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Abstract

Microscopic assessment of histopathology images is vital for accurate cancer diagnosis and
treatment. Classification and captioning Whole Slide Images (WSIs) for pathological analysis is
an essential but not extensively explored aspect of computer-aided pathological diagnosis. Chal-
lenges arise from insufficient datasets and the effectiveness of model training. Generating auto-
matic caption reports for various gastric adenocarcinoma images is another challenge. Moreover,
microscopic WSIs face challenges such as redundant patches and unknown patch positions due
to subjective pathologist captures.

The thesis is divided into two folds. At first, a hybrid method referred to as TransUAAE-
CapGen is introduced to generate histopathological captions from WSI patches. The TransUAAE-
CapGen architecture consists of a hybrid UNet-based Advereasrial Autoencoder (AAE) for fea-
ture extraction and a transformer for caption generation. The hybrid UNet-based AAE extracted
complex tissue properties from histopathological patches, transforming them into low-dimensional
embeddings. The embeddings are then fed into the transformer to generate concise captions.

The second fold focuses on how to reduce redundant patches and handle the unknown patch
positions due to subjective pathologist captures. To address these challenges, a novel GNN-
ViTCap framework is introduced for classification and caption generation from histopathological
microscopic images. A visual feature extractor is used to extract feature embeddings. The redun-
dant patches are removed by using deep embedded clustering to dynamically cluster the images
and extracting representative images through a scalar dot attention mechanism. The graph is
formed by constructing edges from similarity matrix, ensuring that each node is connected to its
closest neighbors. Therefore, graph neural network is utilized to extract and represent contextual
information from both local and global areas. The aggregated image embeddings are then pro-
jected into the language model’s input space using a linear layer and combined with input caption
tokens to fine-tune the large language models for caption generation.

Our proposed methods are validated using the BreakHis and PatchGastric microscopic datasets.
Several ablation studies have been performed to validate our methods. Experimental analysis
demonstrates that the proposed TransUAAE-CapGen and GNN-ViTCap architectures outperform
state-of-the-art approaches. Our approaches can be integrated into clinical workflows to facili-
tate early diagnosis and treatment planning, ultimately enhancing patient care using whole slide
images.
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Chapter 1

Introduction

This chapter introduces histopathological Whole Slide Image (WSI) analysis for classification
and caption generation, highlighting the role of deep learning in computational pathology. It
discusses key challenges in WSIs processing, including large image sizes, spatial dependencies,
and redundant information, and explores the significance of vision-language models in improv-
ing interpretability and diagnostic accuracy. The scope of this research is defined through the
development of the proposed TransUAAE-CapGen and GNN-ViTCap architectures. Finally, the
chapter highlights the unique contributions of this dissertation in advancing automated patholog-
ical captioning and classification.

1.1 Problem Definition

Histopathology is the microscopic examination of tissue, serving as the benchmark for cancer
diagnosis, treatment decisions, and prognosis [2, 3]. The traditional process involves patholo-
gists using a microscope to evaluate tissue samples for morphological irregularities to provide
essential information for clinical decision-making. However, the advancement of deep learn-
ing technologies has significantly propelled computational histopathology, particularly through
training models with gigapixels WSIs obtained from Hematoxylin and Eosin (H&E)-stained spec-
imens [4]. Although cancer detection and classification are crucial, pathologists typically prepare
diagnostic reports based on their observations of H&E-stained slides. These detailed captions
provide invaluable insights that enhance the diagnostic process. Therefore, automated pathologi-
cal report generation can make model predictions more understandable and provide pathologists
with richer contextual information to guide their decision-making. Thus, collecting high-quality
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WSI-text pairs is crucial for advancing visual-language models and promoting innovation in com-
putational pathology [5].

Figure 1.1: (a) Scanner WSI where the absolute position of each patch is known. (b) Microscopic
WSI lacks patch position and contains redundant patches due to multiple captures from a pathol-
ogist’s subjective perspective.

However, histopathology WSIs have limitations due to their large size, complicating com-
putational analysis. Multiple Instance Learning (MIL) emerged as a popular approach for WSI
classification by segmenting large images into smaller patches (i.e., instances) to form a slide-
level (bag-level) representation. However, MIL assumes patches from the same WSI are inde-
pendent, neglecting vital tissue context and spatial interactions [6]. In contrast, pathologists con-
sider spatial organization and relationships between patches for comprehensive tissue analysis.
Recently, microscopic imaging offers cost and memory advantages as an alternative to scanned
WSIs. However, it introduces complexities such as the absence of absolute positional data and
redundant patches from multiple subjective captures. Figure 1.1(a) demonstrates the scanner WSI
where the absolute position of the patches is known. In contrast, Figure 1.1(b) presents the mi-
croscopic WSI lacking the absolute position of patches and the presence of redundant patches
due to multiple captures from a pathologist’s subjective perspective. Existing approaches such as
Attention-based Aggregation Operator (ABMIL) [6], and Transformer-based MIL (TransMIL)
[7] struggle with global modeling and capturing long-distance dependencies due to limited con-
sideration of inter-patches relationships. Graph-based MIL approaches [8] also encounter chal-
lenges in microscopic image analysis within patients, as the absence of absolute patches prevents
the construction of effective graph edges. Furthermore, the redundancy in microscopic images
leads to excessively dense and repetitive graph connections, which reduces the models’ ability to
effectively capture global context and long-distance dependencies.

Moreover, recurrent architectures such as Recurrent Neural Networks (RNNs) and Long Short-
Term Memory (LSTM) have become popular in the field of pathological image captioning due to
their capacity to model sequential data [2, 9]. However, these methods struggle with vanishing
gradients and cannot resolve long-range dependencies. However, these models suffer from van-
ishing gradients and have trouble resolving long-range dependencies. Conventional approaches
to natural image captioning depend on either dense grid features [10] or sparse Region of Inter-
est (ROI) features extracted from Region Proposal Networks (RPNs) [11]. However, these ap-
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proaches are not capable of directly translating to the context of pathological images. RPNs may
find it challenging to diagnose these lesions because the attention regions within a WSI lesion are
complex and dispersed. Furthermore, dense grid features can lead to lengthy caption sequences,
which can increase memory usage and cause computational inefficiencies. These problems could
potentially make the model more sensitive to noise or prone to overfitting.

1.2 Motivation

Automated pathological captioning plays a crucial role in generating text descriptions of WSIs,
aiding in the analysis and interpretation of pathological images [2]. Such automated caption-
ing produces concise and targeted descriptions of features within WSIs, allowing pathologists
to efficiently focus on specific areas of clinical interest [12]. The integration of computational
approaches is vital to enhance the accuracy and consistency of pathological investigations, con-
tributing to improved computer-aided diagnosis. Nevertheless, automated pathological caption-
ing remains an underexplored research area primarily due to the scarcity of high-quality medi-
cal datasets [13]. Moreover, WSIs can be categorized into two main types: scanner-based and
microscope-based. Scanner-based WSIs are systematically divided into multiple patches with
clearly defined absolute positions. In contrast, microscope-based analysis offers a cost-effective
solution, saving both cost and memory. However, it relies heavily on the subjective selection
of patches by pathologists, causing absolute patch positions to remain unknown and leading to
redundancy due to subjective interpretation. This variability introduces further complexity in
developing reliable automated captioning systems. Deep learning methods have significantly ad-
vanced digital pathology, enabling precise and automated analysis of WSIs to generate patholog-
ical reports [14]. However, these models must adapt to the large image sizes, varied data quality,
and complex nature of pathology. While they can generate reports, the expertise of pathologists
remains indispensable [15]. Recently, Large Language Models (LLMs) have drawn significant
attention for their advanced capability to process and understand complex text [16]. Biomedical
language models demonstrate outstanding ability at caption generation by effectively translating
complex medical images into clinically relevant descriptions [17, 18, 19]. In addition, Vision
Transformers (ViTs) leverage transformer-based architectures to transform visual data into high-
dimensional representations, enhancing image analysis [20]. Integrating ViTs with biomedical
language models facilitates multimodal integration of visual and textual data, thereby enhanc-
ing caption generation and classification tasks for more accurate medical image interpretation
[21, 22, 23].
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1.3 Scope of the Work

This research introduces two novel architectures, TransUAAE-CapGen and GNN-ViTCap, for
histopathological whole slide image classification and captioning. TransUAAE-CapGen utilizes a
UNet-based Adversarial Autoencoders (AAE) for feature extraction and a transformer for caption
generation. GNN-ViTCap leverages attention-based deep-embedded clustering and graph-based
aggregation to improve classification and captioning from microscopic images. These methods
integrate vision transformers and biomedical language models to enhance interpretability and
accuracy. The study aims to address challenges such as redundant image patches, spatial rela-
tionships, and the lack of high-quality WSI-text datasets.

1.4 Contributions

The main contributions of this thesis are twofold. Firstly, we developed a hybrid architecture,
TransUAAE-CapGen, to generate captions for histopathological images. The method consists of
a UNet-based AAE for feature extraction and a transformer for caption creation. The AAE, with
its UNet autoencoder, extracts complex tissue properties and converts them into low-dimensional
embeddings. These embeddings are then used by the transformer to produce succinct captions.
Transformers exhibit exceptional context-association capabilities, offering a promising alterna-
tive to RNNs or LSTM-based methods. The contributions can be summarized as follows:

• A hybrid UNet-based AAE model is proposed for feature extraction. This model effec-
tively uses skip connections to maintain spatial information throughout both the encoder
and decoder paths. The UNet architecture captures local and global features by merging,
contracting and expanding paths with skip connections.

• The adversarial UNet overcomes the latent space regularization limitation inherent in tra-
ditional autoencoders. By integrating the adversarial component, the model offers better
control over the latent space, producing efficient lower-dimensional representations of large
images.

• The TransUAAE-CapGen model employs the transformer architecture, which aids in map-
ping large sequences of latent representations of images to their respective captions, leading
to accurate caption generation.

Secondly, we proposed a novel GNN-ViTCap method for classification and caption genera-
tion from histopathological microscopic images. The method comprises a visual feature extrac-
tor, attention-based deep embedded clustering, graph-based multiple instance learning, and the
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high capabilities of biomedical language models. An attention-based deep embedded clustering
method selects the most representative images to remove the redundant images, and graph-based
aggregation Graph Neural Network based Multiple Instance Learning (GNN-MIL) leverages the
spatial relationships between image patches. The large language model combined with visual
feature embeddings exhibits exceptional context-association capabilities, offering a promising
alternative to RNNs or LSTM-based methods. The contributions can be summarized as follows:

• Applying a visual feature extractor to extract feature embeddings from histopathological
image patches.

• Developing an attention-based deep embedded clustering method and selecting representa-
tive images using a scaled dot attention mechanism to remove redundancy in microscopic
images.

• Constructing the graph neural network based on the similarity of representative images to
capture spatial and contextual information within and between clusters.

• Projecting aggregated image embeddings into the language model’s input space using a
linear layer, then combining them with caption tokens to fine-tune the LLMs for caption
generation.

1.5 Thesis Organization

The rest of this thesis is organized as follows. Chapter 2 reviews the State-of-the-Art (SOTA)
techniques on WSI classification and captioning, covering recent advancements in computational
pathology and deep learning-based approaches. The chapter also explores the most recent litera-
ture on MIL methods, including graph-based and attention-based approaches, alongside vision-
language pretraining models to enhance WSI interpretability and diagnostic insights. Chapter 3
first demonstrates the details of the proposed TransUAAE-CapGen architecture, including hybrid
UNet-based AAE feature extraction and transformer models. Therefore, the chapter also presents
the GNN-ViTCap architecture, including feature extraction, self-attention-based deep-embedded
clustering, GNN-MIL, and large language models. Chapter 4 describes the microscopic WSI
datasets, the experimental setup used to evaluate the proposed methods, research questions, com-
prehensive evaluations, experimental results, and ablation studies. Lastly, Chapter 5 summarizes
the findings, discusses the limitations, and mentions potential directions for future research.
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Chapter 2

Literature Review

In this chapter, we explore the advancements in deep learning methodologies for histopatholog-
ical image analysis, focusing on novel architectures designed to handle the challenges of WSIs.
We first divide the related works into two subsections, focusing on MIL strategies and the roles
of graph-based and attention-based methods in WSI analysis. Therefore, we examine the cur-
rent literature on advancements in vision-language pretraining and biomedical language models,
which align visual features with textual data to enhance the interpretability of WSIs. We discuss
the strengths and weaknesses of all reviewed works.

2.1 Multiple Instance Learning in WSI

Multiple instance learning is now a significant method for analyzing WSIs with pyramid structure
and giga-pixel dimensions in digital pathology, highlighting the applications of cancer subtyping,
staging, grading, and tissue segmentation [6, 24, 25]. The main challenge associated with MIL
is to combine the large number of instance features to generate a comprehensive bag feature for
the specific task. Traditional methods for aggregating patch features in a handcrafted manner
typically utilize non-parametric operators including mean pooling and max pooling. MIL meth-
ods can be divided into two categories: structure-specific or graph-based, and structure-free or
attention-based.
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2.1.1 Graph-based Aggregation Strategy

Recent research has shown that Graph Convolutional Networks (GCN), Graph Neural Networks
(GNN) and other graph-oriented techniques are capable of capturing the global structural infor-
mation within knowledge graphs. Li et al. [26] developed a graph convolutional neural network
Graph Convolutional Neural Network (GCNN) named DeepGraphSurv to enhance survival anal-
ysis using whole slide images from cancer patients. The approach combined local patch features
with global topological information through spectral graph convolution. This integration cap-
tured both intra-modal and inter-modal features within the WSI, fostering robust survival pre-
dictions. The experimental study revealed that the proposed DeepGraphSurv method achieved
higher C-index scores on TCGA [27] and NLST [28] datasets, outperforming traditional models.
However, the performance of the method may decline with poor image quality due to its de-
pendence on fine-tuned patch features. In another study, Bontempo et al. [29] proposed a novel
graph-based multi-instance learning approach, DAS-MIL, for classifying histological whole slide
images. This method leveraged a pyramidal GNN integrated with self-knowledge distillation to
improve information flow across multiple resolutions. The experimental study revealed that the
proposed DAS-MIL technique achieved accuracy scores of 94.5% from the CAMELYON-16 [30]
dataset and 92.5% from the TCGA lung cancer [27] dataset. Bontempo et al. [31] introduced the
GDS-MIL framework, integrating a Graph Attention Networks (GAT) with MIL to enhance the
prediction of Platinum-Free Intervals (PFI) in WSIs. The method was validated with the "Ome18"
dataset [32], comprising 176 WSIs from 77 patients diagnosed with high-grade serous ovarian
cancer. The findings showed that the GDS-MIL approach achieved an accuracy of 0.704 and an
AUC of 0.661, outperforming existing models.

