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Recent advances in Large Language Models (LLMs) show the potential to significantly augment or even
replace complex human writing activities. However, for complex tasks where people need to make decisions
as well as write a justification, the trade offs between making work efficient and hindering decisions remain
unclear. In this paper, we explore this question in the context of designing intelligent scaffolding for writing
meta-reviews for an academic peer review process. We prototyped a system called “MetaWriter” trained on
five years of open peer review data to support meta-reviewing. The system highlights common topics in the
original peer reviews, extracts key points by each reviewer, and on request, provides a preliminary draft of
a meta-review that can be further edited. To understand how novice and experienced meta-reviewers use
MetaWriter, we conducted a within-subject study with 32 participants. Each participant wrote meta-reviews
for two papers: one with and one without MetaWriter. We found that MetaWriter significantly expedited the
authoring process and improved the coverage of meta-reviews, as rated by experts, compared to the baseline.
While participants recognized the efficiency benefits, they raised concerns around trust, over-reliance, and
agency. We also interviewed six paper authors to understand their opinions of using machine intelligence to
support the peer review process and reported critical reflections. We discuss implications for future interactive
AT writing tools to support complex synthesis work.
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1 INTRODUCTION

Peer review is a key cornerstone of academic research [66]. The peer review process helps improve
the research quality by providing feedback and an assessment of the paper [40, 72]. While the
rapid increase in paper submissions can be viewed as a positive indicator of scientific progress, it
has also created a burden on the peer review process [57, 72, 79]. Reviewers have to take on more
submissions which can lead to a slower process, inconsistencies [76], and potential biases [49, 73].

Skyrocketing paper submissions also increase the burden and challenges for meta-reviewers [7].
In many academic communities, papers are evaluated by several reviewers and followed by a
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Abstract: Models that output a vector of responses given some inputs, in the form of a conditional mean vector, are at the core of machine learning. This includes neural
networks such as the multilayer perceptron (MLP). However, models that output a symmetric positive definite (SPD) matrix of responses given inputs, in the form of a
conditional covariance function, are far less studied, especially within the context of neural networks. Here, we introduce a new variant of the MLP, referred to as the matrix
MLP, that is specialized at learning SPD matrices. Our construction not only respects the SPD constraint, but also makes explicit use of it. This translates into a model which
effectively performs the task of SPD matrix learning even in scenarios where data are scarce. We present an application of the model in heteroscedastic multivariate
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Fig. 1. MetaWriter interface. Users can: (a) toggle the tags to highlight specific aspects; (b) hover over the
extracted sentences for each review and the corresponding sentence will be highlighted; (c) see or hide the
generated draft using the toggle button; (d) review the three original independent reviews; (e) make a final

decision and write their meta-review.

“meta-review” that summarizes the reviews and offers a final decision. Meta-reviewers typically
need to assign the reviewers, understand the core idea of the paper, make sense of each reviewer’s
opinions, resolve conflicts between reviewers, write a meta-review that synthesizes viewpoints
across reviewers, and make a final decision with sufficient justifications for the paper’s authors to
understand the decision and iterate on their work. Writing a high-quality comprehensive meta-
review with a well-justified decision is a challenging and complex work [72].

Considering the rapid growth of many academic communities, it is common for relatively new
researchers to engage with the meta-review process. One strategy to help less experienced meta-
reviewers is to provide scaffolding, an instructional strategy for guiding learners via examples,
templates, and hints [19, 37, 69]. Prior work showed that scaffolding through examples and tem-
plates, if done effectively, can help learners perform similarly to experts, such as writing more
effective feedback [95]. Many systems explored how to scaffold better writing, including details like
grammar and spelling [1], but also higher-level thinking. For instance, the LetterSmith system used
a “scaffolded annotation” approach to break down writing tasks into manageable key components
together with annotated expert examples, in order to apply the best practices of professional writing

in a new genre [36].

Advances in Al have the potential to enhance scaffolding for complex tasks like writing; as
shown in recent research, text editors can now generate new ideas [27], create metaphors [26, 46]
or story lines [92-94], summarize long text and rewrite sentences [3] or extend a seed of story into
longer writing [4]. Despite recent successes, researchers have raised concerns about Al scaffolding
trying to assist too much or creating risks for high-stakes contexts like job hunting [36]. Many
modern Al systems leverage large language models (LLMs) that are known to have limitations,
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such as a tendency to output contradictory or contrived information [55], which can lead to distrust
or misuse [41].

Harnessing Al-based scaffolding in any domain requires a holistic understanding of the work
context and potential trade-offs. Our research explores how Al scaffolding can impact the meta-
reviewing experience: Can it increase the quality of meta-reviews while maintaining the reviewer’s
sense of agency and independence? Can it provide opportune guidance for inexperienced reviewers?
What benefits and concerns are raised by reviewers and authors?

To answer our research questions, we developed a prototype called MetaWriter ', as shown in
Figure 1, to support the meta-reviewing process using text-based machine-learning techniques. We
draw insights from the prior literature on scaffolding and human-Al collaboration to motivate three
design goals: scaffold inexperienced meta-reviewers, preserve agency, and mitigate bias. To address
these design goals, Metawriter implements: (1) automated tagging to highlight review content
related to expert criteria for evaluation (e.g., passages that speak to the originality of the research),
(2) extractive summarization to stage a process to compare and synthesize key sentences in the
independent reviews, and (3) a generative model that automatically writes a preliminary draft of a
meta-review tuned based on the reviews, as well as the paper title and abstract; to preserve a sense
of agency around this feature, users must explicitly request the draft and borrowing any text from
the draft requires manual copy and paste.

To evaluate MetaWriter, we conducted a mixed-method study to understand how the system
impacts performance and to uncover the perspectives of primary and secondary stakeholders (i.e.,
potential meta-reviewers and authors). In a within-subjects study, 32 participants who had prior
experience writing reviews but little experience with meta reviewing, wrote meta-reviews for
two papers in a counterbalanced fashion: one using the MetaWriter system and one using the
same writing interface but without machine support. We found that the MetaWriter system led
participants to produce meta-reviews that significantly covered more points raised by independent
reviewers, summarized the paper idea better, and provided better justifications for their decisions.
MetaWriter also reduced the time for participants to generate final meta-reviews compared to
the baseline editor. While participants used the key features in MetaWriter differently, they all
preferred it over the baseline editor.

However, some participants expressed concerns about over-reliance and the potential for bias to
creep in, especially when they considered how others might abuse the system. Participants reported
that the machine-generated draft improved their meta-reviewing efficiency, but sacrificed some
agency in the writing process. When comparing participants with some prior experience in meta-
reviewing to those who never played this role before, we found that inexperienced meta-reviewers
benefited significantly more in terms of covering reviewer comments, while even experienced
reviewers improved the justifications for their decisions. Interviews with the paper authors also
revealed similar concerns about the potential risks of being negligent in gate-keeping responsibilities
and eroding trust in the peer review process.

Our paper offers several contributions: We fine-tuned several ML models and developed a
prototype that scaffolds the meta-review process by highlighting common review topics, extracting
important sentences from each review, and automatically generating an initial draft (only upon
request) that can be further edited. Our mixed method study provides empirical data that carefully
integrating Al techniques into an authoring environment can facilitate sense-making and potentially
expedite the meta-reviewing process. Our study brings to light concerns raised by meta-reviewers
and authors alike indicating a need to increase trust, authorial control, and a sense of fairness and

ICode, scripts and data: https://github.com/LusunHCI/MetaWriter-Interface.git
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transparency before such systems can be adopted by peer-review communities. We discuss critical
reflections on ethical considerations for integrating Al into the peer review process.

2 RELATED WORK
2.1 Conference peer review practices and challenges

Peer review is an essential step of academic research, ensuring the scientific rigor of scholarly
work [66]. In a typical conference or journal review process, each reviewer needs to provide reviews
for their assigned papers. A discussion for each paper then takes place between its reviewers and the
meta-reviewer - who acts as an intermediary between reviewers and program chairs. Sometimes,
the author then provides a rebuttal to the review, which may clarify any misunderstandings in the
reviews. Based on all the information, the meta-reviewer then recommends to the program chairs a
decision about whether or not to accept the paper to the conference and writes a comprehensive
meta-review [72, 73]. Note that conferences or journals may have variations in their peer-review
process. For instance, some conferences or journals don’t have meta-reviews, and final decisions
are made through discussion between all reviewers.

Meta-reviewers need to synthesize diverse multi-aspects information from authors and different
reviewers and then provide a reasonable recommendation for the paper [68, 72, 74]. Specifically,
they need to read and think holistically about the submission under review, evaluate reviewers’
comments, and make a final decision on the conflicts raised by reviewers. This deliberation process
can be time-consuming and cognitively demanding. Previous research has used computational
methods to provide support to streamline several parts of the peer review process, such as matching
submissions with appropriate peer reviewers, authoring more comprehensive and decisive reviews,
as well as review quality assessment [7, 9, 35, 73, 84, 96]. However, as far as we know, there has
been no previous work in the HCI community focused on supporting meta-reviewers.

For meta-reviewers, navigating conflicts among reviewers while making final decisions and
crafting meta-reviews can present substantial challenges [10, 43, 96]. We calculated that 15% of
the International Conference on Learning Representations (ICLR) conference publications have at
least a pair of reviews that have a rating large difference — larger than 5 (note that reviewer ratings
range from 1 as reject to 10 as seminal paper). The meta-reviewers have the difficult job of resolving
disagreements between reviewers [52]. Sometimes these disagreements boil down to opposite
opinions on the detailed aspects of the paper. For example, we observed that for one paper in the
ICLR dataset 2, reviewer 2 commented that the paper is “The paper is generally well-written. The
results and proof sketches are well presented and easy to follow”. However, reviewer 3 commented
that “The paper was a bit dense and hard to follow”.

Furthermore, though the rapid increase in paper submissions can be viewed as a bloom of
scientific progress, it has created a burden on the peer review process [57, 72, 79]. Academic
communities sometimes seek new senior researchers to engage in the meta-review process. However,
inexperienced meta-reviewers may take some time to become accustomed to the nuances of
conducting the meta-review process. To facilitate the transition of less experienced meta-reviewers
into their roles, scaffolding could offer a valuable approach to help them build expertise [19, 37].

