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Abstract

Representation learning of pathology whole-slide im-

ages (WSIs) has been has primarily relied on weak su-

pervision with Multiple Instance Learning (MIL). However,

the slide representations resulting from this approach are

highly tailored to specific clinical tasks, which limits their

expressivity and generalization, particularly in scenarios

with limited data. Instead, we hypothesize that morpho-

logical redundancy in tissue can be leveraged to build a

task-agnostic slide representation in an unsupervised fash-

ion. To this end, we introduce PANTHER, a prototype-

based approach rooted in the Gaussian mixture model that

summarizes the set of WSI patches into a much smaller

set of morphological prototypes. Specifically, each patch

is assumed to have been generated from a mixture distri-

bution, where each mixture component represents a mor-

phological exemplar. Utilizing the estimated mixture pa-

rameters, we then construct a compact slide representation

that can be readily used for a wide range of downstream

tasks. By performing an extensive evaluation of PANTHER

on subtyping and survival tasks using 13 datasets, we show

that 1) PANTHER outperforms or is on par with super-

vised MIL baselines and 2) the analysis of morphologi-

cal prototypes brings new qualitative and quantitative in-

sights into model interpretability. The code is available at

https://github.com/mahmoodlab/Panther.

1. Introduction

Representation learning of whole-slide images (WSIs) is a

fundamental task in Computational Pathology (CPath) [77].

Given a WSI, the goal is to learn a slide-level representa-

tion that can be used for various downstream tasks, such as

diagnosis, prognostication, and therapeutic response predic-

tion. The standard approach is weakly supervised learning
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Figure 1. Slide decomposition into morphological prototypes

Due to morphological redundancy across and within the tissue, a

slide can be decomposed into prototypes. We introduce PANTHER,

a method that can identify and extract morphological prototypes to

form a compact and unsupervised slide representation.

based on Multiple Instance Learning (MIL) [13, 29, 40],

in which the gigapixel WSI is tokenized into a large set of

patch embeddings (N > 10, 000) with a pretrained vision

encoder, followed by aggregation of the embeddings [40].

Current advances in CPath have examined: (1) learning bet-

ter patch embeddings with domain-specific vision encoders

based on self-supervised learning (SSL) [1, 18, 21, 31, 39,

44, 46, 58, 83] and (2) developing new aggregation strate-

gies for pooling patch embeddings into a slide representa-

tion [55, 56, 60, 73]. As many histology datasets have lim-

ited samples for supervised MIL, an emerging goal in CPath

is to (3) shift slide representation learning from weakly-

supervised to unsupervised [17, 41, 52, 69, 81], which may

help mitigating data and label scarcity and improving gen-

eralization.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

11566



We postulate that such models are particularly suited for

fine-grained classification tasks, such as survival outcome

prediction that require holistic modeling of morphologies

found in the tissue microenvironment [88, 96]. In contrast

to “needle-in-a-haystack” tasks (e.g., micro-metastasis de-

tection) that require localizing tumor patches, “panoramic”

tasks require integrating spatial heterogeneity (diversity of

distinct tumor populations) [35, 61], interactions and con-

text (immune infiltrate near invasive tumor margin) [3, 71],

and size (number and size of masses) [6]. Attention-based

architectures [40, 43, 60] demonstrate clinical-grade perfor-

mance in the former task (selectively focusing on diagnos-

tic patches of a single visual concept) [4]; however, they

have limited expressivity in the panoramic tasks that ben-

efit from understanding proportions and mixtures of visual

concepts [7, 15, 20].

Based on these insights, we propose an unsupervised

slide representation framework that can accurately capture

the proportions and mixtures of morphological visual con-

cepts. Specifically, we build on the observation that WSI

patches show morphological redundancy and thus a handful

of morphological patterns are repeated (Fig. 1). Formally,

we hypothesize that a concise set of key descriptors (proto-

types), coupled with distribution characterizing the extent

and variation of each descriptor, would comprehensively

summarize the WSI. As this summary only relies on the sta-

tistical characteristics of each WSI, this yields a generic and

unbiased slide embedding applicable across multiple down-

stream tasks. To faithfully summarize the WSI, the goal be-

comes to construct (1) a mapping between each patch and

the prototypes and (2) a slide embedding with the learned

mapping that includes representation of each prototype and

its extent, i.e., its cardinality.

