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Abstract

Peer review is a central part of the scientific
publication cycle, and the peer review service
has long been an honor and obligation that re-
searchers gladly fulfill. With the considerable
increase in submissions, this aspect of volun-
tary contribution to the community can become
a burden due to the increased workload. We
present a new dataset to support Al-assisted
and human studies of the peer reviewing pro-
cess, based on the ARR Open Review Platform.
Unlike previous similar data collections, ours
(ARR-Dv2) not only contains the reviews but
also author-reviewer discussions (aka rebuttal
phase) and meta-reviews. We present statisti-
cal analyses of the data with respect to the over-
all score and the correlations among the overall
score, confidence, and soundness scores. Ad-
ditionally, we extend the task of Review Score
Prediction also to include rebuttal data and an-
alyze its effect on score prediction. Finally, we
introduce a new task: Meta Review Score Pre-
diction, which is based on a set of up to three
reviews rather than a single review. Our ini-
tial results in a zero-shot setting indicate that
the rebuttal data adds valuable information to
the score prediction and enables reliable predic-
tions.

1 Introduction

Peer review is the key mechanism for quality
control of scientific manuscripts across academia
(Birukou et al., 2011), playing a vital role in ensur-
ing research integrity and reliable progress (Born-
mann, 2011). Commonly, a group of researchers
(the reviewers) scrutinizes the manuscript and each
composes a review report that serves as the basis
for a meta-reviewer to create a condensed overview
of the individual reviews, known as meta-review
report. Despite its importance to the scientific com-
munity with the growing number of publications
in science (Landhuis, 2016) and Artificial Intelli-
gence (Al) research in particular (Sculley et al.,
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Figure 1: The structure of ARR-Dv2 dataset

2018), the reviewing load places significant burden
on researchers. This amplifies existing reviewer
biases (Lee et al., 2013), encourages outsourcing
to junior researchers (Kuznetsov et al., 2024b), or
— with the rise of generative Al (GenAl) tools — to
Large Language Models (LLMs) such as ChatGPT
(Achiam et al., 2023) and the like (Liang et al.,
2024). This, in turn, introduces new biases and
quality issues (Du et al., 2024). Putting the relia-
bility of peer review at risk conceivably has severe
consequences for the scientific discovery process
as a whole (Ebadi et al., 2025; Hanafi et al., 2025).
Human-AI collaboration and assistance for peer
reviewers is a promising tool to mitigate these is-
sues by speeding up the review process without
sacrificing quality, and while maintaining full con-
trol for human reviewers (Kuznetsov et al., 2024a).
Training and evaluation data are essential for the
development of such systems. While there is a
plethora of peer reviewing corpora (Yuan et al.,
2022; Zhang et al., 2025), most of them come from
Al research and open reviewing systems. How-
ever, reviewing behavior varies between domains



and reviewing systems, hereby limiting the gener-
alization of findings to other domains (Kuznetsov
et al., 2024b). Additionally, using publicly avail-
able reviewing data for evaluation poses risks of
contamination (Balloccu et al., 2024; Jiang et al.,
2024; Ravaut et al., 2024). In this work, we intro-
duce ARR-DvV2, a new peer review corpus collected
from ACL Rolling Review (ARR) — a closed re-
viewing system that ensures its data has not been
seen during training of current LLMs — to support
the development of peer review assistance systems
tailored to reviewing in natural language process-
ing (NLP) research. Figure 1 shows the structure
of ARR-Dv2.
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Figure 2: ARR-Dv2 Dataset

This new corpus complements previous work by
Dycke et al. (2023) covering NLP reviewing data
prior to 2023. However, NLPEER includes only re-
view reports without author rebuttals and reviewer
discussion or meta-reviews. ARR-Dv2 includes
these important reviewing artifacts (see Figure 2)
and is the largest and most recent peer review
dataset from the ACL community so far, including
the conference of Empirical Methods in Natural
Language Processing (EMNLP) 2024, Nations of
the Americas Chapter of the ACL (NAACL) 2025,
and the International Conference on Computational
Linguistics (COLING) 2025. We make the data
easily accessible for further research. The dataset
enables studying the submitted and accepted ver-
sion of each paper, their reviews, and the reviewer-
author discussion with meta-reviews with open li-
censes and ethical clearance.

Based on the newly collected ARR-Dv2, we quan-
tify the reviewers’ behavior across time and venues.
We find that reviewing in NLP and AT across time
does show a focus on similar aspects of papers,
such as novelty and experimentation, but with vary-
ing importance. Additionally, we turn to a practical
assistance task during peer review, review score pre-
diction, aiming to support reviewers in choosing ad-
equate scores for their textual report; this is particu-
larly challenging for junior reviewers and reviewers
from other fields, and may ease their adaptation to
the NLP domain. We use the new reviewer-author

discussion (rebuttals) and meta-review data from
our ARR-Dv2, to investigate these artifacts’ effect
on score prediction performance. In summary, we
contribute

* an extension to the ethically and legally aware
collection protocol of Dycke et al. (2022),

* anew corpus of papers, reviews, meta-reviews
and author-reviewer discussions from the NLP
community from 2024-2025,

* anew perspective on rebuttal and meta-review
data during review score prediction lying the
groundwork for the systematic investigation
of rebuttals’ effect on reviewers’ scoring, and

* the exploration of the task of meta-review
score prediction in the ACL community.

