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The rising global incidence of cancer cases necessitates the development of AI-assisted

diagnostic systems to support pathologists in analyzing Whole Slide Images (WSIs). While

artificial intelligence (AI) holds promise in transforming medical imaging diagnostics, current

methods often face challenges with the gigapixel scale of WSIs and struggle to provide

holistic, interpretable explanations for their decisions. This dissertation introduces multiple

interconnected contributions aimed at developing an end-to-end AI system for interpretable

histopathological diagnosis. First, we present Quilt-1M, the largest multi-modal histopathol-

ogy dataset to date, comprising over one million image-text pairs curated from open-source

educational videos. Quilt-1M addresses the critical challenge of data scarcity in histopathol-

ogy and enables the development of QuiltNet, a vision-language model that achieves

state-of-the-art performance in zero-shot classification and cross-modal retrieval tasks. Build-

ing on this foundation, we developed Quilt-Instruct to create Quilt-LLaVA, a large

language and vision assistant specifically tailored for histopathology. Quilt-LLaVA can

analyze WSI patches in detail, spatially localize medical concepts, and perform reasoning that

extends beyond individual patches. Next, we introduce PathFinder, a multi-modal, multi-

agent framework that mimics the diagnostic workflow of expert pathologists. By orchestrating



specialized AI agents for triage, navigation, description, and diagnosis, PathFinder delivers an

interpretable diagnostic process for entire WSIs. Pathfinder establishes a new state-of-the-art

in melanoma classification, even surpassing the average performance of human pathologists

by 9%. Finally, through MedicalNarratives, we demonstrate the potential to expand this

approach beyond histopathology into broader medical domains by leveraging the abundance of

educational content available. This dissertation advances the field of AI-assisted pathology by

creating a complete pipeline—from large-scale dataset curation to sophisticated multi-modal

models to coordinated AI agents—resulting in diagnostic systems that collaborate e!ectively

with pathologists while providing human readable predictions throughout the decision-making

process.
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Chapter 1

INTRODUCTION

Cancer is a disease characterized by the uncontrolled growth and division of abnormal

cells in the body. In healthy tissue, cells follow an orderly process of growth, division, and

death. However, when this process is disrupted, damaged or mutated cells can continue to

multiply unchecked, potentially forming tumors that can invade nearby tissues and spread

to other parts of the body through the bloodstream or lymphatic system. With more than

100 distinct types a!ecting various organs and tissues, from common forms like breast and

lung cancer to rarer variants, cancer presents an enormous challenge to healthcare systems

worldwide. As global populations age, cancer incidence continues to rise, with millions of new

cases diagnosed each year, making it one of the leading causes of mortality worldwide [113].

The microscopic examination of tissue samples through hematoxylin and eosin (H&E)

stained whole slide images (WSIs) remains the gold standard for cancer diagnosis. These

WSIs are gigapixel-level images created by digitally scanning glass slides containing tissue

specimens stained with H&E dyes, which highlight di!erent cellular components - hematoxylin

staining cell nuclei blue-purple and eosin staining proteins pink. These high-resolution images

provide pathologists with detailed views of tissue architecture and cellular characteristics

critical for accurate diagnosis, allowing them to identify subtle changes in cell morphology,

tissue organization, and other features that may indicate the presence and severity of cancer.

However, the traditional approach of manual WSI examination faces mounting challenges.

Examining WSIs is a meticulous manual process that requires careful attention to detail across

multiple magnification levels [92, 37, 79] This time-intensive nature of WSI examination,

combined with the increasing volume of cancer cases and limited availability of trained

pathologists, has created an unsustainable bottleneck in cancer diagnosis. The cognitive
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burden of analyzing numerous WSIs daily can impact diagnostic accuracy - studies have

shown that even experienced pathologists can make errors [35] when examining large volumes

of WSIs, with diagnostic disagreement rates reaching up to 60% for certain types of cancer

such as melanoma in-situ and T1a invasive melanoma [28]. This variability in diagnostic

outcomes highlights the urgent need for advanced methods to assist pathologists in their

interpretation processes and clinical practices.

While artificial intelligence (AI) has shown promise in medical image analysis, current

approaches face significant limitations. Many existing AI systems either struggle to process

gigapixel-level WSIs e!ectively or produce "black box" decisions without providing inter-

pretable explanations - a critical shortcoming in healthcare where understanding the reasoning

behind a diagnosis is essential for aid-based clinical decision-making. Furthermore, instead

of analyzing the entire WSI, most AI-based approaches often focus on patch-level analysis

or employ multiple instance learning techniques that lack the holistic understanding and

reasoning capabilities of human pathologists [69, 40, 111, 128, 141, 13].

To address these challenges, there is a clear need for an end-to-end AI framework that can

process WSIs in a manner similar to clinical workflow - from initial triage to final diagnosis -

while providing human-readable explanations for its diagnostic decisions. However, developing

such a comprehensive system requires addressing three fundamental challenges: the scarcity

of large-scale histopathology training data, the need for sophisticated multi-modal models

capable of understanding both visual and textual information, and the necessity of integrating

these models into a complex framework for automating the entire diagnostic workflow.

Building on these requirements, we first introduced Quilt-1M [53], a dataset of over one

million image-text pairs curated from open source educational histopathology videos. By

leveraging the rich narrative content of pathology lectures and demonstrations, we developed

novel algorithms to extract aligned image-caption pairs, ensuring high-quality associations

between visual content and expert descriptions. Quilt-1M not only represents the largest

histopathology vision-language dataset to date - five times larger than existing alternatives

- but also captures the natural language explanations and reasoning processes of expert
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pathologists, making it an invaluable resource for training AI models that can understand

and communicate about histopathological findings in human-interpretable terms.

Building upon Quilt-1M’s foundation, we then developed Quilt-Instruct [110], an

instruction-tuning dataset that grounds medical concepts within histopathology images, and

Quilt-LLaVA, a large language and vision assistant specifically designed for histopathology.

Quilt-Instruct contains over 100,000 question-answer pairs derived from the broader con-

textual information in educational videos, enabling more sophisticated reasoning capabilities.

Using both datasets, Quilt-LLaVA was trained through a two-stage process: first aligning

with the histopathology domain using Quilt-1M, then fine-tuning with Quilt-Instruct.

This resulted in a multi-modal model capable of not only analyzing individual image patches

in detail but also reasoning beyond them, guiding users on what additional evidence might

be needed for diagnosis, and providing educational support for pathology training.

Culminating these advances, we present PathFinder, a novel multi-agent system that

automates the entire diagnostic workflow. PathFinder orchestrates multiple specialized AI

agents working in concert: a Triage Agent that identifies cases requiring detailed examination,

a Navigation Agent that systematically explores gigapixel-level WSIs to identify diagnostically

relevant regions, a Description Agent (powered by Quilt-LLaVA) that analyzes these

regions and articulates findings in natural language, and a Diagnosis Agent that synthesizes

these observations into a final assessment. Unlike traditional AI systems that rely on patch-

level analysis or exhaustive scanning, PathFinder follows a human-like diagnostic workflow,

iteratively refining its focus with each step. This collaborative agent-based framework

enables accurate and interpretable diagnoses, surpassing state-of-the-art AI models and even

outperforming the average diagnostic accuracy of expert pathologists in challenging tasks

such as melanoma classification. By providing natural language explanations for its decisions,

PathFinder o!ers transparency, and integration into clinical workflows, setting a new bar for

state of the art in AI-driven pathology.

Finally, we introduce MedicalNarratives, a multimodal dataset for the broader medical

domain, leveraging the video processing framework established in Quilt-1M [53] and the
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cursor detection methodology of Quilt-LLaVA [110]. MedicalNarratives expands the

principles of grounded image-text curation to include over 4.2 million image-text pairs across

11 medical modalities, with 875,000 samples featuring spatial grounding through cursor traces.

By sourcing pedagogical medical videos where instructors narrate and point to relevant regions,

we mimicked the think-aloud protocol widely used in clinical education to ensure natural

alignment between visual and textual data. MedicalNarratives enables diverse applications

such as open-vocabulary segmentation, dense modeling, and grounded generative modeling,

and serves as a critical resource for advancing medical AI systems, demonstrated through our

vision-language model, GenMedCLIP, trained on this dataset.

This dissertation presents four interconnected projects, each building on the achieve-

ments of its predecessors to create a comprehensive framework for automated, interpretable

histopathological diagnosis. Chapter 2 introduces Quilt-1M, addressing the critical challenge

of data scarcity by curating a large-scale vision-language dataset. Chapter 3 delves into

Quilt-LLaVA, exploring its architecture and capability to bridge visual and linguistic under-

standing in histopathology. Chapter 4 presents PathFinder, a multi-agent system designed to

automate the entire diagnostic workflow while ensuring interpretability and accuracy. Chapter

5 extends the framework beyond histopathology with MedicalNarratives, creating a dataset

that spans broader medical domains. Finally, Chapter 6 concludes the dissertation, discussing

future directions. Together, these projects o!er a blueprint for developing interpretable AI

systems that collaborate with human experts to improve patient care while maintaining

transparency in decision-making.
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Chapter 2

FUELING THE PATHOLOGY AI RESEARCH WITH LARGE
SCALE MULTI-MODAL DATASET - Quilt-1M

In this chapter, we outline the details of extracting Quilt-1M [53], from open-source

venues such as videos and PubMed articles. We highlight how we used handcrafted algorithms

alongside ML models to extract a vision-language dataset from videos, and we describe how

we trained QuiltNet, which learns superior embeddings for histopathology patches that

surpass the state of the art in zero-shot classification and retrieval-based tasks.

2.1 Introduction and Motivation

Cancer diagnosis and treatment planning heavily rely on the microscopic examination of

tissue samples through whole slide images (WSIs). These WSIs are created by digitally

scanning glass slides containing tissue specimens stained with hematoxylin and eosin (H&E)

dyes, which highlight di!erent cellular components - with hematoxylin staining cell nuclei

blue-purple and eosin staining proteins pink. These high-resolution, gigapixel-level images

provide pathologists with detailed views of tissue architecture and cellular characteristics

critical for accurate diagnosis, enabling them to identify subtle changes in cell morphology,

tissue organization, and other features indicative of various pathological conditions.

Within these WSIs, even individual patches contain intricate patterns and complex

morphological features crucial for disease characterization [115]. The richness of this visual

information poses a unique challenge: traditional categorical labels fail to capture the nuanced

relationships between di!erent tissue structures, cell types, and their spatial arrangements.

With thousands of disease subtypes and continuously evolving classification systems, reducing

these complex visual patterns to simple labels severely limits our ability to represent and



6

understand the full spectrum of histopathological features. Natural language descriptions

emerge as a powerful alternative, o!ering the flexibility and expressiveness needed to capture

detailed observations about tissue architecture, cellular characteristics, and their relationships

[31].

Recent years have witnessed remarkable advances in vision-language modeling for natural

images, with models like CLIP [98], VILT [66], and ALBEF [75] demonstrating unprecedented

capabilities in understanding the relationship between visual content and textual descriptions.

These models, trained on large-scale image-text pairs, have achieved impressive results in

tasks ranging from zero-shot classification to cross-modal retrieval. However, this success has

not translated to the histopathology domain, primarily due to the scarcity of comprehensive

vision-language datasets. Existing resources like ARCH [31] (→ 8K samples) and OpenPath

[49] (→ 200K samples) provide valuable but limited data. While PMC-15M [137] o!ers a

larger collection of biomedical image-text pairs, its histopathology coverage remains unclear,

and the dataset is not publicly accessible. To address this critical gap, we introduce Quilt,

a large-scale vision-language dataset for histopathology containing 800K images and their

text descriptions across multiple magnification scales (10x to 40x). We leverage an untapped

resource: educational histopathology videos on YouTube, comprising 1, 087 hours of expert

pathologist narrations. Through a sophisticated pipeline combining specialized computer

vision models, automated speech recognition, and carefully designed algorithms, we extract

and align high-quality image-text pairs from these videos. By combining Quilt with additional

data from diverse sources including Twitter, research papers, and other public repositories, we

create Quilt-1M, a million-scale dataset that represents the largest public vision-language

resource for histopathology to date.

Building on this foundation, we develop QuiltNet, a vision-language model trained using

contrastive learning objectives on our dataset. Through extensive evaluation across 13 external

histopathology datasets spanning various sub-pathologies, we demonstrate QuiltNet’s

superior performance in zero-shot classification, linear probing, and cross-modal retrieval

tasks. Our model consistently outperforms existing state of the art approaches including CLIP
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[98], PLIP [49], and BiomedCLIP [137], validating the quality and utility of our dataset. This

chapter presents several key contributions to the field of computational pathology: (1) the

creation of Quilt, a novel large-scale vision-language dataset derived from expert pathology

lectures with the development of specialized techniques for extracting aligned image-text

pairs from educational videos; and (2) the implementation and validation of QuiltNet,

demonstrating state-of-the-art performance across multiple histopathology tasks.

2.2 Related Work

The application of machine learning to histopathology has evolved significantly over the

past decade. Early approaches to computational pathology were primarily based on weakly-

supervised learning, where entire whole-slide images (WSIs) were assigned single labels. This

simplistic labeling scheme led to suboptimal model performance at the patch level [15, 54].

To address these limitations, researchers began exploring self-supervised learning approaches,

which showed promise in learning useful representations from unlabeled data [54, 13, 15].

Initial self-supervised methods in histopathology largely borrowed techniques from natural

image processing, such as data augmentation strategies [17]. However, researchers soon

recognized the need to incorporate domain-specific knowledge. This led to innovations such

as leveraging the compositional nature of H&E stain information [54], incorporating hierar-

chical morphological information across di!erent magnification levels [13], and integrating

complementary data modalities like genomic features [15].

The development of vision-language datasets in the medical domain has followed an

uneven trajectory. While fields like radiology have benefited from relatively straightforward

data collection processes, leading to comprehensive datasets like MIMIC-CXR-JPG v2.0.0

[62], histopathology has faced unique challenges. The Cancer Genome Atlas, while providing

de-identified PDF reports for WSIs, presents significant processing challenges due to the

enormous size of WSI files, often exceeding 120, 0002 pixels [82]. This has limited its utility in

large-scale studies. E!orts to create vision-language datasets specifically for histopathology

have been limited in scope. The ARCH dataset represented an early attempt, containing
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only 7,614 image-text pairs [31, 46]. A more recent e!ort, OpenPath, expanded this to 200K

pairs by leveraging Twitter content [49]. While PMC-15M [137] o!ered a larger collection of

biomedical image-text pairs, its histopathology coverage remains unclear, and the dataset is

not publicly available.

Recent years have seen increasing interest in leveraging video data for model training.

Researchers have successfully utilized millions of YouTube videos for vision-language model

development [135, 134], and gaming videos for training causal video models [5]. The concept of

Localized Narratives [122, 95] has demonstrated the value of dense, interconnected supervision

for single images. While video sources typically introduce more noise compared to static

image sources, advances in automatic speech recognition have made it increasingly feasible to

curate large-scale, clean datasets from video content [135, 5, 137].

2.3 Curating Quilt

As mentioned, a large-scale image-text dataset is needed in histopathology and YouTube

o!ers a plethora of educational videos that remain untapped and can be used to extract an

image-text dataset.

Creating a vision-language dataset from videos is a non trivial task, as not all educational

histopathology videos are usable. Many either lack voiced audio, are not in English, fail to

contain medically relevant content, or have insu"cient medical relevance. For instance, some

videos may only display static histopathology images without further analysis, or they might

mention histopathology briefly for unrelated purposes. The use of standard automatic speech

recognition (ASR) models is often inadequate due to the specific jargon and terminology

used in histopathology, presenting a challenge that requires sophisticated solutions. The

de-noising of text and image modalities adds further complexity as the videos are typically

conversational and, therefore, inherently noisy. Instructors pan and zoom at varying speeds,

recording a mix of relevant and irrelevant histopathological visual content in their videos.

Simple frame extraction methods are insu"cient for accurately capturing the intended data.

To assemble Quilt, we have developed and utilized models along with custom algorithms
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that take advantage of the specific ways instructors convey information visually and textually,

ensuring the precise collection and synchronization of both image and text modalities.

Our dataset curation pipeline involves (1) gathering relevant videos covering the histopathol-

ogy domain, (2) filtering videos based on a certain "narrative style", (3) extracting and

denoising image and text modalities from videos using various models, tools, and algorithms,

(4) postprocessing denoised text by LLMs to extract medical text and finally, (5) aligning

image and text modalities in time to obtain the final version of Quilt. See Fig. 2.1 for a

detailed overview of the pipeline.

2.3.1 Collecting representative channels and videos.

The initial step in our data curation pipeline involves identifying YouTube channels and

videos that are pertinent to histopathology. We employ a strategy that utilizes keywords

related to 18 di!erent sub-fields of pathology to streamline the search process. This approach

prioritizes channel searches over individual video queries to enhance e"ciency and mitigate

the constraints imposed by API request limits [135]. To refine our search further, we exclude

channels with a subscriber count exceeding 300K to bypass broad-based scientific channels,

focusing instead on niche educational histopathology content, which typically attracts a

smaller audience. Following selection, we download all identified videos.

2.3.2 Filtering for narrative-style medical videos.

We filter out the videos less than one minute in duration, lacking voiced narration, or in

languages other than English. For videos meeting these heuristics, we check for two more

conditions: 1) the presence of essential medical content, specifically histopathology image-text

pairs, and 2) whether the video demonstrates a narrative style. This narrative style is

defined by the extent to which narrators engage with the WSIs, including spending time on

panning and zooming within the WSI, accompanied by detailed vocal descriptions of the

visual content.
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For 1), we employ an automated method to pinpoint relevant videos by extracting

keyframes, utilizing FFmpeg 1 for this task. These keyframes, which indicate the start or

finish of a scene marked by significant visual changes, help in identifying content-rich videos.

