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Abstract

Multiple Instance Learning (MIL) has emerged as the best solution for Whole Slide Image (WSI)
classification. It consists of dividing each slide into patches, which are treated as a bag of instances
labeled with a global label. MIL includes two main approaches: instance-based and embedding-based.
In the former, each patch is classified independently, and then the patch scores are aggregated to pre-
dict the bag label. In the latter, bag classification is performed after aggregating patch embeddings.
Even if instance-based methods are naturally more interpretable, embedding-based MILs have usu-
ally been preferred in the past due to their robustness to poor feature extractors. However, recently,
the quality of feature embeddings has drastically increased using self-supervised learning (SSL).
Nevertheless, many authors continue to endorse the superiority of embedding-based MIL. To inves-
tigate this further, we conduct 710 experiments across 4 datasets, comparing 10 MIL strategies, 6
self-supervised methods with 4 backbones, 4 foundation models, and various pathology-adapted tech-
niques. Furthermore, we introduce 4 instance-based MIL methods never used before in the pathology
domain. Through these extensive experiments, we show that with a good SSL feature extractor,
simple instance-based MILs, with very few parameters, obtain similar or better performance than
complex, state-of-the-art (SOTA) embedding-based MIL methods, setting new SOTA results on the
BRACS and Camelyonl6 datasets. Since simple instance-based MIL methods are naturally more
interpretable and explainable to clinicians, our results suggest that more effort should be put into
well-adapted SSL methods for WSI rather than into complex embedding-based MIL methods.

Keywords: Whole Slide Image Classification, Self-Supervised Learning, Multiple Instance Learning, Digital
Pathology

1 Introduction

Whole Slide histopathology Image (WSI) analysis has become an increasingly common tool for disease
diagnosis in digital pathology [1] . However, the gigapixel size of WSIs, makes the manual analysis very
time-consuming and presents significant challenges for conventional Deep Learning (DL) methods [2, 3],
as they are not designed to support such large images. To address that, a simple approach involves
dividing the WSI into smaller patches that DL methods can easily handle. Then, features or predictions
from a patch-level encoder/classifier are aggregated to get the slide-level prediction [4, 5]. Nonetheless,
this method requires very expensive patch-level annotations, which are not always available. Please note
that a naive assignment of the slide label to all patches might be clinically incorrect, since the tissue
section characterizing a disease might only occupy a small fraction of the slide, while all other patches
should be considered as healthy.
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Fig. 1 Self-supervision (SSL) closes the gap between instance- and embedding-based multiple-instance learning (MIL)
methods in whole slide image (WSI) classification. Instance-based MIL methods, when combined with robust SSL feature
extractors, are on par or even outperform complex, state-of-the-art embedding-based methods in WSI classification. The Y-
axis represents the AUC scores of different MIL methods for four backbones (Vit_tiny, ViT_Small, ResNet18 and ResNet50)
on the Camelyonl6 dataset (at a resolution 20x for ResNet50 and 10x for the other backbones). For each backbone and
MIL method, we show the box-plot of 3 self-supervised pre-trainings: DINO [6], MOCO-V3 [7] and Barlow Twins [8].

1.1 Multiple-Instance Learning (MIL)

To tackle this challenge, Multiple-Instance Learning (MIL) methods, coupled with Deep Learning Feature
Extraction (FE), have emerged for WSI classification using only slide (i.e., weak) labels. This approach
is considered the most prominent solution in the field of histopathology, where FE avoids the costly
and experience-based feature engineering part, while MIL eliminates the need for patch-level (or pixel-
level) annotations [9, 10]. Under MIL formulation, each WSI is treated as a ”"bag” containing multiple
instances in the form of patches, which are embedded with Convolutional Neural Network (CNN) or
Vision Transformer (ViT) [11] backbones. The bag is labeled positive (i.e., diseased) if at least one of its
patches is positive, or negative if all patches are negatives [12, 13]. In general, the existing methodologies
follow a two-step pipeline: 1) feature extraction from individual patches, and 2) MIL aggregation through
a pooling operation to predict the slide label [14-19]. Many works in the literature focus on the second
part of the pipeline, developing various aggregation methods that can be categorized into two groups:
instance-based and embedding-based methods. Instance-based methods use an instance-level classifier,
which predicts a score for each patch. Then, these scores are aggregated via a MIL-based pooling operator
to make the final prediction for the entire slide. Common pooling operators include average-pooling
(MeanMIL) and max-pooling (MaxMIL) [20, 21]. Instance-based MIL methods are actively used in several
domains [22, 23], and in particular in sound event detection [20, 24]. However, these methods were only
used in few and early works in the field of Digital Pathology, such as in [12]. Even if these methods are
naturally interpretable and easily explainable, they highly depend on the quality of the embedding. To
increase reliability, researchers proposed to aggregate features instead of scores, moving the classification
head after the pooling. These are called embedding-based methods.

The existing literature has proposed several approaches for feature aggregation based on: deep self-

attention mechanism [13, 15], graph convolutional networks [14, 25, 26], clustering [19, 27], transformer
[17] and additional training [18, 28]. These pooling mechanisms are usually more complex (more param-
eters) than instance-based ones. On the one hand, this means that the model has a greater capability
of learning how to correctly aggregate the features and thus might have a greater prediction power. On
the other hand, interpretability and explainability can decrease' and at the same time computational
complexity and overfitting can increase (i.e., the number of needed training samples increases).
Until recently, most of the researchers used ImageNet pre-trained models to extract features. However,
as shown in [29, 30], these models might not be optimal for histopathology images and may produce
poor representations (i.e., features) due to the domain gap between natural and medical images. This
might explain why most of the early, ImageNet-based works reported that embedding-based MIL mod-
els outperformed instance-based ones [17, 31-33]. In recent years, to enhance feature quality, the advent
of large, weakly annotated WSI datasets has led many researchers to investigate self-supervised learning
methods.

