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Abstract

Scientific rigour tends to be sidelined in favour
of bold statements, leading authors to overstate
claims beyond what their results support. We
present RIGOURATE, a two-stage multimodal
framework that retrieves supporting evidence
from a paper’s body and assigns each claim
an overstatement score. The framework con-
sists of a dataset of over 10K claim–evidence
sets from ICLR and NeurIPS papers, anno-
tated using eight LLMs, with overstatement
scores calibrated using peer-review comments
and validated through human evaluation. It
employs a fine-tuned reranker for evidence re-
trieval and a fine-tuned model to predict over-
statement scores with justification. Compared
to strong baselines, RIGOURATE enables im-
proved evidence retrieval and overstatement
detection. Overall, our work operationalises
evidential proportionality and supports clearer,
more transparent scientific communication. We
release both our models1 and code2.

1 Introduction

Effective scientific writing and reviewing demands
not only a clear presentation of novel ideas but
also a rigorous grounding of findings that support
them. In many research papers, authors are in-
centivised to write abstracts and introductions that
capture readers’ attention by showcasing their con-
tributions in an eye-catching manner (Bavdekar,
2015; Rahman et al., 2017; Kawase, 2018; Hy-
land and Jiang, 2021; Intemann, 2022; Stavrova
et al., 2025). However, when such claims are ex-
aggerated they can mislead the reader if robust evi-
dence is not provided in later sections. In a rapidly
evolving field such as Machine Learning (Pineau
et al., 2021), this dynamic has fostered a “Publish
or Perish” environment (De Rond and Miller, 2005;

* Corresponding author
1https://hf.co/collections/Joeyhfj/rigourate
2https://github.com/Rexathon/RIGOURATE

Rawat and Meena, 2014). The pressure to pub-
lish quickly can lead authors to prioritise speed
over scientific rigour, thus accumulating “scientific
debt” (Nityasya et al., 2023), where well-grounded,
reproducible work is sidelined in favour of rapid
publication, diminishing the quality of scientific
research.

We focus on the phenomenon of overstatement:
rhetorical exaggeration in which the wording of a
claim amplifies its strength beyond what the paper’s
evidence supports. We cast this as a distinct as-
pect of fact-checking, namely quantifying degrees
of overstatement, where claims are rarely outright
false but often exceed what the available evidence
warrants. Rather than making binary true/false
judgments, we assess whether the strength and
scope of a claim are proportionally grounded in
the paper’s own methods and results. A claim is
overstated when it presents an inflated representa-
tion that is not adequately supported by the paper,
for example due to limited evidence or unjustified
generalisation. This perspective highlights how lin-
guistic choices and rhetorical emphasis can shape
readers’ perceptions of contribution even before
they encounter the technical sections, thereby influ-
encing how the communicative rigour of a claim
and its alignment with the supporting evidence are
perceived.

Building on this motivation, we define the task of
intra-paper overstatement detection, which evalu-
ates whether claims in the abstract and introduction
are proportionally supported by evidence presented
in the remainder of the paper. We distinguish over-
statement detection from adjacent research areas
referenced throughout: fact-checking and claim
verification evaluate factual accuracy against ex-
ternal knowledge sources, while reproducibility
research concerns whether findings can be indepen-
dently replicated. Our task is strictly intra-paper,
assessing whether the strength of a claim is propor-
tionate to the evidence presented within the same

34022

https://hf.co/collections/Joeyhfj/rigourate
https://github.com/Rexathon/RIGOURATE


paper.

To address this problem, we introduce
RIGOURATE, a multimodal, review-informed,
automated framework that tackles two tasks: (i)
evidence retrieval and (ii) overstatement detection
with reasoning. We collect papers and reviews
from ICLR and NeurIPS hosted on OpenReview,
a venue with openly accessible reviews covering
diverse NLP and Machine-Learning topics. We
employ a panel of large language model (LLM)
annotators to identify claims that are the authors’
own statements. Then we extracted potential evi-
dence spanning text, figures, and tables, classifying
each passage as either relevant (directly related to
the claim) or irrelevant. Since the core issue is the
degree of support rather than direct refutation, we
focus on how thoroughly the available evidence
grounds each claim. We assign every claim a
continuous overstatement score ranging from 0 to
1. The LLM annotators first generate a score for
each claim–evidence set, and then we incorporate
each review comment as additional context. This
design reduces sensitivity to individual LLM and
reviewer perspectives, with annotation quality
validated through targeted human evaluation.

We use RIGOURATE to assess the feasibility
and validity of intra-paper overstatement detection.
The evaluation consists of two components: (i) ev-
idence retrieval, which tests whether models can
reliably identify passages, figures, and tables that
support a given claim, and (ii) overstatement detec-
tion, which assesses whether models can estimate
the degree to which a claim is proportionally sup-
ported by that evidence. We adopt a range of exist-
ing state-of-the-art reranker and multimodal mod-
els to this setting. The results show that fine-tuning
enables these models to meaningfully learn the task
signal, yielding consistent improvements across re-
trieval metrics and more accurate overstatement
scoring compared to base zero-shot models. These
findings indicate that claim–evidence alignment
within a paper is a learnable and evaluable prob-
lem, and that RIGOURATE provides a practical
framework for computationally assessing rhetor-
ical overstatement via evidential proportionality,
supporting automated, evidence-based evaluation
of research claims and more transparent scientific
communication. To summarise, our main contribu-
tions are three-fold:

• A review-informed framework that auto-
matically extracts and scores multimodal

claim–evidence sets within research papers.
• We show that intra-paper claim–evidence

alignment is a learnable task, with fine-tuning
consistently improving performance on evi-
dence retrieval and overstatement scoring.

• A case study demonstrating that our frame-
work is capable of identifying rhetorical am-
plification, where overstatement often stems
from missing substantive detail and surface-
level phrasing.

2 Related Work

2.1 Scientific Rigour

The integrity of scientific research is increasingly
challenged by issues of reproducibility, alongside
broader concerns about how claims are framed
and interpreted. While reproducibility and report-
ing practices have been widely studied (ICML
and ICLR, 2019; ML Reproducibility Challenge,
2025), comparatively less attention has been paid
to the alignment between the strength of scien-
tific claims and the evidence presented to support
them. The framing of a paper’s contributions can
strongly shape perceptions of its value and rigour,
allowing novel but non-replicable claims to gain
prominence when independent verification is lim-
ited (Salager-Meyer, 1994; Ferrari Dacrema et al.,
2019; Gustafson and Rice, 2020; Serra-Garcia and
Gneezy, 2021; James et al., 2024). Although such
non-replicability is not necessarily caused by exag-
gerated framing, it reduces opportunities for empir-
ical scrutiny, allowing weakly supported claims to
persist and thereby undermining research credibil-
ity (Raghupathi et al., 2022).

