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ML @ LHC

These are very exciting times for machine learning and LHC physics!!!

Recent breakthroughs in deep learning have spurred much activity in our field. 

Many different ideas are being explored for how to use these breakthroughs to 
improve the analysis of LHC data.

We are seeing huge gains in performance resulting from the ability to harness 
much lower-level information than was previously possible.



An important issue is how to represent the LHC data in a way that can be 
easily fed to “off-the-shelf” deep learning algorithms. 

Also, whether physics motivates particular representations that lend 
themselves to particular NN architectures, or even lead to new ones.



Jet representation ML architecture
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In this talk, I will attempt to set the 
stage for the rest of the session:

• Review last year’s meeting

• Some selected developments since 
then

[Apologies if I left you out!!]



Lists of four vectors
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Network structure 

�  Input width fixed: up to 120 constituents, 0-padded 

�  ‘ReLU’ activation function in hidden layers 

�  Logistic ‘sigmoid’ activation output 

�  Binary cross entropy loss function 
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Pros: 
• no information loss

Cons: 
• no canonical ordering
• spatial correlations obscured
• large number of NN 

parameters



Trimming and constituent ordering 

�  Modest but definite gains especially for high purity WP 
2017-12-11 W. Fedorko LBNL jet workshop 12 

Do we do better than 
‘traditional’ methods? 

�  Likelihood ratio combines jet mass and �32 
2017-12-11 W. Fedorko LBNL jet workshop 13 robust against different orderings

W. Fedorko, ML4Jets 2017
1704.02124

Outperforms high-level taggers



Images

Can think of a jet as an image in eta and phi, with

• Pixelation provided by calorimeter towers

• Pixel intensity = pT recorded by each tower

Machine Learning and Jets

• We can represent jets in different ways
• We can utilize different classes of  models

10

Calorimeter

Image	from	B.	Nachman

Jet Images 12

Unrolled	slice	of	detector

Calorimeter	towers	as	pixels
Energy	depositions	as	intensity

Slide	from	B.	Nachman

Figure credit: 
B. Nachman

Pros: 
• captures spatial correlations 
• fewer parameters

Cons: 
• information loss (pixelation)

Cogan et al 1407.5675
de Oliveira et al 1511.05190



DeepTop minimal

Our final tagger

HTTV2+τ32 BDT
HTTV2+τ32 cut-based
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Figure 8: ROC curves comparing our best top tagger (black), the original DeepTop tagger (red), the

cut-based top-tagger from [36] using variables from HTTV2 and ⌧32 (blue dashed), and a BDT built

out of those same variables (blue solid), for the CMS jet sample.

directly against their “MotherOfTaggers” BDT ROC curve (i.e. without recasting it).

For the CMS jet sample, we include two taggers that are representative of the state-of-

the-art in top-tagging with high-level features: a cut-based top-tagger using variables

from HTTV2 and N-subjettiness, and a BDT built out of those same variables. The BDT

is trained on the same 1.2M+1.2M jets as our final CNN tagger. The BDT improves

the performance of the high-level cut-based tagger by a moderate amount.

For the DeepTop jet sample, the baseline tagger was already comparable to the

BDT, and our improvements to the former raise it above the BDT by a factor of ⇠ 2.

Meanwhile, for the CMS jet sample, it is surprising to see that the baseline tagger is

outperformed by even a simple cut-based tagger at lower tag e�ciencies. This again

highlights the importance of optimizing a tagger for each fiducial jet selection. Thanks

to the factor of 3–10 improvement over the baseline, our final CNN top tagger still shows

substantial gains (a factor of ⇠ 3 in background rejection) compared to the BDT. One

20

Big improvements since 2017 
Macaluso & DS 1803.00107

see Sebastian’s talk today for details
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12

1

10

102

103

104

0 0.2 0.4 0.6 0.8 1

Ba
ck

gr
ou

nd
re

je
ct

io
n

1/
‘ B

Signal e�ciency ‘S

SoftDrop+N -subjettiness
MotherOfTaggers

DeepTop full
DeepTop minimal

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

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

B. Comparison

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

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

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

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

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

B. Comparison

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

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

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

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

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

SoftDrop + n-subjettiness:

