
Proceedings of the Eleventh Conference on Machine Translation (WMT), pages 1847–1855
October 28–29, 2026. c©2026 Association for Computational Linguistics

1847

TARL: A Terminology-Aware Agentic Repair Loop for Language-Agnostic
Translation

Shivam Mhaskar*1 Vrunda N. Sukhadia*1 Anurag Deshmukh*1, Manan Sharma*1, Pawan Rajpoot1

1Amazon
*Equal contribution

Correspondence: shivmhas@amazon.com, vrundans@amazon.com

Abstract
We describe TARL (Terminology-Aware
Agentic Repair Loop), our submission
to the WMT26 Terminology Transla-
tion Task, which targets document-level,
terminology-constrained translation for mor-
phologically rich and lower-resource directions
(Spanish→Basque, English→Polish) and
Traditional Chinese→English. Our system
performs no fine-tuning: it is a sequential
pipeline of four role-specialized LLM agents
(translate, verify, review, and post-edit) in
which a required target term, once inserted, is
treated as locked so that later agents improve
the translation around the terminology rather
than altering it. Relevant glossary terms are
retrieved per sentence by an exact, fuzzy
n-gram matcher (with substring matching
for CJK source), and for the sample-only
Track 2 we first induce a glossary by extracting
bilingual term pairs from the provided parallel
data. The agents’ instructions are optimized
automatically with GEPA (Genetic-Pareto),
an automated prompt optimization framework
that uses natural language reflection and
multi-objective Pareto evolutionary search
to tune LLM prompts, rather than being
hand-written. On the official WMT26
Track 1 evaluation, TARL attains the highest
lemmatized terminology success rate of any
submitted system (95.7%, averaged over
English→Polish and Spanish→Basque), while
remaining competitive on translation quality
(COMET-22: 88.3, XCOMET-XXL: 83.6).
On Track 2, TARL achieves 80.4% term
success and 85.8 COMET-22 across three
directions. A terminology-mode analysis
confirms that the gains come from genuine use
of the supplied dictionary rather than from
instruction-following alone.

1 Introduction

Machine translation of specialized text often has
to respect a fixed vocabulary. In domains such as
medicine, law, finance, and engineering, a source

term is expected to be rendered with one specific
target term, and a translation that is otherwise fluent
can still be unusable if it translates a term incon-
sistently or incorrectly. The WMT terminology
translation task targets this setting: systems are
given source text together with a bilingual glossary
and are expected to produce translations that both
read well and use the required terms (Semenov
et al., 2025a).

Large language models now produce fluent trans-
lations across many language pairs, but they do not
automatically follow a supplied glossary. A term
may be paraphrased, inflected into a different form,
or dropped, especially when the required target
term does not fit naturally into the sentence the
model would otherwise produce. This is the core
difficulty of the task: satisfying a hard terminology
constraint while keeping the translation accurate
and natural.

Our submission, TARL (Terminology-Aware
Agentic Repair Loop), addresses this difficulty en-
tirely at inference time: we do not fine-tune any
model. Instead, we treat terminology-aware trans-
lation as a short pipeline of four agents, each of
which performs one narrow job: translating the sen-
tence, making the required terms appear exactly,
reviewing the result for remaining errors, and post-
editing to fix those errors. The agents share a single
rule throughout the pipeline: once a required target
term is in place it is treated as locked, so later steps
improve the translation around the terms rather
than changing them. The pipeline is implemented
with DSPy (Khattab et al., 2023), which lets us
define each agent by its inputs, its output, and its
instructions.

