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Abstract ChatGPT explores a strategic blueprint of question answering (QA) to deliver medical diagnoses, treat-
ment recommendations, and other healthcare support. This is achieved through the increasing incorpo-
ration of medical domain data via natural language processing (NLP) and multimodal paradigms. By
transitioning the distribution of text, images, videos, and other modalities from the general domain to
the medical domain, these techniques have accelerated the progress of medical domain question an-
swering (MDQA). They bridge the gap between human natural language and sophisticated medical do-
main knowledge or expert-provided manual annotations, handling large-scale, diverse, unbalanced, or
even unlabeled data analysis scenarios in medical contexts. Central to our focus is the utilization of lan-
guage models and multimodal paradigms for medical question answering, aiming to guide the research
community in selecting appropriate mechanisms for their specific medical research requirements.
Specialized tasks such as unimodal-related question answering, reading comprehension, reasoning, di-
agnosis, relation extraction, probability modeling, and others, as well as multimodal-related tasks like
vision question answering, image captioning, cross-modal retrieval, report summarization, and genera-
tion, are discussed in detail. Each section delves into the intricate specifics of the respective method
under consideration. This paper highlights the structures and advancements of medical domain explo-
rations against general domain methods, emphasizing their applications across different tasks and
datasets. It also outlines current challenges and opportunities for future medical domain research,
paving the way for continued innovation and application in this rapidly evolving field. This comprehen-
sive review serves not only as an academic resource but also delineates the course for future probes
and utilization in the field of medical question answering.

Keywords ChatGPT, Medical question answering, Nature language processing, Multimodal paradigms, Large lan-
guage models

INTRODUCTION revolutionizing the way computers understand, inter-
pret, and interact with human natural language, to mul-
timodal paradigms, answering questions that involve
multiple modalities, such as text, images, audio, or
video. Advancements in pre-trained language represen-

tation models such as BERT (Devlin et al. 2018), GPT-2

Recently, ChatGPT (Chat Generative Pre-trained Trans-
former) explored the significant success of general do-
main question answering (GDQA) and has subsequent-

ly permeated from natural language processing (NLP),
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(Radford et al. 2019), GPT-3 (Brown et al. 2020),
ChatGPT (OpenAl 2022), PaLM (Wei et al. 2022), and
LLaMA (Touvron et al. 2023) provide a deeper under-
standing, reasoning, and generation abilities for general
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domain question answering, tailored the pre-trained
model for a diverse range of tasks. Benefiting from di-
verse modalities of data, multimodal models such as
MCAN (Yu et al. 2019), CLIP (Radford et al. 2021),
Flamingo (Alayrac et al. 2022), StableDiffusion (Rom-
bach et al. 2022), GPT-4 (Nori et al. 2023), and
MiniGPT-4 (Zhu et al. 2023) offer vision language ques-
tion answering and comprehensive solution for image
processing.

Medical domain question answering (MDQA) has re-
ceived much attention due to its practical importance in
enhancing the deployment of medicine and healthcare,
bringing an emerging number of methods built on top
of mechanisms of GDQA. In the domain of medical ques-
tion answering, two primary methodological approach-
es are recognized: unimodal and multimodal methods.
Unimodal methods rely on a single modality, such as
text or images, to address queries. The workflow of uni-
modal methods typically involves several stages: data
preprocessing, feature extraction, question modeling,
and answer generation. Initially, input data is prepro-
cessed to render it machine-readable. Subsequently, a
variety of techniques and algorithms are applied to ex-
tract feature representations from the data. Following
this, the question is modeled, often utilizing recurrent
neural networks or attention mechanisms to encode
the query. Finally, based on the question model and in-
put features, an answer is generated.

Conversely, multimodal methods leverage multiple
modalities, such as text and images, to address ques-
tions. The workflow of multimodal methods includes
stages such as data preprocessing, modality fusion,
joint modeling, and answer generation. In addition to
data preprocessing and feature extraction, multimodal
methods require the fusion of different modalities to
capture inter-modality relationships and interactions
during the subsequent joint modeling phase. Ultimately,
based on the joint modeling representation, the final
answer is generated. In summary, the primary distinc-
tion between unimodal and multimodal methods in
medical question answering lies in their handling of da-
ta types and the necessity for modality fusion during
the modeling process. The attributes and procedures of
unimodal and multimodal question answering in gener-
al and medical domains are illustrated in Fig. 1.

Advanced efforts primarily concentrate on biomedi-
cal language representation, such as ChestXRayBERT
(Cai et al. 2021), PubMedBERT (Gu et al. 2021),
BioLinkBERT (Yasunaga et al. 2022b), BioGPT (Luo et
al. 2022), MedicalGPT (Xu et al. 2023), PMC-LLaMA
(Wu et al. 2023a), as well as the vision-language model
to align biomedical vocabulary, such as MedFuseNet
(Sharma et al. 2021), PubMedCLIP (Eslami et al. 2021),
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Flan-PaLM (Singhal et al. 2022), PaLM-E (Driess et al.
2023), XrayGPT (Thawkar et al. 2023), Med-Flamingo
(Moor et al. 2023), AltDiffusion (Ye et al. 2023),
CephGPT-4 (Ma et al. 2023). The interrelationship of
GDQA and MDQA and their spreading process and time-
line of corresponding major models are illustrated in
Fig. 2.

As a flourish of medical question answering, a
succinct review is essential, capturing the avant-garde
uses of language models and multimodal paradigms
shift from the general domain to the medical domain.
These models can be categorized into unimodal medical
question answering and multimodal vision question
answering, which are further composed of tasks, mech-
anisms, and targets in the medical domain. To decipher
their capabilities of answering questions related to
medicine and healthcare, we summarize their technical
advancements in solving distinct tasks, model struc-
tures and utilizations, medical domain datasets, and the
corresponding performance in each section. Addi-
tionally, the performance of medical domain models on
popular medical question answering (QA) datasets and
medical vision question answering (VQA) datasets is
illustrated in Fig. 3.

The field of language models for question answering
has seen the rise of numerous models that have signifi-
cantly expanded the frontiers in comprehending and
encapsulating the intricacies of human language. A
summary of medical language question-answering
models is provided in Table 1. These models have been
instrumental in a variety of tasks, such as reading com-
prehension, sentiment analysis, and conversational AL
Their ability to understand context, decipher semantics,
and generate human-like responses has revolutionized
how we interact with technology, paving the way for
more intuitive and natural user experiences. Moreover,
multimodal models in medical domain question-
answering leverage various modalities such as medical
images, clinical notes, patient records, and scientific lit-
erature to enhance the question-answering process. A
summary of medical multimodal question-answering
models is provided in Table 2. Both unimodal medical
question-answering and multimodal medical vision
question-answering datasets as well as the metric for
each dataset are summarized in Table 3.

This review is instrumental in bridging the current
knowledge gap of ChatGPT and biology, illuminating
the structure of medical QA and VQA models extended
from the general domain, their contributions, and the
challenges and opportunities they pose. The innovation
points of the review can be summarized as follows:

(1) An introduction to ChatGPT-related model, a
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Fig. 1 Question answering attributes and procedures of unimodal and multimodal in both general domain and medical domain. A Uni-
modal question answering. This process primarily involves: (1) unimodal data, includes text, images, audio, or video in the general do-
main. In the medical domain, it generally encompasses medical text or specific types of medical images such as magnetic resonance
imaging (MRI), computed tomography (CT), or ultrasound; (2) unimodal data analysis modules, responsible for feature extraction and
question modeling; and (3) answer generation, the process of generating answers for a specific domain. Typically, unimodal general do-
main question answering manifests as natural language processing. B Multimodal question answering. This process primarily involves:
(1) multimodal data, which refers to two or more types of data in the general or medical domain; (2) multimodal data analysis modules,
responsible for modality fusion and joint modeling; and (3) answer generation, the process of generating answers for a specific domain.
Generally, multimodal question answering is intrinsically linked to computer vision, and is thus also referred to as vision question an-

swering

cutting-edge multimodal QA model, in the medical field.
This model leverages both text and images to provide
medical diagnoses, treatment recommendations, and
other health-related information, marking a significant
advancement in the field.

