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Abstract—The Future Work section of a scientific article
outlines potential research directions by identifying gaps and
limitations of a current study. This section serves as a valuable
resource for early-career researchers seeking unexplored areas
and experienced researchers looking for new projects or col-
laborations. In this study, we generate future work suggestions
from a scientific article. To enrich the generation process with
broader insights and reduce the chance of missing important
research directions, we use context from related papers using
RAG. We experimented with various Large Language Models
(LLMs) integrated into Retrieval-Augmented Generation (RAG).
We incorporate an LLM feedback mechanism to enhance the
quality of the generated content and introduce an LILM-as-a-
judge framework for robust evaluation, assessing key aspects such
as novelty, hallucination, and feasibility. Our results demonstrate
that the RAG-based approach using GPT-40 mini, combined with
an LLM feedback mechanism, outperforms other methods based
on both qualitative and quantitative evaluations. Moreover, we
conduct a human evaluation to assess the LLM as an extractor,
generator, and feedback provider. The code is available at
https://github.com/IbrahimAlAzhar/FutureWorkGeneration, and
the dataset repository is available at https:/huggingface.co/
datasets/iaadlab/FutureGen

Index Terms—Future Work, Text Generation, LLM, Retrieval
Augmented Generation, LLM as a Judge

I. INTRODUCTION

The Future Work section in a scientific article plays a crucial
role in amplifying a study’s impact by demonstrating foresight
and highlighting the broader implications of research [1, 2].
It serves as a catalyst for further exploration, interdisciplinary
collaboration, and new ideas, transforming a single study into
a foundation for future advancements [3]. Beyond academia,
Future Work insights benefit policymakers and funding agen-
cies by identifying emerging research directions and priori-
tizing areas for strategic resource allocation [4, 5]. A well-
constructed Future Work section serves both methodological
and practical purposes. For example, it encourages researchers
to critically reflect on their study’s limitations, fostering
higher-quality subsequent research while also streamlining the
peer review process by clarifying the authors’ awareness of
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challenges and next steps [6]. Recognizing the limitations of
a study provides clear signals for further exploration, bridging
current findings with future advancements [7]. Additionally,
generating sugesstive Future Work helps researchers align
with current priorities, uncover unexplored gaps, and avoid
redundancy. Furthermore, understanding long-term research
trajectories allows early-career researchers to identify high-
impact topics and strategically position their contributions in
advancing scientific progress [8].

Author-written Future Work sections are, by nature, often
speculative and may be expressed in broad or ambiguous terms
[9]. While this exploratory character is valuable for signaling
open directions, it can make such sections difficult to locate,
interpret, and systematically compare across papers. The level
of detail also varies across research communities and venues,
where factors such as page limits, reviewer expectations, and
time constraints shape how future directions are articulated.
Moreover, even when such sections are included, they may
receive limited attention post-publication, as readers often
focus primarily on the main contributions [48]. To address
these challenges, we generate Future Work automatically from
each paper and evaluate it against both the author-mentioned
future work and long-term goals extracted from OpenReview
peer reviews. By combining these peer-reviewed objectives
with author-written statements, our approach aims to construct
a more comprehensive and reliable ground truth for evaluating
future work generation.

Advances in artificial intelligence (AI) offer transformative
potential for addressing this gap. Unlike traditional methods,
Al can systematically synthesize research trajectories, uncover
latent connections, and propose novel directions that align with
emerging trends [10]. For example, Si et al. [11] demonstrate
that LLM-generated ideas are more novel than those generated
by human experts. However, current applications of Al like
ChatGPT risk homogenizing outputs and reducing individual
creativity [12, 13]. Standard LLMs may generate overgen-
eralized, irrelevant, or fabricated Future Work directions. To
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address these challenges, this work utilizes an LLM to suggest
Future Work, enhances its output using LLM-based feedback,
and incorporates RAG using cross-domain insights.

Evaluation of Al-generated Future Work sentences is chal-
lenging. Traditional Natural Language Processing (NLP) eval-
uation metrics that rely on n-gram text overlaps or semantic
similarity, such as ROUGE [14], BLEU [15], and BERTScore
[16] to compare the generated text with references, fail to fully
capture the nuances of this generation process. To address this
issue, we incorporate LL.M-based evaluation alongside NLP-
based evaluations, providing human-like assessments with
explanations. If the generated Future Work does not meet
quality thresholds, we refine it using an LLM-driven feedback
loop, improving its alignment with the context. We mitigate
issues such as vagueness and redundancy observed in prior
Al-driven ideation tools by integrating iterative large language
model (LLM) feedback.

The goal of this research is not to replace authors in writing
their own Future Work sections, but to develop a framework
that can automatically extract, generate, and evaluate Future
Work statements from scientific papers. This serves two com-
plementary purposes: (1) enabling authors and researchers to
obtain higher-quality and more diverse suggestions for Future
Work in their own studies, and (2) allowing the broader
community to systematically identify and analyze research
directions across large collections of papers. To this end, we
propose an LLM-based framework that integrates Retrieval-
Augmented Generation (RAG), iterative LLM feedback, and
LLM-as-a-judge evaluation.

Moreover, in our study, we’ll be addressing these research
questions:

RQ1: How reliable is an LLM in extracting future work
statements compared to traditional tool-based methods?
RQ2: How does input context selection (top-3 vs. all sections)
impact the quality of LLM-generated future work, and how
does RAG influence these results?

RQ3: How does expanding ground truth with peer-
review goals and incorporating LLM feedback impact the
performance and quality of LLM-generated future work?

Our contributions can be summarized as follows:

Dataset. We created a dataset of Future Work sentences
from nearly 4,000 papers collected from the ACL conference
from 2023 and 2024 and 1000 papers from NeurIPS. Papers
often do not have exclusive Future Work sections (they are
combined with general conclusions or limitations), therefore,
we use LLMs to extract relevant sentences. We also validated
this extraction process on a random sample of the dataset
with human annotators, ensuring that the LLM accurately
identifies future-work content.

Future Work Generation. To address RQ2, we prompted
LLMs to generate future work suggestions using two input
configurations: the top-3 most relevant sections and the full
content (excluding the ground truth future work). Also, we
developed an RAG-based system that augments the input
with relevant content from related papers, enriching the

generation process and improving the depth and relevance of
the suggested future directions.

