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SuSpect3: program used to compute,
from SUSY parameters, SUSY and
Higgs particle spectrum in
unconstrained MSSM, and in
constrained models (cMSSMSs) such
as minimal Supergravity (NSUGRA),
gauge mediated (GMSB) and anomaly
mediated (AMSB) Supersymmetry
breaking scenarii.
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MSSM: Standard procedure
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Use Higgs mass as a fundamental
parameter

Data from suspect, seed 1

SuSpect: computes SUSY and Higgs particle spectrum 125.09 GeV |
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Problems to solve: _

* FP algorithm needs good precision; Our job!!
currently uses polynomial degree 4 to <
determine seed with 20% precision

* Increasing the seed precision should
improve the convergence properties
of the FP algorithm; currently often
fails!!
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Need of a new way to find the seeds,
with greater precision!
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* https://lwww.researchgate.net/figure/llustration-of-a-fixed-point-algorithm-in-1-D_fig3_224597290



Find A: seeds: Procedure
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Normalizing Flow?

We have a d-dimensional target space X and its unknown distribution px, and a d-dimensional latent space Z
with an “easy” known distribution pz (often either gaussian of uniform). For x sampled from px (unknown), a
normalizing flow models a bijective function f going from X to Z: z = f(x).

Imitial sample from N(O, 1) After layer 1 After layer 2 After layer 3 *

Once the NF is trained, we can use 2
modes:

- the forward mode, that lets us
evaluate the target distribution px
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After layer 4
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- the inverse mode, that lets us
sample x using a sample z from p;

* https://indico.kit.edu/event/2852/contributions/11174/attachments/5810/8976/flows_lecture.C.Krause.pdf



Forward mode

If we have 2 distributions px and pz, from spaces X
and Z, and if we have a transformation f sending
from X to Z (normalizing flow), then we can Once NF has given us f(x), it's easy
compute px: to compute px(X).

oo ()]

px(r) = pz (f (ﬂ?))

* https://openreview.net/pdf?id=HkpbnH9Ix



Example

Example of usage for our purpose: We wish to predict
the probability distribution of A: in target space given a
certain Higgs mass, and all other parameters are fixed.

NF: forvard mode
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Mgy

Presentation of the NF ensemble

False and true solutions are very
similar, and thus often difficult to
discriminate.

Having an ensemble can help!

Probability distribution for model n°1
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Probability distribution for model n°5
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Here we used 3 models: 2 is not
robust enough, while 4 is already too
much for only a proof a concept
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Solution Searching Algorithm

A peak-searching algorithm won’t work because of the 90 GeV spike
resulting in several spikes around the solution at those energies.

Another approach is to find the regions of interest (ROI) in the probability
distribution, find the mean and standard deviation for A; in each region,
and plot the results.
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Kullback-Lelbler Divergence

To discriminate true solutions and false solutions, we'll
do some ensembling, meaning we compare the three
models to see if they invent data or if the solution is

predicted correctly.

To do that, we use the Kullback-Leibler divergence,
which is a formula to compute "distance" between two
probability densities:

DKL [:P || Q) — _ P{ﬂ:) lng

* https://en.wikipedia.org/wiki/Kullback%E2%80%93Leibler_divergence
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Solutions found without
discrimination

Found solutions for A, p>1-1073

1301 ..

125 A

120 4

1154

T T T T T T T T T
—8000 —-6000 —4000 -2000 0 2000 4000 6000 8000

Is there a solution?

D« < 10000

140
135
130
125 1
120 -

115 o ey

If a solution exists,
Is it real?

100 < D« < 10000

Found solutions for A;, p>1-107>, Dy < 10000

«  Suspect

-+ Solutions found

- Solutions found
Solutions found

T T T T T T T T T
—8000 —-6000 —4000 —2000 0 2000 4000 6000 8000

At

Found solutions for A;, p>1-1073, 100 > Dy, > 10000, sample size 100000

140 4

mp

135 ~

130 A

120 4

115 4

Solutions found after
discrimination

Suspect
- Spolutions found
______ - Splutions found
------ Solutions found

T T T T T T T T T
—8000 —-6000 —4000 -2000 0 2000 4000 6000 8000

At

12



Found solutions for A;, p>1-107°, 100 <Dy < 10000, sample size 100000
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What now?

Solution Searching Algorithm seems to work fine, but needs
further testing:

* Compatibility C++ Python
* Parameter space full exploration

* |ntegration to SuSpect for first real tests: Is it already
orecise enough for fixed point algorithm?

14



Thank you for your
attention!
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Inverse mode

The main property of f is that it's invertible, so we can pass through the NF
backwards to compute an effective sample from X using z sampled from pz.

Inverse NF

16
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