1.2 Self Supervised Learning (SSL)

SSL is a paradigm whose goal is to learn useful and relevant representations for downstream tasks by
leveraging pretext tasks from unlabeled data. It has shown promise in improving the performance of image

Leven though attention and self-attention mechanisms can be exploited in that regard



classification [6-8, 34-36]. In digital pathology, SSL has been actively used in recent works. Notably, in
[16] authors use SIimCLR [36] to train a feature extractor. Other authors use MoCo [7] in [37, 38], DINO
[6] in [39], BYOL [34] in [40] and MoCo V3 [41] in [42]. Some recent papers have even proposed novel self-
supervised learning methods specifically tailored for digital pathology and achieved new state-of-the-art
results. In [43], authors apply the DINO method at different scales for extracting hierarchical features,
providing a more comprehensive representation of the histopathology images. Another significant con-
tribution is the Semantically Relevant Contrastive Learning (SRCL) method introduced by [44]. Based
on MoCoV3, SRCL additionally compares relevance between instances to mine more positive pairs. An
original self-supervised method based on an auto-encoder was explored by [45], which learns to recon-
struct the masked borders of an image from a given center. In [46], authors enhance the BYOL method
by incorporating a clustering constraint. Additionally, [47] and [48] propose different and innovative con-
trastive learning-based approaches. Another line of research focuses on the use of SSL at the slide level,
as proposed by [49, 50]. All of these approaches have shown that self-supervision outperforms ImageNet
pre-training on both patch-level and slide-level downstream tasks.

1.3 Existing Limitations

Even if recent works provided very insightful results for WSI classification using SSL methods, their
experiments and comparison present some limitations. They either use a single SSL method [40, 51], or
compare few SSL methods [39], or multiple SSL methods but with different backbones [52], or they use a
single backbone for all methods [17]. Furthermore, most of these works focus on a few embedding-based
MIL methods, using at most one/two instance-based methods [17, 37, 46, 51]. Another limitation is that
some works use few datasets (and usually with a low clinical complexity?, like Camelyon16) for binary
classification only [46].

To address these limitations, we present here a fair, complete and thorough comparison on four differ-
ent datasets, for both binary and multi-class classification, that present an increasing level of clinical
complexity. We investigate the importance of all the key elements of the WSI classification pipeline,
testing: 4 different feature extractors (backbones), 6 SSL strategies (plus a pre-training of Image-Net), 4
foundation models and 10 MIL methods. This research fills a significant gap in the literature of WSI clas-
sification by providing a comprehensive study and showcasing the potential of simple and interpretable
instance-based MIL methods, when combined with robust SSL methods.

1.4 Our Contributions and Main Results

- We conduct a large-scale study on 4 datasets, with 7 different pre-training methods, 4 foundation
models, 4 different backbone models, and 10 multiple-instance learning methods for a total of 710 different
configurations.

- We propose simple instance-based MIL approaches based on pooling mechanisms borrowed from the
sound event detection field which, to the best of our knowledge, have never been used in pathology.

- We demonstrate that simple instance-based MIL methods, when combined with robust SSL feature
extractors, are on par or even outperform complex embedding-based methods in WSI classification,
whatever the employed backbone model (CNN or ViT), see Fig.1.

- Using our newly proposed instance-based MIL methods, we achieve new state-of-the-art (SOTA) results
in BRACS [42] and Camelyonl6 [28], and we are on par with current SOTA methods in TCGA-NSCLC
[53].

We also share our code, pre-trained models, extracted features, hyperparameters and valuable insights
for WSI classification in https://github.com/mammadov7/wsi_classification_pipeline.

2 Methods

2.1 MIL problem formulation

Let X; = {zi;};j=1..k, be the whole slide image of subject ¢ (i.e., bag) and z;; € R? its j-th patch (i.e.
instance). We have N € Z% bags in our training set and K; € Z" instances for each bag i (here we
assume that K; can vary across bags). There is a single classification label y; for each bag (binary or
multi-class) and we assume that each instance has also its own label y;; (same classes as for the bag),
but it is unknown during training.

Following [13, 54], there are two main approaches: instance-level and embedding-level. We define here a

2clinical complexity is measured in terms of average AUC score.
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Fig. 2 Pipeline of the WSI classification. At the top, a) represents a self-supervised pre-training of an encoder f on patches
from all slides. Once pre-trained, the encoder f extracts a vector of features (i.e., representation) per patch. Representations
of patches of the same slide are then stacked together. At the bottom, b.1) Embedding-based MIL: features from the same
slide are aggregated together using a feature aggregator o into a bag-level representation. A bag/slide classifier g is then
trained on bag/slide representations to predict the slide label. b.2) Instance-based MIL: an instance classifier h assigns
scores (i.e., class probability) to each patch, which are then pooled using a pooling mechanisms o to predict the slide label.

generic framework (see Fig.2) well adapted to both. Let f(-) : R? — RP be a parametric function, here
a deep learning encoder, that maps the instances to a feature space and o a MIL pooling operator (i.e.,
a symmetric, permutation-invariant function). The final bag-score S(X) is:

S(X;) = g(a(h(f(x)))) (1)
where g(-) and h(-) are bag-level and instance-level classifiers respectively. In the instance-level approach,
we only use h(-), which computes a score (class probability) for each instance, fixing g(-) to the identity
function. Instead, in the embedding-level approach, we use g(-), which computes a score at the bag level,
setting h(-) to the identity mapping.