The task is organized into two tracks. In Track 1
the glossary is provided, so terminology is used as
given. In Track 2 only parallel data is provided,
so we first build a glossary by extracting bilingual
term pairs from the parallel texts with an LLM, and
then apply the same translation pipeline.
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This paper describes TARL and its components.
We first explain how terminology is obtained in
each track and how relevant terms are retrieved
for a given sentence, then describe each of the
four agents in the pipeline, and how the agents’
instructions are optimized with GEPA (Genetic-
Pareto)(Agrawal et al., 2026), an automated prompt
optimization framework. We develop and tune
on the WMT25 terminology benchmark, whose
document-level dictionary setting mirrors WMT26
Track 1, and we submit to the live WMT26 tracks
(Charkiewicz et al., 2026). On the organizers’ offi-
cial WMT26 evaluation, TARL attains the highest
lemmatized terminology success rate of any sub-
mitted system in Track 1 (95.7%), while remain-
ing competitive on translation quality (COMET-22:
88.3).

2 Related Work

Terminology-constrained MT. Terminology-
constrained machine translation has been studied
through a series of WMT shared tasks (Alam et al.,
2021; Semenov et al., 2023, 2025b), which have
driven progress from sentence-level constraint in-
jection toward document-level terminology con-
sistency. Early neural approaches enforced term
constraints by training the model to copy provided
translations rather than altering the decoder (Dinu
et al., 2019), and evaluation converged on character-
level quality metrics (Popović, 2015, 2017) along-
side dedicated terminology success-rate and con-
sistency measures (Semenov and Bojar, 2022). In
the industrial localization setting, Rosa (2026) pro-
pose a multi-agent orchestration framework for
terminology-constrained translation, showing that
structured agent coordination can reliably enforce
domain glossaries at scale. A central finding of
the WMT25 edition is that an accurate dictionary
helps most for already-strong systems, and that
document-level terminology remains substantially
harder than the near-saturated sentence-level set-
ting (Semenov et al., 2025b).

Systems for the WMT25 terminology task. The
strongest WMT25 entries were LLM-based and
fall into a few families. One line fine-tunes
or reinforcement-tunes translation models toward
term adherence, including dual-stage NMT-plus-
LLM post-editing (Jaswal, 2025) and GRPO-based
training against a terminology-adherence reward
(Garcia Gilabert et al., 2025). A second line
leaves model weights fixed and works at inference

time, generating multiple candidate translations
and reranking them with quality and terminology
metrics via Pareto-optimal decoding (Guttmann
et al., 2025). A third line arranges several LLMs
into a workflow in which some models translate
and others revise, selecting a final output with a
terminology-aware quality metric (Grubišić and
Korenčić, 2025). The document-level track winner
combined modular source analysis, fuzzy glossary
filtering, and context-carrying chunked translation
over a single swappable backbone (Ingólfsdóttir
et al., 2025); our terminology-retrieval design fol-
lows its fuzzy n-gram matching recipe. Our sub-
mission is inference-time and fine-tunes nothing,
but unlike the generate-and-select multi-agent ap-
proach of Grubišić and Korenčić (2025), our agents
are role-specialized (translate, verify, review, post-
edit) and refine a single translation sequentially
rather than serving as interchangeable candidate
generators.

Multi-agent and iterative-refinement transla-
tion. A broader line of work improves LLM out-
puts at inference time through a generate–critique–
revise loop. Self-Refine shows a single model
can iteratively critique and improve its own output
without additional training (Madaan et al., 2023),
and Reflexion frames verbal self-feedback as a
form of reinforcement (Shinn et al., 2023). In ma-
chine translation, multi-agent systems assign spe-
cialized roles to distinct agents: TRANSAGENTS

mimics a human translation company for long-
form literary translation (Wu et al., 2025), TAC-
TIC organizes cognitively-motivated agents (Li
et al., 2025), and MAATS decomposes quality
assessment along MQM error dimensions includ-
ing terminology (Wang et al., 2025). Our four-
agent pipeline follows this lineage while keeping
terminology strictly locked once inserted, so down-
stream agents refine the translation around the re-
quired terms rather than altering them.

