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Abstract
We present UniOR-MT, an agentic
terminology-aware  machine translation

pipeline developed for the WMT 2026
Terminology Translation Shared Task. We
compare five progressively enriched translation
paths, each adding one component to isolate
its individual contribution. We additionally
submit a mixed system that selects, among
the five candidate paths, the best candidate
using a combined measure of terminology ac-
curacy and document-level quality estimation.
Evaluation results show that incorporating a
bilingual glossary provides the most consistent
benefit, while additional post-editing steps
yield limited improvements, and can even
degrade translation quality for Spanish-Basque
in the official evaluation. The final system,
which includes iterative QA feedback and a
stronger fallback model, achieves the highest
docCOMET scores in our internal evaluation.

1 Introduction

The translation of specialised terminology has been
studied for decades, dating back to early work in
the 1960s (Dunne, 2013). Regardless of whether
the users are domain experts or professional trans-
lators, the primary objective is the accurate trans-
fer of specialized knowledge (Pavel and Nolet,
2001). Consequently, translation-oriented terminol-
ogy work focuses on ensuring consistency and ac-
curacy (Prieto Ramos, 2021), enabling specialised
information to be conveyed clearly to the end
user. Meeting these requirements remains a ma-
jor challenge for machine translation (MT) sys-
tems. Despite substantial advances in MT research,
terminology-heavy domains remain far from be-
ing fully resolved. While general-purpose systems
have achieved near-human performance for many
high-resource language pairs, high-stakes domains
such as science, engineering, medicine, and finance
continue to pose significant challenges. Modern

MT systems often demonstrate strong sentence-
level performance, but ensuring terminological con-
sistency across documents remains an open re-
search problem (Semenov et al., 2025).

These challenges provide the motivation behind
the fourth edition of the WMT 2026 Terminol-
ogy Translation Shared Task (Charkiewicz et al.,
2026), which focuses on document-level transla-
tion performed under explicit terminology con-
straints. Extending the scope of previous edi-
tions, this year’s task broadens the evaluation to
include lower-resourced, morphologically rich lan-
guages, offering a more challenging benchmark for
terminology-aware machine translation systems.
The WMT 2026 Terminology Task includes two
tracks:

* Track 1: Document-Level Translation with
Explicit Dictionary covers Spanish—Basque in
the Engineering and Technology domain, as
well as English—Polish in the Engineering and
Technology and Medicine domains.

* Track 2: Document-Level Translation with
Sample Bitexts covers Traditional Chinese—
English in the Finance domain.

We focus on Track 1, which targets document-
level translation with an explicit terminology dictio-
nary. For each language pair, the input is provided
as a JSON file of document-length source chunks
(~2,000 words each), accompanied by a corpus-
level bilingual dictionary in JSON format, mapping
source terms to their target-language equivalents.

Systems are evaluated under three modes of ter-
minology translation: i) no terminology (plain doc-
ument translation, with no dictionary supplied),
ii) proper terminology (translation guided by the
correct domain dictionary), and iii) random termi-
nology (translation guided by a control dictionary
of the same format and size as proper, but popu-
lated with words sampled arbitrarily from the input
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rather than domain terms). This three-way setup
isolates the causal contribution of accurate termi-
nology from the effect of simply providing any
additional lexical input.

For Track 1, we propose a modular translation
pipeline made up of a sequence of progressively
enriched systems. Starting from a zero-shot trans-
lation baseline (ZS), the pipeline incrementally in-
troduces bilingual terminology constraints (ZS+T),
Post-editing (PE), Rule-guided Post-editing (Rule
PE), and iterative Quality Assurance (QA). By
adding a single module at each stage, the proposed
architecture enables a controlled ablation of the
contribution of each terminology-aware interven-
tion, as presented in Table 1.

