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Abstract

Retrieval-Augmented Generation (RAG) significantly improves the factuality of Large
Language Models (LLMs), yet standard pipelines often lack mechanisms to verify inter-
mediate reasoning, leaving them vulnerable to hallucinations in high-stakes domains. To
address this, we propose a domain-specific RAG framework that integrates explicit rea-
soning and faithfulness verification. Our architecture augments standard retrieval with
neural query rewriting, BGE-based cross-encoder reranking, and a rationale generation
module that grounds sub-claims in specific evidence spans. We further introduce an
eight-category verification taxonomy that enables fine-grained assessment of rationale
faithfulness, distinguishing between explicit and implicit support patterns to facilitate
structured error diagnosis. We evaluate this framework on the BioASQ and PubMedQA
benchmarks, specifically analyzing the impact of dynamic in-context learning and rerank-
ing under constrained token budgets. Experiments demonstrate that explicit rationale
generation improves accuracy over vanilla RAG baselines, while dynamic demonstration
selection combined with robust reranking yields further gains in few-shot settings. Using
Llama-3-8B-Instruct, our approach achieves 89.1% on BioASQ-Y /N and 73.0% on Pub-
MedQA, competitive with systems using significantly larger models. Additionally, we
perform a pilot study combining human expert assessment with LLM-based verification
to explore how explicit rationale generation improves system transparency and enables
more detailed diagnosis of retrieval failures in biomedical question answering.

Keywords: retrieval-augmented generation, biomedical question answering, rationale

generation, faithfulness verification, in-context learning

1. Introduction

Large language models (LLMs) have become powerful general-purpose systems for many
NLP tasks, including summarization, question answering, translation, code generation, and
dialogue. Their progress is largely driven by transformer architectures and large-scale pre-
training on diverse corpora [1, 2]. However, LLMs often struggle with factual accuracy,
especially in specialized or fast-evolving domains such as medicine, law, or finance [3, 4].
Because their knowledge is fixed at pre-training time and limited by the coverage and quality
of the training data, they can produce outdated or incorrect outputs when faced with novel
or domain-specific information.

Retrieval-augmented generation (RAG) addresses this limitation by combining paramet-
ric knowledge in model weights with non-parametric knowledge from external corpora [5].
In a RAG pipeline, relevant passages are retrieved from a knowledge base and provided as
context to the generator, aiming to ground responses in verifiable evidence and improve
factuality and interpretability.

Despite substantial progress, RAG systems face persistent challenges. First, end-to-end
performance is highly sensitive to retrieval quality: even small retrieval errors can propagate
into generation mistakes [6]. Second, many RAG systems lack explicit reasoning and verifica-
tion steps, making them vulnerable to subtle hallucinations (e.g., incorrect dates or conflated
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entities) even when relevant evidence is retrieved [7]. Third, domain deployments often re-
quire specialized taxonomies, lexicons, and continually updated corpora, which generic RAG
frameworks under-support and which can lead to degraded reliability out of distribution [§].

To address these gaps, we propose a domain-specific RAG framework with explicit rea-
soning and verification, extending the framework proposed by [9]. Our approach combines
BM25 retrieval with neural query rewriting, BGE-based reranking [10], and rationale gen-
eration with verification.

In this paper, our main contributions are:

(1) A reproducible domain-specific RAG blueprint with explicit verification gates. We
present a biomedical RAG pipeline that integrates retrieval, reranking, rationale
generation, and verification into a modular workflow, and empirically evaluate the
impact of reranking and dynamic demonstration selection.

(2) A practical, statement-level faithfulness framework for biomedical rationales. We
propose and operationalize a verification taxonomy for rationale statements grounded
in retrieved abstracts, enabling structured auditing of faithfulness and clearer attri-
bution of errors to retrieval vs. generation.