Prompt optimization. Rather than hand-crafting
prompts, a growing body of work treats the prompt
as a learnable parameter. APE frames instruction
generation and selection as a black-box search
over LLM-proposed candidates (Zhou et al., 2023),
while OPRO uses the LLM itself as an optimizer
that iteratively proposes improved prompts con-
ditioned on past prompt–score pairs (Yang et al.,
2024). DSPy (Khattab et al., 2023) generalizes
this by treating an LLM pipeline as a declarative
program whose modules are compiled against a
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downstream metric, with MIPROv2 jointly tun-
ing instructions and demonstrations for multi-stage
programs (Opsahl-Ong et al., 2024). We optimize
our agents’ instructions with GEPA , a reflective,
evolutionary optimizer that reflects on execution
traces and natural-language feedback and evolves
a Pareto front of prompt candidates, a natural fit
for the task’s Pareto objective of translation qual-
ity against terminology success. Because GEPA
optimizes natural-language instructions rather than
weights, an instruction tuned with one backbone
can be executed by another; we exploit this to
optimize with a smaller model and deploy on a
stronger one. As an in-loop quality signal we draw
on reference-free LLM-as-judge evaluation (Kocmi
and Federmann, 2023).

3 Approaches

3.1 Inflection-Aware Term Anchoring

Glossary-injection techniques control which terms
appear, but not the form they take in context. This
matters for morphologically rich targets: glos-
sary entries are given in citation form, but their
use in context may require case marking, agree-
ment, or agglutinative suffixation. We therefore
add Inflection-Aware Term Anchoring (ITA), a
single-pass prompting technique that treats each
glossary entry as a lexical constraint rather than
an exact surface-string constraint, targeting the
WMT26 grammaticality axis (Xu and Carpuat,
2021). It needs no fine-tuning, constrained de-
coding, or post-editing: the guidance is placed
in the document-level context given to the model.
The required target lexeme must appear when-
ever its source term occurs, with the same lexi-
cal choice kept across repetitions while the surface
form varies with local grammar. The prompt makes
this explicit for the target language: it states that en-
tries are citation forms, summarizes the language’s
case and affixation system and the contexts that
trigger each form, and asks the model to inflect
the head of a multi-word term while keeping agree-
ment. ITA only affects output on morphologically
rich targets. Analytic languages such as Chinese
do not inflect glossary terms for case or agreement,
so ITA reduces to plain exact-match term injection
there. Chinese thus cannot distinguish ITA from a
term-injection baseline on the grammaticality axis.
We therefore treat ITA as a targeted contribution
for morphologically rich targets and use the agentic
pipeline (§3.2) as our primary, language-agnostic

Figure 1: The four-agent terminology-aware translation
pipeline. Each source chunk, together with its filtered
glossary, passes through Translation, Terminology Ver-
ification (Audit), Reviewer, and Post-Editor (Repair)
agents; a reference-free quality gate reverts a repair if
it degrades quality. Required terms are locked once
inserted, so later agents refine the surrounding text with-
out altering them.

system for evaluation.

3.2 TARL: Agentic Terminology-Aware
Translation

We approach terminology-aware translation as a
pipeline of four agents that run in sequence (Fig-
ure 1). Each agent handles a specified task in
the pipeline. The first agent produces a transla-
tion, the second makes sure the required terms are
present, the third looks for remaining errors, and
the fourth fixes those errors. The output of one
agent is passed as input to the next. All four agents
are implemented with the DSPy framework.Before
the pipeline runs, we retrieve the terminology that
applies to each source sentence and pass it to the
translation agent as a list of source-to-target term
pairs.

3.2.1 Terminology Retrieval
For each source sentence we look up which glos-
sary terms it contains and build a list of (source
term, target term) pairs. Retrieval is exact-match
and does not use the language model. We support
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two matching strategies depending on the language:

• For space-delimited languages (for example
English, Spanish, Polish), we tokenize the
sentence on whitespace, generate n-grams
up to a fixed length, and keep any n-gram
that matches a glossary key exactly. Longer
matches are preferred over shorter ones, and
matched spans are not allowed to overlap.

