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Abstract

Peer review is central to scientific quality, yet
reliance on simple heuristics, namely lazy think-
ing and non-specific critiques, has threatened
review quality. Prior work frames lazy think-
ing detection as single-label classification and
stops at detection, yet review segments often ex-
hibit multiple co-occurring issues, and review-
ers benefit more from actionable, guideline-
aware feedback than from labels alone. We fur-
ther show that off-the-shelf LLMs prompted for
feedback frequently rewrite the entire review
or address the authors rather than the reviewer,
motivating an inference-time approach. We
introduce an LLM-driven framework that de-
composes reviews into argumentative segments,
identifies issues violating ACL Rolling Review
(ARR) guidelines, and generates targeted feed-
back using issue-specific templates refined by
a novel iterative, reranking-based generation
algorithm. In a controlled rewriting study, our
feedback reduces guideline violations by up to
92.4%. We also release LAZYREVIEWPLUS,
the first multi-label dataset of 1,309 sentences
annotated for detecting lazy thinking and lack
of specificity.!

1 Introduction

Peer review is the cornerstone of scientific qual-
ity control, ensuring rigorous evaluation of re-
search (Ware and Mabe, 2015). However, the
system faces growing strain, particularly in Al,
where paper submissions have surged from 1,678
at NeurIPS 2014 to 17,491 in 2024, a 10.4x in-
crease (Wei et al., 2026). This growth, driven by
large language models (LLMs) (Liang et al., 2024)
and the publish-or-perish culture (van Dalen and
Henkens, 2012) , has far outpaced the supply of
qualified reviewers, even with mandatory review-
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Figure 1: Overall pipeline of our method. We first
identify segments within a review, then detect issues,
and finally generate feedback to improve each segment.

ing policies.” The result is an unsustainable global
workload of over 130 million hours annually that
threatens review quality (Aczel et al., 2021).

In NLP research, declining review quality is of-
ten attributed to two failure modes flagged by the
ACL Rolling Review (ARR) guidelines: lazy think-
ing, where oversimplified heuristics lead review-
ers to dismiss submissions (Rogers and Augen-
stein, 2024), and specificity issues, where vague
phrasing such as “X is not clear” replaces pre-
cise feedback such as “X is not clear because of
Y” (Sadallah et al., 2025).% Lazy thinking alone ac-
counts for 24.3% of author-reported issues at ACL
2023 (Rogers et al., 2023). For example, the review
segment (an argumentative unit consisting of one or
more sentences) in Fig 1 criticizes a paper for using
only GPT-4 and requests additional “nice-to-have”
experiments, an example of the ARR guideline is-
sue “authors could also do extra experiment X”.
We focus on these two issue families because the
ARR guidelines define them explicitly and at suffi-
cient granularity to support annotation, detection,
and targeted feedback. Our framework is not tied
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to ARR, as it applies to any venue whose reviewer
guidelines specify identifiable issue categories.

Recent efforts to address these issues fall short in
two ways. Purkayastha et al. (2025) show that lazy
thinking annotations can improve review quality
but stop at detection, providing no verbal feedback
to guide reviewer revision, which is vital for action-
able improvement (Jansen et al., 2025). Thakkar
et al. (2026) report improved specificity and profes-
sionalism in a large-scale ICLR 2024 trial, but their
feedback is not aligned with any reviewer guide-
lines and depends on a closed-source model. A
natural alternative is to prompt open-weight LLMs
to generate feedback directly. In our pilot study,
however, 41% of such outputs extended reviews
(‘review extension’) and 23% misaddressed authors
instead of the reviewer (‘role separation’) (cf. §3.3).
These failures underscore the need for inference-
time methods that produce specific, targeted, and
guideline-aware feedback.

Progress on this problem is further limited by
dataset availability. Existing resources annotate
only a single lazy thinking issue per segment and
cover only the “weaknesses” section (Purkayastha
et al., 2025), even though multiple issue types can
co-occur across sections (cf. Figure 1), and speci-
ficity is absent entirely.

To address these gaps, we present a frame-
work that generates actionable, guideline-aligned
feedback for reviewers using open-weight LLMs.
Rather than relying on generic suggestions, the
framework identifies specific weaknesses in a
review and produces targeted recommendations
grounded in ARR reviewing guidelines. To
achieve this, it segments reviews into argumenta-
tive units, detects guideline violations, and gener-
ates issue-specific feedback using templates opti-
mized through a customised iterative reranking ap-
proach inspired by the genetic algorithm (Lee et al.,
2025) with verifiable composite rewards tailored
to reviewer feedback. Alongside the framework,
we release LAZYREVIEWPLUS, a dataset of 1,309
expert-annotated sentences from ARR 2022 and
EMNLP 2024 (Dycke et al., 2023) with multi-label
annotations for lazy thinking and specificity.

In summary, our contributions are three-fold: (1)
an inference-time feedback generation framework
combining issue-specific templates and a dedicated
iterative, reranking-based generation algorithm
with verifiable rewards, improving constructive-
ness by about 26% and relevance by about 23%
relative to the strongest baseline (cf. Table 2) and
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Figure 2: Specificity issues and overall distribution of
lazy thinking issues in the LAZYREVIEWPLUS dataset.

mitigating review extension and role separation fail-
ures of zero-shot LLM feedback; (2) a controlled
review-rewriting study with senior PhD reviewers,
showing that feedback from our framework reduces
guideline violations by up to 92.4% relative to orig-
inal reviews and outperforms rewrites guided by
issue labels alone; (3) LAZYREVIEWPLUS, the
first multi-label review dataset annotated for the
presence of lazy thinking and lack of specificity,
spanning weaknesses and comments/suggestions
sections across two venues.

2 Construction of LAZYREVIEWPLUS

Building on top of the LAZYREVIEW
dataset (Purkayastha et al., 2025), which an-
notates 500 segments with 16 lazy thinking classes
in single-label form on the weaknesses section
only, we extend annotations to a single-segment,
multi-label form covering both lazy thinking
and specificity (I8 and 7 ARR-defined issues,
respectively), spanning both weaknesses and
comments/suggestions sections.*

*Of the 18 lazy thinking issues, 16 are from LAZYREVIEW,
while 2 were recently added to the ARR guidelines. Full issue
lists in Tables 11 and 10; examples in Table 7.
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2.1 Data Procurement and Annotation

Underlying Data. To construct LAZYREVIEW-
PLUS, we sample 100 reviews (50 each) from ARR
2022 and EMNLP 2024 within NLPEER (Dycke
et al., 2023), a licensed dataset of ACL and jour-
nal reviews (Dycke et al., 2022). We sample from
two different timestamps to avoid temporal biases
in the dataset creation. Our 100 sampled reviews
span 50 papers from ARR 2022 and 38 papers from
EMNLP 2024. Reviews were sampled uniformly
at random within each venue, subject to the exclu-
sion criteria applied prior to sampling: the review
must contain both a non-empty summary of weak-
nesses and a non-empty comments/suggestions sec-
tion. Reviews are segmented at the sentence level
using SpaCy, covering both weaknesses and com-
ments/suggestions, unlike LAZYREVIEW which
considers only weaknesses.> This produces 616
and 693 sentences, totaling 1,309 sentences.

Task and Guidelines. We identify review
segments with lazy thinking and specificity. An-
notators view the full review along with sentences
from the summary of weaknesses and comments,
suggestions, and typos sections. Sentences are
labeled using the B-I-O scheme (Ramshaw and
Marcus, 1999), with each span assigned an issue
type without access to the paper, as paper-level
verification would substantially increase annotation
cost. Building on LAZYREVIEW (Purkayastha
et al., 2025), we add two categories—~None (not
an issue) and Not Enough Info (cases requiring
paper-level verification, e.g., novelty or SOTA
claims)—resulting in 27 issue types (25 from ARR
guidelines plus 2 additional classes).®

Quality Control. Four Ph.D. students with ex-
tensive reviewing experience served as annotators,
trained on the finalized guidelines. Disagreements
were resolved by a senior student. To ensure
reliability, 8% of the dataset (8 reviews; 102
sentences inline with doubly annotating 99 peer
review sentences in Purkayastha et al. (2023))
was multiply-annotated to compute agreement,
while the remaining 92% (92 reviews; 1,207
sentences) was evenly split among annotators.
Annotating each review took ~35 minutes. This
amounted to 124 annotation passes in total: 92
passes for the singly annotated reviews, plus 32
passes (8 reviews x 4 annotators) for the reviews
annotated by all four annotators. These passes

Shttps://spacy.io/api/sentencizer
®Final annotation instructions in Appendix §A.2.

took ~72 hours combined. Adding 3 hours for
guideline development and adjudication brought
the total to ~75 hours of work, or ~19 hours per
annotator. The task requires prior *ACL reviewing
experience to make fine-grained judgments,
imposes a substantial time commitment on the
senior researchers and NLP PhD students who
alone qualify. Pool sizes here accordingly match
prior expert studies of peer review (Kuznetsov
et al., 2022; Purkayastha et al., 2023; Bharti et al.,
2024). Inter-Annotator Agreement (Krippendorff’s
alpha (Krippendorff, 2004)) was 0.78 for segment
identification (pairwise 0.74-0.82) and 0.53 for
issue detection (pairwise 0.51-0.55) consistent
with prior peer-review studies (e.g., 0.479 in
Kennard et al. (2022) and 0.52 in Purkayastha et al.
(2025)) and reflecting the difficulty of identifying
lazy thinking and specificity issues.

2.2 Dataset Analysis

Our dataset, LAZYREVIEWPLUS, contains 1,309
sentences for lazy thinking and specificity issues
(Table 9) corresponding to 518 segments, compa-
rable to prior human-annotated datasets (e.g., 500
review segments in Purkayastha et al. (2025)). Seg-
ment lengths range from 1-20 sentences (mostly
single sentences; Fig. 5a) with 1-2 labels per seg-
ment (Fig. 5b). For lazy thinking, ‘Alternative Ac-
tion’ (corresponding to ‘authors should do X”) and
‘Extra Experiments’ dominate (Fig. 2b), consis-
tent with Purkayastha et al. (2025), while speci-
ficity issues mostly manifest as clarity problems
such as ‘Not Novel’ and ‘Unclear X’ (Fig. 2a).
The ‘Not Novel’ concern likely reflects the fast
pace of advancements in ML, which quickly ren-
der state-of-the-art methods obsolete (Sevilla et al.,
2022), while ‘Unclear X’ reflects common non-
constructive feedback patterns (Sadallah et al.,
2025). These issues of lazy thinking and lack of
specificity persist across both the ARR 2022 and
EMNLP 2024 sections (cf. Figures 2a and 2b), sug-
gesting that reliance on such heuristics remains a
recurring trend.

3 Methodology

Our pipeline comprises three stages. First, each
review is split into sentences and grouped into argu-
mentative segments via B-I-O tagging as described
in §3.1.7 Second, each segment undergoes multi-
label issue detection, permitting co-occurring la-

"Sentence split is performed using Spacy
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bels (e.g., Extra Experiments and Unclear X) (§3.2).
Third, each detected label triggers an issue-specific
template in the feedback generation module, en-
riched by a planner and refined via a genetic algo-
rithm, producing multiple targeted feedback pieces
for segments with multiple labels (§3.3). The full
pipeline is illustrated in Figure 1. We briefly de-
scribe the segment identification and issue detec-
tion approaches, and primarily focus on our main
contribution of targeted feedback generation.

3.1 Segment Identification

Task definition. For a review R =
(senty,...,sent,), each sentence sent; is
tagged y; € {B, I, 0}, where B marks a segment
beginning, I an inside sentence, and O one outside
any segment. The tagging function f(sent;) = y;
yields Y = (y1,...,yn) = f(R).

Approach. A naive approach of prompting an
LLM to directly segment a review tends to produce
oversized segments that span multiple argumen-
tative units, motivating a finer-grained formulation.
Following prior work on LLM-based sequence
labeling (Lan et al., 2024; Pichler et al., 2025), we
instead prompt the LLM with each review sentence
together with the full review as context, and instruct
it to assign a ‘B/I/O’ tag per sentence, detailed in
Appendix A.4. The tag definitions match those
provided to annotators during dataset construction.

3.2 Issue Detection

Task definition. Given a predefined label set
L = {t,...,0y}, the goal is to map each re-
view segment s;, consisting of multiple sentences
s; = (senty,...,senty), to a subset of labels,
where a review R consists of multiple segments,
ie., R ={s1,$92,...,5,}. Formally, an issue de-
tection function g(s;) C L produces label sets
for all segments in a review, yielding G(R) =
(9(51); -+ 9(50)-

Approach. Following prior work on issue identifi-
cation (Purkayastha et al., 2025), we first evaluated
zero-shot and fine-tuned LLM classification, both
of which miss at least 45% of frequent issues on
our dataset (cf. Fig. 11). We attribute this to two
factors: issue detection requires intermediate judg-
ments (e.g., whether an experiment request is nice-
to-have or must-have) rather than surface matching,
and the input space vastly exceeds the amount of
available annotated training data. We therefore de-
compose the task into two stages: (1) Abstract Fea-
ture Extraction and (2) Precision-Oriented Classi-

Abstract Feature Questions for Label ‘Extra Ex-

periments’

Comment: “The paper does not explore more com-
plex causal graphs involving potential confounders
and mediators.”

Abstract Feature Question (1): Does the reviewer
suggest further tests or missing results without justi-
fying why they are necessary?

