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Abstract: Modern machine learning techniques, including deep learning, are rapidly
being applied, adapted, and developed for high energy particle and nuclear physics.
The goal of this document is to provide a nearly comprehensive list of citations for
those developing and applying these approaches to experimental, phenomenological,
or theoretical analyses. As a living document, it will be updated as often as possible
to incorporate the latest developments. A list of proper (unchanging) reviews can be
found within. Papers are grouped into a small set of topics to be as useful as possible.
Suggestions are most welcome.
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The purpose of this note is to collect references for modern machine learning as
applied to particle and nuclear physics. A minimal number of categories is chosen in
order to be as useful as possible. Note that papers may be referenced in more than one
category. The fact that a paper is listed in this document does not endorse or validate
its content - that is for the community (and for peer-review) to decide. Furthermore,
the classification here is a best attempt and may have flaws - please let us know if (a) we
have missed a paper you think should be included, (b) a paper has been misclassified,
or (c) a citation for a paper is not correct or if the journal information is now available.
In order to be as useful as possible, this document will continue to evolve so please
check back1 before you write your next paper. You can simply download the .bib file
to get all of the latest references. Please consider citing Ref. [1] when referring to this
living review.

This review was built with the help of the HEP-ML community, the INSPIRE
REST API [2], and the moderators Benjamin Nachman, Matthew Feickert, Claudius
Krause, and Ramon Winterhalder.

• Reviews
Below are links to many (static) general and specialized reviews. The third bullet
contains links to classic papers that applied shallow learning methods many decades
before the deep learning revolution.

– Modern reviews [3–12]

– Specialized reviews [13–49]

– Classical papers [50, 51]

– Datasets [52–59]

• Classification
Given a feature space x ∈ Rn, a binary classifier is a function f : Rn → [0, 1],
where 0 corresponds to features that are more characteristic of the zeroth class
(e.g. background) and 1 correspond to features that are more characteristic of
the one class (e.g. signal). Typically, f will be a function specified by some
parameters w (e.g. weights and biases of a neural network) that are determined
by minimizing a loss of the form L[f ] =

∑
i `(f(xi), yi), where yi ∈ {0, 1} are

labels. The function ` is smaller when f(xi) and yi are closer. Two common
loss functions are the mean squared error `(x, y) = (x− y)2 and the binary cross
entropy `(x, y) = y log(x)+(1−y) log(1−x). Exactly what ‘more characteristic of’

1See https://github.com/iml-wg/HEPML-LivingReview.
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means depends on the loss function used to determine f . It is also possible to make
a multi-class classifier. A common strategy for the multi-class case is to represent
each class as a different basis vector in Rnclasses and then f(x) ∈ [0, 1]nclasses. In
this case, f(x) is usually restricted to have its nclasses components sum to one and
the loss function is typically the cross entropy `(x, y) =

∑
classes i yi log(x).

– Parameterized classifiers [60–63]
A classifier that is conditioned on model parameters f(x|θ) is called a pa-
rameterized classifier.

– Representations
There is no unique way to represent high energy physics data. It is often
natural to encode x as an image or another one of the structures listed below.

∗ Jet images [64–82]
Jets are collimated sprays of particles. They have a complex radiation
pattern and such, have been a prototypical example for many machine
learning studies. See the next item for a specific description about
images.

∗ Event images [69, 83–92]
A grayscale image is a regular grid with a scalar value at each grid
point. ‘Color’ images have a fixed-length vector at each grid point. Many
detectors are analogous to digital cameras and thus images are a natural
representation. In other cases, images can be created by discretizing.
Convolutional neural networks are natural tools for processing image
data. One downside of the image representation is that high energy
physics data tend to be sparse, unlike natural images.

∗ Sequences [27, 83, 93–96]
Data that have a variable with a particular order may be represented as
a sequence. Recurrent neural networks are natural tools for processing
sequence data.

∗ Trees [97–102]
Recursive neural networks are natural tools for processing data in a tree
structure.

∗ Graphs [15, 103–162]
A graph is a collection of nodes and edges. Graph neural networks are
natural tools for processing data in a tree structure.

∗ Sets (point clouds) [57, 78, 163–182]
A point cloud is a (potentially variable-size) set of points in space. Sets
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are distinguished from sequences in that there is no particular order (i.e.
permutation invariance). Sets can also be viewed as graphs without edges
and so graph methods that can parse variable-length inputs may also be
appropriate for set learning, although there are other methods as well.

∗ Physics-inspired basis [183–194]
This is a catch-all category for learning using other representations that
use some sort of manual or automated physics-preprocessing.

– Targets

∗ W/Z tagging [67, 71, 97, 116, 122, 176, 195–202]
Boosted, hadronically decaying W and Z bosons form jets that are dis-
tinguished from generic quark and gluon jets by their mass near the
boson mass and their two-prong substructure.

