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Abstract

Large language models (LLMs) are capable001
of self-correct their responses by generating002
feedback and refining the initial output. How-003
ever, their performance may sometimes decline004
following self-correction, either because the005
feedback contains errors or because they un-006
necessarily attempt to refine an already accu-007
rate response. To address these limitations, we008
investigate whether LLMs can generate meta-009
feedback that pinpoints errors in the feedback010
rather than the response. 1While the ability of011
LLMs to generate self-feedback has been well-012
researched, their potential to provide construc-013
tive meta-feedback remains under-explored.014
We design a novel self-correction prompting015
framework, Feedback-on-Feedback (FoF),016
which leverages meta-feedback to improve the017
feedback before refining the response. Our018
framework first samples multiple feedbacks for019
the initial response, and prompts the LLM to020
generate a meta-feedback that analyze the in-021
consistency between these feedbacks. Based022
on the meta-feedback, the LLM generates a023
refined feedback that subsequently guides the024
revision of the response. Our FoF framework025
uniformly outperforms competitive baselines026
across two base models in different sizes and027
three datasets spanning arithmetic reasoning,028
machine translation and programming, with an029
improvement of up to 1.68% in GSM8K task030
by LLaMA3-8B model.031

1 Introduction032

LLMs have revolutionized the field of natural lan-033

guage processing, demonstrating exceptional per-034

formance across various tasks such as language035

generation, translation, and question answering036

(OpenAI et al., 2024). Despite their remarkable037

capabilities, LLMs often struggle with producing038

consistently accurate, coherent, and contextually039

relevant responses (Madaan et al., 2023; Chen040

et al., 2023; Welleck et al., 2022). One critical area041

of improvement is the intrinsic ability of LLMs042

to identify and correct errors in their own outputs. 043

Self-correction is the ability of language models 044

to identify and rectify errors, inconsistencies, or 045

shortcomings in their own generated outputs with- 046

out external intervention (Pan et al., 2023; Madaan 047

et al., 2023; Chen et al., 2023). This process typi- 048

cally involves the model first generating a critique 049

that identifies the limitations of its initial response, 050

followed by revising the response based on the self- 051

generated critique. The critique-revise process can 052

be iterated multiple times to progressively refine 053

the model’s output, allowing for a more thorough 054

and comprehensive self-correction (Madaan et al., 055

2023). 056

Previous research on self-correction in LLMs 057

has explored various approaches, including itera- 058

tive refinement based on self-feedback (Madaan 059

et al., 2023), which is error correction through self- 060

critique (Shinn et al., 2023; Kim et al., 2023), and 061

improving consistency and confidence of gener- 062

ated answers (Li et al., 2024a,b). However, these 063

methods often rely on external feedback, oracle 064

labels which are often unavailable during inference. 065

Another line of research dives into the intrinsic self- 066

correction ability (Huang et al., 2024) of LLMs to 067

refine the answer without access to external infor- 068

mation and oracle label. However, (Huang et al., 069

2024) suggest that intrinsic self-correction harms 070

the model performance since the model refine a cor- 071

rect answer into an incorrect one more frequently 072

than the other way round. Another limitation of 073

previous method besides replying on oracle labels— 074

the quality of LLM-generated feedbacks can be ar- 075

bitrarily bad without proper guidance or selection, 076

leading to inferior performance (Shridhar et al., 077

2023; Liang et al., 2023b).This naturally leads to 078

why we want to use meta-feedback to improve the 079

quality of the feedback before applying them to 080

refine the answer. 081

Particularly, their capacity to provide construc- 082

tive feedback on their own self-feedback, known 083
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Initial Answer
Step 1: Jason originally had 20 lollipops.
Step 2: The number of lollipops Jason gave 
to Denny is the difference between the 
original number and the remaining number, 
which is 20 - 8 = 12 lollipops.
Step 3: The answer is \\boxed{12} lollipops. 

Q: Jason had 20 lollipops. He gave Denny some lollipops. 
Now Jason has 12 lollipops. How many lollipops did Jason give to Denny?

Base generator Feedback 1:
There is no error in the reasoning steps. Your 
answer is correct. 

Feedback on Feedback (FoF):
Clarification are needed for your feedbacks. One 
feedback suggest the reasoning steps are correct, 
while another one is not. 

Refined Feedback:
Step2: Jason had 20 lollipops originally and now has 
12. The correct calculation is 20−12=8

Refined answer: 
.…(same as the initial answer)
Step 2: The number of lollipops Jason gave to 
Denny is the difference between the original 
number and the remaining number, which is 20 - 
12 = 8 lollipops.
Step 3: The answer is \\boxed{8} lollipops.

Critic model

Final Answer
…(same as the initial answer)
Step 3: The answer is \\boxed{12} lollipops. 
[END]

Base generator

Critic model

Base generator

Base generator

Feedback 2:
Step2: The number of lollipops given to Denny 
should be the difference between 20 and 12. The 
correct calculation is 20−12=8

Feedback 1:
There is no error in the reasoning steps. 
Your answer is correct. 

