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Abstract

Large language models (LLMs) are increas-
ingly used for creative tasks such as liter-
ary translation. Yet translational creativity re-
mains underexplored and is rarely evaluated
at scale, while source-text comprehension is
typically studied in isolation, despite the fact
that, in professional translation, comprehen-
sion and creativity are tightly intertwined. We
address these gaps with a paired-task frame-
work applied to literary excerpts from 11 books.
Task 1 assesses source-text comprehension,
and Task 2 evaluates translational creativity
through Units of Creative Potential (UCPs),
such as metaphors and wordplay. Using a scal-
able evaluation setup that combines expert hu-
man annotations with UCP-based automatic
scoring, we benchmark 23 models and four
creativity-oriented prompts. Our findings show
that strong comprehension does not translate
into human-level creativity: models often pro-
duce literal or contextually inappropriate ren-
derings, with particularly large gaps for the
more distant English—Chinese language pair.
Creativity-oriented prompts yield only mod-
est gains, and only one model, Mistral-Large,
comes close to human-level creativity (0.167
vs. 0.246). Across all model-prompt combina-
tions, only three exceed a creativity score of
0.1, while the rest remain at or near zero.!

1 Introduction

Traditionally, creativity has been regarded as an
essentially human capacity (Marrone et al., 2024;
Bender et al., 2021; Rojo, 2017; Chakrabarty et al.,
2024). With the advent of large language models
(LLMs) and the broader debate around artificial in-
telligence systems, however, this assumption is in-
creasingly being challenged (Koivisto and Grassini,
2023; Lu et al., 2024; Lin et al., 2025). On the one
hand, LLMs have been described as “stochastic par-
rots” relying on large-scale memorization and prob-

'Our code and data are available at https://github.
com/NL2G/Beyond-Reproduction

abilistic pattern-matching rather than understand-
ing or intentional creativity (Bender et al., 2021).
On the other hand, claims of human-parity perfor-
mance on creative tasks are becoming more com-
mon (Wu et al., 2025; Orwig et al., 2024; Qiu and
Hu, 2025). At the same time, machine translation
(MT), especially when powered by LLMs, is now
frequently used to produce or assist translations, in-
cluding literary ones, a development with substan-
tial implications for readers (Gerrits and Guerberof-
Arenas, 2025; Guerberof-Arenas and Toral, 2020),
translators (Macken, 2024; Macken et al., 2025),
and the translated literature itself (Budimir, 2025).

Translation scholars view the prominent role
of creativity in literary translation as founda-
tional, rather than a mere supplement (Boase-
Beier and Holman, 2016; Rojo, 2017). Guerberof-
Arenas and Toral (2020, 2022a); Guerberof-Arenas
(2024) identify certain “units of creative poten-
tials” (UCPs) in the source text as places where
translators must move beyond routine solutions.
Creativity in this context is the ability to depart
from the literal rendering of the source texts and
to create a context-appropriate translation (Bayer-
Hohenwarter, 2009; Guerberof-Arenas and Toral,
2022b). Yet, current research on literary transla-
tion evaluation largely overlooks these aspects: (1)
Most recent studies focus on appropriateness and
accuracy, leaving translational creativity almost en-
tirely out of scope (Zhang et al., 2025a,b), a par-
ticularly concerning limitation in light of claims
that these systems have reached human parity (Wu
et al., 2025); (2) LLM creativity itself remains
under-specified and under-evaluated in NLP: ex-
isting work on translational creativity is small-
scale yet costly, restricted to comparisons of one
or two traditional MT systems, and challenging
to scale up (Gerrits and Guerberof-Arenas, 2025;
Guerberof-Arenas and Toral, 2022b; Macken et al.,
2025); (3) by focusing solely on the translation
product or by studying comprehension in isola-
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Task 1: Source text understanding

[Critical Analysis from RELIC]

[Preceding Analysis] She
cares little for reading what is - 37
meant to be read: “the
letterpress”. She reads the
pictures. The power of this
singular hermeneutics is
precisely that it can make the
outside inside.

Excerpt from Chapter 1
Jane Eyre, 1847, Charlotte Bronté

Task1 tuple:
— (Claim, Label, Reason)

“Sandwich”
Verification

Example

Claim: Rendering 'the aspect
of that winter afternoon’ as
'the sight' or 'view' of the
scene captures the external
perspective Bronté emphasizes.

[Source quotation] At
intervals, while turning over
the leaves of my book, T
studied the aspect. of that
winter afternoon.

[Subsequent analysis] Under
"the clear panes of glass', the
rain no longer penetrates, ‘the
drear November day" is rather
a one-dimensional 'aspect’ to
be ‘studied’, not decoded like
the 'letterpress’, but, like
pictures, deciphered by the
unique creative imagination of
the marginal individualist.

Label: TRUE

Reason: 'Aspect’ means what
appears fo the eye; keeping the
visual orientation preserves the
link between inner and outer
observation.

&

A1
labs

[...] Folds of scarlet drapery shut in my view to the
right hand; to the left were the clear panes of
glass, protecting, but not separating me from the
drear November day. At infervals, while turning

over the leaves of my book, I studied the aspect af
that winter uﬁlmoon. [..] I returned fo my book

—Bewick's History of British Birds: the letterpress
thereof I cared little for, generally speaking; [...]

Rhyme and metrics
Lexical variety & deviation

Metaphors and original images

Task 2 Transfer Competence

LLM/Human Translation

[.]Rode gordijnplooien beperkten rechts van
mij mijn blikveld, links van mij zaten de
heldere ruiten die mij tegen de sombere
novemberdag beschermden, maar mij er
niet van scheidden. Nu en dan, bij het
omslaan van de bladzijden van mijn boek,

Source text

richtte ik mijn aandacht op die

wint‘ermia[d’ag. [..] Ik keerde terug naar
mijn boek — de Natuurlijke historie der
Britse vogels van Bewick. Over het geheel
genomen gaf ik weinig om de tekst

Translation Techniques

Highlighted UCPs

) Reproduction
Annotation

Via Human/LLM

Cultural/historical Reference Creative Shift

N i © w7

Omission

Good understadning P?? -+ More acceptably creative translation

Figure 1: Construction of the paired task linking source understanding (Task 1) and creative transfer (Task 2).
Task 1 contains interpretive claims derived from critical analysis under three-stage “Sandwich” verification (1
author —> 3 crowdworkers —> 2 trained students + author; numbers indicate annotator counts). Task 2 evaluates
translational creativity: text colors indicate Unit-of-Creative-Potential (UCP) types, and highlight colors indicate
annotated translation techniques: die wintermiddag is a creative shift for the aspect of that winter afternoon
(Iexical variety). Task 1 is designed to assess local contextual interpretation relevant to the comprehension and
translation of UCPs. The underlined examples highlight the corresponding spans that link Task 1 to Task 2.

tion (Karpinska et al., 2024; Sui et al., 2025), most
evaluations ignore the underlying process dimen-
sion. It remains unclear to what extent models
understand literary texts and whether that under-
standing enables them to make context-sensitive
creative choices. Although LL.Ms can generate
large volumes of fluent, inexpensive translations,
we still know relatively little about how they handle
the creative demands specific to literary texts.

In this paper, we address these gaps through
three main contributions. (1) To examine the
translation process in LLMs, we introduce two
complementary tasks (shown in Figure 1): one
that targets source-text understanding surround-
ing UCPs and another that focuses on producing
nuanced, context-sensitive translations containing
UCPs. We work with literary excerpts from 11
books spanning diverse genres and styles, focusing
on two distinct language pairs: English—Chinese
and English-Dutch. (2) We introduce a scal-
able, expertise-driven evaluation framework
that jointly assesses both appropriateness and cre-
ativity. It is supported by over 1000€ worth of
human evaluation and can be readily extended to
additional models and translation configurations
(e.g., alternative prompt designs). (3) We provide
a systematic comparison of 23 models of various
sizes across two tasks, covering multiple architec-
tures and model families, and exploring creativity-
oriented prompt variants. In total, we analyze over

1k translations and more than 7.5k automatically
evaluated UCPs to study translational creativity.
Our results show that strong comprehension
does not automatically yield human-level creativ-
ity, even though the two are moderately correlated.
For comprehension (Task 1), scaling up models or
adding explicit “thinking” modes provides only lim-
ited benefits. For creative transfer (Task 2), LLMs
often produce literal or contextually inappropri-
ate translations, showing a clear gap from human
creativity, especially for the more distant English—
Chinese pair. Automatic evaluation reinforces this
pattern: creativity-oriented prompting shifts be-
havior only mildly, and most models remain in
the low-creativity region, with only one system
(Mistral-Large) closer to human creativity (0.167
vs. 0.246). Across all models and prompts, only
three systems exceed a creativity score of 0.1; the
rest peak between roughly —0.10 and 0.03. Over-
all, these findings show that (1) current LLMs fall
well short of human creative performance, and (2)
effective creative transfer requires both strong con-
textual understanding and careful prompting, con-
ditions under which many models still struggle to
produce contextually grounded creative output.

2 Related work

Literature comprehension and reasoning. Lit-
erary works such as novels are creative produc-
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tions that extend beyond conventional boundaries
of cultural history and language (Boase-Beier and
Holman, 2016). Their length, complex plots, and
intertwined character relationships make them a
challenging testbed for evaluating language mod-
els’ comprehension and reasoning (Hamilton et al.,
2026; Ahuja et al.,, 2025). oo-Bench (Zhang
et al., 2024) equip classic novels with multiple-
choice questions, open-ended question answer-
ing (QA), and summarization tasks to evaluate
model performance on contexts exceeding 100k
tokens. NovelQA (Wang et al., 2025) similarly
combines multiple-choice and open-ended question
sets, using LLM-based evaluators for open-ended
responses. NovelHopQA (Gupta et al., 2025) tar-
gets multi-hop reasoning in long narratives, vary-
ing context length, and hop depth. Beyond long-
context comprehension, KRISTEVA (Sui et al.,
2025) introduces close reading as a benchmark
for interpretive reasoning through progressively
challenging multiple-choice tasks. Karpinska et al.
(2024) propose NoCha with 1,001 true/false claim
pairs mixing human- and model-generated state-
ments. NoCha covers 67 recently published En-
glish books, with 48% of claims requiring global
reasoning over the entire novel.

