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Abstract. Small Language Models (SLMs) provide efficient alternatives to large models for clinical
open-ended question answering (QA) but often show variable performance. We propose two unsupervised
answer selection strategies for SLM en-sembles: a confidence-based method using normalized perplexity and a
consensus-based medoid method capturing semantic similarity among model outputs. Eval-uations on
three clinical QA benchmarks show that both strategies outperform single-model and random selection
baselines. The results show that unsupervised confidence and consensus mechanisms can enhance the
performance of SLM en-sembles for medical QA without requiring additional training or increasing
model size.
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1 Introduction

Recent advances in Large Language Models (LLMs) have shown impressive performance in question answering
(QA) on clinical documents, enabling patients and clinicians to ef-ficiently extract information from medical
records. However, deploying large-scale LLMs in healthcare scenarios remains challenging due to strict privacy
regulations and com-putational cost. Consequently, small language models (SLMs) are gaining attention for on-
premise or on-edge deployment. While SLMs tend to show greater variability and lower accuracy compared to
LLMs, ensemble methods that aggregate the predictions of multiple SLMs offer a promising way to improve
performance without increasing model size. This work presents two unsupervised answer selection strategies
for SLM ensem-bles in medical QA: a confidence-based method using normalized model perplexity and a
consensus-based medoid method capturing semantic similarity among model outputs. Both approaches are
evaluated against random selection in ensembles and single-model answering as baselines.

2 Related Work

Ensemble methods have demonstrated improvements in language model performance over various tasks,
however most approaches focus on large-scale models or require su-pervised training [1][2]. In the field of
medical QA, recent work has achieved expert-level performance through domain-specific fine-tuning and
ensemble refinement [3][4]. While ensemble approaches show promising improvement in model performance,
unsupervised output selection strategies for SLM ensembles in a clinical context for open-ended QA remain
largely unexplored.
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3 Methodology

The ensemble consists of six state-of-the-art instruction-tuned SLMs with < 7B param-eters: SmolLM3-3B
[5], Qwen3-4B-Instruct [6], Phi-4-mini-instruct (4B) [7], DeepSeek-R1-5B [8], Gemma-3-4B-it [9] and Mistral-
7B-Instruct-v0.3 [10]. Each model in the en-semble receives the same structured prompt including a patient
discharge summary and a corresponding question to be answered based on the clinical note, resulting in six
can-didate answers to select from. We then compare two unsupervised ensemble selection strategies: The
first strategy selects the candidate with the highest model confidence, estimated through perplexity scores
computed during generation. Since raw perplexity is not comparable across different model architectures, we
employ bits-per-byte (BPB) as byte-normalized perplexity variant [11]. The answer with the lowest BPB value
is selected as the most confident prediction and final output. The second strategy selects the answer that is
semantically most similar to all other ensemble answers. For each candidate, we compute its sentence
embedding [12] and measure its average cosine similarity to all other candidates in the ensemble. The answer with
the highest average similarity is selected as the final output. This consensus-based strategy selects the most
representative (medoid) answer from the ensemble, under the assumption that agreement among diverse
models indicates higher reliability.

4 Evaluation

The proposed methods were evaluated on three different benchmark datasets: EHR-DS-QA (506 samples) [13],
MeDiSumQA (416 samples) [14] and CliniQG4QA (1287 samples) [15]. These datasets contain human-verified
and medically relevant QA-pairs on deiden-tified discharge summaries from MIMIC-III/-IV clinical notes
[16][17]. All SLMs and ensemble methods were evaluated using BERTScore F1, capturing semantic similarity
between prediction and ground-truth answer [18]. We compared against two baselines: random ensemble
selection and individual model performance without ensembling. Across all three datasets, both ensemble
methods consistently outperformed random answer se-lection and single-model inference across all six SLMs.
The semantic medoid approach achieved higher mean BERTScore F1 across all samples than any individual
model, while the BPB-based confidence method showed the best overall performance across all benchmarks. On
the EHR-DS-QA dataset, for example, the confidence-based selection improved mean BERTScore F1 by 7.3
points (0.8441 vs. 0.7674) compared to DeepSeek-R1-5B single-model answering.

5 Conclusion

This work demonstrates that unsupervised ensemble selection strategies, confidence-based and consensus-
based, can effectively enhance the performance of SLMs in clini-cal open-ended question answering,
consistently outperforming single-model and random selection baselines across three benchmark datasets. The
results highlight a practical approach for privacy-sensitive healthcare scenarios that require on-premise or on-
edge deployment while maintaining a balance between computational efficiency and answer quality. Future
research should investigate adaptive or dynamic ensemble selection meth-ods to further reduce computational
overhead.
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