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ABSTRACT

Large language models (LLMs) are increasingly used as writing assistants for
tasks such as revising text, generating suggestions, and improving clarity. How-
ever, it remains unclear whether these systems preserve users’ writing style, tone,
or even intended meaning when editing text. In this work, we examine how LLMs
alter the semantic and stylistic properties of human writing. Using a dataset of
human-written essays and their revisions from before the release of LLMs, we
study how asking an LLM to revise the essay based on the human-written feed-
back induces large changes in the resulting content and meaning. We then conduct
a randomized controlled user study to understand how humans actually interact
with LLMs when using them for writing. Our study of 50 users reveals that those
who use an LLM to assist them showed similar alterations to their writing, and re-
ported that the resulting essay was significantly less creative and not in their voice.
Finally, we study how LLM use is already affecting our institutions, such as scien-
tific peer review, altering the criteria for publication and assigning scores. These
findings highlight a misalignment between the perceived benefit of AI use and an
insidious and consistent underlying semantic change, motivating future work on
how widespread AI writing will affect our cultural and scientific institutions.

1 INTRODUCTION

Over 1 billion people use Large Language Models (LLMs) weekly, with much traffic devoted to
getting help with writing (Chatterji et al., 2025), including revising emails and drafting workplace
documents in professional settings (Liang et al., 2024; Sanz-Tejeda et al., 2026) and generating
ideas for essays and creative writing (Doshi & Hauser, 2024). LLM-generated text has also rapidly
permeated formal institutions, with recent reports highlighting the use of LLMs in drafting UK par-
liamentary speeches (James, 2025) and 25% of peer reviews likely generated by LLMs at a major
academic conference (Emi, 2025). This increasing use of LLMs for writing raises questions about
whether these systems are able to preserve a human’s writing preferences, tone, stylistic voice, and
even the content of what they write about. Prior work suggests that LLMs tend towards homog-
enization, converging on a narrow set of linguistic patterns across diverse prompts and contexts
(Jiang et al., 2025b). When such models are used as writing assistants, this tendency may be ampli-
fied through repeated exposure to model-generated suggestions, potentially reducing text diversity
and encouraging convergence toward a writing style (Hutchinson et al., 2025).

In this paper, we investigate the extent to which the use of LLMs for writing alters or distorts hu-
man writing, in both style and meaning. To understand the use of LLMs by humans for writing, we
conduct a human user study with 50 participants, where 30 participants complete an essay-writing
task with access to an LLM and the remaining 20 participants complete the same task without ac-
cess to the LLM. We survey participant attitudes and preferences towards LLMs and writing before
and after the study, and analyze stylistic differences among essays written solely by humans, essays
written with LLM assistance, and essays generated entirely by an LLM. Our results show that par-
ticipants who used LLMs report their essays to be significantly less creative and less reflective of
their own voice, suggesting the inability of LLMs to meet human writing preferences.

Motivated by findings that roughly two-thirds of LLM-assisted writing involves editing, critiquing,
or translating existing text rather than generating text from scratch (Chatterji et al., 2025), we addi-
tionally perform a larger-scale quantitative analysis of how LLMs edit human-written essays, com-
pared to how humans edit their own essays. Specifically, we leverage a publicly available dataset
of 86 human-written essays, expert feedback, and the resulting human-revised drafts (Kashefi et al.,
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Figure 1: Semantic shifts induced by human and LLM revisions for the Arg Rewrite v2 dataset. Each point pair
represents an essay before (D1) and after (D2) revision, embedded using gemini-004 sentence embeddings
and projected into two dimensions via PCA, a common approach for analyzing semantic differences (Dhillon
et al., 2015). The left panel shows human revisions, while the remaining panels show revisions produced by
prompting the LLM with different edit instructions with access to expert feedback, including prompting the
LLM to make minimal edits (top right). Arrows indicate the direction and magnitude of semantic change.
Human revisions exhibit smaller semantic shifts, whereas LLM revisions produce larger shifts that are strongly
aligned in a common direction, indicating a homogenizing, meaning-altering distortion.

2022), comparing human edits to edits produced by three commonly used LLMs by humans. We
measure differences between human-edited and LLM-edited essays along dimensions of semantics,
lexical, part-of-speech distributions, emotional tone, and stylistic features. Our results show that
using LLMs for editing leads to a dramatic shift from initial drafts and the homogenization of the
resulting text. As shown in Figure 1, when humans revise their own writing, they perform edits of
much smaller magnitude that take the writing in different directions. In contrast, when LLMs are
prompted to edit the essays, they uniformly shift human writing in the same direction, resulting in
essays that are not only less diverse but also occupy a region of embedding space where no previ-
ous human-written essay exists. This pattern is consistent with prior findings that LLMs encourage
convergence towards a shared semantic style rather than preserving individual writing preferences
(Jiang et al., 2025a). As our results will show, we find that LLMs increase the usage of both argu-
mentative and emotional language, shifting the meaning to argue more positively for technology.

Finally, we analyze peer reviews from the International Conference on Learning Representations
(ICLR) from 2022 to present (González-Márquez & Kobak, 2024), comparing those written by
humans with those generated or heavily edited by LLMs. We summarize strengths and weaknesses
in LLM-generated versus human-written reviews, and find that using LLMs for writing academic
peer reviews does not just reduce the diversity of responses and change the resulting average scores.
Rather, LLMs have begun to change what criteria we focus on in evaluating peer-reviewed scientific
research in the wild. Thus, LLM use is already shifting our scientific and cultural institutions in
insidious ways that are as of yet poorly understood.

In summary, the contributions of our paper are to study how LLMs use shifts in human writing, both
in degree and in meaning, by leveraging for the first time:

• A randomized controlled trial studying the output of and preferences of humans as they use an
LLM writing assistant under naturalistic conditions

• A comparison of human-edited essays with expert feedback, pre-dating LLMs, to LLMs making
revisions on the same essays;

• Data from in-the-wild LLM use permeating scientific peer review in the International Conference
for Learning Representations (ICLR) 2026, a significant machine learning venue.

Our findings all point to the same conclusion: if left unchecked, LLMs may inadvertently push peo-
ple towards a vastly different, homogenized style of writing that does not reflect our preferences, and
even subtly steer our writing and decision-making toward different conclusions than those originally
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intended. We hope this work underscores the need for further study into these phenomena, as well
as the development of writing tools that support clarity and correctness without altering meaning or
reducing creative expression of the human voice.

