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Abstract

Patient-Level Representation Learning for Computational Pathology

Yousef Hassan

Computational pathology requires whole-slide image (WSI) foundation models that trans-

fer across diverse clinical tasks, yet current approaches remain largely slide-centric, often

depend on proprietary data and expensive supervision from paired textual reports that are

not publicly available, and do not explicitly model relationships among multiple slides

from the same patient. This thesis presents MOOZY, a patient-first pathology foundation

model in which the patient case, not the individual slide, serves as the fundamental unit of

representation. Unlike existing methods that encode slides independently and merge their

embeddings post-hoc, MOOZY explicitly models dependencies across all slides from the

same patient via a dedicated case transformer during pretraining.

MOOZY follows a two-stage design that combines multi-stage open self-supervision

with scaled low-cost task supervision. In Stage 1, a vision-only slide encoder is pretrained

on 77,134 public slide feature grids using masked self-distillation to learn robust, context-

aware representations. In Stage 2, these representations are aligned with clinical seman-

tics through a case transformer and multi-task supervision over 333 tasks from 56 public

datasets, spanning 205 classification tasks and 128 survival tasks that cover overall sur-

vival, disease-specific survival, disease-free interval, and progression-free interval across

23 anatomical sites.

Across eight held-out tasks evaluated with five-fold frozen-feature probing, MOOZY

achieves best or tied-best performance on the majority of metrics, improving macro aver-

ages over TITAN by +7.37%, +5.50%, and +7.83% and over PRISM by +8.83%, +10.70%,
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and +9.78% for weighted F1, weighted ROC-AUC, and balanced accuracy, respectively.

MOOZY is also parameter-efficient, with 85.77M total parameters, 14.23 times smaller

than GigaPath, while maintaining strong performance. These results demonstrate that

open and reproducible patient-level pretraining is sufficient to produce transferable, gen-

eralizable, and parameter-efficient embeddings, providing a practical path toward scalable

patient-first histopathology foundation models.
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Chapter 1

Introduction

1.1 Motivation

1.1.1 Clinical Context

Pathology is the branch of medicine concerned with the diagnosis and characterization of

disease through the examination of tissue specimens [54]. When a patient undergoes a

biopsy or surgical procedure, the excised tissue is processed into thin sections, stained with

chemical dyes to reveal cellular structures, and mounted onto glass slides for microscopic

examination. The most widely used staining protocol is hematoxylin and eosin (H&E) [30],

where hematoxylin stains cell nuclei blue-purple and eosin stains cytoplasm and extracel-

lular structures pink. A pathologist then examines these stained slides under a microscope

to identify cellular abnormalities, determine the presence or absence of malignancy, clas-

sify tumor type and subtype, assign histologic grade, evaluate surgical margins, and assess

other features that directly inform clinical decision-making. Histologic grade describes

how abnormal and aggressive the tumor appears under the microscope.

This diagnostic process is fundamental to nearly every aspect of cancer care. Treatment

selection, surgical planning, prognosis estimation, and eligibility for targeted therapies all
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depend on the pathologist’s interpretation of tissue morphology, meaning the visible struc-

ture and appearance of cells and tissue under the microscope [103, 1]. In many clinical

workflows, a single patient may have multiple tissue slides prepared from different tissue

blocks, meaning separate pieces of sampled tissue that are processed into slides, anatomical

sites, or staining protocols, and the pathologist must integrate findings across all of these

slides to form a coherent diagnostic conclusion at the patient level. For example, in a breast

cancer surgery case, the pathologist may review slides from the main tumor, the surgical

margins, and one or more lymph nodes, then combine these findings to determine whether

tumor remains at the edge of resection, whether disease has spread beyond the breast, and

what this means for staging and treatment.

The demand for pathology services continues to grow as the global incidence of cancer

rises, with an estimated 19.3 million new cases diagnosed worldwide in 2020 alone [98], yet

the supply of trained pathologists has not kept pace. Documented workforce shortages and

declining per-capita pathologist counts have been reported across multiple countries [68],

creating bottlenecks in diagnostic throughput. Moreover, histopathologic interpretation is

inherently subjective, and studies have demonstrated significant inter-observer variability

among pathologists even for common diagnostic tasks such as breast biopsy interpreta-

tion [25]. These factors collectively motivate the development of computational tools that

can assist pathologists by providing consistent, reproducible, and scalable analysis of tissue

specimens [40, 103].

1.1.2 The Clinical Diagnostic Workflow

The design choices in this thesis are motivated by the way a cancer diagnosis is actually

produced in practice. A diagnosis does not arise from the interpretation of a single slide, but

from the pathologist’s integration of evidence across multiple slides acquired at different

anatomic sites and, frequently, at different points in time [58, 54]. This subsection briefly
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traces that workflow from specimen acquisition to the final synoptic report, because two

observations about it, multi-slide sampling and case-level synthesis, directly motivate the

patient-first framing adopted in the remainder of this thesis.

When a patient is worked up for a suspected malignancy, tissue is sampled through one

or more procedures such as core biopsy, excisional biopsy, surgical resection, or lymph

node dissection [58]. Each specimen is grossed into multiple tissue blocks that sample

representative regions of the lesion, surgical margins, and adjacent anatomy, and each block

is sectioned and stained, producing one or more slides per block. A single case therefore

commonly comprises multiple slides spanning main-tumor regions, peritumoral stroma,

resection margins, and regional lymph nodes. Where molecular or protein markers are

clinically indicated, selected blocks are further stained with immunohistochemistry (for

example, ER, PR, HER2, and Ki-67 in breast cancer, or p53, PD-L1, and mismatch-repair

proteins in other organs), producing additional slides that complement, rather than replace,

the morphologic H&E series.

Slides for a given patient are also not produced at a single instant. A typical oncologic

trajectory begins with a small diagnostic biopsy used to confirm malignancy and guide

initial treatment selection, followed by a larger resection specimen that supports definitive

staging, and in many cases by subsequent specimens acquired during surveillance, recur-

rence workup, or metastasis sampling [3, 58]. Each encounter contributes additional slides

to the same case, and the combined interpretation across these time points, rather than any

single slide in isolation, is what informs decisions about staging, adjuvant therapy, and

prognostic estimation. The patient case is therefore an inherently longitudinal, multi-slide

object.

At the microscope, the pathologist reviews the entire set of slides belonging to a case

and forms a single diagnostic conclusion by reasoning across them jointly. Different slides

contribute different kinds of evidence. Main-tumor slides establish histologic type and
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grade, margin slides determine whether tumor is present at the edge of resection, lymph

node slides establish nodal involvement for staging, and immunohistochemistry slides pro-

vide biomarker status that informs targeted therapy eligibility. In settings such as multifocal

disease, intratumoral heterogeneity, or synchronous lesions across anatomic sites, the di-

agnostic signal resides in the relationships between slides (for example, whether two foci

share the same histologic subtype, or whether a nodal deposit is morphologically consistent

with the primary tumor), and cannot be recovered by interpreting any slide alone.

The outcome of this cross-slide integration is a structured synoptic report, a standard-

ized document that lists the diagnostic, prognostic, and predictive variables required for

patient management, including histologic type and grade, tumor size, invasion patterns,

margin status, nodal involvement, pathologic stage (pTNM), and relevant biomarker re-

sults [96, 84]. Widely adopted synoptic templates, such as the College of American Pathol-

ogists cancer protocols, are anchored to the AJCC staging system [3]. The synoptic report

is defined at the level of the patient case, because every element it contains is derived from

integrating findings across all slides in that case, and it is this case-level synthesis, not any

single slide, that is ultimately communicated to the treating oncologist and used to select

treatment.

Two design implications follow from this workflow. First, because the fundamental

unit of clinical decision-making is the patient case, a model that encodes slides indepen-

dently and merges them only post-hoc [90, 57, 102, 116] does not faithfully replicate the

pathologist’s diagnostic process. Explicitly modeling dependencies between slides of the

same patient, as MOOZY does via the case transformer (Chapter 3), mirrors the cross-slide

integration step that pathologists already perform at the microscope. Second, because the

synoptic report spans diverse variable types, categorical diagnostic calls, ordinal grades,

TNM categories, binary biomarker statuses, and time-to-event survival outcomes, a single

task-specific objective cannot recover the breadth of information the clinical workflow is
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designed to produce. The Stage 2 multi-task supervision used in this thesis, covering 333

tasks with 205 classification and 128 survival endpoints across 56 public datasets (Sec-

tion 4.1), is a deliberate attempt to align the pretraining objective with the information

content of a synoptic report rather than with any single clinical endpoint in isolation. The

slide collection of each case is modeled as an unordered set aggregated by the case trans-

former. Explicit modeling of temporal ordering across specimens from different encounters

is beyond the scope of this thesis and is flagged as a direction for future work (Chapter 6).

1.1.3 Whole-Slide Imaging and the Computational Challenge

The advent of high-resolution digital slide scanners has enabled the digitization of glass

slides into whole-slide images (WSIs) [79, 26]. A WSI is a high-resolution digital scan of

an entire glass slide, typically captured at 20× or 40× magnification. At these magnifi-

cations, a single WSI routinely contains tens of thousands to over one hundred thousand

pixels along each spatial axis, resulting in images that range from hundreds of millions to

several billion pixels in total [73]. This gigapixel scale is illustrated in Figure 1, which

shows a representative TCGA breast carcinoma slide spanning over 86,000×66,000 pixels.

This gigapixel scale distinguishes WSIs from the natural images commonly used in com-

puter vision research, which typically range from a few hundred to a few thousand pixels

per side.

The sheer size of WSIs poses a fundamental computational challenge. Standard deep

learning architectures for image classification and recognition, such as convolutional neural

networks [37] and vision transformers [23], are designed to operate on images of modest

resolution. A single WSI exceeds this input size by several orders of magnitude, making

direct end-to-end processing infeasible with current hardware. The dominant solution in

the field is to partition each WSI into a grid of small, non-overlapping patches (also called

tiles), each typically 224 × 224 pixels or 512 × 512 pixels, and to process these patches
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(a) WSI Thumbnail
86,632×66,370 px

(b) Tissue Detection (c) Coordinate Extraction

2,386 patches (512×512) at 20×

Figure 1: Standard WSI preprocessing pipeline. (a) A whole-slide image at full resolution

(86,632× 66,370 pixels). (b) Tissue detection segments foreground tissue from the back-

ground. (c) Patch coordinate extraction identifies 2,386 non-overlapping 512 × 512 tile

locations at 20× magnification within the detected tissue regions.

independently through a pretrained image encoder. A single WSI may yield thousands

to tens of thousands of such patches, each capturing a small region of tissue at cellular

resolution [52, 61].

However, processing patches independently discards the spatial relationships between

tissue regions that carry critical diagnostic information. In clinical practice, a pathologist

does not evaluate cells in isolation. The diagnostic interpretation depends on the spatial

organization of tissue, including the arrangement of glandular structures, the interface be-

tween tumor and stroma, where stroma refers to the connective and supportive tissue around

the tumor, the distribution of immune cells across the tissue landscape, and the overall ar-

chitectural pattern of the specimen. Capturing these long-range interactions requires mod-

els that can reason over entire slides, not just individual patches [97, 66].

1.1.4 Levels of Representation in Computational Pathology

Representation learning in computational pathology [40, 1] operates at three distinct levels

of granularity, each corresponding to a different unit of analysis, as illustrated in Figure 2.

In this context, a representation, often called an embedding, is a numerical summary that

encodes information from an image or a collection of images. Aggregation refers to the
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Figure 2: Levels of representation in computational pathology. At the patch level, indi-

vidual tiles are mapped to feature vectors by a patch encoder. At the slide level, a slide

encoder aggregates all patch embeddings from a whole-slide image into a single slide rep-

resentation. At the patient level, a case encoder integrates slide embeddings from all slides

belonging to a patient into a unified patient-level representation. Each successive level cap-

tures increasingly broader clinical context.
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process of combining many lower-level representations into one higher-level summary.

Patch-level representations. At the finest level, a patch encoder maps each individ-

ual tile to a fixed-dimensional feature vector. These encoders are typically vision trans-

formers [23] pretrained with self-supervised learning on large collections of pathology

patches [47, 28]. The field has largely converged on the DINOv2 [78] pretraining recipe,

combining self-distillation, masked image modeling, and uniformity regularization, and

has scaled architectures from ViT-Large [16, 29] to ViT-Giant [114, 70] trained on up to

millions of slides [105, 122]. The resulting patch features capture local morphological pat-

terns such as cell shape, nuclear texture, staining intensity, and tissue microarchitecture

within the 224× 224 or 512× 512 field of view. Patch-level encoders form the foundation

of most computational pathology pipelines, as they provide the input features on which all

higher-level representations are built.

Slide-level representations. At the intermediate level, a slide encoder or slide aggregator

combines the thousands of patch features from a single WSI into a single slide-level rep-

resentation [40]. The classical approach to this aggregation is multiple instance learning

(MIL) [44, 65, 92], which treats the WSI as a “bag” of patch instances associated with a

single slide-level label. MIL aggregators learn to pool patch features into a slide-level em-

bedding through mechanisms such as attention-weighted summation [44, 65], transformer-

based inter-patch modeling [92], permutation-invariant pooling [12], and dual-stream ob-

jectives [59]. Despite their architectural diversity, all MIL aggregators share a fundamental

limitation: each is trained from scratch for each downstream task. The composition rules

that the aggregator learns, including which patch interactions are diagnostically relevant

and how spatial patterns should be weighted, are specific to the training objective and do

not generalize across label spaces. An aggregator trained for breast cancer subtyping can-

not be reused for lung mutation prediction without complete retraining, and every new

8



clinical endpoint requires its own labeled dataset and its own aggregator.

This task-specific regime motivated the development of pretrained slide encoders [15,

115, 22, 90], which learn general-purpose context modeling on large collections of unla-

beled or weakly labeled slides before any downstream task is defined. The core idea mirrors

the transition that previously occurred at the patch level: just as pretrained patch encoders

eliminated the need to train a convolutional network from scratch for each tile-level task,

pretrained slide encoders aim to eliminate the need to train an aggregator from scratch for

each slide-level task. By applying self-supervised objectives such as self-distillation [15,

14], masked prediction [115], or multimodal alignment with clinical text [90, 22] directly to

the set of patch features that constitute a slide, these models learn how patches relate to one

another in tissue, capturing spatial organization and long-range dependencies as reusable

structural knowledge rather than as a byproduct of a specific classification objective. The

resulting slide embedding can then be applied to diverse downstream tasks with a simple

linear or nonlinear probe, without retraining the encoder itself.

Patient-level (case-level) representations. At the coarsest and most clinically relevant

level, a patient-level or case-level representation integrates information from all slides be-

longing to a single patient into a unified embedding [40]. In clinical pathology, a “case”

refers to the complete set of tissue specimens and associated clinical information for a

single patient encounter. A patient case may contain one slide or many slides, depend-

ing on the number of tissue blocks sampled, the number of anatomical sites biopsied, and

the staining protocols applied. Clinical decisions such as cancer staging, treatment se-

lection, and prognosis estimation are inherently patient-level tasks that require integrating

evidence across all available slides. Despite this clinical reality, most existing computa-

tional pathology models operate at the slide level and handle multi-slide patients through

simple post-hoc strategies, such as concatenating patch features from all slides into a sin-

gle enlarged bag (early fusion) or averaging the independently computed slide embeddings
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or predictions across slides (late fusion) [90, 57, 102, 116]. These fusion strategies treat

the collection of slides as an unordered pool and do not model the relationships between

slides, discarding inter-slide interactions that may carry diagnostic signal in settings such

as multifocal staging, heterogeneity assessment, and prognosis.

