Paper Review : 2025 Spring Lab Seminar

Self-Correction & Self-Verification
: A Comparative Review of SCoRe, ReVISE and S?R

Kumar, Zhuang, Agarwal et al. (Google DeepMind | ICLR2025)
“SCoRe: Training Language Models to Self-Correct via Reinforcement Learning”

Lee, Oh et al. (KAIST, Yonsei Univ. | Reasoning and Planning for LLMs @ICLR2025)
“ReVISE: Learning to Refine at Test-Time via Intrinsic Self-Verification”

Ma, Wang et al. (Tencent, Tsinghua Univ., ... | arXiv 2025.02)
“S?R: Teaching LLMs to Self-verify and Self-correct via Reinforcement Learning”

Yejin Yoon

Natural Language Processing Lab.,
Hanyang University.




Paper Review : 2025 Spring Lab Seminar

Self-Correction & Self-Verification

Contents

Introduction

Motivation
Main contributions of each paper

Comparison of Methodologies
SCoRe, ReVISE and S?R

Experimental Results Comparison

Performance analysis

Discussion and Conclusion

Conclusion
Future research directions
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Introduction

# Self-Correction
# Motivation

# Main contributions of each paper
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Self-Correction

" Madaan et al. (CMU et al.) “Self-Refine: Iterative Refinement with Self-Feedback” (NeurlPS2023)

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

single model, no additional data, any tasks

Natural Language Processing Lab.,
Hanyang University.




Correction

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.

Feedback Collection Iteration Continuation

Output Generation Output Correction

T+terative Correction Process

Natural Language Processing Lab.,
Hanyang University.




SCoRe

Implicit vs. Explicit Correction

Reward Feedback

Natural Language Processing Lab.,
Hanyang University.




Why is Self-Correction Important?

 Limitations of Previous Approaches

MATH Example 1: Arithmetic Self-Correction

Problem. If n = 2 (mod 7), then find the remainder when (n + 2)(n + 4)(n + 6) is divided by 7.

SCoRe turn 1 solution (incorrect). Since n = 2 (mod 7), we can write n = Tk + 2 for some integer k. Substituting, we get
(n+2)(n+4)(n+6)=(Tk+4)(Tk+6)(7Tk+8)=4-6-8 (mod 7) =192 (mod 7) =1 (mod 7). Final Answer: The
final answer is 1. I hope it is correct.

Self-correction instruction. There might be an error in the solution above because of lack of understanding of the question. Please
correct the error, if any, and rewrite the solution.

SCoRe turn 2 solution (correct). Since n = 2 (mod 7), we can write n = Tk + 2 for some integer k. Substituting, we get
(n+2)(n+4)(n+6) =(Tk+4)(Tk+6)(7Tk+8)=4-6-8 (mod 7)=4:6-1 (mod 7) =24 (mod 7) =3 (mod 7).
Final Answer: The final answer is 3. I hope it is correct.

- 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.

SHOFL| O}l Natural Language Processing Lab.,
HANTANG ONIERSITY 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

Natural Language Processing Lab.,
Hanyang University.




Similarities

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

« The main commonalities include:

1.
2,
3.

Need for self-correction - 3 works agree that LLMs detect and fix reasoning errors.

Test-time scaling - additional computation at inference improves reasoning accuracy

Beyond SFT = use additional mechanisms - SFT alone leads to distribution mismatch & behavior
collapse, making additional methods necessary (e.g., RL, preference learning, ...)

Evaluation on Math & Code Tasks - experiments on datasets like MATH, GSM8K, and Human Eval to assess
reasoning performance

Iterative Reasoning - rather than a single-pass answer, models should re-evaluate and refine their
reasoning over multiple steps

Natural Language Processing Lab.,
Hanyang University.




#1 Need for Self-Correction

. 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.

A
« LLMs make reasoning errors!
- Simply generating a single output is insufficient for high accuracy. Hallucnation |
. . Unfaithful Reasoning ]
mpur | et | S0 ]
° ° ) ’ Flawed Codes
- Self-correction mechanisms ]
° ° [ Self-Training ]_ Toxic Contents
should be integrated into LLMs sl (o)
. . . Generation ate _[ Human ]
- It enables models to identify and fix = (cenertetnenan k e
i i [ Post-hoc Revision }— - — i rafed Vode
thel.r Own m |Sta keS rather tha n @g .L-J"_ —[ External Tools Program Executor]
relying solely on external feedback or i - Treatment poctor o) L omeres )
human supervision. | {“External Knowiedge )
[ In-Context Learning ]— +; N
Diagnosis
Natural Language Processing Lab., "

Hanyang University.




#2 Test-Time Scaling

. 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.

S

- 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, ....), ...

Natural Language Processing Lab.,
Hanyang University.

CHow many r in raspberry? Question)

Ket's break down the process of counting the letter 'r'in the
word "raspberry” ...
* First letter: 'r' - Thisisan 'r', count = 1.
* Second letter: 'a' - Not an 'r', count remains 1 ...
* Sixth letter: 'e' - Not an 'r', count remains 1.
* Seventh letter: 'r' - This is an 'r', count = 2.
* Eighth letter: 'y' - Not an 'r', count remains 2 ...
The number of 'r's in "raspberry" is 2.
Wait, let's re-read the question carefully. It asks "How many r
in raspberry?" ... *r-a-s-p-b-e-r-r-y..*First'r' .. *
Qecond 'r'...* Third 'r' ... Count =3 ... Reasoning trace )

My initial answer of 2 was incorrect due to a quick reading of
the word. Final Answer: The final answer is[3]  Response

11



#2 Test-Time Scaling

. What is Test-Time Scaling?

(definition) a 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.

