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Abstract

As LLM-generated content proliferates online,
texts are increasingly subject to repeated pro-
cessing and translation by models, making it
critical to understand how such iterative repro-
cessing reshapes language. Prior work has
shown that this degrades factual content and
reduces diversity, but the fine-grained linguis-
tic shifts underlying these effects remain unex-
plored. We track changes in epistemic markers,
grammatical voice, degree adverbs, and nomi-
nalisation density across 12 iterations of round-
trip translation applied to 600 BBC News ar-
ticles, varying intermediate language, trans-
lation model, and chain topology across 17
experimental configurations. We find a con-
sistent epistemic shift: evidential and factive
markers increase while hedges decline, poten-
tially causing tentative claims to read as more
certain. Concurrently, texts undergo register
formalisation: informal degree adverbs give
way to formal alternatives, active-voice density
drops, with-agent passives attrite disproportion-
ately, and nominalisation density rises. We
also record clear model-specific patterns for
certain settings. These shifts erode the mark-
ers of source, register, and agency, offering a
fine-grained account of the factual degradation
reported in previous studies.

1 Introduction

As large language models produce a growing share
of online content, that content is increasingly repro-
cessed (summarised, translated, paraphrased) by
other models. Understanding how text changes un-
der such iterated processing is critical for assessing
the reliability of LLM-mediated information.
Recent work has shown that iterated rephrasing
drives text toward model-specific attractor states
(Perez et al., 2025) and that iterated backtransla-
tion rapidly degrades factual content (Mohamed
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et al., 2025). At the training level, recursive use of
synthetic data causes model collapse (Shumailov
et al., 2024; Dohmatob et al., 2025) and reduces
epistemic diversity (Wright et al., 2025). How-
ever, these studies measure degradation through
aggregate metrics (semantic similarity, factual ac-
curacy, distributional statistics), leaving open the
question of how the linguistic structure of the text
is reshaped along the way.

We address this gap by tracking changes in epis-
temic markers, grammatical voice, degree adverbs,
and nominalisation density across 12 iterations
of backtranslation applied to 600 BBC News ar-
ticles. We vary intermediate language (Chinese,
French, Korean, Arabic), translation model (Qwen,
Llama, Gemma), and chain topology (self-loop,
two-player, multiplayer), yielding 17 configura-
tions and over 122,000 translated texts.

We find three main patterns. First, evidential
and factive markers increase while hedges decline,
potentially causing originally tentative claims to
read as more certain, eroding precisely the cues
readers use to calibrate trust. Second, texts un-
dergo formalisation: informal degree adverbs (re-
ally, much) give way to formal alternatives (particu-
larly, completely), active-voice density drops, with-
agent passives attrite faster than agentless passives,
and nominalisation density increases. Third, the
magnitude of these shifts varies by model (Qwen
self-loops produce the largest nominalisation and
booster increases, Llama the smallest), suggesting
model-specific linguistic signatures.

These results show that iteratively processed text
is not just less accurate but systematically restruc-
tured: uncertainty cues are stripped, register is for-
malised, and translation models may shift results
in model-specific directions.

294

Proceedings of the 1st Workshop on Multilinguality in the Era of Large Language Models (MeLLM 2026), pages 294-307
July 4, 2026 ©2026 Association for Computational Linguistics



2 Related Works

Iterative processing with LLMs Repeated pro-
cessing of LLM outputs causes distributional nar-
rowing across settings. Models trained on their
own outputs undergo model collapse, progressively
losing distributional tails (Shumailov et al., 2024;
Dohmatob et al., 2025), and Wright et al. (2025)
show that LLLM outputs are less epistemically di-
verse than basic web search, a narrowing Peterson
(2025) terms knowledge collapse.

Analogous effects arise when text is iteratively
reprocessed at inference time. Acerbi and Stubbers-
field (2023) ran transmission chain experiments
with ChatGPT and found that iteratively passed
text amplifies human-like content biases for gender-
stereotypical, negative, and threat-related informa-
tion. Perez et al. (2025) extended this framework,
finding that small per-step biases in toxicity, posi-
tivity, and reading difficulty compound into model-
specific attractor states across iterated rephrasing.
Mohamed et al. (2025) applied iterated backtransla-
tion, showing that factual content degrades rapidly,
with the rate influenced by intermediate language,
model, and chain topology. Our work builds on
Mohamed et al. (2025) but shifts from macro-
level degradation metrics (BLEU, BERTScore,
FActScore) to the fine-grained linguistic shifts (in
epistemic marking, voice, and degree modification)
that accumulate as factual loss occurs.

Hedging, degree adverbs, and grammatical
voice The epistemic markers we track draw on
the Hyland (1998) taxonomy of hedges and boost-
ers and the factive/non-factive verb distinction of
Kiparsky and Kiparsky (1970). Recent work has
shown that LLMs are highly sensitive to epistemic
markers, with expressions of certainty paradoxi-
cally decreasing accuracy (Zhou et al., 2023), and
that this overconfidence persists across languages
(Rathi et al., 2025), inducing bias in LLM-based
evaluations (Lee et al., 2025). Our work shows
that iterated processing compounds such biases in
originally human-authored text.

Degree adverbs, which modify scalar force and
include both amplifiers and downtoners (Biber
et al., 2000), are register-sensitive: informal reg-
isters favor items like really and pretty, while for-
mal registers prefer particularly and significantly,
making them a natural probe for formalisation un-
der iterated translation. Grammatical voice has
been studied as a marker of structural divergence in
translation; MT systems tend toward more con-

servative, source-parallel active structures (Luo
et al., 2024). Passive constructions vary substan-
tially across languages in frequency and function
(Siewierska, 2024): in Chinese, passives carry ad-
versative connotations absent in English (Baker,
2018; Xiao et al., 2006), while Arabic passives
are morphologically constrained and less frequent
than their English counterparts (Farghal and Al-
Shorafat, 1996). These cross-linguistic asymme-
tries make voice distribution a sensitive indicator
of how iterated translation reshapes text structure.

