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Abstract
This paper explores the strengths and limitations of a compact multilingual model for clinical case summarization.
The system, submitted to the MultiClinSum-2 shared task (Task 3 of the BioASQ workshop at CLEF 2026), fully
fine-tunes mT5-small (300M parameters) to summarize medical case reports across 15 languages, trained on
334,024 case-summary pairs, without the cost of billion-parameter models. Across 14 evaluated languages, the
system achieves mean ROUGE-1 of 0.325 (range: 0.272-0.372), ROUGE-2 of 0.125 (0.070-0.160), ROUGE-L of
0.237 (0.191-0.312), and BERTScore F1 of 0.834 (0.822-0.847). The organizers’ official clinical-quality evaluation
yields mean faithfulness of 0.632, completeness of 0.520, fluency of 0.688, and consistency of 0.336. Romance
languages consistently outperform Germanic and Slavic languages on lexical metrics, while BERTScore remains
stable across all language families ( = 0.007 ) (=0.007), showing that even a lightweight model sustains consistent
semantic fidelity across typologically diverse languages. Russian is identified as the most challenging language,
with competitive ROUGE-L (0.312) but the lowest clinical consistency score (0.268). The correlation between
faithfulness and completeness ( r = 0.70 , p < 0.01 ) (r=0.70,p<0.01) suggests these dimensions capture overlapping
quality aspects. All hyperparameters and reproducibility measures are documented.
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1. Introduction and Motivation

Automatic summarisation of clinical text has become increasingly important as the volume of medical
literature and patient records continues to grow exponentially [1]. The volume of clinical records
and biomedical literature has grown rapidly, driven by contributions from clinicians and biomedical
researchers worldwide [2]. Clinicians face overwhelming information loads, spending excessive time
reviewing documents rather than attending to patients [3]. Biomedical information from diverse
documents provides clinicians and researchers with essential knowledge to track advances, formulate
and test hypotheses, conduct experiments, and interpret results [4]. However, this abundance of
information creates significant documentation burdens. Electronic health records, while improving
information access, increase documentation workload and contribute to clinician burnout [5]. Clinicians
face a critical summarisation problem: they spend excessive time documenting patient information—
including diagnostic reports, progress notes, and treatment histories from multiple specialists [6]. This
documentation burden increases the risk of errors and communication failures, ultimately compromising
patient care and contributing to clinician burnout [7]. Effective automatic summarisation could alleviate
this burden by distilling key clinical information from lengthy case reports [8].

Unlike traditional summarisation benchmarks, clinical summarisation requires not only lexical fidelity
but also factual accuracy, completeness, and medical coherence—dimensions that automatic metrics
alone cannot fully capture [9]. Therefore, a comprehensive evaluation framework must combine lexical,
semantic, and qualitative assessments.
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The MultiClinSum-2 shared task (Task 3 of the BioASQ workshop at CLEF 2026) addresses these
challenges by providing a multilingual corpus of case-summary pairs across 15 languages, tasking
participants with generating concise, clinically relevant summaries of medical case reports [10].

In this paper, the evaluation methodology for the submitted system to MultiClinSum-2 is presented.
The contributions are:

1. Evidence that a lightweight 300M-parameter model achieves consistent semantic fidelity across
15 languages, with the strongest lexical agreement in higher-resourced languages;

2. A full fine-tuning pipeline for mT5-small on 15-language clinical summarization;
3. A file-indexed streaming dataset that loads text on the fly, keeping host-memory usage constant

regardless of corpus size;
4. A cross-lingual analysis of the official shared-task metrics (ROUGE, BERTScore, and clinical-

quality scores) across 14 languages and language families;
5. Comprehensive documentation of hyperparameters and reproducibility measures;
6. Language-tagged input conditioning for improved cross-lingual transfer.

2. Related Work

This section reviews prior work in automatic summarisation evaluation, covering traditional metrics
(ROUGE), semantic metrics (BERTScore), LLM-as-a-judge approaches, and clinical summarisation
evaluation.

