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https://indico.cern.ch/event/1608897/overview
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High Luminosity Large Hadron Collider

We are here!
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ATLAS and CMS upgrades

improved muon coverage new and upgraded forward "
and luminosity detectors ‘ Trlgger/'H LT/DAO: - . Barrel ECAL/HCAL .
trigger and DAQ * Track information in L1-Trigger * Replace FE/BE electronics
increased readout rates * L1-Trigger: 12.5 us latency — output 750 kHz * Lower ECAL operating temp. (8 °C)

* HLT output 7.5 kHz

Muon Systems

* Replace DT & CSC FE/BE
Electronics

* Complete Muon coverage

in region 1.5<n<2.4

New Endcap Calorimeters
* High granularity
* 3D capable

New Tracker
* Rad. tolerant — high granularity — significant less material
ITk — the new all-Si tracker * 40 MHz selective readout (p>2 GeV) in Outer Tracker for

New Precision Timing Detector
* Barrel: Crystal +SiPM

" * Endcap: Low Gain Avalanche
new High-Granularity L1 -Trigger Diodes

Timing Detector (HGTD) * Extended coverage to n=4
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ATLAS and CMS trigger upgrades

Challenge: Keep the same physics acceptance up to 200
pile-up interactions (currently ~ 60)
Upgraded sub-detectors backends with newer technologies
— afford higher L1 Latency (2.5-3.8 uys —10-12 ps)
and L1 rate up to 750-1000 kHz
— Still can’t afford to read everything
Hardware Triggers

o ATCA boards and AMD FPGAs in many flavors (eg VU13P)

o ATLAS: new Global Trigger | CMS: new Track Trigger @ L1
Software Triggers

o ATLAS: CPUs + potential accelerators

o CMS: GPUs since Run3, more offloading planned
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But what if New Physics doecnt look as expected
and it ic buried under the bulk of the backgrovnd

eventc that we are ctifl throwing away?
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Next Generation Trigger Project

e Goal: Develop new strategies for more sophisticated event processing and selection beyond the
currently projected HL-LHC upgrade scope, with particular emphasis on Machine Learning.
e Five years project (2024-2028), enabled by an external donation, combining
o ATLAS and CMS collaborations
o CERN’s Theory & IT departments
o CERN'’s Experimental Physics Software group
e Opportunities for wider R&D:
o Heterogeneous computing
o FastML tools
o Workflows for ML in trigger systems
o Event generators
O

- Experiment Trigger Heterogeneous 7% * Artificial

s,ystems I “Computing -~ R i erca ysics Simulation




Key Objectives

e Experiment-specific R&D
o Requirements defined by the experiments
o Benefitting from common R&D and training
e Common R&D on technology aspects
© ML and classical algos: invent, optimize, benchmark
0 FPGA deployment, GPU deployment
e Community aspects
o Training experts to stay in the field
o Educating the next generation of experts
O Results are open: open access, open source, including training

% NexTGen

Generation Triggers



Next Generation Trigger Activities

WP1: Infrastructure, WP2: Enhancing the WP3: Rethinking the WP4: Education
Algorithms ATLAS Trigger CMS Real-Time Programmes
and Theory and Data Acquisition Data Processing and Outreach



https://nextgentriggers.web.cern.ch/wp2/
https://nextgentriggers.web.cern.ch/wp3/
https://nextgentriggers.web.cern.ch/wp1/
https://nextgentriggers.web.cern.ch/wp4/

R ORI

WP2 & WP3

Optimal Real-Time Event Selection

in the Global Trigger system

Enhancing the Level-0 Muon Trigger

High Throughput Data-Collection

Event Filter Tracking

Optimized Event Filter Muon Trigger Selection
Common Tracking Event Filter infrastructure
Enhanced Reconstruction for

Higher Level Event Filtering

1.1.

1.2.