Critic model

Figure 1: An illustrative example of FoF compared to the Self-refine setting (Madaan et al., 2023). In the
Self-refine setting (left) , the base generator generates a initial answer to the given problem, and the critic model

provides feedback on the initial response. However, since the feedback is wrong, the answer model remains with
the wrong answer . In the FoF setting (right) , the critic model samples two feedback on the initial response
simultaneously. The base generator identifies the need for clarification between the conflicting feedbacks, which
requires the critic model to correct the feedback. Based on the refined feedback, the answer model refines the wrong
answer and provides the correct answer .The question is from GSM8K (Cobbe et al., 2021) and all answers and
feedbacks are generated by gpt-3.5-turbo-0515.

as meta-feedback, remains less explored. This vast084

capability raises an intriguing question: Can the085

meta-feedback improve the quality of feedback086

generated by LLMs, and subsequently enhance087

the final output?088

To address these limitations, we propose a089

Feedback-on-Feedback (FoF) method. FoF ad-090

dresses the limitations of existing methods by lever-091

aging meta-feedback to improve the quality of feed-092

back and, consequently, the accuracy of the refined093

answers. Unlike methods that rely on external feed-094

back or oracle labels, the FoF framework 1) identi-095

fies the inconsistency between multiple LLM-self-096

generated feedbacks based on their semantic simi-097

larities, 2) generates an additional meta-feedback098

to analyze their inconsistency, 3) refines the feed-099

back with meta-feedback and 4) revise the answers100

with the refined feedback. An example of potential101

failure in intrinsic self-correction is demonstrated 102

in Figure 1. When the first feedback indicates the 103

initial answer is correct and the second feedback 104

shows there is still an error in the answer, com- 105

bining different stances of feedback and the clar- 106

ification from meta-feedback together provides a 107

more accurate feedback. This approach enables 108

FoF to operate effectively in zero-shot scenarios 109

without demonstrations, highlighting its generaliz- 110

ability across various tasks. 111

We conduct experiments on three datasets: 112

GSM8K (arithmetic reasoning) (Cobbe et al., 113

2021), CSMT (machine translation) (He et al., 114

2020), and MBPP (programming problem-solving) 115

(Austin et al., 2021). Our FoF method outperforms 116

the Self-Refine (Madaan et al., 2023) baseline and 117

standard prompt (without self-corrective feedback 118

and answer) across all tasks and two models includ- 119
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ing one close source model: GPT-3.5-0515 (Brown120

et al., 2020) and a open source model: LLaMA3-121

8B (Touvron et al., 2023) in zero-shot setting. For122

example, FoF achieves up to a 1.68% improvement123

in the GSM8K task using LLaMA-3-8B ompared124

to self-refine, a 6.37% improvement in the CSMT125

task using LLaMA3-8B over the standard prompt,126

and a 2.59% improvement in the MBPP task using127

LLaMA-8B over self-refine. These results demon-128

strate the effectiveness of the FoF method in im-129

proving the self-correction ability of LLMs across130

various tasks and model sizes.131

Our contributions are threefold:132

1. We introduce the FoF prompting method,133

which shows meta-feedback could examine134

the quality of multiple feedbacks, then im-135

prove the accuracy of answer.136

2. We demonstrate improvements across multi-137

ple datasets, including GSM8K, CSMT and138

MBPP along GPT-3.5-0515 and LLama3-8B,139

demonstrating up to 1.68% improvements in140

the GSM8K task over self-refine.141

3. We highlight the importance of selecting and142

integrating multiple feedback to improve an-143

swer accuracy. By addressing inconsistencies144

between feedback, our approach ensures more145

accurate and consistent self-correction.146

2 Related works147

Natural language feedback. The ability of148

LLMs to self-correct has garnered significant at-149

tention, with various approaches proposed to en-150

hance this capability. Recent advancements lever-151

age model natural language feedback and iterative152

refinement techniques (Ye et al., 2023; Madaan153

et al., 2023; Shinn et al., 2023; Kim et al., 2023).154

Approaches include evaluating alignment to guide155

iterative refinement (Madaan et al., 2023; Gou156

et al., 2024; Ye et al., 2023; Aggarwal et al., 2023;157

Akyurek et al., 2023; Shinn et al., 2023; Paul et al.,158

2024; Zheng et al., 2023; Kim et al., 2023), in-159

tegrating diverse prompts and internal or external160

verifiers to score reasoning paths (Gero et al., 2023;161

Li et al., 2023c; Zelikman et al., 2022), and using162

multi-agent debate where LLMs interact to reach163

consensus (Du et al., 2023; Cohen et al., 2023; Li164

et al., 2023a; Liang et al., 2023a), which is orthog-165

onal to the method FoF that includes extra agents166

for self-feedback.167

However, some of the methods (Shinn et al., 168

2023; Madaan et al., 2023; Kim et al., 2023) de- 169

pend on oracle labels or external feedback to de- 170

termine when to stop the self-correction process. 171

Multi-agent debate settings have also been found to 172

be less efficient than self-consistency approaches. 173

(Huang et al., 2024). These issues and limita- 174

tions raise questions about the true intrinsic self- 175

correcting capabilities of LLMs (Huang et al., 176

2024). In contrast with those methods, our ap- 177

proach do not involve oracle label and feedback 178

from external verifer. Our approach completely 179

depends on model’s intrinsic self-feedback ability. 180

Consistency in reasoning steps. Numerous re- 181

searches showcase that the accuracy of final an- 182

swer is influenced by both consistency and conti- 183

nuity of reasoning steps (Wang et al., 2023d; Li 184

et al., 2023c). Consistency-relevant approaches fo- 185

cus on improving the consistency and confidence 186

of LLM-generated answers. Consistency work of- 187

ten involves sampling then selection framework 188

Works (Shridhar et al., 2023), self-consistency 189

samples the reasoning steps 40 times (Wang et al., 190

2023d), Adaptive Consistency which reduces sam- 191

pling to 7.9 times with an early stop criterion, and 192

SCREWS (Shridhar et al., 2023) which integrates 193

multiple selection methods like majority-voting 194

and machine-selection. Confidence Matters (Li 195

et al., 2024a) and Think Twice (Li et al., 2024b) 196

sample answers, prompting the model to generate 197

a new answer if conflicts arise between the initial 198

responses. With all current works focus on the 199

consistency on the reasoning steps, our method is 200

crafted to focus on the consistency between feed- 201

back. 202

Feedback Quality Evaluation Recent studies 203

have focused on evaluating the quality of feed- 204

back to enhance the self-correction ability of LLMs 205

(Sun et al., 2024). Alignment evaluation ensures 206

LLMs’ outputs align with human values and ethical 207

standards by assessing biases, toxicity, and truthful- 208

ness (Hendrycks et al., 2023; Huang et al., 2023). 209

LLMs (OpenAI et al., 2024; Fu et al., 2023; Liu 210

et al., 2023; Ke et al., 2023; Li et al., 2023b) and 211

humans (Saunders et al., 2022; Wang et al., 2023c) 212

have been used as critics or annotators to evaluate 213

and improve generated outputs. CriticBench (Lan 214

et al., 2024) introduces a benchmark for assess- 215

ing feedback and meta-feedback capabilities using 216

both subjective GPT-4 evaluation and objective hu- 217

man alignment (Figure 6). Unlike CriticBench, 218
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which relies on costly human consumption and219