LLM Feedback and Judgment Framework. To address
RQ3, we incorporated long-term research goals from
OpenReview to enrich the ground truth, applied LLM
feedback to iteratively refine the generated future work, and
used an LLM as a judge to evaluate quality—moving beyond
traditional NLP-based metrics to assess dimensions such as
novelty, feasibility, and hallucination.

II. RELATED WORK

Recent advancements in NLP and LLMs have enabled the
automatic extraction and generation of various sections of
scientific articles, including abstracts [18], methodologies [19],
charts and graphs [22], and limitations [20, 21, 51]. Within
the domain of Future Work, prior studies have focused on
tasks such as extraction [23], classification [24], identifying
creative topics [25], thematic categorization [26], and trend
prediction [27]. For example, a BERT-based model has been
used to annotate “future research” sentences, enabling cluster-
ing [28] and impact analysis [29]. Other efforts have integrated
retrieval-augmented methods for idea generation [30] and
trend forecasting [49]. However, most of these approaches
emphasize identifying or categorizing Future Work rather than
generating actionable suggestions. Our work addresses this
gap by leveraging LLMs to synthesize suggestive Future Work
informed by both paper content and peer-review insights.

Beyond Future Work, the application of LLMs in scientific
discovery has gained significant attention. In the biomedical
domain, LLMs have been used to generate new discoveries
[31], while social science studies employed LLM-based agents
to automatically propose and test hypotheses [32]. Similarly,
probabilistic models have been explored for hypothesis gen-
eration using reward functions [33]. Statistical tests further
show that LLM-generated research ideas can exhibit greater
novelty than human-generated ones when comparing outputs
against topics from recent conferences [34, 35]. These findings
underscore the potential of LLMs for ideation, though their
application to automated Future Work generation remains
underexplored.

To enhance factual grounding, Retrieval-Augmented Gener-
ation (RAG) has emerged as a promising strategy. RAG im-
proves generation by retrieving relevant passages from external
corpora and conditioning the model’s output on this evidence,
thereby reducing hallucination and improving relevance [49].
In our framework, we employ RAG to generate Future Work
suggestions that align more closely with both the source paper
and peer-review feedback.

A further challenge lies in improving the quality of LLM-
generated content. Prior work has shown that human feedback
can enhance outputs [36], while self-refinement methods allow
LLMs to identify and correct their own mistakes without
human intervention [37]. For example, iterative fine-tuning ap-
proaches [38], in-context prompt criticism [39], and feedback-
driven hypothesis generation [40, 41] all highlight the potential



of feedback mechanisms. Inspired by these approaches, we
incorporate LLM feedback loops to refine generated Future
Work and use the LLM itself as a judge, thereby improving
fluency, coherence, and originality without additional training.

Finally, the evaluation of LLM-generated text has been
widely studied. Research comparing human and LLM judg-
ments [43, 44] shows that LLM-based evaluations align well
with human annotators. Building on these insights, our frame-
work combines NLP-based metrics (e.g., ROUGE, BLEU,
BERTScore) with LLM-based evaluation dimensions such as
novelty, feasibility, coherence, and hallucination.

In summary, while prior research has advanced extraction,
classification, and trend prediction of Future Work, as well as
LLM-driven scientific discovery, the suggestive generation of
Future Work remains an open challenge. Our work addresses
this by combining LLM generation with RAG for grounding,
iterative feedback for refinement, and robust evaluation metrics
to assess quality and originality.

III. DATASET COLLECTION

We created our dataset by extracting Future Work sentences
from 2,354 papers in ACL 2023 and 2,208 papers in ACL
2024, for a total of 4,562 papers. We also collected 1,000 pa-
pers from NeurIPS, along with their open-access peer reviews
from OpenReview ! from 2021-22.

1. Author mentioned future work: We extracted all
sections from a paper using the ScienceParse tool > and
extracted the ‘main review’ from OpenReview using Selenium.
Then, we constructed the ground truth for future work by
extracting content from both the paper and its OpenReview
page. Our ground truth includes two components: (1) author-
mentioned future work and (2) long-term goals suggested
by peer reviewers. The extraction process consisted of two
stages—an initial rule-based extraction using a tool, followed
by refinement using GPT.

A. Tool-Based Extraction: Author-mentioned future work
appears in two forms: explicit and implicit. For explicit future
work, we identified papers with a clearly labeled section such
as “Limitations and Future Work” and extracted the entire
section using the Science Parse tool.

For implicit Future Work, where future directions are dis-
cussed within other sections (e.g., Discussion, Conclusion),
we searched for the presence of keywords such as “future”
or “future work” (case-insensitive). We did not extract from
the Abstract, Introduction, Related Work, or Methodology
sections, as these typically do not contain future work state-
ments. Once a matching sentence was found, we extracted
that sentence and all subsequent ones until the start of the
next section. To avoid including unrelated content, parsing was
stopped if we encountered any sentence containing keywords
like “grant”, “discussion”, or “acknowledgements”. Python
regular expressions were used to automate this extraction. We
denote the extracted future work by the tool as F3.

Thttps://openreview.net
Zhttps://github.com/allenai/science-parse

B. Re-extracted future work by LLM: Tool with Regex-
based string matching contains various noisy sentences which
is not related to future work, showing a high recall, so
we further filtered these sentences using LLMs to improve
precision. Since most papers do not have a dedicated section,
it is often scattered in any other section. Therefore, filtering out
noisy sentences is crucial to ensure accurate extraction. Here
we employed an LLM as an extractor role to isolate only
Future Work sentences while removing irrelevant sentences.
We sent the tool-extracted future work F; to LLM (GPT-4o0
mini) and prompted it to extract sentences only related to
future work, without generating any sentences, and get refined
future work Fj.

This produces Future Work paragraphs from 4562 papers
from ACL and 1000 papers fron NeurIPS, averaging five
sentences per paper with an average word length of 63.

2. OpenReview: Since no ACL OpenReview were available
during our data collection process, we collected OpenReview
from the NeurIPS papers only.

A. Tool-Based Extraction: At first, we used a parsing tool
(Selenium) to extract reviews from OpenReview, denoted as
O Ft-

B. Re-extracted by LLM: After parsing text from OpenRe-
view, we gathered all peer feedback Oy, and used an LLM to
extract potential future-work suggestions for the authors. But
these can include short-term extensions, implementation notes,
or minor improvements. To ensure that only meaningful long-
term research goals are retained, we applied a second LLM
to validate the initially extracted sentences from OpenReview.
This step filtered out any content that did not reflect true long-
term research directions, resulting in a curated set of goals
denoted as Op,4. This additional step helps distinguish strate-
gic, forward-looking directions from routine or incremental
feedback.

