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📄 Madaan et al. (CMU et al.) “Self-Refine: Iterative Refinement with Self-Feedback” (NeurIPS2023)

SELF-REFINE iteratively improves outputs from LLMs through a process of iterative creation with feedback description.

Self-Correction
SCoRe

4
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single model, no additional data, any tasks 
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• 3 (or 4) Key Components
- Output: Responses generated by model.
- Feedback: Identifying areas for improvement in the output.
- Refinement: Applying the feedback to refine the output.

-  Improvement, Adjustment, Correction, …
- Iteration: Repeating the process to achieve the desired outcome.

Correction
SCoRe

5

Iterative Correction Process
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Iterative Correction Process
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Implicit vs. Explicit Correction
SCoRe

Implicit Correction Explicit Correction
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Why is Self-Correction Important? 

• Limitations of Previous Approaches

- LLMs struggle to correct their own reasoning errors. 
- Zero-shot & Few-shot prompting → Limited Self-Correction ability.

- Existing methods (Fine-Tuning, Prompting) have limitations.
- Supervised Fine-Tuning (SFT) → Distribution mismatch & behavior collapse.

7



Natural Language Processing Lab.,
Hanyang University.

Research Questions in These Papers

• RQ1) Can LLMs autonomously perform Self-Verification & Self-Correction?

• RQ2) Is Supervised Fine-Tuning sufficient?

• RQ3) Does Reinforcement Learning improve Self-Correction?

• TL;DRs of each paper
- SCoRe: Employs multi-turn RL to enhance self-correction
- ReVISE: Uses self-verification to enable self-correction w/o RL
- S2R: Integrates self-verification and self-correction and optimizes w/RL

8
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Similarities

• All 3 papers focus on self-correction techniques for LLMs to improve their reasoning abilities. 

• The main commonalities include:
1. Need for self-correction – 3 works agree that LLMs detect and fix reasoning errors.
2. Test-time scaling – additional computation at inference improves reasoning accuracy
3. Beyond SFT à use additional mechanisms – SFT alone leads to distribution mismatch & behavior 

collapse, making additional methods necessary (e.g., RL, preference learning, …)
4. Evaluation on Math & Code Tasks – experiments on datasets like MATH, GSM8K, and Human Eval to assess 

reasoning performance
5. Iterative Reasoning – rather than a single-pass answer, models should re-evaluate and refine their 

reasoning over multiple steps

9
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#1 Need for Self-Correction

• LLMs make reasoning errors!
- Simply generating a single output is insufficient for high accuracy.

• Self-correction mechanisms 
should be integrated into LLMs

- It enables models to identify and fix 
their own mistakes rather than 
relying solely on external feedback or 
human supervision.

10

💡 Why it matter?
Reasoning errors tend to propagate in auto-regressive models, leading to poor final outputs. 
A self-correction mechanism allows LLMs to refine their reasoning and improve answer accuracy.
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#2 Test-Time Scaling

• Additional computation at inference improves 
reasoning accuracy.

- Instead of improving models only through pre-training & SFT, 
recent works highlight test-time computation as a viable 
approach to enhance reasoning.

e.g., best-of-N, Self-Consistency Decoding, Self-refinement, external 
verification (reward model, verifier, ….), …

11

💡 What is Test-Time Scaling?
(definition) the practice of dynamically increasing computational resources or processing steps at 
inference time to improve the accuracy and reliability of model outputs.
Instead of relying solely on a model’s first generated response, it leverages additional verification, 
iteration, or selection strategies to refine outputs, making reasoning more robust and error-resistant.
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#2 Test-Time Scaling

• Additional computation at inference improves 
reasoning accuracy.

- Instead of improving models only through pre-training & SFT, 
recent works highlight test-time computation as a viable 
approach to enhance reasoning. 

