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A physicist’s view of the universe

* Elementary particles are building
blocks of the universe

e Each scale comes with its own
physics: effective theory

* Yet the smallest and largest are
Intricately connected: UV <->IR




The study of human mind and intelligence
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Intelligence is never merely a measure of

He argues that some parts of the soul, cognitive or academic ability; true
the intellect, can exist without the intelligence is the practical ability to
body, but most cannot. understand human relationships, cultivate

virtue, and contribute to social harmony.



Towards a physicist’s view of artificial intelligence

 Microscopic: token dynamics

 Macroscopic: benchmark in
general sense

e mesoscopic: ensemble/states

Undergraduate thesis:
https://sonnynondegeneracy.github.io/
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The manifold hypothesis

A typical image dimension
512x512x3 ~ 7 x 10°

For =) typlcal |a-ten-t diﬁUSiOn mOdel https://link.springer.com/article/10.1007/s11263-022-01598-57
] , ‘ utm_source=researchgate.net&utm_medium=article

VAE has dimension

16, 000 dimension

Large Language Model (LLM) model
human intelligence

Does intelligence has intrinsic

manifold? Aksenov, Bodnia, Freedman, Mulligan
2603.20396

How to measure the dimension of
manifold?




Transformer as an operator

Transformer Block Output
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Transformer Block Input 7 Z.Y. Song, Z.Y. Li, Q.H. Cao, M.X. Luo, HXZ, 2503.22547



Physics observable on the manifold
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Sum of dot product of two token in embed space

Token correlation  E (&) =

ties1 =tige — |[tiel Y (fige-na)na layer transformer as a projection

E()-(d—1)= Constant
Token correlation Is inverse to the intrinsic dimension

Intrinsic dimension can be measured form token correlation!

8 Z.Y. Song, Z.Y. Li, Q.H. Cao, M.X. Luo, HXZ, 2503.22547



Layer-wise evolution of correlation and dimension

(c) Nonlinear Dimensional Compression &5 (d) Final Projection to Semantic Space &3

E(&)-(d—1)= Constant

Correlator vs Layer
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Al Is still a blackbox

| know | did It | just
don't know how |

‘O

—>OUTPUT

 How to exploit the scientific ability of LLM/Agent
 How to improve the scientific ability of LLM/Agent

* Ultimately, understanding the blackbox is crucial for
aligning Al with human interests
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Towards a physicist’s view of artificial intelligence

 Microscopic: token dynamics

 Macroscopic: benchmark in
general sense
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Benchmark as a collaboration between science
and industry community

Shaping the Future of Mathematics in the Age of Al 11 135997 eesaning ) (Lcheln-of thouoht
P e i o o PHYBench: Holistic Evaluation of Physical Perception and
Reasoning in Large Language Models

Johan Commelin* Mateja Jamnik! Rodrigo Ochigame? Lenny Taelman®
Akshay Venkateshl

% Peking University Beijing Computational Science Research Center

Q&J StephenQsS - g nondegeneracy
Another proposal being pursued by multiple
groups is the creation of community-owned 'bench-
marks. Good benchmarks can signal community
values to those developing AI systems, while also
helping mathematicians understand realistic use e Problerm v B Method v & Resuts v Q Tekeaways v
cases for, and limitations of, the technology. For & 1672
example, benchmarks that focus on open-ended
problems can counter overstated claims based on

A comprehensive benchmark suite called PHYBench evaluates physical reasoning capabilities in s
large language models through 500 carefully curated physics problems and introduces a novel
Expression Edit Distance (EED) Score metric, revealing significant performance gaps between

current LLMs and human physics students across various domains of physics.

narrow task suites. An Olympiad level physics competition
benchmarks, curated by undergraduate
ZPHEIERE#HN S —TURINZ IR K HEE students from Peking University

AVEDENNT ., B INEENNANNEERI A T EEE
RSN AEEELXBIMMER D, BEEFSBIEN
FRIBRIZFRNE RN Az E R ERREME, 4
g, FREFFRECIo) @AY EENNT a] AR R 5%
LR TR ESEGHFMT ENSKFIL,

NIPS 2025
Shi Qiu, et al., , 2504.16074
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Score