• For CJK languages (Chinese, Japanese, Ko-
rean), where text has no spaces, we match
glossary keys directly as substrings of the
source sentence. Longer keys are tried
first so that more specific terms take prior-
ity, and matched spans are again kept non-
overlapping.

When a source term maps to more than one target
term, we use the first one. The result is an ordered
list of term pairs formatted as “source → target”,
which is the form the agents receive.

3.2.2 The Four Agents
Each agent receives the source sentence and the re-
trieved terminology pairs, andthey run in sequence
(Figure 1). The Translation Agentproduces an ini-
tial translation that is fluent and accurate and uses
each exacttarget term without paraphrasing it. The
Terminology Verification Agentthen makes mini-
mal edits so that every required target term appears
verbatim,driving the Term Success Rate toward
1.0 while preserving meaning and fluency.The Re-
viewer Agent inspects the result for remaining
problems(mistranslations, omissions, grammatical
errors) but treats the required terms aslocked: it
may only flag issues that do not involve them, and
reports noneif every issue would require touching a
locked term. Finally, thePost-Editor Agent applies
the reviewer’s fixes to produce the finaltranslation,
again keeping every required term exactly as-is;
terminologycompliance takes priority over other
corrections.

3.3 Terminology Extraction for Track 2

Track 1 supplies a glossary as input; Track 2 gives
only parallel data (source documents and their
human translations). For Track 2 we therefore
build the glossary ourselves before any translation
takes place.We process one parallel pair at a time,
prompting the LLM (Claude on Amazon Bedrock,
temperature 0) with both texts and asking for the
domain-specific term pairs it finds. The prompt

names the domain and both languages, and requires
the model to keep only domain-specific or techni-
cal terms, named entities, and multi-word terms of
art (skipping generic and function words); to copy
the source and target terms verbatim from their re-
spective texts, preferring base forms and excluding
surrounding punctuation or articles; and to invent
nothing absent from either text. Responses are re-
turned as a JSON array of source/target objects
and parsed; pairs are processed in parallel across
the corpus with a thread pool.Each pair is then
validated with a loose case-insensitive substring
check against the corresponding text, discarding
hallucinated or reformulated terms. Surviving pairs
form a glossary mapping each source term to the
set of target terms observed for it.The glossary op-
tionally passes through two filters shared with our
word-alignment extraction pipeline, so both extrac-
tors produce comparable output: a noun-phrase
filter, which POS-tags source terms with Stanza
and keeps only noun phrases (a noun or proper
noun with a nominal head), dropping verb-only
entries; and a deduplication filter, which removes
a shorter term subsumed by a longer term with
the same target and merges source terms sharing
an identical target set.The result is written in the
provided-glossary format, so the rest of the pipeline
treats both tracks identically from this point on.

4 Experimental Setup

Data. We report official WMT26 Terminol-
ogy Shared Task (Charkiewicz et al., 2026)
scores. Track 1 supplies a bilingual dictionary
and covers English→Polish (medical, mechanical-
engineering) and Spanish→Basque (automotive,
energy). Track 2 provides only sample parallel
bitexts and adds Traditional Chinese→English (fi-
nance). All data is document-level. We tuned on
the WMT25 release, whose dictionary setting mir-
rors WMT26 Track 1.

Terminology modes. Track 1 is evaluated un-
der PROPER (correct dictionary), RANDOM (decoy
dictionary), and NOTERM (no dictionary); Track 2
under SAMPLE (with bitexts) and NOTERM. The
PROPER−NOTERM contrast isolates the causal ef-
fect of terminology; RANDOM detects blind term
insertion.

