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Abstract

Post-Editing (PE) is typically performed on isolated segments or small batches, without access to broader
document context. In this paper, we investigate whether pre-generated, document-level summaries can
improve PE quality. Using a purpose-built summarization prompt evaluated across nine LLMs from
OpenAI and Google, we select two models with contrasting summary styles for downstream experi-
ments on 448 documents covering 37 target locales and 13 content domains. Summaries generated by
gemini-2.5-flash-lite, which are directive and domain-specific, bring output closer to the human refer-
ence and yields modest gains in COMET, whereas those generated by GPT-4o, which tend to be more generic
and descriptive, degrade performance across most metrics. The positive effect appears most pronounced
in terminologically dense domains and lower-resource locales. A qualitative analysis shows that improve-
ments arise when summaries provide specific, actionable guidance on terminology, domain conventions, and
style, and that performance decreases when summaries are underspecified or conflicting. These findings sug-
gest that summary specificity and actionability, rather than the mere addition of context, determine whether
document-level information benefits post-editing.

1 Introduction

A growing body of work demonstrates that AI
Post-Editing (AIPE)1 enhances Machine Transla-
tion (MT) output and Translation Memory (TM)
fuzzy matches (Koehn and Senellart, 2010; Raunak
et al., 2023; Uguet et al., 2024). This effectiveness
is further amplified when prompted with language-
specific conventions and critically selected historical
human-approved translations (Moslem et al., 2023;
Mu et al., 2023; Chitale et al., 2024). Building on
this evidence, we hypothesize that AIPE further ben-
efits from document-relevant context, and we ex-
periment with providing the PE model with a pre-
generated, high-level summary of the entire source
document, including its content type and domain.

Our contributions are as follows:

• We propose augmenting AIPE prompts with
automatically generated document-level sum-
maries, giving the model access to global con-
text when making segment-level post-editing
decisions.

• We describe a summary generation pipeline in
which we first generate summaries across mul-
tiple LLMs, use human evaluation to identify
the target quality and tone, recover a reusable
prompt via cross-model reverse prompt engi-
neering, and then shortlist two models with
contrasting summary styles for downstream
evaluation.

1Throughout this paper, AIPE refers to the automatic editing of MT output or TM matches by an LLM, as distinct from MT
post-editing (MTPE), in which a human editor revises MT output.
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• We evaluate our approach on 448 documents
covering 37 target locales and 13 domains. We
find that summaries improve PE when they
provide specific, actionable guidance on ter-
minology, domain conventions, and style, but
degrade it when underspecified or conflicting.
The effect is further modulated by content do-
main and target language.

2 Related Work

Translating segments in isolation leads to discourse-
level errors such as inconsistent terminology and
pronoun misalignment (Voita et al., 2019). While
document-level MT approaches address this by pro-
viding broader context, Herold and Ney (2023)
show that volume alone does not help and can in-
troduce noise, motivating distilled over raw context.
Mohammed and Niculae (2025) further demonstrate
that Large Language Models (LLMs) are sensitive to
whether context is genuinely informative, and unin-
formative context can harm performance. Together,
these findings argue in favor of providing a struc-
tured summary rather than adjacent segments.

With respect to PE, Moslem et al. (2023) show
that in-context signals such as style guides and fuzzy
matches enable LLMs to outperform dedicated MT
engines on domain-specific content without fine-
tuning. Our AIPE baseline is based on this LLM-
based paradigm. Ki and Carpuat (2024) establish
that signal specificity is decisive: Fine-grained feed-
back improves PE quality, while coarse signals do
not. This aligns with our findings that more directive
summaries improve but more generic summaries de-
crease performance.

3 Method

Our set-up consists of the two main components de-
scribed below: the generation of document-specific
summaries (Section 3.1), and subsequently using
these tailored summaries during PE (Section 3.2).

