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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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2Differentiable Simulation

1 Introduction

1.1 Executive Summary

Ab initio simulations with the same level of detail as experimental data are a critical input for nearly
all aspects of High Energy Physics (HEP). The computational expense of running these simulations
often prohibits their direct integration in high-dimensional statistical analysis. Instead, synthetic
datasets are generated first, often on High Performance Computing (HPC) resources. These static
datasets are analyzed alongside experimental data, usually as low-dimensional summary statistics,
reducing the sensitivity and computational e�cacy. We propose a new paradigm for integrating
simulation and inference by making HEP simulations di↵erentiable with respect to their inputs.
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Figure 1: Schematic Diagram of the Towards Uni-
fying Simulation and Inference.

Simulations in HEP are composed of the
three components highlighted in Fig. 1: first-
principles calculations, phenomenological mod-
els, and detector interactions. Examples of
first-principles calculations include (1) Parton
Shower Event Generator (PSEG) programs,
based on a leading logarithmic approximation
to final state radiation in Quantum Chromody-
namics (QCD), and (2) Cosmological N -body
simulations of the gravitational evolution of
dark matter. Hadronization models that trans-
form the quarks and gluons from the PSEG
to observable hadrons are constructed as phe-
nomenological models, as are simulations that
map dark matter distributions onto observable
galaxies. Detector simulations are often based
on programs like Geant4 [1], which model elec-
tromagnetic and nuclear interactions with mat-
ter.

Each of these simulation steps can be de-
scribed by a function that maps a set of ran-
dom numbers and fixed parameters to struc-
tured data. Some of the input random num-
bers will be physically interesting (e.g., particle
momenta) and some will be nuisance degrees of
freedom (e.g., detector noise). Making a simu-

lation di↵erentiable means that one can compute gradients of the simulation function with respect
to any of the inputs.

Di↵erentiable simulations have many advantages over traditional simulations. Most impor-
tantly, simulations that are di↵erentiable can be used for optimal inference and provide a natural
method for uncertainty quantification. This will significantly enhance the physics capabilities,
such as (Beyond) the Standard (Cosmological) Model parameter estimation, of existing and future
experiments across frontiers. Additionally, di↵erentiable simulations can be used for automated
optimization of experimental apparatuses as well as control and operation. When based on tools
like TensorFlow [2], JAX [3], or PyTorch [4], di↵erentiable simulations are automatically compati-
ble with and benefit from strong community support for performant implementations on Graphical
Processing Units (GPUs) and can be readily combined with machine learning (ML) methods. This

1

What is a differentiable 
simulation?

A differentiable 
parton shower

Other differentiable 
simulations

Outlook/
conclusions



3Differentiable Simulation

X ∼ 𝒩(μ, σ)
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9Why event moving?

Most of the workhorse HEP simulations are written in C++, with a small number of codes written
in fortran or python. As a Markov Chain, each step of Fig. 2 can be run independently given the
the previous simulator output. Many of these codes are routinely run on HPC resources [12–14].
Generating a synthetic dataset in the event model is embarrassingly parallel across events.

Combining Simulations with Data Synthetic datasets, each consisting of many events or one
universe, are compared with data to determine the parameters of interest (✓).

� = �1

� = �?

� = �2

� = �3

Experimental 
Data

Dimensionality 
reduction

Figure 3: An illustration of how
simulations are combined with
data to perform inference.

Currently, this proceeds in three steps as illustrated in Fig. 3.
First, a set of synthetic datasets are generated with various
values of ✓. Then, the experimental and synthetic data are
passed through a dimension reduction step. Even though the
data can be very high dimensional, typically each dataset is
reduced to a one-dimensional representation (e.g., a histogram
in HEP or a power spectrum in cosmology). The same dimen-
sion reduction is applied to data and simulation. Finally, the
reduced representations of data and simulation are compared.
The ✓ corresponding to the synthetic dataset that is the best
match to data is declared the fitted value. Depending on the
definition of ‘best match’, synthetic datasets from nearby pa-
rameter values are then used to estimate uncertainties.

For example, the most precise measurement of the top
quark mass from ATLAS (✓ = mtop) uses five synthetic
datasets and a maximum likelihood metric for the ‘best match’
using a product of three one-dimensional histograms (with
Poisson likelihoods for data counts) [15]. Simulating a single
event takes a few minutes for top quarks [16], which severely
limits the number of synthetic datasets that can be generated4.
The dimensionality of the inference is limited to one dimension
because of the need to interpolate precisely between simula-
tions produced with the coarsely spaced ✓ values.