Figure 3: Example of abstract feature question gener-
ated by the LLM for a comment corresponding to the
label ‘Extra Experiment’.

fication.
1. Abstract Feature Extraction. For each issue
class £ € L, we prompt an LLM to generate a fixed
set of F, issue-specific Yes/No questions Q° =
{q1,...,qF, } by comparing segments labeled with
¢ and identifying recurring patterns (cf. Fig. 3).
For a given segment .S;, the LLM then answers
each question with A¢ € {Yes, No, Not Relevant}.
Responses across all issue classes are aggregated
and encoded as a fixed-length feature vector v; €
{—1,0,1}4%Fe ‘mapping Yes/No/Not Relevant to
1/—1/0. This converts the original reasoning task
into pattern recognition over structured features,
following prior work on LLM-based feature extrac-
tion (Manikandan et al., 2023; Jeong et al., 2025).
2. Precision-Oriented Classification Training clas-
sical machine learning models on these structured
feature vectors captures non-deterministic corre-
lations with issue labels while remaining effec-
tive in low-resource settings without large-scale
finetuning (Taye, 2023). To reduce false alarms
and improve reviewer trust, we optimize precision-
oriented issue detection using the Fy 5 score by
tuning the hyperparameters on the validation set.
Similar to prior LLM-assisted machine learning
approaches (Manikandan et al., 2023; Jeong et al.,
2025), our method converts raw text into struc-
tured representations, which captures intermediate
reasoning steps explicitly and supports precision-
oriented classification under limited supervision.
Further details are provided in Appendix A.S5.

3.3 Feedback Generation

Task definition and challenges. Let each seg-
ment be s; with label I; and optional context C
(e.g., abstract A). The goal is to produce feed-
back F; = g(s;,l; | C); without context, F; =
9(si,1;). For areview R = (s1,...,sp) with la-
bels L = (ly,...,1y), the feedback sequence is
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F = (Fy,..., F,), supporting segment-only and
context-informed generation.

Building on prior work on feedback genera-

tion (Thakkar et al., 2026), we evaluated zero-shot
generation with open-weight LLMs. Many outputs
either rewrote/extended entire reviews (“review ex-
tension”) or incorrectly addressed authors instead
of reviewers (“role separation”). In our LAZYRE-
VIEWPLUS dataset, at least 41% of outputs were
review extensions and 23% showed role separation.
These results motivate an inference-time approach
that explicitly mitigates these issues.®
Approach. To ensure targeted and diverse reviewer
feedback, we adopt an iterative, reranking-based
generation algorithm inspired by the genetic evolu-
tion approach of Lee et al. (2025). Unlike standard
zero-shot generation, which frequently produces
review extensions or violates reviewer—author role
separation, evolutionary search enables controlled
exploration and refinement of candidate feedback
through selection. This inference-time optimiza-
tion encourages issue-focused, reviewer-aligned
comments while reducing repetitive or off-target
generations. Each piece of feedback is tailored to
its corresponding issue, making it more actionable
and constructive. The algorithm operates in six
stages: (1) Template Construction, (2) Plan Gen-
eration, (3) Population Initialization, (4) Fitness
Evaluation, (5) Parent Selection and Crossover,
and (6) Final Candidate Selection. Stages (4)-(6)
are repeated till the maximum number of iterations
are reached within the genetic algorithm. Further
details are provided in Appendix A.6.
1. Template Construction Unconstrained LLM
generation often drifts off-task, producing review
extensions rather than targeted feedback. Tem-
plates provide structural scaffolds that constrain
format while leaving the content open to adaptation,
mitigating this drift (Kang et al., 2025; Xu et al.,
2024). We design 25 author-crafted issue-specific
templates 7' = {¢1,...,t25}, one per ARR guide-
line category (Rogers and Augenstein, 2024), and
refine them with senior authors for consistency.’
Because each template corresponds to a single is-
sue, the set can be re-instantiated for new guide-
lines or other venues by curating templates against
their issue taxonomy. In our setting, drafting all 25
templates took approximately 250 minutes.

2. Plan Generation To promote diversity in gener-

8See §A.6.2 for details and examples.
°Full list in Table 12.

ated feedback, prior work uses model-generated
plans to guide unconstrained generation and reduce
uncertainty (Narayan et al., 2023; Huot et al., 2023).
For each review segment s; and issue type [;, we
prompt the LLM to produce a plan enriching the
template using the paper’s abstract, reviewer sum-
mary, and noted strengths—mitigating the role sep-
aration bias. The planner selects relevant knowl-
edge k; and justifies it with an explanation e;, form-
ing the plan ’P(Si, ll) = {(/{z, 61') ‘ 1=1,..., N}
3. Population Initialization The LLM is then
prompted with the review segment, s;, the plan,
P and the template, ¢; to generate n sets of candi-
dates. The initial population set, M is thus given
as, Fo = {fbl, fbg, ceey fbn}

4. Fitness Evaluation Since we lack ground-truth
feedback, we employ composite, verifiable rewards
that combine positive scores and penalties to bal-
ance generated responses (Hu et al., 2020). We
define a fitness function based on intrinsic text
properties. Let ngene and nyorgs denote the num-
ber of sentences and words. Following (Yaacoub
et al., 2025), we reward conciseness: SCio;, =
w, template adherence via n-gram over-

Timax
|n-gramsg Nn-grams,

temp |

lap: sciemp = o-grams ong] , readability via
Flesch score (Flesch, 1948): s¢reqd = W,

and penalize off-task expressions: penjop =
%ﬁ?tem. The overall fitness is fit(Fp) =
_Scle:;m"j SCtemp + SCread — PEN forb, enabling self-
contained evaluation in LLM-driven feedback gen-
eration.

5. Parent Selection and Crossover To select par-
ents, we use Boltzmann Tournament Selec-
tion (Goldberg, 1990), converting fitness scores
into probabilities via softmax: P(fb;) =
Zi’?’é{;ﬁ%?z%g 77> Where 7 controls distribution
sharpness. Candidates are sampled according to
P(fb,), favoring high-quality feedback while main-
taining diversity, selecting exactly npgrents for
crossover. The crossover function combines parent
candidates, e.g., fb; and fb,, to generate new off-
spring: Cross(fby, fby) — new candidates, with
the LLM prompted to integrate features from the
parents, producing novel and diverse feedback.'?

After a fixed

6. Final Candidate selection

"When we prompted the LLM to mutate the population
by generating semantically similar candidates as in Pham
et al. (2025), approximately 62% of the resulting population
exhibited review extension and 31% exhibited role separation.
We therefore restrict exploration to fitness-selected, template-
and-plan-grounded crossover and omit the mutation operator.
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number of generations, mnge,, we select the
candidate with the maximal fitness score,
fb* = argmax gy, e fit(fb;), where M is the
set of final candidates. If multiple candidates
achieve the same maximal score, we perform a
cross-over of these candidates to generate a new
candidate, which is taken as the final solution.

4 Experimental Setup

Models. We evaluate our pipeline using LLMs
from diverse families: Qwen 2.5 7B Instruct (Yang
et al., 2025) (Qwen), Yi 1.5 9B Chat (Young et al.,
2025) (Yi), Deepseek LLM 7B Chat (Bi et al.,
2024) (Deep.), Phi-4 14B (Abdin et al., 2024)
(Phi), and GPT OSS 20B (Agarwal et al., 2025)
(Oss.). For issue detection, we test various classi-
fiers: KNN, Logistic Regression (I.1/L2), Random
Forest, Decision Trees, SVM (Linear/RBF/Poly),
Gradient Boost, AdaBoost, Extra Trees, and MLP.

Evaluation Metrics. For feedback generation,
no ground-truth references exist, so we evaluate
along four criteria defined in consultation with
senior authors: Constructiveness (Fig. 18), Rel-
evance (Fig. 17), Specificity (Fig. 19), and Con-
ciseness (Fig. 16). For automated evaluation, we
use Prometheus-V2 (Kim et al., 2024) to score re-
sponses on a 1-5 scale per criterion, following prior
work (Sahnan et al., 2026; Maurya et al., 2025); we
select it over Prometheus-V1 and GPT-40 (Hurst
et al., 2024) based on the alignment analysis in
§A.6.1. For human evaluation, following prior
work on peer review (Purkayastha et al., 2025;
Lu et al., 2025), three Ph.D. students fluent in En-
glish and experienced in peer reviewing rated a
total of 100 responses per issue type from our best-
performing model (Phi), applying the same criteria
as Prometheus-V2.

For segment identification, we report Precision,
Recall, and F1. For issue detection, we report
macro-averaged Fp 5 and Precision, in line with
the precision-oriented formulation in §3.2. Both
are computed against ground-truth annotations in
LAZYREVIEWPLUS.

Data Split and Validation. Our feedback genera-
tion and segment identification approaches do not
require training, and therefore results are reported
on the full dataset. For issue identification, we use
90% of the data for training and 10% for hyper-
parameter tuning, with a 5-fold cross-validation
split at the review level.!!

UDetails about the split are provided in §A.5.4

Method Yi Phi Qwen Deep. Oss.

LLMzero 0.02 009 0.18 003 029
LLMrine 0.12 0.15 009 011 0.09
LLMoa 0.13 0.3 0.2 020 0.14
LLMoaFine 0.05 0.10 0.03 008 0.08

RoBERTa 0.58

KNN 0.60 0.65 0.62 0.65 0.66
LogReg-L2 0.55 0.58 0.58 055  0.62
LogReg-L1 0.54 0.59 0.61 055 0.64
RF 0.66 0.66 0.68 0.62 0.67
DT 026 027 024 047 055
SVM-RBF 0.55 0.60 0.65 0.66  0.66
SVM-Lin 0.60 0.53 0.55 057 0.62
GBoost 0.60 0.60 0.64 059 0.66
AdaB 0.07 0.08 0.16 027 0.10
ExtraT 068 065 0.67 0.61 0.68
MLP 0.61 0.62 0.61 0.62 0.67

Table 1: Cross-validation Fy 5 scores for issue detection
across LLMs and the RoBERTa baseline. The best
classifier is in bold, and the best LLM is highlighted.

Baselines. Given a review segment s; and the issue
set L = {l1,...,l,}, we evaluate the following
baselines for feedback generation: (i) 1-pass
(1-pass): the LLM generates feedback from s;
and [;; (ii)) Template-guided (Temp): the LLM
incorporates a template ¢; with s; and [;; (iii)
Plan-then-generate (Plan): the LLM devises a plan
‘Pi for [; and then integrates it into ¢; to generate
feedback; (iv) Best-of-N (BoN) (Brown et al.,
2024): we sample N = n X nge, candidates and
select the best using our fitness function; (v) Self-
refinement (Self-Ref.) (Madaan et al., 2023):
we sample n candidates and refine each over ngep,
iterations, retaining the final output. (vi) Template-
Plan-Best-of-N (Temp + Plan): the LLM generates
a plan from the review segment (s;), issue label
(1;), and template (¢;), produces n candidates, and
ranks them using our fitness function. '

5 Results and Discussion

In this section, we present results across the three
subtasks of our pipeline, which together establish
the configuration used in the downstream review-
rewriting study in §6.

For segment identification, following prior work
on LLM-based sequence labeling (Lan et al., 2024;
Pichler et al., 2025), we cast segment detection as
sentence-level B-I-O tagging in a zero-shot setting
(full prompt and tag definitions in §3.1). Among
the five LLMs evaluated, Phi achieves the best per-
formance with Precision, Recall, and F1 scores of
0.81, 0.77, and 0.79, outperforming the next-best
model by at least 0.06 F1.!3

For issue detection, following the precision-
oriented setup in §3.2, the strongest configuration
combines Yi or GPT Oss-generated abstract fea-

2Hyperparameters are listed in Table 25.
BThe full experimental setup is provided in Sec §A.4
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Metric Model 1-pass BoN Self-Ref. Temp Plan Temp+Plan Ours

Const.  Yi 1.9 2.0 23 28 3.0 3.6 39
Rel. Yi 2.0 22 2.4 29 3.1 35 3.8
Const.  Phi 21 22 24 31 33 34 43
Rel. Phi 22 23 26 32 34 35 43
Const. ~ Qwen 1.8 2.0 22 29 31 34 3.8
Rel. Qwen 1.9 2.1 24 3.0 32 34 3.8
Const.  Deep. 1.7 1.8 2.4 2.7 2.9 32 35
Rel. Deep. 1.8 1.9 24 28 3.0 33 3.6
Const.  Oss. 1.9 2.0 3.0 28 3.0 32 4.0
Rel. Oss. 2.0 2.1 3.1 29 31 34 4.1

Table 2: Model performance on feedback generation
across six methods for Constructiveness (Const.) and
Relevance (Rel.). Overall best results are bolded,
method-wise best are underlined.

tures with an Extra Trees classifier, yielding macro-
averaged Fy 5 of 0.68 and Precision of 0.65 un-
der 5-fold cross-validation. This outperforms the
strongest baseline (RoBERTa) by 0.10 Fp 5 points.
Per-fold variance is below 0.01 (cf. Table 1 and
Table 14), and the full ablation, baseline compar-
isons, and experimental setup are reported in §A.5.

Based on these results, we adopt Phi for both
segment identification and abstract feature genera-
tion, paired with the Extra Trees classifier for issue
detection, throughout the remaining experiments.
This is based on a single model for the pipeline.
With the upstream components fixed, the follow-
ing sections evaluate the central contribution of our
framework for feedback generation.

Method Const. Relev. Spec. Conc.
1-pass 1.8 1.9 2.2 2.2
BoN 2.4 2.4 2.5 2.5
Self-Ref. 25 2.6 2.6 2.6
Temp 2.8 2.7 2.8 2.8
Plan 32 3.1 32 32
Temp + Plan 34 34 3.6 3.6
Ours 4.1 4.2 4.0 4.3

Table 3: Human evaluation of the best-performing
model (Phi) on the feedback generation task, reporting
Constructiveness (Const.), Relevance (Relev.), Speci-
ficity (Spec.) and Conciseness (Conc.)

5.1 Effectiveness of feedback generation

We present the results of our automated evalua-
tion in Table 2.'* along with the feedback gen-
erated by our system in Fig 4. We find that our
approach consistently outperforms all baselines,
producing targeted, diverse feedback with the same
number of candidates. While Best-of-N (BoN)
boosts diversity, it lacks structure; Self-refinement
(Self-refine) improves quality but still drifts off-
task without external rewards (Lee et al., 2025).

