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Abstract. Pension communication must clearly convey decisions and
required actions, but language barriers can reduce comprehension and
engagement. We evaluate off-the-shelf machine translation of Dutch pen-
sion client texts into seven languages in a two-track pilot study combin-
ing human and automated evaluation. Track A is reference-free: native
speakers evaluate translations of six representative excerpts by GPT-4
and Azure Translator on meaning preservation, register, and readability,
supplemented by an LLM-as-a-judge. Track B benchmarks nine systems
(three commercial NMT engines and six LLMs) on a fixed five-paragraph
document against professional references using overlap, edit, and seman-
tic metrics, bootstrap uncertainty, and paragraph-level fidelity probes.
Native speakers consistently prefer GPT-4 over Azure Translator across
all languages, with the largest gains in register. Reference-based results
show a tight top cluster, strong cross-language heterogeneity, and occa-
sional disagreement between overlap and semantic metrics. Paragraph-
level diagnostics highlight omission and formatting risks, especially for
Arabic and Ukrainian. LLM-as-a-judge aligns with human preference di-
rection but exhibits score compression. Overall, our findings support de-
ployment workflows combining rubric-aligned acceptability checks, con-
trolled audits with uncertainty, and explicit terminology and structure
governance for regulated multilingual communication.

Keywords: Large Language Models - Neural Machine Translation -
Translation Evaluation - LLM-as-a-Judge - Regulated Communications
1 Introduction

Communication effectiveness in the pension domain cannot be assumed. Pen-
sion funds routinely inform clients about entitlements and decisions that require
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action, yet recipients often do not respond to such messages [10, 11, 21]. Re-
search in Dutch pension communications also highlights that mandated disclo-
sure and legal precision can conflict with comprehensibility, and that revisions
can change information-finding and understanding outcomes [31]. To support in-
formed decision-making, information and calls to action must be understandable
and clear. For some populations, including migrant workers, language barriers
may contribute to low engagement, underscoring the importance of clear, acces-
sible multilingual communication [49].

Organizations increasingly adopt machine translation (MT) to deliver such
communication at scale, including in financial services, the public sector and
other regulated domains where quality requirements emphasize continuity of
institutional discourse and terminology [30,38,43]. Over the past decade, neu-
ral MT (NMT) has become the dominant commercial approach, improving flu-
ency and meaning preservation relative to earlier paradigms [2,51,53]. More re-
cently, large language models (LLMs) have entered the MT landscape as general-
purpose systems capable of translation via prompting and fine-tuning [35,60,61].

Regulated use imposes requirements beyond general-purpose translation. Trans-
lations must preserve meaning while maintaining institutional register, consistent
domain terminology, and document structure [14,20,43]. LLMs are attractive be-
cause their behavior can be guided at inference time via prompts and structured
constraints [3,8,60], yet LLMs may partly ignore instructions, and both LLM
and NMT systems can omit or hallucinate content [9, 18, 28]. Performance also
varies by language and domain, especially when in-domain parallel data and
expert validation are limited [7,28, 61].

A second challenge is evaluation. Professional reference translations are costly
and may be unavailable for frequently changing content, which has prompted re-
search into reference-free evaluation [50,58]. When references are available, au-
tomatic metrics provide reproducible comparisons but may penalize valid para-
phrases or miss problems with register and terminology [4].

We examine these issues in a two-track pilot study of Dutch pension com-
munication translated into Turkish, Spanish, English, Polish, Ukrainian, Arabic,
and German. Given budget constraints, we prioritized methodological breadth
over the number of source documents, examining a modest set of texts through
multiple complementary evaluation perspectives. This trade-off motivates the
pilot design. Track A compares GPT-4 with Azure Translator on six pension-
domain excerpts [36,39]. Native speakers assess meaning, register, and readabil-
ity without reference translations. Track A also evaluates GPT-4 as an LLM
judge by comparing its scores on the anonymized translations with the native-
speaker ratings. Track B compares nine LLM and NMT systems on one pension
document using professional reference translations, several metric families, and
uncertainty estimates. Both tracks include GPT-4 and Azure Translator, but
they use different source texts. Their shared comparison therefore provides com-
plementary evidence rather than a direct replication.

We address two research questions in this study:
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1. How do native speakers rate GPT-4 and Azure Translator for meaning, reg-
ister, and readability across seven target languages?

2. How do nine LLM and NMT systems rank across target languages and
reference-based metric families?

To support reproducibility and reuse, the study resources, including the anal-
ysis code, prompts, scoring scripts, table and figure generation code, and publicly
shareable text materials, are made available through an archived GitHub repos-
itory [45].

2 Background and Related Work

Pension communication is a regulated, action-oriented genre. Client letters, emails,
and webpages combine specialized terminology, an institutional register, and in-
structions concerning benefits or required actions. Machine translation systems
can omit or hallucinate content and mishandle terminology or protected docu-
ment elements [9, 14, 18, 20]. Because recipients may rely on these texts when
interpreting benefits and deciding what to do, translation quality in this setting
includes semantic accuracy, readable wording, stable register, consistent termi-
nology, and preservation of document structure [29,43]. These requirements dis-
tinguish acceptability for client-facing use from general fluency.

Prior work has not established a consistent advantage for either NMT or
LLMs across languages and deployment conditions. NMT performs well on many
general-domain benchmarks, but domain shift can reduce quality when training
data do not match the terminology and genre of deployment text [7,28]. Adapta-
tion can reduce this mismatch, but in-domain parallel or monolingual data may
be scarce, costly, or sensitive in regulated organizations. Organizations there-
fore often begin with off-the-shelf commercial systems. Prompted LLMs offer
an alternative. Studies report competitive translation quality from GPT-family
models but also find prompt sensitivity, lexical inconsistency, omissions, and
occasional meaning errors [1,9, 18,24, 56, 60]. Both approaches allow some con-
trol over output. NMT can use constrained decoding or control signals, while
LLMs can receive terminology, register, and formatting instructions at inference
time [22,37,42,47,57]. Control does not guarantee compliance, and LLMs may
over-paraphrase or ignore instructions. Differences in training and evaluation re-
sources across languages further complicate comparison because lower-resource
language directions may behave differently under domain shift [19]. Their relative
performance must therefore be evaluated in the target domain and languages.

Automatic scores alone cannot determine whether a translation is suitable for
client-facing pension communication. When professional translations are avail-
able, reference-based metrics support reproducible system comparisons. Lexical
metrics such as BLEU [40], chrF++ [41], and TER [48] are inexpensive but
sensitive to reference wording [4, 6]. Learned metrics such as BERTScore [59]
and COMET |[46] correlate more closely with expert judgments but remain dif-
ficult to interpret [16]. When score differences are small, bootstrap estimates
can show whether an apparent gap is stable within the test set [27]. However,
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a high document-level score can still conceal a catastrophic error in one seg-
ment [23, 54]. Human evaluation assesses meaning, register, readability, and
terminology more directly. Multidimensional Quality Metrics (MQM) offers a
detailed error taxonomy, and expert evaluations show that protocol and eval-
uator expertise can change system rankings [15, 33]. Full MQM annotation is
costly, so applied multilingual studies often rely on smaller native-speaker pan-
els, rubrics, and qualitative comments [32]. When reference translations are un-
available, quality-estimation systems and prompted LLM evaluators can provide
reference-free signals, but their reliability varies with the model, prompt, and cal-
ibration setting [25,26,44,50]. Recent work in asylum reception centres combines
automatic metrics with expert human evaluation to assess multilingual NMT for
operational messages [34]. We therefore compare LLM and NMT systems using
native-speaker judgments, reference-based metrics, and an exploratory LLM-as-
a-judge assessment.