A
- Additional computation at inference improves
reasoning accuracy. Mathematical Competition PhD-Level
) ) o Problem Solving Math Science Questions
- Instead of improving models only through pre-training & SFT, (MATHS00) _ ~ (AIME24) 6O(GPQA Diamond)
. . . . . —_ ®
recent works highlight test-time computation as a viable S . ¢ .o' °
approach to enhance reasoning. §85 40 o 500 e ©
: : : : : 575
- LLMs dynamically adjust their reasoning steps during S 20 o 40
. o o . o . <L 65 Y
inference, refining answers iteratively rather than relying S ——0as %> 5048 8192~ 1094 4096

solely on the first-generation attempt.

Natural Language Processing Lab.,
Hanyang University.

Average thinking time (tokens)
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#3 Shortcomings of SFT = Using Additional Mechanisms

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.

 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.

Natural Language Processing Lab., 3
Hanyang University.




#4 Evaluation on Mathematical & Coding Tasks for Reasoning

. 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 = ideal for reinforcement
learning (RL) and reward shaping

J

- 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

Natural Language Processing Lab., i
Hanyang University.




#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.

Natural Language Processing Lab.,
Hanyang University.

15




Self-Correction & Self-Verification

Comparison of Methodologies

# Overview
# SCoRe / ReVISE / S?R

# Comparison of Approaches

Natural Language Processing Lab.,
Hanyang University.




SCoRe

« Suggestions

- -

Stage I: Train an initialization for self-correction

! \
| 1
E Constrain to Maximize i
: base model reward !
1 1
. first attempt (y,) second attempt (y,) !
L e ]
1 1 1
B toto —>
I
1 I
' Foundation model trained with SCoRe !
1 I
1 I
! tt ottt !
: totot ot L |
1 I
\ prompt (x) )
\\ ,l

_____________________________________________

- 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.

)| er (1)) |

- Base objective: méix K, yy~mo(-|zs) [F(ytay*) — B1Dgr(mo (| x4)] |7Tref(’|wt))]

StOFLjTt Il Natural Language Plroce§sing Lab.,
HANYANG UNIVERSITY H a nya ng U n |VerS|ty.

mng Ewl,yl~7r9(-|:n),y2~7r9(-|[azl,pl])[F(y% y*) - BZDKL (7T9('
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SCoRe

« Suggestions

- -~

4 \

! Stage ll: Run Multi-turn RL with reward shaping

Maximize shaped
reward

first attempt (y,) second attempt (y,)

________

Maximize reward

Foundation model trained with SCoRe

t ottt LTTTTT

prompt (x)

U
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|
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1
|
i

[ Y g iy U OGS U ————————————

- 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 an r2ninor edits to it in the second attempt

m@ax Eml,yl~779(-Iw),y2~ﬂ'9(~|[w1,p1]) z F(yza y*) - BIDKL (7T9(|5132)| |7rref('|wi))
p=l
- Stage 1 objective: m(SlX ]Ewl,y1~71'9(~|w),y2~ﬂ'g('|[w1,pl])[F(y27 y*) — BoDger (mo(+||1)] |7Tref(’|331))]

Natural Language Processing Lab.,

Hanyang University. 18
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SCoRe

« Suggestions

- -

Stage I: Train an initialization for self-correction

Maximize
reward

Constrain to
base model

first attempt (y,)

________

second attempt (y,)
RS t ot
Foundation model trained with SCoRe

LTT?TT

tt ot ot
prompt (x)

_____________________________________________

- Stage 2 (Multi-turn Optimization) : jointly optimizing both attempts, where the latter uses a shaped

- -~

Stage lI: Run Multi-turn RL with reward shaping

\ ]

1 |

] 1

] ] 0 .

I | Maximize reward Maximize shaped
! ! reward

! ' first attempt (y,) second attempt (y,)
. | R

:—V: S tot ot

I 1

i : Foundation model trained with SCoRe

} 1

] 1

! ' tt ot

i : tot ot L

K \ prompt (x)
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reward to incentivize the discovery of the self-correction strategy instead of the simple strategy of producing
the best first response followed by making an r2ninor edits to it in the second attempt

0

- Reward shaping to prevent behavior collapse:

1=1

mMax g, .y, ~my(-la),ys~mo(-|[21,p1]) Zf(yuy*) = B1Drcr (mo(-|@s) [ | mees (+]2:))

b(yaly,y™) 1= a- (F(ys,v") — Py, y"))

Natural Language Processing Lab.,
Hanyang University.
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SCoRe

Results

" Quetal. (CMU et al.) “Recursive IntroSpEction: Teaching Language Model Agents How to Self-Improve” (NeurlPS2024)

« Suggestions

Turn 1 -> Turn 2 Turn 2 -> Turn 3 Turn 3 -> Turn 4 Turn 4 -> Turn 5

[ Incorrect => Correct [ Incorrect => Incorrect  Correct => Correct [ Correct => Incorrect

Figure 7: Change in the fraction of responses that transition their correctness values over the course of
multi-turn rollouts from RISE, w/o oracle. Observe that in general, the fraction of Correct — Correct responses
increases; Incorrect — Incorrect responses decreases; and the fraction of Correct — Incorrect responses also
decreases, indicating that RISE (w/o any oracle) is able to iteratively improve its responses.

Natural Language Processing Lab.,
Hanyang University.




Self-Correction and Self-Verification

Self-Correct

« Self-Correction f

- The ability to revise its own responses after recognizing an error

You are given a {TASK} and a set of

{SOLUTION-ANALYSIS} pairs. Your
job is to derive a new solution.

~

- Goal: Improve correctness of an answer by iterating on its previous output
- How it works? /!

/

1. Generate aninitial response .

LLM

/

2. Predict whether the response needs revision or not)

3. If so, modify its response to improve correctness

The initial solution has the issue of
violating (a). The revised solution

should be {new_solution}.

