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Abstract

Agentic MT frameworks often adopt human-
inspired roles, layered post-editing, and com-
plex workflows. To stress-test these designs,
we examine cost—performance trade-offs across
five multi-agent MT workflows on specialized
long documents. Using six language pairs
from two financial test sets and LLMs span-
ning lower to higher capacity and cost tiers, we
evaluate translation quality and terminology ac-
curacy relative to token-level cost. We find: (i)
lean pipelines match the quality of more com-
plex systems at lower cost; (ii) terminology
accuracy depends more on model capacity than
on workflow complexity; (iii) document-length
resilience is not universal, as some simple and
some complex workflows maintain quality on
longer documents; and (iv) post-editing agents
offer a better return on model capacity than
base translation. Edited-span analysis further
suggests that many post-edits are stylistic or
lexical alternatives rather than consistently pre-
ferred improvements.

1 Introduction

Recent advances in large language models (LLMs)
have enabled multi-agent systems for machine
translation (MT), opening new avenues for im-
proving translation quality (Briva-Iglesias, 2025).
Most existing frameworks adopt human-inspired
roles, including pre-drafting (Briakou et al., 2024),
proofreading (Kim, 2025a), and roles grounded in
MQM such as style reviewer (Wang et al., 2025a);
whereas others use agents’ memory components
to tackle document-level MT sentence-by-sentence
(Wang et al., 2025c). Despite these innovations,
the trade-off between translation performance and
cost remains underexplored.

Besides, agent-based approaches have not
proven robust for general MT, as observed in the
most recent WMT 2025 General MT Shared Task
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(Kocmi et al., 2025), where agent-based submis-
sions (Kim, 2025a; Grubisi¢ and Korencic, 2025)
underperformed. However, in light of the shared
task’s takeaway—Time to Stop Evaluating on
Easy Test Sets”—we are motivated to stress-test
agentic MT on financial long documents, where
translation quality and terminology fidelity are criti-
cal (Semenov et al., 2025; Oncevay et al., 2025b,a).

Here we systematically investigate the cost-
performance trade-offs in multi-agent document-
level translation. We compare five agentic work-
flows (§3.2) across six language pairs from two fi-
nancial document datasets (§3.1); using four LLMs
that vary in capacity and cost, and a suite of met-
rics covering translation quality, terminology, and
model cost (§3.3). Our research questions: (i) Are
simpler multi-agent MT workflows cost-effective
without quality loss? (§4.1) (ii) For specialized
terminology accuracy, does model capacity matter
more than workflow complexity? (§4.2) (iii) How
resilient are different workflow designs to increased
document length? (§4.3) (iv) Where should model
capacity be allocated for best cost—performance:
base translation or post-editing? (§4.4). We also
perform edited-span analysis to test whether post-
editing improves the spans it modifies (§4.5).

Throughout this paper, we use “multi-agent MT”
following the terminology of the systems we eval-
uate. Most are lightweight multi-role LLM work-
flows: they chain prompted roles such as transla-
tion, refinement, review, or proofreading, with lim-
ited deterministic processing and no autonomous
orchestration, routing, tool use, or stopping poli-
cies. Our claims therefore concern multi-role agen-
tic MT workflows, not the full space of autonomous
agent systems.

2 Related Work

Most agentic MT systems adopt prompt chain-
ing, where the output of one role feeds the next.
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Examples, ordered by agent count, include IRB
(Grubisi¢ and Korencic, 2025) (translation then
self-refinement), MAMT (Kim, 2025a,b) (trans-
lation, post-editing, proofreading), and STEP-BY-
STEP (Briakou et al., 2024) (pre-drafting research,
drafting, refinement, proofreading). More complex
pipelines introduce parallel review, as in MAATS
(Wang et al., 2025a), which combines translation
with seven MQM-based reviews followed by final
refinement. Beyond chaining, segment-by-segment
processing with memory agents at the sentence
level has been explored alongside a translator agent
(DELTA; Wang et al., 2025¢).!
Cost—performance trade-offs remain underex-
plored. Among these systems, only MAMT re-
ports a cost-related ablation.” STEP-BY-STEP and
DELTA evaluate at document level, but the former
uses short general-domain documents (178 tokens
on average), while the latter focuses on long literary
texts. In contrast, we compare reproducible agen-
tic MT workflows in a shared setup on financial
documents, where terminology fidelity is central.
Concurrent work on AIDAterm (Di Rosa, 2026)
studies terminology-constrained MT with Analy-
sis, Translation, Post-editing, and Review agents.
It reports strong segment-level results through
reasoning-enabled review. Our work instead fo-
cuses on document-level MT and the cost of work-
flow complexity across multiple agentic systems.

3 Experimental Setup
3.1 Data: Financial Long Texts

We use two document-level test sets in the finan-
cial domain. First, DOLFIN (Nakhle et al., 2025)
contains translated documents across multiple fi-
nancial types, including contracts, profiling, and
periodic reports. We filter to four language pairs:
English (En)—German (De), En—Spanish (Es),
En—French (Fr), and En—Italian (It). We include
only texts whose English side is between 1k and
3k tokens, counted with the tiktoken tokenizer.?
Second, we use the document-level test set from
the WMT25 Terminology Shared Task (Track 2)
(WMT25-Term; Semenov et al., 2025), compris-
ing translated annual reports from the Hong Kong
Monetary Authority (macroeconomics and policy-
making topics) in English«>Traditional Chinese
lTransAgents (Wu et al., 2024) also emulates a transla-
tion company with specialized roles, but we do not include it
because its prompts and document test sets are proprietary.

Appendix A discusses broader cost—performance studies.
3https://github.com/openai/tiktoken

(Zht). Each document exceeds 1k tokens on the
English side and includes terminology annotations
that we leverage for further analysis. Statistics for
both datasets appear in Table 1 in the Appendix.

