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ABSTRACT 

 

 

Topic title: MedCapSys: A Novel Approach To Highly Detailed Brain Medical Image 

Analysis 

Student name: Phan Minh Nhat 

Student ID: 102210095 Class: 21TCLC_KHDL 

 

Accurate analysis of brain medical imaging plays a pivotal role in supporting 

clinical diagnostic processes, particularly in the identification of pathological features 

and the generation of coherent textual interpretations from MRI scans. This study 

presents MedCapSys, a comprehensive, multi-module system designed to integrate 

visual and textual modalities to enhance brain diagnostic workflows. MedCapSys 

facilitates automated interpretation of brain magnetic resonance imaging (MRI) and 

incorporates an intelligent chatbot interface capable of delivering diagnostic insights in 

natural language, thereby improving accessibility for both clinicians and patients. 

The system comprises four key components: MedCapNet, GuidedDCNet, 

GuidedSegDiff, and BrainMedQwen. These modules are strategically designed to 

extract and analyze critical elements commonly included in radiological brain MRI 

reports, specifically: (1) imaging view orientation (axial, sagittal, coronal), (2) MRI 

pulse sequence classification (e.g., T1-weighted, T2-weighted, FLAIR), (3) 

identification of hyperintense regions, (4) quantification of lesions, and (5) detailed 

lesion characterization, including lesion type, size, presumed etiology, and the 

presence of necrosis. 

Collectively, these components underpin an interactive medical chatbot capable 

of responding to clinical queries, elucidating radiological findings, and offering 

preliminary diagnostic assistance based on MRI data. The proposed system 

demonstrates significant promise in advancing automated brain imaging interpretation 

and supporting data-driven clinical decision-making in neurodiagnostics.  
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INTRODUCTION 

 

 

1.1. Motivation 

The analysis of brain medical images, particularly MRI scans, plays a pivotal 

role in diagnosing and monitoring neurological disorders such as tumors, strokes, 

multiple sclerosis, and neurodegenerative diseases. As the global burden of 

neurological conditions continues to rise, the demand for accurate, fast, and 

interpretable diagnostic tools has become more pressing than ever. Despite significant 

advancements in medical imaging technologies, the interpretation of these images still 

heavily depends on expert radiologists, whose availability and consistency can vary 

across regions and institutions. 

Traditional image analysis methods, while effective to a certain extent, face 

several persistent limitations. Firstly, they often require extensive manual annotation 

and domain-specific expertise, which makes the process time-consuming and labor-

intensive. Secondly, many existing automated systems are limited to visual outputs, 

such as heatmaps or segmentation masks, which may lack clinical interpretability for 

non-technical users. Furthermore, these systems rarely provide contextual explanations 

or justifications for their outputs, making it difficult for medical professionals to trust 

and act upon their recommendations. 

In clinical settings, physicians often rely not only on visual assessments but also 

on narrative descriptions to make informed decisions. Therefore, there is a critical 

need for intelligent systems that can bridge the gap between visual content and 

linguistic reasoning. Such systems should be capable of not only detecting and 

segmenting abnormalities but also explaining findings in a clear, concise, and 

clinically relevant manner, emulating the way human experts communicate medical 

insights. 

To address these challenges, this thesis proposes MedCapSys, an AI-powered 

system designed to generate meaningful, human-like textual reports directly from 

brain MRI images. By integrating state-of-the-art techniques in deep learning, natural 

language processing, and medical image analysis, MedCapSys aims to automate and 

enrich the diagnostic workflow. It features multiple advanced components, including 

automated lesion detection, semantic segmentation, and natural language captioning, 

all working in unison to enhance the interpretability and usability of brain MRI data. 
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This motivation stems from a dual objective: to support medical professionals 

with high-quality, explainable diagnostic assistance, and to contribute to the broader 

goal of making AI-driven healthcare more transparent, efficient, and accessible. In 

doing so, MedCapSys holds the potential to reduce diagnostic workload, minimize 

human error, and ultimately improve patient outcomes in neurology. 

1.2. Goals 

The core objective of this thesis is to design and implement MedCapSys, a 

comprehensive and intelligent system for the automated analysis of brain medical 

images. This system aims to support clinical diagnosis by generating accurate, 

detailed, and human-interpretable textual descriptions from brain scans, particularly 

MRI images. The system is envisioned to function not only as a powerful diagnostic 

aid for medical professionals but also as a research and educational tool in the field of 

medical AI. 

To achieve this, MedCapSys is developed as a multi-module framework that 

leverages recent advancements in deep learning, computer vision, diffusion models, 

and multimodal vision-language understanding. Each module addresses a specific 

subtask involved in medical image interpretation, from caption generation and lesion 

classification to segmentation and language-based report synthesis, ensuring a 

modular, extensible, and clinically relevant design. 

More specifically, the objectives of this thesis are: 

- To bridge the gap between visual information in medical imaging and 

textual clinical interpretation, by developing an integrated system that 

translates visual data into coherent, informative medical descriptions. 

- To build a robust pipeline capable of handling real-world, heterogeneous 

medical imaging data, including varying imaging modalities, resolutions, 

and pathological conditions. 

- To enhance the explainability and interpretability of AI-generated outputs, 

enabling clinicians to trust and understand model decisions through clear 

language outputs that mirror traditional radiology reports. 

- To demonstrate the effectiveness of combining multiple deep learning 

paradigms, such as vision transformers, diffusion models, segmentation 

networks, and large multimodal language models, for holistic brain image 

analysis. 

- To facilitate a semi-automated diagnostic workflow that can assist 

radiologists in detecting and evaluating neurological abnormalities with 

greater accuracy, efficiency, and confidence. 
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- To provide a foundation for future research in AI-assisted radiology, by 

contributing an open, modular system architecture that can be further 

extended, evaluated, or applied in other medical imaging domains. 

By achieving these objectives, this thesis aims to contribute both theoretically 

and practically to the development of intelligent diagnostic systems, and to support the 

broader goal of integrating AI into routine clinical workflows in a responsible and 

meaningful way. 

1.3. Scope 

The scope of this thesis is defined by both the research focus and the practical 

boundaries of developing MedCapSys, an intelligent system for the automated analysis 

and interpretation of brain medical images. The system is designed to assist in 

diagnostic decision-making by translating complex visual information into 

meaningful, structured, and clinically relevant textual descriptions. 

1.3.1. Research Scope 

From a research perspective, the thesis encompasses several key technical areas 

within artificial intelligence and medical image computing, including: 

- Medical Image Captioning: Focused on generating natural language 

descriptions that capture critical anatomical and pathological details present 

in brain MRI scans. 

- Lession Classification: Utilizing deep neural networks with guided diffusion 

mechanisms to accurately classify brain tumors into relevant categories 

based on radiological features. 

- Lesion Segmentation: Developing models to automatically detect and 

segment abnormal regions such as tumors or hemorrhages, with precise 

localization and boundary delineation. 

- Multimodal Vision-Language Understanding: Integrating multimodal 

learning techniques to combine visual data from scans with linguistic 

context, enabling the generation of coherent, diagnostically relevant 

responses. 

- Natural Language Generation for Clinical Reporting: Designing a system 

capable of producing multilingual diagnostic reports that mirror the style and 

structure of expert-written radiology notes. 

These research components are implemented through four key modules: 

MedCapNet, GuidedDCNet, GuidedSegDiff, and BrainMedQwen. Each module is 

developed, trained, evaluated, and integrated into a unified system to provide a 

seamless diagnostic experience. 
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1.3.2. Application Scope 

In terms of real-world applicability, MedCapSys is targeted toward specific user 

groups and clinical scenarios: 

- Healthcare Professionals: The system is intended to support radiologists, 

neurologists, and other clinicians in detecting and interpreting abnormalities 

in brain images, thereby improving diagnostic accuracy and reducing 

workload. 

- Medical Education: MedCapSys can serve as an educational tool for medical 

students and trainees, offering illustrative, AI-generated annotations and 

explanations to aid in learning radiological concepts. 

- Clinical Decision Support: While not intended to replace human experts, the 

system can function as a second-opinion tool, providing initial assessments 

and highlighting potentially critical findings for further review. 

1.3.3. Data Scope 

The thesis primarily focuses on the analysis of brain MRI images, covering a 

wide range of clinical conditions including: 

- Brain tumors (e.g., gliomas, meningiomas) 

- Hemorrhages and vascular abnormalities 

- Structural deformities and congenital anomalies 

- Edema and necrotic regions 

The medical images are sourced from publicly available datasets and 

supplemented, where necessary, by academic materials such as case studies and 

annotated radiology reports. All data used undergo preprocessing to standardize input 

quality and enable effective model training and evaluation. 

1.4. Thesis Structure 

This thesis is organized into six chapters as follows: 

- Chapter 1 – Introduction and Theoretical Background: Present the thesis 

motivation, objectives, scope, and methodology, along with an overview of 

brain medical image analysis, AI techniques in healthcare, and related 

studies. 

- Chapter 2 – Methodology: Describes the overall system architecture, each 

module's design, and applied technologies. 

- Chapter 3 – Implementation and Evaluation: Detail the data preprocessing, 

training, system integration, and evaluate the performance of the proposed 

system in comparison with existing solutions. 
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- Conclusion: Summarizes key findings and outlines directions for further 

development. 
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CHAPTER 1: THEORETICAL BACKGROUND 

 

 

1.1. Diffusion Model  

1.1.1. Theoretical Background 

Denoising Diffusion Probabilistic Models (DDPMs) [1] are a class of generative 

models that learn to model the data distribution 𝑝(𝑥) by simulating a diffusion 

process. This framework is inspired by nonequilibrium thermodynamics and operates 

through a two-step process: (1) a forward diffusion process that gradually corrupts the 

data, and (2) a reverse denoising process that reconstructs data samples from pure 

noise. 

The forward diffusion process is defined as a Markov chain that adds Gaussian 

noise to the input data 𝑥0 over a fixed number of steps 𝑇. At each time step 𝑡 ∈

{1,2, . . . , 𝑇}, a small amount of noise is added, resulting in a progressively noisier 

sample 𝑥𝑡. This is modeled as: 

𝑞(𝑥𝑡|𝑥𝑡−1) = 𝒩(𝑥𝑡; √1 − 𝛽𝑡𝑥𝑡−1, 𝛽𝑡𝐼) 

where 𝛽𝑡 ∈ (0,1) denotes a variance schedule (often linearly or cosine-increasing), and 

𝐼 is the identity matrix. 

By leveraging the property of Gaussian distributions, the sample at any timestep 

𝑡 can be directly computed from the original data 𝑥0: 

𝑞(𝑥𝑡|𝑥0) = 𝒩(𝑥𝑡; √𝛼̅𝑡𝑥0, (1 − 𝛼̅𝑡)𝐼) 

where 𝛼𝑡 = 1 − 𝛽𝑡 and 𝛼̅𝑡 = ∏ 𝛼𝑡
𝑡
𝑠=1 . 

The generative modeling task involves learning the reverse process 𝑝𝜃(𝑥𝑡−1|𝑥𝑡), 

which attempts to iteratively denoise 𝑥𝑡 back to 𝑥0. This reverse process is also 

parameterized as a Gaussian: 

𝑝𝜃(𝑥𝑡−1|𝑥𝑡) = 𝒩 (𝑥𝑡−1; 𝜇𝜃(𝑥𝑡 , 𝑡),∑(𝑥𝑡 , 𝑡)

𝜃

) 

In practice, the model learns to predict the noise 𝜖 added at each step. A neural 

network 𝜖𝜃(𝑥𝑡 , 𝑡) is trained to minimize the denoising score matching objective: 

ℒ𝑠𝑖𝑚𝑝𝑙𝑒 = 𝔼𝑥𝑜,𝑡,𝜖 [‖𝜖 − 𝜖𝜃(√𝛼̅𝑡𝑥0 + √1 − 𝛼̅𝑡𝜖, 𝑡)‖
2
] 

This formulation simplifies the variational bound of the likelihood and is often 

referred to as the “simplified training loss”. To generate new data, a sample is drawn 

from a Gaussian prior 𝑥𝑇~𝒩(0, 𝐼) and the model recursively denoises it using the 
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learned reverse process to obtain 𝑥0. The full sampling process involves 𝑇 steps, each 

corresponding to one reverse-time denoising step. 

𝑥𝑡−1 =
1

√𝛼𝑡
(𝑥𝑡 −

1 − 𝛼𝑡

√1 − 𝛼̅𝑡
𝜖𝜃(𝑥𝑡 , 𝑡)) + 𝜎𝑡𝑧,   𝑧~𝒩(0, 𝐼) 

DDPMs are closely related to score-based generative models and Langevin 

dynamics. Specifically, they learn a time-dependent score function ∇𝑥𝑡 log 𝑞(𝑥𝑡) and 

generation corresponds to solving a stochastic differential equation (SDE) backward in 

time. This insight has led to variants like score-based SDEs and probability flow 

ODEs, which unify and extend the theoretical foundation of diffusion models. 

1.1.2. Applications in Generative Modeling 

The foundational work by Ho et al. [1] demonstrated the effectiveness of 

DDPMs in image generation, achieving performance on par with GANs on tasks such 

as 256×256 image synthesis and CIFAR10 classification. Building on this, models like 

Imagen [2] and Stable Diffusion [3] have pushed the boundaries of text-to-image 

generation, showcasing highly photorealistic outputs through advanced conditioning 

and latent-space designs. 

Diffusion models have also been extended to video generation, where capturing 

temporal consistency is critical. Methods such as Video Diffusion Models [4], [5], [6] 

effectively model sequential frames, offering strong performance in both unconditional 

and conditional video synthesis. 

The adaptability of diffusion models has led to impactful applications in 

medical imaging. In 3D image generation, Khader et al. [7] proposed a latent-space 

DDPM tailored for MRI and CT data, achieving high-quality volumetric 

reconstructions. These approaches preserve clinical relevance while navigating the 

challenges of limited labeled data and modality-specific variations. 

While initially developed for generative modeling, diffusion models have 

recently shown great promise in discriminative tasks such as classification and 

segmentation. The D2C framework [8] was among the first to explore this direction, 

demonstrating few-shot classification by leveraging the generative nature of diffusion. 

SpectralDiff [9] extended this idea to hyperspectral image classification, significantly 

boosting accuracy through spectral-aware designs. 

In the medical domain, DiffMIC-v2 [10] pioneered diffusion-based 

classification across various imaging modalities, demonstrating not only superior 

accuracy but also a 3× improvement in computational efficiency compared to 

traditional CNNs. Another significant contribution is the Denoising Diffusion 
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Autoencoder (DDAE) [11], which unifies generative and discriminative capabilities 

within a single model, achieving high performance on benchmarks such as CIFAR10 

(95.9%) and Tiny-ImageNet (50.0%) without auxiliary encoders. 

Moreover, DDPMs have proven effective in semantic segmentation tasks [12], 

[13], offering fine-grained prediction capabilities by leveraging diffusion-based 

inference. These results underscore the versatility of diffusion models in a broad range 

of vision tasks. 

Beyond visual applications, diffusion models have shown potential in handling 

discrete and categorical data, notably in natural language processing [14], [15]. 

Research into general-purpose diffusion architectures [16], [17] has revealed their 

capability to support a wide spectrum of tasks, ranging from retrieval and 

classification to editing and translation, under a unified modeling framework. 

This progression reflects a paradigm shift from task-specific architectures 

toward universal diffusion-based frameworks, capable of bridging vision, language, 

and multi-modal data. As these models continue to evolve, they promise to redefine 

the landscape of both generative and discriminative modeling across domains. 

1.2. Large Language Models and Vision-Language Models 

The advent of Large Language Models (LLMs) has transformed the landscape 

of natural language processing by enabling systems to generate coherent, contextually 

aware, and semantically rich text across a wide range of tasks. Trained on massive 

corpora using transformer-based architectures, models such as GPT-3 [18], T5 [19], 

and PaLM [20] have demonstrated unprecedented capabilities in few-shot and zero-

shot learning, powering applications in summarization, translation, question 

answering, and knowledge reasoning. These models rely on dense self-attention 

mechanisms and large-scale unsupervised pretraining to capture complex linguistic 

and semantic patterns, offering a foundation for general-purpose language 

understanding and generation. 

Recent advancements have led to the development of Qwen series by Alibaba. 

Qwen2.5 [21], released in early 2024, demonstrates competitive performance across 

various tasks, offering strong multilingual capabilities. The Qwen2.5-VL [22] variant 

extends this foundation to multimodal tasks by integrating a visual encoder with the 

language backbone, enabling the model to interpret and reason over images and text in 

a unified manner. Qwen2.5-VL supports complex tasks such as image captioning, 

chart understanding, OCR-based reasoning, and multimodal dialogue, leveraging 

vision-language alignment techniques similar to those used in GPT-4V and Flamingo. 
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Building upon the Qwen2.5 family, Qwen3 [23], introduced in 2025, further 

enhances instruction-following, long-context reasoning, and multimodal 

comprehension. Qwen3 models incorporate architectural improvements and fine-

tuning strategies that improve performance across reasoning-intensive tasks while 

preserving alignment with human intent. The Qwen3-VL variant, in particular, 

delivers improved accuracy in fine-grained visual tasks, demonstrating superior 

performance on standard multimodal benchmarks such as ScienceQA and MM-Bench. 

Advances in the field have expanded the scope of LLMs beyond purely 

linguistic tasks, allowing them to interpret and reason over multimodal data when 

combined with visual backbone architectures. This evolution has led to the emergence 

of Vision-Language Models (VLMs), which combine powerful visual encoders (e.g., 

ViT [24] or CLIP [25]) with language models via cross-modal attention and joint 

training objectives. These models are capable of grounding textual concepts in visual 

inputs, making them effective for complex multimodal tasks such as image captioning, 

visual question answering (VQA), image-text retrieval, and multimodal dialogue. 

