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Abstract

Current state-of-the-art Quality Estima-
tion (QE) in machine translation relies
on massive, proprietary LLMs, raising
data privacy concerns. We demonstrate
that smaller, open-source LLMs (<30B
parameters) are a viable, cost-effective
and privacy-preserving alternative. Us-
ing a single-pass prompting strategy, our
models simultaneously generate quality
scores, MQM error annotations, suggested
error corrections, and full post-editions.
Our analysis shows these models achieve
highly competitive system-level correla-
tions with human judgments that outper-
form traditional neural metrics, fine-tuned
models, and human inter-annotator agree-
ment, effectively approximating the capa-
bilities of much larger proprietary LLMs.

1 Introduction

Quality Estimation (QE) remains a critical com-
ponent in professional machine translation work-
flows, enabling the assessment of translation re-
liability without access to reference translations.
While neural regression-based metrics such as
COMET (Rei et al., 2020) have achieved high
correlations with human judgments, they typically
produce a single scalar score. This aggregation
provides little insight into specific translation er-
rors or their severity, limiting the utility of such
metrics for downstream tasks that require detailed
feedback and interpretability. Consequently, there
is a growing demand for evaluation methods that
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can offer fine-grained error diagnosis alongside
quality scores.

The emergence of Large Language Models
(LLMs) has introduced a new paradigm for evalu-
ation, often referred to as "LLM-as-a-judge". Ap-
proaches such as GEMBA (Kocmi and Feder-
mann, 2023b) and AutoMQM (Fernandes et al.,
2023) leverage the generative capabilities of LLMs
to mimic human evaluation frameworks like Mul-
tidimensional Quality Metrics (MQM) (Lommel et
al., 2013) or Error Span Annotation (ESA) (Kocmi
et al., 2024). By employing zero-shot or few-shot
prompting strategies, these methods can identify
and categorize error spans, offering a level of in-
terpretability that was previously difficult to attain
with standard neural metrics.

However, the state-of-the-art performance of
these generative metrics currently relies heavily
on massive, proprietary models such as GPT-5
or Gemini. This dependency presents significant
challenges for professional deployment, particu-
larly concerning data privacy. Sending sensitive
content to external APIs for evaluation is often
prohibitive for enterprises with strict data secu-
rity requirements. Furthermore, the lack of trans-
parency regarding the training data and architec-
ture of closed models raises concerns about repro-
ducibility and the stability of evaluation standards
over time.

We hypothesize that high-quality, interpretable
QE can be achieved without reliance on very large
proprietary models. In this work, we demonstrate
the feasibility of developing an effective MQM-
style metric using significantly smaller, open-
source multilingual models. By shifting to open
weights, we address the critical need for privacy-
preserving evaluation pipelines that can be de-
ployed locally within secure environments. We



show that with appropriate prompting and output
processing, these smaller models can offer more
efficient alternatives to their larger, closed-source
counterparts.

To achieve competitive performance with these
resource-constrained architectures, we introduce
a streamlined methodology that integrates qual-
ity estimation and post-editing. Building upon the
structured prompting strategies of GEMBA-MQM
V2 (Junczys-Dowmunt, 2025), our approach per-
forms translation post-editing and error detection
in a single inference step. This contrasts with re-
cent multi-stage approaches like MQM-APE (Lu
et al., 2025), which require multiple model calls to
verify errors. We subsequently apply heuristic er-
ror filtering to refine the output, reducing computa-
tional overhead while maintaining the granularity
required for professional quality checks.

2 Related Work

The COMET-Kiwi (Rei et al., 2022) family of
metrics and recent models like MetricX-25-QE
(Juraska et al., 2025) represent state-of-the-art
neural regression baselines explicitly fine-tuned
for reference-free translation quality estimation.
These models leverage pretrained multilingual en-
coders to predict a single quality score. While the
scalar score can be a good indicator of the transla-
tion’s quality, it is not easily interpretable.

xCOMET (Guerreiro et al., 2024) bridges the
gap between regression-based scoring and fine-
grained error detection by integrating both tasks
into a single learned metric. It predicts sentence-
level scores while simultaneously identifying error
spans and assigning them severity labels (Minor,
Major, Critical), achieving high correlation with
human scores. While it is a big leap from scalar
metrics it still lacks the fine-grained error catego-
rization found in human-based error annotations
such as MQM.

Generative, LLM-based approaches like Error
Analysis Prompting (EAPrompt) (Lu et al., 2024)
attempt to emulate the human MQM framework
by combining Chain-of-Thought (CoT) reasoning
with structured error analysis. EAPrompt explic-
itly instructs the model to identify major and mi-
nor errors within its reasoning steps before calcu-
lating a final score. While the internal CoT process
identifies specific errors, the primary output focus
remains the aggregated score or error count, rather
than returning a structured list of error spans to the

user. Furthermore, EAPrompt employs multi-turn
prompting, separating error identification from er-
ror counting, which increases the computational
cost by requiring multiple model calls per evalu-
ated segment.

AutoMQM represents one of the initial efforts to
fully automate the annotation of translations with
MQM-style errors using Large Language Mod-
els. By leveraging large models like PaLM-2, Au-
toMQM demonstrated that LLMs could effectively
identify and categorize errors when provided with
few-shot examples sampled from human annota-
tions. This approach shifted the focus from assign-
ing a scalar score to generating structured error an-
notations.

The GEMBA family of metrics established the
state-of-the-art for LLM-based evaluation using
zero-shot and few-shot prompting with GPT mod-
els. GEMBA-MQM (Kocmi and Federmann,
2023a) specifically prompts GPT-4 to output struc-
tured error annotations, mapping severities to a
final quality score. The most recent iteration,
GEMBA-MQM V2, addresses the stochastic na-
ture of LLM outputs by aggregating scores across
ten distinct inference runs. While this aggregation
strategy significantly improves reliability and cor-
relation with human judgments, it increases com-
putational demands, requiring large proprietary
models and substantially higher inference time and
cost per segment.

