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Abstract

Large Language Models (LLMs) have great
potential to accelerate and support scholarly
peer review and are increasingly used as fully
automatic review generators (ARGs). How-
ever, potential biases and systematic errors
may pose significant risks to scientific in-
tegrity; understanding the specific capabilities
and limitations of state-of-the-art ARGs is es-
sential. We focus on a core reviewing skill
that underpins high-quality peer review: de-
tecting faulty research logic. This involves
evaluating the internal consistency between
a paper’s results, interpretations, and claims.
We present a fully automated counterfactual
evaluation framework that isolates and tests
this skill under controlled conditions. Test-
ing a range of ARG approaches, we find
that, contrary to expectation, flaws in research
logic have no significant effect on their out-
put reviews. Based on our findings, we derive
three actionable recommendations for future
work and release our counterfactual dataset
and evaluation framework publicly.

1 Introduction

Scholarly peer review is the cornerstone of aca-
demic quality control (Birukou et al., 2011;
Bornmann, 2011). In this process, experts eval-
uate a submitted paper, writing review reports
that assess its soundness, clarity, and novelty
(Jefferson et al., 2002). However, peer review is
time-consuming and requires expertise (Waltman
et al., 2023). The growing volume of submis-
sions, especially in Al research (Sculley et al.,
2018), and the shortage of qualified reviewers
(McCook, 2006) exacerbate the burden on review-
ers. The rise of Large Language Models (LLMs)

Thttps://github.com/UKPLab/tacl2026—counter
-review-logic.
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like ChatGPT (OpenAl et al., 2024) has led to
an upsurge in LLM-assisted, and sometimes fully
generated, review reports (Liang et al., 2024a),
their official integration into peer review systems
(Association for the Advancement of Artificial
Intelligence, 2025), and growing research interest
in automatic review generators (ARGs) (Yu et al.,
2024; D’Arcy et al., 2024; Yuan et al., 2022),
machine-based scientific discovery (Weng et al.,
2025; Lou et al., 2025), and peer review assis-
tance (Chamoun et al., 2024; Dycke et al., 2023a).
Yet, LLMs are prone to factual errors (Ji et al.,
2023) and biases (Gallegos et al., 2024), making
their unsupervised use as ARGs a potential threat
to scientific integrity. It is imperative to empiri-
cally assess the capabilities of current ARGs to
inform policymakers, guide responsible integra-
tion of LLMs into peer review, and clarify which
aspects of reviewing require human judgment.
Current research on ARG performance yields
highly inconsistent results with some studies re-
porting that ARGs show human-level or superior
performance (Tyser et al., 2024; Liang et al.,
2024b; Idahl and Ahmadi, 2025; Kirtani et al.,
2025) and commendable paper limitation iden-
tification abilities (Zhang and Abernethy, 2025;
Liu and Shah, 2023), while others find automatic
reviews to be generic (Du et al., 2024) or fail-
ing to spot obvious errors (Son et al., 2025; Li
et al., 2025). This variance stems from two key
factors: First, definitions of review quality differ
widely. Second, peer review involves a diverse set
of complex subtasks, such as recalling literature,
reading comprehension, and step-wise reasoning
(Dycke et al., 2025). Many of these depend on
the paper’s publication context such as related
work, research trends, and evaluation standards;
for instance, the assessment of state-of-the-art re-
sults is highly context-dependent since it is linked
to the state-of-the-art at the time of reviewing.
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Existing evaluations conflate these skills and fre-
quently disregard the original reviewing context
(Kuznetsov et al., 2024). While measuring overall
reviewing performance is important, these fac-
tors confound existing evaluations inducing high
variance across studies and prohibiting definitive
conclusions about current ARG capabilities.

In this paper, to address these challenges, we
evaluate ARGs in a controlled experiment con-
sidering a skill that is prerequisite to reliable peer
review and, as we show in Section 3, depends
on the paper content regardless of the reviewing
context. Specifically, we test ARGs’ ability to
identify faulty research logic during reviewing.
A paper’s research logic encompasses its experi-
mental design, the reasoning from measurements
to interpretations, and derived findings. Assessing
the soundness of a paper requires careful scrutiny
of these elements and their logical relations.

We first propose a new model of paper sound-
ness formalizing it as a research logic graph. Based
on this, we introduce a new counterfactual evalu-
ation framework (Molnar, 2025; Wu et al., 2021)
that extracts the research logic from sound pa-
pers, introduces targeted misalignments through
surgical edits, and compares reviews of origi-
nal versus counterfactual versions to determine
whether faulty research logic significantly impacts
ARGs reviewing behavior. Unlike prior error sen-
sitivity analyses (Liu and Shah, 2023; Zhang and
Abernethy, 2025; Li et al., 2025; Son et al., 2025),
our analysis eliminates confounding effects by
using counterfactuals that intervene solely on the
soundness of the research logic, and does not de-
pend on an absolute notion of review quality by
focusing on relative differences between reviews.
We develop and validate an LLM-based pipeline
to produce counterfactual versions of research pa-
pers with intentionally flawed research logic. The
resulting dataset supports multiple downstream
applications, including evaluation, explanation,
and training data augmentation (Wu et al., 2021).
Our fully automatic approach is independent of
human review data allowing to test ARGs on new
and unseen papers at scale without risks of con-
tamination (Sainz et al., 2023). Our framework is
general and applicable to any ARG regardless of
its architecture.

Our experiments show that faulty research logic
has no significant effect on the generated reviews
of state-of-the-art ARGs, raising serious concerns
about their practical use during peer review. We
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analyze their automatic reviewing behavior and
derive actionable recommendations to move the
field forward including task design, human-LLM
collaboration, and improved evaluation practices.
Overall, we contribute

e A formal model of paper soundness as a
product of its underlying research design and
reasoning, i.e., its research logic.

e The first fully automatic counterfactual eval-
uation framework for ARGs focused on the
detection of flawed research logic.

e A novel dataset of counterfactual research
papers based on recent Al and NLP pub-
lications from major conferences including
ACL, EMNLP, NeurIPS, and ICLR.

e Insights into the capabilities and limita-
tions of state-of-the-art ARGs in identifying
flawed research logic during review.

2 Related Work

Counterfactual Evaluation. Counterfactuals
are the key to study causal relationships (Pearl,
2000). By asking, what would a model predict
under the same conditions if the input were
changed?, counterfactuals have become a stan-
dard approach in NLP for explaining (Molnar,
2025; Wang et al., 2024a) and evaluating models
(Wu et al., 2021). Prior work is largely limited
to short texts (Wang et al., 2024a) or fixed
narrative structures (Mu and Li, 2024; Wang
et al., 2024b). In contrast, we propose a pipeline
to construct counterfactuals that intervene on full
research papers. Further, while most approaches
are designed for classification problems (Molnar,
2025), we develop a framework tailored to full
review reports as an output.

