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Abstract

Unsupervised learning has made substantial progress over the last few years, especially
by means of contrastive self-supervised learning. The dominating dataset for benchmark-
ing self-supervised learning has been ImageNet, for which recent methods are approaching
the performance achieved by fully supervised training. The ImageNet dataset is how-
ever largely object-centric, and it is not clear yet what potential those methods have on
widely different datasets and tasks that are not object-centric, such as in digital pathology.
While self-supervised learning has started to be explored within this area with encourag-
ing results, there is reason to look closer at how this setting differs from natural images
and ImageNet. In this paper we make an in-depth analysis of contrastive learning for
histopathology, pin-pointing how the contrastive objective will behave differently due to
the characteristics of histopathology data. Using SIimCLR and H&E stained images as a
representative setting for contrastive self-supervised learning in histopathology, we bring
forward a number of considerations, such as view generation for the contrastive objective
and hyper-parameter tuning. In a large battery of experiments, we analyze how the down-
stream performance in tissue classification will be affected by these considerations. The
results point to how contrastive learning can reduce the annotation effort within digital
pathology, but that the specific dataset characteristics need to be considered. To take full
advantage of the contrastive learning objective, different calibrations of view generation
and hyper-parameters are required. Our results pave the way for realizing the full poten-
tial of self-supervised learning for histopathology applications. Code and trained models
are available at https://github.com/k-stacke/ssl-pathology.
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1. Introduction

Deep learning has in the last decade shown great potential for medical image-analysis ap-
plications (Litjens et al., 2017). However, the transition from research results to clinically
deployed applications is slow. One of the main bottlenecks is the lack of high-quality labeled
data needed for training models with high accuracy and robustness, where annotations are
cumbersome to acquire and relies on medical expertise (Stadler et al., 2021). An active
research field has therefore been focused on reducing the dependency of labeled data. This
can, for example, be accomplished through transfer learning (Yosinski et al., 2014), where
training on a widely different dataset, such as ImageNet (Deng et al., 2009), can reduce
the amount of training data needed in a targeted downstream medical imaging applica-
tion (Truong et al., 2021). However, as ImageNet contains natural images, there is a large
discrepancy between the source and target domains in terms of colors, intensities, con-
trasts, image features, class distribution, etc. It has been shown that a closer resemblance
between the source and target datasets is preferable (Cui et al., 2018; Cole et al., 2021;
Li et al., 2020), and the usefulness of ImageNet for pre-training in medical imaging has
been questioned (Raghu et al., 2019). In addition, ImageNet pre-training has recently also
been questioned because of the biased nature of the dataset, intensifying the need to find
alternative pre-training methods that are better tailored for the target application (Birhane
and Prabhu, 2021; Yang et al., 2021a).

Self-supervised learning (SSL) has recently emerged as a viable technique for creating
pre-trained models without the need for large, annotated datasets. Instead, pre-training is
performed on unlabeled data by means of a proxy objective, for which the labels can be
automatically generated. The objective is formulated such that the model learns a gen-
eral understanding of image content. It can include predicting image rotation (Gidaris
et al., 2018), solving jigsaw puzzles (Noroozi and Favaro, 2016), re-coloring gray-scale im-
ages (Larsson et al., 2017), to mention a few. One family of SSL methods are those based on
a contrastive training objective, which is formulated to contract the representation of two
positive views, while simultaneously distracting the representations of negative views. This
training strategy has shown great promise in the last few years, and include methods such as
CPC (van den Oord et al., 2019), SimCLR (Chen et al., 2020a), CMC (Tian et al., 2020a),
and MoCo (He et al., 2020). However, successful results have primarily been presented on
ImageNet, despite the above-mentioned need for moving away from this dataset, and it is
still unclear how well the results generalize to datasets with different characteristics.

In this paper, we investigate how SimCLR (Chen et al., 2020a) can be extended to
learn representations for histopathology applications. We consider H&E stained images,
and take a holistic approach, comparing how differences between the ImageNet dataset and
histopathology data influence the SSL objective, as well as pin-pointing how the different
components of the objective contribute to the learning outcome. We show that the heuristics
that have been demonstrated to work well for natural images do not necessarily apply in
histopathology scenarios. To explore the differences, we setup a rigorous experimental study,
which includes:

e three different pathology datasets, for investigating different scenarios with in-domain
and out-of-domain histology data,
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comparison between ImageNet pre-training and domain-speci c SSL, for evaluating
the added value of unsupervised pre-training on histology data,

evaluation of di erent data availability scenarios in training of the target application,
as we expect pre-training to add di erent value in the di erent scenarios,

evaluation of the impact of di erent hyper-parameters, as these have been demon-
strated important for the success of contrastive SSL,

a study of the convergence behavior of SImCLR on pathology data, for demonstrating
how well contrastive pre-training contribute to the target downstream application of
tissue classi cation.