3 Methodology
3.1 Data

In order to examine recent global trends across a va-
riety of news domains, we use BBC News articles
as collected by Li et al. (2024), but we restrict our
dataset to entries on or after 1 January 2024, that
belong to one of the following 12 topics: abortion,
China, climate, COVID, economics, France, gen-
der, immigration, Israel/Palestine, Russia, sports
and the UK. For each topic, 50 articles were sam-
pled (seed 42) under a length filter of 500 to 5,000
characters, yielding 600 articles per run. With one
iteration O source and 12 back-translated iterations,
our setup produced 7,800 texts per run.

Three models were used for translation,
all accessed through OpenRouter: Qwen
(gwen3-30b-a3b-instruct-2507) (Team, 2025),
Llama (1lama-3.3-7@b-instruct) (Grattafiori
et al., 2024), and Gemma (gemma-3-27b-it)
(Team et al., 2025). We set the translation calls’
temperature to 1.0. Four intermediate languages
were investigated: Chinese (Simplified), French,
Korean, and Modern Standard Arabic (hereafter
Arabic).

3.2 Translation Chain Setups

The core of our experiments is iterated backtrans-
lation: for each article, the English source is trans-
lated into an intermediate language (L), and then
back into English (EN). This single round is re-
peated 12 times, producing translations at iterations
1 to 12, alongside the iteration O source.

On top of this design, three translation set-
tings were run: bilingual self-loop, bilingual two-
player, and multilingual multiplayer. The bilin-
gual self-loop uses a single model for both forward
and backward translation, with each iteration con-
sisting of a translation from EN to L, and then
back to EN by the same model; 3 models with 4
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languages yields 12 total runs. The bilingual two-
player splits the two directions model-wise: Qwen
handles EN to L, while Llama takes care of the L to
EN translation, run once per language for 4 runs in
total. Multilingual multiplayer chains three mod-
els across two intermediate languages per iteration:
Qwen translates from EN to the first L, Gemma
handles translation from the first L to another L,
and Llama translates from the second L back to
English. Both the first and second L are sampled
without replacement each iteration from our list.
This constitutes 1 run.

In total, the experiments comprise 17 runs (12
self-loop + 4 two-player + 1 multiplayer), and 17
x 7,200 = 122,400 back-translated texts, exclud-
ing iteration 0 sources (7,200 = 600 articles x 12
iterations per run).

3.3 Maetrics

A total of five evaluators were applied to the texts.
Four of them use spaCy and regular expression
(regex) only, whereas the fifth is a set of reference-
based metrics computed against the iteration O
source, including one neural metric.

The epistemic markers evaluator counts regex
matches against six lexicons (hedges, boosters, fac-
tive, non-factive, evidential and non-evidential)
drawn from the existing body of relevant litera-
ture (Hyland, 1998; Farkas et al., 2010; Kiparsky
and Kiparsky, 1970; Karttunen, 1971); more de-
tails are in Appendix A. For degree adverbs, we
identify adverbial modifier (advmod) dependen-
cies whose lemma is part of a 14-word lexicon,
derived empirically from adverbial modifier lem-
mas observed in the BBC corpus and model outputs
combined (details in Appendix C). The voice eval-
uator similarly uses spaCy’s dependency parsing to
classify clauses as one of active (subject performs
action on object, e.g., the cat drank water), agent-
less passive (subject receives action without agent
being mentioned, e.g., the water was drunk) and
with-agent passive (subject receives action from
named agent, usually using a ‘by-phrase’, e.g., the
water was drunk by the cat). This classification
is based on the nominal subject (nsubj), nominal
subject passive (nsubjpass), auxiliary passive (aux-
pass), and agent labels. The agency evaluator pro-
vides counts complementary to voice: existentials
(expl), nominalisations (noun tokens where lemma
carries a deverbal suffix; one of —tion, —sion, —ment,
—ance, —ence, —al, or gerund —ing), and total verb +
auxiliary tokens as a verb-density baseline.

On the other hand, the similarity versus
source evaluator computes five reference-based
metrics against the iteration O source: BLEU and
chrF (Post, 2018), ROUGE-1 F1 from Google’s
rouge score, stemmed (Lin, 2004), METEOR
through NLTK with WordNet (Miller, 1994), and
BERTScore F1 with RoOBERTa Large (Liu et al.,
2019; Zhang et al., 2020). Since the iteration 0
source is the text that is meant to be preserved by
the chain (i.e., the aforementioned reference), these
metrics capture the cumulative drift from the origi-
nal across iterations; they do not assess translation
quality in the traditional machine translation sense.
Thus, the evaluator skips iteration 0, which has no
reference to compare against.

The first four evaluators run on every translated
text as well as on the iteration 0 source, producing
7,800 records per evaluator each run. The similar-
ity versus source evaluator, meanwhile, produces
7,200 records per run, excluding iteration 0. Each
record stores the text word count, allowing per-
1,000-words normalisation during analysis.

Separately, we use FActScore (Min et al., 2023)
to track factual support, with the iteration O article
as the reference and Llama-3.3-70B as the judge.