2.1.2 Attention-based Aggregation Strategy

The structure-free method typically employs attention-based MIL, utilizing attention scores to
weight instance embeddings, thereby learning the slide-level representation. Ilse et al. [6] intro-
duced an ABMIL utilizing a learnable neural network to enhance the contribution of each instance
via trainable attention weights. ABMIL method addressed the multiple instance learning problem
for histopathological images, where a bag of instances is assigned a single class label. The MIL
problem was formulated by representing the bag label as a Bernoulli distribution [33], where neu-
ral networks parameterized the probability of the bag label. The experimental study was carried
out with two histopathology datasets, breast cancer [34] and colon cancer [35], to evaluate the
proposed architecture. The attention-based model outperformed max/mean pooling on the breast
and colon cancer datasets, achieving accuracy of 75.5% and 90.4%, respectively. Li et al. [36]
proposed a Dual-Stream MIL (DSMIL) framework to classify WSIs using multi-scale features.
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The features are extracted from patches through a self-supervised contrastive learning approach.
These features from various magnification levels are then fused using a pyramidal strategy, where
higher magnification features are concatenated with those from lower magnifications, enhancing
the informational depth. The findings revealed that the DSMIL approach appraised an accuracy
of 89.92% from the CAMELYON-16 [30] dataset and 94.76% from The Cancer Genome Atlas
(TCGA) lung [27] dataset. Although the model leverages self-supervised contrastive learning for
robust patch embeddings, the method’s extensive patch fusion significantly increases computa-
tional demands.

In another study, Shao et al. [7] presented a novel TransMIL to analyze both morphological
and spatial aspects in WSI classification. TransMIL method leveraged the self-attention tech-
nique, utilizing the output data of a transformer network to encode the mutual correlations among
instances. The developed system was found to obtain an AUC scores of 93.09% for CAMELYON-
16 [30] and 96.03% and 98.82% for TCGA-NSCLC [27] and TCGA-RCC [27], respectively. The
TransMIL approach is optimized for 20× magnification, limiting its use at higher magnifica-
tions due to increased computational and memory requirements. Zhang et al. [37] designed the
Double-Tier Feature Distillation MIL (DTFD-MIL) method to increase the total number of bags
through the use of pseudo-bags, resulting in a double-tier MIL system to utilize inherent fea-
tures effectively. This network determined the probability of the instance within the structure of
attention-based MIL and employed this derivation to assist in generating and analyzing the image
features. The proposed system is evaluated with two benchmark datasets: CAMELYON-16 [30]
and TCGA [27], and achieved an accuracy of 90.8% and 89.4% for the CAMELYON-16 [30] and
TCGA [27] datasets, respectively. Pal et al. [38] presented a deep MIL to detect the abnormal
cell using cervical histopathology image samples. Deep Convolutional Neural Network (DCNN))
extracted the high-level features from cervical cell images. The proposed sparse attention-based
MIL obtained an average accuracy of 84.55% on the test set.

2.2 Vision Language Pretraining in WSI

Recent studies have focused on pre-training multimodal models that combine visual and textual
data to analyze histopathology images [39].

A few works, including CLIP [21] and ALIGN [22], and Florence [40] have shown that train-
ing on large and various web-sourced datasets of paired image samples and captions enables
networks to build excellent zero-shot transfer abilities. These models attain this by employing
prompts that deploy cross-modal alignment between visuals and texts learned during the pre-
training phase. CLIP-based methodologies have demonstrated robust performance and adapt-
ability by coherently mapping numerous image-text pairings sourced from the internet into a
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unified embedding space. MI-Zero [41] is introduced to leverage the zero-shot transfer abilities
of contrastively correlated visual and text architectures for histopathological WSI samples. This
system enabled pretrained encoders to execute various downstream diagnostic tasks without re-
quiring extra labeling. Moreover, the MI-Zero architecture redefines zero-shot transfer within the
MIL framework, resolving the computational difficulties of performing inference on very large
images. In PathAlign [5], the use of BLIP-2 [42] improved image-text alignment for giga-pixel
WSIs. This framework obtained vision-language alignment by linking WSIs with their associated
medical texts from pathology records. The pre-trained LLMs and the WSI encoder are aligned in
this research to create efficient and significant diagnostic reports from WSIs. CPath-Omni [43]
was introduced for patch and WSI level image analysis, such as classification and captioning that
contained 15 billion LLMs parameters. CPath-CLIP, a CLIP-based visual processor, is designed
in this architecture to combine various vision models and include an LLM as a text encoder to
develop a more robust CLIP framework.

2.3 Biomedical Language Models for WSI Captioning

Biomedical language models have become crucial methods for generating informative captions
from histopathological images, improving the interpretability and usability of visual data in health-
care environments [44, 45, 46]. These architectures utilize big pre-trained language models that
have been fine-tuned using biomedical literature and annotated image datasets to generate relevant
explanations of WSIs.

Tsuneki et al. [2] utilized high-resolution WSIs to create an automated captioning system.
The authors pretrained EfficientNetB3 and DenseNet121 models on ImageNet to extract features
from patches extracted from the WSIs. These features were then processed using global and 3×3
average pooling to reduce their sizes, and fed into an RNNs-based decoder to generate captions.
This approach demonstrated potential in automating caption generation for medical images. Al-
lada et al. [47] presented a comparative analysis of various embedding models for analyzing
pathology reports, including BioBERT [45], BioMed-RoBERTa [48], Clinical BioBERT [44],
and Inverse Document Frequency (TF-IDF) [49]. The authors found that merging TF-IDF with
pre-existing model word embeddings yielded superior results compared to using contextualized
word embeddings or TF-IDF alone. The best performance was observed for the model that inte-
grated Clinical BioBERT’s embeddings with TF-IDF vectors, achieving an accuracy of 93.77%.
The paper highlights how machine learning can extract valuable insights from pathology reports,
which is important for interpreting digital pathology reports. Selivanov et al. [50] developed
an architecture that automatically generates captions for clinical images. The authors combined
radiological scans with patient information from medical records using two language models,
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Show-Attend-Tell [51] and Generative Pretrained Transformer (GPT-3) [52]. The models were
tested on two medical datasets, Open-I [53] and MIMIC-CXR [54], as well as a general-purpose
dataset named MS-COCO [55]. The results demonstrated its efficient applicability to chest X-
ray image captioning. The paper emphasizes the use of attention mechanisms and pretrained
transformers to generate clear and informative results, which can aid in clinical decision-making.
Additionally, the authors suggest exploring interactive training methods like active learning and
dialogue-based ChatGPT further to improve the performance of medical image captioning mod-
els. In other work, Zhang et al. [56] introduced a two-step method to analyze whole slide images.
First, the authors used a triplet loss-based autoencoder to encode patches within the WSI and
categorized them into clusters. Then, patches were sampled from each cluster, and a pretrained
ResNet-18 was used to extract features for the patches. Attention pooling was applied to reduce
feature vector dimensions, which were then used as input for a LSTM decoder to generate cap-
tions. This method selected distinct areas with similar features, avoiding random patch selection
from the high-resolution image. However, a limitation of this method lies in its access to only a
certain number of patches during the caption generation process rather than the entire image.

In another research, Lu et al. [41] presented MI-Zero, an innovative framework for leveraging
the zero-shot transfer abilities of contrastively coordinated image and text models on gigapixel
histopathology WSIs. The authors created the largest known dataset of web-sourced image cap-
tion pairs for pathology and pre-trained their text encoder on over 550k pathology reports. Based
on multiple instance learning, the MI-Zero framework enables multiple downstream diagnostic
tasks without requiring additional labels. The optimal model achieved a median zero-shot preci-
sion of 70.2% over three distinct real-world tasks related to cancer subtyping. Qin et al. [57] de-
veloped the Subtype-Guided Masked Transformer (SGMT) for pathological captioning of whole
slide images. The proposed method utilized a Transformer architecture to process sequences of
image patches and generate corresponding captions. A subtype-guided token leveraged subtype
information to enhance model learning, while an Asymmetric Masked Mechanism addressed the
large size and redundancy of WSIs. The method was evaluated using the PatchGastricADC22 [2]
dataset and achieved a BLEU@4 score of 55.11% and a CIDEr score of 4.83. The limitation of
the SGMT method is the lack of patch position information in the PatchGastricADC22 dataset,
which may hinder the model’s ability to capture spatial relationships between patches. Zhou et al.
[23] introduced a multimodal multi-task MIL system called PathM3 for WSI classification and
caption generation. PathM3 leveraged a query-based transformer to align WSIs with diagnostic
texts, overcoming limited text data during training. The method utilized a correlation module to
capture instance relationships and integrated multi-task learning for improved performance. The
experimental study revealed that the proposed PathM3 technique achieved a classification accu-
racy of 86.40% and a BLEU@4 score of 0.520 for caption generation on the PatchGastricADC22
[2] dataset. However, the method’s reliance on high-quality, labeled data remains a limitation for
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broader deployment.

2.4 Summary

In this chapter, we reviewed the SOTA techniques and advancements in histopathological im-
age analysis. We started by analyzing the use of MIL to handle the large-scale image in WSIs,
focusing on its applications in cancer subtyping and tissue segmentation. We discussed various
MIL methods, such as graph-based and attention-based approaches, showing how they improve
feature aggregation and prediction accuracy by capturing spatial and contextual details in WSIs.
Therefore, we studied vision-language pretraining models that help align visual features with text,
making WSIs more interpretable and improving diagnostic insights. Furthermore, we explored
the use of biomedical language models to generate informative captions from histopathological
images.
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Chapter 3

Proposed Architecture: WSI Classification
and Captioning

In this chapter, we introduce two novel deep learning architectures designed specifically for
histopathological image analysis and caption generation. The first, TransUAAE-CapGen, lever-
ages a hybrid UNet-based AAE for hierarchical feature extraction from WSI patches and a trans-
former module for sequential caption generation. The architecture extracts local and global fea-
tures while ensuring reconstruction quality and regularizing the latent space through adversarial
training. The second architecture, GNN-ViTCap, integrates a vision encoder with attention-
driven deep embedded clustering to select representative patch features, followed by a GNN mod-
ule to aggregate local and regional information. Therefore, a visual embedding projection aligns
the aggregated features with a language model’s input space, allowing for WSI classification and
captioning.

3.1 TransUAAE-CapGen Architecture

3.1.1 Overview

In this study, we first propose a TransUAAE-CapGen architecture to generate captions from WSI
patches. Figure 3.1 demonstrates our proposed TransUAAE-CapGen architecture for generating
histopathological captions from WSI patches. This architecture incorporates the UNet with AAE
for feature extraction and a transformer for caption generation. The TransUAAE-CapGen model
consists of a hybrid UNet-based AAE for feature extraction and a transformer for caption gener-
ation. In the hybrid feature extractor, UNet is integrated into AAE as its generator. UNet-based
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Figure 3.1: Architecture of our proposed TransUAAE-CapGen model for histopathological cap-
tion generation.
AAE extracts crucial features and minimizes information loss. AAE reconstructs the input as well
as generate data that closely resembles the input. The adversarial interaction between the genera-
tor and discriminator in the AAE refines the latent space, promoting high-quality data generation.
Moreover, UNet integrated into AAE facilitates the learning of hierarchical features, capturing
local features at shallower layers and global features at deeper layers, respectively. After training
our hybrid feature extractor model on the WSIs, the trained model is used to extract the features
and feed them to the transformer with their associated captions. The transformer architecture is
selected for its excellent handling of long-range dependencies, faster training due to paralleliza-
tion, and subtle context understanding through self-attention. The process involves partitioning
a WSI 𝑥, into a set of patches. Each 𝑥 consists of 𝑃 number of patches with 𝑤𝑝 × 𝑤𝑝 uniform
dimensions. The caption corresponding to WSI is denoted as 𝐶 . Next, we will present details
of our proposed TransUAAE-CapGen model architecture icluding the feature extraction and the
loss functions. The overall system of our proposed TransUAAE-CapGen model is described al-
gorithmically in Algorithm 1.
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Algorithm 1: TransUAAE-CapGen for Histopathological Caption Generation
Input: Histopathological WSIs 𝑋 with related captions 𝐶
Output: Generated captions 𝐶̂ for given WSIs
Step 1: Patch Extraction: Extract patches 𝑃 from each WSI 𝑥 ∈ 𝑋;
Step 2: Preprocessing: Preprocess patches and captions 𝐶;
Step 3: Feature Extraction: Train hybrid UNet-based AAE model for feature extraction ;
for each WSI 𝑥 ∈ 𝑋 do

Step 4: Feature Representation: Extract features 𝐹𝑝𝑎𝑡𝑐ℎ using trained UNet-based AAE;
Step 5: Feature Concatenation: Concatenate features 𝐹𝑝𝑎𝑡𝑐ℎ based on patient IDs;

end
Step 6: Model Training: Train transformer model on concatenated features and captions 𝐶

using categorical cross-entropy loss in (3.13);
for each WSI 𝑥 ∈ 𝑋 do

Step 7: Caption Generation: Generate captions 𝐶̂ using trained transformer model;
end
Output: Generated captions 𝐶̂ for all WSIs

3.1.2 Feature Extraction

Figure 3.2 presents our proposed hybrid architecture for feature extraction from histopathological
patches. This architecture incorporates an AAE along with UNet for feature extraction.