Progress in model capability as measured from
PHYbench
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Benchmark Seed2.0 pro Seed2.0 lite Seed2.0 mini GPT-5.2 High GPT-5 mini High Claude Sonnet 4.5
GPQA Diamond 88.9 851 79 924 821
Superchem (text-only) 516 48 16.2 58 348
BABE 50 502 404 58.1 492
Phybench 74 73 56 74 60
FrontierSci-research 25 183 33 25 18.3
FrontierSci-olympiad 74 70 L4 75 69

Feb 2026

NIPS 2025
Shi Qiu, et al., , 2504.16074




PRBench: ultimate benchmark for Al intelligence

_______ ]

e T oas ) - 8, )

PRBench: End-to-end Paper Reproduction in Physics A2A—> < frdockerexec :
Research e Sasee | et | et |

l | |

Shi Qiu!, Junyi Deng', Yiwei Deng!, Haoran Dong', Jieyu Fu', Mao Li!, Zeyu Li', reads ground "”";_ Yy —————— ! | :
Zhaolong Zhang', Huiwen Zheng', Leidong Bao', Anqi Lv', Zihan Mo!, Yadi Niu', = R I — |
Yiyang Peng!, Yu Tian!, Yili Wang', Ziyu Wang', Zi-Yu Wang!, Jiashen Wei', :;;]J - = E |
Liuheng Wu!, Aoran Xue!, Leyi Yang!, Guanglu Yuan!, Xiarui Zhan', S ’ || Model-yudge OutputFiles |
Jingjun Zhang!, Zifan Zheng', Pengfei Liu!, Linrui Zhen!, Kaiyang Li', Qichang Li', . J | arading |
| |

Ziheng Zhou', Guo-En Nian'!, Yunwei Xiao!, Qing-Hong Cao!, Linjie Dai!, Xu Feng!,
Peng Gao!, Ying Gu', Chang Liu', Jia Liu!, Ming-xing Luo?, Yan-Qing Ma!,
Liang-You Peng', Huichao Song!, Shufeng Wang', Chenxu Wang', Tao Wang!,
Yi-Nan Wang!, Chengyin Wu'!, Pengwei Zhao!, and Hua Xing Zhu!

Docker Container

Agent Methodology Code Data Acc. Instruction Overall
ISchool of Physics, Peking University, China OpenAl Codex
?Beijing Computational Science Research Center, China GPT-5.3-Codex 78.00 43.00  21.00 92.00 34.00
OpenCode-based Agents
March 31, 2026 GPT-5.3-Codex 72.00 36.00 16.00 90.00 28.50
Kimi K2.5 (1T) 61.90 22.00 11.40 80.60 20.57
DeepSeek V3.2 (671B) 63.20 19.30 8.90 84.20 18.50
- Minimax 2.7 (230B) 55.60 16.30 10.00 86.00 17.97
“0. Longcontext comprehension GLM.-5 (744B) 5050 1880 1060 6700 1787
Papef 4% scientific reasoning End-to-End Callback Rate 0.0

K} . v
\ Reproduc’uon 2 ®¥ Complex problem solving
N 2
PRBench % Systematic code generation & execution
{43 Iterative refinement

y Shi Qiu, et al., , 2603.27646




Dedicated agent framework for science discovery

Shi Qiu, Zeyu Cai, Jiashen Wei, Yixuan Yin, et al., , 2603.14553

Execution Backend: Magnus

HEP tools | Mathematica Feynrules MadGraph Pythia Delphes MadAnalysis | === ==
- i . CLI
Cognitive Reasoning Engine ‘
equipped | pheno-pipeline feynrules-model | |feynrules-model ufo madgraph madanalysis
skills orchestrator generator validator generator simulator analyzer
collider event pheno
subagent orchestrator model-generator .
simulator analyzer analyzer
| A )
User Layer
natural language input output v
[ Lagrangian, collider process, kinematic cuts, ... ] [ kinematic distributions, bounds on parameter space, ... ]
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e D (G 3 ==\ ( N (” N ' S Joint 4/ + 3/+v HL-LHC search for a Type-II seesaw triplet coupled to a
\ ‘ 8 vector-like-lepton doublet
| I
Lesm = (D,A)(DFA) —V(H,A) || £
and code openly available at the run label hep_t2seesaw_vll_joint_20260515.
(Dated: May 16, 2026)

