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Abstract
Translations often carry traces of the source language, a phenomenon known as translationese. We introduce the
first freely available English-to-Swedish dataset contrasting translationese sentences with idiomatic alternatives,
designed to probe intrinsic preferences of language models. It includes error tags and descriptions of the problems in
the original translations. In experiments evaluating smaller Swedish and multilingual LLMs with our dataset, we find
that they often favor the translationese phrasing. Human alternatives are chosen more often when the English source
sentence is omitted, indicating that exposure to the source biases models toward literal translations, although even
without context models often prefer the translationese variant. Our dataset and findings provide a resource and
benchmark for developing models that produce more natural, idiomatic output in non-English languages.

Keywords: Translationese, Idiomaticity, Machine Translation, Evaluation, Minimal Pair Probes

1. Introduction

Translations have long been known to carry traces
of the source language and differ in style and fea-
tures from texts originally written in the target lan-
guage; a phenomenon commonly called transla-
tionese (Gellerstam, 1986). Research shows that
translationese is particularly strong in machine
translation, leading to simplified and less varied lan-
guage marked by reduced lexical and morphologi-
cal richness (Vanmassenhove et al., 2021). Such
output is often easily distinguishable from original
text (Koppel and Ordan, 2011; Li et al., 2025). Re-
cent work suggests that LLMs produce less literal
translations (Raunak et al., 2023). However, even
though their outputs show increased lexical diver-
sity compared to specialized machine translation
systems, they can still be reliably distinguished from
human-written text (Kong and Macken, 2025).

For many languages, it is common to use
translated datasets especially for LLM evaluation
(Nielsen, 2023; Bandarkar et al., 2024) and instruc-
tion tuning (Li et al., 2023; Dac Lai et al., 2023;
Holmström and Doostmohammadi, 2023), as there
is often no practical alternative. In addition, for low-
resource languages, but to a lesser extent even
for high-resource languages such as English, large
portions of modern web-crawled corpora that con-
stitute the training data of LLMs are translations
(Thompson et al., 2024). It is therefore important
to analyze this problem and assess its extent, in
order to move towards models that produce natural,
idiomatic output in non-English languages.

Kunz (2026) investigate conventionalized idiom
knowledge and translationese in LLM outputs for
Swedish. Analyzing sentence pairs from a book

on translationese (Katourgi, 2022), which contains
translations with translationese phrasing alongside
idiomatic alternatives suggested by the author, they
examine whether the model assigns higher proba-
bility to the translationese version or to the idiomatic
alternative. Building on this work, we construct a
dataset for probing translationese preferences. Our
dataset is similar in its setup, but addresses several
limitations of the previous dataset: it is fully open
under a permissive license, includes the English
source sentence with preceding context to also
study preferences in a translation context, and pro-
vides annotations tagging the type of translationese,
enabling more fine-grained analysis of model be-
havior. To our knowledge, this is the first freely avail-
able dataset explicitly contrasting translationese
with idiomatic alternatives for Swedish.

We provide a detailed description of the dataset,
including both qualitative and quantitative analyses
of translationese examples in English-to-Swedish
translations produced by a smaller specialized ma-
chine translation system. We also compare these
to translations generated by a state-of-the-art LLM,
highlighting that while it does not fully resolve any
specific problem, it is much better at generating
more idiomatic words and phrasings.

In experiments probing the intrinsic preferences
of smaller multilingual LLMs with our dataset, find-
ings show a strong bias toward the translationese
phrasing. Notably, models favor the human alterna-
tive more often when omitting translation context in
the prompt, indicating that exposure to the English
source sentence biases them toward the more lit-
eral, translationese wording. However, increasing
the context window helps the model become less
biased towards the translationese variant.
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Release We release our dataset on HuggingFace
under https://huggingface.co/datasets/
liu-nlp/translationese-opensubtitles.
A full version including all annotations with further
explanations, including the code to reproduce
our experiments, is available on GitHub: https:
//github.com/jekunz/translationese.

2. Background

Translationese Translated texts often preserve
features of the source language while avoiding
target-language constructions that diverge more
strongly from the source language. This is just one
aspect of a phenomenon known in both human
and machine translation as translationese (Geller-
stam, 1986). Translationese is not generally a sign
of poor translation quality (Gellerstam, 2005) but
the resulting texts have properties that are different
from idiomatic language. As Baker (1993) shows,
translated texts tend to be more explicit than their
originals, are lexically and syntactically simpler, and
follow a more conventional style. Koppel and Ordan
(2011) show that classifiers can easily distinguish
between original and translated text, and even de-
termine the source language of the translated text.
Kong and Macken (2025) show that this still holds
true with LLMs, as distinguishing human from LLM-
translated text works almost perfectly. Vanmassen-
hove et al. (2021) show that machine translation
systems tend to simplify language, losing lexical
and morphological variety, but that Transformer-
based models preserve more diversity than earlier
systems. Similarly, Kong and Macken (2025) find
that LLMs generate more varied text than special-
ized machine translation systems, yet their outputs
remain clearly distinguishable from human-written
text. Bizzoni et al. (2020) compare human and
machine translationese, finding that while human
translations have similar properties across modali-
ties (written versus spoken), machine translations
exhibit fundamentally different patterns. Li et al.
(2025) let annotators mark unnatural parts of trans-
lations, distinguishing between rigid sentence struc-
tures and literal word choices. They find that LLM
outputs still contain much translationese, and trace
this problem to translationese in the training data.
They propose a polishing step where the model re-
vises its own translation to reduce this effect, while
prompts for natural style do not consistently help.

Other studies have examined idiom translation as
a common case of overly literal translation. Fadaee
et al. (2018) show that systems often translate id-
ioms word by word, leading to semantic errors.
Dankers et al. (2022) also find that models tend to
treat idioms compositionally, i.e., as literal phrases.
When they recognize idioms as non-compositional
units, interactions between the idiom’s parts and

the surrounding context decrease. We annotate
“idioms” as one category of error in our dataset to
enable further research into this phenomenon.