3.2 Agentic Systems

We experiment with the IRB (Grubisi¢ and Ko-
rencic, 2025), MAMT (Kim, 2025a,b), STEP-BY-
STEP (Briakou et al., 2024), MAATS (Wang et al.,
2025a) and DELTA (Wang et al., 2025¢) agentic
MT systems, illustrated in Figure 1 (for DELTA
diagram, see the original publication). DELTA dif-
fers from the other workflows in that it is memory-
augmented: it translates sentence by sentence while
retrieving and updating multi-level document mem-
ory. The remaining systems are primarily prompt-
chained multi-role workflows, sometimes with de-
terministic processing between steps, such as inte-
grating post-edits before a final review in MAMT.

These are reproducible systems (code or prompts
published) with high performance. We also con-
sider a zero-shot translation prompt baseline as
provided in the WMT25 General MT Shared Task
(Kocmi et al., 2025).

IRB_ n MAATS
( — ) B T
y Y
translate  self-refine accuracy
MaMT
( (’ ) fluency
translate post-edit proofread
style
Step-by-Step - p
. — > )
\ R - markup
_/ translate refine
pre-draft  draft refine -
terminology
VN
{ |
Y -
- appropriateness
proofread
locale

Figure 1: Diagrams of multi-agent translation systems.

3.3 Models, Cost, and Inference

We evaluate models spanning capacity and cost
tiers, from higher to lower price-per-token: GPT-
4.1, Qwen3-235B, Qwen3-32B (Yang et al., 2025),
and GPT-4.1 nano. Prices appear in Appendix Ta-
ble 2. Unless otherwise stated, cost refers to API
token cost for inference over the test sets, computed
from input and output tokens.

Workflows are implemented with LangChain;
APIs via AWS Bedrock for Qwen 3 and OpenAl
for GPT-4.1/nano. We set the temperature to O for
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reproducibility, except where workflows specify
otherwise (Kim, 2025a).

3.4 Evaluation Metrics

We use MetricX-24* (Juraska et al., 2024), an
embedding-based metric, as the primary quality
metric, where we leverage a SEGALE-like ap-
proach (Wang et al., 2025b) for long documents
(see Appendix C). We compute Terminology Ac-
curacy (TermAcc) with the WMT25 Terminology
Shared Task implementation (Semenov et al., 2025)
and complement results with chrF++ (Popovic,
2017). For ranking, we adopt Pareto efficiency
over performance vs. token-level cost.

We also run paired two-sided Wilcoxon signed-
rank tests on per-sample scores, with paired ap-
proximate randomization as a sensitivity check.
Each agentic workflow is compared against the
zero-shot baseline using the same underlying
model and language pair.

4 Cost-Performance Trade-Offs

Figures 2 and 3 present the cost-performance trade-
off results.’ For legibility, the plots distinguish
workflows by color but omit per-model markers;
full per-model results, including statistical tests, are
in Appendix Tables 4a and 4b.

4.1 Simple Beats Spend

We observe three consistent patterns across both
datasets: (i) No agentic workflow consistently
outperforms the others once model capacity is
taken into account. Points for different workflows
largely cluster, and rank-1 systems include lean
agent pipelines (IRB, STEP-BY-STEP) alongside
the zero-shot baseline. (ii) The zero-shot baseline is
competitive at a fraction of the cost, often near the
Pareto frontier with GPT-4.1 and Qwen3-235B. (iii)
Adding agents or complex designs raises token cost
but does not yield clear gains in MetricX. Dataset
effects are also evident: WMT25-Term is more
challenging than DOLFIN, with higher MetricX
() and a wider vertical spread. These patterns are
consistent with the different language pairs across
the two test sets.

Statistical tests support this pattern: on MetricX,
only 6% of DOLFIN and 12% of WMT25-Term

*MetricX-24-hybrid-large-v2p6; reference-based; 512-
token context window; range 0-25; lower is better ({).

5 Across our analyses, MetricX and chrF++ yield the same
conclusions, so we report only MetricX in the main text.
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Figure 2: MetricX () performance—cost trade-offs on
DOLFIN (a) and WMT25-Term (b). Pareto-optimal
systems are marked ;- (rank 1) and /- (rank 2). Base-
model labels appear only on rank-1 systems to reduce
clutter. Ranking considers only the top 25% by MetricX.

agentic settings significantly improve over the zero-
shot counterpart with the same model and language
pair; the rest are indistinguishable from or worse
than zero-shot. See Appendix §D.1 for details.

4.2 Terminology Accuracy

We assess whether model choice or workflow
choice has a greater impact on terminology accu-
racy. Figure 3 summarizes the main results. The
points partition into two clear capacity tiers. High-
capacity models (GPT-4.1, Qwen3-235B) form an
upper cluster with higher TermAcc, while lower-
capacity models (GPT-4.1 nano, Qwen3-32B) form
a lower cluster. This separation persists across
workflows, indicating that terminology accuracy
depends more on model capacity than on workflow
complexity. Thus, in our setting, terminology fi-
delity behaves more like a model-capacity problem
than a workflow-design problem.

Within the upper tier, lean pipelines are compet-
itive. MAMT (three agents) achieves strong ter-
minology accuracy at moderate cost. By contrast,
MAATS, despite including a specialized terminol-
ogy review agent, does not produce a consistent
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Figure 3: TermAcc vs. cost (log scale) on WMT25-
Term. Shapes indicate capacity tiers: A higher-capacity
models (GPT-4.1, Qwen3-235B) and B lower-capacity
models (GPT-4.1 nano, Qwen3-32B). Colors indicate
workflows. Pareto-optimal systems: rank 1, rank 2

advantage across models. STEP-BY-STEP devotes
its first agent to pre-drafting for idioms and termi-
nology; it yields moderate gains (e.g., a Rank 2
result with Qwen3-235B, as seen in Table 5), but
not a systematic lead over simpler designs.

