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ABSTRACT

Medical question answering (QA) is a reasoning-intensive task that remains chal-
lenging for large language models (LLMs) due to hallucinations and outdated
domain knowledge. Retrieval-Augmented Generation (RAG) provides a promis-
ing post-training solution by leveraging external knowledge. However, existing
medical RAG systems suffer from two key limitations: (1) a lack of modeling
for human-like reasoning behaviors during information retrieval, and (2) reliance
on suboptimal medical corpora, which often results in the retrieval of irrelevant
or noisy snippets. To overcome these challenges, we propose Discuss-RAG, a
plug-and-play module designed to enhance the medical QA RAG system through
collaborative agent-based reasoning. Our method introduces a summarizer agent
that orchestrates a team of medical experts to emulate multi-turn brainstorming,
thereby improving the relevance of retrieved content. Additionally, a decision-
making agent evaluates the retrieved snippets before their final integration. Exper-
imental results on four benchmark medical QA datasets show that Discuss-RAG
consistently outperforms MedRAG, especially significantly improving answer ac-
curacy by up to 16.67% on BioASQ and 12.20% on PubMedQA. The code is
available at https://github.com/LLM-VLM-GSL/Discuss-RAG

1 INTRODUCTION

Large Language Models (LLMs) have significantly advanced a wide range of medical tasks Singhal
et al. (2023); Nori et al. (2023); Kim et al. (2024). However, their reliance on next-token prediction
makes them susceptible to generating hallucinated responses Ji et al. (2023). Additionally, once
trained, LLMs operate with static parameters, meaning their internal knowledge remains fixed and
cannot adapt to newly emerging research Zhang et al. (2023). As a result, LLMs face notable
limitations in dynamic, reasoning-intensive tasks (e.g., medical question answering (QA)), where
both up-to-date knowledge and complex logical inference are essential.

Retrieval-Augmented Generation (RAG) has emerged as a promising approach to address the afore-
mentioned limitations Borgeaud et al. (2022); Guu et al. (2020); Izacard & Grave (2020). By incor-
porating retrieved document snippets into the input prompt, RAG allows LLMs to generate responses
that are grounded in up-to-date and trustworthy knowledge sources. Despite its success on several
benchmarks, two concerns remain underexplored.

First, current medical RAG systems lack a human-like information retrieval process. They typically
rely on statistical similarity metrics (e.g., cosine similarity) between the query(e.g., questions) and
document embeddings to retrieve relevant content Ke et al. (2024). This approach often fails to
capture deeper contextual understanding, leading to the retrieval of superficially related but clinically
irrelevant information. In contrast, as shown in Fig. 1, nurses in real-world clinical practice are
more likely to recall and apply relevant clinical knowledge (e.g., drug contraindications) to guide
decision-making, rather than relying solely on surface-level textual similarity. Second, existing
systems often lack enough post-retrieval verification mechanisms Barnett et al. (2024); He et al.
(2024). Consequently, directly incorporating external knowledge may lead to overly cautious or

*These authors contributed equally to this paper.

1

https://github.com/LLM-VLM-GSL/Discuss-RAG


Published as a conference paper at ICLR 2026 Workshop on MALGAI

Can I use ibuprofen to 

a patient with a history 

of gastric ulcers?

R
A

G

• ( General Drug Info ) …

• ( Isolated Ulcer Info ) …

• ( Mild Side Effect ) …

Human

VS
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• (Contraindications and 

Guidelines) …

• (Alternative Medications) …

Figure 1: Illustration of the difference between standard RAG and human cognitive processes for
a medical query. Specifically, conventional medical RAG systems (e.g., MedCPT Jin et al. (2023))
rely directly on the embedding similarity between the raw question and the text chunks. In contrast,
a human (e.g., a nurse) first determines what specific knowledge is necessary to answer the question
and uses these derived requirements to guide the retrieval process, leading to content like drug
mechanism, serious side effect and alternative medications, etc. Additionally, a post-verification
step (e.g., by a senior doctor) is typically required in practice.

outdated responses. In real-world settings, a judgmental role, such as a senior clinician reviewing
a junior’s recommendation (Fig. 1), is often necessary to assess the correlation between retrieved
context and context before a final decision is made.