3 Methods

This section describes the two-track design and methods used to assess transla-
tion quality for Dutch pension-domain client communication. Track A (reference-
free) compared GPT-4 with Azure Translator without professional reference
translations. Native speakers assessed meaning, register, and readability. Track B
(reference-based) compared nine LLM and NMT systems with professional trans-
lations of one controlled document. Reference-based metrics measured different
aspects of similarity, and paragraph-level analyses identified localized failures.
Because the tracks used different amounts and types of source material, we treat
them as complementary rather than directly comparable experiments.

3.1 Materials, Languages, and Systems

Track A used six Dutch excerpts supplied by an external pension-sector stake-
holder: four client letters and two informational webpages, selected mainly by
length from pools of 20 and 10 respectively. The 200-500-word excerpts covered
common informing and instructing functions, pension terminology, and institu-
tional phrasing. The sample was not designed to represent the stakeholder’s full
communication portfolio. Personal names were replaced with placeholders.

Track B used one of the six client letters. The 197-word document contains
five paragraphs and explains a change in premium-free pension accrual follow-
ing updated information about disability status and WAO/WIA benefits.> The
document was short enough to translate professionally into all seven languages
while retaining institutional phrasing and pension terminology.

We commissioned one professional translation per target language from Trans-
layte [52], preserving the five-paragraph structure used for alignment. Appendix 3
provides the Dutch source and the archived materials contain the references [45].

3 WAO and WIA are successive Dutch statutory disability-benefit schemes for em-
ployees.
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Both tracks covered Turkish, Spanish, English, Polish, Ukrainian, Arabic,
and German. The stakeholder selected these languages to reflect its multilingual
communication needs in the Netherlands. The set combined widely used inter-
national languages with languages spoken by recipient groups that unpublished
internal analyses had associated with lower response rates to Dutch pension
messages containing calls to action.

Track A compared GPT-4 with Azure Translator. Track B included three
commercial NMT baselines, Azure Translator, DeeplL, and Google Translate,
and six LLMs, Gemini 3 Pro, GPT-4, GPT-5.2, Llama 3.1 8B, Llama 3.1 405B,
and Llama 3.3 70B. Public information places the three commercial services
within the NMT tradition, although their production architectures are not fully
disclosed [12,13,17,36,55]. The LLM set covers several providers, proprietary
and open-weight systems, and different model sizes. Appendix Table 8 lists the
model identifiers and available version information.

3.2 Translation Generation

GPT and Llama models were accessed through Microsoft Foundry, Azure Trans-
lator through its REST API, and Gemini 3 Pro, Deepl,, and Google Translate
through their web interfaces. Configurable decoding settings were aligned where
possible; Table 9 in the Appendix reports the exposed settings.

We generated one output for every assigned source, language, and system
combination. We did not estimate run-to-run variation, and systems without
exposed decoding controls may retain residual stochasticity. No output received
human post-editing. Normalization only removed Markdown markers and, when
needed for Track B alignment, inserted empty lines between existing paragraph
units. We did not change words, punctuation, or sentence content. GPT-4 trans-
lations in Track A used a deliberately simple, structured prompt targeting mean-
ing, register, and readability (see repository for the prompt [45]).

3.3 Track A: Reference-Free Human Evaluation

Evaluators filled in a spreadsheet workbook remotely and independently. For
each excerpt, the workbook displayed the Dutch source beside the two target-
language outputs. The outputs were labeled “Translation 17 and “Translation 27,
and their system identities were hidden. This side-by-side layout allowed eval-
uators to compare all three texts without switching between workbook sheets.
Candidate order was not counterbalanced, however, and one candidate may have
helped an evaluator interpret the other.

Thirteen evaluators participated: one each for Spanish and English, three
for Turkish, and two for each of the remaining languages. Each evaluator was
a native speaker of the target language, proficient in Dutch, and employed by
the stakeholder organization. They were familiar with pension communication
and could assess each translation against the Dutch source. Evaluators received
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the same written instructions and rubric but no formal calibration session. Par-
ticipation was voluntary and based on informed consent, and the analysis used
anonymized responses.

Evaluators scored meaning correctness and completeness, register and style,
and readability and flow on a 1-10 anchored scale; Overall was their arithmetic
mean (rubric and instructions in repository [45]).

Evaluator counts differed across languages, so we first averaged ratings within
each language, system, and excerpt. Subsequent analyses used these excerpt-level
means. We calculated paired differences between GPT-4 and Azure Translator
for the six excerpts in each language. Within-language 95% confidence intervals
came from bootstrap resampling of excerpts, and exact two-sided sign-flip tests
used the six paired excerpt differences. Macro differences were the unweighted
mean of the seven language-level differences. Macro confidence intervals resam-
pled languages, and macro sign-flip tests used the seven language-level differ-
ences. This procedure gave each language equal weight.

As a supplementary analysis, a GPT-4 judge applied the same rubric to trans-
lations with system identity hidden. We compared its scores with the excerpt-
level native-speaker means using Spearman rank correlation, mean absolute er-
ror (MAE), root mean squared error (RMSE), and a least-squares calibration fit
of judge scores on native-speaker scores. We also calculated within-system cor-
relations to distinguish item-level agreement from separation between the two
systems. The judge results are provided in section 4.1 and Appendix 2.

3.4 Track B: Reference-Based Evaluation

The selected five-paragraph document was translated by each system into all
seven languages, and aligned with the human reference at paragraph level.
Because sentence boundaries differed across translations, we did not perform
sentence-level alignment. Track B contains one document and reference per lan-
guage, so it provides controlled comparative evidence rather than general system
ratings.

We calculated BLEU, chrF++, and TER with sacreBLEU 2.6.0 [40,41, 48].
We also calculated BERTScore F1 with x1lm-roberta-large and COMET with
wmt22-comet-da [46,59]. BERTScore and COMET were multiplied by 100 for re-
porting. The main text focuses on chrF++ and COMET because they represent
character-overlap and learned semantic evaluation. Appendix Table 14 reports
the exact metric signatures, model identifiers, and settings for all metrics.

For BLEU, chrF++, and TER, document scores were calculated corpus-
style over the five aligned paragraphs. BERTScore and COMET were calcu-
lated for each paragraph and averaged within the document. We then macro-
averaged each system’s document scores across languages, weighting each lan-
guage equally. Macro confidence intervals were obtained by resampling the seven
languages. Appendix 3 gives the complete aggregation and bootstrap procedures,
including the within-language paragraph resampling.

To further diagnose the outputs, we also calculated three paragraph-level
probes. Length ratio identified unusually short or long output relative to the
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Table 1. Track A native-speaker paired differences between GPT-4 and Azure Transla-
tor. Positive values favor GPT-4. The macro rows report confidence intervals obtained
by resampling languages. The language-level rows report criterion differences by target
language; brackets give the Overall confidence interval obtained by resampling the six
excerpts.

