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Abstract
This study explores the potential of a
lightweight, open-source Large Language
Model (LLM), demonstrating how its inte-
gration with Retrieval-Augmented Generation
(RAG) can support cost-effective evaluation
of revision quality and writing style differen-
tiation. By retrieving reference documents
from a carefully chosen and constructed corpus
of peer-reviewed conference proceedings, our
framework leverages few-shot in-context learn-
ing to track manuscript revisions and venue-
specific writing styles. We demonstrate that the
LLM-based evaluation aligns closely with hu-
man revision histories—consistently recogniz-
ing quality improvements across revision stages
and distinguishing writing styles associated
with different conference venues. These find-
ings highlight how a carefully designed eval-
uation framework, integrated with adequate,
representative data, can advance automated as-
sessment of scientific writing.

1 Introduction

Human evaluation remains essential and unavoid-
able for assessing the quality of texts. However,
it is notoriously difficult to reproduce and often
lacks consistency (Gillick and Liu, 2010; Clark
et al., 2021). Recently, large language models
(LLMs) have shown remarkable capabilities in han-
dling unseen tasks by simply following task in-
structions (Chiang and Lee, 2023). In this paper,
we explore whether such an ability of the LLMs
can be used as an alternative to human evaluation.
We prompt LLMs with targeted instructions to eval-
uate either the quality of revisions across different
versions of a manuscript or the similarity of writing
styles between texts. Specifically, we use LLMs
to assess revision histories based on writing qual-
ity and infer likely conference affiliations based
on writing style. We find that the LLM-generated
evaluations align closely with actual arXiv revision
histories and the known conference venues of the

papers, indicating that the model can reliably cap-
ture both revision-driven quality improvements and
venue-specific stylistic patterns.

Large Language Models, such as GPT, are ca-
pable of generating fluent and syntactically well-
formed text, yet they often fall short in tasks that
require precision and factual grounding, especially
in domain-specific contexts (Lewis et al., 2020;
Petroni et al., 2021). Retrieval-Augmented Gener-
ation (RAG) addresses this limitation by integrat-
ing external knowledge into the generation pro-
cess, enabling models to produce content that is
not only fluent but also context-aware (Lewis et al.,
2020; Izacard and Grave, 2021; Borgeaud et al.,
2022; Gao et al., 2024). This integration is partic-
ularly critical for scientific manuscript evaluation,
which requires a deeper understanding of clarity
and discipline-specific writing conventions.

Recent studies have highlighted that university
students often lack the academic writing skills re-
quired for producing coherent and well-structured
research papers and dissertations (Phyo et al., 2023;
Aitchison et al., 2012; Barbero, 2008; Cargill et al.,
2012; DeLyser, 2003; Luo and Hyland, 2016; Sur-
ratt, 2006; Yu and Jiang, 2022). Therefore, we
hope this evaluation framework can also assist re-
searchers in the field of machine learning, and po-
tentially in other fields, with manuscript optimiza-
tion by providing insights into quality variation
across manuscript revisions and stylistic alignment
with target publication venues.

Our key contributions are:

1. A data-driven, computational evaluation
framework that uses LLMs (with RAG and
few-shot prompting) to assess revision quality
improvement and stylistic variation.

2. A locally deployable and cost-effective tool to
support independent manuscript composition
and refinement.
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Step 2: Few-Shot Prompting 

Retrieved document 1:
“Adversarial training has become the 
de-facto standard method …”
Retrieved document 2:
“The robustness of deep learning 
models against distribution shifts is 
critical …”

Gold Standard References

Please rate the input text 
based on quality and 
clarity on a scale of 1 to 
10, using gold standard 
documents as reference.

Generated Output:
I’d rate it a 9!
The input text is 
very technical and clear 
compared to the reference 
texts.

SciBERT

Step 3 : Model Output

Instruction

Step 1: Input and Retrieval

x

Text Chunk 1 from arXiv 
paper XYZ revision 4:
“As large language models 
become integral to high-
stakes applications, 
ensuring their robustness 
and fairness is critical.”

Figure 1: A running example for quality evaluation using few-shot in-context prompting in the RAG framework,
with a numerical scale representing quality. The input text and gold standard documents in this figure are for
illustration purposes only. For writing style evaluation, the prompt would change, explicitly instructing the LLM to
rate on the similarity of writing style based on gold-standard references.

2 Related Work

LLMs have transformed NLP by enabling fluent,
human-like text generation (Devlin et al., 2019;
et al., 2018; Radford et al., 2019; Brown et al.,
2020). However, their capacity remains limited,
particularly in domain-specific and knowledge-
intensive tasks where access to relevant external
data is crucial for understanding beyond surface-
level text and generating contextually appropriate
responses (Lewis et al., 2020; Petroni et al., 2021).
Additionally, state-of-the-art LLMs are prone to
generating hallucinations, compromising reliability
(Maynez et al., 2020; Perković et al., 2024; Ji et al.,
2023a; Yao et al., 2024; Marcus, 2020; Zhang et al.,
2022, 2023).

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) addresses key challenges by integrat-
ing external knowledge sources to reduce hallucina-
tions and improve accuracy (Borgeaud et al., 2022;
Shuster et al., 2021; Jiang et al., 2023; Bhat et al.,
2024; Fan et al., 2024). RAG has proven effective
across domains by enhancing factual grounding in
generative models. For generative retrieval, Cor-
pusLM combines generative retrieval to enhance
performance in knowledge-intensive tasks (Li et al.,
2024). TC-RAG (Jiang et al., 2024) demonstrates
RAG’s benefits in medical applications, reducing
hallucinations and boosting accuracy. In image gen-

eration (Sheynin et al., 2023), large-scale retrieval
facilitates cross-modal content modeling without
explicit supervision.