2.2 Instance-based MIL pooling operators

In this class of methods, the pooling mechanism is used to aggregate patch scores. The two most used
MIL pooling operators ¢ are the max(-), MazMIL, and the mean(-), MeanMIL, which have served as
baseline in many WSI classification works, such as [13, 16-18, 38, 54, 55]. However, Max-pooling may not
capture sufficient information from a single patch and Average-pooling may gather excessive information
from all patches, leading to suboptimal results. Unfortunately, one does not necessarily know a priori
which pooling mechanism would be the most suitable for a given dataset. In the sound event detection
domain, authors have proposed simple generalizations [21], notably: Learned-Norm Pooling (LNP) [56]
, Mix-pooling [57], Auto-pooling [24] and Attention-pooling [20]. These approaches involve learning a
set of weights or norms associated with each patch’s contribution. The pooling mechanism is not fixed
but is adaptively adjusted during the training process based on the significance of each patch for the
classification task. This adaptability allows the model to assign more weight to informative patches and
less to less relevant ones.



2.3 Proposed Instance-based MIL pooling operators

Let yr = h(f(zx)) € [0, 1] the predicted probability (score) of patch k, we define:
MixMIL (Mixed-Pooling) [57]: ¢ = amaxj—1. xyr + (1 — @) Zi{zl yr where a € [0,1] is a trainable
parameter.
AutoMIL (Auto-pooling) [24]: o = Zszl yk(%) where a € [0,00) is a trainable parameter.

= Fi

1

LNPMIL (Softmax-pooling) [56]: o = (% Zszl |yk|p) ", p=1+log(1+eP) where p € R is a trainable
parameter.
AttenMIL (Attention-pooling) [20]: 0 = 25:1 yrWi, with @ =softmax(wy) where the weights wy,, one
for each patch, are learned with a dedicated layer in the network.

2.3.1 Multi-class Instance-based MIL

Here, we propose a simple extension to multiple classes of the MaxMIL pooling operator.

Multi-class MaxMIL: for each instance x;i, the instance-level classifier outputs a score vector h(z;i)

whose components are the (scalar) scores 51('1? € [0, 1] for each class c. Assuming 3 classes, we have:

Bawe) = (s0.52.5)

where we make the hypothesis that ¢ = 1 refers to the normal/benign class while ¢ = 2,3 refer to two
different tumoral/pathological classes (as in BRACS [58]). Cancerous slides may exhibit large portions
of normal /benign tissues, which is usually easier to classify. As a result, they will be probably assigned
a high score 551? and thus, simply applying max pooling over the patch scores of all classes, it would
probably select a normal tissue patch even in a cancerous slide. To avoid that, we propose to perform
the aggregation by first selecting the instance with the highest score among the second and third classes:

m = arg ml?x(sgi), sz(.,i))

Then, the bag-level prediction is made by taking the maximum score among all the scores of the instance
m:

y; = argmax (s;l,z, sgfn), 552)
In BRACS, the three classes are: Benign Tumor, Atypical Tumor, and Malignant Tumor.
Multi-class MixMIL (Mixed-Pooling), we use the aforementioned strategy only for the MaxMIL part
of MixMIL.

2.4 Embedding-based MIL pooling operators

Differently from instance-based MIL methods, here the pooling mechanisms aggregate features, and not
scores (i.e., scalars). Embedding-based MIL methods are usually more complex (i.e., more parameters)
since they need to effectively capture and aggregate information from high-dimensional vectors [13—
19, 28]. In our study, we employ the following four and frequently used state-of-the-art methods::
ABMIL [13]: is an attention-based MIL. It employs trainable attention layers to attribute an attention
score to each patch representation, which are then aggregated via a weighted sum for the final slide
classification.

K
_ B B exp(w? tanh(V 1))
o= ;akfk where f, = f(zx) and a, = Zfil — tanh(l;/ff))

(2)

The parameters w and V are learned with trainable attention layers.

CLAM [15]: also uses an attention-based aggregation mechanism, and proposes instance-level clustering

over the patches to improve the feature space.

DSMIL [16]: is an hybrid, dual-stream method that jointly learns an instance and a bag classifier. First,

it detects the critical patch m = argmax(h(f(zy))) as in MaxMIL. Then, it transforms each instance
xr

fr = f(xr) into two vectors: query g, = W, fi and information vy, = W, fi, where W, and W, are two
weight matrices. Query vectors are used to compute distances between every patch and the critical one:



U(fx, fm) =softmax(q - ¢m ), where - denotes the inner product. Similarly to ABMIL, the bag aggregator
o is a weighted sum. However, now the weights are based on the similarity of the features with respect to
the critical sample: 0 = 3, U( fi, fin)vk- It is used to compute the final score S(X) = 3 (h(f(zm))+9(0)),
which is an average between the instance and bag classifiers and where h and g are linear classifiers.
TransMIL [17]: is a transformer-based MIL that considers the correlation between different patches
(tokens) using Transformers to investigate morphological and spatial details and it uses self-attention
mechanisms for aggregation. In particular, ¢ is a module, called TPT module, with two Transformer
layers and a position encoding layer, where Transformer layers are designed for aggregating morpholog-
ical information and a Pyramid Position Encoding Generator (PPEG) is designed for encoding spatial
information.

DAMIL: [59] is Deep Attention Multiple Instance Survival Learning. It leverages a siamese Multiple
Instance Fully Convolutional Network (MI-FCN) to learn features from phenotype clusters derived from
WSIs. The framework employs attention-based MIL pooling to aggregate these features into patient-level
representations, enhancing interpretability and performance.

