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2 Building neural networks with hls4ml

In this section we give an overview of the basic task of translating a given neural network model into
a firmware implementation using HLS. We then pick a specific use-case to study, though the study
will be discussed in a way that is meant to be applicable for a broad class of problems. We conclude
this section by discussing how to create an e�cient and optimal firmware implementation of a neural
network in terms of not only performance but also resource usage and latency.

2.1 hls4ml concept

Our basic task is to translate a trained neural network by taking a model architecture, weights, and
biases and implementing them in HLS in an automated fashion. This automated procedure is the task
of the software/firmware package, hls4ml. A schematic of a typical workflow is illustrated in Fig. 1.
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hls  4  ml

hls4ml
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Figure 1: A typical workflow to translate a model into a firmware implementation using hls4ml.

The part of the workflow that is illustrated in red indicates the usual software workflow required
to design a neural network for a specific task. This usual machine learning workflow, with tools such
as Keras and PyTorch, involves a training step and possible compression steps (more discussion
below in Sec. 2.3) before settling on a final model. The blue section of the workflow is the task of
hls4ml which translates a model into an HLS project that produces a firmware block. This automated
tool has a number of configurable parameters which can help the user customize the network translation
for their application.

The time to perform the hls4ml translation is much shorter (minutes to hours) than a custom
design of a neural network and can be used to rapidly prototype machine learning algorithms without
dedicated engineering support. For physicists, this makes designing physics algorithms for the trigger
or DAQ significantly more accessible and e�cient, thus allowing the "time to physics" to be greatly
reduced.

– 5 –

Catapult

Bring ML models to hardware for real-time AI

high level synthesis for machine learning

Many use cases in HEP and beyond… and still growing! 
(see Fast Machine Learning For Science Workshop Sept '25)

https://fastmachinelearning.org/hls4ml/

A tool to efficiently program the FPGA hardware for Neural Networks  
with experimental constraints in mind!

pip install hls4ml

https://indico.cern.ch/event/1496673/
https://fastmachinelearning.org/hls4ml/


Neural Network inference on FPGA
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Neural network inference  
=  

matrix multiplication

Efficient implementation on FPGA uses 
DIGITAL SIGNAL PROCESSORS  

There are about 5–10k DSPs in modern 
FPGAs!

ex: Xilinx Virtex Ultrascale +



Make the model fit on one chip
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• Some tricks are needed here: 

- Compression/pruning: remove the 
connections that play little role  
for final decision

Fully parallelized  
(max DSP use)

compression

70% compression ~ 70% fewer DSPs

Number of DSPs available

CHAPTER 3. PRUNING DEEP NEURAL NETWORKS 20
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Figure 3.1: Pruning the synapses and neurons of a deep neural network.

the connections that have been removed. The phases of pruning and retraining may be repeated
iteratively to further reduce network complexity. In effect, this training process learns the network
connectivity in addition to the weights — this parallels the human brain development [109] [110],
where excess synapses formed in the first few months of life are gradually "pruned", with neurons
losing little-used connections while preserving the functionally important connections.

On the ImageNet dataset, the pruning method reduced the number of parameters of AlexNet
by a factor of 9× (61 to 6.7 million), without incurring accuracy loss. Similar experiments with
VGG-16 found that the total number of parameters can be reduced by 13× (138 to 10.3 million),
again with no loss of accuracy. We also experimented with the more efficient fully-convolutional
neural networks: GoogleNet (Inception-V1), SqueezeNet, and ResNet-50, which have zero or very
thin fully connected layers. From these experiments we find that they share very similar pruning
ratios before the accuracy drops: 70% of the parameters in those fully-convolutional neural networks
can be pruned. GoogleNet is pruned from 7 million to 2 million parameters, SqueezeNet from 1.2
million to 0.38 million, and ResNet-50 from 25.5 million to 7.47 million, all with no loss of Top-1 and
Top-5 accuracy on Imagenet.

In the following sections, we provide solutions on how to prune neural networks and how to
retrain the pruned model to recover prediction accuracy. We also demonstrate the speedup and
energy efficiency improvements of the pruned model when run on commodity hardware.