ARG Error Sensitivity Analysis. Recent
works on ARG evaluation (Shin et al., 2025; Du
et al., 2024; Xu et al., 2025, i.a.) heavily rely on
often noisy human review data as ground truth. To
reduce this dependence, several works perform
sensitivity analysis by introducing errors into pa-
pers. Liu and Shah (2023) manually inject errors
into short scientific excerpts and inspect whether
automatic reviews mention them. While their
study is limited to 13 scientific essays, we con-
sider nearly 150 full papers. Zhang and Abernethy
(2025) and Son et al. (2025) use retracted papers,



leveraging self-reported errors to evaluate ARGs
via LLM-based judges. These approaches depend
on public retraction data and often involve issues,
like plagiarized figures, that require external
knowledge. In contrast, we focus on verifying
research logic, which is self-contained within the
paper. Li et al. (2025) automatically perturb paper
sections (e.g., omitting implementation details)
but unlike our study they exclusively consider
automatic review scores without reports. Tyser
et al. (2024) propose a semi-automatic method to
introduce broad error types (e.g., omitting related
work) and check if they are detected. Our approach
differs by introducing precise, targeted edits that
affect only the paper’s soundness. Finally, Dycke
et al. (2025) use counterfactuals to investigate
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Figure 1: A paper’s research logic. Each building block
is evidenced in the paper (dotted lines) and jointly en-
tail the building block above in the hierarchy (arrows).

Soundness.
NLP or Al paper makes a contribution to collective
knowledge and justifies it through valid reason-
ing based on empirical evidence (Armstrong and
Green, 2022). By this definition, a paper’s sound-
ness comprises four building blocks, which we
refer to throughout the rest of the paper: the
method describing the experimental setup, the
empirical results generated by them, the conclu-
sions drawn from these results, and the finding
summarizing the conclusions as a scientific con-
tribution. Well-designed papers explicitly present
all four components. While not necessarily all
papers present empirical findings, e.g., those with

reasoning during peer review but focus on humans
instead of ARGs.

In summary, this work is the first to isolate

and study ARG’s reasoning abilities during re-
view generation in a fully automatic evaluation
pipeline.

3 Research Logic

Soundness, i.e., the correctness of a paper’s un-
derlying scientific process, is a central criterion
in peer review (Jefferson et al., 2002). To eval-
uate whether ARGs can identify flawed research
design and reasoning, we first define soundness
formally. We focus on Al and NLP domains as
they are most common in prior work (Kuznetsov
et al., 2024) allowing direct comparison; unless

stated otherwise, we refer to papers® from only

these fields.

Asin any empirical science, a sound

2We use the terms paper and manuscript interchangeably.
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theoretical proofs or opinions, our analysis in
Section 5 shows that a vast majority of NLP and
Al research papers make at least some empir-
ical contribution. Based on this, we define our
model of soundness formally. Our model effec-
tively operationalizes Bacon’s (1878) theory of
the scientific method as inductive reasoning from
evidence.

Formal Model. A paper p claims to contribute
findings F'. The paper p is sound only if all find-
ings f € F are sound. A finding f is sound
iff all underlying conclusions C(f) are sound
and jointly support f. A conclusion ¢ € C(f) is
sound iff its underlying results R(c) are sound
and jointly support c. A result is sound iff the
experimental methodology m adheres to best sci-
entific practice and plausibly produces the result.
We assume that C'(f) and R(c) are the min-
imal sufficient sets of conclusions and results,
respectively; i.e., all elements are necessary to
support the corresponding finding f or conclusion
c. These building blocks form a hierarchical, log-
ical structure, which we call the paper’s research
logic, in which arcs represent the support rela-
tion. Figure 1 illustrates this structure. Impor-
tantly, the research logic differs from the paper’s
broader argumentative structure, which consists
of rhetorical moves to make the paper appear in-
teresting and plausible (Teufel et al., 2009). In
Aristotelian terms, the research logic refers to
the logical appeal (logos) while the broader argu-
mentation in the paper often also invokes ethos
(credibility) and pathos (appeal to emotion). In
other words, soundness and convincingness are
independent concepts of a paper.
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Figure 2: The counterfactual evaluation pipeline takes the original paper as an input and results in the evaluator’s
output. RL = research logic; CF = counterfactual; ARG = automatic review generator.

Soundness Verification. An unsound paper vi-
olates one or more of the support relations de-
fined above. A common case is over-claiming,
where findings misalign with the actual results;
i.e., the conclusions do not jointly support the
finding, usually additional conclusions would be
needed. Verifying a paper’s soundness thus in-
volves checking each building block and the cor-
responding support relations within the research
logic hierarchy. This process relies on background
knowledge only when assessing the methodol-
ogy; evaluating the soundness of conclusions and
findings depends primarily on information within
the paper. As such, verifying the support relation-
ships between results, conclusions, and findings
is a self-contained, context-independent task that
tests reasoning and reading comprehension skills
central to peer review and well-suited for evalu-
ating ARGs.

4 Framework

We use ARG as an umbrella term for systems
that receive a research paper as an input and out-
put a review report. While ARGs usually involve
LLMs, we do not probe LLMs per-se but fo-
cus on their behavior in the context of automatic
reviewing. A reliable ARG should detect flaws
in research logic and reflect them in its out-
put. Unlike prior work (Zhang and Abernethy,
2025, i.a.), which checks for mentions of spe-
cific issues, we focus on the average effect of
flawed logic on automated reviews, recogniz-
ing that peer reviews weigh multiple factors and
cannot highlight every concern. For instance, lim-
ited novelty might overshadow methodological
flaws. Formally, we estimate the concept average
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treatment effect (ATE) (Goyal et al.,, 2019) of
research logic interventions on automatically gen-
erated reviews using approximate counterfactuals
(Gat et al., 2024). In other words, we surgically
edit high-quality papers to compromise their re-
search logic and quantify the resulting changes
in automatic reviews, which should, on average,
become more critical and emphasize soundness
more compared to the automatic review of the
original paper.

4.1 Pipeline

Our framework consists of three stages (Figure 2).
First, given a paper p, we generate two sets
of counterfactuals (CFs): soundness-critical
CFcr(p) = {p},...,P),}, which introduces er-
rors to the paper’s research logic, altering its
soundness while preserving other concepts such
as clarity and novelty; and soundness-neutral
CFxe = {p},...,py}, which apply surface-level
edits (e.g., formatting and language changes) to
later contextualize the effects of the soundness-
critical edits.

In the second stage, we run the ARG to gen-
erate a review r per original paper, REVcr =
{r},...,r } for the soundness-critical counter-
factuals, and REVng = {r],...,7;} for the
neutral ones. In the final stage, we extract numer-
ical features from each review and compute the
differences Acr(p) and Ang(p) between the orig-
inal review r and those from REVg and REVyg,
respectively. Aggregating over the dataset D, we
estimate the average treatment effect of soundness
critical edits ATEcr(D) = 5 * 2 ,ep Acr(p),

soundness-neutral edits ATEng(D) = *

1
D]
EPGD ANg(p), and compare them for each ARG.



Target Original

Compromised

Paper Edit

Finding
(example on
(Lin et al., 2024))

Spoken-LLM outperforms
text-only baselines and prior
speech LLM methods [...].

