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Abstract

Representation learning of pathology whole-slide images
(WSIs) has primarily relied on weak supervision with Mul-
tiple Instance Learning (MIL). This approach leads to slide
representations highly tailored to a specific clinical task.
Self-supervised learning (SSL) has been successfully ap-
plied to train histopathology foundation models (FMs) for
patch embedding generation. However, generating patient
or slide level embeddings remains challenging. Existing ap-
proaches for slide representation learning extend the prin-
ciples of SSL from patch level learning to entire slides by
aligning different augmentations of the slide or by utilizing
multimodal data. By integrating tile embeddings from mul-
tiple FMs, we propose a new single modality SSL method
in feature space that generates useful slide representations.
Our contrastive pretraining strategy, called COBRA, em-
ploys multiple FMs and an architecture based on Mamba-
2. COBRA exceeds performance of state-of-the-art slide
encoders on four different public Clinical Protemic Tumor
Analysis Consortium (CPTAC) cohorts on average by at
least +4.4% AUC, despite only being pretrained on 3048
WSIs from The Cancer Genome Atlas (TCGA). Addition-
ally, COBRA is readily compatible at inference time with
previously unseen feature extractors. Code available at
https://github.com/KatherLab/COBRA.

1. Introduction
In recent years, self-supervised learning (SSL) has emerged

as a foundational approach in Computational Pathology

(CPath), providing the basis for weakly supervised models

to achieve remarkable results in diagnostic, prognostic, and

treatment response prediction tasks [3, 4, 10, 11, 19, 24, 26–

28, 32, 37, 39, 41, 44, 47]. By capturing informative, low-

dimensional representations from unannotated whole-slide

images (WSIs), SSL has enabled weakly supervised mod-

*Equal contribution

els to use these features for downstream tasks, effectively

bridging the gap between high-resolution data and the lim-

ited availability of fully annotated datasets. SSL excels in

generating low-dimensional feature representations for gi-

gapixel WSIs, which can reach dimensions of 150,000 ×
150,000 pixels (px), making them challenging to process

with Vision Transformers (ViTs) [8] due to memory con-

straints. Consequently, most CPath approaches tessellate

WSIs into smaller patches and extract low-dimensional em-

beddings for these patches using pretrained histopathology

foundation models (FMs) [23]. Typically, these patch em-

beddings are used in weakly-supervised models for down-

stream classification tasks via multiple-instance learning

(MIL) [7, 16, 35].

In addition to patch-based representations, SSL can also

generate slide-level embeddings without any human annota-

tions [20, 21, 46]. Pretrained SSL models can be leveraged

to achieve impressive results on downstream tasks with

minimal labeled data for task-specific fine-tuning, offering

practical advantages like reduced labeling costs, elimination

of noisy labels inherent to inter-observer variability, and im-

proved generalizability through label-free representations.

Central to SSL is the alignment of multiple representations

of WSIs or related modalities (e.g., morphological text de-

scriptions) into a shared latent space using contrastive learn-

ing or other similarity-based pretraining methods. However,

generating effective augmentations to create these represen-

tations remains challenging. While image-level augmenta-

tions have been widely explored for patch-based learning,

they may fail to produce diverse feature augmentations, as

many modern FMs are designed to be invariant to these

transformations [29, 43]. Other approaches, such as us-

ing different stainings (e.g., hematoxylin and eosin (H&E)

combined with immunohistochemistry (IHC)), have shown

potential but are limited by the availability of multi-stained

tissue samples [18]. Similarly, aligning multiple modalities,

such as text or gene expression data, has produced promis-

ing results but is constrained by the limited availability of

such datasets and requires additional compute to process the
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Figure 1. COBRA overview for self-supervised slide representation learning (A). A WSI is tessellated into patches at different magnifica-

tions (B) and encoded using different foundation models (FMs) (C) to produce tile embeddings. The magnifications (B) and foundation

models (FMs) (C) serve as feature space augmentations to pretrain the COBRA slide encoder (D) using contrastive self-supervised learning.

different modalities [17, 34, 42].

To address these challenges, we propose a novel SSL

method for image-only slide representation learning called

COntrastive Biomarker Representation Alignment (CO-

BRA). COBRA integrates tile embeddings from multiple

FMs to generate augmentations directly in feature space,

which can then be used to train a slide- or patient-level en-

coder. By employing Mamba-2 [6] followed by multi-head

gated attention [18] and a contrastive loss objective, COBRA

produces robust slide-level embeddings. Our contributions

are summarized as follows:

• We propose an unsupervised single-modality contrastive

slide encoder framework (COBRA) that avoids the need

for stochastic image augmentations as it is trained and

deployed on frozen patch embeddings. Extensive evalua-

tions across 15 downstream classification tasks on three

tissue types with external validation demonstrate CO-

BRA’s superiority over existing slide encoders.

• Our patient level encoder produces state-of-the-art

(SOTA) unsupervised slide representations with unprece-

dented data efficiency, outperforming existing approaches

with only a fraction of the pretaining data (3048 WSIs

across four tissue types).

• We show that COBRA can turn patch level FMs, includ-

ing ones not encountered during training, into better slide

level feature extractors without any additional finetuning,

making it particularly valuable as new FMs emerge.

• COBRA can be deployed across different WSI magni-

fications, where lower magnifications yield significant

gains in computational efficiency with minimal sacrifice

of downstream classification performance.

2. Related work

Patch representation learning Most works applying

SSL focus on creating embeddings from image patches.