4 Results and Discussions

4.1 Length and Factuality

We confirm the finding of Mohamed et al.
(2025) that factuality decays under iterated back-
translation. Using FActScore, we extract a mean
of 25.8 atomic facts per source article (15,473
facts across 600 articles) and check support against
the iteration 12 back-translation in each of the 17
runs; of the resulting 263,041 (article, fact, run)
triples, 57% of source facts remain supported at it-
eration 12. Reference-based similarity drops in the
same direction: averaged across all 17 runs, BLEU
falls from 36.8 at iteration 1 to 21.0 at iteration 12,
chrF from 67.3 to 53.3, ROUGE-1 F1 from 0.76 to
0.62, METEOR from 0.60 to 0.43, and BERTScore
F1 from 0.94 to 0.91. Article length also drops
across iterations: iteration 12 outputs are 1 -57%
shorter than the iteration 0 source, with Korean and
Arabic Llama runs shortest and French Gemma
closest to source length. This contrasts with Perez
et al. (2025), who report stable-or-increasing length
in their iterated-generation setup. Because per-
article counts in our data are confounded with this
length drift, we normalise all marker statistics per
1,000 words throughout the paper.
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4.2 Hedging

Across the 17 experimental runs (12 single-model
bilingual self-loops, 4 two-player runs, and the mul-
tiplayer run), evidential markers rise in every run
from iteration O to iteration 12, with a mean in-
crease of +0.53 against an iteration-0 baseline of
0.90; factive verbs rise in 15 of 17 runs (the excep-
tions, AR-Llama at —0.15 and FR-2P at —0.06, are
small); hedges decrease in 13 of 17 runs, with CH-
Llama as the positive outlier (+2.53); and boosters
rise in 11 of 17 runs, with a clean by-model split
among the self-loops: all four Qwen self-loops
+1.29 to 4-2.34, all four Llama self-loops —0.49
to +0.19, Gemma in between. The evidential rise
is the only change that is universal across bridge
languages', models, and settings.

We attribute the evidential rise to literal back-
translation of high-frequency attribution words
from each bridge language’s news register. Ex-
amples include Chinese /R $&/3% 7~/PR/AR E
(ju, geénju, bidoshi, chéng, baodao); French
selon/d’apréslindique; Korean of u} 2 /2] 5}
/83 (e ttareumyéon, iiihamyéon, palkyé); and
Arabic wafgan, bihasab, gala, and afdda (more
details in Appendix D). Each is rendered in the
back-translation as “according to”, “based on”, or
another phrase from our evidential lexicon. To
test this, for every iteration 12 article we compare
the bridge text against the corresponding English
back-translation; in the multiplayer setting, which
uses two intermediate languages per iteration, we
examine both bridge texts. Across the 17 runs, ar-
ticles whose bridge text contained at least one of
the listed attribution words produced an English
evidential in 33-59% of cases, whereas articles
whose bridge text contained none of them did so in
only 0-24%, which is a 2-34 x contrast (Table 1,
Figure 1). As these rates are different across the
two groups (foreign attribution words present or
absent), we see that evidential markers rise not just
because of general stylistic drift. In the reverse di-
rection, English evidentials in the back-translation
co-occurred with a bridge attribution word in 86—
100% of cases (mean 97%); this means our attri-
bution lexicon does not miss any major source of
evidentials. Cross-run variation in the size of the
rise (Korean largest, Chinese smallest, Arabic and
French intermediate) reflects the number of obliga-

By bridge language we mean the intermediate language
used in each round-trip (Chinese, French, Korean, or Arabic
in our setup), and by bridge text, the article’s translation into
that language at iteration 12.

KO-Qwen
KO-Llama
KO-2P
AR-Llama
FR-Qwen
FR-2P
AR-Qwen
AR-2P
FR-Gemma
MM
FR-Llama
KO-Gemma
AR-Gemma
CH-Qwen
CH-Llama
CH-2P

CH-Gemma M with attribution

without attribution
0 0.2 0.4 0.6
rate of English evidential

Figure 1: Rate at which an iteration 12 back-translation
contains an English evidential marker, split by whether
the bridge text contains a bridge-language attribution
word. Runs sorted by A.

tory attribution forms in each bridge’s news regis-
ter. The 11-24% rate among Arabic articles whose
bridge text contained none of our listed words re-
flects incomplete coverage of Arabic attribution
verbs in our 8-item lexicon.

The combined effect of the evidential rise, fac-
tive rise, and hedge decline is a change in how
source claims are framed. A claim that is hedged in
the BBC source typically reappears at iteration 12
either attributed to a third party (according to Y,
X happened) or asserted via a factive verb (Y con-
firmed that X); the back-translation thus reads as
more confident than the source?, which is some-
thing co-occurring with the degradation of factu-
ality described earlier in Section 4.1. This shift in
epistemic framing is one facet of a broader regis-
ter shift that we trace through degree adverbs and
voice in the next two sections.

4.3 Degree Adverbs

Table 2 summarises the changes in the degree ad-
verb density from iteration O to iteration 12 across
our experimental set-ups. The given deltas are cal-
culated from the baseline counts of 2.68 degree
adverbs per 1,000 words at iteration 0.