The MFT method achieved a
5% increase in accuracy on the
GSMSK dataset, with an even
greater improvement of 7%
observed [...].

Conclusion The MFT method achieved
(example on a 5% increase in accuracy
(Chen et al., 2024))  on the GSMS8K dataset.

The consistency scores [...]
were quantified, revealing
that ChatGPT had a score of
0.907 [...].

Result
(example on
(Rao et al., 2023))

Spoken-LLM outperforms all
existing models [...].

““With the same backbone model,
the proposed method outperforms
all existing models [...].”

““With just this minor
modification, a 5% increase in
accuracy can be achieved [...]
and an even greater improvement
of 7% [...].”

Our findings indicate that while
ChatGPT’s consistency score
was slightly lower at 0.807
compared [...]

Table 2: 0.907 — 0.807

Table 1: Examples of perturbations targeting different building blocks from our dataset (shortened for
brevity). We show the original building block, the compromised version, and resulting paper edit.

4.2 Counterfactual Paper Generation

Edits for counterfactual generation must satisfy
four desiderata (Molnar, 2025; Gat et al., 2024).
Edits must be relevant (A); i.e., they should di-
rectly impact the paper’s soundness negatively.
They must be minimal (B); i.e., modifying only el-
ements tied to soundness while preserving all other
concepts. Edits must also be plausible (C); i.e.,
maintaining topical focus, fluency, and coherence.
Finally, counterfactuals should be diverse (D), en-
compassing varied modifications to the research
logic. While LLMs perform well in generating
counterfactuals for sentences (Li et al., 2024),
they are not readily applicable to full research
papers. To address this, we propose a two-step ap-
proach (Figure 2, Step I). First, we automatically
extract the paper’s research logic. Then, LLMs
disrupt the support relationship between findings,
results, and conclusions (A). These changes are
then projected on the paper text to ensure minimal
edits (B).

Research Logic Extraction. We use zero-shot
prompting with one self-refinement step (Madaan
et al., 2023). For each building block, we prompt
the LLM to extract supporting spans with para-
graph IDs and generate a summary. We apply
this paradigm with building block specific adjust-
ments for all steps.> The LLM first summarizes
the paper’s research goal. It then extracts all con-
tribution claims, filters for empirical findings, and
ranks them by relevance to the goal. This ranking
may not fully match human judgment but helps

3See Appendix A.2 for prompts and pseudo-code.
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prioritize elements to modify during counterfac-
tual generation. Next, it extracts all conclusions
and links them to the supported findings. It iden-
tifies all results covered in figures, tables, and
textual mentions and connects them to the conclu-
sions. The output consists of the finding claims
F, conclusions C(f), and results R(c), with their
spans, coreferences, and joint support relations.

Soundness-critical Edits. After prompting the
LLM to revise a selected building block to com-
promise its support relations in the research logic,
the LLM edits the paper reflecting the new un-
sound logic. We apply three types of edits, on
different levels of the research logic hierarchy
for diversity (D). Table 1 provides examples.
For finding edits, we misalign a finding with
its underlying conclusions drawing on prior work
on misrepresented science (Wuehrl et al., 2024).
The LLM classifies the finding as a (i) correla-
tional, (i1) causal, or (iii) conditional claim. If none
apply, no counterfactual is generated. For correla-
tional claims, the LLM rephrases them as causal
claims; for causal claims, it inverts the causal
direction; for conditional claims, it removes the
stated conditions. For conclusion edits, we mis-
align a conclusion with the underlying results. The
LLM first generates a hypothetical result consis-
tent with the paper’s scope but unsupported by
the experiments. It then augments the conclusion
and derived finding to include this result, leav-
ing part of it unsubstantiated. For result edits,
we misalign a result with a derived conclusion.
The LLM negates or weakens the result leading
to unsupported conclusions. For example, it may



reduce a strong performance gain to a marginal
improvement.

We design dedicated prompts per edit type
using the LLM in zero-shot mode with one
self-refinement cycle. We apply the perturba-
tions to the building blocks connected to the most
important finding according to the extracted re-
search logic to ensure high impact on the overall
paper. Each operation runs independently, yield-
ing three soundness-critical counterfactuals per
paper, each creating a distinct type of issue.
After modifying the research logic, we apply a
set of zero-shot prompts with self-refinement to
propagate the edits to the paper text, ensuring
fluency and plausibility (C). The LLM consid-
ers the revised research logic and the associated
textual spans to propose edits. As we focus on
unimodal textual ARGs, edits happen only on
textual mentions and captions of figures, not the
figures themselves. For tables, the LLM uses a
chain-of-thought prompt to reason about its struc-
ture and content before modification (Fang et al.,
2024). Finally, an LLM-as-a-judge (Zheng et al.,
2023) evaluates whether each counterfactual
meets the desiderata. If rejected, the LLM gener-
ates a new counterfactual targeting the next top-
ranked finding.

Soundness-neutral Edits. We apply four sim-
ple edits that preserve both content and soundness.
We randomly select a subset of paragraphs for
each edit type. For active-to-passive, the LLM
rewrites text from active to passive voice and
vice versa. For American-to-British, it converts
spelling between American and British English.
For language error, we inject minor spelling and
grammar mistakes. For paper layout, we multi-
ply whitespaces at random and relocate figure
captions and tables to the end of the paper, alter-
ing layout but not content.

4.3 Review Comparison

The goal of third step (see Figure 2) is to quan-
tify differences between reviews of the original
and counterfactual papers. Faulty research logic
should lead to reviews that are, on average, more
negative and more focused on soundness. We
approximate these concepts using three review
features computing the difference per feature
between the counterfactual r. and the original
review r, as the review difference. First, we
analyze the distribution of aspects, i.e., the pa-
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per dimensions that the review discusses, such
as experiments or presentation. We detect aspects
using a RoBERTa model fine-tuned by Lu et al.
(2025), and compute the number of research-
logic-related aspects. We compute the review
difference as aspect(r.,r,) = #aspects(r.) —
#aspects(r,). A large positive value indicates an
increased focus on soundness as this means that
soundness-related comments were added to the
review. Second, we assess the sentiment of re-
view assertions. Reviews consist of positive, neg-
ative, or neutral assertions on the paper (Dycke
et al., 2023b). We extract and classify these as-
sertions by their sentiment using GPT-40-mini in
zero-shot mode with self-refinement. We com-
pute the review difference as sentiment(r.,r,) =
Yopositive assertions(r.) — Yopositive assertions(r,)
in [—1,1]. Values closer to —1 mean stronger
criticismrelated to soundness. Third, aligning with
Li et al. (2025), we track changes in the review
score summarizing the overall reviewer opin-
ion. We compute score(r.,r,) = score(r.) —
score(r,). We expect the score to drop when
soundness is compromised as indicated by a neg-
ative value.