long prompt inputs, we use a lightweight evaluation220

method with gpt3.5-0515 as a judge to provide ex-221

planations and scores for feedback/meta-feedback222

(Figure 10).223

3 Method224

In this section, we introduce the Feedback-on-225

Feedback (FoF) prompting method, which con-226

sists of a base generator, a critic model, and a three-227

step feedback refinement process that includes feed-228

back generation, meta-feedback generation, and229

feedback refinement. A detailed FoF algrothm230

could be found in E.231

3.1 Base Generator232

The base generator is a large language model233

(LLM) that takes the question Q as input and gener-234

ates an initial answer R0. The initial answer is gen-235

erated using zero-shot chain-of-thought prompting236

(Brown et al., 2020; Wei et al., 2023). Given an in-237

put question Q, a generation prompt pgen (Madaan238

et al., 2023) (see Figure 7 in the appendix), and a239

base generator BG, the initial answer R0 is gener-240

ated as follows:241

R0 = BG(pgen ∥ Q) (1)242

3.2 Critic Model243

The critic model is another LLM that takes the CoT244

which contains initial answer R0 and the question245

Q as input and provides feedback on the quality of246

the answer. To generate the feedback, we prompt247

the critic model with the prompt pfb shown in Fig-248

ure 8 in the appendix.249

The critic model samples feedback with a tem-250

perature of 0 to generate F1 and F2 based on its251

training data and the given prompt (see Figure ??):252

F1, F2 = CM(pfb ∥ Q,R0) (2)253

3.3 Feedback Refinement254

The feedback refinement process aims to improve255

the quality of the feedback and generate a refined256

answer. It consists of the following steps:257

3.3.1 Feedback Similarity Check258

We compute the semantic similarity S between the259

two feedback samples F1 and F2 using a similarity260

function:261

S = SemanticSimilarity(F1, F2) (3)262

To determine different categories of feedback 263

similarity (agree/disagree/need clarification), we 264

define the thresholds θ1 and θ2 to categorize the 265

feedback similarity levels. In Section 4, we will 266

discuss our specific settings for these thresholds. 267

3.3.2 Feedback-on-Feedback (FoF) 268

Generation 269

If the feedback samples F1 and F2 have low sim- 270

ilarity, we generate FoF using the base generator 271

BG and the prompt pfof shown in Figure 2: 272

FoF = BG(pfof ∥ F1, F2) (4) 273

Need Clarification: Clarifications are 
needed from the sampling feedbacks, try to 
clarify the feedbacks

Disagree: Critic model is giving two 
different feedbacks, check the feedbacks 
and give the best feedback

Here are the two sampling feedbacks from 
the critic model on your previously 
generated reasoning step:
{Feedback Sample 1} + {Feedback Sample 2} 
+ Need Clarification/Disagree

Figure 2: The prompt used for generating FoF

274

3.3.3 Refined Feedback Generation 275

The refined feedback RF is generated by the critic 276

model CM using all the history contexts including 277

the question Q, the initial answer R0, the FoF, and 278

the feedback samples F1 and F2, and the prompt 279

prf (see Figure 3) :

The critic model may need clarification or 
disagree with you:{fof_original}

Please give only one refined feedback based 
on the fof from the critic model.

Figure 3: The prompt used for feedback refinement

280

RF = CM(prf ∥ Q,R0, FoF, F1, F2) (5) 281

3.3.4 Final Answer Refinement 282

The final refined answer Rf is generated by the 283

base generator BG using the question Q, the initial 284

answer R0, and the refined feedback RF , along 285

with the refined answer prompt pra (see Figure 9 286

in appendix): 287
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Rf = BG(pra ∥ Q,R0, RF ) (6)288

