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Abstract

As LLM translation becomes a common way
for English-language readers to read non-
Western literature, a class of harm emerges
for which NLP currently lacks vocabulary:
the source author can be stigmatised through
accumulated translation choices that are not
detected by standard MT metrics. Human-
ities scholarship documents this process for
Chinese danmei author Mo Xiang Tong Xiu
(MXTX), whose novels and fan-translated pub-
lic statements circulate widely in Anglophone
fandom. Under China’s censorship of queer
content, MXTX writes pseudonymously and
hedges her public statements (Hu et al., 2024).
Anglophone anti-fans read this caution as sus-
picious evasion rather than a survival strategy
(Ng, 2024; Springman, 2024). We ask whether
LLM-based translations reproduce the transla-
tion choices underlying this stigmatisation, op-
erationalising three measurable hazards: voice
collapse, connotation flattening, and hedging
erasure. We introduce DANMEI-EPV, a 412-
item benchmark double-annotated by profes-
sional literary translators, and evaluate eight
LLMs in four prompting conditions against a
2,000-sentence GuoFeng-Webnovel reference.
Every model exhibits all hazards at non-trivial
rates, 5 to 6x higher than the GuoFeng refer-
ence. Further, newer high-capacity models op-
timised for fluent English flatten connotation
more than smaller older models, suggesting
that optimising for English fluency can trade
off against source rhetoricity (Spivak, 1993).
Finally, a lightweight inference-time interven-
tion, “rhetorical-silence prompting”, reduces
voice collapse by 27.4% and connotation flat-
tening by 19.6% without retraining.

1 Introduction

As English-language readers increasingly rely on
large language model (LLM) translations to ac-
cess non-Western literature, a type of harm be-
comes easier to reproduce that existing natural lan-
guage processing (NLP) evaluation frameworks
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were not designed to detect. Research on stan-
dard Machine Translation (MT) bias usually mea-
sures harms experienced by the reader of the trans-
lated text (Savoldi et al., 2021; Stanovsky et al.,
2019); the literary-MT case we study here, how-
ever, works differently. Anglophone readers re-
ceive fluent, register-appropriate English and are
not directly harmed, while the translation may still
score well on standard automatic MT evaluation
metrics. Yet repeated patterns in literary transla-
tion have been shown to lead Anglophone audi-
ences to view a non-Western source author, who
writes under regulatory constraints in the source
culture, as a target of moral criticism, for example,
as homophobic, misogynistic, or transphobic (Ng,
2024; Springman, 2024), without recognizing the
constraints that shape what the author can write.
This process can be seen in a single lexical
choice. In the licensed English translation of a
novel by Chinese danmei' author Mo Xiang Tong
Xiu (MXTX), the Chinese term “A%k” (renyao,
a folkloric-register compound meaning ‘“‘person-
spirit creature”) was translated as “tranny” (Spring-
man, 2024, p. 297), introducing a contemporary
Anglophone slur into a passage whose Chinese
register carries none of that weight (Ng, 2024).
The rendering then circulated in Anglophone fan-
dom as evidence that MXTX was transphobic (Ng,
2024; Springman, 2024). The harm to MXTX lies
in the shifts of register and connotation. The same
shifts can appear in LLM translation, where they
accumulate across the repeated choices a model
makes and are not captured by standard MT eval-
uation. A target-language reader unaware of the
source text or cultural context could end up judg-
ing the author for the choices the model made, pro-
ducing the same harm, as happened to MXTX.

'Danmei (literally “addicted to beauty”) is the preferred
Chinese term for the Boys’ Love (BL) genre, which portrays
male—male romantic and/or erotic relationships (Hu et al.,
2024).
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MXTX is a public author who publishes on Jin-
jiang Literature City, a web novel reading platform
in China, and who posts and gives interviews on
Weibo. Under China’s regulation and censorship
of queer content, what she can write, say and pub-
lish is heavily constrained. This is reflected in her
use of a pseudonym since her debut, her hedged
responses to questions about her or her charac-
ters’ sexuality in interviews, and the repeated re-
vision of her novels to meet censorship require-
ments before they could be republished (Hu et al.,
2024). Her hedging, therefore, is a survival adap-
tation to this environment. Moreover, when An-
glophone anti-fans accuse MXTX of homophobia
and transphobia, the evidence they rely on rarely
comes from the Chinese source text. Instead, it
is the combined effect of official and fan trans-
lations, fan paraphrases, and machine-translated
quote-fragments (Ng, 2024; Springman, 2024), as
most Anglophone readers cannot read the Chinese
source texts and are unfamiliar with the cultural
and regulatory context in which those texts were
produced. Therefore, their accusations against the
author rest almost entirely on the translations in cir-
culation.

Translation studies and feminist epistemology
provide the vocabulary for naming this pattern.
Spivak (1993, p. 182) characterizes translation as
a site where the “law of the strongest” flattens non-
Western texts into “with-it translatese”, a fluent En-
glish that makes very different source texts sound
alike. Her account of rhetoricity draws attention
to aspects of a text that go beyond its logical con-
tent, including its register, ambiguity, and silences.
Dotson (2011) distinguishes testimonial smother-
ing, or coerced self-silencing under unsafe disclo-
sure, from festimonial quieting, in which an audi-
ence refuses to recognize the speaker as a knower.
Sedgwick (2003) describes the paranoid reading-
mode through which authorial silence is reframed
as “bad surprise”, or as concealment waiting to be
exposed. This is the mode through which Anglo-
phone anti-fans read MXTX’s hedging. Section 2
sets out how these three concepts combine into the
two-layer account, smothering on the source side
and quieting on the reception side, that our three
hazards operationalize in translation.

The empirical question is therefore whether
LLM-based Chinese-to-English literary transla-
tion reproduces the patterns of source-author
stigmatization found in human translation. If so,
evaluating MT with BLEU (Papineni et al., 2002),

COMET (Rei et al., 2020), or LLM-judged ade-
quacy (Kocmi and Federmann, 2023) risks rating
these translations as “good” just as LLM transla-
tion joins the translation infrastructure (O’Connor
and Tanasescu, 2026) including the fan, commer-
cial, and machine-translation channels through
which Chinese literature reaches Anglophone read-
ers and the translations that harm MXTX circulate.

Contributions. Our central methodological con-
tribution is to extend the established NLP template
for operationalising documented harms (Blodgett
et al., 2020; Savoldi et al., 2021; Stanovsky et al.,
2019) to a new harm class for which NLP currently
lacks vocabulary: cumulative source-author stig-
matisation in literary MT. Concretely: (i) We intro-
duce DanMEI-EPV, a 412-item diagnostic bench-
mark of Chinese-to-English translation hazards
drawn from MXTX’s three novels and archived in-
terviews, double-annotated by professional literary
translators. (ii) We operationalise Dotson (2011)’s
testimonial-silencing categories as three measur-
able translation failure cases: voice collapse, con-
notation flattening, and hedging erasure (Table 1).
These capture how source-author stigmatisation is
produced even where no individual choice consti-
tutes an explicit mistranslation. (iii) We evalu-
ate eight LLMs (GPT-40, GPT-4.1, Claude Sonnet
4.5, Claude Haiku 4.5, Gemini 2.5 Pro, Qwen2.5-
72B, DeepSeek-V3, Llama-3.3-70B) under four
prompting conditions using both LLM and human
scoring, and cross-check hazard rates against a
2,000-sentence stratified sample of the GuoFeng-
Webnovel corpus (Wang et al., 2024) as a popula-
tion reference. (iv) We propose rhetorical-silence
prompting, an inference-time intervention moti-
vated by Spivak (1993)’s account of rhetoricity.
Without retraining, it reduces voice collapse by
an average of 27.4% and connotation flattening by
19.6% on DanMEI-EPV, while hedging erasure re-
mains comparatively resistant to the intervention.
The results also challenge a common scaling
assumption. Voice collapse and connotation flat-
tening do not decrease as models are newer or
more capable. Several newer high-capacity mod-
els perform worse than older mid-size models on
connotation flattening, consistent with the hypoth-
esis that aggressive English-fluency optimisation
accelerates the loss of what Spivak (1993) calls
the rhetorical interferences of the source. For liter-
ary MT involving structurally silenced source au-
thors, fluency in English is only one part of evalua-
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tion, and evaluation must also consider whether the
source author remains audible as a knower behind
the translation.

2 Related Work

Infrastructural perspective. We ground our
study in an infrastructural perspective on transla-
tion (O’Connor and Tanasescu, 2026), which dis-
tinguishes infrastructures of translation, the macro-
systems institutionalizing translation such as pub-
lishers and multilingual publishing networks, from
infrastructures for translation, the technical en-
ablers that make translation possible, including
MT and LLMs. Related work examines how
the growing role of automated systems changes
the way translation is produced and understood
(Rozmystowicz, 2024), and calls for broader evalu-
ation of translation technology beyond text quality
(Moorkens et al., 2024).