Training a ViT with an SSL method like Dino-v2 [30] is

now the preferred approach for learning task-agnostic im-

age representations in CPath. SOTA FMs usually com-

bine alignment- and reconstruction-based objectives trained

with a student-teacher learning paradigm. These FMs

are trained on increasingly large datasets and architectures

(e.g. ViT-Giant [44] or trained on up to 3M WSIs [47]).
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Table 1. Slide encoder overview. Abbreviations are as follows:

# Ps refers to the number of parameter and # WSI refers to the

number of WSIs the slide encoder was pretrained on.

Model # Ps[M] # WSI[K] Patch FM

Gigapath-SE [44] 86 171 Gigapath [44]

CHIEF [42] 1 60 CTransPath [41]

PRISM [34] 513 587 Virchow [39]

MADELEINE [18] 5 21 CONCH [24]

COBRA 15 3

CTransPath [41],

UNI [4],

Virchow2 [47],

H-Optimus-0 [32]

Besides image-only FMs, vision-language pathology FMs

have recently emerged which rely on large-scale paired

data [15, 24].

Multiple instance learning The SOTA approach for WSI

classification is generating tile embeddings using FMs and

then using these embeddings in a MIL approach to train an

aggregator model for a specific downstream task. In par-

ticular, Attention-based MIL (ABMIL) [16] and many ex-

tensions thereof have been proposed [10, 23, 35, 40, 45].

While MIL approaches are prevalent for WSI classification,

they are typically supervised and tailored to specific tasks.

Slide representation learning In contrast to MIL, slide

representation learning constructs embeddings in an unsu-

pervised manner and is task-agnostic. This next frontier in

representation learning of histology images has been pro-

posed in several works. In early work, Chen et al. proposed

a hierarchical self-distillation approach for learning unsu-

pervised WSI-level representations [3]. Lazard et al. used

augmented patches to create many embeddings of the same

input image to enable contrastive learning with slide embed-

dings [21]. In GigaPath, Xu et al. trained a masked autoen-

coder on the embeddings of their patch encoder to obtain

slide representations [44]. More recent work applied vast

amounts of multimodal data to pretrain aggregation mod-

els [18, 34, 42]. Differing from previous methodologies, we

achieve state-of-the-art WSI-patient-level encoding by per-

forming self-supervised contrastive learning on frozen vi-

sion features with a fraction of the data volume. None of the

mentioned studies used less than 10K WSIs for WSI-level

encoder pretraining [3, 18, 21, 42], while PRISM [34] and

Gigapath [44] were trained on over 100K WSIs. COBRA

surpasses the performance of earlier work, even though it is

trained on only 3K publicly available WSIs (see Table 1).

3. Method
COBRA is an unsupervised slide representation learning

framework. Given a set of WSIs {Xi|Xi ∈ R
dx×dy×3}

belonging to a single patient, it produces a single d-

dimensional feature vector z ∈ R
d representing that pa-

tient. We provide a brief overview of COBRA below and in

Fig. 1, before going into detail in the following subsections.

COBRA operates on preprocessed patch embeddings

(Sec. 3.1) from a set of CPath FMs. Its architecture consists

of a Mamba-2 [6] encoding module, a multi-head attention-

based pooling module for learning a patient-level slide em-

bedding (Sec. 3.2) and an embedding module that learns to

align multiple FMs into the same embedding space. COBRA

can be deployed in various different modes, which makes it

very flexible to adapt to different FMs (see Sec. 3.3). We

train COBRA using a contrastive loss [38] (Sec. 3.4) and

evaluate it on a variety of external validation tasks (Sec. 4).

3.1. Preprocessing

Given a histology slide (Xi ∈ R
dx×dy×3), we tessellate the

slide into (224 × 224) px patches and remove background

tiles by employing Canny background detection [31]. Next,

we extract patch embeddings with pretrained FMs and pool

the resulting feature vectors into a slide embedding. We

use fen to refer to the nth FM, fen ∈ {CTP,UNI,V2,H0}
denoting CTransPath [41], UNI [4], Virchow2 [47], and H-

optimus-0 [32], respectively. By integrating FMs of dif-

ferent sizes and with different strengths, we aim to cap-

ture a diverse set of morphological features and ensure

that our slide representations are robust and that COBRA

is adaptable to other FMs. We obtain the patch embed-

dings Hfen ∈ R
Nt×dn with Nt and dn denoting the num-

ber of tiles and the embedding dimension dn ∈ ds =
{768, 1024, 1280, 1536}. We extract patch embeddings at

0.5, 1.14 and 2 microns per pixel (MPP) using 3048 WSIs

from 2848 patients in TCGA BRCA, CRC, LUAD, LUSC

and STAD. The use of multiple magnifications acts as a

form of data augmentation in feature space, enriching the

model’s learning by providing multiscale contextual infor-

mation. This approach enhances the model’s ability to learn

scale-invariant representations and improves its generaliza-

tion across different tasks.

3.2. Architecture

The slide encoder consists of individual embedding MLPs

for the different FMs and two Mamba-2 layers [6] followed

by multihead gated attention [16, 18]. The embedding mod-

ule is a layer norm [1] followed by an MLP with one hidden

layer and SiLU activation [14]. It projects the different em-

bedding dimensions of the FMs to the shared embedding

space of the slide encoder. Inspired by MambaMIL [45],

we use two Mamba [12] layers to efficiently encode the

feature embeddings. We opt for the Mamba-2 state space

dual (SSD) modules as they scale substantially better for

higher state-space dimensions compared to original Mamba

modules [6]. Additional information on the hyperparame-
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ters used can be found in Appendix A.

