When Translations Surprise:
Human Awareness of Predictability in Translations

Cristian Garcia-Romero’ Miquel Espla-Gomis'*  Felipe Sanchez-Martinez'*
fDep. de Llenguatges i Sistemes Informatics
HInstitut Universitari d’Investigacié Informatica
Universitat d’Alacant (Spain)
{cristian.gr,miquel.espla, fsanchez}@ua.es

Abstract

Machine translation (MT) has achieved near-human quality for some language pairs, yet its output remains distinct
from human translation, primarily in its predictability. While MT systems generate low-perplexity text, humans produce
less predictable outputs. This raises the question of whether humans can intuitively use this difference in predictability
to distinguish between human- and machine-translated text. We report on a study with 30 native Spanish speakers
tasked with identifying the origin of English-to-Spanish translations. We compared their performance against two
perplexity-based baselines: a large language model capturing fluency, and a neural MT model, conditioned on
the source text, capturing both fluency and adequacy. Our findings reveal that human judgments correlate with
fluency-based perplexity, but show no correlation with the perplexity that also accounts for adequacy. This suggests
that annotators’ decisions are driven by the target text’s fluency. Consequently, a simple computational baseline
using source-aware perplexity significantly outperforms human annotators. This work contributes to a deeper
understanding of human perception of MT, highlighting a potential bias in current evaluation protocols toward fluency
over adequacy. This bias may lead to an overestimation of the capabilities of highly fluent systems and underscores
the need for evaluation methods ensuring translation adequacy is not overlooked.

Keywords: machine translation detection, machine-generated text detection, human vs.
translations, human evaluation, translation perplexity

machine-generated

1. Introduction

1000 Class
. . e . . e o [0 Machine-generated translation
Tran§lat|.on Is a core activity in cross-linguistic com- g = Human translation
munication, carried out both by human translators & 500
and by machine translation (MT) systems. Today, .
state-of-the-art MT systems, typically built on the 0

0 2 4 6 8 10
Perplexity

Transformer neural architecture (Vaswani et al.,
2017), achieve performance levels that approach
human quality for some language pairs in shared
tasks such as the 2024 Conference on Machine
Translation (WMT) (Kocmi et al., 2024).1

While the quality of MT output is often judged
by human preferences (Clark et al., 2021), this
evaluation does not fully capture whether machine-
generated text aligns with the type of translations
produced by humans. When we look at translations
as final products, human and machine outputs re-
main distinct (Vanmassenhove et al., 2019; Roberts
etal., 2020; Luo et al., 2024). Because MT systems
are trained on large-scale bilingual data, they tend
to generate highly predictable translations, often
characterized by low perplexity. Human translators,
by contrast, go beyond fluency and adequacy: they
attend to nuance, register, stylistic choices, and

Figure 1: Histograms of the per-word perplex-
ity obtained with the NLLB-200 3.3B NMT model
(PPLymt) for the human and machine-generated
translations in our dataset (see Section 2.2). MT-
generated translations were obtained with MAD-
LAD (Kudugunta et al., 2023) and similar trends
are observed with the rest of machine-generated
translations.

the NLLB-200 3.3B multilingual translation model
(NLLB Team et al., 2024). As can be observed,
human translations are generally less predictable,
resulting in higher per-word perplexity compared to
machine-generated translations.

pragmatic appropriateness, resulting in outputs that
are less predictable. This is illustrated in Figure 1,
which shows the per-word perplexity of machine-
generated and human translations computed using

ttps://www2.statmt.org/wmt24/
translation-task.html

Previous work has shown that humans strug-
gle to differentiate between human translations
(HT) and state-of-the-art machine-generated trans-
lations (Calvo-Ferrer, 2024), a difficulty also ob-
served when assessing text generated with other
advanced Al systems (Dugan et al., 2023). How-
ever, these studies do not account for the pre-
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dictability of the translations under evaluation. Con-
sequently, it remains unclear whether translators
rely on their intuition about linguistic predictabil-
ity —if such intuition exists— to distinguish human
translations from those produced by state-of-the-art
neural MT systems.

In this paper, we report the results of a study with
30 native Spanish speakers, both with and with-
out formal translation training, which were asked to
identify the origin of English—Spanish translations.
Our evaluation included translations produced by
multilingual and bilingual neural MT systems, mod-
els implementing the full Transformer architecture
(encoder and decoder), and systems based on
large language models (LLMs).

