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Abstract

As researchers increasingly adopt LLMs as
writing assistants, generating high-quality re-
search paper introductions remains both chal-
lenging and essential. In this work, we
benchmark Scientific Introduction Generation
(ScilG), evaluating how well LLMs can pro-
duce coherent introductions from titles, ab-
stracts, and related works in the Machine
Learning domain. Curating new datasets from
NAACL 2025 and ICLR 2025 papers, we
assess five state-of-the-art models, including
both open-source (DeepSeek-v3, Gemma-3-
12B, LLaMA 4-Maverick, MistralAI Small
3.1) and closed-source GPT-40 systems across
multiple dimensions: lexical overlap, seman-
tic similarity, content coverage, faithfulness,
consistency, citation correctness, and narrative
quality. Our comprehensive framework com-
bines automated metrics with LLM-as-a-judge
evaluations. Results demonstrate LLaMA-4
Maverick’s superior performance on most met-
rics, particularly in lexical overlap, content cov-
erage, citation quality and perplexity. More-
over, three-shot prompting outperforms fewer-
shot approaches more than 50% of the time
on formula-based automated metrics and per-
forms consistently better on all human evalua-
tion metrics. These findings provide practical
insights into developing effective research writ-
ing assistants and set realistic expectations for
LLM-assisted academic writing. To foster re-
producibility and future research, we publicly
release all code and datasets.'

1 Introduction

The rapid advancement of generative artificial
intelligence, particularly large language models
(LLMs), like OpenATI’s GPT series (Brown et al.,
2020; Achiam et al., 2023), has sparked significant

“Equal contribution. Work performed while at University
of Illinois Chicago.

"Project page, code, and datasets: https://kgargs.

github.io/emnlp26-sciig/

Sambaran Bandyopadhyay?

2University of Illinois Chicago

Cornelia Caragea?

3 Adobe Research, India
fshaik8Quic.edu
cornelia@uic.edu

interest in their potential to assist in various com-
plex tasks, including academic writing (Jaisankar
et al., 2025). This interest is further driven by the
rapid growth of research output in computer sci-
ence, with recent publication cycles reporting more
than 50,000 papers submitted at AAAI 2027, over
17,000 at EMNLP 2026, approximately 19,000 at
ICLR 2026, and over 40,000 at NeurIPS 2026. At
this scale of scholarly production, maintaining clar-
ity, motivation, and high writing quality places a
substantial burden on researchers, making scalable
assistance for drafting research paper introductions
particularly important. Despite the impressive capa-
bilities of LLMs, it is a great challenge to produce
introductions that coherently articulate motivation,
scope, and significance while adhering to academic
rigor and grounding claims in state-of-the-art liter-
ature.

Existing works in the realm of LLM-assisted
academic writing have made strides in various do-
mains, from drafting essays to summarizing scien-
tific papers (Xiao et al., 2022; Nandy and Bandy-
opadhyay, 2025; Li and Ouyang, 2025; Wang et al.,
2019). However, these efforts often fall short in sev-
eral critical aspects. Current models often struggle
with maintaining faithfulness to the source mate-
rial, ensuring consistency in narrative flow, and
accurately incorporating citations (Huang et al.,
2025). Moreover, while there have been attempts
to measure the quality of generated texts using auto-
mated metrics (Garg et al., 2026), these evaluations
often overlook nuanced aspects such as the coher-
ence of the introduction and its alignment with
academic standards (Li et al., 2024). There are
a plethora of blogs (Hlava, 2025; Wiggins, 2024;
Quarry, 2025) and videos on quick suggestions on
how to use LLMs to write different parts of a re-
search paper, but none of those shows a systematic
analysis of the capabilities of current LLMs. There
are a few publicly available datasets that maintain a
collection of research papers for various generation
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tasks (Lu et al., 2020; LIU et al., 2022). However,
they are not appropriate for use with the current
LLMs since they all have probably appeared in
the LLM training set. Consequently, the poten-
tial of LLMs in generating high-quality research
paper introductions remains underexplored and in-
adequately benchmarked.

To address these research gaps, we propose a
comprehensive framework for the generation of
scientific introductions. This framework aims to
rigorously evaluate the capability of LLMs to pro-
duce introductions of research papers using new
datasets curated from the NAACL 2025 and ICLR
2025 accepted papers. Our approach involves eval-
uating multiple dimensions of generated introduc-
tions, including lexical overlap, semantic similarity,
content coverage, faithfulness, consistency, citation
correctness, and narrative quality. By combining
automated metrics with LL.M-as-a-judge evalua-
tions (Liu et al., 2023), we seek to provide a holis-
tic understanding of the strengths and limitations
of current state-of-the-art models. Finally, a small
scale but rigorous human evaluation is conducted
to understand the gap between the generated intro-
ductions and the expected standard.

The following are the contributions of this pa-
per. First, we present the first large-scale bench-
mark and systematic study of research paper in-
troduction generation in the LLM era, establishing
a common experimental and evaluation foundation
for assessing LLM capabilities on this task. Second,
we propose a comprehensive evaluation suite
comprising 30 metrics, integrating formula-based
automatic metrics, LLM-as-a-judge metrics, and
human evaluation metrics to capture both surface-
level and higher-order qualities such as faithfulness,
consistency, and overall writing quality. Third,
we develop a novel end-to-end dataset construc-
tion pipeline that combines PDF text extraction,
LLM-assisted citation identification from introduc-
tions, and structured retrieval of cited papers’ titles
and abstracts using the SemanticScholar API. Us-
ing this pipeline, we curate two new benchmark
datasets totaling 3,900 samples, drawn from papers
published at NAACL 2025 and ICLR 2025. Finally,
we systematically explore the impact of few-shot
prompting strategies on introduction generation
performance and complement our automatic evalu-
ations with a human evaluation study on a subset
of samples, providing practical insights into effec-
tive LLM-assisted scientific writing.

2 Related Works

Multi-Document Summarization (MDS) A sig-
nificant body of work in multi-document summa-
rization (MDS) has explored techniques to distill
information from multiple related sources into co-
herent summaries. Models like PRIMERA (Xiao
et al., 2022) have introduced tailored pre-training
strategies that enhance a model’s ability to inte-
grate information from concatenated documents
using encoder-decoder transformers. Nandy and
Bandyopadhyay (2025) have proposed an approach
to represent a collection of documents in the form
of a hierarchical reference layout tree and gener-
ate a summary with attribution from this tree with
selected in-context examples. Meanwhile, graph-
based methods (Liao et al., 2018; Pasunuru et al.,
2021; Bandyopadhyay and Muppidi, 2026) lever-
age structured representations such as Abstract
Meaning Representation (AMR) and discourse rela-
tions to encode inter-document connections. How-
ever, these approaches often require additional lin-
guistic annotations or parsing pipelines, limiting
their applicability in general settings.

Large Language Models for Scientific Sum-
marization General-purpose LLMs such as GPT-
3.5 (Arshad et al., 2023), GPT-4 (Achiam et al.,
2023; Ouyang et al., 2022), PaLM (Chowdhery
et al., 2023), LLaMA (Touvron et al., 2023),
Bloom (Workshop et al., 2022), and GLaM (Du
et al., 2022) have demonstrated impressive perfor-
mance across summarization benchmarks. While
these models excel in single-document generation
tasks, their application to multi-input, constraint-
driven generation—such as meta-review synthesis
or domain-specific aggregation—remains under-
investigated (Hase and Bansal, 2022).

LLM-based Academic Text Generation A
growing line of work builds end-to-end systems
that use LLMs to produce extended academic text.
Closest to our task, Liebling et al. (2025) frame
introduction generation as part of an interactive
Al-assisted authoring system, in which an LLM
augments a human-written draft with retrieved can-
didate citations and recommends their inline place-
ment, with evaluation centered on the human-LLM
interactive loop over a relatively small curated set.
We instead formulate Scientific Introduction Gen-
eration as a standalone benchmark: given fixed
inputs (Title, Abstract, Related Work), models
generate a complete Introduction in a single pass,
without external retrieval, citation recommenda-
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tion, or human-in-the-loop scaffolding. At a dif-
ferent scope, AutoSurvey (Wang et al., 2024) au-
tonomously synthesizes prior work into broad sur-
veys, and Bao et al. (2025) introduce SurveyGen,
a large dataset of human-written surveys paired
with a quality-aware retrieval-augmented frame-
work (QUAL-SG) for evaluating LLM-generated
surveys; while related in spirit, full-survey genera-
tion prioritizes comprehensive coverage rather than
the precise argumentation and contextual position-
ing required by research paper introductions.

3 Task

3.1 Problem Formulation

The formulation of the task Scientific Introduction
Generation (ScilG) can be seen as a conditional
generation problem. Given a research paper’s Title
T, Abstract A, and a set of k£ Related Papers
R = {r1,ra,...,71}, where each r; contains a title,
abstract, and author list, the objective is to generate
a coherent, academically styled Introduction 7.
Formally, the model does a mapping:

f+(T,AR)—T

where f is instantiated by a large language model
(LLM) conditioned on a task-specific prompt.

We choose Title, Abstract, and Related Work
as inputs because they provide the minimal yet
sufficient information required for generating sci-
entific introductions. Under Swales’ CARS model
(Swales, 1990), introductions establish the research
territory, identify a gap, and position the contri-
bution. Accordingly, the related work supports
territory establishment and gap identification, the
abstract conveys the core contribution, and the title
frames the research focus. A manual inspection
of 20 NAACL and ICLR papers confirms that this
structure is consistently followed.

We deliberately exclude other paper sections
from the input to ensure consistent, reproducible
benchmarking. Including full paper content would
substantially increase token usage and computa-
tional cost, limiting scalability to large evaluation
sets. In addition, reliably extracting and aligning all
sections from large-scale PDF collections is chal-
lenging due to formatting variability across venues.

3.2 Datasets

To support the ScilG task, we construct two
datasets®> from accepted papers of the NAACL
2025 and ICLR 2025 conferences, comprising 800
and 3100 samples, respectively. Our ICLR and
NAACL datasets comprise 3,900 high-quality long-
form NLP and ML papers, comparable to exist-
ing benchmarks (Costa-jussa et al., 2025; Chan-
drasekaran et al., 2019; Mahata et al., 2022; Ca-
chola et al., 2020).