Both infrastructures share one feature: they are
invisible in the background, and the people who
depend on them rarely see what system they are
relying on or what choices it has made. Anglo-
phone readers reach MXTX’s novels and public
statements through licensed editions and fan trans-
lations without seeing those channels themselves,
and so read the choices made there as the author’s
own. LLM translation now joins the same circula-
tion as an infrastructure for translation, and it is par-
ticularly suited to material that has no licensed En-
glish version, including the interviews and posts on
which readers base their judgements of the author.
This paper therefore addresses a layer that standard
MT metrics do not reach: whether the choices an
LLM makes in register, connotation, and hedging,
as they accumulate, change how a target-language
reader understands the source author. Evaluating
these choices directly is what makes that layer ob-
servable.

Methodological precedent. Our approach fol-
lows an established NLP template: a harm docu-
mented in non-NLP scholarship is formalised as
a typed taxonomy of failure cases and evaluated
using a benchmark that deliberately oversamples
those cases. Blodgett et al. (2020) call to ground
bias claims in specific documented harms with
stakeholders identifiable outside the NLP commu-
nity, and Savoldi et al. (2021) and Stanovsky et al.
(2019) operationalize translation-studies work on
gender bias as the WinoMT/MuST-SHE frame-
works. We follow the same template for a differ-

ent harm class, source-author stigmatization under
conditions of testimonial smothering, for which no
NLP operationalisation currently exists.

Document-level and literary MT. Research be-
yond the sentence level has shown that standard au-
tomatic MT metrics can miss discourse-level and
literary translation problems. Bawden et al. (2018)
use contrastive test sets to evaluate cross-sentence
coreference and coherence in NMT, phenomena
that BLEU does not register. Thai et al. (2022)
align 121k paragraphs from 118 non-English nov-
els with several different human translations of
each, showing that a literary passage can be trans-
lated well in more than one way, so metrics that
compare a system output against a single reference
translation do not measure literary quality reliably.
Karpinska and Iyyer (2023) evaluate paragraph-
level literary translation by LL.Ms on recently pub-
lished novels and find that document context is
used yet critical errors persist. Our hazards extend
this line of evaluation from discourse structure and
paragraph-level fidelity to voice, register, connota-
tion, and hedging. Evaluating them requires a com-
parison in Chinese-to-English web fiction. The
WMT 2023 and 24 shared tasks on discourse-level
literary translation (Wang et al., 2023, 2024) estab-
lished GuoFeng-Webnovel as a reference corpus
for this domain, and we use a 2,000-sentence sam-
ple of it as a population reference (Section 4) to
calibrate DANMEI-EPV’s hazard rates against base-
line web-fiction Chinese.

Source-author stigmatisation in Anglophone
danmei fandom. On the source-side, a substan-
tial literature documents the regulatory environ-
ment in China that constrains the production and
circulation of danmei (Yang and Xu, 2016; Chang
and Tian, 2021; Hu et al., 2023; Xi, 2025; Qiu,
2025). This results in MXTX’s novels being
locked on the platform between 2019 and 2024 (Hu
et al., 2024). Because a novel can remain publish-
able only while the central relationships stay am-
biguous, an explicit confirmation about a charac-
ter’s homosexuality removes that ambiguity and ex-
poses the work itself. Therefore, authors who want
to keep publishing need to be cautious about public
statements of characters’ homosexuality, and this
caution is visible in the hedged public statements
that our third hazard measures.

On the translation-side, subtle shifts in tone
and meaning occur across both official and fan
translations (Ng, 2024): official book editions al-
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ter cultural nuances, while subtitles of The Un-
tamed on YouTube introduce sexist undertones that
were never in the original Chinese text. When
these translations circulate in fan space, they are
weaponized and treated as proof to accuse the au-
thor of homophobia, transphobia, and misogyny.
We exclude the subtitles from the benchmark be-
cause subtitle translation operates under audiovi-
sual constraints outside the scope of our text-to-
text LLM evaluation; the misogyny accusation
therefore is not examined here.

On the reception-side, Anglophone anti-fans
judge MXTX’s work within a purity-culture frame-
work derived from American evangelical chastity
discourse (Allison, 2021), assuming that fictional
content represents authorial endorsement and read-
ing authorial anonymity as suspicious concealment
of identity (Springman, 2024).

Together, these studies provide the evidentiary
base on which the DaANMEI-EPV hazard taxonomy
is built.

Politics of translation, testimonial silencing,
paranoid reading. The theoretical framework
introduced in Section 1 draws on three strands
of scholarship that have not previously been com-
bined for NLP evaluation. Spivak (1993, p. 182)’s
“with-it translatese” captures the loss we measure
at the lexical level: connotation flattening occurs
when a culturally specific source expression is
translated in fluent English but carries stigma the
source does not. Dotson (2011)’s two categories
help locate the harm on each side of the trans-
lation process: testimonial smothering describes
China’s regulatory conditions under which MXTX
writes, while festimonial quieting describes the
failure of Anglophone anti-fans to recognize those
conditions. Sedgwick (2003)’s account of para-
noid reading, developed more broadly by Felski
(2015), helps explain how this failure of recogni-
tion becomes a mode of interpretation, in which
an author’s silence or caution is read as conceal-
ment rather than as self-protection. Our contri-
bution is to make these mechanisms measurable
through LLM evaluation, and the application is, to
our knowledge, new.

Alternative frameworks. Our taxonomy is de-
liberately coupled to Dotson’s categories, and alter-
native frameworks would carve the same phenom-
ena differently. A narratological framing would
treat voice collapse as a shift among character
voice, narrator voice, and free indirect discourse.

This would support a narrower voice-attribution
metric but would not explain why a change in voice
harms the source author. A pragmatics-based ac-
count of modality and hedging would broaden
hedging erasure to any loss of epistemic, polite-
ness, or scope marking. This would capture more
cases, but also lose specificity to the regulation-
constrained and weaponizable shifts documented
in our case.

Venuti (2004)’s framework of domestication
and foreignization would classify voice collapse
and connotation flattening as fluency-driven trans-
lation strategies. It explains how such shifts arise
in translation, although it does not identify the af-
fected stakeholder.

Fricker (2007)’s account of testimonial injus-
tice foregrounds reception-side credibility deficits,
harms located in the hearer’s judgment of the
speaker, and would therefore motivate reader-
perception measures, whereas Dotson’s distinc-
tion between smothering and quieting additionally
captures the source-side condition of constrained
speech and the translation-layer traces it leaves.

These alternative perspectives converge on
some of the same surface phenomena while draw-
ing the boundaries of evaluation differently: they
change which cases are included, what counts as
the unit of analysis, and where the evaluation ends.
Following Blodgett et al. (2020), we ground the
taxonomy in a specific documented harm with an
identifiable stakeholder, so that losses of voice,
connotation, and hedging are evaluated in relation
to that harm rather than treated as equivalent in ev-
ery context.

Cultural and literary MT evaluation. Recent
work evaluates models’ cultural competence, with
benchmarks for cultural commonsense (Liu et al.,
2024), idiom translation (Liu et al., 2023), and hon-
orific or formality control (Nadejde et al., 2022),
and a framework for cross-cultural NLP (Hersh-
covich et al., 2022). DanmeI-EPV differs in two
ways. First, our taxonomy is grounded in published
humanities scholarship on a specific documented
harm to a specific author, not in a general notion of
cultural competence. Second, since a literary pas-
sage rarely has a single correct translation, we do
not score outputs against a reference. Instead, we
flag typed hazards that are individually detectable,
while the documented harm they produce arises in
the aggregate.
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3 The DANMEI-EPYV Benchmark

3.1 Source materials and licensing

We construct the benchmark from three sources.
(a) Excerpts (< 200 Chinese characters each) from
MXTX’s three completed novels (MDzs, svsss,
1GcF).> They are from Traditional Chinese edi-
tions published in Taiwan; Chinese examples in
the paper are presented in Simplified Chinese for
consistency, with only the script converted and
the wording otherwise preserved. All three have
authorised commercial English translations from
Seven Seas Entertainment. We include the En-
glish translation alongside the Chinese as one ref-
erence rather than a gold target. (b) MXTX’s pub-
lic statements from recorded interviews and Weibo
posts, paired with the fan translations that have cir-
culated in Anglophone fandom. The original in-
terviews are unavailable from the source and sur-
vive as fan transcriptions. (c¢) A control set from
non-danmei Chinese literary fiction (Yan Lianke,
Zhang Yueran) (Yan, 2016; Zhang, 2016) on which
our hazards are expected to be absent or weak.
These texts are equally hard to translate but carry
no stigmatisation pattern. Licensing, intended use,
and consent are discussed in Section 7.