Notably, CLIP [25] and ALIGN [26] introduced contrastive learning 

frameworks that align image and text embeddings in a shared latent space, allowing 

zero-shot transfer to a wide array of downstream tasks. Building on these foundations, 

models like BLIP [27], Flamingo [28], and MiniGPT-4 [29] have shown further 

improvements by refining vision-language alignment through autoregressive decoding 

and instruction tuning. GPT-4V, the multimodal extension of GPT-4, exemplifies the 

trend toward unified large-scale models that can seamlessly integrate image and text 

understanding in a single interface, with broad implications for both general AI 

research and domain-specific applications such as medical diagnostics, scientific 

analysis, and autonomous agents. 

In the medical imaging domain, these models hold significant promise. Vision-

Language models can be adapted to process radiology images, CT scans, and 

pathology slides alongside clinical notes or structured medical knowledge, enabling 

richer interpretations and more informative automated reporting. For example, recent 

works such as BioViL [30] and Med-PaLM [31] demonstrate the feasibility and 

effectiveness of adapting LLMs and VLMs to specialized healthcare tasks by 

incorporating domain-specific data and ontologies during pretraining. 

As research progresses, the integration of LLMs and VLMs is expected to play a 

central role in building generalist agents that can operate across modalities, tasks, and 

domains. Their scalability, transferability, and adaptability position them as  
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foundational tools for the next generation of intelligent systems in both general AI and 

vertical applications such as biomedicine, robotics, and scientific discovery. 

1.3. Agents and Multi-Agent Systems 

The concept of AI agents has become increasingly central to the development of 

autonomous systems capable of perceiving their environment, reasoning over diverse 

modalities, and interacting with users or other agents to achieve specific goals. At its 

core, an agent is an entity that operates autonomously, continuously perceives inputs 

from its environment, maintains internal state, and executes actions to achieve 

objectives, often using a policy function 𝜋(𝑎|𝑠) that maps states 𝑠 to actions 𝑎. 

Recent progress in foundation models has enabled the emergence of foundation 

agents or language model-driven agents, which leverage the general-purpose reasoning 

and instruction-following abilities of LLMs (e.g., GPT-4 [32], Claude [33], Qwen3 

[23]) to perform complex sequential tasks. These agents integrate perception, memory, 

planning, and tool use within a modular framework, enabling capabilities such as web 

navigation, software automation, and multimodal task completion. Tool augmentation, 

such as using external APIs, retrieval systems, or structured code interpreters, allows 

agents to go beyond their static training knowledge to interact with dynamic 

environments. 

The architecture of such agents typically follows a pipeline: 

- Observation Module: Receives and interprets inputs (text, image, 

environment state). 

- Planner: Constructs a task decomposition or action plan using chain-of-

thought prompting or tree-based reasoning. 

- Executor: Calls tools or APIs to perform subtasks, possibly with memory 

storage and retrieval. 

- Feedback Loop: Updates the agent state or re-plans based on outcomes. 

Building on single-agent capabilities, Multi-Agent Systems (MAS) extend this 

paradigm by enabling a network of agents to communicate, collaborate, or compete 

within a shared environment. MAS frameworks allow agents to exchange information, 

delegate tasks, negotiate strategies, and solve problems that exceed the capacity of 

individual agents. Applications span task decomposition, scientific discovery, 

simulation, and real-world robotics. 

Key characteristics of MAS include: 

- Decentralization: Each agent operates semi-independently, sharing 

information when necessary. 
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- Role Specialization: Agents may be specialized (e.g., planner, retriever, 

visual interpreter) to optimize performance across modalities. 

- Communication Protocols: Agents use natural language or structured APIs 

to coordinate, facilitated by LLM-mediated dialogues. 

- Collective Reasoning: Systems such as CAMEL [34], AutoGen [35], and 

MetaGPT [36] demonstrate how agents collaboratively generate code, solve 

tasks, or simulate human-like cooperation. 

Recent frameworks like AutoGPT, CrewAI, AgentVerse, and OpenAgents offer 

robust infrastructure for multi-agent orchestration, enabling dynamic agent 

collaboration, tool sharing, and memory synchronization. These systems often support 

hierarchical planning, task routing, and long-term memory modules that improve 

adaptability in real-world environments. 

In the biomedical domain, multi-agent systems are being explored for 

collaborative clinical decision-making, research automation, and medical image 

interpretation. Domain-specific agents, such as retrieval specialists, radiology 

interpreters, and language explainers, can coordinate to provide multi-faceted insights 

from medical records, imaging data, and literature, supporting more holistic and 

explainable AI systems. 

In summary, agent and multi-agent paradigms represent a shift from static 

model inference to dynamic, interactive AI systems, capable of reasoning, 

coordination, and adaptation, key components in the path toward artificial general 

intelligence (AGI). 

1.4. Image Classification Methods 

1.4.1. Theoretical Background 

Classification is a fundamental task in machine learning and computer vision, 

particularly in the medical imaging domain where accurate categorization of disease 

types or abnormalities can significantly impact clinical outcomes. Over the years, 

classification methods have undergone substantial evolution, transitioning from 

traditional machine learning techniques to deep learning and more recently to 

attention-based and diffusion-based models. 

At the core of any classification pipeline lie two essential components: (1) 

Feature Extractor and (2) Classifier. These components together define the 

representational capacity and decision-making ability of the model. Below, we outline 

the mathematical foundations of both components. 

Feature extraction refers to the process of transforming raw input data 𝑥 ∈ ℝ𝑛 

into a lower-dimensional and more informative representation 𝑧 ∈ ℝ𝑑, where 𝑑 ≪ 𝑛. 
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Mathematically, this is achieved via a feature mapping function 𝜙𝜃: ℝ
𝑛 → ℝ𝑑 with 

parameters 𝜃, such that: 

𝑧 = 𝜙𝜃(𝑥) 

Once features are extracted, the classifier maps the representation 𝑧 ∈ ℝ𝑑 to a 

probability distribution over 𝐶 classes: 

𝑦̂ = 𝑓𝑐𝑙𝑠(𝑧) ∈ ℝ
𝐶  

In most modern classification systems, the classifier is implemented as a fully 

connected layer followed by a softmax function: 

ŷ𝒊 =
exp(𝑤𝑖

T𝑧 + 𝑏𝑖)

∑ exp(𝑤𝑗
T𝑧 + 𝑏𝑗)

𝐶
𝑗=1

  

where {𝑤𝑖 , 𝑏𝑖} are parameters for class 𝑖. 

The model is trained by minimizing a loss function such as the cross-entropy 

[37] between the predicted distribution 𝑦̂ and the ground truth label 𝑦: 

ℒCE = −∑𝑦𝑖 log 𝑦̂𝑖

𝐶

𝑦=1

 

1.4.2. Existing Image Classification Approaches 

Data classification has evolved through several significant milestones, from 

traditional machine learning approaches such as Support Vector Machines (SVM) [38] 

and Random Forests [39] to more advanced methods. While kernel methods [40] 

enhanced non-linear data processing capabilities and ensemble learning [41] improved 

performance through model combination, these traditional approaches still faced 

limitations in handling complex data patterns.  

The foundations of deep learning in image classification were established with 

LeNet [42], which pioneered CNNs for handwritten digit recognition. However, a 

transformative breakthrough came with AlexNet [43] which demonstrated the 

unprecedented potential of deep CNNs by winning the ImageNet Challenge, marking 

the beginning of the deep learning era. Following this success, advanced architectures 

like ResNet [44] solved the vanishing gradient problem through skip connections, 

while DenseNet [45] enhanced efficiency by proposing dense connections. Notably, 

EfficientNet [46] and its improved version EfficientNetV3 [47] have made significant 

strides in network architecture optimization through systematic scaling methods and 

self-adaptive hierarchical feature scaling. 

Although CNN networks have proven effective, they still have limitations in 

capturing global relationships. To address this challenge, the attention mechanism 

introduced in Transformer [48] opened up an entirely new approach. Building on this 
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foundation, Vision Transformer [24] successfully adapted this architecture to computer 

vision, while Swin Transformer [49] and DiNAT [50] further improved it by 

proposing hierarchical attention mechanisms and dilated neighborhood attention, 

significantly enhancing computational efficiency. 

Parallel to the development of attention models, another promising research 

direction emerged through diffusion models [1], [51], [52], [9], [10], [8], attracting 

particular attention for their ability to model complex data distributions. In this field, 

Dhariwal and Nichol [51] achieved a significant breakthrough by integrating U-Net 

architecture and attention into diffusion models. More notably, the application of 

diffusion models in classification tasks through D2C [8] and advanced model like 

SpectralDiff [9] and DiffMIC-v2 [10] has opened new prospects in learning 

discriminative features. 

However, diffusion models's application to classification tasks faces several 

limitations. First, the potential of the diffusion process's denoising capabilities for 

improving classification robustness remains largely unexplored. Second, existing 

methods such as SpectralDiff [9], DiffMIC-v2 [10], lack effective mechanisms for 

multi-scale feature analysis, particularly in combining global and local information. 

Additionally, the challenge of maintaining consistent performance across different data 

types without major architectural changes persists [1], [52]. These limitations motivate 

our proposed GuidedDCNet, which leverages the stochastic diffusion process with 

multi-scale conditional guidance to enhance classification performance across various 

data types. 

1.5. Image Captioning Methods 

1.5.1. Theoretical Background 

Image captioning is a complex task situated at the intersection of computer 

vision and natural language processing. The goal is to generate meaningful natural 

language descriptions for visual content, typically images. This process involves two 

core components: (1) Visual Feature Extractor and (2) Language Generator. The visual 

feature extractor encodes the image into a rich feature representation, while the 

language generator decodes this representation into a coherent textual sequence. 

Mathematically, the image 𝐼 ∈ ℝ𝐻×𝑊×3 is first processed by a feature extractor 

𝜙𝜃 to obtain an embedding 𝑧 = 𝜙𝜃(𝐼). This embedding is then used to initialize or 

condition a sequential model that predicts a sequence of words 𝑦̂ = (𝑦1, 𝑦2, 𝑦3, … , 𝑦𝑇), 

where each 𝑦𝑡 ∈ ℝ
|𝒱| is a probability distribution over a vocabulary 𝒱. 
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The generation process typically maximizes the likelihood of the correct caption 

𝑦 given the image features 𝑧, through the minimization of the negative log-likelihood 

loss: 

ℒ𝑁𝐿𝐿 = −∑log𝑃(𝑦𝑡|𝑦<𝑡 , 𝑧)

𝑇

𝑡=1

 

Alternatively, reinforcement learning-based objectives such as Self-Critical 

Sequence Training [53] are employed to optimize task-specific metrics like CIDEr or 

BERTScore.  

1.5.2. Existing Image Captioning Approaches 

Early advancements in image captioning relied on CNNs for image feature 

extraction combined with Recurrent Neural Networks (RNNs), especially Long Short-

Term Memory (LSTM) networks, for language modeling. A key milestone in this area 

was the CNN-LSTM framework, where the image features served as the initial hidden 

state or input for the LSTM decoder. 

To better capture spatial and semantic relationships within images, Yao et al. 

[54] introduced a Graph Convolutional Network (GCN) to model object-object 

interactions. Their GCN-LSTM model integrates the structural information of object 

graphs into the caption generation process, enhancing the descriptive quality of 

generated sentences. 

Building upon these foundations, Pan et al. [55] proposed the X-Linear 

Attention Network (X-LAN), which incorporates second-order bilinear pooling to 

model complex intra- and inter-modal interactions between image and text features. 

By embedding X-Linear attention blocks into both the encoder and decoder stages, the 

model achieves a richer joint representation for captioning. 

Transformer-based models further revolutionized the field. Cornia et al. [56] 

developed the M² Transformer, a specialized architecture for image captioning. By 

introducing mesh-like connectivity in the decoder and multi-level attention over image 

regions, M² effectively fuses both local and global contextual information, 

significantly boosting captioning accuracy. 

Recent challenges such as ImageCLEFmedical Caption [57] have focused on 

extending image captioning methods to the medical domain, where precision and 

contextual understanding are crucial. The task involves generating accurate captions 

across diverse medical imaging modalities, promoting automated clinical reporting and 

improved diagnostic support. 
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The winning team from CSIRO [58] adopted a streamlined encoder-decoder 

approach and optimized it using Self-Critical Sequence Training (SCST), specifically 

targeting the BERTScore metric to align closely with semantic correctness. Another 

prominent submission by the PCLmed team [59] proposed a multi-modal approach, 

Med-VLFM, combining general vision models with domain-specific medical models 

to yield more holistic and context-aware captions. This hybrid strategy led to top-tier 

performance across several evaluation metrics in the ImageCLEFmedical 2024 

challenge. 

Additionally, concept detection plays a pivotal role in medical image 

captioning. Ram et al. [60] conducted a comparative study using deep CNNs such as 

ResNet50, MobileNetV2, and DenseNet-121 for detecting medical concepts. Their 

findings indicated that ResNet50 offered superior accuracy, thereby providing reliable 

semantic inputs to downstream captioning systems. 

These advances collectively reflect the evolution of image captioning from 

generic vision-language models to highly specialized medical applications, 

highlighting the growing importance of task-specific adaptation and multimodal 

integration. 

1.6. Image Segmentation Methods 

Image segmentation is a fundamental task in computer vision, especially critical 

in the medical imaging domain where precise localization and delineation of 

anatomical structures can significantly impact diagnostic accuracy and treatment 

planning. Recent advancements have focused on leveraging transformer and diffusion-

based architectures to improve segmentation performance across diverse modalities 

and datasets. 

Transformer-based architectures have recently redefined the state-of-the-art in 

medical image segmentation. These models capitalize on self-attention mechanisms to 

capture long-range dependencies and contextual information that traditional CNNs 

often overlook. A prominent early example is TransUNet [61], which incorporates a 

transformer encoder into the bottleneck of the UNet architecture. This hybrid model 

combines the spatial precision of convolutional encoders with the global contextual 

reasoning of transformers. 

Building on this foundation, several transformer-augmented models have been 

proposed to further enhance segmentation performance. Swin-UNet [62] integrates the 

Swin Transformer backbone, which uses shifted windows to compute local self-

attention efficiently while maintaining global context through hierarchical feature 

representations. Similarly, Swin-Unetr [63] extends this concept to volumetric medical 
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imaging by incorporating patch embeddings and positional encodings adapted for 3D 

data. The DS-TransUNet [64] further refines this design by employing dual-scale 

attention to better capture both fine-grained and global structural cues. 

In parallel, diffusion models have emerged as a powerful alternative for image 

segmentation. By treating segmentation as a generative modeling task, these models 

utilize stochastic denoising processes to progressively refine segmentation masks. 

Diffusion-based methods inherently produce an ensemble of plausible segmentations 

through repeated sampling, which has been shown to improve robustness and accuracy 

[65]. However, this ensemble diversity must be carefully managed, uncontrolled 

variation can impede convergence and result in less reliable outputs. Thus, recent 

studies emphasize the development of refined sampling strategies and conditional 

denoising mechanisms to ensure that each iterative refinement step contributes 

positively to segmentation quality. 

The convergence of transformer-based architectures with diffusion backbones 

represents a promising research direction. Combining the global reasoning ability of 

transformers with the iterative refinement capability of diffusion processes offers a 

unified framework for high-precision medical image segmentation, particularly in 

complex or low-contrast scenarios. As this hybrid modeling paradigm evolves, it is 

expected to play a pivotal role in the next generation of segmentation frameworks. 

1.7. Vector Database 

A vector database is a specialized type of database designed to store and search 

high-dimensional vectors. These vectors are typically generated by machine learning 

models from unstructured data such as text, images, or audio. Each vector encodes the 

semantic meaning of the input, enabling intelligent systems to retrieve similar content 

based on meaning rather than exact keyword matches [66]. Unlike traditional 

databases that support exact and structured querying, vector databases use approximate 

nearest neighbor (ANN) [67] algorithms to find items most similar to a query vector 

based on distance metrics like cosine similarity or Euclidean distance. 

Modern vector databases offer a range of features tailored for AI-driven 

applications. These include high-performance indexing algorithms (such as HNSW 

[68] and IVF [69]), support for hybrid filtering (combining vector similarity with 

structured metadata), scalable storage and real-time updates, and compatibility with 

popular machine learning frameworks. These capabilities make vector databases 

essential for building systems like semantic search engines, recommendation systems, 

and medical question answering chatbots. 
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Several popular vector database systems are available, each with its own 

strengths and trade-offs. Qdrant [70] is an open-source vector database built for 

production-level semantic search. It supports fast similarity search using HNSW 

indexing, along with robust payload filtering and metadata storage. It offers REST and 

gRPC APIs and integrates well with Python-based AI workflows. Qdrant is especially 

suitable for domains like healthcare, where precise filtering and real-time performance 

are crucial. 

Pinecone [71] is a fully managed vector database as a service. It abstracts 

infrastructure complexity, offering automatic indexing, low-latency search, and 

effortless scalability across millions or billions of vectors. Pinecone is ideal for teams 

that require a high-performance vector backend without the overhead of maintaining 

infrastructure. It supports features like namespaces, metadata filtering, and upserts, 

making it a popular choice for production AI applications. 

Weaviate [72] is another open-source vector search engine that stands out for its 

built-in support for machine learning models. It can automatically embed and index 

data using models from OpenAI, Cohere, or Hugging Face, and supports hybrid 

keyword-vector search. Weaviate uses a GraphQL-like query interface and offers 

strong schema management, making it suitable for systems that blend unstructured and 

structured data, such as knowledge graphs. 