5 Dataset

Applying our pipeline, we first create a dataset of
papers, associated research logic, and counterfac-
tual versions, and validate each step. We list the
model versions in Appendix A.3 and prompts in
the supplementary materials. We develop prompts
for each step individually and manually verify out-
puts on a subset of papers. We begin with a basic
prompt and iteratively refine it using Claude Son-
net 3.5 (Anthropic, 2024) akin to meta-prompting
(Zhou et al., 2023). We adjust prompts until we
consider the outputs correct for all test samples.
All prompts follow a similar structure and use
json output format in line with prompt engineer-
ing best practices (Phoenix and Taylor, 2024) (see
Figure 6 in the Appendix).

5.1 Source Data

We construct our dataset from four major Al
and NLP conferences over two years to general-
ize beyond individual venues (Kuznetsov et al.,
2024). Specifically, we include papers from the
Association of Computational Linguistics (ACL)
conferences ACL-23 and ACL-24, EMNLP-23
and EMNLP-24, from the Neural Information



Processing Systems conference NeurIPS-24, and
International Conference on Learning Represen-
tations ICLR-25. To ensure high-quality input
papers with valid research logic, we include only
accepted papers. We collect openly licensed pa-
pers from ICLR-25, NeurIPS-24, and EMNLP-23
via OpenReview,* and from the ACL Anthology’
for the remaining ACL conferences, yielding ap-
proximately 13k instances. We convert papers to
Markdown format suitable for LLM processing.
We remove instances with parsing issues retain-
ing 3,532 reliably parsed papers. From these, we
sample 156 papers evenly across conferences: 18
for development and prompt tuning, and 138 for
testing. This sample size balances paper diversity
with the computational cost of review genera-
tion for original and counterfactual papers later.
Appendix A details the preprocessing procedure.

5.2 Research Logic Data

Through manual refinement, we develop the
prompts for extracting the research logic on the
development set and select the best performing
model. GPT-40-mini (OpenAl et al., 2024) offered
the best trade-off between inference speed, cost,
and output quality. We employ self-refinement
(Madaan et al., 2023), which notably improved
the alignment between building blocks consistent
with findings on other reasoning-intensive tasks
(Sahoo et al., 2024). A single refinement cycle
achieved the best performance—cost trade-off. We
query the OpenAl API® for model inference. On
average, the extraction of the research logic takes
roughly five minutes per paper.

Validation Study. We validate the accuracy of
research logic extraction through human evalua-
tion focusing on the factual alignment between
each extracted building block and the source
paper. We recruit three postgraduate NLP re-
searchers with at least four years of experience
reading academic papers. For each annotation, we
provide the paper, the building block type, its
summary, and the main passage provided by the
LLM. Annotators assess the factual correctness of
the summary, focusing on the main highlighted
passage but they are allowed to consult the full
paper. We also ask them to note issues beyond

“https://openreview.net.
Shttps://aclanthology.org/.
6https ://platform.openai.com/.
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factual accuracy. We pilot the process on 50
randomly sampled building blocks from 5 pa-
pers. We then compute inter-annotator agreement
(IAA) on this pilot plus 10 additional samples. In
total, annotators label 139 building blocks from
14 papers across conferences. We use Goldstein’s
S (Bennett et al., 1954) to measure IAA, as it is
more suited for imbalanced label distributions than
Krippendorff’s « (Feinstein and Cicchetti, 1990),
given that 74% of labels are positive. We obtain
S = 0.37, indicating moderate agreement. Upon
inspection, we find that in 12% of all samples the
LLM selects an incorrect passage to support its
summary; in 56% of disagreement cases, at least
one annotator flags this issue. This induces dis-
agreement because of varying considered context
by the annotators.

Validation Result. We compute the majority
vote for redundant annotations and merge them
with individually labeled instances, finding that
77% of building blocks are factually accurate. We
consider this accuracy sufficient as an intermedi-
ate step in counterfactual generation. To address
the issue of incorrect evidence spans, we revise
the extraction prompts requiring the LLM to cite
specific text spans together with their paragraphs
ID and apply it throughout the remainder of the
study.

5.3 Counterfactual Data

Following our general prompt development
paradigm, we tune prompts and select the best
LLM based on manual inspection on the devel-
opment set.

Soundness-neutral Counterfactuals. We gen-
erate soundness-neutral counterfactuals using
Phi-4 14B (Abdin et al., 2024). We run Phi-4
(with Q4_K_M quantization) on two L40 GPUs
with approximately 14GB effective memory use
during inference. On average, the generation
of one soundness-neutral counterfactual takes
roughly three minutes. For active-to-passive and
American-to-British, we randomly select 40% of
the paragraphs; for language error, we select 20%
to simulate minor language issues. Given the sim-
plicity of these edits, one author manually inspects
10 counterfactuals per type to verify that the edits
do not affect the paper content. In all cases, the
revised text preserves the original meaning.
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Soundness-critical Counterfactuals. We use
GPT-40-mini to generate soundness-critical coun-
terfactuals. During prompt development, we found
that decomposing the process into multiple stages,
where each corresponds to a single LLM call
producing an intermediate result with an expla-
nation, substantially improved output quality. We
explicitly separate stages that require reasoning
from those that modify the paper’s content since
this produced more diverse outputs. We further
divide creative stages, such as proposing new
hypothetical results (see Section 4.2), into can-
didate generation and subsequent selection. If an
edit type is not applicable, e.g., a paper lacks the
necessary claim types for finding edits, we skip
the counterfactual for that paper. The generation
of one soundness-critical counterfactual takes on
average roughly two minutes using the OpenAl
APL.

Validation Study. The human validation as-
sesses whether counterfactuals meet the desiderata
(see Section 4.2). We employ the same three
postgraduate NLP researchers as in the previous
validation. We provide annotators with the coun-
terfactual paper, the extracted research logic, the
edited building block, and highlight the edits in the
paper. First, annotators judge if the research logic
is compromised (RL-cor) and plausible within the
paper’s scope (RL-pla). Then, they evaluate the
edits applied to the paper considering whether
the edits affect the soundness (E-cor), are plau-
sible (E-pla), and minimal (E-min). We pilot the
annotation on 7 counterfactuals. For the main
study, annotators assess 92 counterfactuals from
10 papers, including 25 used to compute IAA. Due
to label imbalance, we report Goldstein’s S: 0.46
for RL-cor, 0.57 for RL-pla, 0.20 for E-cor, 0.62
for E-pla, and 0.57 for E-min. Annotators show
moderate to substantial agreement on the research
logic modifications. In contrast, assessing the cor-
rectness of paper edits proves more subjective,
particularly for E-cor; this is consistent to levels
of subjectivity in peer review (Bornmann, 2011).
Disagreements occur more frequently for edits of
conclusions (40%) and findings (33%), where an-
notator comments indicate that certain edits, such
as inserting the word ‘significant’ as a statistical
claim, are ambiguous, leading to disagreement.

