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Abstract
Translationese refers to the statistical patterns
that distinguish translated texts from original
texts, which are often subtle and imperceptible
to human readers. When translated texts ap-
pear in either training or testing data, these pat-
terns can negatively affect model performance
or warp model evaluation. We approach the
task of discerning whether a text was originally
written in English or translated into English by
fine-tuning contemporary foundation models
at distinct item lengths and achieve state-of-
the-art performance (94% Macro F1). Given
that these linguistic cues are subtle and often
imperceptible to humans, we analyze the fea-
tures which enable our model’s high perfor-
mance. Employing a suite of interpretability-
based techniques, we find that: (1) our high
accuracy is enabled by a collection of linguistic
features, a number of which correspond with
linguistic theories of translationese, and (2) pre-
trained neural models are adept at picking up
these features without any fine-tuning.

1 Introduction

Translationese (or translation effects) describes the
underlying statistical patterns, including certain
lexical and grammatical characteristics, that dis-
tinguish translated texts from texts originally writ-
ten in the language. These characteristics can be
caused by imprints from both the source language
and the translation process itself (Koppel and Or-
dan, 2011). Although these cues are subtle and do
not reflect a low-quality translation, the presence
of translationese can affect downstream applica-
tions when translated texts are incorporated into
model training or evaluation stages (Zhang and
Toral, 2019; Freitag et al., 2019; Graham et al.,
2020; Riley et al., 2020; Artetxe et al., 2020; Yu
et al., 2022; Ni et al., 2022; Wang et al., 2023;
Doshi et al., 2024). Therefore, translationese clas-
sification, the task of determining whether a text
was originally written in the language or translated

into that language, is a critical step in ensuring that
these texts do not appear in training or test sets.

While humans can only perform this classifi-
cation with approximately 50% accuracy (Wein,
2023), prior research has achieved greater success,
with feature-based approaches achieving an accu-
racy of over 80% (Ilisei et al., 2010), and most
recently a pretrained BERT-based translationese
classifier achieving an accuracy of up to approxi-
mately 92% (Amponsah-Kaakyire et al., 2022). In
this work, we investigate which foundation mod-
els are able to be most successfully fine-tuned for
English translationese classification by fine-tuning
nine foundation models on translated and original
English data. Further, we assess the role of con-
text in the models’ ability to classify translation
by measuring performance across chunk sizes: the
number of sentences included in each training and
testing item. We find that the model’s performance
is highly dependent on the choice of the foundation
model, with ELECTRA achieving state-of-the-art
results (over 94% Macro F1 score) and that incorpo-
rating contextual information via moderate chunk
sizes (5-10 sentences) is crucial for maximizing
classification performance.

Given our model’s remarkably high performance,
a stark contrast with both human performance and
feature-based classifiers on similar data, we ana-
lyze the underlying patterns that the model is using
to distinguish original from translated English texts.
Using a suite of interpretability techniques, includ-
ing feature analyses, LIME token-level saliency
(Ribeiro et al., 2016), SHAP values (Lundberg and
Lee, 2017), discourse-based linguistic analysis, In-
tegrated Gradients saliency, and linear probing, we
reveal key insights into both the model and the
characteristics of translated language.

We find that no one linguistic cue enables high
classifier performance; rather, a mosaic of features
promotes accuracy, and we find evidence that sup-
ports literature on translationese from linguistics
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about suspected features of translated texts. In-
terestingly, our experiments reveal that the best-
performing pretrained foundation model is already
adept at discerning original English, before any
translationese-focused fine-tuning.

Our contributions include:1

• fine-tuned translationese classification models
based on nine underlying foundation models
(Section 4.1);

• an investigation into chunking strategies–the
number of sentences included in each training
item for translationese (Section 4.2); and

• interpretability-based analyses of the features
that distinguish original from translated En-
glish (Section 4.3).

2 Related Work

Effects of Translationese. While translationese
has some linguistic markers (Volansky et al., 2013)
such as source language shining-through, reduced
lexical richness, and pragmatic explicitation (Os-
melak et al., 2025), the visible effects of the trans-
lation process are subtle and largely undetectable
to humans (Tirkkonen-Condit, 2002; Wein, 2023).
In spite of these subtle cues, translationese has a
marked impact on downstream performance and
on model evaluation.

The presence of translationese in machine trans-
lation (MT) test data results in a gap between auto-
matic and human evaluations, which is more pro-
nounced when systems for translating into the tar-
get language are weaker (Zhang and Toral, 2019).
Ni et al. (2022) further show that these evaluation
differences can cause reversed MT system rank-
ings; therefore, they recommend that translationese
not be included as gold references in the test data.
Translationese also has an impact on MT model
performance, as discrepancies in translation direc-
tion between training and test sets can harm both
model learning and performance across the dataset
(Zhu et al., 2024).

Translationese in summarization test sets also
leads to a gap in automatic and human evaluations,
and the presence of translationese in training data
harms cross-lingual summarization performance
(Wang et al., 2023). Similarly, including transla-
tionese in model training negatively impacts model
performance in multilingual question answering,

1Our models and code are available at
https://github.com/ACNLPlab/translationese-
classification.git

but can be mitigated by reducing the presence of
translationese in training data (Yu et al., 2022).