To address these gaps between current medical RAG systems and real-world clinical decision-
making processes, we proposed Discuss-RAG, an agent-led framework that enhances both the in-
formation retrieval and post-verification stages of medical RAG pipelines. Specifically, a summa-
rizer agent collaborates with a team of specialized medical agents to generate progressively refined
and context-rich background insights, which are incorporated into the retrieval process alongside
the original query. Additionally, a decision-maker agent evaluates the relevance and coherence of
the retrieved snippets and determines whether auxiliary components should be triggered. Notably,
our framework is modular and can be seamlessly integrated into any existing training-free medical
RAG pipeline. Experiments on four benchmark medical QA datasets demonstrate that Discuss-RAG
consistently improves response accuracy compared to baseline systems.
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Figure 2: Preliminary experiments on the MMLU-Med benchmark. (A). Accuracy trends as the
number of retrieved documents k varies. Three representative questions (i.e., Q1, Q2 and Q3) are
selected for illustration. (B). Examples of retrieved snippets (i.e., S1

i , S
2
j and S3

k) and the corre-
sponding LLM (e.g., GPT-3.5) responses (i.e., A1, A2 and A3). Here, the responses reflect the
model’s reasoning process. The results demonstrate that naı̈ve medical RAG systems may retrieve
noisy snippets, causing LLMs to generate inaccurate responses (i.e., Q1), overly conservative an-
swers (i.e., Q2), or overgeneralizations (i.e., Q3). (C). Example of agent-led snippet selection and
the resulting response for query Q3. We observed that simply prepending the agent’s suggestions
to the original question alters the content and ranking of retrieved snippets, leading to the correct
answer. This finding inspired our pipeline design. Additional details are discussed in Sec. 3.
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In summary, this paper makes the following key contributions: (1). We propose Discuss-RAG,
an agent-led RAG framework that simulates a human-like reference retrieval through multi-agent
discussion and iterative summarization. (2). We introduce a post-retrieval verification agent that
assesses the relevance and logical coherence of retrieved snippets before they are used in answer
generation. (3). We conduct comprehensive experiments comparing Discuss-RAG with standard
RAG systems, demonstrating its effectiveness in improving both answer accuracy and snippet qual-
ity.

2 RELATED WORK

2.1 AI AGENTS

Large language models (LLMs) and, more recently, vision–language models (VLMs) have enabled
natural-language interfaces for a broad range of tasks Wang et al. (2023a); Liu et al. (2024a). In
particular, prompt engineering has emerged as a central method for adapting LLMs to specialized
domains without additional training Wang et al. (2023a); Schmidgall et al. (2025). Early work im-
proved downstream performance via template-based prompts that steer model behavior for question
answering, captioning, and code generation Zhu et al. (2025); Dong et al. (2025); Chen et al. (2025).
However, while effective in constrained settings, these approaches often suffer from brittleness, am-
biguity, and limited generalization; minor wording changes can significantly alter outcomes, and
scaling to heterogeneous tasks typically requires non-trivial prompt redesign Ngweta et al. (2025);
Desmond & Brachman (2024); Chatterjee et al. (2024).

Consequently, as model capabilities and modalities have expanded, the field has shifted from static
prompts to agentic workflows, where models function as autonomous agents capable of invok-
ing tools and managing memory. For instance, systems such as AutoGPT Gravitas (2023) and
Manus Manus (2023) introduced pipelines that dynamically plan and iteratively execute toward a
goal superdesigndev (2023). Within this domain, two dominant design frameworks have shaped re-
cent developments. Specifically, the ReAct Yao et al. (2022) agent design, popularized by libraries
such as LangChain Chase (2022), interleaves reasoning with tool calls, allowing the agent to observe,
reason, and act in an iterative loop. Alternatively, the Plan-and-Execute paradigm marked another
agentic paradigm Wang et al. (2023b); it decouples a global planner (e.g., task decomposition) from
an executor (e.g., stepwise completion). This separation improves structure and reliability over long
horizons, making it particularly appealing for complex goals Liu et al. (2024b). Despite the success
of these paradigms in general industry applications, the robust integration of agentic workflows into
RAG pipelines, particularly within the biomedical domain, remains largely underexplored.

