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AI-Newton: A concept-driven physical law discovery system without prior
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While current artificial intelligence (AI)-driven methods excel at deriving empirical models from individual
experiments, a significant challenge remains in uncovering the common fundamental physics that underlie these
models—a task at which human physicists are adept. To bridge this gap, we introduce AI-Newton, a framework
for concept-driven scientific discovery. Our system autonomously derives general physical laws directly from
raw, multiexperiment data, operating without supervision or prior physical knowledge. Its core innovations are
twofold: (1) proposing interpretable physical concepts to construct laws and (2) progressively generalizing these
laws to broader domains. Applied to a large, noisy dataset of mechanics experiments, AI-Newton successfully
rediscovers foundational and universal laws, such as Newton’s second law, the conservation of energy, and the
universal gravitation. This work represents a proof-of-concept step toward autonomous, humanlike scientific
discovery.
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I. INTRODUCTION

For centuries, the ultimate goal of fundamental physics
research has been to describe a wide range of phenomena
through a small number of discovered laws. Advances in
artificial intelligence (AI) have made AI-driven scientific dis-
covery a highly promising new paradigm [1]. Although AI
has achieved remarkable results in tackling domain-specific
challenges [2,3], the ultimate aspiration from a paradigm-
shifting perspective still lies in developing reliable AI systems
capable of autonomous scientific discovery directly from a
large collection of raw data without supervision [4,5].

Current approaches to automated physics discovery focus
on individual experiments, employing either neural network
(NN)-based methods [6–25] or symbolic techniques [26–33].
By analyzing data from a single experiment, these methods
can construct a specific model capable of predicting future
data from the same experiment; if sufficiently simple, such
a model may even be expressed in symbolic form [34–36].
Although these methods represent a crucial and successful
stage toward automated scientific discovery, they have not yet
reached a discovery capacity comparable to that of human
physicists.
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Human scientists advance further by discerning common
patterns across specific models from different experiments
and, on that basis, formulating general models that account
for data from all such experiments. For instance, Newtonian
mechanics provides a unifying and interpretable framework
by defining meaningful physical concepts and formulating
general laws that are valid across diverse phenomena. There-
fore, a central challenge for AI-driven scientific discovery is to
evolve beyond descriptive data fitting for isolated experiments
toward autonomous systems capable of extracting general
theories.

In this article, we present AI-Newton, a concept-driven
discovery system, which is designed for the critical question:
How to extract concepts and general laws from problem-
specific models. AI-Newton integrates an autonomous dis-
covery workflow that is fundamentally built upon plausible
reasoning and physical concepts. Given a collection of phys-
ical experiments, AI-Newton can gradually formulate a set
of general laws applicable across a wide problem scope with
neither supervision nor any prior physical knowledge. As a
proof-of-concept implementation [37], we apply AI-Newton
to classical mechanics. Across 46 diverse experiments, it
successfully rediscovers Newton’s second law, energy con-
servation, universal gravitation, and other foundational laws.
This controlled setting provides a verifiable initial test of
cross-experiment theory formation.

II. KNOWLEDGE BASE AND
KNOWLEDGE REPRESENTATION

AI-Newton contains an experiment base and a theory base,
as shown in Fig. 1. The experiment base stores physical
experiments and corresponding simulated data generators.
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FIG. 1. AI-Newton’s experiment base, theory base, and autonomous discovery workflow.

The inputs for each experiment include only the physi-
cal objects involved, geometric information, experimental
parameters, and space-time coordinates, which define an ex-
periment. To emphasize that no prior physical knowledge is
used, all other concepts, such as mass or energy, are au-
tonomously discovered in AI-Newton. The output of each
experiment is simulated data with statistical errors.

The theory base stores physical knowledge explicitly in
an interconnected library of symbols, concepts, and laws.
This design mirrors how human physicists construct concise,
universal laws from conceptual building blocks. In contrast
to prior work, which interprets latent features in NNs as
physical concepts [23,38,39], AI-Newton represents concepts
and laws in an explicit, symbolic form. This greatly enhances
interpretability and makes the acquired knowledge capable
of transferring to new problems. Moreover, the introduction
of powerful intermediate concepts allows complex physical
laws to be expressed concisely, which in turn makes them
more amenable to discovery through techniques like symbolic
regression (SR) [26–36]. Initially, the concept layer contains
only space-time coordinates; new concepts are autonomously
defined and registered using a dedicated physical domain-
specific language (DSL). (See Supplemental Material [40] for
details.)

