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Abstract

We extend a prior study comparing auto-
matic Quality Estimation (QE) models with
crowdsourced student judgments for English–
Ukrainian parallel corpus evaluation. Eight pro-
fessional translators each rate 1,000 sentence
pairs on a continuous 0–100 scale under one
of two paradigms: holistic quality scoring or a
two-stage fluency-plus-adequacy protocol, with
a repeated task for test–retest reliability. Profes-
sionals using the holistic scale achieve signifi-
cantly higher inter-rater reliability than both lin-
guistics students and professionals using sepa-
rate fluency and adequacy scales, contradicting
the expectation that multidimensional evalua-
tion improves agreement. Adequacy correlates
strongly with holistic judgments while fluency
emerges as a largely independent dimension.
Experts also exhibit a significant leniency drift
over the session, alongside increasing evalu-
ation speed. We additionally evaluate three
LLMs as translation quality judges (Gemini 3
Flash, GPT-5.4, Gemma 3 27B) and find that
the two larger models modestly outperform
dedicated QE models in correlation with ex-
pert scores (r = 0.814–0.821 vs. r ≤ 0.747).
When prompted for separate fluency and ade-
quacy scores, the LLMs replicate the adequacy-
dominance pattern, confirming that meaning
preservation drives holistic quality perception
across both human and machine judges.

1 Introduction

Evaluating the quality of machine translation (MT)
output is essential for building and filtering parallel
corpora, particularly for low- to mid-resource lan-
guages where training data quality directly affects
downstream model performance. Automatic Qual-
ity Estimation (QE) models predict translation qual-
ity from the source–target pair alone, without re-
quiring a human reference; this distinguishes them
from reference-based metrics such as BLEU or
chrF and makes them practical for corpus filtering

at scale. Recent neural QE systems—COMET (Rei
et al., 2020), COMETKiwi (Rei et al., 2022, 2023),
xCOMET (Guerreiro et al., 2024), and MetricX
(Juraska et al., 2023, 2024)—have become standard
tools for this task, offering scalable sentence-level
quality predictions.

However, the relationship between automatic
QE scores and human quality perception is not
straightforward. In a prior study (Chaplynskyi and
Zakharov, 2025), we applied six QE models to
score 55 million English-Ukrainian sentence pairs
and conducted a human evaluation of a stratified
sample of 9,775 pairs using linguistics students as
annotators. The best ensemble model explained
approximately 60% of the variance in averaged hu-
man ratings, with a non-linear relationship between
automatic scores and human perception. Criti-
cally, inter-rater agreement among students was
only moderate (ICC = 0.43–0.54), raising the ques-
tion of whether limited agreement reflects genuine
subjectivity in quality assessment or insufficient
evaluator expertise.

The present paper addresses this question di-
rectly. We make four contributions:

1. Professional evaluation at scale. We recruit
eight professional translators and collect over
8,000 individual evaluations on 1,000 sen-
tence pairs, enabling direct comparison with
student data from our prior study.

2. Holistic versus multidimensional evalua-
tion. We employ two paradigms in paral-
lel: a single holistic quality score and a two-
stage fluency-plus-adequacy protocol (Gra-
ham et al., 2013; Lommel et al., 2014). Con-
trary to expectations, holistic scoring yields
higher inter-rater agreement.

3. Systematic reliability analysis. We examine
inter-rater and test–retest reliability, evaluator
learning effects, leniency drift, and the role
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of text complexity and evaluation time in ex-
plaining score variance.

4. LLM-as-a-Judge comparison. We evaluate
three LLMs as translation quality judges and
find that the two larger models outperform
dedicated QE models in agreement with pro-
fessional translators, while a smaller model
does not benefit from structured prompting.

2 Related Work

Human evaluation of MT quality. The domi-
nant paradigms for human MT evaluation include
Direct Assessment (DA) on a continuous 0–100
scale (Graham et al., 2013, 2016), the Multidimen-
sional Quality Metrics (MQM) framework based
on error annotation (Lommel et al., 2014), and
pairwise ranking. DA with continuous scales has
been adopted by WMT shared tasks as the stan-
dard for collecting human judgments at scale (Fre-
itag et al., 2021, 2022). The separation of fluency
and adequacy as distinct evaluation dimensions has
a long history in MT evaluation (Castilho et al.,
2017; Görög, 2014), though recent work has de-
bated whether holistic scoring produces compara-
ble results with lower annotator burden.

