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Top Tagging
• Identify hadronically decaying top quarks from QCD jets

• Mainly used for new physics searches & SM analyses

• pT large enough so that the top quark is contained in one jet 
(boosted topology)

• Many QCD inspired variables available

• jet mass = top mass

• also find W mass inside jet

• n-subjettiness (3-prong structure of the top)

• →Top tagging is a well understood problem to gain an understanding 
of what DNNs learn
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Image Based Top Tagging
Deep-learning Top Taggers or The End of QCD?  
GK, T Plehn, M Russell, T Schell  
JHEP 05 (2017) 006
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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,
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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,
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Origins:
Jet-Images: Computer Vision Inspired Techniques for Jet Tagging
J Cogan, M Kagan, E Strauss, A Schwartzman
arXiv:1407.5675
Jet-Images -- Deep Learning Edition
Ld Oliveira, M Kagan, L Mackey, B Nachman, A Schwartzman
JHEP 1607 069 4



Technical interlude
• 14 TeV hadronic ttbar vs QCD, both simulated with Pythia 8

• Delphes 3 detector simulation

• Cluster with Anti-kT(R=1.5), recluster with Cambridge/Aachen 
(R=1.5)

• Jet pT: 350..450 GeV, |eta| < 1.0

• Signal is truth matched to top within Delta R < 1.2

• Samples (signal+background):

• 150k+150k for training

• 150k+150k for checks during training

• 300k+300k for final test
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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 n

c-size

⇥ n

c-size

. The global number of kernels of corresponding feature maps
is given by n

c-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 n

d-layer

fully connected
layers and n

d-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
n

c-block

1,2,3,4 2
n

c-layer

2,3,4,5 2
n

c-kernel

6,8,10 8
n

c-size

2,4,6,8 4
n

d-layer

2,3,4 3
n

d-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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Performance
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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 R

0

. 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 ⌧

sd

j 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
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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,
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SoftDrop + n-subjettiness:

MotherOfTaggers:
• Train a BDT on a set of  

standard tagging variables
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Technical Interlude II
• Training done on Piz Daint nodes equipped with Nvidia Tesla P100 GPUs at CSCS

• Also worked with Amazon cloud Nvidia Tesla K80  
(very easy and convenient, but they want money!)

• Network trains in O(some hours)

• Depends on N(events), network architecture, learning parameters. Can probably optimize 
a bit

• Use

• Keras with Theano back-end for DNN

• scikit-learn for BDT

• NumPy and Pandas for processing & storage
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Beyond Images
Deep-learned Top Tagging from Lorentz Invariance  
A Butter, GK, T Plehn, M Russell  
arXiv: 1707.08966
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Motivation
• Jet Images

• straight-forward encoding of spatial relation

• potential loss of information from pixelation

• problem of sparse images

• difficult to add more information* (tracking)

• Recursive networks**

• can work directly with particles

• need to learn relation between four-vectors

Let’s create a neural network 
architecture designed for 

particle physics!

**QCD-Aware Recursive Neural Networks  
for Jet Physics
G Louppe, K Cho, C Becot, K Cranmer
arXiv:1702.00748

*Deep learning in color: towards automated  
 quark/gluon jet discrimination
PT Komiske, EM Metodiev, MD Schwartz
JHEP 1701
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Approach

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

1Institut für Theoretische Physik, Universität Heidelberg, Germany
2Institute for Particle Physics, ETH Zürich, Switzerland

3School of Physics and Astronomy, University of Glasgow, Scotland

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@

k
0,1 k

0,2 · · · k
0,N

k
1,1 k

1,2 · · · k
1,N

k
2,1 k

2,2 · · · k
2,N

k
3,1 k

3,2 · · · k
3,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?

k
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N

p
x,0 p

x,1 . . . p
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p
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z,N

1
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Fully connected layers for final output
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CoLa
• Goal:  Allow network to reconstruct substructure axes 

