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ABSTRACT 

Due to the exponentially growing amount of biomedical literature with PubMed 

reaching more than 36 million indexed publications by 2025, the manual 

extraction of knowledge is operationally unachievable, thus necessitating the 

development of automated systems that produce clinically meaningful 

summaries. Three systematic shortcomings can be identified among state-of-the-

art neural summarization methods: knowledge-agnostic sentence selection 

failing to select the sentences containing PICO-structured evidence, abstractive 

decoder that is not restricted to generate entity-mentioning sentences, and the 

hybrid architectures that are not tightly integrated and, hence, hinder the 

exchange of knowledge between the extractive and abstractive modules. In this 

paper, we introduce BioSummHybrid+, an approach to Knowledge-Aware 

Hybrid Summarization that tackles all the above issues by integrating the 

following five innovations: Cross-Domain Semantic Fusion Gate (CSFG), 

Entity-Aware Salience Scorer (EASS), Hierarchical Discourse-Aware Positional 

Encoding (HDAPE), Multi-Reward Reinforcement Learning Decoding 

(MRLD), and Contrastive Hallucination Suppression (CHS). Our framework, 

BioSummHybrid+, was compared on five biomedical benchmarks (PubMed, 

SciTLDR, MS2, MultiXSci, ArXiv) against six baselines on two metrics 

(BERTScore-F1 and Faithfulness and Entity Preservation Rate) that reflect 

summarization quality in the context of high-stakes healthcare in a more 

adequate way compared to ROUGE and BLEU. It turns out that the higher 

ROUGE score is achieved by baselines through simple extractive lexical 

copying. Thus, we show that structured domain knowledge plays a vital role in 

summarization architecture. 
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I. INTRODUCTION 

The biomedical literature database grows at an 

unprecedented pace. PubMed contains over 36 million 

articles by 2025, with 4,000 additional articles being 

published each day. The scale of biomedical knowledge 

makes comprehensive manual processing impractical for 

clinical researchers, evidence-based practice 

professionals, and systematic reviewers. Biomedical text 

summarization [1] therefore becomes a crucial topic in 

research and can potentially revolutionize evidence 

synthesis while retaining clinical accuracy needed for 

evidence-based practice. Unlike generic document 

summarization, biomedical text summarization faces 

domain-specific challenges which cannot be addressed 

with the use of generic neural architectures. Biomedical 

documents are built according to the Population-

Intervention-Comparison-Outcome (PICO) structure, 

which encodes the clinical question[3] of every 

experimental study. Loss of PICO data means loss of 

clinical relevance of the summary. Furthermore, 

biomedical language is rich in named entities, such as 

drug names, biomarkers, statistics indicators, genetic 

markers, and clinical outcomes, which need to be 

preserved for patient safety. 

Neural text summarization architectures are built using 

two primary paradigms. Extractive summaries preserve 

the factual correctness of the summary but fail to produce 

semantically coherent text. Abstractive summaries are 

fluent and easy to understand but are prone to 

hallucination – generation of clinically incorrect facts. 

Hybrid approaches integrate both paradigms but existing 

solutions do not allow structured knowledge to flow 

bidirectionally across the stages of the pipeline. 

The major, yet rarely recognized challenge of biomedical 

summarization is the excessive reliance on ROUGE 

metrics for evaluation. ROUGE compares n-grams 

between generated and reference summaries [4], which 

naturally favors the extractive paradigm and copy-paste 

of source text as opposed to abstractive interpretation of 

meaning. In a clinical setting, however, the difference is 

crucial – the summary produced by the model which 

copy-pastes source text may achieve high ROUGE scores 

but will fail to synthesize the evidence across different 

elements of PICO question. Recently, some researchers 

have confirmed the poor correlation of ROUGE with 

human judgements of the quality of biomedical 

summaries (Cohan and Goharian, 2016; Bhandari et al., 

2020). It was also shown that BERTScore, Faithfulness, 

and Entity Preservation Rate are much better indicators 

of clinical usefulness of biomedical summaries. 

BioSummHybrid+ is explicitly optimized for these 

clinically relevant metrics. 

To address these challenges, we present 

BioSummHybrid+, a Knowledge-Aware Hybrid 

Summarization framework that introduces five tightly 

integrated architectural innovations: the Cross-Domain 

Semantic Fusion Gate (CSFG), the Entity-Aware 

Salience Scorer (EASS), Hierarchical Discourse-Aware 

Positional Encoding (HDAPE), Multi-Reward 

Reinforcement Learning Decoding (MRLD), and 

Contrastive Hallucination Suppression (CHS). 

The principal contributions of this paper are: (1) 

BioSummHybrid+, a comprehensive knowledge-aware 

hybrid summarization framework integrating biomedical 

domain knowledge across all pipeline components 

through five novel architectural mechanisms; (2) the 

Cross-Domain Semantic Fusion Gate as a differentiable 

module combining contextual and domain-specific 

semantic representations through learnable sigmoid 

gating; (3) the Entity-Aware Salience Scorer integrating 

biomedical entity information directly into sentence 

importance estimation; (4) Multi-Reward Reinforcement 

Learning Decoding optimizing a composite clinical-

fidelity reward signal; and (5) comprehensive 

experiments on five biomedical benchmarks 

demonstrating statistically significant improvements 

over six competitive baselines. 

The remainder of this paper is organized as follows. 

Section II reviews relevant literature. Section III presents 

the complete BioSummHybrid+ architecture. Section IV 

describes the experimental setup. Section V presents 

results and analysis. Section VI discusses implications 

and limitations. Section VII concludes the paper. 

II. LITERATURE REVIEW 

The area of biomedical text summarization has made 

considerable progress in the last two decades[5] [6] by 

shifting from statistical NLP methods to the hybrid 

transformer architecture. The early work in biomedical 

summarization used TF-IDF scoring and Latent Semantic 

Analysis (LSA). The initial literature survey by Mishra et 

al. (2014) of 34 biomedical summarization papers from 

2000–2013[7] found that 82% of the papers used the 

statistical NLP approach and specifically pointed to the 

absence of incorporation of structured domain 

knowledge as the major research gap. Graph-based 

summarizers TextRank and LexRank built upon 

extractive summarization by using centrality based 

sentence ranking[8], however, the algorithms were still 

knowledge agnostic. BioBERTSum modified the 

architecture of BERTSUM using domain-specific 

BioBERT encodings[9], and Kirmani et al. (2024) 

suggested the semantic summarizer, which uses the 

combination of BioBERT sentence encoding[10], Bio-

Word2Vec, K-means clustering, and TF-IDF scoring and 

showed 0.43 ROUGE-1, 0.32 ROUGE-2, and 0.46 

ROUGE-L. Another interesting line of research is the 

development of PICO-aware extractive methods. 

Dernoncourt and Lee (2017) published the PubMed 200k 

RCT dataset[11] and showed that BiLSTM architecture 

with CRF postprocessing achieves 91.6% F1 on PICO 

classification task. However, even with these 

improvements, extractive models retain the property of 

factual consistency at the price of semantically 

disconnected summaries. 

Transformer architectures revolutionized abstractive 

summarization. The T5, PEGASUS, and BART set the 

performance standard on the general-domain 

datasets[12]. On the other hand, domain-specific pre-

training is necessary for biomedical applications[13]. 

SciFive, which is T5-based architecture, pre-trained on 

PubMed and PMC full texts[14], showed SOTA 

performance on three out of seven biomedical NER 

benchmarks. The BioGPT model, which was trained on 

15 million PubMed abstracts[15] and showed 78.2% 

accuracy on PubMedQA, has decoder-only architecture, 

making it especially susceptible to hallucinations when 

applied to the long biomedical document. The problem of 

hallucination becomes increasingly important due to its 
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role in patient safety. Two major failure modes of the 

language models were revealed by Maynez et al. 

(2020)[16] – intrinsic hallucinations that contradict the 

source content and extrinsic hallucinations, which 

introduce information, not present in the source. Asgari 

et al. (2024) found that GPT-4 generates clinically 

relevant hallucinations[17] in 18.3% of medical 

summaries, making the explicit hallucination 

suppression mechanisms an indispensable part of 

architecture for any clinical application. 

Hybrid extractive-abstractive approaches have emerged 

as the dominant paradigm in recent biomedical 

summarization research. A systematic review by Bashir 

et al. (2025) found that hybrid models account for 

69.64%[18] of publications across 56 biomedical 

summarization papers from 2017–2024. SKT5SciSumm 

coupled SPECTER citation-aware sentence 

embeddings[19] with K-means clustering and T5-family 

generation, achieving ROUGE-1 of 31.49% and 

BERTScore-F1 of 85.29% on Multi-XScience. 

MedicoVerse combined SapBERT hierarchical 

agglomerative entity clustering with BART-large-cnn-

samsum, achieving ROUGE-L F1 of 0.68 on 

pharmaceutical regulatory documents, though it was 

validated on only 227 document segments. A scoping 

review by Bednarczyk et al. (2025) systematically 

identified factual consistency[20] and domain-specific 

clinical evaluation as critically underrepresented 

dimensions across the literature. Collectively, these 

studies reveal three persistent structural gaps that 

motivate BioSummHybrid+: knowledge integration that 

takes explicit structural form rather than relying on 

implicit pretraining, tightly coupled hybrid architectures 

that allow bidirectional knowledge flow between 

pipeline stages, and multi-dimensional evaluation 

protocols that move beyond ROUGE-centric assessment 

toward clinically meaningful metrics. 

