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Self-reflection enhances large language
models towards substantial academic

response
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Crafting response letters to reviewers’ comments is a time-consuming yet critical part of academic
peer review. The inexperience of researchers can hinder the publication of their work, exacerbating the
Matthew effect in science. To address this, we design a large language model (LLM)-assisted writing
framework. However, LLMs often output responses that are polished in structure and style but fail to
address the core of the comment. Inspired by metacognition, we propose a dual-loop reflection
method. First, the LLM critiques its own reasoning process against human reference responses
(extrospection). The reflections gained from this process build a reflection bank. This bank is then
retrieved during the reasoning process to facilitate introspection, allowing the LLM to overcome
previous errors. The reflection bank was constructed using 4000 papers and 79,000 comments from
Nature group journals. Validation on over 3700 comments from 200 papers demonstrates our

method’s effectiveness and superiority.

With the establishment of the first two academic journals, Journal des
s¢avans and Philosophical Transactions of the Royal Society of London, in
1665, the practice of public scrutiny and critique was introduced, although it
did not fully resemble the peer review system we know today '. Over time,
journals gradually adopted more rigorous review processes, eventually
formalizing the peer review system. As part of the peer review process,
reviewers provide valuable feedback on a manuscript’s strengths and
weaknesses, offering suggestions for improvement. In this context, the
response letter serves as a key communication tool in this context, allowing
authors to thoughtfully address the reviewer comments, communicate
revisions, and demonstrate their professionalism. By providing clear
explanations of how reviewer feedback has been incorporated, or why
certain suggestions were not followed, the response letter increases the
likelihood of acceptance and strengthens the academic value of the paper.

Although researchers recognize the importance of response letters,
crafting a satisfactory one is far from a simple task and faces several chal-
lenges. First, writing response letters is time-consuming. According to a
studyz, in 2020, a total of 21,800,126 reviewers provided feedback on aca-
demic papers globally. If it takes an average of 20 hours to respond to each
reviewer’s comments, researchers worldwide would need to spend
approximately 436 million hours, or about 50,000 years, drafting response
letters. Second, researchers in resource-constrained regions often lack access
to guidance on how to write effective response letters. This disparity can
contribute to an imbalance in the visibility and publication of research

between marginalized and elite institutions, thereby exacerbating the Mat-
thew effect in science’. This term describes how established scientists tend to
accrue greater reputation and resources, while lesser-known researchers
receive less recognition for comparable outcomes. In the context of our
study, this effect is relevant, as inexperience in crafting convincing response
letters may become a key obstacle, undermining the visibility of valid
research from marginalized communities. Third, despite the availability of
many open-source peer review documents, their utilization remains
insufficient. Several journals within the Nature group have adopted a
transparent peer review policy’, allowing authors to publish reviewers’
comments alongside accepted papers. By 2021, approximately 46% of
Nature authors had chosen to make these reviewer discussions public’.
Besides, the OpenReview platform (https://openreview.net/) has provided a
flexible system for open peer review and has become widely adopted by
computer science conferences. These resources not only enhance the
transparency of the review process but also provide valuable learning
opportunities through authors’ response letters. However, with the sheer
volume of papers being published across various fields, the vast number of
peer review documents can be overwhelming, and extracting meaningful
insights from them becomes a daunting task. Moreover, researchers often
seek specific strategies for addressing particular types of reviewer comments.
Given the abundance of response letters, finding relevant examples or
addressing similar issues can be akin to searching for a needle in a haystack,
with the effort involved often outweighing the potential benefits.
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Recently, large language models (LLMs) have gained significant
attention for their impressive capabilities in natural language under-
standing, generation, and reasoning™. They have become increasingly
influential and may eventually become a cornerstone in a wide range of
fields, including industry®, healthcare’, finance'’, education'', VQA'*"", and
beyond'*". In fact, LLMs have been gradually integrated into the writing
workflow of researchers and are having a quiet influence on the research
community”. For instance, the Nature Career Column article, titled “Three
ways ChatGPT helps me in my academic writing”, highlights the valuable
applications of LLMs in academic writing'®. Specifically, LLMs can assist in
academic writing by polishing drafts for clarity and coherence, elevating
peer review by organizing and articulating feedback, and optimizing edi-
torial feedback through precise, actionable, and empathetic communica-
tion. In addition, scholars have explored the use of LLMs for paper quality
assessment to address the issue of limited reviewer resources'’. Through
experiments, they have demonstrated that LLMs hold promise as assistants
for specific review tasks, such as error detection and checklist verification™.
Accordingly, LLMs offer new possibilities for response letter instruction and
writing. LLM-assisted writing of response letters will significantly shorten
the drafting cycle, thereby freeing up researchers” time for core tasks like
experimentation. Furthermore, the vast amount of publicly available
resources has the potential to be harnessed by LLMs, allowing the knowl-
edge and experience contained within these resources to reach even per-
ipheral researchers.

Despite the potential of LLMs to automate the writing of response
letters, there are still significant challenges in ensuring that LLMs produce
high-quality response letters. Writing a good response to a comment
involves complex planning and reasoning’', and many aspects need to be
accomplished, such as understanding the reviewer’s intent, deciding to
accept the comment or rebut it, providing validation, ensuring clarity, and
maintaining respect. In recent developments, the Chain-of-Thought (CoT)
prompting has been introduced as a significant advancement of LLMs™™*,
The central idea behind CoT is to guide LLMs to generate intermediate
reasoning steps that mimic human-like thought processes, which enables
LLMs to achieve impressive results in various tasks requiring logical rea-
soning. Although the CoT technique allows LLMs to break down and solve
problems in chains, LLMs may output responses that are polished in
structure and style but fail to address the core of the problem™?’, which we
denote the shallow reasoning problem, illustrated in Fig. 1a. Therefore, we
point out that the LLM-assisted response letter writing is not a trivial task,
but needs to guide the LLM to overcome the shallow reasoning problem, and
really solve the reviewer’s concerns as experienced human beings do. To
realize this, an intuitive idea is to leverage an open-source peer review corpus
to modify the LLMs using parameter-efficient fine-tuning (PEFT)
methods” >, which aims to teach the LLMs the patterns and strategies
humans typically use when crafting response letters. The flaws in this idea
are twofold. First, it is hard to guarantee whether the LLMs learn the human
routine or memorize it by rote, and also the LLM’s ability in other tasks may
be interfered with. Second, with the large and increasing amount of publicly
available peer review material, it is not economical to modify the parameters
of the LLMs.

In this paper, we propose a reflection bank-based LLM framework
(RBB-LLM) to realize Al-assisted response letter writing and overcome the
shallow reasoning problem. The core of our approach is a dual-loop reflec-
tion mechanism that involves both extrospection and introspection inspired
by the metacognition in cognitive psychology’. Different from the
existing reflection methods that focus solely on introspecting about the
output™*, we first make the LLM detach from itself to act as an observer and
critique its own reasoning process with human reference responses, i.e.,
extrospection. Reflections obtained from extrospection construct the
reflection bank. Unlike just using good examples™, it stores actionable
insights about common failure points of LLMs. When online reasoning,
these reflections obtained from extrospection facilitate the LLM to conduct
introspection and overcome the shallow reasoning problem. In this article,
the proposed reflection bank was constructed based on 4000 papers and

peer review documents (approximately 79,000 comments) from Nature
Communications, covering the fields of physical sciences, earth and envir-
onmental, biological sciences, health sciences, scientific community and
society. Validation results on more than 3700 comments of 200 papers
demonstrate the superiority of reflection and the effectiveness of LLM-
assisted response letter writing. Despite its promising performance, we must
emphasize that the framework is intended to support rather than replace
human authors, and researchers still bear full responsibility for the
responses.

Results

Here, we start by presenting peer review file collection results and sum-
marizing the statistics of them. We then demonstrate the effectiveness of the
proposed framework across various comment types and article domains,
supported by quantitative results and two illustrative examples. Finally, we
provide a detailed discussion on the impact of reflection bank size and the
use of different LLMs.