Internal analysis shows that additional stages
can optimize the system on specific automatic met-
rics, with terminology injection (ZS+T) provid-
ing the most benefit. The official blind evalu-
ation shows that this increased complexity does
not necessarily translate into better performance,
with ZS+T achieving the strongest performance
among our submitted systems. Terminology in-
jection emerges as the most robust strategy across
language pairs, while additional post-editing pro-
duces small improvements for English—Polish but
substantial degradation for Spanish-Basque, result-
ing in worse overall performance.

2 Related Work

Research on terminology-aware machine transla-
tion has been approached with a variety of methods
aimed at improving the consistent use of domain-
specific terminology. These methods are tradition-
ally grouped into two strategies that differ in how
strongly terminological choices are imposed on
the model: hard and soft terminology constraints.
Hard constraints intervene directly in the decoding
process of the model to ensure that a given set of
terms appear in the generated translation. These
methods have been shown to achieve high termi-
nological accuracy (Huang et al., 2024), but they
often negatively affect overall translation quality
and fluency (Hasler et al., 2018; Zhang et al., 2021).
For this reason, they are often followed by a refine-
ment stage, as seen in Wu et al. (2025). A more
flexible alternative is offered by soft constraints,
where terminology is provided as guidance during
the generation process. In this methodology, bilin-
gual glossaries and dictionaries are incorporated
into the model’s input, allowing the model to be

guided by the given terminology without modify-
ing the generation process itself (Briva-Iglesias and
Ferre-Ferndndez, 2026; Hauhio and Friberg, 2024;
Moslem et al., 2023).

Recent work has increasingly combined
terminology-aware translation with refinement
stages. Translate—then—refine approaches employ
constrained re-decoding or LLM-based post-
editing to improve terminology adherence while
preserving translation quality (Bogoychev and
Chen, 2023; Jaswal, 2025).

A paradigm that has become increasingly pop-
ular in MT is the use of collaborative agentic
pipelines. Depending on the workflow design,
these systems employ different collaboration strate-
gies, including reflection-based refinement, where
an LLM iteratively critiques and improves its own
translation (Ng, 2025); role-based collaboration,
in which specialised agents such as translators, re-
viewers, proofreaders, or domain experts sequen-
tially refine translations (Wu et al., 2025; Sin et al.,
2025; Briva-Iglesias, 2025); and consensus-based
architectures, where multiple models or agents gen-
erate alternative translations that are subsequently
reconciled by an arbitration mechanism (Staiano
et al., 2026). These approaches use specialised
agents to improve translation quality through itera-
tive refinement, collaboration, or agreement before
producing the final output.

A common design pattern in these systems is
the generation of multiple translation candidates
followed by a selection stage that balances over-
all translation quality against terminology accuracy,
rather than optimising a single objective (Guttmann
et al., 2025; Grubisi¢ and Korencic, 2025). How-
ever, such selection is not without risks: a selector
driven by a single utility metric may prefer candi-
dates that omit the required terms, a form of metric
interference (Pombal et al., 2025). These systems
generate their candidates in parallel and do not iso-
late which stage of terminology intervention drives
the trade-off between adherence and quality.

Our work addresses this limitation by adopt-
ing an incremental pipeline in which terminology-
aware components are introduced progressively.
This design enables a controlled evaluation of each
intervention, allowing us to isolate its individual
contribution to terminological accuracy and trans-
lation quality.
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3 Methodology

We developed a modular MT pipeline, composed
of five progressively enriched paths and relying pri-
marily on gpt-40-mini as the underlying language
model. For each source segment, the pipeline gen-
erates five translations from five different paths,
each corresponding to the system configurations
described in Section 3.1. Each system builds di-
rectly upon its predecessor by the addition of a
single component, allowing the isolated effect of
each intervention to be assessed while holding all
other factors constant. Using a relatively small
model, the proposed architecture allows us to inves-
tigate whether structured terminology-aware inter-
ventions can achieve strong performance without
requiring larger language models throughout the
pipeline. Figure 1 provides an overview of the final
agentic pipeline.