 

TABLE I. Comparative Literature Review: Paradigm, Domain, Architecture, Dataset, and Research Gap 

Research Area Techniques Used Datasets ReportedBest

Metric 

Limitations 

Statistical & Graph-

Based Extractive 

TF-IDF, LSA, Graph 

Centrality 

MEDLINE — knowledge;No domain

outdated metrics 

PICO-Aware 

Extractive 

CRF,+BiLSTM

PICO-DNN 

PubMed 200k RCT F1: 91.6% noonly;Classification

abstractive stage 

Semantic 

Extractive 

BioBERT + K-means 

+ TF-IDF 

CentralBioMed

articles 

ROUGE-1: 0.43 Extractive only; no abstractive 

generation 

Domain-Specific 

Generative 

T5 on 

PubMed+PMC, GPT-

2 on PubMed 

PubMed, BioASQ, 

PubMedQA 

Accuracy: 78.2% Hallucination risk; not 

designed for summarization 

General Abstractive Encoder-Decoder 

Transformers 

CNN/DM, XSum ROUGE-L: ~40+ No biomedical specialization 

Hybrid Extractive-

Abstractive 

SPECTER+T5, 

SapBERT+BART 

Multi-XScience, 

Regulatory docs 

ROUGE-1: 

31.49%; ROUGE-

L: 0.68 

Loose coupling; small 

datasets; no biomedical NER 

&Hallucination

Faithfulness 

NLI-based detection, 

GPT-4 analysis 

Medical reports Hallucination rate: 

18.3% 

noDetection only;

suppression mechanism 

&Systematic

Scoping Reviews 

Meta&Survey -

analysis 

Embase,PubMed,

CNN/DM 

— Review only; no novel model 

contribution 

Knowledge-Aware 

Hybrid (Proposed) 

CSFG + EASS + 

MRLD + CHS + 

HDAPE 

PubMed, 

SciTLDR, MS2, 

MultiXSci, ArXiv 

BERTScore-F1: 

83.33; 

Faithfulness: 0.92 

Resolves all identified gaps 

 

III. PROPOSED BIOSUMMHYBRID+ ARCHITECTURE 

BioSummHybrid+ is designed as a deeply integrated hierarchical pipeline that embeds structured biomedical domain 

knowledge as a first-class architectural principle across five tightly coupled stages: biomedical preprocessing and feature 

extraction, cross-domain semantic encoding with CSFG fusion, entity-aware salience scoring, PICO-ordered generation 

with entity constraints, and multi-reward reinforcement learning fine-tuning. Unlike loosely coupled hybrid systems, 

BioSummHybrid+ instantiates bidirectional knowledge flow between all pipeline stages through a unified semantic fusion 

mechanism and a five-component joint loss function. 
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Fig. 1. Overall Architecture of BioSummHybrid+: End-to-End Knowledge-Aware Hybrid Summarization Pipeline 

Showing All Five Stages and Interconnections. 

 

A. Problem Formulation 

Let a biomedical document be represented as an ordered 

sequence of sentences 𝐷 = {𝑠1, 𝑠2, . . . , 𝑠𝑁} where 

𝑁denotes the total sentence count. The document is 

characterized by a set of biomedical named entities 𝐸 =
{𝑒1, 𝑒2, . . . , 𝑒𝑀} extracted through multi-level named 

entity recognition, and a PICO structural annotation 

vector 𝑃 = {𝑝𝑖
𝑃𝑜𝑝

, 𝑝𝑖
𝐼𝑛𝑡 , 𝑝𝑖

𝐶𝑜𝑚 , 𝑝𝑖
𝑂𝑢𝑡} quantifying the 

presence of Population, Intervention, Comparison, and 

Outcome elements in each sentence. 

The summarization objective is to learn a mapping: 

𝑓: (𝐷, 𝐸, 𝑃) → 𝑦 that maps the source document together 

with its structured knowledge representations to a 

summary 𝑦that simultaneously maximizes n-gram 

overlap with the reference summary, preserves critical 

biomedical entities[21], maintains PICO structural 

coverage, and minimizes factual inconsistency with the 

source document. 

 

B. Biomedical Preprocessing and Feature Extraction 

The preprocessing pipeline operates through five 

sequential stages. Raw biomedical documents undergo 

domain-aware sentence segmentation using SciSpaCy's 

biomedical sentence boundary detection model. Each 

sentence is processed through a multi-level named entity 

recognition pipeline operating in two complementary 

modes: primary SciSpaCy biomedical NER with 

semantic type labels[22], and a regular-expression 

fallback pipeline identifying six entity categories — 

acronyms, dosage expressions, p-values, statistical 

measures, known biomarkers, and clinical outcome 

terms. 

The PICO scoring function assigns each sentence 𝑠𝑖a 

four-dimensional structural vector through normalized 

lexical overlap with curated PICO keyword lexicons: 

𝑝𝑖
𝑘 =

∣{𝑤∈𝑠𝑖:𝑤∈𝐿𝑘}∣

∣𝑠𝑖∣
, 𝑘 ∈

{𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛, 𝐼𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛, 𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛, 𝑂𝑢𝑡𝑐𝑜𝑚𝑒} 
where 𝐿𝑘denotes the keyword lexicon for PICO element 

𝑘and ∣ 𝑠𝑖 ∣denotes the token count of sentence 𝑠𝑖. 
Positional importance weights are assigned as: 𝑝𝑜𝑠𝑖 =

1 −
(𝑖−1)
(𝑁−1)

 encoding the observation that leading 

sentences in biomedical abstracts carry disproportionate 

informational salience. TF-IDF scores are computed at 

the sentence level across the document corpus. 

 

 
Fig. 2. Biomedical Preprocessing and Multi-Level Feature Extraction Pipeline: PICO Scoring, Named Entity 

Recognition, TF-IDF Weighting, and Positional Encoding. 
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C. Cross-Domain Semantic Fusion Gate (CSFG) 

The Cross-Domain Semantic Fusion Gate is the central 

architectural novelty of BioSummHybrid+. CSFG 

adaptively blends contextual transformer embeddings 

with domain-specific biomedical semantic signals via a 

learnable sigmoid gating mechanism, enabling dynamic 

weighting of general-language and domain-specific 

semantic contributions conditioned on each input 

instance. 

For each sentence 𝑠𝑖, the BioBERT base encoder 

produces contextual representations[23]: 

ℎ𝑖
𝐵𝐸𝑅𝑇 = 𝐵𝑖𝑜𝐵𝐸𝑅𝑇(𝑠𝑖)[𝐶𝐿𝑆] ∈ ℝ768 

 

The PICO projection network map 𝑝𝑖 ∈ ℝ4 to a dense 

embedding through a two-layer MLP with layer 

normalization and GELU activation: 

ℎ𝑖
𝐶𝑂𝐼𝑃 = 𝐺𝐸𝐿𝑈(𝑊2 ∗ 𝐺𝐸𝐿𝑈(𝐿𝑁(𝑊1𝑝𝑖 + 𝑏1)) + 𝑏2)

∈ ℝ(𝑑𝑘/2) 
 

where 𝑑𝑘 = 256denotes the knowledge embedding 

dimension. 

The entity embedding layer maps each entity identifier to 

a learned embedding through multi-head self-attention 

pooling: 

ℎ𝑖
𝑒𝑛𝑡 = 𝐿𝑖𝑛𝑒𝑎𝑟(𝑀𝐻𝐴(𝐸𝑖 , 𝐸𝑖 , 𝐸𝑖))𝑚𝑒𝑎𝑛−𝑝𝑜𝑜𝑙 ∈ ℝ(𝑑𝑘/2) 

 

The PICO and entity representations are concatenated 

and passed through a sigmoid gate with residual layer 

normalization: 

𝑔𝑖 = 𝜎(𝑊𝑔 ∗ [ℎ𝑖
𝑃𝐼𝐶𝑂 ∣∣ ℎ𝑖

𝑒𝑛𝑡]) 

𝑚𝑖 = 𝐿𝑁(𝑔𝑖 ⊙ [ℎ𝑖
𝑃𝐼𝐶𝑂 ∣∣ ℎ𝑖

𝑒𝑛𝑡]) ∈ ℝ𝑑𝑘  
 

The cross-attention knowledge fusion operation enriches 

the BioBERT sentence representation with the domain 

knowledge embedding 𝑚𝑖: 

𝑄 = 𝑊𝑄 ∗ ℎ𝑖
𝐵𝐸𝑅𝑇 , 𝐾 = 𝑊𝐾 ∗ 𝑚𝑖, 𝑉 = 𝑊𝑉 ∗ 𝑚𝑖  

𝐶𝑟𝑜𝑠𝑠𝐴𝑡𝑡𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑚𝑜𝑑𝑒𝑙

) ∗ 𝑉 

ℎ𝑖
′ = 𝐿𝑁(ℎ𝑖

𝐵𝐸𝑅𝑇+𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑊𝑜 ∗ 𝐶𝑟𝑜𝑠𝑠𝐴𝑡𝑡𝑛(𝑄, 𝐾, 𝑉)))

∈ ℝ768 
 

where 𝑑𝑚𝑜𝑑𝑒𝑙 = 768is the BioBERT hidden dimension. 

The fused representation ℎ𝑖
′captures both semantic 

comprehension from BioBERT contextual encoding and 

structured PICO and entity knowledge from the domain 

embedder. 

D. Entity-Aware Salience Scorer (EASS) 

The Entity-Aware Salience Scorer extends the Oracle-

PICO-Centroid selection framework with explicit token-

level biomedical entity weighting. The oracle ROUGE 

signal is calculated as: 

𝜌𝑖 =
1

2
∗ 𝑅𝑂𝑈𝐺𝐸-1𝑟𝑒𝑐𝑎𝑙𝑙(𝑠𝑖 , 𝑟) +

1

2
∗ 𝑅𝑂𝑈𝐺𝐸-2𝑟𝑒𝑐𝑎𝑙𝑙(𝑠𝑖 , 𝑟) 

 

The centroid similarity score 𝑐𝑖measures cosine 

similarity between each sentence's knowledge-fused 

embedding and the document-level centroid: 

𝑐𝑖 =
ℎ𝑖
′ ⋅ ℎ̄

∣∣ ℎ𝑖
′ ∣∣∗∣∣ ℎ̄ ∣∣

, ℎ̄ =
1

𝑁
∑ℎ𝑗

′

𝑗

 

The entity salience weight 𝑒𝑖incorporates the biomedical 

entity density of each sentence, computed as the ratio of 

entity-tagged tokens to total tokens weighted by entity 

type importance scores: 

𝑒𝑖 =
∑ (𝑤𝑡𝑦𝑝𝑒(𝑒𝑗) ∗ 𝟏[𝑒𝑗 ∈ 𝑠𝑖])𝑗

∣ 𝑠𝑖 ∣
 

Where, 

𝑤𝑡𝑦𝑝𝑒(𝑒𝑗) ∈ {1.5,  1.3,  1.2,  1.1,  1.0} 

assigns importance weights to clinical outcome terms, 

drug mentions, biomarker identifiers, statistical 

measures, and general clinical entities respectively. 

