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From data  to model

From model to data
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• Advantages: interpretability, conciseness, universality

Human exploration of natural laws:

• Disadvantages: long period, preconceived notion,

                                    insufficient ability to handle complex problems

New 
paradigm?
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Symbolism Connectionism Behaviorism
• intelligence represents by 

relations of concepts

• intelligence emerges from  

connection of neurals

• intelligence learns in 

feedback of environment

Large Language Model
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LLMs: rapid advancement in recent years
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LLMs and their derivative products excel in general domains

• Chat client

• Coding • Research

• Translation

• Paper review

• Paper writng
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Reddy and Shojaee, 2412.11427

Continuous and autonomous scientific discovery?

Still an open issue!
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• Linear Regression: � � + � to describe a given dateset

• Symbolic Regression (SR): A functional expression describing variables in a given dataset

• Without prescribing the specific form of the function

Kepler  Genetic programming SR

From Manual to Automated
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Classify by algorithmic principles

Recent Advances in Symbolic Regression
Interpretable Scientific Discovery with Symbolic Regression: A Review

• Based on Genetic Programming, such as Bingo

• Based on Sparse Identification, such as PySINDy

• Based on Bayesian/Probabilistic Model, such as HierBOSSS

• Based on Symbolic Search/Tree Exploration, such as QLattice

• Based on NN and/or LLMs, such as AI Feynman, Deep Symbolic Optimization, IdeaSearch

https://dl.acm.org/doi/10.1145/3735634
https://arxiv.org/abs/2211.10873
https://ntrs.nasa.gov/citations/20220005435
https://arxiv.org/abs/2111.08481
https://arxiv.org/abs/2509.19710
https://arxiv.org/abs/2104.05417
https://arxiv.org/abs/1905.11481
https://arxiv.org/abs/2505.10762
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Applications in Feynman Integrals
• Extract the full symbol alphabet of multi-loop Feynman integrals

Liu, Xu and Zhang, 2412.11427
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• Automatic Discovery

• Interpretability

• Limited expressive capability 

• Search space explosion

• Limited cross-problem transferability

  Symbolic Regression:
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FunSearch = LLM + Evaluator + Evolutionary Search

• Iterative evolutionary procedure

• At each iteration, the LLM is shown a 

selection of the best programs it has 

generated so far (retrieved from the 

program database).

• LLM generates new programs, which are 

automatically evaluated.

• The best one are added back to the 

programs database for the next iteration.

Romera-Pareds, et al., Nature 625, 468–475 (2024)

Funsearch: find programs instead of symbolic functions
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The applications of Funsearch:

• Objective: Finding the largest set of 

points in high-dimension grid, where 

no three points lie on a line.

Cap set problem in two-dimension grid
• FunSearch generated programs that 

discovered the largest cap sets found 

in 20 years
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• Automatic Discovery

• Interpretability

• Flexible expressive capability

• Extremely high cost, slow convergence, strong randomness

• Limited cross-problem transferability
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• Explore relations for a set of data

• Symbolic regression, funsearch, …

Specific model for one experiment

General model for a large set of experiments

• How to define and explore relations between specific models?

Throw an apple 

parabolic path 

universal 
gravitation and 
Newton’s laws

 Is it possible for AI to reproduce human’s theories?
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 Knowledge base (experiment + theory):

stores and manages structured knowledge

 Knowledge representation：

employs a physical domain specific language(DSL)

 Autonomous discovery workflow：

continuously explores physical laws,

collaboratively updates both general and specific knowledge

core:  physical concepts

core：plausible reasoning

2. Reduced 
search space

Fang, Jian, LX, YQM, 2504.01538

1. Concise laws

Replaced by 
LLM agents for 
real discovery
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 Based on noisy data, important natural laws are discovered!
 Unsupervised! Without prior physical knowledge! Fang, Jian, LX, YQM, 2504.01538
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Statistical analysis of concept discovery timing:

 Incremental progression, diversity

(Roman numerals for era numbering)

Fang, Jian, LX, YQM, 2504.01538
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• Automatic Discovery

• Interpretability

• Cross-problem transferability within certain area

• Efficient compressed Search space

• Limited expressive capability

• High cost in mathematics
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First AI-assisted paper of theoritic physics published on PLB

hsu, 2511.15935
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But maybe a false alarm

• Flaw has been pointed out 
Oppenheim, 2512.07809
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Caused from the inherent complexity of natural sciences

• Long, multi-step and unstructured reasoning

• Modeling of real-world scenarios

• Understanding of fundamental laws

• Implicit constraints

• Deterministic & probabilistic, precise & approximate

• …

Hard to detect due to logical leaps in the provided answers
• Both human and AIs alike tend to omit steps they consider "obvious"

LLMs’ reliability often drops in scientific problem-solving

Prioritize perfect performance over cost control
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Logical Chain Augmentation (LOCA)

• Enforcing logical completeness and structurally decomposing reasoning steps into 

verifiable principles and derivations, within an augment-and-review loop

Fang,  Jian, LX, et al., 2510.01249 

Jian, LX, et al., 2511.10515
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Jian, LX, et al., 2511.10515
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The Chinese Physics Olympiad (CPhO): a premier national 
physics competition organized annually in China

For our evaluation, we focus on the theory examination of the 
42nd CPhO 2025 (final round held in Fuzhou at the end of 
October)

• Demands of long, multi-step reasoning

• Multimodal problems

• No data contamination issue
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Overall performance of LOCA-R on four mainstream LLMs

• Total scores for th. Problem: 320

• Highest score of human: 207

Jian, LX, et al., 2511.10515
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Comparison of LOCA-R and more baselines
Jian, LX, et al., 2511.10515
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Example: perturbative Quantum Field Theory

�− + � → �− + �
Dirac Algebra: e.g. Tr ���������������� 

Family Decompose: |�|2 = �����

Feynman Integral
Integral Reduction  �� = � �����

Integral Calculation  
�
��
� = � ∙ �
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Guide LLM to solve heavy reasoning problem step-by-step

Correct errors

https://doi.org/10.
1038/s42005-025-
01956-y

• Evaluator for judging
(in these paper, a human evaluator is used)

• Reviewer for extracting errors and explanation

https://doi.org/10.1038/s42005-025-01956-y
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Memory RAG(Retrieval-Augmented Generation)

Difference Memory RAG

Data Updates Atomic, 
Frequent Batch, Infrequent:

Primary Use
personalized, 
dynamically 
evolving facts

general-purpose, 
relatively static 
domain knowledge
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Tool calling

MCP(Model Context Protocol)

Leave professional work to professional tools

Standard protocol for communication 
between LLM and Services

• What tools?

• How to use?

• When to call?

https://resources.wolframcloud.com/PacletRe
pository/resources/Wolfram/MCPServer/

https://resources.wolframcloud.com/PacletRepository/resources/Wolfram/MCPServer/
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Single-LLM belike： Multi-Agent belike：
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• Fully Automated 

Workflows

• Human-AI 

Collaboration

• knowledge-augmented 

research platforms

Google
co-scientist
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Effective Hamiltonian Predictions of decays

Miao, et al., 2512.19799

automates a derivation that traditionally requires substantial expertise 
in weak interactions and flavor symmetry
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 Human scientific discovery necessitates a new research paradigm, AI may help

 From theory to data:

Thank you！

 AI for scientific discovery: remains in its infancy, but very promising

• AI surpasses human experts for established fields
• AI improves fast for frontier fields 

 From data to theory:

• Plenty of ideas proposed
• Surpasses human experts in many topics
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For the following question

The raw answer is
• Non-atomicity

• Implicit justification
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The complete and structured answer with logical rigor



45/40

The complete and structured answer with logical rigor