MQM-APE builds upon the generative evalua-
tion paradigm by integrating an Automatic Post-
Editing (APE) step to verify the impact of detected
errors. It filters out non-impactful errors by check-
ing if fixing them actually improves the transla-
tion quality according to a pairwise verifier. No-
tably, MQM-APE demonstrated the viability of us-
ing open-source models like Llama-3 (Grattafiori
et al., 2024) and Mixtral (Jiang et al., 2024) for this
task. However, its architecture relies on a sequen-
tial pipeline of three distinct modules: evaluator,
post-editor, and verifier. Since all of these mod-
ules are operated by the LLM, it results in high
inference costs.

Our work builds directly upon the structured
prompting strategies of GEMBA-MQM V2 but
adapts them for resource-constrained environ-
ments. We extend the framework by incorpo-
rating simultaneous post-editing and ESA scoring
within a single inference step, alongside more de-
tailed error descriptions. Unlike GEMBA-MQM



V2, which utilizes full document context, we omit
document-level information to accommodate the
context window limitations of smaller open-source
models deployed on consumer-grade GPUs (up
to 32GB of VRAM). This trade-off allows us to
maintain high interpretability and accuracy while
ensuring data privacy and reducing computational
overhead.

3 Methodology

3.1 Data

For all experiments we utilize the official data and
human annotations provided by the organizers of
the WMT25 Metrics Shared Task. The dataset
comprises paragraph-level translations generated
by various systems submitted to the WMT25 Gen-
eral MT Task. Each of the system outputs was
originally evaluated by the task organizers or par-
ticipants using multiple automated metrics, includ-
ing COMET22, COMETKiwi22, MetricX-25-QE,
GEMBA-v2 and Gemini2.5-Pro, which serve as
the baselines for our proposed approach. Subse-
quently, the organizers selected a subset of the best
scoring systems for human evaluation.

Human evaluation followed the ESA protocol,
which has been established as the standard evalua-
tion framework at WMT for the past two iterations.
According to the ESA guidelines, human evalua-
tors assess translation quality through a two-step
process. First, the annotators identify and high-
light specific error spans within the translated text,
categorizing them by severity. Second, after com-
pleting the span annotation, the evaluators assign
an overall quality score ranging from 0 to 100 to
the translation. Each segment was evaluated by
two annotators. We take the average of the two
scores and treat it as the golden standard.

From the complete WMT25 dataset, we select
three language pairs to evaluate our method across
diverse linguistic scenarios: Czech-German (to
represent a non-English-centric translation direc-
tion), English-Italian (representing a high-resource
language pair), and English-Ukrainian (represent-
ing a low-resource target language utilizing a non-
Latin script). To ensure a fair and consistent com-
parison between human judgments and automated
metrics, we restrict our experiments strictly to the
segments that possess complete human ESA anno-
tations and scores. The resulting number of sys-
tems and segments per system is reported in Ta-
ble 1.

Czech → German
Number of systems 20
Segments per system 231

English → Italian
Number of systems 18
Segments per system 215

English → Ukrainian
Number of systems 18
Segments per system 199

Table 1: Details on the number of systems and segments per
language pair. Each segment consisted of multiple sentences,
making the evaluation paragraph-level.

3.2 Prompts

To query the models for QE, we base our ini-
tial prompt structure on GEMBA-MQM V2. This
method was among the best-performing metrics in
the WMT25 Metrics Task and provides an effec-
tive baseline framework for extracting structured
error span annotations, with both input and output
formatted as JSON.

In its original formulation, the GEMBA-MQM
V2 prompt includes the context of the entire doc-
ument to score individual segments. While propri-
etary models generally handle large inputs without
issues, many small open-source models possess
limited context windows. Furthermore, expand-
ing the active context length significantly increases
VRAM consumption. This is often impractical
for on-premise deployments reliant on consumer-
grade hardware due to the associated infrastruc-
ture costs and reduced inference speeds. Conse-
quently, we omit the document-level context in our
approach, evaluating each paragraph in isolation to
fit these hardware constraints.

To calibrate the model’s sensitivity and encour-
age correct JSON output formatting, we provide
in-context learning examples within the prompt.
By supplying few-shot examples of segments con-
taining high, medium, and zero error counts, we
aim to mitigate common issues such as over-
annotation (hallucinating non-existent errors) and
under-annotation (missing clear mistakes). The
examples were specifically selected from trans-
lations across multiple language pairs (English-
German, Polish-Spanish, French-Italian) to pre-
vent the model from focusing on pair-specific fea-
tures. This results in a language-pair-independent
prompt, which can be applied to any translation
pair without the need to modify or replace exam-



ples for subsequent experiments.
We modify the prompt to explicitly request the

extraction of both source and target error phrases.
Capturing the exact target phrase allows for er-
ror span annotation within the translated text. Si-
multaneously, extracting the corresponding source
phrase is necessary for identifying omission errors,
where a specific phrase present in the source is en-
tirely absent from the translation.

Alongside the error span annotations, the
prompt instructs the model to generate a suggested
correction for each identified mistake. Providing
targeted fixes has practical utility in professional
translation workflows. It can accelerate the hu-
man post-editing process by allowing translators
to review and accept specific suggestions directly
in their computer-assisted translation (CAT) tools.

Finally, we ask the model to output a full post-
edited version of the target segment within the
same prompt. By consolidating QE, error span an-
notation and automatic post-edition into a single
prompt, we aim to significantly reduce latency and
computational overhead.

