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Abstract

Large Language Models (LLMs) show strong
reasoning and text generation capabilities,
prompting their use in scientific literature anal-
ysis, including novelty assessment. While eval-
uating novelty of scientific papers is crucial
for peer review, it requires extensive knowl-
edge of related work, something not all review-
ers have. While recent work on LLM-assisted
scientific literature analysis supports literature
comparison, existing approaches offer limited
transparency and lack mechanisms for result
traceability via an information retrieval module.
To address this gap, we introduce GraphMind,
an easy-to-use interactive web tool designed to
assist users in evaluating the novelty of scien-
tific papers or drafted ideas. Specially, Graph-
Mind enables users to capture the main struc-
ture of a scientific paper, explore related ideas
through various perspectives, and assess nov-
elty via providing verifiable contextual insights.
GraphMind enables users to annotate related
papers through various relationships, and as-
sess novelty with contextual insight. This tool
integrates Semantic Scholar with LLMs to sup-
port annotation, classification of papers. This
combination provides users with a rich, struc-
tured view of a scientific idea’s core contri-
butions and its connections to existing work.
GraphMind is available at https://oyarsa.
github.io/graphmind and a demonstration
video at https://youtu.be/wKbjQpSvwIg.
The source code is available at https://
github.com/oyarsa/graphmind.

1 Introduction

Peer reviewing of scientific papers is a challeng-
ing task essential for scientific collaboration. It
requires a thorough understanding of the paper be-
ing evaluated, as well as knowledge of the scien-
tific literature around the topic. However, with the
increasing number of publications, ranging from
peer-reviewed conference and journal articles to
preprints, it is increasingly difficult for reviewers

to stay up to date within their research domains.
Concurrently, advances in LLMs’ reasoning and
text generation capabilities have spurred interest in
their use for scientific literature review (Yuan et al.,
2021; Lin et al., 2023; Chitale et al., 2025).

There are two key dimensions to consider when
evaluating a research paper. 1) at the macro level,
how does the paper relate to existing work? Has
similar research already been published? Com-
pared to the cited or relevant prior work, does this
paper present a groundbreaking idea or merely an
incremental contribution? 2) at the micro level, is
the paper well-organized and clearly motivated?
How is the structure laid out, and do the sections
logically support one another? Is there coher-
ence across chapters, and does each part contribute
meaningfully to the overall argument? 3) Build-
ing on these two dimensions, a third considera-
tion is the interaction between macro and mi-
cro levels: can each micro-level component (e.g.,
specific methods, results, or arguments) be sup-
ported or contextualized by the macro-level litera-
ture? In other words, does the paper consistently
draw connections between its internal structure and
the broader research landscape? 4) Finally, based
on all of the above, the ultimate question is: how
can we synthesize these observations into an evalu-
ation metric that effectively measures the paper’s
overall contribution?

However, existing review tools often fall short
in capturing all the key features necessary for com-
prehensive paper evaluation and remain limited in
scope. Some focus primarily on retrieving poten-
tially related papers via citation networks, such as
Connected Papers' and Inciteful®, while others rely
on surface-level semantic search, such as keyword
or title matching, as seen in tools like Litmaps?.
Additional systems attempt to assess paper quality

"https://connectedpapers.com/
Zhttps://inciteful . xyz/
3https://litmaps.com/
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based on content alone (Lin et al., 2024; Kang et al.,
2018). In general, these tools typically lack inte-
gration between the internal content of a paper and
its broader research context, which is an essential
factor for evaluating scientific novelty.

To address these limitations, we propose Graph-
Mind, an interactive tool designed to support nov-
elty assessment by analyzing both macro-level and
micro-level information, as well as the interac-
tion between them. GraphMind enables a sys-
tematic and comprehensive analysis of a paper’s
contribution. In practice, it allows users to iden-
tify key research components and explore related
work through a combination of citation-based and
semantic relationships. Unlike traditional methods,
our system decomposes abstracts into distinct back-
ground and target components, which enhances its
ability to retrieve semantically related papers. This
deeper contextual understanding facilitates a more
robust and informed evaluation of novelty.

