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Abstract
Biomedical Question Answering (BQA) systems are vital for providing clinicians and researchers with efficient access
to large amount of biomedical scientific studies. Existing automated BQA models, however, often rely on complex
hybrid architectures to handle diverse question and answer formats, leading to inefficiency and high complexity.
While domain-specific generative language models like BioBART offer a unified and simplified alternative capable
of producing fluent human-like responses, they are prone to hallucination and lack interpretability, undermining
their trustworthiness in critical healthcare domains. To address these limitations, this work introduces an enhanced
model that augments BioBART with a pointer network for accurate token copying and a novel Keyphrase Filter (KPF)
to guide attention toward critical information during generation. Experimental results on the BioASQ challenge
demonstrate that the proposed Pointer-KPF model significantly outperforms the baseline BioBART, particularly on
metrics for ideal answers. Furthermore, our evaluation shows that the model enhances transparency: pointer-guided
attention heatmaps reveal improved input-output alignment, while keyphrase scores act as saliency maps to identify
the most influential input segments. This approach not only reduces hallucination by strengthening textual grounding
but also provides crucial insights into the model’s reasoning, thereby increasing confidence and trust in its outputs.
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1. Introduction "summary" questions. Answers are categorized
as either "exact" (derived directly from the pro-
vided text) or "ideal” (human-like summaries of

the relevant information).

Biomedical Natural Language Processing (BioNLP)
plays a crucial role in improving information retrieval
and processing within the biomedical domain by
integrating expertise from bioinformatics, medicine,
and artificial intelligence. Over the years, NLP tech-
niques have been applied to classification, informa-
tion extraction, question answering (QA), and drug
discovery (Cohen and Hersh, 2005; Cohen and
Demner-Fushman, 2014). Early approaches relied
on semantic parsing technologies for identifying re-
lations between disease (Mkrichyan and Sonntag,
2014), rule-based technigues for negation handling,
such as NegEx (Profitlich and Sonntag, 2021). Al-
though ontology-based approaches (Sonntag et al.,
2009, 2016) enhance biomedical entity recognition
by incorporating structured knowledge, they suffer
from high annotation costs and limited adaptability
to evolving biomedical literature.

Traditional Biomedical Question Answering
(BQA) systems have relied on information retrieval
(IR) techniques (Voorhees, 2001; Niu et al., 2003),
which, despite retrieving relevant text spans, strug-
gle with complex medical queries, domain-specific
terminology, and the need for precise, interpretable

Question

Type Example Question, Exact Answer, and Ideal Answer

Question: Proteomic analyses need prior knowledge of the organism’s complete
genome. Is the complete genome of the bacteria of the genus Arthrobacter available?
Exact Answer: yes

Ideal Answer: Yes, the complete genome sequence of Arthrobacter (two strains) is
deposited in GenBank.

Question: List Hemolytic Uremic Syndrome Triad.

Exact Answer: [anaemia, thrombocytopenia, renal failure]

Ideal Answer: Hemolytic uremic syndrome (HUS) is a clinical syndrome characterized
by the triad of anaemia, thrombocytopenia, renal failure.

Question: What enzyme is inhibited by Opicapone?

Exact Answer: [catechol-O-methyltransferase]

Ideal Answer: Opicapone is a novel catechol-O-methyltransferase (COMT) inhibitor to
be used as adjunctive therapy in levodopa-treated patients with Parkinson’s disease.

Question: What kind of affinity purification would you use to isolate soluble lysosomal
proteins?

Summary | Ideal Answer: The rationale for purification of the soluble lysosomal proteins resides
in their characteristic sugar, the mannose-6-phosphate (M6P), which allows an easy
purification by affinity chromatography on immobilized M6P receptors.

Yes/No

List

Factoid

Table 1: Examples of BioASQ Question Types with
Exact and Ideal Answers for four question types.
Exact answers (highlighted in red) are concise,
fact-based responses directly extracted from in-
put texts, typically named entities. Ideal answer
generation in BQA aims to provide comprehensive,
well-structured responses synthesizing relevant im-
plicit knowledge.

answers (Schmidt et al., 2016). To advance BQA
research, the BioASQ challenge (Nentidis et al.,
2023) provides expert-curated biomedical ques-
tion answering datasets for model evaluation. As
shown in Table 1, the questions cover a range of
types, including "yes/no", "factoid"”, "list", and

Recent approaches leverage transformer-based
models like BERT (Devlin et al., 2019) and its
biomedical adaptations, such as BioBERT (Lee
etal., 2020), and BioGPT (Luo et al., 2022), achiev-
ing strong performance on BQA tasks (Jin et al.,
2022; Hu et al., 2023; Kim et al., 2023). However,
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these models require separate fine-tuning for differ-
ent question types, increasing training costs and
system complexity. Additionally, scalability and in-
terpretability remain significant challenges, limiting
their clinical applicability (Jin et al., 2022; Lyu et al.,
2024).