Finally, Artetxe et al. (2020) demonstrate that
translationese in test data impacts the validity of
cross-lingual transfer learning for multilingual nat-
ural language inference, and Doshi et al. (2024)
finds that including machine translations as syn-
thetic data in small language models reduces down-
stream performance across a range of tasks (such
as headline generation and multilingual natural lan-
guage inference).

Translationese Classification. Prior work on
translationese has shown that it can be reliably de-
tected using text classification techniques. Early
methods use feature-based models, such as SVMs
with handcrafted features (e.g., lexical richness,
sentence length, and grammatical-to-lexical word
ratios (Volansky et al., 2013)), achieving over 80%
accuracy (Ilisei et al., 2010).

More recent efforts focus on neural models,
with Amponsah-Kaakyire et al. (2022) finding that
their most accurate model, a pretrained BERT
model fine-tuned on European Parliament data
(Amponsah-Kaakyire et al., 2021), achieves 92%
accuracy. We also use a pretrained BERT-based
classifier fine-tuned on European Parliament data
and treat this as our baseline model in this work.
Amponsah-Kaakyire et al. (2022) analyze their
models by feeding an SVM BERT-based represen-
tations, finding that neural classifiers perform better
because of the features they learn, and handcrafted
features only provide a subset of the translationese
patterns that BERT picks up on. In this work, we
set out to uncover these features which enable our
neural classifier’s high performance.

2.1 Translationese Mitigation

Rather than focusing on detection, several studies
have focused on mitigating translationese effects
to improve downstream NLP tasks. For example,
Riley et al. (2020) use zero-shot translation be-
tween translationese and original texts; Jalota et al.
(2023) apply self-supervised style transfer models;
Wein and Schneider (2024) use Abstract Mean-
ing Representation as an intermediate representa-
tion to newly generate the text; Kunilovskaya et al.
(2024) prompt GPT-4 (OpenAI, 2024) to rewrite
the translated text; and Li et al. (2025) propose
training-aware mitigation strategies to remove bi-
ases introduced in the fine-tuning of large language
models. These mitigation techniques attempt to

17173

https://github.com/ACNLPlab/translationese-classification.git
https://github.com/ACNLPlab/translationese-classification.git


make the transformed texts indistinguishable from
original text, which is evaluated by classifier accu-
racy (dropping to chance-level performance), and
suffer from the prospect of unnecessarily changing
the text itself, while classification offers an oppor-
tunity to simply remove the translated text.

3 Methods

We fine-tune foundation models to build transla-
tionese classifiers. Here we describe the training
and test data (Section 3.1), the models used (Sec-
tion 3.2), and the interpretability methods applied
to analyze our top-performing model (Section 3.3).

3.1 Data

We use the ENNTT corpus (Nisioi et al., 2016),
a parallel dataset containing original and trans-
lated speeches from the European Parliament. Our
dataset comprises two main subsets: (1) Original
English: utterances originally spoken in English
by native English speakers, and (2) Translated
English: utterances translated into English from
a non-English European language. The transla-
tions are carried out by professional human trans-
lators working for the European Parliament, ensur-
ing high-fluency and semantically faithful trans-
lations.2 We balance the dataset to include equal
amounts of original and translated text, with the
translated portion also evenly distributed across
the seven source languages, encouraging source
language-agnostic detection of translationese. Our
final dataset comprises 116,340 original English
sentences and 116,340 translated English sentences.
The translated subset includes 16,620 sentences
each from the following source languages: Dutch,
Greek, German, French, Spanish, Italian, and Por-
tuguese. Each entry in the final dataset consists of
the sentence text, the source language (src), and a
binary label (label, translated=1 and original=0)
indicating whether it is translated.

We use a 70/30 train-test split, where the number
of sentences in each split varies slightly based on
the chunk size (Section 4.2). While prior work pri-
marily reports accuracy, we report Macro F1 score;
given our perfectly balanced classes, these metrics
are equivalent, ensuring direct comparability with

2While ENNTT also contains text uttered originally in
English by non-native speakers, we exclude this data to clearly
isolate translationese effects from general second-language
interference. This ensures that the classifier is trained to detect
patterns introduced by the translation process itself, rather
than those caused by non-native fluency.

previous benchmarks.

3.2 Models

To evaluate recent neural approaches that learn fea-
tures directly from data, we fine-tune a suite of
pretrained transformer models for translationese
classification. All models are trained as binary clas-
sifiers and evaluated in chunks of four sentences.

First, we employ a variety of BERT-based
models, including BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019) with dynamic mask-
ing and more data, ALBERT (Lan et al., 2020)
with parameter sharing and reduced memory use,
ELECTRA (Clark et al., 2020) trained via replaced
token detection, DeBERTa (He et al., 2021) with
disentangled attention and positional encoding. We
also use another Transformer-based model, XL-
Net (Yang et al., 2019), which uses permutation-
based autoregressive pretraining. These models are
chosen for their strong performance on sentence-
level classification tasks and their ability to capture
complex syntactic and semantic features that may
distinguish original text from translated text.