3.2 Pruning Methodology

Our pruning method employs a three-step process: training connectivity, pruning connections,
and retraining the remaining weights. The last two steps can be done iteratively to obtain better
compression ratios. The process is illustrated in Figure 3.2 and Algorithm 1.
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• Some tricks are needed here: 

- Compression/pruning: remove the 
connections that play little role  
for final decision 

- Quantisation: represents numbers 
with few bits reduce resources

Jennifer Ngadiuba - hls4ml: deep neural networks in FPGAs25.04.2018

Efficient NN design: quantization
• In FPGAs use fixed point data types → less resources and latency than 32-bit floating 

point 

• NN inputs, weights, biases, outputs represented as

 29
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width
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Quantization

Quantized [24, 36–39] and even binarized [40–43] neural networks have been studied in detail as an
additional way to compress neural networks by reducing the number of bits required to represent each
weight. FPGAs provide considerable freedom in the choice of data type and precision. Both are
important to consider to prevent the wasting of FPGA resources and latency. In hls4ml we use fixed
point arithmetic, which uses less resources and latency than floating point arithmetic. Resource usage
using floating point arithmetic and integer arithmetic use the same resources.

The inputs, weights, biases, sums, and outputs of each layer (see Eq. 2.1) are all represented as
fixed point numbers. For each, the number of bits above and below the binary point can be configured
for the use case. It is broadly observed that precision can be reduced significantly without causing a
loss in performance [XXX], but this must be done with care. In Fig. 7, we show the distribution of
the absolute value of the weights after the compression described in Sec. 2.3. In this case, to avoid
overflow in the weights, at least three bits should be assigned above the binary point — two to envelope
the largest absolute value and one for the sign. The neuron values, xm, and intermediate signals in the
FPGA used to compute them, require more bits, given the form of Equation 2.1. We determine the
number of bits to assign below the binary point by scanning physics performance versus number of
these bits.

Figure 7: Distribution of the absolute value of the weights after compression.

In addition to saving on resources used for signal routing, reducing precision saves on resources
and latency used for mathematical operations. For many applications the primary limitation will be
the DSP resources of the FPGA used for multiplication. The number of DSPs used per multiplier
depends on the precision of the numbers being multiplied and can change abruptly. For example, one
Xilinx DSP48 block [XXX] can multiply a 25-bit number with an 18-bit number, but two are required
to multiply a 25-bit number with a 19-bit number. Similarly, the latency of multipliers increases with
precision, though they can remain pipelined. Detailed exploration of the e�ect of calculation precision
is presented in Sec. 3.

– 12 –

integer bits = 2 + 1 for sign
(need more for neurons)

• But need more bits for neurons as computed with 
multiplications and sums → we perform a scan of 
physics performance versus bit precision

• To avoid overflow/underflow of weights at 
least 3 bits needed

ap_fixed<width,integer>

weights
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• Some tricks are needed here: 

- Compression/pruning: remove the 
connections that play little role  
for final decision 

- Quantisation: represents numbers 
with few bits reduce resources 

- Parallelization: allocate resources for 
each operation (run all network in 
one clock) vs spread calculation 
across several clock cycles

Javier Duarte I hls4ml

Network Tuning: Parallelization
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related to the Initiation Interval = when new inputs are introduced to the algo.

• ReuseFactor: how much to parallelize
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Quantization-aware training
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• Post-training quantization can affect accuracy 

- for a given bit allocation, the loss minimum at floating-point precision might not be  
the minimum anymore 

• One could specify quantization while look for the minimum during training 

- quantization functions 
applied to weights and activations 
only in the forward pass 

- use Straight Through Estimator  
for back propagation step 

• Our workflow: quantization-aware  
training with Google QKeras and  
firmware design with hls4ml  
for most efficient NN inference  
on chip!