y , /‘L D L, L , L, | _ g . The most recent Type-II seesaw robustness study [1] singles out a coupling to a vector-like-lepton
| Z L ’y lJ’ - m L / FeynRU|eS UFO I } Pyth|a8 De|phe$ Slgnal regions: p yhf pl'Oﬁle (VLL) sector as the physically best-motivated extension capable of shifting the HL-LHC bound on
model: Delta export MadGraphs-aMC@Nlo Showel' HL_LHC Card. SR 4l + ||ke||hood - the doubly-charged scalar mass my++ by £150 GeV, yet the joint two-dimensional (my++,myyLL)

exclusion reach has never been computed. We build the first joint A @ L/ ,p.c FeynRules-

ARC-Agent collaboration’
! Compiled by the ARC-Agent paper-author from a closed end-to-end pipeline; data

. + ‘ | pile—up 200 SR 3I+nU 2D exclusion generated UFO with the gauge-invariant Yukawa portal yg ZAER + h.c., generate the eight-point

/ Z C ZO‘ A l ‘ = contour grid my++ € {500,800,1200,1700} GeV x mvLL € {300,700} GeV in MadGraph5_ aMC@NLO +

e e L 2 L J Pythia8 + Delphes (HL-LHC Phase-2 card, {u) = 200), define orthogonal 4£ Drell-Yan and 3/+v

" / & — < - / cascade signal regions, and combine them in a pyhf profile-likelihood fit at /s = 14 TeV, 3ab™'.

A " The combined 95% CL exclusion at myrr = 300 GeV reaches my++ = 916.70 GeV versus the
)
'

, . . 4£-only standalone reach of 917.18 GeV — an extension of —0.48 GeV , falsifying the pre-registered
+ L A E + h C F S > 150 GeV success threshold by 150.6 GeV. The mechanism is transparent: the cascade o xBR is sup-
yE L R * * * 8 sugnal cells: 400,000 total Channel A4l + pressed by a factor ~ 5500 relative to the Drell-Yan channel at my++ = 500 GeV / myyrr = 300 GeV
= 0.000815 fb vs 4.509 fb) , dominated by the BR(N; — Z¥f) - BR(Z — #£) ~ 0.027 multi-step chain
s Hpp 500/8m/ Delphes S Channel B 3l+nu. Efactor ~ 125) compoun)ded by a ~ 45-fold nea.r—ghreshold )4—bod§l phase—)space squeeze. The result
1200/ 1700 Gev' mu_gs per cell is a publishable, mechanism-level null that reorients future Type-II x VLL phenomenology toward
= . shorter-chain cascades that avoid the Z-pole, larger va where the 4¢ channel is BR-diluted, and
m~vu~ i 300/700 Gev' gauge-bridged non-Yukawa cascades requiring non-degenerate triplet components. The reported
30k events each background totals include WZ, ZZ and ttZ at full HL-LHC normalization (the ¢£Z sample landed
via Magnus job £81a5f£26a00cfdf, oy, = 2.222 fb, 5 x 10! Delphes events; see Section VII B) and
t the b-veto in SRa¢+, together with the (planned) b-veto in SR4¢ bound the resulting per-SR S/ VB
impact at < 2% , an order of magnitude below the ~ 5500 cascade-vs-DY o x BR gap that drives

the verdict.