Metrics. Five metrics are reported: document-
level chrF++ (Popović, 2017); lemmatized ex-
clusive term success rate (TSR, %); and three
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Track 1 (PROPER mode: en→pl, es→eu)

chrF++ Term (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

gold 100.0 100.0 100.0 96.4 93.6 99.1 96.4 96.3 96.5 93.2 96.5 89.8 2.04 2.26 1.82

TARL 75.3 77.1 73.5 95.7 95.4 96.0 88.3 89.0 87.6 83.6 85.8 81.4 3.92 4.31 3.53
TARLGEPA 75.8 77.6 73.9 94.1 95.1 93.1 – – – – – – – – –

Track 2 (SAMPLE mode: en→pl, es→eu, zh→en)

chrF++ Term (lemma, %)

System Avg en pl es eu zh en Avg en pl es eu zh en

gold 100.0 100.0 100.0 100.0 93.4 94.9 99.1 86.3

TARL 73.7 75.6 72.9 72.6 80.4 77.2 78.6 85.5
TARLGEPA 74.8 77.0 74.8 72.7 86.7 87.3 85.8 87.2

COMET-22 XCOMET-XXL MetricX-24 XL (↓)

System Avg en pl es eu zh en Avg en pl es eu zh en Avg en pl es eu zh en

TARL 85.8 88.0 84.6 84.9 81.6 85.5 76.2 83.0 4.15 4.68 4.44 3.34
TARLGEPA – – – – – – – – – – – –

Table 1: Official WMT26 results for TARL and TARLGEPA. Track 1 uses the supplied dictionary; Track 2
induces a glossary from sample bitexts. Metrics: document chrF++, lemmatized exclusive term success (%),
COMET-22, XCOMET-XXL, and MetricX-24 XL (↓). gold = reference scored against itself. TARL achieves
the highest term success of any submitted system on Track 1. Neural metrics for TARLGEPA are unavailable as
COMET/XCOMET/MetricX are computed only through the WMT26 portal scorer API.

System Mode Term (%) chrF++ COMET-22

TARL
PROPER 95.7 75.3 88.3
RANDOM 66.8 72.4 86.5
NOTERM 68.6 74.0 88.1

TARLGEPA

PROPER 94.1 75.8 –
RANDOM 68.2 73.6 –
NOTERM 69.3 74.1 –

Table 2: Track 1 mode analysis: PROPER (correct dic-
tionary), RANDOM (decoy), NOTERM (no dictionary).

System Mode Term (%) chrF++ COMET-22

TARL SAMPLE 80.4 73.7 85.8
NOTERM 68.7 73.3 86.4

TARLGEPA
SAMPLE 86.7 74.8 –
NOTERM 68.1 73.2 –

Table 3: Track 2 mode analysis: with sample bitexts
(SAMPLE) and without (NOTERM).

neural metrics on aligned segments—COMET-22,
XCOMET-XXL, and MetricX-24 XL (↓). Systems
are ranked by Pareto domination over (chrF++,
TSR) per direction (Semenov et al., 2025b).

Configurations. We submit two configurations,
both using Claude Opus on Amazon Bedrock
with no fine-tuning: TARL (hand-tuned prompts)

and TARLGEPA (prompts optimized with GEPA
(Agrawal et al., 2026) against a combined quality-
plus-terminology objective). Both run on Track 1
and Track 2; for Track 2 the glossary is induced
from parallel data (§3.2). In the tables, gold is the
reference ceiling. Neural metrics for TARLGEPA
are unavailable as they are computed exclusively
through the WMT26 portal scorer API.1

5 Results

Table 1 reports the main metrics; Tables 2–3 the
mode analyses.

Terminology adherence. On Track 1 (Table 1),
TARL achieves 95.7% lemmatized term success—
the highest of any submitted system, ahead
of COZYflash (95.4%) and HW-TSC (95.3%)—
consistent across morphologically rich en→pl
(95.4%) and surface-transparent es→eu (96.0%).
The locked-term invariant prevents downstream
agents from paraphrasing required terms. On
Track 2, TARL reaches 80.4%, strongest on
zh→en (85.5%, near the gold ceiling of 86.3%).
TARLGEPA improves both axes on Track 2: term

1TARLGEPA was evaluated locally with the released
wmt26-terminology toolkit, which computes chrF++ and
lemmatized term success but not the neural metrics.
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success rises to 86.7% (+6.3) and chrF++ to 74.8
(+1.1), indicating optimized instructions help most
on the harder glossary-induction setting. On
Track 1 the trade-off reverses: chrF++ rises (75.8
vs. 75.3) but term success dips slightly (94.1% vs.
95.7%).