Validation Result. We use the majority vote
on redundant annotations merged with individ-
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Paper Distribution

#papers 133
#papers p. conference 22.50 +1.80
#papers p. institution 1.38 £ .08

Research Logic Distribution

#paper types 7
#papers p. paper type 19.29 + 33.68
#findings p. paper 3.69 £1.93

Table 2: Dataset statistics for the papers and their
extracted research logic in the test set.

CFCR CFNE total
#CFs 391 540 931
#CFs / paper 2.9 4.0 7.0
#edits / CF 2.59:{:1.59 5-81i1.65 4-23i2.28
diff. / CF 579j:1159 771:(:10()3 677:“087

Table 3: Dataset statistics for soundness-critical
(CFcRr) and soundness-neutral (CFyg) counterfac-
tuals. The number of edits counts edit operations;
diff. is the Levensthein distance.

ually labelled instances. Annotators judge 88%
of research logic edits as correct (RL-cor) and
91.3% as plausible (RL-pla). They find that 90.2%
of the edits compromise the paper’s soundness
(E-cor), 91.3% are plausible (E-pla), and 79.4%
are minimal (E-min). For the purpose of our evalu-
ation, we consider the desiderata met and account
for residual noise during evaluation by com-
paring soundness-neutral and soundness-critical
counterfactuals on a large set of instances.

5.4 Dataset Overview

Tables 2 and 3 summarize the final evaluation
dataset of 931 counterfactuals on 133 papers,
excluding 5 papers without empirical findings.

Diversity of Counterfactuals. As shown in
Table 3, the number of edits and amount of
changed text is comparable for both counter-
factual types, ensuring fair comparison. Among
soundness-critical edits, 85.6% of them appear in
the text, 9.6% in tables, and 4.7% in figure cap-
tions; the latter two only occur for result edits.
The dominance of text edits reflects the textual
nature of findings and conclusions, and the fact
that many results are reported and interpreted in
the text. Each edit type engages distinct reasoning
over different areas of the paper.



Diversity of Papers. As shown in Table 2, the
papers are nearly evenly distributed across con-
ferences. To assess authorship diversity, we use
the last author’s affiliated institution as a proxy,
retrieving metadata via the OpenAlex API’ (ex-
cluding 10 missed authors). On average, 1.38
papers originate from the same institution, indi-
cating high diversity. Regarding research logic,
of the 7 paper types classified during extraction,
papers introducing new methodology dominate
(75%), followed by analysis (12%) and dataset
papers (6%). This skew towards methodologi-
cal work likely reflects the actual distribution of
publications in Al and NLP conferences and en-
courages future work on more diverse paper types
(see Section 7).

6 Evaluation

We run the evaluation pipeline based on the pre-
viously generated dataset to estimate the average
treatment effect of soundness-neutral and -critical
edits and compare them. The detailed model ver-
sions, generation hyperparameters, and prompts
are reported in Appendix B.

6.1 Experiments

ARGs. We consider three types of ARGs from
the literature. The first type uses LLMs in zero-
shot mode either with a generic review prompt
(Zero-GENERIC), e.g., in Liang et al. (2024b),
or a prompt including venue-specific guidelines
(Zero-GuUIDE), e.g., in (Du et al., 2024). We test
both with GPT-40-mini and GPT-4.1 as large pro-
prietary LLMs, DeepSeek-14B and DeepSeekV3
(DeepSeek-Al et al., 2024) as reasoning LLMs,
and Phi-4 as a small open-weight model. We de-
sign the prompts based on related literature to
ensure alignment, while adding a standardized
output format for easy parsing. We perform for-
matting and plausibility checks on the develop-
ment set without further tuning. The second type
comprises multi-agent systems where LLMs spe-
cialize in different paper aspects and engage in
a discussion. We include TreeReviewer (Chang
et al., 2025), implemented with GPT-40-mini, as
a representative. MARG (D’Arcy et al., 2024),
evaluated on our development set, proved com-
putationally infeasible with individual reviews re-
quiring at least 20 minutes and up to 2 hours.

"https://openalex.org/.
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The third type uses LLMs fine-tuned on peer re-
view data. We test Reviewer2 (Gao et al., 2024),
fine-tuned with an automatic prompting model,
and DeepReviewer (Zhu et al., 2025), which is
further trained on synthetic reasoning data. We use
default hyperparameters for all ARGs. We fix the
random seed and, for zero-shot LLMs, set the tem-
perature to zero to minimize output variance. We
truncate the paper to the effective context window
size per LLM (Hsieh et al., 2024). When ARGs
produce semi-structured text, e.g., DeepReviewer,
we parse the output using regular expressions and,
if needed, fall back to GPT-40-mini for parsing.
We include reviews that cannot be parsed into the
venue’s template in raw form; if the parsing of
scores fails, we do not consider those scores for
evaluation.

Oracle Ablation. To validate, we include an
ORACLE ARG. ORACLE takes the reviews generated
by Zero-GuUIDE-GPT-4om for the original papers
and paraphrases them for each counterfactual.
For soundness-critical counterfactuals, it also adds
a comment on the introduced issue and lowers
the overall score randomly. This setup simulates
an ARG that reports the soundness issue in the
review, and adjusts the overall score as a mild but
notable reaction to unsound research logic.

Statistical Analysis. For each review difference
dimension, we fit a linear mixed effect model
(LME) (Lindstrom and Bates, 1988) per ARG.
We test the null hypothesis that the ATE of the
two conditions, soundness-critical or soundness-
neutral, is identical; in other words, we test if
soundness-critical edits have no stronger effect on
reviews than the soundness-neutral edits. LMEs
are designed for varying repeated measures. In
our case, there are multiple review differences per
paper; we model the paper as a random effect,
while the review difference and condition are
fixed effects. Finally, we use Benjamin-Hochberg
correction (Benjamini and Hochberg, 1995) due
to multiple testing on ARGs.

6.2 Results

Are automatic review reports significantly af-
fected by soundness-critical edits? Figures 3,
4, and 5 show the box plots of the ATE per dif-
ference dimension and both counterfactual types
per ARG. To recap, ‘Aspect’ (Figure 3) mea-
sures the number of soundness-related statements,
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Figure 4: ATE of sentiment differences for soundness-
critical and -neutral CFs; the larger the difference
of neutral/critical means (dashed horizontal lines)
the better.

‘Sentiment’ (Figure 4) the density of positive com-
ments, and ‘Score’ (Figure 5) the overall rating;
all of them compare the ARG’s reviews for the
counterfactuals with the one for the original (see
Section 4.3). For an ideal ARG, the ATE for
soundness-critical and -neutral edits should lie far
apart on all dimensions; the ATE of critical edits
should be positive for aspects (soundness-related
aspects are added) and negative for sentiment (less
positive comments) and score (lower rating).

