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Abstract

We present a new resource for Machine Translation (MT), namely a training and evaluation dataset containing
parallel documents issued from authentic data in the financial domain. We cover five language pairs: English-French,
English-Spanish, English-German, English-Italian and French-Spanish. The total number of parallel documents is
122k and the number of tokens is 118M (source and target combined). MT has improved greatly in recent years,
but certain phenomena still cause errors, particularly when context spans beyond a single sentence. Errors can
lead to mistranslated pronouns, incorrect gender or number agreement, and inconsistent terminology, which can
be especially problematic in high-stakes domains like finance. We therefore construct the dataset at document
level (rather than sentence-level) and also produce fine-grained annotations of context-sensitive phenomena. The
annotation was performed using preexisting tools and custom scripts. Thus the process can be replicated on different
parallel data from other domains. The annotated phenomena are: formality, gender, terminology consistency, verb
form and sentence reordering. This aims to improve document-level evaluation of MT models by enabling evaluation
solely on texts containing a particular phenomenon of interest. Our primary contribution is the creation and public
release of Flipper, a multilingual document-level parallel dataset in the financial domain, designed to support both
training and targeted evaluation of context-sensitive machine translation.
Keywords: Financial NLP, Machine Translation, Parallel data, Annotation

Lang. Pair Documents Sentences
ENDE 34,438 1,268,547
ENES 12,059 286,376
ENFR 47,327 1,399,169
ENIT 14,449 330,128
FRES 14,588 325,318
TOTAL 122,861 3,609,538

Src. tokens Trg. tokens
ENDE 20,351,372 18,347,846
ENES 4,942,426 5,403,083
ENFR 22,119,921 23,811,471
ENIT 5,038,081 5,179,604
FRES 6,206,158 6,253,966
TOTAL 58,657,958 58,995,970

Table 1: Statistics of the full dataset. For every
language pair, 2000 documents are reserved for
the evaluation split.

1. Introduction

While Context-Aware Neural Machine Translation
(CA-NMT) has received considerable attention in
recent years (Toral et al., 2018; Läubli et al., 2020),
with numerous works focusing on architectural im-
provements and modelling strategies, advances in
context-aware evaluation have not progressed at
the same pace. Many studies still report quantita-
tive results based on sentence-level metrics such
as BLEU or COMET (Papineni et al., 2002; Rei
et al., 2020), which are not designed to capture

document-level phenomena. In parallel, several
works rely on ad-hoc evaluation datasets, such as
contrastive test suites (Bawden et al., 2018; Müller
et al., 2018), that target specific discourse phe-
nomena but do not reflect realistic document-level
translation settings.

This imbalance between modelling and eval-
uation is particularly evident in specialised do-
mains such as finance. Despite the growing impor-
tance of domain-adapted MT, very few document-
level datasets have been released for the financial
domain, and even fewer explicitly target context-
sensitive phenomena.

The financial domain constitutes a highly rele-
vant and challenging use case for context-aware
MT. It is characterised by specialised terminology,
strict regulatory requirements, and a high demand
for fast and reliable translations. Providers of finan-
cial products are legally required to supply trans-
lated versions of documentation in every country
where the product is commercialised, creating a
strong need for high-quality, in-domain translation
systems.

Financial documents exhibit several properties
that make document-level evaluation especially cru-
cial. Terminology must remain consistent through-
out a document, and the correct translation of a
term often depends on definitions introduced earlier
in the text—particularly in legal documents, where
key entities are explicitly defined at the beginning
and must be referred to consistently thereafter. In
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addition, numerical consistency is essential: finan-
cial reports frequently contain tables with monetary
amounts, and inconsistent formatting (e.g., 5 million
USD, 5M USD, or $5M) within or across tables is
unacceptable. These characteristics highlight the
limitations of sentence-level evaluation and under-
line the need for document-level resources tailored
to this domain.

