
Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 9569–9580
11–16 May 2026. ©ELRA Language Resources Association (ELRA), 2026

9569

Implicit Bias in Peer Review:
Through the Lens of Language Abstraction

Xulang Zhang, Rui Mao, Erik Cambria
College of Computing and Data Science, Nanyang Technological University, Singapore

{xulang.zhang,rui.mao,cambria}@ntu.edu.sg

Abstract
Peer review is essential for the scholarly publishing process. However, its credibility is increasingly brought to
questions. Bias is one of the aspects worthy of investigation. Existing research mostly focuses on predefined, explicit
bias types, which are insufficient for analyzing the myriad of implicit biases in peer review. Thus, we proposed to study
the bias in peer review through the lens of language abstraction, informed by the cognitive theories which suggest
that frequency of abstraction in descriptions plays a latent yet important role in bias transmission. Hence, we trained
a model to assess the abstraction level of text, and applied it to a review dataset to examine the connection between
abstraction and the implicit biases in peer reviews. Results show that there are indeed observable quantitative
differences in the abstraction use of reviews recommending to reject versus recommending to accept. Furthermore,
reviews for the rejected papers tend to be more abstract than ones for the accepted papers, indicating possible
transmission of implicit bias. To the best of our knowledge, our study is the first to study generalized Linguistic
Intergroup Bias in the academic text domain.
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1. Introduction

Peer review remains a crucial and indispensable
component of academic publishing, particularly for
AI conferences. However, the rapid expansion
and diversification of research communities, to-
gether with the widespread adoption of generative
AI in paper writing and reviewing (Cambria et al.,
2026), have intensified the burden on reviewers and
raised growing concerns about the system’s trans-
parency (Wicherts, 2016), arbitrariness (Brezis and
Birukou, 2020), quality (Rennie, 2016), and, most
notably, bias (Roberts and Verhoef, 2016; Tomkins
et al., 2017; Stelmakh et al., 2021). In this context,
automating bias analysis in peer reviews becomes
increasingly valuable (Nadeem et al., 2025a).

Existing NLP research on biased text mostly fo-
cuses on predefined, explicit bias, e.g., inappro-
priate language use related to gender, race, na-
tionality, etc (Hartvigsen et al., 2022; Raza et al.,
2024; Nadeem et al., 2025b). However, there are
subtler biases of varying types and manifestations
in peer reviews (Lee et al., 2013), which cannot
be encapsulated by such an approach. Instead of
tackling explicit or categorical biases, we analyze
them with a more generalized approach, measured
by abstraction to examine the usage of biased lan-
guage. The core idea of the Linguistic Intergroup
Bias (LIB) theory (Maass, 1999) is that, language
abstraction is considered to be integrally linked with
bias. This is rooted in the fact that the more abstract
a statement is, the more it suggests temporal, cross-
situational, and dispositional consistency, and the
more difficult it is to be verified and to present re-
futing evidence (Semin and Fiedler, 1988).

The LIB is first proposed as the subconscious
phenomenon that people tend to use abstract terms
to describe in-group positive and out-group neg-
ative behavior, and concrete terms for the oppo-
site (Maass et al., 1996), where the abstraction
level is measured by the Linguistic Category Model
(LCM) (Semin and Fiedler, 1991).

The theory is later extended to interpersonal sce-
narios, suggesting that differential usage of lan-
guage abstraction not only indicates the bias of
the speaker, but also contributes to bias formation
of the audience (Maass, 1999; Wigboldus et al.,
2000). Thus, in the context of peer review, it is rea-
sonable to hypothesize that, because abstraction
is generalizing and difficult to disprove, if a reviewer
is intending to rejecting a paper, they would use
comparatively more abstract terms in the review;
and that abstract reviews might transmit the bias
and have a sway on meta-reviewer’s decision.

In this work, we aim to answer the following re-
search questions:

(R1) Does the reviewer’s preference for accept-
ing/rejecting the paper manifest in the differential
use of abstraction?

(R2) Is there a distinction between the abstraction
levels of reviews for accepted and rejected papers?

(R3) Does the usage of abstractions in reviews
affect the meta-reviewer’s decision-making?

Figure 1 illustrates the analytical procedure of
this work, including model training, data processing,
and abstraction score computation. By analyzing
a public dataset with ICLR peer reviews from 2017
to 2019, we find that, reviews recommending to
reject a paper tend to be more abstract than ones
recommending to accept (R1); reviews of rejected
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R1. Does the reviewer’s preference for the 
paper manifests in the differential use 
of abstraction?
t-test and z-test on abstraction scores of 
reviews for accepting and rejecting

R2. Is there a distinction between the 
abstraction of reviews for accepted and 
rejected papers?
t-test and z-test on abstraction scores of 
reviews of accepted and rejected papers

R3. Does use of abstractions in reviews
affect the meta-reviewer’s decisions?
ANCOVA on the abstraction scores of the 
weaknesses sections

Train a model on 
annotated data to 
predict abstraction 
score

Process peer review 
data into sections: 
summary, strengths, 
weaknesses, others

Compute the 
abstraction score 
of each review 
and its section

Computational Pipeline Research Questions

Figure 1: The analytical procedure for peer review bias analysis.

papers tend to be more abstract than accepted
papers (R2); and abstraction use, particularly in
the weaknesses aspect of a review, has an effect
on whether a paper gets accepted (R3). To the best
of our knowledge, this is the first work to apply LIB
in the academic domain and the first to examine
the peer review biases from the perspective of LIB.

