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Beyond Classification

• Exhaustive exclusion limits for BSM physics

• What if it is a model nobody thought of yet (or hides among 
QCD)  

• Machine learning is very powerful for classification

• Systematic uncertainties when going from simulation to data

• Can we solve both issues at once?
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Autoencoders
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Autoencoder

• Unsupervised learning

• Bottleneck (or latent space) with compressed representation

• Classical uses:

• Dimension reduction

• Denoising

f(x) g(f(x))

L = (ŷ � g(f(x)))2

kvfrans
deeplearningbook.org !4

http://deeplearningbook.org


Autoencoder for Physics

• Train on pure QCD light quark/gluon jets

• Use top tagging reference sample 
 https://goo.gl/XGYju3

• Train only on QCD events

• New physics identified as anomaly

• Tail of the loss function 
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Autoencoder

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)
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Input

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)
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Output

Xij eXij

https://goo.gl/XGYju3


Architecture I
• Reconstruct energy with calorimeter  

(improve resolution using tracker)
• Cluster energy deposits into jet
• Preprocess: 

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)
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Convolutional network

LAuto =
X

Pixels ij

⇣
Xij � eXij

⌘



Does it work?
• Train on QCD only

• Test on top vs QCD

• Cut on loss function as discriminator

• Large loss → autoencoding failure → anomaly
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Images



Architecture II

* from: Deep-learning Top Taggers & No End to QCD
A Butter, GK, T Plehn, M Russell
1707.08966

Constituent network*

Can implement autoencoders 
using any architecture!



Does it work?
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Figure 4: Left: ROC curves for the 4-vector-based or LoLa autoencoder identifying anoma-
lous top jets for di↵erent bottleneck sizes. Right: comparison of the ROC curves for the
image-based and the 4-vector-based autoencoders. The widths of the lines show the variation
based on ten independent test samples for fixed training.

second layer. The loss function is

Lauto =
40X

j=1

3X

i=0

⇣
k̃ini,j � k̃autoi,j

⌘2
. (6)

As for the images we use the PReLU activation function, except for the last layer with its
linear activation function, and the Adam optimizer for the learning rate [37].

In the left panel of Fig. 4 we show the ROC curves for the 4-vector-based tagger for di↵erent
choices of the bottleneck size. We now find the best result for a very small bottleneck with
at most 10 units. The stable AUC value is around 0.92 with a loss around 10�5 per pixel.
Such small functional bottlenecks reflect the fact that with the CoLa/LoLa structure we
have encoded a lot of the relevant information in appropriate physics terms [13].

Finally, in the right panel of Fig. 4 we compare the best-performing image-based and
4-momentum-based autoencoders. The widths of the lines are again generated by evaluating
the network on ten independent test samples. The main feature in this plot is that the
LoLa-autoencoder does better than the image-based autoencoder. This is a result of the
smaller possible bottleneck size, because the LoLa architecture is optimized to extract the
leading discriminating features most e�ciently. While this gives an advantage to the pure
autoencoder, we will see the other side of the same medal in the next section.

2.3 De-correlating the mass

Neural networks separating signal and background jets after fully supervised training on
labelled data are, in theory, straightforward to calibrate and understand. The problem at
the LHC is that we hardly ever have enough labelled data to train such networks for relevant
new physics searches. Our autoencoder responds to this problem by limiting the training
to QCD jets only and by only asking if a given data set is described well by QCD or any
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Different ROC curve as well as bottleneck 
size preferred by different architectures



What about mass?