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

• (M - (N)) x N trainable weights

Deep-learned Top Tagging from Lorentz Invariance

Anja Butter,1 Gregor Kasieczka,2 Tilman Plehn,1 and Michael Russell3

1Institut für Theoretische Physik, Universität Heidelberg, Germany
2Institute for Particle Physics, ETH Zürich, Switzerland

3School of Physics and Astronomy, University of Glasgow, Scotland

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
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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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Figure 2. Number of constituents (left) and mean of the transverse momentum (right) of the ranked constituents available as
4-vectors in Eq.(1). We show 4-vectors for the top signal from calorimeter cells or jet images (dashed) and from calorimeter
and tracker information combined through particle flow (solid).

matrix Cij , defining our Combination Layer

kµ,i
CoLa�! ekµ,j = kµ,i Cij . (2)

It returns M 4-vectors k̃j , so i = 1 ... N and j = 1 ... M .
From many top tagging tests we known that an e�cient
tagger needs to find the mass drops associated with the
top decay and the W decay. For illustration purposes,
we look at the two corresponding on-shell conditions in
our framework,

k̃2µ,1 = (kµ,1 + kµ,2 + kµ,3)
2 = m2

t

k̃2µ,2 = (kµ,1 + kµ,2)
2 = m2

W . (3)

They correspond to non-zero entries

C
11

= C
21
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31

and C
12

= C
22

. (4)

In general, the CoLa matrix in our neural network has
the trainable form
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It guarantees that the set of M 4-momenta k̃j includes

1. each original momentum ki;

2. a trainable set of M �N linear combinations.

These k̃j will be analyzed by a DNN. While one could use
advanced pre-processing beyond some kind of ordering of
the input 4-momenta, our earlier study [20] suggests that
this is not necessary. For our numerical study we vary
N according to physics scenario. We use 15 trainable

combinations, or M = 15 + N , where we have checked
that changing M has no e↵ect.

Lorentz Layer — from fundamental theory we know
that the relevant distance measure between two substruc-
ture objects is the Minkowski metric. We use it to con-
struct a weight function which makes it easier for the
DNN to learn the underlying features.⇤ The Lorentz
layer as the second part of the DNN first transforms the
M 4-vectors k̃j into the same number of measurement-

motivated objects k̂j ,

k̃j
LoLa�! k̂j =

0

BBB@

m2(k̃j)
pT (k̃j)

w(E)

jm E(k̃m)

w(d)
jm d2jm

1

CCCA
. (6)

The first two k̂j entries in Eq.(6) map individual k̃j onto
their invariant mass and transverse momentum. The
invariant mass entry corresponds so the illustration in
Eq.(4). The third and fourth entries combine all k̃m with

a fixed k̃j , including a trainable vector of weights w(E,d)
jm

with m = 1 ... M for each value of j. The internal in-
dex m we can either sum over or minimize over, always
keeping the external index j fixed. For the third entry
we choose the sum and only one copy. For the last entry
we include four copies, two sums and two minima, with
independently trainable weights. We have checked that
neither the exact composition of the k̂j nor the number of
entries in Eq.(6) have an e↵ect on the performance of our

⇤
We are grateful to Johann Brehmer for pointing out that this

approach limits us to fat jets far from black holes.
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LoLa
• Transforms M Lorentz-vectors into M vectors with P components
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Figure 2. Number of constituents (left) and mean of the transverse momentum (right) of the ranked constituents available as
4-vectors in Eq.(1). We show 4-vectors for the top signal from calorimeter cells or jet images (dashed) and from calorimeter
and tracker information combined through particle flow (solid).

matrix Cij , defining our Combination Layer

kµ,i
CoLa�! ekµ,j = kµ,i Cij . (2)

It returns M 4-vectors k̃j , so i = 1 ... N and j = 1 ... M .
From many top tagging tests we known that an e�cient
tagger needs to find the mass drops associated with the
top decay and the W decay. For illustration purposes,
we look at the two corresponding on-shell conditions in
our framework,

k̃2µ,1 = (kµ,1 + kµ,2 + kµ,3)
2 = m2

t

k̃2µ,2 = (kµ,1 + kµ,2)
2 = m2

W . (3)

They correspond to non-zero entries
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In general, the CoLa matrix in our neural network has
the trainable form
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It guarantees that the set of M 4-momenta k̃j includes

1. each original momentum ki;

2. a trainable set of M �N linear combinations.

