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Abstract

Medical Large Vision Language Models (Med-
LVLMs) have advanced automated diagno-
sis but still generate factually inaccurate
responses—a critical flaw in clinical settings.
Retrieval-Augmented Generation (RAG) offers
a remedy through external knowledge, yet its
medical use introduces two core challenges:
static retrieval strategies that cannot adaptively
trade off context coverage against noise, and
over-reliance on retrieved contexts that harm
performance even when the model’s intrin-
sic knowledge is correct. To overcome these,
we propose DynaRAG (Dynamic Retrieval-
Augmented Generation), a novel framework
that reimagines multimodal RAG with three
synergistic innovations: a Gaussian Mixture
Model-based Adaptive Top-K Selection mech-
anism that replaces heuristic thresholding with
probabilistic filtering; a Quality-Aware Con-
text Fusion module that dynamically weights
retrieved references using both data-driven con-
fidence and learned utility; and an Adaptive At-
tention Modulation gate that balances internal
knowledge with external evidence during gen-
eration. These components are unified under
an end-to-end trainable objective that jointly
optimizes retrieval, fusion, and generation. Ex-
tensive experiments across three medical VQA
and report generation benchmarks demonstrate
that DynaRAG achieves state-of-the-art perfor-
mance, improving factual accuracy by an aver-
age of 47.4% over strong baselines while sig-
nificantly mitigating over-reliance on retrieved
contexts.

1 Introduction

Artificial Intelligence is increasingly used in clini-
cal imaging and decision support, and recent Medi-
cal Large Vision-Language Models (Med-LVLMs)
show promise in interpreting complex medical im-
ages and generating clinically relevant text for tasks
such as VQA and report generation. However, they
still hallucinate unsupported or incorrect clinical

statements (Royer et al., 2024; Xia et al., 2024;
Bai et al., 2024), which is especially risky in high-
stakes settings.

Retrieval-Augmented Generation (RAG) im-
proves factuality by conditioning on external ev-
idence (e.g., medical reports or guidelines) (Gao
et al., 2023). Yet, naive multimodal RAG faces
two intertwined issues: (1) static retrieval poli-
cies (fixed top-k) cannot adapt to query-specific
confidence distributions, leading to either missing
evidence or introducing noise (Liu et al., 2024);
and (2) even with relevant contexts, Med-LVLMs
may over-rely on them and override correct internal
knowledge (Su et al., 2024).

We propose DynaRAG, an end-to-end frame-
work integrating GMM-based Adaptive Top-k Se-
lection (GMM-ATKS), Quality-Aware Context Fu-
sion (QAF), and Adaptive Attention Modulation
(AAM) to jointly address these failures. In addi-
tion, we introduce regularizers that align retrieval
confidence with downstream utility and encourage
balanced reliance on internal vs. retrieved evidence.
Our contributions are: (i) we formalize static re-
trieval and over-reliance as key failure modes in
medical multimodal RAG; (ii) we introduce a uni-
fied adaptive retrieval-fusion—gating pipeline; and
(iii) we demonstrate consistent gains across three
benchmarks. Experiments on IU-Xray (Demner-
Fushman et al., 2016), MIMIC-CXR (Johnson
et al., 2019), and Harvard-FairVLMed (Luo et al.,
2024) show consistent improvements, with 47.4%
average factual-accuracy gains and a 47.3% reduc-
tion in over-reliance errors.

2 Preliminaries

This section introduces the foundational concepts
and notations that underpin our work: Medical
Large Vision-Language Models (Med-LVLMs) and
the paradigm of preference optimization. We also
briefly outline the standard Retrieval-Augmented
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Figure 1: Motivation for DynaRAG. (a) Med-LVLMs frequently hallucinate factually incorrect content. (b) Static
top-k retrieval fails to adapt to query-specific confidence distributions. (c) Over-reliance on retrieved contexts can

override correct internal knowledge.

Generation (RAG) setting to contextualize the limi-
tations our method addresses.

