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Triggers and Machine Learning
In LHC, collisions at 40MHz 
frequency 

Triggers are used to filter the data, 
reducing the data rate

Strict latency constraints

To improve pattern recognition and keep up with 
increasing data rates in the trigger, use ML

Trigger hardware has limited resources

Compress ML models before deployment to HW
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NGT

Collaboration between the 
CERN EP, TH and IT 
Departments and the ATLAS 
and CMS experiments
Use ML to get more physics 
information out of the HL-LHC 
data
T1.3: optimize and compress 
ML models for hardware
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hls4ml
Used to translate trained ML models to optimized HLS code  

Synthesize into FPGA bit stream Run on FPGAs
Easy to use, flexibility for customization
Used at CERN, large community of users at FastML
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ML model compression

- An umbrella term for multiple 
techniques and their subcategories:
- Quantization, pruning, distillation, 

low-rank approximation etc.
- Reduce number of parameters and 

bits used per computation
- During training, post-training
- Constraints by hardware





- A tool to train and optimize compressed 
neural networks for hardware

- No detailed knowledge of ML 
compression methods required

- Model wrapping, training and cleanup is 
automatic

PQuant
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- Compression hyperparameters 
defined by a config file

- Compression layers added with a 
function call

- Compression layers handle the 
pruning and quantization of 
weights and biases before the 
forward pass

Compression layers
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- Different compression methods have 
different training steps: 
- pretraining: quantize 
- training: quantize + prune
- fine-tuning: quantize + prune with fixed 

mask

- PQuant provides a generic training 
function:
- User provides training and validation 

functions, the function handles the 
various steps of the training

Training
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- Implemented 7 different pruning 
mask based methods + an 
optimizer based method

- Some methods also have 
implementations for N:M pruning 
or structured pruning

Pruning methods
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- Use a config file to 
define the 
hyperparameters of the 
compression methods

- Easy to use default 
configs 

Configs
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Enable/disable pruning or quantization



- Use a config file to 
define the 
hyperparameters of the 
compression methods

- Easy to use default 
configs 

- Also fine-grained, more 
detailed control over 
hyperparamaters

Configs
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Disable pruning for certain layers

Different quantization 
bits for different layers

Use HGQ

Default quantization bits



- Pruned and quantized, ~2200 parameters
- 4 bit convolutions + their activations, 8 bit 

dense + their activations
- ~ 70% pruned

Results: SmartPixels
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Pruned only

- Pileup trainer:
- 43.90% remaining parameters 

(137,833 / 313,979)
- Test/auc: 38.71 (40.39) 

Results: LSH-Based Efficient Point Transformer (HEPT)
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Pruned only

- Tracking trainer 60k:
- 51.14% remaining parameters (168,461 

/ 329,400)
- Test accuracy@0.9: 86.44 (91.93)

Note: torch.geometric 
layers are replaced with 
nn.Linear, no dropout in 
skip connection



- Pruned only
- 38.51% remaining parameters
- Accuracy 84.71% (86.1%)

Results: ParT
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Current and near term work

- Interface with hls4ml 
- Hyperparameter optimization 
- PyTorch backend: integrate the FitCompress algorithm that finds 

an optimal configuration of quantization bits and sparsity
- Make first release



Thank you!

Link to repository:
https://github.com/nroope/PQuant

https://github.com/nroope/PQuant