MotherOfTaggers:
• Train a BDT on a set of  

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

B. Comparison

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

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

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

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

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

7

G. Kasieczka MLJets 2017
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Importance of preprocessing

Figure 2: The average of 100k jet images drawn from the CMS sample (37 ⇥ 37 pixels spanning

�⌘ = �� = 3.2). The grayscale intensity corresponds to the total pT in each pixel. Upper: no

preprocessing besides centering. Lower: with full preprocessing. Left: top jets. Right: QCD jets

top jets. After our preprocessing steps, the 3-prong substructure of the top jets becomes

readily apparent, while the QCD jets remain more dipole-like. (This should be contrasted

with the average images in the DeepTop paper, where the 3-prong substructure of the

top jets is much less apparent.)

5 Other improvements

5.1 Sample size

In the DeepTop paper, the training samples were limited to 150k+150k. Here we explore

the e↵ect on our CNN top tagger of increasing the training sample size. Shown in fig. 3

are the learning curves for the test accuracy vs. training sample size, for our two di↵erent

jet samples. (The training sample size is defined to be the number of top jets in the

training sample; an equal number of QCD jets were used. The test sample size was fixed

at 400k+400k jets.) We have shifted the learning curve for the DeepTop sample by a

13

Tops QCD

Center

Center+Rotate
+Flip

Average of 100k jet images



Importance of color

Can feed multiple pixel-wise features to CNN as different “colors” of the image

⌘ �

b
ea
m

pre-process

convolutional layer

max-pooling

dense layer

quark jet

gluon jet

| {z }
⇥3

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

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

output layer.

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

layer consisted of 128 units.

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

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

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

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

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

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

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

– 8 –

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

epochs.

Only moderate optimization of the network architecture and minimal hyperparameter-

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

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

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

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

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

performance of the deep neural network.

3.3 Jet images in color

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

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

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

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

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

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

processing color to physics applications.

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

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

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

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

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

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

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

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

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

input channels:

red = transverse momenta of charged particles

green = the transverse momenta of neutral particles

blue = charged particle multiplicity

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

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

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

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

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

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

ij are the respective mean and standard deviation of

pixel ij in channel k in the training data.

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

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

– 9 –

Komiske, Metodiev & Schwartz 1612.01551
for q/g tagging 

DeepTop CMS

Jet sample

14 TeV 13 TeV

pT 2 (350, 450) GeV, |⌘| < 1 pT 2 (800, 900) GeV, |⌘| < 1

R = 1.5 anti-kT R = 1 anti-kT

calo-only particle-flow

match: �R(t, j) < 1.2 match: �R(t, j) < 0.6

merge: NONE merge: �R(t, q) < 0.6

Image
40⇥ 40 37⇥ 37

�⌘ = 4, �� = 10
9 ⇡ �⌘ = �� = 3.2

Colors p
calo
T (pneutralT , p

track
T , Ntrack, Nmuon)

Table 1: The two jet image samples used in this work.

• Finally, a crucial di↵erence between the two samples is the merge requirement.

DeepTop did not require the daughters of the top quark to fall in the cone of the

fat jet, while CMS did. With the merge requirement, the top jets are more “top-

like” (otherwise they are significantly contaminated by W jets and b jets), and this

increases the potential discriminating power against QCD jets. Accordingly, we

will see that the ROC curves for the CMS sample look much better than for the

DeepTop sample. We explore this further in Appendix C.

We will benchmark our CNN top tagger against BDT taggers built out of high-level

inputs. For the DeepTop sample, we directly compare against their “MotherOfTaggers”

BDT that takes HTTV2 variables, SoftDropped masses, and N-subjettiness variables

(with and without SoftDrop) as inputs. Since we have fully validated the DeepTop

minimal tagger, we do not bother to validate the MotherOfTaggers BDT as well, but

just take its ROC curve directly from fig. 8 of the DeepTop paper. For the CMS sample,

we will consider both a cut-based tagger that combines the HTTV2 variables with the

N-subjettiness variable ⌧3/⌧2 (motivated by the recent CMS note on top tagging [36]),

as well as a BDT trained on these variables. For the former, we varied simple window

cuts on each of the variables, as in [36]. We validate our implementation of this by

reproducing the ROC curve shown in fig. 7R of [36] using our own simulations (see

appendix B for details). For our BDT we used the ROOT package TMVA [46] with the

same hyperparameters as in [38] and trained on the same jets as our final CNN tagger.