2. Related Work

2.1. NLP-based Bias Analysis
Currently, NLP tools are increasingly employed for
the peer review process. For instance, Ramachan-
dran et al. (2017); Ghosal et al. (2022) assessed
the quality of peer reviews by aspects such as rele-
vance, expertise, tone, length, etc. Other research
utilized Large Language Models (LLM) to assist or
even generate peer review comments (Noothigattu
et al., 2021; Dycke et al., 2022; Du et al., 2024;
Kumar et al., 2024a), though not without criticism
about their reliability and ethics (Yuan et al., 2022;
Schintler et al., 2023; Ye et al., 2024).

Bias is one of the core challenges faced by the
peer review process (Lee et al., 2013; Kuznetsov
et al., 2024). Abundant studies have been con-
ducted to investigate the various forms of bias
in peer reviews, e.g., gender (Goldberg, 1968;
Régner et al., 2019), prestige (Peters and Ceci,
1982; Tomkins et al., 2017), nationality (Ross et al.,
2006), race and ethnicity (Ginther et al., 2011;
Strauss et al., 2023), commensuration bias (Lee,
2015; Heesen, 2022), confirmation bias (Mahoney,
1977), resubmission bias (Stelmakh et al., 2021),
etc. However, most studies do not focus on texts
such as peer review comments. Limited text-based
research exists; for example, Manzoor and Shah
(2021) quantified bias in review text linked to visi-
ble identity indicators, restricted to predefined sub-
groups like gender and affiliation.

This is in accordance with the overall trends in
the NLP research community, where studies on
bias in text are primarily concerned with detecting
language use that is harmful towards certain demo-
graphics (Hartvigsen et al., 2022; Pan et al., 2023;
Raza et al., 2024; Kumar et al., 2024b; Yu et al.,
2024; Ge et al., 2025) or biased predictions (Mao
et al., 2023; Mei et al., 2024; Zhang et al., 2024;
Yeo et al., 2025; Mao et al., 2025; Zhang et al.,
2025). These works do not help in analyzing the
varying and often implicit biases in domains that
purport neutrality, such as peer review, leaving a
research gap for a more generalized approach to
bias analysis. As such, in this paper, we proposed
an approach to examine whether the text in the
review itself indicates patterns of bias.

2.2. LCM-based Bias Analysis
In psycholinguistics, language abstraction is con-
sidered to inherently express and transmit bias of
the speaker, because of its perceived high level of
stability, dispositional inference, and likelihood of
repetition (Maass, 1999). Specifically, the abstrac-
tion levels are measured by the LCM, which defines
four categories of terms. The most concrete terms
are Descriptive Action Verbs (DAV), which describe
specific, observable events such as “A hit B”. The
second most concrete category is the Interpretive
Action Verbs (IAV), which describe a specific event
in a slightly more abstract way, e.g., “A hurt B”.
The second most abstract category is the State
Verbs (SV), which describe prolonged psychologi-
cal states that go beyond a specific event, such as
“A hates B”. Lastly, the most abstract terms are the
adjectives (ADJ), which describe general, cross-
situational dispositions such as “A is aggressive”.
In bias analyses, DAVs and IAVs are considered
as concrete terms, whereas SVs and ADJs are
considered as abstract terms.
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A variety of LCM-based studies have been con-
ducted to analyze bias in different contexts, e.g.,
news articles regarding immigration (Geschke et al.,
2010; Dragojevic et al., 2017), sports and political
reports (Maass, 1999), political debates and inter-
views (Anolli et al., 2006), etc. Existing works have
attempted to automate the LCM coding process,
but they are mostly lexicon-based (Snefjella and
Kuperman, 2015; Bhatia and Walasek, 2016; Reyt
et al., 2016; Seih et al., 2017; Johnson-Grey et al.,
2020). Such an approach lacks robustness and ex-
haustiveness, as the vocabularies are limited and
cannot account for the varying word senses in dif-
ferent contexts. Thus, in this paper, we employed
pretrained language models instead to predict the
abstraction level of a given review.

3. Preliminary

In this section, we will introduce the LCM coding
schema in detail.

The LCM (Semin and Fiedler, 1988; Coenen
et al., 2006) is a framework for measuring levels of
abstraction in descriptive text. It distinguishes four
categories of abstraction terms, namely, Descrip-
tive Action Verbs (DAV), Interpretive Action Verbs
(IAV), State Verbs (SV), and Adjectives (ADJ). Note
that the definition of abstractness varies across
use cases (Coltheart, 1981; Crutch and Warring-
ton, 2005; Brysbaert et al., 2014), and LCM defines
a specific taxonomy of abstraction for the purpose
of cognitive and interpersonal bias analysis.

The most concrete terms in LCM are DAVs, which
provide a concrete and objective description of a
specific behavioral event. Specifically, all actions
that a DAV can describe invariantly share a physi-
cal feature. For instance, all the actions that “talk”
can be applied to involve the physical feature of
the mouth. Examples of DAV include: walk, read,
dance, ask, talk, discuss and more.