These k̃j will be analyzed by a DNN. While one could use
advanced pre-processing beyond some kind of ordering of
the input 4-momenta, our earlier study [20] suggests that
this is not necessary. For our numerical study we vary
N according to physics scenario. We use 15 trainable

combinations, or M = 15 + N , where we have checked
that changing M has no e↵ect.

Lorentz Layer — from fundamental theory we know
that the relevant distance measure between two substruc-
ture objects is the Minkowski metric. We use it to con-
struct a weight function which makes it easier for the
DNN to learn the underlying features.⇤ The Lorentz
layer as the second part of the DNN first transforms the
M 4-vectors k̃j into the same number of measurement-

motivated objects k̂j ,

k̃j
LoLa�! k̂j =

0
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The first two k̂j entries in Eq.(6) map individual k̃j onto
their invariant mass and transverse momentum. The
invariant mass entry corresponds so the illustration in
Eq.(4). The third and fourth entries combine all k̃m with

a fixed k̃j , including a trainable vector of weights w(E,d)
jm

with m = 1 ... M for each value of j. The internal in-
dex m we can either sum over or minimize over, always
keeping the external index j fixed. For the third entry
we choose the sum and only one copy. For the last entry
we include four copies, two sums and two minima, with
independently trainable weights. We have checked that
neither the exact composition of the k̂j nor the number of
entries in Eq.(6) have an e↵ect on the performance of our

⇤
We are grateful to Johann Brehmer for pointing out that this

approach limits us to fat jets far from black holes.
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tagger. What is important is that we combine the invari-
ant mass with an energy or transverse momentum and
include the trainable weights. The first and last entries
in Eq.(6) explicitly use the Minkowski distance,

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

The LoLa objects k̂j are the input of the DNN. One can
think of them as a rotation in the observable space, mak-
ing the relevant information more accessible to the neu-
ral network, so the LoLa should be loss-less, provided
the truncation in the number of input 4-vectors and the
selection in Eq.(6) is carefully tested. Finally, the com-
bined set of trainable weights in Eq.(5) and in Eq.(6) is
large and can most likely be reduced for a given applica-
tion. To maintain the general structure of our approach
we decide to not apply this optimization.

Performance — to compare the DeepTopLoLa tag-
ger to established top taggers we simulate a hadronic tt̄
sample and a QCD di-jet sample with Pythia8.2.15 [26]
for the 14 TeV LHC [27]. We ignore multi-parton inter-
actions and in particular pile-up, which can eventually
be removed [28]. Moreover, we assume that our top tag-
ger can be trained on a pure sample of lepton-hadron top
pair events with an identified leptonic top decay.

All events are passed through the fast detector sim-
ulation Delphes3.3.2 [29], with calorimeter towers of
size �⌘ ⇥ �� = 0.1 ⇥ 5� and an energy threshold of
1 GeV. We cluster these towers with FastJet3.1.3 [30]
to anti-kT [31] jets with R = 1.5. This defines a smooth
outer shape and a jet area of the fat jet. 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. 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 even-
tually include tracking 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
N = 10 ... 60 and find the using the leading N = 40
calorimeter constituents completely saturates the tag-
ging 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

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.

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, 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 com-
pare our DeepTopLoLa tagger to earlier benchmarks
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]. The QCD-inspired
MotherOfTaggers consists of a boosted decision tree
which includes a large, relatively well-understood set of
observables, which can be linked to a systematic ap-
proach to including sub-jet correlations [34]. It includes
the HEPTopTagger mass drop algorithm [7] with an
optimal choice of jet size [9], di↵erent jet masses including

†
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.

