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Abstract
This paper explores bidirectional financial Machine Translation (MT) between Spanish and English, focusing on
the specialized domain of annual reports from IBEX 35 companies. Fine-tuned models are compared against
zero-shot scenarios through a series of experiments, testing factors such as prompting strategies and model
size. On the one hand, this work studies a combination of existing fine-tuning strategies aimed at improving the
adaptability of MT models to variable-sized contexts, and, on the other hand, it analyzes the limitations detected
in current evaluation metrics. Results are mixed: fine-tuned models show an improvement in both short and
long-context scenarios in traditional metrics, while zero-shot predictions are clearly favored by neural metrics. In fact,
reference-free assessment of the source and the human reference received worse scores than the off-the-shelf
prediction models. Consequently, fine-tuning on the human-made dataset hardly improves the neural metrics against
zero-shot generations. This suggests that neural metrics tend to favor the fluency of MT generations and literalness
over creativity, among other technical limitations regarding long-context adaptability. From a practical standpoint,
the low Translation Edit Rate (TER) scores suggest that specialized fine-tuning remains the most viable path for
companies to implement efficient Machine Translation Post-Editing (MTPE) workflows, given the stylistic alignment.
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1. Introduction

Companies all over the world use translation as
a means of reaching a broader audience beyond
their borders. As highlighted by Herrero Rodes and
Román Mínguez (2015), these companies draft
their annual reports and have them translated into
other languages. This process is vital for their busi-
ness strategy since it allows them to address poten-
tial shareholders. Spain is no different, with IBEX
35 companies publishing their annual reports on
their websites (Quesada and Espada, 2024).

Natural Language Processing (NLP) tasks have
evolved dramatically in the past few years, and MT
is no exception. Generative LLMs offer increas-
ingly larger context windows, which is beneficial for
nearly every kind of NLP task. This is especially
true of financial MT, even reaching document-level
(Wang et al., 2023), as the context usually contains
elements key to the target text.

This paper explores how the context window
affects Machine Translation (MT) and how differ-
ent metrics respond to different context sizes. In-
spired by several existing works and methodologies
(Tiedemann and Scherrer, 2017; Johnson et al.,
2017; Ding et al., 2021), a Data Augmentation (DA)
strategy consisting of duplicating the dataset with
a version made of concatenated Translation Units
(TU), combined with a bidirectional, variable-sized
exposure to the dataset during fine-tuning is tested.
It is aimed at improving adaptability to long contexts
while assessing the viability of current metrics. To
this end, a compact, local model was used for bidi-

rectional financial ES-EN MT. This choice stems
from data privacy and environmental footprint con-
cerns, which are key considerations for companies.
The democratization of LLMs on consumer-grade
hardware is also promoted.

This research focuses on the annual reports of
IBEX 35 companies. A parallel corpus consisting of
aligned ES-EN TUs was used. It was compiled from
34 pairs of annual reports, amounting to 41,951
TUs of varying sizes—ranging from titles and lists
to paragraphs. The word count totals 1,257,458
(ES) and 1,098,426 (EN). A selection of this dataset
is available in the following repository: Moreno-
Sandoval et al. (2025).

Several research questions will be addressed:
(1) Is it worth fine-tuning models on the annual
reports of IBEX 35 companies, or similar contexts,
given the zero-shot capabilities of current LLMs
for MT? (2) From a corporate perspective, does
local MT provide an acceptable draft as a starting
point for human translators? (3) Does this variable-
sized context strategy effectively improve scores
compared to fine-tuning on a default dataset? (4)
Are there limitations in current metrics?

The rest of the paper is structured as follows:
Section 2 reviews related work; Section 3 lays the
groundwork for the experiments; and Section 4
provides a detailed analysis of the results. Finally,
in Section 5, conclusions are drawn based on the
findings.
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2. Related work

The most similar work found examines Arabic (AR-
EN) financial MT (Alghamdi et al., 2023), where it is
noted that off-the-shelf neural MT models exhibit an
inability to translate domain-specific texts. However,
LLMs have improved significantly since 2023.

In this regard, generative LLMs are being increas-
ingly used, as recent iterations of the WMT suggest
(Kocmi et al., 2023, 2024, 2025). This trend applies
to both translation and evaluation, which is highly
relevant to the present work, since several LLMs
are used for evaluation and TranslateGemma—a
recently released state-of-the-art (SOTA) model—is
employed. The subtitles of these findings reports
illustrate the rapid evolution of LLMs: 2023: LLMs
Are Here But Not Quite There Yet, 2024: The LLM
Era is Here but MT is Not Solved Yet, and 2025:
Time to Stop Evaluating on Easy Test Sets.