To address this gap, we propose Flipper1, a new
document-level parallel dataset for the financial do-
main designed for both training and evaluation of
CA-NMT systems. We collect a large number of
publicly available parallel documents issued by as-
set management firms. The documents, originally
in PDF format, are primarily legal and marketing
materials, including annual reports, Key Informa-
tion Documents, marketing factsheets, manager
commentaries, and ESG or sustainability reports.

To convert these documents into parallel data
suitable for MT training, we adopt a pipeline in-
spired by Nakhlé et al. (2025). As in their work, we
extract texts from PDFs and align full documents
or sections rather than individual sentences, en-
abling the preservation of higher-level discourse
structure and allowing sentence reordering within
sections. However, Flipper substantially extends
and improves upon this approach. We introduce a
more robust alignment method and perform exten-
sive deduplication of near-duplicate content through
custom preprocessing steps, resulting in more di-
verse data, but still a much larger dataset. Beyond
data construction, we perform careful annotation
of context-sensitive phenomena that are annotated
using an inline XML format. The annotation was
performed using preexisting annotation tools and
custom-made scripts. The annotated phenomena
are: formality, gender, terminology consistency,
verb form and sentence reordering.

Unlike the DOLFIN dataset, Flipper includes both
training and evaluation splits, which makes it a valu-
able resource for model training. 2000 documents
are reserved for the evaluation set, we deliberately
select sections with a strong presence of discourse-
and context-dependent phenomena. This design
positions our evaluation split between a standard
test set and a targeted test suite: it remains au-
thentic and document-based, yet it increases the
density of challenging phenomena, making evalua-
tion more informative.

Flipper covers five language pairs: En-
glish–Italian (En–It), English–Spanish (En–Es),
English–German (En–De), English–French
(En–Fr), and French–Spanish (Fr–Es), the latter
being the only non-English pair. As stated in Table
1, the total number of parallel sections is 122k and
the number of tokens is 118M (source and target

1https://huggingface.co/datasets/
DragonLLM/Flipper

tokens combined).
The dataset can be used to train or fine-tune

document-level MT systems or Large Language
Models (LLMs) and to conduct targeted evaluation
of specific context-sensitive phenomena through its
fine-grained inline annotations. To the best of our
knowledge, Flipper is the first publicly available par-
allel dataset in the financial domain that simultane-
ously satisfies three key criteria: (1) document-level
structure, (2) domain-specific coverage of authentic
financial texts, and (3) suitability for both training
and targeted evaluation. Our contributions can be
summarized as following:

• The creation and public release of a document-
level parallel dataset for the financial domain;

• The provision of a dedicated training split tai-
lored to document-level MT;

• The targeted selection of evaluation data en-
riched with discourse- and context-sensitive
phenomena;

• Fine-grained inline annotation of multiple
context-sensitive phenomena, including for-
mality, gender, terminology consistency, verb
form, and sentence reordering.

2. Related work

Natural Language Processing (NLP) for finance.
The use of NLP techniques across various applica-
tions has grown significantly in recent years across
a broad range of domains, and finance is no ex-
ception. Some of the well-studied tasks in this field
include named entity recognition (Salinas Alvarado
et al., 2015), question answering (Chen et al., 2021;
Maia et al., 2018), sentiment analysis (Malo et al.,
2014), and topic modeling (Jehnen et al., 2025).

Several finance-oriented language models have
also been developed. These include encoder-only
models such as FinBERT (Araci, 2019), as well
as decoder-only models such as BloombergGPT
(Wu et al., 2023), FinMA (Xie et al., 2023), FinGPT
(Wang et al., 2023), and LLM Pro Finance (Caillaut
et al., 2025). These models can be applied to a
variety of downstream tasks, including Machine
Translation, which is the focus of this work.