(3) A systematic evaluation of design choices under token and latency constraints. We
run controlled experiments isolating the effects of reranking and dynamic demonstra-
tion selection. In a preliminary analysis, we use our hybrid verification framework
to categorize critical failure modes, distinguishing between implicit and explicit sup-
port patterns to inform future rationale generation research.

2. Related Work
2.1. Retrieval-Augmented Generation

Retrieval-augmented generation (RAG) has emerged as a powerful mechanism for improv-
ing the factual accuracy of language models by conditioning them on external corpora at
inference time. Early work by [5] demonstrated that a simple retrieve-and-generate pipeline
can significantly boost performance for question-answering tasks by retrieving relevant pas-
sages from an external knowledge base. This approach was further refined by introducing
joint training of the retriever and generator, yielding improved end-to-end retrieval precision
and generation quality [6].

2.2. Explicit Reasoning and Rationale Generation

Beyond simply retrieving documents, recent efforts have focused on exposing the model’s
reasoning process to improve transparency and trust. 7] proposed TrustworthyRAG, which
augments RAG with explicit rationale generation heads that tie each token in the output
back to source passages, enabling more precise faithfulness checks. Such structured ratio-
nales aid with error analysis and allow downstream modules to verify whether each claim is
supported by retrieved evidence.

2.3. Domain-Specific Retrieval

Generic RAG systems often struggle in specialized domains, such as medicine or law,
where terminology and factual requirements are more stringent. [8] studied the limitations
of out-of-the-box LLMs in healthcare applications, showing that domain-tuned retrievers
coupled with domain-specific corpora can yield substantial gains in both relevance and
factuality of generated outputs. Complementary work has investigated query rewriting and



reranking strategies to further adapt retrieval to domain-specific vocabularies and document
structures [11].

3. Methodology
3.1. Framework Architecture

We extend the InstructRAG pipeline [9] to target two persistent RAG failure modes:
irrelevant retrieval and hallucinated reasoning. We do so by (i) improving the retrieved
evidence set presented to the generator and (ii) making the reasoning process explicit, ver-
ifiable, and corrigible. An overview of the full control flow is provided in Algorithm 1,
which summarizes retrieval, reranking, optional query rewriting, rationale generation, and
statement-level verification. We describe each module and the control logic that ties them
together below.

BM25 Retriever. We use the BM25 algorithm to quickly gather a broad initial set of
potentially relevant documents. Given a user query ¢, the retriever returns the top k=20
passages p;72,. BM25’s efficiency and robustness to domain-specific lexical cues make it a
reliable starting point in specialized corpora.

BGE Cross-Encoder Reranker. To enhance evidential precision, we rerank the top 20
passages retrieved by BM25 with a BGE cross-encoder. For each candidate passage p;, the
reranker jointly encodes the query—passage pair (q,p;) and assigns a relevance score that
reflects deeper semantic alignment beyond lexical overlap. We then select the top m=5H
passages to form the final evidence set E used in downstream reasoning.

Query Rewriter. We use a GPT-40 module to clarify ambiguous queries ¢ by expanding
acronyms and adding precise medical terminology. To avoid unnecessary delays, this step
is optional: it is only triggered when the initial retrieval results lack significant keyword
overlap with the query or when the reranker finds insufficient evidence.

Rationale Generator. We prompt the generator to produce a concise, evidence-linked ra-
tionale R alongside a provisional answer §. Prompts include the retrieved passages p; and
instructions to (i) decompose the question into sub-claims, (ii) cite the specific passage IDs
(and if available, character/token spans) that support each sub-claim, and (iii) refrain from
using knowledge not present in p;.

Rationale Verifier. Building on the Factual Evidence framework [12], we use GPT-40 to
classify rationale statements based on their factual alignment with retrieved documents.
Each statement is categorized as correct (explicit, implicit, additional info, or missing con-
text) or incorrect (false info, deviating info, illogical, or missing evidence), enabling fine-
grained faithfulness assessment.