Evaluator expertise. The effect of annotator ex-
pertise on MT evaluation reliability remains under-
explored. Freitag et al. (2021) showed that expert
evaluators produced higher agreement and differ-
ent system rankings compared to crowdsourced
judgments. Our prior study (Chaplynskyi and Za-
kharov, 2025) used linguistics students, achieving
moderate inter-rater reliability (ICC = 0.43–0.54).
The present study extends this by recruiting profes-
sional translators to test whether domain expertise
improves reliability.

Quality estimation models. Neural QE mod-
els have advanced rapidly. The COMET family
(Rei et al., 2020, 2022, 2023) combines COMET’s
architecture with OpenKiwi’s predictor-estimator
setup. xCOMET (Guerreiro et al., 2024) adds er-
ror span detection. The MetricX family (Juraska
et al., 2023, 2024) uses a two-stage fine-tuning strat-
egy on human-labeled data. These models achieve
high agreement with human judgments on high-
resource language pairs (Freitag et al., 2022), but
their performance on low-resource pairs such as
English-Ukrainian is less established.

LLM-as-a-Judge. Recent work has demon-
strated that large language models can serve as
effective MT evaluators. Kocmi and Federmann
(2023) showed that GPT-based evaluation achieves
state-of-the-art correlation with human judgments,
and Zheng et al. (2023) established the LLM-as-a-
Judge paradigm more broadly. We evaluate three
LLMs as translation quality judges: Gemma 3 27B
(Gemma Team, 2025), Gemini 3 Flash, and GPT-
5.4, alongside traditional QE models.

3 Methodology

3.1 Data Sample

The evaluated texts were drawn from the OPUS
Open Parallel Corpora (Tiedemann, 2016) and con-
sist of 1,000 English-Ukrainian sentence pairs. Of
these, 720 pairs overlap with the sample evalu-
ated by linguistics students in Chaplynskyi and
Zakharov (2025), enabling direct cross-study com-
parison. The remaining 280 pairs were randomly
selected from the same corpus under the constraint
that they were not corrupted and did not contain
inappropriate or sensitive content.

3.2 Expert Recruitment

Nine professional translators were recruited, all
with a minimum of three years of professional ex-
perience translating from English into Ukrainian.
Candidates were identified through professional
networks, with preference for translators whose re-
liability could be vouched for by colleagues. The
translators’ professional backgrounds span techni-
cal, legal, literary, media, marketing, and military
translation domains, providing diversity in evalua-
tion perspectives.

Translators were randomly assigned to two
groups: four evaluated using a holistic quality scale
(Group 1), and five evaluated using separate fluency
and adequacy scales (Group 2). One translator in
Group 2 completed only 39 evaluations and was
excluded from the analysis, leaving four active eval-
uators per group and eight professional translators
in total.

3.3 Evaluation Protocol

Evaluations were collected using Vulyk,1 an open-
source crowdsourcing platform, with two task plug-
ins developed for this study: one for holistic transla-

1https://github.com/mrgambal/vulyk/
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tion evaluation2 and one for the two-stage fluency-
and-adequacy protocol.3 Twenty evaluation tasks
were constructed, each containing 50 translation
pairs sampled without replacement from the pool
of 1,000 pairs. The order of pairs within each task
was randomized. To assess test–retest reliability,
the first task was repeated at the end of the evalu-
ation sequence. Before beginning, all evaluators
were shown five worked examples. Breaks were
permitted between tasks but not during a 50-pair
task. Timestamps were recorded for each evalua-
tion from presentation to submission.

Holistic evaluation (Group 1). Evaluators were
presented simultaneously with the English source
text and its Ukrainian translation and instructed:
“Rate the translation (0–100).” Ratings were pro-
vided using a continuous slider with a red-to-green
color gradient and the following descriptors: 0–
10 Incorrect translation, 11–29 A few correct key-
words, but the meaning is different, 30–50 Ma-
jor mistakes in translation, 51–69 Understandable
but contains typos or grammatical errors, 70–90
Preserves semantics closely, 91–100 Perfect trans-
lation. This replicates the protocol used for stu-
dents in the prior study (Chaplynskyi and Zakharov,
2025).

Fluency and adequacy evaluation (Group 2).
Evaluators assessed translations in two successive
stages. In the fluency stage, only the Ukrainian
translation was displayed, and evaluators rated lin-
guistic quality on a 0–100 scale (0–25 Incompre-
hensible, 25–50 Disfluent, 50–75 Good, 75–100
Flawless). After completing the fluency rating, the
English source was revealed, and evaluators rated
adequacy: “How much of the meaning expressed in
the source text is also expressed in the target trans-
lation?” (0–25 None, 25–50 Little, 50–75 Most,
75–100 All). The sequential design prevents the
source text from biasing fluency judgments.

