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Introduction
• Object identification (Called PID in this work) algorithms are extensively used to isolate objects of interest from backgrounds


• Mismodeling of PID input variables propagates to its output, which can lead to large systematic uncertainties in analyses 


• In this work, we study two ML methods for correcting ECAL shower-shape and isolation variables in real collision data


• Both methods are compared, highlighting their complementarity
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(ECAL crystal grid)  Used as a source of pure EM showersZ → ee
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How can we correct the PID mismodeling?

N MC

Data
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• Objective: Achieve better PID output modeling  

• How? By correcting the input variables for the PID
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Reweighting vs feature morphing

Reweighting: Feature morphing:

X

Class 0
Class 1

N

Transform via X → f(X)Assign  to each objectw(X)
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Samples and selection
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• Events from  decays selected with the Tag-and-Probe method are used to train the models 

• Probe candidates are used to derive the corrections for the variables of  interest

Z → ee

Pure sample of EM showers, with a background contribution of 0.1% (inclusive) and only 1% in the tails of distributions 



The methods
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Mismodeling
• The goal is to derive a calibration for shower shapes and isolations ( ) conditioned on the kinematics ( ) 

• The kinematics  are defined by the object  and event  (average energy density) 

• The kinematics mismodeling is propagated to the shape/Isolation 

• Sources: detector (material budget, radiation damage) and kinematics (missing higher-order terms, pile-up mismodeling) 

• Even with a perfect detector model, kinematic mismodeling alone would still cause data/MC disagreement 

• We want to decouple such mismodelings and correct only the  mismodeling

xs xk

xk pT, η, ϕ ρ

xs

7

Shower shapes are correlated with the object pT
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The reweighting method 

Results

Positive weight sample
(train + validation)

Mixed weight sample
(train + validation)

S1 model S1 model

S2 model

Mixed weight sample
(test)

Training Evaluation

• We decouple the mismodelings with a two-stage approach  

• For the reweighting, we aim to learn   

• One can use ML models trained with BCE Loss and the likelihood trick to learn 
such weights (Andreassen and Nachman, 2019)

pdata(xs |xk)/pMC(xs |xk)
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w(xs, xk) =
f(xs, xk)

1 − f(xs, xk)
≈

pdata(xs, xk)
pMC(xs, xk)

=
pdata(xs |xk)pdata(xk)
pMC(xs |xk)pMC(xk)

• Stage 1 is trained to match the kinematics and learn  

• Stage 2 then isolates the desired  

• Both stages have separate models for the barrel (EB), negative-z (EE-) and 
positive-z (EE+) end-cap regions 

• In this work, BDTs are trained with the ICENET (Zenodo link) package 

pdata(xk)/pMC(xk)

pdata(xs |xk)/pMC(xs |xk)

https://zenodo.org/records/20926595
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Kinematic non-distortion

• Stage 1/2 training do not guarantee kinematic non-distortion, as weights are global  

• Regions/variables with larger mismodeling need larger weights → can skew kinematics 

• Fix: add a sliced Wasserstein loss (Rabin et al., 2011 | Bonneel et al. 2015) to Stage 2  
 

• It was found that 500 slices with 500k simulated events provided a stable estimation of 

→ Ltot = LwBCE + β ⋅ RSWD

RSWD
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Kinematic non-distortion

In regions where the mismodeling is larger, the loss in statistical power is also larger

• Stage 1/2 training do not guarantee kinematic non-distortion, as weights are global  

• Regions/variables with larger mismodeling need larger weights → can skew kinematics 

• Fix: add a sliced Wasserstein loss (Rabin et al., 2011 | Bonneel et al. 2015) to Stage 2  
 

• It was found that 500 slices with 500k simulated events provided a stable estimation of 

→ Ltot = LwBCE + β ⋅ RSWD

RSWD
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The One Flow method

(Daumann et al. 2024)

• Normalising flows are generative models that map a “target” (our MC/Data) distribution into a “base” (Gaussian) distribution  

• One flow method (Daumann et al. 2024) leverages normalising flows capability of learning multivariate distributions 

• The model is trained with simulation and data events, where it is conditioned on the type of event (boolean) 

• The One Flow transformations are also conditioned on the kinematics (not changed by the model) 

• S1 BDT is also used to align kinematics before the flow training 

• Models are trained in PyTorch with the Zuko library (Zenodo link) 
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https://link.springer.com/article/10.1007/s41781-024-00125-0
https://link.springer.com/article/10.1007/s41781-024-00125-0
https://zenodo.org/records/10571785


The performance of the methods
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Performance of the methods
• Great improvement in the marginal distributions for both methods 

• Discontinuous (Isolations) distributions typically lead generative models to underperform 

• The flow method uses a scale-and-smooth procedure (C.Daumann et all, 2024) 

• Reweighting uses a Gaussian noise scheduler for isolation features
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Sum of transverse energy 
in the ECAL, falling inside a 

 cone. ΔR < 0.3

Ratio of ECAL crystal 
energy sum in 2x2 to 

energy in 5x5 windows.