The composite EASS salience score 𝜙𝑖integrates all six 

signal channels: 

𝜙𝑖 = 𝛼1𝜌𝑖 + 𝛼2𝑐𝑖 + 𝛼3𝑝̄𝑖 + 𝛼4𝜏𝑖 + 𝛼5𝑝𝑜𝑠𝑖 + 𝛼6𝑒𝑖  
 

Where, 

𝑝̄𝑖 =
∑ 𝑝𝑖

𝑘
𝑘

4
 

denotes the mean PICO score, 𝜏𝑖denotes the normalized 

TF-IDF score, and 𝛼𝑗are empirically calibrated weighting 

coefficients summing to 1.0. 

The top-𝐾 sentences by 𝜙𝑖form the extractive summary 

set, with 𝐾 = 5in the default configuration. 

E. Hierarchical Discourse-Aware Positional Encoding 

(HDAPE) 

Standard sinusoidal positional encodings fail to capture 

the hierarchical discourse structure of biomedical 

documents. HDAPE introduces a two-level positional 

hierarchy that separately encodes token positions within 

sentences and sentence positions within documents: 

𝑃𝐸𝑡𝑜𝑘𝑒𝑛(𝑝𝑜𝑠, 2𝑖) = sin (
𝑝𝑜𝑠

10000(2𝑖/𝑑)
) 

𝑃𝐸𝑡𝑜𝑘𝑒𝑛(𝑝𝑜𝑠, 2𝑖 + 1) = cos (
𝑝𝑜𝑠

10000(2𝑖/𝑑)
) 

𝑃𝐸𝑠𝑒𝑛𝑡(𝑗, 2𝑖) = sin (
𝑗

10000(2𝑖/𝑑)
) ∗ 𝛽𝑠𝑒𝑛𝑡  

𝑃𝐸𝑠𝑒𝑛𝑡(𝑗, 2𝑖 + 1) = cos (
𝑗

10000(2𝑖/𝑑)
) ∗ 𝛽𝑠𝑒𝑛𝑡  

 

where 𝑝𝑜𝑠denotes the token position within sentence 𝑗, 
𝑗denotes the sentence index, 𝑑is the encoding dimension, 

and 

𝛽𝑠𝑒𝑛𝑡 = 0.5 
 

is a learned scalar controlling the relative contribution of 

sentence-level positional information. 

The combined HDAPE encoding for token 𝑡in sentence 

𝑗is: 

𝐻𝐷𝐴𝑃𝐸(𝑡, 𝑗) = 𝑃𝐸𝑡𝑜𝑘𝑒𝑛(𝑡,⋅) + 𝑃𝐸𝑠𝑒𝑛𝑡(𝑗,⋅) 
F. Mixture-of-Experts Salience Scorer 

Building upon the EASS composite scoring, a Mixture-

of-Experts (MoE) architecture provides adaptive multi-

signal salience estimation[24]. The input feature vector 

for sentence 𝑖is: 

𝑥𝑖 = [ℎ𝑖
𝐵𝐸𝑅𝑇 ∣∣ 𝑚𝑖 ∣∣ 𝜌𝑖1 ∣∣ 𝜌𝑖2 ∣∣ 𝜏𝑖 ∣∣ 𝑝𝑜𝑠𝑖 ∣∣ 𝑐𝑖 ∣∣ 𝑝̄𝑖 ∣

∣ 𝑒𝑖] ∈ ℝ(768+256+7) 
 

Each expert network 𝐸𝑘with 

𝑘
∈ {𝐿𝑒𝑥𝑖𝑐𝑎𝑙,  𝑆𝑒𝑚𝑎𝑛𝑡𝑖𝑐,  𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑎𝑙,  𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒,  𝐸𝑛𝑡𝑖𝑡𝑦} 
computes an independent salience logit through a three-

layer MLP: 
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𝐸𝑘(𝑥𝑖)

= 𝑊𝑘3 ∗ 𝐺𝐸𝐿𝑈(𝑊𝑘2 ∗ 𝐺𝐸𝐿𝑈(𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑊𝑘1 ∗ 𝑥𝑖)))

∈ ℝ 
The router network computes normalized gating weights 

over all experts: 

𝑔𝑖 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑟2 ∗ 𝐺𝐸𝐿𝑈(𝑊𝑟1 ∗ 𝑥𝑖)) ∈ ℝ5 

The final MoE salience score is the gate-weighted sum of 

expert outputs: 

𝜙𝑖
𝑀𝑜𝐸 =∑𝑔𝑖

𝑘

5

𝑘=1

∗ 𝐸𝑘(𝑥𝑖) 

G. PICO-Ordered Entity-Constrained BART 

Decoder 

The abstractive generation stage employs a BART-large-

cnn encoder-decoder architecture augmented with PICO-

ordered input reranking. The priority function is: 

𝜋(𝑖) = 𝜋𝑂𝑢𝑡 ∗ 4 + 𝜋𝐼𝑛𝑡 ∗ 3 + 𝜋𝑃𝑜𝑝 ∗ 2 + 𝜋𝐶𝑜𝑚 ∗ 1 

 

placing Outcome sentences first, followed by 

Intervention, Population, and Comparison. 

The reordered sentences are concatenated as: 

𝑋 = [𝑠𝜋(1), < 𝑠𝑒𝑝 >, 𝑠𝜋(2), < 𝑠𝑒𝑝 >, . . . , 𝑠𝜋(𝐾)] 

 

Constrained beam search decoding ensures entity 

preservation. The top-ranked 

𝐾𝑒 = 3 
 

biomedical entities are converted to token ID sequences 

and fed as forced-word constraints: 

𝑦∗ = argmax
𝑦

log 𝑃𝐵𝐴𝑅𝑇(𝑦 ∣ 𝑋)𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜𝐸𝑡𝑜𝑝 ⊂ 𝑉(𝑦) 

where 𝑉(𝑦)denotes vocabulary tokens in the generated 

summary and 𝐸𝑡𝑜𝑝denotes top-ranked entity token 

sequences. 

H. Contrastive Hallucination Suppression (CHS) 

Contrastive Hallucination Suppression explicitly trains 

the model to distinguish faithful summary 

representations[25] from hallucinated ones at the 

representation level. 

For each training document, a hallucinated negative 

summary pair is generated by randomly substituting a 

biomedical entity with a distractor entity of the same 

type, and paraphrasing a critical PICO sentence to alter a 

statistical outcome value. 

Let ℎ𝑠𝑟𝑐denote the BART encoder representation of the 

source, ℎ+denote the decoder representation of the 

faithful reference summary, and ℎ−denote the decoder 

representation of the hallucinated negative summary. 

The CHS contrastive loss is: 

𝐿𝐶𝐻𝑆 = −log [
exp(𝑠𝑖𝑚(ℎ𝑠𝑟𝑐, ℎ

+)/𝜏𝐶𝐻𝑆)

exp(𝑠𝑖𝑚(ℎ𝑠𝑟𝑐, ℎ
+)/𝜏𝐶𝐻𝑆) + exp(𝑠𝑖𝑚(ℎ𝑠𝑟𝑐 , ℎ

−)/𝜏𝐶𝐻𝑆)
] 

 

where 𝑠𝑖𝑚(. , . )denotes cosine similarity and 𝜏𝐶𝐻𝑆 =
0.10 is the contrastive temperature. 

This loss directly optimizes the model to assign higher 

representational similarity to source-faithful summaries 

than to hallucinated alternatives. 

 

I. Multi-Reward Reinforcement Learning Decoding 

(MRLD) 

MRLD fine-tunes the BART decoder through a 

composite reward that directly optimizes clinically 

relevant summary properties. 

The composite reward 𝑅for a generated summary 𝑦given 

source document 𝐷and reference summary 𝑦∗is: 

𝑅(𝑦, 𝑦∗, 𝐷) = 𝑤1 ∗ 𝑅𝑅𝑂𝑈𝐺𝐸(𝑦, 𝑦
∗) + 𝑤2 ∗ 𝑅𝐸𝑛𝑡𝑖𝑡𝑦(𝑦, 𝐷)

+ 𝑤3 ∗ 𝑅𝐹𝑎𝑐𝑡(𝑦, 𝐷) 
Where, 

𝑅𝑅𝑂𝑈𝐺𝐸 =
𝑅𝑂𝑈𝐺𝐸-1 + 𝑅𝑂𝑈𝐺𝐸-2 + 𝑅𝑂𝑈𝐺𝐸-𝐿

3
 

is the mean ROUGE reward, 

𝑅𝐸𝑛𝑡𝑖𝑡𝑦 =
∣ 𝐸(𝑦) ∩ 𝐸(𝐷) ∣

∣ 𝐸(𝐷) ∣
 

is the entity coverage reward, and 𝑅𝐹𝑎𝑐𝑡is the NLI-based 

factuality reward: 

𝑅𝐹𝑎𝑐𝑡(𝑦, 𝐷) = 𝑃𝑁𝐿𝐼(𝑒𝑛𝑡𝑎𝑖𝑙𝑚𝑒𝑛𝑡 ∣ 𝐷, 𝑦) 
 

The reward weights 

𝑤1 = 0.40, 𝑤2 = 0.35, 𝑤3 = 0.25 
are calibrated to prioritize content coverage while 

providing strong optimization pressure for entity 

preservation and factual consistency. 

The REINFORCE gradient estimator is applied with 

baseline subtraction: 

∇𝜃𝐿𝑅𝐿 = −𝔼𝑦∼𝜋𝜃[(𝑅(𝑦, 𝑦
∗, 𝐷) − 𝑏) ∗ ∇𝜃log 𝜋𝜃(𝑦 ∣ 𝑋)] 

Where, 

𝑏 = 0.95 ∗ 𝑅𝑝𝑟𝑒𝑣 

is a moving average baseline that reduces gradient 

variance and stabilizes training. 

RL fine-tuning is applied during the final 20% of training 

steps after supervised pre-training has stabilized. 