Regarding long-context settings, several studies
address document-level MT, such as (Herold and
Ney, 2023; Wang et al., 2023). Furthermore, this
work provides a document-level financial test set for
MT (Nakhlé et al., 2025). A notable study analyzing
MT metrics can be found in (Di Natale et al., 2025).

In general, NLP tasks targeting financial texts
have gained significant attention, as shown in works
such as (Ke et al., 2025). Additionally, there are
benchmarks like WMT24++ (Deutsch et al., 2025)
that comprise several domains—literary, news, so-
cial, and speech—but lack a specific finance com-
ponent. A more adequate benchmark would be
TransBench (Li et al., 2025), as it includes spe-
cialized subdomains such as e-commerce. In this
paper, no benchmarks were used due to the task-
specific nature of the dataset; however, they remain
a valuable consideration for future research.

3. Settings and experiments

3.1. Hardware settings and environment
All experiments described in this paper were con-
ducted on a system equipped with an AMD Ryzen
7 9800X3D processor, an NVIDIA RTX 5080
GPU with 16GB of VRAM, and 32GB of DDR5 RAM.
For fine-tuning and inference, the official Unsloth
Docker image was used to prevent dependency
issues. Metrics were computed within a standard
Conda environment.

3.2. Models and dataset
The models utilized in this study consist of
two variants of the TranslateGemma fam-
ily: google/translategemma-4b-it and
google/translategemma-12b-it (Finkel-
stein et al., 2026). Based on the Gemma 3
architecture, these models were specifically

fine-tuned by Google to excel in MT across 55
languages. As instruction-tuned variants, they are
designed to follow prompts effectively.

Regarding the dataset, the TUs from the cor-
pus were already segmented into paragraph-level
structures, although some fragments were short
(e.g., titles and lists). Two different configurations
were evaluated: (a) the original version, which
uses TUs not exceeding 697 tokens (including both
source and target language references); and (b)
the mixed version, which combines the original
dataset with a reformulated version of itself, where
the same TUs are concatenated into larger seg-
ments of up to 2,102 tokens. This automated chunk-
ing process sought to obtain larger TUs while ad-
hering to rules designed to preserve section and
list integrity within each chunk. The original TUs re-
mained intact in the process, as they were not split.
Table 1 summarizes the characteristics of each
dataset. Each entry includes an ID, the source
language (Spanish), and the target language refer-
ence (English).

dataset train val test total
original 39,857 1,047 1,047 41,951
mix 43,738 1,169 1,169 46,076

Table 1: Number of TUs in each dataset split.

It is worth noting that the context window for
TranslateGemma is 2,000 tokens. While the model
card lists input and output separately, this typi-
cally encompasses the source text, prompt, and
target output. However, this is a functional limit es-
tablished during Google’s translation-focused fine-
tuning. Including the prompt, the mixed dataset
contains TUs reaching 2,300 tokens. Since the un-
derlying Gemma 3 architecture supports a context
window of up to 128,000 tokens, and the objective
of this work is to further fine-tune the models, this
should not hinder performance.

3.3. Variable-sized context adaptability
By randomly interleaving individual TUs with con-
catenated sequences from the mixed dataset, the
model was exposed to varying contextual scales.
This approach mitigates the “sentence-level bias”
(or short-sequence bias) typical of standard MT
datasets and encourages discursive consistency
across extended financial narratives. Since pre-
ceding and subsequent contexts are often crucial
for the accurate translation of a segment, lever-
aging an expanded context window is potentially
beneficial. Furthermore, this method serves as a
data augmentation technique by offering alternative
ways of presenting the training data. This random-
ized interleaving prevents length-related bias and
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promotes flexibility regarding context size. Com-
plementing this, bidirectionality is a core aspect of
this strategy. The model is exposed to the dataset
for both translation directions (ES-EN and EN-ES).
The random sampling of translation directions dur-
ing training prevents directional bias and results in
a more robust system.

3.4. Chat template and prompt
The default inference process in TranslateGemma
relies on a complex, hardcoded Jinja2 chat tem-
plate embedded within the model’s tokenizer, which
acts as a rigid preprocessing layer. This template,
hereafter referred to as GP, contains an extensive
internal mapping of ISO language codes and en-
forces a strict conversational structure that includes
system role validation and specific token format-
ting, such as start-of-turn and end-of-turn indicators.
While this ensures adherence to Google’s official
specifications, it introduces a significant computa-
tional bottleneck and unnecessary token overhead.
In contrast, the official Ollama adaptation1, referred
to as GPO, utilizes a more straightforward prompt-
ing strategy that bypasses the heavy Jinja2 logic
in favor of a direct instructional format. GPO strips
away the structural constraints of the hidden tem-
plate and delivers the core translation task directly
to the model. The GPO approach is provided in Fig-
ure 1. Effectively, the underlying information and
the translation intent remain the same—what varies
is the efficiency of the delivery and the reduction in
preprocessing latency.