We provide the system and user prompt tem-
plates used for all our experiments in Appendix A,
Listings 1, and 2.

3.3 Models

We evaluate our approach using three open-source
models: gemma-3-27b-it1 (Team et al., 2025),
EuroLLM-9B-Instruct2 (Martins et al.,
2025), and Qwen3-VL-30B-A3B-Instruct3

(Bai et al., 2025). We selected these specific
models because they fall under the 30-billion
parameter threshold, enabling on-premise de-
ployment on smaller, consumer-grade GPUs.
Furthermore, they are available under non-
restrictive open-source licenses and possess
strong multilingual capabilities. Although
Qwen3-VL-30B-A3B-Instruct is inher-
ently a Vision-Language (VL) Model, we utilize
only its text-processing modalities for this task,
as it is reported to achieve superior results on
text-only benchmarks compared to its non-VL
counterpart (Bai et al., 2025).

To benchmark our results against state-of-the-

1https://huggingface.co/google/
gemma-3-27b-it
2https://huggingface.co/utter-project/
EuroLLM-9B-Instruct
3https://huggingface.co/Qwen/
Qwen3-VL-30B-A3B-Instruct

art proprietary systems, we additionally run qual-
ity estimation using Gemini-3-Flash (Google
DeepMind, 2025) as a backbone model. All mod-
els are prompted using an identical prompt struc-
ture.

For the open-source models, we apply greedy
decoding by setting the temperature to zero (T =
0). Conversely, we run Gemini-3-Flash with
T = 1, as decreasing the temperature is not rec-
ommended in its documentation. To ensure a fair
comparison, we minimize the impact of Gemini’s
internal reasoning capabilities by setting its think-
ing budget to zero. While the Gemini 3 family
does not support a complete ’thinking-off’ mode,
this configuration triggers a ’minimal’ thinking
level, effectively preventing the model from com-
plex reasoning.

3.4 Error Filtering

The raw output from generative models often
contains inconsistencies, necessitating a struc-
tured filtering pipeline. To ensure robust pars-
ing of the generated responses, we utilize the
json-repair library4 (Baccianella, 2025) to
automatically correct any malformed JSON struc-
tures before further processing.

Our first filtering step addresses error span hal-
lucinations, where the model identifies a target
phrase that does not actually exist in the generated
translation. We filter out these errors based on ex-
act string matching after lowercase normalization.

Furthermore, we observe that models frequently
duplicate the same error across multiple severity
categories. In these instances, we deduplicate the
annotations by retaining only the instance with the
highest severity. This heuristic ensures that criti-
cal or major translation flaws are accurately repre-
sented and not overshadowed or mistakenly down-
graded in favor of redundant minor complaints.
The filtering results for each model are presented
in Table 2.

Additionally, we explored a secondary filtering
mechanism based on the generated post-editions.
This approach used fuzzy matching to compare the
model’s suggested correction with its post-edited
segment. The underlying logic assumes that if the
model flags an error and proposes a fix, but fails to
incorporate that fix into its final post-edition, the
flagged error is likely a false positive. However,

4https://github.com/mangiucugna/json_
repair

https://huggingface.co/google/gemma-3-27b-it
https://huggingface.co/google/gemma-3-27b-it
https://huggingface.co/utter-project/EuroLLM-9B-Instruct
https://huggingface.co/utter-project/EuroLLM-9B-Instruct
https://huggingface.co/Qwen/Qwen3-VL-30B-A3B-Instruct
https://huggingface.co/Qwen/Qwen3-VL-30B-A3B-Instruct
https://github.com/mangiucugna/json_repair
https://github.com/mangiucugna/json_repair


Error count
Rejection rate

Before filtering After filtering
Czech → German

EuroLLM-9B-Instruct 20,278 13,591 33.0%
Qwen3-VL-30B-A3B-Instruct 44,099 21,871 50.4%
Gemma-3-27b-it 12,467 10,234 17.9%
Gemini-3-Flash 16,247 15,134 6.9%

English → Italian
EuroLLM-9B-Instruct 11,387 7,953 30.2%
Qwen3-VL-30B-A3B-Instruct 30,119 16,530 45.1%
Gemma-3-27b-it 8,407 7,351 12.6%
Gemini-3-Flash 13,519 13,032 3.6%

English → Ukrainian
EuroLLM-9B-Instruct 12,212 8,180 33.0%
Qwen3-VL-30B-A3B-Instruct 24,277 15,357 36.7%
Gemma-3-27b-it 9,509 7,996 15.9%
Gemini-3-Flash 15,324 14,609 4.7%

Table 2: Total number of errors detected by four QE models across three language pairs, before and after filtering, with rejection
rates.

our preliminary tests yielded a low level of im-
provement when applying this filter. We conclude
that this heuristic relies heavily on the model pos-
sessing exceptionally strong and consistent post-
editing capabilities.

This observation aligns closely with the findings
from the WMT25 Metrics Task 3, which focused
on post-editing sentences with pre-annotated er-
ror spans. Lavie et al. (2025) noted that while
LLMs demonstrate an ability to improve tradi-
tional Neural Machine Translation (NMT) outputs,
they struggle to meaningfully improve outputs al-
ready generated by LLMs. Consequently, we do
not include this filtering step, as the current post-
editing limitations of smaller open-source models
can introduce noise into the filtering process rather
than refine it.

4 Evaluation

Following the evaluation framework implemented
in the mt-metrics-eval5 toolkit, we compute
correlations between our QE scores, selected base-
line metrics, and human ESA ratings. For the
system-level evaluation, we report Soft Pairwise
Accuracy (SPA) (Thompson et al., 2024). At the
segment level, we evaluate the metrics using the
"group-by-item" segment-level accuracy with tie
calibration (Deutsch et al., 2023).