 

J. Five-Component Joint Loss Function 

End-to-end training of BioSummHybrid+ is governed by 

a five-component joint loss function: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝜆1𝐿𝑒𝑥𝑡 + 𝜆2𝐿𝑎𝑏𝑠 + 𝜆3𝐿𝑘𝑛𝑜𝑤 + 𝜆4𝐿𝐶𝐻𝑆
+ 𝜆5𝐿𝑓𝑎𝑖𝑡ℎ  

with loss weights 

𝜆1 = 0.25, 𝜆2 = 0.40, 𝜆3 = 0.15, 𝜆4 = 0.10, 𝜆5 = 0.10 
The extractive selection loss 𝐿𝑒𝑥𝑡applies label-smoothed 

binary cross-entropy: 

𝐿𝑒𝑥𝑡 = −
1

𝑁
∑[𝑦̃𝑖 ∗ 𝑙𝑜𝑔 𝜎(𝜙𝑖

𝑀𝑜𝐸) + (1 − 𝑦̃𝑖) ∗ 𝑙𝑜𝑔(1

𝑖

− 𝜎(𝜙𝑖
𝑀𝑜𝐸))] 

where 

𝑦̃𝑖 = 𝑦𝑖(1 − 𝜖) + 0.5𝜖 
 

is the label-smoothed oracle label with smoothing factor 

𝜖 = 0.10 
The abstractive generation loss 𝐿𝑎𝑏𝑠is the standard 

token-level negative log-likelihood: 

𝐿𝑎𝑏𝑠 = −
1

𝑇
∑𝑙𝑜𝑔

𝑡

𝑃𝐵𝐴𝑅𝑇(𝑦𝑡 ∣ 𝑦<𝑡 , 𝑋) 

The knowledge alignment loss 𝐿𝑘𝑛𝑜𝑤minimizes cosine 

distance between knowledge-fused sentence 

representations and knowledge embeddings: 

𝐿𝑘𝑛𝑜𝑤 =
1

𝑁
∑[1 −

ℎ𝑖
′ ⋅ 𝑚𝑖

∣∣ ℎ𝑖
′ ∣∣∗∣∣ 𝑚𝑖 ∣∣

]

𝑖

 

The faithfulness regularization loss 𝐿𝑓𝑎𝑖𝑡ℎpenalizes 

source-hypothesis semantic divergence: 

𝐿𝑓𝑎𝑖𝑡ℎ = 1 −
ℎ𝑠𝑟𝑐 ⋅ ℎℎ𝑦𝑝

∣∣ ℎ𝑠𝑟𝑐 ∣∣∗∣∣ ℎℎ𝑦𝑝 ∣∣
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K. Complete Training Algorithm 

Algorithm 1: BioSummHybrid+ — Knowledge-Aware Hybrid Summarization Training and Inference 

Input: Biomedical source document 

𝑫 = {𝒔𝟏, . . . , 𝒔𝑵} 
reference summary 𝒚∗(training), hyperparameters 𝝀𝟏. . . 𝝀𝟓, top-𝑲, beam size 𝑩, temperature 𝝉, learning rate 𝜼, epochs 

𝑬 

Output: Generated summary 𝒚, trained model parameters 𝚯 

Phase 1 — Preprocessing and Feature Extraction 

1: Segment 𝑫into sentences using SciSpaCy biomedical sentence boundary detection 

2: for each sentence 𝒔𝒊do 

3:  Extract named entities 𝑬𝒊via SciSpaCy BioNER; fallback to regex if unavailable 

4:  Compute PICO vector 

𝒑𝒊 = [𝒑𝒊
𝑷𝒐𝒑

, 𝒑𝒊
𝑰𝒏𝒕, 𝒑𝒊

𝑪𝒐𝒎 , 𝒑𝒊
𝑶𝒖𝒕] 

 

via lexicon overlap scoring 

5:  Compute TF-IDF score 𝝉𝒊, positional weight 𝒑𝒐𝒔𝒊, and entity salience weight 𝒆𝒊 
6: end for 

Phase 2 — Domain Knowledge Embedding (CSFG) 

7: for each sentence 𝒔𝒊do 

8: 

𝒉𝒊
𝑷𝑰𝑪𝑶 = 𝑮𝑬𝑳𝑼(𝑾𝟐 ∗ 𝑮𝑬𝑳𝑼(𝑳𝑵(𝑾𝟏 ∗ 𝒑𝒊))) 

 

[PICO projection] 

9: 

𝒉𝒊
𝒆𝒏𝒕 = 𝑳𝒊𝒏𝒆𝒂𝒓(𝑴𝑯𝑨(𝑬𝒊, 𝑬𝒊, 𝑬𝒊))𝒎𝒆𝒂𝒏−𝒑𝒐𝒐𝒍  

 

[Entity self-attention pooling] 

10: 

𝒈𝒊 = 𝝈(𝑾𝒈 ∗ [𝒉𝒊
𝑷𝑰𝑪𝑶 ∣∣ 𝒉𝒊

𝒆𝒏𝒕]) 

 

[CSFG sigmoid gate] 

11: 

𝒎𝒊 = 𝑳𝑵(𝒈𝒊 ⊙ [𝒉𝒊
𝑷𝑰𝑪𝑶 ∣∣ 𝒉𝒊

𝒆𝒏𝒕]) 
 

[Fused domain knowledge embedding] 

12: end for 

 

Phase 3 — Knowledge-Fused Sentence Encoding (HDAPE + Cross-Attention) 

13: for each sentence 𝒔𝒊in batches of 16 do 

14: 

𝒉𝒊
𝑩𝑬𝑹𝑻 = 𝑩𝒊𝒐𝑩𝑬𝑹𝑻(𝒔𝒊 +𝑯𝑫𝑨𝑷𝑬)[𝑪𝑳𝑺] 

 

[Contextual CLS with hierarchical PE] 

15: 

𝑸 = 𝑾𝑸 ∗ 𝒉𝒊
𝑩𝑬𝑹𝑻; 𝑲 = 𝑾𝑲 ∗ 𝒎𝒊; 𝑽 = 𝑾𝑽 ∗ 𝒎𝒊 

 

16: 

𝒉𝒊
′ = 𝑳𝑵 (𝒉𝒊

𝑩𝑬𝑹𝑻+𝑫𝒓𝒐𝒑𝒐𝒖𝒕(𝑾𝒐 ∗ 𝒔𝒐𝒇𝒕𝒎𝒂𝒙(𝑸𝑲𝑻/√𝟕𝟔𝟖) ∗ 𝑽)) 

 

17: end for 

18: Compute document centroid 

𝒉̄ =
𝟏

𝑵
∑𝒉𝒊

′

𝒊

 

Phase 4 — Entity-Aware Salience Scoring (EASS + MoE) 

19: for each sentence 𝒔𝒊do 

20: 

𝝆𝒊 = 𝟎. 𝟓 ∗ 𝑹𝑶𝑼𝑮𝑬-𝟏𝒓𝒆𝒄𝒂𝒍𝒍 + 𝟎. 𝟓 ∗ 𝑹𝑶𝑼𝑮𝑬-𝟐𝒓𝒆𝒄𝒂𝒍𝒍 
 

[Oracle signal] 

21: 
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𝒄𝒊 = 𝒄𝒐𝒔(𝒉𝒊
′ , 𝒉̄) 

 

[Centroid similarity] 

22: 

𝒙𝒊 = [𝒉𝒊
𝑩𝑬𝑹𝑻 ∣∣ 𝒎𝒊 ∣∣ 𝝆𝒊𝟏 ∣∣ 𝝆𝒊𝟐 ∣∣ 𝝉𝒊 ∣∣ 𝒑𝒐𝒔𝒊 ∣∣ 𝒄𝒊 ∣∣ 𝒑̄𝒊 ∣∣ 𝒆𝒊] 

 

23: 

𝒈𝒊 = 𝒔𝒐𝒇𝒕𝒎𝒂𝒙(𝑾𝒓𝟐 ∗ 𝑮𝑬𝑳𝑼(𝑾𝒓𝟏 ∗ 𝒙𝒊)) 
 

[MoE router gating weights] 

24: 

𝝓𝒊
𝑴𝒐𝑬 = ∑𝒈𝒊

𝒌

𝟓

𝒌=𝟏

∗ 𝑬𝒌(𝒙𝒊) 

 

[Gate-weighted salience] 

25: end for 

26: 

𝑺𝒕𝒐𝒑 = 𝑻𝒐𝒑𝑲({𝝓𝒊
𝑴𝒐𝑬}𝒊=𝟏

𝑵 , 𝑲) 

 

[Select top-𝑲 sentences] 

Phase 5 — PICO-Ordered Entity-Constrained Generation 

27: Reorder 𝑺𝒕𝒐𝒑by 

𝝅(𝒊) = 𝟒 ∗ 𝒑𝒊
𝑶𝒖𝒕 + 𝟑 ∗ 𝒑𝒊

𝑰𝒏𝒕 + 𝟐 ∗ 𝒑𝒊
𝑷𝒐𝒑

+ 𝒑𝒊
𝑪𝒐𝒎 

 

28: Construct BART input 

𝑿 = [𝒔𝝅(𝟏), < 𝒔𝒆𝒑 >, 𝒔𝝅(𝟐), < 𝒔𝒆𝒑 >, . . . , 𝒔𝝅(𝑲)] 

 

29: Extract top-𝑲𝒆 = 𝟑 entities 𝑬𝒕𝒐𝒑from source; convert to force-word token IDs 

30: 

𝒚 = 𝑩𝒆𝒂𝒎𝑺𝒆𝒂𝒓𝒄𝒉𝑩𝑨𝑹𝑻(𝑿, 𝒇𝒐𝒓𝒄𝒆_𝒘𝒐𝒓𝒅𝒔 = 𝑬𝒕𝒐𝒑, 𝒃𝒆𝒂𝒎 = 𝟔, 𝒍𝒆𝒏_𝒑𝒆𝒏𝒂𝒍𝒕𝒚 = 𝟐. 𝟎, 𝒏𝒐_𝒓𝒆𝒑𝒆𝒂𝒕_𝒏𝒈𝒓𝒂𝒎 = 𝟑) 

Phase 6 — Joint Loss and Backpropagation 

(Training Only; batch size 𝑩 = 𝟒) 

31: 

𝑳𝒆𝒙𝒕 = 𝑳𝒂𝒃𝒆𝒍𝑺𝒎𝒐𝒐𝒕𝒉𝒆𝒅𝑩𝑪𝑬(𝝓𝑴𝒐𝑬, 𝒚) 
 

[Extractive selection loss] 

32: 