Our main motive is to clarify how contrastive SSL for histopathology cannot be considered
under the same assumptions as for natural image data. Our results lead to a number of
important conclusions. For example, we show that:

In pathology, SImCLR pre-training gives substantial bene ts, if used correctly.

Di erent types of positive/negative views are optimal for contrastive SSL in histopathol-
ogy compared to natural images, and the optimal views can be dataset dependent even
within the pathology domain.

Parameter tuning, such as the batch size used for SSL, does not have the same in uence
as for natural images, due to the di erences in data characteristics.

Pre-training data aligned with the target pathology sub-domain is better suited com-
pared to more diverse pathology data.

The paper is organized as follows: In Section 2, we discuss and position our work in
relation to previous work on SSL, contrastive SSL, and the aspects of SSL speci ¢ to digital
pathology. In Section &, we brie y explain contrastive SSL, followed by a thorough discus-
sion around di erent aspects related to the view generation that we believe to be important
when comparing natural images to digital pathology. This discussion sets the stage for the
experimental study performed in Section 4, with results presented in Section 5. Finally,
in Section 6, we conclude with an outlook on what needs to be considered for further
improving contrastive SSL in histopathology, where we emphasize how the di erences in
data characteristics require a signi cantly di erent approach to formulating the contrastive
learning objective. We believe that this work is important for broadening the understanding
of self-supervised methods, and how the intrinsic properties of the data a ect the represen-
tations. Our hope is that this will be a stepping stone towards pre-trained models better
tailored for histopathology applications.

2. Related Work

A large body of literature has been devoted to unsupervised and self-supervised learning.
For self-supervised learning, multiple creative methods have been presented for de ning
proxy objectives and performing self-labelling. These include, but are not limited to, col-
orization of grayscale images (Zhang et al., 2016; Larsson et al., 2017), solving of jigsaw
puzzles (Noroozi and Favaro, 2016), and prediction of rotation (Gidaris et al., 2018).
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Within self-supervised learning, signi cant attention has recently been given to a speci c
family of methods, which performs instance discrimination (Dosovitskiy et al., 2014; Wu
et al.,, 2018) through contrastive learning with multiple views. Bachman et al. (2019)
presented a contrastive self-supervised method (AMDIM) based on creating multiple views
using augmentation. van den Oord et al. (2019) presented the InfoMax objective, and
showed that by minimizing it you can maximize the mutual information between views.
Building on these works, constrastive self-supervised methods such as CMC (Tian et al.,
2020a), MoCo(v2) (He et al., 2020; Chen et al., 2020b), and SIMCLR (Chen et al., 2020a)
have recently shown improved results on ImageNet benchmarks, closing the gap between
supervised and unsupervised training. Falcon and Cho (2020) actually showed that many
of these methods (such as AMDIM, CPC and SImCLR) are special cases of a general
framework for contrastive SSL. As a continuation of this development, methods such as
BYOL (Grill et al., 2020) and SwAV (Caron et al., 2020) have been presented, expanding
the concept to either avoiding contrastive negatives or to doing cluster assignments instead
of instance discrimination. In this work, we use SImCLR as a representative method of the
contrastive self-supervised methodology. The choice of method is motivated by its simplicity
and high level of adoption since its introduction. We believe that the integral components of
contrastive learning can be justly studied through SImMCLR, and anticipate that the results
will generalize to other state-of-the-art contrastive SSL methods.

Self-supervised methods have also been applied to medical images in general, and
histopathology in specic. A number of methods for self-supervised learning have been
presented for data such as volumetric CT and MRI, X-ray images and dermatological digi-
tal images, with application within classi cation, localization and segmentation (Liu et al.,
2019; Yan et al., 2020; Chaitanya et al., 2020; Xie et al., 2020; Zhou et al., 2020; Azizi et al.,
2021; Li et al., 2021a; Sowrirajan et al., 2021; You et al., 2021). Many of the works shows
that in-domain pre-training is superior to ImageNet pre-training, and that domain-speci c
selections of positive and negatives views boosts performance. This motivates us to further
understand what (if any) considerations that are needed for the domain of histopathology.

Self-supervised methods developed for histopathology has been presented. For exam-
ple, incorporation of the spatial information of patches (Gildenblat and Klaiman, 2020; Li
et al., 2021b), using augmentations based on stain separation (Yang et al., 2021b), using
transformer architectures to capture global information (Wang et al., 2021), or utilizing the
multi-resolution structure of whole-slide images (Koohbanani et al., 2020; Srinidhi et al.,
2022). Furthermore, a number of previous work have evaluated contrastive SSL methods
that were designed for natural images (Lu et al., 2019; Stacke et al., 2020; Dehaene et al.,
2020; Ciga et al., 2022), all showing promising results. Among these, Ciga et al. (2022) are
the one closes to this work, as SImCLR is the method used in both studies. Complimentary
to Ciga et al. (2022)'s large battery of experiments, we deepen the understanding through
experiments regarding optimal view generation and hyper-parameters, in junction with a
in-depth discussion on the unique characteristics of histopathology datasets that impact the
learned representations.