There has been extensive exploration of
knowledge-grounded generation leveraging vari-
ous forms of knowledge, such as knowledge bases
and external documents (Dinan et al., 2019; Zhou
et al., 2018; Lian et al., 2019; Li et al., 2019; Qin
et al., 2019; Zhang et al., 2022). The current state-
of-the-art practice for utilizing RAG, called Vector-
RAG, often employs vector databases for efficient
information retrieval (Sarmah et al., 2024).

Numerous state-of-the-art vector representa-
tion models have been developed over the years.
Word2Vec (Mikolov et al., 2013b,a) and GloVe
(Pennington et al., 2014), produce a single em-
bedding for each word, regardless of the context
(Gupta and Jaggi, 2021; Rahimi and Homayoun-
pour, 2021), making static word embeddings fall
short in the task of scientific text retrieval compared
to contextual embeddings, which provide different
embeddings for the same word depending on the
surrounding context (Peters et al., 2018). Contex-
tual models have been shown to perform better in
scenarios that require deeper semantic understand-
ing (Zhou and Bloem, 2021; Peters et al., 2018; Liu
et al., 2025, 2020; Apidianaki, 2023).

The performance of a machine learning system
depends heavily on data representation (Le-Khac
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et al., 2020). SciBERT (Beltagy et al., 2019),
pre-trained on scientific text, has shown strong
results across scientific NLP tasks. It has been
used in paper recommendation systems that lever-
age SciBERT embeddings derived from arXiv ab-
stracts (Singh et al., 2023), and has outperformed
other models in citation classification (Maheshwari
et al., 2021). Its role in the iFORA system for
trend detection highlights its utility in text min-
ing (Lobanova et al., 2024). In summarization
tasks, the COVIDSum model used SciBERT to
generate high-quality abstracts from COVID-19
papers (Cai et al., 2022), outperforming other ap-
proaches. SciBERT also excelled in relation ex-
traction (Poleksic and Martincic-Ipsic, 2023) and
citation intent classification (Motrichenko et al.,
2021). These applications demonstrate SciBERT’s
value in scientific text processing, making it well-
suited for scientific document retrieval tasks.

LLMs can handle complex tasks via few-shot
in-context learning, leveraging prompt engineering
rather than parameter adjustments, and have been
shown to improve the understanding and reasoning
of LLMs from a few examples in the context (Wei
et al., 2022; Dong et al., 2024; Liu et al., 2022).
This paradigm has been applied in domains such as
autonomous vehicle training (Zhang et al., 2024),
example-based retrieval (Rubin et al., 2022), au-
tomated assessment of translation quality (Kocmi
and Federmann, 2023), and character generation
(Lake et al., 2015). This shift has driven research
into improving LLM reasoning through strategic
prompting rather than model parameter updating
(Stahl et al., 2024; Arora et al., 2023).

3 Experimental Setup

3.1 Data
Given that the effectiveness of retrieval-augmented
text generation is closely tied to the quality and rel-
evance of the retrieved content (Li et al., 2022),
it is essential to construct the retrieval corpus
from a well-established, peer-reviewed publica-
tion venue within the specific domain (in this
case, machine learning) to ensure a reliable and
domain-representative knowledge base for eval-
uation (for both quality improvement identifica-
tion and conference-specific stylistic differentia-
tion). Furthermore, prior work demonstrated that
dataset size plays a significant role in retrieval per-
formance (Hawking and Robertson, 2003), specif-
ically, using a larger retrieval database during in-

ference improves model performance (Shao et al.,
2024). NeurIPS is one of the most prestigious con-
ferences in machine learning and has consistently
received high submission volumes in the field, sur-
passing ICLR and ICML in recent years1. To this
end, we constructed our retrieval vector database
using the full proceedings of NeurIPS 2023 (pa-
pers from 2024 were excluded due to incomplete
proceedings at the commencement of this study).

For evaluation, papers were randomly collected
from arXiv,2 selecting version 1 (v1) and version
4 (v4) of each paper to analyze quality improve-
ments across revisions. For conference writing
style differentiation, proceedings from NeurIPS,
ICLR, and ICML (all from the year 2023) were
also randomly sampled. Additionally, Amazon re-
views3 were used to examine how LLMs respond to
informal language in contrast to scientific writing
as a baseline check (Appendix C.2).

The retrieval vector database was constructed by
segmenting the text from each NeurIPS paper and
encoding the segments into reasonably long, fixed-
length SciBERT embeddings. These embeddings
were then indexed using FAISS (Facebook AI Sim-
ilarity Search)4 to enable efficient similarity search
and retrieval. The resulting indexes and embed-
dings were collected to form the complete retrieval
vector database. More details on data preprocess-
ing are provided in Appendix B. The NeurIPS pro-
ceedings in this study are sourced from a publicly
available dataset on Kaggle.5 Prior studies have uti-
lized NeurIPS text datasets from Kaggle for topic
modeling and text classification (Terko et al., 2019).
A similar analysis was performed on ICLR papers
by extracting textual features (Joshi et al., 2021).
Prior studies have also used papers from arXiv for
open-source dataset construction (Clement et al.,
2019) and model training (Shabtay et al., 2025).
Therefore, this study was conducted using publicly
available data, in compliance with established and
common practices.

1Submission statistics available at: https:
//papercopilot.com/, https://media.neurips.cc/
Conferences/NeurIPS2023/NeurIPS2023-Fact_Sheet.
pdf

2https://arxiv.org/
3https://www.kaggle.com/datasets/

kritanjalijain/amazon-reviews
4https://github.com/facebookresearch/faiss
5https://www.kaggle.com/datasets/

mohamednennouche/neurips-papers-1987-2023
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Experiment Revision Quality Improvement Identification

Retrieval Database #Papers to Rate GPU Type

Entire NeurIPS23 dataset 20 (1st & 4th revisions) NVIDIA A100

Experiment Conference Writing Style Distinction

Retrieval Database #Papers to Rate GPU Type

Entire NeurIPS23 dataset 15 per conference NVIDIA A100

Table 1: The table presents details of each experiment, including the dataset used to construct the retrieval database,
the number of papers used as input for rating, and the GPU type utilized.