The creation process involved five key steps (il-
lustrated in Figure 1; full details in Appendix E) to
extract titles, abstracts, introductions, authors, and
citation details, ensuring rich data for the task. At
a high level, the pipeline (i) retrieves PDFs of ac-
cepted NAACL 2025 and ICLR 2025 papers from
official proceedings and ArXiv; (ii) parses them
into structured JSON via the S20RC grobid2json
tool (Lo et al., 2020); (iii) extracts in-text Related
Works citations using a regular expression over
“Author et al., Year” patterns; (iv) maps these ci-
tation strings to their bibliographic entries using
the LLaMA 4-Maverick model (prompt in Ta-
ble 10); and (v) enriches each cited title with an
abstract and author details via the Semantic Scholar
AP (Kinney et al., 2023), using both the official
and an unofficial* endpoint. We restrict the cor-
pus to 2025 NAACL and ICLR papers to ensure
community-standard editorial quality, preserve do-
main consistency within ML/NLP, and post-date
all evaluated models’ pretraining cutoffs. The re-
sulting corpus comprises 3,900 long-form samples
with a 94.0% citation resolution rate. Table 1 sum-
marizes text length and citation statistics, highlight-
ing the datasets’ variability and suitability. We
document the full multi-stage Semantic Scholar
resolution strategy, the handling of partial None re-
sponses from the API, and the resulting per-dataset
coverage statistics in Appendix C.

The resulting datasets exhibit significant diver-
sity, as shown in Table 1. NAACL 2025 introduc-
tions average 597.1 + 228.4 words, while ICLR
2025 introductions are longer at 771.1 £+ 414.3
words, with an outlier maximum of 13,675 words,
posing challenges for generation. Abstracts are sim-
ilarly variable, with median lengths of 162 words
(NAACL) and 194 words (ICLR); a small tail of

“We make the datasets publicly available under CC BY
4.0.

3https: //www.semanticscholar.org/

4https: //github.com/danielnsilva/
semanticscholar
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Phase | - Acquisition & Parsing Phase Il - Citation Processing Phase Il - Enrichment
Dataset
Web Sources Step 1: Retrieval Step 2: Parsing Step 3: Cite Extract [l Step 4: Cite Map m
NAACL'25 & Inputs (T, A, R)
: o T: Title A: Abstract
i Aggregate PDFS of geobidajson Regex over intro for LLaMA-4-Maverick SemanticScholar API: R: Related Work
proceedings accepted papers from (S20RC): “ " 8 Hvert B
B P P> “Author et al., Year” p| maps in-text citations p| fetch abstract & (title + abstract
+ ArXiv conference sites & PDF — TEI-XML il g o o o e ‘|_) f
ArXiv —» structured JSON B © reference titles P + authors per ref.)
Target: Intro I
NAACL’25: 800
Raw PDFs Structured JSON Citation Strings Cite — Title Enriched Refs. ICLR’25: 3.100
~3,900 papers title, abstract, intro, e.g. “Vaswani Resolved titles title + abstract N !
(NAACL + ICLR) authors, bibliography et al., 2017" from references + authors per citation Total: 3,900

Figure 1: Dataset construction pipeline for the ScilG task. Papers from NAACL’25 and ICLR’25 are retrieved and
parsed (Phase 1), their citations extracted and mapped to reference titles (Phase II), and each reference enriched with
Semantic Scholar metadata (Phase IIT). Each sample pairs (7', A, R) with the published introduction I as the target.

Introductions (words) Abstracts (words) Citations

Dataset Samples Mean Median  Range Mean Median Range Average Range
NAACL 2025 800 597.1£228.4 6100 66-1,546 169.3+76.7 162.0 25-1,748 13.4 1-45
ICLR 2025 3100  771.14+414.3 7475 42-13,675 210.4+101.4 1940  6-1,063 15.3 1-58

Table 1: Statistics for the NAACL 2025 (800 samples) and ICLR 2025 (3100 samples) datasets, including number
of samples, text length, and citation metrics, highlighting variability in introduction lengths and citation patterns

relevant to the Introduction Generation task.

very short abstracts (fewer than 60 papers, < 2%
of the 3,900 samples) arises as Grobid parsing arte-
facts rather than a systematic data issue. Citation
patterns within the Introductions also vary, with
NAACL 2025 averaging 13.4 citations per paper
and ICLR 2025 averaging 15.3, reflecting dense
scholarly connections. These characteristics make
the datasets ideal for evaluating the Scientific Intro-
duction Generation task across varied text lengths
and citation contexts. In our experiments, we use
models with sufficient context length to process the
entire metadata, accommodating the datasets’ vari-
able introduction lengths and citation-rich content.
We limit this initial effort to the ML domain
since recruiting domain-expert annotators is chal-
lenging. As ML researchers, we annotated the
outputs ourselves. However, since no model was
trained on this data, and the study focuses purely on
benchmarking, the risk of author bias is minimal.

4 Methods and Evaluation
4.1 Methods

To evaluate the Scientific Introduction Generation
task on the NAACL 2025 and ICLR 2025 datasets,
we employ five state-of-the-art language mod-
els with knowledge cutoffs before January 2025°:

5Note that the cutoff date of LLM pretraining reduces the
probability of overlap but cannot eliminate it entirely since the

Deepseek-V3-0324 (Liu et al., 2024), LLaMA 4-
Maverick®, Mistral-Small-3.1-24b’, Gemma-3-
12b-it (Team et al., 2025), and GPT-40 (Hurst et al.,
2024). These models, selected for their diverse ar-
chitectures and robust text generation capabilities,
include a combination of open-source and commer-
cialized systems. Please refer Appendix A for the
detailed justification of model choices.

We design seven prompting strategies to guide
the models in generating introductions, tailored to
the task’s requirements and the datasets’ character-
istics. These strategies, including Short, Medium,
Elaborate, One-Shot, Two-Shot, Three-Shot, and
AutoCoT, vary in complexity and context, incorpo-
rating the target paper’s title, abstract, and JSON-
formatted related papers with APA citations. The
Short prompt provides minimal context for concise
generation, while Medium emphasizes research
gaps and citation integration. Elaborate enforces
a strict four-paragraph structure (each 100-150
words), detailing context, gaps, contributions, and
impact. One-Shot, Two-Shot, and Three-Shot in-
corporate 1-3 example introductions from a held-
out set®, enabling few-shot learning. AutoCoT uses

pretraining data is often unpublished.
®https://huggingface.co/meta-llama/Llama-4-Maverick-
17B-128E-Instruct
"https://huggingface.co/mistralai/Mistral-Small-3.1-24B-
Instruct-2503

8Held-out set is created using additional 54 samples for

29344



iterative, self-refining prompts to enhance reason-
ing for complex scenarios. AutoCoT implemen-
tation details are discussed in section Appendix
B.1. All prompts maintain a formal academic
tone, enforce APA citation accuracy, and leverage
the datasets’ citation-rich metadata, ensuring ro-
bust and contextually relevant introductions. The
prompts for each strategy are discussed in detail in
Appendix in Tables 11, 12, and 13.

4.2 Evaluation

The evaluation of the Scientific Introduction Gen-
eration task employs metrics in seven categories:
Lexical Overlap, Semantic Similarity, Content Cov-
erage, Faithfulness, Consistency, Citation Correct-
ness, and Narrative Quality, with results reported
in Table 2. Expanded per-metric definitions, formu-
lae, their derivations and individual descriptions of
each metric, and rubric-level details for the LLM-
as-a-Judge scores are provided in Appendix F.

Lexical Overlap captures surface-level similar-
ity to the ground-truth introduction via ROUGE-1,
ROUGE-2, ROUGE-L (Lin, 2004), BLEU (Pap-
ineni et al., 2002), and METEOR (Banerjee and
Lavie, 2005)°. We include ROUGE primarily for
comparability with prior summarization and gener-
ation literature, rather than as a sole quality proxy.

Semantic Similarity assesses meaning-level
alignment using BERTScore (Zhang et al., 2019),
BLEURT (Sellam et al., 2020)'°, and our pro-
posed CONTEXTUAL RELEVANCE. Let g € R? be
the embedding of the generated introduction and
{c1,...,c,} the embeddings of its title, abstract,
and cited papers. Contextual Relevance is

Z T
‘g‘ ’CZ| + €’

with € a small numerical-stability constant. See
Appendix B.2 for implementation details.
Content Coverage measures how much key
content the generated introduction captures, ei-
ther against the ground-truth introduction'! or

NAACL 2025 and 52 samples for ICLR 2025. It is used to
select random examples provided in the prompt for few-shot
experiments.

glmplementations sourced from https://github.com/
huggingface/evaluate

10Implementation sourced from https://github.com/
lucadiliello/bleurt-pytorch

"We use ground truth introduction for the published intro-
duction, but emphasize it is not a unique gold standard: the
same paper admits many valid renderings. RBC therefore mea-
sures coverage against one accepted reference, complemented
by an RFC counterpart over Title and Abstract keyphrases.

against the input context (Title and Abstract). Let
Keen, Kar, Kex be the keyphrase sets!? extracted
from the generated introduction, the ground truth,
and the Title+Abstract respectively, where two
keyphrases satisfy the exact match k& = k' only
if their stemmed forms are identical. Reference-
based Coverage is then

|{k € ICGT ’ Jk e K:gen,
[Kar|

Reference-free Coverage (RFC) is defined analo-
gously over the input-context keyphrase set Kq:

k =k}

ot
RBC = k_k}’,

Hk € Ko | TE' € Keen,
"Cctx‘

RFC =

RBC and RFC share the same keyphrase extractor
and the two are complementary. RBC measures
recovery of the published introduction’s key con-
tent, while RFC measures grounding in the explicit
input context.

Faithfulness assesses factual alignment between
the generated Introduction and its source inputs
via a KEYPHRASE-BASED FAITHFULNESS met-
ric, which captures the proportion of generated
keyphrases that are factually grounded in the source
context (Title and Abstract), together with an LLM-
as-a-Judge score (Appendix G). Consistency mir-
rors this implementation but uses the ground-truth
introduction as the reference instead of the Title
and Abstract, assessing whether the generated text
maintains logical and factual consistency with the
published introduction.

Citation Correctness comprises three metrics.
We extract citation strings (e.g., “et al.” identifiers)
from the generated introduction using LLaMA 4-
Maverick (prompt in Table 10) and match them
against the original Related Works citation list. Ci-
tation Precision is the fraction of generated cita-
tions that appear in the original list, and Citation
Recall is the fraction of original Related Works
citations recovered in the generated introduction.
An LLM-as-a-Judge score (Citation Contextual
Quality) additionally assesses whether the cited
sentences accurately reflect the cited paper’s meta-
data and are placed in an appropriate rhetorical
context.