To this end, we introduce PANTHER, a Prototype

AggregatioN-based framework for compacT HEterogenous

slide set Representation (PANTHER). Inspired by previous

work in prototype-based set representation learning [26, 49,

64, 89], PANTHER builds an unsupervised slide embedding

by assuming that each patch embedding is generated from

the Gaussian mixture model (GMM), with each morpho-

logical prototype representing a mixture component. By

employing GMM, the two aforementioned goals are seam-

lessly satisfied through the parameter estimation procedure

with Expectation-Maximization (EM) [27, 49]: (1) the esti-

mated posterior probability of mixture assignment for each

patch defines the mapping between a patch embedding and

a prototype, and (2) mixture probability represents cardinal-

ity, and mixture mean & covariance represent the represen-

tation of corresponding morphological pattern. The slide

representation is formed as a concatenation of the estimated

GMM parameters across all prototypes. Since the represen-

tation can be decomposed along each prototype, this allows

for per-prototype nonlinear modeling and interpretation of

the slide centered around each histology visual concept.

To summarize, our contributions are (1) the first proto-

typical framework for learning compact and unsupervised

slide representations in WSI based on GMM; (2) a compre-

hensive evaluation of four diagnostic and nine prognostic

tasks, demonstrating the outperformance against nearly all

unsupervised and supervised baselines; (3) post-hoc inter-

pretability with the quantification and visualization of mor-

phological prototype spread within the tissue.

2. Related work

2.1. Multiple instance learning in CPath

While initial histology-based outcome prediction was cen-

tered on pathologist-annotated region-of-interests [11, 47,

65], later works have utilized WSIs for clinical prediction

tasks with MIL [13, 17, 22, 40, 75]. There is a sustained

effort for new MIL schemes, with a focus on new patch ag-

gregation strategies to learn more representative and task-

specific slide embedding, towards better predictive accu-

racy [55, 59, 73, 78, 84, 94] or interpretability [43, 79]. MIL

methods based on multiscale representation slides have re-

cently shown promise for “panoramic” tasks [5, 33, 37].

PANTHER is similar to MIL in that the slide-level embed-

ding is constructed from patches for outcome prediction.

However, PANTHER constructs an unsupervised set embed-

ding and is agnostic to downstream tasks, in contrast to su-

pervised MIL frameworks.

2.2. Quantification of distance between sets

Measuring the distance between two distinct sets (Wasser-

stein distance), e.g., between supports of empirical proba-

bility distributions, has received increasing attention from a

diverse range of disciplines such as signal processing [50],

vision-language tasks [68], and computational biology [2,

10, 72]. Given a similarity (or cost) metric between set el-

ements such as L2 distance, the Wasserstein distance is de-

fined as transporting (or matching) elements of one set to

the other, incurring a minimum cost. Computing such dis-

tance is commonly called the optimal transport (OT) [25].

It is natural to extend this idea to CPath, where the bio-

logical entities of interest (e.g., WSI and genomic data) are

typically modeled as a set of biological concepts. Different

from MIL setting where a set of WSI patches is matched to a

patient-level clinical label, this concerns matching between

two sets: 1) sets of WSI patches for slide retrieval [24]

or domain adaptation [30], 2) different cancer datasets to

quantify morphological distance between different cancer

types [90], and 3) a set of WSI patches and a set of genomic

tokens to learn optimal fusion for improved prognosis [85].

Similarly, PANTHER can be seen as the matching problem

between a set of WSI patches and prototypes.
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2.3. Prototype-based set representation

Prototypes are representative examples of data points that

share the same class, usually formulated as centroids from

clustering that describe unique human-interpretable con-

cepts and other semantic information [16, 19, 76]. Recently,

it has been applied to compactly represent large set data in

bioinformatics and NLP [26, 49, 54, 64]. The desiderata for

prototype-based set representation is to model: (1) cardinal-

ity, i.e., how many elements in the set are associated with a

prototype, and (2) description, i.e., prototype identity.

Posed also in many related forms such as signatures [53,

95] and bag of visual words (BoVW) [12, 23, 74], learning

prototypical representations is a natural problem in CPath as

repeating histology patterns often reflect the same morphol-

ogy [36, 45, 67, 82, 86, 87, 91]. Recent prototypical MIL

approaches for pathology include AttnMISL [88], which

aggregates patch embeddings within the same cluster, fol-

lowed by aggregating the pooled cluster embeddings. Fol-

lowing recent advances in visual self-supervised learning,

prototypes have been used for constructing unsupervised

slide features via pooling similar patch embeddings into a

concatenated representation (H2T [81]) or measuring the

proportion of prototypes assignments in WSIs (HPL [69]).

