
Trust, But Verify: A Self-Verification Approach to 
Reinforcement Learning with Verifiable Rewards

Motivation: LLM lacks a notion of correctness

RISE Training Process: (1) Sample a batch of problems and rollout their 
chain-of-thought solutions. (gt=correct ans) (2) Reconstruct the problems and 
their solutions as verification problems using a predefined template. (3) Sample 
a batch of verification problems and rollout their chain-of-thought solutions. 
(gt=sol reward) (4) Jointly optimize both reasoning and verification via RL.

• RLVR improves LLM reasoning, but not robustly, which can 
result in flawed reasoning and suboptimal performance
○ Lack of self-verification
○ “Superficial Self-Reflection (SSR)” (Liu et al., 2025)
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• This “cognitive gap” is usually covered by a verifier model, 
which is often trained and used separately

• Question: Can we teach LLMs to verify their own 
solutions to improve the correctness of their reasoning?

Self-Verification Prompt Template

Results and Analysis: Self-Verification Boosts Reasoning

(RISE-1.5B and RISE-3B results can be found in the paper)

Conclusion
To address the above gap, we propose an RLVR training method, 
RISE, that jointly optimizes reasoning and self-verification 
capability on-the-fly. It internalizes the notion of correctness within 
the policy, which can be leveraged both internally (self-verified 
reasoning) and externally (test-time verification).

• Learning to self-verify further improves reasoning
• Self-verification improves faster than problem-solving 

and scales well with more training compute
• RISE enhances test-time scaling performance 

through self-consistency and weighted majority voting 