Some works give a more rigorous theoretical background to the contrastive methods,
such as Arora et al. (2019), Tsai et al. (2021), Wu et al. (2020) and Tschannen et al. (2020).
However, much of the success of the previously mentioned methods is derived from heuristics
that are still left to be explained theoretically. It is not clear how well the performance
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showed on one domain transfers to new and di erent ones. As Torralba and Efros (2011)
pointed out some time ago, all datasets, ImageNet included, encompasses speci ¢ biases
that may be inherited by a model trained on the data. Purushwalkam and Gupta (2020),
for example, argued that the object-centric nature of ImageNet is the reason for why SSL
methods based on heavy scale augmentations perform well, but that this approach does not
work for object recognition tasks. Cole et al. (2021) showed that contrastive learning is less
suited for tasks requiring more ne-grained details, and that pre-training on out-of-domain
data gives little benet. Therefore, we have reason to look closely on how contrastive
learning methods transfer to the domain of histopathology.

3. Background

This section gives an overview of contrastive multi-view learning as well as view generation,
with the goal of giving an conceptual description of how di erent design choices a ect the

learned representation. The descriptions will facilitate the experimental design and result
analysis in Section 4-6, for identifying the di erences in contrastive SSL for histopathology

compared to object-centered datasets with natural images.

3.1 Contrastive learning

The general idea of contrastive learning is that ananchor data point x; (sometimes referred
to as query) together with a positive data point x; (key) form a set of positive views of
the same object. The goal is to map these views to a shared representation space, such
that the representations contain underlying information (features) shared between them,
while simultaneously discarding other (nuisance) information. A positive view pair could
therefore share the information of depicting the same object, but may di er in view angle,
lighting conditions, or occlusion level.

For images, this shared information is high-dimensional, which makes its estimation
challenging. The views are therefore encoded to a more compact representation using a
non-linear encoder,g, fz; = g(Xi);z = 9(x;)g, such that the mutual information between
zi and z; is maximized. Maximization of the mutual information can be estimated by using
a contrastive loss function (van den Oord et al., 2019), de ned to be minimized by assigning
high values of positive pairs of data {z;; z; g) and low values to all other (fz;;z.g;k 6 fj;i g
(denoted \negatives"). A popular such loss function is the InfoNCE loss, de ned as:

T,
Li= logP2P @ ZT') ; 1)
K €Xp (' z)
The choice of positives can be done either in a supervised way, where coupled data is col-
lected (such as multiple staining of the same tissue sample), or in a self-supervised manner,
where the views are automatically generated. One popular approach of the latter kind is
to create two views from the same data point,x, by applying random transformations,

fti T,t;  T,g, such that two views of the data sample are createdf g;;®jg. Negative
samples are typically taken as randomly selected samples from the training data.View
generation, that is, how the views are chosen, has a direct impact of what features the
model will learn.
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3.2 View Generation

Due to the way the contrastive objective is formulated, the choices of how positive and neg-
ative views are selected will largely impact the learned representation. If they are chosen
correctly, the learned representation will separate data in such a way that is useful for the
target downstream task. Incorrectly chosen, the model may learnnuisance features that
result in poor separation of the data with respect to the downstream task. The choice
of optimally selecting positives and negatives thus depends on the intended downstream
task, since it needs to take into account what is consideredask relevant and task irrele-
vant ! (Tian et al., 2020b). For example, color may be considered a nuisance variable in the
downstream task of tumor classi cation in H&E slides and should therefore not be shared
between positives, but may be an important feature if the downstream task is scoring of
immunohistochemical staining. As the SSL is task-agnostic, that is, the downstream task
is unknown with regard to the self-supervised objective, the view generation is critical for
controlling what features the model learns, such that they tailored to the downstream task.

Figure 1 shows the relationship between shared mutual information (SSL objective) and
view generation. Positive views (top) can be selected/created such that 1) no task-relevant
features are shared, resulting in that the model will use only task-irrelevant features to
solve the self-supervised objective, 2) only task-relevant features are shared, resulting in
the model learning (a subset) of these, or 3) both task-relevant and irrelevant features are
shared, increasing the risk of the model learning so called shortcut features (Geirhos et al.,
2020), often low-level features (such as color). If the views are created with augmentations
(which is what we will consider in this work), this is the result of 1) too strong, 2) just
right or 3) too little transformations. To achieve optimal performance on the downstream
task, the model should learn the minimally su cient solution (Tsai et al., 2021), such
that two positive views share as much task-relevant information as possible, and as little
task-irrelevant information (middle column, Figure 1).

