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Abstract 
There is an increasing need for artificial intelligence in the field of medical related learning frameworks which is capable 
of efficiently handling the multimodal data which is under resource constrained situations. Conventional machine learning 
and deep learning algorithms are usually depending on the large labelled dataset and limited environment with less 
applicability for real world applications. The adoption of the Artificial intelligence in the field of healthcare is the need 
for the learning and effective handling of the multimodal healthcare data. Traditional machine learning and deep learning 
algorithms depends on the large-scale datasets with label, limiting the usage of the current clinical environment. This will 
limit the applicability of the real-world clinical environments by the data lackness and variance in the domain. In this 
work, Large Language Models are used with deep metric learning framework for multimodal medical journal 
classification. In this work, Large Language Model is implemented using deep metric learning framework for the 
multimodal dataset. The multimodal dataset comprises of text, table and images from online repository. The data manually 
downloaded from the PubMed website is used in this work. The proposed LLM guide framework outperformed all other 
models trained by various benchmark datasets.  
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1. Introduction 
The transformation of the publication of the research 
articles in digital repositories led to the rapid 
accumulation of online data which includes diverse 
medical data which includes medical images, clinical 
reports, digital health records. Nowadays handling the 
multimodal data has become tedious to increase the 
diagnostic accuracy, taking clinical decisions and the 
outcome of the patient. Recent advances in deep learning 
algorithms makes significant progress in analyzing the 
medical data. Still the existing approaches highly 
depends on structured with labelled datasets and existing 
task specific models. These architectures gained less 
accuracy on handling real life clinical environments 
especially less resource with data scarcity. [1] 
The traditional learning algorithms adopt to the closed 
set classification paradigm the depends on softmax 
based supervision. These algorithms are effective in 
controlled settings but generate less generalization when 
it is used in unknown or new classes, changing from one 
domain to another domain, or highly imbalanced 
datasets. In healthcare applications, these limitations are 
generally problematic because the medical knowledge 
expands nowadays with the clinical data becomes 
diverse.[2] The cost required to handle the high-quality 
medical data is too high nowadays as reduces the 
scalability of the machine learning and deep learning 
algorithms.  
Deep Metric Learning model is one of the most useful 
algorithms for which is used to learn the similarity in the 
datasets instead of splitting them from the fixed classes. 

This model places the related data items together in the 
special feature space. This pattern of the Deep metric 
algorithm is used to handle the medical data where it is 
used to analyse the newly generated cases with the old 
clinical records for the reference. Anyhow the model is 
used mostly for only one type of data with understanding 
of the simple representations. [3] Latest models like 
Large Language Models (LLMs) are used in this Natural 
Language Processing domain to handle various text 
related data such as   biomedical literatures and clinical 
records. The advent of this LLMs has become significant 
as this is pretrained on large scale corpora and capable 
of using few-shot generalization which provides high 
contextual embedding of the given datasets. This model 
is capable of understanding the domain specific 
knowledge and semantic meaning of the given data. 
These characteristics of the LLM algorithms is suitable 
for the medical text data analysis in which the 
interpretation of the data is essential. This model is used 
for the classification, question answering tasks, 
sentimental analysis tasks. [4] 
By analyzing the working of LLM and Deep Metric 
Learning algorithms, in this work LLM guided metric 
learning framework is implemented for multimodal 
medical journal classification. This is used to handle the 
challenges imposed by the limited labelled data, domain 
shifts and interpretation of the data. The proposed work 
combines the Large Language Models based text 
embeddings with Convolutional Neural Network with 
derived visual representations into unified metric space 
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with optimized metric space which is optimized by 
metric learning. [5] 
Concentrating on meaning-based similarity than the 
rigid class discrimination, this work is efficient in 
handling different types of data and in different 
environments. The few-shot learning with the adaptation 
to the different domains makes the model to efficiently 
adapt to the various clinical situations with less super 
vision. [6-9] 
Multiple experimental evaluations were conducted on 
many benchmark datasets to analyse the efficiency of the 
proposed model under few-shot learning and cross 
domain state. This work is capable of handling data 
efficiently and provide effective solution for the 
multimodal journal classification by increasing the real-
world medical applications.  
 