2 Related Work

Peer Reviewing Corpora have been published
over the past years. Most datasets originate from
machine learning (ML) conferences such as ICLR
and NEURIPS (Staudinger et al., 2024) crawled
from open venues hosted on OpenReview' (Yuan
etal., 2022; Kennard et al., 2022, i.a.) with the most
recent and complete version presented by Zhang
et al. (2025). Peer review data from other domains
includes closed corpora, such as the Elsevier cor-
pus (Willems, 2022), and open reviewing platforms,
such as F1000Research?, which are included in
NLPEER (Dycke et al., 2023). Unlike most other
datasets, ARR-Dv2 includes peer reviews from a
closed-reviewing system, which is currently under-
represented despite its dominance in science (Dy-
cke et al., 2023) and ensures contamination-free
evaluation, as the reviews cannot have been part of
the pretraining data of current LLMs yet. Only the
PeerRead corpus (Kang et al., 2018) and the ARR
and COLING subsets of NLPEER (Dycke et al.,
2023) cover peer reviewing data from the NLP com-
munity. Both corpora do not include meta-reviews
or author responses, and they cover substantially
fewer papers and reviews compared to ARR-Dv2.
Table 1 summarizes the key differences between
NLPeer and ARR-Dv2.

Review Score Prediction aims to infer the nu-
merical review scores (e.g., Soundness, Excite-
ment) typically accompanying review reports in
the NLP community. These scores are critical to in-
forming meta-reviewers and acceptance decisions.
This task has gained increasing attention in recent
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years. Kang et al. (2018) are the first to study re-
view score prediction, training a simple regression
model. Ribeiro et al. (2021) investigate the feasibil-
ity of review score prediction based on sentiment
labeling of review texts and SVMs. Bharti et al.
(2021) are the first to propose a neural model that
combines both the paper and review text to predict
review scores. Dycke et al. (2023) evaluate BERT-
based models for review score prediction across do-
mains. Fernandes and Vaz-de Melo (2024) conduct
a large-scale evaluation of review score prediction
models and identify specific inputs that challenge
current models. Finally, review score prediction
accuracy also has become an important metric for
assessing the quality of automatic review genera-
tion systems (Yuan and Liu, 2022; Lu et al., 2024;
Zhou et al., 2024; Idahl and Ahmadi, 2025; Zhu
et al., 2025; Weng et al., 2025). With the newly
collected ARR-Dv2 dataset, it is now possible to
extend this task to meta-review score prediction us-
ing data from the ACL community, whereas prior
work has primarily relied on review data from other
communities, most notably the machine learning
community (Bharti et al., 2021; Lu et al., 2024;
Zhu et al., 2025).

3 ARR-Dv2

The following section presents details on the data
collection process, the resulting dataset, and initial
analyses.

3.1 Data Collection

Peer reviewing in the ACL community is a highly
confidential process, where great care is taken to
keep the information about authors and reviewers
secret. Dycke et al. (2022) presents a donation-
based data collection protocol — called the Yes-
Yes-Yes- or 3Y-workflow — designed for collect-
ing data from sensitive domains with multiple stake-
holders and applying it to peer reviews. Their proto-
col, developed in consultation with the ACL ethics
committee, offers an approved framework for col-
lecting and handling peer review data. Our work
extends the existing protocol to include author-
reviewer discussions and meta-reviews in the li-
censing workflow, thereby increasing coverage of
the donated artifacts. All modifications have been
approved and developed in coordination with the
ACL Ethics Committee. Figure 3, summarizes the
data collection procedure.
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Figure 3: The procedure and checks we performed to
ensure that the data collection was as ethically sound as
possible.

Extended Protocol The 3Y-Workflow is a de-
fault opt-out three-step workflow that first asks re-
viewers to donate their reports, then checks for
acceptance of papers, and finally reaches out to au-
thors of accepted papers for their approval of data
release. The coverage of donated papers is low,
which is arguably attributed to the long time period
between submitting a paper and its acceptance, dis-
incentivising authors to donate their review data
and drafts. We modify the procedure by asking
authors for a donation decision during submission
with an option to revise this decision throughout
the review process.

As a second major change, we extend the license
transfer agreements of the 3Y-workflow to include
the author-reviewer-discussion and rebuttals asking
authors and reviewers for license transfer for these
artifacts during donation. Analogous to reviewers,
we ask meta-reviewers to donate their meta-reviews
during the reviewing period if the authors approve.
All steps involve explicit disclaimers for all stake-
holders. The donation of data is voluntary and can
be revoked at any time. See Appendix A for more
details on the collection workflow.

Collection We collected ARR-DvV2 in the time
period from 2024 to 2025. In accordance with the
ACL Rolling Review board, we retrieved the re-
viewing data using the OpenReview API based on
the codebase of Dycke et al. (2022). Compared to
the earlier NLPeer dataset, which covers 476 ARR
submissions and 684 reviews, ARR-Dv2 offers a
substantial expansion: it includes 2838 papers and
1923 reviews, with 52.5% of papers accompanied
by rebuttals.

Coverage Voluntary data donation results in sub-
selection, which limits coverage relative to the full
set of review data. We quantify coverage as the
proportion of donated papers among all accepted
papers at each venue. Higher coverage is desirable
and helps reduce self-selection bias in the dataset
(Dycke et al., 2022). Our dataset covers 23.8%
of accepted papers for EMNLP 2024, 19.4% for



ARR@NLPeer ARR-Dv2
time 2021-2022 2024-2025
#papers 476 2838
% accepted 100 100
#reviews 684 1923
#papers w/ rebuttals - 1403(52.5 %)
Avg. sent per rebuttal - 150+ 134
#reviews per paper 143 +1.1 0.68 +0.75
#sent per paper 220 +62.9 538.9 +199.6
#sent per review 31+27.0 229+123
total #tok in reviews 266k 822k
total #tok in rebuttals - 1.8M

Table 1: Comparison of NLPeer (Dycke et al., 2023)
and ARR-Dv2in terms of papers, reviews, rebuttals, etc.
We report the mean and standard deviation of per-paper
and per-review statistics.