4.3 Resilience to Document Length

We assess sensitivity to document length by par-
titioning each test set at the median number of
English tokens and comparing performance on the
shorter half vs. the longer half. Figure 4 illustrates
the results for WMT25-Term with Qwen3-235B
(shorter half marked by x, longer half by %); other
models appear in Appendix Figure 7.

Three main observations emerge: (i) Longer doc-
uments often hinder MetricX and TermAcc, but the
effect on the former varies by workflow and model.
(ii) Notably, lean 2-3 agent workflows, such as IRB
with all models and MAMT with GPT-4.1 show
better MetricX performance in the longer half. (iii)
The long-document-specific workflow (DELTA)
does not show any improvement on longer docu-
ments and it largely holds steady. Other simpler,
lower-cost pipelines remain comparably resilient.

4.4 Post-Editing vs. Base Translation

We study heterogeneous settings, comparing where
to allocate higher model capacity in three work-
flows with clear role separation (IRB, MAMT,
MAATS), using two models: GPT-4.1 (high ca-
pacity) and GPT-4.1 nano (low). We report four
allocations: (i) High-only: GPT-4.1, (ii) Low-only:
GPT-4.1 nano, (iii)) Low—High: nano for trans-
lation, GPT-4.1 for post-editing, (iv) High—Low:
GPT-4.1 for translation, nano for post-editing.
Figure 5 shows MetricX vs. cost on the two
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Figure 4: Length analysis on WMT25-Term with
Qwen3-235B. The test set is halved by token length.
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Figure 5: MetricX vs. cost for IRB, MAMT, and
MAATS under four capacity allocations. Marker
shapes encode allocations. Dotted arrows connect the
two mixed allocations per workflow to highlight the
advantage of placing the higher-capacity model in post-
editing.

datasets. Two findings are consistent across work-
flows and datasets: (i) Low—High outperforms
High—Low. Placing the higher-capacity model
in post-editing yields better quality per dollar
than placing it in the first-pass translation. (ii)
Low—High approaches High-only quality at a frac-
tion of the cost and achieves comparable perfor-
mance on WMT25-Term.

4.5 Edited-Span Analysis

Since document-level metrics cannot capture the
subtle benefits of different workflows, we examine
whether post-editing agents improve the spans they
modify. Appendix E expands technical details.
Appendix Table 7 reports metrics indicating the
amount of edits performed across four workflows
with refine or post-edit steps (IRB, MAMT, STEP-
BY-STEP, MAATS), such as normalized edit dis-
tance (NED) (%) and percentage of documents
with at least one edit. Editing ranges from near-
zero (IRB with GPT-4.1: Normalized Edit Dis-
tance < 1%) to aggressive rewriting (IRB with
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Figure 6: Character-weighted mean AMetricX per
workflow (positive =improvement) using GPT-4.1.
Other models are included in Appendix Figure 8.

Qwen3-32B: NED > 18%), yet in all cases over
90% of document text remains unchanged.

We extract edited spans by applying Myers
diff (Myers, 1986) between the initial translation
and the final output. To focus on substantive lo-
cal changes, we retain only replacement edits of at
least 10 characters that cover at most 3 sentences.
For each qualifying span, we compute MetricX for
both stages—initial and post-edited—against the
aligned reference span (Appendix E.1).

Figure 6 reports the character-weighted mean
AMetricX per workflow. Across both datasets,
deltas are consistently negative or near zero, sug-
gesting that post-editing does not reliably improve
span-level MetricX, though MetricX may have lim-
ited sensitivity to small stylistic or lexical edits.

LLM Judge. To validate these findings with a
judgment-based metric, we conduct an LL.M-as-
judge preference evaluation (Appendix E.2) over
the same qualifying spans (three independent repli-
cates per span). Appendix Table 7 reports the
edit win rate (E%) and inter-replicate agreement.
Across all models the average E% remains below
50%, confirming that the initial translation is pre-
ferred over the post-edited version more often than
not. IRB, the leanest workflow, achieves the high-
est edit win rate (42% on average), while MAMT
edits are the least preferred (29%). These results
suggest that post-editing agents do not systemati-
cally improve translation quality at the span level;
rather, their modifications reflect alternative stylis-
tic or lexical choices that are not consistently fa-
vored by the judges.

Human Validation. As a small validation of the
LLM-as-judge results, one Spanish native speaker
with finance experience annotated blind pre-edit
vs. post-edit pairs for GPT-4.1 on DOLFIN
English—Spanish. We sampled 20 spans each
from IRB and STEP-BY-STEP. The annotator pre-

ferred the edited span in 40% of IRB cases and
25% of STEP-BY-STEP cases, with human/LLM
agreement of 70% and 85%, respectively. The an-
notator noted that many pairs were acceptable in
both versions and often differed only in style, liter-
alness, or lexical choice. Although limited in scale,
this check is consistent with our conclusion that
post-editing does not yield systematic span-level
gains; full details are in Appendix E.3.

Together with §4.4, these findings support the
capacity-allocation result: post-editing can im-
prove system-level cost-performance, but not every
local edit is beneficial. Many edits appear to be
selective corrections or stylistic/lexical alternatives.
Appendix F discusses broader qualitative patterns.

5 Conclusion and Recommendations

To our knowledge, we present the first unified cost-
performance analysis of multi-agent MT on finan-
cial long documents. Our results do not imply
that multi-agent workflows are never useful; rather,
they support a simple design principle: start with
a lean workflow and add roles only when a spe-
cific need is demonstrated, since marginal qual-
ity gains rarely justify added token cost. For ter-
minology fidelity, prioritize model capacity over
workflow complexity; terminology-focused agents
alone do not compensate for lower-capacity mod-
els. For long documents, specific designs are not
uniquely robust. Finally, when budget permits only
one higher-capacity slot, assign it to post-editing
rather than to the first-pass translation.