R 0

The Real-time Reconstruction Revolution
(R® — Rcube)

R?® optimized data structures for
heterogeneous platforms

Evolving the CMS experiment software into a
client-service distributed application for HLT
Reduction of the RAW data size for HLT
Optimal calibration for HLT

L1 scouting for HL-LHC

Practical real-time Al for Level 1 Trigger

and L1 Scouting

L1 scouting data compression for efficient data
acquisition and anomaly detection



https://nextgentriggers.web.cern.ch/wp2/
https://nextgentriggers.web.cern.ch/wp3/

Selection of Highlights from WP2

Embedding Embedding

embeddings {20x16) embeddings (392x16)
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kernel (3x16)
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98% Signal Efticlency

TransformerEncoder

e Transformer-encoder model to discriminate muon hits from
background hits for LOmuon

o Using positional encoding to learn spatial structure of event
and the hit locations with respect to each other

o Aim to decrease model size (8,400 parameters, per station)
and reduce input sequence length

I Station
o Comparing with GNN and RNN _ ATLAS Protminay
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Selection of Highlights fro

embeddings (392x16)

e Transformer-encoder model to discriminate r
background hits for LOmuon

o Using positional encoding to learn spatial structur _) @

j padding_mask

and the hit locations with respect to each other € i . DT to Track
o Aim to decrease model size (8,400 parameters, Input Hit Sequence Aagignment

Signal, Background

and reduce input sequence length

o Comparing with GNN and RNN Mﬂl \lﬂ o
e GNN-based tracking on GPU for EF Tracking T ki - ——
L ] 1,000 |- () = 200 93% hit assignment efficiency,
O Speed optimization R with 89% purity ]
o Efficient GPU utilization and negligible overhead — "} :
O  Structured pruning investigations to reduce model size§ °""5°;‘ ' 33 b3 ] e
e End-to-End ML Muon Tracking g ] { ! t ;? t$ Fy F ik ]
o  Using MaskFormer open-source model by Meta Al £ ouo} i N It 1l
o  Goal: Assign good hits to tracks and produce sl ! bt 3 ¥ i Yy ; ;! ' $ f ]
an initial track parameter estimate o o g k
N | | & v | ]
- * " Tru(t)h n 1 ‘

98% track reconstruction efficiency, with 5.1% of fake rate



https://arxiv.org/abs/2411.07149

Selection of Highlights from WP3

e Jettagging
o Small Deep Sets Neural Network trained using Quantization Aware Training and deployed to FPGA with

his4ml | component | Latncy @) | wr | | 0sP | eRAM

o Fitting nicely into hardware alongside 040 = o~ _— v
INCl. SO

16 x PUPPI Candidates

jet reconstruction firmware Jet Tag NN 0.19 % 5% 14% 1%
Jet Reco 0.74 9% 7% 5% 0%
Total System 1.01 25% 15% 19% 1%
CMS Phase 2 Simulation Preliminary PU 200 (14 TeV)
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Selection of Highlights from WP3

e Anomaly Detection

o Aim of improving AXOL1TL — a fast autoencoder approach for

CMS LA1T to trigger on rare, unusual events in real time

encoder

0 Model developments using Contrastive Learning:
a self-supervised learning (SSL) technique that
aims to learn representations by comparing similar
and dissimilar samples (called “augmentations”)

O Same latency and resource usage

o Improvements observed in efficiency (v5 vs v4)

neural network neural network

decoder

TR
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Next Generation Trigger Activities

WP1: Infrastructure, WP2: Enhancing the WP3: Rethinking the WP4: Education

Algorithms ATLAS Trigger CMS Real-Time Programmes
\ and Theory / and Data Acquisition Data Processing \ and Outreach /
see talk by David see talk by Emyr

What follows is a personal selection of highlights. For details on all the amazing work, check sut the 2nd NGT techunical workshop



https://nextgentriggers.web.cern.ch/wp2/
https://nextgentriggers.web.cern.ch/wp3/
https://nextgentriggers.web.cern.ch/wp1/
https://nextgentriggers.web.cern.ch/wp4/
https://indico.cern.ch/event/1608897/contributions/6805154/
https://indico.cern.ch/event/1608897/contributions/6805153/
https://indico.cern.ch/event/1557810/overview

WP1: Infrastructure, Algorithms and Theory

T1.1: Hardware and

services for large scale

NN optimisation and
training, and physics
simulation

T1.4: Tensor Networks for
Quantum Systems

ree tensor network (1D)