3.4 Automatic Quality Estimation

Machine translation quality was assessed using
nine automatic metrics. Six are dedicated QE mod-
els from two families: the COMET family (wmt22-
cometkiwi-da, wmt23-cometkiwi-da-xl, wmt23-
cometkiwi-da-xxl, and xCOMET-XXL) and the
MetricX family (MetricX-23 and MetricX-24). We

2https://github.com/lang-uk/
vulyk-translations

3https://github.com/lang-uk/
vulyk-fluency-adequacy

also include bicleaner-ai (Zaragoza-Bernabeu et al.,
2022), a parallel-corpus cleaning classifier trained
to flag noisy sentence pairs; cosine similarity of
LaBSE sentence embeddings (Feng et al., 2022), a
multilingual sentence encoder that supports cross-
lingual semantic similarity; and Gemma 3 27B
(Gemma Team, 2025) as an LLM-as-a-Judge base-
line using a holistic scoring prompt matching the
human evaluation rubric.

MetricX scores were rescaled from their native
0–25 inverted scale to 0–1 using scoreadj = 1 −
score/25. Gemma 3 scores were rescaled from
0–100 to 0–1.

3.5 Statistical Analysis

Expert scores were analyzed in raw, z-score-
normalized, and percentile-rank-transformed forms.
We report results primarily on z-score-normalized
data, as this transformation yielded the most pre-
cise reliability estimates.

Inter-rater reliability. We summarised inter-
rater agreement using the Intraclass Correlation Co-
efficient (ICC), which expresses the share of total
score variance attributable to genuine differences
between sentence pairs as opposed to disagreement
among evaluators. We estimated ICC with a two-
way random-effects, absolute-agreement, single-
measures model (Shrout and Fleiss, 1979; Koo and
Li, 2016) and interpreted values following Cicchetti
(1994): below 0.40 = poor, 0.40–0.59 = fair, 0.60–
0.74 = good, 0.75–1.00 = excellent.

Test–retest reliability. For individual evaluators,
test–retest ICC was computed on the 50 pairs evalu-
ated twice during the first and last task (Gisev et al.,
2013). Systematic bias was assessed using paired
t-tests.

Mixed-effects models. To test hypotheses about
evaluation dynamics, we fitted linear mixed-effects
models using lme4 (Bates et al., 2015), with ran-
dom intercepts for sentence pairs and evaluators.
Evaluations exceeding 120 seconds were excluded
as likely reflecting breaks rather than sustained at-
tention.

Text complexity. Readability indices (ARI,
Coleman-Liau, FORCAST, nWS, RIX) and lexical
diversity measures were computed on the English
source texts using quanteda.
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Expert Type N Mean Med. SD

Exp. 1 Student 709 9.8 7.8 7.9
Exp. 2 Student 707 12.6 9.7 11.0
Exp. 3 Student 705 29.5 25.5 18.0

Exp. 4 Holistic 1017 15.4 12.1 13.4
Exp. 5 Holistic 911 43.5 37.4 26.7
Exp. 6 Holistic 933 19.9 16.0 16.0
Exp. 7 Holistic 889 41.5 33.6 27.2

Exp. 8 F&A 1009 28.0 24.8 16.6
Exp. 9 F&A 924 38.6 29.1 28.0
Exp. 10 F&A 993 34.4 30.8 17.9
Exp. 12 F&A 1011 20.3 16.8 14.3

Table 1: Evaluation duration in seconds per evaluator
(evaluations <120 s). F&A = fluency and adequacy.

4 Results

4.1 Descriptive Statistics

The dataset comprises 10,566 individual evalua-
tions: 2,127 from three linguistics students (prior
study), 4,200 from four professional translators
using the holistic scale, and 4,239 from four profes-
sional translators using the fluency and adequacy
scales. Table 1 summarizes the evaluation time by
evaluator.

Median evaluation times range from 7.8 s (fastest
student) to 37.4 s (slowest holistic expert). Profes-
sional translators in both conditions are generally
slower than students, consistent with more deliber-
ate evaluation.

4.2 Test–Retest Reliability

Individual test–retest ICC values, computed on the
50 pairs evaluated in both the first and last task,
are reported in Table 2. For all experts, the time
between the first and the last batch was no less
than six days, except for Expert 12, who completed
all tasks within two days. Previous methodologi-
cal research suggests that test–retest intervals are
typically chosen to balance recall bias and true
change, most commonly ranging from a few days
to approximately two weeks (Marx et al., 2003).
Nevertheless, the re-test ICC for Expert 12 was not
statistically different from the ICCs of the other
experts.