English-to-Swedish translationese Gellerstam
(1986) gives the classic example that English of-
ten uses an adjective together with a generic noun
(e.g. “an [ADJ] thing”), whereas Swedish prefers to
use a pronominal construction (“something [ADJ]”)
instead. In translations from English, such noun
constructions therefore appear more frequently
than in original Swedish texts—e.g., “a silly thing
happened” may be literally translated as en fånig
sak hände instead of the more idiomatic något
fånigt hände (“something silly happened”). Ka-
tourgi (2022) documents other typical features of
translation-influenced Swedish: Participial forms
are less common than in English, e.g., Ta en bild på
dig själv tittandes in i kameran (“Take a picture of
yourself looking into the camera”) versus the more
idiomatic när du tittar mot kameran (“. . .when you
look at the camera”). Also, noun phrases in predica-
tive expressions often use the article when it should
be omitted, e.g., Jag är en översättare → Jag är
översättare (“I am a translator” → “I am translator”).
Ahrenberg (2021) analyzes adjective usage in En-
glish–Swedish translation and reports systematic
distributional differences: human translators are
more likely to restructure phrases, whereas sys-
tems tend to follow the source text more closely.
Ahrenberg (2017) compares a human and a ma-
chine translation of an article, reporting similar find-
ings: the system adheres closely to the source,
while the human employs strategies such as word
reordering and sentence splitting, resulting in a
longer text with a slightly higher type–token ratio.

Error tags for translations For our dataset and
analysis, we developed a custom error-tagging sys-
tem. The tags were created through an iterative
process in order to address the specific linguistic
issues observed in our data. A related framework
for error classification and assessment is the Multi-
dimensional Quality Metrics (MQM; Lommel et al.,
2024). MQM is currently regarded as a standard
framework for analytic Translation Quality Evalu-
ation. It consists of two central components: an
error typology, which provides a hierarchical clas-
sification of errors, and a scoring model, which
defines how identified errors are quantified (with
different approaches depending on sample size).
The MQM error typology is organized into seven
main categories, with each one of them containing
subcategories and subtypes of those. The scoring
model is a combined method, process, and formula
designed to derive overall quality scores from iden-
tified errors, either in calibrated or non-calibrated
settings. Typically, the evaluation follows guidelines

https://huggingface.co/datasets/liu-nlp/translationese-opensubtitles
https://huggingface.co/datasets/liu-nlp/translationese-opensubtitles
https://github.com/jekunz/translationese
https://github.com/jekunz/translationese
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and specifications defined for a particular task or
customer. Identified errors receive a quality score
through assigned penalty points or weights, which
are then aggregated in a record or scorecard. While
the MQM tag set has some overlap with our cus-
tom tag system, it also differs in important ways.
In particular, it presents limitations for our analysis
of idiomatic language use, where we need more
fine-grained tags. The relationship between our
tag system and the MQM tags is discussed in more
detail in Appendix A.

3. Dataset Construction

Our dataset consists of 600 sentences from the
English part of OpenSubtitles (Lison and Tiede-
mann, 2016), a dataset consisting predominantly
of spoken dialogue. Sentences were translated
to Swedish with OPUS-MT (Tiedemann and Thot-
tingal, 2020) as an example for a neural (but not
LLM-based) translation system, and GPT-5 (Open-
AI, 2025) as an example for a recent LLM. For
each sentence, we provide error tags for each of
the machine translations, an alternative translation
produced by a human annotator, a contextual ex-
planation, and a problem and solution description.

3.1. Annotation Process
The dataset was created and revised by two cogni-
tive science students, both native Swedish speak-
ers with basic linguistic training. The main annota-
tor sampled random sections of the source docu-
ment, collecting sentence pairs where OPUS trans-
lations showed signs of translationese. For each
pair, they added a brief context description, outlined
the problem and its solution, and assigned up to
three error tags (see Section 3.2). The annotator
then proposed more idiomatic alternative transla-
tions based on intuition and supported by dictionar-
ies. A third translation by GPT-5 was added and
evaluated against the human alternative by the sec-
ond annotator. GPT-5 translations judged equally
good or better were marked and supplemented
with comments on their strengths or possible im-
provements. GPT-5 translations containing errors
were tagged using the same scheme as the OPUS
translations. The process was repeated several
times for quality control, including the removal or
replacement of problematic or duplicate entries.

3.2. Error Tags
Each phrase in the dataset is annotated with up
to three tags to capture the types of issues en-
countered in the OPUS translation. For the GPT-5
translation, we mark if the translation is accept-
able or even improved in comparison to the human

one. We introduce three tags indicating major er-
rors: Grammar (GR) is used for grammatical or
syntactical errors, missing (SAK) for missing or not
translated parts and incorrect (LF) for sentences
containing words that are incorrect in the given
context. Loss of meaning (BET) is used in combi-
nation with other tags and marks sentences where
errors are critical enough to cause significant loss
of the original phrase’s meaning. Additional infor-
mation (ADD) is used when there are unnecessary
added words in the translation. Multiple tags are
used if there is need to capture multiple errors or
connections between issues, e.g. if missing words
cause loss of meaning. Two minor error tags mark
up less critical, but still significant issues affecting
interpretation. Semantic (SEM) indicates subtler
changes in meaning that come with a risk of mis-
interpretation. Lexical preference (PR) is used for
translations containing less normative, inappropri-
ate or unnatural words from a fluent speaker’s per-
spective. Finally, we use three descriptive tags to
indicate the presence of certain types of language
that are known to cause issues in machine transla-
tions: an idiom (ID) tag for idioms, a slang (SL) tag
for informal language, a style (ST) tag for when the
context requires domain-specific language and a
direct translation (DIR) tag for when the translation
is a noticeable direct translation from the source
language. The descriptive tags are used to high-
light causes of errors, combined with other tags
that specify the issues that are connected to the
original phrases of either category, e.g. idioms or
slang expressions losing their meaning because
of literal translation, or domain-specific terms not
being applied where they would be preferrable.

4. Dataset Analysis

Table 1 shows basic token statistics for the Swedish
translations from different sources, computed on
the lower-cased text with punctuation marks re-
moved. The human translations are longest on av-
erage, both in terms of characters and (whitespace-
separated) word tokens, and show the highest type–
token ratio, which is in line with previous analyses of
translationese (e.g., Ahrenberg, 2017). The GPT-5
translations are closer to the human translations
than the ones provided by OPUS-MT.

