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Ideas for

ML based unfolding

AI4EIC

Based on 2210.00019, 2105.09923, 2109.13243, 2006.06685, 1911.09107

https://arxiv.org/abs/2210.00019
https://arxiv.org/abs/2105.09923
https://arxiv.org/abs/2109.13243
https://arxiv.org/abs/2006.06685
https://arxiv.org/abs/1911.09107


A biased view on LHC physics
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Setting

• Large Hadron Collider at CERN

• Proton collisions at 13 TeV

• Huge dataset 1Pb/s before trigger selection
∼

Goal

• Understand full dataset from 1st principles

• Precision measurements of the SM

• Find signs of new physics (eg dark matter)


How to get from data to theory with differential cross section measurements?
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Inverting the simulation chain

Unfolding 



Inverting the simulation chain

detectors EventsQCDscattering decay fragmentationshowerTheory

forward

inverse

Unfolding

detector

effects

Parameter inference

MEM

Inverting to parton level

Requirements High dimensional

Bin independent

Statistically well defined
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Why? Compare unfolded data to theory 

Compare experiments with each other


Enable use by theorists  global analyses→



Why unbinned?
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• Inference-aware binning
• Currently: A priori bin choice 

 not optimal for post hoc analyses 

• Derivative measurements
• Given measurement of 

 enable post-hoc measurement of 

• Extension to higher dimensions
• Understand correlations [jet  vs ]
• ML-based unfolding extendable to many dimensions 

→

x0, …, xn

→ f(x0, …, xn)

pT η

• Example: Jet measurements
• Currently up to 3D measurements 

 CMS dijet: 
• Challenging to go higher

→ paverage
T , y * ,yb



ML unfolding methods

Classifier based aproach

Output: reweighted distribution of MC events


Density based approach

Output: probability density per unfolded event


VAE  alternative:

OTUS by J. N. Howard et al.[2101.08944]


GAN+classifier: 

MLEG by Y.Alanazi, et al. [2008.03151]

M. Arratia et al. [2109.13243]
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High-dimensional & bin independent

https://arxiv.org/abs/2109.13243


Classifier based approach
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Step 1: 
Reweight Sim. to Data

Step 2: 
Reweight Gen.

M. Arratia et al. [2109.13243]
7

Classifier based aproach

Output: reweighted distribution of MC events


Density based approach

Output: probability density per unfolded event


VAE  alternative:

OTUS by J. N. Howard et al.[2101.08944]


GAN+classifier: 

MLEG by Y.Alanazi, et al. [2008.03151]

For more details check out the tutorial!

https://arxiv.org/abs/2109.13243


ML unfolding methods

M. Arratia et al. [2109.13243]
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High-dimensional & bin independent

Classifier based aproach

Output: reweighted distribution of MC events


Density based approach

Output: probability density per unfolded event


VAE  alternative:

OTUS by J. N. Howard et al.[2101.08944]


GAN+classifier: 

MLEG by Y.Alanazi, et al. [2008.03151]

https://arxiv.org/abs/2109.13243


Normalizing flows
Invertible networks for complex transformations

ℒ = log p(θ |x)
= log p(z |θ) + log JNN + p(θ)

+ Bijective mapping

+ Tractable Jacobian 

+ Fast evaluation in both direction

→ px(x) = pz(z) ⋅ JNN

Training on samples 

 Maximize the log-likelihood

x
→

Training

Evaluation
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cINN unfolding

Probability distribution

x ∼ Pparton

 Reconstructed objects ← xdet

Normal distribution

z ∼ 𝒩

Training

Unfolding

cINN

Given a reconstructed event: 
What is the probability distribution at particle level? 
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ℒ = log p(θ |xpart, xdet)
= log p(z(x) |θ) + log JNN + p(θ)



Inverting inclusive distributions
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 ISR  2/3/4 jet eventspp > WZ > qq̄l+l−+ →

M. Bellagente et al. [2006.06685]

11

https://arxiv.org/abs/2006.06685


Event-wise unfolding
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Check calibration of probability density for individual event unfolding