∗ H → bb̄ [69, 86, 110, 119, 195, 203–208]
Due to the fidelity of b-tagging, boosted, hadronically decaying Higgs
bosons (predominantly decaying to bb̄) has unique challenged and oppor-
tunities compared with W/Z tagging.

∗ quarks and gluons [68, 72, 77, 80, 98, 108, 122, 176, 209–220]
Quark jets tend to be narrower and have fewer particles than gluon jets.
This classification task has been a benchmark for many new machine
learning models.

∗ top quark tagging [13, 66, 73, 74, 81, 88, 112, 122, 187, 201, 202, 209,
218, 219, 221–236]
Boosted top quarks form jets that have a three-prong substructure (t →
Wb,W → qq̄).

∗ strange jets [237–240]
Strange quarks have a very similar fragmentation to generic quark and
gluon jets, so this is a particularly challenging task.

∗ b-tagging [93, 94, 96, 173, 241–248]
Due to their long (but not too long) lifetime, the B-hadron lifetime is
macroscopic and b-jet tagging has been one of the earliest adapters of
modern machine learning tools.

∗ Flavor physics [249–253]
This category is for studies related to exclusive particle decays, especially
with bottom and charm hadrons.

∗ BSM particles and models [110, 114, 160, 182, 199, 203, 254–313]
There are many proposals to train classifiers to enhance the presence of
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particular new physics models.
∗ Particle identification [109, 242, 314–334]

This is a generic category for direct particle identification and cate-
gorization using various detector technologies. Direct means that the
particle directly interacts with the detector (in contrast with b-tagging).

∗ Neutrino Detectors [16, 118, 123, 126, 127, 132, 335–370]
Neutrino detectors are very large in order to have a sizable rate of
neutrino detection. The entire neutrino interaction can be characterized
to distinguish different neutrino flavors.

∗ Direct Dark Matter Detectors [369, 371–380]
Dark matter detectors are similar to neutrino detectors, but aim to
achieve ‘zero’ background.

∗ Cosmology, Astro Particle, and Cosmic Ray physics [121, 381–
418]
Machine learning is often used in astrophysics and cosmology in different
ways than terrestrial particle physics experiments due to a general divide
between Bayesian and Frequentist statistics. However, there are many
similar tasks and a growing number of proposals designed for one domain
that apply to the other. See also https://github.com/georgestein/ml-in-
cosmology.

∗ Tracking [95, 104, 117, 125, 128, 129, 166, 419–443]
Charged particle tracking is a challenging pattern recognition task. This
category is for various classification tasks associated with tracking, such
as seed selection.

∗ Heavy Ions / Nuclear Physics [46, 79, 87, 210, 217, 411, 444–512]
Many tools in high energy nuclear physics are similar to high energy
particle physics. The physics target of these studies are to understand
collective properties of the strong force.

– Learning strategies
There is no unique way to train a classifier and designing an effective learning
strategy is often one of the biggest challenges for achieving optimality.

∗ Hyperparameters [442, 513–517]
In addition to learnable weights w, classifiers have a number of non-
differentiable parameters like the number of layers in a neural network.
These parameters are called hyperparameters.

∗ Weak/Semi supervision [70, 213, 306, 518–537]
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For supervised learning, the labels yi are known. In the case that the
labels are noisy or only known with some uncertainty, then the learning
is called weak supervision. Semi-supervised learning is the related case
where labels are known for only a fraction of the training examples.

∗ Unsupervised [178, 538–547]
When no labels are provided, the learning is called unsupervised.

∗ Reinforcement Learning [252, 548–556]
Instead of learning to distinguish different types of examples, the goal of
reinforcement learning is to learn a strategy (policy). The prototypical
example of reinforcement learning in learning a strategy to play video
games using some kind of score as a feedback during the learning.

∗ Quantum Machine Learning [26, 313, 351, 557–583]
Quantum computers are based on unitary operations applied to quantum
states. These states live in a vast Hilbert space which may have a usefully
large information capacity for machine learning.

∗ Feature ranking [188, 584, 585]
It is often useful to take a set of input features and rank them based on
their usefulness.

∗ Attention [95, 177, 369, 586, 587]
This is an ML tool for helping the network to focus on particularly useful
features.

∗ Regularization [588, 589]
This is a term referring to any learning strategy that improves the ro-
bustness of a classifier to statistical fluctuations in the data and in the
model initialization.

∗ Optimal Transport [539, 542, 590–596]
Optimal transport is a set of tools for transporting one probability density
into another and can be combined with other strategies for classification,
regression, etc. The above citation list does not yet include papers using
optimal transport distances as part of generative model training.