7

Macaluso & DS 1803.00107
top tagging



Discriminant performance 

�  Still need physicists! 
2017-12-11 W. Fedorko LBNL jet workshop 9 
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Figure 6: Ratio of the ROC curves in figs. 4–5 over the minimal DeepTop tagger ROC curve, providing

another view of the cumulative improvements.

DeepTop jets CMS jets

Improvement Accuracy AUC Accuracy AUC

Baseline 85.5% 0.930 91.7% 0.975

Training 86.1% 0.935 93.4% 0.983

Architecture 86.6% 0.939 94.0% 0.985

Preprocessing 86.7% 0.940 94.2% 0.986

Sample Size 87.0% 0.943 94.5% 0.988

Color — — 94.8% 0.989

Table 3: Accuracy and area under the curve (AUC) of our tagger after adding the modifications over

DeepTop minimal.

• Adding color (only possible for the CMS jet sample that di↵erentiates tracks from

neutrals) resulted in a very modest improvement in the tagger performance, shown

in the black curve in figs. 5-6.

We see that with these modifications we can achieve a factor of ⇠ 3–10 improvement

18

W. Fedorko, ML4Jets 2017
1704.02124 Macaluso & DS 1803.00107



Sequences

See also Andreassen & 
Frye’s ML4Jets 2017 talks: 
RNNs for parton showers

1804.09720

W. Fedorko, ML4Jets 2017
1711.09059

Ordering revisited 
�  View anti-kT sequence as a binary tree 

�  Order using depth-first traversal prioritizing jets 
with ‘parents’ whose dij is smaller  

2017-12-11 W. Fedorko LBNL jet workshop 15 

Dense Network not really 
‘tuned’ to sequence processing  

�  Use a Recurrent Neural Network: 
�  Long Short-Term Memory Network 

2017-12-11 W. Fedorko LBNL jet workshop 14 

… 

xn 

… 

hn 

Time step 

credit: colah 



Trees

RecNN for Jets
Motivated by: 
• problems in image approach: sparsity of jet images (5% - 10% active), 

fixed image size, (information loss from pixelization) 
• natural tree-like structure of sequential jet clustering history 
• implementation in event-level

jet tree structureRecNN

RecNN for Jets
Motivated by: 
• problems in image approach: sparsity of jet images (5% - 10% active), 

fixed image size, (information loss from pixelization) 
• natural tree-like structure of sequential jet clustering history 
• implementation in event-level

jet tree structureRecNN

Use jet clustering history to 
build binary tree

Train recursive neural net to 
turn jet tree into “embedding”

Use jet embedding for 
classifier, etc

Can perform comparable to 
other architectures with far 
fewer weights!

T. Cheng MLJets 2017
1711.02633

applied to q/g tagging

Louppe et al 
1702.00748

RecNN for W tagging
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Can learn clustering history 
via graph adjacency matrix 

a structure dictated by quantum chromodynamics (QCD) and organized via the clustering history of a
sequential recombination jet algorithm. This work showed that the projection of particles’ momenta
into images loses information, which impacts classification performance. The recursive networks
were able to avoid this pre-processing and provide superior performance.

In this work we represent the jet as a graph and consider Message Passing Neural Networks
(MPNN) [11] on the same benchmark data and binary classification task from [7, 10].