IAVs are slightly more abstract as they describe
a larger class of behaviors, although they maintain
a clear reference to a specific behavior in a specific
situation. They differ from DAV in that they do not
share an invariant physical aspect, i.e., it is difficult
to have a clear visualization of the behavior they
refer to. Examples of IAV include: do, have, make,
study, exercise, follow, attend, review, and more.

The most abstract verb category is SV, which
describes lasting psychological states that gen-
eralize beyond specific situations and behaviors.
These states can be either cognitive or affective,
and cannot be objectively verified. Examples of
SV include: think, understand, know, love, hate.
Additionally, there is a special type of action verbs
that are coded as SV. These verbs express an emo-
tional consequence of a specific action, such as
angered, feared, surprised, and more.

Train Dev Test
No. of samples 1,939 718 719
No. of 0s 23 8 5

Table 1: The LCM-based dataset used for model
training and testing. No. of 0s denotes the number
of samples invalid for LCM coding.

Lastly, the most abstract category in LCM is ADJ,
which includes adjectives and adverbs describing
a general disposition that applies across situations,
behaviors, and objects. Examples of ADJ include:
helpful, honest, reliable, aggressive, softly, lovingly,
and more.

Generally, in bias analyses, DAVs and IAVs are
considered as concrete terms, whereas SVs and
ADJs are considered as abstract terms. For the
abstraction score calculation, they are assigned the
weights 1, 2, 3, and 4, respectively. The abstrac-
tion score of a given sentence is computed as the
weighted sum of their occurrences:

abst = DAV + 2 · IAV + 3 · SV + 4 · ADJ
DAV + IAV + SV + ADJ ,

where DAV, IAV,SV, and ADJ denote the number
of terms from each category in the sentence.

4. Materials

Data for Training. To train the model for abstrac-
tion scoring, we employed the data from Johnson-
Grey et al. (2020), which consists of multiple sub-
datasets containing text manually annotated with
abstraction scores according to the LCM man-
ual (Coenen et al., 2006). Specifically, we used
the Study 1 dataset for training, and randomly di-
vided the Feature dataset in half for validation and
testing. Details are shown in Table 1.
Data for Analyses. To investigate implicit bias and
lanugage abstraction in peer review, we employed
the ICLR dataset (Chakraborty et al., 2020), which
contains 8,151 reviews for 5,289 ICLR submissions
from 2017, 2018, and 2019, including the ratings
and decisions. For the purpose of this study, we
utilized the deepseek-chat(v3) API1 to sort the sen-
tences in each review into four categories: sum-
mary of the paper, strengths, weaknesses, and
other comments, as it is proven to demonstrate
reliable text classification capabilities (Etaiwi and
Alhijawi, 2025; Gao et al., 2026). Additionally, for
the purpose of our analysis, we define a review
as recommending acceptance when the rating is
above 6, and recommending rejection when be-
low 5. The rest are considered borderline cases.
Details are shown in Table 2.

1platform.deepseek.com

platform.deepseek.com
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Total Recommend to accept Recommend to reject Borderline Accepted Rejected
8,151 2,291 2,341 3,519 3,147 5,004

Table 2: Details of the ICLR dataset, indicating the number of reviews of papers that are recommending
to accept, recommending to reject, and borderline, as well as the number of reviews of papers that are
accepted and rejected.

5. Methodology

In this section, we will introduce how we train an ab-
stract scoring model using LCM-based annotated
data. An illustration of the proposed model is shown
in Figure 2.

Encoder

w

Binary Classifier

Regression Model

f = False

s∈[1,4]

s = 0

f = True

v

Figure 2: An illustration of the abstract scoring
model. w denotes the input text, v denotes the
embedding, f denotes the binary flag, and s de-
notes the predicted abstraction score.

As introduced in Section 3, according to the LCM
manual (Coenen et al., 2006), the abstraction score
is a continuous value between 1 and 4. In the case
where the input is not qualified to be coded by LCM,
the score is set to 0. Therefore, our model is a
two-step pipeline where a binary classifier detects
whether the input is valid for LCM coding, and a re-
gression model outputs the abstraction score when
valid.

Specifically, given an input w, a RoBERTa-
base (Liu et al., 2019) encoder outputs its embed-
ding:

v = Encoder(w).

The embedding is fed into two Feedforward Net-
works (FFN) to obtain the binary flag f :

f = Sigmoid(FFN b
2(ReLu(FFN b

1(v)))).

When f is true, the embedding v is fed through
two FFNs and a sigmoid to obtain the continuous
score s ∈ [1, 4]:

s = 1 + 3 · Sigmoid(FFNr
2 (ReLu(FFNr

1 (v)))).

The binary classifier is optimized by Binary
Cross-Entropy loss, and the regression model by
Mean Squared Error loss.

The model is trained for 20 epochs using the
AdamW optimizer (Loshchilov, 2017). Batch size is
set to 16. Learning rate is set to 1e-5. The model
achieved 80.12% R2 score on the test set.

We then applied our model on the ICLR dataset
to obtain the abstraction scores of the sections and
the entirety of each review, shown in Section 6. We
conducted human evaluation on 100 randomly se-
lected samples, where two 2 annotators score the
input sentences guided by the LCM manual (Co-
enen et al., 2006). Disagreements are resolved via
discussions, with a 0.9 Cohen’s Kappa. The model
achieved 76.83% R2.

