
MATTHEW DRNEVICH

MULTIDIMENSIONAL 
BACKGROUND SYSTEMATIC 
ESTIMATIONS (CARL)

Neural (Quasi-)Probabilistic Likelihood Ratio 
Estimation

Matthew Drnevich & Stephen Jiggins



2

Particle Physics ML
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Simulation-Based Inference
We have data sampled from a physics model determined by some parameters

and we want to infer the physical parameters that our data describes implicitly

with only access to simulation/generative models

How can we construct meaningful statistical models and perform hypothesis 
testing?

The likelihood-ratio test is the most powerful (Neyman-Pearson lemma)
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Likelihood Ratio Tests
Likelihood ratio tests are state-of-the-art and currently employed by analyses

But can we do this in a continuous, multivariate way?

• We can try to model the densities:

• Or we can try to model the ratio:

The reference value can be somewhat arbitrary since

So how do we estimate the ratio?



Neural Likelihood Ratio Estimation



1. Start with a neural network

2. Choose some loss functional

3. Find the minimum using gradient descent

4. The optimal function is related to the density ratio through some transformation

subject to certain conditions (see [arxiv:2512.19913])

General Setup

Typically a classifier

https://arxiv.org/abs/2512.19913


Loss Functions

[2305.10500] Learning Likelihood Ratios with Neural Network Classifiers

https://arxiv.org/abs/2305.10500


Classification Loss



CARL Models

[1506.02169] Approximating Likelihood Ratios with Calibrated Discriminative Classifiers

https://arxiv.org/abs/1506.02169


“Mining Gold”
What if we can extract additional information from the simulator?

Often we have access to the probabilities/ratios 

defined on some latent space, e.g. parton-level

These can be used to compute auxiliary quantities 

The joint ratio

The joint score

This information can be used to improve the loss functions

[1805.12244] Mining gold from implicit models to improve likelihood-free inference

https://arxiv.org/abs/1805.12244
https://arxiv.org/abs/1805.12244
https://arxiv.org/abs/1805.12244


ALICE Loss
Return to the classification loss function, but don’t use 
class labels – use the joint ratio instead

Then replace the expectation over y with z

where

This leads to improved performance due to reduced variance

[1808.00973] Likelihood-free inference with an improved cross-entropy estimator

https://arxiv.org/abs/1808.00973
https://arxiv.org/abs/1808.00973
https://arxiv.org/abs/1808.00973
https://arxiv.org/abs/1808.00973
https://arxiv.org/abs/1808.00973


ALICES Loss
Take the ALICE loss and add regression on the score,
which adds local differential behavior to the learning

This can further improve the sample efficiency of 
learning

[1808.00973] Likelihood-free inference with an improved cross-entropy estimator

https://arxiv.org/abs/1808.00973
https://arxiv.org/abs/1808.00973
https://arxiv.org/abs/1808.00973
https://arxiv.org/abs/1808.00973
https://arxiv.org/abs/1808.00973


Overview

*There are many more methods not mentioned here, but see the linked papers on previous slides



Negative Weights



Negative Weights

In practice, models trained on negatively-weighted data can 
struggle with convergence

Some physics samples can have a large proportion of negatively weighted 
events!
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Where’s the Problem?



Overview of the Problem
Monte Carlo data often includes negatively weighted events
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Explicit BSM QFT:
Exact theoretical extension of 

the SM with new BSM physics. 

E.g. 2HDMs or MSSM

Effective Field 

Theory:
Effective interaction vertices of 

unknown form can extend the 

SM (SMEFT) that introduces 

physics at some new scale Λ: 

Monte Carlo 

estimates of SM σ’s:
Merging/matching of 𝓜n and 

𝓜n+1 matrix elements from MC 

estimates of p-p collision; e.g. 

MC@NLO subtraction method

arXiv:2204.1304
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arXiv:2404.18986

https://arxiv.org/abs/2204.13045
https://arxiv.org/abs/2204.13045
https://arxiv.org/abs/2404.18986


Overview of the Problem
Monte Carlo data often includes negatively weighted events
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arXiv:2404.18986
Can we develop new machine learning 

techniques to safely train on negatively 

weighted samples?

https://arxiv.org/abs/2204.13045
https://arxiv.org/abs/2204.13045
https://arxiv.org/abs/2404.18986


Neural Quasiprobabilistic Density Ratio 
Estimation
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Classical Limitations
Toy Model Demonstration



Solution 1: Extending CARL
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A New Loss Function: REVERT

[2512.19913] Quasiprobabilistic Density Ratio Estimation with a Reverse Engineered Classification Loss Function

CLASSIFIER

https://arxiv.org/abs/2512.19913
https://arxiv.org/abs/2512.19913
https://arxiv.org/abs/2512.19913


Solution 2: Ratio of Signed Mixtures 
Model



Breaking up the Learning Task

24
[arxiv:2410.10216] Neural Quasiprobabilistic Likelihood Ratio Estimation with Negatively Weighted Data

https://arxiv.org/abs/2410.10216


Breaking up the Learning Task
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[arxiv:2410.10216] Neural Quasiprobabilistic Likelihood Ratio Estimation with Negatively Weighted Data

https://arxiv.org/abs/2410.10216


Breaking up the Learning Task
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[arxiv:2410.10216] Neural Quasiprobabilistic Likelihood Ratio Estimation with Negatively Weighted Data

https://arxiv.org/abs/2410.10216


Ratio of Signed Mixtures Model (RoSMM)

27[arxiv:2410.10216] Neural Quasiprobabilistic Likelihood Ratio Estimation with Negatively Weighted Data

https://arxiv.org/abs/2410.10216


RoSMM Models
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[arxiv:2410.10216] Neural Quasiprobabilistic Likelihood Ratio Estimation with Negatively Weighted Data

https://arxiv.org/abs/2410.10216
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Improved Performance vs Variance

[arxiv:2410.10216]

https://arxiv.org/abs/2410.10216
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Which Approach Should I Use?

