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Abstract

Generative AI tools, such as ChatGPT,
are applied to a wide range of language-
related tasks, including translation. De-
spite their current popularity among users
and researchers and the impressive results
obtained on several benchmarks (Kocmi et
al., 2024; Deutsch et al., 2025), their po-
tential side-effects on languages and trans-
lations are still understudied (Vanmassen-
hove, 2025). The paradigm shift from Ma-
chine Translation (MT) to Generative AI
Translation (GAIT) likely calls for a re-
consideration of our assessment and eval-
uation metrics and practices. In this work,
we focus on GAIT by analyzing trans-
lations from four multilingual large lan-
guage models (MLLMs), mBART, Jamba-
1.5-large, GPT 4o and DeepSeek R1 ap-
plied to three different domains (news, lit-
erature and poetry) for the English-Dutch
language pair. Focusing on metrics related
to lexical and textual diversity, we find that
while GAIT text for literature is of signif-
icantly high lexical and grammatical rich-
ness, that is not the case for news and po-
etry. We also assess the homogeneity of
AI-generated text through a set of cluster-
ing and classification experiments. In addi-
tion to a clear separation between human-
and AI-generated content, our results in-
dicate that GAIT output is more homoge-
neous among MLLMs.
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Commons 4.0 licence, no derivative works, attribution, CC-
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1 Introduction

Generative AI tools like ChatGPT1, DeepSeek2 or
Claude3 took the world by storm (Vujović, 2024).
Thanks to their impressive performance on a wide
range of tasks and ease of access (through publicly
available APIs or chat interfaces), the initial media
attention was followed by their widespread adop-
tion (Liang et al., 2025). These tools and their
underlying technology (Large Language Mod-
els (LLMs) and other foundation models) have
caused a paradigm shift in the general domain of
AI (Schneider et al., 2024) and in various sub-
domains, including Machine Translation (MT),
where they increasingly complement or replace
dedicated systems (Gain et al., 2026).

Although multilingual LLMs are not explicitly
trained for translation, recent evaluations show that
they can match or outperform traditional end-to-
end systems across many language pairs and do-
mains (Gain et al., 2026; Kocmi et al., 2024;
Deutsch et al., 2025). Their strong performance
has led to their increasing integration into profes-
sional and everyday, non-professional translation
practices, impacting the translation sector, work-
flows, and translator education (Wang and Wu,
2026). At the same time, this shift raises concerns
about the (linguistic, stylistic, and so on) charac-
teristics of LLM-generated translations, particu-
larly regarding standardization and loss of diver-
sity (Vanmassenhove, 2025).

The aforementioned developments call for a
more detailed analysis of the (long-term) impact
of LLM-based translation on language and trans-
lation practices, a complex and still underexplored

1https://openai.com/blog/chatgpt
2https://chat.deepseek.com/
3https://www.claude.ai



challenge. With this paper, we take a step towards
addressing this by (i) assessing the lexical and
grammatical diversity of LLM-generated transla-
tions (EN→NL) across three domains in line with
previous work on (post-edited) machine-translated
texts (Vanmassenhove et al., 2019; Toral, 2019;
Vanmassenhove et al., 2021); and (ii) comparing
the output of different LLMs (across architectures,
generations,and sizes) as a proxy for cross-model
convergence (Jiang et al., 2025) and potential lan-
guage homogenization, and assess the extent to
which such convergence renders model outputs in-
distinguishable.4

A Brief Note on Terminology In this work, we
particularly focus on Generative Artificial Intel-
ligence Translation (GAIT). While the term Ma-
chine Translation (MT) is also used nowadays to
refer to applications where generative or founda-
tion models are used for translation, we opt to use
the term GAIT in this paper to make a more clear
distinction between the so-called more traditional
AI approaches to MT (e.g. Neural Machine Trans-
lation (NMT)) which do not rely on foundation
models and those that do.

2 Related Work

LLMs mark a substantial shift in how language is
produced, circulated, and reused. Unlike earlier
Natural Language Processing (NLP) systems that
were typically developed for narrow, task-specific
applications, contemporary foundation models op-
erate across domains and increasingly partici-
pate directly in text production (Vanmassenhove,
2025). As a result, they do not only support writ-
ing and translation, but also potentially directly
shape the linguistic material that later re-enters
model training pipelines. This raises concerns that
the widespread reuse of model-generated text may
gradually alter the distribution of (written) lan-
guage itself and eventually also affect the quality
of our models. A growing body of work frames
this risk in terms of model collapse: when mod-
els are trained on data increasingly contaminated
by their own outputs, low-probability events tend
to disappear first, causing distributions to narrow
over time (Shumailov et al., 2023). In computer
vision, such iterative degeneration has been visu-

4Test sets and code are available at: https://github.
com/dimitarsh1/LLM_LexRichness. Our evaluation
code includes additional evaluation results which could pro-
vide further insights to the interested reader.

alized as progressively distorted artifacts (Alemo-
hammad et al., 2023). In language, the effects are
subtler, but arguably more consequential, they con-
cern not only output quality, but also the preser-
vation of lexical, syntactic, and semantic variation
(Vanmassenhove, 2025).