2. Related works 
This section discusses about the related works in this 
domain. Amita Kumari, et.al., analysed the ability of the 
various GPT models such as chatgpt, Google Bard, 
Microsoft Bing. The GPT models are used to provide the 
solution for the haematology case related questions of 
the curated dataset from 50 scenarios. From the 
implemented works the chatgpt outperforms all other 
GPT models.  
Lidia Moura et.al., proposed a work by implementing 
Large Language models to gather the information about 
neurology related treatments. This GPT model analyse 
the cost for the treatment, patient care, and safety of the 
patients. Ehsan Ullah et. al., analysed the barriers and 
challenges created by using the latest AI models for 
providing the solution to the medical related cases. This 
review paper identified various impact of the using the 
latest innovation on the medical scenario and concerns 
about the privacy of the patient’s data.  
Abdulrahmaan Tamsah et. al., presented this work by 
revealing the challenges in adopting to the latest 
advancements in artificial intelligence algorithms in 
healthcare field. Also provided the broad understanding 
of the latest model DeepSeek usage on healthcare. 
Bertalan Mesko proposed a work to examine the impact 
of the multimodal LLMs in the healthcare field and 
scrutinized the future impact of implementing the AI 
algorithm on medical field.  
Zohar Elyoseph et.al., proposed a work by comparing 
the various perspective of the generative AI and mental 
health cases. This work deeply analysed the 
Schizophrenia, the chronic illness disease using the 
advanced algorithms. By using this algorithm, they tried 
create solution for the disease as this has severe 
symptoms.  
Zohar Elyosephet.al., implemented multimodal data like 
visual and textual data to capture the emotions of 
humans by using the generative AI. This work examines 
and interpreted human emotions which includes beliefs 
and intentions. Reading the mind in the eyes test created 
by Baron – Cohen and their colleagues to create 
emotional awareness scale used to analyse the efficiency 
of the Large Language Models.  
 

3. Methodology 
3.1 Datasets 
To analyse the effectiveness of the model proposed in 
this work, this framework is applied on various datasets 
available on medical field. The datasets used are diverse 
in nature which comprises of multiple modals.  
The dataset used to train the algorithm are benchmark 
datasets that are used widely in all medical related 
research work. Megsegbench is the dataset used to train 
the algorithm. This is one of the famous datasets used to 
evaluate the efficiency of the algorithm. This dataset 
comprises of CT scan, MRI scan images, endoscopy 
data, X-ray data. The images are preprocessed using the 
normalization to make the dataset to fit into the visual 
encoders used in this work. The trained model is 
implemented in the PubMed dataset downloaded 
manually downloaded from the PubMed website. 2500 
medical abstracts downloaded by using the keyword 
Cancer and its types. The images and tables are 
downloaded from the same website from cancer related 
research articles published in PubMed website. [8,12] 
 