Quality cost. TARL’s COMET-22 of 88.3 on
Track 1 is within 1 point of the leaders COZY and
CUNI-UFAL (89.2), and its XCOMET-XXL (83.6)
and MetricX (3.92) are mid-pack. The quality cost
of term-locking is modest, placing TARL on the
chrF++/TSR Pareto frontier that the task ranks on.

Causal check. On Track 1 (Table 2), TARL’s
term success jumps from 68.6% (NOTERM) and
66.8% (RANDOM) to 95.7% (PROPER)—a 27-point
gain attributable only to the supplied dictionary.
The small RANDOM–NOTERM gap (1.8 pts) con-
firms no blind insertion. TARLGEPA shows the
same pattern (69.3/68.2→94.1). On Track 2, sam-
ple bitexts lift TARL from 68.7% to 80.4% and
TARLGEPA from 68.1% to 86.7%, while noterm
baselines stay comparable—confirming GEPA af-
fects glossary use, not baseline quality (Semenov
et al., 2025b).

6 Conclusion

We presented TARL, our submission to the
WMT26 Terminology Translation Task: a fine-
tuning-free system that treats terminology-aware
translation as a short pipeline of four role-
specialized LLM agents (translate, verify, review,
and post-edit) in which a required target term, once
inserted, is locked so that later stages refine the
translation around the terminology rather than al-
tering it. Relevant terms are selected per sen-
tence by an exact fuzzy n-gram retriever (with
substring matching for CJK source), and for the
sample-only track we induce a glossary from the
provided parallel data before translating. The
agents’ instructions are optimized automatically
with GEPA (Genetic-Pareto) against a combined
quality-plus-terminology objective rather than be-
ing hand-written. On the official WMT26 Track 1
evaluation, TARL attains the highest lemmatized
terminology success rate of any submitted system
(95.7% on average), while remaining competitive
on translation quality (COMET-22: 88.3). On
Track 2, GEPA-optimized prompts improve both
term success (86.7% vs. 80.4%) and chrF++ (74.8
vs. 73.7), demonstrating that automated prompt op-

timization is particularly effective when the task is
hardest. A mode analysis confirms the gains come
from genuine use of the supplied dictionary rather
than from instruction-following alone.
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Maja Popović. 2017. chrF++: words helping character
n-grams. In Proceedings of the Second Conference
on Machine Translation, pages 612–618.

Emanuele Di Rosa. 2026. Multi-agent orchestration
for terminology-constrained machine translation in
industrial localization. In Proceedings of the 64th
Annual Meeting of the Association for Computational

Linguistics (Volume 6: Industry Track), pages 917–
926, San Diego, California, USA. Association for
Computational Linguistics.
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A Agent Prompts

This appendix documents the DSPy signatures (in-
structions and field descriptions) for each of the
four agents in the agentic terminology-aware trans-
lation pipeline.

A.1 Agent 1: Translation Agent

Instruction:

You are a professional translator. Trans-
late the source sentence from the source
language into the target language with
the following strict requirements:

1. TRANSLATION: Produce a fluent,
natural, and grammatically correct
translation in the target language
that preserves the full meaning of
the source sentence.

2. TERMINOLOGY ADHER-
ENCE: You MUST use the exact
target terms from the provided
terminology pairs wherever the cor-
responding source term appears in
the sentence. Do NOT paraphrase,
substitute, or modify these terms.
This is a strict requirement.

3. QUALITY: The translation must
be high-quality, idiomatic, and read
naturally to a native speaker of the
target language. Do not produce
literal or awkward translations.

4. LANGUAGE: The entire output
MUST be in the target language.
Do NOT leave any words in the
source language except for the re-
quired terminology terms.