Next, we employ two types of Kolmogorov-
Arnold Networks (KANs). KANs were recently
introduced as alternatives to traditional Multi-Layer
Perceptrons (Liu et al., 2024). They replace linear
weights with learned univariate functions applied
on edges, often enabling superior performance on
various tasks (Liu et al., 2024). We use the KA-
Transformer (Yang and Wang, 2024), which we
adapt for textual tasks, and KAN-GPT, a KAN-
based generative transformer (Ganesh, 2024).3

Finally, we explore a non-Transformer-based
model: Mamba (Dao and Gu, 2024), a state space
model that replaces the attention mechanism with a
learned linear recurrence, enabling faster and more
memory-efficient modeling of long sequences.

3.3 Interpretability Methods

To unveil why the model achieves such high accu-
racy in translationese classification, capturing what
is possible beyond hand-engineered features, we
apply a suite of interpretability methods. All ex-
periments are conducted using our best-performing
model (which is our fine-tuned ELECTRA model,
see section 4). We begin by examining how clas-
sification outcomes relate to established indica-
tors of translationese, including pronoun count

3We extend KAN-GPT by adding a simple classification
head: a dropout layer followed by a linear layer that maps the
final hidden state to the binary output classes.
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and type-token ratio (TTR), following Wein and
Schneider (2024), as well as sentence length and
Flesch–Kincaid readability scores (Kincaid et al.,
1975). Note that the Flesch–Kincaid score esti-
mates the U.S. school grade level required to un-
derstand a sentence; higher values indicate more
complex, harder-to-read text.

For further linguistic analysis, we leverage
Rhetorical Structure Theory (RST; Mann and
Thompson, 1987). RST proposes that sentences
can be parsed into tree structures with leaf nodes,
called “elementary discourse units” (EDUs), and
internal nodes that are labeled with a coherence re-
lation. Following Kim et al. (2024), we extract the
discourse relations in original and translationese
texts by parsing the texts into discourse motifs,
which are recurring subgraph patterns that corre-
spond to RST relations. Specifically, we investigate
the smallest unit, a single triad motif (M3), and cal-
culate the motif frequency-inverse document fre-
quency (mf-idf) scores across the datasets to obtain
the most prevalent motifs. We consider motifs with
mf-idf scores that exceed at least one standard de-
viation above the mean.

Next, we perform a SHapley Additive exPlana-
tions (SHAP) analysis (Lundberg and Lee, 2017),
a feature-based interpretability method that quan-
tifies feature importance by SHAP values. SHAP
values are computed from averaging the Shapley
regression values obtained from sampled permuta-
tions of the feature order, in which a higher SHAP
value indicates the feature has a larger marginal
contribution to the model prediction. We randomly
choose 40 examples, 10 for each of the following
quadrants: (1) true original and predicted origi-
nal, (2) true original and predicted translationese,
(3) true translationese and predicted original, and
(4) true translationese and predicted translationese.

Then, we use two saliency-based measures.
LIME saliency maps (Ribeiro et al., 2016) en-
able us to visualize which tokens most influence
the model’s predictions. Following Amponsah-
Kaakyire et al. (2022), we employ Integrated Gra-
dients (IG) for token-level feature attribution (Sun-
dararajan et al., 2017). For an input text, IG com-
putes the gradient of each class’s predicted proba-
bility with respect to each input feature of the text
(i.e., each embedding dimension of each token).
These attributions are then aggregated within each
token embedding to estimate the overall contribu-
tion of each token to the model’s output. Unlike
SHAP or LIME, IG does not treat the model as a

black box, which allows for insight into the model’s
internal representations. Further, because IG tar-
gets the predicted probability of a specific class, it
yields one saliency score per class per token, allow-
ing for direct comparison of a token’s influence on
the prediction of each class.

Finally, we perform Linear Probing (Alain and
Bengio, 2016). We adopt a two-stage probing ap-
proach to analyze how syntactic, lexical, and dis-
course features are encoded in transformer repre-
sentations and their relationship to translationese.
We train independent linear classifiers (probes) on
frozen layer representations to assess what linguis-
tic information is accessible at different depths of
the model, probing the ELECTRA model’s encod-
ing of linguistic features across its 13 layers. We
compare pretrained ELECTRA and our fine-tuned
ELECTRA model. We train and test on the same
splits as our fine-tuning experiments, and report
Macro F1 scores as our primary metric due to fea-
ture imbalance.

We probe the RST motifs as well as three syn-
tactic features: passive voice, pre-verbal complex-
ity, and non-subject fronting, using Universal De-
pendencies annotations via UDPipe (Straka et al.,
2016). A chunk is labeled as passive if the ratio of
passive sentences to total sentences in the chunk
meets or exceeds a threshold τ ∈ {0.3, 0.4, 0.5}.4

We measure pre-verbal dependency length as the
number of syntactic tokens preceding the main
verb in the dependency tree, because longer pre-
verbal spans often indicate translated English due
to source-language word order interference (Volan-
sky et al., 2013). Fronted constituents where non-
subject elements precede the standard SVO word
order pattern of English (non-subject fronting) are
reflective of source interference. Sentences with
pre-verbal length ≥ 15 are marked as complex,
which is the average maximum pre-verbal length
for any sentence within a chunk.