Macro differences across languages

Criterion Mean difference 95% confidence interval
Meaning correctness +1.90 [1.37, 2.42]

Register and style +2.28 [1.12, 3.62]
Readability +1.77 [1.24, 2.40]

Overall +1.98 [1.31, 2.64]
Differences by target language

Language Meaning Register Readability Overall [95% CI]
Arabic +2.08 +1.58 +1.83 +1.83 [1.14, 2.56]
English +0.67 +0.00 +0.67 +0.44 [—0.11, 1.06]
German +2.92 +2.25 +2.17 +2.44 [2.22, 2.72]
Polish +1.33 +2.33 +1.33 +1.67 [0.94, 2.44]
Spanish +2.00 +5.83 +1.50 +3.11 [2.44, 3.72]
Turkish +2.72 +3.11 +3.39 +3.07 [2.61, 3.44]
Ukrainian +1.58 +0.83 +1.50 +1.31 [0.75, 1.75]

reference. Acronym-preservation F1 checked exact retention of uppercase Latin-
script acronyms. Punctuation preservation compared formatting-character counts.
These probes are diagnostic signals rather than measures of translation quality.
We note that the acronym probe may be unreliable for non-Latin or mixed-script
realizations. See Appendix 3 for probe formulas and full paragraph-level results.

Finally, to link the two tracks, we compared the direction of the GPT-4 ver-
sus Azure differences and calculated exploratory Spearman correlations between
Track A rubric means and Track B reference-based scores across the 14 shared
system-language points. Because the tracks used different source texts, these
comparisons provide directional triangulation rather than replication or metric
validation.

4 Results

4.1 Track A: Reference-Free Evaluation

Track A comprises 84 language—excerpt—system combinations. Native-speaker
ratings favor GPT-4 over Azure Translator on all three rubric dimensions. Across
languages, the macro differences are +1.90 for meaning correctness, +2.28 for
register and style, +1.77 for readability, and +1.98 Overall; all macro confidence
intervals exclude zero, as shown in Table 1.

Overall point estimates favor GPT-4 in every language, with the largest dif-
ferences for Spanish and Turkish and the smallest for English, whose confidence
interval includes zero. The dominant criterion varies across languages, indicating
a broad but non-uniform GPT-4 advantage.
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Table 2. Illustrative issues reported in optional native-speaker comments. The exam-
ples explain possible sources of rubric penalties but do not estimate the prevalence of

each issue.

Issue class

Representative observations

Potential consequence

Register and sensitive
phrasing

Pension terminology

Entities and template
fields

Structure and read-
ability

Mixed formal and informal address in Ger-
man, Spanish, and Polish. Overly direct
wording about death in English, Ukrainian,
and Arabic.

Misleading or overly literal renderings of
disability and partner-pension terms in
Turkish and English.

Inconsistent treatment of UWV, translated
URL components, and mishandling of
PROEFDRUK, a Dutch “proof copy” watermark.

Word-order, repetition, and right-to-left
presentation problems in Arabic. Unnatural

Could alter the institu-
tional voice or make refer-
ences to sensitive events too
direct.

Could change or obscure
the intended pension con-
cept.

Could reduce consistency or
corrupt protected content.

Could make instructions
harder to follow.

conditional constructions in Ukrainian.

Table 3. Aggregate Track A rubric means by translation system and evaluator. Scores
use a 1-10 scale. Overall is the mean of Correctness, Register and style, and Readability.
Native-speaker ratings were first averaged within each language-system—excerpt item.
Each row then averages the 42 language—excerpt items for its system and evaluator.

System Evaluator Correctness  Register and style Readability = Overall
Azure Translator Native speakers 6.0 5.7 6.1 5.9
GPT-4 (translator) Native speakers 7.9 8.0 7.9 7.9
Azure Translator GPT-4 judge 6.5 5.9 6.8 6.4
GPT-4 (translator) GPT-4 judge 8.5 8.0 8.4 8.3

Optional comments identify issues involving formality, pension terminology,
institutional entities, and structure or grammar (Table 2). Because comments
were optional, these examples indicate failure types rather than prevalence; Ap-
pendix 2 provides language-specific examples.

The native-speaker results raise a practical question: can the auxiliary GPT-4
judge recover the same system-level contrast when human evaluation is unavail-
able? At the aggregate level, it does. Native speakers assign Overall means of 5.9
to Azure Translator and 7.9 to GPT-4, while the judge assigns means of 6.4 and
8.3, respectively. The aggregate results in Table 3 therefore show similar separa-
tion between the systems. Agreement on this broad contrast, however, does not
establish that the judge can rank or calibrate individual outputs.

Across the 84 items, the pooled association between judge and native-speaker
Overall scores is moderate (Spearman p = 0.53; MAE = 1.35). Within-system
agreement is substantially weaker, with p = 0.31 for Azure outputs and p = 0.09
for GPT-4 outputs. The pooled correlation therefore partly reflects separation
between the two translation systems rather than reliable ranking of outputs from
the same system. Calibration slopes range from 0.52 to 0.71 across the rubric



LLMs Are Competitive with Dedicated Machine Translation Systems

Table 4. Agreement and calibration between GPT-4 judge scores and native-speaker
excerpt-level means in Track A (n = 84). Spearman p measures rank agreement, while
MAE and RMSE measure absolute error. The calibration fit § = a + bz predicts the
judge score from the native-speaker score. Slopes below one indicate score compression.
Nonzero intercepts indicate a score offset.

Rubric dimension n Spearman p MAE RMSE Slope b Intercept a

Correctness 84 0.48 1.57 1.95 0.69 2.70
Register and style 84 0.57 1.42 1.94 0.52 3.40
Readability 84 0.40 1.36 1.82 0.57 3.57
Overall 84 0.53 1.35 1.73 0.71 2.45

Table 5. Track B macro reference-based scores across seven target languages, reported
as the mean and standard deviation across language-level document scores. BERT Score
F1 and COMET are multiplied by 100. Higher values are better except for TER, where
lower values are better. Systems are ordered by chrF++; bold marks the best mean.

System Type  chrF++ BLEU TER | BERTScore F1 COMET
Mean SD Mean SD Mean SD Mean SD Mean SD
Gemini 3 Pro LLM 56.27 9.01 36.25 10.78 52.31 12.14 94.90 1.29 84.80 2.32
GPT-5.2 LLM 55.98 12.60 36.47 15.18 51.69 16.47 95.08 1.63 83.62 3.97
DeepL NMT 54.67 11.19 34.79 14.29 53.17 14.94 94.66 1.62 83.33 3.35
GPT-4 LLM 51.18 11.84 29.39 13.83 57.83 15.78 94.31 1.71 82.93 3.27
Google Translate NMT 49.65 8.77 27.75 9.09 60.43 11.92 93.72 1.15 83.18 3.20
Llama 3.1 405B LLM 49.56 12.06 27.16 14.52 58.67 16.32 94.35 1.84 82.03 3.66
Azure Translator NMT 48.83 10.06 26.86 10.99 60.31 12.98 94.00 1.69 80.12 3.24
Llama 3.3 70B LLM 48.28 12.97 26.54 14.92 61.33 18.19 93.96 2.06 81.75 4.52
Llama 3.1 8B LLM 42.60 12.99 20.48 14.04 69.31 20.93 93.15 2.21 77.60 5.75

dimensions, showing that the judge uses a narrower score range than the native
speakers (Table 4).

Figure 1(a) shows the same pattern for Overall. Judge scores occupy a nar-
rower range than the native-speaker means, and the separation between Azure
and GPT-4 outputs contributes to the pooled association. The judge therefore
preserves the broad system-level contrast but does not provide calibrated item-
level acceptability scores. Appendix 2 reports the language-level judge scores
and system differences.

4.2 Track B: Reference-Based Evaluation

Track B compares nine systems on the same five-paragraph document in seven
languages. Gemini 3 Pro has the highest macro mean under both chrF++ and
COMET. GPT-5.2 has the highest BLEU and BERTScore means and the lowest
TER mean, while DeeplL remains close to both systems across metrics. The
identity of the leading system therefore depends on the metric family (Table 5).

