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Abstract

Literary translation requires balancing target-
language fluency with faithfulness to the source.
Recent large language models (LLMs) often
produce fluent translations, but it remains un-
clear whether fluency corresponds to seman-
tic preservation in literary text. We examine
this relationship using 130,486 translated para-
graphs from 106 novels in 16 source languages,
including human, Google Translate, and Trans-
lateGemma translations. Fluency is measured
as original-likeness with a translationese clas-
sifier trained on paragraph part-of-speech n-
grams, and faithfulness with the automatic
translation evaluation metric COMET-KIWI.
We control for paragraph length and find a
consistent negative correlation between fluency
and faithfulness. The pattern appears for both
human and Google Translate, but is weaker
and often non-significant for TranslateGemma.
These results show that segment length matters
for automatic evaluation and suggest a trade-
off between fluency and faithfulness in literary
translation. !

“FEither the translator leaves the writer in peace as
much as possible, and moves the reader toward
him, or he leaves the reader in peace and moves
the writer toward him.”

Friedrich Schleiermacher, On the Different
Methods of Translating (1813)
transl. Susan Bernofsky

1 Introduction

Since Schleiermacher’s famous formulation that
a translator must either "move the reader toward
the writer" or "move the writer toward the reader”,
translation theory has often treated fluency and fi-
delity as opposing poles. Yet this tension has rarely
been examined empirically at scale.
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Literary translation involves reconciling com-
peting objectives. Translators must produce text
that reads thoughtfully, smoothly, and accurately
in the target language while preserving the seman-
tic and stylistic content of the original. Figura-
tive language—often present in literary text—adds
a unique challenge. For example, a translation
that closely follows the source structure of an id-
iom or metaphor may preserve meaning but sound
unnatural or "foreign", while a highly fluent trans-
lation may involve paraphrasing or restructuring
that alters semantic content, glosses it, or attempts
to "domesticate" certain elements of the source
text in the target tongue. (Translation theorists use
different terms to describe this process; for exam-
ple, foreignization and domestication (Schleierma-
cher, 2012; Venuti, 1995) or deforming tendencies
(Berman, 2012).)

Recent large language models (LLMs) have
demonstrated strong performance in literary ma-
chine translation (Zhang et al., 2025; Karpinska
and lyyer, 2023; Wang, 2025). Prior work has pri-
marily evaluated LLM literary translation quality
using reference-based metrics or human evaluation,
as it is more difficult to assess results from quality
estimation (reference-free) evaluation metrics in
this domain (Karpinska and Iyyer, 2023). There-
fore, less is known about how fluency and quality
estimation metrics relate to one another in literary
machine translation.

In this work, we examine the relationship be-
tween fluency and faithfulness metrics at paragraph
level across human and machine translations. We
analyze a corpus of 130,486 translation paragraphs
from 106 novels spanning 16 source languages,
with human translations, Google Translate outputs,
and translations generated using TranslateGemma
(Finkelstein et al., 2026), a recent open translation
model based on the Gemma3 architecture (Team
et al., 2025).

We operationalize fluency as original-likeness,
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measured using a translationese classifier trained
to distinguish original English paragraphs from
translated English paragraphs. To isolate syntactic
fluency independent of semantic content, we train
the classifier on part-of-speech (POS) anonymized
text. We operationalize faithfulness using COMET-
KIWTI scores.

Using these measures, we compute correlations
between fluency and faithfulness separately for hu-
man translations, LLM translations, and a tradi-
tional machine translation system. We hypothesize
that LLLM translations may exhibit a tradeoff be-
tween fluency and semantic faithfulness, reflected
in a negative correlation between original-likeness
and adequacy scores, while human translations may
exhibit weaker or different relationships.

Our contributions are as follows:

* We introduce a large-scale paragraph-level
analysis of fluency and faithfulness in literary
translation, spanning over 130,000 paragraphs
across human, Google Translate, and LLM
translations.

* We propose a scalable framework for measur-
ing fluency independent of semantic fidelity
using POS-based literary translationese classi-
fication with book-level held-out evaluation.

* We apply reference-free quality estimation
(COMET-KIWI) to get a proxy for faithful-
ness across human, Google Translate, and
LLM literary translations.

