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1. Introduction

An application of Machine Learning Technology to particle physics theory

a ) a )
A proposed theory: :
: . . s » | Experimental data
simple, high predictability » .,
“Beauty” fails to explain . Truth )

Extension with additional d.o.f reconcile

“beauty is lost”

e How much the original beauty is lost?

e What are “Good” parameter sets to conform the original Beauty?



1. Introduction

Matchev, Matcheva, Ramond & Verner (PLB 856 (2024) 138941) shows
ML techniques can be usefully applied to handle this type of problem,
based on their analysis for the flavor sector of the Standard Model

“Distance” between “beauty” and “extension,”
and find “Good” parameter sets to conform
the original beauty

1: Most beautiful w/o experimental data
2: Most beautiful while reconciling the data
3. Less beautiful while reconciling the data

Machine Learning Tech: “Distance” = Loss function (L)
Optimization (minimization) of L

Our work: we apply this idea to the flavor sector of
the supersymmetric SU(5) Grand Unified Model



2. SUSY SU(5) GUT

Standard Model (SM): best theory in particle physics as of today

Minimal Supersymmetric extension of the SM (MSSM)

e alleviates the gauge hierarchy problem of the SM

e provides the origin of Electroweak Symmetry Breaking
e provides a dark matter candidate (neutralino/gravitino)
e suggests Grand Unification paradigm

Withm =1 — 10TeV,
gauge coupling unification
at M, =2 x 10'°GeV




2. SUSY SU(5) GUT

Minimal SUSY SU(5) GUT: Most Beautiful (Beauty)

Gauge group: SU(5) D SU(3), x SU(2), x U(1),

Matter multiplets: [Fg|™ = [

[Flo]mn —

Higgs multiplets: H; D H,
Hyy

By (H,4) = vy diag(2, 2, 2, — 3, — 3), GUT symmetry is broken:
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SU(5) = SU(3), x SU(2), x U(1),



3. SUSY SU(5) GUT - Flavor Sector -

GUT mass relation
WD - yzd[FZ] [F{O]mn[H5]n

— y’?ju e [F{O]mn [F{O]pq [ Hzl,

T T
Vu Vd
H) = O, & H;) = _aO
o ( ﬁ) i (ﬁ >

L, =—uMu—dM,d—eM'e

mass

Wrong mass relation prediction:@@ = MdT)

RG extrapolation to My, (in GeV):
m., (M) = 0.000502, me.(My) = 0.251, m(My) = 97.7,

(md( My) = 0.000769, ms(My) =0.0157,  my(My) = 0.922, )

me(My) = 0.000324, mu(My) = 0.0685, m,(My) = 1.17,




3. SUSY SU(5) GUT - Flavor Sector -

“Beauty” N ( “Truth” )
The Minimal SUSY SU(5) GUT . . Experimental data
fails to explain

l (down-type quark & charged-
lepton mass spectrum)

Two well-known extensions
“45-Extension” by Georgi & Jarlskog, PLB 86 (1979) 297

e Introduction of 45-plet Higgs (Hgs D H), + H))
e New mass contribution from new H VEVs

Was = y 2 [FL™ [F{o]np[Hag)?

m

“24-Extension” by Ellis & Gaillard, PLB 88 (1979) 315

e Introduction of higher dim. OP with H,,
e New mass contribution from (H,,)

Way O FsHyp byt



4. Numerical exploration

( 45-Extension ) 4 24-Extension )
Mg = Ms + Mys, Mg = Ms 247
T T AT T
" 1 ) 4 1 A
My = (3M,+ M) M; = = (3M, +2M, )
Mys =~ (M, - M" My, = - (M, — M])
_ 45_1( a = M) Y sy e

Closeness to the minimal SU(5) = smallness of M5 or M, relative to M5

We define the loss function as unitary transformation invariant form:

;o |det Mis| | det(Mq — M) Loy = | det Maq| _ | det(Mq — M)
7 ldet Ms| | det(3My + MT) [det Ms|  [det(3My +2MT)
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4. Numerical exploration

Strategy

1. RG analysis to extrapolate quark & charged lepton masses and
CKM matrix at M{;, and use them as inputs

2. Parametrization
Diagonal basis of M, & M,

-
Mg = My(My)

_ eia?o ei($1>\3+x2>\8) VCKM(MU) Dd(MU)

. < 67:(333>\3+$4)\8)R(x5’ Tg, L7, 568) 6%(339)\34-:1310)\8).)

Here, R is a CKM-like 3 x 3 unitary matrix with
3 angles (xs, x¢, Xg) and 1 CP-phase (x-)

Loss function optimization with total 11 free-parameters (angles)
9



4. Numerical exploration

3. Sampling and Optimization
Sampling: randomly sampling initial values for O < x; < 2x

Optimization: optimize the loss function for iteration steps IV,

Statistics: Repeating Sampling & Optimization, collect N,,,.,;,, samples
to observe the minimized loss function values and the optimized
configurations of x.s

10



5. Numerical results

Loss function

10-1—; B — Las
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Behavior of the loss function ™
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[ H24

Distribution of the loss
function values after

optimization for N;,, = 10°
Nyampre = 1000 samples are

collected for each model

10°°
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6. Conclusion

e We have investigated the flavor sector of the SUSY SU(5) GUT model

e The minimal SU(5) (Beauty) predicts fermion masses that disagree with
the observed values (Truth)

e Two well-known extensions (45 & 24) have been considered

e Introducing the loss function, we have applied the ML techniques to
optimize it.

e We have found that 24-Extension gives smaller values of loss function

after optimization

12
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Backup slides
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45-Higgs model

—

24-Higgs model
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FIG. 3. Example of the evolution of the eleven parameters x;, i =0,2,...,10 in the optimisation process. The darkest blue

lines represent the initial random values of the parameters (Nier = 0), and the brightest yellow lines represent the parameter
conbguration at Nier = 1,000, after which the change of the parameter values is found to be small. The lines in-between show
parameter conbgurations at an interval of 10 iteration steps. The left and the right panels show the results for the 45-Higgs
and 24-Higgs model, starting with a same initial parameter conbguration. The parameters of the two models are seen to evolve
di! erently, toward di ! erent optimised conbgurations.
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45 Higgs model, 100/1000 samples

24 Higgs model, 100/1000 samples
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FIG. 4. Conbgurations of the eleven parameters x;, i = 0, 4a#0 after optimisation. The case of the 45-Higgs model is shown

on the left and that of the 24-Higgs model is shown on the right. Each panel displays 100 samples that give rise to the smallest
10% of the optimised loss function values, out of 1000 samples. Darker lines indicate smaller values of the optimised loss
function.
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