To determine whether predictability is somehow
perceived (and leveraged) by human evaluators,
we also computed the perplexity of translations
using two different models: a large-language model
(LLM) and a multilingual neural MT (NMT) model.
The key distinction between these two models is
that the LLM is monolingual; it only considers the
target-language text and thus primarily assesses
translation fluency. In contrast, the NMT model is
bilingual; it also takes the source text into account
and therefore evaluates both fluency and adequacy
relative to the source.

Our findings reveal a partial correlation between
the perplexity computed using an LLM on the mono-
lingual target-language text and human judgments.
Paradoxically, the perplexity computed using the
bilingual NMT model shows no such correlation
with human judgments, despite being a much bet-
ter predictor for automatic detection of machine-
translated text. This suggests that human annota-
tors may be focusing too heavily on the fluency of
the target-language text (which the monolingual
LLM assesses), while largely disregarding ade-
quacy with respect to the source-language text
(which the bilingual NMT model assesses). This
focus on fluency could be negatively impacting their
overall performance.

We hope this finding contributes to a better un-
derstanding of how translators perceive and eval-
uate MT outputs and informs the design of eval-
uation protocols that move beyond surface-level
judgments, and avoid the potential bias towards
fluency over adequacy that current human evalua-
tion protocols may have. More broadly, it highlights
the need to examine which linguistic signals, if any,
remain reliable indicators of human translation.

The rest of the paper is organized as fol-
lows. Section 2 describes the experimental setup,
whereas Section 3 presents and discusses the re-
sults. Then we present a description of related work
in Section 4. The paper ends with some concluding
remarks and ethical considerations, followed by a
discussion of the limitations of our study.

2. Experimental Setting

This section details the human evaluation carried
out to distinguish HT from MT-generated transla-
tions (Section 2.1), describes the datasets used
(Section 2.2), and introduces the use of perplexity
as a proxy for predictability (Section 2.3).

2.1.

Annotators. The evaluation involved 30 native
Spanish-speaking participants: 15 with training in
translation (final-year students in Translation Stud-
ies; annotators 1-14 and 16), and 15 without such
training (the remaining participants). All partici-
pants were also proficient in English to evaluate
the translated content effectively.

These participants were organized into 10
groups of three annotators each to ensure that a
small, identical set of sentences was assigned for
annotation. Each annotator was assigned an indi-
vidual data package (see Section 2.2). Groups
sharing sentences are numbered consecutively
(e.g., 1-3 or 4-6). Groups 4 and 5 were excep-
tions to the main grouping: Group 4 included one
annotator without translation training, and Group 5
included two.

For each instance in our data set, we presented
annotators with a source segment in English, and
two translations in Spanish, one HT and one MT.
Annotators were then asked to identify the HT. This
task aims at measuring how good humans are in
identifying MT-generated content when it is com-
pared to genuine human translations. Furthermore,
this setup facilitates a direct comparison of human
annotators’ performance against an automatic ap-
proach based on the perplexity obtained from dif-
ferent text-generation models.

Human Evaluation

Evaluation Platform. We conducted the human
evaluation using KEOPS (Ramirez-Sanchez et al.,
2020),? a web-based tool for manual evaluation of
parallel corpora. We modified KEOPS to fit our spe-
cific purposes. We customized the ranking mode
of the tool and instructed the annotators to assign
arank of “1” to the HT and a rank of “2” to the MT.2
We also updated the descriptions within the tool to
align with the objectives of the task. The modified
KEOPS interface, as used for the task, is displayed
in Figure 2.

2.2. Datasets

We build on the test splits released by the WMT
news translation shared tasks for the language pair

®https://github.com/paracrawl/keops
Annotations that assigned the same rank to both
translations were subsequently removed from our data.
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Task #106 oout of 34 (0%) done

Source

The average birthrate has plummeted te 1.8
children per couple as compared with six when
the policy went into effect, according to the U.N.

Ranking

Una de las siguientes oraciones es una traduccion humana y Ia ofra una oracién generada por un sistema de traduccion automatica.
Asigna 1 a la oracion que pienses que es una fraduccion humana y 2 a la ora. No asignes el mismo némero a ambas.