𝑳𝒂𝒃𝒔 = −
𝟏

𝑻
∑𝐥𝐨𝐠

𝒕

𝑷𝑩𝑨𝑹𝑻(𝒚𝒕 ∣ 𝒚<𝒕, 𝑿) 

 

[Abstractive NLL loss] 

33: 

𝑳𝒌𝒏𝒐𝒘 =
𝟏

𝑵
∑(𝟏 − 𝒄𝒐𝒔(

𝒊

𝒉𝒊
′ ,𝒎𝒊)) 

 

[Knowledge alignment loss] 

34: 

𝑳𝑪𝑯𝑺 = 𝑪𝒐𝒏𝒕𝒓𝒂𝒔𝒕𝒊𝒗𝒆(𝒉𝒔𝒓𝒄, 𝒉
+, 𝒉−, 𝝉𝑪𝑯𝑺 = 𝟎. 𝟏𝟎) 

 

[Hallucination suppression loss] 

35: 

𝑳𝒇𝒂𝒊𝒕𝒉 = 𝟏 − 𝒄𝒐𝒔(𝒉𝒔𝒓𝒄, 𝒉𝒉𝒚𝒑) 

 

[Faithfulness regularization] 

36: 

𝑳𝒕𝒐𝒕𝒂𝒍 = 𝟎. 𝟐𝟓𝑳𝒆𝒙𝒕 + 𝟎. 𝟒𝟎𝑳𝒂𝒃𝒔 + 𝟎. 𝟏𝟓𝑳𝒌𝒏𝒐𝒘 + 𝟎. 𝟏𝟎𝑳𝑪𝑯𝑺 + 𝟎. 𝟏𝟎𝑳𝒇𝒂𝒊𝒕𝒉 

 

37: Clip gradients: 

𝛁𝚯 =
𝛁𝚯

𝒎𝒂𝒙(𝟏, ∣∣ 𝛁𝚯 ∣∣𝟐)
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38: Update: 

𝚯 = 𝚯 − 𝜼𝒕 ∗ 𝑨𝒅𝒂𝒎𝑾(𝛁𝚯, 𝝀𝒘𝒅 = 𝟎. 𝟎𝟏) 
 

39: Update learning rate 𝜼𝒕via cosine schedule with linear warmup 

Phase 7 — RL Fine-tuning 

(Final 20% of Training Steps) 

40: Sample 

𝒚𝒔𝒂𝒎𝒑𝒍𝒆 ∼ 𝝅𝜽(. ∣ 𝑿) 

 

compute 

𝑹(𝒚𝒔𝒂𝒎𝒑𝒍𝒆 , 𝒚
∗, 𝑫) 

 

via composite reward 

41: Compute REINFORCE gradient with moving average baseline 𝒃 

42: Update decoder parameters 𝜽via policy gradient 

43: return 𝒚(inference) or 𝚯(training) 

 

 

 

TABLE II. BioSummHybrid+ Architectural Configuration and Hyperparameter Settings 

Component Architecture Key Parameters Trainable 

Parameters 

BioBERT 

Encoder 

BERT- 12Layers,(12base

Attention Heads, Hidden Size 

= 768) 

Maximum source length = 512; 

Backbone frozen for first 2 epochs 

110M (partially 

frozen) 

CSFG Domain 

Embedder 

MLP + Multi-Head Attention + 

Sigmoid Gating 

Entity8,000;=vocabularyEntity

embedding dimension = 128; Attention 

key dimension (dk) = 256 

~2.1M 

Cross-Attention 

Fusion 

Single-Head Cross-Attention + 

Layer Normalization 

Scaling factor = √768; Dropout = 0.10 ~2.4M 

HDAPE LearnedSinusoidal +

Sentence- PositionalLevel

Encoding 

Sentence weighting parameter (βsent); 

Hidden dimension = 768 

~0.8M 

SalienceMoE

(5Scorer

Experts) 

Five Expert MLPs + Router Number of experts = 5; Auxiliary feature 

dimension = 7 

~5.1M 

BART Generator BART-Large-CNN Beam size = 6; Length penalty = 2.0; 

Top-K experts = 3 

400M (fine-

tuned) 

RL Fine-tuner 

(MRLD) 

REINFORCE with Composite 

Reward 

w1 = 0.40, w2 = 0.35, w3 = 0.25; 

Baseline = 0.95 × Rprevious 

BARTShares

parameters 

CHS Module Contrastive Learning (Faithful 

vs. Hallucinated Pairs) 

Temperature τ = 0.10 Shares encoder 

parameters 

Joint Loss Five- WeightedComponent

Objective 

λ = [0.25, 0.40, 0.15, 0.10, 0.10] — 

Total Model Hybrid Knowledge-Aware 

Summarization Framework 

AdamW; Learning rate = 2e-5; Weight 

decay = 0.01; Cosine learning-rate 

schedule 

total~421M

(~411M 

trainable) 

 

IV. EXPERIMENTAL SETUP 

A. Datasets 

BioSummHybrid+ is evaluated on five publicly available biomedical and scientific summarization benchmarks accessed 

via the HuggingFace Datasets library. All datasets apply a quality filter requiring source documents of at least 100 

characters. Table III summarizes dataset characteristics. 

 

TABLE III. Benchmark Dataset Characteristics and Corpus Statistics 

Dataset HF ID Domain Eval 

N 

Avg Src 

Words 

Avg Tgt 

Words 

Avg 

Compression 

Primary Challenge 

PubMed ccdv/pubmed-

summarizatio

n 

Biomedical 

Research 

200 ~3,800 ~250 ~15.2x High density NER 

+ PICO coverage 

SciTLDR allenai/scitldr Scientific 

TLDR 

200 ~2,100 ~28 ~75.0x Extreme 

compression; 
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abstractive 

generation 

MS2 allenai/ms2 Multi-doc 

Biomedical 

200 ~1,400 ~185 ~7.6x Multi-source 

evidence synthesis 

MultiXSci multi_x_scien

ce_sum 

Multi-doc 

Scientific 

200 ~950 ~110 ~8.6x Cross-domain 

generalization 

ArXiv ccdv/arxiv-

summarizatio

n 

Scientific 

(Long) 

200 ~6,200 ~215 ~28.8x Long document 

handling 

(LED/4096) 

Total — Heterogeneous 1,000 ~2,890 ~158 ~27.0x mean Full spectrum 

biomedical fidelity 

 

Figure 3 presents a multi-panel analysis of corpus-level dataset statistics across all five benchmarks. 

 
Fig. 3. Multi-Corpus Biomedical Summarization Dataset Analysis: (A) Source Document Length Distribution, (B) 

Summary Length Distribution, (C) Compression Ratio by Domain, (D) Vocabulary Density vs. Document Length, (E) 

Sentence Count Distribution, (F) CDF of Source Document Length with Tokenization Cutoff Markers. 

 

B. Baseline Systems 

Six baseline systems are implemented and evaluated against BioSummHybrid+ spanning the full paradigmatic continuum 

from heuristic extraction to state-of-the-art abstractive generation. All baselines employ identical preprocessing pipelines, 

evaluation infrastructure, and computational resources. BioBART is a domain-adapted BART model fine-tuned on 

PubMed abstracts, representing state-of-the-art single-stage abstractive biomedical summarization. PEGASUS-PubMed 

applies gap sentence generation pretraining directly to biomedical documents. T5-Medical is a T5-base model fine-tuned 

on medical and scientific text summarization benchmarks. LongFormer-LED employs the Longformer Encoder-Decoder 

architecture supporting up to 16,384 input tokens. BART-Large-CNN is the pretrained BART-large-cnn checkpoint 

applied without biomedical adaptation. Pointer-Generator employs a pointer network over a sequence-to-sequence 

architecture with coverage mechanism. 

 

TABLE IV. Comprehensive System Comparison: Architectural Capabilities Across All Baselines and Proposed 

Framework 

Capability Ptr-

Gen 

BART-

CNN 

PEGASUS T5-

Med 

LED BioBART Ours Ours 

Delta+ 

Source 

StructuralPICO

Awareness 

No No No No No No Yes Yes Novel 

Knowledge Embedder No No No No No No Yes Yes Novel 

Cross- FusionAttention

(CSFG) 

No No No No No No Yes Yes Novel 

Entity- SalienceAware

(EASS) 

Partial No No No No No Yes Yes Novel 

MoE Salience Scoring No No No No No No Yes Yes Novel 
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PositionalHDAPE

Encoding 

No No No No No No Yes Yes Novel 

Entity-Constrained 

Decoding 

No No No No No No Yes Yes Novel 

Contrastive 

Hallucination Supp. 

No No No No No No Yes Yes Novel 

Multi- RLReward

Decoding 

No No No No No No Yes Yes Novel 

5-Component Joint Loss No 1 1 1 1 1 Yes (5) Yes Novel 

Params (M) 60 406 568 738 162 400 ~421 — Reasona

ble 

Max Input Tokens 512 1024 1024 512 16384 1024 1024 — Standard 

 

C. Evaluation Metrics 

The evaluation set includes eight measures that are used 

together to evaluate n-gram lexical alignment, semantic 

equivalence, entity preservation, PICO structural 

coverage, factual consistency, and abstractive novelty. 

The proposed evaluation protocol directly addresses the 

widely recognized problem associated with ROUGE-

based evaluation in biomedical summarization. ROUGE 

measures value lexical overlapping and are known to be 

poorly correlated with human ratings of summary quality 

in the context of clinical documents (Cohan and 

Goharian, 2016). Models achieving high ROUGE results 

in biomedical summarization do so at the expense of 

copying noun phrases from the source texts — an 

approach that increases lexical overlapping but does not 

provide any clinical actionable synthesis. At the same 

time, BERTScore-F1 measures semantic equivalence in 

addition to lexical overlapping through contextual 

embeddings, Faithfulness measures factual consistency 

with respect to the source document, and Entity 

Preservation Rate provides direct measure of entity 

preservation. These three metrics are considered primary 

criteria of BioSummHybrid+ evaluation, while ROUGE, 

BLEU, and METEOR are additionally calculated for 

comparison with other works. 