Bilingual self-loop Across the 12 iterations,
the total degree adverb density shows a model-
dependent divergence. From iteration O to 12,

%For a detailed example, see Appendix B.
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rate of English evidential

rate of attribution

Run A if attribution if no attribution if English evidential
CH-Qwen +0.26 0.36 0.03 0.99
CH-Gemma +0.00 0.33 0.04 0.99
CH-Llama +0.25 0.34 0.01 0.99
FR-Qwen +0.81 0.49 0.08 0.99
FR-Gemma +0.37 0.41 0.03 1.00
FR-Llama +0.30 0.35 0.03 0.98
KO-Qwen +1.05 0.59 0.08 0.98
KO-Gemma +0.29 0.41 0.11 0.98
KO-Llama  +1.05 0.41 0.04 0.97
AR-Qwen +0.65 0.51 0.24 0.94
AR-Gemma +0.28 0.40 0.11 0.98
AR-Llama +1.00 0.39 0.16 0.86
CH-2P +0.24 0.34 0.00 1.00
FR-2P +0.73 0.45 0.15 0.94
KO-2P +1.01 0.50 0.08 0.97
AR-2P +0.43 0.44 0.13 0.95
MM +0.31 0.38 0.00 1.00

Table 1: Co-occurrence of bridge-language attribution words and English evidential markers, per run (600 articles
each). Run labels combine the bridge language (CH/FR/KO/AR) with the model (Qwen, Gemma, Llama for
self-loops) or setting (2P, MM). A is the change in evidential rate from iteration O (baseline 0.90) to iteration 12.
Columns 3 and 4 give the fraction of articles producing an English evidential, restricted to articles whose bridge
text contained an attribution word and articles whose bridge text contained none, respectively. Column 5 gives the
reverse: the fraction of articles with an English evidential whose bridge text also contained an attribution word.

Qwen shows a consistent increase in degree adverb
density across all four languages, with more sub-
stantial gains in Korean (+1.92), Chinese (+1.65),
and French (+1.32), and a shallower increase in
Arabic (+0.10). In contrast, Llama self-loops de-
crease density (with deltas —0.08 to —1.21), with
Arabic showing the greatest drop (—1.21). Gemma
self-loops remain relatively stable across languages,
with small increases in French (+0.18), Chinese
(+0.23), and Korean (+0.33), and a case of decrease
in Arabic (—0.11). Qwen systematically inflates the
intensifiers, Llama suppresses them, and Gemma
remains fairly steady.

At the lexical level, several adverbs display con-
sistent shifts across the self-loops. "Really" (—0.01
to —0.39), "much" (-0.06 to —0.23), and "almost"
(—=0.03 to —0.23) decrease in all 12 runs. Con-
versely, "particularly” (—0.03 to +0.45) increases
in 11 of the 12 self-loops, while "completely" and
"nearly" increase in 9 of 12 (up to +0.36 and +0.28,
respectively). The loss of "really”, "much", and
"almost" is notable because of their colloquial and

approximate nature, which suggests that iterated

translations progressively strip out the hedging-
adjacent intensifier lexicons. The gain in "partic-
ularly", "completely"”, and "nearly" points toward
a more formal and absolute text. The net effect
would be a shift in the evaluative character of the
text from more tentative towards more assertive

intensification.

Bilingual two-player All four runs show shifts
in degree adverb density. Three out of the four
runs, Chinese (+0.28), French (+0.56), and Korean
(+0.60), exhibit increases.

Above, we observed in self-loops that Qwen con-
sistently drives increases in degree adverb density,
whereas Llama generally suppresses it. In con-
trast, in the bilingual two-player setting, three of
the four runs, French (+0.56), Korean (+0.60), and
Chinese (+0.28), result in increases, aligning with
Qwen’s self-loop direction, despite Llama produc-
ing the final output in English. However, when
comparing these deltas to pure Qwen self-loops
in French (+1.32), Korean (+1.92), and Chinese
(+1.65), we see that the changes have certainly
been dampened by Llama’s suppression. Compar-
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Run A

CH-Qwen +1.65
CH-Llama —0.66
CH-Gemma +0.23
FR-Qwen +1.32
FR-Llama —0.08
FR-Gemma +0.18
KO-Qwen +1.92
KO-Llama —0.99
KO-Gemma +0.33
AR-Qwen +0.10
AR-Llama —1.21
AR-Gemma —0.11
CH-2P +0.28
FR-2P +0.56
KO-2P +0.60
AR-2P —0.75
MM +1.32

Table 2: Net change (A) in degree adverb density (per
1000 words) between iteration O (baseline 2.68) and
iteration 12, per run (600 articles each). Run labels
combine the bridge language (CH/FR/KO/AR) with the
model (Qwen, Gemma, Llama for self-loops) or setting
(2P for bilingual two-player and MM for multilingual
multiplayer).

ing Qwen’s self-loops in Arabic (+0.10) with those
of Llama (-1.21), the change in Arabic is also
dampened in the bilingual two-player case.

Moreover, Arabic shows the only decrease
(—0.75), diverging from the other three languages.
Given that Arabic self-loops already exhibit the
weakest increases or outright decreases across mod-
els, this points to language-level effects that oper-
ate independently of, and can override, model-level
tendencies.

Multilingual multiplayer The degree adverb
density rises by +1.32, comparable to the Qwen
self-loops with Chinese, French, and Korean.
Across all topics, degree adverb density rises
through iteration 12, with the largest increase in
Sports and the smallest in Israel/Palestine, Russia,
and economics.

Overall, across different experiment settings, we
see that the total density of degree adverbs is model-
dependent (increasing for Qwen, decreasing for
Llama, and flat for Gemma, with dampening ef-
fects when more than one model is used). We also
observe how informal items like “really"”, “much",
and “almost" are stripped to make place for for-

Qwen + Gemma + Llama

—— abortion
china
climate
covid

—— economics
france

—— gender
immigration

—— israel_palestine
russia

—— sports
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v

!
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Total degree adverbs
(per 1,000 words)
»

0 1 2 3 4 5 6 7 8 9 10 11 12
Iteration

Figure 2: Line plot of degree adverb density per 1,000
words, grouped by the article topic.

(LT3

mal items such as “particularly”, “completely”, and
“nearly" in all self-loops. We argue that this under-
lying shift is register formalisation, where lexical
substitution tells a more complete story than total
density does, a pattern we also see with voice and
nominalisation in Section 4.4.