Solution 1 – New Loss/Classifier Solution 2 – RoSMM

Can learn probabilistic density 

ratios?

Yes Yes

Can learn quasiprobabilistic 

density ratios?

Yes Yes

Model Complexity One classifier Two or four classifiers 

trained separately

Data requirements None Enough negatively weighted 

events to train a model

Variance No change Reduced



Applications



32[arxiv:2404.18986] Search for heavy neutral Higgs bosons decaying into a top quark pair…

Search for 

https://arxiv.org/abs/2404.18986
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SBI with Explicit Interference
Consider a toy analogue of the previous setup example, where background, signal, 
and signal+interference are each described separately

this goes negative!
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SBI with Explicit Interference
Choose a signal strength of 𝜇 = 1.2
and 𝜎𝑆/𝜎𝐵 ≈ 1/1600

For inference, generate:

• 9995240 background events

• 653 signal events

• 4105 signal + interference events
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SBI with Explicit Interference
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SBI with Explicit Interference
Look at the confidence intervals on μ
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SUMMARY

● Introduced neural likelihood ratio estimation 

methods and demonstrated their limitations

● Extended neural classification-based density ratio 

estimation to be compatible with quasiprobability 
distributions [2512.19913] 

● Developed a new model architecture for density 

ratio estimation that leverages negative weights to 
reduce the model training variance [arxiv:2410.10216] 

● Applied to modelling BSM distributions with 
explicit interference (see my thesis)

● Demonstrated SBI with explicit interference 

modeling on a toy dataset

S. JigginsM. Drnevich

J. KatzyK. Cranmer

https://arxiv.org/abs/2512.19913
https://arxiv.org/abs/2410.10216


THANK YOU



BACKUP
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Quasiprobabilities & Quantum Physics

By J S Lundeen at English Wikipedia - Transferred from en.wikipedia to Commons by Premeditated Chaos using 

CommonsHelper., Public Domain, https://commons.wikimedia.org/w/index.php?curid=18682510
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Quasiprobabilities & Quantum Physics

By J S Lundeen at English Wikipedia - Transferred from en.wikipedia to Commons by Premeditated Chaos using 

CommonsHelper., Public Domain, https://commons.wikimedia.org/w/index.php?curid=18682510

“It is usual to suppose that, since the probabilities of events must be positive, a theory which 
gives negative numbers for such quantities must be absurd … By discussing a number of 

examples, I hope to show that they are entirely rational of course, and that their use simplifies 
calculation and thought in a number of applications.” 

- Richard Feynman, Negative Probability https://cds.cern.ch/record/154856

https://cds.cern.ch/record/154856


● Data is generated using Powheg + Pythia

● Classifying/reweighting between 

Standard Model and SM + EFT

● The truncation chosen has a 

quasiprobability distribution
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SMEFT: gg→hh
WE USE THIS TRUNCATION

FOR THE ALTERNATIVE/TARGET

[arXiv:2204.13045]

https://arxiv.org/pdf/2204.13045.pdf
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SMEFT: gg→hh at NLO
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SMEFT RESULTS
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CAUTIONARY NOTE

[arxiv:2410.10216] Neural Quasiprobabilistic Likelihood Ratio Estimation with Negatively Weighted Data

https://arxiv.org/abs/2410.10216

	Slide 1: MULTIDIMENSIONAL BACKGROUND SYSTEMATIC ESTIMATIONS (CARL)
	Slide 2: Particle Physics ↔ ML
	Slide 3: Simulation-Based Inference
	Slide 4: Likelihood Ratio Tests
	Slide 5: Neural Likelihood Ratio Estimation
	Slide 6: General Setup
	Slide 7: Loss Functions
	Slide 8: Classification Loss
	Slide 9: CARL Models
	Slide 10: “Mining Gold”
	Slide 11: ALICE Loss
	Slide 12: ALICES Loss
	Slide 13: Overview
	Slide 14: Negative Weights
	Slide 15: Negative Weights
	Slide 16: Where’s the Problem?
	Slide 17: Overview of the Problem
	Slide 18: Overview of the Problem
	Slide 19: Neural Quasiprobabilistic Density Ratio Estimation
	Slide 20: Classical Limitations
	Slide 21: Solution 1: Extending CARL
	Slide 22: A New Loss Function: REVERT
	Slide 23: Solution 2: Ratio of Signed Mixtures Model
	Slide 24: Breaking up the Learning Task
	Slide 25: Breaking up the Learning Task
	Slide 26: Breaking up the Learning Task
	Slide 27: Ratio of Signed Mixtures Model (RoSMM)
	Slide 28: RoSMM Models
	Slide 29: Improved Performance vs Variance
	Slide 30: Which Approach Should I Use?
	Slide 31: Applications
	Slide 32: Search for 
	Slide 33
	Slide 34
	Slide 35: SBI with Explicit Interference
	Slide 36
	Slide 37: SUMMARY
	Slide 38: THANK YOU
	Slide 39: BACKUP
	Slide 40: Quasiprobabilities & Quantum Physics
	Slide 41: Quasiprobabilities & Quantum Physics
	Slide 42: SMEFT: gg→hh
	Slide 43: SMEFT: gg→hh at NLO
	Slide 44: SMEFT RESULTS
	Slide 45: CAUTIONARY NOTE

