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Where Hardware Pays: Movement and Switching 
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Figure 1.1.7:  Power breakdown of an 8 core server chip. Figure 1.1.8:  Energy efficiency of specialized processing, from [10].

Figure 1.1.9: Rough energy costs for various operations in 45nm 0.9V.
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Figure 4: Two typical situations of 16 2bit-inputs compute-
tree.

Figure 5: Energy consumed under di!erent input patterns.

To further research the phenomenon, tens of thousands of sim-
ulations have been run to obtain a statistical result. We generate
random toggling inputs and static inputs, and change the input
position by gathering all toggling inputs to the one side of the
compute-tree. As shown in Fig. 5, after gathering toggles together,
the energy consumption is signi!cantly decreased. It is worth men-
tioning that the situation with an even number of toggles presents
more energy reduction because it increases the possibility of toggle
cancellation. Toggle cancellation means that the sum remains the
same after toggles (e.g., !"1(10→ 01)+!"2(01→ 10)).

As a result, gathering toggling inputs to one side can lead to
reduction of power consumption. In this paper, we propose the
TrifectaOne method of modifying networks to make the weights
of some channels sparser. As shown in Fig. 6a, on the right side
of the SRAM array, most of the cells store ”0”, which means the
inputs to the compute-tree tend to be “00”, causing fewer toggles.
Thus, the left side of the compute-tree is toggle-intensive, while the
right side is toggle-sparse. Therefore, an AACT circuit is designed
to optimize the toggle-sparse side by approximate adders.

The inputs of the proposed AACT are 16 2-bit numbers. The
toggle-intensive side utilizes a conventional full-precision compute-
tree to sum !"0−7[1:0], while the toggle-sparse side employs ap-
proximate computations for !"8−15[1:0].

As shown in Fig. 6a, in AACT, !"8−15 [1] are summed by two
4-2 compressors at the !rst stage, and the second stage consists of
two approximate 2bit-adders. The !rst two stages are the same
for !"8−15 [0]. At the third stage, the results of !"8−15 [1] and
!"8−15 [0] are combined. Finally, the fourth adder combines the
result of the toggle-intensive side and toggle-sparse side to obtain
the summation.

The diagram and truth table of the 4-2 compressor are shown in
Fig. 6b. It is composed of a 28T full adder and an OR logic gate. The
output of the 4-2 compressor can only be incorrect when #0 = 1,
while it remains correct when #0 = 0. The TrifectaOne method
proposed increases the sparsity of the corresponding channels to
decrease the possibility of error.

Fig. 6c presents the diagram and truth table of the approximate
2bit-adder. It consists of a 14T half-adder and an OR gate. Com-
pared to the traditional 2-bit adder, this approximate adder saves
24 transistors. The approximate adder will produce a data error
only when both inputs of the least signi!cant bit are set to 1. This
error occurs due to the absence of a carry in the least signi!cant
bit addition.

Algorithm 1 Multi-channel weight asymmetric sparsi!ca-
tion.
Input :Four-dimensional tensor$0
Output :Four-dimensional tensor$!
// Split channel

1 if input_channel < 8 then
2 $! =$0;
3 end
4 if input_channel > 8 then
5 split$0 → chunks[N-1:0], N = Quotient of

%&'()_*ℎ,&&-./&_/%0-;
6 end
7 for i = 0 to (N-1) do
8 if %%2 = 1 then // all data in chunks[i]
9 1" = Sign(*ℎ(&2/ [%]), #" = Abs(*ℎ(&2/ [%]);

// Mantissa 3b Approximation
10 -3'0 = #log2 (#" )$, )-4' = 2#$%0, 5" = #" − )-4';
11 -3'1 = #log2 (5" )$, )-4' = )-4' + 2#$%1,

5" = #" − )-4';
12 -3'2 = #log2 (5" )$, )-4' = )-4' + 2#$%2;
13 *ℎ(&2 [%] = )-4' × 1" ;
14 end
15 end
16 Merge chunks on dim = 1,$! equal to merged result;
17 return$!