Unlike prior benchmarks that treat literary tasks
as standalone comprehension challenges, our work
targets the gap between comprehension and trans-
fer/generation capacity. We propose a dataset of
claim-reasoning pairs derived from English liter-
ary excerpts. This dataset is further enriched with
Chinese and Dutch translations in which trained
annotators have manually labeled instances of trans-
lation techniques, such as creative shifts and repro-
ductions. Crucially, we position source compre-
hension as a prerequisite for literary translation.
We thus investigate how comprehension affects cre-
ative capacity when translating inherently creative
source texts.

LLMs for creative tasks and creativity evalua-
tion. The increasing capabilities of LLMs have
motivated extensive research on their application to
creative tasks, including poetry generation (Zhang
and Eger, 2026; Belouadi and Eger, 2023), literary
translation (Zhang et al., 2025a; Wu et al., 2025),
and creative writing (Hou et al., 2025; Marco et al.,
2025). To enhance LLM performance in creativity-
intensive settings, prior work has explored a di-
verse set of techniques, including adversarial fine-
tuning (Zhang and Eger, 2026), decoding adjust-
ments such as temperature-based sampling (Peep-

erkorn et al., 2024), prompt engineering (Zhao
et al., 2025; Zhang et al., 2025b), and multi-agent
systems (Lin et al., 2025; Wu et al., 2025).

Despite substantial exploration in creative gener-
ation and quality evaluation (Zhang et al., 2025a,b),
creativity evaluation remains underemphasized and
theoretically underdeveloped. Some studies oper-
ationalize creativity largely as novelty (Lu et al.,
2025; Zhang et al., 2025c), overlooking its multidi-
mensional nature. Other work adapts psychometric
measures from psychology, such as the Remote
Associates Test, reapplied to LLMs to generate
parallel association chains (Qiu and Hu, 2025),
and modified Torrance Tests of Creative Think-
ing (Zhao et al., 2025; Chakrabarty et al., 2024;
Lu et al., 2024) to assess fluency, flexibility, origi-
nality, and elaboration. While these psychometric
approaches offer task-agnostic and easily deploy-
able evaluation tools, several studies report contra-
dictory or unstable findings across domains (Lamb
et al., 2018; Chakrabarty et al., 2024; Hou et al.,
2025), raising concerns about their generalizability.

To address these limitations, our work adopts
a task-specific approach to creativity evaluation
grounded in psychological theory. We adopt
the definition of creativity as a combination
of novelty and usefulness (Bayer-Hohenwarter,
2009) and utilize the taxonomy proposed by the
CREAMT project (Guerberof-Arenas and Toral,
2022a), which has been widely applied in literary
translation research (Guerberof-Arenas and Toral,
2020, 2022b; Guerberof-Arenas et al., 2024; Ger-
rits and Guerberof-Arenas, 2025). This framework
enables a more precise and context-sensitive assess-
ment of creative translation choices, addressing the
gaps left by task-agnostic creativity metrics.

Our work differs substantially from CREAMT
and other existing works by linking translational
creativity to a preceding comprehension task us-
ing a diverse set of books spanning multiple gen-
res and styles. More importantly, our framework
is designed for scalability, allowing us to move
beyond previous explorations of translational cre-
ativity (which were limited to traditional MT): we
compare 23 LLMs under multiple prompting con-
ditions, a setting that, to the best of our knowledge,
has not been extensively explored.

3 A paired-task framework to evaluate
LLM literary translation

We propose a framework for assessing LLM lit-
erary translation competence through two comple-
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mentary tasks: (1) understanding the literary source
text, and (2) recreating it in the target language with
comparable interpretive and aesthetic value. The
full workflow is depicted in Figure 1, with key steps
outlined below. The first task evaluates interpre-
tive reasoning, such as cultural background, author
style, and linguistic difficulties, while the second
examines how translation techniques are applied
to solve the actual translation problems and their
connection to creativity.

3.1 Task 1: source text understanding

Dataset construction. To construct datasets for
the source-text understanding task, we use a
pipeline that combines literary critical analysis, au-
tomatic claim generation, expert review, and crowd-
based validation. This process ensures that each
test question contains a stable interpretive judg-
ment grounded in the text and remains scalable
across works. We use the RELIC dataset (Thai
et al., 2022) as our primary source for generating
interpretive claims. Each RELIC entry contains (i)
quotation from a literary work and (ii) critical anal-
ysis surrounding that quote: [preceding analysis,
quote, subsequent analysis]. The quotation appears
in their original sequence and can be mapped to
longer excerpts (e.g., Chapter 1). While our study
focuses on English source texts, the methodology
can be extended to other languages with compara-
ble critical corpora.

» Step 1 - Literary excerpt selection: We select
excerpts (paragraphs) from early chapters, espe-
cially Chapter 1, as opening paragraphs introduce
key characters, tone, and setting—providing a
natural starting point for evaluating textual un-
derstanding. To identify segments with inter-
pretive or translational challenges, we use auto-
mated analysis with multiple LLMs (Gemini2.5-
Flash, GPT-40-mini, and Claude3-Haiku) to flag
sentences or paragraphs containing features as-
sociated with translation difficulty defined in
§A.1.1 (appendix). Because translation difficulty
is language-dependent, automated detection is
intentionally broad. We do not require high ac-
curacy at this stage, since excerpts undergo two
rounds of verification: (1) by the first author dur-
ing selection and (2) by two trained students with
backgrounds in linguistics or literary translation
during Task 2 annotation.

* Step 2 - Claim construction: Building on find-
ings that LLMs can generate structured interpre-
tive hypotheses such as arguments (Chen et al.,

2024), we prompt GPT-5 to generate candidate
true/false claims based on the selected RELIC
entries in Step 1. Each claim reformulates the
critic’s argument into a concise assertion and in-
cludes a justification from either the critical anal-
ysis or textual evidence. Task units consist of: (1)
the source excerpt, (2) the claim, (3) the true/false
label, and (4) a rationale. The first author reviews
these claims to ensure they require interpretive
inference rather than simple paraphrasing or fac-
tual recall, excluding claims based on personal
preference or that are trivial.

 Step 3 - Crowd-based validation: three Prolific
annotators with self-reported advanced or native
English proficiency and regular literature read-
ing experience work on the filtered claims. Each
annotator reads the excerpt and claim (with addi-
tional context as needed) and classifies it as True,
False, or Problematic, with a brief justification.
Annotators may use external knowledge, includ-
ing online historical or cultural information (see
guideline in §A.1.2). A claim is retained only if
a clear majority agrees on True or False with con-
sistent reasoning. Claims flagged as Problematic
or differing from the Step 2 label are revised or
discarded, ensuring comprehensibility and inter-
pretive validity.

* Step 4 — Expert re-validation: Claims flagged
in Step 3 as Problematic or showing disagree-
ment with the initial generated label are reviewed
by the first author and two annotators trained in
linguistics/literary translation. Reviewers deter-
mine whether issues stem from subjective inter-
pretability or unclear formulation. Claims based
on subjective preference are discarded; concep-
tually valid but imprecise claims are revised and
retested. This validation ensures Task 1 main-
tains high data quality and interpretive reliability.
Annotator statistics are in §3.3.2

Dataset statistics. The dataset for Task 1 com-
prises 299 claims from 11 English classic novels
spanning the early nineteenth to mid-twentieth cen-
tury, including works by Herman Melville, Charles
Dickens, Virginia Woolf, Emily Brontg&, Char-
lotte Bronté, Mary Shelley, George Orwell, Oscar
Wilde, James Joyce, Margaret Mitchell, and Har-
riet Beecher Stowe. The full book list is shown in

2We compute agreement by comparing the labels assigned
to each item across annotator pairs for 30 instances, fully
annotated by the author and by trained student annotators.
On average, Prolific annotators show an agreement of 0.65,
whereas the first author and the two experienced annotators
show an agreement of 0.81.
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Table 5 (appendix). These works represent diverse
genres: realist and historical novels, Gothic fiction,
political allegory, and social protest literature. Of
the 299 claims, 140 are labeled true and 159 false.
Each claim is anchored in an excerpt averaging ap-
proximately 186 tokens. Based on feedback and
agreement among crowdsourced annotators and
trained students, we categorize Task 1 difficulty
into three levels: Low (full agreement on the label),
Medium (at least one differing label), and High (at
least two differing labels). In total, 299 instances
were annotated, of which 140 (46.8%) are classi-
fied as Low difficulty, 106 (35.5%) as Medium, and
53 (17.7%) as High.

3.2 Task 2: Transfer competence

Dataset construction. Task 2 evaluates a
model’s ability to handle literary translation chal-
lenges through creative strategies. We adopt the
CREAMT taxonomy (Guerberof-Arenas and Toral,
2022a), grounded in the widely accepted definition
of translational creativity as the combination of
novelty and usefulness (Bayer-Hohenwarter, 2009).
We use Units of Creative Potential (UCPs) and Cre-
ative Shifts (CSs) as analytical tools (Guerberof-
Arenas and Toral, 2020, 2022b; Guerberof-Arenas
et al., 2024; Gerrits and Guerberof-Arenas, 2025).
UCPs are text segments that either contain inher-
ently creative elements or constitute “problematic
units that are deemed to require high problem-
solving capacity” (Gopferich et al., 2011). We
focus on UCPs such as metaphors and similes,
wordplay, idioms, cultural/historical references,
rhyme/meter, and lexical deviation. Translators
are more likely to apply creative techniques to con-
vey the intended interpretive meaning, aesthetic
value, or stylistic effect. Even when translators
choose a literal rendering, UCPs still mark points
where non-literal options are plausibly needed, thus
highlighting potential sites of creativity (Bayer-
Hohenwarter, 2011). The translations of each UCP
are annotated for acceptability, creativity, and se-
mantic or imagistic deviation (low, medium, or
high) to make labels more interpretable.

As large-scale annotated resources are lacking
and human evaluation remains resource-intensive,
Task 2 adopts a two-stage design that balances eval-
uation quality, scalability, and automation.