The NeurIPS and ARR checklist have addressed
several challenges, including insufficient explo-
ration of variables, poor documentation, and a lack
of reporting of crucial details needed to replicate
results (Pineau et al., 2021; ARR, 2025). While
the checklist approach has improved the quality
of research, it requires reviewers to manually val-
idate whether the claims made are backed up by
sufficient evidence. By detecting overstated claims
automatically, our work aims to support authors
in presenting their work accurately and to provide
a framework for evaluating the rigour in research
claims. Evidence that this remains challenging
is provided by peer review analyses showing that
even highly rated papers often receive requests for
additional experiments, indicating unresolved gaps
between claims and supporting evidence (Wang
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et al., 2023). This motivates the need for system-
atic methods to assess claim–evidence alignment.

2.2 Scientific Claim Verification
The increasing number of publications requires the
development of automated methods for verifying
research claims. Scientific fact verification, which
aims to assess the accuracy of scientific statements,
often relies on external knowledge to support or
refute claims (Wadden et al., 2022; Vladika and
Matthes, 2023; Dmonte et al., 2024). More broadly,
fact-checking encompasses multiple dimensions
beyond binary factual correctness, including under-
statement, exaggeration, and contradiction (Kao
and Yen, 2024). However, existing approaches
rarely assess whether the strength of a claim is pro-
portionate to the evidence within the same paper.

Recent work has highlighted the importance of
grounding claims in paper-internal evidence, with
Chan et al. (2024) collecting claims linked to lab
notes, figures, and methodological details to enable
more context-aware claim evaluation. Schlichtkrull
et al. (2023) examine how automated fact-checking
methods are framed and motivated in highly cited
NLP papers, particularly in introductions, showing
that claims about verification systems are often un-
derspecified with respect to their intended use and
scope, highlights the need for clearer articulation
of what different forms of verification are designed
to assess.

In contrast to prior work on scientific claim ver-
ification, our approach targets a distinct aspect of
fact-checking: assessing evidence proportionality
within a single paper. Rather than determining fac-
tual correctness, we evaluate whether the strength
and scope of a claim are justified by the paper’s
own methods and results. We introduce a granular
overstatement score to capture degrees of exagger-
ation, as claims are rarely contradicted by internal
evidence but are often phrased more strongly than
that evidence warrants. This positions our work
as complementary to existing fact-checking efforts,
focusing on scientific rigour and clarity rather than
external verification.

2.3 Automatic Peer Reviewing
Rising workloads placed on reviewers makes au-
tomating aspects of the peer-review process in-
creasingly important (Staudinger et al., 2024; Eger
et al., 2025). However, LLMs often lack the do-
main knowledge required to critique methodologi-
cal details (Du et al., 2024). Benchmarks such as

AAAR-1.0 (Lou et al., 2025) look into identifying
paper weaknesses and reliability of reviews, and
show that models can fall short in detecting subtle
weaknesses.

Building on prior work showing that incorporat-
ing peer-review comments improves LLM-based
evaluation accuracy (Zhou et al., 2024) and that
LLMs attend selectively to different aspects of sci-
entific feedback (Liang et al., 2024), we derive
review-informed overstatement scores during anno-
tation. This design is motivated by the observation
that evaluating soundness, comparisons, and sub-
stantive claims is knowledge-intensive when rely-
ing on paper content alone. Conditioning models
on reviews provides access to expert-written cri-
tiques of evidential sufficiency and overgeneralisa-
tion, yielding more consistent and calibrated over-
statement judgments, consistent with prior work
demonstrating the value of review text for mod-
elling peer-review outcomes (Bharti et al., 2024).

Recent ML conferences position LLMs as
lightweight assistants rather than replacements in
peer reviewing, supporting reproducibility checks
and review quality without influencing editorial de-
cisions (NeurIPS, 2025; ICLR, 2025; AAAI, 2025).
In contrast to these systems, which focus on aiding
the review process itself, our work leverages peer-
review signals to assess whether authors’ claims are
proportionally supported by the evidence presented
in their papers.

3 Data Processing Framework

Task Definition. We define two tasks for detecting
overstatements in claims, focusing on claims ex-
tracted from the abstract and introduction of scien-
tific papers: (i) Evidence Retrieval: Given a claim,
retrieve all relevant evidence that directly supports
the claim. (ii) Overstatement detection: Given a
claim and its corresponding evidence, assign a con-
tinuous score indicating the degree to which the
claim’s wording exceeds what the evidence sup-
ports, accompanied by a justification. A claim is
overstated when it makes assertions not justified
by the paper’s evidence (e.g., limited experiments,
lack of methodological detail, etc); partially over-
stated when some components are supported but
others extend beyond what the evidence warrants;
and well-stated when the claim is fully grounded
in the paper’s methods, results, and reasoning with-
out exaggeration. Examples of each claim type are
provided in the case study in Table 5. Our goal

34024



is therefore to operationalise epistemic overstate-
ment: the misalignment between the strength of a
claim and the evidence provided within the same
paper, rather than rhetorical intensity per se. Disci-
plinary conventions that favour emphatic language
are not treated as problematic; only claims whose
strength exceeds what the paper’s own evidence
warrants are considered overstated. Overstatement
may stem from linguistic exaggeration (e.g., prove,
always), evidential insufficiency, or both; claims
that appropriately hedge uncertainty (e.g., suggest,
may) are one example of well-stated claims, pro-
vided their strength remains proportionate to the
evidence.

3.1 Data Preparation

We collected papers and associated reviews from
OpenReview, focusing on NeurIPS and ICLR sub-
missions. In addition to using the OpenReview
API3, we incorporated previously collected ICLR
datasets (Wang et al., 2020; Yuan et al., 2022; Li
et al., 2023; Wang et al., 2023).4 To mitigate re-
viewer subjectivity and ensure consistency, we re-
stricted our dataset to papers for which all review-
ers assigned identical overall scores. Prior work
has shown that reviewer disagreement is common
and can substantially affect review outcomes, with
repeated evaluations often leading to different ac-
cept/reject decisions (Beygelzimer et al., 2023).
Review quality has also been shown to vary due to
bias and miscalibration across evaluators (Goldberg
et al., 2025). Focusing on high-agreement subsets
is therefore a common strategy for constructing
more reliable peer-review benchmarks (Staudinger
et al., 2024; Peng et al., 2025).

We processed PDFs using SciPDF5 for text
extraction and PDFFigures2 (Clark and Divvala,
2016) for tables and figures, segmenting papers
into paragraphs, figures, and tables. Due to PDF
parsing failures, some papers were excluded, re-
sulting in 659 ICLR and 213 NeurIPS papers. Re-
viewer scores are well distributed across the dataset
(see Appendix E).

