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Abstract
Medical visual question answering (Med-VQA) focuses on analyz-
ing medical images to accurately respond to clinicians’ specific
questions. Although integrating prior knowledge can enhance VQA
reasoning, current methods often struggle to extract relevant infor-
mation from the vast and complex medical knowledge base, thereby
limiting the models’ ability to learn domain-specific features. To
overcome this limitation, our study presents a novel information
mining approach that leverages large language models (LLMs) to
efficiently retrieve pertinent data. Specifically, we design a latent
knowledge generation module that employs LLMs to separately
extract and filter information from questions and answers, enhanc-
ing the model’s inference capabilities. Furthermore, we propose a
multi-level prompt fusion module in which an initial prompt inter-
acts with the extracted latent knowledge to draw clinically relevant
details from both unimodal and multimodal features. Experimental
results demonstrate that our approach outperforms current state-
of-the-art models on multiple Med-VQA benchmark datasets.

CCS Concepts
• Computing methodologies → Computer vision tasks; Natu-
ral language processing.
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1 Introduction
Medical visual question answering (Med-VQA) [39] is an essential
branch of multimodal learning [20] in the medical domain, aiming
to answer questions related to medical images by integrating visual
and linguistic information. Recently, Med-VQA has become increas-
ingly important in healthcare by streamlining workflows, reducing
radiologists’ workload [45], enhancing patient understanding of
their conditions [10], and offering a reliable ’second opinion’ in
clinical diagnoses to minimize the risk of misdiagnosis [23]. A fun-
damental Med-VQA model adopts a joint embedding [2] framework
with four main components: an image encoder, a text encoder, a
feature fusion module, and an answering component. The image
encoder often uses CNN architectures [54] [22], while the text
encoder processes text sequences with models like LSTM [24] or
Transformer [57]. The feature fusion module integrates and cap-
tures latent relationships between visual and textual features, often
through the attention mechanism [64] and the pooling module [67].
Finally, the answer component produces either classification-based
or free text outputs. However, current Med-VQA [1] still faces
several critical challenges: (1) High accuracy requirements:
Med-VQA predictions directly impact treatment decisions, where
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Figure 1: A comparison between our proposed LLM-enhanced
Med-VQA with inner knowledge and previous methods.

errors can lead to misdiagnosis and endanger patient safety. (2)
Lack of datasets: Medical data sensitivity and the need for ex-
pert annotation limit the size of the dataset, making high-quality
question-answer pair generation challenging. (3) Imbalanced data
distribution: The dominance of normal images and uneven dis-
ease distribution hinder model generalization, affecting prediction
accuracy.

To address these challenges, most existing methods rely on large-
scale external datasets for the pretraining and subsequent fine-
tuning strategy to boost Med-VQA performance [28]. However, this
strategy not only demands substantial computational resources
but also faces issues of domain specificity. To alleviate the burden
of pretraining, some researchers [60] have explored knowledge
injection techniques that integrate external knowledge to enhance
the model’s comprehension and reasoning capabilities. However,
external knowledge injection still presents several challenges. First,
the injection process may introduce redundant and irrelevant infor-
mation, increasing computational overhead and reducing inference
efficiency [69]. Additionally, the risk of incorporating misleading
knowledge may result in erroneous conclusions and undermine
the reliability of clinical diagnoses, which may not only impair the

reasoning ability of Med-VQA models but also pose potential risks
to patient safety.

Recently, LLMs [66] have demonstrated outstanding performance
in text understanding and semantic reasoning tasks [34–36], which
makes their application inMed-VQA show great potential. LLMs can
notably reduce costs and improve task efficiency [43], particularly
in tasks with moderate accuracy requirements. In the field of Med-
VQA, LLMs reduce costs by automatically generating high-quality
question-answer pairs, thereby minimizing reliance on expensive
expert annotations.

