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Advice on reviewing

1. Keep track of your thoughts as you read

• Write them down & keep them until after

the author response

⇒ Can be informal, these are for yourself only

• Note confusions, questions, reactions,

suggestions, etc.

⇒ Keep track of where (section, line number,

etc.)

From: Last Minute Reviewing Advice - ACL 2017 and Data et al. (2017).
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https://acl2017.wordpress.com/2017/02/23/last-minute-reviewing-advice/


Advice on reviewing

2. Be specific & provide evidence
• Avoid vague language

⇒ Ex: many, much, several, “for example”, “and/among others”

• Vagueness unhelpful for everyone

⇒ For authors to respond to

⇒ For program committee to make decisions with

• Provide substantiation for any claims

#Claims %Supported claims len(Review) #Reviews
Pos Neg All Pos Neg All - -

CoNLL 2016 2.01 1.94 2.95 27.97 87.03 51.82 483 19
ACL 2017 2.62 2.91 5.54 26.66 78.58 47.72 499 134

COLING 2020 2.70 2.78 5.38 35.04 74.71 45.43 512 56
ARR 2022 2.73 2.25 4.98 30.37 75.54 44.69 472 341

Table 2: Statistics of the SubstanReview dataset, reported values are the mean over all reviews. #Claims stands for
the number of claims, %Supported claims stands for the percentage of claims that are paired with evidence.

at a higher difficulty level. Compared to similar ef-
forts annotating refined argument structures (Rocha
et al., 2022) (uα = 0.33), our IAA score is signifi-
cantly improved.

The rest 90% of the dataset (495 reviews) was
randomly split into three equal portions and each
annotated by only one annotator.

Inter-annotator Disagreement. The token level
confusion matrix between annotations (annota-
tor_1, annotator_2) is shown in Figure 1. The
confusion matrices between (annotator_1, anno-
tator_3) and (annotator_2, annotator_3) are highly
similar and therefore omitted here. We see that
the main disagreement arises between claims and
evidence of the same polarity.

4.3 Statistics and Insights
We present several statistics of our annotated Sub-
stanReview dataset in Table 2. For all conferences,
there exists the same trend that more positive sub-
jective claims are detected compared to negative
ones. In contrast, the percentage of supported neg-
ative claims is higher than the percentage of sup-
ported positive claims. This is in line with current
review practices since most reviewers believe it
to be more relevant to provide specific reasoning
when stating that a paper is lacking in some aspect
(Yuan et al., 2022).

Conferences included in our analyzed datasets
range from 2016 to 2022. We observe that the av-
erage length of reviews are generally on the same
level for all NLP conferences, with COLING 2020
the longest and ARR 2022 the shortest. For the
proportion of supported claims, there is a contin-
uous decrease from CoNLL 2016 to ARR 2022.
This observation can be understood to correspond
to the surge of problematic peer reviews in recent
years. Our finding is consistent with the one re-
ported by Tran et al. (2020), that the peer review
process has gotten worse over time for machine
learning conferences.

4.4 SubstanScore

We propose a quantitative score measuring the over-
all substantiation level of a given peer review

SubstanScore =

%supported_claims× len(review).

As defined in Section 3.1, a well substantiated
review is one where a high proportion of subjec-
tive claims are supported by evidence. If a review
does not contain any subjective claims, we con-
sider it to be fully objective and assume %sup-
ported_claims=100%. However, a short review
with few or no subjective claims may also con-
tain limited substantial information overall, even
if %supported_claims is high. To address this
bias, we multiply %supported_claims by the re-
view length (number of words in the review).

During the annotation study, in addition to mark-
ing the spans, we also asked each annotator to rate
the substantiation level of each review on a 3 point
Likert scale, with 3 representing the strongest level
of substantiation.

We calculate the correlation between Sub-
stanScore and the human annotated substantia-
tion scores. We obtain Spearman’s ρ = 0.7568
(p = 6.5 × e−20), i.e., a positive correlation be-
tween SubstanScore and human judgements.

We also calculate correlations between Sub-
stanScore and %supported_claims or len(review)
separately. Both give worse correlation than the
combined SubstanScore.

5 Experiments and Results

We tackle the claim-evidence pair extraction task
formulated in Section 3.2 and construct a bench-
mark for the SubstanReview dataset. The claim tag-
ging is treated as a token classification task while
the evidence linkage is approached as a question-
answering task. We solve both of these tasks
by fine-tuning pretrained transformer encoders
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⇒ where? why?