– Fast inference / deployment
There are many practical issues that can be critical for the actual application
of machine learning models.

∗ Software [83, 89, 256, 385, 431, 597–614]
Strategies for efficient inference for a given hardware architecture.
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∗ Hardware/firmware [115, 120, 137, 152, 436, 437, 615–647]
Various accelerators have been studied for fast inference that is very
important for latency-limited applications like the trigger at collider
experiments.

∗ Deployment [159, 648–650]
This category is for the deployment of machine learning interfaces, such
as in the cloud.

• Regression
In contrast to classification, the goal of regression is to learn a function f : Rn →
Rm for input features x ∈ Rn and target features y ∈ Rm. The learning setup is
very similar to classification, where the network architectures and loss functions
may need to be tweaked. For example, the mean squared error is the most common
loss function for regression, but the network output is no longer restricted to be
between 0 and 1.

– Pileup [84, 106, 532, 548, 651–655]
A given bunch crossing at the LHC will have many nearly simultaneous
proton-proton collisions. Only one of those is usually interesting and the
rest introduce a source of noise (pileup) that must be mitigating for precise
final state reconstruction.

– Calibration [79, 138, 159, 180, 316, 495, 497, 591, 656–695]
The goal of calibration is to remove the bias (and reduce variance if possible)
from detector (or related) effects.

– Recasting [696–699]
Even though an experimental analysis may provide a single model-dependent
interpretation of the result, the results are likely to have important implica-
tions for a variety of other models. Recasting is the task of taking a result
and interpreting it in the context of a model that was not used for the original
analysis.

– Matrix elements [554, 700–716]
Regression methods can be used as surrogate models for functions that are
too slow to evaluate. One important class of functions are matrix elements,
which form the core component of cross section calculations in quantum field
theory.

– Parameter estimation [496, 500, 587, 606, 717–729]
The target features could be parameters of a model, which can be learned
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directly through a regression setup. Other forms of inference are described
in later sections (which could also be viewed as regression).

– Parton Distribution Functions (and related) [622, 730–745]
Various machine learning models can provide flexible function approxima-
tors, which can be useful for modeling functions that cannot be determined
easily from first principles such as parton distribution functions.

– Lattice Gauge Theory [494, 555, 737, 746–769, 769–798]
Lattice methods offer a complementary approach to perturbation theory. A
key challenge is to create approaches that respect the local gauge symmetry
(equivariant networks).

– Function Approximation [740, 743, 799–806]
Approximating functions that obey certain (physical) constraints.

– Symbolic Regression [742, 807–809]
Regression where the result is a (relatively) simple formula.

– Monitoring [810–817]
Regression models can be used to monitor experimental setups and sensors.

• Equivariant networks [31, 139, 142, 147, 150, 167, 202, 746, 747, 756, 757, 767,
773, 776, 781, 818–821]
It is often the case that implementing equivariance or learning symmetries with
a model better describes the physics and improves performance

• Decorrelation methods [255, 585, 822–842]
It it sometimes the case that a classification or regression model needs to be
independent of a set of features (usually a mass-like variable) in order to estimate
the background or otherwise reduce the uncertainty. These techniques are related
to what the machine learning literature calls model ‘fairness’.

• Generative models / density estimation
The goal of generative modeling is to learn (explicitly or implicitly) a probability
density p(x) for the features x ∈ Rn. This task is usually unsupervised (no labels).

– GANs [316, 317, 568, 601, 732, 819, 843–914]
Generative Adversarial Networks [915] learn p(x) implicitly through the min-
imax optimization of two networks: one that maps noise to structure G(z)

and one a classifier (called the discriminator) that learns to distinguish ex-
amples generated from G(z) and those generated from the target process.
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When the discriminator is maximally ‘confused’, then the generator is ef-
fectively mimicking p(x).

– Autoencoders [131, 136, 506, 543, 583, 858, 894, 916–934]
An autoencoder consists of two functions: one that maps x into a latent
space z (encoder) and a second one that maps the latent space back into the
original space (decoder). The encoder and decoder are simultaneously trained
so that their composition is nearly the identity. When the latent space has
a well-defined probability density (as in variational autoencoders), then one
can sample from the autoencoder by applying the detector to a randomly
chosen element of the latent space.

– Normalizing flows [102, 174, 402, 510, 535, 579, 596, 631, 680, 689, 709,
716, 746, 750, 759, 762, 774, 775, 778, 782, 789, 798, 806, 885, 887, 925, 930,
935–969]
Normalizing flows [970] learn p(x) explicitly by starting with a simple prob-
ability density and then applying a series of bijective transformations with
tractable Jacobians.

– Diffusion Models [179, 716, 791, 971–991]
These approaches learn the gradient of the density instead of the density
directly.