La tasa de natalidad promedio se ha desplomado a 1.8 hijos por pareja en comparacion con

- - . 1
seis cuando la politica entré en vigor, segin la ONU.

El indice medio de natalidad ha caido en picado a 1,8 ninos por pareja, comparado con los

seis de cuando la politica se hizo efectiva, segin la Division
First pending Next =»

Figure 2: KEOPS interface used by our annotators.

Evaluation metric
MT system
COMET BLEU chrF2
Opus 852 26.8 553
MADLAD 86.5 28,5 56.7
Tower 86.8 284 56.2

Table 1: Evaluation on the FLORES+ devtest split
of the MT systems used.

English—-Spanish (2008-2013).# This dataset con-
sists of sentence pairs where the source segments
are original, and the target segments are HT.

We extend this dataset by adding transla-
tions from state-of-the-art MT systems: MADLAD-
400 (Kudugunta et al., 2023) (hereafter MADLAD
or MADL), Opus-MT (Tiedemann and Thottingal,
2020) (hereafter Opus) and Tower Instruct (Alves
et al., 2024) (hereafter Tower).> MADLAD and
Opus implement an encoder-decoder Transformer
model (Vaswani et al., 2017); MADLAD is multilin-
gual whereas Opus is bilingual. Tower is a multilin-
gual, instruction-tuned, decoder-only model.

Table 1 reports the automatic MT evaluation
quality metrics BLEU (Papineni et al., 2002),
COMET (Rei et al., 2022),6 and chrF2 (Popovic,
2015) for the MT systems used. These figures were
calculated on the FLORES+ (NLLB Team et al.,
2024) devtest split for the English—Spanish lan-
guage pair. The results indicate that the differences
between MADLAD and Tower are quite small, with
Opus slightly underperforming both. The three sys-
tems report state-of-the-art results as of October
2025.

*https://www.statmt.org/wmt13/
translation—-task.html

SWe use the prompt recommended by the au-
thors: https://huggingface.co/Unbabel/
TowerInstruct-7B-v0.2

Shttps://huggingface.co/Unbabel/
wmt22-comet—-da

WMT Number of source sentences
edition | Before After After
filtering filtering filtering (%)
2008 349 292 83.66
2009 370 314 84.86
2010 505 435 86.13
2011 598 480 80.26
2012 604 480 79.47
2013 500 388 77.60
Total \ 2926 2389 81.65

Table 2: Number of source sentences per WMT
split. Each source sentence is paired with its HT
and the MT-generated translations.

The dataset was constructed by pairing each
source sentence with its HT and the MT-generated
translations from all MT system; subsequently, any
entry containing a duplicated target sentence was
discarded. Table 2 reports the number of source
sentences per WMT edition before and after the
filtering process.

We created individual data packages from the
resulting dataset for each annotator. Each pack-
age contained 12 randomly selected unique en-
tries and 5 additional entries shared across pack-
ages for groups of three annotators to measure
inter-annotator agreement. We selected one MT
system’s translation per entry. While these MT-
generated translations were generally chosen at
random, we ensured that the same specific MT out-
puts were used for the 5 overlapping entries across
the annotators within each group.

2.3. Measurement of Predictability

We use per-word perplexity (PPL) computed from
the logits produced by: (a) a surrogate multilin-
gual translation model, NLLB-200 3.3B (NLLB
Team et al., 2024); and (b) a surrogate mul-
tilingual pretrained (non-instruction-tuned) LLM,
LLaMA 3.1 8B (Grattafiori et al., 2024). These
metrics are used as a means to measure the pre-
dictability of both human and machine-generated
translations. Equation 1 shows how the PPL based
on a surrogate translation model (PPLyyt) is com-
puted for the target segment ¢ with 7" tokens, con-
ditioned on the source sentence s, by feeding ¢
to the model through teacher-forcing, rather than
by decoding from the probability distribution of the
model:

T
1
PPLayr = exp(—f S log P(t, | t<i,s)), 0
=1

P(t; | t<i, s) = softmax(logits,)[t:],
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Figure 3: Histograms of the per-word perplexity ob-
tained with the LLaMA 3.1 LLM model (PPL_, ) for
the human and machine-generated translations in
our dataset (see Section 2.2). MT-generated trans-
lations were obtained with MADLAD (Kudugunta
et al., 2023) and similar trends are observed with
the rest of machine-generated translations.