Stage 1 — Dataset construction and human eval-
uation. In the first phase, we construct a small,
high-quality annotated dataset for two purposes:
(i) as a gold standard for comparing human and

LLM translations, and (ii) as a development set for
scalable evaluation. Two students trained in liter-
ary translation and comparative linguistics manu-
ally annotate selected UCPs.> Annotators focus on
highlighted source segments and their correspond-
ing translations from humans and from a diverse set
of LLMs (see Task 2 statistics in §3.2 and details
in §A.2). For each selected UCP, they first judge
whether the translation is acceptable:

* Not acceptable (Error): It contains grammatical
errors or is overly literal.

* Not acceptable (Not applicable): It is not a
valid solution as it distorts the meaning beyond
recognition or is “too creative” for the target
audience, even if grammatically correct.

If the translation is acceptable, annotators label one

of the following techniques:

* Reproduction: The translation conveys the same
idea or image as the highlighted source.

* Omission: The highlighted content is absent
from the target text.

e Creative Shift (CS): Translations that deviate
from a literal rendering of the source text to cre-
ate a more impactful, natural, or culturally ap-
propriate translation in the target language in a
meaningful or stylistically motivated way.

Stage 2 — Automatic labeling with L1.M-as-a-
Judge. To scale beyond manual evaluation, the
second stage adopts an LLLM-as-a-Judge setup. The
model receives the same guidelines as human an-
notators and is prompted to assign a translation-
technique label and a brief justification for each
instance. Its outputs are then compared against
the expert-labeled gold standard to assess relia-
bility. We use Qwen3-Next-80B, a Mixture-of-
Experts model designed for complex reasoning,
which achieves an F1 score of 0.710 on translation-
technique labeling on our En—Zh validation set,
using 12.8% of the human-annotated translation
paragraphs (See §A.2.2 for the prompt and eval-
uation setup).* Because translation evaluation is
challenging, the evaluation prompt includes con-

3Following Task 1 (Step 1), we focus on excerpts rich
in linguistic effects. UCPs in the English—Chinese setting
are finalized through joint discussion between the first author
and a Chinese-speaking annotator with expertise in literary
translation. Problematic units include those from the LitEval-
Corpus (Zhang et al., 2025a). To ensure cross-language com-
parability, we annotate the same UCPs for English-Dutch.
In a few cases, these are not strictly UCPs in Dutch context
due to closer cultural proximity, but they still require careful
translational choices.

*For per-label precision, recall, and F1 performance, see
Tables 6 in §A.2.2.
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Pair #book Source Translation

#src  avg.token #tgt avg.token #UCPs
En-Zh 78 378.0 398
En-NI 8 20 21738 76 219.3 374

Table 1: Statistics for Task 2 annotation. #src and #tgt
denote the number of selected source excerpts and their
translations, respectively. avg. token reports the average
token counts for source and target texts, and #UCPs
denotes the units of creative potential annotated in total.

crete in-context examples from human annotations
of the same source paragraph and language pair.
We prioritize adding more translations from diverse
models rather than increasing the number of source
excerpts or UCPs. This approach combines expert
interpretive insight with automated scalability and
supports cross-lingual extension of the benchmark.

Dataset statistics. The dataset for Task 2 in-
cludes annotation of UCPs in literary translation
for two language pairs: English—Chinese (En—Zh)
and English—Dutch (En—NI); summary statistics
are shown in Table 1. For each pair, we select
20 source excerpts from 8 novels due to cost con-
straints, targeting passages rich in figurative lan-
guage. The English excerpts average 218 tokens,
while the corresponding translations average 378
tokens in Chinese and 219 in Dutch, reflecting
structural and stylistic differences between the lan-
guages. Each excerpt includes three to four trans-
lations (at least one published human translation
plus several LLM outputs), resulting in 78 target
texts for En—Zh and 76 for En—-NI. In total, we
annotate 398 UCPs for En-Zh and 374 for En-NI,>
providing a detailed benchmark for how human
translators and LL.Ms handle creative translation
challenges. This dataset also serves as a testbed for
scalability experiments. The LLLM outputs cover
a diverse set of contemporary models of varying
sizes and providers, including Claude3.7-Sonnet-
Thinking, GPT-40, Gemini2.5-Flash, Grok3-Mini,
LLaMA3.3-70B, and Qwen2.5-7B.

We use a minimal baseline prompt for collect-
ing translations at this stage: “Please translate the
following literary excerpt into Chinese/Dutch. Ex-
cerpt: [excerpt]”. This setup approximates typical
translation use and allows us to measure models’
default tendency toward literal versus creative solu-
tions, without explicitly steering them toward cre-
ativity. In other words, it provides a conservative
lower bound on the models’ intrinsic translational

3For some En—Zh pairs, multiple human translation ver-
sions are available, which leads to additional annotated UCPs.

creativity. We explicitly investigate the effect of
creativity-oriented prompting in §4, where we show
how models respond when creative translation is
prompted at various levels.

3.3 Human annotators

For Task 1 verification, we employed two expert an-
notators (approximately 10 hours each at 12€/hour;
total 240€), both with backgrounds in linguistics
or translation studies. One is a near-native speaker
of English and the other a college student majoring
in English. In addition, we recruited 33 annotators
via Prolific, compensated at 10€/hour, for a total
of 195€.

For Task 2, we employed two experienced an-
notators: one native speaker of Chinese (30 hours
at 12€/hour) with over 60 hours of prior expe-
rience in literary translation annotation, and one
Dutch speaker with a background in literary trans-
lation (15 hours at 16€/hour) and about 20 hours of
prior annotation experience (combined total 600€).
Overall, human annotation for both tasks amounts
to approximately 1,000€.

4 Evaluation

We now present our evaluation methodology, de-
scribing how we use the dataset and outlining the
experimental setup for our use case.

4.1 Benchmark methodology

Task 1. Task 1 uses a set of claim—reasoning pairs
to benchmark a diverse set of LLMs. For each
model, we collect outputs as a predicted label plus
a brief justification. To account for class imbalance,
we report macro F1 scores as model performance.

Task 2. Evaluation in Task 2 focuses on transla-
tion competence at the level of UCPs. For each
translation and its annotated UCPs, we assess (i)
the joint distribution of acceptability and creativity
(via a confusion matrix), and (ii) the distribution of
translation techniques, mapped to creativity scores:
Sereativity = #%#, where # (S is the num-
ber of creative shifts, # UN denotes the number
of unacceptable solutions (i.e., creativity out of
context and error cases) and # UCPs is the total
number of UCPs. Intuitively, Screativity increases
with acceptable creative shifts and decreases with
unacceptable solutions. The score lies in [—1, 1]: 1
means all UCPs are creative shifts, —1 means all
are unacceptable, and values below 0 indicate that
unacceptable solutions outnumber creative shifts.
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4.2 Experimental setup

In this work, we use our dataset to benchmark a
diverse set of contemporary LLMs and their vari-
ants, covering different sizes, architectures, and
reasoning modes. Concretely, our pool includes 23
models from eight major families (detail in §A.2.4):
Jamba, Claude, DeepSeek, Gemini, LLaMA, Mis-
tral, GPT, Qwen, and Grok, and human transla-
tions. Model sizes range from a few billion pa-
rameters to trillion-scale systems. Architecturally,
the set covers state-space models (Jamba variants),
dense Transformer models (e.g., Claude3.7-Sonnet,
LLaMA, GPT-40), and Mixture-of-Experts (MoE)
models (e.g., DeepSeek, Gemini, Mistral, Qwen3,
Grok). For several families, we include paired vari-
ants with and without explicit reasoning or “think-
ing” modes (e.g., Claude3.7-Sonnet and Qwen3),
enabling controlled comparisons of reasoning style
at a similar scale.

Beyond a minimal base prompt, we design three
creativity-oriented prompts that gradually increase
the creative freedom: (1) p1 frames the model as a
literary translator whose task is to preserve mean-
ing, tone, stylistic effects, imagery, voice, and cul-
tural nuance without explicitly encouraging cre-
ative deviation; (2) p2 keeps these requirements
but explicitly allows selective creative adjustments
when literal renderings would be awkward or lose
nuance; and (3) p3 foregrounds the highly creative
nature of the source text and explicitly introduces
Creative Shifts as a permissible translation tech-
nique (see §A.2 for prompts and configurations.)

Additionally, as our benchmark is built from
classic literary texts, some models may inevitably
have prior exposure to the source material.® To
assess the effect of such source exposure on Task
1, we conduct an adversarial ablation study that
perturbs key details in the source paragraphs. The
results support the overall validity of Task 1 as a test
of model comprehension, while identifying a small
number of explanation-level cases consistent with
source-based memorization (see §A.3 for details).

®The reviewers raised potential concerns about data con-
tamination. However, in our setting, both the claims and the
labels are constructed through substantial human effort by
trained students and Prolific annotators, rather than being di-
rectly available from the source material. Accordingly, there is
no direct leakage of labels or other evaluation targets: knowl-
edge of the source material alone does not reveal the target
labels and therefore does not invalidate the evaluation. This
distinction is important because prior exposure to source data
is inherent to most historical datasets and common across the
literature. That said, we are also interested in the effect of
source-data exposure itself, which we examine through an
adversarial experiment.
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Figure 2: Task 1 performance (F1 score) as a function
of model size (log scale). For some proprietary models,
parameter counts are approximate and derived from
external estimates. Top: results on all instances; bottom:
results on the high-difficulty subset.

5 Results

5.1 Task 1: Source text understanding

Figure 2 shows Task 1 performance, measured by
macro F1 score versus model size on a log scale,
for all instances (top) and for the high-difficulty
subset only (bottom). For some proprietary models,
parameter counts are approximate and based on
external estimates.