To improve evidence retrieval precision, we seg-
ment papers into smaller textual units, allowing
models to operate over sentences rather than long
contexts, which has been shown to improve re-
trieval accuracy for LLM-based reviewing tasks

3https://github.com/openreview/openreview-py
4https://github.com/hughplay/ICLR2024-OpenRev

iewData
5https://github.com/titipata/scipdf_parser

(Zhou et al., 2024). Claims are extracted from
the abstract and introduction, while supporting ev-
idence is drawn from the main body, including
text, tables, and figures with captions. We employ
a multi-LLM annotation framework consisting of
three text-only (SEED-OSS-36B-INSTRUCT,GPT-
OSS-120B, and DEEPSEEK-R1-DISTILL-QWEN-
32B) and five vision-language models (VLMs)
(GEMMA-3-27B-IT, APRIEL-1.5-15B-THINKER,
KIMI-VL-A3B-INSTRUCT, MINICPM-V-4_5,
and QWEN3-VL-30B-A3B-INSTRUCT), each in-
dependently annotating claims and evidence (Team,
2025; Agarwal et al., 2025; DeepSeek-AI, 2025a;
Kamath et al., 2025; Radhakrishna et al., 2025;
Team et al., 2025; Yu et al., 2025; Yao et al., 2025;
Qwen, 2025). Full model names provided in Ap-
pendix A. Final annotations are determined by ma-
jority vote, reducing model-specific bias and im-
proving consistency across annotators (Pavlovic
and Poesio, 2024; Liu et al., 2024; Tseng et al.,
2025; Yuan et al., 2025).

3.2 Author’s Own Statement Extraction

To extract claims, we define a claim as any sentence
that clearly presents an original claim, finding, or
result that is central to the paper’s contributions.
This definition excludes sentences that offer only
background, contextual information, or references
of prior work. We first split the abstract and intro-
duction into individual sentences using WTPsplit
(Frohmann et al., 2024), as it consistently outper-
formed other sentence segmentation baselines, par-
ticularly on scientific text. For each sentence, we
provided the complete abstract and introduction as
context and then prompted our LLMs to classify
the sentence (prompt in Table 14 in Appendix G).
In total 10,641 claims were extracted as author’s
own statements. To assess the robustness of the
annotation process, we compute Krippendorff’s α
between the full-panel majority vote and a leave-
one-out majority vote for each annotator model.
Specifically, we recompute the majority label after
excluding that model and measure agreement with
the full-panel consensus. High agreement indicates
that no single model disproportionately influences
the final annotation and that the consensus labels
are robust to the removal of individual annotators.
Across all models, this analysis shows near-perfect
agreement, suggesting stable aggregation rather
than dominance by any single model (full break-
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down shown in Appendix A).6

3.3 Evidence Retrieval

We segment each paper’s main body into sentences
using WTPsplit and assign sentence IDs so LLMs
can reference evidence by index rather than copy-
ing text, reducing hallucinations. For each claim,
we prompt the LLM annotators to select supporting
evidence from the paper body, prioritising results,
analysis, conclusions, and other directly relevant
context while excluding irrelevant or purely para-
phrased content (prompt in Appendix G, Table 15).
Selected adjacent sentences are merged into coher-
ent passages to preserve local context. For tables
and figures, LLM annotators assess whether the
visual content and caption support the claim; tables
are treated as images, with their content evaluated
by VLMs using the table image and caption. Fol-
lowing findings that retrieval quality degrades with
long contexts (Modarressi et al., 2025), we keep
annotation contexts under ∼1K tokens. We further
compute Krippendorff’s α between the full-panel
majority vote and a leave-one-out majority vote
for each model. Overall, agreement across models
ranges from substantial to almost perfect, indicat-
ing that the aggregated annotations are stable to
the removal of individual annotators (full break-
down shown in Appendix A).7 Manual inspec-
tion shows that the majority of disagreements are
driven by span-level variation: annotators typically
agree on the core supporting evidence but differ in
how much surrounding context they include. Addi-
tional variability arises from the presence of multi-
ple valid supporting passages, with some models
retrieving only a subset of the relevant evidence,
while others also focus on weaker or more indirect
supporting passages for the same claim.

3.4 Overstatement Annotation

We adopt a review-informed LLM annotation strat-
egy for scoring claim overstatement, motivated
by prior work showing that LLM-based evalua-
tion benefits from peer-review context (Zhou et al.,
2024; Liang et al., 2024). For each claim-evidence
set, the same LLM assigns a continuous overstate-
ment score in the range [0, 1], where 0 denotes
a well-stated claim and 1 denotes a clearly over-
stated claim. We obtain multiple scores for each

6Manual check of 200 randomly sampled sentences
showed that the LLMs correctly identified over 98% of cases.

7Manual check of 100 randomly sampled pairs showed
that the LLMs correctly identified over 91% of cases.

Split Train Dev Test Total
Paper IDs 536 259 77 872
Claims 6,449 3,056 1,063 10,641
Evidence 429,519 190,414 62,038 681,971
Scores 159,930 3,056 1,063 164,049

Table 1: Dataset statistics. Evidence includes both sup-
porting and not-supporting items, full breakdown shown
in Appendix B.

claim-evidence set under different annotation con-
texts. In a paper-only setting, the model relies
solely on the paper content to assess overstatement.
In review-informed settings, the same model is ad-
ditionally conditioned on individual peer-review
comments and produces a separate score for each
review.8 Conditioning on reviewer feedback ex-
poses the model to expert-written critiques of evi-
dential sufficiency and overgeneralisation, yielding
judgments that more closely reflect reviewer rea-
soning. Because overstatement is inherently graded
and admits legitimate disagreement, we retain all
individual scores rather than aggregating them via
majority voting. This produces a denser supervi-
sion signal that captures variability across models
and annotation contexts. For the validation and
test splits, we compute the mean score across an-
notations for each claim-evidence set and use this
average as a soft label.
Quality Control. We assess the reliability of the
automatically assigned overstatement scores via a
human validation study with two PhD-level eval-
uators in Computer Science and Machine Learn-
ing. Each evaluator independently rated 30 claim-
evidence sets sampled across the full score range,
including both textual and visual evidence. Rat-
ings were provided on a five-point ordinal scale
(1–5), where 1 denotes a well-stated claim fully
supported by evidence and 5 denotes a clearly over-
stated claim. Evaluators were provided with a def-
inition of overstatement consistent with our task
formulation: a claim is overstated when its wording
exceeds what the paper’s own evidence supports
due to limited experiments, insufficient method-
ological detail, or unjustified generalisation, irre-
spective of factual correctness or novelty relative
to prior work.

