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Abstract 
The healthcare sector struggles with physician shortages and extended patient wait times, driving the need for innovative 
solutions. Large vision-language models (LVLMs) show promise in aiding medical diagnoses and triage, but their general-
domain training limits medical expertise, and specialized training is costly. We propose MedCore, a cost-effective system to 
enhance LVLMs’ medical performance without retraining. MedCore integrates MedCore-DB, a multimodal knowledge base 
and visual question-answering (VQA) benchmark built from medical documents and webpages, and MedCore-RAG, a novel 
retrieval-augmented generation framework. MedCore-RAG retrieves relevant image-text snippets from MedCore-DB to 
augment LVLM responses for tasks like VQA and medical report generation. Evaluations demonstrate improved accuracy 
and relevance, highlighting MedCore’s potential to support healthcare applications while addressing scalability and cost 
challenges. 

 

1 Introduction 
The healthcare industry faces significant 
challenges due to a shortage of human resources, 
leading to overloaded physicians and prolonged 
patient wait times. To address these issues, LVLMs 
are increasingly explored for assisting doctors in 
diagnoses. However, general-domain LVLMs 
often lack specialized medical knowledge, and 
training such models for medical applications is 
costly. This study proposes MedCore, a cost-
effective and flexible assistant system to enhance 
the medical performance of general LVLMs 
without additional training comprising two 
components: MedCore-DB and MedCore-RAG. 
MedCore-DB includes a knowledge base 
constructed from medical documents and websites 
and a VQA benchmark to evaluate generalist 
medical LVLMs. MedCore-RAG introduces a 
novel multimodal retrieval-augmented generation 
(RAG) framework that retrieves relevant 
information from the knowledge base to bridge the 
medical knowledge gap in LVLMs. This 
framework supports various medical tasks, such as 
VQA and medical report generation. During 
inference, users can query the system with medical 
tasks by inputting images and text. MedCore-RAG 
then uses MedCore-DB as its corpus to retrieve 
relevant snippets through similarity search. These 
snippets are used to generate a prompt, which is fed 
into a frozen LVLM to produce an augmented 
response for the user. 

 
Figure 1 System architecture of MedCore. 

2 Methodology 
2.1 MedCore-DB 
2.1.1 Overview of MedCore-DB 

Figure 2 Overview of MedCore-DB 

MedCore-DB consists of a knowledge base 
database and a VQA benchmark to be used as the 
corpus andtesting set for the whole system. The 
knowledge database contains medical image-
information pairs extracted from open-sourced 
medical webpages and books using separated them, 
namely the Webpage Pipeline and the MedBook 
Pipeline. VQA are then generated and carefully 
filtered in the  Benchmark Pipeline.  
2.1.2 Webpage Pipeline: Knowledge Basd from 

Medical Webpages 
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The webpage knowledge base consists of two 
components: an offline corpus and an online real-
time search and parsing toolkit. This design ensures 
that MedCord-DB is equipped with extensive 
medical knowledge while also keeping information 
current.  
We initially developed the Webpage Pipeline to 
establish the offline knowledge base, and later 
utilized it to build a toolkit that can parse webpages 
given the query keywords. 

 
Figure 3 Flow chart for Webpage pipeline. 

(1) Offline Knowledge Base Stage 1: Collect 
Medical Related Webpages 

CommonCrawl serves as an open-source repository 
containing billions of webpages, and a subset of our 
dataset was constructed by extracting medically 
relevant content from this resource. Since 
CommonCrawl does not inherently categorize 
webpages by domain, the initial task involved 
identifying and retrieving a medical-oriented 
subset. We used a list of diseases keywords to 
query google and collect the returned URL to 
construct a medical related domain list. We then 
download these websites from CommonCrawl 
foaming out raw dataset. 
(2) Offline Knowledge Base Stage 2: Text and 

Image Data Extraction 
Typical HTML files include scripts and styles that 
is irrelevant to its content. Additionally, webpages 
often contain boilerplate content (e.g., navigational 
elements like "Home," "Go Back," or "View 
More"). This necessitates multi-level filtering and 
structural simplification processes. We first 
implemented a preliminary filtering process to 
eliminate non-structural and non-content elements, 
including CSS and JS code. This initial filtering 
stage also excluded documents lacking embedded 
image links, aligning with our objective to 
construct a multimodal dataset. 
Subsequently, we applied a simplification 
algorithm to extract only the main content. 