FAISS [73], developed by Meta AI, is a library for efficient similarity search 

rather than a standalone database. It provides state-of-the-art indexing techniques and 

GPU acceleration, making it suitable for researchers or developers building custom 

vector retrieval pipelines. FAISS is widely used in academic and high-performance 

computing environments due to its flexibility and speed. 

ChromaDB [74] is a lightweight, developer-friendly vector database tailored for 

rapid prototyping of LLM-powered applications. It supports embedding storage, 

metadata filtering, and fast querying. Chroma integrates seamlessly with tools like 

LangChain and is ideal for document question answering systems, retrieval-augmented 

generation, or AI agent development. It is particularly useful in small to medium-scale 

applications where simplicity and developer experience are key. 

Each vector database system offers a different balance between performance, 

scalability, and ease of use. The choice of which to use depends on the specific 

requirements of the application, such as dataset size, update frequency, deployment 

environment, and the complexity of retrieval logic. In the context of medical AI 

applications, selecting the right vector database can significantly impact both retrieval 

accuracy and system responsiveness. 
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1.8. Chapter Summary 

In this chapter, we have presented a comprehensive overview of the theoretical 

foundations and related technologies relevant to our project. Beginning with diffusion 

models, we explored their underlying principles and their growing role in generative 

modeling tasks. We then introduced large language models and vision-language 

models, highlighting their capacity to bridge textual and visual understanding. 

The concept of agents and multi-agent systems was also discussed, providing a 

framework for distributed and interactive AI behavior. We examined image 

classification, captioning, and segmentation methods, three core areas in computer 

vision, by outlining both their theoretical foundations and current state-of-the-art 

approaches. These methods are crucial for enabling machines to understand and 

describe visual content. Finally, we introduced vector databases, which play an 

essential role in storing and retrieving high-dimensional representations efficiently, 

especially in tasks involving similarity search and large-scale data indexing. 

The knowledge and methods presented in this chapter serve as the foundation 

for the implementation and experimentation stages in the subsequent chapters. 
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CHAPTER 2: METHODOLOGY 

 

 

The MedCapSys, illustrated in Figure 2.1, is a highly detailed medical image 

captioning framework that integrates classification, segmentation, and large vision-

language models to generate precise and informative descriptions of medical images. 

The system begins by processing an input brain medical image through multiple 

specialized neural networks. The GuidedDCNet module classifies the lession type, 

while the GuidedSegNet module performs segmentation to visualize the lession’s 

location. The MedCapNet model generates an initial caption describing the scan, 

including modality and key observations. Subsequently, BrainMedQwen, a VLM, 

refines and enriches the description by extracting additional metadata, such as imaging 

view, pulse sequence, anatomical position, and tumor dimensions. These extracted 

details are then compiled into a comprehensive final description, which provides 

clinically relevant information, including tumor characteristics, localization, and signal 

intensity variations. This structured approach enhances interpretability and supports 

radiologists in medical diagnosis and documentation. 

 

 

Figure 2.1 Medical Captioning System Overview 

2.1. MedCapNet Architecture 

The architecture of the proposed MedCapNet, shown in Figure 2.2, follows a 

typical encoder-decoder framework. The encoder is built upon a Swin Transformer 

backbone, complemented by N Enhancement Encoder blocks. On the other side, the 
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decoder comprises N decoder blocks. The role of the encoder is to extract and refine 

patch-level features from the input image, capturing intra-feature dependencies. The 

decoder then sequentially generates captions by utilizing these enhanced features, 

effectively bridging the relationship between visual and textual elements. 

 

Figure 2.2 MedCapNet Overall Architecture 

2.1.1. Encoder 

A Swin Transformer [49] is initially employed as the backbone encoder, 

deviating from the customary use of pre-trained CNNs. This innovative approach 

allows for the extraction of a collection of patch-level features, denoted as 𝑉𝐺  =

 {𝑣1, 𝑣2, . . . , 𝑣𝑚}, from the given input image 𝐼. Each patch-level feature, denoted as 

𝑣𝑖 ∈ ℝ
𝐷, provides a foundational visual representation, where 𝐷 is the dimensionality 

of the embedded space for each feature, and 𝑚 represents the total number of patch-

level features. 

Following the extraction of patch-level features 𝑉𝐺, an initial global feature 𝑉𝑃 is 

computed as the mean pooling of patch-level features, 𝑉𝑃 =
1

𝑚
∑ 𝑣𝑖
𝑚
𝑖=1  inspired by [75]. 

An Enhancement Encoder Block is employed to enhance these features by capturing 

their intra-dependencies. 𝑉𝐺 is then integrated into both the W-MSA and SW-MSA 

modules, while 𝑉𝑃 is fed into MHSA modules. During the application of MHSA 

within each window, this process is augmented by appending the patch-level features 

𝑉𝐺 as an additional token to the keys 𝑘 and values 𝑣. This augmentation enhances the 

global feature 𝑉𝑃 by incorporating information from all patch-level features, thereby 

improving the model’s ability to capture both local and global contextual information. 

As Figure 2.2 illustrates, the Enhancement Encoder complements 𝑁 sequentially 

stacked blocks. Each block consists of two parallel branches, with each branch 

containing either a W-MSA/SW-MSA or an MHSA module, followed by a Multi-
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Layer Perceptron (MLP). Notably, the self-attention layers and MLPs within these 

branches share identical parameters, ensuring consistency across the network. The W-

MSA and SW-MSA modules alternate in the first branch throughout the sequence of 

blocks. The 𝑖𝑡ℎ block can be mathematically represented as follows: 

𝑉𝐺
(𝑖)
= LayerNorm (𝑉̂𝐺

(𝑖−1)
+ SW/W−MSA(𝑊𝑄

𝑙 𝑉̂𝐺
(𝑖−1)

,𝑊𝐾
𝑙 𝑉̂𝐺

(𝑖−1)
,𝑊𝑉

𝑙𝑉̂𝐺
(𝑖−1))) 

𝑉𝑃
(𝑖) = LayerNorm (𝑉̂𝑃

(𝑖−1) + SW/W−MSA(𝑊𝑄
𝑙 𝑉̂𝑃

(𝑖−1),𝑊𝐾
𝑙 𝑉̂𝐺

(𝑖−1),𝑊𝑉
𝑙𝑉̂𝐺

(𝑖−1))) 

𝑉̂𝐺
(𝑖) = LayerNorm (𝑉̂𝐺

(𝑖) +MLP(𝑉̂𝐺
(𝑖))) 

𝑉̂𝑃
(𝑖)
= LayerNorm (𝑉̂𝑃

(𝑖)
+MLP(𝑉̂𝑃

(𝑖))) 

where 𝑉̂𝐺
(𝑖−1)

 and 𝑉̂𝑃
(𝑖−1)

 represent the output patch-level features and global features 

from (𝑖 − 1)𝑡ℎ block, respectively. These features serve as the input to 

block 𝑖𝑡ℎ, with 𝑉̂𝐺
(0) = 𝑉𝐺 and 𝑉̂𝑃

(𝑖) = 𝑉𝑃. The weight matrices are denoted by 

𝑊𝑄
𝑙 ,𝑊𝐾

𝑙  ,𝑊𝑉
𝑙 ∈ ℝ𝐷×𝐷. Two linear layers, interconnected by a ReLU activation 

function, form the structure of the MLP. This configuration can be mathematically 

expressed as follows: 

MLP(𝑋)  =  𝑊2ReLU(𝑊1𝑋) 

where the weight matrices are denoted by 𝑊1 ∈ ℝ
2𝐷×𝐷 and 𝑊2 ∈ ℝ

𝐷×2𝐷. After the 

encoding process, the two outputs 𝑉̂𝐺 = 𝑉̂𝐺
(𝑁)

 and 𝑉̂𝑃 = 𝑉̂𝑃
(𝑁)

 are then fed into the 

decoder. 

2.1.2. Decoder 

The decoder architecture is designed to generate output captions sequentially, 

conditioning each word on the enhanced global and patch-level features extracted from 

the encoder, thereby enabling effective multi-modal information integration. Figure 

2.2 shows that the decoder is comprised of a chain of 𝑁 interconnected blocks. Each 

block is composed of four distinct modules, tailored to capture various aspects of intra- 

and inter-modal interactions: 

- Fusion Module: This module initiates the inter-modal interaction between 

textual information and visual data. 

- Dual-Scale Masked Multi-Head Self-Attention: This component facilitates 

intra-modal interaction within the generated words, enhancing linguistic 

coherence. 

- Cross MHSA: This module, comprising an MSA layer followed by an MLP, 

represents the second inter-modal interaction between global and patch-level 

features. 
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2.1.2.1. Fusion Module 

The absence of comprehensive global contextual information can significantly 

hinder the model’s reasoning abilities. To address this limitation, a Fusion Module is 

introduced, which integrates the enhanced global feature 𝑉̂𝑃. This module initiates the 

multi-modal interaction process, enabling the efficient capture and utilization of global 

visual context. The Fusion process of block 𝑖𝑡ℎ is mathematically described as follows: 

𝑋𝑡
𝑃,𝑖 = LayerNorm (𝑋𝑡

𝑃,𝑖−1 + ReLU (𝑊𝐹Concatenate(𝑉̂𝑃, 𝑋𝑡
𝑃,𝑖−1))) 

where 𝑋𝑡
𝑃,𝑖−1

 presents the output from (𝑖 − 1)𝑡ℎ block and is used to generate the 𝑡𝑡ℎ 

word, 𝑋𝑡
𝑃,0

 is initialized through a Linear Layer with word embedding weight 

𝑊𝐸𝑚𝑏𝑒𝑑 ∈ ℝ
𝐷×|𝒱| of the vocabulary 𝒱: 

𝑋𝑡
𝑃,0 = 𝑊𝐸𝑚𝑏𝑒𝑑𝑋𝑡 

The fusion weight matrices for the Linear Layer are denoted by 𝑊𝐹 ∈ ℝ
2𝐷×𝐷. 𝑋𝑡

𝑃,𝑖
 is 

then integrated into Dual-Scale Masked Multi-Head Self-Attention. 

2.1.2.2. Dual-Scale Masked Multi-Head Self-Attention 

 

Figure 2.3 Dual-Scale Masked Multi-Head Self-Attention 

As depicted in Figure 2.3, the Dual-Scale Masked Multi-Head Self-Attention 

(DS Mask MHSA) module is designed to enhance the model’s ability to capture both 

local and global contextual information. Within this expanded window, local and 

global features are extracted using a sparse-global mask and a dense-local mask. 

Subsequently, self-attention is computed on both the local features generated by Dense 

Local Self Attention (DLSA) and the global features generated by Sparse Global Self 
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Attention (SGSA). The DS Mask MHSA module can be formulated with an input 

feature 𝐼𝑖𝑛 ∈ ℝ
𝑊 × 𝐻 × 𝐶 as: 

𝐼𝑤𝑝 = Partition(𝐼𝑖𝑛) 

𝐼𝑤𝑒 = Expansion(𝐼𝑤𝑝) 

𝐼1, 𝐼2 = Split(𝐼𝑤𝑒) 

𝐼𝑠𝑔 = MHSA (𝑊𝑄
(𝑆𝐺𝑆𝐴)(𝐼1⊗𝑀𝑠𝑔),𝑊𝐾

(𝑆𝐺𝑆𝐴)(𝐼1⊗𝑀𝑠𝑔),𝑊𝑉
(𝑆𝐺𝑆𝐴)(𝐼1⊗𝑀𝑠𝑔)) 

𝐼𝑑𝑙 = MHSA (𝑊𝑄
(𝐷𝐿𝑆𝐴)(𝐼𝟐⊗𝑀𝑑𝑙),𝑊𝐾

(𝐷𝐿𝑆𝐴)(𝐼𝟐⊗𝑀𝑑𝑙),𝑊𝑉
(𝐷𝐿𝑆𝐴)(𝐼𝟐⊗𝑀𝑑𝑙)) 

𝐼𝑜𝑢𝑡 = Conv (Merging (Concat(𝐼𝑠𝑔, 𝐼𝑑𝑙))) 

where 𝑊𝑄
(𝑆𝐺𝑆𝐴)

,𝑊𝐾
(𝑆𝐺𝑆𝐴)

,𝑊𝑉
(𝑆𝐺𝑆𝐴)

,𝑊𝑄
(𝐷𝐿𝑆𝐴)

,𝑊𝐾
(𝐷𝐿𝑆𝐴)

,𝑊𝑉
(𝐷𝐿𝑆𝐴)

 are learnable weight 

matrices of SGSA and DLSA, respectively. 𝐼𝑤𝑝 ∈ ℝ
𝑝×𝑝×

𝐻𝑊

𝑝2
×𝐶
 is the 𝑝 × 𝑝 token 

feature through a non-overlapped Window Partition on the input feature 𝐼𝑖𝑛. Window 

Expansion with an expansion size of 2 transforms the input 𝐼𝑤𝑝 into a larger token 

feature 𝐼𝑤𝑒 ∈ ℝ
2𝑝×2𝑝×

𝐻𝑊

𝑝2
×𝐶

. 𝐼1, 𝐼2 ∈ ℝ
2𝑝×2𝑝×

𝐻𝑊

𝑝2
×
𝐶

2 are the results of the splitting 

process along the channel axis from 𝐼𝑤𝑒. The global feature 𝐼𝑠𝑔 and local feature 𝐼𝑑𝑙 are 

obtained by applying MHSA on the output of element-wised multiplication ⊗ on 𝐼1 

and 𝐼2 with sparse-global and dense-local mask 𝑀𝑠𝑔 and 𝑀𝑑𝑙, respectively. These 

masks comply with the Mask Sampling Rule presented in Algorithm 2.1 Mask 

Sampling Rule in Dual-Scale Masked Multi-Head Self-Attention. The final output 

feature 𝐼𝑜𝑢𝑡 ∈ ℝ
𝐻×𝑊×𝐶 is generated through a series of operations, including the 

channel-wise concatenation of 𝐼𝑠𝑔 and 𝐼𝑑𝑙, followed by a Window Merging operation 

and a 1 × 1 Convolution Layer with 𝑠𝑡𝑟𝑖𝑑𝑒 = 1. 

Algorithm 2.1 Mask Sampling Rule in Dual-Scale Masked Multi-Head Self-Attention 

Algorithm 1 Mask Sampling Rule 

Input: 

Feature 𝐼 ∈ ℝ
𝑝×𝑝×

𝐻𝑊

𝑝2
×𝐶
 and Expanded Feature 𝐼𝑤𝑒 ∈ ℝ

2𝑝×2𝑝×
𝐻𝑊

𝑝2
×𝐶

 

Mask 𝑀 with fixed size 

Window size 𝑝 

Output: Mask M and its drop rate 𝛼 

1: Choose 𝐼(𝑖,𝑗) ∈ 𝐼, ∀𝑖 ∈ (1,
𝐻

𝑝
) , 𝑗 ∈ (1,

𝑊

𝑝
) 

2: Choose 𝐼𝑤𝑒
(𝑖,𝑗)

∈ 𝐼𝑤𝑒 , ∀𝑖 ∈ (1,
𝐻

𝑝
) , 𝑗 ∈ (1,

𝑊

𝑝
) 
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3: 𝐼∗
(𝑖,𝑗)

= ⋃ ⋃ 𝑀⊗ 𝐼𝑤𝑒
(ℎ,𝑘)𝑗

𝑘=𝑗−1
𝑖
ℎ=𝑖−1   

4: 𝛼 = 1 −
‖𝐼∗
(𝑖,𝑗)

⋂𝐼(𝑖,𝑗)‖

‖𝐼(𝑖,𝑗)‖
  

5: If 𝛼 =  0, 𝑀 satisfies Mask Sampling Rule 

To optimize inference speed, learnable parameters in the mask have been 

replaced with fixed masks. Both binary masks 𝑀𝑔𝑠 and 𝑀𝑑𝑙 are designed to select a 

subset of feature points, reducing computational cost without sacrificing performance. 

𝑀𝑔𝑠 plays the role of effectively expanding the receptive field, while 𝑀𝑑𝑙 ensures that 

important information in the neighborhood of each pixel is preserved. 

After the Fusion process, 𝑋𝑡
𝑃,𝑖

 of block 𝑖𝑡ℎ is then calculated through DS Mask 

MHSA as follows: 

𝑋𝑡
𝑃,𝑖 = LayerNorm (𝑋𝑡

𝑃,𝑖 + DSMaskMHSA(𝑋𝑡
𝑃,𝑖)) 

2.1.2.3. Cross Multi-Head Self-Attention 

The Cross Multi Head Self-Attention (Cross MHSA) can be considered as an 

advanced inter-modal correlation mechanism to capture local visual context 

information between 𝑋𝑡
𝑃,𝑖

 and 𝑉𝐺. This interaction can be formulated as follows: 

𝑋̃𝑡
𝑃,𝑖 = LayerNorm (𝑋𝑡

𝑃,𝑖 +MHSA(𝑊𝑄
(𝑖)𝑋𝑡

𝑃,𝑖 ,𝑊𝐾
(𝑖)𝑉𝐺 ,𝑊𝑉

(𝑖)𝑉𝐺)) 

𝑋̂𝑡
𝑃,𝑖 = LayerNorm (𝑋̃𝑡

𝑃,𝑖 +MLP(𝑋̃𝑡
𝑃,𝑖)) 

where 𝑊𝑄
(𝑖) ,𝑊𝐾

(𝑖),𝑊𝑉
(𝑖) ∈ ℝ𝐷×𝐷 are learnable weight matrices. 𝑋𝑡

𝑃,𝑖
 obtained from the 

DS Mask MHSA module, is integrated into Cross MHSA as the query, while the 

enhanced patch-level features 𝑉𝐺 from the final Enhancement Encoder block are fed 

into Cross MHSA as keys and values. The output of the Cross MHSA process, 𝑋̃𝑡
𝑃,𝑖

, 

undergoes an MLP layer, and is added to 𝑋̃𝑡
𝑃,𝑖

, followed by a Layer Norm layer to 

produce a feature 𝑋̂𝑡
𝑃,𝑖

. 