The software requires a threshold that determines the minimum amount of visual change

required to trigger a keyframe. Through experimentation, we set di!erent thresholds for

various video durations, with smaller thresholds for longer videos. Next, we train a simple

histopathology image classifier to identify videos with histopathology images.

For 2), the process of determining whether a video exhibits a narrative style involves

analyzing randomly chosen keyframes predicted to contain histopathology content. For each

selected keyframe, we extract the subsequent three frames deemed to be histopathology-

related and calculate the cosine similarity between the initial frame and each of the following

three. If all three frames have similarity scores equal to or above a defined threshold of

0.9, the sequence is classified as a narrative streak, which means that the narrator talked

about a certain region within the broader WSI. A video is identified as narrative style if

at least 10% of the selected frames exhibit a narrative streak. Consequently, we download

all narrative-style videos at high-resolution. Narrative-style videos typically cover WSIs at

various magnifications, hence, we train a tissue-image-magnification classifier to predict the

following three scales: {(1↑ 10)x, (> 10↑ 20)x, (> 20)x}. This provides relevant metadata

for downstream objectives.

2.3.3 Text extraction using ASR and text denoising.

The prohibitive costs of specialized medical ASR APIs2 led us to opt for the more acces-

sible ASR model, Whisper [99], despite its known limitations in accurately recognizing

medical terminology. This necessitates a subsequent phase of post-processing to correct

misinterpretations and reduce error rates significantly.

We developed a comprehensive four-step process for enhancing our text quality: i) Initially,

1https://!mpeg.org/
2nuance.com/en-au/healthcare/provider-solutions/speech-recognition/dragon-medical-one.html
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Figure 2.1: The process begins with identifying relevant histopathology YouTube videos in

the Search phase. During the Image extraction stage, histopathology frames are located and

de-noised using trained models. In the Text phase, Automatic Speech Recognition (ASR) is

applied, followed by post-processing and error correction with the Unified Medical Language

System (UMLS) and large language models (LLMs) to obtain text. Finally, the Pairing

phase matches images with text, removes duplicates, and produces Quilt, a richly annotated

histopathology image-text dataset [53].

we employ the RAKE keyword extraction algorithm to identify and refine keywords or phrases,

removing any stopwords in the process [105]. ii) The refined entries are then cross-checked

against the Unified Medical Language System (UMLS) [6] using the SciSpacy entity linking

package [89]. For entries that are not found in UMLS, we apply a spell-checker3 preloaded

with a comprehensive list of histopathology-related terms derived from various histopathology

ontology labels and definitions. This step generates a list of potentially misspelled medical

keywords. iii) With this probable list of misspelled keywords, we condition and prompt

the LLM with examples to correct the misspelled entry within its context (sentence), and

3https://github.com/barrust/pyspellchecker
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secondly, we task the LLM with identifying additional unconditioned errors/misspelled entries.

For both, we leverage a set of manually curated examples to prompt the LLM in-context.

(Shown in Fig. A.1 in the Appendix). iv) The final step involves confirming the accuracy

of the corrections by cross-referencing the adjusted terms with UMLS and our specialized

histopathology terminology list. This dual verification ensures that only correctly spelled

and contextually appropriate terms replace the original, error-prone transcriptions, e!ectively

de-noising the text.

Upon refining the text with ASR corrections, we extract two key types of textual content:

medical text, which broadly describes the images, and ROI text, derived from instances where

the speaker points out specific visual regions of interest with phrases like "look here...".

(Please note that, in this work, we did not utilize ROI text, however we made our datasets

available for other researchers to utilize and thought ROI text could have a use case.) To filter

medically relevant text from the corrected transcriptions, we leverage LLMs. The decision

to use LLMs for this task stems from two fundamental reasons. First, the cost of hiring

experts for such a large-scale task is very high. LLMs, despite not being perfect, o!er a viable

alternative because a dataset at our scale can handle a certain amount of noise. Second, we

are using LLMs not to create new information but to check the existing content for relevance.

This is a simpler task for LLMs. By using specific prompts, we guide LLMs to specifically

exclude any text that is not medically relevant, thus ensuring that the final dataset strictly

consists of histopathological content. Also, please note that we instruct the LLMs to ensure

they do not add any new words beyond what is present in the ASR-corrected text, and set

the LLMs temperature to zero. Finally, we further leverage LLMs to classify our images into

one of the predefined 18 sub-pathology categories to generate additional metadata.

2.3.4 Image Frame Extraction and Denoising.

In each video, we utilize a technique similar to the one outlined in Sec.2.3.1 for isolating key

histopathology frames. This approach uses the timestamps of these key frames as markers to

segment the video into discrete time segments, referred to as chunks, from which we then
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extract representative images. Subsequently, we perform a deduplication process on these key

histopathology frames to ensure each chunk is represented by a unique image.

Overall Quilt is collected from 4475 videos with a total runtime exceeding 1087 hours.

From these videos, we extracted 437K unique images with 802K associated text pairs (one

to many relationship). The descriptions vary in length and we have an average of 22.76

words per image. Quilt’s medical content is quite rich in terminology, featuring nearly

1.5M medical terms (as defined by UMLS), with about 28K unique terms. The visual data

presents a diverse range of microscopic detail, captured at three primary magnification levels:

low (0-10x), medium (10-20x), and high (20-40x), containing 280K, 75K, and 107K samples

respectively. The high-quality images maintain substantial resolution, typically measuring

882 pixels in height by 1,468 pixels in width.

2.3.5 Combining Quilt with other histopathology data sources to obtain Quilt-1M

We enhanced Quilt by incorporating medical imagery and descriptions from three additional

open-source data sources, creating an expanded collection called Quilt-1M.

PubMed Open Access Articles. First, we conducted an extensive analysis of medical

literature published between 2010 and 2022 in PubMed’s freely accessible archive. This yielded

nearly 60K matching pairs of microscopic tissue images and their descriptions. Our automated

systems identified three distinct categories: standalone microscopic images, composite medical

figures containing tissue samples, and individual tissue sections extracted from larger medical

illustrations.

Histopathology Image Sourcing from LAION. The LAION-5B dataset [109] is a

massive collection of over 5 billion image-text pairs gathered from diverse sources across the

web, including a small amount of histopathology-related content, from which we identified

and extracted → 23K pairs of images and associated text.

Twitter Dataset from OpenPath. Leveraging a dataset of tweets compiled by [49], we

accessed a total of 55K unique tweets, which corresponded to 134K distinct image-text pairs.

This dataset introduced a one-to-many mapping, where individual images were associated



14

with multiple captions. For consistency, we adopted their text pre-processing protocol outlined

in [49].

Sub-pathology 
Classification

ROI TextMedical TEXTImage

['Endocrine', 
'Cytopathology', 
'Head and Neck']

['clusters of cells', 'micro-follicular 
formations', 'nuclear pseudo-
inclusions', 'oval nuclei', 'nuclear 
grooves', 'small nucleoli’]

['There are clusters of cells with micro-follicular 
formations.','Nuclear pseudo-inclusions, oval 
nuclei, nuclear grooves, and small nucleoli are 
present in some cells.’]

['Cardiac', 
'Hematopathology', 
'Endocrine']

['Cluster of macrophages and T cells', 
'Aschoff body', 'Macrophages with 
elongated chromatin', 'Anitchkow
cells', 'Pancarditis']

['Cluster of macrophages and T cells is 
characteristic of acute rheumatic fever.', 
'Aschoff body is a characteristic feature of acute 
rheumatic fever.’, 'Macrophages with elongated 
chromatin are called Anitchkow cells and are 
commonly seen in Aschoff bodies.', 'Pancarditis
with Aschoff bodies is present.']

['Dermatopathology
', 'Soft tissue', 
'Hematopathology']

['scar-like plaque on the scalp', 
'malignant on a biopsy', 'skin, dermis, 
and subcutis affected by the process']

['An 80-year-old man has a scar-like plaque on 
the scalp that has been called malignant on a 
biopsy.', 'The tissue affected by the plaque 
extends from the epidermis to the galea 
aponeurotica, near the periosteum of the 
skull.', 'The skin, dermis, and subcutis are all 
affected by the process.']

['Hematopathology'
, 'Bone', 
'Dermatopathology'
]

['cartilage', 'inflammatory cells']['Inflammatory cells surrounding cartilage can 
indicate acute chondritis, with neutrophils being 
the principal cell type.', 'Chronic chondritis may 
be diagnosed if lymphocytes are the 
predominant inflammatory cell type.']

['Dermatopathology
', 'Soft tissue', 
'Hematopathology']

['Large histiocytes', 'perivascular 
cuffing', 'fibrotic pockets'

['Large histiocytes with abundant cytoplasm 
identified as Rosai-Dorfman histiocytes.', 'S100 
stain showed perivascular cuffing.', 'Initial 
diagnosis of inflammatory pseudotumor of the 
orbit.', 'Rosai-Dorfman disease may burn out 
and leave behind fibrotic pockets.']

['Dermatopathology
', 'Soft tissue', 
'Hematopathology']

['Epidermal acanthosis and 
papillomatosis', 'large sebaceous 
glands', 'demodex mite']

['Epidermal acanthosis and papillomatosis 
resembling a wart or seborrheic keratosis.’, 
'Presence of large sebaceous glands that drain 
directly through their duct out to the skin 
surface, which is abnormal.', 'Presence of a 
demodex mite.']

['Gastrointestinal', 
'Pancreatic', 
'Hematopathology']

['glandular tissue', 'pancreas',]['Histological description of glandular tissue 
with little atypia but located in a place where it 
does not belong can be a helpful criteria to 
discern the presence of malignancy.’, 'Glands 
located on the periphery and infiltrating into 
adventitia and peripancreatic tissue may be 
malignant.']

Figure 2.2: A collection of sample images from our dataset, accompanied by corresponding

medical text, ROI text, and the top three sub-pathology classifications derived from the ASR

text using the LLM.
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2.4 Training QuiltNet with Quilt-1M

We leverage the Contrastive Language-Image Pre-training (CLIP) objective [98] to pretrain

QuiltNet on Quilt-1M. CLIP operates on a batch of N (image, text) pairs and optimizes

a contrastive objective that creates a joint embedding space. The training process involves

optimizing the InfoNCE loss, where the image and text encoders are maximizing the co-

sine similarity of embeddings for matching pairs while minimizing it for mismatched pairs.

Mathematically, InfoNCE loss is defined as follows:

L = ↑ 1

2N

(
N∑

i=1

log
e
cos(Ii,T i)

∑N
j=1 e

cos(Ii,T j)
+

N∑

i=1

log
e
cos(Ii,T i)

∑N
j=1 e

cos(Ij ,Ti)

)

Here, Ii and Ti represent the embeddings for the i-th aligned image and text, respectively.

The image encoder utilizes ViT-B/32 and ViT-B/16 architectures [22], while the text encoder

employs GPT-2 [100] with a context length of 77 (as an ablation we also tried Pubmed-

Bert [137]). We train QuiltNet by fine-tuning an OpenAI-pretrained CLIP model [98] on

Quilt-1M. After fine-tuning, we evaluate its performance on two downstream tasks: image

classification (using both zero-shot and linear probing) and cross-modal retrieval (zero-shot).

Histopathology Datasets for Downstream Tasks. We assess the performance of

QuiltNet using 13 distinct datasets: PatchCamelyon [121] includes lymph node histology

scans, categorized with binary labels indicating the presence or absence of metastatic tissue.

NCT-CRC-HE-100K [64] comprises colorectal cancer images, divided into normal and

cancerous. SICAPv2 [114] provides images labeled across categories ranging from non-

cancerous to Grades 3 to 5. Databiox [7] contains cases of invasive ductal carcinoma classified

into Grades I-III. BACH [2] features breast tissue samples labeled as normal, benign, in-

situ carcinoma, and invasive carcinoma. Osteo [3] includes tissue patches showcasing the

variability within osteosarcoma samples. RenalCell [9] consists of images from clear-cell

renal cell carcinoma, annotated across five di!erent tissue texture types. SkinCancer [67]

provides tissue patches derived from skin biopsies, representing 12 anatomical regions and

4 types of neoplasms, forming the SkinTumor subset. MHIST [126] o!ers tissue patches
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Figure 2.3: QuiltNet demonstrates superior performance compared to the out-of-domain

CLIP baseline and state-of-the-art histopathology models in 12 zero-shot tasks across 8

distinct sub-pathologies. Accuracy percentages are shown for reference.

extracted from Formalin-Fixed Para"n-Embedded Whole Slide Images (WSIs) of colorectal

polyps. LC25000 [8] is divided into two subsets: LC25000 (Lung) and LC25000 (Colon),

containing images of lung and colon adenocarcinomas, respectively.

Zero-Shot Learning Results. The diverse nature of cancer sub-types in histopathology

necessitates models that can generalize e!ectively without retraining on specific datasets. To

assess this capability, we evaluate QuiltNet’s zero-shot performance in comparison with

three state-of-the-art models: CLIP, BiomedCLIP, and PLIP. As shown in Figure 2.3, our

model achieves the best performance across all but two datasets, where BiomedCLIP shows

slightly better results.

Linear Probing Results. We evaluate our model’s performance in few-shot and full-

shot scenarios by conducting linear probing with 1%, 10%, and 100% of the training data.

Sampling is performed using three di!erent seeds, and the average accuracy along with

standard deviation is reported in Table 2.1. This evaluation is conducted on four datasets

from our external collection, each of which includes separate training and testing sets.
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Table 2.1: Linear probing. Classification accuracy results (with standard deviation).

PatchCamelyon is referred to as Camelyon. Supervised benchmarks represent SOTA models

for each dataset.

Dataset
%shot

ViT-B/32 ViT-B/16

CLIP PLIP QuiltNet CLIP QuiltNet BiomedCLIP QuiltNet

Supervised(%) GPT/77 GPT/77 GPT/77 GPT/77 GPT/77 PMB/256 PMB/256

NCT-CRC [64]
1 91.0 (0.1) 93.75 (0.1) 94.64(0.2) 90.96 (0.1) 93.36 (0.2) 92.14 (0.1) 93.55 (0.2)

10 92.02 (1.3) 93.83 (0.1) 95.30 (0.1)92.58 (0.1) 93.85 (0.1) 92.90 (0.1) 93.72 (0.1)

(94.0) 100 91.83 (0.1) 94.16 (0.1) 95.22 (0.1)92.26 (0.1) 93.76 (0.1) 92.97 (0.1) 93.60 (0.1)

Camelyon [121]
1 80.38 (0.2) 87.26 (0.2) 87.62 (0.4)80.28 (0.2) 84.78 (0.2) 83.63 (0.4) 83.48 (0.2)

10 82.67 (0.2) 87.48 (0.1) 87.55 (0.1)82.20 (0.1) 86.77 (0.1) 84.18 (0.2) 84.42 (0.1)

(97.5) 100 82.80 (0.1) 87.34 (0.1) 87.48 (0.1)82.55 (0.1) 86.81 (0.1) 84.23 (0.1) 84.44 (0.1)

SkinCancer [67]
1 84.27 (0.2)91.07 (0.3) 90.93 (0.3) 85.62 (0.2) 88.29 (0.1) 87.53 (0.2) 88.06 (0.2)

10 89.0 (0.1)93.39 (0.1) 92.99 (0.1) 90.28 (0.1)91.20 (0.0) 89.23 (0.0) 90.03 (0.1)

(93.3) 100 89.02 (0.0)93.29 (0.0) 93.03 (0.0) 90.29 (0.0)91.20 (0.0) 89.16 (0.0) 89.91 (0.0)

SICAPv2 [114]
1 52.45 (2.4) 65.76 (2.6) 69.92 (1.0)56.01 (0.6) 66.86 (1.2) 69.43 (1.0) 68.49 (1.1)

10 62.24 (0.6) 69.23 (0.4) 74.14 (0.4)63.70 (0.7) 72.37 (0.7) 71.61 (0.3) 72.48 (0.4)

(67.0) 100 65.75 (0.2) 73.0 (0.1) 75.48 (0.1)68.74 (0.1) 74.14 (0.2) 74.57 (0.1) 74.60 (0.2)

Notably, our model, built on the ViT-B/32 architecture with GPT/77, achieves superior

results compared to BiomedCLIP, PLIP, and CLIP on the majority of datasets. On the

NCT-CRC and SICAPv2 datasets, our model exceeds even the fully supervised performance

while utilizing only 1% of the labels. Interestingly, in some cases, the 10% subset outperforms

the 100% subset. We argue, this is because the smaller subset has better class balance, as

each class is represented equally whereas on 100% case some classes are overrepresented
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compared to others.

Cross-Modal Retrieval Results. We assess the e!ectiveness of cross-modal retrieval by

evaluating both zero-shot text-to-image and image-to-text retrieval tasks. This is achieved by

identifying the nearest neighbors for each modality and checking if the corresponding pair

appears within the top N nearest neighbors, where N ↓ {1, 50, 200}. These experiments are

performed on two datasets: our holdout subset from Quilt-1M and the ARCH dataset. The

retrieval results are presented in Table 2.2.