In this work, we propose a unified BQA sys-
tem based on a domain-specific BioBART (Lewis
etal., 2019; Yuan et al., 2022) model with multi-task
learning to handle diverse question types within a
Sequence to Sequence (Seq2Seq) architecture.
Specifically, we integrate a pointer network (Vinyals
et al., 2015; See et al., 2017) and a key phrase
filtering mechanism into the Seq2Seq architecture.
This improves the factual accuracy of generated
answers by dynamically emphasizing relevant in-
formation during training and inference. Unlike ex-
isting key phrase labeling techniques (Liang et al.,
2022), our approach enables end-to-end learning
without requiring explicit key phrase annotations,
making our system more efficient. Our experimen-
tal results demonstrate that incorporating a pointer
network and key-phrase filtering improves both the
precision of answers and the transparency of the
BioBART model, thereby addressing critical chal-
lenges in BQA. Our goal is to foster trust and us-
ability of pre-trained generative language models
in clinical applications. We will publish our code
and fine-tuned models.

2. Related Work

PLMs for Biomedical NLP. The scarcity of an-
notated biomedical data limits the performance of
general-purpose language models in this special-
ized domain. Models like BioBERT (Lee et al.,
2020), SciBERT (Beltagy et al., 2019), Clinical-
BERT (Alsentzer et al., 2019), and PubMedBERT
(Gu et al., 2021) have demonstrated superior per-
formance in biomedical NLP tasks by effectively
capturing domain-specific semantics. Models like
BioELMo (Jin et al., 2019), and Bio-ELECTRA
(Ozyurt, 2020) integrate domain-specific ontolo-
gies and knowledge graphs to enhance their un-
derstanding of biomedical concepts. Within the
BioASQ challenge (Nentidis et al., 2022), PLMs-
based extractive approaches have been widely
adopted, with models such as BioM-ELECTRA (Al-
rowili and Vijay-Shanker, 2021), BioM-ALBERT (Al-
rowili, 2021), and Bio-ELECTRA (Ozyurt, 2020)
achieving strong performance by treating BQA as a
span prediction task (Jin et al., 2022). Fine-tuning
on QA datasets has further enhanced these mod-
els, allowing them to learn task-specific answer
extraction patterns (Nentidis et al., 2023).

Generative models for summary generation.
Unlike extractive approaches that label text spans,

generative models synthesize information from in-
put sources to produce coherent, human-like re-
sponses. Encoder-decoder frameworks have be-
come a standard approach for generating concise
yet informative summaries across domains (Nalla-
pati et al., 2017; Chopra et al., 2016). Transformer-
based architectures such as BART (Lewis et al.,
2020) and T5 (Raffel et al., 2020) have been widely
used in abstractive summarization tasks. BioBART
(Yuan et al., 2022) adapts the BART architecture to
the biomedical domain. BioGPT (Luo et al., 2022)
is a decoder-only generative model designed for
biomedical text generation. To ensure factual con-
sistency with the source text, hybrid approaches
combining extractive and abstractive techniques
have been proposed (Gu et al., 2016; Kryscinski
et al., 2018). See et al. (2017) and Nallapati et al.
(2016) integrated a pointer network (Vinyals et al.,
2015) into an RNN-based encoder-decoder model,
allowing the system to either generate words from a
predefined vocabulary or copy words directly from
the source text. Building on a BERT-based encoder-
decoder model, Liang et al. (2022) integrated a
pointer mechanism to enable direct copying of text
spans from the source input, combined with span
extraction supervision to enhance source text re-
construction during generation. Prompting large
language models (Hsueh et al., 2023) has been
explored to improve model performance. How-
ever, this approach requires key phrase annota-
tions as generation targets during training. Despite
these advancements, PLM-based methods face
challenges in providing explainable answers, moti-
vating further research into hybrid approaches for
accountable biomedical QA.

3. Method

3.1. BioBART Baseline

We utilize BioBART (Yuan et al., 2022) as our base-
line, a variant of BART (Lewis et al., 2020) pre-
trained on biomedical corpora, including PubMed
abstracts. This domain-specific pre-training en-
ables BioBART to handle the complexities of
biomedical vocabulary and concepts. BioBART em-
ploys a standard transformer encoder-decoder ar-
chitecture with bidirectional encoder self-attention
and causal decoder self-attention.

3.2. Pointer Network

To enhance BioBART’s ability to leverage both gen-
erative and extractive capabilities for BQA, we in-
tegrated a pointer network as shown in Figure 1.
The pointer network introduces an additional mech-
anism that adjusts the cross-attention scores so
that the model can either copy words from the input
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Figure 1: The pointer network runs in parallel to
the standard BART generation process. It takes
the decoder hidden state, the current input to-
ken embedding, and the weighted encoder hidden
states as input. It produces a generation probability,
Pgen, Which is used directly to modulate the cross-
attention scores. These modulated cross-attention
scores are then summed to match the vocabulary
tokens. The final output distribution is produced by
combining the vocabulary distribution with these
summed attention scores.

(close attention weight on source tokens) or gen-
erate new words (standard decoding). Specifically,
the model dynamically decides between generating
a token from the vocabulary or copying one from
the input, using a learned probability distribution at
each decoding step. At each decoding step t, the
pointer network computes a generation probability
Pgen, Calculated as:

DPgen = U(Wg;r[hf§ Yt; St] + bptr) (1)

where o is the sigmoid function, wy, is a learnable
weight vector, by is a bias term, h,, is the encoder
hidden state, y; is the current decoder input token
embedding, and s; is the decoder’s hidden state.
These hidden states from the final encoder are used
as context vectors passed to each decoding step.
Each decoder state s; predicting the next token is
also from the last decoder.