UNet Architecture

In this study, the UNet [58] architecture is exploited for semantic segmentation at the pixel level
to extract features from WSIs. The encoder and decoder modules, along with skip connections
extracts the important features efficiently from the input images at various levels. The encoder
module consists of four encoder blocks. The encoder block contains 3×3 convolutions along with
batch normalization, ReLU activation, and dropout layers, respectively. Each encoder block is
followed by 2×2max-pooling layers. Max pooling layers downsample the feature map, enhancing
the understanding of context and reducing computational costs. On the other hand, the decoder
module consists of four decoder blocks. There is an upsampling layer before each block. Each
decoder module employs the same sequence of convolutional layers as in the encoder model,
refining the segmentation results. The feature maps of the upsampling layer are concatenated
with skip connections from the corresponding encoder features map in the encoder block. The
skip connection helps to enrich the network with detailed spatial information. Finally, the output
layer of the decoder block reconstructs the image to produce the output. This reconstruction is
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Figure 3.2: Architecture of our proposed hybrid UNet-based AAE model for feature extraction.

obtained through a 3 × 3 convolutional layer without activation functions, enabling the network
to generate the reconstructed image with precise spatial details.
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UNet-Based AAE Architecture

AAE [59] is a probabilistic autoencoder that incorporates adversarial training to align the ag-
gregated posterior of its hidden code vector with a specified prior distribution. AAE utilizes
Generative Adversarial Networks (GANs) for variational inference [60]. The integration of UNet
into AAE aids in acquiring hierarchical features, where local features are captured at shallower
layers and global features are captured at deeper layers. This hybrid architecture leverages the
strengths of both the UNet and the AAE training mechanism to regularize the latent space and
capable of generalizing well to unseen data. The conceptual building block of our proposed hy-
brid feature extraction architecture is shown in Table 3.1. The reconstruction loss 𝑟𝑒𝑐𝑜𝑛 for the
UNet model is computed as the Mean Squared Error (MSE) between the input image 𝑥 and its
reconstruction 𝑥′:

𝑟𝑒𝑐𝑜𝑛 = 𝑀𝑆𝐸(𝑥, 𝑥′) = 1
𝑛
‖

‖

𝑥𝑖 − 𝑥′
𝑖
‖

‖

2
2 (3.1)

The adversarial network ensures that the generated feature vectors are different from those of real
images. The adversarial loss of the UNet-based AAE architecture is defined as 𝑎𝑑𝑣:

𝑎𝑑𝑣 = 𝔼𝑥[log(𝐷𝑈
𝐴𝐴𝐸(𝑥))] + 𝔼𝑧[log(1 −𝐷𝑈

𝐴𝐴𝐸(𝐺
𝑈 (𝑧))] (3.2)

Here, 𝐷𝑈
𝐴𝐴𝐸 is the discriminator of hybrid architecture and 𝐺𝑈 denotes the encoder space of UNet.

The generator aims to minimize the adversarial loss function, while the discriminator aims to
maximize it [60]. The discriminator loss is calculated as follows 𝐷:

𝐷 = −1
𝑛

𝑛
∑

𝑖=1
[𝑦𝑖 ⋅ log(𝐷𝑈

𝐴𝐴𝐸(𝑧𝑖))

+(1 − 𝑦𝑖) ⋅ log(1 −𝐷𝑈
𝐴𝐴𝐸(𝑧

′
𝑖))]

(3.3)

where 𝑦𝑖 is the true label (1 for real, 0 for fake), 𝑧𝑖 is latent space generated by the encoder, and
𝑧′𝑖 ∼ 𝑝(𝑧) is a sample from true prior. Therefore, the generator loss can be calculated as 𝐿𝐺:

𝐺 = 1
𝑛

𝑛
∑

𝑖=1
log(1 −𝐷𝑈

𝐴𝐴𝐸(𝐺
𝑈 (𝑧))) (3.4)

Therefore, the total loss 𝑡𝑜𝑡𝑎𝑙 for the hybrid UNet-based AAE model is a weighted sum of the
reconstruction loss 𝑟𝑒𝑐𝑜𝑛 and the adversarial loss 𝑎𝑑𝑣, controlled by a hyperparameter 𝜆:

𝑡𝑜𝑡𝑎𝑙 = 𝜆 ⋅ 𝑟𝑒𝑐𝑜𝑛 + (1 − 𝜆) ⋅ 𝑎𝑑𝑣 (3.5)
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Figure 3.3: The loss curve of the training set varies with the number of epochs of our proposed
adversarial-UNet encoder.

Training Phase

The hybrid UNet-based AAE feature extraction model is trained on histopathological patches.
The training is performed over 50 epochs using 30,000 histopathological image samples. Figure
3.3 shows the loss curve of our proposed UNet-based AAE model. Our UNet-based AAE archi-
tecture is designed with a latent space of dimensions (18×18×512). Features are extracted from
the histopathological images using the trained UNet-based AAE encoder. Then, we concatenate
the list of features for each image based on their respective patient IDs. Furthermore, we con-
catenate these feature sequences along with their corresponding captions. These concatenated
datasets are then prepared to be fed into the transformer model for caption generation. The final
dimension of our extracted features for each WSI with a 𝑃 number of patches is 𝑃 ×18×18×512.

3.1.3 Caption Generator through Transformer

The sequence of the extracted features and corresponding textual captions are then fed into a
transformer model. The dimension of the extracted features is represented as (𝑃 × 𝑋), where
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𝑃 denotes the number of patches for each patient histopathological image and 𝑋 represents the
number of features extracted from each patch. This procedure effectively set up a Sequence-
to-Sequence (seq2seq) model for the image captioning of histopathological patches. Figure 3.4
illustrates the architecture of the Transformer model for caption generation.

M
ul

ti-
he

ad
 

A
tt

en
tio

n

A
dd

 &
 N

or
m

Fe
ed

 F
or

w
ar

d

A
dd

 &
 N

or
m

/

M
ul

ti-
he

ad
 

A
tt

en
tio

n

A
dd

 &
 N

or
m

M
ul

ti-
he

ad
 

A
tt

en
tio

n

A
dd

 &
 N

or
m

C
ap

tio
n 

E
m

be
dd

in
g

Fe
ed

 F
or

w
ar

d

A
dd

 &
 N

or
m

Positional 
Encoding

Positional 
Encoding

Nx

Mx

L
in

ea
r

So
ft

m
ax Output 

Probabilities

Fe
at

ur
e 

E
xt

ra
ct

or

Figure 3.4: Architecture of the transformer model for caption generation.

Encoder

The encoder block consists of 𝑁𝑥 = 3 identical layers. Each layer has two sublayers comprising a
multi-head attention mechanism and a position-wise fully connected feed-forward neural network.
A residual connection [61] is applied to each of these sublayers, followed by layer normalization.
The output of each sublayer is𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑥+𝑠𝑢𝑏𝑙𝑎𝑦𝑒𝑟(𝑥)), where the sublayer implemented the
𝑠𝑢𝑏𝑙𝑎𝑦𝑒𝑟(𝑥)) function itself. The sub-layers and embedding layers of the model produce outputs
with a dimensionality of 𝑑𝑚 to make it easier for residual connections. Similarly, the outputs in
the decoder layers are also set to dimension 𝑑𝑚 to ensure compatibility with the encoder output,
given the presence of residual connections between the encoder and the decoder. However, in
this paper, the dimension of the multi-head attention output is denoted as 𝑋, representing the
number of features extracted by the UNet-based AAE model. To ensure the residual connection
between the encoder and the decoder, the feed-forward sublayer maps the multi-head attention
output dimension from 𝑋 to 𝑑𝑚, aligning it with the output dimension of the decoder sub-layers.
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Decoder

The decoder block consists of 𝑀𝑥 = 3 identical layers. In addition to the two sub-layers present
in each encoder layer, an auxiliary sub-layer is integrated into the structure of the decoder. This
component enables the decoder to focus on the output stemming from the encoder. Like the en-
coder architecture, residual connections are applied around each sub-layer, followed by layer nor-
malization to maintain stability. Furthermore, adjustments are implemented in the self-attention
sub-layer of the decoder to prevent anticipatory attention, ensuring that predictions are solely in-
fluenced by preceding information. The output dimension of sub-layers is maintained at 𝑑𝑚 to
ensure consistency throughout the model architecture.

Input Embeddings

A transformer model operates as a seq2seq architecture. The input to the encoder is a sequence
with dimensions of (𝑃 ×𝑋). Padding is uniformly applied to each patient ID to ensure uniformity
in the number of patches across all sequences. Input embedding is applied to the captions of each
patient, serving as input to the decoder. The embedded input for the decoder assumes a two-
dimensional shape of (vocab_size × number of unique words), facilitating the representation of
vocabulary size.

Positional Encoding

In the absence of recurrence or convolution, the transformer model relies on positional encoding
to understand the sequential order of input sequences. Therefore, prior to entering the transformer
encoder, the input embedding (such as extracted WSI feature map) is added with Positional En-
coding (PE) to preserve sequential information. The PE is computed as follows:

𝑃𝐸(𝑝𝑜𝑠,2𝑖) = 𝑠𝑖𝑛(𝑝𝑜𝑠∕100002𝑖∕𝑑𝑚)
𝑃𝐸(𝑝𝑜𝑠,2𝑖+1) = 𝑐𝑜𝑠(𝑝𝑜𝑠∕100002𝑖∕𝑑𝑚)

(3.6)

where 𝑝𝑜𝑠 denotes the position of an extracted patch feature in the sequence during encoding
or a word within the sentence during decoding, and 𝑖 represents the respective dimension of the
embedding. PE assigns distinct frequencies to different dimensions of the embedded positional
vector denoted by sinusoidal or cosinusoidal functions. Thus, various positions within the se-
quence are associated with unique phases within these periodic functions.
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Multi-Head Attention

In transformer architecture, a specialized attention mechanism, referred to as scaled dot-product
attention, is utilized. This mechanism diverges from conventional attention mechanisms by cal-
culating attention weights through dot-product operations. In multi-head attention, scaled dot-
product attention is concurrently executed across various heads. First, the positional encoded
patch feature map 𝐹𝑝𝑎𝑡𝑐ℎ ∈ ℝ𝐿𝑝𝑎𝑡𝑐ℎ×𝑑𝑚 is mapped into three matrices: query 𝑄 ∈ ℝ𝐿𝑝𝑎𝑡𝑐ℎ×𝑑𝑞 , key
𝐾 ∈ ℝ𝐿𝑝𝑎𝑡𝑐ℎ×𝑑𝑘 , and values 𝑉 ∈ ℝ𝐿𝑝𝑎𝑡𝑐ℎ×𝑑𝑣 . Here, 𝐿𝑝𝑎𝑡𝑐ℎ denotes the length of the patches for the
WSI of the histopathological image. Therefore, the dot-product of the query and key are scaled
by a factor of 1∕√𝑑𝑘, which guarantees numerical stability. Furthermore, a softmax function is
applied to obtain weights for the corresponding values. The dot-product attention is computed as
follows:

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄,𝐾, 𝑉 ) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥

(

𝑄𝐾𝑇

√

𝑑𝑘

)

𝑉 (3.7)

The multi-head attention mechanism extends the scaled dot-product attention by incorporating ℎ
distinct heads for the query, key, and value. Each head functions autonomously and concurrently.
For the 𝑖𝑡ℎ head, the computation of the attention output is as follows:

𝑍𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊 𝑄
𝑖 , 𝐾𝑊 𝐾

𝑖 , 𝑉 𝑊 𝑉
𝑖 ) (3.8)

The multi-head attention concatenates individual attention heads (𝑍1 to 𝑍ℎ) as (3.9).
𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄,𝐾, 𝑉 ) = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑍1,… , 𝑍ℎ)𝑊 𝑂 (3.9)

where, 𝑊 𝑄
𝑖 ∈ ℝ𝑑𝑚×𝑑𝑞 , 𝑊 𝐾

𝑖 ∈ ℝ𝑑𝑚×𝑑𝑘 , and 𝑊 𝑉
𝑖 ∈ ℝ𝑑𝑚×𝑑𝑣 denotes the linearly projected matrices

that maps the matrices 𝑄, 𝐾 and 𝑉 subspaces, respectively. 𝑊 𝑂 denotes an output projection
matrix that aggregates the self-attention outputs from all attention heads.

The output from the multi-head attention, denoted as 𝑍𝑀𝐻𝐴 is processed through an addi-
tion and normalization step to produce the final output 𝑍𝐴𝑁 . This output is then passed to the
subsequent feed-forward layer.