• Without additional 
constraints the autoencoder 
also learns the kinematics of 
the training sample

• How to avoid?
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Figure 5: Left: jet mass distributions from the image-based autoencoder applied to QCD
jets. The di↵erent lines show the full sample up to the 5% least QCD-like jets, defined by the
autoencoder loss function. Right: the same jet mass distributions, but for the QCD-trained
adversarial autoencoder network.

number of QCD jets. On each side we add overflow bins which are not populated by QCD
jets. The task of the adversary is not to extract the exact jet mass value, but to determine the
probabilities for the jet mass to fall into each bin. This statistical interpretation requires a
multi-label cross entropy as the adversary loss function [24]. All layers use the ReLU activation
function except for the last layer, where a SoftMax activation function guarantees that all 12
probabilities sum to one. When training on the combined loss function, each epoch is split
into batches of size 128. For each batch we first train the autoencoder using the combined
loss function of Eq.(8) and then train the adversary with only the adversary loss function.
The size of the Lagrangian multiplier is chosen such that the two contributions to the loss
function are of similar size, i.e. it balances the de-correlation vs the discrimination power of
the network. For instance, the jet mass distribution for � = 5 · 10�4, shown in the right panel
of Fig. 5, indicates that the background shaping is indeed largely gone.

To study the interplay of the mass de-correlation with the performance of the adversarial
autoencoder we show results for three values of � in Fig. 6. For increasing values of � the
background shaping indeed improves. On the other hand, we can illustrate the performance
of the network by testing on QCD data with 3% top jets injected. For the full sample we
indeed see a hint of top jets around mj = mt in all three panels of Fig. 6. We can then extract
the 5% least QCD-like jets, which should include most of the top jets. What we find is that
the number of top jets in this selection is diluted from the maximum expected 3/5 of the
5% least QCD-like jets. This dilution grows with �, because it is an e↵ect of taking out the
jet mass as the strongest discriminator from the network. The performance drop is given as
AUC values and detailed in the right panel of Fig. 6, where we show the ROC curves for the
adversarial autoencoder. As before, we evaluate the network on 10 independent test samples
of 20,000 QCD jets and 20,000 top jets.

For the interplay between the mass de-correlation and the performance of the network
the ROC curves are not the final word, though. Because the jet mass is removed from the
autoencoder, we now see a clear top mass peak in the least QCD-like selection. This peak
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Adversarial Training
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Combined Setup
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Autoencoder

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)
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Input

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)

3

Output

Xij eXij

Adversary

fM

LAuto =
X

Pixels ij

⇣
Xij � eXij

⌘

LAdv = CCE
⇣
M, fM(Xij � eXij)

⌘

L = LAuto � �LAdv

Decorrelated Jet Substructure Tagging using 
Adversarial Neural Networks

C Shimmin, P Sadowski, P Baldi, E Weik, D 
Whiteson, E Goul, A Søgaard 1703.03507



Mass Sculpting
• Counteract with adversary:

• Tune mass dependency with Lagrange multiplier

• Defines control regions in data
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L = LAuto � �LAdv



Signal contamination

• Procedure works also when signal  
is present in training data

• This means a search for exotic 
new physics with unknown  
shower patterns (dark showers)  
could be  done using  data-only 
training
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Dark Showers
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Recap

• We now have a tool that can identify anomalous jets..

• ..purely trained on data in an unsupervised way

• ..decorrelated from arbitrary variables (like mass)

• Potential usecase:

• Dark shower jets

!16

Dark multi-jet 
 shower



Model

• Heavy quark      pair-produced

• Decay to SM partner + dark boson

• Hadronise into dark mesons    (stable or not)

• Assume:

• Dark SU(3)C,      =0.1

•  

•       = 200 GeV
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Visible Effects of Invisible Hidden Valley Radiation
L Carloni, T Sjostrand, JHEP 1009 (2010)
Discerning Secluded Sector gauge structures
L Carloni, J Rathsman, T Sjostrand, JHEP 1104 
(2011)
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Figure 10: Autoencoder applied to a set of dark shower signals. Upper left: numbers of
constituents for the dark shower models. Upper right: truth-level jet mass distributions
for the di↵erent models. Lower left: ROC curves for the autoencoders with and without
adversary. Lower right: jet mass distributions from the adversarial autoencoder trained on
pure QCD.

