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ABSTRACT

As AI capabilities increasingly surpass human proficiency in complex tasks, current
alignment techniques including SFT and RLHF face fundamental challenges in
ensuring reliable oversight. These methods rely on direct human assessment and
become untenable when AI outputs exceed human cognitive thresholds. In response
to this challenge, we explore two hypotheses: (1) Critique of critique can be easier
than critique itself, extending the widely-accepted observation that verification is
easier than generation to the critique domain, as critique itself is a specialized form
of generation; (2) This difficulty relationship is recursively held, suggesting that
when direct evaluation is infeasible, performing high-order critiques (e.g., critique
of critique of critique) offers a more tractable supervision pathway. We further
conduct Human-AI and AI-AI experiments to investigate the potential of utilizing
recursive self-critiquing for AI supervision. Our results highlight recursive critique
as a promising approach for scalable AI oversight.

1 INTRODUCTION

The provision of supervision signals is fundamental to AI alignment (Bowman et al., 2022). From the
supervision signal acquisition perspective, tasks can be categorized as: (1) tasks with well-defined
criteria, where ground truth can be deterministically obtained with low computational overhead,
e.g., Go games and mathematical problems (Silver et al., 2017; Lightman et al., 2023); (2) tasks
with subjectivity or complex evaluation frameworks, such as business strategy and product design
jobs (Ouyang et al., 2022). Tasks of the second type are more prevalent in real-world applications
and predominantly rely on human assessment, presenting a fundamental challenge.

Large language models achieve empirical success in alignment (Meta, 2024; Yang et al., 2024;
DeepSeek-AI, 2024) through Supervised Fine-tuning (SFT) and Reinforcement Learning from
Human Feedback (RLHF) techniques. Specifically, SFT (Chung et al., 2022; Wei et al., 2022)
finetunes models with human-annotated demonstrations, showing particular efficacy in tasks where
humans can effectively showcase desired behaviors. RLHF (Christiano et al., 2023; Ouyang et al.,
2022) leverages reinforcement learning with human preference reward models, extending supervision
capability to more complex tasks where direct solution generation proves challenging.

However, both approaches rely on human feedback, making them unsustainable for tasks where direct
human evaluation becomes infeasible. For example, humans can struggle with the time-consuming
tasks, e.g., reviewing extensive content in long-form text (Stiennon et al., 2022) or the expertise
required tasks, e.g., to verify solutions in complex mathematical formulations (Li et al., 2024b).
Furthermore, as AI capabilities advance beyond human abilities, obtaining reliable supervision signals
becomes increasingly challenging, representing the core point of scalable oversight (Casper et al.,
2023; Ji et al., 2024; Kenton et al., 2024b).

The principle behind RLHF is that verification is easier than generation (Leike et al., 2018; Irving
et al., 2018b). By recognizing critique as a specialized form of generation, we further hypothesize that
critique of critique is easier than critique itself. Taking a complex mathematical proof as an example:
direct review can be challenging, but assessing its critique is more manageable, as the key steps
have already been identified. Moreover, we hypothesize that above difficulty relationship generalizes
recursively, where each successive level of meta-evaluation becomes increasingly tractable. This is
similar to organizational decision-making procedure, where managers evaluate their subordinates’

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2026

Response

Critiques

Critique

Critique of 
Critique

Question

Response

Higher-
Order 

Critiques

𝑄

𝑅1 𝑅2

𝐶1
1 𝐶2

1

𝐶1
2 𝐶2

2

𝐶1
𝑛 𝐶2

𝑛

…

𝑅𝑖 = 𝑅 𝑄

𝐶i
1 = 𝐶1 𝑄, 𝑅1, 𝑅2

𝐶i
2 = 𝐶2 𝑄, 𝑅1, 𝑅2, 𝐶1

1, 𝐶2
1 

𝐶𝑖
𝑛 = 𝐶𝑛 𝑄, 𝑅1, 𝑅2, 𝐶1

1, … , 𝐶2
𝑛

Baselines

1 𝑐1  ≈ 3 response
majority vote

1 𝑐2 ≈ 5 response
majority vote

Majority Vote

v.s.

1 𝑐3 ≈ 7 response
majority vote

v.s.

v.s.

The Structure of Recursive Self-Critiquing

𝑅1 𝑅2

𝑅1 𝑅2

𝐶1
1 𝐶2

1

𝑅1 𝑅2

𝐶1
1 𝐶2

1

𝐶1
2 𝐶2

2

Figure 1: Overview of the recursive critique framework. Starting from response generation for a
given question, each subsequent level performs pair-wise evaluation of outputs from the previous
level, forming a recursive criticism chain. C1 denotes Critique, C2 denotes Critique of Critique, C3

denotes Critique of Critique of Critique.

assessments rather than directly reviewing complex details. Both above hypotheses, if validated, offer
a promising pathway for scalable oversight: while directly evaluating sophisticated AI output may
exceed human capabilities, performing higher-order critiques could remain feasible.

To systematically verify and explore these hypotheses, we first conduct Human-Human experiments,
where human evaluate human outputs, examining the progression from response to critique and
critique-of-critique (C2). By comparing accuracy with similar effort, completion time, and confidence
levels, we find that higher-order critique contributes to more effective evaluation than direct assess-
ment. Furthermore, we demonstrate the recursive hypothesis by extending experimental settings to
deeper critique chains, i.e., critique of critique of critique (C3). Inspired by above human-human
findings, we further investigate its applicability for supervising AI: when AI generate self-recursive
critique, could humans provide effective oversight by evaluating these critique chains? To answer this
question, we conduct Human-AI experiments, where human evaluate AI outputs, on tasks where AI
outperforms average human. The result is promising and exhibited with models of varying capabilities.
Finally, we examine whether AI could achieve effective oversight through recursive self-critiques in
AI-AI experiments across models of different capabilities. Our results demonstrate that recursive
self-critiquing shows effectiveness in weak-to-strong scenarios, while the optimal critique strategy
depends on relative model strengths between the supervised and critic models.

In general, our contributions can be summarized as follows:

1. We investigate and validate the hypothesis that critique of critique is easier than critique,
extending the principle that verification is easier than generation.

2. We demonstrate that above difficulty relationship can hold recursively, showing how complex
evaluation tasks can be simplified by recursive meta evaluations.

3. Through comprehensive Human-Human, Human-AI, and AI-AI experiments, we demon-
strate the potential of recursive self-critiquing as a scalable oversight method, providing new
valuable insights for supervising advanced AI systems beyond human capabilities.

The main idea for this work came from a late-night, insightful discussion between Jie Lou and Xing Yu,
which was part of some truly wonderful days.
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2 RECURSIVE SELF-CRITIQUING

In this section, we introduce the interaction protocols that define how recursive self-critiquing
progresses through multiple levels, from initial response to higher-order critiques. We then present
two baselines, majority voting and naive voting, for fair comparison of the recursive critique’s
effectiveness.

2.1 PROTOCOLS

As shown in the Figure 1, the hierarchical criticism architecture progresses through multiple levels:
from initial response, through first-order critique, to second-order critique of critique (C2) and
higher-order critiques.

Response Response represents the initial attempt to answer the question, serving as the foundation
of the criticism chain. Each response comprises a complete solution process and its corresponding
answer, which is formally defined as:

R(Q) → (T 0, A0) (1)
where Q denotes the input question, T represents the solution process, and A is the final answer. The
inclusion of the full solution process enables critiques to evaluate the complete reasoning path rather
than merely the result.

Critique The critique evaluates pairs of candidate responses for a given input question, conducting
comparative analysis and providing reasoning judgment as follows:

C1(Q,R1, R2) → (T 1, A1) (2)
where R1 and R2 denote candidate responses, T 1 represents the critique rationale, and A1 is the
answer to the question based on the responses and critique rationale.

Critique of critique The second-order critique evaluates pairs of critiques, extending the evaluation
to a higher level of abstraction, which is defined as:

C2(Q,R1, R2, C1, C2) → (T 2, A2) (3)
where C1 and C2 are two critiques of the original responses. T 2 represents the second-order critique’s
analysis of the critiques’ reasoning, and A2 denotes the final judgment.

Higher-order critiques The n-th order critique extends this evaluation pattern to higher levels of
abstraction, analyzing the assessments from all previous levels, and it is defined as:

Cn(Q,R1, R2, ..., C
n−1
1 , Cn−1

2 ) → (Tn, An) (4)

where Cn−1
1 and Cn−1

2 are evaluations from the (n− 1)-th order critiques, Tn represents the n-th
order critic’s analysis of the previous critiques, and An denotes the final judgment.

2.2 BASELINES

We introduce two baseline strategies for the rigorous comparison for the recursive critique: majority
voting that ensures fair comparison under equivalent computational effort, and naive voting that
simply aggregates all available judgments to verify whether recursive critique generates meaningful
new insights beyond naive consensus.

Majority voting Since higher-order critiques are based on all previous evaluation results, we
need to consider computational cost for fair comparison. To validate that improvements stem from
the recursive structure rather than increased computation, we compare higher-order critiques with
majority voting of lower-order evaluations under similar effort. Specifically, let ϵ(·) denote the
computational overhead for each single evaluation. As presented in Figure 1, the total efforts E(·) for
different order recursive critique C1, C2 and C3 are defined as:

E(C1) = ϵ(R1) + ϵ(R2) + ϵ(C1) ≈ 3ϵ(R)

E(C2) = ϵ(R1) + ϵ(R2) + ϵ(C1
1 ) + ϵ(C1

2 ) + ϵ(C2) ≈ 5ϵ(R)

E(C3) = ϵ(R1) + ϵ(R2) + ϵ(C1
1 ) + ϵ(C1

2 ) + ϵ(C2
1 ) + ϵ(C2

2 ) + ϵ(C3) ≈ 7ϵ(R)

(5)

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2026

Then, we define majority voting. For level l, given a set of n evaluations, the majority voting result is:

Majorln(A) = argmax
a

n∑
i=1

1(Al
i = a) (6)

where Al
i represents the judgment from the i-th evaluation at level l, and 1(·) is the indicator function.