Although the toggle-intensive side and the toggle-sparse side
utilize di"erent adders, their data length are kept almost the same.
So signals of both sides arrive at the 4th-stage adder almost at
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Ref: Wang et al., ASPDAC 2025 — TRIFP-DCIM, DOI: 10.1145/3658617.3697577Ref: Horowitz, ISSCC 2014, doi:10.1109/ISSCC.2014.6757323

Energy per Operation vs. Memory Access (45nm CMOS) Compute Energy vs. Input Toggle Rate



Compute and Memory Do Not Scale Together
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out the training/serving to multiple accelerators to
avoid the single hardware’s limited memory capacity

and bandwidth. However, distributing the work over
multiple processes also faces the memory wall prob-
lem: the communication bottleneck of moving data
between neural network (NN) accelerators, which is
even slower and less efficient than on-chip data
movement. Similar to the single system memory case,
we have not been able to overcome the technological
challenges to scale the network bandwidth.

Second, even when the model fits within a single
chip, intrachip memory still transfers from/to registers,
Level 2 cache, global memory, etc. are increasingly

FIGURE 1. The scaling of the bandwidth of different generations of interconnections and memory as well as the peak floating-

point operations per second (FLOPS). As can be seen, the bandwidth is increasing very slowly. We are normalizing hardware peak

FLOPS with the R10000 system, as it was used to report the cost of training LeNet-5. DRAM: dynamic random-access memory;

FLOPS: floating-point operations per second; HW: hardware; BW: bandwidth.

FIGURE 2. (a) The evolution of the number of parameters of SOTA models over the years, along with the AI accelerator memory

capacity (green dots). The number of parameters in large transformer models has been exponentially increasing with a factor of

410! every two years, while the single GPU memory has only been scaled at a rate of 2! every two years. The growth rate for the

transformer models is calculated by only considering the nonrecommendation system models (red circles), and the GPU memory

is plotted by dividing the corresponding memory size by six as an approximate upper bound for the largest model that can

be trained with the corresponding capacity. (b) The amount of compute, measured in petaFLOPs, needed to train SOTA models

for different CV, natural language processing (NLP), and speech models along with the different scaling of transformer models

(750! per two years).a PFLOPs: petaFLOPs; SOTA: state-of-the-art; CV: computer vision.

aWe are specifically not including the cost of training
reinforcement learning models in this graph, as the training
cost is mostly related to the simulation environment, and
there is currently no consensus on a standard simulation
environment. Also note that we report the PFLOPs required
to train each model to avoid using any approximation for
hardware deployment utilization, as the latter depends on
the specific library and the hardware used. Finally, all of the
rates in this document have been computed by solving a
linear regression to fit the data shown in each graph.

HOT CHIPS 2023

34 IEEE Micro May/June 2024Authorized licensed use limited to: UB Siegen. Downloaded on February 11,2026 at 10:35:48 UTC from IEEE Xplore.  Restrictions apply. 

Compute scales faster than memory 

transport 

Systems become transport-limited 

Early inference must respect this 

limit



Full Architectural Specialisation (ASIC)
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Ref: L. Le Pottier et. al., arxiv:2502.05097v3

BX BX BX BX BX BX BX BX BX BX · · ·

25 ns

Time (continuous 40MHz bunch crossing stream)

12.5 µs trigger latency → 500 BX

Pixel Matrix

Hit Detection

Time-Stamp

(BX index)

Store time-stamped hits indexed by BX

Depth → 500 BX

12.5 µs / 25 ns → 500 BX
↑ >50% of silicon area

Trigger Accept

Selective Readout

Output Accepted Hits

ITkPixV2: Latency-Driven On-Chip Buffering

Specialisation translates physics constraints into locality.