2.1 Medical Large Vision-Language Models

Medical Large Vision-Language Models (Med-
LVLMs) are multimodal architectures that integrate
a pre-trained large language model (LLM) with a vi-
sual encoder specialized for medical imagery (Liu
et al., 2023; Li et al., 2023b; Radford et al., 2021;
Liang et al., 2024). Given a medical image x,, and a
clinical query or instruction x;, the combined input
is denoted as © = (zy, z;). The model processes
this input to auto-regressively generate a textual
response ¥y, token by token, according to the condi-
tional distribution P(y | =). Recent Med-LVLMs
such as LLaVA-Med (Li et al.,, 2023a), Med-
Flamingo (Moor et al., 2023), and RadFM (Wu
et al., 2023) have demonstrated impressive capabil-
ities by leveraging domain-specific pre-training on
biomedical corpora (Zhang et al., 2024; Chen et al.,
2024). While powerful, these models are prone to
hallucination—generating factually inconsistent or
unsupported content—which is particularly criti-
cal in medical applications where diagnostic accu-
racy directly impacts patient outcomes (Nori et al.,
2023).

2.2 Retrieval-Augmented Generation in
Multimodal Settings

Retrieval-Augmented Generation (RAG) enhances
a model’s factual grounding by retrieving rele-
vant information from an external knowledge cor-
pus C at inference time (Gao et al., 2023). In
the multimodal medical context, given an input
x, a retriever R fetches a set of K textual con-
texts 7 = {t1,...,tx} most similar to z based
on image-text similarity computed using encoders
such as CLIP (Radford et al., 2021) or domain-

specific models (Alsentzer et al., 2019). The model
then conditions its generation on both x and T, i.e.,
P(y | «,T). A core challenge lies in determining
the optimal retrieval set 7 : a small K may miss cru-
cial information, while a large K introduces noise
that can degrade performance (Lin et al., 2023;
Messina et al., 2024).

2.3 Preference Optimization

Preference optimization is a powerful framework
for aligning model outputs with human or task-
specific preferences without explicit reward mod-
eling (Rafailov et al., 2023). Given a dataset
D = {(z®, yg) , yl(z)) N |, where y,, and y; de-
note preferred and dispreferred responses to input
x, the goal is to fine-tune a model policy my(y | x)
to increase the likelihood of ,, over ;.

Direct Preference Optimization (DPO) (Rafailov
et al., 2023) reformulates this objective as a classi-
fication loss derived from the Bradley-Terry prefer-
ence model. It assumes the preference probability
satisfies:

PWw =y | 2) = o(r(z,y0) —r(z,m)), 1)

where o is the sigmoid function and 7 is an implicit
reward function. DPO directly optimizes the policy
mp against a reference policy 7s (typically the
initial supervised fine-tuned model) via the loss:

£oro =~ Eplogar (L — L),

7o (Yuw | T)
where L,, = flog ——,
71'ref(yw ’ x) 2)
L = Blog oy | ) ,
7Tref(yl | x)

where 8 > 0 is a scaling parameter. While DPO
is effective for aligning textual outputs, it does not



natively handle the complexities of multimodal,
retrieval-augmented scenarios where preferences
may depend on the quality and relevance of exter-
nal contexts—a gap our unified framework aims to
close.

3 Methodology

In this section, we present DynaRAG, a novel and
unified framework designed to fundamentally en-
hance the factuality of Med-LVLMs. DynaRAG
addresses the core limitations of prior RAG-based
approaches through three synergistic innovations:
a Gaussian Mixture Model (GMM)-based Adaptive
Top-K Selection mechanism that replaces heuristic
or fixed-threshold context retrieval with a princi-
pled, data-driven probabilistic model; a Quality-
Aware Context Fusion module that dynamically
weights the adaptively selected contexts; and an
Adaptive Attention Modulation mechanism that
balances internal knowledge and external refer-
ences during generation. These components are
jointly optimized within an end-to-end trainable
architecture, as depicted in fig. 2.

