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Introduction 
The Large Hadron Collider (LHC) at CERN is the largest and most powerful particle accelerator in 
the world, collecting 3,200 TB of proton-proton collision data every year. A true instance of Big 
Data, scientists use machine learning for rare-event detection, and hope to catch glimpses of new 
and uncharted physics at unprecedented collision energies.  

Our work focuses on the idea of the ATLAS detector as a camera, with events captured as 
images in 3D space. Drawing on the success of Convolutional Neural Networks in Computer 
Vision, we study the potential of deep leaning for interpreting LHC events in new ways.

The ATLAS detector 
The ATLAS detector is one of the two general-purpose experiments at the LHC. The 100 million 
channel detector captures snapshots of particle collisions occurring 40 million times per second. 
We focus our attention to the Calorimeter, which we treat as a digital camera in cylindrical space. 
Below, we see a snapshot of a 13 TeV proton-proton collision.

LHC Events as Images 
We transform the ATLAS coordinate system (η, φ) to a rectangular grid that allows for an image-
based grid arrangement. During a collision, energy from particles are deposited in pixels in (η, φ) 
space. We take these energy levels, and use them as the pixel intensities in a greyscale analogue. 
These images — called Jet Images — were first introduced by our group [JHEP 02 (2015) 118], 
enabling the connection between LHC physics event reconstruction and computer vision.. We 
transform each image in (η, φ), rotate around the jet-axis, and normalize each image, as is often 
done in Computer Vision, to account for non-discriminative difference in pixel intensities.  

In our experiments, we build discriminants on top of Jet Images to distinguish between a 
hypothetical new physics event, W’→ WZ, and a standard model background, QCD.  
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Physics Performance Improvements 
Our analysis shows that Deep Convolutional Networks significantly improve the classification of 
new physics processes compared to state-of-the-art methods based on physics features, 
enhancing the discovery potential of the LHC.  More importantly, the improved performance 
suggests that the deep convolutional network is capturing features and representations beyond 
physics-motivated variables.  

Concluding Remarks 
We show that modern Deep Convolutional Architectures can significantly enhance the discovery 
potential of the LHC for new particles and phenomena. We hope to both inspire future research 
into Computer Vision-inspired techniques for particle discovery, and continue down this path 
towards increased discovery potential for new physics.

Difference in average 
image between signal 

and background

Deep Convolutional Networks 
Deep Learning — convolutional networks in particular — currently represent the state of the art in 
most image recognition tasks. We apply a deep convolutional architecture to Jet Images, and 
perform model selection. Below, we visualize a simple architecture used to great success.  

We found that architectures with large filters captured the physics response with a higher level of 
accuracy. The learned filters from the convolutional layers exhibit a two prong and location based 
structure that sheds light on phenomenological structures within jets. 

Visualizing Learning 
Below, we have the learned convolutional filters (left) and the difference in between the average 
signal and background image after applying the learned convolutional filters (right). This novel 
difference-visualization technique helps understand what the network learns.

2D  
Convolutions 
to Jet Images

Understanding Improvements 
Since the selection of physics-driven variables is driven by physical understanding, we want to be 
sure that the representations we learn are more than simple recombinations of basic physical 
variables. We introduce a new method to test this — we derive sample weights to apply such that 

meaning that physical variables have no discrimination power. Then, we apply our learned 
discriminant, and check for improvement in our figure of merit — the ROC curve.

Standard physically motivated 
discriminants — mass (top)  
and n-subjettiness (bottom)

Receiver Operating Characteristic

Notice that removing out the individual effects of 
the physics-related variables leads to a likelihood 
performance equivalent to a random guess, but 
the Deep Convolutional Network retains some 
discriminative power. This indicates that the deep 
network learns beyond theory-driven variables — 
we hypothesize these may have to do with 
density, shape, spread, and other spatially driven 
features.
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7Uncertainties for a NN-based analysis

To keep things simple, let’s assume we are 
targeting some particular type of event S and we 
want to isolate it from the more common events B.

(a similar story holds for other learning objectives 
like regression, density estimation, etc., but I’ll 

stick to this for it simplicity and ubiquity)  
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Precision / Optimality

Bad use of our data, time, money, etc. but not wrong.
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Precision / Optimality: NN(x) 6= ptrue(x|S+B)
ptrue(x|B)

Optimal by Neyman-Pearson

Note that this is not p(x|S) / p(x|B), however the 
two are monotonically related to each other.

Bad use of our data, time, money, etc. but not wrong.
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Precision / Optimality: NN(x) 6= ptrue(x|S+B)
ptrue(x|B)

Accuracy / Bias: pprediction(NN) 6= ptrue(NN).

The distribution of the (corrected) sim. is not correct.

An optimality 
uncertainty becomes a 
bias uncertainty when 

we rely on the NN 
output to be a 
likelihood ratio  
(see e.g. many 
examples from 

likelihood-free inference) Usually, there is no 
“uncertainty on the NN” per se.
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14How to estimate precision stat. uncerts.

You can always accomplish this by 
bootstrapping: making pseudo-datasets 

from resampling and then retraining.

It is important to fix the NN 
initialization so that you are not also 

testing your sensitivity to that.

This can be painful because it 
requires retraining many NNs.

Maybe can accomplish with one Bayesian NN?   
See e.g. 1904.10004 for a particle physics example.
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6

order (NNLO) accuracy in QCD (up to O(↵2
s)) was obtained with the Poldis code [121, 122], which is based on the

Projection to Born Method [123]. These calculations are multiplied by hadronization corrections that are obtained with
Pythia 8.3 [124, 125] using its default set of parameters. These corrections are smaller than 10% for most kinematic
intervals and are consistent with corrections derived by an alternative generator, Herwig 7.2 [126, 127], using its
default parameters. The uncertainty of the calculations is given by the variation the factorization and renormalization
scale Q2 by a factor of two [121, 122] as well as NLOPDF4LHC15 variations [128].

