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FOR MORE DETAILS

❖How Can Sharpening from Intrinsic URLVR Be Applied Safely?❖When Does Intrinsic Unsupervised RLVR Work?

❖How Can We Measure Model Prior? ❖Can We Move Towards Scalable URLVR?

Intrinsic URLVR universally follows a rise-then-fall pattern across all methods. Early gains reflect confidence-

correctness alignment in the model's prior, while eventual collapse is inevitable when this alignment breaks down.

Small datasets induce localized rather than systematic policy shift, even training on wrong problems can yield 

gains, making test-time training a safe and practical application.

We propose the Model Collapse Step as a novel indicator of model priors, which measures standard RL trainability 

by tracking reward accuracy collapses during intrinsic URLVR. This indicator achieves accuracy in assessing 

trainability on par with running standard RL itself, but with higher efficiency and outperforming pass@k.

Intrinsic rewards are fundamentally bounded by what the model already knows. External rewards grounded in 

unlabeled data or generation-verification asymmetry provide signals that scale with data and computation 

rather than saturating with model capacity, offering a more promising path towards scalable URLVR.

Success of Intrinsic URLVR depends on if initial confidence aligns with correctness Intrinsic URLVR can be safely applied in Test-Time Training without collapse

Model Collapse Step of Intrinsic URLVR can serve as indicator for RL trainability
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Different Intrinsic Methods

Different Failures

Training amplifies 

initial preferences 

rather than correcting 

errors within the 
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Model collapse can be prevented 

when training data is sufficiently 

small and domain-specific.

Model Collapse Step correlates strongly with GT 

Gain, better than Pass@k Gain as indicator.
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