2 RELATED WORK

LLM Homogenization. Large language models have been adopted for use at a dizzying pace, with
one of the most dominant usage categories being writing, editing, and generating ideas (Chatterji
et al., 2025). However, co-writing with an LLM leads to writing that tends to converge stylisti-
cally across creative tasks, decision making, and open-ended text generation (Zhou & Fiedler, 2025;
Wang et al., 2025; Agarwal et al., 2025; Jiang et al., 2025a; Xu et al., 2025) even across model
families. Recent work provides evidence that this loss of diversity may arise from feedback loops
between LLM models and training with paradigms such as RLHF (Murthy et al., 2025). Algorith-
mic systems can create cultural “lock-in,” where the outputs of generative models reinforce their
own stylistic priors over time (Hutchinson et al., 2025). These works indicate that homogenization
is not a surface-level phenomenon, but a structural property of current LLMs. Our work furthers
these claims by analyzing a dataset of writing from before the widespread adoption of LLMs (Chen
et al., 2022). We not only show that LLM-prompted edits from a range of different model families
consistently shift essays toward a narrower region of the distribution, in contrast to the more varied
distribution of human edits, but that LLMs induce semantic, lexical, and emotional differences in
writing (Mohammad & Turney, 2013; Boyd et al., 2022).

The Effect of LLMs on Humans. Recent work has begun to examine how sustained interaction
with LLMs affects human cognition, preferences, and decision-making. Although LLMs have been
shown to improve productivity by assisting in generating ideas, structuring content, summarizing lit-
erature, and reducing drafting time (Noy & Zhang, 2023), using LLMs for writing has been shown
to reduce creativity in humans (ScienceDaily, 2024; Wang & Fan, 2025; Doshi & Hauser, 2023;
Meincke et al., 2025; Anderson et al., 2024), with the resulting writing showing less diversity. Ad-
ditionally, frequent reliance on AI assistance may carry cognitive costs, with humans who delegate
writing to LLMs accumulating “cognitive debt,” and producing fluent but less conceptually diverse
work (Kim et al., 2025). In everyday communication tools, LLMs increasingly shape how people
write as much as what they decide. Empirical studies show that AI-mediated communication alters
emotional tone, partner perception, and decision making (Hohenstein et al., 2021; Sabour et al.,
2025), diminishes authorship and agency in professional correspondence (Wenker, 2023), and, in
cross-cultural contexts, homogenizes prose toward Western stylistic norms, reducing cultural nu-
ance (Agarwal et al., 2025). These findings suggest that the large-scale deployment of AI writing
assistants may gradually stabilize and narrow the range of communicative styles that people use.
Our work is the first to perform randomized controlled trials to study how humans actually interact
with LLMs, to show that not only do LLMs homogenize our writing, but have the ability to influence
the views and judgments that humans express when writing.

The Effect of AI on Institutions. As LLM usage becomes embedded in formal institutions, con-
cerns have emerged on its impact on collective judgment and evaluation. Reports show that academic
peer reviews and scientific writing contain content heavily generated and/or edited by LLMs (Emi,
2025; Liang et al., 2025). While prior work has quantified whether LLMs are used when writing, our
work is the first to examine how LLM-assisted writing in academic contexts changes conclusions
reached by humans. Our findings suggest that the use of LLMs in institutional contexts causes not
only the homogenization of language but also the decisions that shape scientific outcomes.

3 EXPERIMENT METHODOLOGY

In this section, we describe the methodology used to quantify semantic, lexical, grammatical, and
affective differences between human-written text and LLM-written or LLM-edited text, focusing
on three datasets: (1) 50 argumentative essays written with and without the assistance of LLMs by
human participants; (2) 86 argumentative essays written by humans and edited independently by
humans and by LLMs prompted as editors; and (3) peer reviews from an academic conference. We
describe the three settings below.
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3.1 DATASETS.

Human Study. We conducted a randomized controlled trial (RCT) to investigate how humans use
LLMs when writing an argumentative essay on the question: “Does money lead to happiness?”,
an open-ended topic that we felt most participants could relate to. We recruited 50 participants
from Prolific, a research platform through which participants can voluntarily participate in research
surveys and receive compensation. We randomly assigned participants to one of two conditions:
(1) a baseline (n = 20), where participants were not allowed to use LLMs, or (2) an AI-assisted
condition (n = 30), where participants were allowed to use an LLM in whatever way they chose
while writing. For the AI-assisted group, we recorded the full interaction history with the LLM as
well as the final draft written with LLM assistance. To evaluate the impact of LLM intervention, each
participant completed a pre-study and post-study questionnaire to measure shifts in attitudes toward
LLMs, their own creative agency, and the alignment of model outputs with their preferences when
writing. These self-reported ratings allow us to clearly measure if human preferences are truly being
met through collaboration with LLMs, and how the human’s opinion on the use of LLMs changes
as a result of the interaction. We provide the pre-study and post-study questions in Section A.2, and
details such as compensation, recruitment process, and duration of the study in Section A.1. All
procedures were approved by our Institutional Review Board (IRB).

ArgRewrite-v2. For our analysis of how LLMs vs humans edit essays, we use ArgRewrite-v2 (Chen
et al., 2022), a dataset of argumentative writing revisions collected from 86 university students. All
participants were tasked to develop an initial argumentative essay draft as the first draft (D1) for or
against self-driving cars that could serve as an op-ed piece in a local newspaper. Each draft was
then provided with feedback from a human expert to improve the initial draft, which included both
coarse-grained (surface vs content) and fine-grained (e.g., claim, evidence, reasoning, word usage,
precision, etc.) feedback. In response, participants revised the initial draft based on the expert-
provided feedback to form the second draft (D2). Importantly, we use this dataset for our analysis
as it was released in 2022, and hence the writing pre-dates the widespread adoption of LLM-based
writing assistants like ChatGPT (OpenAI, 2026).

Peer Reviews. For analysis on how in-the-wild LLM use may shift the claims made by those who
use them, we analyze peer reviews from the International Conference on Learning Representations
(González-Márquez & Kobak, 2024), written by humans with those generated or heavily edited by
LLMs in 2026. From 75,000 reviews, reports have found that over 20% of these reviews were LLM-
generated, with an additional 39% of papers that used LLMs to edit or generate parts of the text
(Emi, 2025). We chose to use this dataset because of (1) the incentive of the reviewers to create
high-quality reviews as their professional reputation is on the line, and (2) the high confidence and
low false positive rate of the Pangram tool for use as an LLM Detector (Emi & Spero, 2024). For
a select number of topic categories, we compare the LLM-edited texts to the fully human-edited
texts to conclude the effects that LLM editing has not only on writing style, but on consequential
factors such as sentiment of the review (positive vs. negative) and the assigned score, showing that
LLM-generated text is already having a meaningful impact on real-world institutions.