The TMD calculation uses the framework developed in Refs. [33, 34] using the same jet radius and algorithm used in
this work3. The inputs are TMD PDFs and soft functions derived in Ref. [129], which were extracted from an analysis
of semi-inclusive DIS and Drell-Yan data. The calculation is performed at the next-to-leading logarithmic accuracy.
This calculation is performed within TMD factorization and no matching to the high qT region is included, where
the TMD approach is expected to be inaccurate. In contrast to pQCD calculations, the TMD calculations do not
require non-perturbative corrections, because such effects are already included. Calculations with the TMD framework
are available for the TMD sensitive cross sections, which are qjet

T /Q and ��jet. Uncertainties are not yet available
for the TMD predictions4. Additional TMD-based calculations are provided by the MC generator Cascade [131],
using matrix elements from KaTie [132] and parton branching TMD PDFs [133–135]. A first setup integrates to
HERAPDF2.0 [136] and a second setup uses angular ordering and pT as the renormalization scale [137, 138].

�1 0 1 20.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

1/
�

je
t
d�

/d
�je

t

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

�1 0 1 2

�jet

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
101 102

10�4

10�3

10�2

10�1

1/
�

je
t
d�

/d
pje

t
T

[1
/G

eV
]

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

101 102

pjet
T [GeV]

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
10�2 10�1 100

10�2

10�1

100

1/
�

je
t
d�

/d
�

�
je

t

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

TMD (LO + NLL�)

10�2 10�1 100

��jet [rad]

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
10�2 10�1 100

10�2

10�1

100

101

1/
�

je
t
d�

/d
qje

t
T

/Q H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

TMD (LO + NLL�)

10�2 10�1 100

qjet
T /Q

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
�1 0 1 20.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

1/
�

je
t
d�

/d
�je

t

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

�1 0 1 2

�jet

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
101 102

10�4

10�3

10�2

10�1

1/
�

je
t
d�

/d
pje

t
T

[1
/G

eV
]

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

101 102

pjet
T [GeV]

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
10�2 10�1 100

10�2

10�1

100

1/
�

je
t
d�

/d
�

�
je

t

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

TMD (LO + NLL�)

10�2 10�1 100

��jet [rad]

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
10�2 10�1 100

10�2

10�1

100

101

1/
�

je
t
d�

/d
qje

t
T

/Q H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

TMD (LO + NLL�)

10�2 10�1 100

qjet
T /Q

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity

�1 0 1 20.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

1/
�

je
t
d�

/d
�je

t

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

�1 0 1 2

�jet

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
101 102

10�4

10�3

10�2

10�1

1/
�

je
t
d�

/d
pje

t
T

[1
/G

eV
]

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

101 102

pjet
T [GeV]

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
10�2 10�1 100

10�2

10�1

100

1/
�

je
t
d�

/d
�

�
je

t

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

TMD (LO + NLL�)

10�2 10�1 100

��jet [rad]

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
10�2 10�1 100

10�2

10�1

100

101

1/
�

je
t
d�

/d
qje

t
T

/Q H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

TMD (LO + NLL�)

10�2 10�1 100

qjet
T /Q

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
�1 0 1 20.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

1/
�

je
t
d�

/d
�je

t

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

�1 0 1 2

�jet

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
101 102

10�4

10�3

10�2

10�1

1/
�

je
t
d�

/d
pje

t
T

[1
/G

eV
]

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

101 102

pjet
T [GeV]

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
10�2 10�1 100

10�2

10�1

100

1/
�

je
t
d�

/d
�

�
je

t

H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

TMD (LO + NLL�)

10�2 10�1 100

��jet [rad]

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity
10�2 10�1 100

10�2

10�1

100

101

1/
�

je
t
d�

/d
qje

t
T

/Q H1
Q2 > 150 GeV2

0.2 < y < 0.7

pjet
T > 10 GeV
kT, R = 1.0

Data

Pythia 8.3

Herwig 7.2

Djangoh

Rapgap

Cascade set 1

Cascade set 2

NNLO � NP

TMD (LO + NLL�)

10�2 10�1 100

qjet
T /Q

0.5

1.0

1.5

M
od

el
/

D
at

a

artificial horizontal marker o�sets added for clarity

Figure 2. Measured cross sections, normalized to the inclusive jet production cross section, as a function of the jet transverse
momentum (top left) and jet pseudorapidity (top right), lepton-jet momentum balance (qjet

T
/Q) (lower left), and lepton-jet

azimuthal angle correlation (��jet) (lower right). Predictions obtained with the pQCD (corrected by hadronization effects,
“NP”) are shown as well. Predictions obtained with the TMD framework are shown for the qjet

T
/Q and ��jet cross sections. At

the bottom, the ratio between predictions and the data are shown. The gray bands represent the total systematic uncertainty
of the measurement; the bars represent the statistical uncertainty of the measurement, which is typically smaller than the
marker size. The error bar on the NNLO calculation represents scale, PDF, and hadronization uncertainties. The statistical
uncertainties on the MC predictions are smaller than the markers.

Results. The unfolded data and comparisons to predictions are presented in Fig. 2. The pjetT and ⌘jetlab cross sections
are described within uncertainties by the NNLO calculation. Note that while the QED corrections are mostly small,

3 This differs from the original paper [33] using the anti-kT algorithm. The difference is power suppressed at the accuracy of the calculation.
4 The scale variation procedure that is standard in the collinear framework does not translate easily to the TMD framework [130].

15How to estimate precision stat. uncerts.