From: Last Minute Reviewing Advice - ACL 2017 and Guo et al. (2023).
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Advice on reviewing

3. Be both critical and constructive

• Point out what you liked

⇒ but stay calibrated to your scores &

reasonable

• Offer suggestions for improvement

• “if the glass was half (or more) empty, what

would it have taken to make it full?”
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Figure 2: Distribution of lazy thinking labels in our
dataset, LAZYREVIEW.

machine learning models and methods that often
emphasize extensive empirical evaluations (Guru-
raja et al., 2023). The next most frequent classes
are ‘Not Enough Novelty’ and ‘Language Errors’.
The ACL review report does not state the individual
distribution of these classes but constitutes around
24.3% of all reported issues. We further analyze
the sentence length of the review segments within
these classes. This is illustrated in Fig 19 of §A.13.
We observe that most of these review segments
have a length of 1 sentence, underscoring the use
of shorter arguments to dismiss papers. The lazy
thinking class ‘Extra Experiment’ is the most com-
mon with variable segment lengths.

3 Experiments

We use the LAZYREVIEW dataset to assess the
performance of various open-source LLMs in de-
tecting lazy thinking in NLP peer reviews.

Experimental Setup

Tasks. We propose two formulations for detecting
lazy thinking in peer reviews: (i) Coarse-grained
classification: a binary task to determine if an input
segment x is lazy thinking, and (ii) Fine-grained
classification: a multi-class task to classify x into
one of the specific lazy thinking classes, ci ∈ C.
Models. Since the guidelines for NLP conferences
are mainly instructions, we explore various open-
source instruction-tuned LLMs for this task. We
experiment with the chat versions of LLaMa-2
7B and 13B (Touvron et al., 2023) (abbr. LLaMa,
LLaMaL), Mistral 7B instruct (Jiang et al., 2023)
(abbr. Mistral), Qwen-Chat 1.5 7B (Bai et al., 2023)
(abbr. Qwen), Yi-1.5 6B instruct (Young et al.,
2024) (abbr. Yi-1.5), Gemma-1.1 7B instruct (Mes-
nard et al., 2024) (abbr. Gemma), and SciTülu

7B (Wadden et al., 2024) (abbr. SciTülu).6

Prompts. Following our annotation protocol, we
prompt the LLMs with guidelines and instructions
for each round. For coarse-grained classification,
the model determines whether the input is an in-
stance of lazy thinking or not. For fine-grained
one, the model selects the best-fitting lazy thinking
class from the provided options. We test two input
types: the target segment (T) alone, or the combi-
nation of the review and target segment (RT).7

Metrics. To evaluate LLM outputs, we use both
strict and relaxed measures because LLMs some-
times do not produce exact label phrases. The
strict measure, as defined by Helwe et al. (2024),
uses regular expressions to check for matches be-
tween the gold label and predictions, reporting ac-
curacy and macro-F1 (string matching). The re-
laxed measure employs GPT-3.5 to judge whether
the provided answer is semantically equivalent to
the ground-truth class, outputting a “yes” or “no”
decision. This approach follows previous work on
evaluating free-form LLM outputs (Wadden et al.,
2024; Holtermann et al., 2024), and reports accu-
racy based on the number of “yes” responses. Both
metrics determine whether predictions are correct
or incorrect. We also performed an alignment study
on 50 responses from every model to validate the
reliability of the evaluators. We find that the string-
matching-based evaluator underestimates the cor-
rect predictions, whereas the GPT-based evaluator
overestimates them, rendering a correct balance of
lower and upper bounds for the model predictions.8

RQ1: How effective are the improved guidelines
in enhancing zero-shot performance of LLMs?

Since the first two rounds of our annotation study
are dedicated to fixing the guidelines for annota-
tions, we evaluate the understanding of the LLMs
on the same 50 instances on both annotation rounds,
i.e., rounds 1 and 2, respectively. This validates
whether the improved guidelines actually influence
the zero-shot performance of LLMs.
Modelling Approach. We prompt the LLMs for
round 1, with the definition of lazy thinking classes,
as shown in Table 1, representing the existing ARR
guidelines. For round 2, we prompt the LLMs with
the new guidelines as described in Sec §A.1 where
we added new classes and extended descriptions of

6The justification for the choice of these models, along
with implementation details, is in Appendix §A.2

7Full details are in Appendix §A.6.
8Details about the study are in Appendix §A.5.
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From: Last Minute Reviewing Advice - ACL 2017 and Purkayastha et al. (2025).
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Examples

For more examples:

https://naacl2018.wordpress.com/2018/01/20/a-review-form-faq/

• Note: the review form has changed substantially since 2018 and for your

assignment you should follow the new format
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