4Full results in Table 15

Variant Const. Rel
Full Algorithm (Ours) 4.3 4.3
w/o. Template Construction 3.6 3.5
w/o. Plan Generation 38 38
w/o. Population Initialization 39 39
w/o. Fitness Evaluation 3.7 3.7
w/o. Parent Selection & Crossover 39 3.8
w/o. Final Candidate Selection 3.8 3.7

Table 4: Ablation study of the various components
for the best performing model, Phi within the iterative,
reranking-based generation algorithm focusing on the
automated metrics.

Model Variant Const. Relev.
Yi Full Fitness Function 3.9 38
w/o Length Score (scjen) 3.6 3.6
w/o Template Adherence (s¢iemp) 3.7 3.7
w/o Readability (s¢;eqd) 3.8 38
Qwen Full Fitness Function 38 3.8
w/o Length Score (scjen) 3.5 3.5
w/o Template Adherence (s¢iemp) 3.6 3.6
w/o Readability (s¢yeqq) 3.7 3.7
DeepSeek  Full Fitness Function 35 3.6
w/o Length Score (scjen) 3.2 33
w/o Template Adherence (8Ctemp) 33 34
w/o Readability (s¢yeqa) 3.4 35
Oss. Full Fitness Function 4.0 4.1
w/o Length Score (scjep) 3.7 3.6
w/o Template Adherence (8Ctemp) 3.8 3.7
w/o Readability (sc;eqq) 3.9 4.0
Phi Full Fitness Function 4.3 4.3
w/o Length Score (scjen) 3.8 3.7
w/o Template Adherence (sctemp) 3.7 3.6
w/o Readability (sc;eqq) 4.1 4.0

w/o Forbidden Term Penalty (pen forb) 4.2 42

Table 5: Ablation study on the various rewards within
the fitness function in the feedback generation approach,
reporting Constructiveness (Const.) and Relevance
(Relev.) across models.

We also find that template-based prompting
(Temp) consistently boosts performance over zero-
shot generation. Phi improves from 2.1 to 3.1
in Constructiveness and from 2.2 to 3.2 in Rele-
vance (Xu et al., 2024; Kang et al., 2025). The Plan-
then-Generate paradigm yields more modest addi-
tional gains (e.g., Constructiveness improving from
3.1 to 3.3), suggesting that structured planning
contributes, but that template scaffolding drives
most of the improvement. The Template-Plan-
Best-of-N strategy improves performance across
the board (e.g., Constructiveness improving from
3.1 to 3.4 for Qwen). However, without parent se-
lection and crossover, the population it generates
remains constrained by its own internal distribu-
tion and consequently lags behind our proposed
algorithm. Across models, Phi is the strongest
performer, consistent with its reported strength on
reasoning-oriented tasks (Abdin et al., 2024).

For human evaluation on the best-performing
model (Phi), we obtain substantial inter-annotator
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Example Feedback: Extra Experiments

Issue Detected: The authors could also do [extra experiment X]

Reviewer Comment: "...no check for false negatives. .. only one language, one domain, one genre. .. no significance testing"

Feedback: Your comment highlights suggestions for additional experiments and concerns about generalization. While extra experiments (e.g.,
multilingual evaluation or statistical tests) are possible, the paper provides sufficient evidence to support its claims. The contribution introduces the XXX
benchmark and a temporal clustering method that improves retrieval-augmented generation for emerging mentions. These contributions are demonstrated
convincingly within the chosen scope. Monolingual studies (English, social media genre) are still valuable practically and theoretically. If you believe
significance testing or cross-domain validation is essential for validity, please clearly justify why; otherwise, these points are better framed as suggestions

rather than reasons for rejection.

Figure 4: Feedback generated using our approach with Phi on an instance of our dataset, LAZYREVIEWPLUS.

agreement across all four metrics (Krippendorft’s
a: Constructiveness 0.65, Relevance 0.68, Speci-
ficity 0.72, Conciseness 0.72), with all confidence
intervals lying within [0.60, 0.77]. The human rank-
ings (Table 3) mirror the automated ones: our ap-
proach outperforms every baseline on every metric,
and the baseline ordering is preserved. Human rat-
ings align strongly with Prometheus (Spearman
p = 0.85), supporting its use as the automated
evaluator throughout this paper.'

5.2 Ablation Study for Feedback Generation

We perform a series of ablation studies to establish
the contribution of each aspect within our approach.
i. Effect of components within our approach: We
ablate our algorithm in Table 4 for Phi and find
that removing the Template Construction phase
drops Constructiveness by ~ 0.7 points for Phi, as
templates provide structured scaffolds that reduce
review extension. Removing the fitness function
lowers scores by ~ 0.6 points and final candidate
is often longer than its parents, revealing length
bias, a common reward hacking shortcoming in
LLM outputs (Emberson et al., 2025). We obtain
similar results for the other models in this work.'®
ii. Effect of individual rewards: We analyze each
reward in our fitness function (cf. Table 5) and
find that removing the template adherence (sctepmp)
reward drops Constructiveness by 0.6 points
for Phi as outputs go off-topic. Removing the
length-based reward (scye,,) reduces Conciseness
by 0.6 points, reflecting how longer responses
become convoluted and harder to read. Removing
the cross-over component also leads to a decline in
the constructiveness scores by 0.4 points pointing
to the selection of less effective candidates. !’
iii. Effect of planner inputs. We ablate the three
knowledge sources passed to the planner (paper
abstract, reviewer-written summary, and reviewer-

1SEull alignment analysis in §A.6.1.
'SFull ablation for all models in Table 26.
17Full ablation table in Table 28

written strengths) in Table 27. Removing any
single source reduces Phi’s Constructiveness by
0.1-0.3 points, and removing two sources reduces
it by up to 0.6 points, indicating that each input
contributes complementary guidance rather than
redundant signal. The effect is most pronounced
for frequent, context-dependent issues such as
“extra experiments,” where grounding feedback
requires the abstract for scope, the summary for
the reviewer’s framing, and the strengths to avoid
contradicting acknowledged contributions.

6 Expert Assessment of Review Quality
Improvement Through Feedback

Setup. To evaluate the quality of the generated
feedback, we conduct a controlled study compar-
ing the original reviews, rewrites based only on the
detected lazy thinking and specificity issues, and
rewrites that additionally incorporate the generated
feedback. Following Purkayastha et al. (2025), we
form two groups of two Ph.D. students each. One
rewrites 50 reviews using only issues from our is-
sue detection module, emulating the setup in prior
works (Goldberg et al., 2025; Purkayastha et al.,
2025), while the other uses both issues and targeted
feedback from our feedback generation approach,
with each feedback item marked as actionable or
not. Both groups have access to the papers corre-
sponding to the reviews. Rewrites are evaluated on
Constructiveness, Justified, and Adherence. Two se-
nior PhD students who are not part of the reviewing
pool act as judges to perform pairwise comparisons
in a blind annotation setup between original re-
views, issue-only rewrites, and issue-plus-feedback
rewrites, splitting 50 reviews evenly and reserving
10 for agreement. We further ask the judges to
annotate the issues in these reviews following our
issue detection schema introduced in Sec §2 and
also provide a list of issues identified within each
of these reviews.

Results. We report the win-tie-loss results for the
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controlled experiment in Table 6. Reviews rewrit-
ten with feedback (Issue det. w/ feed) outperform
both reviews written with only issue detection (Is-
sue det.) and the original reviews (Orig), with 85%
and 95% win rates on Constructiveness, respec-
tively. Issue-only feedback improves over original
reviews, consistent with Purkayastha et al. (2025).
Reviewers in the feedback-based rewrite group in-
corporated 96% of the feedback, marking it ac-
tionable. As measured by our automatic detector,
feedback-based rewrites reduce identified issues by
up to 92.4%, compared to 85.2% for rewrites with
only issue detection (relative to original reviews),
demonstrating the effectiveness of the feedback
generation module. Following Purkayastha et al.
(2025), a Bradley-Terry preference model (Bradley
and Terry, 1952) trained on adherence preferences
yields scores of 1.2 for feedback-based rewrites,
-1.0 for original reviews, and 0.6 for issue detec-
tion-based rewrites. This corresponds to a 93.4%
win rate over original texts and 78.5% over issue-
detection rewrites, further supporting the effective-
ness of the feedback-generation approach. Inter-
annotator agreement (Krippendorff’s o) is 0.71,
0.73, and 0.77 for Constructiveness, Justification,
and Adherence, respectively. Using the judges’
gold annotations (Krippendorff’s a = 0.67) instead,
we observe an 86.7% issue reduction between orig-
inal and feedback-assisted reviews, compared to
74.1% between original and issue-detected reviews.
The detector in our approach and the gold annota-
tions from the judges achieved a high correlation
(Spearman p = 0.74, p < 0.01), outlining the re-
liability of our detector in identifying issue types
consistent with human judgment.

Beyond issue reduction, we also examine rewrite
quality more closely: the detector identified only
60.0% of true issues, yet close agreement with
judges suggests reviewers addressed issues beyond
the detected subset. Rewrites rarely introduced new
problems, only 8% added a new specificity issue
and largely preserved original concerns, with 96%
of those items retained (18% of which were reorga-
nized into the comments/suggestions section rather
than removed). The issue-retention study had an
Krippendorff’s o = 0.94.

7 Related Work

Review Quality Assessment. As scientific publi-
cations rise, reviewers face increasing burden, driv-
ing interest in assessing review quality (Kuznetsov

Cons. Just. Adh. A lssue

Type (W/TIL) (W/T/L) (WITL) (1)

Issue det. vs. Orig 85/5/10  80/5/15  85/5/10 85.2
Issue det. w feed vs Orig 95/5/0 95/5/0 90/5/5 92.4
Issue det. w feed vs. Issu det.  85/10/5 90/5/5 85/10/5 785

Table 6: Comparison of Original, Issue-detected, and
Issue-detected with feedback re-written reviews on
Constructiveness, Justification, and Adherence using
Win/Tie/Loss rates. Alssue indicates issue reduction.

et al., 2024). Prior studies have measured tonal-
ity (Bharti et al., 2024), thoroughness (Lu et al.,
2025) and substantiation of review claims (Guo
et al., 2023). Sadallah et al. (2025) evaluate re-
views based on constructiveness for author revi-
sions, while Du et al. (2024) examine deficiencies
in both human and LLM-generated reviews. In
contrast, we focus on detecting cognitive biases
(lazy thinking) and specificity issues following ACL
ARR guidelines (Rogers and Augenstein, 2024),
and propose a targeted feedback mechanism to im-
prove review quality prior to submission.

LLM-generated feedback. LLMs have been
widely used for feedback, especially in education,
supporting English learners (Kasneci et al., 2023;
Escalante et al., 2023), coding instruction (Misiejuk
et al., 2024; Azaiz et al., 2024), and TOEFL prepa-
ration (Kasneci et al., 2023). Studies show LLM
feedback matches human quality and drives
positive outcomes. Building on this, Thakkar et al.
(2026) used Claude at ICLR 2025 to improve re-
view specificity, correctness, and politeness. How-
ever, their method ignores guideline compliance
and relies on a closed-source model. We address
both by enforcing ACL ARR adherence and using
open-weight LLMs, ensuring integrity and privacy.

8 Conclusion

To enhance review quality, we introduce an open-
weight, LLM-driven framework that identifies is-
sues precisely and generates targeted feedback via
iteratively refined templates. It outperforms zero-
shot and fine-tuned LLM-based baselines, and ex-
plicit feedback further improves review quality.
Additionally, we release LAZYREVIEWPLUS, an
expert-annotated dataset of review sentences la-
beled for detecting lazy thinking and lack of speci-
ficity. We hope our work inspires further efforts to
enhance the quality of peer review.
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Limitations

In this work, we propose a new dataset alongside
a precision-oriented issue identification and feed-
back generation framework designed to enhance
the quality of peer reviews. However, our approach
comes with several limitations.

First, we introduce LAZYREVIEWPLUS, a
single-segment, multi-label classification dataset
for detecting lazy thinking and specificity issues
in peer reviews. The dataset currently covers only
conferences hosted on ACL Rolling Review (ARR),
due to their well-defined guidelines for lazy think-
ing and specificity. Extending this resource to other
domains, conferences, or languages would require
developing equally rigorous guidelines with precise
definitions for these issues.

Second, in terms of methodology, we conduct
extensive experiments and analyses for both issue
identification and feedback generation. How-
ever, these results may not be fully generalizable
to other scientific or evaluative tasks, and thus the
results should be interpreted with caution. More-
over, our feedback generation approach relies on
predefined templates that are refined using an itera-
tive, reranking-based generation algorithm. Over
time, however, reviewers may become desensitized
to recurring feedback styles. The long-term ef-
fectiveness and robustness of a template-driven
approach therefore warrant further investigation,
especially in repeated or large-scale deployment
settings. Additionally, deploying our approach
requires curating templates for each conference
upon the introduction of new guidelines. Never-
theless, curating 25 templates for the ACL Rolling
Review guidelines required only 250 minutes —
a modest one-time overhead relative to the sub-
stantial resources involved in organizing a con-
ference. Moreover, while addressing lazy think-
ing and improving specificity is an attempt to en-
hance review quality, overall scientific outcomes
depend on multiple confounding factors, including
paper quality, author rebuttals, and meta-reviewer
decisions. Evaluating the long-term impact of
guideline-compliant reviews on acceptance deci-
sions and scientific progress remains an important
direction for future work. Additionally, our feed-
back generation algorithm is bounded by upstream
detection recall: the detector identified 60.0% of
true issues confirmed by blind human annotation in
our controlled study. Improving recall, e.g. via the
tunable operating points as in Table 18, remains an

important direction for extending issue coverage in
future work.

Third, our framework relies on large language
models, which may carry stylistic or cultural bi-
ases inherited from their training data. Although
peer reviewing is intended to be domain-neutral,
such biases may still manifest subtly in phrasing
or prioritization. Future work could incorporate
bias detection and mitigation strategies to enhance
fairness and neutrality in feedback generation.