5https://github.com/google-research/
mt-metrics-eval

To evaluate the accuracy of the generated error
spans, we adopt the official protocol established in
the WMT25 Metrics Task 2 (Lavie et al., 2025).
We calculate the precision, recall, and micro-F1
scores at the character level to measure the overlap
between the predicted and gold human error spans.
This evaluation scheme rewards not only the exact
character matches but additionally it incorporates
a partial credit weighting of 0.5 points for cross-
severity matches, meaning the model receives par-
tial recognition if it correctly identifies the location
of an error but misclassifies its severity.

It is important to note a limitation regarding the
alignment of source-side errors within this specific
evaluation framework. It accounts only for the er-
rors that can be explicitly mapped to character in-
dices within the target translation string. Conse-
quently, it does not evaluate errors that can be an-
notated solely in the source sentence. A primary
example is an omission error, where a phrase or an
entire sentence is left untranslated and thus has no
corresponding text span in the target output. For
this reason, although our models are prompted to
detect and extract these source-side omissions, we
ignore them when calculating the F1 score. On the
other hand, the omission errors are taken into ac-
count by the model when assigning the segment-
level scalar score.

https://github.com/google-research/mt-metrics-eval
https://github.com/google-research/mt-metrics-eval


Figure 1: System-level performance of baseline metrics on the WMT25 dataset. The histograms display the score distributions
for each metric, while the scatter plots illustrate the correlation between automated scores and human evaluations. Soft Pairwise
Accuracy values for each language pair and their respective averages are provided above each plot. The background heatmap
indicates the average accuracy across all language pairs (note: EN–IT is excluded for COMET22 due to the lack of available
reference translations).

Figure 2: System-level performance of the proposed LLM-based QE metrics. The histograms display the distribution of
scores generated by each model, while the scatter plots demonstrate the correlation with human-assigned ratings. Soft Pairwise
Accuracy values for each language pair and their overall averages are indicated above each plot. The background heatmap
represents the mean accuracy across all language pairs, with all proposed models providing quality scores on a scale of 0 to
100.

5 Results

5.1 Correlation with Human ESA
As illustrated in Figure 1 and Figure 2, the evalu-
ated open-source models demonstrate highly com-
petitive performance at the system level. Specif-
ically, Qwen3 and Gemma achieve strong aver-
age SPA scores of 0.83 and 0.82, respectively.
While these results are still lower than the propri-
etary Gemini-2.5-Pro (0.87) and GEMBA-MQM
V2 (0.84), they substantially outperform tradi-
tional regression metrics such as COMET22 (0.73)
and its reference-free counterpart COMETKiwi22
(0.60). Notably, these open-source models also
surpass MetricX-25-QE (0.71), a SOTA model ex-
plicitly fine-tuned for the QE task. Among the
open-weight models, EuroLLM exhibits a slightly
lower average SPA of 0.72, though it remains com-
petitive with the baselines.

Conversely, as seen in Figure 3 and Figure 4,
the performance at the segment level reveals a
persistent limitation of current open-source LLM
evaluators. All evaluated open-source models ex-
hibit significantly lower correlations compared to
both proprietary LLMs and dedicated neural met-
rics. Only proprietary models achieve segment-
level correlations that approach the reliability of
traditional neural metrics. This aligns with previ-
ous findings that while LLMs excel at aggregating
system-level quality, they struggle to consistently
and reliably rank individual segments (Lavie et al.,
2025). However, LLM-based evaluators can be
viewed as complementary to these traditional met-
rics. While they may show lower ranking correla-
tion, they provide a higher level of interpretability
than regression-based models.

Furthermore, our evaluation highlights visible



Figure 3: Segment-level performance of baseline metrics on the WMT25 dataset. The histograms show the distribution of
scores for each metric across all evaluated segments. The scatter plots illustrate the correlation between automated metric
scores and human judgments according to the "group-by-item" segment-level accuracy with tie calibration. Exact correlation
values for each language pair and their respective averages are provided above each plot. The background heatmap represents
the mean correlation across all language pairs (note: EN–IT is excluded for COMET22 due to a lack of available references).

Figure 4: Segment-level performance of the proposed LLM-based QE metrics. The histograms display the distribution of
quality scores generated by each model, while the scatter plots demonstrate the correlation with human-assigned ratings using
the "group-by-item" segment-level accuracy with tie calibration. Pairwise correlation values for all language pairs and their
overall averages are indicated above each plot. The background heatmap represents the mean correlation across all language
pairs, with all proposed models providing scores on a scale of 0 to 100.

performance disparities across different language
pairs. These variations are present for both the
open-source and proprietary models. Because the
model performance on specific language pairs dif-
fers depending on the pre-training data, carefully
selecting and validating the appropriate model re-
mains a crucial step for practical deployment.

Finally, an analysis of the score distributions re-
veals a pattern for generative models: score quan-
tization. As illustrated in the scatter plots in Figure
4, LLM-generated scores frequently exhibit visible
gaps, anchoring to specific numerical values. In
contrast, traditional neural metrics yield smooth,
continuous score distributions.

Additionally we present the results in tabular
form in Appendix B.

5.2 Inter-Annotator Agreement

To contextualize the performance of the automated
metrics, we computed the inter-annotator agree-
ment between human evaluators who provided an-
notations for the WMT25 dataset. At the system
level, presented in Figure 5, the average SPA be-
tween humans is only 0.71. Remarkably, all eval-
uated LLM-based QE metrics exceed this, demon-
strating that automated metrics can provide more
consistent system-level rankings than a secondary
human annotator. Furthermore, human agree-
ment exhibits substantial variance across language
pairs, mirroring the observations made in auto-
mated metrics.