The difference between Gemini 3 Pro and GPT-5.2 is 0.29 chrF+-+ points,
while Gemini’s COMET advantage over GPT-5.2 is 1.18 points. These differences
are small compared with variation across languages. Figure 1(b) shows the macro
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Fig. 1. Evaluation summaries for the two tracks. Panel (a) compares GPT-4 judge
scores with native-speaker Overall means for 84 language-excerpt—system items.
Marker shape identifies the translation system, and the dashed line marks equality.
Panel (b) reports macro COMET by system across seven target languages. Error bars
are 95% bootstrap confidence intervals obtained by resampling languages with replace-
ment.

COMET estimates with confidence intervals obtained by resampling the seven
target languages. The intervals overlap broadly among the leading systems, so
the point estimates do not support a precise ordering of the top group.

The top group contains both LLMs and DeepL. Google Translate also scores
close to the leading group under COMET), although its chrF++ score is lower.
Given the small test set of one five-paragraph document per language, with
COMET computed for each paragraph and then averaged, these scores do not
establish a stable ordering of the leading systems. The observed order may reflect
both sampling variation and genuine metric sensitivity. The benchmark therefore
does not establish a general advantage for either NMT or LLMs.

Target language has a large effect. Averaged across systems, Arabic and
Ukrainian receive the lowest reference-based scores, while German and Spanish
receive the highest. The system-by-language chrF++ heatmap in Figure 2 also
shows departures from the macro ordering, and no system leads every language.

The leading system under chrF++ and COMET is the same in four languages
but differs in Turkish, Spanish, and Ukrainian. In Ukrainian, Llama 3.1 8B has
the highest COMET score, but its 0.02-point lead over Gemini 3 Pro is not
statistically significant. GPT-5.2 leads under chrF+-, while Llama 3.1 8B ranks
last in the macro evaluation. The Ukrainian result therefore illustrates metric-
sensitive ranking on this document, not a general advantage for Llama 3.1 8B
in Ukrainian.

Language variation is not the only source of ranking instability. Within the
same target language, chrF++ and COMET sometimes assign different rela-
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Fig. 2. Corpus-level chrF++ scores in Track B by translation system and target lan-
guage. Scores range from 0 to 100, with higher scores indicating greater overlap with
the professional reference. Rows are ordered by each system’s macro-average chrF+-+
across the seven languages, and cells show exact scores. Departures from this overall
order within individual language columns show that the relative chrF++ ranking varies
by target language.

tive scores to a system. Figure 3 plots the 63 language—system combinations
and marks the ten largest differences between the within-language standardized
metric scores. These cases identify strong metric disagreement, but they do not
show which metric better represents translation quality. The figure therefore sup-
ports the narrower conclusion that metric choice can affect the apparent relative
performance of systems.

Paragraph-level diagnostics identify possible localized risks. Ukrainian has
the lowest mean length ratio at 0.732, followed by Arabic at 0.779. One Azure
Ukrainian paragraph has a length ratio of 0.46, which is consistent with marked
compression. Arabic has the lowest punctuation-preservation score at 0.396.
These probes identify passages for review. They do not establish that every short
or differently formatted translation contains a substantive error. Appendix 3 pro-
vides the full probe and paragraph-level results.

4.3 Cross-track Analysis

The shared GPT-4 versus Azure comparison examines whether the two tracks
favor the same system within each language. Native-speaker Overall point es-
timates in Track A favor GPT-4 in all seven languages. Table 6 reports the
language-level differences and the number of languages with matching direc-
tions. Because the columns use different score scales, the cross-track comparison
concerns direction rather than magnitude.

11
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Fig. 3. Corpus-level chrF++ against COMET in Track B. Each point represents one
of the 63 language-system combinations, and colors identify target languages. Within
each language, the nine system scores were standardized separately for chrF++ and
COMET. Black rings mark the five largest positive and five largest negative differences
between these standardized scores. The marked points identify strong metric disagree-
ment; they do not indicate which metric better represents translation quality.

COMET agrees with the Track A direction most often, differing only in En-
glish, which also has the smallest Track A Overall difference. chrF++ produces
the opposite point-estimate direction in Turkish and Ukrainian, while TER does
so in Polish and Ukrainian. These results provide directional triangulation rather
than replication. Because the tracks used different source texts and evaluation
methods, the analysis cannot determine whether the mismatches arise from the
source texts, the evaluation methods, or both.

The directional comparison raises a more tentative question: across the 14
shared system-language points, do higher Track B metric scores tend to coin-
cide with higher Track A native-speaker scores on the three rubric dimensions?
COMET has the largest correlations, reaching p = 0.50 for Readability and
p = 0.36 for Correctness and Register and style. The correlations for BLEU,
chrF++, —TER, and BERTScore range from —0.05 to 0.23 (Table 7).

These associations combine differences between systems and languages and
compare scores obtained from different source texts. They therefore do not vali-
date any metric against human acceptability. Across this pilot, the tracks often
agree on the direction of the GPT-4 versus Azure difference, but their disagree-
ments show why reference-based metrics should not replace native-speaker as-
sessment.
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Table 6. Directional comparison of GPT-4 and Azure Translator across tracks. Track
A reports native-speaker differences in Overall scores on the 10-point rubric, averaged
over six excerpts per language. Track B reports corpus-level metric differences for a
separate five-paragraph document. All differences are oriented so that positive values
favor GPT-4. TER is reported as Azure minus GPT-4. The columns use different scales,
so their signs, not their magnitudes, should be compared across tracks. Negative Track
B point estimates are bold and indicate directions opposite to the Track A Overall
point estimate.

Track A: native speakers Track B: reference metrics
Language A Overall A chrF++ A COMET A(—TER)
Arabic +1.83 +1.95 +3.81 +2.48
English +0.44 +0.13 —1.26 +1.22
German +2.44 +5.25 +2.73 +10.10
Polish +1.67 +6.65 +3.54 —0.53
Spanish +3.11 +5.78 +4.61 +6.01
Turkish +3.07 —2.23 +4.06 +1.28
Ukrainian +1.31 —1.07 +2.19 —-3.14
Directional agreement with Track A 5/7 6/7 5/7

5 Discussion

5.1 Interpretation and Implications

The two evaluation tracks provide complementary evidence on the performance
of off-the-shelf machine translation for regulated pension communication. Native
speakers consistently prefer GPT-4 over Azure Translator across all seven lan-
guages, particularly for register and style. In the reference-based evaluation the
strongest systems form a relatively tight cluster and rankings vary by language
and metric. Established NMT systems remain competitive, while the strongest
closed LLMs achieve best or near-best performance on several metrics. Thus,

Table 7. Exploratory Spearman correlations between Track A native-speaker rubric
means and Track B corpus-level metrics across 14 shared system-language points,
comprising seven languages and two systems. TER is multiplied by —1 so that higher
scores indicate better performance. Because the tracks use different source texts, the
correlations describe cross-track association and do not validate the metrics against
human acceptability.

Track A: native-speaker rubric score

Track B metric Correctness Register and style Readability

BLEU —0.05 0.08 —0.04
chrF++ 0.05 0.13 0.10
—TER 0.05 0.22 0.07
BERTScore F1 0.07 0.23 0.12

COMET 0.36 0.36 0.50

13
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the relative advantage of LLM and NMT approaches appears to be system-,
language-, and evaluation-dependent.