Peer review file statistics

Our peer-reviewed documents were collected from papers published from
January 1, 2024 to September 25, 2024 in Nature Communications, which
were sourced directly from the website (https://www.nature.com/ncomms/
). Articles without available peer-review documents or with non-selectable
text were excluded, resulting in a total of 4259 articles. Among these, 4059
articles were utilized to construct the reflection bank, while 200 were ran-
domly selected for framework validation. The 4059 articles were classified
according to the Nature Communications taxonomy, with 1540 articles
categorized as physical sciences, 204 as earth and environmental sciences,
1577 as biological sciences, 652 as health sciences, and 86 as scientific
community and society. The test set of 200 articles was proportionally
representative of these categories, ensuring consistency with the training set.
Reviewer comments were categorized into six groups based on the guide™:
grammar and language issues, methodological critique, novelty and ori-
ginality, theoretical and conceptual critique, interpretation and conclusions,
and citations and related work. Detailed statistics on the number of com-
ments in each category are illustrated in Fig. 2.

Evaluation on validation articles and comments

In this part, we first present the quantitative performance of the proposed
method compared to baseline methods across various article types and
comment categories. Next, we provide two specific examples of comments
and responses to analyze the characteristics of different methods. Further-
more, we evaluate the generated responses using different LLMs to showcase
the fairness and consistency of the evaluation criteria. Finally, we demon-
strate the generalizability of the proposed dual-loop reflection mechanism
by employing different LLMs as the base model.

The used LLMs include GLM-4-Flash, DeepSeek-v2.5, and Qwen-
Plus. As an efficient variant of the GLM-4 series developed by Zhipu Al this
model is widely recognized for its balance between inference speed and
performance”. DeepSeek-v2.5*° is a state-of-the-art open-source MoE
(Mixture-of-Experts) model developed by DeepSeek-Al, which achieves
top-tier performance across benchmarks. Qwen-Plus” is a proprietary
flagship model from Qwen series, excelling in multilingual understanding
(294 languages) and long-context processing. In summary, the selected
LLMs are popular and have differences in their capabilities, which can
validate the generalization of the proposed method to different models.

Quantitative performance across various article types and comment
categories. We compare the proposed RBB-LLM framework with four
LLM reasoning approaches, including direct prompting (DP), CoT>,
self-refine (SR), and answer-based reasoning (ABR). The first three
methods are general-purpose and popular prompting strategies, which
we adapt to the task of generating responses to reviewer comments. The
fourth method is a degraded variant of the proposed RBB, which is used
to demonstrate the impact of removing the reflection. The five methods
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a Can you help me see how to respond to reviewer 1‘'s comment.

Paper

Comment: The methodology section of your paper primarily relies on existing
comment techniques without introducing any significant innovations.

1. Enhanced Structure and Clarity

to enhance clarity and readability.
1.1 Detailed Subheadings......
1.2 Visual Aids......

2. Expanded Discussion Section

Thank you for your insightful feedback. We appreciate your comments and have addressed them as follows:

In response to your concern about the lack of innovation in our methodology, we have made several structural improvements

Polished in structure and style but fail to address the core

J

USER

\

Shallow reasoning problem:

LLM —> Answer ZM

Reflection Rj ---T

Lm To further address your concerns, we have expanded the discussion section to highlight the practical applications.
2.1 Practical Implications......
2.2 Future Research Directions......
3. Conclusion
We believe that these changes will make our methodology more transparent and accessible to readers. Thank you again for
our constructive criticism. /
b Existing reflection methods use introspection based only on self knowledge
~ | Introspection based only on
QueryQ —»  LLM —>|Answerd,— LLM —> Answer 4,, P v
self knowledge
€ The proposed method draws on dual thinking loops of both introspection and extrospection
Extrospection . . .
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! ! Thinking about the thinking |~ Query @ —>  LLM  —| Answer 4,,—
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Can you help me see how to respond
to reviewer 1's comment.
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_AA Paper #1: Title )

Paper @ Comment
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“Paper content”:
“Reviews”: {

“Reviewer #1”: [
{“Comment #1”: e
“Response #1”: e, IBI
“LLM Response #1”: mmm ,

“Reflection #1”: wmm},......]

“Reviewer #2”: [

Retrieve Reflection obtained by extrospection

,~ response was deficient in terms of xxx
“ -, etc. compared to the human response.

\
1
! comment xxx, where my previous f
|
|
|

Inference based on both intro- and extrospection

Extrospection

Fig. 1 | Overview of our motivations and contributions. a The figure depicts the
shallow reasoning problem of the LLM in response writing. When LLM is asked to
respond to the reviewer’s comment, it might output a polished response that seems
logical but does not actually answer the core concern. b illustrates the flow of existing
reflection methods, where they introspect only through self-knowledge and focus on
the output A, rather than the entire reasoning process. ¢ illustrates the proposed

idea of dual-loop reflection that includes extrospection and introspection. The LLM
is first instructed to detach from itself and critique its own reasoning process with

4 T question: ......

human reference responses, i.e., extrospection. When reasoning, the LLM rewrites
the initial response based on the reflection of the extrospection, i.e., introspection.
d Illustrates the flow of the proposed method. First, we utilize publicly available peer
review documents to instruct the LLM to generate responses and critique its own
reasoning process with human reference responses, i.e., extrospection. When online
reasoning, these reflections derived from extrospection will be retrieved, guiding the
LLM to introspect on past shortcomings when solving similar comments at hand.

Here is the response to the current ]

are validated on 3700 comments on 200 articles, covering 5 typical
domains and 6 comment types.

Figure 3 shows the performance comparison of methods for different
article types and comment types. Table 1 presents the performance com-
parison of methods by averaging the scores across different comment types
for the same article types, providing an overall view of how each method
performs on specific article categories without considering the variation in
comment types. On the other hand, Table 2 averages the scores across
different article types for the same comment types, highlighting the per-
formance of methods based on specific comment categories. This dual
perspective allows for a comprehensive understanding of the methods’
effectiveness across varying contexts. Based on Fig. 3, Table 1, and Table 2,
we can get the following observation.

First, the proposed method has the highest score with the lowest var-
iance on different article types and different comment types, which
demonstrates the adaptability, effectiveness, and stability of the proposed
method.

Second, the partial order relationship between the different methods
remains consistent across both article and comment types, with scores

decreasing in the order of Ours, SR, CoT, ABR, and DP. This indicates that
there is a performance gap between the different methods, and this gap is
stable across various article and comment types.

Third, the CoT proves important in the academic response generation
task. Compared to direct prompting, using the CoT strategy leads to score
improvements of more than 3 points across both article types and comment
types, as well as a reduction in variance compared to DP.

Fourth, prompting the LLM to self-refine the responses obtained from
CoT is effective for academic response writing tasks. Compared to CoT, the
quality of SR’s responses improved by more than 1.5 points on average,
accompanied by a further reduction in variance.

Fifth, the ABR method showed a counterintuitive performance
degradation compared to CoT. Both ABR and SR responses were based on
the initial CoT-generated responses. In contrast to SR, which does not rely
on additional information to self-refine, ABR was provided with historically
similar questions and human responses. This phenomenon suggests that for
the LLM, the direct input of the human’s reference response without
reflection, where the model could fail to recognize and correct the gap
between its own response and the human response, may even produce
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Fig. 2 | Distribution of article and comment types across the training and test sets.

