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Abstract

Automatic machine translation metrics are the
de facto standard for evaluating translation
quality. Yet, it remains unclear what they
actually measure. We investigate this ques-
tion using a unique multilingual corpus: seven
human Ukrainian translations of George Or-
well’s Animal Farm, alongside three architec-
turally distinct Al systems (GPT-5.2, DeepL,
and Lapa, a Ukrainian-tuned LLM). Across
seven neural metrics, four reference-free and
three reference-based, all three Al translations
rank at the top. However, stylometric anal-
ysis exposes that these same Al translations
are not as lexically rich as human ones (—18%
MTLD), underuse Ukrainian particles (up to
2x fewer) and diminutive morphology (2.6 X
fewer), and converge on near-identical outputs
(LaBSE pairwise similarity 0.941 vs. 0.711 for
human pairs). A controlled LLM-as-a-judge
experiment demonstrates a clear preference re-
versal: when the English source is visible, Al
ranks first; when it is hidden and the judge eval-
uates literary quality alone, humans rise to the
top and Al falls to the lower ranks. Human eval-
uation (1,034 pairwise judgments) is balanced
across both patterns. We argue that current MT
metrics reward semantic fidelity and surface
fluency — properties optimized by Al systems
— while failing to capture the lexical richness,
cultural adaptation, and stylistic voice that char-
acterize skilled literary translation.

1 Introduction

Neural MT metrics — COMET, COMETKiwi,
XCOMET, MetricX — are trained on human judg-
ments from news and general-domain settings.
They reward closeness to the source and surface flu-
ency. Whether this transfers to literary translation,
where voice, style, and cultural adaptation matter,
is an open question since literary translation dif-
fers structurally from metric training regimes. The
quality of literary translation depends largely on
how the text reads in the target language — on
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lexical richness, pragmatic nuance, rhythm, and
culturally specific expression. A translation can be
semantically faithful yet stylistically thin.

To test construct validity, we derive four falsi-
fiable predictions from the hypothesis that neural
metrics primarily reward semantic fidelity:

1. Metric dominance. Systems optimized for
fidelity — including modern Al systems —
should rank highest across neural metrics.

. Convergence. If metrics reward proximity to
the source, metric-preferred systems should
be both closer to the English original and
closer to one another in semantic space.

. Stylistic compression. Features associated
with Ukrainian literary expressiveness — lex-
ical diversity, particles, diminutive morphol-
ogy, and stylistic dispersion — should not
correlate with metric rankings and may be
reduced in metric-preferred systems.

. Preference reversal. If fidelity drives metric
scores, then removing access to the source dur-
ing evaluation should alter system rankings.
When evaluators judge only the Ukrainian
text as literary prose, systems optimized for
fidelity should lose their advantage.

We test these predictions using seven neu-
ral MT metrics (four reference-free and three
reference-based), cross-lingual embedding similar-
ity (LaBSE), multi-dimensional stylometric anal-
ysis, and two controlled LLLM-as-a-judge exper-
iments that differ only in source visibility. We
further compare these results to human pairwise
evaluation aggregated with TrueSkill.

2 Related Work

Automatic MT evaluation has shifted decisively
from lexical-overlap metrics such as BLEU toward
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neural approaches — including COMET (Rei et al.,
2020), COMETKiwi (Rei et al., 2022), XCOMET
(Guerreiro et al., 2024), and MetricX-24 (Juraska
et al., 2024) — which correlate much more strongly
with human adequacy judgments (Freitag et al.,
2022). This progress, however, raises a largely
overlooked question: what exactly do these metrics
measure, and is correlation with adequacy the right
criterion for evaluating literary translation? Zouhar
et al. (2024) show that COMET is biased toward
adequacy and penalizes valid paraphrases, while
Liubli et al. (2018) demonstrate that human-parity
claims dissolve at document-level evaluation.

For example, in general-domain English—
Ukrainian parallel data, Chaplynskyi and Zakharov
(2025) found that an ensemble of six Quality Es-
timation (QE) models explains only ~60% of the
variance in human quality judgments, with a non-
linear relationship between metric scores and hu-
man perception, suggesting that the gap widens
further for literary text.

Prior research shows that neural systems produce
fluent output but struggle with stylistic consistency,
figurative language, and cultural nuance (Toral and
Way, 2018; Wang et al., 2023; Karpinska and Iyyer,
2023) — precisely the dimensions that define lit-
erary quality. Vanmassenhove et al. (2019) show
that NMT reduces lexical and morphological rich-
ness compared to human translation, and Zhang
et al. (2025) find that automatic metrics consistently
prefer machine-generated literary translations over
professional translators. Existing work on literary
MT either remains qualitative or applies general-
domain metrics without questioning their validity
for literary texts.

