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Abstract

Accurate terminology is a non-negotiable re-
quirement in industrial localization processes:
a single mistranslated domain term can vio-
late contractual obligations and erode client
trust. We present AIDA(em, a deployed
multi-agent LLM pipeline that orchestrates
four specialized agents—Analysis, Translation,
Post-editing, and Review—for terminology-
constrained machine translation. The system
introduces terminology-aware pre-analysis, ex-
plicit glossary injection at every pipeline stage,
and a reasoning-enabled Review agent. We
evaluate six configurations on the WMT25
Terminology Translation benchmark (Track 1:
en—de/es/ru, IT domain), enabling systematic
ablation of each design choice. Our best con-
figuration achieves 99.4% average terminology
accuracy while attaining the highest ChrF2++
scores across all three language pairs, outper-
forming all 20 systems submitted to the shared
task. Unlike other multi-agent approaches
in WMT?25 that rely on generate-and-select
strategies, AIDA ., is the first to apply a role-
specialized sequential pipeline to terminology-
constrained MT, and is deployed with native
XLIFF integration for seamless CAT tool inter-
operability. The system processes thousands
of terminology-constrained requests daily at a
large localization provider.

Industry Track category: Deployed.

1 Introduction

Machine translation (MT) quality has improved
dramatically with the advent of large language mod-
els (Jiao et al., 2023; Hendy et al., 2023; Kocmi
et al., 2025b). Yet in industrial localization—where
translation is delivered as a service to enterprise
clients—raw translation quality is necessary but
insufficient. Clients in technical domains (IT, le-
gal, finance, life sciences) use termbases: curated
glossaries of domain-specific terms with approved
translations that must be used verbatim and in the

right context. A product name rendered differently
across deliverables, or a regulatory term translated
inconsistently, carries real contractual and reputa-
tional risk.

Enforcing terminology in neural MT has been
studied via constrained decoding (Dinu et al.,
2019), inline annotation (Exel et al., 2020), and
LLM prompting (Moslem et al., 2023). The
WMT Terminology shared tasks (Alam et al.,
2021; Semenov et al., 2023, 2025) have estab-
lished standardized benchmarks for this problem.
In the latest edition (WMT?25), 13 teams submit-
ted 20 systems across sentence-level IT translation
(Track 1: en—de/es/ru). These systems employ
diverse strategies including constrained prompting,
fine-tuning, dual-stage NMT+LLM post-editing
(Jaswal, 2025), Pareto-optimal reranking (Zhu
et al., 2025), and—in the case of MeGuMa (Gru-
bisi¢ and Korencié, 2025)—metric-guided multi-
agent generation and selection.

Meanwhile, multi-agent LLM systems have
shown promise in general translation by decompos-
ing the task into sub-steps handled by specialized
agents (Wu et al., 2024; Zhang et al., 2024a; Li
et al., 2025; Briva-Iglesias et al., 2024). MeGuMa
applies a multi-agent strategy to WMT25 termi-
nology translation, but its agents serve as parallel
generators whose outputs are ranked by compos-
ite metrics—a fundamentally different paradigm
from a sequential pipeline where role-specialized
agents progressively refine the translation through
analysis, drafting, editing, and review.

This paper presents AIDA¢erm, a production-
ready multi-agent translation system for
terminology-constrained MT. AIDA¢m is
deployed in production at an industrial localization
provider, where it serves as the primary MT engine
for clients requiring strict terminology compliance.
We make the following contributions:

* We present a deployed, role-specialized multi-
agent pipeline for terminology-constrained MT
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that outperforms all 20 systems submitted to the

WMT25 Terminology benchmark—including

other multi-agent approaches—achieving the

highest combined ChrF2++x Accuracy across all
three language pairs (§5).

* We conduct a systematic ablation over six con-
figurations that isolates the contribution of the
Analysis agent, prompt-level terminology direc-
tives, model generation, and review with high
reasoning effort enabled (§6).

* We report on production deployment at an in-
dustrial localization provider, discussing design
trade-offs between quality, latency, and cost that
shaped the system (§7).

Below, AIDA¢m denotes the configuration of
our general-purpose AIDA Agents platform specif-
ically tailored to terminology-constrained tasks.

To our knowledge, this is the first “architec-
ture over models” demonstration for terminology-
constrained MT: even with previous-generation
models and no reasoning (V4), AIDAm out-
performs all 20 WMT25 systems and beats the
best single-agent reasoning model (03-term-guide)
while providing a cost-deterministic alternative—
a fixed number of API calls, as opposed to the
variable, hard-to-predict cost of reasoning-based
single-agent systems.

