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Abstract

Modern machine learning is driving a paradigm shift in particle physics phenomenol-
ogy at the Large Hadron Collider. This short review examines the transformative role of
machine learning across the entire theoretical prediction pipeline, from parton-level cal-
culations to full simulations. We discuss applications to scattering amplitude computa-
tions, phase space integration, Parton Distribution Function determination, and param-
eter extraction. Some critical frontiers for the field including uncertainty quantification,
the role of symmetries, and interpretability are highlighted.
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1 Introduction

The discovery of the Higgs boson at the LHC in 2012 inaugurated a new era in high-energy
physics, opening the exploration of the new Yukawa force and confronting persistent puzzles
that the Standard Model (SM) cannot explain, including dark matter, neutrino masses, matter-
antimatter asymmetry, and the nature of gravity. The LHC is rapidly evolving into a precision
machine, able to measure small deviations from SM predictions. This precision programme
demands rigorous methodologies to interpret the extremely accurate and highly correlated
experimental data and the increasingly complex theoretical predictions.

Particle physics phenomenology serves as the bridge between experimental observations
and theoretical models, connecting what is measured at colliders to our fundamental under-
standing of Nature. In Bayesian terms, we seek the probability of a given theory given exper-
imental data. At the LHC, however, the likelihood itself is extraordinarily complex, requiring
a divide-and-conquer approach across multiple stages of the theoretical computations, from a
given Lagrangian — whether the SM one or the one of some beyond-SM (BSM) scenarios.

From this starting point, predictions flow through several distinct levels: parton-level cal-
culations involving scattering amplitudes, phase space integration, and Parton Distribution
Functions (PDFs); particle-level simulations including QCD and QED radiation through parton
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showers, fragmentation, and hadronisation; and finally detector-level modeling encompassing
detector simulation, event reconstruction, and selection criteria.

Machine Learning (ML) is revolutionising every component of this intricate chain. The HEP
ML living review [1] documents the breadth of this transformation. This short review starts
with an attempt in Sect. 2 to provide an overview of some selected applications where ML
provides unique advantages, focussing on the ingredients entering parton level predictions. In
Sect. 3 we provide a brief sketch on some applications that enable to go beyond parton level,
and simulate the full event. Finally, before concluding, in Sect. 4 we highlight some of the
most compelling challenges in the field.

2 Machine Learning for Parton-Level Predictions

A differential cross section at the parton level at the LHC can be expressed as the product of
squared scattering amplitudes, n-particle phase space, and PDFs characterising the proton’s
subnuclear structure. In this section we provide some examples that show how ML enables
to extend, improve, simplify and speed up the determination of the main ingredients that
enter any parton-level theoretical predictions at the LHC, namely the calculation of scattering
amplitudes (Sect. 2.1), the phase space integration (Sect. 2.2) and the PDFs (Sect. 2.3). Finally
in Sect. 2.4 we will quickly discuss paramater determination from parton level predictions.
The list of applications mentioned here is certainly far from complete, and it is subject to the
auhor’s knowledge and unavoidable bias. Nevertheless we hope it gives an idea of the great
power of machine learning in tackling the problems that we face as particle physicists.

2.1 Scattering Amplitude Calculations

Computing scattering amplitudes, particularly at higher multiplicities and loop orders, repre-
sents one of the most computationally intensive tasks in theoretical physics. Machine learning
offers a natural solution through regression problems that exploit neural network (NN) flexi-
bility to accelerate the computation of amplitudes. The approach trains ML regressors, often
NNs or ensembles of NNs, on pre-computed "true" amplitudes evaluated at numerous phase
space points. These trained networks then predict amplitudes accurately and rapidly for new
phase space configurations.

Recent applications span processes from simple two-to-two scattering to complex multi-
particle final states, with NNs demonstrating performance superior to traditional numerical
simulations for higher-multiplicity processes [2-12]. For ML surrogates to generate reliable
higher-order predictions, they must achieve precision reflecting underlying theoretical accu-
racy. Comprehensive uncertainty estimation becomes crucial for using these surrogates in
actual simulations. Several complementary approaches address this challenge. Heteroscedas-
tic losses incorporate unknown uncertainties directly into the loss function, learning them
through deterministic networks. Bayesian neural networks on the other hand provide natu-
ral uncertainty quantification through posterior distributions over network parameters. Re-
pulsive ensembles offer an alternative framework for tracking both statistical and systematic
uncertainties. Benchmarking studies compare these methods’ performance in representative
amplitude calculations, see for example Refs. [13-15].

Beyond amplitude evaluation itself, ML techniques can be used to enhance the computation
of multi-loop integrals that appear at next-to-leading-order (NLO) and higher order correc-
tions. These integrals typically contain integrable singularities on the real axis, necessitating
contour deformation into the complex plane. NN-assisted algorithms based on normalising
flows significantly amplify the precision of standard contour deformation methods [16]. Al-
ternative approaches employ NNs to solve numerically the differential equations satisfied by
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Feynman integrals, offering complementary strategies for multi-loop calculations [17,18].

A somewhat different and exciting direction is to use ML to simplify algebraic expressions.
Integration of scattering amplitudes generates mathematical functions lacking classical sim-
plification algorithms, such as for example generalised polylogarithms, In [19] reinforcement
learning is used by treating known identities as moves in a game, training agents to apply these
transformations. Alternatively transformer networks are used to translate complicated expres-
sions into simplified forms, essentially performing symbolic manipulation through learned pat-
terns. Similar techniques using transformers and contrastive learning simplify spinor-helicity
representations of scattering amplitudes [20]. In the context of planar N=4 Super Yang-Mills
theory, a further ML application appears quite exciting, as transformer models are used to
predict coefficients at loop order L using only small subsets of related coefficients from loop
orderL — 1, demonstrating genuine pattern recognition across loop levels [21,22].

2.2 Phase Space Integration

Another critical computational bottleneck in the computation of parton-level cross sections is
the efficient integration of squared amplitudes over the phase space. The challenge lies in im-
portance sampling and multi-channel techniques whose efficiency depends on variable trans-
formations and channel selection. The traditional VEGAS [23] algorithm implements adaptive
importance sampling by fitting bins with equal probability and varying width. While computa-
tionally cheap, VEGAS neglects correlations between variables and struggles with multimodal
functions when peaks misalign with coordinate axes.

