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1. Outcome supervision 

2. Process supervision



Ograniczenia rozwiązań bazujących wyłącznie na uczeniu 
ze wzmocnieniem

1. Wymaga danych do nadzorowanego pretreningu
2. Ograniczona różnorodność generowanych ścieżek rozwiązań 
3. Nieefektywność przeszukiwań 
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1. Expansion







2. Backpropagation



3. Selection
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“To ensure that the abstractions do not “leak” content of the solution, we verify 
post-hoc that prompting a model with only the abstraction and no problem yields 
zero accuracy when sampling 16 times from the base model. This makes these 
abstractions suitable for our study as they only provide useful information while not 
allowing the model to shortcut to the answer.”

Qu et al. 2025. RLAD: Training LLMs to Discover Abstractions for Solving Reasoning 
Problems https://arxiv.org/abs/2510.02263 

https://arxiv.org/abs/2510.02263


Qu et al. 2025. RLAD: Training LLMs to Discover Abstractions for Solving Reasoning 
Problems https://arxiv.org/abs/2510.02263 

https://arxiv.org/abs/2510.02263


Qu et al. 2025. RLAD: Training LLMs to Discover Abstractions for Solving Reasoning 
Problems https://arxiv.org/abs/2510.02263 

https://arxiv.org/abs/2510.02263


Qu et al. 2025. RLAD: Training LLMs to Discover Abstractions for Solving Reasoning 
Problems https://arxiv.org/abs/2510.02263 

https://arxiv.org/abs/2510.02263