Intuitively, this formula counts the occurrences of each possible answer among the n evaluations
and selects the most frequent one as the final result. In case of ties where multiple answers have the
same highest frequency, one is randomly selected. To ensure effort equivalence when comparing
with recursive critique at level l, we calculate Majorkn where k < l and n = E(Cl)/E(Ck). As an
example, for a fair comparison, C3 should be compared with Major23 (majority voting among three
C2 critiques) and Major15 (majority voting among five C1 critiques).

Naive voting baseline A natural strategy for higher-order critique is to simply aggregate all
judgments from previous stages through voting, adding no new analysis but merely following the
consensus. The naive voting is defined:

C1
naive(R1, R2) → Major({A0

1, A
0
2})

C2
naive(C

1
1 , C

1
2 ) → Major({A0

1, A
0
2, A

1
1, A

1
2})

C3
naive(C

2
1 , C

2
2 ) → Major({A0

1, A
0
2, A

1
1, A

1
2, A

2
1, A

2
2})

(7)

We introduce this as a baseline to verify that proposed recursive critique outputs new insights rather
than just follow simple vote aggregation results.

3 IS RECURSIVE CRITIQUE INCREASINGLY EASIER?

In this section, we validate the hypothesis that critique of critique is easier than direct critique and
examine whether this difficulty relationship holds recursively. We conduct experiments across diverse
tasks with human annotators of similar abilities, and record their accuracy, completion time, and
annotator confidence for analysis.

3.1 TASKS

We select five representative tasks, which call for diverse cognitive capabilities, and remain in
moderate difficulty. All tasks include 64 multiple-choice questions.

CET-6 College English Test Band 6 (CET-6) is a standardized English proficiency assessment
for Chinese university students. We select one question per passage from its Careful Reading
section; each passage is 400-450 words and includes multiple-choice questions testing main idea
comprehension, vocabulary understanding, or inference abilities. Given that few annotators have
passed CET-6, these questions present a substantial challenge for them.

GAOKAO Chinese The chinese reading comprehension questions are drawn from China’s National
College Entrance Examination (Gaokao). These questions evaluate comprehensive reading abilities
through textual analysis, logical inference, and meaning interpretation. As our annotators are college
graduates who have taken Gaokao before, these questions present moderate difficulty for them.

GAOKAO Math The mathematics questions are sourced from standardized high school tests
in (Zhang et al., 2023). We select first ten multiple-choice problems with moderate difficulty1, as our
annotators left campus for a few years and some have non-science backgrounds.

KAOGONG The questions are from China’s National Civil Service Exam, the annual government
recruitment test. These questions cover logical reasoning, language understanding, and number
analysis. We exclude knowledge questions to focus on cognitive skills rather than factual recall.

1Question difficulty increases with problem number.
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Table 1: Human experiment results across response, critique, and C2 stages for five tasks. Bold num-
bers indicate best performance. Majority Voting@E5 represents voting results with computational
effort equivalent to 5 times of response. Metrics includes average accuracy, voting accuracy, naive
voting, confidence (1-5), and completion time (minutes).

Dataset Stage Accuracy Majority Voting@E5 Naive Voting Confidence(1-5) Time(min)

CET 6
Response 49.11 55.80 - 3.074 18.36
Critique 58.13 60.78 49.22 3.253 17.03
C2 60.94 60.94 56.25 3.516 15.82

GAOKAO Math
Response 66.29 81.81 - 3.201 14.58
Critique 82.50 86.61 66.41 3.863 14.62
C2 90.62 90.62 81.25 3.979 15.48

GAOKAO Chinese
Response 71.56 79.69 - 3.822 17.81
Critique 78.65 84.38 64.84 4.026 13.91
C2 84.38 84.38 77.34 4.078 10.25

Figure Reasoning
Response 65.00 78.12 - 3.888 16.74
Critique 75.00 77.08 65.62 4.213 16.01
C2 79.69 79.69 72.66 4.313 15.02

KAOGONG
Response 69.69 83.59 - 3.828 16.26
critique 84.38 84.90 70.31 4.031 15.48
C2 85.94 85.94 82.81 4.031 12.58

Table 2: Human experiment results across response, critique, C2, and C3 stages for two tasks.
Bold numbers indicate best performance. Majority Voting@E7 represents voting results with
computational effort equivalent to 7 times of response. Metrics includes accuracy, voting accuracy,
naive voting, confidence (1-5), and completion time (minutes).

Dataset Stage Accuracy Majority Voting@E7 Naive Voting Confidence(1-5) Time(min)

CET 6

Response 49.11 57.03 - 3.074 18.35
Critique 58.13 63.28 49.22 3.253 17.03
C2 60.94 63.02 56.25 3.516 15.82
C3 67.19 67.19 60.16 3.766 14.23

GAOKAO Math

Response 66.29 85.94 - 3.194 14.58
Critique 82.50 88.28 66.41 3.863 14.62
C2 90.62 91.15 81.25 3.979 15.48
C3 93.75 93.75 87.50 4.031 14.14

Figure Reasoning These visual tasks from the Civil Service Examination assess logical abilities
through non-verbal reasoning without requiring extra knowledge or cultural context.

3.2 SETUP

Participants We recruit 32 participants with bachelor’s degrees, including 22 with STEM back-
grounds and 10 with liberal arts backgrounds. Most participants passed CET-4 level English and
achieved a score of approximately 100 (out of 150) in high school math exam. Meawhile, most
participants have full-time data annotation experience.

Execution We write standardized guidelines for all tasks through descriptive instructions and
examples, detailed in Appendix A. Tasks are distributed in data packages with specified submission
deadlines, with random assignments across different critique levels to ensure all annotators participate
in all stages. To maintain efficiency, we set a 20-minute time limit for each question at every stage.
While the time constraint exists, it is managed through package-level deadlines to allow flexible
time allocation. Annotators complete a set number of tasks daily within their scheduled working
hours. Feedback sessions are held to collect comments and suggestions for procedure or guideline
improvement. We assign personnel for process management and annotation quality assurance.

Metrics We assess the effectiveness of recursive criticism through three metrics: (i) accuracy
measures the consistency with the standard answers; (ii) completion time records the duration of
the entire process, including analysis and answer provision; (iii) confidence reflects self-assessed
certainty in the final answer on a five-point scale.

5
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Table 3: Performance comparison across recursive criticism stages, with human accuracy subscripts
showing difference from previous-stage AI accuracy. Results from Qwen2.5-7B/72B-Instruct on
mathematics and English tests, including accuracy, confidence (1-5), and completion time (minutes).

Dataset Stage Human Accuracy AI Accuracy Confidence Time(min)

GAOKAO Math
(Qwen2.5-7B)

Response 43.75 46.09 2.188 23.23
critique 53.12+7.03 47.66 2.578 22.92
C2 56.25+8.59 50.78 3.156 23.91
C3 54.69+3.91 - 3.109 16.56

GAOKAO Math
(Qwen2.5-72B)

Response 43.75 63.28 2.188 23.23
critique 68.75+5.47 61.72 3.375 25.41
C2 70.31+8.59 64.06 3.625 21.30
C3 65.62+1.56 - 3.469 22.94

TEM4
(Qwen2.5-7B)

Response 34.38 52.34 3.234 22.44
critique 59.38+7.04 61.72 3.750 17.55
C2 67.19+5.47 64.84 3.766 18.14
C3 64.06−0.78 - 3.797 16.52

TEM4
(Qwen2.5-72B)

Response 34.38 65.62 3.234 22.44
critique 67.19+1.57 65.62 3.875 16.56
C2 64.06−1.56 67.97 3.859 15.47
C3 71.88+3.91 - 3.813 16.86

3.3 CRITIQUE OF CRITIQUE CAN BE EASIER THAN CRITIQUE

We validate the hypothesis that critique of critique is easier than critique across five tasks. The results
in Table 1 present consistent improvements from response to critique to C2 stages. Take GAOKAO
Math as an example, the average accuracy improves from 66.29% (response) to 82.50% (critique)
and further to 90.62% (C2), while completion time remains stable or slightly decreases (e.g., from
18.36 to 15.82 minutes for CET 6). Under comparable effort, majority voting shows similar trends.
For example, accuracy improves from 81.81% (response) through 86.61% (critique) to 90.62% (C2)
in GAOKAO Math, demonstrating the advantage of higher-order criticism. Compared to naive voting,
average accuracy consistently performs better. Take GAOKAO Math as an example, naive voting
achieves only 66.41% at critique stage and 81.25% at C2, significantly lower than average accuracy
90.62%. These results validate that recursive critique generates new insights rather than merely
aggregating previous judgments. Moreover, annotator confidence shows steady improvement across
stages, suggesting that higher-order criticism becomes more tractable.

3.4 RECURSIVE CRITIQUE REMAINS CONSISTENTLY EASIER

We extend the recursive criticism to the third-order critique (C3) on two representative tasks. As
shown in Table 2, accuracy improves continuously at the C3 level in both tasks, with CET-6 increasing
from 60.94% at C2 to 67.19%, and GAOKAO Math from 90.62% to 93.75%. More importantly, under
comparable computational effort, majority voting shows similar improvements, reaching 67.19% for
CET-6 and 93.75% for GAOKAO Math at C3 level. Furthermore, naive voting achieves substantially
lower performance than regular accuracy. Meanwhile, confidence scores improve as completion time
decreases. These results demonstrate that recursive critique remains consistently easier and extends
beyond mere computational scaling or consensus aggregation.

4 CAN RECURSIVE SELF-CRITIQUING ENABLE HUMAN OVERSIGHT OF AI?

In this section, we further conduct Human-AI experiments to examine whether recursive critique
enables effective human oversight when capabilities exceed human performance.

6
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4.1 TASKS

We select tasks where AI demonstrates superior performance compared to our human annotators’ ca-
pabilities. Specifically, the GAOKAO Math comprises the last two multiple-choice questions from the
high school mathematics examination (Zhang et al., 2023), while the TEM4 (Test for English Majors
Grade Four) includes reading comprehension questions. Importantly, these mathematics questions
demand advanced problem-solving skills, and similarly, TEM-4 questions require professional-level
English proficiency. As a result, both tasks are beyond most annotators’ abilities.

