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● AI/ML has been implemented in major steps in DUNE reconstruction, enhancing the use of its high-resolution, large-

statistics data.

○ Signal Processing and Hit Finding

○ Clustering

○ Kinematics

○ Event-Classification and Particle Identification

○ Non-beam Neutrino reconstruction

● AI/ML has been widely applied to various other aspects of DUNE

○ Simulation

○ Trigger & DAQ

○ Beam design and monitoring

○ Computing workflow

○ Documentation search pipeline

○ Quality Assurance and Quality Control (QA/QC)

● Exploring advanced AI technologies: LLMs, multimodal AI, foundation models, AI agents, and transformers

● DUNE leverages and advances AI infrastructure across major U.S. national laboratory computing facilities, including 

NERSC, ALCF, SDCC, EAF, and S3DF.
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AI/ML at DUNE



Reconstruction Framework: Well-Cell

● Scalable Inference for LArTPC Signal Processing with MobileU-Net 

and Overlap–Tile Chunking 

https://ml4physicalsciences.github.io/2025/files/NeurIPS_ML4PS_20

25_280.pdf

● CNN (U-Net) for regions of interest (ROI) detection in DUNE signal 

processing algorithm WireCell, JINST 

https://iopscience.iop.org/article/10.1088/1748-0221/16/01/P01036
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The DUNE Well-Cell framework is a scalable, cell-based signal 

processing and event reconstruction framework for LArTPC detectors, 

enabling efficient 3D pattern recognition and particle reconstruction.

https://ml4physicalsciences.github.io/2025/files/NeurIPS_ML4PS_2025_280.pdf
https://ml4physicalsciences.github.io/2025/files/NeurIPS_ML4PS_2025_280.pdf
https://iopscience.iop.org/article/10.1088/1748-0221/16/01/P01036
https://iopscience.iop.org/article/10.1088/1748-0221/16/01/P01036
https://iopscience.iop.org/article/10.1088/1748-0221/16/01/P01036


Reconstruction Framework:  SPINE

● A number of software frameworks use deep learning for 

clustering, regression and PID

● SPINE: end-to-end ML-based reconstruction for the DUNE 

Near Detector (NDLAr), uses various techniques such as sparse 

CNNs and GNNs

● F.Drielsma, K.Terao, L.Domin and D.H.Koh, NeurIPS 

proceedings, arXiv:2102.01033

SPINE particle clustering performance
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https://arxiv.org/abs/2102.01033
https://arxiv.org/abs/2102.01033
https://arxiv.org/abs/2102.01033
https://arxiv.org/abs/2102.01033
https://arxiv.org/abs/2102.01033


Reconstruction Framework: NuGraph

● NuGraph: GNN-based approach to LArTPC event reconstruction; Developing and implementing on 

DUNE

Nu2Graph particle clustering
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A.Aurisano, V.Hewes, G.Cerati, J.Kowalkowski, C.S.Lee, W.Liao, D.Grzenda, K.Gumpula and X.Zhang, Phys. Rev. D 110, no.3, 3 (2024)

Currently dedicated for Nutau analysis, but can also for other channels

https://arxiv.org/abs/2403.11872
https://arxiv.org/abs/2403.11872
https://arxiv.org/abs/2403.11872


Reconstruction Framework: Pandora

CNN-based vertex reconstruction

•  Predicts distance to the vertex position for each hit and uses ring-drawing method to predict vertex position

•  Published last year, and a new DUNE preprint describing its use in atmospheric neutrino reconstruction

State-of-the-art shower reconstruction with transformers

•  Significant improvement in dense 

environments with overlapping showers

•  Predicts the similarity matrix 

between initial simple clusters 

• Non-exhaustive list with many other 

exciting developments underway!