The GP and GPO chat templates are compared
alongside a third prompt variant, which consists of
a minimal instruction:
You are a professional translator.
Translate the following text from
Spanish to English (or vice versa).

You are a professional {SOURCE_LANG}
({SOURCE_CODE}) to {TARGET_LANG} ({TAR-
GET_CODE}) translator. Your goal is to accurately
convey the meaning and nuances of the original
{SOURCE_LANG} text while adhering to {TAR-
GET_LANG} grammar, vocabulary, and cultural
sensitivities.
Produce only the {TARGET_LANG} translation, with-
out any additional explanations or commentary.
Please translate the following {SOURCE_LANG} text
into {TARGET_LANG}:

{TEXT}

Figure 1: GPO prompting implementation by Ol-
lama based on Google’s implementation (GP).

1https://ollama.com/library/translategemma

3.5. Fine-tuning and inference
Several fine-tuning and inference components were
individually analyzed to conduct a comprehensive
ablation study. Given the exceptional multilingual
capabilities of current LLMs, the inclusion of non-
fine-tuned (zero-shot) baselines was deemed es-
sential. Consequently, these models were eval-
uated in an inference-only setup to establish a
comparative benchmark. Furthermore, multiple
inference variables were examined, such as the
application of beam search and the impact of
model size. Each translation direction was also ana-
lyzed, enabling cross-directional comparisons. The
16GB VRAM constraint necessitated a resource-
aware experimental design incorporating QLoRA
and careful hyperparameter selection, in which the
use of the Unsloth library proved instrumental.

3.6. Hyperparameters
Fine-tuning hyperparameters using Unsloth re-
mained identical across experiments, with minor
adjustments between the 4B and 12B model ver-
sions. Both models were loaded in 4-bit precision
with a per-device training batch size of 2 and 8 gradi-
ent accumulation steps. The evaluation batch size
was set to 1, while eval_accumulation_steps
were set to 4 for the 4B version and 1 for the 12B
version to prevent out-of-memory (OOM) errors
during evaluation. Training was governed by an
early-stopping mechanism (monitoring eval loss)
with a patience of 3 evaluation calls, occurring
every 500 steps. Although 5 epochs were ini-
tially scheduled, the models reached early stop-
ping between 2.2 and 4.1 epochs, depending on
the dataset, prompt, and model size. The best
model (lowest validation loss) was consistently
loaded upon completion. Additional parameters
included a learning rate of 1× 10−5, 400 warmup
steps, and the paged_adamw_8bit optimizer with
a linear scheduler. Gradient checkpointing was
enabled (use_reentrant=False). Regarding
QLoRA configurations, a rank (r) of 16 and a LoRA
alpha (α) of 16 were applied to all linear layers.

3.7. Metrics
The metrics chosen for this work are summarized
in Table 2. MetricX and XCOMET are established
as SOTA metrics, as evidenced by their contin-
ued adoption in the most recent WMT25 shared
task (Juraska et al., 2025). However, MetricX-24
(Juraska et al., 2024) was utilized instead of the
2025 version, as the latter had not been fully re-
leased at the time of writing. According to Juraska
(Juraska, 2025), the 2025 iteration “did not outper-
form other fine-tuned metrics on the WMT25 test
set” and “didn’t provide a consistent improvement
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over MetricX-24.” Consequently, they recommend
adhering to the MetricX-24 version.

metric model
MetricX google/metricx-24-

hybrid-large-v2p6-bfloat16
MetricX_QE google/metricx-24-

hybrid-large-v2p6-bfloat16
MetricX_REFQA google/metricx-24-

hybrid-large-v2p6-bfloat16
XCOMET Unbabel/XCOMET-XL
XCOMET_QE Unbabel/XCOMET-XL
XCOMET_REFQA Unbabel/XCOMET-XL
CHREF++ n/a
TER n/a
BLEU n/a

Table 2: Metrics and models employed.

MetricX-24 utilizes a hybrid transformer-based
architecture—leveraging large-scale encoder-
decoder models like mT5—to assess translation
quality, consistently demonstrating superior
correlation with human judgment (Freitag et al.,
2024). The metric operates by encoding the
source, reference, and prediction into a shared em-
bedding space, where it performs reference-based
regression trained on Multidimensional Quality
Metrics (MQM) data. This allows the model to
move beyond surface-level lexical overlaps and
evaluate semantic fidelity. As a regressive metric
trained to predict human-assigned error scores, it
operates on an inverse scale where lower values
denote higher translation quality.

