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Abstract. Computational pathology needs whole-slide image (WSI) foun-
dation models that transfer across diverse clinical tasks, yet current ap-
proaches remain largely slide-centric, often depend on private data and
expensive paired-report supervision, and do not explicitly model relation-
ships among multiple slides from the same patient. We present MOOZY,
a patient-first pathology foundation model in which the patient case, not
the individual slide, is the core unit of representation. MOOZY explicitly
models dependencies across all slides from the same patient via a case
transformer during pretraining, combining multi-stage self-supervision
with scaled low-cost task supervision. In Stage 1, we pretrain a vision-
only slide encoder on 77,134 public slide feature grids using masked self-
distillation. In Stage 2, we align these representations with clinical se-
mantics using a case transformer and multi-task supervision over 333
tasks from 56 public datasets, including 205 classification and 128 sur-
vival tasks across four endpoints. Across sixteen held-out tasks, MOOZY
improves macro weighted F1, balanced accuracy, and macro weighted
ROC-AUC relative to PRISM by +4.19%, +7.93%, and +6.95%, re-
spectively. MOOZY is also parameter efficient with 85.77M parameters,
14× smaller than GigaPath. These results suggest that patient-level pre-
training yields transferable embeddings, providing a path toward scalable
patient-first histopathology foundation models.

Keywords: Computational Pathology · Whole-Slide Images · Founda-
tion Models · Self-Supervised Learning · Slide Encoder

1 Introduction

The fundamental challenge in computational pathology is learning whole-slide
image (WSI) representations that transfer across cancer types, clinical endpoints,
and patient populations without task-specific retraining. Much of the field has
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Fig. 1: (a) MLP-probe weighted F1 across sixteen held-out tasks. (b) Linear-probe
weighted F1 across the same sixteen held-out tasks. In both (a) and (b), brackets report
[min – max] weighted F1 per task, with the center corresponding to the minimum and
the outer ring to the maximum observed value. (c) Macro-averaged weighted F1 (MLP
probe) versus total parameter count (log scale).

historically advanced through task- and cohort-specific supervised pipelines [3,
9, 17, 45, 81] that must be rebuilt whenever the organ, scanner domain, or clini-
cal objective changes, limiting scalability and reuse. A generalizable alternative
requires models capable of encoding diagnostically relevant structure from un-
labeled data at two levels of scale that are critical in clinical workflows: the
intra-slide level, where diagnostic meaning emerges from long-range interactions
across tissue regions rather than isolated patch morphology, and the patient
level, where multiple slides from the same patient must be jointly interpreted to
form predictions. Self-supervised learning in vision [12, 15, 16, 28, 31, 32, 67, 105]
has demonstrated that scaling data and compute can yield general-purpose en-
coders with strong task-agnostic transferability [8,34,43,92], suggesting a similar
paradigm shift is possible in pathology.

However, applying these methods to WSIs is non-trivial: WSIs are gigapixel-
scale, and clinically relevant semantics arise from interactions between cellu-
lar detail and global tissue architecture. Consequently, early pathology foun-
dation models emerged as tile-level encoders, with the field converging on the
DINOv2 [67] pretraining recipe and scaling from ViT-Large [14, 26] to ViT-
Giant backbones [60, 98] trained on up to millions of slides [89, 107]. In typical
pipelines, tile features are extracted and a separate MIL aggregator [39, 56, 79]
is trained for each downstream task, necessitating retraining whenever the clin-
ical endpoint changes. More recently, the community has moved toward slide-
level encoders that pretrain whole-slide representations, reducing reliance on
task-specific MIL training. These can be broadly grouped into vision-only self-
supervised methods [4,13,36,48,50,99], multimodal approaches that align slides
with text [20, 77, 96], genomic profiles [40, 87, 100], or cross-stain views [37, 41],
and supervised methods that learn from task labels [63,78,91].