Several patterns emerge. First, Expert 4 demon-
strates poor test–retest reliability (ICC = 0.21, CI
includes zero), suggesting inconsistent scoring be-
havior. Second, all experts show a positive bias—
scores in the repeated task are higher than in the
initial task—indicating a systematic leniency drift
over the evaluation session. Third, averaged ex-

Expert Scale ICC 95% CI Bias

Exp. 4 Holistic 0.21 (−0.07; 0.46) −10.5
Exp. 5 Holistic 0.55 (0.32; 0.72) 16.7
Exp. 6 Holistic 0.58 (0.36; 0.74) 4.9
Exp. 7 Holistic 0.83 (0.72; 0.90) 12.2
Average Holistic 0.85 (0.75; 0.91) 5.8

Exp. 8 Fluency 0.69 (0.51; 0.81) 5.8
Exp. 9 Fluency 0.78 (0.64; 0.87) 17.6
Exp. 10 Fluency 0.65 (0.46; 0.79) 18.1
Exp. 12 Fluency 0.76 (0.61; 0.86) 7.2
Average Fluency 0.86 (0.77; 0.92) 12.2

Exp. 8 Adequacy 0.62 (0.42; 0.77) 9.6
Exp. 9 Adequacy 0.62 (0.42; 0.77) 12.6
Exp. 10 Adequacy 0.46 (0.21; 0.66) 16.6
Exp. 12 Adequacy 0.63 (0.43; 0.77) 14.7
Average Adequacy 0.79 (0.66; 0.88) 13.4

Table 2: Test–retest reliability for individual experts (50
repeated pairs). Bias = mean score increase from first to
last session. All paired t-tests significant (p < 0.05).

Group ICC 95% CI

Experts (holistic) 0.72 0.69 0.74
Adequacy 0.66 0.64 0.69
Fluency 0.59 0.56 0.62
Students 0.57 0.53 0.61

COMETKiwi+wmt22 0.86 0.84 0.87
xCOMET+MetricX-24 0.80 0.77 0.83
Machines (no bicleaner) 0.69 0.67 0.72

LLM judges 0.82 0.76 0.86
LLM fluency 0.68 0.57 0.75
LLM adequacy 0.80 0.72 0.85

Table 3: Group-level ICC (two-way, agreement, single
measures) on z-score-normalized ratings.

pert scores yield good to excellent reliability (ICC
= 0.79–0.86), substantially exceeding individual
reliability, confirming that aggregation across eval-
uators stabilizes judgments. Fourth, fluency test–
retest reliability (average ICC = 0.86) is numeri-
cally higher than adequacy (0.79), though the dif-
ference is not statistically significant given overlap-
ping confidence intervals.

4.3 Inter-Rater Reliability

We computed group-level ICC for each evalua-
tor category using standard score ratings (z-score),
which we determined to yield the most precise re-
liability estimates across normalization methods
tested (raw, percentile, rank-based inverse normal
transformation).

Figure 1 and Table 3 report the group-level ICC
values for each evaluator category using z-score-
normalized scores.
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Figure 1: ICC with 95% confidence intervals for evalua-
tor groups (z-score normalized).

Hypothesis 1: Professional translators show
higher inter-rater reliability than students.
Professional translators using the holistic scale
achieved significantly higher inter-rater agreement
(ICC = 0.72, 95% CI 0.69–0.74) than linguistics
students (ICC = 0.57, 95% CI 0.53–0.61): the con-
fidence intervals do not overlap. This confirms that
evaluator expertise matters for translation quality
assessment and that the moderate agreement ob-
served in Chaplynskyi and Zakharov (2025) was at
least partly attributable to evaluator inexperience
rather than inherent task subjectivity.

Hypothesis 2: Multidimensional evaluation
yields higher agreement. Contrary to our hy-
pothesis, the holistic single-score evaluation (ICC
= 0.72) yielded higher inter-rater agreement than
either the adequacy (ICC = 0.66) or fluency (ICC
= 0.59) scales. The adequacy ICC confidence inter-
val (0.64–0.69) does not overlap with the holistic
group (0.69–0.74), confirming that holistic evalua-
tion produces significantly higher agreement. Flu-
ency shows the lowest agreement among profes-
sional groups. This finding suggests that decompos-
ing quality judgment into separate dimensions does
not improve—and may slightly reduce—evaluator
consistency, possibly because the cognitive task of
isolating fluency from adequacy introduces addi-
tional judgment uncertainty.