Formally, the architecture may be described as follows:

Let fSE : R
Nt×ds → R

d denote the slide encoder con-

sisting of three submodules fE : R
Nt×ds → R

Nt×d,

fS : R
Nt×d → R

Nt×d and fA : R
Nt×d → R

d, given

by

z = fSE(H
fen) = fA(fS(fE(H

fen))), Hfen ∈ R
Nt×dn ,

(1)

where fE ,fS ,fA denote the embedding module, the state-
space dual module and the aggregation module, respec-

tively, and dn ∈ ds = {768, 1024, 1280, 1536} and Hfen

refers to the patch embedding of the nth FM. The embedding
module fE is defined as follows:

HE = fE(H
fen) = Lin(SiLU(Lin(LN(Hfen)))), (2)

where Lin denotes a linear layer and LN denotes layer norm.

The state-space dual module fS is specified as:

HS = fS(HE) = Lin(SSD(SSD(HE) +HE) +HE).
(3)

The aggregation module fA consists of multi-head gated

attention [16, 18] to aggregate the input embeddings into

a single feature vector via a weighted average. For multi-

head gated attention, the encoded embeddings are split into

M parts for the M heads: HS = {Hm
S }m∈{1,...,M} with

Hm
S ∈ R

Nt× d
M . The aggregation module fA is given by

z = fA(HS) =

NtX
k=1

ak(HS,k) ·HS,k;

ak(HS,k) =
1

M

MX
m=1

amk (Hm
S,k),

(4)

with HS,k ∈ R
d and amk ∈ R is defined as:

amk (Hm
S,k) =

exp

(
w�

m

(
tanh

(
Vm(Hm�

S,k )
)� σ

(
UmHm�

S,k

)))
NtP
i

exp

(
w�

m

(
tanh

(
VmHm�

S,i

)� σ
(
UmHm�

S,i

))) ,

(5)

with σ denoting the sigmoid function and w ∈ R
p×1,U ∈

R
p×d,V ∈ R

p×d as learnable parameters and p being the

attention dimension.

3.3. Inference modes

During self-supervised pretraining, the slide encoder

learns to map the patch embeddings (Hfen ) of different

slides, patches, FMs and magnifications from the same pa-

tient to be close in slide embedding space (z). For this pur-

pose, encoded embeddings are aggregated to a single fea-

ture vector.

Single-FM inference mode In line with Wang et al. [42],

we found it beneficial at inference time to compute the

weighted average in Eq. (4) using the original patch em-

beddings (Hfen ) instead of the encoded embeddings (HS)

to obtain the slide-level representation (see Appendix D.1).

Importantly, we still use the encoded embeddings to com-

pute the weighting ak(HS,k) of that average. Specifically,

at inference time, Eq. (4) becomes

z = fAinf
(HS ,H

fen) =

NtX
k

ak(HS,k) ·Hfen
k . (6)

We refer to this as the single-FM inference mode of COBRA

and provide an ablation for the choice of Eq. (4) vs. Eq. (6)

in Appendix D.1. Unless stated otherwise, we will denote

as COBRA the single-FM inference mode version using Vir-

chow2 patch embeddings as input, which is given by

z = fSEinf

(
HV 2,HV 2

)
. (7)

Multi-FM inference mode Additionally, one can use

feature vectors from multiple different FMs and average

the embeddings after the embedding module to extract

patient-level features which incorporate the knowledge of

the different FMs simultaneously with f†
SEinf

: RNt×ds ×
R

Nt×dk → R
d (dk ∈ ds):

z† = f†
SEinf

({Hfen}n∈{1,...,NFM},Hfel
)

= fAinf

 
fS

(PNFM

n f†
E(H

fen)

NFM

)
,Hfel

!
.

(8)

Here, NFM denotes the number of FMs used for pretrain-

ing and Hfel refers to the patch embeddings that are ag-

gregated during inference. Additional information on the

inference modes can be found in Appendix B.

3.4. Contrastive loss function

Following He et al. [13], we interpret contrastive learning

as training an encoder for a dictionary look-up task:

Consider a set of encoded samples, denoted as K =
{k1,k2, . . . ,kN}, which represent the keys of a dictio-

nary. For a given query q, there exists exactly one matching

key k+ ∈ K. The contrastive loss is minimized when q
closely matches k+ and diverges from all other keys. The

InfoNCE [38] loss function is defined as

Lq = − log
ψ(q,k+)
NP
i=1

ψ(q,ki)

, (9)

where q and the corresponding k+ represent feature vectors

produced by a randomly selected pretrained encoder, sam-

pling patches from WSIs of the same patient and N is the
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batch size or the length of the memory queue. The function

ψ is defined as follows:

ψ(x1,x2) = exp(sim(x1,x2)/τ), (10)

where τ denotes the temperature parameter and the cosine

similarity function is depicted as sim(·). To avoid feature

collapse, the keys and queries should be generated by dis-

tinct encoders. Let θq denote the parameters of the query

encoder with the dense projection head, then the parame-

ters of the key encoder θk are updated as follows:

θk ← mθk + (1−m)θq, (11)

where m ∈ [0, 1) is the momentum coefficient. With the

key encoder as the exponential average of the query en-

coder, the key representations stay more consistent, which

enables a more stabilized training process. We adapted

the public MoCo-v3 [5] repository for our experiments to

align the embedding space of the slide embeddings gener-

ated with tile embeddings from different FMs.