Despite this progress, structural limitations persist. Many top-performing
models rely on proprietary data, and some do not release checkpoints [36,87] or
training recipes [20,77,87]. Current architectures concentrate capacity in heavy-
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weight tile encoders [20,41,77,87] while using lightweight slide aggregators, even
though the key challenge in WSIs is long-range context rather than per-tile mor-
phology. Finally, while some methods accommodate multiple slides per patient,
they typically rely on simple fusion heuristics: early fusion by concatenating or
unioning patch features into one enlarged bag, or late fusion by averaging slide-
level embeddings or predictions across slides [50,77,87,87,100]. These strategies
treat a case as an unordered pool rather than explicitly modeling slide-to-slide
relationships, discarding cross-slide interactions that carry diagnostic signal.

To this end, we introduce MOOZY, a patient-first model in the sense that
the patient case, not the individual slide, serves as the fundamental unit of rep-
resentation. Rather than encoding slides independently and merging their em-
beddings post-hoc, MOOZY explicitly models dependencies across all slides be-
longing to the same patient via a dedicated case transformer during pretraining.
We adopt a lightweight patch encoder [42] that compresses gigapixel slides into
feature grids, making slide-level SSL tractable. MOOZY decouples representa-
tion quality from task-specific adaptation where Stage 1 pretrains a slide encoder
on unlabeled public whole-slide images via self-supervised learning, establishing
general-purpose spatial representations without any label signal. Stage 2 then
steers these representations toward clinical semantics through large-scale multi-
task supervision, benefiting from the generalizable prior built in Stage 1.Stage 2
moves beyond per-slide encoding where 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. To the best
of our knowledge, this is the first method that jointly addresses slide-level rep-
resentation learning and explicit patient-level inter-slide dependency modeling.
Our contributions can be summarized as follows:

– We propose a two-stage framework that decouples vision-only slide SSL pre-
training from patient-aware semantic alignment, where a case-level aggre-
gator explicitly models dependencies across all slides of the same patient,
making MOOZY the first attempt to move pathology foundational 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
across 23 anatomical sites, entirely from public data without private slides,
paired reports, or expert annotations.

– We provide comprehensive quantitative and qualitative evaluation by bench-
marking MOOZY on sixteen held-out tasks against both slide encoders and
MIL baselines, complemented by attention map analysis and embedding vi-
sualization, showing competitive, transferable, and parameter-efficient rep-
resentations.

2 Related Work

Pathology Patch Encoders. Pathology-specific SSL on public tiles outper-
forms ImageNet initialization [25,42], leveraging vision SSL advances [11,12,15,
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16,28,31,32,67,80,102,105]. The field has converged on the DINOv2 recipe [67]
combining self-distillation, masked image modeling, KoLeo regularization [47,
74], and KDE-based objectives [90], with vision–language alignment [20, 55]
and knowledge distillation [24] as complementary directions. Architectures have
scaled from ViT-Large [14, 26, 101] to ViT-Huge [14, 89, 107] and ViT-Giant [6,
60,75,98] on proprietary [14,60,89] and public data [23,25,26,29,59]. Yet scaling
laws for tile encoders remain unclear: models match much larger systems [44,82],
suggesting benchmark discriminability [94] and training-recipe effects dominate
data volume. We hypothesize this saturation is fundamental as H&E tissue oc-
cupies a far more constrained visual space than natural images, with a narrow
color palette and bounded set of morphological primitives (e.g ., cell types, glan-
dular 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.

Multi-Instance Learning. MIL treats a WSI as a bag of patch features
with a single slide-level label, with approaches spanning permutation-invariant
pooling [10], attention scoring [39, 56], transformer-based inter-patch model-
ing [79, 88], dual-stream objectives [51], pseudo-bag augmentation [104], and
efficient variants via low-rank approximations [97], knowledge graphs [52], and
regional re-embedding [84]. All aggregators are trained from scratch per task,
motivating universal pretrained slide representations.