2.2 Al scaffolding for writing and information synthesis

Scaffolding was used as an instructional strategy to improve learners’ problem-solving skills [19, 69].
Prior research showed that effective scaffolding can help novices perform work on par with
experts [36, 95]. For example, Yuan et al. founded that providing rubric of design principles helps
novices provide feedback that is rated nearly as valuable as expert feedback. In the writing scenario,

Zhttps://openreview.net/forum?id=B1xxAJHFwS
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scholars found that scaffolding can help students learn about form and structure by analyzing
the examples and templates [19, 22]. Hui et al. showed that providing high-quality examples and
expert-informed checklists can increase student learning and improve writing quality [37]. Another
writing support system used “scaffolded annotation” approach that decomposes writing tasks into
key components and offers annotated expert examples to help writers apply the best practices of
professional writing in a new genre [36].

Recent advances in Al unlocked myriad possibilities for providing efficient scaffolding on com-
plex tasks, including writing and researching [27, 60, 67, 94]. To enhance comprehension of key
information [84, 96], researchers employed argument mining or tagging techniques to annotate
important points from a massive amount of information, such as social media posts [63], online
debates [29, 82], or student essays [64]. Another Al approach can summarize lengthy texts into
concise passages [20]. For example, extractive summarization techniques can identify the most
relevant information from a long document and have been found to help humans make swifter de-
cisions [20, 34, 88]. In the meta-review context, to help meta-reviewers understand each reviewer’s
points and facilitate the decision-making, this technique could extract important and relevant
sentences from independent reviewers to helps meta-reviewers make swifter decisions [12, 34].

Recent research shows more potential for generative LLMs in scaffolding writing. Writing support
tools can now help researchers brainstorm new ideas [2, 27], create metaphors [26, 46], generate
storylines [92-94], summarize long text and rewrite sentences [3], suggest arguments [50]or extend
a seed of story into longer writing [4]. For example, the Wordcraft project explores how to support
users collaborating with generative LLMs to co-write a story [94]. Spark used a language model to
generate prompts related to a scientific concept to facilitate scientific writing [27]. VISAR used a
generated LLMs to help writers brainstorm goals, organize argument structure, and revise argument
phrasing in the argument writing scenario [97]. CoAuthor further explored the capabilities of LLM
working as a writing collaborator and reasoned about its ability to generate fluent text, generate
new ideas and work jointly with writers [50]. They found that sentences written with GPT model
contained more diverse name identities and less grammar errors.

2.3 Concerns of Al scaffolding on agency, bias and over-reliance

Prior work has raised concerns about the potential loss of agency or control when working with Al
on complex tasks [6, 33, 75]. Shneiderman and others argued for more direct manipulation interfaces
to give users more control of information and decision [75]. Towards more controllable Al support
for writing, prior research has explored techniques for modifying the “chains” of prompts for
LLMs, along with the intermediate results, to improve model transparency and controllability [89].
Cheng et al. offered a framework to outline the myriad of ways that users could interact with
Al text generation, including guiding or rating the model decisions, post-editing the text output,
and writing with real-time assistance (e.g. autocomplete) [18]. That study evaluated the writer’s
perceptions of the post-editing in the text summarization task and found that users were satisfied
with the editing control granted by the interface but they would like to see more information on
how the Al generated the summary [18].

Some researchers have tried integrating agency and automation by creating effective “collab-
orative” interfaces using shared representations between humans and Al [42, 87]. For systems
where humans collaborate with an Al system, researchers have noted that the efficiency gains
from automation might also limit the agency and creativity of human users [31]. Prior research
explored the possibility of generating meta-reviews automatically. After using extractive summary
techniques to identify key sentences, Bhatia et al. fine-tuned a sequence-to-sequence model to
generate meta-reviews [12]. Kumar et al. used a deep neural network architecture to generate a
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meta-review that would account for paper decisions [47]. Shen et al. proposed a controllable meta-
review generation method to generate meta-reviews according to the categories of reviews [74].
However,researchers have raised concerns about the Al directly conducting the task instead of
assisting humans to gain expertise. Researchers pointed out automation of creative work may result
in “cannibalizing” the creativity of artists engaged in script writing tasks[59, 86]. In the context
of meta-review writing processes, if the machine automatically generates a draft, inexperienced
meta-reviewers may lose the opportunity to gain the expertise of writing a high quality meta-review.
Understanding the tension between human agency and machine automation can help researchers
design systems that successfully weave Al scaffolding into the task without sacrificing a user’s
agency [31, 83].

Previous studies also raise concerns that LLMs could exhibit biases in human-AI collaboration
tasks [15, 32, 44, 65, 78, 85]. For example, a previous study on child protective services Al decision
support showed that Al could be biased towards certain groups [44, 78]. Previous studies found
that providing information, such as explanations, generated by Al can potentially mislead users
in decision making [15, 28, 48]. Faced with the challenge, users need a staging process that helps
them reflect on the content to make unbiased decisions. During the process, masking the uncertain
content can potentially slow down the decision making process. In addition, the limitations of LLMs,
such as hallucination or the tendency to produce contradictory or contrived information [41, 55],
can limit human’s trust of using them. Hence, we need to further explore stakeholders’ trust and
concerns of using Al scaffolding.

To summarize, meta-reviewers face several challenges: taking time to understand complex
reviews, cross-comparing independent reviews to make fair decisions, and authoring comprehensive
and well-structured meta-reviews. Al scaffolding can potentially help novices gain the expertise
efficiently. However, we also foresee the trade-offs of the efficiency and agency of using Al to
facilitate this process. As far as we know, there is no existing interactive system to scaffold novices
for the meta-review process. More generally, the research community still lacks empirical data on
how could AI scaffolding play a role in the peer review and what the potential risks are.

3 METAWRITER SYSTEM
3.1 System design goals

Drawing on the prior literature on scaffolding and expertise from the learning sciences, as well
as, studies on human-AlI collaboration that explore issues of agency and bias, we specified three
primary design goals (DGs) for the MetaWriter prototype that support the entire meta-reviewing
process: (1) DG1: Scaffold inexperienced meta-reviewers; (2) DG2: Preserve agency and reduce
over-reliance; (3) DG3: Reduce potential bias.

3.1.1 DGI1: Scaffold inexperience meta-reviewers by embedding expert knowledge struc-
tures.

Prior work indicates that scaffolding techniques like checklists [95], editable examples [36], and
annotations [81] can help novices perform more like experts. In MetaWriter, we use visualization
techniques to scaffold how participants read and assess the independent reviews. First, color-coded
tags highlight content related to considerations on the rubric agreed upon by the academic commu-
nity. Second, MetaWriter provides an example meta-review structure to convey wisdom about the
potential structure for a meta-review. Third, the system not only provides an example from some
other context (which requires users to conceptually “transfer” insights into the current task [13, 25]),
MetaWriter also generates a highly contextual example that uses language from the current context,
potentially reducing the burden of adopting the expert structures.
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3.1.2 DG2: Preserve agency and reduce over-reliance through deliberative edits.
Collaboration between humans and Al has raised concerns among researchers, as they worry
that the increased efficiency resulting from automation may limit users’ agency [31] and lead to
over-reliance on Al-generated artifacts [27]. In MetaWriter, to preserve agency and provide a layer
of user control, we require users to either compose their meta-review from scratch or copy and
paste from the extracted sentences and/or the generated draft meta-review. We explicitly chose
NOT to give users a generated draft within an editable text area as it could lead lazy meta-reviewers
to overly rely on the Al text output rather than critically reflect on the contents. To reduce the
over-reliance on the draft, if their submitted draft is very similar to the provided draft, we pop up a
text box to remind people that they cannot directly copy and paste.

3.1.3 DG3: Increase coverage and reduce bias through process support.

Prior research found that providing information, such as explanations, generated by Al can po-
tentially mislead users in decision-making and make users vulnerable to cognitive biases [15, 48].
Users need a staging process that helps them reflect on the content to make unbiased decisions.
To increase coverage of reviewer points and to reduce the potential for bias, MetaWriter stages a
process, such that meta reviewers must first consume each unique point raised by reviewers, and
make a decision, before they can see a draft meta-review. If and when the user requests to see the
draft, the generated meta-review excludes any sentences that might bias the user’s decision.

3.2 System Design

We designed the MetaWriter system to seamlessly integrate machine intelligence into an authoring
environment specifically for writing meta-reviews. Guided by these design goals, we created the
MetaWriter System (as shown in Figure 1) to guide the participant through performing a meta-
review: (1) color-coded tags that can be toggled on/off to highlight multiple aspects of reviews
(Figure 1-a); (2) extracted key sentences that participants can hover over to locate the position
within the review (Figure 1-b); (3) a generated draft meta-review that users can copy, paste, and
edit as their own initial draft if they wish (Figure 1-c). Participants can interact with these three
features while forming a decision and delivering the final meta-review. MetaWriter simulates the
OpenReview platform! which provides the paper abstract, a link to the paper pdf, keywords, and
the three original independent reviews.

3.2.1 Tags that color-code multi-aspects in each reviewer’s review.

A good review not only contains a good summary of the paper but also consists of accurate
comments with high coverage from multiple aspects to evaluate the paper’s quality. To provide a
high-quality review, reviewers need to fully understand the contribution of the paper and then
provide an evaluation that covers multiple aspects, including the originality, clarity, validity, etc,
along with a score on the submission [17, 24, 35, 40, 49, 76, 84, 90, 96]. Figure 1-a shows the output
of the aspect tagger algorithm as a set of six categories along with the frequency that they appear in
the reviews. When users toggle the checkbox before the category, the categories will get underlined
with the corresponding color.

3.2.2  Extracted key sentences that identify main points from each review.

Figure 1-b lists key sentences extracted by MetaWriter from each independent review. When
participants hover over one sentence, the same sentence within the review paragraph will be
highlighted in red to help participants locate the source. For example, when the user hovers
over the sentence “The user of vonNeumann divergence as a loss for this task is perhaps novel”,
MetaWriter highlighted the corresponding sentence in red in the original individual review area.

Thttps://openreview.net/
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3.2.3 Generated meta-review draft with structure.

Abstractive summarization techniques can generate a short and concise summary that captures the
salient ideas of the source text. The generated summaries usually contain new phrases and sentences
that may not appear in the source text [51]. Similarly, meta-reviews typically synthesize all reviews
into one cohesive summary without directly copying sentences from each [74]. MetaWriter offers
a draft meta-review for participants to use as inspiration or a starting point, as shown in Figure 1-c.
Users need to toggle to read or hide the meta-review if they think the draft might influence their
judgment of the paper. Instead of predicting the paper decision, we asked participants to make
their own choice and we removed the sentences that indicated the decision in the meta-review
draft. In Figure 1 (d), participants need to make a decision and then write the final meta-review. We
also provided instruction and guidance for both conditions.