𝑍𝐴𝑁 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑍𝑀𝐻𝐴 + 𝐹𝑝𝑎𝑡𝑐ℎ) (3.10)
In this paper, we employℎ = 8 parallel attention layers, or heads. The encoder utilizes a 𝑑𝑚 = 512,
while the decoder operates with a 𝑑𝑚 = 344. For each of these, we set 𝑑𝑘 = 𝑑𝑣 = 𝑑𝑚∕ℎ = 192
for the encoder and 𝑑𝑘 = 𝑑𝑣 = 𝑑𝑚∕ℎ = 43 for the decoder
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Feed Forward Network

In a transformer model, the output of𝑍𝐴𝑁 is fed to another sublayer named the Feed Forward Net-
work (FFN). It consists of two linear transformations with ReLU activation. FFN is used in each
of the encoder and decoder blocks to process the output (𝑍𝐴𝑁 ) of the self-attention mechanism.
The output of FFN is computed as follows:

𝑍𝐹𝐹𝑁 = 𝑅𝑒𝐿𝑈 (𝑍𝐴𝑁𝑊1 + 𝑏1)𝑊2 + 𝑏2 (3.11)
where, 𝑊1 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑ℎ , 𝑊2 ∈ ℝ𝑑ℎ×𝑑𝑚𝑜𝑑𝑒𝑙 represent the weights and 𝑏1 ∈ ℝ𝑑ℎ , 𝑏2 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙 denote
the biases. 𝑑ℎ represents the size of the hidden state. Finally, 𝑍𝐹𝐹𝑁 is fed to 𝐴𝑑𝑑𝑎𝑛𝑑𝑁𝑜𝑟𝑚 to
generate the transformer encoder’s final output(𝑍𝑇𝐸𝑛).

𝑍𝑇𝐸𝑛 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑍𝐹𝐹𝑁 +𝑍𝐴𝑁 ) (3.12)
We used the same process to generate the transformer decoder output 𝑍𝑇𝐷𝑒. In this paper, our
proposed TransUAAE-CapGen model, the input dimensionality of the FFN in the encoder is set
to encoder 𝑑𝑚 = 512, with an output dimensionality of 344. In the decoder, the dimensionality
of the FFN input and output is set to decoder 𝑑𝑚 = 344. The total number of trainable parameters
of the transformer architecture is 4.1M.

Loss Function

The loss for the transformer model is the categorical cross-entropy loss between the generated
caption and the actual caption:

TransUAAE-CapGen = − 1
𝑇

𝑇
∑

𝑡=1
log(𝑝(𝐶𝑡|𝐶<𝑡, 𝑥)) (3.13)

where 𝑇 is the length of the caption, 𝐶<𝑡 is the sequence of tokens before time step 𝑡, and
𝑝(𝐶𝑡|𝐶<𝑡, 𝑥) is the probability of the true token 𝐶𝑡 given by the TransUAAE-CapGen model for
the input WSI 𝑥.

3.2 GNN-ViTCap Architecture

Figure 3.5 demonstrates the proposed GNN-ViTCap architecture for classification and captioning
from microscopic whole slide images.
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Figure 3.5: Overview of the GNN-ViTCap framework for microscopic whole slide images classification
and captioning. (i) extracting the patches from whole slide image, (ii) extracting image embeddings us-
ing a visual feature extractor, (iii) removing redundancy through deep embedded clustering, (iv) extracting
representative images with scalar dot attention mechanism, (v) constructing a graph neural network (GNN)
using the similarity of representative patches to capture contextual information within clusters (local) and
between different clusters (regional), (vi) applying global mean pooling, which aggregates all node repre-
sentations, (vii) classifying microscopic WSI using aggregated image embeddings and, (viii) projecting the
aggregated image embeddings into the language model’s input space using a linear layer, and combining
these projections with input caption tokens fine-tunes the LLMs for caption generation.
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Algorithm 2: GNN-ViTCap architecture for classification and captioning
Input: Dataset:  = {(𝑋(𝑠), 𝑌 (𝑠), 𝐶 (𝑠)) ∣ 𝑠 = 1,… , 𝑁}, Each 𝑋(𝑠) comprises 𝑁𝑝 patches {𝑝(𝑠)𝑘 }

𝑁𝑝
𝑘=1,  ← number of clusters, 𝑁 ←

number of patients 𝑠, 𝜖 ← convergence threshold, 𝐿 ← number of layers.
Output: Predicted class 𝑦̂(𝑠) and generated captions 𝐶̂(𝑠)
for 𝑠 ← 1 to 𝑁 do

/* Feature Extraction Module */
Extract features: 𝑓 (𝑠)

𝑘 = 𝑣(𝑝
(𝑠)
𝑘 ) ∀𝑘 = 1,… , 𝑁𝑝;

Concatenate features:  (𝑠) = [𝑓 (𝑠)
1 ;… ; 𝑓 (𝑠)

𝑁𝑝
];

/* Clustering Module */
Initialize cluster centroids, 𝜇(𝑠)

𝑘 ;
while |

|

|

(Curr)
Clu − (𝑃𝑟𝑒𝑣)

Clu
|

|

|

< 𝜖 do

Assign clusters using Student’s 𝑡-distribution: 𝑞(𝑠)𝑖𝑘 =

(

1+‖𝑓 (𝑠)
𝑖 −𝜇(𝑠)𝑘 ‖

2
)−1

∑𝐾
𝑗=1

(

1+‖𝑓 (𝑠)
𝑖 −𝜇(𝑠)𝑗 ‖

2
)−1 ;

Compute target distribution 𝑡(𝑠)𝑖𝑘 ;
Minimize Kullback-Leibler (KL) divergence Clu;
Update cluster centroids 𝜇(𝑠)

𝑘 ;
end
/* Representative images selection */
for each cluster 𝑘 ← 1 to  do

Extract cluster features: 𝑘 = {𝑓 (𝑠)
𝑖 ∣ 𝑖 ∈ 𝑘};

Compute attention scores 𝑒𝑖, and weights 𝛼𝑖, using scaler dot attention mechanism;
Select representative embeddings 𝑟(𝑠)𝑘 ;

end
Aggregate representative images: (𝑠) = [𝑟(𝑠)1 ,… , 𝑟(𝑠)𝐾 ];
/* Graph-Based Aggregation Module */

Construct similarity matrix using cosine similarity:  (𝑠)
𝑖𝑗 = ⟨

𝑟(𝑠)𝑖

‖𝑟(𝑠)𝑖 ‖2
,

𝑟(𝑠)𝑗

‖𝑟(𝑠)𝑗 ‖2
⟩, ∀𝑖, 𝑗 ∈ {1,… , 𝐾} ;

Compute edge matrix using Gumbel Softmax:  (𝑠)
𝑖,𝑗 = 1, if  (𝑠)

𝑖,𝑗 = max
𝑘∈ (𝑖)

𝜎gsf(
(𝑠)
𝑘,𝑗 ), otherwise  (𝑠)

𝑖,𝑗 = 0;
Create graph (𝑠) = ((𝑠), (𝑠)),(𝑠) = (𝑠),  (𝑠) =  (𝑠)

𝑖,𝑗 ;
Apply Graph Attention Networks (GAT) for node aggregation;
for each GAT layer 𝑙 ← 0 to 𝐿 − 1 do

for each node 𝑣 ∈ (𝑠) do
Aggregate node features, ℎ(𝑙+1)(𝑠)𝑣 ;

end
end
Compute the global mean pooling, ℎ(𝑠)mean from ℎ(𝑙+1)(𝑠)𝑣 ;
/* WSI classification */
Compute the predicted label, 𝑦̂(𝑠) = MLP(ℎ(𝑠)mean);
/* WSI caption generation */
Compute visual embedding projection, 𝑣′(𝑠) = ℎ(𝑠)mean ⋅𝑐 ;
Generate caption 𝐶̂(𝑠) using language models with visual prefix 𝑣′(𝑠) and start-of-sequence token embeddings;

end
return Class label 𝑦̂(𝑠) and generated captions 𝐶̂(𝑠)
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3.2.1 MIL Formulation

Multiple Instance Learning organizes data into bags containing multiple instances, with labels
provided only at the bag level [62]. MIL can be divided into two approaches: instance-based
models and bag embedding-based models [63]. Bag embedding-based models are preferred for
their richer representations, enhancing WSI classification effectiveness [7]. WSI classification is
formulated as MIL problem, where each slide is considered a bag and its patches are instances.
Consider a binary classification problem with a dataset  = {𝑋𝑖, 𝑌𝑖}𝐵𝑖=1 where 𝐵 is the total
number of bags. Each bag 𝑋𝑖 is represented as a set of instances 𝑋𝑖 = {𝑥𝑖,1, 𝑥𝑖,2,… , 𝑥𝑖,𝑛𝑖}, where
𝑛𝑖 is the number of instances in the 𝑖𝑡ℎ bag. The label 𝑌𝑖 ∈ {0, 1} is assigned to the bag as a whole
rather than to individual instances. According to the standard MIL assumption, the bag label 𝑌𝑖is described as:

𝑌𝑖 =

{

0 iif∑𝑛𝑖
𝑗=1 𝑦𝑖,𝑗 = 0

1, otherwise (3.14)

which can be modeled using max-pooling [64]. In another approach, the bag label 𝑌𝑖 can be
determined using an aggregation function followed by a classifier as:

𝑌𝑖 = 𝑔
(

𝜎AvgPool
(

𝑓 (𝑥𝑖,1), 𝑓 (𝑥𝑖,2),… , 𝑓 (𝑥𝑖,𝑛𝑖)
)) (3.15)

where 𝑓 (⋅) is an instance-level feature extractor, 𝜎AvgPool(⋅) is a permutation-invariant function
such as MIL pooling operation, and 𝑔(⋅) is the classifier to predict the bag label [6, 65].

Multiple instance learning can be formulated in two main ways, based on the functions 𝑓 (⋅)
and 𝑔(⋅). In the instance-based approach, 𝑓 (⋅) is an instance classifier that produces a score for
each instance, and 𝑔(⋅) is a pooling function that combines these scores to yield a bag-level output.
In the embedding-based approach, 𝑓 (⋅) is used to transform each instance into an embedding,
and 𝑔(⋅) aggregates all instance embeddings into a single bag representation that is then used
to produce the final bag score. The embedding-based approach learns a bag-level representation
under direct supervision from the bag label and generally achieves higher accuracy than instance-
based approach [66]. However, it is often more challenging to identify the specific instances that
drive the classifier’s decision in the embedding-based framework [67].

3.2.2 Large Language Models

The integral component of the proposed method involves utilizing both encoder-decoder and
decoder-only language model architectures, specifically designed for autoregressive text gener-
ation. The image caption 𝐶 = 𝐶1,… , 𝐶𝑇 is tokenized into multiple tokens and passed through
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an embedded layer to generate a sequence of embeddings. These embeddings are then fed to the
decoder, which produces output embeddings. A linear classifier predicts the next token based on
these outputs. The LLMs are trained by minimizing the cross-entropy loss between the predicted
tokens and the ground truth, thereby fine-tuning the model for accurate caption generation. To ad-
dress the caption generation task, the proposed architecture utilizes a combination of four LLMs:
ClinicalT5-Base [17], employed as an encoder-decoder model, and BioGPT [18], LLamaV2-Chat
[16], and BiomedGPT [19], which are utilized as decoder-only models. These models effectively
capture linguistic structures and generate coherent text.

ClinicalT5-Base

ClinicalT5-Base [17] is based on the T5 [68] encoder-decoder architecture and is pre-trained on a
large corpus of clinical text data. It has 220M parameters distributed across 12 layers, providing
a well-balanced structure for handling domain-specific language. During its pre-training phase,
the model learns to understand and generate specialized medical terminology, which is crucial for
clinical content tasks. In this study, we adapt the ClinicalT5-Base for histopathological caption
generation by feeding visual features from whole slide images into the encoder. The decoder then
takes caption tokens as input to generate textual descriptions. This combination of visual and
textual information allows the model to produce accurate, contextually relevant captions.

BioGPT

BioGPT [18] is a transformer-based language model with a decoder-only structure using the GPT
architecture [69]. It has around 347M parameters, depending on the configuration. The model is
pretrained on 15M PubMed abstracts focused on biomedical topics. After pretraining, it is fine-
tuned on specialized biomedical datasets for tasks like relation extraction, question answering,
and document classification.

LLamaV2-Chat

LLama2-Chat [16] is a transformer-based model that’s been fine-tuned for conversational tasks.
It uses a decoder-only architecture and incorporates grouped query attention to improve scala-
bility. The model comes in various configurations, including 7B, 13B, and 70B parameters, and
its training involves a wide range of publicly available datasets. This diverse pretraining helps
LLama2-Chat generate contextually relevant responses across a broad topic. In this study, we
fine-tuned LLama2-Chat for histopathological caption generation by feeding visual features from
whole slide images, known as LLamaV2-Chat.
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BiomedGPT

BiomedGPT [19] is a vision-language model designed for biomedical tasks. It combines a BERT-
style [70] encoder to process text with a GPT-style [69] autoregressive decoder for generating
outputs. Using a multi-head attention mechanism, it can focus on different representation sub-
spaces simultaneously, improving its ability to understand complex data. In addition, it employs
a decoupled positional encoding method for both text and image data, incorporating a 1D relative
position bias for text and a 2D relative position bias for images to enhance performance. The
model has three configurations: BiomedGPT-S (33M parameters), BiomedGPT-M (93M param-
eters), and BiomedGPT-B (182M parameters). BiomedGPT utilizes a unified vocabulary for text
and image tokens for multimodal tasks, which is essential for generating effective multimodal
outputs.