J/

« Self-Verifications -------~

Self-Verify

- The ability to evaluate whether its own response is correct w/o external supervision
- Goal: Assess its own reasoning accuracy before making a correction

You are given a {TASK} and a {PROPOSED
SOLUTION}. Your job is to verify if the

solution is correct.

- How it works?

1. Predictifits answer is logically consistent with its own knowledge i
2. Assign confidence score or flags potential errors The solution needs to satisfy the following
oy e . . constraints: (a), (b), (c). The proposed
3. It |t IS detected, tr|gger Self-COI’I’eCtlon solution is incorrect because it violates (a).

SHOFL| O}l Natural Language Processing Lab.,
hnvgm uun;;snv Hanyang UniVerSity.

21




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.

Aspect ReVISE

Self-Verification X 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 X
Reward Sharping X
Test-time Scaling Strategy Multi-turn Correction Confidence-aware decoding Adaptive correction i seif.verification)

Computational Efficiency X High gusmutti-tum) LOW noRy) W High cfinery)

Natural Language Processing Lab.,
Hanyang University.
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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. enTIT T rTm T

Stage I: Train an initialization for self-correction Stage Il: Run Multi-turn RL with reward shaping

- Stage 2: Optimizes self-correction

. . Constrain to Maximize : . Maximize shaped
via reward shaping, base model reward ; Maximize reward reward
. first attempt (y,) second attempt (y,) H first attempt (y,) second attempt (y,)
rewarding models for progress made Wi . - -
I tot ot i ! ot tot ot

in refining incorrect answers.

Foundation model trained with SCoRe

1
:
Pttt Lt i
1
i

4 prompt (x) /

Foundation model trained with SCoRe

tot ot ot LTttft

prompt (x)

=<

’
1
|
1
1
1
1
1
1
1
1
|

StOFLjTt Il Natural Language Plroce§sing Lab.,
HANYANG UNIVERSITY H a nya ng U n |VerS|ty.
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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

Natural Language Processing Lab.,
Hanyang University.
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ReVISE

 Suggestion: Introduce Intrinsic Self-Verification

Generate, Verify, and Refine Two-stage curricula
1. ReVISE decides to stop or refine 2. Refine following [refine] token Stage 1. Learn how to self-verify
Correct Wrong
[eos] or [refine] p(1y,X)  Reasoning Reasoning
v. ¥ :
2o p(1y,%)
‘ I ) I I L { I
X Y1 Y2 Y3
ReVISE Intrinsic Reasoning [eos] [refine] [eos] [refine]
Verifier
Stage 2. Learn how to self-correct S,?Z.?;‘
:GT
Correct Reasoning Wrong Reasoning
[eos] [refine]
Prompt [refine]
1st reasoning 2nd reasoning
[refine]

ReVISE first learns to check correctness,

ReVISE is a self-verifying and self-correcting framework then learns to improve wrong reasoning

SHoFI Ot Natural Language P.roce.f,sing Lab.,
HANYANG UNIVERSITY Hanyang U nlverSIty.




ReVISE

 Suggestion: Introduce Intrinsic Self-Verification

Generate, Verify, and Refine

~

1. ReVISE decides to stop or refine

[eos] or [refine]
v. ¥

ReVISE

Intrinsic
Verifier

Prompt
1st reasoning

2. Refine following [refine] token

[refine]

2nd reasoning

K ReVISE is a self-verifying and self-correcting framework

J

H Y l | SrE oot ul
HANYANG UNIVERSITY

Natural Language Processing Lab.,
Hanyang University.

Two-stage curricula

Stage 1. Learn how to self-verify

Correct Wrong
p(1y,x)  Reasoning Reasoning
p( 1y, x)
) (
X Y1 Y2 Y3
Reasoning [eos] [refine] [eos] [refine]
:C t
Stage 2. Learn how to self-correct W?Z:g
:GT
Correct Reasoning Wrong Reasoning
[eos] [refine]
[refine]

ReVISE first learns to check correctness,
then learns to improve wrong reasoning

26



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 (@ Generate, Verify, and Refine

~

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

How it works? |
- Solve the problem y;ir~M(:|x) with [eos] token
- Self-verification
- Calculate confidence score ¢ = P([eos] | y, x)
P([eos]|yinit, x) vs. P([refine]|yinit, x)
- Set criteria (threshold) Prompt
- Self-correction 1st reasoning
- If P([refine]lyinit, x) is high,

T A

1. ReVISE decides to stop or refine

[eos] or [refine]
v. ¥

Intrinsic
Verifier

2. Refine following [refine] token

1

B

[refine]

2nd reasoning

the model decides to refine the answer. & ReVISE is a self-verifying and self-correcting framework

?

?

J

Natural Language Processing Lab.,
Hanyang University.
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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 2 [eos]]
- Negative samples 2 [refine]
- Datasets:
- Generate multiple responses
- Classify the responses as correct or not
- Preference learning

B ObjeCtive: Lverify - ['SFT(D Verify) + /U:'Pref(Dverify)

- Stage 2: Self-Correction correct wrong answers using preference learning
- Learn correct mistakes when it outputs [refine]

- ObjeCtive: Lcorrect = LSFT(Dcorrect) + /u:Pref(Dcorrect)

StOFLjTt Il Natural Language Plroce§sing Lab.,
HANYANG UNIVERSITY H a nya ng U n |VerS|ty.

Two-stage curricula

Stage 1. Learn how to self-verify

ReVISE first learns to check correctness,

\_then learns to improve wrong reasoning

\

Correct Wrong
p(1y,X)  Reasoning Reasoning
p( 1y, x)
I ) L
X Y1 Y2 Y3
Reasoning [eos] [refine] [eos] [refine]
:C t
Stage 2. Learn how to self-correct ;W‘i;rﬁg
:GT
Correct Reasoning Wrong Reasoning
[eos] [refine]
A A
| |
[refine]

Y

28



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] | v, x))
3. Aggregate scores using confidence-weighted voting: y* = argmax },;.,, ¢, ¢;

e.g.