Four copies:
2 sums over m  
2 minima over m
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Technical Interlude III
• Layers implemented in Python using Keras backend and raw 

Theano functions

• Simple fully connected network after LoLa:

• Two fully connected layers with 100/50 nodes

• Approximately 200k signal and 200k background events for 
training

• Trained with Adam optimiser (learning rate: 0.001)

• Categorical cross entropy loss function
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Does it work?3

tagger. What is important is that we combine the invari-
ant mass with an energy or transverse momentum and
include the trainable weights. The first and last entries
in Eq.(6) explicitly use the Minkowski distance,

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

The LoLa objects k̂j are the input of the DNN. One can
think of them as a rotation in the observable space, mak-
ing the relevant information more accessible to the neu-
ral network, so the LoLa should be loss-less, provided
the truncation in the number of input 4-vectors and the
selection in Eq.(6) is carefully tested. Finally, the com-
bined set of trainable weights in Eq.(5) and in Eq.(6) is
large and can most likely be reduced for a given applica-
tion. To maintain the general structure of our approach
we decide to not apply this optimization.

Performance — to compare the DeepTopLoLa tag-
ger to established top taggers we simulate a hadronic tt̄
sample and a QCD di-jet sample with Pythia8.2.15 [26]
for the 14 TeV LHC [27]. We ignore multi-parton inter-
actions and in particular pile-up, which can eventually
be removed [28]. Moreover, we assume that our top tag-
ger can be trained on a pure sample of lepton-hadron top
pair events with an identified leptonic top decay.

All events are passed through the fast detector sim-
ulation Delphes3.3.2 [29], with calorimeter towers of
size �⌘ ⇥ �� = 0.1 ⇥ 5� and an energy threshold of
1 GeV. We cluster these towers with FastJet3.1.3 [30]
to anti-kT [31] jets with R = 1.5. This defines a smooth
outer shape and a jet area of the fat jet. 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. 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 even-
tually include tracking 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
N = 10 ... 60 and find the using the leading N = 40
calorimeter constituents completely saturates the tag-
ging 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

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.

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, 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 com-
pare our DeepTopLoLa tagger to earlier benchmarks
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]. The QCD-inspired
MotherOfTaggers consists of a boosted decision tree
which includes a large, relatively well-understood set of
observables, which can be linked to a systematic ap-
proach to including sub-jet correlations [34]. It includes
the HEPTopTagger mass drop algorithm [7] with an
optimal choice of jet size [9], di↵erent jet masses including

†
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.

At low pT:  
Comparable to image approach
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Resolution?

At high pT:  
Clear gain from ability to use PF  

with tracking precision

4

SoftDrop [35], as well as N-subjettiness [36]. As long as
we only include calorimeter information we cannot expect
the new method to significantly improve over these two
approaches. On the other hand, the number of weights
(inputs) of the LoLa-based DNN are lower by a factor of
three to eight (ten to twenty) than what is used by the the
reference convolutional network. The proposed architec-
ture is simpler, more flexible and physics-motivated but
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 and to test what kind of structures drive the
network output, we turn the problem around and ask
the question if the Minkowski metric is really the feature
distinguishing 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. After applying
a global normalization we 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 [34]
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
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

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.

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 implies
that we could include more particle flow objects than
calorimeter objects in Eq.(1). Again, we use N = 40 and
confirm that an increase to N = 60 has no measurable
e↵ect on the 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 [37]. For a fixed signal e�ciency the back-
ground rejection including particle flow increases by a
factor of two to three.

low pT: 350-450 GeV 
high pT:  1300-1400 GeV
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Which Information?