To support this functionality, we leverage a com-
bination of existing tools to collect macro-level
information. For instance, using the arXiv API,
we can search for papers and retrieve their full La-
TeX content. Additionally, the Semantic Scholar
API* allows us to access metadata, citation infor-
mation, and recommended related papers. At the
micro level, we utilize LLMs, such as GPT-40°
and Gemini 2.0 Flash®, to extract key elements
from each paper, including claims, methodologies,
experiments, background, and research objectives.
Using this information, we construct a hierarchical
graph of related papers, integrating both top-cited
works and semantically similar papers, to support
novelty assessments. This graph forms the basis for
generating reports that highlight both supporting
and contrasting evidence from the literature.

To ensure flexibility and usability, GraphMind
features a web-based frontend that allows users
to explore and select papers for evaluation, and a
backend server that handles API queries and vector-
based similarity search. Users can operate in three
modes: (1) browsing a curated set of papers with
pre-computed analyses, (2) dynamically evaluating
new papers from arXiv using live data retrieval and
analysis, or (3) evaluating draft papers by directly
entering the title and abstract:

* We introduce GraphMind, a tool designed to
assist paper reviews by generating structured

*https://www.semanticscholar.org/product/api
Shttps://openai.com/index/gpt-40-system-card/
https://deepmind.google/technologies/gemini/

reports that combine a paper’s key elements
with insights from related works.

* We leverage APIs from arXiv and Semantic
Scholar, with LLM-based extraction, to iden-
tify the key aspects of scientific papers.

* Our tool allows the creation novelty assess-
ment reports that integrate detailed analysis of
a paper’s contribution and its position within
the surrounding research landscape.

2 Related Work

There has been substantial progress in both macro
and micro-level for LLM-assisted relevant paper
recommendations and automated peer review.

Macro level: Automated paper recommen-
dation. Existing retrieval approaches focus on
citation-based connections rather than content-level
analysis (Uzzi et al., 2013; Yang et al., 2025;
Kreutz and Schenkel, 2022). Tools like Connected
Papers, Inciteful, Litmaps, and ResearchRabbit’
build paper graphs using co-citation, bibliographic
coupling, or title’keyword similarity, but often
miss deeper semantic relationships and lack trans-
parency in their algorithms. SPECTER (Singh
et al., 2022) improves relatedness scoring via
citation-informed embeddings, but does not extract
or leverage specific content from papers. Scholar
Inbox (Flicke et al., 2025) considered both citation
and semantic information, but only document level
without fine-grained analysis. Guo et al. (2020)
use title-abstract attention relations for retrieval,
but do not identify detailed semantic relationships
between components.

Micro level: LLM-assisted scientific paper re-
view. Other works focus on evaluating and re-
viewing papers exclusively from their own content.
PeerRead (Kang et al., 2018) includes a small sub-
set with expert-annotated aspects such as clarity,
impact, and originality. SciND (Gupta et al., 2024)
constructs a knowledge graph from extracted novel
entity triplets in publications to support novelty
assessment, but it does not provide direct novelty
annotations. SchNovel (Lin et al., 2024) extracted
abstracts and metadata (e.g., institution, publication
year) from 150,000 papers in the arXiv dataset®.
However, it infers novelty through publication date,
assuming newer work is more novel, a simplistic
proxy that overlooks semantic content. Ai et al.

"https://researchrabbitapp.com
8https://www.kaggle.com/datasets/Cornell-
University/arxiv
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Figure 1: The overall architecture of GraphMind.

(2024) determines the novelty of a document by
comparing its atomic content units (ACUs). It re-
trieves similar ACUs by cosine similarity and cal-
culates the novelty depending on how salient the
ACUs are in the corpus. While algorithmically in-
teresting, this approach fails to capture scientific
innovation and creativity.

In summary, existing tools either lack macro or
micro-level understanding, barely discuss the in-
formation interaction, such as supporting evidence
between two levels. Therefore, GraphMind aims
to fill in the gap by combining structured paper
understanding with relationship-aware analysis, to
further support the novelty assessment.