This broader perspective is relevant as MT- and
GAIT-generated texts are no longer peripheral ar-
tifacts: they increasingly populate the web and
thereby become part of the data from which future
systems learn. Thompson et al. (2024) show that a
substantial amount of multilingual web content is
machine translated, especially for lower-resource
languages such content may constitute a large frac-
tion of the available web text. This is important
beyond data quality concerns alone as it suggests
that model-produced translations are already feed-
ing back into the multilingual textual environment
on which MT systems and LLMs depend.

While concerns regarding convergence and col-
lapse have been gaining some traction, these con-
cerns do not originate from research on transla-
tion with LLMs. Earlier work in MT already
showed that statistical and neural models system-
atically favor more frequent lexical and morpho-
logical forms, often at the expense of more rare al-
ternatives. Vanmassenhove et al. (2019) and Toral
(2019) were among the first to argue that MT out-
put tends to be lexically less rich than human trans-
lation. Subsequent work confirmed this tendency
across language pairs, domains, and architectures.
For instance, Vanmassenhove et al. (2021) show
that both SMT and NMT reduce lexical and mor-
phological diversity relative to the original train-
ing data. Related studies similarly report that
MT often diverges from original data in terms of
linguistic features (e.g. average sentence length,
ngram features and lexical diversity) (de Clercq
et al., 2021). Aranberri and Pascual (2025) sim-
ulate multiple generations of MT by training se-
quential systems on previously generated outputs
and shows an initial loss of lexical diversity that
continues (at a much slowed pace) in following
generations. Structural, specifically morphologi-
cal, variation remains comparatively stable, sug-
gesting that convergence primarily operates at the
lexical level rather than uniformly across linguis-
tic structure. In parallel, other research on struc-
tural divergence finds that MT output often re-
mains closer to the source text (more on-to-one
alignments), shows less morphosyntactic diversity



and more convergent patterns (Luo et al., 2024).

Taken together, these findings position MT as
an early empirical case of what is now being dis-
cussed more broadly as convergence, homogeniza-
tion or diversity reduction in generative models.
Recent work extends these concerns to LLMs.
Guo et al. (2025) show that LLM-generated texts
generally exhibit lower diversity than human-
authored texts, although the extent of this depends
on the level of analysis: lexical, syntactic, and se-
mantic diversity do not necessarily move together.
Another line of research aligned with these dis-
tortions introduced by LLMs studies millions of
PubMed abstracts (Kobak et al., 2024). They
identify abrupt post-ChatGPT increases of words
such as delve, crucial, and significant, arguing
that LLM usage is measurably altering academic
writing. Extending this perspective from writing
to speech, Geng et al. (2025) examine both pa-
pers and conference presentations and show that
LLM-associated lexical patterns are present across
written and spoken academic discourse. Similarly,
Yakura et al. (2024) provide large-scale evidence
that AI-associated lexical choices are increasingly
appearing in human spoken communication, sug-
gesting that model-preferred phrasing is not con-
fined to mediated writing environments but can
diffuse into speech as well. For LLM-generated
translations, Zhang et al. (2025) report that literary
translations produced by LLMs remain more lit-
eral and less diverse than human translations, even
when they can be seen as competitive according to
more conventional automatic metrics.

We ought to note that research in NLP often
relies on pairwise comparisons between a single
AI-generated text and a single human-written text.
Given that LLMs are trained on large-scale corpora
reflecting the linguistic patterns of many speak-
ers, their outputs can exhibit greater surface-level
variation than those of an individual human text
(as reported in e.g. Brglez and Vintar (2022)
or Castilho and Resende (2022)). Such findings
may lead to misleading conclusions about over-
all lexical richness or diversity. Most compar-
isons overlook variation across human authors and
are therefore not well-suited for assessing distri-
butional properties of language as a whole (Van-
massenhove, 2025). More broadly, this connects
to recent evidence of convergence in generative
models: Jiang et al. (2025) describe an Artificial
Hivemind effect, where both individual models

(intra-model homogenization) and different model
families (inter-model homogenization) produce in-
creasingly similar outputs. In the context of trans-
lation, this implies that apparent ’increased’ di-
versity at the instance level may coexist with re-
duced diversity at the system level, as models re-
peatedly favor high-probability lexical and struc-
tural choices.

Last, this literature is complemented by broader
evidence that linguistic diversity itself may be
shrinking under LLM-assisted writing conditions.
Sourati et al. (2025) report declines in linguis-
tic diversity associated with LLM use and argue
that this has implications not only for expression,
but also for the kinds of social and psychologi-
cal signals language carries. Together, these stud-
ies seem to support a feedback-loop hypothesis:
LLMs draw on human-produced language, am-
plify some forms over others, and then feed these
preferences back into human writing and speaking,
where they may gradually normalize. Rresearch
on literary translation and creativity indicates that
these systems tend to favor high-probability lex-
ical and structural choices, resulting in reduced
stylistic variation compared to human translations,
even under different prompting strategies (Du et
al., 2025; Arenas and Toral, 2022). This apparent
discrepancy can be partly explained by method-
ological differences: most evaluations rely on
pairwise comparisons and are therefore not well-
suited for assessing distributional properties of lan-
guage (Vanmassenhove, 2025).