2 Related Work

Terminology in MT. The WMT terminology
tasks (Alam et al., 2021; Semenov et al., 2023,
2025) have tracked progress from constrained de-
coding (Dinu et al., 2019) through LL.M-based ap-
proaches. In WMT?25, top systems include dual-
stage pipelines combining NMT with LLM post-
editing (Jaswal, 2025), Pareto-optimal reranking
(Zhu et al., 2025), metric-guided multi-agent selec-
tion (Grubisi¢ and Korenci¢, 2025), GRPO-aligned
open LLMs (Garcia Gilabert et al., 2025), and
large-scale models with difficulty-filtered training
(Kocmi et al., 2025a). A key finding is that “ter-
minology is useful especially for good MTs” (Se-
menov et al., 2025): high-quality base translation
amplifies terminology gains.

Multi-Agent Translation. TransAgents (Wu
et al., 2024) introduced role-based agents (senior
editor, translator, proofreader) for literary transla-
tion. TACTIC (Zhang et al., 2024a) adds cognitive-
theoretic collaboration, MAATS (Li et al., 2025)
integrates MQM-based quality estimation, and
GRAFT (Zhang et al., 2024b) targets document-

Source . . .
Segment H‘ Analysis F»’ Translation F»

Glossary

Post-editing F»‘ Review }-) ——

Figure 1: AIDA e, pipeline. Solid arrows: processing
flow; dashed arrows: glossary injection.

level coherence. Zhao et al. (2025) survey the
emerging landscape.

Among WMT25 terminology participants,
MeGuMa (Grubisi¢ and Korencié, 2025) is the clos-
est multi-agent system to ours. MeGuMa deploys
open-weight models from three families (Gemma 3,
Qwen 3, EuroLLLM) as parallel generators, each
producing candidate translations that are then re-
vised by thinking-enabled models; the final out-
put is selected via a composite metric combining
MetricX and terminology accuracy. This generate-
and-select paradigm differs from AIDA¢m in
three key respects: (i) AIDA¢m have distinct
roles (analysis, translation, post-editing, review)
rather than serving as interchangeable generators;
(i1) AIDAerm uses frontier proprietary models in a
heterogeneous cross-provider configuration (GPT-
5/5.2 + Claude 4.5 Sonnet), whereas MeGuMa uses
open-weight models (7-27B); and (iii) AIDA¢erm
enforces terminology through pipeline-integrated
compliance checks at every stage, while MeGuMa
enforces it through post-hoc selection among can-
didates. Other WMT25 systems also combine mul-
tiple components—Erlendur uses modular prepro-
cessing, translation, and post-processing with a sin-
gle backbone model, and DuTerm (Jaswal, 2025)
chains an NMT model with LLM post-editing—but
neither constitutes a multi-agent architecture with
specialized, interacting agents.

3 System Architecture

The AIDAm pipeline comprises four sequential
LLM-powered agents. Figure 1 illustrates the ar-
chitecture and information flow.

Analysis Agent. Given a sample of the source
content, the Agent identifies key textual and lin-
guistic features of the processed material. The
Agent provides guidance to the downstream op-
erations in terms of document domain, purpose,
estimated audience and author competence. This
explicitly provided information helps with correct
resolution of homonymy as well as actual meaning
of phrases/terms in the context of the processed
content by the following Agents. Concretely, the
pre-analysis covers domain identification, audience
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profiling and extraction of salient linguistic fea-
tures (register, style, tagged placeholders), which
are then passed as context to the Translation, Post-
editing and Review agents.

Terminology injection. Terminology entries are
retrieved from a termbase attached in the corre-
sponding CAT project. For this task terminol-
ogy has been provided at segment level within
the batches (all AIDA, versions) as well as at
a batch level (V3 version). Both variants used fil-
tered terminology entries which are applicable to
the currently processed batch. This allows us to
evaluate the impact of the implicit terminological
decision process by the Agents (disambiguation).
In production, termbases provided by clients can
be noisy (duplicates, conflicting entries, stale or
out-of-domain entries), SO AIDAm additionally
performs an implicit glossary cleaning step before
injection: a prompt-based relevance filter, driven by
the Analysis agent, retains only the entries whose
source form is attested in the current batch and
flags duplicates and conflicts.