We note that H2T and HPL have limitations in not encod-

ing cardinality or not including deep visual features, which

are relevant for interpretability and solving panoramic tasks.

Moreover, as many pretrained vision encoders in CPath are

pretrained on TCGA, prototypical patterns lack extensive

evaluation of out-of-domain performance.

3. Methods

We present PANTHER, an unsupervised slide representation

learning framework based on a compact set of prototypes

with GMM (Fig. 2). We first explain the GMM setup and

its connection to a slide embedding (Section 3.1). We then

present how it is used for downstream tasks (Section 3.2)

and prototype-based interpretation (Section 3.3).

3.1. Prototype-based aggregation

Given a WSI for subject j, we tessellate it into small non-

overlapping patches X
j = {xj

1, · · · ,x
j
Nj

} with x
j
n 2

R
W⇥H⇥3. We then employ a feature extractor fenc(·) pre-

trained on large archives of histopathology images [18], to

extract a representative and compressed embedding from

each patch. The set of extracted embeddings Z
j =

{zj1, · · · , z
j
Nj

} with z
j
n = fenc(x

j
n) 2 R

d is then aggre-

gated to construct a slide embedding z
j
WSI.

We aim to represent the set Zj with a small set of proto-

types H = {h1, · · · ,hC} with hc 2 R
d, C ⌧ Nj , without

compromising essential morphological information. Using

the prototypes as references, each patch is aggregated (or

mapped) to the references and form z
j
WSI 2 R

C·M [49, 64]

z
j
WSI = [

NjX

n=1

φj(zjn,h1), · · · ,

NjX

n=1

φj(zjn,hC)], (1)

where φj(·, ·) : Rd ⇥ R
d ! R

M is a function that maps

a pair of patch embedding and reference, based on the

similarity between the two, to a post-aggregation proto-

type embedding. In our work, the typical dimensions are

C = 8 ⇠ 32 and Nj = 10, 000 ⇠ 20, 000. The z
j
WSI

dimension is fixed such that a variable-length set of Nj fea-

tures can always be represented in fixed-length.

To define and estimate the mapping function φj , we in-

troduce a probabilistic framework for patch embedding dis-

tribution and assume each z
j
n is generated from a GMM,

p(zjn; θ
j) =

CX

c=1

p(cjn = c; θj) · p(zjn|c
j
n = c; θj)

=

CX

c=1

πj
c · N (zjn;µ

j
c,Σ

j
c), s.t.

CX

c=1

πj
c = 1,

(2)

where πj
c refers to the mixture probability of component c

in WSI set j and θj refers to the set of parameters to be

estimated, i.e., θj = {πj
c ,µ

j
c,Σ

j
c}

C
c=1. For ease of compu-

tation, we use the diagonal covariance Σj
c. Intuitively, Eq. 2

states that a morphological prototype and its variations cor-

respond to a mixture component, with πj
c indicating the ex-

tent to which the pattern manifests in the jth WSI.

We formulate the slide embedding construction as that

of estimating bθj from Z
j . To this end, we maximize the

log-likelihood (or log-posterior if prior is introduced for θj)

max
θj

log p(Zj ; θj) = max
θj

NjX

n=1

log p(zjn; θ
j). (3)

We use the expectation-maximization (EM) algorithm to

obtain the maximum likelihood estimate θj [27, 49], with

derivation provided in Supplementary Information. The

algorithm produces a posterior distribution q(cjn = c|zjn),
which represents the probability that zjn is associated with

prototype c. At EM iteration t+ 1, it is given as

q(t+1)(cjn = c|zjn) =
π
j,(t)
c N (zjn;µ

j,(t)
c ,Σ

j,(t)
c )

PC

c=1 π
j,(t)
c N (zjn;µ

j,(t)
c ,Σ

j,(t)
c )

.

(4)

Eq. (4) indicates that a patch is assigned to a certain pro-

totype c that is most similar, with the similarity measured

in terms of weighted L2 distance. Moreover, the soft pro-

totype assignment, i.e., q(t+1)(cjn = c|zjn) > 0, 8c, allows

each patch to contribute towards all prototypes, in contrast

to hard prototype assignment approaches [69, 81, 88, 91].
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Figure 2. Overview of PANTHER workflow. Whole-slide image (WSI) is segmented and patched into a set of WSI patches. A compressed

feature for each patch is encoded through a feature extractor pretrained on a large histopathology dataset. PANTHER uses the Gaussian

mixture model for patch embedding distribution, with each mixture corresponding to a morphologically distinct prototype. The estimated

model parameters are concatenated to form the slide representation, which can be used as input to a predictor module for clinical down-

stream tasks and visualized as a prototypical assignment map.