4 Results

This section presents results on translationese clas-
sification across foundation models (Section 4.1)
and chunk sizes (Section 4.2), along with findings
from our interpretability analyses (Section 4.3).

4These three thresholds are chosen to capture varying de-
grees of discourse-level overuse of the passive voice.
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Metric BERT RoBERTa ALBERT ELECTRA DeBERTa XLNet KATransformer KAN-GPT Mamba
Macro F1 93.36 ± 0.23 93.57 ± 0.20 91.30 94.46 ± 0.24 92.11 93.11 79.44 80.40 84.95

Table 1: Macro F1 score (% out of 100) for each model on chunk size of four at epoch five. To obtain a more
reliable estimate of the performance of the top three models (ELECTRA, RoBERTa, and BERT), we use ten-fold
cross-validation (also on chunk size four, for five epochs). ELECTRA achieves highest Macro F1.

4.1 Foundation Model Comparison

We compare overall model performance on four-
sentence chunks (Table 1). We select four-sentence
chunks following prior work (Wein, 2023) uses
approximately a paragraph of text or texts of 100-
300 tokens, corresponding to approximately four
sentences in our dataset. Among the BERT-based
models, ELECTRA achieves the best results, with
the highest test Macro F1 score (94.46%), demon-
strating robust ability in identifying translationese.
RoBERTa and BERT follow closely. BERT re-
mains a strong baseline, attaining a competitive
Macro F1 score of 93.36%. Our ten-fold cross-
validation reveals that the ELECTRA model con-
sistently outperforms BERT and RoBERTa on this
task. DeBERTa and XLNet perform comparably,
while ALBERT lags behind. Notably, the per-
formance difference between the best and worst
BERT-based models reaches approximately 5%,
underscoring the impact of architectural and pre-
training differences even under standardized input
conditions. The KAN-based models also trail the
BERT-based models, suggesting that while KAN’s
theoretical grounding in functional approximation
is promising, its application to translationese clas-
sification may require further adaptation. Finally,
while Mamba does not match the performance of
top BERT-based models, it outperforms the KAN-
based models and ALBERT, highlighting the po-
tential of non-Transformer architectures for long-
sequence modeling in translationese classification.
Overall, these results suggest that pretraining strate-
gies (e.g., ELECTRA’s replaced token detection)
and architectural nuances (e.g., ALBERT’s parame-
ter sharing) influence model performance. Models
with stronger contextual understanding appear to be
more capable of distinguishing translated text from
original text, likely due to their ability to capture
subtle stylistic and syntactic differences.

As our models achieve remarkably high classifi-
cation accuracy, we now turn towards analysis of
these results, with regard to chunk size and inter-
pretability.

Chunk Size Macro F1
1 81.82
2 88.74
3 92.53
4 93.73
5 94.40
6 94.68
7 94.48
8 94.07
9 93.95
10 94.21
11 93.57
12 93.11
13 92.92
14 93.80
15 93.25
16 92.32

Table 2: ELECTRA performance (Macro F1, % out of
100) across chunk sizes. Chunk size 6 yields the best
performance.

4.2 Chunk Size Experiments

To further examine the role of the amount of
data necessary to perform this classification, we
evaluate ELECTRA classification performance on
chunks: a concatenation of multiple consecutive
sentences. For chunk-level data, we concatenate n
consecutive sentences sharing the same label, with
n ranging from 1 to 16 in different experiments.5

The performance trend (Table 2) reveals that
moderate chunk sizes (5-10) generally outperform
smaller or excessively large chunks. Notably,
ELECTRA at chunk size 6 sets a new state-of-
the-art, achieving a maximum test Macro F1 of
0.9468. Performance deteriorates at chunk sizes
above 12, likely because larger chunks reduce the
number of training examples, thereby limiting the
model’s exposure to diverse inputs during train-
ing. To account for the impact of the number of
training items (as the number decreases with larger
chunks), we repeat this experiment using a fixed
number of training samples across all chunk sizes,
and find that when dataset size is held constant,
chunk sizes between 9 and 15 yield the best perfor-

5To create the chunks, we split the entire ordered dataset
into fixed-size chunks. We then shuffle these chunks and
divide them into training and test sets (same size chunks for
both). This typically results in sentences from the same speech,
though continuity across sentences is not guaranteed.
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Figure 1: Correlation matrix illustrating the relationship
between the classification code and key linguistic fea-
tures, where the classification code denotes translated
entries.

mance, indicating that longer passages offer more
stable contextual cues that aid classification.

4.3 Interpretability Analyses

Highly fluent translations are indistinguishable to
human readers from original texts, and feature-
based classifiers perform far worse than ours,
which begs the question: how does our fine-tuned
ELECTRA model classify translated texts so ac-
curately? To better understand what linguistic fea-
tures enable neural translationese classification, we
conduct a series of interpretability analyses. All ex-
periments are conducted using our best-performing
model, ELECTRA fine-tuned on chunk size six.

