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Machine Learning

• A technique in which a computer extracts

hidden rules or patterns as it iteratively learns data.

Supervised Learning

Unsupervised Learning

Reinforcement Learning
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Reinforcement Learning (RL)
• Reinforcement learning can find optimal solutions

even from a small amount of reference data

by repeatedly trying to solve problems to be solved.

Can we utilize and apply

the unique feature of RL

to searching for flavor models?
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The SM

Mass Hierarchy Flavor Mixing 
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𝐿𝑒 − 𝐿𝜇 − 𝐿𝜏 sym. and neutrino (１)

• 𝑈 1 𝐿𝑒−𝐿𝜇−𝐿𝜏 flavor model assigns charges as follows:

𝑄𝑒 , 𝑄𝜇 , 𝑄𝜏 = +1,−1,−1 , 𝑄𝑞 , 𝑄𝐻 = 0,0

• Under this symmetry, the neutrino mass matrix naturally derives

an inverted hierarchy, explains large atmospheric mixing angles.
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𝐿𝑒 − 𝐿𝜇 − 𝐿𝜏 sym. and neutrino (２)

• The following Weinberg operator generates neutrino mass.

𝐿LO =
1

𝑀
𝑥12𝑙𝑒𝑙𝜇 + 𝑥13𝑙𝑒𝑙𝜏 𝐻𝑢𝐻𝑢

𝑚𝜈 =
𝑣𝑢
2

𝑀

0 𝑥12 𝑥13
𝑥12 0 0
𝑥13 0 0
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𝐿𝑒 − 𝐿𝜇 − 𝐿𝜏 sym. and neutrino (３)

• This predicts 𝜃12, 𝜃13 = 𝜋/4,0 with degenerated eigenvalues,

so corrections due to symmetry breaking are required.

𝑟 = Δ𝑚sol
2 / Δ𝑚atm

2 = 0

• Symmetry breaking is introduced by the VEV of two flavons.

We assume 𝜙 /𝑀 = 𝜃 /𝑀 = 𝜆.
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NLO corrections to neutrino (１)

• Sym. breaking introduces next to leading (NLO) corrections.

𝑚𝜈 𝑖𝑗 =
1

𝑀
𝑥𝑖𝑗𝑣𝑢

2𝑙𝑖𝑙𝑗𝜆
𝛾𝑖𝑗+𝛿𝑖𝑗

• From the symmetry conditions, the charge structure

of the correction term is characterized as follows.

𝑄𝜈 =

2 + 𝑄𝜙𝛾11 + 𝑄𝜃𝛿11 𝑄𝜙𝛾12 + 𝑄𝜃𝛿12 𝑄𝜙𝛾13 + 𝑄𝜃𝛿13
−2 + 𝑄𝜙𝛾22 + 𝑄𝜃𝛿22 −2 + 𝑄𝜙𝛾23 + 𝑄𝜃𝛿23

−2 + 𝑄𝜙𝛾33 + 𝑄𝜃𝛿33
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NLO corrections to neutrino (２)

• The final neutrino mass matrix is given below, enabling

corrections for the solar mass difference and mixing angles.

𝑚𝜈 =
𝑣𝑢
2

𝑀
𝑥12

𝑥′11𝜆
𝛾11+𝛿11 1 + 𝑥′12𝜆

𝛾12+𝛿12 𝑥13 + 𝑥′13𝜆
𝛾13+𝛿13

𝑥′22𝜆
𝛾22+𝛿22 𝑥′23𝜆

𝛾23+𝛿23

𝑥′33𝜆
𝛾33+𝛿33
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NLO corrections to charged lepton

• The mass matrix of charged leptons is given as follows.

𝑚ℓ = 𝑚𝜏

𝑎11𝜆
𝛼1+𝛽1 𝑎12𝜆

𝛼2+𝛽2 𝑎13𝜆
𝛼3+𝛽3

𝑎21𝜆
𝛼4+𝛽4 𝑎22𝜆

𝛼5+𝛽5 1

𝑎31𝜆
𝛼6+𝛽6 𝑎32𝜆

𝛼7+𝛽7 1

• The entire structure of charges is specified by

26-dimensional vector 𝑠 = 𝑄𝑒 , 𝑄𝜇 , 𝑄𝜙, 𝑄𝜃 , 𝛼1, … , 𝛿4
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Motivation of machine learning

• The parameter space is significantly large:

𝑄𝑒 , 𝑄𝜇 , 𝑄𝜙, 𝑄𝜃 ∈ −10,10 , 𝛼1, … , 𝛿4 ∈ 0,10

→ 214 × 1124 ∼ 2 × 1030 patterns

• We apply reinforcement learning to identify the charge structure

which reproduce experimental observables.
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Reinforcement Learning (RL)

• Subject of learning ：Agent

• Problem to be solved：Environment

（１）

（２）

（３）
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Reinforcement Learning (RL)

• Procedure：The agent observe the environment,

  

（Example of mazes）

（１）observe walls

（１）

（２）

（３）
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Reinforcement Learning (RL)

• Procedure：The agent observe the environment, choose an action,

（Example of mazes）

（１）observe walls

（２）take one step

（１）

（２）

（３）
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Reinforcement Learning (RL)

• Procedure：The agent observe the environment, choose an action,

  and get rewards depending on the action.