In this paper, we examine whether translations
produced by generative AI differ from human-
generated text in terms of linguistic richness, and
how such differences relate to translation quality.
In contrast to prior work, we compare multiple
LLMs and assess a broad set of lexical and gram-
matical indicators, while explicitly interpreting di-
versity in relation to translation quality rather than
as an unconditional good in itself. Along with
the comparison between LLM outputs and human-
generated texts in terms of translation quality eval-
uation metrics and lexical and grammatical diver-
sity metrics, we also conduct an empirical evalu-
ation in terms of separability between GAIT and
human-generated text. We use these findings to as-
sess whether LLMs produce homogeneous transla-
tions. For this purpose we train and evaluate classi-
fication and clustering models. First, LR classifiers
are trained for each domain to predict the origin of



the translation, i.e. whether it is human-generated,
mBART, Jamba, GPT or DeepSeek. We analyse
these models through the precision, recall and F1
scores on held-out test sets. Second, we trained
k-means models (one for each domain) to cluster
the data in 5 classes. We analysed the distribution
of the data into the derived clusters. The analysis
of the classification performance on the held out
test sets and of the cluster distributions shows that
human-generated text is clearly separable from the
GAIT text and that GAIT translations are less sep-
arable between themselves.

3 Experiments

To test the translation capacity and lexical richness
of the generated translations of the selected LLMs,
we choose three EN–NL test sets (news, poetry,
and literature) and translate them using best prac-
tices for prompting and parameter setup. Before
further detailing the datasets and overall experi-
mental setup, we would like to provide some back-
ground on the specific translation domains as they
differ in their constraints on form, meaning, and
overall variation.

3.1 Translation Domains

News prioritizes adequacy, fluency, and consis-
tency. MT for the news domain has been exten-
sively studied in the WMT shared tasks5, where
MT systems achieve strong performance, although
claims of human parity (Hassan et al., 2018) re-
main contested since these conclusions are sensi-
tive to the evaluation design, annotator design and
the presence of translationese in the source (Toral
et al., 2018). Since 2021, the submissions to
the WMT shared task show a shift toward GAIT
for the news domain ((Símonarson et al., 2021;
Wu and Hu, 2023; Kocmi et al., 2024; Kocmi
et al., 2025) which, in recent editions show, hes
turned into the standard approach (Símonarson et
al., 2021; Kocmi et al., 2024; Kocmi et al., 2025).

Poetry is sometimes constrained by formal
properties such as rhythm and rhyme, has a higher
semantic ambiguity and is often more culture-
dependent than other domains making it partic-
ularly challenging for MT (Ghazvininejad et al.,
2018; Humblé, 2020; Dunder et al., 2020; Sel-
jan et al., 2020). Recent work shows some im-
provements (professional human and automatic

5See https://www.statmt.org/

evaluation metrics) in automatic poetry transla-
tion through domain-specific prompting strate-
gies (Wang et al., 2024).

Literature, similarly to poetry, places a
strong(er) emphasis on preserving not only mean-
ing but also style, tone, and the overall reading
experience, making it particularly demanding for
MT systems (see a.o. (Toral and Way, 2015; Toral
and Way, 2018; Guerberof-Arenas and Toral,
2020; Besacier and Schwartz, 2015; Karpinska
and Iyyer, 2023)). Prior work shows that MT
outputs tend to exhibit reduced creativity and
stylistic variation compared to human translations,
even when post-edited, and that maintaining
coherence and register remains a major chal-
lenge (Arenas and Toral, 2022; Fonteyne et
al., 2020). Recent work on GAIT for literary
translation has explored the impact of prompting
strategies on translation quality and creativity (Du
et al., 2025). While such approaches can improve
output quality, findings show that even ‘creative’
LLM-generated translations - measured using
established creativity metrics (Guerberof-Arenas
and Toral, 2020; Toral and Way, 2018) – do not
reach human translation performance in terms of
creativity and stylistic variation (Du et al., 2025).
Related work investigates the use of LLMs for
post-editing literary MT, showing that while such
models can increase lexical variation, their edits
are often more surface-level and less effective
at correcting translation errors than those of
professional translators (Macken, 2024).

3.2 Dataset

We use the Dutch Parallel Corpus6 (DPC) (Macken
et al., 2011) to extract news and literature
texts. For poetry, we use the PoetryTrans-
lationEMNLP20217 dataset (Chakrabarty et al.,
2021) dataset.

