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Abstract
The rapid growth of scientific publications has made it in-
creasingly difficult to keep literature reviews comprehensive
and up-to-date. Though prior work has focused on automat-
ing retrieval and screening, the writing phase of systematic
reviews remains largely under-explored, especially with re-
gard to readability and factual accuracy. To address this, we
present LiRA (Literature Review Agents), a multi-agent col-
laborative workflow which emulates the human literature re-
view process. LiRA utilizes specialized agents for content
outlining, subsection writing, editing, and reviewing, produc-
ing cohesive and comprehensive review articles. Evaluated
on SciReviewGen and a proprietary ScienceDirect dataset,
LiRA outperforms current baselines such as AutoSurvey and
MASS-Survey in writing and citation quality, while maintain-
ing competitive similarity to human-written reviews. We fur-
ther evaluate LiRA in real-world scenarios using document
retrieval and assess its robustness to reviewer model varia-
tion. Our findings highlight the potential of agentic LLM
workflows, even without domain-specific tuning, to improve
the reliability and usability of automated scientific writing.

Code —
www.github.com/lira-workflow/auto-review-writing

1 Introduction
Since their inception, literature reviews have been consis-
tently used to streamline the advancement of various scien-
tific fields (Snyder et al. 2016). Of these reviews, one of the
most important types is the Systematic Literature Review
(SLR), which reproducibly synthesizes a significant portion
of existing research relating to a specific research question
being addressed (Kitchenham and Charters 2007; Bangdi-
wala 2024). This role has become increasingly more crucial,
evidenced by how quite a few researchers consider them to
be original research or potentially even a mandatory step in
the scientific process itself (Kraus, Mahto, and Walsh 2023;
Palmatier, Houston, and Hulland 2018).

Due to the large amount of new findings and research be-
ing disseminated through publications, it has become very
difficult to release SLRs in a timely fashion (Qi, Li, and Lyu
2025; Ofori-Boateng et al. 2024; Tian et al. 2025). For ex-
ample, the estimated time required to complete an SLR has
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increased significantly in the past few decades in the medi-
cal domain (Allen and Olkin 1999; Borah et al. 2017), which
is further compounded by the necessity of using expert la-
bor (Atkinson 2025). In tackling this, the vast majority of
research relating to SLR automation focuses on the retrieval
and screening of scientific papers (Orel et al. 2023; Marshall
and Wallace 2019; Chen et al. 2025), as these are the most
time-consuming steps (Chai et al. 2021). However, there
remains the task of compiling the findings into a compre-
hensive review paper. Only a small number of works have
been published (Kasanishi et al. 2023; Qi, Li, and Lyu 2025;
Wang et al. 2024), let alone those which focus on the read-
ability and hallucination mitigation aspects.

In this work, we present LiRA (Literature Review
Agents), an agentic solution aimed at addressing the mini-
mal research related to automated literature review writing.
It is a Large Language Model (LLM)-based agentic work-
flow building upon existing relevant works and integrates
some of the most recent SLR-writing guidelines to generate
accurate and high-quality reviews, with an additional em-
phasis on readability. Moreover, it is entirely out-of-the-
box, requiring no task-specific pre-training or fine-tuning.
We also reduce hallucination in the outputs, which is one
of the main barriers in trustworthy automated writing and a
key factor preventing the widespread use of similar Artificial
Intelligence (AI)-powered systems (Alkaissi and McFarlane
2023; O’Connor et al. 2024; Xu et al. 2023).

To demonstrate LiRA’s capabilities, we propose the below
research questions:
RQ1 To what extent are the qualitative Systematic Liter-

ature Reviews created by LiRA similar to human-
written ones compared to existing literature writing
methods when all are given the same set of references?

RQ2 How well written are the generated articles compared
to existing literature writing methods when all are
given the same set of references?

RQ3 How well can LiRA properly use citations from the
provided sources to generate qualitative Systematic
Literature Reviews compared to other methods?

RQ4 How well can LiRA be used in real-world settings
when using references returned by a scientific docu-
ment retriever?

We summarize our main contributions as follows:



• To the best of our knowledge, we propose the first agen-
tic LLM-based automated literature review writing work-
flow which emulates the human writing process and in-
tegrates the findings of other relevant agentic workflows.

• We explore the usage of formally defined guidelines and
techniques from relevant similar fields in the agentic
workflow, such as the idea of thoroughly analyzing the
existing papers before beginning the writing process, es-
tablishing a crucial link between theory and application.

• We establish several state-of-the-art baseline results for
the automated literature review writing task across mul-
tiple settings, comparing between existing systems when
using the same LLM type throughout.

2 Related Work
Agentic workflows Comparisons have been made be-
tween agentic LLM systems and human cognition, due to
how breaking down a task into smaller steps, which these
workflows often do, is commonly used to describe how
humans solve more intricate problems (Flower and Hayes
1981; Correa et al. 2023). Using this concept, several works
show promise in implementing agentic workflows in vari-
ous fields, such as the medical sciences (Tang et al. 2024)
and law (Watson et al. 2025). In some cases, this results
in an improvement of more than 90% compared to a simple
baseline (Watson et al. 2025).