Complementing this, XCOMET provides an error-
aware evaluation by integrating a multi-task learn-
ing objective into the COMET framework. By utiliz-
ing cross-lingual encoders like XLM-RoBERTa and
training on both Direct Assessment (DA) and MQM
data, it distinguishes stylistic nuances from criti-
cal semantic errors to produce a normalized qual-
ity score. To overcome the encoder’s 512-token
constraint in long-form financial documents, a hi-
erarchical dynamic chunking strategy was imple-
mented. This methodology prioritizes line-by-line
alignment, followed by sentence-level segmenta-
tion and a length-based fallback to ensure compre-
hensive coverage. Although averaging segment
scores provides a global quality estimate, this frag-
mentation introduces specific risks: the potential
loss of cross-chunk cohesion, the risk of alignment
drift during fallback splitting, and the dilution of lo-
calized critical errors within the aggregate mean.

As a fundamental component of the evaluation
framework, an analysis of the intrinsic quality of
the gold standard references was performed to de-
termine whether the human-provided translations
effectively represent a definitive upper bound for

model predictions. This comparative analysis was
facilitated by the dual-mode architecture of MetricX
and XCOMET, which support both reference-based
(source, reference, and prediction) and reference-
free evaluation. Specifically, two dimensions were
assessed: (a) an evaluation of the source and the
reference, hereafter referred to as Reference Qual-
ity Assurance (RefQA), and (b) an evaluation of
the source and the model’s prediction, referred to
as Quality Estimation (QE). Comparing these two
dimensions enables the identification of whether
a specific score reflects suboptimal model perfor-
mance or stems from underlying inconsistencies
within the reference material itself (Freitag et al.,
2023).

Besides neural metrics, chrF++ and TER (Trans-
lation Edit Rate) were included to evaluate different
aspects of the translation. While chrF++ measures
character-level accuracy, TER estimates the effort
a human would need to correct the text. BLEU
metric was also implemented via the SacreBLEU
toolkit as a standard benchmark. Even though
BLEU has limitations in capturing full meaning, it
remains one of the most widely used metrics in the
field, enabling comparability with broader research.
Regarding their interpretation, higher chrF++ and
BLEU scores, and lower TER values denote supe-
rior translation quality. These traditional metrics
are more transparent and provide a reliable base-
line to check if the main neural metrics suffer from
metric bias. This phenomenon is an instance of
reward hacking , where the utility function (the re-
ward model) improves but the system’s behavior
diverges from actual quality or human preferences
(Kovacs et al., 2024).

4. Results and discussion

4.1. GP vs GPO

The impact of the chat template on model behavior
was initially evaluated, as it informs several subse-
quent experimental decisions. Table 3 provides a
performance and efficiency comparison between
the GP and GPO approaches. Both configurations
were tested using google/translategemma-
4b-it in a zero-shot setup. To prioritize inference
speed, all 4B models were loaded in 16-bit pre-
cision. While the difference in translation quality
remains negligible, the efficiency gains are substan-
tial: GPO achieves a reduction in both execution
time and energy consumption of over 98% relative
to the standard GP template.

It is important to clarify that the GPO version
was executed via Ollama, whereas the GP ver-
sion utilized the Unsloth fast inference frame-
work. Given that Unsloth is highly optimized for
speed, the disproportionate latency observed in
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Metric 4b_gp 4b_gpo
Translation Metrics

MetricX (MX) ↓ 2.8019 2.8158
XCOMET (XC) ↑ 0.8738 0.8730
chrF++ ↑ 64.46 64.69
TER ↓ 46.33 46.25
BLEU ↑ 31.54 31.76

Environmental Impact
Duration (min) ↓ 753.79 10.24
Emissions (g) ↓ 589.88 6.39
Total Energy (kWh) ↓ 3.39 0.037
GPU Energy (kWh) ↓ 2.5119 0.0359

Table 3: GP and GPO efficiency comparison.

the GP run suggests a substantial bottleneck inher-
ent to the complexity of the original template rather
than the inference engine itself. Consequently, this
remains a valid comparison, as it highlights how
template complexity can negate engine-level opti-
mizations. Furthermore, Ollama lacks native sup-
port for resource-intensive Jinja2-based templates,
necessitating streamlined adaptations for opera-
tional viability. Accordingly, all subsequent experi-
ments were conducted using Unsloth, except for
4b_noft_gpo variants.