A central contribution of the study is the linkage between the two tracks
through their shared GPT-4 versus Azure comparison. Because they use dif-
ferent source texts, this comparison constitutes triangulation rather than di-
rect replication. Nevertheless, both point broadly in the same direction: human
judgments consistently favor GPT-4, while semantic reference-based metrics of-
ten do so as well, even where overlap-based metrics diverge. This divergence is
particularly relevant for regulated communication. Overlap metrics can penal-
ize acceptable paraphrases, whereas native speakers also consider institutional
register and pragmatic appropriateness. Learned semantic metrics, particularly
COMET, align more closely with human preferences in our cross-track com-
parison, although this evidence remains exploratory. Paragraph-level analysis
further shows that acceptable document averages can conceal localized omission
or formatting risks, with Arabic and Ukrainian presenting particular challenges.

Taken together, these findings argue against using any single metric as an
acceptance criterion. Controlled reference-based audits can support system com-
parison, quantify uncertainty, and identify localized failures, while human rubric-
based assessment remains important for client-facing acceptability. Where refer-
ences are unavailable, LLM-as-a-judge can provide a supplementary monitoring
signal. The GPT-4 judge broadly reproduced the direction of human preferences,
consistent with previous findings on LLM-based evaluation [26], but its scores
were compressed and imperfectly calibrated. It is therefore more suitable for
monitoring and triage than for final acceptance decisions.

Beyond evaluation and system selection, many observed failures are amenable
to governance rather than improvements in model quality alone. Regulated MT
pipelines should enforce language-specific register policies, compact termbases
and do-not-translate lists, approved phrasing where required, protected template
elements, and post-generation structure validation. Such controls directly target
the terminology drift, register inconsistency, entity corruption, and formatting
failures observed here [5,42,47|. LLM-based translation may offer an advantage
in this respect because such constraints can easily be encoded in prompt and
system instructions, or be specified interactively at inference time.

5.2 Limitations and Future Work

This study is an applied pilot in a focused domain rather than a definitive
benchmark. Track A contains six excerpts with small and uneven native-speaker
panels, without formal evaluator calibration; its fixed side-by-side presentation
may also have influenced judgments. Track B contains only one five-paragraph
document and one professional reference per language, making rankings sensitive
to document and reference choice. Moreover, systems were accessed through
different interfaces with only partially controllable generation settings, and each
translation was generated once, so run-to-run variability was not measured. The
evaluated systems are also a sample rather than an exhaustive comparison of
current translation approaches.
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Automatic evaluation introduces additional constraints. Single-reference met-
rics may penalize legitimate alternatives, while paragraph-level application of
metrics commonly evaluated at sentence level may affect calibration. The op-
erational probes identify potential omission, acronym, and formatting risks but
cannot establish semantic correctness. The cross-track comparison is triangula-
tion rather than replication because the tracks use different texts. Finally, the
LLM judge is exploratory and may be affected by calibration or self-preference
because GPT-4 was also evaluated as a translator.

Future work should expand the benchmark across more documents, tem-
plates, and professional references, and use larger calibrated native-speaker pan-
els with risk-weighted error annotation. Repeated generation would enable ro-
bustness estimates. Evaluation should also test whether terminology constraints,
protected-term lists, register instructions, and structure-preserving prompts re-
duce the observed failure modes. For production use, reference-free quality esti-
mation, structural probes, and calibrated LLM judging could provide automated
triage, with high-risk cases escalated to human review. Longitudinal monitoring
could additionally detect regressions as models, prompts, and provider systems
change.

6 Conclusion

This paper evaluated machine translation for regulated client communications
with the pension domain as a case study, using two complementary tracks:
native-speaker assessment of enterprise acceptability and a controlled reference-
based benchmark. Native speakers consistently preferred GPT-4 over Azure
Translator across all seven target languages, particularly for register and style.
In the broader benchmark, rankings varied by language and metric, with the
strongest systems forming a relatively tight top cluster. Paragraph-level diagnos-
tics additionally revealed localized omission and formatting risks that document-
level averages can obscure.

Overall, the study shows the value of combining human acceptability judg-
ments, reference-based metrics, and localized risk diagnostics when evaluating
machine translation for regulated communication. The results also suggest that
deployment quality depends not only on selecting a strong translation system,
but on controlling terminology, register, protected content, and document struc-
ture. LLMs may be particularly attractive in this respect because terminology,
register, and structural constraints can be expressed directly through prompts
and system instructions. Despite its pilot scale, the study provides a reproducible
evaluation framework for assessing and governing multilingual pension commu-
nication.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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Appendix

1 System and Generation Details

Table 8 lists the system types, model identifiers, and available version informa-
tion for the systems evaluated in the two tracks. Table 9 reports the config-
urable generation settings for systems accessed through APIs. Parameters that
providers did not expose could not be controlled. Table 10 summarizes the com-
plete assignment of systems to evaluation tracks and target languages.

2 Track A Methods and Results

LLM-as-a-Judge Procedure and Supplementary Results The auxiliary
judge analysis used GPT-4 to evaluate each translation with the system identity
hidden. The judge received the Dutch source text, one target-language transla-
tion, and the scoring instructions (see rubric in repository). It returned separate
scores for meaning correctness and completeness, register and style, and read-
ability and flow. Overall was calculated as the arithmetic mean of the three
scores.

Native-speaker ratings were first averaged within each language, system, and
excerpt. Judge scores were then compared with these excerpt-level native-speaker
means across all 84 language—excerpt—system items. We calculated Spearman
rank correlation, mean absolute error, root mean squared error, and the least-
squares calibration model shown in Eq. (1).

Ji = a+ bH;. (1)

In this model, H; is the native-speaker mean and J; is the judge score for
item ¢. A slope below one indicates that the judge used a narrower score range
than the native speakers.

Table 8. Systems evaluated in Tracks A and B, with access routes, model identifiers,
and version information where available. Azure Translator was accessed through its
REST API; GPT-4, GPT-5.2, and the Llama models through the Microsoft Foundry
API; and Gemini 3 Pro, DeepL, and Google Translate through their web interfaces.

Type System Model identifier Version information
Azure Translator — API v3.0
NMT DeepL Translator — Not exposed
Google Translate — Not exposed
Gemini 3 Pro — Not exposed
GPT-4 gpt-4 turbo-2024-04-09
Ly CGPT-5.2 gpt-5.2 2025-12-11
Llama 3.1 8B Meta-Llama-3.1-8B-Instruct 6
Llama 3.1 405B Meta-Llama-3.1-405B-Instruct 1

Llama 3.3 70B Llama-3.3-70B-Instruct 9
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Table 9. Generation settings for systems accessed through APIs. Sampling parameters
do not apply to Azure Translator. Reasoning effort was available only for GPT-5.2.
Azure Translator was accessed through Microsoft Translator Text API, others through
Chat Completions API.

Model Temp. Top-p Seed Reasoning effort Token limit
azure-translator — — — — —
gpt-4 0 1 0 — 2048
gpt-5.2 0 1 0 none 2048
Llama-3.3-70B-Instruct 0 1 0 — 2048
Meta-Llama-3.1-8B-Instruct 0 1 0 — 2048
Meta-Llama-3.1-405B-Instruct 0 1 0 — 2048
Table 10. System coverage in the two evaluation tracks.
Track A Track B
System family System Reference-free  Reference-based
rubric-based metric-based
Azure Translator v v
NMT DeepL v
Google Translate - v
GPT-4 v v
Gemini 3 Pro - v
LLM GPT-5.2 — v
Llama 3.3 70B - v
Llama 3.1 405B - v
Llama 3.1 8B - v

Note. Within each track, every included system was evaluated in all seven target languages:
Turkish, Spanish, English, Polish, Ukrainian, Arabic, and German. Checkmarks indicate inclusion;
a dash indicates exclusion. The tracks used different source materials and evaluation methods.