Using q
j,(t+1)
n,c = q(t+1)(cjn = c|zjn) for notational simplic-

ity, we can estimate θj,(t+1) as

πj,(t+1)
c =

PNj

n=1 q
j,(t+1)
n,c

Nj

, µ
j,(t+1)
c =

PNj

n=1 q
j,(t+1)
n,c · zjnPNj

n=1 q
j,(t+1)
n,c

Σ
j,(t+1)
c =

PNj

n=1 q
j,(t+1)
n,c · (zjn � µ

j,(t+1)
c )2

PNj

n=1 q
j,(t+1)
n,c

(5)

We set π
j,(0)
c = 1/C, µ

j,(0)
c = hc, and Σ

j,(0)
c = I, which

serves as a morphology-aware initialization. Due to its iter-

ative nature, EM can be placed as a neural network module.

The initialization for {hc}
C
c=1 is performed with K-means

clustering on the entire patch training set, constructed by

aggregating patch embeddings from all training slides in a

cohort.

Based on the final estimate bθj after the EM convergence,

the slide embedding z
j
WSI 2 R

C·M with M = 1 + 2d can

be represented as a concatenation of the elements in bθj , fol-

lowing set representation learning literature [49, 64],

z
j
WSI = [zjWSI,1, · · · , z

j
WSI,C ]

= [ bπj
1, bµ

j
1,
bΣj
1| {z }

PNj
n=1

φj(zj
n,h1)

, · · · , bπj
C , bµ

j
C ,

bΣj
C| {z }

PNj
n=1

φj(zj
n,hC)

]. (6)

We emphasize that while the prototypes {hc}
C
c=1 are shared

across different WSIs, the parameter estimation and the

slide embedding construction are performed per WSI. Over-

all, the embedding z
j
WSI satisfies two essential principles for

a faithful WSI representation and good downstream perfor-

mance. First, it accounts for the cardinality of each pro-

totype explicitly through bπj
c and implicitly through bµj

c and
bΣj
c. In addition, by concatenating the features (rather than

averaging), feature vector for each morphological prototype

is directly accessible for downstream tasks.

3.1.1 Connection to optimal transport

The aggregation in PANTHER can be seen as matching the

empirical distribution of patch embeddings and the proto-

types, defined as p̂j and q̂j respectively. Specifically, we

have p̂j =
PNj

n=1 a
j
n · δ

z
j
n

and q̂j =
PC

c=1 π
j
c · δhc

,

where
PNj

n=1 a
j
n =

PC

c=1 π
j
c = 1. OT aggregates {zjn}

Nj

n=1

to {hc}
C
c=1 by minimizing the Wasserstein distance be-

tween p̂j and q̂j , typically assuming uniform distribution

for {ajn}
Nj

n=1 and {πj
c}

C
c=1, i.e., ajn = 1/Nj and πj

c =
1/C [25, 64]. While PANTHER also assumes ajn = 1/Nj ,

the mixture probability πj
c is estimated (Eq. 5). Further-

more, the OT solution can be seen as a special case of GMM

solution with uniform prototype distribution [49].

3.2. Downstream evaluation

The embedding z
j
WSI can be used as the input to a predictor

module g(·) for various downstream tasks. The predictor
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g(·) can be a linear layer (linear probing), or implemented

as a multilayer perceptron (MLP). Instead of using the en-

tire z
j
WSI as an input to a MLP, we propose a structured MLP

z
0

WSI = [gindiv.
1 (zWSI,1), . . . , g

indiv.
C (zWSI,C)]

g(zWSI) = gpred.(z0WSI),
(7)

where j is dropped for notational simplicity, and gpred. and

{gindiv.
c }Cc=1 assume one of {Identity,Linear,MLP}. Eq. 7

leverages that z
j
WSI, which is a concatenation of mixture

estimates, can be decomposed along each prototype and

learns per-prototype nonlinear mapping gindiv.
c . This is not

possible with a typical MIL: First, the large and variable

size of N prohibits the learning of {gindiv.
n }Nn=1. Moreover,

the permutation invariance makes finding an “appropriate”

function gindiv.
n for a given patch embedding zn non-trivial.