NAACL 2025, and 22% for COLING 2025. This
means that ARR-Dv2 covers, on average, roughly
20% of the accepted submissions, a rate nearly dou-
ble that of the previous collection (approx. 12%).

3.2 Meta-data Analysis

We analyze the metadata of ARR-Dv2 collected
from EMNLP 2024, COLING 2025, and NAACL
2025 to determine differences from the previously
collected data from the ACL community, also with
respect to self-selection bias.

Comparison to NLPEER As shown in Table 1,
ARR-Dv2 covers more data compared to the ARR
subset of NLPEER. The number of papers in-
creased from 476 to 2838, and reviews grew nearly
threefold from 684 to 1923. ARR-Dv2 includes
rebuttals for more than half of the papers (52.5%),
with an average of 15 sentences per rebuttal. No-
tably, the papers from 2024/25 are longer, while
their reviews are shorter, compared to the data up
to 2022. This may be because reviewers had more
papers to review as the number of submissions in-
creased, and also because the papers themselves
often included longer appendices and reference
lists.

Review Score Distribution Review scores are a
useful proxy for reviewer sentiment. We estimate
their distribution in the dataset to quantify the diver-
sity of papers with respect to quality and reviews
in terms of sentiment in ARR-Dv2.

Figure 4 shows the distribution of reviewers over-
all scores (1-5) for each venue in ARR-Dv2. We
observe that the distribution of the scores is more
shifted toward lower values for COLING 2025,
whereas NAACL 2025 and EMNLP 2024 concen-
trate around 3 to 4, and the highest score (5) is
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Figure 4: Distribution of review overall scores by venue.
Kernel density estimates(KDE) curves show the score
distribution for each venue. Colored dotted lines show
the average review score per venue(COLING = 2.63,
EMNLP = 3.23, NAACL = 3.25), while the black
dashed line indicates the overall average scores across
all reviews.

rarely given to papers.

Meta-review Score Distribution A meta-review,
usually written by the Area Chair (AC), summa-
rizes the reviews and discussion for a submitted
paper (Wu et al., 2022). Figure 5 shows their distri-
bution in ARR-Dv2 the typical score, how spread
out the scores are, and whether different venues
use the scoring scale differently. The meta-review
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Figure 5: Number of papers by meta-review overall
assessment score distribution for each venue.

scores for EMNLP 2024 and NAACL 2025 are pri-
marily at 4, with some at 3, while COLING 2025
has more papers scoring between 2 and 3 and fewer
at 4. We observe that some papers in the dataset
have notably low meta-review overall assessment
scores and were nevertheless accepted. The number
of low-scoring papers accepted by each conference
are shown in Table 2.

Scoring Behavior We are interested in scoring
behavior to explore if evaluations across venues are
comparable and to understand whether confidence
and soundness relate to overall scores. We want to



venue lowest score  #main #findings
EMNLP 2024 2 2 9
COLING 2025 ! ! §

2 12 -
NAACL 2025 2 1 3

Table 2: The lowest meta-review overall assessment
scores in each venue (lowest score), the number of
main conference acceptances (#main) and findings ac-
ceptances (#findings). COLING 2025 does not have
findings proceedings.
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Figure 6: Review-level Pearson correlations between
reviewer confidence, overall score, and soundness by
venue.

answer the following research question by explor-
ing scoring behavior. RQ: How do soundness and
reviewer confidence relate to the overall score, and
does this relationship change by venue?

Figure 6 shows the correlation between the various
scores. In all three venues, there is a strong positive
correlation between overall score and soundness
(NAACL (0.78), EMNLP (0.78), COLING (0.80)),
confirming that reviewers’ overall assessments are
closely tied to their evaluation of a paper’s correct-
ness. However, the relationship between reviewer
confidence and scoring varies more across venues.
At NAACL and EMNLP, the correlations between
confidence and both overall and soundness scores
are near zero (ranging from —0.09 to 0.046), indi-
cating a weak relationship. In contrast, COLING
shows a moderate negative correlation between con-
fidence and soundness (—0.21) and overall score
(—0.14), suggesting that more confident reviewers
may tend to be slightly more critical. This varia-
tion at COLING could point to either differences
in reviewer behavior or a possible mismatch be-
tween self-assessed confidence and actual scoring
patterns in that venue.

3.3 Reviewer Focus Analysis

Review aspects are characteristics of a paper that a
reviewer makes a judgment on when evaluating the
paper (Lu et al., 2025). The distribution of review
aspects measures the importance of different paper
dimensions to the reviewers, useful for quantifying

differences in review behavior across domains and
time. In this section, we analyze reviewer focus
using the NLPeer dataset, the ICLR dataset, and
the newly collected ARR-Dv2 dataset. We present
a cross-temporal and cross-venue comparison to
show how reviewer focus differs.