- LLMs dynamically adjust their reasoning steps during 
inference, refining answers iteratively rather than relying 
solely on the first-generation attempt.
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inference time to improve the accuracy and reliability of model outputs.
Instead of relying solely on a model’s first generated response, it leverages additional verification, 
iteration, or selection strategies to refine outputs, making reasoning more robust and error-resistant.
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#3 Shortcomings of SFT à Using Additional Mechanisms

• Supervised fine-tuning (SFT) alone is insufficient for teaching self-correction.
- Distribution Mismatch: When models are trained on human-annotated corrections, they may learn to 

correct errors made by the base model, but not necessarily errors they generate themselves. 
- Behavior Collapse: Models may overfit to the correction patterns seen in the training data, leading to 

superficial corrections or even reverting correct answers to incorrect ones.

• Recent Works move beyond standard supervised learning.
- They all emphasize iterative correction rather than single-step fixes, allowing models to learn more complex 

reasoning pathways.
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☑ Supervised learning alone struggles to generalize self-correction beyond the dataset. 
☑ This is why additional mechanisms like RL, preference learning, or intrinsic verification are needed.
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#4 Evaluation on Mathematical & Coding Tasks for Reasoning

• Recent researches on self-correction and test-time scaling use mathematical and coding 
benchmarks to evaluate LLMs' reasoning abilities. 

- these tasks require logical consistency, multi-step inference, and error detection, making them ideal for 
testing self-verification and self-correction mechanisms.

• Reasoning Benchmarks
- (Mathematical) MATH (Hendrycks et al.,  2021) – a benchmark covering Olympiad-level math problems.
- Mathematical) GSM8K (Cobbe et al.,  2021) – ~8,500 grade-school math problems requiring reasoning
- (Coding) HumanEval (Chen et al., 2021) – a dataset with programming tasks requiring function synthesis
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💡 How These Tasks Help Evaluate Self-Correction?
Step-by-Step Reasoning is Required – errors in early steps lead to incorrect final answers, meaning 
models need self-correction to refine solutions. (Error Propagation is Common)
Clear Correctness Criteria - math and code have clear right/wrong answers à ideal for reinforcement 
learning (RL) and reward shaping
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#5 Importance of Iterative Reasoning

• Reasoning should be treated as an iterative process, rather than a single-pass generation.

📄 SCoRe) Kumar, Zhuang, Agarwal et al. (Google DeepMind) “SCoRe : Training Language Models to Self-Correct 
via Reinforcement Learning” (ICLR2025)
- Applies multi-turn RL, forcing the model to attempt correction multiple times. 

📄 ReVISE) Lee, Oh et al. (KAIST, Yonsei Univ.) “ReVISE: Learning to Refine at Test-Time via Intrinsic Self-
Verification” (Reasoning and Planning for LLMs @ ICLR2025)
- Uses intrinsic self-verification to decide whether to stop or refine its response. 

📄 S2R) Ma, Wang et al. (Tencent, Tsinghua Univ., …) “Teaching LLMs to Self-verify and Self-correct via 
Reinforcement Learning”
- Separates self-verification and self-correction, explicitly teaching both through RL.

15



Comparison of Methodologies
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SCoRe

• Suggestions

- Stage 1 (Initialization) : instead of running SFT (which produces pathological amplification of biases) to 
initialize RL training, train a good initialization that can produce high-reward responses in the second-
attempt while mimicking the base model’s response at the first attempt.

- Base objective: 
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SCoRe

• Suggestions

- Stage 2 (Multi-turn Optimization) : jointly optimizing both attempts, where the latter uses a shaped 
reward to incentivize the discovery of the self-correction strategy instead of the simple strategy of producing 
the best first response followed by making any minor edits to it in the second attempt

- Stage 1 objective: 
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SCoRe

• Suggestions

- Stage 2 (Multi-turn Optimization) : jointly optimizing both attempts, where the latter uses a shaped 
reward to incentivize the discovery of the self-correction strategy instead of the simple strategy of producing 
the best first response followed by making any minor edits to it in the second attempt

- Reward shaping to prevent behavior collapse:
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Results
SCoRe

📄 Qu et al. (CMU et al. ) “Recursive IntroSpEction: Teaching Language Model Agents How to Self-Improve” (NeurIPS2024)

• Suggestions
- Step 1: Data Collection for Self-improvement
- Step 2: Policy Improvement

20
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Self-Correction and Self-Verification

• Self-Correction
- The ability to revise its own responses after recognizing an error
- Goal: Improve correctness of an answer by iterating on its previous output
- How it works? 