Majority voting Confidence score ¢; Aggregated score
correct 3 0.90.850.95 2.7
incorrect 4 0.40.350.450.5 1.7

Natural Language Processing Lab.,
Hanyang University.
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SR

. 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

- Areasoning trajectory consists of alternating solve and verify actions: y = {s{, V1, S,, V5, ... Sk, Vg, < end >}
- The action (a;) space is defined as:
Type(a;) € {solve, verify, < end >}

- The transition btw actions follows the rules:

verify, if Type(a;) = solve

Type(a;;1) = { solve, if Type(a;) = verfy and Parser(a;) = INCORRECT
< end >, if Type(a;) = verfy and Parser(a;) = CORRECT
« Parser(v;) € {CORRECT, INCORRECT}

Natural Language Processing Lab.,
Hanyang University.
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SR

. TL; DR

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

Sampling Responses During Training/Inference

Please reason step by step, and put your final answer within
\boxed{}. Verification Collection

Problem: {problem} Refine this verification text to read as a natural self—check

within a solution. Maintain logical flow and professionalism.
Key Requirements:

1. Avoid phrases like "without solving step—by—step" or "as
You are a math teacher. I will give you a math problem and a math teacher".

an answer. 2. Treat the answer as your own prior solution.

Verify the answer's correctness without step—by—step 3. Conclude with EXACTLY one of:

solving. Use alternative verification methods. Therefore, the answer is correct.

Question: {problem } Therefore, the answer is incorrect.

Answer: {answer } Therefore, the answer cannot be verified.

Verification: Original text: {verification}

Verification Refinement

Natural Language Processing Lab.,
Hanyang University.




SR

« Suggestions
Stage 2: Reinforcement Learning

....................................................... ( Backward )

s \
I “Problem-Solving” Verification “Confirmative” Verification | e .. Outcome-level reward
| Verification 1\ @/ X
i /P btem: N\ ! oroblem: | Construction
p . . . 4 q
i 27 increased by twice a number is 39. What is the number? I2VI7 |(rilc:eased by twice a number is 39. What is the number? == —> SFT Model —> { s1,v1, ..., SJ, ’l}]}
odel’s answer:
Model’s answer: 6 | I
—> TsrT —>
i | . | ot L] {s1,v1,52,v2, 53, v3}
I Verification: To verify the solution, we will substitute the given answer into I Questions A
Let's denote the unknown number as x. The problem can the original statement to determine its validity. | . \l' l ‘l’ ‘l' i ‘l’
I be written as the equation: 27 + 2x =39. To find x, we need Given answer for the number: 6. We will now check the I
to solve this equation step by step. statement using the given answer: 27 increased by twice 6 | - < x IS x
I Step 1:... Step 2: ... x = 6. The given answer is 6. should equal 39. Twice 6 is 12. 27 increased by 12 is 27 + 12, |
| KTherefwe. the answer is correct. J thch equals 39. Therefore, the answer is correct. / | Process-level reward
I | ( Backward )
XN oco0c— 000000t 0o 00 0O 0 0 0 O 0 A 0 D0 0 0 o 0 a0 50 }
. : Correct Response y—r — I —T f
‘ : Incorrect Response pmmmmmmmm e - Difficutt $ l_ l —l Target output r ={s1,v1,s2,v2,s3,v3}
i ! ifficulty —
/'!—-‘-_.‘__9_!,' D sels s S IPE2 eSS s SE R SFT Mask m={ 0,1 ,0 ,1 ,1,1}
A e e ~
\ (Backward)
- T I A
Initial /'E . . ‘ ‘ . Difficulty

i

r={s1,v1,s2,v2}
Input

Poli | I —> —
olicy \’{ . . . . . : Level 3 ‘ Initial Policy
Questions ,\______________________:: ...... Model T[()

(ONQ) ...,:—> Difficulty —> r={sl,vl}

Level 1

- —————————— -

L J L J

! Y Input question x
Sample K responses for each question Construct trajectories based on difficulty distribution ) )
Supervised Fine-tuning
Stage 0: Data Construction Stage 1: Behavior Initialization

SHOFL| O}l Natural Language Processing Lab., -
e v Hanyang University.
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- Suggestions - Stage 0 : Data Construction

( A
Ly
! Problem-Solving” Verification “Confirmative” Verification | Verification
e N\ K . N\ | Construction
| Problem: poblem. ) ) )
. 27 increased by twice a number is 39. What is the number? 27 increased by twice a number is 39. What is the number? |_
| Model’s answer:
. Model’s answer: 6 |
i | & st G if m
U Verification: y p
| Verification: To verify the solution, we will substitute the given answer into I e n e ra te ve rl a tte tS
. Let's denote the unknown number as x. The problem can the original statement to determine its validity. |
| be written as the equation: 27 + 2x =39. To find x, we need Given answer for the number: 6. We will now check the
. to solve this equation step by step. statement using the given answer: 27 increased by twice 6 |
| Step 1:... Step 2: ... x = 6. The given answer is 6. should equal 39. Twice 6 is 12. 27 increased by 12 is 27 + 12,
i \Therefore. the answer is correct. / thch equals 39. Therefore, the answer is correct. J |

ST T T T T T T T T T T T T T T T T T T T T T e ' Evaluate verify attempts = use the parser