DUNE Collaboration, Reconstruction of atmospheric neutrinos in DUNE’s horizontal -drift far-

detector module, arXiv: 2601.05697 [hep-ex] (2026)DUNE Collaboration, Neutrino interaction vertex reconstruction in DUNE with Pandora deep learning, 

Eur.Phys.J.C 85, 697 (2025) Eur. Phys. J. C 85, 697 (2025)

Truth Simple clustering Transformer shower 

growing

Pandora: A widely used framework for particle reconstruction in LArTPC experiments, with 

increasing integration of AI/ML techniques in recent years.

https://link.springer.com/article/10.1140/epjc/s10052-025-14313-8
https://link.springer.com/article/10.1140/epjc/s10052-025-14313-8


Transformers for Reconstruction
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Particle Hit Clustering and 

Identification Using Point 

Set Transformers in 

LArTPC

E.Robles, A.Yankelevich, W.Wu, 

J.Bian and P.Baldi, 

JINST 20 (2025) 07, P07030

Pandora shower reconstruction with transformers

• Significant improvement in dense 

environments with overlapping showers

• Predicts the similarity matrix 

between initial simple clusters 

https://indico.bnl.gov/event/21492/contributions/88564/attach

ments/53743/91937/pandora_ml.pdf

Andy Chappell

https://arxiv.org/abs/2504.08182
https://arxiv.org/abs/2504.08182
https://arxiv.org/abs/2504.08182
https://arxiv.org/abs/2504.08182
https://arxiv.org/abs/2504.08182
https://arxiv.org/abs/2504.08182
https://arxiv.org/abs/2504.08182
https://indico.bnl.gov/event/21492/contributions/88564/attachments/53743/91937/pandora_ml.pdf
https://indico.bnl.gov/event/21492/contributions/88564/attachments/53743/91937/pandora_ml.pdf


Reconstruction: Kinematics

● 2D and 3D Regression CNNs for Neutrino event energy and primary particle energy and direction

● Incorporating energy and momentum conservation into network training for domain-aware scientific machine 

learning

● SPINE and NuGraph also calculate kinematic variables in their workflows 8

2-D images for energy reconstruction

3-D images for angle reconstruction

J.Liu, J.Ott, J.Collado, B.Jargowsky, W. Wu,J.Bian, P.Baldi, NeurIPS proceedings, arXiv 2012.06181

https://arxiv.org/abs/2012.06181


Reconstruction: Event-Classification and Particle Identification

● CNN predicts the flavour of the neutrinos using images of the interactions (CVN), First 

demonstration that DUNE can achieve the CP violation sensitivity from the CDR, Phys. Rev. 

D 102, 092003

● Data-intensive scientific machine learning for automated scientific inference and data analysis
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.102.092003
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.102.092003
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.102.092003


Reconstruction: Event-Classification and Particle Identification

● SPINE and NuGraph also perform particle id as part of their respective workflows

● Transformer and Sparse CNN for simultaneous neutrino flavor classification and final particle identification; 

attention mechanisms enhance performance and provide interpretability

● Studying interpretability of network decisions using pixel gradients (saliency) and attention scores
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Alejandro Yankelevich and Alexander Shmakov

https://indico.bnl.gov/event/21492/contributions/88967/attach

ments/53875/92140/TransformerCVN_Wire-

Cell_Summit_2024.pdf;

https://indico.bnl.gov/event/21492/contributions/88967/attachments/53875/92140/TransformerCVN_Wire-Cell_Summit_2024.pdf
https://indico.bnl.gov/event/21492/contributions/88967/attachments/53875/92140/TransformerCVN_Wire-Cell_Summit_2024.pdf
https://indico.bnl.gov/event/21492/contributions/88967/attachments/53875/92140/TransformerCVN_Wire-Cell_Summit_2024.pdf
https://indico.bnl.gov/event/21492/contributions/88967/attachments/53875/92140/TransformerCVN_Wire-Cell_Summit_2024.pdf


Dead Region Recovery with Generative AI
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• Machine Learning Track Inference in the Dead Regions of DUNE’s Near 

Detector Prototype

• Generative AI for detector completion 

• LArDRIP: A Multi-Scale Generative Sparse 3D Unet

• Recovering missing energy in detector dead regions

See Hilary Utaegbulam’s talk



AI-Assisted Multi-Detector Event Reconstruction

12See J. Micahllef’s talk

GNN-Based Track Matching Across DUNE Near Detectors

•Graph neural networks are used to connect track fragments reconstructed in ND-LAr and TMS. 

