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Data rates at the LHC

Compact Muon Solenoid 
(CMS)  Pixel detector

~Raw O(TB/s)

YouTube’s total average 
streaming data rate* 

 ~O(TB/s)

*Very rough estimate, YouTube streams ~60B hrs/year 
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CMS phase 3 & beyond

● Even worse at a future colliders like FCC-hh or a Muon collider (beam 
induced background)

●  100µm x 25 µm → 50µm x 12.5 µm
  Current pitch              Future pitch

FCC-hh PU= 4x
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Muon Collider:

At 4x smaller pitch, how much can we 
refine readout on-pixel with ML?



Enter Smartpixels!

Smartpixels is an on-pixel, ML based, pre-trigger data 
refinement implementation for pixel detector ROCs.

● Filtering and regression of track parameters from a single silicon layer
● Extreme-edge implementation targeting future collider experiments

SmartPix ROC 
bonded to pixel 

Digital NN
Analog readout

Predictions:
- High vs. low pt?

- Hit position

- Track angle

Pixel array charge 
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L1 Trigger
@ 40 MHz



Smartpixels Datasets
Incident pion kinematics taken from real CMS data. 
Sensor charge collection simulated with PixelAV.

●  16x16 pixel array
● 50µm x 12.5µm pixel pitch
●  20 timesteps (200ps appart)
● Subset available on Zenodo
● 500k-4M events/dataset

Dataset production work by Danush Shekar, Morris Swartz Weiss – FastML 7
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https://fastmachinelearning.org/smart-pixels/#data


Filtering algorithm 

Classifies high vs low momentum particles 
with  ~0.2 GeV threshold 

● 13x21 pixel array with  2-bit quantization on 
front end charge

● Dense network trained on y-projection of 
charge cluster  images

● 4 Bit quantization of weights & biases

Credit:  Jieun Yoo et al 2024.  https://doi.org/10.1088/2632-2153/ad6a00

input (14) <2> 
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Filtering algorithm performance 

Credit: Danush Shekar, Jennet Dickinson

Retrainable to endure irradiation:

% %

Multiple geometries (0.2 GeV thresh.):
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Regression algorithm

Infers particle track parameters (position 
& angle) from a single silicon layer

● 2 time slices of 16x16 charge cluster 
images [2-bit input quantization]

● 2 Convolutional layers with pooling 
fed into dense network  
[8 bit network quantization]

● Predicting variable and uncertainty
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NeurIPS paper: https://arxiv.org/pdf/2312.11676



Regression Alg. design space exploration

Current work to reduce 
model size for hardware 
implementation (<0.2 mm2)

● On ASIC, generally:
  Conv2D>Conv1D>Dense

● Performance is similar 
for compressed models!

● Synthesis estimates 
coming soon…

Reducing # of operations

Figures by Jennet Dickinson
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Regression on a realistic FE

Regression performance degrades 
significantly with nominal front end noise. 
Potential solutions:

● 5σ threshold (anticipated)
● Smoothing with average pooling
● Denoising Autoencoder.

Dovetails with quantization optimization:

● Allow keras to optimize charge intervals 
during training

Noise studies by Ben Weiss & Alec Cauper
Soft quantization work by Arghya Das & Shiqi Kuang
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ASIC synthesis
Established pipeline to translate quantized 
python level model to RTL design

● hls4ml converts QKeras model to C++
● Catapult HLS converts C++ to RTL
● Estimates model footprint (mm2), power 

consumption
● Feedback for python optmization

Balancing performance, area, power

Full precision 
Python model

QKeras: 
quantized 

model

hls4ml: 
C++

CatapultHLS:
RTL design Tapeout!

Credit: Giuseppe Di Guglielmo
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New Prototype SmartPixels ROIC 
Newest Smartpixels TSMC 28 nm chip hosts 
per-pixel charge injection and programmable 
network for classifier.

● 2 sets of 8x32 pixel arrays (2 ADC vers.)
● ADC+DNN consumes ~6 µW/pixel @ 40 MS/s 

Credit: Benjamin Parpillon,  Anthony Badea Weiss – FastML 14

Spec. Value Units

Parameters 4652 w+b

DNN+ADC  area ~0.2 mm2

Total area ~1.6 mm2

Clock frequency 40 MHz

Latency 50 ns

1m
mADC v1

ADC v2



FPGA based setup to communicate 
with the smartpixels ROIC
● Spacely+Caribou+Peary to convert 

python test routines into bitstreams

ASIC on eval. 
board

Chip testing efforts

Test routines developed to measure:

● Power consumption
● Pixel S-curves 
● DNN programing/

predictions on chip

Credit: Benjamin Parpillon,  Anthony Badea
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Future trajectory for Smartpixels:
This was a whirlwind tour of Smartpixels, much more in the works!

● Physics impact studies

● ROI expert algorithm

● Tapeout of regression algorithm chip!

● Training on real readout charge clusters

● Test beam of Smartpixels chips

● Real irradiation retainability

● Analog input for new architectures 
like MAPS
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Conclusions

Smartpixels is an on-ASIC, ML based, particle-track data compression 
implementation for pixel detector ROCs.

● Data rates will render current triggering schemes unviable for future collider 
experiments

● Algorithms to filter and regress track parameters from a single silicon layer

○ Current compressing these algorithms and adding realism

● Synthesizing ASIC logic design for tapeout

● First results from filtering algorithm on chip!
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Regression Alg. design space exploration

Current development to 
reduce model size for 
hardware implementation

● On ASIC, generally:
  Conv2D>Conv1D>Dense

Reducing # of operations
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Varying pT Threshold
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Regression ROIC synthesis estimates
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