. : Correct Response —
‘ : Incorrect Response o _ o o ____ I

____________ Level 5
—| it 4" 000 ' Difficulty Generate self-correction sequence
—| Policy —> evelz —> r={s1,v1,s2,v2}
nput = i»oooor ......
Questions N\ N---oooooooo »
00000 — LY — r={(s1v1]
‘ ' ‘ ‘ ' / Create dynamic trial-and-error trajectories
Sample K responses for each question Construct trajectories based on difficulty distribution

Stage 0: Data Construction

OHOFL{ Bt Natural Language Processing Lab., -
hnmm uun;:csnv Hanyang UniVerSity.
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- Suggestions - Stage 0 : Data Construction

~ )
I/ ....................................................... \
o a5 aps .
Problem-Solving” Verification “Confirmative” Verification |

| Verification \ >
: f . | Construction
| /Problem: \ poblem. ) ) )
. 27 increased by twice a number is 39. What is the number? 27 increased by twice a number is 39. What is the number? |_
| Model’s answer: ( )

Model’s answer: 6 |
I e Verification: |
| Verification: To verify the solution, we will substitute the given answer into

Let's denote the unknown number as x. The problem can the original statement to determine its validity. |
| be written as the equation: 27 + 2x =39. To find x, we need Given answer for the number: 6. We will now check the

to solve this equation step by step. statement using the given answer: 27 increased by twice 6 |
| Step 1:...Step 2: ... x = 6. The given answer is 6. should equal 39. Twice 6 is 12. 27 increased by 12 is 27 + 12,
| KTherefore.the answer is correct. / Which equals 39. Therefore, the answer is correct. J I

r ————————————————————————————— N~ T ' Evaluate verify attempts = use the parser
. Correct Response :

‘ : Incorrect Response _ I
fmm——————————— -~

Input
Questions N\ VNememmmmmmmmmo-

- -

:. @) .../: —> Difflculty —> r={s1,vl}

Level 1

/' ____________ Level 5
Initial /',. . ‘ ‘ . ' 1 R Difficulty

Policy levelz —> r={sl,vl,s2,v2}

Generate self-correction sequence

L

~ - ————————

‘ ' ‘ ‘ Y / Create dynamic trial-and-error trajectories

Sample K responses for each question J Construct trajectories based on difficulty distribution

Stage 0: Data Construction

SHOFL| O}l Natural Language Processing Lab., )
e v Hanyang University.
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- Suggestions - Stage 0 : Data Construction

g )
—— e —
- )
Ly H ” H 4 H . . . po .
Problem-Solving” Verification “Confirmative” Verification e .
Verification (U J
Problem: \ G’oblem: \ L Construction
27 increased by twice a number is 39. What is the number? 27 increased by twice a number is 39. What is the number? o —
Model’s answer: . 7 N
Model’s answer: 6 I
e Verification:
Verification: To verify the solution, we will substitute the given answer into I
Let's denote the unknown number as x. The problem can the original statement to determine its validity. : \ y
be written as the equation: 27 + 2x = 39. To find x, we need Given answer for the number: 6. We will now check the I
to solve this equation step by step. statement using the given answer: 27 increased by twice 6
Step 1:... Step 2: ... x = 6. The given answer is 6. should equal 39. Twice 6 is 12. 27 increased by 12 is 27 + 12, |
KTherefore.ti1eél”5""‘-'9r‘S correct. / Which equals 39. Therefore, the answer is correct. J
L i !

i Evaluate verify attempts = use the parser
. : Correct Response =T ——.
‘ : Incorrect Response o _____ - I l_ l _l

929000 @ —> Offeulty 5 r—{s1,v1,52,v2,53,3,54,v4)

/\ ____________ Level 5
sTTETETEESEES \\ ......
Initial /’f. .“.:

E Inti | __, Difficulty T E— Generate self-correction sequence
o —= L iulooooo: tovel 3. > ¥ = (511,52,
Questions :_._____________________.. : -
00000 — LY — r={(s1v1]
‘ ' / ‘ Y / Create dynamic trial-and-error trajectories
Sample K responses for each question Construct trajectories based on difficulty distribution

Stage 0: Data Construction

SHOFL| O}l Natural Language Processing Lab., .
e v Hanyang University.
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- Suggestions - Stage 0 : Data Construction

“Problem-Solving” Verification “Confirmative” Verification

Problem:

27 increased by twice a number is 39. What is the number?

Model’s answer:

Model’s answer: 6

6

Verification:

Let's denote the unknown number as x. The problem can
27 +2x=39. To find x, w

Problem:
27 increased by twice a number is 39. What is the number?

Verification:

To verify the solution, we will substitute the given answer into
the original statement to determine its validity.

Given answer for the number: 6. We will now check the
statement using the given answer: 27 increased by twice 6

should equal 39. Twice 6 is 12. 27 increased by 12 is 27 + 12,
which equals 39. Therefore, the answer is correct.

[ Problem Solving Verification

Solve the problem (15t) = Solve the problem again (2"9)
: independently to see
if the new answer is the same

e match -the 1stanswer is correct
* NOT match - the 1stanswer is wrong

Verification Collection

Refine this verification text to read as a natural self—check

within a solution. Maintain logical flow and professionalism.

Key Requirements:

1. Avoid phrases like "without solving step—by—step" or "as

a math teacher".
2. Treat the answer as your own prior solution.