Narrative Quality is evaluated using Perplexity
and an LLM-as-a-Judge score. Perplexity, com-
puted as the exponential of the average negative
log-likelihood under GPT-2 (Radford et al., 2019),

12See Appendix B.3 for keyphrase extraction details.
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Category Metric NAACL 2025 ICLR 2025
Deepseek Gemma  LLaMA4 Mistral GPT-40 Deepseek Gemma LLaMA4 Mistral GPT-40
ROUGE-1 0.4161 0.4361 0.4402 04388 0.4282 0.3863 0.4342 0.4298 04326 0.4154
ROUGE-2 0.1232 0.1304 0.1509 0.1340  0.1310 0.1195 0.1340 0.1537 0.1344  0.1289
Lexical Overl: ROUGE-L 0.1649 0.1725 0.1894 0.1765  0.1754 0.1531 0.1700 0.1830 0.1715  0.1689
exical Dverlap BLEU 0.1175 0.1232 0.1198 01278  0.1043 0.0781 0.0979 0.0874 0.0977 0.0762
METEOR 0.2669 0.2851 0.2700 0.2900  0.2658 0.2245 0.2600 0.2418 02592 0.2358
BERTScore 0.8415 0.8475 0.8448 0.8467  0.8422 0.8377 0.8449 0.8403 0.8427  0.8377
Semantic Similarit BLEURT 0.3200 0.3088 0.3339 03236 03262 0.3171 0.3032 0.3290 03194 03225
emantic Aty Contextual Relevance 0.9691 0.9713 0.9684 0.9694  0.9696 0.9687 0.9729 0.9696 0.9700 0.9707
Reference-based Coverage 0.4435 0.4513 0.4845 04692 04713 0.4461 0.4732 0.4794 04725  0.4697
Content Coverage Reference-free Coverage 0.3913 0.3666 0.4367 03959 0.4035 0.3547 0.3448 0.4097 0.3847  0.3664
LLM-as-a-Judge 0.6907 0.7051 0.7019 0.7008  0.7054 0.6567 0.6970 0.6809 0.6833  0.6879
Faithful Keyphrase-based Faithfulness 0.3138 0.2933 0.3455 03230 03263 0.2892 0.2786 0.3318 0.3067  0.2941
aithfuiness LLM-as-a-Judge 0.7873 0.8042 0.8157 0.7874  0.8141 0.7825 0.8088 0.8149 0.7861 0.8138
Consistenc Keyphrase-based Consistency 0.2133 0.2170 0.2393 02230  0.2248 0.2121 0.2197 0.2214 02187  0.2208
onsistency LLM-as-a-Judge 0.8788 0.8910 0.8954 0.8850  0.8945 0.8583 0.8873 0.8826 0.8761  0.8868
Recall 0.5158 0.5763 0.5574 04914 0.4826 0.4954 0.5413 0.5505 0.4671 0.4657
Citation Correctness  Precision 0.8819 0.9049 0.9357 0.8889  0.9097 0.8686 0.8965 0.9238 0.8822  0.8942
Hatn TECESS L M-as-a-Judge (Cit. Qual.) 0.7683 0.7959 0.8051 0.7658 0.8050 0.7575 0.8021 0.8019 0.7597 0.7968
Narrative Qualit Perplexity | 285031  32.3897 184870 256458  21.8494 369546  29.1004  21.1194 292585  22.0046
arrative Quality LLM-as-a-Judge 0.8892 0.8888 0.9001 0.8928  0.9004 0.8835 0.8899 0.8986 0.8907  0.9006

Table 2: Evaluation metrics categorized across standard and LLM-as-a-Judge criteria for NAACL 2025 and ICLR
2025 using Elaborate prompting strategy. Highest values are bolded. Note: Lower perplexity values indicate better

performance.

indicates fluency, with lower values reflecting more
natural text. The judge score complements perplex-
ity by grading grammar, logical flow, academic
tone, and readability.

The LLM-as-a-Judge metrics (Liu et al., 2023)
use GPT-4o to score generations on Content Cover-
age, Faithfulness, Consistency, Citation Contextual
Quality, and Narrative Quality (prompts in Table 8),
complementing the automated metrics with human-
like judgment.

5 Results and Analysis

Table 2 presents the performance of five state-of-
the-art models (DeepSeek, Gemma, LLLLaMA4-
Maverick, Mistral, and GPT-40) on the NAACL
2025 (800 samples) and ICLR 2025 (3100 sam-
ples) datasets for the ScilG task. The results yield
several key observations.

First, LLaMA4-Maverick emerges as the over-
all front-runner, achieving superior scores across
lexical overlap, content coverage, citation quality,
and perplexity metrics, underscoring its balanced
capability in producing coherent, accurate, and flu-
ent introductions.

Second, Gemma performs particularly well
on metrics of semantic alignment, including
BERTScore and contextual relevance, suggesting
its strength in preserving meaning and capturing
nuanced topic relationships.

Third, both Gemma and Mistral demonstrate
competitive results on factual grounding metrics
such as faithfulness and consistency, indicating
their reliability in maintaining factual integrity
across generated texts.

Finally, GPT-40 and DeepSeek trail behind
on most metrics, reflecting challenges in achiev-
ing consistent factual accuracy and precise lexical
alignment for this specialized academic writing
task.

The LLM-as-a-Judge metrics reveal comple-
mentary strengths across models. LLaMAd4-
Maverick consistently achieves the highest overall
scores, particularly in faithfulness, consistency, and
citation quality, demonstrating its balanced capa-
bility across factuality, coherence, and precision.
Gemma performs competitively, especially on con-
tent coverage and citation correctness, reflecting
its strong retrieval and referencing behavior. In con-
trast, Mistral, GPT-40, and DeepSeek trail behind
on most evaluation dimensions.

5.1 Analysis on Few-shot Experiments

In Table 3, we present the results for few-shot
prompting experiments (Zero-Shot, One-Shot,
Two-Shot, Three-Shot) on the NAACL dataset.
The results reveal noticeable improvements with
an increasing number of examples. Specifically,
Three-Shot prompting consistently outperforms
other few-shot settings in lexical overlap (ROUGE-
1, ROUGE-2, ROUGE-L) and reference-free con-
tent coverage, suggesting that additional exemplars
guide the model toward capturing finer lexical de-
tails and comprehensive content. However, im-
provements plateau after Two-Shot, indicating di-
minishing returns beyond a certain number of ex-
amples. Moreover, higher SummaC-ZS faithful-
ness scores in Three-Shot setups reflect that addi-
tional contexts help the model better adhere to the

29346



Instruction-Level

Few-Shot

Category Metric
Short Medium Elaborate AutoCoT Zero-Shot  One-Shot Two-Shot Three-Shot

ROUGE-1 0.4261 0.4513 0.4402 0.4233 0.4402 0.4418 0.4440 0.4460
ROUGE-2 0.1622 0.1625 0.1509 0.1361 0.1509 0.1607 0.1645 0.1647
Lexical Overla ROUGE-L 0.1911 0.1940 0.1894 0.1701 0.1894 0.1942 0.1965 0.1972
X1 verlap BLEU 0.1117 0.1345 0.1198 0.1353 0.1198 0.1182 0.1193 0.1204
METEOR 0.2516 0.2797 0.2700 0.3132 0.2700 0.2669 0.2679 0.2695
BERTScore 0.8480 0.8471 0.8448 0.8352 0.8448 0.8486 0.8496 0.8492
Semantic Similarit BLEURT 0.3347 0.3312 0.3339 0.3201 0.3339 0.3431 0.3432 0.3452
emantic SIMMArLY — contextual Relevance 0.9694 0.9690 0.9684 0.9698 0.9684 0.9677 0.9674 0.9681
Reference-based Coverage 0.4875 0.4697 0.4845 0.4347 0.4845 0.4935 0.4913 0.4985
Content Coverage Reference-free Coverage 0.4313 0.4231 0.4367 0.4556 0.4367 0.4622 0.4632 0.4755
LLM-as-a-Judge 0.7084 0.7101 0.7019 0.7340 0.7019 0.7047 0.7081 0.7107
Faithfulnes Keyphrase-based Faithfulness ~ 0.2338 0.2183 0.2393 0.3610 0.2393 0.2353 0.2303 0.2366
aithiulness LLM-as-a-Judge 0.8462 0.8382 0.8157 0.8603 0.8157 0.8077 0.8146 0.8094
Consist Keyphrase-based Consistency 0.3450 0.3348 0.3455 0.2060 0.3455 0.3640 0.3688 0.3687
onsistency LLM-as-a-Judge 0.9045 0.8959 0.8954 0.9177 0.8954 0.8945 0.8954 0.8998
Citation Recall 0.6326 0.6193 0.5574 0.5350 0.5574 0.5930 0.6083 0.6076
Citation Correctness _ Citation Precision 0.8382 0.8548 0.9357 0.8942 0.9357 0.9506 0.9470 0.9515
S LLM-as-a-Judge (Cit. Qual.) 0.8492 0.8388 0.8051 0.8243 0.8051 0.7901 0.7855 0.7823
Narrative Qualit Perplexity | 214601  26.2687 18.4870 19.0518 18.4870 19.1426 23.0976 19.6214
arrative Quality LLM-as-a-Judge 0.8997 0.8950 0.9001 0.8976 0.9001 0.8999 0.8965 0.8987

Table 3: Performance of LLaMA 4-Maverick on NAACL dataset under two prompting paradigms: Instruction-Level
(Short, Medium, Elaborate, AutoCoT) and Few-Shot (Zero-Shot, One-Shot, Two-Shot, Three-Shot). Best scores in
each paradigm are bolded. Note: Lower perplexity values indicate better performance.

factual correctness of the input, highlighting the
benefit of illustrative examples in complex genera-
tion tasks.

5.2 Analysis with Various Prompt Strategies

In Table 3, we present the results depicting the im-
pact of prompt elaboration (Short, Medium, Elabo-
rate, AutoCoT) on the NAACL dataset. Medium-
length prompts achieve higher lexical overlap
(ROUGE scores), suggesting that moderate com-
plexity is optimal for balancing detail with model
understanding. Conversely, AutoCoT prompts re-
sult in superior METEOR and Keyphrase-based
faithfulness scores, implying that models benefit
significantly from detailed reasoning steps when
precision in conceptual alignment is required. How-
ever, AutoCoT notably increases perplexity, indi-
cating potential trade-offs between detailed instruc-
tional clarity and narrative fluency. Thus, prompt
complexity should be carefully adjusted depend-
ing on whether the task prioritizes lexical fidelity,
conceptual alignment, or narrative coherence.

6 Ablation Study

We conduct an ablation study on the overall front-
runner model LLaMA4-Maverick to examine the
effect of varying input configurations on the quality
of generated introductions. Specifically, we com-
pare three setups: (i) Title-only, (ii) Title + Abstract,
and (iii) Title + Abstract + Related Work, under two
prompting strategies: ELABORATE and MEDIUM.
As shown in Table 4, we evaluate performance us-

ing a comprehensive set of lexical, semantic, and
LLM-based metrics.

The results show a consistent trend: includ-
ing more context leads to better generation qual-
ity. The T+A+Related configuration achieves the
best scores across nearly all metrics and prompt-
ing strategies, with notable gains in semantic sim-
ilarity (e.g., BERTScore: 0.8448 — 0.8471), cita-
tion precision (e.g., 0.3610 — 0.9357), and cita-
tion recall (e.g., 0.1199 — 0.5574) when related
work is added; the size of this citation jump is ex-
pected, since overlap-based scoring penalizes any
divergence from the original citation set, and this
ablation is intended to quantify that effect rather
than to treat the original citations as a unique ora-
cle. LLM-as-a-Judge citation quality also increases
from 0.5184 to 0.8051, and the human evaluation
in Section 7 provides an oracle-free check on cita-
tion relevance and non-fabrication. These findings
underscore the importance of richer input, particu-
larly related work, in enabling LL.Ms to generate
more accurate, well-grounded, and coherent intro-
ductions.