2108.12376

Example of an 8-dimensional 
ML-based unfolding where we 
used 100 bootstraps for a 10% 
uncertainty on the uncertainty



16How to estimate precision syst. uncerts.

As with all systematic uncertainties, 
this is hard to quantify.

One component is due to the 
modeling of p(x) - more on this later.

Testing the flexibility of the network requires 
checking the sensitivity to the architecture 

(#layers, nodes/layer, etc.), the initialization, the 
training procedure (#epochs, learning rate, etc.)
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…brief aside #1: just because  
doesn’t mean that there is an “uncertainty”. 

ptrain ≠ ptrue
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…brief aside #1: just because  
doesn’t mean that there is an “uncertainty”. 

ptrain ≠ ptrue

Figure 5: The performance of classifiers as quantified by the AUC when training on a given

PSMC (color) and testing on the PSMC specified on the vertical axis. The symbols represent

the type of model (BDT, DNN, CNN). The error bars represent the standard deviation over

the k folds.

– 10 –

2204.03812

Figure 8: ROC curves for the Pythia- and Herwig-trained CNNs applied to 200 GeV samples

generated with both of the generators. Remarkably, the network performance seems robust

to which samples are used for training.

and Figure 9 show the resulting ROC curves and distributions of convolutional network

outputs on the colored jet images. We find that the network is surprisingly insensitive to the

generator: the convolutional network trained on Pythia jets and tested on Herwig jets has

comparable performance to the convolutional network trained directly on Herwig jets and

tested on Herwig jets. This insensitivity is a positive sign for being able to train the network

on MC-generated jets and apply it to data robustly.

6 Conclusions

The ability to distinguish quark-initiated jets from gluon-initiated jets would be of tremendous

practical application at colliders like the LHC. For example, many signals of beyond the

standard model physics contain mostly quark jets, while their backgrounds are gluon-jet

dominated. Quark/gluon jet discrimination is also extremely challenging: correlations in

their radiation patterns and non-pertubative e↵ects like hadronization are hard to disentangle.

Thus this task is ideally suited for artificial intelligence.

In this paper, we have applied machine learning techniques developed for computer vi-

sion, namely deep convolutional artifical neural networks, to the quark/gluon di↵erentiation

problem. Overall, we find excellent performance of the deep networks. In particular, these

networks, which use essentially no input about the physics underlying the di↵erences be-

tween these two jet types, performs as well or better than a collection of the best physically

motivated observables from other studies (see Table 1).

– 17 –
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19How to estimate precision syst. uncerts.

…brief aside #2: just because  
doesn’t mean that the uncertainty is zero!

ptrain = ptrue
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…brief aside #2: just because  
doesn’t mean that the uncertainty is zero!

ptrain = ptrue

2205.05084

8

(a) (b)

FIG. 1. (a) 2D Histogram of the reconstructed value xD distribution versus the true value zT distribution, in the Gaussian
example with µ = 0, ‡ = 1, and ‘ = 2. The dashed line represents a linear fit to the data points. (b) For test values of xD,
the vertical axis is the calibrated target value ẑT (xD). The blue dots are the results from a numerical MSE fit fMSE(xD), and
the error bars correspond to the numerical point resolution �MSE(xD), with the analytic prediction in the red dotted line. For
comparison, the Gaussian Ansatz calibration is indicated by the red points fMLC(xD), with the error bars indicating the point
resolution �MLC(xD). For both fits, the colored lines and bands are the analytically expected results for the fits and resolutions,
respectively.

(a) (b)

FIG. 2. The same MSE results as Fig. 1b, but plotted in bins of true zT rather than xD. Points correspond to numerical fit
results with associated resolution �MSE(zT ), while the dashed lines and bands correspond to analytic results. Multiple values of
the prior parameters (a) µ and (b) ‡ are shown to illustrate the prior dependence of the bias. Though not shown, we verified
that the Gaussian Ansatz gives results consistent with the unbiased calibration in dashed red.

MLC, Gaussian Ansatz ~ Maximum Likelihood



21How to estimate bias stat. uncerts.

Can be estimated via 
bootstrapping.  Less painful here 

because the NN’s are fixed.



22How to estimate bias syst. uncerts.

This is the trickiest one…

…because we need the 
uncertainty on the modeling of x 
and x can be high-dimensional!

In many cases, the uncertainties factorize, e.g. the 
uncertainty on two photon energies can be 

decomposed into the uncertainty on each photon.

However, in many cases, we simply do not know the full 
uncertainty model (= nuisance parameters and their distribution)



23High-dimensional Bias Uncertainties

One word of caution: current paradigm for uncertainties 
may be too naive for high-dimensional analysis! 

e.g. for some uncertainties, we often compare two 
different models - one nuisance parameter.

(truly end-to-end)
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How can we even see how sensitive we 
are to high-dimensional effects?
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One word of caution: current paradigm for uncertainties 
may be too naive for high-dimensional analysis! 

e.g. for some uncertainties, we often compare two 
different models - one nuisance parameter.

(truly end-to-end)

How can we even see how sensitive we 
are to high-dimensional effects?

One (worse case?) Answer: borrow tools from AI Safety



26AI Safety

K. Eykholt et. al, 1707.08945

Figure 1: The left image shows real graffiti on a Stop sign,
something that most humans would not think is suspicious.
The right image shows our a physical perturbation applied
to a Stop sign. We design our perturbations to mimic graffiti,
and thus “hide in the human psyche.”

the viewing camera. Additionally, other practicality chal-
lenges exist: (1) Perturbations in the digital world can be
so small in magnitude that it is likely that a camera will not
be able to perceive them due to sensor imperfections. (2)
Current algorithms produce perturbations that occupy the
background imagery of an object. It is extremely difficult
to create a robust attack with background modifications be-
cause a real object can have varying backgrounds depending
on the viewpoint. (3) The fabrication process (e.g., printing
of perturbations) is imperfect.