I. INTRODUCTION

/
The Type-1I seesaw mechanism is the textbook mini- 0/ 0
mal extension of the Standard Model that generates Ma- TR ~
jorana neutrino masses through a Yukawa coupling to a N J
hypercharge-one SU(2) -triplet scalar A. The triplet’s .
7 doubly-charged component H*# is a prized collider tar- J v x
get because its pair-production proceeds at hadron col- e 0\ >
) ) ) ) liders through a clean Drell-Yan diagram and, in the 0 ‘@
& mm 0 xBR [fb] SR4¢ same-sign dilepton invariant mass spectrum prompt-leptonic regime vy < 107* GeV [2], decays es- \ s
2 - 77 (bkg) sentially with BR(H** — (*{*) ~ 1 — yielding the
Q Signal my-+ = 500 GeV spectacular four-lepton final state pp - H*tH-~ —
8 10° 4 10° 4 Signal my:: = 800 GeV £¥¢re—¢~. ATLAS, in its full Run-2 same-sign +
"l? 3 Signal my=+ = 1200 GeV multilepton search, set the present best direct bound
o my++ > 1080 GeV in the flavor-democratic prompt- FI_G. 1. Conceptuz?.l overview of the j?int Type-II seesaw
E> "T 10 | leptonic regime [3], and a dedicated 2022 HL-LHC pro- triplet A + vector-like-lepton doublet L =1£N’ E) portal at
. 10-1 4 2 jection from the same selection class extrapolated this to ~ the HL-LHC: the doubly-charged scalar H™* decays lepton-
r ] ) a standalone four-lepton reach of ~ 1.1 TeéV at 3ab™" [4]. Ziuy (Ch;nn:ll] A, ietfmu_Ya:)ikv::ﬁf the Sulll—glz-gmr.gid
Q c cascades throu e cross-ta awa yg L/ r into
S - Independently, vector-like leptons (VLLs) — anomaly-  a VLL-mediated ng+ v final state (Channel El’l). -
n P 3 free Dirac partners of the SM lepton doublet — are inde-
|", 1072 4 b5 pendently motivated by neutrino-mass UV completions,
8 ] i by the muon (g — 2) anomaly, and by their role as nat- o
1S 10° 3 ural co-portals in Higgs-LFV [5, 6]. Recent LHC mul- tal” ye L}, AER + h.c. that mixes the two and opens a
® - tilepton recasts already constrain a flavorful VLL dou-  cross-talk decay H* — E*¥p feeding a 3/+v final state
% 10-3 A blet to mvLL 2 300 GeV [6], while HL-LHC projections via the subsequent VLL cascade E¥ — Z¢*, Z — £t{~.
X ] 101 4 of single-channel VLL pair production reach myLL ~ The 2026 robustness study of Englert, Mitra, Naskar and
® Channel A Channel B Channel B Z-pole i | : . 1 TeV. The two sectors have been searched for indepen- Saha [1] makes the case explicit: such extensions can shift
(DY 42) naive product measured bottleneck 125 175 250 350 450 600 800 1050 1350 1650 2000 2500 dently — but gauge invariance permits a Yukawa “por- the minimal-model H** exclusion by +150 GeV, and the
rows 1-5 (MC) BR(N,Zf)-BR(Zt1) m;? bin centre [GeV]

FIG. 7. Decomposition of the o x BR gap between Chan- FIG. 8. Stacked-style same-sign dilepton invariant mass dis-
nel A (4¢ DY) and Channel B (3£ + v cascade) at the most- tribution in SR, at HL-LHC integrated luminosity 3 ab™".
favoured mass cell (m y++,myrL) = (500,300) GeV. The five ~ Three signal cells (my++,mveL) = (500,300), (800,300),
bars show, on a log scale, Channel A o, the naive cascade (1200,300) GeV are overlaid on the ZZ background (the
product (applying the three analytic BR-bottleneck factors), WZ background is structurally zero in SR4; owing to the
the measured Channel B o, and the dominant BR(N; — St > 600 GeV and exclusive-4¢ cuts). The signal peaks at
Zl) - BR(Z — €0) ~ 0.027 factor isolated. The cumulative  m$P ~my++ as expected.

suppression is ~ 5500 x.
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Language Model as a mutation operator

q—k _

#|Epoch 4775) Score = 188.4

ddk 1 __j # ‘Gode
q I(n]_,nQ) — / ( #(‘Epoch 9:) Score = 152.2 import numpy as np

27T)d (k2)n1 ((q - k)2)n2 # Code def priority(node: tuple([int, int],
import numpy as np node_target: tuple[int, int]) ->
def priority(node: tuple[int, int], float:
k node_target: tuple[int, int]) -> X, y = node
float : a, b = node_target
0= (d —2n — nz) I(nl, nz) = np_I(nl — 1, np + 1) -+ nZI(nl’ Ny + 1) return -np.sum(node) d = (O(XS - a) *x 2 + (y - b) *x 2) *x
— = (x **x 2 + *x 2) xx 0.5 - (a *x*
O—nll(n1+1,n2—1)—n11(n1+1,n2)—n21(n1—1,n2+1) P S, 2Y) A
L Priori o
+ mpl(ny,np + 1)+ (n2 — ny) I (ny, no) b i return - (d + p)

17.5 . —
-5 Ellipse-type Priority

15.0

30 iii. Laporta algorithm - "z e
e s s s s s s s s s s s e s e e e e e | n1
10 3iiiiiiiiiiiiiiiiiiiiii, | * Rediscover classic Laporta algorithm in 9 Epoch

............................
............................