3.2.3 Vision Encodings

The GNN-ViTCap integrates a vision encoder with language models to simultaneously process
visual and text inputs. For each patient 𝑠, given a microscopic whole slide image 𝑋(𝑠), associated
with the label 𝑌 (𝑠) and the corresponding caption 𝐶 (𝑠). The WSI 𝑋(𝑠) comprises a collection of 𝑁𝑝

patches or images,  (𝑠) = {𝑝(𝑠)𝑘 }𝑁𝑝

𝑘=1, where 𝑝(𝑠)𝑘 denotes the 𝑘-th patch of patient 𝑠. The number of
patches 𝑁𝑝 varies depending on the specific WSI and the individual characteristics of patient 𝑠.
The pretrained vision encoder 𝑣 processes each patch 𝑝(𝑠)𝑘 to produce a fixed-length embedding
feature vector, a.k.a., a patch token:

𝑓 (𝑠)
𝑘 = 𝑣(𝑝

(𝑠)
𝑘 ) ∈ ℝ1×𝑑𝑣 (3.16)

where, 𝑑𝑣 is the dimension of the visual embeddings. The patch-level embeddings are concate-
nated to represent the entire WSI of each patient 𝑠:

(𝑠) =
[

𝑓 (𝑠)
1 ; 𝑓 (𝑠)

2 ;… ; 𝑓 (𝑠)
𝑁𝑝

]

∈ ℝ𝑁𝑝×𝑑𝑣 (3.17)

3.2.4 Attention-based Deep Embedded Clustering

In the proposed architecture, an attention-based Deep Embedded Clustering (DEC) [71] is utilized
to remove the redundant images from each patient.
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Deep Embedded Clustering

Let 𝐹(𝑠) =
{

𝑓 (𝑠)
1 , 𝑓 (𝑠)

2 ,⋯ , 𝑓 (𝑠)
𝑁𝑝

}

denotes the set of features extracted from the images of patient
𝑠. The initial cluster centroids 𝜇(𝑠) = {𝜇(𝑠)

𝑘 }𝐾𝑘=1 are used to assign these features into 𝐾 image
clusters, where 𝐾 denotes the total number of clusters. The probability of assigning each feature
embedding 𝑓 (𝑠)

𝑖 to cluster 𝑘 is determined using the Student’s 𝑡-distribution as follows:

𝑞(𝑠)𝑖𝑘 =

(

1 + ‖𝑓 (𝑠)
𝑖 − 𝜇(𝑠)

𝑘 ‖

2∕𝛼
)− 𝛼+1

2

∑𝐾
𝑗=1

(

1 + ‖𝑓 (𝑠)
𝑖 − 𝜇(𝑠)

𝑗 ‖

2∕𝛼
)− 𝛼+1

2

(3.18)

where 𝛼 = 1 indicates the degree of freedom of Student’s 𝑡-distribution, and 𝑞(𝑠)𝑖𝑘 denotes the soft
assignment probability of the 𝑖-th image from patient 𝑠 to the 𝑘-th cluster. The higher value of 𝑞(𝑠)𝑖𝑘
indicates a stronger likelihood that the feature embedding 𝑓 (𝑠)

𝑖 belongs to cluster 𝑘. Therefore, an
auxiliary target distribution (𝑠) = {𝑡(𝑠)𝑖𝑘 } is introduced based on the soft assignments (𝑠) = {𝑞(𝑠)𝑖𝑘 }to refine the clustering process. The target distribution emphasizes high-confidence assignments
and is computed as:

𝑡(𝑠)𝑖𝑘 =

(

𝑞(𝑠)𝑖𝑘

)2
∕
∑𝑁𝑝

𝑖=1 𝑞
(𝑠)
𝑖𝑘

∑𝐾
𝑗=1

(

𝑞(𝑠)𝑖𝑗 ∕
∑𝑁𝑝

𝑖=1 𝑞
(𝑠)
𝑖𝑗

)2
(3.19)

where, ∑𝑁𝑝

𝑖=1 𝑞𝑖𝑘(𝑠) prevents bias toward larger clusters by balancing the influence of clusters with
more assignments. The Kullback-Leibler (KL) divergence between the target distribution (𝑠) and
the soft assignment distribution (𝑠) is used as the clustering loss.

Clu = ((𝑠)||(𝑠)) =
𝑁𝑝
∑

𝑖=1

𝐾
∑

𝑘=1
𝑡(𝑠)𝑖𝑘 log

(

𝑡(𝑠)𝑖𝑘

𝑞(𝑠)𝑖𝑘

)

(3.20)

The objective of clustering is to minimize the distance between feature embeddings and their clus-
ter centroids. By iteratively minimizing clu, the clustering process refines both the embeddings
and cluster centroids, resulting in compact and well-separated clusters.

Attention-Based Representative Images

In our approach, DEC is utilized to cluster images, thereby capturing the underlying relationships
among images within same region. To address redundancy and select the most representative
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image in each cluster, an attention-based selection mechanism is utilized [72]. This approach
reduces intra-cluster redundancy while enhancing inter-cluster communication and information
sharing. Let 𝑘 denotes the set of image indices corresponding to cluster 𝑘. Therefore, each
cluster 𝑘 contains 𝑁𝑘 = |𝑘| images, and the feature embeddings of these images are extracted
as follows:

𝑘 = {𝑓 (𝑠)
𝑖 ∣ 𝑖 ∈ 𝑘} ∈ ℝ𝑁𝑘×𝑑𝑣 (3.21)

Then, the embeddings 𝑘 are mapped into query, key, and value representations using learnable
linear projections.

𝑄attn = 𝑘
𝑄
attn, 𝐾attn = 𝑘𝐾

attn, 𝑉 attn = 𝑘𝑉
attn (3.22)

where 𝑄
attn,𝐾

attn,
𝑉
attn ∈ ℝ𝑑𝑣×𝑑𝑣 are parameter matrices. For each patch 𝑖 ∈ 𝑘, an attention

score is defined based on the element-wise product of its query 𝑄attn
𝑖 ∈ ℝ𝑑𝑣 and key 𝐾attn

𝑖 ∈ ℝ𝑑𝑣:

𝑒𝑖 =
∑

(𝑄attn
𝑖 ⊙𝐾attn

𝑖 )
√

𝑑𝑣
, 𝑖 = 1,… , 𝑁𝑘. (3.23)

where, √𝑑𝑣 is a scaling factor to ensure balanced weight distributions. Therefore, the softmax
function is applied across all patches in the cluster to obtain normalized attention weights:

𝛼𝑖 =
exp(𝑒𝑖)

∑𝑁𝑘
𝑗=1 exp(𝑒𝑗)

, 𝑖 = 1,… , 𝑁𝑘 (3.24)

These weights 𝛼𝑖 ∈ ℝ indicate the relative significance of each patch 𝑖 within the same cluster.
Therefore, a scalar importance score is computed for each patch using its corresponding value
embedding 𝑉 attn

𝑖 ∈ ℝ𝑑𝑣:
score𝑖 =

𝑑𝑣
∑

𝑚=1
𝛼𝑖 ⋅ 𝑉

attn
𝑖,𝑚 (3.25)

Furthermore, the image with the highest score is selected as the representative image within
cluster 𝑘, and its corresponding embedding is defined as:

𝑟(𝑠)𝑘 = 𝑓 (𝑠)
𝑖∗𝑘

∈ ℝ𝑑𝑣 where 𝑖∗𝑘 = argmax
𝑖∈𝑘

score𝑖 (3.26)

Therefore, the final representative features for patient 𝑠 is computed as follows:
(𝑠) = [𝑟(𝑠)1 , 𝑟(𝑠)1 ;… ; 𝑟(𝑠)𝐾 ]𝑇 ∈ ℝ𝐾×𝑑𝑣 (3.27)

where 𝐾 is the total number of clusters.
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3.2.5 Graph-Based Aggregation

Scanner-based WSI provides defined absolute positions and coordinates, which facilitate the iden-
tification of neighboring patches. In contrast, microscopy-based WSI lacks absolute coordinates,
making it more challenging to determine neighboring patches. To address this, a graph-based
aggregation approach is utilized to identify neighboring representative images based on their rel-
ative positions, thereby maximizing their interactions.

Constructing Graph

For each patient 𝑠, the graph (𝑠) is constructed using a similarity matrix  (𝑠) ∈ ℝ𝐾×𝐾 , where each
node denotes a representative image. The similarity between nodes is calculated using cosine
similarity as:

 (𝑠)
𝑖𝑗 = ⟨

𝑟(𝑠)𝑖

||𝑟(𝑠)𝑖 ||2

,
𝑟(𝑠)𝑗

||𝑟(𝑠)𝑗 ||2

⟩, ∀𝑖, 𝑗 ∈ {1,… , 𝐾} (3.28)

where each element  (𝑠)
𝑖,𝑗 represents the similarity between image features 𝑟(𝑠)𝑖 and 𝑟(𝑠)𝑗 . Therefore,

an edge matrix  (𝑝)
𝑖,𝑗 is created by applying the Gumbel Softmax function 𝜎gsf [73] to the entire

similarity matrix  (𝑠)
𝑖𝑗 . This process selects the most similar neighbors for each node, resulting in:

 (𝑠)
𝑖,𝑗 =

{

1, if  (𝑠)
𝑖,𝑗 = max

𝑘∈ (𝑖)
𝜎gsf(

(𝑠)
𝑘,𝑗)

0, otherwise
(3.29)

where  (𝑠)
𝑖,𝑗 ∈ {0, 1} indicates the presence of edge between nodes 𝑖 and 𝑗 and  (𝑖) denotes the

set of neighbors for node 𝑖. Therefore, the graph (𝑠) is defined by its set of nodes (𝑠) and edges
(𝑠):

(𝑠) = ((𝑠), (𝑠)) (3.30)
where (𝑠) = (𝑠) denotes the set of nodes corresponding to the representative images for patient
𝑠, and (𝑠) ⊆ (𝑠) × (𝑠) are edges determined by  (𝑠)

𝑖,𝑗 .

Graph Neural Network

In the graph (𝑠), each node corresponds to a representative image, and the edges denote the
relationships between these images. GAT [74] improve attention mechanisms to assign adaptive
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weights to neighboring nodes during aggregation. For each layer 𝑙 = 0, 1,… , 𝐿− 1, the features
of node 𝑣 can be updated as follows:

ℎ(𝑙+1)(𝑠)
𝑣 = 𝜌

(

∑

𝑢∈ (𝑣)

𝛽(𝑙)(𝑠)
𝑣𝑢  (𝑙)ℎ(𝑙)(𝑠)

𝑢

)

(3.31)

where, (𝑙) ∈𝑑𝑣×𝑑𝑣 is the weight matrix at layer 𝑙 and 𝜌 is an activation function, such as LeakyReLU
[75]. The attention coefficient 𝛽(𝑙)

𝑣𝑢 between nodes 𝑢 and 𝑣 at layer 𝑙 is computed as:

𝛽(𝑙)(𝑠)𝑣𝑢 =
exp

(

𝜌
(

𝑎(𝑙)𝑇
[

 (𝑙)ℎ(𝑙)(𝑠)𝑣 ‖ (𝑙)ℎ(𝑙)(𝑠)𝑢

]))

∑

𝑤∈ (𝑣)
exp

(

𝜌
(

𝑎(𝑙)𝑇
[

 (𝑙)ℎ(𝑙)(𝑠)𝑣 ‖ (𝑙)ℎ(𝑙)(𝑠)𝑤

])) (3.32)

where 𝑎(𝑙) denotes a learnable weight vector at layer 𝑙. After 𝐿 GAT layers, the final node rep-
resentations ℎ(𝐿)

𝑣 are obtained, where each ℎ(𝐿)
𝑣 ∈ ℝ𝑑out . Consequently, the WSI representation

ℎ(𝑠)
mean ∈ ℝ𝑑out is generated by applying global mean pooling, which aggregates all node represen-

tations:
ℎ(𝑠)

mean =
1
𝐾

𝐾
∑

𝑣=1
ℎ(𝐿)(𝑠)
𝑣 (3.33)

3.2.6 Visual Embedding Projection

The visual embeddings generated by the vision encoder are not directly compatible with the lan-
guage model. This incompatibility arises because the vision embeddings have different dimen-
sions and feature distributions compared to the language model’s input space. To address this,
the aggregated image embeddings ℎ(𝑠)

mean ∈ ℝ𝑑out , are transformed using a linear projection matrix
𝑊𝑐 ∈ ℝ𝑑out×𝑑model . This projection maps the visual embeddings into a 𝑑model-dimensional space
compatible with the language model’s input embeddings. The visual prefix can be computed as:

𝑣′(𝑠) = ℎ(𝑠)
mean ⋅𝑐 ∈ ℝ𝑑model (3.34)

Therefore, the visual prefix is integrated with the input caption token embeddings to fine-tune the
language model for caption generation.