Bijective normalising flows provide a powerful ML-based alternative. These architectures
put together invertible, learnable transformations with exact likelihood evaluation through
change-of-variables formulas. By redistributing input random variables through learned map-
pings, normalising flows adapt naturally to complex integrand structures. Applications to
phase space integration demonstrate substantial improvements over traditional approaches,
see for example [24-30]. The MadNIS framework [31-33] exemplifies the practical integra-
tion of ML tools with established tools, as it combines the standard automated event generator
MadGraph [34] with two NN components: a channel-weight network encoding local multi-
channel weights, and an invertible network implementing normalising flows that function ef-
ficiently in both forward and inverse directions. This hybrid approach achieves in some cases
a strong improvement in both accuracy and efficiency compared to standard methods, while
maintaining compatibility with existing computational workflows.

2.3 Parton Distribution Functions

PDFs encode the probability that a parton carries a given momentum fraction of its parent
proton. These universal, non-perturbative objects cannot be computed from first principles
and must be extracted from experimental data [35,36]. The PDF fitting problem constitutes
an infinite-dimensional inverse problem [37]: given a finite set of discrete experimental mea-
surements, determine ng,. continuous functions of x with proper uncertainty estimate. The
NNPDF collaboration pioneered a NN approach to this challenge [38], using NNs as flexi-
ble functional parametrisation that did not introduce parametrisation bias that might affect
traditional polynomial parametrisations. The NNPDF4.0 methodology is the modern version
of the initial NNPDF idea and it employs a single deep neural network with hyperparame-
ters optimized through K-fold cross-validation procedures [39,40]. Approximately five thou-
sand parton-level data points from electron-proton, electron-nucleon, proton-antiproton, and
proton-proton experiments are used to extract eight PDFs. Uncertainty estimation follows
Monte Carlo error propagation principles through bootstrap sampling [41]. The procedure
generates pseudo-data replicas by adding random fluctuations to experimental measurements
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according to their multivariate normal distributions with experimental covariance matrices.
For each replica, training with validation-based stopping yields optimal parameter values. Re-
peating this process provides importance sampling of the posterior distribution in PDF space,
projecting from data-space sampling. This deep learning-based methodology yields smaller
uncertainties in data regions while maintaining conservative extrapolation uncertainties [42].
The NNPDF4.0 public code [43] enables testing and reproducibility, with methodology rigor-
ously scrutinised through statistical closure tests [44]. Another ML application in the context
of NNPDF is the use of generative adversarial networks providing compressed PDF represen-
tations with fewer replicas matching full ensemble accuracy [45,46]. The techniques can now
be tested in a fully automated and flexible PDF regression framework Colibri [47], in which
the NN parametrisation and the bootstrap uncertainty estimate can be tested against other
models and Bayesian error propagation, assessing the reliability of ML approaches for this
foundational task.

2.4 Parameter determination

Another key challenge at the LHC is the precise and robust determination of SM and BSM pa-
rameters from LHC data. Determining which measurements provide optimal sensitivity to spe-
cific parameters, and selecting observables and binnings, challenges human two-dimensional
intuition in high-dimensional parameter spaces. ML tools naturally "see" in arbitrarily high
dimensions, identifying optimal variables and binning. Neural simulation-based inference ex-
emplifies this capability [48,49].

Among the many applications that could be mentioned, an interesting one is the applica-
tion of such techniques to the determination of the Wilson coefficients of the SM effective field
theory (SMEFT). The SMEFT provides a model-independent framework for parametrising de-
viations from SM predictions through Wilson coefficients multiplying higher-dimensional op-
erators [50]. As experimental precision and theoretical accuracy improve, identifying patterns
of small deviations — corresponding to non-zero Wilson coefficients — would allow to extract
hints on the underlying new physics model. In [51] unbinned parton-level likelihoods are gen-
erated and for each point of the phase space the SMEFT is compated to the SM, by training NN
to approximate likelihood ratios. These trained classifiers compute signal strengths and enable
inference about Wilson coefficients directly from unbinned, multidimensional data. Related
methodologies include parametrised classifiers for SMEFT [52-55], tree-boosting approaches
for learning EFT likelihoods [56], and techniques for designing optimal observables through
deep learning [57,58]. Recent ATLAS analyses employ these methods for measuring off-shell
Higgs boson couplings to Z bosons [59, 60], demonstrating practical deployment in experi-
mental measurements.

Further developments related to the determination of SMEFT coefficients have to do with
simultaneous fits of these parameters and PDFs using deep NNs [61, 62], recognising the in-
terplay and accounting for correlations between these quantities [63].

3 Beyond Parton Level: End-to-End Simulations

In this section we briefly mention some of the numerous applications of ML to go beyond parton
level, to a full simulation. Traditional Monte Carlo event generation proceeds sequentially
through parton shower, hadronisation, detector simulation, and particle reconstruction stages.
Each step introduces approximations and computational costs. End-to-end machine learning
surrogates for fast event simulation learn multiple stages simultaneously, potentially improving
both speed and robustness, see [64] for a comprehensive review.
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Early approaches employed generative adversarial networks and variational autoencoders
for calorimeter shower simulation and jet generation [65-70]. While demonstrating proof-of-
concept, these methods faced challenges with training stability and mode coverage. Normal-
ising flows improved both speed and efficiency through their tractable likelihood evaluation
and stable training dynamics [71-74]. Recent diffusion models and transformer architectures
achieve a very high level of precision in generating realistic detector-level events [75-77]. Im-
portantly, conditional generative adversarial networks and transformer architectures enable in-
version of the simulation chain, mapping from detector-level observations back to parton-level
configurations. This, combined with uncertainty quantification through Bayesian NNs and
classifier-based methods, provides end-to-end error control across the simulation pipeline [ 78].
An alternative approach, optimal transport-based unfolding and simulation (OTUS), employs
probabilistic autoencoders to learn bidirectional mappings between parton and reconstruction
levels without requiring paired event samples. This framework has the potential to handle
both simulation and unfolding, learning both directions simultaneously [79].

Something that is worth mentioning in this context is the matrix element method (MEM),
building full likelihoods using matrix elements from theory combined with transfer functions
describing detector response. This approach allows direct inference of fundamental theory pa-
rameters from reconstructed events. Modern implementations employ normalising flows with
transformers for transfer functions, classifier networks for acceptance probabilities, and gener-
ative networks for efficient Monte Carlo sampling, while incorporating direct theory input for
parton-level event generation. This integration of traditional theoretical calculations with ML
components exemplifies the synergy between established methods and modern tools [80,81].
However, while traditional analyses from reconstructed events to parton level necessarily lose
information through binning and hand-crafted observable selection. Access to full likelihoods
would enable unbinned, multivariate analyses with optimal information extraction. While
the full likelihood remains intractable in realistic settings, combining ML components for de-
tector modeling with theoretical inputs for parton-level calculations approximates this ideal,
enabling more powerful inference than conventional approaches.