Figure 4 reports the native-speaker and judge scores by language, system,
and rubric criterion. It supplements the aggregate comparison in the main text
by showing how the judge’s scoring pattern varied across languages.

Table 11 reports the language-level GPT-4 minus Azure differences derived
from judge scores. The corresponding native-speaker differences appear in the
main Track A results.

Table 4 and Figure 1 in the main text report the item-level agreement and
calibration results.

Detailed Qualitative Examples The optional evaluator comments identify
problems involving institutional register, sensitive phrasing, pension terminology,
protected entities, document structure, and readability. Tables 12 and 13 provide
the detailed language-specific examples from which the compact failure classes
in the main text were derived. Because comments were optional, the examples
describe observed problems but do not estimate their prevalence.

17
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(a) Native-speaker evaluation (b) GPT-4 judge evaluation

Fig. 4. Track A rubric results by language on a 1-10 scale. Panel (a) reports native-
speaker evaluation, and panel (b) reports GPT-4 judge evaluation. Bars show mean
scores for Azure Translator and GPT-4 on correctness, register and style, readability,
and Overall. Error bars indicate 1 SD across the six excerpts within each language.

Table 11. LLM-as-a-judge paired deltas (GPT-4 minus Azure) by language for the
reference-free track. Deltas are computed on excerpt-level means (paired by excerpt).

95% CIs are bootstrap over excerpts within each language. Significance markers: ***p <
0.01, **p < 0.05, *p < 0.10 (exact sign-flip test).

Language Correctness A Register and style A Readability A Overall A
German 2.67* [1.33, 3.83] 3.00%* [2.00, 4.00] 1.83% [0.83, 2.83]  2.50** [1.44, 3.56]
Turkish 2.67** [1.50, 4.17] 2.67** [1.67, 4.17] 1.50 [0.50, 2.67]  2.28** [1.28, 3.61]
English 0.33 [0.00, 0.67] 0.67 [0.33, 1.00] 0.00 [-0.50, 0.50] 0.33 [0.00, 0.61]
Polish 1.67 [-0.33, 3.50] 2.17 [1.00, 3.33] 1.50 [0.17, 2.67] 1.78* [0.33, 3.00]
Spanish 2.17* [1.17, 2.83] 2.00* [1.00, 2.83] 2.00%* [1.50, 2.50]  2.06** [1.28, 2.61]
Arabic 2.00 [0.67, 3.67] 2.00 [0.67, 3.67] 2.17 [0.67, 4.00] 2.06 [0.67, 3.78]
Ukrainian 2.67"" [1.67, 3.83] 2.83"" [1.33, 4.50] 2.33"" [1.17, 3.67| 2.61"" [1.39, 3.89]
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Table 12. Track A native-speaker comments identified these issues for German, Turk-
ish, Spanish, and English. The Dutch triggers quote Documents 1-6 verbatim and
locate the source passage associated with each issue. [quote] marks evaluator-cited
wording, and [pattern] marks paraphrased observations. Rubric tags identify cor-
rectness (C), register and style (T), and readability (R). Evaluators saw anonymized
outputs with the system identity hidden.

Lang. Dutch

(Doc.)

trigger System Evaluator notes and examples

DE

TR

ES

EN

”

“Beste meneer . .. Azure
(Doc. 3); “Bij deze
brief zit een folder.”

(Doc. 1)

2]

GPT

“...over uw arbeid- Azure
songeschiktheid.”
(Doc. 2); “bijzonder
partnerpensioen”

(Doc. 5)

GPT

“U logt in met DigiD  Azure
...”7 (Doc. 1);

“..(UWV)

... arbeidsongeschiktheid.”
(Doc. 2); GPT
URLs/structured

strings (Doc. 1/4)

“...over uw arbeid- Azure
songeschiktheid.”
(Doc. 2); “partnerpen-
stoen”/ “bijzonder
partnerpensioen”
(Doc. 5/6); “U komt
te overlijden.”

(Doc. 6)

GPT

[quote] Mixed address forms (Du/Sie) within one letter.
(T)

[pattern] Inconsistent institutional phrasing (e.g., “fold-
er/leaflet” variants). (T,R)

[pattern] Generally accurate/usable; critique concerned
genre norms (concise Dutch admin prose can feel “too short-
/blunt” in German official letters). (T,R)

[pattern] Substantially weaker overall; frequent lit-
eral choices and terminology instability reduce usability.
(C.R,T)

[quote] Unnatural salutation “Degerli Bay/Bayan”; sug-
gested “Saywn”. (T)

[quote] arbeidsongeschiktheid rendered literally; sug-
gested “malulen emeklilik”. (C)

[quote] bijzonder partnerpensioen rendered with “Gzel”
judged confusing/misleading. (C,T)

[quote] Mixed address strategy (usted/tid) within a docu-
ment. (T)

[quote] Unstable handling of abbreviations/entities (e.g.,
uwv). (C,R)

[pattern] Strong meaning and tone overall; occasional
over-literal handling of structured strings (e.g., translating
URL slugs). (R)

[pattern] Within-letter term drift for relationship/pension
concepts. (C,T,R)

[pattern] Understandable but often ‘“very literal” and
“choppy” in flow. (R)

[quote] arbeidsongeschikt — “disabled” flagged; preferred
“inability /incapacity for work”. (C)

[quote] Framing shift: “survivor’s pension” vs. partner
pension. (T)

[quote] Blunt “when you die” penalized; suggested “when
you pass away”. (T,R)
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Table 13. Track A native-speaker comments identified these issues for Polish,
Ukrainian, and Arabic. The Dutch triggers quote Documents 1-6 verbatim and locate
the source passage associated with each issue. [quote] marks evaluator-cited wording,
and [pattern] marks paraphrased observations. Rubric tags identify correctness (C),
register and style (T), and readability (R). Evaluators saw anonymized outputs with

the system identity hidden.

Lang. Dutch

(Doc.)

trigger System

Evaluator notes and examples

PL

UK

AR

“Beste mevrouw ...”

(Doc. 5); “Dat
betekent dat u geld
mist.” (Doc. 1);
PROEFDRUK (Doc. 3/5)

“Krijgt w pensioen
van ons?” (Doc. 4);
“...vanaf 1 februari
2023.” (Doc. 3); “U
komt te overlijden.”
(Doc. 6)

“U komt te overlijden
...”7 (Doc. 6); num-
bers/identifiers/phone
fields (Doc. 3/5);
administrative
punctuation patterns
(Doc. 3)

Azure

GPT

Azure

GPT

Azure

GPT

[quote] Switch into informal address (ty) in an official let-
ter. (T)

[pattern] Literal-but-unidiomatic constructions; layout-
string handling reduces acceptability. (R,T)
[quote] Mixed formal strategies (e.g.,
Panstwo). (T)

[pattern] Inflection/agreement issues reduce professional-
ism and sometimes clarity. (R,C)

[quote] Template artifact leakage/mishandling (e.g.,
PROEFDRUK). (R,T)

[pattern] Tense mistakes affecting timelines/obligations.
(©)

[pattern] Inconsistent benefit-term choices; blunt mortal-
ity phrasing reduces acceptability. (T,C)

[pattern] Unnatural sentence formation/word order (incl.
if-clauses as questions). (R)

[quote] Formal-letter convention: capitalization of polite
Bu/Baw expected. (T)

[pattern] Sensitive-event phrasing criticized as overly
grim; euphemistic register preferred. (T)

VS.