However, for the task of automated writing specifically,
only few works have been published thus far (Qi, Li, and
Lyu 2025; Wang et al. 2024; Shao et al. 2024; Tian et al.
2025). Of these works, only two of them address literature
reviews or a similar document type and include open-source
code (Qi, Li, and Lyu 2025; Wang et al. 2024). Neither paper
takes output lengths and how they relate to the readability
and evaluation of each proposed system using the listed met-
rics into account. As a result, no works seem to exist which
tackle the issues of readability, and only minimal work exists
in addressing the factuality of the resulting articles.

Literature review For centuries (Lind 2014), the process
of writing literature reviews has been considered crucial for
the development of science (Meerpohl et al. 2012; Higgins
et al. 2011; Chalmers, Hedges, and Cooper 2002), as it pro-
vides researchers valuable insight on which research ques-
tions to answer via an analysis of earlier works (Chalmers
and Glasziou 2009; Eagly and Wood 1994). Moreover, im-
provements have been made to eliminate personal biases
(Egger, Smith, and O’Rourke 2001) through the introduction
of the SLR, which uses systematic methods of review for the
collation and synthesis of findings (Randles and Finnegan
2023; Snyder 2019; Page et al. 2021).

Given how time-consuming (Borah et al. 2017) and costly
(Michelson and Reuter 2019) this process is, a need for a vi-
able alternative has emerged. Despite this, there is not much
relevant innovation in natural language processing that tack-
les this issue (Mohammad et al. 2009; Kasanishi et al. 2023;
Agarwal et al. 2011), let alone results indicating real-world
usability. Therefore, we address all aforementioned prob-
lems by introducing an agentic workflow which uses LLMs

Figure 1: An overview of the LiRA architecture. The narrow
dotted arrows represent document input/output, the wide
dotted arrows indicate the refinement process, and the filled-
in arrows signify the system’s main flow. Each agent is ex-
plained in the below sections.

to generate literature reviews automatically, demonstrating
its potential by focusing on both readability and factuality.

3 The LiRA Framework
LiRA emulates the human literature review process by
decomposing it into specialized, interacting LLM-based
agents. Each agent tackles a key sub-task: either structural
planning, fine-grained writing, consistency refinement, or
factual verification, which results in a modular and scalable
pipeline. This section introduces the core agents and their
design motivations.

3.1 Outline Drafter Agent
A key challenge in literature review writing is constructing
a coherent structure from a large and unorganized set of ref-
erences. Instead of relying on the model to implicitly deter-
mine the structure during generation, LiRA explicitly drafts
an outline to guide the writing process. This agent takes
the topic and abstracts (or alternatively the full texts) of the
provided references to produce a set of candidate outlines
consisting of main sections and subsections. These are then
combined into a unified draft structure that includes descrip-
tions for each section and suggested supporting papers.

To manage the context size and focus on only the most rel-
evant content, the outline is constructed from up to 50 refer-
ences. We use existing heuristics (Wang et al. 2024) that rec-
ommend generating approximately 8 sections with around 4
subsections, but the agent can adapt this amount as needed.
We also include default sections such as an introduction and
conclusion to ensure consistency and completeness.

3.2 Subsection Writer Agent
Generating a full review in a single pass risks superficial
coverage and poor section coherence. We tackle this by hav-
ing a subsection writer agent, which writes each (sub)section



individually in parallel, conditioned on the description and
a selected subset of relevant references. This design encour-
ages fine-grained generation and makes the outputs more
modular and easier to revise.

Relevant references are retrieved using the FAISS in-
dex (Douze et al. 2025) based on section-level descriptions,
capped at 25% of the total pool per subsection (min 3, max
150). This balances citation diversity with input tractability.
Moreover, the reference titles, abstracts, or full texts can be
retrieved depending on the availability. The agent outputs
∼1,000 words per subsection, enabling long-form synthesis
while staying within model context limits. Also, the article
title, abstract, and conclusion are written after the body is
generated, mimicking human writing practices and avoiding
the premature commitment of top-down generation.

3.3 Editor Agent
Even with structural planning and localized generation, the
assembled review may exhibit issues such as redundancy, in-
consistency, or stylistic mismatches across sections. These
are addressed by an editor agent, which refines the entire
draft with a focus on presentation and style. It performs
standard editing operations, including improving transitions,
enhancing vocabulary, and ensuring overall fluency and co-
hesion. Importantly, this agent does not alter the factual con-
tent, preserving the integrity of the generated information.

If the generated output exceeds the model’s con-
text window, the agent detects whether the text ends
abruptly—typically when the maximum output length
(16,384 tokens) is reached. In such cases, the model is
prompted to continue the output using the original input and
previously edited content as context. This mechanism effec-
tively doubles the generation capacity, though at the cost of
additional input overhead.

3.4 Reviewer Agent
To improve factual accuracy and review quality, we intro-
duce an LLM-based reviewer agent inspired by human edi-
torial workflows. This agent evaluates intermediate outputs
(e.g., outlines) based on adapted criteria from systematic re-
view guidelines (Snyder 2019), including content complete-
ness, transparency, clarity, and contribution.

If a component (e.g., an outline or section) fails to meet
quality thresholds, the reviewer provides structured feed-
back and triggers regeneration. The review loop continues
up to 3 rounds before fallback progression, balancing refine-
ment with computational efficiency.

3.5 Citation Behavior
Citation hallucination remains a major concern in auto-
mated scientific writing, as models may generate plausible-
sounding but non-existent references. To address this, LiRA
incorporates citation grounding directly into the generation
process. Rather than relying on abstract placeholders (e.g.,
numbered citations), agents cite sources using full article ti-
tles, which act as semantic anchors and help the model main-
tain alignment with the provided references.