4.2 SETUP

We employ the same annotators and evaluation metrics as in Human-Human experiments. To generate
AI responses, we utilize both Qwen-7B-Instruct and Qwen-72B-Instruct models (Qwen et al., 2025)
to examine recursive criticism across different AI capability levels. We filter out questions on which
models achieve either 0% or 100% accuracy, as these extremely easy or difficult tasks lead to uniform
model outputs, making them unsuitable for validating recursive criticism. For each question, the
AI model first outputs initial responses, then performs self-criticism recursively to certain orders
(C1, C2). Human annotators only evaluate the final AI outputs. The annotation process follows the
Human-Human procedure, except outputs are AI-generated.

4.3 EXPERIMENTAL RESULTS

Recursive critique enables effective human oversight of AI. Table 3 indicates that humans’
response accuracy is lower than that of AI, showing that AI surpasses humans in these tasks. However,
for the following critique, humans consistently achieve higher accuracy than AI’s previous outputs.
For example, with Qwen2.5-7B on GAOKAO Math, human accuracy reaches 53.12% at the critique
stage (7.03% higher than AI’s initial 46.09%), and further increases to 56.25% at C2 (8.59% above
AI’s critique stage). This finding suggests that recursive criticism enables human supervision even
when AI outperforms humans for generation.

Recursive critique improves evaluation efficiency and confidence. Despite processing more
information at higher levels, completion time generally decreases or remains stable. For TEM4 with
Qwen-72B, time decreases from 22.44 minutes at response level to 15.47 minutes at C2. Meanwhile,
annotator confidence shows consistent improvement across levels and model scales, particularly in
the mathematics task with Qwen-72B where confidence increases from 2.19 to 3.63. These results
suggest that recursive criticism makes evaluation more tractable.

5 CAN RECURSIVE SELF-CRITIQUING ACHIEVE BETTER AI SUPERVISION?

In this section, we conduct AI-AI experiments to explore the potential of recursive self-critiquing for
achieving better AI supervision under weak-to-strong, strong-to-weak, and self-supervised settings.

5.1 SETUP

Model Preperation We investigate the dynamics of supervisory effectiveness across varied pairings
of supervised and critic models with different capability levels. To establish our experimental
framework, we utilize the Qwen2.5 series models (Qwen et al., 2025), operating under the established
premise that model capability generally correlates with parameter size. However, different variants of
the Qwen2.5-instruct series may have undergone different post-training procedures, we implemented
a standardization approach. Specifically, we randomly sampled 282k instances from the open-source
TULU-3-SFT dataset (Lambert et al., 2024) and fine-tuned the Qwen2.5-base model series.

Data Preperation For the unambiguous measurement of supervision quality, we select mathemati-
cal tasks due to their objective verifiability. The experimental data were drawn from the DeepScaleR
dataset (Luo et al., 2025), with 512 randomly sampled instances constituting the test set and the re-
mainder serving as training data. Throughout our experimental validation, we employ the math-verify
library (Kydlíček and Gandenberger, 2025) to obtain reliable ground truth signals.

7
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Experiment Setting In our experiments, the supervised model initially engages in recursive self-
critiquing at varying orders. Subsequently, the critic model conducts a final higher-order critique
based on the supervised model’s outputs. Details of prompts and sampling strategies are provided in
the Appendix B. Adhering to established methodologies in RLHF (Ouyang et al., 2022), we leverage
these final critiques to construct preference data and train reward models. To mitigate potential
confounding effects stemming from architectural similarities between the reward and SFT models,
we select Llama3.1-8B (Meta, 2024) as the foundation for the reward model. The resultant reward
model will be used for Best-of-N sampling, enabling systematic evaluation of supervisory efficacy
across diverse model-critic combinations.

Evaluation Metric To quantify supervision effectiveness, we adopt the performance recovered
(PR) metric in accordance with the framework established by Burns et al. (2023):

PR =
Ex∼D[r

∗(x, argmaxy∈{yi}n
i=1

r(x, y))]

Ex∼D[maxy∈{yi}n
i=1

r∗(x, y)]
(8)

In this formulation, x ∼ D denotes inputs sampled from distribution D, while {yi}ni=1 ∼ M(·|x)
represents n samples generated by model M given input x. The learned reward function is expressed
as r(x, y), with r∗(x, y) designating the ground truth reward function. Within the context of mathe-
matical tasks, where r∗ serves as a binary correctness indicator, this ratio effectively captures the
accuracy of reward-guided Best-of-N sampling relative to pass@N.

5.2 EXPERIMENT RESULTS

Figures 2 and 3 illustrate our experimental results under two settings: (1) A constant-size critic
model evaluating supervised models of varying capacities, where each supervised model performs
recursive self-critiquing before receiving the critic’s final assessment. (2) A fixed-size supervised
model evaluated by critics of varying capabilities, where the supervised model completes its recursive
self-critiquing prior to the critic’s final evaluation.
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Figure 2: Performance Recovered scores with a
fixed 7B critic model and supervised models of
varying sizes.
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Figure 3: Performance Recovered scores with a
fixed 7B supervised model and critic models of
varying sizes.

Recursive self-critiquing benefits in weak-to-strong supervision, while direct supervision ex-
hibits superior performance in strong-to-weak settings. Figure 2 demonstrates that when su-
pervised models are larger than the 7B critic model, higher-order critiques generally yield improved
performance compared to lower-order critiques. Conversely, when critic models are stronger than
the supervised model, direct critique produces better results than allowing the supervised model to
engage in higher-order critiquing. Figure 3 illustrates similar phenomena. This asymmetry may be
explained by the fact that self-critiquing from weaker models is not necessarily effective and may
even be misleading for stronger model supervision. In contrast, when supervising stronger models,
recursive self-critiquing by stronger models can provide beneficial signals. These findings support
recursive self-critiquing as a promising approach to scalable oversight, particularly in scenarios where
humans (as the "weaker model") oversee increasingly capable AI systems (the stronger model). We
provide additional exploration of AI self-critiquing in Appendix C.
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6 DISCUSSION

Limitations in Current Alignment Strategies. RLHF has emerged as the dominant approach in
AI alignment, building upon the principle that "verification is easier than generation" (Irving et al.,
2018b). However, the optimal RLHF setup requires direct human preferences for optimization, which
necessitates the deployment of static reward models as proxies due to challenges in acquiring real-
time human feedback. Such reliance on static proxies introduces reward hacking (Gao et al., 2022;
Karwowski et al., 2023); optimizing against these models rather than ideal human preferences leads
to policies that diverge from intended objectives due to Goodhart’s Law (Manheim and Garrabrant,
2019; Karwowski et al., 2023; Wen et al., 2024). While approaches such as iterative annotation and
tool augmentation (Li et al., 2024a; Gou et al., 2024) provide intermediate solutions, they ultimately
face limitations in supervision capability. The recursive criticism framework offers a promising
approach by enabling sustained human oversight even as direct evaluation becomes intractable.

Mechanisms of Recursive Self-Critiquing and Implications. The effectiveness of recursive
self-critiquing stems from several key mechanisms. Higher-order criticism progressively shifts
attention from specific details to abstract evaluation principles, making complex evaluations more
tractable. Each critique level provides structured context for subsequent analyses, while the recursive
structure transforms absolute tasks into pairwise judgments, leveraging humans’ cognitive advantage
in relative assessment over absolute evaluation (Jones and Inglis, 2015; Kelly et al., 2022). Despite
these advantages, our further AI-AI experiments in Appendix C suggest current models may lack
sufficient critique capabilities, particularly in identifying critical errors (Xi et al., 2024), likely due to
the sparsity of critique data in both pretraining and posttraining. Future work may focus on enhancing
model critique capabilities (Wang et al., 2024a; Yu et al., 2025; Ankner et al., 2024).

7 RELATED WORK

Reinforcement Learning from Human Feedback (Ouyang et al., 2022) has emerged as a foundational
approach for aligning AI systems with human preferences. However, as AI capabilities exceed human
expertise in certain domains, humans may no longer provide effective supervision signals (Amodei
et al., 2016). To respond to this limitation, several works explore potential methodologies to enable
weak annotators to supervise strong AI systems (Burns et al., 2023). The debate protocol (Irv-
ing et al., 2018a) involves agents arguing for opposing answers, with studies showing promising
results (Khan et al., 2024; Michael et al., 2023) despite some limitations (Kenton et al., 2024a).
Unlike debate’s zero-sum framework, our approach assumes higher-order critic tasks are easier. Task
decomposition (Christiano et al., 2018; Wu et al., 2021) breaks complex oversight into manageable
sub-problems, though our method employs depth-first rather than breadth-first search in problem
decomposition. Our majority vote baseline builds on self-consistency methods (Wang et al., 2023),
which enables superhuman model evaluation through consistency checks (Fluri et al., 2023).

8 CONCLUSION

This work investigates how to obtain reliable supervision signals when AI capabilities surpass human
abilities. Through comprehensive experiments in Human-Human, Human-AI, and AI-AI contexts,
we examine the hypotheses that critique of critique is easier than critique and demonstrate that
this difficulty relation holds recursively. The experiments demonstrate the potential of recursive
self-critiquing mechanisms for maintaining effective oversight in scenarios where direct human
evaluation becomes infeasible, and suggest a promising pathway for scalable oversight.

REFERENCES

Dario Amodei, Chris Olah, Jacob Steinhardt, Paul Christiano, John Schulman, and Dan Mané.
Concrete problems in ai safety, 2016. URL https://arxiv.org/abs/1606.06565.

Zachary Ankner, Mansheej Paul, Brandon Cui, Jonathan D. Chang, and Prithviraj Ammanabrolu.
Critique-out-loud reward models, 2024. URL https://arxiv.org/abs/2408.11791.

9

https://arxiv.org/abs/1606.06565
https://arxiv.org/abs/2408.11791


486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

Samuel R. Bowman, Jeeyoon Hyun, Ethan Perez, Edwin Chen, Craig Pettit, Scott Heiner, Kamilė
Lukošiūtė, Amanda Askell, Andy Jones, Anna Chen, Anna Goldie, Azalia Mirhoseini, Cameron
McKinnon, Christopher Olah, Daniela Amodei, Dario Amodei, Dawn Drain, Dustin Li, Eli Tran-
Johnson, Jackson Kernion, Jamie Kerr, Jared Mueller, Jeffrey Ladish, Joshua Landau, Kamal
Ndousse, Liane Lovitt, Nelson Elhage, Nicholas Schiefer, Nicholas Joseph, Noemí Mercado, Nova
DasSarma, Robin Larson, Sam McCandlish, Sandipan Kundu, Scott Johnston, Shauna Kravec,
Sheer El Showk, Stanislav Fort, Timothy Telleen-Lawton, Tom Brown, Tom Henighan, Tristan
Hume, Yuntao Bai, Zac Hatfield-Dodds, Ben Mann, and Jared Kaplan. Measuring progress on
scalable oversight for large language models, 2022. URL https://arxiv.org/abs/2211.
03540.