(2) An exhaustive review of state-of-the-art models
in general and medical domain QA. A wide range of
models are covered, from biomedical language repre-
sentation to vision-language alignment models, provid-
ing a holistic view of the current landscape.

(3) A comprehensive comparison between unimodal
and multimodal methods in QA. It highlights the
superiority of multimodal methods in capturing inter-
modality relationships and interactions, offering a fresh
perspective on the potential of multimodal methods in
this domain.

(4) A detailed account of the evolution and
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development of QA models, tracing their journey from
natural language processing to multimodal paradigms,
and from the general domain to the medical domain.
This historical overview offers valuable insights into
the progression of the field.

(5) An overview of the unique challenges and oppor-
tunities presented by the application of QA models in
the medical field. A thorough discussion is provided on
several aspects, including model capability, the difficul-
ties faced by models when dealing with specialized ter-
minologies and complex structures in medical texts, the
scarcity of data and the uncertainty in the medical do-
main, and the computational complexity of models
when processing large-scale multimodal data.

Till now, we have already delved into the develop-
ment of unimodal (language) question-answering mod-
els. We reviewed early classical models, such as

© The Author(s) 2024
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Fig. 2 Evolutionary tree of language and multimodal question answering (QA) in general domain and medical domain. The tree span-
ning both language and multimodal domains, is depicted with general domain QA models represented as hollow rectangles and medical
domain QA models as solid rectangles. Notably, a subset of medical domain QA models are constructed atop the general domain QA
models, as indicated by connecting arrows. Key milestones in the general domain QA, including BERT, GPT-3, ChatGPT, and LLaMA, as
well as multimodal models such as CLIP, StableDiffusion, and GPT-4 are briefly annotated alongside the tree. Natural language QA (high-
lighted in green) and multimodal QA (highlighted in red) that have experienced explosive growth jointly contribute to the completion of

the QA evolutionary tree

rule-based question-answering systems, and how they
gradually evolved into modern question-answering
models based on deep learning. Then, our attention piv-
oted towards multimodal question-answering models,
expanding the scope to the fusion of vision and lan-
guage. We scrutinized how these models demonstrate
proficiency in tasks that necessitate the amalgamation
of images and text. Subsequently , we specifically ex-
plored how unimodal and multimodal models have
been extended to the medical domain. We provided a
detailed account of the development of question-
answering models in the medical domain and highlight
potential applications, such as assisting doctors in rapid
and accurate diagnosis or providing personalized medi-
cal information to patients. In the third chapter, we

© The Author(s) 2024

instigated a profound discourse on the challenges and
opportunities prevalent in the current field. Our focus
spans several facets including model capability, the
hurdles encountered by models when grappling with
specialized terminologies and intricate structures in
medical texts, the paucity of data and the uncertainty
endemic to the medical domain, and the computational
complexity of models when processing voluminous
multimodal data, among others. In the concluding sec-
tion, we recapitulated the entire research, accentuated
the contributions of this paper, and discussed its impli-
cations for prospective research. We proposed poten-
tial research directions to encourage further explo-
ration of ChatGPT-related question-answering models
in the medical domain.
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Fig. 3 Medical question answering (QA) and vision question answering (VQA) model performance examples on popular datasets.
A Medical QA language model performance examples of the past two years, each year ranked a part of comparable model performance
colored from light blue to dark blue with state-of-the-art deep learning modules represented as purple squares. B Medical VQA multi-
modal model performance examples of the past two years, each year ranked a part of comparable models colored from light blue to dark
blue with state-of-the-art deep learning modules represented as purple squares. Noticeable, medical data are highlighted in bold, with

the horizontal axis denoting the accuracy in percentage

UNIMODAL MEDICAL QUESTION ANSWERING

Unimodal models in the medical question-answering
field demonstrate a commendable proficiency in
processing singular data types. These models, by
focusing on either textual or visual data, can delve
deeply into the nuances of the chosen modality, thereby
achieving a high level of specialization. This focused
approach allows unimodal models to extract intricate
patterns and relationships within the data, leading to
robust and accurate predictions. Furthermore, their
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simplicity relative to multimodal models often results
in more efficient training and inference, making them a
practical choice for many applications. The unimodal
paradigm, with its emphasis on depth over breadth,
continues to play a vital role in advancing the field of
medical question answering.

Unimodal models in general domain question
answering

General domain question answering with unimodal
models mainly advocates for the assembly of a dataset

© The Author(s) 2024
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Table 1 A summary of medical language question-answering models

Model name Dataset Tasks Technical advancement Publications
BioBERT BioASQ QA, NER, RE A pre-trained biomedical language representation model Lee et al.
that fine-tuned a single Bidirectional Encoder 2019
Representation from Transformers (BERT) model
BioELECTRA PubMed, PMC QA, NER, A biomedical domain language model pretrained on Kanakarajan
PICOE, RE, SS, PubMed and PubMed Central (PMC) full text articles etal 2021
DC from scratch
PubMedBERT PubMed, PubMed QA, NER, A language model for biomedical text analysis based on Gu et al.
Central PICOE, RE, SS, the BERT architecture pretrained from scratch using 2021
DC abstracts from PubMed and full-text articles from
PubMedCentral
BioLinkBERT Wikipedia, PubMed QA, NER A language model captures document links such as Yasunaga et
hyperlinks and citation links to include knowledge that al. 2022b
spans across multiple documents
OPT RoBERTSj, Pile, QA A collection of auto-regressive large language models Zhang et al.
PushShift.io ranging from 125M to 175B parameters 2022
GAL PubMedQA, MedMCQA,  QA, Reasoning, A large language model uses a set of specialized Taylor et al.
Galactica Corpus CP,BU tokenization for citations, step-by-step reasoning, 2022
mathematics, numbers, SMILES formula, amino acid
sequences, DNA sequences, etc.
ClinicalGPT cMedQA2, cMedQA-KG,  QA,Diagnosis A language model explicitly designed and optimized for Wang et al.
MD-EHR, MEDQA- clinical scenarios by incorporating extensive and diverse = 2023a
MCMLE, MedDialog real-world data, such as medical records, domain-
specific knowledge, and multi-round dialogue
consultations in the training process
BLOOM GitHub, OSCAR, PM,MT A 176B-parameter multilingual language model Scao et al.
Common Crawl pretrained on ROOTS with multilingual-focused training 2022
CoT-T5 CoT Collection, Flan Reasoning A language model that uses Flan-T5 as a base model fine- Kim et al.
Collection tuned on a large amount of rationales 2023
MediTron MedQA, PubMedQA, Reasoning A large language model adapts the Llama-2 language Chen et al.
MedMCQA, model to the medical domain with group-query attention 2023b
through continued pretraining on medical corpus
Codex 5-shot USMLE, MedMCQA, QA,RC A large language model focus on multiple prompting Liévin et al.
CoT PubMedQA scenarios including Chain-of-Thought, few-shot, and 2022
retrieval augmentation
Med-PaLM2 MedQA, PubMedQA, QA Med-PaLM 2 is a large language model designed to Singhal et al.
MedMCQA, MMLU provide high-quality answers to medical questions that 2023
harnesses the power of Google’s large language models
PMC-LLaMA MedQA, MedMCQA, QA, Reasoning PMC-LLaMA is an open-source language model specifically Wu et al.
PubMedQA, S20RC, designed for medical applications through data-centric 2023a
Medical Textbooks knowledge injection and comprehensive fine-tuning for
alignment with domain-specific instructions
ChiMed-GPT CMD; ChiMed, MC, QA IE A language model for Chinese medical text processing, Tian et al.
MedDialog which is built upon Ziya-13B-v2 and inherited its 2023
capability to pro-cess extensive context lengths
BioGPT-Large = BC5CDR; KD-DDI, DDI; QA, RE, DC A generative Transformer language model pre-trained on  Luo et al.
PubMedQA, HoC large scale biomedical literature 2023
BioGPT PubMed QA, RE, DC A domain-specific generative Transformer language Luo et al.
model pre-trained on large-scale biomedical literature 2023

