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hils 4 ml

Open-source Python package that converts trained
ML models (Keras, PyTorch, ONNX, etc.) into
FPGA/ASIC firmware via high-level synthesis for
low-latency inference

Ao . .
1 FPGA engineer + 0.3 FTE ML engineer. :> 0.3 FTE ML engineer (no HDL experiences).
3 months > day
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Introduction/Advertisement of International Leading Research (JSPS grant)
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Real-Time Adaptive Al for Sleep Diagnosis, Treatment and Therapy
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Convergence of Traditional Science
and Artificial Intelligence

Leamning



https://scienceforafrica.foundation/media-center/harnessing-artificial-intelligence-transform-health-africa
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Trending in industry

8
== B L]

NVIDIA
GPU CLOUD

~N\
M)
o)

N

x v R

Advances driven by
big data explosion
& machine learning




Training /" Inference "\

Training Dataset
g :

Untrained

Neural Network Trained Model

Podlmd )| mdbid —

Trained Model

136K
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Very large datasets & memory, CPU/GPU/TPU e Requires minimal computational resources
farms, floating point required e Often has real-time performance/power
Done in an Al/ML Framework (Tensorflow, requirements that require custom _

hardware, e.g. FPGA/ASIC/Edge devices
PyTorch, etc.).

Credit: Marzieh Vaez Torshizi 2



LHC pushes technology limits

High Energy Physics

A3Da3 institute
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https://a3d3.ai/activities/high-energy-physics/

Critical Common challenges
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https://www.technologyreview.com/2019/12/14/131574/tidal-forces-carry-the-mathematical-signature-of-gravitational-waves/
https://indico.cern.ch/event/1156222/contributions/5062818/attachments/2521234/4335217/FastML2022.pdf

Fast Machine Learning Community
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Fast Machine Learning Community
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Accelerated Al
Algorithms for
Data-Driven
Discovery

17



NSF HDR Institute A3D3 (since 2021)

Accelerated Artificial Intelligence Algorithms for Data-Driven Discovery

Our Mission is to enable real-time Al
techniques for scientific and engineering
discovery by uniting three core
components: Scientific Applications,
Artificial Intelligence Algorithms, and
Computing Hardware.

18
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Multi-institution

NSF Harnessing the Data
Revolution Institute
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Multi-disciplines
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Credit: Onpassive



https://onpassive.com/blog/particle-physics-discoveries/

Compute
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The Need for the FastML

7.5 kHz
7 MB/evt

Fast Machine Learning Collaboration

Latency Throughput
(HLSAML) (SuperSONIC)

—

Offline

Innovative

— Algorithms
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https://github.com/cms-sw/cmssw/tree/master/HeterogeneousCore/SonicCore
https://github.com/fastmachinelearning/hls4ml

Targeted system (FPGA/ASIC)

Low Latency

25



Hardware Algorithm Co-design, Automation

-~

Algorithm

~
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Hardware Algorithm Co-design, Automation

4 N

Algorithm

Tackle scientific data

challenges:
e irregular data distributions
e scarce or limited labels
e interpretability and
transparency of Al models.

o /
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Hardware Algorithm Co-design, Automation

4 N 4 A

Tackle scientific data Dedicated platforms
challenges: {&===) | optimized to
e irregular data distributions e support these Al algorithms
e scarce or limited labels e addressing the need for low
e interpretability and latency, high throughput
transparency of Al models. e mindful consideration of power

k / \ and memory constraints. /

28




Hardware Algorithm Co-design, Automation

4 N

Algorithm Hardware

ASICs

e Enable domain experts to implement and deploy Al algorithms directly on hardware.
e Streamline the conversion from algorithm development to hardware execution.
https://qgithub.com/fastmachinelearning/hls4ml 29



https://github.com/fastmachinelearning/hls4ml

» Pros:

» Reprogrammable interconnects r FPGA \
between embedded components that “programmable hardware”
perform multiplication (DSPs),
apply logical functions (LUTs),
or store memory (BRAM)

» High throughput I/0: O(100)
optical transceivers running at
O(15) Gbps

» Massively parallel

> Low power
» Cons:

» Requires domain knowledge to program (using VHDL/Verilog)
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Programming Hardware (FPGAS)

High-Level Synthesis



Hardware Algorithm Co-design, Automation

-

Algorithm

his 4 ml

Low latency

Hardware

ASICs

~

0 https://qithub.com/fastmachinelearning/hls4ml
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https://github.com/fastmachinelearning/hls4ml

HLS4ML translating ML into FPGA firmware

his 4 ml

33



HLS4ML translating ML into FPGA firmware

Keras
TensorFlow
PyTorch

compressed
model

Usual ML
software workflow

Keras  QKeras (Google)
€) ONNX QONNX (Microsoft/AMD)
& PyTorch Brevitas (AMD)

HAWQ (UC Berkeley)

his 4 ml

34


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

HLS4ML translating ML into FPGA firmware

Keras
TensorFlow
PyTorch

~ L= his 4 ml

compressed

model : S HLS
conversion

Usual ML
software workflow

)

Keras QKeras (Google) t fi ti
€ ONNX QONNX (Microsoft/AMD) ko c:;i;go:ra e
& PyTorch Brevitas (AMD) reuse/pipeline

HAWQ (UC Berkeley)
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https://www.nature.com/articles/s42256-021-00356-5
https://arxiv.org/abs/2206.07527
https://arxiv.org/abs/2102.11289
https://arxiv.org/abs/1905.03696

HLS4ML translating ML into FPGA firmware

Keras

TensorFlow %
PyTorch Co-processing kernel

ra v his 4 ml VHDL/Verilog

Vivapo™> Menior:

SR JFINN

compressed

model :
T con::fsion T AMD1
Custom fimware: | & XILINX
Usual ML i
software workflow desugn —

)

Keras QKeras (Google) t fi ti
€ ONNX QONNX (Microsoft/AMD) une C;;é?;l’e ion

O PyTorch Brevitas (AMD) reuse/pipeline ASIC design
HAWQ (UC Berkeley)
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https://www.nature.com/articles/s42256-021-00356-5
https://arxiv.org/abs/2206.07527
https://arxiv.org/abs/2102.11289
https://arxiv.org/abs/1905.03696

How can we accelerate an Al model on FPGA?

37



Quantization

Clock frequency: 200 MHz

FPGA: Xilinx Kintex Ultrascale with 16 bits
(XCKU115-FLVB2104) gy JUSAL_ |
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Pruning

» Remove smallest weig!

» [|terate
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Pruning

» Remove smallest weights

» [terate

707% REDUCTION OF
WEIGHTS WITH NO
LOSS IN PERF.
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Parallelization and Timing

RF=

4

mult

mult

mult

mult

mult

mult

VYV ii %

mult

RF=

1

~35 clocks
@ 200 MHz
=175 ns

~15 clocks
@ 200 MHz
= /5 ns
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Graph Neural Networks for Tracking on FPGAs

Front. Big Data. 23 March 2022 € |
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https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2022.828666/full

Transformer Inference on FPGAS
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Zhixing Jiang et al 2025 JINST 20 P04014

Flavor Tagging
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https://iopscience.iop.org/article/10.1088/1748-0221/20/04/P04014

Global Event Processor Evaluation Platform
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https://iopscience.iop.org/article/10.1088/1748-0221/19/05/P05031/pdf

Evolution of LUT-based NNs

Andronic, Cassidy FastML2025

L-LUT

Neuron absorbed in a s 3 3
Logical LUT. Neuron hides MLP with skip

L-LUT hides a multivariate connections.
polynomial.