Another example is the extraction of neutrino masses and parameters related to dark energy
from cosmological observables. The standard approach is to use simulations of the power spectrum
(the Fourier transform of the 2-point correlation function). Currently, the most powerful experiment
to investigate neutrinos and dark energy from cosmology, the ongoing DESI survey [11], requires
many hundreds of simulations for the computation of the covariance matrix alone, required in the
traditional analysis where the theory is computed analytically. For an optimal analysis, where the
theoretical models are derived from accurate simulations, and in which parameters are estimated
through classical Markov Chain Monte Carlo (MCMC) methods (without gradients), millions of
simulations would be required. Each of these simulations, which needs to cover a volume larger
than that spanned by the survey, takes several tens of hours of compute time on a cluster for
each set of cosmological parameters [17]. As in the collider physics case, dimensionality reduction
is required due to the expense of the simulation and the need to interpolate simulations between
parameter values.

4A synthetic dataset would typically include hundreds of millions events

4
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10A brief word on Autodiff

1.3 Potential of Di↵erentiable Simulators

Di↵erentiability A simulation is di↵erentiable if it is e�cient to compute the derivative with
respect to the input parameters. In the harmonic oscillator example above, this means that one
can compute @x/@!, @x/@µ, @x/@�, and @x/@z. In the event model, there would be many xi and
di↵erentiability would mean that one can compute derivatives of xi with respect to the parameters of
interest and the nuisance parameters zi. In principle, finite di↵erence methods are always available
for computing gradients. However, this approach does not scale well to many dimensions. When we
refer to di↵erentiability, we are specifically referring to automatic di↵erentiation (autodi↵) whereby
gradients are tracked through the simulation function and can readily achieve machine precision.
An e↵ective autodi↵ approach will balance speed with memory e�ciency.

Simulation 
Outputs, xj

Simulation 
Inputs

Intermediate 
values & 

computations

(Parameters of 
interest & nuisance 

parameters)

z0 zN

f(z0, . . . , zN)
z̃ =

z̃ �xj

�z̃

�xj

�z0

�xj

�zN

Forward pass
Backward pass

�xj

�zi
= �xj

�z̃
�z̃
�zi

Figure 4: An illustration of the back propa-
gation algorithm for computing gradients.

There are a variety of approaches to autodi↵
that vary in how they keep track of the gradients
through the simulation program. One common tool
is back propagation, which is the autodi↵ tool most
well-known from computing gradients of neural net-
works. Back propagation caches the function value
and derivative of each substep of the function ex-
ecution as illustrated in Fig. 4. In particular, the
simulation function is decomposed into elementary
operations with multiple intermediate steps. A for-
ward pass through the function stores all interme-
diate values. Then, a backwards pass through the
function computes gradients based on the function
values and the chain rule. A common feature of au-
todi↵ methods is that they require little computa-
tional overhead. However, some methods (like back

propagation) have a significant memory footprint from storing intermediate values during the com-
putations.

There are a variety of standard C++ and Python tools for performing autodi↵. The Python

tools are particularly widespread because they are naturally compatible with deep learning and
running on GPUs. These tools include TensorFlow, JAX, and PyTorch. The newest of these, JAX,
is particularly popular because it provides an interface that is a drop-in replacement for numpy [18]
functions and thus requires the least new syntax.

Optimal Inference In the current analysis paradigm, low-dimensional summary statistics are
used because of the need to morph simulations corresponding to nearby parameter values. With
di↵erentiable simulations, one can morph a simulation with parameter ✓ into one with parameter
✓ + �✓. This morphing benefits from having all the same nuisance parameters, which reduces the
simulation statistical uncertainty that often reduces analysis precision.

Suppose that L is a function that compares a synthetic dataset (many events or one universe)
to experimental data. In the current paradigm, L projects the data into a low-dimensional sum-
mary statistic and then compares these quantities (e.g., with a �2 metric). With a di↵erentiable
simulation, L is not restricted to such low-dimensional statistics. For example, L could be the
log likelihood, comparing directly the simulation, which depends on a high dimensional set of pa-
rameters (both nuisance parameters z and parameters of interest ✓), to the high dimensional data
(feature space). In this context it is useful to have a di↵erentiable simulation with respect to all of
its parameters. As another example, L could be a neural network trained to distinguish synthetic

5



11Towards a differential parton shower

3

A
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1/2 0/3 3/4 1/3 0/2 0/2 0/3 1/20/3

Figure 2: The Discrete QCD parton shower algorithm can be re-interpreted as a one-
dimensional random walk, since 3 the baseline of the folded structure carries all necessary
information. The “grove-like” baseline structure can A be generated by a heavily con-
strained two-dimensional random walk. Due to the low fractal dimension of the grove
structure, a one-dimensional random-walk algorithm B is equally viable. For B , the no-
tation n/nmax indicates that option n was picked out of nmax choices. The two-particle
invariants (ln(sij)) can be read o↵ by following the path from particle i to particle j, and
skipping segments whose colour was created and reabsorbed along the way (e.g. skipping
the pink segments when calculating the invariant mass of the green and blue gluon tips).

showers, which rely on sampling the no-emission probability � with the “veto algorithm”.