3.2 Model Choice
This study employs LLaMA-3.0-8b-instruct
(Dubey et al., 2024), a variant of the LLaMA 3.0
model family. The LLaMA 3.0 family includes
model configurations with 8B and 70B parameters.
The 8B model was chosen to balance hardware
constraints with task requirements, as generating
ratings (a numerical representation of quality
improvement or stylistic similarity, see Section 3.3)
and limited suggestions do not necessitate a 70B
model, and the 8B configuration allows for possi-
ble local deployment on consumer-grade hardware.
GPT and other closed-sourced, proprietary models
were not considered for privacy and data protection
reasons. Beyond identifying quality improvements
across revisions and distinguishing writing
styles, we also aim to showcase this evaluation
framework’s potential for academic manuscript
refinement, and since authors often prioritize
confidentiality during submission and peer review,
they may hesitate to use closed-source models for
evaluating quality or writing style. Therefore, this
study utilizes a locally deployable, lightweight,
open-source model, enabling authors to conduct
assessments independently. All experiments were
conducted on a local computer using a personal
Google Colab account to demonstrate the system’s
local deployability on consumer-grade hardware.

Following a thorough evaluation, both empirical
and based on relevant literature reviews, LLaMA
was chosen over other open-source alternatives.
Due to limited computational resources, fine-tuning
was not conducted in this study. Consequently,
model selection was carried out with careful con-
sideration to balance performance and efficiency.
The LLaMA 3.0 family was selected for this
study as it represented the most recent iteration
of the LLaMA models available at the time this
study commenced. The instruction-tuned version

(LLaMA-3.0-8b-instruct) was selected based on
empirical observations, demonstrating superior per-
formance compared to the base model LLaMA 3.0.

It is important to note, however, that the primary
goal of this study is to design a data-driven, com-
putational evaluation framework, integrated with a
domain-relevant retrieval database, capable of iden-
tifying quality improvements, writing style differ-
ences, and serving as a locally deployable tool for
independent and cost-effective manuscript assess-
ment. While our current implementation demon-
strates this capability using a specific model, the
framework is model-agnostic in principle and can
be adapted to incorporate other models should they
prove more suitable for particular use cases, this
is further demonstrated empirically in an ablation
study (Appendix C.4), where a university-hosted
Copilot instance shows consistent scoring pattern
and yields overall scores closely matching those
of LLaMA. Similarly, this architecture is not lim-
ited to the field of machine learning; in principle,
it can be applied to other domains as well when
combined with a curated retrieval vector database
containing relevant scientific texts tailored to the
specific field.

3.3 Scoring Scientific Writing with
Retrieval-augmented Generation

Scientific writing standards vary widely across dis-
ciplines, making objective evaluation difficult. To
address this, we use a Retrieval-Augmented Gen-
eration approach that retrieves relevant texts from
NeurIPS proceedings as high-quality references.
These guide an LLM in assessing input text qual-
ity or style, grounded in peer-reviewed examples
rather than fixed evaluation criteria. This enables a
data-driven, implicit understanding of clarity, qual-
ity, or venue-specific writing style.

For full-text paper assessments (revision quality
improvement identification and conference writing
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style differentiation), each paper is segmented into
reasonably long chunks. These chunks are indi-
vidually evaluated using the RAG system.6 The
final score for each paper is calculated by averag-
ing the scores across all chunks. To assess the input
text, the system first encodes each input text chunk
using SciBERT and retrieves the top two most sim-
ilar documents from a vector database using cosine
similarity. These documents serve as “gold stan-
dard” references. To form the prompt, the retrieved
references are first combined with the input text.
This is then followed by explicit instructions direct-
ing the model to rate the input on a scale from 1
to 10, based either on its similarity in quality (for
evaluating revision quality) to the references or its
stylistic resemblance (for evaluating conference-
specific writing styles). The exact prompts used for
the experiments are described in Appendices A.4
and A.5, leveraging few-shot in-context learning,
instructing the model to evaluate the input texts (ei-
ther from different arXiv revisions or different ML
conferences) based on retrieved references rather
than scoring the input text in isolation. Since the
smaller LLaMA models, as well as many other
LLMs, are highly sensitive to prompting (Wei et al.,
2022; Zhou et al., 2024; Sclar et al., 2024; Arora
et al., 2023; Turpin et al., 2023), the prompts used
in this paper were rigorously tested and refined to
ensure reliable rating generation. A running exam-
ple is provided in Figure 1.

It is important to note that the primary objec-
tive of this task is to assign numerical ratings, with
textual suggestions serving as supplementary evi-
dence. Given the constraints of an 8B parameter
model, the authors have determined that numeri-
cal outputs are more reliable and interpretable than
extended textual feedback.

The experimental parameters are summarized in
Table 1. The selection of the number of papers used
to generate ratings for this study was determined to
balance computational efficiency with the need for
statistically meaningful results. Given that large
language model inference for text generation tasks
is computationally intensive, resource constraints
were carefully considered. In addition, a baseline
check (Appendix C.2) was first conducted to vali-
date the model’s ability to distinguish the difference
between scientific and non-scientific writing. This

6For the purpose of simplicity, the term “RAG system” or
“RAG framework” will refer specifically to the LLaMA-3.0-
8b-instruct model integrated with a retrieval vector database
constructed from NeurIPS 2023 proceedings.

is crucial since identifying quality improvement
across revisions or differentiating writing style as-
sumes that the system can first distinguish scien-
tific vs. non-scientific writing before making more
nuanced distinctions. A consistency check of the
ratings (Appendix C.1) was also conducted, which
demonstrates the system’s consistency in its scor-
ing behavior.