3.3 System implementation

3.3.1 ICLR conference dataset.
To train the ML models that can automatically identify key points and generate a meta-review draft,
we collected a large peer review dataset from the online peer-reviewing platform OpenReview for
ICLR, one of the largest machine learning conferences. We collected each submission’s data using
the OpenReview API and scraped reviews from all publicly accessible paper submissions from the
year 2018 to 2022.3

The ICLR dataset we collected includes 9803 submissions. For each submission, we collected paper
information including the title, keywords and abstract. All official reviews with reviewer ratings
and confidence scores, the final meta-review with ratings, and the final decision were collected. To
simplify the meta-review process in the study, we only collected the original independent reviews
and dropped the discussion comments during the rebuttal process. The average length of each
individual review is 508.9 words and each meta-review is 146.5 words. We observe that the average
length of reviews and meta-reviews increases each year. That means meta-reviewers need to read
and analyze more than 1,600 words from three reviews as well as the original submission paper, to
make the decision. Further details are in Appendix (Sec. 9).

3.3.2  Algorithms pipeline and evaluation.

We used the constructed dataset to build the algorithm pipeline for MetaWriter. We first run a
fine-tuned tagger on the dataset to color code each word according to their topic, such as originality,
clarity, etc [96], as shown in Fig 2-A. MetaWriter color-coded these tags on each independent review
to support reading. Next, we fine-tuned an extractive summarization model [56] that can identify
key sentences automatically from each review, as shown in the Fig 2-B. Last, we combined all three
reviewers’ extracted key sentences, together with all reviewers’ ratings and the paper submission’s
abstract, as input data to fine-tune a language generation model that can automatically generate a
draft meta-review [51], as shown in the Fig 2-C. Details on each evaluation can be found in the
Appendix (Sec. 9).

Tags that highlight multi-aspects. As shown in Figure 2-A, to highlight aspects raised by inde-
pendent reviewers, MetaWriter directly adopts a fine-tuned tagger that is trained on a similar
conference peer review dataset to color code reviews [96]. This tagger uses a pre-trained model
BERT [21] and a multi-layer perceptron to classify the aspect of each token in the independent
reviews. This tagger automatically annotates the following aspects of each review: summary, moti-
vation, originality, soundness, substance, replicability, clarity and comparison [84, 96]. Note that the
original model predicts the sentiment of the tag as well but we opted not to include the sentiment in

Shttps://openreview.net/group?id=ICLR cc.
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1. The use of von Neumann divergence as a loss soundness

for this task is perhaps novel.
2. The use of alpha-derivatives, while
computationally demanding, is perhaps novel in
this context as well

B. Extractor to identify important sentences Reviewer #3 selected sentences:
The use of von Neumann divergence as a loss for this
task is perhaps novel.

In comparison to these methods, it is not clear ho
the proposed setup is novel, or in what way is Include in the

method better. There are no comparisons to these meta-review ?
methods, and thus it is difficult to judge the  This paper explores the problem of.... —_ . T - T
benefits even empirically ...... =Y 5| The use of alpha-derivatives, while computationally
AR i - classifier by demanding, is perhaps novel in this context as well
5 |The use of von Neumann divergence ... (istitert) N
@/Tne paper should also include and perhaps compare to
1do not think the problem setting ... their datasets.

A

Reviewer #1selected sentences:

Reviewer #2 selected sentences:

| [ Reviewer #3 selected sentences: .
The use of von Neumarn divergence o= 2 C. Meta-review generator using deep learning | Meta-review draft
st
BRI DU EE This paper presents a novel approach to designing neural
{27 The paper shauld also include and perhaps networks for learning SPD matrices, a case where a
compare to their datasets.d... semidefinite positive matrix is learned at the output. While
B the approach is novel, there are some concerns about the
> empirical evaluation, which are raised by the reviewers:
1) The empirical evaluation is not compelling, as there are
no comparisons to alternative models and the datasets
used are small scale.
‘ Paper abstract P 2) The use of von Neumann divergence as a loss for this
task is perhaps novel. However,.....

Natural Language Generat i
‘ Independent reviewer ratings: 3,3,6 (BART)

Inputs Models Outputs

Fig. 2. Architecture of three machine-generated features. Left is the inputs for each model, the middle is the
three models, and the right is the corresponding outputs, which are tags, extracted sentences, and generated
meta-review draft.

MetaWriter as this could lead to reduced authorial agency amongst users. Among all independent
reviews in our ICLR dataset, 30.4% of words received an aspect tag and the rest of words did not
reach the probability of belonging to any tags.

Extractive summarization algorithm to select important sentences. Extractive summarization tech-
niques have shown evidence of being able to select strong candidate sentences for a summary [56].
Here, we fine-tuned a pre-trained model to select key sentences from each independent review
to shorten participants’ time on reading the long reviews as shown in Figure 2-B. To train the
extractive summarization model, we fine-tuned the model PreSumm on our dataset of reviews [56].
After following the PreSumm training setup and fine-tuning our dataset, we evaluated our extracted
output against the ground truth meta-reviews. We obtained the F1 scores of ROUGE-1 as 0.341,
ROUGE-2 as 0.085 and ROUGE-L as 0.162 [53]. For each review, the model can automatically identify
key sentences that have the highest probability of being in the meta-review.

Abstract summarization algorithm to generate a draft meta-review. To fine-tune the abstractive
summarization model, for each submission, we combined the extracted sentences from all three
reviewers, along with their ratings and the paper abstract as inputs, and then used the real meta-
review as the output target, as shown in Figure 2-C. We used our dataset to fine-tune the bart-large-
cnn model, one variant of the BART model [51]. The fine-tuned model obtained the F1 scores of
ROUGE-1 as 0.345, ROUGE-2 as 0.095, and ROUGE-L as 0.207.

3.3.3 System Architecture. In terms of implementation details, the client-side UI was developed
using React and Typescript. We used a Firebase server to set up user accounts and store data. We
run our trained language models to generate tags and drafts which are stored on our server and
sent to the Firebase server. The client-side program is responsible for rendering the user interface
and monitoring user actions on the webpage. We style the components and overall theme to be
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similar to that of the OpenReview platform. Whenever the user toggles the highlight tags, hovers
over the extracted sentences, or performs edits on the text box, the UI will send the content and
time stamps to the server-side program through HTTP requests. The Firebase server stores all
reviews and metadata, including tags, extracted sentences and drafts that are generated from the
Python server.

4 METHOD

We conducted a mixed-method study with potential users—who role-played as meta-reviewers—
and authors. Through a within-subjects experiment, we invited participants (N=32) to write meta
reviews for two papers, one with MetaWriter and one with a baseline editor, counterbalancing
the order. We collected qualitative data on participants’ reactions to the MetaWriter system and
measured differences in terms of quality and time spent. To gain perspective from another key
stakeholder, we conducted semi-structured interviews with six paper authors.

We focused on four key research questions:

e RQ1: How does MetaWriter affect the quality of meta-reviews and the time-on-task compared to
a baseline editor?

e RQ2: How do participants perceive the overall value of MetaWriter compared to a baseline editor?

e RQ3: How does prior experience as a meta reviewer affect the performance and perspectives on
MetaWriter?

e RQ4: How do paper authors react to the meta-review assisted by the MetaWriter?

4.1 Within-Subjects Experiment

To evaluate MetaWriter compared to a baseline editor, we conducted a within-subjects experiment
with 32 participants. We simulated a peer review process where participants played the role of
a meta-reviewer with the task of reading the independent reviews, writing a meta-review, and
making an accept-reject decision. Each participant completed two meta-reviews: one with the
MetaWriter system that includes the machine-generated features described above and one with
a plain text editor (Baseline). We counterbalanced the order of each condition through random
assignment.

4.1.1  Paper Selection Process. As the primary materials for the study, we selected two comparable
submissions from ICLR 2020 that had three independent reviews of similar length and ratings.
We used several criteria to ensure that the two papers were similar for meta-reviewers to review.
First, both papers had borderline scores (2 weak accepts and 1 weak reject) and ultimately got
rejected from ICLR. As described in Section 2.1, many meta-reviewers face the challenge of dealing
with disagreements, conflicts and variability between the independent reviewers. Our goal was
to simulate a scenario where the meta-reviewer would need to deal with reviewer conflicts and
make a tough decision. Second, the length of individual reviews on the two papers was similar
(averaging 337.3 words) and fell within the middle range of all ICLR 2020 reviews (between the 40
and 60 percentile). This aimed to ensure that participants spent a similar amount of time reading
the independent reviews. Third, the generated meta-reviews for both papers were of similar lengths
(1037 words and 1301 words). Fourth, the generated meta-review drafts for each paper had similarly
high ROUGE_L scores [53]. Combining all the criteria above, we selected two comparable papers
that were used for the within-subject experiment.

In the simulated scenarios, we only provided the original review and did not include all the
discussions that happened during the rebuttal phase. In the ICLR peer review process, after the
original review is delivered to the author, there is often a lengthy discussion panel that takes place on
OpenReview that meta-reviewers take into consideration. The two research papers that are selected

Proc. ACM Hum.-Comput. Interact., Vol. 8, No. CSCW1, Article 94. Publication date: April 2024.



MetaWriter 94:11

in the study include the keywords as “Neural Networks, Machine Learning, and Reinforcement
Learning”. In order to protect the author’s anonymity in the author interview, we decide not to
reveal the title of those selected papers.

4.1.2  Participants. Participants filled out a pre-study survey to collect information about their
domain expertise, research topics, review experience, prior knowledge about machine learning,
and demographics (e.g. age, gender). We advertised recruitment messages to colleagues, mailing
lists, communication channels, and social media and recruit participants from six universities
and two companies across the US. Using a snowball sampling approach, we asked participants to
refer their friends and colleagues. All 32 participants had prior experience as ML researchers (on
average 4.7 years of writing and submitting ML papers). All of them had done peer reviewing for
ML conferences, but only six had been a meta-reviewer or an associate chair for ML conferences.
Participants were predominantly senior PhD students, postdocs, professors, or industry researchers.