Grammar and Language Methodological Novelty and Theoretical and Interpretation and Citations and
es Critique Originality Conceptual Critique Conclusions Related Work
@ 100 ° 100 ° 100 o 100 100 100
i 7 _
g”Bm% *‘—‘0 m+ *‘”Elm- +9° = B +9° m+ +9°E|m+ é
5 80 ' 80 E % 80 '.' 80 E T 80 E > 80 b
2 70 70 ° 70 70 70 70
£
& 60 o 60 . 60 . 60 60 60
g LI & & & LI N § & & & § & s LI
5
9
2 100 100 100 100 100 100
90 * % * 9% BH = + EY - - + + 90 ==
o . .
2o B EOEEE+ MEE AR IR CEET®
.
70 70 70 = 70 70 L] 70
60 60 ° 60 60 60 60
s & & ¢ & & & EIE A T § & & e § FH & 0§ EE A

o e
HH| %
il
H
Ml

—H-

o HiH
H
|

o HRH

—l—
HiH

100
° o
» E +
70

Biological sciences Earth and
@ o o
888
- »
o}—l—| %,

@ 0 o
883

70 70 L] 70 o 70 70
60 60 60 60 60 60 °
R s & s F EEEE T s & 8 & s & & ®
, 100 100 100 o 100 100 100
o L] L] - 4
E”mm?*é”gg!**” B = *9" E **9" Eﬁ +9° m? S|
3 L ° &
4 80 80 80 E s 80 E T 80 E 80
@ 70 ° 70 . 70 70 ° 70 70
H

= 60 60 ° 60 60 ° 60 ° 60
iz EE N T R R R R D R s & & &
3
e 100 100 100 100 100 100
z % 25] - *"‘“Qm- = & R - el B m =@
g =
Lol B @ = = ~f w| T » @ m ? | @
g °
5 70 70 70 70 70 70
£ 60 ° 60 60 60 60 60
s EE D T e EE T D e EE I EE I
A

Fig. 3 | Box plots of methods for different article and comment types. The five methods in each subgraph are GLM-DP, GLM-CoT, GLM-SR, GLM-ABR, and the proposed
method.

Table 1 | Performance comparison of methods on different article types

Methods Physical sciences  Earth and environmental Biological Health sciences Scientific community and Average A
sciences sciences society

GLM-DP 80.99 +8.87 82.94 +8.24 82.74 +7.97 81.73 + 8.26 81.43 £ 9.65 81.97 /

GLM-CoT  85.51+7.46 85.19 +7.87 86.36 + 7.61 85.44 +7.13 83.25+8.76 85.15 3.18

GLM-SR 87.07 +6.43 87.45 +5.87 87.81 £6.27 87.18 £6.19 85.71 £ 6.65 87.04 5.08

GLM-ABR  83.05+6.67 83.26 + 6.62 83.35+6.65 83.11+6.25 82.94 +7.44 83.14 1.18

Ours 92.03+4.03 91.95 +3.99 92.10 +4.08 92.03 +3.96 91.98 +3.97 92.02 10.05

Table 2 | Performance Comparison of Methods on Different Comment Types

Methods  Grammar and Methodological Novelty and Theoretical and Interpretation and Citations and Average A
language issues critique originality conceptual conclusions related Work
critique
GLM-DP 82.00 + 12.41 81.95 + 8.06 83.07 £ 7.60 81.78 £ 7.50 82.61 +8.03 81.83+9.07 82.21 /
GLM-CoT  86.27 + 6.68 85.92 +7.62 86.45 + 5.66 85.08 £ 8.42 85.48 + 10.98 85.43 £ 7.40 85.77 3.56
GLM-SR 88.35 £ 5.87 87.72 £6.24 86.92 + 6.07 86.90 + 5.98 87.33 £ 8.91 86.88 + 6.02 87.35 5.14
GLM-ABR 83.05 +8.76 83.15 £ 6.36 83.38 £ 6.74 83.23 £6.82 83.20 + 6.88 83.35£6.25 83.23 1.02
Ours 92.12 + 4.06 92.06 £4.10 92.14 £ 4.02 92.13 £4.18 91.35+4.10 92.13 £ 3.82 91.99 9.78
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Comment: The MIET/GIET method requires labeling, which would involve dedicated protocols for sample preparation. Does fluorophore density affect MIET/GIET
measurement sensitivity? If so, how can one optimize sample preparation?

Author response: It's important to clarify that MIET/GIET measurements are based on fluorescence lifetime rather than intensity, and therefore, fluorophore density does
not significantly affect MIET/GIET results (besides accuracy which is always signal-strength dependent). However, to suppress lateral-diffusion related contributions to the
correlation function, we have used in our studies rather large label concentrations. However, this is not absolutely necessary for applying MIET-GIET for measuring
membrane fluctuations, it only simplifies the final data analysis and improves signal to background ratio......

Direct prompt: The MIET/GIET method does indeed require labeling, and fluorophore density can affect measurement sensitivity. High fluorophore density can lead to
more intense fluorescence signals, which can improve the signal-to-noise ratio. However, excessively high densities may also lead to saturation effects and reduced spatial

resolution......

CoT: We appreciate your insightful question regarding the impact of fluorophore density on the sensitivity of the MIET/GIET method. Indeed, the density of fluorophores in the
sample can affect the sensitivity of MIET/GIET measurements...... To optimize sample preparation and ensure the highest sensitivity, we employ the following strategies:1.
High Fluorophore Labeling Concentrations: By using high labeling concentrations, we suppress the contribution of lateral diffusion to the correlation function......

Self Refine: Thank you for your thoughtful consideration of our work and for raising the important issue of fluorophore density in the context of MIET/GIET measurements.
We agree that fluorophore density is a critical factor that can influence the sensitivity and accuracy of our technique. To address this concern, we have implemented several

strategies to optimize sample preparation and ensure the highest sensitivity of our MIET/GIET-FCS measurements: 1. Fluorophore Concentration Optimization: We have

established protocols for high-fluorophore labeling concentrations ......

Answer-based reflection: Thank you for your thought-provoking comment regarding the influence of fluorophore density on the MIET/GIET method's sensitivity. Your
observation is well-founded, and we agree that the density of fluorophores can significantly impact the measurement's performance. To address this concern and optimize

sample preparation for the highest sensitivity, we have implemented the following strategies: 1. Fluorophore Concentration Optimization: We have utilized high fluorophore
concentrations to minimize lateral diffusion effects. This approach ensures that the observed intensity fluctuations in FCS measurements are primarily due to vertical

membrane fluctuations rather than lateral diffusion, thereby enhancing sensitivity ......

Retrieved reflections: ...... The reviewer raises a valid concern about the potential
influence of the fluorophore on the distribution of proteins within the dipeptide
coacervates ...... - Weaknesses Identified: - Inadequate explanation of the choice of
different fluorophores. - Lack of evidence to support the claim that the fluorophore is
not the primary factor affecting protein distribution. - Improvements for Future
Responses: - Ensure a thorough analysis of all potential factors influencing the results,
including experimental design choices. - Address the reviewer's concerns directly and

Reflection bank based: We appreciate your insightful comment regarding the
labeling requirements of the MIET/GIET method and its potential impact on sample
preparation. We understand the importance of optimizing the fluorophore density
for sensitive measurements and are glad to address these concerns. Indeed, the
MIET/GIET method's reliance on fluorescence lifetime rather than intensity
provides a robust alternative to intensity-based measurements. To optimize sample
preparation and ensure optimal measurement sensitivity, we have implemented the

provide evidence to support the claims made. - When acknowledging limitations, offer
specific steps to address them and suggest improvements for future studies.

Fig. 4 | Responses from different methods on Case 1. Red font indicates key
statements in the author’s response. Black underlining indicates expressions in the
response that relate to key statements. Italicized underlining indicates records in the

following strategies: 1. Fluorophore Concentration Optimization: We carefully
select the appropriate fluorophore concentration for labeling ......

reflection bank that are closely related to the comment. Red underlining indicates
expressions in the proposed method that coincide with the key statements.

interference with the current question due to more contextual information.
On the contrary, the proposed method not only provides historically similar
comments and human responses, but also additionally provides the LLM’s
generated responses as well as the LLM’s reflections on the generated
responses and human responses. In this way, the LLM successfully identifies
gaps from the reflection and migrates to the current question to generate
higher-quality responses that better address the reviewers” concerns. The
proposed method improves by 9 to 10 points compared to DP and by more
than 4 points compared to the second-best SR.

Case presentation and analysis of responses from humans and
different methods. In this part, responses generated by different
methods for two specific comments are analyzed in detail. These two
comments are from response letters of articles belonging to the biological
sciences and sociology, respectively. Unlike simple grammatical pro-
blems or minor issues, they are methodological or motivational concerns.
Interestingly, the comparison methods were sidetracked by the reviewers
or did not answer the points that the reviewers really cared about. The
proposed method, on the other hand, performed well, with a near-human
level of quality and specificity.