Finally, while automated feedback systems can
assist reviewers and improve the clarity and con-
structiveness of reviews, they should comple-
ment—rather than replace—human judgment. The
ultimate responsibility for fair, constructive, and
contextually informed reviewing must remain with
human reviewers. Our controlled study (§6) eval-
uates feedback quality following the design of
Purkayastha et al. (2025); it does not measure vol-
untary adoption as is the case in real-world review-
ing. We view this evaluation as a necessary first
step toward establishing that the generated feed-
back provides value when adopted, which should
precede future work as the ReVAS tool used in
ARR to test this setup in real-world settings.'®
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A Appendix

A.1 Choice of LLMs and implementation
details

Following Purkayastha et al. (2025), we select mod-
els that are privacy-preserving in accordance with
ARR publication ethics guidelines (ACL Publica-
tion Ethics Committee, 2024) and of manageable
sizes for practical deployment. All the LLMs are
implemented using the vLLM library and hugging-
face transformers (Wolf et al., 2020).!°. For calcu-
lating readability, we use the textstat package.?’
The experiments are run on a single A100 GPU
and none of the experiments consumed more than
36 hours.

A.2 Annotation Guidelines
A.2.1 Task Description

As the volume of scientific publications grows,
maintaining high-quality peer review becomes in-
creasingly important. One common issue in re-
views is the presence of non-specific reviews,
which makes it difficult for authors and program
chairs to address concerns effectively. Your task
is to identify such non-specific issues in paper re-
views and classify them into predefined categories.

Due to the high reviewing load, the reviewers
are often prone to different kinds of bias, which
inherently contribute to lower reviewing quality
and hampers scientific progress in the field. The
ACL peer reviewing guidelines characterize some
of such reviewing bias in the table below, known as
lazy thinking. The table mentions the heuristic and
the reason for the statement being problematic. In
this task, we aim to annotate these biased sentences
in peer-reviews from scientific conferences.

A.2.2 Typical Lazy Thinking and Specificity
Issues

Some specificity and lazy thinking issues are shown
in Table 7. The full specificity issues table is in

Table 10 and lazy thinking in Table 11 respectively.

A.2.3 Outlining differences within Summary
of Weaknesses and Comments,
Suggestions, and Typos

Summary of Weaknesses: This field is often

naively interpreted as the reasons to reject. ARR

review guidelines provide the following definition:

Yhttps://docs.vllm.ai/en/latest/
Phttps://pypi.org/project/textstat/

Issue Meaning / Phrasing
.OSC Results are If the paper claims e.g.,
_§ not novel a novel method, and you
I~ think you’ve seen this be-
§ fore, you need to provide a
~ reference.

The topic is A main track paper may

too niche well make a big contribu-

tion to a narrow subfield.

%‘ The contribu- Highly similar work X and
% tion is not Y has been published 3+
X novel months prior to the submis-
9

sion deadline.

Xisnotclear Y and Z are missing from

the description of X.

Table 7: Examples of peer review issues categorized
as lazy thinking and specificity as per ACL ARR guide-
lines (Rogers and Augenstein, 2024).

What are the concerns that you have
about the paper that would cause you to
favor prioritizing other high-quality pa-
pers that are also under consideration for
publication? These could include con-
cerns about correctness of the results or
argumentation, limited perceived impact
of the methods or findings (note that im-
pact can be significant both in broad or
in narrow sub-fields), lack of clarity in
exposition, or any other reason why in-
terested readers of ACL papers may gain
less from this paper than they would from
other papers under consideration. Where
possible, please number your concerns
so authors may respond to them individ-
ually.

This field should contain reasons that make the
paper not ready for publication at the current stage.

Comments, Suggestions, and Typos: These are
additional suggestions that reviewers can provide
to authors to improve the manuscript. ARR review
guidelines define this field as:

If you have any comments to the authors
about how they may improve their paper,
other than addressing the concerns above
(weakness), please list them here.

The major difference between these two fields is
the severity of the issue.
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A.2.4 Annotation Instructions for Review

Sentences
Method Model Prec. Rec. F1
Yi 072 071 0.72
. Phi 073 0.72 0.72
Sequential

Qwen 0.67 0.61 0.64
Deep. 0.62 0.62 0.62
Oss. 0.71  0.68 0.69
Yi 078 0.76 0.77
Phi 081 0.77 0.79
Qwen 0.73 0.67 0.70
Deep. 0.72 0.66 0.69
Oss. 075 0.73 0.73

Standalone

Table 8: Performance comparison of various models
across different methods on the segment detection task,
evaluated in terms of Precision (Prec.), Recall (Rec.),
and F1.

To identify review segments, we first determine
the boundary of each sentence using BIO tags.
Given a review sentence, we classify it as the Begin-
ning (B), Inside (I) of a review segment, or Other
(O). We consider the preceding sentence: if it re-
lates to a different topic, the current sentence is
marked as B; if it continues the previous sentence,
it is marked as I; and if it is not relevant (e.g., punc-
tuation or non-substantial content), it is marked as
0.

Next, we identify the section of the review sen-
tence. Each sentence is categorized as belonging
to the Summary of Weaknesses, Comments and
Suggestions, or Summary of Strengths. According
to ARR guidelines, major criticisms that influence
acceptance decisions are placed in the Summary
of Weaknesses, while other suggestions or minor
criticisms belong in Comments and Suggestions.

Finally, we identify lazy thinking or non-specific
writing using multi-label classification. For each
sentence, we assign appropriate categories of lazy
thinking (e.g., “the results are not novel”) and non-
specificity (e.g., “X was done in the way Y”’). The
entire segment, formed by all sentences tagged with
B/I together, is considered before assigning labels.
For example, the sentences “I do not understand the
setup” (B) and “There is no mention of epochs or
hyperparameters in the dataset” (I) together form a
segment:

“I do not understand the setup. There is
no mention of epochs or hyperparame-
ters in the dataset.”

The segment collectively contributes to the label,
e.g., None.

A.3 Analysis of the dataset,
LAZYREVIEWPLUS

We show instances from our dataset in Table 9. We
show the distribution of sentences per segment in
Fig 5a.The distribution of labels within each seg-
ment in Fig 5b. The distribution of specificity and
lazy thinking issues in Figures 2a and ?? respec-
tively.
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Review Segment

Lazy Thinking

Specificity

More experiments on datasets are
needed, and I would also like to see
some other LLMs, like the Gemini
family, also be evaluated to make the
paper more comprehensive and gen-
eralizable.

Authors could also do extra experi-
ment; Authors should compare to a
closed model

N/A

Although the paper is interesting and
strongly supported by experimental
results, understanding the writing is
tough.

The paper has language errors

X is not clear

Results in Table 1 are lower than
SOTA results, casting doubt on the
usefulness and novelty of this ap-
proach.

Results do not surpass the latest
SOTA; Results are not novel

The contribution is
not novel

Table 9: Instances from our dataset, LAZYREVIEWPLUS where each segment may have multiple lazy thinking and
specificity issues as per the ACL ARR guidelines (Rogers and Augenstein, 2024)

Non-Specific Issues

Specific Rewrite

The paper is missing relevant references

X is not clear
The formulation of X is wrong
The contribution is not novel

The paper is missing recent baselines

X was done in the way Y

The algorithm’s interaction with dataset

is problematic

The paper is missing references XYZ

Y and Z are missing from the description of X.

The formulation of X misses the factor Y

Highly similar work X and Y has been published 3+
months prior to submission deadline

The proposed method should be compared against
recent methods X, Y and Z (see H14 below for re-
questing comparisons to ’closed’ systems)

X was done in the way Y which has the disadvantage

V4

It’s possible that when using the decoding (line 723)

on the dataset 3 (line 512), there might not be enough
training data to rely on the n-best list.[If reasonably
well-known entities are discussed]

Table 10: Examples of specificity issues and their corresponding specific rewrites.
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Heuristic

Why this is problematic

H1. The results are
not surprising

Many findings seem obvious in retrospect, but this does not mean
that the community is already aware of them and can use them as
building blocks for future work. Some findings may seem intuitive
but haven’t previously been tested empirically.

H2. The results con-
tradict what I would
expect

You may be a victim of confirmation bias, and be unwilling to
accept data contradicting your prior beliefs.

H3. The results are
not novel

If the paper claims e.g. a novel method, and you think you’ve
seen this before - you need to provide a reference (note the policy
on what counts as concurrent work). If you don’t think that the
paper is novel due to its contribution type (e.g. reproduction,
reimplementation, analysis) — please note that they are in scope
of the CFP and deserve a fair hearing.

H4. This has no
precedent in the ex-
isting literature

Papers that are more novel tend to be harder to publish. Reviewers
may be unnecessarily conservative.

H5. The results do
not surpass the lat-
est SOTA

SOTA results are neither necessary nor sufficient for a scientific
contribution. An engineering paper could also offer improvements
on other dimensions (efficiency, generalizability, interpretability,
fairness, etc.) If the authors do not claim that their contribution
achieves SOTA status, the lack thereof is not an issue.

H6. The results are
negative

The bias towards publishing only positive results is a known prob-
lem in many fields, and contributes to hype and overclaiming. If
something systematically does not work where it could be ex-
pected, the community does need to know about it.

H7. This method is

The goal is to solve the problem, not to solve it in a complex way.

too simple Simpler solutions are preferable, as they are less brittle and easier
to deploy in real-world settings.
H8.  The paper NLP is an interdisciplinary field, relying on many kinds of contri-

doesn’t use [my
preferred methodol-
0gy]

butions: models, resource, survey, data/linguistic/social analysis,
position, and theory.

H9. The topic is too
niche

A main track paper may well make a big contribution to a narrow
subfield.

H10. The approach
is tested only on
[not English]

The same is true of NLP research that tests only on English.
Monolingual work on any language is important practically (meth-
ods/resources) and theoretically (deeper understanding of lan-
guage).

H11. The paper has
language errors

As long as the writing is clear enough, better scientific content
should be more valuable than better journalistic skills.

H12. The paper is
missing the [refer-
ence X]

Per ACL policy, missing references to prior highly relevant work
is a problem if such work was published 3+ months before the
submission deadline. Otherwise, missing references belong in the
"suggestions" section.

H13. The authors
could also do [extra
experiment X]

It is always possible to come up with extra experiments and follow-
up work. But a paper only needs to present sufficient evidence for
the claim that the authors are making. Extra experiments belong
in the “nice-to-have" category rather than “reasons to reject."

H14. The authors
should compare to
a ’closed’ model X

Requesting comparisons to closed-source models is only reason-
able if it directly bears on the claim the authors are making. Many
important questions require more openness than closed models
allow.

H15. The authors
should have done
[X] instead

“I would have written this paper differently.” This criticism applies
only if the authors’ choices prevent them from answering their
research question or their framing is misleading. Otherwise, it is
just a suggestion, not a weakness.

H16. Limitations
= weaknesses

No paper is perfect, and most CL venues now require a Limitations
section. A good review should not list limitations as reasons to
reject unless appropriately motivated.

Table 11: Lazy Thinking issues as per ARR Reviewer guidelines (Rogers and Augenstein, 2024).
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Issue / Heuristic

HI. The results are not surprising

Your comment — “[insert reviewer comment here]” — suggests that the result is not surprising. While this may reflect
your expertise, we encourage you to provide evidence or references (e.g., [references similar to title of the paper]) if this
outcome is already known. What feels intuitive may not have been previously established, and empirical confirmation
can still be a valuable contribution.

H2. The results contradict what I would
expect

Your comment — “[insert reviewer comment here]” — indicates that the results contradict your expectations. Please
consider that this may reflect confirmation bias, where prior beliefs influence interpretation. It’s important to evaluate
empirical findings objectively, even if they challenge existing assumptions. We encourage you to focus on the evidence
presented and discuss how these findings advance understanding, rather than dismissing them based on expectation.

H3. The results are not novel

Your comment — “[insert reviewer comment here]” — raises concerns about novelty. If you believe the work duplicates
prior work, please provide specific references ( [references similar to the paper]) to support this claim (keeping in mind
policies on concurrent work). If the paper’s contribution is a reproduction, reimplementation, or analysis, please note
that these are within the scope of the call and deserve fair consideration. Clear justification will help ensure the review is

H4. This has no precedent in the existing
literature

constructive and fair.

Your comment — “[insert reviewer comment here]” — indicates that the work has no clear precedent. While novelty is
valuable, please be aware that highly novel contributions can be challenging to publish and may initially seem unfamiliar.
Reviewers are encouraged to carefully consider the potential impact of innovative ideas rather than dismissing them
due to lack of precedent. Providing constructive suggestions on how the authors can better frame or validate their novel
contribution would be helpful.

HS. The results do not surpass the latest
SOTA

Your comment — “[insert reviewer comment here]” — highlights that the results do not surpass the latest state-of-the-art
(SOTA). Please keep in mind that achieving SOTA is neither necessary nor sufficient for a scientific contribution.
Contributions improving other important aspects like efficiency, generalizability, interpretability, or fairness are also
valuable. If the authors do not claim SOTA status, the lack of it should not be considered a weakness.

HG6. The results are negative

Your comment — “[insert reviewer comment here]” — suggests the results are negative. Please consider that the bias
toward publishing only positive results is a known issue across many fields. Negative or null results that show where
methods systematically do not work are important for the community to understand limitations and avoid hype or
overclaiming. Acknowledging the value of such findings can help make your review more balanced and constructive.

H7. This method is too simple

Your comment — “[insert reviewer comment here]” — suggests the method is too simple. However, the goal is to solve
the problem effectively, not to add unnecessary complexity. Simpler methods often have advantages such as greater
robustness, easier deployment, and better interpretability. Encouraging recognition of these benefits will help make your
review more balanced and useful.