3 Architecture of GraphMind

GraphMind is composed of a web-based frontend
and a backend server. Together, they enable users to
search, analyze, and evaluate the novelty of scien-
tific papers. An overview of the system is presented
in Figure 1. The Frontend is designed to support
a more flexible information collection paradigm,
while the Backend focuses on enabling a compre-
hensive analysis of the given paper by considering
both macro- and micro-level information.

Frontend The web interface is built using vanilla
TypeScript as a Multi-Page Application, with sepa-
rate files for each page. It communicates with the
server via a REST API. There are two main pages:
Search and Detail. In the Search page, the user can
select papers from either a pre-computed Library
or perform a dynamic arXiv search. The Library
contains a selected subset of papers from the ICLR
2022-2025 and NeurIPS 2022-2024 conferences,
that have been fully pre-processed. This enables
quick access without relying on external APIs. The
arXiv search allows users to query any arXiv paper.
If data is available, the system runs the full eval-

uation pipeline. A progress bar is shown during
processing, and users can enable notifications upon
completion. Results are cached locally to avoid
repeated processing. Regardless of how the user
chose the paper, they eventually arrive at the Detail
page, where they can see key metadata for the pa-
per, extracted information, related works, and the
final structured novelty report.

Backend The server is written in Python with
FastAPI. It presents a REST API with three end-
points: /search (Search), /evaluate (Evaluate)
and /abstract (Abstract). The Search endpoint
uses the arXiv API to query the papers by title, and
returns the basic meta data as JSON. The Evalu-
ate endpoint gets a paper title, arXiv ID, and some
settings such as the number of related papers to
retrieve and the LLM choice. It then uses the arXiv
API to retrieve the paper contents, the Semantic
Scholar API to retrieve full metadata from the paper
and its citations, and recommended papers to use as
the base for the semantic similarity method. It uses
Server-Side Events (SSE) to to stream live updates
to the frontend during evaluation. The full evalua-
tion result, including the main paper, related work,
extracted data and final report, is returned as JSON.
It supports GPT-40, GPT-40 mini and Gemini 2.0
Flash as the LLMs for data extraction and evalua-
tion, and uses SentenceTransformers (Reimers and
Gurevych, 2019) to generate vector embeddings
from the text”. The Abstract endpoint operates sim-
ilarly but accepts only the title and abstract as input.
From these, it retrieves semantically related papers
and generates the novelty assessment. However,
without access to the full paper content, it cannot
extract citations or construct the structured graph.

4 GraphMind

GraphMind is a multi-source information display
platform designed to help users analyze scientific
ideas by comparing them with relevant literature.
It presents a structured view of processed papers
and supports novelty assessment through interac-
tive statistical insights. By integrating evidence
extracted from both the target paper and related
works, the platform enables flexible retrieval and
visualization of relevant multi-source literature. In
what follows, we first describe the search interface
(Section 4.1), followed by the assessment results
page (Section 4.2). More details of the implemen-
tation can be found in Appendix C.

The encoder model used is all-MinilLM-L6-v2.
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4.1 Search

‘When the tool is launched, the user is directed to
the Search page. On their first visit, a help message
is displayed, offering instructions on how to use
the tool. After dismissing this message, the user
has three options to explore: the Library, which
contains a collection of pre-computed papers, the
arXiv search, and the Abstract evaluation. Figure 2
shows the Search page interface.

GraphMind

Explore papers from our library or search the arXiv

Graph Convolutional Networks

Found 12 papers for "Graph Convolutionsl Networks”

Dynamic Graph Convolutional

Simplitying Graph Convolutional

Signed Graph Convolutional Network
Tyler Derr, Yao Ma, Jiian

Franco Manessi, Alessandro Rozza, Mario Manzo. e to the fact much of

modeled as araphs. Moreover,these graphs ca

Deformable Graph Convolutional
Networks
Jinyoung Park, Sungdong Yoo, Jiwan Park,

Spatial Graph Convolutional Factorizable Graph Convolutional
Networks
Yiding Yang, Zunlei Feng, Mingii Song, Xinchao

Figure 2: Search page showing the available tabs with
the arXiv tab selected.