4 Frontiers: Uncertainty, Symmetry, and Interpretability

In this section, we summarise what we believe are the most exciting and relevant frontiers
at the interface of ML and theoretical particle physics, namely uncertainty quantification, the
encoding of theoretical constrains and symmetries in the ML models and interpretability.

As ML is used across all steps of the pipeline to build theoretical predictions, it is paramount
to ensure that ML tools provide robust results with comprehensive uncertainty quantification.
High-energy physics possesses unique potential to advance from deterministic ML to prob-
abilistic frameworks, given the rigorous uncertainty treatment and statistical methodologies
used in the field. Multiple approaches to uncertainty quantification have emerged across dif-
ferent contexts: bootstrap sampling for PDF uncertainties, heteroscedastic losses for amplitude
regression, Bayesian neural networks for posterior distributions, repulsive ensembles for di-
verse predictions, and posterior sampling for generative models. Understanding relationships
between these methods, benchmarking their performance, analysing prior dependence, and
developing appropriate statistical tests represents crucial ongoing work. The transition from
deterministic outputs to probabilistic predictions fundamentally changes how ML integrates
with fundamental physics. Rather than single point predictions, probabilistic models provide
full distributions over possible outcomes, naturally incorporating both aleatoric uncertainty
from irreducible stochasticity and epistemic uncertainty from limited training data or model

capacity.
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The second frontier has to do with smart inductive bias. Physics laws fundamentally
respect symmetries, such as Lorentz invariance, gauge symmetry, and other transformation
properties defining quantum field theories. Incorporating known symmetries directly into ML
architectures provides powerful inductive biases that improve generalisation, efficiency, and
physical consistency. As an example Lorentz-equivariant transformers encode Lorentz sym-
metry into network architecture to provide appropriate latent representations of phase space
points [82-85]. Applications span amplitude regression, event classification, and generation,
demonstrating that symmetry-aware architectures consistently outperform symmetry-agnostic
alternatives while guaranteeing physically consistent behavior.

Beyond incorporating known symmetries, ML offers exciting potential for discovering sym-
metries in data. Detecting previously unknown symmetries would signify fundamental prin-
ciples manifesting as physical laws and selection rules. Classifiers and symmetry generative
adversarial networks explore deep learning approaches to symmetry discovery, with appli-
cations ranging from identifying approximate symmetries in complex systems to uncovering
hidden patterns in HEP data [86-88].

Finally, the third frontier is interpretability. As physicists we seek understanding, striving
for simplicity and unity in natural laws. While numerical simulations and black-box predictions
suffice for some applications, particularly when comprehensive uncertainty quantification pro-
vides statistical rigor, analytical understanding offers distinct advantages including superior
extrapolation and conceptual clarity. Symbolic regression bridges machine learning and ana-
lytical formulas, learning complex functions from high-dimensional data while expressing re-
sults in closed form. There is an increasing number of Applications to HEP [89-95], most using
evolutionary algorithms that evaluate and optimize symbolic expressions such as PySR [96].
The resulting formulas provide both computational efficiency and physical insight unavailable
from purely numerical approaches. Complementary directions investigate understanding deep
neural networks themselves using principles from quantum field theory or cosmological dy-
namics, see for example [97-99]. These theoretical frameworks for analysing neural network
behavior may reveal why certain architectures succeed and guide future development.

5 Conclusion

A revolution in LHC physics through modern machine learning is ongoing. Contemporary
ML tools, combining regression, classification, generation, and conditional generation, ben-
efit every stage of theoretical predictions at the LHC. The exceptional quality and quantity
of high-energy physics data, with careful control of systematic uncertainties and correlations,
provides labeled and well-characterised datasets that make particle physics an ideal testing
ground for ML methodologies. Critical frontiers for future development include comprehen-
sive uncertainty quantification across all applications. The synergy between traditional the-
oretical methods and modern ML tools promises continued rapid progress. By maintaining
physics rigour while embracing computational advances, the field strives toward the ultimate
goal: extracting maximal information from collider data to reveal nature’s fundamental prin-
ciples. As Alan Turing observed, "We can only see a short distance ahead, but we can see
plenty there that needs to be done." The landscape of ML applications in particle physics phe-
nomenology presents abundant opportunities for meaningful contributions that will shape the
future of high-energy physics at the LHC and beyond.



246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

SciPost Physics Proceedings Submission

Acknowledgements

I am grateful to Stefano Forte, Ramon Winterhalten, Sven Krippendorf, Raquel Ambrosio-
Gomez and Veronica Sanz for their precious input in preparing the talk. I thank the organisers
for having invited me, as they helped me expand my horizon beyond the topics I was familiar
with.

Funding information M. U, is supported by the European Research Council under the Euro-
pean Unions Horizon 2020 research and innovation Programme (grant agreement n.950246),
and partially by the STFC consolidated grant ST/X000664/1.

References

[1] HEP ML Community, A Living Review of Machine Learning for Particle Physics.

[2] E Bishara and M. Montull, Machine learning amplitudes for faster event generation, Phys.
Rev. D 107(7), L071901 (2023), doi:10.1103/PhysRevD.107.L071901, 1912.11055.

[3] S.Badger and J. Bullock, Using neural networks for efficient evaluation of high multiplicity
scattering amplitudes, JHEP 06, 114 (2020), doi:10.1007/JHEP06(2020)114, 2002.
07516.

[4] A. Buckley, A. Kvellestad, A. Raklev, P Scott, J. V. Sparre, J. Van Den Abeele and 1. A.
Vazquez-Holm, Xsec: the cross-section evaluation code, Eur. Phys. J. C 80(12), 1106
(2020), doi:10.1140/epjc/s10052-020-08635-y, 2006.16273.

[5] E Bury and C. Delaere, Matrix element regression with deep neural networks — Breaking
the CPU barrier, JHEP 04, 020 (2021), doi:10.1007/JHEP04(2021)020, 2008.10949.