* We provide empirical evidence that a negative
relationship exists between fluency and faith-
fulness signals and is more distinctly observed
among human literary translations of similar
lengths, signaling that COMET-KIWI does
not align with POS-based signals of fluency.

2 Related Work

2.1 Fluency and faithfulness in machine
translation evaluation

Machine translation quality has traditionally been
evaluated along two primary dimensions: fluency,
referring to the naturalness and grammaticality of
the target text, and faithfulness (or adequacy), re-
ferring to preservation of source meaning. Human
evaluation protocols commonly distinguish these
dimensions explicitly, recognizing that highly flu-
ent translations may diverge semantically from the

source, while highly faithful translations may ex-
hibit syntactic or stylistic interference from the
source language.

2.2 Translationese and
original-versus-translated classification

Translated text exhibits systematic differences from
text written originally in a target language, a phe-
nomenon known as translationese. Prior work has
shown that translated text can be distinguished
from original text using lexical, syntactic, and dis-
tributional features, including function word fre-
quencies (Koppel and Ordan, 2011), string kernel
methods (Popescu, 2011), part-of-speech perplex-
ity (Bizzoni et al., 2020), mean word length, sylla-
ble ratio, character n-grams, and others (Volansky
et al., 2015). These differences typically arise from
structural interference from the source language,
simplification, and normalization during transla-
tion.

In this work, we build on translationese detection
methodology to operationalize fluency as original-
syntactic-likeness, measured by a classifier trained
to distinguish original English paragraphs from
translated English paragraphs using features built
on ordered parts-of-speech input. We do not aim to
produce a perfectly accurate classifier; rather, our
goal is to produce a highly interpretable one.

2.3 Faithfulness measures in literary machine
translation

Automatic translation evaluation metrics such as
BLEU (Papineni et al., 2002) and METEOR
(Banerjee and Lavie, 2005) are limited, as they rely
on reference comparisons and often fail to produce
high overlap with human judgment. More recent
neural metrics such as COMET (Rei et al., 2020)
address these limitations by predicting translation
quality using multilingual encoders. COMET fine-
tunes pretrained multilingual language models to
estimate translation adequacy based on reference
and target text, and has been shown to have high
overlap with human evaluation (Lee et al., 2023).
Its reference-free variant, COMET-KIWI (Rei et al.,
2022), enables direct estimation of semantic faith-
fulness without requiring gold reference transla-
tions.

While neural evaluation metrics can be consid-
ered "black box" as to what their outputs are actu-
ally measuring (Karpinska et al., 2022), COMET
outputs were demonstrated to rely heavily on mul-
tilingual sentence representations derived from pre-
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trained encoders (Rei et al., 2023). Therefore,
COMET provides a scalable proxy for semantic
adequacy, which we interpret here as a signal of
faithfulness when analyzed alongside fluency mea-
sures.

Reference-based evaluation metrics work well
to evaluate the performance of machine transla-
tion systems, but they impose a difficulty when
comparing human to machine translations by re-
quiring a gold-standard reference. Quality estima-
tion metrics in machine translation are a valuable
tool, as they do not require reference translations to
compare source and target texts. Moreover, recent
advances have shown overlap between QE results
and human judgment in machine translation tasks
(Zervaet al., 2024; Specia et al., 2020). By correlat-
ing COMET-KIWI with syntactic fluency, we are
able to study how it performs for literary translation
evaluation.

3 Data

3.1 Aligned literary translation corpus

We use the Par3 Dataset from Thai et al. (2022), a
paragraph-aligned corpus of literary translations
spanning 113 novels and 122,819 source para-
graphs. The corpus includes source texts in 16 lan-
guages: Czech, Dutch, French, German, Hungar-
ian, Italian, Japanese, Norwegian, Persian, Polish,
Portuguese, Russian, Spanish, Swedish, Tamil, and
Chinese. For each source paragraph, the dataset in-
cludes two or more human translations (maximum
5), as well as machine-generated translations from
Google Translate.

We generate LLM translations using Trans-
lateGemma, a fine-tuned translation model suite
built on the architecture of Gemma3, evaluated
on WMT benchmarks across 55 languages that
demonstrates substantial improvements over the
base Gemma model (Finkelstein et al., 2026). We
use the 4-billion-parameter model version to retain
low overhead compute. We run inference on the
model through Ollama, an open-source tool to run
models locally. Translation prompts are given at the
paragraph-level, using the recommended prompt
technique for the model.