Aspect Tagging We perform an aspect-based
analysis of the newly collected data using the
scheme and tagger by Lu et al. (2025). Their
scheme includes two sets of labels based on granu-
larity: the COARSE and FINE label sets. Table 7 in
Appendix C gives examples of aspects for both.
Table 3 shows the average number of aspects iden-
tified per review for each dataset. The number of
aspects per review is generally similar for both the
COARSE and FINE label sets.

dataset COARSE  FINE
NLPeer ARR22 6.28 9.74
NLPeer COLING2020 7.62 13.42
ARR-Dv2 EMNLP 2024 6.35 10.71
ARR-Dv2 COLING 2025 6.31 11.12

Table 3: Average number of aspects identified per review
for each dataset, using the COARSE and FINE label sets.

Figure 7 shows the five most frequent COARSE
and FINE aspects identified in the reviews for each
venue. We also include ICLR 2025 data® for com-
parison, which is not part of the ARR-Dv2 data.
For COARSE aspects, older data (NLPeer ARR-22
and COLING 2020) show almost identical distri-
butions to the new data. This suggests that the
reviewer’s focus remains largely stable over time.
One notable exception is NLPeer COLING 2020,
which includes the aspect DDDDEI (Definition,
Description, Detail, Discussion, Explanation, In-
terpretation), suggesting an emphasis on explain-
ability and interpretability. In all venues, the most
frequent COARSE aspects are Methodology, Result,
Data/Task, and Presentation. There is no major
difference between ACL venues and ICLR 2025,
indicating similar reviewer focus between the NLP
and ML communities at a COARSE level.

FINE aspects show similar results to the COARSE
aspect: the reviewer’s focus remains stable across
time and venues. Common aspects such as Model,
Data, Experiment, and Method are consistently
mentioned across both earlier and more recent
venues. Note that ICLR 2025 has a more balanced
aspect distribution. This may suggest that ICLR

3Publicly available through the OpenReview API.
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reviewers place more uniform emphasis across dif-
ferent aspects.
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Figure 7: The 5 most frequent aspects in the reviews for
each dataset using the COARSE and FINE label sets.

Figure 8 shows the five most frequent FINE aspects
related to Methodology in the reviews. Reviewers
consistently focus on Model and Method, espe-
cially in EMNLP 2024 and NAACL 2025. Com-
pared to ACL venues, ICLR 2025 shows a slightly
lower emphasis on Model and Method.
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Figure 8: The 5 most frequent FINE aspects of Method-
ology in the reviews.

4 Review Score Prediction

In review score prediction, the goal is to predict
the numerical review score for a given review re-
port plus potential additional artifacts, such as the
review template and scoring rubrics. Solving this
task requires modeling the relationship between the
review text and the overall reviewer opinion which
may depend on the reviewing venue and reviewing
habits. Here, review score prediction models can
serve as assistant tools for reviewers to make more
consistent and accurate scoring decisions.
ARR-Dv2 allows us to extend previous work in two
important ways: 1) Review score prediction incor-
porates discussion data (comments by authors and
reviewers regarding the initial review and clarifica-
tion of those comments). This allows us to explore
whether incorporating rebuttal data improves the
accuracy of review score prediction, which pro-
vides insights into how rebuttals influence review-
ers’ scoring. 2) Meta-review score prediction gives
insight to the relationship of scores and text for
meta-reviews, too.

4.1 Experimental Settings

For all experiments, we provide the review text
together with venue-specific review rubrics in the
prompt. In addition to predicting scores, we in-
struct the model to generate justifications for its
score predictions to encourage consistency (see
Tables 8 and 9 in the Appendix for the prompts).
All experiments are conducted in a zero-shot
setting using Deepseek-R1-Distill-Qwen-14B
(?7), Qwen3-(14B & 32B) (Yang et al., 2025),
LLaMA3-(3B & 8B (Grattafiori et al., 2024). We
select these models as representative recent open-
source models with strong reported performance.



Individual Review Score Prediction. We con-
sider two input settings: the individual review alone
(review) and the individual review plus its corre-
sponding rebuttal (review+rebuttal).

Meta-Review Score Prediction. This setting is
the major extension of this work, where we do not
have any comparison data. We use the same setup
as in individual review score prediction and use it
as an initial test.

Evaluation. We evaluate model performance us-
ing exact match accuracy (acc@0.0) and the per-
centage of score predictions that differ from the
human-assigned score by 0.5 points (acc@0.5).
We also report sum, which denotes the sum of
acc@0.0 and acc@0.5. Together, these metrics
offer an interpretable view of model performance:
acc@0.0 is the most strict metric, while acc@0.5
allows for a small, reasonable margin of error, and
sum provides a more balanced view. In addition,
we report the rooted mean squared error (RMSE)
and macro F1 score. See Appendix D.1 for more
details on the experimental settings.

4.2 Results

Table 4 shows the review score prediction results.

Individual Review Score Prediction. Overall,
the models achieve reasonably strong agreement
with human-assigned scores. A large number
of predictions fall within 0.5 points of human-
assigned scores (i.e., sum is above 0.8). Model
size generally helps: larger models tend to yield
better performance, and Qwen3-32B is the best per-
forming model in most cases. The comparison
between R1-Qwen-14B and Qwen3-14B shows that
the R1-distilled or reasoning-enhanced objective
does not improve performance on this task.