To ensure computational efficiency and minimize
the environmental footprint, this comparison was
restricted to the ES-EN direction, excluding GP
regardless of the engine. GPO was used in the
remaining experiments, along with the previously
mentioned minimal prompt. The absence of “GPO”
in a system ID denotes the use of the minimal
prompt.

4.2. Prompt, fine-tuning and direction

Regarding prompting, the performance of the GPO
configuration is compared against the minimal
prompt. As shown in Table 4, the performance gap
between 4b_noft_gpo and 4b_noft is consis-
tent across both translation directions, particularly
in TER. In a zero-shot setting, the prompt serves as
the sole mechanism to activate the model’s trans-
lation capabilities. GPO more effectively triggers
the model’s internal weights by aligning with the lin-
guistic distribution encountered during its primary
training.

As for the fine-tuned models (indicated by the
“ft” suffix), distinct patterns emerge depending on
the translation direction. On the one hand, Table
4 shows that for ES-EN, performance is generally
superior with the minimal prompt. On the other
hand, it reveals the opposite trend for EN-ES, where
GPO-based systems consistently outperform the
minimal approach. In the EN-ES direction, GPO
is superior as it aligns the model with its native

instruction-tuning patterns (Finkelstein et al., 2026)
and Spanish morphological requirements. Further-
more, using original, well drafted, Spanish annual
reports as references during evaluation allows GPO
to achieve native-level prose, effectively avoiding
translationese (Zhang and Toral, 2019) and obtain-
ing extremely high fluency scores in MetricX. Con-
versely, ES-EN finds benefit from using the minimal
prompt. As demonstrated by Etxaniz et al. (2024),
LLMs often fail to leverage their full potential when
prompted in non-English languages, confirming an
English-centric bias where less structural guidance
in English leads to more natural generation. This is
further supported by Richburg and Carpuat (2024),
who found that the impact of translation fine-tuning
is inherently uneven across language pairs. Finally,
neural metrics like MetricX apparently exhibit a flu-
ency bias, potentially over-rewarding the natural
phrasing of the generated Spanish text, sometimes
at the expense of strict lexical fidelity (Freitag et al.,
2024).

Furthermore, reference quality is a primary factor
explaining the discrepancy in MetricX scores across
language directions, where EN-ES performance ap-
pears significantly superior to ES-EN (1.4895 vs.
2.5841). This may seem counterintuitive, as the
source corpus is originally Spanish. As noted in
the WMT23 findings: “Metrics might be guilty, but
references are not innocent” (Freitag et al., 2023).
By comparing the REFQA scores of the references
with the QE scores of the model predictions, a clear
limitation can be identified. If a metric deems a refer-
ence poorly aligned with the source, fine-tuning the
model to mimic that reference may propagate those
perceived flaws. This is evident when comparing
fine-tuned results to the 4b_noft_GPO zero-shot
scores. In the ES-EN direction, the MetricX gap be-
tween REFQA (2.9171) and QE (2.3320) indicates
that the model’s independent translations outper-
form the human references according to the metric.
The same trend is observed in EN-ES, though ab-
solute error scores are lower (REFQA 1.9424 vs.
QE 1.6859). This proportional difference confirms
that the EN-ES direction offers more room for im-
provement in terms of the metric.

4.3. Size of the model

Table 4 suggests a small difference between
the 4b and the 12b variants (4b_ft_bs_mix vs.
12b_ft_bs_mix). These two configurations were
almost identical except that the 12b variant was
loaded in 4-bit precision for inference and required
minor tweaks due to VRAM constraints. The 12b
variant is slightly superior, but given the increased
resource consumption, the 4b variant appears to
be a better option for deployment.
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ID MX ↓ MX_QE ↓ XC ↑ XC_QE ↑ CHRF ↑ TER ↓ BLEU ↑
ES-EN

4b_noft_gpo 2.5841 2.3320 0.9300 0.9398 64.69 46.25 31.76
12b_ft_bs_mix 2.6666 2.7468 0.9342 0.9392 70.73 38.05 40.15
4b_ft_bs_mix 2.8291 2.8407 0.9253 0.9350 70.19 39.37 39.14
4b_ft_mix 2.8915 2.9337 0.9208 0.9305 69.20 40.51 37.80
4b_noft 2.9153 2.6358 0.9027 0.9139 62.99 223.79 32.16
4b_ft_gpo_bs_mix 2.9734 3.0378 0.9262 0.9362 69.63 39.84 38.51
4b_ft_gpo_mix 3.0343 3.0972 0.9206 0.9286 68.54 41.27 37.22
4b_ft_bs_ori 3.1675 3.4858 0.8885 0.8985 67.21 42.23 36.63
4b_ft_ori 3.2863 3.6783 0.8653 0.8742 65.68 43.72 35.28
4b_ft_gpo_ori 3.3970 3.8776 0.9169 0.9325 65.96 45.44 34.86
4b_ft_gpo_bs_ori 3.8412 4.7432 0.9176 0.9345 64.73 47.91 33.85
REFQA – 2.9171 – 0.9153 N/A N/A N/A