Stylometry offers a long-standing tradition of
analyzing these dimensions. Features such as
function-word frequencies, lexical diversity, and
morphological patterns have been used to iden-
tify translator voice and stylistic distinctiveness
(Burrows, 2002; Rybicki, 2012; Baker, 2000). Yet
this tradition has not been meaningfully integrated
into MT evaluation research. Zheng et al. (2023)
show that GPT-4 matches both controlled and
crowdsourced human preferences, and LLMs have
been established as state-of-the-art MT evaluators
(Kocmi and Federmann, 2023). However, Huang
et al. (2024) find that source information can be
counterproductive for LLM-based evaluation — a
finding our source-visibility experiment directly
extends. We bring these strands into dialogue.

This paper sits at the intersection of MT evalua-
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ID Year Translator/System Type

T1 1947 Ivan Cherniatynskyi ~ Human

T2 1984 Iryna Dybko Human*

T3 1991 Oleksii Drozdovskyi ~ Human

T4 1991 Yurii Shevchuk Human

TS 1992 Natalia Okolitenko Human®

T6 2020 Bohdana Nosenok Human

T7 2021 Viacheslav Stelmakh ~ Human

T — Lapa (v0.1.2-instruct) Al (tuned LLM)
™ — GPT-5.2 Al (general LLM)
T10 — DeepL Al (commercial NMT)

Table 1: List of Ukrainian translations of George Or-
well’s Animal Farm included in the corpus. *Free cul-
tural adaptation. "Translated from Russian, not English.

tion, literary translation, and stylometric analysis.
Unlike prior work that evaluates literary MT us-
ing standard metrics, we ask whether those metrics
validly measure literary quality. Unlike qualitative
critiques of MT in literary contexts, we provide
quantitative evidence across multiple independent
dimensions.

3 Corpus

To test whether neural MT metrics capture literary
translation quality, we need multiple translations
of the same source, enabling comparison of trans-
lational strategies independent of source variation.
Our corpus comprises ten Ukrainian translations of
George Orwell’s Animal Farm (seven human, three
Al) aligned into 1,367 sentence-level segments. '
The seven human translations are drawn from the
ParaFarm corpus (Maslij (Kalashnyk) and Shve-
dova, 2025; Kalashnyk, 2025). All translate the
identical English source, so observed differences
reflect strategy rather than content.

The human translations span 1947-2021, repre-
senting diaspora (Cherniatynskyi, Dybko), early-
independence (Drozdovskyi, Shevchuk, Oko-
litenko), and contemporary professional (Nosenok,
Stelmakh) contexts, which provides natural varia-
tion in norms and conventions.

We include Dybko (1984) as a deliberate test.
Because it departs substantially from the English
source, we expect fidelity-oriented metrics to penal-
ize it. We therefore retain it in full metric analyses
but exclude it from certain group-level comparisons
between human and Al systems.

We generate three Al translations representing
distinct architectures and training regimes:

!Sentence boundaries do not always coincide across trans-
lations; alignment follows the source segmentation.



» GPT-5.2° — a general-purpose large lan-
guage model prompted for translation (see
Appendix D).

DeepL.’ — a commercial neural machine
translation system (used via API without ad-
ditional prompting).

Lapa (v0.1.2-instruct) (Paniv et al., 2025) —
a 12B-parameter LLM (Gemma-3) adapted
for Ukrainian, state-of-the-art on English—
Ukrainian translation benchmarks, and fine-
tuned on multimodal data including the fil-
tered English—Ukrainian parallel corpus from
Chaplynskyi and Zakharov (2025)

The three Al systems differ in architecture and
training, so convergent stylistic patterns would
point to properties of Al translation in general
rather than to any single model.

The corpus has three methodological advantages:
one controlled source, seven human baselines span-
ning 74 years, and natural variation in translation
norms. The retranslation literature (Deane-Cox,
2014; Stasiuk, 2019; Lepokhin, 2023) suggests
that successive translators and translation editors
may deliberately diverge from predecessors, which
would further increase human—human variation in-
dependently of Al convergence. The result is a rare
setting for disentangling semantic fidelity, stylistic
range, and metric bias.

4 Methodology

Our experimental design tests the four predictions
outlined in Section 1, with each analytical com-
ponent targeting a distinct aspect of the construct-
validity hypothesis.