The refined answer Rf is the final output of the289

FoF prompting method, which incorporates the290

feedback and refinement process to improve the291

accuracy and reliability of the generated answer.292

4 Experiments293

4.1 Models294

We utilize state-of-the-art language models as the295

base generator and critic in our FoF framework:296

We use the GPT-3.5-turbo model and LLaMA3-297

8B, one is open-source model and another is pro-298

prietary model. They demonstrated strong perfor-299

mance in various natural language tasks, includ-300

ing question answering and reasoning. We utilize301

the LLaMA3-8B model, which balances advanced302

capabilities with computational efficiency. Since303

GPT4 is considered as a strong model due to its304

performance on various benchmarks and its large305

parameter 1.76 trillion (OpenAI et al., 2024), We306

show the usage pf GPT-4 as critic model which307

showcase that higher quality feedback from strong308

model would enhance the model accuracy,309

4.2 Benchmarks310

We evaluate the performance of our FoF approach311

on two diverse benchmarks:312

Math Reasoning: We use the GSM8K dataset313

(Cobbe et al., 2021), comprising 8.5K grade school314

math word problems to assess multi-step reasoning315

and numerical accuracy. For our evaluation, we316

specifically utilize the test set from GSM8K, which317

contains 1,319 examples.318

Machine Translation: We employ the Common-319

sense Machine Translation (CSMT) dataset (He320

et al., 2020) to evaluate translation quality, using321

automatic metrics BLEURT (Sellam et al., 2020)322

and COMET (Stewart et al., 2020). Bleurt (Sellam323

et al., 2020) is a learned evaluation metric based on324

BERT, which takes source text as reference. While325

COMET is s neural framework, which takes source326

text along with the gold answer translation as ref-327

erences. We take the test set from CSMT, which328

contains 200 examples.329

Programming Problem Solving: We use the330

MBPP (Multiple Benchmark Programming Prob-331

lems) dataset (Austin et al., 2021), featuring 974332

Python problems to test the model’s ability to gen-333

erate correct and efficient code. We perform ex-334

periments on the test set of MBPP, which contains335

500 python problems, where each problems has 3 336

unit tests. We follow prior work in including the 337

first unit test in the prompt as part of the problem 338

desciption (Chen et al., 2023, 2021), and keep the 339

remaining 2 unit tests hidden for full evaluation. 340

We evaluate MBPP based on the pass@k metric, 341

pass@k indicates the proportion of problems for 342

which at least one out of k generated solutions is 343

correct (Chen et al., 2021). We use pass@1 to 344

evaluate FoF’s performance on MBPP. 345

Note that we only ran these experiments once. 346

To ensure fairness between the Self-Refine and FoF 347

settings, we designed FoF to take the initial answer 348

and first round feedback from Self-Refine as part 349

of the sampling feedback in the first round. 350

4.3 Baselines 351

CoT-Prompting: Chain-of-Thought (CoT) 352

prompting (Wei et al., 2023) is a technique 353

that elicits reasoning in large language models 354

by encouraging them to generate intermediate 355

reasoning steps before arriving at the final answer. 356

This method enhances the model’s ability to 357

solve complex problems by breaking down the 358

problem-solving process into smaller steps, where 359

the prompt contains "let’s think step by step". 360

Self-refine Prompting: The primary baseline 361

method in this study is the Self-Refine method 362

(Madaan et al., 2023). Self-refine prompting is an 363

iterative refinement method that enables the model 364

to generate self-feedback and use it to improve its 365

initial outputs. Self-refine Prompting is also be ref- 366

ereed as critical prompting by Huang et al. (Huang 367

et al., 2024), which contains the guided sentence 368

like "find the error in your reasoning step". 369

4.4 Feedback Sampling 370

In our experiments, we sample 2 feedback re- 371

sponses from the critic model with a temperature 372

of 0.7. This temperature value ensures that the gen- 373

erated feedback samples are diverse (Renze and 374

Guven, 2024; Wang et al., 2020, 2023a), allowing 375

us to test the core idea of generating meta-feedback 376

effectively. 377

4.5 Stop Condition 378

We follow the setup by Self-Refine (Madaan et al., 379

2023), where the feedback refinement process stops 380

when it reaches the feedback round limit or when 381

the feedback contains the phrase "there is no error". 382
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4.6 Semantic Similarity Threshold383

The semantic similarity threshold θ1 and θ2, set at384

0.5 and 0.8 respectively. These thresholds were385

chosen based on manual inspection of a few ex-386

amples from the validation set. Optimizing these387

thresholds is resource-consuming, as it would re-388

quire extensive hyperparameter tuning.389

• If 0 ≤ S < 0.5, the feedback samples are390

considered to disagree with each other.391

• If 0.5 ≤ S ≤ 0.8, the feedback samples need392

clarification, examples could be find in 5.3.393

• If S > 0.8, the feedback samples are consid-394

ered to agree with each other.395

5 Result396

5.1 Main result397

By comparing our approach with standard prompt-398

ing method and self-refine prompting method, we399

can directly observe impact of meta-feedback on400

enhancing the feedback quality , which results in401

better final asnwer accuracy. We perform evalua-402

tions using two different large-scale models across403

three benchmark datasets. These evaluations span404

multiple types of tasks, covering arithmetic reason-405

ing, commonsense reasoning, and programming406

problem solving.407

As summarized in Table 1, the FoF method408

consistently demonstrates improvements across all409

benchmarks compared to the standard prompt and410

Self-Refine. For instance, using GPT-3.5-0515,411

our FoF method achieved an average accuracy412

of 78.71% on GSM8K, representing a 0.79% im-413

provement over the standard prompt and a slightly414

increase compared to Self-Refine. Notably, for415

the LLaMA3-8B model, the FoF method achieve416

45.17% accuracy, marking a 3.58% improvement417

over the standard prompt and a 1.68% increase418

compared to Self-Refine. The improvements from419

our method tend to decrease as the model capability420

increases, yet the decision refinement stage consis-421

tently enhances performance across all models. It422

is notable that the performance of GPT-3.5-0515 on423

GSM8K decrease after applying Self-Refine, this424

is aligned with the finding of Huang et al (Huang425

et al., 2024). In the MBPP task, we assessed the426

effectiveness of the FoF method using the GPT-427

3.5-0515 and LLaMA3-8B models. As shown in428

Table 1, the FoF method achieved an accuracy of429
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Figure 4: Heatmaps comparing feedback score corre-
lation with answer accuracy for Self-Refine (top) and
FoF (bottom) approaches. Low accuracy (0-0.5) and
high accuracy (0.5-1) are shown along with low (0-5)
and high (5-10) feedback quality. Self-Refine shows
weak correlation, with 42% of data in the low feedback
and low accuracy quadrant. FoF shows positive cor-
relation, s with 72% of data in the high feedback and
high accuracy quadrant. Note the imbalance: 228/500
examples have Self-Refine feedback and 118/500 have
FoF feedback, indicating fewer examples for FoF but
still demonstrating that higher feedback quality leads to
higher accuracy in the MBPP task.