We additionally examine whether providing
the full paper as context (excluding the Introduc-
tion) further sharpens generation in Appendix H.1,
where a focused case study confirms gains in
methodological detail and result-driven framing
while reinforcing the realism—scalability trade-off
that motivates our restricted-input design.
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Elaborate Medium

Category Metric
Title-only  Title+Abstract =~ T+A+Related  Title-only  Title+Abstract = T+A+Related

ROUGE-1 0.3545 0.4093 0.4402 0.3356 0.3949 0.4513
ROUGE-2 0.0772 0.1202 0.1509 0.0660 0.1084 0.1625
Lexical Overlap ROUGE-L 0.1553 0.1784 0.1894 0.1436 0.1700 0.1940
BLEU 0.0503 0.0729 0.1198 0.0223 0.0472 0.1345
METEOR 0.2150 0.2428 0.2700 0.1816 0.2185 0.2797
BERTScore 0.8324 0.8408 0.8448 0.8235 0.8320 0.8471
Semantic Similarity BLEURT 0.3189 0.3333 0.3339 0.3303 0.3365 0.3312
Contextual Relevance 0.9651 0.9657 0.9684 0.9633 0.9650 0.9690
Reference-based Coverage 0.3918 0.4805 0.4845 0.3878 0.4715 0.4697
Content Coverage Reference-free Coverage 0.4504 0.4771 0.4367 0.4602 0.4953 0.4231
LLM-as-a-Judge 0.5425 0.6916 0.7019 0.5783 0.6916 0.7101
Faithful Keyphrase-based Faithfulness 0.3523 0.3788 0.3455 0.3495 0.3898 0.2183
aithtuiness LLM-as-a-Judge 0.7288 0.8557 0.8157 0.8110 0.8557 0.8382
Consisten Keyphrase-based Consistency 0.1843 0.2210 0.2393 0.1780 0.3898 0.3348
onsistency LLM-as-a-Judge 0.7872 0.8977 0.8954 0.8430 0.8977 0.8959
Recall 0.0918 0.1199 0.5574 0.0001 0.0039 0.6193
Citation Correctness  Precision 0.2399 0.3610 0.9357 0.0012 0.0175 0.8548
LLM-as-a-Judge (Cit. Qual.) 0.5174 0.5184 0.8051 0.3696 0.5184 0.8388
N tive Qualit Perplexity | 14.5978 19.9132 18.4870 16.6799 20.7426 26.2687
arrative Quality LLM-as-a-Judge 0.9000 0.8986 0.9001 0.9010 0.8986 0.8950

Table 4: Ablation Study. Performance of LLaMA 4-Maverick on NAACL 2025 dataset with different input
configurations: Title-only, Title+Abstract, and Title+Abstract+Related Work. Note: Lower perplexity values
indicate better performance.

7 Human Evaluation LLaMA-4 on most criteria—particularly consis-
tency, citation contextual quality, and contribu-
tion summary—though LLaMA-4 shows stronger
hallucination resistance. Second, 3-shot prompt-
ing leads to the strongest overall performance,
achieving the highest scores in content coverage,
flow of ideas, and clarity of methods and contri-
butions. Finally, Elaborate 0-shot prompting
surpasses AutoCoT across all dimensions, with
notable gains in citation quality and faithfulness,
emphasizing the value of carefully designed in-
struction formats. These results highlight the im-
portance of both model selection and prompting
strategy in improving the quality and reliability of
LLM-generated scientific introductions.

We conducted a human evaluation on 20 source ex-
amples, each with four model generations, LLaMA
4-Maverick (0-shot, 3-shot, AutoCoT) and GPT-
40 (0-shot), totaling 80 outputs. The three authors
performed the annotations themselves, each anno-
tating 67 papers (four generations each). Due to
the unavailability of domain expert annotators, no
paper was annotated by multiple annotators. This
single-annotation approach is common in recent
benchmarking studies such as Dhar et al. (2024);
van der Lee et al. (2019) and appropriate here since
the task is purely benchmarking, not proposing new
models. Evaluating 50-100 outputs aligns with es-
tablished LLLM evaluation norms. The annotation
form is included in Appendix 9, and results are

summarized in Table 5. In a detailed analysis of a NAACL 2025 dataset
paper in Appendix H, both LLaMA-4 Maverick
. LLaMA4 LLaMA4 LLaMA4 GPT-40 . s
Metric bt bt AT Oushot apd GPT 40 produced ﬂl.lent and faithful mtroducj'
Faithfulness 120 70 PRY 135 tions with strong narrative flow and accurate ci-
Consistency 3.80 4.50 3.84 410 tation usage. However, the models consistently
Content Coverage 4.05 4.50 3.74 4.05 . .
Flow of Ideas 430 4.60 426 455 failed to recover paper-specific structure and deeper
Citation Contextual Quality 3.40 4.20 3.32 3.60 o s :
Halloot o e o o S 00 e 1o details—such as explicit research questions and
Literature Context 3.85 4.40 3.95 4.00 contribution-style summaries—when this informa-
Motivation Clarity 4.15 4.50 421 4.40 . . . .
Methods Summary 1,65 425 379 1.85 tion was not present in the inputs, revealing a key
Contributions Summary 330 4.20 337 37 limitation of LLM-based introduction generation.

Table 5: Human evaluation of different models across

ten qualitative criteria. We additionally compute pairwise Spearman

correlations between the human ratings, LLLM-as-
Across comparisons, we observe several clear  Judge scores, and formula-based automated met-
trends.  First, GPT-40 outperforms 0-shot rics; the full analysis is reported in Appendix D.
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8 Conclusion and Discussion

Building on the findings presented in this paper,
we address two central questions regarding the
role of large language models (LLMs) in scien-
tific writing. First, are LLMs good enough to
generate the first draft of a research paper’s in-
troduction? Our automated and human evalua-
tions indicate that, when provided with structured
prompts—including a clear set of instructions, a
meaningful title and abstract, and a relevant set
of related works—LILMs are capable of generat-
ing coherent, well-structured, and stylistically ap-
propriate introductions that align with academic
norms. Second, can the LLM-generated introduc-
tion be used as-is? Not entirely. While LLMs pro-
duce high-quality drafts that serve as strong starting
points, they fall short in several critical aspects, in-
cluding the incorporation of fine-grained technical
details from cited literature, accurate contextual-
ization of citations, and precise articulation of the
target paper’s contributions. As such, the generated
introductions require substantial post-editing and
expert input. These findings suggest that LLMs
are promising assistants in the scholarly writing
pipeline, but they are not yet suitable replacements
for human authorship.

Limitations

1. In this paper, we have investigated and bench-
marked LLM’s capabilities in generating the
text of an introduction of a research paper.
However, most of the introductions in re-
search papers also have scientific images or
diagrams. Generating those diagrams is chal-
lenging since they are mostly non-natural im-
ages and abstract in nature. Thus, we have
kept that out of scope for the current work and
will address them in future.

2. Our benchmark conditions generation on Title,
Abstract, and Related Work only. This choice
keeps the setup reproducible and scalable, but
omits methodological and results-level signals
that may inform certain aspects of an Intro-
duction. Two natural extensions are (i) aug-
menting the input with the full Methods and
Results sections, which we did not pursue here
because it substantially increases token usage
and relies on consistent cross-venue section
extraction, or (ii) augmenting it with struc-
tured signals distilled from those sections —

for instance, automatically extracted method-
ological or results-level keyphrases. We view
both as concrete directions for future itera-
tions of the benchmark.
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Appendix
A Justification for Model Choices

DeepSeek-V3-0324 (671B parameters, MoE) was
chosen for its superior reasoning (81.2 on MMLU-
Pro, outperforming GPT-40’s score of 72.6) and
ability to synthesize complex academic contexts
from titles and abstracts. LLlama-4-Maverick (17B
active parameters) excels in processing structured
academic inputs, leveraging its 1M-token context
window and multimodal capabilities, critical for
handling citation-rich related works. Mistral-Small-
3.1-24b (24B parameters) offers efficient gener-
ation with strong academic text coherence (81%
MMLU), ideal for resource-constrained ScilG eval-
vation. Gemma-2-12b-it, instruction-tuned for

formal prose, ensures rhetorical clarity in intro-
ductions, matching larger models on reasoning
tasks. GPT-4o, a closed-source multimodal model,
provides a high-performance baseline for context-
heavy academic writing. These models were se-
lected over alternatives like Claude or Qwen due
to their specific strengths in reasoning, context
handling, and academic prose generation, span-
ning diverse architectures (MoE, dense) and access
types (open- and closed-source) for a comprehen-
sive ScilG evaluation.

B Implementation Details

This appendix documents the implementation
choices behind the prompting strategies and eval-
uation metrics described in the main paper, with
the goal of supporting reproducibility. Across all
models and prompting strategies, generation uses
nucleus sampling with temperature T' = 0.7, top-
p = 0.95, and a fixed random seed; these decoding
settings are held constant within each experiment
so that observed differences are attributable to the
model or prompt rather than to sampling variation.

B.1 AutoCoT Prompting

Our AutoCoT strategy is implemented as a single-
pass prompting setup rather than an external itera-
tive refinement loop. The LLM is instructed to in-
ternally generate intermediate reasoning steps (e.g.,
outlining the research territory, identifying the gap,
and planning the contribution) before emitting the
final Introduction in the same generation. We do
not impose a programmatic stop condition, exter-
nally defined “good-prompt” criterion, or multi-
round critique-revise cycle; any refinement occurs
implicitly within the model’s own chain of reason-
ing. This design isolates the effect of autonomous
reasoning from additional engineering machinery
and keeps the comparison across prompting strate-
gies controlled.

B.2 Contextual Relevance

Contextual Relevance is computed using
allenai/longformer-base-4096 (Longformer)
embeddings, chosen for their ability to encode
the long Title + Abstract + cited-works context
within a single forward pass. For each generated
introduction and each of its associated context
components (Title, Abstract, and cited works),
we extract the last-hidden-state representations
and apply mask-aware mean pooling over the
non-padding tokens to obtain a fixed-dimensional
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Contextual Relevance is then the mean
of the cosine similarities between the generated-
introduction embedding and the embeddings of
its context components. This metric does not rely
on BERTScore or Sentence-BERT, both of which
we use elsewhere only for different evaluation
components.

vector.