3.2.7 Traninging Procedure

The GNN-ViTCap architecture is trained for two tasks: image classification and image captioning.
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Image Classification

For the image classification, the aggregated image embeddings ℎ(𝑠)
mean, are fed into Multilayer

Perceptron (MLP) to predict the target variable:
𝑦̂(𝑠) = MLP(ℎ(𝑠)

mean) (3.35)
where, 𝑦̂(𝑠) represents the predicted probability for patient 𝑠. The binary cross-entropy loss func-
tion is then used for optimization and is defined as:

BCE = − 1
𝑁

𝑁
∑

𝑖=1

[

𝑦𝑖 ⋅ log 𝑦̂𝑖 + (1 − 𝑦𝑖) ⋅ log(1 − 𝑦̂𝑖)
] (3.36)

where, 𝑁 is the number of patients, 𝑦𝑖 is the ground-truth label, and 𝑦̂𝑖 is the predicted proba-
bility for each patient. Therefore, the total loss for the whole slide image classification can be
characterized as:

Total = BCL + Clu (3.37)

Caption Generation

In the caption generation task, the visual prefix 𝑣′, combined with the start-of-sequence token
embeddings of the caption, is fed into the language model. The language model then autoregres-
sively generates caption tokens 𝐶𝑡 based on 𝑣′ and the previously generated tokens 𝐶1 to 𝐶𝑡−1.The loss for caption generation is calculated using the negative log-likelihood of the ground-truth
captions:

Cap = − 1
𝑁

𝑁
∑

𝑖=1

𝑇
∑

𝑡=1
log 𝑝𝜃(𝐶𝑖,𝑡 ∣ 𝑣′𝑖, 𝐶𝑖,1,… , 𝐶𝑖,𝑡−1) (3.38)

where, 𝑇 is the maximum caption length, 𝐶𝑖,𝑡 is the 𝑡-th token of the ground-truth caption for
patient 𝑖, and 𝑝𝜃 represents the probability predicted by the language model with parameters 𝜃.
Therefore, the total loss for caption generation for the whole slide image can be characterized as:

Total = Cap + Clu (3.39)

3.3 Summary

In this chapter, we presented two advanced architectures tailored for histopathological image
analysis. The TransUAAE-CapGen model combines a UNet-based AAE for efficient feature
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extraction with a transformer network that leverages self-attention and positional encoding for
high-quality caption generation. In contrast, the GNN-ViTCap framework utilizes vision encod-
ings, attention-based deep embedded clustering, and graph-based aggregation to extract repre-
sentative patch features, enabling effective WSI classification via GNN-MIL and detailed caption
generation through integration with LLMs.
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Chapter 4

Experimental Results and Discussions

In this chapter, we present a comprehensive analysis of the quantitative and qualitative results
from our benchmarking experiments on histopathological whole slide image classification and
caption generation. We evaluate the effectiveness of the proposed TransUAAE-CapGen and
GNN-ViTCap architectures using a range of performance metrics, including model complexity
(number of parameters), classification Precision, Recall, 𝐹1−score, and Area Under the Curve
(AUC). For caption generation, we assess the models using BLEU, METEOR, ROUGE, and
CIDEr scores. To further refine our approach, we explore different architectural variations, ex-
amine key trade-offs, and provide insights into selecting the most suitable model and quantization
strategy for various real-world applications.

4.1 Datasets

To evaluate our proposed architectures for histopathological WSI classification and captioning,
we use two datasets: BreakHis and PatchGastic. BreakHis offers high-resolution images of breast
tumors, which allow for a detailed analysis of tissue patterns and cancer subtypes. In contrast,
PatchGastic includes image patches from stomach adenocarcinoma endoscopic biopsies that are
used for caption generation.

4.1.1 BreakHis Dataset

The BreakHis dataset [76] comprises 7,909 microscopic histopathology biopsy images from 82
patients. Each image is classified into benign and malignant tumor categories. In this study, labels
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Figure 4.1: Sample images of benign and malignant classes from BreakHis dataset with various
magnifying factors [1].

are assigned only at the patient level within the dataset, without annotations for each image patch.
The sample images are obtained from breast tissue biopsy slides stained with H&E, a standard
staining technique used in histopathology for highlighting cellular structures. The images are
captured in RGB TrueColor with a 24-bit color depth (8 bits per channel) using magnifying factors
of 40×, 100×, 200×, and 400×. Each image in the dataset is stored in an uncompressed graphics
format to preserve high-quality histopathological details, with a fixed resolution of 700 × 460
pixels. Figure 4.1 demonstrates sample examples of BreakHis dataset with various magnifying
factors. The dataset presents a class imbalance, with a greater number of malignant samples than
benign ones, posing a challenge for machine learning models.

4.1.2 PatchGastric Dataset

The PatchGastric dataset [2] comprises pairs consisting of patches from a stomach adenocarci-
noma endoscopic biopsy sample and a corresponding histopathological caption. The patches are
extracted from whole slide images and aligned with the captions extracted from the respective
diagnostic reports. The dataset consists of a total of 262, 777 patches that are derived from 991
H&E-stained slides. Each slide, at a magnification of 20 times, originates from a unique patient.
In the patches, each pixel is the dimension of 300 × 300. The vocabulary of the captions com-
prises 344 unique words, with the length of each sentence length at a maximum of 47 words.
Figure 4.2 provides a visual representation of the instances of patches retrieved from WSIs and
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their corresponding text captions.

Tumor tissue consisting of medium-sized and irregular ducts

is observed infiltrating in the superficial epithelium. Tumor

cells are highly columnar, with nuclei aligned basolaterally

and polarized. Well differentiated tubular adenocarcinoma.

Figure 4.2: Example of biopsy samples with associated captions and 300 × 300 pixel patches
extracted at 20× magnification [2].

4.2 Performance Evaluation

To demonstrate the effectiveness and feasibility of SOTA approaches alongside the proposed
TransUAAE-CapGen and GNN-ViTCap architectures, we utilize two distinct sets of evaluation
metrics: WSI image classification metrics and WSI captioning metrics. These metrics provide
a comprehensive evaluation of the overall performance capabilities of the TransUAAE-CapGen
and GNN-ViTCap architectures. Here, TransUAAE-CapGen is utilized for caption generation
from WSIs, while GNN-ViTCap is employed for both classification and caption generation tasks.

4.2.1 Classification Metrics

For WSI classification, the evaluation metrics include Area Under the Curve (AUC), Precision
(Pr), Recall (Rc), and 𝐹1−Score (𝐹1). Here, 𝑇𝑃 , 𝐹𝑃 , 𝑇𝑁 , and 𝐹𝑁 represent True Positive,
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False Positive, True Negative, and False Negative, respectively. The four evaluation metrics are
defined as follows [77]:

• Precision: Precision quantifies the accuracy of positive predictions. It is defined as the
ratio of true positive outcomes to the total predicted positive outcomes.

Precision = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(4.1)

• Recall: Recall, also known as Sensitivity, measures the proportion of actual positives that
are correctly identified.

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(4.2)
• 𝐹1−Score: 𝐹1−Score is the harmonic mean of Precision and Recall. This score is crucial

for imbalanced datasets as it balances the contributions of precision and recall, providing a
more robust evaluation of model performance.

𝐹1-Score = 2 ⋅ 𝑃𝑟 × 𝑅𝑒
𝑃𝑟 + 𝑅𝑒

(4.3)

• AUC: AUC quantifies how well the model differentiates between positive and negative
cases, where higher values reflect stronger discriminative performance. This curve plots the
true positive rate (TPR) against the false positive rate (1 - Specificity) at various threshold
settings.

AUC = ∫

1

0
TPR(𝑡) 𝑑𝑡 (4.4)

AUC and 𝐹1−Score are the primary evaluation metrics used to assess the performance of the
proposed GNN-ViTCap architecture, considering the significant imbalance in microscopic WSI
datasets.

4.2.2 Image Captioning Metrics

For WSI captioning, our proposed methods are evaluated using BLEU [78], METEOR [79],
ROUGE [80], and CIDEr [81]. The score ranges for BLEU, METEOR, and ROUGE-L span
from 0 to 1 (1 − 100%), while CIDEr ranges from 0 to 10. In all four metrics, higher values
indicate better quality in the generated captions. The details of each evaluation metric are defined
as follows:
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• BLEU: Bilingual Evaluation Understudy (BLEU) [78] is a widely used metric for assess-
ing text quality, primarily in machine translation. It compares captions based on modified
𝑛−gram precision to generate BLEU scores. The precision for each 𝑛−gram size (unigrams,
bigrams, trigrams, etc.) 𝑃 (𝑛) is computed as:

𝑃 (𝑛) =
𝑀𝑎𝑡𝑐ℎ𝑒𝑑(𝑛)

𝐻(𝑛)
(4.5)

where 𝑀𝑎𝑡𝑐ℎ𝑒𝑑(𝑛) represents the count of 𝑛−gram tuples in the hypothesis as well as
present in the actual caption, while 𝐻(𝑛) denotes the count of 𝑛−gram tuples in the hy-
pothesis. The brevity penalty 𝜌 is computed as follows:

𝜌 = exp
(

min
(

0, 1 − 𝑛
𝐿𝑐𝑎𝑝

))

(4.6)

where 𝑛 represents the length of the hypothesis and 𝐿𝑐𝑎𝑝 denotes the length of the actual
caption. The BLEU score is then calculated as follows:

𝐵𝐿𝐸𝑈 = 𝜌

(

𝑁
∏

𝑖=1
𝑃 (𝑖)

)

1
𝑁

(4.7)

where 𝑁 is the maximum order of 𝑛−grams. In this case, the value of 𝑛 is assigned as 1,
2, 3, and 4, corresponding to BLEU-1, BLEU-2, BLEU-3, and BLEU@4, respectively.

• METEOR: Metric for Evaluation of Translation with Explicit Ordering (METEOR) [79]
relies on unigram alignment between the generated and actual captions. It uses the har-
monic mean of unigram precision and recall, with a higher weighting assigned to recall
over precision. The calculation of unigram precision 𝑃𝑒 and recall 𝑅𝑒 in METEOR is ex-
pressed as follows:

𝑃𝑒 =
𝑤𝑚

𝑤𝑡
, 𝑅𝑒 =

𝑤𝑚

𝑤𝑟
(4.8)

where 𝑤𝑚 is the number of unigrams in the candidate translation as well as present in
the actual caption, 𝑤𝑡 and 𝑤𝑟 are the number of unigrams in the candidate and the actual
translation, respectively. The harmonic mean of precision and recall 𝐹𝜇 is computed as:

𝐹𝜇 =
10𝑃𝑒𝑅𝑒

𝑅𝑒 + 9𝑃𝑒
(4.9)

The penalty 𝜌 is calculated using:

𝜌 = 0.5
(

𝐶𝑘

𝑢𝑚

)3

(4.10)
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where, 𝐶𝑘 represents the number of chunks, and 𝑢𝑚 signifies the count of mapped unigrams.
Finally, the METEOR score 𝑀 for a segment is calculated as:

𝑀𝐸𝑇𝐸𝑂𝑅 = 𝐹𝜇(1 − 𝜌) (4.11)
• ROUGE: Recall-Oriented Understudy for Gisting Evaluation (ROUGE) [80] measures

the frequency of 𝑛−gram matches in the total of manually annotated descriptions, while
other methods account for the frequency in the aggregation of all generated descriptions.
ROUGE-N and ROUGE-L are often used in tasks like document summarization and video
captioning. The ROUGE-N score can be expressed as follows:

𝑅𝑂𝑈𝐺𝐸 −𝑁 =

∑

𝑆∈𝐴𝑆
∑

𝑔𝑛∈𝑆
𝑀𝑎𝑡𝑐ℎ𝑒𝑑𝐶𝑜𝑢𝑛𝑡(𝑔𝑛)

∑

𝑆∈𝐴𝑆
∑

𝑔𝑛∈𝑆
𝑇 𝑜𝑡𝑎𝑙𝐶𝑜𝑢𝑛𝑡(𝑔𝑛)

(4.12)

where𝑀𝑎𝑡𝑐ℎ𝑒𝑑𝐶𝑜𝑢𝑛𝑡(𝑔𝑛) represents the maximum number of 𝑛−grams that appear both in
a candidate summary and a collection of actual summaries. On the other hand, 𝑇 𝑜𝑡𝑎𝑙𝐶𝑜𝑢𝑛𝑡(𝑔𝑛)is the total number of 𝑛−grams present in the actual summaries.

• CIDEr: Consensus-based Image Description Evaluation (CIDEr) [81] metric for 𝑛−grams
of length 𝑛 is calculated using the mean cosine similarity between the candidate and actual
captions. It can be computed as:

𝐶𝐼𝐷𝐸𝑟𝑛(𝑐𝑗 , 𝑆𝑗) =
1
𝑛
∑

𝑘

ℎ𝑛(𝑐𝑗) ⋅ ℎ𝑛(𝑠𝑗𝑘)
||ℎ𝑛(𝑐𝑗)|| ⋅ ||ℎ𝑛(𝑠𝑗𝑘)||

(4.13)

where ℎ𝑛(𝑐𝑗) is a vector of all 𝑛−grams of length 𝑛 in the candidate caption, and ||ℎ𝑛(𝑐𝑗)|| is
its magnitude. The same applies to ℎ𝑛(𝑠𝑗𝑘) for the actual caption. The overall CIDEr score
combines the scores from 𝑛−grams of different lengths:

𝐶𝐼𝐷𝐸𝑟(𝑐𝑗 , 𝑆𝑗) =
𝑁
∑

𝑛=1
𝑤𝑛𝐶𝐼𝐷𝐸𝑟𝑛(𝑐𝑗 , 𝑆𝑗) (4.14)

where uniform weights 𝑤𝑛 = 1∕𝑁 have been found to work best empirically. 𝑐𝑗 is the
candidate captions, 𝑆𝑗 is the set of actual captions, and 𝑠𝑗𝑘 is the 𝑘-th actual caption in 𝑆𝑗 .

4.3 Experimental Analysis: TransUAAE-CapGen Architecture

In this section, we present the experimental analysis of the TransUAAE-CapGen architecture
using the PatchGastric dataset.
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4.3.1 Experimental Setup

The experiments were conducted on an Apple MacBook Pro equipped with the Apple M3 Pro
chip. The system specifications are: 18-core GPU, 18 GB of RAM, and a 500 GB SSD, running
macOS. The models were implemented using the PyTorch [82] framework.

4.3.2 Training Parameters

The dataset is partitioned in a ratio of 7(688) ∶ 1(100) ∶ 2(203) for model training, validation,
and testing. For the feature extraction, initially, we used two pretrained models on ImageNet (Effi-
cientNetB3 [83] and DenseNet121 [84]) to extract features from the penultimate layer. Therefore,
we implemented a hybrid UNet-based AAE model for feature extraction. Finally, our proposed
TransUAAE-CapGen model is trained with 50 epochs with a learning rate = 0.001 and a weight
decay = epoch/length(train). For evaluation, the model weights from the final epoch are employed
with a batch size configured to 16. Figure 4.3 shows the loss curve of our TransUAAE-CapGen
architecture along with pre-trained model on the training set of PatchGastric dataset.