Collin Burns, Pavel Izmailov, Jan Hendrik Kirchner, Bowen Baker, Leo Gao, Leopold Aschenbrenner,
Yining Chen, Adrien Ecoffet, Manas Joglekar, Jan Leike, Ilya Sutskever, and Jeff Wu. Weak-to-
strong generalization: Eliciting strong capabilities with weak supervision, 2023. URL https:
//arxiv.org/abs/2312.09390.

Stephen Casper, Xander Davies, Claudia Shi, Thomas Krendl Gilbert, Jérémy Scheurer, Javier
Rando, Rachel Freedman, Tomasz Korbak, David Lindner, Pedro Freire, Tony Wang, Samuel
Marks, Charbel-Raphaël Segerie, Micah Carroll, Andi Peng, Phillip Christoffersen, Mehul Damani,
Stewart Slocum, Usman Anwar, Anand Siththaranjan, Max Nadeau, Eric J. Michaud, Jacob Pfau,
Dmitrii Krasheninnikov, Xin Chen, Lauro Langosco, Peter Hase, Erdem Bıyık, Anca Dragan,
David Krueger, Dorsa Sadigh, and Dylan Hadfield-Menell. Open problems and fundamental
limitations of reinforcement learning from human feedback, 2023. URL https://arxiv.
org/abs/2307.15217.

Paul Christiano, Buck Shlegeris, and Dario Amodei. Supervising strong learners by amplifying weak
experts. arXiv preprint arXiv:1810.08575, 2018.

Paul Christiano, Jan Leike, Tom B. Brown, Miljan Martic, Shane Legg, and Dario Amodei. Deep
reinforcement learning from human preferences, 2023. URL https://arxiv.org/abs/
1706.03741.

Hyung Won Chung, Le Hou, Shayne Longpre, Barret Zoph, Yi Tay, William Fedus, Yunxuan Li,
Xuezhi Wang, Mostafa Dehghani, Siddhartha Brahma, Albert Webson, Shixiang Shane Gu, Zhuyun
Dai, Mirac Suzgun, Xinyun Chen, Aakanksha Chowdhery, Alex Castro-Ros, Marie Pellat, Kevin
Robinson, Dasha Valter, Sharan Narang, Gaurav Mishra, Adams Yu, Vincent Zhao, Yanping Huang,
Andrew Dai, Hongkun Yu, Slav Petrov, Ed H. Chi, Jeff Dean, Jacob Devlin, Adam Roberts, Denny
Zhou, Quoc V. Le, and Jason Wei. Scaling instruction-finetuned language models, 2022. URL
https://arxiv.org/abs/2210.11416.

Christopher Clark, Kenton Lee, Ming-Wei Chang, Tom Kwiatkowski, Michael Collins, and Kristina
Toutanova. BoolQ: Exploring the surprising difficulty of natural yes/no questions. In Jill
Burstein, Christy Doran, and Thamar Solorio, editors, Proceedings of the 2019 Conference
of the North American Chapter of the Association for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long and Short Papers), pages 2924–2936, Minneapolis, Min-
nesota, June 2019. Association for Computational Linguistics. doi: 10.18653/v1/N19-1300. URL
https://aclanthology.org/N19-1300/.

DeepSeek-AI. Deepseek llm: Scaling open-source language models with longtermism, 2024. URL
https://arxiv.org/abs/2401.02954.

Lukas Fluri, Daniel Paleka, and Florian Tramèr. Evaluating superhuman models with consistency
checks, 2023. URL https://arxiv.org/abs/2306.09983.

Leo Gao, John Schulman, and Jacob Hilton. Scaling laws for reward model overoptimization, 2022.
URL https://arxiv.org/abs/2210.10760.

Zhibin Gou, Zhihong Shao, Yeyun Gong, Yelong Shen, Yujiu Yang, Nan Duan, and Weizhu Chen.
Critic: Large language models can self-correct with tool-interactive critiquing, 2024. URL
https://arxiv.org/abs/2305.11738.

10

https://arxiv.org/abs/2211.03540
https://arxiv.org/abs/2211.03540
https://arxiv.org/abs/2312.09390
https://arxiv.org/abs/2312.09390
https://arxiv.org/abs/2307.15217
https://arxiv.org/abs/2307.15217
https://arxiv.org/abs/1706.03741
https://arxiv.org/abs/1706.03741
https://arxiv.org/abs/2210.11416
https://aclanthology.org/N19-1300/
https://arxiv.org/abs/2401.02954
https://arxiv.org/abs/2306.09983
https://arxiv.org/abs/2210.10760
https://arxiv.org/abs/2305.11738


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul Arora, Steven Basart, Eric Tang, Dawn Song,
and Jacob Steinhardt. Measuring mathematical problem solving with the math dataset. NeurIPS,
2021.

Jie Huang, Xinyun Chen, Swaroop Mishra, Huaixiu Steven Zheng, Adams Wei Yu, Xinying Song,
and Denny Zhou. Large language models cannot self-correct reasoning yet. arXiv preprint
arXiv:2310.01798, 2023.

Geoffrey Irving, Paul Christiano, and Dario Amodei. Ai safety via debate. arXiv preprint
arXiv:1805.00899, 2018a.

Geoffrey Irving, Paul Christiano, and Dario Amodei. Ai safety via debate, 2018b. URL https:
//arxiv.org/abs/1805.00899.

Jiaming Ji, Tianyi Qiu, Boyuan Chen, Borong Zhang, Hantao Lou, Kaile Wang, Yawen Duan,
Zhonghao He, Jiayi Zhou, Zhaowei Zhang, Fanzhi Zeng, Kwan Yee Ng, Juntao Dai, Xuehai Pan,
Aidan O’Gara, Yingshan Lei, Hua Xu, Brian Tse, Jie Fu, Stephen McAleer, Yaodong Yang, Yizhou
Wang, Song-Chun Zhu, Yike Guo, and Wen Gao. Ai alignment: A comprehensive survey, 2024.
URL https://arxiv.org/abs/2310.19852.

Ian Jones and Matthew Inglis. The problem of assessing problem solving: Can comparative judgement
help? Educational Studies in Mathematics, 89:337–355, 2015.

Ryo Kamoi, Yusen Zhang, Nan Zhang, Jiawei Han, and Rui Zhang. When can llms actually correct
their own mistakes? a critical survey of self-correction of llms. Transactions of the Association for
Computational Linguistics, 12:1417–1440, 2024.

Jacek Karwowski, Oliver Hayman, Xingjian Bai, Klaus Kiendlhofer, Charlie Griffin, and Joar Skalse.
Goodhart’s law in reinforcement learning, 2023. URL https://arxiv.org/abs/2310.
09144.

Kate Tremain Kelly, Mary Richardson, and Talia Isaacs. Critiquing the rationales for using compara-
tive judgement: a call for clarity. Assessment in Education: Principles, Policy & Practice, 29(6):
674–688, 2022.

Zachary Kenton, Noah Y Siegel, János Kramár, Jonah Brown-Cohen, Samuel Albanie, Jannis Bulian,
Rishabh Agarwal, David Lindner, Yunhao Tang, Noah D Goodman, et al. On scalable oversight
with weak llms judging strong llms. arXiv preprint arXiv:2407.04622, 2024a.

Zachary Kenton, Noah Y. Siegel, János Kramár, Jonah Brown-Cohen, Samuel Albanie, Jannis Bulian,
Rishabh Agarwal, David Lindner, Yunhao Tang, Noah D. Goodman, and Rohin Shah. On scalable
oversight with weak llms judging strong llms, 2024b. URL https://arxiv.org/abs/
2407.04622.

Akbir Khan, John Hughes, Dan Valentine, Laura Ruis, Kshitij Sachan, Ansh Radhakrishnan, Edward
Grefenstette, Samuel R Bowman, Tim Rocktäschel, and Ethan Perez. Debating with more
persuasive llms leads to more truthful answers. arXiv preprint arXiv:2402.06782, 2024.
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A HUMAN EXPERIMENTS GUIDELINES

This section details the guidelines and quality assurance of involved in the Human-Human and
Human-AI experiments. We establish consistent and comprehensive guidelines for annotation tasks
at different stages across different tasks.

Our guidelines emphasize the quality of reasoning process over accuracy rates, requiring annotators
to clearly articulate their thinking process without accessing external references. While accuracy is
encouraged, the primary focus is on providing clear, well-reasoned justifications for their decisions.
Annotators are instructed to invest their time primarily in analytical thinking, expressing their
reasoning in clear, concise, and logically coherent natural language. The guidelines provide suggested
formats but maintain flexibility, prioritizing the clear documentation of thought processes over rigid
adherence to specific forms2. We provide detailed instruction at each stage in following sections.

2Fixed templates were initially tested but abandoned as annotators reported them inflexible and including
unnecessary burden.
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A.1 RESPONSE STAGE

In the response stage, annotators are presented with a source text, a question, and multiple choice
options. The primary task is to select the correct answer and provide comprehensive reasoning for
their choice.

Recommmanded Annotation Template The response should clearly indicate the selected answer
and provide a complete reasoning process. This process should include specific citations from the
source text as evidence, logical analysis that connects the evidence to the conclusion, and step-by-step
reasoning where applicable. For example, responses can follow two primary patterns:

• Option B is correct because [evidence + reasoning].

• Options A/C/D are incorrect because [evidence + reasoning], therefore B is selected.

Other patterns are also acceptable as long as they maintain clear reasoning and sufficient evidence
support. The examples of high-quality and low-quality responses are provided in Table 4 for
illustration.

Quality Requirements Response annotations must satisfy four fundamental criteria:

• Relevance: Direct connection to the question and source text

• Organization: Clear logical structure and information flow

• Clarity: Concise expression without unnecessary complexity

• Coherence: Smooth transitions between reasoning steps

A.2 CRITIQUE STAGE ANNOTATION

In the critique stage, annotators evaluate two responses from the previous stage based on the source
text and question. The evaluation should focus on the correctness of responses, examining their
logical coherence and evidence support.

