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Abstract
Self-supervised learning is a successful strategy to overcome data scarcity and improve 
robustness in computer vision by adding a pretext task that can exploit inherent data rela-
tionships as supervision signals during pretraining. However, the combination of pretrain-
ing and downstream training renders model design more complex, as additional design 
choices are required. This paper analyses the effects of such design choices specific to 
self-supervised learning on model performance and robustness. How does the pretext task 
influence the downstream task and how to design an ideal and generalizable pretext task? 
Which properties of the pretraining dataset are favorable and how similar should the pre-
text and downstream dataset ideally be? To address these questions, a comprehensive sur-
vey has been conducted, encompassing the results of diverse models and publications with 
different design choices. The results demonstrate the advantages of in-domain pretrain-
ing and the importance of aligning all design choices in order to ensure optimal results. 
Furthermore, the characteristic differences between predictive, contrastive and generative 
self-supervised learning and the design choices which are crucial for each of these learning 
paradigms are analyzed in detail.

Keywords  Self-supervised learning · Design choice · Contrastive learning · Masked 
image modeling · Computer vision · Hyperparameter

1  Introduction

Self-supervised learning (SSL) can reduce the dependency of artificial neural networks 
(ANN) on large annotated datasets, which present a major bottleneck for deep learning 
due to their high cost and partial unavailability (Pal and Balasubramanian 2018; Sammani 
et al. 2023). At the same time, SSL can improve model robustness and generalization com-
pared to supervised learning (SL) in computer vision (CV) (Hendrycks et al. 2019; Liu et al. 
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2021a; Navarro et al. 2021; Zhao et al. 2024; Zhong et al. 2022) due to the higher "per-
class feature uniformity" (Zhong et al. 2022), the larger number and diversity of pretraining 
images (Navarro et al. 2021), learning "label-irrelevant-but-transferable features" (Liu et al. 
2021a) and improved feature extraction and data-efficiency (Zhao et al. 2024). SSL is also 
less prone to overfitting and generates more information per sample (Ericsson et al. 2021; 
Mao 2020).

SSL should not be confused with semi-supervised learning, which makes use of a small 
amount of labeled data combined with a large amount of unlabeled data (Van Engelen and 
Hoos 2020). Semi-supervised training can be sequential with a model being trained on the 
labeled data to predict unlabeled data and a second step where the full dataset is used for 
training (Rani et al. 2023). Recent semi-supervised models train jointly with one objective 
and two loss terms, one optimized for "labeled-set accuracy and the other favoring label-
consistency or label-smoothness" (Huang et al. 2024a). However, SSL generates its own 
pseudo-labels and supervisory signals from the data itself by adding an upstream pretraining 
(or pretext) task (Gui et al. 2024; Huang et al. 2024a). Semi-supervised learning is mostly 
understood as a hybrid of supervised and unsupervised learning (Van Engelen and Hoos 
2020). SSL can be classified as a sub-type of unsupervised learning as both strive to exploit 
data-inherent structures of large unlabeled datasets without human annotations (Chen et al. 
2022d; Rani et al. 2023). Consequently, both approaches differ fundamentally.

Self-supervised pretext tasks aim to learn feature representations useful to the down-
stream task (Albelwi 2022), thereby improving the overall performance. The operating prin-
ciple of SSL is illustrated in Fig. 1. SSL pretraining can either be executed with the same 
dataset as the downstream training (self-pretraining), with a distinct dataset from the same 
domain (in-domain pretraining), or with pretraining data from a completely different context 
(out-of-domain pretraining) (Jonske et al. 2025; Krishna et al. 2023; Zhang et al. 2024b). 
After the pretext task, the learned representations are transferred to the downstream train-
ing objective via knowledge transfer (KT), predominantly using either fine-tuning (FT) or 
linear probing (LP) (Ozbulak et al. 2023). While the pretext task is always self-supervised, 
the downstream task can be either unsupervised or supervised. Convolutional Neural Net-
works (CNN) and Vision Transformers (ViT) are the most important network architectures 
for discriminative models in CV and most research focuses on them. Nevertheless, SSL 
has been applied to other architectures, such as Capsule Networks (El-Shimy et al. 2025; 

Fig. 1  The pretext model is trained using a pretext objective, typically after applying transformations to 
the pretraining data (e.g. masking or cropping). The resulting learned representation is then transferred to 
the downstream model with its own downstream objective. The domain gap depends on how much the 
pretraining and the downstream dataset differ
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Everett et al. 2025; Sun et al. 2021; Tran et al. 2022) or Graph Neural Networks (Liu et al. 
2022b; Xie et al. 2023c; Wei et al. 2024b). In principle, SSL is architecture-agnostic (Li 
et al. 2023d).

The performance of SSL models has approached and exceeded its SL counterparts (Eric-
sson et al. 2021; Goyal et al. 2021; Liu et al. 2023e; Sammani et al. 2023; Tomasev et al. 
2022; Yang et al. 2025). Especially self-supervised Large-Language-Models (LLMs) like 
BERT and GPT revolutionize Natural Language Processing (NLP) and excel across mul-
tiple benchmarks due to the large volumes of text data available for training, while these 
models have also inspired adaptation and refinements for self-supervised CV (Jaiswal et al. 
2020; Ozbulak et al. 2023). Still, images are highly redundant in contrast to words, which 
decreases generalization of research results obtained with LLM and makes it necessary to 
design specific pretext tasks for CV (Xie et al. 2023d). SSL can follow different learning 
paradigms: While generative approaches dominate within self-supervised NLP, for CV con-
trastive and generative approaches are equally important (Liu et al. 2021b), while hybrid 
approaches have gained more recognition recently (Shi et al. 2023b; Zong et al. 2024). Pre-
dictive approaches have been important for the development of visual SSL and are therefore 
included in this paper.

Due to the combination of pretext and downstream task, SSL requires additional design 
choices compared to standard SL. Design choices refer to decisions necessary during 
the development of a model which have a significant impact on the downstream perfor-
mance. Design choices specific to SSL target the pretext task design and its influence on 
the downstream task, the relation of pretext and downstream data, KT from the pretext to 
the downstream task as well as design choices specific to one specific SSL learning para-
digm. In contrast to hyperparameters, design choices are not limited to specific parameter 
values, but take more complex considerations or certain groups of hyperparameters into 
account. Design choices can influence the effectiveness of the learning process itself as 
they determine how well the model can learn from unlabeled data and generalize to various 
applications. Consequently, they are crucial for the model’s robustness, e.g. regarding over-
fitting and adversarial attacks (Çağatan et al. 2025; Chander et al. 2025; Duesterwald et al. 
2019; Markus et al. 2021). A more comprehensive understanding of the complex interplay 
between various design choices is necessary to facilitate further development of SSL meth-
ods. Despite the importance of SSL for CV and the numerous studies that propose novel 
SSL methods, few have systematically studied design choices. This is the first survey that in 
detail analyzes the impact of pretext task design, pretraining data, network architecture and 
size, KT, as well as learning-paradigm-specific design choices on the performance of SSL. 
We focus is on discriminative CV, where SSL is of significant importance. Consequently, 
this research makes an important contribution to the understanding of the specific behavior 
of SSL by giving and overview of the different design choices and their interdependence.

Section 2 discusses the concept of design choices in detail, Sect. 3 presents the methodol-
ogy of this survey, and Sect. 4 analyzes related work. The different SSL learning paradigms 
and their characteristics are discussed in Sect. 5. The impact of pretext task design, such as 
its complexity, representation geometry, the combination of multiple pretext tasks, and the 
general influence of the pretext on the downstream task is analyzed in Sect. 6. Section 7 
explores the implications of the network size. Section 8 evaluates the influence of the pre-
text data, including its characteristics, quality and size, the focus on ImageNet in research, 
as well as in-domain (ID) pretraining and self-pretraining. Sections 9–11 focuses on design 
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choices specific to one SSL paradigm. The impact of KT, including the choice between 
LP and FT, their performance, as well as the question which strategy is better at bridging 
domain gaps, is addressed in Sect. 12. Finally, Sect. 13 concludes the key findings and gives 
guidelines for practitioners.

2  Design choices

Design choices refer to modeling decisions that determine the structure, learning behav-
ior and optimization constraints of ANNs. Like hyperparamters, design choices cannot be 
directly learned from the data and must be specified prior to training as they determine the 
conditions of training itself. Strain = {(xi, yi)}n

i=1 describes the training dataset with n 
samples, θ ∈ Θ the trainable model parameters and d ∈ D the design decicions. In SSL, 
during pretraining, the target yi is generated by the pretext task also specified by d. The 
training algorithm (e.g. SGD) induced by d provides parameters

	
θ̂(d) = arg min

θ∈Θ(d)
Ltrain(θ; d),

as an approximate solution to the empirical minimization problem. Both the trainable 
parameter domain Θ(d) and the training loss Ltrain consequently depend on the design 
choice. In contrast to hyperparameters, the concept of design choices is broader: it refers 
to groups of interrelated subdecisions (including classic hyperparameters) that should be 
considered jointly due to their mutually dependent nature. A design choice d consists of a 
set of m interrelated subdecisions

	 d = (z1, . . . , zm), zi ∈ Zi.

Not every combination of subdecisions is permissible. The set of valid design decisions is 
given by a restricted configuration set

	
D ⊆

m∏
i=1

Zi.

This restriction models the mutual influence of the subdecisions. It is possible to distin-
guish non-parameterizable subdecisions (categorical or binary choices), where Zi is a 
finite set (e.g., learning paradigm lp ∈ {contrastive, predictive, generative, hybrid}), from 
parameterizable subdecisions (continuous or integer-valued), where Zi ⊂ Rk or Zi ⊂ Zk 
with specified bounds (e.g., augmentation probability p ∈ [0, 1], encoder output dimension 
e ∈ [128, 4096], number of negative samples s ∈ N). Most SSL design choices are mixed: 
a categorical decision activates a set of conditional numeric parameters, yielding a hierar-
chical and conditional configuration space D. One example is the design of a suitable data 
augmentation strategy, which e.g. includes decisions which data augmentation techniques 
to apply (e.g. random horizontal flip and random cropping), how to combine them (e.g. the 
order of application), and which hyperparameters to use for the individual data augmenta-
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tions (e.g. flip probability and crop size). Such decisions belong together and influence 
each other greatly, so they should not be optimized in isolation. Table 1 illustrates further 
examples.