Informed by the challenges above, we design Robust
Physical Perturbations (RP2), which can generate perturba-
tions robust to widely changing distances and angles of the
viewing camera. RP2 creates a visible, but inconspicuous
perturbation that only perturbs the object (e.g. a road sign)
and not the object’s environment. To create robust perturba-
tions, the algorithm draws samples from a distribution that
models physical dynamics (e.g. varying distances and an-
gles) using experimental data and synthetic transformations
(Figure 2).

Using the proposed algorithm, we evaluate the effective-
ness of perturbations on physical objects, and show that
adversaries can physically modify objects using low-cost
techniques to reliably cause classification errors in DNN-
based classifiers under widely varying distances and angles.
For example, our attacks cause a classifier to interpret a
subtly-modified physical Stop sign as a Speed Limit 45 sign.
Specifically, our final form of perturbation is a set of black
and white stickers that an adversary can attach to a physical
road sign (Stop sign). We designed our perturbations to re-
semble graffiti, a relatively common form of vandalism. It
is common to see road signs with random graffiti or color
alterations in the real world as shown in Figure 1 (the left
image is of a real sign in a city). If these random patterns
were adversarial perturbations (right side of Figure 1 shows
our example perturbation), they could lead to severe conse-
quences for autonomous driving systems, without arousing
suspicion in human operators.

Given the lack of a standardized method for evaluating

Figure 2: RP2 pipeline overview. The input is the target Stop
sign. RP2 samples from a distribution that models physical
dynamics (in this case, varying distances and angles), and
uses a mask to project computed perturbations to a shape
that resembles graffiti. The adversary prints out the resulting
perturbations and sticks them to the target Stop sign.

physical attacks, we draw on standard techniques from the
physical sciences and propose a two-stage experiment de-
sign: (1) A lab test where the viewing camera is kept at
various distance/angle configurations; and (2) A field test
where we drive a car towards an intersection in uncontrolled
conditions to simulate an autonomous vehicle. We test our
attack algorithm using this evaluation pipeline and find that
the perturbations are robust to a variety of distances and
angles.
Our Contributions. Figure 2 shows an overview of our
pipeline to generate and evaluate robust physical adversarial
perturbations.

1. We introduce Robust Physical Perturbations (RP2) to
generate physical perturbations for physical-world ob-
jects that can consistently cause misclassification in a
DNN-based classifier under a range of dynamic physi-
cal conditions, including different viewpoint angles and
distances (Section 3).

2. Given the lack of a standardized methodology in eval-
uating physical adversarial perturbations, we propose
an evaluation methodology to study the effectiveness
of physical perturbations in real world scenarios (Sec-
tion 4.2).

3. We evaluate our attacks against two standard-
architecture classifiers that we built: LISA-CNN with
91% accuracy on the LISA test set and GTSRB-CNN
with 95.7% accuracy on the GTSRB test set. Using two
types of attacks (object-constrained poster and sticker
attacks) that we introduce, we show that RP2 produces
robust perturbations for real road signs. For example,
poster attacks are successful in 100% of stationary and
drive-by tests against LISA-CNN, and sticker attacks
are successful in 80% of stationary testing conditions
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physical attacks, we draw on standard techniques from the
physical sciences and propose a two-stage experiment de-
sign: (1) A lab test where the viewing camera is kept at
various distance/angle configurations; and (2) A field test
where we drive a car towards an intersection in uncontrolled
conditions to simulate an autonomous vehicle. We test our
attack algorithm using this evaluation pipeline and find that
the perturbations are robust to a variety of distances and
angles.
Our Contributions. Figure 2 shows an overview of our
pipeline to generate and evaluate robust physical adversarial
perturbations.

1. We introduce Robust Physical Perturbations (RP2) to
generate physical perturbations for physical-world ob-
jects that can consistently cause misclassification in a
DNN-based classifier under a range of dynamic physi-
cal conditions, including different viewpoint angles and
distances (Section 3).

2. Given the lack of a standardized methodology in eval-
uating physical adversarial perturbations, we propose
an evaluation methodology to study the effectiveness
of physical perturbations in real world scenarios (Sec-
tion 4.2).

3. We evaluate our attacks against two standard-
architecture classifiers that we built: LISA-CNN with
91% accuracy on the LISA test set and GTSRB-CNN
with 95.7% accuracy on the GTSRB test set. Using two
types of attacks (object-constrained poster and sticker
attacks) that we introduce, we show that RP2 produces
robust perturbations for real road signs. For example,
poster attacks are successful in 100% of stationary and
drive-by tests against LISA-CNN, and sticker attacks
are successful in 80% of stationary testing conditions

There is a vast literature 
on how easy it is to 

“attack” a NN.
They want to know: how subtle 

can an attack be and still 
significantly impact the output.

We know (hope?!) 
that nature is not evil, 
but these tools can 
help us probe the 
high-dimensional 

sensitivity of our NNs.
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represents a worst-case scenario only for a specific class
of mismodeling. As it turns out, even this restricted form
of attack can have surprisingly large e↵ects; we leave the
assessment of sensitivity to more general attack models
to future work.

The adversarial network is trained by minimizing sep-
arate loss functions for signal and background defined
by:

Lsig = log(1� f(g(J))), (2)

Lbg = �cls(f(J)� f(g(J)))2

+
X

i

�(i)
obs(O

(i)(J)�O
(i)(g(J))2 . (3)

Lsig is the categorical crossentropy, which impels g to
modify signal jets so as to be labeled as background by f .
The first term of Lbg minimizes changes between the tar-
get network’s response to the jet before and after the ad-
versarial perturbation. The functions O(i)(J) : R3N

! R
represent any features of interest to be preserved. The

tunable hyperparameters �cls,�
(i)
obs � 0 encode the ad-

versary’s preference to preserve the target network re-
sponse and observable features, respectively, for back-
ground events.