BU: biological understanding; CP: citation prediction; DC: document classification; IR/E: information/relation extraction; MT: machine
translation; NER: name entity recognition; PICOE: PICO (participants, interventions, comparisons and outcomes entities) extraction; PM:
probability modeling; QA: question answering; RC: reading comprehension; SS: sentence similarity

that is as expansive and heterogeneous as feasible, with
the aim of amassing demonstrations of tasks in natural

© The Author(s) 2024

language across a broad spectrum of domains and
contexts. In natural language processing, they have
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Table 2 A summary of medical multimodal question-answering models
Model name Dataset Tasks Technical advancement Publications
PubMedCLIP PubMed VQA A contrastive pre-trained model for medical image Eslami et al.
classification tasks that trained on the ROCO dataset 2021
as part of a medical visual question answering model
MaMVQA VQA-RAD VQA A multimodal large generative model using the Manmadhan
unsupervised Denoising Auto-Encoder (DAE) and etal 2023
language feature based on the concept of mutual
information (MI) between the word and the
corresponding class label
MRGL* ImageCLEF, VQA A multimodal model for medical visual question Huetal.
VQA-RAD answering where multi-modal features are implicitly 2023
fused by using the multi-head self-attention
mechanism
BiomedCLIP PMC-15M VQA,CMR,IC A contrastive pre-trained model uses PubMedBERT as  Zhang et al.
the text encoder and Vision Transformer as the image 2023
encoder
PaLM-E PaLM-E VQA A new generalist robotics model that transfers Driess et al.
knowledge from varied visual and language domains 2023
to a robotics system by transforming sensor data, e.g.,
images, into a representation through a procedure
that is comparable to how words of natural language
are processed by a language model
PMC-VQA PMC-VQA, VQA-RAD, VQA A generative-based model for medical visual Zhang et al.
SLAKE understanding by aligning visual information from a 2023
pre-trained vision encoder with a large language
model
LLaVA-Med PubMed Central, VQA A large vision-language model to align biomedical Lietal
VQA-RAD, SLAKE, vocabulary using the figure-caption pairs that learns 2023a
Path-VQA to master open-ended conversational semantics using
GPT-4 generated instruction-following data
Q2ATransformer  VQA-RAD, VQA A medical VQA model, integrating the advantages of Liuetal
Path-VQA both classification and generation approaches and 2023
provides a unified treatment for close-end and open-
end questions
XrayGPT MIMIC-CXR, VQA A pre-trained medical vision and language model aligns Thawkar et
Openl both a medical visual encoder (MedClip) with a fine- al. 2023
tuned large language model (Vicuna), using a simple
linear transformation
Med-PaLM M MedQA, MedMCQA, VQA, RS, RG, IC A large multimodal generative model that flexibly Tu et al.
PubMedQA, MIMIC, encodes and interprets biomedical data including 2023
VQA-RAD, Slake-VQA, clinical language, imaging, and genomics with the
Path-VQA, VinDr- same set of model weights
Mammo, CBIS-DDSM,
PrecisionFDA
CephGPT-4 MD-QA, OCIMM, VQA A large-scale multimodal language models based on Ma et al.
PMC-VQA, VQA-RAD, Minigpt-4, which can automatically analyze 2023
SLAKE cephalometric medical images and provide diagnostic
results and treatment advice
Med-Flamingo MTB, VQA, RG A multimodal few-shot model based on the Moor et al.
PMC-0A OpenFlamingo-9B V1 model which uses the CLIP ViT- 2023
L/14 vision encoder and the Llama-7B language model
as frozen backbones
BioMedGPT-10B PubChemQA, VQA A multi-modal foundation model in the biomedical Luo et al.
UniProtQA domain leverages the incremental fine-tuning of large 2023

language models to comprehend biomedical
documents and aligns the feature spaces of molecules,
proteins, and natural language.
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Continued
Model name Dataset Tasks Technical advancement Publications
AltDiffusion LAION 5B, LAION, IG A novel multilingual (Chinese to English) text-to-image Yeetal.
Aesthetics diffusion model built on Stable Diffusion that supports 2023
eighteen different languages trained by two stages:
concept alignment and quality improvement
SAM-Med2D 4.6M images and 19.7M  VQA, IS A medical image segmentation through more Cheng et al.
masks from public and comprehensive prompts involving bounding boxes, 2023
private datasets points, and masks.
M2I12 ImageNet, VQA-RAD, VQA A multimodal model pretrained on medical image Lietal.
Path-VQA, SLAKE caption dataset, and finetuned to downstream medical 2023b
VQA tasks
MMICL MIC VQA A new approach to allow the vision-language model to  Zhao et al.
deal with multi-modal inputs efficiently by a novel 2023
context scheme
MedFuseNet Path-VQA, VQA An attention based multimodal deep learning Sharma et
DAQUAR, model which learns representations by optimal fusion al. 2021
VQA, VQA 2.0, of the multimodal inputs using attention mechanism
CLEVR
Med-VQA VQA-RAD VQA A conditional reasoning framework with task-specific =~ Zhan et al.
reasoning ability realized by the use of an attention 2020
mechanism conditioned by task information to guide
the importance weighting of multimodal fusion
features
MedCLIP MIMIC-CXR, CheXpert; VQA, ZSC, A contrastive learning model that scales the usable Wang et al.
MIMIC, ITR training data in a combinatorial magnitude with low 2023b
COVID, RSNA cost by decoupling images and texts
GPT-4V Nocaps, Flickr30K, VQA, IC A multimodal LLM builds on the work done for GPT-4 Wu et al.
VQAv2, OKVQA, GQA, and dives deeper into the evaluations, preparation, 2023c

ScienceQA, VizWiz,
OCR_VQA

and mitigation for medical licensing examination
questions with images

MMRGL*: multi-modal relationship graph learning; CMR: cross-modal retrieval; IC/Cl/G/S: image caption/classification/generation/
segmentation; RS/G: report summarization/generation, | VQA: visual question answering

been applying transfer learning techniques to pre-train
language models on extensive, unlabeled corpora from
the general domain for question answering. This
includes resources such as Wikipedia articles, web text,
book corpora, Gigaword, and web crawls (Common
Crawl).

The field of language modeling has seen significant
advancements with the introduction of models such as
ALBERT (Lan et al. 2019), UniLM (Dong et al. 2019),
MacBERT (Cui et al. 2020), T5 (Raffel et al. 2020),
LaMDA (Thoppilan et al. 2022), GLaM (Du et al. 2022),
and PaLM (Wei et al. 2022). Each of these models
brings unique capabilities and improvements to various
natural language processing tasks. ALBERT scales with
lower memory and increased speed of BERT by using
parameter-reduction techniques that share the same
weights across its Transformer layers. Despite having a
smaller memory footprint, it maintains a computational
cost similar to a BERT-like architecture due to the
iteration through the same number of repeating layers.
It has improved the state-of-the-art significantly for all

© The Author(s) 2024

three benchmarks, achieving notable scores on GLUE,
SQuAD 2.0 test F1, and RACE test accuracy. UniLM
employs a shared Transformer network to achieve
unified modeling. It uses specific self-attention masks
to dictate the context that conditions the prediction.
UniLM has demonstrated superior performance on five
natural language generation datasets, including
CNN/DailyMail abstractive summarization, Gigaword
abstractive summarization, CoQA generative question
answering, SQuAD question generation, and DSTC7
document-grounded dialog response generation.
Instead of using the [MASK] token, which is absent in
the fine-tuning stage, MacBERT substitutes the word
with a similar one. It enhances RoBERTa in numerous
aspects, particularly in its masking strategy that em-
ploys MLM as a correction (Mac). Experimental out-
comes indicate that MacBERT can attain leading-edge
performances on a multitude of NLP tasks. T5 intro-
duces a unified text-to-text format applicable to all
tasks. This methodology enables the consistent use of
the same model, loss function, and hyperparameters

159 | June 2024 | Volume 10 | Issue 3



REVIEW

Q.Lietal.

