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Medical Visual Question Answering

Question Answering research has seen an increase in recent years following the success of large language models. However, these results are still facing a unique challenge in the medical field. Since Large Language Models (LLMs) require a substantial amount of data for training, Medical Visual Question Answering, or simply MVQA, is confronted with the challenge of data scarcity due to various reasons, such as privacy concerns. To address this issue, in these papers, we investigate the impact of different data augmentation techniques, incorporating both visual and textual augmentations

Introduction

Medical Visual Question Answering (MedVQA) is a subfield of natural language processing applied to medical images. This project specifically focuses on systems designed to answer questions based on radiological images. Unlike general-domain visual question answering [START_REF] Eslami | PubMedCLIP: How much does CLIP benefit visual question answering in the medical domain?[END_REF]), the medical field faces a significant challenge due to the scarcity of data required to train state-of-the-art transformer-based models.

To assist medical departments in answering patient questions, which can be time-consuming, and to provide accurate responses, we utilize classification-based models. We increase the volume of data available. Our approach begins by training the RadRestruct model [START_REF] Pellegrini | Rad-restruct: A novel vqa benchmark and method for structured radiology reporting[END_REF]) on the original dataset. Subsequently, we employ LLAMA v2 and various image processing techniques to create a new dataset with diverse representations of the same information. In this project, we demonstrate that classification models trained on robust data can yield accurate answers, rivaling generative models while remaining suitable for integration into most hospital IT systems. This paper consists of a literature review of MedVQA, a detailed presentation of our methodology, and a discussion of our results.

State of the art 2.1 Medical Question answering

Question answering is a subfield of natural language processing that focuses on providing answers either from a list of provided options or in a generative manner. Previous works related to question answering in the medical field have traditionally relied on domain-specific data [START_REF] Singhal | Towards expert-level medical question answering with large language models[END_REF]), resulting in suboptimal performance in practice. Large language models, on the other hand, have gained significant success since the introduction of attention mechanisms [START_REF] Vaswani | Attention is all you need[END_REF]), culminating in state-of-the-art models like Llama [START_REF] Touvron | Llama: Open and efficient foundation language models[END_REF]). These models now exhibit improved understanding of natural language questions beyond their training data.

As a result, we can categorize popular methods into two groups: Clinical Text Structuring-based methods and Pre-trained Language Models [START_REF] Qiu | Question answering based clinical text structuring using pre-trained language model[END_REF]). Clinical Text Structuring-based methods employ heuristic algorithms, text modeling, and complex pipeline approaches, including recent attempts with reinforcement learning [START_REF] Buck | Ask the right questions: Active question reformulation with reinforcement learning[END_REF]). However, when these methods are applied without pretrained models, their complexity tends to grow exponentially, making it challenging to handle new questions. This challenge has led to the development of combined methods that incorporate both reinforcement learning and pretrained models [START_REF] Chang | Learning to generate better than your llm[END_REF]).

Medical Image processing

Most medical image analysis models rely on self-supervised deep learning approaches [START_REF] Nielsen | Self-supervision for medical image classification: state-of-the-art performance with 100 labeled training samples per class[END_REF]) to achieve various medical objectives, including image segmentation, detection and classification of abnormalities, computer-aided diagnosis, and information retrieval. Convolutional neural networks (CNNs) are among the most frequently employed models, as they facilitate the application of pretrained models to different datasets and can serve as feature extraction layers [START_REF] Tajbakhsh | Convolutional neural networks for medical image analysis: Full training or fine tuning[END_REF]).

Medial visual question answering

With its many applications in hospitals and personal medical assistants, and following the development of multimodal generative models, more research work is underway. Typically, it takes the form of a joint-embedding framework [START_REF] Canepa | Visual question answering in the medical domain[END_REF]), which utilizes a feature fusion layer for combining image and text features extracted by image and text encoders. These features are either combined through simple concatenation or other complex pooling mechanisms, which are then utilized by an answer generation or classification decoder.

In some instances, different approaches replace the fusion layer with a reasoning module [START_REF] Kornuta | Leveraging medical visual question answering with supporting facts[END_REF]). This method, which seeks more accurate information, employs reasoning mechanisms by combining multiple supporting facts and classifier layers.

Methodology

Dataset

We utilized the Visual Question Answering in Radiology (VQA-RAD) dataset, which comprises 315 radiological images accompanied by 3,515 questions, offering 2,248 possible answers. These questions were generated by 15 volunteer clinical trainees and cover a wide range of topics, including Modality, Plane, Organ, Presence, Count, Abnormality Color, Position, Size, Attributes, and others.

The answers within the dataset can be categorized as closed-ended or open-ended. Closed-ended questions are typically of the yes-no type, while open-ended questions allow answers to be chosen from the pool of 2,248 possible options. The dataset was created and presented by Lister Hill National Center for Biomedical Communications, National Library of Medicine, Bethesda [START_REF] Lau | Visual question answering in radiology (vqa-rad)[END_REF]), and more details on its generation in Figure 1 provided by the dataset authors.

Computing

The MED VQA model was trained using 26 computing units from Google Colab Pro, utilizing a T4 GPU with 32GB of RAM.

For the data augmentation part, Llama V2 model, with 7 billion parameters, was used to perform inference on 3,000 questions. To address computational limitations, the model was run with 4-bit precision, a technique known as QLoRA [START_REF] Dettmers | Qlora: Efficient finetuning of quantized llms[END_REF]). 

Visual augmentation

In this step, each image is augmented to create three additional images using blurring and denoising. Gaussian blur, following a normal distribution, is applied to all the pixels in the image using the following formula:

G (x) = 1 √ 2πσ 2 e -x 2 2σ 2

Textual augmentation

We used LLamaV2 to generate an additional 15,000 questions by paraphrasing the original questions. To generate questions with equivalent meanings in different phrasing, we employed techniques such as instruction tuning and prompt engineering. The paraphrased questions were then extracted using a regular expression pattern provided in the prompt format.

Results

In the original dataset, the results were evaluated using three metrics: 'Closed-ended Accuracy,' 'Open-ended Accuracy,' and 'Overall Accuracy,' which calculate the model's accuracy for binary questions, open-ended questions, and across all questions, respectively.

To further investigate differences, we introduced the following NLP metrics, and results are reported in Table 1.

-METEOR : Metric for Evaluation of Translation with Explicit ORdering : METEOR was introduced based on the F1 score of unigrams, as recall is not directly provided in the BLEU metric [START_REF] Saadany | BERTScore: Evaluation of metrics performance in assessing critical translation errors in sentiment-oriented text[END_REF]).

-macro f1: This metric calculates the mean of the F1 scores for each class, providing an overview of how well the model performs for each class, and it is computed using the following formula: Table 1: Different metrics using original and augmented dataset -micro f1 : To assess the overall performance of a model, we utilize the micro F1 score, which is calculated using the following formula :

macroF 1 = F 1scores |classes|
microF 1 = T rueP ositives T P + 1 2 (F p × F N ) We observed that this technique resulted in an improvement of approximately 5% across various metrics; however, it also extended the training time by 15. We also noticed a low macro F1 score, primarily attributed to open-ended questions, which make up 55% of the answers, and of which only 37.65% are answered correctly.

Conclusion

In conclusion, while Large Language Models (LLMs) demand extensive computing resources and time for training and maintenance, medium-sized models can yield nearly equivalent results when trained on diverse datasets. Furthermore, these models can be seamlessly deployed in production environments, as they typically require a reasonable amount of RAM suitable for most IT systems.
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