4.4 Voice

Appendix Table 4 summarises the changes in active
and passive voice from iteration 0 to 12 across our
experimental set-ups. The given deltas are calcu-
lated from the baseline counts (per 1,000 words)
at iteration O: active 83.4, agentless passive 11.2,
with-agent passive 1.9, and passive ratio (i.e., the
number of passives divided by the total number of
passives and actives) 0.137.

Bilingual self-loop We find that, from iteration
0 to 12, active voice density per 1,000 words de-
clines in 11 out of 12 self-loops, spanning —0.50
to —12.48, with CH-Llama being the sole excep-
tion at +0.85. The magnitude of this decline, how-
ever, is model-dependent; Qwen shows the steepest
drops (—4.11 to —12.48), with Gemma (-0.50 to
—4.37) and Llama (-5.43 to +0.85) showing smaller
and more variable changes; Llama is also the only
model with a positive case (CH-Llama, +0.85).
With-agent passive density similarly either drops
or stays flat in 11 out of the 12 self-loops, spanning
—0.96 to +0.12, with Korean and Arabic losing
a larger proportion of with-agent passives versus
agentless. This drop is most evident from iteration
0 to 1, after which the decline slows down.
Passive ratio, however, differs more by model
than by language. Qwen self-loops decrease the
passive ratio uniformly from —0.004 to —0.023,
whereas Llama uniformly increases it across all
four languages (+0.002 to +0.029). Gemma self-
loops are small and mixed (—0.016 to +0.004).
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Agentless passive density similarly separates by
model, with Qwen depicting a uniformly nega-
tive trend (—0.97 to —2.35), Llama showing mixed
changes (-0.12 to +2.50) with the strongest change
in Korean, and Gemma remaining mostly negative
(-1.36 to +0.23).

Language also modulates the magnitude of pas-
sive ratio shift: Korean and Arabic show the largest
effects within each model (active voice drops, and
ratio shifts under Llama), Chinese is the most con-
servative across the three models with the smallest
active voice declines, passive total changes, and
passive ratio shifts, and French lies in between.

The direction of the ratio shift, however, is de-
termined by the model regardless of the language.
Qwen pushing the passive ratio down and Llama
bringing it up is consistently evident across the
four languages. Theoretically, Korean-style agent
dropping tendencies ought to push up passive ra-
tios across all models (Kim, 2007), yet only Llama
reliably does so. Each model’s internal conventions
about English clause construction appear to super-
sede any structural affordance of the intermediate
language.

Bilingual two-player All four runs depict de-
creases in the proportion of active voice (—2.79 to
—10.26) as well as increases in the passive ratio
(+0.001 to +0.027). AR-2P shows both the largest
passive ratio increase (+0.027) as well as the largest
agentless passive increase across the two-player
runs (+1.80).

In the self-loops, Qwen tends to drive the passive
ratio down whereas Llama brings it up; however,
in the bilingual two-player setting, the passive ratio
increases across all four runs, following Llama’s
self-loop direction, despite Qwen handling the for-
ward pass every iteration. This implies that the
backward-pass model determines the voice direc-
tion, with the English-side linguistic conventions
reappearing. This finding has a pertinent impli-
cation for any multimodel pipeline where content
is translated back to English: the final English-
producing model dictates the dominating stylistic
priors, independent of the other participating mod-
els.

Multilingual multiplayer We observe that the
active voice density drops uniformly (=7.97 over-
all), with the topic-wise heatmap in Figure 3 show-
ing losses in each of the 12 topics, the largest of
which are observed for Russia (—12.80), economics
(—=11.44) and COVID (-9.12). Passive totals, on

Qwen + Gemma + Llama
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Figure 3: Heatmap of the deltas per 1,000 words (as
calculated from the baseline counts) of topic-wise active
and passive voice metrics.
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Figure 4: Line plot of the counts per 1,000 words of
active and passive voice metrics, grouped by the article
topic.

the other hand, move only slightly (—1.35 overall),
with the ratio barely budging (-0.002), meaning
that the multilingual multiplayer case is dominated
by attrition of the active voice; conversion from
active to passive is not the mechanism.

Topic-wise, we find that Israel/Palestine, and (to
a lesser extent) Russia, China and gender have the
highest baseline passive totals as shown in Figure 4,
agentless counts, and passive ratios, which is con-
sistent with the conventions of reporting on war and
politically-charged subjects (e.g., agent obscuring
terms, like "was killed" or "were displaced"). These
high-baseline topics depict a sharper drop from it-
eration 0 to 1, followed by a continued gradual de-
cline, and especially in the case of Israel/Palestine,
which shows the biggest decreases in passive total
and passive agentless as per Figure 3 (—4.32 and
—4.13 respectively).

High-baseline topics losing a larger proportion
of the passive voice is in line with existing liter-
ature that shows LLMs’ tendencies of regressing
towards a linguistic mean; as such, more politically-
or socially-charged domains, where the baseline
sits far from this mean, experience more flatten-
ing. This implies that iterated LLM translations
risk understating sensitive news coverage through
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homogenisation and neutralisation.

Nominalisation and verb attrition Nominali-
sation density rises in all 17 runs (+0.9 to +16.1
per 1,000 words; mean +6.95, about 21% above
the iteration O baseline of 33.0) while the to-
tal verb/auxiliary density drops in 15 of 17 runs
(—=16.16 to +3.26; the two exceptions are CH-Llama
and CH-Gemma), as detailed in Appendix Table
5. This corroborates our reading that iterated trans-
lation is shedding clauses: verbs are lost from the
per-1,000-words density and replaced by additional
nouns. Conversion from active to passive is not the
mechanism.