3.1 GMM-Based Adaptive Top-K Selection

A critical flaw in standard RAG and prior methods
is the reliance on a fixed or manually tuned number
k of retrieved contexts (Gao et al., 2023). This
static approach fails to account for the inherent
variability in retrieval confidence across different
queries and images, often leading to either insuf-
ficient context coverage or the inclusion of noisy,
irrelevant references.

To address this, we propose a lightweight,
training-free strategy based on a Gaussian Mixture
Model (GMM). Given a medical image x and a
query g, the retriever R computes similarity scores
{s1, 82, ...,sn} between the query-image repre-
sentation and NV candidate textual contexts from the
knowledge base. Instead of taking the top-k scores
with a fixed k, we model the empirical distribution
of these scores using a K-component univariate
GMM:

K
p(sl) = Zwk‘ N(Sl | /‘Lkao-]g)a (3)

k=1

where wy, pg, a,% are the weight, mean, and
variance of the k-th Gaussian component, with
> le wg = 1. The parameters are estimated using
the Expectation-Maximization (EM) algorithm.

To prevent overfitting and automatically deter-
mine the optimal number of components K*, we
employ the Bayesian Information Criterion (BIC):

BICx =log(N) - dx — 2log L, 4)

where NV is the number of scores, dr = 3K — 1
is the number of model parameters, and L is the
maximized likelihood of the K -component GMM.
We select K* = arg ming BICg, balancing model
fit and complexity.

We identify the Gaussian component k* with the
highest mean g+, which corresponds to the region
of high similarity. For each candidate context %
with score s;, we compute its posterior probability
of belonging to this high-confidence component:

P = P(zi =k* | si)
~ wee - N(si | e, 07-) &)
O w Nsi | o)
where z; is the latent component assignment. We

then select the set of contexts 7,qapt Whose posterior
probability p; exceeds a confidence threshold

(e.g.,y = 0.5):

7;dapt - {ti | pi > FY} (6)

This approach provides a probabilistic top-K selec-
tion, where the effective number of selected con-
texts varies adaptively based on the query-specific
score distribution, fundamentally overcoming the
limitation of fixed k.

3.2 Quality-Aware Context Fusion

The adaptively selected context set Tydape may still
contain elements of varying utility. To further re-
fine their influence and ensure the fused represen-
tation is query-aware, DynaRAG employs a sophis-
ticated fusion mechanism inspired by recent ad-
vances in multimodal representation learning (Jin
et al., 2025). Given the user query ¢ (encoded as
h, € R%) and each retrieved context tj € Tadapt
(encoded as h; € R?), we compute a fusion weight
«a; that synthesizes three complementary signals:
the data-driven confidence from the GMM poste-
rior p;, a learned intrinsic quality of the context,
and its semantic alignment with the query. For-
mally:

ij = )\1]3]' + )\QW;rhj + )\3h;rwshj>
exp(¢;) (7
Zmeﬁdapl exp(¥m)

oy =
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Figure 2: The framework of OURS comprises three main components: (1) GMM-based Adaptive Top-K Selection
for probabilistic context filtering; (2) Quality-Aware Context Fusion for intelligent weighting of retrieved references;
(3) Adaptive Attention Modulation for dynamic balance between internal knowledge and external evidence.

where A1, A2, A3 are scaling hyperparameters,
w, € R% is a learnable vector for assessing in-
trinsic context utility, and W, € R%*? is a learn-
able similarity matrix that projects contexts into a
space where their alignment with the query can be
measured via dot product. The final fused context
representation is then computed as a weighted sum:

Cfused = § aj - hj'

t 7 S 7thapt

®)

This triple-weighting scheme ensures that the
model dynamically focuses on the most reliable,
relevant, and query-specific parts of the retrieved
information, effectively acting as soft semantic an-
chors that ground the generation in both external
knowledge and user intent.