Library This page shows a curated list of pre-
computed papers available for immediate explo-
ration. Each paper is presented as a card containing
the title, abstract, and publication venue. Users can
click on a card to go to the Detail page to see the
novelty assessment report.

arXiv This page allows users to search for pa-
pers on arXiv by title, using live data retrieval and
dynamic analysis. Results are presented similarly
to those in the Library tab. Upon selecting a paper,
users are shown a configuration panel (see Figure 3)
where they can customize evaluation settings, such
as the number of citations to include, recommended
papers to retrieve, related papers with which to
build the graph, and the LLM to use to extract
the required information. They can also choose
whether to include all related papers or only those
published before the main paper. Once confirmed,
the assessment process starts (See Appendix C).
During this process, a progress bar indicates the
current steps being executed. Users can cancel at
any time. When completed, they are redirected to
the Detail page, which displays both micro- and
macro-level novelty assessment results.

Abstract This tab allows users to directly en-
ter a paper’s title and abstract. This enables the
evaluation of papers not in the arXiv. The system
extracts relevant information from the abstract and

Figure 3: Customizable evaluation configuration panel.

performs a macro-level novelty evaluation. Note
that micro-level analysis is not possible due to lack
of full arXiv metadata.

4.2 Assessment Results

The Detail page provides comprehensive paper
analysis and novelty assessment results, including
Metadata, with basic paper information and pre-
dicted novelty label, Novelty Assessment, with
synthesized evaluation results and its supporting
evidence, Paper Structured Graph with micro-
level elements extracted from the paper, and Re-
lated Papers, with macro-level relevant papers re-
trieved using both the citation network and seman-
tic matches.

Metadata Shows essential paper information: ti-
tle, authors, publication year, conference name, ac-
ceptance status (if available), arXiv link, extracted
keywords, and abstract. A novelty score, expressed
as a percentage, is also provided. This score is
obtained by prompting the evaluation model for
novelty assessment multiple times, and averaging
the predictions. Figure 4 shows the metadata sec-
tion.

<« Back to Search

Paper Detail

Weak Reward Model Transforms Generative Models into Robust Causal Event Extraction Systems
Authors
Italo Luis da Silva, Hanai Yan, Lin Gui, Yulan He
veam covermmwee  orcsio novel
2024 Conference on 7 20%
Empirical Methods in
Natural Language
Processing

2406.18245v2

wwwwwwwwwwwwwwwwwwwwwwwwwww

cause and tasks. Traditional metrics
poarty reflect model performance, 5o we trained evaluation modiels b We used them o perform

RL model. Our

Figure 4: Metadata section on the Paper Detail page.

Paper Structured Graph Presents the micro-
level elements of the paper extracted from the full

289



paper content. It included the core claims, the
methods used to validate those claims, and the ex-
periments conducted as evidence for the methods.
These elements are interlinked, illustrating how
claims are substantiated by methods, and how those
methods are, in turn, validated through experiments.
This structure helps users understand the key as-
pects of the paper, how they support each other and
how they contribute to the overall argument. Users
can interact with each node in the graph to view
the corresponding segments extracted directly from
the paper. Figure 5 shows the structured graph.

| Paper Structure Graph

Title

Method

Reward Learning From Preference Experiment

Introduction of BTT for " Experimental validation
Bias correction method
preference modeling of BTT

Bradley-Terry model
with ties (BTT)

Bias-correction method

Simulation experiment
with BTT

Figure 5: Paper structured graph.