2.1. Automatic Summarisation Metrics

ROUGE [11] ignores readability and grammar, treats extractive and abstractive approaches equally, and
depends on n-gram matching rather than semantics. Consequently, it evaluates summarisation quality
poorly.

BERTScore [12] uses contextualised embeddings from BERT to overcome this drawback by determin-
ing semantic similarity at the token level. It has been expanded to multilingual situations using mBERT
and correlates more favorably with human judgment than ROUGE for abstractive tasks [13].

2.2. LLM-as-a-Judge

Recent work has explored using large language models as evaluators [14]. GPT-4 has demonstrated a
strong association with human assessments in a number of areas [15]. However, it is not feasible for
iterative development due to API charges and latency [16]. The LLM-as-a-judge paradigm typically
involves using a powerful language model to evaluate the quality of generated text across multiple
dimensions, often correlating well with human judgments while offering scalability advantages over
traditional human evaluation.

According to Fraile Navarro et al. [17], ChatGPT showed the highest scores on UniEval (coherence
0.955, consistency 0.736, fluency 0.958, relevance 0.944, overall 0.898) and clinician evaluations (co-
herency 0.973, consistency 0.908, fluency 0.96, clinical use 0.862), but it received the lowest scores on
ROUGE, suggesting that ROUGE metrics may be unreliable for assessing clinical dialogue summarisa-
tion.

2.3. Clinical Summarisation Evaluation

For the MultiClinSum-2 shared task, Vachharajani [18] proposed an automated prompt optimisation
approach that used a “judge worker” LLM paradigm to fine-tune a multilingual Qwen model via LoRA,
obtaining ROUGE-L F1 scores of 0.281–0.292 across four languages and a BERTScore F1 of 0.864 in
English.

Asgari et al. [19] developed a clinical safety framework to assess LLM-generated medical notes and
discovered a 3.45% omission rate and a 1.47% hallucination rate across 12,999 annotated sentences.



Iterative prompt engineering reduced significant errors below previously documented human note-
taking rates.

According to Sloan et al. [20], despite transformer-based architectures and multimodal inputs being
state of the art, traditional NLP metrics like BLEU-4 (∼ 0.25), ROUGE (∼ 0.42), and METEOR (∼ 0.22)
correlate poorly with clinical quality.

Despite these advances, significant gaps remain. Most prior work focuses on English or fewer
than five languages. Few efforts have fine-tuned a single multilingual model across a 15-language
clinical summarization task. Additionally, reproducibility documentation—including fixed random
seeds, complete hyperparameters, and hardware specifications—is rarely comprehensive. These gaps
are addressed through a full 15-language fine-tuning pipeline for mT5-small, a streaming dataset
architecture for memory efficiency, and complete reproducibility documentation.

3. System Architecture and Dataset

3.1. Dataset Statistics

The MultiClinSum-2 training set [21] was employed, consisting of 371,145 case-summary pairs across
15 languages. A per-language stratified random split (seed 42) yields 90% train (334,024) and 10%
validation (37,121); evaluation is performed on the official test set of 15,000 cases (1,000 per language).

A file-indexed streaming dataset was implemented that saves only file paths and loads text on-the-
fly during getitem to handle the entire dataset within host-memory constraints, ensuring consistent
memory usage regardless of corpus size.

3.2. Base Model Selection

As the foundation model, mT5-small [22] was selected—a 300M-parameter encoder-decoder architec-
ture (300.6M parameters; d𝑚𝑜𝑑𝑒𝑙 = 512, 8 encoder and 8 decoder layers)—chosen for its 101-language
pretraining on mC4, demonstrated cross-lingual transfer, and compatibility with T5 text-to-text sum-
marization.

3.3. Full Fine-Tuning

All 300.6M parameters of mT5-small were fully fine-tuned in 32-bit floating-point precision. Training was
distributed across two NVIDIA RTX A6000 GPUs (49 GB each) using PyTorch DistributedDataParallel.
No adapters, quantization, or other parameter-efficient methods were employed; every model weight
was updated during training.