B.3 Keyphrase Extraction and Matching

Keyphrases are extracted using KeyBERT!? with
the al1-MiniLM-L6-v2 Sentence-BERT backbone.
For each text (generated introduction, ground-truth
introduction, and the Title/Abstract input context),
we extract the top-5 keyphrases with an n-gram
range of (1, 3), using English stopword removal.
Matching is performed via exact equality after
stemming with the Porter stemmer. The same pro-
cedure is used for both Reference-based Cover-
age (matching against ground-truth introduction
keyphrases) and Reference-free Coverage (match-
ing against keyphrases extracted from the Title and
Abstract), ensuring that the two coverage metrics
differ only in the reference set, not in the matching
procedure.

C Semantic Scholar Metadata Resolution

The Semantic Scholar API occasionally returns
None for individual fields (most commonly the ab-
stract or author list) when a cited paper is poorly
indexed or newly published. To handle these cases
consistently and avoid silently dropping records,
our Step 5 metadata retrieval follows a three-stage
strategy:

1. Unofficial endpoint with title normalization.
Each cited title is first queried through the un-
official Semantic Scholar endpoint, using both
the original title string and a normalized vari-
ant (lowercased, punctuation- and whitespace-
collapsed).

2. Official Graph API fallback with similarity
matching. If abstract or author fields remain
missing after Stage 1, we fall back to the of-
ficial Semantic Scholar Graph API (Kinney
et al., 2023), accepting a returned record only
if its title matches the queried title with a simi-
larity score > (.85, in order to avoid spurious
associations to near-duplicate titles.

Bhttps://github.com/MaartenGr/KeyBERT

3. Exclusion of fully unresolved citations. Re-
lated papers for which neither endpoint re-
turns usable metadata are excluded from the
citation context. If all cited papers for a target
paper remain unresolved, that target paper is
removed from the dataset entirely.

Across the two datasets, we processed 59,619
related-paper lookups. Overall, 94.0% of citations
were successfully resolved through the two-stage
retrieval process, with the vast majority obtained
from the unofficial endpoint and a smaller fraction
recovered through the official Graph API fallback.
Among resolved entries, roughly 10% lacked ab-
stracts in Semantic Scholar’s index but still con-
tributed title and author metadata. Target papers
for which all cited references remained unresolved
were excluded from the final dataset. Table 6 sum-
marizes the full resolution statistics.

D Metric Agreement Analysis

To assess how the three evaluation channels relate,
we compute Spearman rank correlations between
human ratings, the LLM-as-Judge scores, and
the corresponding formula-based automated met-
rics (e.g., keyphrase-based Faithfulness, reference-
based Coverage, citation Recall, —Perplexity) on
the human-evaluated subset (n=79-80; Table 7).
LLM-as-Judge agrees moderately with the formula-
based metrics across Faithfulness (p=0.35), Con-
sistency (p=0.45), Content Coverage (p=0.30),
and Narrative Quality (p=0.34), supporting its use
as an automatic surrogate for these dimensions.
The one exception is citation quality (p= — 0.19),
where the LLM-judge and the overlap-based ci-
tation metric diverge — consistent with our ear-
lier observation (Section 6) that overlap penal-
izes contextually valid but non-identical citations.
Both the formula-based metrics and LLM-as-Judge
show only weak agreement with human ratings
(|p] < 0.20), in line with known limitations of auto-
matic generation metrics; this motivates our multi-
channel evaluation design rather than reliance on
any single metric family.

E Dataset Construction Pipeline:
Detailed Steps

This appendix expands the five-step dataset con-
struction pipeline summarized in Section 3.2 and
illustrated in Figure 1. The full procedure for han-
dling partial Semantic Scholar API responses is
described separately in Appendix C.
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Stage / Outcome

Count %

Citation-level lookup resolution

Total related-paper lookups 59,619  100.0
Stage 1: unofficial endpoint 55,207 92.6
Stage 2: official Graph API fallback 775 1.3

Total resolved 55,982  94.0'

Unmatched after both stages 3,279 5.5

Metadata completeness among resolved

Complete (title + abstract + authors) 50,384 90.0

Missing abstract (title + authors only) 5,598 10.0

Target-paper outcome

Target papers excluded (all citations unresolved) 150 —

Table 6: Semantic Scholar metadata resolution outcomes across the two datasets. Stage 1 and Stage 2 percentages
are reported with respect to the total number of related-paper lookups; metadata-completeness percentages are
reported with respect to the resolved subset. Stage 1 and Stage 2 sum to 93.9% due to rounding.

Dimension H-Formula LLM-J-Formula H-LLM-J
Faithfulness -+0.08 +0.35 +0.03
Consistency —0.10 +0.45 +0.05
Content Coverage +0.12 +0.30 —0.15
Citation +0.06 —0.19 +0.20
Fluency/Narrative —0.05 +0.34 +0.04

Table 7: Spearman rank correlations across the three
evaluation channels on the human-evaluated subset
(n=79-80). H: Human; LLM-J: LLM-as-Judge; For-
mula: formula-based automated metric. Interpretive
bands: |p| < 0.10 negligible, 0.10-0.30 weak, 0.30—
0.50 moderate. Human scores are on a 1-5 ordinal
scale; LLM-Judge scores on a 0—1 continuous scale.

Step 1: Retrieval. We retrieve PDF files of ac-
cepted NAACL 2025 and ICLR 2025 papers from
web sources, including official conference proceed-
ings and repositories like ArXiv. For each confer-
ence, we aggregated all available PDFs to ensure
comprehensive coverage of that venue’s publica-
tions.

Step 2: Parsing. We process the PDFs using the
grobid2json parsing tool provided by the S20RC
project (Lo et al., 2020). This tool internally lever-
ages the Grobid library to first convert PDFs into
structured TEI-XML. Subsequently, it extracts es-
sential components such as titles, abstracts, intro-
ductions, author details, and bibliographic refer-
ences, and organizes them into a structured JSON
format. This structured representation provides a
robust foundation for the subsequent steps.

Step 3: Citation Extraction. We develop a reg-
ular expression to identify Related Works cited
within each paper’s introduction. The regex targets
citation patterns (e.g., “Author et al., Year”) to ex-

tract references relevant to the introductory context,
capturing the scholarly connections embedded in
the text.

Step 4: Citation Mapping. We employ the
LLaMA 4-Maverick model to map the extracted
Related Works citations (e.g., “et al.” strings) to
entries in the references section, retrieving the cor-
responding titles. The prompt used for this citation
mapping is provided in Table 10. This step ensures
accurate linkage between in-text citations and their
full bibliographic details.

Step 5: Enrichment. We use the Semantic-
Scholar API, combining the official'* (Kinney
et al., 2023) and unofficial endpoints, to fetch
abstracts and author details for each Related Works
title. This enriches the dataset with contextual
citation information, supporting tasks requiring
citation-aware generation. The multi-stage resolu-
tion strategy and handling of partial None responses
are detailed in Appendix C.

F Evaluation Metric Details

This appendix expands the per-metric definitions
summarized in Section 4.2. Implementation
specifics for Contextual Relevance and keyphrase
extraction are documented separately in Appen-
dices B.2 and B.3; the keyphrase-based Faithful-
ness formulation is detailed in Appendix G.

F.1 Lexical Overlap

We use five standard surface-level metrics:

14https: //www.semanticscholar.org/
Bhttps://github.com/danielnsilva/
semanticscholar
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* ROUGE-1 and ROUGE-2 compute the un-
igram and bigram overlap respectively be-
tween the generated and ground-truth intro-
ductions, expressed as the ratio of matching
n-grams (balancing precision and recall).

* ROUGE-L measures the longest common
subsequence, capturing structural similarity
at sentence and discourse granularity.

* BLEU computes modified n-gram precision
with a brevity penalty for length mismatch
between candidate and reference.

* METEOR aligns words by stemming and syn-
onymy, making the score sensitive to morpho-
logical and lexical variation that ROUGE and
BLEU would miss.

F.2 Semantic Similarity

BERTScore computes cosine similarity between
contextual token embeddings of the generated
and ground-truth introductions using a pretrained
BERT model. Because the embeddings are con-
textual, paraphrastic and syntactic variation are
matched softly, unlike n-gram overlap.

BLEURT uses a BERT-based regression model
fine-tuned on human ratings of generation quality,
producing a single similarity score per (candidate,
reference) pair. It is generally more sensitive to
fluency and adequacy than BERTScore.

Contextual Relevance is defined formally in
Section 4.2: the mean cosine similarity of the
generated-introduction embedding with the embed-
dings of its input context (title, abstract, and each
cited paper). Because the score is averaged over a
heterogeneous set of context elements, it is robust
to either (a) one element drifting in topic or (b) one
element being very short. The embedding model
and pooling strategy are detailed in Appendix B.2.

G Faithfulness and Consistency Metrics

Faithfulness assesses the factual alignment be-
tween the generated Introduction and its source
inputs (Title and Abstract), and Consistency as-
sesses alignment with the published ground-truth
introduction. For each dimension we report one
keyphrase-based automatic metric and one LLM-
as-a-Judge score (GPT-40; prompts in Table 8).
Both keyphrase-based metrics share the extraction
and semantic-matching procedure used by RBC
and RFC (Appendix B.3).

KEYPHRASE-BASED FAITHFULNESS. Let Kgen

be the set of keyphrases extracted from the gener-
ated introduction, and K.« the set extracted from
the Title and Abstract (serving as factual ground
truth). The two keyphrases satisfy the exact match

k = k' only if their stemmed forms are identical.

{k € Kgen | IK' € Kerx, k = k' }]
[ Keen '

Faithfulnessgp =

This captures the proportion of generated
keyphrases that are factually grounded in the source

context.

KEYPHRASE-BASED CONSISTENCY. Consis-
tency uses the same formulation but with the
ground-truth introduction’s keyphrase set gt as
the reference instead of K:

Consistencyy, = [{k € Keen | H‘I;C S ‘ICGTy k=k }\
gen

It assesses whether the generated text maintains
logical and factual consistency with the published
introduction.

G.1 Citation Correctness

Citation Precision and Citation Recall operate over
citation identifiers (‘“‘et al.” strings) rather than over
titles or DOIs; identifiers are extracted from the
generated introduction using LLaMA 4-Maverick
with the prompt in Table 10. Precision penalizes
citations that do not appear in the paper’s actual
Related Works list (potentially fabricated or off-
topic), while Recall penalizes failure to incorporate
citations that the paper’s introduction did use. Ci-
tation Contextual Quality (LLLM-as-a-Judge) is
independent of overlap with the original citation
set; it scores whether any cited sentence accurately
reflects the cited paper’s metadata (title, abstract,
authors) and is placed in a contextually appropriate
position.