The DPC is a parallel corpus with over 10 mil-
lion words containing high quality aligned sen-
tences from five different types of texts. It is bal-
anced with respect to direction of translation and
type of text. The PoetryTranslationEMNLP2021

6Available from: https://
taalmaterialen.ivdnt.org/download/
tstc-dutch-parallel-corpus-niet-commercieel/
7Available from: https://github.com/
tuhinjubcse/PoetryTranslationEMNLP2021



corpus contains over 190,000 high quality transla-
tions for six languages, including Dutch.

Both corpora consist entirely of human-
produced data, but differ in how original texts
and translations are represented. The DPC in-
cludes both original texts and their human trans-
lations in parallel. The poetry dataset con-
sists of original (human-authored) texts (in Dutch,
Russian...) paired with their English (human-
produced) translations. From these datasets we ex-
tracted 1000 English-Dutch parallel sentences per
category (news, literature and poetry) as test sets.

3.3 Translation Models
We compared different models – the “old-school”,
encoder-decoder mBART, the Transformer-based,
decoder-only GPT’s 4o, and DeepSeek r1, as well
as the hybrid Transformer-Mamba model – Jamba-
1.5 (Jamba Team et al., 2024).

We used the largest mBART-large-50 model,
available through the Huggingface Transformers
library (Wolf et al., 2020), including both the
mBART tokenizer and the mBART model. The
jamba-1.5-large model we used, was accessed
through the AI21’s API. Similarly, we used GPT-
4o via the OpenAI’s API. The DeepSeek model we
used was the reasoning R1, 70b model accessed
from the Ollama 8 platform.

Each model is evaluated under conditions
aligned with its intended usage and recommended
decoding configuration. To account for architec-
tural differences, each model was evaluated using
prompting and decoding settings aligned with its
recommended usage. Instruction-tuned language
models require explicit task prompts, whereas the
encoder–decoder model (mBART) operates with-
out prompting. Decoding temperatures were se-
lected based on standard practices for each model
type. The prompts and temperature settings are:

• For mBART we used no prompt, but simply
decoded the English sequence (after tokeniza-
tion) into Dutch.

• jamba-1-5-large Translate the following text
from English to Dutch, showing only the
translation: followed by the sentence to
translate. Temperature is set to 0.0. General
recommendations for translation is to set the
temperature value between 0.0 and 0.2; we
set it to 0.0.9

8https://ollama.com/
9https://docs.ai21.com/docs/

• gpt-4o Show only translation, English: [SR-
CLINE] = Dutch:, where SRCLINE is the
source sentence. We used the default temper-
ature, which is equal to 1.010 and considered
the medium temperature.

• deepseek-r1:70b Translate the following text
from English to Dutch while preserving the
original meaning, tone, and context. Main-
tain proper grammar and natural fluency as
if written by a native speaker. Don’t show
the source nor your reasoning. Only show
the final translation. The text is: [SRCLINE]
where SRCLINE was the source sentence.
Temperature is set to 0.611

We set the role parameter to user for the three
LLMs (jamba-1.5-large, gpt-4o and deepseek-
r1:70b). We manually inspected and cleaned all
outputs using regexes and correction of UTF en-
coding errors (See Appendix A).

3.4 Evaluation

Standard Automatic Metrics & Diversity Met-
rics We evaluate our results using (i) auto-
matic MT evaluation using BLEU (Papineni et al.,
2002), TER (Snover et al., 2006), chrF (Popović,
2015) from the Sacrebleu package (Post, 2018),
Comet (Rei et al., 2020) and BLEURT (Sellam et
al., 2020) (ii) lexical diversity evaluation through
TTR, Yule’s I and MTLD, Simpson and Shan-
non diversity scores; we also assessed the number
of lemmas and singleton lemmas, and vocabulary
sizes following the methodology of (Vanmassen-
hove et al., 2021).

Classification & Clustering Additionally, we
analyse model-specific output characteristics by
training logistic regression classifiers (precision,
recall, F1) to predict the source model and ap-
ply k-means clustering to assess the separability of
model outputs. The rationale behind it being that if
translations produced by different models are dif-
ficult to distinguish or form overlapping clusters,
this indicates higher similarity across the different
translation systems.

Prior to training the classification and clustering
models, we pre-processed the data by removing

prompt-engineering
10https://developers.openai.com/api/
reference/resources/chat
11as recommended in https://huggingface.co/
deepseek-ai/DeepSeek-R1-Distill-Qwen-7B\
#usage-recommendations



brackets, accolades, commas, semiclons, @’s and
duplicate and other special characters followed by
stopwords removal using nltk (Bird et al., 2009).
The resulting dataset, consisting of 12000 transla-
tions, was then split into a training, validation and
test set with the ratios 0.56, 0.14 and 0.3. This data
was then vectorised using count vectorizer and the
tfidf transformer from scikit-learn (Pedregosa et
al., 2011).