Once an e↵ective gluon has been selected, new triangles are folded out of the parent

region. E↵ective gluon positions in this fold are again quantised into tiles of dimensions

�yg ⇥2�yg, as illustrated by the upper left part of Fig. 2. However, a simpler interpretation

is possible since the height and the y�range of each fold are redundant: All information

necessary to calculate momentum invariants sij can be read o↵ the baseline of the folded

triangle structure, shown in the lower left part of Fig. 2. We will call a specific baseline

structure a “grove”. The shortest distance (along the baseline) between two “tips” i and

j can be shown to equal ln(sij/⇤2). Together with the knowledge of the overall centre-of-

mass energy and uniformly sampled azimuthal decay angles �, this information is su�cient

to construct post-decay kinematics.

The Discrete QCD algorithm allows a simple method to produce groves with correct

rates. However, there are many ways to create the grove structures apart from the Discrete

QCD algorithm. One example is shown in the lower right part of Fig. 2. Since the grove

structure is contained in a triangular region smaller than the original background triangle,

– 6 –
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Full parton shower is a bit tricky since 
variable (unbounded) number of random 
numbers.  Let’s start with “Discrete QCD” 

where the number is fixed.
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 = ln(k2
?
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Figure 1: The phase space of e↵ective gluon emission is discrete, since 1 gluons within a
rapidity region �yg act coherently due to running-coupling e↵ects. The  (or equivalently
the k

2
?) dimension is also quantised, since 2 additional phase space folds opening due to

gluon emission are quantised in units of �yg. See main text for more details.

choice of an evolution variable t, and c) the choice of a momentum mapping sij , sjk $ t, ⇠

which determines the relations between pre-and post-decay momenta.

It is worth noting that all conventional state-of-the-art parton showers use slight vari-

ations of a single algorithm – the “veto algorithm” – to solve Eq. 2.2 numerically. This

algorithm treats the variables t and ⇠ as continuous degrees of freedom. It is thus unsuit-

able for (current) quantum devices. The following section will develop other algorithmic

solutions of Eq. 2.2, guided by keeping in mind the feasibility of NISQ devices.

2.1 Reinterpreting classical parton shower algorithms as random walks

This section extends the classical shower algorithm toolbox by performing several abstrac-

tions of the features of dipole showers. We are led to conclude that the showering process

can be described by creating and sampling from a fixed set of primitive fractal structures,

followed by a translation of the chosen primitive structure into scattering event momenta.

The first step has an elegant implementation on intermediate-scale quantum devices.

The first abstraction to consider is removing the independent treatment of decay prob-

ability and momentum-space integration by absorbing the non-uniform probability density

in Eq. 2.1 into the integration measure. This can be obtained by choosing a phase-space

parametrisation in terms of the gluon’s transverse momentum,

k
2
? =

sijsjk

sIK
and rapidity y =

1

2
ln

✓
sij

sjk

◆
, (2.4)

which leads to

dP (q(pI)q̄(pK) ! q(pi)g(pj)q̄(pk)) '=
C↵s

⇡
ddy with  = ln

�
k

2
?/⇤2)

�
, (2.5)

where ⇤2 is an arbitrary mass scale. Within this phase space parametrisation, allowed

dipole decays are constrained to a triangular region of height L = ln(sIK/⇤2) in the (y, )-

plane, as illustrated by the left-hand panel of Fig. 1. Due to the colour charge of an emitted

– 4 –
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As a first test, we show 
how this can be used 
to extract the strong 
coupling constant.

All of these samples 
have the same 

random numbers!
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(no surrogates - see my talk from yesterday)

MadFlow 2106.10279, MadJax 2203.00057

S.C, J.C.M, M.R., M.Z.: MadFlow: automating Monte Carlo simulation on GPU for particle physics processes 5

Fig. 3: Timings obtained with MadFlow to evaluate events at Leading Order for gg ! tt̄ (top left), pp ! tt̄ (top right),
pp ! tt̄g (bottom left) and pp ! tt̄gg (bottom right). We show results for consumer and professional grade GPUs
(blue bars) and CPUs (red bars). For each device we quote the available RAM memory. We observe a systematic
performance advantage for GPU devices.