Recommended Annotation Template The critiques should clearly present the final judgment and
supporting rationale with referenced evidence cited in the responses or the question. For example,
common annotation patterns include:

• Agreement with Response 1 with specific justification, noting uncertainties or disagreements
with Response 2.

• Agreement with Response 1 with justification, identifying specific errors in Response 2.

• Agreement with both responses, providing supporting evidence for the shared conclusion.

• Disagreement with both responses, detailing specific errors and providing justification for
an alternative answer.

Critiques should prioritize identifying key errors that affect the final judgment, while minor issues
that do not impact the conclusion are optional. The high quality and low quality examples is presented
in Table 5 and Table 6.

Quality Requirements critique annotations must satisfy five fundamental criteria:

• Relevance: Direct connection to the question and source text

• Organization: Clear logical structure and information flow

• Clarity: Concise expression without unnecessary complexity

• Coherence: Smooth transitions between reasoning steps

• Objectivity: Fair analysis of responses’ strengths and weaknesses
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A.3 HIGHER-ORDER CRITIQUE STAGE

In the higher-order critique stage, annotators evaluate two critique annotations based on the source text,
question, and responses. The evaluation should focus on assessing the critiques’ reasoning process,
examining the validity of their evidence analysis, and identifying any logical gaps or oversights.

Recommended Annotation Template The higher-order critiques should clearly present their
evaluation of both critiques’ analyses and provide a final judgment with supporting rationale. For
example, common annotation patterns include:

• Agreement with Critic 1 with specific justification, noting uncertainties or disagreements
with Critic 2.

• Agreement with Critic 1 with justification, identifying specific errors in Critic 2’s analysis.

• Agreement with both critics, acknowledging their shared valid points while noting potential
weaknesses.

• Disagreement with both critics, detailing specific logical flaws and providing independent
justification.

Critics should prioritize identifying key errors in the critics’ reasoning while noting potential im-
provements even when agreeing with their conclusions.

Quality Requirements Higher-order critique annotations must satisfy six fundamental criteria:

• Relevance: Direct connection to the question and critics’ analyses.

• Organization: Clear logical structure and information flow.

• Clarity: Concise expression without unnecessary complexity.

• Coherence: Smooth transitions between reasoning steps.

• Objectivity: Fair analysis of critics’ strengths and weaknesses.

• Improvement: Identification of gaps or potential enhancements in critics’ reasoning.

Examples of high-quality and low-quality higher-order critiques are presented in Tables 7 and 8.

B PROMPTS FOR AI-AI EXPERIMENTS

We adopt the following prompt template in Figure 4, 5, 6, 7 to conduct response generation and
multi-stage critiques. Additionally, our smaller SFT models, particularly those with 0.5B parameters
and limited capabilities, occasionally fail to follow instructions properly. To address this issue, we
incorporate hints in the output section to enhance the model’s instruction adherence and chain-of-
thought analysis process. We set the sampling temperature to 1.0 and top-p to 1.0.

Prompt for Response Generation

Answer the question step by step and then put final answer in the \box:
{Question}

Figure 4: AI generartion template in Response Stage

C SUPPLEMENTAL AI RECURSIVE SELF-CRITIQUING EXPERIMENT

In this seciton, we investigate the effectiveness of the recursive self-critiquing across differernt LLMs.
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Prompt and hint for C1 Generation

Input:
[User Prompt]
{question}

[The Start of Response A]
{answer_a}
[The End of Response A]

[The Start of Response B]
{answer_b}
[The End of Response B]

You are given a question and two responses.
You should first think step by step and decide which response is better.
Avoid any positional bias or length bias and only focus on the quality of the responses.
Output your final choice by strictly following this format:
"[[A]]" if response A is better.
"[[B]]" if response B is better.

HINT: Let me carefully analyze which response is better. Firstly, the response

Figure 5: Prompt and hint for C1 Generation in AI experiments

C.1 SETUP

We utilize multiple reasoning, knowledge, and alignment-related datasets, including MATH, GPQA,
TruthfulQA, MMLU-Pro, and BoolQ. Below is a detailed introduction to each task category.

• MATH(Hendrycks et al., 2021) is a mathematical problem-solving dataset consisting of
12,500 challenging competition-level math problems, designed to assess machine learning
models’ mathematical reasoning abilities. Each problem is accompanied by a fully worked-
out step-by-step solution, enabling models to learn how to generate answer derivations and
explanations.

• GPQA(Rein et al., 2023) is a highly challenging multiple-choice question dataset consisting
of 448 questions crafted by domain experts in biology, physics, and chemistry. The dataset
is designed to assess the reasoning capabilities of both human experts and state-of-the-art
AI models on complex scientific topics. To ensure its difficulty and quality, questions were
validated by experts with PhD-level knowledge, achieving an accuracy of only 65% (or
74% after correcting clear retrospective mistakes). In contrast, highly skilled non-expert
validators, even with unrestricted web access for over 30 minutes per question, achieved
only 34% accuracy.

• TruthfulQA(Lin et al., 2022) evaluates the truthfulness of language models in answering
questions, comprising 817 questions across 38 categories, including health, law, finance, and
politics. The questions were carefully designed to reflect common human misconceptions or
false beliefs, making them particularly challenging. To perform well, models must avoid
generating false answers learned from imitating human-written text, which often contains
misinformation.

• BoolQ(Clark et al., 2019) is a reading comprehension dataset designed to study naturally
occurring yes/no questions, meaning questions that arise spontaneously in unprompted and
unconstrained settings. The dataset presents unexpected challenges, as its questions often
involve complex, non-factoid information and require entailment-like inference rather than
simple fact retrieval.

• MMLU-Pro(Wang et al., 2024b) is an enhanced version of MMLU designed to go beyond
MMLU’s primarily knowledge-driven evaluation. MMLU-Pro incorporates more challeng-
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Prompt and hint for C2

Input:
[User Prompt]
{question}

[The Start of Response A]
{answer_a}
[The End of Response A]

[The Start of Response B]
{answer_b}
[The End of Response B]

[The Start of Critic A]
{critic_a}
[The End of Critic A]

[The Start of Critic B]
{critic_b}
[The End of Critic B]

You are given a question, two responses, and two critics of the responses.
You should first think step by step and decide which critics is better.
Avoid any positional bias or length bias and only focus on the quality of the critics.
Output your final choice by strictly following this format:
"[[A]]" if critic A is better.
"[[B]]" if critic B is better.

HINT: Let me carefully analyze which critic is better. Firstly, the critic

Figure 6: Prompt and hint for C2 in AI experiments

ing reasoning-focused questions, expands the answer choice set from 4 to 10 options, and
removes trivial and noisy questions from MMLU. Experimental results show that MMLU-
Pro significantly increases difficulty, leading to an accuracy drop of 16% to 33% compared
to MMLU.

We employ the structured prompt illustrated in Figure 10, 11, 12, 13, 14, 15 to obtain consistent
forms of response, critique, and higher-order critique across different models and datasets. Given the
variations in how different models adhere to and comprehend instructions, the prompt structure is
slightly adjusted for each model. These adjustments primarily focus on constraints related to output
length and the format of the decision-making answers.

We adopt consistent metrics and baselines as in human experiments. Each score in the experiments is
averaged over 10 different runs. To ensure fairness across different stages of effort, we followed the
sampling strategy illustrated in Figure 8 to sample the responses of the model to a question and critics
of various orders. Each sampling begins by obtaining 7 responses to the same question. From the
first two responses, we further derive 5 critics. Similarly, we generate 3 critics of critics and 1 critics
of critics of critics. To ensure the reliability of the results, we repeat the entire process 10 times for
the same question and report the average outcomes of these ten iterations. To enhance the diversity of
the sampling process, we set the sampling temperature to 1.0 and top-p to 0.95.

C.2 EXPERIMENTAL RESULTS

Current AI Models struggle to perform recursive critique tasks. We plot the average im-
provement of critique and recursive cirtics over response stage in Figure 9, where we find that the
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Prompt and hint for C3

Input:
[User Prompt]
{question}

[The Start of Response A]
{answer_a}
[The End of Response A]

[The Start of Response B]
{answer_b}
[The End of Response B]

[The Start of Critic A]
{critic_a}
[The End of Critic A]

[The Start of Critic B]
{critic_b}
[The End of Critic B]

[The Start of Critic of Critic A]
{critic_of_critic_a}
[The End of Critic of Critic A]

[The Start of Critic of Critic B]
{critic_of_critic_b}
[The End of Critic of Critic B]

You are given a question, two responses, and two critics of the responses, and the two critics
of the critics.
You should first think step by step and decide which critics of critic is better.
Avoid any positional bias or length bias and only focus on the quality of the critics of critic.
Output your final choice by strictly following this format:
"[[A]]" if critic of critic A is better.
"[[B]]" if critic of critic B is better.

HINT: Let me carefully analyze which critic of critic is better. Firstly, the critic of
critic

Figure 7: Prompt and hint for C3 in AI experiments

performance of critiques and higher-order critiques remains constrained in most scenarios. In detail,
critique, critique of critique (C2) and third-order critiques (C3) struggle to surpass the accuracy levels
achieved at the Response stages. This phenomenon suggests that current models may have limited
capacity for self-critiquing, which is also partially validated in the work of Huang et al. (2023), Tang
et al. (2025) and summarized by Kamoi et al. (2024). This finding further highlight the importance of
post-training models to perform better critique tasks as in McAleese et al. (2024). Tables 12 and 13
include the results from Gemma2 9B Instruct and Qwen-2.5 14B Instruct on MMLU-Pro and BoolQ.

Potential effectiveness in specific models. We further compare the performance of Qwen and
Gemma model across different datasets, following the setting in Section 4.2. The results are shown
in Table 9 and Table 10. From these results, we can observe that the disparity of higher-order
critiquing ability exists in specific models. Although performance is limited, Qwen-2.5-14B-Instruct
exhibits more effective in high-order critiquing, as we can observe progressive improvements between
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Figure 8: The Sampling Strategy of AI Self Recursive Critiquing.
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Figure 9: The relative accuracy improvement of critique and recursive critique stages compared
to the response stage. Scores are averaged across all datasets. The improvement is calculated as
exp(Acc_stage - Acc_response), where samples are grouped according to their response accuracy
levels.

response and recursive critiques across stages. Further performance gap analysis in Table 11 reveals
that the main discrepancies may arise from those gap in distinguishing the true statements from mixed
true and false inputs.