6. Results

6.1. Analysis on Recommendations

To investigate how language abstraction correlates
with reviewers’ recommendations (R1), we con-
ducted two-sample t-tests and z-tests on the ab-
straction scores of comments in different categories
to examine whether there is a difference among the
distributions of abstraction scores of reviews rec-
ommending acceptance and rejection. We adopted
both statistical measures to ensure the robustness
of the population variance assumptions. We dis-
carded the Borderline reviews in this experiment
due to their ambivalent preferences. The means
and standard deviations are shown in Table 3.

Results show that the reviews recommending
to accept (M = 3.285, SD = 0.141) are less
abstract than the ones recommending to reject
(M = 3.298, SD = 0.142), with t = −3.126, z =
−3.117, both p < 0.05. Sentences in summary
are more abstract when recommending to accept
(M = 3.313, SD = 0.181) than to reject (M =
3.304, SD = 0.194), with t = 1.632, p < 0.05. Sen-
tences in strengths are also more abstract when
recommending to accept (M = 3.405, SD = 0.289)
than to reject (M = 3.371, SD = 0.287), with
t = 4.017, z = 4.006, both p < 0.05. In contrast,
sentences in weaknesses are less abstract when
recommending to accept (M = 3.298, SD = 0.294)
than to reject (M = 3.342, SD = 0.293), with
t = −5.101, z = −5.086, both p < 0.05. Other com-
ments in the reviews recommending to accept a pa-
per (M = 3.263, SD = 0.178) are also less abstract
than recommending to reject (M = 3.275, SD =
0.153), with t = −2.458, z = −2.452, both p < 0.05.
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Recommend to accept Recommend to reject Average
M SD M SD M SD

Summary 3.313 0.181 3.304 0.194 3.307 0.189
Strengths 3.405 0.289 3.371 0.287 3.384 0.288
Weaknesses 3.298 0.294 3.342 0.293 3.325 0.294
Others 3.263 0.178 3.275 0.153 3.270 0.163
Total 3.285 0.141 3.298 0.142 3.293 0.141

Table 3: Means (M) and Standard Deviations (SD) of the abstraction scores of different categories of
sentences in the reviews that recommend to accept or reject.

Accepted Rejected
M SD M SD

Summary 3.311 0.179 3.301 0.201
Strengths 3.395 0.268 3.376 0.289
Weaknesses 3.292 0.291 3.330 0.286
Others 3.268 0.117 3.278 0.126
Total 3.284 0.142 3.295 0.146

Table 4: Means (M) and Standard Deviations (SD)
of the abstraction scores of different categories of
sentences in the reviews of accepted and rejected
papers.

6.2. Analysis on Decisions
To investigate whether the abstraction level of the
reviews correlates with whether a paper is rejected
or not (R2), we conducted t-tests and z-tests on
the abstraction scores of review sentences of the
accepted papers and the rejected papers (Table 4).
Results indicate that reviews from the accepted pa-
pers (M = 3.284, SD = 0.142) are significantly less
abstract than the rejected ones (M = 3.295, SD =
0.146), with t = −3.368, z = −3.368, both p < 0.05.
The summaries in the reviews from the accepted
papers (M = 3.311, SD = 0.179) are more abstract
than the rejected ones (M = 3.301, SD = 0.201),
with t = 2.340, z = 2.341, both p < 0.05. The
strengths described in the reviews from the ac-
cepted papers (M = 3.395, SD = 0.268) are more
abstract than the rejected ones (M = 3.376, SD =
0.289), with t = 3.022, z = 3.023, both p < 0.05.

On the other hand, the weaknesses described
in the reviews from the accepted papers (M =
3.292, SD = 0.291) are less abstract than the
rejected ones (M = 3.330, SD = 0.286), with
t = −5.778, z = −5.778, both p < 0.05. The
other comments from the accepted papers (M =
3.268, SD = 0.117) are significantly less abstract
than the rejected ones (M = 3.278, SD = 0.146),
with t = −3.408, z = −3.408, both p < 0.05. Overall,
the trends of abstraction remain the same as the
reviewers’ recommendations. Interestingly, from
Avg in Table 3, we found that the strengths in the
reviews are described with significantly more ab-
straction than the weaknesses, regardless of the
recommendations and the decisions.

Furthermore, from both Tables 3 and 4, we
observe that while strength is the most abstract
category, summary is more abstract than weak-
nesses in reviews recommending to accept (t =
2.079, p < 0.05) and in Accepted (t = 3.119, p <
0.05); whereas summary is less abstract than
weaknesses in reviews recommending to reject
(t = −5.232, p < 0.05) and in Rejected (t =
−5.868, p < 0.05); other comments is always the
most concrete category. Notably, the difference
of abstraction scores of summary in recommenda-
tions (∆ = 0.009) and decisions (∆ = 0.010) are
much smaller than the weaknesses (∆ = 0.044) for
recommendations and ∆ = 0.038 for decisions).
These suggest that the distributions of abstrac-
tion scores of the weaknesses aspect for opposing
recommendations/decisions are distinctly different
than others. The different distributions for accepted
and rejected papers are shown in Figure 3.