The attention-weighted encoder representation
hi is computed using the encoder-decoder cross-
attention. Since the model uses multi-head atten-
tion, we compute the mean over all attention heads
as suggested in Liang et al. (2022). Let agfj). denote
the attention weight from decoder step ¢ to encoder
token j for head i. The averaged attention is:

1 Nheads

Gy = ay') )

Nheads i—1

The attended encoder representation is then:

Ty
he =3 a, bt 3)
Jj=1

where j indexes the source tokens and T, is the
input sequence length.

The pointer network modulates the cross-
attention scores by scaling them with (1 — pgen).
The final output token distribution Pjng(w) is then
computed as:

Pfinal(w) = Pgen * oncab(w) + (1 - pgen) : Z Qg j
Jirj=w

(4)

where Py,ocan(w) is the vocabulary distribution, and

the second term aggregates attention scores over

all source positions j where the input token «;

matches the vocabulary token w. The benefit of

incorporating a pointer network is to improve the

alignment between the generated output and the
input context, reducing factual inconsistencies.

3.3. Keyphrase Filter

Figure 2: The KPF module is implemented as
a linear layer that predicts keyphrase scores for
each input token using the encoder hidden states.
These scores are used to weight the encoder hid-
den states, which are then employed in the cross-
attention mechanism and as input to the pointer
network. The cross-attention weights are also
weighted further by the keyphrase predictions.

To ensure that the model focuses on crucial infor-
mation in the input text, we introduce a Keyphrase
Filter (KPF) between the encoder and decoder. See
Figure 2 for an architectural overview of the Pointer-
KPF network. The KPF is implemented as a linear
layer (binary classifier) trained jointly with the model.
It predicts keyphrase scores based on encoder hid-
den states and is trained implicitly to identify impor-
tant keyphrases without explicit annotations.
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For each encoder token position j, the KPF pre-
dicts a score k; using:

e; = KPF(h?) (5)

ki = o(e;) (6)

where ¢ is the sigmoid function.

The keyphrase scores are used to modulate the
cross-attention weights before aggregation. Specif-
ically, the attention weights are re-weighted as:

Qu,j=kj- o (7)

The modified attended encoder representation
is then:

T.r
W =Y au, b3 (8)
j=1

These modified attention scores are also incorpo-
rated into the pointer mechanism. The final output
distribution becomes:

Fiinal (w) = Pgen 'oncab(w)“"(l _pgen) : Z k/’j Qg g

Jirj=w
(9)
The KPF assigns the saliency of each token in
the input sequence, which is then used to modu-
late both the encoder hidden states and the cross-
attention scores in the decoder. This mechanism
guides the model to prioritize relevant keyphrases
while reducing the influence of less informative to-
kens, ultimately strengthening its extractive capabil-
ities and improving the accuracy of generated an-
swers. While the pointer network ensures that fac-
tual accuracy is preserved by copying key informa-
tion from the input, the KPF reinforces this process
by explicitly guiding attention toward keyphrases in
the input text.

4. Experiments

We evaluated our models using the 11th release
of BioASQ dataset (Nentidis et al., 2023). The
BioASQ dataset provides expert-curated training
questions, relevant abstracts, snippets, and correct
answers. Table 2 presents the final distribution of
question types across training, validation, and test
sets.

4.1.

We adopted the "Snippet as is" pre-processing strat-
egy, which utilized individual-provided snippets as
contexts for each question, without further concate-
nation or processing. This approach was selected

Data Pre-processing

Split Yes/No List Factoid Summary
Train 25,010 13,817 26,685 12,997
Val 20,007 10,878 17,790 8,665
Set 1 319 432 591 326
Set 2 269 210 660 655
Test Set3 378 310 400 341
Set 4 327 150 414 318
Set5 596 499 527 293

Table 2: Data Statistics for Train, Validation, and
Test Sets based on the four question types.

due to its balanced performance across all ques-
tion types (Yes/No, List, Factoid, and Summary),
as demonstrated by Yoon et al. (2019). This strat-
egy offers data augmentation, focused attention on
crucial terms, enhanced semantic nuance under-
standing, and promotes answer diversity. The pre-
processing extracts a single snippet per question,
preserving its original structure across the dataset.

4.2. Task-Specific Token

Adapting pretrained language models (PLMs) to
downstream tasks often involves addressing vari-
ations in data structure and desired output for-
mats. While post-processing techniques are com-
mon, they can be tedious and may not generalize
well. To address the diverse question types and
answer formats, we implemented a task-specific
token strategy. Inspired by prior work (Ateia and Kr-
uschwitz, 2023; Achiam et al., 2023), we prepend
task-specific tokens to the input sequence, explicitly
informing the model about the question type and
expected answer format, see Table 3. This enables
the model to learn distinct answer patterns asso-
ciated with specific question types during training.