Figure 1 shows the counts of each error tag by
translation model. The “minor” error tags SEM
and PR are the most common, followed by loss
of meaning (BET) or incorrectly-translated words or
phrases (LF). The GPT-5 translations consistently
have fewer problems than the OPUS translations,
with the largest error reductions observed for PR
and SAK, indicating that GPT-5 is much better at
generating more idiomatic words or phrasings, and
less likely to omit words entirely in the translation.
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OPUS Human GPT-5
# word tokens 3,860 3,971 3,913
# characters 16,070 17,208 16,854
Type–token ratio 33.03 35.00 34.83

Table 1: Basic statistics for the Swedish translations
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Figure 1: Error tag distribution for the Swedish
translations; cf. Sec. 3.2 for an explanation of tags.

Comparing annotator judgments for GPT-5 ver-
sus the human translator, we find that the GPT-
5 translation is equally acceptable in ca. 40% of
cases, and even judged to be an improvement over
the human translation for 36 examples (6%).

4.1. Causes of Minor Errors
Semantic shift (SEM) The most common error
tag in our dataset is SEM, indicating that the sit-
uational or emotional meaning of the phrase is
changed in a way that leaves room for misunder-
standing. For example, the phrase in (1) is used
in a context where the addressee is exhausted but
doesn’t go to bed, and therefore is told to rest:

(1) You take rest
a. Ta det lugnt ‘take it easy’ (SEM)
b. Du ska vila dig ‘you should/will rest’

(SEM)

The OPUS translation (1 a) captures that the per-
son needs to calm down in some manner, but does
not communicate the form of rest; the GPT-5 trans-
lation (1 b) carries a more aggressive connotation
than “care.” An idiomatic translation would be Ta
och vila, roughly translating to ‘take some rest.’

Metaphoric language is a common cause of this
error type. The phrase in (2) is used in the context
of policemen offering help to an alleged criminal,
and translated identically by OPUS and GPT-5:

(2) We could make you look clean
Vi kan få dig att se ren ut (SL, SEM)

The translation here carries a literal meaning and
could also be interpreted as drug-related. To ex-
press this is in a more idiomatic way, the word fläck-
fri ‘spotless’ is more precise than ren ‘clean’.

(3) They just fade in
a. De bara bleknar in (SEM)
b. De bara tonar in ‘they just tune in’

(LF, BET)

Example (3) is used in the context of black people
“fading in” in society. The OPUS translation (3 a)
uses the word bleknar ‘to become pale’, which is
possible to understand, but not a commonly ac-
cepted usage of the word. GPT-5 produces a worse
translation (3 b) in this case, using the word tonar
that can be used in reference to “fading in music”
or to “engage in something,” which communicates
the opposite of the original phrase, and thus gets
annotated with different error tags in our dataset.
A more idiomatic, and still metaphorical, phrasing
that is appropriate in the given context would be De
bara smälter in, literally ‘they just melt in.’

Lexical preference (PR) This tag indicates trans-
lations that communicate the meaning but sound
unnatural to a native speaker. For example, while
gåva in Swedish does mean ‘gift,’ it has a broader
and more formal meaning than in English, and
sounds unnatural in a more casual context:

(4) Simone, your gift
Simone, din gåva (PR)

A more appropriate choice here is present ‘present’,
which has a less formal connotation in Swedish.

Translations can also be too informal, as in (5),
where the English phrase communicates the seri-
ousness of a crime in a police investigation:

(5) We’re talking murder, here
Vi pratar om mord (SAK, PR)
‘We’re speaking of murder here’

Both OPUS and GPT-5 pick the word pratar ‘speak’,
which is not wrong, but makes the information
sound less serious than it is. In a context like this,
talar ’talk’ would be a more formal choice, thus
conveying the gravity of the situation better.

(6) Poor little thing
Stackars lilla sak (DIR, SEM, PR)

The phrase in (6) is said to comfort another person
and sympathize with them; the direct, literal, trans-
lation uses the word sak ‘thing’, which in Swedish
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is only applicable when referring to items, not per-
sons. To call someone an “item” is not something
one would do in a serious and emotional situation,
so we use SEM to highlight that this sentence could
be interpreted as unserious or rude. A common and
lexically preferred phrase to would be Din stackare,
roughly translating to ‘you poor one/person.’

4.2. Causes of Major Errors
Loss of meaning (BET) The most common “ma-
jor” problem we observe is that the phrase’s mean-
ing gets lost in the translation. In (7), the word
“dope” is used as an intensifier synonymously with
“cool” or “awesome,” to describe a watch, whereas
OPUS literally translates it to “drug watch”:

(7) This dope watch
Den här knarkklockan ‘this drug watch’
(SL, DIR, BET)

A more correct translation would be den här fräna
klockan, using the adjective frän ‘cool, stylish’ that
is commonly used in such contexts.

Idioms (ID) are a common source of this type
of error, as in Example (8), which talks about the
structural properties of a house:

(8) It’s got good bones
a. Den har bra ben (ID, DIR, BET)
b. Den har bra grundförutsättningar ‘it has

good basic prerequisites’ (ID, SEM)

The literal OPUS translation (8 a) loses the id-
iomatic meaning in this context. GPT-5 correctly
captures this meaning in (8 b), though the phrasing
causes a subtle semantic shift due to the idiomatic-
ity being lost. An idiomatic alternative that is appli-
cable in the context of housing would be Den har
bra stomme ‘it has good framing.’

Incorrect word choice (LF) Similar to (8), Exam-
ple (9) contains an idiom where the OPUS transla-
tion (9 a) loses the meaning by being overly literal.
It also translates the word ‘pick’ as välja ‘choose’,
which is not the correct choice in this context, and
therefore gets annotated with the LF tag:

(9) I had an old bone to pick with you
a. Jag hade ett gammalt ben att välja med

dig ‘I had an old bone to choose with you’
(ID, LF, BET)

b. Jag hade ett gammalt horn i sidan på dig
‘I had an old horn in your side’
(ID, LF, BET)

The GPT-5 translation (9 b) attempts to use the
Swedish idiom ett horn i sidan, related to the En-
glish ‘a thorn in the side,’ but this is neither fitting nor

used correctly here. A Swedish idiom that would fit
better here is Jag hade en oplocked gås med dig,
literally ‘I had an unplucked goose with you,’ used
in the same way as the original phrase.

(10) He’s a degenerate gambler
Han är en degenererad spelare ‘he is a
degenerated player/gambler’ (LF, BET, PR)

Example (10) mistranslates ‘degenerate’ by apply-
ing the closely related adjective degenererad ‘de-
generated’, thus also losing the meaning. To cap-
ture the intent of the original utterance, we could
use the phrase Han är en nedgången speltorsk,
roughly ‘he is a worn-out gambling addict.’