To further investigate whether the abstraction
level of the reviews affects the meta-reviewers’ de-
cisions (R3), we perform ANCOVA (Analysis of Co-
variance) with binary logistic regression, where the
abstraction score of weaknesses as the indepen-
dent variable, the decision (Accepted, Rejected)
as the dependent variable, and the recommenda-
tion (reviews recommending to accept, reject, and
borderline) as a covariate. The overall model is sta-
tistically significant, χ2(3) = 3195.6, p < 0.05, with
pseudo-R2 = 0.294. To investigate R3, we found
that the abstraction score of weaknesses had a
small but significant negative effect on whether a
paper is accepted or not (β = −0.042, SE = 0.021,
z = −2.026, p < 0.05), after controlling for the rec-
ommendation. This suggests that, accounting for
the impact of reviewers’ scoring, there could be a
higher chance of the paper being rejected when
the weaknesses in the reviews are described ab-
stractly, which aligns with the LIB’s intuition that
abstract statements are cognitively harder to refute
with evidence.

6.3. Case Study
We examined a rejected paper and an accepted
paper with polarizing ratings. The full reviews are
shown in Table 6 and Table 7, respectively. The av-
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Decision Rating Summary Strengths Weaknesses Others Total Human

Reject
9 3.348 3.480 3.078 2.055 3.171 2.900
4 3.394 3.519 3.422 3.047 3.326 3.238
3 3.158 3.636 3.338 3.046 3.301 3.156

Accept
3 2.620 3.545 3.467 2.919 3.372 3.296
6 2.999 3.543 3.348 2.907 3.075 2.973
6 3.172 3.388 2.991 3.046 3.086 2.990

Table 5: The average abstraction scores of the reviews of a rejected paper and an accepted paper.
Human indicates the abstraction scores of the entire review manually given by human annotators.

Review #1 (rating = 9):
this is a good paper. first of all, it presents a large-scale corpus for visual speech recognition. second, it demonstrates a visual speech
recognition system based on open-vocabulary that gives the state-of-the-art recognition accuracy. the paper is very well written and all the
technical details are clearly laid out. i, for one, would like to thank the authors for this meticulous work to the community. this is by far the
largest dataset and the most impressive performance for vsr i have even seen in the asr/vsr community. i enjoyed reading this paper. i extend
this review based on the replies. one of the arguments is that the work presented in this paper is a great success in engineering but it lacks
technical novelty and therefore can not be accepted by the conference, which i think otherwise. first of all, the authors put together a very
detailed and carefully designed technical pipeline for creating a very large visual speech recognition dataset, which is a valuable contribution
to be community. (i assumed that the databset will become available to the community when reviewing the paper, which turned out not to be
totally accurate. my apologies. i do hope the dataset will be made public. this is a major reason i gave a high score.) second, the authors
have built systems that give the state-of-the-art performance on visual speech recognition. although the models and architectures are already
out there, the impressive performance itself is an impact to the field. this is not simply achieved by piling in a large amount of data (although it
does play a role). this is a system paper but its impact and its performance should at least get it in to the conference.
Review #2 (rating = 4):
the paper presents a non-trivial data processing pipeline, a large data set, and a system based on ctc and fsts for automatic lipreading from
videos. the review of the previous work is comprehensive. the authors are also awared of the state of the art in speech recognition, a highly
related task. the collection of the data set is definitely a contribution, but other than that, the technical novelty is scarce, since all of the
techniques have been proposed either in lipreading from video or in speech recognition. the numbers in table 1 are impressive, but it is
hard to tell where the improvement is coming from. it is worth running a few more experiments a) with the label set fixed while changing
the network architecture b) with the network architecture fixed while changing the label set c) with the network and the label set fixed while
changing dropout or group normalization. seq2seq is an odd child in this case, because you cannot really compare it to other settings. the
result in table 2 is also impressive, but it would be nice to have the proposed system trained on lrs3-ted and compare against tm-seq2seq. it
is generally a consensus that a large model paired with a large amount of data gives you improvement, and this type of improvement is not
considered a contribution. it is then the authors’ responsibility to have a comprehensive experiments showing that the improvement is not just
due to having a larger model and more data. here are some minor details: p.6. note that there must be a blank between the ’e’ characters to
avoid collapsing ... –>this is actually not true, at least not in the original ctc formulation, where removing the duplicates and blanks have
to be done in that order. to explain why modeling characters with ctc is problematic, ... –>this argument is not theoretically sound, so the
question is does this happen in practice? the loss only measures at the independence level, but this doesn’t prohibit the network to learn
dependencies before the loss.
Review #3 (rating = 3):
the paper presents a large-scale lipreading system - no surprises there. this is good work and probably the strongest general purpose
lip-reading system out there at this time, but i don’t see both the work and the paper as a good fit for iclr. the authors take a large corpus of
youtube videos (on which google has already trained direct acoustics-to-word speech recognizers, and which is manually transcribed), filter it,
and extract regions that can be used for lipreading. they then describe a scalable preprocessing, and train a phone-based acoustic model
using ctc. they seem to be using the (miao et al., 2015) and google wfst based decoding framework, and achieve a word error rate of ca 40%.
that is impressive, but i don’t see any novelty here, and the paper is full of contradictions, and leaves some important open questions: - the
authors argue for "phonemes and ctc", and no speech person would disagree with them; in fact (miao et al., 2015) and many other papers
show that the wers with a good phoneme based dictionary in english are lower than with a character based model. it’s just easier if one does
not need a dictionary. - why are the authors not using a viseme dictionary, or map their phoneme dictionary to a viseme dictionary. in visual
space, their own "homonym" argument applies, too, and "mop" (or "mom") and "pop" should be mapped to the same "viseme" sequence -
and the resulting uncertainty should be handled by the decoder, and not the classifier. - how did the authors generate the one million word
phoneme vocabulary? even google used around 100,000k words in their whole-word experiments, if i remember correctly? what happens if
the authros reduce the vocabulary? could you provide some error analysis or at least deletions/ insertions/ substitutiosn, and compare them
against an audio system? - lipnet and the proposed architecture seem to be very similar - maybe you could provide some insight into which
changes made the biggest difference? - is the data going to be available? - what is a "production-level speech decoder"? how come your
model "is the first to combine a deep learning-based phoneme recognition model with production-grade word-level decoding techniques" if
google does essentially the same ("in production")? - in section 1, you say that "by design, the trained model only performs well when videos
are shot at specific angles when a subject is facing the camera, [...] it does not perform well in other contexts". in section 5, you demonstrate
the "generalization power of our v2p approach"and find that it "is able to generalize well" - please clarify - "speech impaired patients" often
have non-canonical articulation, the proposed system may not work well for them - it would be interesting to also know the absolute levels of
insertions/ deletions/ substitutions for words and/ or phonemes, and for the audio only and visual systems, to be able to diagnose what the
problems are. - finally, figure 10 is really hard to view - i’d be happy to be shown fewer faces, the main message is that the quality of the face
detection is really good?