As expected, the ATE of soundness-neutral
edits are close to zero for most ARGs. The vari-
ance is large for all ARGs and especially for the
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Figure 5: ATE of score differences for soundness-
critical and -neutral CFs; the larger the difference
of neutral/critical means (dashed horizontal lines)
the better.

fine-tuned Reviewer2 and DeepReviewer. How-
ever, for all ARGs the ATE of soundness-critical
edits is similar to the ATE of neutral edits. At a
significance level of & = 0.05, none of the models
show a significant difference in the ATE between
neutral and critical edits for aspects, sentiment,
or score.® In other words, faulty research logic
has no statistically significant impact on the
automatically generated reviews of any tested
ARG.

Which of the ARGs are influenced most by
faulty research logic? Although none of the
ARGs are significantly affected by flawed re-
search logic, we rank the models to identify
tendencies. A coherent ARG should show low
ATE variance for soundness-neutral counterfac-
tuals, being resilient to surface-level changes, and
a large difference between the ATE for neutral
and critical counterfactuals. To capture this in a
single score, we express the ATE difference be-
tween both conditions as a multiple of the effect
standard deviation of the neutral counterfactuals.
For each ARG, we compute z = %
per dimension and then average over all dimen-
sions. This yields the ranking shown in Table 4.
Notably, generic zero-shot prompts perform bet-
ter than those with guidance, which may act as a
distractor. For Phi-4, with its smaller context win-
dow, Zero-GuIDE likely causes truncation of key
paper content. While the fine-tuned Reviewer2

8Detailed p-values are reported in Appendix Table 5.



ARG z

ORACLE 1.702
Reviewer2 0.126
ZERO-GENERIC-GPT4.1 0.078
ZERO-GENERIC-PHI4 0.072
ZERO-GENERIC-GPT40M 0.063
ZERO-GENERIC-DEEPSEEK 14B 0.063
ZErO-GUIDE-GPT40M 0.053
ZERO-GUIDE-DEEPSEEK 14B 0.051
ZERO-GUIDE-DEEPSEEKV 3 0.044
DeepReviewer 0.042
TREEREVIEWER 0.040
ZERO-GUIDE-PHI4 0.029
ZERO-GENERIC-DEEPSEEK V3 0.018

Table 4: Ranking of the ARGs by score z.

ranks highest, DeepReviewer ranks lowest; likely,
their backbone models, Llama-2 for Reviewer2
and Phi-4 for DeepReviewer, play an important
role since the ZErRO-GUIDE results for Phi-4 sug-
gest issues with context size and distractors. This
warrants further investigation in future work. Fi-
nally, there is no clear link between model size
and performance, as Phi-4 and GPT-4.1 both rank
highly.

How does an ideal ARG perform? To validate
the evaluation pipeline, we evaluate the ORACLE
ARG along with the others. Here, for all three
dimensions there is a notable difference between
critical and neutral counterfactuals, which is con-
firmed by statistical analysis. The ORACLE reviews
are significantly influenced (at a = 0.05) by
faulty research logic along all dimensions hereby
confirming the validity of our pipeline.

How do these results contextualize with prior
work? Our results suggest that prior reports of
ARGs achieving error discovery rates of around
40% for GPT-40-mini (Zhang and Abernethy,
2025) are influenced by the types of errors tested,
which often rely on background knowledge recall;
a task at which LLMs perform well (AlKhamissi
et al., 2022). For example, spotting an error in
a softmax formula mainly tests recall with mini-
mal reasoning. In contrast, our experiments isolate
reasoning and show that ARGs clearly lack this
skill. From this, we draw two recommendations for
future work. First, to accurately evaluate ARGs,
studies should test distinct skills in isolation
to identify specific limitations and capabili-
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ties. Second, our findings highlight the potential
for human-LLM collaboration in peer review.
Our results show that ARGs alone fail to as-
sess the consistency of research logic, whereas
human reviewers benefit from Al assistance in
knowledge-intensive steps (Dycke et al., 2025).
This suggests that peer review is well-suited to
human-AI collaboration through co-construction
(Dutta et al., 2025), where a human expert and an
Al system jointly construct a review through it-
erative interaction, compensating for each other’s
limitations.

How sensitive are ARGs to the paper’s surface
form? Notably, all ARGs show high standard
deviations for soundness-neutral counterfactuals,
suggesting that ARGs are sensitive to spurious
features similar to issues of prompt sensitiv-
ity in LLMs (Sclar et al., 2024). To examine
this further, we measure lexical similarity us-
ing ROUGE-2 and use GPT-40-mini to detect
whether assertions align between the original and
soundness-neutral reviews, computing the Jaccard
index on assertions. We perform human validation
of the automatic alignment with two annotators
on 50 assertion pairs with substantial agreement
(Krippendorff’s o = 0.74) attesting an accu-
racy of 0.78. We analyze 48 randomly sampled
papers (roughly 8 per conference). Table 6 in
the Appendix reports the detailed results. Sur-
face similarity ranges from 0.25 ROUGE-2 for
DeepReviewer to 0.54 for Zero-GUIDE-GPT40M,
indicating substantial changes in wording for
many ARGs. This pattern holds for the asser-
tion overlap, with a Jaccard index from 0.27 for
DeepReviewer to 0.57 for ZERO-GENERIC-GPT40M
indicating low to moderate overlap in the contents
of the reviews. Overall, GPT-40-mini produces
more similar reviews than other ARGs, regardless
of the prompting strategy. Even allowing for some
measurement error, ARGs remain highly sensitive
to spurious surface changes in the input text. Our
findings point to another recommendation for fu-
ture work: all ARG evaluations, whether using
human reference data or sensitivity analysis,
should report mean performance on multiple
soundness-neutral versions of the papers akin to
prompt-sensitivity reporting to better reflect their
true capability independent of spurious features.
Here, our counterfactual dataset may also help
improve model consistency through training data
augmentation (Wu et al., 2021).



7 Limitations and Future Work

In this section, we summarize potential limita-
tions of the proposed framework and point to im-
portant future work.

Assumptions. We design the counterfactual gen-
eration to be generic and applicable across diverse
papers. However, our approach makes assump-
tions on the paper structure that may not hold for
all paper types and domains. Future work should
extend faulty research logic detection to additional
domains, paper types, and logical structures. For
evaluation, we use accepted papers from reputable,
peer-reviewed venues to ensure the original re-
search logic is sound and extractable. While this
assumption may not hold for every paper, aver-
aging effects over a large, diverse sample helps
manage noise. Future extensions to new data cru-
cially need quality assurance of the underlying
papers.

Counterfactual Generation. For counterfactual
generation, we validate the plausibility and diver-
sity of edits aiming to resemble human research
logic errors. However, the distribution of con-
structed errors likely differs from those in real
papers. Our evaluation tests ARGs’ canonical abil-
ity to detect flawed research logic under controlled
conditions. If an ARG’s output is unaffected
by flawed logic in this setting, it will also fail
on real papers. Conversely, a significant effect
does not guarantee strong real-world performance
underscoring the need to study research logic
flaws in human papers. Finally, we focus on uni-
modal ARGs, as editing figures poses a separate
challenge and requires distinct reviewing skills
(Huang et al., 2025). Instead, we modify figure
captions and related text to simulate figure edits
from a text-only reviewer’s perspective. Future
research should explore counterfactual generation
for figures and test multimodal ARGs.