Translation Agent. Receives the source text and
the Analysis agent’s terminology map, and pro-
duces an initial translation. The prompt includes
explicit directives to use the specified terms ver-
batim. We use a model from a different provider
family (Claude 4.5 Sonnet) than the other agents
(GPT-5/5.2), introducing beneficial diversity: sys-
tematic biases of one model family are more likely
to be caught by another.

Post-editing Agent. Performs targeted correc-
tions on the initial translation, with particular at-
tention to terminology compliance. The prompt
instructs minimal, conservative edits—this agent
must not rewrite the translation but only fix errors,
with each flagged term verified against the glossary.

Review Agent. Performs a dual quality gate:
(1) general adequacy and fluency, and (2) terminol-
ogy compliance. Any detected non-compliance is
corrected. In AIDAm V5, the Review agent uses
the GPT-5.2 model with reasoning effort enabled
at the highest setting, allowing extended chain-of-
thought verification of each terminology constraint
before issuing its verdict.

3.1 System Configurations

We evaluate six configurations (Table 1) designed
to isolate the contribution of each design decision:

ID Pipeline Key Variation

V1 A-T-P-R  Baseline pipeline (GPT-5 /
Claude 4.5S / GPT-5 / GPT-
5.2)

V1.1 A-T-P-R VI + stern term directive

in all prompts

V2 T-P-R No Analysis agent; term.
passed directly

V3 A-T-P-R V1 + batch term instruc-
tions (all terms at once)

V4 A-T-P-R  Older models: GPT-40 /
Claude 3.7S / GPT-40 / GPT-
40

V5 A-T-P-R V1.1 + Review reasoning at
xhigh

Table 1: System configurations. A=Analysis,

T=Translation, P=Post-editing, R=Review. “S” abbrevi-
ates “Sonnet”.

the Analysis agent, prompt-level terminology di-
rectives, batch vs. per-segment term processing,
model generation, and reasoning-enabled review.

4 Experimental Setup

Benchmark. We evaluate on WMT25 Terminol-
ogy Translation Task — Track 1 (Semenov et al.,
2025): sentence-level IT-domain translation for
en—de, en—ru, and en—es. Each source segment
is paired with a glossary specifying approved target-
language translations for domain-specific terms.

Terminology modes. Following the shared task
protocol, we evaluate under three conditions:
PROPER (correct glossary), RANDOM (randomly
selected glossary entries), and NOTERM (no glos-
sary).This factorial design enables causal analysis
of whether a system genuinely leverages terminol-
ogy or merely benefits from instruction-following.

Metrics. We adopt the official evaluation suite:
ChrF2++ for overall translation quality (Popovié,
2015), Accuracy (% of glossary terms correctly ren-
dered), and Consistency (same source term always
translated identically) (Semenov and Bojar, 2022).
The official ranking metric is ChrF2++ x Acc
(Proper mode).

Baselines. We compare against all 20 systems
submitted to WMT25 Track 1. Our evaluation is
post-hoc: we process the identical test data with
the official evaluation scripts released by the orga-
nizers, ensuring direct comparability. Note that the
models used in V4 (GPT-40, released May 2024;
Claude 3.7 Sonnet, released February 2025) pre-
date the WMT?25 test-set release (June 2025), rul-
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ing out any form of implicit test-set tuning for that
configuration. In addition to o3-term-guide (the
top-ranked WMT?25 single-agent system), we also
run GPT-5 as a single agent with the same prompt
templates and batch-processing setup as our V3
pipeline stage (same model, same default reason-
ing effort), to isolate the contribution of multi-agent
orchestration from that of the underlying model;
results are reported in Table 6.

Reasoning effort. Reasoning effort is configured
as follows: in V5 the Review agent (GPT-5.2)
runs at the highest available reasoning-effort set-
ting (extra-high); in V1, V1.1, V2, V3 and V4, all
agents use the provider default for the correspond-
ing model. No model is fine-tuned.

5 Results

Table 2 presents results for all 27 systems on
WMT?25 Track 1 (Proper mode), ranked by the
official ChrFx Acc metric. Results in all tables fol-
low the convention: bold = column best, bold italic
= column best among AIDA competitors, italic =
column second-best. Five of six AIDAm, configu-
rations occupy ranks 1-4 and 6, outperforming all
20 WMT?25 submissions. AIDAm V5 achieves
ChrFxAcc of 74.5, a +4.2 point margin over the
top WMT?25 system (03-term-guide, 70.3). Full
per-language results across all three terminology
modes are provided in Table 8 (Appendix C).

