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Background

➢ 2025 is a year of reasoning models trained via large scale RL

• Extended thinking through long CoT

• SoTA performance on challenging reasoning benchmarks
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Background

➢ Reward is the core component of RL

• Verifiable domain: coding & math & physics, rule-based verifier

• Open domain: creative writing & open QA, model-based verifier

Tülu 3: Pushing Frontiers in Open Language Model Post-Training.
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning.
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Background

➢ Reward is the core component of RL

• Verifiable domain: coding & math & physics, rule-based verifier

• Open domain: creative writing & open QA, model-based verifier

Judging LLM-as-a-Judge with MT-Bench and Chatbot Arena
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Background

➢ Scaling supervision requires prohibitively high human costs

Nemotron-Cascade 2: Post-Training LLMs with Cascade RL and Multi-Domain On-Policy Distillation
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Background

➢ Scaling supervision requires prohibitively high human costs

DeepSeekMath-V2: Towards Self-Verifiable Mathematical Reasoning



Page 9

Background

➢ Unsupervised RLVR (URLVR)

• TTRL, EMPO, RENT, Intuitor, etc

• Derives rewards without ground truth labels
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Background

How Far Can Unsupervised RLVR Scale LLM Training?
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Taxonomy of Unsupervised RLVR
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Taxonomy of Unsupervised RLVR

➢ Unsupervised RLVR = Unsupervised RL + Verifiable Rewards (VR)

• To precisely define the domain of tasks we are studying

• To distinguish from general-domain self-rewarding methods
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Intrinsic Reward Methods

➢ Intrinsic rewards: generated solely by the model itself

• Certainty-Based Rewards: Derive a reward from policy’s confidence (e.g., 

logits) along a trajectory, encouraging low-entropy, high-confidence 

predictions

• Ensemble-Based Rewards: Derive a reward from agreement across 

multiple rollouts (e.g., majority voting), assuming that cross-sample 

consistency correlates with correctness
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Intrinsic Reward Methods

➢ Certainty-Based Rewards: They are different mathematical formalizations for 

rewarding and reinforcing high-confidence predictions
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Intrinsic Reward Methods

➢ Ensemble-Based Rewards: They assume that consistency across independent 

samples correlates with correctness.
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External Reward Methods

➢ External rewards: generate verifiable rewards through external mechanisms

• Leveraging Unlabeled Data for Reward Generation: Large-scale 

unlabeled corpora provide natural verification signals by converting 

language modeling into reward-based tasks.

• Exploiting Generation-Verification Asymmetries: Rather than relying on 

human labels or on the model’s own internal confidence, the verification 

procedure itself acts as an external, objective and infinitely scalable reward.
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The Sharpening Mechanism

➢ Dynamics of one-step update: rich getting richer



Page 21

The Sharpening Mechanism

➢ The model optimized through intrinsic rewards converges towards sharpening 

its initial distribution
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The Sharpening Mechanism

➢ Implication: depending on the model prior

• If confidence aligns with correctness, convergence reinforces good solutions

• If confidence is poorly aligned, the same mechanism amplifies errors

Determined by Initial Patterns

Gradual

CollapseInitial

Gains

Amplifying Correct

Predictions

Amplifying Wrong

Predictions

High Confidence

High Correctness
High Confidence

Low Correctness
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Experiments

When Does Intrinsic URLVR Work?
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When Does Intrinsic URLVR Work?
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When Does Intrinsic URLVR Work?

➢ The rise and fall of intrinsic URLVR: Early Success, Later Collapse

• Qwen3-1.7B-Base on DAPO-math-17k

• Unsupervised Reward: majority voting reward
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When Does Intrinsic URLVR Work?

➢ The rise and fall of intrinsic URLVR: Different Methods, Different Failures

• Qwen3-1.7B-Base on DAPO-math-17k

• Majority Voting & Self-Certainty performs the best
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When Does Intrinsic URLVR Work?