3.1 System Configurations

Path 1: ZS. The baseline system consists of a
single language model acting as a translation agent
(GPT-40-mini), prompted to produce a direct trans-
lation of the source text with no auxiliary resources.
This condition serves as the lower-bound reference
against which the contribution of subsequent com-
ponents is measured.

Path 2: ZS+T. Path 2 extends Path 1 by supply-
ing the translation agent with the domain-specific
bilingual dictionary provided by the workshop or-
ganisers. The dictionary is injected into the prompt
as terminological constraints, with the aim of im-
proving lexical accuracy and terminological con-
sistency without altering the underlying translation
process.

Path 3: PE. Path 3 introduces a second agent,
a post-editor, which receives the output of Path 2
(translation agent + dictionary) and operates under
a general instruction to improve the fluency, accu-
racy, and overall quality of the translation, without
being given explicit editing criteria.

Path 4: Rule PE. Path 4 retains the architec-
ture of Path 3 but replaces the generic post-editing
instruction with an explicit set of post-editing
rules (see Appendix A). These rules were designed
by drawing on established principles from termi-
nology theory and translation studies (Ferndndez-
Parra, 2025; Bowker, 2015; Cabré, 2010; Scarpa,
2001). In particular, we selected rules to instruct
the model to verify the consistent use of terms

throughout the translation (ISO 11669:2024, 2024;
ISO 17100:2015, 2015), ensure compliance with
terminological databases (Risku, 2006), evaluate
whether the selected terms are appropriate for the
given domain and context (LuSicky and Wissik,
2015; Chiocchetti and Ralli, 2013; ISO 704:2009,
2009), use only synonyms and acceptable term
variants (Lavagnino, 2010), and avoid common
translation errors such as literal renderings and
false friends (Lomaka, 2017). Rather than pro-
viding generic editing suggestions, Path 4 therefore
equips the model with terminology-aware revision
criteria grounded in established terminology man-
agement practice. Overall, this configuration tests
whether structuring the post-editor’s task with ex-
plicit, actionable criteria yields measurable gains
over unconstrained post-editing.

Path 5: Rule PE + QA. Path 5 extends Path 4
with a Quality Assurance (QA) agent positioned
downstream of the rule-guided post-editor. Quality
assurance is, in fact, considered one of the main
goals of terminology work (Schmitz and Straub,
2010). Terminology plays a role at every stage of
the translation QA process, since it is one of the
elements that must be checked against established
standards (Popiolek, 2015). The QA agent verifies
whether the post-editor applied all the rules and
the glossary constraints. If all checks pass, the
translation is accepted as the final translation for
S5. If not, the post-edited translation is passed
to the Supervisor agent, which provides textual
feedback explaining to the post-editor what should
be modified and how. The post-editor thus adjusts
the translation based on the supervisor’s feedback.
This feedback paraphrase loop is repeated for a
maximum of three iterations. At the end of the
loop, a final attempt to repair the translation output
is performed using a Post-Editor agent, originally
powered by gpt-4o-mini and later replaced with
gpt-5.6-1una.

This configuration tests the added value of an
explicit, iterative self-correction mechanism over
a single-pass rule-guided revision. The proposed
multi-agent translation pipeline was inspired by
the roles, activities, and workflow typically found
in a professional translation setting. Rather than
modelling agents as arbitrary computational com-
ponents, each agent was designed to emulate a spe-
cific participant in the translation workflow. The
Editor provides terminology resources or glossaries
and the general translation guidelines and require-
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Figure 1: The UniOR-MT agentic pipeline. The pipeline is composed of five progressively enriched paths. For the
mixed system submission, the best candidate is selected from the five paths in order to maximize quality estimation

metrics.

ments; the Translator Agent corresponds to the pro-
fessional translator responsible for producing the
initial translation; the Post-Editor performs linguis-
tic revision; the Quality Assurance Agent verifies
compliance with predefined linguistic and termi-
nological requirements; the Supervisor generates
structured corrective feedback when quality issues
are detected; and the Paraphraser Agent reformu-
lates this feedback to facilitate subsequent refine-
ment.