Interestingly, incorporating the rebuttal into the in-
put (review+rebuttal) does not seem to improve
performance. One possible reason is that rebut-
tals tend to be positive, which may bias the model
toward higher score predictions. To further inves-
tigate this, we conduct a more detailed analysis
of the results, distinguishing between reviews that
include reviewer responses (where the reviewer
replies, discusses with the author, or acknowl-
edges the author’s responses) and those without
reviewer responses (among the 1923 reviews, 878
include reviewer responses). Table 5 shows results
on the subset of reviews with reviewer responses.
When reviewer responses are present, using re-

input field model acc@0.0 acc@0.5 sum RMSE f1
majority 0.64 - - 0.65 0.20

random 0.21 - - 1.70 0.14

R1-Qwen-14B  0.69 - - 057 032

M-R OA Qwen3-14B 0.71 - - 0.54 0.38
Qwen3-32B 0.71 - - 0.53 0.35

LLaMA3-3B 0.63 - - 0.66 0.17

LLaMA3-8B 0.67 - - 058 031

majority 0.31 033  0.64 072 0.05

random 0.10 0.20 030 1.75 0.07
R1-Qwen-14B  0.30 046 0.76 0.65 0.10

S Qwen3-14B 0.38 046 0.85 0.53 0.17
Qwen3-32B 0.35 046 0.81 0.57 0.12
LLaMA3-3B 0.24 046 0.70 0.73 0.10
LLaMA3-8B 0.34 047 082 057 0.12

R
majority 0.32 038 0.70 0.68 0.05
random 0.12 0.18 030 1.72 0.08
R1-Qwen-14B  0.24 048 0.73 0.71 0.09
OA  Qwen3-14B 0.36 045 081 0.57 0.15
Qwen3-32B 0.36 044 080 0.58 0.14
LLaMA3-3B 0.33 040 0.74 0.65 0.10
LLaMA3-8B 0.30 049 079 061 0.11
majority 0.31 033 064 0.72 0.05
random 0.10 020 030 1.75 0.07
R1-Qwen-14B  0.28 037 065 0.75 0.08
S Qwen3-14B 0.32 041 074 0.65 0.11
Qwen3-32B 0.33 042 075 0.64 0.11
LLaMA3-3B 0.15 038 053 093 0.04
R4R LLaMA3-8B 0.33 034 068 0.70 0.13

majority 0.32 0.38 0.70 0.68 0.05
random 0.12 0.18 0.30 1.72 0.08
R1-Qwen-14B  0.19 0.38 0.58 091 0.07

OA Qwen3-14B 0.36 0.38 0.75 0.65 0.14
Qwen3-32B 0.35 040 075 0.64 0.15
LLaMA3-3B 0.27 0.32  0.60 0.83 0.08
LLaMA3-8B 0.32 0.35 0.68 0.74 0.13

Table 4: Results of review score prediction under differ-
ent input settings: meta-review (M-R), review (R), re-
view+rebuttal (R+R). sum denotes the sum of acc@0.0
and acc@0.5. The meta-review rubrics do not have
0.5-point scoring, so acc@0.5 and sum are marked as
“-”” Bold indicates the best performance and underline
indicates the second best. “OA” is Overall Assessment
and “S” is Soundness.

view+rebuttal achieves higher acc@0.0 on Overall
Assessment score prediction than using the review
alone. This suggests that reviewer responses help
mitigate the positivity bias in the rebuttals.

Meta-Review Score Prediction. Overall, the
models achieve good performance, with acc@0.0
around 0.7 for most models. Larger models gen-
erally perform better, while reasoning-enhanced
objective does not lead to improvements. Note that
meta-review scores are integer values and do not
have decimal-based scoring.

Positivity Bias. Results are shown in Table 6,
which reports the percentage of cases where the
model’s predicted score is higher (+%) or lower



acc@0.0
field model _
r r+r
R1-Qwen-14B  0.31 0.31
Qwen3-14B 040 0.35
Soundness Qwen3-32B 0.36 0.36

LLaMA3-3B 0.25 0.16
LLaMA3-8B 034 032

R1-Qwen-14B  0.26 0.25
Qwen3-14B 038 0.42
Qwen3-32B 0.38 0.41
LLaMA3-3B 0.34 0.30
LLaMA3-8B 0.31 0.37

Overall Assessment

Table 5: Results of review score prediction on reviews
with reviewer responses.

(-%) than the human-assigned score. Positivity
bias is much lower for meta-reviews than for other
inputs. When rebuttal is included, models show
a stronger positivity bias compared to using the
review alone. This further supports our hypothesis
that rebuttals introduce a positivity bias in model
predictions.

input field model +% -%
R1-Qwen-14B  21.56  8.83
Qwen3-14B 14.16 14.31
M-R OA Qwen3-32B 17.14  11.05
LLaMA3-3B 30.73 5.70

LLaMA3-8B 25.70 6.70
R1-Qwen-14B  49.48 20.42
Qwen3-14B 33.66 28.04
S Qwen3-32B 47.68 16.66
LLaMA3-3B 63.02 12.57
R LLaMA3-8B 4373  21.29
R1-Qwen-14B 5432 21.09
Qwen3-14B 3413 29.44
OA Qwen3-32B 40.29 23.27
LLaMA3-3B 46.56 19.75
LLaMA3-8B 50.57 19.39

R1-Qwen-14B  61.98 9.79
Qwen3-14B 5547 11.87

S Qwen3-32B 56.87 9.57
LLaMA3-3B 80.10 4.59

R+R LLaMA3-8B 59.30 7.02
R1-Qwen-14B  71.56  8.75
Qwen3-14B 4750 16.04
OA Qwen3-32B 5291 11.34
LLaMA3-3B 65.97 6.26

LLaMA3-8B 6140 5.79

Table 6: Proportions of outputs where the LLM pre-
dicted score is higher (+%) or lower (-%) than the
human-assigned score.