Novelty Assessment Presents the results of nov-
elty assessment using our proposed method. It be-
gins with a Result summary that integrates the key
findings from both micro- and macro-level analy-
ses, explaining how they collectively inform the
final novelty score. Following the summary, two
sections provides deeper context: (1) Supporting
Evidence: Highlights external papers that reinforce
the novelty and soundness of the main paper’s ap-
proach. These examples show how the paper intro-
duces new ideas or methods that are distinct from
prior work. (2) Contradictory Evidence: Identi-
fies related papers that challenge the originality or
effectiveness of the proposed approach, pointing
out overlaps or limitations. Each evidence item
links to a related paper (see below) and highlights
how that paper contributes to novelty assessment.
Figure 6 shows the Novelty Assessment section
with Supporting Evidence, highlighting a compari-
son of background information between the main
and a related paper.

Related papers The Related Papers section dis-
plays the extracted information for each retrieved
related paper. This includes both the citations, cat-
egorized as either supporting or contrasting based
on the context in which they are cited, and the

| SUPPORTING EVIDENCE

Figure 6: Novelty Assessment section showing support-
ing evidence comparison.

semantically related papers, which are classified
as either background (works that inform or moti-
vate the main paper) or farget (works that address
similar goals). For each related paper, we show
a semantic similarity score (both as a percentage
and a visual scale), the original abstract, and a
relation-aware summary explaining the connection
to the main paper. For cited papers, we also in-
clude the citation contexts with their corresponding
polarities (supporting or contrasting). For semanti-
cally related papers, we show either the extracted
background content (for background papers) or the
target content (for target papers).

Abstract evaluation For papers evaluated
through the Abstract input method, some features
are unavailable due to the absence of full arXiv
LaTeX content. Specifically, we cannot generate
the Paper Structured Graph or include citation-
based entries in the Related Papers section.
However, we do provide semantically related
papers found based solely on the abstract content,
and derive the novelty assessment from those
relationships. This allows authors to position their
in-progress work within the relevant literature,
even in the absence of a full paper submission.

5 Model Evaluation

To evaluate the performance of our methodol-
ogy, we conduct experiments using published pa-
pers from ICLR (2022-2025) and NeurIPS (2022-
2024) conferences. The papers were collected via
the OpenReview API'°, and our full assessment
pipeline was applied to them. We use the median
originality scores from peer reviews as our ground
truth. These scores range from 1 to 5 (see Appendix
E for the complete scoring rubric), where we treat
scores of 1-3 as "not novel" and 4-5 as "novel". The
predicted novelty labels are compared against the

Ohttps://docs.openreview.net/
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ground truth using standard classification metrics:
precision, recall, F1 score, and accuracy. Our eval-
uation includes several LLMs: GPT-40, Gemini 2.0
Flash, Qwen 2.5 7B (Yang et al., 2024) and Llama
3.1 8B (Dubey et al., 2024).

Table 1 shows the performance of our method
against baselines. The Basic baselines directly
prompt a given LLM using only the paper title and
abstract, without our hierarchical graph or related
papers. The Search baselines are provided with
our hierarchical graph. But they use the models’
own web search capabilities to find relevant papers,
not our curated retrieval pipeline. Note that both
Qwen and Llama do not support search capabili-
ties; therefore, we report results only for their Basic
versions.

Model Precision Recall F1 Accuracy
Basicgprao 0.6863  0.7000 0.6931 0.6900
Searchgpri4o 0.6667  0.6400 0.6531 0.6600
GraphMindgpr4,  0.7805  0.6400 0.7033  0.7300
Basicgemini 0.5169  0.9200 0.6619  0.5300
SearchgGemini 0.6667 0.7200 0.6923 0.6800
GraphMindgemini 0.7800 0.7222 0.7500  0.7400
Basicqwen 0.6680  0.7371 0.7008  0.5500
GraphMindgwen 0.5946  0.8800 0.7097  0.5800
Basicy jama 0.5062  0.8200 0.6260  0.5100
GraphMindy jama 0.5125  0.8000 0.6247  0.5200

Table 1: Evaluation result with different LLMs.

We find that the Basic baseline struggles to accu-
rately assess novelty, as it lacks sufficient context
and relies solely on the LLM’s internal knowledge.
The Search baseline retrieves papers less relevant
than our related paper retrieval method, which leads
to lower performance with noisy data. Our method,
GraphMind, consistently outperforms both base-
lines by leveraging a structured representation of
the paper and high-quality retrieved related works.