Scaling laws: bigger, but not always better.
Across models, F1 scores range from 0.85 to 0.94,
while on the high-difficulty subset they drop to
about 0.42-0.60 and exhibit a substantially larger
gap in performance. Model size shows only a mild
and non-significant correlation with F1 (p = 0.311,
p = 0.149), and many systems deviate from a
simple “bigger is better” pattern. Within model
families, scaling trends mostly hold in both panels:
“mini” variants lag behind their larger counterparts
(e.g., Jamba, and Grok3), with GPT-40-mini a no-
table exception. Across families, however, size
is a weak predictor. Large open models such as
Mistral-Large-675B and LLaMA3.1-405B achieve
top performance and remain strong on the hard
subset, but several mid- and small-sized systems
(e.g., Gemini2.5-Flash-Lite, Mistral-Small-24B,
GPT-40-mini) reach similar good performance.
Conversely, some of the largest models (e.g.,
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DeepSeek-R1, GPT-5.1) underperform relative to
smaller ones on the full set, but their relative per-
formance improves on the high-difficulty subset.

Mixed results for architecture, training objec-
tives, and reasoning. Beyond scale, architec-
ture and training objectives have inconsistent ef-
fects on Task 1 performance. State-space mod-
els such as Jamba-Large-398B underperform rela-
tive to dense Transformer models of similar (or
even smaller) size in both plots. Mixture-of-
Experts (MoE) models exhibit mixed behavior:
systems like Mistral-Large and Gemini achieve
(near-)frontier performance, whereas other large
MoE or hybrid models (e.g., DeepSeek-R1 and
GPT-5.1) lag behind smaller dense baselines on
the full set, despite being more competitive on
high-difficulty items. Mistral-Small-24B is excep-
tionally strong given its comparatively small pa-
rameter count, and the variant fine-tuned for cre-
ative tasks remains highly competitive across diffi-
culty levels. Reasoning-enabled variants also yield
non-uniform gains: Qwen3-235B-Thinking im-
proves over Qwen3-235B for both cases, whereas
Qwen3-30B-Thinking underperforms Qwen3-30B,
and Claude3.7-Sonnet-Thinking (3.7S-T) only
slightly improves on the non-thinking version
(3.7S), indicating that explicit “thinking” modes
do not deliver universally higher comprehension
performance facing this task, especially when we
focus on the hard cases.

5.2 Task 2: Transfer competence

We report Task 2 results in two parts. First, we
present human annotation results from trained lin-
guistics and translation students, offering a detailed
view of model behavior on a curated subset. Sec-
ond, we scale the analysis using an automatic eval-
uator, enabling systematic benchmarking of trans-
lation creativity across many models and prompts.

Analysis based on human annotation. Table 2
presents the confusion matrices of acceptability and
creativity levels for (a) human translations and (b)
the top three LLM systems (with base prompt on
Task 2), for English—Chinese (En—Zh) and English—
Dutch (En—N1). Each cell indicates the proportion
of UCP translations labeled with that acceptabil-
ity—creativity combination.

Most human translations of UCPs fall into high
acceptability with medium or high creativity. In En—
Zh, 77% of UCP translations are rated highly ac-
ceptable, with 38% at medium and 21% at high cre-

Level of creativity

a. Human Translation

En-Zh En-NL

Level of Acceptability

low medium high sum low medium high sum

low 0.04 0.01 0.00 0.04 low 0.11 0.11 0.01 023
medium 0.12 0.04 0.03 0.18 medium 0.24 0.17 0.04 045
high 0.19 0.38 0.21 [0.77 high 0.10 0.14 0.08 0.32
sum 0.34 0.42 0.24 sum 0.45 0.42 0.12

b. Top-3 LLM per creativity score
En-Zh En-NL

low medium high sum

low 0.15 0.00 0.00 0.15 low 0.07 0.09 0.01 0.17
medium 0.19 0.05 0.01 025 medium 0.28 0.14 0.02  0.44
high 0.38 0.21 0.02 | 0.60 high 0.24 0.15 0.00 0.40
sum 0.71 0.26 0.03 sum 0.60 0.38 0.02

low medium high sum

Table 2: Confusion matrices of acceptability and cre-
ativity levels for (a) human translations and (b) the top
three LLM systems on Task 2, for English—Chinese
(En—Zh) and English-Dutch (En—NIl). Cells show the
proportion of UCP translations labeled with each accept-
ability—creativity combination; row and column sums
give the corresponding marginals.

ativity. The En—NI data exhibits a slightly different
pattern, with a higher portion of low-acceptability
cases, possibly due to the use of older human
translation versions. For both language pairs, hu-
mans converge on medium and high acceptability
with non-trivial creativity: En—Zh contains roughly
twice as many high-creativity decisions as En—NI,
suggesting that more distant language pairs (e.g.,
En-Zh) may require more creative solutions than
closer pairs (e.g., En—NI).

By contrast, top LLMs produce translations in
low-creativity but still acceptable regions. In En—
Zh, 60% of UCP translations are highly accept-
able, yet 38% fall into the high-acceptability/low-
creativity cell and only 2% reach high creativ-
ity. In En-NI, 40% are highly acceptable, but
similarly, only 2% achieve high creativity. Over-
all, LLLMs favor literal, low-creativity solutions,
whereas humans more often yield high acceptabil-
ity with medium or high creativity. For examples
illustrating these patterns, see §A.2.5.

Analysis based on automatic annotation:
prompt effects on translational creativity. We
analyse how prompt framing affects creative trans-
lation for 23 models on the En—Zh pair, covering
over 7k translated UCPs. Figure 3a shows cre-
ativity scores under four prompts (base, P1-P3)
varying in how explicitly they encourage creativ-
ity. Overall, the score distributions largely over-
lap (with the base prompt and p2 slightly worse),
indicating no clear separation among prompts
and no monotonic gains. At the model level,
7 of 23 systems achieve their best score under
P3, with only Mistral-Large at 0.167, closer to
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Figure 3: (a) Kernel density estimates of creativity scores for 23 En—Zh models under four prompts (base, P1-P3)

obtained via automatic annotation. Prompts encode increasingly explicit creative instructions. “e
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marks expected

values. (b) Source comprehension (Task 1; F1) versus creative transfer (Task 2). The blue line indicates human
performance. Each model’s point reflects its best creativity score across the four prompts.

human creativity at 0.246.” Across all mod-
els and prompts, only three systems ever exceed
0.1 (Mistral-Large, Mistral-Small-Creative, and
Qwen3-235B-Thinking); all others peak between
roughly —0.10 and 0.03. Prompting shifts behav-
ior only marginally, and most models remain in
the low-acceptability/creativity region. For many
systems, greater creative freedom is even coun-
terproductive, leading to ungrounded elaborations
that lower scores. DeepSeek-V3.2, Jamba-Large,
and LLaMA3.1-405B perform best under the base
prompt and degrade under more creative freedom.
Overall, prompt framing has modest and uneven
effects. Except for Mistral-Large, the rest of the
LLMs fall well below human creativity score.

Comprehension—creativity relationship. We
examine the relationship between comprehension
performance (F1) and creative transfer measured
by creativity score. Figure 5 (appendix) shows
results based on human evaluation, while Fig-
ure 3b presents automatic evaluation for the En-
glish—Chinese pair (plotting each model’s best
score across the four prompts). Under human eval-
uation, comprehension and creativity are positively
associated for both language pairs: En—Zh (Spear-
man p = 0.771, p = 0.072) and En-NI (Spearman
p = 0.714, p = 0.047). Automatic evaluation
across 23 models yields a weaker but more signifi-
cant correlation (p = 0.278, p = 0.007). Overall,
better comprehension only mildly supports creative
transfer, independent of model size. Human evalu-
ation further highlights language-distance effects:
the more distant En—Zh pair exhibits uniformly
lower creativity scores and a larger gap from hu-
man performance, consistent with evidence that

"See Table 13 in the appendix for detailed scores from
automatic annotation.

linguistic and cultural distance increases transla-
tion difficulty (Ploeger et al., 2025).

6 Conclusion

In this paper, we presented a novel paired-task
framework for evaluating literary translation that
jointly measures source-text understanding (Task
1) and creative transfer (Task 2) on difficult trans-
lation units, combining expert annotation with au-
tomatic evaluation to compare models, prompts,
and language pairs at scale. Our results show that
performance across tasks is only moderately corre-
lated, i.e., strong comprehension does not reliably
lead to creative translations. Across more than 1k
translations and 7.5k UCP evaluations, all but one
LLM remain well below human creativity. Scaling
and thinking yields only limited gains, and the gap
is larger for the more distant English—Chinese pair.

We also provided validity evidence for the eval-
uation framework. The adversarial ablation study
suggests that Task 1 is largely context-grounded,
with rare label changes across 200 cases, although a
small number of responses still draw on memorized
source-text knowledge. For Task 2, the LLM-as-a-
judge is more reliable for system-level comparison
than for segment-level labeling, supporting its use
for model comparison while also warranting cau-
tion in fine-grained interpretation.

Overall, these findings indicate that current
LLMs have not yet reached human parity in trans-
lational creativity, echoing the conclusion of Zhang
et al. (2025a), who report similar limitations in
overall translation quality. At the same time, the
modest gains from creativity-oriented prompting
suggest that tailored or more advanced prompt engi-
neering remains a promising direction for improv-
ing creative generation.
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Limitations

While we include creativity-oriented prompts, we
do not systematically explore the broader prompt
design space or advanced methods that could fur-
ther boost creativity, such as multi-agent systems
(Lin et al., 2025), decoding exploration, or fine-
tuning. Future work could investigate these direc-
tions more comprehensively to reveal additional
gains in translational creativity.

Although we include both close and distant lan-
guage pairs, our evaluation is still dominated by
high- and medium-resource pairs, and annotated
datasets for translational creativity remain scarce
overall. This highlights the need to substantially
expand the dataset size, cover more languages, and
develop dedicated evaluation resources for low-
resource languages within the literary domain.

Our corpus primarily consists of well-known
classic literary works, which may already be in-
cluded in LLM pre-training data. This raises po-
tential data-exposure concerns and suggests that
our results may represent optimistic upper bounds.
Although our ablation study provides evidence that
LLM comprehension is driven largely by the given
context, we also observe that some models may
rely on memorization during reasoning. Extending
the framework to newer books, diverse genres, and
underrepresented authors, ideally with stricter con-
trol over training-data exposure, will be important
for future work.

Ethical Considerations

We use public-domain classic books and their trans-
lations in our dataset, subject to local copyright
constraints. For datasets containing copyrighted
material, we rely on fair-use principles for research
and academic purposes.