Pan/Pani

[pattern] Structural/grammatical issues (tense/word or-
der; occasional repetition/looping) harm comprehensibility.
(R,C)

[pattern] Formatting/structure issues make output hard
to follow. (R)

[pattern] Higher acceptability, but overly direct mortality
phrasing penalized vs. Dutch softer register. (T)

[pattern] RTL presentation risks noted (numbers/identi-
fiers ordering), affecting usability independent of adequacy.

(R)
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Table 14. Reference-based metrics and exact scoring configurations used in Track B.

Metric Implementation Signature / model configuration

BLEU sacreBLEU v2.6.0 nrefs:1|case:mixed|eff:yes|tok:intl|smooth:exp|version:2.6.0

chrF++ sacreBLEU v2.6.0 nrefs:1|case:mixed|eff:yes|nc:6|nw:2|space:no|version:2.6.0

TER sacreBLEU v2.6.0 nrefs:1|case:lc|tok:tercom|norm:nolpunct:yes|asian:no|version:2.6.0
BERTScore bert-score F1; x1lm-roberta-large; no baseline rescaling

COMET COMET Unbabel/wmt22-comet-da; checkpoint 2760a223ac957£30acfb18c8aa649b01cf1d75£2

3 Track B Methods and Results

Dutch Source Document Track B used the following 197-word Dutch client
letter. The document contains five paragraphs concerning a change in premium-
free pension accrual following updated information about disability status and
WAO/WIA benefits. The professional reference translations and system outputs
retained these five paragraphs as the alignment units for evaluation.

Wij hebben informatie gekregen van het Uitvoeringsinstituut Werkne-
mersverzekeringen (UWV). De informatie van het UWV gaat over uw
arbeidsongeschiktheid. In deze brief leest u wat dit voor u betekent.

U bouwt ‘premievrije pensioen’ bij ons op

Dat komt omdat u arbeidsongeschikt bent. En omdat u een WAO /WIA-
uitkering van het UWV krijgt. Daarom betalen wij (een deel van) uw pen-
sioenpremie. Dit noemen we ‘premievrije deelname (PVD)’. De hoogte
van de premie die wij betalen hangt af van uw ‘uitkeringspercentage’.

Uw PVD is veranderd

U heeft een WAO /WIA-uitkering. Het UWV heeft ons nieuwe informatie
gegeven over uw WAO/WIA-uitkering. In het onderstaande overzicht
leest u wat dat voor u betekent.

Wat betekent dit voor uw PVD?

In de kolom ‘Premievrije pensioenopbouw’ ziet u een percentage (%)
staan. Dit is het deel waarover u PVD krijgt. Dit deel van de pensioen-
premie betalen wij. Verandert uw ‘uitkeringspercentage’? Dan verandert
ook het percentage ‘premievrije pensioenopbouw’. En dus ook het deel
van de pensioenpremie dat wij betalen.

U moet veranderingen van uw arbeidsongeschiktheid zelf doorgeven
Krijgt u een nieuwe brief van het UWV? Dan moet u ons een kopie van
die brief sturen. Het deel van de premie dat wij betalen verandert dan.

Metric Configurations Table 14 reports the implementations, signatures, and
model identifiers used for BLEU, chrF++, TER, BERTScore, and COMET.
BERTScore and COMET were multiplied by 100 for reporting.

For BLEU, chrF++, and TER, document scores were calculated corpus-
style over the five aligned paragraphs. BERTScore and COMET were calculated
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separately for each paragraph and then averaged within each document. System-
level macro means assign equal weight to each of the seven target languages.

Macro confidence intervals were calculated by resampling the seven target
languages. Within-language comparisons used 3,125 nonparametric bootstrap
samples of the five aligned paragraphs with a fixed seed of 42. For BLEU,
chrF++, and TER, the corpus score was recalculated for every bootstrap sam-
ple. For BERTScore and COMET, the mean of the resampled paragraph scores
was recalculated.

Operational Probe Definitions Three paragraph-level probes were used to
identify possible compression, acronym loss, and formatting drift. These probes
identify passages for review but do not measure semantic correctness.

For a system paragraph s and its professional reference r, we defined the
length ratio by Eq. (2).

LenRatio(s,r) = :S:Chm (2)
T|char

Values below one indicate that the system output is shorter than the refer-
ence. Values above one indicate that it is longer. We defined length deviation by

Eq. (3).

LenDev(s,r) = |1 — LenRatio(s,r)|. (3)

Acronym preservation was calculated as exact-match set-based F} over up-
percase Latin-script acronym tokens. Acronyms were extracted with the regular
expression \b[A-Z]1{2,}(7:/[A-Z]1{2,})*\b. This pattern captures forms such
as UWV, WAQ, and WAO/WIA.

Let As and A, denote the acronym sets extracted from the system and ref-
erence paragraphs. We calculated precision and recall with Eq. (4).

|As N Ay |As N A, |
Pacr:77 Racrzi- 4
A 4] W

We calculated acronym-preservation Fy with Eq. (5).

2Pachacr (5)
Pr’lCI’ Jr Racr .

The value of F} . was set to one when both sets were empty. Because extrac-
tion was limited to uppercase Latin-script forms, this probe may be unreliable
for non-Latin or mixed-script realizations.

Punctuation preservation compared the counts of punctuation and format-
ting characters in the system and reference paragraphs. Let ci(x) denote the
count of punctuation type k in text z. We calculated the preservation score with

Eq. (6).

PunctPres(s, ) = max (O, min (1, 1— 2 lex(s) = Ck(r)')). (6)

Fl,acr =

>k ck(r) +1
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Table 15. Reference-based track: language-level difficulty snapshot for the evaluated
Dutch source document. We report the mean corpus-level metric value across all nine
systems for each target language (higher is better except TER). These averages are
descriptive (they compare languages on this document and reference set) and should
not be interpreted as general-language benchmarks.

Language BLEU chrF-+-+ TER BERTScore-F1 COMET

Spanish 48.23 65.39  35.48 96.60 82.76
German 36.82 61.71 46.24 95.81 86.63
English 40.10 57.88  47.20 95.18 81.20
Polish 28.58 51.30  60.90 93.50 85.61
Turkish 23.71 44.12 71.58 94.01 81.78
Ukrainian 14.61 38.35 71.76 92.66 80.18
Arabic 14.59 36.72 75.21 91.91 76.90

Table 16. Bootstrap comparison of the top two systems per language. Differences
in mean paragraph-level chrF++ (A—B) under paragraph-level bootstrap resampling
(n = 3125). Positive values favor Model A. Checkmarks (v') indicate 95% CIs exclud-
ing 0. Since corpus chrF-++ is not equal to the arithmetic mean of paragraph-level
chrF++, the corpus-best system (Model A) can occasionally have a slightly negative
mean paragraph-level difference.

Language Model A (corpus chrF-++ best) Model B Mean diff. 95% CI p Sig.
Turkish deepl gemini-3-pro 0.23 [-6.77, 4.66]| 0.804 —
Spanish deepl gpt-5-2 2.06 [-1.38, 5.51] 0.224 -
English gemini-3-pro gpt-5-2 0.29 [-2.52, 3.36] 0.846
Polish google-translate gpt-5-2 -0.80 [-7.66, 6.05] 0.855 —
Ukrainian gpt-5-2 gemini-3-pro 2.55 [0.85,4.25] <0.001 v
Arabic gemini-3-pro google-translate 6.23 [2.57,10.31] <0.001 v
German  gpt-5-2 gemini-3-pro 2.09 [-1.53, 6.04] 0.309 -

A score of one indicates identical punctuation counts. Lower scores indicate
larger count differences relative to the reference.

