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Abstract

Style guides are a centrepiece of profes-
sional translation workflows. Yet, their
integration into automatic pipelines re-
mains underexplored. This paper presents
exploratory work on information extrac-
tion from client style guides and appli-
cation to a templated style guide, devel-
oped to be a system prompt. This tem-
plate is then applied during an LLM-
based translation to automatically produce
outputs that are compliant to client’s re-
quirements. The study focused on seven
language pairs (LP), evaluating the au-
tomatic extraction, and translation qual-
ity and compliance with the style guide.
The extraction demonstrated reliable per-
formance across languages and file for-
mats. Translation quality and adherence
were evaluated using human preference
annotation, comparing two Tower models
(Tower Zen 9B and Tower+ 72B). The
results indicate a modest advantage for
Tower+, but with mutual acceptability in
certain instances. These findings estab-
lish a viable semi-automatic framework for
style guide integration in translation work-
flows, and motivate further investigation
across broader domains, clients, and LPs.

1 Introduction

Language is never neutral. Every decision in a
translation task carries meaning, even more so in
a professional translation setting. Inconsistent us-
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age of terminology can erode brand trust. An am-
biguous tone can lead to miscommunications be-
tween the customer and the seller. Improper for-
matting of legal sections could lead to liability is-
sues. The absence of clear rules, beyond language
guidelines, forces the translator to make decisions
without context, leading to inconsistent results.

Style guides exist to prevent exactly that. They
are often described as reference documents, but
that quite undersells them. Style guides are one
of the most crucial tools in a translation company.
When looking at different perspectives, from trans-
lators themselves to language providers (American
Translators Association, 2019; Lingualinx, 2024;
Ghosal, 2024), they all agree that without clear
guidelines that determine tone, grammar, terminol-
ogy, formatting, and audience definition, transla-
tors are left to make calls that should already have
been resolved, leading to inconsistent messaging,
costly revisions, and even legal consequences. ISO
(2015) proves this point, creating a standard for
translation processes. It is precisely the presence
of guidelines that eliminate the guesswork by giv-
ing every linguist, reviewer, translator, etc., the
same rulebook to work from.

However, for all their importance, they come
with one significant challenge. As they are pro-
vided by the client, no two are alike, arriving with
different formats, lengths, structures, and types of
information. Some run for dozens of pages with
detailed examples, while others are a page of bul-
let points. This inconsistency is difficult enough to
handle with human translators. But, as the indus-
try turns to Large Language Models (LLM), this
becomes more acute. As powerful as they might
be, LLMs tend to struggle in instruction-following
(Heo et al., 2025; Young et al., 2025), even more
so when parsing these style guides, having one of



the most valuable assets in the translation work-
flow becoming one of its biggest blind spots.

To circle around this, the research aims to
develop an automated framework for generat-
ing machine-readable style guides that can be
integrated directly into LLM-assisted translation
workflows, enhancing translation quality through
real-time application of client-specific style guides
as system prompts while simultaneously improv-
ing operational efficiency by automating the style
guide implementation process across diverse client
requirements and linguistic specifications.

2 Literature Review

A translation style guide is a document that incor-
porates relevant information for translation tasks.
Through these, translators can ensure consistency
in format and language throughout all brand docu-
mentation (Aranbure et al., 2018).

However, a different challenge arises. Recent
industry data underlines the rapid transformation
toward AI-assisted workflows. The Business Re-
search Company (2026) projects a Compound An-
nual Growth Rate (CAGR) of 25.2% for AI in
translation, forecasting market expansion to $2.94
billion in 2025. Furthermore, CSA Research re-
ports a $24.6 billion decline in the translation mar-
ket since 2019, representing a 45% drop, suggest-
ing industry restructuring alongside technological
adoption. The question is no longer whether to
adopt them, but rather how to integrate them ef-
fectively into established workflows.