For human evaluation, we obtained informed
consent from all participating crowd workers and
trained student annotators, and their contributions
are recorded anonymously without any protected
demographic or personal information.

Potential risks. Potential risks of our dataset in-
clude reinforcing biases toward high- and medium-
resource languages, while effects on underrepre-
sented low-resource languages remain unknown
due to limited coverage. These risks call for care-
ful, responsible use and interpretation of bench-
mark results, as well as future work toward more
comprehensive and inclusive dataset coverage.

Licensing and intended use. Our implementa-
tion builds on components from fastllm-kit 0.1.9
(MIT License). Our use of these artifacts, as well
as the LLMs employed in this work, complies with
their respective licenses and usage policies. This re-
lease is intended solely for research and evaluation
in literary translation.

PII in data. We rely exclusively on existing,
publicly available book sources and translations.
We have not conducted independent, systematic
checks for personally identifiable information (PII)
in these datasets, as we consider this the responsi-
bility of the original writer and publisher. Because
our work uses literary excerpts, some texts may
contain offensive language; in this context, such
content reflects the original material and can, in
some cases, be directly relevant to the research
questions.

Packages. We use the fastllm-kit 0.1.9. The fol-
lowing important dependencies are used: scipy
1.10.1, scikit-learn 1.2.2, seaborn 0.11.2, transform-
ers 4.40.0, and openai 1.56.2 (for API calls).
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A Dataset construction

A.1 Task 1 details
A.1.1 Translation difficulty

Tables 3 and 4 contain the prompt with the defini-
tion of translation difficulties, i.e., Units of Creative
Shift (UCPs).

A.1.2 Task 1 annotation guideline

Overview You will evaluate whether a claim (a
short statement) is True, False, or Problematic,
based on the provided source excerpt and the main
quote.

For each claim, you must:

Read the source carefully

Decide if the claim is True, False, or Problematic.
Provide a short reasoning.

Assign a confidence score (1-5).

Step 1: Read the source carefully.

Read the excerpt thoroughly. Pay special attention
to the highlighted quote. This is the key evidence
for evaluating the claim.

Step 2: Judge the claim

Label each claim with one of the following:

e True: The claim is factually correct and is
clearly supported by the source excerpt/quote
or corresponding background.

False: The claim contradicts or misrepresents
the source excerpt/quote.

Problematic: The claim cannot be reliably
judged because of: Grammatical errors or
broken syntax (unclear meaning). Vague-
ness/incompleteness (too little detail to eval-
uate). Irrelevance (unrelated to the given
source/quote).

You are an expert in literary translation. Your task
will be to carefully read and analyse the given
English literary texts as if you were translating
them, and to identify the different (stylistic) fea-
tures at a local level and determine whether these
features pose translation problems.

[Translation problem: definition]

1. Metaphors and original images: A metaphor
is a figure of speech in which a word or phrase is
applied to an object or action to which it is not
literally applicable, but helps explain an idea or
make a comparison. E.g., Time is a thief.

2. Comparisons/simile: A figure of speech in-
volving an explicit comparison of one thing with
another thing of a different kind used to make a
description more empathic or vivid (often using
words like “like”, “-like”, “as”, and “-looking”.
E.g. Her smile was as bright as the sun.

3. Wordplay: Wordplay refers to the clever and
humorous use of words in a way that exploits
their multiple meanings, sounds, or structures.
E.g., He had a photographic memory but never
developed it. E.g., I scream for ice cream.

4. Cultural and historical references: References
to culture-specific items or historical events, fig-
ures, or practices. E.g., Achilles heel, French
Revolution

5. Idiomatic phrases: An idiom is a phrase or
expression that largely or exclusively carries a
figurative or non-literal meaning. E.g., piece of
cake, bite the bullet, break the ice

6. Rhyme and metrics: Use of rhyme and rhyth-
mic patterns E.g. It was the best of times, it was
the worst of times, it was the age of wisdom, it
was the age of foolishness, it was the epoch of
belief, it was the epoch of incredulity, it was the
season of light, it was the season of darkness, it
was the spring of hope, it was the winter of de-
spair. (Charles Dickens, A Tale of Two Cities)
7. Lexical variety & lexical deviation: The use of
a wide range of vocabulary, including infrequent
words, or departure from conventional meanings
and uses of words. E.g., a well-to-do girl of about
thirteen (Sarah Waters - Night Watch). E.g., A
great sport ... old Evie! (Agatha Christie - The
Mysterious Affair at Styles)

8. Proper names: Names of people, places, and
organizations. E.g., Albus Dumbledore (Harry
Potter - J.K. Rowling), Oompa-Loompas (Roald
Dahl - Charlie and the Chocolate Factory).

Table 3: Translation difficulty (1)
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Now read the following text and determine
whether it contains any translation problems or
not.

text

Please return the answer in the following format:
"problem_type": "metaphor"”, "problem_text":
"Time is a thief.", "reason":"explain why it is
a problem?", "problem_type": "simile", "prob-
lem_text": "Her smile was as bright as the sun.",

non

"reason":"explain why it is a problem?"
Table 4: Translation difficulty (2)

Step 3: Provide reasoning

Explain why you labeled the claim as True, False,
or Problematic. Cite or paraphrase the relevant part
of the source/quote whenever possible. Keep your
explanation short and clear.

Step 4: Confidence score

Rate how confident you are in your judgment on a
scale of 1-5:

* 5 = Very confident — strong evidence, no
ambiguity.

* 4 = Fairly confident — mostly clear, minor
uncertainty.

¢ 3 = Unsure — weak evidence or some ambi-
guity.

e 2 = Low confidence — claim is hard to inter-
pret, limited evidence.

¢ 1 = No confidence — claim is unable to inter-
pret, no evidence.

A.1.3 Book details
Table 5 lists the complete set of books.

Title Author Style/Genre Year Task2
Frankenstein Mary Shelley Gothic 1818 Y
‘Wuthering Heights Emily Bronté Gothic 1847 Y
Jane Eyre Charlotte Bront& Bildungsroman/Gothic 1847 Y
David Copperfield Charles Dickens Bildungsroman 1850 Y
Moby-Dick Herman Melville adventure 1851 Y
Uncle Tom’s Cabin Harriet Beecher Stowe ~ Anti-slavery 1852 Y
The Picture of Dorian Gray Oscar Wilde Philosophical/Gothic 1890

A Portrait of the Artist as a Young Man  James Joyce Modernist 1916
Mrs Dalloway Virginia Woolf stream-of-consciousness 1925 Y
Gone with the Wind Margaret Mitchell Historical 1936 Y
Animal Farm George Orwell Political satire 1945

Table 5: Book list

A.2 Task 2 details

A.2.1 Task 2 annotation guideline

Overview Your task is to evaluate how the
highlighted part of the source text has been
translated. Focus on the highlighted part and its
corresponding translation. Use the surrounding

text to check the acceptability and coherence
of the translation within the whole. The final
classification should be based on the highlighted
segment, but always consider the whole excerpt to
ensure the translation works in context.

Step 1: Read the source and translation. Identify
the highlighted part in the source text (ST). Locate
its corresponding target translation (TT). Read the
surrounding text to check whether the translation
is acceptable within the full sentence/paragraph.
Step 2: Classify the Translation

Detailed definitions:

* Not acceptable: The translation is either erro-
neous or not applicable.

— Error: The translation contains grammar
errors of various types or is overly literal.
E.g., literally translating "raining cats
and dogs" to its mere semantic equiva-
lent “dropping dogs and cats” rather than
"heavy rain."

— Not Applicable: If the translation can-
not be evaluated as a valid solution (e.g.,
distorts meaning beyond recognition but
does not contain grammar issues, “too
creative”; not acceptable to the target au-
dience at all), mark it as Not Applicable
(NA). E.g., Raining cats and dogs — A
storm of fur filling the heavens.

* Reproduction: The translation conveys the
same idea or image as the highlighted source.
May still vary in style or acceptability, but the
meaning is faithfully preserved.

— Retention: the TT keeps the original ST
term or expression, e.g., un Rioja — a
Rioja (borrowed as-is in English)

— Specification: the TT keeps the image of
the original ST and it either adds infor-
mation (e.g., explains the source text’s
image in the footnote) or it spells out
the ST, e.g., if there were an acronym
in English where you explained in En-
glish what it means: UNESCO (United
Nations Educational, Scientific and Cul-
tural Organization)

— Direct translation: the TT keeps the same
semantical and syntactical structure of
the ST. This covers literal translation in
its broader sense, that is, it is a correct
translation, not what a non-professional
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would call “literal translation”. E.g., She
lives in Paris. — FElla vive en Parfs. (She
lives in Paris.)

— Official translation: the TT uses a dif-
ferent translation, but this is an existing
translation. E.g., the name of institutions
from one country to another country (i.e.,
“professor” is “catedrdtico” in Spain).

* Omission: The highlighted source part is omit-
ted from the translation. An omission could
correspond to a) a creative solution (for exam-
ple, that text was omitted because it does not
make sense in the translation) or b) a short-
cut solution (for example, that text is omitted
because it is rather cumbersome to render).

Creative Shift (CS): translations that deviate
from a literal rendering of the source text to
create a more impactful, natural, or culturally
appropriate translation in the target language
in a meaningful or stylistically motivated way.

— Abstraction: Uses a more general or
vague expression. E.g., Superordinate
Term (e.g., “bird” for “sparrow”). Para-
phrase (rephrased in general terms).

* Superordinate Term: such as hy-
ponymy or meronym, that is a term
that corresponds to a more general
category, i.e., “un Rioja” translated
as “a wine.”

* Paraphrase: the words are modified,
but the underlying sense is kept, i.e.,
“un Rioja” translated as “a strong
wine”.

— Concretisation: Makes the idea/image
more explicit or detailed. E.g., Addition
(adds extra detail); Completion (fills in
implied meaning).

+ Addition: the TT text is replaced
by certain aspects of the ST, i.e., “a
wine” is replaced by “un Rioja”.

* Completion: the TT text completes
the ST with information that would
be implicit in the SC, i.e., “Charles
Lotton” for “el actor estadounidense
Charles Lotton”.

— Modification: Uses a different image
or metaphor without becoming more ab-
stract or concrete.