AIDAm configurations achieve the highest
ChrF2++ and terminology accuracy simultane-
ously, challenging the assumed quality—accuracy
trade-off and supporting Semenov et al.’s finding
that terminology is most useful for already-good
MTs. Figure 2 visualizes this: AIDAem configura-
tions dominate the Pareto frontier.

6 Analysis

The six configurations enable three targeted abla-
tions.

6.1 Stern Directives and Reasoning Review

The progression V1 — V1.1 — V5 isolates the ef-
fects of prompt-level terminology directives and
reasoning-enabled review, holding the pipeline ar-
chitecture constant.

Table 3 shows that stern directives (V1—V1.1)
improve accuracy by +3.6pp without degrad-
ing ChrF2++ or BLEU, and reasoning review
(V1.1—=V5) adds +1.9 pp, reaching 99.4%. Nei-
ther intervention harms translation quality.
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Figure 2: ChrF2++ vs. terminology accuracy (Proper
mode, averaged over three language pairs). AIDA¢m
configurations dominate the top-right quadrant.

6.2 Analysis Agent and Batch Processing

Table 4 reveals that removing the Analysis agent
(V2) has a modest effect—the remaining agents
handle terminology adequately when it is provided
directly. The Analysis agent contributes primar-
ily to translation quality (ChrF) via contextual
guidance. In contrast, batch terminology process-
ing (V3) is highly detrimental in this benchmark:
segment-level measured accuracy drops by 22.4 pp.
This is likely the result of the LLM agents im-
plicitly curating the terminology list at the batch
level (e.g., by removing duplicate or conflicting per-
segment recommendations), so that once a term is
resolved for one segment it may be silently dropped
for the others where it also applies. This is a criti-
cal deployment insight: terminology must be pro-
cessed per segment.

6.3 Model Generation

Comparing V1 (GPT-5/Claude 4.5 Sonnet) with
V4 (GPT-40/Claude 3.7 Sonnet) isolates the effect
of model capability while holding architecture con-
stant (Table 5). Surprisingly, V4 with older mod-
els achieves higher terminology accuracy (+4.5 pp)
than V1, suggesting that instruction-following re-
liability may matter more than raw capability for
terminology compliance. However, with stern di-
rectives and reasoning review (V5), newer models
close this gap and surpass V4 on all metrics.

Architecture over models. These ablations
demonstrate that AIDAm’s gains are not at-
tributable to using more capable LLMs. V4
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en—de en—es en—ru  Avg

# System ChrF Acc ChrF Acc ChrF Acc CxA
1 AIDA: V5 751 99.1 80.3 994 69.5 99.6 74.5
2 AIDA; V1.1 74.6 98.0 80.8 98.7 69.9 959 733
3 AIDA:; V4 73.8 983 79.2 98.0 69.9 98.8 73.1
4 AIDA; V2 74.6 96.1 80.6 96.6 68.2 925 709
5 o3-term-guide 71.6 99.1 759 99.1 65.6 99.0 70.4
6 AIDA; V1 75.1 958 80.9 952 68.0 90.8 70.2
7 duterm 70.7 982 76.1 98.7 63.6 97.6 68.9
8 MeGuMa 67.7 963 720 97.0 619 98.8 654
9 Erlendur 69.9 932 748 944 633 912 645
10 tower 659 948 740 95.0 58.1 912 619
11 BIT 624 98.0 69.8 963 589 96.7 61.8
12 salamandrata 69.6 91.7 72.0 92.7 604 89.4 61.5
13 laniqo 59.8 994 68.5 98.7 569 99.6 612
14 org. gpt-4-1-nano 674 89.0 724 952 623 88.0 612
15 TiUTermV1 65.7 873 77.1 89.4 63.8 86.1 604
16 CommandA_MT 67.6 869 70.7 819 593 70.7 529
17 AIDA; V3 70.8 73.1 76.5 704 66.8 71.1 51.0
18 TiUTermVO0 61.0 71.1 69.0 75.2 583 76.8 46.7
19 LC-primary 61.2 70.7 689 74.1 542 658 433
20 LC-2 61.0 70.7 67.7 73.6 53.7 65.6 42.7
21 LC-3 61.0 70.7 67.7 73.6 537 65.6 427
22 CurTermNLLB 60.3 79.0 69.1 76.5 51.0 346 394
23 ContexTerm 40.2 799 53.7 685 51.5 67.6 34.6
Systran_gen_ft" - T2 71 441 - - 314
EuroLLM-ft" - - 635389 - - 247
MarianMT-ft' - - 656 175 - - 115
TranssionMT 1.6 00 13 00 478 332 53

A (V5 — best WMT25) +3.5 -0.3 +3.8 +0.3 +4.3 +0.0 +4.2

Table 2: Complete WMT25 Terminology Track 1 results (Proper mode), ranked by the official ChrFx Acc/100
metric averaged across language pairs. Highlighting convention as in §5. t = es-only. The A row shows the gain of
our best system (V5) over the best WMT25 competitor (03-term-guide).