To evaluate metric dominance (Prediction 1), we
assess ten Ukrainian translations using seven state-
of-the-art neural MT metrics spanning reference-
free and reference-based paradigms. The reference-
free metrics (COMETKiwi-22, COMETKiwi-XL,
XCOMET-XXL, and MetricX-24 QE) estimate
translation quality using only the source sentence
and candidate translation. The reference-based
metrics (COMET-22, XCOMET, and MetricX-24)
are implemented in a round-robin design in which
each translation is scored against the other nine
as pseudo-references, yielding a 10x 10 pairwise
matrix. For each system, we report the mean score

https://openai.com/index/gpt-5/
Shttps://www.deepl.com/
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across all nine references. Higher scores indicate
better quality for COMET-family metrics, whereas
lower scores indicate better quality for MetricX.

If neural metrics operationalize semantic fidelity
and fluency, Al systems optimized for fidelity
should rank highest.

To test convergence and source proximity (Pre-
diction 2), we compute cross-lingual semantic
similarity using LaBSE (Feng et al., 2022). For
each pair of systems, aligned segments are embed-
ded, and cosine similarity is computed per seg-
ment, with mean similarity reported. We calculate
system—system similarity (AI-AI, human—human,
Al-human) as well as system—source similarity be-
tween each translation and the English original.

If neural metrics reward source proximity, Al
systems should exhibit higher similarity to the
source, tighter clustering in semantic space, and
greater separation from human translations.

To assess stylistic compression (Prediction 3),
we conduct a multi-dimensional stylometric analy-
sis capturing features of Ukrainian literary expres-
siveness not reducible to semantic fidelity. Lexical
diversity is measured using Measure of Textual
Lexical Diversity (MTLD), Moving Average Type
Token Ratio (MATTR), and hapax ratio (via lexical
richness and pymorphy3+). We select two mor-
phosyntactic features identified by Ukrainian lin-
guists as salient markers of literary expressiveness.
Discourse particles (e.g., >k ‘indeed’, Taku ‘after
all’, och ‘here/just’, 60 ‘because’, axk ‘even’, Hy
‘well’, mos/aade ‘as if”) have no direct English
equivalents and must be actively introduced by the
translator; Shevelov (1963) describes them as “the
microorganisms of language, which lend it colour
and flavour,” making their density a marker of lit-
erary voice. Diminutive morphology — suffixes
such as -eHbK-, -0UK-, -UK, -OHbK-, -€4K- signal-
ing affection, intimacy, or attenuation — encodes
evaluative, emotional, and pragmatic functions be-
yond literal smallness (Ruda, 2021), requiring the
translator to perceive the emotional register of the
scene. We quantify particle frequency and diver-
sity through lemma matching and detect diminutive
morphology using regex over morphologically ana-
lyzed tokens. Surface overlap between translations
is measured with pairwise chrF and BLEU scores
computed with sacrebleu,’ and stylistic distance is
estimated using Cosine Delta, a variant of Burrows’

4https://github.com/no—plagiarism/pymorphy3
Shttps://github.com/mjpost/sacrebleu
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Delta (Evert et al., 2017) based on z-score normal-
ized function-word frequencies. We also compute
the standard deviation of per-segment Ukrainian-
to-English word-count ratios to assess consistency
in expansion and compression. If neural metrics
fail to capture stylistic richness, top-ranked sys-
tems may exhibit reduced lexical diversity, lower
particle and diminutive usage, and lower stylistic
dispersion.

To test preference reversal under controlled
source visibility (Prediction 4), we conduct two
LLM-as-a-judge experiments using GPT-5.2 with
identical sampling and aggregation procedures.
Note that GPT-5.2 serves a dual role: it is both
one of the evaluated translation systems (T9) and
the judge. We discuss the resulting self-preference
risk in the Limitations section.

* Translation-focused: the model evaluates
pairs with access to the English source, mir-
roring the human evaluation setup.

e Literary-focused: the model evaluates the
same pairs without access to the source and is
instructed to judge solely on literary natural-
ness, expressiveness, and stylistic richness in
Ukrainian.

Human evaluation is conducted as a pairwise
preference tournament following Romanyshyn et al.
(2024). Four professional English—Ukrainian trans-
lators serve as annotators. They are shown the En-
glish source and two anonymized Ukrainian trans-
lations and select the better translation or indicate
a tie. Judgments emphasize meaning preservation
alongside fluency and literary quality. Because
evaluators have access to the source text, this pro-
cedure reflects adequacy-oriented judgment under
source visibility, comparable to the conditions un-
der which neural metrics are trained.