Table 2.2: Cross-modal retrieval performance is reported for the Quilt-1M holdout set and

the ARCH dataset. Results are presented in the format (%/%), with the Quilt-1M holdout

scores shown on the left and ARCH scores on the right. Best is bold

Text-to-Image (%) Image-to-Text (%)

model config R@1 R@50 R@200 R@1 R@50 R@200

CLIP ViT-B/32|GPT/77 0.5/0.1 4.7/2.4 10.1/7.2 0.4/0.1 4.0/2.5 8.8/7.2

PLIP ViT-B/32|GPT/77 1.1/0.6 10.8/13.1 21.8/29.9 0.9/0.7 11.0/13.7 21.6/29.5

QuiltNet ViT-B/32|GPT/77 1.2/1.4 16.3/19.9 32.0/39.1 1.2/1.3 14.9/19.2 28.9/38.5

CLIP ViT-B/16|GPT/77 0.8/0.1 5.6/2.7 11.2/8.7 0.7/0.1 5.0/3.1 10.8/9.0

QuiltNet ViT-B/16|GPT/77 2.4/1.3 22.4/20.3 41.0/40.9 2.0/1.0 21.7/16.2 39.3/34.2

BiomedCLIP ViT-B/16|PMB/256 4.3/8.9 15.0/53.2 25.6/71.4 3.9/10.0 14.0/52.1 23.5/68.5

QuiltNet ViT-B/16|PMB/256 6.2/8.8 30.3/55.1 50.6/77.6 6.3/9.8 31.1/53.1 50.8/73.4

2.5 Conclusion

This chapter presented Quilt-1M, the largest publicly available histopathology dataset

to date. Our experiments demonstrate the e!ectiveness of pre-training on Quilt, with

QuiltNet surpassing larger state-of-the-art models such as BiomedCLIP across multiple
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sub-pathology categories and tasks, including zero-shot, few-shot, full-shot, and cross-modal

retrieval. We set new benchmarks in zero-shot learning, linear probing, and cross-modal

retrieval tasks within the field of histopathology. To support the research community, we

have made our data, code, and models available at https://quilt1m.github.io/.

Limitations. While our results are encouraging, the curation of Quilt relied on a com-

bination of handcrafted algorithms and LLMs, which can introduce biases and errors. For

example, our histopathology classifier occasionally produced false positives (→ 5%), as verified

through human evaluation. Additionally, ASR systems sometimes misinterpreted medical

terms. Regarding societal biases, a substantial proportion of narrators in our dataset are

a"liated with western institutions, a bias compounded by our focus on English-language

videos. As a result, QuiltNet may exhibit preferential performance on data representing

these demographics, potentially leading to reduced e!ectiveness when applied to culturally or

linguistically diverse groups. Finally, adhering to YouTube’s privacy policy, we provide only

video IDs, enabling individuals to opt out of our dataset if desired.

https://quilt1m.github.io/
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Chapter 3

LARGE LANGUAGE AND VISION ASSISTANT FOR
HISTOPATHOLOGY - Quilt-LLaVA

3.1 Introduction and Motivation

In histopathology, interpreting giga-pixel-level whole slide images (WSIs) demands a compre-

hensive approach that goes beyond analyzing individual patches within the WSI. Pathologists

typically examine these WSIs holistically, collecting evidence from multiple regions to form a

diagnosis. As they navigate through WSI regions, pathologists iteratively reason, deliberating

over morphological features within the regions to either support or rule out specific diagnoses,

resulting in a process that is both dynamic and context-dependent. For instance, in liver

tissue WSIs, the presence of steatosis (fat accumulation) alone may not indicate significant

pathology. However, when accompanied by hepatocyte ballooning and lobular inflammation,

it strongly suggests non-alcoholic steatohepatitis, a severe condition that can progress to

cirrhosis or liver cancer [38]. This diagnostic approach relies on understanding the relevance

of histological visual features, their spatial relationships across the WSI [10]. While current

multi-modal models in histopathology are e!ective at analyzing isolated image patches, they

often lack the capability to perform reasoning that extends beyond those patches to guide

subsequent actions, thereby limiting their applicability.

In natural images, the success of the Large Language and Vision Assistant (LLaVA)

[72] highlights the potential of multi-modal models as conversational partners. LLaVA is

trained using instruction-tuning data generated by Large Language Models (LLMs), such as

GPT-4 [94]. Additionally, natural images often feature multiple objects that can be annotated

with bounding boxes, enabling the creation of spatially grounded instruction-tuning datasets

[72]. Recently, multi-modal models have expanded to incorporate video content, allowing for
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User: Can you provide a concise description of the histopathology image 
shown?

Quilt-LLaVA: Upon examination of the histopathology image, it is evident 
that there is a significant presence of lymphocytes. These cells are densely 
packed and exhibit a high degree of pleomorphism, indicating a possible 
pathological condition. The lymphocytes are irregular in shape and size, 
with some displaying enlarged nuclei and prominent nucleoli. In addition to 
the lymphocytes, there is also a noticeable presence of eosinophils. These 
cells are characterized by their bright pink cytoplasm and bilobed nuclei. 
The eosinophils are scattered throughout the tissue, suggesting an ongoing 
immune response. The overall cellular architecture appears disrupted, with 
the normal tissue architecture replaced by a dense infiltrate of 
lymphocytes and eosinophils. This could be indicative of an inflammatory 
or immune-mediated process. Further diagnostic tests may be required to 
confirm the exact nature of this pathological condition.

User: Given the presence of a mixture of lymphocytes and eosinophils, 
what can be deduced from this single image regarding a possible diagnosis?

Quilt-LLaVA: The presence of a mixture of lymphocytes and eosinophils in 
this patch suggests an inflammatory response. This could be seen in a 
variety of conditions, including infections, autoimmune diseases, and 
certain types of skin lesions. However, without additional context, it's 
challenging to make a definitive diagnosis based solely on this feature. It's 
important to note that the presence of these cells alone does not 
necessarily indicate a malignant condition. In fact, these cells can be seen 
in a variety of benign conditions as well. Therefore, a comprehensive 
evaluation of the whole slide image, including the overall architecture of 
the lesion, the presence of a junctional and dermal component, and the 
absence of atypia or mitotic activity, would be necessary to make a more 
accurate diagnosis.

Figure 3.1: Quilt-LLaVA can describe key medical regions in a histopathology patch and

also reason through the observations to support a diagnosis. Note: The image features

eosinophils and lymphocytes and is taken from a WSI depicting rare benign dermatitis.
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more advanced reasoning capabilities beyond single images [70]. Despite these advancements,

similar progress has not yet been achieved in histopathology. Current multi-modal models for

histopathology frequently depend on PubMed articles to generate image-caption pairs [72, 87].

However, these articles lack three key components: 1) a su"ciently large pool of papers

to curate a large-scale, diverse image-caption dataset specific to histopathology, 2) visually

grounded captions for connecting visual concepts in histopathology, and 3) comprehensive

contextual information from the entire WSI, which is crucial for holistic reasoning capability.

These limitations restrict the e!ectiveness of current PubMed-trained models in supporting

detailed histopathological analysis.

To address this gap, in the previous Chapter, 1) we introduced Quilt [53], the largest

image-caption dataset in histopathology, comprising 723k image-caption pairs sourced from

educational YouTube videos—making it five times larger than the next largest dataset

[49]. In this Chapter, leveraging Quilt videos, we generated Quilt-Instruct [110], an

instruction-tuning dataset containing 107, 131 histopathology-specific question/answer pairs.

While generating Quilt-Instruct, we addressed the previously identified challenges: 2)

to improve spatial awareness, we extracted narrators’ mouse cursor movements from the

videos, enabling spatial grounding of histopathology concepts within each patch through

spatio-temporal clustering. 3) to provide reasoning, we developed novel instruction-tuning QA

prompting techniques tailored for histopathology, including complex reasoning and iterative

abductive reasoning, which integrate the global WSI diagnosis and its supporting evidence

with image captions, ensuring factual grounding and minimizing hallucinations (see Fig3.2).

Using Quilt and Quilt-Instruct, we trained Quilt-LLaVA [110], a multi-modal

model tailored for histopathology. Quilt-LLaVA excels at describing histopathology patches,

reasoning toward diagnoses, and spatially localizing critical histopathology concepts, as shown

in Fig3.1. The training of Quilt-LLaVA followed a two-stage process (see Fig 3.5). First,

the model was aligned with the histopathology domain by leveraging 723K image-text pairs

from Quilt [53], and then it underwent further instruction-tuning using Quilt-Instruct.

Quilt-LLaVA provides detailed image analysis, localizes medical concepts spatially, and
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goes beyond isolated image patches by guiding users on the additional evidence required

to confirm or rule out specific diagnoses. Furthermore, it can serve as an educational tool

by o!ering subtle diagnostic hints rather than directly providing a diagnosis, making it an

e!ective aid for pathology student training (See Section A.0.1 in the Appendix).

Lastly, educational videos are highly valuable due to their interactive nature, where narra-

tors frequently engage viewers by posing and answering questions during their presentations.

Building on this, we introduce Quilt-VQA, an evaluation dataset organically derived from

naturally occurring questions and answers within Quilt videos, created with the assistance

of GPT-4 and manual verification. We evaluated Quilt-LLaVA using Quilt-VQA and two

public histology VQA test sets, covering both open and closed questions. Quilt-LLaVA

achieved state-of-the-art performance, surpassing the previous best by 4% on open questions

and 9% on closed questions. To further assess Quilt-LLaVA’s reasoning abilities, we uti-

lized GPT-4 to compare its responses with those generated by two other state-of-the-art

multi-modal models: LLaVA [77] and LLaVA-MED [72]. Quilt-LLaVA outperformed

LLaVA and LLaVA-MED by over 16% and 7%, respectively.

3.2 Related work

Visual instruction-tuning in natural images. The open-source availability of LLMs

[120, 19, 59, 118] has facilitated advancements in the vision-language domain by enabling

the training of multi-modal models that leverage implicit visual understanding through the

generation of instruction-tuning datasets from image captions. Previous work [78, 144, 32]

has showcased impressive results, with LLaVA-1.5 achieving performance comparable to

GPT-4 in certain multi-modal tasks [77].

Visual instruction-tuning in medical images. Visual Med-Alpaca [44] generated 54K

question-answer pairs for instruction-tuning using GPT-3.5, while PMC-VQA [139] compiled

a larger multiple-choice dataset from general medical domains using PubMed. However,

its coverage of histopathology remains limited. Similarly, LLaVA-Med [72] leverages image

captions from PubMed articles, supplementing them with sentences from the article in cases



24

look at the lobule, they're usually made up of small
rounded glandular formations. And classically, the benign
lobule has got two layers. There is an outer myoepithelial
layer you can see here, one row of outer nuclei and then
one inner row of nuclei. These are the luminal cells and of
course that's the lumen. So this bilayered appearance is
indicative of benign breast parenchyma and you can see
this nice lobular architecture, [0.31, 0.27, 0.46, 0.71]

Image

Description

Diagnosis
Invasive Ductal Carcinoma

Supporting Facts
1. Irregular, infiltrative blue areas in the breast tissue.
2. Presence of irregular, angulated glands infiltrating
into the fibrous and fatty stroma.
3. Comparison of benign lobule and malignant invasive
breast gland showing irregularity and distortion in latter.
4. Nuclear pleomorphism with variation in size and
shape
5. Presence of prominent nucleoli.
6. Frequent mitotic figures indicating rapid growth.
[…continues]

Conversation
User: Can you describe the main features visible in this histopathology image?

Assistant: The image primarily showcases a lobule, which is a small rounded
glandular formation typically found in breast tissue. This lobule exhibits a
classic benign structure with two distinct layers. The outer layer is composed
of myoepithelial cells, identifiable by a single row of outer nuclei. […continues]

User:Where is this lobular architecture located within the image?

Assistant: The lobular architecture is prominently displayed in the central
region of the image, extending towards the upper right quadrant. The
bilayered structure of the lobule, with its myoepithelial and luminal cells, is
clearly visible in this area.
[…conversation continues]

Iterative Abductive Reasoning
User: I see a lobule with small rounded glandular formations, exhibiting a
bilayered appearance with an outer myoepithelial layer and an inner luminal
cell layer. Could this be indicative of benign breast parenchyma?

Assistant: Your observation of the bilayered appearance of the lobule is
correct and it is indeed indicative of benign breast parenchyma. However, it's
important to remember that the presence of benign structures doesn't rule
out the possibility of malignancy elsewhere. Hint: While you've correctly
identified benign structures, consider looking for signs of irregularity or
distortion in the glandular formations. […continues]

User: I notice some irregularity and distortion in the glandular formations.
There also seems to be nuclear pleomorphism and prominent nucleoli. Could
this suggest the presence of a malignant process, possibly breast carcinoma?

Assistant: Your observations are indeed suggestive of a malignant process. The
presence of nuclear pleomorphism and prominent nucleoli are key features of
malignancy. […continues]

User: I see the glands infiltrating into the surrounding stroma and frequent
mitotic figures. Could this suggest an invasive ductal carcinoma of the breast?

Assistant: CORRECT! Your deductions are spot on. […continues]

Detailed Description
User: In a few words, what does the histopathology image depict?

Assistant: In the central to lower right portion of the histopathology image,
there is a clear depiction of a lobule, a characteristic structure in benign breast
parenchyma. This lobule is composed of small, rounded glandular formations,
demonstrating a classic bilayered appearance. The outer layer of the lobule is
made up of myoepithelial cells, which can be identified by a single row of
nuclei. Adjacent to this, there is an inner layer composed of luminal cells, also
identifiable by a single row of nuclei. The space between these luminal cells
forms the lumen. This bilayered structure, with its distinct outer myoepithelial
layer and inner luminal cell layer surrounding the lumen, is a hallmark of
benign breast tissue. The lobular architecture is well-preserved and clearly
visible in this region of the image, further supporting the benign nature of the
tissue.

Complex Medical Reasoning
User: Can we make a diagnosis based on this single patch of histopathology
image?

Assistant: The patch under examination reveals a lobule with a typical bilayered
structure. This structure consists of an outer myoepithelial layer and an inner
luminal cell layer, surrounding a central lumen. The presence of these two
distinct layers of cells and the well-preserved lobular architecture are
characteristic features of benign breast parenchyma. The myoepithelial cells,
represented by the outer row of nuclei, play a crucial role in maintaining the
integrity of the breast tissue. They act as a natural barrier against potential
invasion of cancer cells into the surrounding stroma. The luminal cells,
represented by the inner row of nuclei, are the ones that usually undergo
malignant transformation in most breast cancers. However, in this patch, the
lobule appears to maintain its normal architecture without any signs of
distortion or irregularity. There are no visible signs of nuclear pleomorphism,
which would indicate variation in size and shape of the nuclei, a common
feature in malignancies. Also, there are no evident mitotic figures, which would
suggest rapid cell division and growth, another hallmark of cancer. Based on
these observations, this patch seems to represent benign breast tissue.
However, it's important to note that this conclusion is based solely on this
single patch. Breast cancer, such as invasive ductal carcinoma, often presents as
irregular, infiltrative areas in the breast tissue, with angulated glands infiltrating
into the fibrous and fatty stroma. […continues]

Figure 3.2: A sample from Quilt-Instruct. Only Complex Medical Reasoning and Iterative

Abductive Reasoning prompts implicitly utilize Diagnosis and Supporting Facts (which are

extracted from the entire video). Note that some of the content is truncated due to space

limitations. Please see Figs. A.13-A.14-A.15 in the Appendix for a more complete overview

of Quilt-Instruct [110].

of short captions, which may not always directly relate to the referenced figure. Within

LLaVA-Med, 17K images are of histology, resulting in 49K question-answer pairs. These

approaches predominantly rely on isolated image-caption pairs to construct instruction-tuning

datasets, which restricts GPT-4’s ability to reason beyond its immediate context and increases

the risk of hallucination when attempting to do so.

Video-based image-text datasets. Several studies have focused on curating datasets

from videos in the natural domain [135, 134, 123, 70, 125]. For example, MIMIC-IT [70]

utilizes video data to generate various prompts, including reasoning-based ones, to create
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instruction-tuning datasets. Similarly, Video Localized Narratives [123] involve annotators

verbally describing images while simultaneously moving their mouse cursors over the corre-

sponding regions, producing dense visual groundings. However, replicating such approaches

in histopathology is costly. PathNarratives [136], for instance, enlisted eight pathologists

to manually annotate spatially grounded pathology data, but the dataset is not publicly

available. More recently, we introduced Quilt [53], which collects large-scale data from

educational histopathology videos on YouTube to create image-caption pairs. While Quilt

is extensive, it lacks spatially grounded captions. Building on Quilt’s video content, we

generate spatially grounded histopathology data. To the best of our knowledge, this is the

first e!ort to use videos for creating spatially grounded instruction-tuning datasets in the

medical domain.

3.3 Curating Quilt-Instruct

To create a robust instruction-tuning dataset for histopathology with visual groundings in

WSIs, we leveraged the detailed narrative content found in educational YouTube videos.

3.3.1 Data Preparation

We observed that in educational videos, narrators frequently pause while navigating large-scale

WSIs before highlighting critical areas using their cursor [63, 123, 57, 96]. Our workflow

involves three key steps to transform these unstructured videos into visually-grounded

instruction data:

1. Cursor Localization: Identify and track the narrators’ cursors throughout the video.

2. Spatio-Temporal Clustering: Cluster cursor movements over time and space to

visually anchor histopathology concepts within specific image regions, as illustrated in

Fig. 3.3.
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3. Instruction-Tuning Dataset Generation: Use the extracted grounded captions

to prompt an LLM for generating Quilt-Instruct. This involves diverse prompting

strategies, ranging from independent prompts that create varied Q/A pairs for individual

image patches to reasoning-based prompts that synthesize information across patches

for diagnostic Q/A pairs.

