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Abstract
We present a study of machine generated text (MGT) output homogenization with a focus on the relative usage
of the prototypical object construction of verbs (the O construction), which takes a noun phrase as its accusative
argument. Verbs of different semantics have different tendencies of selecting a direct object or clausal complement;
and hence lead to natural variation away from the prototypical usage. However, our results in the study between
scientific peer reviews written by human and machines show a shift to unusually high usage of the O construction
in MGT and greatly suppressing the frequency of other construction types. This is considered a serious case
of syntactic homogenization. A major finding is that frequent verbs, like “emphasize”, appear top on the list
of such homogenized syntactic construction. This is more striking than identifying disproportionately more
frequent usage of naturally rare words such as “commendable” in previous work. Our results will contribute
to the prevention of further homogenization of MGT before they merge deeper into the ecosystem of human-written text.

Keywords: Syntactic Homogenization, Machine Generated Text, Peer Reviews

1. Introduction

Output homogenization, i.e., the decrease in diver-
sity of style, content, etc., is a newly identified risk
in AI/Machine Generated Text (MGT) by Large Lan-
guage Models (LLMs) (Padmakumar and He, 2024;
Moon et al., 2025). LLMs are overtaking individ-
ual speakers’ roles as carriers for organic linguistic
change, and expressive nuances that differentiate
different cultures speaking a common language
may gradually diminish (Agarwal et al., 2025; Cao
et al., 2023).

Individual LLM users who adopt text output by AI
often unintentionally contribute to output homoge-
nization at corpus level. As pointed out in Ander-
son et al. (2024), corpus-level homogenization is
realized in a way that is too subtle to grasp by ex-
amining individual use cases, and people with an
objective to produce creative contents using LLMs
are not immune to homogenization effects. The
convergence of generated content will be an un-
avoidable artifact if MGT continues to populate in
our information ecosystem.

MGT homogenization effects have mainly been
studied as distributional biases in word choices,
with little reference to more abstract linguistic fea-
tures. One notable example of lexical bias was
the sudden spike of the usage frequency of spe-
cific adjectives like “commendable” among a large
number of individual authors in post-ChatGPT aca-
demic writing (Liang et al., 2024). In this study,
we are able to show that frequent transitive verbs
like “emphasize” are also exhibiting usage anomaly
when we extend the analysis to deeper linguistic
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Figure 1: Our study shows upward moving trends in
the percentage of the O construction in official peer
reviews for selected verbs {emphasize, allocate,
contextualize, address}, spanning the periods be-
fore and after ChatGPT. The time point of ChatGPT
public release is marked by the dotted line.

structures (Figure 1).
LLMs are superior in learning today’s snapshots

of natural languages, but they had no involvement
in the contexts that gave rise to the optimized forms
of today in the first place. For example, some transi-
tive verbs such as “teach” can take two objects, as
in “I teach X Y”. Given the right context, elements
can be omitted, resulting in instances of “I teach
X” or “I teach Y”, which has the same surface form
as other transitive verbs that take only one object.
Different languages often optimize toward the form
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the paper emphasizes image synthesis primarily
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Figure 2: Example construction types of the lemma emphasize (highlighted in orange). The obligatory
arguments of this transitive verb are indicated by the red arrows: (1) a single direct object (dobj; “image
synthesis”), henceforth the O construction; (2) a clausal complement (ccomp; “that ... different”). In the
attributive use in (3), it is positioned on a lower level than its object (“sentences” at the end), therefore the
relation is only inferred.

that is the most frequently used in the contexts of
the community.

Such alternations in syntactic forms can be stud-
ied in terms of construction types. Figure 2 shows
three example constructions with the verb “empha-
size”. Example 1 shows the prototypical transitive
usage with one noun phrase (“image synthesis”) as
the direct object (dobj). Its dependency schema
at the verb phrase level is [ nsubj VERB dobj
advmod ]. For our purpose, the presence of other
elements such as the adverb (advmod) or even the
subject (nsubj) is irrelevant in the comparison with
other construction types, such as example 2, which
takes a full clause as the complement of the verb.
Example 1 may be reduced to [ VERB dobj ],
henceforth the O construction. Example 3 illus-
trates another usage of “emphasize” found in the
dataset.