•Integrated with the SPINE reconstruction framework for multi-detector event reconstruction. 

•Enables robust track association in DUNE's high-rate Near Detector environment.



Simulation: Generative model for photon simulation

● Generative machine learning model for fast photon simulation in DUNE FD

● 1D generative MLP as a fast surrogate for Geant4 photon simulation in ProtoDUNE
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W Mu, A. Himmel and Bryan Ramson, 2022 Mach. Learn.: 

Sci. Technol. 3 015033

ML in particle transport simulation

https://iopscience.iop.org/article/10.1088/2632-2153/ac58e2
https://iopscience.iop.org/article/10.1088/2632-2153/ac58e2
https://iopscience.iop.org/article/10.1088/2632-2153/ac58e2
https://iopscience.iop.org/article/10.1088/2632-2153/ac58e2
https://iopscience.iop.org/article/10.1088/2632-2153/ac58e2
https://iopscience.iop.org/article/10.1088/2632-2153/ac58e2
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Score-based Diffusion Models for Generating LArTPC Images

Zeviel Imani, Taritree Wongjirad, Shuchin Aeron, 

Phys.Rev.D 109 (2024) 7, 072011

Good agreement between Simulation and 

generation

ML in particle transport simulation

Simulation: Diffusion Models

https://arxiv.org/abs/2307.13687
https://arxiv.org/abs/2307.13687


GPU-Accelerated Simulation
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• Accelerated optical photon simulation via GPU ray tracing

• Opticks: open-source GPU-accelerated optical simulation using 

NVIDIA OptiX engine with Geant4 integration

• Having access to high-fidelity (full optical simulations) will allow us 

to develop and test ML approaches, without GPU acceleration this is 

impractical

• ∼100×speedup transforms optical simulation from bottleneck to 

enabler for simulation-based inference and ML

Aaron Higuera, I. Parmaksiz, etc (Rice University) 



AI for Detector Calibration & Systematics

● Differentiable simulation of DUNE ND-LAr detector response

● Simultaneously adjust multiple detector model parameters (drift field, electron lifetime, recombination, diffusion coefficients,

etc.) with data input
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S.Gasiorowski, Y.Chen, Y.Nashed, P.Granger, C.Mironov, K.V. Tsang, D.Ratner and K.Terao, Mach. Learn. Sci. Tech. 5, no.2, 025012 (2024)

ML in detector response simulation (Digitization)

https://iopscience.iop.org/article/10.1088/2632-2153/ad2cf0
https://iopscience.iop.org/article/10.1088/2632-2153/ad2cf0
https://iopscience.iop.org/article/10.1088/2632-2153/ad2cf0


AI for Detector Calibration & Systematics
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• DetSuM: An uncertainty-aware AI surrogate simulation framework based on the RESuM framework 

[arXiv:2410.03873]. 

• Models detector uncertainties such as electron lifetime and charge recombination parameters from sparse 

simulation samples. 

• Reduces the computational cost of DUNE rare-event sensitivity studies. 

• Demonstrated on the DUNE neutron–antineutron oscillation analysis.

DUNE Work in Progress



Trigger & DAQ

● Real-time Inference with 2D Convolutional Neural Networks on FPGA for Trigger

● Use "High Level Synthesis for Machine Learning” (hls4ml) to test CNN deployment on FPGA
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Y.j.Jwa, G.Di Guglielmo, L.Arnold, L.Carloni and G.Karagiorgi, Front. Artif. 