1.1.5 From Task-Specific Pipelines to Foundation Models

Historically, computational pathology has advanced through task-specific and cohort-specific

supervised pipelines [5, 11, 19, 50, 94]. In this paradigm, a model is trained from scratch

for each combination of organ, cancer type, and clinical endpoint, using manually anno-

tated data from a specific patient cohort. While these pipelines have achieved strong per-

formance on their target tasks, they must be rebuilt whenever the organ, scanner domain,

or clinical objective changes, limiting scalability and reuse across the diverse landscape of

pathology applications.

A key enabler of this shift is self-supervised learning (SSL), a training paradigm in

which a model learns representations from unlabeled data by solving pretext tasks derived

from the data itself, rather than relying on manually provided labels. Common pretext tasks

include predicting masked or corrupted portions of an input, enforcing consistency be-

tween different augmented views of the same sample, and matching representations across

modalities. The broader machine learning community has demonstrated that scaling data

and compute in self-supervised pretraining can yield general-purpose representations with

strong task-agnostic transferability [10, 48, 39, 109]. In natural language processing, large

language models pretrained on internet-scale text have shown emergent capabilities across

diverse tasks without task-specific supervision. Analogous trends have emerged in com-

puter vision, where self-supervised methods such as contrastive learning [17, 36, 32, 18],

self-distillation [14, 78], and masked image modeling [35, 120] have produced encoders

that transfer broadly across vision tasks.
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These advances have motivated the development of foundation models for pathology,

defined as large pretrained models that learn general-purpose representations from unla-

beled or weakly labeled pathology data, with the goal of transferring to diverse clinical

tasks with minimal adaptation. The field has progressed through successive levels of

scale. Early pathology foundation models operated at the tile level, converging on the

DINOv2 [78] pretraining recipe and scaling from ViT-Large [16, 29] to ViT-Giant back-

bones [114, 70] trained on up to millions of slides [105, 122]. In typical pipelines that

use these tile encoders, patch features are extracted once and a separate MIL aggrega-

tor [44, 65, 92] is trained for each downstream task, necessitating retraining whenever the

clinical endpoint changes.

More recently, the community has moved toward slide-level foundation models that

pretrain whole-slide representations, reducing reliance on task-specific MIL training. These

models can be broadly grouped into three families: vision-only self-supervised methods

that learn from the structure of unlabeled slides [15, 55, 41, 115, 6, 57], multimodal ap-

proaches that align slides with paired text from clinical reports [90, 22, 112], genomic

profiles [45, 116, 102], or cross-stain views [46, 42], and supervised methods that learn

from task labels [74, 107].

1.1.6 Limitations of Current Approaches

Despite significant progress in slide-level foundation models, three structural limitations

persist across the field.

Reproducibility. Many top-performing models are trained on proprietary datasets that

are not publicly available. Some also rely on paired pathology reports or other rich clinical

text supervision to train slide encoders, yet these reports are expensive to curate and are

usually not publicly released with the corresponding slides [22, 90]. In addition, some
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methods do not release pretrained checkpoints [41, 102] or complete training recipes [22,

102, 90]. This limits the ability of the research community to reproduce, validate, and build

upon these methods, creating a barrier to scientific progress.

Capacity allocation. Current architectures concentrate the majority of their model ca-

pacity in heavyweight tile encoders [90, 22, 46, 102], often with hundreds of millions to

over a billion parameters, while using comparatively lightweight slide aggregators. This

allocation is misaligned with the nature of the problem. The key challenge in WSI under-

standing is capturing long-range spatial context and tissue-level organization, not encoding

increasingly fine-grained per-tile morphology. Notably, recent work has shown that public-

only tile encoders can match much larger systems trained on proprietary data [49, 95], and

we hypothesize that this saturation is fundamental: H&E-stained tissue occupies a far more

constrained visual space than natural images, with a narrow color palette and a bounded set

of morphological primitives, so tile-level representations approach a performance ceiling

well before general-vision thresholds.

Naive multi-slide fusion. While some models accommodate multiple slides per patient,

they rely on simple fusion heuristics: early fusion by concatenating or pooling patch fea-

tures from all slides into one enlarged bag, or late fusion by averaging slide-level embed-

dings or predictions across slides [90, 57, 102, 116]. These strategies treat a patient case as

an unordered collection rather than explicitly modeling the dependencies between slides.

This design discards cross-slide interactions that carry diagnostic signal. Such interactions

matter in clinical settings involving multifocal disease, where distinct tumor foci may ap-

pear in separate samples, tumor heterogeneity, where different slides can reveal different

morphologic patterns of the same disease, and multi-site biopsy interpretation.

These three gaps collectively point to the need for a patient-level foundation model that

is open, reproducible, parameter-efficient, and capable of explicitly modeling inter-slide
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dependencies during pretraining rather than through post-hoc fusion.

1.1.7 Problem Definition and Research Question

The problem addressed in this thesis is the following: given a patient case containing one

or more whole-slide images, how can we learn a reusable representation that preserves

diagnostically relevant structure within each slide, captures relationships across slides from

the same patient, and transfers effectively across many downstream clinical tasks. This

problem must be solved under practical constraints that matter to the field, including limited

access to proprietary data, heterogeneous public supervision, and the need for reproducible

training recipes.

Existing pathology foundation models address only part of this problem. Patch en-

coders learn local morphology but do not reason over full slides. Slide encoders model

within-slide context but usually treat each slide independently. When multiple slides are

available for a patient, they are commonly merged with simple early or late fusion rather

than with an explicit patient-level model. The central research question of this thesis is

therefore whether a pathology foundation model trained entirely on public data can learn

a transferable patient-level representation that explicitly models relationships across a pa-

tient’s slides and improves over slide-centric alternatives on diverse downstream tasks.

1.2 Thesis Statement

This thesis proposes MOOZY (Multi-stage Open self-supervised pretraining with lOw-cost

supervision at siZe for patient-aware histopathologY), a patient-first foundation model for

computational pathology in which the patient case, not the individual slide, serves as the

fundamental unit of representation. Rather than encoding slides independently and merg-

ing their embeddings post-hoc, MOOZY explicitly models dependencies across all slides
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belonging to the same patient via a dedicated case transformer during pretraining. We

demonstrate that a two-stage framework, decoupling vision-only slide-level self-supervised

learning from patient-aware multi-task semantic alignment, produces transferable, gener-

alizable, and parameter-efficient embeddings that achieve competitive or superior perfor-

mance across diverse clinical tasks, entirely from public data without proprietary slides,

paired clinical reports, or billion-parameter architectures.

1.3 Objectives and Contributions

The contributions of this thesis can be summarized as follows:

• We propose a two-stage framework that decouples vision-only slide SSL pretrain-

ing (masked self-distillation on 77,134 unlabeled public slides) from patient-aware

semantic alignment, where a case-level aggregator explicitly models dependencies

across all slides of the same patient, making MOOZY the first open and reproducible

attempt to move pathology foundation models beyond naive early/late multi-slide

fusion.

• We construct a large-scale multi-task supervision regime spanning 333 tasks from

56 public datasets, covering classification and four survival endpoints (OS, DSS,

DFI, PFI) across 23 anatomical sites, requiring harmonization of heterogeneous an-

notation formats, clinical records, and cohort conventions, entirely from public data

without private slides, paired reports, or expert annotations.

• We provide comprehensive quantitative and qualitative evaluation by benchmarking

MOOZY on eight held-out tasks against both slide encoders and MIL baselines, com-

plemented by attention map analysis and embedding visualization, demonstrating

that open patient-level pretraining yields competitive, transferable, and parameter-

efficient representations.
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1.4 Outline

The remainder of this thesis is organized as follows. Chapter 2 reviews the related litera-

ture, covering self-supervised learning, pathology patch encoders, multiple instance learn-

ing, and slide-level encoders. Chapter 3 presents the proposed MOOZY framework in

detail, including the Stage 1 self-supervised slide encoder pretraining and Stage 2 patient-

aware semantic alignment, along with all architectural and algorithmic details. Chapter 4

describes the experimental setup, including dataset construction, task preparation, hyper-

parameter configurations, and evaluation protocols. Chapter 5 presents the experimental

results, including comparisons with slide encoders and MIL baselines, ablation studies, at-

tention map analysis, and qualitative embedding visualizations. Chapter 6 concludes the

thesis and discusses future research directions.
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Chapter 2

Related Work

2.1 Self-Supervised Learning Pretraining

Representation learning has undergone a major shift: scaling data and compute has shown

that a single foundation model can support diverse behaviors with minimal task-specific

supervision, as demonstrated most prominently in large language models [10, 48, 39, 109].

Analogous scaling trends have transferred to vision, where large-scale self-supervised pre-

training has been central to developing task-agnostic visual representations. Contrastive ap-

proaches such as SimCLR [17] and MoCo [36], non-contrastive methods like BYOL [32],

Barlow Twins [118], and SimSiam [18], and online prototype learning (SwAV [13]) have

advanced general-purpose encoders. More recently, masked image modeling and self-

distillation via a teacher-student framework (MAE [35], iBOT [120], DINO [14], DI-

NOv2 [78], DINOv3 [93]) have demonstrated strong transferability and zero-shot capacity

across vision tasks.
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2.2 Pathology Patch Encoders

Pathology-specific SSL on public tiles outperforms ImageNet initialization [47, 28], lever-

aging the vision SSL advances described above. The field has converged on the DINOv2

recipe [78], combining self-distillation, masked image modeling, and KoLeo regulariza-

tion [53, 87], with modifications such as KDE-based uniformity objectives [106]. Vision–

language alignment [64, 22] and knowledge distillation [27] serve as complementary di-

rections. Architectures have scaled from ViT-Large [16, 29, 117] to ViT-Huge [105, 122,

16] and ViT-Giant [114, 88, 8, 70], trained on both proprietary [16, 105, 70] and public

data [69, 24, 33, 28, 29].

Yet scaling laws for tile encoders remain unclear: public-only models match much

larger systems [49, 95], suggesting that benchmark discriminability [108] and training-

recipe effects dominate data volume beyond a modest threshold. We hypothesize this satu-

ration is fundamental: H&E tissue occupies a far more constrained visual space than natural

images, with a narrow color palette and bounded set of morphological primitives (e.g., cell

types, glandular architectures, stromal patterns), so tile-level representations approach a

performance ceiling well before general-vision thresholds. The true bottleneck therefore

lies in slide- and context-level modeling: aggregating heterogeneous tiles into whole-slide

representations that capture spatial organization and long-range dependencies, motivating

the slide-level pretraining framework proposed in this work.

2.3 Multiple Instance Learning

Multiple instance learning (MIL) treats a WSI as a bag of patch features with a single slide-

level label. Approaches span permutation-invariant pooling [12], attention scoring [44, 65],

transformer-based inter-patch modeling [92, 104], dual-stream objectives [59], pseudo-bag

augmentation [119], and efficient variants via low-rank approximations [113], knowledge
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graphs [60], and regional re-embedding [100]. Despite their architectural diversity, all these

aggregators are trained from scratch for each downstream task, learning composition rules

that do not generalize across label spaces. This task-specific regime motivates the shift to-

ward pretrained slide encoders that learn universal whole-slide representations, decoupling

context modeling from downstream supervision.

2.4 Slide Encoders

Slide-level pretraining operates on unordered sets of thousands of heterogeneous tile em-

beddings. Vision-only methods apply self-distillation [15, 14], contrastive tile sampling [55,

17], view transformations [41], dilated attention in masked autoencoders [115, 21], lightweight

contextualizers [6], and state-space contrastive learning [57, 34]. Multimodal methods

align slides with clinical text [90, 22, 112, 63], genomic or transcriptomic profiles [45,

116, 102], or cross-stain sections [46, 42]. Supervised approaches train on slide-level la-

bels [74, 75, 107].

Three structural gaps persist across all families. First, reproducibility is limited by pro-

prietary data and withheld checkpoints or training recipes [41, 102, 22, 90]. Second, capac-

ity concentrates in heavyweight tile encoders rather than slide aggregators [90, 22, 46, 102],

despite clinically relevant structure arising primarily from long-range spatial organiza-

tion. Third, multi-slide fusion remains naive, relying on bag union or embedding aver-

aging [90, 57, 102, 116], treating cases as unordered pools rather than explicitly modeling

inter-slide relationships. Our framework addresses all three: a two-stage design decou-

ples vision-only SSL pretraining from patient-aware multi-task alignment, replacing naive

multi-slide fusion with explicit inter-slide dependency modeling at the case level, while

training entirely on public data with a fully released recipe.
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Chapter 3

Methodology

This chapter presents the proposed MOOZY framework in detail. MOOZY is a two-stage

patient-first foundation model for computational pathology. Stage 1 pretrains a slide en-

coder on unlabeled public whole-slide images via self-supervised learning, establishing

general-purpose spatial representations without any label signal. Stage 2 steers these rep-

resentations toward clinical semantics through large-scale multi-task supervision, directly

benefiting from the generalizable prior built in Stage 1. Critically, Stage 2 moves beyond

per-slide encoding: a case-level aggregator explicitly models dependencies across all slides

of the same patient, rather than collapsing multi-slide cases into a single bag or averaging

independent predictions.
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3.1 Stage 1: Self-Supervised Slide Encoder Pretraining

3.1.1 Input Representation

We cast WSI representation learning as self-supervised pretraining on precomputed patch

features (Figure 3, top). Given a WSI W , we partition tissue into non-overlapping 224-

pixel patches and extract features with a frozen patch encoder fpatch:

zi = fpatch(pi), zi ∈ R
dpatch . (1)

Spatial Grid Construction

We arrange patch features and coordinates into a 2-D grid G ∈ R
H×W×dpatch with a binary

validity mask for tissue positions. For patches at level-0 coordinates (xi, yi), let (xmin, ymin)

be the minimum coordinates and ∆ the uniform patch spacing. The grid position (r, c) for

patch i is:

r =

⌊

yi − ymin

∆
+ 0.5

⌋

, c =

⌊

xi − xmin

∆
+ 0.5

⌋

. (2)

Grid positions without tissue are filled with zero vectors, and a binary validity mask V ∈

{0, 1}H×W tracks tissue presence. If a slide is available at multiple magnifications, each

level-specific grid is treated as an independent training sample.

3.1.2 Multi-Scale Crop Sampling

To capture global context and local detail, we sample G global crops of size Sg × Sg and

L local crops of size Sl × Sl (Sg > Sl) uniformly from valid grid locations, with each crop

required to satisfy a minimum valid-token ratio ρmin. For a crop C of size S × S with

corresponding validity mask VC, the minimum valid-token constraint is:

∑

r,c VC,r,c

S2
≥ ρmin. (3)
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Figure 3: Overview of the proposed two-stage framework. Stage 1 (top): A frozen patch

encoder extracts per-patch features arranged into a spatial grid. Multi-scale crops are sam-

pled with spatial augmentations and block-based masking. A student slide encoder and

EMA teacher are jointly trained via CLS-level self-distillation (Lcls) and masked patch

prediction (Lmim). Stage 2 (bottom): The pretrained slide encoder produces per-slide em-

beddings; a case transformer aggregates them into a unified case embedding h̃i, routed to

task-specific classification and survival heads.

Crops failing this criterion are resampled up to a fixed maximum number of attempts.