HS. The paper doesn’t use [my preferred
methodology]

Your comment — “[insert reviewer comment here]” — suggests a preference for a specific methodology (e.g., deep
learning). Please note that NLP is an interdisciplinary field that values diverse contributions, including models, resources,
surveys, data/linguistic/social analyses, theoretical work, and more. Limiting evaluation only to one methodology may
overlook important advances. Recognizing this diversity will help make your review more comprehensive and fair.

HO. The topic is too niche

Your comment — “[insert reviewer comment here]” — suggests the topic is too niche. While the focus may be narrow,
contributions to specific subfields can have significant impact and serve as important building blocks for the broader
community. Recognizing the value of focused work helps ensure fair and balanced reviews.

H10. The approach is tested only on [not
English]

Your comment — “[insert reviewer comment here]” — notes that the approach is tested only on [not English]. Please
consider that monolingual research on any language is important both practically (developing methods and resources for
that language) and theoretically (contributing to broader linguistic understanding). The NLP community values such
focused contributions. Recognizing this helps ensure fair evaluation of research beyond English.

H11. The paper has language errors

Your comment — “[insert reviewer comment here]” — points out language errors. While clear writing is important,
please prioritize the scientific content and contributions over minor language issues. Many papers can be improved with
editorial help, but this should not overshadow the paper’s value. Focusing on the core scientific merits will make your
review more balanced and constructive.

H12. The paper is missing the [reference
X]

Your comment — “[insert reviewer comment here]” — points out missing references. Please note ACL policy requires
missing references to published highly relevant prior work that appeared at least three months before the submission
deadline to be addressed seriously. Missing references to unpublished or very recent preprints should be treated as

suggestions rather than critical flaws. Clarifying this distinction will help r fair and policy-compliant reviews.

H13. The authors could also do [extra
experiment X]

Your comment — “[insert reviewer comment here]” — suggests additional experiments. While extra experiments can
always be proposed, a paper only needs to provide sufficient evidence to support its claims. Additional experiments are
generally considered “nice-to-have” and fit better in the suggestions section rather than as reasons for rejection. If you
believe an extra experiment is essential for validity, please clearly justify why in your review.

H14. The authors should compare to a
*closed’ model X

Your comment — “[insert reviewer comment here]” — requests comparisons to closed-source models (e.g., ChatGPT).
Please consider that such comparisons are only meaningful if they directly support the paper’s claims. Issues like test
contamination and lack of transparency often limit their usefulness. Scientific progress often relies on openness and
reproducibility, which closed models do not readily provide. Encouraging openness helps maintain rigorous evaluation
standards.

HI15. The authors should have done [X]
instead

Your comment — “[insert reviewer comment here]” — suggests the authors should have done [X] instead. While
multiple valid approaches often exist, this criticism is only warranted if the authors’ choices prevent them from answering
their research question, if their framing is misleading, or if the question itself lacks merit. Otherwise, such remarks are
best framed as suggestions rather than weaknesses. Clarifying this distinction helps make your review fairer and more
constructive.

HI16. Limitations != weaknesses

Your comment — “[insert reviewer comment here]” — treats the paper’s acknowledged limitations as weaknesses. While
it’s important to recognize limitations, they do not by themselves justify rejection. Most CL venues expect a Limitations
section to promote transparency. If you believe a limitation seriously undermines the work, please clearly explain why.
Distinguishing limitations from fatal flaws will improve the fairness and usefulness of your review.

The paper is missing relevant references | Your comment — “[insert reviewer comment here]” — needs to be rewritten by mentioning the exact references the
authors are missing.

X is not clear Your comment — “[insert reviewer comment here]” — needs to be rewritten by specifying the details that are exactly
missing such as Y and Z are missing from the description of X.

The formulation of X is wrong Your comment — “[insert reviewer comment here]” — needs to be rephrased as the formulation of X misses the

component Y.

The contribution is not novel

Your comment — “[insert reviewer comment here]” — needs to be rephrased as highly similar work X and Y has been
published 3+ months prior to submission deadline.

The paper is missing recent baselines

Your comment — “[insert reviewer comment here]” — needs to be rephrased as the proposed method should be compared

X was done in the way Y

against recent methods X, Y and Z.
Your comment — “[insert reviewer comment here]” — needs to be rephrased as X was done in the way Y which has the
disadvantage Z.

Table 12: Templates corresponding to heuristics and common reviewer issue types.
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A4 Segment Identification

Approach We perform segment detection using
two approaches: 1. Standalone: For each sen-
tence s; in review R, predict gi = f0(s;, R) to
indicate beginning (B), inside (), or outside (O)
a segment. This relies solely on s; contextualized
within the full review. 2. Sequential: To capture
inter-sentence dependencies, the LLM conditions
on prior predictions Y < i = (§1,...,4i — 1), pre-
dicting i = f0(s;, R, Y < 4). This provides tem-
porary memory of past tagging decisions.
Prompts. The prompt used for standalone and se-
quential segment identification is provided in Fig 6
and Fig 7 respectively.

Overall Results. We present the performance of all
models across different approaches in Table 8. The
standalone strategy, which contextualizes each re-
view segment within the full review, emerges as
the most effective. In contrast, the sequential strat-
egy suffers from error propagation, as reliance on
prior predictions leads to cascading misclassifica-
tions, and sporadically may also introduce spurious
correlations, consistent with prior findings (Feng
et al., 2023; Purkayastha et al., 2025). Among the
models, Phi consistently outperforms the others,
which can be attributed to its specialized training
on textbook-quality corpora combined with a bal-
anced mix of synthetic and real-world data (Abdin
et al., 2024).

Error Analysis. We analyze the performance of all
models using the best-performing approach, stan-
dalone. We observe that the top model, Phi, occa-
sionally confuses B tags with I tags. This pattern
of confusion is consistent across the other models
in our study (cf. Fig 9). This behavior is intuitive,
as some review comments can be interpreted as
standalone statements instead of occurring within
the broader context. Nevertheless, the presence
of extra ‘B’ tags does not substantially hinder is-
sue detection, since our segment-level annotations
ensure that each segment still corresponds to anno-
tator detected issues within the dataset.

A.5 Issue Identification

A.5.1 Zero-shot Issue Identification

The zero-shot results from the best-performing
LLM, GPT-OSS, fail to capture several classes that
are sufficiently frequent in our dataset (cf. Fig. 11).
While this type of classification achieves high pre-
cision for some classes, it introduces substantially
more errors than a controlled approach.

A.5.2 Baselines

For issue detection, we employ the following base-
lines: (i) Zero-shot (LLMzero): the LLM predicts
l; C L given s;; (ii) Finetuning (LLMgipne): we fine-
tune the LLM on the training split and evaluate
with cross-validation; (iii) QA-based classification
(LLMga / LLMgaFine): the pretrained LLM (LLMgs) or
its finetuned variant (LLMoarine) classifies s; using
the same feature-specific questions and answers as
in our approach. (iv) Encoder-Only Baseline: We
use RoBERTa (Liu et al., 2019) as a baseline, trained
on the same data as the LLMg;, model, to evaluate
the impact of task-specific finetuning using smaller
models.

A.5.3 Prompts for Issue Identification

We present the issue identification prompt in
Fig 10. The feature extraction prompt extracts
abstract-level feature and converts it into the feature
question for the LLM to answer using the Feature
QA prompt. The response from the Feature QA
prompt is mapped to the discrete values: Yes — 1,
No — -1, and Other — 0. We show a running ex-
ample of a segment and abstract feature questions
in Fig 12.

A.5.4 Data Split for Issue Identification

We show the distributions of labels within train
and test by employing various methods in Fig 8.
Random review-level splits result in poor label bal-
ance, whereas our approach achieves nearly the
same label balance as the sklearn train-test split.
However, the sklearn split does not account for
real-world scenarios, where full reviews are used
as input for issue identification. In contrast, our
distribution-aware split maintains label balance for
effective cross-validation while also reflecting real-
istic use cases. We also show the distance across
various split methods in Table 13.

A.5.5 Results

Overall results. We report overall performances
in Table 1. Our neurosymbolic approach, combin-
ing LLM-extracted features with a classical ML
classifier, achieves the best results across the board,
surpassing zero-shot performance by at least (.39
points. Notably, RoBERTa outperforms all LLM-
based baselines, reaffirming that task-specific fine-
tuning with smaller models can be more effective
than LLMs with limited data. Fine-tuning LLMs
on our dataset yields minimum gains (0.02-0.10 in
Yi), highlighting the value of a specialized dataset,
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Figure 5: Overview of sentence and label distributions in our proposed dataset, LAZYREVIEWPLUS.

Standalone Segment Detection Prompt

Instruction:

Labels:
B: Beginning of a segment.

Review: {review}

Sentence: {sentence}

Output:
Answer with only one label: B, 1 or O.

.

You are a Segment Tagger. Your task is to tag the sentence with one of these labels in the context of the review. A
segment consists of multiple sentences. The first sentence should be tagged with “B” and the remaining sentences with
“I”. Carefully examine where the sentence appears in the review before assigning a label.

I: Continuation of a segment. Always follows a B. O: Outside any segment

Figure 6: Prompt used for standalone segment detection.

yet still falls short of our approach due to LLMs’
high data requirements for task adaptation. LLMga
improves over most of zero-shot variants, con-
firming the value of feature-aligned questioning,
while LLMoarine underperforms, likely due to data-
constrained segment-level finetuning. Overall, Ex-
tra Trees paired with Yi- or GPT-OSS-generated
feature delivers the strongest issue detection, ben-
efiting from structured neurosymbolic representa-
tions and tree-based non-linear modeling. Low
variance (below 0.01) further confirms dataset ro-
bustness (cf. Table 20).

A.5.6 Ablation Study

We conduct a series of ablation experiments to
evaluate the effectiveness of our approach: 1.
Representation Effectiveness: We employed
a sentence embedding model to encode review
segments into vector representations and evaluated

their effectiveness for issue classification. Table 16
reports the performance of different classifiers on
the issue detection task using embeddings from
the all-MinilLM-L6-v2 sentence transformer. Ta-
ble 17 presents the performance of classifiers using
feature vectors constructed from five questions on
GPT. Precision and recall results for the baselines
discussed in §4 are provided in Table 19. Overall,
even the best-performing embedding-based
classifier performs approximately 0.09 macro
Fy5 points worse than our proposed feature-
vector-based approach. 2. Feature question size:
We evaluate the impact of reducing the feature
vector size from 10 to 5 using our best-performing
model, gpt, due to its superior feature extraction
capabilities. We find that with reducing the feature
vector score Extra Tree model performs stably
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Sequential Segment Detection Prompt

Instruction:
You are a Segment Tagger. Your task is to tag the sentence with one of these labels in the context of the review. A
segment consists of multiple sentences. The first sentence should be tagged with “B” and the remaining sentences with

Labels:

B: Beginning of a segment.

I: Continuation of a segment. Always follows a B.
O: Outside any segment.

Review: {review}
Previous sentence tag: {previous_prediction}

Sentence: {sentence}

Output:
Answer with only one label: B, 1, or O.

.

“I”. Carefully examine where the sentence appears in the review before assigning a label.

Figure 7: Prompt used for sequential segment detection.

well in cross-validation?!. 3. Effect of various
thresholds: We evaluate our approach against
the strongest baseline, ROBERTa, across thresholds
{0.25,0.5,0.75,1.0,2.0} (Table 18). At 5 = 0.25,
Extra Trees with GPT features achieves high
precision (0.83) but low recall (0.44). Increasing 3
(0.5-2.0) boosts recall at some precision loss (e.g.,
0.89 at 8 = 2.0), showing tunable precision—recall
trade-offs. Fig. 13 shows our approach consistently
outperforms this strongest baseline, providing
reliable signals while balancing precision and
recall. 4. Human-written questions. We also
experimented with manually crafted questions for
each issue type. Designing 10 questions per issue
required approximately 45 minutes, resulting in
a total effort of over 20 hours for all 27 issue types.
The corresponding results are reported in Table 21.
Using human-written questions, Extra Trees with
Phi features achieves an F0.5 of 0.57, compared
to 0.65 with LLM-generated questions under the
same configuration (cf. Table 1). Human-written
questions thus underperform LLM-generated ones
while requiring over 20 hours of manual effort.
Moreover, review guidelines frequently evolve,
making manual question engineering costly to
maintain, whereas our LLM-based question gener-
ation readily adapts to changing review standards.
Automated question generation is therefore prefer-
able on both performance and practical grounds.

U Details in Table 17.

A.6 Additional details on feedback generation

A.6.1 Alignment Study with Prometheus and
other evaluators

To assess the reliability of our reference-free
automated metric, we conducted an alignment
study comparing its scores with those provided
by Prometheus and human annotators. The results,
summarized in Table 22, show an average Spear-
man correlation of 0.85, demonstrating the strong
effectiveness of the metric. We further compare
the performance of Prometheus v1, Prometheus
v2 and GPT 4o in Table 23. Prometheus V2 out-
performs all the other methods across the board in
terms of Kendall 7.

A.6.2 Experimental Setup and Analysis for
review rewrites and role extension

To identify occurrences of review extension and
role separation in LLM-generated feedback, we use
GPT-0OSS 120B (Agarwal et al., 2025) as a judge,
prompting it to detect such issues within zero-shot
generations using the instructions in Table 24. The
alignment between GPT-OSS judgments and hu-
man evaluations yields a Spearman correlation of
0.85. Table 24 presents the results, illustrating the
prevalence of role separation’ and review exten-
sion’ in most of LLM-generated feedback. Exam-
ple cases of role separation and review extension
are shown in Fig. 15 and Fig. 14, respectively.