The computation of the PPL based on an LLM
(PPL__m) is done analogously after removing the
conditioning on the source segment s.

As Figure 1 shows, MT outputs consistently ex-
hibit lower PPLyyt than HT. While the figure specif-
ically plots the PPLyyt for MADLAD, similar trends
hold for the remaining machine-generated transla-
tions. In contrast, from the perspective of an LLM,
HT and MT outputs are quite similar in terms of per-
plexity. This is evident in Figure 3, which shows the
PPL v for translations produced by MADLAD (a
pattern that generalizes to the other MT systems).

3. Results and Discussion

In this section, we report the annotators’ accuracy
in determining which is the HT when the source
text and two possible translations —HT and MT—
are provided. Inspired by Mitchell et al. (2023), we
compare human results to those obtained by two
simple baselines that assume that the HT is usu-
ally less predictable and, therefore, exhibits higher
perplexity (analogous to Mitchell et al. (2023), who
use entropy as a baseline to identify Al-generated
text): one that computes the perplexity according
to a surrogate neural MT model (PPLyyt) and one
that does it by using an LLM (PPLyy). We also
explore the relation between PPLyyt and PPLy
and the performance of annotators, and try to figure
out whether annotators may have any nuance re-
garding the concept of predictability of a translation
and the chances that it has been produced by a
human or an MT system.

In our experiments with human annotators, each
annotator classified 12 unique entries, plus 5 ad-
ditional entries shared with two other annotators
in their group. Due to limitations of the evaluation
platform (see Section 2.1), some annotations were
invalid and had to be removed from the results.
Specifically, one annotation sample was removed
for annotators 19, 20, 21, and 30, as well as for the

Data split Opus MADL Tower
Human | 162.8 152.7 {45.5
All PPLyut | 95.1 982 714
PPLm 46.5 65.1 63.0
Human 63.7 539 {53.3
Experts PPLywt | 96.7 97.8 74.7
PPL . m 55.0 69.7 733
Human | 162.0 51.3 38.0
Non-experts PPLywt | 935 98.8 68.4
PPLL M 38.0 60.0 532

Table 3: Accuracy obtained by human annotators
and by the two perplexity-based baselines for the
two data splits (experts and non-experts) and for the
combination of all the data (all). Scores whose dif-
ference from the score immediately above is statis-
tically significant are underlined. { indicates statis-
tically significant differences between Human and
PPLL M.

overlapping group 19-21.

3.1. Performance of Human Annotators
vs. PPL-based Baselines

Table 3 reports the annotators’ accuracy in deter-
mining which of the two translations is the one pro-
duced by a human, across three different data splits
and the three MT systems. The table also reports
the results obtained by the two baselines described
above, as well as the outcomes of statistical signifi-
cance tests computed via approximate randomiza-
tion (Noreen, 1989) (10,000 iterations; p < 0.05) to
identify statistically significant pairwise differences
across all systems. Since different data was pro-
vided to different annotator groups, the data splits
are categorized by annotator background: Experts
includes samples from annotators with translation
training; Non-experts includes samples from those
with no translation training; and All represents the
combined data from the other two splits.

Overall, human classification accuracy across
the different MT systems is close to the chance
level (i.e., 50%), although annotators with trans-
lation training achieve slightly higher accuracies.
Among the three MT systems used, Opus trans-
lations appear marginally easier for annotators to
correctly identify, whereas MADLAD translations
are closest to random classification for both ex-
perts and non-experts (i.e., small deviation from
chance). In contrast, Tower translations are signifi-
cantly more difficult to detect, particularly for non-
expert annotators. These trends suggest that the
human annotators find the translations generated
by Opus —a bilingual NMT system— less human-
like than those produced by MADLAD —a multilin-
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Annotators | Pairwise (%) Krippendorff's a
1-3 73.3 0.44
4-6 33.3 -0.30
7-9 60.0 0.16
10-12 60.0 0.25
13-15 46.7 -0.04
16-18 86.7 0.72
19-21 50.0 0.08
22-24 33.3 -0.30
25-27 60.0 0.25
28-30 46.7 0.00
All 55.1 0.08

Table 4: Inter-annotator agreement on the data
packages shared across different groups of anno-
tators. Annotators 1-14 and 16 have training in
translation while the remaining annotators do not.

gual NMT system—, and that both are perceived
less human-like than the translations generated by
Tower —a multilingual LLM.