4 Results and Discussion

4.1 Revision Quality Improvement
Identification

This section presents the experimental results of
revision quality improvement identification, fol-
lowing the methodology in Section 2, with more
preprocessing details in Appendix B. Papers were
randomly selected from the Machine Learning cat-
egory on arXiv, with each paper having undergone
at least four revisions to ensure meaningful differ-
ences across versions and processed through the
RAG system. The system evaluated paper quality
based on retrieved reference documents. Please
note that the use of revised versions (e.g., v1 and
v4) as labels effectively serves as a form of human
annotation, as such revisions typically result from
deliberate, human-driven improvements, usually
incorporating expert peer-review suggestions or
professional feedback. This provides a natural su-
pervision signal, with later versions usually reflect-
ing higher quality, making additional human expert
annotation unnecessary. An example prompt in
Appendix A.4 demonstrates a few-shot in-context
strategy, guiding the LLM to assess text quality and
clarity using NeurIPS papers as an implicit anchor
for “good” scientific writing. To ensure fairness,
the most similar retrieved document was excluded,
as some arXiv papers may originate from NeurIPS.

As shown in Figure 2a, the plot compares RAG
system scores for the first and fourth revisions of 20
manuscripts. The notable increase in mean scores
from 6.25 (v1) to 6.38 (v4) suggests that the sys-
tem can differentiate between earlier and refined
versions, capturing improvements made during the
revision process. By going beyond surface-level
text and capturing the difference in quality and clar-
ity between earlier and refined versions, this eval-
uation methodology also lays the groundwork for
providing targeted, content-aware feedback to sup-
port manuscript refinement. Additionally, a chunk-
based analysis was conducted (Section 4.3), high-
lighting the section-specific improvements during
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(a) Score distributions for 20 arXiv manuscripts, compar-
ing first (v1) and fourth (v4) revisions.
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(b) Score distributions for 45 randomly selected papers from NeurIPS,
ICLR, and ICML, 15 papers per conference.

Figure 2: Comparison of RAG-generated score distributions : (a) Revision quality improvement identifications, and
(b) Conference style distinction. The black bar shows the interquartile range, the red dashed line indicates the mean,
and the small white line marks the median.

manuscript revision captured by the RAG system.

Validating the Impact of RAG on Revision Qual-
ity Improvement Identification

To assess the influence of retrieval-augmented
generation on the system’s ability to identify revi-
sion improvement, an additional set of experiments
was conducted using the same set of arXiv papers
on the same revision stages. In this setup, the revi-
sion analysis task was conducted without the use
of reference documents (an example prompt is pro-
vided in Appendix A.2). This design allows us
to isolate the impact of retrieval augmentation by
intentionally omitting the contextual grounding of-
fered by the retrieved reference context. The results
of this experiment are presented in Figure 3a.

Our findings highlight RAG’s role in distinguish-
ing revision quality. With retrieval (Figure 2a), the
mean revision score increased from 6.25 (v1) to
6.38 (v4), while without retrieval, scores remained
slightly declined (6.31 in v1 vs. 6.25 in v4). This
suggests that retrieval-based generation provides
essential context for recognizing manuscript im-
provements. When relying solely on generative
capabilities without retrieval, the LLM fails to dif-
ferentiate between improved and non-improved ver-
sions of the manuscript. In some cases, it even
assigned slightly lower scores to objectively en-
hanced revisions, indicating a lack of sensitivity to
quality improvements in scientific writing. One ex-
planation for this may be linked to the phenomenon
of “hallucination,” where Natural Language Gen-
eration models frequently produce context that is
incoherent or nonsensical (Levin et al., 2024; Ji
et al., 2023a; Xiao and Wang, 2021; Ji et al., 2023b;
Maynez et al., 2020) (a real-life example of such

a phenomenon is provided in Appendix D). While
the scores here are not as extreme as fully inco-
herent, the inaccurate scores without the retrieved
documents may suggest a degree of “hallucination,”
highlighting the need for a retrieval database. Previ-
ous work by (Lewis et al., 2020) demonstrates that
integrating external contextual information during
text generation improves accuracy and contextual
grounding. These results highlight the importance
of retrieval mechanisms in enabling language mod-
els to move beyond surface text and more effec-
tively identify and evaluate quality improvement
between revisions during manuscript evaluation.

4.2 Conference Writing Style Distinction
This section analyzes the scores generated from
the RAG system to assess alignment with confer-
ence affiliations, expecting higher ratings for pa-
pers when referenced against retrieved texts from
the same conference. This experiment demon-
strates the RAG system’s ability to capture the
differences in conference-specific writing styles
(similarly to Section 4.1, the conference affiliation
itself serves as an implicit form of human super-
vision, as submission and acceptance into specific
conferences reflect the formality of the writing).
The intuition behind this experiment is that if a
given paragraph is semantically similar to a para-
graph from a NeurIPS paper, it is likely to share a
similar writing style. This approach leverages the
connection between the semantic content of text
and its stylistic characteristics and is based on the
heuristic that when LLMs are explicitly prompted
to evaluate writing style in comparison to a refer-
ence document based on similarity, they are more
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(a) Revision quality improvement identification experi-
ment conducted without using reference documents.
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(b) Conference writing style distinction experiment conducted without
using reference documents.

Figure 3: Experiments conducted without retrieval augmentation: (a) Revision quality improvement identification,
(b) Conference writing style distinction.

likely to assign higher scores to input texts that
closely resemble the style of the reference. Re-
cent work supports this heuristic, showing that
LLMs can effectively achieve text style transfer
using prompt learning (Liu et al., 2024). Related
research in authorship identification used prompt
engineering to guide LLMs in identifying whether
two texts share the same author by focusing on
writing style (Huang et al., 2024), achieving great
results. Few-shot learning has also been applied to
detect machine-generated text using style represen-
tation (Soto et al., 2025).