2020 2023 2024

M; | = Ensemble member

= different quantization schemes

-
M, O-
O
§
EPO
O
v |(H
O
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https://indico.cern.ch/event/1496673/contributions/6637957/

J.-F. Schulte

Efficient Transformer Architectures for Point Cloud Data in
High Energy Physics

@ Hits from a particle
Track to reconstruct

L lt ‘
l Scaled Dot-Product u& .
Attention
1 1 T
] a -

Vv K Q

e Charged particles leave hits on multiple detector
layers — point cloud, sparse, irregular
e Locality-Sensitive Hashing-Based Efficient Point

Transformer (HEPT)

Efficient
—
Sequence

Model

€8 @i@ R0

Track Efficiency
T T T 2 =

o
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T T T T T T T
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https://indico.cern.ch/event/1496673/contributions/6637914/attachments/3128257/5549501/HEPT_FastML2025_JSchulte.pdf

Kaito Sugizaki
ANOMALY DETECTION AT 40 MHZ

e Anomaly detection algorithm for the trigger based on a variational autoencoder

AXOL1TL @ @

: 2 : :
: : : : - ? S .
: H : :
: . : :
mk : :
Image T. Aarrestad

Train on randomly Bottleneck: Unsupervised
sampled data autoencoder learns to learning:
compress high X — X represents
dimensional inputs into degree of abnormality

low dimensional latent
space
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Events

AXOL1TL triggered events

108

10°

104

108

102

10°

100

0.527 fb~', 2024 (13.6 TeV)

CMS Preliminary
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Run 380470
1 All Scouting
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000 250
Emulated AXO Score

Large fraction of unique
events recorded that would
otherwise be rejected

High anomaly score events,
also triggered by existing L1
trigger



Partnership and FastML Ecosystem

Growing strong industry connections with

Partner Projects

support through the Fast ML community

National & Int’| Laboratories
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https://fastmachinelearning.org/

A3D3 Postbac

Jada Marshall
Purdue University
Neuroscience

Supervisor: Maria Makin

Kira Nolan
CalTech
MMA

Supervisor: Matthew Graham

Lucie Afko
Duke University
HEP/MMA

Supervisor: Kate Scholberg

Malina Desai

MIT
MMA

Supervisors: Philip
Harris, Erik

Katsavounidis 50



Workshop & Conferences

e Summer school

FAST MACHINE LEARNING
FOR SCIENCE CONFERENCE

)
Allison M. Deiana (Southern M. U.) _&‘g
indi.to/fastm|25 e

Conference
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https://indico.cern.ch/event/1282754/
https://sites.google.com/view/hls4mlsummerschool/home
https://indico.cern.ch/event/1496673/
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Summary

Real-time Al is transforming scientific and
engineering discovery.

e HLS4ML: Speeds deployment of ML algorithms to
FPGA/ASIC, optimizing workflows.

° A growing community
driving innovation across disciplines.
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Shih-Chieh Hsu
http://faculty.washington.edu/schsu/
schsu@uw.edu
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http://faculty.washington.edu/schsu/
mailto:schsu@uw.edu

On-chip probabilistic inference for charged-particle
tracking at the sensor edge Arghya Ranjan Das et al arXiv:2602.15946v2

Barrel region sensors
/y
%X /Incident particle

Interaction point

[ MLP Full [ MLP Full
Barycenter 1 Geometric (optimistic)

[ LocalReco (optimistic) [1 Geometric + correction (optimistic)

106
fl
105 4
104
103
102 4
10! 4 I
10°
~100 0 100 40 -20 0 20 40 -50 0 50 -50 0 50
Ry [um] Ry [um] Rq [deg] Rp [deg]

Figure 4: Comparison of the residuals for z, y, a, and 8 between the Full MLP model and
non-ML algorithms. The non-ML algorithms labeled as “optimistic” incorporate information
that is not directly available on the ASIC.
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https://arxiv.org/pdf/2602.15946v2

What is HLS4ML?