3. Master Agent: We employed a master agent LLM to
concatenate the author-mentioned future work (F,) with the
long-term goals extracted from OpenReview (Op4), without
generating any new content. The master agent was designed
to identify and merge overlapping or duplicate future work
suggestions between F, and Op,. The entire extraction and
merging process was carried out using GPT-40 mini.

A. Evaluation

We generated future work with LLM + RAG setting denoted
as F/, where input is Abstract, top 3 sections, and related
texts from RAG (Details in Section IV). To compare the
quality of the tool-extracted future work (F;) and the LLM-
extracted future work (F}), we used the LLM-generated future
work (Ff) as a reference. Specifically, we conducted an
NLP-based evaluation by comparing F; and F, against F,
which is Evalnip(Fy, F(;) and Evalnip(Fy, F/,) As shown in
Table I, the GPT-extracted ground truth (F}) outperforms the
tool-extracted ground truth (F}) across nearly all models and
metrics, with notable gains in BERTScore, Jaccard Similarity,
and Cosine Similarity. The main reason is that F}; often



includes noisy or irrelevant sentences, while Fy filters these
out and retains only true Future Work content, resulting in
stronger alignment with LLM-generated text.

Model R-L BScore JS CS Bleu
Tool extracted Future Work (F;)

GPT 3.5 16.65 8628 13.70 44.84 3.18

GPT4om 1422 8591 11.55 4053 129

GPT4om+RAG 16.41 8640 13.27 4036 2.84
GPT Extracted Future Work (Fy)

GPT 3.5 20.64 87.88 18.49 5536 5.61

GPT 4om 17.69 87.44 15.87 5052 2.72

GPT4om+RAG 14.19 87.67 1695 4932 342

TABLE 1

PERFORMANCE COMPARISON OF DIFFERENT MODELS, EVALUATED
AGAINST TOOL- AND GPT-EXTRACTED FUTURE WORK USING
LLM-GENERATED FUTURE WORK AS THE REFERENCE, BASED ON ACL
PAPERS. NOTE: GPT 40M, R-L, BSCORE, JS, CS REFERS TO GPT 40
MINI, ROUGE-L, BERTSCORE, JACCARD SIMILARITY, AND COSINE
SIMILARITY, RESPECTIVELY.

B. Human Evaluation

Additionally, we conducted a human evaluation to assess
the effectiveness of LLMs in extracting future work sentences
without introducing hallucinated or fabricated content. A user
study was carried out on 500 randomly selected samples,
involving three annotators who were asked: “Do you think
the LLM extracted future work only, without generating new
content or hallucinating?” We provided annotators with both
the tool-extracted future work and the LLM-extracted future
work for comparison. All annotators agreed that the LLM
faithfully extracted existing future work sentences, primarily
filtering out noisy content without introducing new informa-
tion. The annotators were graduate students with a background
in machine learning and had no affiliation with this study.

IV. METHODOLOGY

We propose a multi-stage framework for generating, evalu-
ating, and analyzing LLM-based future work suggestions. The
workflow includes: (1) constructing a high-quality dataset, (2)
generating future work using LLMs with and without retrieval
augmentation (RAG), (3) evaluating the generated outputs
against ground truth using both NLP-based and LLM-based
metrics, (4) assessing hallucination, novelty, and feasibility,
and (5) validating results through human evaluation.

Our work focuses on an LLM-based RAG pipeline that gen-
erates future-work sections directly from ACL and NeurIPS
papers. At first, we extracted the author’s mentioned future
work from the paper, then we re-extracted it using GPT. We
also did a similar process for OpenReview and made a ground
truth containing the author’s mentioned future work and long-
term goals from OpenReview (Details in III). In the ACL
dataset, the ground truth consists of author-stated future work
statements extracted using an LLM, F,. For the NeurIPS
dataset, the ground truth includes both the authors’ future work
statements and long-term suggestions from OpenReview peer
reviewers, (Fy, + Opg). In both cases, we constructed input
data by collecting all texts from the full paper after removing

‘author-mentioned future work’. The future work generated by
the LLM with RAG from the input data is denoted as F(,.
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Fig. 1. Overview of our LLM + RAG future-work pipeline: we extract
author-written future work from the paper, extract long-term goals from peer
reviews via a tool + LLM, generate new future work suggestions with a
RAG-augmented LLM from the paper, evaluate their quality, and apply self-
feedback for refinement.

Figure 1 depicts our end-to-end pipeline: starting from
a sample paper, we first extract candidate “future work”
sentences F} via regex with tool and refine (re-extract) them
with an LLM and get F),, then pull peer-review comments
from OpenReview and use the same LLM to isolate long-term
goals (step 2,3), merging both using master LLM to make a
robust ground truth. We remove the author’s mentioned future
work, feed the paper to an LLM augmented by a vector-
store retriever that supplies related documents, and generate
new future work suggestions (step 4,5,6). Each paper is
automatically scored on NLP metrics and LLM-based criteria
(coherence, relevance, novelty, grammar, overall impression),
and any suggestion scoring below a threshold of 3 is critiqued
and re-fed into the generator for a polished second iteration
(step 7). A more detailed overview of the tasks in this stage
is given below.

Section Selection: Processing a full paper has more com-
putational and API costs; to reduce computational and API
costs, we experimented with using the abstract and the top
three most relevant sections as input to generate future work
suggestions. To identify the most relevant sections, we used
a cosine similarity-based approach. We calculated the cosine
similarity between each section and the paper’s Future Work
text (Table II) across all papers, and we selected the top
three sections with the highest average cosine similarity. These
sections formed the basis for generating Future Work content.
For all experiments, we removed the author’s mentioned future
work from the paper and made the input text.

Generating Future Work Using LLM and RAG: Gen-



erating future work from a single paper can yield narrow or
generic suggestions, often defaulting to boilerplate ideas like
“use more data” or “apply to new domains.” RAG mitigates
this by grounding generation in paper-specific passages and re-
lated works, reducing hallucinations and improving relevance.
In our experiments, we generated future work using either the
top three sections or all sections (excluding the ground-truth
future work), supported by an RAG system built from 100
random research papers (Details V). The Retriever processes
the input query, which includes the prompt and the content of
the input paper. It then retrieves additional relevant information
from the vector database using a hybrid approach, FAISS
+ BM25, and applies a ranking mechanism to prioritize the
extracted text (Figure 1). Here, BM25 is a traditional term-
based method that ranks documents based on keyword overlap
and term frequency, and FAISS is a vector-based similarity
search library that retrieves texts based on dense embeddings.
The final augmented input is fed into the LLM Generator,
producing Future Work content based on the provided context
(Figure 1, step 6).