: el $iiiiiiiiiiiiiiiiiiiiiiic, 3 * An Ellipse-type algorithm achieve 1000 times improvement

............................
11111111

LLM as a mutation operator in evolution

a|gorithm Zhuo-Yang Song, T1.Z. Yang, Q.H.

17 Cao, M.X. Luo, HXZ, JHEP accepted




LLM-Driven Symbolic Regression

DeepMind, Nature, 2024 F,nSearch

Pre-trained LLM

Prompt

LLM prompt and response:

An example is that: [x+vy], now | need to find
out a better expression to fit the data:

Evaluation

mutation

Programs
database

iIslands

 Combine genetic programming and
LLM mutation

 Explore with state + conceptual space

e Directional exploration within an finite
space of logic

related works: 2404.18400, 2503.07994, 2505.07956, 2510.08317



|ldeaSearch.Fitter

e
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\

https://www.ideasearch.cn/

data

description:
mechanics

Variables:
Vo (m/s) 100 100 200
g(m/s*)em 160 90
r (m) 10 20 30

Target:
vy (m / 5) 459 271 18,1
Oy, (m / 5) 005 003 o008

i

data description=
{

description: “mechanics”,
Variables:{

vy: (m/s), g: (m/s?),r: (m)
}I

Target: v, (m/s)
}

Data
report

Al
expand

Evaluator

N\

_ Z (¥ - )’pzred)z

/

New
ideas

prompt

4

IdeaSearch
Framework

/
Ansatz agent
generate ansatz
using LLM
Ny

\

Evaluated
ideas

/
Database

are adopted
o

\

island and mutation

J

Best chosen
ideas

/

2510.08317

Pareto Frontier \
| fomuls | y/ndf | complexty | lstrue
oy = W 96x1071! 7 True
v, =10Xv,+Jgr 44x10° 5 False
\ v, =30Xv, 3.0 x 107 2 False /

Workflow for Symbolic Regression


https://www.ideasearch.cn/

0.6 1 - A Train Data (Q=2 GeV)
— — |deaSearchFitter (x? = 0.64)
0.5 . A ..o 2
N4 .. ==== PySR Best (x“=1.20)
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(a) u at Q = 2GeV

:L‘fﬂ(fU,Q) — P1 log(l + P2 log(Q)) 10g(%) (1 _ :17) pa+ps log @

https://www.ideasearch.cn/
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Application on PDF fitting

1.6 -

O ® Validation Data (Q=100 GeV)
1449 — — |deaSearchFitter (y? = 37.18)
2 —_—
19 - N PySR Best (y“ =128.98)
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https://www.ideasearch.cn/

Problem of limited exploration

LLMs-agent explore in conceptual
space

However, LLMs exploration is
directional; insufficient exploration

Example: in Symbolic Regression, we
observe repetitive sampling within the
training set

We need to develop a theory for how
LLM explore its conceptual space

Distribution of log10(MSE)
Elapsed Time: 71:53

cy

Most generatio
g are repeat

1.0 1.2
logl0(Mean Squared Error)

High score but low potential

(1&I, AlphaEvolve IE{ & IMABLETE X BIEN
FHERAARE T K. ZERFELINIFNE, XK
1E2ZFTAREIE], FEERNTEEFEFEAE=NTE
ERBRAHEESREMnERENESEAS, DUEHT
ISEME, 3—FHH, WTFHREEERIEMRHIER
285 0L 7T AN 1S # ERY|a)@E, AlphaEvolve 1R
oJgeHIESERTH,

Terrence Tao et al.