3.1 Summary Generation
We used two non-reasoning (GPT-4o, GPT-4.1) and
two reasoning (o1, o3) models through the OpenAI
GUI2 to iteratively generate summaries for two En-
glish source documents. From our pool of docu-
ments (see Section 4), we randomly selected one

from the Marketing domain and another consist-
ing of Technical Documentation, to cover diverse
document genres. For each document, all source
segments were concatenated into a single input
text and passed to the summary generation model.
We shared the output summaries, along with the
original source documents, with a team of profes-
sional linguists, and asked them to rank the sum-
maries by their perceived usefulness in the context
of a translation/post-editing task. Overall agree-
ment favoured the summaries generated by the o1
model. We then reverse-prompted GPT-4o with the
preferred summary, instead of o1, to avoid model-
specific bias in the recovered prompt, and obtain a
generation instruction that is not overfit to a single
model. Li and Klabjan (2025) demonstrate that re-
verse prompt engineering yields semantically faith-
ful results even across different generator–inverter
model pairs, supporting the feasibility of this cross-
model approach. The final prompt to create the sum-
maries is included in Appendix B.

This prompt was then used to automatically
produce summaries for a wider set of documents
representing all content types present in our evalu-
ation data (see Section 4). At this stage, we exper-
imented with several OpenAI and Google models3,
spanning a range of cost, latency, and reasoning pro-
files. To determine their suitability for use in AIPE
prompting, we had the resulting summaries quali-
tatively evaluated by a panel of linguists and engi-
neers, who ranked them according to post-editing
utility and usability in prompting contexts, respec-
tively. Appendix A describes the panel’s assess-
ment and verdict reasons in more detail, but the final
choice was to keep one model per provider: GPT-4o
and gemini-2.5-flash-lite.

3.2 Post-Editing

Our AIPE system operates on both MT output
and TM fuzzy matches, leveraging publicly avail-
able LLMs prompted with the target-locale-specific
style guide and in-context source–target pairs re-
trieved from previously approved projects or trans-
lation memories. In our experiments, we aug-
ment this baseline by prepending to the prompt a
document-level summary (generated as described in
Section 3.1) for the document from which each seg-

2https://openai.com/, accessed in July of 2025.
3https://cloud.google.com/vertex-ai/generative-ai/docs/model-garden/explore-models, accessed in July of 2025.
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ment originates. The summary thus provides the
model with global context that is otherwise absent
in segment-level PE. The same post-editing model is
used across all three configurations, so that the only
variable under comparison is the presence and style
of the document-level summary. We do not disclose
the specific model for the reasons noted in the Lim-
itations section. Since the output of AIPE is either
an unchanged or a modified target segment, evalu-
ation can be done using standard translation quality
metrics (see Section 5).

An alternative to segment-level PE is to post-
edit an entire document in a single pass, which re-
cent long-context models make technically feasi-
ble. We operate at the segment level with a pre-
computed summary because this matches our cur-
rent production translation workflows, where seg-
ments are processed independently, arrive incremen-
tally, and must remain individually traceable for re-
view and TM storage. A pre-computed summary
is also amortized across all segments of a document
and all its target locales, whereas document-level PE
would repeat the full source context for every target
language. A direct comparison between the two ap-
proaches is left to future work.

4 Data

We evaluate on 448 proprietary documents drawn
from 103 client accounts across real-world projects.
The documents contain a total of 331,151 seg-
ments, comprising approximately 3.98 million
source words.

Languages. The source language is English (en-
US and en-GB) for all documents. Our dataset cov-
ers 37 target locales, including languages such as
Arabic, Chinese, French, German, Greek, Japanese,
Korean, Polish, Portuguese, Spanish, Thai, Turkish,
Ukrainian, and Vietnamese. Locale variants of the
same language (e.g. pt-PT and pt-BR) are treated as
separate conditions throughout.

Content Types. The dataset spans 13 translation
domains or content specialties, with the most fre-
quent being Product Service, Marketing and Chem-
istry.