Our six interpretability techniques (Section 3.3)
coalesce into two core findings. First, they pro-
vide empirical support for established linguistic
accounts of translationese, showing that high clas-
sification performance arises from a mosaic of com-
plementary features rather than a single dominant
cue. Second, we find that the pretrained model
picks up on many of these cues without the need
for fine-tuning, suggesting that ELECTRA is al-
ready very good at discerning original English.

Finding 1: support for linguistic theories of
translationese. We begin by examining how clas-
sification outcomes relate to features of transla-
tionese as described by linguistics literature, includ-
ing measures of lexical richness and complexity.
As shown in the correlation matrix (Figure 1), sen-
tence length and Flesch–Kincaid score emerge as
the strongest positive correlates with classification

code (both 0.35).6 Type-token ratio (TTR), in con-
trast, is negatively correlated (r = −0.13), suggest-
ing that translated texts tend to be more lexically
repetitive–as indicated by prior work. When exam-
ining the TTR scores for the translationese versus
original classes overall, the original data has (only
slightly) higher TTR than the translationese data,
with an average original TTR of 0.0111, and an
average translationese TTR of 0.0104. Category-
level breakdowns reveal that correctly classified
translated sentences tend to have longer sentence
lengths, higher Flesch–Kincaid scores (indicating
greater reading difficulty), and slightly lower TTR
compared to those that were misclassified. How-
ever, all correlations are relatively weak, indicating
that none of these surface-level features strongly
predict whether a text is translated or original.

Examining the LIME results, the model often
highlights function words and high-frequency lex-
ical items when classifying texts as translated.
When classifying original English sentences, LIME
frequently highlights pronouns, contractions, or
atypical phrasing. To further investigate the role of
individual tokens in classification, we apply SHAP
to 40 examples and find that function words and
cohesive markers7 have higher feature importance
in texts predicted as translationese. Although the
normalized frequency counts of function words and
cohesive markers do not differ much between trans-
lated and original texts, function words, such as
“this” and “that the,” have the highest SHAP val-
ues (i.e., the features of most importance in the
example) in nine out of 20 examples predicted to
be translationese. “Therefore” and “however” are
the most important features in two of the trans-
lationese examples. This importance placed on
function words indicates a decrease in lexical rich-
ness in translated texts since the model is focusing
on syntactic clues instead of semantically varied
vocabulary, which is confirmed by the TTR analy-
sis. On the other hand, none of the most important
features in the original texts are function words.

Supporting the SHAP and LIME analyses, the
IG token-level saliency scores also show an asso-
ciation between function words and translationese,
with the function word tokens having a mean trans-

6Considering that label 1 corresponds to translated entries,
positive values in the correlation matrix indicate stronger as-
sociations with translationese, while negative values suggest
features more common in original texts.

7We use the list of function words and cohesive markers
provided by Volansky et al. (2013).
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Figure 2: Distributions of saliency scores toward pre-
dictions of translated text for tokens in original text and
tokens in translated text.

Figure 3: Distributions of saliency scores toward pre-
dictions of original text for tokens in original text and
tokens in translated text.

lated text saliency score of 0.00615, higher than
all tokens’ mean translated text saliency score of
-0.00606.

Through the IG token saliency scores, we ob-
serve an interesting pattern in the distribution of
token saliency scores. Tokens in original text tend
to receive higher magnitude attributions towards
both classes, as shown in Figures 2 and 3.8 Further,
in translated text, 74% of tokens have a positive
score towards translated text and a negative original
English score; in original English text, only 58%
of tokens have a positive score towards original
English and a negative translated text score. Only
2% of tokens have the same sign for both IG class
saliency scores. In short, the tokens in original text
tend to have more extreme scores, with just over
half attributed to original text, while the tokens in

8Amponsah-Kaakyire et al. (2022) investigate interpretabil-
ity for translationese only through IG and like us found that
there are some spurious correlations with location names,
e.g., topic-related info. They also suggest that there may be
punctuation-based spurious correlation in the data, but our
investigation reveals that this is likely due to relations that are
in fact indicative of translationese.

translated text tend to have low-magnitude scores,
with most of them attributed to translated text (Fig-
ures 7 and 8, in Appendix A). These findings fur-
ther support our understanding of lexical diversity
as an indicator of original text, showing that the
predicted probability of a text being translated is
driven by many tokens with low-saliency translated
text attributions, while the predicted probability of
a text being original is driven by a smaller number
of tokens with high-saliency original text attribu-
tions.

From our SHAP analysis, four of the 20 pre-
dicted translationese examples have highest SHAP
values for punctuation (commas and periods). In-
vestigating this through our RST discourse analysis,
the most prevailing single triad discourse relations
in translationese are the two types of same-unit
relations, which have a mf-idf score difference of
0.002 and 0.001, respectively. The same-unit rela-
tion describes when a larger EDU is interrupted by
a relative clause, e.g.:

Mr President[same-unit], in relation to the
second Alyssandrakis report[elaboration], I
must mention my daughter[same-unit].

This offers a plausible explanation for punctu-
ation marks identified as significant features of
translationese, because commas are often used in
place of same-unit relations. Indeed, Volansky et al.
(2013) finds that the usage of the comma is 1.3
times more frequent in translationese compared to
the original text.

