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Scientific Equation Discovery (SED)

[1] Mathematical discoveries from program search with large language models. Romera-Paredes et al (2024)

Find a concise and interpretable mathematical expression that closely models 
empirical observations.

Figure sources [1]
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Kepler’s laws of planetary motionTycho’s observatory data

https://byjus.com/physics/newtons-second-law-of-motion-and-momentum/


Scientific Equation Discovery (SED)

● Mathematical equations vs Predictive model: provide insights, extrapolation, knowledge transfer

[1] Mathematical discoveries from program search with large language models. Romera-Paredes et al (2024)
[2] ICML 2024 Tutorial: Physics of Language Models. Allen-Zhu et al (2024)

Figure sources [1] 4

Find a concise and interpretable mathematical expression that closely models 
empirical observations.

Tycho’s observatory data Newton’s lawsKepler’s laws

https://byjus.com/physics/newtons-second-law-of-motion-and-momentum/


Approaches

● Evolutionary search algorithms 
● DL methods using Transformers
● Recent works have shown that using LLMs for SED is a promising approach

Interpretable machine learning for science with pysr and symbolicregression. Cranmer et al. (2023)
Symbolic regression via deep reinforcement learning enhanced genetic programming seeding. Mundhenk et al (2021)
Contemporary symbolic regression methods and their relative performance. La Cava et al (2021)
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Motivation of using LLMs

● LLMs have the ability to 
○ process vast amounts of scientific literature
○ extract relevant information
○ generate coherent hypotheses

● LLMs have shown the potential to enhance automatic reasoning and 
problem-solving capabilities [1, 2]

[1] Large language models for scientific synthesis, inference and explanation. Zheng et al (2023)
[2] Mathematical discoveries from program search with large language models. Romera-Paredes et al (2024)



Scientific Equation Discovery & LLMs
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● LLM-SR: Scientific equation discovery via programming with large language models. Shojaee et al 
2024

● In-context symbolic regression: Leveraging large language models for function discovery. Merler et 
al 2024. 

● LaSR: Symbolic Regression with a Learned Concept Library. Arya et al (NeurIPS 2024).
● LLM and Simulation as Bilevel Optimizers: A New Paradigm to Advance Physical Scientific 

Discovery. Pingchuan et al (ICML 2024).
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The need of a new SED benchmark

[1] LLM-SR: Scientific Equation Discovery via Programming with Large Language Models

1. Data contamination
A better score might not reflect an improvement but indicating that a model 
memorised the benchmark data.
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Current SR benchmarks

[1] ICML 2024 Tutorial: Physics of Language Models
[2] Rethinking Symbolic Regression Datasets and Benchmarks for Scientific Discovery. Matsubara et al 2024

● AI Feynman dataset (Udrescu & Tegmark, 2020)  
○ 120 equations derived from the Feynman Lectures on Physics

● Strogatz dataset (Strogatz, 2018)
○ 14 equations modeling nonlinear and chaotic dynamical processes

● SRBench (La Cava et al., 2021)
○ combine AI Feynman dataset with Strogatz dataset, different noise levels
○ 14 SR methods

● SRSD (Matsubara et al., 2022)
○  address some issues in the AI Feynman dataset
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LLM-SR found the correct expression of the original but failed on the transformed equation

Creating a new benchmark with transformed equations
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Creating a new benchmark with transformed equations
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Creating a new benchmark with synthetic equations
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LLM-SRBecnh | Metrics
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📊 Data Fidelity + 🎯 Symbolic Accuracy
Data Fidelity: How well discovered equations fit data

● Acc₀.₁ (accuracy to tolerance) + NMSE (normalized error)
● Out-of-Domain testing: True scientific equations must generalize

Symbolic Accuracy: LLM (GPT-4o) as Judge
✅ Handles any hypothesis representations: Programs, expressions, strings
✅ Mathematical equivalence: Beyond exact matching
✅ 94.6% human agreement + Strong OOD correlation
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The need of a new SED benchmark

[1] LLM-SR: Scientific Equation Discovery via Programming with Large Language Models

1. Data contamination
A better score might not reflect an improvement but indicating that a model 
memorised the benchmark data.
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LLM-SRBecnh | Results

19

🔬Key finding: Even state-of-the-art discovery methods using different LLM backbones only achieve 
~31% symbolic accuracy on our benchmark, highlighting the challenging nature of scientific 
equation discovery!



LLM-SRBecnh | Results
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⚠Same complexity 
 

Considerably different 
performance

📈Strong correlation between 
Symbolic Accuracy & OOD 

generalization



Conclusion
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● Introduced LLM-SRBench: A new benchmark addressing data contamination 
in SED

● Proposed Symbolic Accuracy evaluated by an LLM-as-a-Judge
● Highlighted SED Challenge: SOTA methods achieve ~31% symbolic accuracy 

on our benchmark



Thank you
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