We further observe that for COLING 2025, models
show a strong positivity bias across all tasks and
input settings (see Table 10 in the Appendix). One
possible reason is incomplete data coverage*. An-

4COLING 2025 includes both direct and ARR submis-

other possible explanation is that the review scores
in COLING 2025 are relatively low compared to
other venues (see Figures 4 and 5 in Section 3.2).
As a result, models tend to overestimate scores,
leading to a more noticeable positivity bias.

Our analysis and interpretation assume that human-
assigned scores are the gold standard. However,
in some cases, human-assigned scores do not fully
align with the corresponding review texts. From
this perspective, the observed positivity bias in
model predictions may also reflect mismatches be-
tween review texts and human-assigned scores. To
further investigate this possibility, we conduct a
small-scale qualitative analysis of cases with large
discrepancies between human-assigned and LLM-
predicted scores (see Table 11 in the Appendix).
We find that while some discrepancies indeed stem
from inconsistencies between the review text and
the human-assigned scores, in most cases the model
predictions tend to be overly positive.

5 Conclusion and Future Work

We introduced ARR-DvV2, a peer review dataset
that considerably extends previous data collections
in terms of quantity and artifacts, including data
from the rebuttal phase and meta-reviews. We an-
alyzed ARR-Dv2 on differences between venues,
for example, regarding the link between the overall,
confidence and soundness scores. Additionally, we
compared the dataset to previous data collections
regarding the aspect distribution in reviews. Fur-
ther, we conducted experiments on review score
prediction, observing that the inclusion of rebut-
tal information aids in score prediction. Finally,
we extended review score prediction to the task of
meta-review score prediction, which shows promis-
ing initial results on which we can build in the
future.

As we have not done any fine-tuning in our exper-
iments so far, this would be an obvious next step.
Future work also includes the collection of unpub-
lished data, as the current data collections show a
strong bias towards accepted papers. Additionally,
we are able to tackle various research questions
and peer review tasks outlined by Kuznetsov et al.
(2024b), such as (meta-) review summarization and
providing feedback to reviewers on their scores
based on their written reviews.

sions, while our data only covers ARR submissions (we only
have access to ARR submissions).



Limitations

The data analysis and review score prediction ex-
periments may be influenced by potential bias. The
current dataset is not comprehensive, as a num-
ber of reviews are missing due to constraints on
reviewer consent, and our dataset only includes
reviews for accepted papers (see Section 3.1 for
coverage statistics). As a result, the statistics may
over-represent characteristics specific to accepted
submissions, and the experimental results may not
accurately reflect the models’ true predictive capa-
bility across a broader range of reviews. Our study
focuses on data analysis and score prediction tasks
which enable us to measure representativeness of
the data and relevance of its constituent the arti-
facts. We do not consider generation tasks, such
as review or rebuttal generation, due to the lack of
objective and standardized evaluation metrics for
these scenarios. We leave the study of these tasks
for future work.

Additionally, our main goal and focus in this
work was to introduce and analyse the ARR-Dv2
dataset, rather than to optimise model performance.
Our experiments are intentionally lightweight and
use zero-shot inference as a baseline to illus-
trate how the new data, especially rebuttals and
meta-reviews, can be used. Fine-tuning and
architecture-specific optimization would shift the
paper’s scope from dataset and analysis to model
development, which is outside this initial release.
We also acknowledge, that our limitation to open
source models does not allow for conclusions to
closed-source state of the art models. Nevertheless,
open source models enables local deployment and
full control, which are crucial for ensuring confi-
dentiality and data protection in the peer-review
context. We do not claim that open-weight mod-
els are inherently ethically or legally compliant;
rather, open access makes it possible to meet com-
pliance obligations by avoiding transmission of
unpublished manuscripts or reviews to third-party
servers. In this study, we used only accepted and
consented data, but in real-world deployment, Al-
assisted reviewer tools process unpublished, confi-
dential submissions. In such settings, using closed-
source, cloud-hosted APIs even if private would
still need sharing sensitive materials externally, con-
trary to the confidentiality principles outlined in the
ACL Publication Ethics. Open-weight models, by
contrast, enable on-premise, auditable, and repro-
ducible deployment that aligns with these ethical

requirements.

Reproducing the data collection requires ap-
proval by the ACL Ethics Committee as well as
support from the ACL Exec. Both can be readily
obtained. In order to reproduce the experimen-
tal, technical aspect of our work we refer to the
Appendix, where the technical details (models, ver-
sions, parameters and hardware specifications) are
given.

Ethical Considerations

This work is associated with several ethical issues.
First, the data collection itself and its publication
come with their own ethical and legal challenges.
We addressed those in the paper. Second, we are
not promoting the automation of the peer review
process. On the contrary, science requires feed-
back from peers, and the peer review process is
at the core of this feedback mechanism. What we
are suggesting is using technical support to reduce
the workload on the reviewers while keeping the
human reviewers in the loop.
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A More on Data Collection

We use the OpenReview Python package to collect
the data. The data collection process adheres to the
Yes-Yes-Yes protocol (Dycke et al., 2022), which
involves two key license agreements: Peer Re-
viewer Content License Agreement (hereinafter
referred to as the reviewer agreement) and Blind
Submission License Agreement (hereinafter re-
ferred to as the author agreement). The main steps
are as follows:

* Obtain reviewer agreements
Use or_client.get_all_notes(invitation=...),
where invitation is the link to the reviewer
agreement in OpenReview.

* Retrieve accepted papers
Directly from the ACL Anthology Repository.

¢ Collect submission details
Use or_client.get_all_notes(invitation=...),
where invitation is the link to the submissions
in OpenReview, including reviews, rebuttals,
and the author agreements.