3.2. Corpus

Our knowledge base was sourced from the MedRAG toolkit [13], which includes PubMed
abstracts (23M+ biomedical literature abstracts), Wikipedia articles (general medical back-
ground), medical textbooks (authoritative exam-style content), and StatPearls (clinical de-
cision support summaries).

For our experiments, we exclusively used the PubMed abstracts corpus, as both evaluation
datasets (BioASQ and PubMedQA) are specifically designed for literature-based question



Algorithm 1 Domain-Specific RAG with Explicit Reasoning and Verification

Require: user query g; corpus index D; BM25 top-k; rerank top-m; rewrite threshold 7ovip; evi-
dence threshold Teviq
Ensure: final answer y, rationale R, evidence set E, verification V'
: Retrieve: C' < BM25(D, ¢, k) > Initial candidate set
: Rerank: E + BGE_Rerank(q, C,m) > Top-m evidence passages
Rewrite trigger: compute lexical overlap s < Overlap(q, E)
compute evidence score e < EvidenceScore(q, E)
if s < Tovlp V € < Tevid then
q' < Rewrite(q) > Expand acronyms, add medical terms
C «+ BM25(D, ¢, k)
E « BGE_Rerank(q’,C,m)
: end if
: Reason: (3, R) + GenerateAnswerAndRationale(q, E)
: Verify: V « VerifyRationale(q, E, R) > 8-category faithfulness labels
creturny =9, R, E, V
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Implementation details: We set k=20 and m=>5 in all experiments. Overlap computes the fraction of
non-stopword query tokens appearing in the concatenated evidence passages. EvidenceScore is the mean
reranker score of the top-m passages. GenerateAnswerAndRationale prompts Llama-3-8B-Instruct
with retrieved evidence and (optionally) dynamically selected demonstrations to produce an
evidence-linked rationale R and provisional answer . VerifyRationale uses GPT-40 to label each
rationale statement according to the categories in Table 1.

answering and their questions are answerable from scientific abstracts. This focused ap-
proach enables direct assessment of our framework’s retrieval and reasoning capabilities on
domain-appropriate literature without introducing noise from heterogeneous sources.

3.3. Datasets

We evaluated our framework on two biomedical QA datasets from the MIRAGE bench-
mark [13]: BioASQ [14] and PubMedQA [15]. Both are knowledge-intensive and require
domain-specific literature access.

BioASQ contains expert-curated yes/no questions requiring literature-grounded reasoning
to verify biomedical claims. PubMedQA provides research questions with three candidate
answers (yes/no/maybe) answerable from PubMed abstracts. Following MIRAGE settings,
we use question-only retrieval without gold passage supervision, simulating realistic medical
information-seeking scenarios.

3.4. Metrics

We evaluate our framework using a combination of automatic and human-centric metrics
to assess factual accuracy, rationale quality, and inter-annotator agreement for our LLM-as-
a-judge components.

For both BioASQ and PubMedQA, we evaluate model performance using classification
accuracy. BioASQ is a binary task (yes / no), whereas PubMedQA is a three-way classifi-
cation (yes / no / maybe).

To measure the alignment between generated rationales and their corresponding retrieved
context passages, we use a custom verification schema inspired by the MIRAGE bench-
mark [13]. Each context document rationale is classified into one of eight categories de-
scribed in Table 1. We then assigned a binary CORRECT or INCORRECT verdict for the entire
rationale.



Table 1. Legend for Rationale-Verification Label Categories

Category Meaning

CORRECT-EXPLICIT Information is explicitly stated in the documents (quoted or paraphrased).
CORRECT-IMPLICIT Facts are not stated verbatim but are logically inferred from context clues.
CORRECT-ADDITIONAL Uses context accurately but adds relevant, correct external details.
CORRECT-MISSING Conclusion is correct, but the cited documents provide no support (irrelevant).
INCORRECT-FALSE Statements directly contradict evidence provided in the context.

INCORRECT-DEVIATING Statements are off-topic or unrelated to the query/documents.