# Constituents
Particle 

Flow
AOC

Calo 
Tower 
AOC

10 0.9193(2) 0.9254(14)
20 0.9303(5) 0.9303(6)
30 0.9307(35) 0.9312(3)
40 0.9340(1) 0.9321(2)
50 0.9342(4) 0.9310(4)
60 0.9336(5) 0.9316(5)

(Low pT)
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Figure 2. Number of constituents (left) and mean of the transverse momentum (right) of the ranked constituents available as
4-vectors in Eq.(1). We show 4-vectors for the top signal from calorimeter cells or jet images (dashed) and from calorimeter
and tracker information combined through particle flow (solid).

matrix Cij , defining our Combination Layer

kµ,i
CoLa�! ekµ,j = kµ,i Cij . (2)

It returns M 4-vectors k̃j , so i = 1 ... N and j = 1 ... M .
From many top tagging tests we known that an e�cient
tagger needs to find the mass drops associated with the
top decay and the W decay. For illustration purposes,
we look at the two corresponding on-shell conditions in
our framework,

k̃2µ,1 = (kµ,1 + kµ,2 + kµ,3)
2 = m2

t

k̃2µ,2 = (kµ,1 + kµ,2)
2 = m2

W . (3)

They correspond to non-zero entries

C
11

= C
21

= C
31

and C
12

= C
22

. (4)

In general, the CoLa matrix in our neural network has
the trainable form

C =

0

BB@
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0 1
... C
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It guarantees that the set of M 4-momenta k̃j includes

1. each original momentum ki;

2. a trainable set of M �N linear combinations.

These k̃j will be analyzed by a DNN. While one could use
advanced pre-processing beyond some kind of ordering of
the input 4-momenta, our earlier study [20] suggests that
this is not necessary. For our numerical study we vary
N according to physics scenario. We use 15 trainable

combinations, or M = 15 + N , where we have checked
that changing M has no e↵ect.

Lorentz Layer — from fundamental theory we know
that the relevant distance measure between two substruc-
ture objects is the Minkowski metric. We use it to con-
struct a weight function which makes it easier for the
DNN to learn the underlying features.⇤ The Lorentz
layer as the second part of the DNN first transforms the
M 4-vectors k̃j into the same number of measurement-

motivated objects k̂j ,

k̃j
LoLa�! k̂j =

0

BBB@

m2(k̃j)
pT (k̃j)

w(E)

jm E(k̃m)

w(d)
jm d2jm

1

CCCA
. (6)

The first two k̂j entries in Eq.(6) map individual k̃j onto
their invariant mass and transverse momentum. The
invariant mass entry corresponds so the illustration in
Eq.(4). The third and fourth entries combine all k̃m with

a fixed k̃j , including a trainable vector of weights w(E,d)
jm

with m = 1 ... M for each value of j. The internal in-
dex m we can either sum over or minimize over, always
keeping the external index j fixed. For the third entry
we choose the sum and only one copy. For the last entry
we include four copies, two sums and two minima, with
independently trainable weights. We have checked that
neither the exact composition of the k̂j nor the number of
entries in Eq.(6) have an e↵ect on the performance of our

⇤
We are grateful to Johann Brehmer for pointing out that this

approach limits us to fat jets far from black holes.
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Learning the metric
• LoLa uses Minkowski metric

• Can make trainable with the Ansatz:

• Result:

• We learn a +/- signature:

• Difference between time and space-like coordinates 
understood!

• We learn similar absolute values:  
(overall normalisation does not matter)

• Isotropy of space!

diag(�1, 1, 1, 1) ! diag(K,L,M,N)

4

SoftDrop [35], as well as N-subjettiness [36]. As long as
we only include calorimeter information we cannot expect
the new method to significantly improve over these two
approaches. On the other hand, the number of weights
(inputs) of the LoLa-based DNN are lower by a factor of
three to eight (ten to twenty) than what is used by the the
reference convolutional network. The proposed architec-
ture is simpler, more flexible and physics-motivated but
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 and to test what kind of structures drive the
network output, we turn the problem around and ask
the question if the Minkowski metric is really the feature
distinguishing 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. After applying
a global normalization we 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 [34]
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
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

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.