Leave-one-out analysis. Leave-one-out ICC
analysis confirmed that Expert 4 is an outlier: re-
moving this evaluator substantially increases the
holistic group’s ICC. Expert 11 (already excluded
due to insufficient evaluations) would similarly
degrade the fluency-adequacy group if included.
Among machine models, bicleaner-ai exhibits a

Figure 2: Correlation matrix between averaged group
scores and machine model scores (z-score normalized).

distinct scoring pattern; excluding it increases the
machine group ICC, consistent with its low corre-
lation with other metrics observed in Chaplynskyi
and Zakharov (2025).

4.4 Holistic Versus Multidimensional Scores

Hypothesis 3: Holistic scores correlate with ade-
quacy more than with fluency. The correlation
analysis confirms this hypothesis (Figure 2). Av-
eraged holistic expert scores show a strong corre-
lation with averaged adequacy scores (r = 0.806),
while the correlation with fluency scores is notably
weaker (r = 0.288). This indicates that when trans-
lators assign a single quality score, they weight
meaning preservation (adequacy) more heavily
than linguistic surface quality (fluency).

Fluency emerges as a largely independent dimen-
sion. Its highest correlation with any other group
is only r = 0.318 (with COMETKiwi+wmt22),
while even fluency–adequacy correlation is low
(r = 0.267). This raises the question of whether
fluency, as measured here, captures a quality di-
mension that is relevant to translation quality as-
sessment in the context of parallel corpus filtering.

Student and expert holistic scores correlate
strongly (r = 0.810), but expert scores show
slightly stronger correlation with machine model
scores (r = 0.810 vs. r = 0.795 for students),
suggesting that professional judgment aligns more
closely with what QE models capture.
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Figure 3: Hierarchical clustering of machine QE mod-
els and LLM judges based on Spearman correlation
distance (z-score normalized scores).

4.5 Correlation with Automatic Metrics

The same non-linear (quadratic) relationship be-
tween machine and expert scores observed in Chap-
lynskyi and Zakharov (2025) persists in the pro-
fessional evaluation data: QE models and human
experts diverge most for translations of moderate
quality, where automatic scores tend to be more
optimistic than human judgments.

Among the machine models, the COMET fam-
ily and xCOMET show the strongest correla-
tions with expert holistic scores (r = 0.750
for COMETKiwi+wmt22, r = 0.751 for
xCOMET+MetricX-24), while bicleaner-ai demon-
strates weak correlations with all human and ma-
chine scores (r = 0.382 with experts). The hier-
archical clustering of machine model scores (Fig-
ure 3) reveals two distinct clusters: one containing
the COMETKiwi variants and wmt22-cometkiwi-
da, and another containing xCOMET and MetricX-
24. This clustering motivated our decision to com-
pute group-level ICC separately for these model
families (Table 3), as treating all machine models as
a single group would conflate metrics that capture
partially different aspects of translation quality.

An additional cluster composed of the LLM
judges sits further from the traditional QE met-
rics, suggesting that the divergence reflects not
only model differences but also the evaluation
paradigm: LLM-based judgments depend on
instruction-following and prompt design, introduc-
ing additional variability compared with regression-
based QE metrics.

Model N r Mean

LLM-as-a-Judge (rubric prompt, 0–100)
Gemini 3 Flash 999 0.821 75.7
GPT-5.4 1000 0.814 68.1
Gemma 3 27B 1000 0.722 76.3

QE models
Gemma 3 27B (QE) 710 0.747 —
COMETKiwi-XXL 710 0.740 —
xCOMET 710 0.735 —

Expert avg 1000 — 70.9

Table 4: Spearman correlation (r) of automatic scores
with averaged expert holistic scores. Gemma 3 27B
appears twice: as a QE baseline from the prior study
(simple scoring, rescaled 0–1) and as an LLM-as-a-
Judge with an explicit evaluation rubric (0–100 scale,
temperature 0.3).

4.6 LLM-as-a-Judge
We evaluated three LLMs as translation quality
judges on the same 1,000 sentence pairs: Gemma 3
27B (Gemma Team, 2025), Gemini 3 Flash, and
GPT-5.4.4 Each model scored all pairs on the 0–
100 holistic scale. Gemini 3 Flash and GPT-5.4
additionally produced fluency and adequacy scores
for all 1,000 pairs.