Paragraph alignment is provided as part of the
dataset release and further verified using multilin-
gual embedding similarity filtering (Section 4.3).

Human translations in the corpus span a range of
publication periods. Because translation publica-
tion dates are not made available with the dataset,

we do not condition analyses on this. However, we
do discuss implications of translation publication
dates on fluency measures (Section 7).

Duplicate and overlapping works. The Par3
corpus contains multiple entries corresponding to
the same underlying literary work, including cases
where a single novel appears multiple times. To
avoid overweighting individual works and introduc-
ing near-duplicate material into classifier training,
we identify and remove entries that represent the
same original text.

When multiple entries corresponded to a single
work (e.g., Les Misérables 1, Les Misérables 2), we
retain only the first representative volume. In con-
trast, distinct works by the same author (e.g., sepa-
rate novels within a series) are retained. This filter-
ing reduced the original dataset from 113 books to
106 books.

3.2 Original English comparison corpus

To train a translationese classifier, we use a cor-
pus of 115 English-language novels (i.e., originally
written in English) published between 1800 and
1930. In selecting the earliest dates for our original
dataset, we aimed to gather texts that would align
with an empirical translation lag from the source
texts in Par3, which were published between 1399?—
1982 but mostly clustered in the middle. Our 1930
ceiling reflects standard U.S. public domain con-
straints.

Paragraphs from this corpus serve as positive
examples of original English, while translated para-
graphs serve as negative examples.

4 Methods

We measure fluency and faithfulness independently
using translationese classification and quality es-
timation, respectively. This allows us to examine
their relationship across human and machine liter-
ary translations.

4.1 Fluency as original-likeness

We operationalize fluency as original-likeness, de-
fined as the degree to which a translated paragraph
resembles original English text.

To isolate syntactic structure independent of se-
mantic content, we anonymize each paragraph by

“Though the earliest source text in the Par3 dataset was
published in 1399, the majority (nearly 90%) were published
after 1800.
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replacing tokens with their fine-grained part-of-
speech (POS) tags, using a spaCy model. For ex-
ample:

Original: “Ivan asked Dmitry to meet
him at the inn for lunch today?” Alyosha
asked quickly.

POS-anonymized: “NNP VBD NNP TO
VB PRP IN DT NN IN NN NN .” NNP
VBDRB.

We use the POS-based classifier as our fluency
metric because it isolates syntactic structure inde-
pendent of lexical content, ensuring that fluency
reflects structural naturalness rather than topical or
lexical differences.

Minimum paragraph length filtering. To en-
sure that the classifier captures meaningful linguis-
tic structure, we exclude paragraphs shorter than a
minimum 20 word threshold. Short segments such
as chapter headings (e.g., “IV” or “Chapter VII”’) or
ornamental separators do not contain sufficient syn-
tactic structure to reliably distinguish original from
translated text. Including such segments would
introduce noise and potentially bias the classifier
toward non-linguistic artifacts.

Classifier training, preprocessing, and cross vali-
dation. We train a logistic regression classifier us-
ing TF-IDF features. Features include unigram, bi-
gram, and trigram n-grams, with a maximum vocab-
ulary size of 20,000 features. The classifier uses L2
regularization with inverse regularization strength
C' =10.0, class_weight=balanced, and a maxi-
mum of 2000 optimization iterations.

To minimize the influence of paragraph length
on classifier predictions, we downsample the trans-
lated class using ten paragraph-length bins derived
from the original-English text distribution. For
each bin, we randomly sample an equal number of
translated paragraphs to match the number of origi-
nal paragraphs in that bin. This procedure reduces
the dataset used for comparison from 264,487 to
130,486 paragraphs.

Because each source paragraph may have mul-
tiple translated versions (including human transla-
tions, Google Translate, and TranslateGemma out-
puts), the translated class contains varying numbers
of observations derived from the same underlying
content. To prevent paragraphs with more transla-
tion variants from disproportionately influencing

training, we assign each translated paragraph a sam-
ple weight inversely proportional to the number
of translations available for its source paragraph.
Specifically, if a source paragraph has n translated
versions, each translation is assigned weight 1/n.
Original English paragraphs are assigned uniform
weight.