We trained LR classifiers on the combined train-
ing and validation set and evaluated them on the
test set. We evaluate the classification models us-
ing precision, recall and F1. We trained three sets
of classification models for different l1_ratio val-
ues. The l1_ratio parameter controls the type of
regularisation: l1_ratio of 0 implies l2 (or ridge)
regularisation, while a ratio of 1 implies l1 or lasso
regression. While ridge regression is typically con-
sidered better for text data as it utilises all data and
handles correlated features, we experimented also
with l1 which could guide the algorithm to focus
on more important features (i.e. words / tokens),
zero-ing out less important ones; we also use a
combination of both l1 and l2 at ratio 0.5.

4 Results

The automatic MT evaluations are presented in
Section 4.1, the lexical diversity evaluation can be
found in Section 4.2. Section 4.3 covers the classi-
fication and clustering experiments.

4.1 Automatic MT Evaluation

Table 1 shows the scores of both statistical and
neural evaluation metrics attained per domain.

Domain Model BLEU↑ chrF↑ TER↓ BLEURT↑ Comet↑

News

mbart 34.81 62.19 50.57 60.81 89.03
jamba 38.02 65.43 48.71 61.72 90.11

gpt 39.79 66.72 47.19 63.21 90.71
deepseek 35.33 63.99 51.30 61.52 90.02

Poetry

mbart 20.63 46.39 69.41 49.14 70.83
jamba 27.67 52.95 62.61 53.04 74.10

gpt 31.67 54.79 58.37 55.68 75.77
deepseek 25.24 51.11 65.05 53.40 74.10

Lit.

mbart 22.01 51.02 65.02 51.14 81.50
jamba 27.84 55.93 60.71 55.69 85.19

gpt 29.53 57.76 58.97 57.23 85.91
deepseek 25.55 54.99 63.59 54.64 84.75

Table 1: Evaluation metrics scores: BLEU, chrF, TER,
BLEURT and Comet.

For all three categories and according to all sta-
tistical and neural metrics GPT-4o outperforms the
rest and mBART performs the worst. Jamba ranks

second and DeepSeek third. The absolute differ-
ence in the values of all evaluation metrics between
those of GPT and Jamba is the smallest (as com-
pared to the rest). We also observe a high differ-
ence between the values for the different transla-
tion domain (within one domain and through each
domain, the rankings are the same as noted above).

4.2 Lexical and Grammatical Diversity

We present (i) standard lexical diversity metrics:
Yule’s I, Type-token ratio (TTR) and Measure of
textual lexical diversity (MTLD); (ii) grammatical
diversity scores: Shannon and Simpson metrics,
along with the number of lemmas and singleton
lemmas and (iii) vocabulary sizes in Table 2.

These results show that with exception to the
translations for the literature domain, the refer-
ences (i.e. the human-generated text) are of higher
lexical and grammatical richness. However, it is
worth noting that only for poetry, the variability
in the metrics is high. It is also worth noting that
mBART generally has the lowest scores.

4.3 Classification and clustering

The precision, recall and F1-scores of evaluating
our classifiers are summarised in Figure 1. The
figure shows the progression from l2 regularisation
to l1 regularisation for all three metrics.

To assess the clustering algorithm, we looked at
the distribution of the different translations along
the 5 clusters, summarised in Table 3 in percent-
ages.

5 Analysis

5.1 Translation quality metrics

The results summarised in Section 4.1 show a
very consistent performance across domains and
metrics for all models. GPT generates the best
translations for all domains, followed by Jamba
and DeepSeek (which swap rankings according to
BLEURT and COMET) for the Poetry domain,
and mBART which performs the worst. These sug-
gest that GPT generalises best across domains.

The highest scores are on News translations, e.g.
Comet scores are between ±86 and ±91 compared
to ±81 to ±86 for the Literature domain and to
±70 – ±76 for the Poetry domain. These scores
reflect the degree of difficulty in translating News
text (structured and well standardised, easiest to
translate) as compared the more stylistic and cre-



Standard Metrics Grammatical Metrics Vocabulary
Num. of Num. of Avg.

Domain model Yule’s I ↑ TTR↑ MTLD↑ all lemmas↑ single lemmas↑ Shannon↑ Simpson↓ sent length Voc size

News

Ref 5.4398 0.2321 103.2077 3959 3434 0.9388 0.0943 20.257 17 995
mbart 4.2812 0.2106 97.1528 3516 3007 0.9332 0.1035 19.979 17 641
jamba 5.0875 0.2266 103.915 3744 3215 0.9347 0.1012 19.876 17 849

gpt 5.0562 0.2248 100.7675 3697 3152 0.9317 0.1053 19.952 17 974
deepseek 5.0386 0.2229 104.172 3730 3194 0.9351 0.0999 20.159 18 120

Poetry

Ref 12.4715 0.3384 182.6479 2138 1922 0.9497 0.079 7.444 6 651
mbart 3.8876 0.2704 122.7931 1814 1578 0.9363 0.1005 8.204 6 815
jamba 3.8601 0.2882 152.2353 1975 1752 0.9433 0.0897 8.272 6 828

gpt 7.1788 0.3015 159.1791 1971 1744 0.943 0.0903 7.920 6 860
deepseek 7.5999 0.3027 162.377 1972 1727 0.9383 0.0968 8.106 7 050