This experiment follows the methodology in
Section 2, with more preprocessing details in Ap-
pendix B and an example prompt in Appendix A.5.
The prompt was carefully crafted to guide the LLM
to evaluate inputs based on stylistic alignment,
rather than factors such as overall quality or clarity.
A few-shot in-context prompting strategy was uti-
lized, leveraging reference documents to implicitly
define writing style, similar to the approach used
to define “good” scientific writing in Section 4.1
and appendix C.2. Given its effectiveness in that
context, the same strategy was deemed appropri-
ate for defining and distinguishing writing style in
this experiment. NeurIPS 2023 proceedings serve
as the retrieval database. The input comprises 15
randomly selected accepted papers (for each con-
ference) from NeurIPS, ICLR, and ICML. These
conferences were specifically chosen due to their
similar research focus, ensuring that the results are
not skewed by differences in research focus or do-
main variations. To ensure fairness, the most simi-
lar retrieved reference text was excluded from the
evaluation of NeurIPS papers for this experiment.

The result of the experiment can be found in
Figure 2b. The result highlights the RAG system’s
sensitivity to stylistic alignment with conference
affiliations. As expected, NeurIPS demonstrates a
more concentrated score distribution at the higher
end, with the highest mean among the compared
venues, indicating that its writing style naturally
aligns more with the reference documents (also
from NeurIPS). In contrast, ICLR shows a wider
spread of scores extending towards lower values.
ICML received a lower mean than both NeurIPS
and ICLR. To validate the RAG system’s ability to
differentiate writing style, the same experiment us-
ing ICLR papers as the retrieval vector database can
be found in Appendix C.3, further validating our
framework’s reliability.7 These findings demon-
strate the RAG system’s capability to distinguish
differences in writing style across manuscripts from
different publication venues. They also highlight
the potential of this evaluation framework in serv-
ing as a tool to assist authors in tailoring their
manuscripts to venue expectations, helping them
present their work in a way that is easier for the
relevant community to understand and engage with.

Validating the Impact of RAG on Conference
Writing Style Distinction

To assess the impact of the retrieval vector
database on distinguishing writing styles between
conferences, we conducted an additional set of ex-
periments using the same set of proceedings. In this
setup, the writing style differentiation task was re-

7To ensure a fair assessment, the authors of this study took
all possible measures to verify that the retrieved documents
are from different papers, preventing stylistic similarities from
the same author.
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Figure 4: Comparison of individual text chunk scores between Revision 1 and Revision 4 of the same arXiv paper.
The plot shows a noticeable improvement in both the individual chunk score distribution and the overall average in
Revision 4, indicating enhanced overall quality across the revised segments.

peated without incorporating reference documents,
allowing us to isolate the impact of retrieval aug-
mentation. The results of this retrieval-free exper-
iment are presented in Figure 3b, and the corre-
sponding prompt is detailed in Appendix A.3.

In the absence of retrieval, the scores diverged
significantly from those observed in the RAG-
enhanced setup (Figure 2b). Notably, ICLR papers
received the highest scores, rather than NeurIPS pa-
pers, underscoring the critical role of the retrieval
vector database and reference documents in sup-
plying semantically relevant context. These results
highlight the importance of retrieval in providing
domain-specific grounding that enhances the accu-
racy of stylistic differentiation.

4.3 Chunk-based Revision Scores Analysis
This section presents an analysis of chunk-level
scores generated by the RAG system for Revisions
1 and 4 of the same arXiv paper. As shown in
fig. 4, individual text chunk scores from Revision
4 (right) consistently outperform those from Revi-
sion 1 (left). This demonstrates the system’s abil-
ity to identify quality improvements both at the
overall paper level and within individual sections.
The results also demonstrate how fine-grained and
sectional feedback can guide targeted revisions, en-
hancing overall quality. By identifying and address-
ing localized weaknesses at the chunk level, this
approach offers a data-driven method for improv-
ing the quality of academic texts, highlighting the
potential of this evaluation framework to support
iterative writing refinement by providing section-

specific and targeted feedback during manuscript
optimizations.

Conclusion

This study introduces a locally deployable, data-
driven, and entirely open-source evaluation frame-
work for identifying quality improvements across
manuscript revisions and stylistic variations across
proceedings from different machine learning con-
ferences. By integrating a carefully constructed
and curated retrieval vector database, the proposed
approach demonstrates its effectiveness by accu-
rately identifying revision-based improvements in
arXiv submissions at both the overall and section-
specific levels, while also distinguishing writing
styles across different venues. These contributions
underscore the potential of this evaluation frame-
work to support independent and cost-effective
manuscript composition and refinement in aca-
demic writing.

Limitations

This study was constrained by limited computa-
tional resources. All experiments were conducted
on a personal Colab account, not only to emphasize
the cost-effectiveness but also the local deployabil-
ity of the proposed evaluation framework; there-
fore, larger LLMs (e.g., LLaMA-3.0-70B) were
not used. In addition, due to limited computational
resources and copyright restrictions on academic
papers, fine-tuning was not performed, even though
it could have further improved evaluation accu-
racy. Non-textual elements like figures and results,
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key to peer review, were also excluded. In this
study, we rely solely on few-shot in-context learn-
ing using reference documents retrieved by RAG
for manuscript evaluation. While effective in this
setup, this approach may not generalize well or
provide accurate evaluations in other contexts. Fur-
thermore, the arXiv papers were sampled randomly,
without accounting for whether some arXiv papers
were already of high quality or underwent minimal
revision, cases in which the system may not detect
noticeable improvements in writing quality. We
did not incorporate other open-source models in
this study due to computational constraints, which
limited our ability to conduct large-scale evalua-
tions or ablation studies across multiple models.
In addition, this study only focuses on the field of
Machine Learning.