Model predictions were discretised into ordi-
nal bins (equal-width intervals corresponding to
the 1–5 human scale) and compared against hu-

8Peer reviews are provided as a single contextual unit, as
they are written as holistic assessments whose reasoning spans
multiple sentences, unlike localised evidence in the paper.
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man ratings using Krippendorff’s α (ordinal). The
resulting agreement of 0.62 indicates substantial
alignment between automated and human judg-
ments (Wong et al., 2021). We additionally re-
port the Intraclass Correlation Coefficient (ICC),
a reliability measure for continuous ratings (Koo
and Li, 2016). ICC(2,1) assesses absolute agree-
ment assuming raters are a random sample, while
ICC(3,1) assesses consistency assuming raters are
fixed. Inter-rater reliability between the two hu-
man evaluators was also strong, with ICC(2,1) of
0.78 (95% confidence interval of [0.59, 0.89]) and
ICC(3,1) of 0.80 (95% confidence interval of [0.62,
0.90]), both falling within the range typically inter-
preted as good reliability (Koo and Li, 2016). The
similarity between ICC(2) and ICC(3) suggests that
agreement was not driven by rater-specific bias. De-
scriptively, evaluators reached exact agreement on
60% of pairs, differed by one scale point on 36.7%,
and diverged by more than one point on only 3.3%,
indicating that disagreements were minor and in-
frequent.
Annotation Stability. Incorporating peer-review
context introduces a small but systematic direc-
tional shift in overstatement scores. On average,
review-informed scores increase relative to paper-
only scores by an average of 0.028 (median 0.005),
indicating that models become modestly more crit-
ical when exposed to reviewer feedback. This shift
is asymmetric: 51.0% of scores increase after con-
ditioning on reviews, compared to 32.6% that de-
crease, while 16.4% remain unchanged. Stratified
analysis (Table 8 in Appendix) shows that reviews
tend to raise scores for initially low or borderline
claims, while slightly tempering scores for already
high-overstatement claims, suggesting a calibra-
tion effect rather than uniform inflation. Despite
these shifts, paper-only and review-informed scores
remain strongly correlated (Pearson r = 0.79),
showing that review context primarily refines ex-
isting judgments rather than overturning them, and
increases the mean pairwise Pearson correlation
across LLM annotators by 10.5%, reflecting greater
consistency in their relative assessments. To assess
potential annotator bias, we conducted a leave-one-
model-out analysis over all claims. For each model,
we recomputed the aggregated score without its an-
notations and compared the resulting distribution
to the full baseline using Welch’s t-test. Although
several exclusions produced statistically significant
differences (p < 0.01), all absolute shifts were
small (MAD < 0.03), indicating that no single

model disproportionately influences the final scores
(see Appendix A, Table 7).

To prevent data leakage and assess cross-domain
generalisation, we split the dataset by paper ID
and exclude NeurIPS papers from the training set.
Dataset statistics are summarised in Table 1.

4 Experimental Setup

Evidence Retrieval Setup. We evaluate the learn-
ability of intra-paper evidence retrieval using su-
pervision derived from RIGOURATE annotations.
Only text information is utilised for the task, with
the captions for the tables and figures in place of the
visual inputs. We consider a diverse set of reranker
models spanning bi-encoder, cross-encoder, and
generative architectures, selected based on strong
performance on the MTEB benchmark.9 These
include MiniLM (Reimers and Gurevych, 2019),
BGE-Reranker (Chen et al., 2024), GTE-Reranker
(Zhang et al., 2024), GritLM-7B (Muennighoff
et al., 2025), and Qwen3-Reranker (Zhang et al.,
2025). We additionally evaluate the E2Rank fam-
ily, which combines dense retrieval with LLM-
based relevance scoring (Liu et al., 2025). To as-
sess whether the automatically constructed supervi-
sion generalises beyond the annotation process, we
fine-tune the top 3 best performing model families.
Full model specifications, training procedures, and
prompting details are provided in Appendix B.

As claims may be supported by multiple evi-
dence items, we report MAP to assess overall rank-
ing quality, MRR (Voorhees et al., 1999) to mea-
sure how quickly relevant evidence is retrieved,
Recall@k to evaluate coverage of supporting ev-
idence, and NDCG@k (Järvelin and Kekäläinen,
2002) to reward placing the most informative evi-
dence higher in the ranking.
Overstatement Detection Setup. We selected
a range of state-of-the-art text-only and VLMs
spanning multiple families and sizes. Specifically,
we used DeepSeek (V3.2 and R1) (DeepSeek-AI,
2025b), and GLM-4.6 (Zeng et al., 2025) for text-
only evaluation, and InternVL3.5 (38B and 30B-
A3B) (Wang et al., 2025), Ovis2-34B (Lu et al.,
2024), Qwen3-VL-32B (Qwen, 2025), GLM-4.5V
(GLM-V et al., 2025), GPT-5-mini (low, high)
(OpenAI, 2025) for multimodal analysis. We fine-
tune several VLMs using our dataset to evaluate
the role of visual evidence in the task. Specifically,

9https://huggingface.co/spaces/mteb/leaderboa
rd
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Model MAP MRR R@5 R@10 R@20 N@5 N@10 N@20

Zero-shot models

MiniLM-L6-v2 44.08* 66.12 10.37 20.46 39.72 71.48 71.66 71.82
BGE-Reranker-v2-m3 43.99 65.30 10.35 20.23 39.73 70.94 71.25 71.55
GTE-Reranker-base 43.99 65.80 10.47 20.40 39.43 71.54 71.62 71.84
GritLM-7B 43.15 66.17 10.16 19.47 38.22 70.83 71.39 71.36
Qwen3-Reranker-0.6B 44.19 66.73 10.54 20.71 39.77 72.07 72.05 72.14
Qwen3-Reranker-4B 44.92 68.74 10.93 21.02 40.71 73.37 73.13 73.12
Qwen3-Reranker-8B 45.88* 71.72 11.09 21.52 41.49 75.34 74.65 74.28
E2Rank-0.6B 47.57* 85.54 12.86 22.80 41.18 85.19 81.75 79.20
E2Rank-4B 47.41 86.06 12.67 22.68 41.07 85.16 81.63 79.13
E2Rank-8B 47.54 85.77 12.57 22.78 41.36 85.36 81.80 79.25

Fine-tuned (Top-3 models only)

MiniLM-L6-v2 45.51
(+1.4)

74.62
(+8.5)

11.33
(+1.0)

21.37
(+0.9)

40.00
(+0.3)

77.41
(+5.9)

76.14
(+4.5)

75.02
(+3.2)

Qwen3-Reranker-8B 54.19
(+8.3)

83.44
(+11.7)

14.84
(+3.8)

27.32
(+5.8)

48.26
(+6.8)

85.19
(+9.9)

83.33
(+8.7)

82.11
(+7.8)

E2Rank-0.6B 52.37
(+4.8)

86.57
(+0.4)

14.69
(+1.2)

25.96
(+3.2)

46.34
(+5.1)

86.75
(+1.6)

83.95
(+2.2)

82.06
(+2.1)

Table 2: Task 1: Retrieval performance using MAP, MRR, Precision@5/10/20, and NDCG@5/10/20 (N). Fine-
tuning for the top-3 rerankers (MiniLM-L6-v2, Qwen3-Reranker-8B, and E2Rank-0.6B), indicated by the * next to
MAP scores. Green values in brackets indicate relative gains against the Base setting. Bold = best; underline = 2nd
best.

we selected Qwen3-VL-8B-Instruct (Qwen, 2025),
InternVL3.5-8B (Wang et al., 2025), and LLaVA-
OV-1.5-8B-Instruct (An et al., 2025). See Ap-
pendix B for model specifications and fine-tuning
details.