Unlike [22], which draws global and local views from the same fixed ROI, we sample

crops independently over the full slide grid. This increases spatial diversity and lowers

view mutual information, which benefits self-supervised WSI representation learning [41].

3.1.3 Block-Based Masking

We apply DINOv3-style block masking [93] to global crops only. Because histopathology

tissue is spatially continuous, contiguous masking encourages reasoning over broader mor-

phology instead of reconstructing isolated tokens. In each batch, we select a fraction of
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global crops for masking, assign mask ratios uniformly over [γmin, γmax], and shuffle them

for uniform coverage of the masking range.

Within each batch, a fraction pmask of global crops are selected for masking. Their mask

ratios are distributed as γ1, . . . , γn = linspace(γmin, γmax, n) and randomly shuffled across

the selected crops, ensuring uniform coverage of the masking spectrum within each batch.

For each selected global crop C
g
j with assigned ratio γj , a binary mask Mj ∈ {0, 1}

Sg×Sg

is constructed by iteratively placing rectangular blocks whose aspect ratios are drawn log-

uniformly from [αmin, αmax] at random positions, until the target count of masked valid

tokens is reached:

|{(r, c) : Mj,r,c = 1 ∧ Vj,r,c = 1}| = ⌊γj · |{(r, c) : Vj,r,c = 1}|⌋. (4)

Any remaining budget after block placement is filled by randomly selecting individual valid

tokens.

3.1.4 Slide Encoder Architecture

Our slide encoder (Figure 4A) is a Vision Transformer [23] adapted to precomputed feature

grids. Patch features are projected to dimension d with a linear layer and GELU [38]. We

prepend a learnable [CLS] token and R register tokens [20], and masked student positions

are replaced by a learnable mask embedding. Each block uses pre-norm multi-head self-

attention and an FFN with LayerScale [101] and stochastic depth [43]. To encode spatial

structure without learned positional embeddings, we use 2-D ALiBi [81] as adapted for

WSIs in TITAN [22]. For each attention head h, we add:

b
(h)
i,j = −sh ·

∥pi − pj∥2
∆

, (5)
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Figure 4: Architecture of the slide encoder and case aggregator. (A) The slide encoder

takes patch embeddings, a learnable [CLS] token, R register tokens, and mask tokens,

processed through D transformer blocks. (B) The case aggregator prepends a learnable

[CASE] token to per-slide embeddings and produces a case embedding h̃i, routed to heads

for classification and survival prediction.

where pi are level-0 token coordinates, ∆ is patch spacing, and sh > 0 is a head-specific

geometric slope. [CLS] and register tokens receive zero bias to remain spatially neutral.

We also apply an additive attention mask that sets background-involving pairs to −∞.

3.1.5 Projection Head

The projection head maps encoder tokens to prototype logits with an MLP, an L2-normalized

bottleneck, and a weight-normalized prototype layer [14, 120], shared for [CLS] and patch
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tokens. For an input token embedding h ∈ R
d, the head computes:

u1 = GELU(Wproj
1 h+ b

proj
1 ), (6)

u2 = GELU(Wproj
2 u1 + b

proj
2 ), (7)

u3 =
W

proj
3 u2 + b

proj
3

∥Wproj
3 u2 + b

proj
3 ∥2

, (8)

z = W
proj
4 u3. (9)

Here W
proj
1 ,Wproj

2 ∈ R
dh×d project to hidden dimension dh, W

proj
3 ∈ R

db×dh maps to bottle-

neck dimension db before L2 normalization, and W
proj
4 ∈ R

K×db is the weight-normalized

prototype layer.

3.1.6 Self-Distillation Objective

We use an EMA teacher for self-distillation, updating teacher parameters as ξ ← µξ+(1−

µ)θ with cosine momentum schedule from µ0 to µT . To avoid mode collapse, teacher out-

puts are centered with momentum-updated running averages [14]. The objective combines

global CLS distillation and masked patch prediction. The teacher provides soft targets from

global views, while the student predicts from all views:

Lcls = −
1

G(G+ L− 1)

G
∑

j=1

G+L
∑

i=1
i ̸=j

K
∑

k=1

P
(j)
k logQ

(i)
k , (10)

where P (j) and Q(i) are teacher and student softmax distributions with temperatures τt and

τs. For masked positions in global crops, the student additionally predicts teacher patch-

level distributions:

Lmim = −
1

|M|

∑

(j,r,c)∈M

K
∑

k=1

P
(j)
r,c,k logQ

(j)
r,c,k, (11)
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whereM is the set of masked valid positions, and patch distributions use temperature τ patch
t .

The total loss is L = Lcls + Lmim.

3.2 Stage 2: Patient-Aware Semantic Alignment

A central design principle of MOOZY is to decouple representation learning from semantic

alignment: Stage 1 builds a general-purpose slide encoder on unlabeled data, and Stage 2

steers it toward clinical utility through multi-task supervision without re-learning spatial

representations from task labels alone. This contrasts with task-specific MIL pipelines that

learn both aggregation and task adaptation simultaneously from scratch, and with multi-

modal slide encoders that couple representation quality to the availability of paired text or

genomic data.

Concretely, we fine-tune the Stage 1 encoder with multi-task supervision across diverse

clinical endpoints (Figure 3, bottom). Let T = {T1, . . . , TT} be T supervised tasks. Each

case ci contains one or more WSIs {Wi,1, . . . ,Wi,Si
}, and each task provides either a class

label (classification) or a time-to-event label with event indicator (survival).

3.2.1 Adaptive Token Capping

Stage 2 uses full-slide grids without crop sampling. To handle gigapixel inputs under GPU

memory limits, we apply a hardware-adaptive token cap Kmax(·): if valid tokens exceed

Kmax, we perform stratified random sampling to preserve whole-slide spatial coverage. Let

K = Kmax and partition the valid-rank indices {0, . . . , Vi,j − 1} (in flattened raster order)

into K equal-width bins, where sb and eb denote the start and end rank of bin b, respectively:

sb =

⌊

b Vi,j

K

⌋

, eb =

⌊

(b+ 1)Vi,j

K

⌋

− 1, b = 0, . . . , K − 1. (12)
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For each bin b, one offset is drawn uniformly:

ub ∼ Unif{0, . . . ,max(1, eb − sb + 1)− 1} , (13)

and rank rb = sb + ub is retained. The final retained set {rb}
K−1
b=0 is mapped back to

original valid-token indices, yielding exactly one sampled token per bin. Retained tokens

are compacted and passed to the slide encoder:

hi,j = fθ(X
⋆
i,j,P

⋆
i,j,∆i,j) ∈ R

d. (14)

3.2.2 Case-Level Aggregation

To form one case representation from slide embeddings Hi = {hi,1, . . . ,hi,Si
}, we use a

lightweight transformer aggregator (Figure 4B). A learnable [CASE] token is prepended

and processed through Dcase pre-norm transformer blocks with LayerScale and DropPath,

yielding:

h̃i = LN(zi,Dcase)[0] ∈ R
d. (15)

We apply this aggregator to all cases, including single-slide cases (Si = 1), so that the

learned embedding space is always patient-centric and consistent regardless of slide count

at inference.

3.2.3 Task Head Formulations

Each task Tt has a prediction head gt : R
d → R

ot , either linear or MLP.

Linear head. The linear head applies feature dropout with rate phead before projection:

gt(h̃) = Wt Dropoutphead
(h̃) + bt. (16)
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MLP head. The MLP head uses LayerNorm, two hidden linear layers with GELU, and

fixed internal dropout:

gt(h̃) = W3ϕ
(

W2ϕ
(

W1LN(h̃)
))

, ϕ(u) = Dropout0.25(GELU(u)). (17)

3.2.4 Classification Loss

For classification, we use weighted cross-entropy with label smoothing [99] coefficient ϵ:

L(t)
cls = CEw(t),ϵ

(

{z(t)i , y
(t)
i }i∈Bt

)

, (18)

where class weights use inverse frequency: w
(t)
k = |Dt|/(Kt · |{i ∈ Dt : y

(t)
i = k}|), and

Bt is the valid labeled set.

3.2.5 Survival Loss

For survival prediction, we use a discrete-hazard objective. Survival times are quantized

into Bt bins with edges at training event-time quantiles, and Bt adapts to per-task event

count. For each survival task t, let Et denote the number of observed (uncensored) events

in the training set. The provisional number of discrete time bins is chosen adaptively from

Et using the configured bounds (Bmin, Btarget, Bmax):

B̂t =



















max(Bmin, max(1, Et)), Et < Btarget,

min

(

Bmax, Btarget +

⌊

Et −Btarget

3Btarget

⌋)

, Et ≥ Btarget.

(19)

This rule limits the number of bins when few events are available and allows the discretiza-

tion to grow gradually as the event count increases.

To construct the time discretization, we place B̂t−1 equally-spaced quantile cut-points
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of the observed event-time distribution in the training set, partitioning the time axis into B̂t

candidate intervals. When event times are tied, multiple cut-points may coincide and are

merged, so the effective bin count Bt ≤ B̂t reflects the number of distinct intervals that

remain.

For sample i, let τ
(t)
i denote the observed survival time and let δ

(t)
i ∈ {0, 1} indicate

whether the event was observed (δ
(t)
i = 1) or censored (δ

(t)
i = 0). Let j

(t)
i ∈ {1, . . . , Bt}

denote the index of the time bin containing τ
(t)
i . The model outputs one logit a

(t)
i,k per bin,

which is converted to a discrete hazard:

h
(t)
i,k = σ(a

(t)
i,k), k = 1, . . . , Bt. (20)

Here, h
(t)
i,k represents the conditional probability of experiencing the event in bin k, given

survival through all preceding bins. The per-sample negative log-likelihood is:

ℓ
(t)
i =



































−







∑

k<j
(t)
i

log(1− h
(t)
i,k) + log h

(t)

i,j
(t)
i






, δ

(t)
i = 1,

−
∑

k≤j
(t)
i

log(1− h
(t)
i,k), δ

(t)
i = 0,

(21)

where the first case corresponds to an observed event in bin j
(t)
i , and the second corresponds

to right censoring at bin j
(t)
i . For ranking-based metrics, hazards are converted to scalar

risk:

r
(t)
i = −

Bt
∑

k=1

log(1− h
(t)
i,k). (22)
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Table 1: Augmentation strategies used in each training stage.

Strategy Stage 1 (SSL) Stage 2

(Alignment)

Applied to

Spatial Augmenta-

tion (Flip, Rotation)

✓ ✓ All crops / full grids

Block Masking ✓ ✗ Global crops only

Token Dropout ✗ ✓ Full slide grids

3.2.6 Multi-Task Loss Aggregation

Let Tactive ⊆ T be tasks with usable supervision in the current batch. We average losses

over active tasks:

L =
1

|Tactive|

∑

t∈Tactive

L(t), (23)

which naturally handles sparse multi-task labels by excluding unlabeled tasks for each case.

At inference, the slide encoder and case transformer output h̃i as the final case embedding,

and task heads are discarded.

3.3 Augmentation Strategies

Table 1 summarizes the augmentation strategies used in each training stage. Spatial aug-

mentation improves orientation robustness while preserving morphology, token dropout

regularizes full-slide inputs during Stage 2, and block-based masking defines the masked

prediction signal during Stage 1. Visual examples of these augmentation strategies are

shown in Figure 5.
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Chapter 4

Experimental Setup

4.1 Dataset

We collect 56 open-sourced datasets: REG [56], TCGA (all 32 cohorts) [69], CPTAC

(all 10 cohorts) [24], BC-Therapy [89], BRACS [9], CAMELYON17 [4], DHMC Kid-

ney [121], DHMC LUAD [110], EBRAINS [86, 85], IMP Colorectum [77, 72, 71], IMP Cervix [76],

MBC [7, 31], MUT-HET-RCC [82], NADT Prostate [111], NAT-BRCA [80], and PANDA [11].

All collected slides are processed using AtlasPatch [2], which performs tissue segmentation

using SAM2 [51, 83] model fine-tuned on histopathology data. The resulting tissue masks

define the valid regions from which non-overlapping 224×224 patches are extracted at both

20× and 40× magnification levels, reaching approximately 1.6 billion extracted patches.

We extract features for each patch using a pretrained lightweight patch encoder from [47],

which has 21.67 million parameters and the architecture of ViT-S [23] trained using DI-

NOv2 [78] on 40 million patches. The resulting per-patch feature vectors and their spatial

coordinates are assembled into 2D feature grids, forming the shared input representation

for both training stages.

Table 2 reports slide counts and extracted patch totals at 20× and 40× magnifications

after segmenting tissues from the collected slides. Table 3 reports class-cardinality across
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Table 2: Total number of patches extracted from the full dataset at each magnification level

using non-overlapping 224× 224 tiling.

Magnification Level Number of Slides Number of Patches

20X 53,286 449,943,195

40X 23,848 1,224,330,326

Total 77,134 1,674,273,521

Table 3: Distribution of the number of classes (i.e., labels) per classification task.

Number of Classes 2 3 4 5 6 7 8 9 10 12 30 46

Number of Tasks 148 36 5 5 1 2 1 2 2 1 1 1

classification tasks, where most tasks are low-cardinality and a smaller subset has higher-

cardinality label spaces.

4.1.1 Stage 1 Data

For Stage 1 self-supervised pretraining, the preprocessing yields 77,134 slide feature grids:

53,286 at 20× and 23,848 at 40× magnification, sourced from approximately 31.8 TB of

raw WSI data. The two corresponding feature grids from those two magnification levels

are treated as independent training samples and sampled uniformly. Together, these slides

span 23 distinct anatomical sites: adrenal gland, bladder, brain, breast, cervix, colon and

rectum, esophagus, eye, head and neck, kidney, liver and bile ducts, lung, lymph node,

ovary, pancreas, prostate, skin, soft tissue, stomach, testis, thymus, thyroid, and uterus.

4.1.2 Stage 2 Data

For Stage 2 supervised fine-tuning, we construct 333 tasks in total (205 classification and

128 survival) across all 56 datasets, averaging approximately 6 tasks per dataset. Survival

32



supervision includes overall survival (OS), disease-specific survival (DSS), disease-free in-

terval (DFI), and progression-free interval (PFI), depending on cohort-level endpoint avail-

ability. Of these, 56 are slide-level and 277 are case-level (i.e., predictions aggregated over

all slides of a patient). Not every slide processed in Stage 1 carries a label for at least

one task. After merging all task-specific case lists and deduplicating, the labelled subset

used for Stage 2 comprises 30,024 unique patients and 45,179 unique whole-slide images, a

strict subset of the 53,286 Stage 1 slides, as slides without any associated label are excluded

from supervised training. A consolidated scale overview is shown in Figure 6.

4.1.3 Training Task Distribution by Anatomical Site

Table 4 reports the full distribution of training tasks across anatomical sites and associated

task categories.

4.1.4 Sparse Supervision Structure

Stage 2 supervision is inherently sparse because each case is only labeled for the subset of

tasks available in its source cohort. Let M ∈ {0, 1}N×T denote the case-task supervision

matrix, where Mi,t = 1 if case ci has a valid label for task Tt and Mi,t = 0 otherwise.