3.4. Input Processing and Language Conditioning

A language identifier was prepended to every source document to facilitate explicit cross-lingual
transfer:
[lang] case_report_text
Example: [es] Paciente masculino de 45 anos presenta...
The identifiers [en], [es], [fr], [pt], [it], [ru], [ca], [no], [da], [ro], [de],

[el], [nl], [cs], [sv] were passed as plain-text prefixes and tokenized by the existing mT5
SentencePiece vocabulary (250,115 sub-word units); no special tokens were added and the embedding
matrix was not resized.

3.5. Tokenization

Using the mT5 SentencePiece tokenizer with padding tokens masked for loss computation, inputs were
tokenized with maximum lengths of 512 (source) and 256 (target) tokens.



4. Training Configuration

The model was fully fine-tuned using the AdamW optimizer (adamw_torch) with a learning rate of
3 × 10−5, linear decay, and no warmup. The effective training batch size was 8 (4 per device across
two GPUs under DistributedDataParallel, with no gradient accumulation). Regularization comprised
weight decay (0.01) and gradient clipping to a maximum norm of 1.0; training ran in full fp32 precision
with a fixed random seed of 42. Three epochs were planned; the run completed two epochs before
terminating during epoch-3 evaluation (see Section 6), and the best checkpoint was selected by validation
BERTScore-F1. Generation used beam search with four beams and a maximum output length of 256
tokens. Training reached 83,506 optimizer steps on two NVIDIA RTX A6000 GPUs.

5. Results

5.1. Training and Validation Dynamics

Table 1 reports the held-out validation metrics recorded during training (37,121 validation cases).
Validation ROUGE and BERTScore-F1 improved from epoch 1 to epoch 2, and the epoch-2 checkpoint
(step 83,506) was selected as the best model by validation BERTScore-F1. The validation BERTScore-F1
is computed by the training pipeline and is not directly comparable to the organizers’ test-set BERTScore
(Table 2), which uses a different scoring configuration.

Table 1
Training/validation metrics per epoch (held-out 37,121 cases)

Epoch Step Eval loss ROUGE-1 ROUGE-2 ROUGE-L
BERTScore-F1

1 41,753 2.264 0.296 0.109 0.233
0.666
2 (best) 83,506 2.170 0.320 0.122 0.242
0.684

5.2. Overall Performance (Official Test Results)

The fine-tuned mT5-small model achieved consistent performance across all evaluated languages.
Table 2 presents the complete per-language results returned by the official MultiClinSum-2 evaluation
on 1,000 test samples per language.

5.3. Analysis of Lexical Metrics (ROUGE)

ROUGE scores reveal substantial variation across language families. Romance languages consistently
outperform Germanic and Slavic languages as shown in Table 3.

ROUGE-1 and ROUGE-L are fairly high in Russian and Greek, whereas ROUGE-2 is much lower
(0.073 and 0.070, respectively). This probably reflects the morphological complexity of these languages:
even when unigram content is kept, bigram overlap is reduced by Greek’s compound word creation
and Russian’s sophisticated inflectional system.

Although its ROUGE-2 (0.097) is similar to other Germanic languages, German has the lowest ROUGE-
1 (0.272), which is consistent with its propensity for longer compound nouns that complicate unigram
matching.

5.4. Semantic Evaluation (BERTScore)

The benefit of multilingual embeddings for cross-lingual semantic evaluation is demonstrated by the
very constant BERTScore F1 scores (mean 0.834, 𝜎 = 0.007) across languages. Regardless of the source



Table 2
Per-language evaluation results (official test metrics)

Language R-1 R-2 R-L BERTScore Faith. Comp. Flu. Cons.