3.2 METRICS

PCA of Embedding Representations. To capture changes in semantic meaning between human-
edited and LLM-edited drafts, we project each draft into a high-dimensional vector space using an
encoder transformer model to generate an embedding. To identify the primary axes of semantic
variation across the dataset, we apply Principal Component Analysis (PCA) to the embedding rep-
resentation. Distances in our PCA plot reflect similarity in meaning or semantic content between
essays (Mikolov et al., 2013; Reimers & Gurevych, 2019). In our analysis, we analyze both the
magnitude and direction of each of the 86 different essays. Large magnitude edits, all pointing in a
similar direction, indicate that the LLM is not merely correcting grammar, but is actively steering
diverse human perspectives in a homogenizing way, toward a very different conceptual mode.

Lexical Distributions. To complement our semantic analysis, we also want to quantify the lexical
difference between human-edited and LLM-edited draft to understand which words appear, how
often they appear, and whether some words are swapped for others. While embeddings capture
high-level conceptual change, they may mask changes to specific word choices that make up an
individual’s unique writing style. Thus, we measure the divergence between the unigram distri-
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Figure 2: Example of substantial argumentative rewriting by an LLM. Red text highlights segments removed
or substantially reframed by the model, while green text highlights segments added to the human draft. The
figure illustrates how LLM edits can alter conclusions (top left), remove human colloquialisms and examples
(bottom left), and remove content in favor of a biased claim.

Figure 3: Unique words in human-edited texts (left) versus AI-edited texts using gpt-5-mini (right). Word
size reflects relative frequency, highlighting stylistic and thematic differences between edits.

butions of the original human drafts and the revisions. We quantify these lexical shifts using the
Jensen-Shannon Divergence (JSD) (Menéndez et al., 1997). We represent each draft as a discrete
probability distribution over the global vocabulary, where the probability of a token is proportional
to its frequency in the text. This approach allows us to quantify lexical change independently of
sentence structure or syntax.

For probability distributions P of the initial draft and Q of the revised draft, the JSD is defined as:

JSD(P ∥Q) =
1

2
DKL(P ∥M) +

1

2
DKL(Q ∥M) (1)

where M = 1
2 (P + Q). By calculating JSD over word counts, we can empirically determine the

extent to which LLMs alter the lexical composition of human writing compared to LLM-edited
writing. A higher JSD indicates a more pronounced departure from the human’s vocabulary.

Measuring change in emotional distribution. To quantify shifts in the affective quality of revi-
sions, we utilize the NRC (National Research Council - Canada) Emotion Lexicon (Mohammad &
Turney, 2013). This resource is a list of English words and their associations with eight basic emo-
tions: anger, anticipation, disgust, fear, joy, sadness, surprise, and trust, as well as two sentiments
(positive and negative). By computing the density of these emotional markers in both human and
AI-revised essays, we can detect whether LLMs systematically change the emotional tone of argu-
mentative writing or introduce specific affective biases, such as an increase in positive sentiment,
that were absent in the original human drafts.

LIWC: We also employ the Linguistic Inquiry and Word Count (LIWC) tool (Tausczik & Pen-
nebaker, 2010; Boyd et al., 2022) to measure the psychological, emotional, and cognitive character-
istics of the language in human and AI-written text based on word usage. LIWC categorizes words
into over 90 semantically and grammatically defined dimensions, including summary variables (e.g.,
analytical thinking, clout, and authenticity), grammatical categories (e.g., pronouns, prepositions),
& psychological processes (e.g., cognitive mechanisms, social processes). LIWC allows us to move
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beyond simple surface-level changes and quantify how text edited or written by LLMs alters the
meaning of an essay across different categories. For instance, we use the Analytical Thinking and
Authenticity metrics to determine if LLM revisions shift a human-users’s natural voice toward the
formal, detached, and highly structured style commonly associated with generative models.

Qualitative Analyses Using LLM-as-a-Judge We use gpt-4o as an LLM-as-a-Judge, a common
technique to automate qualitative analyses to determine qualitative attributes for essays and ICLR
reviews written by humans and AIs, respectively. For the human study, we use our LLM-as-a-
Judge to determine (1) the extent to which the essay agreed or disagreed with the question “Does
money lead to happiness?” and (2) the different claims that the essays made to support their claims.
For the ICLR review analysis, we use LLM-as-a-Judge to first extract categories of strengths and
weaknesses (such as ‘novelty’) and then label each ICLR review with these selected strengths and
weaknesses. Prompts for the LLM-as-a-Judge can be found in Section E.

4 RESULTS

We observe from our human user results that those who used an LLM found that their essay was not
in their voice and less creative (p < 0.01). To understand why, we perform a controlled experiment
where we prompt LLMs to perform edits on essays from a pre-LLM era, revealing dramatic distor-
tions in style, content, and meaning, even when the LLM is prompted only to give grammar edits.
We find the distortion of LLMs goes beyond controlled experiments in essay writing, affecting the
decisions and rationales of reviewers at top conferences such as ICLR 2026.

(1) Humans Report That Essays using LLMs Do Not Reflect Their Own Voice

Figure 4: Post-study survey responses reveal that hu-
man users consider the responses that they constructed
with an LLM are significantly less creative and less in
their voice (p < 0.01). Despite this, users who used
an LLM did not report significantly less satisfaction or
struggle when writing their essay.

Figure 4 shows that human users who re-
lied on an LLM to help write their essay re-
ported feeling that their essay was significantly
less creative and less in their own voice (p-
score¡0.005). Human users also did not report
feeling that it was easier to organize their writ-
ing, that they struggled less than the human
users who did not use an LLM, or feeling less
satisfied with the outcome of the essay. This
illustrates a fundamental drawback with using
preference scores, because although the satis-
faction reported by human users did not de-
crease, reflective of standard preference scores,
the participants noticed a significant decrease in
creativity and personal voice.

(2) LLMs Homogenize Writing by Shifting
Essays in a Common Semantic Direction.
From our human user-study, we found that 16
/ 50 users who were allowed to interact with
an LLMs chose to instead use the LLM as
an information-seeking or writing advice tool.
These participants reported writing the essay al-
most entirely on their own, with an LLM-generated percentage less than 40% from an existing AI-
detection software (Emi & Spero, 2024), and 14 of them reporting less than 20% of the essay as
written by an LLM. We refer to these participants as LLM-influenced, as they had access to LLMs
even if they were not included in their final work. We distinguish those participants from those who
used the LLM to generate the complete essay, denoted as the LLM condition.