FPGA/eFPGA: Structured Flexibility Under Constraint
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Ross Freeman (1948–1989); Founder of Xilinx 
M.S. in physics, University of Illinois (1971)



From Neural Network to Silicon
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Feed-forward Neural Network Model Depth vs Accuracy
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Physics-Aware AI–Hardware Co-Design
Detector-specific physics goals and constraints 

Triggering and reduction as inference problems 

Generalisable co-design strategy 

Physics-driven inference under hardware constraints

Detector task
signals, backgrounds

latency, rates

Latency
Trigger rate

& bandwidth

DSP / BRAM

LUT budget

Physics

performance

Python

model

Hardware-aware

training
QAT, pruning

reuse optimisation

HLS

mapping

hls4ml / Vivado

Firmware

prototype

INT /

BIN

model

GA /

architecture

search

INT forward pass

FPGA-native

HDL

structure

Custom

firmware

Quantisation Sparsity Inductive bias Resource reuse

physics + synthesis feedback

Deployable

inference system
trigger / reduction

firmware

adapted to detector conditions
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Joint AI–FPGA Co-Design Activities (FZJ ↔ Siegen)
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Structured Collaboration 

Continuous technical exchange 

Shared FPGA/AI toolchain 

Joint prototyping and validation 

Human Capital 

Joint supervision of student projects 

Cross-site hardware training

Auger Radio Self-Trigger (Real-Time AI Inference)
SHiP – Online Compression for SiPM Data

Einstein Telescope (Active Noise Mitigation)



Ongoing Activities: Radio Self-Trigger Under Power and Latency 
Constraints
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Ongoing Activities: Radio Self-Trigger Under Power and Latency 
Constraints
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[1] Q. Dorosti, "AI-enhanced self-triggering for extensive air showers: performance and FPGA feasibility",  JINST 20(2025) P10010. 

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

Significant gain in weak-signal detection with AI-based triggering

[1]

AI-trigger gain for weak signals at fixed background rateClassification performance: AI Trigger vs Threshold-base trigger 

Preliminary 
Preliminary 



Ongoing Activities: Hardware-Constrained Learning with Genetic 
Algorithms
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FPGA-native discrete inference structures 

Non-differentiable optimisation problem 

Joint optimisation of: 

accuracy 

sparsity 

latency 

resource usage 

Hardware constraints included during learning

The FPGA fabric becomes part of the optimisation process itself.



Ongoing Activities: Online Compression for SiPM Data 
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[1] I. Bekman, et.al, „FPGA-Based Real-Time Waveform Classification“, https://arxiv.org/abs/2511.05479 (also presented at TWEPP 25)

ADC readout flexible but waveforms have 

significant data volume 

Idea: Classify ADC data 

Good: parameterizable   →  compress 

Bad: electronics noise   →  count 

Ugly: double hits, others   →   send 

→  reduce data volume

BNN+GA hls4ml 2DCNN
74 % accuracy 95 % accuracy
16640 weights * 2bit 2696 weights * 8bit
58k LUT + 1.5k FF 
   no DSP, BRAM

186k LUT + 112k FF 
   556 DSP, 120 BRAM

10 ns latency 3 µs latency
105 min * 90 cpu train. 2 min * 16 cpu training

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

https://arxiv.org/abs/2511.05479


Active AI-Based Noise Mitigation for Einstein Telescope (ET)
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Ref: Class. Quantum Grav. 40 (2023) 205008 V van Beveren et al



Summary & Outlook
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Intelligent real-time detector systems under strict hardware constraints 

AI–hardware co-design from model development to deployment 

Low-latency inference and adaptive signal processing on FPGA platforms 

Resource-aware architectures for triggering, filtering, and data reduction 

Transferable methodologies across heterogeneous detector environments 

 

Outlook: 

Radiation-aware AI inference 

Intelligent front-end ASICs 

Shared FPGA/AI infrastructure and workflows 

Toward scalable intelligent detector electronics for future experiments 



Possible IHL Project Directions
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1. Neuromorphic / memristor computing 