Slide Encoders. Slide-level pretraining operates on unordered sets of thou-
sands of heterogeneous tile embeddings. Vision-only methods apply self-distillation [12,
13], contrastive tile sampling [15, 48], view transformations [36], dilated atten-
tion in masked autoencoders [19, 99], lightweight contextualizers [4], and state-
space contrastive learning [30,50]. Multimodal methods align slides with clinical
text [20,54,77,96], genomic or transcriptomic profiles [40,87,100], or cross-stain
sections [37,41]. Supervised approaches train on slide-level labels [63,64,78,91].
Three gaps persist: many methods rely on expensive proprietary data [20,77,87],
capacity concentrates in tile encoders over slide aggregators [20, 41, 77, 87], and
multi-slide fusion remains naive [50,77,87,100], treating cases as unordered pools.
MOOZY directly addresses all three: a two-stage design decouples vision-only
SSL pretraining from case-aware multi-task alignment, replacing naive multi-
slide fusion with explicit inter-slide dependency modeling at the case level, while
training with cheap available supervision.

3 Methodology

Stage 1: Self-Supervised Slide Encoder Pretraining. We cast WSI repre-
sentation learning as self-supervised pretraining on precomputed patch features
(Figure 2, up). 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 ∈ Rdpatch . (1)

We arrange patch features and coordinates into a 2-D grid G ∈ RH×W×dpatch

with a binary validity mask for tissue positions (grid construction in Appendix C.1).
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Fig. 2: Overview of the proposed two-stage framework. Stage 1 (up): A frozen patch
encoder extracts per-patch features arranged into a spatial grid. Multi-scale crops are
sampled 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 (down): The pretrained slide encoder produces per-
slide embeddings; a case transformer aggregates them into a unified case embedding
h̃i, routed to task-specific classification and survival heads.

If a slide is available at multiple magnifications, each level-specific grid is treated
as an independent training sample. 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 min-
imum valid-token ratio ρmin. Unlike [20], 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 ben-
efits self-supervised WSI representation learning [36]. We apply DINOv3-style
block masking [80] to global crops only. Because histopathology tissue is spatially
continuous, contiguous masking encourages reasoning over broader morphology
instead of reconstructing isolated tokens. In each batch, we select a fraction of
global crops for masking, assign mask ratios uniformly over [γmin, γmax], and
shuffle them for uniform coverage of the masking range. We then iteratively
place rectangular blocks with log-uniform aspect ratios until the target fraction
of valid tokens is masked, restricting masking to tissue tokens. The full algorithm
is in Appendix C.3.

Our slide encoder (Figure 3A) is a Vision Transformer [22] adapted to pre-
computed feature grids. Patch features are projected to dimension d with a
linear layer and GELU [33]. We prepend a learnable [CLS] token and R register
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A) Slide Encoder Architecture
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Fig. 3: 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.

tokens [18], masked student positions are replaced by a learnable mask em-
bedding. Each block uses pre-norm multi-head self-attention and an FFN with
stochastic depth [38]. LayerScale [85] is disabled in our training runs. To encode
spatial structure without learned positional embeddings, we use 2-D ALiBi [69]
as adapted for WSIs in TITAN [20]. For each attention head h, we add:

b
(h)
i,j = −sh ·

∥pi − pj∥2
∆

, (2)

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 −∞. The projection head maps encoder tokens
to prototype logits with an MLP, an L2-normalized bottleneck, and a weight-
normalized prototype layer [12, 105], shared for [CLS] and patch tokens (full
formulation in Appendix C.6).

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 outputs are centered with momentum-updated running
averages [12]. The objective combines global CLS distillation and masked patch
prediction. The teacher provides soft targets from global views, while the student
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predicts from all views:

Lcls = −
1

G(G+ L− 1)

G∑
j=1

G+L∑
i=1
i̸=j

K∑
k=1

P
(j)
k logQ

(i)
k , (3)

where P (j) and Q(i) are teacher and student softmax distributions with temper-
atures 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, (4)

where M is the set of masked valid positions, and patch distributions use tem-
perature τpatch

t . The total loss is L = Lcls + Lmim.
Stage 2: Case-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 multimodal 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 2, down). 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).
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 (algorithm in Appendix C.4). Retained tokens are
compacted and passed to the slide encoder:

hi,j = fθ(X
⋆
i,j ,P

⋆
i,j , ∆i,j) ∈ Rd. (5)