Despite the limitations, we hope readers recog-
nize our effort to develop an evaluation framework
that lays the foundation of cost-effective and in-
dependent manuscript assessment, as well as our
attempt to demonstrate the potential of utilizing en-
tirely open-source NLP-driven tools and publicly
available datasets, in enhancing scientific commu-
nication practices.
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Appendix

A Prompt Engineering

Examples of the entire prompt, which was input
into LLaMA-3.0-8B-instruct can be found in this
section.

A.1 Combined Prompt with RAG
An example of the general prompt structure using
retrieval reference documents is shown in this sec-
tion.

The combined prompt with RAG

Task:
Please provide a rating for the fol-
lowing paragraph on a scale from
1 to 10. Your response must be a
single number only.

INPUT TEXT TO RATE:
[Content Placeholder]

GOLD STANDARD DOCU-
MENTS FOR REFERENCE:

Document no.1

Document no.2

INSTRUCTIONS:
Please rate the INPUT TEXT
TO RATE based on its quality
and clarity on the scale of 1 to 10,
using the GOLD STANDARD
DOCUMENTS FOR REFER-
ENCE as a basis. Do not rate
the GOLD STANDARD DOCU-
MENTS themselves.

Now please, give the rating, for
the INPUT TEXT TO RATE.

A.2 Combined Prompt without Using RAG
An example of the general prompt structure without
using retrieval reference documents is shown in
this section. This is also the prompt used where the
revision analysis task was conducted without the
use of reference documents.
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The prompt without using RAG

Task:
Please provide a rating for the fol-
lowing paragraph on a scale from
1 to 10. Your response must be a
single number only.

INPUT TEXT TO RATE:
[Content Placeholder]

INSTRUCTIONS:
Please rate the INPUT TEXT
TO RATE based on its quality
and clarity on the scale of 1 to 10.

Now please, give the rating, for
the INPUT TEXT TO RATE.

A.3 Combined Prompt without Using RAG
for Conference Writing Style
Differentiation

The prompt without using RAG (confer-
ence writing style differentiation)

Task:
Please provide a rating for the fol-
lowing paragraph on a scale from
1 to 10. Your response must be a
single number only.

INPUT TEXT TO RATE:
[Content Placeholder]

INSTRUCTIONS:
Please rate the INPUT TEXT
TO RATE based on its writing
style on the scale of 1 to 10.

Now please, give the rating, for
the INPUT TEXT TO RATE.

A.4 Example Prompt Used for Revision
Analysis

An example prompt used in the revision analysis
experiment is provided in this section.

An example prompt used for revision
analysis

Generated Text for Chunk 1 from
[Paper Title Holder].
Task:
Please provide a rating for the fol-
lowing paragraph on a scale from
1 to 10. Your response must be a
single number only.

INPUT TEXT TO RATE:
[Content Placeholder]

GOLD STANDARD DOCU-
MENTS FOR REFERENCE:

Document no.1

Document no.2

INSTRUCTIONS:
Please rate the INPUT TEXT
TO RATE based on its quality
and clarity on the scale of 1 to 10,
using the GOLD STANDARD
DOCUMENTS FOR REFER-
ENCE as a basis. Do not rate
the GOLD STANDARD DOCU-
MENTS themselves.

Now please, give the rating, for
the INPUT TEXT TO RATE.

A.5 Example Prompt used for Conference
Writing Style Distinction

This section provides an example prompt used in
the conference stylistic distinction experiment.
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An example prompt used for conference
writing style distinction

Generated Text for Chunk 1 from
[Paper Title Holder].
Task:
Please provide a rating for the fol-
lowing paragraph on a scale from
1 to 10. Your response must be a
single number only.

INPUT TEXT TO RATE:
[Content Placeholder]

GOLD STANDARD DOCU-
MENTS FOR REFERENCE:

Document no.1

Document no.2

INSTRUCTIONS:
Please rate the INPUT TEXT
TO RATE based on its WRIT-
ING STYLE on the scale of 1
to 10, using the GOLD STAN-
DARD DOCUMENTS FOR
REFERENCE as a basis. Do
not rate the GOLD STANDARD
DOCUMENTS themselves.

Now please, give the rating, for
the INPUT TEXT TO RATE.

B Data Preprocessing

B.1 Vector Database Construction
The retrieval vector database is constructed using
the text of NeurIPS proceedings 2023 sourced from
Kaggle, chunking the text from each of the papers
into fixed-length SciBERT embeddings (512 to-
kens in length) and indexed by FAISS (Facebook
AI Similarity Search) to index and retrieve text
embeddings efficiently.

B.2 Query Encoding
The input query (text to be rated) is encoded into a
fixed-length vector using SciBERT.

B.3 Document Retrieval
The encoded query is compared against precom-
puted SciBERT embeddings in the vector database
using cosine similarity. The top 2 most similar
documents are retrieved as “gold standard” refer-

ences.8

B.4 Combining the Input Text and Retrieved
Documents

After retrieval, the system merges the cleaned input
text (sanitize and preprocess text by removing un-
wanted elements such as LaTeX commands, email
addresses, long alphanumeric strings, HTML tags,
special characters, and excessive whitespace) with
top reference documents as “gold standard” exam-
ples of high-quality writing. The LLM (LLaMA-
3.0-8B-instruct) then evaluates the input text’s qual-
ity and clarity based on these references. The final
prompt combines the following elements:

1. The input text to be rated.

2. Retrieved “gold standard” documents for ref-
erences.

3. Instructions asking the model to rate the in-
put text on a scale of 1 to 10 based on its
alignment with the “gold standard” reference
documents.

Detailed structure of the prompt can be found in
Appendix A.

B.5 Chunk-Based Evaluation with the RAG
System for Revision Analysis and
Conference Writing Style

To assess paper quality (or writing style), the
content is divided into 200-token segments, each
scored by the RAG system using retrieved refer-
ence documents. The process includes:

1. Segmentation: The paper is divided into 200-
token chunks.

2. Scoring: Each chunk is input into the RAG
system, which assigns a quality score.

3. Aggregation: The scores across all chunks are
averaged to compute the overall score for the
paper.

This chunking method was implemented to accom-
modate the limited input window size of LLaMA-
3.0-8b-insturct while ensuring a more precise and
refined scoring process by the RAG system.

