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Challenges in Theoretical Physics

Koji Hashimoto (Kyoto U.)
Director of MLPhys, Director of ARISE Al4MP




The challenge 1s:

to keep
our sustainable community of theorists,

to cope and develop with Al agents



ARISE AIAMP  (2026-2029, 4m UsD)

Director: Koji Hashimoto, Co-director: Masataka Imaizumi
+ A.Tomiya + T.Otsuki + M.Nojiri + Y.Kabashima + M.Sugiyama + S.Iso
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Deep learning and
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Deep Learning
And Physics

> Yukawa Institute for Theoretical Physics

> Kyoto, Japan
® 31 Oct «® Nov 2019
° o e o * ® o o -

Target scope of Conference

Deep learning plays a central role in recent developments in research in artificial intelligence (Al). Various
ideas based on physics are found in the research of deep learning, and consequently, deep learning and
physics are related intimately. This international conference is dedicated to (1) applications of deep

learning to physics, (2) discovering similarities among deep learning and physics, and (3) leading to new
paradigm in physics motivated by deep learning. Researchers in related fields are welcome to attending
discussions at the conference.

Organizers

Koji Hashimoto (Osaka U), Masatoshi Imada (Toyota RIKEN / Waseda U), Kouji Kashiwa (Fukuoka Institute of
Technology), Yuki Nagai (JAEA), Masayuki Ohzeki (Tohoku U), Enrico Rinaldi (Riken & Arithmer Inc.), Akinori
Tanaka (RIKEN AIP), Akio Tomiya (Riken BNL)




2020: DLAP seminar series started (now 82th)

Deep learning and Physics
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2022: MLPhys initiative started

MLPhYs Foundation of "Machine Learning Physics' CONTACT Membersonly (@) En Jp

Grant-in-Aid for Transformative Research Areas (A)

Overview Organization Acheivements Outreach

Physics Machine Learning

The most precise testing ground in natural science Explosive field of computational science

Multi-hierarchical problems and collaborative mathematics Social and technological innovation

Machine Learning Physics

Discovering new laws, pioneering new materials

Solving fundamental problems in physics by integrating theoretical methods in machine

learning and in physics




2023: MLPhys conference (Kyoto)
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Sven Krippendorf (LMU Munich), "Machine learning as a method in mathematical physics”
lecture 1 lecture 2 lecture 3

International

"Generative models for sicists"



2023: lectures4mliphys started (now 22th)
View on GitHub @

lectures4mliphys
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June 2025: Symposium
“From MLPhys to Generative Sciences”
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MLPhys 2026 conference
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P:S' Journal of the e

Co— Physical Society of Japan

SPECIAL TOPICS: Machine Learning Physics
J. Phys. Soc. Jpn. 94 (2025) No. 3 (11 articles)

Editors: Koji Hashimoto, Ryui Kaneko,
Tomi Ohtsuki

Quantum many-body solvers using artificial neural networks
Yusuke Nomura, Masatoshi Imada
The percolating cluster is invisible to image recognition with deep learning
D. Bayo, A. Honecker, R.A. Romer
Machine learning detections of the Berezinskii-Kosterlitz-Thouless transitions in
classical spin models Masahito Mochizuki, Yusuke Miyajima
Machine learning as an improved estimator for magnetization curve and spin gap
Tota Nakamura

* Self-energy spectroscopy by artificial neural network Youhei Yamaji

* Machine learning assisted lattice QCD Akio Tomiya

* Transformer faces high energy physics Ahmed Hammad, Mihoko Nojiri
* Physics-motivated Approaches in Machine Learning Yuji Hirono

* Diffusion model and stochastic quantizatio Syo Kamata, Kenji Fukushima
* Diffusion models in physics context Akinori Tanaka

* Mean-field analysis of stability selection Takashi Takahashi



Format of MLPhys (2022-)

Steering committee

B01: ML models for physics

B02: Numerical sampling efficiency
B03: Topology and ML

A01: Al computational physics
A02: Al particle physics

AO03: Al condensed matter physics

N STUr-<

A04: Al quantum + gravity



Giving-up Interpretability,

Al comp. phys. : Spin MC by transformer A0l Tomiya

Al particle phys. : Jet tag by transformer A02 Nojiri

Al cond-mat phys. : Identifying fractal phases A03 Ohtsuki

Al superconductor : Material dependence  A03 Imada

Al molecular dynamics : quasicrystals AO03 Nagai
Stat-mech Al . Faster diffusion model B02 Kabashima
Al emergent spacetime . AdS/CFT inverted AO04 Hashimoto
Path-integral Al . Diffusion is QM BO1 Tanaka

Gravity Al - Symmetry in neurons A04 Hashimoto



Al comp. phys. : spin MC by transformer

[Tomiya, Nagai,

Attention mechanism PoS LATTICE2023 (2024) 001]

describes nonlocality
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Al particle phys. : jet tag by transformer m

[Hammad, Nojiri, JHEP 06(2024)176,
Cross-attention learns JHEP 03 (2024) 114]

Physical energy scales

particles

Particle

subjets * transformed particles

Cross attention



Al cond-mat phys. : finding fractal phases

. [Cadez, Dietz, Rosa, Andreanov,
Learning fractal quantum phases Slevin, Ohtsuki,

that generalize across different Phys. Rev. B 108, 184202 (2023)]
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Al superconductor : material dependence m