* A Python package that:

« Generates a top-level C++ design leveraging a library of

C++ machine learning (ML) functions

« The generated C++ code is a dataflow pipeline of
hardened layers

+ Compiles the synthesis-ready C++ design into register-
transfer level (RTL) code using High-level synthesis
(HLS) tools (FPGA or ASIC)

- Provides coarse-grained “reuse_factor” for latency/resource
control to explore hardware implementations

- Provides fully parallel or streamed input/output

Catapult allows designers to target ASIC platforms

Page 7 © Siemens 2024 | Marzieh Vaez Torshizi | Fast ML for Science Conference | 2024-10-16

Al Development Platforms

|

Algorithm

0

Quantization

&

Engineers

Compression

7 ot

,1,Tru

N
typedef ac_fixed<s
[ weight2_t:
Typ _fixed<16,6, true>
laye
void myproject () {
nnet: :dense<lay

J work here.

/

dense

er2_t>(...):

C++ 1P
his4ml
e>

Pre-HLS

Validation

Catapult HLS

RTL (ASIC or FPGA)

'SCVerify
Post-HLS

Validation

RTL Synthesis Tools

Designers are already building
NN H/W using Catapult.

®

£& Fermilab
SIEMENS
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DAVID EAGLEMAN +« JONATHAN DOWNAR

BRAIN &
BEHAVIOR

A Cognitive Neuroscience Perspective SECOND EDITION

OXFORD

P 99

Change stimuli based on brain
activity—>
map responses quickly

neuronal responses Jii- -H—+

images T
IMAge COULS mmmmmmn czee
old codes
: genetic algorithm
1 mutate, recombine
~(Fao-ll
new codes

: deep generator
new images ™~ £t

Ponce et al., Cell 2019
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Fusion: in-situ inference on frame grabber FPGAs in
high-speed imaging

Overhead vie
¢ e Host PC
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Future Implementation

Fusion magneto hydrodynamics and _
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https://arxiv.org/abs/2312.00128

4D Scanning Transmission Electron Microscopy

Agar FastML talk

Mass flow Beam Profiler
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https://indico.cern.ch/event/1283970/contributions/5550641/attachments/2721072/4727363/Agar_FastML_talk.pdf

Wildfire: Enabling Embedded Systems and loT

Utilization of his4ml to integrate Al
detection models (trained with
PyTorch and TensorFlow-Keras)
onto FPGAs, demonstrating the
effectiveness of this approach for
rapid and efficient wildfire detection
and prevention strategies.
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Closed-Loop Brian Stimulation

Closed-Loop BCI

Stimulation Neural
Signals
1 1)
Action
Control Decoding
Signal < Algorithm ol
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Heterogeneous System

High Throughput
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Coprocessor Integration Approaches

1. Direct connection
Inflexible, expensive

COPROCESSOR
(GPU,FPGA ASIC)

(GPU,FPGA ASIC)

COPROCESSOR
(GPU,FPGA ASIC)

(GPU,FPGA ASIC)

(GPU,FPGA ASIC)

COPROCESSOR
(GPU,FPGAASIC)

Traditional direct CPU->GPU connection:

mr/\

1
! Too few models or cores Narrow “sweet spot” in
= underutilized GPU terms of models or cores

N

Too many models or cores =
oversaturated GPU

_____________________________________________

2. “As a service”
Complex, requires R&D

Ncpu I= Ncoprocessor

COPROCESSOR
(GPU,FPGA,A
SIC)

COPROCESSOR

/ (GPU,FPGAA
sIC)
—

kubernetes COPROCESSOR
(GPU,FPGA,A

* SIC)

docker
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Not so different from ChatGPT!