The term design choice has been used before (see e.g. Arboretti et al. (2022a, 2022b); Li 
et al. (2021b); Mojvzivsek et al. (2025); Smith and Topin (2016); Villarraga and Daziano 
(2025)), but never analyzed systematically with a focus on SSL. Design choices often signif-
icantly influence the downstream performance, e.g. the low performance of SimCLR (Chen 
et  al. 2020b) compared to VICReg  (Bardes et  al. 2021) can be compensated by simply 
adjusting some design choices (Garrido et al. 2022). They can influence the effectiveness of 
the learning process itself as they determine how well the model can learn from unlabeled 
data and generalize to various applications. Similar to hyperparameters, design choices can 
have a significant impact on robustness and explainability (Chander et al. 2025; Duester-
wald et al. 2019; Markus et al. 2021). Still, design choices are often driven by incidental 
factors such as the developer’s experience (Arboretti et al. 2022b), so a structured analysis 
can help to improve decision making (Arboretti et al. 2022a). If design choices and their 
impacts are not carefully studied, improvements reported in one paper cannot be replicated 
due to slightly modified design choices (Zhang et al. 2023c). Furthermore, they are often 
only studied on benchmarking data, which could lead to dataset-specific biases. Analyzing 
them on a wider range of datasets and domains can foster more generalizable conclusions.

The design choices considered in this paper cover all important steps in the develop-
ment of SSL: data selection, design of the pretext task, the relationship between the pretext 
and the downstream task, the choice of a suitable network architecture, and the KT from 
pretext to downstream task. Figure 2 presents all discussed design choices as well as their 
role in SSL. This paper differentiates between two kinds of design choices: Those that are 
required for all SSL learning paradigms (Sects. 6–8 and 12) and those that are only relevant 
for one specific SSL learning paradigm (Sects. 9–11). An extensive literature review was 
conducted on recent developments in discriminative SSL for images and the insights regard-
ing critical factors influencing SSL performance were extracted and organized according to 
distinct stages of the model development process. Subsequently, only those design choices 
were retained that have been consistently addressed across multiple studies and supported 
by substantial empirical evidence. Design choices or subdecisions that were only relevant 
for a few, very specific models or that were not specific to SSL were not included. Instead, 

Table 1  Examples of design choices and corresponding subdecisions including the subdivision type and 
exemplary values. The table is not a complete list and is only intended to illustrate the concept
Design choice Subdecision Subdecision type Exemplary values
Pretext task Learning paradigm Non-parameterizable (categorical) predictive, contrastive, 

generative, hybrid
Pretext task Multiple pretext tasks Non-parameterizable (binary) yes, no
Pretext task Task Non-parameterizable (categorical) rotation, jigsaw, in-

painting, exemplar
Pretext task Rotation angle Parameterizable (continuous) α ∈ [0◦, 360◦]
Pretext task Rotation probability Parameterizable (continuous) p ∈ [0, 1]
Augmentation Augmentation Strategy Non-parameterizable (categorical) Crop, Mask, Flip
Augmentation Masking strategy Non-Parameterizable (categorical) Random, Block, Multi
Augmentation Masking ratio Parameterizable (continuous) r ∈ [0, 1]
Augmentation Patch size Parameterizable (integer) t ∈ [1, 32]
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the focus is on those design choices that are relevant to the general functionality of SSL. 
Network size is included due to its tremendous impact both on the performance and on 
multiple design choices. Other classical hyperparameters, such as dropout, training epochs, 
optimization algorithm, loss function or batch normalization are not included in this survey 
because these considerations are less specific to SSL and a general optimization issue of 
ANN.

3  Methodology

The information source identification and search strategy follows the steps outlined in the 
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) state-
ment (Moher et al. 2010), but was adapted. Papers rarely focus on design choices as their 
main topic but instead address related aspects or include relevant data e.g. in their ablation 
studies. Consequently, a simple keyword search is not sufficient. The strategy to identify 
relevant articles therefore consists of three pillars: Traditional keyword search in scien-
tific databases, semantic search using AI, and cross-references in relevant publications to 
other publications. The keyword search was conducted using Google Scholar and Web of 
Science (core collection). To ensure that the publications focus on ’self-supervised’ and 
’images’, these keywords were included in every search. Search was conducted both on 
design choices in general as well as on specific design choices. The exact keywords used 
can be found in Table 2. The first thirty hits were taken into account for each search. Con-
sequently, 7680 articles were identified. In addition, ChatGPT and Consensus were used 
for semantic search, identifying 1386 articles. Basically, the same keywords were used, but 
very similar keywords, e.g. big and large or pretext data and pretext dataset, were excluded 
due to the semantic understanding of these models. In both cases, titles and snippets were 

Fig. 2  Overview of important SSL design choices. Most choices (pretraining data characteristics, quality 
and size, domain gap, pretext complexity, multiple pretext tasks, network size, representation geometry, 
KT, influence of the pretext on the downstream task) are relevant to all paradigms (green). Other choices 
are particularly important for one paradigm (italic), such as pseudo-labels and extraction layers for predic-
tive SSL (magenta). Augmentation, negative samples, Guillotine Regularization, projector and encoder 
architecture are specific to contrastive SSL (blue). Reconstruction target, masking, encoder and head 
architecture are important to generative SSL (red)
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used to identify relevant publications. The following inclusion criteria were applied during 
screening: focus on self-supervised learning, focus on images/computer vision, focus on 
design choices or some aspects of design choices. Criteria of exclusion were duplicated 
articles. These criteria were met by 1216 articles.

In the eligibility phase, the full text was screened and the following additional crite-
ria for inclusion were applied: The article discusses design choices or aspects of design 
choices in sufficient detail. The following additional criteria for exclusion were applied: 
The findings of the article only relate to a very specific method and are neither compa-
rable nor generalizable, the article publishes no exact values of experimental results, the 
article does not publish all relevant hyperparameters and design choices. The last aspect 
is important to ensure that the results are comparable and to highlight the interdependence 
of different design choices. When scanning the text, references to other publications that 
could potentially be relevant were identified. If the title met the criteria of the screening 
phase, it was also examined according to the eligibility criteria. Consequently, 355 articles 
could be included in this survey. Stricter criteria were applied for the following tables and 
figures which focus on comparing specific design choices to achieve comparability, as SSL 

Table 2  Keywords used for database search sorted by topic. Every search additionally included ’self-su-
pervised’ and ’image’ to ensure that the publications focused on these topics. Synonyms of keywords were 
included
Topic Keywords
Design choices design choice, model design, design, model configuration, hyperparameter
Related work Review, survey, multi-modal, large pretraining, large model pretraining, large 

model, large architecture, large network, big model, big architecture, big network
Learning paradigms learning paradigms, paradigms, frameworks, types, contrastive, generative, 

masked image modeling, MIM, predictive, hybrid
Pretext task design pretext, pretext design, pretext complexity, pretext strength, pretext generaliza-

tion, generalization, pretext downstream correlation, influence pretext down-
stream, pretext evaluation, pretext evaluation metric, representation geometry, 
representation dimensionality, multiple pretext tasks, multiple pretexts, pretext 
combination, combining pretext tasks

Network size network size, architecture size, model size, size, network capacity, architecture 
capacity, model capacity, capacity, large networks, large architecture, large 
models, big networks, big models, big, large, small networks, small architecture, 
small model, small, model size, small architecture, small models

Pretext data pretext data, pretext dataset, pretext dataset size, data size, dataset size, low-data 
regimes, large dataset, big dataset, small dataset, data quality, dataset size model 
size, dataset size, ImageNet pretraining, in-domain pretraining, domain gap, out-
of-domain pretraining, in-domain, out-of-domain, self-pretraining

Design choices for 
predictive SSL

predictive models, predictive design, predictive difficulty, predictive distinguish-
able, predictive feature extraction, predictive feature extraction layer

Design choices for 
contrastive SSL

contrastive models, contrastive design, contrastive data augmentation, con-
trastive augmentation, data augmentation, augmentation, contrastive strength 
augmentation, augmentation strength, contrastive negative, contrastive negative 
samples, contrastive negative sampling, contrastive projector, contrastive guil-
lotine regularization, guillotine regularization, contrastive encoder

Design choices for 
generative SSL

generative models, generative design, masked image modeling design, mask-
ing, MIM masking, MIM masking strategy, masking strategy, MIM masking 
ratio, masking ratio, MIM ratio, reconstruction target, generative encoder, MIM 
encoder, MIM head, generative head

Knowledge transfer knowledge transfer, representation transfer, transfer learning, task transfer, fine-
tuning, finetuning, linear probing, linear evaluation, domain gap
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is very sensitive to hyperparameter settings (Huang et al. 2024a): Table 15 focuses on results 
applying a fixed masking ratio, Table 17 focuses on contrastive models that self-pretrain on 
ImageNet-1k, Table 18 on generative and hybrid models that self-pretrain on ImageNet-1k 
and Table 19 on models pretrained with ImageNet applying downstream datasets for which 
Maximum Mean Discrepancy (MMD) (Chen et al. 2022b) results are available. Figure 7 
solely includes results obtained on ResNet-50 with LP on ImageNet-1K, while Fig. 8 only 
includes results obtained on ViT models on ImageNet-1K.