Similar to the top and heavy scalar cases we use a dark quark with mass mqv = 200 GeV. For
a small meson mass of m⇡v = 10 GeV we see in the upper panels of Fig. 10 that the number
of constituents and the jet mass are similar to the other new physics scenarios in the paper.
In addition, we choose a more mass-degenerate case of mqv = 200 GeV and m⇡v = 100 GeV
to test what happens in the absence of a peak in the jet mass altogether.

In the lower panels of Fig. 10 we first show the performance of the autoencoder without
adversary. For both models we find excellent performance with AUC values of 0.78 ... 0.79. In
the direct comparison, the autoencoder can more easily reject the peaked jet mass distribution,
but at high e�ciencies it is hard to separate the low-mass peak from QCD. For the adversarial
network with � = 10�2 we now use 50 jet mass bins instead of the 10 used before. We find
that the performance drops to a level comparable with the heavy scalar case with AUC value
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Results

!18

SciPost Physics Submission

Figure 10: Autoencoder applied to a set of dark shower signals. Upper left: numbers of
constituents for the dark shower models. Upper right: truth-level jet mass distributions
for the di↵erent models. Lower left: ROC curves for the autoencoders with and without
adversary. Lower right: jet mass distributions from the adversarial autoencoder trained on
pure QCD.

Similar to the top and heavy scalar cases we use a dark quark with mass mqv = 200 GeV. For
a small meson mass of m⇡v = 10 GeV we see in the upper panels of Fig. 10 that the number
of constituents and the jet mass are similar to the other new physics scenarios in the paper.
In addition, we choose a more mass-degenerate case of mqv = 200 GeV and m⇡v = 100 GeV
to test what happens in the absence of a peak in the jet mass altogether.

In the lower panels of Fig. 10 we first show the performance of the autoencoder without
adversary. For both models we find excellent performance with AUC values of 0.78 ... 0.79. In
the direct comparison, the autoencoder can more easily reject the peaked jet mass distribution,
but at high e�ciencies it is hard to separate the low-mass peak from QCD. For the adversarial
network with � = 10�2 we now use 50 jet mass bins instead of the 10 used before. We find
that the performance drops to a level comparable with the heavy scalar case with AUC value
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• Identify dark showers vs QCD
• Sensitivity will depend on model parameters



Closing
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Spectrum of MC Reliance
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Fully Supervised 
Learning

Dependence on Simulation
Assumes a classifier trained 

on MC will be correct on data 
as well

Weak  
Supervision

Assume simulation is good. Do not 
depend on specific model  

(but still limited by which models 
are in the mix)

CWoLa
Fully Supervision,

Mixed signals Autoencoder

Assume MC gets the 
fractions of different classes 

right on average

Assume interpolation between 
phases spaces in data.

Assume that we can tune 
the adversarial setup such 
that an anomaly based on 

data is credible.



And now for something 
completely different
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“Greatest Of All Taggers”

• Based on top tagging reference

• Train a fully connected network 
(100x3-20-2) on output of existing 
classifiers

• Use testing sample (20% for training, 
10% for early stopping, 70% for 
testing)

• GOAT (Meta Tagger):

• AUC: ~0.985

• 1/eB: 1390 +-100  
(unstable, too low statistics!)
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“Correlations”

• Train DNN on pairs of taggers

• Strongest combinations:

• Physics + Facebook

• Will be interesting to explore 
orthogonalities
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Conclusions
• Propose a new method based on unsupervised deep networks find non-

SM physics as anomaly

• Orthogonal approach to dedicated searches

• Can be trained from data and made independent of mass

• Shown for images and LoLa, but can work with any neural network 
architecture

• Top tagging classification has not saturated

• “Improve” by ~60% in a day

• Can a non-Frankenstein tagger capture this?

• Challenges for ML4Jets 2019: 

• Understand stability & error bars

• New ideas hitting data

• Go beyond jets
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Thank you!