4. Experiments & results
4.1. Dataset

TCGA We collected 3048 WSIs from 2848 patients using

the cohorts TCGA [36] Breast Invasive Carcinoma (TCGA-

BRCA, 1112 WSIs), TCGA Colorectal Carcinoma (TCGA-

CRC, 566 WSIs), TCGA Lung Adenocarcinoma (TCGA-

LUAD, 524 WSIs), TCGA Lung Squamous Cell Carcinoma

(TCGA-LUSC, 496 WSIs), and TCGA Stomach Adenocar-

cinoma (TCGA-STAD, 350 WSIs). See Appendix C for de-

tailed information. These cohorts were used for pretraining

COBRA and for training the downstream classifiers and lin-

ear regression models. We emphasize that neither COBRA

nor any FMs used in this study were pretrained on datasets

included in the evaluation of the downstream tasks, preclud-

ing any data leakage.

CPTAC We collected 1604 WSIs from 444 patients us-

ing the cohorts CPTAC [9] Breast Invasive Carcinoma

(CPTAC-BRCA, 395 WSIs), CPTAC Colon Adenocarci-

noma (CPTAC-COAD, 233 WSIs), CPTAC Lung Adeno-

carcinoma (CPTAC-LUAD, 498 WSIs), and CPTAC Lung

Squamous Cell Carcinoma (CPTAC-LUSC, 478 WSIs).

These cohorts were exclusively used for external validation.

4.2. Pretraining setup

We trained COBRA on patch embeddings derived from

slides of 2848 patients, using a batch size of 1024 across

four NVIDIA A100 GPUs for 2000 epochs, which took ap-

proximately 40 hours. In total, we used 36576 extracted

feature embeddings consisting of 3048 WSIs for each of

the four FMs models and each of the three magnifications

included into the pretraining. Additional information about

the hyperparameters used for the training of COBRA can be

found in the Appendix Tab. 5.

4.3. Tasks

CPath is used for different task categories. One impor-

tant such category is biomarker prediction. Here, we fo-

cused on STK11, EGFR, KRAS and TP53 mutation pre-

diction in LUAD, ESR1, PGR and ERBB2 expression, and

PIK3CA mutation prediction in BRCA, and MSI status,

BRAF, KRAS, PIK3CA mutation prediction in COAD. We

also included classification of phenotypic subtypes, Non-

Small Cell Lung Cancer (NSCLC) Subtyping and Sided-

ness prediction of COAD. Finally, we added N-Status pre-

diction in COAD, a task that goes beyond the tissue it-

self and tries to classify whether the tumor has infiltrated

lymph nodes, thereby influencing prognostication. We re-

port area under the receiver operating characteristic (AUC)

results in the main text, additional metrics such as F1 score,

area under the precision recall characteristic (AUPRC) and

the balanced accuracy of all experiments can be found in

Appendix D. Unless indicated otherwise, all results are re-

ported for 0.5 MPP (20× WSI magnification). In general,

we conducted our evaluation experiments for three different

WSI magnifications: 0.5 MPP (20×), 1.14 MPP (9×) and

2 MPP (5×). Additional information about the downstream

experiments can be found in Appendix A.1.

4.4. Evaluation of patient embeddings

MLP downstream classification We evaluated COBRA’s

patient-level slide embeddings following standard practice

in CPath using 5-fold cross-validation on the TCGA train-

ing cohort followed by deploying all five classifiers on the

full external validation set CPTAC. The classifier is a sim-

ple MLP. Generating a slide embedding and then training

a small MLP is much more efficient than current MIL ap-

proaches using tile embeddings. We compare COBRA to all

mean patch embeddings of FMs used in this study and to

the slide encoders MADELEINE [18], PRISM [34], Giga-

Path [44] and CHIEF [42] (see Tab. 2). All slide encoders

except GigaPath and MADELEINE manage to outperform

the mean patch embeddings of the FM they are based upon.

However, COBRA is the only model that manages to reach

a higher macro-AUC than Virchow2 mean patch embed-

dings. Nevertheless, it should be noted that MADELEINE

was trained only on BRCA slides. Still, COBRA also sub-

stantially outperforms MADELEINE on most BRCA tasks

(ESR1: +9.5%, PGR +5.5%, ERBB2 +4.9%, PIK3CA -1.3%

AUC). Overall, COBRA improves over PRISM by +4.4%

average AUC and over the mean of the patch embeddings

of Virchow2 by +1.5%. Especially on the COAD down-

stream tasks, MSI and BRAF, COBRA achieves substantial

performance increases over the other slide encoders of at
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Table 2. Comparison of different slide encoders and mean baselines. AUC performance of downstream tasks trained on TCGA and

deployed on CPTAC. ST denotes Subtyping, SE denotes Slide Encoder. Overline indicates mean over patch embeddings, Concatenated

refers to concatenated mean embeddings of all FMs involved in COBRA’s pretraining, and Ensemble Prediction refers to the average of

predictions from the mean patch embeddings of the training FMs. Bold indicates the best performance, and underline indicates the second-

best performance.