A robust knowledge representation is crucial because our
goal is for the AI to discover generalizable knowledge across
diverse systems, which requires transferring knowledge be-
tween different problems. To achieve this, we designed a
physical DSL with a well-defined structure. This DSL not
only formulates equations but also encodes the properties of
physical objects and the relationships between physical quan-
tities. For instance, given the known concepts of coordinate x
and time t , the velocity of a ball can be defined in the DSL as

Cid := ∀i: Ball, dx[i]/dt, (1)

where i indexes the balls and Cid denotes the symbol of
velocity. In addition to dynamical concepts like velocity,
the system also automatically identifies two other types: in-
trinsic concepts (e.g., mass, spring constant), which depend
solely on specific physical objects, and universal constants
(e.g., the gravitational constant), which are independent of all

other quantities. Both are defined by documenting their mea-
surement procedures. For example, mass of a ball could be
defined as

Cid′ := ∀i: Ball,

Intrinsic [ExpName(o1 → i, o2 → s), L[s] − L0[s]], (2)

where ExpName is the name of an experiment. In this ex-
periment, the measured ball i is suspended from a fixed
spring s, and the spring elongation L[s] − L0[s] serves as
the measurement of the mass. Recording the measurement
procedures of intrinsic concepts is essential, since it allows the
value of an intrinsic property to be retrieved by invoking its
defining experiment, ensuring conceptual consistency across
different problems. A summary of representative concepts au-
tonomously discovered and categorized within this framework
is provided in Table I.

These explicit concepts serve as the building blocks for
the laws layer, which stores discovered physical laws, such
as conserved quantities and dynamical equations. The laws
are categorized into specific laws (valid for one experiment
with specific forms) and general laws (valid across diverse
experiments with general forms). Within this framework, prior
research in AI-driven physics discovery has concentrated on
identifying specific laws. The introduction of general laws
enables AI-Newton to simultaneously describe physics in var-
ious complex systems with compact and unified formulations.
For instance, consider a system with a ball on an inclined
plane connected to a fixed end via a spring. By applying the
general law discovered by AI-Newton (Newton’s second law

TABLE I. Representative concepts autonomously discovered by
AI-Newton, categorized by their numerical dependencies.

Category Dependence Examples

Dynamical Objects and experiments v, T
Intrinsic Specific objects only m, k
Universal Fully independent G, g
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in the x direction),

∀i : Ball, miai,x + (∇iVg)x + (∇iVk )x = 0, (3)

the more complex dynamical equation of the ball can be
concretely derived as

max − cxcz

c2
x + c2

y + c2
z

mg

+
[(

c2
y + c2

z

)
x − cx

(
cyy + czz

)]
(
c2

x + c2
y + c2

z

)
L

k�L = 0, (4)

where (cx, cy, cz ) is the normal vector defining the inclined
plane. For multiobject systems, concrete dynamical equa-
tions can be much more complex than the general laws,
making them hard to be obtained using previous symbolic
approaches. These cases highlight the efficacy of our concept-
driven hierarchical approach.

III. AUTONOMOUS DISCOVERY WORKFLOW

The autonomous discovery workflow in AI-Newton con-
tinuously distills knowledge—expressed as physical concepts
and laws—from experimental data, as shown in Fig. 1. Plau-
sible reasoning, a method based on rational inference from
partial evidence [41,42], is the key to discovering knowledge.
Unlike deductive logic, it produces contextually reasonable
rather than universally certain conclusions, mirroring scien-
tific practice where hypotheses precede rigorous verification.

The workflow initiates each trial by selecting an exper-
iment and a few concepts from the knowledge base. This
selection is governed by a recommendation engine utilizing a
value function inspired by the upper confidence bound (UCB)
method [43–47] to balance exploration and exploitation. Both
experiments e and concept combinations c are prioritized by a
unified score

Ut (x) = pθ (x)Qt (x) + 1√
1 + Nt (x)

, (5)

where x ∈ {e, c} and Nt (x) is the selection count. The quality
Qt (x) is exponentially updated by rewards rt : For experi-
ments, rt (e) = rsl

t + rgl
t + rin

t measures the count of newly
updated specific laws, general laws, and intrinsic properties;
for concepts, a binary reward rt (c) ∈ {0, 1} indicates whether
the combination yielded valid relations. The prior probability
pθ (x) is constantly 1 for experiments, while for concepts,
pθ (c) is predicted by an NN. The NN is dynamically updated
via a time-decaying loss L(θ ) = ∑

j w j (pθ (c j ) − δ j )2, learn-
ing from historical binary success labels δ j . This mechanism
enables the emulation of humanlike learning (see Supplemen-
tal Material [40] for details).