Segment Composition. Each document contains
source segments, pre-translations, and human-
approved reference translations. Pre-translations

originate from machine translation (40.3%; engines
include Google NMT, Systran, Microsoft Transla-
tor, and DeepL), leveraged TM matches (22.1%),
fuzzy matches (16.3%), repetitions (12.3%), and in-
context exact matches (5.7%). This mix reflects re-
alistic production conditions where AIPE operates
on heterogeneous input quality.

5 Evaluation

We evaluate the impact of document summaries on
AIPE performance using three complementary qual-
ity metrics:

• Edit Distance Relative Improvement (based on
Levenshtein (1966)): the relative reduction in
normalized Levenshtein distance to the hu-
man reference, compared to the pre-translation
baseline:

∆ed =
d(MT, ref)− d(PE, ref)

d(MT, ref)
× 100

where d is the normalized character-level indel
distance (Levenshtein, 1966), computed with
unit cost for insertions and deletions; substitu-
tions are treated as a deletion followed by an
insertion (cost 2);

• COMET (Rei et al., 2020);

• BLEU (Papineni et al., 2002).

All metrics are computed against the human-
approved reference translations. For every met-
ric, we provide the relative change compared
to the pre-translation. We report results for
three configurations: the baseline AIPE sys-
tem with no summaries (as described in Sec-
tion 3.2), AIPE with gemini-2.5-flash-lite-
generated summaries, and AIPE with GPT-4o-
generated summaries.

Additionally, we report the behavioural metric
Edit Effort Change, which measures how much a
post-editing system rewrites the pre-translation rel-
ative to the original quality gap:

∆effort = d(MT,PE)− d(MT, ref)

where d is the normalized character-level distance
defined above. A negative value indicates the sys-
tem edited less than the MT-to-reference gap; a pos-
itive value indicates it edited more. This metric cap-
tures editing volume, not whether the edits trans-
late into a quality improvement; read alongside the
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quality metrics, it allows us to measure editing ef-
ficiency: fewer edits for the same quality gain indi-
cates a more efficient and targeted post-editing.

While these quantitative metrics provide a use-
ful aggregate picture, they do not fully capture the
quality of individual post-editing decisions. As Fre-
itag et al. (2022) demonstrate, surface-level met-
rics like BLEU can diverge considerably from hu-
man quality judgments, and Bentivogli et al. (2018)
show that PE-based and direct human assessment
can yield complementary (and sometimes conflict-
ing) views of translation quality. Moreover, Sarti
et al. (2025) find that domain, language, and editor
characteristics strongly influence PE outcomes, un-
derscoring that aggregate scores may mask impor-
tant variation across conditions. We therefore com-
plement them with a qualitative human review of a
collection of samples (Section 5.4).

5.1 Overall Results

Figures 1 to 3 report the four metrics mentioned
above across the three configurations.

No summaries Gemini 2.5
Flash Lite

GPT-4o
−2

0

2

4

6

1.407

3.318

0.196

Edit Distance Rel. Improvement

Figure 1: Edit distance relative improvement over
the pre-translation. Higher is better. Gemini sum-
maries yield a relative improvement of 3.32, com-
pared to 1.41 for the baseline and 0.20 for GPT sum-
maries.

No summaries Gemini 2.5
Flash Lite

GPT-4o

0.0075

0.0080

0.0085

0.0090

0.00820

0.00841

0.00767

COMET Change

Figure 2: Mean COMET Change score per configu-
ration. Higher is better. Gemini summaries achieve
the highest score (0.00841), followed by the base-
line (0.00820), with GPT summaries scoring lowest
(0.00767).