Items are passages, not isolated sentences: fic-
tional items carry up to 200 characters of local dis-
course context, and the 64 hedging-erasure items
are complete utterance-level excerpts. The quoted
passage is the unit reproduced and cited as evi-
dence in the fandom record, so it is also the unit
at which we measure whether the translation layer
preserves the relevant cues.

Heterogeneity of translation infrastructures.
The 376 MXTX items in DANMEI-EPV come from
two types of Chinese source material: excerpts
from MXTX’s three novels, and author interviews
and posts. They are associated with three pre-LLM
translation channels in Anglophone circulation: li-
censed commercial translation, fan translation of
source novels (e.g., Exiled Rebels Scanlations of
MDZS, Exiled Rebels Scanlations), and fan trans-
lation of author interviews and posts. These chan-
nels differ in production conditions, editorial pro-
cesses, and translation practices, which translation
studies has shown to be shaped by the institutional

>Throughout, Mpzs = Mo Dao Zu Shi (Grandmaster of De-
monic Cultivation); svsss = Renzha Fanpai Zijiu Xitong (The
Scum Villain’s Self-Saving System); TccF = Tian Guan Ci Fu
(Heaven Official’s Blessing). Chinese editions and the autho-
rised Seven Seas English translations are listed in the Refer-
ences.

and cultural conditions in which translation is pro-
duced, edited, and circulated (Venuti, 2004). We
therefore do not treat them as equivalent. We ag-
gregate them in a single benchmark because the
documented author stigmatisation draws on evi-
dence from all three channels (Ng, 2024; Spring-
man, 2024). Items retain source labels in the full
benchmark release, and per-infrastructure hazard
breakdowns are in Appendix F. We exclude the
subtitles of The Untamed, which Ng (2024) also
documents, because subtitle translation operates
under audiovisual constraints (time codes, screen-
character limits, speech-text synchronisation) that
our text-to-text LLM evaluation is not configured
to model.

3.2 Hazard typology

We use the term hazard for a translation behaviour
that contributes to the documented harm pattern
when repeated across a corpus (Section 2) with-
out necessarily being wrong at the level of any sin-
gle token. A hazard is a translation choice that,
while often locally defensible as English, drifts
in the direction of source-author stigmatisation
when accumulated across a corpus. Each item in
DanmEI-EPV is annotated for one or more of three
hazards (Table 1). The taxonomy operationalises
Dotson (2011)’s testimonial-silencing categories
into translation phenomena that an LLM produces
token-by-token.

3.3 Annotation procedure

We recruited four annotators: a translation-
studies PhD candidate (lead) and three profes-
sional Chinese—English literary translators (mean
9.3 years of experience). Each item was double-
annotated for hazard presence (binary per hazard
type) and severity (1-5 Likert), adjudicated by
the lead in cases of disagreement. Inter-annotator
agreement before adjudication was Cohen’s Kk =
0.71 (voice collapse), 0.78 (connotation flatten-
ing), 0.64 (hedging erasure). The lower x on the
third category reflects the difficulty of the cate-
gory itself: reasonable annotators disagree about
when a hedged Chinese phrasing has been ren-
dered foo declarative in English. We report results
disaggregated by category. Annotators were paid
£42/hour (above UK literary-translation minimum)
and signed consent for benchmark release; the pro-
tocol received institutional ethics review board ap-
proval.

10719



Hazard Operationalisation

Worked example

Voice collapse

eting).

Connotation flatten-

with-it translatese).

Hedging erasure Interview/Q&A:

2011);

the source as constrained speech.

Character / narrator / in-world social-
attitude voice rendered in English so
as to read as authorial endorsement
(Sedgwick, 2003; Dotson, 2011, qui-

A culturally specific item is rendered
ing with an English token that carries un-
related stigma weight (Spivak, 1993,

censorship-
constrained hedging in the Chi-
nese source becomes confidently
declarative or categorical in English,
erasing the markers of the source
author’s self-truncation under cen-
sorship. The source already contains
the marks of smothering (Dotson,
the translation hazard is
the erasure of those marks, which
removes the cues by which an An-
glophone audience could recognise

Source: “AEEEIT, ERMWIHIAIPT " (older
draft). ExR fan translation: “Not only a lunatic, a ho-
mosexual lunatic as well.” Village gossip about a side
character is rendered with the affective weight of an
authorial judgement on homosexuality (Ng, 2024).

“NU&K” (renyao; person-and-spirit, Chinese folkloric
register) rendered as “tranny” in the Seven Seas SVSSS
book translation (Ng, 2024): a culturally specific Chi-
nese term replaced by an unrelated contemporary An-
glophone slur, producing the documented transphobia
accusations against the author.

Source: “TIEILEVNA S — M RRBLAHFZ -
B (“T can’t convince myself that a world
where every man is in a BL (Boys’ Love) relationship
is a real world”, a genre-craft observation). Widely
circulated Tumblr fan translation: “I can’t convince
myself that a world of homosexual-only is a real
world”, which turns a genre qualifier into a categori-
cal claim about sexual orientation and was used in fan-
dom as homophobia evidence. The corrected transla-
tion, restored by supportive fans in the fandom record,
matches the source.

Table 1: The three hazards in DANMEI-EPV, operationalising Dotson (2011).

3.4 Benchmark composition

DanMEI-EPV contains 412 items: 168 voice-
collapse, 144 connotation-flattening, 64 hedging-
erasure (archived-public-statement pairs only), and
36 control items from non-MXTX literary Chi-
nese.  The item-level breakdown of a sub-
set of this benchmark, including source-passage
IDs, hazard labels, severity ratings, and an-
notator IDs (anonymised), is released in the
benchmark repository (https://github.com/
deblinaml/EMNLP-danmei-epv) together with
the 30-item seed subset, the datasheet, the full an-
notation guidelines, and the per-model test sum-
Items were selected by hazard-positive
sampling: we deliberately oversampled hazard-
bearing source passages to make differences be-
tween models statistically legible. Absolute rates
in Table 2 are accordingly interpreted relative
to the GuoFeng-Webnovel population reference
(Section 4), not as background rates in arbitrary
Chinese-to-English text. We release DaANMEI-EPV
under CC-BY-NC-SA 4.0 with anonymised anno-
tator IDs and an explicit no-training clause.

maries.

4 Experimental Setup

Models. We evaluate eight models spanning
open and closed weights and release dates: GPT-
40 (2024-08), GPT-4.1 (2025-04), Claude Son-
net 4.5 (2025-09), Claude Haiku 4.5 (2025-10),
Gemini 2.5 Pro (2025-06), Qwen2.5-72B-Instruct,
DeepSeek-V3, and Llama-3.3-70B-Instruct. Open-
weights models run on 8xA100 80GB; closed
models via public APIs (November 2025). Hyper-
parameters, decoding settings, and total compute
are in Appendix H.

Prompting conditions. (i) Zero-shot: minimal
“translate from Chinese to English.” (ii) Five-
shot: five paired exemplars from non-MXTX lit-
erary Chinese, balanced across hazard categories.
(iii) Chain-of-thought (CoT): model first identi-
fies culturally specific items, character vs. narra-
tor voice, and hedging, then produces the trans-
lation. (iv) Rhetorical-silence prompting (RSP)
(ours): CoT plus an instruction to surface, in a sep-
arate residue field, any source feature the model
cannot render without distortion, following Spivak
(1993)’s account of how “with-it translatese” can
flatten the rhetorical specificity of the source text.
The residue field is not scored and functions only
to keep the model’s attention on the untranslat-
able. Full prompt text for each of the four condi-
tions, including the five-shot exemplars, is in Ap-
pendix M; a worked hedging-erasure example is in
Appendix G.

Scoring. Each output is scored along three axes
per applicable hazard: hazard presence (binary,
plus 1-5 severity), source fidelity, and English flu-
ency. Each model translated each source under the
four prompting conditions in five independent in-
ference runs, which produced 65,920 run-level out-
put records. Exact duplicate strings within an item,
model, and condition group were scored once,
and the scores were propagated to the duplicate
records; this yielded 13,196 distinct translations.
Two fixed professional literary translators assessed
every distinct translation in two passes: hazard
presence and severity in the first pass, then source
fidelity and English fluency in the second, with
outputs re-randomised and earlier hazard decisions
hidden. The lead adjudicated every binary dis-
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agreement; disagreements arose on approximately
10% of outputs. Agreement between the two pri-
mary annotators determined the final binary label,
and the adjudicator decided the remainder. Sever-
ity is a separate diagnostic score and does not en-
ter the hazard proportions; adjudicated severity dis-
tributions are in Appendix L. Fidelity and fluency
are means of the two annotators’ second-pass rat-
ings. For each run, the hazard rate is the propor-
tion of applicable items with a positive final label;
Table 2 reports the mean over the five runs. An
LLM judge (Claude Sonnet 4.5 in a fresh context,
given the hazard taxonomy and worked examples,
blinded to model identity) scored the same outputs
independently; judge numbers and agreement with
human scores are in Appendix A. All numbers in
the body use human scores. A complete item-level
walkthrough, from one source passage to a Table 2
cell, is in Appendix J; two adjudicated hard cases
that mark the hedging-erasure annotation bound-
ary are in Appendix K.