AUROC[%] NSCLC LUAD BRCA COAD Average

Model ST STK11 EGFR TP53 KRAS ESR1 PGR ERBB2 PIK3CA MSI BRAF LN KRAS Side PIK3CA

CTransPath [41] 87.21.5 62.82.5 59.37.4 70.12.3 52.45.9 68.12.5 66.52.1 48.61.5 56.33.0 76.14.6 59.82.3 59.81.0 55.97.7 52.52.6 56.36.3 62.14.2
Virchow [39] 89.40.6 76.56.8 60.32.0 70.71.7 54.36.9 66.94.8 60.53.9 51.35.7 63.53.7 62.16.7 65.02.6 58.25.1 53.97.1 52.33.1 52.45.7 62.54.9
CONCH [24] 96.50.3 66.010.3 62.07.6 74.61.6 59.07.4 85.31.5 80.32.0 58.811.0 63.23.1 79.20.5 57.53.4 67.32.0 55.78.6 53.42.4 63.25.3 68.15.7
UNI [4] 95.81.1 69.42.4 70.112.1 73.90.8 50.74.7 87.43.1 74.92.3 64.03.4 62.35.0 89.01.6 73.03.4 62.07.8 63.52.8 59.43.7 63.56.2 70.64.9
H-Optimus [32] 97.20.4 78.52.7 78.23.5 71.31.1 58.13.7 85.22.7 74.93.3 51.44.5 59.54.9 94.70.7 77.17.1 55.53.6 59.24.2 62.23.4 62.49.0 71.04.3
GigaPath [44] 96.60.7 71.31.9 75.76.8 75.41.3 56.96.2 85.71.1 75.91.8 64.52.7 62.25.9 93.31.6 77.52.6 61.72.9 56.15.0 60.01.5 59.47.9 71.54.0
Virchow2 [47] 95.80.7 79.65.5 78.34.6 72.10.7 60.95.6 89.22.8 79.32.7 71.31.8 63.24.8 94.91.2 81.64.5 63.01.9 59.36.2 56.33.8 62.711.6 73.84.7

Ensemble Prediction 97.20.3 77.23.7 78.54.1 73.30.6 59.55.1 87.62.8 77.22.7 65.62.0 63.34.1 94.71.0 78.95.4 62.53.9 64.13.0 60.52.1 64.59.1 73.64.0
Concatenated 97.40.4 75.73.0 80.22.2 72.50.8 57.64.8 89.61.4 79.13.4 67.53.9 61.84.0 95.01.1 82.24.3 61.62.5 59.75.8 62.02.4 70.24.1 74.13.3

GigaPath-SE [44] 90.91.3 67.04.4 65.44.4 73.71.4 57.15.2 72.90.9 71.93.3 55.44.7 60.54.6 66.22.1 56.74.5 54.65.2 51.32.9 45.83.1 53.25.7 62.83.9
MADELEINE [18] 94.00.6 72.28.7 64.06.7 72.02.8 51.93.9 80.11.7 73.71.3 66.72.7 64.91.6 68.69.1 54.26.7 60.37.3 58.96.6 50.51.6 59.58.6 66.15.5
CHIEF [42] 93.60.8 64.210.7 62.810.9 73.41.5 50.15.0 83.00.5 77.50.3 63.42.3 65.41.5 75.14.8 63.64.3 58.01.7 58.43.8 48.24.2 56.63.2 66.24.9
PRISM [34] 99.20.1 87.61.6 70.72.4 78.20.5 52.98.5 92.20.7 84.20.5 64.56.0 69.42.1 79.11.5 59.91.4 67.22.4 54.66.2 52.21.8 52.16.8 70.93.8

COBRA 98.10.2 84.02.9 80.02.4 78.42.9 59.26.2 89.62.0 79.22.4 71.62.2 63.66.2 94.10.5 87.82.0 65.72.5 62.110.4 58.31.9 57.67.5 75.34.4

Table 3. Ablation over different inference modes. AUC performance of COBRA embeddings compared to mean embeddings of the FMs

involved. Overline indicates mean over patch embeddings, † indicates that embeddings of all four training FMs were used to generate the

weighting vector (Eq. (8)). For the other COBRA entries, we used the inference mode from (Eq. (6)). Bold indicates the best performance,

and underline indicates the second-best performance. The abbreviations are as follows: CTP: CTransPath [41], H0: H-Optimus-0 [32],

V2: Virchow-2 [47], GP: GigaPath [44]. The different magnifications (5×, 9×, 20×) indicate which magnification of the WSIs was used

to extract the embeddings.