In this paper, we propose an LLM-enhanced Latent Knowledge
Prompt Fusion Model, as shown in Figure 1, aiming to deeply ex-
plore the latent knowledge [58] within the data and model itself
while avoiding interference caused by irrelevant external knowl-
edge [44]. Compared to previous methods that use LLMs to di-
rectly answer questions, they struggled to precisely answer spe-
cialized medical questions because their knowledge is primarily
based on general common sense rather than domain-specific ex-
pertise [18, 19, 38, 56]. Additionally, utilizing LLMs to generate
answers often leads to uncertainty and hallucinations [65] [47]. In
contrast, our model leverages the LLM for mid-level knowledge
extraction and vocabulary refinement [59], rather than using them
as the answer generation module. This effectively avoids these
shortcomings and ensures more reliable and accurate responses.
First, we design a latent knowledge prompt generation module,
utilizing LLMs to analyze intention and extract entities within the
question, ensuring an accurate understanding of the core of the
question. Additionally, we employ the LLM to refine the answer by
filtering out irrelevant information to optimize knowledge quality.
Subsequently, we propose a multi-level prompt fusion module. In
this module, independent prompts are assigned at each level, guid-
ing their fusion with corresponding multimodal features. At each
level, the prompts interact with the latent knowledge from both
the question and the answer. These prompts are then integrated
with text-only features, image-only features, and text-image fu-
sion representations, enabling the model to extract critical clinical
knowledge and enhance medical reasoning capabilities. Finally, we
aggregate prompts from multiple level into a final prompt, which
incorporates rich information from different layers and modalities,
contributing to the final answer prediction.

The main contributions of our work can be summarized as fol-
lows:

• We propose an LLM-enhanced latent knowledge prompt
generation module, which utilizes LLM to extract implicit
knowledge from both the question and the answer to gener-
ate prompts, effectively avoiding interference caused by the
injection of irrelevant external knowledge.

• We propose a multi-level prompt fusion module, where inde-
pendent prompts are assigned at each level. These prompts,
enriched with latent knowledge, are fused with text-only,
image-only, and text-image features to extract critical clinical
knowledge and enhance medical reasoning capabilities. Fi-
nally, multi-level prompts are aggregated into a final prompt
to optimize the final answer prediction.

• Our proposed model achieves state-of-the-art performance
on SLAKE [41], VQA-RAD [31], andMED-VQA 2019 datasets [3].
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2 Related Work
2.1 Medical Visual Question Answering
Medical visual question answering (Med-VQA) [6] is an essential
branch of medical image analysis in multimodal learning, aiming to
enhance healthcare quality and efficiency as an auxiliary diagnos-
tic tool [17]. However, Med-VQA remains an evolving field. Early
approaches [4, 11, 49] adopted transfer learning [21], where models
were pre-trained on large-scale natural image datasets [13] and
then fine-tuned on target medical datasets. Nevertheless, the effec-
tiveness of transfer learning is limited due to the small size of Med-
VQA datasets and the inherent domain gap between natural and
medical images [62]. Meta-learning [15] has been proposed as an-
other solution to address data limitations. Nguyen et al. introduced
the Multimodal Enhanced Visual Features (MEVF) method [46],
which uses meta-learning units and unsupervised autoencoders to
train visual encoders. This approach generates structured labels
and develops task-specific solutions for VQA-RAD [31]. However,
it requires additional labelled data and struggles with unseen do-
mains due to the variability of medical tasks. With the success of
CLIP [50] in leveraging large-scale image-text pairs for general
domain tasks, more experiments have adopted cross-modal pre-
training techniques. Methods like M2I2 [33] and M3AE [7] combine
self-supervised learning [27] with masked image modelling and
masked language modelling, enabling models to jointly learn [72]
representations of medical images and their corresponding descrip-
tions. PubMedCLIP [14] pretrains models using radiology images
from the ROCO dataset [48], while BioMedCLIP [70] extends the
CLIP architecture by integrating the larger PMC-15M [71] [37]
biomedical literature corpus. Although these methods leverage
larger datasets for pretraining, their reliance on pre-defined labels
limits their ability to comprehend and integrate external knowl-
edge effectively. To address these challenges, we propose a method
that injects knowledge prompts into the model to enhance the fi-
nal answer prediction process. Additionally, we utilize the LLMs
for knowledge construction, which simplifies the workflow and
improves efficiency.