At the segment level, presented in Figure 6, the
average human correlation drops significantly to
0.56. This confirms that segment-level scoring is
an inherently subjective task, making it more dif-



Figure 5: Inter-annotator agreement between independent
human evaluators at the system level. The histograms (top
and left) display the distribution of average quality scores as-
signed by each human annotator across all evaluated systems.
The scatter plot (bottom-right) illustrates the correlation be-
tween the two sets of human scores. Soft Pairwise Accuracy
values for each language pair and their overall average are
provided above the plot.

ficult to model than system-level scoring. While
the open-source models currently fall short in this
task, Gemini actually achieves higher agreement
with the gold standard.

Finally, the human-to-human comparison pro-
vides insight into the score quantization observed
in the LLM outputs. The scatter plot in Figure 6
reveals that human evaluators also tend to anchor
their assessments to specific round numbers, cre-
ating a grid-like visual pattern that is particularly
pronounced in the English-Italian data. This indi-
cates that the discretized scoring behavior of gen-
erative models is not strictly an artificial flaw, but
might reflect a human tendency to categorize sub-
jective quality into distinct, quantized tiers.

5.3 Error Span Detection
As shown in Table 6, the absolute F1 scores
for error span detection remain consistently low
across all models, reaching a maximum of approx-
imately 18% for the proprietary Gemini-3-Flash
and roughly 10% for the best open-source model,
Gemma-3-27b-it. However, evaluating automated
error span detection is complicated by inherently
low human inter-annotator agreement. For the lan-
guage pairs examined in our study, the micro-F1
agreement between independent human annotators
ranges from only 30% to 37% (Lavie et al., 2025),
which establishes a low empirical ceiling for the

Figure 6: Inter-annotator agreement between independent
human evaluators at the segment level. The histograms (top
and left) show the distribution of quality scores assigned to in-
dividual segments by each human annotator. The scatter plot
(bottom-right) demonstrates the correlation between these
segment-level judgments. The "group-by-item" segment-
level accuracy with tie calibration values for all language pairs
and their overall average are provided above the plot.

task.
Furthermore, by applying simple error filter-

ing, we can effectively limit the number of an-
notated errors without any significant decrease in
the overall F1 score. This filtering process makes
the annotations more practically useful by curb-
ing over-annotation. For instance, Qwen3 ex-
hibits highest recall prior to filtering (e.g., 25.75
on English-Italian) but low precision (3.03), sug-
gesting a strong tendency to over-annotate or hal-
lucinate spans, which is confirmed by the amount
of filtered errors presented in Table 2. After filter-
ing, Qwen3 improves its precision without sacri-
ficing much recall, increasing its F1 score. Over-
all, Gemma-3-27b-it proves to be the most capa-
ble open-source model for span detection, achiev-
ing the highest F1 scores, though this performance
may simply be due to the model having the largest
number of active parameters.

In addition to evaluating the span-detection met-
rics against human-annotated error spans, we also
measured performance against the error spans gen-
erated by Gemini-3-Flash to determine if the open-
source models exhibit higher alignment with a
state-of-the-art proprietary LLM. As shown in Ta-
ble 4, the open-source models reach a notably
higher agreement with Gemini than with human
annotators, demonstrating significant increases in



Unfiltered errors Filtered errors
Precision Recall F1 score Precision Recall F1 score

Czech → German
EuroLLM-9B-Instruct 6.21 9.03 7.36 6.59 8.49 7.42
Qwen3-VL-30B-A3B-Instruct 4.55 20.39 7.43 6.87 18.41 10.01
Gemma-3-27b-it 11.12 9.86 10.45 11.24 9.62 10.37
Gemini-3-Flash 16.53 20.23 18.19 16.66 19.97 18.17

English → Italian
EuroLLM-9B-Instruct 4.35 7.43 5.49 4.44 7.16 5.48
Qwen3-VL-30B-A3B-Instruct 3.03 25.75 5.42 4.32 23.42 7.30
Gemma-3-27b-it 9.78 11.69 10.65 9.82 11.47 10.58
Gemini-3-Flash 10.13 22.10 13.89 10.20 21.96 13.93

English → Ukrainian
EuroLLM-9B-Instruct 2.28 8.89 3.63 2.30 8.41 3.61
Qwen3-VL-30B-A3B-Instruct 1.51 23.43 2.84 1.84 20.65 3.39
Gemma-3-27b-it 3.77 11.37 5.67 3.76 11.11 5.61
Gemini-3-Flash 4.57 24.72 7.72 4.58 24.27 7.71

Table 3: Span-level error detection performance across three language pairs, evaluated against official human annotations. The
table shows precision, recall, and F1 scores for four QE models, considering both unfiltered and filtered error sets. The highest
score for each metric within a language pair is indicated in bold, and a heatmap is applied to the F1 score column.