To ensure participants had enough expertise to understand the selected papers, we only recruited
participants who selected relevant keywords in the pre-study, including “machine learning theory,
neural networks, and reinforcement learning” and filtered out participants whose research topic did
not cover any of the keywords, such as keywords that are only about NLP or Computer Vision.We
also asked participants whether they had already read the two selected papers, and if so, we
excluded them so that all participants were reading these papers for the first time. All participants
were compensated for $20 per hour for this 90-minutes study. The five participants who wrote the
highest quality meta-reviews (as rated by experts) received a $20 bonus.

4.1.3  Procedure. First, participants read and virtually signed our IRB-approved consent form. Then
they conducted meta-reviews on two papers using different versions of our interface (MetaWriter
or Baseline). To counterbalance the order effect, we randomized the order of the select papers and
the study conditions for each participant. For each session, we followed the meta-review process
used at the ICLR conference, where we provided the paper draft and all three individual reviews
with their ratings and confidence scores.

For both sessions, participants were told to spend at least 10 minutes on the meta-review, but
they could take as much time as needed. Pilot studies with four ML experts found that participants
could read and write a meta-review on these short papers within about 30 minutes. Before each
session, we gave participants a quick 2-minute demo of the interface, including the basic features
in the baseline editors and the ML-enhanced features of MetaWriter. At the end of both sessions,
the research team asked the participants to fill out a post-survey to evaluate the system, such as
their satisfaction with each feature and their trust in the system. The research team then conducted
a 15-minute semi-structured post-interview to ask open-ended questions about their experience,
perceptions, and feedback. The post-interviews were video recorded with participants’ permission
and were transcribed into text for later analysis.

4.1.4 Data Collection and Analysis. We collected a mix of quantitative and qualitative data, in-
cluding each participant’s log data that captured their interactive behaviors with the system, their
final meta-reviews for both papers (N=64) post-survey responses (N=32) and interview transcripts
(N=32). The research team analyzed all these sources of data to reveal insights towards our research
questions.

Quality of final meta-review. To evaluate MetaWriter’s effect on quality, we collected the final
meta-review text and each participant’s decision on whether to accept or reject the paper. We
tabulated whether the participants’ decisions aligned with the original “Reject” decisions on both
papers. While the decision is subjective, it provides a measure of accuracy and allows us to observe
whether MetaWriter influences participants’ decisions. To measure task performance, we asked
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two experts with more than five years of experience being a meta-reviewer for ICLR conference to
rate the quality of all final meta-reviews (N=64) using the following rubric informed by community
guidelines * and previous research [84, 96]:

e Summative (summarizes key points from the submission): A good meta-review captures the
paper submission’s main content, including scientific claims, and points out what is missing from
the submission.

e Coverage (covers the reviews): A good meta-review should comprehensively cover independent
reviewers’ opinions.

o Justified (rationalizes the decision): A good meta-review should be clear about and provide
specific reasons for its decision.

Two experts rated these three dimensions on a simple scale from 0-2. Three-point scales have
been used in recent HCI studies to measure relative degrees [71, 77] and show similar reliability
and validity to Likert scales with more points [38].

The research team first provided experts five examples and instructions for rating. The experts
rated each dimension of the meta-review independently. The final rating for each dimension is the
average of the two experts’ ratings. We also measured the lexical diversity of the written meta-review
in each condition by calculating the Self-BLEU score for meta-reviews in each condition [99]. We also
measured the similarity between the drafted meta-review with the original meta-review provided by
the real ICLR conference reviewers using cosine similarity. This approach can potentially reflect the
semantic distance between two documents. In addition, we measured the length of each meta-review
written by participants in both conditions.

User interaction data. To measure participants’ interaction with the tool, we instrumented the
interface to log a range of user activity. We collected two timing measures — how long each
participant took to finish the review session and how long each participant spent on editing the
meta-review within the text box. The MetaWriter interface also collected interaction data to indicate
how much each participant interacted with each machine intelligence feature including: how many
times does a participant turn on and off the tags to highlight aspects, how many times a participant
hovered over the extracted sentences, how much content does a participant copy from the generated
meta-review draft to include in their own meta-review.

User preferences. To evaluate participants’ preferences for the MetaWriter experience compared
to the baselines editor, we asked participants to fill out a short post-study survey. The survey asked
participants to directly compare the perceived usefulness, enjoyment, easiness, and sense of control
between the MetaWriter and baseline system. After using MetaWriter, participants were asked to
evaluate the usefulness, accuracy, and trust of each of the machine-generated features on a 5-point
Likert scale.

User reactions. After the post-survey, we conducted a 15-minute semi-structured interview
with all participants to capture their overall thoughts as well as specific perceptions of machine-
generated highlights and summaries. For example, the research team asked “What do you think of
the difference between the task with and without the support of MetaWriter”, and “Which feature
did you use the most?”, and “What concerns did you have when using MetaWriter?”.

Control variables. On the post-survey, participants self-reported their knowledge of each paper’s
topic from 1=not familiar to 4=very familiar. Participants’ average familiarity was 2.1 with a
standard deviation of 1.4. The familiarity was slightly higher for one of the paper topics than the

4https://iclr.cc/Conferences/2021/MetareviewGuide
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other, so we included this as a control variable in our statistical analyses comparing the conditions.
All participants reported that they had never read or remembered the specific papers before.

4.1.5 Data Analysis.

Quantitative data analysis. To measure the effect of the MetaWriter system on each dimension
of quality (eg. summative, coverage, justified), we conducted repeated measure ANCOVA tests. We
used paper ID, the order of experiment conditions (whether MetaWriter was used first or second
), the self-reported knowledge level of each paper topic, and the length of each meta-review as
co-variants. To measure the effects of the experiment condition on the time they spent reading
independent reviews and writing meta-reviews, we again ran a repeated measure ANCOVA using
the paper ID, the order of experiment condition, the self-reported knowledge level of each paper
topic and the meta-review word count as co-variants. For each survey question (e.g. I think the
highlighted tags are useful), we converted responses into a 5-point numerical scale and conducted
Mann-Whitney U tests to compare the perceptions of each group.

Qualitative data analysis. All semi-structured interviews with participants were recorded and
transcribed. Two researchers conducted iterative open coding on the transcripts using Dovetail °
following the thematic analysis approach [14]. They open-coded the data by identifying topics
mentioned by the participants. Initial codes were combined into preliminary themes, which were
discussed among the research team. Finally, after iteratively discussing the code themes, researchers
derived the final themes around: participants’ reactions to each feature, their overall perceptions of
the MetaWriter system, and their concerns about using the system.

4.2 Interview Study

4.2.1 Interview Study Participants. To evaluate the author’s reactions to MetaWriter, we reached
out to six ICLR paper authors. All interview participants had prior experience in submitting ICLR
papers and obtaining reviews and meta-reviews.

4.2.2 Interview Study Procedure. We conducted 30-minute interviews with the paper authors. We
began the interview by demonstrating the MetaWriter interface and showing three meta-review
examples written by participants in the within-subjects experiment. We first asked participants to
reflect on their quality expectations for meta-reviews. To understand their concerns about using
the MetaWriter tool, we asked them “what concerns would you have if meta-reviewers used this
tool to write a meta-review for your paper?”. We then asked them to cross-compare our three
machine-generated features in terms of pros and cons. Lastly, we asked them about their general
opinions on using Al in the peer review process.

4.2.3 Interview Data Analysis. The semi-structured interviews with the authors were recorded and
transcribed. Two researchers conducted iterative open coding on the transcripts using Dovetail
following the thematic analysis approach [14]. They open-coded the data by identifying topics
mentioned by the paper authors and then combined initial codes into themes, which were discussed
among the research team. Finally, after iteratively discussing the code themes, researchers derived
the final themes around: the authors’ concerns about using Al to support the meta-review process,
the authors’ perceptions of each feature, and their general opinions of using Al to support the
conference peer review writing.

Shttps://dovetailapp.com/
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5 RESULTS

We report our results from the within-subjects experiment and the interview study. In the within-
subject experiment, across both conditions, participants spent an average of 18.9 minutes writing a
meta-review with an average length of 164 words. 79.7 % of participants chose rejection decisions,
consistent with the original decisions for the two papers. Our findings suggested that MetaWriter can
make the meta-review process more efficient, enjoyable, and less cognitively demanding. However,
both the experiment participants and the authors we interviewed surfaced potential concerns about
potential bias and over-reliance when using MetaWriter. For the ease of distinguishing different
subjects in two studies, we use “participants” to refer to people in the within-subject experiment
(P1-P36), while “authors” to represent the ICLR authors (A1-A6).

5.1 RQ1: How does MetaWriter affect the quality of meta-reviews and the time-on-task
compared to a baseline editor?

5.1.1  MetaWriter helps participants write better meta-reviews.

To assess the quality of meta-reviews, two experts judged each final meta-review on a three-
point scale (ie. summative, coverage, and justified). We ran ANCOVA tests on each dimension,
accounting for co-variants, to compare the two conditions. We found that meta-reviews written
with MetaWriter were significantly better at summarizing the paper contribution, covering the
independent reviewers, and justifying the decision compared with the meta-reviews written with
the baseline editor (see Table 1).

Baseline | MetaWriter p F
summative ratings (0-2) 1.37 (0.45) | 1.90(0.18) | 0.02 = | 5.01
coverage ratings (0-2) 1.23(0.50) | 1.64(0.39) | 0.03 % | 4.01
justified ratings (0-2) 1.08 (0.49) | 1.52(0.39) | 0.03 = | 3.81
length of meta-review (words) 146.0 (59.7) | 182.0 (65.3) | 0.02 = | 4.95
similarity across participant drafts (self-BLEU) 6.85 9.28 - -
cosine similarity with the original meta-review 0.70 0.80 ] 18.63

Table 1. Data on meta-reviews written by participants by condition. The average ratings on each quality
dimension and the length are shown, along with the standard deviations. ANCOVA tests show that participants
wrote significantly longer, more summative, more comprehensive, and better justified meta-reviews with
MetaWriter. (p-value significance codes: 0.001 s # %, 0.01 s, 0.05 *)

To compare the length of meta-reviews written in both conditions, we performed repeated
measures ANCOVA to examine the effect of the two conditions on the length of the meta-review
with the order of conditions, the order of the papers, and the knowledge level of each paper topic as
co-variates. As shown in Table 1, we found that participants wrote significantly longer meta-reviews
with the MetaWriter system. We found no significant interaction effects between the order of the
two tasks and conditions, and no differences between the two papers or due to the topic knowledge
on two papers.