G.2 Narrative Quality

Perplexity is computed under GPT-2 (Radford et al.,
2019) as

N

PPL = exp(§ > —logp(wi | wei) ),

i=1
where wq, . .., wy is the tokenized generated intro-
duction. Lower values indicate generations that the
language model finds more probable, used here as
a proxy for surface fluency. The LLM-as-a-Judge
Narrative Quality score (GPT-40) complements per-
plexity by grading higher-order properties — gram-
mar, logical flow between paragraphs, academic
tone, and overall readability — that token-level
predictability does not capture.
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G.3 LLM-as-a-Judge

All LLM-as-a-Judge scores use GPT-40 with struc-
tured JSON-output prompts (Table 8). Each prompt
elicits both a numeric score in [0, 1] and a short
bullet-style rationale; we use the numeric score in
Table 2 and reserve the rationale for qualitative in-
spection and case studies. Using a single judge
model across all five LLM-judge dimensions (Con-
tent Coverage, Faithfulness, Consistency, Citation
Contextual Quality, Narrative Quality) keeps the
scoring rubric internally consistent.

H A Case Study

In this section, we do a case study for a NAACL
2025 dataset paper “Zero-Shot Keyphrase Gener-
ation: Investigating Specialized Instructions and
Multi-Sample Aggregation on Large Language
Models”. We have provided the ground truth as
well as the generation introductions by four differ-
ent strategies including LLaMA 4-Maverick (Elab-
orate, 3-shot, Auto-COT) and GPT-40 (Elaborate)
in Figures 2, 3,4 and 5.

For the given sample, annotators consistently
praised the models, across LLaMA-4 Maverick and
GPT-4o, for producing fully faithful introductions
that “didn’t introduce any unsupported claims or
facts” and maintained a strong narrative flow. They
also highlighted that the models captured “non-
trivial citations and used them in the right context,”
demonstrating strong citation integration even un-
der zero-shot conditions.

Despite this, annotators repeatedly noted that the
generated introductions lacked essential conceptual
details, particularly the “three research questions,”
which were not present in the title, abstract, or
related works. This led to lower consistency scores,
with annotators clarifying that such omissions were
“understandable since the inputs do not give out
these details anywhere except the Ground Truth
Introduction.” These comments underscore a key
limitation: LLMs struggle to reconstruct paper-
specific structure when that structure is missing
from the input.

Annotators also observed quality differences in
background grounding. While LLaMA-4 produced
“nice background” sections using related-work ab-
stracts, GPT-40 occasionally drifted into “irrele-
vant discussion and citations.” A universal weak-
ness noted across all configurations was the Con-
tributions Summary, which annotators described
as “looking more like a conclusion” rather than a

proper summary of contributions, again reflecting
the absence of explicit contribution statements in
the prompting material.

Although all models produced strong motiva-
tion sections, annotators highlighted two consis-
tent weaknesses: the LLMs failed to generate
bullet-style contribution statements—often produc-
ing conclusion-like text instead, and they could not
recover deeper introduction details such as specific
motivations, research questions, or methodological
nuances missing from the inputs (title, abstract and
related works). A better prompt will likely fix the
conclusion issue, but the deeper nuances issue is
a limitation of the current setup since Results and
other sections are not provided as inputs.

H.1 Full-Paper-Context Case Study

To further examine whether richer input beyond
Title, Abstract, and Related Work would improve
generation, we conducted a focused case study on
the same paper “Zero-Shot Keyphrase Generation:
Investigating Specialized Instructions and Multi-
Sample Aggregation on Large Language Models.”
We prompted GPT-5.1 with the entire paper, ex-
cluding the Introduction, and asked it to regenerate
the Introduction. Compared to the restricted-input
setting (Title, Abstract, Related Work only), the
full-context generation was qualitatively stronger:
it explicitly recovered the three research questions,
accurately summarized the methodological design,
and incorporated empirical findings into a coher-
ent concluding framing — all elements that were
missing or weakly developed when only Title, Ab-
stract, and Related Work were provided, as pre-
viously noted by annotators. This analysis con-
firms that richer context can improve Introduction
quality. However, conditioning on Methodology
and Results would also require post-hoc knowl-
edge typically unavailable at writing time, sub-
stantially increase token usage on full-paper in-
puts (5,000-10,000 words), and depend on reliable
structural extraction across heterogeneous PDF for-
mats. Our restricted-input design therefore repre-
sents a deliberate trade-off between input richness
and the realism, scalability, and reproducibility re-
quired for benchmark-scale evaluation.
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Metric LLM Prompt (User Message)

Content Coverage & Con- Generated Introduction:
sistency "t {pred} """
Actual Introduction:
"o {label} """
You will evaluate a Generated Introduction against the Actual Introduction
and output ONLY this JSON:
{ "Content Coverage": "float (0.0-1.0)",

"Content Coverage Rationale”: "bullet-style justification”,
"Consistency”: float (0.0-1.9),
"Consistency Rationale”: "bullet-style justification” }

Scale: 0.0 = no alignment, 1.0 = perfect match

Content Coverage checks how many core claims and supporting facts from the Actual
Introduction appear in the Generated Introduction.

Consistency checks for hallucinations or internal contradictions. Partial scores are allowed.

Faithfulness & Citation Generated Introduction:

Context Quality "t {pred}y """
Metadata: {Title, Abstract, Related Papers}
You are evaluating a Generated Introduction against its Metadata and output
ONLY this JSON:
{ "Faithfulness": "float (0.0-1.0)",
"Faithfulness Rationale”: "bullet-style justification”,
"Citation Context Quality": "float (0.0-1.0)",
"Citation Context Quality Rationale”: "bullet-style justification” }
Faithfulness checks if each claim is supported by the Title, Abstract, or cited papers. Citation
Quality checks if cited sentences accurately reflect cited metadata.

Narrative Quality Generated Introduction:
"t {pred}y """
Scale: 0.0 = disfluent, 1.0 = highly fluent and readable
Output ONLY JSON:
{ "Narrative Quality"”: "float (0.0-1.0)",
"Narrative Quality Rationale”: "bullet-style justification” }
Evaluation includes grammar, logical flow, academic tone, and readability. Deduct points for
issues; provide justification in bullet style.

Table 8: Prompts used for LLM-as-a-Judge evaluation. Prompts are structured to elicit scores and justifications
across five quality dimensions.
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#  Criterion Guiding Questions Rating (1-5 Stars) Comments

Content Quality

1 Faithfulness Does the generated Introduction accurately reflect * Kk kK
information from the Title, Abstract, and Related
Papers without introducing facts not supported by
them?

2 Consistency Is the narrative consistent with the Ground Truth * K K K Kk
Introduction in terms of logical structure, intent,
and internal coherence? Are there any contradic-
tions in meaning or claims?

3 Coverage Does the Introduction include all key concepts * Kk kK
and major points found in the Title, Abstract, and
Related Papers? Are critical topics missing or
underrepresented?

4 Flow of Ideas Does the text follow a clear and logical progres- * kKA K
sion from background to motivation, method, and
contributions? Are transitions smooth and well-
structured?

5  Citation Contextual Quality Are citations used appropriately to support spe- * ok ok kK
cific points (e.g., prior work, problem framing,
methodology)? Are they integrated fluently into
the narrative?

6  Hallucinated Citations Are any citations fabricated, irrelevant, or inaccu- * kK A K
rately attributed?

Narrative Quality

7  Background / Literature Context Is the background informative and relevant? Are * kK A K
related works used to effectively contextualize the
research?

8  Motivation / Problem Statement  Is the research motivation clearly presented? Is * kK kK
the need or gap in existing literature convincingly
established?

9  Method / Approach Summary Is the proposed method succinctly and accurately * kK kK
described? Does it clearly build upon or differ
from prior work?

10 Contributions Summary Are the contributions of the paper stated clearly * ok kK K
and aligned with the core research claims? Are
they appropriately emphasized?

Table 9: Human evaluation rubric for assessing the quality of generated Introductions. Metrics are grouped under
content and narrative quality. Each row includes a guiding question, a rating scale, and space for evaluator comments.
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LLaMA 4-Maverick Citation Mapping Prompt

Objective: Extract citations from paper introductions using LLaMA 4-Maverick, returning a JSON object mapping citation identifiers
to titles and reasons for inclusion. Respond only with the JSON object, without extra text.

Paper Metadata:
Title: {title}
Abstract: {abstract}
Authors: {authors}

Introduction Data:
Full introduction text.
Provided citation records:
- Citation {paper_id}:
- Title: {title}
- Authors: {authors}
- Full Reference: {raw_text}

Task:
Prioritize the high-confidence citation list, then scan the introduction for additional citations.
For each citation, create an object with:
- title: The citation’s title.
- reason:
- If in the high-confidence list: “This citation is present in high-confidence list.”
- Otherwise: “Not included in the high-confidence list but cited in Introduction as ({ Author et al., Year}).”
Return a JSON object with a single key neighbors, containing an array of citation objects.
Each citation object maps the identifier (e.g., “Li et al., 2022”) to a title and reason pair.
Do not emit bare arrays, Markdown, comments, or additional text—only the JSON object.

Required Output Example:

{

"neighbors”: [

{

"Li et al., 2022": {

"title": "Convergence of Adam under relaxed assumptions”,

"reason”: "This citation is present in high-confidence list”

3

3

{

"Hashimoto et al., 2018": {

"title": "Fairness without demographics in repeated loss minimization”,
"reason”: "This citation is present in high-confidence list”

}

}

{

"Blitzer et al., 2006": {

"title": "Domain adaptation with structural correspondence learning”,
"reason”: "Not included in the high-confidence list but cited in Introduction as (Blitzer et al., 2006)"
}

}

]

3

Table 10: Prompt for citation extraction (Step 4) using LLaMA 4-Maverick, avoiding invalid outputs like bare
arrays.
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Prompt Level

Prompt

Short

You are an Al assistant tasked with generating the Introduction section of a research paper. Below, you are provided with the
Title and Abstract of the TARGET PAPER, along with details of RELATED PAPERS that must be cited within the Introduction.
Please craft an academic-style Introduction incorporating these citations appropriately.

TARGET PAPER:

Title: {title}

Abstract: {abstract}

RELATED PAPERS:
{cited_nodes_pretty }
Introduction:

Medium You are an Al assistant tasked with generating a structured and well-contextualized Introduction section of a research paper.
Below, you will find the Title and Abstract of the TARGET PAPER. Additionally, details of several RELATED PAPERS are
provided, which must be cited appropriately within the Introduction. Please incorporate these citations naturally, highlighting
how the target paper builds upon or differentiates itself from previous works.

