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Learning to bin: differentiable approach for multi-
dimensional discriminants in high-energy physics

Learning to bin (Eur. Phys. J. C 86, 1014 (2026))
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https://link.springer.com/article/10.1140/epjc/s10052-026-16255-1
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Overview
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• Typical HEP analysis workflow deals with many collision events  
 Only a small subset contributes significantly to the measurement sensitivity


• We categorize events to optimize the sensitivity to a signal 
 Popular choice is to assign each event to the class with the largest multi-class 

score (using ‘argmax’) and bin equidistantly in 1D


• Inference-aware methods such as INFERNO, Wunsch et al., and neos optimize 
learned summary statistics for the final inference task


• We present a method to directly optimize signal significance in multi-dimensional 
discriminants using differentiable approach 

 Learning to bin (Eur. Phys. J. C 86, 1014 (2026))


• Algorithms shared as Python package, lightweight plugin for analyses: 
gato-hep (Gradient-based cATegorization Optimizer) available on PyPI, GitHub 

 Built on TensorFlow’s automatic differentiation

→

→

→

→

https://www.sciencedirect.com/science/article/pii/S0010465519301948?via=ihub
https://link.springer.com/article/10.1007/s41781-020-00049-5
https://iopscience.iop.org/article/10.1088/1742-6596/2438/1/012105
https://link.springer.com/article/10.1140/epjc/s10052-026-16255-1
https://gato-hep.readthedocs.io/en/latest/
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Method: one-dimensional case
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• Straightforward to replace non-differentiable cuts with sigmoids 


• Multiple sigmoid functions can be combined to calculate weight for 
each bin 

 Event with observable  and N bins (boundaries ),  
the category membership weights are defined as: 
          

• The signal significance can be calculated as a function of the 
boundaries 

 Using asymptotic significance: 

  (G. Cowan et al, 1007.1727)

→ x e1,...,N−1

wi(x) = σ(k(x − ei−1)) − σ(k(x − ei))

→

ZA = 2[(S + B)ln(1 +
S
B ) − S]

https://arxiv.org/abs/1007.1727
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Method: multi-dimensional binning
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• In multi-dimensional categorization problems (e.g. multi-classifier output or multiple 1D 
observables), more flexible solutions can be obtained using a Gaussian Mixture Model (GMM) 

 Cuts are not restricted to be rectangular


• Define  Gaussians in -dimensional space, one per bin : 

                                         


• The binning is performed such that an event is assigned to the component with the largest 
score  

                                      
 Learnable mean:   
 Learnable covariance:  
 Learnable mixture weight: 

→

N d k

sk(x)

→ μk
→ Σk
→ πk
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Optimization and inference
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• Optimization: the key is differentiable approximation


• Obtained by replacing hard assignment with temperature scaled softmax of  

                                 
 Each bin carries a fraction of each event


• Temperature  controls level of approximation: 
  gives hard assignment


• Inference:


• Event is assigned to the component with the largest score 

sk(x)

→
T

T → 0

sk(x)
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Toy dataset
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• Toy events are sampled from multivariate normal distribution 
                                       

 Each process has specific means  and a common covariance matrix


• One-dimensional case: consider one signal + combined background 
 Build signal-to-background likelihood ratio and normalize to 


• Three-dimensional case: consider two signal + combined background 
 Build softmax-like scores with three outputs summing to 1

𝒩(μi, Σ)
→ μi

→ [0,1]

→

Binary classifier

Σ = diag(1,1,1) + 0.2 (1 − diag(1,1,1))

Three-class classifier
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Results: binary classifier
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Gradient based method performs significantly better 
compared to equidistant binning

Bayesian Optimization of Bin boundaRies (BOBR) also available as a package: bobr-hep

Training curve

Optimized bins

https://github.com/nitishkumarkv/bobr-hep


Nitish Kumar (IIIA RWTH Aachen) ML4Jets 2026

Results: three dimensional case
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K-means method: S. Diekmann et al.

https://www.epj-conferences.org/articles/epjconf/abs/2024/05/epjconf_chep2024_06005/epjconf_chep2024_06005.html
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Penalties during optimization
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• We use penalties to discourage bins with zero expected 
background yield or large statistical uncertainty


• Low background yield penalty: 

              


• Large relative background statistical uncertainty 
penalty: 

              

Low background yield penalty of one event

Low background yield penalty of ten events
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Performance on realistic dataset

10

• We also studied the performance on realistic FAIR universe 
 public dataset


• A multi-classifier is trained to distinguish  (signal) 
from background processes ,  and diboson ( )


• Bins are optimized to improve the significance of  
signal


• GATO models with GMM parameterization achieve the 
highest significance for all the considered bin counts

H → ττ

H → ττ
Z → ττ tt̄ VV

H → ττ

https://arxiv.org/pdf/2410.02867
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Summary
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• Novel approach to differentiable multidimensional binning optimization 
based on Gaussian Mixture Models: Learning to bin (Eur. Phys. J. C 86, 
1014 (2026)) 

 Can also be used as a piece in fully differentiable analysis 
pipeline


• We presented optimization for signal significance 
 Objective could also be any function of signal and background yields 
 Systematic effects could be included with a differentiable inference-

aware objective that accounts for nuisance parameters 

• gato-hep shared as Python package, lightweight plugin for analyses

→

→
→

https://link.springer.com/article/10.1140/epjc/s10052-026-16255-1
https://link.springer.com/article/10.1140/epjc/s10052-026-16255-1
https://link.springer.com/article/10.1140/epjc/s10052-026-16255-1
https://link.springer.com/article/10.1140/epjc/s10052-026-16255-1
https://gato-hep.readthedocs.io/en/latest/
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Toy dataset
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• Each physics process  (signals and backgrounds) is represented as three-
dimensional feature vector


• Toy events are sampled from multivariate normal distribution  
                                       

 Each process has specific means  and a common covariance matrix


• The total background likelihood for an events is: 
      


• For 1D: 

       


• For 3D: 

       

i

𝒩(μi, Σ)
→ μi

pbkg.(X) = ∑
i∈{bkg. 1,…,bkg. 5}

σi

∑j∈{bkg. 1,…,bkg. 5} σj
𝒩(X ∣ μi, Σ)

L(X) =
psig. 1(X)
pbkg.(X)

, D(X) =
L(X)

1 + L(X)
∈ [0,1]

Sk(X) =
pk(X)

psig. 1(X) + psig. 2(X) + pbkg.(X)
,

Σ = diag(1,1,1) + 0.2 (1 − diag(1,1,1))
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Optimized GMM bins for three dimensional case
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Penalties for large relative background uncertainty
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Relative background uncertainty of 50% Relative background uncertainty of 10%