2.1.3. Text Generation 

The output 𝑋̂𝑡
𝑃,𝑁−1

 from the final decoder block has undergone the Text 

Generation module and generated words with conditional distribution over the 

vocabulary 𝒱, defined as: 

𝑝(𝑋𝑡|𝑋1:𝑡−1) = Softmax(𝑊𝑋̂𝑡
𝑃,𝑁−1) 

where 𝑊 ∈ ℝ𝐷×|𝒱| is learnable weight matrices. 



MedCapSys: A Novel Approach To Highly Detailed Brain Medical Image Analysis 

Student : Phan Minh Nhat          Instructor : Dr. Nguyen Van Hieu 25 

2.2. GuidedDCNet Architecture 

Figure 2.4 illustrates an overview of the proposed network architecture, 

GuidedDCNet, designed for classification. Given an input sample 𝑥, the data 

undergoes initial processing through an encoder, which extracts a feature embedding 

denoted as 𝜋(𝑥). Concurrently, a Multi-scale Conditional Guidance Mechanism 

(MCGM) generates both a global guidance vector 𝑦̂𝑔 and a local guidance vector 𝑦̂𝑙. 

During the training phase, a diffusion process is applied to the ground truth label 𝑦0, 

incorporating the guidance vectors to yield three distinct noisy variables: 𝑦𝑔
(𝑡)

 (global 

guidance), 𝑦𝑙
(𝑡)

 (local guidance), and 𝑦(𝑡) (dual guidance). 

 

Figure 2.4 GuidedDCNet Overall Architecture 

These noisy representations, along with their corresponding guidance vectors, 

are subsequently projected into a latent space. The projected embeddings are 

then integrated with the feature embedding 𝜋(𝑥) and processed through a denoising U-

Net to estimate the noise distributions associated with 𝑦𝑔
(𝑡)

, 𝑦𝑙
(𝑡)

, and 𝑦(𝑡). Furthermore, 

a maximum mean discrepancy (MMD) regularization adapted to specific guidances is 

introduced for the estimated noise associated with 𝑦𝑔
(𝑡)

 and 𝑦𝑙
(𝑡)

 to enhance the 

robustness of noise prediction. Simultaneously, a noise estimation loss based on the 

mean squared error (MSE) criterion is employed for the predicted noise of 𝑦(𝑡). This 

comprehensive training strategy facilitates the collaborative optimization of the 

GuidedDCNet network, thereby improving its classification performance. 

2.2.1. Multi-scale Conditional Guidance Mechanism 

In conditional Denoising Diffusion Probabilistic Models, data classification 

remains a significant challenge due to the inherent ambiguity associated with object 
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representations within the dataset. The process of accurately identifying and 

distinguishing various attributes within the data is often complex, as objects may 

exhibit overlapping characteristics that hinder precise differentiation. This issue is 

further exacerbated by the presence of noise and artifacts within the most influential 

regions within the data, which can obstruct the extraction of meaningful high-level 

semantic features. Such noise may arise from multiple sources, including sensor 

inaccuracies, environmental variations, and intrinsic data inconsistencies, all of which 

contribute to the difficulty of learning discriminative representations necessary for 

robust classification.  

A fundamental limitation of many existing DDPM-based classification 

approaches is their reliance on raw initial data as the sole conditioning factor in each 

diffusion step. While this data provides a foundational input for the learning process, it 

is often insufficient for capturing the fine-grained, high-resolution details required for 

effective classification. The absence of additional contextual information and feature 

refinement mechanisms impairs the model’s ability to discern subtle variations, 

particularly among visually or semantically similar categories. Consequently, this 

constraint leads to suboptimal classification performance, as the model is unable to 

fully exploit the available data to generate precise predictions. To address these 

challenges, it is imperative to develop enhanced conditioning strategies that 

incorporate richer contextual features, mitigate the influence of noise, and facilitate the 

extraction of more discriminative representations throughout the diffusion process. 

To address the aforementioned challenge, a Multi-scale Conditional Guidance 

Mechanism (MCGM) is proposed to refine the encoding process at each step of the 

diffusion process. Specifically, the MCGM model 𝑓𝑀𝐶𝐺𝑀 is introduced to compute 

guidance vectors at both global and local levels, thereby facilitating more effective 

information propagation and improving the robustness of the diffusion framework. 

 

 

Figure 2.5 Multi-scale Conditional Guidance Mechanism 

A holistic representation of the data distribution is provided by the global 

guidance vector, enabling a comprehensive contextual understanding. In contrast, the 

local guidance vector allows selective focus on the most influential regions within the 
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data, where critical information is contained for mitigating the impact of noise. As 

depicted in Figure 2.5, this mechanism is implemented through a dual-stream 

architecture. 

To begin with, the input data 𝑥 is embedded by the global encoder 𝑓𝑔, followed 

by a 1 × 1 convolutional layer, through which an attention map representing the 

overall distribution of prominent features is generated. The global guidance vector 𝑦̂𝑔 

is subsequently obtained by computing the average response across this saliency map, 

ensuring a stable global guidance vector for diffusion. 

In the local stream, Shapley Additive Explanations (SHAP) [76] is employed to 

identify and extract the most influential regions within the data by quantifying 

the contribution of individual features to the model’s predictions. Based on these 

identified key features, a refined subset of the data is subsequently constructed to 

facilitate further analysis. The sub-data is then processed by the local encoder 𝑓𝑙, and 

distinct feature representations are generated. To effectively aggregate these features, a 

gated attention mechanism [77] is employed, which adaptively assigns importance 

weights to different sub-data features. The resulting weighted feature representation is 

then passed through a linear layer, where the local guidance vector 𝑦̂𝑙 is computed, 

thereby enhancing the model’s capacity to capture fine-grained details while 

effectively suppressing noise. 

2.2.2. Diffusion Model 

Our proposed diffusion model adopts a two-stage framework analogous to 

Denoising Diffusion Probabilistic Models (DDPM) [1], consisting of a diffusion 

process and a denoising process. 

During the forward diffusion stage, the target variable 𝑦(0) is incrementally 

perturbed by the addition of Gaussian noise at each time step. These time steps are 

sampled from a uniform distribution over the interval [1, 𝑇], generating a sequence of 

progressively noised variables denoted as {𝑦(1), . . . , 𝑦(𝑡), . . . 𝑦(𝑇)}. This process serves 

to construct a latent representation that facilitates effective noise modeling. 

Following the training phase, the reverse diffusion process is executed to 

recover the original response variable. To parameterize this process, we use a 

conditional UNet architecture as the denoising network, following the standard DDPM 

implementation, as illustrated in Figure 2.6. The trained UNet 𝑔𝜃 with the set of 

trainable parameters 𝜃 is tasked with generating the final prediction 𝑦̂(0) by 

transforming the distribution of the noisy variable 𝑝𝜃(𝑦
(𝑇)) back to the original data 

distribution 𝑝𝜃(𝑦
(0)). 
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Figure 2.6 Conditional UNet Architecture 

With the initialization of the noisy variable follows the Gaussian distribution 

𝑝𝜃(𝑦
(𝑇)) = 𝒩 (

𝑦̂𝑔+ 𝑦̂𝑙

2
, 𝐼), the reverse diffusion process is formulated as: 

𝑝𝜃(𝑦
(0:𝑇−1)|𝑦(𝑇), 𝜋(𝑥))  =∏𝑝𝜃(𝑦

(𝑡−1)|𝑦(𝑡), 𝜋(𝑥))

𝑇

𝑡=1

 

The noisy variable 𝑦(𝑡) is sampled based on the guidance vectors generated by 

the MCGM, using the following equation: 

𝑦(𝑡) = √𝛼𝑡𝑦
(0) + √1 − 𝛼̅𝑡𝜖 + (1 − √𝛼̅𝑡)(𝑦̂𝑔 + 𝑦̂𝑙) 

where 𝜖 ∼ 𝒩(0, 𝐼), 𝛼̅𝑡 = ∏ 𝛼𝑡𝑡 , and 𝛼𝑡 = 1 − 𝛽𝑡 with a linear noise schedule 

{𝛽𝑡|𝛽𝑡 ∈ (0, 1)}𝑡=1:𝑇. 

Following the sampling process, the noisy variable 𝑦(𝑡) is further refined 

through the incorporation of dual guidance vectors 𝑦̂𝑔,  𝑦̂𝑙 before being input into the 

denoising model UNet 𝑔𝜃. The primary objective of UNet is to estimate the noise 

distribution, which is formally expressed as: 

𝑔𝜃(𝜋(𝑥), 𝑦
(𝑡), 𝑦̂𝑔, 𝑦̂𝑙 , 𝑡) = Dec (Enc (Proj (Concat(𝑦(𝑡), 𝑦̂𝑔, 𝑦̂𝑙)) , 𝜋(𝑥), 𝑡) , 𝑡) 

where Proj(·) denotes the projection layer mapping data to the latent space, Enc(·) 

and Dec(·) correspond to the encoder and decoder components of the UNet 

architecture, respectively. 

To enhance the model’s ability to capture semantic information, UNet not only 

processes the noisy variable 𝑦(𝑡) but also integrates the feature embedding 

𝜋(𝑥) with the projected noisy embedding. This integration enables the model to focus 

on high-level semantic features, thereby facilitating the generation of more robust and 

informative representations. With the architecture described in Figure 2.6, the 

integration of the timestep into the guidance vectors is introduced by initially 

performing an element-wise multiplication between the fused vector and the timestep 

embedding. Subsequently, the integration of the data feature embedding and the 
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response embedding is performed through an additional element-wise multiplication to 

ensure seamless information fusion. Following this processing step, the output vector 

is propagated through a pair of successive linear layers, each incorporating another 

element-wise multiplication with the timestep embedding to maintain temporal 

coherence. A final linear layer is employed for noise estimation, with an output 

dimensionality corresponding to the number of classes. It is important to emphasize 

that all fully connected layers in the model are equipped with a batch normalization 

layer and a Softplus activation function, except for the output layer, to enhance 

training stability and ensure smooth gradient flow. 

The proposed approach enhances the conventional diffusion model by 

conditioning each step of the estimation process on guidance vectors that integrate 

information from both the original data and the most influential regions within the 

data. This methodological refinement enables the model to more effectively leverage 

semantic information, thereby improving the accuracy and stability in the generated 

outputs. 

2.2.3. Loss Function 

Maximum-Mean Discrepancy (MMD) quantifies the difference between two 

distributions by analyzing discrepancies in their statistical properties [78], [79], 

efficiently computed using a positive definite kernel 𝕂(⋅,⋅) that reproduces 

distributions in Hilbert space. Inspired by these studies [80], [81], [82], a combination 

of MMD regularization functions is introduced to enhance the learning of mutual 

information between the noise-generating distribution and the reference normal 

distribution. 

In our approach, the noisy variable 𝑦𝑔
(𝑡)

 is sampled from the diffusion stage at 

timestep 𝑡, informed by the global guidance vector. The MMD loss is defined as: 

ℒ𝑔
𝑀𝑀𝐷(𝜖||𝑚) = 𝕂(𝜖, 𝜖′) − 2𝕂(𝜖𝑔, 𝜖)  +  𝕂(𝜖𝑔, 𝜖𝑔′) 

where 𝜖𝑔 = 𝑔𝜃𝜋((𝑥), √𝛼𝑡𝑦
(0) + √1 − 𝛼̅𝑡𝜖 + (1 − √𝛼̅𝑡)𝑦̂𝑔, 𝑡). This MMD 

regularization is also employed in the local guidance vector to compute ℒ𝑙
𝑀𝑀𝐷, as 

illustrated in Figure 2.4. 

During the diffusion process, model optimization is performed by minimizing 

the noise estimation loss ℒ𝜖, defined as follows: 

ℒ𝜖 = ‖𝜖 − 𝑔𝜃(𝜋(𝑥), 𝑦
(𝑡), 𝑦̂𝑔, 𝑦̂𝑙 , 𝑡)‖

2
 

Leveraging the generalized noise prediction capability of the loss function ℒ𝜖 

and the MMD regularizer effectively improves feature learning, accelerates 

model convergence, and enhances stability. The total loss function ℒ𝑡𝑜𝑡𝑎𝑙 for 
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GuidedDCNet is formulated by integrating the noise estimation loss with the 

MMD regularization terms, expressed as follows: 

ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝜖  +  𝜆(ℒ𝑔
𝑀𝑀𝐷 + ℒ𝑙

𝑀𝑀𝐷  ) 

where 𝜆 serves as a hyperparameter that regulates the influence of MMD 

regularization on the optimization process, ensuring a balanced trade-off between 

noise estimation accuracy and guidance vector consistency. 

2.3. GuidedSegNet Architecture 

 

Figure 2.7 GuidedSegNet Overall Architecture 

The complete pipeline of GuidedSegNet is depicted in Figure 2.7. At each time 

step 𝑡, the noisy segmentation mask 𝑥𝑡 is refined using a UNet-based diffusion model. 

This model operates under the guidance of segmentation features extracted from raw 

input images by a distinct UNet, referred to as the Condition Model. The conditioning 

is integrated through two distinct mechanisms: 

- Anchor Condition, which integrates decoded segmentation features from the 

Condition Model into the Diffusion Model’s encoder to provide a stable 

reference and reduce variance. 

- Semantic Condition, which incorporates semantic segmentation embeddings 

into the Diffusion Model’s embedding space. This integration is facilitated by 
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Spectrum Transformer, leveraging transformer-based global and dynamic 

representations to bridge the gap between noise and semantic embeddings. 

2.3.1. Anchor Condition 

Anchor Condition integrates rough anchor features from the Condition Model 

into the Diffusion Model, guiding predictions within a reasonable range while 

allowing refinement. Specifically, decoded segmentation features from the Condition 

Model are fused with the Diffusion Model’s encoder features, which account 

for uncertainty in the conditional features. Given the last conditional feature 𝑓𝑐
−1 and 

the first diffusion feature 𝑓𝑑
0, Spatial Attention [83] applies a learnable Gaussian kernel 

𝑘𝐺 to smooth 𝑓𝑐
−1, followed by a max operation to retain the most relevant 

information: 

𝑓𝑎𝑛𝑐 = max(𝑓𝑐
−1 ∗ 𝑘𝐺 , 𝑓𝑐

−1) 

𝑓′𝑑
0 = 𝜎(𝑓𝑎𝑛𝑐 ∗ 𝑘1×1) ⊗ 𝑓𝑑

0 + 𝑓𝑑 

where ∗ denotes kernel manipulation, ⊗  represents element-wise multiplication, and 

𝜎 is the Sigmoid activation. A 1 × 1 convolution reduces channel dimensions before 

multiplication, enhancing 𝑓𝑑
0 akin to spatial attention mechanisms. 

2.3.2. Semantic Condition 

The Semantic Condition integrates semantic segmentation embeddings into the 

embedding space of the Diffusion Model via the Spectrum Transformer, a module 

designed to capture and model the interactions between conditional semantic features 

and diffusion noise within the frequency domain. The architecture of the Spectrum 

Transformer module is presented in Figure 2.8. 

 

Figure 2.8 Spectrum Transformer Architecture 

A key component of Spectrum Transformer is the Neural Bandpass Filter (NBP-

Filter) [84], which learns to align these features to a unified frequency range. It 

adaptively selects relevant spectral components based on diffusion time steps, 

leveraging a learned projection from spatial coordinates to frequency magnitudes. 

Inspired by Neural Radiance Fields (NeRF) [85], we condition this projection on 

timestep embeddings using a stack of convolutional blocks with a layer normalization. 
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Spectrum Transformer consists of 𝑁 =  4 blocks, each containing two 

crossattention-like modules. First, embeddings from the Condition Model and 

Diffusion Model are transformed into the Fourier domain via Fourier transformation 

𝐹. Let 𝑐0 denotes the deepest feature embedding of the Condition Model and 𝑒 

represents the corresponding embedding of the Diffusion Model. An affinity map is 

computed using: 

𝑀 = (𝐹(𝑐0)𝑊𝑞)(𝐹(𝑒)𝑊𝑘)
𝑇 

where 𝑊𝑞 and 𝑊𝑘 are learnable weights. The NBP-Filter applies a learned attention 

map to refine 𝑀, which is then transformed back to Euclidean space via inverse 

Fourier transform  𝐹−1: 

𝑓 = 𝐹−1(𝑀′)(𝑐0𝑊𝑣)  

where 𝑊𝑣 is the learnable value weight. The second attention module symmetrically 

maps segmentation features into the noise domain, generating the conditioned 

embedding for the next block. This process enhances feature interaction, reducing the 

domain gap and improving segmentation accuracy. 