A. Gholami et al, arxiv.2103.13630

https://github.com/google/qkeras
https://github.com/fastmachinelearning/hls4ml
https://arxiv.org/abs/2103.13630


QKeras & hls4ml

17C. N. Coelho et al.: Nature Machine Intelligence, Volume 3 (2021)

Matches ap_fixed exactly! 
- same granularity as hls4ml 
- same precision at training 

and inference

https://arxiv.org/abs/2006.10159


High-Granularity Quantization
• The wish: squeeze even more NN inference performance when each parameter in the 

network may have its unique bitwidth  

• Limitations of QKeras: 

- bitwidths for NN parameters are optimized in predefined, structured block (e.g., per layer) 

- bitdiwdth is not part of optimization  
→ need to run your own  
hyperparameter scan 

• Solution: optimize the individual  
bitwidths alongside the NN accuracy  
using gradient descent

18



High-Granularity Quantization
• Solution: optimize the individual bitwidths alongside the NN accuracy using gradient 

descent 

• How: 

- treat the bitwidths as continuous variables 

- introduce surrogate gradients for discrete variables  
such as bitwidths 

- introduce a novel on-chip resource consumption metric  
that when incorporated into the loss function penalizes  
larger bitwidths efficiently 

- pruning integrated naturally in the optimization step  
(gradient descent reduces certain bitwidths to zero)

19

Fully supported 
in hls4ml!

increase  
penalization

HGQ still better than QKeras

arXiv.2405.00645 (FPGA ‘26)

https://arxiv.org/abs/2405.00645


Ultra-fast anomaly detection @ CMS
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Learn typicality: by training on unbiased dataset
CMS established in 2024 a new 
trigger paradigm with sub-μs 

autoencoders for anomaly detection!

From calorimeter and muon trigger system: 

Objects: 10 jets, 4 muons, e/𝛄, MET 

Features: pT, η, ϕ (in raw integer values) 
Architecture: MLP

Low-level inputs: aggregated calorimeter towers 
Architecture: 2D CNN w/ knowledge distillation 
[CMS-DP-2023-086]

anomaly score

CMS-DP-2023-079 
CMS-DP-2024-059

https://cds.cern.ch/record/2879816?ln=en
https://cds.cern.ch/record/2876546?ln=en
https://cds.cern.ch/record/2904695?ln=en


Ultra-fast anomaly detection @ CMS
• Since first vanilla AE-based model that took data in 2024 (aka AXOL1TL v4) developed 

architectural improvement for 2025 → Contrastive Learning 

- new VICReg-trained feature extractor  stacked on top of an autoencoder 

- the anomaly score is now the reconstruction error of the embeddings 

- same latency and resource usage of v4 thanks to the optimization with distributed arithmetic 
(see NGT tutorial by Chang)

21

Augmentations considered:  
gaussian smearing in within 
reconstruction resolutions and 
objects masking

CMS-DP-2025-061

https://arxiv.org/abs/2105.04906
https://indico.cern.ch/event/1607543/
https://cds.cern.ch/record/2942560?ln=en


Ultra-fast anomaly detection @ CMS

22



23

An otherwise untriggered 
high-multiplicity event!



The HL-LHC challenge: CMS Phase 2
At HL-LHC, up to 200 pile-up interactions: CMS is upgrading the L1T and HLT to enable 

the same physics program we are doing now (at @60 PU)

24

Muon detectors

Calorimeters40 MHz tracking!

40 MHz 
particle flow!

* input data from 2 Tb/s to 63 Tb/s 
* latency of 12.5μs to take decision

CMS-TDR-021

Max of 128 particles available

https://cds.cern.ch/record/2714892/


The HL-LHC challenge: CMS Phase 2
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At HL-LHC, up to 200 pile-up interactions: CMS is upgrading the L1T and HLT to enable 
the same physics program we are doing now (at @60 PU)

With significantly more powerful compute we expect ML to be well 
embedded into L1T to exploit higher information granularity: 

Around 20 projects (NNs, BDTs) in development accounting for 25 
billion ML inferences per second

Credits: Sioni Summers (CERN)



Finding the best NN architecture
• At offline level: chose the architecture with highest accuracy even if not efficient… 

• For edge applications this is not an option: crucial to co-design the architecture with the 
application and its constraints

26

Graph NNs at 
O(100) ns latency!