To balance efficiency and relevance, reference
documents were truncated to 200 tokens, ensuring

8The number 2 is determined based on a balance between
the need for meaningful reference and computational resource
constraints.
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sufficient context without unnecessary length, as
the primary objective of the reference documents
was to establish a gold standard for defining what is
considered “good” or “suitable” during evaluation,
rather than to serve as comprehensive scientific
texts for in-depth analysis.

For output generation, a 1,000-token limit was
set to balance computational resource constraints
while providing sufficient justification and sugges-
tions, with a focus on delivering clear and reliable
numerical ratings.

C Ablation Studies

C.1 Consistency Check of the RAG System
A consistency check was conducted to evaluate the
reliability of the RAG system in delivering consis-
tent scores for the same scientific text. The primary
objective was to determine whether the RAG sys-
tem could produce stable and reproducible evalua-
tions across multiple assessments of the same input.
This check specifically aimed to ensure that the sys-
tem’s outputs are free from randomness, thereby
confirming the reliability of its scoring mechanism.
The experimental setup for this consistency check
follows the same methodology described in Ap-
pendix C.2, with the primary distinction that each
input was processed through the RAG system five
times to obtain multiple ratings. 100 random text
samples from NeurIPS 2023 were selected as input.
Each input text was processed through the RAG
system five times to generate multiple ratings, mak-
ing the approach computationally intensive. Conse-
quently, the number of text samples was carefully
selected to strike a balance between resource con-
straints and the need for representative results. As
consistency checks do not require large volumes of
data for effective evaluation, a limited yet sufficient
sample size was deemed appropriate. To quan-
tify the consistency of the RAG’s scoring behavior,
the percentage of texts for which the RAG system
assigned identical scores across all 5 trials was cal-
culated. Specifically, if the RAG system produces
the same score for a given text in all five iterations,
it is considered a “consistent” evaluation.

The experiment result Figure 5 shows that the
RAG system consistently evaluates scientific texts.
91.5% of texts received identical scores across all
five trials, indicating high reliability. 1.1% and
4.3% showed moderate consistency (above 75%
and 60%, respectively), while only 3.2% had iden-
tical scores in 60% or fewer evaluations. Overall,

91.5%

4.3%3.2%

100% Identical Ratings
Above 75% Identical Ratings
Above 60% Identical Ratings
Below or Equal to 60% Identical Ratings

Figure 5: The portion of text chunks getting identical
scores when feeding into the LLM 5 times

these results demonstrate that the RAG system is
highly consistent in its evaluation of scientific writ-
ing, with a very small percentage of cases showing
minimal variation in scoring. This result is highly
important, as it shows that the scores are not ran-
domly assigned to texts by the system.

C.2 A Baseline Check for the RAG System
This experiment assesses the RAG system’s abil-
ity to distinguish the semantic differences between
scientific and non-scientific writing by evaluating
whether it assigns higher scores to scientifically
rigorous texts and lower scores to colloquial ones.
Differentiating conference writing styles or revi-
sion quality assumes that the model can first dis-
tinguish scientific vs. non-scientific writing. Us-
ing the Amazon dataset as a colloquial contrast to
NeurIPS ensures the system recognizes core differ-
ences of what constitutes “scientific” before tack-
ling finer distinctions. The prompt used in this
baseline experiment can be found in Appendix A.1,
prompting the LLM to rate the input text (either
scientific text or Amazon review) based on quality
and clarity.

This baseline experiment is essential, as a sys-
tem that cannot reliably identify the core elements
that constitute scientific writing, such as qual-
ity, clarity, or other key factors, cannot be ex-
pected to discern more nuanced dimensions, includ-
ing revision-based improvements or conference-
specific stylistic conventions. By grounding ratings
in authoritative references, this experiment ensures
the model follows retrieved sources rather than ar-
bitrary biases before applying it to specific cases
like NeurIPS vs. ICLR papers.

SciBERT embeddings were precomputed for key
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(a) Distribution of RAG-generated scores for NeurIPS texts.
Most received moderate to high scores (above 6), indicating
the system’s ability to identify well-written content.

(b) Scores assigned to Amazon reviews. The majority received
low ratings, showing the model’s ability to distinguish infor-
mal writing.

Figure 6: Results of the RAG system’s baseline check on scientific (left) and informal texts (right). X-axis: score
(1–10), Y-axis: number of texts.

sections of the NeurIPS 2023 dataset to enable
efficient text retrieval. A stratified 20% sample
from the NeurIPS 2023 text dataset was used for
retrieval, while a separate 20% served as input for
LLM evaluation. Model-generated outputs were
parsed for ratings, which were stored alongside the
input text and retrieved documents for analysis.

The distribution of ratings generated by the RAG
system for the sampled scientific texts is shown in
Figure 6a. The ratings are provided on a scale from
1 to 10; the rating distribution indicates that the
RAG system consistently assigns high scores to the
text from NeurIPS2023 accepted papers. All texts
predominantly maintain scores above 6, suggesting
a robust and reliable scoring mechanism.

To further assess differentiation capabilities, the
RAG system was tested on 100 randomly selected
Amazon reviews. The results (Figure 6b) show
that 80% of reviews received a rating of 2, with
very few exceeding 5 and none above 7. These
results suggest that the system effectively identifies
and distinguishes differences, such as clarity and
quality, between high-quality scientific writing and
informal content, demonstrating its sensitivity to
established scholarly standards.