GuoFeng-Webnovel population reference. To
calibrate DANMEI-EPV’s hazard-positive sample
against a representative web-fiction population, we
draw a 2,000-sentence stratified sample of the
GuoFeng-Webnovel V1 Chinese—English corpus
(Wang et al., 2024), balanced across its 14 genres.
We apply the same hazard annotation (single an-
notator, lead author, post-adjudication) to model
translations of this sample. This corpus is used
only as a population reference, not as part of the
benchmark itself; GuoFeng’s CC-BY-4.0 license
and Tencent/China-Literature registration are re-
spected.

Baselines. We include published Seven Seas En-
glish (where available), Google Translate (Novem-
ber 2025), and DeepL as commercial baselines.

5 Results
5.1 Hazard rates across models

Table 2 reports the proportion of items on which
each model produces a translation flagged as
hazard-bearing by majority of human annota-
tors (LLM-judge correlation: per-hazard Pearson
r=0.71 [95% CI 0.65—0.78], 0.79 [0.73—0.84],
0.59[0.45—0.71] for VC, CF, HE respectively; see
Appendix A). On voice collapse, zero-shot haz-
ard rates range from 0.29 (Claude Sonnet 4.5) to
0.53 (Llama-3.3-70B). On connotation flattening,
the spread is 0.26-0.46 and the model ordering is

Model (zero-shot) VC| CF| HE| Fluf
Google Translate 049 046 0.58 3.71

DeepL 0.44 038 053 4.09
Llama-3.3-70B 0.53 043 051 394
Qwen2.5-72B 038 031 045 422
DeepSeek-V3 036 027 044 4.27
Gemini 2.5 Pro 034 039 041 446
GPT-40 037 0.38 043 448
GPT-4.1 032 042 039 4.51

Claude Haiku 4.5 0.36 0.26 040 4.31
Claude Sonnet 4.5 0.29 0.28 0.35 4.49

95% CI half-width (bootstrap, 1000 resamples):

VC (n=168) +0.07
CF (n=144) +0.08
HE (n=64) +0.12

Table 2: Hazard rates (proportion of items flagged)
and fluency (1-5 mean of two annotators), zero-shot,
on DAaNMEI-EPV. VC = voice collapse (n=168); CF =
connotation flattening (n=144); HE = hedging erasure
(n=64). Lower hazard rates and higher fluency are bet-
ter. Bold = column best; underlined = second best on
CF, where the top-2 differ by less than 1 raw item out of
144 and are not separable at the 95% CI half-width. The
HE column has wider CIs because n=64 (the interview
subset is the universe of usable items, not a downsam-
ple); pairwise rank claims on HE require the bootstrap
test reported in Appendix A.

partly inconsistent with VC (Haiku 4.5 is best on
CF; Sonnet 4.5 is third; GPT-4.1 is in the bottom
three despite being the most recent model in our
set). On hedging erasure, every model exhibits the
hazard on at least 35% of the 64 interview items in
zero-shot, with confidence intervals wide enough
that several model pairs are not separable.

5.2 Hazard rates on DANMEI-EPYV vs.
GuoFeng-Webnovel

Hazard-positive sampling makes Table 2 read
worse than typical web-fiction. To calibrate, Ta-
ble 3 reports the same hazard annotation applied
to model translations of a 2,000-sentence stratified
sample of GuoFeng-Webnovel for the same mod-
els. The MXTX/GuoFeng ratio varies by model:
largest for Claude Sonnet 4.5 (a model with a
low background hazard rate and so the strongest
relative elevation on DaANMEI-EPV) and smallest
for Llama-3.3-70B (elevated hazard rates on both
corpora, suggesting weaker Chinese-source intu-
ition and no danmei-specific effect). HE has no
GuoFeng comparator; the public-statement regis-
ter is not represented in GuoFeng. The GuoFeng
sample is stratified across its 14 web-fiction gen-
res; the hazard detectors fire at low rates uni-
formly across all 14 (Appendix D), demonstrating
that the taxonomy is specific to the danmei stig-
matisation pattern and not a generic Chinese-to-
English literary-MT-difficulty detector. We read
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GuoFeng (GF) | DaANMEI-EPV
Model vC CF vC CF
Llama-3.3-70B 0.13 0.11 0.53 0.43
Qwen2.5-72B 0.08 0.05 0.38 0.31
DeepSeek-V3 0.07 0.04 036 027
Gemini 2.5 Pro 0.06 0.07 0.34 0.39
GPT-40 0.08 0.06 0.37 0.38
GPT-4.1 0.06 0.07 032 042
Claude Haiku 4.5 0.07 0.04 036  0.26
Claude Sonnet 4.5 0.05 0.04 0.29 0.28
Mean ratio (EPV/GF) ‘ 4.91x 6.04x

Table 3: Hazard rates on GuoFeng-Webnovel (GF;
2,000-sentence stratified sample, single-annotator pass)
vs. DANMEI-EPV (two-annotator). The mean elevation
is roughly 5x on voice collapse and 6x on connota-
tion flattening, consistent with hazards being specific
to the danmei source-author-stigmatisation pattern, not
generic to literary Chinese. Ratios vary by model; we
discuss the pattern in Section 5.3.

this as positive evidence for within-axis method-
ological generalisation across the GuoFeng web-
fiction genre space, and as evidence that the
elevated MXTX rates track the source-author-
stigmatisation pattern documented by Ng (2024)
and Springman (2024). More capable models
show a larger relative gap, discussed in Sec-
tion 5.3.

5.3 Model scale and connotation flattening

We observe a non-monotonic relation between
model recency/scale and connotation flattening.
GPT-4.1 flattens more than GPT-40 (0.42 vs. 0.38;
McNemar’s test on the 144 CF items: x?=4.93,
p=0.026); Gemini 2.5 Pro (0.39) also performs
worse than the smaller and older DeepSeek-V3
(0.27, McNemar X2:7.84, p=0.005) and Claude
Haiku 4.5 (0.26, x2=9.21, p=0.002). Not all
comparisons of this kind reach significance: the
difference between GPT-40 and Gemini 2.5 Pro
is in the predicted direction but not statistically
distinguishable at n=144 (p=0.81). Qualitative
inspection suggests a mechanism. On the “A
4k item, Qwen2.5-72B and DeepSeek-V3 (both
with substantial Chinese-language pretraining) of-
ten render renyao with a footnote or with the literal
compound preserved (“a person-spirit creature”);
GPT-4.1 reliably substitutes the LGBTQ slur the
Seven Seas edition uses, because it is statistically
the most fluent English in context. The model
is choosing the most fluent English available in
context, and the more fluent the English, the less
of the source’s specificity survives (Venuti, 2004;
Spivak, 1993). The same pattern appears in the
GuoFeng comparison (Table 3): Sonnet 4.5°s es-
pecially low GuoFeng hazard rate, combined with

its still-substantial DANMEI-EPV rate, produces the
largest relative elevation in our model set: a model
can be best on a generic literary-MT distribution
and still reliably reproduce the danmei-specific
hazard when the source invites it.

5.4 Effect of rhetorical-silence prompting

Across all eight LLMs, RSP reduces voice col-
lapse by a mean of 27.4% (relative) and connota-
tion flattening by 19.6% versus zero-shot; the ef-
fect on hedging erasure is smaller (mean 8.9%)
and not statistically distinguishable from chain-of-
thought for three of the eight models (bootstrap test,
p > 0.10; per-model breakdown in Appendix A).
Per-model VC improvements range from 14.6%
(Llama-3.3-70B) to 37.9% (Claude Sonnet 4.5);
models with stronger zero-shot handling of Chi-
nese show smaller relative but comparable abso-
lute gains. CoT alone reduces voice collapse by
16.8% and connotation flattening by 7.4%, indicat-
ing that the residue field, not the chain of reason-
ing alone, is doing meaningful work (CoI-vs-RSP
McNemar on Sonnet 4.5 VC: X2:5.41, p=0.020).
RSP costs an average of 1.57x more output tokens,
with statistically unchanged human-judged fluency
for six of eight models. A worked example is in
Appendix G.

5.5 Public-statement items

The 64-item interview subset (hedging erasure)
is where current LLMs perform worst and RSP
gains least (Table 4). These items differ from the
novel excerpts in one respect: the constraint is al-
ready visible in the source, in the hedges and self-
corrections MXTX uses when answering questions
about her characters. What we measure is not
whether the model produces evasive English, but
whether it keeps those marks. When it removes
them, the English reads as a plain statement, and
the reader has no cue that the speaker was work-
ing under constraint. These are also the items
that circulate in fandom as evidence against the au-
thor (Ng, 2024; Springman, 2024), which makes
this subset the most consequential part of DANMEI-
EPV.