DTFDMIL: [18] is Double-Tier Feature Distillation Multiple Instance Learning. This method intro-
duces the concept of ”pseudo-bags” which are smaller subsets of patches created from the original slides.
The framework employs a two-tier MIL model: the first tier processes these pseudo-bags to distill key
features, while the second tier aggregates these features to make predictions at the slide level.

2.5 Self Supervised Pre-training of f

The encoder f(-) is usually pre-trained using self-supervision (SSL). Different strategies exist, including
contrastive learning, clustering, knowledge distillation, and information maximization methods. Among
the existing SSL methods, we opt for the following six, highly-used and state-of-the-art approaches:
SimCLR [36] learns representations by maximizing agreement between differently augmented views of
the same data sample and by minimizing agreement between different samples, via a contrastive loss
in the latent space. It comprises four key components: a data augmentation module, a base encoder
(e.g., ResNet), a projection head (e.g., multi-layer perceptron (MLP)), and a contrastive loss function
(InfoNCE loss). Within this framework, every image in the batch undergoes a sequential process. First,
it is transformed twice (i.e., augmented) to create two distinct augmented views. These augmented views
are then encoded using the base encoder and projected into a latent space. Subsequently, the contrastive
InfoNCE loss is applied to encourage the attraction of positive pairs (representations originating from the
same image) and the repulsion of negative pairs (representations of different images) within the latent
space. Upon the completion of training, we keep the encoder for downstream tasks.

BYOL [34] uses both online and target neural networks. Its architecture is asymmetrical, with the online
network consisting of three stages: encoder, projector, and predictor. The target network comprises just
two stages, the encoder, and the projector, but with different weights. In this approach, only the online
network is trained and the target network parameters are updated by an exponential moving average of
the online parameters. During training, based on an augmented view of an image, the online network
is trained to predict the target network representation of the same image under a different augmented
view. For a given image, BYOL will produce two different augmented views, v1 and v2. First, vl will
pass through the online network and v2 through the target network creating r1, r2. Then, vice-versa, to
symmetrize the pipeline, v2 passes through the online network and v1 through the target, resulting in r3,
r4. Finally, it minimizes a loss L = sim(rl,r2)+ sim(r3,r4), where sim is a lo-normalized mean squared
error function. At test time, only the encoder of the online network is used for feature extraction.
Barlow Twins [8] share similarities with SimCLR in that it learns representations of images under
different augmented views passing through the same network. The originality of this approach is the
non-contrastive loss, which requires no negative pairs or large batches. It measures the cross-correlation
matrix between the embeddings obtained from a network fed with distorted versions of the same input
image, and tries to make this matrix close to the identity. It makes the embedding invariant to the
distortions applied, so that the outputs of the network are as similar as possible for the distorted views
of the same input while ensuring that the individual components of these embeddings are not redundant.
DINO [6], similarly to BYOL, employs the teacher-student distillation paradigm with two parallel
networks and an update mechanism with exponential moving averages. The main differences are that
it uses a ViT backbone and Cross Entropy metric as a training loss. Moreover, DINO generates a set
of local views, comprising several augmented small crops (each less than 50% of the image area), and
global views (two large crops, each covering more than 50% of the image). All crops pass through the
student network, while only the global views pass through the teacher network. Lastly, to avoid collapse



in the presence of a momentum teacher, it applies the centering and sharpening to the momentum
teacher outputs. Centering prevents one dimension to dominate but encourages collapse to the uniform
distribution, while sharpening has the opposite effect.

MoCo v3 [41] combines BYOL’s teacher-student distillation architecture with SimCLR’s contrastive
learning and DINQO’s Vision Transformer backbone, enhancing representation learning by leveraging the
best of all three approaches.

MAE [35] is a masked autoencoder that randomly masks 75% of the input and then learns to reconstruct
the original image from the unmasked parts of the image. It uses an architecture with an encoder
operating on unmasked patches and a lightweight decoder reconstructing the full image using latent
representations and mask tokens. This efficient design allows for training large encoders with reduced
computing and memory, where only a lightweight decoder handles the complete set of patches. MAE
uses as optimization loss the mean squared error (MSE) between the reconstructed and original images.

2.6 Pathology Adapted SSL Methods

In the literature, there are very few SSL methods conceived and developed specifically for histopathology
images. Furthermore, they either propose well-adapted augmentations or slight modifications of exist-
ing methods (which have been mainly developed for natural images). In this section, we describe three
recent works that characterize well this class of methods.

PathAug [52], in this work authors proposed three novel image augmentation techniques, specifically
developed for histopathological images. The first technique involves vertical flipping of the input images.
The second technique uses different fields-of-view by taking patches from various magnifications of the
WSIs. The third technique is based on stain augmentation and normalization (RandStainNA), as pro-
posed by [60].

SRCL [40] ( semantically-relevant contrastive learning ) draws inspiration from two well-known con-
trastive learning methods: SimCLR [36] and MoCo v3 [41]. Authors propose to select additional
semantically relevant positive pairs using a cosine similarity metric, thereby increasing the diversity of
positive samples. This approach uses three parallel paths: online, target, and shared target branches,
all employing the CTransPath architecture. A memory bank, updated iteratively, stores features from
the shared target branch. The online branch is learned via gradient-based optimization, while the target
branch is updated through an exponential moving average of the online network parameters. Each input
sample generates three views (two augmented, one original), which are passed through the three branches,
with the online branch features serving as anchor. By calculating cosine similarities between the anchor
and the features in the memory bank, they identify top matches as new positive samples, enhancing the
contrastive loss function by maximizing the similarity between these samples and the anchor.
CluBYOL [46] Cluster Bootstrap Your Own Latent (CluBYOL) is a self-supervised learning approach.
It extends the original BYOL [34] framework to better capture the underlying structure of clustered data.
The main idea is to integrate clustering into the self-supervised learning process, as in SwAV [61], allow-
ing the model to learn more meaningful and discriminative features by leveraging the natural grouping
within the data, which is adapted for different tissue types in pathology.