Language Effects and Ranking Uncertainty Table 15 reports the mean
score for each target language across the nine systems. These values describe the
controlled document and its reference translations; they are not general estimates
of translation difficulty for the languages.

Table 16 reports paragraph-level bootstrap comparisons between the two
leading chrF++- systems in each language.

Table 17 compares the leading system under chrF+-+ with the leading system
under COMET for each language.

Metric Disagreement Table 18 reports paragraph-level disagreement between
lexical and semantic metric composites. Each metric was standardized across the
complete set of paragraph-level observations. The lexical and semantic compos-
ites were calculated as

23
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Table 17. Track B (reference-based): per-language winner by corpus chrF++ (charac-
ter overlap) and by COMET (learned semantic evaluation). Differences indicate metric-
driven rank sensitivity in a single-reference setting; “Different?” marks languages where
the top system depends on metric choice.

Language Best by chrF+-+ chrF++4  Best by COMET COMET  Different?
Turkish deepl 50.56  google-translate 85.76 Yes
Spanish deepl 72.17  gpt-5-2 85.11 Yes
English gemini-3-pro 61.73  gemini-3-pro 81.96 No
Polish google-translate 63.62  google-translate 89.75 No
Ukrainian  gpt-5-2 44.47  meta-llama-3-1-8b-instruct 81.91 Yes
Arabic gemini-3-pro 48.66  gemini-3-pro 84.51 No
German gpt-5-2 70.24  gpt-5-2 88.78 No

Table 18. Track B (reference-based): rate of large character—semantic metric disagree-
ment at paragraph level, defined as |ziex — 2zsem| > 1. Left: disagreement rate aggregated
per system over 35 paragraph pairs per system (5 paragraphs x 7 languages). Right:
disagreement rate aggregated per language over 45 paragraph pairs per language (9
systems x 5 paragraphs).

System Disagree. rate

gpt-a 11.4% Language Disagree. rate
gpt-5-2 11.4% Spanish 15.6%
meta-1lama-3-1-8b-instruct 8.6% Arabic 8.9%
deepl 5.7% Turkish 8.9%
llama-3-3-70b-instruct 5.7% English 4.4%
meta-1lama-3-1-405b-instruct 5.7% German 2.2%
azure-translator 2.9% Polish 2.2%
gemini-3-pro 2.9% Ukrainian 2.2%
google-translate 2.9%

ZBLEU + ZchrF++ 1+ 2—TER
Zlex = 3 ’
7
ZBERTScore T 2COMET (™)
Zsem — B .

TER was inverted before standardization so that higher values were better
for every component. We classified an observation as a large disagreement when

|Zlex - Zsem| Z 1. (8)

The reported rates give the proportion of paragraph-level observations meet-
ing this threshold by system and by language. This calculation differs from the
main-text scatter plot: the table combines five paragraph-level metrics standard-
ized over all observations, whereas the scatter compares corpus-level chrF+-+ and
COMET standardized within each language.
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Fig. 5. Track B (reference-based): distribution of paragraph-level chrF++ (0-100) per
system, pooled across all target languages (35 paragraph scores per system = 7 lan-
guages X 5 paragraphs). Violin width reflects score density; the mean is shown for each
system. This view highlights within-document tail risk that corpus-level averages can
obscure.

Paragraph-Level Diagnostics Figure 5 shows the distribution of paragraph-
level chrF++ scores for each system. The distributions indicate whether low
scores are broadly distributed or concentrated in a small number of paragraphs.

Table 19 reports the language-level probe averages. Figure 6 presents the
corresponding system-level and language-level patterns.

Figure 7 shows how often each paragraph produced the lowest within-document
chrF++ score. Table 20 reports mean chrF++ by language and paragraph.

Table 21 reports the lowest-scoring paragraph observed in each language to-
gether with its TER, COMET, length-ratio, and punctuation-preservation val-
ues.

Table 19. Track B (reference-based): operational probe averages by language (macro-
averaged across the nine systems; 5 paragraphs per language). Len. ratio is candi-
date/reference character length; Len. abs. dev. is |1 — Len. ratio| (lower is better). Acr.
F1 measures acronym preservation; Punct. pres. measures punctuation preservation.
Numeral preservation F1 was 1.00 for all languages/systems on this dataset and is
omitted.

Language Len. ratio  Len. abs. dev. | Acr. F1 Punct. pres.

Turkish 0.899 0.101 1.000 0.586
Spanish 0.960 0.040 1.000 0.579
English 0.867 0.133 0.920 0.728
Polish 0.893 0.107 1.000 0.525
Ukrainian 0.732 0.268 0.407 0.641
Arabic 0.779 0.221 0.957 0.396

German 0.975 0.025 0.896 0.602
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Fig. 6. System-level operational probes for Track B, the reference-based evaluation,
macro-averaged over seven target languages. Panel (a) shows the mean absolute de-
viation of the normalized character-length ratio between the system output and the
reference from 1, averaged across paragraphs. Lower values indicate a closer length
match. Panel (b) shows exact-match set-based F; for preservation of uppercase Latin-
script acronyms. Higher values indicate better preservation.

Table 20. Track B (reference-based): mean paragraph-level chrF++ (0-100) by tar-
get language and paragraph, averaged across the nine systems. Lower values indicate
paragraphs that are systematically harder under overlap-based scoring, helping localize
where failures concentrate within the controlled document.

Language P1 P2 P3 P4 P5
Turkish 50.23 47.06 51.34  42.50 32.23
Spanish 69.24 60.85 74.96 63.94 63.45
English 66.44 55.54 41.58 65.32  62.85
Polish 64.28  48.47 45.64 53.66 47.34
Ukrainian  41.83  34.17 21.45 45.72 5244
Arabic 43.85 31.31 32.03 37.48 42.83
German 71.75 58.83 58.81 60.53 61.67

Table 21. Track B (reference-based): worst localized failure per language, defined as
the minimum paragraph-level chrF++ observed across all systems and paragraphs. We
report the paragraph index, responsible system, and complementary diagnostics (TER,
COMET, length ratio, punctuation preservation) for the same paragraph to distinguish
overlap-driven divergence from omission- or formatting-like issues.

Language P# System

chrF++] TERT COMET? Len. ratio Punct. pres.

Arabic 3 1llama-3-3-70b-instruct
English 3 meta-llama-3-1-8b-instruct
German 5 google-translate

Polish 5 meta-llama-3-1-8b-instruct
Spanish 2 google-translate

Turkish 1 meta-llama-3-1-8b-instruct
Ukrainian 3 azure-translator

20.43 91.89 64.19 0.68 0.00
33.03 62.00 69.54 0.57 0.83
41.19 85.29 85.12 1.15 0.00
28.31 83.87 64.82 0.69 0.36
50.01 56.67 78.69 0.87 0.59
23.81 91.67 76.48 0.88 0.44
18.26 83.67 60.60 0.46 0.25
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Fig. 7. Track B (reference-based): frequency with which each paragraph is the lowest-
scoring segment (by paragraph-level chrF++) within a system-language document (63
documents = 9 systems x 7 languages; 5 paragraphs each). Concentration on specific
paragraphs indicates localized difficulty and tail risk.
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