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1. Introduction

Discovering explicit physical laws has traditionally
depended on human intuition and domain expertise.
Recent advances in artificial intelligence, particularly
large language models (LLMs), offer a new route to ac-
celerate this process by automating key steps from hy-
pothesis generation to interpretable model construc-
tion. Here we develop an LLM-based multi-agent
framework for physical-law discovery that integrates
literature-guided variable selection, hypothesis for-
mulation, symbolic regression, formula derivation,
and mechanistic explanation. We validate the frame-
work on three representative materials problems:
the glass-forming ability (GFA) of metallic glasses,
the Vickers hardness of compounds, and the Young’s
modulus of multi-component alloys. Using physically
and chemically meaningful descriptors as inputs, the
discovered formulas achieve strong agreement with
reference data, with correlation coefficients up to 0.94
(GFA), 0.86 (hardness), and 0.94 (Young’s modulus),
while remaining compact and interpretable. Beyond
fitting, the Young’s modulus formula generalizes to
quaternary and quinary alloys, improving prediction
accuracy by up to 78.8% relative to the classical rule
of mixtures. By integrating cross-disciplinary knowl-
edge, reflection mechanisms, and expert-like reason-
ing ability into symbolic regression, our Al-centric
framework offers a robust and extensible platform
for automated physical laws discovery, demonstrat-
ing that Al can increasingly serve as an essential role
in modern scientific research by thinking and acting
like field experts.

2. Substantial section

We introduce a general LLM-driven multi-agent
framework [1, 2] for the automated discovery of phys-
ical laws from scientific data. The framework orches-
trates multiple agents to emulate core stages of the
scientific workflow, including literature review, hy-
pothesis generation, data curation, symbolic regres-
sion, and the derivation and interpretation of closed-
form equations (Fig. 1). Methodologically, our sym-
bolic regression module combines beam search with
LLM-based reflection mechanisms [3, 4] to propose,
evaluate, and iteratively refine candidate expressions
in a structured manner. We evaluate the framework
on three representative materials-science problems:
predicting the glass-forming ability (GFA) of metallic
glasses, the Vickers hardness of compounds [5], and
the Young’s modulus of multi-principal element al-
loys (MPEAs) [6]. Using Gemini-2.5-flash as the base
model, the discovered formulas achieve predictive

performance of up to R?> = 0.94, 0.86, and 0.94 on
these tasks, respectively (Table 1). Because exper-
imental materials data can be noisy and heteroge-
neous, predictive metrics alone may not fully reflect
the scientific utility of the inferred laws. To further as-
sess practical value and generalization, we apply the
discovered Young’s modulus equation to the design
of previously unseen quaternary and quinary MPEAs.
The resulting formula reduces the mean absolute per-
centage error (MAPE) by up to 78.8% relative to exist-
ing empirical relations, while offering substantially
higher computational efficiency than first-principles
calculations and foundation atomic models. Together,
these results demonstrate that LLM-enabled multi-
agent reasoning can bridge data-driven learning and
interpretable symbolic modeling, providing a scal-
able route toward automated, physically meaningful
law discovery across scientific domains.

2.1 Related work

Scientific progress is often marked by the discov-
ery of compact physical laws—-from Newton’s laws of
motion to Kepler’s laws of planetary dynamics [7]-
typically expressed as explicit mathematical equa-
tions that expose underlying mechanisms. Such
laws not only summarize observations but also en-
able explanation, extrapolation, and the formation
of new conceptual frameworks; indeed, paradigm
shifts frequently co-evolve with the articulation of
new governing principles [8]. Although modern deep
learning models can deliver highly accurate predic-
tions, their limited interpretability hampers the ex-
traction of mechanistic insight and generalizable sci-
entific understanding. In contrast, closed-form ex-
pressions directly encode relationships among vari-
ables and therefore provide a natural basis for in-
terpretation and theory building. Consequently, in-
ferring interpretable equations from experimental
and simulation data remains a central challenge in
data-driven science. Symbolic regression (SR) has
emerged as a leading explainable approach for this
purpose, aiming to identify analytical expressions
that best describe the dependencies among physical
variables [9, 10]. More recently, LLMs, leveraging ex-
tensive pre-training and strong priors over scientific
syntax and concepts, have been incorporated to guide
and accelerate SR, thereby improving the automated
discovery of governing equations [11, 12, 13]. How-
ever, an end-to-end pipeline for discovering physi-
cal laws, spanning literature-based data collection,
hypothesis generation, symbolic formula derivation,
evaluation, and interpretation, remains limited.
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2.2 Figures and tables

Data Preparation - Symbolic Regression
- Prompt Generation by LLM Inspection
& General Instruction F1 = params[0] * (Tl - Tg) F1: ERROR because
i P /(Tx-Tg) P Tx-Tg=0insome
> >
et Formulas Memory F2 = params[0] * (Tx - Tg) data
Variables Output requirements /(TI-Tg+1) ... F2: VALID
=P { Interpretation Y,
& .
perators 7'y -
Data collection Valid
Expressmns‘ y
Composition Tg Tx Tl Rc "
PdyCusoNisgPpo 577 6576 847 0.1 Self-reflection Memory Evaluation
| LaggAlgNisgCuy, 458.3 547.2 835 16.3 | 1. Current trajectory L->(F=a*(Tl-Tx)/
shows a trend... < (Tx-Tg+ 1): 1.072)-> (F < F1: ERROR
. a 2. Inverting the =a*(Tx-Tg)/(TI-Tg+ F2: SCORE = 1.021
terms... 1): 1.021)
: \\ J o J

Formulas Explanation b

Variables T T g
{ Interpretation } F =076 (7") - (T—") 03 Depth-2 Depth-N

Operators g = N W N ————=1 WO (o, —-—-- v s 1

+ Root D4 [ ! Best Formula T T
inati i X P J F=076(2)— (£
kA joed ! —) T, Ty
g !
N . . Score = 0.987
_____ 5 comos boocooo

Fig. 1: Schematic of the proposed multi-agent framework for physical-law discovery. (a) A reasoning LLM
conducts literature review and supports data preparation. (b) Multi-agent collaboration for proposing,
evaluating, and refining candidate formulas with trajectory-based feedback. (c) Beam search balances
predictive accuracy and expression complexity by retaining the top-K candidates at each depth. (d) An
explanation agent with RAG contextualizes and interprets the discovered formulas.

Table 1: Average predictive performance of DeepSeek-V3 and Gemini-2.5-flash across the considered tasks. Metrics
are reported as “train / test” for the root-mean-square error (RMSE) and coefficient of determination (R?).
Best values are highlighted in italic.

Task DeepSeek-V3 Gemini-2.5-flash
RMSE R? RMSE R?
GFA (log[K/s]) 243/241 0.80/0.82 192/152 0.89/0.94
Hardness (GPa) 5.05/4.86 0.84/0.84 4.90/4.52 0.85/0.86

Young’s modulus (GPa) 40.73/39.86 0.72/0.73* 21.50/20.75 0.94/0.94

2 For the Young’s modulus task, one of the three DeepSeek-V3 runs failed to produce a competitive
formula, leading to a markedly lower average. The three runs yielded R? values of 0.94/0.95, 0.36/0.36,
and 0.87/0.89 (train/test), respectively.
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