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Frontier LLMs Competing in Math and Coding



Why Math and Coding?

● Proxies for complex reasoning and planning
○ Important for human intelligence; challenging for LLMs

● Relatively easy to evaluate
○ Math: just check answers

○ Coding: run some unit tests

○ Writing a crime fiction? Composing a symphony?



How LLMs are Trained to Solve Math Problems?

● Base LLM + two ingredients + engineering

● Supervised fine-tuning (SFT): “Good data is all you need”

● Reinforcement learning (RL): “Verifiability is all you need”



Supervised Finetuning on Mathematical Data
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Supervised Finetuning on Mathematical Data

Math related web 

documents

Problems w/ step 

by step solutions

Problems w/ tool-

integrated solutions

Expensive to collect

Learn from final answer?



Reinforcement Learning on Verifiable Problems

Math problems w/o step 

by step solutions

\boxed{-5, 1, 4}

\boxed{-1, 2, 3}

\boxed{4, 1, -9}

● Compare model generated answer 

with ground truth to assign reward

● Use GRPO to optimize LLM to 

achieve high rewards

● But not applicable to proofs?



Proofs are Hard to Verify



Beyond High School Math

● Advanced math mostly involve proofs

● Existing LLM success are mostly on high-school level concepts

● LLMs struggle with advanced math (research-level)



Problems

● Proofs are important for research-level math

● Data for advanced math are scarce

● Proofs can’t be reliably verified, so RL fails

● What can we do?



Key Ingredient: Formal Reasoning

● Formal reasoning: ground mathematical reasoning in formal systems

● Formal system: can verify proofs and provide ground truth feedback 

● Integrating LLM with formal reasoning enables learning from feedback

● Enables verification of proofs and reasoning



Proof Assistants



Impacts in Math



LLM + Formal Mathematics

Theorem 

There exists an infinite number of primes

Autoformalization

Theorem Proving



● Follow up works uses test time approaches, RL…



Limitations

● Theorem proving relies on using predefined statements/concepts

● Previous work assumes LLM memorizes the library

Mathlib

>300K statements



>300K statements

encode

encode

encode

Maximum cosine 

similarity search

What is the theorem 
that says x mod x is 0?

encode

https://www.leanfinder.org/

● Boost LLM-prover performance, adopted by mathematicians, integrated in many 

agent workflows

https://www.leanfinder.org/


Takeaways

● LLMs struggle in advanced mathematics due to data scarcity and difficulty to 

verify

● Formal systems verify absolute correctness of proofs, provide learning signals

● Training techniques like Expert Iteration & RL takes advantage of verifiability

● Ultimate Goal: verified reasoning that bridge natural language with formal 

verification
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Some slides are adapted from Kaiyu Yang’s talk
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