Table 3 Medical question-answering dataset overview

Task type Dataset Data size (train/Val./test) Metrics Dataset description

Language MedQA 61,097 (80%/10%10%) Accuracy A medical question bank for professional
question- board exams covering English, simplified
answering Chinese, and traditional Chinese

MedMCQA  193,155(182,822,6150,4183) Accuracy Address real-world medical entrance exam
questions with deep language
understanding

PubMedQA 273.5K (1k expert-annotated, Accuracy, macro-F1,F1  Aimed at biomedical research question

61.2k unlabeled and 211.3k answering using yes/no/maybe
artificially generated )

Multimodal Flowers102 8,189 images Recognition rate Flowers contain 102 types, each class
question- (1030/1030/6129) consists of between 40 and 258 images
answerig  cyp-200- 200 categories, 11,788 images  Accuracy Consisting of 200 bird species with over

2011 11,000 images for fine-grained classification
tasks

PMC-15M 15,282,336 figure-caption pairs R@k (recall score among Given textual description (caption), retrieve

(13.9M/13.6K/726K) top k results) the corresponding image, or vice versa
Visual 108K images, 1773K QApairs - Linking language and vision through
Genome crowdsourced dense image annotations

VQA 2.0 204K images, 614K QApairs VQA score Addressing language biases in VQA and
emphasizing image understanding

OK-VQA 14,031 images, 14,055 QApairs VQA score Knowledge-based VQA which requires
reasoning on External knowledge

VQA-Med- 2866 images, 6413 QApairs BLEU, WBSS, CBSS Focus on VQA in the medical domain

2018 (5413, 2278/500, 324/500,
264)
VQA-RAD 315 images, 3515 QApairs (42% Simple Acc, Mean Acc, VQA dataset with clinicians' 11-type
(637) open-ended answer BLEU questions and reference answers about
types and 58% (878) close- radiology images
ended)
VQA-Med- 4200 images, 15,292 QApairs BLEU, Accuracy Using question patterns from medical
2019 (3200, 12,792/500,2000/500, students to create clinically relevant
500) questions in four categories
RadVisDial 91,060 images, (77,205, 7340, F1 score, Macro F1 Introducing the silver-standard datasets for
(Silver- 6515), 455,300 QApairs VQA in radiology, specifically utilizing chest
standard) X-rays
RadVisDial 100 images, 500 QApairs F1 score, Macro F1 Gold standard dataset comprising dialogues
(Gold- between two expert radiologists discussing
standard) specific chest X-rays

PathVQA 4998 images, 32795 QApairs Accuracy, BLEU, F1 The first dataset for pathology VQA

(16,466 open-ended, other
close-ended) (3021,
19,755/987, 6279/990, 6761)
VQA-Med-  VQA: 5500 images, 5500 Accuracy, BLEU Including tasks on both Visual Question
2021 QApairs (4500, 4500/500, Answering (VQA) and Visual Question
500/500, 500) VQG: (-/85, Generation (VQG)
200/100, 302)
SLAKE 642 images, 14K QApairs (450, Accuracy A semantically-labeled knowledge-enhanced

9849/96,2109/96, 2070)

dataset with an extendable knowledge base
for Med-VQA

Summarizing widely used datasets for language and multimodal question answering in the medical domain, along with the corresponding
evaluation metrics. Consult Table 1 and Table 2 for more comprehensive information regarding task-specific datasets evaluated for dif-

ferent models
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across an extensive array of NLP tasks. The efficacy of
T5 is largely contingent on the specific task and the cal-
iber of the fine-tuning. Nevertheless, it has been
demonstrated to accomplish top-tier results on numer-
ous NLP tasks. LaMDA is constructed by meticulously
fine-tuning a suite of Transformer-based neural lan-
guage models that are tailored for dialog. These models
are educated to utilize external knowledge sources.
LaMDA has the capability to access a variety of symbol-
ic text processing systems, which include a database, a
real-time clock and calendar, a mathematical calculator,
and a system for natural language translation. In every
dimension and across all model sizes, LaMDA signifi-
cantly surpasses the performance of the pre-trained
model. Quality metrics, such as Sensibleness, Specifici-
ty, and Interestingness, generally see an improvement
with the increase in the number of model parameters,
irrespective of whether fine-tuning is applied.

Owing to sparsity, GLaM can be trained and served
efficiently in terms of computation and energy con-
sumption. The comprehensive version of GLaM encom-
passes 1.2T total parameters distributed across 64 ex-
perts per Mixture of Experts (MoE) layer, with a total of
32 MoE layers. However, during inference, it only acti-
vates a subnetwork of 97B parameters, which consti-
tutes 8% of the 1.2T parameters, for each token predic-
tion. When compared to a dense language model, GPT-3
(175B), GLaM’s performance is favorable, demonstrat-
ing significantly enhanced learning efficiency across 29
public NLP benchmarks spanning seven categories.
PaLM, developed by Google Research, is a powerful lan-
guage model with 540 billion parameters. It was
trained using the Pathways system across multiple TPU
v4 Pods. It achieved state-of-the-art accuracy on the
GSM8K math word problems benchmark and reached
57.8% hardware FLOPs utilization, the highest for large
language models at this scale. The training scaled to
6144 chips, the largest TPU-based system configura-
tion used for training to date. These advancements in
language modeling continue to push the boundaries of
what is possible in natural language processing tasks.

Language modeling has undergone substantial evolu-
tion with the advent of models such as GPT-2, LLaMA,
GPT-3/3.5, ChatGPT, and InstrucGPT. Each model intro-
duces unique capabilities and enhancements, contribut-
ing significantly to a wide range of tasks in natural lan-
guage processing. These models collectively symbolize
the remarkable progress achieved in this domain. GPT-
2 (Radford et al. 2019) showcases a wide array of abili-
ties, including the generation of conditional synthetic
text samples of unparalleled quality. This is achieved by
priming the model with an input and having it generate
an extensive continuation. It surpasses other language
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models trained on specific domains, such as Wikipedia,
news, or books, without the need for these domain-
specific training datasets. Human labelers, who were
used for training, preferred the fine-tuned models to
the base GPT-2 model (zero-shot) 88% and 86% of the
time for sentiment and descriptiveness, respectively.
The 1.5B model received a “credibility score” of 6.91
out of 10 from people. LLaMA (Touvron et al. 2023)
constitutes a suite of foundational language models,
with parameters spanning from 7 billion to 65 billion.
These models are trained on trillions of tokens, under-
scoring the feasibility of training cutting-edge models
solely on publicly accessible datasets, thereby eliminat-
ing the need for proprietary and inaccessible datasets.
LLaMA-13B surpasses GPT-3 (175B) on the majority of
benchmarks, while LLaMA-65B contends with the top
models, Chinchilla-70B and PaLM-540B. All models
have been made publicly accessible to the research
community.

GPT-3/3.5 (Brown et al. 2020) stands as the most
substantial neural network ever constructed, boasting
over 175 billion machine learning parameters. It
outstrips preceding large language models in both size
and proficiency. The model has undergone training via
a method known as generative pre-training, where it
acquires knowledge from patterns present in the
extensive corpus of internet text. GPT-3 has exhibited
remarkable efficacy in generating superior-quality text
that mirrors content written by humans. It is capable of
producing significant quantities of pertinent and
sophisticated machine-generated text with minimal
input text. The performance of GPT-3 escalates in
tandem with the model’s size and the volume of data it
has been trained on. GPT-3.5 Turbo has undergone fine-
tuning to enhance its performance for particular use
cases and to operate these bespoke models at scale.
This fine-tuning process augments the model’s capacity
to adhere to instructions more effectively, format
responses consistently, and refine the qualitative aspect
of the model output. Preliminary tests have indicated
that a fine-tuned variant of GPT-3.5 Turbo can equate to,
or even surpass, the capabilities of the base GPT-4 on
specific narrow tasks. Moreover, fine-tuning with GPT-
3.5 Turbo can accommodate 4k tokens, which is double
the capacity of previous fine-tuned models.