For each task during training, loss is computed only on labeled cases, and per-batch opti-

mization averages only over active tasks with usable labels. Figure 7 illustrates this sparse

structure.
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4.2 Task Preparation

4.2.1 TCGA Task Preparation

WSIs were collected from The Cancer Genome Atlas (TCGA) through the Genomic Data

Commons (GDC) portal [69]. We first linked every TCGA slide to its case identifier, then

harmonized case-level clinical and molecular attributes. We include 240 TCGA tasks (117

classification, 123 survival), corresponding to 72.1% of all Stage 2 tasks and 96.1% of all

survival tasks. TCGA supervision spans 32 TCGA projects plus one pan-cancer pooled

task, with 8 slide-level tasks and 232 case-level tasks. Across all TCGA tasks, the la-

beled union covers 9,732 unique cases and 11,857 unique slides. Survival endpoints in-

clude overall survival (OS), disease-specific survival (DSS), disease-free interval (DFI),

and progression-free interval (PFI). Table 5 summarizes task families and cohort coverage.

Pan-cancer cancer-type classification (slide-level). We built a pooled TCGA bench-

mark with 11,185 slides and obtained 46 cancer subtypes labels from [22]. Labels are

defined at slide level and retain cohort-specific subtype granularity.

Primary diagnosis classification (slide-level). We derived cohort-specific primary-

diagnosis tasks from diagnosis records marked as primary disease, excluding missing and

non-informative values. We required at least two classes with at least 25 cases per class.

Seven cohorts satisfied these criteria and are detailed in Table 6.

Tumor grade classification (case-level). We extracted cohort-specific tumor-grade

labels from TCGA diagnosis metadata after harmonizing grade strings into canonical G1

to G4 categories. A task was retained only when at least two classes remained after cleaning

and each class had sufficient support (minimum 10 cases per class).

Survival prediction (case-level). We used four TCGA-CDR endpoints: overall sur-

vival (OS), disease-specific survival (DSS), disease-free interval (DFI), and progression-

free interval (PFI). For each cohort-endpoint pair, event indicators and follow-up times
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were filtered to valid entries, then modeled with a discrete-hazard objective using task-

specific quantile time bins. The bin count was adaptive with target 8 bins and bounds of 2

to 16 bins. OS, DSS, and PFI were available in all 32 cohorts, while DFI was available in

27 cohorts (missing in TCGA-GBM, TCGA-MESO, TCGA-SKCM, TCGA-THYM, and

TCGA-UVM).

Mutation status prediction (case-level). We constructed binary wildtype/mutant tasks

for 25 driver genes (ALK, APC, ARID1A, ATRX, BAP1, BRAF, CDKN2A, CTNNB1,

EGFR, ERBB2, FBXW7, IDH1, IDH2, KRAS, MET, NF1, PBRM1, PIK3CA, PTEN,

RB1, SETD2, SMAD4, TERT, TP53, VHL). Cohort-gene tasks were retained only when

both classes met minimum support (10 cases per class), yielding 99 mutation tasks across

20 cohorts.

For case-level tasks (tumor grade, survival, mutation), labels are defined at patient level

and linked to all slides from that patient. Table 7 provides a detailed cohort-level coverage

breakdown.

4.2.2 REG Task Preparation

REG dataset pairs whole-slide image identifiers with short, templated pathology report text.

Each report follows a consistent schema of the form “organ, procedure; histologic diag-

nosis[, grade]”, which enables a deterministic decomposition into organ, procedure, and

diagnostic content. The corpus contains 8,494 report–slide pairs spanning breast, prostate,

stomach, lung, bladder, colorectal, and cervix specimens. After validation by checking if

all of them follow the same structure, 8,493 records were retained; a single malformed entry

lacking the required delimiter was excluded. This standardized structure permits rule-based

label extraction, avoiding variability and potential bias introduced by LLM-based parsing,

and yielding stable label definitions anchored to the original clinical phrasing.
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Normalization and parsing. Before extracting labels, we unified organ names to a sin-

gle vocabulary (e.g., urinary bladder→bladder, uterine cervix→cervix, nipple→breast).

For tasks spanning multiple organs, colon and rectum were merged into a single colorectal

category, as they share the same diagnostic criteria. Each report was then split into its three

fields using the fixed delimiters, and all labels were derived solely from explicit wording in

those fields, never inferred.

Labeling principle. Label assignment was deliberately conservative: a label was as-

signed only when the report contained clear, unambiguous textual evidence, and the sample

was excluded from that task otherwise. For yes/no attributes, “Present” required an explicit

positive statement, and “Absent” required either an explicit negation or a diagnosis that

logically rules out the attribute. This conservative policy means each task has its own sub-

set of samples. Slides whose reports lack sufficient evidence for a given task simply do not

appear in that task’s dataset. Figure 8 summarizes the resulting 36 tasks by class count,

task type, and label structure. Below we describe the tasks constructed for each organ.

Breast (7 tasks). We extracted seven tasks from breast reports. Histologic type identi-

fies the specific category of breast tissue abnormality (e.g., invasive carcinoma of no special

type, invasive lobular carcinoma, ductal carcinoma in situ (DCIS), fibroadenoma, phyllodes

tumor). When both an invasive component and an in-situ component are mentioned, the in-

vasive component takes precedence. DCIS presence indicates whether a pre-invasive lesion

confined to the milk ducts is mentioned. It is only marked Absent for cases where invasive

carcinoma is confirmed with no DCIS mentioned. Overall histologic grade, tubule forma-

tion, nuclear grade, and mitotic score are the four components of the Nottingham grading

system, a standardized scoring scheme that quantifies how abnormal the cancer cells look

and how fast they are dividing. Each is labeled only when explicitly stated in the report.

Procedure type records the biopsy method (core-needle, sono-guided core, mammotome,

or biopsy NOS) from the report header.
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Prostate (5 tasks). We extracted five tasks from prostate reports. Gleason score is

the sum of the two most prevalent cancer growth patterns in the sample, each rated 1–

5 by the pathologist, where higher scores indicate more aggressive cancer. Primary and

secondary Gleason pattern are the individual pattern scores that make up the total. ISUP

grade group is a simplified 1–5 scale derived from the Gleason score and used interna-

tionally to communicate prostate cancer severity. Tumor presence is marked Present when

cancer terminology (carcinoma/adenocarcinoma) appears and Absent only when the report

explicitly states no tumor was found. All four grading labels are assigned only when the

report explicitly provides the values.

Stomach (5 tasks). We extracted five tasks from stomach reports. Histologic type clas-

sifies the tissue finding (e.g., adenocarcinoma, tubular adenoma, chronic gastritis, MALT

lymphoma, gastrointestinal stromal tumor). Differentiation grade captures how closely

cancer cells resemble normal stomach cells (well / moderately / poorly differentiated). It

is assigned only for adenocarcinoma cases where the report explicitly states the grade.

Adenoma dysplasia grade rates how abnormal the cells in a benign polyp look (low vs.

high grade), assigned only for explicitly stated adenomas. Intestinal metaplasia flags a

specific pre-cancerous change in the stomach lining, labeled Present only when explicitly

mentioned and Absent only when gastritis is stated without it. Malignancy status uses a

three-way scheme where malignant is assigned for carcinoma/lymphoma, pre-malignant

for adenoma or high-grade dysplasia, and benign for gastritis or polyp, all based on explicit

wording. Cases without clear cues are excluded.

Lung (3 tasks). We extracted three tasks from lung reports. Histologic type distin-

guishes the three most common lung cancer subtypes (adenocarcinoma, squamous cell car-

cinoma, small-cell carcinoma) when explicitly named. Small-cell vs. non-small-cell sepa-

rates small-cell lung cancer, a fast-growing subtype requiring different treatment, from all

other types, based on explicit terminology. Malignancy status is labeled only from explicit
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malignant or benign cues.

Bladder (5 tasks). We extracted five tasks from bladder reports. Tumor presence is

labeled Present when carcinoma terminology appears and Absent when the report explicitly

states no tumor. Invasiveness distinguishes whether tumor cells are confined to the inner

lining (non-invasive or in situ) versus having grown into deeper tissue layers (invasive).

Invasion depth adds finer granularity: no invasion, invasion into the connective tissue just

below the lining (subepithelial), or invasion into the muscle wall (muscularis propria), a

critical distinction for treatment decisions. Papillary grade classifies non-invasive papillary

tumors (finger-like growths from the bladder wall) as low or high grade based on explicit

wording. Consolidated tumor type integrates all of the above into a single label, with an

explicit “no tumor” statement taking precedence.

Colorectal (4 tasks). We extracted four tasks from colon and rectum reports. His-

tologic type identifies the tissue finding (e.g., adenocarcinoma, tubular adenoma, sessile

serrated lesion, hyperplastic polyp, chronic colitis). Differentiation grade and adenoma

dysplasia grade follow the same rules as stomach: assigned only for the relevant tissue

type and only when explicitly stated. Malignancy status uses the same malignant/pre-

malignant/benign scheme as stomach.

Cervix (4 tasks). We extracted four tasks from cervix reports. CIN grade (cervical

intraepithelial neoplasia, stages 1–3) and SIL grade (squamous intraepithelial lesion, low

or high) are two overlapping grading systems for pre-cancerous changes in the cervix.

Both are assigned only in non-invasive contexts and are suppressed if invasive cancer is

mentioned. Invasive vs. pre-invasive distinguishes cancer that has breached the cervical

lining from changes still confined within it. Procedure type records the biopsy method

(e.g., colposcopic or punch biopsy) from the report header.

Cross-organ tasks (3 tasks). Beyond the organ-specific tasks, we constructed three

tasks that pool samples across all organs. Organ classification predicts which of the seven
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tissue sites a slide comes from, using the normalized organ vocabulary (with colon and

rectum merged into colorectal). Procedure classification predicts the biopsy method using

a unified taxonomy spanning all organs (endoscopic, transurethral resection, colposcopic,

colonoscopic, sono-guided, core, punch, mammotome, biopsy NOS). A label is assigned

only when the procedure is explicitly named in the report header. Global malignancy de-

tection applies the three-way malignant/pre-malignant/benign scheme across all organs.

Figure 9 shows the class distributions for these three tasks.

4.3 Training Configuration

4.3.1 SSL Pretraining Configuration

We train the slide encoder using the Stage 1 self-supervised framework on all 77,134 slide

feature grids, treating 20× and 40× grids as independent samples. Training uses 8 GPUs

with an effective batch of 1,024 slides (micro batch 64, 2 accumulation steps) for 200

epochs (14,400 optimizer steps, approximately 436 GPU-hours).

The encoder is a 6-layer transformer (d=768, 12 heads, 4 register tokens [20]). Multi-

crop sampling uses G=2 global crops of 20×20 tokens and L=4 local crops of 12×12

tokens, with block masking applied to global crops at mask ratio γ ∼ U [0.1, 0.5]. Op-

timization uses AdamW [62] with a cosine learning rate schedule and an EMA teacher

whose momentum follows a cosine schedule from µ0=0.996 to µT=1.0. Complete hyper-

parameters are provided in Tables 8–12.

4.3.2 Patient-Aware Semantic Alignment Configuration

We fine-tune the SSL-pretrained teacher encoder end-to-end alongside task-specific MLP

heads, following the Stage 2 framework. Both 20× and 40× grids are used as independent

inputs. Training uses 8 GPUs with an effective batch of 1,024 cases (micro batch 1, 128
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accumulation steps) for 20 epochs (1,000 optimizer steps, approximately 512 GPU-hours).

Complete hyperparameters are provided in Tables 13–16.

For case-level aggregation, a case transformer (Dcase=3 layers, 12 heads, learnable

[CASE] token) pools all slides of a patient into a single embedding. We jointly train on

205 classification and 128 survival tasks (333 total) spanning all 56 datasets. Labels form

a sparse matrix where each patient is labeled only for their active tasks, and loss is com-

puted accordingly. Classification tasks use cross-entropy with label smoothing (ϵ=0.03)

and inverse-frequency class weighting. Survival tasks spanning OS, DSS, DFI, and PFI

use a discrete-time hazard model with adaptive per-task binning (target 8 bins, minimum

2, maximum 16) and NLL loss. Optimization uses AdamW [62] with base learning rate

5× 10−5, cosine schedule, and gradient clipping at 0.3. A stratified 5% (task-wise) valida-

tion holdout is used to monitor overfitting.

4.4 Evaluation Protocol

We evaluate on eight held-out tasks that span diverse clinical settings: Residual Cancer Bur-

den (BC Therapy), TP53 mutation (CPTAC-BRCA), BAP1 mutation (CPTAC-CCRCC),

ACVR2A mutation (CPTAC-COAD), Histologic Grade (CPTAC-LSCC), KRAS muta-

tion (CPTAC-LUAD), IDH Status (EBRAINS), and Treatment Response (MBC). All eight

tasks are excluded from training. Seven are case-level and IDH Status is slide-level. All

models are assessed under a unified frozen-feature MLP probe with five-fold evaluation

and patient-level fold grouping. We report mean ± standard deviation for weighted F1,

weighted ROC-AUC, and balanced accuracy.
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4.4.1 MLP Probe Setup

Both the slide encoder and MIL comparisons share the same five-fold evaluation proto-

col. Folds are constructed with label stratification. Each fold applies an 80%/20% train-

validation split. Model selection is based on best validation weighted F1 score. We report

mean ± standard deviation across folds for weighted F1, weighted ROC-AUC, and bal-

anced accuracy.

For the MLP probe setup in the slide encoder comparison, we use a three-layer MLP

classifier on frozen slide representations:

LayerNorm(D)→ Linear(D, h1)→ GELU→ Dropout→

Linear(h1, h2)→ GELU→ Dropout→ Linear(h2, C),

with adaptive hidden sizes h1 = max(4, round(0.66D)) and h2 = max(2, round(0.5h1)).

Optimization uses AdamW with learning rate 1×10−3 and weight decay 1×10−2. Training

runs for 200 epochs with batch size 64, cross-entropy loss, and dropout 0.25 in both hidden

blocks. Class-balanced sampling is applied during training.

The MLP probe setup in the MIL comparison uses the same MLP head used in the slide

encoder comparison, and follows the MIL-Lab implementation [91] for different MILs.

Each patch encoder is paired with five MIL architectures (MeanMIL, ABMIL, CLAM,

DSMIL, and TransMIL). Optimization uses AdamW with learning rate 1×10−3 and weight

decay 1×10−2 for 100 epochs with one bag per iteration and class-balanced sampling. For

multi-slide patients, patient-level predictions are obtained by averaging per-slide logits (late

fusion).
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4.4.2 Linear Probe Setup

For completeness, we additionally evaluate different slide encoders and MILs with a multi-

nomial logistic-regression classifier. We use the same five-fold splits as the MLP compar-

ison, with label stratification and case-level grouping and an 80% to 20% train-validation

split in each fold. The classifier uses L2 regularization and selects regularization strength

by minimizing validation loss over 45 logarithmically spaced values from 10−6 to 105.

Optimization uses LBFGS with a maximum of 500 iterations and class-balanced weight-

ing. Performance is reported as mean and standard deviation across folds for weighted F1,

weighted ROC-AUC, and balanced accuracy.
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Table 4: Distribution of training tasks across anatomical sites and task categories.