2.2 Knowledge Injection-based Visual Question
Answering

Knowledge-driven visual question answering (VQA) relies on knowl-
edge acquisition and integration. Earlymethods parsed input queries
and retrieved supporting knowledge from fixed knowledge bases
(KBs) to generate answers [30], but they performed poorly on com-
plex medical reasoning tasks. In recent years, researchers have
focused on multimodal reasoning [42], incorporating knowledge
graphs [25] and external medical ontologies to enhance Med-VQA’s
reasoning capabilities [26].Meanwhile, large languagemodels (LLMs)
such as ChatGPT [61] have been used as implicit knowledge en-
gines, either by directly predicting answers or extracting relevant
evidence. However, due to the lack of precise visual information
representation, LLMs remain limited in medical reasoning tasks. To
address this, researchers have proposed methods such as PICa [63]
and Prophet [51], which generate image captions [9] to guide LLM-
based reasoning. However, descriptive text generation remains

Figure 2: The overview structure of our proposed method

challenging in the medical field, as it requires a high level of do-
main expertise. Moreover, studies [69] have shown that external
knowledge injection is not always effective, as some injected knowl-
edge may be irrelevant or redundant, forcing the model to process
excessive information, increasing computational costs, and reduc-
ing reasoning efficiency. For instance, it was found that when using
medical knowledge bases such as UMLS [5], models often relearn
known concepts, leading to inefficient knowledge utilization. Many
existing methods fail to precisely align the injected knowledge with
the question’s actual requirements, resulting in incorrect reason-
ing paths. Additionally, both medical knowledge bases and LLMs
may contain erroneous, outdated, or informal medical information,
which can mislead Med-VQA models. For example, [32] discovered
that large vision-language models (VLLMs) sometimes generate
incorrect medical recommendations based on non-expert data, lead-
ing to serious reasoning biases.

In contrast, our proposed model mines intrinsic data and latent
knowledge, reducing interference from irrelevant external knowl-
edge. Furthermore, concise and refined knowledge prompts improve
knowledge fusion efficiency, optimizing Med-VQA’s reasoning per-
formance.

3 Method
The overall architecture of our proposed LLM-enhanced Latent
Knowledge Prompt Fusion Model (LKPF) in Med-VQA is illustrated
in Figure 2. The model consists of the following two core modules:
the Latent Knowledge Prompt Generation Module (Section 3.1) and
the Multi-level Prompt Fusion Module (Section 3.2). This structured
design ensures effective integration of medical knowledge, enhanc-
ing the model’s ability to generate accurate and context-aware
responses.

3.1 Latent Knowledge Prompt Generation
Module

Our proposed latent knowledge prompt generation module con-
sists of two processes: the latent knowledge extraction process
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driven by large language models and the prompt generation pro-
cess. As shown in Figure 3, we will provide a detailed introduction
below. In the process of latent knowledge extraction, we utilize
large language models to extract knowledge from both questions
and answers separately. For the question part, we first employ a
large language model to identify the intention of the question and
map it to a predefined list of question intentions. Then, we extract
key entities from the question, forming one or more entities based
on the question. The process of question intention recognition and
key entity extraction can be formulated as follows:

𝐼𝑄 = 𝑓𝐿𝐿𝑀𝐼
(𝑄), 𝐼𝑄 ∈ I, (1)

E(𝑄) = 𝑓𝐿𝐿𝑀𝐸
(𝑄), (2)

where 𝑄 represents the input question, I = {𝐼1, 𝐼2, ..., 𝐼11} is the
predefined set of question intention categories (containing 11 cate-
gories such as abnormality, plane, position, modality, organ, rela-
tionship, size, pervent, pathology, structure, and other). 𝑓𝐿𝐿𝑀𝐼

is the
intention recognition function of the large language model, which
maps the question 𝑄 to an intention category 𝐼𝑄 . E(𝑄) represents
the set of entities extracted from the question 𝑄 , generated by the
entity extraction function 𝑓𝐿𝐿𝑀𝐸

.
For the answer part, we first determine the image classification

associated with the answer to narrow down the answer scope. Then,
within this restricted scope, we use the large language model to
filter the answers, retaining only key information, thereby refining
the knowledge within the answer scope. The process of answer
classification and knowledge extraction can be formulated as fol-
lows:

𝐶𝐴 = 𝑓𝑐𝑙𝑠 (𝐴), 𝐶𝐴 ∈ C, (3)

K(𝐴) = 𝑓𝐿𝐿𝑀𝐹
(𝐴,𝐶𝐴), (4)

where 𝐴 represents the answer corresponding to question 𝑄 . C =

{𝐶1,𝐶2, ...,𝐶𝑛} is the predefined set of answer categories (based on
image classification, they are abnormality, modality, organ, position,
and plane). 𝑓𝑐𝑙𝑠 is the classification function, whichmaps the answer
𝐴 to its corresponding category𝐶𝐴 . 𝑓𝐿𝐿𝑀𝐹

is the keyword extraction
and filtering function, responsible for refining the answer content.
𝐶𝐴 is the category to which the answer 𝐴 belongs. 𝑓𝐿𝐿𝑀𝐹

(𝐴,𝐶𝐴)
represents the filtering process within the constraints of category
𝐶𝐴 , ensuring that only key information is retained. K(𝐴) is the
final extracted knowledge set from answer 𝐴.

In the prompt generation module, we encode the latent knowl-
edge derived from the question intention, question entities, and
answer knowledge using a text encoder, obtaining the following
three features:

𝐹𝑖𝑛 = 𝐸𝑇 (𝐼𝑄 ), (5)

𝐹𝑒 = 𝐸𝑇 (E(𝑄)), (6)

𝐹𝑘 = 𝐸𝑇 (K(𝐴)), (7)

where 𝐹𝑖𝑛 represents the question intention feature. 𝐹𝑒 represents
the question entity feature. 𝐹𝑘 represents the answer knowledge
feature. 𝐸𝑇 ( ·) represents the text encoder. These three features are
the key to prompt generation.

Figure 3: The process of latent knowledge prompt generation
module to utilize LLMs to extract latent knowledge from
questions and answers, then generate latent prompts.

3.2 Multi-level Prompt Fusion Module
In this section, we introduce the Multi-Level Prompt Fusion Module
and explain its implementation in detail. We first concatenate the
three features ( 𝐹𝑖𝑛 , 𝐹𝑒 , 𝐹𝑘 ) obtained from the Latent Knowledge
Prompt Generation Module to obtain our prompt feature 𝑋𝑃 , as
shown in the following equation:

𝑋𝑃 = 𝐶𝑜𝑛𝑐𝑎𝑡 (𝐹𝑖𝑛, 𝐹𝑒 , 𝐹𝑘 ), (8)

where 𝐶𝑜𝑛𝑐𝑎𝑡 (·) denotes the concatenation operation for feature
vectors.

After obtaining the prompt vector, we proceed with multi-level
prompt fusion to refine the prompt representation from both depth
and breadth. The detailed process is illustrated in Figure 4. We con-
struct a multi-level prompt fusion model to fully capture semantic
information across different levels. First, we use CLIP-ViT [52] and
RoBERTa [12] to extract image and language features, respectively.
Then, self-attention is applied to obtain unimodal features 𝐹𝐼 and
𝐹𝑇 as follows:

𝐹𝐼 = 𝑆𝐴(𝐸𝐼 (𝑋𝐼 )), (9)

𝐹𝑇 = 𝑆𝐴(𝐸𝑇 (𝑋𝑇 )), (10)
where 𝑋𝐼 and 𝑋𝑇 represent the input image data and text data,
respectively. 𝐸𝐼 (·) and 𝐸𝑇 (·) are the corresponding image encoder
and text encoder. 𝑆𝐴(·) denotes the self-attention mechanism used
for extracting unimodal features.