Despite their capabilities, LLMs still exhibit no-
table limitations, particularly in adhering to in-
structions. Research has proven that LLMs strug-
gle when processing complex and large guide-
lines (Jang et al., 2022; Jaroslawicz et al., 2025),
suggesting that directly inputting extensive client
style guides would likely result in unsatisfactory
results. Furthermore, these style guides are de-
veloped for the human mind, and do not follow
prompt engineering strategies, begging the ques-
tion, how can we make LLMs follow style guides?

With that, a primary work was built upon this. A
study conducted by the author (Graça, 2025), prior
to this, presented initial research on how to prop-
erly develop style guides that are readable by an
LLM, through its application as a system prompt.
This was done with the development of a three-
step methodology: a General Template — a one-
fits-all approach, any document from any domain

could be translated using it; a Domain Template —
a style guide tailored for one specific domain in
which any document within it could be translated
using it; and a Document Template — one style
guide for each type of document, within a domain.

The results showed its effectiveness in improv-
ing translation quality and compliance, proposing
the Domain Template for simpler documents and
the Document Template for more complex ones as
the best approach. However, this was tailored to be
more manual, as all the style guides are filled-in by
a human before application. Additionally, it misses
the specifications that certain clients have. Do-
mains have generic rules. However, certain clients
may wish to follow different parameters.

As such, the fourth-step of this methodology
was thought out, the Client Template, to fit the
needed industry use case, and tailor this system
prompt approach to client specifications.

3 Methodology

Building upon Graça (2025), this research added
to the framework by creating a fourth-step. This
methodology brought two additions to the previous
work, automating the process through a script in-
tegrated with the GPT API, while making it adapt-
able to the needs of individual clients. Data was
extracted from the client’s style guide and ap-
plied to a template structure, automatically creat-
ing an LLM-readable style guide that follows the
clients needs and requirements. This template was
later applied as a system prompt during translation,
through TowerLLM.

3.1 Information Extraction and Application

3.1.1 Template
The previous work mentioned in Section 2 led

to the development of AI-readable style guides
and, subsequently, to its templated structure. As
the study intends to be generally applicable to all
clients, the initial step consisted of an adaptation
of the General Template for this use-case.

However, this created a new challenge. The pre-
vious templates were filled-in by a linguist and/or
translator. But, as the purpose was to automatise
the first step, it was necessary to turn the template
into a prompt to be adapted by the model. As such,
the template itself was adapted through prompt en-
gineering, adding instructions to the relevant sec-
tions, e.g. prompt “add the relevant rules in the
style guide for formal/informal usage and tone of



voice.” added to the section Tone and Formality.
In this way, the model should incorporate the rules
regarding formality and tone of voice in this sec-
tion while employing the extracted data.

In order to create an appropriate template, it was
necessary to analyse different client style guides
so as to identify key elements. An aspect to con-
sider was the importance of a section on one style
guide, that was irrelevant for another. A market-
ing client may require the section Humor, while
a legal client would not. Not all categories are
intended for all clients. Nevertheless, testing re-
vealed that the best approach was to have a prompt
filter the necessary sections based on the client.

Furthermore, it was determined what rules must
be unchangeable, e.g. “Apply punctuation con-
sistently, following the rules of the [Target Lan-
guage].”. For certain sections, without a fixed
prompt, the translation would not adhere to the lan-
guage norms. In other words, the model already
knows the generic grammar rules, as such those are
not added to the template. However, without that
prompt in the template, the translation will only
apply the exceptions, and lose quality because the
generic grammar rules are not applied.

Lastly, the study showed that style guides do
not always have an LP. Certain clients have a style
guide per Target Language (TL), independent of
the Source. To accommodate both, two templates
were developed, one for LP and one for TL.

3.1.2 Model Instructing
The initial stage of the research was to automate

the process, and the best way was through a Python
script. Due to token restrictions, TowerLLM is
unable to perform the extraction and application.
As such, we proceeded to its experimentation with
GPT API, more specifically GPT 4o. For future
iterations, we intend to test Gemini on this task.