2.2 RETRIEVAL-AUGMENTED GENERATION

Retrieval-Augmented Generation (RAG) Lewis et al. (2020) enables LLMs to access external knowl-
edge bases without without the need for model retraining. Standard RAG systems typically utilize
a retriever to identify the most relevant document snippets from a trusted corpus, which are then
integrated into the original query as context to support the generation process. However, trivial
RAG systems supper from two primary limitations. First, reliance on simple similarity search often
retrieves noisy or irrelevant snippets. This noise can confuse the LLM, leading to hallucinations
or factually incorrect responses Shi et al. (2023). This risk will be exacerbated when the exter-
nal database contains outdated information Vu et al. (2024). Second, standard RAG operates as a
single-step process, lacking the capability for multi-step reasoning Trivedi et al. (2023). Conse-
quently, if the initial retrieval fails, the entire response is compromised Asai et al. (2024). These
limitations pose significant risks in high-stakes domains such as biomedical field, where protocols
evolve frequently. Furthermore, general-purpose retrievers often fail to accurately resolve specific
medical acronyms, leading to semantic mismatches. Gao et al. (2023) Therefore, additional efforts
are needed to transfer this success to the biomedical domain.

Recent developments in agentic RAG offer a promising alternative to address these limitations. By
integrating specialized agents into the input processing, retrieval, and generation stages, agentic
approaches transform the RAG pipeline from a static assembly line into a dynamic, adaptive work-
flow. For example, MA-RAG Nguyen et al. (2025) proposes leveraging a suite of specialized agents,
such as Planners and Step Definers, to support information-dense tasks. Similarly, mRAG Salemi
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et al. (2025) incorporates a reward-guided sampling process to optimize the collaborative dynamics
among agents within the system. Despite these successes, current multi-agent RAG systems pri-
marily focus on orchestrating the high-level pipeline rather than focusing on the retrieval step itself.
Discuss-RAG represents a noteworthy exploration into using multi-agents to simulate brainstorming,
thereby facilitating improved retrieval in RAG systems.

3 PRELIMINARY

In our empirical experiments, we found that limitations hinder the performance of medical RAG
systems in medical QA tasks. As shown in Fig. 2(A), when the corpus is fixed (i.e., textbooks Jin
et al. (2021)), varying the number of retrieved documents k results in fluctuating accuracy across
six medical subjects. To better understand the influence of document selection, we selected three
representative questions (Q1, Q2, Q3) across different k values and subject domains. A qualitative
analysis reveals factors contributing to suboptimal model behavior.

First, snippets selected based solely on dense vector similarity with the query often retrieve con-
tent that is conceptually related but task-irrelevant. These snippets introduce excessive background
information that may confuse the LLM. As shown in Fig. 2(B) for Q1, high-scoring snippets fo-
cus on environmental factors such as climate and temperature in relation to mosquitoes, rather than
addressing strategies for population control. This misalignment leads to noisy inputs, resulting in
either inaccurate or overly cautious responses, as seen in Q2. Second, even factually correct snip-
pets can mislead the model. In the case of Q3, retrieved snippets emphasize the 25% probability
associated with autosomal inheritance, prompting the LLM to overgeneralize from heterozygous
to homozygous cases. These findings further suggest that directly using retrieved snippets without
verification can lead to reasoning errors.

To further examine the limitations of hard similarity-based retrieval, we conducted an exploratory
experiment using the same query (Q3). As shown in Fig. 2(C), we prompted a domain-specific
agent (i.e., a medical geneticist) to identify the essential knowledge required to answer the question
(mimicking the behavior of nurses, as illustrated in Fig. 1). When we used the agent’s response,
in conjunction with the original query, to guide retrieval, the resulting snippets were both more
topically relevant and better organized. Under this setting, the LLM successfully distinguished
between carriers and affected individuals and generated a well-reasoned response.