Catalan (ca) 0.367 0.160 0.247 0.840 0.658 0.689 0.694 0.338
Spanish (es) 0.372 0.159 0.254 0.837 0.630 0.507 0.690 0.361
French (fr) 0.370 0.159 0.244 0.841 0.649 0.519 0.694 0.312
Portuguese (pt) 0.343 0.141 0.238 0.835 0.609 0.472 0.685 0.351
English (en) 0.338 0.153 0.243 0.837 0.638 0.529 0.681 0.483
Romanian (ro) 0.335 0.145 0.239 0.845 0.634 0.604 0.691 0.294
Russian (ru) 0.319 0.073 0.312 0.829 0.628 0.425 0.677 0.268
Dutch (nl) 0.317 0.121 0.222 0.826 0.620 0.444 0.685 0.346
Italian (it) 0.316 0.128 0.220 0.835 0.592 0.445 0.693 0.327
Greek (el) 0.309 0.070 0.304 0.847 0.654 0.578 0.695 0.282
Czech (cs) 0.299 0.102 0.192 0.835 0.632 0.453 0.678 0.288
Swedish (sv) 0.295 0.118 0.206 0.827 0.640 0.576 0.692 0.364
Danish (da) 0.294 0.118 0.208 0.826 0.631 0.582 0.680 0.354
German (de) 0.272 0.097 0.191 0.822 0.625 0.456 0.691 0.340

Mean 0.325 0.125 0.237 0.834 0.632 0.520 0.688 0.336
Std Dev 0.031 0.030 0.036 0.007 0.017 0.077 0.006 0.053

Table 3
Performance by language family

Language Family Languages Mean R-1 Mean R-2 Mean R-L

Romance ca, es, fr, pt, ro, it 0.351 0.149 0.240
Germanic en, nl, sv, da, de 0.303 0.129 0.214
Slavic cs, ru 0.309 0.088 0.252
Other el 0.309 0.070 0.304

language, the fine-tuning method produces consistent semantic fidelity, as seen by the small standard
deviation.

German has the lowest BERTScore (0.822) while Greek has the highest (0.847). Semantic similarity is
more stable than lexical overlap across typologically varied languages, as this 0.025 range is far smaller
than the ROUGE range.

5.5. Clinical Quality Assessment (Official Metrics)

The clinical-quality scores in Table 2 were computed by the MultiClinSum-2 organizers using an LLM-
as-a-judge evaluation framework, where a large language model assessed generated summaries across
four dimensions: faithfulness, completeness, fluency, and consistency.

Table 4
Clinical quality dimensions summary (official metrics, 0–1 scale)

Dimension Mean Min (Language) Max (Language) Range

Faithfulness 0.632 0.592 (it) 0.658 (ca) 0.066
Completeness 0.520 0.425 (ru) 0.689 (ca) 0.264
Fluency 0.687 0.677 (ru) 0.695 (el) 0.018
Consistency 0.336 0.268 (ru) 0.483 (en) 0.215

While completeness differs most (𝜎 = 0.077), with Russian rating the lowest (0.425) and Catalan
scoring the highest (0.689), fluency is the most consistent dimension across languages (𝜎 = 0.006).
English (0.483) significantly outperforms other languages in consistency, which is the weakest dimension
overall (mean 0.336). This is probably due to mT5’s English-heavy pretraining. Despite competitive



ROUGE-L (0.312), Russian is the most difficult language, scoring lowest on completeness (0.425) and
consistency (0.268), indicating fluent but clinically insufficient summaries.

5.6. Correlation Analysis

Table 5 presents inter-metric correlations computed across the 14 evaluated languages from the official
per-language scores.