3.2 Deep Metric Learning Fundamentals 
The concepts of the proposed algorithms deep metric 
learning and large language models and multimodal 
representation are explained in this section. The 
methodology foundation is explained in following 
sections.  
3.2.1 Metric Spaces 
Deep Metric Learning algorithm aims to understand the 
embedding function that maps the data into the 
sequential metric space where the space between them is 
the similarity of the data. A distance function used is 
Euclidean distance which is used to calculate the 
similarity of the given dataset. Deep Metric Learning 
(DML) aims to learn an embedding function that maps 
input samples into a continuous metric space where 
distances reflect semantic similarity. [13] 
The main goal of the DML is to similar samples are with 
the less distance in the embedding space and the non-
similar data plotted with larger distance. The traditional 
classification approaches that depend on the fixed 
boundaries that was given in the algorithm while training 
but this metric learning algorithm splits the dataset 
according to the sematic relationship between the 
dataset. This enables the increased generalization which 
involves imbalances in the data, previously unknown 
categories, and less labelled data, and this property 
makes the proposed algorithm suitable for the medical 
related datasets.[14]   
3.2.2 Contrastive and Triplet Loss 
The embedded space is optimized by using the loss 
function with DML frameworks that can directly impose 
the similarity constraints. The contrastive pair of the 
model which produce pair of inputs. They are positive 
input and negative pair. This positive pair that represents 
the similar items and the negative pair that represents the 
different classes.  
The loss function 
L = (1-Y).D2 + Y. max(0,m-D)2 
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In the equation, D is the distance between two 
embeddings, Y represents the similar and dissimilar pair 
according to the values. If the value is 0 that means they 
are similar pair, if the value is 1 they represent the 
dissimilar pair. The value m represents the margin value 
that is the distance between the different classes. [15] 
The triplet loss is also called as the relative comparison 
learning. In this, the model compares three samples at a 
time instead of simply checking the two values that is 
similar or different values. This loss contains three 
values Anchor(A), Positive (P), Negative(N). The 
anchor is the reference sample, the positive is the same 
class as the anchor, negative is the different class other 
than the anchor.  
L = max(0, D(A, P) – D(A, N) + m) 
Where D(A,P) represents the distance between Positive 
and Anchor pair, D(A, N) represents the distance 
between Negative and Anchor pair and m represents 
margin.  To reduce the loss the function should be the 
anchor and positive pair distance is smaller than the 
anchor and negative pair distance. Triplet loss is also 
used because of its capability of finding the similarity 
relationships and generate the large discriminative 
embeddings.  [16] 
 
3.3 Large Language Models as Semantic Encoders 
3.3.1 Embedding Properties 
Large Language Models (LLMs) are already trained 
with the large text corpora by the use of self-supervised 
objectives which makes the model to find high syntactic 
and the semantic structures. In this work, the LLM is 
used as the encoders. So, they convert the input text into 
vector representations that encode the contextual 
meaning, with the domain specific understanding, and 
long-range dependencies. In this work, the text input is 
analysed by our model and produces an embedding that 
is the semantic representation for the downstream 
learning task. The embedding that has strong 
understanding across different models and across 
different domains, and different types of data. This 
understanding makes the algorithm perform effective 
medical text analysis without label. In this framework, 
the embedding generated by the LLM which preserve 
the semantic similarity like the meanings of the text is 
analysed and the they are mapped accordingly. This 
property groups the data naturally with the objectives of 
the learning.  
3.3.2 Few-Shot Capabilities 
The few-shot learning is the concept of teaching the 
algorithm to perform new task by providing a smaller 
number of training data instead of providing large 
corpora. These few-shot learning is used for medical text 
dataset, as training the large dataset is quite expensive, 
and time consuming to understanding the context of the 
medical terms.  
The special feature of the LLMs is their capability of 
effectively performing in low resource environments. 
LLMs pre training with the diverse dataset and it gain 
the general knowledge about the text and domain.  
Through pre-training on diverse corpora, LLMs acquire 
generalized linguistic and domain knowledge that can be 

leveraged with minimal task-specific supervision. In the 
context of metric learning, this enables the construction 
of semantically meaningful embeddings even when only 
a small number of labelled examples are available. 
Consequently, LLMs serve as powerful semantic 
anchors that facilitate robust representation learning in 
data-scarce medical environments. 
 
4. Proposed Methodology 
This section explains about the proposed framework of 
this work LLM guided deep metric learning framework 
for multimodal medical journal classification. This is 
proposed to address the challenges posed by the related 
to classifying the unlabelled multimodal dataset.   
 
