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  Overview

- Topo-clusters are formed by grouping calorimeter cells with significant energy deposits that are topologically 
connected 
 
- They represent the primary signals used by the calorimeter


- They are calibrated to correctly measure the energy deposited by EM showers 
 
- However, they are not fully corrected for all the energy lost in hadronic showers

Multi-dimensional correlated calibration

Eur. Phys. J. C (2017) 77:490

Eur. Phys. J. C (2017) 77:490

https://link.springer.com/content/pdf/10.1140/epjc/s10052-017-5004-5.pdf
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  Overview

- Standard approach (LCW) 

- 4-step sequence where each step employs cluster features as input to a (binned) look-up table retrieving 

calibration and correction factors 

- Limitations: 1) average factors in multi-dimensional bins do not consider correlations

Limitations:    2) bin boundaries introduce steep transitions 

Limitations:    3) can only be re-applied in full data reprocessing (1-2 times per year) 
 

- Machine learning based approach 

- Regression fit of signal to energy deposited at topo-cluster location using similar features as LCW 

- Preserves (and exploits) correlations and avoids step-like transition (smooth multi-dimensional functions) 

- Can accommodate adaptations, optimizations, and fine-tuning during run year 

- Use of pre-processed information 


The provided calibration is uncertainty-aware 
It does not only calibrate the clusters to the target energy scale, but also provides the per-cluster uncertainty

Eur. Phys. J. C (2017) 77:490

https://link.springer.com/content/pdf/10.1140/epjc/s10052-017-5004-5.pdf


Target: 
    Learn the response                              as a function of a set of observables         sensitive to the energy deposit

  
                is the topo-cluster signal at EM scale (basic signal) (reconstructed detector signal)

                

                is the energy deposited in cells forming the cluster (True deposited energy, in MC only)


Prediction: 
    Successfully trained network predicts response                     per cluster for any phase space point/region  
     
    Final calibration is then applied cluster-by-cluster by:   
 
    Target has better dynamic range than targeting          directly  
     

  Machine Learning: Training Goals
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- The ML based topo-cluster calibration is derived using fully simulated dijet MC events 
    - Realistic Run-2 collision environment with pileup, different processes included (hard scattering, UE, etc.) 
 
- All topo-clusters used are required to:  
     - be part of a calorimeter jet, anti-   jets with 

     - have at least partial real energy signal  
     - Pure pile-up clusters are rejected as they will have               yielding to undefined response 

- Resulting sample has  clusters  
 
 
- Input features: 

kt R = 0.4 pT,jet > 20 GeV, |yjet | < 2.0

14 ⋅ 106
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  Samples and input features

Wide coverage in topo-cluster phase space 


Feature selections is guided by: 

     - Expressiveness for the response  
     - Pile-up sensitivity  
     - Features in data are well modeled in MC  

Mismodeling can lead to uncontrollable effects 
when highly dimensional calibration models are 
applied to data 
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  Models used 

- “Simple” DNN have been studied ATL-PHYS-PUB-2023-019 and can be used as benchmark  
 
- Unlike usual MLPs, Bayesian Neural Networks replace the weights with a weight distribution 


- We do not just learn the response  
 
- The predicted response is then constructed from the N sampled predictions 

 
- Uncertainties can also be derived from the networks. They are divided into two categories:  
        - epistemic or model uncertainties: related to how machines can learn and what cannot be learned (~stat.)  
  
        - aleatoric or data uncertainties: related to the residual level of stochasticity in the data  

           that cannot be mitigated any further (~syst.) 
 
- With sufficiently large training dataset, , and  
 
- This value depends on the presence of: 


1) non-deterministic or stochastic target (noisy data) which is the case of 

2) limited expressiveness of the network (structure uncertainty)

3) non-optimal choices of hyper-parameters (uncertainty in model parameters)


- The uncertainty predictions derived from the weight space sampling (BNN) are validated with a function space 
sampling using Repulsive Ensemble (RE)


- The sampling is implemented in the loss function rather than in the weight distributions

q(θ)

σstat → 0 σsyst → const. > 0

arXiv:1904.10004 [hep-ph]

arXiv:2003.11099 [hep-ph]

arXiv:2206.14831 [hep-ph]

https://cds.cern.ch/record/2866591/files/ATL-PHYS-PUB-2023-019.pdf
https://arxiv.org/abs/1904.10004
https://arxiv.org/abs/2003.11099
https://arxiv.org/abs/2206.14831
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  Results 
Two metrics were used to evaluate the performance 

Signal linearity Local topo-cluster energy resolution

- Across the whole energy spectrum, BNN gives the best result, especially compared to the calibrated LCW 

- It performs the best in the low energy regime


- When comparing the resolution, the BNN tracks changes in the response characteristics well when moving 
   from a shower-based signal formation to ionizations at low energies
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  Results 
Two metrics were used to evaluate the performance 

Signal linearity Local topo-cluster energy resolution

- Calibrations is also environment sensitive with a significant improvement to the resolution 


- Strong indication of pile-up mitigation of clusters signals by ML calibrations
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  Results: more on uncertainties  

- Resulting uncertainty very 
similar to those of BNN  
(10% agreement)  

- Both networks provide near 
identical pulls cluster-by-cluster 
(both methods show no bias in 
their calibrated energy) 

- BNN-uncertainties can also reveal properties of the input data


- Plotting location of clusters with very large calibration uncertainty show they tend to have significant 
energy in the TileGap region (scintillator) 

- Repulsive Ensemble: force ensemble of identically configured networks to not predict same best-fit parameters 
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  Conclusions

- Uncertainty-aware networks not only provide a calibration, but also an uncertainty on prediction  
 
- ML based approach is promising technique for cluster calibration in a realistic collision environment 


- Provides an unbinned and continuous calibration 


- Better performance compared to standard ATLAS approach, especially in the low energy spectrum


- Bayesian neural networks help also derive per-cluster uncertainties which was never done before 


- Networks are also sensitive to, and can pick up, pile-up effects 
 
- Next big task: use uncertainty-aware networks with real data. Exciting times ahead!



Back up
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  Bayesian Neural Network
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  Repulsive ensemble
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  Uncertainties

- With sufficiently large training dataset, , and 


- This value depends on the presence of: 

1) non-deterministic or stochastic target (noisy data) which is the case of 

2) limited expressiveness of the network (structure uncertainty)

3) non-optimal choices of hyper-parameters (uncertainty in model parameters)

σstat → 0 σsyst → const. > 0

arXiv:2003.11099 [hep-ph]

arXiv:2206.14831 [hep-ph]
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