ChrF BLEU Acc Cons
V1 (baseline) 74.7 52.8 939 87.3
V1.1 (+stern) 75.1 52.8 97.5 88.1
V5 (+reason.) 75.0 529 994 87.1
AV1.1-V1 +0.4 0.0 +3.6 +0.8
AV5-VI.1 —0.1 +0.1 +1.9 —-1.0

Table 3: Progression from V1 to V5 (avg. across
language pairs, Proper mode). Stern directives yield
+3.6 pp accuracy; reasoning review adds +1.9 pp, reach-
ing 99.4%.

with previous-generation models (ChrFxAcc
73.1) already outperforms the top WMT?2S5 system
(03-term-guide, 70.4), showing that the pipeline
architecture—terminology pre-analysis, stage-wise
glossary injection, and review-reject feedback—
is the primary driver. Prompt-level directives
(+3.1 pp) and reasoning-enabled review (+1.2 pp)
yield cumulative gains without changing mod-
els, confirming that orchestration decisions mat-
ter more than model scale. Noteworthy for de-
ployed systems, V4—a four-stage pipeline without

ChrF BLEU Acc Cons
V1 (with Anal.) 74.7 52.8 93.9 87.3
V2 (no Anal.) 74.5 52.7 95.1 86.7
V3 (batch terms)  71.4 50.9 71.5 89.8
AVI-V2 +0.2 +0.1 —-12  +0.6
AV1-V3 +3.3 +1.9 +22.4 =25

Table 4: Ablation of the Analysis agent (avg., Proper).
V2 removes the agent; V3 sends all terms in a batch.

ChrF BLEU Acc Cons
V1 (current gen.)  74.7 52.8 939 873
V4 (prev. gen.) 74.3 52.5 98.4 873
AV1-V4 +0.4 +0.3 —4.5 0.0

Table 5: Model generation comparison (avg., Proper).

reasoning—already performs better than a single-
agent reasoning model (03-term-guide), while of-
fering a cost-deterministic alternative: the number
of API calls is fixed, whereas reasoning models
incur variable costs that depend on processing time
and are difficult to predict a priori. Finally, the
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BLEU ChrF  Acc Cons CxA

+5.25 +2.87 —1.59 +0.74 +0.96
+6.46 +3.97 +032 —0.65 +4.17

Comparison

V3 — GPT-5 (single)
V5 — 03-term-guide

Table 6: Deltas of AIDAm (Proper mode) over
strong single-agent baselines (Proper mode, avg. over
en—de/es/ru). V3 uses GPT-5 with default reasoning,
matching the single-agent GPT-5 run.

consistently strong results obtained with different
combinations of proprietary models suggest that
open-weight models used within the same pipeline
should achieve comparable performance, which we
leave for future work.

6.4 Single-Agent Baselines

To directly quantify the contribution of multi-agent
orchestration, we compare each of our AIDAerm
configurations against a strong single-agent refer-
ence: 03-term-guide (the top-ranked single-agent
WMT?25 submission) and GPT-5 used as a single
agent with the same prompt templates and default
reasoning-effort as our V3 pipeline stage. Table 6
reports the deltas averaged across the three lan-
guage pairs.

V5 scores higher than both single-agent base-
lines on the official ranking metric (ChrFx Acc),
with a +4.17 point margin over 03. The V3 vs.
GPT-5 single-agent contrast—same base model,
same prompts, same reasoning-effort—directly
demonstrates that multi-agent orchestration, not
the underlying model capability, drives the quality
gains.

6.5 Terminology Mode Analysis

The gap between Proper and NoTerm modes for
AIDA¢m V5 (+6.4 ChrF2++ avg.; see Table 8
in Appendix) confirms that the system genuinely
leverages terminology to improve translation qual-
ity. Under the Random condition, accuracy against
the correct terms drops to 50.1, which seems to
suggest that introducing terminological “noise” by
suggesting irrelevant terminology moves the focus
away from the critical in-domain terms. This is
mitigated in production to a large extent by proper
terminology management processes.