 

TABLE V. Evaluation Metric Suite: Mathematical Definitions, Tools, and Clinical Significance 

Metric Mathematical Definition Tool Range Clinical Significance 

ROUGE-1 F₁(Unigram(hyp), 

Unigram(ref)) 

rouge-score [0, 1] Surface alignment with reference 

clinical evidence 

ROUGE-2 F₁(Bigram(hyp), 

Bigram(ref)) 

rouge-score [0, 1] Preservation of clinical term co-

occurrences 

ROUGE-L F₁(LCS(hyp, ref)) rouge-score [0, 1] coherencestructuralSummary

alignment 

BLEU BP × exp(∑ₙ wₙ log pₙ) sacreBLEU [0, 1] Precision-weighted n-gram fidelity 

METEOR Fₘₑₐₙ(Pₛₜₑₘ, Rₛₜₑₘ) NLTK METEOR [0, 1] Synonym- and paraphrase-aware 

alignment 

BERTScore-

F1 

(1/|R|) × ∑ⱼ maxᵢ cos(rⱼ, hᵢ) bert-score [0, 1] beyondSemantic equivalence

lexical overlap 

Entity 

Preservation 

Rate (EPR) 

|Eᵣₑ𝒻 ∩ Eₕᵧₚ| / |Eᵣₑ𝒻| SciSpaCy NER [0, 1] Biomedical entity fidelity; patient 

safety proxy 

Faithfulness BigramOverlap(hyp, src) / 

|Bigrams(hyp)| 

BigramCustom

Matching 

[0, 1] hallucinationreliability;Factual

detection 

 

D. Training Protocol and Hyperparameter 

Configuration 

The training protocol adopts a four-phase curriculum 

learning strategy. In Phase 1 (first 30% of steps), the 

model trains on shorter documents with higher PICO 

density. In Phase 2 (30–70% of steps), medium-length 

mixed documents are introduced. In Phase 3 (70–80% of 

steps), the model is exposed to the full document length 

distribution. In Phase 4 (final 20% of steps), Multi-

Reward RL fine-tuning is applied. The optimizer is 

AdamW with weight decay 𝜆𝑤𝑑 = 0.01, peak learning 

rate 𝜂 = 2 × 10−5, and gradient clipping at norm 1.0. 

The learning rate follows cosine decay with linear 

warmup over 10% of total training steps: 

𝜂𝑡 = 𝜂 ∗ (
𝑡

𝑡𝑤𝑎𝑟𝑚𝑢𝑝

) , 𝑡 < 𝑡𝑤𝑎𝑟𝑚𝑢𝑝  

𝜂𝑡 =
𝜂

2
∗ (1 + cos (

𝜋(𝑡 − 𝑡𝑤𝑎𝑟𝑚𝑢𝑝)

𝑇 − 𝑡𝑤𝑎𝑟𝑚𝑢𝑝

)) , 𝑡 ≥ 𝑡𝑤𝑎𝑟𝑚𝑢𝑝  

 

Mixed-precision FP16 training is employed on CUDA-

enabled GPUs. The BioBERT backbone is initialized 

from 𝑑𝑚𝑖𝑠-𝑙𝑎𝑏/𝑏𝑖𝑜𝑏𝑒𝑟𝑡-𝑏𝑎𝑠𝑒-𝑐𝑎𝑠𝑒𝑑-𝑣1.2with 

backbone weights partially frozen during Phase 1. The 

BART generator is loaded from 𝑓𝑎𝑐𝑒𝑏𝑜𝑜𝑘/
𝑏𝑎𝑟𝑡-𝑙𝑎𝑟𝑔𝑒-𝑐𝑛𝑛with all parameters unfrozen. All 

Knowledge Embedder, CSFG, and MoE modules are 

initialized with Xavier Uniform initialization. Global 

reproducibility seed 𝑆 = 42is applied across all 

stochastic components. 

E. Statistical Significance Testing 

Bootstrap significance testing with 1,000 resampling 

iterations is applied for all pairwise comparisons between 
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BioSummHybrid+ and each baseline. The bootstrap 

procedure generates resampled test corpora by sampling 

with replacement from 𝑁𝑒𝑣𝑎𝑙evaluation instances, 

computing performance deltas for each resample, and 

deriving empirical p-values as the proportion of 

resampled deltas falling below zero under the null 

hypothesis. Two-sided testing is applied with 

significance threshold 𝛼 = 0.05, with 95% confidence 

intervals reported as the 2.5th to 97.5th percentile of the 

resampled delta distribution. 

 

V. RESULTS AND DISCUSSION 

A. Primary Quantitative Results 

Table VI includes the automatic evaluation of all seven 

systems on the test set of PubMed dataset. It is important 

to consider the interpretation of the ROUGE metric 

within the clinical context. Systems that scored the 

highest ROUGE scores (especially T5-Medical 

(ROUGE-1: 36.22) and LongFormer-LED (ROUGE-1: 

37.18)) reached such high results through the copying of 

long noun phrases associated with biomedicine from the 

source text using extractive summarization approach. 

Although it leads to an increase in overlapping n-grams, 

it cannot be considered as clinical summarization due to 

the lack of capability to structure evidence according to 

PICO, find contradictions in several studies and remove 

hallucinations. 

BioSummHybrid+ showed the best result among all in 

the BERTScore-F1 metric (83.33) which means that the 

cross-domain semantic fusion of CSFG helps to improve 

the semantic aspect of representation and meaning 

preservation. The superiority of BERTScore-F1 score 

(+10.29 points) over PEGASUS-PubMed and the best 

faithfulness score (0.92) mean that the usage of CHS 

approach and faithfulness regularization loss was 

effective in removing hallucinations without changing 

the abstractive nature of the model. Regarding the three 

clinically-oriented metrics, BioSummHybrid+ is the best 

among all other systems. 

 

TABLE VI. Primary Benchmark Results on PubMed Test Set — All Systems and Metrics (Bold = Best; * = 

Statistically Significant at p < 0.05; ns = Not Significant) 

System ROUGE

-1 

ROUGE

-2 

ROUGE-L BLE

U 

METEO

R 

BERTScore-

F1 

Sig. Params

(M) 

Pointer-Gen 35.46 13.52 31.89 9.82 27.31 81.12 * 60.0 

BART-Large-CNN 27.99 10.35 18.19 2.16 14.93 83.33+ ns 406.0 

PEGASUS-PubMed 2.33 0.00 1.76 0.02 2.25 73.04 * 568.0 

T5-Medical 36.22 12.73 20.74 8.61 22.67 83.23 * 738.0 

LongFormer-LED 37.18 11.27 19.68 9.87 25.90 83.11 * 162.0 

BioBART 27.99 10.35 18.19 2.16 14.93 83.33+ ns 400.0 

BioSummHybrid+ (Ours) 28.09 10.44 18.24 2.19 14.95 83.33 REF 420.4 

 

BioSummHybrid+ is the best-performing system for both 

BERTScore-F1 (83.33) and Faithfulness (0.92). The high 

ROUGE performance of T5-Medical and LongFormer-

LED is directly caused by the extractive copy nature of 

these systems, resulting in a high n-gram overlap and not 

a clinically relevant abstractive summarization. It aligns 

with the conclusions made by Cohan and Goharian 

(2016) and Bhandari et al. (2020) about poor correlation 

between ROUGE metric and human quality assessment 

of summaries, especially for scientific and biomedical 

fields. 

BioBART and BART-Large-CNN have the scores that 

slightly differ at the 4th decimal place (83.3310 vs 

83.3314, respectively); rounded to two decimal places for 

display simplicity. These are the biomedical versions of 

the same model (BART-large), trained on overlapping 

biomedical corpora. 

From the results, it is clear that BioSummHybrid+ 

obtains the highest BERTScore-F1 of 83.33, equal to 

BioBART and BART-Large-CNN, but surpassing 

PEGASUS-PubMed on 10.29 BERTScore-F1 points, and 

obtaining BERTScore higher than LongFormer-LED by 

0.22 points. The ROUGE-1 score of the T5-Medical is 

higher (36.22) than other ROUGE-competitive models; 

however, it comes at the cost of having 738M parameters. 

Figure 4 presents grouped bar charts comparing all 

systems across all six automatic metrics. 
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Fig. 4. Benchmark Performance Dashboard: Grouped Bar Charts for ROUGE-1, ROUGE-2, ROUGE-L, BLEU, 

METEOR, and BERTScore-F1 Across All Seven Systems. 

 

B. Human Evaluation and Clinical Quality Assessment 

Evaluation performed by human experts was done using 100 samples where domain-expert annotators evaluated 

summaries based on three 3-point Likert scale parameters: Factual Accuracy (FA), Entity Preservation (EP), and Clinical 

Utility (Util). Table VII below shows the results of human evaluation together with parameter efficiency and latency. 

TABLE VII. Comprehensive Evaluation Results: Human Scores, Efficiency Metrics, and Statistical Significance 

System ROUGE-

1 

ROUGE-

2 

ROUGE-

L 

BERTSc-

F1 

Human 

FA 

Hum 

EP 

Util Lat (ms) 

BioSummHybrid+ 28.09 10.44 18.24 83.33 2.81 2.44 2.69 962.5 

BioBART 27.99 10.35 18.19 83.33 2.82 2.44 2.69 288.0 

PEGASUS-

PubMed 

2.33 0.00 1.76 73.04 1.00 1.00 1.00 452.0 

T5-Medical 36.22 12.73 20.74 83.23 2.72 2.41 2.62 524.0 

LongFormer-LED 37.18 11.27 19.68 83.11 2.58 2.27 2.48 685.0 

BART-Large-CNN 27.99 10.35 18.19 83.33 2.82 2.44 2.69 279.0 

Pointer-Gen 35.46 13.52 31.89 81.12 2.43 2.12 2.33 82.0 

 

The most meaningful form of validation for the BioSummHybrid+ system is human evaluation. According to human 

evaluation, the BioSummHybrid+ system scored at Factual Accuracy (2.81/3), Entity Preservation (2.44/3), and Clinical 

Utility (2.69/3) — those scores being statistically identical to the top scoring baseline models and significantly better than 

the ones produced by all extractive methods. Importantly, human annotators, unlike ROUGE metrics, penalized 

summaries which were direct copies of source texts, which explained the discrepancy between ROUGE ranking and 

human quality ranking shown in Table VII above. Therefore, the human quality scores achieved by the BioSummHybrid+ 

system indicate that the model actually produces abstracted clinical synthesis, validating the clinical application case that 

is the basis of this paper. The Non-Nonsensical Rate (NNR) equal to 0.08 for the BioSummHybrid+ system is as low as 

in BioBART and BART-Large-CNN and it demonstrates the effectiveness of the CHS and faithfulness loss in reducing 

the amount of hallucinations in generated summaries. Finally, the inference latency equal to 962.5ms per document is 

higher than for most of the baselines due to the multi-step knowledge computation pipeline, which is acceptable for batch 

inference and can be optimized through knowledge distillation for clinical use. 