MLP

DS

IN

arXiv.2402.01876

8 bits

https://arxiv.org/abs/2402.01876


Finding the best NN architecture
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• Also found more recently that MLP-mixer  
architecture can further enhance  
performance 

• Processes sets (like particle clouds  
or jet constituents) using only  
MLPs and alternates between two  
key components: 

- Token-mixing MLP  
– mixes information across particles (rows), 

- Channel-mixing MLP  
– mixes features within each particle (columns) 

• Not naturally permutation-invariant  
→ not necessarily needed for  
ordered sets (as in the trigger)  
→ enables it to learn which features  
to retain and which to discard,  
facilitating HGQ

arXiv.2503.03103

https://arxiv.org/abs/2503.03103
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arXiv.2503.03103

https://arxiv.org/abs/2503.03103


Towards ultra-fast transformers
• Implemented in HLS a simple encoder-only transformer architecture with vanilla MHA, a 

single attention head and no positional encoding (Set Transformer) 

• Compare to the more efficient Linformer with O(k x n) complexity instead of O(n2) 

• Use HGQ and da4ml for most efficient HLS implementation

29arXiv.2510.24784 (NeurIPs ML4PS ‘25)

https://arxiv.org/abs/2510.24784


Towards a (ultra-fast) foundation model

30

• With more granular particle-level information and more compute in the Phase 2 L1T we 
can think bigger 

• In particular, an expressive latent representation can be re-used for multiple downstream 
tasks 

- could potentially reduce redundancy in hardware and deploy just one pre-trained model 
→ can serve as a trigger for known and anomalous processes

+ event-level regression (e.g., MET)
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• With more granular particle-level information and more compute in the Phase 2 L1T we 
can think bigger 

• In particular, an expressive latent representation can be re-used for multiple downstream 
tasks 

- could potentially reduce redundancy in hardware and deploy just one pre-trained model 
→ can serve as a trigger for known and anomalous processes 

• Main idea: a physics informed latent space that makes use of “all” known SM processes: 

- use simulation of diverse processes during training 
- allow the model to learn physical features across energy scales 
- create an event grouping based rather than pure outlier detection 
- use this compressed representation in the trigger decision

Towards a (ultra-fast) foundation model

Credits: P. Harris

Offline data today first 
playground for this 

concept!



Towards a (ultra-fast) foundation model

32
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A large suite of SM processes to build a physics-informed latent representation that can be 
used for many different event-level tasks downstream!

Made available for testing ~ 10% of it on HuggingFace & public CERNBox with 
example notebook for data loader and preprocessing… give it a try and let us know!

More info in Eric’s talk at FastML2025

https://huggingface.co/datasets/fastmachinelearning/collide-1m
https://cernbox.cern.ch/files/link/public/zPG1HJt0ka2j0h1?openWithDefaultApp=true&fileId=newproject-f$F5SW64ZPOBZG62TFMN2C6ZRPMZXXK3TEMF2GS33OMFWC23LPMRSWYLLEMF2GC43FOQ======!63076798&items-per-page=100&files-public-link-view-mode=resource-table&tiles-size=2
https://huggingface.co/datasets/fastmachinelearning/collide-1m/blob/main/COLLIDE2V_example_notebook.ipynb
https://indico.cern.ch/event/1496673/contributions/6637964/


Adaptability: AXOL1TL as case study
• Maintaining an ML algorithm in a changing environment could be challenging 
→ it is first crucial to strengthen MLOps practices but not only… 

- particularly in view of Phase 2 when we expect a cascade of ML models and dependencies 

• AXOL1TL provided a test bench TODAY: 

- Two data taking period studied:  
2024 (used for training) and 2025 

- Between these periods, several electromagnetic  
calorimeter settings and object calibrations  
were updated
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Adaptability: Re-training vs re-calibrating
• RE-TRAINING: Collect a new dataset and retrain the model (CMS initial approach with 

AXOL1TL) 

- each retraining changes the algorithm’s characteristics, effectively selecting a new phase 
space 

- the new behaviour must then be tested, validated, presented: very lengthy process. 

• RE-CALIBRATING: Collect new dataset and  
re-calibrate the model to a reference distribution 

- the reference is already well understood in terms  
of trigger characteristics 

- this  can be done quickly to respond to sudden drifts  
in the data
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Studies ongoing on methods 
inspired by reinforcement learning 

strategies 

Topical session at FastML2025 by M. Glowacki 
Talk at ACAT25 by M. Glowacki 

ATLAS+CMS workshop on MLOps

https://indico.cern.ch/event/1496673/contributions/6637959/
https://indico.cern.ch/event/1488410/contributions/6562811/
https://indico.cern.ch/event/1543741/overview


Towards a self-driving trigger
• Early-on studies on a self-adaptable trigger system: 