These findings motivate two key directions for better medical RAG: (1). While a single role-based
agent can benefit retrieval quality, can a multi-agent setup, engaging diverse medical expertise in an
iterative, self-refining discussion, yield a more comprehensive and contextually rich background?
(2). Given that structured agent involvement benefits retrieval, can a similar structure be extended to
the response stage? To address these questions, we propose an agent-led RAG paradigm, the details
of which are presented in the following section.

4 METHODOLOGY

Multi-turn Discussion and summarization (MDS). This module simulates a collaborative brain-
storming process between a team of medical experts and a summarizer (acting as a moderator).
Specifically, given a medical query Q, a recruiter agent R assembles a team of medical domain
experts Hi ( for i in 1, 2 . . . n), each contributing their domain-specific perspectives Iji at turn j
( for j in 0, 1 . . .m). As shown in Fig. 4, each expert is required to identify the essential medical
knowledge and clinical background necessary to answer the question accurately. After each member
provide their own reflection, a summarizer agent C is then prompted to extract key medical knowl-
edge, background concepts, and reasoning steps from these inputs to generate a concise summary
T j . This iterative process is formally denoted as:

T j := fC(I
j
1 , I

j
2 , . . . , I

j
n ; T

j−1, Q) (1)

Here fC(·) denotes the summarization process performed by agent C, and T j reflects the progres-
sively refined understanding of the query, based on the current reflection Iji , previous summary
T j−1 and the original query Q ( with T 0 initialized as an empty summary). After the discussion
concludes, a verifier agent V is introduced to evaluate the consistency and sufficiency of the final
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Figure 3: Illustration of the Discuss-RAG pipeline. Part A illustrate the Multi-turn Discussion and
summarization (MDS) framework, including the recruiter R, medical team (e.g., experts H1, H2 and
H3), summarizer C and verifier V . This framework simulates the multi-turn brainstorming activity
to provide necessary knowledge for medical query. Part B presents the agent-led post-retrieval veri-
fication module to simulate senior doctor’s activity. The medical query, the corresponding snippets,
and the LLM’s generated answer are used for illustration. Further details are provided in Sec 4.

Prompt Template for Medical Expert Hi in Medical Team for MDS module

System Prompt: You are a <role> who <expertise>. Your job is to collaborate with
other medical experts in a team. Given a medical question, your task is not to answer it,
but to share what kind of knowledge is necessary to answer the question correctly from
the perspective of your own profession and expertise. Focus on identifying the domains,
facts, concepts, or reasoning approaches that would be essential for solving the question.

Input: Here is the medical question: <question>. As a domain-specific expert, remem-
ber your role and mission: do not attempt to answer the question or infer a final con-
clusion. Instead, identify the essential medical knowledge, clinical background, or rea-
soning steps that would be necessary to answer this question accurately. Please reflect from
your area of expertise and think step-by-step. Please keep your response concise—ideally
within 7 sentences. Focus on what is most essential. Begin your reflection below:

Figure 4: Illustration of the prompt template for the medical expert agent Hi. The <role> and
<expertise> fields are dynamically assigned by the recruiter agent R based on the specific query
(i.e., <question>). Key information is highlighted in bold. Additionally, all agents are strictly
instructed to refrain from inferring a final answer; instead, they must provide essential medical
knowledge that serves as guidance for retrieval. See Sec. 4 for more details.

summary Tm. The verifier produces a distilled, verification-passed summary D, which is subse-
quently used for snippet retrieval, together with the original query Q.

As shown in Fig. 3(A), the recruiter R recruits a team consisting of three specialized agents (e.g., a
health care quality specialist, a hospital administrator, and a health economist), who collaborate with
the summarizer C to share their insights for the performance measurement system. The conversation
terminates either when the maximum number of discussion rounds m is reached, or when all agents
decline to contribute further. Notably, all agents in this module are explicitly instructed not to
answer the original query or infer a final conclusion (e.g., Fig. 4). This design ensures that the
process remains focused on context construction for retrieval, rather than direct answer generation.