These recommendations do not rule out richer
agentic or model-level features such as orchestra-
tion or reasoning. Concurrent work (Di Rosa, 2026)
shows that reasoning-enabled review can be effec-
tive for segment-level terminology-constrained MT.
Our document-level results complement this find-
ing: such additions may improve specialized cases,
but their value should be assessed relative to model
capacity and marginal token cost.

Limitations

Agentic Workflows To our knowledge, we in-
clude most reproducible multi-agent MT systems
available at the time of submission. However, the
workflow architecture is narrow: most use prompt
chaining, one uses parallel review, and another uses
memory agents. None of these systems include
orchestrators (e.g., deciding when to stop post-
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editing) or tool-calling capabilities (e.g., querying
terminology databases).

Model Selection We cover models across lower
to higher capacity from two providers, constrained
by availability in our research environment. The
goal is not to benchmark models or identify a single
best model. Reasoning-centric models that use
separate “reasoning tokens” are outside the scope
and would require additional cost accounting.

Prompts and Temperature We use prompts
as provided in prior code repositories or papers.
Prompt tuning can help, especially for lower-
capacity models. For example, Qwen3-32B un-
derperformed for IRB because it produced very
short self-refinement outputs (e.g., “this part of the
translation remains unchanged”), leading to under-
translation. To maintain comparability, we keep
prompts and settings fixed across systems. We set
temperature to O for reproducibility, except where
prior work specifies otherwise.

Cost Analysis We consider only token cost (in-
put and output) from API calls. We do not include
costs related to compute infrastructure nor do we
measure latency or energy consumption. Extend-
ing the analysis to these dimensions is future work;
token cost is a representative proxy for our setting.

Language and Domain Diversity Our test sets
cover six language pairs, mostly high-resource in
NLP, and focus on financial documents (including
multiple subdomains). This reflects the limited
availability of specialized, document-level test sets
for low-resource language pairs. We encourage the
community to develop broader resources to stress-
test agentic MT in challenging scenarios.
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A Related Work: Cost-Performance
Trade-Off

Recent research increasingly emphasizes the impor-
tance of evaluating machine learning systems not
only by task performance, but also by associated
costs such as energy consumption, computational
resources, latency, and environmental impact. Sev-
eral studies have explored the energy—performance
trade-offs in large language models and inference
optimization (Fernandez et al., 2025; Jain et al.,
2025; Yang and Armour, 2025), proposed energy-
aware model selection strategies (Smirnova et al.,
2025; Nijkamp et al., 2024), and introduced uni-
fied metrics for benchmarking cost—accuracy rela-
tionships across different hardware configurations
(Saad-Falcon et al., 2025; Jeanquartier et al., 2026).
While significant progress has been made in under-
standing cost—performance trade-offs across vari-
ous machine learning domains, a unified analysis in
multi-agent MT has yet to be established. We there-
fore present what is, to the best of our knowledge,
the first comprehensive cost—performance analysis
of multi-agent MT.

B Experimental Setup

Table 1 includes data statistics; Table 2 presents the
model pricing (per token); Table 3 summarizes the
workflow steps.

DOLFIN WMT25-Term
En-De En-Es En-Fr En-It En-Zht Zht-En
Docs 13 17 31 13 55 56

Avg Sent/Doc  30.5 225 273 19.8 469 476
Tokens (src) 19.0k 21.2k 47.0k 19.3k 103.0k 82.4k
Tokens (tgn 32.0k 33.4k 72.2k 32.2k 77.2k 108.7k
Avg Tok (sre) 1.5k 1.2k 1.5k 1.5k 1.9k 1.5k
Avg Tok (tey 25k 20k 23k 25k 14k 1.9k

Table 1: Dataset statistics.

Model Input Output
GPT-4.1 (2025-04-14) $0.00200 $0.00800
Qwen3-235B $0.00022  $0.00088
Qwen3-32B $0.00015 $0.00060
GPT-4.1 nano o2s5-04-14)  $0.00010  $0.00040

Table 2: Model pricing per 1,000 tokens (standard tier).
Source: AWS Bedrock and OpenAlT’s official sites, ac-
cessed on: 01/01/2026.
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Table 3: Agentic System Workflow Steps (Abbreviated
System Names)

C Document-level MetricX

MetricX-24 (Juraska et al., 2024) supports a con-
text window of 512 tokens, which is insufficient for
evaluating documents up to 2-3k tokens end-to-end.
We therefore apply MetricX at the segment level.

We build on SEGALE (Wang et al., 2025b),
which segments, aligns, and scores system out-
puts in chunks and is robust to under- and over-
translation—an important property for our anal-
ysis. Instead of running segmentation and align-
ment as separate steps, we fuse them into a single
LLM-based procedure inspired by Focus-Sentence
Prompting (FSP) (Domhan and Zhu, 2025). Con-
cretely, we first provide the full source, system
output, and reference to the LLM. In subsequent
turns, the LLM extracts a sequence of aligned tu-
ples, where each tuple corresponds to a discourse
unit of 1-3 sentences.

After extraction, we automatically verify cover-
age of both the source and the system output across
the aligned tuples. If coverage falls below 95%, we
re-run the alignment for that sample. Finally, we
score each aligned tuple with MetricX. If a tuple
contains an empty alignment on either side (i.e.,
indicating under- or over-translation), we assign
the maximum penalty (25) for that segment. For
this experiment, we use Claude Sonnet 4.6 as the
aligner. Appendix G includes the prompt.