The article of the first case presents a novel methodology combining
metal/graphene-induced energy transfer (MIET/GIET) with fluorescence
correlation spectroscopy (FCS) to measure out-of-plane fluctuations of
biological membranes*’. This method offers a powerful tool for studying the
dynamic behavior of diverse biological membranes. Due to the incorpora-
tion of the fluorophore, the reviewers raised concerns about the effect of
fluorophore density on the sensitivity of the measurements. As shown in Fig.
4, the reviewer commented, “The MIET/GIET method requires labeling,
which would involve dedicated protocols for sample preparation. Does
fluorophore density affect MIET/GIET measurement sensitivity? If so, how
can one optimize sample preparation?” The key points in the authors’
response are highlighted in red: MIET/GIET measurements rely on fluor-
escence lifetime rather than intensity, and high label concentrations are used
to enhance the signal-to-background ratio, but this is not absolutely

necessary. It can be seen that the reviewer misunderstood that the method
relied on fluorophore density, and the authors first clarified that the method
relies on fluorescence lifetime. By looking at the responses of DP, CoT, SR,
and ABR, we can see that the responses of these methods are biased by the
reviewers, affirming that fluorophore density can affect measurement sen-
sitivity. Although this is correct, the reviewer’s misunderstanding of the
MIET/GIET has not been clarified. The follow-up responses of CoT, SR, and
ABR talk about the setting of fluorophore density preparation in this article,
which is a reply to the reviewer’s question about how to “optimize sample
preparation”. The DP method, on the other hand, goes further and further
away, and the topic shifts to saturation effects, which is not mentioned by the
reviewer. For the proposed method, we first present the retrieved texts from
the reflection bank based on the reviewer’s comment, which is a quadruple
consisting of the comment, human response, LLM response, and reflection.
The article corresponding to the retrieved texts is also related to fluor-
ophores, which are utilized as a tool for detection and tracking to study the
functionality and reactions of dipeptide coacervates within cells. The
comment is about the potential influence of the fluorophore on the dis-
tribution of proteins within the dipeptide coacervates. Due to space con-
straints, only some of the key content is shown in Fig. 4, mainly the reflection
part. In reflection, the LLM summarizes its weaknesses and future
enhancements by comparing the generated response with the author’s
response. Among them, ensuring “a thorough analysis of all potential factors
influencing the results” and addressing “the reviewer’s concerns directly” are
also applicable to the current response writing. Prompted by the retrieved
reflection, the generated response of our method begins by clarifying that
“the MIET/GIET method relies on fluorescence lifetime rather than
intensity”, which helps to dispel the reviewer’s misunderstanding. And it
mentions the appropriate choice of fluorophore concentration in order to
optimize sample preparation, which answers the reviewer’s second
question.

The article of the second case explores whether small-scale social
interactions can affect large-scale economic inequalities in under-resourced
contexts, using population-level data from one of the poorest settings in
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Table 3 | Taxonomy and frequency of failure modes in baseline methods and our method

Method Ignoring the core concern Misinterpreting reviewer intent Hallucination Inappropriate tone Verbose and unfocused filler
ChatGLM-DP 45.15% 25.62% 22.48% 6.51% 10.23%

ChatGLM-CoT 28.45% 22.08% 18.13% 6.03% 15.31%

ChatGLM-SR 22.79% 21.25% 15.41% 5.97% 17.55%

ChatGLM-ABR 30.58% 24.12% 21.45% 6.43% 12.35%

Ours 16.75% 15.20% 12.55% 5.89% 8.29%

Values represent the percentage of responses where the specified error occurs. Bold numbers indicate the best performance among all methods.

South Africa*’. The authors leverage a context-specific measure of over-
lapping household memberships derived from census data to map inter-
household relationships. The reviewer is questioning the logical consistency
of the paper’s motivation. Specifically, the paper mentions in the intro-
duction that “Survey-based studies, which are the most commonly
employed approach for such investigations, are often prone to inaccurate
self-report responses and can be costly at scale.” However, the reviewer
points out that the authors themselves rely on data filled in by household
members, which is not administratively generated but self-reported. The key
points in the authors’ response are highlighted in red: First, inter-household
relationships derived from census data can reduce self-reporting bias to a
certain extent. Second, survey-based approaches often encounter challenges
in remote populations due to high costs and inadequate infrastructure.
Third, authors have revised the entire paragraph for clear elaboration. By
looking at the responses of DP, CoT, SR, and ABR, none of them could fully
cover these three points. In particular, DP and SR erroneously believe the
article’s methodology is founded on administratively generated data, not
self-reported data. While CoT and ABR mention that the methodology is
designed with a unique census indicator to reduce self-reported bias, they do
not mention the latter two key points. For the proposed method, we also
present the retrieved quadruple from the reflection bank. The article cor-
responding to the retrieved texts assesses the relationship between prenatal
socioeconomic disadvantage and changes in cortical network segregation.
The comment questions the inclusion of maternal nutrition and insurance
status and suggests that the term “socioeconomic status” may not fully
capture the broader construct of social disadvantage. In reflection, LLM
recognizes the need for a more comprehensive understanding of the theo-
retical framework, addressing the reviewer’s concerns directly and theore-
tically, and offering examples of how to revise the manuscript. The reflection
is derived from a specific comment, but is generic and can contribute to the
comment at hand. Prompted by the retrieved reflection, the generated
response points out, on the one hand, that social interaction mining based
on census data can be more reliable than self-reporting and, on the other
hand, that the original expression emphasizing survey-based approaches
faces challenges when carried out at scale in remote and under-resourced
settings. In addition, our response points to the need for modification of the
Introduction to enhance the justification.

Failure mode analysis of baseline methods and our method. To
provide a deeper understanding of the limitations of existing methods
and to better show the advantages of our RBB-LLM framework, we
conducted an error analysis on the responses generated by the baseline
methods (DP, CoT, SR, and ABR) and our method. We define five pri-
mary failure modes based on our analysis of the 3700 comments in the
validation set: We define five primary failure modes based on our analysis
of the 3700 comments in the validation set: ignoring the core concern,
where the generated response appears polished and relevant on the
surface but fails to address the central point or critical question raised by
the reviewer; misinterpreting reviewer intent, where the LLM mis-
understands the intent of the reviewer’s comment, such as mistaking a
suggestion for a criticism; hallucination, where the response includes
incorrect information and justifications that are not supported by the
manuscript; inappropriate tone, where the response adopts a tone that is

overly defensive, too informal, or otherwise unprofessional for academic
correspondence, potentially harming the author-reviewer dialogue; and
verbose and unfocused filler, where the response is unnecessarily long
and contains redundant or irrelevant information that dilutes the core
message and fails to be direct and concise.

We use DeepSeek-R1 to annotate the failure modes for each response
generated by different methods. Table 3 summarizes the distribution of
these errors, offering a quantitative view of each method’s weaknesses. It is
worth noting that a response may have multiple error modes.

As shown in Table 3, DP often ignores the reviewer’s core concern,
confirming its tendency for shallow reasoning. While CoT and SR improve
on this, they still struggle significantly with misinterpreting the reviewer’s
intent and verbose filler. Interestingly, the ABR method, which sees human
answers without reflection, sometimes leads to an increase in hallucination
as the model struggles to integrate new information without proper context.
Our RBB-LLM framework mitigates these failures. The retrieved reflections
from extrospection explicitly warn the LLM against its own past tendencies
to produce shallow responses, thus directly combating “Ignoring the core
concern”. By providing a complete quadruple-including the comment,
human response, past LLM attempt, and reflection-our method gives the
LLM crucial context, which reduces cases of misinterpreting reviewer intent
and avoids other failure modes. This structured learning from past mistakes
is key to the performance gains illustrated in our case studies (Figs. 4 and 5)
and quantitative results.