Consequently, the overall architecture repro-
duces the iterative nature of human translation
workflows, where translation, revision, quality con-
trol, and feedback operate as complementary stages
aimed at progressively improving translation qual-
ity. Although implemented through language mod-
els, the interaction among agents mirrors the collab-
orative practices commonly adopted in professional
translation and localization environments.

3.2 System Implementation

The pipeline was implemented in Python using
DSPy (Khattab et al., 2023), a framework for con-
structing modular programs powered by LLMs,
through declarative task specifications. The trans-
lation, post-editing, and quality-assurance agents
were implemented as separate DSPy modules, with
gpt-40o-mini configured as the underlying lan-

guage model through the OpenAl API, with tem-
perature equal to 0.3. Prompts and module specifi-
cations were designed independently for each agent
role and are reported in full in Appendix B.

3.3 Systems Submission

We submitted four systems: three individual con-
figurations, namely 1) ZS+T, ii) PE, and iii) Rule
PE, and iv) one mixed system. The choice of in-
dividual submissions was based on development
experiments conducted using the original pipeline
implementation, in which all agents were powered
by gpt-40-mini. Under this implementation, the
Rule PE+QA configuration did not provide suffi-
ciently consistent improvements over the simpler
paths and was therefore not selected as an individ-
ual submission.

Our primary system, called mixed, followed
a broader candidate selection strategy. For each
source segment, it selected the most suitable candi-
date that maximized a combined quality measure
based on terminology accuracy and a document-
level approximation of COMET-Kiwi (Rei et al.,
2022), adapted to document-level evaluation, as
described in Section 4.

Since the source documents exceed
COMETKiwi’s maximum context length,
document-level quality estimation is approximated
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by partitioning each document into contiguous
windows containing approximately the same
number of tokens. COMETKiwi is applied
independently to each window, and the resulting
scores are averaged to obtain a single quality
estimate for the entire document. This last mixed
system, therefore, combines the outputs of Path
1 to Path 5 in order to maximize the estimated
quality.

After the standalone submission set had been
determined, the final repair agent in the Rule
PE+QA path was upgraded from gpt-40-mini to
gpt-5.6-1una. The stronger performance of Rule
PE+QA in our internal evaluation therefore reflects
the improved final configuration, whereas the indi-
vidual submissions reflect the development results
obtained with its original implementation.

4 Evaluation

Mode Agentic path  TermAcc docCOMET SLIDE
English—Polish (en—pl)
A 0.4620 0.0796 0.7488
ZS+T 0.4619 0.0720 0.7562
none PE 0.4601 0.0806 0.7574
Rule PE 0.4619 0.0780 0.7574
Rule PE+QA  0.5001 0.1537 0.6608
A 0.4620 0.0777 0.7488
ZS+T 0.8836 0.0658 0.7464
proper PE 0.8836 0.0724 0.7487
Rule PE 0.8866 0.0698 0.7474
Rule PE+QA  0.8895 0.1396 0.6741
A 0.4620 0.0803 0.7488
ZS+T 0.4479 0.0601 0.7470
random PE 0.4479 0.0620 0.7482
Rule PE 0.4479 0.0630 0.7481
Rule PE+QA  0.4666 0.1026 0.7141
Spanish-Basque (es—eu)
VA 0.7048 0.0659 0.7297
ZS+T 0.7126 0.0570 0.7333
none PE 0.7142 0.0587 0.7212
Rule PE 0.7149 0.0567 0.7216
Rule PE+QA  0.7494 0.0910 0.7228
VA 0.7008 0.0611 0.7306
ZS+T 0.9068 0.0628 0.7297
proper PE 0.9120 0.0647 0.7237
Rule PE 0.9140 0.0640 0.7248
Rule PE+QA  0.9235 0.0980 0.7288
A 0.6940 0.0666 0.7311
ZS+T 0.7074 0.0454 0.7326
random PE 0.7148 0.0380 0.7212
Rule PE 0.7136 0.0353 0.7258
Rule PE+QA  0.7309 0.0530 0.7263

Table 1: Results for the English—Polish and Spanish—
Basque language pairs.