We calculated the lexical similarity across participants’ drafts using self-BLEU scores to compare
the diversity of meta-reviews written in each condition [99]. Higher self-BLEU indicates less
diversity within a collection of documents. As shown in Table 1, participants in the baseline editor
condition wrote less similar, and therefore, more diverse meta-reviews. We did not conduct a
statistical test since we only had aggregated data in each condition group. We also conducted
an ANCOVA test to examine the effect of the two conditions on the cosine similarity between
the written meta-review and the original ICLR meta-review, controlling for the two papers and
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the order of the experiment conditions. We found the cosine similarity between the draft and the
original ICLR meta-review in MetaWriter was significantly higher than the baseline condition.
Hence, with MetaWriter, participants landed closer to the original ICLR meta-reviewers. The fact
that MetaWriter led to meta-reviews that were less diverse and more aligned with the original
meta-reviews could represent a tradeoff: the scaffolding seems to help people adhere to community
standards but perhaps constrains their creativity.

5.1.2 MetaWriter expedited the meta-review reviewing process.

Our experiment showed that MetaWriter reduced meta-review writing time and total meta-review
completion time compared to the baseline editor. We performed repeated measures ANCOVA to
examine the effect of the two papers and the two conditions (with vs. without MetaWriter) on
writing time, controlling for the length of the meta-review as a co-variate. As shown in Table 2,
participants spent significantly less time on writing meta-reviews when using the MetaWriter
than the baseline condition (p < .000). In addition, they spent significantly less time on the total
meta-reviewing process (p < .05). There was no significant interaction effect between the order
of the two papers and condition on writing time and total completion time. We distinguished
between the writing time and total time here because there is more text and content provided in the
MetaWriter condition, which includes the extracted sentences and the generated draft. Participants
may spend more time reading these extra texts, but these texts could potentially be helpful with
writing the meta-review draft.

We performed repeated measures ANCOVA to examine the effect of the two papers and the two
conditions (with vs. without MetaWriter) on writing time, controlling for co-variates including
the paperID, the order of experiment condition, self-reported knowledge level, and the meta-
review word count. As shown in Table 2, participants spent significantly less time on writing
meta-reviews when using the MetaWriter than the baseline condition (p < .001). In addition, they
spent significantly less time on the total meta-reviewing process (p < .05). There was no significant
interaction effect between the order of the two papers and condition on writing time and total
completion time. We distinguished between the writing time and total time here because MetaWriter
involved more upfront reading, including the extracted sentences and the generated draft. While
MetaWriter participants appear to spend slightly more time absorbing this extra text content, they
gain time benefits when writing the meta-review draft.

Baseline | MetaWriter p F
total time (minutes) | 20.08 (5.92) | 17.86 (5.12) | .04 * 4.20
writing time (minutes) | 10.93 (3.74) | 7.94 (3.71) | .000 *** | 13.10
Table 2. Time on tasks in both conditions. An ANCOVA test showed that participants spent significantly less
time writing a meta-review draft using MetaWriter. (p-value significance codes: 0.007 #  *, 0.01 *, 0.05 *)

5.2 RQ2: How do participants perceive the overall value of MetaWriter compared to a
baseline editor?

5.2.1 Participants preferred MetaWriter, despite giving up some agency.

After participants had experienced the two systems, we asked participants to compare them overall
directly. As shown in Figure 3, participants highly preferred MetaWriter over the Baseline editor. All
participants indicated that they would like to use this interface in the future meta-review process,
some of which reflected that the machine-enhanced interface could make the meta-review process
“faster and more interesting”(P13). MetaWriter was perceived as not only being easier to use but
also more useful and enjoyable.
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In the survey, 90.6% of participants believed it was faster to perform the activity using the
MetaWriter interface. During interviews, 12 of 32 participants explicitly mentioned that MetaWriter
saved them time when meta-reviewing. Participants reflected that the generated meta-review
contains details similar to their own meta-review writing format, saving them time on structuring
and drafting the meta-review. However, participants also pointed out that they took some time to
read and verify the additional text generated by machine intelligence. For example, P1 mentioned
“I don’t know which one makes it faster. I still need to go back and forth to verify that information”.

Results show that MetaWriter reduced the cognitive load and made the meta-review process
easier. Interestingly, we observe that this increase in efficiency seems to trade-off with the feelings
of agency as only around 28.1% of participants said MetaWriter gave them more sense of control.
Some participants also explicitly mentioned trade-offs between efficiency and feelings of agency
during the interviews (n = 3). P12 said “... the extracted sentences and draft meta-review are like
steering me towards one particular way of writing ... So there’s a trade-off ... It saved more time,
but it means less flexibility. (P5)”

Which interface was more useful. - 1000%
Which interface was easier to use. 15.6% S 750%
Which interface was more enjoyable. 9. 4% 06—
Which interface made it faster to write the meta-review. 9.4% 0% i —
Which interface gave me more control over the writing process. 31.3% 40.6% . 281%
Which interface would | be more likely to use in the future - 1000%

No difference Baseline Editor  m MetaWriter

Fig. 3. Participants’ comparison between MetaWriter and baseline Editor. Participants preferred MetaWriter
overall.

Participants who play the role of meta-reviewers elaborated on some concerns about the potential
bias of the MetaWriter system in the interview. P9 mentioned that the class imbalance of tags
across different individual reviews can influence the meta-reviewer’s perception of the paper, “I
saw the two reviewers (R1 and R2) have some tags related to originality but the other reviewer did
not have any. Then I paid more attention to them (R1 and R2) to see their judgment”

5.2.2  Participants shared diverse perspectives on the relative value of MetaWriter’s scaffolding
features.

We conducted an in-depth analysis of how participants used and perceived MetaWriter’s three
scaffolding features: highlighted tags, extracted sentences, and a generated draft meta-review. In the
post-survey, we asked participants to compare each feature in terms of its usefulness, accuracy, and
their trust in each feature. As shown in Figure 4, we found that most participants (78.1%) perceived
highlighted tags as accurate and 68.7% of them trusted the tags. Interestingly, most participants
(87.5%) thought that the generated draft was useful, but only 50.0% of them trusted the machine
generated draft. In the post-interview, participants explained their concerns on the potential bias
in the generated draft. Among the three features, participants perceived the extracted sentence
feature to have the lowest accuracy, with only 53.1% saying they thought it was accurate. From
the qualitative interview data, we also observed that participants used these three features slightly
differently. We discuss how participants reflect on their usage of three features below:

Highlighted tags guide reading and help cross-compare reviews. Participants used highlighted tags
as visual guides or anchors that can focus their attention while reading reviews (N = 10). As P16
said “ Tags can hint where I was reading. It helped me to locate the information that I need to
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I think the highlighted tags are useful. 3% [ 156% 126% 34.4% o z44%
I think the extracted sentences are useful. 21.9% 15.6% 25.0%  EEs%
I think the meta-review draft is helpful. 3.1% [l 6.3% 281%  [ssag
| think the highlighted tags tagged accurately. 6.3% 15.6% 40.6% o 31s%
1 think the extracted sentences are aligned with what | expected. 21.9% 25.0% 15.6% [E7ERT
1 think the generated draft has high quality. 3.1% [ 125% 12.6% 34.4% o 3s%
| trust the highlighted tags. 3.1% 28.2% 53.1% 156%

I trust the extracted sentences. 15.6% 31.2% 34.4% [ ass%

I trust the meta-review draft. 6.3% [l 15.6% 18.8% 37.5% 125%
W Strong Disagree Somewhat Disagree Neutral Somewhat Agree W Strong Agree

Fig. 4. Participants’ feedback on the machine-generated features. Among three features, most participants
think that the generated draft is useful but only half of the participants trusted the machine-generated draft.

focus on from each review”. Participants also clicked on each tag, eg, originality, to cross-compare
individual reviews and identify conflicts (N=6). P15 said “I found that is very powerful when I
want to cross-compare the different opinions among the reviewers” However, a few participants
mentioned one disadvantage of tags — when the review tags have too many categories, it is hard to
distinguish the subtle differences between tags. For example, P3 mentioned “I don’t have a clear
distinction about the difference of the tags, like the validity versus soundness. I basically treat
highlighted sentences as important sentences and read through them.

Extracted sentences surface major issues but may leave out context. Participants used the extracted
sentences feature to identify major issues and locate reviewers’ viewpoints within individual
reviews (N=9). P27 mentioned that “There are some places I need to refer back and forth between
the reviewers’ comments and my writing to see which reviewers’ comments I can potentially
combine. So I was using that to locate these sentences.” They also reflected on how despite some
reviews being long, the extracted sentences saved them time and helped them skim the reviews
and make decisions (N=6).

However, some participants pointed out that the extracted sentences might lack context and
reasoning (N=4). P14 explained that “the extractive version only has one sentence and misses all the
details. And usually, you want some details to make the meta-review more convincing”. Participants
also raised concerns about the accuracy of extracted sentences and mentioned that the extractor
might miss some important points (N=5). There might be potential biases in them, one example
being if the extracted sentences consist mostly of weaknesses and ignore the contributions of the
paper. P4 explained that “when it is extracting pieces from text, it cannot like understand or grasp
what words are conveying. It will mislead participants if it only selects some points that are more
or less problematic”. Other participants perceived the extracted sentences feature as having high
coverage but low precision. P26 mentioned that “Not every extracted sentence useful, but in terms
of coverage, it does a good job. I would say the recall rate is pretty high, but the precision rate is
not that high”

The auto-generated draft helps kick start the writing process, but raises concerns. Participants
reflected that the generated summary provided a good starting point from which they could add
their own viewpoints and judgments. Seven participants explicitly mentioned that the meta-review
draft is very similar to what they would write and the draft looked very natural — as P23 mentioned
“most of the sentences look very natural to me and some hit the point”. P8 also reflected that the

Proc. ACM Hum.-Comput. Interact., Vol. 8, No. CSCW1, Article 94. Publication date: April 2024.



94:18 Lu Sun, Stone Tao, Junjie Hu, and Steven P. Dow

draft contains the structure of a meta-review and lists important points that they can use as a
starting point.