Consistency of assessment results across different LLM-based
evaluators. In the previous part, the evaluation results of the responses
were derived from GLM-4-Flash®. Notably, both the construction of the
reflection bank and the generation of responses were also conducted
using GLM-4-Flash. Although the LLM used for evaluation was reset to
clear memory prior to each assessment, there remains uncertainty about
whether the same model may exhibit biases toward content it has gen-
erated. To address this concern, we employed additional LLMs, including
DeepSeek-v2.5* and Qwen-plus™, as evaluators to assess the consistency
of the assessment results.

Figure 6 shows the average rankings of five methods for response
writing under different evaluators. For each evaluation method, we first
determine the rankings based on the scores of different responses under a
specific comment and then compute the average ranking across all com-
ments to obtain the overall performance of each method. A smaller ranking
indicates higher response quality for the corresponding method. Taking
GLM-4-Flash as an example, the average rankings of the five methods, from
smallest to largest, are RBB, SR, CoT, ABR, and DP. This result aligns with
the findings presented in Tables 1 and 2. A comparison of the three
evaluators-GLM-4-Flash, DeepSeek-v2.5, and Qwen-Plus-shows that,
although the average rankings of the methods exhibit slight variations, the
relative ordering of the five methods remains consistent. This consistency
highlights the robust superiority of the proposed methods across different
evaluators.

Generalization of the dual-loop reflection mechanism across
different LLMs. In this part, the generalization of the reflection bank
across different LLM bases will be discussed. The results in Tables 1 and 2
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The introduction to the paper adequately summarises the requisite literature for interdisciplinary research in this field, but when it comes to justifying its own motivation, the
paper runs into inconsistent statements. The introduction says that "Survey-based studies, which are the most commonly employed approach for such investigations, are
often prone to inaccurate self-report responses and can be costly at scale.” | don’t really understand this type of motivational reasoning as the authors also rely on data filled
in by the household members themselves. Who they think is a household member or head is not administratively generated data but self-reported. When | read this section
in the introduction, | expected they had found a source that could identify household members without reporting bias.

Author response: ...... In our case, we have leveraged a context- specific measure of overlapping household memberships derived from census data to map inter-
household relationships. Nevertheless, we agree that this justification needs to be better motivated and more clearly elaborated. We have revised the entire paragraph as
follows: “First, limited studies have been conducted in rural and low-income populations. Previous anthropological research has highlighted the importance of social
networks as critical support systems in poorer environments. Yet, empirical investigation exploring the influence of social networks on inequalities in these settings pose
significant scalability challenges. Survey-based approaches, while common, often encounter limitations in remote populations, hampered by high costs and inadequate
infrastructure for extensive research activities. As a result, existing research tend to focus on specific population sub-groups, lacking data on network interactions
observed at the population level......

Direct prompt: We appreciate the reviewer's comment regarding the introduction and the perceived inconsistency in motivational reasoning. We agree that the explanation
regarding survey-based studies may be unclear in this context. To clarify, our use of the Africa Health Research Institute's Demographic Surveillance Area (AHRI DSA) data,
which includes household memberships identified through household nominations rather than self-reported data, addresses the limitations of traditional survey methods. This

methodological choice minimizes the potential for inaccurate self-report responses associated with survey-based studies......

CoT: We appreciate your careful reading and insightful comment. We acknowledge that the introduction may have caused some confusion regarding our data collection
methods. In the introduction, we mentioned the limitations of survey-based studies, which indeed can be prone to inaccurate self-report responses and are often costly at
scale. This statement was intended to highlight the general challenges associated with traditional data collection methods that rely on self-reported information. However, in
our study, we did not rely solely on self-reported data for identifying household members. We utilized a unique census indicator — household memberships — which is

administratively generated and based on the affiliations of individuals to 'social groups' rather than their actual residency. This approach helps to minimize reporting bias as it

is not dependent on individual recollection......

Self Refine: Thank you for your thoughtful comments on the introduction of our manuscript. We appreciate your observation regarding the potential inconsistency between
the discussion of survey-based studies and our own data collection practices. We recognize that our initial explanation could have been more precise. To address this, we
will make the following revisions:1. Clarify the Role of Self-Reported Data: We will explicitly state that while our data includes self-reported information on socio-economic

surveys, the identification of household members is not based on self-reporting but rather on administratively generated household memberships. This indicator is derived
from census records, which reduces the potential for reporting bias associated with traditional survey methods. 2. Enhance the Justification: We will provide a more
detailed justification for choosing our data collection method. We will explain that the use of household memberships from the census allows for a more accurate and
standardized identification of household composition, which is crucial for understanding the dynamics of inter-household social networks......

Answer-based reflection: Thank you for your insightful feedback. We appreciate your point regarding the inconsistency in the motivation presented in the introduction. We
agree that the reliance on self-reported data by household members might appear to conflict with the concern about inaccurate self-report responses. To clarify and address
this concern, we would like to reiterate that our study employs a unique approach to constructing the social network, which mitigates the potential for reporting bias.

Specifically, we utilize the census indicator of household memberships, which is based on individuals' affiliation to a 'social group' rather than their actual residency. This
method acknowledges the role of absent members in the household economy and allows us to identify inter-household ties without relying on self-reported information from

household heads or members......

Retrieved reflections: ...... The re 's comment focuses on the clarity and
operationalization of the socioeconomic status (SES) construct in the study. The
reviewer questions the inclusion of maternal nutrition and insurance status and
suggests that the term "SES" may not fully capture the broader construct of social
disadvantage...... The human response provides specific examples of how the
manuscript will be revised, such as changing the terminology from "SES" to
"disadvantage" and including a contextualizing sentence in the introduction...... |
should: - More thoroughly understand the theoretical framework and context of the
study's constructs. - Provide a more detailed and nuanced response that
addresses the reviewer's concerns directly and theoretically. - Offer specific
examples of how the manuscript will be revised to enhance clarity and address
the concerns raised.

Fig. 5 | Responses from different methods on Case 2. Red font indicates key
statements in the author’s response. Black underlining indicates expressions in the
response that relate to key statements. Italicized underlining indicates records in the

Reflection bank based: Thank you for your insightful comment regarding the
introduction of our paper. We appreciate your observation on the inconsistency in
our motivational reasoning regarding the use of self-reported data. We acknowledge
that our initial statement about the limitations of survey-based studies may have
been misleading ...... To address your concern, we will revise the text to better
explain the unique aspects of our data collection process. We will highlight that the
use of census data and household nominations provides a standardized and reliable
identification of household composition, which is crucial for our analysis of social
networks and economic inequality. Furthermore, we will enhance the justification in
the introduction by discussing the scalability challenges associated with traditional
survey-based approaches in remote and under-resourced settings......

reflection bank that are closely related to the comment. Red underlining indicates
expressions in the proposed method that coincide with the key statements.

Fig. 6 | The average rankings of five methods for 6
response writing under different evaluators. Error
bars in the figure represent one standard deviation
(SD) to indicate the variability of the data within 54
each group.
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Fig. 7 | The evaluation scores of different approaches across various LLM bases.
For the proposed RBB method, the reflection bank is constructed by GLM-4-Flash,
and the reasoning based on the reflection bank is implemented by three LLM bases.
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Error bars in the figure represent one standard deviation (SD) to indicate the
variability of the data within each group.

were obtained using GLM-4-Flash as a base, i.e., the reflection bank is
constructed by GLM-4-Flash, as well as the reasoning based on the
reflection bank is implemented by GLM-4-Flash. However, the con-
struction of the reflection bank and the reasoning process can, in fact, be
decoupled. The construction of the reflection bank is a computationally
intensive process that can be efficiently handled by inexpensive and
simpler LLMs. In contrast, reflection bank-based reasoning places higher
demands on the performance of the LLM, as stronger reasoning cap-
abilities yield higher-quality responses. To evaluate the generalization
capability of the reflection bank constructed using GLM-4-Flash, this
section explores its application to different model bases during the
inference phase. Since the consistency of the assessment results of the
different evaluators has been shown in the previous part, only the GLM-
4-Flash is used here as the evaluator.