LLM as a Judge: Relying solely on NLP metrics (e.g., n-
gram overlap, similarity) often miss coherence, accuracy, and
fluency. Combining them with LLM-based metrics provides
a more holistic evaluation, capturing semantics, logical flow,
and human-like judgment while reducing bias toward surface
similarity. To assess the quality of generated future work, we
used LLM as evaluators. Specifically, we prompted LLMs to
rate each suggestion based on six criteria: coherence, rele-
vance, readability, grammar, overall impression, and novelty.
Each evaluation was rated on a discrete scale of 1 (worst) to
5 (best), with justifications (Figure 2). Our primary evaluator
was GPT-40-mini. To reduce generator—evaluator bias, we also
evaluated using LLaMA 3 70B.

s 2
Instructions: You are provided with two texts for each pair: one is

generated by a machine (Machine-Generated Text), and the other
is the original or ground truth text (Ground Truth). After reviewing
each text, assign a score from 1 to 5 based on the criteria outlined
below... Scoring Criteria: Coherence and Logic, Relevance and
Accuracy. Readability and Style. Grammatical Correctness. Overall
Impression. (5: The text is exceptionally coherent; the ideas flow
logically and are well connected. 3: The text is coherent but may
have occasional lapses in logic or flow. 1: The text is disjointed or
frequently illogical.) Task: For each text pair: Rate the Machine-
Generated Text on each criterion and provide a final overall score
out of 5. Provide a brief justification for your scores, highlighting
strengths and weaknesses observed in the machine-generated text
relative to the ground truth.

L

Fig. 2. Prompt for LLM as a Judge

Iterative Refinement: For each evaluation criterion (coher-
ence, relevance, readability, grammar, overall impression, and
novelty), we set a threshold of 3 as an acceptable midpoint
(7 for novelty). If an LLM-generated Future Work received
a score less than or equal to the midpoint in any metric, the
justification was incorporated into the prompt, and the Future
Work was regenerated accordingly (Figure 3). This iterative
refinement process was repeated up to two times to assess
whether performance improved (Figure 1, step 9, 10, and 11).

rYour task is to generate a refined “future work™ section for a
scientific article. Input: [Input Paper]
Here I am providing the texts and have found these problems. At
first, read the feedback and try to improve it when you generate
future work. [LLM Feedback]
Based on these details, please generate comprehensive and plausible
future work suggestions that could extend the research findings,
address limitations, and propose new avenues for exploration. Future
kwork should be within 100 words.

J

Fig. 3. Prompt for Iterative Refinement

Incorporating OpenReview: Authors are often ambiguous
or hesitant to disclose ambitious or speculative research plans
in their own papers [9]. Relying solely on author-mentioned
Future Work is therefore not ideal, as authors may be reluctant
to share their true research directions or may intentionally limit
the scope of their suggestions. To address this limitation, we
incorporate long-term future work suggestions from OpenRe-
view reviewers and combine them with author-stated future
work to construct a more comprehensive ground truth (see
Section IIT). These reviewer insights can uncover overlooked
or forward-looking directions that are not explicitly stated
by the authors but are critical for advancing the field. We
evaluated our approach using three types of ground-truth
annotations on NeurIPS data: Author-Mentioned Future Work
(FW), OpenReview feedback (OR), and their combination
(FW + OR). These labels served as supervision signals to
assess the quality of LLM-generated suggestions. We applied
this evaluation framework across two model settings: GPT-40-
mini and GPT-4o0-mini with RAG.

Measuring Novelty: Measuring novelty is important to
assess whether LLM-generated Future Work introduces ideas
beyond the ground truth. While alignment ensures relevance,
novelty reflects the model’s ability to propose fresh, forward-
looking directions. We define novelty as the extent to which
the generated text contains ideas absent from the ground
truth. Following prior work on LLM-based evaluation, we
operationalize novelty as a 0—10 scale judged by an evaluator
LLM (GPT-40 mini), where O indicates complete overlap (no
new ideas) and 10 indicates entirely new research directions.
In this scale, a score of around 7 suggests that the output
introduces some original ideas while still overlapping with the
ground truth, whereas a score of 8 or higher reflects stronger
divergence and originality. To evaluate this, we prompted the
evaluator LLM to assign a score with justification for each
generated output (Figure 4). Furthermore, if a paper’s novelty
score was less than or equal to 7, the justification and input
paper were sent back to the LLM to regenerate the Future
Work, thereby encouraging more diverse and underexplored
directions.

Measuring Hallucination: Measuring hallucination is cru-
cial in future work generation to ensure that the suggestions
are grounded in the original paper’s content and not fabri-
cated or misleading. Hallucinated outputs can misrepresent
the study’s scope, overstate limitations, or propose directions
that are inconsistent with the paper’s findings. By evaluat-
ing hallucination, we can assess the factual consistency and



You are an expert in evaluating research content for novelty and

innovation. I have two sets of text provided below:

Ground Truth Future Work:

LLM-Generated Future Work:

Your task is to compare the LLM-generated future work to the

Ground Truth future work and assess its novelty relative to the

Ground Truth future work. Follow these steps:

Evaluate Novelty: Identify unique ideas, approaches, or directions

in the LLM-generated future work that are not present in the

Ground Truth future work. Analyze how innovative or distinct these

additions are in the context of the research field.

Quantify Novelty: Provide a novelty score (0-10) for the LLM-

generated future work, where O indicates complete overlap with

the ground truth future work (no new ideas) and 10 indicates

entirely new and distinct ideas. Justify the score with a clear reason

explaining the extent of novel contributions or lack thereof. Present

your response in a JSON object with the keys score (integer from
\0-10) and reason (a concise explanation of the score).

Fig. 4. Prompt for Measuring Novelty

trustworthiness of the generated future work. So we measured
hallucination by reframing it as a natural language inference
(NLI) task. For each generation, we treated the original paper
text concatenated with the ground-truth future work as the
premise and the LLM-generated future work as the hypothesis
(Figure 5). A judge LLM was employed to ask to classify
whether each pair as entailment, neutral, or contradiction, and
if the hypothesis is neutral or contradicts the premise, it was
marked as hallucination.

