layers, the CE loss
function for CWoLa, and the WCE loss function for LLP.

The performance of a binary classifier can be captured
by its receiver operating characteristic (ROC) curve. To
condense the classifier performance into a single number,
we use the area under the ROC curve (AUC). The AUC
is also the probability that the classifier correctly sorts a
randomly drawn signal and background event. Random
classifiers have AUC = 0.5 and perfect classifiers have
AUC = 1.0. We also confirmed that our conclusions are
unchanged when using the background mistag rate at
50% signal e�ciency as a performance metric instead.

As previously noted, the LLP paradigm works by
matching the predicted fraction of signal events to the
known fraction for multiple mixed samples. In Ref. [36],
the averaging took place over the entire mixed sample.
Averaging over the entire training set at once is e↵ec-
tively impossible for high-dimensional inputs such as jet
images because the graphics processing units (GPUs)
that are needed to train the CNNs in a reasonable
amount of time typically do not have enough memory
to hold the entire training set at one time. Hence, the
ability to train with batches is highly desirable for using
LLP with high-dimensional inputs.

There are many tradeo↵s inherent with choosing the
LLP batch size. Smaller batch sizes are susceptible to
shot noise in the sense that the actual signal fraction
on that batch may di↵er significantly from the fraction
for the entire mixed sample, an e↵ect which decreases
as the batch size increases. Smaller batch sizes result
in longer training times per epoch (because the full
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FIG. 1. The AUC and training time of CWoLa (solid) and
LLP (dashed) as the batch size is varied. Training times are
measured on an NVIDIA Tesla K80 GPU using CUDA 8.0,
TensorFlow 1.4.1, and Keras 2.1.2.

parallelization capabilities of the GPU cannot be used)
but often require fewer epochs to train. Larger batch
sizes have shorter training times per epoch but typically
require more epochs to train. For CWoLa, the batch
size plays the same role as in full supervision, with
the performance being largely insensitive to it but the
total training time varying slightly. These tradeo↵s are
captured in Fig. 1, which shows both the performance
and training time for CWoLa and LLP models as the
batch size is swept in powers of two from 64 to 16384,
trained on two mixtures with f1 = 0.2 and f2 = 0.8.
The expected independence of CWoLa performance and
the degradation of LLP performance for low batch sizes
can clearly be seen. The training time curves are concave
with optimum batch sizes toward the middle of the swept
region. Based on this figure, we choose default batch sizes
of 4000 for LLP and 400 for CWoLa.

In order to explore a slightly more realistic scenario
than artificially mixing samples from the same dis-
tribution of quarks and gluons, we generate Z + jet
and dijet events with the same generation parameters
and cuts as described previously. These “naturally”
mixed samples have quark fractions fZ+jet = 0.88 and
fdijets = 0.37. The signal and background fractions have
been systematically explored for these and many other
processes in Ref. [54]. As indicated by Table II, there is
no significant di↵erence in performance on the naturally
mixed or artificially mixed samples. Hence, artificially
mixed samples are used in the rest of this study in order
to evaluate weak supervision performance at di↵erent
quark purities.

Fig. 2 compares CWoLa and LLP performance for
various quark/gluon purities as a function of the number

2

gluon jet tagging, where the dimensionality of the inputs
is O(1000) and simulation mis-modeling issues are a
challenge [26, 39–43]. We find that CWoLa more robustly
generalizes to learning with high-dimensional inputs than
LLP, with the latter requiring careful engineering choices
to achieve comparable performance. Though we use
a particle physics problem as an example, the lessons
about learning from data using mixtures of signal and
background are applicable more broadly.

We begin by establishing some notation and formulat-
ing the problem. Let x represent a vector of observables
(features) useful for discriminating two classes we call
signal (S) and background (B). For example, x might be
the momenta of observed particles, calorimeter energy
deposits, or a complete set of observables [7, 8]. In fully
supervised learning, each training sample is assigned a
truth label such as 1 for signal and 0 for background.
Then the fully supervised model is trained to predict the
correct labels for each training example by minimizing
a loss function. For a su�ciently large training set,
an appropriate model parameterization, and a suitable
minimization procedure, the learned model should ap-
proach the optimal classifier defined by thresholding the
likelihood ratio.

Data collected from a real detector do not come with
signal/background labels. Instead, one typically has two
or more mixtures Ma of signal and background with
di↵erent signal fractions fa, such that the distribution
of the features, pMa(x), is given by:

pMa(x) = fa pS(x) + (1 � fa) pB(x), (1)

where pS and pB are the signal and background distri-
butions, respectively. Weak supervision assumes sample
independence, that Eq. 1 holds with the same distribu-
tions pS(x) and pB(x) for all mixtures. Although in most
situations sample independence does not hold perfectly
(see e.g. Ref. [44]), it is often a very good approximation
(cf. Table II below).