 High-dimensional

 Bin-independent

 Statistically well defined 

M. Bellagente et al. [2006.06685]
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https://arxiv.org/abs/2006.06685


General challenges along the way
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• Unbinned acceptance & background subtraction
• Classifier based: reweighting with negative weights
• Density based: Learn difference between full and background distribution

• Large local weight fluctuations
• Assign constant weight within local phase space patch 
• Store local average weight squared 

• Uncertainties
• Vary aspect of simulation and repeat unfolding procedure 
• Closure tests to estimate bias of pprocedure 
→ Nothing conceptually new wrt. standard unfolding 
→ Control challenging in high-dimensional approach 

w̃ = ⟨w2 |x ∼ xi⟩



How to published unfolded data?
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1. Submission file
• Yaml [HEPData]

2. Data file 

3. Optional (but recommended)
• Network architecture (ONNX) + weights

(1 + nuncert.) × (ndim + 2) × nsamples

and fitted parameters. A second approach would be to publish data sampled from the

unbinned result. This second approach is more general as not all methods produce a

fitted function (see Sec. 3) and therefore it is the baseline for our proposal. However, we

strongly encourage publishing any other representation as well, including neural network

architectures (with fitted weights and biases) which can be used to either generate new

samples (Sec. 3.1.1) or reweight new samples (Sec. 3.1.2).

The proposal is to have two files: (1) a submission file, which has the same format as

the submission YAML file used for HEPData and (2) a data file for each measurement.

We encourage analyzers to include a default binning with the corresponding histogram

contents for easy comparison and validation. The location of the data files are in the

submission file. Note that a given analysis may include multiple measurements; also a

given measurement could have multiple dimensions and from it, multiple observables could

be constructed. Suppose that a given measurement has k-dimensions per event. Further

suppose that there are N events sampled from the unfolded result and there are M sys-

tematic uncertainties. Then, the data files for the measurement will be a matrix of size

(M +1)⇥ (k+2)⇥N . A common block is repeated for the nominal and all uncertainties.

This block has N columns and k + 2 rows. The first k rows are simply the values of the

observable ~xi 2 Rk. The next row encodes per-event weights and the last row encodes

the per-event statistical uncertainty. In most cases, the per-event statistical uncertainty

will simply be the per-event weight squared, but it need not be the case (see Sec. 4). The

structure of this block is illustrated below, for an algorithm that does not use event weights

(top) and one that does not (bottom):

Example: density-based approach (no event-weights)

~x1, ~x2, ..., ~xN
1, 1, ..., 1

1, 1, ..., 1

Example: classifier-based approach

~x1, ~x2, ..., ~xN
w1, w2, ... , wN

w2
1, w

2
2, ... , w

2
N

Note that the above tables are represented as one event per column to fit on the page,

but we envision that actually each event will be represented as a row (the transpose of the

above tables). Furthermore, for classifier-based methods, for systematic variations that use

the same particle-level events, but with di↵erent detector-level events or di↵erent weights,

it could be possible to use the same feature list with a di↵erent set of unfolded weights for

each uncertainty. In this case, only (k+2+ 2M)⇥N numbers are required (or even fewer

if the local uncertainty is w2).

– 10 –



Matrix element method is based on untractable likelihood


Problem: integration over full phase space of the hard scattering


Solution: Use unfolding cINN to sample xhard

Beyond unfolding: Enabling the MEM

15

2210.00019

Single Higgs production 

with anomalous  non-CP conserving Higgs coupling 


https://arxiv.org/abs/2210.00019


Outlook
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Unbinned measurements allow for higher flexibility 
 analysis dependent bin optimization 

 derivative measurements 
 high dimensional 

Several possible solutions, eg. classifier or density based

First proposal how to publish unbinned measurements 
Format: event + weights + local weight uncertainty 

github: ramonpeter/UnbinnedMeasurements 

Future: Better unfolding enables better analyses like MEM

→
→

→