Looking into the highest-A run (KO-Qwen),
we find that much of the nominalisation rise re-
flects lexical formalisation: Anglo-Saxon vocabu-
lary is replaced with Latinate suffix-bearing forms
(jabs becomes injection treatments, chaos becomes
confusion). Several iteration 12 sentences in fact
restore a verb where iteration 0 used a nominal
phrase, indicating that strict verb-to-noun grammat-
ical conversion is not the main mechanism. The
signal is closer to register formalisation than to
clause-to-noun-phrase rewriting, with iterated con-
tent drifting towards a more formal, institutional
English.

Across all three modes of experimentation, we
find that agentless passives survive while with-
agent passive voices show attrition, most markedly
in Arabic and Korean. This indicates that iterated
translation removes "who-did-what" information
even when the passive voice itself is preserved. En-
glish passives are known to be used in situations
of ambiguity and accountability avoidance (Alma-
hameed et al., 2022), and this reconstruction pat-
tern replaces clearer sentence structures with pre-
cisely that. As such, unlike errors or factual drifts,
agentless passives do not immediately register as
harmful on surface level, yet they strip readers
of the responsibility-assigning information (e.g.,
"protesters were dispersed” vs "the police dispersed
protesters"). In the high-baseline topics that were
flattened most prominently (Israel/Palestine, Rus-
sia, China and gender), this attribution erosion is
especially problematic since the accountability lan-
guage carries the greatest stakes.

Overall, voice drift under iterated back-
translation is model-based, determined by the
backward-pass model, with the intermediate lan-
guage defining only its magnitude. The process
sheds clauses, preferentially retains agentless pas-

sives, and substitutes Anglo-Saxon verbs with Lati-
nate nominal forms; conversion from actives to
passives is not the dominant mechanism. This re-
places clearer constructions with clarity-reducing
alternatives, silently eroding attribution while ho-
mogenising language in topics where accountabil-
ity is of the essence.

5 Conclusions

We examined systematic linguistic shifts in LLM-
mediated chains of translation applied to BBC
News articles. Across 17 configurations of bridge
language, model, and chain topology, eviden-
tial and factive marker density rises while hedge
density declines, with the evidential rise driven
by attribution-word calques from bridge-language
news registers. Texts also undergo register formal-
isation: formal degree adverbs replace informal
ones, active-voice density drops, with-agent pas-
sives attrite faster than agentless ones, and nominal-
isation density rises. The magnitude of these shifts
varies by translation model, most pronounced in
nominalisation and boosters. These shifts erode the
markers of source, register, and agency, offering
a fine-grained account of the factual degradation
reported in previous studies.

6 Limitations and Future Work

Our findings are not without their limitations,
which we believe set the grounds for future work.

Model and source diversity Future work could
extend our analysis to closed frontier models (e.g.,
GPT-5.5, Claude Opus 4.7, Gemini 3.1 Pro) to test
observed patterns. Furthermore, our corpus comes
from a single news outlet (BBC News). While
this provides a consistent register and broad topic
coverage, editorial style, hedging conventions, and
attribution practices vary substantially across out-
lets. Extending this analysis across outlets would
help separate effects that are properties of iterated
translation on news text in general from those that
reflect BBC’s particular editorial conventions.

Quantifying voice and nominalisation Our
nominalisation metric counts noun tokens whose
lemma carries a deverbal suffix (one of —tion, —
sion, —ment, —ance, —ence, —al, or gerund —ing).
This conflates two distinct observations: lexical
formalisation (jabs becoming injection treatments)
and grammatical clause-to-noun-phrase rewriting
(X announced that Y becomes the announcement of
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Y). It also misses zero-derivation nominalisations
like a build or the kill, which admittedly are rarer
than the others. As we note in Section 4.4, the
KO-Qwen rise reflects predominantly the former
mechanism, with the latter playing a smaller role,
but our current metrics cannot distinguish the two
systematically. Future work could combine depen-
dency parsing with sentence-level alignment to see
where a verb in the source has been rewritten as a
noun in the back-translation.

Other evaluations Due to our budget limit, we
used Llama 3.3 70B, one of the considered transla-
tion models, as the judge for FActScore, which may
introduce a confounder. We also do not have any
human validation for more certainty in our findings
(e.g., that texts become more confident). Our work
can also benefit from more statistical significance
testing.

Other settings Iteratively LLM-processed texts
also arise outside of translation, e.g., in agentic
pipelines and heterogeneous summarisation chains.
Whether the register shifts we report extend to those
settings remains an open question for future work.
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A Epistemic Markers

The lists below are used by the epistemic-marker
evaluator (Section 3.3). Items are stored as
lemma forms; for regular verbs the regex appends
(?:s|ed|ing)? at match time, while irregular
forms are listed explicitly. Category overlap is
intentional (e.g., suggest is both a hedge and a non-
factive verb), following the literature.