2.3.3. Forward and Reverse Diffusion Process 

GuidedSegNet is designed based on the diffusion model framework [1], 

including two stages: forward diffusion and reverse denoising. During the forward 

process, Gaussian noise is incrementally added to the original segmentation label 𝑥0 

over a series of 𝑇 steps, progressively corrupting the data. The reverse process 

involves training a neural network to learn the denoising trajectory, effectively 

reconstructing the original data by inverting the noise addition process. This procedure 

can be formally expressed as follows: 

𝑝𝜃(𝑥0:𝑇−1|𝑥𝑇) =∏𝑝𝜃(𝑥𝑡−1, 𝑥𝑡)

𝑇

𝑡=1

 

In this formulation, 𝜃 represents the parameters of the reverse process. The 

generative procedure is initiated by sampling from a Gaussian noise distribution, 

denoted as 𝑝𝜃(𝑥𝑇) = 𝒩(𝑥𝑇; 0, 𝐼𝑛×𝑛), where 𝐼 corresponds to the identity matrix and 

𝑥𝑇 represents the initial noisy latent variable. The reverse process then iteratively 

refines this latent representation, progressively transforming 𝑝𝜃(𝑥𝑇) toward the target 

data distribution 𝑝𝜃(𝑥0). To maintain consistency with the forward diffusion process, 

the reverse process reconstructs intermediate noisy representations at each step, 

ultimately producing a high-fidelity segmentation output. 
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To enable effective segmentation, the noise estimation function 𝜖 is conditioned 

on prior information extracted from the raw input image. This conditioning mechanism 

can be formally represented as: 

𝜖𝜃(𝑥𝑡 , 𝐼, 𝑡) = Dec(Trans(𝐸𝑡
𝐼 , 𝐸𝑡

𝑥𝑡), 𝑡) 

In this formulation, Trans refers to the transformer-based attention mechanism. 

The variable 𝐸𝑡
𝐼 denotes the conditional feature embedding derived from the raw 

image, while 𝐸𝑡
𝑥 represents the feature embedding corresponding to the segmentation 

map at the current time step 𝑡. These embeddings are jointly processed by the 

transformer module and subsequently passed through a UNet-based decoder, denoted 

as 𝐷𝑒𝑐, to enable reconstruction. The time step 𝑡 is incorporated into both the fused 

embedding and the decoder features, with each time index encoded via a shared, 

learnable lookup table, in accordance with the methodology proposed in [1]. 

2.4. BrainMedQwen 

BrainMedQwen is a specialized vision-language model (VLM) fine-tuned from 

Qwen2.5-VL-72B [21] to enhance its capability in medical image understanding and 

captioning. Built upon the robust multimodal foundation of Qwen2.5-VL 72B, 

presented in Figure 2.9, BrainMedQwen has been adapted for domain-specific tasks, 

including the interpretation of brain imaging data, extraction of clinically relevant 

attributes, 

and generation of detailed radiological descriptions. Fine-tuning involves training on a 

curated dataset of annotated medical images, with a particular emphasis on MRI scans, 

ensuring the model effectively recognizes anatomical structures, imaging modalities, 

pathological findings, and quantitative measurements. This adaptation enables 

BrainMedQwen to accurately identify key imaging parameters such as view 

orientation, pulse sequences, and lesion characteristics. By leveraging large-scale 

pretraining and targeted fine-tuning, BrainMedQwen bridges the gap between general-

purpose vision-language reasoning and the specialized requirements of medical 

imaging, thereby improving the automation and interpretability of radiological 

assessments. 
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Figure 2.9 Qwen 2.5-VL Architecture [21] 

2.5. A Multi-Agent Framework for Medical Question Answering Chatbot 

As the demand for intelligent and accessible healthcare support systems grows, 

medical chatbots have emerged as a promising solution for assisting patients and 

professionals with timely, relevant, and accurate information. To enhance the 

reliability and domain specialization of such systems, this chapter introduces a Multi-

Agent Medical Question Answering Framework, designed to manage complex medical 

queries, both in text and image formats, through collaborative interactions among 

specialized agents. 

The proposed framework, illustrated in Figure 2.10, incorporates a multi-agent 

architecture in which domain-specific agents coordinate to interpret and respond to 

user queries. Users can submit questions in textual or image formats, which are then 

processed and routed through a network of intelligent agents with access to medical 

memory and knowledge sources providing contextual history and integrates 

authoritative medical knowledge bases such as MedlinePlus, Mayo Clinic, WHO 

Guidelines, NICE Guidelines, OpenFDA, and more. 

The framework consists of the following key components: 

- Coordinator Agent: Serves as the central decision-maker, delegating tasks to 

appropriate domain-specific agents based on the query content. This team 
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leader parses user intent and identifies whether the query requires general 

medical knowledge, radiological expertise, or both. 

- Radiologist Agent: Specializes in interpreting medical images and 

radiological data, leveraging advanced analysis tools to execute tasks such as 

lesion detection, tumor classification, segmentation, and report generation. 

- General Practitioner Agent: Handles general medical knowledge queries, 

symptom checking, and basic diagnostic using structured knowledge sources 

and prior interaction history stored in the system's memory. 

 

 

Figure 2.10 Multi-Agent Framework for Medical Question Answering  

To support image-based question answering, the Radiologist Agent integrates 

with MedCapSys, a medical image captioning and analysis pipeline specifically 

optimized for brain imaging. 

The chatbot system maintains two distinct yet interconnected resources: 

- Memory: Tracks interaction history, patient-specific context, and follow-up 

information. 

- Knowledge Base: Continuously updated from verified medical APIs and 

guidelines (e.g., OpenFDA, NHS Conditions, DailyMed). 

These sources empower the agents to provide responses that are not only 

context-aware but also medically validated. 

2.6. Chapter Summary 

This chapter presented the detailed methodologies and system architectures 

employed in our project. We first introduced MedCapNet, a specialized architecture 

for medical image captioning, breaking down its components: the encoder, decoder, 
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and text generation module. Each part plays a crucial role in understanding visual 

features and translating them into clinically meaningful descriptions. 

Next, we described GuidedDCNet, a diffusion-based generative model 

enhanced by a multi-scale conditional guidance mechanism. The components, 

including the diffusion process and loss function, were elaborated to demonstrate how 

the model leverages both data-driven priors and structured conditions to produce high-

quality medical images. 

We also outlined the GuidedSegNet architecture, which focuses on medical 

image segmentation. By incorporating both anchor and semantic conditions, along 

with a bidirectional diffusion process, the model aims to improve segmentation 

accuracy through guided generation. 

In addition, we introduced BrainMedQwen, a model designed to leverage 

vision-language capabilities in a medical context, and concluded with a multi-agent 

system framework for a medical question answering chatbot. This framework 

integrates various specialized agents to provide coherent and accurate responses to 

medical inquiries. 

Overall, the methodologies discussed in this chapter form the backbone of our 

proposed solutions, setting the stage for the experimental validation and evaluation 

presented in the following chapters. 
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CHAPTER 3: IMPLEMENTATION AND EVALUATION 

 

 

3.1. Datasets 

3.1.1. Image Captioning Dataset 

The task utilizes an enhanced iteration of the Radiology Objects in COntext 

version 2 (ROCOv2) dataset [86], sourced from figures in open-access biomedical 

journal articles published on PubMed Central. This dataset is particularly suited for 

caption prediction tasks, as each image is paired with a corresponding caption. To 

ensure data quality and consistency, all captions underwent preprocessing to remove 

extraneous elements such as hyperlinks. The dataset is organized into three subsets: (1) 

the training set comprises 70,108 images with their corresponding captions, (2) the 

validation set contains 9,972 images and associated captions, and (3) the test set 

includes 17,237 images along with their captions. During training, all training captions 

are converted to lowercase. Several exmaples are presented in Table 3.1. 

Table 3.1 Example Samples from ROCOv2 Dataset 

Image Caption 

 

Axial view MRI brain showing solitary cystic mass 

(red arrow), with surrounding vasogenic edema 

(yellow arrow). 

 

Axial brain MRI showing decrease in size of cystic 

mass (red arrow). 

 

Coronal view MRI brain showing cystic mass with 

thickened peripheral enhancement (red arrow). 

3.1.2. Image Classification Dataset 

The lesion classification dataset used in this study is a curated combination of 

three publicly available datasets: Figshare [87], SARTAJ [88], and Br35H [89]. It 

comprises a total of 10,287 human brain MRI images, categorized into four distinct 
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classes: “glioma”, “meningioma”, “pituitary”, and “no_tumor”. The "no_tumor" class 

images were exclusively sourced from the Br35H dataset. However, during dataset 

refinement, it was observed that the glioma class images in the SARTAJ dataset were 

not correctly categorized, as evidenced by inconsistencies in prior studies and the 

performance of multiple trained models. To address this issue, the glioma images from 

the SARTAJ dataset were excluded, and images from the Figshare dataset were used 

instead. This preprocessing step ensures the integrity and reliability of the dataset, 

facilitating more accurate tumor classification and improving model performance in 

identifying different brain tumor types from MRI scans. Figure 3.1 presents the 

number of images per class, demonstrating a balanced distribution across the different 

categories. 

 

Figure 3.1 Number of Images per Class in Brain Tumor Classification Dataset 

3.1.3. Image Segmentation Dataset 

This study evaluates the segmentation task using a widely recognized medical 

image dataset: BraTS2020 [90]. The BraTS2020 dataset is an established benchmark 

for brain tumor segmentation in MRI and comprises multi-modal MRI scans, including 

T1-weighted, T1-weighted contrast-enhanced, T2-weighted, and Fluid Attenuated 

Inversion Recovery (FLAIR) sequences, as outlined in Table 3.2. 

Furthermore, a comprehensive synthesized dataset was constructed by 

aggregating 2,306 abnormal brain MRI images sourced from the ROCOv2 [86] 

dataset, along with an additional 7,787 images depicting pathological conditions 

relevant to brain tumor classification tasks. To facilitate precise annotation and 

enhance the quality of the dataset, segmentation masks for these images were 
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meticulously generated through a manual annotation process utilizing the SAM2 

framework [91]. This approach ensures high accuracy in the delineation of abnormal 

regions, thereby improving the reliability and applicability of the dataset for 

subsequent machine learning and deep learning applications in brain tumor detection 

and classification. 

Table 3.2 Statistical Analysis of the BraTS2020 

Attributes BRATS2020 

Number of contrasts 4 (T1, T2, T1CE, FLAIR) 

Number of samples per contrast 494 images/contrast 

Image size 240 ×  240 ×  155 

Ratio healthy/disease 40/60 

3.1.4. Multimodal Dataset 

To fine-tune the Vision-Language Model for medical applications, a diverse and 

high-quality dataset of 109,191 image-text pairs was curated through data crawling 

techniques. The dataset collection process focused on acquiring comprehensive textual 

and visual resources related to the anatomy of the brain across multiple languages. 

Sources included medical textbooks, peer-reviewed journal articles, scientific blogs, 

and reputable online repositories containing annotated medical diagrams and 

illustrations. By aggregating multilingual data, the model is enhanced with cross-

linguistic understanding, enabling it to interpret and generate medical descriptions in 

various languages while maintaining domain-specific accuracy. 

3.2. Preprocessing 

3.2.1. Image Classification Dataset 

Accurate tumor classification is often challenged by poor visual quality, noise, 

and low contrast in MRI scans. To address these limitations, the authors implemented 

the enhanced preprocessing technique, as illustrated in Figure 3.2, to enhance image 

quality, reduce noise, and improve contrast while preserving critical anatomical 

information. 
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Figure 3.2 Pipeline of Image Preprocessing for Classification 

This technique comprises six sequential steps for preprocessing brain MRI 

images. Initially, Otsu’s double threshold method [92] is applied to segment the image 

histogram into three sub-histograms: target, background, and foreground. This method 

employs global thresholding by analyzing the histogram’s shape and optimizing the 

threshold value to maximize inter-class variance, demonstrating robustness in 

segmenting complex images with multiple objects. 

In the second step, a weighted normalized constrained model is utilized to adjust 

the statistical probability of the sub-histograms. This model assigns higher weights to 

fewer successive gray levels and lower weights to more successive gray levels, thereby 

mitigating the dominance of high-frequency histogram bins and preventing excessive 

amplification.  

The third step involves determining the optimal parameter values for this model 

using Particle Swarm Optimization (PSO) [93], a computationally efficient algorithm 

known for its simplicity, rapid convergence, and low processing costs. PSO employs a 

swarm of particles distributed across the solution space, with each particle guided by 

position and velocity vectors. The entropy-based fitness function ensures an optimal 

balance between image enhancement and information preservation. 

In the fourth stage, histogram equalization [94] is applied independently to each 

sub-histogram, redistributing intensity values across the input image and enhancing 

contrast through a transformation function. The fifth step employs adaptive gamma 

correction [95] to further refine global contrast while maintaining a balance between 

computational efficiency and visual quality. This process prevents substantial drops in 
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high-intensity values while appropriately enhancing low-intensity regions, avoiding 

distortions in the cumulative density function (CDF). 

Finally, Wiener filtering [96] is applied to reduce noise in visually significant 

regions while maintaining image clarity. This linear filtering approach minimizes the 

MSE between the original and processed images by combining noise smoothing with 

inverse filtering for deconvolution. The result is an optimally enhanced MRI image, 

which facilitates improved tumor classification by preserving essential structural and 

pathological details. 

Images are also augmented before being fed into the model to enhance 

predictive performance. The augmentation steps include: 

- Applying zero padding to make the image square. 

- Resizing to a fixed dimension of 224 ×  224. 

- Normalizing pixel values using the parameters: 𝑚𝑒𝑎𝑛 = [0, 0, 0] and 𝑠𝑡𝑑 =

[0.5, 0.5, 0.5] for the three color channels. 

- Applying data augmentation by generating additional images through 

random rotations within the range of -90 to 90 degrees and 

horizontal/vertical flipping. 

3.2.2. Image Segmentation Dataset 

To improve data augmentation for the segmentation task, the model’s input is 

expanded to four channels. Each channel is randomly selected from one of the four 

available pulse sequences in the patient’s imaging data, specifically T1, T2, T1Ce, and 

FLAIR for the BRATS2020 dataset. This augmentation strategy increases the number 

of training samples in BraTS2020 by a factor of 16, thereby enhancing the model’s 

capacity to integrate diverse anatomical and pathological information from different 

imaging modalities. The process of augmentation is presented in Figure 3.3. 

 

Figure 3.3 Illustration of Data Augmentation for Image Segmentation Dataset 
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This method closely aligns with the approach used in our synthesized dataset. 

However, due to the limitation that each sample consists of only a single type of 

image, this technique does not contribute to an increase in the overall number of 

training samples. Consequently, while it may enhance certain aspects of data quality, it 

does not provide the benefit of dataset expansion, which is often crucial for improving 

model generalization and performance in deep learning applications. 

3.3. Implementation Details 

3.3.1. MedCapNet 

The proposed architecture, MedCapNet, is defined by key hyperparameters. 

Firstly, the embedding dimension D is set to 512, facilitating rich feature 

representation. Each Encoder or Decoder employs 8 attention heads, enabling the 

model to capture diverse aspects of the input simultaneously. Secondly, both the 

Enhancement Encoder and Decoder consist of N = 3 blocks, striking a balance 

between model depth and computational efficiency. The training procedure focuses on 

minimizing Cross Entropy loss [37] for the 900,000 steps in total and 10,000 steps for 

warm-up providing a strong foundation for the model’s learning process. The Adam 

optimizer [97] is used to minimize the objective function during training. During 

validation and inference, a beam search algorithm [48] with a width of 10 is employed 

to generate optimal output sequences. Inspired by [48], the learning rate is adaptively 

calculated throughout the training process using the following formula: 

𝑙𝑟 =  𝐷−0.5 ×min(𝑠𝑡𝑒𝑝𝑛𝑢𝑚−0.5, 𝑠𝑡𝑒𝑝𝑛𝑢𝑚 × 𝑤𝑎𝑟𝑚𝑢𝑝𝑠𝑡𝑒𝑝𝑠−1.5)  

3.3.2. GuidedDCNet 

This study employs a diffusion model based on the original DDPM training 

strategy [1]. To be more specific, each timestep 𝑡 is sampled randomly and 

independently from the set of integers {1, 2, . . . , 𝑇}. Additionally, the noise level is 

scheduled following a linear process, with values set at 𝛽1 = 1 × 10−4 and 𝛽𝑇 = 0.02. 

The Data, Local, and Global Encoders use ResNet101 backbones [44]. Initially, 

the MCGM module and Data Encoder undergo a pre-training phase for 25 epochs, 

utilizing Cross Entropy [37] as the loss function. Following this stage, the complete 

model is trained for 200 epochs, incorporating the pre-trained weights from MCGM to 

enhance learning stability and convergence. Both training phases leverage the Adam 

optimization algorithm [97] in conjunction with a cosine annealing scheduler. The 

initial learning rate is configured as 5 ×  10−4 for the MCGM and Data Encoder, 

while the Unet model is assigned an initial learning rate of 10−3. The hyperparameter 

𝜆 in the total loss function, ℒ𝑡𝑜𝑡𝑎𝑙, is assigned a value of 0.5. 
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3.3.3. GuidedSegNet 

As in GuidedDCNet, each timestep 𝑡 is randomly and independently selected 

from the integer set {1, 2, . . . , 𝑇}. . The noise level follows a linear scheduling process, 

starting at 𝛽1 = 1 × 10−4 and increasing to 𝛽𝑇 = 0.02. GuidedSegNet is trained in an 

end-to-end manner using the AdamW optimizer [97] with a batch size of 32. The 

initial learning rate was set to 1 × 10−4. For inference, 100 diffusion steps were 

employed. The model is executed 10 times for ensemble generation. To aggregate the 

generated samples, the STAPLE algorithm [98] was applied for fusion. 

3.3.4. BrainMedQwen 

The Qwen2.5-VL 72B model [5] was fine-tuned using the Adam optimizer [97] 

to enhance its performance. The fine-tuning process was conducted over a total of 10 

epochs, with a batch size of 4 to balance computational efficiency and training 

stability. The learning rate was set to 2 × 10−4 to facilitate effective gradient updates, 

and a warmup phase consisting of 50 steps was incorporated to ensure a smooth 

transition into stable training. These hyperparameters were carefully selected to 

optimize convergence and improve the model’s adaptation to the target task. 