In this paper, we focus on the analysis of aca-
demic peer reviews. Diversity in peer reviews has
an important role in fair evaluation of the body of
work. To start with, the genre embraces differences
in knowledge, training and expertise among differ-
ent scientific researchers, naturally leading to diver-
sified academic writing (Sulik et al., 2025). How-
ever, we are not the first to show that homogeniza-
tion effects in MGT is affecting academic writing as
well as speaking (Geng et al., 2025; Yakura et al.,
2025). Our results will contribute to the prevention
of further homogenization as seen in Figure 1. We
release our machine generated reviews to support
a wider study of machine generated text.1

1https://huggingface.co/datasets/
NRC-CNRC/Machine-Generated-Reviews-0.1

2. Related Work

2.1. Output Homogenization in Reviews
AI-Driven review systems are emerging (Tyser
et al., 2024), regardless of studies that show AI-
generated reviews to be generally less specific,
more favorable, and more confident (Yu et al., 2025;
Sadallah et al., 2025). There is a wide consensus
on the important role of feedback variation from re-
viewers (Teplitskiy et al., 2018) and the dangers of
algorithmic monoculture (Kleinberg and Raghavan,
2021; Bommasani et al., 2022). We agree that the
noticeable semantic homogenization in scientific
peer reviews has great impact on the development
of scientific research and innovation. However, it is
even more concerning that the subtle syntactic ho-
mogenization are fundamentally affecting human
linguistic usage in unnatural ways.

Liang et al. (2024) uncovered that certain adjec-
tives occur disproportionately more frequently in
AI-generated peer reviews in several top ML and
scientific venues. Inspired by their work, we seek to
investigate abstract linguistic characteristics behind
the surface forms of human text and MGT.

2.2. Benchmarking Linguistic Diversity
The study of the linguistic diversity of a corpus in-
cludes a variety of linguistic features such as lexical
diversity (range of vocabulary), syntactic diversity
(variety of sentence structures), and semantic di-
versity (range of meanings conveyed). Guo et al.
(2024) showed that LLM output has a significant
decline in all linguistic diversity metrics after itera-
tions of training on MGT. The established metrics
are successful in identifying homogenization and
it also warns of the cause and consequence of
potential contamination in the linguistic ecosystem.

Lexical diversity can be quantitatively described

https://huggingface.co/datasets/NRC-CNRC/Machine-Generated-Reviews-0.1
https://huggingface.co/datasets/NRC-CNRC/Machine-Generated-Reviews-0.1
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by common measures such as Type-Token Ratio
(Johnson, 1944, TTR) and distinct-n metric (Li et al.,
2016), which are readily applied in studies of the
lexical diversity of LLMs (Guo et al., 2024; Reviriego
et al., 2024). Yarats and Lewis (2018) and Guo
et al. (2025) measured semantic diversity as the
dispersion of sentence embeddings in the semantic
space based on their average pairwise similarity.

In terms of the syntactic diversity in a corpus,
there exist several approaches in the literature.
Methods include traditional word class n-gram anal-
ysis (Ramírez de la Rosa et al., 2013) and syntactic
templates analysis (Shaib et al., 2024). Huang et al.
(2023) and Guo et al. (2025) define syntactic diver-
sity as the average pairwise distance of the syntac-
tic graph (e.g. constituency parse or dependency
parse) embeddings. However, such methods still
do not address the level of abstraction required for
studies in a language’s syntactic characteristics.

2.3. Construction Types vs. Syntactic
Templates

Nowadays, the majority of work that attempts to
gauge syntactic diversity abandons structural ab-
straction and adopts certain forms of syntactic tem-
plates (Shaib et al., 2024). The syntactic templates
pick up all elements in the verb phrase domain,
and we consider that essentially similar to distinct-
n metric used for lexical diversity.

On the other hand, consideration by construction
types will be able to address the distinction between
obligatory core arguments and optional non-core
arguments, since the number of arguments that
a verb can take depends on its semantics. Each
verb has a characteristic set of obligatory partici-
pants performing different semantic roles. Verb ar-
guments have higher regularity across languages
than non-core elements, and these concepts are
highly comparable in linguistic typology (Haspel-
math, 2014).