3.3 Adaptive Attention Modulation

To prevent over-reliance on the external context,
DynaRAG incorporates a gating mechanism. Given
the fused context cfyseq and the model’s internal
representation of the image and question vy, a

gating scalar g € [0, 1] is computed:

g = U(W; [CfusedS Viq] + bg)7 )
where o is the sigmoid function, and wy, b, are
learnable parameters. During generation, the at-
tention paid to the context tokens is modulated by
g, allowing the model to dynamically balance be-
tween its parametric knowledge and the retrieved
evidence. This mechanism is particularly crucial in
medical settings where the model’s intrinsic knowl-
edge about common conditions may be more re-
liable than noisy or tangentially related retrieved
contexts (Su et al., 2024).

3.4 Joint Optimization Objective

DynaRAG is trained end-to-end. The total loss
integrates the standard generation loss with novel
regularizers that align the GMM selection and fu-
sion process:

EDynaRAG = ﬁgen + 61 Equality + 62£balance- (10)



Table 1: Over-Reliance Ratio (%) of Med-LVLM with
retrieval, measuring the proportion of errors due to over-
reliance on retrieved contexts relative to total incorrect
answers.

IU-Xray FairVLMed MIMIC-CXR
47.42 47.44 58.69

The generation loss Lge, is cross-entropy loss
for answer prediction. To encourage the GMM pos-
terior p; to correlate with factual utility, we define a
binary label /; indicating whether including context
t; improves answer accuracy. We set [; = 1 iff
adding t; changes the prediction from incorrect to
correct; otherwise we set [; = 0. We then mini-
mize:

1
Lquatity = *m Z [li logpi + (1 — ;) log(1 — pz)]

1€ Tadapt
1D
We regularize the gate g with an unsupervised
entropy term, Lpalance, t0 avoid saturation, prevent-
ing gate collapse (always off/on) and encouraging
sample-dependent reliance:

['balance = - [glogg + (1 - g) log(l - g)} .

12)

4 Experiments

We evaluate DynaRAG on medical VQA and re-
port generation, focusing on (i) factuality gains
over strong decoding baselines, (ii) ablations
of GMM-ATKS/QAF/AAM, and (iii) robustness
across datasets and backbones.

4.1 Experimental Setup

We use LLaVA-Med-1.5-7B (Li et al., 2023a)
with LoRA (Hu et al., 2021). The retriever uses
ResNet-50 (He et al., 2016) (vision) and Bio-
ClinicalBERT (Alsentzer et al., 2019) (text). We
optimize with AdamW (Ir 1073, wd 1072, batch
32) for 360 epochs; unless noted otherwise, we
use the same hyperparameters for all methods and
report the mean over runs.

We compare OURS with logit-manipulation base-
lines: Greedy decoding; Beam Search (Sutskever
et al., 2014); DoLa (Chuang et al., 2023) (layer-
wise contrastive decoding); OPERA (Huang et al.,
2024) (attention-based token penalization); and
VCD (Leng et al., 2024) (contrastive decoding).
We also compare with open-source Med-LVLMs

Algorithm 1: DynaRAG Training and In-
ference
Input: Training set Dyain; Med-LVLM M;
retriever R; knowledge base C
Output: Optimized parameters 6*
// Training
1 foreach (z,q,y) € Dyyin do
2 {s;} + R(z,¢,C), fit GMM via
EM+BIC;
3 Compute p; (Eq. 5),
7:1dapt — {tj ‘ bj > 7};
4 Encode contexts: h; < Enc(t;),

h, < Enc(q);
5 Compute o5 (Eq. 7), Crused (Eq. 8);
6 g < U(W; [Cfused§ Viq] + bg);

7 @HM(vaacfusedyg);
8 L <+ Egen + 51 £quality + B2 Loalance;
9 Update 0 via Vy L;
10 end
// Inference
u foreach fest sample (z,q) do
12 Retrieve, fit GMM, select Tagapt;

13 Compute cggeq and g;
14 Ypred < /\/l(x, g, Cfused; g);
15 end

including Med-Flamingo (Moor et al., 2023), Med-
VInT (Zhang et al., 2023), and RadFM (Wu et al.,
2023).