Intell. 5, 855184 (2022), arXiv 2201.05638

● Anomaly Detection for 

Supernova and BSM Triggers 

using a CNN-based 

Autoencoder 

● Goal: FPGA implementation

Work in Progress

Sunny Seo, FNAL

https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638
https://arxiv.org/abs/2201.05638


NVIDIA Triton based Online inference framework:

● Deploy AI/ML models on the DAQ cluster to perform software triggering

Andrew J. Mogan, 

https://indico.cern.ch/event/1387540/contributions/6153596/attachments/29484

44/5182096/fast_ml_dunedaq_10_15_24.pdf
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Sparse Convolutional Neural Network for DUNE Supernova Trigger：
S. Damish1 and M. Bhattacharya,

https://lss.fnal.gov/archive/2024/pub/fermilab-pub-24-0524-student.pdf

Software Trigger ML Algorithms on DAQ Cluster

Trigger & DAQ

https://indico.cern.ch/event/1387540/contributions/6153596/attachments/2948444/5182096/fast_ml_dunedaq_10_15_24.pdf
https://indico.cern.ch/event/1387540/contributions/6153596/attachments/2948444/5182096/fast_ml_dunedaq_10_15_24.pdf
https://lss.fnal.gov/archive/2024/pub/fermilab-pub-24-0524-student.pdf
https://lss.fnal.gov/archive/2024/pub/fermilab-pub-24-0524-student.pdf
https://lss.fnal.gov/archive/2024/pub/fermilab-pub-24-0524-student.pdf
https://lss.fnal.gov/archive/2024/pub/fermilab-pub-24-0524-student.pdf
https://lss.fnal.gov/archive/2024/pub/fermilab-pub-24-0524-student.pdf
https://lss.fnal.gov/archive/2024/pub/fermilab-pub-24-0524-student.pdf
https://lss.fnal.gov/archive/2024/pub/fermilab-pub-24-0524-student.pdf
https://lss.fnal.gov/archive/2024/pub/fermilab-pub-24-0524-student.pdf
https://lss.fnal.gov/archive/2024/pub/fermilab-pub-24-0524-student.pdf


Trigger & DAQ

Intermediate Level Supernova Pointing Trigger for DUNE Using In-storage AI

● In-storage AI deployed at the data buffering/storage layer (SSD + FPGA/AI accelerator)

● Performs early ML-based data reduction to enable early supernova pointing information
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Michael Wang, 

https://lss.fnal.gov/archive/2024/slides/fermilab-slides-

24-0090-csaid.pdf

https://lss.fnal.gov/archive/2024/slides/fermilab-slides-24-0090-csaid.pdf
https://lss.fnal.gov/archive/2024/slides/fermilab-slides-24-0090-csaid.pdf
https://lss.fnal.gov/archive/2024/slides/fermilab-slides-24-0090-csaid.pdf
https://lss.fnal.gov/archive/2024/slides/fermilab-slides-24-0090-csaid.pdf
https://lss.fnal.gov/archive/2024/slides/fermilab-slides-24-0090-csaid.pdf
https://lss.fnal.gov/archive/2024/slides/fermilab-slides-24-0090-csaid.pdf
https://lss.fnal.gov/archive/2024/slides/fermilab-slides-24-0090-csaid.pdf
https://lss.fnal.gov/archive/2024/slides/fermilab-slides-24-0090-csaid.pdf
https://lss.fnal.gov/archive/2024/slides/fermilab-slides-24-0090-csaid.pdf


ML Trigger Application in ProtoDUNE
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Ciaran Hasnip

• XGBoost-based online neutrino/BSM event selection.

• Real-time deployment with sub-μs CPU inference.

• Improved neutrino–cosmic separation over conventional triggers.

• Demonstrates AI integration into DUNE TDAQ.