Dependency analysis for core and non-core argu-
ments is a well-grounded analysis in the linguistics
community. The Universal Dependencies frame-
work, as detailed in De Marneffe et al. (2021), has
gained popularity among linguistic typologists as a
successful implementation that enables meaningful
cross-linguistic comparisons (Croft et al., 2017). In
case of elliptic use, the annotation will only assign
interpretations to overtly observable forms, and
core arguments of a verb will not be indicated if
the content is not realized. It may be left to further
study to relate the inherent valency of the verb and
the surface forms.

3. Data

In this study, we distinguish two main types of re-
views: “official reviews” submitted by anonymous
reviewers who may or may not have used LLMs
during the review process, and “LLM reviews” pro-
duced by three selected LLMs regarding the same
set of research papers.

Official reviews. We identify four leading AI
conference venues as our targets of study: ICLR,
NeurIPS, EMNLP, and CoRL, as adopted from
Liang et al. (2024). We collect academic research
papers submitted to conferences held at these
venues, and the corresponding texts submitted as
official reviews. Both are available on OpenRe-
view2. Multiple textual fields of an official review
are concatenated together for analysis, and the re-
search papers are stored for use in the prompts for
LLM review generation. Only minimal effort was
spent to clean the texts from structuring and extra-
neous strings, because leading headings such as
“Summary:” are not likely to be matched as a verb
phrase and will be discarded automatically in the
template matching process.

Table 1 shows the number of research papers
and the corresponding number of official reviews
for the list of conferences used in this study. These
numbers are smaller than the actual number of sub-
missions downloaded from OpenReview because
we excluded those papers for which any of the
LLMs failed to automatically generate reviews due
to memory constraints. Conference years span
across the release of ChatGPT—one of the first
consumer-ready LLMs, and the conferences are
categorized into “before” or “after” their release.
The number of official reviews is roughly three to
four times the number of papers, meaning that each
paper is reviewed by three to four distinct review-
ers, which is a common practice in these academic
conferences.

Since the publication of Liang et al. (2024), a few
more conferences have taken place at the same
venues. They are included without a reference of
the detected amount of AI usage.

LLM reviews. Three LLM models are selected
to represent the state of the art with a diverse back-
ground which also has active shares in the con-
sumer market. The models are gpt-4o (OpenAI
et al., 2024), gemma-3-4b-it3 (Gemma-Team
et al., 2025, gemma3 hereafter), and Qwen3-4B-
Instruct4 (Yang et al., 2025, qwen3 hereafter).
Each model is prompted to generate one review for
a given paper. Together, they act as if they were

2https://openreview.net/
3https://huggingface.co/google/

gemma-3-4b-it
4https://huggingface.co/Qwen/

Qwen3-4B-Instruct-2507

https://openreview.net/
https://huggingface.co/google/gemma-3-4b-it
https://huggingface.co/google/gemma-3-4b-it
https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507
https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507


10667

Conference Timeline #papers #reviews
CoRL 2021 before 152 554
CoRL 2022 before 197 756
CoRL 2023 after 192 731
CoRL 2024 after 255 808
EMNLP 2023 after 1913 6112
ICLR 2018 before 909 2745
ICLR 2019 before 1375 4193
ICLR 2020 before 2118 6432
ICLR 2021 before 2447 9457
ICLR 2022 before 2343 9122
ICLR 2023 after 3101 11723
ICLR 2024 after 6422 24738
ICLR 2025 after 8908 36098
NeurIPS 2021 before 2751 10672
NeurIPS 2022 before 2789 10200
NeurIPS 2023 after 2928 13071
NeurIPS 2024 after 3072 12069

Table 1: Number of papers and official reviews for
each conference used in our experiments marked
with before and after the release of ChatGPT.

three distinct reviewers, and the total number of
generated reviews will approximate the number of
official reviews shown in Table 1.

To generate automatic reviews, we extract the
text of the paper and use the prompt in Figure 3,
which is adopted from Liang et al. (2024). The
actual format of official reviews varies depending
on the conference but we used the same prompt
throughout as a generic format. The paper content
included in the input will be the biggest variant for
soliciting a diversity of output.

We did not provide the paper decisions or the sub-
category scores while prompting the LLMs. The
models are free to provide positive or negative re-
views. While acknowledging the importance of
prompt variation to diversify text generation (Yu
et al., 2025), we have no interest in the information
value of LLM reviews. More relevant, in a detection
study focusing on outcome homogenization, the
algorithm predicts AI usage with similar accuracy
when using a generic prompt like Figure 3 or a
prompt written in a distinctly different style (Liang
et al., 2024).