In our experiments, g is a fully-connected network with
4 hidden layers, each with 300 units and ReLU activation.
The penultimate layer has 64⇥3 units, with tanh activa-
tion. Analogously to the sign function in Eq. 1 and the
bounding parameters ✏ in Sec. III A, the outputs of the fi-
nal layer are bounded by applying a tanh activation, and
the axes corresponding to pT, ⌘, and � are scaled by pa-
rameters ⇢pT , ⇢⌘, and ⇢�, respectively. The output of this
layer represents a di↵erential change in the input jet, �J .
The final layer is essentially a residual skip-connection
layer computing J + �J as described in Sec. IIIA.

Separate adversaries are trained for each of the HL
and LL benchmark networks. In all cases, the bounding
magnitude of the constituent perturbations are fixed at
~⇢ = 0.02, which is slightly larger than the scale of pertur-
bations for the FGSM. Two observable constraints are in-
cluded in Lbg: the jet mass and pT. The parameters �cls

and �obs are tuned by training until either convergence
or until certain validation criteria are violated. The val-
idation criteria are met when the Kolmogorov-Smirno↵
(KS) test statistic between perturbed and unperturbed
background distributions are below heuristically-defined
thresholds of 0.04 for jet mass and pT, and 0.02 for clas-
sifier response. In practice, these thresholds would be
set by the data statistics as well as the size of known
experimental uncertainties. A more realistic test in prac-
tice is to consider the �2 agreement between validation
histograms evaluated in an unblinded control region, as
illustrated in Fig. 1 for the case of the LL network.

FIG. 1: Illustration of typical validation procedure.
Pseudodata (black points) are sampled from the BG

distribution with the adversarial perturbation applied; solid
histograms show the unperturbed BG model. Top: The
unshaded control region in this case is defined where the

signal e�ciency is expected to be less than 10%; the shaded
region would typically be blinded when designing an

experiment. The green vertical line indicates the expected
optimal signal region. Middle, Bottom: The jet pT and mass

distributions for events in the control region. Good
agreement is observed between the “observed” pseudodata

and the expected background model in the control region for
all three observables. The �2/ndf values are 14.7/14,

25.0/40, and 37.8/40 repsectively.

IV. RESULTS

To quantify the e↵ect of these adversarial attacks, we
consider a simplified example of a typical experimental
analysis in HEP. If S and B are the predicted number of
signal and background events, respectively, then in the
asymptotic limit (S +B � 1, S ⌧ B [30]), the expected
statistical significance of an observation with respect to
the background-only hypothesis is S/

p
B, in units of

standard deviations. After considering only events that
pass a classifier threshold, the relative change in the sig-
nificance is ✏S/

p
✏B , where ✏S is the true positive rate

(signal e�ciency) and ✏B is the false positive rate (back-
ground e�ciency). A classifier is only useful for improv-
ing the sensitivity of a search if this relative discovery

significance exceeds unity. The relative discovery signif-

J = collision event (in all of its high-dimensional glory)

f = fixed classifier for S vs. B

g is a learned NN that maps J to J + 𝛿J.

O(J) are observables that are validated in a control region.
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“worst-case uncertainty”
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ing is interruped early on, the susceptibility to the ad-
versarial attack is reduced, and tends to increase with
additional training. In particular, when the LL network
is trained only to the same level of performance as the
HL network, it is nearly impervious to the adversarial
attack. We hypothesize that the additional information
the LL network uses in order to outperform the HL net-
work is more sensitive to small-scale perturbations than
the theoretically-motivated HL observables. Although
this e↵ect seems to have spurious counterexamples due
to random network initialization, the trend may suggest
that undertraining very sensitive HDLL networks could
be be a useful regularization technique to build in analy-
sis robustness, while still providing a performance boost
relative to HL architectures.

FIG. 4: E↵ect of adversarial mismodeling on discovery
significance, for high-level and low-level feature networks.

The vertical gray line indicates the expected optimal
selection threshold, which di↵ers by about 25% from the

“true” significance when taking the adversarial perturbation
into account. The HL network’s expected sensitivity di↵ers
by about 15% from the true value. While the fully-trained
low-level network is expected to perform better than the
high-level network, it is also more strongly a↵ected by an
adversarial attack. However, when the LL network is

deliberately undertrained, its susceptibility is reduced. Also
shown is the e↵ect induced by randomly perturbing

constituents by a uniform distribution in the range [�⇢,+⇢].

Representative HL features and the classifier distribu-
tions for the adversarial attack are presented in Fig. 5.
Even though both signal and background jets are sub-
jected to the same adversary, the background distribu-
tions are nearly identical before and after the perturba-
tion. In contrast, the classifier response and mass dis-
tributions are noticeably distorted for the signal. This
allows the systematic mismodeling induced by the ad-
versary to go undetected in typical experimental condi-
tions, as shown in Fig. 1. The green line delineating
the signal region corresponds to the maximum discovery
significance expected based on the simulated signal and
background models. The shaded region, defined as the
region in which expected signal e�ciency exceeds 10%,
is taken to be blinded during experimental design and
validation phase. ‘Observations’ are samples from the
perturbed simulation and the ‘Expected’ prediction is
the unperturbed simulation. The jet pT and mass dis-

tributions in the validation region agree well between the
Observed and Expected values to within statistical un-
certainty. Despite this apparent agreement, due to the
adversary’s e↵ect on jets in the signal region, the dis-
covery sensitivity for a potential signal at the predicted
optimal working point is reduced by about 25% as shown
in Fig. 4.

