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Abstract. In medical multimodal question answering (QA), retrieval-
augmented generation (RAG) serves as a core paradigm for improving
model accuracy and mitigating hallucinations, yet existing approaches
typically rely on a single source of evidence and thus struggle to sup-
port reliable and consistent reasoning. In practice, medical questions of-
ten require the integration of multiple evidence carriers, including nar-
rative medical texts such as textbooks and clinical guidelines, struc-
tured medical knowledge systems, experiential priors implicitly encoded
in expert models, and multimodal clinical examinations such as med-
ical images and their associated reports. These evidence sources dif-
fer substantially in representation and granularity, making it difficult
to accurately bind conclusions to traceable evidence snippets during
retrieval, thereby increasing the risk of hallucinated answers. We pro-
pose Medical Evidence Capsules (MEC), an evidence organization mech-
anism for medical multimodal QA. MEC reformulates evidence from
heterogeneous sources into compact capsule structures, enabling unified
utilization of multiple evidence sources. We further construct a medi-
cal multimodal retrieval corpus that integrates both textual and imag-
ing evidence, and evaluate MEC on five medical QA benchmarks. Ex-
perimental results demonstrate that MEC consistently yields perfor-
mance improvements across both text-only QA and visual question an-
swering (VQA) benchmarks. The resources of our work are available at
https://github.com/fruitbitlab/MEC.

Keywords: Medical Question Answering · Retrieval-Augmented Gen-
eration · Large Language Models · Vision-Language Models

1 Introduction

Large language models (LLMs) and Large vision models (LVMs) have achieved
significant progress in medical question answering (QA) [22, 19], and retrieval-
augmented generation (RAG) has been widely adopted to improve accuracy
⋆ Corresponding author.
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Fig. 1. Overview of Medical Evidence Capsules. Heterogeneous evidence sources are
normalized into capsules to support unified retrieval and constrained generation.

and mitigate hallucinations in high-risk scenarios [26]. However, in medical QA,
the core challenge lies in whether retrieved evidence can be reliably used. If
conclusions cannot form stable correspondences with explicit evidence, even lin-
guistically plausible outputs may introduce hallucinations due to mismatched
evidence granularity or insufficient alignment [25].

In medical multimodal QA, RAG introduces external medical knowledge to
constrain the generation process, yet existing methods handle multi-source evi-
dence in a relatively coarse manner. Most approaches retrieve textual, structured,
and imaging information separately and directly concatenate them as input [23],
assuming that the model can perform knowledge selection and alignment on its
own. However, this often leads to mismatched evidence granularity [21, 24] and
incomparable similarity signals, making it difficult to stably bind generated con-
clusions to citable evidence snippets, thereby weakening answer consistency and
traceability [18].

The key bottleneck of generative models in the medical domain is not the
lack of information, but how to establish controllable usage relationships among
multi-source evidence [15]. Medical questions often involve textual resources,
structured knowledge, parameterized experience from models, and imaging ma-
terials, which differ substantially in granularity and representation [9]. Exist-
ing approaches typically concatenate these sources as independent contexts [17]
without explicitly constraining how evidence should be used [21], forcing the
model to rely on implicit alignment during generation and thereby increasing
the risk of hallucinations.

Based on these issues, we refocus the problem from “how much evidence
to retrieve” to “how retrieved evidence is used,” and propose Medical Evidence
Capsules (MEC), an evidence organization mechanism for medical multimodal
QA. MEC restructures information from heterogeneous sources into compact ev-
idence capsules, each explicitly comprising a medical assertion, a retrieval cue,
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and a citable evidence snippet. With this structure, textual resources, parameter-
ized experience from models, and imaging evidence can be retrieved and invoked
collaboratively under a unified interface, so that retrieval returns structured
evidence components that can directly support reasoning rather than loosely
concatenated contexts, thereby improving answer consistency and traceability.

Building upon this framework, we construct a large-scale medical multimodal
retrieval corpus that integrates medical texts, structured knowledge, parameter-
ized experience from models, as well as imaging data and corresponding reports.
We evaluate MEC on text-only QA and visual QA benchmarks, where it consis-
tently demonstrates stable improvements across different settings. In summary,
our contributions are as follows: (1) we propose MEC, which explicitly con-
strains evidence usage through a compact capsule structure, providing a unified
retrievable evidence representation for medical multimodal QA; (2) we build
a retrieval corpus containing over 550,000 medical assertions, offering reusable
resources and evaluation foundations for medical multimodal QA.

2 Methods

2.1 Overview of Medical Evidence Capsule

In this section, we introduce the overall design of Medical Evidence Capsules
(MEC). MEC is an evidence organization and invocation structure for medical
multimodal QA, designed to support reliable utilization of multi-source evidence
in RAG. With MEC, the retrieval stage returns structured evidence capsules
rather than loosely concatenated contexts, providing clearer evidence constraints
for the generation stage.