After obtaining the unimodal representations, we employ cross-
attention to fuse the image and language features, yielding the
multimodal feature representation:

𝐹𝑀 = 𝐶𝑜𝑛𝑐𝑎𝑡 [𝑃𝑟𝑜 𝑗 (𝐶𝐴(𝐹𝐼 , 𝐹𝑇 , 𝐹𝑇 )) , 𝑃𝑟𝑜 𝑗 (𝐶𝐴(𝐹𝐿, 𝐹𝐼 , 𝐹𝐼 ))] ,
(11)
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Figure 4: Framework of our proposed Multi-level Prompt Fusion Model. In this module, features from different modalities are
efficiently fused to generate a latent prompt.

where 𝐶𝐴(·) represents the cross-attention mechanism, which fa-
cilitates multimodal fusion. 𝑃𝑟𝑜 𝑗 (·) denotes the projection layer,
which is responsible for aligning and refining the feature repre-
sentations. After obtaining the unimodal features 𝐹𝐼 , 𝐹𝑇 , and the
multimodal features 𝐹𝑀 , we introduce the latent prompt fusion
module to further integrate clinic-relevant information through
cross-attention.

We utilize the prompt to progressively integrate with textual, vi-
sual, and multimodal information. The specific steps are as follows:

𝑋𝑃𝑡 = 𝐶𝐴(𝑋𝑃 , 𝐹𝑇 , 𝐹𝑇 ), (12)
𝑋𝑃𝑡𝑖 = 𝐶𝐴(𝑋𝑃𝑡 , 𝐹𝐼 , 𝐹𝐼 ), (13)

𝑋𝑃𝑚 = 𝐶𝐴(𝑋𝑃𝑡𝑖 , 𝐹𝑀 , 𝐹𝑀 ) . (14)

After demonstrating a complete workflow of a prompt feature,
we take a macroscopic view of the multi-level prompt module. In
this module, each layer’s prompt is independent and learnable,
ensuring the model’s scalability and flexibility. ℓ layer’s prompt
vector 𝑋 ℓ

𝑃𝑚
consists of a length 𝑃 and a hidden dimension 𝑑 , and it

undergoes a pooling operation to obtain the level prompt represen-
tation 𝑣ℓ . Then, the pooled vectors from all layers are stacked into a
three-dimensional tensor 𝑉 for subsequent inter-layer interactions:

𝑋 ℓ
𝑃𝑚 ∈ R𝑃×𝑑 , 𝑣ℓ = Pool(𝑋 ℓ

𝑃𝑚) ∈ R𝐵×𝑑 , (15)

𝑉 = {𝑣1, 𝑣2, . . . , 𝑣𝐿} ∈ R𝐵×𝐿×𝑑 , (16)

where 𝐵 is the batch size, 𝐿 is the number of multi-level prompt lay-
ers, and 𝑃𝑜𝑜𝑙 (·) represents the pooling operation, such as average
pooling or max pooling.

To capture inter-layer dependencies, a multi-head self-attention
mechanism is employed, which enhances the global prompt repre-
sentation by modelling the interactions among different layers:

𝐶 = 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑉 ,𝑉 ,𝑉 ) ∈ R𝐵×𝐿×𝑑 , (17)

where 𝐶 represents the attention-enhanced multi-level prompt rep-
resentation. Finally, the globally pooled prompt vector is obtained
through average pooling:

𝑋𝑃 𝑓 𝑖𝑛𝑎𝑙 =
1
𝐿

𝐿∑︁
ℓ=1

𝐶ℓ ∈ R𝐵×𝑑 . (18)

Finally, we combine the final prompt features with the multi-
modal information and feed them into downstream tasks for pre-
diction.

4 Experiments
4.1 Datasets
We conducted experiments on three widely used Med-VQA bench-
mark datasets to evaluate the effectiveness of our proposed method.
A brief description of each dataset is provided below.

VQA-RAD [31] contains 315 radiology images and 3,064 question-
answer (QA) pairs, with 2,613 QA pairs used for training and 451
QA pairs for testing. The images are evenly distributed across the
head, chest, and abdomen. Each image is associated with multiple
questions that cover various aspects of radiological interpretation.

SLAKE [41] consists of 642 radiology images and 7,014 QA pairs,
encompassing multiple medical imaging modalities and different
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Table 1: Comparison of our model with state-of-the-art methods on VQA-RAD, SLAKE, and MED-VQA 2019 datasets.