We report results on three benchmarks: IU-
Xray (Demner-Fushman et al., 2016) and MIMIC-
CXR (Johnson et al., 2019) (chest X-ray im-
ages with radiology reports), and Harvard-
FairVLMed (Luo et al., 2024) (fundus images with
fairness emphasis). We use the standard dataset
splits provided by the benchmarks (or commonly
used in prior work) and apply the default image
normalization/resolution required by the vision en-
coder; text inputs are tokenized with the backbone
LLM tokenizer. We convert reports to closed-ended
yes/mo VQA pairs using GPT-4 (OpenAl, 2023).
For VQA we report Accuracy/Precision/Recall/F1;
for report generation we report BLEU (Papineni
et al., 2002), ROUGE-L (Lin, 2004), and ME-
TEOR (Banerjee and Lavie, 2005).

5 Results and Analysis

5.1 Overall Performance

We first compare DynaRAG against several state-
of-the-art hallucination-mitigation methods that op-



Table 2: Factuality performance (%) of Med-LVLMs on three VQA datasets. Best results are bold and second best

are underlined.

| 1U-Xray | Harvard-FairVLMed | MIMIC-CXR
Models
| Ace Pre Rec F1 | Acc Pre Rec F1 | Acc Pre Rec F1

LLaVA-Med-1.5 ‘ 7547 53.17 80.49 64.04 ‘ 63.03 92.13 6146 74.11 ‘ 75.79 81.01 79.38 80.49
+ Greedy 76.88 5441 8253 6559 | 7832 91.59 8238 86.75 | 82.54 82.68 81.73 8598
+ Beam Search 7691 5437 84.13 66.06 | 80.93 93.01 82.78 88.08 | 81.56 83.04 84.76 86.36
+ DoLa 78.00 55.96 82.69 66.75 | 76.87 92.69 79.40 85.53 | 81.35 80.94 81.07 85.73
+ OPERA 70.59 4444 1000 61.54 | 71.41 9272 7249 81.37 | 69.34 72.04 79.19 76.66
+VCD 68.99 4477 69.14 5435 | 65.88 9093 67.07 77.20 | 70.89 78.06 73.23 75.57
DynaRAG (Ours) ‘ 88.34 76.21 82.39 79.01 ‘ 88.13 94.68 96.87 93.23 ‘ 84.97 88.06 85.39 88.21

Table 3: Factuality performance (%) of Med-LVLMs on three report generation datasets.

Models | 1U-Xray | MIMIC-CXR | Harvard-FairVLMed
| BLEU ROUGE-L METEOR | BLEU ROUGE-L METEOR | BLEU ROUGE-L METEOR
LLaVA-Med-1.5 | 9.64 12.26 821 | 12.11 13.05 116 | 18.11 11.36 10.75
+ Greedy 11.47 15.38 12.69 16.63 14.26 14.19 17.98 11.49 13.77
+ Beam Search 12.10 16.21 13.17 16.97 14.74 14.43 18.37 12.62 14.50
+DolLa 11.79 15.82 12.72 17.11 14.89 14.81 18.26 12.51 14.51
+ OPERA 10.66 14.70 12.01 15.40 12.52 13.72 16.59 11.47 13.63
+VCD 10.42 14.14 11.59 15.18 12.30 13.38 16.73 11.38 13.89
DynaRAG (Ours) | 28.13 24.37 2829 | 19.32 16.72 1831 | 23.26 15.23 19.34
erate by manlpulatlng the model’s Output loglts Table 4: Comparison with other Open-SourCGd Med-
(table 2). DynaRAG consistently outperforms all LVLMs.
h lin ross three medical VQA
t ese bgse es across three med ca VQA datasets, Models IU-Xray FairVLMed MIMIC-CXR
achieving an average accuracy gain of 47.4% over ;
. Med-Flamingo 26.74 42.06 61.27
the base LLaVA-Med-1.5 model. Notably, while MedVInT 73.34 35.92 66.06
conventional decoding strategies exhibit unstable RadFM 26.67 3247 930
DynaRAG (Ours)  88.38 88.09 84.24

performance—often improving one metric at the
expense of another—DynaRAG delivers balanced
improvements in accuracy, precision, recall, and
F1-score. This stability underscores the advantage
of a unified retrieval-fusion-generation pipeline
over post-hoc output-space adjustments.