D Complementary Results

Tables 4a and 4b present the main results of the
cost-performance trade-off using MetricX, chrF++
and Terminology Accuracy (for WMT25-Term),
including statistical significance tests. Figure 7
shows the length analysis for three models. Figure
8 shows the span-level AMetricX for three models.

D.1 Statistical Significance Tests

We ran paired two-sided Wilcoxon signed-rank
tests on per-sample MetricX-24 and TermAcc
scores, using paired approximate randomization
as a sensitivity check. Each agentic workflow was
compared against the zero-shot baseline with the
same underlying model and language pair. We use
a = 0.05.

For DOLFIN MetricX-24, out of 80 agentic com-
parisons (workflow x model x language pair), only
5 (6%) show a statistically significant improvement
over zero-shot: 3 from DelTA and 2 from MaMT.
Another 2 comparisons are significantly worse, and
73 are not significantly different.

For WMT25-Term MetricX-24, out of 40 com-
parisons, only 5 (12%) are significantly better than
zero-shot. These wins are spread across DelTA,
MAATS, MaMT, and Step-by-step, with at most
2 wins per workflow. Another 9 comparisons are
significantly worse, and 26 are not significantly
different.

For Term Accuracy in WMT25-Term, out of 48
comparisons, only 2 (4%) are significantly better
than zero-shot, both from IRB. Another 22 com-
parisons are significantly worse, and 24 are not
significantly different. Thus, no agentic workflow
shows a systematic Term Accuracy gain over its
zero-shot counterpart.

Overall, the additional complexity and token cost
of agentic workflows do not translate into system-
atic, statistically significant gains over zero-shot
prompting. The few significant wins are scattered
across workflows and models, while most settings
are indistinguishable from or worse than zero-shot.
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MetricX | chrF++ 1 Cost ($)

System
Avg En-De En-Es En-Fr En-It Avg En-De En-Es En-Fr En-It Total
GPT-4.1 2197 140 226 267 243 730+ 720 723 745 730 1.72
Zero-shot Qwen3235B 231 1.76 235 286 227 703 692 708 69.8 71.2 0.19
Qwen332B 270 219 2.68 3.11 281 672 652 680 674 682 0.13
GPT-4.1 nano 2.70 2.07 334 289 251 694 677 689 694 71.7 0.08
GPT-4.1 228 157 249 260 244 73.0F 723 722 744 730 4.60
IRB Qwen3235B 2.21* 187 219 268 211 697 673 712 69.6 70.6 0.49
Qwen332B 6.32f 621 637 562 7.09 547 542 560 568 519 0.32
GPT-4.1nano 2.87 208 3.13 331 297 68.7 676 688 68.1 70.2 0.22
GPT-4.1 203t %123 215 253 219" 740% 734 729 752 746 5.30
MaMT Qwen3235B 231 208 245 261 2111 704t 693 714 705 702 056

Qwen332B 283 223 326 322 260 674 659 680 675 683 0.39
GPT-4.1nano 3.61T 449 339 380% 275 676 66.1 676 672 69.7 0.27

GPT-4.1 221% 148 240 257 238 723t %717 716t 732F 727 8.66
Qwen3235B 231 168 234 290 232 68.0F 68.0% 685F 67.6f 68.1% 0.99
Qwen332B 295 336 272 3.05 265 673%F 654 67.9% 68.0f 68.0% 0.65
GPT-4.1nano 299 196 344 359 298 678t 674% 672F 67.5% 692f 041

Step-by-step

GPT-4.1 277F 192 328 289T 299 701 685 702 714 703 1211
MAATS Qwen3235B 246 208 268 287 221 700 686 706 698 709 130
Qwen332B 271 218 277 327 260 665 652 675 653 67.8 109
GPT-4.1nano 3.18 270 3.15 402 284 681 674 680 665 705 056
GPT-4.1 210% 138 217 260 222 723 703 726 729% 734 2807
DelTA Qwen3235B 2.13T % 141 235 248" 227 710t %697 710 706 725 385
Qwen332B 251 1.72F 261 3.00 273 683F 66.8% 69.0f 678 697 241
GPT-4.1nano 2.33% 186 2.32% 268 248 69.8F 678 69.97 69.97 717 135
(a) DOLFIN dataset.
System MetricX | TermAcc 1 chrF++ 1 Cost ($)
Avg En-Zh Zh-En Avg En-Zh Zh-En Avg En-Zh Zh-En Total
GPT-4.1 283 291 275 0684 061 074 57.7% 408 745 2.20
Zero-shot Qwen3235B 270% 235 305 064 062 065 568% 41.8 717 0.24
Qwen332B 297 277 318 053 049 057 530 357 703 0.17
GPT-4.1nano 3.37 332 341 051 045 058 497 321 672 0.11
GPT-4.1 283 246 319 066* 062 071 563 409 717 6.20
IRB Qwen3235B 280 242 3.8 063 062 064 555 412 699 0.65
Qwen332B 10.74% 777t 13.71% 033 038" 028 315 280 350f 0.38
GPT-4.1nano 6.04 4541 755 044 042 046 427 301 553 0.28
GPT-4.1 260t & 244t 276 0.69f £0.64% 075 583F k4171 749f 684
MaMT Qwen3235B 276% 265F 288" 067F%0.67F 067F 58.0f ~43.6F 725 0.74

Qwen 3 32B 296 278 3.13 053t 049t 057f 532 362 703 0.52
GPT-4.1 nano  4.41 452 430 046t 039% 053" 452t 277F 628t 0.32

GPT-4.1 268 252 284t 067F ~0.62f 072 572% 407 73.6F | 1121
Qwen3235B 255% 244 265 0.63% 061F 065f 555 405t 7051 1.29
Qwen 3 32B 3.01 2747 328 0.53% 048t 058 526 350t 70.1% 0.86
GPT-4.1nano 3.85T 4.15 3.55T 045%f 0.39f 0.52% 459f 28.6F 63.3% 0.50

Step-by-step

GPT-4.1 274F 259 288t 066 060 071 565 395 735 1777
MAATS Qwen3235B  3.10 320 299 064 062 066 565° 413 717 1.78
Qwen332B 326 3357 316 053 048 057 529 355 703 1.51
GPT-4.1nano 4.00f 325% 476 043 043 044 411 311 511 0.75
GPT-4.1 2414 245 236 0.66F 0.59f 073 56.5f 39.1% 738  68.87
DelTA Qwen3235B 256 255t 256 0.62f 0.60f 0647 557F 397% 717 9.48

Qwen 3 32B 3.66 327 405 053 049 058 S51.6f 333%  69.9f 5.94
GPT-4.1nano 295%f 280 3.10f 051 045 057 5057 322 68.8% 3.12

(b) WMT25-Term dataset.