All three evaluations — both LLM-as-a-judge
experiments and the human evaluation — draw
from the same pool: 1,128 valid segments x 45
system pairs = 50,760 items, globally shuffled with
a fixed seed. This ensures that even early subsets
cover all 45 system pairs approximately uniformly.
Left/right presentation order is randomized per pair
to control for position bias. TrueSkill ratings (Her-
brich et al., 2006) are computed with default pa-
rameters (uo = 25, og = 25/3).

If neural metrics primarily reward fidelity to the
source, removing source visibility should systemat-
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Figure 1: Comparison of reference-free neural metrics
across the systems.

comerz

Figure 2: Round-robin comparison across the systems.

ically alter system rankings, providing causal evi-
dence of construct misalignment.

5 Results

We present results corresponding to the four pre-
dictions made in Section 1.

5.1 Prediction 1: Metric Dominance

Across every MT metric, a consistent pattern
emerges: all three Al systems rank in the top three.
No metric ranks any human translator above any
Al system. The highest-ranked human translation
(Stelmakh, 2021) consistently places fourth.

For example:

* On COMETKiwi-22, Al systems average
0.812 versus 0.724 for human translators (ex-
cluding Dybko), a gap of +0.088.

* On MetricX-24 QE (lower is better), Al sys-
tems average 3.48 compared to 5.45 for hu-
mans.

The pattern holds across COMETKiwi-XL,
XCOMET-XXL, COMET-22, and round-robin
MetricX-24. Figure 1 (reference-free metrics) and
Figure 2 (round-robin metrics) show consistent sep-
aration between Al and humans.

As expected, Dybko’s free cultural adaptation
ranks last on every metric, confirming that the met-
rics are highly sensitive to source deviation. No-
tably, Lapa — a 12B-parameter model adapted
from Gemma-3 — tops the COMETKiwi rank-
ings, matching or exceeding GPT-5.2, a much
larger general-purpose model. On metric scores, a



XCOMET: Pairwise Round-Robin Scores
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Figure 3: Heatmap of pairwise XCOMET round-robin
scores (note the bottom-right Al block).

Measure H-H AI-AI Gap
LaBSE cosine sim. 0.711 0941  +0.230
XCOMET round-robin 0.627 0.886 +0.259
COMET-22 round-robin  0.750  0.881  +0.131
MetricX-24 round-robin ~ 7.61 3.38 —4.23
chrF (surface overlap) 33.6 43.1 +9.5

Table 2: AI-AI vs. Human—-Human average pairwise
scores. For MetricX-24, lower values indicate greater
similarity. Bold signifies the more similar group.

domain-tuned small model can reach parity with a
system orders of magnitude larger.

These results confirm Prediction 1: neural MT
metrics systematically favor Al translations in this
literary corpus. Not only that, the round-robin
heatmaps reveal a uniformly high-scoring 3x3
AI-AI block, while the 7 x7 human-human block
shows much more variation.

5.2 Prediction 2: Convergence

We next examine pairwise similarity among transla-
tions. The AI-AI LaBSE similarity averages 0.941,
compared to 0.711 for human—-human pairs — a
+0.230 gap.

This agreement is consistent across independent
measures:

The individual AI-AI LaBSE pairs — Lapa—
DeepL (0.952), GPT-5.2-DeepL (0.940), Lapa—
GPT-5.2 (0.932) — represent near-identical trans-
lations. The convergence holds on every measure,
from neural embeddings to raw character n-grams.
Three architecturally distinct systems have arrived
at the same output.

Al systems are also measurably closer to the
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LaBSE: Semantic Fidelity to Source

LaPa
Deepl

GPT5.2
Cherniatynskyi ‘47
Stelmakh ‘21
Shevchuk '91
Nosenok '20
Drozdovskyi ‘91

Okolitenko '92

Dybko ‘84

070 0.80

075 085
Mean cosine similarity to English source

Figure 4: LaBSE semantic similarity to English source.

English source than any human translator in cross-
lingual embedding space. On LaBSE, all three
Al systems exceed 0.845 similarity to the source;
the closest human (Cherniatynskyi, 1947) reaches
0.783. The human average (excluding Dybko) is
0.733. This gap may reflect Al systems selecting
the most frequent translation equivalents, while
human translators employ richer or less default
lexical choices that increase semantic distance from
the source.

Surface overlap (chrF/BLEU) confirms this
trend. Al translations are 15-20% more similar
to each other at the surface level (chrF) than any
pair of human translations. The three Al systems
form a tight cluster; humans spread across a much
wider range — a gap that may be amplified by a de-
liberate “repulsion effect,” as later translators often
read and consciously diverge from their predeces-
sors (Deane-Cox, 2014).