LLP uses any fully supervised classification method
and modifies the loss function to globally match the sig-
nal fraction predicted by the model on a batch of training
samples to the known truth fractions fa. Breaking the
training set into batches, normally done to parallelize
training, takes on a new significance with LLP since the
loss function is evaluated globally on each batch. The
batch size, which for LLP we define as the number of
samples drawn from each mixture during one update of
the model, is a critical hyperparameter of LLP.

The loss functions we use for LLP are slightly dif-
ferent from those in Ref. [36]. Analogous to the mean
squared error (MSE) loss function for fully supervised (or
CWoLa) training, we introduce the weak MSE (WMSE)
loss for the LLP framework:

`WMSE =
X

a

 
fa �

1

N

NX

i=1

h(xi)

!2

, (2)

Property LLP CWoLa

No need for fully-labeled samples 3 3
Compatible with any trainable model 3 3
No training modifications needed 7 3
Training does not need fractions 7 3
Smooth limit to full supervision 7 3
Works for > 2 mixed samples 3 ?

TABLE I. The essential pros (3), cons (7), and open questions
(?) of the CWoLa and LLP weak supervision paradigms.

where N is the batch size, a indexes the mixed samples,
and h is the model. Analogous to the crossentropy, we
also introduce the weak cross entropy (WCE) loss:

`WCE =
X

a

CE

 
fa,

1

N

NX

i=1

h(xi)

!
, (3)

where CE(a, b) = �a log b�(1�a) log(1�b). One caveat
we discovered while exploring LLP is that the range of
h(x) must be restricted to [0, 1], otherwise the model falls
into trivial minima of the loss function. We also observe
the e↵ect of model outputs becoming e↵ectively binary at
0 and 1, necessitating additional care to avoid numerical
precision issues.

CWoLa works without requiring the fractions fa to
be known for training (the fractions on smaller test sets
can be used to calibrate the classifier operating points).
It acts on two mixtures, treating one as signal and the
other as background. CWoLa uses any fully supervised
classification method to distinguish the “signal” mixture
from the “background” mixture. Amazingly, a classifier
trained in this way asymptotically (as the number of
training samples goes to infinity) results in the same
classifier as if the samples were pure [37, 45, 46]. The
CWoLa framework has the nice property that as the
samples approach complete purity (f1 ! 0, f2 ! 1)
it smoothly approaches the fully supervised paradigm.
CWoLa presently only works with two mixtures; if more
than two are available they can be pooled in some way
at the cost of diluting their purity. Table I summarizes
some di↵erences between CWoLa and LLP.

To explore weak supervision methods with high-
dimensional inputs, we simulate Z + q/g events at

p
s =

13 TeV using Pythia 8.226 [47] and create artificially
mixed samples with various quark (signal) fractions.
Jets with transverse momentum p

jet
T 2 [250, 275] GeV

and rapidity |y|  2.0 are obtained from final-state,
non-neutrino particles clustered using the anti-kt algo-
rithm [48] with radius R = 0.4 implemented in FastJet
3.3.0 [49]. Single-channel, 33⇥33 jet images [2, 3, 17] are
constructed from a patch of the pseudorapidity-azimuth
plane of size 0.8 ⇥ 0.8 centered on the jet, treating the
particle pT values as pixel intensities. The images are
normalized so the sum of the pixels is 1 and standardized
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ing the problem. Let x represent a vector of observables
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the momenta of observed particles, calorimeter energy
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proach the optimal classifier defined by thresholding the
likelihood ratio.
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squared error (MSE) loss function for fully supervised (or
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Property LLP CWoLa

No need for fully-labeled samples 3 3
Compatible with any trainable model 3 3
No training modifications needed 7 3
Training does not need fractions 7 3
Smooth limit to full supervision 7 3
Works for > 2 mixed samples 3 ?

TABLE I. The essential pros (3), cons (7), and open questions
(?) of the CWoLa and LLP weak supervision paradigms.
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into trivial minima of the loss function. We also observe
the e↵ect of model outputs becoming e↵ectively binary at
0 and 1, necessitating additional care to avoid numerical
precision issues.

CWoLa works without requiring the fractions fa to
be known for training (the fractions on smaller test sets
can be used to calibrate the classifier operating points).
It acts on two mixtures, treating one as signal and the
other as background. CWoLa uses any fully supervised
classification method to distinguish the “signal” mixture
from the “background” mixture. Amazingly, a classifier
trained in this way asymptotically (as the number of
training samples goes to infinity) results in the same
classifier as if the samples were pure [37, 45, 46]. The
CWoLa framework has the nice property that as the
samples approach complete purity (f1 ! 0, f2 ! 1)
it smoothly approaches the fully supervised paradigm.
CWoLa presently only works with two mixtures; if more
than two are available they can be pooled in some way
at the cost of diluting their purity. Table I summarizes
some di↵erences between CWoLa and LLP.