2.7 Foundation Models

Foundation models are large models that are pre-trained on large-scale datasets and can be adapted for
a wide range of downstream tasks. For our study, we included one general vision model and three patho-
logical foundation models, as zero-shot feature encoders f(-).

DINOvV2 proposed by [62] has emerged as an improved version of the original DINO model. DINOv2
combines the loss functions of DINO [6] and iBOT [63] with the centering of SwAV [61]. We use the
ViT_Small model, which is pre-trained on 142 million images.

PathAugFM, proposed by [52], involves pre-training the ViT_Small model over 200 epochs on a dataset
containing 19 million pathological patches. The authors utilize the DINO framework coupled with
pathology-adapted augmentations, which are detailed in the previous section.

CTransPath from [40], uses a hybrid backbone. This architecture is obtained by replacing the patch
embedding component of Swin Transformers with a CNN layer. CTransPath is trained on a dataset con-
sisting of 15 million pathological patches with the SRCL framework.

UNI, as introduced by [64], represents a general-purpose self-supervised model tailored for pathology
applications. UNT’s training involves pre-training the ViT_Large architecture with the DINOv2 frame-
work, using a vast dataset comprising more than 100 million tissue patches. These patches are extracted
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Fig. 3 Visual explanation of the proposed validation pipeline.

from a collection of over 100,000 diagnostic hematoxylin and eosin-stained WSIs, covering a diverse array
of 20 major tissue types.

3 Experiments

3.1 Datasets and Experimental Setup

We evaluate the proposed MIL and SSL methods on 4 different histopathological datasets — Camelyon16
[65], The Cancer Genome Atlas non-small cell lung cancer® (TCGA-NSCLC), VisioMel* and BReAst
Carcinoma Subtyping (BRACS) [58] — that: a) have an increasing clinical complexity, b) comprise both
binary and multiple-class classification tasks and c¢) present different levels of class imbalance.
Camelyon16 is a 2-class dataset for the detection of metastases in breast cancer. It includes 400 slides:
239 are normal tissue slides and 160 tumor slides. The official dataset is already split into training and test
sets. For CAMx10, following [16], we randomly split the official training set into training and validation
sets at a 9:1 ratio. We tune all hyper-parameter values on the validation set. Instead, for CAMx20, we
implement a 3-fold cross-validation on the training set.

TCGA-NSCLC is a 2-class, balanced lung cancer subtyping dataset with a total of 997 WSIs: 482
for Lung Squamous Cell Carcinoma (LUSC) and 515 for Lung Adenocarcinoma (LUAD). The WSIs are
randomly divided into training, validation, and test sets with a ratio of 65:15:20.

VisioMel is used for the detection of the primary melanoma relapse. It is a 2-class, highly-imbalanced
dataset that comprises 1342 cases: 213 positive cases and 1139 negative cases. As the test set is not yet
released, we randomly split the official training set into training and validation sets at a 9:1 ratio. We
report performances on the validation set.

BRACS is a 3-class imbalanced dataset. It contains 547 WSI for breast carcinoma subtyping out of
which 265 are Benign Tumor, 89 are Atypical Tumor, and 193 are Malignant Tumor cases. We use the
official split of 395, 65 and 87 samples for train, validation, and test sets, respectively.

Our main evaluation metric is the AUC score which is resilient to class imbalance effects. We select
the best-performing models on the validation set and report their AUC scores on the test sets, see Fig. 3.
Only for VisioMel, where the test set has not been released, we report the AUC scores on the validation
set but, to limit over-optimistic results (and overfitting), we select the model from the last epoch, rather
than the one with the best validation loss.

3.2 Pre-processing

We follow the CLAM’s pre-processing pipeline [15] for all datasets. Following prior literature, we cut all
WSIs into 256x256 non-overlapping patches solely from foreground tissue regions at x10 magnification,
the most commonly used resolution. Only for Camelyonl6, we extract patches both at x10 (CAM=z10)
and x20 (CAMz20) magnification for a more comprehensive analysis. This process resulted in a total
of 4.6 million patches for CAMx20, 0.6 million patches for CAMx10, 2.7 million for TCGA-NSCLC, 1.4
million for BRACS and 2.7 million patches for VisioMel. We chose 256 x256 over 224x224, as it results
in fewer patches per slide, which helps reduce computational overhead.