Literature

Ref 4.1752 0.2063 131.4198 3578 3069 0.9314 0.1068 21.226 18 326
mbart 3.6372 0.1966 116.9994 3490 2971 0.9293 0.1100 21.637 18 532
jamba 4.1934 0.2086 127.043 3714 3192 0.9330 0.1046 21.534 18 638

gpt 4.2391 0.2073 127.5569 3675 3126 0.9288 0.1103 21.751 18 909
deepseek 4.3307 0.2077 132.4669 3713 3183 0.9305 0.1078 21.838 18 949

Table 2: Lexical and grammatical diversity measurements of tokenized output (using Moses tokenizer from SacreMoses:
https://github.com/hplt-project/sacremoses).

News Poetry Literature
Model C0 C1 C2 C3 C4 C0 C1 C2 C3 C4 C0 C1 C2 C3 C4
ref 78.3 9.5 6.2 0.9 5.0 0.1 0.4 2.8 1.4 95.3 1.8 1.7 2.7 5.2 88.6
mbart 76.0 10.4 6.0 1.1 6.5 0.1 0.5 5.0 1.8 92.6 1.7 2.3 3.2 5.3 87.5
jamba 75.9 10.2 6.5 1.1 6.3 0.3 0.5 4.6 1.9 92.7 1.6 2.8 3.1 5.2 87.3
gpt 76.2 9.9 6.6 1.1 6.2 0.3 0.5 4.2 1.9 93.1 1.8 1.8 3.2 5.2 88.0
deepseek 77.6 8.5 6.3 0.9 6.6 0.3 0.5 3.0 2.1 94.1 1.7 1.6 3.4 5.4 87.9
Silhouette score: 0.0029 0.0047 0.0049

Table 3: Cluster distribution (in %) and silhouette across domains and models. Bold values indicate the dominant cluster per
domain. Silhouette scores are close to zero, indicating poor clustering for the selected number of clusters.

ative literary text (medium) and the ambiguous Po-
etry translations (hardest to translate).

The variability of the performance across do-
mains of the investigated models suggests that
even though these LLMs achieve high-quality
translations they are still domain-sensitive.

5.2 Lexical diversity

We analyse the lexical and grammatical diversity
of GAIT and human-generated text over the three
domains. Across the News and Poetry domains the
human-generated texts exhibit consistently higher
diversity than GAIT outputs, as reflected in Yule’s
I, TTR, MTLD (except for the case of DeepSeek
translations for the News domain), Shannon, and
Simpson scores. This indicates that LLMs pro-
duce more concentrated lexical distributions than
human translations for these domains.

The differences are strongly domain dependent
with the Poetry domain translations differences be-
ing the most pronounced ones: all models, espe-
cially mBART and Jamba, yield a substantially
lower diversity than human-generated text, reflect-
ing their lack of capacity to address the stylistic
and interpretative requirements for this domain.

As noted in Section 3.1 the reference text (i.e. the
Dutch text), which we compare the GAIT output
to, is human-authored and not translated; the En-
glish text in the Poetry domain, which is the trans-
lation source, is human translated. The fact that
in the case of the Poetry domain the translations
are compared to original human-authored text may
(partially) explain the results and deserves further
analysis. This raises an additional research ques-
tion which interleaves human and machine trans-
lation and goes beyond the scope of this work. We
leave it, therefore, for future work.

For the literature domain, the results slightly
contrast those for the News and Poetry domains.
While the differences are small, the lexical and
grammatical diversity scores for the human-
generated text are ranked 3rd or 4th. This suggests
that GAIT text approximates or even surpasses
human-generate text in terms of diversity on the
literature domain. This contrasts with the Poetry,
where the gap is largest, and with the News
domains. These rankings (within the literature
domain) are also reflected in the average sentence
length and the vocabulary sizes with the human-
generated text having the lowest counts for both.



Figure 1: Precision, recall and F1-score for the classifier
trained and evaluated on the data for different l1 values.

Looking at these values for the Poetry domain
we observe that the rankings are the same (the
human-generated text has the smallest average
sentence length and smallest vocabulary size).
These results hint towards a more biased use of
certain words / tokens leading to a flatter tail in the
frequency-of-use distribution for these translations
(aligning with the observations by (Vanmassen-
hove, 2025)). Comparing the different models,
mBART consistently yields the lowest diversity.
It should be noted that Jamba, GPT-4o and
DeepSeek produce higher and, most importantly,
closely aligned scores. With exception to the
output of Jamba for the Poetry domain, the texts
generated by the LLMs, excluding mBART, have
a very small standard deviation from the mean
scores, i.e. have a very small inter-model variance.

This suggests similar distributional behavior
across architectures.