Data source. We constructed Quilt-Instruct from Quilt [53], which comprises 4,149

educational YouTube videos totaling over 1,000 hours of content. The videos follow a narrative

style, where pathologists articulate histopathological concepts while interacting with WSIs.

Although Quilt provides extensive image-text data, it lacks spatial annotations that link

text descriptions to specific regions in the images—a critical component often missing in most

medical datasets. Fortunately, the narrators’ mouse cursors naturally highlight morphological

features, providing the visual grounding necessary to bridge this gap. We now detail the

process of extracting these cursors from raw video footage.

Stable Chunk Extraction

Stable chunk N

Stable chunk 1

Median in pixel space

Mouse cursor

Mouse Cursor Detection
Trace Clustering and Mapping

Video

Thresholding

Traces and Clusters
Notice that the 
connective tissue 
underneath this, does 
not have any hair 
follicles [0.65, 0.14, 
0.82, 0.3]. And there's 
no keratinization. So 
you can't call this skin. 
[0.01, 0.01, 0.61, 0.54].

Image Description

Mapping clusters to sentencesTraces within a stable chunk

Spatio-Temporal 
Clustering

Figure 3.3: The Quilt-Instruct dataset was created by first segmenting videos into stable

chunks. For each chunk, the median frame was computed in the pixel domain and subtracted

from all frames within that chunk. These cursor points were then clustered in time and space

to spatially ground medical content. In the "Trace Clustering and Mapping" section of the

figure, time progression is represented by color.
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Localizing Cursors. Extracting cursor locations from histopathology images presents a

notable challenge due to the uniformity in color and texture, coupled with dynamic elements

such as minor pixel variations and di!erences in cursor movement speed and style across

videos. However, a key observation simplifies this task: narrators often pause their navigation

of WSIs before gesturing with the cursor to direct the audience’s attention. This behavior

suggests that if a stable background occurs in consecutive frames, it is highly likely that

the narrator may be using their cursor to mark medically relevant regions. Leveraging this

insight, we developed an e"cient method to detect mouse cursors. First, we identify segments

in each video where the background remains largely static, referred to as stable chunks

(illustrated in the leftmost section of Fig. 3.3). To detect these stable chunks, we employ a

simple frame-di!erencing approach. The algorithm calculates absolute di!erences between

consecutive frames and applies a Gaussian filter with adaptive thresholding to identify frames

with minimal background movement. While histopathology images typically feature uniform

backgrounds due to dye-based staining, this pixel-wise di!erence approach often produces

false positives by misclassifying chunks with minor changes as stable. To address this, we

integrate a perceptual metric, the Structural Similarity Index Measure (SSIM), to verify

changes between frames. By evaluating SSIM on randomly sampled patches, we refine the

detection of stable chunks with improved reliability. For each stable chunk, we calculate

a median frame in the pixel domain to represent the background. This median frame is

subtracted from the individual frames within the chunk, followed by thresholding to mitigate

noise and artifacts, e!ectively isolating the cursor (as shown in the middle section of Fig. 3.3).

The cursor location is then identified by extracting the coordinates of the maximum pixel

value. This approach assumes minimal interference from other subtle pixel changes, such

as movements caused by the narrator’s facial expressions within the scene. To counter this,

we apply a face detection model [108] to mask facial regions, ensuring the algorithm focuses

solely on cursor movement. The result is a computationally e"cient and highly generalizable

method for extracting cursor traces from educational videos with similar narrative styling.

After identifying the candidate stable chunks, we retained those with a minimum duration
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of three seconds. To ensure only histological content is processed, we applied a histology

classifier as described in [53], using the background frame of each stable chunk to filter out

non-histological segments. This approach yielded 132K image-caption pairs, denoted as

↔Ivj , cvj ↗, where I
v
j represents the median frame of the j

th stable chunk within the v
th video,

and c
v
j is the corresponding caption for I

v
j , derived by transcribing the narrator’s speech to

text, following the methodology outlined in [53]. On average, each pair spanned 24 seconds of

video and contained approximately 55 words in its caption. From these 132K image-caption

pairs, 44,163 exhibited active cursor movement, where the cursor’s position is preserved as

(xt
j, y

t
j), with x ↓ [0,W ] and y ↓ [0, H], where W and H denote the image width and height,

respectively, and t spans from 0 to the total duration of the j
th stable chunk. Next, we outline

our approach for clustering the extracted cursor positions to visually ground the captions.

Spatio-temporal clustering of the mouse cursor. To spatially ground narrators’ words,

we clustered the tracer points (xt
j, y

t
j) for each stable chunk. First, we transform the inputs

into (xt
j, y

t
j, t, w

t
j), where t represents time and w

t
j denotes the cumulative word count at each

cursor position( to encode the pace of speech better). To balance the spatial and temporal

aspects in cluster formation, we applied an exponential decay to the spatial coordinates, e→ωt,

with ω = 0.05, prioritizing the clustering of points closer in time. The number of clusters

was dynamically selected based on the word count in c
v
j . To refine the assignment of words

to clusters, we first determined the temporal center of each cluster by calculating the mean

timestamp of the tracer points within it. This "temporal midpoint" served as a reference

for assigning words to clusters based on their temporal proximity. Each word was mapped

to the cluster whose temporal midpoint was closest to the word’s occurrence time. The

resulting clusters are represented as bounding boxes in the format [x1, y1, x2, y2], where the

coordinates are normalized between 0 and 1. These coordinates define the top-left (x1, y1) and

bottom-right (x2, y2) corners of the bounding boxes. An example of this process is illustrated

in Fig. 3.3. Next, we demonstrate how these grounded captions are used to generate our

instruction-tuning dataset, Quilt-Instruct.
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3.3.2 Generating Quilt-Instruct

We generated two distinct sets of question-answer types. The first set utilizes Independent

Prompts, inspired by the Conversations and Detailed Descriptions prompts in [78]. These

prompts take single patch-level grounded text as input to generate Q/A pairs that are

constrained to the independent context of each input sample, i.e., they do not aim to have a

WSI-level reasoning. The second set introduces Reasoning-Based Prompts, which leverage

the contextual continuity present in our dataset. Specifically, for videos that review a

single WSI, we exploit the sequential development of concepts and diagnostic clues toward a

final conclusion. These prompts use both patch-level grounded text and global WSI-level

information as input. This approach enables an LLM (GPT-4) to extend its reasoning beyond

the immediate context of individual patches, while remaining anchored in factual insights

extracted from the entire video. By doing so, these prompts e!ectively reduce hallucinative

behavior and enhance the logical coherence of generated responses.

Independent Prompts

Following the methodology outlined in [78], we generated Q/A pairs from each image caption

c
v
j , aiming to create an array of questions that describe the context presented in the image.

These prompts were intentionally designed to elicit answers based only on the information

within the caption, avoiding any extrapolation beyond the immediate input.

Conversation. The purpose of the Conversation prompt is to simulate a dialogue between

an AI assistant and an individual inquiring about a histopathology image. Using the image

caption c
v
j , which includes bounding boxes of medical concepts, we generated diverse Q/A pairs.

The AI assistant, equipped with the provided descriptions and bounding box coordinates,

responds as though directly analyzing the image. These responses address aspects such as

cell types, activities, and the spatial relationships of medical concepts within the image. Each

dialogue typically consists of 3–4 Q/A pairs, maintaining a conversational tone while focusing

on the visual and contextual content of the image.
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Detailed Descriptions. In line with [78], GPT-4 is instructed to use c
v
j to produce a

detailed description of the given image. Subsequently, questions are randomly selected from

a pre-compiled list given in Fig. 3.4.

Reasoning-based Prompts

Most image-caption pairs used in instruction-tuning datasets, such as those in PubMed or

COCO [76], are contextually isolated, meaning ↔Ii, ci↗ and ↔Ij, cj↗ where i ↘= j lack shared

context. Consequently, Q/A pairs generated by GPT-4 are constrained to the context of a

single image. However, in the case of gigapixel WSIs, deriving a comprehensive diagnosis from

a single image patch is rarely su"cient. Ideally, the model should reason beyond the given

image, guiding the user on subsequent areas to examine or next steps to take. While GPT-4’s

inherent medical knowledge may assist in such reasoning, prompting it to extrapolate without

interconnected context often results in hallucinations, thereby compromising the quality of

the generated data.

In contrast, our approach leverages video-derived image-caption pairs that cover WSIs.

To this end, we manually reviewed the content of Quilt identifying 2,066 videos that

focus exclusively on a single WSI for reasoning-based prompts. Using the complete text

from these videos, GPT-4 was prompted to infer the final diagnosis d
v
j and the supporting

facts f
v
j that lead up to that diagnosis. These supporting facts and diagnosis provide the

foundation for reasoning-based prompts, encouraging GPT-4 to engage in extrapolative

reasoning. This approach fosters extrapolations that remain grounded in context, significantly

reducing the tendency for hallucination. We designed two distinct prompt types, Complex

Medical Reasoning and Iterative Abductive Reasoning, to generate Q/A pairs for

reasoning-based instruction-tuning datasets.

Complex Medical Reasoning. Given a caption c
v
j , along with a diagnosis dvj and supporting

facts f
v
j , we prompt GPT-4 with a diagnostic reasoning task designed to extrapolate beyond

the immediate context of cvj . Specifically, GPT-4 is instructed to utilize its inherent medical

knowledge to interpret the contents of cvj , while subtly integrating the diagnosis and supporting
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facts derived from the entire video. If the observations from c
v
j are su"cient to make a diagnosis

using GPT-4’s general medical knowledge, it provides the diagnosis along with the reasoning

behind it. If the information is insu"cient, GPT-4 extrapolates using f
v
j to propose additional

features or regions within the WSI that should be examined to validate or rule out specific

diagnoses. We term this approach "Subconscious Knowledge Injection," as it enables GPT-

4 to leverage its broader medical expertise while being gently guided by the contextual

constraints of dvj and f
v
j . This methodology ensures that reasoning remains focused and

contextually grounded, significantly reducing the likelihood of hallucinations.

Iterative Abductive Reasoning. We simulated a conversation between two GPT-4 agents

to mimic a scenario where a professional pathologist uses the model to ask medically intricate

and extended questions about an image. Unlike shorter prompts, this approach emphasizes

longer, contextually rich exchanges. The first agent, referred to as Human-GPT, receives an

image patch caption c
v
j and is tasked with abductively reasoning about potential diagnoses

and the supporting facts. This reasoning is presented in the format: User: [{Abduction:

xxx}, {Facts Used: xxx}]. The second agent, termed AI Assistant GPT, is provided with the

diagnosis d
v
j and supporting facts f

v
j , simulating an individual who has access to the entire

WSI for the patient. The AI Assistant evaluates the accuracy of the abduction proposed by

Human-GPT, providing comments or hints on potentially overlooked details using its medical

expertise and the information from d
v
j and f

v
j . This feedback is presented in the format: GPT:

[{Comments: xxx}, {Hint: xxx}]. If Human-GPT exhausts all available information from

c
v
j without arriving at a diagnosis, the AI Assistant suggests examining additional patches

for further evidence. For example, it might propose: "Consider looking for evidence of X in

other patches to validate your diagnosis."

By leveraging Iterative Abductive Reasoning-based instruction-tuning data, Quilt-

LLaVA can also function as an educational tool, assisting human users in brainstorming

diagnostic steps by providing hints without explicitly revealing the answer. (Refer to Fig. A.2

in the Appendix.) The conversation between AI Assistant GPT and Human-GPT proceeds

iteratively, with a randomly determined upper limit of two to four exchanges per agent. Each
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new exchange incorporates the post-exchange history, enabling GPT to retain memory of

the ongoing conversation. The dialogue may terminate earlier if Human-GPT arrives at a

conclusive diagnosis or if the AI Assistant determines that Human-GPT has fully utilized all

relevant information from c
v
j , subsequently guiding it on the next steps using f

v
j .

Dataset Statistics. From Quilt, we extracted 162,566 image-caption pairs. To refine

this data, captions containing fewer than 20 words or exceeding 150 words were filtered

out, resulting in a curated dataset of 114,343 pairs with an average caption length of 55

words. From this refined dataset, we generated Quilt-Instruct, which includes 107,131

question/answer pairs. On average, the questions contain 16.5 words, while the answers are

more detailed, averaging 101 words. For reasoning-based prompts, we manually reviewed

4,149 videos and selected 2,066 that focused exclusively on a single WSI from a single patient.

3.4 Training Quilt-LLaVA & evaluating with Quilt-VQA

In this section, we detail using Quilt-Instruct to train Quilt-LLaVA. Next, we curate

Quilt-VQA, to evaluate Quilt-LLaVA. Finally, we generate an Instruction Following Test

Set from Quilt-VQA to assess Quilt-LLaVA’s ability to follow instructions.

3.4.1 Training Quilt-LLaVA

We adopt the LLaVA autoregressive model architecture for its simplicity and e"ciency.

This choice also ensures consistency in evaluation against baselines such as LLaVA [78] and

LLaVA-MED [72], both of which employ a curriculum-learning strategy [72] for instruction

tuning. LLaVA integrates a vision module, an LLM, and an MLP connector, enabling the

LLM to process visual information. The training process begins with the MLP, which serves

as a projector. During this initial phase, the MLP is trained until convergence while both

the LLM and vision module remain frozen. Once the MLP is trained, the second stage

involves fine-tuning both the MLP and LLM using instruction-following data to align the

model’s outputs with those of human pathologists. Our overall architecture is shown in

Fig. 3.5. While LLaVA typically utilizes a pre-trained CLIP image encoder, we employ a
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domain-specific pre-trained CLIP model QuiltNet [53]. Additionally, we perform ablations

with various image encoders, training strategies, and visual prompts to evaluate their impact

on performance.

Histopathology Domain Alignment. To align our vision and language models within

the histopathology domain, we extracted 723K image-text pairs from Quilt and converted

their captions into Q/A format. This was achieved by randomly selecting an instruction

(question) from a predefined list and prepending it to the caption (answer) to create Q/A

pairs. These instructions are designed to variably describe the visual content of the images,

ensuring diverse and contextually relevant Q/A data. For the questions, we adapted a list

used in [71]. At this stage, we froze both the vision and language models, training only

the MLP layer. The MLP projects the image encoder’s embeddings into a space compatible

with the language model, enabling it to predict the image captions based on the provided

questions. This step e!ectively aligns histology image embeddings with their corresponding

text embeddings.

Histopathology instruction-tuning. Next, we fine-tuned our model using Quilt-

Instruct. At this stage, we kept the visual encoder weights frozen and continued to

train the MLP layer and the LLM.

3.4.2 Evaluation Data Generation: Quilt-VQA

In histopathology, evaluation datasets such as PathVQA [46] and PMC-VQA [139] are

commonly used to benchmark model performance. However, these datasets su!er from

significant limitations, including excessive repetitiveness caused by paraphrasing the same

question and, more critically, contradictory answers to identical questions. In contrast,

educational videos o!er a unique opportunity to address these issues. These videos often

include an interactive element, with narrators posing questions during their presentations

and subsequently providing the answers. For example, a narrator might ask, "Do you know

what kind of organ we’re dealing with?" and then elaborate with, "Yes, this is a colon."

This natural Q/A format provides a rich and organic dataset, which can be extracted and
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repurposed for evaluation, enabling more accurate and contextually relevant benchmarking.

To harness this potential, we mapped the occurrences of "?" in the video’s transcript

to our stable chunks. If a "?" appeared within a 45-second time frame of a stable chunk,

we expanded the stable chunk’s caption to include the complete sentence containing the

question mark. This approach ensures that the questions are directly related to the visual

content being displayed. Following data preprocessing and strategic mapping of question

marks, we prompted GPT-4 to extract question-answer pairs directly from the text. For

this, GPT-4 was provided with the stable chunk’s text, including any sentences ending in

a question mark, which indicates a posed question. After GPT-4’s initial extraction, we

conducted a manual verification to ensure that each question-answer pair in the dataset is

both medically relevant and accurately corresponds to the content in the stable chunk’s text.

Additionally, we categorized the questions into two groups: Image-dependent (1,055 Q/A

pairs), which reference the narrator’s specific image, and General-knowledge (228 Q/A pairs),

which pertain to broader medical understanding. This categorization enables the creation of

evaluation sets that comprehensively test the model’s capabilities in both image analysis and

medical reasoning.

3.4.3 Evaluation Data Generation: Instruction Following Test Set

In addition to Quilt-VQA, which focuses on assessing Quilt-LLaVA’s medical knowledge,

we also aimed to evaluate the model’s capability to follow instructions in multi-modal

conversations. For this purpose, we constructed a test set consisting of 326 questions,

including 256 conversational questions and 70 detailed description questions, derived from

image-text pairs extracted from unseen videos within Quilt-VQA. To generate this evaluation

set, we utilized the same Conversation and Detailed Description prompts employed during

the creation of Quilt-Instruct. This ensured consistency in evaluation while testing the

model’s ability to handle both conversational and descriptive instruction-following tasks.
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o "Can you provide a concise description of the histopathology image shown?"
o "How would you summarize the features of the histopathology image displayed?”
o "What are the key observations in the presented histopathology image?”
o "Briefly outline the characteristics of the histopathology image in view.”
o "In a few words, what does the histopathology image depict?”
o "What essential information emerges from the histopathology image provided?”
o "Could you distill the contents of the displayed histopathology image into a brief description?”
o "Offer a succinct report on the histopathological aspects evident in the image.”
o "Identify and briefly discuss the components of the histopathology image.”
o "How would you encapsulate the findings presented in the histopathology image?”
o "What insights can be concisely derived from the histopathology image on display?"