Post-retrieval Verification (PRV). This module leverages structured agent reasoning to mitigate
the adverse effects of suboptimal retrieval. Specifically, given the distilled summary D and the med-
ical query Q, a specialized decision-maker agent U is introduced to evaluate the top-k document
chunks Si retrieved by the underlying retrieval algorithm. As shown in Fig. 5, if U returns a neg-
ative judgment (i.e., return No in answer part), an alternative retrieval strategy is triggered (e.g., a
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Prompt Template for Decision-maker Agent U in for PRV module

System Prompt: System Prompt: You are an experienced medical assistant. You will
be provided with a medical query and a paragraph of retrieved information. Your task
is to determine whether the paragraph contains sufficient information to reasonably
support an answer to the medical query, even if the answer is not explicitly stated, as
long as the conclusion would be clear to a trained medical professional. Carefully review
the entire paragraph and reason step by step before arriving at your conclusion. Strictly
output your response in the following JSON format: {"step by step thinking":
"<your explanation>", "answer": "yes" or "no"}.

Input: Here is the medical query:<question>. Here is a paragraph of retrieved informa-
tion: <information>. Please reason step by step and produce your output in the follow-
ing JSON format: {"step by step thinking": "<your explanation>",
"answer": "yes" or "no"}.

Figure 5: Illustration of the prompt template for the specialized decision-maker agent U in PRV
module. The <question> and <information> represent the medical query and distilled sum-
mary D from agent V shown in MDS module, respectively. Alternative RAG (e.g., CoT) method
will be triggered if the response is No. Key information is highlighted in bold. See Sec. 4 for more
details.
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(\u22485 mL/ dL), and the myocardium can receive little 
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ruled out because even with the most strenuous exercise 

at sea level, arterial blood is fully saturated with O2. …

A healthy 23-year-old male is 
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which area of the body would 
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content at both time points?

A. Inferior vena cava

B. Coronary sinus

C. Pulmonary artery

D. Pulmonary vein

Medical QA

Response Snippets

Medical Team: Cardiologist; Pulmonologist; Anesthesiologist 

Summary 𝑫 : Understanding oxygen saturation levels in 

arterial and venous blood at rest and during exercise, as 

well as factors like the oxygen-hemoglobin dissociation 

curve, is crucial. Oxygen extraction by tissues plays a 

significant role in determining the area with the lowest 

oxygen content … Expertise in oxygen transport, 

cardiovascular responses to exercise, oxygen extraction by 

tissues, and blood gas analysis interpretation are key …

Medical Team & Distilled Summary

(A)

(B)

Figure 6: Example from the MedQA-US benchmark comparing MedRAG (A) and Discuss-RAG
(B). The Response column shows the output of the same LLM to the same question, while the
Snippets column displays the top-2 retrieved snippets. Notably, incorporating Discuss-RAG alters
both the content and the order of the retrieved snippets. Medical Team & Distilled Summary
illustrates the specialized agent-led teams recruited by agent R, where summary D denotes the
output from the summarizer agent C. Key factors are highlighted in red for better visualization.
Additional details are provided in Sec. 5.

CoT-based prompt Wei et al. (2022) is used as a fallback in our implementation). Otherwise, the
accepted snippets are incorporated into the context prompt for answer generation. As shown in
Fig. 3(B), the verified snippets tend to be closely aligned with the intended focus of the query. In the
shown example, the selected evidence explicitly highlights the effect (marked in red) of performance
measurement systems, providing grounded support for a more accurate and contextually appropriate
response.