T1.2: Fast inference of
complex network
architectures on LHC
online systems

Periment at the LHC, CERN
Ecorded: 2016-Aug-27 23:44:01.739584 GMT
/ Event £LS: 279685 / 178456860 / 95

T1.6: New Physics
scenarios and Standard
Model properties as
trigger benchmarks

T1.5: New computing
strategies for data
modeling and
interpretation

v

T1.3: Hardware-aware Al

optimization

T1.7: Common software
developments for
heterogeneous
architectures




1.1 Hardware & services for large scale NN optimisation etc.

Focus: designing, procuring, deploying and operating o e
the computing infrastructure (hardware and software) Description
and platforms required to support

Nvidia H100 80GB SXM

e common tasks in WP1

Nvidia L40S 48GB
o Hardware-aware neural network training workflows
O Next-generation physics simulations
e specific activities in WP2 and WP3 —

AMD Instinct MI300X 192GB

e Resources procured and installed in the new CERN  #reeonfrowmoosace
Data Center
e Specialized CPU nodes eg for firmware synthesis

Nodes

Nodes

Cores

192

64

128

128

128

1.5TB

178

1.5TB

1.5TB

770GB

GPU

GPU

Network

200G

400G

200G

Network

200G

200G

nvidia.com/gpu.product

NVIDIA-H100-NVL

NVIDIA-H100-80GB-HBM3

NVIDIA-L40S

amd.com/gpu.product-name

AMD_Instinct_MI300X_0OAM

AMD_Radeon_PRO_W7900




1.1 Hardware & services for large scale NN optimisation etc.

Focus: designing, procuring, deploying and operating
the computing infrastructure (hardware and software)
and platforms required to support

e common tasks in WP1
o Hardware-aware neural network training workflows
O Next-generation physics simulations

e specific activities in WP2 and WP3

e Resources procured and installed in the new CERN
Data Center

e Specialized CPU nodes eg for firmware synthesis




1.1 Hardware & services for large scale NN optimisation etc.

. d ®
Service platform based on kubernetes > g
| I(» = Jupyter
mij/iow <
i i i i ili i ContainerSSH &
e Monitoring set up, including utilization, '
power dissipation, Model Management ‘ SSH Notebook VSCode kubectl
e Model management using miflow | \ \. / /
O TraCk and Compare mU|t|p|e mOdel eXpe“mentS GitLab CI GitHub Actions Interactive | Training 4” Serving |

o  Built-in tools and charts to evaluate and | \ \ / ‘%
visualize model performance

Shared Resources |

o Storage of model artifacts, plots, ...

o Share experiments and results across teams @ g




1.1 Hardware & services for large scale NN optimisation etc.

Platform to host Machine Learning Challenges Ponifar Benchinaiis

e On-premises deployment similar to Kaggle i i

»

O Leaderboard with scoring and ranking
e Maintainers create competitions and define scoring
metrics

COLLIDE-V2 - Representation Learning
-f.‘g} Challenge
by e

e Users submit code and/or predictions that are
evaluated against a test set




1.2 Fast Inference of complex network architectures...
1.3 Hardware-aware Al optimization

Focus of 1.2: Focus of 1.3:
e Develop hardware-aware inference e Building a library of model compression
engine + advanced code-generation core techniques with a unified interface
e Utilize and expand hils4ml: e Collection of proven methods and set of
source-to-source compiler creating recommendations for end-users not
hw-optimal HLS designs for FPGAs requiring extensive knowledge of
o New model architectures efficient ML and HW specifics
O  Support more deployment options K BES U 1
e Ensure the work benefits the e = #- ) onéapr |
experiment-specific work packages, but < ——" _his(@)ml M%ﬂiﬂ.ﬁ’