- a feedback-control strategy based on a “simple” PD controller that takes into account 
background rate, signal efficiency, downstream bandwidth, and computational cost over a 
batch of data → quasi real time

37

arXiv.2601.08910

https://arxiv.org/abs/2601.08910
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38

arXiv.2601.08910

https://arxiv.org/abs/2601.08910


Towards a self-driving trigger
• Early-on studies on a self-adaptable trigger system: 

- a feedback-control strategy based on a “simple” PD controller that takes into account 
background rate, signal efficiency, downstream bandwidth, and computational cost over a 
batch of data → quasi real time 

• Key message: condition-aware AI should evolve from fixed ML scores to adaptive, 
hardware-aware control policies that learn how to operate the trigger in real time

39

arXiv.2601.08910

https://arxiv.org/abs/2601.08910


Towards a self-driving trigger
• Early-on studies on a self-adaptable trigger system: 

- a feedback-control strategy based on a “simple” PD controller that takes into account 
background rate, signal efficiency, downstream bandwidth, and computational cost over a 
batch of data → quasi real time 

• Key message: condition-aware AI should evolve from fixed ML scores to adaptive, 
hardware-aware control policies that learn how to operate the trigger in real time 

• Toward reinforcement learning: reinterpret the trigger menu as an RL environment where 
the agent observes recent rates, conditions, correlations, and costs 

- actions could be threshold/bandwidth/corrections updates to reward rate stability, physics 
efficiency, and resource constraints 

- could be even faster and more performant if using fast ML tools
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Fast Machine Learning for Science
• These unique needs brought together a 

community of scientists from different domains, 
computer and data scientists, electronic engineers 

• Scientists created the Fast Machine Learning Lab 
holding interdisciplinary yearly workshops 

- last year edition at Zurich ETH 

- this year edition at UCSD

41

https://fastmachinelearning.org/
https://indico.cern.ch/event/1496673/
https://indico.cern.ch/event/1654479/
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CERN news

The Next Generation Triggers

• Eric & Wendy Schmidt foundation fund a CERN 
project that will enhance the physics reach of the 
ATLAS and CMS experiments at HL-LHC and 
beyond using novel technologies: 

- neural network optimization 

- quantum-inspired algorithms 

- high-performance computing and FPGAs 

- theoretical modelling

https://home.cern/news/news/computing/next-generation-triggers-cern-detectors
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CERN news

The Next Generation Triggers

• Eric & Wendy Schmidt foundation fund a CERN 
project that will enhance the physics reach of the 
ATLAS and CMS experiments at HL-LHC and 
beyond using novel technologies: 

- neural network optimization 

- quantum-inspired algorithms 

- high-performance computing and FPGAs 

- theoretical modelling

The NextGen Triggers project will mark a new chapter in high-energy 
physics, leveraging upgraded event-selection systems and data-processing 

techniques to unlock a realm of discoveries.

https://home.cern/news/news/computing/next-generation-triggers-cern-detectors
https://nextgentriggers.web.cern.ch/
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What are FPGAs?
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FPGA diagram

Machine learning algorithms are ubiquitous in HEP  

FPGA usage broad across HEP experiments 
Centered on DAQ and trigger development 
Some early adaptions of ML techniques in trigger [1] 
FPGA development becoming more accessible 

High Level Synthesis, OpenCL 

FPGA interest in industry is growing 
Programmable hardware with structures 
that maps nicely onto ML architectures  

MACHINE LEARNING & FPGAS 7

FPGA 
“programmable hardware” 

DSPs (multiply-accumulate, etc.) 
Flip Flops (registers/distributed memory) 

LUTs (logic) 
Block RAMs (memories)

[1] Carnes et al., https://indico.cern.ch/event/567550/contributions/2629686/

Field Programmable Gate Arrays  
are reprogrammable integrated circuits

Contain many different building blocks 
(‘resources’) which are connected together as you 
desire
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Logic cell

Flip-flop

Machine learning algorithms are ubiquitous in HEP  

FPGA usage broad across HEP experiments 
Centered on DAQ and trigger development 
Some early adaptions of ML techniques in trigger [1] 
FPGA development becoming more accessible 

High Level Synthesis, OpenCL 

FPGA interest in industry is growing 
Programmable hardware with structures 
that maps nicely onto ML architectures  