1. Generate an initial response
2. Predict whether the response needs revision or not)
3. If so, modify its response to improve correctness

• Self-Verification
- The ability to evaluate whether its own response is correct w/o external supervision
- Goal: Assess its own reasoning accuracy before making a correction
- How it works? 

1. Predict if its answer is logically consistent with its own knowledge
2. Assign confidence score or flags potential errors
3. It it is detected, trigger self-correction

21
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Overview

• High-level Comparison
- SCoRe: Correction without explicit verification (relies on trial-and-error via RL).
- ReVISE: Verification-driven correction (checks correctness before modifying responses).
- S2R: Integrates both verification and correction, improving correction reliability. 

22

Aspect SCoRe ReVISE S2R

Self-Verification ❌ ✅ intrinsic verification tokens ✅ explicit verification process

Self-Correction ✅ Multi-turn RL ✅ Confidence-aware decoding ✅ SFT + RL

Traning Appraoch 2-stage RL 2-stage Curriculum learning 2-stage RL

Reinforcement Learning ✅ ❌ ✅

Reward Sharping ✅ ❌ ✅

Test-time Scaling Strategy Multi-turn Correction Confidence-aware decoding Adaptive correction (via self-verification)

Computational Efficiency ❌ High (RL+multi-turn) ✅ Low (no RL) 🤷 High (offline RL)
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SCoRe

• TL; DR
- LLMs should be trained using multi-turn RL to self-correct their own mistakes iteratively, instead of relying 

solely on SFT. 

• Problem States
- SFT is insufficient for self-correction due to distribution mismatch + behavior collapse

• Suggestion: 2-stage RL training 
- Stage 1: Ensures that second-attempt responses are more accurate while keeping the first attempt close to 

the base model.
- Stage 2: Optimizes self-correction 

via reward shaping, 
rewarding models for progress made 
in refining incorrect answers.

23
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ReVISE

• TL; DR
- LLMs should be able to self-verify their reasoning and refine their outputs during inference w/o relying on 

external verifiers or RL.

• Problem States
- LLMs struggle with systematic reasoning errors, where mistakes in early reasoning steps accumulate and 

degrade output accuracy.
- Current correction methods either depend on expensive external verifiers or unstable reinforcement 

learning.

• Suggestion: Introduce Intrinsic Self-Verification
- LLMs should internally verify their reasoning steps and correct errors based on their confidence in the 

correctness of generated outputs.
- Introduce self-verification tokens that allow the model to determine whether to stop or refine its reasoning

24
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ReVISE

• Suggestion: Introduce Intrinsic Self-Verification

25
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ReVISE

• Suggestion: Introduce Intrinsic Self-Verification
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ReVISE

• Suggestion (1): [refine] token
- LLMs typically generate outputs in an autoregressive manner 

                           = predict next token sequentially w/o reconsidering past mistakes. 
- Definition: 𝑃([𝑟𝑒𝑓𝑖𝑛𝑒]	|	𝑦, 𝑥) 	 = 	1	– 	𝑃([𝑒𝑜𝑠]	|	𝑦, 𝑥)
- Goal

1. Decide whether to stop or refine its output 
2. Re-evaluate its own correctness 
3. Dynamically adjust reasoning trajectories 

- How it works? 
- Solve the problem 𝑦!"!#~𝑀 ⋅ 𝑥)with 𝑒𝑜𝑠  token
- Self-verification

- Calculate confidence score 𝑐 = 𝑃 𝑒𝑜𝑠 	 𝑦, 𝑥)
𝑃 𝑒𝑜𝑠 𝑦!"!#, 𝑥  vs. 𝑃 𝑟𝑒𝑓𝑖𝑛𝑒 𝑦!"!#, 𝑥

- Set criteria (threshold)
- Self-correction 

- If 𝑃 𝑟𝑒𝑓𝑖𝑛𝑒 𝑦!"!#, 𝑥 	is high, 
the model decides to refine the answer.