Answer Format Question  Task-Specific Token
Type

Exact Factoid <factoid_exact_answer>
List <list_exact_answer>
Yes/No <yesno_exact_answer>

Ideal Factoid <factoid_ideal_answer>
List <list_ideal_answer>
Yes/No <yesno_ideal_answer>
Summary <summary_ideal_answer>

Table 3: Task-specific tokens used for different
question types and answer formats.

4.3. Training and Inference

We evaluated BioBART, BioBART with a pointer
network (Pointer-Only), BioBART with a pointer net-
work and keyphrase filter (Pointer-KPF), and remov-
ing the pointer network from the Pointer-KPF model
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(KPF-Only). All models were initialized with the pre-
trained BioBART' model (Yuan et al., 2022). We
train the models on a single NVIDIA A100-SXM4-
80GB GPU, with a batch size of 16, a maximum
input length of 512, a maximum of 3 training epochs,
and with a learning rate of 2 x 107°.

4.4. Evaluation Metrics

To evaluate the robustness and consistency of our
models, we examined their performance across
the five test sets. For each model, question type,
and test set, we generated multiple answers while
systematically varying the beam size from 1 to 5.
The BioASQ challenge evaluates exact answers
differently based on the question type. Set N as
the total number of questions.

Strict Accuracy (SAcc) SAcc is the metric used
for factoid questions. It measures the proportion of
questions for which the correct answer is predicted
and placed at the top of the ranked list of answers:

c1

SAcc = —

X (10)

where ¢; is the number of questions answered cor-
rectly when only the top answer is considered.

Lenient Accuracy (LAcc) LAcc is a metric that
increases when the correct answer is predicted and
placed anywhere within the top k& answers:

C
LAcc = —
CcC N

(11)
where ¢;, is the number of questions answered cor-
rectly when all top k£ answers are considered.

Mean Reciprocal Rank (MRR) MRR is a metric
that evaluates the effectiveness of a system in rank-
ing correct answers. It increases inversely with the
position of the correct answer in the ranked list:

N

1 1
M = —
RR N z; rank;

1=

(12)

where rank; is the position of the correct answer for
the i-th question. In the BioASQ challenge, the top
5 (k = 5) answers are predicted for each question,
and MRR is calculated based on these predictions.

Precision, Recall, and F1-Measure For list
questions, the evaluation is based on precision (P),
recall (R), and F1-measure (F'1). These metrics
are averaged across all questions to compute the
Mean Average Precision (MAP), Mean Average Re-
call (MAR), and Mean Average F1-measure (MAF).

'GanjinZero/biobart-v2-base
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The formulas for precision, recall, and F1-measure
are:

. TP
Precision = TP+ FP (13)
TP
= 14
Recall TP L FN (14)

Pl 2 - Precision - Recall

15

Precision + Recall (15)

where TP is the number of correct answers pre-

dicted, F'P is the number of incorrect answers pre-

dicted, F'N is the number of correct answers not
predicted.

ROUGE Metrics ROUGE (Recall-Oriented Un-
derstudy for Gisting Evaluation) (Lin, 2004) mea-
sures the overlap between system-generated and
reference (golden) ideal answers. The metric ap-
plied in our evaluation is:

+ ROUGE-1: Evaluates unigram overlap be-
tween the generated and reference answers.

5. Results

5.1.

Table 4 presents the exact answer generation per-
formance of each model across the test sets. The
mean reflects the average performance across the
generations with varying beam sizes, while the
standard deviation indicates the variability in perfor-
mance across these generations. A smaller stan-
dard deviation signifies more stable performance
across different beam sizes.

Unlike Factoid and List questions, all models
perform well in Yes/No questions, with the Base-
line model already achieving accuracy (>69%).
Pointer-KPF and Pointer-Only demonstrate the ben-
efits of pointer networks, but KPF-Only surprisingly
performs best in some test batches, in particu-
lar for Factoid and Yes/No questions, suggesting
a complex interaction between pointer networks
and keyphrase filtering. Pointer-Only consistently
outperforms other models in MAP and MAF for
List questions, demonstrating the effectiveness of
Pointer Networks for list-type answers. Pointer-KPF
exhibits a substantial performance boost, achieving
up to a 50x increase in MAP (test set 2, from 0.005
to 0.202). Keyphrase filtering also contributes, but
its impact is less consistent.

Results of Exact Answer Generation

5.2. Results of Ideal Answer Generation

For each question type (yes/no, factoid, list, sum-
mary), systems are expected to provide an "ideal"
answer resembling a concise response that a