INCORRECT-ILLOGICAL  Reasoning contains internal contradictions or violates logic/scientific
principles.

INCORRECT-MISSING Reasoning is incorrect and the cited documents are irrelevant.

For a generated rationale R, we segment it into n atomic statements {r; 7—1 and assign
each statement a label from Table 1. We define an atomic statement as a single verifi-
able proposition that can be supported or refuted using the retrieved evidence (e.g., one
clinical claim, one association, one numerical outcome). In practice, we segment R by sen-
tence boundaries and further split sentences on clause markers (e.g., “because”, “therefore”,
“however”, “which suggests”) and list delimiters (e.g., semicolons, enumerations) to isolate
minimal factual units. We merge fragments that are not semantically self-contained (e.g.,
pronoun-only continuations) with the preceding clause. This segmentation procedure is de-
terministic and is applied identically for human annotation and the LLM verifier. We define
a binary support indicator I; that equals 1 if 7; is labeled as any CORRECT-* category and
0 otherwise (i.e., any INCORRECT-*). The faithfulness score is the proportion of supported
statements:

1 n
Faith(R) = ;Zﬂj. (3.1)
j=1

To quantify the consistency of rationale annotations, we compute two complementary
metrics for each context condition (CONTEXT-1 through CONTEXT-5). CONTEXT-j
denotes verification using only the top-j retrieved passages (for j € {1,...,5}):

e Cohen’s k. We use Cohen’s x to measure chance-corrected agreement. We report
k for (i) human-human agreement and (ii) each human annotator versus the LLM
verifier. We interpret s using the Landis—Koch guidelines [16]: slight (0.00-0.20),
fair (0.21-0.40), moderate (0.41-0.60), substantial (0.61-0.80), and almost perfect
(0.81-1.00).

e Per-category F;. For each rationale label category, we compute precision and
recall and report the corresponding per-category F; score. When comparing humans
to the LLM verifier, we treat the human label as the reference and compute F; for
the verifier on each category.

By reporting both £ and F; for human—human and human—model pairs under every
context, we can obtain a nuanced view of annotation reliability and model alignment.

4. Experiments
4.1. Experimental Design

Our experimental framework is designed to isolate and evaluate the specific contributions
of retrieval, reranking, and explicit reasoning verification in biomedical question answering.
We conduct a series of controlled experiments to assess system performance under varying
constraints.



Demonstration Pool Construction (7). We construct a static pool of in-context demon-
strations, T™*, offline using exclusively the training split of each dataset. For each training
example (¢;,y;), we retrieve evidence passages from the same PubMed index used at test
time and generate an evidence-linked rationale r; using the same prompt format as in eval-
uation. Each demonstration is stored as a tuple (g;, 74, ys, E;), where E; denotes the set of
top-m retrieved passages. Crucially, the rationales in T are model-generated rather than
human-curated; this ensures that demonstrations reflect the model’s achievable reasoning
patterns rather than potentially unattainable gold-standard explanations.

Dynamic Demonstration Selection. At inference time, we select the top-k demonstra-
tions from T™* based on cosine similarity between the embedding of the evaluation query
and the stored training-query embeddings. Our primary policy is similarity-based; however,
we note the risk of label-prior bias, particularly for the ternary classification in PubMed QA
(yes/no/maybe). We therefore evaluate both (i) a strict similarity-only policy and (ii) a
label-balanced policy that enforces class diversity among the retrieved demonstrations. Un-
less otherwise stated, we report results under the similarity-only setting.

Data Decontamination. To ensure robust evaluation, we enforce strict decontamination
protocols. The demonstration pool T* is disjoint from all validation and test splits. We
further mitigate leakage by performing embedding-based deduplication to remove near-
duplicate questions across splits. Additionally, when document identifiers are available
(e.g., PubMed IDs), we filter out any demonstration that shares an identifier with the cur-
rent evaluation query, preventing the model from exploiting memorized document—answer
associations. Random seeds are fixed for all fallback sampling procedures.

