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Standard 
Model of 
Particle 
Physics

Robust Theory of Elementary Particle Physics

But an incomplete theory

Cannot explain Neutrino Masses, Dark Matter ….

Statistical Tensions in the Flavour Sector e.g. R(D) - 

R(D*)

New Observations in Scalar Sector(although not 

statistically significant at the moment) e.g. 95.4 GeV excess
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New 
Physics 
Particles

Z' Particle

W' Particle

Heavy Neutrinos

Light Scalars

Heavy Scalars

Vector-Like Quarks

LeptoQuarks

To name a few......
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New 
Physics 
Models

Z' U(1) Extension, B-L models, 3-3-1 Models

W' SU(2) x U(1) Extension, 3-3-1 Models

Heavy 
Neutrinos

Seesaw Models, Scalar Extensions

Scalars Triplet Extensions, THDMs, Singlet Extensions

Vector-like 
Quarks

3-3-1 Model, Composite Higgs etc.

LeptoQuarks Scalar LeptoQuarks, Vector LeptoQuarks
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BSM Physics

New physics (NP) models are 'Physics Inspired'

Standard Model (SM) provides highly accurate and experimentally 

validated predictions.

NP models have limited parameter space available.

Assessing the statistical consistency of new physics models is 

critical.
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Sampling High-Dimensional Space

Curse of Dimensionality: Space Volume grows exponentially. 

Makes uniform sampling expensive.

Sparse Data Distribution:  Have most points far from each other

Complex Landscapes: Often have multiple 

local minima, complicating efficient exploration.

Computational Cost: Evaluating functions or models for high-

dimensional inputs is resource-intensive.
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Posterior Distribution

Likelihood Function

Prior Distribution

Evidence

Bayes' Theorem
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Nested Sampling

Nested Sampling is a powerful 

algorithm for calculating Bayesian 

Evidence and exploring posterior 

distributions.
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Nested Sampling

Simultaneous Z calculation for model comparison and parameter 

inference, unlike classical MCMC.

Effective in multi-modal problems, sampling entire prior space, 

capturing all modes.

Self-tuning with minimal monitoring, easy application to new 

problems.

Parallelizable: Combine runs for higher precision, addressing 

MCMC limitations.

10



11

R. Baruah, S. Mondal et. al. 2404.02698 [hep-ph]

Nested Sampling vs MCMC Results



Nested Sampling
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Nested Sampling
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Nested Sampling Extremely Time 

Inefficient
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Generative Algorithms

Algorithms that generate new data samples resembling a given 

dataset, such as images, text, or audio.

Applications: Image synthesis, text generation, drug discovery, 

and data augmentation.

Challenges: Balancing realism and diversity, computational cost, 

and mitigating biases in generated outputs.

Examples: Variational Autoencoders (VAEs), Generative 

Adversarial Networks (GANs), and Diffusion Models.
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Normalizing Flows

Class of generative models that 

transform simple probability 

distributions into complex ones 

using a sequence of invertible and 

differentiable mappings.
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Normalizing Flows

https://ankurdhuriya.medium.com/
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Normalizing Flows

1904.12072[hep-lat]
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Real Non-Volume 

Preserving NF
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ML-Assisted NS
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How do we make use of it?

Likelihood Calculation is a Time Inefficient task.

Train the generative algorithm to learn the distribution of the 

dataset.

During Nested Sampling, we can sample from this new Learned 

Distribution rather than the prior.

We sample a training dataset consisting of parameters, 

observables, and chi-square values.
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How do we make use of it?
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Apply ML-NS to different models to 

get the posterior and  the Evidence, 

for a common set of observables.



How do we make use of it?
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We analyze two models. The triplet extension of SM(Type-II 

Seesaw) and Type-I Two Higgs Doublet Model

The common set of observables are the 159 observables from 22 

Measurements implemented in HiggsTools with 4 EWPOs.

Although not similar models, but statistical complexity is the same.

Find the posterior. Calculate the Evidences. 



Type-II Seesaw Model

Extends the SM by introducing a scalar triplet

7 independent parameters, including the triplet 

VEV (VT)
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Type-II Seesaw
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Type-II Seesaw
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Type-II Seesaw
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THDM (Type-I)

Extends the SM by introducing a scalar doublet, 

with a Z2 symmetry

Yukawa Couplings: All three sectors are coupled 

with ϕ2

28

7 independent parameters, including tan(β) = v2/v1



THDM (Type-I)
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Bayes' Factor

log(B12) = logZ1  -  logZ2

Nested Sampling, by definition calculates Z.

ML-NS also calculates the accurate Z. 

ML used for predictions, but NS done on the truth values.

Z = Σ L(X) ΔX , L = Likelihood
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Jeffreys' Scale
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log(B12) Strength of evidence for model 1 

over model 2

~0.5 - 1.0 Very weak evidence

~1-2.5 Substantial Evidence

>2.5, < 5.0 Strong Evidence

>5.0 Decisive Evidence



Results

log(ZT2SS) = -390.14 ± 0.10

log(B12) = 0.66 ±0.13

THDM-I is ever so slightly preferred over the Type-II Seesaw Model, 

but "evidence" is not strong, given this  set of observables.

log(ZTHDM-I) = -389.48 ± 0.08
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Conclusion

Sampling BSM spaces with high-dimensional parameter spaces is 

difficult.

Using generative algorithms to assist NS makes the algorithm 

faster allowing us to calculate the evidence for a model.

Physically similar models can now be tested against a common set 

of data.

ML-assisted NS, not only builds the posterior, but also calculates 

the Evidence in a practical time scale.
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Computation Time
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Markov Chain Monte Carlo

Sample a point from the prior distribution.

If the likelihood is higher than previous point, Accept.

If the likelihood is lower, randomly Accept the point.

36



MCMC

2404.02698 [hep-ph]
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Nested Sampling Result

2404.02698 [hep-ph]
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