4  Related work

Since 2020, numerous important review papers on SSL for CV were published, reflecting 
the rapid progress and growing relevance of SSL. Tables 3 and 4 provided an overview 
of important reviews (sorted by publication year and first author). Their characteristics, 
thematic focus and categorization of different SSL paradigms are discussed in this section. 
While only review papers focusing on images were included, many of these also discuss 
other data types: One third addresses images only, around 40% include video or multi-
modal methods, while text is included by a quarter and audio by less than a fifth. Graph, 
point clouds and code are rarely included. Earlier work focused more on the functionality 
of SSL, while more recent publications rather address specific applications. SSL is very 
popular for medical applications (see e.g. Choi (2024); Pani and Chawla (2025); Wang 
et  al. (2023a); Zeng et  al. (2024)), while few reviews focus on astronomy  (Hayat et  al. 
2021), biology (Al Mamun et al. 2024), depth estimation (Dong et al. 2025) or remote sens-
ing (Berg et al. 2022; Wang et al. 2022a). Most reviews focus on the application of SSL, 
either to a specific domain or to several. More than half of the articles focus on the function-
ality of SSL itself, often discussing in detail how methods work. One quarter of the publica-
tions in Table 3 and 4 either compare different SSL methods (e.g. Khan et al. (2022, 2025b); 
Ozbulak et al. (2023)) or SSL with other approaches, such as transfer learning (Zhao et al. 
2024) or weakly- and semi-supervised learning (Qu et al. 2022). Shwartz Ziv and LeCun 
(2024) focus on developing a theoretical framework for SSL, they elaborate on the intersec-
tion of information theory, SSL, and deep neural networks. Few reviews discuss the imple-
mentation of SSL: Ericsson et al. (2022b) analyze data requirements, architecture choices, 
the transferability of the pretext features and how to choose the optimal pretext task. Huang 
et  al. (2023) address the performance of different learning paradigms, the impact of KT 
and implementation guidelines. Zhang et  al. (2023c) focus on data bias in pretext data, 
class-imbalance, overfitting in projector representations and the limits of data augmenta-
tion. Taherdoost (2024) discuss the importance of evaluation metrics, especially area under 
the curve (AUC). Yet, none of these studies systematically examines the underlying design 
choices or their interrelationships in depth in order to provide guidelines for practitioners on 
how SSL should be designed in order to achieve robust, generalizable and high-performance 
results. This article addresses that gap by analyzing insights and data from existing reviews 
and empirical studies with regard to design choices. While previous surveys often focus on 
categorizing existing SSL methods, discussing specific applications and comparing perfor-
mance across benchmarks, they rarely examine the underlying design principles that deter-
mine the performance of different approaches. In contrast, this work systematically analyzes 
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how the choice of data, pretext task, learning paradigm, architecture and KT interact and 
influence model performance.

4.1  Learning paradigms

Most reviews divide SSL methods into different learning paradigms. We discuss the differ-
ent concepts of the reviews listed in Tables 3 and 4 to show which definitions overlap with 

Table 3  Overview of reviews addressing SSL with images with different main topics (Focus): functionality of 
SSL methods (M), application to one or several domains (A), development of a theoretical framework (Th), 
comparison of different methods (C), practical implementation (I) and research trends (Tr). Reviews divide 
SSL methods into different learning paradigms (Paradigms) and include different types of data (Data types). 
If a paradigm is mentioned but not discussed in detail, it is in brackets. The listed papers focus on different 
domains (Domains), some on SSL in general without a specific application (General), some address multiple 
domains in detail (Multiple), others focus on one single domain
Review article Focus Paradigms Data types Domain
 Jaiswal et al. (2020) M Contrastive, (generative) Image, video General
 Jing and Tian (2020) M Generation, context, free semantic 

label, cross modal
Image, video, audio, 
multimodal

General

 Chowdhury et al. 
(2021)

M, A Contrastive, adversarial, pixel to 
pixel, pixel to scalar

Image, video Medicine

 Hayat et al. (2021) A Contrastive Image Astronomy
 Ohri and Kumar 
(2021)

M Contrastive, clustering, reconstruc-
tion, generation, prediction

Image, multimodal General

 Xu (2021) A Generated, context, contrast Image Medicine
 Albelwi (2022) M Contrastive, auxiliary pretext Image General
 Berg et al. (2022) M, A, 

C
(Non-)Contrastive, generative, 
predict

Image, video, 
multimodal

Remote 
sensing

 Ericsson et al. (2022b) M, C, I Masked/transformation prediction, 
instance discrimination, clustering

Image, text, audio, 
graph

General

 Huang et al. (2022) A, Tr Contrastive, prediction, self-distilla-
tion, clustering

Image, video General

 Khan et al. (2022) M, C Contrastive, (generative) Image General
 Krishnan et al. (2022) A Contrastive, generative Image, text, video, 

multimodal
Medicine

 Kumar et al. (2022b) M, A, 
Tr

Contrastive, generative Image, video, text, 
audio, code, graphs, 
multimodal

Multiple

 Qu et al. (2022) A, C Contrastive, generative, predictive Image Medicine
 Shurrab and Duwairi 
(2022)

A Contrastive, generative, predictive Image, video Medicine

 Wang et al. (2022a) M, A Contrastive, generative, predictive Image, video Remote 
sensing

 Zhang et al. (2023b) M, A (Contrastive), generative Image, cloud points, 
graph, audio

Multiple

 Huang et al. (2023) A, I Contrastive, generative, innate 
relationship, self-prediction

Image Medicine

 Liu et al. (2023e) M Contrastive, generative, adversarial Image, text, audio, 
multimodal

General

 Ozbulak et al. (2023) M, C, 
Tr

Discriminative, generative Image General

 Rani et al. (2023) M, A (Non-)Contrastive, auxiliary pretext Image, video, text Multiple
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Table 4  Continuation of the overview of review papers for SSL with images including learning paradigms, 
data types and domains. They focus on methods (M), application (A), theory (Th), comparison (C), imple-
mentation (I) or trends (Tr)
Review article Focus Paradigms Data types Domain
 Uelwer et al. (2025) M, C Contrastive, clustering, pretext 

task, information maximization, 
teacher-student

Image General

 Wang et al. (2023a) A, Tr Contrastive, (generative), predictive Image, video, 
multimodal

Medicine

 Zhang et al. (2023c) A, I Contrastive, generative, predictive, 
multi

Image Medicine

 Abdulrazzaq et al. 
(2024)

A (Non-)Contrastive, generative, 
predictive

Image Multiple

 Al Mamun et al. 
(2024)

A Contrastive, generative, predictive, 
hybrid

Image Biology

 Chen et al. (2024b) M, A, 
Tr

Contrastive, generative, predictive, 
MIM

Image, video Multiple

 Choi (2024) M, A – Image Medicine
 Ciocarlan et al. 
(2024)

A, C Instance discrimination, MIM Image, video Multiple

 Gui et al. (2024) M, A, 
Tr

Contrastive, generative, context, 
contrastive-generative

Image, video, text, 
multimodal

Multiple

 Liu et al. (2024c) A, Tr Contrastive, pseudo-label Image, multimodal Medicine
 Rani et al. (2024) A Contrastive, generative, (predictive) Image, multimodal Medicine
 Shwartz Ziv and 
LeCun (2024)

Th Generative, joint-embedding Image General

 Taherdoost (2024) A, I Contrastive, generative, predictive Image, text Medicine
 VanBerlo et al. 
(2024)

A Contrastive, (generative, predictive) Image, video, 
multimodal

Medicine

 Wang et al. (2024b) M, C, 
Tr

Contrastive, generative, 
contrast.-generative

Image, video, text, 
multimodal

General

 Zeng et al. (2024) A Contrastive, generative Image Medicine
 Zhang et al. (2024d) A – Image General
 Zhao et al. (2024) C Contrastive, generative, predictive Image, video, 

text, audio, graph, 
multimodal

Multiple

 Zong et al. (2024) M, A Instance discrimination, clustering, 
masked prediction, hybrid

Multimodal Multiple

 Dong et al. (2025) A, C, 
Tr

– Image Depth

 Hondru et al. (2025) M, C Contrastive/reconstruction MIM Image, video, text, 
audio, multi

General

Khan et al. (2025b) M, C, 
Tr

Contrastive, generative, clustering, 
knowledge distillation, hybrid

Image, multimodal General

 Khan et al. (2025a) M, A Contrastive Multimodal Multiple
 Li et al. (2025) A – Image Medicine
 Martinović et al. 
(2025)

A Contrastive, generative Image, multimodal Medicine

 Pani and Chawla 
(2025)

A, C Contrastive, generative, predictive Image Medicine

 Zhang et al. (2025b) M, A, 
Tr

Contrastive, generative, context, clus-
tering, graph, hybrid

Image, video, audio, 
text, graph

Multiple
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our classification and which ones are distinct. The goal is to generate a better understand-
ing regarding the character of the different paradigms. Hayat et al. (2021) and Khan et al. 
(2025b) only focus on contrastive approaches, while Choi (2024); Dong et al. (2025); Zhang 
et al. (2024d) do not distinguish between different paradigms. The majority, more than half 
of all review papers, distinguishes between contrastive and generative approaches. While 
contrastive approaches learn to distinguish between similar and dissimilar samples, gen-
erative approaches learn to reconstruct or generate data from its latent representation (Liu 
et al. 2024b). More than one quarter of all reviews additionally includes predictive learning, 
which is based on pseudo-labels and includes early SSL pretext tasks such as inpainting, 
rotation or jigsaw. These three paradigms are in accordance with the historical development 
of SSL (Wang et al. 2022a), but due to the decreasing importance of predictive SSL, many 
authors focus on contrastive and generative approaches only (Liu et al. 2021b; Kumar et al. 
2022b; Ozbulak et al. 2023). Still, we include predictive approaches into our consideration 
due to their importance for the development of SSL. Like Al Mamun et al. (2024), we also 
consider hybrid approaches that have become increasingly important in recent years, due 
to the attempt to create synergies and take advantage of complementary strengths  (Zong 
et al. 2024). The categorization of learning paradigms in this paper is discussed in detail in 
Sect. 5.