4.1.1. Comparative Approaches
We evaluate the proposed framework against the following configurations:

e Vanilla RAG: A baseline that retrieves documents using BM25 and generates
answers directly, lacking an explicit intermediate reasoning step.

e InstructRAG-ICL: Our proposed baseline that incorporates a distinct reasoning
generation step via in-context learning prior to producing the final answer. This
entails using examples of similar tasks (demonstrations).

e InstructRAG w/ Reranker: An enhancement of the ICL approach that applies
a BGE-v2-m3 cross-encoder to rerank the initial retrieval candidates, improving the
precision of the evidence E.

e InstructRAG w/ Reranker + Dynamic ICL: Extends the reranker model by
replacing static demonstrations with dynamically selected examples via k-nearest
neighbor (KNN) search.

4.1.2. Number Of Demonstrations

To understand the impact of demonstration examples on reasoning quality and overall
performance, we tested configurations ranging from 0 to 4 samples for few-shot learning to
evaluate the trade-off between demonstration quantity and context window utilization.

For each evaluation query, we (i) computed cosine similarity between the query vector and
all training vectors, (ii) selected the top-k most similar examples while enforcing a diversity
constraint, and (iii) ensured a minimum unique example count through random selection if
needed.



4.1.3. Query Rewriting

The optional query rewriting module is triggered when lexical overlap falls below Toy1p, =
0.3 or when the mean reranker score is below 7¢viqg = 0.5. These thresholds were set once
based on manual inspection of 50 training queries and were not tuned further. In our
evaluation, query rewriting was triggered in approximately 8% of BioASQ queries and 12%
of PubMedQA queries. We did not ablate the rewriting component in isolation, as our
primary focus was on reranking and demonstration selection; a systematic study of query
rewriting strategies and threshold sensitivity is left for future work.

4.1.4. Reranking Experiments

We evaluated the impact of the BGE reranker by comparing performance across all ICL
variations both with and without the reranking component. For the reranking experiments,
we (1) retrieved an initial set of 20 candidate documents using BM25, (ii) applied the BGE
cross-encoder to rerank these candidates, and (iii) selected the top-5 documents after rerank-
ing for rationale generation.

We chose 20 initial candidates and kept the top-5 after reranking as an empirically vali-
dated, budget-aware setting that matches common two-stage retrieval practice and preserved
our token/latency constraints.

4.1.5. Retrieval Method

For document retrieval, we initially used the MedCPT retriever. However, to simplify
our experimental pipeline and conserve computational resources, we transitioned to BM25.
This change was supported by similar performance metrics between BM25 and more complex
retrievers in our preliminary evaluations.

4.1.6. Model

For all experiments, we used Llama-3-8B-Instruct for both reasoning generation (in the
case of InstructRAG-ICL) and answer generation (for both InstructRAG-ICL and Vanilla
RAG) (see subsection 4.1.1)

4.2. Human Evaluation Setup

To assess the quality of generated rationales and validate our automatic evaluation met-
rics, we designed a human annotation study with the following components:

4.2.1. Annotation Protocol

Two annotators with extensive experience in NLP systems independently evaluated a
convenience sample of 4 examples (2 per dataset). While this sample size precludes statistical
inference, it allowed us to (i) validate the clarity of our 8-category taxonomy, (ii) identify
systematic differences between human and LLM judgments, and (iii) surface failure modes
for qualitative analysis. For each example, annotators evaluated:

e Overall Response Quality: A 1-5 scale rating the comprehensiveness and cor-
rectness of the final answer.

e Rationale-Context Alignment: Classifying each reasoning statement according
to its faithfulness to the retrieved documents using eight predefined categories.

e Faithfulness Score: A numeric score on how much the response is grounded in
the provided context.