4. Methods

Homogenization in transitive verb usage is exam-
ined from two perspectives: lexical diversity of verb
types in general, and the proportion of the prototypi-
cal transitive usage among all surface constructions
observed for the verb.

4.1. Lexical Diversity of Verbs
Lexical diversity helps lay the foundation for mea-
suring syntactic homogenization. A verb is an open

class of lexical items, and it may take different num-
bers of arguments because of its semantics, though
verbs taking more than two arguments (i.e. ditran-
sitive verbs) are scarce and are reserved for highly
grammaticalized verbs like “give” and “teach”. A
common transitive verb may be used with an ex-
plicit object (examples 1 and 2 in Figure 2), or with
no objects given the correct context and other struc-
tural constraints (example 3 in Figure 2).

A high verb type diversity entails a collection of
verbs with diversified semantics which then also
diversify into different construction types. It is gen-
erally assumed that with an increase in the number
of review texts analyzed, the number of verb types
should also increase.

4.2. Surface Constructions
The prototypical transitive usage is defined as the
construction where the verb takes an accusative
noun phrase as its core argument besides the nomi-
native subject (Hopper and Thompson, 1984). This
information can be obtained by processing the re-
view texts with a dependency parser. We use
the parser model en_core_web_lg5 of spaCy v3
(Honnibal et al., 2020). Tokenization and Part-Of-
Speech information are automatically available af-
ter parsing is complete. An example of parsing is
shown in Figure 2. Annotations follow the Universal
Dependencies formalism. The accuracy for depen-
dency parsing is benchmarked at 92.0%. Manual
inspection on a sample of the data suggests that
erratic parsing mainly leads to false negatives of
the major patterns including the O construction, but
false positives are rare.

The list of immediate children under the verb
is then subjected to a matching template, which
looks for the existence and positions of argument-
type constituents. For the current study, we are
only interested in the O construction, as shown
by example 1 in Figure 2. It contains the prototypi-
cal noun phrase object, annotated with dobj (also
known as the direct object). During the matching,
non-argument elements such as advcl (adverbial
clause modifier), advmod (adverbial modifier) and
punct (punctuation) will be ignored. For exam-
ple, a sentence like “each configuration usually de-
mands separate fine-tuning to maintain accuracy,”
which is parsed into the schema [ nsubj adv-
mod VERB dobj advcl ], will match our target
O construction as [ VERB dobj ].

The construction type [ VERB ccomp ],
where ccomp annotates the clausal complement
(i.e. example 2 in Figure 2), is considered to be
more complex. Together with other argument types
including dative (dative) and acomp (adjectival

5https://spacy.io/models/en#en_core_
web_lg

https://spacy.io/models/en#en_core_web_lg
https://spacy.io/models/en#en_core_web_lg
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Your task is to write a review given a paper titled <Paper title> and the paper
content is: <Paper content>. Your output should be like the following format:
Summary:
Strengths And Weaknesses:
Summary Of The Review:

Figure 3: Prompt for generating LLM reviews. <Paper title> is available from OpenReview’s API and
<Paper content> is the text extracted from the PDF file of the paper.

complement), and the cases where no arguments
are explicitly expressed, they are grouped under
“others” in the current study but they will be studied
separately in future work.

5. Verb Type Diversity

Verb type diversity is evaluated on the word lemmas
extracted by the dependency parser, but we will
continue to refer to the Type-Token Ratio (TTR)
for simplicity. Verb lemma type is counted once in
the collection of reviews per conference, while the
token counts include all occurrences of all words in
the collection of reviews. We added a ratio of the
number of verb lemma types against the number of
reviews to have different perspectives of the verb
types usage in official reviews and LLM reviews. It
is termed the Type-Review Ratio (TRR).

Figure 4 shows the results grouped by confer-
ence venues, for official reviews and LLM reviews.
The three LLMs show insignificant variation in this
regard and are mixed together. Regression lines
are drawn to show the trend when the denominator
(#tokens or #review) grows from year to year, as
observed in Table 1.

