
Partial Differential Equations (PDEs) are an essential part of 
representing a plethora of physical and social phenomena; 
therefore, developing new ways to approximate or even solve 
PDEs has a considerable impact on all scientific disciplines.   

Fig. 1. Burger’s Equation starting from Gaussian initial condition.
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Fig. 2. Physics Informed Neural Networks (PINNs) were 
introduced in 2017 to make neural networks better at finding 
solutions to PDEs that converge in a way that more closely follows 
the underlying physics. 

The most important aspect of this research is Google’s FunSearch 
algorithm. It uses the power of Large Language Models (LLMs) 
and genetic algorithms (GAs) to evolve python functions that 
attempt to optimize mathematical problems. 

Fig. 4. Model of the evaluation portion of the new algorithm which 
incorporates the physical evaluation metric alongside the data-based 
evaluation metric. The proposed algorithm is as follows:
- An LLM is prompted to answer a physics question and told to output 

a sample solution function in LaTeX form.
- The function is evaluated using the data-based and physics-based 

evaluation metrics.
- This is then fed into the database and organized based on the 

evaluated score.
- Prompts are then picked from the database with previous solutions 

given by the LLM and fed back into the process.
- This is repeated until an exact or good enough solution is found, or 

it is stopped by whoever is running the program.

- Evaluate LLMs abilities to solve PDEs with zero-shot prompting.
- Incorporate the physical evaluation metric found in PINNs to help 

aid FunSearch.
- Improve upon the current SOTA for PDEs.

When evaluated on the Burger’s equation showcased in Fig. 1., the zero-shot 
prompted Gemma 2 with 9b parameters was able to achieve a very low 
evaluation score of ~0.015. This number was calculated using 2,500 points from 
a domain of -100 < x < 100, -500 < t < 500 which were then evaluated and 
averaged using a mean square error. These results give an optimistic view of 
what is to come when the prompts of the LLM are evolved. The zero-shot 
prompted LLM being able to score so well on the viscous Burger’s equation 
suggests that:
1. Through more sophisticated prompt engineering techniques,
2. … larger, mathematically fine-tuned LLMs,
3. … and genetic evolution,
4. … LLMs may be able to accurately approximate or even solve more difficult 

differential equations of all types.

Because the LLMs are used more as ‘creativity engines’ rather than black-box 
optimizers like neural networks, thought processes and methods can be 
extracted and even studied to fuel future discovery by human scientists, or even 
more sophisticated LLMs.

- Implement the GA that guides the evolution of the prompt.
- Experiment with evolving a code prompt with the same ideas as 

the LaTeX prompt.
- Experiment with inputting raw data into LLMs and attempting to 

optimize based on this data.
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Fig. 3. A model 
showing the 
steps behind 
the FunSearch 
algorithm.
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