Despite architectural differences, a general-
purpose LLM (GPT-5.2), a commercial NMT sys-
tem (DeepL), and a domain-tuned LLM (Lapa) pro-
duce near-identical translations. The convergence
persists from neural metrics to surface-level chrF
scores.

This confirms Prediction 2: systems that neural
metrics favor are both closest to the source and
highly clustered in semantic space.

5.3 Prediction 3: Stylistic Compression

At the same time, Al translations systematically
lack Ukrainian literary expressiveness. Al systems
average an MTLD of 311 vs. 377 for humans (ex-
cluding Dybko) — an 18% gap. The hapax ratio
(words used exactly once) tells the same story: Al
0.182 vs. human 0.215, a 15% deficit. Al trans-
lations cycle through a narrower vocabulary, con-
centrating 39.4% of their text within the 100 most
common words (vs. 37.7% for humans).
Ukrainian particles (>x ‘indeed’, Taxu ‘after all’,
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Figure 5: Lexical diversity (MTLD, Hapax, Top-100).
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Figure 6: Diminutive morphology across translators and
Al systems.

och ‘here’, 60 ‘because’, axx ‘even’, my ‘well’,
MoB/uade ‘as if”) encode pragmatic nuances — em-
phasis, surprise, hedging — with no direct English
equivalents. They must be added by the transla-
tor. GPT-5.2 and DeepL produce approximately
2x fewer particles than the human average.

Diminutive suffixes (-eHbK-, -04K-, -UK, ~-OHbK-
; €.2., MaMa ‘mom’ — MaModYkKa ‘mommy’) are
a core expressive device in Ukrainian, signaling
affection, irony, or intimacy. Linguists studying
Ukrainian diminutives note that the category often
encodes much more than literal smallness, includ-
ing evaluative, emotional, or pragmatic functions
in discourse (Ruda, 2021).

Al systems average 0.47 diminutives per thou-
sand tokens; humans average 1.23 — a 2.6 x gap.
All three Al systems rank at the bottom, below
every human translator. Lapa, despite literary
fine-tuning, is indistinguishable from GPT-5.2 and
DeepL on this measure.

Using function-word lemma frequencies —
content-independent markers of translatorial voice
— Cosine Delta measures how stylistically distinct
each system is from the others. Al systems have
the smallest mean pairwise distance (DeepL.: 1.058,
GPT-5.2: 1.059, Lapa: 1.068), placing them closest
to each other and to the corpus centroid. Human
translators range from 1.095 (Nosenok) to 1.160
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(Dybko). By this measure, Al systems occupy the
same narrow corner of the stylistic space.

Lapa (0 = 0.127) and DeepL (o = 0.132) are
the two most uniform systems, maintaining near-
constant word count ratios across segments. Hu-
man translators vary more — they expand descrip-
tive passages and compress dialogue, adapting to
content. Al produces uniformly adequate output
without the peaks and valleys that characterize hu-
man stylistic choices.

These results confirm Prediction 3: the systems
that neural metrics rank highest exhibit reduced lex-
ical diversity, fewer discourse particles and diminu-
tives, lower stylistic dispersion, and more uniform
expansion ratios — a systematic pattern of stylistic
compression.

5.4 Prediction 4: Preference Reversal

In order to validate these results, we ran two LLM-
as-a-judge experiments (~750 pairwise compar-
isons each, with rankings stable between the 500-
and 750-pair checkpoints) and a human evalua-
tion (1,034 judgments) with an identical setup ex-
cept for one variable: the presence of the English
source.

* LLLM-as-a-judge Translation (Source Vis-
ible): Judge sees the English source + two
Ukrainian translations.

e LLM-as-a-judge Literary (Source Hidden):
Judge sees only two Ukrainian sentences.

* Human eval: same setup as experiment 1.

We compute TrueSkill ratings for each experi-
ment and compare them with metric rankings and
human evaluations (1,034 matches). The results
are in Table 3; the ranking shifts for Al systems are
in Table 4.



System Metrics LLM: Translation LLM: Literary Human Eval
Lapa #1 #4 (27.4) #9 (22.4) #7 (24.9)
GPT-5.2 # #1(30.3) #6 (24.4) #5(25.3)
DeepL #3 #3 (29.2) #8 (23.8) #2 (26.4)
Stelmakh 2021 #4 #2 (29.8) #2 (28.6) #1 (27.1)
Shevchuk 1991 #5 #5 (26.7) #3 (26.6) #3 (26.3)
Cherniatynskyi 1947 #6 #6 (25.0) #7 (24.3) #8 (24.1)
Nosenok 2020 #7 #8 (23.5) #5 (24.7) #4 (25.3)
Drozdovskyi 1991 #8 #7 (24.0) #1 (29.5) #6 (25.2)
Okolitenko 1992 #9 #9 (21.4) #4 (25.2) #9 (23.3)
Dybko 1984 #10 #10 (13.9) #10 (21.4) #10 (18.1)

Table 3: System rankings across four evaluation paradigms, ordered by metric rank. TrueSkill x4 in parentheses.