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 implies
that we could include more particle flow objects than
calorimeter objects in Eq.(1). Again, we use N = 40 and
confirm that an increase to N = 60 has no measurable
e↵ect on the 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 [37]. For a fixed signal e�ciency the back-
ground rejection including particle flow increases by a
factor of two to three.
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Where is the 
information?

• Replace pT ordering with random order:

• 0.5% worse AOC

• Only mass

• 24% worse AOC

• Only first three rows

• 1.6% worse AOC

• Only last row

• 2 sum, 2min: 0.3% worse AOC 

• 1 sum: 1.2% worse AOC
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Figure 2. Number of constituents (left) and mean of the transverse momentum (right) of the ranked constituents available as
4-vectors in Eq.(1). We show 4-vectors for the top signal from calorimeter cells or jet images (dashed) and from calorimeter
and tracker information combined through particle flow (solid).

matrix Cij , defining our Combination Layer

kµ,i
CoLa�! ekµ,j = kµ,i Cij . (2)

It returns M 4-vectors k̃j , so i = 1 ... N and j = 1 ... M .
From many top tagging tests we known that an e�cient
tagger needs to find the mass drops associated with the
top decay and the W decay. For illustration purposes,
we look at the two corresponding on-shell conditions in
our framework,

k̃2µ,1 = (kµ,1 + kµ,2 + kµ,3)
2 = m2

t

k̃2µ,2 = (kµ,1 + kµ,2)
2 = m2

W . (3)

They correspond to non-zero entries

C
11

= C
21

= C
31

and C
12

= C
22

. (4)

In general, the CoLa matrix in our neural network has
the trainable form

C =

0

BB@

1 0 · · · 0 C
1,N+2

· · · C
1,M

0 1
... C

2,N+2

· · · C
2,M...

...
. . . 0

...
...

0 0 · · · 1 CN,N+2

· · · CN,M

1

CCA . (5)

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

1. each original momentum ki;

2. a trainable set of M �N linear combinations.

These k̃j will be analyzed by a DNN. While one could use
advanced pre-processing beyond some kind of ordering of
the input 4-momenta, our earlier study [20] suggests that
this is not necessary. For our numerical study we vary
N according to physics scenario. We use 15 trainable

combinations, or M = 15 + N , where we have checked
that changing M has no e↵ect.

Lorentz Layer — from fundamental theory we know
that the relevant distance measure between two substruc-
ture objects is the Minkowski metric. We use it to con-
struct a weight function which makes it easier for the
DNN to learn the underlying features.⇤ The Lorentz
layer as the second part of the DNN first transforms the
M 4-vectors k̃j into the same number of measurement-

motivated objects k̂j ,

k̃j
LoLa�! k̂j =

0

BBB@

m2(k̃j)
pT (k̃j)

w(E)

jm E(k̃m)

w(d)
jm d2jm

1

CCCA
. (6)

The first two k̂j entries in Eq.(6) map individual k̃j onto
their invariant mass and transverse momentum. The
invariant mass entry corresponds so the illustration in
Eq.(4). The third and fourth entries combine all k̃m with

a fixed k̃j , including a trainable vector of weights w(E,d)
jm

with m = 1 ... M for each value of j. The internal in-
dex m we can either sum over or minimize over, always
keeping the external index j fixed. For the third entry
we choose the sum and only one copy. For the last entry
we include four copies, two sums and two minima, with
independently trainable weights. We have checked that
neither the exact composition of the k̂j nor the number of
entries in Eq.(6) have an e↵ect on the performance of our

⇤
We are grateful to Johann Brehmer for pointing out that this

approach limits us to fat jets far from black holes.
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Vertex information successfully 
included in LoLa architecture
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Caveat: 
Result with Delphes vertex information for tracks.  