What to do in Kaohsiung in
Summer 20257

Let’s go dragon boat racing!
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A computing paradigm adaptive to changing
hardware landscape

Services for Optimized Network Inference on Co-processors.
“Inference-as-a-Service”:

e Client—server architecture
e Data sent to GPU/FPGA server via gRPC
e Results returned synchronously or asynchronously

Datacenter (CPU farm)

Heterogeneous

Experlmental Cloud Resource

Software il |

/
Network input
Prediction
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SuperSONIC

e SuperSONIC implements SONIC server infrastructure as a portable package based on
open-source industry-standard tools.
e GitHub: https://github.com/fastmachinelearning/SuperSONIC

CM

Y,
5
-
>
n

L\

Datacenter (CPU farm)

Client workflows vary

—_— between experiments, but
I CE l_l UBE Experimental server feature needs are
NEUTRINO OBSERVATORY Software / largely similar.
Many applications can
Predicti -
1)) o ] benefit from a common
— : =

server implementation.
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https://github.com/fastmachinelearning/SuperSONIC

Gravitational Wave Data workflow for Alerts

Multi-messenger Astrophysics
Rapidly identify all signals from multi-messenger events

r 24375 -
HeiEeton EVENT DETECTIUN 0 -
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MMA: Aframe + AMPLFI deployed Summer 2025!

= LLO

“1la |(-),:::segment ‘ p(@|d) X p(d|@) p(@)
50 / [‘ T
g .. Posterior Likelihood Prior
2 )
2 I NN approximator
2 254
1©i,d;}

In Likelihood-free Inference:
Learn the distribution from
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MMA: Aframe + AMPLFI deployed Summer 2025!

GCN Circular 41606

Subject LIGO/Virgo/KAGRA S250830bp: Identification of a GW compact binary merger candidate
Event LIGO/Virgo/KAGRA $250830bp

2025-08-30T10:55:06Z 1 1
FDrat:ren Pedro Jeronimo Santos da Silva <pedro.jeronimo@unesp.br> . M a d e th e fl rSt C 0 m p a Ct B I n a ry
Via Web form

The LIGO Scientific Collaboration, the Virgo Collaboration, and the KAGRA Collaboration report: Coalescence dlscovery US|ng N NS

We identified the compact binary merger candidate S250830bp during real-time processing of data from
LIGO Hanford Observatory (H1), LIGO Livingston Observatory (L1), and Virgo Observator
205 °SB3§35°[§‘]‘61§ *‘Eiy”IS]‘GSSTF’?EJvlﬁ%“%‘é?“pséég b7 ?g?dlgatesg?if?g?d by o e T o 5250904cv, S250904br, S250904ae, S25
+40 , GstLAL ; , MLy , Pyl Live , and analys
S250830bp, S250830m
o First alert from Aframe.

S250830bp is an event of interest because its false alarm rate, as estimated by the online analysis, is
3.2e-10 Hz, or about one in le2 years. The event's properties can be found at this URL:

Two sky maps are available at this time and can be retrieved from the GraceDB event page:
©* amplfi.multiordeffits O dbdnitial localization generated by AMPLFI [10], distributed via GCN and

SCiMMA notices abouk 24 seconds tfter the candidate event time.
* bayestar.multio - initial localization generated by BAYESTAR [11], distributed via GCN
and SCiMMA notices about 5 minutes after the candidate event time.

The preferred sky map at this time is bayestar.multiorder.fits,®. For the bayestar.multiorder.fits,0 sky
map, the 90% credible region is 11 deg2. Marginalized over the whole sky, the a posteriori luminosity
distance estimate is 429 +/- 100 Mpc (a posteriori mean +/- standard deviation).
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https://gracedb.ligo.org/superevents/S250904cv/view/
https://gracedb.ligo.org/superevents/S250904br/view/
https://gracedb.ligo.org/superevents/S250904ae/view/
https://gracedb.ligo.org/superevents/S250901cb/view/
https://gracedb.ligo.org/superevents/S250830bp/view/
https://gracedb.ligo.org/superevents/S250830m/view/