3.3. Interpretability

Based on the estimated prototype assignment probability q,

we propose two approaches for interpretability. First, for

each patch embedding z
j
n, we assign the prototype with the

highest posterior probability,

cjn = argmaxc q(c
j
n = c | zjn), (8)

and overlay the prototype assignments onto WSI, visual-

izing how pathology visual concepts are distributed within

each WSI (prototypical assignment map, Fig. 3), with bπj
c

quantifying the extent of the distribution. For a specific

prototype c0, we can also visualize how morphologically

similar each patch embedding is to the prototype using

q(cjn = c0 | zjn) (Fig. 1).

4. Experiments

4.1. Datasets

Subtyping We evaluate PANTHER on four different subtyp-

ing tasks: EBRAINS fine subtyping (30 classes) and coarse

subtyping (12 classes) for rare brain cancer types [32, 70],

Non-Small Cell Lung Carcinoma (NSCLC) subtyping on

TCGA and CPTAC (2 classes), and ISUP grading based

on Prostate cancer grade assessment (PANDA) challenge (6

classes) [8, 9]. We use balanced accuracy and weighted F1

metrics for evaluation on EBRAINS and NSCLC subtyping

task and Cohen’s κ for the ISUP grading task.

Survival We evaluate PANTHER on TCGA across several

cancer types: Breast Invasive Carcinoma (BRCA), Colon

and Rectum Adenocarcinoma (CRC), Bladder Urothelial

Carcinoma (BLCA), Uterine corpus endometrial carcinoma

(UCEC), Kidney renal clear cell carcinoma (KIRC), and

Lung adenocarcinoma (LUAD). For TCGA, we use the 5-

fold site-stratified cross-validation. For cancer types with

external validation datasets (KIRC: CPTAC, LUAD: CP-

TAC, NLST), we use the models trained on TCGA and eval-

uate on the external dataset. We use the concordance index

(c-index) for evaluation. To address the shortcomings of

overall survival accounting for non-cancerous deaths [14,

42, 57], we use disease-specific survival (DSS). Additional

details can be found in Supplementary Information.

4.2. Baselines

We employ 1) unsupervised baselines, which use unsuper-

vised slide representation followed by the task-specific lin-

ear network, and 2) supervised baselines, which construct

supervised slide representation for each task. For the unsu-

pervised baselines, we use the following: 1) DeepSets [93]

The slide embedding z
j
WSI 2 R

d is formed by averaging all

the features in the set. 2) ProtoCounts [69, 91] K-means

clustering is performed on the cohort-aggregated set of fea-

tures. The slide embedding z
j
WSI 2 R

C is a count vector of

the number of patches assigned to each cluster. 3) H2T [81]

The patch embeddings are clustered and averaged within

each cluster. The averaged cluster centroids are concate-

nated, with z
j
WSI 2 R

C·d. 4) Optimal Transport (OT) [64]

The patch features of a WSI is aggregated to a set of pro-

totypes with OT [25], with z
j
WSI 2 R

C·d. OT assumes uni-

form mixture probability, i.e., πj
c = 1/C, 8c.

We also implement the following supervised baselines:

Attention-based MIL (ABMIL) [40], Transformer-based

MIL (TransMIL) [73], Prototype-clustering based MIL (At-

tnMISL) [88], and low-rank MIL (ILRA) [84].

For PANTHER, we experiment with variations of z
j
WSI to

better understand our model: 1) All (original): All mix-

ture parameters are concatenated, z
j
WSI 2 R

C(1+2d). 2)

Weighted avg. (WA): µc and Σc weighted-averaged by πc

and concatenated, z
j
WSI 2 R

2d. 3) Top (Bottom): Param-

eters for mixture component with the largest (smallest) bπj
c

is selected, z
j
WSI 2 R

(1+2d). We use either linear (+lin.) or

nonlinear head (+MLP) on top of z
j
WSI.

For the feature extractor fenc(·), which is the same for

all baselines used in this work, we used UNI [18], a ViT-

L/16 DINOv2 [28, 66] that was pre-trained on a large in-

ternal histology dataset of 1 ⇥ 108 patches from 1 ⇥ 106

WSIs⇤. We also experiment with other feature encoders,

CTransPath [83] and ResNet50 [34], the results of which

can be found in Supplementary Information.

4.3. Implementation

WSIs at 20⇥ magnification (0.5µm/pixel) are patched with

non-overlapping patches of 256⇥256 pixels. For each WSI,

we use all patches without sampling. We found that a single

EM step is sufficient for convergence. The prototypes H are

constructed from K-means clustering on the set of patches

aggregated from the training cohort (all slides) for each task.