# Cultural: the TT uses an alternative
cultural reference from the target cul-

£3]

ture, i.e., “at New York University
is replaced by “en la Universidad
Auténoma de Madrid”

% Situational: something different in
the TT that fits the situation, i.e., “in
the 1960s series The Adams Family”
is replaced by “la serie de los afios
60 La familia Monster” for a TT in
Spain.

+ Historical: the TT is adapted to a
different time, i.e., this would be the
case of using inclusive language in
the TT.

e Uncertain

Step 3: Provide reasoning Briefly explain why
you chose that category.

Step 4: Confidence score Assign a confidence
score (1-5).

* 5 = Very confident — clear and unambiguous.

* 3 = Unsure — some ambiguity, but decision
possible.

* 1 = Cannot decide — too unclear to judge.

A.2.2 Automatic evaluation

Tables 7, 8, and 9 show the prompts used in
the LLM-as-a-judge setup. We evaluate by sam-
pling 12.8% of the human annotations, comparing
translation-technique labels, and reporting macro
F1 scores to account for label imbalance. Table
6 shows per-label precision, recall, F1, and the
confusion matrix.

At the segment level, the LLM-as-a-judge classi-
fier shows solid overall performance, with a macro
F1 of 0.710 (precision 0.722, recall 0.704) across
the three labels. Performance is strongest for Re-
production (F1 0.895), while Creative Shift is iden-
tified with moderate reliability (F1 0.700). The
most challenging category is Not acceptable (F1
0.533). At the system level, ranking performance is
substantially stronger: the model achieves a Spear-
man rank correlation of 0.799 with human rankings,
indicating that it is more reliable for comparing
systems overall than for making fine-grained judg-
ments on individual segments. This is consistent
with the fact that the resulting difference in overall
creativity score is small, at only 0.04. Taken to-
gether, these results give us reasonable confidence
in using the classifier for system-level comparisons,
while suggesting greater caution when interpreting
segment-level creativity labels.
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1. Copy the translation of the correponding highlighted word/phrases/sentences in the source
2. Read guideline carefully: [link]

3. Label the translation techniques of each highlihgted elements. Then determine the level of creativity and deviation from the source.

Type of UCPs Source hightlights Translation

highlighted

Labell Level of Le\{el.of Confi . ote

Jane Eyre (Source)

Label2 N
(op (short) (opt

creativity ional)

There was no possibility of taking a walk that day. We had been wandering, indeed, in the leafless shrubbery an hour in the morning; but since dinner (Mrs. Reed, when there was no
company, dined early) the cold winter wind had brought with it clouds so sombre, and a rain so penetrating, that further outdoor exercise was now out of the question.

cultural reference
lexical variety & lexical
lexical variety & lexical
idiomatic phrases

leafless shrubbery
clouds so sombre

a rain so penetrating
out of the question

BAMBRET I 5 BEM o
FIRE (RABARAN, 2@ 000
KARSBLERE) - @y AWHR
SHNERR  BEOEHK > A AR

HL ZNERIETEREN SEREmEA

N v m. v medu _ 3 ¥ Theword “J&
cr v m.. ~ high ¥ 4 v ltadds %X to
Cr v m.. - high ¥ 4~  “K"and ‘"
R v high ~  mediu _ 3~ CRUIEE"

Figure 4: Screenshot of the task 2 annotation tool.

Class Precision Recall F1
Reproduction 0.887 0.904 0.895
Creative Shift 0.778 0.636 0.700
Not acceptable  0.500 0.571 0.533
Macro 0.722 0.704 0.710
Confusion Matrix
Gold/Pred Reproduction  Creative Shift ~ Not acceptable
Reproduction 47 1 4
Creative Shift 4 7 0
Not acceptable 2 1 4
Sum 53 9 8

Table 6: Per-label Task 1 performance and confusion
matrix on the validation set. The top panel reports preci-
sion, recall, and F1 for each label, together with macro-
averaged scores. The bottom panel shows the confusion
matrix, with gold labels as rows and model predictions
as columns.

A.2.3 Creative-oriented translation prompts

Base:

Please translate the following literary excerpt into
{language}.

Excerpt: {excerpt}

Output only the {language} translation.

P1: You are a literary translator. Your goal is to
translate the source text into {language} in a way
that preserves its meaning, tone, stylistic effects,
imagery, voice, and cultural nuance, while produc-
ing a fluent and natural target-language text.
Excerpt: {excerpt}

Output only the {language} translation.

P2: You are a literary translator. Your goal is to
translate the source text into {language} in a way
that preserves its meaning, tone, stylistic effects,
imagery, voice, and cultural nuance, while pro-
ducing a fluent and natural {language} text. You
should balance fidelity to the original with selec-
tive creative decisions that help recreate literary
effects for {language} readers. When a literal ren-
dering would lose nuance or sound awkward, you
may adjust expressions or imagery that suits the
context.

Excerpt: {excerpt}

Output only the {language}

P3: You are a literary translator. This source text is

highly creative, and your translation should reflect
that creativity in {language}. You may employ Cre-
ative Shifts, meaning purposeful departures from a
literal rendering that create a more impactful, natu-
ral, or culturally resonant translation whenever they
meaningfully enhance the literary effect. Maintain
the core meaning and emotional intent of the origi-
nal while allowing yourself broad stylistic freedom.

Excerpt: {excerpt}
Output only the {language}

A.2.4 Model configurations

Temperature For Task 2 translation generation,
we set the decoding temperature to 0.7 to allow for
some randomness, in line with recommendations
for creative generation tasks (Peeperkorn et al.,
2024). For Task 2 auto-evaluation, we use a tem-
perature of O for the selected evaluator to ensure
reproducibility. For Task 1 source comprehension
on creative texts, we use a lower temperature of
0.3 to reduce randomness while still preserving the
model’s capacity to process literary content.

Model sizes For our experiments, we eval-
uate a broad set of contemporary LLMs.
From AI21, we include Jamba-Large and
Jamba-mini. From Anthropic, we use
Claude3.7-Sonnet and its reasoning variant,
Claude3.7-Sonnet-Thinking. We incorporate two
DeepSeek models (Deepseek-R1, Deepseek-V3.2)
as well as Google’s Gemini2.5-Flash-lite and
Gemini2.5-Flash. The Meta-LLaMa family is rep-
resented by LLaMa3.1-405b and LLaMa3.3-70b.
From Mistral AI, we evaluate Mistral-Large,
Mistral-Small, and  Mistral-Small-Creative.
We also include OpenAl models (GPT-4o,
GPT-40-mini, GPT-5.1) and a diverse set from
Qwen models (Qwen2.5-7B, Qwen3-235B w/o
Thinking, Qwen3-30B w/o Thinking). Finally, we
include X-AI’s Grok3 and Grok3-mini.
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You are an expert in literary translation studies.
Your task is to classify how a specific HIGH-
LIGHTED segment in a literary SOURCE text
has been translated into the TARGET language.
You must focus ONLY on:

- the highlighted source span

- its corresponding translated span extracted from
the target translation

Ignore the rest of the sentence except when it is
strictly necessary for context.

OUTPUT LABELS (YOU MUST PRODUCE
ALL FOUR)

1. Label: Translation Technique (choose exactly
ONE)

- Creative Shift (CS): translations that deviate
from a literal rendering of the source text to cre-
ate a more impactful, natural, or culturally ap-
propriate translation in the target language in a
meaningful or stylistically motivated way. Please
make sure the deviation of meaning or image is
rooted in the source. If the source meaning is not
reflected or much off, this choice should not be
labeled as a creative shift but unacceptable (not
applicable). Please check the inner logic of the
text; if the logic is wrong, then such a translation
is not acceptable.

- Reproduction: The translation conveys the same
idea or image as the highlighted source. May still
vary in style or acceptability, but the meaning is
preserved.

- Omission

- Not acceptable (Error): The translation contains
grammar errors of various types or is overly lit-
eral. E.g., literally translating "raining cats and
dogs" to its mere semantic equivalent “dropping
dogs and cats” rather than "heavy rain."

- Not acceptable (Not Applicable): If the transla-
tion cannot be evaluated as a valid solution (e.g.,
distorts meaning beyond recognition but does not
contain grammar issues, “too creative”; not ac-
ceptable to the target audience at all), mark it as
Not Applicable (NA). E.g., Raining cats and dogs
— A storm of fur filling the heavens.

- Uncertain

2. Level_of_creativity € [low, medium, high]:
How surprising, inventive, or non-routine the
translation choice feels within the given literary
context.

- low — routine, literal, unsurprising

- medium — some interpretive or stylistic choice
- high — clearly inventive, or unexpected

3. Level_of_acceptability € [low, medium, high]:
Overall translation quality and appropriateness in
context:

- low — clearly unacceptable as a translation

- medium — understandable but flawed, awk-
ward, or unstable

- high — logical, fluent, appropriate, and accept-
able for literary use based on the source text.
Make sure the word choice is conventional for the
audience, and make sure it adheres to the source
meaning without added information that is not
reflected or necessary in the source text. Explain
the reasoning why the acceptability is high.

4. Level of deviation € [low, medium, high]:

- low — meaning & imagery preserved

- medium — meaning & imagery partially pre-
served

- high — strongly reimagined meaning or image,
with added information

!l Please double-check to ensure the deviation
adheres to the source context. Be cautious in
cases of medium or high deviation, as this usu-
ally indicates changes that go beyond the source
meaning and are sometimes unacceptable accord-
ing to the source context and label definition. Be
very cautious with added meanings that are not
necessary! If the deviation is labeled medium
or high, explain exclusively why this choice is
acceptable.

! If a translation is labeled as a creative shift,
verify that it does not introduce excessive added
meaning that cannot be inferred from the source
or supported by the context. If it does, the trans-
lation is “too creative” and should be marked as
unacceptable (not applicable). Likewise, if the
translation is illogical or does not make sense in
the source context, it is also not acceptable.