2.2 Evidence from Medical Texts

Medical textbooks, clinical guidelines, and review articles provide important
knowledge sources for medical QA, yet their long-form narratives are difficult
to directly leverage in RAG. To improve the usability of textual evidence, we
build assertion-centric textual evidence capsules, enabling textual knowledge to
be reliably retrieved and directly used for reasoning.

We first extract semantically coherent text segments from the textbook cor-
pus, forming the collection T = {ti}. For each segment, we employ a LLM to
distill its core medical assertion [12]:

ai = Fassert(ti). (1)

Medical assertions compactly capture the key facts or judgments expressed
in the text, reducing semantic ambiguity during generation. Based on each as-
sertion, we further construct a paired evidence snippet and retrieval cue, which
provide necessary context and characterize typical invocation patterns:

(ei, ci) = Fsupport(ti, ai). (2)
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Finally, each textual evidence item is organized as a capsule consisting of the
assertion ai, the retrieval cue ci, and the evidence snippet ei. This design ensures
that retrieval returns structured evidence components rather than lengthy raw
contexts, providing clearer evidence constraints for generation.

2.3 Evidence from Structured Resources

Structured medical knowledge provides explicit entity definitions and relational
constraints, serving as an important evidence source beyond narrative texts. We
build graph-based evidence capsules from the UMLS [2], transforming medical
entities and their relations into retrievable and citable structured evidence.

We first select entities with unique concept identifiers and well-defined se-
mantic types from UMLS to form an entity set V. To avoid isolated nodes and
overly redundant hub entities, we choose evidence anchors by jointly considering
structural importance and semantic specificity. For an entity u ∈ V, its structural
importance is defined as:

c(u) = α log(1 + deg(u)) + (1− α) PR(u). (3)

where deg(u) denotes node degree, PR(u) is the PageRank score, and α bal-
ances local connectivity and global centrality. Meanwhile, we quantify medical
specificity using the semantic type s(u) via the information content:

i(u) = − log
|{v ∈ V : s(v) = s(u)}|

|V|
. (4)

which prioritizes more discriminative entities in the medical knowledge system.
Around each selected anchor, we construct a scale-controlled local subgraph Gu

and employ a LLM to convert the structured relations into an medical evidence
capsule:

(a, e, c) = Fgraph(Gu). (5)

where a is the medical assertion, e is the evidence snippet describing the relations,
and c is the retrieval cue. This process organizes graph knowledge into MEC,
enabling structured evidence to participate in multi-source reasoning within a
unified framework.

2.4 Evidence from Model Parameters

In addition to explicit texts and structured resources, expert-level language mod-
els also encode substantial medical experiential priors in their parameters [11].
To avoid the uncontrolled inference that may arise from directly invoking such
implicit knowledge, we convert parametric knowledge into retrievable and con-
strained MEC evidence capsules.

Specifically, given QA pairs (q, a) from the training split of datasets, we
generate explanatory evidence under explicit answer-alignment constraints:

e = Fparam(q, a). (6)
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Table 1. Comparison of different RAG methods, retrieval return fields, and LLM scales
on Text QA. Bold values indicate the best performance across models and datasets.

Retrieval
Evidence Method

MecQA Med-FlashCards HfMedQA

Qw-
3B

Qw-
7B

Lm-
8B

Qw-
3B

Qw-
7B

Lm-
8B

Qw-
3B

Qw-
7B

Lm-
8B

— Wo-RAG 0.2550 0.2653 0.2384 0.1470 0.1473 0.1854 0.1285 0.1274 0.1770

Original
Text

SR-RAG 0.3682 0.3899 0.3212 0.3310 0.3499 0.3381 0.2834 0.3015 0.2654
FLARE 0.3416 0.3508 0.3356 0.2839 0.3007 0.3224 0.2370 0.2418 0.2344

DRAGIN 0.3578 0.3588 0.3122 0.3144 0.3135 0.3122 0.3092 0.3014 0.2709

Evidence
Snippet

SR-RAG 0.3905 0.3989 0.3330 0.3348 0.3435 0.3312 0.2845 0.3067 0.2676
FLARE 0.3492 0.3526 0.3372 0.2827 0.2982 0.3255 0.2371 0.2424 0.2340

DRAGIN 0.3598 0.3607 0.3374 0.3154 0.3118 0.3149 0.3125 0.3003 0.2720

MEC
(Ours)

SR-RAG 0.3982 0.4489 0.3580 0.4034 0.4100 0.3952 0.3113 0.3493 0.2800
FLARE 0.3517 0.3653 0.3531 0.3164 0.3252 0.3568 0.2516 0.2756 0.2570

DRAGIN 0.3684 0.3895 0.3593 0.3434 0.3522 0.3380 0.3305 0.3709 0.2962

This process enforces consistency with the known answer and avoids uncon-
strained expansions beyond the question context, thereby reducing the risk of
hallucinations. Building on the generated evidence, we further distill a corre-
sponding medical assertion and construct a matching retrieval cue, so that para-
metric knowledge can be incorporated into the MEC framework. Through this
conversion, implicit experience encoded in model parameters is made explicit as
citable evidence, enabling it to be jointly used with textual, graph-based, and
imaging evidence under a unified structure.