To understand how the use of LLMs affects the semantic meaning expressed in human writing,
we analyzed semantic shifts using sentence embeddings projected into two dimensions via T-SNE
between human writing, LLM influenced writing and LLM writing.

Figure 5 shows the semantic distribution of essays across these three conditions. We find
that essays primarily written by humans (in black) and those that are LLM-influenced (in
purple) are widely spread out throughout the embedding space, occupying a broad region
that reflects the diversity of individual perspectives, writing styles, and argumentation. On
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Figure 6: Semantic shifts induced by human and LLM revisions for the Arg Rewrite v2 dataset. Each point pair
represents an essay before (D1) and after (D2) revision, embedded using gemini-004 sentence embeddings
and projected into two dimensions via PCA, a common approach for analyzing semantic differences (Dhillon
et al., 2015). The left panel shows human revisions, while the remaining panels show revisions produced by
different LLMs without access to expert feedback. Arrows indicate the direction and magnitude of semantic
change. Human revisions exhibit smaller, more varied semantic shifts, whereas LLM revisions produce larger
shifts that are strongly aligned in a common direction, indicating a homogenization effect in semantic space.

the other hand, essays written by LLMs (in green) form a tight cluster in the bottom right
quadrant of the space, a space that is not occupied by any of the human-written essays.

Figure 5: t-SNE of semantic embeddings. LLM
essays form a distinct cluster, while LLM-
influenced essays lie between human & LLM re-
gions.

This clustering shows that LLMs produce text that
is semantically different from that produced by hu-
mans. We find that LLM-influenced is in between
human-users and LLMs, suggesting that even mini-
mal exposure to LLM outputs can shift human writ-
ing toward LLM semantic patterns.

To further test whether there is a significant dif-
ference between the semantic meaning of human-
written text versus LLM-written text, we performed
a similar analyses in a controlled setting. Specif-
ically, we prompted three LLMs (gpt-5-mini,
gemini-2.5-flash, claude-haiku) to edit
original human drafted essays in the ArgRewrite-
v2 dataset. Our human user study shows that hu-
man users employ LLMs for generating ideas and
arguments, expanding their own ideas from exist-
ing human-written text, writing a first paragraph and
asking the LLM to finish the rest, asking the LLM to review the human-written essay, and asking the
LLM to write the entire essay. Hence, we prompted LLMs to perform five revision types: (1) general
version to comprehensively improve the essay (2) minimal edits that make only necessary correc-
tions (3) grammar revisions that fix surface errors without changing content (4) completion revisions
to finish incomplete essays and (5) expansion to elaborate on existing ideas. For each revision type,
we also varied whether the LLM had access to expert human feedback on the original human draft
to maintain a fair comparison with the edited drafts from human users in the ArgRewrite-v2 dataset.
However, as human users generally do not have access to expert feedback when improving essays,
we also ask the LLM to edit without the expert feedback.

Figure 6 shows the semantic shifts from the initial human draft (D1) to revised drafts (D2) by the hu-
man editor for the ArgRewrite-v2 datasets and three LLM editors for the general revision case, and
Figure 1 shows the embedding distribution across different types of revisions from gpt-5-mini.
We find that humans make small, multidirectional semantic shifts, with arrows pointing in diverse
directions, and the revised essays remaining dispersed throughout the embedding space. In contrast,
all three LLMs produce semantic shifts consistently pointed in the same direction, with the mag-
nitude of semantic change largest for gpt-5-mini and smallest for claude-haiku. Across
LLMs, we also find the largest semantic change is between the initial human draft and the final
LLM draft when LLMs are prompted to complete and expand the essay. However, we find concern-
ing levels of shift when LLMs are tasked to perform minimal edits to the essay or only edit the essay
for grammar. Further results in Section C.2, Section C.3, and Section C.4.

In the next sections, we further analyze how these differences between human-written and LLM-
written texts actually manifest.
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Figure 7: Lexical divergence dis-
tribution for general revision of
claude-haiku with expert feed-
back. Gray bars show the human
baseline, while colored distribution
show LLM revisions systematically
shift rightward. Higher JSD indi-
cates more extensive vocabulary
replacement, with LLMs substituting
substantially more words than humans.

(3) LLMs Make Substantially Larger Lexical Changes
Than Humans. We also examined how LLMs alter the spe-
cific word choices that make up an individual’s writing style,
by measuring the lexical divergence between the initial human
draft and the revised human and LLM drafts with JSD for the
ArgRewrite-v2 dataset. Figure 7 shows the distribution of JSD
values for general revisions with expert feedback, with JSD
plots for other types of edits found in Section C.5. The hu-
man baseline exhibits a tight distribution centered around 0.2-
0.3 JSD, indicating that humans make modest, targeted word
substitutions while preserving most of their original vocabu-
lary. In contrast, all three LLMs shift the distribution towards
the right and produce wider spreads, with gpt-5-mini show-
ing the most significant change in divergence of nearly triple
the human baseline, with many essays reaching divergences
above 0.7. These lexical shifts demonstrate that LLMs replace
a much larger fraction of the original writing than humans do
when revising their own work. This substitution of words contributes to the loss of individual voice
and style, as the unique lexical fingerprint of each writer is overwritten by the given models preferred
vocabulary. Further results with different LLM-editing conditions and LLMs found in Section C.5.

Figure 8: Parts of Speech Distribution. Left: Essays written completely by humans versus written with assis-
tance of LLMs. Right: Essays edited by humans versus edited by 3 different LLMs prompted to make general
edits. LLMs use more nouns and adjectives when writing/editing, and reduce the use of pronouns.