Table 6: Case study material of the rejected paper.

erage abstraction scores of each aspect of the two
studied cases are shown in Table 5. The human-
annotated abstraction scores are given by two an-
notators based on the LCM manual, and disagree-
ments are resolved through discussions. From Ta-
ble 5, we can see that for the rejected paper, the
abstraction score of the review recommending to
accept (Rating=9) is lower than the ones recom-
mending to reject (Rating=4 and Rating=3).

The abstraction scores of weakness in the re-
views recommending rejection are much higher
than those recommending acceptance. These are
consistent with the trends observed in Sections 6.1
and 6.2. The score of the strength section of the
review recommending acceptance is the highest
among all its aspects, but lower than the reviews
recommending rejection, which could be attributed
to individual differences in abstraction use.
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Review #1 (rating = 3):
update: from the perspective of a \"broader ml\" audience, i cannot recommend acceptance of this paper. the paper does not provide even a
clear and concrete problem statement due to which it is difficult for me to appreciate the results. this is the only paper out of all iclr2019
papers that i have reviewed / read which has such an issue. of course for the conference, the area chair / program chairs can choose how to
weigh the acceptance decisions between interest to the broader ml audience and the audience in the area of the paper.
———————————————————————————————————————————
this paper addresses the problem that often features are obtained as a set, whereas certain orders of these features are known to allow for
easier learning. with this motivation the goal of this paper is to learn a permutation of the features. this paper makes the following three
main contributions: 1. the idea of using pairwise comparison costs instead of position-based costs 2. the methodological crux of how to go
from the pairwise comparison costs to the permutation (that is, solving eqn. 2) using eqn. (1) ) 3. an empirical evaluation i like the idea
and the empirical evaluations are promising. however, i have a major concern about the second contribution on the method. there is a
massive amount of literature on this very problem and a number of algorithms are proposed in the literature. this literature takes various forms
including rank aggregation and most popularly the (weighted) minimum feedback arc set problem. the submitted paper is oblivious to this
enormous literature both in the related work section as well as the empirical evaluations. i have listed below a few papers pertaining to various
versions of the problem (this list is by no means exhaustive. with this issue, i cannot give a positive evaluation of this submitted paper since it
is not clear whether the paper is just re-solving a solved problem. that said, i am happy to reconsider if the related work and the empirical
evaluations are augmented with comparisons to the past literature on the methodological crux of the submitted paper (e.g., why off-the-shelf
use of previously proposed algorithms may or may not suffice here.) unweighted feedback arc set: a fast and effective heuristic for the
feedback arc set problem, eades et al. efficient computation of feedback arc set at web-scale, simpson et al. how to rank with few errors,
kenyon-mathieu et al. aggregating inconsistent information: ranking and clustering, ailon et al. hardness results: the minimum feedback arc
set problem is np-hard for tournaments, charbit et al. weighted feedback arc set: a branch-and-bound algorithm to solve the linear ordering
problem for weighted tournaments, charon et al. exact and heuristic algorithms for the weighted feedback arc set problem: a special case of
the skew\u2010symmetric quadratic assignment problem, flood approximating minimum feedback sets and multicuts in directed graphs, even
et al. random inputs: noisy sorting without resampling, braverman et al. stochastically transitive models for pairwise comparisons: statistical
and computational issues, shah et al. on estimation in tournaments and graphs under monotonicity constraints, chatterjee et al. survey
(slightly dated): an updated survey on the linear ordering problem for weighted or unweighted tournaments, charon et al. convex relaxation of
permutation matrices: on convex relaxation of graph isomorphism, afalo et al. facets of the linear ordering polytope, grotschel.
Review #2 (rating = 6):
the authors introduce a method to learn to permute sets end-to-end. they define the cost of a permutation as the sum of pairwise costs
induced by the permutation, where the pairwise costs are learned. permutations are made differentiable by relaxing them to doubly stochastic
matrices which are approximated with the sinkhorn operator. in the forward pass of the algorithm, a good permutation (ie one with low cost) is
obtained with a few steps of gradient descent (the forward pass itself contains an optimization procedure). this permutation is then either
used directly as the output of the algorithm or is used to permute the original inputs and feed the permuted sequence to another module (such
as an rnn or a cnn). the method can easily be adapted to other structures such as lattices by considering row-wise and column-wise pairwise
relations. the proposed method is benchmarked on 4 tasks: 1. sorting numbers, where they obtain very strong generalization results. 2.
re-assembling image mosaics, on which they obtain encouraging results. 3. image classification through image mosaics. 4. visual question
answering where the permuted inputs are fed to an lstm whose final latent state is fed back into the baseline model (a bilinear attention
network). doing so improves over feeding the inputs to an lstm without learning the order.for which the output is the permutation itself and
classification from image mosaics and visual question answering which require to learn an implicit permutation. the method is most similar to