¢ Filter the submissions
Iterate through all submissions and select
those that meet all of the criteria of the Yes-
Yes-Yes protocol.

B Data analysis - soundness and overall
score by confidence

Figure 9 shows an analysis of our data with respect
to confidence and soundness. To maintain readabil-
ity, the y-axis is skewed in each of these plots. But
we can see that we have very few papers with a
confidence of 1 or 2. The majority of the reviewers
give their confidence as either 3 or 4, and a few
reviewers claim a confidence of 5. We can also see
that the distribution focuses around a soundness
score of 3, indicating that the distribution approxi-
mately follows a Gaussian Distribution.

Figure 10 shows a similar distribution for confi-
dence in relation to the overall score. Few review-
ers give a low confidence rating of 1 or 2, while the
majority note a confidence rating of 3 or 4, with
a smaller group giving a confidence rating of 5.
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Again, the scores resemble a Gaussian distribution,
with the majority of scores being 3.

Both Figures 9 and 10 show that contrary to the
previous data collection our dataset also contains
papers that would probably be rejected for the con-
ference, as overall scores of 1 and 2 (a total of
80 papers for NAACL, 182 papers for EMNLP,
and 31 papers for COLING) would probably be a
clear reject, while papers with 3 (217 papers for
NAACL, 657 papers for EMNLP and 26 papers for
COLING) are borderline and papers with an over-
all score of 5 (3 papers for NAACL, 6 papers for
EMNLP) are very likely to be accepted. Across all
three NLP venues, both the soundness and overall
score distributions per reviewer confidence show a
strong central tendency in which the vast majority
of reviews, regardless of venue or confidence level,
assign moderate scores, with very few ratings for 1
or 5.

C More on Data Analysis

Table 7 shows examples of aspects derived by Lu
et al. (2025).

COARSE FINE

Contribution Contribution

Definition, Description, Detail, Discussion, Ex-

DDDDEIL planation, Interpretation

MV Intuition, Justification, Motivation, Validation
Novelty Innovation/Novelty/Originality

Presentation Clarity, Figure, Grammar, Presentation, Typo
Related Work Citation/Literature/Related Work
Significance Impact, Importance, Significance

Ablation Ablation

Analysis Analysis

Comparison Comparison

Data/Task Annotation, Benchmark, Data, Task
Evaluation Evaluation, Metric

Experiment Experiment

Methodology Algorithm, Implementation, Method

Theory Theory

Result Findings, Improvement, Performance, Result

Table 7: Examples of aspects in the COARSE and FINE
label sets (Lu et al., 2025).

D More on Review Score Prediction

D.1 More on Experiment Settings

For all experiments, we set temperature=9.5,
max_tokens=1024, and seed=2266. We used 4-bit
quantization for model inference. All experiments
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Figure 9: The bars show the average scores for reviews, with respect to confidence and soundness for the papers in
our data collection.
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Figure 10: The bars show the average scores for reviews, with respect to confidence and overall score for the papers

in our data collection.

were done on either an NVIDIA A100 or HIO0O D.2 More on Results 1078

1075

1076 GPU. Tables 8 and 9 show the prompts used in the

1077 experiments. Table 10 shows the positivity bias results for COL- 1079
ING 2025. Table 11 shows examples of human- 1080
assigned and LLM-predicted review scores with 1081
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Given a paper metareview and the corresponding metare-
view form, recommend appropriate Overall Assessment
score that the metareviewer might consider giving based
on their review.

Instructions:

1. Read the review text carefully.

2. Analyze the review and recommend an Overall Assess-
ment score.

3. Provide a brief explanation for the recommended score.

4. Output a json dictionary:
{“overall_assessment_score”: cee,
“overall_assessment_justification”: ...}

5. Output only the json dictionary and follow the json
schema exactly, no extra keys in the output.

Review form:

Overall Assessment

5 = The paper is largely complete and there are no clear
points of revision

4 = There are minor points that may be revised

3 = There are major points that may be revised

2 = The paper would need significant revisions to reach a
publishable state

1 = Even after revisions, the paper is not likely to be
publishable at an *ACL venue

Table 8: The prompt used for the meta-review score

prediction task.

large discrepancies.
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Given a paper review and the corresponding review form, recommend appropriate Soundness and Overall Assessment
scores that the reviewer might consider giving based on their review.

Instructions:

1. Read the review text carefully.

2. Analyze the review and recommend a Soundness score and an Overall Assessment score.

3. Provide a brief explanation for each recommended score.

4. Output a json dictionary: {“soundness_score”: cel, “soundness_justification”: e,
“overall_assessment_score”: ..., “overall_assessment_justification”: ...}

5. Output only the json dictionary and follow the json schema exactly, no extra keys in the output.

Review form:

Soundness

How sound and thorough is this study? Does the paper clearly state scientific claims and provide adequate support
for them? For experimental papers: consider the depth and/or breadth of the research questions investigated, technical
soundness of experiments, methodological validity of evaluation. For position papers, surveys: consider the current state
of the field is adequately represented, and main counter-arguments acknowledged. For resource papers: consider the data
collection methodology, resulting data & the difference from existing resources are described in sufficient detail. Please
adjust your baseline to account for the length of the paper.

5 = Excellent: This study is one of the most thorough I have seen, given its type.

45

4 = Strong: This study provides sufficient support for all of its claims/arguments. Some extra experiments could be nice,
but not essential.

35

3 = Acceptable: This study provides sufficient support for its major claims/arguments. Some minor points may need extra
support or details.