Following the supervised fine-tuning (SFT) phase, the Direct Preference 

Optimization (DPO) method [99] is widely employed to enhance the output quality of 

VLMs. DPO is trained on a dataset comprising preference pairs 𝐷 =  {(𝑣, 𝑥, 𝑦𝑤 , 𝑦𝑙)} 

where the preferred output 𝑦𝑤 is ranked higher than the less favorable output 𝑦𝑙 given 

the same visual input 𝑣 and textual input 𝑥. The optimization objective of DPO is to 

maximize the difference in likelihood between the preference pairs, defined as: 

ℒ𝐷𝑃𝑂(𝜋𝜃; 𝜋𝑟𝑒𝑓)

= −𝔼(𝑣,𝑥,𝑦𝑤,𝑦𝑙)∼𝐷 [𝑙𝑜𝑔𝜎 (𝛽 𝑙𝑜𝑔
𝜋𝜃(𝑦𝑤||𝑣, 𝑥)

𝜋𝑟𝑒𝑓(𝑦𝑤||𝑣, 𝑥)
− 𝛽𝑙𝑜𝑔

𝜋𝜃(𝑦𝑙||𝑣, 𝑥)

𝜋𝑟𝑒𝑓(𝑦𝑙||𝑣, 𝑥)
)] 

In the annotation process, v represents images, while 𝑥 corresponds to the 

instructional input for generating scripts. The flawed output script generated by the 

VLM is denoted as 𝑦𝑙, whereas 𝑦𝑤 represents the lecture script refined by human 

annotators. However, obtaining human feedback for long-form outputs is both time-

intensive and costly. 

Given that 𝑦𝑤 = {𝑦𝑤
𝑖  | 𝑖 = 1, . . . , 𝑁} represents a revised script for an 𝑁-page 

document, we progressively treat each page’s revised script 𝑦𝑤
𝑖  as a preferred 

segment over the corresponding flawed script. Consequently, the optimization 

objective is reformulated as: 
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ℒ𝐼𝑡𝑒𝑟𝐷𝑃𝑂(𝜋𝜃; 𝜋𝑟𝑒𝑓)

= −𝔼(𝑣,𝑥,𝑦𝑤,𝑦𝑙)∼𝐷∑[𝑙𝑜𝑔𝜎 (𝛽 𝑙𝑜𝑔
𝜋𝜃(𝑦≤𝑖

𝑤 ||𝑣≤𝑖 , 𝑥)

𝜋𝑟𝑒𝑓(𝑦≤𝑖
𝑤 ||𝑣≤𝑖 , 𝑥)

𝑁

𝑖=1

− 𝛽 𝑙𝑜𝑔
𝜋𝜃(𝑦≤𝑖

𝑙 ||𝑣≤𝑖 , 𝑥)

𝜋𝑟𝑒𝑓(𝑦≤𝑖
𝑙 ||𝑣≤𝑖 , 𝑥)

)] 

where 𝑦≤𝑖
𝑤  and 𝑦≤𝑖

𝑤  denote the revised and unrevised scripts up to page 𝑖, respectively, 

and 𝑣≤𝑖 represents the corresponding visual inputs. By treating 𝑦≤𝑖
𝑤  as a newly 

preferred response over 𝑦≤𝑖
𝑙  the model can learn fine-grained feedback on long-form 

outputs, effectively expanding the number of preference pairs by a factor of 𝑁. This 

approach increased of generation of iterative training pairs. 

Beyond human-annotated feedback, we further leverage AI-generated feedback 

by employing GPT-4o [100] as a reward model. Following the Reinforcement 

Learning from AI Feedback (RLAIF) framework [101], responses were sampled from 

the SFT model across long-output instructions. GPT-4o was then utilized to assign 

length and quality scores to construct additional preference pairs. The final DPO 

model was trained on the preference pairs, incorporating both human and AI-generated 

feedback to enhance model performance. 

3.3.5. Prompt Design 

The prompt for the MedCapSys as well as Medical Question Answering 

Chatbot is developed based on the concept proposed by [102] to ensure that the  

enerated response meets the desired expectations. Specifically, the prompt is structured 

as follows: 

- Role Assignment & Domain Expertise 

- Context & Data Integration 

- Structured & Systematic Output 

- Instruction Execution Strategy 

- Style & Precision Requirements 

The detailed prompts for the MedCapSys and Medical Question Answering 

Chatbot  are presented in APPENDIX A:. 

3.4. Design and Implementation of the Demonstration System 

3.4.1. Software Architecture and Design 

The system is designed as a web-based platform that integrates advanced 

medical image analysis and interactive health information services. It offers two main 

functionalities: (1) automatic generation of medical reports from brain MRI images 

and (2) a chatbot capable of answering general medical inquiries. The software 
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architecture follows a modular design pattern to ensure scalability, maintainability, and 

extensibility. 

3.4.1.1. Brain MRI Report Generation 

The Brain MRI Report Generation function is a core component of the software 

system, enabling users to upload brain MRI images and receive automated diagnostic 

reports. This function is supported through a combination of user interactions, backend 

validation, and report generation services, as detailed in the architectural diagrams. 

The Use Case Diagram (Figure 3.4) illustrates the primary scenario in which the 

user accesses the “View Brain MRI Report” functionality. This use case includes the 

“Upload Brain MRI Image” sub-function as a prerequisite step. This structure ensures 

that a report can only be generated once a valid image has been provided by the user. 

 

Figure 3.4 Use Case Diagram of the Brain MRI Report Generation Function 

The Swimlane Diagram (Figure 3.5) further elaborates the flow of activities 

between the user and the system. The process starts with the user uploading a brain 

MRI image and selecting a version (e.g., report model version). The system then 

receives and validates the image format. If the format is valid, the system proceeds to 

generate the diagnostic report, which is ultimately made available for the user to view. 

If the image is invalid, the system halts the process, preventing the generation of a 

report and prompting the user to re-upload. 
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Figure 3.5 Swimlane Diagram of the Brain MRI Report Generation Function 

The Sequence Diagram (Figure 3.6) provides a detailed interaction timeline 

between the user, user interface, and the report generation API. It begins with the user 

uploading the image and selecting the desired version. The user interface then sends 

both inputs to the Report Generation API. The API processes the request by invoking 

the report generation module. Once the diagnostic report is prepared, it is returned to 

the user interface and displayed to the user. 

 

Figure 3.6 Sequence Diagram of the Brain MRI Report Generation Function 



MedCapSys: A Novel Approach To Highly Detailed Brain Medical Image Analysis 

Student : Phan Minh Nhat          Instructor : Dr. Nguyen Van Hieu 47 

This function is designed to be modular and responsive. By separating 

responsibilities across the user interface and backend services, the system ensures that 

each component remains scalable and maintainable. Furthermore, the validation step 

before report generation enhances data integrity and system reliability. 

3.4.1.2. Medical Question Answering Chatbot 

The Medical Question Answering Chatbot is the second key feature designed to 

assist users in receiving immediate responses to health-related queries through a 

conversational interface. This function utilizes natural language input and an AI-

powered backend to generate relevant medical answers in real time. 

The Use Case Diagram (Figure 3.7) outlines the primary use case "Get 

Answer," which includes the "Send Message" functionality. This inclusion indicates 

that users must first send a message (i.e., their question) as part of the process of 

receiving an answer. It represents a straightforward interaction from the user’s 

perspective but highlights the underlying step-by-step mechanism. 

 

 

Figure 3.7 Use Case Diagram of the Medical Question Answering Chatbot 

The Swimlane Diagram (Figure 3.8) elaborates on the dynamic flow of this 

interaction between the user and the system. The user initiates the process by entering 

a question. The system then receives and validates the question format. If the format is 

deemed valid, the system proceeds to generate an appropriate response using its 

underlying chatbot logic. The generated answer is then returned to the user for 

viewing. Invalid inputs are rejected, prompting users to re-enter a properly formatted 

query. 
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Figure 3.8 Swimlane Diagram of the Medical Question Answering Chatbot 

The Sequence Diagram (Figure 3.9) further details the communication flow 

between the user, user interface, and chatbot API. The user sends a question through 

the user interface, which forwards the query to the Chatbot API. The API processes the 

input and generates a medical answer using its internal AI model. The response is then 

returned to the user interface and displayed to the user. This diagram emphasizes the 

asynchronous nature of the backend communication and highlights the system’s 

modular design. 

 

Figure 3.9 Sequence Diagram of the Medical Question Answering Chatbot 
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This chatbot function is designed to improve user experience by providing 

timely and contextually relevant medical information. By separating concerns between 

the UI and the API, the system achieves flexibility, scalability, and the ability to 

integrate more advanced natural language processing capabilities in future iterations. 

3.4.2. System Implementation 

3.4.2.1. Backend Implementation 

a) Programming Language 

The backend of the our system was implemented using Python version 3.11.11, 

a widely adopted programming language for artificial intelligence applications. Python 

was selected due to its simplicity, readability, and strong support from the AI and 

machine learning communities. 

b) API Framework and Server 

To build the RESTful API for communication between the user interface and 

the chatbot engine, the backend leveraged the FastAPI framework. FastAPI was 

chosen for its high performance, automatic data validation, asynchronous capabilities, 

and intuitive syntax, which allowed for rapid development and easy maintenance. 

Moreover, this framework is paired with Uvicorn, a lightning-fast ASGI server that 

runs the FastAPI app, supporting asynchronous I/O operations and improving the 

system's responsiveness. 

c) Libraries 

Several libraries were integrated into the backend to support key functionalities: 

- Transformers and Diffusers for integrating deep learning models 

- OpenCV, Pillow, Numpy, pydicom for handling and processing images 

d) Chatbot Implementation with Agno Framework 

To implement the medical question answering chatbot, the system utilizes the 

Agno Framework [103], a modular, extensible Python-based framework designed for 

building conversational AI systems with a clean separation of logic, context, and 

response generation. Agno provides a structured conversation pipeline that includes: 

(1) Message Handling Layer, (2) Intent Recognition and Routing, (3) Context 

Management (4) Custom Tools, (4) Response Generator, (5) Error Handling and 

Fallbacks, (6) Extensibility and Debugging. By using Agno, the we avoided building 

the chatbot pipeline from scratch and gained a clean framework to implement domain-

specific skills and maintain logic consistency. The flexibility of Agno’s architecture 

also allows future integration of additional AI models, more advanced dialogue 

management, and external medical data sources with minimal architectural changes. 
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e) Semantic Search with Qdrant 

To enhance the chatbot’s ability to understand and retrieve accurate medical 

knowledge based on semantic meaning rather than just keyword matching, the system 

integrates Qdrant [70], an open-source vector database optimized for high-

performance similarity search and semantic retrieval. Qdrant is used as the backend 

knowledge base for the chatbot. When users submit questions that do not match any 

predefined intents or patterns in the Agno Framework, the query is converted into a 

vector embedding and used to search for the most relevant answers in the vector space. 

f) API Deployment and Reverse Proxy 

The backend API is containerized and deployed using Docker [104] to ensure 

consistency across development and production environments. The FastAPI 

application is placed behind an Nginx [105] reverse proxy to improve performance, 

reliability, and security. 

In this architecture, Nginx acts as a front-facing web server that routes incoming 

HTTP/HTTPS requests to the internal Uvicorn server running the FastAPI app. Nginx 

handles TLS/SSL termination, static file serving, request buffering, and connection 

handling. This separation of concerns enables better load handling, support for 

connection keep-alive, and easier configuration for features such as rate limiting, 

caching, or custom headers. 

3.4.2.2. Frontend Implementation 

The frontend of the system was developed using Next.js, a powerful React-

based web development framework optimized for building full-stack applications with 

server-side rendering (SSR) and static site generation (SSG).  

The frontend was styled using Tailwind CSS, which supports utility-first design 

principles and ensures a consistent and responsive layout across desktop and mobile 

devices. Interactive behavior, form handling, and conditional rendering were managed 

using React’s built-in hooks. 

The entire frontend was deployed using Vercel, which is the official deployment 

platform for Next.js. Vercel offers a fully managed infrastructure optimized for Next.js 

applications and provides features. 

This setup allows the frontend to scale automatically with traffic, serve global 

users efficiently through Vercel’s edge network, and deliver an excellent user 

experience for medical professionals and patients accessing chatbot responses or 

diagnostic information. 
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3.5. Evaluation Metrics 

3.5.1. Image Captioning Evaluation 

To evaluate the performance of these models comprehensively, multiple 

evaluation metrics are utilized, combining both traditional and neural-based 

approaches. Among these, BERTScore [106] is employed as a state-of-the-art 

semantic similarity metric for sentence-level evaluation. Specifically, the evaluation 

uses the pre-trained “microsoft/deberta-xlarge-mnli” model as the underlying 

language representation model, which enhances the ability of BERTScore to capture 

nuanced semantic relationships between reference and generated sentences. 

BERTScore computes similarity by aligning tokens in the generated sentence 

with those in the reference sentence using contextual embeddings derived from a 

transformer-based model. Let 𝑋 = (𝑥1, … , 𝑥𝑚) and 𝑌 = (𝑦1, … , 𝑦𝑛) be the token 

embeddings of the reference and candidate sentences, respectively. Then, the 

precision, recall, and F1 score are calculated based on cosine similarity between these 

embeddings: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
1

|𝑌|
∑max

𝑥∈𝑋
cosine(𝑦, 𝑥)

𝑦∈𝑌

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
1

|𝑋|
∑max

𝑦∈𝑌
cosine(𝑥, 𝑦)

𝑥∈𝑋

 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

In addition to BERTScore, several widely adopted metrics for text generation 

evaluation are also included: 

- ROUGE-1: Measures the overlap of unigrams (i.e., single words) between the 

generated and reference texts. It is computed as: 

𝑅𝑂𝑈𝐺𝐸 − 1 =
Number of overlapping unigrams

Total unigrams in reference
 

- BLEU-1: Evaluates the precision of unigrams, i.e., how many unigrams in the 

generated text appear in the reference text. The general BLEU score is based on 

n-gram precision with a brevity penalty 𝐵𝑃, but BLEU-1 focuses only on 

unigrams: 

𝐵𝐿𝐸𝑈 − 1 = 𝐵𝑃 × exp(∑𝑤𝑛 log 𝑝𝑛

1

𝑛=1

) = 𝐵𝑃 × 𝑝1 

where 𝑝1 is the unigram precision and 𝐵𝑃 is the brevity penalty defined as: 
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𝐵𝑃 = {
1              if 𝑐 > 𝑟

𝑒1−
𝑟

𝑐         if c ≤ r
 

with 𝑐 being the length of the candidate sentence and 𝑟 the length of the reference. 

- CIDEr: Measures the consensus between a generated sentence and a set of 

reference sentences using TF-IDF weighting for n-grams (up to 4-grams). It is 

defined as: 

𝐶𝐼𝐷𝐸𝑟 =
1

𝑁
∑𝐶𝐼𝐷𝐸𝑟𝑛

𝑁

𝑛=1

 

where each 𝐶𝐼𝐷𝐸𝑟𝑛 is calculated using the cosine similarity between TF-IDF vectors 

of n-grams. 

- METEOR: Aligns words between the candidate and reference texts using exact 

matches, stemming, and synonyms. It considers both precision and recall, with 

a harmonic mean (F-score) adjusted by a fragmentation penalty 𝑃𝑒𝑛: 

𝑀𝐸𝑇𝐸𝑂𝑅 = 𝐹𝑚𝑒𝑎𝑛 × (1 − 𝑃𝑒𝑛) 

where: 

𝐹𝑚𝑒𝑎𝑛 =
10 × 𝑃 × 𝑅

𝑅 + 9𝑃
 

and 𝑃 and 𝑅 are unigram precision and recall, respectively. 

This multifaceted evaluation strategy ensures both syntactic and semantic 

alignment between generated and reference texts, offering a more comprehensive 

assessment of model performance across diverse aspects of language generation. 

3.5.2. Image Classification Evaluation 

To evaluate the performance of the image classification models, a set of 

standard evaluation metrics are employed, including Accuracy, Precision, Recall, and 

F1-score. These metrics provide a comprehensive understanding of the model’s 

predictive capabilities, particularly in contexts where class distributions may be 

imbalanced. 

Accuracy represents the proportion of correctly predicted instances over the 

total number of instances. It provides a general sense of the model's performance 

across all classes: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

where: 

- 𝑇𝑃 (True Positive): number of correctly predicted positive instances. 

- 𝑇𝑁 (True Negative): number of correctly predicted negative instances. 
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- 𝐹𝑃 (False Positive): number of negative instances incorrectly predicted as 

positive. 

- 𝐹𝑁 (False Negative): number of positive instances incorrectly predicted as 

negative. 

While accuracy is useful in balanced datasets, it can be misleading when classes are 

imbalanced. 

 

Precision measures the proportion of correctly predicted positive instances out 

of all instances predicted as positive. It evaluates the model's ability to avoid false 

positives: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

A high precision indicates that when the model predicts a positive label, it is likely to 

be correct. 

 

Recall measures the proportion of actual positive instances that were correctly 

identified by the model: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

A high recall means the model can successfully identify most of the positive instances, 

which is crucial in applications like medical diagnosis or fraud detection. 

 

The F1-score provides a balanced metric that considers both precision and 

recall. It is especially useful in scenarios with class imbalance, where optimizing only 

one metric may not reflect overall performance adequately: 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

The F1-score is the harmonic mean of precision and recall. Unlike the arithmetic 

mean, the harmonic mean penalizes extreme values more, which ensures that both 

precision and recall must be reasonably high for the F1-score to be high. 