[6] D.L.B. Sombillo, Y. Ikeda, T. Sato and A. Hosaka, Model independent analysis of coupled-
channel scattering: A deep learning approach, Phys. Rev. D 104(3), 036001 (2021),
doi:10.1103/PhysRevD.104.036001, 2105.04898.

[7] J. Aylett-Bullock, S. Badger and R. Moodie, Optimising simulations for diphoton pro-
duction at hadron colliders using amplitude neural networks, JHEP 08, 066 (2021),
doi:10.1007/JHEP08(2021)066, 2106.09474.

[8] K. Danziger, T. Janen, S. Schumann and E Siegert, Accelerating Monte Carlo event gener-
ation — rejection sampling using neural network event-weight estimates, SciPost Phys. 12,
164 (2022), doi:10.21468/SciPostPhys.12.5.164, 2109.11964.

[9] A. Alnuqaydan, S. Gleyzer and H. Prosper, SYMBA: symbolic computation of squared
amplitudes in high energy physics with machine learning, Mach. Learn. Sci. Tech. 4(1),
015007 (2023), doi:10.1088/2632-2153/acb2b2, 2206.08901.

[10] D. Maitre and H. Truong, One-loop matrix element emulation with factorisation awareness
(2023), doi:10.1007/JHEP05(2023)159, 2302.04005.

[11] T Janfen, D. Maitre, S. Schumann, E Siegert and H. Truong, Unweighting multijet event
generation using factorisation-aware neural networks, SciPost Phys. 15(3), 107 (2023),
doi:10.21468/SciPostPhys.15.3.107, 2301.13562.


https://doi.org/10.1103/PhysRevD.107.L071901
1912.11055
https://doi.org/10.1007/JHEP06(2020)114
2002.07516
2002.07516
2002.07516
https://doi.org/10.1140/epjc/s10052-020-08635-y
2006.16273
https://doi.org/10.1007/JHEP04(2021)020
2008.10949
https://doi.org/10.1103/PhysRevD.104.036001
2105.04898
https://doi.org/10.1007/JHEP08(2021)066
2106.09474
https://doi.org/10.21468/SciPostPhys.12.5.164
2109.11964
https://doi.org/10.1088/2632-2153/acb2b2
2206.08901
https://doi.org/10.1007/JHEP05(2023)159
2302.04005
https://doi.org/10.21468/SciPostPhys.15.3.107
2301.13562

283

284

285

286

287

288

289

290

201

292

293

294

205

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

SciPost Physics Proceedings Submission

[12] T. Herrmann, T. Janf3en, M. Schenker, S. Schumann and E Siegert, Accelerating multijet-
merged event generation with neural network matrix element surrogates (2025), 2506.
06203.

[13] S. Badger, A. Butter, M. Luchmann, S. Pitz and T. Plehn, Loop amplitudes from precision
networks, SciPost Phys. Core 6, 034 (2023), doi:10.21468/SciPostPhysCore.6.2.034,
2206.14831.

[14] H. Bahl, N. Elmer, L. Favaro, M. HauBmann, T. Plehn and R. Winterhalder, Accurate
Surrogate Amplitudes with Calibrated Uncertainties (2024), 2412.12069.

[15] H. Bahl, N. Elmer, T. Plehn and R. Winterhalder, Amplitude Uncertainties Everywhere All
at Once (2025), 2509.00155.

[16] R. Winterhalder, V. Magerya, E. Villa, S. P Jones, M. Kerner, A. Butter, G. Heinrich and
T. Plehn, Targeting multi-loop integrals with neural networks, SciPost Phys. 12(4), 129
(2022), doi:10.21468/SciPostPhys.12.4.129, 2112.09145.

[17] E Calisto, R. Moodie and S. Zoia, Learning Feynman integrals from differential equations
with neural networks, JHEP 07, 124 (2024), doi:10.1007/JHEP07(2024)124, 2312.
02067.

[18] D. Maitre and R. Santos-Mateos, Multi-variable integration with a neural network, JHEP
03, 221 (2023), do0i:10.1007/JHEP03(2023)221, 2211.02834.

[19] A.Dersy, M. D. Schwartz and X. Zhang, Simplifying Polylogarithms with Machine Learning,
Int. J. Data Sci. Math. Sci. 1(2), 135 (2024), do0i:10.1142/52810939223500028, 2206.
04115.

[20] C. Cheung, A. Dersy and M. D. Schwartz, Learning the simplicity of scattering amplitudes,
SciPost Phys. 18(2), 040 (2025), doi:10.21468/SciPostPhys.18.2.040, 2408.04720.

[21] T. Cai, G. W. Merz, E Charton, N. Nolte, M. Wilhelm, K. Cranmer and L. J. Dixon,
Transforming the bootstrap: using transformers to compute scattering amplitudes in pla-
nar N' = 4 super Yang—Mills theory, Mach. Learn. Sci. Tech. 5(3), 035073 (2024),
doi:10.1088/2632-2153/ad743e, 2405.06107.

[22] T. Cai, E Charton, K. Cranmer, L. J. Dixon, G. W. Merz and M. Wilhelm, Recurrent fea-
tures of amplitudes in planar N' = 4 super Yang-Mills theory, JHEP 04, 143 (2025),
doi:10.1007/JHEP04(2025)143, 2501.05743.

[23] G. P Lepage, A New Algorithm for Adaptive Multidimensional Integration, J. Comput.
Phys. 27, 192 (1978), doi:10.1016/0021-9991(78)90004-9.

[24] T. Miiller, B. McWilliams, E Rousselle, M. Gross and J. Novak, Neural Importance Sampling
(2018), 1808.03856.

[25] E. Bothmann, T. JanBen, M. Knobbe, T. Schmale and S. Schumann, Exploring
phase space with Neural Importance Sampling, SciPost Phys. 8(4), 069 (2020),
doi:10.21468/SciPostPhys.8.4.069, 2001.05478.

[26] C. Gao, J.Isaacson and C. Krause, i-flow: High-dimensional Integration and Sampling with
Normalizing Flows, Mach. Learn. Sci. Tech. 1(4), 045023 (2020), doi:10.1088/2632-
2153/abab62, 2001.05486.