7 Industrial Deployment

AIDA¢em is deployed in production at a local-
ization service provider, processing terminology-
constrained translation in IT, legal, and financial
domains. Our multi-agent approach is applied also

beyond terminology constrained tasks, and our in-
ternal experimental analysis on 11 languages in
WMT24++ benchmark, shows comparable BLEU
score results to the top scored system, testifying its
general-purpose applicability. We summarize key
design decisions and lessons learned.

Latency management. The four-agent pipeline
introduces sequential latency (0.25-0.75s per seg-
ment vs. 0.25-0.5s for single-model MT). In pro-
duction: (i) segments are processed in parallel in
batches (of token count dependent size) across a
request; (ii) Analysis agent outputs are cached and
reused by all the agents along with preselected
terminology; (iii) V2 (no Analysis) serves as a low-
latency fallback for non-critical content. Please
note that our approach allows to set the batch size,
i.e. the number of segments in a translation batch,
thus allowing to leverage the model context win-
dow and generalize, in some cases, up to document-
level translation.

Cost structure. The pipeline requires ~4x the
token throughput of single-model MT, but the re-
sulting 40-60% reduction in human post-editing
time for terminology errors more than offsets the
increased API cost.

Human evaluation. Beyond the terminology-
focused WMT?25 evaluation, we report preliminary
results validating the general translation quality of
the underlying AIDA Agents platform on an in-
dustrial benchmark comprising 96 segments per
language pair across six language pairs (English to
Japanese, Chinese, French, Korean, German, Span-
ish), drawn from software documentation, user
manuals, and technical specifications. Three pro-
fessional linguists per language blindly evaluated
translations on a 5-point scale (1=Poor to 5=Ex-
cellent). Table 7 compares AIDA Agents against
Microsoft Translator (raw NMT output), showing
the percentage of segments rated Good or Excellent
(=4). The key insight is that 70-98% of segments
are rated publication-ready without any human
post-editing. On another, more extensive, human
evaluation, comprising 4,418 segments from a dif-
ficult terminology-constrained, hyper-specialized
scientific and engineering domain from English
to Polish, every segment was processed through
the standard industry two-stage human quality gate
used in our production workflow: (i) a first profes-
sional translator performs post-editing on the MT
output, and (ii) a second, independent professional
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Lang. MSNMT AIDA A

German 82.7% 98.0% +15.3%
Spanish 92.9% 94.9%  +2.0%
French 60.2% 90.8%  +30.6%
Korean 73.4% 81.6% +8.2%
Chinese 62.2% 77.6% +15.4%
Japanese 12.2% 694% +57.2%

Table 7: Human evaluation: % segments rated

Good/Excellent. 70-98% publication-ready without
human post-editing.

linguist performs a blind quality review of the post-
edited text. No sampling was involved—all 4,418
segments passed through both stages. 42.4% of seg-
ments were kept unchanged by the first translator
(i.e. the MT output was deemed publication-ready),
and 34.9% were kept unchanged by the second re-
viewer (i.e. the post-edited translation required no
further change). On the segments that were edited,
ChrF2++ was 82.3 after the first stage and 78.4
after the quality-review stage, indicating that the
human corrections were minor surface-level edits
rather than substantive rewrites. Note that while
the system has been extensively validated across
numerous client projects, contractual restrictions
prevent public release of broader evaluation data.
Results mentioned here provide a reference on the
performance of our methodology in real-world in-
dustrial applications.

Configuration selection. Based on our ablation
results, for best quality we recommend V5 for
high-value content requiring maximum terminol-
ogy compliance, as a cost-effective alternative
V1.1 is recommended for standard production
(best quality—latency trade-off), and V2 for high-
throughput scenarios.

XLIFF and CAT tool integration. AIDA
Agents operates natively on XLIFF (XML Lo-
calization Interchange File Format), the industry-
standard interchange format. Segments are ex-
tracted from XLIFF with terminology and addi-
tional references, enabling drop-in integration with
existing localization workflows. The production
system additionally supports RAG-based injection
of translation memories and style guides at the
Analysis and Translation stages, enabling domain
adaptation without fine-tuning.