When comparing the diversity metrics to the
translation quality evaluation metrics, the results
reveal an inconsistency between quality and diver-
sity. Model rankings according to the translation
quality evaluation metrics do not consistently
align with the rankings according to the diversity
metrics. This is very obvious for the Literature
domain where, for example, DeepSeek transla-
tions are scored highest according to Yule’s I and
MTLD, even surpassing human-generated text
(in terms of diversity) while they are constantly
ranked third according to the evaluation metrics.
This observation is aligned with previous work
and supports the statement that evaluation and
lexical / grammatical diversity metrics are not
interchangeable and should both be taken into
account, especially in cases such as literary or
poetry translation.

5.3 Separability between AI and human
translations

The classification and clustering experiments pro-
vide us with an idea about the degree of separa-
bility of the reference in comparison to the rest.
We assess how pronounced the predictions are in
favour of the references, i.e. the human-generated
text. In the context of classification that would
imply a more separable / concentrated distribution
represented by higher precision –which indicates
cleaner boundaries– higher recall –which indicates
higher number of correctly identified– and higher
f1 – which indicates a higher separability, overall.
In the context of clustering we analyse the cluster
distributions.

Classification Across all domains, higher pre-
cision, recall and f1 scores are observed for the
values of l1_ratio equal to 0.0 and 0.5. This
illustrates that the classifier more reliably distin-
guishes the human reference class under L2 and
elastic-net regularisation. Interstingly, and espe-
cially for l1_ratio = 0.0, we observe that classify-
ing mBART translations stands out, not because it
has the second highest scores, but because the val-
ues for the other models are much closer together.
When the classifier is trained with an l1 regulariser
(i.e. l1_ratio = 1.0) we notice that together
with the increase in the scores, also the differ-
ences between precision and recall become higher.



This indicates a bias in the classifier towards over-
predicting this class – as in the case of the Jamba
translations of the News domain, the references for
the literature domain and the mbart translations for
the poetry domain, the model predicts more sen-
tences as correct for that category, some of which
are simply falsely classified; in contrast, for the
news and the poetry domains, the l1 classifier has a
high precision (but lower recall) in classifying the
reference translations, which would indicate more
conservative prediction which mostly is correct.

When analysisng the results per domain, for the
news domain the reference class is clearly dom-
inant at l1_ratio = 0 and 0.5. At l1_ratio = 1.0
jamba overtakes with higher recall (0.64) but a low
precission (0.19) indicating over-generalisation.
Given that overall, the results for the reference
translations are of higher f1 and are more bal-
anced and stable, indicating that human transla-
tions are more separable in the news and poetry
domains, though this effect is weaker for the Lit-
erature domain. When it comes to the poetry do-
main, the results are more distinguished, despite
the high spike in recall for the reference trans-
lations. This strongly supports separability, al-
though, with the high l1_ratio value the classi-
fier risks over-generalisability. With respect to the
literature domain the differences are less pro-
nounced and at l1_ratio of 1.0 we see that the clas-
sifier performs better for mBART with the classi-
fication of the references ranking second (f1 for
mBART = 0.33 and for ref = 0.22). This is an in-
teresting observation on its own as it indicates that
mBART translations are more separable than the
rest. This is a pattern observable for all domains.
Still, for l1_ratio of 0.0 and 0.5, the scores for
the reference translation class are higher. Further-
more, there are smaller differences between preci-
sion and recall (as compared to mBART) which in-
dicates a more stable performance of the classifier
and supports the hypothesis of separability for the
Literature domain. We notice, however, that this
separability is less pronounced than for the other
domains.

We observe a consistent relationship between
lexical and grammatical diversity and separability:
domains in which human-generated texts exhibit
substantially higher diversity (e.g. Poetry) also
show higher classification separability, whereas
domains with overlapping diversity profiles (e.g.
Literature) exhibit reduced separability.

Clustering The clustering analysis reveals a
strong concentration of translations within a sin-
gle dominant cluster for every domain (C0 for
News, C4 for Poetry, C4 for Literature). In addi-
tion, both human-generated text and GAIT outputs
(for all models) exhibiting highly similar distribu-
tions across clusters. These indicate that the clus-
ters capture shared distributional structures rather
than model-specific characteristics, and that the
data points are not easily separable in this rep-
resentation space. However, the Jamba, GPT-4o
and DeepSeek translations fall in nearly identi-
cal cluster distributions across all domains, sug-
gesting a high degree of cross-model convergence.
While human-generated texts also fall within the
same dominant clusters, the differences are more
pronounced and the similarity among GAIT out-
puts, and especially between Jamba, GPT-4o and
DeepSeek is higher. This strengthens the observa-
tion from the diversity and classification analyses
that these models produce closely aligned outputs.

We also notice that the degree of concentration
varies by domain: poetry exhibits the strongest
skew, with over 90% of instances assigned to a
single cluster. This indicates highly constrained
and homogeneous texts for all GAIT and human-
generated texts. In contrast, the clusters from the
News and Literature domains are slightly more dis-
perse.

While the clustering for all models output and
human-generated text show substantial overlap in
cluster assignments, GAIT outputs (and especially
Jamba, GPT-4o and DeepSeek) are more tightly
clustered and less distinguishable from one another
than the rest, suggesting that these are more ho-
mogenous texts than the other two (mBART and
human-generated texts).