Chowdhury et al. (2021); Gui et al. (2024); Liu et al. (2023e); Wang et al. (2024b) include 
contrastive-generative learning or adversarial learning, which can also be considered as a 
type of generative or hybrid learning. While clustering-based approaches can be seen as a 
sub-type of CL (e.g. Jaiswal et al. (2020); Liu et al. (2023e), several reviews (Ericsson et al. 
2022a; Huang et al. 2022; Khan et al. 2025b; Ohri and Kumar 2021; Uelwer et al. 2025; 
Zhang et  al. 2025b; Zong et  al. 2024) define it as an independent category. Discrimina-
tive learning (Ozbulak et al. 2023), joint-embedding (Shwartz-Ziv et al. 2022) and instance 
discrimination (Ciocarlan et al. 2024; Ericsson et al. 2022b; Zong et al. 2024) are concepts 
very similar to CL. Uelwer et al. (2025) define two concepts that are normally considered 
to be sub-forms of CL as distinct: information maximization (other authors more often use 
the term feature decorrelation) and teacher-student models (more often referred to as self-
distillation)  (Gui et  al. 2024; Uelwer et  al. 2025). The concept of non-contrastive learn-
ing is based on joint-embedding that does not require contrastive loss elements and only 
depends on positive sample pairs, such as BYOL (Abdulrazzaq et al. 2024; Berg et al. 2022; 
Rani et al. 2023), while most other reviews consider these models as CL without negative 
samples (Gui et al. 2024). (Knowledge) self-distillation requires no negative examples and 
is based on maximizing the similarity between the predictions of a complex teacher and 
a simpler student model  (Huang et al. 2022; Khan et al. 2025b). Other authors consider 
it as a sub-form of CL (e.g. Gui et al. (2024)). The terms auxiliary pretext task (Albelwi 
2022; Rani et al. 2023), context-based SSL (Gui et al. 2024; Xu 2021; Zhang et al. 2025b), 
pixel-to-scalar (Chowdhury et al. 2021), innate relationship (Huang et al. 2023), pseudo-
labeling (Liu et al. 2024c) and transformation prediction (Ericsson et al. 2022b) are used as 
synonyms or similar concepts to predictive SSL. In pixel-to-scalar (Chowdhury et al. 2021), 
a model learns to map the pixels of the input image to a single value or low-dimensional 
vector instead of reconstructing the entire image, such as in rotation or jigsaw. Huang et al. 
(2023) define innate relationship as pretraining with a "hand-crafted task". Similarly, Liu 
et al. (2024c) establish pseudo-labeling, where distinctive regions are automatically identi-
fied to create artificial labels for unlabeled data. In transformation prediction (Ericsson et al. 
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2022b), the input images with a canonical view are first transformed and then a model is 
trained to predict this transformation to learn structural and temporal relationships within 
the data. "Context-based" SSL (Jin et al. 2020) includes tasks based on spatial and temporal 
context structure as well as context similarity. Jin et al. (2020) define "free semantic label-
based methods" with automatically generated labels. According to Jing and Tian (2020), 
cross modal SSL makes use of different types of input data while Zhang et al. (2023c) define 
multi-SSL as methods that combine multiple pretext tasks. Graph-based SSL (Zhang et al. 
2025b) is optimized for graph data.

Instead of generative learning, some publications exclusively/additionally consider 
MIM (Chen et al. 2024b; Ciocarlan et al. 2024) (also named masked prediction (Ericsson 
et al. 2022b; Zong et al. 2024)) as it is the most important type of generative SSL. Hondru 
et al. (2025) furthermore distinguish between reconstruction- and contrastive-based MIM. 
Pixel-to-pixel SSL (Chowdhury et al. 2021) trains an autoencoder to reduce the difference 
between the reconstructed output and the input on a per-pixel basis. Ohri and Kumar (2021) 
distinguish between three generative approaches: "reconstruction from a corrupted or par-
tial image" including denoising autoencoder and image inpainting, "reconstruction from an 
altered view of image" including colorization, Split-Brain and BigBiGAN as well as "image 
generation" based on GAN. Huang et al. (2023) define models like MAE or BEiT as "self-
prediction", where parts of the input are either masked or augmented to train the model how 
to reconstruct missing parts. Consequently, the classification into different paradigms often 
does not differ significantly, as different terms are used for very similar concepts, or subcat-
egories are understood as separate paradigms.

4.2  Multimodal self-supervised learning

Multimodal SSL learns effective representations from unlabeled data across different 
modalities (such as image, video, text or audio) and can make use of one modality to 
provide supervision signal for another  (Bai et  al. 2025; Goyal 2022; Zong et  al. 2024). 
Consequently, it is one of the most relevant trends regarding SSL. Several authors address 
multimodal SSL for specific applications, e.g. medicine (Fedorov et al. 2024), recommenda-
tion systems (Xu et al. 2025), action recognition (Yang et al. 2023d) or remote sensing (Bai 
et al. 2025). Multimodal SSL can improve scalability and generalizability of SSL and learn 
richer representations than unimodal SSL (Deldari et al. 2022; Thapa 2022). As the main 
advantage of SSL is the ability to train with unlabeled data, the concept of multimodal 
training introduces new challenges, as multimodal data differs significantly from uni-modal 
data, on which most SSL paradigms and frameworks are based (Zong et al. 2024). Multi-
modal approaches can be contrastive (Dufumier et al. 2025; Jia et al. 2021; Mi et al. 2024; 
Radford et  al. 2021; Yang et  al. 2023d), include masked modeling methods  (Bachmann 
et al. 2022; Lu et al. 2022; Mizrahi et al. 2023) or are based on clustering, where pseudo-
labels are assigned as supervisory signals for other modalities (Dufumier et al. 2025). Mul-
timodal SSL can be realized by pairing multimodal pretraining with a fusion architecture 
or combining independently pretrained uni-modal models via stitching (Zong et al. 2024). 
Consequently, approaches can be distinguished by the moment of multimodal integration 
as immediate, intermediate or late fusion (Deldari et al. 2022). Immediate integration learns 
representations jointly with unified encoders and is normally more robust regarding missing 
modalities but inefficient regarding retrieval tasks (Deldari et al. 2022; Zong et al. 2024). 
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Intermediate fusion merges the outputs of modality-specific encoders into a unified space, 
which can blur modalities but combines the data on a feature level (Boulahia et al. 2021; Li 
and Tang 2025). Late fusion only merges at the decision level: it is easy to scale but difficult 
to model modality interactions fully, resulting in lower performances regarding downstream 
tasks with complex cross-modal requirements  (Li and Tang 2025; Zong et  al. 2024). If 
individually pretrained uni-modal models are used, they can either be frozen or fine-tuned 
(or anything in between including e.g. partial freezing of chosen layers) (Zhai et al. 2022b). 
Freezing powerful uni-modal encoders can stabilize multimodal models and reduce training 
costs (Li et al. 2023c; Zhai et al. 2022b).

A central research challenge is understanding multimodal interactions and how to learn 
novel, task-relevant information that is not included in any single domain  (Liang et  al. 
2024). Multimodal SSL must cope with perfectly paired, weakly paired, and unpaired data, 
regimes requiring different learning objectives and architectures (Zong et al. 2024). Treat-
ing every modality as an individual view can result in learning shared representations via 
contrastive objectives which only include redundant cross-modal information  (Dufumier 
et al. 2025). Instead, CoMM aligns "multimodal representations by maximizing the mutual 
information between augmented versions of these multimodal features" to model interac-
tions "beyond redundancy"  (Dufumier et al. 2025). ImageBind demonstrates that image-
paired data is sufficient to bind six different modalities together (Girdhar et al. 2023). CLIP 
applies CL on image-text pairs for representation learning using web-scale and noisy data 
and has been one of the most influential and prototypical multimodal models (Radford et al. 
2021; Wei et al. 2023a). Pre-trained CLIP models have been utilized as teachers to supervise 
other models due to the strength of their visual representation (Girdhar et al. 2023; Liu et al. 
2023f; Peng et al. 2022; Wei et al. 2022b) and as a tokenizer for many MIM models (Dong 
et al. 2023b; Fang et al. 2023b; Wei et al. 2022c; Yang et al. 2023a; Zhang et al. 2023a). 
Tokenizer design is a fundamental for MIM (Du et al. 2024), using CLIP extends MIM to 
multimodal semantics and allows to use "the text space as target space for the reconstruction 
objective" (Hondru et al. 2025). Multimodal MIM can profit from converting all modalities 
into discrete tokens instead of using modality-specific nuances (Mizrahi et al. 2023) and 
mulit-modal masking strategies (Bachmann et al. 2022; Mizrahi et al. 2023). Using pseudo-
labels is furthermore one strategy to make frameworks widely applicable and multimodal 
models seem to increase transferability when being trained with all modalities (Bachmann 
et al. 2022; Mensink et al. 2022). According to Girdhar et al. (2023), many aspects, such as 
data augmentation strategy and strength or batch size, are domain-specific in multimodal 
SSL. Likewise, the choice of pretext objective is crucial and "interacts with fusion and 
data alignment, shaping what information is captured across modalities" (Zong et al. 2024). 
Being a rather recent approach, there is a considerable amount of research needed regarding 
design choices specific to multimodal SSL. For design choices that have been researched, 
the findings are discussed in the respective chapters (see Sect. 10.1, 10.4 and 11.3).