We evaluate the proposed agentic paths inter-
nally using three metrics. TermAcc measures ter-
minology adherence, while docCOMET (Vernikos
et al., 2022) and SLIDE (Raunak et al., 2024) pro-
vide estimates of the overall translation quality at
the document level. This analysis is conducted on
a held-out test set derived from the training data
and is intended to examine the contribution of the
individual stages of the pipeline.

Table 1 reports results across the three terminol-
ogy conditions and five agentic paths. The proper
glossary produces the clearest gains in TermAcc
for both language pairs. However, adding further
processing stages after glossary injection does not
result in proportional improvements. Differences
among ZS+T, PE, and Rule PE are generally small,
and the additional post-editing steps occasionally
lead to lower scores for some translation quality
metrics. This pattern suggests that the largest bene-
fit is obtained from providing the correct terminol-
ogy at translation time, while increasing the com-
plexity of the subsequent revisions does not nec-
essarily improve terminology adherence or overall
translation quality across language pairs and evalu-
ation metrics.

Rule PE+QA emerged as the strongest configu-
ration according to docCOMET, consistently out-
performing the other agentic paths across both lan-
guage pairs and all terminology conditions. How-
ever, the same pattern is not consistently reflected
by SLIDE. For English—Polish, Rule PE+QA ob-
tains substantially higher docCOMET scores but
lower SLIDE scores than the other configurations,
whereas for Spanish-Basque the differences in
SLIDE are smaller and less systematic. This diver-
gence indicates that the two document-level metrics
respond differently to the changes introduced by
the QA stage, particularly for English—Polish.

Finally, the random condition shows that sim-
ply providing additional lexical information is not
enough to improve performance. The gains ob-
served with proper terminology appear to depend
on the relevance and correctness of the supplied
terms, while irrelevant terminology may even have
a negative effect on translation quality.

The official evaluation on the blind test set is
presented in Table 3 and 4 of Appendix C, and
it supports the limited contribution of the addi-
tional processing stages. Overall, ZS+T achieves
the strongest performance among our submitted
systems, obtaining the best average scores for ter-
minology success, COMET-22, XCOMET-XXL,
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and MetricX-24, while Rule PE obtains a higher
chrF++ score. The effect of post-editing appears
to vary substantially across language pairs. For
English-Polish, Rule PE and generic PE yield small
improvements over ZS+T on some metrics. In con-
trast, for Spanish-Basque, both post-editing paths
lead to lower terminology success and lower trans-
lation quality scores. Taken together, these results
indicate that additional refinement stages may im-
prove specific metrics or language pairs, but these
gains are local and do not translate into a consistent
advantage across evaluation conditions. Terminol-
ogy injection therefore emerges as the most robust
intervention in the proposed pipeline.

The greater degradation observed for Spanish—
Basque after post-editing interventions may be re-
lated to the lower-resource nature of the Basque
language. While additional post-editing can intro-
duce useful revisions for a better-resourced target
language such as Polish, the same generative inter-
ventions may be less reliable for Basque and may
actually degrade the translations produced under
direct terminology constraints.

5 Conclusions

In this paper, we presented UniOR-MT, an agentic
pipeline for terminology-aware machine translation
developed for the WMT 2026 Terminology Transla-
tion Shared Task. Our main contribution is an incre-
mental evaluation framework that isolates the effect
of successive terminology interventions within a
unified translation workflow. This design allows
us to quantify how each stage contributes to termi-
nology success rate and overall translation quality,
providing insights into the trade-offs between in-
creasingly sophisticated terminology-aware strate-
gies.