learning latent permutations with gumbel-sinkhorn networks (mena et al) but considers pairwise relations when producing the permutation.
this can have important advantages (such as taking local relations into account, as shown by the strong sorting results) but also drawbacks
(inability to differentiate inputs with similar content), but in any case this represents a good step towards exploring with different cost functions.
the method can be quite unpractical (cubic time complexity in set cardinality, optimization in forward pass, having to preprocess the set into a
sequence for another module can be resource expensive). experimental results on toy tasks (tasks 1, 2 and 3) are encouraging. the approach
improves over a relatively strong baseline (task 4) although it isn’t clear that it would still hold true when controlling for number of parameters
and compute. i have a few comments about the presentation (for which i would be willing to change my score to a 6): - when possible, please
use the numbers reported by mena et al and consider reporting error (instead of accuracy) as they do to ease comparison. the results that
you report using their method are quite worse than what they report, so i think it would be fair to include both your reimplementation and the
initial results in the table. - it would be interested to have some insights on what function f is learned (for the sorting task and re-assembling
image mosaics for example).- clarity would be improved with figures representing which neural networks are used at what part of the process.
###########################################
updated review: the authors have greatly improved presentation and have addressed concerns about the increase in parameters and
computation time. i have changed my score to a 6.
Review #3 (rating = 6):
this paper proposed an interesting idea of learning representations of sets by permutation optimizations. through learning a permutation
of the elements of a set, the proposed algorithm can learn a permutation-invariant representation of that set. to deal with the underlying
difficult combinatorial optimization problem, the authors proposed to relax the optimization constraints and instead optimize over the set
of doubly-stochastic matrices with reparameterization using the sinkhorn operator. the cost function of this optimization is related to a
pairwise ordering cost, which compares the order for each pair of the elements. the idea of using pairwise comparison information to learn
permutations is interesting. the total cost function utilizes the comparison information and optimization over this cost function can lead to a
permutation-invariant representation of the set. the idea of using the sinkhorn operator to reparameterize the doubly-stochastic matrices
makes the optimization objective differentiable. also, the experiment results compared with some baseline algorithms showed the success of
the proposed methods in many different tasks. my major concern of the proposed method is on whether this method can be applied to large
sets. since the algorithm compares all pairs of elements in the set, we need o(n^2) comparisons for a set of size n and hence the proposed
method might be slow if n is large. is it possible to improve the efficiency for large sets? questions and suggestions: 1. since the authors
wants to approximately solve the objective function in equation (2), it is better if we can see a proof showing why this optimization problem is
difficult. 2. for the experiment in section 4.2, it seems that all methods (including the proposed methods and the baseline methods) are not
performing well if the images are split to at least 4 * 4 equal-size tiles. i understand that currently the authors applied their method to the case
of grid permutation by simply adding all cost functions of all rows and columns. is it possible to extend the proposed method to the grid case
in another way so that the results under this setting is better? 3. it will be better if the authors can propose some more insights (probably
with some theoretical analysis) when can the po-u method performs better and when can the po-la method performs better. 4. the authors
mentioned that, the proposed method can get good permutations even for only t=4 steps. what if we continue running the algorithm? will the
permutation converges stably? 5. the authors proposed to update the permutation matrix parameters in an alternative way (equation (7)) and
mentioned that this update works significantly better in the experiments. it will be great if the authors can have a theoretical analysis on why
this is true since p and \\tilde p can be quite different from each other for an arbitrary \\tilde p matrix. minor comment: i think there is a typo in
equation (5). the entry \\tilde p_{pq} is related to not only the entry p_{pq}, but also the other entries of the matrix p. hence, i think equation
(5) should be modified as a matrix multiplication.

Table 7: Case study material of the accepted paper.
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Figure 3: abstraction scores of weaknesses in the
reviews of accepted and rejected papers (* denotes
p < 0.05).

It can also be seen that for the accepted paper,
the abstraction scores of the entirety and of the
weaknesses of the review recommending to re-
ject (Rating=3) are both higher than the ones of
the other two borderline reviews (Rating=6), which
aligns with the observation that reviews recom-
mending to reject tend to be more abstract, es-
pecially for the weaknesses section (Section 6.1).

Comparing the two papers, it can be observed
that the average abstraction score of the reviews for
the rejected paper (M = 3.266) is higher than the
average of the accepted paper (M = 3.178). The
average abstraction score of the weaknesses as-
pects of the rejected paper (M = 3.279) is also
higher than the average of the accepted paper
(M = 3.269), reflecting the trends observed in Sec-
tion 6.2. Hence, we can see that quantitatively,
the reviews recommending rejection made a more
abstract and convincing case that may lead to the
paper being rejected.