First, two input files were loaded: the client’s
style guide and the template, defining the output
schema, whose sections are initialised as empty ar-
rays in a dictionary structure. Second, the style
guide is processed in chunks, depending on its
size, and each chunk was submitted to the API with
a prompt to extract and return information. The
data was extracted from all chunks, one at a time,
and rewritten as a clear and structured prompt, ag-
gregated by category into the structured dictionary,
ensuring that multiple relevant rules per section are
retained. Lastly, a second prompt was applied, in-
corporating the template and the aggregated data,

and directing the model to organise the extracted
information and properly add it to the template,
according to its rules. For any empty sections, it
should add generic rules or discard. The completed
template is written to a configurable output file.

3.2 Data

For the development stage, and as testing data,
three different clients of different domains were
used: legal, with banking data; marketing, with
product description; and media, with promotional
text. Each had style guides that vary in length, for-
mat, and structure. All the necessary materials —
templates, scripts, and prompts — for the pipeline
were tested using these clients, until satisfactory
results were achieved across the board.

Following the validation of the methodology, a
testing framework was established with a differ-
ent client from the previous three as the primary
case-study. This client was selected as it had both
the resources and the interest in implementing this
study. The previous three clients did not have the
necessary data availability or the data was too sim-
ple to evaluate the style guide adherence.

The client’s data encompassed multiple brands
targeting distinct demographic segments, includ-
ing adult and children’s markets, with product cat-
egories spanning various domains. Translation
tasks were centred on detailed product descrip-
tions. For this purpose, we selected 28 products,
each with four types of descriptions: title; con-
sumer description; shopper description; and prod-
uct description. Each product, with the four de-
scriptions, had around 20 to 30 sentences.

This research was conducted in seven lan-
guages: Japanese (ja-JP), es-ES, Danish (da-DK),
Korean (ko-KR), Polish (pl-PL), pt-PT, and Stan-
dard German (de-DE). Two of them were selected
as they had two style guides each, PL and DE.

The style guides were similar to each other.
They were .docx files, with similar structures,
around 10 pages long, and with a list of rules for
grammar, format, and tone of voice. The sec-
ondary files for PL and DE comprised a detailed
list of formatting rules for specific scenarios, and
they were longer and more dense. The processed
style guides had around 1500 tokens.

The style guides were processed and post-edited
by the author, needing minor annotations. For the
translation step, two Tower models were tested in
instruction-following, to determine the best when



applying the pipeline to a translation workflow.
The models were TransPerfect’s proprietary mod-
els, TowerZen 9B, the most recent model, and
Tower+ 72B (Rei et al., 2025), tested in the three-
tier approach assessed in Section 2. For unbiased
answers, the models were labelled as A, corre-
sponding to TowerZen 9B, and B, Tower+ 72B.

The annotations were performed by a research
linguist or freelancer, with high proficiency in the
TL, and prior experience with similar tasks. De-
tailed guidelines were prepared, covering task de-
scriptions, rules, evaluation criteria, and key con-
siderations. To ensure clarity, an open communi-
cation channel was maintained between the author
and the annotators, and a dedicated step for com-
ments was incorporated. Both models were given a
score of 1 (worst) to 5 (best) for translation quality.

It is important to note that the quality scores
were separate from the style guide application, one
translation could receive a score of 3, and yet per-
fectly follow the style guide. To further distin-
guish between these aspects, two additional ques-
tions were included: “Best Style Guide adherence”
and “Best quality”. For each question, the annota-
tor would select “A”, “B”, “Equally Bad” if both
models failed, or “Equally Good” if both models
presented good quality.

4 Results

This section presents the empirical findings from
the two experimental phases: the automated infor-
mation extraction from client style guides and the
evaluation of translation quality achieved through
the application of these extracted style guides.

4.1 Information Extraction and Application

Overall, this process had quite positive results, re-
quiring post-edition, but to a short extent. The is-
sue was in the system’s tendency to omit more spe-
cific rules while maintaining accuracy in the infor-
mation it did extract. On average, four rules were
eliminated for being overly general or unneces-
sary, and 12 rules were missing and added in post-
edition. In fact, no incorrect information was gen-
erated, suggesting that the extraction methodology
prioritises precision. However, in opposition, the
system would add information that an LLM would
already know. While not incorrect, it was generic
or irrelevant, making it unnecessary.