A.6.3 List of forbidden terms in the fitness
function

To ensure that feedback remains professional, ac-
tionable, and relevant, we identify greetings and
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Review-level-random-split Review-level-split

sklearn-split

Distance

0.036 0.014

0.015

Table 13: Distance value for the three different split methods using evenly split 50% of data

Method Yi Phi Qwen Deep. Oss.
Precision Recall Precision Recall Precision Recall Precision Recall Precision Recall
KNN 0.62 0.53 0.65 0.63 0.65 0.53 0.41 0.18 0.67 0.65
Logistic Regression (L2) 0.58 0.48 0.61 0.50 0.60 0.45 0.39 0.29 0.65 0.52
Logistic Regression (L1) 0.58 0.44 0.63 0.46 0.63 0.47 0.42 0.31 0.69 0.52
Random Forest 0.67 0.63 0.67 0.63 0.69 0.62 0.66 0.15 0.70 0.60
Decision Tree 0.51 0.50 0.48 0.50 0.55 0.57 0.25 0.26 0.55 0.56
SVM (RBF) 0.67 0.33 0.69 0.42 0.80 0.39 0.77 0.13 0.77 0.42
SVM (Linear) 0.55 0.46 0.55 0.46 0.52 0.42 0.36 0.33 0.64 0.53
Gradient Boosting 0.66 0.44 0.63 0.49 0.69 0.52 0.41 0.23 0.69 0.56
AdaBoost 0.43 0.02 0.32 0.02 0.76 0.04 0.39 0.29 0.45 0.03
Extra Trees 0.69 0.63 0.65 0.63 0.68 0.61 0.68 0.17 0.69 0.61
MLP 0.64 0.54 0.64 0.57 0.64 0.53 0.49 0.28 0.70 0.61

Table 14: Precision and Recall of different LLMs using our approach for issue detection.

off-topic expressions that should be avoided in re-
view comments. Such terms do not contribute
to the evaluation of the work and may distract
or confuse the author. In our zero-shot feedback
generations, we found that approximately 82% of
the divergent feedback contained one or more of
these terms. Consequently, we compiled them
into a list of forbidden terms to promote profes-
sionalism and maintain focus in reviewer feed-
back. forbidden_terms = ["Hi", "Hello",

Self Refine. (Self Ref.) The 1-pass prompt
is first run to create the initial feedback. Then the

self-refine prompt in Fig 24 is run 7,4, times to get
the final feedback.

Iterative, reranking-based generation algorithm.
The algorithm first uses Plan-then-generate prompt
to generate candidates in Fig 23 multiple times
which are scored via the fitness function. The top
Nparents Selected then go throug crossover to gener-
ate new offsprings as in Fig 25. The new candidate
pool then goes through rn.y, iterations to generate

"Hey"”, "Dear Author”, "To whom it may
concern”, "Greetings", "Good morning",
"Good afternoon”, "Good evening”, "Haha”, the final candidate.
"Hehe", "Lmao"”, "OMG", "Wow", "FYI",

"Cheers”, "Best regards”, "Sincerely"”, "I
think"]

A.6.4 Prompts for feedback generation

Prompt for Prometheus The Conciseness
prompt is in Fig 16, Relevance is in Fig 17,
Specificity is in Fig 19 and Constructiveness is in
Fig 18 respectively.

1-pass or zero-shot.
Fig 20.

The prompt is provided in

Plan Generation.
in Fig 22.

The plan generation prompt is

Template (Temp). The prompt is provided in

Fig 21

Plan-then-generate (Plan) The prompt is pro-
vided in Fig 23.

A.6.5 Hyper-parameters used

Following prior work on using evolutionary algo-
rithm for generating responses (Lee et al., 2025;
Pham et al., 2025). we set the hyper-parameters as
in Table 25.

A.6.6 Evaluation of the generated feedback

We present the full results of the automated eval-
uation using Prometheus in Table 15 and human
evaluation (cf. §5) of the feedback in Table 3.

A.6.7 Ablation Study Description for the
iterative, reranking-based generation
algorithm

To better understand the contributions of each com-
ponent in our algorithm for feedback generation,
we conduct an ablation study, systematically re-
moving one component at a time:
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Method Model Const. Relev. Spec. Conc.

Yi 1.9 2.0 1.8 1.9
Phi 2.1 2.2 2.0 2.1
1-pass
Qwen 1.8 1.9 1.7 1.8
Deep. 1.7 1.8 1.6 1.7
Oss. 1.9 2.0 1.8 1.9
Yi 2.0 22 2.4 2.3
Phi 22 2.3 2.1 22
BoN
Qwen 2.0 2.1 2.0 2.0
Deep. 1.8 1.9 1.7 1.8
Oss. 2.0 2.1 2.0 2.1
Yi 2.3 24 24 2.5
Phi 24 2.6 2.8 29
Self-Ref.
Qwen 22 24 24 2.7
Deep. 2.4 2.4 2.5 2.3
Oss. 3.0 3.1 2.9 3.0
Yi 2.8 2.9 2.7 2.8
Phi 3.1 3.2 3.0 33
Temp
Qwen 29 3.0 2.8 2.9
Deep. 2.7 2.8 2.6 2.8
Oss. 2.8 2.9 2.7 2.8
Yi 3.0 3.1 29 3.0
Phi 33 34 3.2 35
Plan
Qwen 3.1 32 3.0 3.1
Deep. 2.9 3.0 2.8 3.0
Oss. 3.0 3.1 29 3.0
Yi 3.6 35 3.1 3.1
Phi 34 3.5 34 3.6
Temp + Plan
Qwen 34 34 34 34
Deep. 32 33 3.1 32
Oss. 32 34 32 32
Yi 39 3.8 3.8 3.8
Phi 43 43 42 43
Ours

Qwen 3.8 3.8 3.7 3.7
Deep. 35 3.6 3.6 35
Oss. 4.0 4.1 4.0 3.8

Table 15: Performance comparison of various models on the feedback generation task using four customized
automated metrics from Prometheus V2: Constructiveness (Const.), Relevance (Relev.), Specificity (Spec.), and
Conciseness (Conc.). Overall best results are bolded and method-wise best results are underlined.

Classifier F0.5 Classifier F0.5 Precision Recall
KNN 0.59 KNN 0.67 0.68  0.66
Logistic Regression (L2) 0.49 Logistic Regression (L2) 0.64 0.69  0.50
Logistic Regression (L1) 0.48 Logistic Regression (L1) 0.64 0.70 0.48
Random Forest 0.56 Random Forest 0.67 0.70 0.48
Decision Tree 0.37 Decision Tree 0.58 0.57 0.60
SVM (RBF) 0.60 SVM (RBF) 0.70 0.79 0.50
SVM (Linear) 0.45 SVM (Linear) 0.62 0.67 0.50
Gradient Boosting 0.47 AdaBoost 0.17 072 004
AdaBoost 0.51 GBoost 0.66 070 0.56
Extra Trees 0.59 Extra Trees 0.67 0.67 0.65

Multi-layer Perceptron (MLP)  0.56 MLP 0.65 066 061

Table 17: Performance of various classifiers using GPT
oss generated 5 question feature vector for the issue
detection task.

Table 16: Performance of various classifiers on the
issue detection task using representations obtained
from all-MiniLM-L6-v2 sentence transformer model.
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Model 0.25 0.5 0.75 1.0 2.0
Foos P R | Foso P R | Fors P R | Fip P R | Foo P R

KNN 0.67 0.71 043 | 0.63 0.66 0.55] 063 061 070|065 0.56 0.79 |0.74 050 0.86
Logistic Regression (L2) 074 079 044 | 0.68 0.70 0.64 | 0.68 0.68 0.68 | 0.69 0.63 0.77 | 0.78 0.50 0.92
Logistic Regression (L1) 074 083 035 0.67 068 0.64| 068 064 077|070 0.62 082 |0.79 054 0.90
Random Forest 0.74 0.81 041 0.69 0.71 0.66 | 0.70 0.67 0.74 | 0.70 0.66 0.76 | 0.78 0.54 0.89
Decision Tree 0.53 053 054] 053 053 054] 053 053 054053 053 054|054 053 054
SVM (RBF) 0.76 082 036 | 0.71 0.73 0.67 | 0.72 0.69 0.79 | 0.73 0.69 0.79 | 0.78 0.64 0.83
SVM (Linear) 0.71 0.79 040 | 0.68 0.67 0.72| 069 0.66 0.75]0.71 0.63 0.80 | 0.77 0.62 0.83
Gradient Boosting 0.68 0.71 049 | 0.66 0.66 0.67 | 067 0.63 0.75]0.69 0.62 0.78 | 0.76 0.55 0.85
AdaBoost 0.74 085 0.24 | 0.67 0.67 0.68 | 0.68 0.64 0.76 | 0.70 0.62 0.80 | 0.79 0.52 091
Multi-layer Perceptron (MLP) | 0.76 0.80 042 | 0.69 0.73 0.58 | 0.67 0.67 0.71 | 0.68 0.67 0.71 | 0.75 0.54 0.85
Extra Trees 072 083 044|070 071 0.67 | 0.70 0.69 0.71 | 0.71 0.65 0.79 | 0.78 0.55 0.89

Table 18: Performance of different models across thresholds 0.25, 0.5, 0.75, 1.0, and 2.0. Metrics shown are Fipreshold

(e.g., Fo.25 for threshold 0.25), P (Precision), and R (Recall).

Baselines Yi Phi Qwen Deep. Oss.

P R P R P R P R P R
LLMzero 022 001 009 008 0.18 0.17 0.03 030 0.26 0.24
LLMEine 0.23 023 0.11 0.18 0.13 0.17 0.10 0.19 0.19 0.21
LLMoa 0.15 0.09 0.18 0.04 0.12 0.13 0.19 026 0.10 040
LLMoaFine 0.10 020 0.09 027 0.05 0.12 0.07 019 0.10 0.17

Table 19: Precision (P) and Recall (R) of various LLMs for the issue detection task.

Metric Fold1 Fold2 Fold3 Fold4 Fold5 Variance
Fo5 0.55 0.65 0.69 0.66 0.57 0.004
Precision  0.55 0.53 0.70 0.71 0.63 0.006
Recall 0.46 0.50 0.48 0.54 0.45 0.001

Table 20: Cross-validation results over 5 folds showing
Fy.5, Precision, Recall, and their variances.

Model Mean Fp; Mean Precision Mean Recall
KNN 0.544 0.667 0.314
Logistic Regression (L2) 0.514 0.576 0.365
Logistic Regression (L1) 0.456 0.477 0.391
Random Forest 0.554 0.761 0.270
SVM (RBF) 0.463 0.948 0.153
Extra Trees 0.575 0.783 0.281

Table 21: Mean Fy 5, precision, and recall across differ-
ent models using human-written questions as features.

1. Without Template Construction: The algo-
rithm generates feedback without using the author-
crafted issue-specific templates. This tests the im-
portance of structured scaffolds in guiding precise
and relevant feedback.

2. Without Plan Generation: The planner mod-
ule is disabled, so the LLM does not generate
a knowledge-driven plan to enrich the template.
Feedback relies only on the template and review
segment.

3. Without Population Initialization: Multi-
ple candidate feedbacks are not generated initially.
Only a single feedback is produced per review seg-
ment, removing diversity from the initial popula-
tion.

4. Without Fitness Evaluation: Candidate feed-
back is not scored or ranked. All generated feed-

back is treated equally, removing the model’s abil-
ity to optimize for conciseness, relevance, and con-
structiveness.

5. Without Parent Selection & Crossover: Evo-
lutionary steps are skipped, so no combination of
high-quality candidates occurs. This evaluates the
contribution of crossover in improving feedback
quality and diversity.

6. Without Final Candidate Selection: The
highest-scoring feedback is not selected at the end
of the process. A candidate is chosen arbitrarily,
which assesses the effect of selecting the optimal
feedback.

We present the results of the ablation study in Ta-
ble 26. Each component contributes meaningfully
to the quality of the generated feedback, highlight-
ing the effectiveness of our approach.

A.6.8 Ablation on the Planner Component

We ablate the planner using multiple knowledge
sources—abstract, reviewer-written strengths, and
reviewer-written summaries—in Table 27. Our re-
sults show that incorporating all components is
essential for generating the most specific feedback.

A.6.9 Ablation study on the rewards used in
the fitness function for feedback
generation

We present the results of the ablation study on dif-
ferent rewards in Table 5. We find that template
adherence is the key factor driving the generation
of highly effective feedback. Further analysis is
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Model Constructiveness Relevance Specificity Conciseness
Kendall 7 Spearman p Kendall 7 Spearman p Kendall 7 Spearman p Kendall 7 Spearman p

Yi 0.75 0.83 0.76 0.84 0.75 0.83 0.76 0.85
Phi 0.78 0.88 0.77 0.87 0.76 0.86 0.78 0.88
Qwen 0.76 0.84 0.75 0.85 0.76 0.84 0.75 0.84
Deep. 0.75 0.83 0.75 0.84 0.75 0.83 0.75 0.83
Oss. 0.77 0.85 0.76 0.85 0.76 0.85 0.77 0.86
Average 0.76 0.85 0.76 0.85 0.76 0.84 0.76 0.85

Table 22: Kendall 7 and Spearman p correlations with Prometheus for different models across four metrics:
Constructiveness, Relevance, Specificity, and Conciseness. Method-wise best correlations are underlined. The last
row shows the average correlation across all models and metrics.

Constr. Rel. Spec. Conc.
Model Pr-vl GPT-40 Pr-v2 Pr-vl GPT-40 Pr-v2 Prvl GPT-40 Pr-v2 Pr-vl GPT-40 Pr-v2
Yi 0.73 0.76 0.75 0.74 0.75 0.76 0.73 0.74 0.75 0.74 0.75 0.76
Phi 0.77 0.78 0.78 0.76 0.77 0.77 0.75 0.76 0.76 0.77 0.77 0.78

Qwen  0.75 0.75 0.76  0.74 0.75
Deep. 0.74 0.74 075 074 0.74
Oss. 0.76 0.76 0.77  0.75 0.75

075  0.75 0.75 076  0.74 0.75 0.75
075 074 0.74 075 074 0.74 0.75
0.76  0.75 0.75 0.76  0.76 0.76 0.77

Avg 0.75 0.76 0.76  0.75 0.76

0.76 0.74 0.75 076  0.75 0.76 0.76

Table 23: Kendall 7 correlations across review quality dimensions for Prometheus v1 (Pr-v1), v2 (Pr-v2) and

GPT-40 respectively.
Model Review Ext. (%) Role Sep. (%)
Yi 42 23
DeepSeek 47 30
0SS 43 28
Qwen 45 25
Phi 41 23

Table 24: Comparison of review generation issues
across models. Review Extension refers to instances
where the LLLM generates full reviews instead of tar-
geted feedback, while Role Separation indicates cases
where feedback is misdirected to authors instead of re-
viewers. The model having least amount of the issues is
highlighted.