After generation, these in-text citations are post-processed
into standard numbered references, and any hallucinated ti-

tles are redacted during evaluation to ensure fair comparison.
This approach improves factual consistency and ensure fair
comparison during evaluation.

3.6 Additional Implementation Details
All agents in LiRA were implemented using LangGraph.
Moreover, each agent has its own memory, a standard prac-
tice for LLM-based agentic workflows to better act upon
feedback (Sumers et al. 2023; Qian et al. 2024). This system
of storing feedback in memory is comparable to Reflexion
(Shinn et al. 2023), where the agent has to adjust its behav-
ior based on the feedback provided. Parallelization is also
included to increase the processing speed of certain steps,
namely the researcher when analyzing papers and the con-
tent writer for generating the article (sub)sections.

Aspects from the design of MetaGPT (Hong et al. 2023)
were adapted for more efficient inter-agent communication.
Specifically, all agents are required to return their outputs
as structured documents to avoid potential inefficiencies
relating to information presentation, which are then sent
to unique shared message pools for quick information re-
trieval. Moreover, the input contents are filtered based on the
model’s maximum context window length (128,000 tokens
in our case) to prevent information overload. As a method
of improving the model’s output quality with minimal inter-
vention, Zero-Shot Chain-of-Thought (Kojima et al. 2022) is
included in the prompts for all agents except the researcher
and editor, as they do not perform refinement.

4 Experiments
4.1 Baselines
To evaluate LiRA, we compare it against direct prompting
and, to the best of our knowledge, the only two publicly
available agentic frameworks for survey writing. For fair
comparison, all systems (including LiRA) are implemented
with gpt-4o-mini as the underlying LLM.

Direct prompting (DP) As the simplest baseline, we di-
rectly prompt the LLM with task instructions and the full
set of reference titles and metadata, asking it to generate a
review with the specified sections and length. When the ref-
erence list exceeds the context window, it is passed as an
attached file, requiring the model’s file-reading capability.
This baseline tests whether a single prompt can produce a
coherent review without decomposition or refinement.

MASS-Survey (MASS) Introduced in an automated
survey-writing challenge (Tian et al. 2025), MASS is the
only agentic framework from that challenge with publicly
available code. Its workflow differs fundamentally from
LiRA: Instead of decomposing the writing process into
specialized roles with iterative feedback, MASS follows a
strictly sequential pipeline. The system first clusters refer-
ences by topical similarity to construct an outline, then gen-
erates section contents and a title directly from these clus-
ters, and finally appends a conclusion. Long reference lists
are handled by passing them as attachments.

AutoSurvey (AS) AutoSurvey (Wang et al. 2024) is a
multi-stage framework for automatically generating litera-



ture surveys in computer science. Given a query (in our
case, the original review title), it retrieves relevant publica-
tions and uses their titles and abstracts to construct an out-
line, followed by subsection drafting with refinement steps
and partial use of retrieved article content (up to 1,500 to-
kens). While the paper claims retrieval-grounded drafting,
we did not find corresponding functionality in the released
code.

For fair comparison, we modified AutoSurvey to restrict
retrieval to the references cited in the target human-written
review. This required reducing the number of candidate doc-
uments per subsection to between 2 and 25% of the refer-
ences, or falling back to 60 when the fraction exceeded this
threshold (as in the original design). We also generalized
system prompts from “You are an expert in Artificial Intelli-
gence” to “You are an expert in a relevant field” to make the
system better able to generate articles for multiple domains.

4.2 Metrics
To comprehensively evaluate the generated literature re-
views, we consider three complementary dimensions: con-
tent similarity to human-written reviews, writing quality,
and citation reliability.

Similarity to the human-written review We measure
how similar the generated literature reviews are to human-
written ones. Metrics include ROUGE-L, heading soft re-
call (hsr), heading entity recall (her), and article entity re-
call (aer). Together, these capture lexical overlap, structural
alignment, and coverage of key cited works. Full definitions
are provided in Appendix A.

Writing quality We evaluate writing quality using both
automatic and human assessments. For automatic evalua-
tion, we use the Prometheus 2 LLM (Kim et al. 2024). It
is an open-source LLM evaluator that uses the appropri-
ate reference materials (the instruction, reference answer,
and score rubric) to provide assessments which mostly align
with those of human annotators. Three aspects are evaluated
for all generated articles, namely the coverage, structure, and
relevance. Here, coverage represents how broad the subject
matter of the review is, while structure measures the organi-
zation and flow of the review, and relevance indicates how
well the review is able to stay on-topic overall. Additional
specifications for the model and how it measures the afore-
mentioned aspects can be found in Appendix B.

For human evaluation, we employed subject matter ex-
perts (SMEs) who helped evaluate the outputs of the system
on the same aspects as mentioned above. For feasibility,
the annotation was performed differently for each dataset,
though the title, outline, and a section snippet were utilized
in both cases. For SciReviewGen, we employed a group
of 3 SMEs from Straive to select their preferences between
human- and LiRA-written articles for 30 sample snippets,
using a rubric as guidance for determining their choice. It
must also be noted that the order in which these samples
were presented was randomized for each row.

Meanwhile, a dedicated team from within the company
provided scores ranging from 1 to 5 for the AutoSurvey and
LiRA articles while using the human-written ones as a base-

line. This grading was done using the same rubric as men-
tioned above. Furthermore, due to this type of annotation be-
ing more labor-intensive, only 15 article snippets were used.