FIG. 5: Comparison of the e↵ect the adversarial network
perturbations on the LL and HL classifier response, as well

as various jet observables.

1910.08606
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Train with more events!

…maybe use NN’s to help with that

See 1705.02355 and the papers that cite it; also see 2008.06545 and 2202.07352 to study the amplification factor.
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Figure 6. Left: Distributions of signal and background events without selection. Right: Back-
ground distributions at 50% signal e�ciency (true positive rate) for di↵erent classifiers. The un-
constrained classifier sculpts a peak at the W -boson mass, while other classifiers do not.

Figure 7. Decorrelation versus background-rejection power showing that MoDe[0] performs sim-
ilarly to existing state-of-the-art decorrelation methods.

3.2.3 Beyond Decorrelation

Moving beyond decorrelation the 1/JSD metric is no longer relevant. Figure 6 shows that

neither MoDe[1] nor MoDe[2] sculpts a peaking structure in the background, but their

1/JSD values are small since neither seeks to decorrelate from the mass. Therefore, we

replace the 1/JSD metric with the signal bias induced by the classifier selection, which

is what actually matters when searching for resonant new physics. Specifically, we use

the signal estimators obtained by fitting the selected background-only samples to a simple

polynomial function as proxies for the signal biases. These are divided by their uncertainties

such that values of roughly unity are consistent with no bias, while values significantly larger

– 13 –

See 2010.09745, 2001.05310, 1611.01046
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replace the 1/JSD metric with the signal bias induced by the classifier selection, which
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Be careful about theory uncertainties!

2109.08159

result of approximations when performing calculations and are also due to parameter free-

dom in phenomenological models that are needed when first-principles calculations are not

possible. The canonical examples for these two types of uncertainties are perturbative

uncertainties from series truncation and fragmentation modeling. For the former, calcu-

lations are truncated at a fixed order in perturbation theory and the result depends on

unphysical scales. These scales are varied typically by factors of two in order to determine

the uncertainty. Fragmentation modeling uncertainties are often evaluated by comparing

two di↵erent models, such as the string model [29, 30] in the Pythia [31, 32] parton shower

Monte Carlo (PSMC) and the cluster model [33, 34] in the Herwig [35, 36] PSMC. These

variations are then interpreted as a one standard deviation uncertainty and combined with

other sources of uncertainty in a final statistical analysis.

We examine the interplay of decorrelation with theory uncertainties. In particular,

we will show that constructing a classifier that is independent of a given theory nuisance

parameter does not mean that the theory uncertainty is zero. Instead, it means that

the only handle to determine the theory uncertainty is eliminated. Figure 1 illustrates the

intuition behind why this might be the case. As concrete examples, we study fragmentation

modeling for Lorentz-boosted W boson jet classification and factorization scale variations

when classifying events as either from W+jets or t-channel single top quark events.

Pythia

Herwig

Sherpa

Next year’s 
generator

Nature

Estimated Uncertainty

Without Decorrelation

Pythia
Herwig

Sherpa

Next year’s 
generator

Nature

Estimated Uncertainty

With Decorrelation

Figure 1. An illustration of the potential impact of training a classifier to be decorrelated to
two-point uncertainties. The distance between Pythia and Herwig is treated as the uncertainty.
Left: Without decorrelation, the uncertainty covers nature even if nature does not lie on the line
connecting Pythia and Herwig. Right: The distance between Pythia and Herwig is reduced
due to the decorrelation requirement, resulting in a smaller estimate of the uncertainty, which no
longer covers nature. These diagrams are meant only to be intuitive illustrations.

This paper is organized as follows. Section 2 briefly introduces existing decorrela-

tion techniques. Numerical examples of both two-point and continuous uncertainties are

provided in Sec. 3. The paper ends with conclusions and outlook in Sec. 4.

– 2 –
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Let the analysis depend explicitly on the 
nuisance parameters and profile.

Option 2 (“uncertainty-awareness”):

2105.08742 (and refs within)
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the o�cial ATLAS software [65]. The three largest back-
grounds from Z/�

⇤ ! ⌧⌧ , tt̄ and W + jets are simulated
with the same chain and mixed in proportions deter-
mined by their relative cross sections. Di↵erent aspects
of the Z/�

⇤ ! ⌧⌧ background are simulated with Alp-

gen, Pythia8, Herwig, and Sherpa [66]; the details
can be found in Table 1 of Ref. [58]. The tt̄ background is
simulated with Powheg and Pythia8 and the W +jets
background is simulated withAlpgen [67] and Pythia8.

(a) Data generated with z = ⇡
4 .

(b) Data generated with z = ⇡
2 .

FIG. 6: The profile likelihood maxz L(µ, z) as a
function of the parameter of interest, µ for likelihoods

calculated with templates built from the various
classifiers. Narrower curves indicate more precise

measurements having accounted for systematic and
statistical uncertainties. The baseline classifier assumes

z = ⇡
4 , and matches the performance of the

uncertainty-aware classifier in data generated with
z = ⇡

4 (top). In data generated with z = ⇡
2 , the power

of all classifiers other than the uncertainty-aware
classifier become significantly weaker.