No summaries Gemini 2.5
Flash Lite

GPT-4o
2.2

2.4

2.6

2.8

2.633

2.530

2.352

BLEU Change

Figure 3: Mean BLEU Change score per config-
uration. Higher is better. BLEU deteriorates un-
der both summary conditions (Gemini: 2.530; GPT:
2.352) relative to the baseline (2.633), though Gem-
ini’s drop is smaller.
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No summaries Gemini 2.5
Flash Lite

GPT-4o

−0.0505

−0.0500

−0.0495

−0.0490

−0.0485

-0.0491

-0.0503

-0.0498

Edit Effort Change

Figure 4: Edit effort change per configuration. All
three AIPE systems edit the pre-translation by a sim-
ilar amount: differences are within 0.0012 (Base-
line: −0.0491; Gemini: −0.0503; GPT: −0.0498).
This indicates that summaries do not significantly
alter how many edits the system produces, only how
effectively those edits improve quality.

The results when using summaries produced
by gemini-2.5-flash-lite show the best perfor-
mance overall. By contrast, GPT-4o summaries de-
grade performance on all quality metrics. Edit dis-
tance relative improvement (Figure 1) shows that
Gemini-augmented AIPE moves the output closer
to the human reference, while GPT-4o summaries
do the opposite. Edit effort change (Figure 4) is es-
sentially flat across the three configurations, with all
values falling within 0.0012 of one another; this in-
dicates that summaries do not alter how much the
system rewrites the pre-translation, only how effec-
tively those edits improve quality. In other words,
the Gemini setup achieves higher quality with the
same volume of editing, suggesting more targeted
edits rather than more extensive rewriting. Con-
versely, GPT summaries appear to misdirect the
same volume of editing, degrading quality without
reducing effort. COMET change (Figure 2) reaches
0.00841 with the Gemini setup, marginally above
the baseline (0.00820), while GPT drops to 0.00767.
BLEU change declines modestly from 2.633 to
2.530 with Gemini, a pattern consistent with the
well-known tendency of neural MT/PE to introduce
surface variation that disrupts n-gram overlap with-
out necessarily reducing translation quality (Freitag
et al., 2022). The larger BLEU decline to 2.352 with
GPT, however, aligns with its degradation across all
other quality metrics.

5.2 Impact by Content Type

A breakdown by content specialty reveals that the
impact of document summaries is not uniform
across domains. Figures 5, 6, and 7 show BLEU
change, COMET change, and edit distance rela-
tive improvement, respectively, across the 13 con-
tent specialties in our dataset.

Summaries seem to be most beneficial in
two scenarios. First, in terminologically dense
or highly regulated domains such as Biology
and Legal, where domain-specific conventions,
regulatory constraints, and precise terminology
are critical, both summary configurations—and
gemini-2.5-flash-lite in particular—yield di-
rectionally positive results, though not consistently
across metrics. Second, in the catch-all “Other” cat-
egory, where documents are difficult to classify by
domain, summaries appear to compensate for the
lack of strong domain priors, with Gemini showing
a marked gain in edit distance.

A further pattern emerges in domains where
the baseline AIPE configuration degrades transla-
tion quality (i.e., moves output further from the hu-
man reference). In categories such as Marketing
and Medical Devices, where baseline edit distance
is negative, summaries tend to mitigate this degra-
dation, suggesting that document-level context helps
the model avoid harmful edits when the task is oth-
erwise under-constrained. For general or mixed con-
tent types, results are less consistent, with gains and
losses varying across metrics and configurations.

5.3 Impact by Target Locale

Breaking the same metrics down by target locale
(Figures 8, 9, and 10) tells a story that is broadly
consistent with the per-content analysis. The ef-
fect of document summaries is small, but direction-
ally positive in most languages. For high resource
European pairs (de-DE, fr-FR, es-ES, nl-NL), all
three configurations sit close together, suggesting
that AIPE already has a strong direction from the
style guide and translation pairs alone and that the
document summary contributes little additional in-
formation. The largest positive deltas under the
Gemini configuration appear in languages where the
baseline itself is weaker (e.g. th-TH, id-ID, pt-PT,
and zh-TW), suggesting that summaries might also
help the most with languages that are more chal-
lenging for MT. A small number of target locales
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Figure 5: BLEU change by content specialty for the three configurations.
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Figure 6: COMET change by content specialty for the three configurations.