4.1 Overall Framework Architecture 
The methodology consists of three components a text 
encoder, a visual encoder, and the metric embedding 
space. For the text embedding LLM was implemented, 
CNN is used for the image embedding and these both 
embedding is projected on metric space. The metric 
space where the data projected was shared by both text 
and image embeddings. 
4.1.1 LLM for Text Embedding 
Text embedding is the process of converting the given 
text data into numerical values. The numerical vectors 
are feed into the algorithms as input so that the algorithm 
can understands the depth meaning of the data and the 
relationships between each and every word in the 
dataset. In this work the dataset is downloaded from the 
PubMed website. The research articles with abstract, 
images and tables from the research articles are 
manually downloaded from the PubMed website. These 
inputs are clinically encoded using the pre trained Large 
Language Models which maps the input data into 
semantic embedding. The algorithm captures the 
semantic meaning of the dataset, the feature extraction 
on low – resource environments. 
4.1.2 CNN for Image Embedding 
Image embedding is the concept of converting the given 
image dataset into a numerical vector of fixed length 
which represents the image content. The CNN algorithm 
is one of the important algorithms for handling image 
data. This algorithm automatically analyses the patterns 
in the dataset such as edges, shapes, textures and objects. 
ImageNet is used to enhance the generalization.  
4.1.3 Shared Metric Space 
The embeddings used in this work are projected into the 
metric space. This is shared by both text and image 
embeddings. In this the semantic similarities across 
modalities are measured by the same distance function. 
This space enables the cross-modal comparison, 
retrieval and the classification of the dataset according 
to the distance calculated by the distance function.   
4.1.4 Evaluation Metrics 
The implemented model is evaluated using the standard 
metrics that are commonly used in biomedical research. 
Following are the evaluation metrics used. Accuracy, F1 
Score, AUC curve are used to evaluate the algorithms. 
The F1 score which checks for the balances between 
precision, recall of the datasets. AUC curve which is 
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used to assess the capability of the model ability to 
discriminate the classes across the various threshold 
settings.  
 
5. Results and Analysis 
The comprehensive results of the proposed model is 
discussed in this section. The LLM – guided deep metric 
algorithm outperformed all other algorithms compared. 

This work mainly focused on overall analysis of 
classification performed by the models implemented and 
the general working of the few - shot learning on medical 
image dataset and multimodal dataset. The table below 
shows the accuracy of the various algorithms compared 
in this work. Table 1, Table 2, Table 3 depicts the 
accuracies of various algorithm implemented in this 
work.  

 
Table 1. Accuracies of the various algorithms. 

Model Type Model Learning Strategy Accuracy (%) 
CNN ResNet-50 Softmax (baseline) 78.4 
CNN EfficientNet-B0 Softmax (baseline) 80.1 
Transformer-based BERT Softmax (text-only) 81.6 
Multimodal CNN + BERT Late Fusion 83.2 
Metric Learning CNN + Text Encoder Triplet Loss 85.7 
Proposed CNN + LLM Deep Metric Learning 89.3 

 
Table 2. Few-Shot Learning Accuracy (%) 

Shots per Class CNN Baseline Transformer Baseline Proposed LLM + DML 
5-shot 62.8 65.4 74.6 
10-shot 68.9 71.2 81.3 
20-shot 74.5 76.8 85.9 

 
Table 3. Cross-Domain Generalization Accuracy (%) 

Model Accuracy (%) 

CNN (Softmax) 70.6 
Multimodal Transformer 74.8 
Metric Learning (no 
LLM) 

80.2 

Proposed LLM + DML 86.7 
 
5.1 Quantitative Performance Comparison 
The proposed model in this study outperforms the other 
algorithms implemented like CNN based and 
transformer-based algorithms. Firstly, the model was 
trained using the traditional softmax model. This model 
shows the promising accuracy when it is applied on the 
benchmark dataset but in the multimodal dataset it 
shows lesser accuracy. The proposed algorithm 
produced stable performance on the same dataset with 
good accuracy, F1 score, and AUC. 
In few-shot learning methods, the model other baseline 
models as the baseline model experienced overfitting. 
The pretrained embedding using LLM generates 
semantic pattern in the given dataset and the outcomes 
of these models shows the suitability of the proposed 
models suitability for limited resource environments. 
Apart from the classification, the proposed model 
efficient retrieval of the semantics in the multimodal 
data such as medical images and clinical text data.  
 
6. Conclusion 
This proposed framework implemented on multimodal 
medical journal classification addresses the lack of 
efficient algorithms in the field of less resource 
environments. By combining the visual embedding with 

the text embedding the proposed work shows the high 
accuracy on the multimodal benchmark datasets. Various 
experiment results indicate the best performance of the 
few-shot learning and cross domain environments. This 
work also analyses the Large Language model based 
deep metric learning is performing effectively on the 
medical healthcare datasets. In future the LLM can be 
implemented for various modalities and various domains 
to analyse further strong understanding of diverse 
datasets. 
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