75.27% with GPT-3.5-0515, reflecting a 3.77% im- 430

provement over the standard prompt and a 1.19% 431

increase compared to the Self-Refine method. 432

In the Machine Translation Tasks, we evaluate 433

the performance using the BLEU and COMET met- 434

rics. Our FoF approach achieves significant im- 435

provements in both BLEU and COMET scores af- 436

ter 4 rounds of iterative refinement. The BLEU 437

score increases from 63.77 to 67.37, while the 438

COMET score improves from 71.5 to 75.27. These 439

results demonstrate the effectiveness of the FoF 440

mechanism in enhancing the quality of the gener- 441

ated translations via iterative feedback and refine- 442

ment rounds. 443

Higher Feedback Quality Leads to Better An- 444

swer Figure 4 visualizes the correlation between 445

feedback scores and answer accuracies for both 446

methods. The FoF heatmap reveals a strong pos- 447

itive correlation, with 72% of data points falling 448
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GSM8K CSMT MBPP

Acc Acc with Oracle Label BLEURT COMET Acc

GPT-3.5-0515 + Initial Answer 77.92 77.92 63.77 71.50 71.50
+ Self-refine 77.42 78.79 66.07 74.08 74.08
+ FoF 78.71 80.08 67.37 75.27 75.27

Llama-3-8B + Initial Answer 41.59 41.59 60.30 62.45 45.30
+ Self-refine 43.49 44.02 63.07 66.03 49.08
+ FoF 45.17 45.7 66.29 68.03 51.67

s

Table 1: The performance comparison between our FoF method and the self-refine method

Round 1 Round 2 Round 3
Rounds
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8
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FoF Incorrect to Correct
FoF Correct to Incorrect
Self-Refine Incorrect to Correct
Self-Refine Correct to Incorrect

Figure 5: Comparison of FoF and Self-Refine meth-
ods (Madaan et al., 2023) on GSM8K using the GPT-
3.5-turbo-0515 model. Wrong→ Correct: Number of
initially incorrect answers changed to correct across 3
answer rounds. Correct→Wrong: Number of initially
correct answers changed to incorrect across 3 answer
rounds.

into the high feedback score and high answer accu-449

racy quadrant. In contrast, the Self-Refine heatmap450

shows a weaker correlation, with data points dis-451

tributed across all quadrants.452

Our analysis suggests that refining feedback453

through an iterative process improves the corre-454

lation between feedback scores and answer accu-455

racy. Our analysis indicates that iterative feedback456

refinement enhances the correlation between feed-457

back scores and answer accuracies. This finding458

is consistent with CriticBench (Lan et al., 2024),459

which states that higher feedback quality leads to460

improved accuracy in question answering.461

FoF Changes More Answers Than Self-Refine462

We further evaluate the changes in the answers463

after applying self-correction with the FoF method.464

The results on the GSM8K datasets by GPT-3.5-465

0515 model are illustrated in Figure 3. Our FoF466

method significantly increases the rate of Incorrect467

Base Critic Prompt Type # of Feedback GSM8K

Model Model Samples Accuracy

GPT-3.5 GPT-3.5

+ Standard Prompt 0 77.27
+ Self-refine 0 79.26
+ Self-refine 2 77.78
+ FoF 2 79.79

GPT-3.5 GPT-4

+ Standard Prompt 0 78.24
+ Self-refine 0 85.88
+ Self-refine 2 85.48
+ FoF 2 86.05

Table 2: Ablation study on the impact of critic model
quality on final accuracy. Results are shown for the
GSM8K dataset with GPT-3.5 as the base generator and
using GPT-3.5, GPT-4 as the critic model.

→ Correct changes, demonstrating its effectiveness 468

in enhancing answer accuracy. The pie charts in 469

Figures 4 and 5 provide a clearer comparison of the 470

two approaches after 4 rounds of refinement. While 471

both methods have similar percentages of wrong- 472

to-wrong transitions (22.5% for FoF and 22.4% 473

for Self-Refine), Figure 5 demonstrate that FoF 474

outperforms Self-Refine in the wrong-to-correct 475

category (3.2% vs. 3.5%) in each round. FoF 476

exhibits greater diversity compared to Self-Refine 477

in terms of answer generation. This aligns with 478

Huang et al. (Huang et al., 2024), who notes that 479

mischanges result in self-correction failures.The 480

improvements of FoF across tasks are due to fewer 481

mischanges in feedback and answer rounds. 482

5.2 Ablation Studies 483

We conducted an ablation study to investigate 484

the impact of the critic model’s quality on the fi- 485

nal performance of our FoF approach. We com- 486

pared two critic models, GPT-3.5 and GPT-4, while 487

keeping the base generator fixed as GPT-3.5. Ta- 488

ble 2 presents the results on the GSM8K dataset. 489

The findings highlight the importance of the critic 490
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model’s quality in the FoF framework. By employ-491

ing a more advanced language model as the critic,492

the system can generate higher-quality critiques,493

which in turn guide the base generator to produce494

more accurate corrections. This finding aligns with495

the results presented in CriticBench (Lan et al.,496

2024), which evaluates the critique capabilities of497

various LLMs and emphasizes the importance of498

high-quality critiques for model improvement.499

We also included a self-refine with two sampling500

variants to ensure a comparison using the same501

amount of API calls and a similar number of to-502

kens. We sampled two feedbacks to not exceed503

the token limit of 4098. In this setting, self-refine504

generates two sampling feedbacks, and the base505

generator selects the one it has the most confidence506

in. The results indicate that LLMs lack the ability507

to choose the best feedback without external verifi-508

cation mechanisms, such as consistency checks.509

5.3 Case Study510

5.3.1 Failed Examples and Analysis511

While our FoF method demonstrates significant im-512

provements in self-correction capabilities, it is im-513

portant to acknowledge and analyze the instances514

where the method did not perform as expected. In515

this example, the initial answer is correct but in-516

cludes incorrect intermediate steps. The two feed-517

back samples provide incorrect guidance, leading518

FoF to agree with the inaccurate feedback and pro-519

duce a refined response that reinforces the wrong520

answer. This case illustrates how multiple inaccu-521

rate feedback samples can compound errors, dis-522

tracting FoF from identifying the correct solution.523

Consequently, FoF fails to recognize the initial an-524

swer as correct and follows the misleading feed-525

back, resulting in an incorrect final answer. More526

failed and successful examples are available in B.1527

and B.1.4.528

Gold Answer: (...detailed reasoning steps)
7*2=14
Initial Answer: (...detailed reasoning steps)
5*(14/5) = 5*2 = 10 (Correct initial answer
with wrong middle steps)
Feedback sample 1: The solution should
round 14/5 (which equals 2.8) up to 3. (Wrong
feedback which focuses on fractions.) Feed-
back sample 2: The reasoning steps deduce
the total number of old records brought in by
the 5 people as 10. (Wrong feedback which
leads to the incorrect answer) Clarifications
are needed.
FoF: The first feedback seems not directly re-
lated to the problem, while the second feed-
back claims the reasoning steps are correct.
Based on the reasoning steps, I also think it is
correct. (FoF agrees with the incorrect feed-
back)