The same H is used for AttnMISL, ProtoCounts, H2T, OT,

and PANTHER. Additional details on training and loss func-

tions can be found in Supplementary Information.

∗Accessible at: https://github.com/mahmoodlab/UNI

11570



Table 1. Subtyping prediction Results of PANTHER and baselines for four different subtyping tasks. All methods use UNI features [18].

Best performance in bold, second best underlined. AttnMISL, ProtoCounts, H2T, OT, and PANTHER use C = 16 prototypes.

Train on EBRAINS EBRAINS TCGA-NSCLC PANDA

(fine, 32 classes) (coarse, 12 classes) (2 classes) (6 classes)

Test on EBRAINS EBRAINS TCGA CPTAC Karolinska Radboud

(Bal. acc.) (F1) (Bal. acc.) (F1) (Bal. acc.) (Bal. acc.) (Cohen’s κ) (Cohen’s κ)

S
u

p
er

v
is

ed
. ABMIL [40] 0.674 0.744 0.834 0.906 0.949 0.904 0.935 0.918

TransMIL [73] 0.701 0.758 0.848 0.921 0.959 0.867 0.942 0.922

DSMIL [55] 0.648 0.698 0.824 0.882 0.980 0.791 0.909 0.911

AttnMISL [88] 0.534 0.636 0.647 0.823 0.888 0.823 0.882 0.894

ILRA [84] 0.618 0.695 0.820 0.896 0.939 0.887 0.931 0.925

U
n

su
p

. DeepSets [93] 0.033 0.073 0.082 0.2 0.571 0.707 < 0 < 0

ProtoCounts [69, 91] 0.038 0.018 0.097 0.079 0.429 0.569 < 0 0.13

H2T [81] 0.117 0.223 0.181 0.421 0.929 0.821 0.457 0.755

OT [64] 0.700 0.756 0.837 0.915 0.950 0.867 0.817 0.883

O
u

rs

PANTHERTop + lin. 0.471 0.571 0.554 0.758 0.857 0.833 0.631 0.689

PANTHERBot. + lin. 0.038 0.080 0.138 0.329 0.602 0.705 0.071 0.000

PANTHERWA + lin. 0.497 0.598 0.569 0.784 0.888 0.860 0.663 0.787

PANTHERAll + lin. 0.691 0.756 0.829 0.904 0.939 0.882 0.866 0.909

PANTHERAll + MLP 0.693 0.760 0.854 0.908 0.980 0.906 0.923 0.931

5. Results

5.1. Subtyping and survival prediction

Subtyping and survival prediction results are shown in Ta-

ble 1 and Table 2. Overall, PANTHER consistently outper-

forms or is on par with all supervised and unsupervised

baselines. We highlight key insights and provide hypothe-

ses for the high performance of PANTHER.

PANTHER vs. supervised MIL PANTHERAll+MLP outper-

forms or is on par with the best-performing supervised base-

line on subtyping (TransMIL) and survival prediction tasks

(mix). With linear probing, PANTHERAll+lin. remains com-

petitive against MIL on subtyping and performs better on

most cancer types in survival prediction, demonstrating the

strong representation quality of z
j
WSI. This is encouraging as

PANTHER builds a slide representation in an unsupervised

fashion, unlike MIL which learns a patch aggregation end-

to-end with the downstream tasks. Interestingly, despite re-

lying on a similar prototype construction as PANTHER, At-

tnMISL [88] performs consistently lower than PANTHER.

We attribute this difference to AttnMISL averaging the pro-

totypes with attention weights, whereas PANTHER builds

a slide embedding by concatenating them. Our baseline

PANTHERWA+lin. further confirms this by showing that av-

eraging leads to a consistently lower performance.

PANTHER vs. unsupervised baselines We observe that

PANTHERAll+MLP outperforms most unsupervised base-

lines on subtyping and survival prediction tasks. We at-

tribute this gain to two design principles behind PANTHER:

(1) prototypes are represented as low-dimensional feature

vectors, and (2) the resulting slide embedding encodes the

cardinality of each prototype, i.e., their extent in the WSI. In

comparison, ProtoCounts only encodes the count informa-

tion, leading to poor performance. Interestingly, DeepSets,

which builds slide embeddings as the sum of all patch

embeddings, and similarly our baseline PANTHERWA+lin.,

which takes weighted averaging of the prototype features,

lead to poor subtyping performance despite implicitly en-

coding both deep patch representations and cardinality. We

hypothesize that subtyping requires a mechanism to “iso-

late” discriminative information, which can be implemented

using attention (as in ABMIL and TransMIL), or using pro-

totype concatenation as in PANTHER.