Unfiltered errors Filtered errors
Precision Recall F1 score Precision Recall F1 score

Czech → German
EuroLLM-9B-Instruct 9.58 11.38 10.40 10.16 10.92 10.52
Qwen3-VL-30B-A3B-Instruct 8.11 29.72 12.74 12.26 27.41 16.95
Gemma-3-27b-it 24.82 17.98 20.86 24.83 17.73 20.69

English → Italian
EuroLLM-9B-Instruct 12.30 9.64 10.81 12.54 9.40 10.75
Qwen3-VL-30B-A3B-Instruct 8.38 32.69 13.34 11.97 30.11 17.13
Gemma-3-27b-it 27.04 14.81 19.14 27.10 14.71 19.07

English → Ukrainian
EuroLLM-9B-Instruct 12.87 9.30 10.80 13.17 9.10 10.76
Qwen3-VL-30B-A3B-Instruct 10.11 28.98 14.99 12.81 27.07 17.39
Gemma-3-27b-it 27.60 15.38 19.75 27.43 15.30 19.64

Table 4: Precision, recall, and F1 scores for span-level error detection, using Gemini-3-Flash predictions as the gold standard.
This evaluation measures the alignment of open-source QE models with the proprietary Gemini-3-Flash model across
three language pairs. Performance is reported for both unfiltered and filtered error sets, with the highest values per metric
bolded and F1 scores visualized via a heatmap.

both precision and recall across all tested lan-
guage pairs. Although this model-to-model agree-
ment is still lower than the human inter-annotator
agreement, it demonstrates that open-source mod-
els may be capable of approximating the propri-
etary LLMs.

6 Conclusion

In this work, we demonstrated the viability of us-
ing smaller, open-source LLMs for interpretable
translation QE. By utilizing a streamlined prompt-

ing strategy, our approach efficiently generates
quality scores, MQM-style error spans with sug-
gested corrections, and full segment post-editions
in a single pass. This unified approach reduces
computational overhead and provides immediate,
actionable feedback that is highly valuable for pro-
fessional translation workflows.

Our evaluation revealed that open-source mod-
els are highly effective for system-level ranking.
They consistently outperform traditional neural re-
gression metrics, fine-tuned QE models, and even



the human inter-annotator agreement. However,
segment-level and span-level QE remain a chal-
lenge, both for small open-source and larger pro-
prietary LLMs. Our analysis demonstrated that
these tasks are highly subjective, resulting in low
inter-annotator agreement. To address the ten-
dency of LLMs to over-annotate, we showed that a
simple heuristic filtering pipeline can prove useful.

7 Future Work

Although our framework generates segment post-
editions alongside quality scores and error anno-
tations, we leave evaluating these corrections for
future work. It would be beneficial to investigate
how explicit error detection affects the quality of
these post-editions and how they could be used
to refine our filtering pipeline by verifying error
spans against the model’s suggested corrections to
further reduce false positives.

Furthermore, the relationship between the gen-
erated error annotations and the final QE scores re-
quires further analysis. Subsequent research could
examine how the number and severity of identified
errors impact the assigned score and its correlation
with human judgment.

8 Limitations

The open-source models evaluated in this study are
general-purpose multilingual LLMs operating in a
few-shot setting. Because they were not explicitly
fine-tuned for the QE task, their performance relies
entirely on their pre-trained instruction-following
capabilities. Task-specific fine-tuning on MQM
or ESA datasets could potentially yield significant
performance improvements and better alignment
with human annotation logic.

Furthermore, to accommodate the VRAM con-
straints of consumer-grade GPUs, our approach
evaluates translation segments in isolation. This
omission of document-level context prevents the
models from detecting broader discourse-level er-
rors, such as cross-sentence coreference failures.
On top of that, our evaluation framework currently
does not incorporate external terminological spec-
ifications, cultural context, or details regarding the
intended target audience. In professional localiza-
tion workflows, these contextual layers are often
critical for determining the true severity of an er-
ror or the overall appropriateness of a translation.

Additionally, the character-level F1 metric used
for span-level error detection evaluation is strictly

based on span overlap and severity weighting. It
does not assess the accuracy of the generated error
typology (e.g., distinguishing a grammatical error
from a mistranslation) or the validity of the sug-
gested corrections. Consequently, the current eval-
uation paradigm may underestimate the practical
utility of the model’s output by rewarding only the
span of the detected error, while ignoring the use-
fulness of the provided feedback.
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Karpinska, Maja Popović, Mrinmaya Sachan, and
Mariya Shmatova. 2024. Error span annotation: A
balanced approach for human evaluation of machine
translation. In Haddow, Barry, Tom Kocmi, Philipp
Koehn, and Christof Monz, editors, Proceedings of
the Ninth Conference on Machine Translation, pages
1440–1453, Miami, Florida, USA, November. Asso-
ciation for Computational Linguistics.

[Lavie et al.2025] Lavie, Alon, Greg Hanneman, Sweta
Agrawal, Diptesh Kanojia, Chi-Kiu Lo, Vilém



Zouhar, Frederic Blain, Chrysoula Zerva, Elefthe-
rios Avramidis, Sourabh Deoghare, Archchana Sind-
hujan, Jiayi Wang, David Ifeoluwa Adelani, Brian
Thompson, Tom Kocmi, Markus Freitag, and Daniel
Deutsch. 2025. Findings of the WMT25 shared task
on automated translation evaluation systems: Lin-
guistic diversity is challenging and references still
help. In Haddow, Barry, Tom Kocmi, Philipp Koehn,
and Christof Monz, editors, Proceedings of the Tenth
Conference on Machine Translation, pages 436–483,
Suzhou, China, November. Association for Compu-
tational Linguistics.

[Lommel et al.2013] Lommel, Arle Richard, Aljoscha
Burchardt, and Hans Uszkoreit. 2013. Multidimen-
sional quality metrics: a flexible system for assess-
ing translation quality. In Proceedings of Translat-
ing and the Computer 35, London, UK, November
28-29. Aslib.

[Lu et al.2024] Lu, Qingyu, Baopu Qiu, Liang Ding,
Kanjian Zhang, Tom Kocmi, and Dacheng Tao.
2024. Error analysis prompting enables human-like
translation evaluation in large language models. In
Ku, Lun-Wei, Andre Martins, and Vivek Srikumar,
editors, Findings of the Association for Computa-
tional Linguistics: ACL 2024, pages 8801–8816,
Bangkok, Thailand, August. Association for Com-
putational Linguistics.