(it-IT, pt-BR, ja-JP, tr-TR) show a marginal re-
gression for both summary configurations relative to
the no-summary baseline.

Although individual differences across content
types and target locales are not statistically signifi-
cant—unsurprisingly, given the small per-cell sam-
ple sizes that result from slicing 448 documents
across 37 target locales and 13 domains—the pat-
tern is not homogeneous but directionally consis-
tent: gemini-2.5-flash-lite summaries improve
performance or prevent quality degradation across
the majority of domains and some of the most chal-
lenging languages for MT, while GPT-4o summaries
mostly degrade it. We take this consistency as sup-
portive evidence that summary specificity, rather
than summary presence alone, drives the effect.

5.4 Human Review
We conducted a qualitative analysis of a sample
of cases with notable differences in edit distance
between the gemini-2.5-flash-lite-augmented

and baseline configurations, focusing on Gemini as
the better-performing summary model overall, ac-
cording to the automatic metrics. We examined seg-
ments where summaries led to improvement, deteri-
oration, or no change, and also reviewed the model’s
outputted rationale to identify which summary ele-
ments drove these effects and inspect how the model
interacts with the information the summaries pro-
vide.

No Impact (Majority of Cases). In most cases,
summaries did not alter the PE outcome: the dif-
ferences reported by the automatic metrics can have
zero impact on quality according to human review-
ers. When the pre-translated segment already met
expectations in terms of tone, structure, and termi-
nology, the model did not introduce any unnecessary
edits. We consider this a reassuring finding: as sug-
gested by the edit effort change results, summaries
by themselves do not encourage over-editing.
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Figure 7: Edit distance relative improvement by content specialty for the three configurations.
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Figure 8: COMET change by target locale for the three configurations.

Improvements. Summaries drove improvements
primarily in the following three areas:

1. Attention to technical and domain-specific
elements: Summaries that flagged proper
nouns, placeholders, and capitalization conven-
tions, as well as domain standards, helped the
model focus on these aspects during editing.

2. Detection of incomplete content: When the
summary emphasized thoroughness or com-
pleteness, the model identified and corrected
translations with missing or overlooked con-
tent more reliably than in the baseline config-
uration.

3. Rationale quality: The model’s stated ratio-
nale for its edits was more precise and context-
specific when informed by a summary, sug-
gesting that document-level context helps the
model make more targeted editing decisions.

All three mechanisms share a common prop-
erty: the summary supplies concrete, checkable

constraints rather than general description. This
is consistent with our overall finding that action-
ability (a characteristic of the summaries generated
by gemini-2.5-flash-lite), rather than the mere
presence of document context, is determinant of a
summary’s utility.

Deterioration. In a minority of cases, summaries
led to a performance decrease. This typically
occurred in three scenarios: when the summary
flagged certain terms (e.g., named entities or Do-
Not-Translate items) without specifying how to han-
dle them, causing the model to make incorrect de-
cisions; when summary guidance contradicted the
style guide in high-stakes domains; or when short or
ambiguous segments were disproportionately influ-
enced by summary content, resulting in unnecessary
edits. We consider this information to be extremely
helpful to inform new experiment iterations.

Taken together, document summaries helped
most when they provided specific, actionable direc-
tion on terminology, domain conventions, and style,
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Figure 9: Edit distance relative change by target locale for the three configurations.
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Figure 10: BLEU change by target locale for the three configurations.

and caused harm primarily when they were under-
specified, conflicting, or generic. When the pre-
translation already met quality expectations and the
summary added no document-specific direction, it
had no effect.