Unsurprisingly, H2T and OT come closest to PANTHER

on subtyping tasks as they also aggregate the patches

to the prototypes (albeit with different mechanisms from

PANTHER) and use concatenation. However, on ISUP grad-

ing in prostate cancer which is clinically assessed using the

primary and secondary Gleason patterns, PANTHER sees

significant performance increases. Lastly, H2T and OT lack

explicit mechanisms to incorporate cardinality into slide

representation, an important feature of PANTHER for inter-

pretability (Section 5.2).

In this context, PANTHER appears as a comprehensive

unsupervised slide representation method that concatenates

deep prototype representations along with their cardinality.

PANTHER ablations We further ablate PANTHER by re-

taining only a single component with the highest (low-

est) bπc, i.e., PANTHERTop (PANTHERBot.). We observe

that both PANTHERTop and PANTHERBot. performs consis-

tently poorly. This reaffirms that capturing morphologi-
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Table 2. Survival prediction Results of PANTHER and baselines for measuring patient disease-specific survival based on c-index. All

methods use UNI features [18]. Best performance in bold, second best underlined. All models and prototypes are trained on TCGA.

AttnMISL, ProtoCounts, H2T, OT, and PANTHER use C = 16 prototypes. Standard deviation (in parentheses) are reported over five runs.

Dataset BRCA CRC BLCA UCEC KIRC LUAD

Test on TCGA TCGA TCGA TCGA TCGA CPTAC TCGA CPTAC NLST

S
u

p
er

v
is

ed

ABMIL [40]
0.644 0.608 0.550 0.669 0.684 0.613 0.654 0.572 0.519

(± 0.05) (± 0.09) (± 0.06) (± 0.07) (± 0.06) (± 0.06) (± 0.06) (± 0.03) (± 0.04)

TransMIL [73]
0.612 0.684 0.595 0.695 0.671 0.639 0.665 0.555 0.484

(± 0.07) (± 0.06) (± 0.06) (± 0.08) (± 0.10) (± 0.04) (± 0.10) (± 0.03) (± 0.05)

DSMIL [55]
0.496 0.5 0.501 0.497 0.5 0.5 0.501 0.502 0.5

(± 0.00) (± 0.00) (± 0.00) (± 0.00) (± 0.00) (± 0.00) (± 0.00) (± 0.00) (± 0.00)

AttnMISL [88]
0.627 0.639 0.485 0.581 0.649 0.608 0.673 0.632 0.577

(± 0.08) (± 0.10) (± 0.06) (± 0.12) (± 0.09) (± 0.06) (± 0.10) (± 0.03) (± 0.04)

ILRA [84]
0.649 0.555 0.550 0.632 0.637 0.611 0.586 0.651 0.482

(± 0.10) (± 0.10) (± 0.04) (± 0.02) (± 0.14) (± 0.03) (± 0.06) (± 0.05) (± 0.01)

U
n

su
p

er
v

is
ed

DeepSets [93]
0.673 0.563 0.581 0.730 0.715 0.634 0.652 0.550 0.509

(± 0.11) (± 0.10) (± 0.05) (± 0.05) (± 0.08) (± 0.01) (± 0.05) (± 0.01) (± 0.04)

ProtoCounts [69, 91]
0.490 0.552 0.533 0.441 0.461 0.503 0.460 0.577 0.500

(± 0.11) (± 0.06) (± 0.09) (± 0.06) (± 0.06) (± 0.09) (± 0.11) (± 0.11) (± 0.01)

H2T [81]
0.672 0.639 0.566 0.715 0.703 0.631 0.662 0.583 0.603

(± 0.07) (± 0.11) (± 0.05) (± 0.09) (± 0.11) (± 0.04) (± 0.09) (± 0.03) (± 0.04)

OT [64]
0.755 0.622 0.603 0.747 0.695 0.650 0.687 0.641 0.495

(± 0.06) (± 0.09) (± 0.04) (± 0.08) (± 0.09) (± 0.02) (± 0.08) (± 0.02) (± 0.04)

O
u

rs

PANTHERTop + lin.
0.718 0.534 0.543 0.707 0.741 0.608 0.575 0.607 0.417

(± 0.11) (± 0.08) (± 0.05) (±0.08) (± 0.11) (± 0.01) (± 0.05) (± 0.02) (± 0.06)