Input Fields:

• source_sentence: The source sentence to
translate.

• source_language: The language of the
source sentence.

• target_language: The language to translate
into.

• terminology_pairs: Terminology pairs
(source → target). You MUST use these ex-
act target terms in your translation when the
source term appears in the sentence.

Output Field:

• translation: The high-quality translated
sentence in the target language that strictly
incorporates all applicable terminology.

A.2 Agent 2: Terminology Verification Agent

Instruction:

You are a terminology compliance edi-
tor. Your task is to edit the given transla-
tion so that the required target terminol-
ogy terms appear EXACTLY as-is in the
translation.

Rules:

1. For each terminology pair provided,
the TARGET term MUST appear
verbatim in the edited translation.

2. Make MINIMAL edits to the trans-
lation — only change what is nec-
essary to include the exact target
terms.

3. Preserve the overall meaning and
fluency of the translation as much
as possible.

4. Do NOT add, remove, or change
content beyond what is needed for
terminology compliance.

5. If a target term already appears cor-
rectly in the translation, leave it un-
changed.

Input Fields:

• translation: The initial translation that may
not contain all required terminology.

• source_sentence: The original source sen-
tence for context.

• terminology_pairs: Required terminology
pairs (source → target). Each target term
MUST appear exactly as-is in the output.

Output Field:

• edited_translation: The edited translation
where ALL required target terms appear ver-
batim. TSR (Term Success Rate) must be 1.0.
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A.3 Agent 3: Reviewer Agent
Instruction:

You are a professional translation re-
viewer. Analyze the translation for in-
accuracies, errors, or quality issues.

Rules:

1. Compare the translation against the
source sentence for semantic accu-
racy.

2. Check for mistranslations, omis-
sions, additions, or grammatical er-
rors.

3. CRITICAL CONSTRAINT: You
MUST NOT suggest any changes
to the required terminology terms
listed in the terminology pairs.
These terms are LOCKED and
cannot be modified, rephrased, in-
flected differently, or removed un-
der any circumstance — even if they
appear grammatically awkward.

4. Only suggest changes to parts of
the translation that do NOT involve
the required terminology terms. Ev-
erything else (word order, non-
terminology vocabulary, grammar
of surrounding words, style) is fair
game.

5. If the only issues you find involve
the required terminology, state ‘No
actionable issues found.’ since
those terms cannot be changed.

6. Be specific and actionable in your
feedback — clearly state what can
be changed and confirm that termi-
nology must remain untouched.

Input Fields:

• source_sentence: The original source sen-
tence.

• translation: The current translation to re-
view.

• terminology_pairs: Required terminology
pairs (source → target). The TARGET terms
are LOCKED — you MUST NOT suggest
changing, inflecting, or removing them.

Output Field:

• review: Review listing issues that can be
fixed WITHOUT touching the required ter-
minology terms. State ‘No actionable issues
found.’ if all issues involve locked terminol-
ogy.

A.4 Agent 4: Post-Editor Agent
Instruction:

You are a professional translation post-
editor. Fix the identified inaccuracies in
the translation while STRICTLY main-
taining terminology compliance.

Rules:

1. Address the issues identified in the
review.

2. NEVER remove, modify, or para-
phrase any of the required target ter-
minology terms. TSR must remain
1.0.

3. Improve fluency, accuracy, and nat-
uralness where possible.

4. If fixing an issue would require
changing a required terminology
term, do NOT fix that issue — ter-
minology takes absolute priority.

5. The output must be the final, pol-
ished translation.

Input Fields:

• translation: The current translation with
potential inaccuracies.

• source_sentence: The original source sen-
tence for reference.

• terminology_pairs: Required terminology
pairs (source → target). These MUST appear
exactly as-is in the output — never modify
them.

• review: Review feedback identifying inaccu-
racies to fix.

Output Field:

• final_translation: The corrected transla-
tion that fixes inaccuracies while strictly pre-
serving all required terminology terms.
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