To prevent leakage of book-specific stylistic fea-
tures, we perform 10-fold group cross-validation
using books as grouping units, ensuring that all
paragraphs from a given book appear exclusively
in either training or evaluation folds.

Because source languages are unevenly repre-
sented, we additionally stratify books by source
language when constructing folds. Languages with
only one or two books are combined into a sin-
gle “rare languages” stratum. This ensures that
each fold contains representation from as many lan-
guages as possible while preserving strict book-
level separation, and prevents classifier perfor-
mance from being driven by language-specific arti-
facts or imbalanced language representation.

Each paragraph receives an out-of-fold predic-
tion corresponding to the probability of belonging
to the translated class, P(translation | z). We de-
fine fluency as:

Fluency(x) = 1 — P(translation | z) (1)

Higher scores indicate greater similarity to origi-
nal English and therefore higher fluency.

Translationese classifier performance Table 1
summarizes the performance of the translationese
classifier. The classifier achieves strong perfor-
mance, confirming that translated paragraphs ex-
hibit systematic structural differences from original
English at paragraph level.

Macro F1
0.753

AUC
0.847

Features Accuracy

0.760

POS abstraction

Table 1: Performance of translationese classifier under
book-level cross-validation.

4.2 Faithfulness as semantic adequacy

We measure faithfulness using COMET-KIWI, a
neural metric trained to predict translation qual-
ity without reference translations. COMET-KIWI
takes as input the source paragraph and translated
paragraph and produces a scalar adequacy score
between 0-1.
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Gemma COMET vs Roundtrip BGE
Spearman r = 0.4497

0.8

0.7

Roundtrip BGE similarity

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
TranslateGemma COMET-KIWI score

Figure 1: Correlation between COMET-KIWI scores
and roundtrip semantic similarity for TranslateGemma
translations. Higher COMET-KIWTI scores correspond
to greater semantic consistency under roundtrip transla-
tion.

We use the Unbabel/wmt22-cometkiwi-da
model for quality estimation.

Sanity check: COMET-KIWI and roundtrip
semantic consistency. To verify that COMET-
KIWI provides a reliable signal of semantic faith-
fulness in our dataset, we compare COMET-KIWI
scores with roundtrip semantic similarity. For each
TranslateGemma output, we generate a roundtrip
translation by translating the English translation
output back into the source language. We compute
cosine similarity between the original source para-
graph and the roundtrip text using BGE-M3 mul-
tilingual sentence embeddings (Chen et al., 2024),
which has shown strong performance for a range
of multilingual tasks and supports long inputs.

We observe a strong positive correlation between
COMET-KIWI scores and roundtrip semantic sim-
ilarity (Figure 1), indicating that COMET-KIWI
captures semantic preservation consistent with in-
dependent embedding-based similarity measures.
This provides additional support for using COMET-
KIWTI as a reference-free proxy for semantic faith-
fulness in our literary translation task.

4.3 Guardrail filtering for alignment and
translation validity

To ensure reliable comparison, we apply several fil-
tering criteria to remove paragraphs with potential
misalignment or translation errors.

To make sure LLLM translations are valid, we
apply a length consistency filter, excluding para-
graphs where the TranslateGemma output exceeds
the Google Translate output by more than 500 char-

ooooo

nnnnn

Figure 2: Distribution of source—translation cosine simi-
larity using BGE-M3 embeddings. Low-similarity tail
primarily reflects misaligned or invalid paragraph pairs.

acters, which may indicate degenerate generation.
This consistency filter removes 42 LLM transla-
tions.

We then employ paragraph alignment validation,
filtering sentences below a cosine similarity thresh-
old, as described in detail below.

Alignment validation and filtering. Because
paragraph alignment in literary corpora may oc-
casionally contain errors or mismatches, we use
embedding similarity to identify potentially mis-
aligned translations. We compute cosine similarity
between source and translated paragraphs using
BGE-M3 embeddings for all translation types.

The distribution of similarity scores reveals a
long tail of low-similarity examples, particularly
among human translations (Figure 2). To assess
whether these low-similarity cases reflect true se-
mantic divergence or alignment errors, we manu-
ally inspect a random sample of 30 paragraphs from
the low-similarity tail. We find that over 93% of
these cases exhibit clear alignment errors, primar-
ily unrelated content. Table 2 shows representative
examples of these misalignments.