Interpretation. Ourexperiments show that state-
of-the-art ARGs fail to identify flawed research
logic in research papers. We further find that
ARG s are sensitive to surface-level features, sug-
gesting that the underlying LLMs rely on super-
ficial heuristics instead of thorough reasoning.
Investigating the causes of this behavior is an
important direction for future work. In particu-
lar, distinguishing failures to identify soundness-
relevant information in the paper from failures

to recognize logical fallacies within the research
logic itself are crucial for developing more robust
ARG s in the future.

Reproducibility. For dataset creation and eval-
uation we primarily employ closed commercial
models, as their outputs demonstrated higher qual-
ity during manual tuning. To enhance replicability,
we release all model outputs in the supplemen-
tary materials. For reproducibility, detailed model
versions are reported in Appendix B.2. However,
the use of closed models inevitably limits future
reproduction on new data, as such models may
undergo unrecorded changes. In future work, the
extension to open models that perform better or
on-par with commercial LLMs for these steps is a
promising avenue to enhance reproducibility.

8 Conclusion

We introduced a novel, fully automatic counter-
factual evaluation framework for ARGs, focusing
on the detection of flawed research logic. We pro-
posed a three-step pipeline to estimate the effect of
soundness-critical edits to papers on automatically
generated peer reviews, testing the reasoning ca-
pabilities of ARGs. Our results show that current
ARGs fail to detect faulty research logic. Based
on this, we propose three directions to advance
LLM-based reviewing systems: designing dedi-
cated tests for distinct reviewing skills, fostering
human—machine collaboration, and accounting for
sensitivity to surface-level paper features during
evaluation. Our work lays the groundwork for
robust evaluation of ARGs.
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Algorithm 1 Pseudo-code for research logic extraction. Each function starting with ‘llm’ uses LLMs in

zero-shot mode with a single self-refinement step.

Require: Input = title, abstract, text

Ensure: Output =F, C, R, m, supports, anchors, coreferences
RG < llm_identify research_goal(title, abstract, text)
CON, anchorsp < llm_extract_contributions(title, abstract, text)

CON <« llm_rank_contributions(C, RG)
F < {c € CONJc is findings}

C, anchors¢ < llm_extract_conclusions(abstract, text)
supportsr <— llm_link_conclusions_to_findings(C', F), title, abstract)

R, anchorsy < llm_extract_results(abstract, text)

supportsc <— llm_link_results_to_conclusions(R, C, title, abstract)

manchors,,, < llm_extract_methods(abstract, text)

supportsg < llm_link_method_to_results(m, R, title, abstract)

coreferences < llm_extract_coreferences(abstract, text, F', C, R, m)

return F,C, R, m,U;c(r c gy SUPPOItS;, U;c(p ¢ gy anchors;, coreferences

A Dataset Preprocessing

A.1 Underlying Dataset Preprocessing

Since the counterfactual generation aims to make
surgical edits of few tokens, the accuracy of
parsing of papers needs to be high, with the ta-
bles being particularly challenging. We therefore
cross-match the accepted papers with ar5iv,” pro-
viding HTML versions of the papers constructed
from the LaTeX source using title and author for
retrieval. Roughly one quarter of the papers across
all conferences can be matched exactly. We con-
vert those original papers to markdown using their
HTML version as a reference. Subsequently, we
filter out papers for which the title or abstract
could not be identified and where the number of
sections lies below three, suggesting an error.

A.2 Research Logic Extraction
A.2.1 Pseudo-code

We report the pseudo-code for extracting the re-
search logic of a scientific paper in Algorithm 1.
Due to space restrictions we defer the reader to the
acompanying code of this paper for the detailed
prompts used during each individual step.

https://ar5iv.labs.arxiv.org/ (last ac-
cessed on 20/07/25).
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A.2.2 Hyper-parameters

For the research logic extraction we query the
OpenAl API'® between May and June 2025. We
use GPT-40-mini in version 2024-07-18. For
generation, we use the default hyper-parameters;
i.e., a temperature of 1.0 and no nucleus sampling.

A.3 Counterfactual Generation

A.3.1 Prompts

The generation of counterfactuals involves multi-
ple steps and prompts including self-refinement.
Due to space restrictions, we report on the ex-
act prompts used for counterfactual generation in
the supplementary code. Figure 6 summarizes the
general prompt structure which is common to all
steps in the pipeline.

A.3.2 Hyper-parameters

Soundness-critical Counterfactuals. For the
soundness-critical counterfactuals, we use GPT-
4o0-mini with the same configuration as before;
i.e., version 2024-07-18 with a temperature of
1.0 queried in May and June 2025.

Soundness-neutral Counterfactuals. For the
soundness-neutral counterfactuals, we use Phi-4

Ohttps://openai.com/ (lastaccessed on 20/07/25).


https://ar5iv.labs.arxiv.org/
https://openai.com/

[system persona prompt]

[brief summary of the task]

### DEFINITIONS [definition of terms and concepts]
### INPUTS [structured list of inputs]

### SPECIFIC INSTRUCTIONS [step-by-step instruc-
tions]

### OUTPUT FORMAT [description of output JSON
format]

### IMPORTANT POINTS [reiterating hard constraints
and requirements]

Figure 6: General prompt design used during dataset
creation.

14B run with temperature of 0.8 and top-40
sampling. We run the ollama version.'!

B Experiments

B.1 ARG Zeroshot Prompts

Figure 7 shows the prompt used for the Zgro-
GENERIC approach. Figure 8 shows the prompt
used for the ZErO-GUIDE approach. The key dif-
ference, is a brief description of the reviewing
approach provided as a template parameter based
on publicly available reviewer guidelines of each
venue.

B.2 ARG Hyper-parameters

For all ARGs we discard the paper’s appendix
since this frequently lead to errors due to the
limited context window of the models. If a paper
exceeds the context window of an LLM according
to the recommended ranges of best performance

nttps://ollama.com/library/phi4 (last ac-
cessed on 20/07/2025).
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(Hsieh et al., 2024), we truncate the paper at
the end.

For Zero-GeEneric-GPT4oMm, ZERO-GUIDE-
GPT4om, MARG, TreeReviewer, and for fall-
back parsing of the fine-tuned ARG outputs we
use GPT-40-mini version 2024-07-18 with a
temperature of 0 queried in May to July 2025.
For Zero-Generic-GPT4.1 we use version gpt—
4.1-2025-04-14 with a temperature of 0
queried in July 2025. For the DeepSeekV3-based
zero-shot ARGs we query the DeepSeek API'?
using version DEEPSEEK-V3-0324 as a chat model
with temperature O queried in July 2025. We adapt
the publicly available code of MARG'? to use
GPT-40-mini. Likewise, we adapt the public code
of TreeReviewer'* to use GPT-4o-mini instead
of the original use of Gemini-2.0-flash as in the
original paper to ensure a better comparability of
approaches irrespective of the underlying LLM.