Figure 3.4: A set of instructions designed to provide varied and detailed descriptions of the

visual content in images, used to create instruction-following QA pairs with comprehensive

descriptions.

3.5 Experiments

This section evaluates the performance of Quilt-LLaVA against existing state-of-the-art

multi-modal models on histopathology VQA benchmarks using various metrics. First, we

assessed the alignment of output generations with ground truth answers using GPT-4. Second,

we evaluated Quilt-LLaVA on both open-set and closed-set VQA tasks to measure its ability

to generalize and perform under constrained conditions. Finally, we performed ablations,

exploring the impact of visual promptings and di!erent trained model configurations on

overall performance.

Oracle (GPT-4) Alignment Evaluation. To evaluate the e!ectiveness of Quilt-LLaVA

in multi-modal conversations, we used the Instruction Following test set (see Section 3.4.3)

and leveraged GPT-4 (language-only model) to assess the helpfulness, relevance, accuracy, and

level of detail responses generated by two assistants: the candidate model (Quilt-LLaVA)

and GPT-4. GPT-4 assigns an overall score on a scale of 1 to 10 for each answer, where

a higher score indicates better performance. Additionally, GPT-4 provides comprehensive
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Figure 3.5: We initialized Quilt-LLaVA with the general-domain LLaVA and trained it

for two stages: 1) Histopathology Domain Alignment on Quilt and 2) Instruction-tuning

on Quilt-Instruct. We evaluated Quilt-LLaVA on visual conversation and question

answering tasks.

explanations for its evaluations, o!ering insights into the strengths and weaknesses of each

answer. Table 3.1a presents the results across 14 sub-pathologies and 2 QA types. All

Quilt-LLaVA variants outperformed the baselines, with Quilt-LLaVA trained on a single

epoch of stage-1 pretraining and a balanced subset of 40K instruction-tuning pairs for stage-2

fine-tuning outperforming LLaVA and LLaVA-MED by over 16% and 7%, respectively. By

increasing the instruction-tuning dataset size and pretraining for three epochs, we achieved

an additional improvement, with Quilt-LLaVA surpassing LLaVA-MED by 10.8%.

Visual Question Answering. We evaluated Quilt-LLaVA on three histopathology VQA

datasets, detailed in Table A.2 in the Appendix. The datasets include a mix of open-ended

and closed-ended Q/A pairs. For closed-set questions, accuracy was used as the primary

metric to determine the proportion of correct responses generated by the model. In contrast,

for open-set questions, we focused on recall to assess how frequently the model’s responses

contain ground-truth tokens [72]. The results, presented in Table 3.1b, compare all variants of

Quilt-LLaVA against the medical domain LLaVA-MED and the general domain LLaVA

where all Quilt-LLaVA variants outperformed LLaVA. Notably, models initialized with the

text encoder from Vicuna [19] paired with QuiltNet models exhibited superior performance

on open-set questions, achieving an average improvement of 4% over the state-of-the-art. On
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the other hand, models initialized with the text encoder from LLaVA exceled in closed-set

questions, showing an average improvement of 9% over the SOTA. The performance of Quilt-

LLaVA on closed-set questions highlights its instruction-following capabilities, particularly

in binary yes/no and true multi-choice {A/B/C/D} formats. In contrast, LLaVA-MED

underperformed in multi-choice QA due to its limited ability to follow such instructions.

Quilt-LLaVA outperformed both the PathVQA baselines and Quilt-VQA for the closed-

set evaluation, although the performance on the PMC-VQA-Subset was limited, which we

attribute to the issues inherent in PMC-VQA. For open-set evaluation, Quilt-LLaVA

demonstrated superior performance on PathVQA and Quilt-VQA, achieving significant

margins over the baselines.
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Question Types Sub-Domains Overall

Conv Desc Bone Breast Cyto Derm Endo Gastro Bone Geni Gyne H&N Neuro Pulm Renal Soft

(Question Count) (256) (70) (25) (23) (23) (21) (23) (23) (23) (22) (24) (22) (24) (25) (23) (25) (326)

LLaVA [77] 61.4 36.5 54.5 62.0 49.2 48.0 60.1 49.5 62.5 62.2 61.9 49.7 59.7 44.8 53.9 62.7 55.7

LLaVA-MED [72] 70.1 46.9 62.1 69.3 54.1 64.0 61.0 60.7 71.2 68.1 70.3 66.9 66.0 58.9 62.7 73.4 64.8

Quilt-LLaVA @ 40K 76.3 58.7 83.4 73.3 69.2 66.7 71.7 67.2 84.5 81.1 78.4 63.2 68.9 55.2 63.5 87.7 72.3

Quilt-LLaVA @ 107K 78.4 66.0 82.5 84.4 75.0 79.0 76.2 72.8 75.3 82.1 79.1 69.1 68.7 58.1 67.8 89.0 75.6

(a) Instruction-following abilities measured by GPT-4. Quilt-LLaVA outperforms the baselines.

Quilt-LLaVA Model Variants PathVQA PMC-VQA-Subset Quilt-VQA

Instruct Stage 1 Stage 2 Open Closed Closed Open Closed

QuiltNet ViT-B-32 Vision Encoder[53], 7B Language Model

107K 1 0 14.34 53.78 27.05 47.69 56.56

107K 1 1 14.24 58.42 19.63 59.82 64.43

107K 1 3 12.79 56.30 17.21 57.62 63.55

107K 3 1 15.30 54.93 16.01 60.97 60.64

LLAVA [77] checkpoint, 7B Language Model

107K 1 0 11.65 54.03 33.91 55.80 58.02

107K 1 1 15.06 58.68 28.56 55.39 68.81

Baselines

LLaVA-Med [72] 7B 0 0 11.97 56.15 1.34 54.81 61.22

LLaVA [77] 7B 0 0 11.65 54.02 33.91 55.81 57.73

(b) Results with varying training epochs at di!erent stages and models alongside baselines. 107K

indicates the size of instruct data used in Stage-2.

Quilt-LLaVA Instruction Data PathVQA PMC-VQA-Subset Quilt-VQA

Conv Detail Complex Abductive Open Closed Closed Open Closed

10k 10k 0 0 12.56 50.99 12.04 57.52 64.14

0 0 10k 10k 17.53 44.50 30.46 73.95 39.65

5k 5k 5k 5k 14.04 57.12 22.13 61.75 65.60

10k 10k 10k 10k 14.10 57.33 22.17 61.42 65.60

(c) Finetuning Quilt-LLaVA on the instruction-tuning data subsets with varying number of samples.

Table 3.1: Quantitative results on histopathology VQA datasets. For open-set questions, we

report recall in column Open. For closed-set, we report accuracy in Closed. Red is best.
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Instruction-Tuning Ablation Studies. To investigate the impact of Quilt-Instruct on

performance, we trained several models: I—trained only on balanced independent prompts

data (Section 3.3.2), R—trained only on balanced reasoning prompts data (Section 3.3.2),

and IR—trained on a balanced combination of all prompt types. Our findings indicate that

the I model performed better on closed-set questions, while the R model exceled in open-set

questions. We attribute this to the contextual distribution of the questions and answers: I

is well-suited for closed-set questions that directly ask option-constrained queries, whereas

R demonstrates strength in open-set questions that often require reasoning to arrive at a

diagnosis. Interestingly, the IR model improved performance on closed-set questions but

exhibited a drop in open-set VQA performance. This suggests that while a balanced dataset

combining all prompt types enhances certain capabilities, it may introduce trade-o!s in tasks

that require specialized reasoning.

3.6 Conclusion and Limitations

Limitations. Our dataset, derived from raw video footage, is not perfect. Noise within

the data can lead to inaccuracies, such as incorrectly generated clusters or erroneous mouse

cursor detections. Additionally, despite attempts to constrain its context, GPT-4 occasionally

hallucinates, which may propagate to Quilt-LLaVA’s outputs. In some cases, GPT-4 also

extracts information directly from captions rather than the image itself, contrary to explicit

instructions.

Conclusion. We presented: 1) Quilt-Instruct, a dataset constructed by automatically

extracting human narrators’ mouse movements to spatially ground concepts and leveraging

WSIs to develop novel reasoning-based prompts; 2) Quilt-LLaVA, a multi-modal model

trained on Quilt-Instruct, which surpasses existing baselines in both open-ended and

closed-ended histopathology question answering; and 3) Quilt-VQA, a curated evaluation

dataset consisting of human-generated question-answer pairs derived from pedagogical videos,
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designed to rigorously test Quilt-LLaVA’s reasoning capabilities. To support the research

community, all resources, including code and datasets, are made available as open-source at

https://quilt-llava.github.io/.

https://quilt-llava.github.io/
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Chapter 4

AUTOMATING DIAGNOSTIC PROCESS FOR
HISTOPATHOLOGY WITH MULTI-MODAL MULTI-AGENT

FRAMEWORK - PathFinder

4.1 Introduction and Motivation

Histopathology diagnosis through whole slide image (WSI) analysis is fundamental to modern

pathology. WSIs are high-resolution digital scans that provide comprehensive views of

tissue architecture and cellular details. Pathologists navigate these massive gigapixel images

to identify critical morphological features and spatial relationships essential for accurate

diagnosis. Starting with low magnification to locate suspicious regions, they then zoom into

specific patches for closer inspection [37, 79]. Evidence is gathered from multiple patches

and synthesized into a holistic diagnosis. While this method remains the gold standard, it is

highly labor-intensive, demands significant expertise, and is increasingly unsustainable given

the growing global burden of cancer cases.

Adopting more e"cient diagnostic approaches in medical imaging is crucial but must

not compromise accuracy. Advances in deep learning have shown potential to achieve

human expert level performance, o!ering a scalable solution [119]. However, most existing

methods analyze WSIs by dividing them into smaller patches, often missing the holistic

context necessary for comprehensive diagnosis [69, 133, 143, 110, 117, 1, 131, 53, 40]. While

transformer-based models aim to integrate local and global patterns, they struggle to scale

e!ectively for the high-resolution requirements of WSIs [111, 128, 42, 141, 13].

In this chapter, we propose PathFinder, a multi-modal and multi-agent system designed

to mimic the decision-making process of expert pathologists for skin melanoma grading [36].

PathFinder integrates four AI agents: Triage, Navigation, Description, and Diagnosis. The
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system begins with the Triage Agent, classifying the WSI as benign or risky. If risky, the

Navigation and Description Agents iteratively examine patches, generating natural language

descriptions and refining their focus with each cycle. Finally, these detailed insights are

integrated by the Diagnosis Agent to produce an accurate and holistic diagnostic classification.

Overall, the system is shown in Figure 4.1. Our experiments demonstrate that this model not

only surpasses state-of-the-art AI methods on melanoma classification but also exceeds the

average diagnostic performance of pathologists. To the best of our knowledge, PathFinder is

the first AI-based system capable of surpassing the average performance of pathologists on this

challenging melanoma classification task. It is also fully explainable, from the patches visited

to the description of the patches and the final diagnoses, incorporating all the patch-wise

information.

Figure 4.1: PathFinder consists of multiple steps carried out by multi-modal agents: 1)

Initial Assessment by Triage Agent; 2) Evidence Collection by Navigation and Description

Agents; and 3) Integrated Diagnosis by Diagnosis Agent.

4.2 Related Work

Multi-modal Histopathology Models. Recent advancements in histopathology have

focused on leveraging whole-slide images (WSIs) and patch-level images to train unimodal

classifiers using multiple instance learning approaches with pretrained feature extractors
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[111, 129, 83]. More recently, unimodal foundational models trained on various self-supervised

objectives have achieved notable improvements in downstream performance [131, 124, 54, 14].

The emergence of large-scale multi-modal datasets in histopathology has further advanced the

development of large language models and vision-language models for the field. Using image-

text datasets like Quilt-1M [53] or PathGen-1.6M [117], researchers trained models to learn

joint vision-language representations. These models significantly enhance downstream clinical

histology tasks at the patch level. At the WSI level, models like PathAlign [1] align diagnostic

texts from pathology reports with their corresponding WSIs, enabling applications such as

automated report generation and visual question answering. This aligns diagnostic tasks more

closely with clinical workflows. Other works, such as Quilt-LLaVA [110], SlideChat [18],

and PathChat [80], train Multi-modal Large Language Models (MLLMs) for histopathology

to improve diagnostic reasoning. However, these models do not e!ectively address automated

navigation of gigapixel-scale WSIs to support diagnosis, so they are not holistic.

The Role of Navigation in Histopathology Diagnosis. In computational pathology,

several studies have explored the navigation behaviors of pathologists when examining digital

slide images [103, 85, 86, 37]. These works often analyze patterns such as mouse movements,

zooming, and field-of-view (FOV) panning to gather morphological clues for diagnosis. A

common theme is comparing the navigation strategies of junior versus senior pathologists.

Multi-agent Systems. Recent research highlights the potential of large foundation models

to enable interactive agent-based systems in robotics, involving interactions between robots,

their environments, and humans [26, 43, 127]. These systems excel at handling complex tasks

through collaboration and coordination among multiple task-specific agents. Applications

span various domains, including role-playing [73], reasoning [24], gaming [47], and software

engineering [45]. In medicine, some studies simulate clinicians treating patients and developing

expertise through iterative interactions [74, 30].
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4.3 Datasets

To lay the groundwork for describing our agents, we first start by introducing the di!erent

datasets used for training and evaluating our system. In this work, we specifically focused

on skin pathology as that is the only cancer type that we have data modeling pathologists’

viewing behavior.

M-Path Skin Biopsy WSIs. The skin biopsy WSIs in this dataset originate from the

M-Path study [28, 11, 93], consisting of 238 melanocytic lesion specimens. A consensus

reference panel of three dermatopathologists, each with internationally recognized expertise,

independently interpreted all 238 cases and established a consensus diagnosis for each case

through a series of review meetings. There are 4 diagnostic classes in this dataset: class 1 with

35 cases (mild and moderate dysplastic nevi); class 2 with 86 cases (severe dysplasia/melanoma

in situ); class 3 with 70 cases (invasive melanoma stage pT1a); and class 4 with 47 cases

(advanced invasive melanoma stage pT1b or more). For model development, the dataset

was divided into training, validation, and test sets with a 168/35/35 case split, maintaining

consistent class distribution across these sets.

M-Path Pathologists’ Viewport Data. The M-Path study conducted viewport data col-

lection, recruiting 87 pathologists from 10 U.S. states. Eligibility criteria included completion

of residency and/or fellowship training and recent experience interpreting skin specimens in

clinical practice. Pathologists’ viewport data was gathered through an online digital slide

viewer developed using Microsoft’s open-source Silverlight-based HD View SL, a gigapixel im-

age viewer. This viewer enabled pathologists to navigate each image by panning and zooming

up to 60x magnification. During interpretation, the web-based viewer automatically logged

viewport tracking data, capturing a rectangular image area displayed on the pathologist’s

screen at any given moment. For each interpretation (unique pathologist-case pair), the

system recorded a list of viewport coordinates, magnification levels, and timestamps. Data

from 32 pathologists who completed the M-Path study were included in the current study.

Detailed methodology of the M-Path study is available in [93].
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Figure 4.2: The left panel illustrates the Navigation Agent, as outlined in Section 4.4.2.

The right panel presents the iterative trajectory generation process, which employs both the

Navigation Agent and Description Agent, as described in Section 4.4.4.

4.4 PathFinder

The multi-agent multi-modal framework proposed in this chapter includes four agents: 1)

Triage Agent ; 2) Navigation Agent ; 3) Description Agent ; and 4) Diagnosis Agent. The

details of training data and model architectures are described below. Figure 4.1 demonstrates

how the four agents interact with each other towards the final goal, which is diagnosing a

WSI.
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4.4.1 Triage Agent

The Triage Agent performs a triaging role, streamlining the diagnostic process by focusing

attention on potentially malignant cases. Its goal is to filter out non-cancerous samples,

ensuring only relevant cases are passed on for further analysis. The Triage Agent is an image-

only transformer-based model. Below, we describe the data preparation, model architecture,

and training details.

The Triage Agent includes several sequential stages: The feature vector is initially projected

from (N, 768) to (N, dim) using a linear layer to align with the model’s embedding dimension

dim. For compatibility with 2D processing, the vector is reshaped into a square grid through

padding to dimensions H ≃H, where H is the smallest integer satisfying H ≃H ⇐ N , with

padding achieved by repeating the first M = H
2 ↑N features. The padded vector is then

processed through a transformer block, followed by positional encoding) [111], capturing

spatial patterns across scales and emphasizing key features. The processed features are

flattened, reprojected to the embedding dimension, and appended with a learnable class

token for capturing the global context. After additional transformer blocks and positional

encoding, the class token is pooled and passed through an MLP head for the final output.

Our approach achieved higher F1-score and accuracy compared to other methods that are

directly comparable for this task.