The extraction quality varied according to the
specificity and clarity of the source material. In

cases where style guides contained ambiguous or
unclear rules, the system occasionally produced in-
formation that diverged from the intended specifi-
cations. Generic style conventions, such as punc-
tuation and formatting rules, were well-captured,
whereas domain-specific or client-particular re-
quirements that opposed the general rules, fre-
quently required manual edition, as seen by the
higher quantity for addition as opposed to deletion.

Despite these limitations, the extraction frame-
work produced outputs that were well-structured
and accurately represented the original style guides
provided by the client, indicating that the method-
ology serves as a viable foundation for semi-
automated style guide generation, provided that
human oversight is maintained for validation and
completion of specialised requirements.

The performance of the script varied depending
on the format of the style guide. The .txt files and
.docx / .doc consistently yielded the most reliable
results. When rules were missing, it did not appear
to be due to formatting constraints. PDF files, with
more complex PDF layouts — multiple columns,
graphics, tables, and distinct text boxes — were
more challenging. A substantial portion of the con-
tent was not captured. This suggests that while
it generalises well across most common file for-
mats, documents with highly complex visual lay-
outs may benefit from a pre-processing step prior
to extraction, in order to ensure a more compre-
hensive capture of stylistic content.

4.2 Translation and Instruction-Following

Style Guide Adherence Translation Quality
Equally

Good
Equally

Bad A B A
mean

B
mean

∆
(B-A)

ES 4 13 4 7 3.28 3.6 +0.32
DE 1 4 14 9 2.78 2.96 +0.18
KO 0 7 0 21 2.57 3.14 +0.57
PT 4 8 5 11 3.36 3.18 -0.18
PL 11 0 9 8 3.8 3.78 -0.02
DA 22 4 0 2 2.21 2.21 0
JA 18 0 7 3 2.6 2.75 +0.15

30.6% 18.4% 19.9% 31.1% 2.9 3.1

Table 1: Style guide adherence and translation quality results

The evaluation results in Table 1 indicate a
marginal difference between the two models, with
A (TowerZen 9B) achieving a mean translation
quality score of 2.9 and B (Tower+ 72B) a mean
of 3.1. For four of the seven languages, Model
B received a higher score, with the most signifi-
cant difference in ko-KR (∆ = +0.57) and es-ES



(∆ = +0.32), although the gap between the two re-
mains modest.

Across languages and models, the adherence
produced a number of positive results. However,
several recurrent patterns indicate areas for im-
provement. The most consistent shared challenge
was trademarks (words tagged with ® or ™), and
product names. Both models translated terms that
ought to have been kept. Measurement and number
formatting were flagged across many languages as
well. Both models comprised non-localised units
alongside the localised ones rather than replacing
them, and did not modify the numbers, not localis-
ing thousand separators.

In es-ES, Model B was selected by the anno-
tator nearly twice as often as Model A, (7 vs. 4),
although a notably high number of “Equally Bad”
in style guide adherence (13) indicates that neither
model consistently satisfied the requirements. Lit-
eral translations occasionally occurred, e.g. “great
value” translated to “expensive,” and “walkways”
translated as “pasarelas,” a term more appropriate
for a bridge or a fashion runway than the setting
indicated in the source. However, most of the an-
notated errors were precisely the no conformity to
rules, as the language itself was quite positive, and
neither of the rules not followed were critical er-
rors.

For pl-PL, it also stands out as a language with-
out “Equally Bad”, suggesting that both models
produced outputs that the annotator deemed ac-
ceptable. Both pl-PL and pt-PT had a preference
in translation quality for Model A or was rated in
pair with B (∆ = -0.02 and ∆ = -0.18, respec-
tively). The de-DE accompanies this trend, but
with a larger distinction between the models, with
A demonstrating a higher overall adherence. How-
ever, both models had register issues, occasionally
defaulting to formal structures when an informal
tone was required.