Citation quality We evaluate how well generated claims
are grounded in appropriate references. Our metric, Cita-
tion Quality F1-Score (CQF1), balances precision (penaliz-
ing irrelevant or hallucinated citations) and recall (capturing
missing but necessary citations), serving as a proxy for hal-
lucination in scientific writing. A full overview of the details
is given in Appendix D.

4.3 Datasets
We evaluate the effectiveness of the LiRA framework using
two datasets. The primary dataset is SciReviewGen (Kasan-
ishi et al. 2023), a publicly available benchmark built on
the Semantic Scholar Open Research Corpus (S2ORC) (Lo
et al. 2020). It contains 10,000 review articles in computer
science, referencing approximately 690,000 papers. Each
review is annotated with structured metadata, including ti-
tles, section headers, full texts, and references. Following
the setup in Shao et al. (2024), we randomly sample 125
reviews, ensuring each selected article contains a sufficient
number of references—averaging around 70 per paper.

To assess the generalizability beyond computer science,
we additionally evaluate on an internal dataset of 125 expert-
written reviews from ScienceDirect, covering 23 subject ar-
eas including business, microbiology, and materials science.
The dataset is matched in size to the SciReviewGen subset
to support direct cross-domain comparison.

4.4 Results
Across both datasets, LiRA consistently outperforms base-
line systems on the majority of evaluation metrics, demon-
strating stronger alignment with human-written reviews,
higher writing quality, and more reliable citation use.

Similarity to human-written review LiRA achieves the
highest ROUGE scores, indicating stronger lexical align-
ment with human-written reviews. AutoSurvey attains
slightly higher heading/entity recall, but largely due to ver-
bosity: on average, AutoSurvey produces 50,000 tokens per
article compared to only 22,000 for LiRA. Since recall-
based metrics do not normalize for length, longer outputs are
naturally favored. Crucially, this shows that LiRA generates
concise yet information-dense reviews, rather than inflating
scores by producing excessive text.

Writing quality LiRA achieves the best overall writing
quality, with a clear advantage in structural coherence. Au-
toSurvey performs marginally better in coverage, again re-
flecting its longer outputs, but at the cost of organiza-
tion and readability. SME evaluations align with these
trends: on ScienceDirect, experts strongly preferred LiRA
for structure, while AutoSurvey received marginally higher
scores for coverage and relevance, suggesting a trade-off be-
tween breadth and coherence. On SciReviewGen, SMEs
favored LiRA over the human-written reviews, noting its
broader and more balanced coverage given the outlines.



Metric DP MASS AS LiRA
SciReviewGen

ROUGE 0.06 ± 0.0 0.09 ± 0.0 0.09 ± 0.0 0.13 ± 0.0
hsr 0.69 ± 0.1 0.66 ± 0.1 0.92 ± 0.4 0.82 ± 0.1
her 0.06 ± 0.0 0.05 ± 0.0 0.15 ± 0.0 0.10 ± 0.0
aer 0.06 ± 0.0 0.09 ± 0.0 0.34 ± 0.0 0.27 ± 0.0

ScienceDirect
ROUGE 0.02 ± 0.0 0.04 ± 0.0 0.13 ± 0.0 0.13 ± 0.0
hsr 0.24 ± 0.2 0.22 ± 0.2 0.24 ± 0.4 0.25 ± 0.1
her 0.03 ± 0.0 0.03 ± 0.0 0.13 ± 0.0 0.05 ± 0.0
aer 0.03 ± 0.0 0.05 ± 0.0 0.25 ± 0.0 0.17 ± 0.0

Table 1: Results for similarity to the human-written reviews
with the baseline settings.

These results highlight LiRA’s strength in generating well-
structured, concise, and expert-aligned reviews, in some
cases even being favored over human-written baselines.

Citation quality LiRA demonstrates the largest gains in
citation reliability, achieving the highest Citation Quality F1
(CQF1) scores across both datasets (0.76 on SciReviewGen,
0.73 on ScienceDirect) and substantially outperforming Au-
toSurvey (≤0.63) and all other baselines. This indicates
that LiRA is more effective at grounding claims in appropri-
ate references, avoiding both omissions (recall errors) and
hallucinations (precision errors), which stem from LiRA’s
citation-grounded generation design that explicitly enforces
reference anchoring during drafting and refinement.

From this, it can be seen that LiRA overall produces
literature reviews that are concise, structurally coherent,
and citation-faithful, while maintaining competitive cover-
age. This balance between quality and reliability highlights
LiRA as a more trustworthy and practically useful frame-
work for automated survey writing. achieves the highest
ROUGE scores, indicating stronger lexical alignment with
human-written reviews. AutoSurvey attains slightly higher
heading/entity recall, but largely due to verbosity: on av-
erage, AutoSurvey produces 50,000 tokens per article com-
pared to only 22,000 for LiRA. Since recall-based metrics
do not normalize for length, longer outputs are naturally fa-
vored. Crucially, this shows that LiRA generates concise
yet information-dense reviews, rather than inflating scores
by producing excessive text.

5 Potential Modifications on LiRA
In this section, we discuss the adjustments tested on LiRA
to evaluate its performance more robustly. This involves the
usage of a different LLM type for the reviewer agent to po-
tentially mitigate self-bias amplification in the refinement
process, and document retriever usage to evaluate if LiRA
can be deployed in real-world settings.