Based on this analysis, we apply a similarity
threshold to exclude paragraphs with low embed-
ding similarity, ensuring that subsequent analyses
focus on reliably aligned translations. Importantly,
we use embedding similarity rather than COMET-
KIWTI scores for filtering to avoid circularity, as
COMET-KIWI serves as our primary faithfulness
metric.

Overall, filtering on this cosine similarity thresh-
old reduced the translation corpus by 2.0%. This
primarily affected human translations, rather than
translations from Google Translate or Trans-
lateGemma.
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source_para gt_para translation cosine similarity

Rk ok x * Rk k% Go ask the artillerymen of 0.422
Saint-Roch ...

68. Par exemple la Sphynge, une 68. For example the Sphynge, a CHAPTER XIV 0.427

lionne ailée a téte de femme, qui  winged lioness with the head of a

interroge (Edipe. woman, who questions Oedipus.

— Kowmy ke onu npuseszsm?  Whom did they bring? “You have heard it all. 0.409

Table 2: Examples of low-similarity paragraph pairs manually identified as misaligned. In these cases, the
"translation” field contains content inconsistent with the aligned source paragraph (e.g., chapter headings or

unrelated narrative content).

5 Results

5.1 Raw fluency and faithfulness scores by
paragraph and by book

In Figure 3 we observe that human translations
appear at both higher and lower faithfulness thresh-
olds of the graph, while the Google Translate and
TranslateGemma results cluster near the top. The
contrast becomes more stark when reviewing the
bottom right quadrant, indicating lower faithfulness
but high fluency. In fact, 27.53% of human transla-
tions in our dataset score above 0.5 in our fluency
measure, while only 21.37% and 15.26% of Google
Translate and TranslateGemma (respectively) score
above this threshold.

5.2 Fluency-faithfulness association is
length-conditioned

We examine the relationship between fluency and
faithfulness using Spearman correlations between
fluency (1 - P(translation | )) and COMET-KIWI
adequacy scores.

When analyzing all paragraphs, we observe a
small overall association (p = —0.0374). How-
ever, stratifying by paragraph length reveals a clear
difference between long and short paragraphs: For
paragraphs shorter than 100 words, the correlation
between fluency and COMET-KIWI tends to be
larger (Spearman p = —0.086, p < 0.001). For
paragraphs of 100 words or longer, the relationship
reduces to nearly zero (Spearman p = —0.0151,
p < 0.05).

5.3 Paragraph length correlates with both
metrics

The length-stratified difference suggests that
paragraph length may confound the fluency—
faithfulness relationship. We therefore examine
correlations between paragraph length and each
metric across the full dataset.

Indeed, we find that paragraph length is nega-
tively correlated with COMET-KIWI scores (Spear-
man p = —0.2641, p < 0.001) and with fluency
(Spearman p = —0.1565, p < 0.001). Notably,
paragraph length is essentially uncorrelated with
embedding-based alignment similarity used in our
guardrail filtering (Spearman p = 0.0074), suggest-
ing that the negative relationship between length
and COMET-KIWTI is not driven by increasing mis-
alignment in longer segments.

Together, these results indicate that paragraph
length exerts substantial influence on both fluency
and adequacy metrics.

5.4 Controlling for length increases the
association between fluency and
faithfulness

To estimate the direct relationship between fluency
and faithfulness independent of paragraph length,
we compute a partial Spearman correlation con-
trolling for length. The association between flu-
ency and COMET-KIWI strengthens overall (par-
tial Spearman p = —0.0827, p < 0.001). Parcel-
ing this out by translation source, the signal is
weakly positive for TranslateGemma (p = 0.0129)
p < 0.05). It is negative for human translations
(p = —0.0783 p < 0.001) and Google Translate
(p = —0.0512 p < 0.001).

Stratifying the analysis by paragraph length re-
veals a similar pattern. Within each length bin, the
partial correlation between fluency and COMET-
KIWI remains negative, ranging from p = —0.068
for shorter segments (20-30 words) to p = —0.125
for mid-length segments (61-100 words), before
slightly declining in association for the longest seg-
ments (100+ words). Figure 4 illustrates these bin-
level correlations.