4.3.3 Caption Generation Performance

In our study, we introduced a TransUAAE-CapGen architecture comprise of transformer and
UNet-based AAE to generate captions from a set of WSI patches instead of depending solely on
a single patch. In the initial stage, we applied a 3 × 3 pooling (either average or max) and global
average pooling to the EfficientNetB3 and DenseNet121 models. Therefore, the extracted features
are fed into the transformer to generate the histopathological caption. For the EfficientNetB3
model, the extracted features output for a single WSI is 𝑃 × 9× 9 × 1536 for max pooling, where
𝑃 number of patches from a specific WSI. Therefore, the subsequent global average pooling
results is an output of 𝑃 × 1 × 1 × 1536. In the case of average pooling, the extracted features
for a single WSI is 𝑃 × 4 × 4 × 1536, and subsequently, the global average pooling generates an
output of 𝑃 × 1 × 1 × 1536.

On the other hand, with the DenseNet121 model, the extracted feature output for a single
WSI is 𝑃 × 9 × 9 × 1024 for max pooling and 𝑃 × 4 × 4 × 1024 for average pooling, respectively.
Therefore, the global average pooling result is an output of 𝑃 × 1 × 1 × 1024. As the number of
patches of WSI varies from patient to patient, we applied padding to keep all the WSI the same
number of patches. The final features dimension of the EfficientNetB3 model for the transformer
encoder is (1500 × 1536), and DenseNet121 is (1500 × 1024), respectively. Finally, we deployed
our hybrid UNet-based AAE feature extractor to extract more robust and informative features. In
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(a)

(b)
Figure 4.3: Loss curve representation on the PatchGastric dataset using proposed TransUAAE-
CapGen model along with four baseline architectures. (a) Training loss (b) Validation loss.
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the UNet-based AAE model, when a WSI is divided into 𝑃 patches, the feature extraction step
produces output dimensions of 𝑃 × 18 × 18 × 512 after 2 × 2 max pooling and global average
pooling then reduces these dimensions to 𝑃 × 1 × 1 × 512. The final feature dimension of the
UNet-based AAE model for the transformer encoder is (1500 × 512). Therefore, we feed the
extracted features to the transformer to generate the caption.

Our experiments are conducted on the PatchGastric dataset to evaluate the performance of
our proposed TransUAAE-CapGen architecture and compare it with other existing methods.
Table 4.1 demonstrates the result of our proposed model on the test dataset for caption gen-
eration. As shown in Table 4.1, the results indicate that our proposed TransUAAE-CapGen
model significantly outperforms the other models in all metrics. The estimated accuracies of the
TransUAAE-CapGen model are BLEU@4 = 86.8%, METEOR = 59.6%, ROUGE = 89.3% and
CIDEr = 7.72%, respectively. The Trans+EfficientNetB3_AvgP, Trans+EfficientNetB3_MaxP,
Trans+DenseNet121_AvgP, and Trans+DenseNet121_MaxP models are obtained the BLEU@4
scores of 73.9%, 81.2%, 77.2%, and 80.7%, respectively. These outcomes substantiate the effi-
ciency of our proposed TransUAAE-CapGen method for image captioning on the PatchGastric
dataset. Table 4.1 shows qualitative examples of the PatchGastricADC22 dataset. We compared
generated captions using our proposed TransUAAE-CapGen model and reference captions.

4.3.4 Comparison with State-of-the-Art

In this section, we present a comparison of our proposed TransUAAE-CapGen method with exist-
ing SOTA methods using the PatchGastric dataset. Looking at individual-related studies in Table
4.3, in [2], the authors used two pretrained ImageNet models to extract the features and applied
the LSTM model to generate the caption, obtaining the highest BLUE@4 score of 32.3%. In [23],
the author introduced a multi-modal, muti-task and multiple instance learning (PathM3) model to
classify and generate the caption from WSI and obtained a BLUE@4 score of 52.0%. In another
study, Qin et al. [57] developed a SGMT model using the transformer and achieved a BLUE@4
score of 55.11%. However, our method employs a UNet-based AAE for extracting more mean-
ingful spatial features from images, which are then fed into a transformer for caption generation.
This approach has yielded significant improvements in performance metrics, as shown in Table
4.3. TransUAAE-CapGen obtained the BLEU@4 score of 86.8%, METEOR score of 59.6%,
ROUGE score of 89.3%, and CIDEr score of 7.72%. These results are significantly higher than
LSTM-based models [2], PathM3 [23] and SGMT model [57], demonstrating the effectiveness
of our approach. The superiority of our model can be attributed to the use of transformers over
LSTM [2] and the hybrid UNet-based AAE feature extraction model. Transformers are shown to
be more effective than LSTM for tasks that require understanding the context and dependencies
in the data. On the other hand, the SGMT [57] model used a maximum patch size of 128 for
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Table 4.2: Illustration of qualitative results using TransUAAE-CapGen model on test dataset.
WSI TransUAAE-CapGen Reference

atypical epithelium cells
with and proliferating
atypical forming solid
tubular observed is
observed moderately
differentiated adenocar-
cinoma solid

atypical epithelial cells
infiltrating and prolifer-
ating while forming a
glandular cavity is ob-
served moderately dif-
ferentiated tubular ade-
nocarcinoma

highly columnar with
adenocarcinoma disor-
dered papillary localiza-
tion proliferates well a
densely adenocarcinoma
papillary differentiated
adenocarcinoma

highly columnar epithe-
lium with disordered
nuclear localization
proliferates showing fu-
sion ductal construction
differentiated tubular
adenocarcinoma

large differentiated tubu-
lar adenocarcinoma well
differentiated adenocarci-
noma solid type with duc-
tal tissue the adenocar-
cinoma chromatin adeno-
carcinoma

poorly differentiated
adenocarcinoma solid
type with tumor tissue
diffusely infiltrated
with atypical epithelial
cells

WSI, whereas our TransUAAE-CapGen used a maximum patch size of 1400, which reduces the
chance of information loss. Furthermore, in SGMT [57], the authors used pretrained Convolu-
tional Neural Networks (CNN) models to extract the features and applied the transformer model
for caption generation. However, our proposed architecture explored the UNet-based AAE ar-
chitecture, which is significant in extracting more meaningful spatial features from images. The
UNet-based AAE for feature extraction combined with a transformer provides a robust and effec-
tive solution for caption generation.
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Table 4.3: Comparison of our proposed method with existing methods using the PatchGastric
dataset.

Model B M R C
LSTM+EfficientNetB3_AvgP [2] 28.3 30.54 49.73 2.31
LSTM+EfficientNetB3_MaxP [2] 32.4 27.75 46.49 1.62
LSTM+DenseNet121_AvgP [2] 27.2 28.21 46.95 1.52
LSTM+DenseNet121_MaxP [2] 32.3 26.85 45.47 1.48
PathM3 [23] 52.0 39.4 − −
SGMT [57] 55.11 43.17 69.68 4.83
Our (TransUAAE-CapGen) 86.8 59.6 89.3 7.72
* B = BLEU@4(%), M = METEOR(%), R = ROUGE(%), C = CIDEr

4.4 Experimental Analysis: GNN-ViTCap Architecture

4.4.1 Implementation Details and Training Phase

For feature extraction, an ImageNet-21k pre-trained ViT-B/16 [20] is used as the visual backbone,
which has 12−layers of Vision Transformer that encodes images into embeddings of dimension
𝑑𝑣 = 768. Images are processed at a resolution of 224 × 224 pixels with 16 × 16 patch size.
Additionally, a ResNet-34 pre-trained on ImageNet [85] with 34 convolutional layers produces
embeddings of dimension 𝑑𝑣 = 512. For attention-based deep embedded clustering, the number
of clusters is set to  = 8 for the BreakHis dataset and  = 50 for the PatchGastric dataset, with
a convergence threshold of 𝜖 = 10−4. The hidden layer dimension of the graph neural network
is 𝑑out = 512 with GAT layer 𝐿 = 3. A linear projection layer with a dimension of 𝑑model = 768
maps image features into the large language model input space. The tokenizer functions of our
chosen LLMs facilitated the conversion of text into a format suitable for model processing. All
methods are trained using cross-entropy loss with a learning rate of 10−3 and a dropout rate of
0.3. The training is set to run for 100 epochs using the Adam optimizer [86], a weight decay of
10−2, and a batch size of 16 for both the training and evaluation phases. The proposed architecture
is implemented using PyTorch [82] and the Deep Graph Library (DGL) [87]. Experiments are
performed on an NVIDIA RTX 𝐴6000 graphics card GPU with 48 GB of memory. Figure 4.4
and Figure 4.5 demonstrate the loss curves of the GNN-ViTCap architecture on the BreakHis and
PatchGastric training sets, respectively
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(a)

(b)
Figure 4.4: Loss curves on the BreakHis dataset using the proposed GNN-ViTCap with various
feature extractors. (a) Training loss, (b) Validation loss.
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(a)

(b)
Figure 4.5: Loss curves on the PatchGastric dataset using the proposed GNN-ViTCap with vari-
ous LLMs. (a) Training loss, (b) Validation loss.
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4.5 Results and Discussions: GNN-ViTCap Architecture

The main objective of this experiment is to explore the following questions:

• 𝑸𝟏: Does the proposed GNN-MIL perform better than SOTA MIL methods for micro-
scopic WSI classification?

• 𝑸𝟐: Does the spatial positional information of patches impact the performance of model
for caption generation?

• 𝑸𝟑: Do LLMs perform better than LSTM or traditional transformer models for image
captioning of WSI?

• 𝑸𝟒: Do in-domain LLMs perform better than generalized LLMs for generating captions
in histopathological image analysis?

4.5.1 Image Classification Results

Table 4.4 demonstrates the performance of the proposed GNN-ViTCap and other SOTA methods
for benign and malignant tumor classification on the BreakHis test dataset. In this experiment,
the visual features of microscopic images are extracted using either a pretrained ResNet-34 or
ViT-B/16 model. The SOTA MIL-based methods are conducted with the same configuration
of the BreakHis test dataset to ensure a fair comparison. Overall, the proposed GNN-ViTCap
(𝑉 𝑖𝑇+𝐷𝐸𝐶+𝐺𝑁𝑁−𝑀𝐼𝐿) architecture achieved the best classification performance across all
metrics: 𝐹1−Score of 0.934, Precision of 0.926, Recall of 0.942, and AUC of 0.963. The findings
demonstrate an improvement of 2.3% in the 𝐹1−Score and 5.7% in AUC over other SOTA MIL-
based methods for classification, as shown in Table 4.4. The SOTA ABMIL [6] method achieves
an 𝐹1−Score of 0.900 and an AUC of 0.871, while TransMIL [7] records an 𝐹1−Score of 0.886
and an AUC of 0.862. Similar performance gaps are observed when comparing with DSMIL [36]
(with an 𝐹1−Score of 0.856 and an AUC of 0.869) and DTFD-MIL [37] (with an 𝐹1−Score of
0.911 and an AUC of 0.887).

The SOTA MIL-based methods, including ABMIL, DSMIL, TransMIL, and DTFD-MIL,
were designed for scanner-based whole slide images where the absolute positions of the patches
are unknown. Therefore, the existing MIL-based methods show lower performance compared to
the proposed GNN-ViTCap (𝑉 𝑖𝑇 +𝐷𝐸𝐶 +𝐺𝑁𝑁 −𝑀𝐼𝐿) when using the microscopic images
dataset. The reason is that the proposed GNN-ViTCap removes redundant images or regions using
a deeply embedded clustering method and selects the most representative image patches based
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on attention score. Moreover, the GNN-based MIL identifies neighboring representative images
based on their relative positions and aggregates the features for classification.

Figure 4.6 depicts the feature distribution from the GNN-ViTCap method on the BreakHis test
dataset using t-SNE visualization. Some Benign samples overlap with the Malignant category,
leading to misclassifications. These misclassifications occur because the GNN-ViTCap method
struggles to distinguish these categories but can still detect clusters.
Table 4.4: Performance of GNN-ViTCap against SOTA methods on the BreakHis test dataset for
classification.

Methods Precision Recall 𝐹1-Score AUC
ABMIL [6] 0.835 0.922 0.900 0.871
DSMIL [36] 0.872 0.842 0.856 0.869
TransMI L[7] 0.865 0.908 0.886 0.862
DTFD-MIL [37] 0.854 0.925 0.911 0.887
GNN-ViTCap (ResNet-34) 0.917 0.925 0.921 0.906
GNN-ViTCap (ViT-B/16) 0.926 0.942 0.934 0.963

4.5.2 Image Captioning Results

Table 4.5 demonstrates the comparative analysis of the proposed GNN-ViTCap and other SOTA
methods for image captioning on the PatchGastric test dataset. In the experiments, four large
language models (ClinicalT5-Base, BioGPT, LLamaV2-Chat, and BiomedGPT) are fine-tuned
using visual features along with corresponding captions. The proposed GNN-ViTCap (𝑉 𝑖𝑇 +
𝐷𝐸𝐶+𝐺𝑁𝑁−𝑀𝐼𝐿+𝐵𝑖𝑜𝑚𝑒𝑑𝐺𝑃𝑇 ) architecture achieved the highest scores across all metrics:
a BLEU@4 score of 0.811, METEOR of 0.567, ROUGE of 0.865, and CIDEr of 7.42. The results
indicate that our proposed GNN-ViTCap (𝑉 𝑖𝑇 +𝐷𝐸𝐶+𝐺𝑁𝑁−𝑀𝐼𝐿+𝐵𝑖𝑜𝑚𝑒𝑑𝐺𝑃𝑇 ) method
significantly outperforms the other SOTA methods in all metrics. The findings also demonstrate
an improvement of 26% on BLEU@4 and 13.5% on METEOR over existing caption generation
methods, as evident in Table 4.5. On the same dataset, the second-best BLEU@4 score of 0.796
and METEOR of 0.557 are obtained from the GNN-ViTCap (𝑉 𝑖𝑇 + 𝐷𝐸𝐶 + 𝐺𝑁𝑁 −𝑀𝐼𝐿 +
𝐿𝐿𝑎𝑚𝑎𝑉 2 − 𝐶ℎ𝑎𝑡) architecture.

