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Triggers and Machine Learning

In LHC, collisions at 40MHz
frequency

Triggers are used to filter the data,
reducing the data rate

99.75% of data filtered already in
L1T. An event is lost forever if it is
not found here!

Strict latency constraints
L1T is hardware based, makes

decision using very coarse grained
information
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https://indico.cern.ch/event/1422718/contributions/6155985/attachments/2991572/5269949/Spatind2025_L1TriggerUpgrade_JHeikkilae.pdf

Triggers and Machine Learning

To improve pattern recognition and keep up with increasing data rates in the trigger,luse ML

Deploy ML models on FPGAs to achieve nano-second inference latency

FPGAs have limited resources. Model architectures and their deployment to FPGAs need to be heavily
optimized with no room for redundancies. Compression of ML models!
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https://indico.cern.ch/event/1608897/contributions/6805105/attachments/3198483/5693737/Machine%20Learning%20With%20LHC%20Data-epigraphy.pdf

ML model compression

An umbrella term for multiple techniques
and their subcategories:
- Quantization, pruning, distillation,
low-rank approximation etc.

During training, post-training
Different granularities of compression:

- Unstructured / N:M / structured
pruning

- Per-tensor, per-channel, per-weight
quantization, HGQ

Constraints by hardware
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https://developer.nvidia.com/blog/accelerating-inference-with-sparsity-using-ampere-and-tensorrt/

Quantization and pruning
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Model to FPGA

- HGQ: A quantization library that learns individual, per-weight / per-activation bit-widths. Can learn a bit-width

of 0 -> prune
- PQuantML.: brings various pruning and quantization methods, including HGQ, under one library. Allows both

the individual use of different methods and the combined use of different methods
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https://github.com/calad0i/HGQ2/tree/master
https://github.com/nroope/PQuant
http://github.com/fastmachinelearning/hls4ml/tree/main

Deployment pipeline
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https://indico.cern.ch/event/1496673/contributions/6637959/attachments/3129400/5551346/FASTML%20BoF.pdf
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LT

- The L1T receives condensed event
information in the form of trigger
primitives.

- Dedicated subsystem modules
reconstruct physics objects from
varying detectors and/or regions.

- L1Tis an all FPGA design hosted on
custom boards interconnected via
GB/s optical links.

- The final L1T decision (L1T
accept/reject) is propagated to the
Data Acquisition System (DAQ).
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https://indico.cern.ch/event/1496673/contributions/6637959/attachments/3129400/5551346/FASTML%20BoF.pdf
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Jet Tagging

- Inputs from PF + PUPPI, some preprocessing

- ldentify type of quark / gluon that initiated the jet

- Final-state particles do not have a natural order.
Artificial ordering may affect model performance B3
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https://arxiv.org/html/2404.01071v1
https://indico.cern.ch/event/1557810/contributions/6560447/attachments/3177488/5651912/ngt_tw2_t36_sps.pdf

Anomaly detection in GT

AXOLA1TL:

- Event level trigger that uses GT input objects

- Latency requirement of 50ns '

- L2-norm of the latent vector (size 8) used as the anomaly
score, deploy only the encoder
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https://indico.cern.ch/event/1496673/contributions/6637931/attachments/3128122/5548733/axol1tl_fastml25.pdf
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https://indico.cern.ch/event/1496673/contributions/6637931/attachments/3128122/5548733/axol1tl_fastml25.pdf
https://arxiv.org/pdf/2105.04906
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Event Filter Tracking

- ITk data preparation, track seeding and
pattern finding, track fitting and ambiguity
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L1T-Scouting

High Level Trigger Offline
Online reconstruction analysis
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https://indico.cern.ch/event/1557810/contributions/6560448/attachments/3177524/5651289/NGT_W3p5_Nov2025.pdf