Remarkably, despite its simplicity, the PPLyut
baseline outperforms both groups of human anno-
tators by a large statistically-significant margin in
all cases. It achieves near-perfect classification re-
sults for Opus and MADLAD. While its performance
on Tower is lower, the PPLyut baseline still remains
substantially higher than the accuracy achieved by
the human annotators.

As regards the PPL |\ baseline, its performance
is much closer to human annotators. Namely, this
baseline obtains results that outperform human
annotators for MADLAD and Tower MT systems,
although statistical significance tests results are in-
consistent across groups of human annotators. Sur-
prisingly, the results obtained for Opus are substan-
tially lower, and statistically-significant worse than
human annotators (the expert annotators are the
exception to the statistically significant differences).
Nevertheless, this baseline is still far from the re-
sults obtained with the PPLyyr baseline, which
consistently outperforms PPL across all evalu-
ated cases, with statistically significant differences
for Opus and MADLAD.

Inter-Annotator Agreement. Table 4 reports per-
group results in terms of inter-annotator agree-
ment, using both pairwise agreement and Krip-
pendorff’s alpha. We observe that the two met-
rics are strongly positively correlated across the
individual samples (excluding aggregated results),
as measured by Pearson’s linear correlation: r =
0.9125,p < 0.0005. Overall, annotator agreement
is generally weak, with most values being close to
chance levels (i.e., 50% for pairwise inter-annotator
agreement and 0 for Krippendorff’s alpha). Interest-
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Figure 4: Annotators’ accuracy (orange lines) and
differences in PPL between HT and MT (blue lines).

ingly, groups with translation training (annotators
1-14 and 16) achieve higher levels of agreement,
whereas groups without translation training (remain-
ing annotators) exhibit more variability and noise,
with no clear trend.

3.2. Do Human Annotators Perceive (and
Leverage) Translation Predictability?

To investigate how human annotators may be using
the predictability of the translations as a cue for
detecting the HT, we processed the data points
used to compute the accuracy scores in Table 3:
we sorted them in ascending order of the difference
in PPL between the HT and the corresponding MT
shown to the annotators. We then grouped them
into 20 bins, with each bin containing 25 data points
but covering a different range of PPL differences.
This was done both for PPLyyt and PPL .
Figure 4 displays the average and standard devi-
ation of the PPL differences in each bin (shown in
blue), alongside the annotators’ accuracy in identi-
fying HTs (shown in orange) both for PPLyyt and
for PPL . As can be seenin Figure 4a, the magni-
tude of the PPLyy difference between the human
translations and their MT-produced counterparts
does not significantly impact the annotators’ accu-
racy. This is confirmed by the Kendall correlation
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| PPLawr(HT)-PPLawT(MT) | PPLLm(HT)-PPLL w(MT)

Data split ‘ Kendall's ~ p-value ‘ Kendall's 7 p-value

All ‘ 0.04 0.79 ‘ -0.42 0.01
Experts \ -0.21 0.22 | -0.43 0.01
Non-experts | 0.25 0.13 | -0.29 0.08

Table 5: Kendall correlation between the difference of the per-word perplexity (PPL) computed for the HT

and the MT, and the accuracy of the annotators.

computed between the PPLyyt obtained on the
HT and on the MT and shown in Table 5; no clear
correlation is observed neither for annotators with
training in translation and for non-experts. A man-
ual inspection of 50 samples from the experts split
and another 50 from the non-experts split, corre-
sponding to the highest difference in PPLyyr (i.€.,
pairs of sentences in the bins on the right of Fig-
ure 4a), showed no severe hallucinations between
the source sentences and their machine-generated
translations that could have affected the results
reported above.

The results obtained on the PPL, |\ lead to differ-
ent conclusions. In this case, Figure 4b reflects that
accuracy decreases as the difference between the
PPL_ v computed on the HT and the MT grows. In
other words, when the PPL_,  of the HT is clearly
higher than the one of the MT, it seems to become
more difficult for annotators to identify which is the
human translation, while when it is the other way
round, it seems to be much easier. The correlation
between the difference of the PPL_ )y computed
on HT and MT-generated translations and human
accuracy is also reported in Table 5. As can be
seen, this correlation is identified for both experts
and non-experts, although it is slightly weaker for
the last ones.