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

we use a lightweight transformer aggregator (Figure 3B). A learnable [CASE]
token is prepended and processed through Dcase pre-norm transformer blocks
with LayerScale, while DropPath is disabled, yielding:

h̃i = LN(zi,Dcase)[0] ∈ Rd. (6)

We apply this aggregator to all cases, including single-slide cases (Si = 1), so
that the learned embedding space is always case-centric and consistent regardless
of slide count at inference. Each task Tt has a prediction head gt : Rd → Rot ,
either linear or MLP (formulations in Appendix C.7). For classification, we use
weighted cross-entropy with label smoothing [83] coefficient ϵ:

L(t)
cls = CEw(t),ϵ

(
{z(t)i , y

(t)
i }i∈Bt

)
, (7)
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where class weights use inverse frequency: w(t)
k = |Dt|/(Kt · |{i ∈ Dt : y

(t)
i = k}|),

and Bt is the valid labeled set. 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. With predicted hazards
h
(t)
i,k = σ(a

(t)
i,k), we minimize the negative log-likelihood over events and censored

cases (full loss and bin-selection details in Appendix C.5). For ranking-based
metrics, hazards are converted to scalar risk:

r
(t)
i = −

Bt∑
k=1

log(1− h
(t)
i,k). (8)

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), (9)

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.

4 Experiment Setup

Dataset. We collect 56 different open-sourced datasets which include: REG
Dataset [49], TCGA (all 32 cohorts) [59], CPTAC (all 10 cohorts) [23], BC-
Therapy [76], BRACS [7], CAMELYON17 [2], DHMC Kidney [106], DHMC
LUAD [93], EBRAINS [72, 73], IMP Colorectum [61, 62, 66], IMP Cervix [65],
MBC [5, 27], MUT-HET-RCC [70], NADT Prostate [95], NAT-BRCA [68], and
PANDA [9]. All collected slides are processed using AtlasPatch [1], which per-
forms tissue segmentation using SAM2 [46,71] model. The resulting tissue masks
define the valid regions from which non-overlapping 224 × 224 patches are ex-
tracted at both 20× and 40×magnification levels, reaching∼1.6 billion extracted
patches. We extract features for each patch using a pretrained lightweight patch
encoder from [42], which has 21.67M parameters and the architecture of ViT-
S [22]. Detailed patch counts at each magnification are reported in Appendix A.

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
∼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. These slides span 23 distinct anatomical sites as shown in Figure 4.

For Stage 2 supervised fine-tuning, we construct 333 tasks (205 classification
and 128 survival) across all 56 datasets, averaging 6 tasks per dataset. Survival
supervision covers overall survival (OS), disease-specific survival (DSS), disease-
free interval (DFI), and progression-free interval (PFI), depending on endpoint
availability. Of these, 56 are slide-level and 277 are case-level (i.e., predictions
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aggregated over all slides of a case). The labeled Stage 2 subset comprises 41,089
supervised cases and 45,179 unique whole-slide images, a subset of the 53,286
Stage 1 slides, since unlabeled slides are excluded. The mean per-task slide-
to-case ratio is 1.3308. Per-organ statistics, class counts, and task-construction
details are provided in Appendices B and B.1 and Tab. 5. A small subset of
tasks was drawn from prior work [87, 103]. For a broader landscape overview of
computational pathology tasks, see [35]. A consolidated scale overview is shown
in Figure 4.

SSL Pretraining. We train the slide encoder using the Stage 1 self-supervised
framework (Sec. 3) on all 77,134 slide feature grids. 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, ≈436 GPU-hours). Full hyperparameters are
listed in Appendix E. The encoder is a 6-layer transformer (d=768, 12 heads, 4
register tokens [18]). Multi-crop sampling uses G=2 global crops of 20×20 to-
kens 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]. Optimization uses AdamW [53] with a cosine

8 Computed over tasks as the mean of each task’s unique-slide / unique-case ratio,
not as the global union ratio.
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learning rate schedule and an EMA teacher whose momentum follows a cosine
schedule from µ0=0.996 to µT=1.0.