Machine Translation for finance. Although Ma-
chine Translation (MT) is one of the core tasks
in NLP, resources tailored to the financial domain
remain scarce. With regard to financial-domain
resources, the diachronic banking magazine collec-
tions (Volk et al., 2016) provide relevant material;
however, the data is available only at the sentence
level. Nakhlé et al. (2025) present a document-level
parallel dataset for the financial domain, but it is
limited to evaluation data. More generally, several
document-level datasets have been proposed for

https://huggingface.co/datasets/DragonLLM/Flipper
https://huggingface.co/datasets/DragonLLM/Flipper
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training purposes (Koehn, 2005; Tiedemann, 2012;
Cettolo et al., 2012; Lison and Tiedemann, 2016;
Wicks et al., 2024). As for evaluation data, the
majority of available benchmarks remain sentence-
level, such as the datasets released annually within
the WMT conference (Kocmi et al., 2025). Some
test sets do include document boundaries; how-
ever, even in these cases, the primary unit remains
the sentence, meaning that individual sentences
are aligned within documents.2 Evaluation typically
measures the overall quality of a model by feed-
ing translations to the metric one sentence at a
time. By design, this excludes looser translation
strategies, such as sentence reordering or splitting.
In contrast, our approach aims to accommodate
such phenomena, which is why the main unit of our
proposed dataset is the document rather than the
sentence.

Another line of work in context-aware evaluation
involves targeted test suites that focus on linguis-
tic phenomena requiring context beyond a single
sentence for correct evaluation. These resources
are often constructed manually and are designed
to probe systems with respect to specific discourse-
level challenges. While they provide valuable in-
sights into particular phenomena, they remain lim-
ited in scope, language coverage, and applicability
to overall translation quality.

In this work, we aim to address the gap in avail-
able resources by providing parallel data that meet
three criteria: (1) document-level structure, (2) cov-
erage of the financial domain, and (3) suitability for
both training and evaluation. Our dataset, Flipper,
enables the training and evaluation of MT models
on challenging texts drawn from authentic financial
documents containing context-sensitive phenom-
ena, thereby combining general quality assessment
with targeted evaluation.

3. Dataset collection

Our dataset collection procedure is made of
the following processing steps: 1) PDF-to-text
(Markdown) extraction, 2) noisy data filtering, 3)
alignment of sections within documents, 4) near-
duplicate removal, and 5) context-sensitive phe-
nomena annotation. This pipeline is inspired by
the one presented in Nakhlé et al. (2025), as we
similarly worked with financial PDF documents and
aimed to produce a document-level dataset. How-
ever, we introduce improvements in certain aspects,
particularly in the alignment approach, which is cru-
cial for parallel data. We also modified the dedu-
plication process, as the data still appeared to be
highly repetitive. In contrast to the cited previous

2To the best of our knowledge, the WMT test sets
released in 2025 are the first ones in which the document
is treated as the main unit.

work, we do not perform quality estimation filtering,
as we believe it introduces bias into the data cu-
ration process. Finally, we produced fine-grained
inline annotations of context-sensitive phenomena.

Alignment. We used a different alignment ap-
proach, as the original method was rather naive
(two sections were considered aligned if their first
and last sentences were aligned). In our approach,
we use the same aligner LASER (Schwenk and
Douze, 2017), but we modified the decision logic for
determining whether two documents are aligned.

We compute LASER alignment scores between
each source sentence and a window of size m in
the target document. For a source sentence with
index i, the target window ranges from i - m/2
to i + m/2. We then compute an average score
for the entire section based on the scores of all
source sentences, taking the maximum score for
each source sentence.

To determine an acceptability threshold, we man-
ually inspected 1,200 sections. Many collected
sections were challenging cases: although they
appeared similar, they were not faithful translations
of one another. A threshold of 0.80 was selected
as the best balance between permissiveness and
strictness, while retaining the maximum number of
correctly aligned sections.

Deduplication. Another limitation of the dataset
described by Nakhlé et al. (2025) is its repetitive-
ness, which is directly related to the financial do-
main. Companies are legally required to publish
certain documents periodically; for efficiency, these
documents often contain repeated sections. Addi-
tionally, some documents—such as Key Informa-
tion Documents—must present information in a
standardized format. As a result, texts describ-
ing different funds are often identical, differing only
in numerical values.