5.1 Using a different reviewer model
Method Based on concerns stemming from self-bias am-
plification (Xu et al. 2024), experimentation was performed

Metric DP MASS AS LiRA
SciReviewGen

Coverage 3.53 ± 0.4 4.30 ± 0.3 4.50 ± 0.1 4.45 ± 0.1
Structure 3.15 ± 0.9 2.47 ± 1.2 2.30 ± 1.3 3.38 ± 0.9
Relevance 4.49 ± 0.2 4.74 ± 0.2 4.55 ± 0.2 4.57 ± 0.2
Average 3.72 3.83 3.78 4.13

ScienceDirect
Coverage 3.08 ± 1.0 3.44 ± 1.0 4.10 ± 0.1 3.90 ± 0.3
Structure 3.23 ± 1.0 2.59 ± 1.1 2.21 ± 1.3 3.42 ± 0.9
Relevance 3.98 ± 0.7 4.15 ± 0.7 4.29 ± 0.3 4.33 ± 0.3
Average 3.43 3.39 3.53 3.88

Table 2: Writing quality results for the baseline settings.

Dataset DP MASS AS LiRA
SciReviewGen 0.14 0.13 0.63 0.76
ScienceDirect 0.06 0.33 0.55 0.73

Table 3: Citation quality results for the baseline settings.

Figure 2: SME evaluation results. Here, C indicates Cover-
age, S indicates Structure, and R indicates Relevance.

using a reviewer model type different from the one used dur-
ing generation for each component, which is based on exist-
ing suggestions. To this end, the gemma3:4b model was
used through ollama (Kamath et al. 2025). This model
was chosen because it is open-source, has a context window
similar to gpt-4o-mini, and has lower hardware require-
ments compared to most other models. In addition, ollama
was the selected model provider because of its accessibility
and ease of use, with LangGraph already being compatible
with it. The parameter values used by gemma3:4b were
the default ollama ones aside from the context window
size (128,000) and seed (42).



SciReviewGen ScienceDirect

Metric LiRA LiRA
+gemma3 LiRA LiRA

+gemma3
ROUGE 0.13 ± 0.0 0.13 ± 0.0 0.13 ± 0.0 0.13 ± 0.0
hsr 0.82 ± 0.1 0.83 ± 0.1 0.25 ± 0.1 0.25 ± 0.1
her 0.10 ± 0.0 0.10 ± 0.0 0.05 ± 0.0 0.05 ± 0.0
aer 0.27 ± 0.0 0.26 ± 0.0 0.17 ± 0.0 0.17 ± 0.0

CQF1 0.76 0.77 0.73 0.73

Coverage 4.45 ± 0.1 4.45 ± 0.1 3.90 ± 0.3 3.89 ± 0.4
Structure 3.38 ± 0.9 3.47 ± 0.9 3.42 ± 0.9 3.26 ± 1.0
Relevance 4.57 ± 0.2 4.64 ± 0.2 4.33 ± 0.3 4.29 ± 0.3

Table 4: The gemma3 results for the ScienceDirect dataset.
Note that if both numbers in a row are bolded, it means they
returned the exact same value.

Results The results for this setting can be found in Ta-
ble 4. Though the extent of bias mitigation itself cannot be
measured properly with the current metrics, we can remark
how using gemma3:4b has little impact on the scores over-
all across all metrics. This suggests that alternative model
configurations may not significantly alter the article output
quality, therefore indicating potentially that the pipeline can
work well even when using different LLMs in the process.

5.2 Retrieval Usage
Method All prior experiments assumed the availability of
gold references from a reference article to generate a review.
This is not the case for real-world settings, however, as novel
literature reviews are required to keep up with current devel-
opments. Therefore, we evaluate if the system can gener-
ate reviews similar enough to the human-written ones when
provided with retrieved references instead, hence the inclu-
sion of RQ4. Specifically, an internal API for embedding-
similarity search was used, which can be called to retrieve
as many references as listed in the human-written review.

Results We examined if the results when using retrieval
differed significantly compared to the baseline researcher
setting, which was tested using the appropriate statistical
tests. From the results (shown in Table 5), we note that
only two results were significantly different compared to the
baseline, indicating that LiRA is capable of performing sim-
ilarly despite the different references used. More details on
the statistical tests can be found in Appendix F.

6 Deployment
The deployment of LiRA will use the following steps. First,
it will be developed using the Python version of Lang-
Graph, which is an open-source and production-ready agen-
tic framework. Furthermore, the gpt-4o-mini LLM
from AzureOpenAI will be used, with the possibility of us-
ing other models given LangGraph’s extensive support for
various other endpoints such as form ollama.

As the use case of LiRA requires it to generate novel
literature reviews not based on existing reviews, a docu-

Metric LiRA LiRA
+retriever

ROUGE 0.130 ± 0.021 0.128 ± 0.019

hsr 0.257 ± 0.130 0.251 ± 0.116
her 0.056 ± 0.043 0.054 ± 0.044
aer 0.170 ± 0.057 0.152 ± 0.054*

Coverage 3.892 ± 0.407 3.839 ± 0.415*
Structure 3.264 ± 1.049 3.411 ± 1.023
Relevance 4.296 ± 0.389 4.270 ± 0.372

Table 5: The ScienceDirect retrieval results. The stars indi-
cate results significantly lower than the baseline.

ment retrieval system will be added on to the system. It
would function by asking the user for a review topic as
input, which would then be enriched using an LLM (i.e.,
gpt-4o-mini) and afterwards used for embedding-based
retrieval using an internal API. This API by default has ac-
cess to a large collection of scientific articles, and can be
replaced depending on the specific circumstances.