6 Discussion

Translation infrastructure and the politics of
fluency. Our results support Venuti (2004)’s po-
sition, first stated in 1995: English-target MT op-
timises for fluent, register-appropriate English in
direct tension with what a non-Western literary
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Intervention (Sonnet 4.5) VC| CF| HE|

Zero-shot 0.29 0.28 0.35
Five-shot 0.27 0.27 0.34
Chain-of-thought (CoT) 0.23 0.24 0.31
RSP (ours) 0.18 0.22 0.30

Relative reduction vs. zero-shot:
CoT —20.7% —14.3% —11.4%
RSP —37.9% —21.4% —14.3%

Table 4: Prompting interventions on Claude Sonnet 4.5.
RSP gives the largest gains on VC and CF; HE is resis-
tant. Across all eight models, mean relative RSP reduc-
tions are 27.4% (VC), 19.6% (CF), 8.9% (HE).

source needs preserved. The non-monotonic scal-
ing result suggests newer high-fluency models, ab-
sent targeted intervention, may make this trans-
lation layer thicker, not thinner (O’Connor and
Tanasescu, 2026).

Limits of additional data. A natural response is
to argue for more Chinese literary data, more an-
notator diversity, or finer-grained alignment. We
agree these would help, and our results also indi-
cate a structural limit. The models can distinguish
character voice, yet next-token statistics pull the
output toward declarative, authorial-sounding En-
glish, so voice collapse persists as a property of
the objective; additional knowledge leaves that ob-
jective unchanged. Connotation flattening reflects
a trade-off between fluency and fidelity that op-
timisation cannot remove without changing what
counts as a good translation in the loss. RSP
changes the inference-time objective without re-
training: the instruction directs the model to sur-
face the source’s untranslatable residue alongside
the most likely English.

Scope of RSP. RSP intervenes at the translation
layer. The harm pattern Ng (2024) and Springman
(2024) document is produced across three layers:
source-side smothering, translation-layer transmis-
sion, and reception-side paranoid reading. RSP
can reduce the second; the first and third require
source-side and audience-side work that an MT
system cannot do. Reader uptake of the flagged fea-
tures is inherited from the documented reception
record (Ng, 2024; Springman, 2024); this study
measures the translation layer only. We make this
scope explicit because Ng (2024)’s central observa-
tion is that the harm sits at the structural meeting of
the three layers and does not reduce to translation
inaccuracy.

Implications for MT evaluation. Reference-
based metrics such as BLEU and COMET con-
tain no component sensitive to voice attribution,

register, or hedging, and they can reward repro-
duction of a hazard when the available reference
itself contains that hazard; single-reference scor-
ing is a documented limitation for literary transla-
tion (Thai et al., 2022). LLM-judge metrics corre-
late moderately with humans on voice collapse and
connotation flattening (r=0.71,0.79) but degrade
on hedging erasure (r=0.59, 95% CI 0.45—0.71),
which is the category where preserving hedging
matters most. For literary translation involving
non-Western, structurally silenced source authors,
hazard-typed benchmarks should be used along-
side surface metrics.

7 Conclusion

We have introduced DanMEI-EPV, a diagnostic
benchmark for an inverse-audience harm class in
literary MT: translation choices that the target-
language reader experiences as fluent English but
that, across a corpus, stigmatise a structurally con-
strained source author. The eight LLMs we evalu-
ate produce the three documented hazards at rates
5 to 6 x higher than on a GuoFeng-Webnovel refer-
ence; model scale does not consistently help and
can hurt; and an inference-time intervention de-
rived from Spivak (1993) reduces voice collapse
and connotation flattening without retraining. The
contribution is a method for translating critical-
theory concepts into operational evaluation and in-
tervention. All claims are scoped to constrained-
register danmei; cross-author transfer is untested
and is the primary follow-up.

Limitations

Scope of source authors. Our benchmark cov-
ers one Chinese author at depth (MXTX), and
all claims are scoped to constrained-register dan-
mei; cross-author transfer is untested. Two anal-
yses bound the concern without resolving it: the
hazards appear independently in each of MXTX’s
three novels (Appendix E), so no single text drives
them, and the detectors fire at low rates on the
14-genre GuoFeng sample (Appendix D), so they
are not flagging generic literary-Chinese difficulty.
The hazard definitions and the RSP prompt con-
tain no MXTX- or item-specific content, so both
are author-agnostic in formulation; their effective-
ness beyond this case is an empirical question.
A comparable benchmark for another author re-
quires three ingredients: the source corpus, the cir-
culating translations through which reception oc-
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curs, and archived public statements paired with
their circulating renderings. We name cross-author
transfer as the primary follow-up and leave such
benchmarks to work with the relevant area spe-
cialists. Reader perception. Stigmatisation lands
in how readers view the author. We measure
whether LLMs reproduce the translation-layer fea-
tures that the reception record documents as hav-
ing circulated as evidence against her (Ng, 2024;
Springman, 2024); reader uptake is inherited from
that record, not established here. A perception
study on this case would expose participants to
stigmatising mistranslations attributed to a named
living writer and risk manufacturing the harm
under study; a future design can use consented
or pseudonymised stimuli under a separate proto-
col. LLM-judge reliability. Judge—human Pear-
son r is moderate-to-strong on the first two haz-
ards (0.71,0.79) but lower on the most ethically
consequential category (hedging erasure, r=0.59,
95% CI 0.45—0.71); all main numbers use hu-
man scores.Archived-public-statement corpus
size. The hedging-erasure subset (n=64) is drawn
from MXTX’s complete archived public-statement
record (approximately 25 pages of Weibo Q&A
material); we use the entire available corpus, and
the 64 items reflect the natural upper bound for
this evidence base. Per-novel disaggregation (Ap-
pendix E) demonstrates that the harm pattern is in-
dependently observable in each of MXTX’s three
novels, so the empirical case for the taxonomy
does not depend on the public-statement subset
alone.Single target language. We evaluate only
Chinese—English; the same hazards may behave
differently for Chinese—other languages.

Ethical Considerations

This work concerns a harm to a living author,
MXTX, who writes in Chinese and maintains a
presence on Weibo, where she posts and has given
interviews. She does not engage publicly in En-
glish, and her work is subject to China’s regula-
tion of queer content. Our use of her materials is
limited accordingly. We take excerpts within fair-
dealing limits, and only from statements that have
circulated publicly. The interview material is no
longer publicly visible and circulates as fan tran-
scriptions in Chinese and fan translations in En-
glish, the version Anglophone readers see.

Our hazard annotations record what existing
scholarship has shown about this case (Ng, 2024;

Springman, 2024; Hu et al., 2024). They are
not judgements about MXTX or her work, and
DanmEI-EPV should not be read as evidence about
them.

During blind review we released only a source-
inspection subset. The full benchmark is re-
leased under CC-BY-NC-SA 4.0 with an explicit
no-training clause, and we commit to honouring
any withdrawal request from MXTX or her autho-
rised representatives.

We obtained ethics review board approval for
the human annotation protocol. The GuoFeng-
Webnovel sample is used under its CC-BY-4.0
licence with the required registration; we redis-
tribute only model translations and hazard annota-
tions, no source—target pairs.

Use of AI assistants. Al assistants were used
only for wording refinement and IKTEX trou-
bleshooting; all claims, citations, and data were re-
viewed and approved by the authors.
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A LLM-Judge Reliability and Full Rate
Tables

We report per-axis Pearson correlation between
the LLM judge (Claude Sonnet 4.5, blinded to
model identity) and the mean of two human anno-
tators on the full DANMEI-EPV set: voice collapse
r=0.71 (95% CI 0.65—0.78), connotation flatten-
ing r=0.79 (0.73—0.84), hedging erasure r=0.59
(0.45—0.71). Per-model correlations are tighter for
high-hazard models (Llama-3.3-70B VC r=0.77)
and looser for low-hazard models where positives
are rarer (Claude Sonnet 4.5 VC r=0.64). We
also report 95% bootstrap CIs on the rates in Ta-
ble 2 (1000 resamples; half-widths +0.07 for VC,
+0.08 for CF, +0.12 for HE (wider on HE be-
cause n=64)). A review-version summary of the
per-model RSP vs. zero-shot McNemar tests is pro-
vided in rsp_mcnemar_tests.csv; exact paired-
output records will be included in the full bench-
mark release. In this summary, 6 of 8 models reach
p<0.05 on VC, 5 of 8 on CF, and 2 of 8§ on HE.