Grammatical errors (GR) Example (11) illus-
trates a case where both OPUS and GPT-5 intro-
duce grammatical errors into the translation by at-
taching ‘all’ to the object rather than the subject:

(11) We all miss you
a. *Vi saknar dig alla (GR)
b. *Vi saknar dig allihop (GR)

Both translations rather suggest the meaning ‘We
miss you all,’ but are grammatically incorrect as alla
‘all’ and allihop ‘all (together)’ are plural pronouns,
where dig ‘you’ is exclusively singular. The correct
translation should follow the same word order as
in English, i.e. Vi alla saknar dig.

We also observe examples of incorrect article
use that were described by Katourgi (2022), e.g. in
predicative constructions describing a person’s oc-
cupation, where the article en needs to be omitted
for a grammatically correct translation:

(12) You’re a detective
* Du är en detektiv (GR)

Missing words (SAK) This category is much
more common in the OPUS translations than in
GPT-5. In many cases, the missing words do
not affect the translation significantly, e.g. when
a sentence-initial ‘Come on’ or ‘Listen, ...’ is omit-
ted, or in Example (13), where the verb is omitted
from the imperative clause, causing no errors or
misunderstandings, but still differs from the original.

(13) Put your hands on your head!
Händerna på huvudet! ‘Hands on your head!’
(SAK)

(14) Why don’t you go get some sleep?
a. Gå och lägg dig. ‘Go to sleep’

(SAK, SEM)
b. Varför går du inte och sover lite? ‘Why

don’t you go and get some sleep?’ (SEM)
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No Translation Setup

1. Låt oss gå.
2. Nu går vi.

Translation Setup (No Context)

1. Översätt följande mening till svenska*:
Låt oss gå.

2. Översätt följande mening till svenska*:
Nu går vi.

Translation Setup (1 Sent. Context)

1. Översätt följande mening till svenska
med hänsyn till kontexten†:
Kontext: Go on, I will follow you.
Mening: Let’s go.

2. Översätt följande mening till svenska
med hänsyn till kontexten†:
Kontext: Go on, I will follow you.
Mening: Nu går vi.

Figure 2: Prompting setups. Each box shows a minimal pair: Sentence 1 is a translationese variant,
sentence 2 is an idiomatic variant of a translation of the same English sentence. We compute the perplexity
of each variant to determine which one the model prefers. Translations of text in the figure: *Translate the
following sentence to Swedish. †Translate the following sentence to Swedish, considering the context.

Example (14) is used to suggest, in a caring way,
that a person should go to bed. The OPUS trans-
lation (14 a) is missing a large part of the source
sentence and reads more like an order. GPT-5
produces a direct translation (14 b) of the original;
however, in Swedish, this shifts the phrase’s tone
from caring to questioning. A more idiomatic phras-
ing would be Ska inte du gå och försöka sova lite?,
roughly ‘Shouldn’t you go and try sleeping a little?’

4.3. Domain-Specific Language
Some causes of errors that we annotate with their
own tag have already been mentioned above,
such as slang words (SL; Ex. 7) and idioms (ID;
Ex. 8 and 9). Domain-specific language (ST), i.e.
phrases that use terminology specific to a certain
field or domain, are another common error source
in our dataset. An example of this is the legal do-
main, which often uses very specific terminology:

(15) Not guilty on all counts
Inte skyldig på alla punkter (ST, PR)

Here, the OPUS translation is again very literal
and understandable, although better law-specific
terminology exists: The human translation in our
dataset is Oskyldig på samtliga åtalspunkter, using
oskyldig ‘innocent’ instead of the literal ‘not guilty,’
the more formal and therefore lexically-preferred
variation samtliga ‘all,’ and the legal term åtalspunk-
ter, literally ‘counts of indictment.’

Example (16) shows a subtle shift in meaning
from the occupational term of ‘counselling’:

(16) I counsel people with AIDS

a. Jag ger råd till människor med AIDS
‘I give advice to people with AIDS’
(ST, SEM)

b. Jag ger stöd till personer med AIDS
‘I give support to persons with AIDS’
(ST, SEM)

Both translations capture the practical aspects of
the job, but leave out the professional part of being

a counselor. The correct Swedish term here is ku-
rator ‘counselor,’ but this cannot be conjugated into
a verb, which means that a nominal construction
must be used, e.g. Jag är kurator åt människor med
AIDS ‘I am a counselor for people with AIDS.’

5. Experiments

Prompting setups We evaluate models on our
dataset in a minimal pairs setup (translationese
versus alternative) to probe intrinsic preferences
for idiomatic language. We use two prompting se-
tups to examine how contextual and task framing
affect their preferences. Each setup compares two
alternatives: a machine translation and the human
alternative version of a sentence. In the no transla-
tion context setup, the model is simply presented
with the Swedish sentence, allowing us to assess
general preference without translation instruction.
In the with translation context setup, the model is
instructed to translate the English source sentence
into Swedish. We test seven variants: one where
the model receives only the target sentence, and
six where the prompt even includes 1–10 preceding
English sentences as contextual information. The
an example for the prompting setups is illustrated
in Figure 2.

Models We evaluate on language models across
different scales and language coverage. AI Swe-
den LLaMA-3 8B1 is a continued pre-training of
LLaMA-3 8B (LlamaTeam, 2024) on Scandinavian
language data. To quantify the impact of this adap-
tation, we also include the original LLaMA-3 8B as
a baseline. EuroLLM-1.7B and 9B (Martins et al.,
2024) are open multilingual language models that
include Swedish in their pre-training corpus. Finally,
we include the Gemma-3 models (GemmaTeam,
2025) (270M, 1B, 4B, and 12B) as multilingual mod-
els across a wider size range. We include both
base models and instruction tunes (suffix -it).