The SOTA approach, PatchCap [2] obtained the highest BLUE@4 score of 0.324 using Ef-
ficientNetB3 and LSTM models. The other SOTA approaches, PathM3 [23] and SGMT [57]
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(a)

(b)
Figure 4.6: t-SNE feature visualizations for the GNN-ViTCap for the BreakHis test dataset. (a)
ResNet-34+DEC+GNN-MIL, (b) ViT+DEC+GNN-MIL.
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achieved BLEU@4 of 0.520 and 0.551, respectively, using transformer-based language models.
The superior performance of the GNN-ViTCap architecture is attributed to its effective feature
extraction using a visual encoder and the selection of the most significant visual features through
deep embedded clustering. Moreover, our proposed architecture explored the GNN-MIL, which
aggregates features with patch positional encoding, and the integration with in-domain large lan-
guage models provides a robust and effective solution for caption generation.

Furthermore, in Figure 4.7, a bar chart is utilized to illustrate the BLEU@4, METEOR, and
ROUGE scores achieved by each LLMs for caption generation. This visual representation al-
lows a better comparison of performance across the three metrics, showing how each model
handles both n-gram overlaps and semantic aspects in the generated text. BiomedGPT shows
the highest scores on all three metrics, underscoring its robust generation capabilities and con-
sistency. Meanwhile, ClinicalT5-Base, BioGPT, and LLamaV2-Chat, demonstrate competitive
performance, though slightly lower than BiomedGPT overall. In addition, Table 4.6 presents
qualitative examples of the PatchGastric dataset by comparing generated captions from the pro-
posed GNN-ViTCap method with reference captions.

4.5.3 Discussions

In this work, a novel GNN-ViTCap architecture is proposed for cancer tumor classification and
caption generation from microscopic whole slide images. GNN-ViTCap architecture comprises
a visual feature extractor, attention-based deep embedded cluster, GNN-based MIL, and large
language models. Experimental results on both BreakHis and PatchGastric datasets demonstrate
the effectiveness of the proposed GNN-ViTCap.

𝑸𝟏: Does the proposed GNN-MIL perform better than SOTA MIL methods for microscopic
WSI classification?

The SOTA MIL-based methods, including ABMIL [6], DSMIL [36], TransMIL [7], and
DTFD-MIL [37], were designed exclusively for scanner-based WSIs, whereas spatial informa-
tion is absent in microscopic WSIs. However, the spatial information of patches in whole slide
images is crucial for cancer diagnosis. Therefore, the proposed GNN-ViTCap (𝑉 𝑖𝑇 ∕𝑅𝑒𝑠𝑁𝑒𝑡 −
34+𝐷𝐸𝐶 +𝐺𝑁𝑁 −𝑀𝐼𝐿) learns spatial information from graph data. In GNN-ViTCap, each
graph node represents a WSI patch, and edges are determined by the embedded features of these
patches, capturing the spatial relationships between different regions. As a result, GNN-ViTCap
efficiently captures both spatial information and patch correlations, leading to superior feature
representations. Moreover, the GNN-ViTCap architecture removes redundant images or regions
using a deep embedded clustering method and selects the most representative image patches based
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Figure 4.7: Performance of the proposed GNN-ViTCap architecture on the PatchGastric test
dataset using various LLMs

on attention scores. Therefore, the proposed GNN-ViTCap method outperforms the SOTA MIL-
based methods for classification.

𝑸𝟐: Does the spatial positional information of patches impact the performance of the model
for caption generation?

The proposed GNN-ViTCap (𝑉 𝑖𝑇 + 𝐷𝐸𝐶 + 𝐺𝑁𝑁 − 𝑀𝐼𝐿 + 𝐿𝐿𝑀𝑠) method achieved
better results than the SGMT [57], method for caption generation using the PatchGastric dataset.
Both GNN-ViTCap and SGMT utilize transformer-based language models, but SGMT achieved
a lower BLEU@4 score due to lack of consideration for patch positional encoding. The graph-
based aggregation (GNN-MIL within GNN-ViTCap leverages the spatial relationships between
image patches, enabling the model to generate more accurate and relevant captions.
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Table 4.6: Illustration of qualitative results using the GNN-ViTCap architecture on the PatchGas-
tric test dataset.

Microscopic WSI Ground Truth GNN-ViTCap
tumor tissue, in which
medium to small irregular
ducts infiltrate and prolif-
erate in the submucosa can
be seen in the epithelium
well differentiated tubular
adenocarcinoma

tumor tissue in which
medium sized small
irregular ducts with or
proliferate in the sub-
mucosa can be irregular
in the epithelium well
differentiated tubular
adenocarcinoma

in the superficial epithe-
lium tumor tissue that in-
vades by forming medium
sized to small irregular
ducts is observed moder-
ately differentiated adeno-
carcinoma

on the superficial epithe-
lium tumor tissue that infil-
trates by forming medium
sized to small irregular
ducts is observed moder-
ately differentiated tubular

𝑸𝟑: Do LLMs perform better than LSTM or traditional transformer models for image cap-
tioning of WSI?

Furthermore, the proposed GNN-ViTCap (𝑉 𝑖𝑇 + 𝐷𝐸𝐶 + 𝐺𝑁𝑁 − 𝑀𝐼𝐿 + 𝐿𝐿𝑀𝑠) out-
performs LSTM [2] and traditional transformer models [57] in image captioning of whole slide
images. Large language models have superior contextual understanding and efficient integration
of multimodal data, which enable them to generate more accurate and coherent captions. The
integration of advanced LLMs within the GNN-ViTCap framework facilitates more coherent and
contextually accurate captioning.

𝑸𝟒: Do in-domain LLMs perform better than generalized LLMs for generating captions in
histopathological image analysis?

Moreover, PathM3 [23] introduced a multi-modal, multi-task, and multiple instance learning
model for caption generation using ViT feature extraction and distilled versions of LLMs models
(Flan-T5). However, PathM3 obtained a lower BLEU@4 score compared to the proposed GNN-
ViTCap (𝑉 𝑖𝑇 +𝐷𝐸𝐶 +𝐺𝑁𝑁 −𝑀𝐼𝐿+𝐵𝑖𝑚𝑒𝑑𝐺𝑃𝑇 ) method, which utilizes in-domain LLMs.
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Fine-tuning language models on domain-specific data enables them to produce more relevant and
precise descriptions, tailored to the nuances of medical imaging.

4.5.4 Ablation Studies

This section presents the results of ablation studies conducted to evaluate the effectiveness of each
module in the GNN-ViTCap architecture.

With vs. Without Representative Images

Table 4.7 indicates that excluding representative images leads to decreased performance com-
pared to including them, as demonstrated by both the BreakHis and PatchGastric datasets. This
performance difference arises because the model cannot effectively capture contextual relation-
ships across diverse areas. By selecting a distinctive image for every region, the model is better
equipped to capture detailed contextual information, thereby enhancing interactions across dif-
ferent image areas and improving overall performance. The GNN-ViTCap method achieves an
𝐹1−Score of 0.934 and an AUC of 0.963 with representative images, compared to an 𝐹1−Score of
0.902 and an AUC of 0.916 without representative images, for classification using the BreakHis
microscopic dataset. Therefore, the GNN-ViTCap (𝑉 𝑖𝑇+𝐷𝐸𝐶+𝐺𝑁𝑁−𝑀𝐼𝐿)method demon-
strates an increase of 3.2% in 𝐹1−Score and 4.7% in AUC with representative images on the
BreakHis dataset. In contrast, the GNN-ViTCap (𝑉 𝑖𝑇 +𝐷𝐸𝐶 +𝐺𝑁𝑁 −𝑀𝐼𝐿+𝐵𝑖𝑜𝑚𝑒𝑑𝐺𝑃𝑇 )
method illustrates an increase of 4.8% in BLEU@4 score and 3.1% in METEOR with represen-
tative images for caption generation using PatchGastric microscopic dataset.
Table 4.7: Performance evaluation with (𝑤∕) and without (𝑤∕𝑜) representative images on the
BreakHis and PatchGastric datasets.

BreakHis PatchGastric
Cluster 𝐹1-Score AUC BLEU@4 METEOR

w/o Rep. Images 0.902 0.916 0.763 0.536
w/ Rep. Images 0.934 0.963 0.811 0.567

Representative Image Clusters

Figure 4.8 illustrates the impact of varying the number of representative image clusters on both
datasets. For the BreakHis dataset, the number of clusters is varied between  = 5 and 10, with
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the highest AUC of 0.963 achieved when  = 8. In contrast, for the PatchGastric dataset, the
number of clusters is set to  = 30 to 55, with the highest BLEU@4 score of 0.811 observed
when  = 50.

(a)

(b)
Figure 4.8: Performance metrics with various numbers of representative image clusters using
attention-based deep embedded clustering method. (a) BreakHis, (b) PatchGastric datasets.
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Graph Layers Effect

Table 4.8 demonstrates the impact of graph edge generation using the similarity method with
varying numbers of graph layers. For the BreakHis dataset, the AUC increases from 0.943 at 1
layer to a maximum of 0.963 at 3 layers. In contrast, for the PatchGastric dataset, the BLEU@4
score starts at 0.753 at 1 layer, increases to a maximum of 0.811 at 3 layers, and slightly decreases
to 0.792 at 4 layers. These results suggest that while performance improves with the addition of
layers, the effect diminishes beyond a certain point.
Table 4.8: Comparison of AUC (BreakHis) and BLEU@4 (PatchGastric) performances across
various graph layers in graph neural networks. Minimal layers enhance performance by focusing
on nearby images and leveraging similarity.

No. of Graph Layers
Dataset 1 2 3 4
BreakHis 0.943 0.945 0.963 0.952
PatchGastric 0.753 0.784 0.811 0.792

4.6 Summary

In this chapter, we first introduced the datasets utilized to evaluate our proposed architectures in
histopathological image classification and caption generation. We outlined the performance met-
rics used to assess our architectures, including classification metrics such as Precision, Recall,
𝐹1−score, and AUC, as well as captioning metrics like BLEU, METEOR, ROUGE, and CIDEr.
We reported the benchmarking performance of TransUAAE-CapGen and GNN-ViTCap, compar-
ing them against state-of-the-art methods. Our study also explored various architectural configu-
rations and conducted ablation studies to investigate the impact of different design choices. The
findings highlight the effectiveness of our proposed methods in capturing meaningful histopatho-
logical features and generating accurate textual descriptions. The results demonstrate the feasi-
bility of our architectures for efficient and accurate histopathological image analysis in practical
applications.
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Chapter 5

Conclusion and Future Works

This chapter presents the concluding remarks, discusses the limitations of the study, and high-
lights potential directions for future research.

5.1 Conclusion

Histopathological WSI analysis is an advancing field with the potential to improve diagnostic ac-
curacy and medical decision-making. In this thesis, at first, we proposed a TransUAAE-CapGen
architecture to generate the caption from WSI patches. The TransUAAE-CapGen model is based
on a hybrid UNet-based AAE for feature extraction and a transformer for caption generation. The
hybrid UNet-based AAE model efficiently extracts key features and reduces information loss by
learning hierarchical features. The transformer architecture is used for caption generation due to
its superior handling of long-range dependencies and understanding of context. Our proposed
method is validated using the PatchGastric histopathological dataset. Later, we propose a novel
GNN-ViTCap architecture for classification and caption generation from microscopic whole slide
image images. The GNN-ViTCap method is based on a visual feature extractor, attention-based
deep embedded clustering, GNN-MIL aggregation, and LLMs. The deep embedded clustering
method dynamically clusters images to reduce redundancy, while self-attention extracts the most
representative images. Graph-based aggregation (GNN-MIL) leverages the spatial relationships
between image patches and captures the contextual information. Therefore, LLMs are used for
caption generation due to their exceptional context-association capabilities. Our proposed method
is validated using the BreakHis and PatchGastric datasets.
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Experimental results demonstrate the method’s effectiveness in microscopic whole slide im-
age classification and captioning, providing healthcare professionals with a valuable tool for better
interpreting medical images.

5.2 Limitations and Future Works

Despite the promising results achieved by the proposed methods, certain limitations remain. The
TransUAAE-CapGen method is sensitive to hyperparameter selection, which can lead to instabil-
ity in training and potential model collapse. Similarly, the GNN-ViTCap model relies on a fixed
clustering mechanism, where selecting the optimal value is crucial-an improper choice can lead
to information loss and reduced performance. Moreover, fine-tuning LLMs is computationally
expensive, making real-world deployment resource intensive. The lack of diverse, high-quality
WSI-text paired datasets also remains a challenge, affecting the generalizability of the models.

In the future, more advanced and efficient vision-language architectures can be explored to
enhance model robustness and efficiency in pathological image analysis. The integration of ViTs
into TransUAAE-CapGen can improve hierarchical feature extraction and enhance contextual
understanding. For GNN-ViTCap, adaptive clustering techniques could be explored to dynami-
cally determine optimal cluster numbers, minimizing information loss. Additionally, parameter-
efficient fine-tuning strategies for LLMs, such as low-rank adaptation or adapter-based meth-
ods, can be employed to reduce computational costs while maintaining performance. Expand-
ing high-quality datasets and validating models in real-world clinical environments could further
strengthen their applicability. Lastly, improving model interpretability and explainability can be
essential for fostering trust and adoption in medical practice.
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