EN-ES
12b_ft_gpo_bs_mix 1.4895 1.6859 0.9524 0.9453 72.07 36.48 43.84
4b_noft_gpo 1.5761 1.4672 0.9506 0.9544 64.80 47.99 34.24
4b_ft_gpo_bs_mix 1.8024 2.0062 0.9476 0.9429 69.65 40.10 40.99
4b_ft_gpo_mix 1.8058 1.9191 0.9391 0.9345 68.44 41.54 39.35
4b_ft_gpo_ori 1.8823 1.9493 0.9239 0.9231 67.30 42.78 38.35
4b_ft_gpo_bs_ori 1.9665 2.2565 0.9302 0.9305 68.04 41.21 39.79
4b_noft 1.9716 1.8419 0.9122 0.9164 63.24 403.09 34.87
4b_ft_mix 2.0267 2.1913 0.9399 0.9374 67.72 42.41 38.99
4b_ft_bs_mix 2.2443 2.5641 0.9464 0.9432 68.10 41.55 39.78
4b_ft_bs_ori 2.3601 2.9595 0.8261 0.8273 64.28 44.07 36.84
4b_ft_ori 2.5394 3.0886 0.8317 0.8242 62.52 46.51 35.05
REFQA – 1.9424 – 0.9131 N/A N/A N/A

Table 4: Scores sorted by MetricX. Averaged from 1169 samples.

4.4. Variable-sized context results

In order to assess how the variable-sized context
strategies (denoted as “mix”) compare to regular
fine-tuning, the same test set comprising 1,169
samples was split into two groups: one group with
contexts (ES + EN pairs) of 1,000 tokens or more,
and the other group with contexts of less than 1,000
tokens. This comparison is provided in Tables 5
and 6.

On the one hand, in both language directions, the
short-context group performed similarly to those in
the default table, with a slight improvement, mainly
in MetricX. Since the difference in the number of
samples is small (1,121 vs. 1,169), this behavior is
expected. On the other hand, the scores of the long-
context group (48 samples) are worth discussing.
First of all, the biggest difference lies in MetricX,
with scores significantly worse than those of the
short-context group. In fact, the application of Met-
ricX to extended contexts suggests a significant
technical limitation regarding the cumulative nature
of its scoring mechanism. As a regression-based
model that evaluates a document as a single holis-
tic unit, MetricX tends to aggregate minor stylistic
and terminological deviations from the human refer-

ence across the entire text. While these discrepan-
cies might be negligible in shorter segments, they
apparently accumulate into an artificially inflated
error score in long contexts, as the model lacks a
mechanism to distinguish between a single catas-
trophic error and a series of consistent but techni-
cally acceptable stylistic variances. Furthermore,
the model’s underlying calibration is largely derived
from human-annotated datasets such as MQM,
which are predominantly composed of sentence-
level or short-paragraph fragments. Consequently,
the metric’s regression head is optimized for short-
span judgments and may not scale linearly or ac-
curately when forced to process long contexts.

As for XCOMET scores, given the segmentation
approach used to fit the 512-token limit, this met-
ric can potentially fall short of assessing a larger
context as a whole. Overall, it provides consistent
scores across both groups, with a small decrease
in the long-context group. Similarly, traditional met-
rics suggest good performance in the long-context
group, on par with the short-context group, except
for the lower half of the ranking, where the original
dataset (ori) without GPO obtains poor scores,
especially in the EN-ES direction.
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ID MX ↓ MX_QE ↓ XC ↑ XC_QE ↑ CHRF ↑ TER ↓ BLEU ↑
Long contexts with ≥ 1,000 tokens (48 samples)