Non-domain specific Large Language Model (LLM)
ChatGPT (OpenAl et al. 2022) has demonstrated capa-
bilities in deductive reasoning, maintaining a chain of
thought, and managing long-term dependencies. It
excels in addressing long-range dependencies and
producing coherent responses that are contextually ap-
propriate. ChatGPT operates without access to external
information sources, generating responses based on the
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abstract relationships between words within the neu-
ral network. The model has exhibited understandable
reasoning and offered valid clinical insights, bolstering
confidence in its trustworthiness and comprehensibili-
ty. It has achieved an accuracy of 60%, meeting the
passing threshold for the USMLE exams. Remarkably,
ChatGPT has performed at or near the passing thresh-
old for all three USMLE exams without any specialized
training or reinforcement. Finally, InstrucGPT (Ouyang
et al. 2022) signifies a substantial progression beyond
preceding GPT models. It has been trained to encapsu-
late human intentions and align with user directives,
thereby enhancing its accuracy and reducing suscepti-
bility to toxic language. This is accomplished through
reinforcement learning and fine-tuning predicated on
human feedback, a process known as Reinforcement
Learning from Human Feedback (RLHF). When juxta-
posed with its predecessor, GPT-3, InstructGPT
presents several pivotal enhancements. It generates
outputs that are more aligned with user directives,
thereby enhancing its accuracy and reducing suscepti-
bility to toxic language.

In summary, unimodal question-answering models
focus on enhancing the speed and versatility of BERT,
such as using parameter-reduction techniques and
being fine-tuned for various NLP tasks. There are
models specifically for Chinese NLP such as MacBERT
modifies RoOBERTa, and other encoder-decoder models
pre-trained on a mix of tasks such as T5. Conversational
models LaMDA and GLaM, where LaMDA developed by
Google and GLaM using a sparsely activated mixture-of-
experts’ architecture, and large transformer model
PaLM trained with the Pathways system are efficient
modules for unimodal question answering. Other large
language models pre-trained on a diverse dataset, such
as LLaMA aim to construct a smaller model that
outperforms larger ones, e.g., GPT-2.

Unimodal models in medical domain question
answering

It's important to note that biomedical literature
possesses unique concepts and terminologies that are
not typically found within the general domain. Medical
domain question answering with unimodal models
mainly utilizes resources such as MedQA, MedMCQA,
PubMed, PubMedQA, ROOTS, MedDialog, MMLU, and
ChiMed.

Unimodal medical question answering has wit-
nessed considerable advancements with the introduc-
tion of models based on the Bidirectional Encoder Rep-
resentations from Transformers (BERT). For example,
BioBERT (Lee et al. 2019), PubMedBERT (Gu et al.
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2021), and BioLinkBERT (Yasunaga et al. 2022b), have
made notable contributions in the medical domain,
demonstrating the potential of BERT-based models in
enhancing the performance of medical question-
answering systems. BioBERT, introduced in 2019,
fine-tuned a single BERT to a pre-trained biomedical
language representation model. It adapted the word
distribution to biomedical corpora in a variety of
biomedical text mining tasks. BioBERT significantly
outperformed previous state-of-the-art models on
biomedical named entity recognition (0.62% F1 score
improvement), biomedical relation extraction (2.80%
F1 score improvement), and biomedical question an-
swering (12.24% MRR improvement). PubMedBERT
proposes a language model specifically designed for
biomedical text analysis based on the BERT architec-
ture pre-trained from scratch using abstracts from
PubMed and full-text articles from PubMedCentral. This
model achieves state-of-the-art performance on many
biomedical NLP tasks, and currently holds the top score
on the Biomedical Language, which shows good perfor-
mance in understanding and extracting information
from biomedical literature. BioLinkBERT was intro-
duced, which captures document links such as hyper-
links and citation links to include knowledge that spans
across multiple documents. It was pre-trained by feed-
ing linked documents into the same language model
context, besides using a single document as in BERT.
On the BLURB score, BioLinkBERT achieved 83.39
for BioLinkBERT-base and 84.30 for BioLinkBERT-
large. On PubMedQ4, it scored 70.2 for BioLinkBERT-
base and 72.2 for BioLinkBERT-large. On BioASQ, it
scored 91.4 for BioLinkBERT-base and 94.8 for
BioLinkBERT-large. On MedQA-USMLE, it scored 40.0
for BioLinkBERT-base and 44.6 for BioLinkBERT-large.

Generative pre-trained transformers (GPT) are a
groundbreaking innovation in the field of natural lan-
guage processing. Developed by OpenAl, GPT models
are based on a transformer-based architecture and fol-
low a two-stage training procedurel. Initially, a lan-
guage modeling objective is used on unlabeled data to
learn the initial parameters of the neural network mod-
el. These models, such as GPT-3, have been successfully
introduced to understand medical language. BioGPT-
Large excels in three end-to-end relation extraction
tasks, BC5CDR, KD-DTI, and DDI, outperforming previ-
ous models with F1 scores of 44.98%, 38.42%, and
40.76% respectively, and achieving 78.2% accuracy
on PubMedQA. Similarly, BioGPT (Luo et al. 2022), a
generative transformer language model pre-trained
on large-scale biomedical literature, surpasses previ-
ous models on most tasks, matching the performance
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of BioGPT-Large on the aforementioned tasks and
accuracy on PubMedQA. In clinical scenarios, Clinical-
GPT (Wang et al. 2023a) is a language model explicitly
designed and optimized for such contexts. It incorpo-
rates extensive and diverse real-world data, including
medical records, domain-specific knowledge, and multi-
round dialogue consultations in the training process. In
comparisons against BLOOM-7B and LLAMA-7B,
ClinicalGPT emerged victorious in 89.7% and 85.0% of
the cases respectively. Catering to the specific needs of
Chinese medical text processing is ChiMed-GPT (Tian et
al. 2023). Built upon Ziya-13B-v2, it inherits the capa-
bility to process extensive context lengths. The context
length of CHIMED-GPT is extended to 4,096, guarantee-
ing its practical value in the medical domain through
enhanced context processing capability. These models
collectively represent significant advancements in the
field of biomedical language processing.

Significant advancements in large language models
(LLMs) have recently ushered in a new era in the field
of medical question answering. BioELECTRA
(Kanakarajan et al. 2021), a biomedical domain lan-
guage model pre-trained on PubMed and PubMed Cen-
tral (PMC) full text articles, achieved a new state-of-the-
art with an accuracy improvement of 1.39% on MedNLI
and 2.98% on the PubMedQA dataset. OPT (Zhang et al.
2022) presented a collection of auto-regressive large
language models, with OPT-175B comparable to GPT-3
but requiring only 1/7th the carbon footprint to devel-
op- GAL (Taylor et al. 2022) introduced a set of special-
ized tokenizations for various scientific notations and
achieved a state-of-the-art on LaTeX equations, outper-
forming GPT-3, as well as on PubMedQA and
MedMCQA dev. BLOOM (Scao et al. 2022), a 176B-
parameter multilingual language model pre-trained on
ROOTS with multilingual-focused training, shows com-
petitive performance after multitask finetuning.
MediTron-70B (Chen et al. 2023b) adapted the Llama-2
language model to the medical domain with group-
query attention and outperformed Llama-2-70B and
Flan-PaLM-7B on downstream medical tasks. Codex 5-
shot CoT (Liévin et al. 2022) developed a large lan-
guage model focused on multiple prompting scenarios
and achieved human-level performances on three
datasets. CoT-T5-11B (Kim et al. 2023) fine-tuned Flan-
T5 on a large amount of rationales, resulting in stronger
few-shot learning capabilities on 4 domain-specific
tasks and even outperforming ChatGPT. These advance-
ments highlight the rapid progress and potential of
large language models in various domains.