Each event is characterized by 29 features2, including the
lepton momenta and angles, the magnitude and direction
of missing transverse momentum, the energy and angles
of leading and sub-leading jets, and several other primary
and derived variables. See Ref. [56] for details.
The most important nuisance parameter is the un-

known absolute energy scale of the hadronically decaying
⌧ leptons. We follow prior studies [52, 59] and model this
using a skewing function [69] which is applied to the ⌧ lep-
ton ET, for signal and background alike. The minimum
ET threshold of 22 GeV is applied after skewing.
At the nominal value of the nuisance parameter, z = 1,

the ⌧ lepton energies are left unchanged. The impact of
z = 0.9 or 1.1, on several features is shown in Fig. 7.
The (unweighted) total number of events that pass the
ET threshold for the z = 0.9, z = 1 and z = 1.1 datasets
are 618906, 719349 and 818201 respectively. The data are
split into training and test set in the ratio 2:1. Since the
data at various values of z are generated from the nominal
sample, the samples are to a large extent correlated. The
train-test split therefore is determined before the skewing
function and ET threshold are applied, ensuring complete
independence between training and test sets.
Thirty bins are used to construct the template and

observed histograms.

A. Description of Trained Models

All methods were implemented using neural networks.
The baseline classifier was trained only on data at z = 1,
while the data augmentation classifier, uncertainty-aware
classifier and the adversarial classifier are all trained at
24 values spaced between z = 0.7 and z = 1.4. Two
additional classifiers were also trained on data at z = 0.8
and z = 1.1 to estimate the best possible performance
for an unparameterized classifier at these values of the
nuisance parameter.
Technical details about the training procedure and ar-

chitectures of the models are given below.

1. Baseline Classifier

The neural network comprises 10 hidden layers with
512 nodes each, ReLU activations and L2 kernel regu-
larizers for all but the first hidden layer and a final layer
with a single node and sigmoid activation. It was trained
with an RMSProp optimizer, BCE loss and a batch size
of 4096.

2 The DER mass MMC feature listed in Ref. [56] was not included
in the studies, following precedent set by Ref. [52], because the
Missing Mass Calculator [68] is slow to run and as an MCMC
algorithm, introduces an additional source of stochasticity which
makes comparisons di�cult.
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1806.04743 and papers that cite it(a) inference-aware training loss (b) profile-likelihood comparison

Figure 4: Dynamics and results of inference-aware optimisation: (a) square root of inference-loss
(i.e. approximated standard deviation of the parameter of interest) as a function of the training step for
10 different random initialisations of the neural network parameters; (b) profiled likelihood around the
expectation value for the parameter of interest of 10 trained inference-aware models and 10 trained
cross-entropy loss based models. The latter are constructed by building a uniformly binned Poisson
count likelihood of the conditional signal probability output. All results correspond to Benchmark 2.

Table 1: Expected uncertainty on the parameter of interest s for each of the inference benchmarks
considered using a cross-entropy trained neural network model, INFERNO customised for each
problem and the optimal classifier and likelihood based results. The results for INFERNO matching
each problem are shown with bold characters.

Benchmark 0 Benchmark 1 Benchmark 2 Benchmark 3 Benchmark 4

NN classifier 14.99+0.02
≠0.00 18.94+0.11

≠0.05 23.94+0.52
≠0.17 21.54+0.27

≠0.05 26.71+0.56
≠0.11

INFERNO 0 15.51+0.09
≠0.02 18.34+5.17

≠0.51 23.24+6.54
≠1.22 21.38+3.15

≠0.69 26.38+7.63
≠1.36

INFERNO 1 15.80+0.14
≠0.04 16.79+0.17

≠0.05 21.41+2.00
≠0.53 20.29+1.20

≠0.39 24.26+2.35
≠0.71

INFERNO 2 15.71+0.15
≠0.04 16.87+0.19

≠0.06 16.95+0.18
≠0.04 16.88+0.17

≠0.03 18.67+0.25
≠0.05

INFERNO 3 15.70+0.21
≠0.04 16.91+0.20

≠0.05 16.97+0.21
≠0.04 16.89+0.18

≠0.03 18.69+0.27
≠0.04

INFERNO 4 15.71+0.32
≠0.06 16.89+0.30

≠0.07 16.95+0.38
≠0.05 16.88+0.40

≠0.05 18.68+0.58
≠0.07

Optimal classifier 14.97 19.12 24.93 22.13 27.98
Analytical likelihood 14.71 15.52 15.65 15.62 16.89

be compared with the corresponding one obtained by uniformly binning the output of classification-
based models in 10 bins, 24.01 ± 0.36. The models based on cross-entropy loss were trained during
200 epochs using a mini-batch size of 64 and a fixed learning rate of “ = 0.001.

A more complete study of the improvement provided by the different INFERNO training procedures
is provided in Table 1, where the median and 1-sigma percentiles on the expected uncertainty on s

are provided for 100 random-initialised instances of each model. In addition, results for 100 random-
initialised cross-entropy trained models and the optimal classifier and likelihood-based inference are
also included for comparison. The confidence intervals obtained using INFERNO-based summary
statistics are considerably narrower than those using classification and tend to be much closer to those
expected when using the true model likelihood for inference. Much smaller fluctuations between
initialisations are also observed for the INFERNO-based cases. The improvement over classification
increases when more nuisance parameters are considered. The results also seem to suggest the
inclusion of additional information about the inference problem in the INFERNO technique leads to
comparable or better results than its omission.

Given that a certain value of the parameters ◊s has been used to learn the summary statistics as
described in Algorithm 1 while their true value is unknown, the expected uncertainty on s has also
been computed for cases when the true value of the parameters ◊true differs. The variation of the
expected uncertainty on s when either r or ⁄ is varied for classification and inference-aware summary

10
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Learn directly from data and 
avoid simulations altogether !



43Case where we don’t have ptrue
Option 4:

e.g. 1708.02949.  Of course, this is not always possible and there 
may be other uncertainties related to the learning assumptions.