MACHINE LEARNING & FPGAS 7

FPGA 
“programmable hardware” 

DSPs (multiply-accumulate, etc.) 
Flip Flops (registers/distributed memory) 

LUTs (logic) 
Block RAMs (memories)

[1] Carnes et al., https://indico.cern.ch/event/567550/contributions/2629686/

Look-up 
table
(logic)

(registers)

Look Up Tables (LUTs) perform arbitrary  
functions on small bitwidth inputs (2-6 bits) 
→ used for boolean operations,  
arithmetics, memory

Flip-flops register data in time with the clock pulse

Field Programmable Gate Arrays  
are reprogrammable integrated circuits

What are FPGAs?

FPGA diagram
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Machine learning algorithms are ubiquitous in HEP  

FPGA usage broad across HEP experiments 
Centered on DAQ and trigger development 
Some early adaptions of ML techniques in trigger [1] 
FPGA development becoming more accessible 

High Level Synthesis, OpenCL 

FPGA interest in industry is growing 
Programmable hardware with structures 
that maps nicely onto ML architectures  

MACHINE LEARNING & FPGAS 7

FPGA 
“programmable hardware” 

DSPs (multiply-accumulate, etc.) 
Flip Flops (registers/distributed memory) 

LUTs (logic) 
Block RAMs (memories)

[1] Carnes et al., https://indico.cern.ch/event/567550/contributions/2629686/

Also contain embedded components: 

Digital Signal Processors (DSPs): logic 
units used for multiplications 

DSPs are specialized units for multiplication and 
arithmetic 
→ faster and more efficient than LUTs for these 
type of operations 
→ for deep learning, they are often the most 
precious resource

Field Programmable Gate Arrays  
are reprogrammable integrated circuits

What are FPGAs?

FPGA diagram
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Machine learning algorithms are ubiquitous in HEP  

FPGA usage broad across HEP experiments 
Centered on DAQ and trigger development 
Some early adaptions of ML techniques in trigger [1] 
FPGA development becoming more accessible 

High Level Synthesis, OpenCL 

FPGA interest in industry is growing 
Programmable hardware with structures 
that maps nicely onto ML architectures  

MACHINE LEARNING & FPGAS 7

FPGA 
“programmable hardware” 

DSPs (multiply-accumulate, etc.) 
Flip Flops (registers/distributed memory) 

LUTs (logic) 
Block RAMs (memories)

[1] Carnes et al., https://indico.cern.ch/event/567550/contributions/2629686/

Also contain embedded components: 

Digital Signal Processors (DSPs): logic 
units used for multiplications 

Random-access memories (RAMs): 
embedded memory elements

Field Programmable Gate Arrays  
are reprogrammable integrated circuits

BRAMs are small, fast memories (ex, 18 Kb each) 

→ more efficient than LUTs when large memory is 
required 

Modern FPGAs have ∼100 Mb of BRAMs,  
chained together as needed

What are FPGAs?

FPGA diagram
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Machine learning algorithms are ubiquitous in HEP  

FPGA usage broad across HEP experiments 
Centered on DAQ and trigger development 
Some early adaptions of ML techniques in trigger [1] 
FPGA development becoming more accessible 

High Level Synthesis, OpenCL 

FPGA interest in industry is growing 
Programmable hardware with structures 
that maps nicely onto ML architectures  

MACHINE LEARNING & FPGAS 7

FPGA 
“programmable hardware” 

DSPs (multiply-accumulate, etc.) 
Flip Flops (registers/distributed memory) 

LUTs (logic) 
Block RAMs (memories)

[1] Carnes et al., https://indico.cern.ch/event/567550/contributions/2629686/

Also contain embedded components: 

Digital Signal Processors (DSPs): logic 
units used for multiplications 

Random-access memories (RAMs): 
embedded memory elements

Field Programmable Gate Arrays  
are reprogrammable integrated circuits

Contain array of logic cells embedded with DSPs, 
BRAMs, etc. 

Support highly parallel algorithm implementation 

Low power per Op (relative to CPU/GPU)

What are FPGAs?