Shttp://www.cancer.gov/tcga
4https://www.drivendata.org/competitions/148 /visiomel-melanoma



Table 1 Self-Supervised Pre-Training Hyperparameters, where P is probability and S is scale

Training Augmentations
Optimizer LARS Crop S = (0.5, 1.0)
Scale Loss (\) 0.1 ColorJitter S =(0.4,04,0.2,0.1), P = 0.8
Scheduler Cosine Annealing Grayscale P=02
Base Learning Rate 0.3 GaussianBlur S =(0.1,2.0), P =1.0
Weight Decay le-6 Solarization P =00
Batch Size 256*4, (4 GPUs) | Horizontal Flip P =05

3.3 Self-Supervised Learning Pre-Training Details

We include in our study ImageNet pre-training as a baseline and 6 different SSL methods: SimCLR [36],
MoCoV3 [41], MAE [35], DINO [6], BYOL [34] and Barlow Twins [8]. With the exception of MAE [35]
(compatible only with ViT), these methods can be used with arbitrary backbones. We experiment with
four of the most used backbones in histopathological studies: ResNet18 (11.7M parameters), ResNet50
(25.5M parameters) [66], ViT-Tiny (5.8M parameters) and ViT-Small (22.2M parameters) [11]. All SSL
models are initialized using the Imagenet-1K weights. Please note that the foundation models CTransPath
and UNI are based on two different architectures. In particular, UNTI uses a ViT_Large backbone, which
has 307 millions parameters, and it is thus much larger than the backbones used in this work. All
pre-trainings are done using the solo-learn library from [67] for 200 epochs. Regarding the SSL hyper-
parameters, we keep the same values as in the original papers, except for the crop scale factor, which is
reduced to range {0.5, 1}, to preserve the size of cells, as larger cells might be tumor cells. Additionally,
for the learning rate (Ir) of each SSL method, as well as for the temperature parameter 7 of SimCLR,
we perform a grid-search, choosing as optimal value the one giving the best average AUC score across all
tested MIL models in the validation set. Following [67], we use LARS (respectively AdamW) for CNN
(resp. ViT) backbones, and we use a warm-up phase of 10 epochs with a cosine annealing learning rate
scheduler. Furthermore, we select the biggest batchsize that fits in the GPU memory of our computational
cluster as previous works consistently show that larger batch sizes yield better results. We choose the
maximum batch size that fits in our GPU memory for each experiment. ResNet18 and ViT-Tiny back-
bones are trained on 4 NVIDIA V100 GPUs with batchsize 256 per GPU, resulting in a global batchsize
of 4x256=1024. In order to keep the same batchsize also for larger ResNet50 and ViT-Small backbones,
we used 8 NVIDIA V100 GPUs with a batchsize of 128 for each, 8x128=1024. The hyperparameters
for all the combinations of SSL methods, backbones, and datasets can be found in our Github reposi-
tory® in the following directory: pre-train/scripts/pretrain/custom. In Table 1, as an example, we show
the hyperparameters used for the Barlow Twins SSL method with ResNet18 backbone on the TCGA-
NSCLC dataset. The config file path is (pre-train/scripts/pretrain/custom/tcga/barlow-res.yaml) in our
repository.

3.4 Pathology Adapted SSL methods details

As proposed by [52], we apply pathology-specific augmentations, vertical flipping and stain augmenta-
tions, to three SSL methods (Barlow Twins, MOCOv3, BYOL) to assess whether these adaptations can
further enhance the results. However, we exclude multiple magnification levels due to their high compu-
tational cost. All the other training components and hyperparameters remain unchanged, as described in
the previous subsection. Unfortunately, we could not include the SRCL method, due to the lack of code
in the source repository. For CluBYOL, we use the same hyper-parameters as in the original paper [46]
and recompute the statistics on the validation set.

3.5 Foundation Models Details

We perform no training or fine-tuning of the foundation models. Instead, we download the pre-trained
weights from their original repositories and load them into the corresponding backbones, as detailed in
Section 2.6. We then use these models directly to extract features from the patches, which we further
use for MIL trainings.

3.6 MIL Training Details

We adopt DSMIL’s code [16] as a base for our training and evaluation pipeline. Then, for each MIL
method, we replace the model, optimizers and other training components based on their official codes.

Shttps://github.com/mammadov7/wsi_classification_pipeline
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Table 2 Camelyonl6 dataset at 10x. First and second-best AUC scores in bold and underlined respectively. The best
average AUC scores (per MIL) in red. ImageNet-based results are not averaged. A Welch T-Test was applied to compare
the best performing method (Ref.) with the others, where (x) indicates statistically significant differences (p < 0.05) and
”N/S” denotes not significance. The DAMIL method introduces additional complexity because the K-Means algorithm is
applied independently on each slide.