(4) LLMs Systematically Restructure Grammar Toward a Noun-Heavy, Formal Style. To un-
derstand how LLMs change the syntactic structure of writing, we analyzed part-of-speech (POS)
distributions in essays written by human users versus essays written by LLMs. Figure 8 (left) shows
the relative change in POS tag frequencies for our human-user study. We find there to be 50% de-
crease in pronouns from human-user essays and essays written with LLMs, signifying a removal of
first-person, experience-based argumentation toward impersonal language. We also find that LLM-
written essays show a higher percentage of nouns (31% frequency in text) than human-written essays
(27% frequency in text), with adjectives showing a similar trend (12% for LLM-written essays, 8%
for human-written essays). Figure 8 shows a similar analysis for the ArgRewrite-v2 dataset. We
find that humans make minimal grammatical changes typically under 5% for any POS category. In
contrast, LLMs systematically restructure sentences toward a more formal style and primarily using
nouns in writing. We also find that all three models dramatically increase the use of adjectives com-
pared to the human draft (57 − 90% increase) and coordinating conjunctions (13 − 90% increase),
while substantially reducing pronouns (40 − 60% decrease) and determiners (25 − 50% decrease).
This confirms our qualitative findings that LLM edits move writing away from narrative, first-person
toward impersonal, academic writing. We find these shifts to be more pronounced when the LLM is
prompted to complete or expand the essay. We find gpt-5-mini shows the most extreme restruc-
turing, with an 88% increase in coordinating conjunctions and 27% increase in nouns, alongside a
61% decrease in pronouns. This pattern aligns with prior observations that LLMs favor complex,
formal constructions over the more direct, personal style typical of human writing. For minimal
edits, LLMs still increase use of adjectives by 40-87% and reduce pronouns by 31-56%. Further
results with different LLM-editing conditions found in Section C.6.

(5) The use of LLMs for writing increases emotional language. We examined whether LLM
edits change the distribution of emotions present in text using the NRC Lexicon (Mohammad &
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Figure 9: Emotional shifts for general revisions with and without expert feedback. Human baseline (gray)
shows minimal affective changes. LLMs dramatically increase positive sentiment (37-54%) and trust-related
language (17-53%), while also simultaneously increasing negative sentiment (24-38%). This indicates dramatic
increases in the use of emotional language, regardless of the way the LLM is prompted.

for

22.2%

against

27.8%

neutral 50.0%

Human
for

18.8%

against
25.0%neutral 56.2%

LLM-Influenced

for
35.7%

against

7.1%
neutral 57.2%

LLM

for

26.7%

against
16.7%neutral 56.7%

LLM Total

Human User Study Prompt: Does money buy happiness?

Figure 10: We display the results of using LLM-as-a-Judge to categorize the human study essays based on
stance. LLM Total refers to a combination of both the LLM-Influenced and LLM categories. Humans who had
the option to interact with the LLM (LLM total) during the RCT are 40% less likely to argue against the idea
that money leads to happiness, while humans who leaned heavily on the LLM to write most of the essay are
68% less likely to argue that money leads to happiness.

Turney, 2013) on the ArgRewrite-v2 dataset. Figure 9 shows the change in emotional word density
for general and minimal revisions with and without expert feedback. We find human edits make
minimal affective changes (black), with adjustments typically under 5% for any emotion category
compared to the initial human draft. On the other hand, LLMs increase the amount of emotional
language used in general, with LLMs expressing slightly words relating to positivity and trust labels
in the essay. This pattern suggests that LLMs systematically reframe arguments in more positive,
optimistic terms, even when the original human text may have been critical, skeptical, or balanced.
For essays about self-driving cars (the ArgRewrite-v2 topic), this could mean downplaying concerns
about safety, job displacement, or ethical issues in favor of enthusiasm about technological progress,
as shown in Figure 2, where the LLM removes mention of the drawbacks of self-driving cars (row 3).
Interestingly, we also find that without expert human feedback guiding the LLM edits, the emotional
shifts across all categories relative to the initial human draft is a lot more drastic, reinforcing the
observation that LLMs increase emotional language in the essay. We specifically find edits by
claude-haiku to be less pronounced with expert feedback. Further results with different LLM-
editing conditions and LLMs found in Section C.7.

(6) LLMs Distort Human Decisions and Rationales. In our human user study, we find that LLMs
significantly distort both the conclusions that humans come to and the arguments they use to arrive
at their conclusions. In Figure 10, we find that humans who interacted with an LLM to write the
essay are 28% more likely to argue that money does lead to happiness, and humans who used an
LLM to write most of the essay are 68% less likely to argue against money leading to happiness.
This finding illustrates that humans’ intent in decision-making is strongly influenced by interacting
with an LLM while writing an essay, and the effects are more pronounced the more that humans use
LLMs to help them write. In Figure 44, we find that certain types of arguments are more typical of
LLMs than humans. Humans are more likely to use arguments related to personal experience, while
LLM-written essays are more likely to use statistics and logic. LLM-influenced essays also cite
expert opinions, something that human-written essays rarely do. We find these results corroborated
in Figure 2 (row 2), where the first-person voice is removed by the LLM-edited draft.

In our qualitative analysis of LLM-edited essays on ArgRewrite-v2, we find similar trends. As
shown in the examples in Figure 2, when prompted to edit an essay for grammar, LLMs inadvertently
make changes to the claims in the essay. This pattern indicates that LLMs are not simply correcting
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-115%

Significant Weakness Changes (LLMs)

Figure 11: We use LLM-as-a-Judge on 2.2k reviews from ICLR 2026, selected because they were all written
on the subject of LLMs, where 1.1k reviews are entirely written by humans, and 1.1k are entirely written by
LLMs. We plot the relative frequency of certain strengths and weaknesses occurring in LLM reviews instead
of human reviews. Humans are over 50% more likely to comment on clarity and significance of research for
both strengths and weaknesses, while LLMs are 79% more likely to comment on reproducibility.

errors or improving clarity, but are fundamentally reorienting the content of diverse human essays
toward a shared semantic mode, which, in the case of ArgRewrite, are essays that are in support of
self-driving cars, with very similar use of language. The uniformity of these shifts across different
LLMs also suggests a convergence toward LLM-preferred linguistic patterns (Jiang et al., 2025a)
that may not reflect the original intent or voice of human writers, as the final drafts produced by
humans are semantically very different than the LLM-edited drafts.

(7) LLMs Distort Decisions affecting Scientific Institutions When LLMs are employed in the sci-
entific review process, the scores, decisions, and arguments made shift dramatically. In our ICLR
review analysis, we observe that LLMs assign scores 10% higher than humans (4.43 for LLM re-
views and 4.13 for human reviews). In fig. 11, strengths and weaknesses are dramatically different
between LLM-written reviews in comparison to human-written reviews. 1 We use LLM-as-a-Judge
to label 2.2k reviews from ICLR 2026 on 1.1k papers on the topic of LLMs, each with one review
written entirely by a human and a review written entirely by an LLM. We observe that humans are
over 50% more likely to comment on the clarity and significance of research, while LLMs are 79%
more likely to comment on reproducibility for both strengths and weaknesses.