Table 4: Main results for the DOLFIN and WMT25-Term datasets. Top-performing systems are labelled as rank 1
and rank 2+ according to Pareto optimality (only systems above the 75th percentile in performance are considered
for Pareto ranking). Significance markers (*: p < 0.05, ¥: p < 0.01) come from paired Wilcoxon signed-rank tests
against the Zero-shot baseline using the same model; the Avg column uses a pooled test across language pairs.

37813



(a) GPT-4.1

X Shorter half % Longer half

- 180.7'
éf X 2
g5 # X
1
T T T T T T 0.6 T T T T T
SR L& RO L L& RO
S ES LES S S
& Q:oﬁ Ny & ‘\:o‘\ Ny
v c)@Q v o)&Q

(b) Qwen3-32B

X Shorter half % Longer half

2.5 Q i 0.6
4.0 i % I ¥ %
- 55 9 0.5 W
S 7.0 e
2 85 © 0.4
10.0 I
11.5 0.3 §
F R L RO ¥ F X L R O«
o © &v“?;\\\'c’&ix‘?@ Oé\ = © &v“?;\\\'c’&ix‘?é Oé\
& N & N
% & v &

(¢) GPT-4.1 nano

X Shorter half % Longer half
2.5 0.6

M

TermAcc
o
w
#—X

MetricX {

X & X &
FESLAEST S ESAESE
o ~ o NG\ iRV
¢ < i3 <°
2

Figure 7: Length analysis on WMT25-Term with GPT-
4.1 (a), Qwen3-32B (b) and GPT-4.1 nano (c). The test
set is halved by token length.

E Span-Level Analysis

In this section, we complement details for the anal-
ysis of post-editing behavior at the span level by
quantifying how much each workflow edits and
whether those edits are preferred. Table 7 summa-
rizes editing effort (e.g., NED, % of documents
edited, and edited-span statistics) as well as LLM-
as-judge outcomes (E% and agreement).

E.1 Span-Level Alignment and Evaluation

Following our document-level setup (§C), we use
an FSP-style multi-turn prompt to align span-diff
edits to the source and reference. We first identify
edited spans between the initial and final transla-
tions using the Myers diff algorithm. To focus
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Figure 8: Character-weighted mean AMetricX per
workflow (positive=improvement) using Qwen3-235B,
Qwen3-32B and GPT-4.1 nano.

on substantive changes, we retain only qualifying
spans: replacement edits (not pure insertions or
deletions) of at least 10 characters that cover at
most 3 sentences. The LLM then receives the full
source, initial translation, and reference as context,
and in subsequent turns extracts aligned tuples for
each qualifying span (i.e., the edited target span
paired with its corresponding source and reference
spans). We score these aligned tuples with MetricX.
We use Claude Sonnet 4.6 as the aligner. Appendix
G includes the prompt.

E.2 LLM-as-Judge Preference Evaluation

To complement the reference-based MetricX
scores, we conduct a preference evaluation using
an LLM judge. For each qualifying span, the judge
receives the source sentence, the initial translation
span, and the post-edited span in a randomized
A/B order (to mitigate position bias), and must
select which translation is better—no ties are per-
mitted. We use a multi-turn prompt: the first turn
provides document-level context (source, reference,
and full translations), and subsequent turns elicit
binary preferences for individual spans.
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We run three independent replicates per span
at temperatures 0, 0.3, and 0.5, aggregating via
majority vote. We report two metrics: E%, the edit
win rate (percentage of spans where the post-edited
version is preferred), and Agr, the inter-replicate
agreement (percentage of spans where all three
replicates concur). We use Claude Sonnet 4.6 as
the judge. Appendix G includes the prompt.

E.3 Human Annotation and Judge-to-Human
Agreement

To sanity-check the LLM-as-judge span evalua-
tion, we conducted a small manual annotation on
DOLFIN English—Spanish for GPT-4.1. One
Spanish native speaker with finance experience an-
notated a blind, randomly ordered sample of pre-
edit vs. post-edit span pairs. We selected IRB and
STEP-BY-STEP, sampling 20 spans per workflow.
The annotator chose which version was better, al-
lowing blank or tie labels; all 40 judgments were
decisive.

Table 5 summarizes the results. For IRB, the
human preferred the edited translation in 40% of
cases, compared with 60% for the LLM judge on
the same subset. For STEP-BY-STEP, the human
preferred the edited translation in 25% of cases,
close to the LLM judge’s 30% on the same sub-
set. Agreement was 70% for IRB and 85% for
STEP-BY-STEP, with Cohen’s s of 0.42 and 0.63,
respectively. The annotator noted that many pairs
were acceptable in both versions, with decisions of-
ten driven by minor stylistic, literalness, or lexical-
preference differences. This small check does not
change our main conclusion: post-editing does not
yield systematic span-level quality gains in this
setting.