To address this issue, we applied stricter dedupli-
cation using the MinHash algorithm implemented in
the text-dedup library by Mou et al. (2023), comple-
mented by a preprocessing step. Specifically, we
tokenized the texts and masked numerical values
so that texts differing only in numbers would still be
identified as duplicates and removed. We then set
the deduplication threshold to 0.5. For this step, we
considered merged source and target documents.

4. Annotation

In order to enrich the dataset with more nuanced
information, we performed an annotation of context-
sensitive phenomena. These are linguistic phe-
nomena that require extra-sentential information to
be correctly interpreted and translated, and they
present a particular challenge for Machine Transla-
tion, especially when models operate on isolated
sentences. This annotation enables future users
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of the dataset to target specific phenomena by ex-
tracting the relevant sections and analysing model
performance accordingly.

To carry out the annotation, we employed sev-
eral pre-existing tools designed for this purpose.
Formality, plurality, and grammatical gender are
among the more common context-sensitive phe-
nomena and were annotated using existing tools
developed for parallel data annotation. To further
diversify the range of annotated phenomena, we
developed custom tools to address two additional
aspects: terminology consistency, which ensures
that terms are translated consistently throughout
a document, and high-level information reordering,
which captures changes in sentence order during
translation.

4.1. Annotation format

The annotations are provided in an inline XML for-
mat. This standardises the notation across different
tools and annotation methods, enabling multiple
phenomena to be marked within the same section.

The main tag used is <annotation>, which in-
cludes a tool attribute indicating the source of the
annotation. The phenomenon attribute specifies
the type of context-sensitive phenomenon being
marked. Depending on the phenomenon, addi-
tional attributes provide more detailed information.
Below are two examples of annotations, illustrat-
ing the formality phenomenon and the terminology
consistency phenomenon, respectively.

Before buying or switching Units,
<annotation tool="ctxpro"
rule="NOM.FORM+PLUR"
phenomenon="formality"> you
</annotation> should read the relevant
KIID.

The absolute and/or relative returns
shown in the
performance attribution section of this

document (hereafter <annotation
tool="custom" phenomenon="terminology
consistency" id="def_1"
refersTo="performance attribution
section"> Reporting </annotation>) may
differ from the returns in other statements
or reports provided due to the use of
different methodologies. For official use,
only the official statements and reports
should be used and not the figures
provided in this <annotation
tool="custom" phenomenon="terminology
consistency" id="ref_1" refersTo=
"def_1"> Reporting </annotation>.

4.2. Annotations using preexisting tools

4.2.1. CTXPRO

CTXPRO (Wicks and Post, 2023) is an automatic
annotation tool that identifies phenomena that re-
quire contextual information to be translated cor-
rectly. The identification process is rule-based and
relies on linguistic information specific to the lan-
guage pair. The pipeline takes sentence-aligned
parallel data as input and outputs information indi-
cating which segments contain ambiguities.

CTXPRO was run on all language pairs except
French–Spanish, as the tool requires at least one
of the languages to be English. It was able to tag
phenomena related to gender and formality ambi-
guities. The formality phenomenon arises when
one language uses an ambiguous pronoun whose
translation into the target language depends on the
level of formality. For example, the English pro-
noun “you“ translates into French as “tu“ (informal)
or “vous“ (formal). The gender phenomenon occurs
with pronominal anaphora, where correct transla-
tion of a pronoun requires access to its antecedent.
For instance, the English pronoun “it“ may translate
into French as “il“ (masculine) or “elle“ (feminine),
depending on the gender of the antecedent in the
translation.