You are a natural language inference (NLI) classifier. Given
a premise and hypothesis, respond with exactly one word:
“entailment”, “neutral”, or “contradiction”.
Premise: Input paper

Hypothesis: LLM generated future work

Fig. 5. Prompt for Measuring Hallucination

Feasibility Check: LLM-generated future work may appear
insightful, but it may often lack the grounding needed for
actual implementation. If such suggestions are not feasi-
ble—given the paper’s methods, data, or research scope—they
risk promoting impractical or unrealistic research directions.
To address this concern, we conducted feasibility checks on
each future work suggestion generated by both the LLM
and LLM+RAG settings. Using a separate LLM (GPT-40-
mini) as a judge, we conducted a feasibility assessment by
prompting whether each LLM and RAG-generated future work
suggestion was executable given the paper’s methods, data,
or research context (Figure 6). We provided an input paper,
LLM generated future work to judge LLM, and the judge
LLM was instructed to return a binary judgment: feasible or
not feasible. This assessment is crucial to ensure that LLM
and RAG generated future work is not only meaningful but
also applicable and actionable, supporting more grounded and
effective research planning.

V. EXPERIMENTAL SETUP

Our work is future work generation, where we benchmarked
a diverse mix of generative and retrieval-augmented methods
to understand their relative strengths under realistic con-
straints. BART and TS5 serve as strong, well-studied seq2seq

“You are an expert reviewer. Below is the content of a research
paper followed by a suggestion for future work. Evaluate whether
the future work is executable in the context of the paper’s
methodology, dataset, or other components. Respond with exactly
one word: ’feasible’ or 'not feasible’.”
Paper Content: Input paper

Future Work Suggestion: LLM generated future work

Fig. 6. Prompt for Measuring Feasability
Abs. Intro. RW Data Meth. Exp. Con. Lim.
025 0.25 021 0.08 0.15 022 022 0.21

TABLE 11
AVERAGE COSINE SIMILARITY OF EACH SECTION WITH FUTURE WORK.
N.B: CS, ABS, INTRO, RW, DATA, METH, EXP, CON, LIM MEANS COSINE
SIMILARITY, ABSTRACT, INTRODUCTION, RELEATED WORK, DATA,
METHODOLOGY, EXPERIMENT, CONCLUSION, AND LIMITATIONS,
RESPECTIVELY.

baselines with fixed token-limit trade-offs, while GPT-3.5
and GPT-4o illustrate how off-the-shelf LLMs perform zero-
shot under a controlled prompt budget. Fine-tuning LLaMA-
3.1 with LoORA/QLoRA and FlashAttention demonstrates that
even large open-source models can be adapted efficiently on
modest hardware. Finally, integrating RAG grounds generation
in concrete evidence, and comparing one-shot versus zero-shot
LLM evaluators (GPT vs. Llama) lets us quantify both gen-
eration quality and evaluator bias. This multi-axis evaluation
ensures our conclusions generalize beyond any single model or
configuration. We conducted experiments with LLaMA and its
fine-tuning on an A100 GPU with 40 GB VRAM. For BART
and TS5 models, we utilized Google Colab with a T4 GPU (15
GB VRAM). GPT-40 mini was accessed via the OpenAl APIL.

Generating Similarity between Other Sections and Fu-
ture Works: We used Sentence Transformers (’all-MiniLM-
L6-v2’) for embedding generation and scikit-learn’s cosine
similarity function for similarity computation.

Fine-Tuning Models: First, we fine-tuned BART (1,024-
token limit) and T5 (512-token limit) on a 70/30 train/test
split, discarding any over-length inputs. For LLaMA 3.1 7B
fine-tuning, it was trained using ‘Abstract,” ‘Introduction,” and
‘Conclusion’ as input, and the extracted ‘ Future Work’ was
used as output. Leveraging LLaMA’s extensive pretraining, we

Metrics w/o LLM’s feed w LLM’s feed
ROUGE-1 24.33 25.74(+1.41)
ROUGE-2 5.27 7.85(+1.05)
ROUGE-L 17.24 20.25(+2.58)
BScore(f1) 87.23 87.50(+0.27)

Jaccard Sim. 15.40 18.13(+2.73)
Cosine Sim. 48.07 57.03(+8.96)
BLEU 2.38 5.74(+3.36)
Coherence 3.94 3.97(+0.03)
Relevance 4.07 4.62 (+0.55)
Readability 3.19 3.49 (+0.30)
Grammar 4.02 4.01 (-0.01)
Overall 3.85 3.95 (+0.10)

TABLE III

COMPARISON OF PERFORMANCE WITHOUT AND WITH LLM FEEDBACK
USING GPT-40 MINT IN ACL DATA.



TABLE IV
FUTURE-WORK SUGGESTIONS FROM DIFFERENT SOURCES

Source Future-Work

Ground We will explore the application of SWAD (Stochastic Weight

truth Averaging Densely) to other robustness problems, including Ima-
geNet classification and its robustness benchmarks.

LLM Future research could explore the applicability of flatness-aware
methods in other machine learning contexts, such as reinforcement
learning or unsupervised learning.

RAG Investigate the effectiveness of the SWAD method across a wider

variety of datasets and domains, particularly those with significant
distribution shifts. This would validate the generalization capabil-
ities of SWAD beyond the current benchmarks.

fine-tuned it with QLoRA (4-bit, alpha=16) and FlashAttention
on a 30/70 train/test split for 60 steps (learning rate 2e-4, 2048-
token context). During testing, we provided a prompt with
detailed instructions for generating Future Work, with a max-
imum output length of 128 tokens and a temperature setting
of 1. Zero/Few Shot(s) LLM: We ran GPT-3.5 and GPT-40
in zero-shot mode, leveraging their 16 K and 128 K context
windows, respectively. For LLM as a judge and LLM as an
extractor, we used a zero-shot approach with GPT-40 mini.
LLM with RAG Integration: We integrated RAG with GPT-
40 mini for Future work generation, leveraging OpenAl’s ‘text-
embedding-3-small’ model for relevant document retrieval.
Our vector database comprises 100 randomly selected papers
from the dataset, and these papers were removed from the
dataset. For semantic search using vector embeddings, we
employed Llamalndex 3, utilizing its in-memory vector store
rather than an external database. We used a hybrid retriever
system to fetch the data from the vector database consisting of
BM25 and FAISS with an equal weight of 50%. We segmented
the data into chunks of up to 512 tokens to accommodate
smaller context windows. The overall context window was
set to 3,900 tokens—the maximum number of tokens the
LLM can process at a time. Additionally, we set K = 3,
meaning that the top three most relevant chunks are retrieved
from the vector store to provide contextual support during the
generation process.