Need to get a realistic resolution
20



• Wide range of architectures used for top tagging:

• Fully connected networks

• Image recognition

• Natural language processing

• Physics based

• Hybrid

• We should do a detailed comparison study on the same events to see what is 
learned where

• Need a large sample with well described b-tag information!

Architecture

21



Closing

• Gain understanding into DNN reconstruction using top tagging:

• Simple image based approach easily outperforms standard taggers

• Preprocessing hurts performance

• Probe what is learned

• Create novel, physics-motivated architecture:

• Gives (some of) the learned weights a physical interpretation

• Performance on par with image approach

• No information loss due to preprocessing, can directly work with tracks

• Can add extra properties (4-vector -> “N-vector”)

Thank You!
22



Bonus Slides
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Convolutional Network

Fold a mask with the input to get output
What is learned are the parameters of the mask

Convolutional (conv) layer

• How to build a convolutional 
network

• Chain multiple conv layers

• Reduce image resolution in 
between

• Use multiple masks per layer

• Add linear ANN in the end

(This is still a network. We just use a fancy idea to  
decide which nodes to connect to each other)

That’s the weights we want to train

24
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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.

layer 1

layer 4

Intermediate output

layer 2

layer 3
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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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Pearson correlation coefficient

10

Figure 6. Averaged signal minus background for our default network and full pre-processing. The rows
show the three dense DNN layers. Red areas indicate signal-like regions, blue areas indicate background-like
regions.

In Fig. 6 we show the same kind of intermediate result for the two fully connected DNN layers.
Each of the 64 linear bars represents a node of the layer. We see that individual nodes are quite
distinctive for signal and background images. The fact that some nodes are not discriminative
indicates that in the interest of speed the number of nodes could be reduced slightly. The output
of the DNN is essentially the same as the probabilities shown in the right panel of Fig. 3, ignoring
the central probability range between 20% and 80%.

To see which pixels of the fully pre-processed 40 ⇥ 40 jet image have an impact on the signal
vs background label, we can correlate the deviation of a pixel xij from its mean value x̄ij with the
deviation of the label y from its mean value ȳ. A properly normalized correlation function for a
given set of combined signal and background images can be defined as

rij =

P
images

(xij � x̄ij) (y � ȳ)
qP

images

(xij � x̄ij)
2

qP
images

(y � ȳ)2
. (12)

It is usually referred to as the Pearson correlation coe�cient. From the definition we see that
for a signal probability y positive values of rij indicate signal-like patterns. In Fig. 7 we show
this correlation for our network architecture. A large energy deposition in the center leads to
classification as background. A secondary energy deposition in the 12 o’clock position combined
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Figure 7. Pearson correlation coe�cient for 10,000 signal and background images each. The corresponding
jet image is illustrated in Fig. 1. Red areas indicate signal-like regions, blue areas indicate background-like
regions.

10

Figure 6. Averaged signal minus background for our default network and full pre-processing. The rows
show the three dense DNN layers. Red areas indicate signal-like regions, blue areas indicate background-like
regions.

In Fig. 6 we show the same kind of intermediate result for the two fully connected DNN layers.
Each of the 64 linear bars represents a node of the layer. We see that individual nodes are quite
distinctive for signal and background images. The fact that some nodes are not discriminative
indicates that in the interest of speed the number of nodes could be reduced slightly. The output
of the DNN is essentially the same as the probabilities shown in the right panel of Fig. 3, ignoring
the central probability range between 20% and 80%.

To see which pixels of the fully pre-processed 40 ⇥ 40 jet image have an impact on the signal
vs background label, we can correlate the deviation of a pixel xij from its mean value x̄ij with the
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. (12)

It is usually referred to as the Pearson correlation coe�cient. From the definition we see that
for a signal probability y positive values of rij indicate signal-like patterns. In Fig. 7 we show
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Appendix A: What the machine learns

For our performance comparison of the QCD-based tagger approach and the neutral network
it is crucial that we understand what the DeepTop network learns in terms of physics variables.
The relevant jet substructure observables di↵erentiating between QCD jets and top jets are those
which which we evaluate in the MotherOfTaggers BDT, Eq.(17).