However, participants also have concerns that if the draft meta-review quality is high, it might
make meta-reviewers over-reliant on the draft and potential for lackluster efforts of meta-review
(N=7). Participants also raised concerns about potential bias in the generated draft (N=11). Some
worried that the tone of the generated draft might influence their judgment on the paper. “if it’s
not accurate, it might potentially put a bias there (P11).” In the experiment, we observed that when
participants’ judgment did not align with the meta-review draft, instead of following the draft, they
changed the tone of the draft and authored a new version of the meta-review based on the existing
draft. In the interview, P24 mentioned that “I fine-tuned the tone of the draft actually since I want
to accept this paper. I tried to change it so that it sounds more positive for those issues pointed out
by reviewers”

In the survey, we found that only 50.0% of participants trusted the machine-generated draft even
though most participants perceived it as useful. Participants explained why the meta-review draft
might mislead meta-reviewers in their decision-making process. They worried that the generated
draft contained inclinations towards certain paper decisions and provided more weaknesses in the
draft. In the current MetaWriter, we removed the sentences that contain a strong indication of the
paper decision from the generated text (eg. I recommend rejection) and we provided participants a
toggle button to hide the draft meta-review. Some participants were concerned that the generated
meta-review may contain some points that were not mentioned by any reviewers. As P6 mentioned
“highlighted tags and extracted sentences are purely based on the existing information so they
cannot produce too much harm, but no one knows what ML models can generate and where it
comes from”. Participants also expressed concerns when the draft was not coherent with some
reviewers’ viewpoints. P15 pointed out “it says all reviewers agreed that [the paper] is a little bit
dense, but according to what I saw, only the Reviewer 2 mentioned that. The paper is not easy to
follow and a bit dense, but this summarization might mislead ACs”

5.3 RQ3: How does prior experience as a meta reviewer affect the performance and
perspectives on MetaWriter?

Our design for MetaWriter explicitly builds on theories and techniques for scaffolding, an approach
for guiding novices based on expert knowledge and practices. This raises the question of whether the
tool is equally valuable for different levels of task expertise, or would more experienced reviewers
prefer to see the scaffolding fall away over time. Our participant pool consisted of 6 people with
one or more prior experience writing meta-reviews, and 26 with no meta-review experience. This
variation provided us with an opportunity to explore how expertise impacts the performance and
perspectives when using MetaWriter. As a post hoc analysis, we separated participant data into
two groups and added a binary variable for whether the person had prior meta review experience
or not.

5.3.1 MetaWriter helped inexperienced meta-reviewer more than experienced meta-reviewer.

Table 3 below compares the performance of experienced and inexperienced participants when
using MetaWriter and the Baseline condition. Given that the experienced meta-reviewer group
had a smaller size, we conducted the Mann-Whitney U Test, a non-parametric statistic rank test
between two samples [58], instead of the ANOVA test. MetaWriter led both experienced and
inexperienced participants to write significantly longer meta-reviews compared to the baseline
system. Interestingly, in terms of time on task, we see that MetaWriter helped inexperienced
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Participants Condition time (mins) quality length
total writing  summative coverage  justified
exverienced | MetaWriter 17.0(7.0)  7.7(40)  2.00000)  1.80(0.41)  180(0.45) 2257 (63.0)
P Baseline  17.0(9.1) 9.3 (42) 1.33(0.52) 1.50(0.84) 1.33(0.52) 157.0 (44.6)
MetaWrit 17.9(4.7 8.0(3.7 1.88 (0.35 1.60 (0.50) 1.46(0.56) 172.0 (62.7
inexperienced crawrter (4.7) (3.7) (0.35) (0.50) (0.56) (627)

Baseline  20.8(49) 11.3(3.6) 1.53(0.21) 1.17(0.68) 1.02(0.67) 143.4 (61.8)

* * *k

Table 3. Means with std calculated for each group on length, time, and meta-review quality. Mann-Whitney
U Test results of the effects of expertise and experiment condition on the review length(word count), total
time, writing time, and review quality including summative, coverage, and justified. Mann-Whitney U Test
p-value significance codes: 0.001 s * , 0.01 #x, 0.05 *

participants perform the writing task more efficiently (and nearly as fast as the experienced meta-
reviewers), while there was no significant change in writing time for more experienced participants.
One reason might be that the experienced participants may already adopt a basic structure for
meta-reviews, allowing them to focus more on quality improvements. MetaWriter seemed to
provide most value to inexperienced participants in terms of scaffolding an initial structure, which
can be daunting for first-timers. In terms of the expert ratings on the quality of meta-reviews,
MetaWriter helped participants significantly improve the overall summary and the justification
of the decision, regardless of prior experience with the task. Only inexperienced participants saw
significant improvement in their coverage of the points raised by the independent reviewers.

5.3.2  Inexperienced and experienced meta-reviewers view the machine support differently.

As shown in Figure 5a and 5b, for each survey question, we conducted Mann-Whitney U tests to
compare the perceptions of experienced and inexperienced groups. Interestingly, all experienced
meta-reviewers “strongly agreed” that the meta-review draft was useful, while only half of the
inexperienced participants provided this rating (Mann-Whitney U test shows a significant difference
at p=0.03). We also find that the more experienced meta-reviewers trusted the meta-review draft
slightly more than inexperienced participants, although this trend is not a significant effect.

Breaking perceptions down by detailed features and experience level (see Fig 5a and 5b), we
see that all experienced meta-reviewers perceived the draft to be helpful, while only 84.6% of
inexperienced reviews agreed with that point. Interestingly, this seems at odds with the data in
Figure 3 where, across all participants, we see that only 28.1% think MetaWriter provided more
control than the Baseline interface. Interviewees mentioned that they still have control over what
they can edit, but they were more worried about other reviewers may lose control and fully rely
on the draft. One experienced meta-reviewer highlighted that “the draft looks similar to what I
usually wrote as a meta-reviewer and it contains a bullet list of cons, so I am satisfied with the
quality” (P26). P27 reflected that “I guess I still have control over what I can do and write there. I
am just worried about other reviewers, like, if they see there is a draft, they may be inclined to
make decisions that are more aligned with what the draft described”

5.4 RQ4: How do paper authors react to the meta-review assisted by the MetaWriter?

We interviewed six ICLR paper authors. Half of authors reflected this tool could be helpful as a
training tool or help “visualize” aspects in the meta-review process. The authors also provided a
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I think the highlighted tags are useful. 50.0% 167% &%

I think the extracted sentences are useful. 16.7% 33.3% . s00%

I think the meta-review draft is helpful. - w00%
I think the highlighted tags tagged accurately. 16.7% 333% 333% 167%
| think the extracted sentences are aligned with what | expected. 16.7%  16.7% 50.0% L 167%
| think the generated draft has high quality. 33.3% e
| trust the highlighted tags. 33.3% 66.7%
| trust the extracted sentences. 33.3% 50.0% L 167%
I trust the meta-review draft. 16.7% 833% 0.0%
m Strong Disagree Somewhat Disagree Neutral Somewhat Agree m Strong Agree

(a) Experienced meta-reviewers’ perceptions on each machine support feature

I think the highlighted tags are useful. 38% W77%  154% 38.5% o e
I think the extracted sentences are useful. 23.1% 19.2% 231% [0 Eae%
I think the meta-review draft is helpful. 3.8% [W7.7% 34.6% o soo0%
1 think the highlighted tags tagged accurately. 3.8% 11.5% 42.3% o 3%
| think the extracted sentences are aligned with what | expected. 23.1% 26.9% 34.6% | 154%
I think the generated draft has high quality. ss% [l 154%  15.4% 346% . 08%
I trust the highlighted tags. 3.8% 26.9% 50.0% 192%
I trust the extracted sentences. 19.2% 30.8% 30.8% | o1e2%
| trust the meta-review draft. 7 15.4% 23.1% 38.5% 154%
m Strong Disagree Somewhat Disagree Neutral Somewhat Agree m Strong Agree

(b) Inexperienced meta-reviewers’ perceptions on each machine support feature

Fig. 5. Comparison of each machine-supported feature by inexperienced meta-reviewers and experienced
meta-reviewers.

rating on a 5-point scale (from 1= not concerned at all to 5= extremely concerned) on how they
feel about reviewers leveraging machine intelligence. The average rating was 3.6, with all authors
giving a three or higher.

While most authors were fine with using machine intelligence to summarize the reviews, they
were concerned that meta-reviewers may over-rely on the generated draft and not put enough
effort into writing constructive feedback or justifying the reviews. A3 mentioned: “I feel it is ok
to use the MetaWriter tool to help summarize the reviews, but I do need to see evidence that the
meta-reviewer has put his/her own thoughts into it. I would be upset if my paper is rejected solely
based on the output of MetaWriter” A1 also echoed that point and expressed concerns about leaning
too much on the generated draft “there is a potential that meta-reviewers might be too busy to
review the paper, then they may just use the generated draft”. This concern around over-reliance
also appears in other domains of Al-assisted decision-making [8, 15]. In addition, paper authors
asked for more transparency around how the tool would be used in the peer review process. A2
wanted more information about the role of machine intelligence: “whether the decision is made by
the tool? Or they only use this tool to write the meta-review””

Further, some authors mentioned that meta-reviewers play a vital role in gatekeeping; they assess
the quality and correctness of reviews and verify that reviewers are experts in the corresponding
area. Authors pointed out that MetaWriter can ease the process, but may hinder meta-reviewers
ability to filter out low-quality reviews and/or reviewers.
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Among our three key Al scaffolding features, paper authors were most concerned about the
generated meta-review draft. “There is a risk that the meta-reviewer copies directly from the
generated review without looking at the paper/reviews”(A6). Paper authors were less concerned
about the highlighted tags and extracted sentences since they think these features can mainly
enhance reading and sense-making. Paper authors also suggested that such a system could also be
useful to authors for the sake of writing rebuttals or reflecting on the reviews.

6 DISCUSSION

We conducted a mixed-method study that includes a within-subjects experiment with potential
users (inexperienced and experienced meta-reviews) and an interview study with authors to
explore the potential and perils of using Al in the meta-review process. In the within-subjects
experiment, we found that participants not only preferred MetaWriter, they also wrote longer and
more comprehensive meta-reviews in a shorter amount of time than when using a baseline editor.
Meta-reviews written in the MetaWriter condition were also less diverse and more similar than the
Baseline ones.