Bold = top 3 in each column.

Al system Metric Transl. Literary Shift
GPT-5.2 #2 #1 #6 15
DeepL #3 #3 #8 15
Lapa #1 #4 #9 15

Table 4: Al rank shifts when the English source is re-
moved from evaluation.

This reversal is uniform across all Al systems
and persists even when the judging model is held
constant. The main experimental manipulation here
is the presence or absence of the source sentence.
The top five positions in the literary ranking are
all human translators.

The most dramatic individual reversal is that of
Drozdovskyi (1991). This translation ranks #8 on
COMETKiwi-22 (0.693) and #7 on the translation
judge — firmly in the bottom half. But on the lit-
erary judge, it leaps to #1 (1 = 29.5), surpassing
every system, including Stelmakh. The translation
is rich in particles (10.1/1k — the highest in the cor-
pus) and diminutives (1.36/1k). These are exactly
the features metrics penalize and literary judgment
rewards.

Okolitenko (1992), who translated from Russian
rather than English, shows a similar pattern: #9
on metrics and human evaluation, but #4 on the
source-free literary judge. The low fidelity scores
are expected given the different source language,
yet the Ukrainian prose is judged favorably when
evaluated on its own terms.

Stelmakh (2021) is the only translation to rank
in the top two across all non-metric rankings: #1 in
human eval (27.1), #2 in literary judge (28.6), #2 in
translation judge (29.8). On metrics, it ranks #4 —
the best human. Stelmakh represents the rare trans-
lator whose work satisfies both fidelity-oriented
and literary-oriented evaluation: semantically faith-
ful enough for metrics, stylistically rich enough for

73

readers.

The 1,034-match human evaluation places Stel-
makh clearly first (u = 27.1), but positions #2—#7
form a compressed cluster (1 = 24.9-26.4) with
overlapping confidence intervals. DeepL ranks #2
and Shevchuk #3 — both above GPT-5.2 (#5) and
Lapa (#7). Humans value fidelity enough to keep
DeepL near the top, but not enough to replicate the
metric-based ranking in which all three Al systems
dominate.

This suggests that human judges — even when
given access to the source — weigh stylistic and ex-
pressive qualities more heavily than neural metrics
do. In other words, human assessment appears to
balance semantic fidelity with literary naturalness,
whereas neural metrics disproportionately reward
the former. The human results thus reinforce the
central claim of construct misalignment: the met-
rics that identify what is “best” do not fully cor-
respond to what readers perceive as high-quality
literary translation.

These results confirm Prediction 4: evaluation
criteria shift when the source is removed, demon-
strating that metric-aligned fidelity is not equivalent
to literary quality.

6 Discussion

Our results suggest a clear answer: neural MT
metrics primarily measure semantic fidelity to the
source and surface fluency in the target language.
These are the properties Al systems maximize (via
RLHF, parallel training data, and instruction tun-
ing), and these are the properties on which Al sys-
tems achieve the highest scores.

This is not a flaw in the metrics per se — seman-
tic fidelity and fluency are genuine dimensions of
translation quality. The problem is one of construct
validity: the metrics claim to measure “translation
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Figure 7: TrueSkill rankings across three evaluation paradigms.

quality” but actually measure a subset of quality
that is systematically correlated with Al output. In
the literary domain, this subset is insufficient.

The preference reversal is the strongest evidence
for this claim. When the source is visible, the
judge sees the same information the metrics do and
produces the same ranking. When the source is
hidden, the judge must evaluate the Ukrainian text
on its own merits — and the ranking inverts. The
quality that survives without source access is a
different quality from what metrics capture.

Perhaps the most striking finding is the conver-
gence of three architecturally distinct Al systems.
GPT-5.2, DeepL, and Lapa produce translations
with pairwise LaBSE similarity of 0.941. By every
measure (neural metrics, surface overlap, cross-
lingual embeddings, cosine delta), they are closer
to each other than any pair of human translators is
to each other.