Hyper-parameter Description Value / Setting
T Number of author-crafted templates 25

n Number of initial candidate feedbacks per segment 10

Tlparents Number of parents selected per generation for crossover 5

T Temperature parameter for Boltzmann selection 0.1

Tlgenerations Number of evolutionary generations 3

Nsent Number of maximum sentences allowed 5

Table 25: Hyper-parameters used in the iterative,
reranking-based generation algorithm for feedback gen-
eration algorithm.

provided in §5.

A.7 Example feedback

We show an example feedback generated by our
approach in Fig 4.

Model Variant Const. Relev. Spec. Conc.
Yi Full Algorithm (Ours) 3.9 38 3.8 38
w/o Template Construction 3.6 35 34 3.5
w/o Plan Generation 38 3.8 38 38
w/o Population Initialization 39 3.9 3.7 3.7
wi/o Fitness Evaluation 3.7 37 3.7 3.7
w/o Parent Selection & Crossover 39 3.8 3.7 3.7
w/o Final Candidate Selection 3.8 3.7 3.6 3.7
Qwen Full Algorithm (Ours) 38 38 3.7 37
w/o Template Construction 35 35 34 34
w/o Plan Generation 3.7 3.7 3.6 3.6
w/o Population Initialization 38 3.8 3.6 3.6
wi/o Fitness Evaluation 3.6 3.6 3.6 35
w/o Parent Selection & Crossover 3.7 3.7 3.6 3.6
w/o Final Candidate Selection 3.6 3.6 35 35
DeepSeek  Full Algorithm (Ours) 3.5 3.6 3.6 3.5
w/o Template Construction 32 33 32 32
w/o Plan Generation 34 35 35 34
w/o Population Initialization 3.5 35 34 34
w/o Fitness Evaluation 33 33 33 33
w/o Parent Selection & Crossover 34 34 33 33
w/o Final Candidate Selection 33 33 32 33
Oss. Full Algorithm (Ours) 4.0 4.1 4.0 38
w/o Template Construction 3.7 3.8 3.7 3.6
w/o Plan Generation 39 4.0 3.9 3.7
w/o Population Initialization 4.0 4.0 39 38
wi/o Fitness Evaluation 3.8 3.9 3.8 3.7
w/o Parent Selection & Crossover 39 3.9 3.8 3.7
w/o Final Candidate Selection 3.8 3.8 3.7 3.7
Phi Full Algorithm (Ours) 43 4.3 4.2 43
w/o Template Construction 3.6 35 34 35
w/o Plan Generation 3.8 3.8 38 3.8
w/o Population Initialization 39 3.9 3.7 3.7
w/o Fitness Evaluation 3.7 3.7 3.7 3.7
w/o Parent Selection & Crossover 39 3.8 3.7 3.7
w/o Final Candidate Selection 3.8 3.7 3.6 3.7

Table 26: Ablation study of various components within
the iterative, reranking-based generation algorithm
across the four automated metrics on feedback gen-
eration for all models.
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Model Variant Const. Relev.
Yi Ours (Abstract + Summary + Strengths) 3.9 3.8
w/o Abstract 3.6 3.7
w/o Summary 3.7 3.7
w/o Strengths 3.8 3.8
w/o Abstract + Summary 35 3.6
w/o Abstract + Strengths 3.6 3.7
Qwen Ours (Abstract + Summary + Strengths) 38 38
w/o Abstract 3.5 35
w/o Summary 3.6 3.6
w/o Strengths 3.7 3.7
w/o Abstract + Summary 34 3.5
w/o Abstract + Strengths 35 3.6
DeepSeek  Ours (Abstract + Summary + Strengths) 3.5 3.6
w/o Abstract 32 33
w/o Summary 33 3.4
w/o Strengths 34 35
w/o Abstract + Summary 3.1 32
w/o Abstract + Strengths 32 33
Oss. Ours (Abstract + Summary + Strengths) 4.0 4.1
w/o Abstract 3.7 3.8
w/o Summary 3.8 39
w/o Strengths 39 4.0
w/o Abstract + Summary 3.6 3.8
w/o Abstract + Strengths 3.7 39
Phi Ours (Abstract + Summary + Strengths) 4.1 4.2
w/o Abstract 38 4.0
w/o Summary 39 4.0
w/o Strengths 4.0 4.1
w/o Abstract + Summary 3.6 39
w/o Abstract + Strengths 3.7 39
w/o Summary + Strengths 3.7 3.9

Table 27: Planner ablation study across Constructive-
ness (Const.) and Relevance (Relev.) on feedback gen-
eration for all models.

Model Variant Const. Relev. Spec. Conc.
Yi Full Fitness Function 3.9 3.8 38 3.8
w/o Length Score (s¢ier,) 3.6 3.6 3.5 35
w/o Template Adherence (sctemp) 3.7 3.7 3.6 3.6
w/o Readability (scyeqq) 3.8 3.8 3.7 3.7
Qwen Full Fitness Function 3.8 3.8 37 3.7
w/o Length Score (s¢jen,) 35 35 34 34
w/o Template Adherence (s¢temp) 3.6 3.6 35 35
w/o Readability (s¢,eqd) 3.7 3.7 36 3.6
DeepSeek  Full Fitness Function 35 3.6 3.6 35
w/o Length Score (scien) 32 33 32 32
w/o Template Adherence (sctemp) 33 34 33 33
w/o Readability (s¢;eqa) 34 35 33 34
Oss. Full Fitness Function 4.0 4.1 4.0 3.8
w/o Length Score (sciep,) 3.7 3.6 35 3.7
w/o Template Adherence (sCtemp) 3.8 3.7 3.6 3.7
w/o Readability (s¢reaa) 39 4.0 3.8 37
Phi Full Fitness Function 4.3 4.3 4.2 4.3
w/o Length Score (scien,) 3.8 37 3.8 3.6
w/o Template Adherence (sctemp) 3.7 3.6 3.5 3.7
w/o Readability (screqq) 4.1 4.0 4.0 4.1
w/o Forbidden Term Penalty (pen so,3) 42 42 4.1 4.3

Table 28: Ablation study on the components of the
fitness function in the feedback generation approach
across Constructiveness (Const.), Relevance (Relev.),
Specificity (Spec.), and Conciseness (Conc.) for all
models.

A.8 Latency Analysis and Scaling

We show best and worst case estimate of deploying
our feedback generation system to a real-world
conference reviewing setup.

Assumptions:

* Average review: 5-10 segments

* LLM Q&A per batch of 16 segments: 1-2 s

GPUs |, Wall-clock Time (Best, h) , Wall-clock Time (Worst, h)
1 2.99 577
4 0.75 1.44
8 0.37 0.72

Table 29: Estimated wall-clock time for processing
5,000 reviews using multi-GPU parallelization.

* Segmentation: 0.1 s

* Issue Detection: 0.05 s

* Feedback generation: 1-2 s per review
Per-review Latency:

* LLM Q&A latency: 1-2 s

* Issue Detection latency: 0.05 s

» Feedback generation latency: 1-2 s

* Segmentation latency: 0.1 s

Total end-to-end latency per review: 0.1 + (1-
2) + 0.05 + (1-2) &~ 2.15-4.15 s per review

Scaling to 5,000 Reviews (Single GPU, Sequen-
tial):

* Best case: 5,000 x 2.15s = 10,750s =~
2.99 hours

* Worst case: 5,000 x 4.15s = 20,750s ~
5.77 hours

Multi-GPU Parallelization:

Sequential time
Number of GPUs

Total wall-clock time =~

By leveraging vLLM with a batch size of 16,
LLM-based feature extraction is reduced to 1-2
seconds per review, and the genetic algorithm adds
only 1-2 seconds, resulting in an end-to-end la-
tency of ~2—4 seconds per review. For a high-
volume scenario of 5,000 reviews, sequential pro-
cessing on a single GPU would require ~3-6 hours,
while parallelization across 4-8 GPUs reduces wall-
clock time to ~20-90 minutes, making the frame-
work practical for deployment in time-sensitive
contexts such as conference reviewing.

B Usage of AI Assistants

We use GPT-5 and Claude Sonnet for grammar
correction and to assist with writing the paper.
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Label Frequency: Train vs Test without review level split
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Figure 8: Comparing the label distribution using various split methods.
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Segment Annotation
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Figure 9: Confusion matrices for all the models on the segment detection task.
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Issue Identification Prompt Library

Feature Extraction Prompt

You are given: - An issue label: issue - Why this issue is problematic: problem - Review segments
(from NLP paper reviews): segments - Desired number of questions: 10

Your goal: Extract abstract, high level features that determine whether each review segment reflects
the specified issue. Express each feature as an objective Yes/No question.

Rules you MUST follow: 1) Use ONLY the provided segments. Do NOT rely on external
knowledge or assumptions. 2) Work at the ABSTRACT level (features that could generalize
across wording), not surface phrasing. 3) Every question must be answerable by inspecting a
single segment in isolation. 4) Questions must be neutral (no leading language), atomic (one idea
per question), and non-redundant. 5) Avoid double negatives, multi-part questions, subjective
terms (“clearly”, “obviously”), or jargon unless it appears in the segments. 6) Prefer beginnings
like “Does...”, “Is...”, “Are...”, “Has...”, “Do...”, “Can...”. 7) Keep each question concise
(ideally 18 words). 8) Produce EXACTLY N questions. If N is not given, produce 10. 9) OUTPUT
FORMAT: Return ONLY a Python list of strings, with double quotes, no code fences, no comments,
no trailing commas. 10) Do NOT include any analysis, notes, or explanations in the output — only
the list.

Step-by-step procedure: A) Parse and inventory: - Scan the segments to note common pat-
terns about claims, evidence, specificity, comparisons, citations, quantification, assumptions,
scope/coverage, and consistency. - Identify cues that would indicate presence/absence of the issue
issue.

B) Abstract feature mining: - Convert recurring patterns into abstract properties that can reflect
the similarity between the review segments you are given - Ensure each property directly supports
diagnosing issue as problematic because problem.

C) Draft discriminative Yes/No tests: - For each property, write a Yes/No question that a reviewer
could answer from a single segment. - Ensure questions collectively cover: evidence/citations,
specificity/locating, correctness/faithfulness, scope, quantification, reproducibility/actionability,
internal consistency, and fairness/balance (as applicable).

D) Prune and refine: - Remove overlaps; keep the most general, segment-checkable forms. -
Rewrite to be atomic, neutral, and concise. - Ensure each question distinguishes “issue present” vs
“issue absent”.

E) Final checks (must pass all): - [ ] Exactly N questions. - [ ] All are Yes/No answerable from a
single segment. - [ ] No duplicates or near-duplicates. - [ ] No restating issue verbatim; focus on
testable properties. - [ ] Python list of strings ONLY, no extra text.

Now produce the final output.

Feature QA prompt

You will be given a review segment. Your task is to evaluate its quality by answering a series of
Yes/No questions.

Review Segment: review

Question: question

Respond strictly with either:

[[Yes]] if the answer is Yes

[[No]] if the answer is No

[[Other]] if the question is irrelevant

Figure 10: Issue Identification Prompt
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Precision and Recall per Label
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Figure 11: Zero shot results for issue detection with GPT OSS 20B. 8 out of 18 classes remain undetected yielding

a miss rate of 8/18 = 0.444 ~ 44%.

Label: The authors could also do [extra experiment X]

As described in the previous question, if it can be demonstrated
that $\\lambda_2$ is significantly greater than $\\lambda_1$ when

the data belongs to the C2 type, it would provide better Abstract Feature Questions:

interpretability for the results in Table 4.- The paper does not

explore more complex causal graphs involving potential confounders Question 1: Does the reviewer suggest further

and mediators. tests, experiment or any kind of missing results
R without justify why they are necessary?

The evaluation of the proposed method on test data consisting of

both C1 and C2 reviews can be possible. First, an input review is Question 2: ...
classified into C1 or C2 by the peak-end rule. Then, the causal

prompt C1 or C2, which corresponds to the classified type, is

applied to predict a rating of the review. This system is compared

with a baseline that always predicts a rating using a neutral

prompt. Such an experiment can reveal the effectiveness of the

proposed approach from more practical points of view.

Figure 12: Example of abstract feature questions generated by our issue detection approach.
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Precision-Recall Comparison
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Figure 13: Precision-Recall Curve for RoBERTa and our

approach operating at different thresholds.

29999



Review Extension

Original Comment: “...no check for false negatives... only one language, one domain, one genre. .. no significance
testing.” Issue Detected: The authors could also do extra experiment, X
Generated feedback:
You can rewrite your comment as the follows: While the paper presents a promising benchmark and methodology, the
evaluation appears limited in scope. The experiments focus solely on English data from a single domain and genre,
which may restrict the generalizability of the results. Including experiments across multiple languages or domains could
strengthen the empirical claims. Additionally, incorporating significance testing would help confirm that the observed
improvements are statistically meaningful. Overall, expanding the evaluation would improve both the rigor and the
impact of the work.

. J/

Figure 14: Review Extension issues of the models: Generating full reviews instead of feedback

Role Separation (Author-Facing Feedback)

Original Comment: “...no check for false negatives. .. only one language, one domain, one genre. .. no significance
testing.”
Issue Detected: The authors could also do extra experiment, X
Generated feedback:
The current experiments demonstrate the benchmark and methodology effectively, but they are limited to English, a
single domain, and one genre. To strengthen the claims, consider including additional languages, domains, or genres
where feasible. Also, performing significance testing would provide stronger evidence for the reported improvements.
While these are suggestions to enhance the work, the main contribution remains valid and valuable within the presented
scope.