AUC[%] NSCLC LUAD BRCA COAD Average

Model ST STK11 EGFR TP53 KRAS ESR1 PGR ERBB2 PIK3CA MSI BRAF LN KRAS Side PIK3CA

CTransPath [41] 87.21.5 62.82.5 59.37.4 70.12.3 52.45.9 68.12.5 66.52.1 48.61.5 56.33.0 76.14.6 59.82.3 59.81.0 55.97.7 52.52.6 56.36.3 62.14.2
UNI [4] 95.81.1 69.42.4 70.112.1 73.90.8 50.74.7 87.43.1 74.92.3 64.03.4 62.35.0 89.01.6 73.03.4 62.07.8 63.52.8 59.43.7 63.56.2 70.64.9
H-Optimus [32] 97.20.4 78.52.7 78.23.5 71.31.1 58.13.7 85.22.7 74.93.3 51.44.5 59.54.9 94.70.7 77.17.1 55.53.6 59.24.2 62.23.4 62.49.0 71.04.3
GigaPath [44] 96.60.7 71.31.9 75.76.8 75.41.3 56.96.2 85.71.1 75.91.8 64.52.7 62.25.9 93.31.6 77.52.6 61.72.9 56.15.0 60.01.5 59.47.9 71.54.0
Virchow2 [47] 95.80.7 79.65.5 78.34.6 72.10.7 60.95.6 89.22.8 79.32.7 71.31.8 63.24.8 94.91.2 81.64.5 63.01.9 59.36.2 56.33.8 62.711.6 73.84.7
COBRA-CTP 95.90.6 65.010.5 66.05.5 74.81.8 49.24.4 78.60.7 72.20.6 62.01.4 60.93.6 80.32.2 73.23.0 61.31.6 52.44.2 48.12.3 56.34.3 66.44.0
COBRA-UNI 98.80.3 79.42.5 76.55.3 78.91.2 52.24.2 88.11.7 80.53.0 65.14.3 63.95.2 89.11.1 82.81.5 64.62.2 59.08.4 57.42.1 64.35.8 73.43.9
COBRA-H0 99.40.2 86.51.8 79.92.9 80.12.4 54.34.7 87.11.0 74.04.2 64.24.9 55.72.3 96.00.6 86.23.3 58.22.5 62.24.4 57.21.9 62.94.7 73.63.2
COBRA-V2 98.10.2 84.02.9 80.02.4 78.42.9 59.26.2 89.62.0 79.22.4 71.62.2 63.66.2 94.10.5 87.82.0 65.72.5 62.110.4 58.31.9 57.67.5 75.34.4
COBRA†-CTP 95.90.6 68.15.1 69.24.7 75.11.6 46.74.1 77.90.8 71.31.3 59.31.5 59.21.3 80.31.5 73.53.4 60.62.5 55.24.5 48.33.4 54.35.2 66.33.2
COBRA†-UNI 99.10.2 79.12.8 76.24.6 80.20.7 55.05.7 86.01.7 78.13.2 60.34.9 62.33.1 89.10.7 83.51.5 65.72.1 65.34.2 57.22.1 61.92.1 73.33.1
COBRA†-H0 99.40.1 86.92.0 80.93.4 79.91.8 56.73.6 87.81.2 72.83.4 59.92.1 58.00.9 95.21.1 84.93.7 58.12.6 59.77.2 58.52.4 61.23.4 73.33.1
COBRA†-V2-5× 99.00.2 79.01.2 82.92.7 79.91.8 59.43.1 89.01.3 81.61.5 62.14.7 67.22.9 94.10.7 75.52.7 68.18.5 69.63.4 51.47.8 61.31.5 74.73.7
COBRA†-V2-9× 98.90.2 79.51.2 76.73.9 80.01.8 53.04.4 89.61.6 83.61.7 70.62.6 65.84.8 95.10.9 82.52.5 61.70.5 61.23.2 61.92.9 58.412.8 74.64.2
COBRA†-V2-20× 98.40.2 84.61.9 78.93.6 78.42.6 55.97.1 89.61.7 80.02.3 72.21.7 65.14.5 94.20.6 88.71.6 64.82.3 60.65.7 58.61.7 61.54.1 75.43.3

COBRA†-GP 98.90.3 81.52.3 78.74.2 80.91.1 56.95.3 87.81.2 77.51.1 65.41.3 64.63.8 93.51.2 85.62.0 64.72.4 59.26.6 57.42.1 56.99.4 74.03.8

least +15% and +24.2% average AUC, respectively.

Linear probing few-shot classification We also evalu-

ate COBRA in a few-shot setting across 10 runs for high-

performance tasks, where the mean patch embeddings of at

least one FM scores an average macro-AUC of > 0.7 across

the five folds of the full classification and where the TCGA

cohorts contain at least 50 cases per class. These tasks

are NSCLC Subtyping, STK11, EGFR and TP53 mutation

in LUAD, ESR1, PGR and ERBB2 expression in BRCA,

and BRAF mutation, Sidedness and MSI status prediction

in COAD (see Fig. 2). Although COBRA was only trained

on very few samples and with only one modality, we ob-

serve that it is still robust enough to achieve high few-shot

performance compared to the other slide encoders. On the

BRCA tasks, it slightly outperforms the competition, while

it substantially exceeds the results of the other models on

the COAD tasks. We provide further results and informa-

tion about the few shot experiments in Appendix D.2. In-

terestingly, slide encoders demonstrate greater robustness

with fewer training samples compared to their mean patch

embedding baselines, as all slide encoders except GigaPath

consistently outperform their corresponding baselines.

4.5. Inference ablations

Foundation models As COBRA is FM-agnostic, it can

be used to improve small, inferior tile level FMs like

CTransPath as COBRA-CTP improves over all slide en-

coders but PRISM (see Tabs. 2 and 3). This substantially

improves efficiency, as CTransPath has approximately 30M
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Table 4. Evaluation of the magnification augmentation during pretraining AUC performance of downstream tasks trained on TCGA

and deployed on CPTAC. † indicates that embeddings of all four training FMs were used to generate the weighting vector (Eq. (8)),
‡ indicates that COBRA was only pretrained on 0.5 MPP. ST denotes Subtyping. Bold indicates the best performance, and underline

indicates the second-best performance.