4.3  Large model pretraining

SSL is particularly attractive for large-scale pretraining because it removes the need for 
ground-truth labels, enabling training on massive, diverse datasets and high-capacity archi-
tectures  (Campanella et  al. 2025, 2024; Chen et  al. 2024b; Xiao 2024). Recently, large 
model pretraining has e.g. been applied to pathology (Campanella et al. 2024, 2025), diag-
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nostics (Tayebi Arasteh et al. 2024), person re-identification (Hu et al. 2025) and image seg-
mentation (Kirillov et al. 2023). Furthermore, the use of ViT is increasingly common in the 
context of SSL (Khan et al. 2025b). Such transformer architectures perform better with large 
datasets and models (Goldblum et al. 2023). The combination of SSL and deep networks is 
essential for the rise of foundation models, that can be adapted to tasks similar to the one 
they have originally been trained on and are predominantly multimodal (Awais et al. 2025; 
Bommasani 2023). According to Awais et al. (2025), vision foundation models can be dis-
tinguished into textually prompted (e.g. CLIP (Radford et al. 2021), MaskCLIP (Dong et al. 
2023b), EVA (Fang et al. 2023b)), visually prompted (e.g. SAM (Kirillov et al. 2023)) and 
other models (e.g. ImageBind (Girdhar et al. 2023)). Scaling up SSL is especially attractive 
for the pretext task, as this can improve pretext feature quality and generalization (El-Nouby 
et al. 2021; Hu et al. 2025; Khan et al. 2025b; Rani et al. 2023). Downstream performance 
mostly increases when scaling up model capacity and the gains due to larger pretraining 
datasets seem to increase with model size  (Azizi et  al. 2021; Singh et  al. 2023). Bigger 
models also perform better given few labeled downstream samples and fine-tuning (Chen 
et al. 2020c) and are robust regarding distribution shifts (Azizi et al. 2021). At the same 
time, larger datasets often require more complex pretext tasks (Chen et al. 2024b). Initializa-
tion seems to be of considerable importance for large-scale pretraining, so self-supervised 
pre-pretraining can be useful (Singh et al. 2023). Also, specific data augmentation strate-
gies should be designed for large-scale datasets  (Dosovitskiy et al. 2020; Zhang and Ma 
2022). Limits of large model pretraining are the enormous computational resources and 
datasets required, also taking into consideration that computational costs grow faster than 
performance (Fernandez et al. 2025). Therefore, designing more efficient self-supervised 
pretraining tasks is important. Also, domain shifts from pretraining to the downstream task 
remain an issue (see Sect. 8.4), although it is more likely that useful representations are 
learned from large pretrained networks that have been trained with diverse data  (Lavoie 
et al. 2025). Consequently, large model pretraining does not only require large datasets and 
large model capacities, but also many other design choices have to be in accordance. The 
topic is addressed in more detail in Sect. 7 (focus on network size) and Sect. 8.3 (focus on 
dataset size). Also, in-domain pretraining of SSL in low-data regimes (50k-300k images) 
can outperform large-scale pretraining  (Konstantakos et al. 2025), which is addressed in 
Sect. 8.4.

5  Self-supervised learning paradigms

While all SSL approaches share the idea of a pretext task that can extract semantically 
meaningful visual information for the downstream task, there are three major types with 
distinct learning paradigms: predictive, contrastive and generative SSL  (Shurrab and 
Duwairi 2022; Wu et al. 2023; Wang et al. 2022a; Xie et al. 2023c; Yu et al. 2024). An 
overview of the three paradigms and their main differences can be found in Fig. 3. The first 
approaches to SSL were mostly predictive: self-supervision signals were generated from the 
data itself by predicting mostly geometric transformations such as Relative Position (Rel. 
Position) (Doersch et al. 2015), Rotation (Gidaris et al. 2018), or Jigsaw puzzle (Noroozi 
and Favaro 2016). Thereby, these approaches learn the visual structure as well as the con-
textual semantics and generate pseudo-labels which enable supervised pretraining (Wang 
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et al. 2023a). Since 2020, contrastive SSL has made considerable progress with models such 
as SimCLR, BYOL or MoCo (Jaiswal et al. 2020). Data augmentation plays a key role to 
generate multiple views which can be contrasted (Huang et al. 2024b). While positive views 
originate from the same instance, negative views are derived from other instances. The pri-
mary objective is to learn similarities and dissimilarities between the data by optimizing the 
contrastive loss (Chen et al. 2020b). The need for negative samples also results in high com-
putational costs as pairwise comparisons is required, so several methods without negative 
samples have been developed, often employing architectural innovations (e.g. asymmetry 
and predictor networks)  (Tendle and Hasan 2021; Tian et al. 2020a). Until the combina-
tion of ViT with masked image modeling (MIM) in 2021 (Bao et al. 2021), contrastive SSL 
overshadowed generative approaches due its superior performance (Li et al. 2024a). MIM 
masks and reconstructs patches of the input data and thereby learns intra-data information 
by comparing their solution with the original  (He et  al. 2022; Marks et  al. 2025). They 
focus more on details than contrastive SSL (Liu et al. 2023e; Park et al. 2023; Wu et al. 
2023). Recently, hybrid approaches emerged to combine the advantages of two or more 
paradigms (Wang et al. 2024c).

5.1  Predictive methods

By transforming the pretraining data, predictive models generate pseudo-labels as supervi-
sion signals based on the intrinsic data structure (Ericsson et al. 2022b; Yu et al. 2024; Wu 
et  al. 2023). Even comparably simple transformations can result in robust and effective 
pretext representations (Shurrab and Duwairi 2022). The pseudo-labels are predicted in the 
pretext task typically using a classification or regressing problem, striving to learn features 
useful for the downstream task (Kwasigroch et al. 2020; Shurrab and Duwairi 2022; Wu 
et al. 2023; Wang et al. 2022a). The extracted contextual information depends highly on 
the pretext task design (Wang et al. 2022a). Typical predictive tasks include (Shurrab and 

Fig. 3  Schematic comparison of predictive, contrastive and generative SSL based on Liu et al. (2023e) 
and Wu et al. (2023). Predictive SSL relies on pseudo-labels, contrastive SSL on contrasting views and 
generative SSL on masking and reconstruction
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Duwairi 2022; Zhang et al. 2023c): Relative Position (Rel. Position) (Doersch et al. 2015), 
Jigsaw (Noroozi and Favaro 2016), Rotation (Feng et al. 2019; Gidaris et al. 2018; Imran 
et  al. 2018), Exemplar  (Dosovitskiy et  al. 2015), Relative Patch Location (RPL)  (Taleb 
et al. 2000), Rubik’s cube+ (RC+) (Zhu et al. 2020) and Superpixel-based pseudo-labels 
(SPL) (Ouyang et al. 2020). See Table 5 for more examples. Pretext task design is mostly 
hand-crafted and requires specific domain or expert knowledge about the data struc-
ture  (Albelwi 2022; Jaiswal et al. 2020; Shurrab and Duwairi 2022). While having been 
vastly outperformed by contrastive and generative methods  (Chen et  al. 2020a, b; Grill 
et al. 2020; Tian et al. 2020a, b; Wang et al. 2023a), predictive SSL is good at focusing 
on the object of interest (Zhang et al. 2023c) and still applied in medical imaging (Anton 
et al. 2022; Park and Ryu 2024; Shurrab and Duwairi 2022; Wang et al. 2023a; Zhang et al. 
2023c).

5.2  Contrastive methods

Contrastive SSL, also known as contrastive learning (CL), encourages learning represen-
tations that can discriminate between different categories by grouping similar samples 
closer and dissimilar ones further apart (Babaev et al. 2022; Park et al. 2023; Tendle and 
Hasan 2021). Consequently, inter-class separability and intra-class compactness can be 
achieved (Wang et al. 2023a). Positive samples are generated by transforming the original 
data via data augmentation techniques, all other original samples from the batch or whole 
dataset are considered as negative samples  (Falcon and Cho 2020; Huang et  al. 2024b; 
Jaiswal et  al. 2020; Ozbulak et  al. 2023). Consequently, positive–negative pairs are not 
created explicitly from the ground-truth target data but implicitly by data augmentation 
and sampling (Falcon and Cho 2020; Wang and Qi 2023). The use of negative views sta-
bilizes training, but requires large memory resources and complex queuing systems (Chen 
et al. 2020b; He et al. 2020; Liu et al. 2022a). Approaches without negative views are more 
efficient, but can result in trivial solutions, meaning that the training data is mapped into 
a single point (Liu et al. 2022a) or few points (Zhang et al. 2024e) in the feature space, a 
"shrinkage of the embedding vectors toward zero" (Gui et al. 2024), to the same constant 

Table 5  Overview of important predictive models, including the name of the predictive method (Method), 
whether multiple or one single pretext task is used (Multiple) and a description of the respective pretext tasks 
(Pretext Task). Exemplar applies the listed transformations on patch level
Method Multiple Pretext task
CDJP (Kim et al. 2018) Multiple Jigsaw, inpainting, colorization
Colorization (Zhang et al. 2016) Single Colorization
Exemplar (Dosovitskiy et al. 2015) Multiple Translation, scale, rotation, contrast, color
Inpainting (Pathak et al. 2016) Single Inpainting (context encoder)
Jigsaw (Noroozi and Favaro 2016) Single Jigsaw puzzle
Models Genesis (Zhou et al. 2019a) Multiple Non-linear, local-shuffle, out-/inpainting
MTL (Zhang et al. 2024b) Multiple Relative location, orientation regression
SPL (Ouyang et al. 2020) Single Superpixel pseudo-labels
RC+ (Zhu et al. 2020) Multiple Cube ordering, rotation, masking
Rotation (Gidaris et al. 2018) Single Rotation
RPL (Taleb et al. 2000) Single Relative 3D patch location
Rel. position (Doersch et al. 2015) Single Predicting relative positions
OE (Poursaeed et al. 2020) Single 3D rotation
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vector or a small subspace (Giakoumoglou et al. 2025). Consequently, no useful informa-
tion can be learned from the data  (Giakoumoglou et  al. 2025). Contrastive methods can 
hence suffer from complete representation or dimensional collapse (Giakoumoglou et al. 
2025; Jing et al. 2021) and require additional collapse-preventing mechanisms, such as an 
extra predictor, stop-gradient, additional clustering or decorrelation (Jing et al. 2021; Liu 
et al. 2022a; Zhang et al. 2024e).