5 DISCUSSION

In this paper, we show (1) LLM-edited texts change semantics, lexical distribution, and emotions
more significantly than human-edited texts; (2) users with LLM assistants as co-authors find the
resulting essay is significantly less creative and not in their voice; and (3) LLMs used to edit confer-
ence reviews are affecting the outcomes and decisions at the institution level. Our results show that
text generated by LLMs induces significant changes in human writing, in a way that causes many
human users to feel that they are losing a sense of creativity and voice in their writing. With LLM-
generated text already affecting real-world institutions like scientific peer review, if 1 billion people
are currently using LLMs, including politicians in their speeches in parliament, how will this affect
our cultural institutions? How will that affect the ways we organize, cooperate, develop scientific
research and technology? Will a loss of diversity in thought and culture make us more vulnerable in
a way that a loss of ecological diversity makes species more vulnerable to disaster and extinction?
We hypothesize that rather than maximizing positive human feedback from a chat interface (similar
to the one in our pilot study) as is common in RLHF Ouyang et al. (2022), designers of algorithms
need to introduce metrics to minimize alteration magnitude, while maintaining diversity to avoid ho-
mogenization effects. Within preference optimization, there is a large body of work centered around
optimizing for more diverse preferences Jang et al. (2023); Poddar et al. (2024). However, these
methods still require asking for feedback from diverse respondents.

1The LLM review versus human review is from designations from (Emi & Spero, 2024), a classifier with
a low false positive rate. It is possible for this tool to have errors and to introduce correlations, but the tool
focuses largely on stylistic differences to make judgments rather than semantic ones.
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ETHICS STATEMENT

This work studies how using LLMs for writing and editing of text impacts the content of human
writing across various dimensions including semantics, grammar, emotional distributions, and the
claims being made. We conducted a human-user study to understand human-user preferences to-
wards writing, and made sure to have proper IRB approval and protocols to make sure for no per-
sonally identifiable information to be collected from human-users. We recruited participants via
Prolific, asked for consent prior to the study, and compensated participants for their time. Data
for ArgRewrite-v2 and academic peer reviews were publicly available on the internet and did not
contain any personal identifiable information.

Finally, our contributions provide evidence for the need to design LLMs that preserve human agency
when writing. We hope this works encourages research to develop safeguards and improve tools for
human writing that preserves the human voice.

REPRODUCIBILITY STATEMENT

In order to ensure reproducibility, we provide details of our human-user study in Section A.1, con-
taining the instructions provided to participants who were tasked to write and without an LLM, as
well as the pre-study and post-study questions provided. Additionally, we provide further user study
results in Section B, including quanitative results on the semantic distribution, grammar, and emo-
tional distribution of essays. We also provide the prompts used for our analysis of the ArgRewrite-v2
dataset in Section C.1, as well as full results on the semantic (Section C.3, Section C.2, and Sec-
tion C.4), lexical (Section C.5), emotional (Section C.7), and parts of speech (Section C.6) analyses,
and for robustness, perform quantitative experiments across models and various prompts for editing
grounded in our human-user study. Lastly, we provide analysis on several other ICLR categories,
and provide the prompts used for the analysis in Section C.8.
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A USER STUDY DETAILS

A.1 USER STUDY RECRUITMENT PROCESS, COMPENSATION AND DURATION

To recruit our participants, we use Prolific, a research platform through which participants can vol-
untarily participate in research surveys and receive compensation. We give our participants 8 US
dollars to participate in the study, with an estimated time of 35 minutes and a maximum time limit of
1 hour. To participate in the study, we require participants to be native English speakers and reside
in the US, Canada, Australia, Ireland, the UK, or New Zealand to control for native language as a
factor when writing essays with an AI assistant.

A.2 USER STUDY INSTRUCTIONS.

We give the users the following instructions before we have them do the pre-study questions, the
writing with an assistant, and the post-study questions:

A.3 LLM ASSISTED INSTRUCTIONS

Instructions (LLM-Assisted Condition)

You will be writing an essay, and you may use the LLM chat to assist you in the writing process.
Use no other LLM than the one provided in this interface, and you may take as much time as
you need.
First, answer some pre-study questions about your attitudes toward AI and writing before you
begin the essay. You may not use other sources, such as the internet, to inform your essay.
After the study, you will be asked post-study questions about your experience.
The purpose of this study is to understand how people use LLMs for writing in their normal
workflow. If you do not usually use LLMs, think of the AI tool as a writing partner: someone
to bounce ideas off, ask questions, and get feedback from as you go.

A.4 WITHOUT LLM INSTRUCTIONS

Instructions (No-LLM Condition)

First, answer pre-study questions about your writing habits and experiences.
Then write your essay in the text box provided. You are not allowed to use an LLM, AI assistant,
or the internet while writing this essay.
Return here once the essay is complete to answer a few questions.
Responses will be reviewed for indications of AI-generated content. Participants found to have
used such tools will not receive compensation.

A.5 PRE-STUDY QUESTIONS

FOR LLM USERS

Attitudes Toward AI-Assisted Writing

• I believe AI tools can improve my writing quality. (+)
• I do not expect AI systems to understand my writing style. (-)
• I trust AI systems to provide accurate information. (+)
• I do not believe using AI for writing is acceptable in academic contexts. (-)
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Appropriate Uses of AI for Essay Writing

For essay writing, I think AI tools should be used:
• Not at all
• Check grammar, spelling, or clarity
• To offer suggestions on how to improve my writing
• Help brainstorm or outline ideas
• To rewrite my essay from scratch
• To write the entire essay
• Other (please specify):

FOR BOTH

Writing Confidence and Habits

• I often struggle with structuring my ideas clearly. (-)
• I feel confident in my ability to write and edit essays on my own. (+)
• I find essay writing time-consuming. (-)
• I usually find essay writing enjoyable. (+)

Frequency of LLM Use

I use LLMs to help me write:
• Daily
• Weekly
• Monthly
• Checked it out a few times
• Never

Purposes for Using LLMs

What do you use LLMs for?
• I don’t use LLMs
• General conversation
• Search queries / seeking knowledge
• Learning or understanding new concepts
• Advice
• Writing or editing text
• Work or productivity tasks
• Other (please specify):
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OPEN-ENDED

Prior Experience With LLMs

Please describe the last time you used a large language model (LLM) such as ChatGPT, Claude,
or Gemini. What did you use it for, and in what context (e.g., work, study, personal use)? How
helpful was the experience, and why?