Figure 7 illustrates the evaluation scores of different approaches across
various LLM bases, with the proposed RBBs utilizing the reflection bank
constructed by GLM-4-Flash. From the figure, several key observations can
be made. First, there is a noticeable gap in response-writing capabilities
among the LLMs. For instance, the CoT performance of DeepSeek-v2.5 and
the DP performance of Qwen-Plus are comparable to the SR performance of
GLM-4-Flash. Second, both CoT and SR demonstrate positive effects across
different LLM bases; however, their improvements exhibit a saturation
effect. For example, the performance gain from CoT to SR is marginal, as
neither approach introduces additional information. The improvements
achieved solely through their inherent capabilities reach an upper limit.
Third, although ABR incorporates historical human responses for reference,
its performance is inferior to both CoT and SR. This is attributed to the
inability of human responses to alert the LLMs to potential issues in its
output and, in some cases, the interference caused by human responses. This
underscores that the introduction of additional information does not
necessarily yield positive effects. Fourth, the RBB demonstrates consistent
and significant improvements across all LLM bases. This highlights, on the
one hand, the generalizability of the reflection bank across different LLM
bases and, on the other hand, the ability of reflection bank-based reasoning
to enable the LLM to effectively leverage insights from additional infor-
mation, thereby further enhancing the quality of responses.

Table 4 | GSB evaluation results comparing model outputs to
author responses (N = 200)

Method Good Same Bad

ChatGLM-DP 2.5% 15.5% 82.0%
ChatGLM-CoT 4.0% 35.0% 61.0%
ChatGLM-SR 6.5% 42.5% 51.0%
ChatGLM-ABR 3.0% 31.0% 66.0%
Ours 9.0% 55.5% 35.5%

Evaluation of post-editing effort with GSB score

Evaluating the post-editing or refinement efforts of LLM-generated outputs,
such as measuring time saved, error reduction, or user satisfaction, is an
important aspect of assessing practical utility. However, conducting such a
study is challenging in terms of standardization and objectivity. To provide a
quantitative proxy for the post-editing effort, we conducted the widely used
GSB (Good, Same, Bad) evaluation®.

This evaluation compares the outputs of each method against the
ground-truth author responses, where a higher proportion of “Same” or
“Good” ratings indicates a lower need for manual correction. Specifically, we
sample 200 comments from our test set and use DeepSeek-R1 to classify the
generated response from each method relative to the human response. A
response is labeled “Same” if it captured the core logic and addressed the
reviewer’s concern with a quality comparable to the author version. As
presented in Table 4, our proposed RBB-LLM framework demonstrates a
clear advantage. The results show that our method produces responses of
“Same” quality as humans in 55.5% of the cases. This means that more than
half of the responses are already close to human results, an improvement of
13% over the second-best algorithm. It implies a greatly reduced workload
for researchers during the post-editing phase.

Discussion
In this article, we design an LLM-assisted response letter writing framework
to improve the efficiency of response letter writing for researchers and
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alleviate the lack of response experience for scholars in marginalized areas.
We point out that LLM-assisted response letter writing is not a trivial task,
but faces the shallow reasoning problem, which means that the LLM
sometimes outputs responses that are polished in structure and style but fail
to address the core of the comment. Inspired by the metacognition in
cognitive psychology, we design a dual-loop reflection mechanism that
involves both extrospection and introspection. Different from the existing
reflection methods that focus solely on introspecting about the output, the
LLM is instructed to detach from itself and critique its own reasoning
process with human reference responses, ie., extrospection. When rea-
soning, the LLM rewrites the initial response based on the reflection of the
extrospection, i.e., introspection. The proposed reflection bank based on
dual-loop reflections was constructed based on 4000 papers and peer review
documents (approximately 79,000 comments) from Nature Communica-
tions, covering the fields of physical sciences, earth and environmental,
biological sciences, health sciences, scientific community and society. The
proposed dual-loop reflection method successfully mitigates the shallow
reasoning problem and improves the quality of response writing. Validation
results on more than 3700 comments of 200 papers demonstrate the
effectiveness and superiority of the proposed method on different article
types and comment types. The average performance of the proposed
method across all article types exceeds the direct prompting by 10.05 points
and outperforms the second-highest performing self-refine by 4.97 points.
Additional experiments are implemented to demonstrate the stability of the
proposed method’s performance on different evaluators and the general-
ization of the dual-loop reflection mechanism across LLM bases.

Although the proposed framework shows potential in improving the
drafting process for response letters, we emphasize that our framework is
designed to assist, not replace human authors. First, this framework is
designed as a time-saving tool that frees researchers to devote more time to
the core scientific thinking and experimentation that truly advance
knowledge. Second, it serves as an educational “teacher” and “guider” by
providing structural suggestions, which is particularly beneficial for non-
native English-speaking researchers and early-career or resource-
constrained researchers. Finally, this framework must be utilized as a
human-in-the-loop system, the final responsibility for content, tone, and
scientific reasoning always remains with the human author. We advocate for
the responsible use of this framework as a tool that improves, rather than
undermines, the integrity of the peer review process.

Although our work utilizes open-sourced peer review files to build the
reflection bank and reflection bank-based reasoning methods, and
demonstrates their generalizability across different review types, article
types, and large model bases, we encounter certain limitations.

First, in the construction of the reflection bank, we only applied the first
round of review information, i.e., the first round of review comments fol-
lowed by the authors’ responses. In fact, some papers have multiple rounds
of review, and the reviewers’ satisfaction with the authors’ responses in the
first round is actually implied in the questions in the second round, which is
a part of the information we did not utilize. In future work, we would extend
our framework to model these dialogue-based reviewer-author chains. This
would involve structuring the data as conversational threads (e.g., Comment
1->Response 1 -> Follow-up Comment 2 -> Final Response 2). By doing so,
the reflection process can evolve to become dialogue-aware, enabling the
LLM to learn more complex strategies. Besides, it is promising to extend our
collection to include peer-reviewed documents from different academic
venues. For example, incorporating materials from computer science con-
ference proceedings on OpenReview (e.g., ICLR, NeurIPS) would expose
our model to different review styles and formats. Moreover, expanding the
dataset to include cross-lingual peer reviews from other major publishers
represents a significant next step.

Second, searching for relevant quadruples from the reflection bank
uses only reviewers’ comments and the standard RAG technique, which can
make the retrieved texts potentially not optimal. One direction that could be
improved is to introduce LLM to rewrite or split the reviewer questions for
parallel retrieval®”, which would improve the relevance of the retrieved

information. Meanwhile, the proposed reasoning process based on the
retrieved texts is based on the classical CoT. In fact, CoT has many variants
and upgraded versions, such as self-consistency CoT*, Tree of Thoughts
(ToT)", and Meta-CoT". Incorporating these more advanced CoT tech-
niques or LLMs with reasoning capability, e.g., DeepSeek-R1?, can further
improve the quality of response writing.

Third, one promising direction for future work is using different LLMs
for the extrospection process. In the current framework, both the initial
response and the reflection are generated by the same model. This approach
carries a potential risk of confirmation bias or homogenization, as the LLM
might have its own inherent biases or tendencies in reasoning *. To mitigate
this, a future enhancement could use a heterogeneous setup where a separate
“critic” LLM generates the reflection. It could produce more objective
feedback, further strengthening the framework’s ability to overcome shallow
reasoning.

Last, the potential of the dual-loop reflection mechanism extends
beyond academic writing. The “shallow reasoning problem” is critical in
any domain where LLMs must deliver precise and subtle insights to
humans. Our framework can be directly extended to such scenarios,
such as grant rebuttals, peer review, and code review. Adapting the
framework to these scenarios requires constructing a customized
reflection bank. Building the quadruples can follow a unified structure:
(1) the problem or item to be reviewed (e.g., a critical comment or code
snippet), (2) the expert human example (e.g., a successful rebuttal or a
senior engineer’s review), (3) the LLM’s initial response, and (4) the
reflection that identifies the strategic or conceptual gap between the
LLM’s output and the expert’s. In this way, the reflection bank guides
the LLM to overcome its specific weaknesses in each context and gen-
erate outputs that approach an expert level.