This has implications beyond evaluation. If Al
translation converges on a single point in the space
of possible translations, then:

1. Switching between Al systems may not al-
ways increase diversity. While individual dif-
ferences exist, the overall stylometric profiles
of the three Al systems we tested are far more
similar to each other than to any human trans-
lator. Whether this convergence generalizes
to a broader population of MT systems is an
open question requiring larger-scale replica-
tion.

2. Domain tuning closes the metric gap but not
the stylistic one. Lapa (12B parameters)
matches the much larger GPT-5.2 on met-
ric scores — a strong result for a compact,
domain-adapted model. Yet on stylometric
measures, Lapa is indistinguishable from GPT-
5.2 and DeepL.: fine-tuning achieves metric

parity without producing a distinct literary
voice.

The stylometric deficits we document — in parti-
cles, diminutives, and lexical diversity — are not ar-
bitrary choices but features that Ukrainian linguists
identify as markers of skilled prose (see Section 4).
Their absence in Al translations is not a matter of
personal preference but of cultural competence: Al
systems translate what is said but not how it is said.

These findings have practical consequences. For
MT evaluation research, current metrics should not
be applied to literary translation without explicit
caveats. A literary-specific evaluation metric is
needed — one that rewards vocabulary richness,
cultural perceptiveness, and stylistic identity along-
side semantic fidelity. For Al-assisted translation,
Al output may serve as a useful starting point —
human evaluators ranked DeepL second overall
— but the stylistic deficits documented here sug-
gest that post-editing for lexical and cultural rich-
ness remains necessary; across the three systems
we tested, switching between Al providers did not
yield greater stylistic diversity, though wider repli-
cation is needed before generalizing.

6.1 Future Directions

One avenue for improvement is prompt design. The
LLM-based translations (GPT-5.2 and Lapa) were
generated with the minimal translation prompt used
by the Lapa team in their evaluation pipeline (Paniv
et al., 2025) — adopted here for direct comparabil-
ity with their reported benchmark scores — with-
out specific instructions targeting stylistic features
such as particles or diminutives. Because large lan-
guage models are sensitive to instruction framing,
prompts explicitly emphasizing lexical variation,
pragmatic particles, and affective nuance may re-
duce stylistic compression without requiring fine-
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tuning. Controlled comparisons between general
and feature-targeted prompts would clarify this pos-
sibility.

A second direction concerns evaluation.
Literary-aware  metrics could incorporate
stylometric dispersion, lexical richness, and
discourse-pragmatic features alongside semantic
fidelity. Hybrid systems combining adequacy
metrics with source-free literary judgment may
better reflect the multidimensional nature of
translation quality.

The particles and diminutives analyzed here are
salient examples that Ukrainian linguists have al-
ready highlighted, but the space of expressive mark-
ers is likely much larger. Preliminary analysis
of augmentative and pejorative suffixes (-umi(e), -
nchK(0), -for(a), -rop(a)) showed zero occurrences
in all Al translations versus sparse but non-zero us-
age by humans — a pattern consistent with our
findings, though the signal in this corpus is too
weak for statistical claims. Systematic identifica-
tion of further morphosyntactic markers of literary
expressiveness is a promising direction for future
work.

Finally, replication across genres and language
pairs, particularly those with different morpholog-
ical and expressive resources, would determine
whether stylistic compression is language-specific
or structural to current Al systems.

7 Conclusion

Across seven neural metrics, three Al translations
consistently rank at the top. Yet these same transla-
tions are not as lexically rich as human ones, lack
common signs of Ukrainian literary voice, and con-
verge on near-identical output. When an LLM-as-
a-judge evaluates the translations without access to
the source — judging only whether the Ukrainian
text reads as skilled literary prose — the Al advan-
tage disappears, and human translators take the top
five positions.

Although the metrics accurately measure what
they were trained to measure — semantic fidelity
to the source and surface fluency in the target —
literary translation requires more than fidelity and
fluency. It requires voice, cultural adaptation, and
expressive richness — qualities that current metrics
cannot detect and that Al systems do not produce.
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Limitations

