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Sam’ slides

Data in ATLAS

https://partphys-indico.unige.ch/event/1711/contributions/10342/attachments/2653/4164/MPM_v2.pdf
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(MC) Simulation:

• Unordered set of particles

• w/ labels

Data:

• Unordered set of particles

• wo/ labels

Data in ATLAS



Huge success with ML (only on MC)

• Flavor tagging classifiers ======>

GN2 for flavour tagging:
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Training ML algorithm in ATLAS

https://cds.cern.ch/record/2860610/files/ATL-PHYS-PROC-2023-017.pdf


(MC) Simulation:

Data:
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Reconstruction algorithm
(Classification, cluster etc.)

Training

Reconstruction algorithm
(Classification, cluster etc.)

Evaluate

?

Training ML algorithm in ATLAS
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Issues with training in MC

We see a difference between the MC and data distribution

Comparison between the classification 

distribution between MC and Data



707/04/2025 Malte Algren

Standard calibration

(MC) Simulation:

• Histogram-based density estimation

• 5 bins (and as a function of jet momentum)



Issues with likelihood based calibration
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1. Usually analyses use the log-probability ratio (for b-tagging)

𝐷𝑏 = log
𝑝𝑏

𝑓𝑐𝑝𝑐 + 1 − 𝑓𝑐 𝑝𝑢

2. Only a select number of OP are calibrated

3. SFs (𝜖𝑑𝑎𝑡𝑎/ 𝜖𝑠𝑖𝑚) are derived vs jet 𝑝T and in 𝐷𝑏 

• Issues:

• Discontinuous calibration using ratio

• Expensive to calibrate multiple variables

• Non-unitarity (might alter number of jets)

• More advanced OP might be need



Move events instead of weighting them

Solution: Optimal Transport

• Learn a fully continuous transport map ෠𝑇𝑝𝑇,# 

• That can morph ෠𝑇𝑝𝑇,#𝑝𝑠𝑖𝑚 ≈ 𝑝𝑑𝑎𝑡𝑎

• Restricted to the map that minimize:

Ԧ𝑐 Ԧ𝑥, Ԧ𝑦 = Ԧ𝑥 − ෠𝑇 Ԧ𝑥
2

• Advantages:

• Continuous calibration without histograms

• Scales well to higher dimensions

• Minimum change to existing simulation

• Unitary (Do not alter number of jets)
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Move events instead of weighting them

Solution: Optimal Transport

• Learn a fully continuous transport map ෠𝑇𝑝𝑇,# 

• That can morph ෠𝑇𝑝𝑇,#𝑝𝑠𝑖𝑚 ≈ 𝑝𝑑𝑎𝑡𝑎
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Ԧ𝑐 Ԧ𝑥, Ԧ𝑦 = Ԧ𝑥 − ෠𝑇 Ԧ𝑥
2

• Advantages:

• Continuous calibration without histograms

• Scales well to higher dimensions

• Minimum exist simulation

• Unitary (Do not alter number of jets)
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෠𝑇𝑝𝑇,#

Remarks:

1. We calibrate 𝒑𝒃, 𝒑𝒄, 𝒑𝒖|𝒑𝑻 which allows analyses to use the fully set of tagger outputs

2. What is meant by “Transport”?

෠𝑇𝑝𝑇,#

𝑝𝑏

𝑝𝑐



Quick introduction to Optimal Transport and the Kantorovich duality

• Finding the optimal transport map T̂(x) that satisfies:
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Derive the optimal transport
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Derive the optimal transport
https://arxiv.org/abs/2107.08648

• Use a technique from Chris Pollard & Philipp Windischhofer (https://arxiv.org/abs/2107.08648)

• The transport map ෠𝑇# = 𝛻𝑞𝑔 is found by optimizing two convex function f & g given

𝕃 𝑓, 𝑔 = min𝑓max𝑔 ෍ 𝑓 𝑞𝑑𝑎𝑡𝑎; 𝑝𝑇 + 𝑞𝑠𝑖𝑚 ⋅ 𝛻𝑞𝑔 𝑞𝑠𝑖𝑚; 𝑝𝑇
′ − 𝑓 (𝛻𝑞𝑔 𝑞𝑠𝑖𝑚; 𝑝𝑇

′ , 𝑝𝑇
′ )