5 EXPERIMENTS

Experimental details. To demonstrate the generalizability of the Discuss-RAG pipeline, we se-
lected four diverse medical QA benchmarks: MMLU-Med Hendrycks et al. (2020), MedQA-US Jin
et al. (2021), BioASQ Tsatsaronis et al. (2015), and PubMedQA Jin et al. (2019). As these bench-
marks consist of closed-form questions, we employ accuracy as our evaluation metric. We adopt
MedRAG Xiong et al. (2024) as the baseline pipeline. To ensure a fair comparison, we utilize the
same medical textbook corpus Jin et al. (2021) and MedCPT retriever Jin et al. (2023) across all ex-
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periments. We select GPT-3.5 (gpt-3.5-turbo-0125 OpenAI (2024)) as the backbone LLM.
For other necessary parameters, we set n = 3, k = 9, and m = 2.

Dataset MedRAG + Discuss-RAG ∆
MMLU-Med 71.53% 77.23% +5.70%
MedQA-US 62.45% 66.85% +4.40%

BioASQ 58.61% 75.28% +16.67%
PubMedQA 35.60% 47.80% +12.20%

Table 1: Results on benchmark datasets using accuracy as the evaluation metric. The Discuss-RAG
framework improves answer accuracy across all four benchmarks. Notably, it achieves gains of
12.2% on PubMedQA and 16.67% on BioASQ. See Sec. 5 for more information.

Table 2: Ablation study over MMLU-Med. We
keep use the same setting as main experiment.

MedRAG + MDS MDS + PRV
Accuracy% 71.53% 73.74% 77.23%

Experimental results and analysis. Discuss-
RAG can enrich the background information
available and mitigates the impact of subopti-
mal retrieval. As shown in Tab. 1, integrating
our method consistently improves MedRAG
performance across all four benchmarks, espe-
cially achieving gains of up to 16.67% on the
BioASQ dataset and 12.20% on PubMedQA.
Further, as illustrated in Fig. 6, for the same query, the top-2 snippets retrieved by Disscuss-RAG
provide more grounded and factual support for correctly answering the question. Specifically, snip-
pets S1 explicitly mention the low oxygen (O2) content in cardiac venous blood, while snippets
S2 support the reasoning process from a contrasting perspective. Additionally, the final distilled
summary D generated by the medical team highlights the essential knowledge required to focus
the retrieval process, leading to more reliable and contextually appropriate evidence selection. For
example, it emphasizes the importance of oxygen saturation levels, oxygen extraction by tissues,
which are reflected by the Discuss-RAG’s retrieved snippets.

Ablation Study. The Discuss-RAG framework comprises two primary components. Specifically, the
MDS module simulates collaborative brainstorming to enable agent-led information retrieval. The
PRV module serves as a post-verification mechanism, determining whether to trigger a backup plan
based on the retrieved snippets. To investigate the orthogonal contribution of these two components,
we conduct an ablation study on the MMLU-Med benchmark. Here, we still use accuracy as our
metrics. As shown in Tab. 2, incorporating the multi-turn discussion and summarization modules
increases accuracy from 71.53% to 73.74%. Further adding the post-retrieval verification module
yields an additional 3.49% performance gain. These results demonstrate the complementary contri-
butions of the two modules in improving accuracy. Finally, deploying Discuss-RAG on MMLU-Med
incurs a cost of approximately $12, which translates to an additional $0.01 per question, which is an
acceptable trade-off given the substantial accuracy improvements.

6 CONCLUSION

In this work, we propose Discuss-RAG, an agent-led framework designed to enhance the response
accuracy of LLMs in medical QA. Specifically, we introduce a multi-turn discussion and summa-
rization module to facilitate context-rich and self-refined document retrieval, and a post-retrieval
verification agent to make the final judgment on the retrieved content. Experiments conducted on
four medical QA benchmark datasets demonstrate that Discuss-RAG consistently improves both
response accuracy and snippet quality.

7 LIMITATION

We acknowledge that Discuss-RAG is hindered by two primary limitations. (1). Limited interac-
tion among team members. The specialized medical agents Hi do not communicate directly with
one another, but interact through the summary from the previous round. Direct peer-to-peer inter-
action may facilitate deeper and more dynamic reasoning. (2). Increased computational overhead.
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Our framework involves prompting multiple LLM-based agents, each requiring careful instruction
design to perform their respective roles effectively. This introduces additional computational and
engineering costs.
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