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Background
• Fast Machine Learning for Science Workshop was held 30 November – 3
December, hosted virtually by Southern Methodist University
• Website available here: https://indico.cern.ch/e/fml2020
• Workshop was interdisciplinary and attracted over 500 participants, talks on a
wide variety of scienti ic applications.
• Workshop also included a hands-on tutorial session, to get people started on
applications of fast machine learning.

• After the workshop, a community white paper has been prepared, and
was accepted to a special issue of Frontiers in AI
Shameless plug: Oct 3-6 in Dallas!
https://indico.cern.ch/e/fml2022
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In this community review report, we discuss applications and techniques for fast
machine learning (ML) in science—the concept of integrating powerful ML methods
into the real-time experimental data processing loop to accelerate scientific discovery.
The material for the report builds on two workshops held by the Fast ML for
Science community and covers three main areas: applications for fast ML across
a
3
number of scientific domains; techniques for training and implementing performant
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Vision

BOX 1 | Fast machine learning in science.
Within this review paper, we refer to the concept of Fast Machine Learning
in Science as the integration of ML into the experimental data processing
infrastructure to enable and accelerate scientific discovery. Fusing powerful
ML techniques with experimental design decreases the “time to science"
and can range from embedding real-time feature extraction to be as close
as possible to the sensor all the way to large-scale ML acceleration across
distributed grid computing datacenters. The overarching theme is to lower
the barrier to advanced ML techniques and implementations to make
large strides in experimental capabilities across many seemingly different
scientific applications. Efficient solutions require collaboration between
domain experts, machine learning researchers, and computer architecture
designers.
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distributed grid computing datacenters. The overarching theme is to lower
the barrier to advanced ML techniques and implementations to make
large strides in experimental capabilities across many seemingly different
scientific applications. Efficient solutions require collaboration between
domain experts, machine learning researchers, and computer architecture
designers.

perform scientific measurements. One must efficiently design the
algorithm to optimally utilize the hardware constraints available
while preserving the algorithm performance within desired
experimental requirements. This is the essence of hardware
ML co-design.
The contents of this review are laid out as follows. In the
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quo and lead to a significant change in how we process data.
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FIGURE 1 | The concept behind this review paper is to find the confluence of
domain-specific challenges, machine learning, and experiment and computer
system architectures to accelerate science discovery.
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Sec 2: Domain Exemplars
• Large section on Large Hadron Collider because it is a technology
driver for this community:
• Event Reconstruction
• Event Simulation
• Heterogeneous Computing
• Real-Time Analysis at 40 MHz
Deiana et al.

• Bringing ML to Detector Front-End

Example use cases are not
Fast Machine
Learning
in Science
comprehensive,
but
representative
(unique physics challenge)

FIGURE 2 | High-level overview of the stages in a GNN-based tracking pipeline. Only a subset of the typical edge weights are shown for illustration purposes. (A)
Graph construction, (B) edge classification, and (C) track construction.
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Exemplars of domain applications
•
•
•
•
•
•
•
•
•
•

High-intensity Accelerators: Belle II, Mu2e
Materials Discovery: Materials Synthesis, Scanning Probe Microscopy
Fermilab Accelerator Controls
Neutrino/Dark Matter Experiments: e.g. DUNE, MINERvA, Direct Detection Dark
Matter
Electron-Ion Collider
Gravitational Waves
Health: Biomedical Engineering and Health Monitoring
Cosmology
Plasma Physics
Wireless Networking and Edge Computing

Post publishing - new domains called out including neuroscience and x-ray spectroscopy
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Sec 3: Areas of overlap - representations
Fast Machine Learning in Science

Deiana et al.
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FIGURE 3 | Simulated type Ia supernova light-curve and classification. Top:
calibrated flux evolution in different DES band-passes as a function of
normalized time (the first photometric measurement is set to time equals zero).
Bottom: Baseline RNN classification probability evolution with respect of time,
no host-galaxy redshift information was provided. At each photometric
measurement, classification probability is obtained. The maximum light of the
simulated supernova is shown in a gray dashed line and the simulated redshift
of the supernovae is shown on the top z = 0.466. We highlight that redshift is
not used for this classification but can improve results. Our baseline RNN
classifies this light-curve as type Ia SN with great accuracy before maximum
light, it only requires a handful of photometric epochs. (Möller and
de Boissiére, 2019).

Learning
in Science
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4 |Machine
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• Hyperspectral Data: Used to represent measurements from
focuses on limiting data
FIGURE 5 | Experimental 4D-STEM measurement of a dichalcogenide 2D

d vector and raster data.

multispectral
data.
Both
domains capture this data across t
spatial frame is shown by plotting the time coordinate
“Tick”
material. Atomic
map is inferred
from the data, each
diffraction
pattern
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Areas of overlap - representations

Fast Machine Learning in Science

TABLE 1 | Types of data representations and their relevance for the scientific domains discussed in this paper; !!= Particularly important for domain, != Relevant for
domain.
Domain

Spatial

Point cloud

Temporal

Spatio-

Multi/Hyper-

Temporal

spectral

Examples

LHC

!!