Interestingly, the pattern within length bins is
also similar to the global pattern: TranslateGemma
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Fluency vs COMET Score by Translation Source

All Paragraphs — Raw Scores
0.9

0.8 1

0.7 1

0.6 4

0.5 1

COMET Score

Gargantua And Pantagruel

0.0 0.2 0.4 0.6 0.8 10

Fluency

BN Tuman Translators (pooled)

Gargantua And Pantagruel

B TranslateGemma

Book Averages — Raw Scores

COMET Score

S ¢

0.4

0.3
0.1

0.2 0.3 0.4 0.5 0.6

Fluency

N Google Translate

Figure 3: Fluency vs. COMET-KIWI score by translation source. Points represent individual paragraphs (left)
and books (right), colored by source: human translators (purple), TranslateGemma (blue), and Google Translate
(orange). For human translations, scores are averaged across multiple translations. Labeled points indicate the
largest outliers by residual distance from the per-source fit line.

Aggregate p by Length Bin (ALL sources)

100+

61-100

4160 4

Paragraph Length Bin (words)

520,10

= e
p=.05

-0.15 —0.10
Partial Spearman p

31-40 1

20-30

-0.20 —0.05

Figure 4: Partial Spearman correlation between flu-
ency and COMET-KIWI after controlling for paragraph
length, computed separately for paragraph length bins.
The correlation is modest but consistently negative
across bins, with the strongest association appearing
for mid-length segments (61-100 words).

tends to have a weaker, sometimes positive cor-
relation, while human translations show stronger
negative correlations. More fine-grained variation
across translation sources is shown in Figure 5.

These patterns suggest that the global correla-
tion is affected by the differences between human
and machine translation outputs for these literary
paragraphs: while human translations show a con-
sistent negative relationship, both TranslateGemma
and Google Translate tend to show a weaker, some-
times positive relationship between fluency and
faithfulness.

Partial p by Source x Length Bin - TE-IDF (Downsampled, main model)

a2

Figure 5: Partial Spearman correlations between fluency
and COMET-KIWI by paragraph source and length bin.
Stars indicate statistically significant correlations (p <
0.05). Human and Google Translate translations show
a broadly consistent negative association across bins,
while the LLM-generated translations exhibit weaker
and often non-significant relationships.

6 Conclusion

This study examined the relationship between syn-
tactic fluency and semantic faithfulness in liter-
ary translation using a large corpus of paragraph-
aligned texts translated by humans, Google Trans-
late, and TranslateGemma.

Across the full dataset, COMET-KIWI scores
exhibited a negative correlation with paragraph
length, indicating that longer segments tend to re-
ceive lower predicted adequacy scores. To control
for this confounding factor, we regressed both flu-
ency and COMET-KIWI on paragraph length and
analyzed the residual signals. The resulting length-
controlled measures reveal a modest but consistent
negative association between syntactic fluency and
semantic faithfulness.

Additional analyses further support this pattern.
When paragraphs are grouped into length bins, the
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negative relationship between fluency and COMET-
KIWI becomes more pronounced across most bins.
This effect is visible for both human and machine
translations, though the signal remains weaker and
statistically non-significant for TranslateGemma.

Taken together, these findings suggest a small
but systematic tension between producing syntacti-
cally native-like English and preserving semantic
correspondence with the source text. While the
magnitude of the relationship is modest, the con-
sistency of the pattern across analytical approaches
indicates that the two signals are not entirely inde-
pendent.

This pattern also has implications for the in-
terpretation of automatic evaluation metrics. Be-
cause COMET-KIWI is trained to approximate ad-
equacy judgments, it may implicitly favor trans-
lations that preserve structural or lexical patterns
closely aligned with the source text. As a result, the
metric may partially reward signals associated with
translationese when those signals correlate with
surface-level source fidelity.

