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Fast ML for Science at its core
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Applications and Techniques for Fast Machine Learning in Science 
https://doi.org/10.3389/fdata.2022.787421

“Scientific discoveries come from groundbreaking ideas and the capability to validate those 
ideas by testing nature at new scales - finer and more precise temporal and spatial resolution. 
This is leading to an explosion of data that must be interpreted, and ML is proving a powerful 
approach. The more efficiently we can test our hypotheses, the faster we can achieve discovery. 
To fully unleash the power of ML and accelerate discoveries, it is necessary to embed it into our 
scientific process, into our instruments and detectors.”



Reflections - a retrospective

‣ Essence of community: 
‣ Sharing open-source tools, techniques, and enabling 
collaboration encouraging cross-disciplinary research 

‣ User- and application-driven focus to enable science and 
technology research 

‣ It can be jarring, but it can build new and powerful synapses! 
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Y. Umuroglu
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Edge of Tomorrow today:  
AI at the speed of nature  

AI-powered embedded devices that deliver ultra-efficient 
inference in extreme environments for real-time intelligent 

sensing and control.
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The dream: self-driving experiments that are  
ultra-fast, precise, and robust
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Y. Sandamirskaya



Fast and slow
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Fast and slow

‣ Fast control 
‣ Immediate response to dynamics of 

the experiment and data readout 
‣ Event timing, triggering, etc. 

‣ Slow control 
‣ Detector stability over minutes, 

days, weeks, months,… 
‣ Monitoring and controlling 

operational parameters:  electronics 
gains, pedestals, calibrations, etc. 
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The data challenge is to 
capture dynamics across  

18 orders of magnitude in time!

What is real-time???



Towards the dream 
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Efficient co-design flow

Efficient hardware co-design  
Robust and adaptive co-design



One example with hls4ml
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Efficient tools for efficient, embedded AI
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QKeras (Google) 
Brevitas (AMD) 

HAWQ (UC Berkeley) 
QONNX (Microsoft/AMD)

https://pypi.org/project/hls4ml/
>1.5k Github stars, 
~2k downloads last month

https://www.nature.com/articles/s42256-021-00356-5
https://arxiv.org/abs/2102.11289
https://arxiv.org/abs/1905.03696
https://arxiv.org/abs/2206.07527
https://pypi.org/project/hls4ml/


AI on ASIC
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https://newsroom.sw.siemens.com/en-US/siemens-catapult-ai-nn/



18



Hardware - algorithm codesign
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Physics requirements

Data representation 
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Resources? Area/power? 
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Synthesize, validate design,  
satisfy design rules/timing

�1

Dense Network 
23 ➜ 30 ➜ 25 ➜ 20  

➜ momentum & classifier

Inference time: 280 ns 
Throughput: 104 Gb/s

AI circuit for ultrafast inference on FPGA



Open-source, application driven
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wa-hls4ml — an hls4ml surrogate model
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Hardware - algorithm codesign
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Physics requirements

Data representation 
→ ML architecture Neural architecture search/ 
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Latency?  
Pipeline Interval?

Resources? Area/power? 
Radiation? Cryo?

Quantize network

Intermediate (quantized)  
representations

Pruning/sparsity?

Microarchitecture

Parallelization

Synthesize, validate design,  
satisfy design rules/timing

Multi-objective 
design space optimization

Surrogate Neural Architecture Co-design Package (SNAC-Pack) powered with wa-hls4ml

https://arxiv.org/abs/2501.05515 
Tutorial at the Fast ML for Science 2025  

https://arxiv.org/abs/2501.05515
https://indico.cern.ch/event/1496673/contributions/6637928/attachments/3126129/5544745/SNAC-Pack_fastml_25.pdf
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da4ml
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C. Sun



KANs
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D. Hoang



• EoT and hardware codesign
• enable fundamentally new capabilities & robust adaptive systems 
• data challenge: connecting data across full-stack codesign from 

algorithms to devices to materials
• Fast and Slow together

• Powerful autonomous instruments enabled through physics-inspired 
surrogate models and robust, real-time controllers 

The edge of tomorrow
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Feel free to join our Slack or mailing list, just reach out to me at ntran@fnal.gov