Anatomical Site Datasets Tasks Slides Samples Task Categories

Multi-organ 3 5 21,832 18,702 Cancer/Organ Classification, Malignancy Detection,

Procedure Classification
Prostate 4 11 13,282 2,207 Grading, Survival Prediction, Treatment Response,

Tumor Detection
Colon 5 35 6,990 6,977 Grading, Immune Classification, MSI Status, Malig-

nancy Detection, Mutation Prediction, Subtype Clas-

sification, Survival Prediction
Breast 8 27 4,524 3,563 Biomarker Status, Grading, Immune Classification,

Invasion Detection, Lesion Detection, Metastasis De-

tection, Mutation Prediction, Procedure Classifica-

tion, Subtype Classification, Survival Prediction, Tu-

mor Classification
Brain 4 19 4,266 3,126 Grading, Immune Classification, Mutation Predic-

tion, Subtype Classification, Survival Prediction
Kidney 6 27 3,037 2,853 Grading, Immune Classification, Mutation Predic-

tion, Subtype Classification, Survival Prediction
Lung 8 33 2,801 2,280 Histologic Pattern, Immune Classification, Malig-

nancy Detection, Mutation Prediction, Subtype Clas-

sification, Survival Prediction
Stomach 2 20 1,912 1,886 Grading, Lesion Detection, Malignancy Detection,

Mutation Prediction, Subtype Classification, Survival

Prediction
Cervix 3 10 1,500 1,490 Grading, Invasion Detection, Procedure Classifica-

tion, Survival Prediction
Bladder 2 17 1,325 1,254 Grading, Invasion Detection, Mutation Prediction,

Subtype Classification, Survival Prediction, Tumor

Detection
Uterus 3 35 751 656 Grading, Immune Classification, Mutation Predic-

tion, Subtype Classification, Survival Prediction
Head & Neck 2 11 731 558 Grading, Immune Classification, Mutation Predic-

tion, Survival Prediction
Soft Tissue 1 6 600 254 Mutation Prediction, Subtype Classification, Survival

Prediction
Thyroid 1 5 519 506 Mutation Prediction, Survival Prediction
Skin 1 14 475 433 Mutation Prediction, Survival Prediction
Pancreas 2 10 451 288 Grading, Immune Classification, Mutation Predic-

tion, Survival Prediction
Adrenal Gland 2 8 423 232 Survival Prediction
Liver 2 12 418 404 Grading, Mutation Prediction, Survival Prediction
Testis 1 5 303 225 Subtype Classification, Survival Prediction
Ovary 2 5 266 156 Immune Classification, Survival Prediction
Thymus 1 4 181 121 Subtype Classification, Survival Prediction
Esophagus 1 6 158 156 Grading, Subtype Classification, Survival Prediction
Eye 1 4 80 80 Mutation Prediction, Survival Prediction
Lymph Node 1 4 44 44 Survival Prediction
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Figure 7: Schematic of sparse case-task supervision in Stage 2. Rows denote cases and

columns denote tasks. A check mark indicates an available supervision target for that case-

task pair; a cross indicates missing supervision.

Table 5: TCGA task families used in the supervised training run. Unique case/slide counts

are union counts within each family and are not additive across rows.

Task Family Tasks Level Cohorts Label Space Unique Cases Unique Slides

Pan-cancer cancer type 1 Slide Pooled TCGA 46 classes 9,148 11,185

Primary diagnosis 7 Slide 7 cohorts 2 to 3 classes 2,284 2,284

Tumor grade 10 Case 10 cohorts G1 to G4 (2 to 4 observed classes) 3,274 3,790

Mutation status 99 Case 20 cohorts Binary (wildtype vs mutant) 7,955 9,619

Survival endpoints 123 Case 32 cohorts (DFI in 27) Adaptive discrete-hazard bins (2 to 16 bins) 9,578 11,675

TCGA union (all families) 240 Mixed 32 + pooled Mixed 9,732 11,857

Table 6: Included TCGA cohorts and retained primary-diagnosis classes.

Cohort Organ Primary diagnosis classes (count) Samples

TCGA-BRCA Breast Infiltrating duct carcinoma (710), Lobular carcinoma (182) 892

TCGA-COAD Colorectal Adenocarcinoma (378), Mucinous adenocarcinoma (59) 437

TCGA-ESCA Esophagus Squamous cell carcinoma (82), Adenocarcinoma (65) 147

TCGA-SARC Soft tissue Leiomyosarcoma (76), Dedifferentiated liposarcoma (41),

Undifferentiated sarcoma (15)

132

TCGA-TGCT Testis Seminoma (130), Mixed germ cell tumor (25), Embryonal

carcinoma (15)

170

TCGA-THYM Thymus Thymoma type AB (29), Thymoma type B2 (23) 52

TCGA-UCEC Uterus Endometrioid adenocarcinoma (350), Serous cystadenocar-

cinoma (104)

454
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Table 7: Cohort-level coverage of TCGA tasks used in training. Columns report the num-

ber of tasks per family and the union of labeled cases/slides within each cohort across all

included TCGA tasks.

Cohort Surv. Mut. Grade Prim. Dx Total Cases Slides

TCGA-ACC 4 0 0 0 4 56 227

TCGA-BLCA 4 8 0 0 12 386 457

TCGA-BRCA 4 5 0 1 10 1,062 1,133

TCGA-CESC 4 0 1 0 5 269 279

TCGA-CHOL 4 0 1 0 5 39 39

TCGA-COAD 4 11 0 1 16 451 459

TCGA-DLBC 4 0 0 0 4 44 44

TCGA-ESCA 4 0 1 1 6 156 158

TCGA-GBM 3 1 0 0 4 389 860

TCGA-HNSC 4 2 1 0 7 450 472

TCGA-KICH 4 0 0 0 4 108 120

TCGA-KIRC 4 4 1 0 9 513 519

TCGA-KIRP 4 2 0 0 6 275 299

TCGA-LGG 4 5 1 0 10 491 844

TCGA-LIHC 4 2 1 0 7 365 379

TCGA-LUAD 4 6 0 0 10 478 541

TCGA-LUSC 4 2 0 0 6 478 512

TCGA-MESO 3 1 0 0 4 75 87

TCGA-OV 4 0 0 0 4 105 106

TCGA-PAAD 4 2 1 0 7 183 209

TCGA-PCPG 4 0 0 0 4 176 196

TCGA-PRAD 4 0 0 0 4 403 449

TCGA-READ 4 2 0 0 6 165 166

TCGA-SARC 4 1 0 1 6 254 600

TCGA-SKCM 3 11 0 0 14 433 475

TCGA-STAD 4 10 1 0 15 416 442

TCGA-TGCT 4 0 0 1 5 225 303

TCGA-THCA 4 1 0 0 5 506 519

TCGA-THYM 3 0 0 1 4 121 181

TCGA-UCEC 4 22 1 1 28 505 566

TCGA-UCS 4 0 0 0 4 57 91

TCGA-UVM 3 1 0 0 4 80 80
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Figure 8: Characterization of REG classification tasks. (a) Proportion of binary (33.3%,

12 tasks) versus multi-class (66.7%, 24 tasks) tasks. (b) Distribution of class counts per

task, with the majority having 2 or 3 classes. (c) Proportion of ordinal (36.1%, 13 tasks,

e.g., grading) versus nominal tasks (63.9%, 23 tasks, e.g., subtype classification).
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Figure 9: Class distributions for the three cross-organ REG tasks. Organ Classification

(N=8,491) spans seven organs, with breast (22.6%) and prostate (20.8%) as the largest

groups. Malignancy Detection (N=7,430) exhibits a strong class imbalance, with 71.5%

malignant cases. Procedure Classification (N=8,489) covers nine biopsy types, with

biopsy NOS (36.7%) being the most common.
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Table 8: Encoder architecture hyperparameters.

Hyperparameter Value

Input feature dimension (dpatch) 384

Model dimension (d) 768

Number of attention heads (H) 12

Number of transformer layers (D) 6

Feed-forward dimension 3072

Number of register tokens (R) 4

MLP dropout rate 0.1

Attention dropout rate 0.0

Stochastic depth max rate 0.1

LayerScale initialization Disabled

QK normalization Disabled

Learnable ALiBi slopes No (fixed)

Projection Head

Hidden dimension 2048

Bottleneck dimension 256

Output dimension (K) 8192

Weight normalization Enabled (frozen gain)

Table 9: Multi-crop sampling hyperparameters.

Hyperparameter Value

Number of global crops (G) 2

Global crop size (Sg × Sg) 20× 20 tokens

Number of local crops (L) 4

Local crop size (Sl × Sl) 12× 12 tokens

Minimum valid token ratio (ρmin) 0.25

Maximum resampling attempts 3

Spatial Augmentations

Horizontal flip probability (ph) 0.5

Vertical flip probability (pv) 0.5

Rotation probability (pr) 0.5

Rotation angles {90◦, 180◦, 270◦}
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Table 10: Block masking hyperparameters.

Hyperparameter Value

Masking strategy Block

Mask ratio minimum (γmin) 0.1

Mask ratio maximum (γmax) 0.5

Minimum patches per block 4

Maximum patches per block Unlimited

Minimum aspect ratio (αmin) 0.3

Maximum aspect ratio (αmax) 1/0.3 ≈ 3.33
Per-crop masking probability 0.5

Masking applied to Global crops only

Table 11: Optimization hyperparameters for SSL pretraining.

Hyperparameter Value

Optimizer AdamW

Base learning rate 5× 10−4

Reference batch size for LR scaling 256

Minimum learning rate 2× 10−6

Learning rate schedule Cosine decay

Learning rate warmup epochs 5

Weight decay (start) 0.04

Weight decay (end) 0.4

Weight decay schedule Cosine

Gradient clipping (max norm) 0.3

Mixed precision BFloat16

Training Scale

Micro batch size per GPU 64

Number of GPUs 8

Gradient accumulation steps 2

Effective batch size 1024

Number of epochs 200

Total optimizer steps 14,400

Training time (GPU-hours) ≈436
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Table 12: Self-distillation hyperparameters.

Hyperparameter Value

EMA Teacher

Initial momentum (µ0) 0.996

Final momentum (µT ) 1.0

Momentum schedule Cosine

Temperature

Student temperature (τs) 0.1

Teacher CLS temperature (start) 0.04

Teacher CLS temperature (end, τt) 0.07

Teacher patch temperature (start) 0.04

Teacher patch temperature (end, τ patch
t ) 0.07

Temperature warmup epochs 30

Centering

Center momentum (λ) 0.9

Stabilization

Freeze final projection layer (epochs) 3

Table 13: Architecture hyperparameters for semantic alignment. The slide encoder uses

the same architecture as SSL pretraining (Table 8), initialized from the pretrained teacher

weights.

Hyperparameter Value

Case Transformer

Number of layers (Dcase) 3

Number of attention heads 12

Feed-forward dimension 3072
Dropout rate 0.1

LayerScale initialization 10−5

[CASE] token initialization std 0.02

Task Heads

Head type MLP

Head dropout rate 0.1
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Table 14: Optimization hyperparameters for semantic alignment.

Hyperparameter Value

Optimizer AdamW

Base learning rate 5× 10−5

Minimum learning rate 2× 10−7

Learning rate schedule Cosine annealing

Warmup steps 0

Weight decay 0.4

Gradient clipping (max norm) 0.3

Mixed precision BFloat16

Training Scale

Micro batch size per GPU 1 case

Number of GPUs 8

Gradient accumulation steps 128

Effective batch size 1024 cases

Number of epochs 20

Total optimizer steps 1,000

Training time (GPU-hours) ≈512

Table 15: Data augmentation hyperparameters for semantic alignment.

Hyperparameter Value

Spatial Augmentations

Horizontal flip probability (ph) 0.5

Vertical flip probability (pv) 0.5

Rotation probability (pr) 0.5

Rotation angles {90◦, 180◦, 270◦}

Token Dropout

Maximum dropout ratio (ρmax) 0.1
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Table 16: Loss function hyperparameters for semantic alignment.

Hyperparameter Value

Classification Tasks

Label smoothing (ϵ) 0.03

Class weighting Inverse frequency

Survival Tasks

Loss function Discrete-time NLL (hazard)

Time bins (min / target / max) 2 / 8 / 16

Class weighting None

Multi-Task Aggregation

Task loss weighting Equal (average)

Validation

Validation split ratio 0.05 (5%)

Stratification By task (class/event)
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Chapter 5

Results and Discussion

5.1 Comparison with Slide Encoders

We compare MOOZY against five slide encoders: CHIEF, GigaPath, PRISM, Madeleine,

and TITAN. For case-level tasks, baseline encoders produce patient representations by av-

eraging per-slide embeddings before probing, while MOOZY uses its native case-level em-

bedding from the case transformer, requiring no post-hoc fusion. For the slide-level IDH

Status task, all methods are evaluated per slide. Results are presented in Table 17.

MOOZY achieves best or tied-best weighted F1 on all eight tasks and best or second-

best AUC and balanced accuracy on seven of eight tasks. The largest margins are on Resid-

ual Cancer Burden (+0.05 F1, +0.11 AUC over Madeleine). On mutation tasks, MOOZY

is strongest on ACVR2A across all three metrics and improves F1 on BAP1 and KRAS,

while TITAN remains stronger on BAP1 AUC and KRAS balanced accuracy, suggesting

complementary strengths between cross-slide aggregation and multimodal pretraining. TI-

TAN is the closest overall competitor, also leading on TP53 AUC. Treatment Response is

the main exception, where high variance (±0.17) limits firm conclusions.
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Figure 10: (a) Weighted F1 across eight held-out tasks. Brackets report [min – max]

weighted F1 for each task, with the center corresponding to the minimum and the outer

ring to the maximum observed value. (b) Macro-averaged weighted F1 versus total param-

eter count (log scale), showing that MOOZY remains highly accurate while being highly

parameter-efficient.

5.2 Parameter Efficiency

MOOZY totals 85.77M parameters (64.10M slide and patient encoder + 21.67M patch

encoder), making it 4–14× smaller than competing encoders (GigaPath 1.22B, PRISM

742M, Madeleine 400M, TITAN 355M). CHIEF is smaller in absolute size but delivers

substantially weaker performance. This efficiency stems from concentrating capacity at

the slide level and reusing a lightweight public patch encoder. A detailed breakdown is

provided in Table 18.

5.3 Comparison with MIL Baselines

We compare MOOZY against five patch encoders in the MIL setting. Each encoder is

paired with five MIL architectures (MeanMIL, ABMIL, CLAM, DSMIL, and TransMIL)

following [91], and each entry is the arithmetic mean over the five architectures. This
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Table 17: Frozen-feature MLP probe comparison against slide encoder baselines on eight

held-out tasks. Bold: best; underline: second best.