VI. EXPERIMENTS AND RESULTS
A. Evaluation of Future Work Generation

We experimented with various LLMs (Table V), incor-
porating RAG to generate Future Work sections. Table IV
presents qualitative examples of Future Work statements from
the original paper (ground truth), LLM-generated output, and
RAG-generated output. The RAG-generated examples tend to
be longer and contain a greater number of ideas compared to
both the ground truth and the LLM-only output

Traditional NLP-based metrics primarily focused on lexi-
cal overlap and semantic quality, and LLM-based evaluation
provides more contextual assessment and novelty. NLP-based
metrics couldn’t measure novelty and relied more on ground
truth, missing the depth evaluation. Solely relying on an

3https://www.llamaindex.ai/

LLM-based evaluation system raises potential bias issues. To
alleviate these problems, we incorporated both LLM-based and
NLP-based evaluation systems to make a robust evaluation
system for evaluation by focusing on coherence and logic,
relevance and accuracy, readability and style, grammatical
correctness, overall impression, and novelty.

Evaluation-among all models: We evaluated multiple mod-
els and found that GPT-40 mini with RAG performed best
overall when LLM feedback was incorporated once (iteration
2), as shown in Table V. This configuration achieved the
highest scores across both traditional NLP metrics and LLM-
based evaluations. Interestingly, applying RAG with GPT-
40 mini in the first iteration slightly reduced performance
compared to using GPT-40 mini alone. For example, ROUGE-
L dropped by 3.5 points and cosine similarity by 1.2 points,
while coherence, relevance, readability, and grammar also
saw small decreases. This suggests that introducing external
knowledge too early may sometimes add noise or distract
the model from the original paper content. For the NeurIPS
dataset (Table VI), RAG did not improve NLP-based metrics
when evaluated against author-mentioned future work (FW),
OpenReview reviews (OR), or their combination (FW+OR).
However, it did yield modest gains on LLM-based evaluations.
For example, when FW was used as ground truth, readability
improved by +1.05 and grammar by +0.19; and when FW+OR
was used, readability improved by +1.04 and grammar by
+0.33. These results highlight that while RAG may not always
boost traditional overlap metrics, it can enhance the fluency
and readability of generated text.

Evaluation-incorporating LLM feedback: After gener-
ating the Future Work text, we used a separate LLM as a
judge, providing scores and short justifications. This feedback
was then fed back into the generation process to refine the
output. Our experiments show that adding feedback once
significantly improved performance across multiple evaluation
metrics (Table III). For instance, a single feedback round
helped produce text that was more accurate, coherent, and
aligned with the source paper. Interestingly, we observed
that one round of feedback was optimal. While the first
feedback loop (iteration 2) boosted performance for GPT-40
mini with RAG (Table V), a second round (iteration 3) ac-
tually reduced performance, likely because repeated feedback
introduced bias. On the NeurIPS dataset (Table VI), the same
pattern emerged: a second feedback round provided small
improvements in readability and grammar but slightly lowered
overlap-based metrics. Since GPT-40 mini + RAG already
achieved strong scores after one iteration, additional feedback
was unnecessary. Overall, these findings highlight that a single
round of feedback integration balances improvement with
stability, making it the most effective strategy.

Novelty Evaluation: We evaluated the novelty of LLM- and
RAG-generated Future Work using three ground-truth settings:
author-mentioned future work (FW), OpenReview reviews
(OR), and their combination (FW + OR) (Table VI). Unlike
established metrics such as BLEU or precision, novelty scoring
is inherently subjective, as it depends on the evaluator model



Model Iteration R-L BS JS CS Bleu Coh Rel Read Gr

GPT 3.5 1 20.64 87.88 1849 5536 5.61 3.89 447 338 4.04

Llama 3 Zero Shot 1 10.38 85.61 1452 5227 227 383 447 4.04 3.44

Llama 3 Fine Tuning 1 - 85.54 1228 4537 114 337 369 290 3.65

GPT 40 mini 1 17.69 87.44 1587 5052 272 394 4.07 3.19 4.02

GPT 40 mini + RAG 1 14.19 87.67 1695 4932 342 393 396 3.18 4.01

GPT 40 mini + RAG (Ours) 2 20.87 88.15 18.67 5833 5.67 397 450 350 4.06

GPT 40 mini + RAG 3 20.18 8794 1792 5634 4.68 396 434 336 4.05
TABLE V

PERFORMANCE COMPARISON OF VARIOUS MODELS IN GENERATING FUTURE WORK IN ACL DATA. INPUT IS THE TOP 3 SECTIONS WITH THE ABSTRACT.
NOTE: METRICS INCLUDE ROUGE (R-L), BERTSCORE (BS), COSINE SIMILARITY (CS), JACCARD SIMILARITY (JS), BLEU (BL), COHERENCE
(CoH), RELEVANCE (REL), READABILITY (READ), GRAMMAR (GRAM).

GT Iter. R-L BS CS JS Bleu Coh Rel Read Gram Novelty Overall
GPT 40 mini

Fw 1 1554 85.02 68.23 11.21 229 431 463 382 4.81 7.28 4.29

OR 1 12.34 8294 6256 1043 126 3.67 437 3.19 4.18 7.84 3.65
FW+OR 1 1832 8520 7433 1446 355 441 487 3.85 4.67 7.28 4.40
FW+OR 2 1743 84.63 7350 1429 342 448 479 4.15 4.89 8.00 4.44

GPT 40 mini + RAG

FW 1 11.89 83.00 6327 872 1.08 426 4.04 4387 5.00 7.70 4.15

OR 1 1243 8281 6291 10.15 101 456 456 4.89 5.00 7.80 4.52
FW+OR 1 1590 83.47 7257 1229 2.02 417 436 4.89 5.00 7.11 438

TABLE VI

PERFORMANCE COMPARISON BETWEEN DIFFERENT METHODS IN NEURIPS DATA. HERE, GT, FW, OR, ITER MEANS GROUND TRUTH, AUTHOR
MENTIONED FUTURE WORK, OPENREVIEW SUGGESTION, AND ITERATIONS, RESPECTIVELY.