2506.06203
2506.06203
2506.06203
https://doi.org/10.21468/SciPostPhysCore.6.2.034
2206.14831
2412.12069
2509.00155
https://doi.org/10.21468/SciPostPhys.12.4.129
2112.09145
https://doi.org/10.1007/JHEP07(2024)124
2312.02067
2312.02067
2312.02067
https://doi.org/10.1007/JHEP03(2023)221
2211.02834
https://doi.org/10.1142/S2810939223500028
2206.04115
2206.04115
2206.04115
https://doi.org/10.21468/SciPostPhys.18.2.040
2408.04720
https://doi.org/10.1088/2632-2153/ad743e
2405.06107
https://doi.org/10.1007/JHEP04(2025)143
2501.05743
https://doi.org/10.1016/0021-9991(78)90004-9
1808.03856
https://doi.org/10.21468/SciPostPhys.8.4.069
2001.05478
https://doi.org/10.1088/2632-2153/abab62
https://doi.org/10.1088/2632-2153/abab62
https://doi.org/10.1088/2632-2153/abab62
2001.05486

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

SciPost Physics Proceedings Submission

[27] C.Gao, S. Hoche, J. Isaacson, C. Krause and H. Schulz, Event Generation with Normalizing
Flows, Phys. Rev. D 101(7), 076002 (2020), doi:10.1103/PhysRevD.101.076002, 2001.
10028.

[28] I.-K. Chen, M. D. Klimek and M. Perelstein, Improved neural network Monte Carlo simula-
tion, SciPost Phys. 10(1), 023 (2021), doi:10.21468/SciPostPhys.10.1.023, 2009.07819.

[29] S. Pina-Otey, V. Gaitan, E Sanchez and T. Lux, Exhaustive neural importance sam-
pling applied to Monte Carlo event generation, Phys. Rev. D 102(1), 013003 (2020),
doi:10.1103/PhysRevD.102.013003, 2005.12719.

[30] N. Deutschmann and N. G6tz, Accelerating HEP simulations with Neural Importance Sam-
pling, JHEP 03, 083 (2024), doi:10.1007/JHEP03(2024)083, 2401.09069.

[31] T Heimel, R. Winterhalder, A. Butter, J. Isaacson, C. Krause, FE Maltoni, O. Mattelaer and
T. Plehn, MadNIS - Neural multi-channel importance sampling, SciPost Phys. 15(4), 141
(2023), doi:10.21468/SciPostPhys.15.4.141, 2212.06172.

[32] T Heimel, N. Huetsch, E Maltoni, O. Mattelaer, T. Plehn and R. Winterhalder, The MadNIS
reloaded, SciPost Phys. 17(1), 023 (2024), doi:10.21468/SciPostPhys.17.1.023, 2311.
01548.

[33] T. Heimel, O. Mattelaer, T. Plehn and R. Winterhalder, Differentiable MadNIS-Lite, SciPost
Phys. 18(1), 017 (2025), do0i:10.21468/SciPostPhys.18.1.017, 2408.01486.

[34] J. Alwall, R. Frederix, S. Frixione, V. Hirschi, FE Maltoni, O. Mattelaer, H. S. Shao,
T. Stelzer, P Torrielli and M. Zaro, The automated computation of tree-level and next-to-
leading order differential cross sections, and their matching to parton shower simulations,
JHEP 07, 079 (2014), doi:10.1007/JHEP07(2014)079, 1405.0301.

[35] S. Amoroso et al., Snowmass 2021 Whitepaper: Proton Structure at the Precision Frontier,
Acta Phys. Polon. B 53(12), 12 (2022), doi:10.5506/APhysPolB.53.12-A1, 2203.13923.

[36] M. Ubiali, Parton Distribution Functions and Their Impact on Precision of the Current
Theory Calculations (2024), 2404.08508.

[37] L. Del Debbio, T. Giani and M. Wilson, Bayesian approach to inverse problems:
an application to NNPDF closure testing, Eur. Phys. J. C 82(4), 330 (2022),
doi:10.1140/epjc/s10052-022-10297-x, 2111.05787.

[38] R. D. Ball, L. Del Debbio, S. Forte, A. Guffanti, J. I. Latorre, A. Piccione, J. Rojo and
M. Ubiali, A Determination of parton distributions with faithful uncertainty estima-
tion, Nucl. Phys. B 809, 1 (2009), doi:10.1016/j.nuclphysb.2008.09.037, [Erratum:
Nucl.Phys.B 816, 293 (2009)], 0808.1231.

[39] S. Carrazza and J. Cruz-Martinez, Towards a new generation of parton densities with deep
learning models, Eur. Phys. J. C 79(8), 676 (2019), doi:10.1140/epjc/s10052-019-7197-
2, 1907.05075.

[40] R. D. Ball et al., The path to proton structure at 1% accuracy, Eur. Phys. J. C 82(5), 428
(2022), doi:10.1140/epjc/s10052-022-10328-7, 2109.02653.

[41] M. N. Costantini, M. Madigan, L. Mantani and J. M. Moore, A critical study of the Monte
Carlo replica method, JHEP 12, 064 (2024), doi:10.1007/JHEP12(2024)064, 2404.
10056.


https://doi.org/10.1103/PhysRevD.101.076002
2001.10028
2001.10028
2001.10028
https://doi.org/10.21468/SciPostPhys.10.1.023
2009.07819
https://doi.org/10.1103/PhysRevD.102.013003
2005.12719
https://doi.org/10.1007/JHEP03(2024)083
2401.09069
https://doi.org/10.21468/SciPostPhys.15.4.141
2212.06172
https://doi.org/10.21468/SciPostPhys.17.1.023
2311.01548
2311.01548
2311.01548
https://doi.org/10.21468/SciPostPhys.18.1.017
2408.01486
https://doi.org/10.1007/JHEP07(2014)079
1405.0301
https://doi.org/10.5506/APhysPolB.53.12-A1
2203.13923
2404.08508
https://doi.org/10.1140/epjc/s10052-022-10297-x
2111.05787
https://doi.org/10.1016/j.nuclphysb.2008.09.037
0808.1231
https://doi.org/10.1140/epjc/s10052-019-7197-2
https://doi.org/10.1140/epjc/s10052-019-7197-2
https://doi.org/10.1140/epjc/s10052-019-7197-2
1907.05075
https://doi.org/10.1140/epjc/s10052-022-10328-7
2109.02653
https://doi.org/10.1007/JHEP12(2024)064
2404.10056
2404.10056
2404.10056

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

301

392

393

394

395

396

397

398

399

400

401

402

403

SciPost Physics Proceedings Submission

[42] A. Chiefa, M. N. Costantini, J. Cruz-Martinez, E. R. Nocera, T. R. Rabemananjara, J. Rojo,
T. Sharma, R. Stegeman and M. Ubiali, Parton distributions confront LHC Run II data: a
quantitative appraisal, JHEP 07, 067 (2025), doi:10.1007/JHEP07(2025)067, 2501.
10359.