also the FastML/hls4ml communities \‘\ = Z
conversion | Custom firmware

Usual ML /
software workflow t

precision
reuse/pipeline

PYTHRCH
€ ONNX




1.2 Fast Inference of complex network architectures...

" hisdml
Model Graph Splitting for Parallel Synthesis Split  parallel ~ Stitch
- graph  synthesis IP blocks.
e Partition model graph in his4ml into smaller, Input Layer ‘
. . . Graph 1—> ’?—» ot
independent subgraphs to reduce synthesis times | '
(complex models often > 24h!) =
o Workflow: 2 @ @ W 9 :
o Select layers as splitting points, currently defined user @ === romp2—> @ Bl
. . ayer )
o Parallel synthesis, exporting each subgraph as IP block Serser]
o Automatic merging in Vivado to stitch final IP Layera () | ) () Grphz—> S [ i
Layers () (O O O A
| [ = l ol : ) Stitched IP
Layer 6 I ‘\ ' I Graph 4 —> ‘?—-b ]—
===
Layer 7 r\\ L w /:l / //‘]
[ ===
Layer 8 | \_‘ ) .
- Graph 5—> "?—P —_—
Output Layer

“NexTGen

Generation Triggers



1.2 Fast Inference of complex network architectures...

AMD Al Engines support

e Exploring Al engines for more flexible and future ready triggers

o  Man offer higher compute density and on-chip memory than
programmable logic on FPGA

o May handle better medium to large neural networks

o Short compilation times -« W
o Co-existence with FPGA fabric

o However:

Flexible Interconnect | s==p Stream Interface

=iy Cascade Interface

=P Memory Interface
B Generic and scalable designs difficult ‘
B Limited toolchain support, low-level development
e Development of aiedml

o Companion package to his4ml 0000

o Select ‘AIE’ as backed 0000 4 l
O Scales workloads across AIE array automatically DDDD a I e I I l

O Supports Gen2/Gen3 devices (broader support planned)

arX|v:251 2.15946



https://arxiv.org/abs/2512.15946

1.2 Fast Inference of complex network architectures...
1.3 Hardware-aware Al optimization

Integration of PQuantML with his4ml

PQuant

e In 1.3 development of PQuantML to replace TF/QKeras in the
compression workflow — see presentation by Roope
e Direction integration with his4mil:
o Directly parse the model with PQuantML layers

o No need to manually tweak the config dictionary
o Assured bit-exactness thanks to the bit_exact optimizer pass

Automatic model

wrapping, training
workflow, and cleanup

his 4 ml

No prior knowledge of :
pruning or quantization . Simple, user-defined
required API for seamless
integration



https://indico.cern.ch/event/1608897/contributions/6813480/

1.4 Tensor Networks for Quantum Systems

d
e Consider quantum state of N interacting ly) = Z Wi i .. iNI i1,y "y )
particles (eg qubits) T
o Each particle has d possible states
— d”*N total states!

o Example: 50 qubits — 10°° numbers! M
o  Storing or manipulating impossible M %

e Matrix Product State .
matrix product states

d pmjcucdmtmglcdpd.r states (2D)

wy= > Tr{A[si]-- Alsn]}s1) - |sn)
1s;1=1

reduces parameter count and : o T I

computation cost te tensor netwoek (1D) i it £

il,iz,“',iN=1




1.4 Tensor Networks for Quantum Systems

e Consider quantum state of N interacting — Z A | ey
particles (eg qubits) ) ‘//11,12,---,le o b2 )
o Eachpartitc ¢ MPS and TNS in higher dimensions are exact descriptions
— d”N totd of the “physical” gauge invariant subspace with Abelian
o Example: 3 and non-Abelian symmetry
© Storingort e TNS allow the simulation of the real-time evolution of
e Matrix P';lOdU" Lattice Gauge Theory, at least in qualitative toy models. . ol
W)= Y Tr{Alsi] - Alsn]}s1) - |sn)
{s;}=1
reduces parameter count and \ 2 I S
computation cost e I s cemraabelars




1.4 Tensor Networks for Quantum Systems

e Consider quantum state of N interacting ly) = Z W |, T, iN>
11,12,... lN ? ? ?

particles (eg qubits)
o Eachpartitc ¢ MPS and TNS in higher dimensions are exact descriptions
— d”N totd of the “physical” gauge invariant subspace with Abelian

o Example: 3 and non-Abelian symmetry
o Storing orf o TNS a"OW the SlmUIatlon Quantum-Inspired Tensor Network Models for Ultrafast Jet Tagglng on FPGAs