Methods VQA-RAD SLAKE MED-VQA 2019

Open Closed Overall Open Closed Overall Overall

SAN [64] 31.30 69.50 54.30 74.00 79.10 76.00 -
BAN [29] 37.40 72.10 58.30 74.60 79.10 76.50 -
MEVF+SAN [26] 49.20 73.90 64.10 75.30 78.40 76.50 68.90
MEVF+BAN [46] 49.20 77.20 66.10 77.80 79.80 78.60 77.86
CPRD+BAN [40] 52.50 77.90 67.80 79.50 83.40 81.10 -
PubMedCLIP [14] 60.10 80.00 72.10 78.40 82.50 80.10 -
MMBERT [28] 63.10 77.90 72.00 - - - 67.20
UNICLAM [68] 59.80 82.60 73.20 81.10 85.70 83.10 -
M2I2 [33] 61.80 81.60 73.70 74.70 91.10 80.20 -
MITER [53] 59.40 80.50 72.10 79.20 84.40 81.20 -
ARL [8] 65.10 85.96 77.55 79.70 89.30 84.10 79.80
M3AE [7] 67.23 83.46 77.01 80.31 87.82 83.25 79.87
Ours 71.53 83.19 79.20 83.18 87.74 84.92 81.31

anatomical regions. All images are annotated by experienced physi-
cians. The dataset was divided into a ratio of 70:15:15 for training,
validation, and testing, respectively.

MED-VQA 2019 [3] comprises 3,200 radiology images. It fea-
tures four primary categories of questions: Modality, Plane, Organ
System, and Abnormality. These categories are designed with vary-
ing degrees of difficulty, incorporating text generation approaches.

In the VQA-RAD and SLAKE datasets, questions are catego-
rized into open-ended (free-text responses) and closed-ended (e.g.,
Yes/No) formats. This experimental evaluation provides a compre-
hensive assessment of our method’s performance across different
medical VQA tasks.

4.2 Implementation Details
BaselineWe adopt M3AE as our baseline model. M3AE is designed
to map medical images and text into a joint space for visual and
language representation learning in the medical domain. It achieves
this by reconstructing pixels and tokens from randomly masked
images and texts, which is proven to be well performed in the
report generation domain [16]. In our implementation, we utilize
its pre-trained weights from the ROCO [48] and MedICaT [55]
datasets. Settings Our model consists of CLIP-ViT-B [52] as the
image feature extractor and RoBERTa [12] as the language feature
extractor. The number of multimodal fusion blocks and multi-level
prompt modules is set to 6. The training is conducted on a single
NVIDIA GeForce RTX 3090 GPU using the AdamW optimizer with
a learning rate of 5e-6. Input images are resized to 384 × 384, and
the feature dimension is set to 768.

4.3 Comparison Experiments
We evaluated our model against state-of-the-art methods on the
VQA-RAD, SLAKE, and MED-VQA 2019 datasets, using accuracy as
our evaluation metric in line with previous studies. Detailed com-
parisons are provided in Table 1. The experimental results reveal

Table 2: The ablation study for the LKPF model was con-
ducted on the SLAKE to verify the contribution of LKPG and
MPF modules to the overall performance.

Method Open Closed Overall

Baseline (M3AE) 80.31 87.82 83.25
+LKPG (A-only) 80.93 88.46 83.88
+LKPG (Q-only) 81.40 88.22 84.07
+LKPG 81.71 88.22 84.26
+MPF 80.71 87.98 83.60
+MPF & LKPG 83.18 87.74 84.92

that our model consistently outperforms existing techniques across
all datasets. On VQA-RAD, our model achieves an overall accuracy
of 79.20%, with a remarkable 71.53% in the open-ended category
and a competitive 83.19% in the closed-ended category when com-
pared to ARL’s 85.96%. For the SLAKE dataset, the model excels
with an overall accuracy of 84.92%, notably reaching 87.74% in the
closed category. Additionally, on MED-VQA 2019, our approach
attains an accuracy of 81.31%, surpassing ARL’s 79.80% and M3AE’s
79.87%, thereby demonstrating robust generalization capabilities.
In summary, our model not only achieves superior performance
overall but also exhibits outstanding results in open-ended ques-
tions, underscoring its potential value for real-world Med-VQA
applications.