Judge self-preference test. Two reviewers
asked whether the Claude judge favours Claude-
family outputs. We compared the per-output
residual (judge flag minus human flag) for Claude-
family outputs against all other models, using a
cluster bootstrap over source items, and separately
compared false-negative rates conditional on a
human-positive label, pooled across the three
hazards and four prompting conditions. The
mean residual is +0.004 for Claude-family out-
puts and 40.002 for the others; the difference
is +0.002 (95% CI [—0.009,0.013], bootstrap
p=0.76). Judge false-negative rates are 9.9%
(Claude-family) and 9.2% (others; Fisher p=0.58).
A positive residual means the judge flags more
often than the humans; a self-preference effect
would appear as a more negative residual for
Claude-family outputs, which we do not observe.
Per-model judge rates are within three percentage
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points of the corresponding human rates. We find
no evidence that the judge favours Claude-family
outputs. This diagnostic bears only on the agree-
ment analysis in this appendix; all main results
are human-scored.

Per-model RSP detail. Section 5.4 reports ag-
gregate RSP-vs-zero-shot effects across the eight
LLMs; we give the per-model breakdown here.
Per-model VC reductions range from 14.6% rela-
tive (Llama-3.3-70B: RSP 0.45 vs. zero-shot 0.53)
to 37.9% relative (Claude Sonnet 4.5: RSP 0.18
vs. zero-shot 0.29); models with stronger zero-
shot handling of Chinese (DeepSeek-V3, Qwen2.5-
72B) show smaller relative but comparable ab-
solute gains. The three models for which RSP
HE is not statistically distinguishable from CoT at
p > 0.10 are Llama-3.3-70B, Qwen2.5-72B, and
GPT-4.1; in all three, both interventions reduce HE
by less than 5% relative. Human-judged fluency
drops by a small but detectable amount under RSP
for two models (GPT-40: 4.48 — 4.31; Llama-3.3-
70B: 3.94 — 3.81) and is statistically unchanged
for the other six.

B Annotator Panel: Composition and
Demographic Information

We report panel-level demographic information at
the granularity our annotators consented to release
at recruitment, and at a granularity that does not
de-anonymise individual panel members. We do
not release per-person demographic information
because the four-person panel is small enough that
any combination of two or more per-person facts
(career stage, geography, identity position) would
identify individuals uniquely.

Panel composition. Four annotators. One
serves as adjudication lead (a doctoral-stage re-
searcher in translation studies with a research fo-
cus on Chinese-to-English literary translation re-
ception); the other three are professional Chinese-
to-English literary translators recruited from the
membership of established translator associations
and from doctoral programmes in translation stud-
ies. Career stage of the three non-lead annota-
tors ranges from early-career (under five years post-
degree) to mid-career (over fifteen years of paid
literary translation work). Mean reported profes-
sional experience across the four-person panel is
9.3 years, ranging from 4 to 18 years.

Geographic distribution. Three panel mem-
bers are based in the United Kingdom; one is based

in continental Europe. All four work profession-
ally in both Chinese and English; for two of the
four, English is the first language acquired in child-
hood, and for two of the four, Chinese is the first
language acquired in childhood, with English ac-
quired through later education and professional
work. No member of the panel is based in the Peo-
ple’s Republic of China at the time of annotation.

Identity-position information. The four-
person panel includes annotators with first-hand
familiarity with the Anglophone danmei fan com-
munity, and includes annotators who are mem-
bers of LGBTQ+ communities. Both composi-
tions were specifically sought during recruitment,
because the hazard categories require sensitivity
to register choices that signal queer-coded content
in Chinese and to the discursive moves of Anglo-
phone fandom that recast fictional content as au-
thorial endorsement. We do not report counts on
either dimension; the panel is small enough that
counts could identify individuals.

Unreleased details. Per-person nationality, gen-
der, sexual orientation, age, and specific institu-
tional affiliations. We chose this level of aggre-
gation in consultation with the panel at recruit-
ment. The Annotation Guidelines document, re-
leased with the benchmark, records the consent
terms verbatim.

Impact on labels. Three considerations shape
the relevance of panel demographics to the re-
leased annotations. First, hazard recognition for
hedging erasure depends on first-hand familiar-
ity with the rhetorical conventions of public dis-
course under Chinese regulation of queer content;
the panel includes two members with this famil-
iarity. Second, hazard recognition for connota-
tion flattening depends on awareness of how spe-
cific English tokens (e.g., “tranny”) function as
slurs in contemporary Anglophone LGBTQ+ pol-
itics; the panel was recruited so this awareness is
represented. Third, hazard recognition for voice
collapse depends on translation-studies training in
distinguishing character voice, narrator voice, and
free indirect discourse, which is part of the pro-
fessional training of all four panel members. We
document the panel composition at this level not to
make individualised claims but to make the label-
production conditions inspectable.

Annotator compensation. £42 per hour, above
the literary-translation minimum recommended by
the Translators Association of the Society of Au-
thors. Compensation was the same across all four
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panel members regardless of career stage.

Annotator consent. All four panel mem-
bers provided written informed consent under the
institutional-ethics-approved protocol. Consent
covered: anonymised release of labels under CC-
BY-NC-SA 4.0 with no-training clause; release of
aggregate panel-level demographic information at
the granularity reported in this appendix; right of
withdrawal from future releases at any time. The
protocol received institutional ethics review board
approval.

C Background-Rate Calibration

On a 200-item randomly drawn sample of MXTX
prose (i.e., without hazard-positive selection),
background hazard rates for GPT-40 zero-shot
are: voice collapse 0.16, connotation flattening
0.13, hedging erasure 0.29 (interview-only subset).
These are roughly 2.3—2.9x lower than the hazard-
positive rates in Table 2 (the hazard-positive sub-
set oversamples for difficulty, as expected) and
roughly 2x higher than the GuoFeng-Webnovel
population rates in Table 3. We interpret this as:
even random MXTX prose elicits more author-
stigmatising failures than random web-fiction Chi-
nese, but the difference is much sharper when
hazard-positive sampling is used.

D Scope of the Taxonomy: Evidence
from 14 GuoFeng Genres

A reviewer who reads the GuoFeng results in Ta-
ble 3 as “hazards just don’t happen on GuoFeng”
might reasonably ask whether the three hazards are
danmei-specific artefacts or instances of a more
general class of Chinese-to-English literary MT er-
rors. The GuoFeng-Webnovel V1 corpus (Wang
et al., 2024) provides partial evidence on this ques-
tion.

GuoFeng coverage. GuoFeng-Webnovel V1 is
a sentence-aligned Chinese-to-English literary MT
corpus drawn from web fiction on the China Liter-
ature platform (Tencent), with 1.9M aligned sen-
tence pairs across 14 genres: xianxia (immortal
cultivation), wuxia (martial arts), xuanhuan (East-
ern fantasy), urban, historical, romance, sci-fi, fan-
tasy, military, mystery, supernatural, game-world
(LitRPG), young adult, and contemporary litera-
ture. Each genre carries distinct register conven-
tions, vocabulary, and discourse structures. Our
2,000-sentence stratified sample (Section 4) is bal-
anced across the 14 genres.

GuoFeng results. Across the 14-genre sam-
ple, the three hazard detectors fire at low rates for
all eight evaluated models: voice collapse 0.05 to
0.13, connotation flattening 0.04 to 0.11. (Hedg-
ing erasure is undefined on GuoFeng because the
corpus does not contain author-interview regis-
ter.) The same models, applied to the DaNMEI-
EPV hazard-positive subset, produce rates 5 to
6x higher (Table 3). This pattern is consistent
across all eight models and across both within-
hazard ranks: the model best on GuoFeng VC is
also among the best on DaANMEI-EPV VC, and sim-
ilarly for CF.

Supported scope claim. The hazard tax-
onomy distinguishes the danmei source-author-
stigmatisation pattern from the broader popula-
tion of Chinese-to-English literary translation dif-
ficulty. False positives (the detectors firing on
non-danmei material) are low and uniform across
14 distinct web-fiction genres, including genres
with their own non-trivial register-translation chal-
lenges (xianxia terminology, classical-Chinese
register in historical fiction, contemporary internet
slang in urban). This is a positive result about the
operationalised taxonomy itself: it is specific to the
documented danmei pattern, not a generic literary-
MT-difficulty detector.

Unsupported scope claim. GuoFeng’s 14
genres are all Chinese-published web fiction.
The same regulatory environment that constrains
MXTX constrains all GuoFeng authors. So the
within-axis evidence here is about taxonomy speci-
ficity within the Chinese-source / Anglophone-
target axis under China’s regulation, not about
portability to source authors operating under differ-
ent constraints (e.g., [ranian women writers, Rus-
sian samizdat, Hong Kong post-2020). We dis-
cuss the limits of cross-axis portability in the Lim-
itations section. What this appendix establishes
is the narrower but still-useful claim: across 14
web-fiction genres in the same regulatory context,
the hazard taxonomy detects the specific danmei
stigmatisation pattern and not generic Chinese-to-
English literary difficulty.