For evaluation, we use the concordance cor-
relation coefficient (CCC) (Lawrence and Lin,
1989), which is well suited for overstatement detec-
tion as it measures agreement between continuous
scores while penalising systematic over- or under-
estimation of claim strength; values closer to 1 in-
dicate strong agreement, while lower values reflect
miscalibration or inconsistent scoring. We also re-
port mean absolute error (MAE) to quantify the
magnitude of scoring deviations and Spearman’s ρ
to capture relative ranking consistency independent
of calibration, providing complementary views of
both calibration and ordering performance.

5 Experimental results

Can Models Retrieve Intra-Paper Evidence? In
the zero-shot setting, rerankers with generative
or hybrid relevance modelling consistently outper-
form encoder-only models, suggesting that match-
ing scientific claims to internal evidence benefits
from richer semantic reasoning beyond embed-
ding similarity. Among zero-shot methods, the
E2Rank family performs strongly across metrics,
with E2Rank-0.6B achieving competitive MAP and
recall despite its smaller size, indicating that hybrid

Model CCC ↑ MAE ↓ ρ ↑
Text-only models

Deepseek-V3.2 0.356 0.195 0.392
Deepseek-R1 0.463 0.201 0.544
GLM-4.6 0.385 0.240 0.490

Vision–language models (VLMs)

InternVL3.5-8B 0.106 0.326 0.158
InternVL3.5-38B 0.347 0.161 0.360
InternVL3.5-30B-A3B 0.133 0.295 0.257

Qwen3-VL-8B 0.323 0.237 0.428
Qwen3-VL-32B 0.456 0.187 0.532

GPT-5-mini (low) 0.478 0.209 0.571
GPT-5-mini (high) 0.493 0.204 0.587

LLaVA-OV-1.5-8B 0.088 0.241 0.116
Ovis2-34B 0.493 0.154 0.509
GLM-4.5V 0.358 0.169 0.447

Table 3: Base model performance on overstatement de-
tection utilising the claim-evidence sets.Higher is better
for CCC and ρ, lower is better for MAE; Bold = best;
underline = 2nd best.

embedding–reranking approaches are effective for
intra-paper evidence selection (as shown in Table
2).

Fine-tuning leads to substantial and consistent
improvements across all evaluated models, confirm-
ing that evidence retrieval within scientific papers
is a learnable task under the proposed automatic
supervision. In particular, Qwen3-Reranker-8B ex-
hibits the largest gains across MAP, Recall@K, and
NDCG@K, suggesting that conventional reranking
architectures are able to exploit the task-specific
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Model Setting CCC ↑ MAE↓ ρ ↑
Qwen3-VL-8B Base 0.323 0.237 0.428

Text-only 0.529 0.156 0.593
+Image 0.578 0.153 0.649

InternVL3.5-8B Base 0.106 0.326 0.158
Text-only 0.418 0.208 0.528
+Image 0.479 0.191 0.557

LLaVA-OV-1.5-8B Base 0.088 0.241 0.116
Text-only 0.230 0.229 0.326
+Image 0.317 0.205 0.392

Table 4: Performance before and after fine-tuning under
three settings: Base (zero-shot), Text-only (fine-tuned
using text inputs only), and +Image (fine-tuned with
visual and text inputs). Higher is better for CCC and ρ,
lower is better for MAE; Bold = best; underline = 2nd
best.

supervision.
Can Models Detect Overstatements? Table 3
shows that strong text-only models can achieve
competitive performance on overstatement detec-
tion, with DeepSeek-R1 substantially outperform-
ing other text-only baselines and performing on par
with several VLMs. This indicates that linguistic
cues alone capture part of the signal, particularly
for claims whose evidential support is primarily tex-
tual. VLMs such as GPT-5-mini (high) and Ovis2-
34B achieve the strongest overall performance, ex-
hibiting both higher agreement (CCC) and more
reliable ranking (Spearman’s ρ), while also main-
taining lower MAE. Although absolute CCC val-
ues are modest, scores around 0.5 are expected
for graded, subjective judgments and correspond
to strong agreement given the metric’s sensitivity
to calibration. The variance among VLMs further
suggests that current gains from visual inputs may
be constrained by limitations in multimodal reason-
ing.

Table 4 analyses the effect of fine-tuning and
visual grounding within the same model families.
Fine-tuning substantially improves agreement and
ranking consistency (CCC and Spearman’s ρ), con-
firming that overstatement detection is learnable
under the proposed supervision. Incorporating vi-
sual inputs further increases CCC and ρ across
models, indicating that figures and tables provide
complementary signal for assessing relative over-
statement severity. Improvements in absolute error
(MAE) are more model-dependent, particularly for
InternVL and LLaVA; this is expected since refer-
ence scores are soft labels obtained by averaging
multiple annotations, where gains are more reliably
reflected in agreement and ranking than in exact

score matching. Overall, multimodal fine-tuning
enables smaller models to match or exceed the per-
formance of much larger zero-shot counterparts.

6 Case Study

To illustrate how our framework behaves in prac-
tice, we conduct a case study on “On Isotropy,
Contextualization and Learning Dynamics of
Contrastive-based Sentence Representation Learn-
ing” (Xiao et al., 2023), with permission from the
authors. Starting from a claim in the paper, we
manually construct additional variants, with vary-
ing degrees of overstatement, by modifying only
the claim’s wording while keeping the supporting
evidence fixed. This controlled manipulation al-
lows us to directly probe whether the framework is
sensitive to rhetorical amplification rather than dif-
ferences in evidence. We utilise our best fine-tuned
Qwen3-8B model, whose performance is reported
in Table 4, for our case study.

Table 5 shows a clear progression in overstate-
ment scores. The overstated variant employs abso-
lute and theoretical language (e.g., “consistent”,
“formally prove”) and introduces effects not di-
rectly measured in the experiments, resulting in
the highest score. The partially overstated claim
blends valid observations with unsupported gen-
eralisations, while the well-stated variant adheres
closely to the reported results, using cautious lan-
guage (e.g., “observations suggest”) that matches
the strength of the evidence. Overall, this case
study highlights the core distinction targeted by our
task: overstatement is not about factual incorrect-
ness, but about how far a claim’s wording stretches
beyond its evidential footing. This observation is
further supported by an analysis of linguistic cer-
tainty across different degrees of overstatement,
as shown in Appendix F. Although illustrative,
this case study provides a concrete example of
the framework’s behaviour in practice and com-
plements the broader quantitative results reported
in the previous sections.