Ilustrative disagreements. Table 6 shows rep-
resentative human/LLM disagreements from the
manual check. These examples are not intended
as additional quantitative evidence; they illustrate
that disagreements often arise from capitalization,
lexical preference, or small semantic shifts rather
than clear-cut errors.

F Reported Qualitative Patterns

Automatic scores and LLM judges may miss some
qualitative advantages of agentic translation work-
flows. We therefore summarize strengths and weak-
nesses reported in the original papers to contextual-
ize our findings.

IRB Step-by-Step
# spans 20 20

Decisive / blank / tie 20/0/0 20/0/0
Human judge

Init / Edit picks 12/8 15/5
Edit-win rate 40.0% 25.0%
Binom. p vs. 50% 0.50 0.04
LIM judge

Edit-win rate (same spans)  60.0% 30.0%
Edit-win rate (all spans) 57.1% 37.7%
Human vs. LLM

Agreement 70.0% 85.0%
Cohen’s K 0.42 0.63

Table 5: Human vs. LLM edit-effort results on DOLFIN
English— Spanish for GPT-4.1. Edit-win rate denotes
preference for the post-edited span; p is a two-sided
exact binomial test against 50%.

Prior work reports improvements in the settings
for which these methods were originally proposed,
including edits that address omissions (Wang et al.,
2025a), capture nuanced phenomena such as slang,
indirect translation, and humor (Briakou et al.,
2024), or improve naturalness (Wang et al., 2025a).
Some approaches also report gains in document-
level phenomena such as proper-noun consistency,
pronoun usage, and co-reference resolution (Wang
et al., 2025¢). However, common issues persist:
hallucinations, added content not present in the
source (Kim, 2025a; Briakou et al., 2024), and
omissions, particularly in longer sentences (Kim,
2025a). Models can also be overly sensitive to nar-
row instructions, leading to overgeneralization in
rare cases (Briakou et al., 2024).
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Workflow

Annotator-preferred span

LLM-preferred span

Pattern

IRB

La sociedad gestora podra imple-
mentar...

La Sociedad Gestora podrd im-
plementar...

Capitalization-only edit; the annotator
preferred the reference-aligned lower-
case form.

IRB Empresas que el Gestor de Empresas que, a juicio del Gestor The edit rewrites the clause; the anno-
Inversiones determine que in- de Inversiones, incumplan... tator preferred the version closer to the
cumplen... reference wording.

IRB ...en historias de emisores individ- ...en operaciones sobre emisores The edit is fluent but shifts the mean-
uales, rotacion sectorial... individuales, rotacién sectorial... ing of “single names stories” toward

transactions.

STEP-BY- ...el mercado recupero el opti- ...el mercado finalmente volvié al Here the annotator preferred the edit:

STEP mismo... optimismo... it is more idiomatic and closer to the

reference verb, though the LLM kept
the explicit rendering of “finally”.

STEP-BY- ..nombrar  subdepositarios...; ...designar  subdepositarios...; Long legal span with mixed local

STEP esté de acuerdo con los Requisi- cumpla con los Requisitos effects: some edits improve regis-

tos del Banco Central; podra ser
terminado...

del Banco Central; podrd ser
rescindido...

ter, but others mainly substitute near-
synonyms. The annotator preferred
the initial overall, while the LLM pre-
ferred the edited span.

Table 6: Representative annotator/LLM disagreements in the DOLFIN English— Spanish manual check; columns
show the span preferred by each judge.
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Table 7: Post-editing effort between initial translation (Draft for SbS) and final output. NED: normalized edit
distance (%); %D: documents with at least one edit; Sp: mean edited spans per document (Myers diff); /: mean
span length (chars); QS: qualifying spans for A analysis (>10 chars, <3 sentences, replacements only); E%: edit or
final output win rate w/ LLM judges; Agr: inter-replicate agreement (3 independent runs per sample).

Model Lang NED %D Sp £ QS E% Agr Model Lang NED %D Sp £ QS E% Agr

IRB SbS
en—de 09 92 58 561 13 42 75 en—de 14 100 65 994 25 35 70
en—es 14 88 53 944 35 57 80 en—es 2.6 100 7.9 941 54 38 74

F en—fr 08 90 39 1082 39 44 62 ¥ en—fr 26 100 9.7 1255 116 49 59
g en—it 09 92 38 783 22 45 86 g en—it 1.6 100 5.2 1768 36 64 53
en—zh 02 31 08 44 1 0 100 en—mzh 15 100 95 112 1 0 0
zh—en 3.8 62 29 3387 44 55 73 zh—en 3.0 100 18.1 419 257 26 73
en—de 6.7 100 62 970/ 22 67 57 en—de 6.4 100 8.5 1436 58 8 83
®  en—es 29 100 5.1 737 34 50 65 @ en—es 86 100 84 1586 87 25 71
S en—fr 56 100 51 916 65 55 66 S en—fr 107 100 11.0 1463 178 26 66
2 en—it 62 100 4.7 1138 28 36 71 e en—it 85 100 49 2917 72 21 67
& en—zh 28 75 22 165 10 70 100 & en—zh 29 100 10.1 142 23 48 100
zh—en 33 82 3.0 589 44 20 80 zh—en 7.8 100 14.8 494 297 16 82
en—de 185 85 2.0 3153 7 57 100 en—de 03 85 1.7 7260 2 50 100
@ en—es 197 100 24 3607 12 58 75 m  en—es 02 47 24 441 5 40 60
< en—fr 180 87 28 2741 25 60 48 ¢ en—fr 09 74 3.6 440 20 53 74
§ en—it 262 100 38 1856 22 50 95 5 en—it 02 62 09 369 5 75 75
& en—zh 236 91 41 761 4 0 100 & en—zh 08 87 40 115 3 0 100
zh—en 543 95 5.3 4869 41 32 88 zh—en 03 71 2.1 415 25 36 56
en—de 1.3 100 4.8 1945 16 47 73 en—de 1.1 92 52 471 8 29 100
g2 en—es 03 71 25 523 3 100 67 2 en—es 30 94 601626 31 24 69
F  en—fr 52 100 3.8 1145 48 17 77 f enofr 36 97 64 556 62 20 78
I en—it 21 92 30 1317 18 17 67 I en—it 21 100 44 1060 21 25 65
& en—zh 73 78 35 941 1 0 100 & en—zh 42 91 38 198 | — —
zh—en 17.8 98 5.6 1718 72 33 74 zh—en 5.3 100 9.7 475 118 30 81