1.1 Jets as a graph

In the graph picture, nodes of the graph correspond to the particles and the data on the nodes are the
features calculated from the 4-momenta of those particles: p, ⌘, ✓, �, E, and pT . The graph picture is
natural in jet physics and was implicit in previous work with the recursive network operating over a
binary tree. The binary tree was created from a sequential recombination jet algorithm [12, 13] that
recursively combines the pair i, j that minimize

d↵ij = min(p2↵ti , p
2↵
tj )

�R2
ij

R2
. (1)

The d↵ij provides a family of adjacency matrices motivated by physics considerations; however, we
will consider various approaches to adjacency matrix Aij , including directed graphs.

The authors of Ref. [10] pointed out that it is compelling to think of generalizations of their technique
in which the optimization would include the binary tree used for the embedding as a learnable
component instead of considering it fixed a priori. An immediate challenge of this approach is that a
discontinuous change in the binary tree (e.g., from varying ↵ or R) makes the loss non-differentiable.
However, the graph defined by d↵ij evolves continuously with R and ↵. The authors of Ref. [10]
pointed out that this makes graph-convolutional networks a natural approach [14–19]. In future work
we plan to compare QCD-motivated adjacency matrix Aij based on d↵ij ; however, in this work we
attempt to learn the adjacency matrix directly.

2 Message Passing Neural Networks

This section describes a family of neural architectures defined over input sets exhibiting some
geometric structure. We consider a dataset {xe, ye}eN consisting of observations xe = {xi}i<Ne ,
xi 2 RS , and labels ye 2 Y . Each observation thus consists of a set measurements (that we assume
Euclidean for simplicity), possibly of varying size. We are interested in neural network models that
operate on such input sets, and with the ability to leverage the geometric structure determined by
the measurements. If the measurements xi are related with a known similarity structure K(xi, xj),
the appropriate data structure to represent the input is a (input-varying) graph Ge = (Ve, Ee), where
nodes are associated with measurements and weighted edges with their similarity.
Graph neural networks (GNN), introduced in [20, 21] and further simplified in [16, 22, 23], based
on local operators of a graph G = (V,E) offer a powerful balance between expressivity and sample
complexity; see [24] for a recent survey on models and applications of deep learning on graphs. In
its simplest incarnation, given an input signal x 2 RV⇥S on the vertices of a weighted graph G, we
consider a family A of graph-intrinsic linear operators that act locally on this signal. The simplest
example is to consider A = {1, A}, where A is the graph adjacency matrix. A GNN layer receives
as input a signal h(t)

2 RV⇥dt and produces h(t+1)
2 RV⇥dt+1 as

h(t+1) = Gc(h(t)) = ⇢

0

@
|A|X

q=1

Aqh
(t)✓(t)q

1

A , (GNN NODEUPDATE)

where ✓(t)q 2 Rdt⇥dt+1 , are trainable parameters, dt is the number of feature maps at layer t, and ⇢(·)
is a point-wise non-linearity. One can easily verify that (GNN NODEUPDATE) defines a model that
is permutation-equivariant and that effectively shares the parameters across all the node locations,
yielding gains in sample complexity similar to convolutional neural networks in computer vision.

Authors have explored several modeling variants from this basic formulation, by replacing the point-
wise nonlinearity with gating operations [16, 22], or by generalizing the generator family to Laplacian
polynomials [25, 19, 14], or including powers of A to encode multiple-hop neighborhoods of each

2



Main Results

Baseline: BDT (jet mass            , jet girth              , 
 charged particle count                 )

For RecNN,  
• no particle flow identification 
• one-hot vectors 
• pt-weighted charge instead

RecNN

BDT

T. Cheng MLJets 2017
1711.02633

It works! 

�  Over 2x improvement in rejection at 50% 

�  ~100 rejection at 50% 

�  Price: somewhat increased pileup sensitivity  
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Kinematic invariants: LoLaApproach

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

1
Institut für Theoretische Physik, Universität Heidelberg, Germany

2
Institute for Particle Physics, ETH Zürich, Switzerland

3
School 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@

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

1

CCA . (1)

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

kµ,i
CoLa�! ekµ,j = kµ,i Cij , (2)

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

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

kµ,i =

0

BB@

E0 E1 . . . EN

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

1

CCA

Fully connected layers for final output
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LoLa
• Transforms M Lorentz-vectors into M vectors with P components

⌘µ⌫ =

0

BB@

�1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 1

1

CCA

2
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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

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

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

C =

0

BB@

1 0 · · · 0 C1,N+2 · · · C1,M

0 1
... C2,N+2 · · · C2,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.