[43] R. D. Ball et al., An open-source machine learning framework for global analyses of parton
distributions, Eur. Phys. J. C 81(10), 958 (2021), doi:10.1140/epjc/s10052-021-09747-
9, 2109.02671.

[44] A. Barontini, M. N. Costantini, G. De Crescenzo, S. Forte and M. Ubiali, Evaluating the
faithfulness of PDF uncertainties in the presence of inconsistent data (2025), 2503.17447.

[45] S. Carrazza, J. 1. Latorre, J. Rojo and G. Watt, A compression algorithm for the combination
of PDF sets, Eur. Phys. J. C 75, 474 (2015), do0i:10.1140/epjc/s10052-015-3703-3,
1504.06469.

[46] S. Carrazza, J. M. Cruz-Martinez and T. R. Rabemananjara, = Compressing PDF
sets using generative adversarial networks,  Eur. Phys. J. C 81(6), 530 (2021),
doi:10.1140/epjc/s10052-021-09338-8, 2104.04535.

[47] M. N. Costantini, L. Mantani, J. M. Moore, V. S. Sanchez and M. Ubiali, Colibri: A new
tool for fast-flying PDF fits (2025), 2510.03391.

[48] J. Brehmer and K. Cranmer, Simulation-based inference methods for particle physics
(2020), 2010.06439.

[49] H. Bahl, V. Breso-Pla, G. De Crescenzo and T. Plehn, Advancing tools for simulation-based
inference, SciPost Phys. Core 8, 060 (2025), doi:10.21468/SciPostPhysCore.8.3.060,
2410.07315.

[50] I. Brivio and M. Trott, The Standard Model as an Effective Field Theory, Phys. Rept. 793,
1 (2019), doi:10.1016/j.physrep.2018.11.002, 1706.08945.

[51] R. Gomez Ambrosio, J. ter Hoeve, M. Madigan, J. Rojo and V. Sanz, Unbinned multivariate
observables for global SMEFT analyses from machine learning, JHEP 03, 033 (2023),
doi:10.1007/JHEP03(2023)033, 2211.02058.

[52] J. Brehmer, E Kling, I. Espejo and K. Cranmer, MadMiner: Machine learning-based infer-
ence for particle physics, Comput. Softw. Big Sci. 4(1), 3 (2020), doi:10.1007/s41781-
020-0035-2, 1907.10621.

[53] J. Brehmer, K. Cranmer, G. Louppe and J. Pavez, A Guide to Constraining Effec-
tive Field Theories with Machine Learning, Phys. Rev. D 98(5), 052004 (2018),
doi:10.1103/PhysRevD.98.052004, 1805.00020.

[54] J. Brehmer, K. Cranmer, G. Louppe and J. Pavez, Constraining Effective Field
Theories with Machine Learning, Phys. Rev. Lett. 121(11), 111801 (2018),
doi:10.1103/PhysRevLett.121.111801, 1805.00013.

[55] S. Chen, A. Glioti, G. Panico and A. Wulzer, Parametrized classifiers for optimal EFT
sensitivity, JHEP 05, 247 (2021), doi:10.1007/JHEP05(2021)247, 2007.10356.

[56] S. Chatterjee, S. Rohshap, R. Schofbeck and D. Schwarz, Learning the EFT likelihood with
tree boosting (2022), 2205.12976.

10


https://doi.org/10.1007/JHEP07(2025)067
2501.10359
2501.10359
2501.10359
https://doi.org/10.1140/epjc/s10052-021-09747-9
https://doi.org/10.1140/epjc/s10052-021-09747-9
https://doi.org/10.1140/epjc/s10052-021-09747-9
2109.02671
2503.17447
https://doi.org/10.1140/epjc/s10052-015-3703-3
1504.06469
https://doi.org/10.1140/epjc/s10052-021-09338-8
2104.04535
2510.03391
2010.06439
https://doi.org/10.21468/SciPostPhysCore.8.3.060
2410.07315
https://doi.org/10.1016/j.physrep.2018.11.002
1706.08945
https://doi.org/10.1007/JHEP03(2023)033
2211.02058
https://doi.org/10.1007/s41781-020-0035-2
https://doi.org/10.1007/s41781-020-0035-2
https://doi.org/10.1007/s41781-020-0035-2
1907.10621
https://doi.org/10.1103/PhysRevD.98.052004
1805.00020
https://doi.org/10.1103/PhysRevLett.121.111801
1805.00013
https://doi.org/10.1007/JHEP05(2021)247
2007.10356
2205.12976

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

SciPost Physics Proceedings Submission

[57] S. Chen, A. Glioti, G. Panico and A. Wulzer, Boosting likelihood learning with event
reweighting, JHEP 03, 117 (2024), doi:10.1007/JHEP03(2024)117, 2308.05704.

[58] O.Long and B. Nachman, Designing observables for measurements with deep learning, Eur.
Phys. J. C 84(8), 776 (2024), do0i:10.1140/epjc/s10052-024-13135-4, 2310.08717.

[59] G. Aad et al., Measurement of off-shell Higgs boson production in the H* — Z7Z — 4{
decay channel using a neural simulation-based inference technique in 13 TeV pp collisions
with the ATLAS detector, Rept. Prog. Phys. 88(5), 057803 (2025), do0i:10.1088/1361-
6633/adcd9a, 2412.01548.

[60] G. Aad et al., An implementation of neural simulation-based inference for parameter
estimation in ATLAS, Rept. Prog. Phys. 88(6), 067801 (2025), doi:10.1088/1361-
6633/add370, 2412.01600.

[61] M. N. Costantini, E. Hammou, Z. Kassabov, M. Madigan, L. Mantani, M. Morales Al-
varado, J. M. Moore and M. Ubiali, SIMUnet: an open-source tool for simultaneous
global fits of EFT Wilson coefficients and PDFs, Eur. Phys. J. C 84(8), 805 (2024),
doi:10.1140/epjc/s10052-024-13079-9, 2402.03308.

[62] S. Iranipour and M. Ubiali, A new generation of simultaneous fits to LHC data using deep
learning, JHEP 05, 032 (2022), doi:10.1007/JHEP05(2022)032, 2201.07240.