Ema Puljak,!** Alberto Coppi,? Lorenzo Borella,?3 Daniel Jaschke,* Enrique Rico,’

° i :
Matrlx PrOdU" Lattlce Gauge Theory, at I Maurizio Pierini,® Jacopo Pazzini,>3 Andrea Triossi,>® and Simone Montangero® 36
d o ! Universitat Autonoma de Barcelona, 08193 Bellaterra (Barcelona), Spain
Z T A 2 Dipartimento di Fisica e Astronomia ”Galileo Galilei”, University of Padua, 35131 Padova, Italy
3 3 . 3 o
|\Ij> — /r’{ [81] [SN] } |81 > | S Istituto Nazzgnale di Fisica Nucleare (INFN), 35131 Padova, Italy
Ulm University, 89081, Ulm, Germany
5 Buropean Organization for Nuclear Research (CERN), CH-1211 Geneva, Switzerland
{3 j }: 1 8 Padua Quantum Technologies Research Center, University of Padua, 35131 Padova, Italy
Tensor Networks
Data Embedding Performance Evaluation
reduces parameter count and : @
i
computation cost




1.5 New computing strategies for data modelling ...

Monte-Carlo event generation for HL-LHC estimated
to be = 20 % of total computing resources

[ATLAS HL-LHC
Computing
Conceptual Design
Report, 2020]

ATLAS Preliminary
2020 Computing Model -CPU: 2030: Baseline

7% 15%

Focus:
o Evolve current event generation strategies and codes,
porting and optimizing to new architectures (CPU,
GPU), exploiting ML strategies
O Acceleration of matrix element evaluation
O Prepare MC generator framework for higher-order
calculations

GPU outsourcing

Vectorised CPU execution _
Runtime by backend, pp - tt + 3j

(AMD Epyc 7313, Nvidia A100)

MadGraph w/ CUDACPP plugin f12 n=2
7 5 FTE 213] —a- 8xAVX2 A
pp — tt + njets = o B i )4
u| |F ’
% 210 -+~ Fortran 7 N A
—s— NoSIMD /A ,sPeed _ I 7
=~ SSE4 2 ) A
Writes ready-to-run 28 1~ A ¥ - 9 »
code in Python, PO AVG126) s 2 /
p : C#++, C, FORTRAN, 2
+physics % o CUDA/HIP, C++ wi 26 4 /
process &N vector instructions. 27 /‘./
a4 X
2 25 )
s
CUDACPP MadGraph plugin available: SAOAALEH 00 99 9000
github.com/madgraphS/madgraph4gpu (requires MG5_aMC@NLO v3.6.0). 'f? oY r% ri:’ tf r{,’ r{’ r% /% r]? ,t° ’I:omu:w;g:te’:l ;/e’;t:d;:i:e:bc’lgo

Next Generation Triggers




1.7 Common software for heterogeneous architectures

_ _ Keras | ' @
Inference with ROOT/TMVA SOFIE (repository : soFE [
(System for Optimized Fast Inference(code Emit)) ?@P}gﬁﬁ; =L @
e Reads ML models g o "",e’“",ry“?"s‘\‘"“’_.‘i:;ﬂm g SpTT o :
e Generates C++ code for inference E === :m
e Currently eg optimizing memory and latency on CPU :5

L 1 1 1 L L L 1 L. 1 u
Number of input tracks 50 100 150 200 250 300 350 400 450 500
Number of input tracks

Direct Inference with PyTorch

e Integration of PyTorch in alpaka
e Avoiding device-host-device copies by conversion
of SoA data directly to PyTorch tensors

Heterogeneous Product on Ouput on Heterogeneous
Producer GPU (SoA) RUNEGE S encr 6PU (S0A) Producer
D2H H2D
Product on CPU _] L Product on CPU
(ML FW SoA) (ML FW SoA)



https://github.com/root-project/root/tree/master/tmva/sofie

1.7 Common software for heterogeneous architectures

Keras @
Inference with ROOT/TMVA SOFIE (repository) O PyTorch =pf o= | =)