IMPORTANT FORMAT REQUIREMENTS:
Clearly establish the research context and significance.
Identify and articulate the research gap or question addressed by the target paper.
Highlight how the contributions of the target paper relate to or extend the cited related works.
Maintain formal academic writing standards.
TARGET PAPER:
Title: {title}
Abstract: {abstract}
RELATED PAPERS:
Below is a JSON dictionary listing related papers. Each key represents a citation identifier (e.g., Li et al. 2022”). Each entry
includes the title, authors, and abstract of the paper. The papers are provided in no specific order, and you should incorporate
citations naturally where contextually relevant.
{cited_nodes_pretty}
Introduction:
Elaborate You are an Al assistant tasked with generating a detailed and structured Introduction section of a research paper based on the

provided Title and Abstract. Below, you will find comprehensive descriptions of the TARGET PAPER and several RELATED
PAPERS. The TARGET PAPER’s Abstract outlines its primary objectives, methods, and potential contributions. The RELATED
PAPERS provide crucial background information, research developments, and existing gaps in the field. Integrate insights
from these RELATED PAPERS effectively to establish a clear research context, articulate the significance of existing gaps, and
explicitly highlight how the TARGET PAPER addresses these gaps through its novel contributions. Cite these papers in-text
using APA format wherever applicable.

IMPORTANT FORMAT REQUIREMENTS:

Your response MUST consist of EXACTLY FOUR PARAGRAPHS for the Introduction.
DO NOT deviate from this four-paragraph structure.

Each paragraph must be between 100-150 words, totaling approximately 600 words.
STRUCTURE:

Paragraph 1: Broad overview of the research area, contextual insights from RELATED PAPERS, significance of the topic.
Paragraph 2: Specific problem or gap identified, supported by RELATED PAPERS.

Paragraph 3: Novel contributions of the TARGET PAPER, comparison to RELATED PAPERS.

Paragraph 4: Summary of significance, potential impact, and research purpose.

STYLE AND CONTENT REQUIREMENTS:

Maintain formal academic tone.

Coherent and concise writing directly related to the Title and Abstract.
Effective use of transitional phrases.

CITATION INSTRUCTIONS:

DO NOT invent or hallucinate citations.

ONLY cite the provided RELATED PAPERS.

Use APA in-text citation format, e.g., *(Smith et al.)’.

TARGET PAPER:

Title: {title}

Abstract: {abstract}

RELATED PAPERS:

Below is a JSON dictionary listing related papers. Each key represents a citation identifier (e.g., ’Li et al. 2022”). Each entry
includes the title, authors, and abstract of the paper. The papers are provided in no specific order, and you should incorporate
citations naturally where contextually relevant.

{cited_nodes_pretty }

Introduction:

Table 11: Prompting strategies (Part 1): Short, Medium, and Elaborate.
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Prompt Level

Prompt

AutoCoT

You are an advanced Al assistant performing AutoCoT prompting to autonomously generate intermediate prompts leading to the
final Introduction section of a research paper. You have the Title and Abstract of the TARGET PAPER, detailing its scope and
contributions, and comprehensive information about RELATED PAPERS, providing necessary background and context.
GUIDELINES:

First, autonomously generate and iteratively refine intermediate prompts to:

a. Summarize research context and significance from RELATED PAPERS.

b. Clearly identify gaps or unresolved challenges.

c. Outline the unique contributions and relevance of the TARGET PAPER.

Next, use these refined intermediate prompts to craft a coherent, structured Introduction.
STRUCTURE REQUIREMENTS:

The Introduction must contain exactly four paragraphs, each 100150 words:

Contextual overview and significance of the topic.

Clearly defined research gap, supported by RELATED PAPERS.

Novel contributions of the TARGET PAPER, contrasting with existing literature.
Summary of significance, potential impacts, and thesis statement.

FORMAT AND CITATION REQUIREMENTS:

Maintain academic rigor, formal tone, and smooth transitions.

Accurately cite only the provided RELATED PAPERS using APA in-text citation format (e.g., *(Smith et al.)’).

TARGET PAPER:

Title: {title}

Abstract: {abstract}

RELATED PAPERS:

Below is a JSON dictionary listing related papers. Each key represents a citation identifier (e.g., Li et al. 2022”). Each entry
includes the title, authors, and abstract of the paper. The papers are provided in no specific order, and you should incorporate
citations naturally where contextually relevant.

{cited_nodes_pretty }

Introduction:

Table 12: Prompting strategies (Part 2): AutoCoT.
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Prompt Level Prompt

ZERO_SHOT Same as the Elaborate prompt in Table 11

One-Shot You are an Al assistant tasked with generating a detailed and structured Introduction section of a research paper based on the
provided Title and Abstract. Below, you will find comprehensive descriptions of the TARGET PAPER and several RELATED
PAPERS. The TARGET PAPER’s Abstract outlines its primary objectives, methods, and potential contributions. The RELATED
PAPERS provide crucial background information, research developments, and existing gaps in the field. Integrate insights
from these RELATED PAPERS effectively to establish a clear research context, articulate the significance of existing gaps, and
explicitly highlight how the TARGET PAPER addresses these gaps through its novel contributions. Cite these papers in-text
using APA format wherever applicable.
IMPORTANT FORMAT REQUIREMENTS:

Your response MUST consist of EXACTLY FOUR PARAGRAPHS for the Introduction.
DO NOT deviate from this four-paragraph structure.

Each paragraph must be between 100-150 words, totaling approximately 600 words.
STRUCTURE:

Paragraph 1: Broad overview of the research area, contextual insights from RELATED PAPERS, significance of the topic.
Paragraph 2: Specific problem or gap identified, supported by RELATED PAPERS.

Paragraph 3: Novel contributions of the TARGET PAPER, comparison to RELATED PAPERS.

Paragraph 4: Summary of significance, potential impact, and research purpose.

STYLE AND CONTENT REQUIREMENTS:

Maintain formal academic tone.

Coherent and concise writing directly related to the Title and Abstract.
Effective use of transitional phrases.

CITATION INSTRUCTIONS:

DO NOT invent or hallucinate citations.
ONLY cite the provided RELATED PAPERS.
Use APA in-text citation format, e.g., ’(Smith et al.)’.
Here is an example showing how to generate an Introduction (output) based on a paper’s Title, Abstract, and Related Papers
(inputs).
[Insert one example here.]
Now, based on the above example and the guidelines below, please generate the Introduction for the following TARGET PAPER.
TARGET PAPER:
Title: {title}
Abstract: {abstract}
RELATED PAPERS:
{cited_nodes_pretty }
Introduction:
Two-Shot Here are two examples showing how to generate an Introduction (output) based on a paper’s Title, Abstract, and Related Papers
(inputs).
[Insert two examples here.]
Now, based on the above examples and the guidelines below, please generate the Introduction for the following TARGET PAPER.
[Elaborate prompt continues as above.]
Three-Shot Here are three examples showing how to generate an Introduction (output) based on a paper’s Title, Abstract, and Related Papers
(inputs).
[Insert three examples here.]
Now, based on the above examples and the guidelines below, please generate the Introduction for the following TARGET PAPER.
[Elaborate prompt continues as above.]

Table 13: Prompting strategies (Part 3): Few-shot prompting with 0-3 examples prepended to the Elaborate prompt.
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Model Generated Introduction

Ground Truth Keyphrases are concise, representative phrases that encapsulate the most essential and relevant topical
information in a document (Hasan and Ng, 2014). They serve as a high-level summary, providing quick insight
into the text. Keyphrases can be "present” if they appear verbatim in the text, or "absent" if they are semantically
implied and do not occur explicitly in the text. While keyphrase extraction focuses on identifying present
keyphrases (Park and Caragea, 2023; Patel and Caragea, 2021; Al-Zaidy et al., 2019; Bennani-Smires et al.,
2018; Yu and Ng, 2018; Florescu and Caragea, 2017; Sterckx et al., 2016; Gollapalli and Caragea, 2014),
keyphrase generation (KPG) extends the task to include both present and absent keyphrases (Garg et al., 2023;
Chowdhury et al., 2022; Garg ct al., 2022; Meng et al., 2017; Yuan et al., 2020; Chan et al., 2019; Chen et al.,
2020). Recent advancements in keyphrase research, including this work, focus primarily on KPG, as it provides
a more comprehensive summary of the document’s information. Keyphrases are vital in various information
retrieval and NLP applications, such as document indexing and retrieval (Jones and Staveley, 1999; Boudin
et al., 2020), summarization (Wang and Cardie, 2013; Abu-Jbara and Radev, 2011), content recommendation
(Augenstein et al., 2017), and search engine optimization (Song et al., 2006).

First paragraph
discusses about
background.

Second paragraph

; R Various previous approaches have attempted to tackle KPG. Most of them are sequence-to-sequence
discusses Motivation.

approaches that are trained from scratch specifically for KPG (Meng et al., 2017; Yuan et al., 2020; Chan et al.,
2019; Chen et al., 2020; Ye et al., 2021b; Thomas and Vajjala, 2024). More recently, some approaches explore
finetuning of pre-trained language models such as BART or T5 for KPG (Wu et al., 2021; Kulkarni et al., 2022;
Wu et al., 2023; Wu et al., 2024a; Choi et al., 2023). However, the field of Natural Language Processing (NLP)
is shifting toward the utilization of Large Language Models (LLMs) (Iyer et al., 2022; Touvron et al., 2023) that
have far more parameters and are pre-trained on significantly larger datasets. This shift raises the question: how
well can such models be directed toward the KPG task? Prior studies have conducted preliminary investigations
using models like ChatGPT in zero-shot settings, mostly exploring limited prompt variants (Song et al., 2023b,a;
Martinez-Cruz et al., 2023). Our work aims to expand these efforts.

Third paragraph
discusses Method and
Contributions.

Specifically, this paper addresses three research questions (RQI, RQ2, RQ3) as follows. RQI: Can
LLMs be guided to specialize in either present or absent keyphrase generation using targeted prompts? Since
generating both types may require distinct strategies, we design specialist prompts and evaluate their efficacy in
§2.2 and §3.2. RQ2: Do more specific instructions—e.g., limiting the number or order of keyphrases—enhance
generation quality? Since metrics like F1@5 focus on early keyphrases, ordering may be important. We explore
this in §3.3. RQ3: Does multi-sample aggregation improve performance? LLMs tend to overgenerate, which
hurts precision. Our experimental design investigates these directions in depth.

LLaMA 4-Maverick (Elaborate) Keyphrase generation is a fundamental task in natural language processing (NLP) that involves automatically
generating a set of phrases (keyphrases) that summarize the main topics of a given document (Meng et al.,
2017). The task has been comprehensively explored in the past via various models, including supervised and
unsupervised approaches (Hasan & Ng, 2014; Florescu & Caragea, 2017). With the emergence of Large
Language Models (LLMs), there is a growing interest in exploring their potential for keyphrase generation (Song
et al., 2023a; Song et al., 2023b). LLMs have demonstrated exceptional performance in various NLP tasks,
making them a promising solution for keyphrase generation.

First paragraph does
good job in generating
Background.

Despite the advancements in keyphrase generation, existing approaches still face challenges, particularly in
generating absent keyphrases (Chowdhury et al., 2022) and handling long documents (Garg et al., 2022).
Moreover, the performance of existing models can be limited by the availability of large-scale annotated datasets
(Garg et al., 2023). Recent studies have shown that LLMs can be effective in zero-shot settings, but their
performance can be further improved by providing task-relevant instructions and aggregating multiple samples
(Iyer et al., 2022). Therefore, there is a need to investigate the potential of LLMs for keyphrase generation and
address the existing gaps in the field.

