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INTRODUCTION

* Truth: the model fits the existing experimental data
— A measurement of an observable O places a constraint on the
model parameters p, (dashed line)
* Beauty: a subjective criterion influenced by personal
preferences, community views, etc.
— We consider examples where beauty can be quantified (z-axis)

 Examples of theory models:
— 1: beautiful and wrong
— 2: beautiful and true
— 3:ugly and true
— 4: ugly and wrong

See Nobu’s talk “Truth, Beauty and Goodness in
Grand Unification: a ML Approach” at 2:15 today.




QUARK SECTOR

* Lagrangian and mass matrices M in interaction-eigenstate basis
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* Change of basis, mass matrix diagonalization
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 Mass matrices M’ in the mass-eigenstate basis are diagonal:
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ENFORCING THE TRUTH

* Observables: quark masses at the top mass scale

my, (MeV)  mg (MeV) m. (GeV) ms (MeV) my (GeV) my (GeV)

+0.28 +0.28 +0.01 +4.79 +0.02 +0.28
1227055 276557, 05975 D271 59 2.75 001 162.9755

* Solve explicitly and use the quark masses as inputs
M,=UlM K,  My=UM, KdJ

* Observables: CKM matrix, Jarlskog invariant J I_Jexp = (3.087013) x 10-5‘

0.97435 4+ 0.00016 0.22500 £ 0.00067 0.00369 4+ 0.00011
Vorm.ew| = | 0.22486 fﬁ 0.00067 0.97342 +0.00016 0.04182i§;§%%%%%31
0.00857 ¢ 00018 0.0410Z 09072 0.999118 %y 000036

* Introduce terms in the loss function penalizing the mismatch
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BEAUTY = UNIFORMITY

* All entries in the mass matrix M have similar magnitudes
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* “Non-uniformity” penalty terms in the loss function
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* Typical result:

52.8417 4+ 12.3421i  37.6787 +39.0499i —51.3863 + 17.4346i
M, = IM,| = |54.2637 54.2637 54.2638

—54.2632 + 0.2337i —-45.2074 —30.0140; 46.2153 — 28.4377i
54.2636 54.2636 54.2640

54.2639 54.2639 54.2634]
51.6087 + 16.7655i  34.3868 + 41.9772i —52.6515 + 13.1304i
0.9301 0.9301 0.9300]

My = [0.9300 0.9300 0.9301

0.5835 +0.7243; -0.9202 - 0.1351i 0.8007 + 0.4730i
0.9301 0.9301 0.9300

M, = |-0.2548 + 0.8944i —0.4649 — 0.8055; 0.1080 + 0.9238i
0.7349 + 0.5701i  —0.9097 + 0.1938; 0.9053 + 0.2131i



BEAUTY = UNIFORMITY

In each run, inputs are re-sampled

within the experimental errors

The training results in low values of
the total loss (10 runs, right table)

Pictorial representation of the

result from a typical run:
Re(My) Im(My)

Re(Mgy) Im(My)

e

—-0.5

-1.0

Nrun ud us ub cd ch td ts th J
1 1.33 057 134 1.30 0.18 273 0.77 036 0.83
2 1.30 0.02 0.67 0.82 1.09 133 135 0.12 251
3 046 0.68 348 0.28 0.76 049 1.18 0.88 2.00
4 044 038 1.83 0.59 0.74 079 2,53 2.63 2.68
5 0.67 061 096 1.11 053 347 153 0.09 1.30
6 1.18 0.76 139 0.28 0.03 096 135 176 1.87
7 042 033 0.04 225 0.78 078 045 1.12 1.12
8 046 090 041 1.15 1.97 174 137 0.06 0.28
9 0.57 0.89 074 1.10 038 1.15 090 1.23 1.28
10 1.07 0.89 0.71 0.92 198 0.68 0.69 0.61 1.68
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BEAUTY = SPARSITY*

* There are many vanishing entries in the mass matrix M

* “Non-sparse” penalty terms in the loss function
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 Total loss function

L

LCKM T LJarIskog T Cy Lzeros,up t Cy Lzeros,down

e Typical result:

M,

M,

|

|

—0.0000 + 0.0000: 0.0632 - 0.1161: 0.0000 — 0.0000: O O

—1.1185-2.8683i  —0.0000 — 0.0000: —-3.2601 - 5.0077i ] O
—61.4079 —41.8573i —5.1728 + 13.1370i —132.8710 — 55.1425i

—0.0000 + 0.0001:  0.0126 + 0.0051: —0.0000 — 0.0001: O O

0.0322 - 0.0118; —0.0000 + 0.0000; 0.1275 - 0.0071i ] O

0.6047 — 0.2041i —0.6938 — 0.8242i  2.2457 — 0.9845i

*Ramond, Roberts, Ross 1993



BEAUTY = SPARSITY

In each run, inputs are re-sampled % .,
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FUTURE PLANS

Explore other texture zero patters O 00 00 00 O

: O O O
— Find the sparsest true pattern - O OO O
Extend analysis to the lepton sector & . 00 07 © ©
Xtena analyslis to the lepton sector OO0 00 O 00 O
Consider other notions of beauty B = S I e SIS
— Symmetric matrices (done, see paper) 8 80 ©0 00088 O
— Naturalness (absence of fine-tuning) e o QQ%@%@

Look for beautiful models that have

escaped theorists’ attention ) X

“Truth and beauty” session at the
Miami Conference in December? X

Trained loss function

I'VEALLWAYS BELIEVED THAT A A
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THEMIND IS ™

JTHE BEST WEAPON
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