C.3 Conference Style Distinction using ICLR
as Retrieval Vector Database

An ablation study using ICLR proceedings as the
sole vector database for conference writing style
differentiation is presented in this section, in Fig-
ure 7. The system successfully distinguished be-
tween the writing styles of various conferences; as
expected, ICLR papers received the highest scores,

NeurIPS 2023 ICLR 2023 ICML 2023
6.0

6.2

6.4

6.6

6.8

7.0

7.2

Sc
or

es

Mean: 6.628
Mean: 6.701

Mean: 6.589

Figure 7: Score distributions for 15 randomly selected
papers from NeurIPS, ICLR, and ICML using ICLR
conference proceedings as vector database (reference
document).

demonstrating the RAG system’s capacity to cap-
ture semantic differences in writing styles across
manuscripts from distinct publication venues.

It is worth noting that the differences in mean
scores are less pronounced compared to those re-
ported in Section 4.2. This attenuation may be at-
tributed to the reduced size of the vector database,
which in this case consists exclusively of ICLR pa-
pers, which have significantly smaller submission
volumes than NeurIPS (up to and including the
year 2024, at the commencement of this study).9

Smaller retrieval corpora can limit the system’s ca-
pacity, thereby affecting overall performance. Prior
work supports this by showing that using a larger
datastore (retrieval database) during inference im-

9Detailed submission statistics available
at https://media.neurips.cc/Conferences/
NeurIPS2023/NeurIPS2023-Fact_Sheet.pdf and
https://papercopilot.com/
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Figure 8: The results of the experiment conducted com-
paring the scores from LLaMA-3.0-8b-instruct to those
scores from Copilot.

proves model performance (Shao et al., 2024).

C.4 Experiment Conducted Comparing the
Scores from LLaMA to the Scores from
Copilot

This experiment evaluates the same one NeurIPS
proceeding using an identical RAG mechanism
with two distinct LLMs: LLaMA-3.0-8b-instruct
and Copilot. The authors of this paper retain full
copyright of the NeurIPS proceeding being eval-
uated, and a university-owned instance of Copi-
lot was utilized to ensure compliance with legal
and data privacy standards. Readers should note
that this Copilot instance is not locally deployable,
which limits its feasibility for large-scale paper
evaluation experiments. This constraint arises from
the need to manually paste text chunks and refer-
ence documents into the chat instance one by one,
making the process impractical for extensive eval-
uations such as conference style distinction and
revision quality analysis. To ensure the reliability
of the evaluation, the NeurIPS paper selected for
assessment in this experiment is from a different
year than those in the retrieval database. The ob-
jective is to verify score consistency across models,
confirming that using a more advanced LLM does
not significantly alter evaluation outcomes.

Figure 8 visualizes the average chunk scores,
grouped in chunk triplets per data point. While ab-
solute score values sometimes differ (with LLaMA
sometimes showing higher scores and sometimes
Copilot), models exhibit a similar evaluation trend
and overall average scores that closely match, in-
dicating consistency in content assessment and
demonstrating that utilizing a larger and more ad-
vanced LLM remains a reliable approach for revi-
sion analysis and conference writing style distinc-
tion.

As seen in the results, despite variations in abso-
lute scores, both models exhibit a consistent scor-
ing trend. The average rating assigned by Copilot
for this manuscript is 6.74, whereas the rating from
LLaMA is 6.82. Copilot’s scores are slightly lower
than those from LLaMA, which can be explained
by differences in model calibration, training distri-
bution, and risk preferences. Language models are
often calibrated to avoid extreme outputs, ensuring
balanced scoring unless strong justification exists.
This conservative behavior helps maintain consis-
tency, especially when trained on diverse-quality
texts (Jiang et al., 2021). Additionally, the distri-
bution of ratings in Copilot and LLaMA-3.0-8b-
instruct’s training data likely influences its scoring
behavior. If extremely high ratings were less com-
mon in training, the model might be less inclined
to assign them, an effect reinforced by fine-tuning
techniques like reinforcement learning from hu-
man feedback (RLHF) (Stiennon et al., 2020). Fur-
thermore, models trained with reward mechanisms
often develop risk-averse tendencies, favoring mid-
range scores to avoid penalization (Ouyang et al.,
2022). These factors explain why, despite follow-
ing a similar trend, different LLMs can produce
varying score distributions due to underlying dif-
ferences in pretraining and optimization. However,
readers should note that the objective of this ex-
periment is not to achieve an exact match in the
absolute value of ratings across different LLMs but
rather to ensure that the overall scoring patterns
are consistent, with minimal variation in overall
scoring trends and average scores.

D Real-life Example of Hallucination

Figure 9 illustrates a real-world hallucination case
with ChatGPT-4o. When lacking web access, the
model generated incorrect author names, but with
browsing enabled, it retrieved the correct ones.
This underscores the importance of external knowl-
edge sources in scientific writing. Given the im-
practicality of embedding a complete web-scale
knowledge base within a large language model
(LLM) (Li et al., 2022), these findings also indi-
cate the importance of retrieval-augmented meth-
ods, such as utilizing vector databases. Similar to
how ChatGPT-4o exhibited hallucinations in the ab-
sence of external knowledge search, smaller mod-
els like LLaMA-3.0-8B-Instruct are likely to face
challenges in accurately evaluating the quality of
scientific texts and writing style without access to
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retrieval-enhanced information.

: Who is the author of the paper: 
'FSGS: Real-time Few-shot View 
Synthesis'

: The paper 'FSGS: Real-
time Few-shot View 
Synthesis’ is authored by 
Jonathan T. Barron, Ben 
Mildenhall, Dor Verbin, Pratul 
P. Srivasan, and Peter 
Hedman…….

: Now answer me with the help of 
external browsing

G     : The paper 'FSGS: Real-
time Few-shot View Synthesis’ 
is authored by Zehao Zhu, 
Zhiwen Fan, Yifan Jiang and 
Zhangyang Wang ………

User

User

GPT-4o

GPT-4o

User Query

Figure 9: A real-life example of hallucination during
manuscript creation when using ChatGPT-4o; after en-
abling external search, GPT retrieved the correct author
name for the paper.
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