The study is limited to a single novella and a sin-
gle language pair (English— Ukrainian), restricting
generalization. The number of systems (seven hu-
man, three Al) constrains statistical breadth, though
TrueSkill mitigates uncertainty. The seven human
translations span 74 years (1947-2021) and reflect
shifts in Ukrainian orthographic and stylistic norms
across diaspora, Soviet-era, and post-independence
periods; this temporal range is part of what makes
the corpus interesting, but it also means within-
human variation conflates translator voice with di-
achronic norm change. We note, however, that
within-human pairwise LaBSE similarity (0.711)
remains substantially lower than within-Al similar-
ity (0.941), so temporal and norm-driven variation
in the human set does not approach the magnitude
of the Al-human gap that drives our central find-
ings. The 1,034-match human evaluation is direc-
tionally stable, but the #2—#7 cluster is tight with
overlapping confidence intervals. GPT-5.2 serves
as both a translation system and the LLM judge,
creating a potential self-preference bias; however,
GPT-5.2 ranks only #6 in the literary condition and
#5 in human evaluation, suggesting that any self-
preference does not dominate the results. Replica-
tion with an architecturally distinct judge model
(e.g., Claude or Gemini) would further strengthen
this conclusion and is a clear next step. Our sty-
lometric analysis targets specific morphosyntactic
features (particles, diminutives, lexical diversity)
but does not measure figurative language or cul-
tural adaptation, which are also central to literary
quality. Finally, sentence-level pairwise judgments
cannot capture long-range narrative qualities such
as sustained voice or rhythm, and our human eval-
uation was conducted only under source-visible
conditions; a source-hidden human pairwise evalu-
ation, mirroring the LLM literary judge, is the nat-
ural next experiment to fully decouple the source-
removal effect from the human/LLM-judge con-
trast.

Ethical Considerations

This study uses published literary translations and
publicly available Al systems. Human annotators
were professional translators who participated in
the study on a voluntary basis. No personally iden-
tifiable information was collected. The Al trans-
lations were generated for research purposes. Al
writing assistance (Claude, Anthropic) was used



for editing and formatting the manuscript. We ac-
knowledge that our findings about Al translation
limitations should not be used to devalue human
translators’ work but rather to highlight the irre-
placeable qualities they bring to literary translation.
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A Appendix: Additional Metric
Heatmaps

This appendix reports the full pairwise round-robin
score matrices for the reference-based metrics,
complementing the XCOMET heatmap in Figure 3.
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Figure 8: Heatmap of pairwise COMET-22 round-robin
scores.
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Round-Robin Convergence: Al-Al vs Human-Human
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Figure 10: Round-robin convergence across MT met-
rics.

B Appendix: Additional LaBSE Analyses

This appendix presents additional cross-lingual
similarity analyses based on LaBSE sentence em-
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Figure 11: LaBSE pairwise similarity heatmap.
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C Appendix: Additional Stylometric
Analyses

This appendix collects the remaining stylometric
comparisons across translators and Al systems.
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Figure 13: Discourse particle frequency across transla-
tors and Al systems.
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measures.

D Appendix: Prompts
Al translation prompt (Lapa, GPT-5.2).

Translate the following English text to Ukrainian.
Output only the translated text without any
additional words or formatting, start with the
translated text:

LLM judge: translation (source visible).
tem prompt:

Sys-



You are an expert literary Ukrainian translator
evaluating translation quality. You will be given
one English sentence and two Ukrainian
translations. Choose the better translation.

How to decide: 1. Meaning preservation — Does
the translation convey the core meaning and
intent of the English sentence? 2. Fluency and
literary quality — Which translation reads more
natural, expressive, and appropriate for literary
Ukrainian?

Rules: Prefer the translation that best balances
intent and natural literary expression. Use “tie”
only if you genuinely cannot decide. Judge each
sentence independently.

Respond with EXACTLY one of: systeml,
system2, tie.

User template: English: {english} |
systeml: {system1} | system2: {system2}

LLM judge: literary (source hidden). System
prompt:

You are an expert in Ukrainian literature. You

will be given two Ukrainian sentences. Choose

the one that sounds more literary — as if written

by a skilled Ukrainian author for a published
book.

Judge only literary quality: naturalness,
expressiveness, and stylistic richness of the
Ukrainian language.

Rules: Use “tie” only if you genuinely cannot
decide. Judge each sentence independently.

Respond with EXACTLY one of: system1,
system2, tie.

User template: systeml: {system1} |
system2: {system2}

Both experiments use GPT-5.2 with temperature
0.0 and max 16 output tokens.

E Appendix: Reproducibility

All computational analyses are reproducible from
the accompanying repositories: the translation met-
rics and stylometric pipeline at https://github.
com/vanneqqg/translation-metrics, and the
human evaluation tournament implemented in
Vulyk Arena at https://github.com/lang-uk/
vulyk-arena. The three Al translations will be
submitted as an update to the ParaFarm corpus to
enable replication and further research.

79


https://github.com/vanneqq/translation-metrics
https://github.com/vanneqq/translation-metrics
https://github.com/lang-uk/vulyk-arena
https://github.com/lang-uk/vulyk-arena