AUC[%] NSCLC LUAD BRCA COAD Average

Model ST STK11 EGFR TP53 KRAS ESR1 PGR ERBB2 PIK3CA MSI BRAF LN KRAS Side PIK3CA

5×

COBRA‡-CTP 88.71.5 63.810.5 66.22.7 69.92.0 51.73.9 82.81.2 75.07.7 58.53.1 61.54.1 75.41.4 62.510.3 63.12.5 53.88.8 51.31.4 51.74.0 65.15.4
COBRA‡-UNI 90.30.5 72.39.9 68.54.0 69.22.2 53.37.5 81.41.2 75.91.4 56.02.9 64.14.8 77.81.6 71.92.6 60.42.4 57.48.0 55.32.3 51.310.4 67.05.2
COBRA‡-H0 89.51.2 80.44.2 69.12.5 67.91.6 52.53.2 77.71.8 73.62.2 56.22.8 62.04.3 79.82.8 71.43.4 62.91.9 56.33.6 56.32.1 58.04.1 67.62.9
COBRA†-CTP 96.60.4 70.53.9 70.52.1 74.31.0 53.22.4 82.20.9 77.10.8 65.72.9 66.02.6 79.31.3 67.92.8 60.63.2 53.08.8 47.22.4 51.62.3 67.73.2
COBRA†-H0 97.60.4 78.54.0 71.34.0 73.11.3 51.85.2 81.81.1 74.91.8 56.72.0 63.14.1 82.31.6 71.41.8 59.63.1 56.06.6 50.62.4 55.75.3 68.33.5
COBRA†-UNI 97.10.4 77.11.6 71.52.5 75.21.1 57.32.0 82.70.7 74.31.5 57.13.2 68.24.2 78.81.9 70.52.2 55.94.3 54.67.0 49.36.8 58.44.4 68.53.5
COBRA‡-V2 97.30.4 81.33.2 72.92.6 77.01.6 58.15.2 91.21.2 81.31.2 71.91.8 65.03.1 87.21.5 78.01.8 64.23.6 57.212.4 60.31.5 62.68.8 73.74.6
COBRA†-V2 99.00.2 81.61.5 75.52.7 79.91.8 51.47.8 89.01.3 79.01.2 67.22.9 62.14.7 94.10.7 82.92.7 61.31.5 68.18.5 59.43.1 69.63.4 74.73.7

9×

COBRA‡-CTP 93.71.1 68.717.7 70.93.8 72.31.5 51.06.8 81.00.7 74.50.8 50.23.8 57.32.2 72.42.1 64.91.7 58.94.8 56.85.5 54.21.7 63.42.4 66.05.6
COBRA†-CTP 96.40.3 75.53.5 69.46.7 74.41.4 52.13.8 81.60.6 76.20.2 65.71.5 62.02.1 81.31.0 72.12.5 59.92.2 52.68.1 49.44.4 55.48.0 68.34.0
COBRA‡-H0 98.00.6 83.91.7 74.64.0 75.91.7 47.93.1 83.01.2 76.81.1 61.14.7 60.92.0 76.52.0 69.12.3 66.42.5 58.64.6 57.51.7 58.47.2 69.93.2
COBRA‡-UNI 97.30.5 80.23.1 77.64.6 75.71.2 53.53.5 86.31.2 79.10.8 60.05.5 66.72.5 78.32.2 72.00.9 60.13.0 56.911.5 58.81.9 59.76.1 70.84.3
COBRA‡-V2 97.50.7 84.31.5 77.24.2 77.72.1 52.06.8 88.41.9 79.41.3 68.64.4 62.12.2 81.31.6 72.80.4 62.62.3 58.59.7 60.31.1 59.411.1 72.14.7
COBRA†-H0 99.30.2 83.42.3 73.63.3 78.72.1 52.45.5 84.12.0 77.20.9 66.71.7 62.33.6 91.40.7 82.53.3 63.82.7 56.24.5 57.32.8 58.32.5 72.52.9
COBRA†-UNI 98.90.3 71.616.2 74.83.4 80.51.7 56.34.1 87.20.7 79.10.9 65.52.6 66.03.8 89.51.4 85.21.9 59.94.9 62.08.7 58.43.9 56.55.7 72.85.6
COBRA†-V2 98.90.2 83.61.7 76.73.9 80.01.8 53.04.4 89.61.6 79.51.2 70.62.6 65.84.8 95.10.9 82.52.5 61.70.5 58.412.8 61.92.9 61.23.2 74.64.2

20×

COBRA‡-CTP 94.10.9 69.04.7 67.911.3 77.00.9 51.37.3 76.51.7 70.70.8 58.01.5 51.35.7 81.90.7 67.12.4 54.74.6 54.67.1 51.21.6 59.45.4 65.64.8
COBRA†-CTP 95.90.6 68.15.1 69.24.7 75.11.6 46.74.1 77.90.8 71.31.3 59.31.5 59.21.3 80.31.5 73.53.4 60.62.5 55.24.5 48.33.4 54.35.2 66.33.2
COBRA‡-UNI 97.80.6 75.53.7 78.54.9 80.41.7 53.65.7 83.12.4 73.62.2 63.43.7 59.22.7 86.41.6 76.51.0 62.03.2 57.56.4 61.11.4 60.62.4 71.33.3
COBRA‡-H0 98.80.2 85.12.9 78.08.4 79.51.0 55.83.9 86.71.2 75.52.7 66.34.2 50.92.7 91.00.8 79.02.7 56.04.1 56.36.3 64.30.9 62.83.4 72.43.7
COBRA†-H0 99.40.1 86.92.0 80.93.4 79.91.8 56.73.6 87.81.2 72.83.4 59.92.1 58.00.9 95.21.1 84.93.7 58.12.6 59.77.2 58.52.4 61.23.4 73.33.1
COBRA†-UNI 99.10.2 79.12.8 76.24.6 80.20.7 55.05.7 86.01.7 78.13.2 60.34.9 62.33.1 89.10.7 83.51.5 65.72.1 65.34.2 57.22.1 61.92.1 73.33.1
COBRA‡-V2 96.90.3 83.44.0 80.93.4 78.81.5 56.74.4 88.31.7 77.81.9 70.74.7 58.11.3 91.80.8 80.62.3 62.21.8 54.711.9 61.31.9 61.07.2 73.54.4
COBRA†-V2 98.40.2 84.61.9 78.93.6 78.42.6 55.97.1 89.61.7 80.02.3 72.21.7 65.14.5 94.20.6 88.71.6 64.82.3 60.65.7 58.61.7 61.54.1 75.43.3
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Figure 2. Few shot linear probing classification. Linear probing