4.2.2. LLM-as-a-Judge Implementation

In parallel with human annotation, we implemented an automated evaluation using a
large language model (GPT-40) to assess the system output on the same examples used for
the human evaluation. The automated judge was provided with: (i) the original question,
(ii) retrieved context documents, (iii) the generated rationale, and (iv) the generated answer.
The LLM judge was instructed to evaluate using the same criteria as human annotators.

5. Results

We present our experimental findings in three parts: (1) comparison with published base-
lines, (2) ablation analysis of our framework components, and (3) analysis of demonstration
selection strategies.

5.1. Comparison with Baselines

Table 2 compares our configurations against published MIRAGE baselines. Despite using
Llama-3-8B-Instruct—a model roughly 10x smaller than GPT-4—our framework achieves
competitive or superior performance.

On BioASQ-Y/N, our best configuration (3-shot Dynamic ICL with reranking) achieves
89.1% accuracy, approaching MedRAG+GPT-3.5 (90.29%). On PubMedQA*, our 0-shot
rationale generation achieves 73.0%, exceeding MedRAG+GPT-4 (70.60%) by 2.4 points
absolute. We attribute this to explicit rationale generation: by requiring the model to
articulate evidence-linked reasoning before answering, we reduce hallucinated inferences
that may arise in larger models operating without such structure.

Notably, while MedRAG uses a four-corpus ensemble (MedCorp) with reciprocal rank
fusion over four retrievers (RRF-4), our system uses only PubMed with BM25 + BGE
reranking—a substantially simpler retrieval pipeline. This suggests that reasoning-side im-
provements (rationale generation, dynamic ICL) can compensate for retrieval complexity.

5.2. Ablation Study

Table 3 isolates the contribution of each framework component. We report results across
different numbers of in-context demonstrations to understand interactions between compo-
nents.

5.2.1. Effect of Reranking

Reranking with the BGE cross-encoder provides consistent benefits, particularly for Pub-
MedQA in few-shot settings. The most dramatic improvement occurs in the 4-shot Pub-
MedQA setting, where reranking improves accuracy from 47.5% to 60.0% (+12.5 points).
This suggests that reranking helps filter out noisy passages that would otherwise mislead
the model when combined with multiple demonstrations.

For BioASQ, reranking yields modest but consistent gains in the 0-2 shot range (+0.9 to
+1.6 points). The slight degradation at 3-shot (-1.3 points) may indicate that high-quality
demonstrations can partially compensate for retrieval noise.

5.2.2. Effect of Dynamic Demonstration Selection

Dynamic ICL selection via KNN retrieval substantially outperforms static demonstration
selection across all few-shot configurations. The improvements are particularly pronounced
for BioASQ, where dynamic selection at 4-shot yields +14.5 points over static selection
(86.2% vs. 71.7%).



Table 2. Comparison with baseline methods under MIRAGE settings. Accuracy (%) re-
ported on BioASQ-Y /N (618 yes/no questions) and PubMedQA* (500 questions,
context removed). All baselines use question-only retrieval without gold passages.
fResults from MIRAGE benchmark [13].

Method BioASQ-Y/N PubMedQA*
Closed-Book (No Retrieval; CoT Prompting)
GPT-3.5% 74.27 36.00
GPT-4f 84.30 39.60
Mixtral-8x 7BT 77.51 35.20
Llama2-70BT 61.17 42.20
MEDITRON-70B% 68.45 53.40
PMC-LLaMA-13B* 63.11 55.80
MedRAG (MedCorp + RRF-/ Retriever)
+ GPT-3.51 90.29 67.40
+ GPT-4t 92.56 70.60
+ Mixtral-8x7BT 87.54 67.60
+ Llama2-70B* 73.95 50.40
+ MEDITRON-70B* 76.86 56.40
MedRAG Variants (GPT-3.5 backbone)
PubMed + BM25T 88.51 66.20
PubMed + MedCPT? 85.76 66.40
MedCorp + BM251 87.70 66.20
MedCorp + RRF-21 88.19 67.80
Ours (Llama-8-8B-Instruct backbone)
Vanilla RAG (BM25) 82.3 70.0
+ Rationale Gen. (0-shot) 85.8 73.0
+ Reranking (0-shot) 87.4 72.5
+ Dynamic ICL (best-k) 89.1 71.0