Comparing the human-annotated scores, we can
see that the trend of abstraction level observed
from the model-predicted scores aligns with human
evaluation. However, on the whole, the human-
annotated scores tend to be lower than the model-
predicted ones. This is likely because in the re-
views, there are a lot of AI and machine learning
jargons that contain adjectives, which by the def-
inition of the LCM should not be counted as ADJ,
e.g., ”neural" in ’’neural network". As the training
data is not from the AI research domain, the trained
model might not be able to distinguish such adjec-
tives, thus leading to overall higher abstraction level
estimates.

We hypothesize that by adding a small amount
of domain-specific data for fine-tuning, the model
would yield more accurate predictions. Since all
reviews contain various such jargons, we believe
statistically it averages out and does not diminish
the trends observed. Furthermore, as seen in Re-
view #2 and #3 in Table 6, some reviews contain
quotes from the paper, which are not statements
made about the reviewed paper and thus would
affect the abstraction score. Employing a filter to
exclude such quotes could further improve the scor-
ing accuracy.

7. Discussion

From the t-test and z-test results of Section 6.1, we
find that with statistical significance, the reviews
recommending to reject a paper are more abstract
than the ones recommending to accept, which sup-
port our hypothesis in R1. A closer examination of
the different aspects of reviews indicates that the
strengths part of reviews recommending to accept
is more abstract than the ones recommending to
reject, whereas the opposite occurs for the weak-
nesses part in the reviews. These findings are
consistent with the intuition that reviewers tend to
use more abstract terms to describe the aspects
that affirm their decisions, due to the generalizing
and elusive nature of abstraction, which is also in
line with the interpersonal theory of LIB.

Furthermore, the t-test and z-test also suggest
that the summary parts are more abstract in the
reviews recommending acceptance, while the other
comments are more abstract in the reviews recom-
mending rejection. The former is likely because
when preferring to accept, reviewers tend to use
more adjectives to qualify the methods proposed
by the paper in their summary, e.g., “the paper
proposed a novel and effective model that . . . ",
whereas concrete outlining of the methodology
would be used when preferring to reject.

For the latter, we hypothesize that this phe-
nomenon occurs because the other comment sec-
tions generally contain questions, suggestions, and
justifications. Thus, reviewers tend to give more
concrete, actionable advice for papers they recom-
mend to accept, and raise questions with a higher
abstraction level, i.e., harder to counter, for the ones
they recommend to reject.

Additionally, from Table 3, it can be observed that
the strengths obtain higher abstraction scores than
all other aspects regardless of the recommendation
preferences. It is likely because in peer review,
reviewers are not inclined to detail what the authors
did well, which aligns with previous findings in LIB
studies for certain journalistic domains (Maass,
1999).
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The t-test and z-test results of Section 6.2 show
that the same trends of abstraction usage occur
for different aspects of reviews in accepted and re-
jected papers, which affirms the research question
R2. Interestingly, as mentioned in the section, while
the strengths and the other comments remain the
most and the least abstract aspect across all review
types, for reviews recommending rejection and of
rejected papers, the weaknesses are the second
most abstract aspect; whereas for reviews recom-
mending acceptance and of accepted papers, the
weaknesses are the second least abstract aspect.
This suggests that the abstraction score of weak-
nesses is the most prominent signifier of biased
language use, as shown in Figure 3.

Moreover, with the ANCOVA results, we can fur-
ther conclude that, although the recommendations
(rating scores) of reviews affect the meta-reviewer’s
decision, statistical significance suggests that us-
age of abstraction in the weakness aspect of re-
views may also play a potential role in the final
decision (R3), indicating that implicit biases are
transmitted through language abstraction, in accor-
dance with LIB.

Since the use of language abstraction is gener-
ally not consciously controlled (Maass, 1999), it is
worth exploring how this form of bias transmission
may be mitigated for future works. For instance, the
abstraction score of a review could be used as an in-
dicator for reviewers and meta-reviewers to assess
whether the review contains enough concrete argu-
ments for its recommendation. Furthermore, auto-
mated review rewriting tools could be developed to
decrease the abstraction level of reviews so as not
to transmit implicit bias to the meta-reviewers.

8. Limitations

In this paper, we only focus on implicit linguistic
interpersonal bias as defined by the LIB theories.
There are many types of bias present in the peer re-
view process, e.g., stereotypes and affiliation bias,
as introduced in Section 2. These are all important
aspects of bias research, but falls outside of the
scope of this study.

Additionally, since the data we trained and tested
our model on are not produced in the academic
writing setting, the quality of the abstract scores
outputted by the model is not quite leveled with the
standard of human scoring, as indicated by results
reported in Section 5 and Section 6.3.

Lastly, the findings of the paper are based on
the experiments on the ICLR dataset. In future
works, we will investigate their generalizability on
peer review datasets in different scientific domains
and distributions.

9. Ethics Considerations

The data and models involved in this paper are
based on public corpora that do not contain pri-
vate data nor offensive content. Our method is
proposed for researching linguistic intergroup and
interpersonal bias, and should not be used outside
of research contexts. Our method should not be
used for bias analysis on any individual’s or group’s
private texts without their consent.
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