macro-AUC performance comparison for k samples per class.

parameters, compared to more than 600M in Virchow2 and

more than 1B in H-optimus-0.

Magnifications Another way to achieve efficiency im-

provements is to reduce the magnification of the WSIs for

the patch embeddings, which in turn significantly reduces

the number of tiles that need to be extracted and embed-

ded. In particular, this change does not result in a significant

performance drop as COBRA†-V2-5× and COBRA†-V2-9×
achieve performance gains over the next best slide encoder

PRISM at 0.5 MPP of +3.8% and +3.7% average AUC, re-

spectively (see Tabs. 2 and 3), which we attribute to our

multiscale alignment during pretraining.

Combined inference and unseen FMs In a combined in-

ference mode (indicated by † in Tab. 3), where embeddings

from all pretrained FMs are used, performance is slightly

better for COBRA-V2, though it does not notably improve

the downstream classification performance for 0.5 MPP.

In general, performance is comparable to the single-FM

mode. However, for smaller magnifications, the benefits

of the combined inference mode become more notable (see

Appendix Tabs. 10 and 11). Especially on 2 MPP, CO-

BRA exhibits gains over the single-FM mode (on average

+0.53% AUC). Furthermore, COBRA remains useful for fu-

ture FMs as it can aggregate embeddings from unseen FMs

and improve their performance over the mean baseline. We

show evidence for this by deploying COBRA on GigaPath

patch embeddings, which improves over the mean baseline

of +2.5% average AUC and +3.1% average AUC over the

next best slide encoder PRISM (Tabs. 2 and 3).

4.6. Pretraining ablation

Single-magnification pretraining We analyze the per-

formance of a single magnification training on only

0.5 MPP embeddings and find that the use of all three

magnifications results in an average AUC improvement of

+1.73% AUC across all models when comparing the multi-

FM inference mode (Eq. (8)). Furthermore, the three-

magnification setup yields substantial gains in NSCLC sub-

typing at 5× magnification, with improvements of +6.8%
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Figure 3. COBRA Unsupervised Heatmap. Visualization of the weighting scores for the tiles of a WSI generated by COBRA for Patient-

ID TCGA-CA-6716 from TCGA-CRC.

AUC for UNI, +7.9% for CTransPath, +8.1% for H-

optimus-0 and +1.7% for Virchow2 (Tab. 4). These results

indicate that the use of multiple magnifications can enhance

performance in certain cases and does not negatively impact

model performance.

4.7. Interpretability

COBRA enables unsupervised interpretability as it is an ag-

gregation method of patch embeddings that calculates a

weighted average by assigning each tile a softmaxed value,

which can be interpreted as an attention value. By visualiz-

ing these weightings for WSIs, we observe that the model

shows high attention values for the tumor regions in the

slide (see Fig. 3). It is worth mentioning that for these

heatmaps, no GradCam [33] is required, and they are gen-

erated only based on patch embeddings, so each tile only

receives one value instead of pixel-level attention that can

be achieved with other methods. However, this extremely

simple approach is sufficient to identify important tumor

regions in detail without any supervision such as targeted

segmentation training. More examples and detailed expla-

nations can be found in Appendix E.

Furthermore, we visualized COBRA’s embedding space

using uniform manifold approximation and projection

(UMAP) [25] plots of COBRA’s patient-level slide embed-

dings extracted at 0.5 MPP for TCGA and CPTAC (see

Fig. 4). We observe a decent separation between the dif-

ferent tissue types involved in this study, indicating that

COBRA learned meaningful representations that can distin-

guish between tissue types without supervision.

5. Conclusion
In this paper, we introduced COBRA, a novel FM- and task-
agnostic approach for slide representation learning. Trained
on only 3048 WSIs from TCGA, COBRA achieves SOTA

Figure 4. UMAP visualization of COBRA’s patient-level slide em-

beddings for TCGA and CPTAC datasets at 0.5 MPP. Each color

represents a different tissue type, with five tissue types in total.

performance, even surpassing multimodal slide encoders.
This is particularly valuable for medical imaging, where ac-
quiring large annotated datasets is challenging due to pri-
vacy concerns and annotation costs. While additional data
might enhance performance, our results indicate that CO-
BRA is highly effective even in low-data regimes. These
results highlight the potential of SSL in leveraging the
strengths of histopathology FMs. Future work includes ex-
ploring SSL objectives that extend beyond contrastive ap-
proaches, as well as incorporating more cancer types, pre-
training data and a larger variety of FMs into COBRA.
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