In the annotation, we include the rule as provided
by the tool via the rule attribute. An example of
a rule is NOM.FORM.SING. We use the middle
element of the notation to indicate the phenomenon
category, in this case formality.3

4.2.2. MuDA

The second pre-existing annotation tool employed
was the Multilingual Discourse-Aware (MuDA)
benchmark (Fernandes et al., 2023). Similarly to
CTXPRO, MuDA identifies and annotates phenom-
ena that require context spanning multiple sen-
tences or longer stretches of text. The tool shares
the same limitation of requiring English to be part
of the language pair. On our data, the phenomena
identified by this tool are verb form and formality.
The verb form phenomenon arises when the choice
of a verbal form (such as tense or mood) depends
on extra-sentential context, as is the case in text
passages containing a succession of verbs in the
imperfect tense.

4.3. Hand crafted annotations

4.3.1. Terminology consistency

Financial documents contain numerous terms that
are defined or redefined at a specific point in the

3We refer the reader to the original paper for a detailed
description of the rules.
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text. For example, in the sentence “the total risk is
measured and checked using the relative value at
risk (hereinafter ‘relative VaR’) method,“ the term
“relative VaR“ must remain unchanged throughout
the rest of the document during translation. A
similar situation arises with abbreviated company
names. In our financial documents, it is common
for the full name or legal designation of a financial
fund to be stated at the beginning and subsequently
referred to as “the Fund” throughout the remainder
of the text. This creates terms that require con-
sistent and accurate translation, even though their
definition appears only once, several sentences
or even paragraphs earlier. This phenomenon is
particularly critical in financial and legal contexts,
where the acceptable margin of error is significantly
lower than in other domains.

To identify instances of terminology consistency,
a semi-manual program was designed and imple-
mented. First, regular expressions were used to
search the dataset for the trigger words “hereafter”
and “hereinafter,” which commonly signal the in-
troduction of a definition, as illustrated in the ex-
ample above. The term introduced as the new
definition (referred to as the “alias”) was then iden-
tified using an additional set of regular expression
patterns. However, due to numerous edge cases
and variations in wording, identifying the term being
redefined (the “head”) required more manual effort.
While the pattern could detect potential instances of
terminology consistency, accurately annotating the
details required further validation. Therefore, an
interactive interface was developed that used the
regular expressions to display the predicted “alias”
and “head” pairs individually for review. Using this
approach, the phenomenon was annotated with
human oversight to approve, reject, or edit each
tag. This method enabled efficient annotation while
increasing confidence that the final dataset did not
contain erroneous tags resulting from unique edge
cases.

This phenomenon includes attributes id and
refersTo in the annotation tags. The refersTo
attribute links a term to its corresponding definition.
The id attribute can take the form def_x or ref_x,
depending on whether the tag marks the definition
of a terminology rule or a subsequent reference
to it. The attribute id="def_x" appears within
hereafter declarations, while refersTo contains
the word or phrase introduced by the definition. If
the tag marks a later reference to an existing defi-
nition, refersTo contains only the corresponding
definition ID. This structure makes it possible to
count how many references a given terminology
rule has. Definition IDs are global (e.g., there is
only one def_1), whereas reference IDs are lo-
cal; for instance, ref_1 denotes the first reference
associated with each def_x.

4.3.2. Sentence reordering

During translation, a certain degree of high-level
information reordering may occur. It is not always
possible to translate sentences word for word or to
process documents strictly sentence by sentence.
In some cases, sentences must be reordered, split,
or merged to produce a more natural and fluent
text in the target language. This poses a particular
challenge for MT evaluation, as the source and tar-
get texts may not preserve sentence-to-sentence
alignment, while evaluation metrics typically pro-
cess sentences individually. For this reason, we
sought to annotate this phenomenon in order to
enable targeted evaluation and to analyze the ex-
tent to which it occurs in the translation of financial
documents.

To annotate sentence reordering, we first pre-
processed the texts by removing tables and other
heavy Markdown formatting. The sentences were
then encoded using a Sentence-BERT model
(Reimers and Gurevych, 2019)4. We computed
a cosine similarity matrix between source and tar-
get sentences to identify the best match for each
sentence. If the best match for a given source sen-
tence had a different index in the target text than in
the source, it was flagged as a potential reordering.
This method detects both direct swaps and broader
shifts in sentence order. In several sections, for
example, the first sentence is split in translation,
shifting all subsequent sentence indices by one
throughout the section.