2.5 Evidence from Medical Images

Medical images and their reports provide the most direct objective evidence for
medical QA. However, their descriptions are highly structured and dense with
negation and uncertainty, making them difficult to use on the same semantic scale
as textual or graph-based knowledge. To address this, we reorganize imaging
information into MEC-compliant imaging evidence capsules, enabling unified
retrieval and constrained generation-time reasoning.

We use approximately 7,000 image–report pairs from MIMIC-CXR [8]. From
each report, we extract medical assertions [6] and use the findings section as the
citable evidence snippet, preserving the observational context without altering
the original semantics. To improve retrievability and consistency, we normalize
each imaging assertion into a fixed eight-tuple:

aimg = (m, p, o, l, f, s, e, u), (7)

where m denotes the imaging modality, p the acquisition position, o the organ
or structure, l the spatial region or laterality, f the core finding, s the sever-
ity or morphological descriptor, e the existence polarity, and u the uncertainty
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Table 2. Comparison of different retrieval return fields, and VLM scales on Visual
QA. Bold values indicate the best performance across models and datasets.

Datasets Retrieval
Evidence

Models

Qw-VL-3B Qw-VL-7B MedG-4B Lshu-7B

SLAKE

Wo-RAG 0.5541 0.5811 0.4838 0.7865
Findings 0.5608 0.5864 0.4905 0.7838

Image+Findings 0.5716 0.5932 0.5014 0.7919
MEC (Ours) 0.5838 0.6027 0.5108 0.7986

VQA-RAD

Wo-RAG 0.4971 0.5714 0.5886 0.6000
Findings 0.5029 0.5771 0.5886 0.5943

Image+Findings 0.5086 0.5829 0.5909 0.6057
MEC (Ours) 0.5257 0.5952 0.6000 0.6114

Table 3. Tasks, models, datasets, and evaluation metrics used in experiments.

Task Type Model Datasets Evaluation Metric

Text QA
Qwen2.5-3B-Instruct [28] MecQA (In-domain)

ROUGE-L [13]Qwen2.5-7B-Instruct [28] Med-FlashCards [4]
Llama-3.1-8B-Instruct [3] HfMedQA

Visual QA

Qwen2.5-VL-3B-Instruct [1]
VQA-RAD (CXR) [10]

Accuracy
medgemma-1.5-4b-it [16]

Qwen2.5-VL-7B-Instruct [1]
SLAKE (CXR) [14]

Lingshu-7B [27]

level. This representation covers both positive and negative findings and explic-
itly distinguishes confirmed observations from speculative conclusions, thereby
reducing implicit inference during generation.

Based on these normalized imaging assertions, we generate corresponding
retrieval cues and organize the assertion, retrieval cue, and the report’s findings
and impression into an imaging evidence capsule.

3 Experiments and Results

3.1 Experimental Setups

Datasets and Settings In our experiments, we construct a MEC retrieval cor-
pus for medical multimodal QA, supporting both text-only QA and visual QA.
The textual and structured evidence is built from medical textbook corpora
aligned with MedQA [7] and UMLS [2], comprising approximately 500,000 med-
ical assertions. The imaging evidence is derived from MIMIC-CXR [8], where
about 50,000 imaging-related assertions are extracted from roughly 7,000 im-
age–report pairs. Text-only QA uses the in-domain MecQA (sampled from our
corpus) and cross-domain Med-FlashCards [4] and HfMedQA 3; VQA uses VQA-
3 https://huggingface.co/datasets/asmitha26/medical-data
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RAD [10] and SLAKE [14]. Models and metrics are in Table 3. GPT-4o [5] is
used to construct all evidence capsules.

Baselines We adopt several representative text-based RAG methods [11, 20] as
baselines and integrate MEC into these frameworks under identical generation
models and parameter settings to evaluate its evidence representation capabil-
ity. For visual QA, we compare against no-retrieval settings and analyze the
contribution of imaging evidence capsules through different MEC component
combinations. All experiments are conducted with consistent model configura-
tions and generation settings to ensure fair comparison.