The recent introduction of two models, Med-PaLM2
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(Singhal et al. 2023) and PMC-LLaMA (Wu et al. 2023a),
has significantly reshaped the field of medical question
answering, enabling the generation of high-quality re-
sponses. Med-PaLM2, a large language model, harness-
es the power of Google’s large language models to pro-
vide high-quality answers to medical questions. It
achieved an impressive 86.5% accuracy and was the
first language model to perform at an “expert” test-
taker level on the MedQA dataset of USMLE-style ques-
tions, reaching 85% accuracy. Furthermore, it scored a
passing 72.3% on the MedMCQA dataset, which com-
prises Indian AIIMS and NEET medical examination
questions. Concurrently, PMC-LLaMA was unveiled as
an open-source language model specifically designed
for medical applications. It was developed through
data-centric knowledge injection and comprehensive
fine-tuning for alignment with domain-specific instruc-
tions. Despite consisting of only 13 billion parameters,
PMC-LLaMA exhibited superior performance on vari-
ous public medical question-answering benchmarks,
even surpassing ChatGPT. These models represent sig-
nificant strides in the application of language models to
the medical domain.

In summary, in the rapidly evolving field of biomedi-
cal language models, several models have made signifi-
cant contributions. BioBERT, BioLinkBERT, and
PubMedBERT have leveraged the BERT architecture,
and pre-training on biomedical corpora to enhance per-
formance on biomedical NLP tasks. Another foundation
model is the GPT, by which BioGPT-Large and Clinical-
GPT have demonstrated effectiveness in the biomedical
domain, and ChiMed-GPT has shown its potential in
Chinese medical text understanding. Other approaches,
including pre-training on medical domain information,
the application of group-query attention, and the use of
specialized tokenization for scientific notations, epito-
mize the forefront of advancements in the realm of
biomedical language models.

MULTIMODAL MEDICAL QUESTION ANSWERING

Both general domain question answering (GDQA) and
medical domain question answering (MDQA) benefit
from the incorporation of multimodal models. These
models leverage the power of multiple modalities to en-
hance the accuracy, relevance, and comprehensiveness
of question answering. In GDQA, multimodal models
enable a deeper understanding of diverse topics, while
in MDQA, they assist in leveraging medical data for ac-
curate diagnosis, treatment recommendations, and
medical research support.
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Multimodal models in general domain question
answering

General domain question answering involves answer-
ing questions from a broad range of topics and do-
mains. It aims to develop models that can understand
and generate human-like responses to questions posed
in natural language. Multimodal models play a crucial
role in general domain question answering by incorpo-
rating multiple modalities such as text, images, videos,
and other forms of data to improve the question-
answering process. In GDQA, multimodal models lever-
age the complementary information provided by differ-
ent modalities to enhance the accuracy and relevance of
answers. By incorporating images or videos, these mod-
els can provide visual context and offer more compre-
hensive responses. For example, in a question about
identifying a species of bird, a multimodal model can
analyze both the textual description and a correspond-
ing image to provide a more accurate answer.

Furthermore, multimodal models in GDQA have the
potential to tackle complex questions that require
cross-modal reasoning. For instance, when answering a
question about the historical significance of a famous
landmark, a multimodal model can combine textual in-
formation from historical documents with images or
videos depicting the landmark's architectural features
and cultural importance. This integration of modalities
enables a deeper understanding of the question and fa-
cilitates the generation of more informative responses.
Visual language modeling has witnessed the emer-
gence of several models that have made significant ad-
vancements in understanding and representing the re-
lationship between vision and language. These models
have contributed to various tasks, such as visual ques-
tion answering, image segmentation, and multimodal
understanding.

In the realm of visual question answering, MCAN
(Modular Collaborative Attention Network) (Yu et al.
2019) has introduced a joint attention mechanism that
effectively captures relevant image features. This en-
hanced attention mechanism has demonstrated im-
proved performance in the task of answering questions
based on visual content. Addressing the correlation
between images and language, CLIP (Contrastive
Language-Image Pretraining) (Radford et al. 2021)
focuses on developing a deep understanding of the
relationship between visual and textual information. By
combining visual and text encoders, CLIP demonstrates
remarkable performance on diverse visual tasks, in-
cluding image classification and generation. DALL-E
(Ramesh et al, 2021) showcases the potential for cre-
ative applications in art and design by generating high-
quality images from textual descriptions. By combining
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natural language processing and image synthesis,
DALL-E bridges the gap between language and visual
creativity.

Going beyond static images, VLM (Video-Language
Model) (Xu et al. 2021) introduces a task-agnostic pre-
training approach for video and text inputs. This model
outperforms task-specific methods in text-video
retrieval tasks by capturing the complex interactions
between textual and visual information in videos. These
advancements in visual language modeling have also
extended to the realm of language generation.

Expanding on previous work, ViLBERT (Vision-and-
Language BERT) (Lu et al. 2019) has extended the
BERT architecture to comprehensively tackle the chal-
lenges of vision and language understanding. By com-
bining visual and textual information, ViLBERT
achieves state-of-the-art performance across various
tasks, showcasing its effectiveness in capturing the in-
tricate relationship between vision and language.
LXMERT (Learning Cross-Modality Encoder Represen-
tations from Transformers) (Tan et al. 2019) empha-
sizes sophisticated reasoning abilities and leverages
joint representation learning. This comprehensive
vision-and-language model excels in image question-
answering tasks by effectively integrating visual and
textual information. Moving beyond image-based tasks,
ConceptBert (Garderes et al. 2020) leverages Knowl-
edge Graphs to enhance visual question-answering ac-
curacy. By incorporating structured knowledge into the
model's understanding of visual and textual informa-
tion, ConceptBert improves the accuracy and depth of
its responses. UNITER (UNiversal Image-TExt Repre-
sentation) (Chen et al. 2020) presents a joint image-text
representation learning model that surpasses previous
methods in various vision-and-language tasks. By effec-
tively integrating image and text information, UNITER
achieves strong performance across a range of multi-
modal tasks, demonstrating its versatility and effective-
ness. StableDiffusion (Rombach et al. 2022) addresses
the computational challenges of generating high-
resolution images, achieving promising results while
reducing computational demands. In the domain of im-
age segmentation, SAM (Kirillov et al. 2023) introduces
the promptable Segment Anything Model architecture
along with a large-scale dataset called SA-1B. Through
prompt engineering, SAM demonstrates its potential to
accurately delineate objects and regions within images.
Flamingo demonstrates its versatility and adaptability
by enabling zero-shot adaptation to new tasks in both
vision and language. Furthermore, PaLM (Pathways
Language Model) (Bosma et al. 2023) achieves ground-
breaking performance in benchmarks for language
comprehension and generation, leveraging its densely

© The Author(s) 2024



Developing ChatGPT for biology and medicine

REVIEW

activated, Transformer-based architecture. On this ba-
sis, PaLM-E (Driess et al. 2023) combines a Vision
Transformer with a language model, showcasing im-
provements in data efficiency and transfer learning
across various robot embodiments.

On the language understanding front, GPT-3.5, an en-
hanced version of GPT-3, addresses limitations in lan-
guage understanding and generation. With its ad-
vanced architecture and the use of prompt engineering
and ensemble methods, GPT-3.5 achieves state-of-the-
art results on various language tasks and shows
promise in medical benchmarks, enabling more accu-
rate and contextually relevant responses. Building up-
on the successes of its predecessors, GPT-4 (Nori et al.
2023) further improves language generation with an
advanced architecture that captures long-range depen-
dencies and excels in understanding multimodal con-
tent. This model demonstrates enhanced performance
and generates more coherent and contextually relevant
text. MiniGPT-v2 (Chen et al. 2023a) serves as a unified
interface for vision-language tasks, achieving strong
performance on visual question answering and ground-
ing. MiniGPT-4 further enhances multimodal capabili-
ties by combining a frozen visual encoder with a large
language model. NEXT-GPT (Wu et al. 2023b) is an end-
to-end multimodal language model capable of process-
ing any combination of text, images, videos, and audio.
It achieves universal multimodal understanding and
supports any-to-any modality input and output.

Overall, these models have made substantial strides
in enhancing visual language modeling, effectively tack-
ling various challenges in tasks such as image under-
standing, language comprehension, and generation
within multimodal contexts.