Quantum many-body wave  [Schmid, Morée, Kaneko, Yamaji, Imada,
functions by Boltzmann Phys. Rev. X 13, 041036 (2023)]
machine
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Exp. vs. Al



Al molcular dynamics : quasicrystals

) ) [Nagai et al., Phys.Rev. Lett. 102,
ngher—dlm. structure 041124 (2024)]

learned by Machine

Image of higher-dimensional atoms Alminium atoms floating through

affecting the 3-dim. world high-dim. paths
Credit: UTokyo ITC/Shinichiro Kinoshita



Stat-mech Al . Faster diffusion model m

Leveraging stochastic process [Meng, Kabashima,
. ArXiv:2211.12343, ACML2024]
theory for efficient gen Al

DMPS (ours)

(a) Super-resolution (SR) (x4) (b) Denoising (o = 0.5)

Measurement DMPS (ours) Ground Truth  Measurement PGDM DI DMPS (ours) Ground Truth
| A

(c) colorization



Giving-up Interpretability,

Al comp. phys. : Spin MC by transformer A0l Tomiya

Al particle phys. : Jet tag by transformer A02 Nojiri

Al cond-mat phys. : Identifying fractal phases A03 Ohtsuki

Al superconductor : Material dependence  A03 Imada

Al molecular dynamics : quasicrystals AO03 Nagai
Stat-mech Al . Faster diffusion model B02 Kabashima
Al emergent spacetime . AdS/CFT inverted AO04 Hashimoto
Path-integral Al . Diffusion is QM BO1 Tanaka

Gravity Al - Symmetry in neurons A04 Hashimoto



Al emergent spacetime : AdS/CFT inverted m

NN derives emergent bulk [Hashimoto, Matsuo, Murata, Ogiwara,
i Takeda, ICML 2024 workshop poster]
spacetime from data
on material
Material “cFT” L& ? “AdS”

Data l Interpret



Path-integral Al : Diffusionis QM o B {ek!

[Hirono, Tanaka, Fukushima, ICML 2024,
arXiv:2403.11262]
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Gravity Al .- Symmetry in neurons JrULEITIE]

[Hashimoto, Hirono, Sannai, Mach. Learn.:

Gravitational symmetry
in transformers and
neural ODEs

Coordinate
transformation

Sci. Technol. 5 025079 (2024)]




Giving-up Interpretability,

Al comp. phys. : Spin MC by transformer A0l Tomiya

Al particle phys. : Jet tag by transformer A02 Nojiri

Al cond-mat phys. : Identifying fractal phases A03 Ohtsuki
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Giving-up Interpretability, while bridging

Data-driven quantum forecast Steer. Kaneko
Al finds a physical law from exp data  Steer. Hirono
ML as a differential equation solver Steer. Tanahashi

Al prover agent for auto-math Steer. Sannai

Al emergent spacetime . AdS/CFT inverted A04 Hashimoto
Path-integral Al : Diffusion is QM B0O1 Tanaka

Gravity Al - Symmetry in neurons A04 Hashimoto



Data-driven quantum forecast

[Kaneko, Imada, Kabashima, Ohtsuki,
Phys. Rev. Research 7, 013085 (2025)

Learning quantum dynamics s

from short-time data
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Al finds a physical law from exp data

[Watanabe, Ishii, Hirono, Maruoka,
Phys. Rev. E 111, 024301 (2025)]

NN extracts a new scaling law (Editors’ Suggestion)
from raw exp. data
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ML as a differential equation solver

[Hashimoto, Kyo, Murata, Ogiwara, Tanahashi,
Mach. Learn.: Sci. Technol. 7 (2026) 015013]

Physics-Informed NN solves
minimal surfaces
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Al prover agent

for auto-math

World record:

Al agents and Lean
LLM are unified
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Giving-up Interpretability, while bridging

Al comp. phys. : Spin MC by transformer

Al particle phys. : Jet tag by transformer

Al cond-mat phys. : Identifying fractal phases
Al superconductor : Material dependence

Al molecular dynamics : quasicrystals
Stat-mech Al : Faster diffusion model

Al emergent spacetime . AdS/CFT inverted
Path-integral Al : Diffusion is QM

Gravity Al - Symmetry in neurons



2017

Entanglement
Reproducibility.
Validate by

reproducing
previous research.

2022 2027 203X+

Predictive Power  Abduction
Obtain predictive Discover new laws
empirical rules w/ ML. in MLPhys.

Prepare ML math Develop new laws
for physics. and materials.

Foundation of Machine Learning Physics

We are heading for ...
Generative Sciences!!



What Does Giving Up on Interpretability

Bring to Machine Learning Physics?

Lessons from International Conference on Machine Learning Physics 2026:

Research Design Connecting Performance, Meaning, and Internal
Understanding

Koji Hashimoto
Representative, Foundation of Machine Learning Physics

Kyoto University

July 2026

Abstract

When neural networks (NNs) are used in physics, at what point should human inter-

pretability of their internal representations be a condition of success? This article takes



design principles
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ARISE AI4MP

Koji Hashimoto + Masataka Imaizumi
+ Tomiya + Otsuki + Nojiri + Kabashima + Sugiyama + Iso

(2026-2029)

Al agents with math and physics verification for unsolved physics problems
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