Notes: Best-k = 3-shot for BioASQ-Y /N, 2-shot for PubMedQA*. Best results per section in bold;
second best underlined. MedCorp combines PubMed, StatPearls, Textbooks, and Wikipedia corpora.
RRF-n denotes Reciprocal Rank Fusion over n retrievers.

Table 3. Ablation study showing the impact of reranking and demonstration selection
strategy. Accuracy (%) reported across varying numbers of ICL demonstrations.

BioASQ \ PubMedQA

Configuration 0 1 2 3 4 | o 1 2 3 4

Static Demonstration Selection
w/o Reranking 85.8 78.9 785 77.7 70.4 | 73.0 54.0 60.0 56.0 47.5
w/ Reranking 87.4 79.8 79.6 76.4 717 | 725 60.5 60.0 60.0 60.0
A (Reranking) +1.6 +40.9 +1.1 -1.3  +1.3 | -0.5 +6.5 - +4.0 +12.5

Dynamic Demonstration Selection (w/ Reranking)
Dynamic ICL 874 887 883 89.1 862 |725 650 71.0 66.5 69.0
A vs. Static - 8.9 +8.7 +12.7 +145| - +4.5 +11.0 +6.5 +9.0

Note: 0-shot results are identical for static and dynamic selection (no demonstrations used). A shows
improvement from the ablated component. Best results per dataset in bold.

Notably, dynamic selection reverses the degradation pattern observed with static ICL.
Under static selection, adding more demonstrations hurts performance on both datasets



(BioASQ drops from 85.8% at 0-shot to 70.4% at 4-shot). With dynamic selection, perfor-
mance remains stable or improves, peaking at 3-shot for BioASQ (89.1%) and 2-shot for
PubMedQA (71.0%).

5.3. Analysis of Demonstration Sensitivity

PubMedQA exhibits higher sensitivity to demonstration selection than BioASQ. We at-
tribute this to two factors: (i) the ternary classification structure (yes/no/maybe) creates
label-prior bias when demonstrations are not carefully balanced, and (ii) PubMed abstracts
are longer, causing additional demonstrations to compete with retrieved evidence for context
window space.

6. Limitations

Despite promising results on biomedical question answering, our study has several limi-
tations. First, evaluation is limited to two English biomedical datasets (BioASQ and Pub-
MedQA), which may reduce generalizability to other domains, languages, or question for-
mats. Both benchmarks largely emphasize factoid and binary judgments; performance on
more complex settings (e.g., multi-hop or causal reasoning) remains untested.

Second, parts of our pipeline rely on OpenAl API calls, introducing additional latency
and monetary cost that may hinder deployment at scale. Exploring open-source substitutes
for these components is an important direction for future work.

Third, we do not evaluate in real clinical workflows or with clinicians in the loop. Our
system is intended as a research prototype for studying rationale generation and verification
rather than a clinical decision support tool. Any high-stakes deployment would require
substantially more validation and safety measures.

Fourth, we report single-point accuracy estimates without statistical significance testing
or confidence intervals. While our ablation design isolates component contributions, the
magnitude of improvements should be interpreted with appropriate caution until replicated
across multiple runs.

Finally, our human evaluation is small (4 examples annotated by 2 raters). Larger studies
are needed to reliably assess rationale quality, agreement, and the practical utility of explicit
reasoning for biomedical QA.
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Appendix A. Demo

A functional demonstration of the proposed system is available on HuggingFace'. In this
interactive application, users can query an Al-related white paper, and the system responds
with both a generated answer and a transparent rationale. Specifically, the interface dis-
plays the supporting evidence passages retrieved from the document collection and explains
how they were integrated into the model’s response. This allows users to assess the rele-
vance of the retrieved information and the robustness of the underlying retrieval-augmented
generation pipeline.