Fig. 4: Same as Figure 3 for pp ! tt̄ggg at Leading Or-
der. We confirm that a large number of diagrams can be
deployed on GPU and obtain relevant performance im-
provements when compared to CPU results.

together with NVIDIA and AMD GPUs (blue bars) rang-
ing from consumer to professional grade hardware. Blue
bars show the greatest performance of MadFlow when run-
ning on GPU devices. We observe that NVIDIA GPUs
with the Ampere architecture, such as the RTX A6000,
out-perfoms the previous Tesla generation. We have ob-
served that the performance of the AMD Radeon VII is
comparable to most professional grade GPUs presented in
the plot. The red bars show the timings for the same code
evaluated on CPU using all available cores. We confirm
that GPU timings are quite competitive when compared
to CPU performance, however some top-level chips such as
the AMD Epyc 7742, can get similar performance results
when compared to general consumer level GPUs, such as
the Quadro T2000. Note that in order to obtain good per-
formance and going into production mode, the MadFlow
user should adjust the maximum number of events per de-
vice, in order to occupy the maximum amount of memory
available. We conclude that the MadFlow implementation
confirms a great performance improvement when running
on GPU hardware, providing an interesting trade-o↵ in
terms of price cost and generated events.

and prediction accuracy. HEP simulation tools, and the knowledge they encode, can be used as
physics prediction engines directly within ML pipelines for developing physics-informed ML tools.

Figure 1: Matrix element M(r|MZ) for the
process e

+
e
� ! H ! ZZ

(⇤) ! eeµµ and
its gradients evaluated by MadJax at the
phase space point r = [0.2]8

MadJax enables the evaluation of MEs and their
gradients automatically. MadJax also includes
a differentiable implementation of the RAMBO
algorithm [5], which facilitates transforming particle
configurations into phase space points on a
hypercube for aiding sampling algorithms. An
example of the e

+
e
� ! h ! ZZ ! 4l

matrix element and MadJax-computed gradients
with respect to the Z boson mass is seen in Fig. 1.
To the best of our knowledge, MadJax is the first
differentiable matrix element generator.

Related work on AD / DP in physics are
discussed below. Sec. 2 presents the implementation,
usage, and performance of MadJax. Sec. 3 presents
applications of MadJax in case studies of simulation-
based inference and ME modeling with ML.

1.1. Related Work
Automatic differentiation [4, 6], and its use in gradient based optimization, is ubiquitous in ML,
statistics, and applied math. AD uses the chain rule to evaluate derivatives of a function that is
represented as a computer program. AD takes as input program code and produces new code
for evaluating the program and derivatives. AD typically builds a computational graph, or a
directed acyclic graph of mathematical operations applied to an input. Gradients are defined for
each operation of the graph, and the total gradient can be evaluated from input to output, called
forward mode, and from output to input, called reverse mode or backpropagation in ML. AD is
backbone of ML / DP frameworks like TensorFlow [7], JAX [3], and PyTorch [8].

In HEP, AD has been used in histogram fitting in pyHF [9, 10], and Neos [11] builds on pyHF
to enable joint histogram fitting and analysis optimization. For modeling parton distribution
functions (pdf) used by matrix element generators, Ref. [12] implemented the NNPDF software
in TensorFlow to enable to fast evaluation on GPUs. More recently, fitting of neural network
pdf models implemented in TensorFlow has been explored by the NNPDF collaboration [13].
Concurrent with our work, MadFlow [14] has explored using a TensorFlow backend for MadGraph
for GPU acceleration enabled but did not explore AD capabilities.

Outside of HEP, the development of differentiable physics simulators is an active area of research
in ML and scientific computing. The growing body of examples includes: Rigid body dynamics
[15, 16, 17, 18, 19, 20] and soft-body [21, 22, 23] simulators have been used in reinforcement
learning, robotics, optimization, and control problems. Differentiable light transport and Monte
Carlo ray tracing is used in rendering and graphics [24, 25, 26] including neural rendering work
like NeRF [27]. Differentiable simulation of fluid dynamics, for prediction, control, and optimizing
solutions of PDEs like Navier-Stokes, are an active research area [28, 29, 30], as are differentiable
molecular dynamics simulations [31, 32] for computational condensed matter physics.

2. Implementation

MadGraph is a tool for the computation of matrix elements and event generation at the parton
level and is widely used at the LHC. As a general purpose tool, MadGraph receives as input a given
physics transition, i.e. the desired input and output particles, and dynamically compiles a list of
hard processes for which matrix elements M(x) need to be computed. It then generates code for
matrix elements in several possible target languages. The most commonly used ones are C++ and

Speed! Precision!



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 

Thinking of our simulations 
as differentiable is a new and 

powerful paradigm.

We can do optimal 
inference and run our 
codes on accelerators 

“for free”.

How far can we push this?  Particle-level simulators, 
detector-level simulators?  Analysis code? [see LR]
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“inference-aware learning”

https://iml-wg.github.io/HEPML-LivingReview/
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