SOFIE [ |
(System for Optimized Fast Inference code Emit) € ONNX " ‘e
e Reads ML models g o "",e’“",“y“?"s‘\"“"_.‘t:;ﬂm g SpTT —— :
e Generates C++ code for inference E === :m
e Currently eg optimizing memory and latency on CPU :5

L 1 1 1 L L L 1 L. 1 u
Number of input tracks 50 100 150 200 250 300 350 400 450 500
Number of input tracks

Direct Inference with PyTorch _
Implementation Performance on CUDA Backend

600

e Integration of PyTorch in alpaka " ———— -4
e Avoiding device-host-device copies by conversion
of SoA data directly to PyTorch tensors

Runtime* [ms]
w S

on device on device

54.7 £ 3.3
Heterogeneous Heterogeneous 200222 193203 150215 219221
Producer‘ PrOdUCt on ML Inference ouPUt on Pf‘oducef' o ~20 Nodes ~200 Nodes ~500 Nodes ~700 Nodes
device (SoA) on device device (SoA) ~40 Edges ~2000 Edges ~10k Edges ~30k Edges



https://github.com/root-project/root/tree/master/tmva/sofie

WP4: Education Programmes and Outreach

e Train, sustainably
o Develop project members knowledge with an extensive {, i T4k xchailge
education programme and multiple training opportunities Programmes and
o Reuse and enhance existing infrastructures to cover education Outreach
and training needs of NextGen staff ‘
e Exchange, impact beyond NextGen
O Visiting scientists, public seminars
o Strong focus on outreach and external communication

o Make NextGen knowledge accessible also outside the project =
T4.2: The STEAM

B Support NextGen staff to contribute to Outreach initiat Programme (Software
uppor exten stailr to contrioute to vutreacn iniuatives, g Training, Education, and :

Schools, and Education activities Advanced Modules)

B Conference participation and online presence

§ { % - -
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Miscellaneous News & Events Prizes

Schools Summer students Workshop

24 November 2025

Highlights from the 2nd NGT Technical
Workshop

From 19 to 21 November 2025, the Next Generation
Triggers (NGT) project held its 2nd Technical
Workshop at CERN’s Globe of Science and
Innovation, welcoming more than one hundred
participants each afternoon both in person and

)

14 October 2025

Learning, Collaboration, and Inspiration at the
16th ESC School in Bertinoro

7 November 2025

C Software D for
Heterogeneous Architectures: Highlights fro...

The NextGen 1.7 Public Workshop, held on 6
November 2025 at CERN, brought together members
of the Next Generation Triggers (NGT) project to share
progress and discuss future directions in Task
1.7: Common Software Developments for..

Cdata- intens;

ive interdisciplimary sciences
8th Conference on Computing

H: E
:d lllglenrgyncs Q‘
15-29 May 2026 ‘
‘hulalongkorn University
langkok, Thailand A 2
6 October 2025

CHEP 2026: Call for Abstracts and Registration
Now Open

29 October 2025

Ideas, collaboration, and lots of coding at the
2nd NGT Hackathon

From 20 to 24 October 2025, more than 40
participants from NGT CMS, ATLAS, and other NGT
work packages gathered at CERN's IdeaSquare for the
second edition of the NGT Hackathon — a week-long
collaborative event designed to spark ideas, test...

2 October 2025

The TH-NGT Hackathon: Exploring the NGT

Cluster



https://nextgentriggers.web.cern.ch/

Outreach and events

CERN
550.323 Followerinnen
4 Wochen + ®

Insights from the #NextGenTriggers team

Hear from Mateusz Fila, Jolly Chen, and Oliver Rietmann about their work ... mehr

Ubersetzung anzeigen

€C@ sie und 271 weitere Personen 6 Kommentare - 16 Reposts

© Gefillt mir ® Kommentieren > Reposten <7 Senden

NexTGen

Next Generation Triggers

S5WF CERN Computing
S 8400 Followerinnen
3 Monate » Bearbeitet « ®

Last week, members of the #NextGenTriggers (NGT) project joined the 23rd
International Workshop on Advanced Computing and Analysis Techniques in Physics
Research (#ACAT2025) in Hamburg.