Through these foundational preprocessing 
techniques, we reduced 84% content from the 
original collection. 
(3) Offline Knowledge Base Stage3: Non-

Medical & Duplicated Content Filtering 
To further refine the data, we executed intra-
document and global text-image deduplication 
processes to eliminate website logos, icons, 
residual boilerplate content, and redundant textual 
elements across multiple domains. Finally, 
leveraging Large Vision-Language Models 
(LVLMs), we systematically classified each image 
in the dataset to retain only medically relevant 
visuals. The resultant curated multimodal medical 
web dataset comprises 55,490 HTML documents, 
each containing at least one relevant medical image.  

Figure 4 Number of HTMLs at each stage 

2.1.3 MedBook Pipeline: Knowledge Base 
from Medical Books 

(1) Oveview 

 
Figure 5  Overview of MedBook Pipeline. 

(2) Stage 1: Book Collection and Preprocessing. 
8,090 books were downloaded by querying DOAB 
with list of medical keywords. Books are then 
processed using MinerU [1], a layout detection tool 
that divides each page into smaller regions, labels 
them by type (e.g., image, text, title) and organizes 
them in reading order. Although caption pairing is 
performed, there are captions misclassified as text 
blocks. Recovery is performed using pattern 
matching, since captions usually start with 
reference names like "Figure 1.1" or "Fig 2". 

(3) Stage 2: Figure & Information                              
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Relevant information are collected at this stage, 
including figure captions (FIGcaption), figure 
categories (FIGcategory), figure reference names 
(FIGname), and sentences in paragraphs that 
describe the image by explicitly mentioning the 
name (FIGtexts). The FIGcaption is paired 
according to reading order. Successfully paired 
images are then categorized into four categories: (A) 
real-case medical figure, (B) conceptural 
illustraction, (C) diagram of results/scores, (D) 
other, by prompting the InternVL2-8B [2] model 
with two approaches: (a) FigOnly: inputting the 
figure only and (b) Fig&Caption: inputting both the 
figure and its caption. Only images categorized as 
category (A) in either approach are retained. The 
FIGname is then extracted from the caption using 
pattern matching rules, which is used as a location 
identifier to colloect FIGtexts, sentences that 
explicitly mention the FIGname, from paragraphs 
on the previous, current, and subsequent pages by 
prompting InternVL2-8B [2]. Additionally, images 
with insufficient textual information (i.e., total 
words of  FIGcaption and FIGtexts less than 5) are 
excluded. This stage result in a total of 36,820 pairs. 

2.1.4 Benchmark Pipeline: VQA Benchmark 
from Image-Text Pairs 

The Benchmark Pipeline starts by generationg five 
types of VQA pairs using InternVL2.5-78B [2], 
including: (S) Symptom Recognition, (SO) 
Sugery & Operation, (D) Disease Diagnosis, (M) 
Modality Recognition and (A) Anatomy 
Identification. The VQAs are reformatted into 
multiple-choice questions (MCQs) using qwen-vl-
max-latest [3]. Due to the concern of computational 
cost and benchmark size, 10,000 VQAs were 
randomly selected for further processing. Three 
steps are then conducted to filter inapproate VQAs. 
Fistly, a LVLM qwen-vl-max-latest [3] was 
prompted to determine suitability and information 
consistency. Secondly, VQAs determined as 
answerable without the image by a LLM, 
DeepSeek-R1 [4] are excluded since the image is 
redudent. Manual verification is perpromed at the 
end. These steps result in 6971 VQAs. 1,000 are 
randomly selected for each VQA type to form the 
final VQA benchmark, 5,000 entries in total. 
The benchmark is organized with a hierarchical 
labeling system by categorizing MCQ based on 
medical modality, anatomy, and department. The 
benchmark is diverse and comprehensive, covring 

51 modalities, 133 organs and 35 departments at 
the most granual level. 

Figure 6 Overview of Benchmark Pipeline and label system. 

 

2.2 MedCore-RAG 
2.2.1 Sequential pipeline 
Our MedCore-RAG system leverages pipelines 
with for two significant multimodel medical tasks, 
including VQA and radiology report generation. 
In sequential pipeline, the Visual-Only Retriever 
first identifies relevant instances through queried 
images, followed by the Text-Only Retriever, 
which then processes the retrieved instances to 
ensure textual data is aligned with the question. 
Pre-embedding features and efficient searching 
The preprocessing component builds upon the 
principles of the LongRAG framework [5], which 
minimizes the retriever's workload by grouping 
related documents into larger units. Inspired by this 
methodology, we consolidate VQA pairs 
corresponding to the same medical images into 
larger data samples, ensuring that relevant 
information is retained while optimizing retrieval 
efficiency. For the report generation task, we 
extract the annotation of each image as its 
corresponding textual description. Both image and 
text features are embedded using ConceptCLIP in 
advance to enable efficient similarity-based 
retrieval. To further accelerate the search process, 
we utilize FAISS [6] for fast and scalable similarity 
search over the embedded features. 
Retrieval components The Visual-Only and Text-
Only Retrievers work in tandem to search for the 
most relevant samples from the knowledge base 
based on their alignment with the query data. These 
components are inspired by the EchoSight [7] and 
RAMM [1], with the primary objective being to 
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retrieve the most similar instances—whether visual 
or textual—to supplement the LVLMs. Both 
components leverage FAISS [6] to accelerate 
similarity computations, resulting in a tenfold 
improvement in retrieval speed. 