Methods

In this part, we provide details on our methodology. We begin by providing
an overview of the proposed framework. Next, we describe the collection of
peer review documents and the content filtering process. Following this, we
detail the construction of the reflection bank. Subsequently, we outline the
implementation process of the LLM using the reflection bank for response
writing. Finally, we present the comparison and evaluation methods to
evaluate the quality of generated responses.

Overview of the RBB-LLM framework

As shown in Fig. 8, the proposed framework consists of three components,
including peer-review corpus collection and filtering, reflection bank con-
struction, and LLM reasoning based on the reflection bank. In the first
component, publicly available peer review documents are collected and
filtered to produce structured data, comprising articles, comments, and
human responses. In the second component, based on this structured data,
the LLM performs reasoning using CoT and generates reflections informed
by human responses, ultimately producing quadruples for constructing the
reflection bank. The third component utilizes the reflection bank to retrieve
similar comments, enabling the LLM to enhance the accuracy and depth of
the current comment by leveraging retrieved quadruples. In summary, the
first component provides the foundational corpus for the second, and the
third performs the reasoning based on the reflection bank obtained in the
second. Detailed descriptions of these components follow in subsequent
sections.

Peer review corpus collection and filtering

We source peer-reviewed documents from papers published from January
1, 2024 to September 25, 2024 in Nature Communications website (https://
www.nature.com/ncomms/). If the authors have agreed to make the peer
review documents publicly available, these files are hosted in the Supple-
mentary Information section, from which we download them using a
Python script. The downloaded articles and peer review files are in pdf
format, and we use pypdf2 (https://pypdf2.readthedocs.io/en/3.x/) to con-
vert them to text form.
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The peer review documents are unstructured, making it challen-
ging for the program to locate a specific comment from a particular
reviewer or match it with the corresponding response. This lack of
structure hinders the program’s ability to efficiently read, modify, and

format organizes reviewer comments and human responses, grouped by
reviewers, facilitating easy retrieval and processing. In this work, images in
comments or replies are not taken into consideration. In the future, mul-
timodal LLM or VQA technology “* can be used to utilize this modality.

Algorithm 1. Comment-Response Matching Algorithm
1: function MatchCommentsQ, L

2:  Tokenize questions (Q) & responses (L) into sentences: {q1, . . . » Gub> {715 . -+ > T}

3:  Initialize:

4 current_group <— @, result < {, last_pos < — 1

5:  for each question sentence q; € Q do

6: Find response sentence r; with maximum similarity sim(qg;, ;) > 7

7 if j = last_pos + 1 then > Continuous match: current matches next position

8 current_group < current_group U {q;} > Extend current comment group

9 else > Non-consecutive match: boundary detection
10: if current_group={ then

11: Extract response: Ufk_:ll ast_pos+1 Tk > Response between last match & current
12: Add (current_group, response) to result

13: end if

14: current_group < {q;} > Start new comment group
15: end if

16: last_pos < j > Update anchor position
17:  end for

18: return result
19: end function

> Structured {comment group, response} pairs

augment the peer review file. To obtain structured peer review files, we
design a matching-based filtering algorithm that separates each indi-
vidual comment and its corresponding reply. This algorithm efficiently
converts each article’s peer review file into a JSON format, enabling the
program to extract key information, including the article’s title, links,
the number of reviewers, each reviewer’s comments, and the corre-
sponding author responses. This file structure also serves as the basis for
the construction of the reflection bank.

The challenge with this process is that the style of peer review docu-
ments is diverse, making it difficult to extract text using uniform rules.
Specifically, some authors label the questions as “Comment #n” or “Ques-
tion #n”, where n represents the question number. Some authors rely on
different text colors to distinguish between comments and responses.
However, this color information is lost when the program processes the file
as text, making the questions and responses indistinguishable.

To address this problem, we subtly utilize the pattern of content in the
peer review document, where the comment letter and the response letter
appear sequentially. Our algorithm relies on a matching strategy, leveraging
the following two key observations: The content from the comment letter
also appears in the response letter, as authors usually restate the reviewers’
questions. The unmatched content within the matched content of the
response letter corresponds to the authors’ responses.

First, we design regular expressions for matching reviewers, and chunk
the comment letter and response letter based on reviewer identity.

Second, each sentence from the reviewer’s comments is compared
against the sentences in the response letter. If consecutive sentences from the
reviewer’s comments match consecutive sentences in the response letter,
they are grouped into a single “comment section”.

Third, when the match is discontinuous (e.g., a gap between matched
positions), the current comment section is closed, and a new section starts.
The content following the last matched position of the current comment
section and preceding the next matched position is identified as the author’s
response to the current comment.

In this way, the unstructured text of a peer review file is transformed
into a structured JSON file, as illustrated in Algorithm 1 and Fig. 8b. This

Reflection bank construction based on extrospection
In this part, the construction process of the reflection bank is presented.
First, based on the structured JSON files, we iterate through the
reviewer questions for the papers sequentially, instructing the LLM to
generate initial responses through chain reasoning. Chain reasoning is
realized through the basic CoT technique. The LLM is instructed to thor-
oughly understand the paper and the reviewer’s comment by identifying key
questions, concerns, or suggestions. Then, it is directed to perform an
internal reasoning process, where it breaks down the response logically:
identifying the main issue raised, reflecting on how the concern relates to the
author’s work, deciding whether the author agrees or disagrees with the
reviewer, justifying the stance, and proposing actions to address the concern.
After this reasoning, the LLM is instructed to generate a clear, concise, and
professional response. Specifically, for a reviewer’s question Q and a chain-
of-thought (CoT) prompt P, the LLM M generates the initial response
Ay through conditional sampling:

Ay ~ M(Q| Peyr) 4y

Second, we provide human responses to the LLM, prompting it to
reflect on its initial responses. This process is akin to extrospection in
cognitive psychology, where LLM is instructed to detach from itself and
critique its own reasoning process with a human reference response. The
LLM is asked to compare its previous response with a human-written
response, analyze differences in tone, logic, and structure, and identify areas
for improvement. The reflection process includes understanding the
reviewer’s comment, evaluating how well the LLM’s response addresses the
comment compared to the human response, and identifying weaknesses
such as unclear logic, insufficient detail, or tone issues. The LLM is then
tasked with documenting these reflections for future reference, ensuring it
can learn from the mistakes and refine its reasoning for future tasks. Spe-
cifically, given the initial LLM response A, a human-written response Ay,
and a extrospection prompt Pryo, the LLM generates a reflection R by
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Fig. 8 | Overview of the proposed framework with the dual-loop reflection
mechanism. The framework consists of three key steps. The (a) and (b) demonstrate
peer-review corpus collection and preparation. The (c—e) are about the LLM

extrospection and reflection bank construction. The (f) shows the introspection and
reasoning process based on the reflection bank.

comparing Ay and Ay

RNM(Q>AM,AH|PEX) ()

Once all the reviews in a JSON file (corresponding to a paper) have
been processed, the two key-value pairs under each comment are updated to
quadruples: the reviewer’s comment Q, the human response A, the LLM’s
response A, and the LLM’s reflection R on its own response. To build the
reflection bank, we transform the JSON files of all the articles into embed-
ding vectors, which can efficiently capture semantic meaning in a compact,
high-dimensional space, enabling faster and more accurate retrieval. In this
work, all-MiniLM-L6-v2(BERT)" is adopted as the embedding model to
obtain a 384-dimensional dense vector, and Chroma is used as the vector
database to store embedding vectors generated from all-MiniLM-L6-v2.
Converting sentences into embedding vectors requires chunking the text to
ensure that the length of the input sentences does not exceed the embedding
model’s limitations. We set the chunk size to 200, a widely used and efficient
choice. To avoid mixing different comments, we define the smallest unit of
chunking to be a quadruple, meaning that no chunk will contain more than
one quadruple. Since we require the complete quadruple for retrieval, rather
than just the most similar chunk, we use the ParentDocumentRetriever
module (https://python.]langchain.com/docs/how_to/parent_document_
retriever/). This approach first fetches the smaller chunks for precision
matching, then looks up the parent IDs for those chunks, and returns the
complete quadruple for comprehensive recall. This module resolves the
conflict between precision matching and comprehensive recall caused by
the chunk size.