7 Conclusion, Limitations, and Future Work
This work introduces LiRA, an agentic workflow designed
for the automatic writing of literature reviews, which inte-
grates the concepts of research before writing and refine-
ment in its core pipeline. The results obtained show that
LiRA is capable of performing the task of automated litera-
ture review quite well, outperforming all tested open-source
methods when accounting for the varying output lengths, in-
dicating a positive result for essentially every research ques-
tion proposed. Moreover, it reduces hallucination through
improved citation behavior and can demonstrably be used in
real-world settings.

Several improvements could be made, mainly regard-
ing the irreproducibility of results due to the usage of
gpt-4o-mini for all experiments. This can be solved
by using seedable models instead, which should be feasi-
ble given current LLM availability. In addition, there is a
lack of open-source datasets for this task specifically, which
hinders the generalizability of all results to other scientific
fields. Therefore, we encourage authors to create additional
datasets, ideally in a similar format to SciReviewGen, to fa-
cilitate the evaluation of similar systems in the future.

Furthermore, opportunities exist to create more end-to-
end pipelines, as the current project does not take into ac-
count factors such as primary studies and risk of bias in ran-
domized trials (i.e., the implementation of automated tools
based on Higgins et al. (2024)). Doing this would allow
for the integration of more steps within the literature review
writing process, namely the screening and search criteria
definition steps, which would allow for better paper repro-
ducibility.
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Towards Multi-Document Summarization of Scientific Ar-
ticles:Making Interesting Comparisons with SciSumm. In
Nenkova, A.; Hirschberg, J.; and Liu, Y., eds., Proceedings
of the Workshop on Automatic Summarization for Differ-
ent Genres, Media, and Languages, 8–15. Portland, Oregon:
Association for Computational Linguistics.
Alkaissi, H.; and McFarlane, S. I. 2023. Artificial Hal-
lucinations in ChatGPT: Implications in Scientific Writing.
Cureus.
Allen, I. E.; and Olkin, I. 1999. Estimating Time to Con-
duct a Meta-analysis From Number of Citations Retrieved.
JAMA, 282(7): 634–635.
Atkinson, C. F. 2025. AI-pocalypse now: Automating the
Systematic Literature Review with SPARK (Systematic Pro-
cessing and Automated Review Kit) – Gathering, Organis-
ing, Filtering, and Scaffolding. MethodsX, 14: 103129.
Bangdiwala, S. I. 2024. The Importance of Systematic Re-
views. International Journal of Injury Control and Safety
Promotion, 31(3): 347–349. Publisher: Taylor & Francis
eprint: https://doi.org/10.1080/17457300.2024.2388484.

Borah, R.; Brown, A. W.; Capers, P. L.; and Kaiser, K. A.
2017. Analysis of the Time and Workers Needed to Conduct
Systematic Reviews of Medical Interventions Using Data
from the PROSPERO Registry. BMJ Open, 7(2): e012545.
Publisher: British Medical Journal Publishing Group Sec-
tion: Health informatics.
Chai, K. E. K.; Lines, R. L. J.; Gucciardi, D. F.; and Ng,
L. 2021. Research Screener: A Machine Learning Tool to
Semi-automate Abstract Screening for Systematic Reviews.
Systematic Reviews, 10(1): 93.
Chalmers, I.; and Glasziou, P. 2009. Avoidable Waste in
the Production and Reporting of Research Evidence. The
Lancet, 374(9683): 86–89. Publisher: Elsevier.
Chalmers, I.; Hedges, L. V.; and Cooper, H. 2002. A Brief
History of Research Synthesis. Evaluation & the Health
Professions, 25(1): 12–37. Publisher: SAGE Publications
Inc.
Chen, H.; Jiang, Z.; Liu, X.; Xue, C. C.; Yew, S. M. E.;
Sheng, B.; Zheng, Y.-F.; Wang, X.; Wu, Y.; Sivaprasad, S.;
Wong, T. Y.; Chaudhary, V.; and Tham, Y. C. 2025. Can
Large Language Models Fully Automate or Partially Assist
Paper Selection in Systematic Reviews? British Journal
of Ophthalmology. Publisher: BMJ Publishing Group Ltd
Section: Epidemiology.
Correa, C. G.; Ho, M. K.; Callaway, F.; Daw, N. D.; and
Griffiths, T. L. 2023. Humans Decompose Tasks by Trading

Off Utility and Computational Cost. PLOS Computational
Biology, 19(6): e1011087. Publisher: Public Library of Sci-
ence.
Douze, M.; Guzhva, A.; Deng, C.; Johnson, J.; Szilvasy,
G.; Mazaré, P.-E.; Lomeli, M.; Hosseini, L.; and Jégou, H.
2025. The Faiss Library. ArXiv:2401.08281 [cs].
Eagly, A. H.; and Wood, W. 1994. Using Research Synthe-
ses to Plan Future Research. In The Handbook of Research
Synthesis, 485–500. New York, NY, US: Russell Sage Foun-
dation. ISBN 978-0-87154-226-7.
Egger, M.; Smith, G. D.; and O’Rourke, K. 2001. Intro-
duction: Rationale, Potentials, and Promise of Systematic
Reviews. In Systematic Reviews in Health Care, 1–19. John
Wiley & Sons, Ltd. ISBN 978-0-470-69392-6.
Flower, L.; and Hayes, J. R. 1981. A Cognitive Process The-
ory of Writing. College Composition and Communication,
32(4): 365.
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A Metrics Measuring the Similarity with
Human-Written Articles