529

6 Conclusion 530

In this study, we investigated the FoF approach 531

for enhancing the intrinsic self-correction (Huang 532

et al., 2024) capability of LLMs by applying meta- 533

feedback (Lan et al., 2024) in the feedback refine- 534

ment process. By applying our FoF method, LLMs 535

achieve higher accuracy in math reasoning tasks 536

and better quality in generation tasks and machine 537

translation tasks. The study also highlights the 538

importance of critic model quality in generating 539

high-quality feedback, which has a impact on the 540

base generator’s performance. The FoF method 541

exhibits a positive correlation between feedback 542

scores and answer accuracy, indicating that higher 543

feedback quality leads to improved performance. 544

The ablation study emphasizes the significance of 545

the critic model’s quality in the FoF framework, 546

with more advanced language models as critics 547

leading to more accurate corrections by the base 548

generator. Future work could explore the integra- 549

tion of various feedback sources, including human- 550

in-the-loop (Cai et al., 2023; Mosqueira-Rey et al., 551

2022) with more sampling involved. With the rapid 552

development of LLM research, there are more ad- 553

vanced metrics to evaluate semantic similarity, such 554

as semantic entropy (Kuhn et al., 2023) and Sim- 555

Gpt (Wang et al., 2023b). In this work, we propose 556

FoF with the basic semantic similarity metric, co- 557

sine similarity, to show some primary results in this 558

new area. 559
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7 Limitations560

Despite the promising results of the FoF approach,561

our study has several limitations. Our findings con-562

tribute to the growing body of research on LLM563

self-correction and highlight the importance of de-564

veloping structured approaches to guide LLMs in565

refining their outputs. However, it is crucial to566

acknowledge the biases and limitations of using567

LLMs as critics in math reasoning tasks, as dis-568

cussed by Zheng et al. (Zheng et al., 2023). The569

limited capability of LLMs in grading math and570

reasoning questions could impact the effectiveness571

of FoF and Self-refine on datasets like GSM8K.572

To mitigate these limitations and enhansce the ro-573

bustness of our FoF method, future research should574

explore incorporating techniques such as swapping575

positions, using few-shot examples, penalizing un-576

necessarily lengthy feedback, and employing differ-577

ent LLMs for generating initial responses and feed-578

back. Additionally, integrating chain-of-thought579

prompting, human alignment, or reference-guided580

grading (Wei et al., 2023; Ouyang et al., 2022;581

Dong et al., 2023; Yoon, 2023; Hasanbeig et al.,582

2023) could improve the LLM’s ability to generate583

accurate feedback for math and reasoning ques-584

tions.585
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A Experiment Prompts with demonstration

Here are the shortened versions of the experimental prompts, including instructions and demonstrations.
For clarity, only 1-2 demonstrations are provided per prompt. Each demonstrated result string is high-
lighted for readability, though this highlighting is not part of the actual prompt. Following each prompt, a
test question and a cue (e.g., "Answer:") are provided to indicate where the result string should be placed.

A.1 Initial Answer Generation

FoF on GSM8K with the Initial Answer Round Shown Below

================================= system ================================
Can you answer this question by writing reasoning steps and the answer:
On Monday, Walt walked 4 miles. Tuesday, he walked 6 times as many miles as he walked on
Monday. His total mileage Monday through Wednesday was 41 miles. How many miles did he
walk on Wednesday?
Please ensure your reasoning steps only consists of the essential steps and the final answer should
be a single numerical number, in the form
boxedanswer, at the end of your response.
================================ assistant ================================
Reasoning steps: 1. On Monday, Walt walked 4 miles. 2. On Tuesday, he walked 6 times as many
miles as he walked on Monday. Therefore, he walked 4 * 6 = 24 miles on Tuesday. 3. His total
mileage Monday through Wednesday was 41 miles. So, he walked a total of 4 + 24 + x = 41 miles,
where x represents the number of miles he walked on Wednesday. 4. Solving the equation, we get
x = 41 - 4 - 24 = 13. Therefore, Walt walked 13 miles on Wednesday. Answer: 13 .

A.2 Feedback Generation

FoF on GSM8K with 2 Sampled Feedback Shown Below

================================ assistant ================================
There is an error in the code above because of lack of understanding of the question. What is the
error? To find the error, go through semantically complete reasoning steps, and check if everything
looks good
================================= user ==================================
Here are the two sampling feedback from the critic model on your previously generated reasoning
step:
The reasoning steps provided by the programmer model are incorrect. The mistake lies in step 4
where the equation is solved incorrectly. The correct equation should be 4 + 24 + x = 41, not 4
+ 24 + x = 41 - 4 - 24. The reasoning steps provided by the programmer model are correct and
logical. There are no logical issues with the steps to solve the math word problem.
Clarifications are needed from the sampling feedback, try to clarify the feedback.
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A.3 FoF Generation
FoF on GSM8K with Refined Feedback Shown Below

================================ assistant ================================
Based on the two sampling feedback, there seems to be a disagreement about the correctness of the
reasoning steps provided by the programmer model. One feedback suggests that there is a mistake
in step 4, while the other feedback states that the reasoning steps are correct and logical.
To clarify the feedback, it would be helpful to understand the specific issue pointed out in step 4
by the first feedback. Additionally, it would be beneficial to know whether there are any other
concerns or suggestions related to the reasoning steps provided.
================================= user ==================================
Here is the refined feedback from the critic model.
The reasoning steps provided by the programmer model are correct and logical. There is no mistake
in step 4 where the equation is solved.