27
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ReVISE

• Suggestion (2): Curriculum Learning

- Stage 1: Self-Verification verify whether an answer is right or wrong
- trained on pairs of correct and incorrect reasoning outputs.

- Positive samples à [eos]
- Negative samples à [refine]

- Datasets: 
- Generate multiple responses
- Classify the responses as correct or not
- Preference learning 

- Objective: ℒ$%&'() = ℒ*+,(𝐷$%&'()) + 𝜆ℒ-&%((𝐷$%&'())

- Stage 2: Self-Correction correct wrong answers using preference learning
- Learn correct mistakes when it outputs [refine]
- Objective: ℒ./&&%.0 = ℒ*+,(𝐷./&&%.0) + 𝜆ℒ-&%((𝐷./&&%.0)

28
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ReVISE

• Suggestion (3): Confidence-aware Sampling

- Goal: Instead of selecting the most frequent answer, each answer’s confidence score is considered. 
- model prefers highly confident responses, even if they appear less frequently.

- How it works? 
1. Generate N candidate answers
2. Compute the self-verification confidence 𝑐 for each answer (𝑐 = 𝑃 𝑒𝑜𝑠 	 𝑦, 𝑥))
3. Aggregate scores using confidence-weighted voting: 𝑦∗ = argmax∑!:3!∈3 𝑐!  

e.g. 

29

𝑦𝑖 Majority voting Confidence score 𝑐𝑖 Aggregated score

correct 3 0.9 0.85 0.95 2.7

incorrect 4 0.4 0.35 0.45 0.5 1.7
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S2R

• TL; DR
- LLMs learn both self-verification and self-correction through a 2-stage SFT and RL training framework.

• Problem States
- Existing methods often treat self-correction independently, without explicitly modeling self-verification.
- RL-based correction methods suffer from high resource costs and instability.

• Problem Setup and Formulation
- A reasoning trajectory consists of alternating solve and verify actions: 𝑦 = 𝑠!, 𝑣!, 𝑠", 𝑣", …	𝑠# , 𝑣# , < end >
- The action (𝑎$) space is defined as: 

Type 𝑎% ∈ {solve, verify, < end >}
- The transition btw actions follows the rules: 

Type 𝑎%&! =	J
verify, if	Type a' = solve	
solve, if	Type a' = verfy	and Parser a' = INCORRECT
< end >, if	Type a' = verfy	and Parser a' = CORRECT

∗ Parser v# ∈ {CORRECT, INCORRECT}

30
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S2R
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S2R

• Suggestions
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S2R

• Suggestions – Stage 0 : Data Construction

33

Generate solve attempts

Generate verify attempts

Evaluate verify attempts = use the parser

Generate self-correction sequence

Create dynamic trial-and–error trajectories
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S2R

• Suggestions – Stage 0 : Data Construction
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S2R

• Suggestions – Stage 0 : Data Construction
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S2R

• Suggestions – Stage 0 : Data Construction

Generate solve attempts

Generate verify attempts

Evaluate verify attempts = use the parser

Generate self-correction sequence

Create dynamic trial-and–error trajectories
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[ Problem Solving Verification ]
Solve the problem (1st) à Solve the problem again (2nd)  
   : independently to see 
   if the new answer is the same

• match – the 1st answer is correct
• NOT match – the 1st answer is wrong

[ Confirmative Verification ]
Solve the problem (1st) à Check the answer
   : if 1st answer satisfies 
   the conditions of the problem 

• NO contradiction – the 1st answer is correct
• Contradiction – the 1st answer is wrong
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S2R

• Suggestions – Stage 0 : Data Construction
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Generate solve attempts

Generate verify attempts

Evaluate verify attempts = use the parser

Generate self-correction sequence
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S2R