As highlighted by Arora et al. (2019), the choice of negatives (which generally are ran-
domly selected from the mini-batch) is also important for the learning outcome. In the
bottom row of Figure 1, the relationship between an anchor and negative is shown. If no
information is shared, the model does not have to learn any task-relevant features as any
feature may solve the pre-training objective (left). If too much information is shared, the
model will not learn task-relevant features as these cannot be used to distinguish between
positive and negatives (right). This is typically the case when negatives belong to the same
(latent) class as the positive, making them so calledalse negatives It is important to distin-
guish betweenfalse negatives andhard negatives, where hard negatives are true negatives
which share similar features with the anchor. This is shown in the middle column, where
the shared information between target and negative is composed of substantial amount of
nuisance information, but no task related information. Hard negatives are generally bene-
cial for the learning outcome (Robinson et al., 2021), as they hinder the model to rely on
task-irrelevant features to solve the contrastive objective.

To further illustrate the relationship between the di erent views and the self-supervised
objective, an example is shown in Figure 2. In this example, view generation resulted in
some features shared between the anchor and positive views, of which a subset are task-

1. the notation "task irrelevant” and "nuisance" features will be used interchangeably
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Figure 1: How view generation is done will a ect the learning outcome. Circles represent all
learnable features for one data sample, where shaded areas denote task-relevant features.
Between anchor &) and positive (xjA), which belong to the same class (A), sharing of
task-relevant features should be maximized, while simultaneously minimizing task-irrelevant
features. Between the anchor ) and the negative (xE) (not belonging to same class,

A 6 B), the opposite should be true.

relevant. Some task-relevant features are, however, not shared, existing in only one of the
views. In addition, some features (both task-relevant and irrelevant) are also shared by a
negative view. This means that out of all available features, some exist in one, two or all
of the views. During model training, the model learns to represent each data point such
that the contrastive objective is ful lled: the anchor-positive views are attracted, and the
anchor-negative views are repelled. Theattracting features are found in the intersection
between the anchor and positive but not in the negative. Therepelling features are found
in the negative, but not in the anchor. As discussed in the previous section, the region
of attracting features should therefore contain primarily task-relevant features, and the
repelling region should only contain task-irrelevant features. It should, however, be noted
that there is no guarantee that the model will learn all features in these regions, but only
the subset of features that is enough to solve the contrastive objective, as observed by Tian
et al. (2020b). In the end, as the contrastive objective is task-agnostic and completely relies
on this distinction of features over the training dataset, the degree of task relevance of the
learned representation will depend on how the views were generated.
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Figure 2: View generation results in shared features between anchor, positive and negative
views. Due to the contrastive objective, only a subset of all available features are learned
by the model. These features are eitheattracting features orrepelling features, where view
generation is the only means of controlling to what extent these features are task-relevant.

4. Method

The goal of this paper is to better understand how contrastive self-supervised learning (SSL)
can be used for clinical applications where labeled data is scarce. We do this by evaluating
di erent pre-training methods for the target downstream application, i.e., classi cation with
varying amounts of labeled data. In doing so, it is necessary to systematically analyze and
understand the impact of di erent pre-training methods and training strategies, and how
this relates to the type of data used and the target task. In this section, we present the
datasets, training details and evaluation metrics.

4.1 Experiment design

By using SIMCLR as a representative method for contrastive learning, we build our investi-
gation on a series of experiments where we vary the parameters and methodologies relevant
to the analysis.

~

Training SIMCLR models on in-domain and out-of-domain histology data It is of
key interest to understand how pre-training from di erent histopathology sources
and with di erent augmentations, a ect the resulting learned outcome. The results
from this analysis will form the basis of our discussion on self-supervised learning for
histopathology data.

Compare domain-speci ¢ SimCLR with ImageNet pre-training and no pre-training.
Previous works often rely on transfer learning from pre-training using ImageNet. Mo-
tivated by the strong di erences between pathology data and ImageNet data in terms
of e.g., image content, number of classes, and overall composition, a systematic evalua-
tion is done of whether a domain-speci ¢ pre-training using SimCLR is more bene cial

in this context and if so why.

Evaluation of di erent amounts of supervised data for downstream-task training Pre-
trained models are evaluated both with respect to linear and ne-tuning performance
with varying amounts of supervised training data.

Batch size, learning rate and temperature scaling impact Tuning of hyper-parameters
such as batch size, learning rate, and temperature scaling have been shown to play an
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