Task Metric CHIEF

Giga-

Path PRISM
Made-
leine TITAN

MOOZY
(Ours)

Residual Cancer

Burden

F1 0.46±0.03 0.45±0.05 0.46±0.07 0.51±0.03 0.43±0.07 0.56±0.05
AUC 0.60±0.05 0.55±0.08 0.58±0.06 0.63±0.03 0.58±0.07 0.74±0.04

Bal. Acc 0.44±0.05 0.40±0.05 0.43±0.04 0.48±0.03 0.38±0.11 0.51±0.06

TP53 Mut.
F1 0.82±0.05 0.76±0.03 0.85±0.03 0.84±0.06 0.87±0.04 0.87±0.04

AUC 0.81±0.09 0.76±0.06 0.85±0.05 0.85±0.08 0.91±0.04 0.86±0.06
Bal. Acc 0.83±0.04 0.76±0.04 0.84±0.04 0.84±0.05 0.88±0.04 0.86±0.05

BAP1 Mut.
F1 0.86±0.04 0.84±0.06 0.80±0.07 0.85±0.08 0.84±0.06 0.89±0.06

AUC 0.75±0.09 0.63±0.17 0.71±0.09 0.78±0.11 0.82±0.06 0.79±0.12
Bal. Acc 0.75±0.12 0.66±0.14 0.66±0.10 0.75±0.12 0.75±0.11 0.78±0.11

ACVR2A Mut.
F1 0.89±0.07 0.80±0.10 0.85±0.03 0.89±0.09 0.87±0.05 0.91±0.05

AUC 0.80±0.13 0.74±0.11 0.83±0.08 0.76±0.19 0.79±0.10 0.91±0.09
Bal. Acc 0.80±0.12 0.65±0.10 0.81±0.08 0.81±0.16 0.76±0.15 0.90±0.10

Histologic

Grade

F1 0.71±0.07 0.77±0.03 0.73±0.11 0.75±0.06 0.73±0.06 0.78±0.08
AUC 0.71±0.09 0.77±0.04 0.67±0.11 0.74±0.08 0.71±0.04 0.75±0.15

Bal. Acc 0.73±0.06 0.77±0.03 0.73±0.12 0.74±0.06 0.73±0.06 0.77±0.08

KRAS Mut.
F1 0.77±0.08 0.77±0.08 0.72±0.07 0.81±0.06 0.80±0.05 0.85±0.04

AUC 0.76±0.14 0.72±0.09 0.61±0.12 0.70±0.05 0.80±0.05 0.80±0.06
Bal. Acc 0.74±0.13 0.76±0.08 0.63±0.13 0.77±0.07 0.81±0.05 0.79±0.10

IDH Status
F1 0.92±0.01 0.94±0.02 0.91±0.02 0.92±0.02 0.94±0.02 0.97±0.02

AUC 0.96±0.01 0.97±0.02 0.95±0.01 0.96±0.01 0.97±0.01 0.99±0.01
Bal. Acc 0.92±0.01 0.94±0.02 0.91±0.02 0.91±0.02 0.94±0.02 0.97±0.02

Treatment

Response

F1 0.53±0.07 0.51±0.07 0.57±0.08 0.49±0.05 0.49±0.02 0.58±0.14
AUC 0.70±0.06 0.68±0.10 0.69±0.07 0.59±0.05 0.60±0.06 0.68±0.07

Bal. Acc 0.48±0.10 0.40±0.08 0.51±0.11 0.35±0.09 0.37±0.06 0.48±0.17

comparison is deliberately asymmetric: MIL baselines train a task-specific aggregator from

scratch on labeled data, whereas MOOZY is entirely frozen and evaluated with an MLP

probe on its pretrained case embedding. Macro-average results are shown in Table 19 and

the full per-task breakdown in Table 20.

At the macro level (Table 19), MOOZY leads all three metrics, improving over the

strongest MIL baseline (CONCH v1.5) by +0.055 weighted F1, +0.064 weighted ROC-

AUC, and +0.062 balanced accuracy. The remaining MIL baselines (Backbone, UNI v2,

Phikon v2, MUSK) cluster within a narrow band, with no single encoder consistently sec-

ond across all metrics.
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Table 18: Parameter count comparison across slide encoders. MOOZY (85.77M total) is

the most parameter-efficient slide-level encoder while achieving best or tied-best perfor-

mance on most held-out tasks (Table 17).

Encoder Slide Encoder Parameters Patch Encoder Parameters Total Parameters

CHIEF 1.19M 27.52M 28.71M
GigaPath 85.15M 1.13B 1.22B
PRISM 110.83M 631.23M 742.06M
Madeleine 5.00M 395.23M 400.23M
TITAN 48.54M 306.11M 354.65M
MOOZY (Ours) 42.8M (slide) + 21.3M (case) 21.67M 85.77M

The per-task results (Table 20) reveal that MOOZY achieves best weighted F1 and best

balanced accuracy on all eight tasks, and best ROC-AUC on seven of eight. The largest

margins appear on ACVR2A mutation, where MOOZY exceeds the next-best baseline

by +0.07 F1, +0.17 AUC, and +0.17 balanced accuracy, and on Residual Cancer Burden

(+0.09 F1, +0.13 AUC, +0.07 balanced accuracy over CONCH v1.5). On mutation tasks,

MOOZY improves over the strongest MIL baseline by +0.07 F1 on TP53, +0.03 F1 on

BAP1, and +0.05 F1 on KRAS. IDH Status shows the clearest separation, with MOOZY

reaching 0.97 F1 and 0.99 AUC compared to 0.94 and 0.97 for CONCH v1.5. The sole

metric where MOOZY does not lead is Histologic Grade AUC, where CONCH v1.5 edges

ahead by 0.01 (0.76 vs. 0.75), though MOOZY retains the lead on F1 and balanced accuracy

for this task. Treatment Response again exhibits high variance (±0.14 F1), but MOOZY

still leads on F1 and balanced accuracy and ties MUSK on AUC.

CONCH v1.5 is the strongest MIL baseline overall, ranking first or second among MIL

methods on the majority of task-metric pairs. This is consistent with its vision-language

pretraining, which produces richer patch features than vision-only encoders. MUSK fol-

lows as second-strongest on BAP1 and Treatment Response. Despite the advantage that

task-specific aggregation gives MIL baselines, particularly the ability to attend to a few

decisive patch regions, MOOZY’s frozen patient-level representations consistently out-

perform, indicating that the structure captured during patient-aware pretraining subsumes
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Table 19: Macro-average MIL comparison across eight held-out tasks. Each entry averages

over five MIL architectures (MeanMIL, ABMIL, CLAM, DSMIL, TransMIL).

Metric Backbone
UNI
v2

Phikon
v2

CONCH
v1.5 MUSK

MOOZY
(Ours)

F1 (weighted) 0.733 0.716 0.715 0.746 0.729 0.801
ROC-AUC (weighted) 0.735 0.719 0.724 0.751 0.725 0.815
Balanced Acc 0.686 0.660 0.654 0.696 0.679 0.758

much of what task-specific MIL training learns.

5.4 Multi-Stage Ablation

Table 21 reports macro-average results for four configurations. Stage 2 only (task supervi-

sion without SSL) slightly underperforms Stage 1 alone on weighted F1:

F1Stage 2 = 0.748 vs. F1Stage 1 = 0.760, (24)

and AUC:

AUCStage 2 = 0.725 vs. AUCStage 1 = 0.753, (25)

confirming that SSL provides a foundation that task supervision alone cannot recover.

Combining both stages with the case aggregator yields the strongest results, validating the

two-stage design: SSL provides a generalizable spatial prior, and patient-aware alignment

provides clinical grounding that SSL alone cannot achieve.

5.4.1 Stage 1 Only vs. MOOZY

Table 22 provides the complete task-level breakdown. MOOZY improves most tasks, with

the largest gains on ACVR2A mutation and BAP1 mutation. KRAS mutation remains

close between stages, with near-parity in weighted F1 and small decreases in weighted

ROC-AUC and balanced accuracy. Despite this task-specific variation, macro averages
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Table 20: Comparison of MOOZY against patch encoder baselines with trained MIL aggre-

gators on eight held-out tasks. MIL baselines train a task-specific aggregator from scratch

on frozen patch features; MOOZY is entirely frozen and evaluated with an MLP probe.

Each patch encoder entry is the arithmetic mean over five MIL architectures (MeanMIL,

ABMIL, CLAM, DSMIL, and TransMIL). Bold: best; underline: second best.

Task Metric Backbone
UNI
v2

Phikon
v2

CONCH
v1.5 MUSK

MOOZY
(Ours)

Residual Cancer

Burden

F1 (weighted) 0.46±0.05 0.44±0.05 0.42±0.06 0.47±0.05 0.44±0.05 0.56±0.05

ROC-AUC (weighted) 0.60±0.06 0.60±0.06 0.59±0.06 0.61±0.06 0.59±0.07 0.74±0.04

Balanced Acc 0.44±0.06 0.40±0.06 0.39±0.06 0.42±0.06 0.40±0.06 0.51±0.06

TP53 mutation

F1 (weighted) 0.77±0.06 0.77±0.07 0.78±0.07 0.80±0.06 0.79±0.06 0.87±0.04

ROC-AUC (weighted) 0.79±0.07 0.75±0.09 0.78±0.08 0.81±0.08 0.80±0.06 0.86±0.06

Balanced Acc 0.76±0.05 0.77±0.07 0.77±0.07 0.79±0.07 0.79±0.04 0.86±0.05

BAP1 mutation

F1 (weighted) 0.84±0.04 0.82±0.05 0.83±0.05 0.85±0.05 0.86±0.06 0.89±0.06

ROC-AUC (weighted) 0.66±0.19 0.65±0.16 0.67±0.12 0.75±0.13 0.73±0.13 0.79±0.12

Balanced Acc 0.67±0.10 0.64±0.10 0.68±0.10 0.74±0.09 0.73±0.10 0.78±0.11

ACVR2A

mutation

F1 (weighted) 0.83±0.09 0.84±0.07 0.81±0.11 0.82±0.07 0.79±0.09 0.91±0.05

ROC-AUC (weighted) 0.74±0.10 0.72±0.16 0.73±0.13 0.70±0.14 0.60±0.19 0.91±0.09

Balanced Acc 0.73±0.09 0.73±0.11 0.68±0.13 0.70±0.10 0.65±0.12 0.90±0.10

Histologic Grade
F1 (weighted) 0.74±0.05 0.74±0.05 0.72±0.05 0.76±0.05 0.75±0.08 0.78±0.08

ROC-AUC (weighted) 0.73±0.09 0.73±0.05 0.72±0.06 0.76±0.08 0.74±0.08 0.75±0.15
Balanced Acc 0.74±0.05 0.75±0.06 0.72±0.05 0.75±0.05 0.75±0.07 0.77±0.08

KRAS mutation

F1 (weighted) 0.78±0.07 0.74±0.05 0.74±0.05 0.80±0.08 0.76±0.07 0.85±0.04

ROC-AUC (weighted) 0.74±0.10 0.71±0.09 0.68±0.07 0.74±0.12 0.70±0.10 0.80±0.06

Balanced Acc 0.76±0.09 0.69±0.08 0.68±0.06 0.77±0.09 0.72±0.08 0.79±0.10

IDH Status

F1 (weighted) 0.93±0.02 0.93±0.02 0.93±0.02 0.94±0.02 0.92±0.02 0.97±0.02

ROC-AUC (weighted) 0.96±0.01 0.97±0.01 0.97±0.01 0.97±0.01 0.96±0.01 0.99±0.01

Balanced Acc 0.93±0.02 0.93±0.02 0.93±0.02 0.93±0.02 0.92±0.02 0.97±0.02

Treatment

Response

F1 (weighted) 0.51±0.08 0.45±0.04 0.49±0.08 0.53±0.06 0.52±0.08 0.58±0.14

ROC-AUC (weighted) 0.66±0.10 0.62±0.04 0.65±0.08 0.67±0.08 0.68±0.07 0.68±0.07

Balanced Acc 0.46±0.12 0.37±0.07 0.38±0.08 0.47±0.11 0.47±0.09 0.48±0.17

remain consistently positive across all three metrics.

5.4.2 Stage 2 Only vs. MOOZY

Table 23 provides the complete task-level breakdown for the Stage 2 only versus MOOZY

comparison. Stage 2 only trains the slide encoder with multi-task supervision from scratch,

without Stage 1 SSL pretraining, and serves as an ablation of the self-supervised initial-

ization. MOOZY improves over Stage 2 only on every task-metric pair, confirming that
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Table 21: Unified macro-average ablation across eight held-out tasks. The table includes

Stage 1 only, Stage 2 only, MOOZY without the case aggregator (mean slide pooling), and

full MOOZY.

Setting Stage 1 Stage 2 Case Agg. F1 AUC Bal. Acc
Stage 1 only ✓ ✗ ✗ 0.760 0.753 0.701
Stage 2 only ✗ ✓ ✓ 0.748 0.725 0.701
MOOZY w/o case agg. ✓ ✓ ✗ 0.771 0.789 0.729
MOOZY ✓ ✓ ✓ 0.801 0.815 0.758

Table 22: Task-wise comparison between Stage 1 and MOOZY (Ours) across the eight

slide-encoder evaluation tasks. Values are mean ± standard deviation across five folds.

Relative improvement is computed as (MOOZY−Stage 1)/Stage 1×100 using fold means.

Task F1 (S1) F1 (MOOZY) ∆F1 (%) AUC (S1) AUC (MOOZY) ∆AUC (%) Bal. Acc (S1) Bal. Acc (MOOZY) ∆Bal. Acc (%)

Residual Cancer Burden 0.51±0.05 0.56±0.05 +9.80 0.63±0.06 0.74±0.04 +17.46 0.48±0.06 0.51±0.06 +6.25

TP53 mutation 0.81±0.07 0.87±0.04 +7.41 0.79±0.07 0.86±0.06 +8.86 0.80±0.06 0.86±0.05 +7.50

BAP1 mutation 0.83±0.07 0.89±0.06 +7.23 0.66±0.23 0.79±0.12 +19.70 0.66±0.12 0.78±0.11 +18.18

ACVR2A mutation 0.84±0.08 0.91±0.05 +8.33 0.77±0.12 0.91±0.09 +18.18 0.69±0.13 0.90±0.10 +30.43

Histologic Grade 0.76±0.05 0.78±0.08 +2.63 0.73±0.05 0.75±0.15 +2.74 0.76±0.06 0.77±0.08 +1.32

KRAS mutation 0.85±0.08 0.85±0.04 +0.00 0.82±0.10 0.80±0.06 -2.44 0.83±0.07 0.79±0.10 -4.82

IDH Status 0.93±0.01 0.97±0.02 +4.30 0.96±0.01 0.99±0.01 +3.13 0.92±0.01 0.97±0.02 +5.43

Treatment Response 0.55±0.09 0.58±0.14 +5.45 0.66±0.09 0.68±0.07 +3.03 0.47±0.14 0.48±0.17 +2.13

Macro average 0.760 0.801 +5.43 0.753 0.815 +8.31 0.701 0.758 +8.02

Stage 1 pretraining provides a representation foundation that facilitates downstream se-

mantic alignment. The largest gains appear on KRAS mutation AUC (+29.03%), Treat-

ment Response (+18.37% F1, +17.07% balanced accuracy), and Residual Cancer Burden

(+12.00% F1). IDH Status and Histologic Grade show smaller but consistently positive

improvements.

5.5 Case Aggregator Ablation

We ablate the patient-level case aggregator by comparing MOOZY without the case ag-

gregator (Stage 2 slide encoder with mean slide pooling) against full MOOZY. Table 24

provides the complete task-level breakdown. The consistent gains on case-level tasks con-

firm that explicit inter-slide modeling captures information that per-slide embeddings do

not encode individually. The near-parity on the slide-level IDH Status task is expected and

confirms that the aggregator does not degrade transferability when case-level context is
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Table 23: Task-wise comparison between Stage 2 only and MOOZY (Ours) across the eight

slide-encoder evaluation tasks. Stage 2 only trains the slide encoder with multi-task super-

vision but without Stage 1 SSL pretraining. Values are mean ± standard deviation across

five folds. Relative improvement is computed as (MOOZY−Stage 2 only)/Stage 2 only×
100 using fold means.