[63] E. Hammou, Z. Kassabov, M. Madigan, M. L. Mangano, L. Mantani, J. Moore, M. M.
Alvarado and M. Ubiali, Hide and seek: how PDFs can conceal new physics, JHEP 11, 090
(2023), do0i:10.1007/JHEP11(2023)090, 2307.10370.

[64] S. Badger et al., Machine learning and LHC event generation, SciPost Phys. 14(4), 079
(2023), do0i:10.21468/SciPostPhys.14.4.079, 2203.07460.

[65] S. Otten, S. Caron, W. de Swart, M. van Beekveld, L. Hendriks, C. van Leeuwen, D. Po-
dareanu, R. Ruiz de Austri and R. Verheyen, Event Generation and Statistical Sampling for
Physics with Deep Generative Models and a Density Information Buffer, Nature Commun.
12(1), 2985 (2021), doi:10.1038/s41467-021-22616-z, 1901.00875.

[66] B. Hashemi, N. Amin, K. Datta, D. Olivito and M. Pierini, LHC analysis-specific datasets
with Generative Adversarial Networks (2019), 1901.05282.

[67] R. Di Sipio, M. Faucci Giannelli, S. Ketabchi Haghighat and S. Palazzo, DijetGAN: A
Generative-Adversarial Network Approach for the Simulation of QCD Dijet Events at the
LHC, JHEP 08, 110 (2019), doi:10.1007/JHEP08(2019)110, 1903.02433.

[68] A. Butter, T. Plehn and R. Winterhalder, How to GAN LHC Events, SciPost Phys. 7(6), 075
(2019), doi:10.21468/SciPostPhys.7.6.075, 1907.03764.

[69] J. Arjona Martinez, T. Q. Nguyen, M. Pierini, M. Spiropulu and J.-R. Vlimant, Particle
Generative Adversarial Networks for full-event simulation at the LHC and their application
to pileup description, J. Phys. Conf. Ser. 1525(1), 012081 (2020), doi:10.1088/1742-
6596/1525/1/012081, 1912.02748.

[70] Y. Alanazi et al., Simulation of electron-proton scattering events by a Feature-
Augmented and Transformed Generative Adversarial Network (FAT-GAN) (2020),
doi:10.24963 /ijcai.2021/293, 2001.11103.

11


https://doi.org/10.1007/JHEP03(2024)117
2308.05704
https://doi.org/10.1140/epjc/s10052-024-13135-4
2310.08717
https://doi.org/10.1088/1361-6633/adcd9a
https://doi.org/10.1088/1361-6633/adcd9a
https://doi.org/10.1088/1361-6633/adcd9a
2412.01548
https://doi.org/10.1088/1361-6633/add370
https://doi.org/10.1088/1361-6633/add370
https://doi.org/10.1088/1361-6633/add370
2412.01600
https://doi.org/10.1140/epjc/s10052-024-13079-9
2402.03308
https://doi.org/10.1007/JHEP05(2022)032
2201.07240
https://doi.org/10.1007/JHEP11(2023)090
2307.10370
https://doi.org/10.21468/SciPostPhys.14.4.079
2203.07460
https://doi.org/10.1038/s41467-021-22616-z
1901.00875
1901.05282
https://doi.org/10.1007/JHEP08(2019)110
1903.02433
https://doi.org/10.21468/SciPostPhys.7.6.075
1907.03764
https://doi.org/10.1088/1742-6596/1525/1/012081
https://doi.org/10.1088/1742-6596/1525/1/012081
https://doi.org/10.1088/1742-6596/1525/1/012081
1912.02748
https://doi.org/10.24963/ijcai.2021/293
2001.11103

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

SciPost Physics Proceedings Submission

[71] B. Stienen and R. Verheyen, Phase space sampling and inference from
weighted events with autoregressive flows, SciPost Phys. 10(2), 038 (2021),
doi:10.21468/SciPostPhys.10.2.038, 2011.13445.

[72] A. Butter, T. Heimel, S. Hummerich, T. Krebs, T. Plehn, A. Rousselot and S. Vent,
Generative networks for precision enthusiasts, SciPost Phys. 14(4), 078 (2023),
doi:10.21468/SciPostPhys.14.4.078, 2110.13632.

[73] B. Kéch, D. Kriicker, I. Melzer-Pellmann, M. Scham, S. Schnake and A. Verney-Provatas,
JetFlow: Generating Jets with Conditioned and Mass Constrained Normalising Flows
(2022), 2211.13630.

[74] M. Bellagente, M. Haussmann, M. Luchmann and T. Plehn, Understanding
Event-Generation Networks via Uncertainties, SciPost Phys. 13(1), 003 (2022),
doi:10.21468/SciPostPhys.13.1.003, 2104.04543.

[75] M. Leigh, D. Sengupta, G. Quétant, J. A. Raine, K. Zoch and T. Golling, PC-JeDi: Diffusion
for particle cloud generation in high energy physics, SciPost Phys. 16(1), 018 (2024),
doi:10.21468/SciPostPhys.16.1.018, 2303.05376.

[76] A. Butter, N. Huetsch, S. Palacios Schweitzer, T. Plehn, P Sorrenson and J. Spinner, Jet
diffusion versus JetGPT — Modern networks for the LHC, SciPost Phys. Core 8, 026 (2025),
doi:10.21468/SciPostPhysCore.8.1.026, 2305.10475.

[77] M. Leigh, D. Sengupta, J. A. Raine, G. Quétant and T. Golling, Faster diffusion model
with improved quality for particle cloud generation, Phys. Rev. D 109(1), 012010 (2024),
doi:10.1103/PhysRevD.109.012010, 2307.06836.

[78] B. Nachman and R. Winterhalder, Elsa: enhanced latent spaces for improved collider sim-
ulations, Eur. Phys. J. C 83(9), 843 (2023), doi:10.1140/epjc/s10052-023-11989-8,
2305.07696.

[79] J. N. Howard, S. Mandt, D. Whiteson and Y. Yang, Learning to simulate high energy
particle collisions from unlabeled data, Sci. Rep. 12, 7567 (2022), d0i:10.1038/s41598-
022-10966-7, 2101.08944.

[80] T. Heimel, N. Huetsch, R. Winterhalder, T. Plehn and A. Butter, Precision-
machine learning for the matrix element method, SciPost Phys. 17(5), 129 (2024),
doi:10.21468/SciPostPhys.17.5.129, 2310.07752.