PANTHERBot. + lin.
0.578 0.452 0.494 0.570 0.524 0.532 0.592 0.539 0.519

(± 0.13) (± 0.08) (± 0.08) (± 0.11) (± 0.14) (± 0.08) (± 0.10) (± 0.12) (± 0.02)

PANTHERWA + lin.
0.670 0.647 0.586 0.753 0.730 0.623 0.654 0.461 0.482

(± 0.09) (± 0.12) (± 0.04) (± 0.09) (± 0.07) (± 0.01) (± 0.07) (± 0.01) (± 0.06)

PANTHERAll + lin.
0.722 0.645 0.602 0.751 0.703 0.649 0.672 0.568 0.623

(± 0.07) (± 0.07) (± 0.05) (± 0.11) (± 0.13) (± 0.04) (± 0.06) (± 0.05) (± 0.07)

PANTHERAll + MLP
0.758 0.665 0.612 0.757 0.716 0.691 0.685 0.653 0.634

(± 0.06) (± 0.10) (± 0.07) (± 0.10) (± 0.10) (± 0.03) (± 0.06) (± 0.04) (± 0.04)

cal heterogeneity is crucial for accurate prediction of a pa-

tient’s clinical outcome [63, 80]. That PANTHERBot. is the

lowest-performing agrees with our intuition, as subtypes

and grades are most often determined by pathologists based

on visual cues that must be integrated across the entirety of

the tumor, rather than utilizing only a particular region or

morphology within the whole. Interestingly, PANTHERTop

performs relatively well for the NSCLC subtyping task,

which we attribute to it being a relatively simple binary clas-

sification task and the most populous component (highest

bπc) for the NSCLC WSIs on average being tumor.

PANTHER with linear vs. non-linear head In all tasks,

PANTHERAll+MLP consistently boosts the performance

over PANTHERAll+lin., demonstrating additional predictive

capability enabled by per-prototype non-linearity modeling.

5.2. Interpretability

To understand which prototypes are used in learning slide

representations, we visualize (1) the patch-level prototype

assignments per WSI via probability q(cjn = c | zjn), and

(2) the distribution of mixture components bπj
c within and

across all WSIs in the cohort.

Overall, we find that GMMs are a simple yet powerful

framework for mapping the spatial organization of histo-

logic visual concepts in the tissue microenvironment. Vi-

sual assessment by a board-certified pathologist (D.F.K.W.)

revealed that prototypical patterns reflect distinct mor-

phological phenotypes of tumor-, tumor-associated stro-

mal, and immune-cell populations as well as normal tis-

sue components (Fig. 3C). In NSCLC, we discover proto-

types that correspond to adenocarcinoma (turquoise, C2 and

C15) and squamous cell carcinoma (orange, C12) patterns

(Fig. 3A,B). Analysis of bπc shows that these patterns almost

exclusively appeared in LUAD and LUSC slides (Fig. 3C).

In CRC, the distribution of prototypical patterns had strong

concordance with existing tissue annotations for CRC tis-

sue types (CRC-100K) [47], with further visualizations pre-

sented in the Supplementary Information.
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Figure 3. Prototype-oriented heatmap interpretation. (A) Examples of WSIs and prototypical assignment maps from LUAD and LUSC,

with estimated prototype distribution π̂c for each WSI. (B) Prototype distribution and morphological annotations by a board-certified

pathologist in the NSCLC cohort. The adenocarcinoma prototypes (C2, C15) and squamous cell carcinoma (C12) appear exclusively in

LUAD and LUSC respectively, showing that PANTHER can correctly capture essential morphological cues in the tissue.

5.3. Further ablations

We run further ablation studies and present additional in-

sights in Supplementary Information. Overall, PANTHER

is robust across different choices of the number of proto-

types C, survival loss functions, and feature encoders.

6. Conclusion and limitations

We present PANTHER, a prototype-based aggregation

framework for learning unsupervised slide representations

with Gaussian mixtures as the patch distribution. We be-

lieve this is an important addition to the emerging group of

slide representation studies, with the unsupervised nature

of PANTHER making it readily applicable to diverse tasks.

Limitations include using C = 16 for all tasks, which may

lead to over- or under-clustering for certain cancers. Future

work includes introducing more expressive mixture models

for patch distributions, determining the number of proto-

types in a data-driven manner, and evaluating on rare cancer

cohorts with small sample sizes.
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