The annotation tag for this phenomenon includes
the attributes from and to, which indicate the orig-
inal and matched sentence indices, respectively.
The from attribute refers to the index of the source
sentence and, by extension, to the expected index
of its corresponding translation. The to attribute
indicates the index of the target sentence identified
as the best match. For example, from=2 to=3
means that source sentence 2 has a higher cosine
similarity with target sentence 3 than with target
sentence 2, suggesting that a reordering has oc-
curred.

However, manual analysis of the annotations re-
vealed that this method is insufficient for reliably de-
tecting sentence reordering. In many cases, shifts
in sentence indices were caused by errors intro-
duced by the sentence splitter or by minor mis-
alignments between source and target texts. For
instance, if the first sentence is omitted in transla-
tion, all subsequent sentence indices are shifted.
Although we retain the existing annotations, further
investigation of this phenomenon is left to future
work.

4HuggingFace identifier: sentence-
transformers/distiluse-base-multilingual-cased-v1
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4.4. Annotation statistics
Table 2 presents the results of the annotation

over the full dataset. The highest number of annota-
tions is observed for the English–French language
pair, indicating that the tools are most effective for
this high-resource pair. A notable limitation of the
annotation process concerns the only non-English-
centric language pair, French–Spanish, for which
none of the pre-existing tools were suitable. The
most frequently annotated phenomenon is verb
form, as identified by the MuDA tool, followed by
sentence reordering and formality. Manual inspec-
tion showed that some of the annotations point
to phenomena that are in fact translatable even
without context (despite the tools being specifically
designed for this goal) and we suspect that there
are context-sensitive phenomena that were missed
by the tools and exist in the dataset without an
annotation. This imbalance highlights the inher-
ent difficulty of constructing targeted test sets from
authentic documents that present specific context-
sensitive translation challenges.

5. The training and evaluation splits

Finally, the dataset was divided into training and
test splits. The test set contains ten thousand sec-
tions, with two thousand sections per language
pair. These sections were selected based on the
quantity and variety of annotation tags in order to
maximize phenomenon diversity and thereby cre-
ate a more challenging evaluation set, with the aim
of reserving the most complex sections for the test
set. The training set consists of all remaining sec-
tions, with a target size of at least ten thousand
aligned sections per language pair.

6. Experiments

6.1. Setup
Next, we conducted an experiment by fine-tuning
the 1B-parameter Gemma 3 Instruct model (here-
after gemma-3-1b-it) (Team, 2025). We selected
this model due to its broad language coverage,
and because our preliminary experiments indicated
strong performance on machine translation.

We fine-tuned the model on the newly con-
structed Flipper dataset using full-parameter
supervised fine-tuning implemented with the TRL
(Transformer Reinforcement Learning) library.
We use the chat template applicable for this
model and we add the following prompt via the
user content: Translate the following
paragraph from {source_language} to
{target_language}.
n Do not add anything else at

all.{source_text}. The assistant reply
is the translation alone.

The loss was computed over the completion to-
kens only; in our setup, these correspond to the
translated text. Training is conducted for 1 epoch
with a batch size of 8, learning rate 1e-4, linear
scheduler, and paged AdamW 8-bit optimizer. We
use bfloat16 precision with gradient checkpointing
enabled and a maximum sequence length of 1024
tokens. Training is performed on a single GPU with
seed 42.

6.2. Evaluation

For evaluation, we translated the evaluation split of
Flipper and compared the fine-tuned model against
the base gemma-3-1b-it model in a zero-shot set-
ting. We report results using the wmt22-comet-
da metric (Rei et al., 2022).

Table 3 presents the results per language pair,
while Table 4 details the results per phenomenon.
As shown, fine-tuning improves translation quality
for three out of the five language pairs. The largest
gain is observed for English–Spanish, followed
by English–French and French–Spanish. In con-
trast, English–German and, to a lesser extent, En-
glish–Italian show a slight degradation compared
to the base gemma-3-1b-it model.