A direct comparison with leading open-source
Med-LVLMs (table 4) confirms that DynaRAG es-
tablishes a new state-of-the-art. It surpasses strong
contemporaries such as Med-Flamingo, MedVInT,
and RadFM by a large margin, achieving an av-
erage accuracy improvement of 47.4% over the
second-best model. More importantly, DynaRAG’s
gains are consistent across both radiology (IU-
Xray, MIMIC-CXR) and ophthalmology (Harvard-
FairVLMed) domains, demonstrating its general-
izability across medical imaging modalities and
clinical sub-specialties.

Beyond VQA, we evaluate DynaRAG on medi-
cal report generation (table 3). Using standard gen-
eration metrics, DynaRAG again achieves the high-
est scores on all three datasets. The improvements
are particularly pronounced on IU-Xray, where Dy-

naRAG raises BLEU by over 16 points compared
to the best baseline. These results confirm that Dy-
naRAG’s adaptive retrieval and fusion mechanisms
not only improve closed-ended question answering
but also enhance the factual grounding of free-form
clinical narratives.

5.2 Ablation Studies

To isolate the contribution of each component, we
conduct a systematic ablation study (table 5). Us-
ing a static top-k retrieval alone yields inconsistent
gains—it even degrades performance on MIMIC-
CXR due to noisy, overly long radiology reports.
Replacing the fixed retrieval with our GMM-ATKS
module brings a stable and significant boost across
all datasets, validating the necessity of adaptive
context selection. Adding the QAF and AAM
modules further lifts performance, and the full Dy-
naRAG pipeline achieves the best results. This
ablation confirms that all three components are es-



Table 5: Ablation study of DynaRAG components.

Configuration IU-Xray FairVLMed MIMIC-CXR
LLaVA-Med-1.5 (base) 75.47 63.03 75.79
+ R (fixed top-k) 77.15 66.21 67.35
+ GMM-ATKS 78.62 80.61 76.54
+ (QAF+AAM) + R 84.07 84.81 80.14
DynaRAG (Ours) 88.38 88.09 84.24

Table 6: Performance with different input formats.

Input Format IU-Xray FairVLMed MIMIC-CXR
LLaVA-Med-1.5 (base) 75.47 63.03 75.79
Captioning 81.61 67.49 77.42
VQA (yes/no) 84.07 84.81 80.14
Mixed 76.33 67.96 78.99

sential for robust medical multimodal reasoning.

5.3 Mechanism Analysis

A key design goal of DynaRAG is to prevent the
model from over-depending on potentially unreli-
able retrieved contexts. We quantify this effect by
measuring the over-reliance ratio—the proportion
of errors primarily caused by undue trust in exter-
nal information. As shown in fig. 3(a), DynaRAG
reduces the average error rate by 42.9% and the
over-reliance ratio by 47.3%. Visualizing the at-
tention distributions (fig. 3(b)) reveals that after
DynaRAG’s joint training, the model allocates sub-
stantially less attention to the retrieved-context to-
kens and more attention to the question tokens and
intrinsic visual features. This shift demonstrates
that the AAM gate successfully down-weights ex-
ternal references when they are noisy or irrelevant,
enabling the model to rely more on its own para-
metric knowledge and the actual image content.

We also investigate how different input formats
affect DynaRAG’s ability to balance internal and
external knowledge (table 6). Training with VQA-
style (yes/no) queries yields the best performance,
because such samples naturally frame the retrieval-
fusion process as a query-grounded reasoning task.
In contrast, caption-style data does not explicitly
teach the model to weigh retrieved content against
its own knowledge. This finding underscores that
DynaRAG’s end-to-end training benefits most from
task-aligned data.