https://huggingface.co/GanjinZero/biobart-v2-base

Model Factoid \ List | Yes/No

Test Set
LAcc MRR SAcc | MAP MAR MAF | Acc MAF
Baseline 0.200 £ 0.013 0.160 £ 0.027 0.135 4 0.033 0.077 £0.011 0.089 4+ 0.013 0.082 +0.012 0.696 = 0.000 0.582 4 0.000
1 Pointer-Onl 0.2944+0.021  0.264 +£0.023  0.235+0.021 | 0.410+0.006  0.480+£0.009  0.41140.007 | 0.774+0.020 0.633 & 0.049
Pointer-KPF  0.318 +0.025 0.296+-0.016 0.282+0.016 | 0.445+0.019 0.479 4+ 0.023 0.446 +0.018 | 0.73940.000  0.425 + 0.000
KPF-Only 0.276 + 0.039 0.257 £ 0.040 0.247 +0.040 0.357 +0.033 0.442 4+ 0.052 0.366 + 0.035 0.739 + 0.000 0.546 % 0.000
Baseline 0.288 +0.025 0.263 £ 0.026 0.241 +0.032 0.005 + 0.007 0.007 + 0.007 0.006 + 0.007 0.778 £ 0.000 0.723 4 0.000
2 Pointer-Onl 0.459 +0.034 0.382 £ 0.026 0.335+0.033 | 0.260 +£0.018 0.191£0.007 0.207 £0.012 | 0.767 +0.025 0.669 % 0.022
Pointer-KP 0.453+0.034  0.3794+0.035  0.341 £0.033 | 0.2024+0.023  0.144+0.010  0.157+£0.014 | 0.744+0.031  0.606 £ 0.067
KPF-Only 0.465 +0.025 0.394-+0.023 0.353 +0.029 | 0.205-+0.006 0.17440.004  0.179+0.004 | 0.833 4+0.000 0.778 + 0.000
Baseline 0.238 + 0.035 0.176 £+ 0.035 0.150 + 0.035 0.061 + 0.003 0.058 + 0.002 0.059 + 0.002 0.792 + 0.000 0.705 % 0.000
3 Pointer-Only  0.325 +0.036 0.268 = 0.042 0.244 +0.041 | 0.225+0.007 0.2134+0.006 0.214 +0.006 | 0.816 4 0.037 0.747 + 0.070
Pointer-KP 0.275 £ 0.074 0.214 £ 0.059 0.194 +0.051 0.138 £ 0.008 0.129 4 0.009 0.130 + 0.008 0.725 £ 0.023 0.561 % 0.055
KPF-Only 0.287 £ 0.034 0.237 £ 0.034 0.219 +0.038 0.218 £0.026  0.221+£0.010 0.214 +0.018 0.792 £ 0.000 0.705 % 0.000
Baseline 0.310 = 0.029 0.274 £0.027 0.252 + 0.027 0.091 + 0.020 0.083 +0.014 0.083 + 0.016 0.792 + 0.000 0.736 + 0.000
4 Pointer-Onl 0.374 +0.018 0.335£0.017 0.310 +0.018 0.247 +0.010 0.210 + 0.016 0.219 +0.012 0.875 + 0.000 0.845 4 0.006
Pointer-KP 0.361 +0.027 0.303 £ 0.037 0.265+0.058 | 0.290 £0.011 0.252 £0.007 0.264 +0.008 | 0.900 & 0.023 0.870 + 0.026
KPF-Only 0.413+0.014 0.381+0.015 0.361+0.027 | 0.264+0.013  0.226 £0.004  0.237 £ 0.007 | 0.917 +0.000 0.889 + 0.000
Baseline 0.1724+0.024  0.133+£0.028  0.103+£0.035 | 0.138+£0.007  0.137+£0.006  0.137+0.006 | 0.714+£0.000  0.689 & 0.000
5 Pointer-Only  0.214 +0.015  0.165+0.012  0.1314+0.016 | 0.380+0.004 0.386 4+ 0.003 0.378 +0.003 | 0.786 4 0.000  0.775 + 0.000
Pointer-KP 0.200 + 0.016 0.165+0.005  0.138 +£0.000 | 0.342 4+ 0.020 0.337 +0.018 0.337 +0.020 0.743 £ 0.039 0.714 4+ 0.056
KPF-Only 0.207+0.000 0.167 £0.000 0.138 £ 0.000 0.341 £0.017 0.347 +0.019 0.340 +0.017 | 0.786 +£0.000 0.775 £ 0.000

Table 4: Performance metrics for different models for exact answer generation. Values are reported as
Mean + Std across varying beam sizes.

Test Set Model Factoid List Yes/No Summary
Baseline 0.361 £ 0.008 0.163 4+ 0.023 0.457 £+ 0. 039 0.414 £+ 0.020
1 Pointer-only 0.383 = 0.031 0.360 + 0.017 0.476 £ 0.02 0.473 £+ 0.036

Pointer-KPF  0.378 4+ 0.029 0.441 4+ 0.056 0.477 + O. 011 0.509 + 0.032
KPF-Only 0.331 £ 0.023 0.401 £ 0.067 0.459 £ 0.070 0.429 + 0.043