Introspection and reasoning based on the reflection bank
In this part, LLM-assisted response writing based on the reflection bank is
described.

First, the introspection and reasoning process begins by retrieving
relevant quadruples from the reflection bank. After the reflection bank is
constructed, it stores numerous embedding vectors, with each vector cor-
responding to a chunk of text. The parent document ID for each chunk is
recorded to locate the original quadruple to which the chunk belongs. When
the target article and reviewer’s comment are given, the reviewer’s comment
is first retrieved as a query in the reflection bank according to similarity™.
The parent document corresponding to the most matching chunk, i.e., the
quadruple whose slice yields the current chunk, is recalled. The target

comment, the paper of the target comment, and the recalled quadruple are
fed together into the LLM to complete the response writing task.

Second, we design prompts to guide the LLM in leveraging past
reflections and current materials. The key steps involve employing CoT to
obtain the initial response and leveraging historical reflections to intro-
spection and give an improved response. For the former step, the initial
response is obtained similarly to Formula (1). For the latter step, LLM is
instructed to focus on the areas where Al responses historically diverged
from human responses. This could be in tone (e.g., Al being too direct or
formal), depth of explanation (e.g., missing key contextual details), or
misunderstanding of the critique. By introspecting these differences, the
LLM is prompted to produce an improved reply to the current comment
that aligns more closely with the expected human-like reasoning and
communication style, effectively addressing the reviewer’s concerns. This
process can be formulated as:

Ay ~ M(Q| Peyr) 3)

A}VI NM(Q7%7AM|PIn)
where Py, denotes the introspection prompt, and # = {Q’, A}, A}, R’}
denotes the retrieved quadruple, including past reviewer questions @,
human responses A; to Q', LLM’s initial responses A}, to Q', and Reflection
records R'.

Once the output of the LLM is obtained, humans can refine it by
making adjustments or drawing inspiration from the model’s output, ulti-
mately producing a version that is suitable for submission. Since the
reflection bank is essentially an embedding vector bank, we can easily update
or add new vectors to it as needed. On the one hand, after we have refined the
human responses for the current comment, we can have the LLM compare
its own responses with the human responses and output the reflection,
thereby constructing the quadruple as shown in Fig. 8d. These quadruples
can be incremented into the reflection bank by obtaining the embedding
vectors along with parent-child document relationships in the way of Fig. 8e.
On the other hand, after obtaining the quadruple, we can add issues not
recognized by the LLM or annotate them from a new perspective in the
reflection part. As a result, author or research group preferences can also be
included and recalled, which can help the LLM to meet the needs of per-
sonalization and diversity.

Another significant advantage of the proposed method is the low
computational power requirement. Instead of locally downloading and
running the LLM, only local maintenance of the designed reflection bank
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Fig. 9 | Practical application workflow of the RBB-
LLM framework.
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and calls to the LLM API are required to realize the use of the proposed
method on a laptop.

Practical application workflow of our framework

To further clarify the practical usability of our framework from a
researcher’s perspective, we have designed a user-centric workflow diagram.
This process highlights how a user would interact with the RBB-LLM fra-
mework in a real-world scenario to draft a response letter. As shown in Fig.
9, the workflow begins with the user providing the manuscript and reviewer
comments. Individual comments are processed through parallel requests.
The reviewers’ questions are simultaneously used as queries to search the
reflection bank, and the retrieved quadruples are fed into the LLM server.
The LLM server generates responses in parallel for multiple comments
based on the proposed RBB-LLM framework combined with the retrieved
content from the reflection bank. For our framework, the heavy computa-
tional burden of building the reflection bank is a one-time and centralized
effort, while the day-to-day use is lightweight and accessible to any
researcher with a standard computer. This entire process can be integrated
into a researcher’s workflow, for instance, through a simple web interface,
requiring only API calls to the LLM and local maintenance of the reflec-
tion bank.

Comparison and evaluation methods

To validate the general applicability of the proposed RBB-LLM across dif-
ferent LLMs, we selected three LLM bases, including GLM-4-Flash”,
DeepSeek-v2.5%, and Qwen-Plus”, with differences in their capabilities. To
ensure fairness, all methods are compared using the same LLM base. The
reflection bank was constructed using GLM-4-Flash, based on cost con-
siderations. We have discussed the generalization and effectiveness of using
the reflection bank across different LLM bases in the Results section.

Direct prompting (DP): In this approach, the paper and the reviewer’s
comment are directly provided to the LLM, and the model is tasked with
generating a response without additional guidance or structured reasoning.
This method serves as a baseline for evaluating the LLM’s ability to generate
accurate responses without any pre-structured prompts or external rea-
soning mechanisms.

CoT*: The CoT method enhances the prompting process by
encouraging the model to engage in step-by-step reasoning before gen-
erating output. For our task, when providing the paper and one comment to
the model, we use prompts to direct the model through the following rea-
soning steps: identifying the main issue or suggestion, reflecting on the
author’s work and its relation to the concern, deciding whether to agree or
disagree with the reviewer and justifying the decision, and proposing actions
to address the concern. This approach aims to produce more thoughtful and
logically sound responses by breaking down the reasoning process.

Self-refine (SR)*: The SR method improves initial outputs from LLMs
through iterative feedback and refinement. For our task, the SR method
builds upon CoT by incorporating a self-reflection step, where the model
reviews and refines its initial response, ensuring that it fully addresses the

reviewer’s concerns. The model is encouraged to reflect on whether the
response sufficiently resolves the issues raised by the reviewer, paying par-
ticular attention to the alignment with the reviewer’s intent and offering
improvements where necessary.

Answer-based reasoning (ABR): This method is a degraded variant of
the proposed framework. After CoT reasoning on a given article and
reviewer comment, the LLM is provided with historical, similar comments
and their corresponding human-crafted responses (reference answers) to
learn potentially useful response strategies. Unlike the proposed framework,
this approach does not include LLM responses to historically similar
comments or reflection on the gap between LLM-generated and human
responses.

The quality of the generated response letter is assessed using both
the LLM and human evaluators. The LLM is responsible for scoring
responses to all comments on a scale of 1 to 100, providing a com-
prehensive and systematic evaluation, commonly referred to as “LLM-
as-a-Judge”” ™. In parallel, human evaluators perform detailed ana-
lyses of specific cases, offering deeper insights and validating the
accuracy and relevance of the responses. Notably, we do not evaluate
the generated responses alongside human-crafted responses to directly
compare their scores or aim for the LLM to surpass human perfor-
mance. The purpose of our work is not to create responses indis-
tinguishable from human ones—an outcome that might invite
academic misuse—but to provide meaningful assistance and guidance
to human authors. It is sufficient for the LLM to produce responses
aligned with the main focus of human responses and address the
reviewer’s concerns. Therefore, for the LLM evaluator, we provide
human responses as a reference for the LLM to determine whether the
current response is consistent with the core focus of the human
response and address the reviewer’s concerns, which also avoids the
LLM’s preference for overly polished but superficial content. In this
work, three LLMs—GLM-4-Flash, DeepSeek-v2.5, and Qwen-Plus—
are chosen as evaluators. In addition, to ensure unbiased scoring, the
LLM’s memory is reset before evaluating responses to each comment.
This prevents any interference between comments and any memory of
generating the response letter. Besides, to enhance the reliability of our
evaluation, we adopt the widely used Good/Same/Bad (GSB) evalua-
tion. In this setup, we present the response generated by LLMs and the
human-authored response to a judge LLM (DeepSeek-R1). Never-
theless, we admit that even this method cannot fully match the detailed
and context-aware judgment of human experts, which is a limitation of
the present work. Therefore, future work would greatly benefit from
incorporating large-scale evaluations with human experts.

Data availability

The processed TXT files of the papers and peer review files used in this study,
the JSON files containing quadruplets for constructing the reflection bank,
and the vector base of the reflection bank are available at https://github.com/
chunhuiz/ResponseLLM.
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Code availability

The peer review corpus collection and filtering code, the code for the pro-
posed method, and the prompts are available at https://github.com/
chunhuiz/ResponseLLM.
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