Jointly organised by Deutsches Elektronen-Synchrotron DESY and the Universitat
Hamburg, the workshop brought together experts from physics and computing to
exchange ideas on how Al, machine learning, and advanced computing are
transforming the way science is done. Our NGT colleagues contributed through talks
and posters, showcasing how the project is driving innovation in real-time data
processing for high-energy physics.

#° A special highlight: Christine Zeh, NGT technical student, was awarded the Poster
Prize for her work “Efficient Data Movement for Machine Learning Inference in
Heterogeneous CMS Collaboration Software”.

¢ Congratulations to Christine and to all our colleagues for their contributions at
ACAT 2025!

Read the full article and explore the posters and presentations here: https://
Inkd.in/dB-5M9aB

wa Picture credits: Andrea Bocci , Artur Lobanov & Christine Zeh

Ubersetzung anzeigen

€eOss 3 Reposts

27 February 2025

Fast Machine Learning for Science Conference

2025

The Fast Machine Learning for Science Conference

2025 will take place from September 1-5, 20:
ETH Zurich, bringing together researchers an
industry experts to explore the latest advanc
in machine learning (ML) for scientific discov

People interviewed:
Giovanni Zago Wahid Redjeb Kyungmin Park Elisa Fontanesi Maciej Glowacki Anna
Kravchenko Dimitrios Danopoulos

Al
Q‘k ﬁ "
3 Anna Kravehenko

€CO Wahid Redjeb and 79 others 7 reposts

10 February 2025

ISOTDAQ 2025 - International School of Trigge!
and Data Acquisition

ISOTDAQ 2025 is back for its 15th edition, offering a
unique opportunity for students and early-career
researchers in nhvsics. ensineering. and comnuting

Recap of the 16th ESC School in Bertinoro

Participants of the ESC2025, in Bertinoro, ltaly. Picture credit: Andrea Bocci.
As part of our ongoing commitment to training and development, the Next Generation Triggers project continues to
support its members in strengthening their expertise in computing and data science. This year, several of our colleagues

travelled to Bertinoro, Italy, to take part in the i i ing (ESC) School 2025 &, held from 29
September to 9 October 2025.

2nd NGT Hackathon @ CERN Idea Square




Importance of Education in NextGen

HL-LHC Trigger/DAQ/Software challenges demand specialists
Problem: Knowledge draining in the time scale of HL-LHC

e How do we retain knowledge and build a core community of experts that can last long
term? How do we make a strong impact onto HEP scientific community?

o Work in synergy with existing schools and tutorials avoiding overlaps
and building on top of these strong foundations.

Creating opportunities for experts and young scientists to work together.

Collaborate with existing experts and universities to create a portfolio of
intensive courses and tutorials.




Schools supported in 2025

School Dates Registration Deadline Location Link
CERN 5chealof Computing 8-14J 2025 12 March 2025 Malmo, Swed isi
-14 June arc almo, Sweden Visit
on Machine Learning 2025 o
ISOTDAQ School 17-26 June 2025 14 February 2025 Vilnius, Lithuania Visit page
CERN School of Computing : :
SHpE 6-19 July 2025 9 April 2025 Lund, Sweden Visit page
MLx R tation Learni
S SEIERERTRRN SRS 0 AUt 05S 14 June 2025 Oxford, UK / Online Visit page &
& Gen.Al
INFN ESC - Efficient Scientific -
. 28 Sept -9 Oct 2025 30 June 2025 Italy Visit page @
Computing School
T on eteioRenco = 5-11 Oct 2025 10 July 2025 Split, Croati isi
-110c u it, Croatia Visit
Computing y P page
HEP C++C d Hands-
TOOMRE IR TANEY oyt ovt2025 — CERN Visit Page
on Training (Advanced C++)
st
1= CERN Schaalion 11-24th January 2026 1 October 2025 Santiago, Chile Visit page