Second paragraph
does good job in
generating Motivation.

This paper aims to meet this demand by investigating the zero-shot capabilities of open-source instruction-tuned
LLMs (Phi-3, Llama-3) and the closed-source GPT-4o for keyphrase generation. We systematically investigate
the effect of providing task-relevant specialized instructions in the prompt and design task-specific counterparts
to self-consistency-style strategies for LLMs. Our approach builds upon recent studies that have demonstrated
the effectiveness of LLMs in zero-shot settings (Song et al., 2023a; Martinez-Cruz et al., 2023). By exploring
the potential of LLMs and addressing the existing gaps in the field, this paper aims to provide novel insights and
contributions to the field of keyphrase generation.

Third paragraph does
good job in generating
Method.

The significance of this study lies in its potential to advance the field of keyphrase generation by leveraging
the capabilities of LLMs. By investigating the zero-shot capabilities of LLMs and proposing novel strategies
for improving their performance, this paper aims to provide a significant contribution to the field. The findings
of this study have the potential to improve the performance of keyphrase generation models and enable their
application in various NLP tasks, such as document summarization and information retrieval (Boudin et al.,
2020). Overall, this paper provides a comprehensive investigation of the potential of LLMs for keyphrase
generation and highlights their potential for advancing the field.

Annotator
comment:
“does not look like

contributions but generic
conclusion” -

Figure 2: Ground Truth and Generated Introduction by LLaMA 4-Maverick (Elaborate) for Zero-Shot Keyphrase
Generation: Investigating Specialized Instructions and Multi-Sample Aggregation on Large Language Models.
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Model Generated Introduction

GPT-4o(Elaborate) Keyphrase generation is a crucial task in natural language processing (NLP) that involves summarizing
documents by generating a small set of representative phrases. This task is significant for various applications
including information retrieval, indexing, and document summarization (Hasan & Ng, 2014). Traditional
methods for keyphrase generation have relied on supervised learning approaches, which require large annotated

Gave lot of background

outinelevant discussion and ) datasets (Sterckx et al., 2016). However, the advent of large language models (LLMs) has opened new avenues

citations’

for tackling this task with potentially less dependency on extensive labeled data. The impact of LLMs on various
NLP tasks, including keyphrase generation, warrants a comprehensive investigation to fully understand their
capabilities and limitations (Touvron et al., 2023).

Despite the progress in keyphrase generation, several challenges remain unaddressed. One of the major
challenges is the ability to generate keyphrases in a zero-shot setting, where models generate keyphrases without
prior training on specific datasets (Song et al., 2023a). Another issue is the generation of absent keyphrases,
which are keyphrases not explicitly mentioned in the text but still relevant to the document’s content (Chowdhury
et al., 2022). Existing approaches, such as the use of citation networks (Gollapalli & Caragea, 2014) and
sequence labeling models (Al Zaidy et al., 2019), have made strides in keyphrase extraction but often fall short
in zero-shot and absent keyphrase generation scenarios.

The target paper, “Zero-Shot Keyphrase Generation: Investigating Specialized Instructions and Multi-Sample
Aggregation on Large Language Models,” aims to address these gaps by leveraging the zero-shot capabilities
of instruction-tuned LLMs, specifically Phi-3, Llama-3, and GPT-40. The research focuses on the effects of

Background, Motivation
paragrap at

similar to LlaMA-4

Mook Elaborate) providing task-specific instructions to these models and introduces strategies akin to self-consistency to improve
performance. This appr ous studies like PositionRank (Florescu & Caragea, 2017) and
reference KPRank (Patel & Caragea, 2021), which do not utilize the instruction-tuning capabilities of LLMs. Additionally,
the paper contrasts its findings with the preliminary evaluations of ChatGPT for keyphrase generation (Song et
al., 2023b), highlighting significant advancements over existing models.

Generated one fabricated

In summary, this paper aims to advance the field of keyphrase generation by exploring the untapped potential of
zero-shot learning with instruction-tuned LLMs. The novel contributions include the systematic investigation of
task-specific instructions and the development of keyphrase generation. These innovations promise to overcome
the limitations of existing methods and contribute to more accurate and diverse keyphrase generation. The
research findings could have broad implications for improving NLP applications in various domains, making it a
significant step forward in the field.

Figure 3: Ground Truth and Generated Introduction by LLaMA 4-Maverick (Elaborate) for Zero-Shot Keyphrase
Generation: Investigating Specialized Instructions and Multi-Sample Aggregation on Large Language Models. The
comment in red is Annotators’ comment, whereas the comment in green is our comment.

Model Generated Introduction

LLaMA 4-Maverick (3-shot) Keyphrase generation is a fundamental task in natural language processing (NLP) that involves automatically
generating keyphrases that summarize a document (Meng et al., 2017; Hasan & Ng, 2014). The task has been
extensively explored using various models, including traditional supervised and unsupervised approaches
(Sterckx et al., 2016; Bennani-Smires et al., 2018; Florescu & Caragea, 2017). Recent advancements in Large
Language Models (LLMs) have shown promising results in keyphrase generation, particularly in zero-shot
settings (Song et al., 2023a; Song et al., 2023b; Martinez-Cruz et al., 2023).

No special Despite their potential, the capabilities of LLMs for keyphrase generation are not yet fully understood, with

CUmWB“‘S _ existing studies providing only preliminary analyses (Song et al., 2023a; Song et al., 2023b). This gap

Generation quality underscores the need for a more comprehensive investigation into the zero-shot capabilities of LLMs for

similar to previous keyphrase generation. Moreover, existing keyphrase generation models often struggle with generating absent

models. keyphrases and determining the appropriate number of keyphrases to generate (Yuan et al., 2020; Chen et al.,
2020).

In this paper, we investigate the zero-shot capabilities of open-source instruction-tuned LLMs (Phi-3, Llama-3)
and the closed-source GPT-4o for keyphrase generation. We systematically examine the effect of providing
task-relevant specialized instructions in the prompt and design task-specific counterparts to self-consistency-style
strategies for LLMs. Our approach addresses the limitations of existing methods by leveraging the strengths of
LLMs in generating accurate and diverse keyphrases. By comparing our proposed methodologies with existing
state-of-the-art methods, we highlight the improvements and new perspectives offered by our work.

Our study demonstrates the effectiveness of LLMs in keyphrase generation and provides insights into their
potential applications. The results of our extensive experiments show that our proposed methodologies outperform
previous state-of-the-art methods, advancing the practical applications of keyphrase generation. This research
contributes to the ongoing exploration of LLMs in NLP tasks and underscores their significance in enhancing
keyphrase generation capabilities.

Figure 4: Generated introduction by LLaMA 4-Maverick (3-shot) for “Zero-Shot Keyphrase Generation: Investigat-
ing Specialized Instructions and Multi-Sample Aggregation on Large Language Models.”
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Model Generated Introduction

LLaMA 4-Maverick (Auto-COT) To generate the Introduction section of the target paper, "Zero-Shot Keyphrase Generation: Investigating
Specialized Instructions and Multi-Sample Aggregation on Large Language Models," we will first create and
refine intermediate prompts to summarize the research context and significance, identify gaps or unresolved
challenges, and outline the unique contributions and relevance of the target paper.

Intermediate Prompts and Refining Process:

1. Summarizing Research Context and Significance: Prompt: "Summarize the current state of keyphrase
generation research, highlighting its importance and the role of Large Language Models (LLMs)." Refined
Prompt: "Discuss the evolution of keyphrase generation, from traditional extraction methods to recent generative
models, and the potential impact of LLMs on this task.”

Intermediate 2. Identifying Gaps or Unresolved Challenges: Prompt: "Identify the limitations of current keyphrase generation
prompts for Auto- models, especially in handling absent keyphrases and the reliance on large annotated datasets." Refined Prompt:
CoT method "Analyze the challenges in keyphrase generation, particularly the generation of absent keyphrases, domain

adaptation, and the scarcity of labeled data for low-resource settings."

3. Outlining Unique Contributions and Relevance: Prompt: "Describe how the target paper investigates the
zero-shot capabilities of LLMs for keyphrase generation, focusing on specialized instructions and multi-sample
aggregation." Refined Prompt: "Explain the target paper’s research agenda, including the examination of
instruction-tuned LLMs for zero-shot keyphrase generation and the proposal of task-specific strategies to
enhance performance.”

Crafting the Introduction:

Paragraph 1: Contextual Overview and Significance
Keyphrase generation is a crucial task in natural language processing (NLP) that involves automatically

Again, the producing phrases (keyphrases) that summarize the main topics of a given document. The significance of
generation quality keyphrases lies in their ability to facilitate information retrieval, document categorization, and summarization
is very similar as (Hasan and Ng, 2014; Song et al., 2006). Recent advancements in Large Language Models (LLMs) have shown

promising results in various NLP tasks, including keyphrase generation (Song et al., 2023a; Martinez-Cruz et al.,
2023). The potential of LLMs to generate high-quality keyphrases without extensive training data makes them
particularly appealing for this task.

in the previous
methods.

Paragraph 2: Clearly Defined Research Gap

Despite the progress in keyphrase generation, several challenges remain unresolved. Traditional models rely
heavily on large-scale annotated datasets, which are not always available, particularly in low-resource settings
(Garg et al., 2023). Moreover, the generation of absent keyphrases, which are not present in the document,
continues to be a significant challenge (Chowdhury et al., 2022). While recent studies have explored the
capabilities of LLMs like ChatGPT for keyphrase generation, they have also highlighted the need for further
investigation into their performance, especially in zero-shot settings and for absent keyphrases (Song et al.,
2023b).

Paragraph 3: Novel Contributions

This paper addresses the gaps identified in previous research by investigating the zero-shot capabilities of
open-source instruction-tuned LLMs (Phi-3, Llama-3) and the closed-source GPT-4o for keyphrase generation.
We systematically examine the effect of providing task-relevant specialized instructions in the prompt and design
task-specific counterparts to self-consistency-style strategies for LLMs. Our approach aims to enhance the
performance of LLMs in generating both present and absent keyphrases without the need for extensive training
data.

Paragraph 4: Summary of Significance and Potential Impacts

By exploring the potential of LLMs for zero-shot keyphrase generation, this research contributes to the advance-
ment of NLP tasks that rely on keyphrase extraction and generation. The findings of this study have significant
implications for improving document summarization, information retrieval, and other downstream applications.
Our work demonstrates the potential of LLMs to efficiently generate high-quality keyphrases, paving the way for
further research into their capabilities and applications in NLP.

Figure 5: Generated introduction by LLaMA 4-Maverick (Auto-COT) for "Zero-Shot Keyphrase Generation:
Investigating Specialized Instructions and Multi-Sample Aggregation on Large Language Models."
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