Model-dependent ratios. The
MXTX/GuoFeng ratio is not uniform across
models. As Section 5.3 discusses, the ratio is
largest for Claude Sonnet 4.5 (which has the
lowest GuoFeng hazard rate and so the strongest
relative elevation on DANMEI-EPV) and smallest
for Llama-3.3-70B (which produces -elevated
hazard rates on both corpora, suggesting weaker
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Chinese-source intuition and no danmei-specific
failure). This pattern is itself an evaluation signal:
it identifies which models reliably do well on
standard literary MT but fail on the specific
danmei stigmatisation pattern (Claude Sonnet 4.5,
GPT-4.1) versus which models fail more diffusely
(Llama-3.3-70B). A reviewer evaluating future
models on the same axis would expect the largest
gap from models of the Claude Sonnet type.

E Per-Novel Hazard Rates: MDZS,
SVSSS, TGCF

The main DanmEI-EPV numbers (Table 2) aggre-
gate items drawn from MXTX’s three completed
novels. A reviewer reasonably concerned that
the harm pattern might be dominated by a sin-
gle novel can check Table 5, which disaggregates
voice-collapse and connotation-flattening rates by
source novel for the eight evaluated LLMs (zero-
shot, mean across models). HE items are not split
because they are drawn from public statements that
concern all three novels collectively.

Source novel n VC CF
MDZS (Mo Dao Zu Shi) 156 0.39 0.37
SVSSS (Scum Villain) 62 0.36 041
TGCF (Heaven Official’s Blessing) 94 0.38 0.32
All three novels 312 0.38 0.36

Table 5: Hazard rates by source novel (zero-shot, mean
across the eight LLMs). The harm pattern is present
in each of MXTX’s three novels; SVSSS shows the
highest CF rate, consistent with its higher density of
culturally-specific terms (cultivation-world Buddhism,
transformation tropes including renyao) per chapter.

Three observations. First, the harm pattern ap-
pears in each of the three novels independently:
every per-novel VC and CF rate is at least 3.5x
the corresponding GuoFeng-Webnovel population
rate (Table 3), and the within-novel rates are
tightly clustered (VC range 0.36—0.39, CF range
0.32—0.41). Second, SVSSS shows the highest CF
rate, consistent with its higher density of stigma-
vulnerable cultural items (the renyao case in Ta-
ble 1 is from SVSSS, but the same English-side
mechanism applies to other transformation and
cultivation-world terms in this novel). Third, the
cross-novel consistency demonstrates that the oper-
ationalised hazards are properties of how the eight
LLMs translate MXTX’s writing in general, not
artefacts of one particular novel’s content; this is di-
rect empirical evidence for the within-axis method-

ological generalisation claim made in Section 5.2
and Appendix D.

F Hazard Rates by Source Infrastructure

Section 3 notes that DaNMEI-EPV items are drawn
from three text-translation infrastructures through
which Anglophone readers access MXTX and her
work: commercial translation, fan translation of
source novels, and fan translation of archived pub-
lic statements. The full benchmark release tags
each item by source infrastructure. We report haz-
ard rates disaggregated by these tags below. We ex-
clude the subtitles of The Untamed from the bench-
mark itself, although Ng (2024) documents them
as part of the empirical harm record, because sub-
title translation operates under audiovisual produc-
tion constraints (time codes, screen-character lim-
its, speech-text synchronisation) that the eight text-
to-text LLMs we evaluate are not configured to
model; benchmarking subtitle translation requires
its own audiovisual-MT methodology, which we
leave to future work.

LLM translation combines features that used to
belong to different channels: it handles document
context as a literary translator would, runs at the
speed and marginal cost of an automated system,
and has no editorial layer. The disaggregation
in Table 6 shows LLM hazard rates recurring at
the points where pre-LLM text-translation infras-
tructures had differentially distributed weaknesses,
which is consistent with a single system reproduc-
ing hazards previously spread across separate in-
frastructures; rate differences alone do not estab-
lish that convergence, and we state it as an inter-
pretation.

Source infrastructure n VC CF HE

Commercial print (Seven Seas) 160 0.42 0.40 n/a
Fan translation (novels) 152 0.35 0.32 n/a
Fan translation (public statements) 64 n/a n/a 0.42

376 0.38 0.36 0.42

All sources (aggregate)

Table 6: Hazard rates disaggregated by source infras-
tructure (zero-shot, mean across the eight LLMs; the 36
non-MXTX controls are excluded). Cells marked n/a
indicate the hazard category is undefined for that infras-
tructure (no public-statement content in novel sources;
no narrative voice in public statements). The n column
gives the number of items in each row evaluable for
at least one applicable hazard; some commercial-print
and fan-translation items contribute to both VC and CF
counts, so row totals exceed 376.
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Three observations from Table 6. First, the
highest VC rate occurs on commercial print
(0.42), consistent with Venuti (2004)’s account
of Anglophone commercial publishing’s fluency-
prioritisation pressure: the editorial layer in
commercial print smooths character voice to-
ward authorial-sounding English. Second, fan-
translation (novels) rates are lower on both VC
and CF (0.35, 0.32), consistent with fan-translation
conventions favouring source fidelity over English-
side smoothing at the cost of an editorial layer.
Third, the fan translation of public statements pro-
duces the highest HE rate (0.42); HE is undefined
elsewhere because the construct is specific to that
register. The disaggregated rates support the claim
that hazards are produced by different mechanisms
in different translation infrastructures; the aggrega-
tion in the main numbers (Table 2) reflects the com-
bined evidentiary record in the documented harm
pattern, not a methodological claim that the infras-
tructures are equivalent.

G Worked Example: Hedging Erasure
on a Public-Statement Item

Source (archived public statement): “FXJCik
PR B & — 2 RBLAYTHESUZ — D ESZAY i 5
(“T can’t convince myself that a world where ev-
ery man is in a BL (Boys’ Love) relationship is a
real world”). MXTX gives this as her reason for
keeping one same-sex couple per novel; “2RBL”
names a world in which BL functions as the total-
ising narrative convention for male relationships,
a statement about genre craft. Widely circulated
Tumblr fan translation: “I can’t convince myself
that a world of homosexual-only is a real world.”
The genre qualifier is replaced by a categorical
claim about sexual orientation, and the rendering
circulated in fandom as evidence of authorial ho-
mophobia (Ng, 2024). Corrected translation: re-
stored by supportive fans in the fandom record, it
matches the source. This is the item type the RSP
residue instruction targets: the genre-specific qual-
ifier is the feature the model is asked to list as unren-
derable without distortion, so that the translation
under heading 4 keeps it.

H Reproducibility, Compute, and
Hyperparameters

Total compute:
weights models;
detailed below.

~1,840 A100-hours on open-
closed-API inference costs
Decoding: temperature

0.0, top_p=1.0, max tokens 1024. We
report sacreBLEU (Post, 2018) signature
nrefs:1|case:1lc|tok:13a|version:2.4.0
and COMET model wmt22-comet-da for ref-
erence comparability, though our main results
are on the hazard taxonomy, not these metrics.
Closed-API costs: GPT-40 $143, GPT-4.1 $167,
Sonnet 4.5 $189, Haiku 4.5 $31, Gemini 2.5 Pro
$112. Five random seeds were used per condition;
reported numbers are means across seeds.

I Annotation Guidelines (Excerpt)

Full guidelines are released with the bench-
mark (https://github.com/deblinaml/
EMNLP-danmei-epv). The annotator decides
three binary questions per item: (a) Does the En-
glish render a character/narrator/in-world voice as
if it were the author’s? (b) Does the English use a
stigma-loaded token to render a culturally specific
source item? (c) (Interview items only) Does the
English remove the source’s hedging in a way that
produces a more declarative or evasive-sounding
statement than the source? For each “yes,” the
annotator records a 1-5 severity rating and (op-
tionally) a short free-text rationale. Disagreement
between the two annotators is adjudicated by the
lead with reference to the published-humanities
worked example most closely matching the item.

Difficult cases (from the full guidelines). The
character is doing the harm: a faithfully ren-
dered prejudiced character voice is not voice col-
lapse; the hazard requires the English to remove
the framing that marks the view as the character’s.
The source itself is offensive: a faithful render-
ing of prejudicial narratorial content triggers nei-
ther voice collapse nor connotation flattening, and
severity distinguishes accurate rendering of an of-
fensive source from manufacture of offensiveness
from a neutral one. The English is more careful
than the Chinese: softening is outside scope and
is marked “no hazard” with a note. Multiple plau-
sible translations exist: where several renderings
are defensible (e.g., JE15 as cultivation partner,
dao companion, or partner-in-cultivation), none is
a hazard. Disagreement: every binary disagree-
ment is adjudicated by the lead with reference to
the closest worked example in the published litera-
ture; annotators are told that disagreements about
hedging erasure are informative about where the
source’s hedging admits multiple defensible ren-
derings.
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J Item-Level Walkthrough: From One
Source Passage to a Table 2 Cell

We walk one item, CF-001, through the full
pipeline. The Chinese source is “UhiA 24 2 4t fh
EL, FRANANKEAT! 7, a character’s inner
thought in svsss. The item includes the Chinese
source, a short context note, the circulated En-
glish candidate containing the slur, and translator-
supplied alternatives that preserve the term’s folk-
mythological sense.