Both experienced and inexperienced meta-reviewers benefited from the scaffolding in terms
of quality measures. We found that scaffolding not only improved the performance of novice
meta-reviewers, it also helped experienced meta-reviewers, but for different reasons. Experienced
participants appreciated the support they got for summarizing the content and being able to see a
generated draft that they could edit. Inexperienced participants saw benefits in terms of time, but
also for getting a sense of the important arguments and aligning these within a specific structure
for meta-reviews. One open question this study raises is whether the generated draft works better
to scaffold the meta-reviewing task compared with just showing an example from another paper.
The literature on knowledge transfer and analogical reasoning would suggest that learners benefit
from a close mapping between an example and a target domain [25]. A generated draft certainly
reduces this gap more than a canned example, but it potentially introduces other problems. We
found that experienced meta-reviewers seem to trust themselves to not be negatively impacted by
the generated draft knowing they can make edits, while the novices were a bit more hesitant about
what impact the draft might have on them. Authors also raised concerns that the generated draft
could be misused by meta-reviewers and that this could potentially erode trust in the whole peer
review system. Interestingly, the distrust seems to be placed more on the humans using the system,
rather than on the algorithms’ efficacy.

From the experiment, we observed everyone either modified the draft or did not use it at all.
No one copied the draft without edits. Most participants, especially experienced meta-reviewers,
perceived the generated draft as being helpful. While the system was designed to maintain users’
agency informed by prior insights [18], many participants felt they lacked some control. One
participant pointed out that the risks involved with leveraging a machine-generated draft seem to
be different than the other features. Simply highlighting information in the original reviews does
not change the underlying meaning, but generating entirely new blocks of text has the potential of
infusing unintended meaning or leaving out key bits of information. The tension between efficiency
and user agency is perceived differently based on experience. Experienced meta-reviewers felt
confident in their ability to assert control over the machine intelligence, and they put more emphasis
on efficiency gains. Inexperienced meta-reviewers seemed to place less trust in the generated draft,
and thus focused more on the structural and knowledge benefits. Building on prior research [74],
maybe future tools like MetaWriter can bake in more control over generated drafts. For example, the
draft and extracted sentences could be updated based on how users toggle their ultimate decision
(accept or reject) or based on other variables like tone or length.
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6.1 Creating Al scaffolding that supports users but prevents uniformity

Prior work on human-Al systems has also explored the potential trade-offs between efficiency
and creativity [18, 27, 59]. In the meta-review writing scenario, we found that meta-reviewers not
only perform the task faster, they also demonstrate higher quality by learning and adapting the
structure of the generated draft. Future studies can explore the longitudinal effect of Al scaffolding
in peer-review writing context. One goal of scaffolding is that users can eventually be able to
perform the task without the support of the tool [19]. Then, researchers can discern from the
novelty effect versus the diminishing need for expert scaffolding as novices gain more expertise on
the task.

We also found that participants wrote more similar meta-reviews to each other (and more similar
to the original meta-reviews for the seed papers) compared to participants with no scaffolding. On
one hand, this could indicate that the MetaWriter will lead to homogeneous work across papers, but
on the other hand, it could be an indication that users are more consistently following standards set
by the research community and scaffolded by the MetaWriter tool. Future research can potentially
explore whether the similarity between participants is linked to better adherence to community
practices and expectations of quality, or if it might be an indication that participants are just blindly
following the writing scaffolding without creative expression.

6.2 Understanding how Al systems impact trust for individuals versus communities of
use

Previous research showed that writing with an opinionated language model can affect participants’
attitudes on social topics [39]. One potential explanation is that LLM suggestions may affect
participants’ thought processes and drive them to spend time evaluating the suggested content [11].
In our study, very few participants were concerned that their own decision or writing was being
biased by the Al instead, they were more concerned about the Al influencing the other people’s
bias. Our participants expressed discomfort with how the whole community might appropriate
the technology. Their concerns partly come from the limits of machine intelligence, but also the
potential for over-reliance and for bias to creep in. Peer review is a complex process that involves
multiple stakeholders, including authors, reviewers, and meta-reviewers [72]. There is always
tension between multiple stakeholders in this high-stake context. Previous studies highlighted the
importance of keeping multiple stakeholders in the loop while designing Al systems [98]. Future
work should explore how to build trust not only for individual users but also within a community
of users.

6.3 Making Al systems transparent without adding cognitive complexity

Increasing transparency around how and why the machine outputs certain information can po-
tentially improve users’ trust in automation[23, 62]. Prior research provides explanations for Al
decisions or visualizes the origin of words/sentences in text suggestions [23, 70, 85], but this poten-
tially bogs down the user trying to complete a task. For example, to explain how the meta-review
draft is generated, MetaWriter could, in theory, include more visualizations on the source of each
sentence, as well as explain how the model training works and show the model performance. This
potentially leads to extra work for meta-reviewers to read and understand. The added cognitive
complexity brings the question of when is the extra work to understand the genesis of Al output
worth it? A big open question is how and when to make Al reasoning transparent without getting
in the way of users conducting the task.
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6.4 Exploring human-machine hybrid collaboration for the peer review ecosystem

What role should machine intelligence play in this meta-review process? Our study of MetaWriter
indicates that participants prefer to use multiple hybrid methods as inspiration in the process
of conducting their meta-review. We consider their interaction with machine intelligence as a
sort of partnership. In the recent discussion of human-AI collaboration, researchers proposed
that Al and humans should maintain a “partnership relationship” where Al is designed to fit
into the existing human task workflow and assist parts of tasks according to human needs [83].
Our study demonstrated different means to achieve human-Al collaboration in the meta-review
writing process. This human-Al collaboration approach could help users to learn more from the Al
suggestions and offload some aspects of cognition to AL

Machine intelligence can potentially support the entire peer review ecosystem and our findings
can further guide the design of Al to support other tasks in the academic peer review cycle. For
example, machine intelligence can potentially scaffold the independent reviewers evaluate papers
and write high-quality paper reviews [84, 96]. For paper authors, machine intelligence can help
them analyze the reviews, write a persuasive rebuttal [24], and later edit the submission more
effectively. In the future, we plan to extend our work to scaffold more of the academic peer review
ecosystem [80]. In addition, while the current study was conducted in the context of a machine
learning conference, we hope to explore the value of Al scaffolding for a broader range of academic
communities.

6.5 Ethical considerations of Al scaffolding for academic review

Generative Al and LLMs introduce numerous opportunities but also raise ethical considerations in
the design of human-AlI collaboration systems. In the context of academic meta-review, a primary
concern involves the potential violation of academic integrity when directly using automatically
generated content in writing artifacts. Another concern revolves around the tendency of LLMs to
create inaccurate information or to mislead people [39]. We try to mitigate this in the MetaWriter by
staging the process, taking out the decisive sentences in the draft, and preventing direct copying and
pasting of the entire draft. By unpacking the concerns of participants and authors, we emphasize
that meta-reviewers should not over-rely on machine-generated written artifacts, instead, they
should deliver their own judgment and decisions.

7 LIMITATIONS

Our study has several limitations. First, in the study materials, we only provided the original review
and not all the discussions that happened during the rebuttal phase. A previous study analyzed
reviewers’ decisions before and after the rebuttal phase and found that a reviewer’s final score is
largely determined by their initial score and the distance to the other reviewers’ initial scores [24].
Hence, we decided to control the study length and reduce the complexity by only presenting the
original reviews to participants. Notably, the reviewers of the two papers selected for this study
did not change their ratings after the rebuttal. However, both the rebuttal phase and the discussion
among reviewers can change the paper’s final decision. Future systems could explore embedding the
discussion text and training the model such that it takes this extra content into consideration [45].

Second, we created a mock scenario and encouraged users to spend about 30 minutes on each
meta-review session which might be different than what meta-reviewers actually do on this task.
In a real scenario, our interviewees suggest that meta-reviewers take at least one hour to read and
write meta-review on full papers. In our study, for simplicity, we used shorter papers, only provided
the original reviews, and eliminated the discussion phase.

Proc. ACM Hum.-Comput. Interact., Vol. 8, No. CSCW1, Article 94. Publication date: April 2024.



94:24 Lu Sun, Stone Tao, Junjie Hu, and Steven P. Dow

Third, we selected as core study material two borderline papers that got rejected. Our goal is to
control the difficulty of making decisions and explore the tough situation in that meta-reviewers
solve the conflicts. However, we did not cover all situations, such as when all reviewers indicate a
clear acceptance of the paper. When all reviewers clearly reject or accept a paper, meta-reviewers
might perceive the value of machine support and the overall decision-making process differently.
Our limited scenarios may put limits to what extent we can generalize the results. In future studies,
we could explore machine-generated features for all different types of review situations and different
research domains.

Fourth, the machine learning algorithms we used here to tag the reviews, extract sentences
and generate paragraphs can be improved. In the study, we used state-of-the-art models to create
machine-enhanced features. Given the rapid development of ML and NLP, more powerful models
such as ChatGPT or GPT4 [5] could be used and fine-tuned to our data. Moreover, for the meta-
review draft feature, we used an ML model to automatically generate the draft offline before the
experiment. Ideally, users can engage in a co-creation experience with the meta-review generation
model where the MetaWriter can automatically generate the next sentence while the meta-reviewer
writes the meta-review, similar to other co-creation systems on writing task in a human-in-the-loop
manner [94]. However, in the co-creation process with generative LLMs, a primary concern involves
from the author’s concerns when meta-reviewers directly using automatically generated content or
misused the generated artifacts. In addition, there is a potential bias that comes from using models
trained at a static fixed timestamp, which we trained using 5 years of data. These training data
may potentially contain bias, and as data becomes increasingly diverse, model performance might
degrade. Also reviewing culture is different for each peer review community and therefore, using
fixed models could inhibit cultural or norm changes.