• Suggestions – Stage 1 : Behavior initialization (SFT)
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S2R
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ℒ = −𝔼 !,# ~𝒟567 %
&8∈#

𝛿(&)* 𝑎+ log 𝜋 𝑎+ 𝑥, 𝑦:&8)

• Suggestions – Stage 1 : Behavior initialization (SFT)

- SFT for Thinking Behavior Initialization: optimize the policy 𝜋 by minimizing the objective: 

- Example: 2𝑥	 + 	3	 = 	9

∗ 𝛿!"#$ 𝑎% =

1, 𝑖𝑓	𝑇𝑦𝑝𝑒 𝑎% = verify.	
1, 𝑖𝑓	𝑇𝑦𝑝𝑒 𝑎% = solve	𝑎𝑛𝑑	𝑡 = 𝑇 − 1
1, 𝑖𝑓	𝑇𝑦𝑝𝑒 𝑎% =< end > 	𝑎𝑛𝑑	𝑡 = 𝑇
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

step output Is correct? mask

Solve 1 𝑠1 𝑥	 = 	3 ❌ 0

Verify 1 𝑣1 2	× 3 + 	3	 = 	9	ß INCORRECT ✅ 1

Sovle 2 𝑠2 𝑥	 = 	5 ❌ 0

Verify 2 𝑣2 2	× 5 + 	3	 = 	9	ß INCORRECT ✅ 1

Solve 3 𝑠3 𝑥	 = 2 ✅ 1

Verify 3 𝑣3 2	× 2 + 	3	 = 	9	ß CORRECT ✅ 1
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S2R

• Suggestions – Stage 2 : Reinforcement Learning
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S2R
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• Suggestions – Stage 2 : Reinforcement Learning

- Outcome –level RL (RLOO)
: rewards the model based on the correctness of the final solution.

- Process-level RL : rewards are assigned at each intermediate step, rather than only for the final answer.

𝑅( 𝑥, 𝑦 = Y+1, if	the	\inal	solution	𝑠) 	is	correct
−1, otherwise	

ℒ 𝜃 = −𝔼*~,,.~/!"#$
1
𝑦 0

d
0∈.

min(𝑟0 𝜃 𝐴 𝑎 𝑥, 𝑦 , clip 𝑟0 𝜃 , 1 − 𝜖, 1 + 𝜖 𝐴 𝑎 𝑥, 𝑦 )

𝑅0 𝑠2|	𝑥, 𝑦 = h+1, if	V345678 s9 	is	correct
−1, otherwise	

𝑅0 𝑣2|	𝑥, 𝑦 = h+1, if	Parser v9 = V345678 s9
−1, otherwise	



Experimental Results Comparison
# Performance analysis
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SCoRe

SCoRe achieves superior accuracy and self-correction performance

• Performance of SCoRe
- Metrics

- Acc.@t1: accuracy at 1st attempt
- Acc.@t2: accuracy at 2nd attempt
- Δ(t1, t2) = Acc.@t2-Acc.@t1
- Δi→c(t1, t2) : Error Correction

 fraction of incorrect à correct
- Δc→i(t1, t2) : Stability

fraction of correct à incorrect
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ReVISE
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S2R
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Overview

• High-level Comparison
- SCoRe: Correction without explicit verification (relies on trial-and-error via RL).
- ReVISE: Verification-driven correction (checks correctness before modifying responses).
- S2R: Integrates both verification and correction, improving correction reliability. 
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Aspect SCoRe ReVISE S2R

Self-Verification ❌ ✅ intrinsic verification tokens ✅ explicit verification process

Self-Correction ✅ Multi-turn RL ✅ Confidence-aware decoding ✅ SFT + RL

Traning Appraoch 2-stage RL 2-stage Curriculum learning 2-stage RL

Reinforcement Learning ✅ ❌ ✅

Reward Sharping ✅ ❌ ✅

Test-time Scaling Strategy Multi-turn Correction Confidence-aware decoding Adaptive correction (via self-verification)

Computational Efficiency ❌ High (RL+multi-turn) ✅ Low (no RL) 🤷 High (offline RL)
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