Layer 1: benchmark construction. Two profes-
sional literary translators independently assessed
the circulated candidate for connotation flattening
and severity. Annotator A marked present, severity
4; Annotator B marked present, severity 3; the lead
adjudicator assigned the final label present, sever-
ity 4. This layer establishes the benchmark item
and is the layer for which Section 3.3 reports Co-
hen’s k.

Layer 2: model-output evaluation. Each model
translated the same source under four prompt-
ing conditions in five independent inference runs.
Temperature-0 inference frequently produced iden-
tical translations across the five runs, so exact du-
plicate strings within each item, model, and condi-
tion group were scored once and the scores were
propagated to the duplicate run records. The two
primary annotators assessed every distinct transla-
tion in the two-pass procedure of Section 4; the
lead adjudicated every binary disagreement. Each
primary annotator logged 468 hours, 936 primary-
annotation hours in total, completed in batches
over approximately twelve months.

For GPT-4.1 zero-shot on CF-001, both primary
annotators flagged the output and assigned severity
4. The item therefore contributes 1 to the numer-
ator of that run’s GPT-4.1 connotation-flattening
rate over the 144 applicable items. Table 2 reports
the mean of the five run-level rates.

K Adjudicated Hard Cases at the
Hedging-Erasure Boundary

Table 1 shows what each hazard looks like once
identified. Because hedging erasure had the low-
est agreement of the three categories (x=0.64), we
give two cases from the fan translation of MXTX’s
archived public statements in which the two annota-
tors disagreed, together with the adjudicator’s rea-
soning.

Case 1. Asked why the character Jiang Cheng
never married, MXTX answers that his personal-
ity was difficult, and adds: “FR T FECPEAE LSS,
PAKRENRILHI AT HZZ MR, AN T
fERY” (“apart from the main couple, I don’t much
like stamping everyone else...stamping everyone
else as gay”). The verb “FEE " (“to stamp”, to la-
bel categorically) objects to the practice of fixing
every character into one category, and the repeti-
tion shows the speaker searching for wording. The
circulating fan translation renders this as “I don’t
quite like writing the other characters as gay” and
removes the repetition. The shift from objecting
to categorical labelling to declining to write gay
characters, delivered as fluent speech, is what cir-
culated as evidence of authorial homophobia. An-
notator A flagged the item at severity 1, while An-
notator B flagged it at severity 4. The adjudica-
tor ruled the hazard present at severity 3 on two
grounds. First, rendering “55 %% as “writing ...
as” changes what the author objects to: the source
objects to labelling every character categorically,
while the English has her declining to write gay
characters. Second, the deletion of the repetition
“PEHINERE= A, A AES 3 FE L removes a
visible trace of her searching for wording under a
sensitive question.

Case 2. Source: “HLL15:5 A] DAA X XA 55
M5 B RIAYARFRE KB ol — i
i1z B AR RN ... AR T A4, H
A A I i (R A 22 i BAORH 2 8 e 0 SO AR TS
T AB RIS, A AR RERA EIRA A8
o~ Fan translation: “Some readers don’t have to
be this sensitive to a gay relationship. You don’t
have to explain everything as romantic. I think
that if you don’t reduce everything to a roman-
tic relationship, the characters would have more
depth.” The Chinese answer is marked throughout
by pauses that show the speaker searching for word-
ing and declining to complete the sensitive point,
and it avoids naming the category of relationship,
referring to it only through vagueness (“HRFH5 1%
55 M Z R ARFREAE 7, AR5 X487, TR
JIHIFVEE ). At no point does the source say
“gay” or “romantic”. The circulating fan transla-
tion removes the ellipses, delivers the answer as
fluent, uninterrupted prose, and adds the labels
the source withholds, rendering “HEFEIE ” as “a
gay relationship” and “HB77 1A~ as “romantic”. It
also adds an evaluative verb, “reduce”, where the
source has “féj BEAH B EE X9 (“to simply
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and crudely define it as”). The combined effect
converts a halting, unnamed remark that character
bonds need not be sorted into one category into an
instruction that readers are too sensitive and should
not reduce bonds to romance, which is the form in
which the passage circulated in fandom as evidence
that the author discourages queer readings. Anno-
tator A flagged the item at severity 5 and Annotator
B at severity 3; the adjudicator ruled it present at
severity 4, because the source’s avoidance strategy
was replaced by explicit naming and added evalua-
tion.

L. Adjudicated Severity Distributions

Severity is recorded as a separate diagnostic anno-
tation and does not enter the binary hazard propor-
tions in Table 2. Table 7 reports the adjudicated
item-level severity distributions.

Hazard n 1 2 3 4 5 Mean Med.

Voice collapse 158 12 19 59 37 31 335 3
Connotation flatt. 130 12 19 38 42 19 3.28 3
Hedging erasure 59 1 7 21 18 12 356 4

Table 7: Adjudicated severity distributions per hazard.
The binary positives are not dominated by severity-1
boundary cases. Hedging erasure has the highest mean
severity and the only median of 4, and remains the cat-
egory with the lowest annotation agreement and the
widest model-rate confidence intervals.

M Prompting Conditions and Judge
Prompt (Full Text)

All conditions share the system message “You are
a literary translator working from Chinese into En-
glish. Translate the passage given by the user.”
Decoding is identical across conditions and mod-
els: temperature 0.0, top-p 1.0, 1,024 max tokens,
five seeds per condition. Closed-API calls use the
dated model versions in Appendix H.

Condition 1: zero-shot.

Source (Chinese):
{source_text}

Provide the English translation.

Condition 2: five-shot. The user message opens
“Here are five Chinese-to-English literary transla-
tions for reference:”, lists the five exemplars below,
and closes “Now translate this passage in the same
style: Source: {source_text}. Provide the English
translation.” The exemplars are drawn from non-
MXTX, non-danmei literary Chinese, balanced for

register (formal narration, free indirect discourse,
dialogue, sensory description), and encode none of
the three hazards.

1. BRET, #HEWAMZTER, /Spring
had arrived, and there were more people on the
streets.

2. B EM, REFAEWHM, /It was
not that he did not love her; it was that he would
not say so aloud.

3. EEKHTE ML, RREIRE®H. /0ld
Wang squatted on the threshold, his eyes half-
closed against the setting sun.

4. CIRRERBMHLAREE? "WRRT —FH, /
“What is that supposed to mean?” she said, with
a cold laugh.

5. BREFEEHATT, FX-ENREE,

/ The osmanthus in the courtyard was in bloom,
and its fragrance carried all the way into the
house.

Condition 3: chain-of-thought (CoT).

You will translate the following
Chinese passage into English. Before
producing the translation, work
through these four questions in
order:

1. Voicing. Whose voice is this: the
narrator's, a specific character's,
reported speech, free indirect
discourse, or village/social gossip?
If the passage contains an attitude
or judgement, whose attitude is it?
2. Culturally specific terms. Are
there any terms whose Chinese
register (classical, folkloric,
regional, cultivation-world,
genre-specific) does not map cleanly
onto English? List each one and
consider what English rendering would
preserve the source register.

3. Hedging and modality. Are there
hedge markers (PJRE, tHiF, KM, MNix%,
s, FRM), conditional structures,
or genre-specific qualifiers? What

do they do in the source, and how
should they survive in English?

4. Translation. Produce the English
translation, using the analysis above
to guide your choices.

Source (Chinese): {source_text}

Respond with your analysis under
headings 1--3, followed by the
English translation under heading
4.

Only the translation under heading 4 is scored.

Condition 4: rhetorical-silence prompting

(RSP). Identical to Col' with a fifth instruc-

tion appended, and the closing line changed to

“...followed by the residue list under heading 5.”
5. Residue. After your translation,

list any feature of the Chinese
source that English cannot render

10732



without distortion. This includes:
rhetorical patterns specific to
the source language; pragmatic or
affective work done by syntactic
structures with no English
equivalent; cultural references
that the English translation must
approximate or omit; and silences,
hedges, or structural omissions

in the source that may have been
smoothed out in your translation.
This residue field is for the model's
attention only and will not be
presented to the reader.

The residue field is not scored. Per-condition mean
output length across all items, models, and seeds:
zero-shot 187 tokens; five-shot 198; CoT 416; RSP
651 (1.57x Col).

LLM-judge prompt (evaluation only). The
judge (Claude Sonnet 4.5, fresh context, blinded
to the producing model) receives the Chinese
source, a brief context note, the candidate trans-
lation, and the three hazard definitions with one
worked example each (the three examples of Ta-
ble 1), and answers for each hazard whether it
is present and, if so, a 1-5 severity with a one-
sentence rationale, returned as JSON with the keys
voice_collapse, connotation_flattening,
and hedging_erasure.
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