Table 5
Inter-metric correlations across 14 languages

Metric Pair Pearson r p-value Interpretation

ROUGE-1 ↔ BERTScore 0.600 0.024* Moderate positive
ROUGE-L ↔ BERTScore 0.490 0.079 Moderate positive (marginal)
BERTScore ↔ Faithfulness 0.400 0.156 Weak positive (n.s.)
BERTScore ↔ Completeness 0.460 0.103 Moderate positive (n.s.)
Faithfulness ↔ Completeness 0.700 0.005** Strong positive
ROUGE-2 ↔ Consistency 0.510 0.060 Moderate positive (marginal)

Note: *𝑝 < 0.05,

**𝑝 < 0.01

The strongest association is between faithfulness and completeness (𝑟 = 0.70, 𝑝 < 0.01), suggesting
partial overlap in these clinical dimensions. ROUGE-1 also correlates significantly with BERTScore
(𝑟 = 0.60, 𝑝 < 0.05). The remaining pairs—including ROUGE-2 with consistency (𝑟 = 0.51)—show
positive but non-significant trends at 𝑛 = 14, so they should be read as indicative rather than conclusive.

6. Discussion and Conclusions

This paper has explored the strengths and limitations of a compact multilingual model for clinical
case summarization. The findings demonstrate that a 300M-parameter model, when fully fine-tuned
on 334,024 case-summary pairs across 15 languages, can achieve consistent semantic fidelity across
typologically diverse languages. The key contributions of this work include the full fine-tuning pipeline
for mT5-small, the memory-efficient streaming dataset architecture, and comprehensive documentation
of hyperparameters and reproducibility measures.

The results reveal several important insights. First, lexical metrics (ROUGE) show substantial vari-
ation across language families, with Romance languages consistently outperforming Germanic and
Slavic languages. This variation is likely attributable to morphological complexity, as evidenced by
the particularly low ROUGE-2 scores for Russian and Greek, despite competitive ROUGE-L scores.
Second, semantic evaluation via BERTScore proves remarkably stable across all languages (𝜎 = 0.007),
suggesting that multilingual embeddings effectively capture meaning regardless of surface-level lexical
differences. Third, the clinical-quality assessment reveals that completeness is the most variable dimen-
sion across languages, while fluency remains consistently high. The low consistency scores across all
languages (mean 0.336) indicate that factual consistency remains a significant challenge for multilingual
clinical summarization.

The correlation analysis reveals that faithfulness and completeness are strongly correlated (𝑟 =
0.70, 𝑝 < 0.01), suggesting these clinical quality dimensions capture overlapping aspects of summary
quality. This finding has implications for evaluation design: if these dimensions are highly correlated,
future tasks might consider consolidating or refining these metrics to better distinguish distinct quality
aspects.

The limitations of this work should be acknowledged. Norwegian was inadvertently excluded from
training due to a language code mismatch (the training driver referenced no, while the corpus stores
Norwegian under nb), though predictions were still submitted for Norwegian. This highlights the
importance of careful data preparation pipeline validation. Future work should also verify whether other



languages were similarly affected by data preparation issues, particularly given the automated nature
of the corpus construction. Additionally, training did not complete three epochs due to termination
during epoch-3 evaluation, and the reported results use the epoch-2 checkpoint, which was the best by
validation BERTScore-F1. The data preparation pipeline validation process should be strengthened in
future work to prevent similar language code mismatches.

Future work could explore several directions. First, a brief comparison against zero-shot or prompt-
only baselines using larger instruction-tuned models would help contextualize how competitive a
300M fully fine-tuned model is relative to larger inference-only approaches under similar or greater
resource constraints. Second, investigating whether morphological complexity consistently predicts
summarization difficulty across more languages would be valuable. Third, exploring parameter-efficient
fine-tuning methods (e.g., LoRA, adapters) could potentially reduce the computational cost while
maintaining performance. Fourth, the moderate correlations between ROUGE and clinical quality
metrics suggest that developing more clinically-aligned automatic evaluation metrics remains an
important research direction.

In conclusion, this work demonstrates that lightweight multilingual models can achieve clinically
meaningful performance across a wide range of languages, though challenges remain for morpho-
logically complex languages and for factual consistency. The comprehensive documentation of all
hyperparameters and reproducibility measures contributes to the broader goal of reproducible research
in multilingual clinical NLP.
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