4.4.2 Navigation Agent

The Navigation Agent is designed to mimic a pathologist’s methodical approach to identifying

regions of interest (ROIs) in WSIs. Unlike traditional systems that scan the entire WSI in a

single, mechanistic sweep, our Navigation Agent adopts a more human-like, iterative process

collaborating with the Description Agent. It begins by pinpointing an initial ROI, much

as a pathologist would focus on one area at a time. This selected ROI is then sent to the

Description Agent, which provides a natural-language description of the area. Figure 4.2

illustrates the workflow of the Navigation Agent in the left panel.
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In our initial attempt, we designed the Navigation Agent using a multi-modal architecture

inspired by LLaVA [77], integrating an image encoder and an LLM. The image encoder

extracted features from a low-resolution version of the WSI, and the LLM processed these

features along with previous text descriptions to predict the next ROI. Specifically, the WSI

was divided into a grid of patches, and the LLM would output the grid coordinates of the

most relevant patch based on both visual and textual inputs. However, this approach faced

significant challenges due to the limited size of our training dataset. The model tended to

overfit, frequently selecting central patches regardless of the input. This limitation prompted

the exploration of more data-e"cient methods that could better generalize from limited

samples.

To overcome these challenges, we restructured the Navigation Agent to directly generate an

importance map over the WSI, conditioned on textual descriptions from previous observations.

This approach removes the dependency on the LLM for spatial selection and leverages a

feedback mechanism between the image and text modalities. Let I
(t) be the input WSI at

iteration t, with previously selected patches masked out to avoid re-sampling and D
(1:t) =

{D(1)
, D

(2)
, . . . , D

(t)} be the set of textual descriptions up to iteration t. At each iteration

t, the Navigation Agent processes the masked WSI I(t) to predict an importance map M
(t),

indicating the likelihood of each region being the next ROI. The importance map is conditioned

on the aggregated textual information from previous descriptions. We define the importance

map generation as M
(t) = fNav

(
I
(t)
, E

(t→1)
)

where, fNav is the Navigation Agent’s function

(implemented as a lightweight U-Net [104]) that has four layers in both encoder and decoder

and is conditined with text embeddings of descriptions, as well as the masked version of the

WSI that masks the earlier predicted ROIs, and E
(t→1) is the aggregated text embedding up

to iteration t↑ 1. E
(t→1) is computed by encoding each description D

(k) using a pre-trained

Text-to-Text-Transfer-Transformer (T5) text encoder [101] and averaging the embeddings:

E
(t→1) =

1

t↑ 1

t→1∑

k=1

T5text(D
(k)) (4.1)
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At the first iteration (t = 1), since there are no prior descriptions, the importance map is

generated solely from the unmasked WSI M (1) = fNav
(
I
(1)
)
.From the importance map M

(t),

we then statistically sample the next patch to analyze. The probability p
(t)
(i,j) of selecting a

location (i, j) is proportional to its importance score:

p
(t)
(i,j) =

M
(t)
(i,j)

∑
(i→,j→)

M
(t)
(i→,j→)

(4.2)

We then sample the patch coordinates (i↑, j↑) based on this probability distribution:(i↑, j↑) ⇒

p
(t)
(i,j). The selected high-resolution patch corresponding to (i↑, j↑) is sent to the Description

Agent, which generates a new textual description D
(t). The new description D

(t) is encoded

and incorporated into the aggregated text embedding E
(t):

E
(t) =

1

t

t∑

k=1

T5text(D
(k)) (4.3)

This updated embedding E
(t) is then used to condition the Navigation Agent in the next

iteration, enabling the model to refine its importance map M
(t+1) based on both the visual

information from I
(t+1) and the accumulated textual insights. Therefore, we refer to it as the

Text-conditioned Visual Navigator.

To train the Navigation Agent, we constructed a dataset from M-Path [93] consisting of

WSIs and sequences of textual descriptions for the most important patches. Each training

sample includes: The WSI and the corresponding masked versions, the set of descriptions

D
(1:t) for each iteration generated by Quilt-LLaVA [110] and the ground truth importance

maps derived from pathologist annotations. We minimized the binary cross-entropy loss

between the predicted importance maps M
(t) and the ground truth maps M̂

(t).

4.4.3 Description Agent

As our Description Agent, we utilize Quilt-LLaVA [110], a multi-modal large language model

capable of describing individual histopathology patches. While the original Quilt-LLaVA
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generates highly detailed findings, in this work, we instruction-tuned the model to produce

more concise summaries, optimizing for computational e"ciency as we needed to handle

multiple descriptions. Using captions from the Quilt-1M dataset [53], we prompted GPT-4

to generate a list of findings that were as concise as possible. This process yielded 102,000

instruction-tuning samples. Quilt-LLaVA 7B model was instruction-tuned for one epoch to

obtain the Description Agent.

4.4.4 Diagnosis Agent

The Diagnosis Agent is a language-only model that analyzes the natural text descriptions

generated by the Description Agent for all patches identified by the Navigation Agent. It

classifies the histopathological findings into three categories: classes 2, 3, and 4 (with class 1

already excluded by the Triage Agent). The Diagnosis Agent is based on a pre-trained GPT-2

model [100], which we fine-tuned for this task. We selected GPT-2 due to its lightweight

architecture, making it a resource-e"cient choice for our application.

To train the Diagnosis Agent, we generated diagnostic trajectories—sequences of patch

descriptions that simulated how a pathologist examined a whole slide image (WSI). Using

our Navigation Agent, we first obtained a heatmap for a sub-sampled WSI (512≃ 512 pixels)

using a text-conditioned U-Net model, which highlighted regions of diagnostic significance.

The WSI was divided into a 16≃ 16 grid, creating 256 patches of 32≃ 32 pixels each. Each

patch received an importance score based on the mean intensity of the heatmap over the

patch, indicating its diagnostic relevance. These scores were normalized across all patches.

To generate a single trajectory, we iterated the following steps ten times, yielding ten

patches per case: At each iteration, a patch was selected using weighted probabilistic sampling

based on the normalized importance scores, introducing variability and ensuring di!erent

patches were chosen across iterations. The selected patch was then cropped from the high-

resolution 10≃ WSI, and a description was generated by the Description Agent. Selected

patches were masked on the WSI to prevent reselection, and all descriptions generated thus

far were combined into a single text input for the next iteration. The generation of a single
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trajectory is presented in the right panel of Figure 4.2.

For each WSI in the training and validation sets, we generated five (n = 5) di!erent

trajectories, each containing ten patch descriptions, to capture various examination patterns.

For the test set, we extracted additional trajectories (n = 20) to assess the e!ect of trajectory

number on diagnosis results. To introduce further variability, we used a LLaMA 3.1 Instruct

model [25] at each iteration to rephrase the text descriptions. This approach e!ectively

simulated the variability among pathologists, who might examine a single case using di!erent

patterns while seeking diagnostically relevant regions. The Diagnosis Agent consists of an

LLM with a classification head on top. The classification head maps the LLM’s output

(vocabulary size) to the number of classes, producing the final classification probabilities

using a single linear layer.

We expanded the training set to enhance diversity and robustness by resampling to create

20,000 cases, resulting in 100,000 trajectories for training. Each trajectory consists of a

randomly selected number of descriptions (between five and ten), and we shu#ed the sequence

of descriptions within each trajectory to prevent over-fitting to any specific order. Each

trajectory was formatted as a prompt to the LLM:

“The image descriptions below are extracted from di!erent patches from the same whole

slide image (WSI); please tell me which class the image belongs to: descriptions”, where

descriptions is the list of selected descriptions.

4.5 Experiments and Results

This section outlines the experimental setup and evaluates the performance of the proposed

PathFinder framework. First, we conducted a qualitative assessment of the descriptions

generated by the Description Agent, comparing them to two vision-language models (VLMs).

Next, we evaluated PathFinder on the M-Path dataset for melanoma diagnosis (see Section

4.3), benchmarking it against state-of-the-art transformer-based and MIL-based baselines,

as well as public and private LLMs using prompting without additional training. Finally,

we analyzed PathFinder’s performance under various configurations, altering the Triage,
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Figure 4.3: Ablation results. We ran 10 experiments, and plotted both the mean and standard

deviation.

Navigation, and Description Agents. Detailed evaluations are provided in the following

subsections.

4.5.1 Pathologist Evaluation of Description Quality

To assess the quality of descriptions generated by our Description Agent, we conducted a

survey in which two expert pathologists rated descriptions produced by our Description

agent in comparison to those generated by GPT4-o [50] and LLaVA-Med [72]. We selected

25 cases from the M-Path dataset, sampling across the four diagnostic classes. For each

case, we cropped the consensus region of interest, manually labeled by a panel of expert

dermatopathologists as the area most representative of the diagnosis. Using this region, we

prompted our Description Agent, LLaVA-Med and GPT4-o to generate concise descriptions of

each histopathology patch. These descriptions were then presented to two expert pathologists

in a randomized, double-blind format. Each pathologist was asked to respond to two questions

for each case to indicate their preferred description and the reason for their preference. The

results shown in Figure 4.4 indicate that PathFinder’s Description Agent achieved comparable

performance to GPT-4o while being significantly more cost-e!ective, operating with just 7B

parameters - a fraction of GPT-4o’s size.
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Figure 4.4: Preferences of expert human pathologists regarding the description quality of

each model, assessed through a double-blind survey to ensure an unbiased comparison.

4.5.2 PathFinder Evaluation

For evaluating PathFinder, we utilize the M-Path dataset which contains histopathology

WSIs of melanocytic skin tissue. As outlined in 4.4.4, multiple trajectories are generated per

case to simulate the variability in diagnostic patterns observed among pathologists, who may

assess a single case with diverse visual strategies to identify diagnostically significant regions.

To mitigate randomness in our results, we evaluated PathFinder 10 times on the test set,

each time using a di!erent random subset of 5 trajectories selected from the total of 20. For

each Whole Slide Image (WSI), majority voting is performed on the predictions from the 5

selected trajectories to produce the final result. The overall performance is then reported in

Table 4.1 as the mean of the results across the 10 runs. We balanced the testing dataset to

ensure that each diagnostic class is represented by an equal number of samples. Consequently,

the micro-averaged F1 score, precision, and recall are equivalent to the accuracy reported in

the table. We opted to use micro-averaged metrics in our clinical evaluation, because they

appropriately balance the importance of di!erent stages of skin cancer, which is crucial for

assessing the overall reliability and e!ectiveness of the diagnostic tool.

We compared Pathfinder to four state-of-the-art baseline models: 1) three transformer-

based models all utilizing the ScAtNet architecture [128, 34, 79] and 2) an MIL-based model,

ABMIL [56]. ScAtNet utilizes a MobileNetV2 backbone [107] to extract multi-scale features

from images at 7.5x, 10x, and 12.5x magnification. For the first baseline model, these feature
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vectors are subsequently fed into ScATNet which aggregates information of the three scales

to perform the diagnostic task using Transformer blocks. The second approach [34] augments

the WSI with ROI heatmaps generated by the U-Net model, appending these maps as a

fourth input channel and using ScAtNet for classification. The third baseline model, SAG [79],

converts diagnostically relevant entities into attention signals, integrating these with ScAtNet

and employing an attention-guiding loss function that combines heuristic guidance (HG) and

tissue guidance (TG) based on disease-specific prior knowledge such as tissue, structure, and

cellular information. Lastly, ABMIL [56] aggregates information across instances, ABMIL

uses an attention mechanism that assigns weights to each instance, allowing the model to

capture its contribution to the final bag label in a permutation-invariant manner. Then,

we conducted comprehensive experiments to evaluate PathFinder by examining di!erent

architectures for each agent component, achieving 74% accuracy that surpasses both human

experts (65%) and previous state of the art (63% best). Our evaluation focused on three

main aspects:

Navigator Architectures. First, to quantify the importance of Description Agent feedback,

we tested a Vision-Only Navigator that employs weighted probabilistic sampling for patch

selection without iterative feedback in a single pass over the WSI. Additionally, we implemented

Imitated Sampling, which leverages pathologists’ viewing pattern distributions (viewport

width, height, and zoom level) from our M-Path dataset (Section 4.3) to statistically sample

patches as important WSI regions. If the pathologists spend more time focusing on a region,

we gave a higher chance of sampling to that region. Both Imitated Sampling and Vision-

Only Navigator performed similarly (64% and 63% respectively), indicating that both pure

statistical and learned "sampling", regardless of source, has limited e!ectiveness. Furthermore,

we evaluated text-conditioned visual navigators using either CLIP-based or T5-based text

encoders. The T5-based navigator significantly outperformed its CLIP-based counterpart

(74% vs 62%), suggesting CLIP’s 77-token limit constrains its ability to e!ectively process

multiple descriptions (we simply truncate descriptions exceeding 77 tokens, then average if a

description is long). Finally, our navigation-based approach (74%) outperformed exhaustive
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search (68%), which utilizes all non-background patches of the WSI, suggesting that selective

patch sampling helps avoid confusion from irrelevant regions.

Description Agents. We compared a fine-tuned version of Quilt-LLaVA (optimized for

concise descriptions) against o!-the-shelf LLaVA-Med. The fine-tuned version showed superior

performance (74% vs 56%), demonstrating better guidance for the navigator. Notably, when

paired with LLaVA-Med descriptions, the T5-based Navigator showed no advantage over

the CLIP-based version (56% vs 60%). This suggests that a more powerful text encoder

like T5 can actually be detrimental when processing lower-quality descriptions, potentially

steering the Navigator toward irrelevant regions. This finding emphasizes the importance of

high-quality descriptions for e!ective navigation.

Diagnosis Agents. We evaluated various public and private LLMs as baselines for our

Diagnosis Agent. Specifically, we used PathFinder with T5-Based Text-Conditioned Visual

Navigator and Quilt-LLaVA Description Agent to generate multiple descriptions for each

WSI and prompted LLMs to make the classification given the descriptions.

It is worth noting that without the Triage Agent, the performance of the best Pathfinder-

variant dropped below baselines, likely due to Quilt-LLaVA’s train dataset’s bias toward

malignant cases. The evaluation of the baseline models are similarly done using the majority

voting over 10 runs. PathFinder achieves 11% improvement compared to the best image-only

baseline approach, ScAtNet + ROI Heatmap [34]. Considering that GPT-2 is a relatively

small LLM compared to the current state-of-the-art, we believe that utilizing larger LLMs

could further improve diagnostic outcomes. Lastly, to investigate the impact of the number of

trajectories on model performance, we evaluated the model using between 1 and 20 trajectories

for majority voting, as well as the e!ect of varying trajectory lengths. Figure 4.3 illustrates

this analysis, indicating optimal performance with 5 trajectories and 10 patches per trajectory.

We ran every experiment for 10 rounds and reported the mean and standard deviation.



55

4.6 Discussion

This chapter presented PathFinder, a multi-modal, multi-agent AI framework designed to

emulate the multi-scale, iterative diagnostic approach of expert pathologists for histopathology

WSIs. By integrating Triage, Navigation, Description, and Diagnosis Agents, PathFinder

collaboratively gathers evidence to deliver accurate, interpretable diagnoses with natural

language explanations. Notably, it surpasses state-of-the-art methods and the average

performance of human experts in melanoma diagnosis, setting a new benchmark in AI-

driven pathology. PathFinder has the potential to accelerate diagnostic workflows, reducing

the reliance on manual examination and enabling timely patient care in clinical settings.

Its natural language descriptions provide interpretability, facilitating the validation of AI-

generated diagnoses by pathologists. Moreover, its integration of VLMs and LLMs highlights

the promise of multi-modal AI in delivering scalable, specialized diagnostic tools that could

improve access to pathology expertise.

Limitations. Despite its strengths, PathFinder has limitations. The framework relies on

pre-existing datasets and significant computational resources, posing challenges in resource-

constrained environments. Additionally, the complexity of the Navigation Agent’s decision-

making process and occasional hallucinations by the Description Agent could a!ect trans-

parency and accuracy of the decision-making process. Future work should address these

issues by enhancing dataset diversity, computational e"ciency, and patch selection strategies,

further advancing PathFinder’s potential as a transformative tool in AI-assisted pathology.
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Methods Accuracy F-1 score

Baselines

Human Experts [28] 0.65 0.65

ScAtNet [128] 0.62 0.62

ScAtNet + ROI Heatmap [34] 0.63 0.63

ScAtNet + SAG [79] 0.60 0.60

ABMIL [56]* 0.46 0.47

LLM Prompting Baselines

BioMistral-7B 0.43 0.43

Mistral-Nemo-Instruct-2407 0.41 0.41

GPT-4o 0.49 0.49

Meta-Llama-3-8B-Instruct 0.31 0.31

LLaVA-Med-v1.5-Mistral-7b 0.43 0.43

Quilt-LLaVA-v1.5-7b 0.29 0.29

Ours

PathFinder + T5-Based Text-Conditioned Visual Navigator + No Triage 0.58 0.58

PathFinder + T5-Based Text-Conditioned Visual Navigator + LLaVA-Med 0.56 0.56

PathFinder + CLIP-Based Text-Conditioned Visual Navigator + LLaVA-Med 0.60 0.60

PathFinder + Imitated Sampling 0.63 0.63

PathFinder + Vision-Only Navigator 0.64 0.64

PathFinder + CLIP-Based Text-Conditioned Visual Navigator 0.62 0.62

PathFinder + Exhaustive search 0.68 0.68

PathFinder + T5-Based Text-Conditioned Visual Navigator 0.74 0.74

* ABMIL result is based on a single run and does not use majority voting

Table 4.1: Majority voting performance for whole slide image (WSI) diagnosis on the M-Path

dataset. Accuracy is reported, and the F-1 score is identical due to the balanced testing set.

Finally, coverage here is the percent of patches used across all trajectories.
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Chapter 5

BEYOND HISTOPATHOLOGY - TARGETING THE ENTIRE
MEDICAL DOMAIN WITH MEDICALNARRATIVES

In this chapter, we build upon the video processing framework of MedicalNarratives [53]

and the cursor detection framework of GenMedCLIP [110] to create a large-scale grounded

image-text dataset for the broader medical domain.