D BROADER IMPACTS

Our recursive self-critiquing framework offers significant potential for maintaining effective AI over-
sight as capabilities surpass human abilities, potentially democratizing participation in AI governance
through more tractable evaluation processes. However, this approach also carries risks, including
the possibility of creating false confidence in oversight effectiveness given current limitations in AI
critique capabilities, vulnerability to adversarial examples designed to bypass critique chains, and
concerns about computational resource requirements potentially limiting access to effective oversight
tools among less-resourced stakeholders. We acknowledge these potential impacts and encourage
continued research to strengthen the reliability of scalable oversight methods.
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Prompt for Response Generation

Please answer the following multiple-choice question. Your response should include the
following sections:

- Explanation of Choice: Provide a concise explanation of why this option is chosen,
including specific reasons or evidence supporting this choice, starts with ‘Explanation: ‘
within 256 words.
- Analysis of Other Options: Analyze each of the remaining options one by one, and explain
why they are less suitable than the chosen answer within 256 words.
- Answer: On a separate line, starts with ‘Answer: ‘, state your chosen option (A, B, C, or D)
only, without any additional text.

### Question:
{question}
### Options:
{options}

Example Input:

### Question:
What is the largest continent in the world?
### Options:
A. Antarctica
B. Africa
C. Asia
D. South America

Example Output:
Explanation: Asia is the largest continent in the world by area, covering approximately 44.57
million square kilometers. It is widely recognized in the geographical community as the
largest continent. Analysis of Other Options: A) Antarctica: Although Antarctica is very
large, it is smaller than Asia and is not usually ranked by land area in this context. B) Africa:
Africa is the third-largest continent, but it is smaller than Asia. D) South America: South
America is even smaller, making it an incorrect choice for this question.
Answer: C

Figure 10: AI generartion template in Response Stage
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Table 4: High quality and low quality response examples.
Quality Definition Type Example and Translation

High quality
Contains three
elements: textual
evidence, reasoning,
and conclusion.
Clear and coherent
expression with
logical flow.

English

Origin: 根据题中的"before the end of the century"可定
位到原文"Scientists have already pointed out that unless
something ... before this century is out"。从中可以得知
如果不采取措施限制人口快速增长或开发新的食物
来源，数百万人将在本世纪结束前死于饥饿。因此
可推断作者认为世界最大的问题是如何养活日益增
长的人口，选B。
Translated: Based on the phrase "before the end of the
century", we can locate "Scientists have already pointed
out that unless something ... before this century is out".
This indicates that without measures to limit population
growth or develop new food sources, millions will face
starvation. Therefore, feeding the growing population
appears to be the major challenge, supporting option B.

Chinese

Origin: 文章第三段说："由于杂交水稻不同熟期组
合的出现，全国各地涌现出各种与杂交水稻种植相
配套的新型种植模式。"杂交水稻和新型种植模式
的出现是因果关系，而不是正好与新型种植模式相
配，所以选D。
Translated: The third paragraph states: "Due to the emer-
gence of hybrid rice varieties with different maturity pe-
riods, new planting patterns have emerged nationwide to
match hybrid rice cultivation." The relationship between
hybrid rice and new planting patterns is causal, not just
coincidental matching, therefore D is correct.

Math

Origin: 首先化简f(x) = 2 cos2 x − sin2 x + 2，根
据二倍角公式cos 2x = 2 cos2 x − 1，得到2 cos2 x =
cos 2x + 1。因为sin2 x + cos2 x = 1，所以sin2 x =
(1 − cos 2x)/2。最终得到f(x) = 3

2 cos 2x + 5
2。通过

周期计算和最值分析，得到答案B。
Translated: First simplify f(x) = 2 cos2 x− sin2 x+ 2.
Using double angle formula cos 2x = 2 cos2 x − 1, we
get 2 cos2 x = cos 2x+ 1. Since sin2 x+ cos2 x = 1, we
derive sin2 x = (1−cos 2x)/2. Finally f(x) = 3

2 cos 2x+
5
2 . Through period calculation and maximum analysis, we
arrive at answer B.

Low quality
Missing key
elements, unclear
reasoning, or lack
of evidence support.

English

Origin: 文章第一句"The gift of being able to describe
a face accurately is a rare one"就点明文章主要内容
为A。
Translated: The first sentence "The gift of being able to
describe a face accurately is a rare one" directly points to
option A.

Chinese

Origin: 答案C错在：那些已经被认定，应...，原文
说的是这种代代相传的非物质文化遗产得到创新
（过程中），同时使他们自己具有一种认同感和历
史感。
Translated: Option C is wrong because: those already
recognized should..., the text actually discusses how this
inherited intangible cultural heritage achieves innovation
while maintaining a sense of identity and history.

Math

Origin: 因为sin2 x + cos2 x = 1，所以f(x) =
3
2 cos 2x+ 5

2，T = π，max f(x) = 4。

Translated: Since sin2 x+ cos2 x = 1, we have f(x) =
3
2 cos 2x+ 5

2 , T = π, max f(x) = 4.
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Table 5: High quality and low quality critique annotation examples.
Question Response1 Response2

根据原文提供的信息，下列选项
中，没有体现传统技艺传承价值
的一项是
A．农业生产的犁、耙、锄等工
具的利用B．日常生活中医药的
陶罐、竹器等物品的制作C．社
会行业中的造纸、印刷、染织等
手工艺D．民俗文化中的剪纸、
皮影、年画等艺术的创作

作者主要介绍了传统技艺作为非
物质文化遗产有着丰富的文化内
涵和艺术价值，传统技艺中具有
的民生价值、艺术价值、历史文
化价值均是其传承价值所在。
选项A提到的内容没有体现传统
技艺传承价值，原因是文章提虽
然到了犁、耙、锄等工具的制作
是传统手工艺的印记，体现了传
统技艺传承价值，但选项重点在
于对工具的利用，这并未体现。
相关的内容是[农业耕作所需要
的犁、耙、锄，饮食起居所需
要的陶罐、簸箕、箩筐，交通运
输所需要的担、船、轿，以及织
锦、染布、造纸等日常生活所需
要的各种物品，都留下了手工艺
的印记]。因此，我认为答案是
「A」。

文章主要探讨了传统技艺的定
义，价值和重要性
选项A可能正确的原因：文章中
提到「农业耕作所需要的犁、
耙、锄」，「具有民生价值」
相关的内容说明这些农业生产
的相关工具可以体现传统技艺传
承价值。此外，选项C可以由原
文中「以及织锦、染布、造纸等
日常生活所需要的各种物品」，
「具有民生价值、艺术价值」的
相关内容得作证，而选项D可以
由「木雕、石雕、玉雕、泥塑、
面塑给人以美的愉悦，剪纸、刻
纸、皮影、年画有丰富的文化内
涵和艺术价值」，「具有艺术价
值、历史文化价值」得到佐证。
而选项B是错误的原因可参考原
文「饮食起居所需要的陶罐、簸
箕、箩筐」，可以看到原文是饮
食起居的陶罐，而不是医药的陶
罐。
综合上述分析，答案是「B」。

High Quality Examples
不同意Response1的答案（A）。Response1引用了相关的段落，但认为相关内容「重点在于对工具的利
用」，而不是体现传统技艺传承价值。但他引用的内容里提到了「留下了手工艺的印记」，我认为这个内
容正体现了农业生产的犁、耙、锄是体现传统技艺传承价值的。认可Response 2的答案（B）。
Response2分析了选项B，并指出「原文提到的是饮食起居的陶罐，而不是医药的陶罐」，他引用了文章中
对应内容确实和选项是不符合的。此外，他还分析了选项ACD，并找到了对应的参考内容佐证。但他对于
选项A的分析需要纠正，他引用的文章内容「农业生产的犁、耙、锄等工具的利用」和「具有的民生价值」
并不在一个段落内，不能论证他的分析。但第四段的开头「手工艺始于对自然物质的利用和各种工具的制
造和使用」之后出现的相关描述确实说明了选择A体现了传统技艺传承价值。因此答案应该是（B）。
认可Response 2的答案（B），他引用的文章内容「饮食起居所需要的陶罐、簸箕、箩筐」和选项B「医药
的陶罐、竹器等物品」确实是不一致的。而Response1的选择（A），他引用[农业耕作所需要的犁、耙、
锄，饮食起居所需要的陶罐、簸箕、箩筐，...都留下了手工艺的印记]里的"手工艺"我认为是传统技艺的一
部分，因此不应该选答案A。因此答案应该是（B）。
认可Response 2的答案（B），他引用了文章内容「饮食起居所需要的陶罐、簸箕、箩筐」，而选项B「医
药的陶罐、竹器」明显是不一致的，这很可能是题目设下的陷阱，因此Response的2答案应该是对的。
而Response1虽然对选项（A）可能是错误的原因做了分析，但基于前面对答案B的分析，它明显是对，因此
不该选选项A。因此答案应该是（B）。

Low Quality Examples
认可response 1的答案，不同意Response2的答案，答案应该是（B）。
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Table 6: English translations of high quality and low quality critique annotation examples in Table 5.
Question Response1 Response2

According to the text, which of the
following does NOT reflect the inher-
itance value of traditional craftsman-
ship?
A. The use of agricultural tools like
plows, harrows, and hoes B. The
making of medical pottery and bam-
boo utensils in daily life C. The hand-
icrafts in social industries such as pa-
permaking, printing, and dyeing D.
The folk art creations such as paper-
cutting, shadow puppets, and New
Year paintings

The author mainly introduces tradi-
tional crafts as intangible cultural
heritage with rich cultural conno-
tations and artistic value. Tradi-
tional crafts possess livelihood value,
artistic value, and historical-cultural
value as their inheritance value.
Option A does not reflect traditional
craft inheritance value. While the
text mentions the tools like plows,
harrows, and hoes as traditional hand-
icraft marks, reflecting craft inheri-
tance value, the option focuses on
tool usage, which is not demon-
strated. The relevant content states
[Agricultural tools like plows, har-
rows, and hoes, kitchenware like pot-
tery, baskets, and hampers, trans-
portation tools like carriers, boats,
and sedan chairs, and daily neces-
sities like brocade, dyed cloth, and
paper, all bear handicraft marks].
Therefore, I believe the answer is
"A".