Contrary to Volansky et al.’s (2013) hypothesis
that passive voice is more excessively used in En-
glish than translated texts, we find that five out of
20 examples predicted to be translationese assign
high SHAP values to passive voice. This may be
due to the fact that Volansky et al. grounds their
hypothesis primarily on a German-English dataset,
whereas the true translationese examples with pas-
sive voice usage of high SHAP values are from
Italian and Portuguese originally.

Our correlation analysis reveals that syntactic
features show positive associations with transla-
tionese: namely passive voice (β = +0.380), pre-
verbal complexity (β = +0.495), and non-subject
fronting (β = +0.201) (performance for each fea-
tures at the best threshold of 0.3 can be seen in
Table 3, with full results in Table 4). The high en-
coding accuracy of the fine-tuned model for passive
voice (81.41% MF1) compared to pre-verbal com-
plexity (60.28% MF1) indicates that while both
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Feature PT MF1 FT MF1 Corr. Coef. (β) Predictive MF1

PV 81.27 81.41 +0.380 53.7
PVC 61.42 60.28 +0.495 41.3
NSF 78.29 78.25 +0.201 51.9

Table 3: Linear probing results for syntactic features
(PV: Passive Voice, PVC: Pre-verbal Complexity, and
NSF: Non-Subject Fronting) at a ratio of 0.3, for the pre-
trained ELECTRA model (PT) with all layers frozen and
only the classification head trained on the ENNTT cor-
pus, and our fine-tuned (FT) ELECTRA model. MF1:
Macro F1 score at the highest scoring layer for each
feature. Corr. Coef. (β): Logistic regression log-odds
coefficient measuring the direction and strength of asso-
ciation between the syntactic feature and translationese.
Predictive MF1: Macro F1 score for predicting transla-
tionese given syntactic feature labels as input.

features correlate with translationese, passivization
is more consistently encoded in model representa-
tions, possibly because it involves clearer morpho-
logical markers.

Finally, the aforementioned individual lexical
features (density of function words, pronouns, and
cohesive markers) achieve translationese prediction
performance up to a Macro F1 of 58.7% (Table 5).
Combining all linguistic features via multi-feature
logistic regression into a 9-dimensional classifier
yields 59.58% Macro F1 (Table 7), above chance
but well below our ELECTRA model performance.
This performance reveals that our linguistically
motivated features capture important but incom-
plete aspects of translationese. Neural classifica-
tion models appear to leverage distributional pat-
terns beyond interpretable linguistic features, po-
tentially including not only surface-level features
but also subtle fluency and syntactic cues.

Finding 2: pretrained ELECTRA is already a
good translationese classifier. Our probing anal-
ysis reveals at which layers fine-tuned ELECTRA
encodes the linguistic features we have encoun-
tered so far, and how this compares with feature
encoding in pretrained ELECTRA, without task-
specific fine-tuning. The layer-wise probing results
(full results in Appendix A) reveal two distinct
encoding patterns across feature types. The high
Macro F1 scores achieved across most features,
ranging from 61% for pre-verbal complexity to
93% for pronouns, demonstrate that ELECTRA en-
codes these linguistic properties well. For syntactic
and discourse features (passive voice, pre-verbal
complexity, non-subject fronting, and RST motifs),
both pretrained and fine-tuned models exhibit simi-

Figure 4: Layer-wise probing results for Pre-verbal
Complexity with Ratio@0.3 aggregation. The plot
shows Macro F1 scores across layers 0–12 for both
pretrained (orange) and fine-tuned (blue) ELECTRA
models. Best MF1: Pretrained: 61.42%, Fine-tuned:
60.28%.

Figure 5: Layer-wise probing results for Cohesive
Markers with 50th Percentile Density aggregation. The
plot shows Macro F1 scores across layers 0–12 for both
pretrained (orange) and fine-tuned (blue) ELECTRA
models. Best MF1: Pretrained: 90.34%, Fine-tuned:
90.40%.

lar trajectories: Macro F1 increases sharply from
the embedding layer through layers 3–4, peaks at
layers 5–7, maintains a relatively stable plateau
through layer 11, then shows degradation at layer
12 (see e.g., the probing results for pre-verbal com-
plexity, in Figure 4). This progression reflects the
hierarchical nature of syntactic and discourse pro-
cessing, where surface forms are gradually com-
posed into higher-level structural representations.

However, lexical features (function words, pro-
nouns, cohesive markers) show markedly different
behavior with encoding accuracy starting high at
layer 0 (90–93% Macro F1) and steadily declining
through deeper layers (see e.g., the probing results
for cohesive markers in Figure 5). This behavior in-
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dicates that lexical density patterns are most acces-
sible in surface-level representations and become
progressively compressed in higher layers.