5.1 Introduction and Motivation

Medical image analysis is inherently perceptual and conceptual, requiring experts to extract

visual information and apply clinical knowledge to form a diagnosis [88]. This process

necessitates spatial grounding to link regions of the image with clinical understanding. Despite

advancements, semantic tasks (e.g., classification) and dense tasks (e.g., segmentation) are

often studied separately due to the lack of integrated models and datasets capable of addressing

both fields.

Localized Narratives [97] demonstrated the potential of datasets that combine image-

text data with spatial traces by capturing annotators’ spoken descriptions alongside cursor

movements. Such datasets are easier to collect and provide robust grounding for training

models on tasks like classification, segmentation, and multimodal generation. However, the

medical domain lacks similar large-scale datasets. A recent work, MedTrinity-25M [130],

attempts to address this by releasing a multimodal dataset with spatial annotations, but relies

on sub-optimally pretrained models to generate text descriptions and Regions of Interests

(ROIs) for medical images lacking ground truth annotations, potentially propagating model

biases and errors.

To address this gap, in this chapter, we introduce MedicalNarratives, a multimodal
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dataset derived from pedagogical medical videos where instructors narrate and point to

relevant regions with a cursor, mimicking the think-aloud protocol [27]. Our dataset includes

4.2M image-text pairs across 11 medical modalities and 1 pseudo-medical domain, with 875K

grounded samples usable for dense tasks like segmentation. We evaluate GenMedCLIP, trained

on MedicalNarratives, across classification and retrieval tasks and show that it outperforms

prior SOTA models by 3% and 14%, respectively. By releasing this dataset, alongside video

clips and metadata such as UMLS entities, we aim to enable future research on grounded

generative models and open-vocabulary segmentation in the medical domain.

Building on prior work Quilt [53] and Quilt-LLaVA [110], we present MedicalNarratives

[52], a dataset derived from pedagogical medical videos where instructors narrate while

pointing to relevant regions with their cursor, closely mirroring the think-aloud protocol used

in clinical practice. MedicalNarratives includes 4.2M image-text pairs spanning 11 medical

modalities and 1 pseudo-medical domain, with interleaved samples across modalities (e.g.,

X-ray and CT from the same patient). Notably, 875K samples are grounded with traces

that can be reformatted into bounding boxes or masks, enabling training for tasks such as

segmentation and dense modeling with tools like MedSAM [81, 16], while remaining adaptable

to clinical workflows.

To evaluate the quality of our dataset, we trained a vision-language model, GenMedCLIP,

and tested it on a new benchmark covering all 11 modalities for classification and retrieval tasks.

GenMedCLIP outperformed prior SOTA models like BiomedCLIP, achieving gains of 3% in

classification and 14% in retrieval. We envision future research leveraging MedicalNarratives

for training grounded generative models like Quilt-LLaVA [110], LLaVA-Med++ [130], and

PixelLLM [132], as well as for advancing open-vocabulary segmentation and detection.

Additionally, we release the video clips and accompanying metadata, including UMLS entities,

to support broader clinical and research applications.
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Figure 5.1: The data curation pipeline for the Video subset of the MedicalNarratives dataset.

Search: Videos are collected from YouTube using a focused search approach, refined through

pre-trained classifiers and heuristic methods. Image: Keyframes are extracted, cleaned,

and evaluated to detect medical imagery. Text: Audio is transcribed via ASR, rectified

using LLMs, and processed to extract medical or ROI-relevant text. Traces: Stable video

segments are segmented, and cursor traces are mapped within these segments. Alignment:

Medical/ROI text, traces, and images are aligned, with samples categorized into specific

subdomains or labeled as multi-domain using LLMs.

5.2 Related Work

Vision-Language Representation Advances in vision-language (VL) models, particularly

contrastive learning approaches [98, 140], have enabled strong performance in both supervised

and zero-shot tasks by aligning visual and textual embeddings. In medical imaging, early

models focused on narrow domains, such as radiology [140, 48], and later extended to other

fields like ophthalmology [112], histopathology [51], and dermatology [65]. While these models

excel in specific domains, they struggle to generalize due to limited datasets, driving the push

for broader, multi-domain medical VL models [138, 142].

Medical (Localized) Narratives Most medical VL datasets rely on textual data from reports

[61], PubMed [29], or videos [51]. However, these datasets often lack spatial annotations,

limiting their use for tasks like segmentation and detection. Localized Narratives [97] overcome
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this by grounding text to image regions via point or trace annotations. These datasets have

supported semantic reasoning [97], dense tasks [39], and generative modeling [132, 110]. In

medical contexts, works like Quilt-LLaVA [110] and PathNarratives [136] demonstrate the

potential of grounded datasets to enhance explainability and improve diagnostic workflows.

INPUT: “…The important structure here, you 
can see, have the spherical shape. OK, this 
is the lymphatic aggregation. All of these 
cells that are found in this area are the 
lymphocyte, and more specifically, the B 
lymphocyte. See here, all these are the 
lymphocyte. We can see only the nucleus, a 
little bit of the cytoplasm. These are…”

OUTPUT: 
{'MED’: ['The cells in this area are 
primarily B lymphocytes.', 'The spherical 
structures seen are lymphoid follicles.'],
'ROI’: ['Lymphoid follicles', 'B 
lymphocytes']}

MED UMLS: [['spherical structures', 
'lymphoid follicles'], ['cells', 'area', 
'lymphocytes’]]

SUBDOMAINS: ['Gastrointestinal', 'Soft 
tissue', 'Renal']

INPUT: “…mildly painful nodule that was 
achromic. At low power, there is a unique 
intradermal nodule without fibrosis around 
it, and it appears dense and somewhat 
fasciculated. Moving to high power, 
fascicles of the nodule are made of large 
spindled and epithelial cells. There is 
some nuclear encytoplasmic atypia. There 
are some multinucleated cells. Here at the 
periphery of the nodule, the fascicles 
directly invade the adjacent dermis without 
any immune reaction. On this view, I 
surrounded…”

OUTPUT: 
{'MED’: ['Description of an intradermal 
nodule with large spindle and epithelial 
cells, nuclear cytoplasmic atypia, and 
multinucleated cells.', 'Direct invasion of 
adjacent dermis without immune reaction.'],
'ROI’: ['achromic nevus']}

MED UMLS: [['Description', 'intradermal 
nodule', 'spindle', 'epithelial cells', 
'nuclear cytoplasmic atypia', 
'multinucleated cells'], ['invasion', 
'adjacent', 'dermis', 'immune reaction’]]

SUBDOMAINS: ['Dermatopathology', 'Soft 
tissue', 'Hematopathology']

INPUT: “…this is a histocyte trying to form 
a giant cell as well. So essentially what 
we are seeing, this is a necrine gland in 
case you did not get that, so this is 
basically inflammation which is fairly 
deepish in the mid-dermis actually, 
probably this picture was taken from around 
here but yeah, it is top heavy, it is 
concentrating on the follicular 
infundibulae. Now this sort…”

OUTPUT: 
{'MED’: ['Inflammation in the mid-dermis, 
with a histocyte attempting to form a giant 
cell. The inflammation is concentrated on 
the follicular infundibulum.'],
'ROI’: ['Eccrine gland', 'Inflammation in 
the mid-dermis', 'Follicular 
infundibulum']}

MED UMLS: [['Inflammation', 'mid-dermis', 
'histocyte', 'giant cell', 'inflammation', 
'follicular', 'infundibulum’]]

SUBDOMAINS: ['Dermatopathology', 
'Hematopathology', 'Pulmonary']

!!

!"

INPUT: “…A scan from one of our recent 
patients, and what it shows us is, as 
suspected, he had some disc degeneration in 
his lower back, which is where the area 
where he was getting some pain. And 
previously been told he's got various 
misalignments, and his hips are out of 
alignment, and that sort of stuff. But I 
really suspected it was down to this stuff. 
And what we've now decided to do is use 
some IDD therapy on him to traction out 
these discs. Actually, but…”

OUTPUT: 
{'MED’: ['The scan shows disc degeneration 
in the patients lower back, which may be 
related to the pain he is experiencing.’,
'The patient has been previously diagnosed 
with misalignments and hip issues.’,
'IDD therapy is being used to traction out 
the discs.'],
'ROI’: ['Misalignments and hip issues', 
'IDD therapy to traction out the discs', 
'Disc degeneration in the lower back’]}

MED UMLS: [['scan', 'disc degeneration', 
'patients', 'lower back', 'pain'], 
['patient', 'diagnosed', 'misalignments', 
'hip issues'], ['IDD', 'therapy', 
'traction', 'discs’]]

SUBDOMAINS: ['spinal cord MRI', 'bone MRI', 
'soft tissue MRI']

INPUT: “…and then, but then the exercises 
to mobilise this other area in his spine 
that was stiff. So really, you know, loosen 
up the stiff areas, tighten up the loose 
areas. And like I said, we've gone a little 
bit further now, down that road in terms of 
trying to refer John for some injections to 
really, really help to try and just stiffen 
these ligaments down here even more.”

OUTPUT: 
{'MED’: ['Mobilization of a stiff area in 
the spine and the possibility of injections 
to stiffen ligaments in the lower 
region.'],
'ROI’: ['spine’]}

MED UMLS: [['Mobilization', 'stiff area', 
'spine', 'injections', 'stiffen ligaments', 
'lower region’]]

SUBDOMAINS: ['spinal cord MRI', 'bone MRI', 
'soft tissue MRI']

INPUT: “…it's called the inferior calcaneal 
nerve, and that's the distal branch that's 
gonna wrap underneath there, or Baxter's 
nerve. Put a little anatomy there. And 
that's it, thank you very much. Look for 
this little fatty replacement. It can be 
hard to see sometimes, especially if you 
have a fat-suppressed image like this. You 
say, hey, everything looks pretty good. But 
you…”

OUTPUT: 
{'MED’: ["The inferior calcaneal nerve, 
also known as Baxter's nerve, is a distal 
branch that wraps underneath the area.",
'Fatty replacement can be difficult to see 
on fat-suppressed images.'],
'ROI’: ['Inferior calcaneal nerve and its 
location', 'Fatty replacement’]}

MED UMLS: [['inferior calcaneal nerve', 
"Baxter's nerve", 'distal', 'area'], 
['Fatty replacement', 'fat-suppressed 
images’]]

SUBDOMAINS: ['soft tissue MRI', 'bone MRI', 
'ankle and foot MRI']

!!

!"

INPUT: “…from the aortic root, into the 
mediastinum over here. And this blood has 
extended through all layers of the aorta, 
so it's not an aneurysm. It's a 
pseudoaneurysm. And the blood is collecting 
within the mediastinum. So this is a 
traumatic pseudoaneurysm. Single-slice CT 
thorax, lung window. The finding here is a 
wedge-shaped consolidation. And that should 
tip you off for a pulmonary infarction. And 
that's usually seen in the setting of a 
pulmonary embolus. We'll go to our 
contrast-enhanced window. Now, we can see 
here a central filling defect within…”

OUTPUT: 
{'MED’: ['Traumatic pseudoaneurysm in the 
mediastinum, not an aneurysm. Blood 
collecting within the mediastinum.'],
'ROI’: ['aortic root into the 
mediastinum’]}

MED UMLS: [['Traumatic pseudoaneurysm', 
'mediastinum', 'aneurysm', 'Blood 
collecting', 'mediastinum’]]

SUBDOMAINS: ['head CT', 'mediastinal CT', 
'thoracic CT']

INPUT: “…This is the superior sagittal 
sinus. You don't want to miss any kind of 
dural venous sinus thrombosis. So nothing 
along the fox. We're going to continue 
looking at the dural venous sinuses, and 
we're going to look along the transverse 
dural venous sinuses and the sigmoid dural 
venous sinuses, and there's no abnormal 
density to suggest any significant 
pathology. So far everything is negative. 
Next I'm…”

OUTPUT: 
{'MED’: ['Superior sagittal sinus is 
mentioned, with a focus on dural venous 
sinus thrombosis.’,
'Continuing to look at the transverse and 
sigmoid dural venous sinuses, without any 
abnormal density or significant 
pathology.'],
'ROI’: ['superior sagittal sinus', 
'transverse dural venous sinuses', 'sigmoid 
dural venous sinuses’]}

MED UMLS: [['Superior sagittal sinus', 
'dural venous sinus thrombosis'], 
['Continuing', 'transverse', 'sigmoid', 
'dural venous sinuses', 'abnormal', 
'density', 'significant', 'pathology’]]

SUBDOMAINS: ['head CT', 'sequential CT', 
'spiral CT']

INPUT: “…OK. Going to the axial images 
here, which used to be all that we had. 
Here you can actually appreciate much more 
clearly the complexity of the fracture at 
the occiput C1 level, with fragments of the 
occipital condyle and fractures of the C1 
ring, the lateral mass, left lateral mass 
of C1. And here's the odontoid. And looking 
at the rest of the vertebrae, everything 
else…”

OUTPUT: 
{'MED’: ['Complex fracture at the occiput 
C1 level is seen in the axial images.', 
'Fractures of the occipital condyle and C1 
ring, as well as the left lateral mass of 
C1, can be appreciated.', 'The odontoid is 
also visible.'],
'ROI’: ['complex fracture at the occiput C1 
level', 'fragments of the occipital 
condyle', 'fractures of the C1 ring', 'left 
lateral mass of C1', 'odontoid', 
'vertebrae']}

MED UMLS: [['Complex fracture', 'occiput 
C1', 'level', 'axial images'], 
['Fractures', 'occipital condyle', 'C1 
ring', 'left lateral mass of C1'], 
['odontoid', 'visible’]]

SUBDOMAINS: ['spine CT', 'lung CT', 'neck 
CT']

!!

!"

!!

!"

INPUT: “…bilateral ASR, which stands for 
articular surface replacement, which is 
also a metal-on-metal system, as you can 
appreciate here with the metal cup and the 
large femoral head. So if you look here on 
this axial on the right-hand side, you can 
see that there is no osteolysis here, it's 
less visible on the AP view here, but 
let's have a look at the MR. This is the 
MR of this patient and I typically start 
off with a coronal stir sequence and you 
can see that the metal artifacts are 
somewhat reduced…”

OUTPUT: 
{'MED’: ['Bilateral ASR (articular surface 
replacement) with a metal-on-metal 
system.’,
'No osteolysis seen on the axial view.’,
'Metal artifacts seen on the MR (magnetic 
resonance) image.'],
'ROI’: ['osteolysis’]}

MED UMLS: [['Bilateral', 'articular surface 
replacement', 'metal-on-metal system'], 
['osteolysis', 'axial view'], ['Metal', 
'MR', 'magnetic resonance', 'image’]]

SUBDOMAINS: ['hip xray', 'metal-on-metal 
hip xray', 'bone marrow edema xray']

INPUT: “…left upper lobe collapse, it's 
gone so far anteriorly that you're now able 
to see the aortic knuckle as it interfaces 
with the expanded left lower lobe. Here is 
a CT of that patient, the left upper lobe 
collapses anteriorly. So as the incident 
beam hits the left upper lobe collapse, it 
does so without causing the interface to 
be…”

OUTPUT: 
{'MED’: ['Left upper lobe collapse, which 
has extended anteriorly and is now visible 
in relation to the aortic knuckle and the 
expanded left lower lobe.’,
'CT scan shows the anterior collapse of the 
left upper lobe.'],
'ROI’: ['Left upper lobe collapse', 'Aortic 
knuckle', 'Expanded left lower lobe’]}

MED UMLS: [['Left upper lobe collapse', 
'anteriorly', 'visible', 'aortic knuckle', 
'expanded', 'left lower lobe'], ['CT scan', 
'anterior', 'collapse', 'left upper lobe’]]

SUBDOMAINS: ['spine xray', 'head xray', 
'chest xray']

INPUT: “We have the laryngeal and thyroid 
cartilage calcifications, cricoid 
cartilage, the arytenoid cartilage, and the 
corniculate cartilage. On this example, we 
can see a large density anterior to the 
neck. And this is also normal physiologic 
calcification. On this patient, you can see 
very prominent, yet normal, thyroid 
cartilage, laryngeal cartilage 
calcification. Now…”

OUTPUT: 
{'MED’: ['Laryngeal and thyroid cartilage 
calcifications, cricoid cartilage, 
arytenoid cartilage, and corniculate 
cartilage are present.’,
'Large density anterior to the neck is 
physiological calcification.’,
'Prominent yet normal thyroid cartilage and 
laryngeal cartilage are observed.'],
'ROI’: ['Large density anterior to the 
neck', 'Prominent yet normal thyroid 
cartilage and laryngeal cartilage’]}

MED UMLS: [['Laryngeal', 'thyroid cartilage 
calcifications', 'cricoid cartilage', 
'arytenoid cartilage', 'corniculate', 
'cartilage'], ['density anterior', 'neck', 
'physiological calcification'], ['thyroid 
cartilage', 'laryngeal’]]

SUBDOMAINS: ['neck xray', 'spine xray', 
'extremities xray']

!!

!"

Figure 5.2: MedicalNarratives: We present four dataset samples, each representing a

distinct medical modality: X-ray, CT, MRI, and Histopathology images (displayed from

left to right). These examples, extracted from interleaved videos, include the representative

image captured, the raw input text aligned with spatial traces and bounding boxes, and the

refined medical and ROI text, which has been denoised to eliminate transcription errors and

non-medical content.
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5.3 MedicalNarratives: Curation, Formatting, and Characterization

5.3.1 Overview

MedicalNarratives builds on prior methodologies introduced in Quilt-1M and Quilt-LLaVA to

curate a multimodal vision-language dataset with spatial traces from unstructured pedagogical

videos and scientific articles. Challenges such as noisy data, irrelevant content, and specialized

medical language transcription were addressed through carefully designed algorithms and

workflows. This section outlines the sourcing, filtering, and processing steps for curating

MedicalNarratives.