12b_ft_bs_mix 8.0723 5.7770 0.8916 0.9053 72.35 42.36 46.93
4b_noft_gpo 8.1615 5.6664 0.9313 0.9263 68.96 46.66 41.09
4b_noft 8.3184 5.8418 0.8820 0.9117 68.70 47.54 40.93
4b_ft_gpo_bs_ori 8.4941 6.2150 0.9013 0.9281 68.11 51.95 41.04
4b_ft_gpo_bs_mix 8.5254 5.9954 0.9131 0.9265 71.63 45.44 45.08
4b_ft_bs_mix 8.5664 6.0687 0.9238 0.9306 71.75 46.06 44.90
4b_ft_mix 8.6068 6.1364 0.9020 0.9219 71.37 45.52 44.92
4b_ft_gpo_mix 8.6895 6.2077 0.9032 0.9210 70.65 46.28 44.06
4b_ft_gpo_ori 8.7376 6.4365 0.8951 0.9144 67.29 52.17 40.71
4b_ft_bs_ori 8.7539 7.6302 0.9425 0.9100 60.34 57.67 35.90
4b_ft_ori 9.2630 8.7100 0.8743 0.9181 55.17 62.29 32.49

Short contexts with ≤ 1,000 tokens (1121 samples)
4b_noft_gpo 2.3453 2.1892 0.9300 0.9404 64.51 46.23 31.36
12b_ft_bs_mix 2.4351 2.6170 0.9360 0.9407 70.66 37.86 39.86
4b_ft_bs_mix 2.5835 2.7025 0.9254 0.9352 70.13 39.09 38.89
4b_ft_mix 2.6468 2.7965 0.9216 0.9308 69.10 40.30 37.50
4b_noft 2.6839 2.4985 0.9036 0.9140 62.74 231.34 31.79
4b_ft_gpo_bs_mix 2.7356 2.9112 0.9267 0.9366 69.55 39.60 38.23
4b_ft_gpo_mix 2.7921 2.9640 0.9213 0.9289 68.45 41.05 36.93
4b_ft_bs_ori 2.9283 3.3083 0.8862 0.8980 67.51 41.57 36.66
4b_ft_ori 3.0304 3.4628 0.8649 0.8723 66.13 42.93 35.39
4b_ft_gpo_ori 3.1683 3.7681 0.9179 0.9332 65.90 45.16 34.61
4b_ft_gpo_bs_ori 3.6419 4.6802 0.9183 0.9347 64.59 47.74 33.55

Table 5: Ablation analysis of the ES-EN pair size impact. Sorted by MetricX.

Regardless of these metric limitations, fine-
tuning seems to improve traditional metric scores,
with a bigger advantage in the short-context group
compared to zero-shot. The mix runs using the
variable-sized strategies are generally better than
their ori counterparts in both short and long con-
texts. However, zero-shot 4b_noft_gpo offers
surprisingly good adaptability to variable-sized con-
texts off-the-shelf, ranking better than most of the
fine-tuned systems in neural metrics, only behind
the 12B systems in several metrics, especially the
traditional ones.

4.5. Qualitative insights
Regarding mix runs, an inspection of the examples
with the highest error scores (MetricX > 10.0)
revealed no evident mistakes made by the models.
This further suggests that MetricX has limitations
when evaluating long-form contexts.

As for 4b_noft’s noticeable poor performance
in TER, in many instances, this flagging of low-
quality segments was attributable to the production
of an over-explanation and/or the creation of mul-
tiple alternative renderings, causing its output to
be heavily penalized by TER’s scoring mechanism.
This highlights that neural models fail to penalize
this kind of typical LLM production, probably ex-

hibiting metric bias or reward hacking. In contrast,
traditional metrics, mainly TER, were able to de-
tect the deviation. This configuration with neither
fine-tuning nor GPO would also produce its predic-
tion in the source language, consequently yielding
extremely poor scores in every metric.

It is worth noting the considerable score dispar-
ity observed in translations that received very low
ratings despite being arguably correct in fine-tuned
systems. One plausible explanation lies in the pe-
nalization of terminology errors arising from the
translation of product names or institutional refer-
ences. Most banks and financial institutions op-
erate with established in-house terminology and
defined translation strategies (for instance, a no-
translation policy). Consequently, a fine-tuned sys-
tem aligned to these stylistic choices is prone to
deviate substantially from the metric criteria, since
metrics do not consider these institutional style
guidelines. Furthermore, professional human trans-
lators often adopt a functionalist approach, prioritiz-
ing dynamic equivalence Nida (1964, p. 159) and
strategic localization over literal mapping. While
these human-centric adaptations ensure the text
is “fit for purpose” in a corporate context, they are
frequently penalized by automated metrics that fa-
vor semantic overlap and stylistic uniformity over
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ID MX ↓ MX_QE ↓ XC ↑ XC_QE ↑ CHRF ↑ TER ↓ BLEU ↑
Long contexts with ≥ 1,000 tokens (48 samples)