To explore weak supervision methods with high-
dimensional inputs, we simulate Z + q/g events at
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s =

13 TeV using Pythia 8.226 [47] and create artificially
mixed samples with various quark (signal) fractions.
Jets with transverse momentum p

jet
T 2 [250, 275] GeV

and rapidity |y|  2.0 are obtained from final-state,
non-neutrino particles clustered using the anti-kt algo-
rithm [48] with radius R = 0.4 implemented in FastJet
3.3.0 [49]. Single-channel, 33⇥33 jet images [2, 3, 17] are
constructed from a patch of the pseudorapidity-azimuth
plane of size 0.8 ⇥ 0.8 centered on the jet, treating the
particle pT values as pixel intensities. The images are
normalized so the sum of the pixels is 1 and standardized



Generative Networks



Generative Adverserial

• Two player min-max game:

Generative Adversarial Networks
IJ Goodfellow et al  
1406.2661  
Image: B. Amos 
Progressive Growing of GANs for  
Improved Quality, Stability, and Variation
T Karras et al, 1710.10196



Also known as information gain 
Amount of information gained when P is used instead of Q

 82

Divergences

A measure for the difference of probability distributions:

deeplearningbook.org

Kullback-Leibler

Jensen-Shannon

http://deeplearningbook.org


What does a GAN do?

Generative Adversarial Networks
IJ Goodfellow et al  
1406.2661

Optimal D and G minimise Jensen-Shannon 
divergence between data and generator
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Locally connected layers 
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(CNN is then a special 
case with weight sharing)

Generation of 3D EM 
Showers
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10Modern Deep NN’s for Generation
Generative Adversarial Networks (GAN):  
A two-network game where one maps noise to images 
and one classifies images as fake or real.

{real,fake}

G
D

DPythia

GAN

noise

When D is maximally 
confused, G will be 
a good generator

LAGAN

• Generate: Electron, Photon, Pion

• Energy: 1..100 GeV (uniform)

• 3 Layer, LAr Calorimeter, Geant4
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16Generator Network for CaloGAN
One ‘jet image’ 
per calo layer

One network per particle type; 
input particle energy

ReLU to 
encourage 

sparsity

use layer i as 
input to layer i+1
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18Average Images
Geant4

CaloGAN
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19Energy per layer

N.B. can always add these (and 
others) explicitly to the training

Pions deposit much less energy 
in the first layers; leave the 

calorimeter with significant energy  
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20Timing

Generation Method Hardware Batch Size milliseconds/shower

GEANT4 CPU N/A 1772

1 13.1

10 5.11

128 2.19
CPU

1024 2.03

1 14.5

4 3.68

128 0.021

512 0.014

CALOGAN

GPU

1024 0.012

Table 2: Total expected time (in milliseconds) required to generate a single shower under

various algorithm-hardware combinations.
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GAN Problems
• GANs optimises the Jensen-Shannon divergence

• Typical problems when training GANs:

• Stability of learning

• Mode collapse

• Low dimensional support

Player 1: Change x to minimise x*y  
Player 2: Change y to maximise x*y

lilianweng 
Wasserstein GAN, M Arjovsky, S 
Chintala, L Bottou, 1701.07875



Wasserstein Distance

• Earth mover’s distance

• Metric compares two probability distributions

lilianweng.github.io Distance between x and y

How much to move from x to y



Wasserstein GAN

Equivalent formulation, according to Kantorovich-Rubinstein duality

Lipschitz continuity

 Encode using neural networks

Wasserstein GAN, M Arjovsky, S Chintala, L 
Bottou, 1701.07875  
Improved Training of Wasserstein GANs
I Gulrajani et al, 1704.00028  
Generating and refining particle detector 
simulations using the Wasserstein distance in 
adversarial networks M Erdmann et al, 
1802.03325

Ensure continuity



WGAN

Simulation of cosmic air-showers captured by  
Cherenkov detector. Use to improve energy reconstruction! Generating and refining particle detector simulations 

using the Wasserstein distance in adversarial networks 
M Erdmann et al, 1802.03325



Autoencoder

• Self-supervised learning

• Bottleneck with compressed representation

• Dimension reduction

• Denoising

• Regularizers

f(x) g(f(x))

L = (ŷ � g(f(x)))2

kvfrans
deeplearningbook.org Latent space

http://deeplearningbook.org