Research access. To facilitate reproducibility
and further research on multi-agent terminology-
constrained translation, access to the AIDAem

system will be made available for research
purposes. We also release prompt templates
for all four agents and all six configurations,
together with the raw and post-processed output
translations used to compute our results, at
https://github.com/emanueledirosa/aida_
t-acl2026-industrytrack.

8 Conclusion

We presented AIDAerm, a deployed multi-agent
pipeline for terminology-constrained MT with na-
tive XLIFF/CAT tool integration. Five of six config-
urations outperform all 20 WMT25 submissions—
including other multi-agent approaches—on the of-
ficial ranking metric, with V5 achieving 99.4% ter-
minology accuracy alongside the highest ChrF2++.
Our ablation demonstrates that the pipeline
architecture—not model choice—drives perfor-
mance: even with previous-generation models and
no reasoning (V4), AIDAmy, surpasses all WMT25
systems, and in particular beats the best single-
agent reasoning model (03-term-guide) while pro-
viding a cost-deterministic alternative with a fixed
number of API calls. Orchestration decisions yield
cumulative gains without changing models. The
system is deployed in industrial localization.

Limitations

Our evaluation is made on WMT25 Track 1. Re-
sults are expected to generalize to document-level
translation (Track 2), since it is possible to set the
system batch size, but its experimental evaluation
is not presented here. We also leave a systematic
analysis of document-level terminological consis-
tency for future work; in production we observe
that both document-level terminology consistency
and translation fluency improve with larger, coher-
ent batches, possible in modern context windows.
The applicability of the system on other domains,
or lower-resource languages, is expected, and our
preliminary results are promising, but such results
are not fully presented here. The system results
presented rely on proprietary (publicly available)
LLMs, determining a reproducibility cost, but its
architecture is general-purpose and allows open
weight models to be used instead. API costs scale
linearly with the number of agents. We evaluate
post-hoc on released test data rather than as official
task participants, though we use identical data and
evaluation scripts and our results are reproducible.
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Ethics Statement
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edge that automated MT pipelines affect translator
workflows. We position the system as an assistive
tool: human translators review and approve all out-
puts in production, and the system’s terminology
compliance reduces their corrective burden rather
than replacing their expertise.
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A Per-Language Scatter Plots

Figures 3 and 4 show per-language ChrF2++ vs.
terminology accuracy scatter plots for the Proper
terminology condition. AIDA, configurations
consistently occupy the top-right region across all
language pairs.

B Terminology Mode Analysis

Figure 5 shows a plot comparing the range of
ChrF2++ results across terminology modes.

C Full Results Across All Systems and
Modes

Table 8 presents results for all systems across
all three terminology modes (Proper, Random,
NoTerm), averaged over language pairs. Systems
with partial language coverage are marked; per-
language breakdowns for Proper mode appear in
Table 9.
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Figure 3: ChrF2++ vs. accuracy for en—de (Proper
mode).
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Figure 4: ChrF2++ vs. accuracy for en—es (Proper
mode).

Figure 5: Average ChrF2++ across terminology modes.
AIDA ¢ configurations (leftmost) maintain high qual-
ity regardless of condition. Diamond: Proper; square:
Random; cross: NoTerm.
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Proper Random NoTerm

# System ChrF Acc Cons ChrF Acc Cons ChrF Acc Cons
1 AIDA; V5 75.0 994 87.1 71.6 50.1 87.4 68.6 48.5 88.3
2 AIDA; V1.1 75.1 97.5 88.1 714 49.6 879 69.3 47.1 88.7
3 AIDA; V4 743 984 872 70.8 509 89.1 68.6 48.6 89.0
4 AIDA; V2 745 95.1 86.7 71.2 499 874 673 46.8 89.3
5 o3-term-guide 71.0 99.1 87.7 68.1 49.2 883 63.6 444 89.5
6 AIDA; V1 74.7 939 87.0 71.3 482 877 67.8 454 889
7 duterm 70.1 98.2 873 664 46.6 86.6 61.6 429 86.9
8 MeGuMa 672 974 886 645 467 87.1 589 40.1 86.3
9 Erlendur 69.3 929 86.7 664 444 862 62.6 423 87.1
10 tower 66.0 93.7 884 63.8 443 874 60.9 409 883
11 BIT 63.7 97.0 87.8 65.7 80.5 879 66.5 96.7 87.9
12 salamandrata 67.3 91.3 874 64.7 482 874 62.0 444 879
13 laniqo 61.7 99.3 87.6 60.2 427 823 55.0 369 822
14 org. gpt-4-1-nano* 67.4 90.7 875 - - - - - -
15 TiUTermV1 68.9 87.6 86.7 66.8 54.6 85.1 644 52.1 852
16 CommandA_MT 659 799 86.6 63.7 458 883 60.7 43.0 87.7
17 AIDA( V3 714 715 89.8 712 51.7 885 67.8 454 889
18 TiUTermVO0 62.7 744 86.4 61.0 49.6 849 60.2 49.1 852
19 LC-primary 614 70.2 854 61.0 38.6 854 575 36.5 847
20 LC-2 60.8 70.0 85.8 60.5 38.5 85.7 56.9 36.3 85.0
21 LC-3 60.8 70.0 86.0 60.5 38.5 849 569 363 853