Following the encoding of the views, a projector maps the input space into the embed-
ding space where contrastive loss is applied in order to measure the closeness of two embed-
dings (Assran et al. 2023; Balestriero et al. 2023). The contrastive loss is a key component 
of CL and enables "the model to learn the difference between similar instances and the simi-
larity between dissimilar instances" (Hu et al. 2024b; Wang and Liu 2021). Noise Contras-
tive Estimation (NCE) loss (Gutmann and Hyvärinen 2010) and InfoNCE loss (Oord et al. 
2018) are the most common contrastive loss options (Hu et al. 2024b). NCE loss is similar 
to softmax but distinguishes between true data and negative samples to avoid conservative 
predictions given a large number of categories (Hu et al. 2024b). NCE assumes that nega-
tives (which are also referred to as noise) are independent from the positive anchor sam-
ple (Uelwer et al. 2025). InfoNCE is the most common contrastive loss and an optimization 
of NCE which maximizes Mutual Information (MI) between positive pairs and minimizes 
MI between negative pairs (Hu et al. 2024b). Several variations of InfoNCE furthermore 
have been developed over time, e.g. NT-Xent by SimCLR which includes temperature scal-
ing (Chen et al. 2020b; Khan et al. 2025b). Other contrastive losses are ProtoNCE (Li et al. 
2021e), Nearest Neighbour Contrastive Learning loss (NNCLR)  (Dwibedi et  al. 2021), 
Contrastive AUC  (Sharma et  al. 2023), Adversarial Contrastive Loss (AdCo)  (Hu et  al. 
2021), Augmentation Robust loss (AR) (Zhao et al. 2023) or alignment loss (Align) (Lavoie 
et  al. 2025). The most commonly used non-contrastive loss functions are mean squared 
error (MSE), which is both influenced by positive and negative samples, and cross-entropy 
loss (CE), which can measure the difference between the predicted and the real distribution 
and is very common for classification problems (Lavoie et al. 2025). Alternatives are logis-
tic loss, negative cosine similarity (NCS), Barlow Twin loss (BTL) (Zbontar et al. 2021), 
MixUp regularization loss (MixUp) (Bandara et al. 2023), Variance-invariance-covariance 
loss (VIC) (Bardes et al. 2021), Location-based and feature-based loss (LF) (Bardes et al. 
2022), Centroid loss (Centroid) (Estepa et  al. 2023), Redundancy Reduction loss (RR) 
derived from Barlow Twins (BT) (Bandara et al. 2023) and Faster R-CNN loss (Benigmim 
et al. 2024).

CL is very successful in CV with discriminative downstream tasks (Lee et al. 2022a; Liu 
et al. 2023e; Ozbulak et al. 2023; Tendle and Hasan 2021) due to the alignment of features 
from positive pairs, the distribution uniformity on the feature-hyper-sphere (Wang and Isola 
2022), the divergence of class centers and the concentration of augmented data (Huang et al. 
2021). Different subtypes vary in loss function, architecture, the generation of positive as 
well as negative views (Wang et al. 2023a) and can be classified into approaches with nega-
tive samples, cluster discrimination, self-distillation and feature decorrelation (Balestriero 
et al. 2023; Jaiswal et al. 2020; Ozbulak et al. 2023; Wang et al. 2023a, 2022a). Figure 4 
illustrates those subtypes and the following sections explain them in detail. Table 6 presents 
an overview of important CL models.
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5.2.1  Contrastive methods with negative samples

CL with negative samples is based on instance-discrimination as pretext task, where each 
data sample is considered as an independent instance and distinct views of one sample 
are generated via data augmentation  (Gui et  al. 2024; Hu et  al. 2024b). By distinguish-
ing instances without relying on semantic categories, the model learns similarities among 
instances instead of classes (Hu et al. 2024b). As every instance is treated as a discrete class, 
the model is very generalizable (Chen et al. 2020c; Jaiswal et al. 2020; Tendle and Hasan 
2021). Including negative samples facilitates to discern the feature similarities within the 
positive views by systematically distancing the positive pairs from the negative samples 
within the embedding space (Chen et al. 2020b; He et al. 2020). Harder samples are gener-
ally beneficial, as they increase the difficulty of the pretext task (Dong et al. 2024). CL with 
negative samples can be divided according to the respective strategy for collecting negative 
samples (Jaiswal et al. 2020). End-to-end approaches, such as SimCLR, individually end-

Fig. 4  Schematic comparison of the different types of contrastive SSL inspired by Wang et al. (2022a) 
and Jaiswal et al. (2020). Methods with negative samples can be distinguished by the different types of 
encoders they employ. Cluster discrimination relies on cluster prediction, some including prototypes. 
Self-distillation and feature decorrelation models typically use an asymmetric teacher-student structure. 
Self-distillation approaches can furthermore include predictors and stop gradient
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to-end update a query encoder (trained on the original) and a key encoder (trained on the 
positive and negative views), aiming to make positive samples more similar and negative 
ones more dissimilar from the original (Chen et al. 2020b; Jaiswal et al. 2020). For these 
models, the batch size is of great importance, as it controls the amount of available nega-
tive samples and mitigates optimization errors (Chen et al. 2021c, 2022e; Hu et al. 2024b). 

Table 6  Overview of CL models including type, properties and loss function. Clustering (C) is either offline 
or online, while Self-Classifier uses a single-stage approach. Prototypes group similar instances or features 
to avoid pairwise comparison. Negative samples (N) are managed with memory banks, Nearest Neighbor 
(kNN), batches or momentum encoders or include adversarial samples (Adv). Self-distillation (SD) relies on 
Student/Teacher or Siamese architectures. Feature decorrelation (FD) is based on redundancy reduction or 
variance-invariance-covariance regularization
Method Type Properties Loss
CoKe (Qian et al. 2022) C Online Softmax, CE
DC (Caron et al. 2018) C Offline Logistic
DC-v2 (Caron et al. 2021a) C Offline Logistic
PCL/PCL-v2 (Li et al. 2021e) C Offline, Prototype InfoNCE, ProtoNCE
Self-Classifier (Amrani et al. 2022) C Single-Stage CE
SwAV (Caron et al. 2021a) C Online, Prototype CE
GC (Wang et al. 2024a) C, SD Student/Teacher InfoNCE, CE
BT (Zbontar et al. 2021) FD Redundancy BTL
Mixed BT (Bandara et al. 2023) FD Redundancy BTL, MixUp
VICReg (Bardes et al. 2021) FD Variance VIC
VicRegL (Bardes et al. 2022) FD Variance VIC, LF
All4One (Estepa et al. 2023) FD Redundancy NNCLR, Centroid, RR
AUC-CL (Sharma et al. 2023) N Batch Contrastive AUC
SimCL (Yang et al. 2022) N Batch InfoNCE
SimCLR (Chen et al. 2020b) N Batch InfoNCE
SimCo (Zhang et al. 2022a) N Batch Hardness-aware InfoNCE
DnC (Tian et al. 2021) N Batch InfoNCE
MoCLR (Tian et al. 2021) N, SD Batch InfoNCE
AdCo (Hu et al. 2021) N Memory bank, Adv AdCo
CaCo (Wang et al. 2023e) N Memory bank, Adv InfoNCE
NNCLR (Dwibedi et al. 2021) N Memory bank, kNN NNCLR
InstDisc (Wu et al. 2018) N Memory bank NCE
MoBY (Xie et al. 2021a) N Memory bank InfoNCE
PIRL (Misra and Maaten 2020) N Memory bank InfoNCE
SimCLR-v2 (Chen et al. 2020c) N Memory bank InfoNCE
ArCL-MoCo (Zhao et al. 2023) N Memory bank AR
Mugs (Zhou et al. 2022c) N Memory buffer InfoNCE, CE
MoCo (He et al. 2020) N Momentum encoder InfoNCE
MoCo-v2 (Chen et al. 2020a) N Momentum encoder InfoNCE
MoCo-v3 (Chen et al. 2021c) N Momentum encoder InfoNCE
BYOL (Grill et al. 2020) SD Student/Teacher MSE
DINO (Caron et al. 2021b) SD Student/Teacher Softmax, CE
DINO-MC (Wanyan et al. 2024) SD Student/Teacher Softmax, CE
DINO-v2 (Oquab et al. 2024) SD Student/Teacher Softmax, CE
DT (Lavoie et al. 2025) SD Student/Teacher Faster R-CNN, Align
SimSiam (Chen and He 2021) SD Siamese NCS
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Instead of scaling up the batch size, memory banks can act as separate dictionaries keeping 
a large number of feature representations of negative samples  (Jaiswal et  al. 2020), like 
PIRL (Misra and Maaten 2020). The computational effort of maintaining the memory bank 
is a considerable disadvantage (Chen et al. 2020b). Momentum encoders include a queue 
of encoded negative samples consisting of the current mini-batch and the oldest dequeued 
mini-batch  (He et  al. 2020; Jaiswal et  al. 2020; Liu et  al. 2023e). The most prominent 
example is MoCo (He et al. 2020). While instance-discrimination-based approaches with 
negative samples prevent network collapse by using negative samples, they can suffer from 
representation dimension collapse (Jing et al. 2021; Hua et al. 2021). Models with negative 
samples come with high computational costs as pairwise comparison is required (Tendle 
and Hasan 2021).

5.2.2  Contrastive methods with cluster discrimination

Clustering-based approaches learn by distinguishing between samples having been assigned 
to different clusters in the embedding space (Tendle and Hasan 2021). First, the encoded 
representations are clustered, then the clustering is predicted  (Zong et  al. 2024). These 
assignments can act as supervision signals (Zong et al. 2024). Cluster centers can be used 
as proxies for both negative and positive samples, which solves the issue of using negative 
samples which are semantically too similar to positives (Hu et al. 2024b; Li et al. 2021e). 
Cluster discrimination in general maximizes "the entropy of the average embedding" (Ass-
ran et al. 2023). DeepCluster (Caron et al. 2018) e.g. makes use of k-means clustering to 
generate discriminable pseudo-labels, SwaV (Caron et al. 2021b) learns features by swap-
ping assignments between positive views and PCL (Li et al. 2021e) employs prototypes (Gui 
et al. 2024). Some models have to deal with general clustering challenges, e.g. determining 
the right cluster number, the domination of large clusters, offline training, trivial solutions or 
simultaneous feature learning (Ozbulak et al. 2023; Wang et al. 2023a).