Metrics All sections 3 sections
ROUGE-1 21.08 20.3(-0.78)
ROUGE-2 6.41 5.36(-1.05)
ROUGE-L 17.03 16.65(-0.38)
BScore(f1) 86.40 86.28(-0.12)
Jaccard S 14.54 13.70(-0.84)
Cosine S 45.69 44.84(-0.85)
BLEU 4.13 3.18(-0.95)
TABLE VII

PERFORMANCE COMPARISON OF GPT-3.5 IN GENERATING FUTURE
WORK USING THREE SELECTED SECTIONS VERSUS FULL-TEXT INPUT,
EVALUATED AGAINST BOTH TOOL EXTRACTED GROUND TRUTH (GT)

AND GPT-EXTRACTED GROUND TRUTH ON ACL DATA.

and the chosen ground truth. We therefore interpret novelty
comparatively across settings rather than as an absolute value.
Across all ground truths, the relative trends were consistent:
GPT-40 mini produced reasonably novel suggestions, and
adding RAG slightly increased novelty when FW was used as
the reference (+0.42), though it led to a small decrease when
FW + OR was used (-0.17). The most notable improvement
came from introducing self-feedback, which raised the novelty
score from 7.28 to 8.00, the highest across all settings. This
indicates that a single round of feedback helps the model
generate more diverse and underexplored research directions,
while the comparative analysis across FW, OR, and FW+OR
provides a more robust view of originality.

LLM as a Judge: All of our evaluation experi-
ments—including future work extraction and the assessment
of coherence, relevance, readability, grammar, novelty, hallu-
cination, and feasibility—were conducted using GPT-40 mini.
While LLM-based evaluation is inherently more subjective

than standard metrics such as BLEU or ROUGE, prior work
has shown that LLMs can approximate human judgments with
reasonable reliability. In our case, GPT-40 mini produced
evaluations that aligned well with human annotations (see
Section VI, B). To check robustness, we also experimented
with LLaMA 3 70B, which produced less reliable justifications
and tended to inflate scores even for low-quality outputs.
These differences highlight that absolute values should be
interpreted cautiously, and our results are best understood in
comparative terms across settings (e.g., LLM-only vs. RAG,
with vs. without feedback) rather than as fixed absolute scores.

Hallucination Rate: To assess whether LLM- and RAG-
generated Future Work contained hallucinations, we employed
a natural language inference (NLI)-based approach that treated
the input paper as the reference. Hallucination rates were then
evaluated using two judge models: GPT-40 mini and LLaMA
3 8B (Table VIII). When GPT-40 mini served as the judge,
about one in four generated Future Work statements (26.26%)
contained information not supported by the source paper or
its ground-truth future work, but this rate dropped to 19.52%
when RAG was incorporated, indicating that retrieval helps
ground the generated text more closely in the source content.
In contrast, LLaMA 3 8B judged the same outputs much more
conservatively, reporting only 3.60% hallucinations. However,
this very low rate appears to reflect the limitations of LLaMA
3 8B as a judge rather than stronger grounding: the model
has a shorter context window (8K) and fewer parameters (§B),
and in practice, it almost always classified the LLM-generated
text as entailment. For this reason, we do not rely on LLaMA
3 8B as a reliable judge. Overall, hallucination rates should



be interpreted comparatively rather than absolutely: the key
finding is that RAG consistently reduces hallucination relative
to LLM-only generation.

Feasibility Check: We measure how feasible LLM + RAG-
generated future work is in terms of data and methodology. We
employed a new GPT-40 mini as evaluator, and the evaluation
revealed that 98.92% of the LLM + RAG-generated future
work was classified as feasible, indicating strong contextual
alignment between the proposed future work and the method-
ology and data described in the source papers.

Text Generation Evaluator Hallucination
Rate
GPT 40 mini GPT 40 mini 26.26 %
GPT 40 mini+RAG  GPT 40 mini 6.74 %
GPT 40 mini Llama 3 8B 3.60 %
TABLE VIII
HALLUCINATION RATE OF EACH MODEL IN NEURIPS DATA (LOWER IS
BETTER)
Ques. Rating W. Kend’
(Avg.) Kappa Tau
Ql 2.12 0.30 0.36
Q2 2.75 0.28 0.29
TABLE IX

AVERAGE RATING AND ANNOTATORS USER AGREEMENT ON USER STUDY.

B. Human Evaluation

Using the same LLM (GPT-40 mini) as the extractor,
generator, and evaluator may introduce potential biases, such
as self-validation and confirmation bias. To mitigate this
concern, we conducted a threefold human evaluation who are
PhD-level NLP researchers (not affiliated with this study). 1.
Evaluating the Extractor (LLM as Extractor): We asked
three independent annotators to assess whether GPT-40 mini
accurately extracted future work statements without generating
new content or hallucinating. All annotators confirmed that the
LLM faithfully extracted relevant content without introducing
noise or fabricated text (see Section III, B). 2. Evaluating the
Generator (LLM as Generator): To assess the quality of
the LLM-generated future work, we randomly sampled 100
examples and asked three annotators to rate the generated
outputs. The evaluation focused on the question: Q1: How
well does the LLM-generated future work align with the
ground truth? We provided annotators with the LLM-extracted
ground truth alongside the LLM-generated future work for
evaluation. As shown in Table IX, the responses yielded a
moderate average score of 2.12 out of 3, with a Cohen’s
Kappa of 0.30 and Kendall’s Tau of 0.36, indicating consistent
agreement among annotators. 3. Evaluating Feedback (LLM
as Feedback Provider): To evaluate the effect of LLM-based
self-feedback, we asked annotators the following: Q2: Does
the LLM feedback iteration improve the originality and quality
of the generated future work? We provided annotators with
the initial LLM-generated future work alongside its revised
version after incorporating one round of LLM feedback.
The one-round feedback approach achieved a high average

score of 2.75 out of 3, suggesting that the feedback loop
significantly enhanced the originality and overall usefulness
of the generated content.

C. Ablation Study

Evaluation-considering all sections vs top-3 sections.
We used cosine similarity to identify the three most relevant
sections in the ACL dataset. Future work was then generated
using two input settings: (1) the top three most relevant
sections, and (2) all sections excluding the author-mentioned
future work. We evaluated performance using NLP-based
metrics by comparing the LLM-generated future work against
the ground truth (author-mentioned future work combined with
OpenReview suggestions). As shown in Table VII, using only
the top three sections led to a slight performance drop across
all metrics, including ROUGE-L (-0.78), BERTScore (-0.12),
Jaccard Similarity (-0.84), and Cosine Similarity (-0.85).