Case-Aware Semantic Alignment. Following the Stage 2 framework (Sec. 3),
training uses 8 GPUs with an effective batch of 1,024 cases (micro batch 1, 128
accumulation steps) for 20 epochs (1,000 optimizer steps, ≈512 GPU-hours).
Complete hyperparameters are provided in Appendix F. For case-level aggrega-
tion, a case transformer (Dcase=3 layers, 12 heads, learnable [CASE] token) pools
all slides assigned to a supervised case into a single embedding. We jointly train
on 205 classification and 128 survival tasks (333 total) spanning all 56 datasets.
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, mini-
mum 2, maximum 16) and NLL loss. Optimization uses AdamW [53] with base
learning rate 5× 10−5, cosine schedule, and gradient clipping at 0.3. A stratified
5% (task-wise) validation holdout is used to monitor overfitting. A summary
of stage-specific augmentation strategies is provided in Appendix Table 10, and
visual examples are provided in Appendix Figure 10.

5 Results

We evaluate on sixteen held-out tasks spanning diverse clinical settings. These
cover Residual Cancer Burden (BC Therapy), TP53 mutation (CPTAC-BRCA),
BAP1 mutation (CPTAC-CCRCC), ACVR2A mutation (CPTAC-COAD), His-
tologic Grade (CPTAC-LSCC), KRAS mutation (CPTAC-LUAD), IDH Sta-
tus (EBRAINS), Treatment Response (MBC), molecular subtypes from TCGA-
BRCA, TCGA-HNSC, and TCGA-UCEC, keratinizing and non-keratinizing squa-
mous cell carcinoma grade and primary-versus-metastatic classification (HAN-
COCK) [21,103], and RAS/BRAF status and synaptophysin grade (VALENTINO) [86,
103]. These tasks are excluded from all training stages. Fifteen are case-level and
IDH Status is slide-level9. Slide encoders use frozen-feature MLP probes, while
MIL baselines train task-specific aggregators on frozen patch features. Both fol-
low five-fold evaluation with case-level fold grouping. We report mean ± stan-
dard deviation for weighted F1, weighted ROC-AUC, and balanced accuracy.
Full protocol details are in Appendix G. Linear probe results are in Appendix H
and Tabs. 20 and 21.

Comparison with Slide Encoders. We compare MOOZY against five slide
encoders. For case-level tasks, baseline encoders produce case representations by
averaging per-slide embeddings before probing, while MOOZY uses its native
case-level embedding from the case transformer. Results are in Table 1. Across
all sixteen tasks, MOOZY achieves the strongest macro weighted F1 (0.769) and
balanced accuracy (0.702), TITAN achieves the strongest weighted ROC-AUC
(0.768 versus 0.763).

Parameter Efficiency. MOOZY totals 85.77M parameters (64.10M slide
and case encoder + 21.67M patch encoder), making it 4–14× smaller than
9 RC Burden is case-level task, but the slide to case ratio is 1.0
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Table 1: Frozen-feature MLP probe comparison against slide encoder baselines on
sixteen 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