Table 7: LLM evaluation prompt (1)

Table 8: LLM evaluation prompt (2)
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source: $source
highlighted source spans: $ucp

Example evaluation result:

$example

Translation to be analysed

translation: $translation

OUTPUT FORMAT (STRICT)

Return your answer in the following JSON-like
format ONLY: "highlighted_source": "<high-
lighted span1>", "translated_span": "<translated
spanl>", "label": "<Label>", "creativity_level":
"<Level_of_creativity>", "acceptability_level":
"<Level_of_acceptability>", "deviation_level":
"<Level_of_deviation>", "reasoning": "<reason-

ing>"

Table 9: LLM evaluation prompt (3)

Enzh En-NI

® 375T
Gemini2 5-flash
0.1 = GPT-do 37T
4 Grok3
00 + LLAMa3370
+  Qwen?b
-0.1 === Human GPTVAS

Gemini-flash
Gemini-flash
8

rok3-mini
L4 GPTho

Creativity score

-0.2 -
Grok3 i @7ST

GLAMa70
LLAMa70
04 L4 Qwen7b

<

082 084 086 088 0.90 092 082 084 0.86 088 090 092
F1 score F1 score

Figure 5: From source comprehension (Task 1, F1) to
creative transfer (Task 2, creativity score). Creativity
scores are based on human annotations of translation
outputs, and the blue horizontal line denotes the creativ-
ity score of published human translations.

A.2.5 Qualitative examples for Task 2:
Human vs. LLMs translations

Table 10 presents an En—Zh example based on hu-
man evaluation. It shows that, at the UCP level, the
human translation relies largely on reproduction,
but does so with greater precision, contextual sen-
sitivity (e.g., by echoing the character’s imagery),
and occasional creative judgment, even when these
choices are not formally labeled as creative shifts.
Together, these qualities provide a strong founda-
tion for creative adaptation. By contrast, GPT-40
still produces contextual interpretation errors that
are unacceptable in this setting and often sound
unnatural to native readers, leaving little room for
genuine creative adaptation. At the full-translation
level, GPT-40 also exhibits more errors overall and
tends to be more literal and less stylistically consis-
tent than the human translation.

Table 11 and Table 12 present En—NI translation
examples evaluated by human annotators. In the
previous example, both the human translation and
Claude3.7-Sonnet receive the same creativity score,
with outputs largely relying on reproduction at the
UCP level.

In contrast, in Table 12, the human translation
outperforms both model outputs. A key difference
lies in the greater syntactic and lexical diversity
exhibited by the human translator. The human ver-
sion demonstrates more flexible restructuring, var-
ied phrasing, and contextually appropriate lexical
choices. By comparison, both Claude3.7-Sonnet
and Gemini2.5-Flash produce translations that are
more homogenized, adhering closely to the source
structure and favoring more literal or conventional
formulations. This results in less variation at both
the syntactic and lexical levels, and fewer instances
of creative potential.

Overall, all examples highlight that while model
outputs can match human performance in low-
creativity settings, they still struggle to achieve the
same level of diversity, adaptability, and creativity.

A.2.6 Creativity scores across four prompts

Table 13 contains the creativity scores of the mod-
els per automatic annotation across four prompts.
“Avg.” denotes performance averaged over the four
prompts, while “Max” refers to the best perfor-
mance achieved among them.

A.3 Adversarial study: memorization effects
in Task 1

We run an adversarial evaluation to test whether
Task 1 claim judgments and reasonings are
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Source Translation ucp UCP Translation Label Reason
1801.— T have just Human
returned from a visit to ~
my landlord—the —\NO—= . FNIF solitary neighbour  FIEIAL R Reproduction Translating solitary into “JIfH” is
solitary neighbour that T FEV7i 5 AR Al ok.
. b BT
}}llilbl it;ecg;t);]ibxfley dawnhA i’s‘?‘zﬁiﬁﬁﬁ’]ﬁﬂ[ﬁ\gﬁ the stir of society A HFINEE Creative Shift Use “/2 1 for society is a good
[EE 1 LT AT
beautiful country! Inall ~ &FJ&F o X)L E & — Chmf;:fg t}?ls context, Also, "2
England, T do not ANEFM L fek and “ME&3” forms good collocation.
believe that I could have 4‘%*@5%?\1 0 A perfect misan- — PEIHMI  Reproduction I0s ok.
fixed on a situation so HERFEREIE X thropist’s heaven R R
completely removed *¢ﬁ25 At e B
from the stir of society. SERRRLERIHTT, — Mr. Heathcliff E e Reproduction I think the use of “#l” and “JF7”" is
A perfect AR AEAR AR to echo with the imagery of heath-
misanthropist’s heaven: o TR KA cliff.
and Mr. Heathcliffand I~ FIE& 553X ) LTEint — E—— - = -
are such a suitable pair = A E H— divide the desola- 77 %X JLFE/AH  Reproduction It adds “5t 4 to the translation of
to divide the desolation W o —AMHEWPEI N | tion between us desolation, which is creative and
between us. A capital helps reader’s understanding.
!
fellow! A capital fellow — NI Reproduction “4s fE )" expressed the connota-
tion of capital.
GPT-40
180 15— NN A solitary neighbour AfE— AR Not acceptable Translating solitary into “Mf —”
iR R E (Not Applica-  (single) is not acuurate.
He—ARFRME— 2 ble)
YT St A A) 5 &
%&Eiﬁéggiﬁ A the stir of society HETE R Reproduction Translating stir to “FE 23" is a cre-
EREE %*HE ative choice. The collocation “ft:
E%/I\ﬁfg\f &%Tg 2:ME B is not that good, but it’s
&j\i%ﬂ}}] B EE AT acceptable.
EJ: = HAEE? Eﬁiﬁ]ﬁ o X A perfect misan- —P5EEHIKHE Reproduction It’s ok.
E#J‘_T‘:%Eﬁﬁ@% thropist’s heaven HHIRE
oK. mRAIA
ﬁﬂ?ﬁ%*‘iizﬁﬂﬁ?’é Mr. Heathcliff A RS Reproduction It’s simply the transliteration.
FEIELF A DL R 904E e
TR . EEAT divide the desola-  F:[F 4 #HiX {35 Not acceptable 1 think this is unacceptable. “534H”
RABIFIK | tion between us b (Not Applica-  is used for something negative, but
ble) here the desolation is not.
A capital fellow HENTAER  Reproduction Capital does mean excellent, but
ik here it’s not enough to just trans-

late it into * T /N2 HY”. It has more
contextual meaning.

Table 10: Example translation excerpt from Wuthering Heights for English—Chinese (En—Zh) Task 2, comparing
human translation and GPT-40 outputs. Under the proposed creativity scoring scheme, the human translation obtains
a score of 0.17 (1/6), while GPT-4o is assigned a score of —0.33 (—2/6). Other translation errors are highlighted in
red.
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Source Translation ucCp

UCP Translation Label Reason

There was no

Human

possibility of taking
a walk that day. We
had been wandering,

Het was die dag niet mogelijk om
te gaan wandelen. Weliswaar

leafless shrubbery

rather literal translation in
Dutch; perfectly acceptable

kale struikgewas Reproduction

hadden we ’s morgens een uur
door het kale struikgewas
gedwaald, maar sinds het
middageten (mevrouw Reed at
vroeg als er geen bezoek was) had
de koude winterwind zulke

indeed, in the leafless
shrubbery an hour in
the morning; but
since dinner (Mrs.
Reed, when there
was no company,

donkere wolken en zo’n
doordringende regen meegevoerd
dat er nu geen sprake meer van

dined early) the cold
winter wind had
brought with it

kon zijn om wat beweging

clouds so sombre, ! !
buitenshuis te nemen.

and a rain so )
penetrating, that tion
further outdoor

exercise was now out

of the question.

clouds so sombre zulke  donkere  Creative Shift donker = dark instead of
wolken ’sombre’; structure itself
cannot be retained in Dutch,
so I did not take that into ac-
count
arain so penetrat-  zo’'n  doordrin-  Reproduction literal translation apart from
ing gende regen structure (which cannot be
retained in Dutch)
out of the ques- geen sprake meer  Reproduction I labeled it as ‘reproduction;

van as it is a multiword expres-
sion that is always translated
as such. No idea how to la-
bel it as a UCP

Claude3.7-Sonnet

Er was geen mogelijkheid om die
dag een wandeling te maken. We
hadden inderdaad ’s ochtends een

uur in de kale struiken
rondgedwaald; maar sinds het
middageten (mevrouw Reed
dineerde vroeg wanneer er geen

gezelschap was) had de koude
winterwind zulke sombere wolken
en zo’n doordringende regen
meegebracht, dat verdere

ing

leafless shrubbery  kale struiken Reproduction “struiken” = “bushes”; is al-
most same image; deviates
a little bit
clouds so sombre zulke  sombere  Reproduction literal translation apart from
wolken structure (which cannot be
retained in Dutch)
arain so penetrat-  zo’'n  doordrin-  Reproduction literal translation apart from

structure (which cannot be
retained in Dutch)

gende regen

buitenactiviteit nu uitgesloten was.
tion

out of the ques-

uitgesloten Creative Shift uitgesloten = impossible

Table 11: Example translation excerpt from Jane Eyre for English-Dutch (En—NI) Task 2, comparing human
translation and Claude3.7-Sonnet outputs. Under the proposed creativity scoring scheme, both translations receive a

score of 0.25 (1/4).

grounded in the provided paragraph rather than
in memorized source knowledge. We sample 25
claims from Jane Eyre, Frankenstein, Mrs Dal-
loway, and Animal Farm and evaluate 8 models,
yielding 200 cases in total. For each case, we adver-
sarially modify the paragraph and remove related
background context, so that the model must rely
only on the modified paragraph and the question.

These edits preserve surface plausibility while
breaking alignment with the original text. We use
two attack types:

Entity substitution. We replace salient details
such as names, locations, and book-specific ref-
erences; for example, Jane to Mary, Geneva to
Germany, or Bewick’s History of British Birds to
Wick’s History of British Elephants. The paragraph
remains fluent, but key factual anchors are altered.
Plot or attribute swap. We modify key character or
event properties, such as reassigning actions, ex-
changing appearances, or changing a character’s
gender. In Animal Farm, for example, this can re-
assign traits or roles in a locally coherent way that
conflicts with the original story.