A.6 POST-STUDY

FOR BOTH

• I was satisfied with the essay. (+)
• I felt the essay was written in my voice. (+)
• I found it difficult to organize my thoughts while writing. (-)
• Writing this essay was a struggle for me. (-)

How creative do you feel you were in writing the essay?

• Very creative
• Somewhat creative
• Neither creative nor uncreative
• Somewhat uncreative
• Not at all creative

OPEN-ENDED

Please describe your experience writing this essay.
Comment on: How well does the essay reflect your own views and writing style? How much effort
did you put into writing it? Did you learn anything during the process?

FOR LLM USERS

Estimated LLM Contribution

What percentage of the document would you say was LLM-generated?

• 0%
• 20%
• 40%
• 60%
• 80%
• 100%

Perceptions of LLM Assistance

The following statements were rated on a Likert scale ? from strongly disagree to strongly
agree.

• The LLM helped me generate ideas more effectively. (+)
• The model’s feedback improved the quality of my essay. (+)
• The LLM’s suggestions were irrelevant to my goals. (-)
• I learned something new about writing from using the LLM. (+)
• I felt I had less control of the essay writing process when working with the LLM. (-)
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• The model took too much initiative in generating content. (-)
• I felt that the LLM and I were collaborating as partners. (+)
• The model’s behavior matched my preferred level of assistance. (+)
• I did not trust the LLM’s writing suggestions. (-)
• I would not use this LLM again for a similar writing task. (-)
• Using the LLM made me question what counts as original writing. (-)
• I would disclose AI assistance if submitting this essay academically. (+)

B USER STUDY RESULTS

Figure 12: t-SNE visualization of semantic embeddings. AI essays form a distinct cluster, while AI-influenced
essays lie between human and AI regions.
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(a) Pre-study survey responses assessing confidence, enjoyment,
time, and structural difficulty.

(b) Post-study survey responses evaluating perceived voice, creativ-
ity, satisfaction, and writing difficulty.

Figure 13: Pre- and post-study survey results by writing condition. Likert scale responses reveal shifts in
confidence, creativity, and perceived writing difficulty after task completion.

(a) Affective language density using NRC emotion categories. (b) Parts-of-speech distribution by writing condition.

Figure 14: Emotional and syntactic characteristics of essays across writing conditions.

(a) Psychometric dimensions including authenticity, clout, tone, and
analytic reasoning.

(b) LIWC linguistic category frequencies across essay groups.

Figure 15: Core linguistic differences between human, AI-influenced, and AI-generated essays.
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C ARGREWRITE-V2 ANALYSIS

C.1 GENERATING LLM DRAFTS

LLM Draft Generation Prompts

The following prompts were used to generate LLM drafts:

1. Expert: You are given an essay draft. Revise the essay.
2. Minimal: You are given an essay draft. Rewrite this essay and keep to a similar word

count.
3. Grammar: You are given an essay draft. Revise this essay for grammar.
4. Completion: You are given an essay draft. The text is only the first paragraph. Finish

the rest of the essay.
5. Expansion: You are given an essay draft. Expand on the ideas in the following draft

with more detail and depth.

C.2 SEMANTIC SHIFTS WITH GEMINI-004 EMBEDDING

Figure 16: Semantic shifts from D1 to D2 for General revisions with Gemini-004 Embedding. Top: with
expert feedback. Bottom: without expert feedback.
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Figure 17: Semantic shifts from D1 to D2 for Grammar edits with with Gemini-004 Embedding. Top: with
expert feedback. Bottom: without expert feedback.

Figure 18: Semantic shifts from D1 to D2 forMiminal revisions with Gemini-004 Embedding. Top: with
expert feedback. Bottom: without expert feedback.
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Figure 19: Semantic shifts from D1 to D2 for Completion revisions with Gemini-004 Embedding. Top: with
expert feedback. Bottom: without expert feedback.

Figure 20: Semantic shifts from D1 to D2 for Expansion revisions with Gemini-004 Embedding. Top: with
expert feedback. Bottom: without expert feedback.
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C.3 SEMANTIC SHIFTS WITH MINILM-L6-V2 EMBEDDING

Figure 21: Semantic shifts from D1 to D2 for General revisions with MiniLM-L6-004 Embedding. Top:
with expert feedback. Bottom: without expert feedback.

Figure 22: Semantic shifts from D1 to D2 for Grammar edits with MiniLM-L6-004 Embedding. Top: with
expert feedback. Bottom: without expert feedback.
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Figure 23: Semantic shifts from D1 to D2 forMiminal revisions with MiniLM-L6-004 Embedding. Top:
with expert feedback. Bottom: without expert feedback.

Figure 24: Semantic shifts from D1 to D2 for Completion revisions with MiniLM-L6-004 Embedding. Top:
with expert feedback. Bottom: without expert feedback.
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Figure 25: Semantic shifts from D1 to D2 for Expansion revisions with MiniLM-L6-004 Embedding. Top:
with expert feedback. Bottom: without expert feedback.
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C.4 SEMANTIC SHIFTS ACROSS SETTINGS / MODEL

Figure 26: Semantic shifts from D1 to D2 produced by GPT-5-mini. Top: revisions with expert feedback.
Bottom: revisions without feedback.
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Figure 27: Semantic shifts from D1 to D2 produced by Gemini-2.5-Flash. Top: revisions with expert feedback.
Bottom: revisions without feedback.
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Figure 28: Semantic shifts from D1 to D2 produced by Claude-3.5-Haiku. Top: revisions with expert feed-
back. Bottom: revisions without feedback.

28



1512
1513
1514
1515
1516
1517
1518
1519
1520
1521
1522
1523
1524
1525
1526
1527
1528
1529
1530
1531
1532
1533
1534
1535
1536
1537
1538
1539
1540
1541
1542
1543
1544
1545
1546
1547
1548
1549
1550
1551
1552
1553
1554
1555
1556
1557
1558
1559
1560
1561
1562
1563
1564
1565

Submitted to ICLR 2026 Workshop on Agents in the Wild. Do not distribute.

C.5 JENSEN-SHANNON DIVERGENCE

Figure 29: Lexical divergence (JSD) distributions for General revisions. Top: with expert feedback. Bottom:
without expert feedback.

Figure 30: Lexical divergence (JSD) distributions for Grammar revisions. Top: with expert feedback. Bottom:
without expert feedback.
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Figure 31: Lexical divergence (JSD) distributions for Minimal revisions. Top: with expert feedback. Bottom:
without expert feedback.