12b_ft_gpo_bs_mix 5.9720 5.1175 0.9161 0.9252 73.94 40.04 50.07
4b_ft_gpo_bs_mix 6.3643 5.1175 0.8980 0.9232 70.44 46.31 45.48
4b_noft_gpo 6.3792 4.7002 0.9455 0.9413 69.79 47.22 42.54
4b_ft_gpo_mix 6.4082 5.2314 0.8821 0.8958 71.11 46.04 45.49
4b_noft 6.4538 4.7402 0.8954 0.8709 70.22 46.53 43.27
4b_ft_mix 7.1188 5.4089 0.9243 0.9170 65.80 55.37 40.39
4b_ft_bs_mix 7.4414 5.6484 0.9317 0.9308 60.15 58.21 35.67
4b_ft_gpo_ori 8.2959 6.5846 0.9226 0.9326 52.66 65.89 29.83
4b_ft_gpo_bs_ori 8.3613 7.7751 0.9350 0.9148 49.68 67.07 28.74
4b_ft_bs_ori 10.2780 13.6107 0.8307 0.8333 19.86 89.40 7.58
4b_ft_ori 10.9902 14.1523 0.8491 0.7497 18.70 89.53 7.79

Short contexts with ≤ 1,000 tokens (1121 samples)
12b_ft_gpo_bs_mix 1.2976 1.5390 0.9540 0.9462 71.99 36.33 43.57
4b_noft_gpo 1.3704 1.3287 0.9508 0.9550 64.59 48.03 33.89
4b_ft_gpo_bs_mix 1.6071 1.8729 0.9497 0.9437 69.61 39.83 40.80
4b_ft_gpo_ori 1.6077 1.7508 0.9239 0.9227 67.92 41.79 38.72
4b_ft_gpo_mix 1.6087 1.7773 0.9416 0.9362 68.33 41.35 39.09
4b_ft_gpo_bs_ori 1.6927 2.0202 0.9300 0.9312 68.82 40.10 40.26
4b_noft 1.7797 1.7178 0.9129 0.9184 62.94 418.36 34.51
4b_ft_mix 1.8086 2.0535 0.9406 0.9383 67.80 41.86 38.93
4b_ft_bs_ori 2.0211 2.5034 0.8259 0.8270 66.18 42.13 38.09
4b_ft_bs_mix 2.0218 2.4321 0.9470 0.9437 68.44 40.83 39.96
4b_ft_ori 2.1776 2.6149 0.8309 0.8274 64.40 44.67 36.22

Table 6: Ablation analysis of the EN-ES pair size impact. Sorted by MetricX.

nuanced, contextual translation. These factors fur-
ther explain why REFQA scores may underperform
relative to QE ones.

4.6. Comparing results to other works
No direct comparisons with prior work were iden-
tified. The most closely related research is dis-
cussed below. For instance, the WMT24 reposi-
tory2 employed google/metricx-23-xl-v2p0
(Juraska et al., 2023), an earlier version than the
one utilized in this study, and Unbabel/wmt23-
cometkiwi-da-xl, a reference-free metric com-
parable to XCOMET_QE scores. The winning sys-
tem of that edition, Unbabel-Tower70B (Rei et al.,
2024), achieved a MetricX score of 1.875 and a
CometKiwi score of 0.745. At the time of writing,
the WMT25 systems repository had not yet been
released.

This prior work (Rajaee et al., 2026) reports
XCOMET-XL scores for several language pairs,
excluding Spanish, with averages ranging from
74.9 to 80.4. Another study (Oncevay et al., 2025)
provides chrF++ and COMET scores for various
language pairs; for English-source combinations,

2https://github.com/wmt-conference/wmt24-news-
systems

chrF++ results range from 43.79 to 66.8, while
COMET scores range from 73.06 to 90.87. How-
ever, these findings are not directly comparable to
the experiments in this study.

5. Conclusions

Addressing the research questions: (1) Despite
TranslateGemma’s notable zero-shot performance,
fine-tuning on annual reports better aligns predic-
tions with the reference style—as indicated by tradi-
tional metrics and qualitative analysis—even when
neural metrics exhibit lower alignment with human
references. (2) IBEX 35 companies may find value
in this approach given the remarkably low TER,
which minimizes Machine Translation Post-Editing
(MTPE) effort. (3) The variable-sized context strate-
gies for fine-tuning provide slightly better results in
both short- and long-context settings. (4) There
seem to be limitations in current neural MT metrics,
including metric bias toward model predictions, re-
ward hacking effects, and language direction asym-
metry. However, a thorough qualitative analysis
should be performed on a larger scale in order to
empirically affirm whether that is the reason for the
REFQA underperformance against zero-shot QE,
consequently limiting fine-tuning effectiveness.
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