3.2 Main Results Analysis

Text QA results are shown in Table 1. MEC consistently improves performance
across different retrieval strategies and model scales, achieving the best results on
all benchmarks. By organizing evidence into assertion-driven structured forms,
MEC aligns retrieved content with QA semantics and reduces the implicit align-
ment burden during generation. This is particularly evident on medium-scale
models, suggesting that structured evidence enhances multi-source knowledge
efficiency. Visual QA results are in Table 2. When compared to no-retrieval or
direct report text usage, MEC’s organization of imaging assertions yields more
stable accuracy improvements, with consistent trends across different VLMs.
By structuring imaging data with explicit polarity and uncertainty markers,
MEC enables seamless collaboration between imaging evidence and evidence
from other sources, ensuring robust benefits across models.

Fig. 2. Ablations on matching fields (bar) and return contents (radar). MEC performs
best across text QA and medical VQA, with a better efficiency–accuracy trade-off.

3.3 Ablations and Case Discussion

Effect of Retrieval and Return Fields As shown in Fig. 2, we analyze the
effect of MEC from the matching fields (bar chart) and the returned contents
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Answer: Depersonalization/derealization disorder is a … characterized by persistent feelings of detachment from one‘s own body, thoughts, or mental processes 

(depersonalization), or from one's surrounding environment (derealization)…

Question: What is depersonalization / derealization disorder, and what are its defining characteristics?

Medical Evidence Capsule

⚫ Retrieval Cue: What distinguishes depersonalization from 

derealization in the context of traumatic stress?

⚫ Medical Assertion: Depersonalization involves feeling detached from 

mental processes or the body, while derealization involves 

experiencing unreality in one's surroundings.

⚫ Evidence Snippet: In the context of stress-related dissociative 

symptoms, clinical practice often requires a distinction between 

symptoms that primarily target the individual’s internal experience of 

self and those that primarily affect the perception of the external 

environment.

Original Retrieval Context:

Original Text: The affectively flattened and robotic demeanor that ... and a 

general sense of disconnectedness from life... Although individuals with 

depersonalization / derealization disorder can present with vague somatic 

complaints as well as fears of permanent brain damage, the diagnosis of ... 

However, in depersonalization/ derealization disorder, such symptoms are 

associated with further symptoms of ...

MEC Answer: Depersonalization involves feelings of unreality or detachment 

regarding one's thoughts, emotions, sensations, body … Derealization

pertains to a similar detachment from one's surroundings, causing …

Original Answer: Depersonalization/derealization disorder is a mental 

health condition involving … in which individuals report feeling unusual 

changes in their thoughts, emotions, or perceptions. These symptoms can 

persist … occupational functioning. The condition is typically considered … 

including mood disorders, anxiety-related conditions…

Fig. 3. Case study comparing Original retrieval with MEC retrieval. MEC provides a
clearer reasoning scaffold, yielding more focused and traceable answers.

(radar chart). Using evidence snippets as the matching signal is typically the
best, while matching only with medical assertions and retrieval cues yields only
a slight performance drop. Moreover, since assertions and cues are more com-
pact, this strategy substantially reduces the computational cost of vectorization
and matching. Under a fixed matching strategy, the full MEC achieves the best
results on all five benchmarks, outperforming returning only assertions or only
evidence snippets. These results indicate that by jointly providing structured as-
sertions, retrieval cues, and citable evidence snippets, MEC imposes more com-
plete semantic and evidential constraints during generation, leading to a more
robust trade-off between efficiency and effectiveness.

Case Study We further illustrate the practical effect of MEC through a case
study, as shown in Fig. 3. Compared with retrieval based on raw text, the evi-
dence returned under the MEC framework provides a clearer semantic scaffold
during generation. The medical assertion directly captures the core discrimina-
tive information required by the question, the retrieval cue strengthens semantic
alignment between the query and the evidence, and the evidence snippet sup-
plies necessary contextual support and conditional constraints, thereby reducing
the need for implicit filtering and alignment within lengthy contexts. In con-
trast, raw text retrieval often returns content that is descriptively rich but less
task-relevant, increasing the reasoning burden and weakening the focus of the
generated answer.

4 Conclusion

This paper proposes Medical Evidence Capsules (MEC), an evidence organi-
zation mechanism for medical multimodal QA, which explicitly constrain evi-
dence retrieval and invocation through a compact structure, mitigating evidence
granularity mismatch and improving the traceability of conclusions in medical
multimodal QA. We further construct a large-scale retrieval corpus integrating
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multi-source medical knowledge and evaluate MEC on medical text QA and vi-
sual QA benchmarks. Experimental results demonstrate that MEC consistently
improves performance across different models and retrieval settings, validating
its effectiveness in medical multimodal RAG.
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