For the fine-tuned models Reviewer2 and Deep-
Reviewer, we use the default hyperparameters
provided by the authors; we do not set the tem-
perature to O since this resulted in frequent output
errors (repeated tokens, etc.) that could not be
parsed into a review report. Reviewer2 uses two
fine-tuned models!®> based on Llama-2-7B-Chat
(Touvron et al., 2023) with a temperature of
0.6. DeepReviewer is based on Phi-4-14B (Abdin
et al., 2024)'6 with a temperature of 0.4.

C Complementary Results

C.1 Detailed Statistical Testing Results

Table 5 reports the detailed statistical test results.

C.2 Sensitivity to Paper Surface Form

Table 6 reports the ROUGE-2 and Jaccard over-
lap of the assertions in the pairs of original and
counterfactual reviews.

2https://api-docs.deepseek.com.

Bhttps://github.com/allenai/marg
-reviewer/tree/master (last accessed on 18.07.25).

Ynttps://github.com/YuanChang98/tree
—-review.

Bhttps://huggingface.co/GitBag
/Reviewer2_Mr and https://huggingface.co
/GitBag/Reviewer2_Mp (last accessed on 18.07.25).

®nttps://huggingface.co/WestlakeNLP
/DeepReviewer—14B.


https://ollama.com/library/phi4
https://api-docs.deepseek.com
https://github.com/allenai/marg-reviewer/tree/master
https://github.com/allenai/marg-reviewer/tree/master
https://github.com/YuanChang98/tree-review
https://github.com/YuanChang98/tree-review
https://huggingface.co/GitBag/Reviewer2_Mr
https://huggingface.co/GitBag/Reviewer2_Mr
https://huggingface.co/GitBag/Reviewer2_Mp
https://huggingface.co/GitBag/Reviewer2_Mp
https://huggingface.co/WestlakeNLP/DeepReviewer-14B
https://huggingface.co/WestlakeNLP/DeepReviewer-14B

You are an expert peer reviewer with extensive experience in academic publishing.
Your goal is to provide a rigorous, objective, and constructive review strictly adhering to the provided template.
You are reviewing for {venue}. {venue} has the following focus: {venue_description}

## Input Paper
{paper}

## Reviewer Instructions

* Read the entire paper carefully and critically

* Systematically evaluate the paper using the provided template

* Ensure each section of the template is completed precisely and substantively
* Ground your assessment in specific evidence from the paper

* Maintain an objective, professional tone

## Output Format

Review Report
{template}

## Evaluation Approach

* Analyze the paper comprehensively across multiple dimensions
* Provide specific, actionable feedback

* Support all assessments with direct references to the paper

* Be precise in addressing each required template section

* Critically assess the paper’s scientific merit and contribution

## Final Reminder:

* Strictly follow the output structure

* Provide substantive content for each template section

* Ensure your scores align with your qualitative assessment

* For each score, pick only numbers from the respective range and by its meaning explained above
* Make sure to start your review report with “

Figure 7: Generic ARG prompt.

486




You are an expert peer reviewer with extensive experience in academic publishing.
Your goal is to provide a rigorous, objective, and constructive review strictly adhering to the provided template.
You are reviewing for {venue}. {venue} has the following focus: {venue_description}

## Input Paper
{paper}

## Reviewing Guidelines
You should closely follow the guidelines of the conference provided below while reviewing.

{venue_guidelines}
## Output Format

Review Report
{template}

## Evaluation Approach

* Analyze the paper comprehensively across multiple dimensions
* Provide specific, actionable feedback

* Support all assessments with direct references to the paper

* Be precise in addressing each required template section

* Critically assess the paper’s scientific merit and contribution

## Final Reminder:

* Strictly follow the output format

* Provide substantive content for each template section

* Closely follow the review guidelines

* Ensure your scores align with your qualitative assessment

* For each score, pick only numbers from the respective range and by its meaning explained above
* Make sure to start your review report with

Figure 8: Guided ARG with detailed instructions for reviewing chosen for each venue in the dataset.

Aspects Sentiment Score
p-value corrected p-value corrected p-value corrected

ORACLE 1.3-10717 1.6-10716 1.6 - 1012 2.1-107111 0.0 0.0

Reviewer2 0.641 0.842 0.488 0.705 0.145 0.420
DeepReviewer 0.712 0.842 0.559 0.727 0.162 0.420
ZER0-GUIDE-DEEPSEEK 14B 0.466 0.842 0.488 0.705 0.208 0.450
ZERO-GENERIC-DEEPSEEK 14B 0.938 0.938 0.011 0.068 0.463 0.670
ZERO-GUIDE-DEEPSEEKV 3 0.513 0.842 0.116 0.303 0.805 0.805
ZERO-GENERIC-DEEPSEEK V3 0.813 0.880 0.936 0.936 0.604 0.714
ZERO-GUIDE-PHI4 0.617 0.842 0.786 0.852 0.515 0.670
ZERO-GENERIC-PHI4 0.503 0.842 0.035 0.153 0.505 0.670
ZEro-GUIDE-GPT40M 0.503 0.842 0.161 0.303 0.431 0.670
ZERO-GENERIC-GPT40M 0.144 0.842 0.654 0.773 0.096 0.415
ZERO-GENERIC-GPT4.1 0.242 0.842 0.163 0.303 0.058 0.380
TREEREVIEWER 0.687 0.842 0.121 0.303 0.772 0.805

Table 5: For all ARGs, the estimated p-values (uncorrected and BH-corrected for multiple testing per
delta) by the linear mixed effect model. The significant corrected p-values for o = 0.05 are in bold
face.
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ARG ROUGE-2 Assertion Jaccard

ORACLE 0.57 + .05 0.96 4+ .10
Reviewer2 0.38 + .34 0.32 4+ .20
DeepReviewer 0.25+ .10 0.27 £+ .13
ZERO-GUIDE-DEEPSEEK 14B 0.26 £+ .07 0.39 4+ .16
ZERO-GENERIC-DEEPSEEK 14B 0.27 £ .05 0.42 + .17
ZERO-GUIDE-DEEPSEEKV 3 0.43 £ 0.09 0.51 £0.19
ZERO-GENERIC-DEEPSEEKV 3 0.39 £ 0.09 0.49 £0.17
ZErRO-GUIDE-GPT40M 0.54 £+ .10 0.55 £ .20
ZERO-GENERIC-GPT40M 0.54 £ .11 0.57 £.19
ZERO-GUIDE-PHI4 0.37+ .11 0.44 £+ .18
ZERO-GENERIC-PHI4 0.39 £ .11 0.48 £ .18

Table 6: The ROUGE-2 and overlap of assertions in terms of the Jaccard index for all pairs reviews
for the original and soundness-neutral-edited papers. For both metrics, the higher the more similar the
two reviews.
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