Table 4 reports the Spearman correlations be-
tween LLM scores and averaged expert holistic
scores, with both variables converted to z-scores
and means computed from raw scores. Gemini 3
Flash (r = 0.821) and GPT-5.4 (r = 0.814)
slightly outperform all dedicated QE models in
their baseline configuration from the prior study
(r = 0.747). Notably, the Gemma 3 27B model
yields consistent results across prompts, with r =
0.747 reported in (Chaplynskyi and Zakharov,
2025) and r = 0.722 in the current study. This
suggests that a more detailed prompt with an ex-
plicit evaluation rubric (LLM-as-a-Judge) does not
improve performance, indicating that a structured
scoring prompt does not necessarily benefit smaller
models.

GPT-5.4 is the best-calibrated model, with a
mean score (68.1) closest to the expert average
(70.9) and a score distribution that closely matches
the expert distribution. Gemini and Gemma both
exhibit the leniency bias observed across all LLM
evaluators.

Fluency and adequacy raw scores from all three
LLMs (1,000 pairs each) replicate the key pat-
terns observed in human evaluation observed with

4All models were prompted with the same holistic scoring
rubric used for human evaluators, with temperature set to 0.3.
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Spearman correlations. LLM adequacy correlates
strongly with expert holistic scores (Gemini: r =
0.772; GPT-5.4: r = 0.759; Gemma: r = 0.704)
and expert adequacy (Gemini: r = 0.809; GPT-
5.4: r = 0.799; Gemma: r = 0.694), while
LLM fluency correlates weakly with expert holistic
scores (r = 0.227–0.326) and shows low correla-
tion with expert adequacy (r = 0.174–0.250). The
internal fluency–adequacy correlations for Gemini
(r = 0.263) and GPT-5.4 (r = 0.288) are compa-
rable to human experts (r = 0.267), confirming
that the models separate these dimensions similarly
to professionals. Gemma shows weaker separation
(r = 0.447). GPT-5.4 is also the best-calibrated
model on the adequacy scale (mean 75.2 vs. expert
73.3).

Pairwise agreement among LLMs holistic scores
is high (Gemini–GPT: r = 0.861; Gemma–GPT:
r = 0.798; Gemini–Gemma: r = 0.749), indicat-
ing substantial convergence despite different archi-
tectures and training data.

4.7 Text Complexity and Score Variance

Hypothesis 4: Text complexity is positively cor-
related with score variance. We find no evi-
dence for this hypothesis. Correlations between
text complexity measures (readability indices, lexi-
cal diversity, sentence length) and the standard de-
viation of expert scores across evaluators are weak
and inconsistent across evaluator groups. The only
notable observation is that longer source texts are
associated with lower fluency ratings, possibly be-
cause longer sentences provide more opportunities
for grammatical or stylistic issues.

Hypothesis 7: Text complexity affects human
scores more than machine scores. There is no
strong evidence for differential impact. Text com-
plexity measures show similarly weak relationships
with score variance for both human and machine
evaluators.

4.8 Evaluation Dynamics

Hypothesis 5: Experts assign higher scores over
time. A linear mixed-effects model predicting
the holistic score from evaluation order (with ran-
dom intercepts for sentence pair and evaluator;
N = 5,871 evaluations from 7 experts) reveals
a small but significant positive effect of order on
scores (β = 0.006, SE = 0.002, t = 3.94,
p < 0.001). Over the course of approximately
1,000 evaluations, this corresponds to a cumulative

increase of roughly 6 points on the 0–100 scale.
This leniency drift is consistent with the positive
biases observed in the test–retest analysis (Table 2)
and suggests that experts become more lenient as
they progress through the evaluation.

Hypothesis 6: Evaluation duration decreases
over time. A mixed-effects model predicting
evaluation duration from order (N = 9,846 eval-
uations from 12 evaluators) confirms a signifi-
cant learning effect (β = −0.012, SE = 0.001,
t = −12.79, p < 0.001). Experts become faster at
the evaluation task as they gain experience, with
the duration reduction amounting to approximately
12 seconds over 1,000 evaluations. This pattern is
consistent across both evaluation conditions and
indicates genuine task learning—experts develop
more efficient evaluation strategies over time.

The combination of increasing speed and increas-
ing leniency suggests a form of evaluator fatigue
or habituation: as the task becomes more routine,
experts spend less time on each pair and default to
higher scores, potentially reflecting reduced atten-
tion to translation errors.

5 Discussion

The present study extends Chaplynskyi and Za-
kharov (2025) by introducing professional transla-
tors as evaluators and comparing holistic and mul-
tidimensional evaluation paradigms for English-
Ukrainian translation quality assessment. Our find-
ings offer several insights with implications for
both MT evaluation methodology and practical cor-
pus filtering.