Figure 32: Lexical divergence (JSD) distributions for Completion revisions. Top: with expert feedback.
Bottom: without expert feedback.
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Figure 33: Lexical divergence (JSD) distributions for Expansion revisions. Top: with expert feedback. Bot-
tom: without expert feedback.
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C.6 POS DISTRIBUTION

Figure 34: Grammatical shifts (POS) for General revisions. Top: with expert feedback. Bottom: without
feedback.
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Figure 35: Grammatical shifts (POS) for Grammar revisions. Top: with expert feedback. Bottom: without
feedback.
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Figure 36: Grammatical shifts (POS) for Minimal revisions. Top: with expert feedback. Bottom: without
feedback.
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Figure 37: Grammatical shifts (POS) for Completion revisions. Top: with expert feedback. Bottom: without
expert feedback.
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Figure 38: Grammatical shifts (POS) for Expansion revisions. Top: with expert feedback. Bottom: without
expert feedback.

C.7 EMOTIONAL SHIFT

Figure 39: Emotional shifts from D1 to D2 for General revisions. Left: with expert feedback. Right: without
expert feedback.
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Figure 40: Emotional shifts from D1 to D2 for Grammar revisions. Left: with expert feedback. Right: without
expert feedback.

Figure 41: Emotional shifts from D1 to D2 for Minimal revisions. Left: with expert feedback. Right: without
expert feedback.

Figure 42: Emotional shifts from D1 to D2 for Completion revisions. Left: with expert feedback. Right:
without expert feedback.

Figure 43: Emotional shifts from D1 to D2 for Expansion revisions. Left: with expert feedback. Right:
without expert feedback.

C.8 ICLR REVIEW ANALYSES

For ICLR reviews, the possible scores for ICLR papers are: 0: strong reject, 2: reject, 4: borderline
reject, 6: borderline accept, 8: accept, 10: strong accept. With each score, there is a confidence level
from 1 to 5 on how confident the reviewer is, where 1 represents low confidence and 5 represents
absolute certainty.

D ARGUMENTS ANALYSIS

In Figure 44, we use LLM-as-a-Judge to determine the arguments used by the human users and find
that LLMs are far more likely to use statistical and expert opinion arguments.
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Figure 44: We display the results of using LLM-as-a-Judge to categorize the human study essays based on
the argument type. Humans who interact with LLMs use expert opinion and statistical arguments significantly
more frequently than humans who write the essay on their own.

E LLM-AS-A-JUDGE PROMPTS

E.1 ICLR REVIEW ANALYSIS PROMPTS

This prompts the LLM-as-a-Judge to create categories and definitions for the different categories.

Analyze the following {len(review_texts)} peer reviews and create a
set of consistent categories for strengths and weaknesses.

Reviews (one per line, separated by "---"):
{chr(10).join([f"REVIEW {i+1}:{chr(10)}{text}{chr(10)}---"
for i, text in enumerate(review_texts)])}

Return your response as a JSON object with two arrays: "
strength_categories" and "weakness_categories".

Example:
{

"strength_categories": ["Clarity", "Novelty", "Strong Results"],
"weakness_categories": ["Lack of Clarity", "Insufficient

Experiments", "Outdated Methods"],
"definitions": {

"Clarity": "The paper is well-written and easy to understand
.",

"Lack of Clarity": "The paper is difficult to follow and
poorly organized.",

"Novelty": "The paper presents new and original ideas.",
"Insufficient Experiments": "The experiments do not

adequately support the claims made in the paper.",
"Strong Results": "The results are compelling and demonstrate

the effectiveness of the proposed method.",
"Outdated Methods": "The methods used are not state-of-the-

art."
}

}

This prompts the LLM to reduce the extracted categories to reduce redundant categories.
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Type B - Logic/conditional bug

f"""Given the following list of categories, reduce redundancy
by merging similar ones. Return a JSON array of unique
categories.

with a maximum of 15 categories. Do NOT provide more than 15.

Give a description of the categories and make sure they are
distinct, e.g. don’t include both "Clarity" and "Motivation
Clarity".

Categories:
{json.dumps(categories, indent=4)}
Example:
{{

"reduced_categories": ["Clarity", "Novelty", "Strong Results",
"Insufficient Experiments", "Outdated Methods"]

"definitions": {{
"Clarity": "How clear and understandable the paper is.",
"Novelty": "The originality and innovativeness of the

research.",
"Strong Results": "The robustness and significance of the

experimental results.",
"Insufficient Experiments": "Lack of adequate experimental

validation.",
"Outdated Methods": "Use of methods that are no longer

state-of-the-art."
}}

}}
"""

This prompt is for extracting the top three strengths and weaknesses from the previously extracted
strengths and weaknesses from the previous two prompts.

Type B - Logic/conditional bug

f"""Analyze the following peer review and extract the key
points.

Review:
{review_text}

Please identify:
1. Top 3 strengths mentioned in the review
2. Top 3 weaknesses mentioned in the review

Return your response as a JSON object with the following
structure:

{{
"strengths": ["strength 1", "strength 2", "strength 3"],
"weaknesses": ["weakness 1", "weakness 2", "weakness 3"]

}}

You make a pick from these strengths and weaknesses categories:

Strengths:
{json.dumps(strength_categories, indent=4)}

Weaknesses:
{json.dumps(weakness_categories, indent=4)}
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2106
2107
2108
2109
2110
2111
2112
2113
2114
2115
2116
2117
2118
2119
2120
2121
2122
2123
2124
2125
2126
2127
2128
2129
2130
2131
2132
2133
2134
2135
2136
2137
2138
2139
2140
2141
2142
2143
2144
2145
2146
2147
2148
2149
2150
2151
2152
2153
2154
2155
2156
2157
2158
2159

Submitted to ICLR 2026 Workshop on Agents in the Wild. Do not distribute.

Do NOT invent strengths or weaknesses that are not in the above
categories, and do not mention anything not in the review.

Only return the JSON object, no additional text."""

F ICLR ADDITIONAL CATEGORIES
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+63%
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-33%

-33%
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-43%
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-78%

Significant Weakness Changes (RL)

Figure 45: Analyzing reviews corresponding to 447 papers in the RL category, each with one review generated
by an LLM and the other by a human.
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Resource Efficiency

+48%

+23%
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Significant Strength Changes (diffusion models)
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Clarity
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-120%
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Significant Weakness Changes (diffusion models)

Figure 46: Analyzing reviews corresponding to 336 papers in the diffusion models category, each with one
review generated by an LLM and the other by a human.
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