Spike at zero, a gap, then a continuous tail from 
detector thresholds
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Correlation matrices 
HCAL related Isolations are not included in the reweighting method due to a large initial disagreement
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Nominal MC Reweighting method Flows method

The plots show the difference (%) between the variables Pearson correlation coeficients for each method
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ID distributions

Excellent agreement for both methods in all detector regions
15

Barrel Positive-z Endcap Negative-z Endcap 
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Summary of the methods

Feature Reweighting Flows
Continuous (unbinned) corrections ✅ ✅

Model trained on full feature space simultaneously (no binning / quantiles) ✅ ✅

Preserves physical invariances amongst features  ✅ ❌

Propagating corrections through derived features e.g ID ✅ ❌

Kinematic invariance guaranteed ❌ ✅

Sample normalisation guaranteed ❌ ✅

Is robust to zero count in MC and non-zero count in data? ❌ ✅

Is robust to zero count in unphysical regions? ✅ ❌
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• Presented two classes of methods for simulation corrections at CMS 

• Both methods are simple to implement and train, and both improve the data/simulation agreement 

• ID agreement at the order  in a wide phase space  

• One flow already in use by CMS (JHEP 09 (2025) 070 | 2022  measurement) 

• Increasingly important, as more analyses become systematics-dominated at HL-LHC

𝒪(1%)

H → γγ

Conclusions
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For more details, check out the paper  [arXiv: 2609.15377]→

https://arxiv.org/abs/2609.15377
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Backup slides

18



C. Daumann (RWTH Aachen University) Shower shape calibration at the CMS experiment ML4Jets 2026

Corrections in different regions
• The performance of the correction methods in different  regions is studiedxk

19



C. Daumann (RWTH Aachen University) Shower shape calibration at the CMS experiment ML4Jets 2026

Ratio between HCal and ECal deposited energy
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Shower shapes ( )S4
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Isolation variables
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• Discontinuous distributions typically lead to poor performance in generative models 

• The flow method uses a scale-and-smooth procedure; reweighting uses a Gaussian noise scheduler for isolation features
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Photon Identification in CMS
• Main background: non-prompt  from meson decays in jets


• Main high-level features:


• Shower shapes: Are the energy deposits in the calorimeters compatible with photons?


• Isolation variables: Is there a lot of activity around the photon?

γ

23



C. Daumann (RWTH Aachen University) Shower shape calibration at the CMS experiment ML4Jets 2026

Photon Identification in CMS

24
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Pre-processing and treatment of discontinuous variables
• Discontinuous distributions typically lead to poor performance in generative models 

• The flow method uses a scale-and-smooth procedure; reweighting uses a Gaussian noise scheduler for isolation features 

• Due to a 2022 power/cooling issue, ~7% of ECAL channels in EE+ were disabled 

• Data/MC boundaries are sometimes misaligned; not possible to reweight empty regions; (noise scheduler improves performance)
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Tag and Probe selection 
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• Tag and probe to obtain an unbiased sample of probe electrons using HiggsDNA workflow


• Select pairs of electrons from  events, reconstructed as photons (single electron trigger, ECAL-only, no track)

• Trigger path: “HLT_Ele30_WPTight_Gsf”


•  preselection + Electron veto

• Probe selection:   


•  GeV, , 

• Tag selection: 


•  , pixel seed, tighter charged iso requirements

• Tag-and-probe pair are gen-matched to Z boson decay in MC


Z → ee

H → γγ

pT > 25 |ηSC | < 2.5 mvaID > − 0.9

pT > 40 GeV, mvaID > 0

https://higgs-dna.readthedocs.io/en/latest/index.html#
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Size of the flow corrections
• Normalizing flows transformations preserve quantiles


• Ensures that variables remain close to their initial value


• Larger shifts observed for strongly mismodeled variables


• Largest corrections are found for HoE
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• Larger data–simulation discrepancies imply larger correction factors


• Highly mismodeled observables (e.g. HoE, HCal isolation) excluded from reweighting


• The resulting weights are generally close to one, preserving sample statistical power

The size of the reweighting 

EE- EB EE+
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RW method- implementation
• Multidimensional optimization, best model along the Pareto Front


• Optimized wrt. Effective Sample Size, Sum of  in kinematic features, ID  


• S1 and S2 are BDTs trained in IceBoost framework


• S1 model takes 1-2 hours and S2 takes 6-10 in NVIDIA Tesla V100 GPUs

χ2 χ2
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Paper
Rε =

ε(S1 × S2)
ε(S1)

ε =
(∑i wi)2

∑i w2
i

https://github.com/mieskolainen/icenet/tree/master