Critically, while pretrained and fine-tuned mod-
els show similar encoding patterns through layer 11,
they diverge dramatically at layer 12, with the fine-
tuned model exhibiting sharp performance drops
(e.g., passive voice: 78% to 71%, pre-verbal com-
plexity: 59% to 52%) while the pretrained model
remains stable. This final-layer collapse suggests
that task-specific supervision through model fine-
tuning prioritizes translationese classification in
the final layers by compressing away auxiliary lin-
guistic features that the pretrained model preserves
through its general-purpose abstractions. This con-
sistent encoding through intermediate layers, de-
spite the models’ different training objectives, ex-
plains why the pretrained ELECTRA model with
only a trained classification head achieves 88.83%
Macro F1 on translationese classification, with a
slightly lower Macro F1 score than the 94.68% of
the fully fine-tuned model.

To further examine the role of fine-tuning in
ELECTRA’s translationese classification perfor-
mance, we employ Dodrio (Wang et al., 2021), an
attention visualization tool, for a qualitative analy-
sis on our test set. When comparing the attention
heads producing the highest magnitude attention
scores in the pretrained and fine-tuned ELECTRA
models, we find that the ranking of attention heads
by magnitude remains almost entirely the same be-
fore and after fine-tuning. In addition, many of the
fine-tuned high-magnitude heads draw nearly iden-
tical connections (attention scores above a certain
threshold) to their pretrained counterparts. This
supports our finding that pretrained ELECTRA is
able to capture many of the features necessary for
translationese classification.

Figure 6: Dodrio visualizations of fine-tuned attention
heads drawing additional long connections between
function words and punctuation.

On the other hand, we observe one key area in
which fine-tuned attention heads differ from pre-
trained attention heads: fine-tuned heads often re-
late function words and punctuation to other func-
tion words and punctuation, even when very far
apart in the sentence (Figure 6). These observa-
tions further underscore the importance of function
words and punctuation for translationese classifica-
tion.

5 Conclusion

In this work, we perform translationese classifica-
tion, the task of distinguishing whether English
texts are translated or originally written in En-
glish, which has widespread impacts on NLP tasks
broadly (any model that is pretrained or tested on
translated data). We advance the state-of-the-art
by achieving over 94% Macro F1 score with our
best performing model, and explore the experimen-
tal variables of chunk size and foundation model.
The presence of translationese impacts model per-
formance and evaluation when included in model
training or test data, and our high-accuracy classi-
fier can be leveraged to filter for data in the desired
original language, and translation direction if appli-
cable.

Our interpretability analyses expand on statisti-
cally grounded analyses, providing critical insight
into translationese classification. Our findings re-
veal that linguistically-grounded translationese fea-
tures do play a role in translationese classification,
but many subtle cues contribute to high classifi-
cation performance, which is likely why humans
are not able to perform this classification task well.
Further, we find that the model picks up the ma-
jority of these cues on its own from pretraining,
rather than task-specific fine-tuning, revealing that
the model is able to encode translationese-related
features well without adaptation.

Limitations

Our study presents strong results on translationese
classification, but it is subject to several limitations.
First, we follow related work by conducting all
experiments on European Parliament data, which
while high-quality and well-annotated, is a specific
and formal domain.

Second, our chunking strategy, while effective in
practice, is relatively coarse: it concatenates n con-
secutive sentences sharing the same label without
enforcing that they originate from the same speech.
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As a result, some chunks may combine sentences
spoken by different individuals or in different con-
texts, potentially introducing noise, but improving
performance regardless of speech consistency.

Third, although we identify chunk size six as
optimal in our setting, it is unclear whether this
generalizes to other datasets or domains. The in-
teraction between model architecture, chunk size,
and domain remains under-explored and should be
investigated further.
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Figure 7: Saliency scores toward predictions of original text in the 3 sentences with the highest average original text
saliencies.

Figure 8: Saliency scores toward predictions of translated text in the 3 sentences with the highest average translated
text saliencies. In most of the text, scores are lower-magnitude than their Original Text counterparts.

Figure 9: Layer-wise probing results for Passive Voice
with Ratio@0.3 aggregation. The plot shows Macro F1
scores across layers 0–12 for both pretrained (orange)
and fine-tuned (blue) ELECTRA models. Best MF1:
Pretrained: 81.27%, Fine-tuned: 81.41%.

Figure 10: Layer-wise probing results for Sentence
Initial Non-Subject Fronting with Ratio@0.3 aggre-
gation. The plot shows Macro F1 scores across layers
0–12 for both pretrained (orange) and fine-tuned (blue)
ELECTRA models. Best MF1: Pretrained: 78.29%,
Fine-tuned: 78.25%.

17184



Feature Aggregation Pretrained MF1↑ Fine-tuned MF1↑ Corr. Coef. (β) Predictive MF1↑

Passive Voice
Ratio@0.3 81.27 81.41 +0.380 53.7
Ratio@0.4 77.48 77.34 +0.429 48.4
Ratio@0.5 75.82 77.34 +0.367 46.6

Pre-verbal
Complexity

Ratio@0.3 61.42 60.28 +0.495 41.3
Ratio@0.4 53.97 54.14 +0.577 35.4
Ratio@0.5 53.86 52.95 +0.597 34.9

Sentence Initial
Non-Subject
Fronting

Ratio@0.3 78.29 78.25 +0.201 51.9
Ratio@0.4 75.41 75.85 +0.312 47.8
Ratio@0.5 74.04 74.15 +0.244 46.2

Table 4: Linear probing results for syntactic features across different density thresholds. Performance compared
for the pretrained ELECTRA model with all layers frozen and only the classification head trained on the ENNTT
corpus, or our fine-tuned ELECTRA model. MF1: Macro F1 score at the highest scoring layer for each feature. Corr.
Coef. (β): Logistic regression log-odds coefficient measuring the direction and strength of association between the
syntactic feature and translationese. Predictive MF1: Macro F1 score for predicting translationese given syntactic
feature labels as input.