This section includes an in-depth explanation of how the
textual similarity metrics were implemented and how they
function.
• ROUGE-L: This metric is frequently used for text eval-

uation and functions by counting the number of recalled
units in a text from the reference (Lin 2004). For this
project, we used the ROUGE-L metric from the Hug-
gingFace evaluate package.

• Heading Soft Recall: Inspired by the idea of soft recall
(Fränti and Mariescu-Istodor 2023), this metric quantita-
tively measures the heading coverage of a review without
relying on exact matches, where a higher score indicates
a more comprehensive outline by virtue of being simi-
lar to the human-written one. Here, we use the original
implementation provided by Shao et al. (2024).
Let S be a set, and let both P and G be sets of predicted
and gold headers, respectively. For each item in S, the
soft count is defined as the inverse sum of its similarity
to all other items within S, denoted as follows:

count(Si) =
1∑K

j=1 Sim(Si, Sj)
,

Sim(Si, Sj) = cos (embed(Si), embed(Sj)),



where embed(·) is parametrized by the
parahprase-MiniLM-L6-v2 model provided
by Sentence-Transformers. This is then used to measure
the cardinality of the set, defined as the sum of its
individual items:

card(S) =
K∑
i=1

count(Si).

The heading soft recall (hsr) is then defined as:

hsr =
card(G ∩ P )

card(G)
,

card(G ∩ P ) = card(G) + card(P )− card(G ∪ P ).

• Heading and Article Entity Recall: These metrics indi-
cate the proportion of named entities in the baseline gold
review mentioned in the generated text, between head-
ings or the full review texts, respectively. The imple-
mentation for this is also taken from Shao et al. (2024).
However, due to the presence of more scientific terms, we
instead use the SciSpacy named entity tagger for all set-
tings, specifically using the en_core_sci_lg model,
as it has the largest available vocabulary.

B LLM Evaluation
Here, we outline the details for LLM evaluation. For the spe-
cific LLM model, we used prometheus-7b-v2.0 using
(Kim et al. 2024) with the same configurations outlined in
Shao et al. (2024), namely a temperature of 0.01, cumula-
tive probability of top tokens of 0.95, maximum number of
new tokens of 512, and repetition penalty of 1.03. Also, be-
cause of hardware limitations, the model had to be run with
fp8-quantization and a memory usage value of 0.8. Note that
no seeding was used here, with the justification being that it
would encourage more diverse outputs from the model, thus
better mimicking reviews made by separate experts. More-
over, to simulate the process of evaluation by Subject Mat-
ter Experts (SMEs) and account for randomness, the evalua-
tion was performed three times for all articles, with the final
score being the average between all runs. Furthermore, due
to the model’s context size, the evaluation for the criteria had
to be done in the following ways:
• For coverage and relevance, each generated review and

its original article were split into their sections, with each
section being evaluated separately using the same crite-
ria. If any section is still too long for any of the two, then
said section is split further into two parts each. The cri-
teria for determining this is if the combined length of the
generated and original section exceeds the context win-
dow (32,768 tokens) minus roughly three thousand to-
kens to account for the rubric and other components.

• For structure, evaluation was performed using only the
outlines of both articles. This is because they are reason-
ably short and serve as a proper approximation for how
the respective contents are arranged.

The rubric provided (shown in table 7) to the LLM con-
tains scores ranging from 1 to 5, with the coverage, structure,

and relevance evaluated for all generated literature reviews.
Furthermore, the description for each score bracket is spec-
ified to accurately reflect the proper gradings. These were
adapted from the rubric used by Wang et al. (2024), with
minor adjustments to accommodate for the output structure.
Also, because three runs were performed per setting, the re-
sults reported are the means of the average scores and the
averaged resulting standard deviations.

C Sample SME Evaluation
We include a sample annotation for the SciReviewGen
dataset in figure 3. It can be seen that the SMEs were pro-
vided with the title, article snippet, and outline, which were
then used to determine which article was qualitatively better.

D Citation Quality
This section provides an overview of how the citation qual-
ity F1-score functions. It uses an LLM (gpt-4o-mini)
to evaluate how well the article cites the given reference ab-
stracts. More precisely, for a given article containing a set
of claims |C|, an LLM performing Natural Language Infer-
ence denoted as m determines the entailment of a claim ci
given the references listed Refi = {ri1 , ri2 , · · · }, returning
1 if the references support the claim and 0 otherwise.

This is then used to calculate the citation recall (Rc) and
precision (Pc), which are defined as the following:

Rc =

∑|C|
i=1 m(ci, Refi)

|C|
,

Pc =

∑|C|
i=1

∑|Refi|
j=1 m(ci, Refi) ∩ n(ci, rij )∑|C|

j=1 |Refi|
,

where n(ci, rij ) = (m(ci, {rij}) = 1) ∪ (m(ci, Refi \
{rij}) = 0), which indicates if the paper rij is related to
the claim ci.