!!

!

!

–

Detector reconstruction

Belle-II/Mu2e

!!

!!

–

–

–

Track reconstruction

Material Synthesis

!

–

!

!!

!!

High-speed plasma imaging

Accelerator Controls

!

–

!!

–

–

Beam sensors

Accelerator neutrino

!!

!!

!

!

–

Detector reconstruction

Direct detection DM

!!

!!

!

!

–

Energy signatures

EIC

!!

!!

!

!

–

Detector reconstruction

Gravitational Waves

!

–

!!

–

–

Laser inference patterns

Biomedical engineering

!!

–

–

!!

–

Cell and tissue images

Health Monitoring

!

–

!!

!

!

Physiological sensor data

Cosmology

!!

!!

!!

!

!!

Lensing/radiation maps

Plasma Physics

!

–

!!

!

–

Detector actuator signals

Wireless networking

–

–

!!

–

–

Electromagnetic spectrum
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Areas of overlap - representations
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TABLE 1 | Types of data representations and their relevance for the scientific domains discussed in this paper; !!= Particularly important for domain, != Relevant for
domain.
Image credit: Josh Agar
Domain
Spatial
Point cloud
Temporal
SpatioMulti/HyperExamples
Temporal

spectral
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–

–
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!
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High-speed plasma imaging
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!

–

!!

–

–

Beam sensors
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!!

!

!
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Detector reconstruction

Direct detection DM
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!

!

–

Energy signatures
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!

!

–

Detector reconstruction

Gravitational Waves

!

–

!!

–

–

Laser inference patterns

Biomedical engineering

!!

–

–

!!

–

Cell and tissue images

Health Monitoring

!

–

!!

!

!

Physiological sensor data

Cosmology
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!!

!!

!

!!

Lensing/radiation maps

Plasma Physics

!

–

!!

!

–

Detector actuator signals

Wireless networking

–

–

!!

–

–

Electromagnetic spectrum
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Areas of overlaps - systems
FPGA filter stack
~μs latency

Pb/s
40MHz

10s Gb/s
~5 kHz

On-detector
ASIC compression

10s Tb/s
100s kHz

~100ns latency

Custom embedded systems

On-prem CPU/GPU
filter farm

Worldwide
computing grid

Exabyte-scale
datasets

~100 ms latency

Software-programmable coprocessors
10
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Areas of overlaps - systems

Fast Machine Learning in Science

TABLE 2 | Domains and practical constraints: systems are broadly classified as soft (software-programmable computing devices: CPUs, GPUs, and TPUs) and custom
(custom embedded computing devices: FPGAs and ASICs).
Domain

Event rate

Latency

Systems

Detection and event reconstruction

Energy-constrained
No

LHC and intensity frontier HEP

10s Mhz

ns-ms

Soft/custom

Nuclear physics

10s kHz

ms

Soft

Dark matter and neutrino physics

10s MHz

µs

Soft/custom

Material synthesis

10s kHz

ms

Soft/custom

Scanning probe microscopy

kHz

ms

Soft/custom

Electron microscopy

MHz

µs

Soft/custom

Biomedical engineering

kHz

ms

Soft/custom

Cosmology

Hz

s

Soft

Astrophysics

kHz–MHz

ms-us

Soft

Gravitational waves

kHz

ms

Soft

Health monitoring

kHz

ms

Custom

Yes

Communications

kHz

ms

Soft

Yes (mobile settings)

Accelerator controls

kHz

ms–µs

Soft/custom

Plasma physics

kHz

ms

Soft

Image processing

Yes (mobile settings)
Yes (remote locations)

Signal processing

Control systems
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Health monitoring

kHz

ms

Custom

Yes

Communications

kHz

ms

Soft

Yes (mobile settings)

kHz

ms–µs

Soft/custom

kHz

ms

Soft

Control systems
Accelerator controls
Plasma physics

Areas of overlaps - feedback

TABLE 3 | Classification of domains and their system requirements with respect to real-time needs.
Domain