Baseline 0.362 £+ 0.018 0.098 £0.020 0.445 +0.029 0.416 £ 0.011
2 Pointer-only  0.390 4+ 0.011 0.289 4 0.031 0.445 4+ 0.040 0.447 4 0.043
Pointer-KPF 0.409 + 0.004 0.313 4+ 0.022 0.455 + 0.017 0.473 + 0.061
KPF-Only 0.378 £ 0.028 0.3 + 0.027 0.428 £+ 0.057 0.392 + 0.050
Baseline 0.449 £ 0.028 0.113 £0.009 0.393 £ 0.008 0.400 £ 0.017
3 Pointer-only  0.457 4+ 0.009 0.273 4+ 0.007 0.405 4+ 0.014 0.435 % 0.003
Pointer-KPF 0.467 4+ 0.016 0.299 4+ 0.043 0.406 + 0.013 0.457 4+ 0.020
KPF-Only 0.444 £ 0.053 0.283 £ 0.037 0.455 £+ 0.060 0.443 + 0.014
Baseline 0.361 +£0.028 0.077 £0.006 0.356 = 0.017 0.359 £ 0.011
4 Pointer-only  0.377 4+ 0.010 0.271 4+ 0.008 0.395 4= 0.043 0.462 + 0.034
Pointer-KPF 0.412 + 0. 013 0.337 £0.064 0.391 £ 0.028 0.452 £+ 0.032
KPF-Only 0.388 £ 0.0 0.264 £ 0.014 0.416 + 0.058 0.384 £ 0.009
Baseline 0.403 £ 0.0 0.145 £ 0.010 0.354 £ 0.043 0.367 £ 0.020
5 Pointer-only  0.393 £ 0.0 1 0.353 =£0.003 0.381 £ 0.010 0.377 £ 0.010
Pointer-KPF 0.432 4+ 0.052 0.350 4+ 0.009 0.430 4+ 0.008 0.429 + 0.020
KPF-Only 0.376 £0.034 0.357 +£0.024 0.418 £0.059 0.354 £ 0.021

Table 5: ROUGE-1 F1-scores (Mean + Std) of varying beam sizes. Bold values indicate the best mean
score within each batch.

biomedical expert might provide. Table 5 presents  the Baseline, highlighting the importance of the
ROUGE-1 F1-scores for ideal answer genera- pointer network. However, in Test Set 1, the Base-
tion across different question types (Factoid, List, line slightly surpassed Pointer-Only, underscoring
Yes/No, and Summary) and all test sets. dataset-specific performance variations.

For factoid questions, performance is generally For summary questions, Pointer-KPF consis-
similar across models, though the Pointer-KPF  tently demonstrated the strongest performance, re-
model tends to perform best. This suggests thatthe  inforcing trends observed in other question types.
combination of the pointer network and keyphrase ~ Pointer-Only also outperformed the Baseline, fur-
filtering yields the best results for this question type.  ther highlighting the pointer network’s role in im-
Pointer-Only consistently shows improvement over  proving long-form answer generation.
both Baseline and KPF-Only models, indicating that Our analysis of ideal answer generation revealed
the pointer network plays a crucial role in enhancing ~ several key findings:
factoid answer generation.

For list questions, Pointer-KPF frequently
achieved the best ROUGE-1 scores, leveraging
both keyphrase filtering and _th? pointer network. the strongest performance across factoid, list,
Notably, |t_ showed a substantial improvement over and summary questions, demonstrating the
the Baseline. benefits of this combined approach.

For yes/no questions, performance differences
were minimal, suggesting BioBART’s inherent ef-

» Synergistic Effect of Pointer Network and
Keyphrase Filtering: Pointer-KPF, which com-
bines both mechanisms, generally achieved

Effectiveness in List Questions: Significant per-

fectiveness for these simpler questions. For fac- formance improvements were observed for list
toid questions, Pointer-KPF generally achieved questions, particularly with Pointer-KPF, high-
the highest scores, demonstrating the complemen- lighting the effectiveness of both pointer net-
tary benefits of pointer networks and keyphrase works and keyphrase filtering for this question
filtering. Pointer-Only consistently outperformed type.
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» While Pointer-KPF often achieves the high-
est scores, the performance across the three
model settings is relatively close. In some test
sets, KPF-Only even surpasses Pointer-Only,
albeit by a small margin.

5.3. Impact of beam size on Answer

Generation

To further investigate the impact of decoding param-
eters on Pointer-KPF model performance, we con-
ducted beam size experiments, varying the beam
size from 1 to 5. This allowed us to explore the sen-
sitivity of our models to the breadth of the search
space during answer generation for both exact and
ideal answers. The results show that the impact of
beam size on exact answer generation is minimal
(Figure 3). Performance remains relatively stable
across different beam sizes, with only slight fluctu-
ations in metrics like factoid lenient accuracy and
list MAP/F1. This consistent trend suggests that
the model’s ability to identify exact answer spans
is not significantly affected by increasing the beam
size. The model appears to identify relevant an-
swer spans with relatively small beam sizes. One
possible explanation is that the search space for ex-
act matches is inherently smaller and more focused
than that for ideal matches, making the beam size
less influential.

Pointer-KP Model: Exact Results Analysis

Score

b6
Beam Size

Figure 3: Pointer-KPF - Exact Answers

For ideal answer generation, the impact of beam
size is more pronounced (Figure 4). For instance,
the Pointer-KPF model’s list ROUGE-1 improves
from 0.297 at beam size 1 to 0.340 at beam size
3. This suggests that exploring a wider range of
paraphrased answers and keyphrase combinations
with larger beam sizes is particularly beneficial for
generating better ideal answers, especially for list
questions. This is likely because the search space
for ideal matches is significantly larger and more di-
verse, requiring a broader search to identify optimal
combinations of paraphrased text and keyphrases.