These results seem to indicate that the process
followed by human annotators is somehow more
related to the predictability of the text in the target
language, without getting much influence by the
source text. We can safely conclude that annota-
tors do not seem to assume that human transla-
tions are less predictable than MT-generated trans-
lations; they seem to annotate the translation with
the lower PPL, m as the human translation.

Surprisingly, according to the results reported in
Table 3, the predictability of the translation, taking
into account both the source and the target text,
as computed with the PPLyyt, seems to be the
best option to differentiate HT and MT-generated
translations. These results open up the question
of whether humans, with the appropriate training,
would be capable of perceiving this type of pre-
dictability and, if so, which is the best way to instruct
them to leverage it for the task of differentiating HT
from MT-generated translations.

4. Related Work

Several studies have explored differences between
human and machine-generated translations (Van-
massenhove et al., 2019; Roberts et al., 2020;
Luo et al., 2024). However, modern MT systems
now produce highly convincing texts, making the
HT vs. MT classification task increasingly challeng-
ing —evidence suggests that higher-quality MT out-
puts are harder to detect automatically (Aharoni
et al., 2014). As a result, research on MT detec-
tion has evolved along two main lines: automatic
detection methods, which aim to train models able
to differentiate HT from MT, and human annotation,
which assess how well humans can perform the
same task. In what follows, we review prior work in
both areas.

4.1. Automatic Detection

Early work on MT detection focused on identify-
ing outputs from statistical MT systems, leveraging
fluency and linguistic features (Arase and Zhou,
2013; Li et al., 2015). With the emergence of NMT,
Nguyen-Son and Echizen (2018) were among the
first to address the detection of neural outputs, fo-
cusing on distinguishing MT from original (non-
translated) text using n-gram-based fluency and
noise features. Much of the subsequent research
has focused on sentence-level classification, pri-
marily motivated by the fact that NMT systems
are typically trained at this level, despite emerg-
ing trends toward coarser granularity (Kocmi et al.,
2024).

Approaches vary from feature-based models and
recurrent neural networks to pre-trained monolin-
gual and multilingual transformers. For instance,
Bhardwaj et al. (2020) compared multiple model-
ing paradigms across several English—French do-
mains, while Fu and Nederhof (2021) studied lexical
diversity via n-gram statistics and BERT-based clas-
sifiers for English translations from multiple source
languages. Alternative formulations have also been
explored: Nguyen-Son et al. (2021) proposed itera-
tively back-translating texts to measure stability dif-
ferences between MT and human-generated text.

As sentence-level classification becomes in-

8620



creasingly difficult for high-quality MT —and par-
ticularly for short segments (Bhardwaj et al., 2020;
Nguyen-Son et al., 2021)— several studies have
turned to paragraph- and document-level detec-
tion. Nguyen-Son et al. (2017) exploited Zipfian
distributions at the document level, while Nguyen-
Son et al. (2018, 2019) investigated coherence-
based features. van der Werff et al. (2022) com-
pared document- and sentence-level classification
and found that detection of the former substan-
tially outperforms the latter for German—English,
using both support vector machines and pre-trained
transformer classifiers. Extending this line of
work, Chichirau et al. (2023) evaluated multilingual
transformer-based models across seven source
languages for English translations. More recently,
Chen et al. (2025) proposed combining a surro-
gate speech model with a monolingual encoder-
based language model to separate original, human-
produced text (non-translated) from MT-generated
text.

Overall, automatic detection research has
evolved from feature-based methods toward neural
approaches that exploit larger context and multilin-
gual representations. Yet, even state-of-the-art de-
tectors often degrade in performance as MT quality
improves, motivating complementary studies of hu-
man ability to perform the same task — particularly
given that human judgment is typically considered
the gold standard for MT evaluation.