5.5 Cost Analysis

Figure 11 shows the mean PE cost in token usage
per configuration in USD. The configurations us-
ing summaries incur a higher cost due to the ad-
ditional (summary) tokens in the prompt, as well
as to the summary generation itself. As illustrated,
the increase for gemini-2.5-flash-lite is higher
than that for GPT-4o. Despite the higher token cost,
gemini-2.5-flash-lite outperforms the baseline
on edit distance relative improvement and COMET,
and outperforms GPT-4o on both of these as well
as BLEU. We consider this a favorable cost–quality
trade-off.

No summaries Gemini 2.5
Flash Lite

GPT-4o

0.55

0.60

0.65

0.70

0.75

0.594

0.686

0.621

Cost (USD)

Figure 11: Mean PE cost in USD per configuration
across all 448 documents.

6 Conclusion & Future Work

We investigate whether augmenting AIPE with
document-level summaries to have access to global
context improves segment-level post-editing qual-
ity. After a multi-stage pipeline to design a sum-
mary generation prompt and shortlist two models,
we compare gemini-2.5-flash-lite and GPT-4o
summaries against a no-summary baseline across
448 documents, 37 target locales, and 13 content do-
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mains.
Our results show that summary effectiveness

depends on specificity and actionability: under the
same prompt conditions, gemini-2.5-flash-lite
produces directive, domain-grounded summaries
that yield improvements in edit distance and
COMET, while GPT-4o’s summaries tend to be more
generic and descriptive, causing a degradation of
performance across most metrics. A qualitative
analysis confirms that summaries help most when
they provide concrete guidance on terminology, do-
main conventions, and style, and cause harm when
they are underspecified or conflicting. The ben-
efit appears most pronounced in terminologically
dense domains and lower-resource locales, and in
cases where the baseline AIPE itself degrades qual-
ity, summaries can help mitigate harmful edits.

Several directions for future work emerge.
First, rather than providing a summary for every
document, a natural extension is to predict whether
a summary is likely to help for a given docu-
ment—potentially based on content type, language
pair, or baseline confidence; or even on historical
data—and only inject one when beneficial, reduc-
ing unnecessary token cost. Moreover, systemati-
cally comparing summaries across a wider range of
model families (reasoning-oriented, non-reasoning,
and open-weight) would help disentangle the contri-
bution of model capability from summary content.

Relatedly, we hold the post-editing model fixed
throughout; how the choice of post-editor interacts
with the choice of summarizer model—for instance,
whether stronger post-editors benefit less from di-
rective summaries—remains an open question. It
also remains open whether a model’s general sum-
marization ability predicts its utility as an AIPE
summarizer, which would offer a cheaper model-
selection procedure than the downstream evaluation
used here. Finally, comparing summary-augmented
segment-level PE against document-level PE in
a single long-context pass would help establish
whether distilled context is preferable to full context
when both are available.

Limitations

Our experiments make use of both a proprietary PE
platform and proprietary customer data which we
cannot disclose, limiting reproducibility. Addition-
ally, we only use English as a source language; re-

sults may differ for other source languages. Our
edit-based metrics are computed against a single hu-
man reference translation, which assumes one pre-
ferred rendering per segment. For longer or more
nuanced source sentences, several equally accept-
able translations may exist, so a reduction in edit dis-
tance does not necessarily indicate an improvement
in quality; this motivates our inclusion of COMET
alongside the edit-based metrics, which nonethe-
less doesn’t have an equal performance across all
languages. Relatedly, our human review examines
post-editing decisions and model rationales rather
than providing a full human quality assessment of
the final post-edited output. Finally, although direc-
tional patterns are consistent, individual differences
across content types and target locales are not statis-
tically significant, owing to the small per-cell sam-
ple sizes that result from slicing the data across 37
target locales and 13 domains.
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A Summary Generation Procedure