,45; Pretrain.  MeanMIL MazMIL  MizMIL  AutoMIL LNPMIL AttenMIL ‘ ABMIL  DSMIL CLAM  TransMIL DTFDMIL DAMIL ‘ Avg.
& # Params.  (193) (193) (194) (194) (194) (336) | (0.03M) (0.06M) (0.23M) (2.25M)  (0.18M)  (0.02M) | ()
ImageNet 58.1 69.2 72.5 71.6 71.5 73.9 ‘ 65.5 70.5 71.2 66.7 1.4 58.6 ‘ 68.4+5.0
. Barlow T. 58.5 74.1 79.7 779 83.8 82.6 71.9 77.6 79.3 75.1 70.7 69.6 75.146.6
=l MOCOv3 51.8 75.2 75.9 70.7 80.7 74.3 72.7 76.6 73.8 72.0 80.2 71.4 72.947.1
E SimCLR 61.0 76.0 74.2 774 73.8 75.4 76.9 72.8 77.5 72.7 76.4 63.2 73.1£5.2
= BYOL 63.0 72.1 73.7 73.8 82.6 7.4 744 74.5 69.2 78.5 74.2 52.3 72.1£7.5
DINO 64.5 7.1 76.8 74.6 75.3 72.8 73.7 81.6 73.0 73.8 48.2 63.7 71.3+8.4
MAE 50.6 57.4 59.5 54.2 61.9 66.9 72.1 67.4 64.7 65.2 71.2 56.6 62.3£6.5
Avg. 58.245.3  72.04£6.7 73.3£6.5 T71.448.1 76.4+£7.4 T74.9+4.7 ‘ 73.6£1.7 75.14+44 729449 72.9+4.0 70.1£10.3  62.846.7 ‘ 71.1£8.1
p-value * N/S N/S N/S Ref. N/S | NS N/S N/S N/S N/S e
# Params.  (385) (385) (386) (386) (386) (770) | (0.05M)  (02M)  (0.33M)  (2.34M)  (0.23M)  (0.03M) | ()
ImageNet 574 64.8 7.2 75.4 75.0 72.6 ‘ 76.1 74.9 71.8 73.6 1.1 64.4 ‘ T1.245.7
= Barlow T. 50.4 87.6 85.3 81.2 84.3 85.4 78.3 77.3 84.1 84.6 85.2 64.3 79.0£10.
g MOCOv3 58.5 93.3 93.5 94.8 93.4 91.5 92.5 93.5 93.2 91.3 92.8 62.9 87.6+£12.
@R SimCLR 60.5 73.2 72.5 67.5 76.9 63.5 75.5 76.1 69.2 69.0 79.0 76.3 71.6£5.5
;b—. BYOL 62.9 85.9 89.0 83.3 90.8 80.1 84.4 86.4 86.8 84.8 85.7 69.3 82.4£7.9
- DINO 63.2 82.7 84.1 84.4 80.1 84.4 85.8 81.8 75.8 82.2 78.7 63.8 78.9+7.4
MAE 50.2 70.1 72.3 68.4 60.6 74.5 79.0 77.3 73.8 78.4 70.5 54.8 69.24+8.9
Avg. 57.6+£5.4 82.1+8.1 82.8479 79.9+9.5 81.0+£1l. 79.94+9.0 ‘ 82.6+5.7 82.1+6.2 80.5+8.3 81.7+6.9 82.0£7.0 65.24+6.5 ‘ 78.1+£11.
p-value * N/S Ref. N/S N/S N/S ‘ N/S N/S N/S N/S N/S * ‘ -
# Params. (513 (513) (514) (514) (514) (1026) | (0.07M) (0.33M)  (04M)  (241M)  (026M)  (0.03M) | ()
ImageNet 56.2 66.8 734 70.5 67.8 72.4 ‘ 72.9 60.1 62.5 70.2 73.1 64.3 ‘ 67.5+5.4
® Barlow T. 71.0 87.3 90.4 88.4 94.8 88.5 88.1 91.2 88.2 91.5 93.9 66.9 86.7+8.3
B MOCOv3 72.3 87.6 88.5 87.9 96.0 84.9 87.0 88.7 82.6 90.2 89.2 65.0 85.0£8.1
Zg SimCLR 72.6 89.4 90.9 90.0 95.1 91.4 86.5 90.3 93.8 92.6 81.7 62.5 86.449.3
~ BYOL 60.7 73.6 4.7 7.4 4.4 75.5 74.1 73.8 75.2 75.1 78.5 53.1 72.247.1
DINO 69.2 89.0 90.8 90.3 92.7 90.8 88.3 88.6 84.4 91.9 92.0 72.2 86.7£7.5
Avg. 69.244.4 854459 87.146.2 86.8+4.8 90.6+8.2 86.2+5.8 ‘ 84.84+5.4 86.5+6.4 84.846.2 88.3+6.6 87.1+£6.0 63.9+6.3 ‘ 83.4+9.9
p-value * N/S N/S N/S Ref. N/S | N/S N/S N/S N/S N/S * | -

Table 3 Camelyonl6 dataset at 20x. First and second-best AUC scores are in bold and underlined respectively. The
best average AUC scores (per MIL) in red. ImageNet-based results are not averaged. A Welch T-Test was applied to

compare the best performing method (Ref.) with the others, where (%) indicates statistically significant differences
(p < 0.05) and "N/S” denotes not significance. The DAMIL method introduces additional complexity because the
K-Means algorithm is applied independently on each slide.

£ Pretrain.  MasMIL MicMIL _ AutoMIL LNPMIL AttenMIL | ABMIL  DSMIL  CLAM _ TransMIL DTFDMIL DAMIL | Auvg.
& # Params.  (2049) (2050) (2050) (2050) (4098) | (0.26M)  (4.46M) (L18M)  (3.2M) (0.66M)  (0.14M) | ()
ImageNet 64.4 83.2 7.7 77.1 720 | 772 80.7 86.3 78.9 774 634 | 76.246.8
2 Badlow T. 98.3 98.5 96.1 97.2 96.4 98.4 98.5 98.1 98.3 94.3 65.1 94.5+9.4
5 MOCOv3 96.7 97.4 97.0 94.3 96.8 97.2 96.7 97.5 95.8 97.1 66.7 | 93.9£8.7
Zi SimCLR 81.4 92.3 92.4 84.5 91.2 89.9 88.0 92.4 92.0 94.8 62.2 | 87.4£88
~ BYOL 96.4 97.1 96.0 90.9 94.4 95.9 945 97.9 97.9 94.9 614 | 92.5+10.
DINO 98.4 99.1 98.3 94.7 98.0 97.9 93.9 98.0 98.5 98.8 64.4 | 94.6£9.7
Avg. 942465 96.9424 960420 923444 954424 | 959431 943436 968422 96.54£24  96.0£1.7  64.0+1.9 | 92.6+9.7
p-value N/S Ref. N/S N/S N/S | N/S N/S N/S N/S N/S * | -

We trained each MIL model for 100 epochs with a grid search for optimal learning_rate. Fig. 4.1 illustrates
the applied grid search process. The figure consists of six subplots, each corresponding to a different
pre-training SSL method. In each subplot, the Validation AUC scores of 12 MIL methods are plotted on
the Y-axis, while the learning rate is represented on the X-axis. For example, in the case of SImCLR, we
select 0.0005 as the optimal learning rate for MaxMIL, as it achieves the highest validation score. We use
the cosine annealing scheduler, Adam optimizer with a weight decay of 0.00001 and a batch size equal
to 1 slide (i.e., bag). For MIL, due to the varying number of patches per slide, the batch size is always 1.
This is a standard practice in MIL literature and is followed in all related works. The bag size depends
on the number of patches per slide. Since this varies across slides, it is not a fixed hyperparameter. For
more details about the other hyper-parameters please refer to the released code.