Evaluation incorporating OpenReview We conducted an
ablation study using three types of ground truth: FW (author-
mentioned future work), OR (long-term goals from OpenRe-
view), and FW + OR (a combination of both). As shown
in Table VI, the combined FW + OR setting consistently
produced the best results. For example, when GPT-40 mini was
used as the generator, FW + OR outperformed FW alone with
clear gains in overlap and similarity metrics (e.g., ROUGE-L
improved by +2.78 and cosine similarity by +6.10). Compared
to OR alone, the combined setting performed even better,
with ROUGE-L increasing by nearly +6 points and cosine
similarity by almost +12 points. These improvements suggest
that combining author-written and peer-reviewed goals gives
the model a broader and more balanced reference, leading to
richer and more diverse future work suggestions.

A similar pattern was observed when GPT-40 mini +
RAG was used as the generator. The combined FW + OR
ground truth again outperformed FW alone on most metrics,
including a +4.01 gain in ROUGE-L and a +9.30 gain in
cosine similarity. Compared to OR alone, the combined setting
also showed consistent advantages, though some LLM-based
evaluation metrics saw minor declines. Overall, the results
indicate that merging author and reviewer perspectives creates
a stronger ground truth, allowing LLMs to generate future
work that better captures the diversity of research directions.

GPT-extracted Ground Truth aligns well with LLM-
generated Future Work text than the tool-extracted ground
truth, indicating that the tool-extracted Ground Truth contains
more noise and irrelevant sentences.

VII. DISCUSSIONS

Our experiments focused on NLP and ML papers (ACL
and NeurIPS) because these venues provide large, open-access
datasets with rich peer-review feedback, making them ideal for
benchmarking. However, the framework itself is not domain-
specific. Extending it to other areas such as biomedicine
or social sciences would primarily require (1) constructing
domain-specific retrieval corpora, (2) curating ground truths



from available peer reviews or domain experts, and (3) adjust-
ing evaluation criteria to reflect community-specific standards.
While the core methodology—RAG for grounding, LLM-as-
a-judge evaluation, and iterative self-feedback—remains the
same, the effort lies mainly in dataset preparation and defining
appropriate evaluation references for each field. RQ1: How
reliable is an LLM in extracting future work statements
compared to traditional tool-based methods? Traditional
tools often miss Future Work when it is not a distinct section,
whereas our LLM-based extractor can identify relevant content
in such cases. Using LLM-extracted text as reference improves
performance across NLP- and LLM-based metrics compared
to tool-based extraction, as it filters out noise and yields
cleaner ground truth. Human evaluations further confirm its
reliability, showing that the LLM extracts relevant content
without hallucination. RQ2: How does input context selec-
tion (top-3 vs. all sections) impact the quality of LLM-
generated future work, and how does RAG influence these
results? Using only the top three most relevant sections,
instead of the full paper, resulted in a slight decline across most
NLP-based evaluation metrics. However, incorporating RAG
with GPT-40 mini improved overall performance, reduced
hallucinations, and increased some LLM based metrics, but
it decreased the performance in n-gram or semantic similarity
metrics as new information comes from the vector database.
RQ3: How does expanding ground truth with peer-review
goals and incorporating LLM feedback impact the per-
formance and quality of LLM-generated future work?
Augmenting the ground truth with long-term goals extracted
from OpenReview peer reviews led to consistent improvements
across all evaluation metrics. Which depicts LLM-generated
future work can be more effectively grounded when both the
author-mentioned future work and OpenReview feedback are
used together as reference, rather than relying on a single
source alone. Furthermore, a single round of LLM self-
feedback consistently improved performance across both NLP-
based and LLM-based evaluations. However, adding a second
round of feedback introduced verbosity and reduced overall
performance, suggesting diminishing returns with excessive
iteration. Throughout our study, GPT-40 mini served as both
the extractor and evaluator, demonstrating strong alignment
with human judgments.

VIII. CONCLUSIONS

The Future Work section is a forward-looking guide, helping
the research community explore new directions. We utilized
an LLM to extract Future Work, producing a more coherent
ground truth that enhances model performance and incorpo-
rated a strong ground truth from OpenReview to provide more
broader perspective. Additionally, we integrated an external
vector database to further improve LLM’s performance to
generate Future Work from input text. For evaluation, we
applied NLP-based metrics alongside an LL.M-as-a-Judge ap-
proach, using explainable LLM metrics to assess performance,
provide feedback, and iteratively refine text generation. One-
time feedback improves the performance in all NLP and

LLM-based metrics. Moreover, we measure hallucination rate,
feasibility, and novelty to ensure that the generated future work
is grounded in the paper’s content, realistically achievable
given the methods and data, and offers original, valuable
directions beyond what is already stated.

LIMITATIONS AND FUTURE WORK

Our analysis is limited to ACL papers (2012-2024) and
NeurIPS (2021-22), ensuring domain relevance but restricting
cross-disciplinary generality. Using a single model for iterative
refinement also risks stylistic convergence. For baselines (T3,
BART), we capped inputs at 512-1,024 tokens and did not
explore advanced feedback strategies (e.g., chain-of-thought,
self-consistency). Our random selection of 100 papers for
RAG may include works published after the target paper;
in future, we will restrict retrieval to prior publications.
Novelty was assessed using an LLM judge, but we plan to
incorporate human evaluation for greater reliability. Looking
ahead, we aim to extend our pipeline to other domains,
evaluate open-source LLMs to reduce costs, build domain-
specific retrieval corpora, and create a gold-standard dataset
with more human annotators. We also plan to integrate cited-
by literature, advanced reasoning techniques, and evaluator
alignment methods (RLHF/RLAIF), while releasing an open-
source tool that generates Future Work suggestions directly
from uploaded PDFs.

ETHICS STATEMENT

We recognize ethical considerations in extracting and gen-
erating Future Work—including intellectual property, author-
ship, and responsible AI use. Our framework is strictly as-
sistive: it acknowledges sources, avoids claims of ownership,
and anchors suggestions in the original paper through RAG,
iterative refinement, and human feedback. It does not replace
human insight but helps researchers organize and clarify direc-
tions. Still, we acknowledge risks: misuse could foster over-
reliance on Al and weaken critical reflection. As generative
models advance toward broader sections of scientific writing,
safeguards, transparency, and human responsibility remain es-
sential. Our aim is to support—not supplant—authorship while
preserving integrity and enabling more robust development of
future research directions.
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