• memristor-based neuromorphic computing 

• analog / in-memory AI architectures 

• radiation-hard memristor technologies 

2. AI inference on FPGA / Intelligent DAQ and edge processing 

• low-latency neural networks 

• AI triggers / intelligent data reduction 

• real-time signal classification 

• FPGA-based edge processing 

3. Intelligent front-end ASICs 

• embedded ML in ASICs 

• feature extraction and clustering in front-end electronics 

• eFPGA architectures integrated in ASICs for flexible processing 

4. FPGA–ASIC co-design 

• prototyping algorithms on FPGA and migrating them to ASIC 

• hardware-aware ML design flows 

• design frameworks for intelligent detector electronics 

5. Radiation-hard intelligent electronics 

• rad-hard AI hardware 

• fault-tolerant inference architectures 

• resilient detector electronics 

6. Cologne Chip ecosystem & Sensor–FPGA integration 

concepts 

• collaboration with the Cologne Chip initiative 

• chip design and prototyping infrastructure 

• development of application-specific detector electronics 

• direct integration of FPGA with sensors 

• bump-bonding FPGA or processing ASICs to sensors 

• evaluation boards and demonstrator platforms for intelligent 

detectors 

7. CIPix / in-pixel intelligence 

• on-pixel processing 

• intelligent sensor architectures 

• event-driven pixel detectors



Physics Discovery Loop:  
Detectors, Forward Modelling, and Real-Time Inference

Forward simulation 
defines expectations & selection strategy

Detector input (signal) 
Nature

Trigger / early selection 
irreversible decision

Offline analysis 
interpretation of retained data

Physics interpretation 
constraints on models

Fundamental physical question

Concept shift / refined question

16
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CPPS Center for Particle
Physics Siegen

HEP Experimental
High Energy Physics

From physical cause 
to observed signal

Discovery is always an inference problem 
under incomplete information.
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https://commons.wikimedia.org/wiki/File:An_Illustration_of_The_Allegory_of_the_Cave,_from_Plato’s_Republic.jpg



Neural Networks as Dataflow
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Ref: A. Bogatskiy et. al., NeurIPS 2023, arXiv:2310.16121

Top-Tagging Performance: Background Rejection vs Model Size
Feed-forward Neural Network Model Depth vs Accuracy
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Ongoing Activities: Radio Self-Trigger Under Power and Latency 
Constraints
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Figure 5: Left: Illustration of the geomagnetic radiation mechanism. The arrows denote the direction of linear polarisation in the plane perpendic-
ular to the air shower axis. Irrespective of the observer position, the emission is linearly polarised along the direction given by the Lorentz force,
~v ⇥ ~B (east-west for vertical air showers). Right: Illustration of the charge excess (Askaryan) emission. The arrows illustrate the linear polarisation
with electric field vectors oriented radially with respect to the shower axis. Diagrams have been adapted from [20] and [21].

Figure 7: Illustration of the time-evolution of the electric field vector in the 40-80 MHz frequency band for antennas at 100 m lateral distance to the
north, north-east, east, south-east, south, south-west, west, and north-west (counting clockwise from the top panel) of the impact point of a vertical
1017 eV air shower at the LOPES site. The field is decomposed in components along the direction of the Lorentz force and perpendicular to that.
The map in the center illustrates the total amplitude footprint. Refractive index e↵ects are included. Adapted from [25].

3.4. Forward beaming, coherence and Cherenkov-like

e↵ects

An important factor in the emission physics is coher-
ence. As long as radiation at a given frequency from dif-
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1017 eV air shower at the LOPES site. The field is decomposed in components along the direction of the Lorentz force and perpendicular to that.
The map in the center illustrates the total amplitude footprint. Refractive index e↵ects are included. Adapted from [25].
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Extensive air shower radio pulse (orange) buried in noise (blue)

 Emission: Geomagnetic + Askaryan → nanosecond-scale radio pulse. 

 Problem: Noise/RFI dominates →   threshold-base self-triggering fails.  

 Solution: Deep learning exploits full pulse morphology.



Ongoing Activities: Native LUT-Based Neural Inference on FPGA
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Concept 

Assemble large neurons from small LUT units 

Hierarchical L-LUT structure 

Skip connections for expressivity 

Why It Matters 

Native FPGA structure (no DSP blocks) 

Ultra-low latency (~2 ns) 

Strong area × delay efficiency 

Ideal for extreme power/latency constraints

Neural networks designed for FPGA fabric — not mapped onto it



The Intelligent Hardware Lab
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Technical Focus: 

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

Advanced packaging and integration  


