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Outline

• Motivation 

• State-of-the-art workflow for FPGA/ASIC 

• Towards a sustainable and robust ecosystem 

• Emerging technologies

This is a big area!  
My approach — present key important topics and provide a lot of references. 

Follow references if you are interested in learning more;  
reach out if you are even more interested after following the references.
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Motivation

• ML in specialized embedded architectures 
require in real-time to reduce and filter data 

• Optimal data selection enables more efficient 
operation, saves lost data, and accelerates 
time-to-discovery

FASTML SCIENCE BENCHMARKS:
ACCELERATING REAL-TIME SCIENTIFIC EDGE MACHINE LEARNING

Javier Duarte * 1 Nhan Tran * 2 Ben Hawks 2 Christian Herwig 2

Jules Muhizi 3 Shvetank Prakash 3 Vijay Janapa Reddi 3

ABSTRACT
Applications of machine learning (ML) are growing by the day for many unique and challenging scientific
applications. However, a crucial challenge facing these applications is their need for ultra low-latency and
on-detector ML capabilities. Given the slowdown in Moore’s law and Dennard scaling, coupled with the rapid
advances in scientific instrumentation that is resulting in growing data rates, there is a need for ultra-fast ML at the
extreme edge. Fast ML at the edge is essential for reducing and filtering scientific data in real-time to accelerate
science experimentation and enable more profound insights. To accelerate real-time scientific edge ML hardware
and software solutions, we need well-constrained benchmark tasks with enough specifications to be generically
applicable and accessible. These benchmarks can guide the design of future edge ML hardware for scientific
applications capable of meeting the nanosecond and microsecond level latency requirements. To this end, we
present an initial set of scientific ML benchmarks, covering a variety of ML and embedded system techniques.

1 INTRODUCTION

In pursuit of scientific discovery across many domains, ex-
periments are becoming exceedingly sophisticated to probe
physical systems at increasingly smaller spatial resolutions
and shorter timescales. These order of magnitude advance-
ments have led to explosions in both data volumes and rich-
ness, leaving domain scientists to develop novel methods to
handle growing data processing needs. Figure 1 shows the
volume of data (y-axis) that is generated in scientific appli-
cations such as those at the CERN Large Hadron Collider
(LHC) and in particle accelerator controls. They produce
tens of terabytes of data every second, as discussed below.

As scientific ecosystems snowball in their speed and scale,
new data processing and reduction paradigms need to be
integrated into the system-level design. The large volume
of data needs to be rapidly reduced to a sustainable level by
a real-time event filter system on whether the data should
be kept for further analysis or discarded. Fortunately, this
coincides with the rise of machine learning (ML), or the
use of algorithms that can learn directly from data. Recent
advancements demonstrate that ML architectures based on

*Equal contribution 1University of California San Diego, La
Jolla, CA, USA 2Fermi National Accelerator Laboratory, Batavia,
IL, USA 3Harvard University, Cambridge, MA, USA. Corre-
spondence to: Javier Duarte <jduarte@ucsd.edu>, Nhan Tran
<ntran@fnal.gov>, Vijay Janapa Reddi <vj@eecs.harvard.edu>.

Proceedings of the 5 th
MLSys Conference, Santa Clara, CA, USA,

2022. Copyright 2022 by the author(s).

Figure 1. Reference latencies and streaming input data rates for
common benchmarks and those proposed in this paper. The hori-
zontal error bar represents the range of acceptable latencies for the
various domains, while the vertical error bar denotes the range of
streaming data rates typical for those domains. The real-time scien-
tific application domain, or the FastML Science domain, produces
a staggering volume of data and the inference latency requirements
are orders of magnitude far more stringent than they are for more
traditional consumer-facing applications and their benchmarks.
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High intensity collider experiments explore 
nature at the finest temporal and spatial scales  
Leads to data rates far surpassing industry —  
requires developing innovative techniques

https://arxiv.org/abs/2207.07958
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1 channel ~ 10b 
1 channel, 1 MHz rate ~ 10 Mb/s 