Multimodal models in medical domain question
answering

Medical domain question answering focuses specifically
on answering questions related to medicine and
healthcare. It requires models to understand medical
terminology, concepts, and domain-specific knowledge
to provide accurate and reliable answers. In MDQA,
multimodal models can effectively integrate textual and
visual information to provide precise answers to
medical questions. For example, when asked about the
characteristics of a skin lesion, a multimodal model can
combine textual descriptions from medical records
with corresponding images to offer a more accurate
diagnosis. By considering both modalities, the model
can identify relevant visual patterns and correlate them
with textual information to generate well-informed
answers. The integration of multimodal data in MDQA
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also allows for more sophisticated tasks, such as
treatment recommendations or medical research
support. By analyzing clinical notes, patient records,
and medical images, multimodal models can assist
healthcare professionals in making informed decisions.
For instance, a multimodal model can analyze a
patient's electronic health records, medical images, and
relevant scientific literature to recommend per-
sonalized treatment options for a specific medical
condition.

The field of medical visual question answering (VQA)
has experienced the rise of numerous impressive
models that integrate computer vision and natural
language processing techniques. These models have
had a transformative impact on clinical decision
support, image interpretation, and patient education by
facilitating the fusion of visual information from
medical images with textual questions. This paper
investigates several noteworthy models that have
played a crucial role in advancing medical VQA.

ImageCLEF (Abacha et al. 2019) introduced the Med-
ical Visual Question Answering (VQA-Med) task, which
involved creating a dataset comprising radiology im-
ages and question-answer pairs. Participating systems
demonstrated strong performance, highlighting the po-
tential of medical VQA for clinical decision support, im-
age interpretation, and patient education. MedFuseNet
(Sharma et al. 2021), on the other hand, addresses the
challenges associated with multimodal inputs in medi-
cal VQA. It proposes an attention-based multimodal
deep learning model that improves answer generation
tasks. MedFuseNet is effective on real-world medical
VQA datasets, such as MED-VQA (radiology-based) and
PathVQA (pathology-based). Recently, M212 (Li et al.
2023b) presented a self-supervised framework for
medical Visual Question Answering (VQA). By combin-
ing different self-supervised methods and utilizing a
medical image caption dataset, M2I2 addresses the
challenge of limited training data. It achieves improved
performance on three public medical VQA datasets:
VQA-RAD, PathVQA, and Slake, with absolute accuracy
improvements of 1.3%, 13.6%, and 1.1% compared to
previous approaches, respectively. In addition, the
MedVInT model addresses the challenges of visual-
language understanding in the medical field. It com-
bines a pre-trained vision encoder with a large lan-
guage model and achieves state-of-the-art performance
on the newly introduced PMC-VQA dataset. The study
emphasizes the significance of this dataset, which sur-
passes existing ones in size and diversity, enabling com-
prehensive evaluation and advancements in medical
visual question answering.

Transferring successful methods from the general
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domain to the medical domain has been a focus of
research in recent years. By adapting and fine-tuning
general domain language models on medical-specific
data, researchers aim to create specialized models for
medical language understanding and generation. This
cross-domain transfer approach harnesses the power
of general domain models while addressing the unique
challenges of the medical domain. The advancements in
this area offer valuable insights into leveraging existing
resources to enhance language processing in special-
ized domains. For instance, MMICL (Zhao et al. 2023)
improves vision-language models (VLMs) by address-
ing their limitations in understanding complex multi-
modal prompts. It introduces a new context scheme
and the MIC dataset, enabling efficient handling of
multi-modal inputs. MMICL achieves state-of-the-art
performance on vision-language tasks, especially on
challenging benchmarks like MME and MMBench. It ef-
fectively handles text-to-image references, relation-
ships between multiple images, and in-context multi-
modal demonstrations. MMICL also reduces language
bias in VLMs, resulting in impressive performance.
Med-Flamingo is an improved version of the Flamingo
model that learns from limited examples in real time. It
undergoes a comprehensive clinical evaluation study
for medical visual question answering (VQA) and
achieves exceptional performance on conventional VQA
datasets. Med-Flamingo incorporates pre-training
datasets like PMC-OA and MTB, as well as a unique
USMLE-style evaluation dataset that combines medical
VQA with complex medical reasoning across specialties.
It shows promise for clinical applications in the field of
medical VQA. Inspired by the widespread utilization of
StableDiffusion, AltDiffusion (Ye et al. 2023) is a multi-
lingual Text-to-Image (T2I) diffusion model that sup-
ports eighteen languages. It incorporates a multilingual
text encoder and a pre-trained English-only diffusion
model, achieving superior performance in generating
high-quality images and capturing culture-specific con-
cepts while maintaining comparable image quality.
SAM-Med2D (Cheng et al. 2023) is a specialized ver-
sion of the Segment Anything Model (SAM) specifically
designed for medical image segmentation. It addresses
the domain gap between natural and medical images by
fine-tuning SAM on a large-scale medical dataset. SAM-
Med2D incorporates improved encoder and decoder
components and achieves superior performance and
generalization on diverse modalities, anatomical struc-
tures, and organs, as demonstrated in comprehensive
evaluations and validations on multiple datasets from
the MICCAI 2023 challenge.

Researchers have been investigating the potential
application of CLIP, which has shown promising results
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in cross-modal generation across various domains, in
the medical field. PubMedCLIP focuses on Medical
Visual Question Answering (MedVQA) and outper-
forms the original CLIP and a popular MAML network,
achieving improvements of up to 3% in accuracy.
BiomedCLIP (Zhang et al. 2023) presents a large-scale
study on domain-specific pre-training for biomedical
vision-language processing (VLP) and surpasses previ-
ous VLP approaches, even outperforming radiology-
specific state-of-the-art models. MedCLIP (Wang et al.
2023b) addresses the application of visual text con-
trastive learning to medical images and reports, achiev-
ing high data efficiency and superior performance in
various tasks. These studies emphasize the advantages
of adapting CLIP specifically for the medical domain,
enhancing performance, and overcoming challenges as-
sociated with limited and imbalanced medical training
data.

On the other hand, recent studies have emphasized
the successful implementation and customization of the
PaLM model within the medical field. Flan-PaLM (Sing-
hal et al. 2022) focuses on instruction fine-tuning and
demonstrates its effectiveness in scaling the number of
tasks, model size, and incorporating chain-of-thought
data. The study shows that Flan-PaLM, a 540B-
parameter model finetuned on 1.8K tasks, outperforms
previous models like PaLM on multiple evaluation
benchmarks, achieving state-of-the-art performance.
Additionally, Flan-T5 checkpoints exhibit strong few-
shot performance compared to larger models. Med-
PaLM 2 (Singhal et al. 2023) addresses limitations in
medical question answering by combining improve-
ments in base language models, medical domain fine-
tuning, and novel prompting strategies. Med-PaLM 2
achieves promising results on various medical datasets
and demonstrates improved accuracy compared to its
predecessor. It also receives positive evaluations from
physicians and introduces new adversarial question
datasets. Moreover, Med-PaLM M (Tu et al. 2023) focus-
es on a generalist biomedical Al system and presents
the MultiMedBench benchmark, demonstrating the po-
tential of generalist models for various medical tasks. It
addresses shortcomings in biomedical Al and showcas-
es promising results in generating chest X-ray reports
and zero-shot multimodal medical reasoning. The study
emphasizes the importance of large-scale biomedical
data access, real-world performance validation, and
safety considerations.