Task F1 (S2) F1 (MOOZY) ∆F1 (%) AUC (S2) AUC (MOOZY) ∆AUC (%) Bal. Acc (S2) Bal. Acc (MOOZY) ∆Bal. Acc (%)

Residual Cancer Burden 0.50±0.02 0.56±0.05 +12.00 0.65±0.02 0.74±0.04 +13.85 0.47±0.05 0.51±0.06 +8.51

TP53 mutation 0.77±0.07 0.87±0.04 +12.99 0.75±0.08 0.86±0.06 +14.67 0.76±0.07 0.86±0.05 +13.16

BAP1 mutation 0.85±0.04 0.89±0.06 +4.71 0.72±0.17 0.79±0.12 +9.72 0.74±0.13 0.78±0.11 +5.41

ACVR2A mutation 0.89±0.04 0.91±0.05 +2.25 0.79±0.12 0.91±0.09 +15.19 0.81±0.16 0.90±0.10 +11.11

Histologic Grade 0.76±0.05 0.78±0.08 +2.63 0.71±0.09 0.75±0.15 +5.63 0.75±0.05 0.77±0.08 +2.67

KRAS mutation 0.77±0.08 0.85±0.04 +10.39 0.62±0.07 0.80±0.06 +29.03 0.72±0.07 0.79±0.10 +9.72

IDH Status 0.95±0.01 0.97±0.02 +2.11 0.97±0.01 0.99±0.01 +2.06 0.95±0.01 0.97±0.02 +2.11

Treatment Response 0.49±0.07 0.58±0.14 +18.37 0.59±0.06 0.68±0.07 +15.25 0.41±0.11 0.48±0.17 +17.07

Macro average 0.748 0.801 +7.09 0.725 0.815 +12.41 0.701 0.758 +8.13

Table 24: Task-wise comparison between MOOZY w/o case aggregator

(Stage 2 slide encoder alone with mean slide pooling) and MOOZY (Ours)

across the eight slide-encoder evaluation tasks. Values are mean ± stan-

dard deviation across five folds. Relative improvement is computed as

(MOOZY − MOOZY w/o case aggregator)/MOOZY w/o case aggregator × 100 us-

ing fold means.

Task F1 (w/o Case Agg.) F1 (MOOZY) ∆F1 (%) AUC (w/o Case Agg.) AUC (MOOZY) ∆AUC (%) Bal. Acc (w/o Case Agg.) Bal. Acc (MOOZY) ∆Bal. Acc (%)

Residual Cancer Burden 0.49±0.04 0.56±0.05 +14.29 0.64±0.08 0.74±0.04 +15.62 0.45±0.06 0.51±0.06 +13.33

TP53 mutation 0.84±0.04 0.87±0.04 +3.57 0.84±0.06 0.86±0.06 +2.38 0.85±0.05 0.86±0.05 +1.18

BAP1 mutation 0.87±0.05 0.89±0.06 +2.30 0.76±0.14 0.79±0.12 +3.95 0.76±0.12 0.78±0.11 +2.63

ACVR2A mutation 0.88±0.05 0.91±0.05 +3.41 0.89±0.10 0.91±0.09 +2.25 0.80±0.12 0.90±0.10 +12.50

Histologic Grade 0.76±0.06 0.78±0.08 +2.63 0.74±0.10 0.75±0.15 +1.35 0.76±0.06 0.77±0.08 +1.32

KRAS mutation 0.84±0.05 0.85±0.04 +1.19 0.79±0.08 0.80±0.06 +1.27 0.81±0.06 0.79±0.10 -2.47

IDH Status 0.96±0.01 0.97±0.02 +1.04 0.99±0.01 0.99±0.01 +0.00 0.96±0.01 0.97±0.02 +1.04

Treatment Response 0.53±0.06 0.58±0.14 +9.43 0.66±0.04 0.68±0.07 +3.03 0.44±0.05 0.48±0.17 +9.09

Macro average 0.771 0.801 +3.89 0.789 0.815 +3.33 0.729 0.758 +3.95

uninformative.

5.6 Linear Probe Results

We complement the MLP probe evaluation with linear probing to assess how much diag-

nostic information is directly accessible without a nonlinear readout. Table 25 compares

frozen slide-encoder representations under a shared multinomial logistic-regression classi-

fier, while Table 26 compares MOOZY against MIL baselines that still learn task-specific

patch aggregation, with each entry averaged over MeanMIL, ABMIL, CLAM, DSMIL, and

TransMIL.
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Table 25: Linear-probe slide encoder comparison across tasks.

Task Metric CHIEF

Giga-

Path PRISM
Made-
leine TITAN

MOOZY
(Ours)

Residual Cancer

Burden

F1 0.34±0.06 0.32±0.05 0.33±0.09 0.36±0.07 0.34±0.09 0.38±0.11

AUC 0.58±0.05 0.57±0.07 0.61±0.03 0.62±0.03 0.57±0.06 0.66±0.05

Bal. Acc 0.39±0.04 0.30±0.06 0.32±0.02 0.40±0.05 0.38±0.08 0.44±0.07

TP53 Mut.

F1 0.70±0.08 0.69±0.09 0.77±0.07 0.77±0.06 0.84±0.04 0.80±0.06
AUC 0.80±0.09 0.75±0.06 0.85±0.06 0.85±0.06 0.88±0.04 0.87±0.03

Bal. Acc 0.70±0.07 0.71±0.08 0.78±0.08 0.78±0.05 0.84±0.03 0.81±0.05

BAP1 Mut.

F1 0.75±0.06 0.75±0.10 0.71±0.11 0.73±0.09 0.75±0.10 0.78±0.05

AUC 0.67±0.14 0.66±0.15 0.63±0.16 0.69±0.14 0.68±0.09 0.74±0.11

Bal. Acc 0.60±0.19 0.56±0.15 0.54±0.18 0.60±0.19 0.59±0.16 0.64±0.12

ACVR2A Mut.

F1 0.86±0.03 0.69±0.13 0.77±0.06 0.78±0.09 0.81±0.06 0.83±0.04
AUC 0.79±0.09 0.69±0.15 0.81±0.11 0.76±0.16 0.82±0.04 0.89±0.07

Bal. Acc 0.76±0.07 0.52±0.14 0.68±0.15 0.66±0.14 0.69±0.13 0.78±0.10

Histologic

Grade

F1 0.63±0.03 0.68±0.04 0.56±0.14 0.62±0.07 0.62±0.06 0.66±0.08
AUC 0.65±0.05 0.77±0.06 0.60±0.18 0.71±0.12 0.64±0.06 0.74±0.11

Bal. Acc 0.64±0.04 0.69±0.04 0.56±0.14 0.62±0.09 0.63±0.07 0.68±0.08

KRAS Mut.

F1 0.59±0.09 0.71±0.07 0.59±0.07 0.66±0.15 0.72±0.08 0.71±0.08
AUC 0.63±0.10 0.69±0.10 0.59±0.07 0.62±0.15 0.77±0.06 0.73±0.07

Bal. Acc 0.55±0.10 0.73±0.07 0.58±0.06 0.63±0.18 0.73±0.09 0.71±0.09

IDH Status

F1 0.92±0.02 0.93±0.01 0.89±0.02 0.90±0.01 0.93±0.02 0.95±0.02

AUC 0.96±0.01 0.97±0.01 0.96±0.01 0.96±0.01 0.98±0.01 0.99±0.01

Bal. Acc 0.91±0.02 0.93±0.02 0.89±0.02 0.90±0.02 0.93±0.02 0.95±0.02

Treatment

Response

F1 0.39±0.06 0.39±0.10 0.39±0.12 0.36±0.11 0.34±0.04 0.47±0.11

AUC 0.64±0.06 0.64±0.08 0.69±0.10 0.61±0.05 0.64±0.04 0.60±0.08

Bal. Acc 0.37±0.09 0.29±0.10 0.33±0.10 0.34±0.16 0.30±0.02 0.38±0.10

The MLP-to-linear drop is not specific to MOOZY. Across all six slide encoders in Ta-

bles 17 and 25, replacing the MLP probe with logistic regression reduces macro weighted

F1 by 0.097 on average and balanced accuracy by 0.086, with F1 drops ranging from 0.078

(TITAN) to 0.110 (PRISM, Madeleine) and balanced-accuracy drops from 0.066 (TITAN)

to 0.105 (PRISM). In contrast, weighted ROC-AUC decreases by only 0.027. This pat-

tern is consistent with a well-established finding in self-supervised representation learning,

where nonlinear probes consistently outperform linear ones when evaluating frozen fea-

tures, as demonstrated across the DINO [14], iBOT [120], DINOv2 [78], and DINOv3 [93]
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Table 26: Linear-probe MIL comparison across tasks, averaged over MeanMIL, ABMIL,

CLAM, DSMIL, and TransMIL.

Task Metric Backbone
UNI
v2

Phikon
v2

CONCH
v1.5 MUSK

MOOZY
(Ours)

Residual Cancer

Burden

F1 (weighted) 0.46±0.05 0.44±0.05 0.42±0.06 0.47±0.05 0.44±0.05 0.38±0.11

ROC-AUC (weighted) 0.60±0.06 0.60±0.06 0.59±0.06 0.61±0.06 0.59±0.07 0.66±0.05

Balanced Acc 0.44±0.06 0.40±0.06 0.39±0.06 0.42±0.06 0.40±0.06 0.44±0.07

TP53 mutation

F1 (weighted) 0.77±0.06 0.77±0.07 0.78±0.07 0.80±0.06 0.79±0.06 0.80±0.06
ROC-AUC (weighted) 0.79±0.07 0.75±0.09 0.78±0.08 0.81±0.08 0.80±0.06 0.87±0.03

Balanced Acc 0.76±0.05 0.77±0.07 0.77±0.07 0.79±0.07 0.79±0.04 0.81±0.05

BAP1 mutation

F1 (weighted) 0.84±0.04 0.82±0.05 0.83±0.05 0.85±0.05 0.86±0.06 0.78±0.05

ROC-AUC (weighted) 0.66±0.19 0.65±0.16 0.67±0.12 0.75±0.13 0.73±0.13 0.74±0.11
Balanced Acc 0.67±0.10 0.64±0.10 0.68±0.10 0.74±0.09 0.73±0.10 0.64±0.12

ACVR2A

mutation

F1 (weighted) 0.83±0.09 0.84±0.07 0.81±0.11 0.82±0.07 0.79±0.09 0.83±0.04

ROC-AUC (weighted) 0.74±0.10 0.72±0.16 0.73±0.13 0.70±0.14 0.60±0.19 0.89±0.07

Balanced Acc 0.73±0.09 0.73±0.11 0.68±0.13 0.70±0.10 0.65±0.12 0.78±0.10

Histologic Grade
F1 (weighted) 0.74±0.05 0.74±0.05 0.72±0.05 0.76±0.05 0.75±0.08 0.66±0.08

ROC-AUC (weighted) 0.73±0.09 0.73±0.05 0.72±0.06 0.76±0.08 0.74±0.08 0.74±0.11
Balanced Acc 0.74±0.05 0.75±0.06 0.72±0.05 0.75±0.05 0.75±0.07 0.68±0.08

KRAS mutation

F1 (weighted) 0.78±0.07 0.74±0.05 0.74±0.05 0.80±0.08 0.76±0.07 0.71±0.08

ROC-AUC (weighted) 0.74±0.10 0.71±0.09 0.68±0.07 0.74±0.12 0.70±0.10 0.73±0.07

Balanced Acc 0.76±0.09 0.69±0.08 0.68±0.06 0.77±0.09 0.72±0.08 0.71±0.09

IDH Status

F1 (weighted) 0.93±0.02 0.93±0.02 0.93±0.02 0.94±0.02 0.92±0.02 0.95±0.02

ROC-AUC (weighted) 0.96±0.01 0.97±0.01 0.97±0.01 0.97±0.01 0.96±0.01 0.99±0.01

Balanced Acc 0.93±0.02 0.93±0.02 0.93±0.02 0.93±0.02 0.92±0.02 0.95±0.02

Treatment

Response

F1 (weighted) 0.51±0.08 0.45±0.04 0.49±0.08 0.53±0.06 0.52±0.08 0.47±0.11

ROC-AUC (weighted) 0.66±0.10 0.62±0.04 0.65±0.08 0.67±0.08 0.68±0.07 0.60±0.08

Balanced Acc 0.46±0.12 0.37±0.07 0.38±0.08 0.47±0.11 0.47±0.09 0.38±0.10

families in the natural image domain. The asymmetry between the larger F1 and balanced-

accuracy drops and the smaller ROC-AUC drop further suggests that pathology slide em-

beddings preserve linearly recoverable ranking information, yet their class boundaries are

not linearly separable, likely because clinically relevant phenotypes depend on nonlinear

mixtures of tumor architecture, stromal and immune context, and inter-slide relationships.

Despite this universal drop, MOOZY retains its macro-average lead. Macro scores

drop from 0.801, 0.815, and 0.758 (F1, AUC, balanced accuracy) under the MLP probe to

0.698, 0.778, and 0.674, yet MOOZY remains the macro leader in the slide-encoder com-

parison (Table 25). The magnitude of the drop is task dependent. IDH Status is largely
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preserved, while Residual Cancer Burden, BAP1, Histologic Grade, KRAS, and Treatment

Response decline more substantially, indicating that some endpoints are near-linearly ac-

cessible while others require a nonlinear readout. Per-encoder strengths also shift under lin-

ear probing, with TITAN leading on TP53 and KRAS, GigaPath on Histologic Grade, and

CHIEF on ACVR2A weighted F1. These structured differences suggest that each encoder

exposes different clinical signals most cleanly to a linear classifier, reflecting differences in

pretraining objectives and data.

Under the MIL linear probe comparison (Table 26), the balance shifts toward MIL base-

lines on several tasks. MOOZY still leads on IDH Status (0.95 F1, 0.99 AUC), ACVR2A

mutation (0.89 AUC, +0.15 over the next-best baseline), and TP53 mutation (0.87 AUC,

+0.06 over CONCH v1.5), but MIL baselines take the lead on BAP1 mutation (MUSK 0.86

vs. MOOZY 0.78 F1), Histologic Grade (CONCH v1.5 0.76 vs. MOOZY 0.66 F1), KRAS

mutation (CONCH v1.5 0.80 vs. MOOZY 0.71 F1), and Treatment Response (CONCH v1.5

0.53 vs. MOOZY 0.47 F1). This shift is expected, since MIL aggregators learn task-specific

attention over patches from labeled data, whereas MOOZY compresses the entire case into

a single frozen vector. Under a nonlinear MLP readout, MOOZY can recover task-relevant

structure from this compressed representation and leads across the board (Table 20), but

a linear classifier cannot perform this recovery, giving MIL’s task-specific aggregation a

stronger advantage. Even on the tasks where MIL baselines lead F1 and balanced accu-

racy, MOOZY remains competitive on AUC (second-best on BAP1 and Histologic Grade),

confirming that the patient-level representation preserves ranking information even when

linear class separation is harder to achieve.

5.7 Attention Map Analysis

To examine where each encoder concentrates on the slide, a board-certified pathologist re-

viewed attention maps for 20 representative WSIs across all eight held-out datasets and
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five encoders. Two scores were assigned per image: the shift score (1–5, where 1 is

cancer-focused, 3 is balanced, and 5 is non-cancer-focused) and the semantic-gap score

(1–3, where 1 indicates rare and 3 indicates frequent gaps in diagnostically relevant tis-

sue). MOOZY achieved the lowest mean gap score (1.00), followed by TITAN (1.38),

PRISM (1.75), CHIEF (1.88), and Madeleine (2.50). On shift, MOOZY was near balanced

(2.63) and TITAN closest to exact balance (3.13), while PRISM (2.38), CHIEF (2.13), and

Madeleine (2.00) were more cancer-biased.