（Example of mazes）

（１）observe walls

（２）take one step

（３）get points as closing the goal

（１）

（２）

（３）
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Reinforcement Learning (RL)

• Procedure：The agent observe the environment, choose an action,

  and get rewards depending on the action.

• The agent autonomously acquires a principle of action

that maximizes the sum of rewards.

 (Examples of mazes) By turning back upon reaching a dead-end,

the agent can solve mazes correctly.
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Relating works

• RL was applied to the FN model, and it was indicated that

RL can reproduce the experimental flavor structures efficiently

and give discussion regarding neutrino sector or axion physics. 

• In contrast, this work aims to

- demonstrate the capacity of RL for other flavor symmetry

- construct systematical strategy to obtain natural solutions

- T. R. Harvey, A. Lukas,

JHEP, 2021, 161 (2021), arXiv:2103.04759.

- S. Nishimura, C. Miyao, H. Otsuka,

JHEP, 2023, 21 (2023), arXiv:2304.14176.

JHEP, 2025, 43 (2025), arXiv:2409.10023.
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RL configuration (env & action)

• The environment is a 26-dimensional integer variable space,

which determines the flavor structure of leptons.

𝑠 = 𝑄𝑒 , 𝑄𝜇 , 𝑄𝜙, 𝑄𝜃 , 𝛼1, … , 𝛿4

• An action is defined as an operation

that changes any one of these variables by ±1.
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RL configuration (reward: 1)

• The quality of state 𝑠 is evaluated based on six observables.

𝑂 =
𝑚𝑒

𝑚𝜇
,
𝑚𝜇

𝑚𝜏
, sin2 𝜃13, sin

2 𝜃23, sin
2 𝜃12, 𝑟

• The 𝜒2 value is defined as the evaluation function.

𝜒2 =෍
𝐸𝑖 − 𝑂𝑖

2

𝜎𝑖
2

2026/02/16-19 KEK-PH2026winter 20



RL configuration (reward: 2)

• The agent obtains positive reward 𝑅base when 𝜒2 decrease.

𝑅base = −0.25 × log10 𝜒
2 𝑠′ − log10 𝜒

2 𝑠

• If the agent realize 𝜒2 < 104, we give the bonus reward 𝑅bonus.

𝑅bonus =
4 − log10 𝜒

2 𝑠′

8
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RL configuration (NN architecture)

• A neural network is used to determine an action at each step,

and there are several hyperparameters. (e.g., learning rate)

• We try 6 architectures with transformer structure in advance.

Using the best architecture, we conduct grid search for

216 combinations of hyperparameter settings.
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Loss Function
• An indicator to estimate the learning status of a neural network.

Mean Squared Error (MSE)

𝐿 = 𝑥 − ҧ𝑥 2

Mean Absolute Error (MAE)

Huber function：MSE + MAE

𝐿~ቊ
𝑥 − ҧ𝑥 2 if 𝑥 − ҧ𝑥 ≤ 𝛿
𝑥 − ҧ𝑥 if 𝑥 − ҧ𝑥 > 𝛿

Bad Neural Network 

Good Neural Network 
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Result (hyperparameter search: 1)

• The table indicates the top 10 settings in terms of 𝜒2 value,

and the best solution has 𝜒2 = 1.0 × 103. Each run needs 47 min.

If we generate charges randomly, the median is 𝜒2 = 5.1 × 105.

  → We obviously show that RL

can decrease 𝜒2 effectively

various flavor model.
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Result (hyperparameter search: 2)

• The graphs show the transition of loss & reward for ID = 0, 216.

They reveal that solution with low 𝜒2 can be realized when

the loss does not diverge and the reward increases until the end.
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Result (naturalness of solutions: 1)

• To evaluate naturalness of solutions found by RL,

we define a threshold 𝐹𝑁 for each model as the proportion of

random coefficients for which the condition 𝜒2 ≤ 𝑁 is satisfied.

• 100,000 sets of 𝑂 1 coefficients are generated for each model,

and then, 𝐹𝑁 is calculated. Each run needs 15 min.
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Result (naturalness of solutions: 2)

• Although only 13 patterns realize

nonzero 𝐹1000 among 216 settings,

many solutions that are accurate

before the MC calculation remain.

  → RL successfully find natural

candidates even before MC.
2026/02/16-19 KEK-PH2026winter 27



Summary (１)

• We applied reinforcement learning (RL) to the search for

charge assignment in the 𝑈 1 𝐿𝑒−𝐿𝜇−𝐿𝜏 flavor model.

We tested various hyperparameters and Monte Carlo search

to evaluate naturalness of solutions found by RL.
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Summary (２)

• While RL with MC calculation reproduces experimental results,

we discuss learning behavior in terms of loss & reward and

show that RL can be used to derive “natural” solutions.

• This discussion provides the systematic strategy for

RL-based parameter search in various models.
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