Beam design and monitoring

● Genetic algorithm for LBNF neutrino beam optimization 

Genetic algorithm used to optimize the magnetic horn design

● Evolutionary-based method iteratively improves solutions by 

generating random variations

● Input: Optimizable beam parameters, Output: set of designs 

most sensitive to CP-violation

● Shapes and positions of numerous parts of the horns optimised

● Significantly increased the CP-violation sensitivity
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Laura Fields, 

https://indico.fnal.gov/event/15204/contributions/30218/attachments/18904/23699/Fields-LBNFDUNEBeamOptimization-June2018.pdf

https://indico.fnal.gov/event/15204/contributions/30218/attachments/18904/23699/Fields-LBNFDUNEBeamOptimization-June2018.pdf
https://indico.fnal.gov/event/15204/contributions/30218/attachments/18904/23699/Fields-LBNFDUNEBeamOptimization-June2018.pdf
https://indico.fnal.gov/event/15204/contributions/30218/attachments/18904/23699/Fields-LBNFDUNEBeamOptimization-June2018.pdf
https://indico.fnal.gov/event/15204/contributions/30218/attachments/18904/23699/Fields-LBNFDUNEBeamOptimization-June2018.pdf
https://indico.fnal.gov/event/15204/contributions/30218/attachments/18904/23699/Fields-LBNFDUNEBeamOptimization-June2018.pdf


Beam design and monitoring

● Machine Learning for LBNF/NuMI beam monitoring (ANN) 

● Provide key tools for intelligent automation and decision-support for the management and control of 

complex systems
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D.Wickremasinghe, S.Ganguly, K.Yonehara, R.M.Zwaska, Y.Yu and P.Snopok, arXiv:2309.08029

https://arxiv.org/abs/2309.08029


AI-driven Real-Time Beam Monitoring
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● Sudeshna Ganguly, https://lss.fnal.gov/archive/2025/slides/fermilab-
slides-25-0182-ad.pdf

• ML-based beam diagnostics with muon monitors for spill-by-spill 

inference of beamline parameters.

• Physics-informed digital twin for real-time beam monitoring and 

anomaly detection.

• Surrogate modeling and Bayesian optimization for efficient 

beamline simulations.

• AI-assisted beam control and next-generation beam 

instrumentation for LBNF/DUNE.

https://lss.fnal.gov/archive/2025/slides/fermilab-slides-25-0182-ad.pdf
https://lss.fnal.gov/archive/2025/slides/fermilab-slides-25-0182-ad.pdf
https://lss.fnal.gov/archive/2025/slides/fermilab-slides-25-0182-ad.pdf
https://lss.fnal.gov/archive/2025/slides/fermilab-slides-25-0182-ad.pdf
https://lss.fnal.gov/archive/2025/slides/fermilab-slides-25-0182-ad.pdf
https://lss.fnal.gov/archive/2025/slides/fermilab-slides-25-0182-ad.pdf
https://lss.fnal.gov/archive/2025/slides/fermilab-slides-25-0182-ad.pdf
https://lss.fnal.gov/archive/2025/slides/fermilab-slides-25-0182-ad.pdf
https://lss.fnal.gov/archive/2025/slides/fermilab-slides-25-0182-ad.pdf


LLM: AI-Assisted Knowledge System for DUNE (AskDUNE)

● Scalable RAG/LLM pipelines for large scientific 

document collections

● Automated ingestion + metadata extraction for 

DocDB/Indico

● Workflow optimization on leadership-class 

systems (Balsam, Aurora)

● Current efforts:
○ Backend service now lives on DUNEGPVM 

○ AskDUNE Slackbot development for the front-end 

○ Working on developing conversational interface 

Aleena Rafique 



Multimodal AI: Vision-Language Models for Classification and Explanation
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Vision-Language Model 

(VLM) for LArTPC 

Particle Identification:

Prompt Performance

Interpretability

Generalization

https://www.nature.com/article

s/s42005-026-02688-3

• ViT-level classification performance

• Robustness to different detector configuration, foundation model potential

• Natural-language explanations

• Human–AI interaction for event analysis

Dikshant Sagar, Kaiwen Yu, Alejandro 

Yankelevich, Jianming Bian, Pierre Baldi

https://www.nature.com/articles/s42005-026-02688-3
https://www.nature.com/articles/s42005-026-02688-3
https://www.nature.com/articles/s42005-026-02688-3
https://www.nature.com/articles/s42005-026-02688-3
https://www.nature.com/articles/s42005-026-02688-3
https://www.nature.com/articles/s42005-026-02688-3
https://www.nature.com/articles/s42005-026-02688-3
https://www.nature.com/articles/s42005-026-02688-3