7 Conclusion

We present a framework for detecting scientific
overstatement by assessing whether the strength
of claims in abstracts and introductions is propor-
tionate to the evidence provided in the paper. By
aligning claims with multimodal evidence and in-
corporating peer-review context during annotation,
we capture graded differences in evidential sup-

34029



Claim: Our analyses indicate a consistent inward move-
ment of embeddings accompanied by reduced anisotropy,
which clarifies under-represented regions.

Score: 0.6
Reasoning: The claim uses strong language ("consistent,"
"clarifies") that isn’t fully supported by the evidence. The
evidence shows a trend of inward movement and reduced
anisotropy, but doesn’t demonstrate a complete or consistent
effect. The claim about clarifying under-represented regions
is not directly supported by the provided data, which focuses
on geometric changes and isotropy rather than semantic cov-
erage. The evidence also lacks details on the specific regions
being clarified, making the claim an overstatement of the
findings.

Claim: We formally prove that contrastive learning induces
embeddings to converge at the origin.

Score: 0.85
Reasoning: The claim uses the strong term "formally prove,"
which implies a rigorous mathematical proof, but the evi-
dence consists of empirical observations, visualizations, and
correlations (e.g., L2-norm trends, UMAP plots) without any
formal proof. The evidence shows that embeddings tend to
move toward the origin and become more isotropic, but this
does not constitute a formal proof of convergence. The claim
overstates the strength of the evidence by implying a level of
theoretical certainty that is not supported by the data.

Claim: We find that the embedding space is directed to-
wards the origin during training, with more areas now
better defined.

Score: 0.2
Reasoning: The claim accurately states that embeddings
move toward the origin and become more defined, supported
by evidence showing reduced anisotropy and better-defined
areas.However, it slightly overstates by not mentioning the
role of temperature and the specific conditions under which
these changes occur, leading to minor exaggeration.

Claim: Our observations suggest that the movement of
embeddings toward the origin is one of several dynamics
contributing to the organization of the semantic space.

Score: 0.1
Reasoning: The claim is well-supported by the evidence,
which demonstrates that embedding movement toward the
origin is one of several dynamics contributing to seman-
tic space organization. The evidence includes experiments
showing the effects of temperature and pooling methods on
isotropy, as well as visualizations of embedding changes.
The claim does not overstate the evidence, as it accurately
reflects the findings without exaggeration.

Table 5: A case study demonstrating different degrees of overstatement. Colour-coding highlights the key phrases in
each claim that influence the model’s judgement, and the full supporting evidence is provided in Appendix H.

port rather than binary factual correctness. Our
experiments show that overstatement detection is
learnable from these annotations and benefits from
multimodal grounding, while also highlighting cur-
rent limitations in model reasoning over visual evi-
dence. Overall, this work reframes scientific rigour
as a question of evidential proportionality and pro-
vides a foundation for tools that support clearer and
more faithful scientific communication.

Limitations

Overall, the model produces explanations that align
with the authors’ own assessment. While our work
is intended to encourage clearer, well grounded
scientific communication, it could be misused. It is
not intended to replace peer reviewing but to assist
in the process. A high overstatement score should
therefore be treated as a prompt for closer human
review, not a basis for rejection.

Our approach is designed around the structure
of scientific papers available in OpenReview, and
naturally reflects the conventions and formatting
typically found in this setting. As a result, the sys-
tem may require adaptation when applied to other
venues or scientific fields with different writing

styles or evidence formats. In addition, our evalu-
ations focus on alignment between claims and the
evidence presented within a paper, rather than on
broader scientific correctness, so the tool should be
viewed as supporting clarity and grounding rather
than making judgments about the overall quality of
the work.

The current study focuses on NLP and ML
venues, where claims are expected to be tightly
grounded in empirical results. While the frame-
work is discipline-agnostic in principle, as the same
alignment-based criterion applies as long as claims
and supporting evidence can be extracted, stylis-
tic norms vary across fields and broader cross-
disciplinary applicability remains an avenue for
future work.
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A LLM annotation

Model selection All models were obtained from
Hugging Face. Specifically, we used BYTEDANCE-
SEED/SEED-OSS-36B-INSTRUCT, OPENAI/GPT-
OSS-120B, GOOGLE/GEMMA-3-27B-IT,
SERVICENOW-AI/APRIEL-1.5-15B-THINKER,
DEEPSEEK-AI/DEEPSEEK-R1-DISTILL-
QWEN-32B, MOONSHOTAI/KIMI-VL-A3B-
INSTRUCT, OPENBMB/MINICPM-V-4_5, and
QWEN/QWEN3-VL-30B-A3B-INSTRUCT.
These models span diverse architectures and
training paradigms, covering both text-only and
vision–language reasoning models.

Tables 6 and 7 report analyses assessing the ro-
bustness of the annotation and aggregation pro-
cedure under leave-one-model-out settings, while
Table 8 summarises the effect of incorporating peer-
review context across different initial overstatement
levels.

Excluded Model Own Text Image
Seed-OSS-36B 0.9837 0.8421 —
GPT-OSS-120B 0.9801 0.7746 —
DeepSeek-R1-32B 0.9801 0.8368 —
Qwen3-VL-30B-A3B 0.9806 0.7536 0.7531
Gemma-3-27B-it 0.9822 0.8968 0.7553
Kimi-VL-A3B 0.9815 0.8597 0.9268
Apriel-1.5-15B 0.9892 0.9950 0.8497
MiniCPM-V-4.5 0.9823 0.9945 0.7526

Table 6: Krippendorff’s α agreement between full and
excluded-model consensus across annotation settings
(all p < 0.01). Own: Authors original statement anno-
tation. Text: Relevant text annotation. Image: Relevant
visual annotation.

Model ∆ Mean MAD Welch p

Seed-OSS-36B +0.0160 0.0305 < 0.01
GPT-OSS-120B +0.0085 0.0239 < 0.01
Gemma-3-27B-it −0.0191 0.0203 < 0.01
Apriel-1.5-15B +0.0024 0.0182 0.3167
DeepSeek-R1-32B +0.0105 0.0244 < 0.01
MiniCPM-V-4.5 −0.0110 0.0306 < 0.01
Qwen3-VL-30B-A3B −0.0074 0.0280 < 0.01
Kimi-VL-A3B −0.0035 0.0240 0.084

Table 7: Change in mean overstatement scores when
excluding each annotator model. ∆ Mean measures how
much the overall average score shifts relative to the full-
model baseline, while MAD (Mean Absolute Deviation)
reflects the average absolute per-claim change in the
aggregated scores.
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Initial score band ∆µ ∆̃ |∆| ↑ / ↓ / = (%)

Low (0.0–0.3) +0.0978 +0.0625 0.1157 73.0 / 16.2 / 10.8
Low–Mid (0.3–0.5) +0.0471 +0.0333 0.1107 58.1 / 34.9 / 7.0
Mid (0.5–0.7) -0.0457 +0.0000 0.0696 22.3 / 41.1 / 36.7
High (0.7–1.0) -0.1362 -0.0889 0.1475 11.7 / 79.3 / 9.0

Table 8: Impact of peer-review context stratified by
initial (paper-only) overstatement score. Positive values
indicate increased criticality after incorporating reviews,
while negative values indicate reduced scores.