1https://huggingface.co/
AI-Sweden-Models/Llama-3-8B

https://huggingface.co/AI-Sweden-Models/Llama-3-8B
https://huggingface.co/AI-Sweden-Models/Llama-3-8B
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Model Human>OPUS Human>GPT-5 SGBall SGBfiltered

Acc. ∆LP Acc. ∆LP Acc. ∆LP Acc. ∆LP
LLaMA-3-8B 47.83 1.83 40.33 0.91 38.57 -3.01 56.71 7.13
LLaMA-3-8B-it 49.83 2.01 42.50 1.17 40.33 -2.65 58.95 8.47
ai.se-LLaMA-8B 56.67 5.17 44.50 2.36 49.01 3.67 81.34 16.56
ai.se-LLaMA-8B-it 52.83 3.36 43.50 1.47 34.12 -5.80 58.95 5.60

EuroLLM-1.7B 48.33 1.09 41.17 0.83 41.46 -2.01 58.06 4.70
EuroLLM-1.7B-it 49.17 2.00 40.83 1.05 41.26 -2.34 57.41 4.88
EuroLLM-9B 49.67 2.64 43.00 1.19 42.19 -0.80 61.29 5.41
EuroLLM-9B-it 51.00 nan 40.83 nan 44.26 nan 65.35 nan

Gemma-270M 47.33 0.95 45.83 3.16 42.50 -0.13 56.33 6.22
Gemma-270M-it 49.50 0.61 44.00 2.40 40.95 -1.15 49.29 4.49
Gemma-1B 49.67 2.99 47.33 3.93 42.91 0.11 63.38 7.64
Gemma-1B-it 46.00 0.88 43.50 2.80 40.12 -2.37 51.40 2.43
Gemma-4B 52.50 4.03 46.33 3.83 43.22 -0.36 66.90 7.86
Gemma-4B-it 54.83 6.49 46.00 4.49 38.77 -2.29 56.33 3.91
Gemma-12B 55.33 5.54 45.00 4.39 43.64 0.39 71.12 8.79
Gemma-12B-it 58.33 8.31 46.33 4.09 40.53 -1.94 59.85 6.89

Table 2: Preferences for prompts without translation context for human alternatives over OPUS or GPT
translations. We compare to the datasets by Kunz (2026) derived from Katourgi (2022) (SGB).

Metrics A direct comparison of log-likelihoods
across sentences is problematic as the alternatives
often differ in length. To account for this, we use the
length-normalized mean log probability (MeanLP),
defined as

MeanLP(x) =
1

|x|

|x|∑
i=1

log p(wi | w<i) (17)

where x = (w1, . . . , w|x|) is the sentence and |x|
is its length. We use it for two metrics: The Ac-
curacy, i.e., the percentage of examples where
the human alternative receives a higher probability
than the OPUS or GPT sentence, capturing how of-
ten the model prefers the human variant, and ∆LP,
i.e., the average relative difference (%) between
the probabilities of the OPUS or GPT and human
variants across the dataset. This metric reflects
the magnitude of the model’s preference. A nega-
tive value indicates a stronger preference for the
translationese variant.

Reference dataset We compare our results to
the dataset introduced by Kunz (2026), based on
the book Svenskan går bananer (Katourgi, 2022),
which contrasts Translationese sentences with id-
iomatic alternatives suggested by the author. Fol-
lowing Kunz (2026), we evaluate two setups: (1)
SGBall, which includes all sentence pairs from the
book, and (2) SGBfiltered, a version filtered to include
only pairs where (a) both sentences are of the same
length, since sentence lengths vary considerably
in the dataset, and (b) human annotators agreed
that the alternative is clearly better than the trans-
lationese version. We use this dataset to compare

whether similar patterns, such as model rankings,
hold using their dataset and in ours.

6. Results

All models we evaluated show a bias toward the
machine translated sentences, even for OPUS vari-
ants where the translationese wording is obvious.
As shown in Tables 2, 3a, and 3b, there are very few
instances where models prefer the human transla-
tion over the machine translation in most examples.

Preferences without translation context In Ta-
ble 2, we see that the models often prefer the ma-
chine translated sample. The highest selection rate
(accuracy) for the human alternative over OPUS is
58.33 for the largest model, Gemma-12B-it. How-
ever, even though most models prefer the machine-
translated sentences in the majority of cases, the
∆LP values are positive in all settings except for
the SGBall dataset (which contains strong length-
based cues favoring the translationese samples).
This suggests that when a model does prefer the
human alternative, it tends to assign it a higher likeli-
hood than it does for machine-translated sentences
when the opposite is true. Table 2 also shows that
the Human>OPUS setup exhibits some expected
trends: scores increase with model size for both
Gemma and EuroLLM families, and ai.se-LLaMa-
8B gets higher scores than Llama-3-8B. This pat-
tern is similar to that observed for SGBfiltered, al-
though the latter has overall higher scores. There
are only two exceptions to these trends: in the
Human>OPUS setup, accuracy does not increase
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Model 0 Sent. 1 Sent. 2 Sent. 3 Sent. 4 Sent. 5 Sent. 10 Sent.
Acc. ∆LP Acc. ∆LP Acc. ∆LP Acc. ∆LP Acc. ∆LP Acc. ∆LP Acc. ∆LP

LLaMA-3-8B 40.50 -1.75 39.33 -1.11 40.50 -0.87 41.50 -0.68 42.50 -0.61 42.67 -0.51 42.17 -0.32
LLaMA-3-8B-it 39.33 -2.28 42.00 -1.03 42.83 -0.77 44.17 -0.66 44.00 -0.58 43.83 -0.53 44.33 -0.32
ai.se-LLaMA-8B 43.00 -1.58 49.33 -0.10 48.50 0.03 49.67 0.11 51.17 0.12 51.33 0.12 50.67 0.08
ai.se-LLaMA-8B-it 44.00 -1.39 44.67 -0.95 45.33 -0.68 45.50 -0.52 46.17 -0.44 46.50 -0.37 46.83 -0.21

EuroLLM-1.7B 33.67 -3.09 35.17 -1.69 37.33 -1.31 37.17 -1.05 37.00 -0.94 36.83 -0.83 38.17 -0.57
EuroLLM-1.7B-it 35.50 -2.77 38.50 -1.58 40.50 -1.21 39.17 -0.96 40.00 -0.85 39.83 -0.77 40.00 -0.53
EuroLLM-9B 41.33 -1.43 41.00 -0.90 42.00 -0.61 44.83 -0.40 42.83 -0.34 45.67 -0.26 45.50 -0.15
EuroLLM-9B-it 38.83 -1.90 42.83 -0.90 43.17 -0.64 45.50 -0.39 44.67 -0.31 44.00 -0.23 47.00 -0.11

