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Where Hardware Pays: Movement and Switching

Energy per Operation vs. Memory Access (45nm CMOQOS)
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Ref: Horowitz, ISSCC 2014, doi:10.1109/ISSCC.2014.6757323
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Compute Energy vs. Input Toggle Rate

Normal Input
—a&— Gathered Input

2 3 4 5 6 7 8
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Ref: Wang et al., ASPDAC 2025 — TRIFP-DCIM, DOI: 10.1145/3658617.3697577



Compute and Memory Do Not Scale Together

Scaling of Peak hardware FLOPS, and Memory/Interconnect Bandwidth
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Full Architectural Specialisation (ASIC)

ITkPixV2: Latency-Driven On-Chip Buffering

25 ns
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Time (continuous 40 MHz bunch crossing stream)

Pixel Matrix
l 12.5 us trigger latency =~ 500 BX
Hit Detection
l Store time-stamped hits indexed by BX
Time-Stamp Depth =~ 500 BX
(BX index) 12.5 us / 25 ns &~ 500 BX

= >50% of silicon area

Trigger Accept

Selective Readout

Ref: L. Le Pottier et. al., arxiv:2502.05097v3 X
Output Accepted Hits

Specialisation translates physics constraints into locality.
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FPGA/eFPGA: Structured Flexibility Under Constraint
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From Neural Network to Silicon

Feed-forward Neural Network

Input Hidden 1 Hidden 2 Output T BaSiC FPGA Elements

activations propagate forward
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Physics-Aware Al-Hardware Co-Design

~ Detector-specific physics goals and constraints
o Triggering and reduction as inference problems
o Generalisable co-design strategy

o Physics-driven inference under hardware constraints

physics + synthesis feedback

-—— e ———
—-— -
- \\

/ \\
- ~
// \\
N
Latency )7 Trigger rate DSP / BRAM Physics
A & bandwidth LUT budget performance
/ e N\ g . '\
- Hardware-aware HLS
Python trainin ) Firmware
—> g —> mappin
Detector task [ model QAT, pruning i prototype | A Deployable
. BT hls4ml / Vivado .
signals, backgrounds | reuse optimisation L ) - inference System
latency, rates ! b g | trigger / reduction
Y \ e A ] -
GA / e \ ! firmware
INT / architecture PSR Custom
BIN search HDL firmware adapted to detector conditions
model structure
- INT forward pass ) \. J s
.
N ,(
Quantisation Sparsity Inductive bias _ Resource reuse
\ P d

~~o -
Il il

-
%G color meets flavor



Joint AI-FPGA Co-Design Activities (FZ) ¢ Siegen)

Auger Radio Self-Trigger (Real- T|me Al Inference)
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o Shared FPGA/AI toolchain

© Joint prototyping and validation
Universitat
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Human Capital

> Joint supervision of student projects

o Cross-site hardware training




Ongoing Activities: Radio Self-Trigger Under Power and Latency
Constraints
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True Positive Rate

Ongoing Activities: Radio Self-Trigger Under Power and Latency

Constraints

Classification performance: Al Trigger vs Threshold-base trigger

Al-trigger gain for weak signals at fixed background rate

Preliminary
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FPGA resource and power comparison: published [1] vs. current hybrid trigger

Design Resource report DSP LUT BRAM Z-7020 dyn. power [W] U250 dyn. power [W]
Published FPGA study [1]  post-synthesis on Z-7020 2119 191243 780 - 5.51
Current design post-implementation on Z-7020 42 22920 50 0.562 0.270

1.0
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—— HGQ/Keras Hybrid Trigger (AUC=0.986)
—== hls4ml Hybrid (AUC=0.987)
—— Raw Peak Trigger (AUC=0.629)
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False Positive Rate

. Significant gain in weak-signal detection with Al-based triggering
: 6 color meets flavor

[11 Q. Dorosti, "Al-enhanced self-triggering for extensive air showers: performance and FPGA feasibility", JINST 20(2025) P10010.
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Ongoing Activities: Hardware-Constrained Learning with Genetic
Algorithms

Start

Initialization Evaluation ——No Selection = Crossover — Mutation - Non-dlffe rentlable 0pt|m|sat|0n prOblem
T o Joint optimisation of:

o FPGA-native discrete inference structures

B o accuracy
o— o sparsity
- /\ - o latency
o resource usage
local max. gradient asc. £ . . . .
o Hardware constraints included during learning
Fitness landscape The 2006 NASA spacecraft antenna.