• Modern ML have solved this optimization problem by parameterizing 𝑓 & 𝑔 with (P)ICNN 

• GAN similar setup:

• 𝛻𝑥𝑔 𝑥; 𝜃′
 is used as a generator for the calibration

Partially convex neural networks (PICNN)

https://arxiv.org/abs/2107.08648


• Transport maps of the b-jet calibration in ttbar (with a non-b-jets 

applied)
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Results: b-jets calibration



• Transport maps of the b-jet calibration in ttbar (with a non-b-jets 

applied)

• Closure in logit of the probabilities
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Results: b-jets calibration



• Transport maps of the b-jet calibration in ttbar (with a non-b-jets 

applied)

• Closure in logit of the probabilities

• Higher order correlations in 𝐷𝑏
𝐷𝐿1𝑟 and 𝐷𝑐

𝐷𝐿1𝑟 
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Results: b-jets calibration



• Closure as a function of 𝑝T

• b-tagging
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Results: b-jets calibration

60% OP



• Closure as a function of 𝑝T

• b-tagging

• c-tagging
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Results: b-jets calibration
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Decorrelation properties
• If you have a feature space or classification score that is correlated to a protected variable

• Decorrelated scores from gender, race, income etc.

• Decorrelation classification score against invariant mass of jets

• Left figure: The scores change as a function of mass

• Right figure: The correlation to mass is broken
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Backup
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Large Hadron Collider
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Outlook for foundation models

• Calibration in the latent space

• Train in data and finetune in MC

• When to stop the finetune?

• Maybe joint training is the solution
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Calibration

(MC) Simulation:

• For physics analyses, the amount of flavored jets need 

to be know

• However the histogram do not align

• So it cannot be measure in MC

Solution:

• Histogram-based density estimation 

• Reweight the MC histogram into the data one

• Use MC flavors to estimate the data flavors



Events are not assigned a weight, but simulation is morph to align with data
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Calibration of tagging scores
• Reweighting based calibration

• Currently in-use in FTAG

• Use reweighting in 1D

• One calibration for each working point

• Optimal transport based calibration

• Calibrate 𝑝𝑏, 𝑝𝑐 , 𝑝𝑢|𝑝T

• Find a transport ෠𝑇𝑝𝑇,#𝑝𝑠𝑖𝑚( Ԧ𝑞|𝑝𝑇)~𝑝𝑑𝑎𝑡𝑎

• Fully continuous (all WP calibrated)

• “Optimally” = minimal change of ො𝑞



Significant mis-modelling of the non-b-jets

1. Derive non-b-jets calibration in Z+jets region

2. Apply it on the non-b-jets in the ttbar region

3. Derive b-jets calibration in ttbar region

• Transport maps of the non-b-jet calibration in Z+jets
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Results: non-b-jets calibration



Significant mis-modelling of the non-b-jets

• Transport maps of the non-b-jet calibration in Z+jets

• Higher order correlation in 𝐷𝑏
𝐷𝐿1𝑟 and 𝐷𝑐

𝐷𝐿1𝑟
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Results: non-b-jets calibration
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Derive the optimal transport
https://arxiv.org/abs/2107.08648

• Use a technique from Chris Pollard & Philipp Windischhofer (https://arxiv.org/abs/2107.08648)

• The transport map ෠𝑇# = 𝛻𝑞𝑔 is found by optimizing two convex function f & g given

𝕃 𝑓, 𝑔 = min𝑓max𝑔 ෍ 𝑓 𝑞𝑑𝑎𝑡𝑎; 𝑝𝑇 + 𝑞𝑠𝑖𝑚 ⋅ 𝛻𝑞𝑔 𝑞𝑠𝑖𝑚; 𝑝𝑇
′ − 𝑓 (𝛻𝑞𝑔 𝑞𝑠𝑖𝑚; 𝑝𝑇

′ , 𝑝𝑇
′ )

• f & g are parameterized by partially input convex neural networks (convex in q but not in pT)

• Gradient descent is used to optimize 𝕃 𝑓, 𝑔  

Partially convex neural networks (PICNN)

https://arxiv.org/abs/2107.08648
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