4.4 Ablation Study
In this subsection, we conduct an ablation study to verify the effec-
tiveness of the proposed large language model-driven latent knowl-
edge prompt generation module (LKPG) and multi-level prompt
fusion module (MPF). LKPG-A represents that we only consider
the latent knowledge from the answers, while LKPG-Q is based on
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Figure 5: Results of the cases for the baseline model (M3AE) and the proposed model (LKPF) from the datasets. Red and green
denote the wrong and correct predictions, respectively.

questions. We separately examined the independent effects of the
LKPG and MPF components, as shown in Table 2.

Introducing the LKPG component alone improved the overall
accuracy of the SLAKE dataset from 83.25% to 84.26%. To further
analyze its contribution, we decomposed the LKPG module into
two parts: knowledge based on questions (LKPG-Q) and knowledge
based on answers (LKPG-A). Experimental results indicate that both
components enhance performance, with LKPG-Q yielding a greater
improvement (84.07%) compared to LKPG-A (83.88%), suggesting
that question-related knowledge has a more important impact on
the model.

Introducing the MPF component alone led to a slight improve-
ment (83.60%), but the effect was not substantial. This is likely
because MPF does not carry crucial semantic information when
used independently, limiting its impact on model enhancement.

Finally, when integrating both LKPG and MPF into the baseline
model, we observed a more marked performance boost, with ac-
curacy increasing from 83.25% to 84.92%. This indicates that the
combination of both components provides complementary advan-
tages, further enhancing the model’s overall performance.

4.5 Qualitative Analysis
In this subsection, we present an in-depth qualitative comparison
between our approach and the baseline M3AE, highlighting the dif-
ferences in performance through detailed visualizations presented
in Figure 5. The figure illustrates side-by-side results on multiple

datasets, providing clear evidence of the improvements achieved
by our method.

Our analysis covers various cases involving both open-ended and
closed-ended questions, and it demonstrates that our latent knowl-
edge prompt fusion method substantially enhances the model’s
ability to extract and utilize relevant information. This enhanced
capability leads tomore accurate answers in benchmark evaluations.
Notably, in all three open-ended questions examined, our model
consistently produced precise responses. For example, in the first
case, the baseline model reversed the correct answer, leading to a
clear misinterpretation, whereas our model was able to successfully
identify and provide the correct response. Additionally, in the third
case, the question specifically probed the internal structure of the
brain. Here, our method effectively captured the intended focus on
"structure," enabling it to correctly answer with "caudate putamen
left parietal." In contrast, the baseline misinterpreted the query as
referring solely to an organ, which resulted in a more generic and
inaccurate answer, "brain."

These detailed case studies not only underscore the superior
performance of our model in handling intricate queries but also
highlight the robustness and versatility of our latent knowledge
prompt fusion technique. Overall, the qualitative evidence strongly
supports our claim that the proposedmethod substantially improves
the model’s performance across both open-ended and closed-ended
Med-VQA tasks, demonstrating its potential for practical, real-world
applications in medical visual question answering.
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5 Conclusion
This study proposes an LLM-enhanced latent knowledge prompt fu-
sion model, aiming to improve performance in Med-VQA tasks. The
model leverages its inner latent knowledge to understand questions
and improve its reasoning capabilities.

We introduce two key innovative modules. The first is the la-
tent knowledge prompt generation module, which utilizes LLMs to
extract the intention and key entities from the question. By incorpo-
rating refined answer information, it generates latent prompts that
help the model be aware of its own knowledge, thereby avoiding
irrelevant or misleading external knowledge interference. Addition-
ally, we design a multi-level prompt fusion model, which employs
multiple independent prompt levels. This design is both flexible and
scalable, enabling the effective utilization of semantic information
at different levels. At each level, the prompts interact with multiple
modalities, and ultimately, all prompts are aggregated into a final
prompt, contributing to the final answer prediction.

Empirical validation on three authoritative benchmark datasets
demonstrates that our approach achieves outstanding answer pre-
diction performance in Med-VQA tasks. Looking ahead, we plan
to deploy the latent knowledge prompt fusion model into com-
plex answer generation models to facilitate efficient and accurate
reasoning.
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