22 CurTermNLLB  60.1 63.4 88.0 58.8 36.1 84.1 556 342 857
23 ContexTerm 485 72.0 81.9 482 24.6 80.0 457 224 79.2
~ Systran_gen_ft" 71.1 44.1 88.1 7I.1 44.1 88.6 71.1 44.1 882
EuroLLM-ft ~ 63.5 38.9 825 635 389 83.1 63.5 389 8238
MarianMT-ftt ~ 65.6 17.5 54.1 68.9 488 85.1 689 48.8 86.4
TranssionMT 169 11.1 570 169 11.1 557 169 11.1 583

Table 8: All systems across three terminology modes (averaged over de/es/ru). ChrF = ChrF2++; Acc = terminology
accuracy (%); Cons = consistency (%). Ranked by Proper ChrFx Acc. = es-only. { = Proper only.

en—de en—es en—ru
# System ChrF Acc Cons ChrF Acc Cons ChrF Acc Cons
1 AIDA; V5 75.1 99.1 86.8 80.3 99.4 844 69.5 99.6 90.1
2 AIDA; V1.1 74.6 98.0 87.5 80.8 98.7 85.6 69.9 959 91.1
3 AIDA; V4 73.8 98.3 86.0 79.2 98.0 84.8 69.9 98.8 90.8
4 AIDA; V2 74.6 96.1 86.8 80.6 96.6 84.7 68.2 92.5 88.5
5 o03-term-guide 71.6 99.1 86.1 759 99.1 86.7 65.6 99.0 90.4
6 AIDA; V1 75.1 95.8 86.6 80.9 952 85.6 68.0 90.8 88.8
7 duterm 70.7 98.2 86.3 76.1 98.7 86.0 63.6 97.6 89.5
8 MeGuMa 67.7 96.3 88.6 72.0 97.0 86.9 61.9 98.8 90.2
9 Erlendur 69.9 932 86.3 74.8 944 83.8 63.3 91.2 90.0
10 tower 65.9 94.8 86.8 74.0 95.0 87.6 58.1 91.2 90.7
11 BIT 62.4 98.0 869 69.8 96.3 86.8 58.9 96.7 89.8
12 salamandrata 69.6 91.7 86.4 72.0 92.7 87.3 60.4 89.4 88.6
13 laniqo 59.8 994 89.3 68.5 98.7 85.6 56.9 99.6 87.9
14 org. gpt-4-1-nano 67.4 89.0 86.3 72.4 952 86.3 62.3 88.0 90.0
15 TiUTermV1 65.7 87.3 859 77.1 89.4 85.7 63.8 86.1 88.5
16 CommandA_MT 67.6 869 87.5 70.7 81.9 84.5 59.3 70.7 87.8
17 AIDA( V3 70.8 73.1 89.6 76.5 704 87.7 66.8 71.1 92.2
18 TiUTermVO 61.0 71.1 85.6 69.0 75.2 85.0 58.3 76.8 88.6
19 LC-primary 61.2 70.7 85.8 68.9 74.1 83.6 54.2 65.8 87.0
20 LC-2 61.0 70.7 85.7 67.7 73.6 85.4 53.7 65.6 86.2
21 LC-3 61.0 70.7 85.7 67.7 73.6 85.6 53.7 65.6 86.7

22 CurTermNLLB  60.3 79.0 87.6 69.1 76.5 87.5 51.0 34.6 88.8
23 ContexTerm 40.2 79.9 85.8 53.7 685 756 51.5 67.6 84.4

Table 9: Per-language results for Proper mode (top 23 full-coverage systems). ChrF = ChrF2++; Acc = terminology
accuracy (%); Cons = consistency (%). Ranked by avg. ChrFx Acc.
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