Given the consideration that longer articles are more diffi-
cult to cite properly for, a scaling factor was included for the
recall, as it is reliant on the number of claims present. We
argue that for a given article, the amount of effort required
to properly cite references for the claims is roughly expo-
nential due to the amount of information which has to be re-
membered from each paper and the relations between all pa-
pers. For example, if given references Ref = {r1, r2, r3},
not only must one consider the relations between individual
pairs ((r1, r2), (r2, r3), (r1, r3)), but also the potential rela-
tions between sets of papers. Thus, if a generated article is
too short, its performance is penalized accordingly.

The scaling factor is defined as the following:

Scaling = 1− e(−k×nclaims),

where k is a scaling factor (set as 0.01 based on the assump-
tion that a paper has roughly 100 citations on average) and
nclaims is the average number of claims per article across
the generated articles. By definition, this value asymptot-
ically approaches 1 due to the exponential term when n is
large enough. This is applied to the aggregate recall score to
smooth out the weighting, which is then used to calculate a
final F1-score.



Figure 3: Annotation sample for the SciReviewGen dataset.

For the references, only the abstracts were used, as doing
so would replicate the process of how SMEs generally per-
form the same task. Furthermore, the implementation was
taken from Wang et al. (2024) with some adjustments to
better handle longer inputs. Specifically, assuming a claim-
reference pair is too long, the reference is split into a few
sections, and then the metric checks if any split supports the
claim. This assumes the rest of the references are also sup-
ported by the sources as a result.

E Ablation and Modification

Figures 4 and 5 show the results for additional studies re-
lating to system design modification. More precisely, this
involves two experiments, with the first being an ablation
study of the editor model. This was performed because this
component can be considered less impactful towards the out-
put compared to most other agents in the system design.

The other experiment performed was the addition of a re-
searcher agent. As a method of better imitating the process
of literature review writing by humans, this agent takes each
reference abstract and analyzes the contents based on several
pre-determined questions based on existing literature (Sny-
der 2019). This results in a list of findings (i.e., key points,
limitations) which are then utilized by the other agents in
place of the original abstract.

The results indicate that the editor model has a generally
small but negative impact towards the final results, though
it does seem to improve the article coverage and relevance
slightly in both cases. Meanwhile, the addition of a re-
searcher agent also tends to decrease overall performance,
again with marginal differences except in some metrics. As
such, these results suggest that the editor agent in LiRA pro-
vides a trade-off in terms of article quality and similarity,
while the researcher agent as it currently stands tends to re-
duce performance, likely because the abstracts are already
full of information and do not require further processing.

Figure 4: Textual similarity and citation quality results for
the different reviewer model setting.

F Retrieval Setting Statistical Tests
We include the statistical significance results for all results
related to the retriever setting comparison in table 6. For
all ROUGE- and recall-based metrics, the two-tailed Mann-
Whitney U-test was used, as almost all of the results were
not normally distributed (determined using the Shapiro-Wilk
test on each set of results). Additionally, the results for the
Prometheus gradings use the same test, though the results
across all runs were averaged by sample first to combine the



Figure 5: Prometheus evaluation results for the different re-
viewer model setting.

Metric U Statistic
value p-value

ROUGE-L 8503.5 .226

hsr 8041.0 .690
her 8414.5 .292
aer 10097.5 <.001
Coverage 8714.5 .114
Structure 7909.5 .864
Relevance 8970.5 .042

Table 6: The statistical significance test results for the re-
triever experiment setting.

results first by group.
All tests and normality checks were performed using the

corresponding functions available in the scipy.stats
module. Moreover, the significance level was chosen to be
α = 0.05.



Criteria Score Description

Coverage

5 The literature review section comprehensively covers all key and peripheral topics, providing detailed dis-
cussions and extensive information.

4 The literature review section covers most key areas of the topic comprehensively, with only very minor
topics left out.

3 The literature review section is generally comprehensive in coverage but still misses a few key points that
are not fully discussed.

2 The literature review section covers some parts of the topic but has noticeable omissions, with significant
areas either underrepresented or missing.

1 The literature review section has very limited coverage, only touching on a small portion of the topic and
lacking discussion on key areas.

Structure

5 The literature review outline is tightly structured and logically clear, with all sections and content arranged
most reasonably, and transitions between adjacent sections smooth without redundancy.

4 The literature review outline has good logical consistency, with content well arranged and natural transitions,
only slightly rigid in a few parts.

3 The literature review outline has a generally reasonable logical structure, with most content arranged orderly,
though some links and transitions could be improved such as repeated subsections.

2 The literature review outline has weak logical flow with some content arranged in a disordered or unreason-
able manner.

1 The literature review outline lacks logic, with no clear connections between sections, making it difficult to
understand the overall framework.

Relevance

5 The literature review section is exceptionally focused and entirely on topic; the article is tightly centered on
the subject, with every piece of information contributing to a comprehensive understanding of the topic.

4 The literature review section is mostly on topic and focused; the narrative has a consistent relevance to the
core subject with infrequent digressions.

3 The literature review section is generally on topic, despite a few unrelated details.

2 The literature review section is somewhat on topic but with several digressions; the core subject is evident
but not consistently adhered to.

1 The literature review section is outdated or unrelated to the field it purports to review, offering no alignment
with the topic.

Table 7: The rubric criteria alongside their descriptions, adapted from (Wang et al. 2024).