In addition to the baselines, we also select a
few variations on our method to show how each
component contributes to the performance. Ta-
ble 2 presents the results on our benchmark dataset
SciNova and PeerRead.

Variants Precision Recall F1 Accuracy
GraphMind 0.7800  0.7222 0.7500  0.7400
No citation 0.7506  0.6704 0.7083  0.7200
No semantic ~ 0.8167  0.6772 0.7403 0.7200
No related 0.8151  0.6703 0.7353  0.6900
No graph 0.7217  0.6693 0.6942  0.6900

Table 2: Ablation results with updated runs.

We also evaluate the generated rationales using
a Bradley-Terry tournament model (Bradley and
Terry, 1952; Chiang et al., 2023). We employ an
LLM (GPT-40) as a judge to perform pairwise com-
parisons between the Basic baseline, our Graph-
Mind method, and the original human reviews. The
comparisons are scored across the following five
dimensions:

Different aspects of the generated rationales:

Clarity: how easy is it to understand and to follow
its ideas?

Faithfulness: does the rationale justify the novelty
label? For example, if the text is mostly positive, so
should the label.

Factuality: is the rationale is correct grounded in
scientific facts from the target and related papers?

Specificity: does the rationale cover information spe-
cific to the paper, or doe sit make overly generic
statements?

Contributions: does the rationale effectively com-
pare the target paper with the related papers?

Table 3 displays the results, showing that Graph-
Mind outperfoms the baseline in general, and
closely matches or exceeds human reviews in sev-
eral aspects, particularly in Faithfulness, Factuality,
and Specificity.

Model Clarity Faithful Factuality Specificity Contrib.
Human 1547 1476 1470 1443 1584
Basic 1520 1507 1386 1369 1430
GraphMind 1520 1552 1609 1657 1540

Table 3: Bradley-Terry ratings from automated pairwise
tournament with GPT-40 as a judge.

The experimental results indicate that Graph-
Mind is an effective system for assessing novelty
of scientific papers. It produces more accurate nov-
elty labels compared to directly prompting LLMs,
and generates rationales that are on par with, or
even superior to, human-written reviews in terms
of faithfulness, factual grounding, and specificity.

6 Conclusion and Future Work

GraphMind is an easy-to-use interactive web tool
where users can generate evaluation reports from
scientific papers. It aims to assist peer reviewers
and other academic users in the task of assessing
the novelty of a paper using both its key elements
and relationship with the scientific literature. We
achieve this by fetching the paper’s full content
from the arXiv, using it to extract the key elements,
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and pairing the paper with relevant papers from the
literature extracted from a related papers graph.

In the future, we will consider further expanding
our related paper retrieval to larger datasets and
developing more refined ways of finding relevant
papers. This includes building our own database
containing millions of scientific papers and using
more advanced LLM-driven methods to enhance
the search process. We’ll also consider incorpo-
rating interactive user feedback and evaluation on
domains beyond Machine Learning.
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Appendix
A Evaluation dataset

Table A1 shows the distribution of novelty labels
in our dataset.

Year Count Count % Novel Novel %
2022 534 17.4% 450 84.3%
2023 688 22.5% 555 80.7%
2024 929 30.3% 549 59.1%
2025 912 29.8% 456 50.0%
Total 3063 100.0% 2010 65.6%

Table Al: Distribution of scientific papers by year with
novelty rates.

B More screenshots

Figures Al and A2 show the Paper Analysis and
Related Papers sections, respectively.

| Paper Analysis

| PRIMARY AREA

learning on graphs and other geometries & topologies

| BACKGROUND

Many different classification tasks need to manage structured data, which are usually modeled as graphs. Moreover, these
graphs can be dynamic, meaning that the vertices/edges of each graph may change during time. To the best of our
knowledge, this task has not been addressed using these kind of architectures.

| TARGET

Qur goal s to jointly exploit structured data and temporal information through the use of a neural network model. For this
reason, we propose two novel approaches, which combine Long Short-Term Memory networks and Graph Convolutional
Networks to learn long short-term dependencies together with graph structure. The quality of our methods is confirmed by
the promising results achieved.