[Lu et al.2025] Lu, Qingyu, Liang Ding, Kanjian
Zhang, Jinxia Zhang, and Dacheng Tao. 2025.
MQM-APE: Toward high-quality error annotation
predictors with automatic post-editing in LLM trans-
lation evaluators. In Rambow, Owen, Leo Wanner,
Marianna Apidianaki, Hend Al-Khalifa, Barbara Di
Eugenio, and Steven Schockaert, editors, Proceed-
ings of the 31st International Conference on Compu-
tational Linguistics, pages 5570–5587, Abu Dhabi,
UAE, January. Association for Computational Lin-
guistics.

[Martins et al.2025] Martins, Pedro Henrique, João
Alves, Patrick Fernandes, Nuno M. Guerreiro, Ri-
cardo Rei, Amin Farajian, Mateusz Klimaszewski,
Duarte M. Alves, José Pombal, Nicolas Boizard,
Manuel Faysse, Pierre Colombo, François Yvon,
Barry Haddow, José G. C. de Souza, Alexandra
Birch, and André F. T. Martins. 2025. Eurollm-9b:
Technical report.

[Rei et al.2020] Rei, Ricardo, Craig Stewart, Ana C Far-
inha, and Alon Lavie. 2020. COMET: A neural
framework for MT evaluation. In Webber, Bon-
nie, Trevor Cohn, Yulan He, and Yang Liu, editors,
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 2685–2702, Online, November. Association
for Computational Linguistics.

[Rei et al.2022] Rei, Ricardo, Marcos Treviso, Nuno M.
Guerreiro, Chrysoula Zerva, Ana C Farinha, Chris-
tine Maroti, José G. C. de Souza, Taisiya Glushkova,
Duarte Alves, Luisa Coheur, Alon Lavie, and An-
dré F. T. Martins. 2022. CometKiwi: IST-unbabel

2022 submission for the quality estimation shared
task. In Koehn, Philipp, Loïc Barrault, Ondřej Bojar,
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A Prompts
You are an AI assistant specialized in {source_language}-to-{target_language}
translation quality assurance.

You will receive a pair of paragraphs as a JSON structure. For each input, reply
with an extended JSON object that contains the information described below.

First, rate the quality of the translation on a scale from 1 to 100, taking the
source text into account. If the translation is fully accurate and consistent with
the source sentence, return 100. If the translation is not fully accurate and
consistent with the source sentence, return a score between 1 and 100 depending on
the quality of the translation and the errors present in the translation. If the
translation is in a different language than requested, return 0.
Then post-edit the translation. Correct any errors or unnatural phrasing, ensuring
accuracy, fluency, and fidelity to the source text. If the original translation is
already correct, leave it unchanged.
Then focus on particular errors in the original translation, that you have
corrected in the post-edited translation. Each error is classified as one of three
categories: "critical", "major", and "minor". Critical errors inhibit comprehension
of the text, change the meaning, provide false information, or make the text
impossible to understand. Major errors disrupt the flow, make the text difficult to
read or awkward, but the original meaning is still recoverable and understandable.
Minor errors are technically incorrect, such as typos or punctuation, but do not
affect the meaning, readability, or flow of the translated text. For every of the
main three categories, additionally identify error types in the translation and
sub-classify them. The types of errors are: "accuracy" ("addition",
"mistranslation", "omission", "untranslated text"), "fluency" ("character
encoding", "grammar", "inconsistency", "punctuation", "register", "spelling"),
"style" ("awkward"), "terminology" ("inappropriate for context", "inconsistent
use"), "non-translation", or "other". For every error type, supply suggested
correction of the error ("correction") and a very short and concise description of
the error ("short_desc"). The correction should be a single suggested word or
phrase that is a direct replacement for the error. If there are no errors of a
specific main category (critical, major or minor), it is OK to return an empty list
for that category. It also OK to not return any errors for any category if
everything is fine.

Here is an example of a JSON input for English-German translation:
{

"source_language": "English",
"source": "I do apologise about this, we must gain permission from the account
holder to discuss an order with another person, I apologise if this was done
previously, however, I would not be able to discuss this with yourself without
the account holders permission.",
"translation_language": "German",
"translation": "Ich entschuldige mich dafür, wir müssen die Erlaubnis einholen,
um eine Bestellung mit einer anderen Person zu involvment. Ich entschuldige
mich, falls dies zuvor geschehen wäre, aber ohne die Erlaubnis des Kontoinhabers
wäre ich nicht in der Lage, dies mit dir involvement."

}

And here is a corresponding JSON output with the score, post-edited translation and
error annotations:
{

"score": 82,
"post_edited_translation": "Ich entschuldige mich dafür, wir müssen die
Erlaubnis einholen, um eine Bestellung mit Kontoinhaber zu besprechen. Ich
entschuldige mich, falls dies zuvor geschehen kann, aber ohne die Erlaubnis des
Kontoinhabers kann ich nicht in der Lage, dies mit Sie involvement.",
"errors": {

"critical": [],
"major": [

{"type": "accuracy/mistranslation", "source_error": "discuss",
"target_error": "involvment", "correction": "besprechen", "short_desc":
"’discuss’ is mistranslated as ’involvment’"},
{"type": "accuracy/omission", "source_error": "the account holder",
"target_error": None, "correction": "Kontoinhaber", "short_desc": "’the
account holder’ is missing"}

],



"minor": [
{"type": "fluency/grammar", "source_error": None, "target_error": "wäre",
"correction": "kann", "short_desc": "’wäre’ is a bit awkward"},
{"type": "fluency/register", "source_error": None, "target_error": "dir",
"correction": "Sie", "short_desc": "’dir’ should be ’Sie’"}

]
},

}

Here is an example of a JSON input for Polish-Spanish translation:
{

"source_language": "Polish",
"source": "Szanowny Kliencie, informujemy, że Twoja przesyłka została dzisiaj
nadana i powinna dotrzeć w ciągu 3 dni roboczych. Prosimy o sprawdzenie skrzynki
mailowej w celu uzyskania numeru śledzenia.",
"translation_language": "Spanish",
"translation": "Estimado Cliente, informamos que tu envío fue hoy sobre y debe
llegar en tres días trabajan. Por favor, chequea el mail para el número de
rastrear."