4.2. Human Annotation

Compared to automatic HT vs. MT classification,
human detection has received substantially less
attention, and we find limited research works on
this topic. Popel et al. (2020) describe the model
that won the WMT18 (Bojar et al., 2018) transla-
tion shared task on the news domain for Czech—
English. They also conducted a human evalua-
tion to distinguish between HT and MT outputs
from their system and Google Translate. Expert
translators, MT researchers, and other evaluators
were asked to annotate the texts. Results showed
that their MT system was not significantly distin-
guished from HT, whereas Google Translate out-
puts were more easily identified. In both cases,
annotators exhibited high variance and difficulty
in the task. More recently, Calvo-Ferrer (2024)
evaluated human ability to distinguish human- and
machine-generated subtitles for English—Spanish,
using ChatGPT (an instruction-tuned model) rather
than traditional NMT. A coarser granularity was
explored, as entire episodes were translated at
once rather than individual sentences. They ob-
served similar difficulties, with annotators struggling
to identify MT.

Other works in adjacent fields, such as Al-
generated text detection, further support these find-

ings. For instance, Gehrmann et al. (2019) intro-
duced GLTR, a tool that helps non-expert annota-
tors identify machine-generated text by showing
statistics, such as token-level probabilities, lever-
aging a surrogate language model. lppolito et al.
(2020) explored the role of decoding algorithms,
finding that this decision affects detection perfor-
mance. They also report that non-expert anno-
tators easily detect semantic errors, whereas au-
tomatic detectors focus on statistical anomalies.
Clark et al. (2021) investigated training methods
for non-expert annotators but found limited im-
provements. Dugan et al. (2023) analyzed detec-
tion across domains, model sizes, and decoding
strategies, focusing on boundary-detection rather
than binary classification. Across all these studies,
humans exhibit difficulties in detecting machine-
generated text. Interestingly, performance can im-
prove when annotators are provided with statistics
from the model (Gehrmann et al., 2019), incentives
(Clark et al., 2021), or detailed instructions on iden-
tifying machine-generated content (Dugan et al.,
2023).

Building on these prior studies, our work fills gaps
in the literature by comparing neural and LLM state-
of-the-art MT systems. We provide insights into
differences in human classification of HT vs. MT
across these paradigms, and also analyze how the
predictability of the evaluated translations corre-
lates with annotators’ classification performance.
We focus on the news domain, a widely studied
and challenging benchmark for human detection
due to the high quality and conventional style of
translations. The quality of MT systems in this do-
main has steadily improved, driven by continuous
evaluation campaigns such as those organized as
part of the WMT conferences on MT. This setup
allows us to assess human ability to distinguish HT
from MT in a realistic, high-quality context.

5. Concluding Remarks

Predictability is a key feature for detecting machine-
generated text, yet prior works have not explored if
human annotators are able to leverage their intu-
ition about predictability to distinguish between HT
and MT. In this study, we investigate this question by
using per-word perplexity as a proxy for predictabil-
ity, computed from both an LLM (PPL__y) and an
NMT model (PPLyyt). The LLM processes only
the translation, capturing fluency, whereas the NMT
model is also fed with the source text, capturing
both fluency and adequacy. Our results show that
annotators’ performance correlates with PPL, y,
but no correlation is found with PPLyyt. This sug-
gests that human judgments are primarily driven by
the fluency of the target translations, with no clear
evidence that the source sentence systematically
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influences their decisions.

Surprisingly, a simple baseline that assigns HT
and MT labels based on the highest and lowest
PPLymt values, respectively, outperforms human
annotators by a wide margin. In contrast, using
PPL_.m as the predictor yields substantially worse
performance, highlighting that the source sentence
contains critical information for detecting machine-
generated translations.

Consistent with prior work, we find that distin-
guishing HT from state-of-the-art MT is a chal-
lenging task for human annotators, particularly in
the English—-Spanish news domain. The combi-
nation of strong performance from the PPLyur
baseline, the correlation between human judg-
ments and PPL, u, and the absence of correla-
tion with PPLyut strongly suggests that annota-
tors may overlook the source sentence when eval-
uating translations. As a consequence, current
human MT evaluation protocols may be system-
atically biased toward fluency over adequacy. A
relevant example is the widely adopted direct as-
sessment (DA) protocol —partly used in the most
recent WMT general translation shared task (Kocmi
et al., 2025)— which, if such a bias exists, could
lead to an overestimation of the translation capabil-
ities of highly fluent LLMs compared to traditional
encoder-decoder NMT systems. This concern is
particularly relevant given that LLMs can be highly
sensitive to prompts, and some studies have shown
that certain prompts can cause the model to pro-
duce largely inadequate translations (Zhang et al.,
2023; Zhu et al., 2024), meaning that the source
text is effectively ignored—even though the output
may still appear fluent. However, unlike our setup,
DA typically presents annotators with the source
sentence and a single MT output for scoring—and,
in some cases, the corresponding HT as a refer-
ence. These differences in task configuration and
experimental design mean that our findings, while
indicative of a potential bias toward fluency over
adequacy, should be interpreted with caution.