Gemma-270M 35.17 -2.42 35.00 -1.82 34.50 -1.58 35.00 -1.35 35.50 -1.23 35.50 -1.11 35.50 -0.79
Gemma-270M-it 32.17 -3.73 32.00 -2.46 32.17 -2.15 33.33 -1.87 33.00 -1.65 34.00 -1.52 35.17 -1.07
Gemma-1B 36.50 -2.41 38.67 -1.19 39.83 -0.91 40.17 -0.77 39.50 -0.69 40.00 -0.62 42.17 -0.43
Gemma-1B-it 33.00 -3.60 35.83 -2.04 36.33 -1.47 38.33 -1.22 36.83 -1.06 37.83 -0.93 38.00 -0.70
Gemma-4B 40.17 -1.38 41.50 -0.90 42.50 -0.69 42.83 -0.52 43.50 -0.44 44.67 -0.39 44.67 -0.27
Gemma-4B-it 41.50 -1.53 43.00 -0.76 45.00 -0.58 46.33 -0.43 45.83 -0.32 46.83 -0.32 44.33 -0.24
Gemma-12B 45.50 -0.61 44.50 -0.47 46.33 -0.27 46.50 -0.19 46.83 -0.17 46.00 -0.14 45.50 -0.11
Gemma-12B-it 48.67 0.79 51.33 0.91 52.00 0.95 54.83 1.01 56.17 0.92 57.00 0.88 55.67 0.63

(a) Human > OPUS

LLaMA-3-8B 33.17 -2.15 33.00 -1.43 33.00 -1.25 32.50 -1.07 33.00 -0.97 32.67 -0.87 33.17 -0.60
LLaMA-3-8B-it 30.67 -3.12 31.67 -1.72 32.17 -1.46 32.83 -1.31 32.83 -1.21 31.67 -1.11 34.00 -0.74
ai.se-LLaMA-8B 34.17 -1.64 34.00 -0.91 33.83 -0.78 33.50 -0.68 33.83 -0.63 34.17 -0.57 34.17 -0.42
ai.se-LLaMA-8B-it 30.67 -2.63 30.67 -1.78 30.50 -1.49 31.00 -1.30 30.33 -1.17 30.00 -1.06 31.67 -0.71

EuroLLM-1.7B 30.17 -2.33 30.33 -1.41 31.50 -1.15 32.33 -0.96 32.83 -0.86 32.50 -0.79 33.17 -0.55
EuroLLM-1.7B-it 29.00 -2.48 30.33 -1.53 31.83 -1.24 32.00 -1.06 32.83 -0.96 31.83 -0.88 32.83 -0.62
EuroLLM-9B 25.83 -3.04 25.17 -1.98 26.50 -1.62 26.83 -1.37 27.17 -1.23 26.67 -1.09 28.33 -0.75
EuroLLM-9B-it 24.17 -3.73 25.00 -2.20 26.00 -1.82 27.83 -1.52 26.50 -1.34 26.50 -1.18 27.67 -0.79

Gemma-270M 34.00 -1.13 33.83 -0.92 34.83 -0.76 36.33 -0.63 34.33 -0.62 34.67 -0.54 35.50 -0.38
Gemma-270M-it 36.00 -1.62 33.33 -1.20 36.67 -1.02 36.83 -0.89 36.17 -0.77 36.17 -0.69 37.33 -0.48
Gemma-1B 33.33 -1.69 34.17 -0.95 35.50 -0.78 33.50 -0.67 33.17 -0.63 33.67 -0.55 33.67 -0.43
Gemma-1B-it 30.50 -2.41 31.33 -1.43 32.33 -1.16 33.00 -0.94 32.33 -0.81 33.33 -0.73 34.83 -0.51
Gemma-4B 31.67 -1.82 32.00 -1.25 33.17 -1.05 32.83 -0.89 33.83 -0.79 33.83 -0.71 34.50 -0.51
Gemma-4B-it 26.33 -3.70 28.17 -2.19 29.17 -1.84 30.50 -1.58 30.00 -1.43 29.17 -1.29 30.17 -0.87
Gemma-12B 31.83 -1.89 30.67 -1.27 32.17 -1.02 31.83 -0.90 32.00 -0.81 31.17 -0.74 32.67 -0.52
Gemma-12B-it 29.67 -3.63 28.17 -2.47 27.83 -2.09 29.17 -1.82 29.33 -1.63 30.00 -1.47 30.50 -0.98

(b) Human > GPT

Table 3: Preferences for machine translations vs. human alternatives for prompts with translation context,
with 0–10 preceding sentences from the source document. Highest scores for each model are bold.

between Gemma-135M-it and Gemma-1B-it, and
in the SGBfiltered setup, the ai.se-LLaMa-8B-it does
not outperform Llama-3-8B-it.2 The Human>GPT
setup produces generally lower and more variable
results than Human>OPUS, similar to those for
SGBall, although slightly higher and with positive
∆LP values. For these two datasets, scores do
not consistently increase e.g. with model size. The
lower scores in the Human>GPT setup align with
our analysis in Section 4, where we found that
GPT translations are often more acceptable, even
if many still contain issues. Consequently, compar-
isons against GPT are a less reliable indicator of
model capability than comparisons against OPUS.

With and without translation context Adding
translation context could help the model inter-

2Kunz (2026) also found that instruction tuning biases
ai.se-LLaMa-8B towards translationese.

pret how an expression is intended, but it may
also bias it toward preferring the more literal
machine-translated sentence. Comparing the
Human>OPUS setup in Table 2 to the best val-
ues in Table 3a, we see that when no translation
context is provided, results are substantially better:
accuracy is higher than even in the best transla-
tion setups, and ∆LP values are more often posi-
tive. We thus see that the English source sentence
steers the model toward the literal, translationese
option, even with a substantial amount of context.