4 Results and Discussions

In this section, we share our results from all datasets and discuss our findings based on quantitative and
qualitative results.
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Table 4 Foundation models on Camelyonl6 dataset at 10x. First and second-best AUC scores in bold and underlined
respectively. Best average AUC score in red.

. Camelyon16
Pretrain

MeanMIL ~ MaxMIL — MizMIL — AutoMIL LNPMIL  AttenMIL ‘ ABMIL DSMIL CLAM  TransMIL

SRCL( CTransPath) 57.3 91.1 89.8 924 94.7 91.9 89.2 91.3 88.0 94.7

PathAugFM( ViT_Small) 60.2 91.5 95.3 95.8 90.9 93.6 94.4 91.7 94.7 91.4

DINOv2( ViT_Small) 60.0 46.3 76.4 80.1 70.3 55.6 76.0 49.9 79.6 7.1

UNI( ViT_Large) 64.5 97.7 96.8 96.8 98.8 96.7 97.4 95.7 99.1 98.3
Avg. 60.5+2.6  81.64+21. 89.6+8.0 91.3+6.7 88.7+11.  84.4+17. ‘ 89.248.2  82.2+19. 90.4+74  90.4£8.0

Table 5 AUC scores of different MIL methods with Pathology Adapted SSL methods on Camelyonl6 dataset at 10x
magnification, -path suffix indicates methods with adapted augmentations. The red/green numbers show if adapted
augmentations downgraded/improved results: methodp,:n — method.

. Camelyonl6
Pretrain

MeanMIL ~ MazMIL  MizMIL — AutoMIL LNPMIL AttenMIL  ABMIL DSMIL CLAM TransMIL Avg.

Barlow 71.0 89.3 90.4 88.4 94.8 88.5 88.1 91.2 88.2 91.5 87.9
B(J'rlowpam 69.4-1.6 93.5+6.2  93.1+2.7 94.6+6.2 94.9+40.1 92.3+3.8 87.4-0.7 88.9-2.3  90.6+2.4 88.8-2.7 89.4+1.5

MOCOv3 72.3 87.6 88.5 87.9 96.0 84.9 87.0 88.7 82.6 90.2 86.6
MOCO3p411 71.2-1.1 92.3+4.7 924439 93.5+5.6  91.8-4.2 92.6+7.7  79.2-7.8  85.3-34 86.5+3.9 93.4+3.2 | 87.8+1.2

BYOL 60.7 73.6 4.7 774 4.4 75.5 4.1 73.8 75.2 75.1 73.5
BYOLpatn 64.94+4.2  751+1.5 T78.4+3.7 802428  71.0-3.4 82.04+6.5 81.1+7.0 80.3+6.5 80.6+5.4 74.8-0.3 76.8+3.3

CluBYOL 58.4 89.7 89.4 90.1 91.4 70.4 74.9 89.3 85.2 89.0 82.1

CluBY OLpqsp,  59.8+1.4 88.8-0.9 88.0-1.4 89.0-1.1 92.7+1.3  86.8+16. 83.4+85 80.6-8.7 87.3+2.1 82.7-6.3 83.9+1.8

Table 6 Effect on the final AUC score of the ImageNet initialization using ResNet18 as backbone. We compare three
SSL techniques with all MIL methods on the Camelyon16 dataset at 10x magnification. Each result ( Averagesta ) is the
average and standard deviation of three different trainings. IN suffix stands for ImageNet initialization, no suffix
indicates random initialization and A = method IN — method.

f; Pretrain. MeanMIL ~ MaxMIL — MizMIL ~ AutoMIL LNPMIL AttenMIL ~ABMIL  DSMIL  CLAM  TransMIL ‘ Avg.
Z Params. (513) (513) (514) (514) (514) (1026)  (0.07M) (0.33M)  (0.4M)  (241M) | ()
Barlow T. 71.8£1.5  89.3+04 88.8+1.5 90.4+0.9  95.1+0.3 89.840.4  86.3+1.4 89.6+0.4 89.2+2.1  89.6+1.4 87.7

0 Barlow T.IN 71.0+1.3  87.3+£1.9 90.4+1.3 88.44+2.0 94.8+0.1 88.5+£1.9 88.1+1.6 91.24+1.8 88.2+1.4  91.5+1.2 87.9
% Barlow T.IN - Barlow T. -0.8 -2.0 +1.6 -2.0 -0.3 -1.3 +1.8 +1.6 -1.0 +1.9 +0.1
z SimCLR 72.6£0.2  89.4+1.3 90.6+1.8 92.1+2.3  95.4+0.5 91.9+0.7 88.9+2.3 91.240.3 91.5+1.6  90.2+2.1 89.4
é’ SimCLR IN 72.6£04  89.4+14 90.9+22 90.0£0.5  95.1+0.5 91.4+1.8