To quantify which signal features the DNN and the BDT tagger have correctly extracted we
show observables for signal event correctly identified as such, i. e. requiring y > 0.8 for the signal
events. Following Fig. 3 this cut value captures a large fraction of correctly identified events. The
same we also do for correctly identified background events with y < 0.2.

The upper two rows in Fig. 10 show the di↵erent mass variables describing the fat jet. We see
that the DNN and the BDT tagger results are consistent, with a slightly better performance of the
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Figure 10. Kinematics observables defined in Eq.(17) for events correctly determined to be signal or back-
ground by the DeepTop neutral network and by the MotherOfTaggers BDT, as well as Monte Carlo
truth. Extended version of Fig. 9.

Sliced Masses
Signal Background Signal Background

Compare:
Selection on truth
Selection using BDT (<0.2 / >0.8)
Selection using DNN (<0.2 / >0.8)

27



Pixel threshold 17
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Figure 12. Left: Background rejection at a signal e�ciency of 30 % for di↵erent activation thresholds. Right:
Background rejection for the default and hardened training for di↵erent re-scalings of the jet images. The
background rejection is evaluated at a signal e�ciency of 30 % and normalized to the rejection at nominal
JES.

Next, we train a hardened version of the network. It uses the same architecture as our default,
but during the training procedure each image is randomly rescaled using a Gaussian distribution
with a mean of 1.0 and a width of 0.1. New random numbers are used from epoch to epoch. The
resulting network has a similar performance as the default and exhibits a further reduced sensitivity
to changes in the global JES.

While other distortions of the image, such as non-uniform rescaling, will need to be consid-
ered, the resilience of the network and our ability to further harden it are very encouraging for
experimental usage where the mitigation and understanding of systematic uncertainties is critical.
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• Train and test network on images with  
higher pixel threshold 
(and set values below threshold to zero)

• We are not sensitive to very soft  
information (this is good)

(BG rejection at 30% signal)
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Detector effects
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Figure 12. Left: Background rejection at a signal e�ciency of 30 % for di↵erent activation thresholds. Right:
Background rejection for the default and hardened training for di↵erent re-scalings of the jet images. The
background rejection is evaluated at a signal e�ciency of 30 % and normalized to the rejection at nominal
JES.

Next, we train a hardened version of the network. It uses the same architecture as our default,
but during the training procedure each image is randomly rescaled using a Gaussian distribution
with a mean of 1.0 and a width of 0.1. New random numbers are used from epoch to epoch. The
resulting network has a similar performance as the default and exhibits a further reduced sensitivity
to changes in the global JES.

While other distortions of the image, such as non-uniform rescaling, will need to be consid-
ered, the resilience of the network and our ability to further harden it are very encouraging for
experimental usage where the mitigation and understanding of systematic uncertainties is critical.
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tools

• Default

• Train network on JES=1.0

• Test network on images with JES 
scaled up/down

• Hardened

• Train network while randomly 
smearing JES

• Test network on images with JES 
scaled up/down

Control what the network is sensitive to
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A Very Simple Network

y = f(f(x1)w1 + f(x2)w2)

f(x) = ⇥(x) · x
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How do networks learn?
• Backpropagation + Gradient descent

• Pass input (x1, x2) to ANN

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

• Find gradient of loss function with respect to weights 

• Use gradient to find new weights

L(y, ŷ) = (y � ŷ)2

w0
i = wi + ↵ · @L

@wi

ŷ
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Fully Connected

• Classical ANN

• Most generic structure

• Many weights, inefficient

• Can we use the symmetry of the problem to simplify matters? 
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Recursive

• 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/ 33