Hedges (Hyland, 1998; Farkas et al., 2010).
Modals (5): may, might, could, would, should. Ad-
verbs (41): apparently, arguably, approximately,
around, broadly, conceivably, fairly, generally,
largely, likely, mainly, maybe, mostly, nearly, oc-
casionally, often, ostensibly, partially, partly, per-
haps, plausibly, possibly, predominantly, presum-
ably, probably, quite, rarely, rather, relatively, re-
portedly, reputedly, seemingly, seldom, sometimes,
somewhat, supposedly, technically, typically, un-
likely, usually, virtually. Adjectives (18): conceiv-
able, debatable, doubtful, hypothetical, improbable,
inconclusive, likely, plausible, possible, probable,
questionable, speculative, uncertain, unclear, un-
likely, unproven, unsettled, unsure. Verbs (24):
appear, assume, believe, consider, doubt, estimate,
expect, feel, hypothesize, imply, indicate, infer, pos-
tulate, predict, presume, propose, seem, speculate,
suggest, suppose, surmise, suspect, tend, think.
Phrases (11): more or less, in general, on the
whole, to some extent, to a certain extent, up to a
point, it would seem, it would appear, there is a
possibility, raises the question, open to question.
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Boosters (Hyland, 1998). Adverbs (32): abso-
lutely, actually, admittedly, always, assuredly, ba-
sically, certainly, clearly, conclusively, decidedly,
definitely, doubtless, essentially, evidently, explic-
itly, frequently, indeed, inevitably, manifestly, nec-
essarily, never, obviously, patently, plainly, surely,
truly, unambiguously, undeniably, undoubtedly, un-
equivocally, unmistakably, unquestionably. Verbs
(8): confirm, demonstrate, determine, discern, es-
tablish, know, prove, show. Phrases (15): of
course, no doubt, beyond doubt, without doubt,
without question, in fact, as a matter of fact, it is
clear, it is evident, it is obvious, it is known, it is a
fact, the fact is, well known, well established.

Factive verbs (Kiparsky and Kiparsky, 1970;
Karttunen, 1971). Truly factive (4): regret, resent,
grasp, be aware. Semi-factive (6): discover, notice,
realize, recognize, see, understand. Extended (10),
adopted from corpus-NLP usage: acknowledge,
admit, confirm, establish, prove, demonstrate, find,
reveal, show, verify. Irregular forms (19): knew,
found, showed, shown, proved, proven, saw, under-
stood, realized, recognised, recognized, discovered,
confirmed, established, revealed, acknowledged,
admitted, verified, demonstrated.

Non-factive verbs (Kiparsky and Kiparsky,
1970; Karttunen, 1971). Reporting / attribu-
tion verbs (37): think, believe, suppose, imag-
ine, hope, expect, claim, report, assert, assume,
say, argue, maintain, contend, allege, deny, in-
sist, declare, state, note, add, warn, suggest, in-
dicate, imply, hint, speculate, suspect, announce,
stress, emphasise, emphasize, urge, vow, promise,
concede, acknowledge. Irregular forms (33):
said, thought, believed, argued, maintained, con-
tended, alleged, denied, insisted, declared, stated,
noted, added, warned, suggested, indicated, im-
plied, hinted, speculated, suspected, announced,
stressed, urged, vowed, promised, conceded, ac-
knowledged, reported, claimed, asserted, assumed,
hoped, expected.

Evidential markers. Adverbs (9): allegedly, ap-
parently, evidently, ostensibly, purportedly, report-
edly, reputedly, seemingly, supposedly. Phrases
(25): according to, as reported by, as stated by, as
confirmed by, it is claimed, it has been claimed, it
is alleged, it has been alleged, it is reported, it has
been reported, it is understood, it has been said, it
is believed, sources say, sources said, sources told,
experts say, experts suggest, officials say, rumour

has it, some believe, some say, some argue, widely
believed, widely reported.

Non-evidential markers. Operationalised as
impersonal-source and direct-observation construc-
tions, complementary to the evidential class.
Phrases (39): the fact that, it is known, it is es-
tablished, it is well established, it is documented,
data show, data shows, research show, research
shows, evidence show, evidence shows, studies
show, studies showed, statistics show, statistics
shows, figures show, figures showed, analysis show,
analysis shows, findings show, findings showed,
records show, records showed, documents show,
documents showed, footage show, footage shows,
was seen, were seen, was spotted, were spotted,
was filmed, was recorded, was witnessed, were wit-
nessed, was observed, were observed, witnesses
saw, bystanders saw.

B Iteration-0 vs. iteration-12 example

In this appendix, we present an article (KO-Qwen
self-loop, UK topic, BBC source title “King
Charles not planning visits yet to riot-hit areas”)
which shows a 14—3 drop in epistemic-hedge
count between iter-0 and iter-12 with 96% word
preservation (691 — 666). Below we excerpt the
iter-0 sentences containing hedges and pair each
with its iter-12 counterpart. Italicised tokens are
hedges in the lexicon of Appendix A.

1. Iter-0: “King Charles is not currently expected

to make visits or official statements about the
wave of rioting. ..”
Iter-12: “It is extremely difficult for the king
to identify areas where protests or unrest may
occur, or to issue immediate official state-
ments.”

2. Iter-0: “...a response to the protests being
left to the government, rather than a monarch
who is expected to stay out of politics.”
Iter-12:  “...government should lead re-
sponses, while the monarchy must maintain
political neutrality.”

3. Iter-0: “In such previous cases, royal visits to
trouble spots have tended to follow after the
wave of unrest and violence has settled.”
Iter-12: “In past similar situations, it was cus-
tomary for royal family members to visit af-
fected areas only after violence and chaos had
significantly diminished.”
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4. Iter-0: “We need to hear his considered
thoughts then about societal harmony.”
Iter-12: .. . efforts to reevaluate social bonds
must wait until conditions allow.”

5. Iter-0: “...1 think that if I were advising him
I would suggest making that statement sooner
rather than later.”

Iter-12: “This is precisely the right moment
to discuss values such as cultural pluralism,
pluralism, and republicanism...”

6. Iter-0: “In general, the monarchy does not
comment on current political events,” he said,
suggesting any visits should come later.
Iter-12: .. .royal staff typically refrain from
commenting on current political issues, and . ..
royal visits should only occur after genuine
de-escalation has taken place...”

7. Iter-0: “...where he is expected to spend
much of the summer.”
Iter-12: “...plans to spend much of the sum-

mer in Scotland.”

8. Iter-0: “...and it is likely that once the dis-
order has calmed down, there will be visits
and attempts to offer reassurance to troubled
areas.”