Translation contexts, with varying context
length As visible in Table 3a, adding more con-
text often leads to a clear improvement: accuracy
is always higher with two or more preceding sen-
tences than with none. This suggests that context
helps the model better interpret the intended mean-
ing and, as a result, favor the human translation
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Figure 3: Percentage of samples where models prefer the OPUS-translated sentence over the human
alternative, by error tag. See Section 3.2 for explanations of error tags.

in some cases. Five sentences of context is often
the best overall setup, as indicated by the bolded
scores in Table 3a, followed by ten sentences. This
shows that a substantial amount of context gener-
ally helps better to avoid Translationese phrasings.
Even so, very few models achieve positive ∆LP
values (only the base AI Sweden LLaMA for half of
the prompts and the Gemma-12B-it model across
all prompts). We also see a strong “bigger is better”
trend for Human>OPUS. For the Human>GPT val-
ues in Table 3b however, the opposite holds true:
larger models generally perform worse. There is
often a consistent decrease in accuracy with in-
creasing model size, both within the EuroLLM and
Gemma families: As the models become more
capable, their preference for the GPT-produced
translations tends to increase. A clear trend for
Human>GPT is that the setup with 10 sentences
is the best; the bolded values show that it is the
best for 12 out of 16 models. There appears to be
a number of pairs in the dataset where the model
does prefer the human to the GPT-5 translation,
but only with the help of substantial context.

Error tags We explore which types of errors
are over- and underrepresented in cases where
the OPUS translation is preferred over the hu-
man alternative. Specifically, we analyze the best-
performing models from each family: AI Sweden
LLaMA base, and the instruction-tuned versions
of EuroLLM-9B and Gemma-12B. The analysis is
carried out using the best-performing setups: (i)
without a translation prompt and (ii) with a transla-
tion prompt including a 10-sentence context. As
shown in Figure 3, direct translations (DIR) stand
out as strongly overrepresented when translation
context is provided (54–71% OPUS preference),
a sharp increase from the no-context setting (37–
45%), suggesting that context may lead models
to translate too literally. Slang (SL) also leads to
many errors, particularly with context (up to 68%
for EuroLLM), showing that such expressions are

hard to translate idiomatically. Even the minor er-
ror categories lexical preference (PR) and seman-
tic (SEM) show high OPUS preference rates, espe-
cially when provided with translation context (up to
62% and 55%, respectively), indicating that these
subtler types of errors are challenging for the mod-
els. In contrast, the major error categories missing
parts (SAK) and grammatical (GR) errors show con-
sistently low OPUS preference rates (19–32% and
37–45% without context, respectively), suggesting
that clear mistakes are easier to avoid.

7. Conclusion

We introduce the first freely available, manually an-
notated dataset contrasting translationese from ma-
chine translations with human-written idiomatic al-
ternatives for Swedish. In creating this dataset, we
conducted a detailed analysis of translationese in
English-to-Swedish translations produced by both
smaller specialized machine-translation systems
and LLMs. The dataset includes the English source
sentence, preceding context, a fine-grained anal-
ysis of each sample, and tags for different types
of translation problems. It is a resource for study-
ing translationese in LLM outputs and ultimately
for developing models that produce more natural,
idiomatic translations in non-English languages.

Our experimental analyses reveal that the
smaller multilingual LLMs we probe consistently
exhibit a bias toward translationese phrasing; at
best the human alternative is assigned a higher
likelihood in a small majority of cases. Human al-
ternatives are chosen more frequently when the
English source sentence is not provided, suggest-
ing that models tend to follow the source closely
in translations, although even without translation
context, the models often prefer the translationese
variant. Including preceding context in translation
prompt guides models towards the human alterna-
tive for some samples, but the overall preference
toward translationese phrasing remains strong.
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Limitations

Our dataset is based on a single source dataset
and therefore lacks domain diversity. We chose
subtitles as the domain because spoken dialogue
is particularly challenging for machine translation,
with many hard-to-translate expressions such as
idioms and slang. Complementing it with other
domains, particularly written ones, would however
be valuable future work as it would give insights to
what extent those are affected by translationese.

As our dataset is manually constructed and in-
cludes detailed annotations of each sample, it is
relatively small. While it could be expanded using
methods like back-translation, this would reduce
control of the samples included in the dataset.

Choosing an appropriate set of error tags is also
a trade-off. The annotators were not fully satisfied
with the final tag set and sometimes found it difficult
to make precise decisions. A more detailed tag set
could capture finer distinctions, but it would also
make annotation and interpretation more complex.
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A. A Comparison of Our Error Tags
and MQM

To address the similarities and differences between
the MQM Error Typology and the self-developed
error tags used in this article, we compare the two
using the CORE Typology definitions provided on
the MQM website3. Readers familiar with the MQM
error classification may notice similarities between
MQM categories and our tags. The purpose of this
section is therefore to compare the two systems
and highlight how our tagging scheme captures
relationships between language type, error causes,
and error effects, as well as how translation errors
influence the receiver’s understanding.

A.1. Motivation Behind our Custom
System

Based on the MQM documentation and typology
design, the framework appears primarily oriented
toward organizational and technical written commu-
nication, where terminology management and ad-
herence to conventions are central. In contrast, our
error tags were designed to highlight the specific
translation error patterns observed in our dataset,
which consists of conversational language from the
OpenSubtitles corpus. When addressing issues in
transcribed spoken dialogue, translation errors of-
ten relate to linguistic nuance, emotional tone, and
idiomatic expression. These aspects play a central
role in conversational language but are less empha-
sized in frameworks primarily designed with tech-
nical or professional translation contexts in mind.
Although it would have been possible to extend
the MQM framework with additional categories to
better suit our needs, we decided that developing
a custom tagging system improves the clarity of
our analysis. Some of the errors we identify could
be captured within the MQM framework. However,
other nuances are difficult to classify without explic-
itly linking error causes and their effects, particularly
when the analysis does not rely on MQM’s scoring-
based evaluation scheme. Our error tags were
developed through an iterative annotation process.
Sentences containing translation issues were man-
ually examined, and as recurring patterns emerged,
additional tags were introduced to capture these
nuances. While MQM is designed to measure trans-
lation quality, our tagging system focuses on identi-
fying systematic error patterns in the dataset. The
tags allow us to capture relevant aspects of the
linguistic context, identify the underlying causes of
translation issues, and determine whether these
issues result in loss of meaning, semantic shifts, or
merely less preferable lexical choices.