Pointer-KP Model: Ideal Results Analysis

5
Beam Size

Figure 4: Pointer-KPF - Ideal Answers

6. Interpretability

Question| Which drugs are included in the CABE-
NUVA pill?

Context | Aregimen comprising extended release
injectable suspensions of cabotegravir
and rilpivirine for concurrent administra-
tion (CABENUVA™) is being developed
by ViiV Healthcare and Janssen Phar-
maceutica (Janssen) as a complete reg-
imen for HIV infection.

Ideal CABENUVA contains cabotegravir and

Answer | rilpivirine. ltis used for treatment of HIV.

Refer-

ence

Baseline | CABENUVA pill includes travaginal pro-
gesterone. It is approved for use in
HIV-infected patients in the USA and
Canada.

Pointer CABNERUVA includes cabotegravir,
rilpivirine, and tmburt, for the concur-
rent treatment of HIV infection.

Pointer- | CABENUVA includes cabotegravir and

KPF rilpivirine for concurrent administration
to HIV-infected patients.

Table 6: Comparison of generated ideal answers
of different model settings for a list-type question.
Text highlighted in red indicates a factual error or
hallucination.

To understand performance improvements, we
analyzed the model generations and attention pat-
terns for a list-type question. Firstly, Table 6
presents the generations of different model set-
tings and the reference, illustrating the progressive
improvement from the Baseline BioBART model to
the Pointer-KPF model. The Baseline model fails,
hallucinating an unrelated drug ("travaginal proges-
terone"). The Pointer model shows improved fac-
tual grounding, correctly identifying the two primary
drugs, but introduces new errors, including a mis-
spelling of the product name ("CABNERUVA") and
an invented component ("tmburt"). The Pointer-
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KPF model generates the most accurate and faith-
ful response, correctly stating the drug compo-
nents.

Baseline model generated an incorrect answer,
relying on generic vocabulary, as evidenced by its
diffused cross-attention shown in Figure 6 (in the
Appendix). The Pointer model improved, identifying
correct components, but hallucinated an irrelevant
term, displaying broader attention (see Figure 7).
Conversely, the Pointer-KPF model generated ac-
curate answers, demonstrating the KPF’s ability to
focus on relevant keyphrases, confirmed by their
concentrated attention (Figure 8).

However, while cross-attention heatmaps pro-
vide useful insights, they have limitations: they
may not fully capture model reasoning due to av-
eraging across layers and attention heads, they
carry a risk of misinterpreting high attention as
meaningful contribution, and they are not intu-
itive for non-ML users. To address these issues
and improve interpretability, particularly regarding
keyphrases, we utilize saliency maps, specifically
keyphrase importance scores derived from the KPF
module (Figure 5). These scores highlight input
tokens receiving the most attention, providing a
more human-readable interpretation than cross-
attention alone. The KPF scores, as seen in Figure
5, demonstrate the model’s focus on relevant input
parts, with higher saliency indicating more impor-
tant keyphrases. Compared to heatmaps, these
scores offer a clearer and more intuitive representa-
tion of model behavior, enabling more direct tracing
of how specific keyphrases contribute to the final
prediction. This visualization offers a more accessi-
ble way to understand the model’s decision-making
process, especially for non-expert users.

Keyphrase Filtering Scores
0.05 0.05 012 012 0.25 0667 0.07 012 012 012

Which  drugs are included in the

013 om 0.50 0.25

< - list - ideal - answer> CABENUVA  pill?

0.07 012 0.12 012 012 0.23 013 0.2 0.60 012
A regimen comprising extended release injectable  suspensions of | cabotegravir and

061 013 012 012 1.00 013 012 012 012 013

rilpivirine| for  concurrent  administration  [(CABENUVASHE] ) is being  developed by

0.38 013 037 0.49 0.62
ViV Healthcare  Janssen Pharmaceu tica |(Janssen) as a complete HIV infection.

012 012 012 012 025

Figure 5: Keyphrase saliency scores overlaid on
the input sequence for the list-type question. Color
gradient indicates keyphrase saliency.

6.1. Comparison with BioASQ
Leaderboard Systems

The BioASQ challenge remains the definitive
benchmark for evaluating semantic question-
answering capabilities in the biomedical domain.
By examining the performance of the Pointer-KPF
model relative to the official results from BioASQ
11b (2023), 12b (2024), and the most recent 13b

Edition Yes/No Factoid List

Acc. MRR F1
1.0000 0.4211 0.7043 ~1.8T

System / Model Category Params

IISR-1 (GPT-4) 11b (2023
DMIS-KU-5 (BioLinkBERT) 11b (2023) 0.9583 0.6053 0.7219 340M

(2023)
(2023)
UR-IW-1 (Mistral-7B) 12b (2024) 1.0000 0.3254 0.4266 7.3B
Mistral-7B (Fine-tuned) ~ 12b (2024) 0.9600 0.2381 0.5265 7.3B

(2025)

(2025)

(2023)

2025-DMIS-KU-2 13b (2025) 1.0000 0.5321 0.5322 ~7B
Mistral-7B-Ins (10-shot) 13b (2025) 1.0000 0.3462 0.2374 7.3B

Pointer-KPF (this study) 11b (2023) 0.779* 0.303* 0.254* 140M

Table 7: Performance comparison across BioASQ
editions. *Pointer-KPF results are averaged over
five BioASQ 11b test sets.