}

And here is a corresponding JSON output with the score, post-edited translation and
error annotations:
{

"score": 45,
"post_edited_translation": "Estimado Cliente, le informamos que su paquete fue
enviado hoy y debería llegar en un plazo de 3 días hábiles. Por favor, revise su
correo electrónico para obtener el número de seguimiento.",
"errors": {

"critical": [
{"type": "accuracy/omission", "source_error": "przesyłka", "target_error":
None, "correction": "paquete/envío", "short_desc": "Meaning is changed by
omitting ’package’ or ’shipment’"},
{"type": "accuracy/mistranslation", "source_error": "nadana",
"target_error": "sobre", "correction": "enviado", "short_desc": "’nadana’
is incorrectly translated as ’sobre’ (envelope/about)"}

],
"major": [

{"type": "fluency/grammar", "source_error": "roboczych", "target_error":
"trabajan", "correction": "hábiles", "short_desc": "’trabajan’ is
incorrect word form, should be ’hábiles’"},
{"type": "fluency/grammar", "source_error": "w ciągu", "target_error":
"en", "correction": "en un plazo de", "short_desc": "Preposition ’en’ or
’en un plazo de’ is missing"},
{"type": "style/awkwardness", "source_error": "sprawdzenie",
"target_error": "chequea", "correction": "revise", "short_desc":
"’chequea’ is too informal, ’revise’ is better for formal communication"}

],
"minor": [

{"type": "fluency/grammar", "source_error": "skrzynki mailowej",
"target_error": "el mail", "correction": "el correo electrónico",
"short_desc": "Missing article ’el’ before ’mail’"},
{"type": "fluency/grammar", "source_error": "śledzenia", "target_error":
"rastrear", "correction": "seguimiento", "short_desc": "Gerund ’rastrear’
is wrong, should be noun ’seguimiento’"}

]
}

}

Here is an example of a JSON input for French-Italian translation:
{

"source_language": "French",
"source": "En raison d’une forte demande, il peut y avoir un léger retard dans
le traitement de votre commande. Nous vous remercions de votre patience et de
votre compréhension.",
"translation_language": "Italian",
"translation": "A causa di una forte domanda, potrebbe esserci un leggero
ritardo nell’elaborazione del vostro ordine. Vi ringraziamo per la vostra
pazienza e la vostra comprensione."



}

And here is a corresponding JSON output with the score, post-edited translation and
error annotations:
{

"score": 100,
"post_edited_translation": "A causa di una forte domanda, potrebbe esserci un
leggero ritardo nell’elaborazione del vostro ordine. Vi ringraziamo per la
vostra pazienza e la vostra comprensione.",
"errors": {

"critical": [],
"major": [],
"minor": []

}
}

If the whole translation is in the wrong language, return one "untranslated text"
critical error for the whole sentence and no other errors.
IMPORTANT: All annotated errors and assigned ratings should refer only to the
translation and not to the source text.

You will receive the {source_language}-{target_language} translation pair as a JSON
object. Analyze the translation as discussed above and produce a JSON object with
the analysis in response. Do not invent structural elements that are not present in
the JSON examples above. The only allowed keys are "score",
"post_edited_translation", "errors", "critical", "major", "minor", "type",
"short_desc", "source_error", "target_error", "correction".

Listing 1: QE system prompt.

{
"source_language": {source_language},
"source": {source_text},
"translation_language": {target_language},
"translation": {target_text}

}

Listing 2: QE user prompt.
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Czech → German
0.77 0.61 0.72 0.84 0.90 0.76 0.80 0.80 0.91

English → Italian
- 0.61 0.73 0.86 0.87 0.76 0.88 0.85 0.87

English → Ukrainian
0.69 0.57 0.69 0.81 0.82 0.66 0.83 0.81 0.85

Average
0.73 0.60 0.71 0.84 0.87 0.72 0.83 0.82 0.88

Table 5: System-level correlation between automated scores (both baselines and the proposed LLM-based QE metrics) and
human evaluations for the WMT25 dataset, expressed as Soft Pairwise Accuracy. The table provides a comparative analysis
for three specific language pairs and the average performance across all evaluated directions. In each row, the highest accuracy
value is indicated in bold to highlight the most effective metric.
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Czech → German
0.57 0.55 0.58 0.63 0.61 0.39 0.49 0.48 0.63

English → Italian
- 0.60 0.64 0.63 0.61 0.42 0.44 0.42 0.61

English → Ukrainian
0.58 0.61 0.63 0.63 0.59 0.46 0.41 0.43 0.59

Average
0.57 0.59 0.62 0.63 0.60 0.42 0.45 0.45 0.61

Table 6: Segment-level correlation between automated scores (both baselines and the proposed LLM-based QE metrics) and
human judgments on the WMT25 dataset. The evaluation utilizes the "group-by-item" accuracy with tie calibration to measure
how well each metric aligns with human ratings at the segment level. The table details results for three language pairs along
with their overall average. For each row, the maximum correlation value is highlighted in bold.
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