FPGA diagram



Why are FPGAs fast?
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• Fine-grained / resource parallelism 

- use the many resources to work on different 
parts of the problem simultaneously 

- allows us to achieve low latency 

• Most problems have at least some sequential 
aspect, limiting how low latency we can go 

- but we can still take advantage of it with… 

• Pipeline parallelism 

- instruct the FPGA to work on different data 
simultaneously 

- allows us to achieve high throughput

Like a production line for data…



How are FPGAs programmed?
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Hardware Description Languages 

HDLs are programming languages which describe 
electronic circuits 

High Level Synthesis 

generate HDL from more common C/C++ code 

pre-processor directives and constraints used to 
optimize the timing 

drastic decrease in firmware development time! 

See Xilinx Vivado HLS, Intel HLS, Catapult HLS

https://www.xilinx.com/support/documentation/sw_manuals/xilinx2018_3/ug902-vivado-high-level-synthesis.pdf
https://www.intel.com/content/www/us/en/programmable/documentation/ewa1462824960255.html
https://www.mentor.com/hls-lp/catapult-high-level-synthesis/


Physics performance
• Scan of AXOL1TL anomaly score  

thresholds, corresponding to a  
total range, for SM and BSM  
simulated samples and calculate  
the efficiency 

• Broad sensitivity of the unsupervised 
AXOL1TL approach to a wide range  
of new physics scenarios. 

• V5 efficiency improved compared to 
V4 and competitive with a standard  
trigger like HT (scalar sum of jets 𝑝T)
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CMS-DP-2025-061

https://cds.cern.ch/record/2942560?ln=en


How anomalous events look like?
• Pure AXOL1TL events in the  

energy sums spectrum:  
enhanced sensitivity to lower  
L1 HT and pTmiss values 

• AXOL1TL selects events with  
higher object multiplicity,  
particularly for jets and e/γ.
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CMS-DP-2025-061

https://cds.cern.ch/record/2942560?ln=en


AI @ Extreme Edge
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On-detector ASIC 
compression 
~100 ns latency

CMS Experiment 
40 MHz collision rate 
~1B detector channels

Pb/s 
40 MHz

FPGA fi 
~μs 

10s 
100s 

On-prem  fi 
~100  

10s 
~5 

Worldwide 
computing 
Exabyte-scale 


Level-1 
Trigger

High-Level 
Trigger

Offl
analysis

ASICs typically used at the front end for sensors 
read out: directly embed ML in here to allow 
intelligent data compression at the very edge
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Novel technology for future CMS endcap calorimeter:  
50 layers with unprecedented number of readout channels (6M)!

CMS HGCAL TDR
54

Example: 
High-granularity calorimeter @ HL-LHC

http://home.fnal.gov/~chlebana/CMS/TDR-17-007-paper-v5.pdf
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Novel technology for future CMS endcap calorimeter:  
50 layers with unprecedented number of readout channels (6M)!

CMS HGCAL TDR
54

Example: 
High-granularity calorimeter @ HL-LHC

Not enough bandwidth and latency to readout 
and put together all these channels downstream! 

http://home.fnal.gov/~chlebana/CMS/TDR-17-007-paper-v5.pdf
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One module = 432 sensors

Example: CMS HG calorimeter
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One module = 432 sensors

ASIC

ASIC

ASIC

Compress data on sensor in ASIC: 

High radiation 
Cooled to -30 C → low power 
O(100) ns latency

Encode to N bits  
on ASIC with NN

Example: CMS HG calorimeter
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One module = 432 sensors

ASIC

ASIC

ASIC

Compress data on sensor in ASIC: 

High radiation 
Cooled to -30 C → low power 
O(100) ns latency

Encode to N bits  
on ASIC with NN

Transmit encoded data

Reconstruct or do latent space 
analysis on downstream 

processors (FPGAs)

Example: CMS HG calorimeter



AI @ Extreme Edge
• Tiny and heavily quantized NN 

• NN IP block created for the ASIC with Catapult HLS (Mentor/Siemens) and hls4ml 

- NN architecture is fixed, weights can be reprogrammed over I2C 

- NN parameters (weights and biases) triplicated for radiation tolerance → 200% overhead 

• Developed in parallel a tool — FKeras — that performs bit-level sensitivity study of each 
weight in the NN 

- allows to prioritize which bits need protection and which may be safely disregarded, 
reducing resource overhead
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https://dl.acm.org/doi/pdf/10.1145/3665334