100k channels, 1 MHz rate ~ 1 Tb/s



4

Too Much Data 
Too Late1 channel ~ 10b 

1 channel, 1 MHz rate ~ 10 Mb/s 
100k channels, 1 MHz rate ~ 1 Tb/s
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Too Much Data 
Too LateEmbed more intelligence



Applications in nuclear physics and beyond
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https://indico.cern.ch/e/fml2022

A workshop dedicated to real-time applications of  
ML across the sciences  

See also: 
Applications and Technique in  

Fast Machine Learning for Science 
https://www.frontiersin.org/articles/10.3389/fdata.2022.787421/full

https://indico.cern.ch/e/fml2022
https://www.frontiersin.org/articles/10.3389/fdata.2022.787421/full
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https://indico.cern.ch/e/fml2022

A workshop dedicated to real-time applications of  
ML across the sciences  

See also: 
Applications and Technique in  

Fast Machine Learning for Science 
https://www.frontiersin.org/articles/10.3389/fdata.2022.787421/full

Jin Huang
Brookhaven National Lab

FA S T M A C H I N E L E A R N I N G F O R S C I E N C E W O R K S H O P 2 0 2 2 , S O U T H E R N M E T H O D I S T U N I V E R S I T Y

Outline: ● Opportunities in NP Exp. Faculties ● Sample applications of Realtime AI ● Summary 

See Jin Huang’s talk for a great overview of  
exciting real-time applications

I will be referencing other talks from the Fast ML workshop 
to point to other examples of state-of-the-art studies

https://indico.cern.ch/e/fml2022
https://www.frontiersin.org/articles/10.3389/fdata.2022.787421/full
https://indico.cern.ch/event/1156222/contributions/5058411/attachments/2520281/4333686/Application%20and%20Opportunities%20in%20Nuclear%20Physics.pdf


State-of-the-art
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QKeras (Google)
Brevitas (AMD)

HAWQ (UC Berkeley)
QONNX (Microsoft/AMD)

https://pypi.org/project/hls4ml/
682 Github stars, 
580 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/
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State-of-the-art

8

Data representation 
→ ML architecture

Physics requirements

Neural architecture search/ 
Hyperparameter optimization



State-of-the-art
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Data representation 
→ ML architecture

What kind of platform?

Latency?  
Pipeline Interval?

How many  
resources?

Area/power? 
Radiation? 

Cryo?

Physics requirements

Neural architecture search/ 
Hyperparameter optimization



State-of-the-art
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Data representation 
→ ML architecture

What kind of platform?

Latency?  
Pipeline Interval?

How many  
resources?

Area/power? 
Radiation? 

Cryo?

Physics requirements

Neural architecture search/ 
Hyperparameter optimization

�1

Dense Network 
23 ➜ 30 ➜ 25 ➜ 20  

➜ momentum & classifier

Inference time: 280 ns 
Throughput: 104 Gb/s

AI circuit for ultrafast inference on FPGA



State-of-the-art
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What kind of platform?

Data representation 
→ ML architecture

Latency?  
Pipeline Interval?

How many  
resources?

Area/power? 
Radiation? 

Cryo?

Physics requirements

Neural architecture search/ 
Hyperparameter optimization

Quantize network

Roughly quadratic

See tools like: 
QKeras 
HAWQ 

Brevitas



State-of-the-art
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What kind of platform?

Data representation 
→ ML architecture

Latency?  
Pipeline Interval?

How many  
resources?

Area/power? 
Radiation? 

Cryo?

Physics requirements

Neural architecture search/ 
Hyperparameter optimization

Quantize network

Intermediate (quantized)  
representations

See proposal for QONNX
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What kind of platform?

Data representation 
→ ML architecture

Latency?  
Pipeline Interval?

How many  
resources?