Figure Al: Paper Analysis section

LITE: Intent-based Task Representation Learning Using Weak Supervision

$ Supporting  Similaty Score: 7%

Naoki Otani, Michael Gamon, S. Jauhar, Mei Yang, S. R. Malireddi, Oriana Riva (2022]

| ABSTRACT

while the

LITE's approach of using
pervision to

| CITATION CONTEXTS

Therefore, on generative Otani2022LITE)

Preserving Knowledge Invariance: Rethinking Robustness Evaluation of Open Information Extraction

9 Contrasting  Similerity Score: 37%

Figure A2: Related Papers section.

C Assessment Pipeline

Sections 4.1 and 4.2 show how our tool looks like
from the user’s point of view. This section de-
scribes the pipeline that generates that informa-
tion. This includes three components: Graph ex-
traction, Related papers retrieval and the final

Novelty assessment generation. This section de-
scribes the steps required for each one.

Graph extraction We extract the graph from the
full paper content from the arXiv. First, we take
the LaTeX code, extract citations from the bibliog-
raphy and convert the content to Markdown using
Pandoc!!. For each citation, we identify all sen-
tences in the main text where it appears as citation
contexts. An LLM then extracts key components
from the Markdown: claims, methods, experiments,
and their interconnections. For each component,
we also extract supporting excerpts from the paper.

Related Papers We retrieve two types of papers:
citations and semantically related. Citations are ex-
tracted from the parsed bibliography and filtered by
semantic similarity to retain only the most relevant
ones. We then use an LLM to classify each citation
context as positive or negative. Citations are classi-
fied as supporting when contexts are mostly posi-
tive, and as contrasting when contexts are mostly
negative.

To find semantic neighbours, we first retrieve rec-
ommended papers via the Semantic Scholar APL.
We then use an LLM to extract targets and back-
grounds from their abstracts, calculate semantic
similarity with the main paper’s targets and back-
grounds, and select the most relevant matches.

Novelty Assessment We combine the paper
graph and related papers to generate the final nov-
elty assessment. First, we convert the paper graph
to text using topological sorting to create a linear
chain of nodes, then transform each node into a
paragraph using its label and supporting text. Sec-
ond, we compile the related papers into an evidence
list, converting each paper into a paragraph contain-
ing its title, relation type, and summary. Finally, we
provide both components as input to an evaluation
LLM, which generates a novelty label and struc-
tured rationale with result summary, supporting
evidence, and contradictory evidence

D Cost and Time

Table A2 shows the average time and cost of per-
forming the full evaluation of an arXiv paper for
each model available in the tool. Note that the
cheapest and fastest model (Gemini 2.0 Flash) is
also the best performing (see 1.

"https://pandoc.org/
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Model Time (s) Cost (USD)

Gemini 2.0 Flash ~ 61.91 0.023213
GPT-40 75.06 0.477835
GPT-40 mini 86.07 0.030429

Table A2: Time and cost of full novelty evaluation per
model.

E Full novelty definition

Our definition of novelty comes from the PeerRead
paper (Kang et al., 2018). We reproduce it here:

Novelty Definition

How original is the approach? Does this
paper break new ground in topic, methodol-
ogy, or content? How exciting and innova-
tive is the research it describes?

Note that a paper could score high for origi-
nality even if the results do not show a con-
vincing benefit.

5 = Surprising: Significant new problem,
technique, methodology, or insight —
no prior research has attempted some-
thing similar.

4 = Creative: An intriguing problem, tech-
nique, or approach that is substantially
different from previous research.

3 = Respectable: A nice research contribu-
tion that represents a notable extension
of prior approaches or methodologies.

2 = Pedestrian: Obvious, or a minor im-
provement on familiar techniques.

1 = Significant portions have  actually
been done before or done better.
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