5.3.2 Sourcing and Filtering Medical Data

Videos: We primarily followed the Quilt-1M pipeline to source videos from YouTube,

focusing on 12 medical imaging domains, including Magnetic Resonance Imaging (MRI),

X-Rays, Computed Tomography (CT), Ultrasound (US), Mammography (Mammo), Surgery

(Surg), Endoscopy (Endo), Dentistry, Dermatology, Ophthalmology (Optha), Histopathology

(Histo), and General Medical Illustrations. Slight modifications were made to heuristics for

identifying relevant videos, including filtering by duration, voice presence, and domain-specific

visual content. Narrative-style videos were selected by analyzing keyframes, transcripts, and

domain-specific thresholds for consistency and medical relevance.

Articles: Articles were sourced from the PubMed Central Open Access Subset (PMC-OA),

extracting figures and captions from 5.47M articles. Inline figure references were also retrieved

to pair figures with their contextual descriptions. This approach ensured a well-structured

and diverse dataset across all 12 medical imaging domains.

5.3.3 Text Extraction and Denoising

Videos: We used Whisper for ASR transcription, following the methodology outlined in

Quilt-1M [53]. Errors in transcription, particularly for medical terminology, were corrected
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using language models and domain-specific medical verifiers to ensure accurate and clean

textual data.

Articles: Captions for figures were extracted from article XML documents, and compound

captions were split into sub-captions using rule-based methods and language models. Inline

references were matched to their corresponding sub-figures to provide clear associations

between text and visual elements.

5.3.4 Image Extraction and Denoising

Videos: Keyframes were identified using the MedicalNarrativescombo pipeline and processed

to extract representative images from stable video segments. Median images from static frames

were used for domains like X-rays and CT scans, leveraging the natural pauses instructors

make while explaining content.

Articles: Figures from articles were processed to extract sub-figures, addressing challenges

like irregular layouts and non-standard labels. We trained an object detection model based on

the YOLO architecture [60] using sub-figure annotation datasets MedICaT and ImageCLEF

2016 [116, 33] to split and label sub-figures, ensuring proper alignment with their captions.

5.3.5 Extracting Localizing Traces

Cursor traces were extracted using the GenMedCLIP [110] methodology, which identifies

stable video chunks with minimal background movement. Frames within these chunks were

analyzed to detect cursor positions based on pixel intensity changes. Structural similarity

metrics and face detection models were used to minimize false positives caused by minor

background changes or distractions. This algorithm o!ers a surprisingly generalizable way to

collect cursor traces from any medical video in static domains like X-rays and histopathology.

Finally, we extracted the smallest bounding boxes around the traces.
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5.3.6 Characterizing MedicalNarratives

MedicalNarratives combines medical narratives from videos with image-text pairs from

PubMed, totaling 4.7M image-text samples, 1M of which include localized narratives.

Narratives

From 738K videos, we curated 74K narrative-style videos (10.1% yield), amounting to 4526

hours of content. These contributed 809K unique images and 1.62M image-text pairs, with

1M samples grounded by 101.6M trace points and 546K bounding boxes. The dataset spans

four trace domains (CT, MRI, X-ray, Histopathology) with bounding box averages of H:

291px and W: 357px. Captions average 22.37 words, with 1.88 medical sentences per image,

covering over 4M UMLS entities across 300K unique types.

Non-Narratives

From 5.4M PubMed articles, we filtered 23M figures down to 1.03M medical figures from

273K articles. After sub-figure separation, we obtained an average of 2.62 subfigure-caption

pairs per article figure, with captions averaging 45.45 words.

5.3.7 Quality

Although MedicalNarratives lacks human-annotated spatial data for direct evaluation, we

assessed the pipeline’s performance through key metrics. LLM-based text correction achieved

a conditioned precision of 47.99%, validated against UMLS, and an unconditioned precision

of 17.58%, indicating its ability to handle both domain-specific and general corrections. The

ASR system also performed well, with an average error rate of 0.81%, demonstrating its

reliability in transcribing medical terminology accurately. To ensure ethical compliance, we

further refined the dataset by prompting the LLM to exclude identifiable information, such

as clinic names or addresses, while retaining only medically relevant content. These measures

ensured that MedicalNarratives is accurate, anonymized, and suitable for medical research.
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5.4 GenMedCLIP: Experiments and Results

To evaluate MedicalNarratives, we tested its utility on two tasks: image classification (both

zero-shot and linear probing) and cross-modal information retrieval (zero-shot) across all

medical imaging modalities. These experiments follow the same protocols as in Quilt,

leveraging the Contrastive Language-Image Pre-training (CLIP) objective [98].

We pre-trained a vision-language model, GenMedCLIP, using OpenCLIP [55] with adap-

tations to encoder and tokenizer choices informed by prior work [138, 51]. For the image

tower, we fine-tuned Vision Transformer (ViT-Base) models [23] pre-trained on supervised

(ViT-B/16, ViT-B/32) and unsupervised contrastive objectives (ViT-B/16). For the text

tower, we used GPT2 [100] and BioMedBERT [41]. Training was conducted on 4 NVIDIA

A40 GPUs for 20 epochs over 4.2M training samples. We trained three variants of GenMed-

CLIP for comparison: GENMEDCLIP-32 (ViT-B/32 and GPT2/77), GENMEDCLIP-PMB

(ViT-B/16 and BioMedBERT/256), and GenMedCLIPPMB (ViT-B/16 and GPT2/77).

Model Isic Til Pcam Mhist Nck Mammo Avg

CLIP-ViT-B-16 [98] 71.23 91.23 82.42 63.97 92.26 83.30 80.74

PUBMEDCLIP [29] 68.58 91.32 84.07 72.16 92.29 83.90 82.06

BIOMEDCLIP [138] 68.25 91.82 83.43 66.73 93.05 83.70 81.17

GENMEDCLIP-32 72.75 93.26 86.77 72.06 92.77 83.70 83.55

GENMEDCLIP-PMB 69.38 91.51 84.54 67.66 88.02 84.20 80.88

GENMEDCLIP 74.87 93.34 87.69 72.16 90.84 84.90 83.97

Table 5.1: Linear Probing results (Accuracy) across datasets for classification tasks in

Dermatology (Isic), Histopathology (pcam, mhist, nck), and Mammography (vinDr-Mammo).

GenMedCLIP demonstrates superior performance compared to all baselines.
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Figure 5.3: Zeroshot Classification Results shows that our model GenMedCLIP outper-

forms all other baselines across multiple medical benchmarks covering all 11 medical domains.

Mean average precision is reported for X-ray and Mammography and accuracy is used for all

other domains.

5.4.1 Benchmarking on Downstream Medical Tasks

We evaluated GenMedCLIP on a comprehensive medical imaging benchmark encompassing

all domains represented in MedicalNarratives. This included 29 downstream classification

tasks and a held-out set of 1000 unique images for cross-modal retrieval.

For MRI, we used subsets of RadImageNet [84], covering seven anatomical regions:

ankle/foot, brain, knee, abdomen/pelvis, hip, shoulder, and spine, with class counts ranging

from 9 to 26. For CT, we evaluated on RadImageNet’s lung and abdomen/pelvis subsets,

covering 6 and 28 classes, respectively. Ultrasound tasks were based on thyroid and ab-

domen/pelvis anatomical regions, spanning 15 classes. For X-ray, we used VinDr-CXR [90],

reporting mAP across 28 findings, while for mammography, we tested on VinDr-Mammo

[91] using the bilateral craniocaudal view, reporting mAP across findings. Surgical organ

classification was evaluated using Dresden [12] (8 abdominal organs), and for endoscopy,



66

we used GastroVision [58] (27 procedures). Dermatology tasks included DDI [21] for

binary classification (benign vs. malignant) and ISIC 2018 [20]. Dental classification was

performed on the OPG dataset [102] with 6 classes. Ophthalmology benchmarks included

G1020 [4] for glaucoma detection and OCTDL [68] with 6 disease classes. Histopathology

evaluations were conducted on diverse datasets: PatchCamelyon [121] for binary lymph

node metastasis detection, NCT-CRC-HE-100K [64] (8 morphological classes), BACH

[2] (4 breast tissue classes), Osteo [3] (osteosarcoma with 3 classes), SkinCancer [67] (skin

biopsy patches with 12 anatomical and 4 neoplasm categories), MHIST [126] (colorectal

polyp classification), LC25000 [8] (lung and colon adenocarcinoma), and TCGA-TIL [106]

for binary tumor-infiltrating lymphocyte prediction.

Models T2I retrieval I2T retrieval Avg

@5 @50 @200 @5 @50 @200

CLIP-ViT-B-16 [98] 3.48 20.38 35.69 3.56 20.39 35.42 19.82

PubMedclip [29] 1.44 12.68 25.44 1.10 12.30 24.07 12.84

BiomedCLIP [138] 16.50 51.48 67.46 15.71 48.85 64.61 44.10

GenMedCLIPthreetwo 22.36 76.33 88.60 20.75 75.15 88.23 61.90

GenMedCLIPPMB 28.29 82.91 92.43 29.21 82.91 92.43 68.03

GenMedCLIP 34.89 83.83 92.27 34.26 83.48 92.32 70.17

Table 5.2: Retrieval results on our held-out set of 16K samples spanning all medical domains

demonstrate that our model, GenMedCLIP, outperforms all baselines in both zeroshot image-

to-text and text-to-image retrieval tasks.

5.4.2 Zero-shot classification

To evaluate the generalization ability of GenMedCLIP, we tested its zero-shot performance

against state-of-the-art models: CLIP, BiomedCLIP, and PubMedclip. Across the benchmark,
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GenMedCLIP variants achieved average metrics of 31.33% (GenMedCLIPthreetwo), 31.46%

(GenMedCLIPPMB), and 32.55% (GenMedCLIP), all outperforming BiomedCLIP (27.80%)

by up to 4.75%. As shown in Figure 5.3, GenMedCLIP outperformed baselines in five domains:

Histopathology, Dermatology, Mammography, Surgery, Ultrasound, and CT, while remaining

competitive in Chest X-ray, Endoscopy, Ophthalmology, and MRI.

5.4.3 Supervised linear probing

We evaluated full-shot performance via linear probing using the entire training data on

five benchmark datasets from Dermatology, Histopathology, and Mammography domains.

On average, GenMedCLIP outperformed BiomedCLIP and CLIP, achieving a 2.8% and

1.9% improvement, respectively. The ViT-B/32 architecture with GPT/77 consistently

demonstrated strong performance, surpassing other baselines across most datasets.

5.4.4 Cross-Modal Retrieval

To assess zero-shot text-to-image and image-to-text retrieval, we tested GenMedCLIP on

a held-out set of 16K image-text pairs spanning 12 medical modalities, roughly equally

distributed. Retrieval was conducted by identifying the top-N nearest neighbors (N ↓ 1,

50, 200). Results in Table 5.2 show that GenMedCLIP outperformed baselines, exceeding

BiomedCLIP by 26.07% on average. Notably, consistent with BiomedCLIP findings [138],

general CLIP outperformed in-domain PubMedclip by 6.98%.

5.5 Conclusion

In this chapter, we introduced a comprehensive protocol for annotating medical narratives,

aimed at standardizing the creation of multimodal medical datasets. Our curated dataset,

MedicalNarratives, tackles the challenges of large-scale medical data collection by balancing

utility with cost and ease of collection. We propose this protocol as a potential standard for

future multimodal medical datasets due to its versatility in capturing grounded text that
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e!ectively describes medical images. By implementing and scaling this approach, we enable

systematic and scalable dataset generation across broader medical domain.

In semantic tasks, our GenMedCLIP demonstrated superior performance compared to

prior vision-language (VL) models, achieving state-of-the-art results in zero-shot and full-shot

classification as well as retrieval tasks on a carefully curated medical imaging benchmark.

Despite using only 4.7M samples, compared to BiomedCLIP’s 15M, our in-domain data

filtration methods proved highly e!ective. We envision future research building upon our

models, dataset, and protocol to drive further advancements.

5.6 Limitations and Future Work

While our approach and findings have contributed significantly to the development of multi-

modal medical datasets and model performance in the medical domain, certain limitations

need to be acknowledged:

1. Bias in Abnormality Representation: Our dataset over represents abnormal cases,

reflecting diagnostic imaging practices. This imbalance may a!ect model generalizability

to more balanced populations and could introduce bias in clinical decision support.

2. Focus on 2D Imaging: The dataset is limited to 2D images, excluding 3D modalities

like MRI and CT. While 2D approaches can be e!ective, incorporating 3D imaging

would enhance applicability and performance in certain tasks.

3. Exclusion of Other Data Modalities:: This work focuses solely on imaging, omit-

ting critical data such as laboratory results, time series signals, and patient histories.

Including these is essential for developing comprehensive medical models.

4. Lack of Ground Truth for Localization: The dataset lacks human-annotated local-

ization data, limiting the ability to directly evaluate the accuracy of trace annotations.
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Future work involves building an MLM like Quilt-LLaVA for the entire medical domain from

MedicalNarratives and finally automating the entire medical diagnostic pipeline for other

fields with frameworks similar to PathFinder.
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Chapter 6

CONCLUSION

This dissertation has investigated the integration of artificial intelligence (AI) and digital

pathology to enhance histopathological diagnosis through interpretable and automated

frameworks. Across four major chapters, we introduced large-scale vision-language datasets,

explored multi-modal architectures, and developed agent-based diagnostic systems that

collectively address the challenges of data scarcity, diagnostic reasoning, and workflow

automation in histopathology.

In Chapter 2, we introduced Quilt-1M, a large-scale vision-language dataset designed to

address the critical challenge of data scarcity in histopathology. By curating over one million

image-text pairs from educational pathology videos, Quilt-1M serves as a foundational

resource for training AI models capable of understanding and communicating histopathological

findings in human-interpretable terms.

In Chapter 3, we developed Quilt-LLaVA, a multi-modal large language model fine-tuned

on Quilt-1M and the Quilt-Instruct dataset. This system bridges the gap between visual

and linguistic understanding in histopathology, enabling sophisticated reasoning capabilities

and o!ering novel tools for education, training, and diagnostic support. Quilt-LLaVA

demonstrated significant advancements in multi-modal tasks, such as visual question answering

and patch-level analysis.

In Chapter 4, we presented PathFinder, a multi-agent AI system that emulates the

diagnostic workflow of expert pathologists. By integrating Triage, Navigation, Description,

and Diagnosis Agents, PathFinder not only automates the examination of gigapixel whole

slide images (WSIs) but also provides interpretable natural language explanations for its

decision. This system achieved diagnostic accuracy exceeding that of experienced pathologists,
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highlighting its potential to enhance both e"ciency and reliability in histopathological

workflows.

Finally, Chapter 5 expanded the scope of our methods to broader medical imaging

applications. MedicalNarratives, a multimodal dataset featuring spatially grounded image-

text pairs, was created to support diverse tasks beyond histopathology, including open-

vocabulary segmentation and retrieval. Building upon the principles established in Quilt [53],

MedicalNarratives empowers the development of models like GenMedCLIP, which set new

benchmarks in classification and retrieval tasks across multiple medical modalities.

Collectively, these contributions illustrate how AI can transform digital pathology work-

flows, enabling more e"cient, accurate, and interpretable diagnostic processes. However,

histopathology is an exceptionally complex field, where even seasoned experts with years

of experience often struggle to achieve consistently high success rates. Despite significant

advancements in AI, these models still su!er from hallucinations and make incorrect predic-

tions, making them unreliable as standalone diagnostic tools. Nevertheless, the AI models

could be utilized as copilots, or validator tools to assist in automating the diagnostic process,

as demonstrated in the case of PathFinder. In this approach, an expert pathologist can

verify the results by reviewing highlighted patches, AI-generated descriptions, and the final

diagnostic concurrence. Thus, human experts could save valuable time by validating cases

rather than solving them from scratch.

The following could be interesting avenues for future research:

• Integrative AI-Pathologist Collaboration. Developing advanced human-AI in-

teraction frameworks that enable seamless collaboration between pathologists and AI

systems. This includes creating tools for real-time feedback, adaptive learning based on

pathologist input, and mechanisms for incorporating expert corrections to iteratively

improve model performance over time.

• Uncertainty Quantification and Communication. Incorporating robust uncer-

tainty quantification mechanisms into diagnostic models, enabling them to express
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confidence levels and highlight ambiguous cases. Such systems would assist pathologists

by explicitly identifying cases requiring additional scrutiny, thereby improving reliability

and trust in AI-assisted workflows.

• Multimodal Domain Expansion. Extending PathFinder framework beyond histopathol-

ogy to embrace diverse imaging modalities (e.g., MRI, X-ray, ultrasound) can enable

more generalized interpretable diagnostic AI frameworks. Comprehensive multi-modality

datasets will further facilitate robust cross-domain analysis.

In conclusion, the research outlined in this dissertation highlights the potential of AI to

reshape histopathology by accelerating and improving diagnostic processes. By pushing the

boundaries of data curation, multi-modal model design, and agent-based automation, we

have taken decisive steps toward a future where AI augments—rather than replaces—the

nuanced expertise of clinical professionals. Continuing to refine and expand these methods

promises to further elevate diagnostic accuracy, streamline workflows, and ultimately improve

patient outcomes.
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