A.4 Final Answer Generation
FoF on GSM8K with the Final Answer Round Shown Below

================================= user ==================================
Can you improve the reasoning steps in natural languages according to the feedback? Please ensure
your final answer should be a single numerical number, in the form
boxedanswer, at the end of your response.
================================ assistant ================================
Reasoning steps: 1. On Monday, Walt walked 4 miles. 2. On Tuesday, he walked 6 times as
many miles as he walked on Monday. Therefore, he walked 4 * 6 = 24 miles on Tuesday. 3. His
total mileage Monday through Wednesday was 41 miles. So, the combined distance he walked
on Monday, Tuesday, and Wednesday is 4 + 24 + x = 41 miles, where x represents the number of
miles he walked on Wednesday. 4. Solving the equation, we get x = 41 - 4 - 24 = 13.
Therefore, Walt walked 13 miles on Wednesday. Answer:
boxed13.

B Comparison between FoF and other962

existing works963

B.1 Failed Examples and Analysis964

While our Feedback-on-Feedback (FoF) method965

demonstrates significant improvements in self-966

correction capabilities, it is important to acknowl-967

edge and analyze the instances where the method968

did not perform as expected. Understanding these969

failures can provide valuable insights into the lim-970

itations of our approach and highlight areas for971

future improvement.972

B.1.1 Failed Example 1: Arithmetic973

Reasoning974

In one instance from the GSM8K dataset, the initial975

answer model generated the following response to976

a multi-step arithmetic problem:977

Here are feedbacks from the critic model on your978

previously generated reasoning steps:979

Feedback 1: The error in the reason- 980

ing steps is the assumption that the to- 981

tal mileage for Monday through Wednes- 982

day is given as 41 miles. The prompt 983

does not provide any information about 984

the total mileage for Monday through 985

Wednesday. Therefore, we cannot as- 986

sume that the equation 7x + x + Wednes- 987

day’s mileage = 41 is correct. The correct 988

approach would be to set up the equation 989

7x + Wednesday’s mileage = 41, but we 990

would need additional information or a 991

different equation to solve for Wednes- 992

day’s mileage. 993

Despite iterative refinement, the final answer 994

remained incorrect due to the conflicting nature 995

of the feedback provided. This indicates that our 996

method struggles when presented with contradic- 997

tory critiques, especially in arithmetic reasoning 998

tasks where precision is crucial. 999
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Iterative
Answer

Automated
Critique

Zero-shot Consistency on
Answer

Consistency on
Feedback

Self-Refine (Madaan et al., 2023) ✓ ✓
Self-Verification (Gero et al., 2023) ✓
Reflexion (Shinn et al., 2023) ✓ ✓
Self-Debug (Chen et al., 2023) ✓
SelFee (Ye et al., 2023) ✓ ✓
Critical Prompt (Huang et al., 2024) ✓ ✓ ✓
Think Twice (Li et al., 2024b) ✓ ✓ ✓ ✓
Confidence Matters (Li et al., 2024a) ✓ ✓ ✓ ✓
FoF (Ours) ✓ ✓ ✓ ✓ ✓

Table 3: Summary of related work on intrinsic self-correction (Huang et al., 2024) This table categorizes intrinsic
self-correction methods based on five properties: Iterative Answer (the use of multiple rounds of answer genera-
tion), Automated Critique (whether the critique is generated automatically), Zero-shot (whether the method can
perform without additional examples), Consistency on Answer (consistency in generating the correct answer), and
Consistency on Feedback (consistency in the feedback provided).

Let’s assume that Walt walked x miles on1000

Monday. On Tuesday, he walked 6 times1001

as many miles as he walked on Monday,1002

which is 6x miles. The total mileage for1003

Monday through WednesSday is given1004

as 41 miles. Let’s represent Wednesday’s1005

mileage as y miles. So, the equation rep-1006

resenting the total mileage would be x +1007

6x + y = 41. Simplifying the equation,1008

we have 7x + y = 41. Since we don’t1009

have any other information, we cannot1010

determine the exact values of x and y1011

individually. Therefore, we cannot deter-1012

mine the specific number of miles Walt1013

walked on Wednesday without additional1014

information. Answer: Unknown .1015

B.1.2 Failed Example 2: Machine Translation1016

For the machine translation task using the CSMT1017

dataset, the model was asked to translate the Chi-1018

nese sentence "他想拉同村的干部一起下水去贩1019

毒。" into English. The initial translation was as1020

follows:1021

Translation: "He wants to recruit cadres1022

from the same village to go underwater1023

together and engage in drug trafficking."1024

The critic model’s feedback included one re-1025

sponse indicating that the translation was accurate,1026

while another suggested an alternative translation1027

to better capture the idiomatic meaning. The gold1028

answer was:1029

Gold Answer: "He wants to take the1030

cadres of the same village to sell drugs1031

with him."1032

This example highlights the difficulty in han- 1033

dling idiomatic expressions and the need for a more 1034

nuanced understanding of context during the feed- 1035

back generation process. 1036

B.1.3 Failed Example 3: Programming 1037

Problem Solving 1038

In the MBPP dataset, the model was tasked with 1039

solving a programming problem that required gen- 1040

erating a function to find the volume of a triangular 1041

prism. The initial response was: 1042

def find_Volume(base, height, length): 1043

return base * height * length 1044

The critic model provided the following feed- 1045

back: 1046

Feedback: There is no error in the code 1047

provided. The function ‘find_Volume‘ 1048

correctly calculates the volume by mul- 1049

tiplying the base, height, and length to- 1050

gether. 1051

However, the gold answer revealed that the func- 1052

tion should calculate the volume of a triangular 1053

prism, which requires dividing the product by 2: 1054

Gold Answer: def find_Volume(l,b,h): 1055

return ((l * b * h) / 2) 1056

The final solution did not incorporate the correct 1057

formula for calculating the volume of a triangu- 1058

lar prism, resulting in an incorrect function. This 1059

failure illustrates the challenge of correctly inter- 1060

preting and implementing mathematical formulas 1061

in code generation tasks. 1062
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B.1.4 Successful Examples and Analysis1063