3https://themqm.org/
the-mqm-full-typology/

A.2. Comparison of Individual Tags

Our Style (ST) tag, which captures instances of
domain-specific language, is similar to the MQM
Terminology category in that both relate to the ap-
propriate use of specialized vocabulary. Our tag
covers issues corresponding to the MQM Termi-
nology subcategories (Inconsistent with terminol-
ogy resource, Inconsistent use of terminology, and
Wrong term), since domain-specific communica-
tion typically requires the correct use of established
terminology that can often be verified through do-
main resources. However, the role of the tag differs
between the two systems. In MQM, Terminology
functions as an error category and is treated as a
direct cause of translation errors, typically evalu-
ated against predefined terminology guidelines or
resources. In contrast, our Style (ST) tag is not
itself an error tag and is not tied to a specific ter-
minology resource. Instead, it marks sentences
where domain-specific language is present and
where appropriate terminology or professional lan-
guage conventions must be considered. The Style
tag therefore extends beyond terminology. It is also
used to identify sentences that require attention
to linguistic appropriateness and preferred forms
of expression within professional or institutional
contexts. Errors occurring in sentences marked
with Style may therefore vary in type and sever-
ity. These may include lexically preferred ways of
expressing a concept within a field (Example 15),
translations that only partially capture the intended
meaning (Example 16), or cases where specialized
terms are translated incorrectly, resulting in a loss
of meaning (BET).

Our lexical error (LF) tag captures the same er-
rors as the “mistranslation” subcategory of MQM-
Accuracy, specifically addressing cases where cer-
tain words are translated incorrectly. In cases
where words are missing, aligning with the “under-
translation”,“omission”, and “untranslated” subcate-
gories of MQM-Accuracy, our Missing (SAK) tag is
used to highlight when target language sentences
lack words from the source sentence or when words
remain in the source language. In cases where un-
necessary words are present in the translation, our
Added words (ADD) tag is used, aligning with the
“addition” subcategory of MQM-Accuracy. Our use
of tags in the dataset captures causes of errors,
but the outcomes can be of various types. For ex-
ample, “Yeah, all right” may be translated simply
as “Okej” (Okay), which is missing (SAK) several
words and changes the semantics (SEM) of the
affirmative response. If the translation is strongly
affected by missing, added, or incorrectly translated
words, the most severe outcome is loss of meaning
(BET), which is tagged accordingly. If the meaning
is somewhat altered and the sentence undergoes
a semantic shift, the semantic (SEM) tag is used.

https://themqm.org/the-mqm-full-typology/
https://themqm.org/the-mqm-full-typology/
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If there is instead a more preferable way to express
something, our Lexical preference (PR) tag is ap-
plied. Words may also be missing from or added
to a sentence without making any substantial dif-
ference, and therefore without requiring additional
tags, as shown in Example 13.

On a general level, the Semantic (SEM) tag is
used to capture translations that exhibit some form
of semantic shift, change in energy, or emotional
nuance when compared to the source language.
This may result from specific errors, but the tag
can also be used independently in situations where
there is no clear or severe source of the seman-
tic shift, and the difference instead arises from the
particular word choices in the translation. An ex-
ample from the dataset is the response “Totally”,
used as a positive and agreeable reply to partici-
pating in an activity, being translated as “Helt och
hållet”. This expression is closer in meaning to
completely or entirely, and shifts the response’s
tone to something more serious than in the source
language. MQM does not provide a direct equiv-
alent to Semantic (SEM) that explicitly captures
semantic shifts in tone, energy, or emotional nu-
ance, although the “undertranslation” and “over-
translation” subcategories (MQM-Accuracy) par-
tially cover shifts that have semantic effects.

Our Loss of meaning (BET) tag also captures
“mistranslation” (MQM-Accuracy), but in terms of
error effect rather than error cause. The BET tag is
never used by itself, but instead serves as an indi-
cator that another error is severe enough to cause
the sentence to carry a different, or indistinguish-
able, meaning in the target language compared to
the source language.

Direct translation (DIR) captures literal word-by-
word translations. This becomes relevant to tag be-
cause such translations can cause different types of
errors, most often related to preferential or seman-
tic issues, but they may also lead to grammatical
problems or even loss of meaning in strongly id-
iomatic speech. No equivalent type of translational
specification is found in MQM.

Our Grammar (GR) tag is used to capture gram-
matical and syntactic errors, aligning with the “gram-
mar”, “textual conventions”, and “spelling” subcat-
egories of MQM-Linguistic conventions. Severe
grammatical errors can cause Loss of meaning
(BET) or sometimes Semantic (SEM) shifts if the
grammatical structure affects how a sentence is in-
terpreted. An example from the dataset is the sen-
tence “You’ll toast but not drink”, which is translated
as “Du skålar, men inte dricker”, roughly meaning
You toast/raise your glass, but don’t drink. The syn-
tactic structure of the translation is incorrect and
also contributes to making the phrase appear more
commanding and somewhat unpleasant.

Our Idiom (ID) and Slang (SL) tags are used to

identify sentences containing idiomatic or slang ex-
pressions. These are not direct errors themselves,
but can be causes of different types of translation
errors or issues. In MQM, the “Unidiomatic style”
subcategory of Style is used for situations where
the target language uses grammatically correct but
unnatural language. In our dataset, however, sev-
eral factors related to strongly idiomatic language
use are important to capture, which requires sepa-
rating the type of language used from error causes
and error effects. Idioms or slang are often han-
dled through Direct translation (DIR) or through
lexical errors (LF), and can result in Loss of mean-
ing (BET), as seen in Examples 8 and 9. Other
examples can also be found in the dataset, such
as the slang expression “Nuts!”, used to express
that something is crazy, which is directly translated
(DIR). Because there is no equivalent expression
in Swedish, this results in a loss of meaning (BET).
Translating idiomatic expressions into more literal
sentences may capture the general meaning, but
can still cause semantic shifts (SEM). An example
of this occurs in the dataset where the phrase “get
well soon” is translated directly (DIR); in Swedish,
however, this formulation becomes more assertive
and commanding, which is not the intended tone
when wishing someone a recovery.

Our Lexical preference (PR) tag is also some-
what related to the “Unidiomatic style” subcategory
(MQM-Style), in the sense that a lexically preferred
expression may also be a more idiomatic one. How-
ever, in our dataset it is important to distinguish be-
tween cases where established idiomatic or slang
expressions are used and cases where the issue
concerns lexical preference from a native speaker’s
perspective.


	Introduction
	Background
	Dataset Construction
	Annotation Process
	Error Tags

	Dataset Analysis
	Causes of Minor Errors
	Causes of Major Errors
	Domain-Specific Language

	Experiments
	Results
	Conclusion
	Bibliographical References
	Language Resource References
	A Comparison of Our Error Tags and MQM
	Motivation Behind our Custom System
	Comparison of Individual Tags