The regression lines clearly show that LLM re-
views consistently have lower TTRs and TRRs
(fewer #verb types per measuring unit) than ob-
served with the official reviews. We have three
LLM reviews per paper but the number of official
reviews may reach four or more, hence a shorter
range of x-values for LLMs in Figure 4b. However,
the LLMs in fact produced longer reviews so the
#tokens are comparable to official reviews (Figure
4a). LLMs are still scoring lower TTRs and TRRs
on this basis. Data for official reviews and LLM
reviews also show noticeably different slopes when
we calculate with #tokens. This indicates that with
the increase in #tokens, the increase in verb types
falls behind that of official reviews.

It is remarked that the lower TTRs in LLM reviews
does not only scale down the frequency distribution
as found in official reviews but the frequency ranks
are changed. Excess words, as identified in Kobak
et al. (2025), such as “delve” are also found with
unusually large usage frequencies in our data.

As reasoned in Section 4.1, verb type diversity
is the foundation for other linguistic diversity. This

result shows that there is already a homogeniza-
tion effect on verb lemma types in LLM reviews.
We continue to investigate other homogenization
effects that may or may not be directly related to
verb type diversity.

6. Diversity in Transitive Verb
Constructions

The diversity in transitive verb constructions is stud-
ied by aggregating the prototypical transitive usage
(O constructions) against all other types of usage.
O occurrences are counted once per review, to
account for repetitive use within the same review
text. The key metric is the proportion of O occur-
rences divide by the total number of construction
type occurrences counted in the same manner, and
is represented as O% for each verb lemma type.

6.1. O% Distributions
Figure 5 visualizes the distribution of O% in a vari-
ant of the beeswarm plot, which may be under-
stood as a less rigorous version of histograms,
and the radius of each circle is representing the
lemma’s token frequency. Data is grouped in two
factors: official reviews against the three LLM mod-
els (gemma3, gpt-4o, and qwen3), and whether
the review came from the before- or after-ChatGPT
period. For a more readable graph, the visualiza-
tion filters out lemmas with a token frequency lower
than 30 in the respective group. Text labels are only
applied for lemmas with top token frequencies.

We exclude lemmas with extreme values of O%
with the understanding that such inanimate usage
(either always used in O constructions or never
used in O constructions) does not contribute to the
discussion of homogenization. The cutoff thresh-
olds are set to filter out verb lemma types with an
O% bigger than 90% or lower than 10%. The fig-
ures are clipped to an arbitrary height to save space.
A red density line is provided to show the distri-
bution of all data within this range, without other
filtering, bucketed by the verb type’s O%.

The official reviews (Figures 5a and 5b), es-
pecially the before-ChatGPT group, are allegedly
authored by human, and the distribution may be
taken as representative of other naturally existing
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Figure 4: Verb type diversity analysis of official reviews and generated reviews.

resources. The distributions are not uni-modal, and
after-ChatGPT official reviews show local peaks at
various values. Before further analysis may be ap-
plied, they are speculated to represent clusters of
verbs predominantly taking different types of ar-
guments, for example, manipulation verbs like “al-
low” take a clausal complement as its argument
much more often than movement verbs like “move”,
where “move” also doubles as an intransitive verb
taking no arguments.

A striking observation from the density lines is
how all those for LLM reviews show a rocketing tail
on the side of high O%, and the lemmas pile up to
a height that exceeds the figure frames. There is a
tendency for the lemmas to aggregate to a high O
usage in LLM reviews. In contrast, the middle range
is left with much fewer lemmas. gemma3 shows
the highest sparsity in the range between 20% to
60%. qwen3 shows a local peak at about 50% and
resembles the distribution for official reviews, but it
still shows a similar tower of lemmas at about 90%,
like the other two models.

6.2. Skewness

In order to quantify the distributional difference be-
tween official reviews and LLM reviews, the Fisher–
Pearson coefficient of skewness (g1, Kokoska and
Zwillinger 2000) is calculated for each subgroup,
while excluding extreme values of O% (i.e., bigger
than 90% or smaller than 10%). Values are pre-
sented in the caption for each subgroup in Figure 5.

Skewness is interpreted by the difference from
zero skew, the purely symmetrical distribution. A
positive value indicates a right skew. It happens
when the mean value is higher than the median
value, and data points tail off to the right hand side
away from the median. A negative value indicates

a left skew. A value approaching −1 indicates a
highly skewed distribution with a long tail trailing to
the left.