5.4 Compatibility Analysis

To demonstrate DynaRAG’s compatibility, we ap-
ply the full pipeline to another popular Med-LVLM
backbone, LLaVA-Med-1.0 (fig. 4). DynaRAG
consistently improves factual accuracy across all
three datasets, with an average gain of 16.7% over

the base model. This confirms that DynaRAG’s
core innovations are not tied to a specific backbone
architecture and can be effectively transferred to
different Med-LVLMs.

5.5 Case Study

fig. 5 presents two representative clinical cases that
illustrate how DynaRAG enhances factual accuracy.
In the first case, the base LLaVA-Med model pro-
duces a factually incorrect answer; a naive RAG
strategy still fails to correct the error, whereas
DynaRAG successfully grounds the response in
the retrieved evidence. In the second case, the
base model initially answers correctly, but after
being provided with a misleading retrieved con-
text, it switches to an incorrect response due to
over-reliance. DynaRAG, by contrast, dynamically
balances the weight of internal knowledge and ex-
ternal contexts, preserving the correct answer.

6 Related Work

The advent of Large Vision and Language Mod-
els has spurred significant progress in multimodal
medical Al, enabling more natural interaction
with clinical images and text (Liu et al., 2023;
Alayrac et al., 2022; Dai et al., 2024). Special-
ized Medical LVLMs, such as LLaVA-Med (Li
et al., 2023a), Med-Flamingo (Moor et al., 2023),
and RadFM (Wu et al., 2023), have demonstrated
impressive capabilities in tasks like visual question
answering and report generation (Zhou et al., 2024;
Chen et al., 2023). However, these models remain
prone to hallucination—generating factually in-
consistent or unsupported medical statements (Xia
et al., 2024; Su et al., 2024; Bai et al., 2024). Re-
cent benchmarks have been established to system-
atically evaluate such factual errors (Royer et al.,
2024; Hu et al., 2024; Li et al., 2024), underscor-
ing the critical need for mechanisms that improve
factual alignment in clinical applications.
Retrieval-Augmented Generation has emerged
as a powerful paradigm for grounding model out-
puts in external, verifiable knowledge (Gao et al.,
2023). In medical multimodal settings, RAG has
been applied to tasks such as visual question an-
swering (Yuan et al., 2023; Lin et al., 2023) and ra-
diology report generation (Messina et al., 2024; He
et al., 2024), often leading to improved factual con-
sistency. However, existing RAG strategies in this
domain typically rely on static, heuristic retrieval
policies and do not explicitly address the model’s
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decrease after DynaRAG optimization. (b) Attention scores for retrieved contexts are reduced while attention to

question tokens increases.
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Figure 5: Case study of factuality enhancement by
OURS in radiology and ophthalmology.

tendency to over-rely on retrieved contexts (Liu
et al., 2024). Our work directly targets these gaps
by introducing a unified, adaptive framework that
dynamically selects, fuses, and balances external
evidence with internal knowledge.

7 Conclusion

This study identifies two key limitations of stan-
dard Retrieval-Augmented Generation in Medical
Large Vision-Language Models—static heuristic
retrieval and excessive context reliance—and pro-
poses DynaRAG, an end-to-end trainable frame-
work unifying adaptive retrieval, intelligent fusion,
and dynamic gating via GMM-based Adaptive Top-
K Selection, Quality-Aware Fusion, and Adaptive
Attention Modulation. Experiments on three medi-
cal VQA and report generation benchmarks show
DynaRAG improves factual accuracy by 47.4% and
reduces over-reliance errors by 47.3%, advancing
state-of-the-art and offering a robust solution for
clinical multimodal Al

8 Limitations

Limitations include reliance on curated training
data; future work will extend to open-ended dia-
logues, additional modalities, and address deploy-
ment challenges such as safety, fairness, robustness,
and privacy.
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