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.

Four copies:
2 sums over m  
2 minima over m
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Kinematic invariants: EFP

EFPG = 
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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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Modern ML Comparison

Modern Machine Learning Comparison
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Latent space representation

An autoencoder compresses an input into a “latent representation” and 
then attempts to reconstruct the original input.  

(See talks by Gregor, Marco and Tao on Friday for details!)

Can explore the meaning of this latent representation…

Figure 1: The schematic diagram of an autoencoder. The input is mapped into a low(er) dimensional
representation, in this case 6-dim, and then decoded.

threshold.

For concreteness, we will focus in this work on distinguishing “fat” QCD jets from

other types of heavier, boosted resonances decaying to jets. Building on previous work

on top tagging [12], we will concentrate on machine learning algorithms that take jet

images as inputs. For signal, we will consider all-hadronic top jets, as well as 400 GeV

gluinos decaying to 3 jets via RPV. Obviously, this is not meant to be an exhaustive

study of all possible backgrounds and signals and methods but is just meant to be a

proof of concept. The idea of autoencoders for anomaly detection is fully general and not

limited to these signals. We will comment on other forms of inputs in section 5. Moreover

there are many other anomaly detection techniques that are not based on autoencoder

and/or on reconstruction (loss) which are worth exploring in future work. At the same

time autoencoders have been recently used in other high energy physics applications:

in parton shower simulation [28], for feature selection of a supervised classification [30],

and for automated detection of detector aberrations in CMS [31].

We will explore various architectures for the autoencoder, from simple dense neural

networks to convolutional neural networks (CNNs), as well as a shallow linear represen-

tation in the form of Principal Component Analysis (PCA). We will see that while they

are all e↵ective at improving S/B by factors of ⇠ 10 or more, they have important dif-

ferences. The reconstruction errors of the dense and PCA autoencoders correlate more

highly with jet mass, leading to greater S/B improvement for the 400 GeV gluinos com-

pared to the CNN autoencoder. While this may seem better at first glance, we discuss

how one might want to use an autoencoder that is decorrelated with jet mass, in order

to obtain data-driven side-band estimates of the QCD background and perform a bump

hunt in jet mass. Indeed, we show how cutting on the reconstruction error of the CNN

autoencoder results in stable jet mass distributions, and we show how this can be used

to improve S/B by a factor of ⇠ 6 in a jet mass bump hunt for the 400 GeV gluino

2

Latent layer

Hajer et al 1807.10261  
Heimel et al 1808.08979  

Farina, Nakai & DS 1808.08992



Signal and background cluster in latent space!

Simple autoencoder — no metric on latent space…meaning of latent space 
variables far from clear…

Can explore variational AE, adversarial AE, …

Latent space representation

Tops

QCD



Does the representation even 
matter???

Notion: all these representations 
have comparable performance, if 
you optimize architecture and 
train enough.

Not a huge amount of hard 
evidence for this. Need more 
apples-to-apples comparisons!

A good start: a community top-
tagger comparison 

(see Gregor’s talk yesterday; 
https://goo.gl/XGYju3) 

• VERY similar 
performance 
• Difference in 3rd digit for 

area under curve

• Larger difference in efficiency

• Have we solved this simple 
problem?

• What about stability, 
uncertainties?

• Are there complementarities?

Thanks for all submissions!

https://goo.gl/XGYju3


I think it is too soon to conclude that all representations are equivalent.

We are just starting to explore their relative strengths and weaknesses.

• Is top tagging too easy? 

• ROC curve is not everything!! 

• Correlations with jet mass and other variables? 

• Does classifier sculpt jet mass distribution?

• Scale factors in actual data?

• Systematic uncertainties in actual data?

Does the representation even 
matter???



Many new ideas being 
explored at this years 
workshop. 

Even more exciting 
times to come!

Outlook



Thanks for your 
attention!