To ensure that the workflow establishes foundational
knowledge before tackling complex experiments, we intro-
duce an era-control strategy. Within a given era, every trial
must conclude within a specific wall-clock time limit. If no
new knowledge is acquired after a sufficient number of tri-
als, the system advances to a new era with an exponentially
increased time limit. Consequently, this strategy keeps the
system focused on simpler experiments in the early phases.

The next step of each trial is to explore new laws from the
selected experiment and concepts. For specific-law discovery,

AI-Newton searches for relations by an SR method combining
direct instantiation-verification and differential polynomial
regression based on principal component analysis (PCA)
[48–51]. The relations are given as

nB∑

i=1

ciBi − D = 0, (6)

where ci are numerical coefficients, Bi are rational combina-
tions of concepts, and D is a constant. New general laws may
also emerge by extending an existing one through plausible
reasoning, which mirrors human research practice to heuristi-
cally leverage existing general laws. If a previously discovered
general law is instantiated in the current experiment as E but
fails to hold, AI-Newton attempts to modify it with a simple
correction term:

E + cB − D = 0. (7)

For example, kinetic energy conservation is instantiated as
E = T , in a single-spring system, where T is kinetic energy,
then AI-Newton may obtain

T + ckx2 − D = 0, (8)

which restores a conserved quantity. In both routes, candidate
expressions are accepted only after passing rigorous statistical
hypothesis testing (e.g., a χ2 test with α = 0.05).

The aforementioned process may generate redundant
knowledge causing an explosion in both the theory base
and search space that severely hinders continuous discovery
under limited resources. To address this, AI-Newton sim-
plifies physical laws into minimal representations in each
trial. For the example shown in this article, we employ the
Rosenfeld-Gröbner algorithm [52–55] from differential al-
gebra to perform the simplification. During this reduction,
expressions are evaluated using a recursive syntax-based
complexity metric, which serves strictly as a lexicograph-
ical rule to prioritize simpler forms. Furthermore, through
controlled-variable analysis, AI-Newton numerically identi-
fies the dependencies of relations on physical objects and
experimental parameters, using these dependencies as the ba-
sis for classification.

After identifying new laws, AI-Newton extracts new con-
cepts from the processed results through plausible reasoning:
A conserved quantity in the current experiment suggests
broader utility, triggering its extraction as a new concept.
Similarly, it proposes new general laws from directly searched
specific laws that also hold in multiple other experiments. Cru-
cially, AI-Newton autonomously determines the domain of
applicability for each general law. A specific law is abstracted
into a general law only if it mathematically holds across at
least ngl

exp different experiments, where ngl
exp is a predefined

hyperparameter. All accumulated knowledge is then updated
to the theory base.

IV. REDISCOVERING LAWS
OF NEWTONIAN MECHANICS

To evaluate AI-Newton’s performance, we apply it to
Newtonian mechanics problems, focusing on a set of 46 pre-
defined experiments. These experiments involve three primary
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FIG. 2. Schematic of tested experiments and main general laws discovered. Some complex configurations are omitted for clarity. See text
for details.

types of physical objects: balls (either small balls or celestial
bodies), springs, and inclined planes. The experiments are
designed to investigate both isolated and coupled systems, as
illustrated in Fig. 2, including

(1) free motion of individual balls and springs;
(2) elastic collision of balls;
(3) coupled systems demonstrating translational vibra-

tions, rotational oscillations, and pendulumlike motions;
(4) gravity-related problems, such as projectile motion

and motion on inclined planes, along with complex spring-ball
systems;

(5) celestial mechanics problems involving gravitational
interactions.

The complexities of experiments are systematically in-
creased by varying the number of physical objects and spatial
dimensions, encompassing high-degree-of-freedom problems
such as coupled oscillations of chained two-ball-two-spring
systems on inclined planes, rotational dynamics of four-ball-
four-spring systems, and other complex configurations. To
evaluate the workflow under controlled statistical uncertainty,
all test data are generated by solving differential equations and
adding independent Gaussian errors. Under rigorous valida-
tion criteria, the relative noise level in these tests is set up to
∼1% (or ∼0.01% for experiments involving universal gravita-
tion). Since the accumulation loop operates on validated laws
rather than on raw data, these data-facing conditions are sep-
arable from the cross-experiment accumulation mechanism
under study.

