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BSM Physics

New physics (NP) models are 'Physics Inspired’

Standard Model (SM) prvides highly accurate npérimentally
validated predictions.

NP models have limited parameter space available.

Assessing the statistical cons1stency of new phys1cs modelsils
critical.




Sampling High-Dimensional Space

Curse of Dimensionality: Space Volume grw exponﬁy.
Makes uniform sampling expensive.

Sparse Data Distribution: Have most points far from each other

Complex Landscapes: Often have iple
local minima, complicating efficient eX[

Computational Cost: Evaluating functlons or modelsfor hlgh—
dimensional inputs 1s resource-intensive.
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Nested Sampling

Nested Sampling 1s a powerful
algorithm for calculating Bayesian
Evidence and exploring posterior

distributions.




Nested Sampling

Simultaneous Z calculation for model coparson and Aeter
inference, unlike classical MCMC.

Effective in multi-modal problems sampling entlre prlor space,
capturing all modes.

Self-tuning with minimal monitoring, easy application to new
obroblems.

Parallelizable: Combine runs for hlgher prec1s1on addressmg —
MCMC limitations.




Nested Sampling vs MCMC Results

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

Choose estimate of Initialize volume .
. (X =1) Sample 7y, points
compression factor : ! N
T integral from the prior
L= e (Z = 0)
Calculate I* (the ] Draw new point Estimate integral
minimum [, of all from prior with &
live points) J value L
[ Contract volume Z=&+LX
. , , , , — = - 7
Repeat until stopping criteria satisfied l X=tX (L = avg. Likelihood {:
of live points ) ;

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




Extremely Time
Inefficient

Nested Sampling

Choose estimate uf] Initialize volume ]

compression factor (X =1), Sample Ny DY
. . J integral J from the gflor
= & B4

(Z =0)
v

Calculate [,* (the ] Draw new point =+ L'AX Estimate integral
minimum [, of all from prior with with Z
live points) J value L AX =(1-t)X

[ Contract volume Z=Z+LX

Repeat until stopping criteria satisfied l X=tX (L = avg. Likelihood ¢
of live points )

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




Generative Algorithms

Algorithms that generate new data samples resemliﬁ en
dataset, such as images, text, or audio.

Examples: Variational Autoencoders (VAESs), Generatlve
Adversarial Networks (GANs and D1ffus1on Models.

Applications: Image synthesis, text generatlon drug discovery,
and data augmentation.

Challenges Balancing realism and dlver51tycomputat10nal cost
and mitigating biases in generated outputs.




Normalizing Flows

Class of generative models that
transform simple probability
distributions 1nto complex ones
using a sequence of invertible and
differentiable mappings.




Normalizing Flows

zo ~ po(Zo) z; ~ pi(2;) zg ~ Pk (2K) |

| https://ankurdhuriya.medium.com/




Normalizing Flows
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Real Non-Volume

Preserving NF
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ML-Assisted NS

Generated
Data

(Lpea = L)

R. Baruah, S. Mondal, S.K. Patra, S.Roy
[2501.16432 [hep-ph]]
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How do we make use of it?

Likelihood Calculation 1s a Time Inefticient task.

We sample a training dataset consisting of parameters,
observables, and chi-square values.

Train the generative algorithm to learn the distribution of the
dataset.

Durmg Nested Sampling, we can samplrom thlS new Learned
Distribution rather than the prior.
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How do we make use of it? B¢

& Apply ML-NS to difterent models to

get the posterior and the Evidence, |
for a common set of observables. |
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How do we make use of it? E

We analyze two models. The triplet extension of SM(Type-II
Seesaw) and Type-I Two Hi os Doublet Model

Although not similar models, but statistical complexity 1s the same. |

The common set of observables a“ﬁ159 observables from 22
Measurements implemented in H,_g_’hstools w

BTl 5 o e N
s

Find the posterior. Calculate the Evidences.




Type-11 Seesaw Model

/

V(H,A) = —m%H H + =(H H)* + MaTr(ATA) + [p(H o ATH) + h.c.]

M (HTH)Tr(ATA) + M(TrATA)? + \sTr(ATA)? + MHTAATH

Why did the neuttin o a

tino briga Higgs triplet i
:l: :h;n:ﬂa;;:ou,l,sds? |:’Beca\use it needed &

Extends the SM by introducing a scalar triplet %o balance its tiny mass?

i
llllllll

7 independent parameters, including the triplet

VEV (V1)




Typ e-II S ees aW R. Baruah, S. Mondal, S.K.Patra, S.Roy

[2501.16432 [hep-ph]]
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R. Baruah, S. Mondal, S.K. Patra, S.Roy
2501.16432 [hep-ph]]




Type-11 Seesaw

R. Baruah, S. Mondal, S.K. Patra, S.Roy
[2501.16432 [hep-ph]]
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THDM (Type-I)

V= m%l(q)Iq)l) + mgg(ﬂl?*;(lig) —miy (‘I)I‘I’E + q’gq”l)

A A
+ 5 (@181)° + TH(@582)° + Aa(]01)(@502)

As
+ Ag (@] Do) (B 21) + 7‘[(‘1’-’[‘1’2)2 + (®]P1)?)

Extends the SM by introducing a scalar doublet,
with a Z, symmetry

Yukawa Couplings: All three sectors are coupled
with CI)Z



THDM (Type-I)
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Bayes' Factor

log(B,,) =logZ, - logZ,
Z =% L(X) AX, L = Likelihood

Nested Sampling, by definition calculates Z.

ML-NS also calculates the accurate Z.
ML used for predictions, but NS done on the truth values.




Jettreys' Scale

log(B,,)

~0.5-1.0
~1-2.5
>2.5,<35.0
>5.0

Decisive Evidence

over model 2

Very weak evidence
Substantial Evidence
Strong Evidence
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Results

log(Zry55) =-390.14 £ 0.10

102(Z o) = -389.48 + 0.08

THDM-I 1s ever so slightly preferred over the Type-II Seesaw Model,
but "evidence" 1s not strong, given this set of observables.




Conclusion

Sampling BSM spaces with high-dimensional parameter spaces 1s
difficult.

ML-assisted NS, not only builds the posterior, but also calculates
the Evidence in a practical time scale.

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.
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Markov Chain Monte Carlo

Sample a point from the prior distribution.
If the likelihood 1s higher than previous point, Accept.

If the likelihood is lower, randomly Accept the point.
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2404.02698 [hep-ph]

RC(CSZ)



Nested Sampling Result

2404.02698 [hep-ph]
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Extra Slide 3
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600 | | | | ; |

' 5 5 3 5 3 5 115000

- : : | : | : : .§

L : DJ
400} - =

| 110000 §
200 15000

ol 0

0 20 40 60 S0 100 120
Time (hrs)




Extra Slide 3

(RNVP-SF) + HB
(68% CL)

o (PDG, 2024)
o (PDG, 2022)

my (PDG)[GeV]
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