In parallel with the successful application of
transformer-based models and GPTs in general domain
visual question answering (VQA), the field of health-
care has witnessed a flourishing development, giving
rise to a plethora of medical VQA models. Q2A-
Transformer (Liu et al. 2023) is a framework that
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employs a transformer decoder to effectively handle
image-question features and candidate answer embed-
dings. It incorporates answer semantics and reduces
the search space for answers, resulting in improved
performance on medical VQA tasks. MaMVQA (Man-
madhan et al. 2023) tackles the challenges of applying
general VQA models to the medical domain by leverag-
ing parallel multi-head attention and a novel semantic
term-weighting scheme. It utilizes unsupervised learn-
ing for image featurization and domain-specific embed-
dings to interpret complex clinical terminologies in
questions. MaMVQA achieves high accuracy on the
VQA-RAD dataset, particularly for open-ended ques-
tions. XrayGPT (Thawkar et al. 2023) focuses on chest
radiograph interpretation and combines a visual en-
coder with a language model. It aligns high-quality
summaries with X-ray images through interactive con-
versations, leading to exceptional performance on the
MIMIC-CXR dataset. The model benefits from fine-
tuning on real patient-doctor conversations and radiol-
ogy dialogues. BioMedGPT (Luo et al. 2023) addresses
the limitations of general-purpose language models in
handling biomedical domain questions. It introduces
BioMedGPT-10B, a large-scale generative language
model that unifies the feature space of molecules, pro-
teins, and natural language. This model demonstrates
superior performance on biomedical question-
answering tasks and shows promise in accelerating
drug discovery and identifying therapeutic targets.
CephGPT-4 (Ma et al. 2023) is a multimodal cepha-
lometric analysis and diagnostic dialogue model for
orthodontic medicine. It incorporates a fine-tuned
version of MiniGPT-4 and VisualGLM, trained on a
dataset of cephalometric images and doctor-patient di-
alogues. The model excels in the automatic analysis of
cephalometric landmarks and the generation of diag-
nostic reports, addressing challenges in manual land-
mark annotation and accurate interpretation of
cephalometric analysis results.

As the field of medical visual question answering
(MedVQA) continues to evolve, several promising re-
search directions are emerging. These directions aim to
tackle open-ended problems and leverage knowledge
graph-based representation learning to enhance the
capabilities of VQA models. By exploring these areas,
researchers can unlock new possibilities in under-
standing medical images and providing accurate and
insightful answers to complex visual questions. As an
illustration, LLaVA-Med (Li et al. 2023a) is a cost-
efficient method designed to train a vision-language
conversational assistant capable of addressing open-
ended research questions related to biomedical images.
It highlights the limitations of current general-domain
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visual assistants in biomedical scenarios and proposes
a solution using a comprehensive biomedical figure-
caption dataset. The paper's key contribution is the ap-
plication of curriculum learning to fine-tune a large
general-domain vision-language model. Evaluation on a
new dataset of 193 questions demonstrates outstand-
ing performance, including a 0.68 F1 score for open-set
questions and a 0.91 accuracy score for close-set ques-
tions. In addition, Med-VQA-CR (Zhan et al. 2020) intro-
duces a conditional reasoning framework, combining
problem-conditional reasoning (QCR) and task-
conditional reasoning (TCR), to effectively address
open- and closed-ended problems. Integration of QCR
and TCR enhances overall accuracy from 66.1% to
71.6%, with open accuracy improving from 49.2% to
60.0%, and closed accuracy from 77.2% to 79.3%,
showcasing superior performance on the VQA-RAD
dataset and excelling in higher-level reasoning skills,
particularly in open-ended tasks. On the other hand,
DRAGON (Yasunaga et al. 2022a) is a self-supervised
method introduced for pretraining a language-
knowledge model from text and knowledge graphs
(KGs). The authors propose a deeply bidirectional mod-
el that effectively combines information from both
modalities, demonstrating superior performance over
existing models in general and biomedical domains.
Evaluation on downstream tasks, including question
answering and BioNLP, shows an average improve-
ment of 5% and 8% across different tasks. Besides,
MRGL tackles the challenge of medical visual question
answering (VQA) by integrating multi-modal relation-
ship graph learning. It addresses the shortcomings of
existing medical VQA methods by introducing a com-
prehensive dataset centered on chest X-ray images,
capturing detailed questions related to disease names,
locations, levels, and types. The proposed baseline
method constructs spatial, semantic, and implicit rela-
tionship graphs on image regions, questions, and se-
mantic labels, allowing the model to learn to answer
reasoning paths for diverse questions.

Overall, In the realm of multimodal visual-language
models within the medical domain, a comprehensive
exploration of prevalent models reveals their re-
markable efficacy in amalgamating medical imaging
and natural language processing. These models not
only elevate the precision of medical image analysis but
also pave the way for a novel approach to holistic
comprehension of medical information. Notable, too,
due to the fact that question answering in the medical
field can encompass both open-ended and close-ended
questions, there is a significant limitation as it restricts
the scope of the analysis and potentially overlooks
methods that might perform well in a broader context.
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In summary, multimodal visual-language models pre-
sent unparalleled collaborative benefits in the field of
medicine, heralding fresh opportunities for advanc-
ing medical research and clinical practices.

CHALLENGES AND OPPORTUNITIES

Advancements in information fusion and semantic
comprehension

The complexity and diversity of semantic understand-
ing in general domain questions and answers necessi-
tate sophisticated QA models with robust comprehen-
sion capabilities. These models must understand the
nuances and context of questions, generate accurate
and detailed answers, and integrate information from
multiple sources. The integration of diverse data types,
including text, images, and audio, poses a central chal-
lenge in the field of general domain research on multi-
modal QA models. This requires innovative approaches
to effectively understand and fuse this information,
advanced computer vision algorithms, and natural
language processing techniques. Achieving this level of
semantic comprehension often involves leveraging
pre-trained language models, such as transformer-
based architectures, and adapting them to handle mul-
timodal inputs. Despite these challenges, the prospect
of leveraging multiple sources for information fusion,
employing transfer learning to enhance adaptability,
and refining real-time feedback systems opens exciting
opportunities for the development of intelligent assis-
tants and advanced QA systems. By integrating differ-
ent data types and improving the models’ ability to un-
derstand and reason across modalities, multimodal QA
models have the potential to greatly enhance user in-
teractions and provide more comprehensive and accu-
rate answers to complex queries.

Data complexity, uncertainty, and multimodal
processing

Medical texts, laden with professional terms and com-
plex structures, necessitate models with ample medical
knowledge and contextual understanding. The scarcity
and uncertainty of medical data pose challenges in ob-
taining large-scale, high-quality annotated data, there-
by complicating the training and inference of multi-
modal question-answering models. Furthermore, the
multimodal nature of medical data, encompassing text,
images, and videos, requires substantial computing re-
sources and storage space for processing large-scale
datasets and aligning different modalities. Despite
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these challenges, multimodal question-answering mod-
els present numerous opportunities in the medical
field, such as automating the generation and analysis of
medical reports, assisting clinical decision-making, and
aiding patients in acquiring medical knowledge. As
medical data accumulates and models improve, these
models are anticipated to play an increasingly signifi-
cant role in the medical field.

Navigating complexity, ensuring privacy, and
advancing precision medicine

In the realm of medical multimodal question-
answering research, the complexity of medical knowl-
edge and the necessity to navigate intricate terminolo-
gies and diverse data types, such as images and texts,
pose significant challenges. These complexities require
QA models capable of processing and interpreting a va-
riety of medical data, including structured and unstruc-
tured formats like electronic health records, medical
images, clinical notes, research articles, and patient-
generated data, for meaningful insights and answers.
The development and deployment of these models are
further complicated by the need for strict adherence to
privacy regulations and ethical standards due to the
sensitivity of patient data. Despite these challenges, the
medical field presents promising opportunities for ad-
vancing precision medicine through accurate diagnos-
tics and treatment recommendations. Multimodal QA
models can revolutionize healthcare practices and en-
hance patient outcomes by automating functions such
as analyzing medical images, extracting relevant infor-
mation from medical literature, and aiding in the inter-
pretation of clinical data. Furthermore, these models fa-
cilitate interdisciplinary research by assisting in the
comprehension and utilization of diverse medical data
types, thereby accelerating discoveries, promoting col-
laboration across research domains, and ultimately ad-
vancing medical knowledge and patient care.

CONCLUSIONS

To conclude, the sophistication and efficacy of ChatGPT-
related language and multimodal mechanisms in ad-
dressing medical question-answering challenges, en-
compassing both unimodal and multimodal dialogues,
are noteworthy. These models also tackle other issues
such as medical diagnosis, reasoning, machine transla-
tion, and image segmentation, and their performance is
critically evaluated against conventional approaches.
The discussion concludes with an exploration of the
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challenges and prospects in the realms of medical infor-
mation, question comprehension, and model capacity
to provide an efficient approach to preserving the
benefits of the training process while enhancing the
resolution of intricate medical dilemmas.
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