(2025-2026) batches, the improvements of the pro-
posed architectural enhancements can be contex-
tualized within the broader state-of-the-art. Table 7
compares our self-interpretable Pointer-KPF model
with recent large language model (LLM)-based ap-
proaches across multiple BioASQ editions. LLM
systems such as [ISR-1 based on (Hsueh et al.,
2023) and UR-IW-1 using Mistral-7B, as well as
fine-tuned and prompt-based variants (Kim et al.,
2025), consistently achieve near-perfect Yes/No
accuracy and strong performance on factoid and
list questions, benefiting from their large param-
eter scales (7B-1.8T). Similarly, domain-specific
models like BioLinkBERT (Kim et al., 2023) demon-
strate competitive results with fewer parameters
(340M), highlighting the advantage of biomedical
pretraining. Frontier LLMs and heavily ensembled
systems demonstrate superior absolute scores on
the BioASQ 11b and 12b leaderboards. Unlike
these LLM-based systems, which function largely
as black boxes, Pointer-KPF, extending the pre-
vious research work, introduces an explicit, self-
interpretable keyphrase filtering mechanism. This
enables transparent reasoning by highlighting task-
relevant keyphrases, offering a clear trade-off be-
tween performance and interpretability. For in-
stance, our model's averaged Factoid MRR of
0.303 is comparable to results seen in few-shot
prompting of much larger models, such as the
Mistral-7B 10-shot system (MRR 0.346) in the 13b
challenge. Crucially, the Pointer-KPF achieves
this performance with a BioBART-base backbone
( 140M parameters), which is significantly more effi-
cient than the 7B-70B parameter models currently
dominating the leaderboard. The results highlight
an important direction for future research: bridging
the gap between interpretability and performance.

7. Conclusion

In this work, we aim to demonstrate that a single,
generative model could effectively handle diverse
question types and answer formats, overcoming the
limitations of complex, multi-model architectures.
To achieve this, we introduce two key enhance-
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ments: a pointer network that selectively copies
tokens from the input context, modulating cross-
attention scores to bridge abstractive summariza-
tion and precise information extraction, and a KPF
module that predicts keyphrase scores to guide
attention towards salient information, refining the
model’s ability to identify and utilize crucial context.

For exact answers, we observe substantial per-
formance gains, particularly in list-type questions,
with a consistent 20% increase in Mean Average
F1 (MAF) scores using the pointer network. Factoid
questions also highlight the importance of pointer
mechanisms, with Pointer-KPF and Pointer-Only
models demonstrating superior extractive capa-
bilities. In ideal answer generation, the Pointer-
KPF model consistently outperforms the baseline
model, showcasing enhanced information extrac-
tion and paraphrasing abilities. Furthermore, to
enhance interpretability and user confidence, we
apply keyphrase saliency maps, providing user-
friendly visualizations of the model’s reasoning. In
summary, our work demonstrates the effectiveness
of integrating pointer networks and KPF into Bio-
BART for enhanced BQA, highlighting the potential
of refining generative models in biomedical infor-
mation extraction.

While Pointer-KPF operates with a significantly
smaller parameter size (140M) and does not yet
match the raw performance of LLM-based systems,
it establishes a strong foundation for interpretable
QA. Future work will explore further refinements of
the KPF module and evaluate performance on a
broader range of biomedical tasks and datasets.
Further improvements are needed to enhance an-
swer accuracy while preserving the model’s ability
to provide clear, faithful explanations, potentially
through better integration with pretrained knowl-
edge, more robust keyphrase extraction, or hybrid
approaches that combine interpretability with the
strengths of large-scale models.

Limitations

While our research demonstrated promising re-
sults, several limitations warrant further investiga-
tion. The potential inadequacy of ROUGE scores in
capturing semantic correctness and the sometimes
misleading nature of attention visualizations sug-
gest a need for alternative evaluation and analysis
methods. To address these limitations, future work
should focus on developing interactive keyphrase
interfaces to enhance user trust, conducting user
studies to assess keyphrase interactivity, imple-
menting interactive mechanisms for keyphrase ma-
nipulation, exploring advanced attention analysis
and decoding strategies, and leveraging extended
context utilization with advanced data augmenta-
tion techniques. Ultimately, these efforts aim to

enhance model performance, improve interpretabil-
ity, and foster a more robust and reliable biomedical
question answering system.
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Appendix

In the Appendix, Figures 6, 7, and 8 provide a com-
parative visualization of cross-attention patterns
across the three models. These attention weights
represent the strength of interaction between a spe-
cific input and output token. It is indicated by the
intensity of the cell in which they meet. Higher in-
tensity values correspond to stronger attention, re-
vealing which input elements influence the model’s
predictions the most at each decoding step. By
examining these patterns, we can gain insight into
the model’s reasoning process, identify whether it
focuses on relevant information.
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