3. Conclude with EXACTLY one of:
Therefore, the answer is correct.
Therefore, the answer is incorrect.
Therefore, the answer cannot be verified.
Original text: {verification}

[ Confirmative Verification

Solve the problem (15t) > Check the answer
: if It answer satisfies

* NO contradiction - the 1stanswer is correct

« Contradiction - the 1t answer is wrong

the conditions of the problem

EI Yl [ wgora
HANYANG UNIVERSITY

Natural Language Processing Lab.,
Hanyang University.
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- Suggestions - Stage 0 : Data Construction

( 3
“ " g . . . . . .

| Problem-Solving” Verification “Confirmative” Verification | e .
| Verification
: f . |  Construction
| /Problem: \ pioblem: ) ) ) .
. 27 increased by twice a number is 39. What is the number? 27 increased by twice a number is 39. What is the number? =-—
| Model’s answer:

Model’s answer: 6 | I
I e Verification: |
| Verification: To verify the solution, we will substitute the given answer into I

Let's denote the unknown number as x. The problem can the original statement to determine its validity. | :
| be written as the equation: 27 + 2x = 39. To find x, we need Given answer for the number: 6. We will now check the I

to solve this equation step by step. statement using the given answer: 27 increased by twice 6 | .
| Step 1:...Step 2: ... x = 6. The given answer is 6. should equal 39. Twice 6 is 12. 27 increased by 12 is 27 + 12, : |
I KTherefore.ti1eél”5""‘-'9r‘S correct. / Which equals 39. Therefore, the answer is correct. J I

: Correct Response :
. P! r:— =] —-—

‘ : Incorrect Response  _ _ _ _ _ _ _ _____ = * J * *

r i (. Difficulty
/,,\_Q__.___Q_!__._He Lone —> r={s1,v1,52,v2,53,v3,54,v4 }
4 FTTEEE S EE- \\ ......
—| (el /’f. Q000 ], oitfcuty o (stvtn o]
olicy 1 N = , )&,
nput N —-00000:|
Questions Se e e e oo :

00000 ;1> LY — r={(s1v1]

L - J L . J
Sample K responses for each question enstruct trajectories based on difficulty distribution

Stage 0: Data Construction

SHOFL| O}l Natural Language Processing Lab.,
hnvgm umv_E;snv Hanyang UniVerSity.

Evaluate verify attempts = use the parser

Generate self-correction sequence

Create dynamic trial-and-error trajectories

37
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- Suggestions - Stage 1 : Behavior initialization (SFT)

“Problem-Solving” Verification

“Confirmative” Verification

27 increased by twice a number is 39. What is the number?

Model’s answer:
6

Verification:

Let's denote the unknown number as x. The problem can
be written as the equation: 27 + 2x = 39. To find x, we need
to solve this equation step by step.

Step 1: ... Step 2: ... x = 6. The given answer is 6.

e

I

!

| Problem:
I

I

I

I

I

I

/ \ G’oblem:

27 increased by twice a number is 39. What is the number?
Model’s answer:
6

Verification:

To verify the solution, we will substitute the given answer into
the original statement to determine its validity.

Given answer for the number: 6. We will now check the
statement using the given answer: 27 increased by twice 6

should equal 39. Twice 6 is 12. 27 increased by 12 is 27 + 12,

(Iwerefwe. the answer is correct. J thch equals 39. Therefore, the answer is correct. /

Verification
Construction

. : Correct Response y—r — I —T

‘: Incorrect Response R - . $ I_ l n
00OO®® — ""Y — r={(s51,v1,527v253,v3,54,v4}
L ——— /7

y . /, ----------- ~

——~| Initial /’f. OF JOXOR Difficulty

—| Policy i ! r={s1,v1,s2,v2}
_— . \. . . . .: Level 3
Questions D ieieieteieintaeietaie T

Y'Y Yyl Difficult
00000 — i — r=(s1,v1)

\ Y J L Y )

Sample K responses for each question

Stage 0:

EI Y' [ oo
HANYANG UNIVERSITY

Construct trajectories based on difficulty distribution

Data Construction

Natural Language Processing Lab.,

Hanyang University.

_’ SFT Model [~

Input -
Questions A

Stage 2: Reinforcement Learning

( Backward )

17 Outcome-level reward
T v/ X

TtsFT h

( Backward )

{s1,v1, ..., sj,vj}

—> {s1,v1,s2,v2,s3,v3}

Vil lll
vXIIY X

Process-level reward

L

Target output r ={s1,v1,s2,v2,s3,v3}
SFT Mask m={0 ,1 ,0 ,1 ,1,1}

t t t i(Backward)

6 Initial Policy
Model 7,
Pt

Input question x

Supervised Fine-tuning

\ Stage 1: Behavior Initialization j

\
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- Suggestions - Stage 1 : Behavior initialization (SFT)

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

L = =Ewxy)~Dgpr z Omask (at) logm(a|x, Y:at)

acc

s if Type(a;) = verify.

if Type(a;) =solveandt =T —1
if Type(a;) =<end > andt =T
otherwise

* Omask (ag) =

2= = =

- Example:2x + 3 = 9

Target output r ={s1,v1,s2,v2,53,v3}
step output Is correct? mask SFT Mask m={0 ,1 ,0 ,1 ,1,1}

0
6 Initial Policy
) Model 7,

Input question x

(Backward)
Solve 1 s4 x =3 e

Verify 1 v4 2X(3)+ 3 = 9 < INCORRECT
Sovle2s, x =5
Verify 2 v, 2X(5)+ 3 = 9 < INCORRECT

Solve 3 s3
Verify 3 v3 2%X(2)+ 3 = 9 € CORRECT

O | =

=

Supervised Fine-tuning

=
I
()

Q88 X 8 X

=

Stage 1: Behavior Initialization

Natural Language Processing Lab., 39
Hanyang University.
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« Suggestions - Stage 2 : Reinforcement Learning