By combining these evaluation metrics, we obtain a robust and nuanced 

assessment of the image classification models’ performance, allowing for both global 

correctness (accuracy) and class-specific behavior (precision, recall, and F1-score) to 

be thoroughly analyzed. 
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3.5.3. Image Segmentation Evaluation 

To evaluate the performance of image segmentation models, particularly in 

domains where both region consistency and boundary accuracy are essential, three 

widely used and complementary metrics are employed: Dice Coefficient, Intersection 

over Union (IoU), and the 95th percentile Hausdorff Distance (HD95). These metrics 

collectively assess the quality of the predicted segmentation masks by capturing both 

pixel-wise overlap and boundary alignment with the ground truth annotations. 

The Dice Coefficient measures the degree of overlap between the predicted 

segmentation mask and the ground truth mask. It is especially sensitive to mismatches 

in small structures and is often preferred in medical image analysis due to its 

sensitivity to the presence of false negatives. 

𝐷𝑖𝑐𝑒 =
2 × |𝐴 ∩ 𝐵|

|𝐴| + |𝐵|
 

where 𝐴 is the set of predicted positive pixels (segmented region) and 𝐵 is the set of 

ground truth positive pixels. The Dice score ranges from 0 (no overlap) to 1 (perfect 

overlap), and a higher score indicates better segmentation performance. 

IoU, also known as the Jaccard Index, is another region-based metric that 

quantifies the similarity between the predicted and ground truth masks. It is defined as 

the size of the intersection divided by the size of the union of the two sets: 

𝐼𝑜𝑈 =
|𝐴 ∩ 𝐵|

|𝐴 ∪ 𝐵|
 

The IoU also ranges from 0 to 1, with higher values indicating better segmentation 

quality. While similar to the Dice coefficient, IoU is generally considered slightly 

more strict in penalizing mismatches. 

The Hausdorff Distance (HD) measures the maximum distance between the 

boundary points of the predicted segmentation and the ground truth. However, since 

the standard HD is highly sensitive to outliers, the HD95 is often used for robustness. 

Let 𝑆 and 𝐺 denote the sets of boundary points of the predicted and ground truth 

masks, respectively. The directed Hausdorff distance from 𝑆 to 𝐺 is: 

𝑑(𝑆, 𝐺) = max
𝑠∈𝑆

min
𝑔∈𝐺

‖𝑠 − 𝑔‖ 

The symmetric Hausdorff Distance is then: 

𝐻𝐷(𝑆, 𝐺) = max{𝑑(𝑆, 𝐺), 𝑑(𝐺, 𝑆)} 

The HD95 is defined as the 95th percentile of the distribution of all minimum 

distances from boundary points in one set to the other: 

𝐻𝐷95 = max {percentile95 ({min
𝑔∈𝐺

‖𝑠 − 𝑔‖ |𝑠 ∈ 𝑆} ∪ {min
𝑠∈𝑆

‖𝑠 − 𝑔‖ |𝑔 ∈ 𝐺})} 
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A lower HD95 value indicates that the predicted boundaries are closer to the ground 

truth, and therefore the segmentation is more spatially accurate. 

3.5.4. Prompt Design Evaluation 

Following the methodology proposed by [22], we conduct a two-pronged 

evaluation of the output quality and length conformity of the designed prompts. This 

approach ensures that generated responses are not only content-rich and high quality 

but also align well with specified constraints on output length. To this end, two key 

metrics are used: length score 𝑆𝑙 and quality score 𝑆𝑞. 

The length score 𝑆𝑙 quantifies how closely the actual output length 𝑙𝑣 produced 

by the model matches the required or target length 𝑙𝑟. The aim is to reward outputs that 

adhere to the desired verbosity, penalizing those that are either too short or too long. 

The score is computed using a piecewise function as follows: 

𝑆𝑙 =

{
 
 

 
 100 × max (0, 1 − (

𝑙𝑣
𝑙𝑟
− 1)) , if 𝑙𝑣 > 𝑙𝑟  

100 × max (0, 1 − (
𝑙𝑟
𝑙𝑣
− 1)) , if 𝑙𝑣 ≤ 𝑙𝑟

 

where 𝑙𝑣 is length of the model’s output (in tokens), 𝑙𝑟 is required or target output 

length. 

To assess the semantic and stylistic quality of the model’s output, we employ 

GPT-4o [32] as an automatic evaluator. The quality score 𝑆𝑞 is assigned based on six 

key dimensions that capture both the informational content and the user-perceived 

readability of the text: 

- Relevance: How well the content addresses the visual prompt or question. 

- Accuracy: The factual correctness of the output, particularly with respect to 

visual details. 

- Coherence: Logical consistency within the output; ideas should be well 

connected. 

- Clarity: Fluency and grammatical correctness of the text. 

- Breadth and Depth: Completeness and level of detail provided in the 

explanation or description. 

- Overall Reading Experience: The subjective impression of quality from a 

human reader’s perspective. 

Each aspect is scored independently, and the final quality score 𝑆𝑞 is computed 

as the average of the six component scores, each typically normalized to a 0-100 scale: 
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𝑆𝑞 =
1

6
∑𝑠𝑖

6

𝑖=1

 

where 𝑠𝑖 is the individual score for each quality aspect. 

Together, the two metrics, 𝑆𝑙 for length conformity and 𝑆𝑞 for qualitative 

assessment, offer a holistic evaluation of the Vision-Language Model's performance. 

While 𝑆𝑙 enforces adherence to structural requirements (such as being concise or 

elaborate), 𝑆𝑞 ensures that the content remains meaningful, coherent, and engaging. 

This dual evaluation framework is particularly useful for generating descriptive 

captions, explanations, or answers that must be both controlled and high-quality. 

3.6. Experimental Results 

3.6.1. Image Captioning Results 

Table 3.3 presents a comparative analysis of various approaches to image 

captioning. The models under consideration are categorized into two primary 

architectures: CNN-LSTM and CNN-Transformer. The CNN-LSTM category is 

represented by GCN-LSTM [54] and X-LAN [55], while CNN-Transformer is 

exemplified by X-Transformer [55] and M2 Transformer [56]. To establish a 

benchmark for performance evaluation, the results of the top performing teams in the 

ImageCLEFmedical competition [57], including CSIRO [58], closeAI2023 [107], 

AUEB-NLP-Group [108], and PCLmed [59], were used as a reference point for 

comparison with the proposed model. The proposed model demonstrated superior 

performance across the BERTScore, CIDEr, and METEOR metrics, achieving scores 

of 0.647, 0.239, and 0.094, respectively. No tably, regarding BERTScore, MedCapNet 

surpassed the state-of-the-art model from CSIRO by a margin of 0.006, 0.036, and 

0.014. However, a comparative analysis of ROUGE-1 and BLEU-1 revealed that the 

proposed model underper formed the model from team PCLmed on these metrics. 

MedCapNet achieves a ROUGE-1 score of 0.244, which is competitive but slightly 

lower than PCLmed (0.253) and CSIRO (0.246) models. This indicates that its ability 

to match un igrams (words) in the reference captions is strong, though not the best in 

this comparison. With a BLEU-1 score of 0.162, MedCapNet performs similarly to 

other models like the model of CSIRO (0.162) and AUEB-NLP-Group (0.169), but it 

is lower than that of PCLmed, which has the highest score (0.217). 

Table 3.3 Comparison the performance of MedCapNet and other models 

Model/Team 
BERT-

Score (↑) 

ROUGE-1 

(↑) 

BLEU-1 

(↑) 

CIDEr 

(↑) 

METEOR 

(↑) 
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GCN-LSTM  0.584 0.237 0.157 0.185 0.075 

X-LAN 0.629 0.240 0.157 0.192 0.078 

X-Transformer  0.630 0.241 0.159 0.195 0.079 

M2 Transformer  0.622 0.239 0.158 0.195 0.078 

PCLMed 0.615 0.253 0.217 0.232 0.092 

AUEB-NLP-Group 0.617 0.213 0.169 0.147 0.072 

closeAI2023 0.628 0.240 0.185 0.238 0.087 

CSIRO 0.641 0.246 0.162 0.203 0.080 

MedCapNet 0.647 0.244 0.162 0.239 0.094 

 

Table 3.4 compares MedCapNet’s performance with and without key 

components (FM, EEb, DLSA, and SGSA) across five metrics. The full MedCapNet 

model achieves the highest scores, showing that each module contributes to generating 

high-quality captions. Removing FM leads to the largest drop in performance, with 

BERTScore falling to 0.615 and METEOR to 0.086, indicating FM’s importance for 

semantic coherence. Excluding EEb also lowers ROUGE-1 and CIDEr, emphasizing 

its role in content precision. The absence of DLSA and SGSAslightly reduces scores, 

with each component adding a unique value. Ablation studies revealed a significant 

decline in performance across all metrics when either component is removed. While 

both components are instrumental, the FM exerted a slightly more pronounced 

influence on metrics such as METEOR and ROUGE-1. These findings underscore the 

synergistic relationship among FM, EEb, DLSA, and SGSA in achieving the model’s 

peak performance. 

Table 3.4 Ablation experiment on the effect of Fusion Module (FM), Enhancement 

Encoder block (EEb), Dense Local Self Attention (DLSA), and Sparse Global Self 

Attention (SGSA) 

Model 
BERT-

Score (↑) 

ROUGE-1 

(↑) 

BLEU-1 

(↑) 

CIDEr 

(↑) 

METEOR 

(↑) 

MedCapNet 

w/o FM 
0.615 0.240 0.157 0.232 0.086 

MedCapNet 

w/o EEb 
0.641 0.236 0.158 0.235 0.087 

MedCapNet 

w/o DLSA 
0.643 0.240 0.156 0.231 0.088 

MedCapNet 0.642 0.238 0.159 0.231 0.090 
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w/o SGSA 

MedCapNet 0.647 0.244 0.162 0.239 0.094 

 

As shown in Table 4, the generated captions preserve semantic accuracy but use 

some synonymous expressions, likely explaining MedCapNet’s high scores on 

BERTScore, CIDEr, and METEOR, with lower scores on ROUGE-1 and BLEU-1. 

Despite achieving state-of-the-art (SOTA) performance, the generated captions remain 

inadequate for practical clinical applications. Specifically,  they fail to provide critical 

information, including lesion size, the suspected site of  origin,  and the presence of 

surrounding necrosis, which are essential for accurate medical interpretation and 

decision-making. 

Table 3.5 Example of Generated Captions from MedCapNet 

Image Generated Caption Label 

 

Axial T2-weighted MRI scan 

of the brain showing a mass in 

the left frontal lobe (red 

arrow). 

Axial view MRI brain 

showing solitary cystic mass 

(red arrow), with surrounding 

vasogenic edema (yellow 

arrow). 

 

Axial T2-weighted MRI scan 

of the brain showing a 

hyperintensity in the left 

frontal lobe (red arrow). 

Axial brain MRI showing 

decrease in size of cystic mass 

(red arrow). 

 

Coronal T1-weighted MRI 

scan of the brain showing a 

mass in the left cerebellum 

(red arrow). 

Coronal view MRI brain 

showing cystic mass with 

thickened peripheral 

enhancement (red arrow). 

3.6.2. Image Classification Results 

GuidedDCNet demonstrates strong classification performance on brain tumor 

classification datasets. The model achieves 93.67% accuracy and an 90.72 F1-score, 

significantly outperforming ConvNeXtV2, as well as traditional architectures like 

ResNet101 and Vision Transformer (Table 3.6). 
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Table 3.6 Quantitative results for Image Classification 

Preprocessing Method 
Accuracy 

(↑) 

Precision 

(↑) 

Recall 

(↑) 

F1-Score 

(↑) 

- 

ResNet101 74.41 72.10 69.32 70.68 

ViT 82.51 81.65 80.57 81.11 

ConvNeXtV2 87.52 88.37 85.74 87.04 

GuidedDCNet 93.67 92.00 89.44 90.72 

✓ 

ResNet101 93.78 92.72 93.16 92.94 

ViT 94.57 93.75 94.92 94.33 

ConvNeXtV2 97.10 95.54 95.31 95.42 

GuidedDCNet 99.51 98.09 97.78 97.93 

 

The performance is further enhanced when combined with preprocessing, 

GuidedDCNet attains state-of-the-art results with 99.51% accuracy and a 97.93 F1-

score, surpassing all prior models. Its high precision and recall further demonstrate its 

balanced performance in identifying tumor types. These findings highlight the model’s 

efficacy in handling fine-grained classification and class imbalance challenges. 

The model’s architecture is particularly effective in capturing multi-scale visual 

features. MSCGM’s global guidance vector captures overall morphological patterns, 

while the local guidance mechanism, leveraging SHAP, identifies discriminative 

features. This approach is especially beneficial for brain tumor classification, where 

distinguishing subtle tumor type-specific traits is critical, and macro- and micro-level 

feature extraction enhances classification. 

To evaluate the contribution of each architectural component in GuidedD CNet, 

ablation studies were conducted across three data modalities (Table 3.7). The analysis 

began with the global stream alone, followed by the sequential integration of the local 

stream, diffusion process, and MMD regularization to assess their individual impact on 

performance. 

Table 3.7 Ablation Study in GuidedDCNet 

Local Stream Diffusion MMD 
Accuracy 

(↑) 

F1-Score 

(↑) 

- - - 93.78 92.94 

✓ - - 96.57 94.78 

✓ ✓ - 98.37 97.70 
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✓ ✓ ✓ 99.51 97.93 

 

Accuracy improves from 93.78% (global stream) to 96.57% with the local 

stream, demonstrating its role in capturing local details. The diffusion process further 

enhances accuracy to 98.37%, while MMD regularization achieves the highest 

accuracy of 99.51%, reinforcing its impact on feature discrimination. A similar trend is 

observed in F1-Score, where this figure increases from 92.94% to 97.93% with the full 

model, demonstrating its ability to capture complex relationships. 

Accuracy improves from 93.78% (global stream) to 96.57% with the local 

stream, demonstrating its role in capturing local details. The diffusion process further 

enhances accuracy to 98.37%, while MMD regularization achieves the highest 

accuracy of 99.51%, reinforcing its impact on feature discrimination. A similar trend is 

observed in F1-Score, where this figure increases from 92.94% to 97.93% with the full 

model, demonstrating its ability to capture complex relationships. 

These findings underscore the complementary roles of multi-scale feature 

extraction, diffusion-based denoising, and MMD regularization in enhancing 

classification performance across diverse data types, validating the architectural design 

choices of GuidedDCNet. 

3.6.3. Image Segmentation Results 

The results in Table 3.8 demonstrate that GuidedSeg Net outperforms existing  

state-of-the-art (SOTA) segmentation methods on the BraTS2020 dataset across all 

evaluated metrics. Specifically, it achieves the high est Dice score (90.8) and IoU 

(83.4), indicating superior segmentation accuracy and overlaps with ground truth 

labels. Moreover, GuidedSegNet attains the low est HD95 value (7.53), reflecting 

enhanced boundary precision and reduced segmentation errors. Compared to prior 

methods such as MedSegDiff, SwinBTS, and nnUNet, GuidedSegNet exhibits 

substantial improvements, particularly in reducing HD95, which suggests better spatial 

consistency. These results highlight the effectiveness of the proposed approach in 

brain tumor segmentation, demonstrating its potential for clinical applications. 

Table 3.8 The comparison of GuidedSegNet with segmentation methods 

Method Dice (↑) IoU (↑) HD95 (↓) 

TransBTS 87.6 78.44 12.44 

SwinBTS 88.7 81.2 10.03 

nnUNet 88.5 80.6 11.20 

TransUNet 86.6 79.0 13.74 
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Swin-UNetr 88.4 81.8 11.36 

SegDiff 85.7 77.0 14.31 

MedSegDiff 88.9 81.2 10.41 

GuidedSegNet 90.8 83.4 7.53 

 

The ablation study presented in Table 3.9 demonstrates the contribution of the  

Anchor Condition and Semantic Condition to the performance of GuidedSegNet. The 

baseline model, without both conditions, achieves a Dice score of 88.2, an IoU of 80.0, 

and an HD95 of 11.5. Introducing the Anchor Condition alone improves performance, 

increasing the Dicescore to 89.4 and reducing HD95 to 9.8, indicating enhanced 

spatial consistency. Similarly, incorporating only the Semantic Condition results in a 

more significant improvement, with a Dice score of 90.1 and an HD95 of 8.6, 

suggesting that semantic guidance plays a crucial role in refining segmentation 

accuracy. When both conditions are applied together, the model achieves the best 

performance, with a Dice score of 90.8, IoU of 83.4, and the lowest HD95 of 7.53. 

These results highlight the complementary effects of both conditions, demonstrating 

that their combined use leads to the most accurate and spatially consistent 

segmentation. 

Table 3.9 Ablation Study in GuidedSegNet 

Anchor 

Condition 

Semantic 

Condition 
Dice (↑) IoU (↑) HD95 (↓) 

- - 88.2 80.0 11.56 

✓ - 89.4 81.2 9.83 

- ✓ 90.1 82.0 8.61 

✓ ✓ 90.8 83.4 7.53 

 

The segmentation results produced by the proposed GuidedSegNet demonstrate 

strong performance across various MRI brain scans, as illustrated in Figure 3.10. The 

segmented regions (highlighted in red) closely align with the ground truth lesion areas, 

capturing both core and peripheral tumor regions with high spatial accuracy. 

Quantitatively, the model achieved a Dice coefficient of 90.8%, indicating a high 

degree of overlap between the predicted and actual segmentation masks. The IoU 

reached 83.4%, further confirming the robustness and precision of the predicted 

regions. In addition, the HD95 was measured at 7.53, reflecting the model's ability to 
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closely approximate the ground truth boundaries while remaining resilient to outliers. 