Foundation Models

27

Toward Foundation 

Models with HEP 

Sensory Dataset

Kazuhiro Terao, SLAC

The first step toward sensor-level FMs in HEP
•Mask-based self-supervision: PoLAr-MAE
•Autoregressive token modeling: FM4NPP

Efforts so far focus on foundation across tasks. 
Interest/effort in cross-experimental FMs.

https://iopscience.iop.org/article/10.1088/2632-2153/ae47b8
https://iopscience.iop.org/article/10.1088/2632-2153/ae47b8
https://iopscience.iop.org/article/10.1088/2632-2153/ae47b8
https://arxiv.org/abs/2508.14087


● AI for DUNE cold electronics QA/QC

AI has been utilized for quality assurance and quality control (QA/QC) in DUNE detector construction. This example demonstrates the 

application of AI-enhanced Optical Character Recognition (OCR) for serial number identification in DUNE cold electronics chips 

QA/QC within the Robotic Test Stand (RTS).

28

DUNE Tech. Prelim.

Kieran Wall, BNL

Quality Assurance and Quality Control (QA/QC)



AI-assisted Code Generation

● Human-AI workflow for DUNE GEANT4 Geometry Construction

● AI-assisted code generation

29

DUNE Tech. Prelim.

Nitish Nayak, BNL



AI Infrastructure

● All-GPU full-scale Near Detector simulation on NERSC 

https://www.nersc.gov/news-publications/nersc-news/science-

news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/

● DUNE utilized NERSC’s GPU supercomputers to complete the first 

full-scale physics detector simulation entirely on GPUs

● Simulate neutrino interactions in the DUNE Near Detector with 12M-

pixel readout at unprecedented speed

● Demonstrate GPU-powered NERSC enables large-scale DUNE 

simulations, paving the way for full detector modeling
30

● National Lab HPC Facilities:

○ Fermilab EAF: Elastic Analysis 

Facility (EAF)

○ SLAC Shared Scientific Data 

Facility (S3DF)

○ ANL Polaris

● Distributed HTC GPU Clusters: 

FermiGrid, QMUL, OSG etc

● National HPC accessed via HEPCloud: 

NERSC/Perlmutter

● Other potential HPC Centers: ORNL, 

Commercial cloud etc

https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
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https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
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https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
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https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/
https://www.nersc.gov/news-publications/nersc-news/science-news/2023/nersc-supports-first-all-gpu-full-scale-physics-simulation/


Genesis Mission
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The Genesis Mission is a DOE led initiative aimed at coordinating and 

accelerating the integration of Artificial Intelligence with scientific 

research to drive transformative discoveries and maintain U.S. 

leadership in science and technology.

https://genesis.energy.gov

Particles

Genesis scope still under definition, with strong emphasis on 

rapid progress and early deliverables

Genesis Mission

https://genesis.energy.gov/
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The Genesis Mission is a DOE led initiative aimed at coordinating and 

accelerating the integration of Artificial Intelligence with scientific 

research to drive transformative discoveries and maintain U.S. 

leadership in science and technology.

Particles

Genesis scope still under definition, with strong emphasis on 

rapid progress and early deliverables

https://genesis.energy.gov

Genesis Mission

https://genesis.energy.gov/
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Meghna

on behalf of the Scientific 

User Facilities IaaS team

DUNE as a demonstrator for American Science Cloud under the Genesis Mission

Inference as a Service for HEP & NP data analysis



Summary

● AI/ML is widely integrated into DUNE

○ Developed in all major reconstruction components

○ Applications cover simulation, beam monitoring, trigger/DAQ, and QA/QC.

● Helps DUNE improve measurement performance, enhance physics reach, reduce 

computational burdens, and increase labour efficiency

● Leverage and improve National Labs and institutions’ AI infrastructure

● Well aligned with priority research directions for AI/ML

● Provides a natural platform for the Genesis Mission
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