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A Very Simple Network

2

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

3

L(y, ŷ) = (y � ŷ)2

w0
i = wi + ↵ · @L

@wi

ŷ

Wednesday 22 March 17



Convolutional Network

4

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 (optional)

• Use multiple masks per layer

• Add linear ANN in the end 
(optional)

(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
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Machine learning based on convolutional neural networks can be used to study jet images
from the LHC. Top tagging in fat jets o↵ers a well-defined framework to establish our Deep-
Top approach and compare its performance to QCD-based top taggers. We first optimize
a network architecture to identify top quarks in Monte Carlo simulations of the Standard
Model production channel. Using standard fat jets we then compare its performance to a
multivariate QCD-based top tagger. We find that both approaches lead to comparable per-
formance, establishing convolutional networks as a promising new approach for multivariate
hypothesis-based top tagging.
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Problem
• Identify hadronically decaying top quarks from QCD jets

• 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 test DNNs on

6
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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

7
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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

• 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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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.

Disadvantage of DNN approach: choosing 
network architecture is a bit of voodoo

This seems to work though

9

Wednesday 22 March 17



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 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.
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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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where m

fat

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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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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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,
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three-prong top decay structure into SoftDrop . We use N kT -axes, ! = 1 and the reference
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B. Comparison

To benchmark the performance of ourDeepTop DNN, we compare its ROC curve with standard
Boosted Decision Trees based on the C/A jets usingSoftDrop 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 inpT,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 , " sd

3 } (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 rangepT,fat = 350 ... 400 GeV. In addition, we include the
HEPTopTagger2 information from Þltering combined with a mass drop criterion,

{ msd, mfat , mrec, f rec, " Ropt , "2, "3, " sd
2 , " sd

3 } (MotherOfTaggers ) . (17)

12
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Technical Interlude II
• Training done on Piz Daint nodes equipped with Nvidia Tesla P100 GPUs at CSCS

• Applied for small development project of 25k node hours for a year

• Also played with Amazon cloud (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 backend for DNN

• scikit-learn for BDT

• NumPy and Pandas for processing & storage

13
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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.
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Pixel threshold
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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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• 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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Conclusions

17

• DNNs for top jet tagging work, achieve decent performance and 
are surprisingly stable

• Techniques available to understand what it going on

• More things to try out (data, regression, RNNs, multi-object,..)

• Ready for physics analysis?
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Bonus Slides
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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.
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