8 CONCLUSION

In this paper, we built a novel platform, MetaWriter, that used machine intelligence to generate
highlights, summaries, and drafts to support information synthesis and writing for academic meta-
reviews. We conducted a mixed-method study to empirically understand how users perceive the
value of the different machine supports within an interactive tool. A within-subjects experiment
with 32 participants evaluated how MetaWriter affected the time and quality of the meta-reviewing
process and the perceptions of participants. We found that MetaWriter significantly shortened
the time spent on meta-reviewing and helped participants write longer and better meta-reviews.
However, our analysis reveals several risks of using LLMs in peer-review writing including the loss
of agency and over-reliance, from participants as well as paper authors.
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9 APPENDIX
9.1 ICLR dataset

Table 4 shows the descriptive statistics for the data collected each year. After filtering out sub-
missions with fewer than 3 reviews and meta-review with less than 20 words, we retained 9803
submissions along with their corresponding meta-reviews and 34,219 independent reviews. Table
4 shows the average length of each individual review (508.9 words) and each meta-review (146.5
words). We observe that the average length of reviews and meta-reviews increases each year. That
means meta-reviewers need to read and analyze more than 1,600 words from three reviews as well
as the original submission paper, to make the decision. After conducting sentiment analysis using
ROBERTA sentiment classifier from huggingface ¢ on the dataset, we found that most reviews are
framed in a negative sentiment [30]. In the independent reviews, 81.7% of sentences were negative,
while 70.9 % of sentences in the meta-review exhibited negative sentiment.

year | submissions | accepted | rejected | review length (words) | meta-review length (words)
2018 910 335 575 431.1 100.0
2019 1419 502 917 470.4 139.1
2020 2213 687 1526 478.4 126.2
2021 2616 860 1756 567.8 180.0
2022 2645 1094 1551 596.8 187.0
Total 9,803 3,478 6,325 508.9 146.5

Table 4. Descriptive statistics of the ICLR peer review dataset from 2018-2022. Reviews and meta-reviews
become longer each year. Total review length and meta-review length an averages where the lengths from
each year are weighted equally.

9.2 Algorithm details

9.2.1 Tags that highlight multi-aspects.

MetaWriter directly adopts a fine-tuned tagger that is trained on a similar conference peer review
dataset to color code reviews [96]. This tagger uses a pre-trained model BERT [21] and a multi-
layer perceptron to classify the aspect of each token in the independent reviews. This tagger
automatically annotates the following aspects of each review: summary, motivation, originality,
soundness, substance, replicability, clarity and comparison [43, 84, 96]. Note that the original model
predicts the sentiment of the tag as well but we opted not to include the sentiment in MetaWriter
as this could lead to reduced authorial agency amongst users. Among all independent reviews in
our ICLR dataset, 30.4% of words received an aspect tag and the rest of the words do not reach the
probability of belonging to any of the tags. The research team downloaded the review ID from the
training dataset of the tagging model to filter out them in the MetaWriter training data Table 5
shows examples of each aspect tag and reports the percent distribution across the entire dataset.
Among all tagged aspects, a summary of the paper has the highest frequency, which might be
because every reviewer usually starts their review with a summary of the paper.

9.2.2  Extractive summarization algorithm.

Extractive summarization techniques have shown evidence of being able to select strong candidate
sentences for a summary [56]. Here, we utilized the extractive summarization technique and
fine-tuned a pre-trained model to select key sentences from each independent review to shorten
participants’ time reading the long reviews. To train the extractive summarization model, we first
create an extractive summarization dataset from our ICLR dataset. The inputs are individual reviews
and the labels are generated via a beam search procedure on the individual review [16, 56, 91]. The

®https://huggingface.co/siebert/sentiment-roberta-large-english
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Tagged aspect | Example Freq (%)
Summary This paper presents a neural network model for machine translation using ...s... | 53.4%
Motivation The motivation of using the conditional prior is unclear. 5.1%
Originality This paper presents a novel approach to cross-lingual language model learning. | 7.3%
Soundness This assumption is not true in practice 10.3%
Substance The experiments are well-conducted. 7.1%
Replicability The authors should provide more details about the hyperparameters. 2.0%
Comparison The author should compare with [1,2,3] and [4]. 4.5%
Clarity The paper is well-written and easy to follow. 10.3%

Table 5. Tagged aspect category, examples sentences appear in the independent reviews and frequency.
Among all tagged aspects, summary appears most frequently.

goal of this procedure is to label the sentences which were incorporated into the final meta-review.
In particular, during beam search for each additional sentence we propose to add to the label,
following [91] we compute a heuristic cost equal to the Recall-Oriented Understudy for Gisting
Evaluation (ROUGE) score of a given sentence with respect to the reference summary which
is the meta-review written by ICLR meta-reviewers. ROUGE score is a widely used measure to
automatically determine the quality of a summary by comparing it to original summaries written
by human [53]. ROUGE-n scores count the number of overlapping n-grams and word sequences
between the summary to be evaluated and the human written summary.

We primarily use ROUGE scores to compare our fine-tuned models with those of previous works.
Specifically, we use ROUGE-L as a measurement in this process as it considers sentence-level
structures and finds similarities amongst sentences and n-grams via longest common subsequence
statistics, making ROUGE-L ideal for complex, long-form content such as reviews [54, 74]. In this
process, we iteratively loop over sentences from the review and only keep sentences when the
ROUGE-L score between the selected sentences and the meta-review improves.

We fine-tuned the extractive summarization model PreSumm on our dataset of reviews and
their beam-searched labels [56]. After following the PreSumm training setup and fine-tuning our
dataset, we evaluated our extracted output against the real meta-reviews. We obtained the F1 scores
of ROUGE-1 as 0.341, ROUGE-2 as 0.085 and ROUGE-L as 0.162. For each review, the model can
automatically identify key sentences that have the highest probability of being in the meta-review.

9.2.3  Abstractive summarization algorithm.

To generate a realistic and natural draft, we fine-tuned an abstractive summarization model on our
dataset using the BART model [51]. For each submission, we combined the extracted sentences
from all three reviewers using the extractive summarization above, along with their ratings and
the paper abstract as inputs, and then used the real meta-review as the output target. In order to
separate different reviewers’ inputs, we add a special token “<SEP>" between them. We used our
dataset to fine-tune the bart-large-cnn model, one variant of the BART model [51]. More specifically,
we use the PyTorch implementation in the open-source library Fairseq [61]. All experiments are
conducted on 4 V-100 GPUs, using a batch size of 4. During fine-tuning, we set the maximum
number of tokens as 1024 where the transformer model truncates the source length to 1024 tokens
by default. For the rest of the hyperparameters, we use the pre-trained model’s default values,
where we set the learning rate as 3e05, update frequency as 16 and maximum epoch as 30. When
we evaluate our generated meta-review against the real meta-reviews, we obtained the F1 scores
of ROUGE-1 as 0.345, ROUGE-2 as 0.095 and ROUGE-L as 0.207. After generating the draft, we
removed the sentence that specifically mentioned paper’s decision using heuristics.
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9.3 Examples of MetaWriter’s highlighted tags, extracted sentences and generated draft

Parts of reviewer 1 comment with highlighted tags:

— summary - comparison |= substance - originality - clarity - soundness

Parts of R1:

This paper explores the problem of deep heteroscedastic multivariate regression where the goal is
to regress over symmetric positive definite matrices; that is, the deep learning model should take as
input data points, and produce a conditional covariance matrix as the output. The key challenge in
this setting is how to ensure the predicted matrix is positive definite (and thus follows the non-linear
geometry of these matrices), how the neural network can be trained for this task, and what loss
function can be used for effective training. The paper proposes a neural network with bilinear layers
in this regard, and uses the von Neumann divergence as the loss function to regress the predicted
covariance against a ground truth SPD matrix. The gradients of the von Neumann divergence are
provided for learning via backpropagation. Experiments on several synthetic datasets and small scale
datasets are provided, showcasing some benefits.

Pros:

1. The use of von Neumann divergence as a loss for this task is perhaps novel.

2. The use of alpha-derivatives, while computationally demanding, is perhaps novel in this context as
well.

Cons:

1. I do not think the problem setting or the proposed framework is entirely new or is the best choice
of its ingredients. Specifically, the idea of using second-order neural networks have been attempted in
several prior papers, including the ones the paper cite (such as Ionescu et al. ,2015).

In comparison to these methods, it is not clear how the proposed setup is novel, or in what way is
method better. There are no comparisons to these methods, and thus it is difficult to judge the benefits
even empirically.

[..]

4. The experiments are not compelling, there are no comparisons to alternative models and the datasets
used are small scale. Thus, it is unclear if the design choices in the paper have any strong bearing in
the empirical performances.

Overall, the paper makes an attempt at designing neural networks for learning SPD matrices. While,
there are some components in the model that are perhaps new, the paper lacks any justifications for
their choices, and as such these choices seem inferior to alternatives that have been proposed earlier.
Also, the experimental results are not convincing against prior works.

Selected sentences from Reviewer I:

v The use of von Neumann divergence as a loss for this task is perhaps novel.

V| The paper should also include and perhaps compare to their datasets.

V' 1 do not think the use of von Neumann divergence as a loss is the best choice one could have, esp.
for a deep neural network learning setting. This divergence includes the matrix logarithm, which is
perhaps computationally expensive.

V| The experiments are not compelling, there are no comparisons to alternative models and the
datasets used are small scale. Thus, it is unclear if the design choices in the paper have any strong
bearing in the empirical performances.

v Overall, the paper makes an attempt at designing neural networks for learning SPD matrices. While,
there are some components in the model that are perhaps new, the paper lacks any justifications for
their choices, and as such these choices seem inferior to alternatives that have been proposed earlier.

Generated meta-review from all reviewers’ comments:
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This paper presents a novel approach to designing neural networks for learning SPD matrices, a
case where a semidefinite positive matrix is learned at the output. The paper presents theoretical
derivations that look sound, and validating experiments on synthetic and real data show that the
proposed approach outperforms existing methods on E_quad and other datasets. While the approach
is novel, there are some concerns about the empirical evaluation, which are raised by the reviewers:
1) The empirical evaluation is not compelling, as there are no comparisons to alternative models and
the datasets used are small scale.

2) The use of von Neumann divergence as a loss for this task is perhaps novel. However, the gradients
of the von Neumann divergence are provided for learning via backpropagation. This divergence
includes the matrix logarithm, which is perhaps computationally expensive.

3) The heteroscedastic regression evaluation is problematic. The heteroscedastic regression experi-
ments don’t evaluate on one of the key issues, which is uncertainty estimation.

4) The network structure as a whole needs greater validation.

Overall, the paper makes an attempt at designing neural networks for learning SPD matrices, but the
paper lacks any justifications for their choices.

Table 6. The example shows how MetaWriter highlights tags, extracts sentences and generates the meta-
review draft.

9.4 Demographics of participants

Table below reported the demographics of participants and their review experience.

Gender Female: 10
Non-binary or gender non-conforming: 1
Male: 21

ML paper writing experience More than 5 year experience: 13

3-4 years of experience: 3
More than one year experience: 16

ML conferences review experience Three or more times per year: 17
Once or twice per year: 3
Only once or twice before: 12

ML conferences meta-review experience | Three or more times per year: 5
Only once or twice before: 1

Table 7. Demographics of participants and review experience
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