5.2.3  Contrastive methods with self-distillation

Self-distillation models are designed to work without negative samples by maximizing the 
similarities between two positive views (Gui et al. 2024). Important self-distillation models 
are BYOL (Grill et al. 2020), SimSiam (Chen and He 2021), FastSiam (Pototzky et al. 2022), 
DINO (Caron et al. 2021b), and DINO-v2 (Oquab et al. 2024). The architecture includes a 
teacher and a student network with either an asymmetric learning role or architecture (e.g. 
asymmetric siamese architectures) to allow KT between the networks without needing neg-
ative samples (Wang et al. 2022a). The pretrained, frozen teacher network is both larger and 
more powerful and transfers its knowledge to the smaller student network (Giakoumoglou 
et al. 2025). The student is trained by predicting the representation of the teacher (Grill et al. 
2020; Liu et al. 2022a; Ozbulak et al. 2023). The views are inserted into the different encoders 
and mapped to each other using a predictor (Balestriero et al. 2023). Self-distillation meth-
ods can be distinguished by their strategy to prevent model collapse (Balestriero et al. 2023). 
An additional predictor after the student and stop gradient operations of the teacher help, but 
the latter is significantly more important (Chen and He 2021; Richemond et al. 2023). Stop 
gradient is integrated into the teacher network and enables asymmetric learning by restrict-
ing gradient flow to the student network, so that the teacher is not affect by the student’s 
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predictions (Jang et al. 2023; Ong et al. 2025). This separation improves training stability as 
interference between the two sub-networks is significantly reduced, thereby avoiding col-
lapses due to trivial solutions (Giakoumoglou et al. 2025). Some self-distillation approaches 
(e.g. BYOL, SimSiam, FastSiam) also integrate a predictor on the student branch to ensure 
asymmetry, which helps the student network to lean more information and makes collapsed 
solutions less likely (Grill et al. 2020). BYOL’s linear predictor acts as an "an approximate 
orthogonal projection as well as a spectral expansion operator" (Richemond et al. 2023). It 
fosters a "decorrelation of linear encoder features" (Richemond et al. 2023) and "implicit 
variance regularization" (Srinath Halvagal et al. 2023). Predictors can augment the covari-
ance of the features and prevent collapse (Richemond et al. 2023).

5.2.4  Contrastive methods with feature decorrelation

Maximizing the information of decorrelated embeddings is a successful approach neither 
requiring negative samples nor asymmetric architectures  (Ozbulak et  al. 2023; Zbontar 
et al. 2021). The main idea is that the output feature dimensions of the model are uncor-
related (Maitra et al. 2025). According to information theory, learning decorrelated features 
fosters good representations (Gui et al. 2024; Zbontar et al. 2021). The methods aims to 
identify the relationship between two variables by studying their cross-covariance matri-
ces (Balestriero et al. 2023). After the encoder, the so called expander projects the repre-
sentations into the embedding space (Bardes et al. 2021). Bardes et al. (2021) use the term 
"expander" instead of projector due to the increase of representation dimensionality. Its 
purpose is removing information that distinguish the representations of the two branches 
and non-linearly increasing the representation dimensionality to ensure that decorrelat-
ing the embedding variables can reduce the dependencies (Bardes et al. 2021). Collapse 
can be prevented by innovative loss functions as feature deccorlation reduces dimensional 
collapse (Hua et al. 2021; Ozbulak et al. 2023). Consequently, the models can be distin-
guished according to these loss functions. Important examples for feature decorrelation are 
BT (Zbontar et al. 2021), VicReg (Bardes et al. 2021) or VicRegL (Bardes et al. 2022).

5.3  Generative methods

Generative approaches are based on intra-data information  (Liu et  al. 2021b) and learn 
appropriate distributions according to the data in the pixel space  (Ozbulak et  al. 2023). 
The key idea is that a representation which enables a high-quality reconstruction of the 
input distribution includes the required categorical information to discriminate between 
samples  (Tendle and Hasan 2021). Generative models are trained to learn latent fea-
tures (Shurrab and Duwairi 2022) and can "recover the original data distribution without 
assumptions for downstream tasks", which makes them useful in a wide range of down-
stream applications (Liu et al. 2023e) and mostly data-agnostic (Kong and Zhang 2023). 
Still, a highly detailed reconstruction is not necessarily beneficial regarding downstream 
performance (Newell and Deng 2020). Generative SSL can be computationally expensive, 
sensitive to outliers and tends to focus on low-level, locally biased features (Li et al. 2024a; 
Liu et al. 2023e; Ozbulak et al. 2023; Xie et al. 2023a; Zhang et al. 2023e). The most impor-
tant generative approaches are Generative Adversarial Networks (GAN), diffusion models, 
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MIM or combinations. MIM is dominant for discriminative downstream tasks. An overview 
of important models is presented in Table 7, a detailed categorization in Fig. 5.

5.3.1  Generative adversarial networks

GANs are based on adversarial learning, which can be understood as a combination of 
generative and contrastive learning and is a good choice for implicit distributions (Liu et al. 
2021b). GANs can either generate images using the complete input or recover with partial 
input (Liu et al. 2023e). The latter option is preceded by a predictive pretext tasks (such as 
rotation (Chen et al. 2019b), jigsaw (Baykal and Unal 2020; Baykal et al. 2022)), coloriza-
tion (Treneska et al. 2022) or inpainting (Zhou et al. 2023d), rendering these models more 
similar to MIM (Liu et al. 2023e). While the encoder projects the input into a latent space, 
the decoder re-projects the latent features into the original space, striving to reconstruct 
the original data  (Goodfellow et al. 2020; Schiappa et al. 2022). Finally, a discriminator 
is trained to distinguish the generated version from the original (Goodfellow et al. 2020; 
Schiappa et al. 2022). The application of ViT backbones (Yu et al. 2022; Zhang et al. 2024c; 
Zhou et al. 2023b), self-labeling (Lučić et al. 2019), label-augmentation (Hou et al. 2021) 
and better downstream transferability  (Donahue et  al. 2016) have further improved self-
supervised GANs (Ozbulak et al. 2023). Still, problems such as mode collapse, low perfor-
mance in discrete settings, a lack of backbone architecture variability and scalability issues 
have so far prevented a breakthrough of GANs for SSL (Liu et al. 2023e; Ozbulak et al. 
2023).

5.3.2  Diffusion models

Diffusion models are highly successful likelihood-based generative models that outper-
form GANs on image synthesis (Ayromlou et al. 2025; Dhariwal and Nichol 2021; Li et al. 
2023a). These models apply the re-weighted variational lower-bound as their training target, 
which enables them to learn how to transform an image into noise and vice versa (Ayromlou 
et al. 2025; Ho et al. 2020). Due to their long training times, they are usually not used for 
discriminative tasks (Yamaguchi and Fukuda 2023), which is why they are excluded from 
our considerations.

5.3.3  Masked image modeling

Recent generative methods for discriminative tasks are mostly based on MIM (Hondru et al. 
2025; Ozbulak et al. 2023). The modeling goal is to deduce a latent variable that represents 
the common information between visible and invisible patches of an image, using only the 
visible ones (Kong et al. 2023). Reconstruction should not increase complexity to a degree 
which is unnecessary for categorization (Tendle and Hasan 2021), so MIM is most suitable 
for applications where detailed knowledge (Krishnan et al. 2022) and low-level abstraction 
is required (Liu et al. 2023e). BEiT was the first self-supervised MIM approach that showed 
a better downstream performance than state-of-the-art CL methods (Zhang et al. 2023e). In 
general, the performance of MIM has approached or even exceeded that of CL (Bao et al. 
2021; Chen et al. 2020d, 2024a; Hou et al. 2022; Li et al. 2024a; Oquab et al. 2024; Woo 
et al. 2023). Pretrained tokenizers (Zhou et al. 2022b) and knowledge distillation from pre-
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Method Type AR/AE RT Mask
A2MIM (Li et al. 2023d) MIM AE F Random
AIM (El-Nouby et al. 2024) MIM AR T Raster
AutoMAE (Chen et al. 2023b) MIM AE P Advers
BeiT (Bao et al. 2021) MIM AE T Random
BeiT-v2 (Peng et al. 2022) MIM AE T Random
BeiT-v3 (Wang et al. 2022b) MIM AE T Random
BIM (Luo et al. 2023) MIM AE F Block
BootMAE (Dong et al. 2022) MIM AE C Block
CAE (Chen et al. 2024a) MIM AE F Random
CAE-v2 (Zhang et al. 2023a) MIM AE F Random
CIM (Fang et al. 2022) MIM AE T Random
DAGMaN (Jiang et al. 2025) MIM AE F Attention
data2vec (Baevski et al. 2022) MIM AE F Random
data2vec-v2 (Baevski et al. 2023) MIM AE F Multi
DeepMIM (Ren et al. 2025) MIM AE H Random
DILEMMA (Sameni et al. 2023) MIM AE F Random
DMJD (Ma et al. 2024) MIM AE F Disjoint
DropPos (Wang et al. 2023c) MIM AE F Random
EMAE (Li et al. 2024b) MIM AE P Parallel
EVA (Fang et al. 2023b) MIM AE F Block
FastMIM (Guo et al. 2022) MIM AE F Random
Ge2AE (Liu et al. 2023b) MIM AR F Random
HPM (Wang et al. 2023f) MIM AE F Hard
Img2vec (Pan et al. 2023b) MIM AE F Random
iBot (Zhou et al. 2022b) MIM AE T Random
iGPT (Chen et al. 2020d) MIM AR P AR
MAE (He et al. 2022) MIM AE P Random
MaPeT (Baraldi et al. 2023) MIM AR/AE T Random
MaskAlign (Xue et al. 2023) MIM AE – Attention
MaskFeat (Wei et al. 2022a) MIM AE F Random
MaskGIT (Chang et al. 2022) MIM AR T Random
mc-BeiT (Li et al. 2022b) MIM AE T Random
MILAN (Hou et al. 2022) MIM AE F Attention
MIRAM (Vo et al. 2025) MIM AE F Multiscale
M-MAE (Tan et al. 2024) MIM AE P Random
MR-MAE (Gao et al. 2024) MIM AE C Random
MSG-MAE (Tukra et al. 2023) MIM AE F Random
MSN (Assran et al. 2022b) MIM AE F Random
MVMAE (Ji et al. 2023) MIM AE F Random
PCAE (Li et al. 2022e) MIM AE T Random
PeCo (Dong et al. 2023a) MIM AE T Random
PixMIM (Liu et al. 2023d) MIM AE F Simple
RandSAC (Hua et al. 2022) MIM AR T Random
RC-MAE (Lee et al. 2022b) MIM AE P Random