– Transformer Models [586, 689, 790, 976, 992]
These approaches learn the density or perform generative modeling using
transformer-based networks.

– Physics-inspired [880, 993–997]
A variety of methods have been proposed to use machine learning tools (e.g.
neural networks) combined with physical components.

– Mixture Models [320, 998–1001]
A mixture model is a superposition of simple probability densities. For
example, a Gaussian mixture model is a sum of normal probability densities.
Mixture density networks are mixture models where the coefficients in front
of the constituent densities as well as the density parameters (e.g. mean and
variances of Gaussians) are parameterized by neural networks.

– Phase space generation [708, 938–940, 956, 1002–1014]
Monte Carlo event generators integrate over a phase space that needs to be
generated efficiently and this can be aided by machine learning methods.

– Gaussian processes [697, 702, 1015, 1016]
These are non-parametric tools for modeling the ‘time’-dependence of a ran-
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dom variable. The ‘time’ need not be actual time - for instance, one can
use Gaussian processes to model the energy dependence of some probability
density.

– Other/hybrid [231, 930, 976, 1017–1021]
Architectures that combine different network elements or otherwise do not
fit into the other categories.

• Anomaly detection [52, 53, 55, 102, 133, 377, 393, 520, 521, 526, 527, 533, 540,
541, 563, 570, 575, 577, 581, 590, 629, 642, 645, 817, 839, 917, 920, 925, 931, 933,
934, 941, 948, 952, 959, 964, 969, 977, 988, 991, 1022–1089]
The goal of anomaly detection is to identify abnormal events. The abnormal events
could be from physics beyond the Standard Model or from faults in a detector.
While nearly all searches for new physics are technically anomaly detection, this
category is for methods that are mode-independent (broadly defined). Anomalies
in high energy physics tend to manifest as over-densities in phase space (often
called ‘population anomalies’) in contrast to off-manifold anomalies where you
can flag individual examples as anomalous.

• Simulation-based (‘likelihood-free’) Inference
Likelihood-based inference is the case where p(x|θ) is known and θ can be deter-
mined by maximizing the probability of the data. In high energy physics, p(x|θ)
is often not known analytically, but it is often possible to sample from the density
implicitly using simulations.

– Parameter estimation [61, 62, 401, 887, 944, 1090–1116]
This can also be viewed as a regression problem, but there the goal is typically
to do maximum likelihood estimation in contrast to directly minimizing the
mean squared error between a function and the target.

– Unfolding [543, 849, 862, 936, 949, 955, 974, 1117–1131]
This is the task of removing detector distortions. In contrast to parame-
ter estimation, the goal is not to infer model parameters, but instead, the
undistorted phase space probability density. This is often also called decon-
volution.

– Domain adaptation [61, 876, 1090, 1132–1136]
Morphing simulations to look like data is a form of domain adaptation.

– BSM [148, 590, 723, 1033, 1092–1096, 1137–1144]
This category is for parameter estimation when the parameter is the signal
strength of new physics.
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– Differentiable Simulation [253, 805, 1145–1151]
Coding up a simulation using a differentiable programming language like
TensorFlow, PyTorch, or JAX.

• Uncertainty Quantification
Estimating and mitigating uncertainty is essential for the successful deployment
of machine learning methods in high energy physics.

– Interpretability [67, 188, 214, 221, 236, 923, 1067, 1152–1159]
Machine learning methods that are interpretable maybe more robust and thus
less susceptible to various sources of uncertainty.

– Estimation [71, 647, 1160–1165]
A first step in reducing uncertainties is estimating their size.

– Mitigation [588, 822, 831, 1166, 1167]
This category is for proposals to reduce uncertainty.

– Uncertainty- and inference-aware learning [1168–1175]
The usual path for inference is that a machine learning method is trained for
a nominal setup. Uncertainties are then propagated in the usual way. This is
suboptimal and so there are multiple proposals for incorporating uncertainties
into the learning to get as close to making the final statistical test the target
of the machine learning as possible.

• Formal Theory and ML
ML can also be utilized in formal theory.

– Theory and physics for ML [1176–1182]

– ML for theory [983, 1182–1204]

• Experimental results
This section is incomplete as there are many results that directly and indirectly
(e.g. via flavor tagging) use modern machine learning techniques. We will try to
highlight experimental results that use deep learning in a critical way for the final
analysis sensitivity.

– Performance studies [605, 1205–1210]

– Searches and measurements where ML reconstruction is a core component [100,
101, 242, 294, 295, 297, 1211–1229].

– Final analysis discriminate for searches [526, 1217, 1230–1232].
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– Measurements using deep learning directly (not through object reconstruc-
tion) [1127, 1233]
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