Expertise matters, but method matters more.
Professional translators using a holistic scale
achieve substantially higher inter-rater reliability
than linguistics students evaluating the same trans-
lations with the same interface and instructions.
This confirms that the moderate agreement reported
in our prior work was partly an artifact of evaluator
inexperience. However, the improvement is spe-
cific to the holistic condition: professionals using
separate fluency and adequacy scales do not clearly
outperform students. This suggests that evaluation
reliability depends on the interaction between eval-
uator expertise and task design, not on expertise
alone.

The fluency-adequacy decomposition does not
help. Our most surprising finding is that the mul-
tidimensional evaluation paradigm, despite its the-
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oretical appeal and widespread use in MT evalua-
tion, does not improve inter-rater agreement over
simple holistic scoring. One possible explanation
is that fluency and adequacy are not orthogonal
for web-crawled parallel data of the type in our
sample: most low-quality translations fail on both
dimensions simultaneously (garbled text is neither
fluent nor adequate), while most high-quality trans-
lations succeed on both. The decomposition may
add value primarily for translations where fluency
and adequacy diverge—a relatively rare case in
naturally occurring parallel corpora. The fluency
evaluation also carries the additional cognitive bur-
den of evaluating a text without its source, which
may introduce uncertainty.

Adequacy dominates quality perception.
When translators assign a single quality score,
their judgment aligns strongly with adequacy
(meaning preservation) and only weakly with
fluency (linguistic surface quality). This finding
has practical implications for corpus filtering: if
the goal is to predict human quality judgments,
adequacy-oriented metrics may be more informa-
tive than fluency-oriented ones. It also suggests
that the fluency dimension, at least as measured
with the scale descriptors used here, captures
something that human evaluators do not strongly
weight when making holistic quality judgments
about parallel corpus data.

Evaluator drift is real and should be monitored.
The significant leniency drift we observe—experts
assigning progressively higher scores over the eval-
uation session—is a practical concern for any large-
scale human evaluation campaign. The concurrent
decrease in evaluation time suggests that the drift
reflects reduced engagement rather than genuine
recalibration. Future evaluation protocols should
consider randomizing the presentation order more
aggressively, inserting calibration anchors through-
out the session, or normalizing scores within evalu-
ation blocks to mitigate this effect.

LLMs as viable replacements for QE models.
The two largest LLM judges—Gemini 3 Flash (r =
0.821) and GPT-5.4 (r = 0.814)—outperform all
dedicated QE models in correlation with expert
holistic scores, both individually and as an av-
eraged ensemble (r ≤ 0.810). Gemma 3 27B
achieves slightly lower performance as an LLM-as-
a-Judge (r = 0.722) and in its QE configuration
(r = 0.747), suggesting that structured prompt-

ing does not benefit smaller models. GPT-5.4
achieves the closest calibration to human experts
(mean 68.1 vs. 70.9), while Gemini achieves the
highest correlation. The LLMs also replicate the
adequacy-dominance pattern: their QE scores cor-
relate strongly with expert adequacy (r = 0.69–
0.79) but weakly with expert fluency (r = 0.22–
0.26), confirming that holistic quality perception—
whether by humans or LLMs—is primarily driven
by meaning preservation. When prompted for
separate fluency and adequacy scores, Gemini
and GPT-5.4 achieve fluency–adequacy separations
(r = 0.26–0.29) comparable to human experts
(r = 0.26), indicating that LLMs can meaningfully
decompose translation quality into independent di-
mensions.

Implications for corpus filtering. The non-
linear relationship between QE model scores and
expert judgments persists when moving from stu-
dent to professional evaluators, confirming that this
is a genuine feature of the QE-human relationship
rather than an artifact of student evaluation quality.
For practical corpus filtering, this reinforces the
recommendation from Chaplynskyi and Zakharov
(2025) to use non-linear ensemble models rather
than raw QE scores when estimating human quality
perception.

6 Conclusion

We presented a systematic comparison of profes-
sional human evaluation and automatic quality esti-
mation for English-Ukrainian machine translation,
testing seven hypotheses. Our key findings are:

• Professional translators using holistic scoring
achieve significantly higher inter-rater reliabil-
ity than linguistics students, confirming that
evaluator expertise improves the quality of
human reference data for MT evaluation.

• Contrary to expectations, holistic evaluation
outperforms the fluency-adequacy decompo-
sition in terms of inter-rater agreement, sug-
gesting that simpler evaluation protocols may
be preferable for corpus-level quality assess-
ment.