Computing in Latin America

NexTGen

Next Generation Triggers



N GT Lea rn i n g H u b https://nextgentriggers.web.cern.ch/our-learning-hub/

Alpaka Tutorial MSSW Tutorial it Tutori

By Andrea Bocci By Simone Rossi Tisbeni

ATLAS Tutori Inverted CSC
By ATLAS Community By IT Community

Next Generation Triggers


https://nextgentriggers.web.cern.ch/our-learning-hub/

Tutorials

e Series of tutorials started on hisdml, HGQ, dad4dml,

] November 2025
and the tools under development in Tasks 1.2 and 1.3
Open also to anyone outside of NGT! 24Nov. NGT Tutorials: da4ml
Materials (and recordings) available here 10Nov NGT Tutorials: HGQ + his4ml

https://indico.cern.ch/cateqory/20359/

e Tutorials on pQuantML and aie4ml coming
up in the next months!



https://indico.cern.ch/category/20359/

CERN STEAM Academy

Based at CERN, Geneva
22 June - 28 August 2026

A 10-weeks long summer advanced training programme at CERN
combining Software Technologies, Edge Computing, Data Science and ML.

A curriculum for future Data acquisition, Edge computing, Advanced software and Data
science experts.
Audience:
PhD candidates and postdoctoral researchers;
Researchers or engineers with a completed Master’'s degree.

https://nextgentriggers.web.cern.ch/cern-steam-academy/ Applications open until Februrary 16th!



https://nextgentriggers.web.cern.ch/cern-steam-academy/

Programme Themes & Key Topics

Theme 1

Software Technologies

Advanced C++

Algorithms

Floating-point

Efficient Python
Architecture & memory
model

Parallel & heterogeneous
computing

Developer tools & workflows

2

Vb b

\’

Theme coordinators - Noemi Calace,
Vincenzo Innocente, David Rohr,
Giulio Eulisse.

Theme 2
Edge Computing

- FPGAs with VHDL

- High-Level Synthesis

- Al at the edge with hls4ml and
FINN

Al Engines

SoC FPGAs

Networking

High-speed optical links
Storage

N 2

Theme coordinator - Hannes Sakulin,
Barthelemy Von Haller, Wainer Vandelli,

Paolo Durante, Tommaso Colombo.

more info in the backup!

Theme 3
Data Science & ML

- MLOps

- RNNs, GNNs, transformers
- Autoencoders & anomaly
detection

Generative models
Foundation models
LLMs/RAGs/agents;
Reinforcement learning
Interpretability & uncertainty
Pruning & quantisation

>
>
>
>
>
>

Theme coordinator - Lorenzo Moneta.
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NGT is in full swing, with the ultimate goal
to expand event selection acceptance of
ATLAS and CMS @ HL-LHC

, Q@f’ NGT farm running, ML challenge platform, T
G lUJa  expansion of FastML tools, education

programme, CERN STEAM academy TNr?;; eGrseneration

2nd Technical

"( HIGHLIGHTS

Workshop
More details on the technical work, also on November 19-21, 2025
tasks not covered in this talk, check out the y 20/1-001 - CERN alf R
presentations @ 2nd technical workshop

- nextgen-info@cern.ch



https://indico.cern.ch/event/1557810/overview
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What the Academy Provides

Accommodation and meals for external students for the full 10 weeks
Scheduled group visits to CERN facilities and experiments.

Social activities and local excursions alongside the academic programme.

A CERN access card.

A CERN computing account.

Official invitation letters for Visa (if needed).

https://nextgentriggers.web.cern.ch/cern-steam-academy/ Applications open until Februrary 16th!



https://nextgentriggers.web.cern.ch/cern-steam-academy/

Programme Structure & Participation Model

Structure Open to CERN & beyond Admitted Participants
Open to academia.
- Lectures 40 %
..9 .
= Hands-on 250 % éeECItRur;ecso(r)r’\)riZ;?ty: i 3(? participants / progr.amme.
- Seminars 10 % extra seats per Single learning path: all

session. participants attend all three themes.
Credits: Targeting ECTS
recognition via partner universities.

Lectures delivered by

researchers or professors + - Weekly seminar talks &
from partner open to CERN with

universities/institutes. ~130 extra seats per Weekly evaluations: 1h exam
session. each week.
Hands-on labs supported Mentoring
by dedicated tutors. - Open-access policy: '
. : . . lectures recordings, Post-Academy CERN Stay:
Sl STl gt slides, lab material and selected participants may extend

high-profile experts. code released publicly. their stay by 1-2 months to work

with CERN groups/projects.