Our experiments show that providing a bilingual
glossary substantially improves terminology adher-
ence, whereas generic and rule-guided post-editing
yield comparatively smaller gains. This indicates
that increasing the number of processing stages af-
ter glossary injection does not necessarily translate
into proportional improvements in either terminol-
ogy adherence or document-level translation qual-
ity. In our internal evaluation, the largest improve-
ments in docCOMET are achieved by introducing
an explicit quality assurance stage with iterative
feedback. However, these gains are not consis-
tently reflected by SLIDE, highlighting that addi-
tional refinement may improve some dimensions of

translation quality while negatively affecting oth-
ers. The official blind evaluation further shows
that ZS+T achieves the strongest overall perfor-
mance among our submitted systems. While post-
editing produces small improvements for English—
Polish on some metrics, it substantially degrades
performance for Spanish—-Basque. Notably, these
results were obtained with a pipeline relying pri-
marily on gpt-40-mini, suggesting that structured
terminology-aware workflows can achieve strong
performance without relying on larger language
models throughout the pipeline.

Overall, our findings suggest that the effec-
tiveness of terminology-aware MT depends not
only on the availability of lexical resources but
also on how these resources are integrated into a
structured revision workflow. Increasing pipeline
complexity does not consistently lead to bet-
ter performance: while accurate terminology re-
sources provide clear benefits, subsequent refine-
ment stages yield more limited, metric-dependent,
and language-pair-dependent gains. By progres-
sively introducing terminology-aware components
within a unified pipeline, our evaluation framework
provides a more interpretable analysis of their indi-
vidual contribution to terminology adherence and
overall translation quality than evaluating complete
end-to-end pipelines alone.

6 Limitations

The proposed pipeline was evaluated exclusively
on the WMT 2026 Terminology Translation Shared
Task (Track 1), covering two language pairs and
a limited number of specialised domains. Con-
sequently, the observed improvements may not
generalise to other languages, domains, or transla-
tion settings. Furthermore, the pipeline was imple-
mented using only a small selection of language
model, meaning that the reported gains primarily
reflect the contribution of the agentic workflow and
prompting strategy rather than model diversity. Fi-
nally, our internal quality estimation relied on an
approximation of COMETKiwi obtained by aver-
aging scores over fixed-length context windows.
Although this enabled document-level comparison
across systems, it may not fully capture discourse
phenomena spanning longer contexts. Future work
should validate these findings through human eval-
uation and investigate stronger specialised agents
and long-context quality estimation methods.
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A Explicit Post-Editing Rules

. Glossary conformity. Every glossary pair
must be respected. Wherever a source term
appears in the source sentence, the transla-
tion must use the corresponding target term
exactly, allowing only the grammatical inflec-
tion required by the target language. If the
draft uses a synonym or paraphrase, replace it
with the prescribed glossary term.

. Terminological consistency. Use the same
target term for the same concept throughout
the sentence. Do not alternate between the
glossary term and a synonym.

. Domain adequacy. Use renderings appropri-
ate to the relevant domain, such as enterprise
software or technical documentation. Prefer
established domain-specific terminology to
general-language wording.

. Correct grammatical variants. Inflect glos-
sary terms correctly according to the grammar
of the target language. Case, number, gender
agreement, orthographic variants, abbrevia-
tions, and acronyms must all be well formed.
Adapting the grammatical form of a glossary
term to fit the sentence is required and does
not constitute a violation of Rule 1.

. Do-not-translate terms. Terms that must re-
main in the source language, including prod-
uct names, brand names, user-interface com-
mands, code identifiers, and file paths, must be
preserved exactly as they appear in the source.
If the glossary maps a term to itself, treat it as
a do-not-translate term.

. Avoidance of word-for-word literalism. Ex-
cept for constrained glossary terms, trans-
late the meaning rather than the surface form.
Restructure the sentence whenever required
by the target language so that the translation
reads naturally and fluently.

. Avoidance of false friends. Check words
that are formally similar across the source and
target languages but differ in meaning. Ensure
that each term conveys the intended source
meaning rather than that of a misleading look-
alike.
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8. Minimal editing. Make only the changes re-

quired by the preceding rules or those nec-
essary to correct clear problems of accuracy,
grammar, or fluency. Do not rewrite accept-
able phrasing, and do not add or omit infor-
mation relative to the source.