BRCA PAM50
Subtype

F1 0.67±0.02 0.68±0.05 0.70±0.04 0.68±0.05 0.72±0.04 0.63±0.03

AUC 0.83±0.03 0.83±0.05 0.85±0.04 0.84±0.04 0.87±0.03 0.80±0.01

Bal. Acc 0.51±0.02 0.52±0.06 0.57±0.07 0.53±0.06 0.58±0.04 0.50±0.05

HNSC mRNA
Subtype

F1 0.54±0.01 0.60±0.04 0.60±0.06 0.59±0.03 0.62±0.07 0.55±0.03

AUC 0.75±0.03 0.77±0.03 0.78±0.07 0.77±0.03 0.79±0.02 0.72±0.01

Bal. Acc 0.55±0.04 0.61±0.07 0.59±0.07 0.58±0.05 0.61±0.08 0.54±0.04

UCEC
Genomic
Subtype

F1 0.55±0.04 0.57±0.04 0.63±0.03 0.57±0.04 0.66±0.04 0.56±0.05

AUC 0.75±0.03 0.76±0.04 0.81±0.04 0.75±0.02 0.82±0.03 0.74±0.04

Bal. Acc 0.53±0.04 0.54±0.04 0.60±0.04 0.55±0.03 0.62±0.03 0.52±0.05

Synaptophysin
Grade

F1 0.78±0.08 0.79±0.06 0.76±0.05 0.81±0.01 0.80±0.06 0.79±0.08

AUC 0.61±0.19 0.74±0.08 0.50±0.09 0.68±0.08 0.64±0.11 0.61±0.15

Bal. Acc 0.64±0.09 0.69±0.08 0.58±0.03 0.65±0.08 0.68±0.04 0.65±0.08

RAS/BRAF
Status

F1 0.89±0.07 0.89±0.07 0.84±0.11 0.88±0.08 0.90±0.07 0.94±0.08

AUC 0.68±0.14 0.48±0.28 0.56±0.16 0.33±0.20 0.80±0.09 0.75±0.26
Bal. Acc 0.68±0.20 0.68±0.18 0.57±0.22 0.66±0.19 0.68±0.19 0.85±0.20

Keratinizing
SCC Grade

F1 0.74±0.02 0.68±0.06 0.72±0.04 0.69±0.02 0.72±0.03 0.73±0.03
AUC 0.75±0.04 0.69±0.07 0.74±0.02 0.72±0.04 0.72±0.05 0.72±0.06

Bal. Acc 0.73±0.02 0.68±0.06 0.72±0.03 0.69±0.02 0.71±0.03 0.72±0.03

Non-
Keratinizing
SCC Grade

F1 0.80±0.12 0.78±0.12 0.75±0.17 0.80±0.11 0.81±0.12 0.77±0.14

AUC 0.66±0.12 0.61±0.03 0.52±0.20 0.66±0.11 0.71±0.11 0.66±0.07

Bal. Acc 0.79±0.15 0.75±0.13 0.72±0.17 0.79±0.12 0.78±0.14 0.73±0.15

Primary vs.
Metastasis

F1 0.92±0.01 0.92±0.01 0.92±0.01 0.93±0.02 0.93±0.03 0.93±0.02

AUC 0.62±0.05 0.60±0.12 0.66±0.10 0.75±0.07 0.77±0.03 0.69±0.13

Bal. Acc 0.57±0.02 0.58±0.05 0.63±0.09 0.63±0.05 0.64±0.08 0.65±0.10
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Table 2: Macro-average MIL comparison across sixteen held-out tasks. Each patch-
encoder 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) 0.723 0.722 0.714 0.740 0.720 0.769
ROC-AUC (weighted) 0.707 0.707 0.697 0.720 0.695 0.763
Balanced Acc 0.643 0.637 0.625 0.661 0.637 0.702

competing encoders (GigaPath 1.22B, PRISM 742M, Madeleine 400M, TITAN
355M). CHIEF is smaller in absolute size but trails MOOZY on all three macro
metrics. This efficiency stems from concentrating capacity at the slide level and
reusing a lightweight public patch encoder. A detailed breakdown is in Table 22.

Comparison with MILs. We compare MOOZY against five patch encoders
in the MIL setting. Each encoder is paired with five MIL architectures (Mean-
MIL, ABMIL, CLAM, DSMIL, and TransMIL) following [78], and each entry is
the arithmetic mean over the five architectures. Across all sixteen tasks, MOOZY
leads the strongest MIL baseline, CONCH v1.5, by 0.029 weighted F1, 0.043
weighted ROC-AUC, and 0.041 balanced accuracy. Macro-average results are in
Table 2. Task-wise and per-method breakdowns are in Appendix J.

Multi-stage Ablation. Table 3 reports macro-average results for five config-
urations. With the case aggregator held out, adding SSL pretraining improves all
three metrics. Stage 2 only without the case aggregator reaches 0.743 weighted
F1, 0.721 weighted ROC-AUC, and 0.664 balanced accuracy, which MOOZY
without the case aggregator raises to 0.749, 0.737, and 0.682. The case aggregator
further raises these values to 0.769, 0.763, and 0.702. When trained from scratch
without SSL, adding the case aggregator reduces performance (Stage 2 only
at 0.731/0.697/0.659). Task-wise breakdowns are in Appendix K and Tab. 29,
Appendix L and Tab. 30, and Appendix M and Tab. 31.