Real-time data reduction

Real-time analysis

Closed-loop control

LHC

Yes

Yes

No

Nuclear physics

Yes

No

No

Dark matter-neutrino

Yes

No

No

Material synthesis

Yes

Yes

Yes

Scanning probe microscopy

Yes

Electron microscopy

Yes

Biomedical engineering

Yes

Cosmology

Yes

No

No

Astrophysics

Yes

No

No

Gravitational waves

Yes

No

No

Health monitoring

Yes

Yes

Yes

Communications

Yes

Yes

Yes

Accelerator controls

Yes

Yes

Yes

Plasma physics

Yes

Yes

Yes

Detection/Event reconstruction

Image processing

Signal processing

Control systems

the memory hierarchy. In the majority of the use cases, the

3.2.2. Custom Embedded Computing Devices

12

Sect 4: Ef icient ML
• A discussion of strategies for improving ML e iciency to enable lower latency
• Designing new e icient ML architectures
• NN & hardware co-design
• Quantization
• Pruning and sparse inference
• Knowledge distillation
• Discussion of automation of the NN
architecture design process
(Neural Architecture Search).
• Not mentioned in WP but important!
• Fault-tolerant, reliable ML

ff

f

ff
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Section 4: Hardware Architecture
• Discussion of di erent computing architectures: CPU, GPU, FPGA/ASIC
• DPU: Deep learning processing unit, customized for CNNs. These
canLearning
be in Science
Fast Machine
implemented on FPGAs or ASICs.

Deiana et al.

ff

FIGURE 7 | Taxonomy of compute architectures, differentiating CPUs, GPUs and DPUs.
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• DPU: Deep learning processing unit, customized for CNNs. These
canLearning
be in Science
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FIGURE 7 | Taxonomy of compute architectures, differentiating CPUs, GPUs and
DPUs.
FIGURE 8 | DPU architectures: Matrix of Processing Engines (MPE) on the left, and spatial architecture on the right.

Fast Machine Learning in Science
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Sec 4: codesign
https://arxiv.org/abs/2207.07958

Deiana et al.

Fast Machine Learning in Science

FIGURE 9 | FINN compiler flow.

and finally the hardware accelerator can be generated, various
transformations must be applied. The main transformations
involved are summarized below.
Although the PyTorch description of the network is mostly
quantized, it may still contain some floating-point operations
from e.g., preprocessing, channelwise scaling or batchnorm

still estimations that may differ from the resource usage of the
final implementation due to synthesis optimizations.
The Backend is responsible for consuming the IR graph
and backend-specific information to create a deployment
package, also implemented using the transformation concept.
To get the inference accelerator, between the layers FIFOs

15

Beyond-CMOS Neuromorphic Hardware
• In this section, the most prominent emerging technology proposals,
including those based on emerging dense analog memory device circuits,
Deiana et al.
are grouped according to the targeted low-level neuromorphic
functionality.
• Analog Vector-by-Matrix Multiplication
• Stochastic Vector-by-Matrix Multiplication
• Spiking Neuron and Synaptic Plasticity
• Reservoir Computing
• Hyperdimensional Computing / Associative Memory

FIGURE 10 | Analog vector-by-matrix multiplication (VMM) in a crossbar
circuit with adjustable crosspoint devices. For clarity, the output signal is
shown for just one column of the array, while sense amplifier circuitry is not
shown. Note that other VMM designs, e.g., utilizing duration of applied voltage
pulses, rather than their amplitudes, for encoding inputs/outputs, are now
being actively explored see, e.g., their brief review in Bavandpour et al. (2018).
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Connections
• CompF3: ML
• WP on “Physics Community Needs,
Tools, and Resources for Machine
Learning”, arXiv: 2203.16255
• Related talk
• CompF4: Storage & Processing
• Subsection on AI hardware
• AI Hardware talk
• IF07: Electronics/ASICS
• WP on “Smart sensors using arti icial
intelligence for on-detector electronics
and ASICs”, arXiv:2204.13223
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Parting thoughts
Promote interdisciplinary collaborations

physicists, computer scientists, electrical and computer engineers, software engineers

Custom embedded systems

O -the-shelf coprocessors

Build open-source, multi-technology
codesign work lows

Be nimble: abstraction, portability,
containerization

Novel ML research concepts: e icient, fault-tolerant, reliable

Open data, task-based, and data-based benchmarks

Support ecosystem integration and operation
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Extra
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Parting thoughts
Promote interdisciplinary collaborations

physicists, computer scientists, electrical and computer engineers, software engineers

here, our problems
surpass industry and
there are no OTS
solutions

Custom embedded systems

O -the-shelf coprocessors

Build open-source, multi-technology
codesign work lows

Be nimble: abstraction, portability,
containerization

Our problems can
inspire new
technologies and
techniques!

Extremely valuable to
learn from non-domain
expertise; challenge is
to ind common goals

We are at the whim of
industry! Adapt to new
technologies

Novel ML research concepts: e icient, fault-tolerant, reliable

Open data, task-based, and data-based benchmarks

Support ecosystem integration and operation

Catalyze and
consolidate progress

Projectization makes
longevity and support
very hard, need
avenues for this
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