2.5

2 =Poor: Some of the main claims/arguments are not sufficiently supported. There are major technical/methodological
problems.

1.5

1 = Major Issues: This study is not yet sufficiently thorough to warrant publication or is not relevant to ACL.

Overall Assessment

Would you personally like to see this paper presented at an *ACL event that invites submissions on this topic? For
example, you may feel that a paper should be presented if its contributions would be useful to its target audience, deepen
the understanding of a given topic, or help establish cross-disciplinary connections. Note: Even high-scoring papers can
be in need of minor changes (e.g. typos, non-core missing refs, etc.).

5 = Top-Notch: This is one of the best papers I read recently, of great interest for the (broad or narrow) sub-communities
that might build on it

4.5

4 = This paper represents solid work, and is of significant interest for the (broad or narrow) sub-communities that might
build on it

35

3 = Good: This paper makes a reasonable contribution, and might be of interest for some (broad or narrow) sub-
communities, possibly with minor revisions

25

2 = Revisions Needed: This paper has some merit, but also significant flaws, and needs work before it would be of interest
to the community

1.5

1 = Major Revisions Needed: This paper has significant flaws, and needs substantial work before it would be of interest to
the community

0 = This paper is not relevant to the *ACL community (for example, is in no way related to natural language processing)

Table 9: The prompt used for the individual review score prediction.
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input field model +% -%

R1-Qwen-14B 61.76  5.88

Qwen3-14B 47.06 294

meta-review Overall Assessment Qwen3-32B 50.00 2.94
LLaMA3-3B 75.00 0.00

LLaMA3-8B 65.38 3.85

R1-Qwen-14B 73.44  7.81
Qwen3-14B 48.44 17.19

Soundness Qwen3-32B 62.50 6.25
LLaMA3-3B 68.52 7.41

LLaMA3-8B 60.00  0.00

review
R1-Qwen-14B  73.44  6.25
Qwen3-14B 59.38 14.06
Overall Assessment Qwen3-32B 64.06 15.62
LLaMA3-3B 64.81 1296
LLaMA3-8B 80.00 20.00
R1-Qwen-14B 84.38  0.00
Qwen3-14B 75.00 3.12
Soundness Qwen3-32B 68.75 3.12
LLaMA3-3B 90.00 2.00
. LLaMA3-8B 81.25 6.25
review-+rebuttal

R1-Qwen-14B  87.50  0.00

Qwen3-14B 71.88 14.06

Overall Assessment Qwen3-32B 70.31 10.94
LLaMA3-3B 84.00 2.00

LLaMA3-8B 87.50 6.25

Table 10: Proportions of outputs where the LLM predicted score is higher (+ %) or lower (-%) than the human-
assigned score for COLING 2025.
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Human LLM
Human review LLM justifications
S OA S OA
Strengths: The paper addresses formatting is- Soundness: Reasonable approach but lacks de-
sues of web mathematics datasets and proposes a tail and cross-domain validation.
reasonable pipeline. 2 1 3 3 Overall: Addresses a specific problem but lim-
Weaknesses: Missing details on key components ited generalizability; minor revisions could im-
and no validation across domains. prove impact.
Strengths: Well-organized and smoothly written Soundness: Thorough and sound research with
manuscript; dataset focuses on complex scenar- 25 3 5 5 clear writing.
ios. ' Overall: High-quality, valuable dataset of broad
Weaknesses: None. interest—top-notch contribution.
Strep gths: K2Q 1nereases dlver.sny and com- Soundness: Technically sound dataset genera-
plexity of VQA questions, improving robustness. . . .
) . . tion method with clear claims; some refinement
Covers multiple domains and allows flexible ex-
ansion 3 2 4 4 needed.
b : N . Overall: Significant contribution to dataset cre-
Weaknesses: Some unnatural questions; domain Lo
N ation; limitations do not detract from value.
coverage limitations.
Strengths: Multidimensional dataset for summa- . .
. . . . Soundness: Comprehensive description and eval-
rization evaluation; detailed annotation; system- . .. .
. . uation, but missing key metrics.
atic LLM comparison. 2 15 35 35 . .
L . . Overall: Useful dataset with room for improve-
Weaknesses: Missing automatic metrics and ..
. . ment in size and balance.
slightly imbalanced data sources.
Strengths: Clearly written; effective experi- Soundness: Clear problem and solid experi-
ments. 2 1 3 3 ments, but lacks novelty and validation depth.
Weaknesses: Limited novelty; assumptions not Overall: Reasonable contribution needing minor
validated; mechanism unclear. revisions to strengthen claims.
Strengths: Systematic study on temperature pa- Soundness: Supports main claims but lacks
rameter’s effect. 1 1 3 3 depth on related parameters.
Weaknesses: Obvious findings; ignores other pa- Overall: Reasonable contribution, though lim-
rameters (e.g., top-p). ited in novelty and breadth.
Strengths: Investigates stopword and lemmati- Soundness: Clear claim but insufficient method-
zation effects. 1 1 3 3 ological detail.
Weaknesses: Lacks dataset details and regex ex- Overall: Modest contribution; needs clarifica-
planation. tion for better reproducibility.
Strengths: Includes ablation and clear visualiza- Soundness: Adequate support for claims, but
tions. 25 1 35 3 limited scope and depth.

Weaknesses: Lacks comparison with post-2022
work and more challenging datasets.

Overall: Reasonable contribution, but relevance
could be improved with newer benchmarks.

Table 11: Examples of human-assigned and LLM-predicted review scores with large discrepancies. S is for
Soundness score, and OA is for Overall Assessment score.
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