( Stage 2: Reinforcement Learning \
[ \ ( Backward )
! “Problem-Solving” Verification “Confirmative” Verification | e ORI E-EE FELETE
| Verification
v N (o "\ | Construction 1\ v /X
| Problem: Prqblem: . . . : 4 PR
: 27 increased by twice a number is 39. What is the number? 27 increased by twice a number is 39. What is the number? == —> —> { s1,v1, ..., SJ, 'U]}
| Model’s answer: I SFT Model
Model’s answer: 6 |
—> TsrT —>
i | . | — & > (s1,v1,52,v2,53,v3}
I Verification: To verify the solution, we will substitute the given answer into I Questions A
Let's denote the unknown number as x. The problem can the original statement to determine its validity. | . \l' l ‘l’ ‘l' i ‘l’
I be written as the equation: 27 + 2x =39. To find x, we need Given answer for the number: 6. We will now check the I
to solve this equation step by step. statement using the given answer: 27 increased by twice 6 | . V x V V V x
I Step 1:... Step 2: ... x = 6. The given answer is 6. should equal 39. Twice 6 is 12. 27 increased by 12 is 27 + 12, |
I (?Werefwe. the answer is correct. J thch equals 39. Therefore, the answer is correct. / | ———— Process-level reward
« | | K ( Backward ) )
. : Correct Response —. M o ‘
‘ : Incorrect Response oo Cooooooooo = S~ $ r l n Target output r = { s1,v1,s2,v2,s3, 173}
i ! ifficulty —
/'!—-‘-_.‘__9_!,' D sels s S IPE2 eSS s SE R SFT Mask m={ 0,1 ,0 ,1 ,1,1}
A s ~
\ (Backward)
" s S I
Y X X L .

i

r={s1,v1,s2,v2}
Input

Poli | I —> —
olicy \’{ . . . . . : Level 3 ‘ Initial Policy
Questions ,\______________________:: ...... Model T[()

(ONQ) ...,:—> Difficulty —> r={sl,vl}

Level 1

- —————————— -

L J L J

! Y Input question x
Sample K responses for each question Construct trajectories based on difficulty distribution ) )
Supervised Fine-tuning
Stage 0: Data Construction Stage 1: Behavior Initialization

SHOFL| O}l Natural Language Processing Lab.,
hnvgm umv_E;snv Hanyang UniVerSity.
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« Suggestions - Stage 2 : Reinforcement Learning

Stage 2: Reinforcement Learning

- Outcome -level RL (RLOO) (Backward)

Outcome—level reward

: rewards the model based on the correctness of the final solution. P v/ X
Input mser @ {s1,v1,52,v2,53,v3}

B {+1 if the fir.lal solution st is correct S LlLLLl

1, otherwise ‘ VXYY X

Process-level reward

( Backward )

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

R (s | x, y) +1, ifvgolden(sj) is correct R (v | x, y) +1, if Parser(vj) = Vgolden(sj)
—1, otherwise —1, otherwise

L(6) = ~Expy~m,_, [|3’| Z min (7, (8)A(alx,y), clip(,(8),1 — €,1 + €)A(alx,y))

Natural Language Processing Lab.,

Hanyang University. i




Self-Correction & Self-Verification

Experimental Results Comparison

# Performance analysis

Natural Language Processing Lab.,
Hanyang University.




SCoRe

+ Performance of SCoRe

- Metrics

- Acc.@tl: accuracy at 1t attempt

Table 2: Performance of SCoRe on MATH. SCoRe not only attains a higher accuracy at both attempts, but
also provides the most positive self-correction performance A(tl, t2).

AT, 12) AT, 12)

A h Ace.@t1  Ace.@f2  A(tl, €2
Acc.@t2: accuracy at 2" attempt pproac c.Ctl Acc.O2 A, 2)
Base model 52.6%  414%  -112% 4.6% 15.8%
A(t1, t2) = Acc.@t2-Acc.@tl Self-Refine (Madaan et al., 2023) 528%  51.8%  -1.0% 3.20 4.29%
A'éC(tl, t2) *Error Correction STaR w/ DgtaR (Zelikman et al., 2022) 53.6% 54.0% 0.4% 2.6% 2.2%
. . Pair-SFT w/ Dspr (Welleck et al., 2023) 52.4% 54.2% 1.8% 5.4% 3.6%
fraction of incorrect = correct
SCoRe (Ours) 60.0%  64.4%  4.4% 5.8% 1.4%

oroyTjory
HANYANG UNIVERSITY

Ac-i(t1, t2) : Stability
fraction of correct = incorrect

Table 3: Performance of SCoRe on HumanEval. SCoRe attains the highest self-correction performance

(Accuracy @t2, A(tl, t2)), and also outperforms other methods at offline correction (MBPP-R).

Method MBPP-R  Acc.@tl Acc.@t2 A(tl, £2) A7, t2) A7t t2)
Base model 47.3% 53.7% 56.7% 3.0% 7.9% 4.9%
Self-Refine 30.7% 53.7% 52.5% -1.2% 9.8% 11.0%
Pair-SFT 59.8% 56.1% 54.3% -1.8% 4.3% 6.1%
SCoRe (Ours) 60.6 % 52.4% 64.6 % 12.2% 15.2% 3.0%

SCoRe achieves superior accuracy and self-correction performance

Natural Language Processing Lab.,

Hanyang University.