In Section 3.1 we discussed how we used Google
and OpenAI models and a qualitative analysis to ar-
rive at a prompt for summary generation. o1 and
o3’s summaries came close to the type of summary
that we would consider helpful for post-editing.
They were well structured, with an appropriate level
of detail and specificity; however, they were overly
verbose. gemini-2.5-flash-lite performed the
best overall among the Google models. Its sum-
maries were concise yet exhaustive, and their as-
sertive, instructional framing matched the target
tone well. By contrast, GPT-4o and GPT-4o-mini
produced shorter, rather generic summaries that read
more as neutral descriptions than as directive guid-
ance, which made us doubt their capacity to provide
AIPE with the specific instructions and the action-
ability it would need to improve its performance.
Most summaries produced by gemini-1.5-pro
also lacked certain specific instructional elements,
without offering a compensating reduction in to-
ken cost. gemini-2.0-flash summaries were
phrased tentatively and contained rather hedging
language that might not be ideal to guide AIPE.
gemini-2.5-flash and gemini-2.5-pro tended to
produce exhaustive summaries that risked being too
long and repetitive, and also deferred ultimate de-
cisions to external resources (the client’s decision,
glossaries, TMs, etc), inaccessible by the system at
editing time. Based on this analysis, we proceeded
with only the summaries generated by GPT-4o and
gemini-2.5-flash-lite for our PE experiments
(lower-cost models, one per provider), the former
as a representative of the more generic, descriptive
style, and the latter as our best match for the as-
sertive, directive tone.

B Summary Generation Prompt

The following prompt was used to generate docu-
ment summaries for all models in our experiments.

You are a Translation Quality Specialist who
creates detailed summaries and guidelines
to support professional translators and post-
editors. You specialize in analyzing documents
of all types and identifying what translators
need to know to produce accurate, culturally
appropriate, and well-formatted translations.
You are highly attentive to tone, terminol-
ogy, structure, formatting, and cross-cultural
or compliance-related concerns.

You receive a source document that will be
translated into a target language. Provide a
summary of this document specifically for use
by a translation or post-editing team. Your
summary should address the following areas:

Document Type & Format

• Describe what kind of document it is
(e.g., handbook, contract, technical man-
ual, brochure).

• Summarize the document’s structure
(e.g., sections, headings, tables, bullet
lists, embedded forms).

• Indicate the intended audience (internal
staff, external partners, general public,
specialists, etc.).

Domain / Subject Area

• Identify the main field, industry, or topic
(e.g., legal, HR, marketing, software,
healthcare).

• Note any legal, regulatory, or
compliance-related context that could
influence translation.

Content Style & Tone

• Characterize the writing style (e.g., for-
mal, instructional, promotional, legalis-
tic).

• Indicate the tone (e.g., neutral, persua-
sive, authoritative) and whether it must
be preserved.

Translation-Relevant Considerations
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• Highlight key terminology, repeated jar-
gon, acronyms, or proprietary labels re-
quiring consistent rendering.

• Identify culturally specific or locale-
bound elements (e.g., legal systems, cur-
rency, measurement units, references to
laws/agencies, contact details).

• Note formatting or structural components
that should be preserved (e.g., bullet
lists, numbering, forms, tables, signature
fields).

• Indicate if the document includes non-
text elements, embedded graphics, or
multilingual content that need to be
tagged or processed separately.

• Flag any potential translation chal-
lenges, such as highly regulated content,
idiomatic expressions, region-specific
rules, or text that must remain literal.

Overall Guidance

• Summarize the document’s overall pur-
pose (e.g., compliance, employee in-
struction, customer onboarding).

• Provide advice relevant to the translation
brief: tone fidelity, legal accuracy, for-
matting consistency, localization vs. di-
rect translation choices.

• Note any areas requiring special attention
for target language or culture, including
terminology integrity and usability.

Your summary should be clear, structured,
neutral, and practical, enabling translators or
post-editors to accurately and efficiently work
with the document. Focus on providing con-
text and direction, not replicating the content.
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