The article mainly discusses the defi-
nition, value, and importance of tra-
ditional crafts.
For Option A: The text mentions
"agricultural tools like plows, har-
rows, and hoes" and their "liveli-
hood value", suggesting these tools
reflect traditional craft inheritance
value. Additionally, Option C is sup-
ported by "daily necessities like bro-
cade, dyed cloth, and paper" showing
"livelihood and artistic value", while
Option D is evidenced by "wood
carving, stone carving, jade carving,
clay sculpture, and dough modeling
bring aesthetic pleasure, while paper-
cutting, paper carving, shadow pup-
pets, and New Year paintings have
rich cultural connotations and artistic
value".
Option B is incorrect as the text men-
tions "kitchenware pottery" rather
than medical pottery.
Based on this analysis, the answer is
"B".

High Quality Examples
Disagree with Response 1’s answer (A). While Response 1 cites relevant passages, its interpretation that "focus is
on tool usage" misses the point about traditional craft inheritance value. The cited phrase "left craftmanship marks"
actually demonstrates that agricultural tools reflect traditional craft value. Agree with Response 2’s answer (B).
Response 2 correctly analyzes Option B, noting that the text mentions "kitchenware pottery" rather than "medical
pottery", with accurate textual evidence. They also provide well-supported analysis for Options A, C, and D. However,
their reasoning for Option A needs correction - the connection between "agricultural tools" and "livelihood value"
isn’t supported by being in different paragraphs. Nevertheless, the fourth paragraph’s opening about "handicrafts
beginning with the use of natural materials and tool manufacturing" supports that Option A reflects traditional craft
value. Therefore, the answer should be (B).
Agree with Response 2’s answer (B). Their citation of "kitchenware pottery" from the text clearly contradicts Option
B’s "medical pottery". Regarding Response 1’s choice of (A), the reference to "handicraft marks" in the passage about
agricultural tools suggests this is part of traditional craftsmanship, so A should not be the answer. Therefore, the answer
is (B).
Support Response 2’s answer (B). They correctly identified the discrepancy between "kitchenware pottery" in the text
and "medical pottery" in Option B, which appears to be an intentional distinction. While Response 1 analyzes why
Option A might be incorrect, based on the analysis of Option B being clearly wrong, Option A cannot be the answer.
Therefore, the answer should be (B).

Low Quality Examples
Agree with Response 1, disagree with Response 2, the answer should be (B).
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Table 7: High quality and low quality higher-order critic annotation examples.
Question Response 1 Response 2

根据原文提供的信息，下列
选项中，没有体现传统技
艺传承价值的一项是A．农
业生产的犁、耙、锄等工
具的利用B．日常生活中医
药的陶罐、竹器等物品的制
作C．社会行业中的造纸、
印刷、染织等手工艺D．民
俗文化中的剪纸、皮影、年
画等艺术的创作

作者主要介绍了传统技艺作为非
物质文化遗产有着丰富的文化内
涵和艺术价值，传统技艺中具有
的民生价值、艺术价值、历史文
化价值均是其传承价值所在。
选项A提到的内容没有体现传统
技艺传承价值，原因是文章提虽
然到了犁、耙、锄等工具的制作
是传统手工艺的印记，体现了传
统技艺传承价值，但选项重点在
于对工具的利用，这并未体现。
相关的内容是[农业耕作所需要
的犁、耙、锄，饮食起居所需
要的陶罐、簸箕、箩筐，交通运
输所需要的担、船、轿，以及织
锦、染布、造纸等日常生活所需
要的各种物品，都留下了手工艺
的印记]。因此，我认为答案是
「A」。

文章主要探讨了传统技艺的定
义，价值和重要性
选项A可能正确的原因：文章中
提到「农业耕作所需要的犁、
耙、锄」，「具有民生价值」
相关的内容说明这些农业生产
的相关工具可以体现传统技艺传
承价值。此外，选项C可以由原
文中「以及织锦、染布、造纸等
日常生活所需要的各种物品」，
「具有民生价值、艺术价值」的
相关内容得作证，而选项D可以
由「木雕、石雕、玉雕、泥塑、
面塑给人以美的愉悦，剪纸、刻
纸、皮影、年画有丰富的文化内
涵和艺术价值」，「具有艺术价
值、历史文化价值」得到佐证。
而选项B是错误的原因可参考原
文「饮食起居所需要的陶罐、簸
箕、箩筐」，可以看到原文是饮
食起居的陶罐，而不是医药的陶
罐。
综合上述分析，答案是「B」。

Critic 1 Critic 2
不 同 意Response1的 答 案
（A） 。Response1引 用 了 相
关的段落，但认为相关内容「重
点在于对工具的利用」，而不是
体现传统技艺传承价值。但他引
用的内容里提到了「留下了手工
艺的印记」，我认为这个内容正
体现了农业生产的犁、耙、锄是
体现传统技艺传承价值的。
Response2分析了选项B，并指出
「原文提到的是饮食起居的陶
罐，而不是医药的陶罐」，他
引用了文章中对应内容确实和
选项是不符合的。此外，他还分
析了选项ACD，并找到了对应的
参考内容佐证。因此答案应该是
（B）。

认可Response 2的答案（B），
他引用的文章内容「饮食起居
所需要的陶罐、簸箕、箩筐」
和选项B「医药的陶罐、竹器
等物品」确实是不一致的。
而Response1的选择（A），他引
用[农业耕作所需要的犁、耙、
锄，饮食起居所需要的陶罐、簸
箕、箩筐，...都留下了手工艺的
印记]里的"手工艺"我认为是传统
技艺的一部分，因此不应该选答
案A。因此答案应该是（B）。

High Quality Examples
认可Critic 1和2的答案（B），两个Critc都指出答案是B的原因是：文章内容「饮食起居所需要的陶罐、簸
箕、箩筐」和选项B「医药的陶罐、竹器等物品」的不一致，因此没有体现传统技艺传承价值。
认可Critic 1和2关于答案（B）的分析，文章内容「饮食起居所需要的陶罐、簸箕、箩筐」和选项B「医药
的陶罐、竹器等物品」不一致。但Critic2对于Response1对于选项A错误之处的分析，我觉得理由不充分，
「手工艺的印记]不一定直接和「传统技艺」关联，但主要下判断的原因是选项B明显是正确答案。

Low Quality Examples
Critc 1/2的答案是对，应该是（B）。
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Table 8: English translations of high quality and low quality higher-order critic annotation examples
in Table 7.

Question Response 1 Response 2
According to the text, which of
the following does NOT reflect
the inheritance value of tradi-
tional craftsmanship?
A. The use of agricultural tools
like plows, harrows, and hoes
B. The making of medical pot-
tery and bamboo utensils in
daily life
C. The handicrafts in social in-
dustries such as papermaking,
printing, and dyeing
D. The folk art creations such as
paper-cutting, shadow puppets,
and New Year paintings

The author mainly introduces tradi-
tional crafts as intangible cultural
heritage with rich cultural conno-
tations and artistic value. Tradi-
tional crafts possess livelihood value,
artistic value, and historical-cultural
value as their inheritance value.
Option A does not reflect traditional
craft inheritance value. While the
text mentions tools like plows, har-
rows, and hoes as traditional hand-
icraft marks, reflecting craft inheri-
tance value, the option focuses on
tool usage, which is not demon-
strated. The relevant content states
[Agricultural tools like plows, har-
rows, and hoes, kitchenware like pot-
tery, baskets, and hampers, trans-
portation tools like carriers, boats,
and sedan chairs, and daily neces-
sities like brocade, dyed cloth, and
paper, all bear handicraft marks].
Therefore, I believe the answer is
"A".

The article mainly discusses the defi-
nition, value, and importance of tra-
ditional crafts.
For Option A: The text mentions
"agricultural tools like plows, har-
rows, and hoes" and their "liveli-
hood value", suggesting these tools
reflect traditional craft inheritance
value. Additionally, Option C is sup-
ported by "daily necessities like bro-
cade, dyed cloth, and paper" showing
"livelihood and artistic value", while
Option D is evidenced by "wood
carving, stone carving, jade carving,
clay sculpture, and dough modeling
bring aesthetic pleasure, while paper-
cutting, paper carving, shadow pup-
pets, and New Year paintings have
rich cultural connotations and artistic
value".
Option B is incorrect as the text men-
tions "kitchenware pottery" rather
than medical pottery.
Based on this analysis, the answer is
"B".

Critic 1 Critic 2
Disagree with Response 1’s answer
(A). While Response 1 cites rele-
vant passages, its interpretation that
"focus is on tool usage" misses the
point about traditional craft inheri-
tance value. The cited phrase "left
craftmanship marks" actually demon-
strates that agricultural tools reflect
traditional craft value.
Response 2 correctly analyzes Op-
tion B, noting that the text men-
tions "kitchenware pottery" rather
than "medical pottery", with accurate
textual evidence. They also provide
well-supported analysis for Options
A, C, and D. Therefore, the answer
should be (B).

Agree with Response 2’s answer (B).
Their citation of "kitchenware pot-
tery" from the text clearly contradicts
Option B’s "medical pottery". Re-
garding Response 1’s choice of (A),
the reference to "handicraft marks" in
the passage about agricultural tools
suggests this is part of traditional
craftsmanship, so A should not be
the answer. Therefore, the answer is
(B).

High Quality Examples
Agree with both Critics’ answer (B). Both critics point out that the discrepancy between "kitchenware pottery" in the
text and "medical pottery" in Option B shows it does not reflect traditional craft inheritance value.
Agree with both Critics’ analysis of option B, noting the clear difference between "kitchenware pottery" in the text and
"medical pottery" in the option. However, Critic 2’s reasoning about Response 1’s option A analysis is insufficient -
"handicraft marks" doesn’t necessarily equate to "traditional crafts", though this doesn’t affect the final judgment as
option B is clearly correct.

Low Quality Examples
Critics 1/2 are correct, the answer should be (B).
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Table 9: Performance comparison of AI self
recursive critique using Gemma2 9B Instruct.
We select the question set that Q′ = {q | 0 <
Acc(q) < 0.7, q ∈ Q}.