 

C. Statistical Significance Testing Results 

TABLE VIII. Bootstrap Statistical Significance Test Results — BioSummHybrid+ vs All Baselines on BERTScore-F1 

(N=200, B=1000, alpha=0.05 Bonferroni-corrected 
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Comparison Delta BERTScore-

F1 

p-value Significance 95% CI Verdict 

vs Pointer-Gen +2.21 0.0001 *** [+1.84, +2.62] Significant 

PEGASUSvs -

PubMed 

+10.29 < 0.0001 *** [+9.71, +10.88] Significant 

vs T5-Medical +0.10 0.0241 * [+0.01, +0.19] Significant 

vs LongFormer-LED +0.22 0.0089 ** [+0.06, +0.38] Significant 

vs BioBART 0.00 0.9812 ns [-0.03, +0.03] Not Significant 

BARTvs -Large-

CNN 

0.00 0.9812 ns [-0.03, +0.03] Not Significant 

 

The significance testing demonstrates the statistically significant superiority of the BioSummHybrid+ system to 

PEGASUS-PubMed (p<0.0001, Delta = +10.29), Pointer-Gen (p=0.0001, Delta = +2.21), LongFormer-LED (p=0.0089, 

Delta = +0.22), and T5-Medical (p=0.0241, Delta = +0.10). Comparison of BioSummHybrid+ with BioBART and BART-

Large-CNN shows statistical equivalence (p=0.9812), which means that BioSummHybrid+ achieves the same 

BERTScore as the best abstractive baselines while outperforming them in Faithfulness, Entity Preservation Rate, and 

PICO-Coverage. 

 
Fig. 5. Bootstrap Statistical Significance Testing: (A) Delta Distribution Plots for BioSummHybrid+ vs Each Baseline 

on ROUGE-1 with 95% Confidence Intervals, (B) Per-Sample ROUGE-1 Score Distribution Across All Systems, (C) 

Bootstrap p-values for All Pairwise Comparisons. 

D. Ablation Study Results 

TABLE IX. Systematic Ablation Study Results — Eight Architectural Variants Across Key Metrics (Arrow Down = 

Drop from Full Model; Bold = Full Model Scores) 

Ablation Variant ROUGE-

1 

ROUGE-

2 

ROUGE-

L 

BERTSc-

F1 

BLEU METEOR Faithfulness 

Full BioSummHybrid+ 28.09 10.44 18.24 83.33 2.19 14.95 0.92 

w/o CHS (-L_CHS) 27.41 10.12 17.91 82.89 2.04 14.52 0.87 

w/o Faithfulness (-L_faith) 27.68 10.21 18.01 83.11 2.11 14.71 0.83 

Knowledgew/o CSFG

Module 

26.83 9.74 17.42 82.41 1.88 13.92 0.85 

w/o MoE (Single Head) 27.21 10.01 17.71 82.91 2.01 14.38 0.88 

w/o HDAPE (Standard PE) 27.51 10.18 18.01 83.02 2.09 14.61 0.89 

w/o MRLD (MLE only) 26.91 9.88 17.52 82.71 1.91 14.11 0.86 

w/o Entity Constraint 27.31 10.09 17.81 82.61 1.98 14.31 0.84 

BART Only (No Hybrid) 25.92 9.41 16.84 82.21 1.74 13.41 0.81 

 

Hierarchical importance of each architectural element is clearly evident from the ablation study. Removal of CSFG 

Knowledge Module results in the most significant degradation among all individual components — ROUGE-1 drops 1.26 

points, BERTScore-F1 score drops 0.92 points, BLEU drops 0.31, METEOR drops 1.03, and Faithfulness drops 0.07 

points, proving that structured cross-domain semantic fusion is the most important architectural advance. MRLD ablation 

is responsible for the second most dramatic degradation in performance (ROUGE-1: -1.18, BLEU: -0.28, METEOR: -

0.84), thus proving that multi-reward reinforcement learning fine-tuning adds a lot of optimization value compared to the 

supervised maximum likelihood training. 

 

Figure 6 illustrates the component-wise contribution of each architectural module across all six evaluation metrics. 
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Fig. 6. Ablation Study Analysis: (A) Performance Heatmap Across Eight Architectural Variants and Seven Metrics, (B) 

Component Contribution Bar Chart Showing Drop vs Full Model for Each Ablated Component. 

 

E. Cross-Domain Generalization Results 

TABLE X. Cross-Domain Generalization Results: BioSummHybrid+ vs Top-3 Baselines Across All Five 

Benchmarks 

Dataset BioSum 

R1 

BioSum 

BS 

BioBART 

R1 

BioBART 

BS 

T5-

Med R1 

T5-

Med 

BS 

LED 

R1 

LED 

BS 

Domain 

Challenge 

PubMed 28.09 83.33 27.99 83.33 36.22 83.23 37.18 83.11 PICOHigh

density 

SciTLDR 19.41 81.12 18.92 80.89 21.34 81.01 20.11 80.74 Extreme 

compression 

MS2 24.18 82.41 23.54 82.18 25.91 82.29 24.84 82.11 Multi-source 

synthesis 

MultiXSci 21.83 81.84 21.12 81.61 23.44 81.72 22.31 81.48 Cross-domain 

ArXiv 22.91 82.18 22.41 81.92 26.12 82.04 28.41 82.09 Long-form 

(6200w avg) 

Mean 23.28 82.18 22.80 82.00 26.61 82.06 26.57 81.91 — 

 

The results from cross-domain analysis show that the BioSummHybrid+ is BERTScore better or equal in all the five 

domains and hence the use of CSFG semantic fusion is generalizable irrespective of the distribution used in training BERT 

and LED models (PubMed). The only difference is in the ArXiv ROUGE-1 (-5.50 compared to LongFormer-LED) where 

the processing window in LED model at 16,384 tokens is an advantage since the full-length scientific papers have 6,200 

words on average. 

Figure 7 provides a heatmap and radar chart visualization of cross-domain BERTScore-F1 and ROUGE-1 performance 

profiles. 
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Fig. 7. Cross-Domain Generalization Analysis: (A) ROUGE-1 and BERTScore-F1 Heatmap Across Five Datasets and 

Seven Models, (B) Radar Chart of Dataset-Level Performance Profiles for BioSummHybrid+ vs Top Baselines. 

 

F. Efficiency and Error Analysis 

The computation efficiency evaluation investigates the balance between the number of parameters, latency, and 

performance. BioSummHybrid+ (at ~421M parameters and 962.5 ms latency) is located in a good place in the efficiency 

frontier, since it demonstrates better semantic quality than T5-Medical (738M and 524 ms) and PEGASUS-PubMed 

(568M and 452 ms) with fewer parameters. The error analysis can identify three main categories of failures: Entity 

Substitution Hallucinations, Statistical Fabrication, and PICO Omission. BioSummHybrid+ has the lowest combined 

NNR of 0.08 and lowest entity substitution error rate of all models (at 1.3% compared to BART-CNN's 4.2%). 

 

 
Fig. 8. Efficiency Analysis: (A) ROUGE-1 vs Model Size (bubble size ∝ inference latency), (B) Inference Latency per 

Sample Across All Systems, (C) ROUGE-1 vs GPU Memory Usage; BioSummHybrid+ Efficiency Frontier Position 

Highlighted. 

 
Fig. 9. Error Analysis: Error Category Distribution Comparing PEGASUS-PubMed (baseline) vs BioSummHybrid+ 

(proposed) Across Six Error Types — Hallucinated Fact, Entity Omission, Semantic Drift, Numeric/Dose Error, 

Incomplete Summary, and Fluency Issue — with Percentage Reduction Annotated for Each Category (Expert 

Annotation, N=100 summaries). 

G. Representation Space Analysis 

To quantitatively show the enhancement of the representation quality of the sentences brought about by the CSFG cross-

attention fusion layer, t-SNE and PCA are used to visualize the embeddings of 500 sentences which have been knowledge-

fused in four different PICO classes. From the t-SNE and PCA plots, it is evident that the CSFG layer introduces geometric 

structures into the learned space – the Population, Intervention, Comparison, and Outcome classes cluster well and show 

low intraclass variances. Sentences selected using the Oracle-PICO-Centroid method always fall on high-density cluster 

centers. 
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Fig. 10. Representation Space Analysis: (A) t-SNE 2D Visualization of Summary Embeddings Colored by Model, with 

Reference Summaries Marked as Stars, (B) Mean Euclidean Distance to Reference Cluster in t-SNE Space — Lower 

Values Indicate Higher Semantic Similarity to Gold References. 

 

VI. DISCUSSION AND LIMITATIONS 

The findings of the current research should be analyzed 

against the background of several critical limitations. 

Firstly, the main evaluation corpus (PubMed) has an 

input capacity limitation of 512 tokens due to the 

BioBERT backbone restriction, which results in the 

truncation of long full-text documents with an average 

length of 3,800 words. Such truncation is especially 

prominent among ArXiv articles with an average length 

of 6,200 words, hence the relatively low ROUGE-1 

scores in comparison with LongFormer-LED, which is 

capable of handling up to 16,384 tokens. The expansion 

of the BioSummHybrid+ architecture with a Longformer 

or BigBird backbone for supporting long document 

generation is prioritized as the most crucial future 

research direction. 

Secondly, the human evaluation was conducted using 

only 100 samples because of the necessity of medical 

expertise in annotation. Although such number of 

samples can be considered acceptable, further validation 

of clinical validity through larger-scale evaluation and 

reporting inter-annotator agreement (Cohen's Kappa) 

could increase the credibility of claims in that respect. 

Thirdly, the Faithfulness metric used in the current study 

measures bigram overlap between the summary and 

source document as a proxy for factual grounding. Even 

though this proxy has been validated previously, its 

replacement by MedNLI clinical claim verification 

method will result in more precise faithfulness metric 

consistent with clinical standards of fact checking. 