B Evidence retrieval: Training details

Full evidence retrieval dataset breakdown shown
in Table 9. All models were tested and trained on a
single A100 GPU, with hyperparameters provided
in Table 11 Prompt used for LLM-based models is
shown in Table 10. Full training details provided
in Table 11.

Evidence Type Train Dev Test Total
Supporting 183,518 77,333 24,548 285,399
TEXT 146,243 62,724 20,693 229,660
IMAGE 37,275 14,609 3,855 55,739

Not-supporting 246,001 113,081 37,490 396,572
TEXT 195,942 91,955 31,815 319,712
IMAGE 50,059 21,126 5,675 76,860

Table 9: Detailed breakdown of evidence.

You are an evidence verification assistant.
Given a claim and a document, determine if the
document provides supporting evidence for the
claim.
INSTRUCTION: Does the following document
provide supporting evidence for the claim?

Table 10: Prompt for finetuning LLM based reranker
models.

Model selection All models were obtained
from Hugging Face. Specifically, we used
ALIBABA-NLP/E2RANK-(0.6B,4B,8B),
QWEN/QWEN3-RERANKER-(0.6B,4B,8B),
SENTENCE-TRANSFORMERS/ALL-MINILM-L6-
V2, BAAI/BGE-RERANKER-V2-M3, ALIBABA-
NLP/GTE-MULTILINGUAL-RERANKER-BASE,
and GRITLM/GRITLM-7B.

C Overstatement detection: Training
details

All models were tested and trained on a single
A100 GPU, with hyperparameters provided in Ta-
ble 13. Prompt used for fine-tuning Task 2 is shown
in Table 12. Full training details provided in Table
13.

Hyperparameter

epochs 3
batch_size 16
gradient_accumulation_steps 4
gradient_checkpointing True
optim adamw
learning_rate 3e-5
weight_decay 0.01
max_grad_norm 1.0
warmup_ratio 0.1
logging_steps 500
eval_steps 1000
eval_strategy steps
save_steps 1000
EarlyStoppingCallback 5

Table 11: Training hyperparameters for evidence re-
trieval.

You are a model specialized in assessing
overstated claims using text and image evidence.
You must score each claim based on how
overstated or exaggerated it is with respect
to the evidence,on a continuous scale from 0
to 1 where 0 means well-stated and 1 means
overstated.
Provide the final score as <score>value</score>
followed by a brief reasoning.

Table 12: Prompt for finetuning for overstatement de-
tection.

Hyperparameter

epochs 3
batch_size 1
gradient_accumulation_steps 16
gradient_checkpointing True
optim adamw
learning_rate 3e-5
weight_decay 0.01
max_grad_norm 1.0
warmup_ratio 0.1
logging_steps 500
eval_steps 1000
eval_strategy steps
save_steps 1000
EarlyStoppingCallback 5

Table 13: Training hyperparameters for overstatement
detection.

Model selection For larger open-source and
closed-source models (ZAI-ORG/GLM-4.5V, ZAI-
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Figure 1: Reviewer rating distribution for ICLR and
NeurIPS.

ORG/GLM-4.6, DEEPSEEK-V3.2. and GPT-
5-MINI-2025-08-07), we utilised APIs to ob-
tain model outputs through their hosted infer-
ence endpoints, as local deployment was not
feasible due to GPU memory limitations. For
all other models we utilised a single A100 for
the following models; QWEN/QWEN3-VL-32B-
INSTRUCT, OPENGVLAB/INTERNVL3_5-38B-
HF, OPENGVLAB/INTERNVL3_5-30B-A3B-
HF, and AIDC-AI/OVIS2-34B. For finetuning
we utilised LMMS-LAB/LLAVA-ONEVISION-1.5-
8B-INSTRUCT, OPENGVLAB/INTERNVL3_5-
4B-HF, and QWEN/QWEN3-VL-8B-INSTRUCT.

D Human evaluation

Human evaluators were provided 20GBP in Ama-
zon gift cards per hour to complete the evaluation,
which is above the minimum wage in the UK. Fur-
ther allowing for up to 3 hours of work to allow
time for a thorough analysis of the claim and evi-
dence.

E Dataset details

F Certainty Measure

We investigate how varying degrees of overstate-
ment influences the certainty of the claim (Pei and
Jurgens, 2021). Figure 3 shows that claims use
mainly confident language with uncertainty aspects
being uncommon, reflecting the standard that re-
searchers present their findings with confidence

Figure 2: Score distributions for each split

and clarity (Salager-Meyer, 1994; Cortes, 2004).
The observed patterns indicate that increased

overstatement is driven by a greater use of proba-
bility certainty (e.g., will, guaranteed), extent cer-
tainty (e.g., fully, completely, exactly), and number
certainty (e.g., precise or absolute quantification),
each of which serves to present claims as more
definitive than is typically warranted. In contrast,
framing certainty (e.g., show, demonstrate, ver-
ify) exhibits a slight decline, suggesting a reduced
reliance on evidential framing in favour of more
assertive language. Suggestion and condition as-
pects occur in fewer than 5% of claims and are
therefore excluded from further analysis. These
findings align with recent work on undergradu-
ate theses, which reports a growing reliance on
intensifiers across academic levels to strengthen
claims; when paired with insufficient hedging, this
tendency has been shown to undermine perceived
credibility (Iftikhar et al., 2025). More broadly, this
pattern is consistent with evidence that hedging lan-
guage and other uncertainty-marking devices have
become less common in academic writing in recent
years (Wheeler et al., 2021; Yao et al., 2023).
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(a) Extent (b) Number

(c) Framing (d) Condition

(e) Suggestion (f) Probability

Figure 3: Distribution of certainty and uncertainty linguistic aspects across overstatement score bins. Each subfigure
corresponds to a certainty category (Extent, Number, Framing, Condition, Suggestion, Probability). Dark blue bars
indicate certainty expressions, while light blue bars indicate uncertainty expressions.
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G Prompts for data processing

You will be provided with the abstract and introduction of an academic paper along with a specific
sentence from the paper. Your task is to determine whether the given sentence represents an
original claim introduced by the authors that is directly relevant to the contribution or selling
points of the paper.

Labels:
original_statement: The sentence explicitly presents a novel claim, finding, or result that is
directly relevant to the key contributions of the paper. It reflects what the authors are aiming
to promote or highlight as a significant contribution.

not_original_statement: The sentence mainly provides background information, references prior
work, describes common knowledge, or includes general context not directly tied to the unique
contributions of the paper.