Case Aggregator Ablation. We ablate the case aggregator by comparing
MOOZY without the case aggregator (Stage 2 slide encoder with mean slide
pooling)10 against full MOOZY (Table 3). The aggregator raises macro weighted
F1 from 0.749 to 0.769, AUC from 0.737 to 0.763, and balanced accuracy from
0.682 to 0.702. Task-wise, F1 improves on 14 of 16 tasks, AUC on 12, and
balanced accuracy on 13. Full task-wise results are provided in Appendix N
and Tab. 32.

Attention Map Analysis. To examine where each encoder concentrates on
the slide, a board-certified pathologist reviewed attention maps for 20 representa-
tive WSIs sampled from eight held-out evaluation cohorts and 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

10 The case aggregator is trained as part of MOOZY and discarded only at inference,
where per-slide embeddings are mean-pooled instead.
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Table 3: Unified macro-average ablation across sixteen held-out tasks. The table in-
cludes Stage 1 only, Stage 2 only with and without the case aggregator, 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 ✓ ✗ ✗ 0.743 0.715 0.662
Stage 2 only w/o case agg. ✗ ✓ ✗ 0.743 0.721 0.664
Stage 2 only ✗ ✓ ✓ 0.731 0.697 0.659
MOOZY w/o case agg. ✓ ✓ ✗ 0.749 0.737 0.682
MOOZY ✓ ✓ ✓ 0.769 0.763 0.702

Thumbnail CHIEF Madeleine

PRISM TITAN MOOZY (Ours)

C3N-02149-23  |  KRAS_mutation=negative

Fig. 5: 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
semantic gaps (shift 2, gap 3).

1 indicates rare and 3 indicates frequent gaps in diagnostically relevant tissue).
MOOZY achieved the lowest mean gap score (1.00), followed by TITAN (1.38)
and PRISM (1.75). On shift, MOOZY was near balanced (2.63) and TITAN clos-
est to exact balance (3.13), while PRISM (2.38) were more cancer-biased. These
two scores suggest that MOOZY attends broadly while maintaining balanced fo-
cus 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, supervi-
sion across diverse endpoints and cohorts favors features that stay informative
in both malignant and non-malignant tissue contexts. A representative example
is shown in Figure 5. Heatmap generation details and additional examples are
provided in Appendix O.

Qualitative Analysis. To complement quantitative results, we visualize
UMAP [58] embeddings for three representative tasks (CPTAC cancer type,
pan-dataset anatomical site, and TCGA cancer type) across four slide encoders
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Fig. 6: UMAP qualitative comparison across four slide encoders (columns) and three
tasks (rows), using matched class-balanced sampling and identical reduction settings.

(Figure 6). MOOZY shows the clearest separation on CPTAC and TCGA cancer
type, TITAN is close behind, and Madeleine/PRISM show more overlap. On
anatomical site, TITAN is strongest, with MOOZY and Madeleine comparable
and PRISM weaker. t-SNE [57] and PCA stability diagnostics confirm the same
pattern (Appendices P and Q and Figure 16).

6 Conclusion

We presented MOOZY, a two-stage patient-first framework that decouples vision-
only SSL pretraining from case-aware multi-task alignment replacing the naive
early/late multi-slide fusion with explicit case-level inter-slide dependency mod-
eling, showing competitive representations without proprietary slides, paired
clinical reports, or billion-parameter architectures. Across sixteen held-out tasks,
MOOZY achieves the strongest macro weighted F1 and balanced accuracy among
slide encoders and exceeds all trained MIL baselines across the three macro
metrics, while using fewer parameters than the compared slide encoders. Like
other slide encoders, MOOZY targets global case-level predictions, so dense or
segmentation predictions are not supported. The benefit of explicit cross-slide
aggregation also remains to be quantified on tasks specifically designed to re-
quire deeper multi-slide reasoning, alongside natural extensions toward case-level
retrieval, slide-report co-training, and genomic fusion.
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