 
Figure 7. The overall frameworks of MedCore-RAG - Sequential 
Retrieval: framework incorporates preprocessing, followed by 

sequential Vision-Only and Text-Only Retrieval. 

2.2.2 Experiment setup 
During the experimental phase, the proposed 
MedCore-RAG framework will be evaluated using 
a variety of VQA datasets and a report generation 
dataset. During testing, we utilized Qwen2.5-VL-
72B-Instruct-AWQ as the backbone model and 
accessed it via API. 
Testing datasets The details of datasets used are 
listed below:  

 
Figure 8 Table of datasets used. 

Performance metrics For VQA task, the queries 
in the evaluation dataset can be categorized into 
three types: multiple choice, close questions and 
open questions. We use accuracy for multiple 
choice question and close questions, and F1 score 
for open questions. For report generation task, we 
use METEOR, BLEU-1, BLUE-4, F1 score and 
precision as metrics. 

3 Results 
For MedCore-DB, the benchmark was tested on 
several popular general LVLMs to assess the 
effectiveness of the benchmark and the knowledge 
base, including QwenVL2.5 (8B and 72B) [3], 
InternVL2-8B, InernVL2.5-8B and InternVL3-8B 
[2], Molmo-7B-D-0924 [8], and DeepSeekVL2-
tiny [9], and a list of medical LVLMs including 

HealthGPT-M3 [10], HuatuoGPT-Vison-7B [11]. 
Each LVLM is prompt to answer all the MCs in 
the benchmark, with temperature set as 0. 
Accurary for all and each type of VQA is 
determined with the percentage of corrected 
answered MCs. 

 
Figure 9  Evaluation results on the VQA benchmark. The scores 

are the percentages of correctly answered MCs. 

For MedCore-RAG, three experiments were 
conducted to test the performance of the pipeline 
for two tasks.  
Parameters tuning The following are the results 
of our experiments on SlakeVQA. By first testing 
on the number of retrieved images and then on the 
number of retrieved text N, we have the best 
parameter setting of (3,2), which means we will 
take three images from the corpus by image 
similarities and only two of them with higher text 
similarities will be prompted in LVLMs in future 
experiments across various datasets. 

 
Figure 10  Results of parameter tuning on SlakeVQA. 

Tasks We test the performance for VQA task on 
MedCore-DB and for radiology report generation 
task on MIMIC-CXR. The results have shown that 
sequential pipeline has outperformed zero shot by 
about 4%. 

 

 
Figure 11  Results of VQA task on MedCore-DB (up) and results of 

medical report generation task on MIMIC-CXR (down). 

4 Conclusion 
The MedCore system, comprising MedCore-DB 
and MedCore-RAG, successfully advances the 
medical capabilities of general large vision-
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language models (LVLMs). MedCore-DB 
achieved its objectives by developing effective 
pipelines to construct a comprehensive medical 
knowledge base and a visual question-answering 
(VQA) benchmark from medical webpages and 
books. Tailored processing steps, including 
medical-content filters and scope restrictions, 
enabled the use of general tools for domain-specific 
tasks, with the database's diversity validated 
through data distribution and model performance 
analyses.  
Future work for MedCore-DB includes enhancing 
the Webdata pipeline with dedicated parsing for 
high-value domains (e.g., ultrasound case studies), 
improving the MedBook pipeline’s adaptability 
across diverse book types, and training lightweight 
classifiers for data labeling to boost efficiency. For 
MedCore-RAG, planned improvements involve 
integrating a reranker to refine retrieval accuracy, 
incorporating domain-specific features for 
radiology and pathology (e.g., cell graphs), and 
benchmarking against systems like RULE to guide 
optimizations. These efforts aim to enhance 
MedCore’s accuracy, scalability, and clinical 
relevance, paving the way for broader real-world 
impact. 
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