For official reviews, the coefficients of O% skew-
ness is very close to 0 in before-ChatGPT period,
and is at about 0.1 in after-ChatGPT period, the
latter still indicates a very mild skew. The high verb
type diversity in official reviews seems to ensure
a higher diversity in terms of O usage, resulting in
close mean and median values.

The magnitudes of g1 for the LLM reviews are
all larger than those of the official reviews, by two
orders of magnitude in absolute value in the pre-
ChatGPT period. The O% distributions for LLM
reviews all skew to the direction of high O%. Con-
sistent with the observation of the density lines,
the skewness indicates that there are long tails of
sparse data on the side of lower O%.

6.3. Homogenized Lemmas

We define homogenization in the usage of the O
construction type by considering if verb lemmas
already high in O usage tend to use even more O
constructions in MGT. Utilizing the same O% values
from previous sections, we calculate a change in
usage by subtracting the O% of a verb lemma type,
from that in the reviews generated by respective
LLM models. The difference is denoted as ∆O%.

Figure 6 shows the differences in O% between
LLM reviews and official reviews in the respective
period before and after ChatGPT, for verb lemmas
having O%>45% in official reviews. The notches
on the box plots represent the medians, and all
distributions are centered above the neutral value
of 0%. The third and first quartiles span between
0% to 20%. A difference of 40% is close to the
largest possible gap, as we include only lemmas
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(a) Official reviews; before (g1 = .002)
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(b) Official reviews; after (g1 = .114)
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(c) gemma3; before (g1 = −.753)
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(d) gemma3; after (g1 = −.801)
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(e) gpt-4o; before (g1 = −.799)
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(f) gpt-4o; after (g1 = −.923)
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(g) qwen3; before (g1 = −.379)
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(h) qwen3; after (g1 = −.504)

Figure 5: Beeswarm plots of O% for verb lemma types in official reviews and the three LLM models
(gemma3, gpt-4o, and qwen3), grouped into the before- or after-ChatGPT period. Radius of circle
indicates a lemma’s token frequency. The red line shows the density.
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Figure 6: Distributions of the differences in O% (the proportion of the prototypical usage among all
construction types) between LLM reviews and official reviews, in the before- and after-ChatGPT periods
respectively. We include only verb lemmas having O%>45% in official reviews. Top homogenized lemmas
are labeled for comparison.

emphasize, treat, categorize, object, streamline,
expose, resolve, confirm, mirror, allocate

Figure 7: Top 10 common homogenized verb lem-
mas in the generated reviews by all models.

with no less than 45% in reference value. The
implication is certainly a case of homogenization
as the concerned lemmas are found in a much
smaller portion of other construction types if O%
achieves 90.

Figure 7 lists the top homogenized verb lemmas
in LLM reviews that are common to all models.
These verbs are frequent in daily usage, and are
popular in the review genre. This implies that our
methodology is able to capture peculiarity of MGT
not only with rare words like “commendable” but
also frequent words like “emphasize” at the top of
the list, together with “confirm”, “categorize”, etc.

A few of the top homogenized lemmas are high-
lighted with a dark purple dot in Figure 6. For the
highlighted lemmas specifically, there is a general
decrease in ∆O% after the launch of ChatGPT.
Given that the O% in LLM reviews is distributed
similarly in both periods (Figure 5), the smaller gap
between LLM and official reviews after ChatGPT is
explained by the increase in O% usage in official
reviews.

7. Discussion

According to Liang et al. (2024), the amount of
AI-modified content from the same set of official
reviews, excluding a few conferences held after
their publication, is detected at up to 16.9%. This
aligns with our observed difference in distribution
between the periods before and after ChatGPT.
It requires further investigation to determine what
exactly contributed to the difference between Figure

5a and 5b, but the results from LLM reviews are too
striking to be ignored. Our study will fill a knowledge
gap in the literature of linguistic diversity as well as
MGT detection.