At the phenomenon level, four phenomena out
of five show gains (Formality, Terminology Con-
sistency, Verb Form, and Reordering), with the
largest gain observed for Formality and in Verb
Form. These gains suggest that the additional
training particularly benefits controlled linguistic
phenomena. In contrast, performance on Gender
decreases, indicating that improvements are not
uniformly distributed across all the phenomena.

LLMs typically benefit from exposure to diverse
tasks and domains, which help boost performance
on the target task (Alves et al., 2024). This may ex-
plain the slight degradation observed. Fine-tuning
on a narrower dataset or a single task can lead to
performance gains in some directions while slightly
degrading others, which is why usually the post
training phase includes a mix of tasks. A more
comprehensive fine-tuning strategy involving mul-
tiple tasks and datasets could yield more uniform
improvements across languages and phenomena.
However, conducting a large-scale, multi-task opti-
mization was beyond the scope of this work. The
primary objective of this paper is to introduce the
new dataset and demonstrate its usability through
a focused fine-tuning experiment, rather than to
exhaustively optimize model performance.
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Phenomenon En-Fr En-Es En-It Fr-Es En-De Totals
Verb form 88 723 2 332 551 0 0 91 606
Gender 2 203 30 22 0 609 2 864
Formality 6 628 360 481 0 7 513 14 982
Term. consistency 1 360 284 409 0 1 340 3 393
Sent. reordering 6 833 2 512 2 726 2 358 6 611 21 040
Totals 105 747 5 518 4 189 2 358 16 073 133 885

Table 2: Results of the annotation. We report the number of annotation tags for all phenomena (meaning
multiple tags can be present in one document), except for the sentence reordering where we report the
number of annotated documents, since one shift can cause all the subsequent sentences to be annotated
as reordered.

Lang gemma-3-1b-it Fine-tuned
En-De 69,77 67,81
En-Es 77,90 80,25
En-Fr 75,06 75,91
En-It 74,30 73,73
Fr-Es 78,19 78,87

Table 3: Comet scores per language pair.

Phenomenon gemma-3-1b-it Fine-tuned
Formality 59,22 61,16
Gender 77,33 75,62
Term. consist. 74,69 75,23
Verb form 74,07 75,86
Reordering 67,00 67,64

Table 4: Comet scores per phenomenon.

7. Conclusion

We presented Flipper, a multilingual, document-
level parallel dataset for the financial domain, de-
signed to support both training and evaluation of
context-aware machine translation. The dataset
covers five language pairs and contains 122k paral-
lel sections with 118M tokens. Our work makes sev-
eral key contributions: We improved data process-
ing pipeline by improving the section-level align-
ment, and deduplication process, enhancing the
quality and diversity of parallel data compared to
prior work. We also added inline fine-grained an-
notation of context-sensitive phenomena, including
formality, gender, terminology consistency, verb
form, and sentence reordering, enabling targeted
evaluation of challenging translation issues. The
dataset has a training and evaluation utility since it
includes a dedicated training split and a carefully
selected evaluation set enriched with discourse-
and context-dependent phenomena, making it suit-
able for both model training and more informative
evaluation. By combining authentic financial doc-
uments, document-level structure, and rich anno-
tations, Flipper offers a valuable resource for ad-
vancing document-level MT in high-stakes, domain-

specific settings.

8. Limitations

Text extraction from PDFs remains a bottleneck
and can introduce errors that propagate through-
out the processing and annotation pipeline. The
French–Spanish pair was particularly affected by
tool dependencies on English, highlighting the
need for further work on annotations, as exist-
ing tools proved largely incompatible. Additionally,
our approach may misinterpret sentence reorder-
ing due to errors from sentence splitting or minor
source–target misalignments, which were not fully
addressed in this study. These limitations may be
subject of future work.
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