We evaluated the performance of our proof-of-concept im-
plementation on an Intel Xeon Platinum 8370C (128 threads
@ 3.500 GHz) platform with NVIDIA A40 GPU, configured
with 64 cores for parallel processing. With max trials set to
1200 and an average run-time of 48 h, the system identified
approximately 90 physical concepts and 50 general laws on
average across the test cases. A catalog and classification
are provided in Supplemental Material [40]. The discoveries

include significant general laws such as energy conservation
and Newton’s second law along with their relevant concepts,
as shown in Fig. 2, and together describe the tested systems
from simple to high-degree-of-freedom configurations.

Statistical discovery progression on ten test cases is illus-
trated in Fig. 3, showing the timing distribution of important
concept discoveries. This discovery progression exhibits an
incremental pattern, where AI-Newton first explores simple
concepts (e.g., mass) before advancing to more complex ones
(e.g., force). For example, kinetic energy is first discovered in
elastic collisions, after which plausible reasoning introduces
elastic potential Vk , gravitational potential near Earth’s surface

FIG. 3. Statistical analysis of concept discovery timing on ten
test cases, recording the mean and standard deviation of discovery
timings for key concepts. Number of trials means the number of
analysis trial attempt has been done, not distinguishing which ex-
periment. Roman numerals (I, II, ...) in the background indicate the
eras defined by the era-control strategy.
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Vg, and universal gravitational potential VG when this conser-
vation law fails in broader experiments, ultimately yielding
energy conservation. The discovery of Newton’s second law
follows an analogous progression: It is first proposed in a
simple experimental context and then generalized through
plausible reasoning.

It is important to emphasize that the system is able to
independently discover and unify fundamental concepts from
disparate physical contexts. For instance, it can derive the
concept of “mass” through two distinct experimental routes:
from the static elongation of a spring under gravity (defin-
ing gravitational mass, mg) and from the experiment of a
horizontal spring-mass oscillation system (defining inertial
mass, mi). Critically, the system then autonomously verifies
the numerical equivalence of mg and mi, effectively indicat-
ing a cornerstone of general relativity—the weak equivalence
principle—from raw data alone. Furthermore, although sym-
metry is not presented as a concept in the discovery process,
the discovered invariants and laws implicitly respect the un-
derlying physical symmetries of the experimental data, like
spatiotemporal translation invariance in isolated systems. Ex-
plicitly representing symmetry as concepts and incorporating
it into general laws will be left for future work.

To further clarify the distinction from conventional sym-
bolic regression, we performed task-aligned comparisons
with representative single-dataset methods, including direct
trajectory fitting (PySR and Operon) and derivative-based
equation discovery (SINDy variants). In representative many-
degree-of-freedom systems, these methods produce either
experiment-specific fits with poor extrapolation or differential
equations with unstable rollout. In contrast, the law instan-
tiated from AI-Newton remains compact, interpretable, and
predictive. Detailed comparative results are presented in Sup-
plemental Material [40].

V. SUMMARY

We introduce AI-Newton, a framework designed for the
autonomous construction of a transferable theoretical frame-
work directly from raw, multiexperiment data, operating
without supervision or prior physical knowledge. By extract-
ing unifying concepts and general laws that span diverse
systems, this approach moves beyond descriptive data fitting

on isolated experiments. Our main contributions are based
on plausible reasoning, enabling us to (1) propose physical
concepts from the extracted laws and (2) extend an existing
general law by adding new terms, thereby adapting it to
describe a wider range of experiments. Introducing inter-
pretable physical concepts allows discovered laws to remain
concise, making them more tractable for SR to identify. Fur-
thermore, iteratively constructing general laws from existing
ones enables a gradual, scalable discovery process. Applied
to a large, noisy dataset of mechanics experiments, this
proof-of-concept implementation of AI-Newton successfully
rediscovers foundational laws, including Newton’s second
law, the conservation of energy, and the law of universal grav-
itation. This work thus constitutes an initial step toward AI
systems capable of contributing to frontier scientific research.

As a first step, we employ AI-Newton to rediscover known
physical laws—a task where direct reliance on large lan-
guage models (LLMs) can make it difficult to distinguish
autonomous rediscovery from recall of existing knowledge.
The symbolic-regression search interacts with the discovery
loop through a defined interface—within each trial, it receives
the processed data of the selected experiment together with the
concepts recommended by the theory base and returns candi-
date relations expressed in the DSL, with acceptance decided
by the validation rules external to the search—so it can be re-
placed by other symbolic-regression methods without altering
the remaining workflow. In future applications to frontier sci-
ence, however, the DSL, the recommendation engine, and the
plausible reasoning components of the framework could be
replaced or augmented by LLMs. This integration could pro-
vide the system with access to existing scientific knowledge,
enabling a more informed and efficient discovery process.
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