Together, these two scores suggest that MOOZY attends broadly while maintaining

balanced focus between tumor and surrounding tissue. A plausible explanation comes

from the two-stage objective. In Stage 1, masked-region prediction and agreement across

global and local views encourage the model to use distributed contextual evidence instead

of relying on a few high-response hotspots. In Stage 2, supervision across diverse endpoints

and cohorts favors features that stay informative in both malignant and non-malignant tissue

contexts.

5.7.1 Attention Map Generation

Heatmaps are produced from WSIs sampled across the held-out evaluation datasets. For

each slide, we generate matched visualizations for all compared encoders using the same

attribution objective, ensuring a common relevance scale. Let X = {xi}
N
i=1 denote patch

tokens for one slide, and let z(m)(X) be the corresponding slide embedding from encoder

m, where:

m ∈ {CHIEF,Madeleine, PRISM,TITAN,MOOZY}. (26)

As the attribution target we use the squared ℓ2 norm of the slide embedding:

ϕ(m)(X) =
1

2

∥

∥z(m)(X)
∥

∥

2

2
, (27)
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which is an encoder-intrinsic scalar that requires no downstream task head, making com-

parisons across models fair. We assign each patch the Grad×Input relevance:

s
(m)
i =

∥

∥

∥

∥

xi ⊙
∂ϕ(m)

∂xi

∥

∥

∥

∥

1

. (28)

Intuitively, s
(m)
i measures how much a small perturbation of patch xi shifts ϕ(m), so high-

score regions are those most influential to the encoder’s slide-level representation. The

relevance vector {s(m)
i }

N
i=1 is then converted into a display map. We first apply rank nor-

malization:

s̃
(m)
i =

rank(s
(m)
i )

N
, (29)

then project normalized patch scores to level-0 patch boxes on the thumbnail and average

them per pixel where boxes overlap.

5.7.2 Attention Map Examples

A representative example is shown in Figure 11. Additional cross-model attention-map

comparisons are shown in Figures 12–16.

5.8 Qualitative Analysis: Embedding Visualization

To complement quantitative results, we visualize UMAP [67] embeddings for three repre-

sentative tasks (CPTAC cancer type, pan-dataset anatomical site, and TCGA cancer type)

across four slide encoders (Figure 17). MOOZY shows the clearest separation on CPTAC

and TCGA cancer type, TITAN is close behind, and Madeleine/PRISM show more over-

lap. On anatomical site, TITAN is strongest, with MOOZY and Madeleine comparable and

PRISM weaker.

For all qualitative plots, t-SNE uses perplexity 25 and 1000 optimization iterations,
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Thumbnail CHIEF Madeleine

PRISM TITAN MOOZY (Ours)

C3N-02149-23  |  KRAS_mutation=negative

Figure 11: Attention-map comparison on a lung adenocarcinoma slide. MOOZY and TI-

TAN: balanced, comprehensive coverage (shift 3, gap 1). PRISM: balanced shift with

moderate gaps (shift 3, gap 2). CHIEF and Madeleine: cancer-biased with frequent seman-

tic gaps (shift 2, gap 3).

while UMAP uses neighborhood size 120, minimum distance 0.3, and cosine metric. Ef-

fective sample counts are N=2152 for CPTAC cancer type, N=1172 for anatomical site,

and N=1280 for TCGA cancer type.

The t-SNE layouts (Figure 18) exhibit patterns consistent with the UMAP results:

MOOZY shows the clearest cluster separation on CPTAC and TCGA cancer type, TITAN

is the strongest on anatomical site, and Madeleine and PRISM show comparatively weaker

boundaries.

5.9 Unsupervised Embedding Geometry Analysis

We analyze embedding geometry on 3,300 unique slides using two unsupervised diag-

nostics shown in Figure 19: PCA compactness and bootstrap neighborhood stability. Let
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Thumbnail CHIEF Madeleine

PRISM TITAN MOOZY (Ours)

A19657B0-357F-11EB-AF77-001A7DDA7111  |  idh_status=wildtype

Figure 12: Additional attention map comparison across MOOZY and benchmarked models

(example 2).

X ∈ R
N×D denote the embedding matrix (one row per slide).

5.9.1 PCA Compactness

PCA compactness measures how many orthogonal directions are needed to explain embed-

ding variance. We first center features:

X̃ = X − 1µ⊤, µ =
1

N

N
∑

i=1

xi, (30)

then compute covariance:

C =
X̃⊤X̃

N − 1
. (31)
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Thumbnail CHIEF Madeleine

PRISM TITAN MOOZY (Ours)

11CO036-21CAB01C-E968-42CC-9651-1E53C0  |  ACVR2A_mutation=positive

Figure 13: Additional attention map comparison across MOOZY and benchmarked models

(example 3).

If λ1 ≥ λ2 ≥ · · · ≥ λD are eigenvalues of C, we clamp:

λj ← max(λj, 0) (32)

to avoid numerical negatives, and compute cumulative explained variance:

V (r) =

∑r

j=1 λj
∑D

j=1 λj

. (33)

For each threshold τ ∈ {0.80, 0.90, 0.95}, compactness is the smallest rank rτ such that

V (rτ ) ≥ τ . Lower rτ indicates less redundancy and more information-efficient embed-

dings. MOOZY is the most compact encoder, requiring 9, 12, and 17 components at the

80%, 90%, and 95% thresholds, versus TITAN (17, 31, 56), CHIEF (19, 38, 67), Madeleine
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Thumbnail CHIEF Madeleine

PRISM TITAN MOOZY (Ours)

C3N-03092-22  |  Histologic_Grade=Well differentiated

Figure 14: Additional attention map comparison across MOOZY and benchmarked models

(example 4).

(17, 37, 72), PRISM (22, 45, 81), and GigaPath (58, 123, 205).

5.9.2 Bootstrap Neighborhood Stability

To quantify robustness of local neighborhood structure under sampling perturbations, we

first L2-normalize each embedding:

x̂i =
xi

max(∥xi∥2, 10−12)
. (34)

Using cosine distance, let N full
k (i) be the k nearest neighbors of slide i on the full set (ex-

cluding self). For bootstrap repeat b, sample a subset Sb ⊂ {1, . . . , N} uniformly without

replacement:

|Sb| = m = round(ρN), ρ = 0.8. (35)
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Thumbnail CHIEF Madeleine

PRISM TITAN MOOZY (Ours)

C3N-02149-23  |  KRAS_mutation=negative

Figure 15: Additional attention map comparison across MOOZY and benchmarked models

(example 5).

Recompute neighbors on the subset to obtain N sub
k,b (i) for i ∈ Sb, and define per-slide

overlap:

oi,k,b =

∣

∣N full
k (i) ∩N sub

k,b (i)
∣

∣

k
, (36)

repeat-level overlap:

ōk,b =
1

|Sb|

∑

i∈Sb

oi,k,b, (37)

and the final stability curve over B repeats:

µk =
1

B

B
∑

b=1

ōk,b. (38)

Higher µk indicates more stable local structure. In practice, encoders are near-tied on

this metric: at k=30, scores span 0.7998 to 0.8032, and the mean spread across k is only

0.0029 (0.8002 to 0.8031). These unsupervised tests show that MOOZY has the strongest
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Thumbnail CHIEF Madeleine

PRISM TITAN MOOZY (Ours)

C3N-01025-22  |  Histologic_Grade=Moderately differentiated

Figure 16: Additional attention map comparison across MOOZY and benchmarked models

(example 6).

compactness while maintaining stability comparable to all baselines, indicating better rep-

resentation efficiency without a meaningful robustness tradeoff.

71



MOOZY TITAN Madeleine PRISM

CPTAC cancer
type

0 5 10 15 20
UMAP 1

−10

−5

0

5

10

15

20

UM
AP

 2

CPTAC Pan-Cancer Type Classification
Cancer type

BRCA
CCRCC
COAD
GBM
HNSC
LSCC
LUAD
PDA
OV
UCEC

−5 0 5 10 15 20
UMAP 1

−10

−5

0

5

10

15

UM
AP

 2

CPTAC Pan-Cancer Type Classification
Cancer type

BRCA
CCRCC
COAD
GBM
HNSC
LSCC
LUAD
PDA
OV
UCEC

0 2 4 6 8 10 12
UMAP 1

−2

0

2

4

6

UM
AP

 2

CPTAC Pan-Cancer Type Classification
Cancer type

BRCA
CCRCC
COAD
GBM
HNSC
LSCC
LUAD
PDA
OV
UCEC

0 2 4 6 8
UMAP 1

0

2

4

6

8

UM
AP

 2

CPTAC Pan-Cancer Type Classification
Cancer type

BRCA
CCRCC
COAD
GBM
HNSC
LSCC
LUAD
PDA
OV
UCEC

Anatomical site

2 4 6 8 10
UMAP 1

7

8

9

10

11

12

13

14

UM
AP

 2

Pan-Dataset Anatomical Site Embeddings
Anatomical site

Brain
Cervix
Esophagus
Prostate
Soft Tissue
Testis
Thymus

−5 0 5 10 15
UMAP 1

−2

0

2

4

6

8

10

12

UM
AP

 2

Pan-Dataset Anatomical Site Embeddings
Anatomical site

Brain
Cervix
Esophagus
Prostate
Soft Tissue
Testis
Thymus

2 4 6 8 10 12
UMAP 1

1

2

3

4

5

6

7

8

UM
AP

 2

Pan-Dataset Anatomical Site Embeddings
Anatomical site

Brain
Cervix
Esophagus
Prostate
Soft Tissue
Testis
Thymus

0 1 2 3 4 5 6 7
UMAP 1

−6

−4

−2

0

2

UM
AP

 2

Pan-Dataset Anatomical Site Embeddings
Anatomical site

Brain
Cervix
Esophagus
Prostate
Soft Tissue
Testis
Thymus

TCGA cancer
type

−10 −5 0 5 10 15 20
UMAP 1

−20

−15

−10

−5

0

5

10

15

20

UM
AP

 2

TCGA Pan-Cancer Fine-Grained Classification
Cancer type
GBM
CCRCC
PRCC
COAD
LUAD
LUSC
IDC
HNSC

CESC
UEC
PRAD
THPA
MEL
HCC
ACC
BLCA

−5 0 5 10 15 20 25
UMAP 1

−10

−5

0

5

10

UM
AP

 2
TCGA Pan-Cancer Fine-Grained Classification

Cancer type
GBM
CCRCC
PRCC
COAD
LUAD
LUSC
IDC
HNSC

CESC
UEC
PRAD
THPA
MEL
HCC
ACC
BLCA

−2 0 2 4 6 8 10
UMAP 1

5

6

7

8

9

10

11

12

UM
AP

 2

TCGA Pan-Cancer Fine-Grained Classification
Cancer type
GBM
CCRCC
PRCC
COAD
LUAD
LUSC
IDC
HNSC

CESC
UEC
PRAD
THPA
MEL
HCC
ACC
BLCA

0 2 4 6 8
UMAP 1

−2

−1

0

1

2

3

4

5

UM
AP

 2

TCGA Pan-Cancer Fine-Grained Classification
Cancer type
GBM
CCRCC
PRCC
COAD
LUAD
LUSC
IDC
HNSC

CESC
UEC
PRAD
THPA
MEL
HCC
ACC
BLCA

Figure 17: UMAP qualitative comparison across four slide encoders (columns) and three

tasks (rows), using matched class-balanced sampling and identical reduction settings.
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Figure 18: t-SNE qualitative comparison across four slide encoders (columns) and three

tasks (rows).
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lap@k, where each repeat randomly subsamples 80% of slides (higher is more stable).
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Chapter 6

Conclusion and Future Work

We presented MOOZY, a two-stage patient-first framework that decouples vision-only

slide-level self-supervised learning from patient-aware semantic alignment, and replaces

the naive early/late multi-slide fusion of prior slide encoders with explicit case-level inter-

slide dependency modeling. Across eight held-out tasks, MOOZY achieves best or tied-

best performance on the majority of metrics against both slide encoders and MIL baselines

while remaining substantially more parameter-efficient than most competing slide-level

models. Together, these results show that open, public-data patient-level pretraining is

sufficient to produce competitive and transferable pathology representations without pro-

prietary slides, paired clinical reports, or billion-parameter architectures.

At the same time, an important limitation of the current formulation is its compression

bottleneck. MOOZY ultimately reduces one or more gigapixel WSIs for a patient into a

single case vector. That level of compression is well matched to global prediction tasks

such as classification, mutation prediction, survival modeling, and retrieval, where one

compact patient representation is desirable. However, it is likely too restrictive for tasks that

require dense or compositional reasoning over many co-occurring findings. For example,

report generation, grounded visual question answering, region-level localization, or any

system that must describe multiple distinct pathologic processes within and across slides
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may require preserving substantially more information than can be expressed in a single

embedding. This limitation is not unique to MOOZY; it reflects a broader assumption

in current slide-encoder research that whole-slide or whole-patient understanding can be

faithfully summarized by one vector.

A natural future direction is therefore to move from single-vector patient represen-

tations to multi-vector patient representations. Rather than producing one [CASE] em-

bedding, the model could output a learned set of patient latents, for example through a

Perceiver-style latent array or a small bank of case tokens that attend jointly over all slides.

Such a design would increase representational capacity while still retaining the efficiency

benefits of learned compression. Different latent vectors could specialize to different tissue

patterns, disease processes, anatomic regions, or slide subsets, enabling richer downstream

reasoning than a single global summary permits. This could be especially valuable for re-

port generation, where the model may need to preserve multiple simultaneously relevant

findings rather than collapse them into one prediction-oriented representation.

Beyond representational capacity, several further directions follow naturally from this

work. First, integrating paired pathology reports through slide-report co-training could

improve semantic grounding while also providing a pathway toward clinically useful gen-

eration tasks. Second, combining patient-aware histomorphology with genomic, transcrip-

tomic, or laboratory data could yield richer case representations that capture complemen-

tary sources of evidence unavailable from tissue appearance alone. Third, as more public

datasets become available, the multi-task supervision regime can be expanded to additional

anatomical sites, endpoints, and rare diseases, enabling a clearer study of scaling behavior

at the patient level. Fourth, the patient-centric embeddings introduced here remain promis-

ing for case-level retrieval systems, where clinicians query by patient case rather than by

individual slide, but future systems should ideally return not only similar cases but also

the specific regions or slides that support the match. Finally, patient cases are inherently
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longitudinal, with slides accumulating across distinct diagnostic, surgical, and surveillance

encounters, yet MOOZY currently treats them as an unordered set. Incorporating explicit

temporal ordering or encounter-level structure into the case aggregator is a promising ex-

tension for clinical tasks that hinge on disease progression over time.
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Appendix A

Related Publications

The work presented in this thesis has been submitted to the European Conference on Com-

puter Vision (ECCV 2026):

MOOZY: A Patient-First Foundation Model for Computational Pathol-

ogy.

Yousef Hassan, Vincent Quoc-Huy Trinh, Christopher Pal, Mahdi S. Hosseini.

Submitted to ECCV 2026.

To support reproducibility, all code, pretrained models, and the installable package are

publicly available:

• Paper: https://arxiv.org/abs/2603.27048

• Project Page: https://atlasanalyticslab.github.io/MOOZY/

• Code: https://github.com/AtlasAnalyticsLab/MOOZY

• Model: https://huggingface.co/AtlasAnalyticsLab/MOOZY

• PyPI: https://pypi.org/project/moozy/
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