(a) (b)

Figure 4. Training performance of the CWoLa method on two mixed samples with f1 = 1 � f2

quark fraction. Shown are the range of AUC values obtained from 10 repetitions of training the neural
network on (a) 25k events and (b) 150k events for 10 epochs.
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Figure 5. Quark/gluon discrimination performance in terms of (a) ROC curves and (b) SI curves.
Shown are results for the dense net trained on 150k pure samples, and then with CWoLa on f1 = 80%
versus f2 = 20% mixed samples, as well as the input observables individually. The classifier trained
on the mixed samples achieves similar performance to the classifier trained on the pure samples, with
improvement in performance over the input observables.

– 12 –

Learn directly from data and 
avoid simulations altogether !

Dashed line 
= ~no labels!
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“But what are the uncertainties on the NN”?
- question asked by every reviewer

Goal: let’s sharpen this question and 
explore various cases and related topics.

Outline:

- Uncertainty Landscape with ML 
- Reducing Uncertainties with ML 
- Conclusions / Outlook
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Deep Convolutional Architectures for  
Jet-Images at the Large Hadron Collider

Introduction 
The Large Hadron Collider (LHC) at CERN is the largest and most powerful particle accelerator in 
the world, collecting 3,200 TB of proton-proton collision data every year. A true instance of Big 
Data, scientists use machine learning for rare-event detection, and hope to catch glimpses of new 
and uncharted physics at unprecedented collision energies.  

Our work focuses on the idea of the ATLAS detector as a camera, with events captured as 
images in 3D space. Drawing on the success of Convolutional Neural Networks in Computer 
Vision, we study the potential of deep leaning for interpreting LHC events in new ways.

The ATLAS detector 
The ATLAS detector is one of the two general-purpose experiments at the LHC. The 100 million 
channel detector captures snapshots of particle collisions occurring 40 million times per second. 
We focus our attention to the Calorimeter, which we treat as a digital camera in cylindrical space. 
Below, we see a snapshot of a 13 TeV proton-proton collision.

LHC Events as Images 
We transform the ATLAS coordinate system (η, φ) to a rectangular grid that allows for an image-
based grid arrangement. During a collision, energy from particles are deposited in pixels in (η, φ) 
space. We take these energy levels, and use them as the pixel intensities in a greyscale analogue. 
These images — called Jet Images — were first introduced by our group [JHEP 02 (2015) 118], 
enabling the connection between LHC physics event reconstruction and computer vision.. We 
transform each image in (η, φ), rotate around the jet-axis, and normalize each image, as is often 
done in Computer Vision, to account for non-discriminative difference in pixel intensities.  

In our experiments, we build discriminants on top of Jet Images to distinguish between a 
hypothetical new physics event, W’→ WZ, and a standard model background, QCD.  

Jet Image

Convolution Max-Pool Convolution Max-Pool Flatten

Fully  
Connected 
ReLU Unit

ReLU Dropout ReLU Dropout
Local 

Response 
Normalization

W’→ WZ event

Convolutions
Convolved  

Feature Layers

Max-Pooling

Repeat

Physics Performance Improvements 
Our analysis shows that Deep Convolutional Networks significantly improve the classification of 
new physics processes compared to state-of-the-art methods based on physics features, 
enhancing the discovery potential of the LHC.  More importantly, the improved performance 
suggests that the deep convolutional network is capturing features and representations beyond 
physics-motivated variables.  

Concluding Remarks 
We show that modern Deep Convolutional Architectures can significantly enhance the discovery 
potential of the LHC for new particles and phenomena. We hope to both inspire future research 
into Computer Vision-inspired techniques for particle discovery, and continue down this path 
towards increased discovery potential for new physics.

Difference in average 
image between signal 

and background

Deep Convolutional Networks 
Deep Learning — convolutional networks in particular — currently represent the state of the art in 
most image recognition tasks. We apply a deep convolutional architecture to Jet Images, and 
perform model selection. Below, we visualize a simple architecture used to great success.  

We found that architectures with large filters captured the physics response with a higher level of 
accuracy. The learned filters from the convolutional layers exhibit a two prong and location based 
structure that sheds light on phenomenological structures within jets. 

Visualizing Learning 
Below, we have the learned convolutional filters (left) and the difference in between the average 
signal and background image after applying the learned convolutional filters (right). This novel 
difference-visualization technique helps understand what the network learns.

2D  
Convolutions 
to Jet Images

Understanding Improvements 
Since the selection of physics-driven variables is driven by physical understanding, we want to be 
sure that the representations we learn are more than simple recombinations of basic physical 
variables. We introduce a new method to test this — we derive sample weights to apply such that 

meaning that physical variables have no discrimination power. Then, we apply our learned 
discriminant, and check for improvement in our figure of merit — the ROC curve.

Standard physically motivated 
discriminants — mass (top)  
and n-subjettiness (bottom)

Receiver Operating Characteristic

Notice that removing out the individual effects of 
the physics-related variables leads to a likelihood 
performance equivalent to a random guess, but 
the Deep Convolutional Network retains some 
discriminative power. This indicates that the deep 
network learns beyond theory-driven variables — 
we hypothesize these may have to do with 
density, shape, spread, and other spatially driven 
features.

Luke de Oliveiraa, Michael Aaron Kaganb, Lester Mackeyc, Benjamin Nachmanb, Ariel Schwartzmanb 

 
aStanford University, Institute for Computational and Mathematical Engineering (ICME), bSLAC National Accelerator Laboratory,  cStanford University, Department of Statistics 

AI/ML has a great potential 
to enhance, accelerate, and 
empower HEP/NP analyses

In order to make the best use 
of these tools, we need to 

ensure that they are robust

A tool is only as good 
as its calibration !

Hopefully I have helped clarify a little when we are uncertain 
with ML-based analyses and how to improve for the future!
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