Feature Aggregation Pretrained MF1↑ Fine-tuned MF1↑ Corr. Coef. (β) Predictive MF1↑

Function Words 50th Percentile 92.06 91.98
(−0.08)

−0.133 52.6

70th Percentile 91.98 91.82
(−0.16)

−0.337 51.7

Pronouns 50th Percentile 93.35 93.47
(+0.12)

−0.649 58.7

70th Percentile 92.55 92.74
(+0.19)

−0.753 55.8

Cohesive Markers 50th Percentile 90.34 90.40
(+0.06)

+0.429 53.0

70th Percentile 90.02 90.10
(+0.08)

+0.340 52.9

Table 5: Linear probing results for Lexical Features across different density thresholds. Column descriptions are
the same as in Table 4. Negative coefficients indicate the feature is less prevalent in translationese.

Figure 11: Layer-wise probing results for Function
Words with 50th Percentile Density aggregation. The
plot shows Macro F1 scores across layers 0–12 for both
pretrained (orange) and fine-tuned (blue) ELECTRA
models. Best MF1: Pretrained: 92.06%, Fine-tuned:
91.98%.

Figure 12: Layer-wise probing results for Pronouns
with 50th Percentile Density aggregation. The plot
shows Macro F1 scores across layers 0–12 for both
pretrained (orange) and fine-tuned (blue) ELECTRA
models. Best MF1: Pretrained: 93.35%, Fine-tuned:
93.47%.
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Feature Aggregation Pretrained MF1↑ Fine-tuned MF1↑ Corr. Coef. (β) Predictive MF1↑

M3
Single Triads

Sum 50th Percentile 85.21 84.85
(−0.36)

+0.459 56.9

Sum 70th Percentile 84.76 84.69
(−0.07)

+0.584 55.5

Max 70th Percentile 85.49 84.78
(−0.71)

+0.563 56.0

M6
Double Triads

Sum 50th Percentile 83.16 83.02
(−0.14)

+0.414 56.0

Sum 70th Percentile 83.37 83.37
(+0.00)

+0.518 54.6

Max 70th Percentile 73.23 73.23
(+0.00)

+0.273 52.0

M9
Triple Triads

Sum 50th Percentile 73.47 73.33
(−0.14)

+0.245 53.4

Sum 70th Percentile 73.98 73.19
(−0.79)

+0.328 52.3

Max 70th Percentile 71.90 71.19
(−0.71)

+0.262 51.9

Table 6: Linear probing results for Discourse Motifs Features across different aggregation methods and density
thresholds. Column descriptions are the same as in Table 4. All coefficients are positive, indicating that higher
discourse complexity is associated with translationese. M3, M6, and M9 refer to 3-node, 6-node, and 9-node
subgraph motifs, respectively.

Figure 13: Layer-wise probing results for M3 (Single
Triads) with Sum 50th Percentile Density aggregation.
The plot shows Macro F1 scores across layers 0–12 for
both pretrained (orange) and fine-tuned (blue) ELEC-
TRA models. Best MF1: Pretrained: 85.21%, Fine-
tuned: 84.85%.

Figure 14: Layer-wise probing results for M6 (Double
Triads) with Sum 50th Percentile Density aggregation.
The plot shows Macro F1 scores across layers 0–12 for
both pretrained (orange) and fine-tuned (blue) ELEC-
TRA models. Best MF1: Pretrained: 83.16%, Fine-
tuned: 83.02%.
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Figure 15: Layer-wise probing results for M9 (Triple
Triads) with Sum 50th Percentile Density aggregation.
The plot shows Macro F1 scores across layers 0–12 for
both pretrained (orange) and fine-tuned (blue) ELEC-
TRA models. Best MF1: Pretrained: 73.47%, Fine-
tuned: 73.33%.

Metric Multi-Feature Prediction (%)

Accuracy 59.64
Balanced Accuracy 59.66
Macro F1 59.58
Macro Precision 59.72
Macro Recall 59.66

Table 7: Multi-feature logistic regression performance
on translationese classification combining all linguistic
features. The classifier uses 9 binary features as input,
where each feature’s aggregation method was selected
based on the highest Predictive MF1 score across all
aggregation types: Syntactic features – passive voice
(Ratio@0.3), pre-verbal complexity (Ratio@0.3), sen-
tence initial non-subject fronting (Ratio@0.3); Lexical
features – function words (Median Density), pronouns
(Median Density), cohesive markers (Median Density);
Discourse motifs – M3 single triads (Sum Median Den-
sity), M6 double triads (Sum Median Density), M9 triple
triads (Sum Median Density).
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