The FPGA fabric becomes part of the optimisation process itself.
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Ongoing Activities: Online Compression for SiPM Data
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o~ ADC readout flexible but waveforms have

significant data volume

o ldea: Classify ADC data

100 200

o Good: parameterizable - compress

o Bad: electronics noise = count

100 200

o Ugly: double hits, others - send

— reduce data volume

Compare NN approaches [1]:
- Binary NN + Genetic algorithm
128(int7)-32-32-2
- HLS4ML 2DCNN
128-4-6-8-2

BNN+GA his4ml 2DCNN

74 % accuracy 95 % accuracy
16640 weights * 2bit 2696 weights * 8bit

58k LUT + 1.5k FF 186k LUT + 112k FF
no DSP, BRAM 556 DSP, 120 BRAM

10 ns latency 3 ps latency

105 min * 90 cpu train. 2 min * 16 cpu training

[1]I. Bekman, et.al, ,,FPGA-Based Real-Time Waveform Classification®, https://arxiv.org/abs/2511.05479 (also presented at TWEPP 25)
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https://arxiv.org/abs/2511.05479

Active Al-Based Noise Mitigation for Einstein Telescope (ET)

DNN
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Seismic sensor network inference @ - - - 1o - oo _
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Subtract predicted
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Witness sensor data

Ref: Class. Quantum Grav. 40 (2023) 205008 V van Beveren et al
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Summary & Outlook

o Intelligent real-time detector systems under strict hardware constraints
o Al-hardware co-design from model development to deployment

o Low-latency inference and adaptive signal processing on FPGA platforms
o Resource-aware architectures for triggering, filtering, and data reduction

o Transferable methodologies across heterogeneous detector environments

Outlook:
o Radiation-aware Al inference
o Intelligent front-end ASICs
o Shared FPGA/AI infrastructure and workflows

o Toward scalable intelligent detector electronics for future experiments
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Possible IHL Project Directions

1. Neuromorphic / memristor computing

* memristor-based neuromorphic computing

e analog / in-memory Al architectures

e radiation-hard memristor technologies

2. Al inference on FPGA / Intelligent DAQ and edge processing
e low-latency neural networks

e Al triggers / intelligent data reduction

e real-time signal classification

* FPGA-based edge processing

3. Intelligent front-end ASICs

e embedded ML in ASICs

e feature extraction and clustering in front-end electronics

e eFPGA architectures integrated in ASICs for flexible processing
4. FPGA-ASIC co-design

e prototyping algorithms on FPGA and migrating them to ASIC
e hardware-aware ML design flows

e design frameworks for intelligent detector electronics

-‘/"r
“’%6 color meets flavor

5. Radiation-hard intelligent electronics

e rad-hard Al hardware

e fault-tolerant inference architectures

e resilient detector electronics

6. Cologne Chip ecosystem & Sensor—FPGA integration

concepts

e collaboration with the Cologne Chip initiative

e chip design and prototyping infrastructure

* development of application-specific detector electronics

e direct integration of FPGA with sensors

* bump-bonding FPGA or processing ASICs to sensors

e evaluation boards and demonstrator platforms for intelligent
detectors

7. CIPix / in-pixel intelligence

® on-pixel processing

e intelligent sensor architectures

e event-driven pixel detectors
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Physics Discovery Loop:
Detectors, Forward Modelling, and Real-Time Inference

Fundamental physical question \

Forward simulation

defines expectations & selection strategy

Concept shift / refined quest'O/ \

Physics interpretation Tri / earl lecti
constraints on models rlgger ear y selection

\\ irreversible decision

Offline analysis

interpretation of retained data
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Detector input (signal)

Nature
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From physical cause
to observed signal

Discovery is always an inference problem
under incomplete information.




Neural Networks as Dataflow

Top-Tagging Performance: Background Rejection vs Model Size

Feed-forward Neural Network
Input Hidden 1 Hidden 2 Output
activations propagate forward >
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Ref: A. Bogatskiy et. al., NeurIPS 2023, arXiv:2310.16121
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Ongoing Activities: Radio Self-Trigger Under Power and Latency
Constraints

0 Extensive air shower radio pulse (orange) buried in noise (blue)
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o~ Emission: Geomagnetic + Askaryan - nanosecond-scale radio pulse.
o Problem: Noise/RFI dominates - threshold-base self-triggering fails.

~ Solution: Deep learning exploits full pulse morphology.
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Ongoing Activities: Native LUT-Based Neural Inference on FPGA

Concept NN architecure
parameters NeuraLUT-Assemble
NN generation

o Assemble large neurons from small LUT units

T
NN module

o Hierarchical L-LUT structure
Training -
o Skip connections for expressivity parameters Quantization-aware training (QAT)
with structured pruning and retraining
Why It Matters - Chec;(point
o Native FPGA structure (no DSP blocks)
~ Sub-network to \ I ' y
o Ultra-low latency (~2 ns) LLUT conversion [ 17 J—> [T
o Strong area x delay efficiency e
© ldeal for extreme power/latency constraints Vivado
Target FPGA K L-LUT
Target clock | > Synthesisand | _Z 1V T
Pipelining strategy Place & Route ™" »[ P-LUTs }
Bitst!eam

Neural networks designed for FPGA fabric — not mapped onto it
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The Intelligent Hardware Lab

Technical Focus:

© Hardware/software co-design
for advanced Al/ML algorithms
o Automated optimisation
and hardware deployment
o Radiation-tolerant hardware (eFPGAs)

o~ Advanced packaging and integration
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