• Adequacy strongly predicts holistic quality
judgments, while fluency is a largely inde-
pendent dimension—indicating that meaning
preservation is the dominant factor in how
translators perceive overall translation quality.
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• Experts exhibit a significant leniency drift
(higher scores over time) coupled with faster
evaluation, pointing to habituation effects that
should be accounted for in evaluation design.

• LLM-as-a-Judge evaluation with Gemini 3
Flash (r = 0.821) and GPT-5.4 (r =
0.814) outperforms all dedicated QE models
in correlation with expert scores. All three
LLMs replicate the adequacy-dominance and
fluency-independence patterns observed in hu-
man evaluation.

For future work, we plan to: (1) evaluate the
downstream impact of corpus filtering on NMT
model performance; (2) investigate whether LLM-
as-a-Judge models can fully replace human evalua-
tion for corpus quality assessment at scale; and (3)
apply the framework to other language pairs. We
release the full sample of 1,000 evaluated English–
Ukrainian sentence pairs together with all individ-
ual expert and LLM ratings5 and the analysis code6

to support reproducibility and external validation.

Limitations

• The study focuses on a single language pair
(English-Ukrainian), and results may not gen-
eralize to other pairs with different morpho-
logical or resource characteristics.

• The sample of 1,000 sentence pairs, while
sufficient for statistical analysis, represents a
small fraction of the 55 million pairs in the
full corpus.

• Professional translators may still exhibit
domain-specific biases (e.g., technical vs. lit-
erary).

• One evaluator completed insufficient evalua-
tions and was excluded; another (Expert 4)
showed poor test–retest reliability (ICC =
0.21), suggesting that professional status
alone does not guarantee evaluation quality.

• The fluency-adequacy evaluation inherently
takes longer per pair (two ratings), which
may introduce differential fatigue effects not
present in the holistic condition.

5https://huggingface.co/datasets/lang-uk/
qe-vs-human

6https://github.com/Amice13/
translation-quality

• We acknowledge that the sequential fluency-
then-adequacy design may introduce an an-
choring effect, potentially influencing the in-
dependence of the two judgments. However,
the observed low correlation suggests that any
such bias did not artificially inflate agreement
and is unlikely to have driven the main results.

• The evaluated sample is drawn from the pub-
licly available OPUS corpus, which predates
the training cutoffs of the LLMs we use as
judges. We cannot rule out that some sentence
pairs were seen during LLM pre-training, and
a degree of memorization-driven inflation of
LLM-as-a-Judge scores is therefore possi-
ble. The modest gap between the best LLM
judge and the strongest dedicated QE model
(∆r ≤ 0.07 in Spearman correlation) makes
contamination unlikely to be the sole driver of
the observed advantage, but the effect cannot
be quantified from the data available here.

Ethical Considerations

This study involves human evaluation of translation
quality by professional translators who were com-
pensated for their work. All evaluators participated
voluntarily and were informed about the purpose
of the study.

Parts of the codebase (data processing, analysis
scripts, and the crowdsourcing platform plugins)
were developed with the assistance of Claude Code
(Anthropic), an AI-based coding tool. Claude Code
was also used as a writing aid during the prepara-
tion of this manuscript. All AI-generated content
was reviewed and edited by the authors. The LLM-
as-a-Judge evaluation prompts are provided in Ap-
pendix A for reproducibility.
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A LLM-as-a-Judge Prompts

Holistic QE prompt. All three LLMs received
the following system prompt for holistic quality
estimation:

You are a professional English-to-Ukrainian trans-
lation evaluator. Rate the translation quality on a
0–100 scale using these descriptors: 0–10 Incor-
rect translation; 11–29 A few correct keywords,
but the meaning is different; 30–50 Major mis-
takes in translation; 51–69 Understandable but
contains typos or grammatical errors; 70–90 Pre-
serves semantics closely; 91–100 Perfect trans-
lation. Return only a JSON object with a single
“score” field.

Fluency and adequacy prompt. For the two-
stage evaluation, the following prompt was used:

You are a professional English-to-Ukrainian trans-
lation evaluator. First, evaluate the fluency of the
Ukrainian text (0–100): 0–25 Incomprehensible;
25–50 Disfluent; 50–75 Good; 75–100 Flawless.
Then, evaluate how much of the meaning from
the English source is preserved in the Ukrainian
translation (0–100): 0–25 None; 25–50 Little; 50–
75 Most; 75–100 All. Return only a JSON object
with “fluency” and “adequacy” fields.

All models were called with temperature 0.3.
The English source text and Ukrainian translation
were provided as user input.
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