[81] A. Butter, T. Heimel, T. Martini, S. Peitzsch and T. Plehn, Two invertible
networks for the matrix element method, SciPost Phys. 15(3), 094 (2023),
doi:10.21468/SciPostPhys.15.3.094, 2210.00019.

[82] J. Brehmer, P de Haan, S. Behrends and T. Cohen, Geometric algebra transformer (2023),
2305.18415.

[83] S. Matthes, Z. Han and H. Shen, Towards a unified framework of contrastive learning for
disentangled representations (2023), 2311.04774.

[84] J. Spinner, V. Bresd, P de Haan, T. Plehn, J. Thaler and J. Brehmer, Lorentz-Equivariant
Geometric Algebra Transformers for High-Energy Physics (2024), 2405.14806.

[85] J. Brehmer, V. Bresd, P de Haan, T. Plehn, H. Qu, J. Spinner and J. Thaler, A Lorentz-
Equivariant Transformer for All of the LHC (2024), 2411.00446.

12


https://doi.org/10.21468/SciPostPhys.10.2.038
2011.13445
https://doi.org/10.21468/SciPostPhys.14.4.078
2110.13632
2211.13630
https://doi.org/10.21468/SciPostPhys.13.1.003
2104.04543
https://doi.org/10.21468/SciPostPhys.16.1.018
2303.05376
https://doi.org/10.21468/SciPostPhysCore.8.1.026
2305.10475
https://doi.org/10.1103/PhysRevD.109.012010
2307.06836
https://doi.org/10.1140/epjc/s10052-023-11989-8
2305.07696
https://doi.org/10.1038/s41598-022-10966-7
https://doi.org/10.1038/s41598-022-10966-7
https://doi.org/10.1038/s41598-022-10966-7
2101.08944
https://doi.org/10.21468/SciPostPhys.17.5.129
2310.07752
https://doi.org/10.21468/SciPostPhys.15.3.094
2210.00019
2305.18415
2311.04774
2405.14806
2411.00446

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

SciPost Physics Proceedings Submission

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]
[99]

P Betzler and S. Krippendorf, Connecting Dualities and Machine Learning, Fortsch. Phys.
68(5), 2000022 (2020), doi:10.1002/prop.202000022, 2002.05169.

S. Krippendorf and M. Syvaeri, Detecting Symmetries with Neural Networks (2020), 2003.
13679.

G. Barenboim, J. Hirn and V. Sanz, Symmetry meets AI, SciPost Phys. 11, 014 (2021),
doi:10.21468/SciPostPhys.11.1.014, 2103.06115.

A. Butter, T. Plehn, N. Soybelman and J. Brehmer, Back to the formula - LHC edition,
SciPost Phys. 16(1), 037 (2024), doi:10.21468/SciPostPhys.16.1.037, 2109.10414.

Y. Ly, Y.-J. Wang, Y. Chen and J.-J. Wu, Rediscovery of numerical Liischer’s formula from the
neural network*, Chin. Phys. C 48(7), 073101 (2024), doi:10.1088/1674-1137/ad3b9c,
2210.02184.

H. E Tsoi, D. Rankin, C. Caillol, M. Cranmer, S. Dasu, J. Duarte, P Harris, E. Lipeles and
V. Loncar, SymbolFit: Automatic Parametric Modeling with Symbolic Regression, Comput.
Softw. Big Sci. 9(1), 12 (2025), doi:10.1007/s41781-025-00140-9, 2411.09851.

M. Morales-Alvarado, D. Conde, J. Bendavid, V. Sanz and M. Ubiali, Symbolic regression
for precision LHC physics, In 38th conference on Neural Information Processing Systems
(2024), 2412.07839.

A. Dotson et al., Generalized Parton Distributions from Symbolic Regression (2025), 2504.
13289.

N. Makke and S. Chawla, Inferring interpretable models of fragmentation functions using
symbolic regression, Mach. Learn. Sci. Tech. 6(2), 025003 (2025), do0i:10.1088/2632-
2153 /adb3ec, 2501.07123.

J. Bendavid, D. Conde, M. Morales-Alvarado, V. Sanz and M. Ubiali, Angular Coefficients
from Interpretable Machine Learning with Symbolic Regression (2025), 2508.00989.

M. Cranmer, Interpretable machine learning for science with pysr and symbolicregression.jl
(2023), 2305.01582.

S. Gukov, J. Halverson and E Ruehle, Rigor with machine learning from field theory to
the Poincaré conjecture, Nature Rev. Phys. 6(5), 310 (2024), doi:10.1038/s42254-024-
00709-0, 2402.13321.

J. Halverson, TASI Lectures on Physics for Machine Learning (2024), 2408.00082.

S. Krippendorf and M. Spannowsky, A duality connecting neural network and cosmo-
logical dynamics, Mach. Learn. Sci. Tech. 3(3), 035011 (2022), doi:10.1088/2632-
2153/ac87e9, 2202.11104.

13


https://doi.org/10.1002/prop.202000022
2002.05169
2003.13679
2003.13679
2003.13679
https://doi.org/10.21468/SciPostPhys.11.1.014
2103.06115
https://doi.org/10.21468/SciPostPhys.16.1.037
2109.10414
https://doi.org/10.1088/1674-1137/ad3b9c
2210.02184
https://doi.org/10.1007/s41781-025-00140-9
2411.09851
2412.07839
2504.13289
2504.13289
2504.13289
https://doi.org/10.1088/2632-2153/adb3ec
https://doi.org/10.1088/2632-2153/adb3ec
https://doi.org/10.1088/2632-2153/adb3ec
2501.07123
2508.00989
2305.01582
https://doi.org/10.1038/s42254-024-00709-0
https://doi.org/10.1038/s42254-024-00709-0
https://doi.org/10.1038/s42254-024-00709-0
2402.13321
2408.00082
https://doi.org/10.1088/2632-2153/ac87e9
https://doi.org/10.1088/2632-2153/ac87e9
https://doi.org/10.1088/2632-2153/ac87e9
2202.11104

	Introduction
	Machine Learning for Parton-Level Predictions
	Scattering Amplitude Calculations
	Phase Space Integration
	Parton Distribution Functions
	Parameter determination

	Beyond Parton Level: End-to-End Simulations
	Frontiers: Uncertainty, Symmetry, and Interpretability
	Conclusion
	References