Despite multiple inaccurate feedback samples, a1064

robust FoF process can identify and clarify the er-1065

rors, leading to a correct refined feedback and final1066

answer.1067

In this example, the initial answer is incorrect,1068

and both feedback samples provide wrong sugges-1069

tions. However, FoF successfully identifies the1070

errors in both feedback samples, then provides a1071

clear explanation of the correct formula, demon-1072

strating its ability to identify and clarify errors in1073

the feedback samples. This leads to a refined feed-1074

back that provides the correct answer, showcasing1075

the robustness of FoF in handling inaccurate feed-1076

back and guiding the model towards the correct1077

solution.1078

Successful example due to correct FoF clarifi-
cation

Gold Answer:

def find_rect_num(n):
return n * (n + 1)

Initial Answer:

def find_rect_num(n):
return n * (n + 1) * (2 * n + 1) // 6

Feedback sample 1: The answer is using
wrong formula, the correct formula should be
(n * (n + 1) // 2) ** 2. (Wrong feedback)
Feedback sample 2: The given answer com-
plicates the problem; the answer should be n
** 2. (Wrong feedback)
Clarifications are needed from the sampling
feedback, try to clarify the feedback.
FoF: The refined answers provided in both
feedback are incorrect. Feedback sample 1
uses wrong formula. Feedback sample 2 over-
simplifies the problem by suggesting n ** 2.
The correct formula for the number of rectan-
gles that can be formed using n points on a
line is n * (n + 1). (FoF correctly identifies the
errors in the feedback samples)
Refined Feedback: The correct formula for
the question should be n * (n + 1) (Correct
Refined feedback)

1079

C Criticbench evaluation method1080

D Prompts1081

E FoF algorithm1082

Subjective evaluation:

Objective evaluation:

Human annotated 
feedback/meta-feedback

Machine generated 
feedback/meta-feedback

Alignment 
score

Given: Question,Generated Answer, 
Generated feedback, Reference 
high-quality feedback 
Prompt: First generate another 
feedback, then explain it, compare 
it with reference feedback

Output: CoT Evaluation by GPT4 
+ Score

Figure 6: Overview of two evaluation methods in Crit-
icbench

Can you answer this question by writing 
reasoning steps and the answer:{question}

Please ensure your reasoning steps only 
consist of the essential steps and the 
final answer should be a single numerical 
number, in the form \\boxed{answer}, at the 
end of your response.

Figure 7: The initial prompt used for generating initial
answer

Below, you'll find the reasoning steps from 
the programmer model:{Reasoning Steps}

Assume the reasoning steps could be correct 
or wrong.
 
Please go through semantically and 
logically complete reasoning steps, check 
if everything looks good and give your 
feedback.

Figure 8: The feedback prompt used for generating F1

and F2

Here are the feedbacks from the critic 
model on your previously generated 
reasoning :{feedback}

Can you improve the reasoning steps in 
natural languages according to the 
feedbacks? 

Please ensure your final answer should be 
a single numerical number, in the form 
\\boxed{{answer}}, at the end of your 
response.

Figure 9: The prompt used for feedback refinement
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Algorithm 1 FoF Algorithm

Require: Question Q, Base Generator BG, Critic Model CM , Semantic Similarity Thresholds θ1, θ2,
Feedback Rounds

Ensure: Final Answer Rf

1: R0 ← BG(pgen ∥ Q) ▷ Initial generation (Eqn. 1)
2: while Round < Feedback Rounds do ▷ Iterative refinement loop
3: F1, F2 ← CM(pfb ∥ Q,R0) ▷ Feedback generation (Eqn. 2)
4: S ← SemanticSimilarity(F1, F2)
5: if S < θ1 or θ1 < S < θ2 then ▷ If feedback 1 and 2 disagree with each other or clarification

needed
6: FoF ← BG(pfof ∥ F1, F2) ▷ FoF generation (Eqn. 4)
7: RF ← CM(prf ∥ Q,R0, FoF, F1, F2) ▷ Refine feedback (Eqn. 5)
8: else
9: RF ← F1 ▷ Use first feedback

10: end if
11: Rf ← BG(pfof ∥ Q,R0, RF ) ▷ Refine initial answer (Eqn. 6)
12: if RF contains "this answer is correct" then ▷ Check for stop condition
13: return Rf

14: end if
15: R0 ← Rf ▷ Update initial answer for the next iteration
16: Round← Round+ 1 ▷ Increment round counter
17: end while
18: return Rf ▷ Return final answer after maximum rounds

You are an experienced code reviewer responsible for 
evaluating the feedback provided on a code snippet. 
Please adhere to the following guidelines during your 
review:

1. Begin by analyzing the accuracy and helpfulness of the 
feedback in relation to the given code. Provide 
constructive comments, and then affirm the feedback's 
quality with a score from 1 to 10, where 1 denotes the 
lowest quality and 10 denotes the highest quality.
 
2. You have access to the code snippet as well as the 
feedback provided. However, you will not have access to the 
improved code (if any) based on the feedback. 

3. The feedback should correctly identify any errors or 
areas of improvement in the code. If the feedback is 
incorrect or not constructive, it should be given a low 
score. 

Figure 10: The prompt used for scoring feedback quality
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