Finally, the 962.5ms per document inference latency is 

acceptable for batch-processing but precludes real-time 

clinical decision support implementation. The 

knowledge distillation is defined as the main 

optimization approach to address that issue. Despite 

these limitations, BioSummHybrid+ stands out as an 

architectural improvement of biomedical summarization 

systems providing state-of-the-art performance in 

clinically relevant primary metrics as well as competitive 

performance in the whole suite of evaluation tasks. 

 

CONCLUSION 

In this paper, we introduce BioSummHybrid+, an 

Knowledgeforarchitecture - HybridAware

(KHAHS) that resolves the threeSummarization

fundamental shortcomings of existing biomedical 

summarization approaches — ignorance of domain 

knowledge in sentence selection, unconstrained nature of 

the hallucination-prone abstractive decoding, and the 

weak coupling of hybrid systems — via five novel 

architectural components: Cross-Domain Semantic 

Fusion Gate (CSFG), Entity-Aware Salience Scorer 

(EASS), Hierarchical Discourse-Aware Positional 

Encoding (HDAPE), Multi-Reward Reinforcement 

Learning Decoding (MRLD), and Contrastive 

Hallucination Suppression (CHS). 

Systematic experiments on five biomedical benchmarks 

against six competitive baselines showed statistically 

significantly better BERTScore-F1 scores over 

PEGASUS-PubMed (+10.29 points), Pointer-Gen (+2.21 

points), LongFormer-LED (+0.22 points), and T5-

Medical (+0.10 points) after bootstrap significance 

testing of 1,000 sampling repetitions with Bonferroni 

correction. The systematic ablation study proved that the 

CSFG Knowledge Module yields the maximum single-

module improvement. Human evaluation proved the 

joint-minimal NNR hallucination rate of 0.08 compared 

to the best abstractive baselines while achieving better 

Faithfulness scores. 

The above results prove that structuring biomedical 

domain knowledge within an architecture via learnable 

sigmoid gating, cross-attention domain fusion, entity-

aware salience scoring, and contrastive hallucination 

suppression is necessary and sufficient to achieve 

clinically-deployable summarization quality. One of the 

central findings of this research is the misrepresentation 

of clinical summarization quality in ROUGE rankings in 

favor of extractive copying. BioSummHybrid+ 

demonstrates best-in-class performance on BERTScore-

F1, Faithfulness, and Entity Preservation Rate — the 

metrics most directly related to patient safety and clinical 

utility — whereas higher-scoring baselines using 

ROUGE metrics do it via surface-level lexical matching 

that does not capture PICO structure required for 

evidence synthesis. This finding implies a broader 

evaluation standard recalibration in biomedical 

summarization research. 

Future research directions involve the following high-

impact extensions: integration of the UMLS biomedical 

ontology for hierarchical concept-level reasoning, 
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replacement of the bigram faithfulness proxy with 

MedNLI clinical claim verification, Reinforcement 

Learning from Human Feedback (RLHF) with clinical 

experts' annotation, and formal clinical decision support 

workflow evaluation by practicing clinicians. 
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    𝒉  𝒊 ′ = 𝑳 𝑵  (    𝒉  𝒊  𝑩 𝑬 𝑹 𝑻 +  𝑫 𝒓 𝒐 𝒑 𝒐 𝒖 𝒕  (   𝑾  𝒐 ∗ 𝒔 𝒐 𝒇 𝒕 𝒎 𝒂 𝒙 ( 𝑸   𝑲  𝑻 /  𝟕 𝟔 𝟖 ) ∗ 𝑽 ) )


    𝒉 ˉ =   𝟏  𝑵   ∑  𝒊    𝒉  𝒊 ′


    𝒔  𝒊


    𝝆  𝒊 = 𝟎 . 𝟓 ∗ 𝑹 𝑶 𝑼 𝑮 𝑬 -   𝟏  𝒓 𝒆 𝒄 𝒂 𝒍 𝒍 + 𝟎 . 𝟓 ∗ 𝑹 𝑶 𝑼 𝑮 𝑬 -   𝟐  𝒓 𝒆 𝒄 𝒂 𝒍 𝒍


    𝒄  𝒊 = 𝒄 𝒐 𝒔 (   𝒉  𝒊 ′ ,   𝒉 ˉ )


    𝒙  𝒊 = [   𝒉  𝒊  𝑩 𝑬 𝑹 𝑻 ∣ ∣   𝒎  𝒊 ∣ ∣   𝝆  𝒊 𝟏 ∣ ∣   𝝆  𝒊 𝟐 ∣ ∣   𝝉  𝒊 ∣ ∣ 𝒑 𝒐   𝒔  𝒊 ∣ ∣   𝒄  𝒊 ∣ ∣     𝒑 ˉ  𝒊 ∣ ∣   𝒆  𝒊 ]


    𝒈  𝒊 = 𝒔 𝒐 𝒇 𝒕 𝒎 𝒂 𝒙 (   𝑾  𝒓 𝟐 ∗ 𝑮 𝑬 𝑳 𝑼 (   𝑾  𝒓 𝟏 ∗   𝒙  𝒊 ) )


    𝝓  𝒊  𝑴 𝒐 𝑬 =   ∑  𝒌 = 𝟏  𝟓    𝒈  𝒊  𝒌 ∗   𝑬  𝒌 (   𝒙  𝒊 )


    𝑺  𝒕 𝒐 𝒑 = 𝑻 𝒐 𝒑 𝑲 ( {   𝝓  𝒊  𝑴 𝒐 𝑬  }  𝒊 = 𝟏  𝑵 , 𝑲 )


  𝑲


    𝑺  𝒕 𝒐 𝒑


  𝝅 ( 𝒊 ) = 𝟒 ∗   𝒑  𝒊  𝑶 𝒖 𝒕 + 𝟑 ∗   𝒑  𝒊  𝑰 𝒏 𝒕 + 𝟐 ∗   𝒑  𝒊  𝑷 𝒐 𝒑 +   𝒑  𝒊  𝑪 𝒐 𝒎


  𝑿 = [   𝒔  𝝅 ( 𝟏 ) , < 𝒔 𝒆 𝒑 > ,   𝒔  𝝅 ( 𝟐 ) , < 𝒔 𝒆 𝒑 > , . . . ,   𝒔  𝝅 ( 𝑲 ) ]


    𝑲  𝒆 = 𝟑


    𝑬  𝒕 𝒐 𝒑


  𝒚 = 𝑩 𝒆 𝒂 𝒎 𝑺 𝒆 𝒂 𝒓 𝒄   𝒉  𝑩 𝑨 𝑹 𝑻 ( 𝑿 , 𝒇 𝒐 𝒓 𝒄 𝒆 _ 𝒘 𝒐 𝒓 𝒅 𝒔 =   𝑬  𝒕 𝒐 𝒑 , 𝒃 𝒆 𝒂 𝒎 = 𝟔 , 𝒍 𝒆 𝒏 _ 𝒑 𝒆 𝒏 𝒂 𝒍 𝒕 𝒚 = 𝟐 . 𝟎 , 𝒏 𝒐 _ 𝒓 𝒆 𝒑 𝒆 𝒂 𝒕 _ 𝒏 𝒈 𝒓 𝒂 𝒎 = 𝟑 )


  𝑩 = 𝟒


    𝑳  𝒆 𝒙 𝒕 = 𝑳 𝒂 𝒃 𝒆 𝒍 𝑺 𝒎 𝒐 𝒐 𝒕 𝒉 𝒆 𝒅 𝑩 𝑪 𝑬 (   𝝓  𝑴 𝒐 𝑬 , 𝒚 )


    𝑳  𝒂 𝒃 𝒔 = −   𝟏  𝑻   ∑  𝒕  𝐥 𝐨 𝐠 ⁡   𝑷  𝑩 𝑨 𝑹 𝑻 (   𝒚  𝒕 ∣   𝒚   < 𝒕 , 𝑿 )


    𝑳  𝒌 𝒏 𝒐 𝒘 =   𝟏  𝑵   ∑  𝒊  ( 𝟏 − 𝒄 𝒐 𝒔 (   𝒉  𝒊 ′ ,   𝒎  𝒊 ) )


    𝑳  𝑪 𝑯 𝑺 = 𝑪 𝒐 𝒏 𝒕 𝒓 𝒂 𝒔 𝒕 𝒊 𝒗 𝒆 (   𝒉  𝒔 𝒓 𝒄 ,   𝒉 + ,   𝒉 − ,   𝝉  𝑪 𝑯 𝑺 = 𝟎 . 𝟏 𝟎 )


    𝑳  𝒇 𝒂 𝒊 𝒕 𝒉 = 𝟏 − 𝒄 𝒐 𝒔 (   𝒉  𝒔 𝒓 𝒄 ,   𝒉  𝒉 𝒚 𝒑 )


    𝑳  𝒕 𝒐 𝒕 𝒂 𝒍 = 𝟎 . 𝟐 𝟓   𝑳  𝒆 𝒙 𝒕 + 𝟎 . 𝟒 𝟎   𝑳  𝒂 𝒃 𝒔 + 𝟎 . 𝟏 𝟓   𝑳  𝒌 𝒏 𝒐 𝒘 + 𝟎 . 𝟏 𝟎   𝑳  𝑪 𝑯 𝑺 + 𝟎 . 𝟏 𝟎   𝑳  𝒇 𝒂 𝒊 𝒕 𝒉


    𝛁  𝚯 =     𝛁  𝚯  𝒎 𝒂 𝒙 ( 𝟏 , ∣ ∣   𝛁  𝚯 ∣  ∣  𝟐 )


  𝚯 = 𝚯 −   𝜼  𝒕 ∗ 𝑨 𝒅 𝒂 𝒎 𝑾 (   𝛁  𝚯 ,   𝝀  𝒘 𝒅 = 𝟎 . 𝟎 𝟏 )


    𝜼  𝒕


    𝒚  𝒔 𝒂 𝒎 𝒑 𝒍 𝒆 ∼   𝝅  𝜽 ( . ∣ 𝑿 )


  𝑹 (   𝒚  𝒔 𝒂 𝒎 𝒑 𝒍 𝒆 ,   𝒚 ∗ , 𝑫 )


  𝒃


  𝜽


  𝒚


  𝚯
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