Future work should explore evaluation settings
with richer context, more diverse language pairs,
and improved annotator training, as well as hy-
brid protocols that combine human and automatic
signals. While some of these approaches have
been explored in Al-generated content detection
(Gehrmann et al., 2019; Clark et al., 2021), our find-
ings suggest that human behavior in MT evaluation
—particularly the reliance on fluency over source
adequacy— may differ from general Al-generated
text detection, and therefore conclusions from prior
work may not fully generalize to the MT domain.

6. Ethical Considerations

All annotators were fully informed that they were par-
ticipating in an academic study aimed at analyzing
human performance in distinguishing HT from MT.
Participation was voluntary, and no monetary com-
pensation was provided. Particular care was taken
to ensure participant anonymity and prevent any
collection or disclosure of personally identifiable
information.

For transparency and reproducibility, we release
both the code and data used in this study to facili-
tate further analysis and validation by the research
community.”

7. Limitations

While our study provides insights into human per-
formance in distinguishing HT and MT, several limi-
tations should be considered. We focus on a sin-
gle language pair and domain —English—Spanish
news— which may limit the generalizability of our
findings. Different language pairs or domains could
reveal distinct patterns in human annotation behav-
ior. Additionally, our analysis is conducted at the
sentence level, whereas recent trends in machine
translation evaluation, such as recent WMT edi-
tions, are shifting toward coarser granularities like
paragraphs or entire documents. Evaluating larger
contexts could uncover trends not captured at the
sentence level.

The experimental design also results in each an-
notator working on a different subset of sentences.
While this prevents strict one-to-one comparisons,
it allows us to examine broader trends in classifi-
cation when results are aggregated, which aligns
with the focus of this work. Furthermore, although
each annotator received a relatively small number
of sentences, this setup ensures that the task could
be completed in a reasonable amount of time, re-
ducing the risk of careless or random responses
caused by fatigue or decreased interest in the task.

For the annotator assignment process, we di-
vided the participants into two groups: experts and
non-experts. The non-expert group is heteroge-
neous, while the expert group is relatively narrow,
consisting of final-year translation students. Other
studies have included professional translators, and
incorporating such participants —or exploring alter-
native group configurations— could provide addi-
tional insights and potentially reveal different pat-
terns of performance.

Finally, we acknowledge some limitations in the
surrogate models used in our study. To compute
PPL as a proxy for fluency, we used LLaMA 3.1,

"https://github.com/transducens/
human-eval-wmt—-en-es.
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and to assess both fluency and adequacy, we lever-
aged NLLB. First, we did not evaluate alternative
models or different model sizes. More importantly,
although NLLB reports having filtered WMT data
from its training dataset (NLLB Team et al., 2024),
the authors of LLaMA 3.1 have not disclosed the
specific sources of its training data, only mentioning
that much of their data was from the web (Grattafiori
et al., 2024). This raises the possibility of data con-
tamination. If such contamination were present, we
might expect the PPL_\, pattern observed in Fig-
ure 3 to be narrower for human translations (i.e., the
original texts potentially included in web data), sim-
ilar to the pattern seen for machine translations in
Figure 1 for PPLywmr, since the model’s pre-training
objective encourages lower perplexity on training
data. However, in the absence of detailed informa-
tion about the data used for training, we cannot
confirm this possibility.

These limitations highlight opportunities for fu-
ture work, including exploring multiple language
pairs and domains, evaluating larger granularity
levels, and considering alternative configurations
of human annotator groups, in order to improve our
understanding of human judgment in distinguish-
ing HT and MT. Additionally, future work could also
investigate other models as surrogates, ideally al-
lowing assessment of potential data contamination.
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