The abstract and introduction of the paper:
Abstract:
{ABSTRACT}

Introduction:
{INTRODUCTION}

The sentence you are about to annotate:
{SENTENCE}

You should:
1. Carefully review the context of the paper (abstract and introduction) and the given sentence.
Then briefly justify whether the sentence is an original_statement or not_original_statement (up
to 100 words).
2. Provide the final annotation label in the format: <Label>{your_label}</Label>

Table 14: Prompt for Own statement labelling.
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You will be given a claim and a list of sentences. Your task is to identify the sentences that
support the claim.

A sentence supports the claim if it:

- Directly provides evidence (e.g., experimental results, analysis, conclusions).
- Builds upon the claim by providing relevant context (e.g., background information).

A supporting sentence must not:

- Be a duplicate or paraphrase of the claim.
- Be incomplete.
- Contain text that appears to be part of an OCR-extracted table or figure (e.g., columns of
numbers, symbols, "Table 1", or values not from a sentence). Such lines should always be ignored.

The sentences are numbered, and you should return only the numbers of the supporting sentences.

Claim:
{CLAIM}

Sentences to evaluate:
{NUMBERED SENTENCES}

Instructions:
Carefully review the claim and sentences. Provide a brief justification (≤100 words) for which
sentences support the claim.
If multiple sentences support the claim, list each number on a new line. If no sentences support
the claim, return an empty <Label> tag.
Provide the final annotation label in the format:
<Label>
{sentence numbers}
</Label>

Table 15: Prompt for text evidence extraction.
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You will be provided with a research claim and a {FIG_TYPE} (figure or table) extracted from an
academic paper.
Your task is to determine whether the visual content is relevant to the claim — that is, whether
it provides evidence or context supporting the claim.

A visual is relevant if it:

- Directly provides evidence (e.g., experimental results, analysis, conclusions).
- Builds upon the claim by providing relevant context (e.g., background information).

A visual is not relevant if it:

- Contains no data or analysis tied to the claim.
- Shows unrelated or generic material.
- Is incomplete, unreadable, or too vague to judge its relevance.

Labels:
relevant: The visual supports or builds upon the claim.
not_relevant: The visual is unrelated to the claim.

Claim:
{CLAIM}

Visual information:
Type: {FIG_TYPE}
Caption: {CAPTION}
Visible text: {IMAGE_TEXT}

Instructions:
1. Carefully review the claim and the visual.
2. Briefly justify (≤100 words) whether the visual is relevant or not.
3. Provide the final label in this format:
<Label>{relevant OR not_relevant}</Label>

Table 16: Prompt for image-based evidence extraction, used for figures and tables.
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Your role is to assess the degree to which a claim is overstated based on the available evidence.

“Overclaiming” refers to rhetorical exaggeration: when the wording or framing of a claim amplifies
its strength beyond what the paper’s own evidence supports.
It concerns rhetorical and linguistic inflation rather than factual correctness.

The Input Information will include:
1. Original Claim: The claim under evaluation.
2. Evidence: Research findings, including figures, tables, or other relevant data supporting the
claim.

Optional. Review comment: Reviewer feedback relevant to the claim’s validity.

Evaluate the claim against the provided evidence. Assign a score from 0 to 1 representing the
degree of exaggeration using the following scale:
0.0: The claim contains no exaggeration and fully aligns with the evidence.
Values closer to 0: Minor exaggeration or slight over-interpretation.
Values closer to 1: Substantial exaggeration beyond what the evidence supports.
1.0: Major exaggeration or strong misrepresentation of the evidence.

Justification: Provide a concise explanation that includes:
Instances of exaggerated wording, insufficient experiments, lack of experimental details, gaps in
knowledge, weak grounding in evidence, or missing limitations.
Direct references to the relevant evidence supporting your reasoning.
If a review comment is included, consider relevant points but do not mention or reference the
review.
Do not mention or restate the score in the justification.

The claim to be assessed is:
{CLAIM}

The review comment to be evaluated is:
{REVIEW}

The evidence to be evaluated is:
{EVIDENCE}

You should:
1. Review the claim and the text and image evidence. Summarize how the evidence influences your
evaluation of the claim and briefly explain whether the claim is well-stated or overstated on the
0–1 scale (up to 100 words).
2. Provide the final score in the format: <score>{score}</score>.
3. Provide your justification in the format: <justification>{justification}</justification>.

Table 17: Prompt for Overstatement label annotation.

34042



H Case study evidence

Evidence (Input)

Geometrically, the embeddings of tokens are pushed toward the origin in the output layer of a model, compressing the dense
regions in the semantic space toward the origin, making the embedding space more defined with concrete examples of words (see
also Figure 1), instead of leaving many poorly-defined areas (Li et al., 2020). We provide a visualization of embedding geometry
change in Figure 1. We suggest that this range plays a main role in making the entire semantic space isotropic. We find that
temperature affects making embeddings isotropic: to push in-batch negatives to the lower bound, the temperature needs to be
twice as large than to push them to the upper bound. Connecting this to our finding on high intra-sentence similarity, we observe
that given a sentence/document-level input, certain semantic tokens drive the embeddings of all tokens to converge to a position,
while functional tokens follow wherever they travel in the semantic space. Their performance on L2-norm is also well-aligned,
again showing strong correlation between isotropy and L2-norm in the training process utilizing contrastive loss. Further, with
limited space in the now compressed space, inputs have now learned to converge to one another to squeeze to a point while
keeping its semantic relationship to other examples. We perform UMAP dimensionality reduction on embeddings provided by
models up to 1000 step to preserve better global structure, and visualize only vanilla and 200-step embeddings. Specifically, for
anisotropy baseline, temperature being too low even augments the vanilla model’s unideal behavior, and the same applies for
L2-norm, by that temperature being too low actually pushes the embeddings even further from the origin. By contrast, mean
pooling and max pooling demonstrate a faster convergence, with mean pooling being most promising on isotropy. For instance,
removing the top 1 dominant dimension of minilmfinetuned seems to not affect the embeddings’ relative similarity to one another
at all, preserving an r2 of .998. Figure 1: Expanded semantic space produced by contrastive learning (CL), visualized with
UMAP. At the beginning of training, all embeddings occupied a narrow cone. After 200 steps of fine-tuning with a contrastive
loss, they spread out to define a larger semantic space. Firstly, we present the centered property we are measuring, anisotropy. We
showed the theoretical promise of uniformity brought by contrastive learning through measuring anisotropy, complemented by
showing the flattened domination of top dimensions. Higher self-similarity indicates less contextualization. The central question
posed in this paper revolves around the mechanism involved in the contrastive learning process that diminishes anisotropy,
leading to an isotropic model. Figure 7 further validates this through showing that higher temperatures compress the semantic
space in general, pushing instances to the origin. Given a token x, we denote the set of token embeddings of x contextualized by
different contexts in corpus S as SX. We find that with optimal hyperparameters, the representations go through less change after
200 steps. We first use the vanilla mpnet to encode the STSB subset we have constructed.

Table 18: Evidence utilised for case study retrieved using our fine-tuned Qwen reranker on the top 20 relevant
sentences.
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