Iter-12: *...it is by no means inappropriate
for him to seek out regions experiencing re-
cent instability to offer comfort and support.”

C Degree Adverbs

The degree adverb evaluator uses spaCy
(en_core_web_sm) (Honnibal et al., 2020) to
identify adverbial modifier (advmod) dependencies
whose lemma falls within a 14-word empirical
lexicon, derived from the top-50 adverbial modifier
lemmas observed in the BBC corpus and model
outputs combined, excluding the comparative
more/most and directional far. The full list includes
almost, clearly, completely, deeply, extremely, fully,
much, nearly, particularly, rather, really, simply,
truly, very.

D Bridge-language attribution lexicons

Table 3 gives the lexicons used in the evidential
calque test (Section 4.2). For each language we
include the high-frequency news-prose forms that
explicitly mark a clause as sourced from a third
party (X said, according to Y, X reported / indi-
cated / pointed out); function words with broader

uses (e.g., Chinese M, French de, Korean A]) were
not included. The lists were fixed before comput-
ing the rates in Table 1. As a coverage check, Ta-
ble 1 reports that English evidentials in the back-
translation co-occur with a listed bridge form 86—
100% of the time across runs (mean 97%). These
words also appear in 73-95% of iteration-12 bridge
texts (mean 86%) across the 17 runs. For each iter-
ation 12 article, an entry is considered present if it
appears as a substring of the bridge text. Chinese
is romanised in Hanyu Pinyin, Korean in McCune—
Reischauer, Arabic in ALA-LC.

The English back-translation side of the calque
test matches the patterns according to, based on,
reportedly, source(s) said, it was/is reported, as
reported, cited, quoted, in a/the report.

E Voice Statistics

Tables 4 and 5 detail the deltas for voice-related
counts referenced in the main text.
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Bridge Items

Chinese ¥ jii (according to), TR#E génjir (based on), /R bidoshi (indicated), ¥R chéng (said), #Ri& baodao
(reported), Y8 H zhichi (pointed out).

French selon (according to), d’apres (according to), indique (indicates), déclar- (declared / declaration), rapport
(report), souligne (emphasises).

Korean  o|tZ W e ttareumyéon (according to), 2] 34 siihamyéon (according to), ¥+ 3 palkyé- (revealed), A 3
chonhae- (conveyed), B3] marhae- (said), 2. = podo (reported).

Arabic wafqan, wafqa, bihasab, hasab, tibga (all: according to); gala (said), afada (reported), dhakara (mentioned).

Table 3: Bridge-language attribution lexicons. Chinese, French, and Korean lists contain six items each; the Arabic
list contains eight, since Modern Standard Arabic spreads attribution across more high-frequency forms.

Run Active Agentless With-agent Passive Total Ratio
CH-Qwen —4.11 —2.29 —0.74 -3.03 —0.023
CH-Llama +0.85 —0.05 +0.12 +0.07  40.002
CH-Gemma —0.50 —1.08 —0.44 —1.53 —0.013
FR-Qwen —5.43 —2.35 —0.41 —2.76  —0.018
FR-Llama —3.53 +0.59 +0.00 +0.59 +40.012
FR-Gemma —2.67 —0.89 —0.11 —1.00 —0.005
KO-Qwen —9.91 —0.97 —0.96 —1.94 —0.005
KO-Llama —5.43 +2.50 —0.39 +2.11  +0.029
KO-Gemma —4.37 +0.23 —0.57 —0.34 40.004
AR-Qwen —12.48 —1.31 —0.94 —2.26  —0.004
AR-Llama —5.08 —-0.12 —0.23 —0.35 +0.004
AR-Gemma —-1.35 —1.36 —0.63 —-1.99 —0.016
CH-2P —2.79 +0.40 —0.10 +0.30  4-0.006
FR-2P —6.19 —0.92 +0.00 -0.92 +40.001
KO-2P —6.49 +1.65 —0.57 +1.09 40.018
AR-2P —10.26 +1.80 —0.45 +1.35 +0.027
MM —7.97 -1.10 —-0.25 —1.35 —0.002

Table 4: Net change (A) in active, agentless-passive, with-agent-passive, and passive-total density (per 1,000
words; iteration-0 baselines 83.4, 11.2, 1.9, and 13.1 respectively) and in the passive ratio (iteration-0 baseline
0.137), between iteration 0 and iteration 12, per run (600 articles each). Run labels combine the bridge language
(CH/FR/KO/AR) with the model (Qwen, Gemma, Llama for self-loops) or setting (2P for bilingual two-player and
MM for multilingual multiplayer).
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Run Nominalisation = Aux/Verb
CH-Qwen +9.78 —6.26
CH-Llama +2.40 +3.26
CH-Gemma +5.77 +0.26
FR-Qwen +8.70 —7.54
FR-Llama +0.90 —6.93
FR-Gemma +3.86 —5.71
KO-Qwen +16.09 —9.95
KO-Llama +4.95 —7.66
KO-Gemma +7.51 —5.11
AR-Qwen +14.79 —14.59
AR-Llama +6.49 —16.16
AR-Gemma +3.25 —17.46
CH-2P +3.32 —2.34
FR-2P +4.35 —11.36
KO-2P +7.34 —5.86
AR-2P +9.69 —15.44
MM +8.94 —13.78

Table 5: Net change (A) in nominalisation and total
verb/auxiliary density (per 1,000 words) between itera-
tion O (baseline 33.0 and 195.1 respectively) and itera-
tion 12, per run (600 articles each). Run labels combine
the bridge language (CH/FR/KO/AR) with the model
(Qwen, Gemma, Llama for self-loops) or setting (2P
for bilingual two-player and MM for multilingual multi-

player).
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