Appendix B. Pilot Human Study: Per-Example Faithfulness Scores

As an illustrative complement to our pilot human evaluation (4 examples total), Table 4
reports the per-example faithfulness scores Faith(R) (Eq. 3.1) assigned by two human an-
notators and the LLM verifier. We include these values to qualitatively examine agreement
patterns and to illustrate cases where the automated verifier appears more strict or more
permissive than the human raters. Given the small sample size, these results are descriptive
and should not be interpreted as statistically reliable estimates of verifier performance.

Table 4. Pilot per-example faithfulness scores (4 examples). Scores are shown for two
human annotators and the LLM verifier.

Example Annotator A Annotator B LLM Verifier

Question 1 1.00 1.00 1.00
Question 2 0.75 0.50 0.83
Question 3 0.75 0.30 0.93
Question 4 0.90 0.80 1.00

The LLM verifier tends to assign higher faithfulness scores than human annotators (mean
0.94 vs. 0.85 and 0.65), suggesting it may be more permissive in accepting implicit reason-
ing. Human annotators show substantial disagreement on PubMedQA-1 (0.75 vs. 0.30),
highlighting the subjectivity inherent in faithfulness assessment and the need for clearer
annotation guidelines in future work.

Appendix C. Prompts and Instructions

For reproducibility, we report the prompt templates used in our framework. Prompts
differ slightly across datasets due to output format requirements (BioASQ vs. PubMedQA).
C.1. Base Instructions

The following system instruction was prepended to all queries.

Task Instruction: Analyze the provided documents and answer the question.
Briefly explain how the documents support your answer. If the documents are not
useful, answer from your own knowledge without referencing them.

C.2. Dataset-Specific Instructions
C.2.1. PubMedQA Prompt

PubMedQA requires ternary classification (yes/no/maybe). We appended:

"https://huggingface.co/spaces/DialogueRobust/RobustDialogueDemo


https://huggingface.co/spaces/DialogueRobust/RobustDialogueDemo

Critically evaluate the medical evidence in the documents (methods, sample sizes,
statistical significance). Weigh supporting and opposing evidence, note limita-
tions, and provide concise reasoning followed by a final judgment.

OUTPUT FORMAT REQUIREMENT: End your response with exactly
one of the following on a new line: “FINAL ANSWER: A. yes”
“FINAL ANSWER: B. no”
“FINAL ANSWER: C. maybe”

If no document supports an answer, output: “ANSWER UNAVAILABLE”

C.2.2. BioASQ Prompt

BioASQ requires binary classification (yes/no). We appended:
Provide a precise factual answer grounded in the documents. Extract relevant
statements and justify the decision based strictly on presented facts.
OUTPUT FORMAT REQUIREMENT: End your response with one of
the following on a new line: “FINAL ANSWER: A. yes”
“FINAL ANSWER: B. no”
If no document supports an answer, output: “ANSWER UNAVAILABLE”



	1. Introduction
	2. Related Work
	2.1. Retrieval-Augmented Generation
	2.2. Explicit Reasoning and Rationale Generation
	2.3. Domain‑Specific Retrieval

	3. Methodology
	3.1. Framework Architecture
	3.2. Corpus
	3.3. Datasets
	3.4. Metrics

	4. Experiments
	4.1. Experimental Design
	4.2. Human Evaluation Setup

	5. Results
	5.1. Comparison with Baselines
	5.2. Ablation Study
	5.3. Analysis of Demonstration Sensitivity

	6. Limitations
	References
	References

	Appendix A. Demo
	Appendix B. Pilot Human Study: Per-Example Faithfulness Scores
	Appendix C. Prompts and Instructions
	C.1. Base Instructions
	C.2. Dataset-Specific Instructions