This study focuses on the O construction, which
is only prototypical to certain categories of transi-
tive verbs. From a functional view of linguistics,
prototypicality can be understood as the solidar-
ity at the core of categories but it also allows for
the flux at the margins (Givón, 1995). Blended
with a variationalist view of language diffusion and
change (Labov, 1969, 2008) and natural irregular-
ization in language evolution (Trudgill, 2011), the
seemingly chaotic variation in O% among official
reviews before ChatGPT (Figure 5a) speaks well
for the diversity in language use as a collective act.
Despite the claimed ability to diversify, LLM out-
puts are showing a high degree of homogenization.
Some estimate that today’s models must be scaled
by many orders of magnitude to reach competitive
performance.

It is anticipated that a new challenge for MGT
evaluation is arising from the blossoming release
of new LLMs, after which the dataset collected in
similar manner as Liang et al. (2024) or the cur-
rent study will no longer be suitable for extensive
study of MGT output homogenization, because it
will be difficult to understand whether such homog-
enization effects are cross-model or model-specific
without the knowledge of the origin of the MGT.
Evaluation with deeper linguistic analysis may pay
a key role in such a future.

8. Conclusion

In this paper, we study the problem of output ho-
mogenization in machine generated text with a fo-
cus on the relative usage of the prototypical object
constructions with a noun phrase as the accusative
argument (the O construction). The prototypical
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usage is subject to natural variation as different
categories of verbs have different tendencies of
adopting the O construction or alternatives such as
a clausal-complement construction. Dependency
parsing is performed on official peer review texts
submitted to major ML conferences to obtain the
required syntactic information for analysis. LLM
generated reviews for the same set of papers was
obtained by prompting three selected models which
act as three distinct LLM reviewers. A contrast is
also drawn between the before and after periods
with the release of the first consumer-ready LLM
as the dividing line.

Our major finding is that the majority of verb
lemmas having a naturally high usage of the O
construction (O%>45%) in official reviews are ob-
served to show an even higher O usage in LLM
texts. The maximum difference is around 40%,
which would already mean 90% O usage in LLM
texts. Skewness tests confirm that the O% distri-
butions for LLM reviews concentrate toward the
extreme upper end, leaving only a sparse tail of
lower portions of O usage. The unnaturally high
O% usage is greatly suppressing the frequencies
of other construction types. This is considered a
serious case of syntactic homogenization.

The lexical diversity in LLM texts is found to be
systematically lower than in official reviews, as an-
other indicator of homogenization. Finally, we are
observing the effects with frequent words, such as
“emphasize”, appearing at the top of the homoge-
nized verb list. These results are more striking than
identifying disproportionately more frequent usage
of naturally rare words such as “commendable”.

In this paper, we have experimented with LLMs
of different architectures and sizes, but we claim no
further inference on their differences in patterns of
syntactic homogenization. One working hypothesis
for their common skewness is that LLMs, despite
their sizes and architectures, have the inherent ten-
dency to predict the most frequent usage/structure
of verbs. In our future work, we plan to expand our
analyses to other construction types to verify this
hypothesis.

9. Ethical Considerations

The material used in this paper is accessible via
the OpenReview API and we confirm that we have
complied with their term of use. Papers submitted
to EMNLP 2023 are licensed under the CC-BY-4.0
license. Authors of papers for ICLR and NeurIPS
did not transfer copyright and the copyright of pa-
pers for CoRL is unclear. However, we use the
paper content only as part of the prompts and we
have carefully ensured that there is no potential
of exposing the paper content as training data to
future generations of the tested LLMs through this

study. gemma3 and qwen3 are open weight LLMs
that we ran locally and gpt-4o is accessed through
a paid business API where terms and conditions
of usage include explicit guaranty of data privacy.
Paper content fed to the models will not be retained
for the training of future models. Comments on
OpenReview are also licensed under CC-BY-4.0.

Our work uses the official review as a reference
comparison against AI-generated reviews. We
make no assumption or implication on the author-
ship of any official reviews. In fact, our study is
only valid at corpus level to account for individual
variations of human written text.

10. Limitations

The accuracy of the analysis depends on the per-
formance of the dependency parser. Its accuracy
was benchmarked at 92.0% on human written text
but it is untested on MGT. As MGT becomes more
and more fluent and grammatical, we expect the
parsing accuracy on them in formal genre would
not deviate significantly from human written text.

Due to space constraints, no confidence levels or
other statistics were reported. Though in fact, we
believe that the effects we observed well exceed
the range of potential errors.
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