7 Discussion

One possible interpretation of these findings is that
COMET-KIWI captures aspects of translation qual-
ity that are not aligned with the notion of fluency
operationalized in this study. Our fluency measure
reflects the degree to which a paragraph’s syntactic
structure resembles that of original English prose.
By contrast, COMET-KIWTI is trained to estimate
semantic adequacy relative to the source text. The
weak negative association observed here therefore
suggests that producing highly native-like syntactic
patterns does not necessarily coincide with maxi-
mizing semantic correspondence as predicted by
COMET-KIWL

The behavior of the fluency classifier also pro-
vides a lens to examine stylistic differences be-
tween human and machine translations. Because
the model was trained on original English texts
published between 1800 and 1930, it captures the
syntactic distributions characteristic of that period.
Although exact publication dates are unavailable
for the human translations in Par3, nearly 90% of
the source texts were published after 1800, sug-
gesting that at least some translations may have
been produced within a similar historical context.
In addition, translators working on historical lit-
erary texts may intentionally approximate earlier
stylistic conventions in the target language. Con-

temporary machine translation systems and large
language models, by contrast, are typically opti-
mized for modern standard English and may only
mirror the language used in popular translations —
that is, those that appear most frequently in their
training data (Strobel and Maier, 2025). It is un-
clear whether modern models would naturally re-
produce historical stylistic patterns absent the high-
quality human examples in their training data. Con-
sequently, for books with fewer human examples,
model outputs may appear less "original-like" to
the classifier, even when they are grammatically
fluent.

More broadly, these findings echo long-standing
discussions in translation theory regarding the
tension between producing fluent target-language
prose and preserving the foreign structure of the
source text. While the correlations observed here
are modest, they suggest that computational metrics
may capture traces of this trade-off in large-scale
translation data.

Limitations

Some limitations should be considered when inter-
preting these results.

First, the metadata available for the dataset is lim-
ited. Information about translators and publication
dates of individual translations is not consistently
available. As a result, we are unable to analyze
how translator identity, translation era, or editorial
practices might influence the observed relationship
between fluency and faithfulness.

Second, the fluency measure used in this study
captures only syntactic signals derived from part-
of-speech patterns. While this abstraction helps
isolate structural aspects of translationese, it does
not account for lexical choices, stylistic register, or
rhetorical effects that may also influence percep-
tions of fluency. Future work could incorporate
additional stylistic features or human evaluation to
further contextualize these findings.
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A Classifier Variants

To evaluate the robustness of our findings, we train
several alternative versions of the translationese
classifier. These experiments test whether the ob-
served relationship between fluency and paragraph
length depends on specific modeling choices, par-
ticularly the feature representation and the use of
downsampling.

Our primary classifier uses TF-IDF weighting
on POS n-gram features. One concern with this
representation is that TF-IDF emphasizes rare fea-
ture combinations, which could cause the classifier
to rely disproportionately on infrequent POS pat-
terns rather than capturing broader syntactic ten-
dencies associated with translated text. To examine
this possibility, we train additional classifiers using
raw frequency counts of POS n-grams instead of
TF-IDF weighting.

We also test whether our downsampling strat-
egy, which balances paragraph length distributions
across classes, influences the relationship between
fluency and paragraph length. To assess this, we
train models both with and without downsampling.

Specifically, we train Logistic Regression classi-
fiers under the following configurations:

TEF-IDF, full dataset: all samples (264,487 para-
graphs), without downsampling Count features,
downsampled dataset: POS frequency counts with
length-balanced downsampling Count features, full
dataset: POS frequency counts using all samples

Across these variants, we observe that the cor-
relation between paragraph length and predicted
fluency increases relative to the primary model, in-
dicating that length sensitivity is not unique to the
TF-IDF representation.

Table 3 summarizes the results.

Despite these differences, the core findings re-
main stable across classifier variants. In particu-
lar, the negative partial Spearman correlation be-
tween fluency and COMET-KIWI persists, and the

Table 3: Robustness checks for alternative translationese
classifiers. Length-Fluency p denotes the Spearman cor-
relation between paragraph length and predicted fluency.
Partial p denotes the partial Spearman correlation be-
tween fluency and COMET-KIWI controlling for para-
graph length.

TranslateGemma condition remains largely non-
significant across paragraph-length bins.
These results are visualized in Figure 6.

Features Sampling Samples Length-Fluency p Partial p
TF-IDF Downsampled 130486 -0.1565 -0.0827
TF-IDF Full 264487 -0.2470 -0.0344
Count Downsampled 130486 -0.3631 -0.0719
Count  Full 264487 -0.4280 -0.0444
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Figure 6: Heatmaps showing partial Spearman correlations between fluency and COMET-KIWTI across paragraph-
length bins for different classifier variants. The overall pattern across paragraph-length bins, as well as the non-
significant results for TranslateGemma, remains consistent across feature representations and sampling strategies.
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