For da-DK, it shows identical mean scores for
both models in translation quality (2.21), with A
having a preference for adherence, showing the un-
certainty of the annotator for this language. It had
the most individual errors, with major mistransla-
tions in Model A (“gingerbread man” translated
as “pejsmand”) and cross-language interference in
Model B due to Norwegian spellings. In contrast,
ja-JP was a balanced language, with both mod-
els assessed similarly in 64% of situations, pre-
senting mostly compliance difficulties largely lim-

ited to trademark and measurement norms that ap-
peared consistently across assignments. However,
these languages recorded the highest number of
“Equally Good” in adherence (22 and 18, respec-
tively), indicating satisfaction with both models.

The models performed well more often than
not. Taking into account the responses in which
both models were rated good (30.6%), Model A
showed positive results in approximately 50% of
cases (19.9% + 30.6%), while Model B reached
around 62% (31.1% + 30.6%). In contrast, re-
sponses rated as “Equally Bad” represented 18.4%
of the cases, indicating that clear failure was the
least common outcome.

Across LPs, the two models show closely
marched quality scores, with differences of less
than 0.32 points in all cases. PL, pt-PT, and es-
ES came out as the strongest performers, with both
models achieving mean scores above 3 on a 5-point
scale. DA consistently presents the lowest quality
scores, which may reflect the relative scarcity of
training data.

The co-occurrence of high quality and high
“Equally Good” in pl-PL and pt-PT suggests that
the style guides did not negatively impact transla-
tion quality, maintaining a high baseline of accept-
ability.

The results also show substantial cross-lingual
variation in both adherence and quality, which con-
stitutes the most salient finding of this evalua-
tion. This variation likely reflects differences in the
complexity and specificity of each language style
guide, the typological distance between source and
TL, and the relative volume of language-specific
fine-tuning data available to each model. These
findings motivate future work on the formulation
of language-aware style guides and model selec-
tion strategies tailored to individual TL.

5 Conclusion and Future work

This research presents an exploratory evaluation
of style guide information extraction through GPT
4o, and application as system prompts to MT trans-
lation across seven LPs, comparing two Tower
models under a qualitative analysis annotation.

Building on the three-tier approach proposed in
(Graça, 2025) and discussed in 2 — which itself
yielded positive results — the present work intro-
duces a fourth step that both extends and reinforces
these findings. Together, they offer converging evi-
dence that style guide prompting is a viable option



to improve translation quality. Model B demon-
strated a consistent, if moderate, advantage in ad-
herence across most languages examined. That
said, the cross-lingual variation observed in the re-
sults serves as an important reminder that its effec-
tiveness is shaped by language-specific factors, in-
cluding the availability of training data, the struc-
tural complexity of the TL, and the degree of speci-
ficity of the style guide itself.

The main limitation of this study was the use of
a single annotator per language, a constraint im-
posed by time and budget considerations. While
this allowed us to conduct a broad, cross-lingual
evaluation, it means that inter-annotator agreement
was not assessed and that bias may influence the
results. Future work will incorporate multiple an-
notators per language, and apply standard inter-
rater measures to ensure better evaluations. Ad-
ditionally, the evaluation was conducted in one
text domain (product description), which limits the
generalisability of the findings. Style guide com-
pliance and model behaviour may differ across do-
mains or other languages not tested here.

This work was a first step toward a systematic
understanding on how to best optimise client style
guides through a more automatic approach, ex-
tracting its information through a script that proved
itself successful, and of how style guide can be
operationalised as system prompts in LLM-based
pipelines.

Due to the results of this work, this study is
now part of a larger ongoing research that exam-
ines style guides across multiple client domains
and text types. Subsequent evaluations will involve
a pilot that will begin with multiple clients from
different industries, using diverse style guides and
source material. These studies will allow the as-
sessment of whether the observed patterns gener-
alise beyond the description of the product or not,
and to assess the liability of this application in
scale to the translation pipeline.

Together, these efforts aim to provide a more
comprehensive picture of the conditions under
which style guide system prompts are effective for
production translation workflows.
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