Dataset Stage Accuracy Majority
Voting

Naive
Voting

MATH

Response 22.82 19.90 22.53
Critic 26.14 25.23 23.30
C2 26.90 26.60 25.00
C3 27.32 27.32 25.69

GPQA

Response 19.68 16.24 19.76
Critic 24.43 23.92 19.57
C2 22.60 22.31 20.39
C3 22.63 22.63 20.75

TruthfulQA

Response 24.74 22.63 23.16
Critic 39.98 39.37 29.68
C2 34.67 35.68 30.74
C3 37.26 37.26 32.11

Table 10: Performance comparison of AI self
recursive critiquing using Qwen2.5 14B Instruct.
We select the question set that Q′ = {q | 0 <
Acc(q) < 0.7, q ∈ Q}.

Dataset Stage Accuracy Majority
Voting

Naive
Voting

MATH

Response 31.69 31.19 30.76
Critic 34.56 34.81 34.27
C2 35.19 34.92 34.86
C3 35.89 35.89 35.41

GPQA

Response 22.09 19.56 21.69
Critic 23.84 23.46 23.05
C2 23.30 23.24 22.50
C3 24.26 24.26 23.35

TruthfulQA

Response 25.73 22.37 27.32
Critic 39.57 38.45 34.12
C2 37.87 37.84 34.54
C3 38.66 38.66 36.49

Table 11: Performance comparison between Gemma2 9B and Qwen2.5 14B models, where C denotes
correct and W denotes wrong. For example, 1C 1W means one correct response and one wrong
response were input to the critic stage.

Input Type Gemma2 9B Qwen2.5 14B

Critic Accuracy
1C 1W 42.3% 55.5%

2C 64.3% 98.4%
2W 13.6% 1.1%

C2 Accuracy
1C 1W 46.5% 55.7%

2C 89.8% 97.1%
2W 4.8% 1.6%

C3 Accuracy
1C 1W 51.1% 52.3%

2C 92.8% 98.9%
2W 2.7% 1.3%

Table 12: Performance comparison of AI self
recursive critiquing using Gemma2 9B Instruct.
We select the question set that Q′ = {q | 0 <
Acc(q) < 0.7, q ∈ Q}.

Dataset Stage Accuracy Majority
Voting

Naive
Voting

MMLU Pro

Response 22.31 25.43 25.84
Critic 32.95 32.81 28.90
C2 32.25 32.24 30.35
C3 31.79 31.79 31.04

BoolQ

Response 31.36 28.78 33.66
Critic 32.59 30.24 31.22
C2 29.67 28.05 27.80
C3 32.44 32.44 27.07

Table 13: Performance comparison of AI self
recursive critiquing using Qwen2.5 14B Instruct.
We select the question set that Q′ = {q | 0 <
Acc(q) < 0.7, q ∈ Q}.

Dataset Stage Accuracy Majority
Voting

Naive
Voting

MMLU Pro

Response 34.71 35.58 33.75
Critic 35.50 35.58 35.17
C2 35.78 35.67 35.42
C3 36.83 36.83 35.25

BoolQ

Response 25.98 20.41 27.35
Critic 27.14 24.49 27.35
C2 26.53 26.12 25.92
C3 28.16 28.16 25.51
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Prompt for Critic Generation

You are given a multiple-choice question and two responses from different individuals. Each
response includes the person’s chosen answer and their explanation. Your task is to identify
which person’s answer is correct based on their explanations and the information known
about the question. Follow this structure for your response:

- Explanation of Choice: Compare both explanations to your knowledge about the topic and
determine which aligns better with the correct answer, starts with ‘Explanation: ‘.
- Analysis of Other Options: Review the explanation provided by each person. Evaluate
the reasoning and evidence behind each choice and point out any inaccuracies or correct
assumptions.
- Answer: On a separate line, starts with ‘Answer: ‘, state your chosen option (A, B, C, or D)
only, without any additional text.

### Question:
{question}
### Options:
{options}

### Person 1’s Response:
{gen1}
### Person 2’s Response:
{gen2}

Example Input:
### Question:
Which element has the atomic number 6?
### Options:
A) Nitrogen
B) Oxygen
C) Carbon
D) Helium

### Person 1’s Response:
Chosen Answer: C
Explanation: Carbon is the element with atomic number 6, well-known for being the basis of
organic chemistry.

### Person 2’s Response:
Chosen Answer: A
Explanation: Nitrogen is important for life on Earth, making up a large portion of the
atmosphere.

Example Output:
Explanation:
- Person 1 accurately states that Carbon is the element with atomic number 6, supporting their
choice with the relevance to organic chemistry.
- Person 2 incorrectly chooses Nitrogen, which has an atomic number of 7, misunderstanding
the atomic number.
Person 1’s explanation aligns correctly with the atomic properties of elements, as Carbon
indeed has the atomic number 6.
Answer: C

Figure 11: AI generartion template in Critic Stage
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Prompt for C2 Generation

You are given a multiple-choice question. And two individuals, Person 1 and Person 2, have
selected their answers and provided their explanations for their choices. Additionally, two
more individuals, Reviewer 1 and Reviewer 2, have read these explanations and provided
their evaluations of Person 1’s and Person 2’s reasoning. Your task is to identify which
answer is correct based on their explanations and the information known about the question.
Follow this structure for your response:
- Explanation of Choice: Compare both explanations to your knowledge about the topic and
determine which aligns better with the correct answer, starts with ‘Explanation: ‘.
- Analysis of Other Options: Review the explanation provided by each person. Evaluate
the reasoning and evidence behind each choice and point out any inaccuracies or correct
assumptions.
- Answer: On a separate line, starts with ‘Answer: ‘, state your chosen option (A, B, C, or D)
only, without any additional text.

### Question:
{question}
### Options:
{options}

### Person 1’s Response:
{gen1}
### Person 2’s Response:
{gen2}
### Reviewer 1’s Response:
{c1}
### Reviewer 2’s Response:
{c2}

Figure 12: AI generartion template in C2 Stage (Part 1)
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Prompt for C2 Generation

Example Input:
### Question:
Which element has the atomic number 6?
### Options:
A) Nitrogen B) Oxygen C) Carbon D) Helium

### Person 1’s Response:
Chosen Answer: C
Explanation: Carbon is the element with atomic number 6, well-known for being the basis of
organic chemistry.
### Person 2’s Response:
Chosen Answer: A
Explanation: Nitrogen is important for life on Earth, making up a large portion of the
atmosphere.
### Reviewer 1’s Response:
Explanation: Person 1 accurately states that Carbon has the atomic number 6. This
explanation is correct and directly addresses the question. Carbon is indeed a fundamental
element ...
Answer: C
### Reviewer 2’s Response:
Explanation: Person 1 has correctly identified Carbon as the element with atomic number 6.
Their ...
Answer: C

Example Output:
Explanation:
- Reviewer 1 provides a clear and direct evaluation of Person 1’s and Person 2’s responses.
They ...
Answer: C

Figure 13: AI generartion template in C2 Stage (Part 2)
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Prompt for C3 Generation (Part 1)

You are given a multiple-choice question, along with responses from two individuals,
Person 1 and Person 2, their explanations, evaluations from two reviewers (Reviewer
1 and Reviewer 2), and now evaluations of reviewers from two additional judges
(Judger 1 and Judger 2). Your task is to identify which answer is correct, based on judges’
explanations and the final evaluations from the judges. Follow this structure for your response:

- Explanation of Choice: Based on the information provided by judges, compare both
explanations and determine which one aligns better with the correct answer. Start with
‘Explanation: ‘. Consider both the critiques from Judger 1 and Judger 2.
- Analysis of Reviewer Evaluations: Evaluate the critiques provided by Judger 1 and Judger 2.
Discuss their reasoning and whether it aligns with the correct answer. Consider whether
Judger 1 and Judger 2’s decisions reflect the validity of these critiques.
- Answer: On a separate line, start with ‘Answer: ‘, stating your final chosen option (A, B, C,
or D) only, without any additional text.

### Question:
{question}
### Options:
{options}

### Person 1’s Response:
{gen1}
### Person 2’s Response:
{gen2}

### Reviewer 1’s Response:
{c1}
### Reviewer 2’s Response:
{c2}

### Judger 1’s Response:
{j1}
### Judger 2’s Response:
{j2}

Figure 14: AI generation template in C3 Stage with Judger Evaluations (Part 1)
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Prompt for C3 Generation (Part 2)

Example Input:
### Question:
Which element has the atomic number 6?
### Options:
A) Nitrogen B) Oxygen C) Carbon D) Helium

### Person 1’s Response:
Chosen Answer: C
Explanation: Carbon is the element with atomic number 6, well-known for being the basis of
organic chemistry.

### Person 2’s Response:
Chosen Answer: A
Explanation: Nitrogen is important for life on Earth, making up a large portion of the
atmosphere.

### Reviewer 1’s Response:
Chosen Answer: C
Explanation: Person 1 accurately states that Carbon has the atomic number 6. This
explanation is correct and directly addresses the question. Carbon is indeed a fundamental
element in organic chemistry.

### Reviewer 2’s Response:
Chosen Answer: C
Explanation: Person 1 has correctly identified Carbon as the element with atomic number 6.
Their explanation is scientifically accurate and directly answers the question.

### Judger 1’s Response:
Chosen Answer: C
Explanation: Based on Reviewer 1 and Reviewer 2’s critique, Person 1’s explanation is
indeed correct. Nitrogen (A) does not have atomic number 6, so Person 2’s response is
invalid. I agree with Person 1’s answer.

### Judger 2’s Response:
Chosen Answer: C
Explanation: After considering Reviewer 2’s feedback and Judger 1’s decision, it is clear
that Carbon (C) is the correct answer. Person 1’s explanation holds up against the reviewers’
critique. I agree with Person 1’s answer.

Example Output:
Explanation:
- Both Reviewer 1 and Reviewer 2 agree that Person 1’s explanation is scientifically accurate,
and Judger 1 and Judger 2 both reaffirm this conclusion. Based on this consensus, Person 1’s
explanation aligns with the correct answer.
Answer: C

Figure 15: AI generation template in C3 Stage with Judger Evaluations (Part2)
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