We evaluate GPT-4o0, GPT-5.1, Claude3.7-

Sonnet, Claude3.7-Sonnet-thinking, = Grok3,
DeepSeek-R1,  Mistral-Small-Creative, and

Mistral-Large. We measure (1) whether the Task 1
label changes under adversarial perturbation and
(2) whether the explanation includes unsupported
references to the original plot or characters, which
we treat as evidence of memorization.

Label changes are rare. Out of 200 cases, we
observe 2 label changes for Claude3.7-Sonnet,
DeepSeek-R1, and GPT-40; 1 for Claude3.7-
Sonnet-thinking, GPT-5.1, Grok3, and Mistral-
Large; and O for Mistral-Small-Creative, corre-
sponding to an overall rate of 5.0% (10/200).
Memorization-like effects are similarly infre-
quent: unsupported references occur in 1 case for
Claude3.7-Sonnet and Grok3, and in 2 cases for
DeepSeek-R1, GPT-40, Mistral-Large, and Mistral-
Small-Creative; this again corresponds to 10/200
cases (5.0%). Table 14 presents three representa-
tive examples illustrating both evidence-based and
memorization-affected reasoning under the same
judgment label.

Overall, the adversarial results suggest that Task
1 is a largely valid test of context-grounded reason-
ing. In most cases, models derive their judgments
from the provided paragraph, and adversarial per-
turbations rarely change the final label. At the
same time, we identify a small number of cases

40881



Source Translation ucp UCP Translation Label Reason

[...] all I know is, that Human

there was but one

solitary bidding, and [...] Ik weet niet of de zeevarenden op dat olitary  bid- bod Omission solitary is not translated, it is seen as
that was from an tijdstip slecht bij kas waren of de voorkeur ding part of "één", which is correct mean-
attorney connected gaven aan zwemgordels, maar het is een feit dat ingwise but it leaves out something
with the bill-broking er slechts één bod werd gedaan en dit wel door ‘ A - » .
business, who offered een wisselmakelaar, die aanbood twee pond in bill-broking / Creative Shift here the "attorney connected with" is
two pounds in cash, contanten en de rest in sherry te betalen, maar business translated as "wisselmakelaar” which
and the balance in geen penny meer wilde geven om tegen in turn results in a change in transla-
sherry, but declined to verdrinken gewaarborgd te zijn. Dientengevolge tion for the rest of this NP, it is more
be guaranteed from waren de onkosten van de advertentie noodeloos abstract

drowning on an gemaakt—mijne arme moeder was in die dagen . . R . . R
higher bf.rgaim Y genoodzaakt haar eigen wijn zelfs te at a dead loss noodeloos Reproduction 'IJ;}tnir‘ﬂ:nt:f: :sesgsehiihgil:::rﬁ 11:)1[(1:{2:1;::]%
Consequently the verkoopen—en tien jaar later werd de helm both d b > >
advertisement was ergens in onze buurt onder vijftig deelnemers too bothered by it

withdrawn at a dead verloot tegen een halve kroon per hoofd, terwijl at half-a-  tegen een halve Reproduction pretty literal translation but it makes

loss—for as to sherry,
my poor dear mother’s
own sherry was in the
market then—and ten
years afterwards, the
caul was put up in a
raffle down in our part
of the country, to fifty
members at
half-a-crown a head,
the winner to spend
five shillings.

de winner nog vijf shilling zou toegeven.

crown a head

kroon per hoofd

sense not to change the monetary value,
"head" sounds quite old, there are bet-
ter options.

Claude3.7-Sonnet

[...] het enige wat ik weet is dat er slechts één
enkel bod kwam, en dat was van een advocaat
verbonden aan het wisselmakelaarsbedrijf, die
twee pond contant bood en de rest in sherry,
maar weigerde tegen een hogere prijs
gegarandeerd te worden tegen verdrinking.
Bijgevolg werd de advertentie ingetrokken met
een volledig verlies - want wat betreft sherry, de
eigen sherry van mijn arme lieve moeder stond
toen al te koop - en tien jaar later werd de helm
verloot in ons deel van het land, aan vijftig
deelnemers tegen een halve kroon per persoon,
waarbij de winnaar vijf shilling moest uitgeven.

solitary bid-
ding

enkel bod

Reproduction

great translation

bill-broking
business

wisselmakelaarsbedrijf

Reproduction

pretty literal translation, again I don’t
know why "wisselhandel" is not used
since that is the most used term

at a dead loss

met een volledig
verlies

Reproduction

good translation, I like the alliteration

at half-a-
crown a head

tegen een halve
kroon per persoon

Reproduction

pretty literal translation but it makes
sense not to change the monetary value.
I also like the use of "persoon" instead
of "hoofd", it sounds much better

Gemini2.5-Flash

[...] alles wat ik weet is dat er maar één enkel
bod was, en dat kwam van een advocaat die
verbonden was aan de wisselmakelaardij, die
twee pond contant bod en het restant in sherry,
maar weigerde om bij een hogere deal
gegarandeerd te worden tegen verdrinking.
Bijgevolg werd de advertentie ingetrokken met
een totaal verlies—want wat sherry betreft, de
eigen sherry van mijn arme dierbare moeder
was toen al op de markt—en tien jaar later werd
de helm in onze streek verloot onder vijftig
leden voor tweeénhalve shilling per persoon,
waarbij de winnaar vijf shilling moest besteden.

solitary bid- enkel bod Reproduction great translation

ding

bill-broking wisselmakelaardij Not acceptable wisselmakelaardij doesn’t exist, I think
business (Error) it’s meant to be "wisselmakelarij" but I

don’t know why "wisselhandel" is not
used since that is the most used term

at a dead loss

met een totaal ver-
lies

Reproduction

good expression in Dutch

at half-a-
crown a head

voor tweeénhalve
shilling per persoon

Creative Shift

the translation changes "half-a-crown"
to another British monetary value
"shilling" that is maybe slightly better
known by Dutch speaker, so it makes
sense.

Table 12: Example translation excerpt from David Copperfield for English-Dutch (En—NI) Task 2, comparing
human translation and the outputs of Claude3.7-Sonnet and Gemini2.5-Flash. Under the proposed creativity scoring
scheme, the human translation receives a score of 0.25 (1/4), whereas both model outputs receive a score of 0.
Translations with high similarity are highlighted in blue.
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Creativity score

Model

Avg. Max
Claude3.7-Sonnet -0.110  -0.071
Claude3.7-Sonnetonnet-thinking  -0.061 ~ 0.012
Deepseek-R1 0.039  0.071
Deepseek-V3.2-exp 0.018  0.060
Gemini2.5-Flash (lite) -0.140  -0.095
Gemini2.5-Flash -0.042 0.024
GPT4o0 -0.064 -0.014
GPT40-mini -0.196  -0.167
GPT5.1 -0.090 -0.083
Grok3 -0.054  0.012
Grok3-mini -0.104  -0.012
Jambal.7-Large -0.348  -0.274
Jambal.7-Mini -0.586 -0.548
Llama3.1-405b -0.208 -0.167
Llama3.3-70b -0.238  -0.179
Mistral-Large 0.083 | 0.167
Mistral-Small -0.130  -0.060
Mistral-Small-Creative -0.012 = 0.107
Qwen2.5-7b -0.243  -0.167
Qwen3-235b -0.065 -0.036
Qwen3-235b-Thinking 0.048  0.108
Qwen3-30b 0.045  0.060
Qwen3-30b-Thinking -0.033  0.024

Table 13: Creativity scores of models across four prompts. “Avg.” denotes performance averaged over the four
prompts, while “Max” refers to the best performance achieved among the prompts.

Model Mode Reasoning

adversarial ~ The quote states that the “letterpress” of
but sometimes skips certain introductory pages. “Letterpress” historically

refers to the printed text (as opposed to illustrations or plates), not to a particular reading
habit that excludes images. Nothing in the passage says she only reads the letterpress
and ignores illustrations; illustrations are not even mentioned. The claim adds a contrast
(text vs. images) that is not grounded in the quote.

original Jane explicitly chooses “a volume, taking care that it should be one stored with pictures,’
and then says “the letterpress thereof I cared little for” She prefers the illustrations and
cares little for the text, the opposite of only reading letterpress and ignoring images.

GPT-5.1

g

Claude3.7-Sonnet adversarial ~ This claim contains a - the white stripe is on , not .
’ Additionally, this physical detail is explicitly connected to and
perceived intelligence in the text: *A white stripe down gave him a somewhat

stupid appearance.” The physical trait directly relates to character perception and is
immediately followed by commentary on his actual intelligence, showing it functions
beyond mere physical description to establish character.

original Boxer’s "white stripe down his nose’ is not merely a physical detail but directly tied
to character development, as the text explicitly connects this feature to his appearance
of stupidity: *A white stripe down his nose gave him a somewhat stupid appearance,
and in fact he was not of first-rate intelligence.” This physical trait serves as visual
shorthand for Boxer’s intellectual limitations, which will become significant to the plot
as the story progresses. The detail helps establish Boxer’s character as physically strong
but intellectually limited, a crucial aspect of his role in the allegory.

>

adversarial ~ The quote seamlessly blends external social reality (e.g., ’s workload, S
men arriving, the practical task of buying ) with Clarissa Dalloway’s interior
perception (e.g., her reflective thoughts about the day feeling ’fresh as if issued to
children on a beach’). This juxtaposition of the mundane and the poetic, the external
and the internal, is characteristic of Woolf’s stream-of-consciousness style, where
disparate elements coexist in a single narrative breath.

original The passage seamlessly blends social reality (e.g., Lucy’s work, the removal of doors)
with Clarissa’s interior perception (e.g., her sensory and emotional response to the
morning). This fusion is a defining feature of Woolf’s modernist approach.

Mistral-Large

Table 14: Examples of model responses on original and adversarially modified inputs. highlights denote
evidence-grounded reasoning, while red highlights denote failures, including cases where the model relies on details
from the original text rather than the modified evidence. Text in italics highlights evidence drawn from the original
passage.
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in which explanations rely on source-text knowl-
edge rather than the modified evidence, indicating
that memorization can still affect reasoning. Taken
together, these findings suggest that Task 1 primar-
ily measures contextual comprehension, while also
motivating explanation-level analysis to detect oc-
casional effects of prior exposure.
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