Area/power? 
Radiation? 
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Physics requirements

Neural architecture search/ 
Hyperparameter optimization

Quantize network

Intermediate (quantized)  
representations

Pruning/sparsity?
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What kind of platform?

Data representation 
→ ML architecture

Latency?  
Pipeline Interval?

How many  
resources?

Area/power? 
Radiation? 

Cryo?

Physics requirements

Neural architecture search/ 
Hyperparameter optimization

Quantize network

Intermediate (quantized)  
representations

Pruning/sparsity?

Microarchitecture

Matrix of processing elements  
(Systolic Array) Spatial Dataflow
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What kind of platform?

Data representation 
→ ML architecture
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What kind of platform?

Data representation 
→ ML architecture

Latency?  
Pipeline Interval?

How many  
resources?

Area/power? 
Radiation? 

Cryo?

Physics requirements

Neural architecture search/ 
Hyperparameter optimization

Quantize network

Intermediate (quantized)  
representations

Pruning/sparsity?

Microarchitecture

Parallelization

Synthesize, validate design,  
satisfy design rules/timing
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What kind of platform?

Data representation 
→ ML architecture

Latency?  
Pipeline Interval?

How many  
resources?

Area/power? 
Radiation? 

Cryo?

Physics requirements

Neural architecture search/ 
Hyperparameter optimization

Quantize network

Intermediate (quantized)  
representations

Pruning/sparsity?

Microarchitecture

Parallelization

Synthesize, validate design,  
satisfy design rules/timing

Multi-objective 
design space optimization



Towards sustainability and robustness

• Robustness and fault tolerance  

• DataPerf (V. Reddi) 

• FKeras (O. Weng) 

• Continual learning? (B. Radburn-Smith) 

• Implementation within FW infrastructure, 
synthesize effectively  

• Issues, tricks, and tips  
(M. Rigatti, D. Hoang) 

• Emulating NNs in experimental SW?

16

https://indico.cern.ch/event/1156222/contributions/5058417/
https://indico.cern.ch/event/1156222/contributions/5062822/attachments/2521228/4335211/FKeras%20FastML'22.pdf
https://indico.cern.ch/event/1156222/contributions/5062799/attachments/2522069/4336930/DeploymentOfMLInChangingEnvironments_BRS_221004.pdf
https://indico.cern.ch/event/1156222/contributions/5062825/attachments/2521950/4336619/Fast_Machine_Learning_for_Science_Workshop_2022.pdf
https://indico.cern.ch/event/1156222/contributions/5076141/attachments/2522824/4338292/DH_CMS_L1.pdf
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https://indico.cern.ch/event/1156222/contributions/5058417/
https://indico.cern.ch/event/1156222/contributions/5062822/attachments/2521228/4335211/FKeras%20FastML'22.pdf
https://indico.cern.ch/event/1156222/contributions/5062799/attachments/2522069/4336930/DeploymentOfMLInChangingEnvironments_BRS_221004.pdf
https://indico.cern.ch/event/1156222/contributions/5062825/attachments/2521950/4336619/Fast_Machine_Learning_for_Science_Workshop_2022.pdf
https://indico.cern.ch/event/1156222/contributions/5076141/attachments/2522824/4338292/DH_CMS_L1.pdf


Emerging technologies

• Emerging computing architectures 

• Emerging neural architectures 

• Spiking, inductive bias, physics-inspired,… 

• Emerging microelectronics technologies
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Summary

• A whirlwind tour through elements of developing embedded real-time ML! 

• With hls4ml we try to make cutting edge techniques accessible to non-
experts; open-source tools for scientific applications 
• https://github.com/fastmachinelearning/hls4ml-tutorial 

• Powerful techniques exist  

• But there is still plenty of exciting research to do — ML techniques, 
computing architectures, microelectronics technologies
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https://github.com/fastmachinelearning/hls4ml-tutorial


Backup

19