Towards a physicist’s view of artificial intelligence

 Microscopic: token dynamics

 Macroscopic: benchmark in
general sense

e mesoscopic: ensemble/states

I Training/Scaling/---

Token Sequences Benchmarks

Pe(y|x), Token m(f), Coarse LV,
Dynamic graining -
Microscopic Macroscopic

Undergraduate thesis:
https://sonnynondegeneracy.github.io/
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A mathematical framework for agent

ﬁdetheia Jie
N ous R esearc h / N““s Powere Zr Gemini Deep Thi
ritically flawed -
hermes-agent §Z | - o
MPEN c l Aw The agent that grows with you ;mblem - ] L ({2 - ;fd E&:{n 1[ "in(“;:’{/): ;éfi “’ mutation >£ o : }
I -
INPUT STATE OUTPUT STATE INPUT STATE OUTPUT STATES

Raw Data f

Tool Normalized Data g
f=1{121), g = {(0.33,0.34),
(2,3.9),  (Normalization) (0.67,0.63),

(3,6.2)} (1.00,1.00)}

Prompt :
f " Fit ptven data LIM B ryend
{(0.33,0.34),(0.67,0.63) Prop g, =" x2+a';p=0.4

,(1.00,1.00)}" g3 ='sin(mx)’;p = 0.1

f !.]1 92
5C:—f) n(g)

s  https://sonnynondegeneracy.github.io/




Operator diagram for agent

An operator diagram example for IdeaSearch.Fitter

Data LLM Database Pareto Ty
Processing Advisor ——  Optimize —
D T, Toareto (A (Taata(T0), Tyrompe (7o) )
Pareto
[])] LLwms
Iteritive
Generation Extractor Dol Tools
T T Teval Agent
prompt 2 A Database

GGH(D) — 7gval O 7-2 O 7-1 (SG](D), 7:1ata (7‘-0) 77;)rompt (7‘-0))

D1 = (Gen (DQ)

recursive refinement D2 = Gen (Do, D)
Dg = Gen (DQ, Dl, DQ)

TTout — 7-Pareto (»A (%ata (7‘-0) 77;)rompt (7-‘-0)))
..  https://sonnynondegeneracy.github.io/
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Source: Huggingface

king - man + woman =~ queen

. Queen
King ®

Man
) Woman

token laten space

-1 -0.5 0 0.5 1

1.5

State Space C

corse-graining

tok

of exploration: from token to concept

NO: total # of sample
N(g<-f): # of g generated

. N(g < f)

No(f)

LLMs
Generation

T(g <)

paraml
paraml
paraml
paraml

param?2

Extract
Phrase

tanh(param2 * x + param3) + param4é
(param2 / (x + param3))

x / (1 + param2 * log(x + 1))

* tanh(param2 * x) + param3

paraml * (1 - exp(-x))

example from Symbolic Regression




Are LLM-agent near equilibrium system?

* \We discover there exist a scaling
law In LLM exploration

 We interpret it as a conseqgquence
of detailed balance

m(g)T(f < g)=7(f)T(g < [)

T(f + g) =T(g f)e—,B(VT(f)—VT(g))

e Can we apply more tools from

equilibrium physics to study LLM

agent?

T — T —

e
%\‘::\\\ —— —

—
b

R
Zhuo-Yang Song, Q.H. Cao, M.X. Luo, HXZ, 2512.10047
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A
= = Detailed balance 2”7
® Data points o :oo |
og% Y
N = 1375
x2/ndf = 2.09
| |
5 10

B(V(f) — V(9g))
Measured in the example of symbolic regression

paraml * tanh(param2 * x + param3) + paramé
paraml - (param2 / (x + param3))

paraml * x / (1 + param2 * log(x + 1))
paraml * tanh(param2 * x) + param3

param2 + paraml * (1 - exp(-x))



Summary

LLM/Agents provide rich opportunities for PHY x Al

Dynamics at microscopic token level: manifold hypothesis and manifestation in
generation dynamics

Macroscopic characterization of LLM/Agents capability:

e Benchmark ]
alignment

 LLM/Agents as a new kind of scientific methods J

Better engineering realization calls for better understanding of the blackbox

e mesoscopic: state space, transition kernel, thermodynamics limit
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