➢ Fine-grained per-problem analysis: In-Distribution Sharpening

• Randomly sample problems from MATH-500, trained separately

• Unsupervised Reward: trajectory-level entropy

For each problem, the heatmap shows 

greedy decoding correctness across 

epochs (blue = correct, red = wrong; 

darker = higher confidence), and the 

green wave indicates whether the 

highest-reward rollout is correct.
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When Does Intrinsic URLVR Work?

➢ Fine-grained per-problem analysis: OOD Generalization

• Randomly sample problems from MATH-500, trained separately

• Unsupervised Reward: trajectory-level entropy
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When Does Intrinsic URLVR Work?

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.
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Experiments

How Can Sharpening from Intrinsic URLVR Be Applied Safely?
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How Can Sharpening from Intrinsic URLVR Be Applied Safely?
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➢ Small Datasets Prevent Model Collapse

• Qwen3-1.7B-Base on DAPO-math-17k (32, 128, 512, 2k, 8k, 16k samples)

• Training with ≤ 128 samples maintains stable performance without collapse

How Can Sharpening from Intrinsic URLVR Be Applied Safely?
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➢ Small Datasets Prevent Model Collapse

• Qwen3-1.7B-Base on DAPO-math-17k (32, 128, 512, 2k, 8k, 16k samples)

• Small datasets induce localized overfitting rather than systematic policy shift

How Can Sharpening from Intrinsic URLVR Be Applied Safely?
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➢ Test-Time Training as a Safe Application

• Qwen3-1.7B-Base on AMC23/DAPO-17k

• Test-time training on AMC23 avoids collapse

How Can Sharpening from Intrinsic URLVR Be Applied Safely?

This indicates that intrinsic 

URLVR may be safely applied 

in test-time training.
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➢ Incorrect Majority Votes Still Improve Reasoning

• Offline-filtering examples where the initial majority votes are incorrect

• Train on 32 filtered samples using the same setting as DAPO-32

How Can Sharpening from Intrinsic URLVR Be Applied Safely?

Even when almost all 32 samples have 

incorrect initial majority votes, 

training still produces effective 

learning without catastrophic collapse. 
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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.

How Can Sharpening from Intrinsic URLVR Be Applied Safely?
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Experiments

How Can We Measure Model Prior?
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How Can We Measure Model Prior?
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How Can We Measure Model Prior?

➢ Pilot Study: Different Models, Different Outcomes

• Compare two pairs from Qwen25 / Llama31 family (base vs. SFT)

• SFT variant in Qwen shows steady improvement, while Llama both fail



Page 41

How Can We Measure Model Prior?

➢ What is model prior?

• Intrinsic URLVR is effective only when the model’s initial confidence is aligned 

with correctness

• Can the strength of this alignment be measured?

➢ Why should we measure it?

• Predict RL trainability without running full RL training to select the base model

• Pass@k has limitations

Model Collapse Step: The training step where Reward Accuracy drops below 1%
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How Can We Measure Model Prior?

➢ Model Collapse Step Accurately Predicts RL Gains

• 7 models from 3 families (OLMo, LLaMA, Qwen)

• Models that survive longer with a larger Model Collapse Step consistently 

yield better results in standard supervised RL training
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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.

How Can We Measure Model Prior?
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Experiments

Can We Move Towards Scalable URLVR?
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Can We Move Towards Scalable URLVR?
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Can We Move Towards Scalable URLVR?

➢ Intrinsic URLVR have the ceiling

• Faces scalability limits rooted in confidence-correctness alignment

• Cannot consistently push the model beyond what it already knows

➢ External URLVR: generate verifiable through external mechanisms

• Leverage unlabeled data structures to derive rewards from the corpus

• Exploit generation-verification asymmetries
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Can We Move Towards Scalable URLVR?

https://www.jasonwei.net/blog/asymmetry-of-verification-and-verifiers-law
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Can We Move Towards Scalable URLVR?

➢ Self-Verification works much better than Trajectory-Level Entropy
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Can We Move Towards Scalable URLVR?

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.
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We are actively working on scalable RL!
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