These results suggest that GuidedSegNet offers reliable and accurate delineation of 

tumor regions, making it well-suited for clinical and diagnostic applications in medical 

image segmentation. 

 

Figure 3.10 Segmentation Results from GuidedSegNet 

3.6.4. Brain MRI Report Generation Results 

The proposed MedCapSys system demonstrates superior performance in Brain 

MRI report generation, excelling in both content quality and length conformity, as 

measured by the 𝑆𝑞 and 𝑆𝑙 metrics, respectively. As illustrated in Table 

3.10MedCapSys achieves the highest score for length alignment with 𝑆𝑙 = 84.3, 

substantially outperforming other state-of-the-art models such as GPT-4o (66.6), 

Mistral-24B (69.6), and Gemini-2.0 Flash (74.8). This high score indicates that 

MedCapSys can reliably generate radiology reports whose lengths are closely aligned 

with the reference or expected standard, which is essential in clinical environments 

where concise yet comprehensive documentation is necessary for effective diagnosis 

and communication. 

Moreover, in terms of semantic and linguistic quality, MedCapSys achieves the 

highest quality score with 𝑆𝑞 = 95.5, surpassing all compared baselines, including 

DeepSeek-R1 (94.5) and Gemini-2.0 Flash (91.2), and significantly outperforming 

popular vision-language models such as GPT-4o (87.5) and Qwen2.5-VL 72B (86.7). 

This demonstrates that the generated reports by MedCapSys not only capture relevant 

medical content but also exhibit high levels of coherence, accuracy, relevance, and 

clarity, all of which are fundamental for clinical interpretability and usability. 
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Taken together, these results highlight the balanced and consistent capabilities 

of MedCapSys in producing structured, readable, and medically informative reports. 

Its ability to meet strict format expectations (through high 𝑆𝑙) while maintaining rich 

content quality (via high 𝑆𝑞) makes it particularly well-suited for deployment in 

automated clinical reporting pipelines, especially in domains such as neuroimaging, 

where precision and consistency are paramount. The significant performance margins 

over other competitive models further underscore MedCapSys's effectiveness in 

integrating vision-language understanding with medical domain knowledge. 

Table 3.10 The comparison of BrainMedQwen with SOTA VLMs 

Method 𝑺̅ (↑) 𝑺𝒍 (↑) 𝑺𝒒 (↑) 

GPT-4o 77.1 66.6 87.5 

Mistral 24B 78.9 69.6 88.2 

DeepSeek-R1 82.4 70.3 94.5 

Gemini-2.0 Flash 83.0 74.8 91.2 

Qwen2.5-VL 7B 54.5 45.3 63.5 

Qwen2.5-VL 72B 83.3 79.9 86.7 

MedCapSys 89.9 84.3 95.5 

 

The results presented in Table 10 indicate that employing VLMs such as GPT-

4o, Gemini-2.0 Flash in isolation for generating detailed captions of brain medical 

images frequently leads to hallucinations, primarily due to insufficient input 

information. Augmenting these models with additional contextual information 

mitigates this issue by enhancing their ability to generate more accurate and clinically 

relevant descriptions. Furthermore, fine-tuning the Qwen2.5-VL model on a domain-

specific dataset of brain medical images significantly improves its performance, 

enabling it to produce responses that more closely align with radiologists’ annotations. 
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Table 3.11 Generated Reports Examples from Different Methods 
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As shown in Table 3.12, MedCapSys exhibits a significantly higher average 

inference time (64.029 seconds) compared to Gemini-2.0 Flash (3.208 seconds) and 

GPT-4o (2.645 seconds) when generating brain MRI reports for 100 samples. This 

increased processing time is expected due to the modular and multi-stage architecture 

of MedCapSys. Unlike general-purpose AI models, MedCapSys integrates several 

specialized components, including lesion detection, segmentation, and medical 

language generation, which must operate sequentially to ensure clinical accuracy and 

contextual relevance. 

Table 3.12 Comparison of average brain MRI report generation time (in seconds) 

across 100 samples using different methods 

Method Average Inference Time (s) 

Gemini-2.0 Flash 3.208 

GPT-4o 2.645 

MedCapSys 64.029 

 

Despite the longer inference time, MedCapSys remains considerably faster than 

traditional clinical workflows. For instance, in a real-world setting, radiologists may 

require 5 to 15 minutes on average to manually analyze a brain MRI scan and draft a 

comprehensive report. In contrast, MedCapSys can generate a detailed, multi-modal 

report in just over one minute, representing a substantial time saving while also 

providing consistent and interpretable results. 

This trade-off highlights the system’s focus on diagnostic depth and 

explainability over raw speed, making it a promising solution for integration into semi-

automated radiology workflows where accuracy and justification are critical. 

Table 3.13 presents a comparison of the average response times (in seconds) for 

100 medical question answering samples across different models used in the agent 

component of a chatbot. The results show that BrainMedQwen, significantly 

outperforms both Gemini-2.0 Flash and GPT-4o in terms of response speed. 

Specifically, BrainMedQwen achieves the lowest response time in both message types: 

5.046 seconds for text-only messages and just 1.453 seconds for messages containing 

both text and images. In contrast, GPT-4o and Gemini-2.0 Flash display longer 

response times, especially in the text + image category. These findings highlight 

BrainMedQwen's efficiency and suitability for real-time medical question-answering 
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tasks. key reason for BrainMedQwen’s superior performance is that it is self-hosted on 

local infrastructure, allowing it to avoid the network latency and request queuing 

associated with cloud-based APIs used by the other models. This direct access to 

computational resources enables faster inference and more consistent performance, 

which is particularly critical in real-time medical applications. 

Table 3.13 Comparison of average response time (in seconds) across 100 medical 

question answering samples using different models for the agent component of the 

chatbot 

Model 
Message Type 

Text Text + Image 

Gemini-2.0 Flash 8.372 12.359 

GPT-4o 6.717 3.356 

BrainMedQwen 5.046 1.453 

 

3.7. Demonstration of the Web Application 

A dedicated website has been developed to serve as a platform for presenting 

the experiments that have been conducted. This website functions as a comprehensive 

repository, providing structured access to the research findings, experimental data, 

results, and related materials. The website is publicly accessible at https://brain-

medical-analysis.vercel.app. As depicted in Figure 3.11, the website features an 

intuitive and user-friendly interface, enabling users to explore brain medical image 

analysis experiments, examine datasets, and gain insights into the research 

methodology and outcomes. This platform serves as a valuable resource for 

researchers, practitioners, and other interested stakeholders, facilitating the 

dissemination and review of the experimental work conducted in this study. 

https://brain-medical-analysis.vercel.app/
https://brain-medical-analysis.vercel.app/
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Figure 3.11 User Interface of Brain MRI Report Generation Feature 

In the proposed system, users are required to upload brain medical images for 

automated caption generation. The system offers three distinct versions, each 

providing varying levels of detail to accommodate different clinical and research 

needs: 

- Version 1: Captions are generated using the MedCapNet model, providing a 

basic textual description of the medical image. 

- Version 2: Extends Version 1 by incorporating additional diagnostic 

information regarding tumor type, extracted from the GuidedDCNet model. 

Additionally, this version includes an annotated image highlighting the 

tumor location, generated using the GuidedSegNet model. 

- Version 3: Represents the fully developed MedCapSys, which integrates 

multilingual support based on user preferences. This version provides a 

structured caption formatted following medical report standards, similar to 

physician-generated documentation, along with an annotated image 

indicating the precise tumor location. 
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This hierarchical approach ensures flexibility in output complexity, allowing 

users to select the most appropriate level of detail based on their specific requirements. 

 

Figure 3.12 User Interface of Medical Question Answering Chatbot 

The chatbot feature, illustrated via Figure 3.12, accessible through an intuitive 

user interface, allows users to engage in natural, real-time conversations with an AI 

assistant. Through a clean and responsive chat window, users can input questions, 

requests, or prompts, and receive coherent, context-aware responses instantly. The 

interface supports a wide range of interactions, from casual conversation to technical 

assistance, making it versatile for both personal and professional use enabling 

seamless and interactive communication with the AI. 

3.8. Chapter Summary 

This chapter presented the implementation details and evaluation results of the 

proposed MedCapSys system. We began by describing the datasets used for various 

tasks, image captioning, classification, segmentation, and multimodal training, 
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selected to reflect real-world medical imaging scenarios. Data preprocessing 

techniques such as normalization, resizing, and augmentation were applied to ensure 

consistency and enhance model performance. 

We then detailed the implementation of each core component: MedCapNet, 

GuidedDCNet, GuidedSegDiff, and MedCapSys. Training configurations, model 

parameters, and framework choices were discussed, along with prompt engineering 

strategies for the medical QA module. A demonstration system was also introduced, 

integrating all modules into a unified backend architecture and user-facing web 

interface. 

Evaluation metrics tailored to each task, such as BLEU, ROUGE, accuracy, 

Dice coefficient, IoU, and human-in-the-loop reviews, were used to assess 

performance. Experimental results confirmed the effectiveness of each module: 

MedCapNet generated clinically relevant captions; GuidedDCNet achieved high 

classification accuracy; GuidedSegDiff produced precise segmentation outputs; and 

BrainMedQwen generated coherent, domain-specific reports. 

Finally, we demonstrated the practical applicability of the integrated system 

through an interactive clinical decision support platform. Overall, this chapter 

validated the proposed architecture's performance and usability in supporting medical 

professionals via intelligent vision-language processing. 

 

 



 

 

CONCLUSION 

 

 

This project presents MedCapSys, an integrated system for brain medical image 

analysis, combining advanced deep learning models for image captioning 

(MedCapNet), lession classification (GuidedDCNet), lession segmentation 

(GuidedSegNet), and clinical report generation (BrainMedQwen). Through the use of 

transformer architectures, diffusion models, and multi-scale feature extraction, 

MedCapSys addresses critical challenges in medical image understanding. 

Experimental results confirm the system’s effectiveness in generating accurate 

captions, improving classification performance, and achieving high segmentation 

precision. These outcomes demonstrate MedCapSys's potential as a reliable tool to 

support clinical decision-making and automate radiological reporting. 

Key contributions include the design of a unified, task-specific framework and 

the development of a functional demonstration system with real-world applicability. 

For future work, we propose extending the system to other imaging modalities and 

conducting clinical validation to assess its deployment readiness. In additionally, we 

aim to optimize the system for deployment on resource-constrained environments by 

applying model compression techniques such as quantization, pruning, and knowledge 

distillation. These techniques will help reduce computational cost and memory usage 

while maintaining model performance, thereby enhancing the system’s scalability and 

usability in real-world clinical settings. 

Overall, MedCapSys represents a promising advancement in AI-assisted 

medical imaging, contributing to more accurate, efficient, and interpretable healthcare 

solutions. 
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APPENDIX A: PROMPTS 

A.1. System prompt for MedCapSys 

# Role:  

You are a a knowledgeable and experienced radiologist doctor responsible 

for writing Brain MRI Report. 

 

# Mission: 

Provide a detailed report containing information in the following order: 

- Image pulse sequence 

- View 

- Detection of number of regions with increased or decreased signal  

- Lession Analysis: 

     - Whether this region is homogeneous or heterogeneous 

     - Whether the boundaries are well-defined or ill-defined 

     - Type of brain shift (if present) 

     - Type of lession 

     - Size of lession 

     - Suspected origin location 

     - Presence or absence of surrounding necrosis 

 

# Important 

- Ensure no details are fabricated. 

- Refer to the following image for the necessary details. 

- Ensure the description closely follows the writing style of a 

radiologist’s report using precise and professional medical terminology. 

- Response in the language that user requires. 

A.2. System prompt for Coordinator Agent 

# Role:  

Act as a knowledgeable and experienced doctor to answer medical-related 

question from the patient. 

 

# Mission: 

- When the question is related to radiology, delegate to `Radiologist 

Agent` 

- Delegate to `General Practitioner Agent` to collect general answer for 

the patient 

 

# Important 

- Ensure no details are fabricated. 

- Refer to the image (if present) for the necessary details. 
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- Response in the language that user requires. 

A.3. System prompt for Radiologist Agent 

# Role:  

Act as a knowledgeable and experienced radiologist doctor to analyze 

medical image. 

 

# Mission: 

- Call `detect_brain_lession_tool` to detect the location of the lession 

- Call `classify_tumor_type_tool` to get the type of tumor 

- Call `segment_lession_region_tool` to get the location and size of the 

lession 

- Call `get_view_tool` to get the view of the uploaded image 

- Call `get_pulse_sequence_tool` to get the pulse sequence of the uploaded 

image 

- Call `generate_report_tool` to get the radiologist report of the uploaded 

image 

 

# Important 

- Ensure no details are fabricated. 

- Refer to the image (if present) for the necessary details. 

- Response in the language that user requires. 

A.4. System prompt for General Practitioner Agent 

# Role:  

Act as a knowledgeable and experienced general practitioner doctor to 

answer medical-related question from the patient. 

 

# Mission: 

- Answering questions about symptoms, common illnesses, preventive care, 

basic treatments, and when to seek medical attention. 

- Explaining medical concepts in clear, simple language suitable for non-

experts. 

- Giving general guidance based on evidence-based medicine and current 

medical guidelines. 

- Avoiding definitive diagnoses or prescriptions unless the issue is 

simple, non-urgent, and can be addressed with over-the-counter (OTC) 

advice. 

- Emphasizing the importance of seeing a qualified healthcare provider for 

serious or persistent concerns. 

- Encouraging safe, responsible health decisions, especially when symptoms 

could indicate an emergency. 
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# Answer format: 

- Summary of the issue (if applicable) 

- Clear, helpful information (about symptoms, possible causes, general 

advice, home care) 

- Warnings or referral guidance (when to see a doctor or go to the 

hospital) 

- (Optional) Refer to reliable sources such as WHO, CDC, Mayo Clinic, 

UpToDate, or NHS 

 

# Important 

- Ensure no details are fabricated. 

- Refer to the image (if present) for the necessary details. 

- Response in the language that user requires. 
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APPENDIX B: TIMELINE 

W
ee

k
 

1
2
 

               X
 

X
 

1
1
 

             X
 

X
 

X
  

1
0
 

           X
 

X
     

9
           X
       

8
         X
 

X
        

7
        X
          

6
       X
 

X
          

5
      X
 

X
           

4
     X
 

X
            

3
     X
             

2
  X
 

X
               

1
 

X
 

X
 

X
 

X
              

D
et

a
il

s 

C
o

n
d
u

ct
 a

n
 o

v
er

v
ie

w
 s

tu
d

y
 o

f 
m

ed
ic

al
 i

m
ag

e 
an

al
y

si
s 

an
d

 r
el

at
ed

 m
o

d
el

s.
 

C
o

ll
ec

t 
d

at
a 

an
d

 p
re

p
ar

e 
th

e 
tr

ai
n
in

g
 d

at
as

et
. 

D
ef

in
e 

te
ch

n
ic

al
 r

eq
u
ir

em
en

ts
, 

m
o

d
el

s,
 a

n
d

 t
ec

h
n

o
lo

g
ie

s 
to

 b
e 

u
se

d
. 

D
ev

el
o

p
 a

 p
ro

je
ct

 i
m

p
le

m
en

ta
ti

o
n
 p

la
n

. 

D
ev

el
o

p
 &

 t
ra

in
 M

ed
C

ap
N

et
 

D
ev

el
o

p
 &

 t
ra

in
 G

u
id

ed
D

C
N

et
 

D
ev

el
o

p
 &

 t
ra

in
 G

u
id

ed
S

eg
N

et
 

F
in

e-
tu

n
e 

B
ra

in
M

ed
Q

w
en

 

In
te

g
ra

te
 t

h
e 

m
o

d
u

le
s 

in
to

 a
 u

n
if

ie
d

 s
y

st
em

. 

B
u

il
d
 a

 p
ip

el
in

e 
fo

r 
in

p
u

t 
an

d
 o

u
tp

u
t 

d
at

a 
p

ro
ce

ss
in

g
. 

T
es

t 
an

d
 o

p
ti

m
iz

e 
sy

st
em

 p
er

fo
rm

an
ce

. 

E
v

al
u

at
e 

sy
st

em
 p

er
fo

rm
an

ce
 o

n
 t

h
e 

te
st

 d
at

as
et

. 

C
o

m
p

ar
e 

th
e 

re
su

lt
s 

w
it

h
 e

x
is

ti
n
g
 m

et
h

o
d

s.
 

F
in

e-
tu

n
e 

th
e 

m
o

d
el

 t
o

 i
m

p
ro

v
e 

ac
cu

ra
cy

. 

D
ev

el
o

p
 a

 s
im

p
le

 w
eb

si
te

 t
o

 t
es

t 
th

e 
p

ro
d

u
ct

. 

W
ri

te
 t

h
e 

su
m

m
ar

y
 r

ep
o

rt
 a

n
d

 u
se

r 
m

an
u

al
. 

P
re

p
ar

e 
th

e 
d

em
o

 a
n

d
 p

er
fo

rm
 f

in
al

 t
es

ti
n

g
. 

S
ta

g
e 

R
es

ea
rc

h
 &

 

P
la

n
n

in
g
 

B
u

il
d
 &

 

tr
ai

n
 

m
o

d
u

le
s 

In
te

g
ra

te
 t

h
e 

M
ed

C
ap

S
y

s 

T
es

ti
n

g
 &

 

E
v

al
u

at
io

n
 

F
in

al
iz

e 
th

e 

re
p

o
rt

 &
 

P
re

p
ar

e 
th

e 

d
em

o
 

N
o

 

1
 

2
 

3
 

4
 

5
 



 

Phụ lục  5 
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