B Prompts Configuration for the Agents

Path 1: Baseline Translator

Translator agent

Translate the source sentence while enforcing every terminology pair exactly, allowing only grammatical inflection. If
no terminology is provided, produce an accurate and fluent translation.

Path 2: Translator with Glossary

Translator agent

Translate the source sentence into the target language. You MUST use the provided terminology: for every source-
term-to-target-term pair, the translation must render the source term using exactly the specified target term, inflected
only as required by target-language grammar. If the terminology is “(none)”, translate the sentence accurately and
fluently. Output only the translation.

Path 3: Translator and Generic Post-Editor

Post-editor agent

Post-edit the draft translation. Ensure that every terminology constraint is respected exactly, allowing only grammatical
inflection, and correct any accuracy, grammar, or fluency issues. If no terminology is provided, focus exclusively on
translation quality. Keep edits minimal and output only the final translation.

Path 4: Translator and Rule-Based Post-Editor

Rule-based post-editor agent

Revise the draft translation by applying the complete rule set in addition to enforcing the glossary. The rules require
glossary conformity, terminological consistency, domain adequacy, correct grammatical inflection, preservation of
protected terms, natural target-language phrasing, avoidance of false friends, and minimal editing. Output only the
final translation.

Path 5: Full Agentic Pipeline

Quality-assurance agent

Verity that the translation complies with every rule in the rule set and with every terminology constraint. Check the
rules individually against the translation. Set passed=True only if all requirements are satisfied. If any requirement
is violated, set passed=False; in the feedback, identify each violated rule and state concretely how the translation
should be revised to enforce it.

Supervisor agent

Diagnose why the translation fails the QA check and produce concrete, actionable feedback for a post-editor to fix it.
Ground every point in a specific rule or terminology constraint and state exactly what to change.

Paraphrase agent

Rephrase and sharpen the guidance instead of repeating it verbatim, calling out whatever the earlier wording likely left
ambiguous or the post-editor missed.

Table 2: Prompt configurations used in the proposed translation pipeline

C Official Shared Task Evaluation

Table 3 reports the official WMT 2026 evaluation scores for our submitted systems across the three
terminology conditions.
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Proper Random Noterm
System Term chrF++ COMET | Term chrF++ COMET | Term chrF++ COMET
UniOR-ZSL+Term  86.4 68.8 83.9 45.5 65.4 81.5 48.7 66.0 83.0
UniOR-RulePE 84.7 68.9 82.6 45.0 65.8 80.5 47.4 66.4 81.2
UniOR-GenPE 84.1 68.8 82.5 44.5 66.0 80.2 47.1 66.4 81.4
UniOR-Mixed 76.4 70.4 76.7 41.6 67.7 75.0 47.1 67.5 78.3

Table 3: Official evaluation results for the UniOR submissions in Track 1 across the proper, random, and noterm
terminology conditions. Term denotes lemmatized terminology success (%), while chrF++ and COMET refer to

document-level chrF++ and COMET-22, respectively.

chrF++ Term Success (lemma) COMET-22 XCOMET-XXL MetricX-24 XL |
System Avg. en—pl es—eu Avg. en—pl es—eu Avg. en-pl es—eu Avg. en—pl es—eu Avg. en—pl es—eu
ZS+T 68.8 734 64.1 864 879 849 839 879 799 758 84.0 67.6 560 472 648
PE 68.8 734 642 84.1 877 80.5 825 88.0 770 739 842 637 6.00 4.66 7.33
Rule PE 689 735 642 847 884 81.0 826 879 773 742 841 643 595 4.69 721
Mixed 704 745 663 764 70.8 819 767 746 788 658 645 670 7.79 897 6.61

Table 4: Official evaluation results for the UniOR subsmissions. The best result in each column is shown in bold.

Lower values are better for MetricX-24 XL.
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