6 Conclusions and future work

This work aims to investigate the translation ca-
pabilities of four multilingual LLMs – mBART,
Jamba-1.5-large, GPT-4o, and DeepSeek – across
three domains: News, Poetry, and Literature.
We evaluated their performance on an English-to-
Dutch translation task using both standard transla-
tion quality evaluation metrics metrics (statistical
and neural) and measures of lexical and grammat-
ical diversity. In addition, we employed classifi-
cation and clustering techniques to assess (i) the
separability of human-generated translations from
model outputs, and (ii) the degree of similarity



among model-generated translations.

The automatic MT evaluation metrics showed
that GPT4-o can be considered the best model for
English to Dutch translation for all categories.

The results from automatic translation evalua-
tion metrics indicate that GPT-4o performs best
across all domains. However, the analyses of lexi-
cal / grammatical diversity, classification, and clus-
tering reveal a more nuanced picture. First, they
show that human-generated texts are more clearly
separable in domains such as News and Poetry,
where they also are scored higher in terms of lex-
ical and grammatical diversity metrics. In con-
trast, this is not the case for the Literature do-
main – GAIT texts more closely resemble human-
generated texts in their distributional properties
(e.g. clustering) and even surpass them according
to diversity metrics.

Similar to other research, our results highlight a
divergence between translation quality and lexical
/ grammatical diversity, i.e. models that achieve
high scores according to both statistical and neu-
ral evaluation metrics, do not necessarily follow a
similar trend when compared to each other and to
the human-generated text according to the lexical
and grammatical diversity metrics. This is particu-
larly obvious in stylistically demanding domains
such as Literature and Poetry. This augments
the insight that current evaluation metrics primar-
ily capture adequacy and fluency, while overlook-
ing stylistic variation and exacerbates the need for
more elaborate evaluation strategies.

Comparing the different models, our analysis
showed that the GPT-4o, DeepSeek, and Jamba-
1.5-large model outputs are consistently less dis-
tinguishable from one another than from the old-
school mBART. In addition to the classification
and the diversity findings, the clustering results
show substantial overlap across all systems – sim-
ilar distributions over clusters for both human-
and GAIT-generated texts. These findings sug-
gest that, despite architectural differences (Jamba
is Mamba-based, GPT4-o is a based on a dense
transformer architecture and DeepSeek is based on
Mixture of Expert (MoE) models), there is a strong
inter-model overlap, likely reflecting shared train-
ing paradigms and data sources. Although our
experiments do not answer definitively whether
LLMs lead to language homogenization, they offer
consistent evidence of increased similarity among
LLM outputs compared to human-generated texts.

By combining evaluation metrics with diversity,
classification, and clustering analyses, we demon-
strate a methodological framework for assessing
the distributional characteristics of LLM-based
translation and their potential impact on language.

Our study has several limitations. First, we use a
relatively small dataset that does not originate from
a standardized benchmark. Second, we evaluate
models under a fixed prompting setup, without ex-
ploring variations in temperature or prompt design.
While we acknowledge that experimenting with
varying prompt and temperature settings facilitate
a more complex analysis, we chose this setup de-
liberately. These settings reflect common use-
case conditions, where one would follow specific
guidelines according to settings tested, validated
and recommended in other work (that specifically
targets the assessment of these variables). Third,
the Poetry dataset differs in how it was built which
may hinter the comparison with respect to the other
domains. We note that this asymmetry raises an
interesting question which interleaves human and
machine translation analysis worth exploring in the
future. Fourth, our classification and clustering ex-
periments rely on relatively simple representations
(TF-IDF). This could be extended with more ro-
bust embedding-based approaches (e.g. contextual
embeddings such as BERTje).

Future work will address the above limitations,
i.e. using larger and more diverse datasets (also
scaling to other languages/language pairs), explor-
ing different prompt and decoding options, utilis-
ing more advanced clustering and classification ap-
proaches, as well as involving a thorough human
evaluation with in-depth error analysis. In addi-
tion, task-specific fine-tuning and distillation may
provide further insights into the capabilities and
limitations of LLM-based translation systems.
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A Post-processing of translations

The following regex matches were used to clean
the translated sentences and leave only the trans-
lated, Dutch, output:

1. ([^=]+)=

2. =$

3. As well as looking for leading English: ,
Dutch: ,Nederlands: or
Nederlandse:

We also corrected utf encoding errors by replac-
ing the following non-ascii characters with their
utf-8 versions:

Generated token / sequence Corrected token / sequence
Ã©, Â©, Ã³ é
Ã¯, iÌ^ ï
Ã´ ô
Ã§ ç

Ã«, eÌ^, ÌC ë
Ã¨ è
Ã¼ ü
Ã¤ a
Ã· á
Ã¶ ö

eÌ□eÌ□n één
vÃƒÂ³ÃƒÂ³r véér

Table 4: Non-ASCII characters replacements