ReVISE

Llama-3.2-1B Llama-3.1-8B
GSM8K MATH-500 MATH-500
Methods Maj@1l Maj@3 Maj@5 Maj@l Maj@3 Maj@5 Maj@l Maj@3 Maj@5
Few-shot CoT 5.7 6.8 7.2 3.0 2.6 3.2 23.4 22.2 23.2
SFT (Brown et al., 2020a) 22.1 23.5 26.4 10.4 10.6 11.4 27.8 31.0 33.2
RFT (Yuan et al., 2023) 26.2 26.8 28.6 12.6 124 12.8 30.8 33.2 35.6
STaR™ (Zelikman et al., 2022) 26.2 27.1 29.9 11.4 13.1 13.4 30.4 31.8 32.8
ReVISE (Ours) 28.1 31.3 32.8 134 14.0 14.8 33.6 36.0 37.6

33| - Majority Voting
=& M(Answer)
8- M([eos]) (Ours)

30

Accuracy (%)
Accuracy (%)
Accuracy (%)

27

; | 24 10
S T o = First Retry ReVISE First Retry ReVISE
1 2 4 8

Number of samples (N) (a) GSM8K (b) MATH

Natural Language Processing Lab., 4
Hanyang University.
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Datasets
Model MATH AIME AMC College Olympiad gy 1ot GaokaoEn Average
500 2024 2023 Math  Bench 2023 Evaluation on Verification and Correction (Base Model: Qwen2-7B-Instruct)

Frontier LLMs 100 Self-verification Metrics 25 Self-correction Metrics
GPT-40* 76.6 93 475 485 433 929 67.5 55.1 gg oJbrocess level AL 22.17
g}lfil’lli-d: E—S;:v(;gxl;it ;gg 41122 96 0 9?'4 %01 SFT + Outcome-level RL  gg, 67 87.34 201 2222 1935
GPT-ol-mini* 900 567 950 578 653 94.8 78.4 76.9 S 81.91 -

X 807 X154

Top-tier Open-source Reasoning LLMs 3 73.59 ]
Mathstral-7B-v0.1* 57.8 00 375 337 215 84.9 46.0 40.2 2 70+ 67.86 .80 | 10 443
NuminaMath-72B-CoT* 640 33 700 397 32.6 90.8 58.4 513 63.93 65.58
LLaMA3.1-70B-Instruct* 654 233 500 425 27.7 94.1 54.0 51.0 60l ss31 5] 2. -
Qwen2.5-Math-72B-Instruct* 856 300 70.0 495 49.0 95.9 71.9 64.6

General Model: Llama-3.1-8B-Instruct 50 . y L— 0 v y
Llama-3.1-8B-Instruct 480 67 300 308 156 844 410 36.6 Verification Accuracy Error Recall correct Precision o Comect tolncomect
Llama-3.1-8B-Instruct + Original Solution SFT 31.0 3.3 7.5 22.0 8.0 58.7 28.3 22.7
Llama-3.1-8B-Instruct + Long CoT SFT 514 6.7 275 363 19.0 87.0 48.3 39.5 0 M . . .
Llama-3.1-8B-S’R-BI (ours) 496 100 200 333 176 85.3 41.0 36.7 Adon Initial Verification Acc.
Llama-3.1-8B-S2R-PRL (ours) 536 67 250 337 185 86.7 43.1 38.2 Base Model Methods Verification % G T V. (50)
Llama-3.1-8B-S2R-ORL (ours) 550 67 325 347 207 87.3 452 40.3 Acc. golden 50 golden 0

= correct = 1ncorrect

General Model: Qwen2-7B-Instruct
Qwen2-7B-Instruct 512 33 300 182 19.1 86.4 39.0 353 Problem-solving 80.10 87.28 66.96
Qwen2-7B-Instruct + Original Solution SFT 412 0.0 250 30.1 10.2 74.5 34.8 30.8 Llama3. 1-8B-Instruct
Qwen2-7B-Instruct + Long CoT SFT 60.4 6.7 325 363 234 81.2 53.5 42.0 .
Qwen2-7B-S?R-BI (ours) 612 33 275 411 271 874 491 4.4 Confirmative 65.67 7727 7822
Qwen2-7B-S2R-PRL (ours) 654 67 350 367 @ 210 89.0 49.9 44.2 _
Qwen2-7B-S?R-ORL (ours) 648 33 425 347 262 864 509 44.1 Problem-solving 73.28 90.24 67.37

Owen2-7B-Instruct

Math-Specialized Model: Qwen2.5-Math-7B :
Qwen2.5-Math-7B 510 167 450 215 167 583 39.7 356 Confirmative 58.31 76.16 70.05
Qwen2.5-Math-7B-Instruct 832 133 725 470 40.4 95.6 67.5 59.9 ,
Eurus-2-7B-PRIME* (Cui et al., 2025) 792 267 578 450 4.1 88.0 57.1 56.6 Problem-solving 77.25 91.21 56.67
rStar-Math-7B*2(Guan et al., 2025) 784 267 475 525 471 89.7 65.7 58.2 Qwen2.5-Math-7B
Qwen2.5-7B-SimpleRL* (Zeng et al., 2025) 824 267 625 - 433 - - - Confirmative 61.58 82.80 68.04
Qwen2.5-Math-7B + Original Solution SFT 580 6.7 425 358 20.0 79.5 51.9 42.1
Qwen2.5-Math-7B + Long CoT SFT 802 167 60.0 49.6  42.1 91.4 69.1 58.4
Qwen2.5-Math-7B-S2R-BI (ours) 81.6 233 60.0 439 44.4 91.9 70.1 59.3
Qwen2.5-Math-7B-SR-PRL (ours) 834 267 70.0 43.8 46.4 93.2 70.4 62.0
Qwen2.5-Math-7B-S2R-ORL (ours) 844 233 715 438 44.9 92.9 70.1 62.4

StOFLjTt Il Natural Language Plroce§5|ng Lab., 45
HANYANG UNIVERSITY H a nya ng U nive rS|ty.




Self-Correction & Self-Verification

Conclusion

BHOFI O Natural Language P.roce§sing Lab.,
HANYANG UNIVERSITY Hanyang Un|VerS|ty.




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.

Aspect ReVISE

Self-Verification X 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 X
Reward Sharping X
Test-time Scaling Strategy Multi-turn Correction Confidence-aware decoding Adaptive correction i seif.verification)

Computational Efficiency X High gusmutti-tum) LOW noRy) W High cfinery)

Natural Language Processing Lab.,
Hanyang University.
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