avg 9.6 88 3.9 1496 26 42 78 avg 33 92 69 81 63 32 72

MaMT MAATS
en—de 4.5 100 10.6 941/ 71 22 82 en—de 8.8 100 104 1695 63 34 83
en—es 3.1 100 7.6 780 70 27 61 en—es 11.2 100 12.1 1330 110 56 76

F  en—fr 29 100 82 1213 144 45 6l J en—fr 80 100 9.5 1397 166 30 75
g en—it 4.8 100 6.7 1436 80 35 67 g en—it 9.5 100 6.3 3857 65 28 88
en—zh 3.3 100 140 118 17 6 81 en—zh 9.8 100 187 125 25 24 92
zh—en 4.0 100 13.9 500 365 25 80 zh—en 6.6 100 28.0 442 403 26 82
en—de 37 92 65 1708 41 34 95 en—de 3.7 100 82 2769 33 48 83
®  en—es 27 94 64 1209 49 37 71 B en—es 3.5 100 7.2 1155 54 30 80
S en—fr 3.6 100 81 1235 116 37 66 S en—fr 24 100 7.9 1038 108 42 69
2 en—it 47 100 6.7 1407 56 30 66 2 en—it 22 100 69 1308 43 28 93
& en—zh 3.9 100 14.6 128 24 17 88 & en—zh 2.1 100 93 133 9 44 100
zh—en 2.0 100 9.6 510 248 35 76 zh—en 14 96 84 503 116 28 87
en—de 09 92 34 965/ 14 54 54 en—de 2.8 100 7.6 1445 35 53 84
m en—oes 07 65 34 574 10 50 80 m en—es 40 100 6.1 1409 67 19 87
< en—fr 0.7 87 33 1409 45 44 56 ©  en—fr 55 100 6.4 2289 115 27 84
§ en—it 08 85 35219 10 40 70 § en—it 3.0 100 59 2001 48 40 85
& en—zh 13 87 62 104 4 50 75 & en—zh 42 100 129 135 6 17 83
zh—en 0.6 77 33 429 27 56 67 zh—en 19 100 9.2 553 137 35 77
en—de 220 92 7.9 2338/ 17 8 92 en—de 1.8 100 52 931 21 11 72
2 en—es 143 94 91 930 31 3 94 2 en—es 42 100 5.1 2010 40 10 70
F enofr 199 97 672043 79 10 79 g enofr 68 97 7.1 1416 91 20 70
I en—it 147 92 57 3701 44 9 93 I en—it 19 100 52 2513 50 34 62
& en—zh 109 93 51 213 12 0 92 5 en—zh 49 91 50 138 5 0 80
zh—en 128 89 65 914 89 21 80 zh—en 24.1 96 159 436 90 21 83
avg 59 93 74 1125 69 29 76 avg 56 99 94 1293 79 29 &8I
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G Prompts

We present the core prompts used in our document-level MetricX (§C) and span-level evaluation pipeline
(§E.1, §E.2). For brevity, we show only the key instructions; full document context (source, translation,
reference) is passed in XML-delimited fields.

Document-Level Alignment (Multi-Turn)

J

System: You are an expert in translation alignment. You will receive a source text, its machine
translation, and a reference translation. Segment and align them into corresponding discourse
units, one segment at a time.

Guidelines: 1. Each segment is a coherent discourse unit (1-3 sentences). 2. Segments must
align semantically across source, translation, and reference. 3. Each field must not exceed
512 SentencePiece tokens. 4. ALL text from ALL three documents must appear in segments. 5.
Under-translation: set "translation”: . Over-translation: set "source": and "reference”: "".
Turn 1 (user): [source, translation, reference in XML tags] Return one JSON object per turn: {"source”:
, "translation”: "...", "reference": "..."} When done: {"done": true}

Subsequent turns (user): next

nn nn

n ”

Span-Level Alignment (Single-Turn)

|(
J

System: You are an expert translation alignment assistant. For each excerpt from the initial

translation, find and return the corresponding SOURCE and REFERENCE text.

Rules: - Return EXACT text from the source/reference. - Expand to full sentence boundaries if

excerpt spans partial sentences. - If no corresponding text exists, return empty string. - Return

ONLY the JSON array.

User: [source, initial translation, reference in XML tags]

For each of the following N excerpt(s), find the corresponding source and reference text. <excerpt_1>
. </excerpt_1>

Return a JSON array of N objects: [{"source”: "...", "reference”: "..."}, ...]

|(
J

LLM-as-Judge Preference (Multi-Turn)

System: You are an expert multilingual translation quality assessor. Compare two candidate
translations and choose which is better - no ties allowed.

Turn 1 (user): [source, translation A, translation B in XML tags] I will ask you to compare specific
excerpts. For each, choose A or B considering: accuracy, fluency, naturalness, and terminology.
Turn 1 (assistant): Understood. I will compare each span and choose A or B. Please show me the first
span.

Per-span turn (user): Source: {source_span} Translation A: {span_a} Translation B: {span_b} Which is
better, A or B? Reply with ONLY: A or B

Per-span turn (assistant): A or B

Three replicates per sample (temp. 0, 0.3, 0.5) with randomized A/B assignment; majority vote determines winner.

-

37818