\_ J

Figure 15: Role Separation issue in our model: Generating feedback to authors instead of reviewers
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Conciseness Evaluation Prompt

Task Description: You are given an instruction, a response to evaluate, and a score rubric
representing an evaluation criterion.

Your goal: 1. Write detailed feedback that assesses the response strictly based on the rubric. 2.
Assign a score between 1 and 5, referring to the rubric. 3. Output in the following format:

Feedback: (write a feedback for criteria) [RESULT] (an integer number between 1 and
5)

4. Do not include any opening, closing, or explanations.

Instruction to evaluate: You are an expert evaluating feedback generated for improving review
segments. The feedback provided will help the reviewer improve the segment.

Weakness: weakness

Feedback to evaluate: feedback

Score Rubric: [Does the feedback communicate suggestions concisely? Feedback should be brief,
precise, and to the point, avoiding unnecessary verbosity while remaining actionable.]

* Score 1: Feedback is wordy, repetitive, or confusing; hard to extract actionable guidance.

Score 2: Feedback conveys ideas but is often verbose, vague, or partially actionable; contains
unnecessary wording.

* Score 3: Feedback is moderately concise, understandable, and partially actionable; some
redundancy or extra wording may remain.

 Score 4: Feedback is clear, focused, and mostly concise; communicates actionable guidance
efficiently, with minor verbosity.

» Score 5: Feedback is precise, concise, and easy to interpret; provides direct, actionable
suggestions covering both minor and substantive issues effectively.

Feedback:

Figure 16: Prometheus Conciseness Prompt
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Relevance Evaluation Prompt

Task Description: You are given an instruction, a response to evaluate, and a score rubric
representing an evaluation criterion.

Your goal: 1. Write detailed feedback that assesses the response strictly based on the rubric. 2.
Assign a score between 1 and 5, referring to the rubric. 3. Output in the following format:

Feedback: (write a feedback for criteria) [RESULT] (an integer number between 1 and
5)

4. Do not include any opening, closing, or explanations.

Instruction to evaluate: You are an expert evaluating feedback generated for improving review
segments. The feedback provided will help the reviewer improve the segment.

Weakness: weakness

Feedback to evaluate: feedback

Score Rubric: [Is the feedback directly related to the content or structure of the review? Feedback
should focus on aspects that help improve the review, including conciseness, reasoning, accuracy,
or actionable corrections. ]

* Score 1: Feedback is off-topic or unrelated to the review’s content or structure; provides no
actionable guidance.

* Score 2: Feedback mentions the review but mostly addresses minor or tangential points;
limited actionable guidance.

» Score 3: Feedback is partially relevant; identifies some issues but mixes relevant and loosely
connected commentary; limited guidance.

* Score 4: Feedback is clearly related to review content or structure; provides actionable
suggestions addressing key issues.

» Score 5: Feedback is tightly focused on review content or structure; comments are precise,
actionable, and justified, improving clarity, reasoning, or accuracy.

Feedback:

Figure 17: Prometheus Relevance Prompt
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Constructiveness Evaluation Prompt

Task Description: You are given an instruction, a response to evaluate, and a score rubric
representing an evaluation criterion.

Your goal: 1. Write detailed feedback that assesses the response strictly based on the rubric. 2.
Assign a score between 1 and 5, referring to the rubric. 3. Output in the following format:

Feedback: (write a feedback for criteria) [RESULT] (an integer number between 1 and
5)

4. Do not include any opening, closing, or explanations.

Instruction to evaluate: You are an expert evaluating feedback generated for improving review
segments. The feedback provided will help the reviewer improve the segment.

Weakness: weakness

Feedback to evaluate: feedback

Score Rubric: [Does the feedback offer suggestions for how the reviewer can improve? Construc-
tive feedback should guide revisions, not just point out flaws, and can address both minor textual
issues and substantive content.]

e Score 1: Feedback only identifies flaws without suggesting improvements; unhelpful or
dismissive.

» Score 2: Feedback includes vague or superficial advice; little actionable guidance.
» Score 3: Feedback identifies issues and offers some guidance but partially unclear or limited.

* Score 4: Feedback provides clear and relevant suggestions; mostly actionable, may lack some
detail.

» Score 5: Feedback consistently identifies issues and provides specific, practical, and helpful
suggestions; supports targeted improvements effectively.

Feedback:

Figure 18: Prometheus Constructiveness Prompt
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Specificity Evaluation Prompt

Task Description: You are given an instruction, a response to evaluate, and a score rubric
representing an evaluation criterion.

Your goal: 1. Write detailed feedback that assesses the response strictly based on the rubric. 2.
Assign a score between 1 and 5, referring to the rubric. 3. Output in the following format:

Feedback: (write a feedback for criteria) [RESULT] (an integer number between 1 and
5)

4. Do not include any opening, closing, or explanations.

Instruction to evaluate: You are an expert evaluating feedback generated for improving review
segments. The feedback provided will help the reviewer improve the segment.

Weakness: weakness

Feedback to evaluate: feedback

Score Rubric: [Does the feedback refer to specific parts or issues in the review? Feedback should
clearly indicate what needs improvement, avoiding vague statements without context.]

» Score 1: Feedback is entirely vague or generic; no reference to particular parts of the review;
not actionable.

* Score 2: Feedback hints at an issue but lacks concrete references; reviewer cannot easily
locate the problem.

» Score 3: Feedback identifies general areas or sections but does not pinpoint exact sentences
or claims; partially actionable.

» Score 4: Feedback refers to specific sections or issues; minor vagueness may remain; mostly
actionable.

* Score 5: Feedback clearly identifies exact parts of the review and provides precise, actionable
guidance, including minor textual or deeper content issues when justified.

Feedback:

Figure 19: Prometheus Specificity Prompt
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Lazy Thinking Issues

H1. The results are not surprising: Many findings seem obvious in retrospect, but this does not mean the community
is already aware of them. Some findings may seem intuitive but haven’t been empirically tested.
H2. The results contradict expectations: Reviewer may be biased against findings that challenge prior beliefs.
H3. The results are not novel: If a claimed novel method resembles existing work, provide references. Reproduction,
reimplementation, or analysis papers may still be in scope.
H4. No precedent in existing literature: Novel papers are harder to publish; reviewers may be overly conservative.
HS. Results do not surpass latest SOTA: SOTA results are not required; other contributions (efficiency, fairness,
interpretability) matter.
Heé. Negative results: Publishing negative results is important; systematic failures provide valuable knowledge.
H7. Method too simple: Simple solutions are often preferable—Iless brittle and easier to deploy.
HS8. Missing preferred methodology: NLP is interdisciplinary; multiple approaches (models, resources, analyses) are
valid.
H9. Topic too niche: Significant contributions can be made to narrow subfields.
H10. Tested only on non-English: Monolingual studies are important for both practical and theoretical contributions.
H11. Language errors: Focus on scientific content; minor writing issues should not dominate.
H12. Missing reference(s): Prior work published >3 months before submission should be cited; preprints are optional.
H13. Extra experiments suggested: Optional experiments are “nice-to-have” and belong in suggestions, not as reasons
to reject.
H14. Compare to closed model: Only meaningful if it directly affects the paper’s claim; closed models often introduce
methodological issues.
H15. Authors should have done X instead: Only relevant if choices prevent addressing the research question;
otherwise a suggestion, not a weakness.
H16. Limitations != weaknesses: Limitations sections are standard; do not equate limitations with reasons to reject
unless strongly justified.

L J

Specificity Issues

Specificity Issues:

Missing relevant references: The review fails to mention key prior work (e.g., XYZ).

X is unclear: Important details (e.g., Y and Z) are missing from description.

Formulation of X is wrong: The definition or equation of X omits critical factors (e.g., Y).

Contribution not novel: Similar work (e.g., X, Y) has been published >3 months prior.

Missing recent baselines: Proposed methods should be compared to recent approaches X, Y, Z.

X done in way Y: Implementation choices lead to known limitations (e.g., disadvantage Z).

\_ _J

Task

Task: You are an expert at providing actionable feedback to improve a review segment. Given a review, the segment,
and lazy thinking annotation, provide feedback that the reviewer can use to revise the segment.

Review Segment: review segment
Issue: issue
Feedback :

s
\

Figure 20: Zero shot Feedback generation prompt

Templatic Feedback Generation Prompt

Task: You are an expert at providing actionable feedback to improve the writing of review segments. Given a review
segment and its identified issue, your goal is to produce feedback that the reviewer can use to revise the segment.

You are also provided a feedback template for the identified issue.

Instructions: Adapt the provided feedback template to match the comment in the review segment. Ensure the feedback
is actionable, specific, and targeted to improving the segment.

Review Segment: weakness

Identified Issue: identified issue

Feedback Template: template

Output: The feedback generated for this review segment, following the guidance of the template.

.

\.

Figure 21: Prompt for Templatic Feedback Generation using Identified Issues.
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Planner Prompt for Feedback Generation

System Instruction: You are a planning agent for feedback generation.
Input:

¢ Review Comment: {review}

¢ Issue: {issue}

* Abstract of the paper: {abstract}

¢ Summary written by reviewer: {summary}

* Strengths written by reviewer: {strengths}
Task:

1. For each label, identify which external knowledge (Abstract, Summary, Template) is needed based on the
mapping.

2. Suggest how to use the available knowledge (e.g., quote from abstract, summarize key claim).
3. Provide an explanation for your choice of plan.
Output: A JSON list with the following structure:
* plan: brief instructions on how to use the knowledge
* explanation: reasoning behind the chosen plan

Example Output:

L
{
"plan”: "Use summary to show that results differ from intuition”,
"explanation”: "The summary provides key claims that can highlight why the results are surprising.
}7
{
"plan”: "Use abstract + summary to check novelty”,
"explanation”: "Both abstract and summary help determine whether the contribution is novel.”
}
1

Figure 22: Full Planner Prompt for Feedback Generation.
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Feedback Generation Prompt

\.

System: You are an expert at generating actionable
feedback to improve review segments.

Instructions: Given: 1. A review segment (weakness)
2. Identified issue(s) 3. A feedback template for the
issue(s) 4. A plan describing what to use as knowl-
edge sources (abstract, summary, template) to guide
feedback. 5. An explanation describing how to use
the knowledge sources.

Your task: - Generate actionable feedback for the
reviewer to improve the review segment. - Incorpo-
rate the plan into the template: adapt the template
to match the specific review segment and issue. -
Keep the feedback precise, relevant, and constructive.
- Output only the feedback text, do not include any
explanations or extra text.

Review Segment: weakness

- Identified Issue: identified issue

Feedback Template: template

Plan: plan Explanation: explanation

Example Output: "Feedback: The reviewer should
clarify the novelty of the contribution by referencing
prior work; following the template, highlight which
claims are incremental and which are novel. [5]"

Figure 23: Feedback generation using Plan and Tem-

plate

Self-Refine Feedback Generation Prompt

System: You are an expert at generating and refining
actionable feedback for improving review segments.
Instructions: Given: 1. A review segment (weakness)
2. Identified issue(s) 3. An initial draft feedback
Your task: - Generate detailed feedback that helps
the reviewer improve the review segment. - Critically
evaluate the initial feedback and refine it to be more
precise, constructive, and actionable. - Ensure the
feedback is relevant to the identified issue(s) and
avoids vague statements. - Output only the refined
feedback text, do not include explanations, reasoning,
or any extra text.

Variables: - Review Segment: weakness - Identified
Issue: identified issue - Initial Feedback: initial feed-
back

Example Output: "Feedback: The reviewer should
provide concrete examples illustrating missing base-
lines; clearly indicate which comparisons are neces-
sary and why. [5]"

Cross-Over Feedback Prompt (5 Parents)

System: You are an expert at generating high-quality
feedback for review segments by synthesizing multi-
ple sources.

Instructions: Given: 1. A review segment (weakness)
2. Identified issue(s) 3. Five parent feedback drafts
Your task: - Combine the key insights from all 5
parent feedbacks into a single, coherent feedback. -
Ensure that the final feedback is precise, constructive,
and actionable. - Retain the strongest points from
each parent, remove redundancy, and resolve conflict-
ing suggestions. - Feedback must directly address
the identified issue(s) and help the reviewer improve
the segment. - Output only the final synthesized feed-
back, no explanations or commentary.

Variables: - Review Segment: weakness - Identified
Issue: identified issue - Parent Feedbacks: 1) parentl
2) parent2 3) parent3 4) parent4 5) parent5

Example Output: "Feedback: The reviewer should
clarify the novelty of the contribution and reference
prior work where necessary; highlight incremental
contributions while maintaining clarity and speci-
ficity. [S]"

Figure 24: Self-refine feedback generation for review
segments
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Figure 25: Cross-over feedback synthesis for 5 parent
feedbacks




Review Extension and Role Separation Detection Prompt

System: You are an expert at analyzing peer review feedback.

Instructions: Given a review, your task is to classify each review comment according to two phenomena:

1. Review Extension — The feedback generates a full review instead of targeted feedback for a specific review segment.
This includes writing additional evaluations, repeating comments, or elaborating beyond what is necessary.

2. Role Separation — The feedback provides suggestions meant for the author rather than the reviewer. Comments may
directly address the author, suggest rewriting the review for the author, or cross the boundary between reviewing and
authoring.

Task: - For each review comment, indicate whether it exhibits Review Extension, Role Separation, both, or neither. -
Provide a brief justification for your classification.

Variables: - Review Comment: review

Output Format: - JSON array with fields:

L
{
"comment"”: "text of the review comment”,
"review_extension”: true/false,
"role_separation”: true/false,
"justification”: "brief explanation”
}7
1
. W,

Figure 26: Prompt for identifying Review Extension and Role Separation in peer review comments.
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