Table 7  Overview of generative SSL methods by type: MIM, combinations of MIM and GAN (M+G), GAN, 
diffusion models (Diff) or combinations of diffusion model and MIM (D+M). Most approaches are based on 
autoregression (AR) or autoencoders (AE). MIM uses features (F), Tokenizer (T), Pixels (P) or a Combina-
tion (C) as reconstruction target (RT). DeepMIM uses a hybrid (H) approach which is applicable to various 
RT. The most common masking strategy (Mask) is random masking
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Fig. 5  Overview of different types of generative SSL including diffusion models, MIM and GAN. MIM 
can be either based on AR or AE methods, while GAN approaches can be characterized by their use of a 
GAN tokenizer, complete input or partial recovery. Mixed approaches exist. Specific examples of models 
are highlighted in blue

 

Method Type AR/AE RT Mask
SdAE (Chen et al. 2022c) MIM AE F Random
SiameseIM (Tao et al. 2023) MIM AE F Random
SimMIM (Xie et al. 2022b) MIM AE P Random
SMIT (Jiang et al. 2022b) MIM AE C Random
SparK (Tian et al. 2023) MIM AE P Random
SplitMask (El-Nouby et al. 2021) MIM AE T Random
TinyMIM (Ren et al. 2023) MIM AE F Random
UMMAE (Li et al. 2022d) MIM AE P Uniform
LVM (Bai et al. 2024) M+G AR T AR
MAGE (Li et al. 2023a) M+G AR/AE T Random
SeiT++ (Lee et al. 2024) M+G AE T Token
GAN-MAE (Fei et al. 2023) G+M AE P Random
BiGAN (Donahue et al. 2016) GAN – – –
BigBiGAN (Donahue and Simonyan 2019) GAN – – –
SRGAN (Ledig et al. 2017) GAN – – –
DALLE-3 (Betker et al. 2023) Diff – – –
StableDiffusion (Rombach et al. 2022) Diff – – –
DiffMAE (Wei et al. 2023b) D+M AE C Random

Table 7  (continued) 
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trained checkpoints (Liu et al. 2023f) helped to bridge the gap between MIM and contrastive 
LP accuracy (Yao et al. 2022). The success of MIM is directly linked to the development 
of ViT due to their architectural compatibility regarding masking and reconstruction (Xie 
et al. 2023a). ViT segments images into patches and thus aligns well with the requirements 
of MIM regarding masking and predicting parts of the input, enabling a seamless integra-
tion of the two approaches (Ozbulak et al. 2023; Zhou et al. 2022b). In contrast to language, 
images have no inherent tokenizer structure, and pixel-based reconstruction can lead to 
redundancy and dimensional problems (Li et al. 2024a). In combination with ViT, MIM can 
train on tokens created from images patches (Ozbulak et al. 2023; Wu et al. 2020). MIM 
tends to focus on low-level, locally biased features, while ViT use large receptive fields 
and prioritize global information, consequently the combination boosted generative SSL (Li 
et al. 2024a; Xie et al. 2023a; Zhang et al. 2023e). Latent MIM with masked reconstruc-
tion in latent space could be one possibility to combine the locality of MIM with high-level 
targets (Wei et al. 2024a). In contrast, CL rather emphasizes high-level features with seman-
tic content and consequently works well with CNNs, which are characterized by a local 
bias (Li et al. 2024a; Yao et al. 2022). Combining MIM and CNN results in sub-optimal 
coupling of local bias (Li et al. 2024a).

Most MIM approaches are either based on auto-regressive (AR) or auto-encoder (AE) 
models (Li et al. 2024a). AR models contain a sequence of regressions, where each pre-
diction depends on previous inputs or outputs (Li et al. 2024a). AE approaches dominate 
MIM due to their lower self-attention complexity combined with high performance  (Li 
et al. 2024b). They learn by reconstructing the corrupted input, either using denoising AE or 
masked AE (He et al. 2022). Most MIM models furthermore apply a masking strategy and 
a reconstruction target (RT) (Li et al. 2024a).

5.4  Hybrid methods

MIM and CL have many opposing but potentially complementary properties. While CL is 
shape-oriented, MIM is more texture-oriented (Park et al. 2023). Contrastive approaches are 
very good at focusing on important objects (Lehner et al. 2024), but require vast amounts 
of training data and are prone to overfitting (Gui et al. 2024). In contrast, pixel-level recon-
struction in MIM can avoid patch prediction overfitting (Li et al. 2021a). MIM is more suit-
able for early layers, while CL can focus on deeper ones (Park et al. 2023). MIM achieves 
a high degree of detail knowledge (Krishnan et al. 2022; Liu et al. 2023e; Wei et al. 2024a), 
in turn CL is better at learning high-level semantics (Li et al. 2024a; Yao et al. 2022). CL 
is better at capturing longer-range global patterns in contrast to MIM (Park et al. 2023). 
Contrastive objectives foster linear separability of learned representations, but can lead to 
self-attention collapsing into homogeneity for ViT backbones, which in turn decreases scal-
ability and dense prediction performance (Park et al. 2023). Also, the focus on global pat-
terns in CL is not necessarily beneficial for object recognition and distinguishing images, 
as it can cause difficulties preserving local information (Park et al. 2023). In turn, MIM can 
help to preserve the texture and diversity of the learned representations (Park et al. 2023). 
The addition of contrastive loss improves MIM-representation-learning and linear separa-
bility (Huang et al. 2024b; Li et al. 2023a; Zhang et al. 2023b). Consequently, several hybrid 
forms have been developed to combine the individual advantages. They show promising 
results regarding representation quality, layer-specific optimization, high performance as 
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well as two-stage training. Figure 6 provides an overview of hybrid SSL. Table 8 introduces 
important hybrid models.

Few authors combine MIM only with contrastive InfoNCE loss (e.g. Unified-IO) or 
contrastive heads (e.g. SplitMask), but many with both elements (e.g. MACRL, CMAE, 
MaskCLIP, MimCo, SDMAE, ConMIM) (Li et al. 2024a). Furthermore, models like BEiT-
v2, BEiT-v3, or CAE-v2 include CLIP, a tokenizer that has been pretrained via CL in a 
multimodal manner. CMAE, CAN, MimCo or MARCL add a contrastive objective (Yao 
et al. 2022). MAE-Refiner uses intermediate MIM representation for multiple contrastive 
heads  (Alkin et al. 2025). Instance-based CL profits from incorporating masking as data 
augmentation (Yang et al. 2023c) (e.g. SIM (Tao et al. 2023)). Standard MIM models also 
include weak forms of data augmentation, while e.g. adding color jitter degrades MAE per-
formance, indicating that MIM requires different data augmentation strategies compared to 
CL (Chen et al. 2023a). Due to the diverse possibilities to add contrastive elements to MIM-
frameworks, the question arises as to what constitutes a hybrid model. Due to the fact that 
only adding minor contrastive elements does not change the MIM-framework substantially, 
this paper only considers approaches as hybrid that include contrastive loss, contrastive 
head, contrastive objective, data augmentation, masking, reconstruction target, and auto-
encoder. These hybrid approaches can combine CL and MIM in a sequential, parallel, or 
merged manner.

Sequential approaches can make use of the benefits of MIM in earlier layers and CL in 
deeper layers or they can combine MIM-pretraining with CL. First applying CL and then 
MIM is possible, but not as common. Parallel approaches combine two distinct MIM and 
CL models by a weighted loss or shared weights. Merged approaches mutually integrate 
contrastive and generative elements.

Several publications apply reconstruction in earlier layers and then contrast in deeper 
ones, as MIM is more effective in earlier layers, where high-frequency information can be 
extracted, while CL is better for later layers with low-frequency information (Chen et al. 
2023c; Jiang et  al. 2023; Park et  al. 2023). Other sequential approaches first use MIM-

Fig. 6  Overview of hybrid SSL including components derived from MIM (masking, AE, reconstruction) 
and CL (data augmentation, contrastive loss, head and objective). Hybrid SSL can be categorized into 
sequential, parallel, merged. Each is illustrated with examples
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pretraining, followed by CL, just like MAE-CT, who apply instance-discrimination via kNN 
after reconstruction-based pretraining, followed by contrastive tuning, which freezes "the 
bottom half of the ViT-encoder" and applies "layer-wise learning rate decay" for the remain-
ing part (Lehner et al. 2024). LG combines MIM and contrastive instance-discrimination 
sequentially  (Jiang et al. 2023; Lehner et al. 2024), CMITM applies a cascaded training 
strategy where the network is first trained with reconstruction loss and then with contras-
tive loss (Chen et al. 2023c). MIMIC first pretrains a ViT via masked image reconstruction 
and then fine-tunes via mix-CL (Zhang et al. 2024a). After an image prediction task similar 
to MAE, the feature encoder and projector of SDMAE use the "class token output by the 
decoder" for CL (Mao et al. 2023). MOMA can either use MoCo-pretraining distilled to 
pretrain MAE or vice versa (sequential) or distillation from both to a randomly initialized 
student model (parallel).

In parallel approaches, the two learning paradigms remain distinct for the majority of 
the model, typically only being integrated through the application of a loss function. In 
CMAE, the final learning target is a weighted combination of reconstruction and contras-
tive loss (Huang et al. 2024b). Alternatively, RCMSTR applies MIM and relational CL in a 
parallel manner, while the ViT or CNN encoders of the MIM branch and the positive views 
share weights (Lin et al. 2024).

Merged approaches are more mutually integrated. After masking both views but only 
augmenting one, CAN applies joint loss training, the masked patches are reconstructed and 
the pooled patches are contrasted (Mishra et al. 2022). A-CLIP contrasts the output of an 
image and a text encoder but also allows adding auxiliary SSL tasks (Yang et al. 2023c), 
while MARCL uses the same encoder output for both objectives (Yao et al. 2022). MaskClip 
applies feature- and token-wise distillation loss as well as contrastive loss, the contrasted 
views are multimodal (Dong et al. 2023b). Mimco first applies CL for pretraining and then 
uses the pretrained encoder as a contrastive teacher in an MIM framework  (Zhou et  al. 
2023c). ConMIM combines a patch-level dynamic dictionary and contrastive denoising, 
they compare the resulting dictionaries using contrastive loss  (Yi et  al. 2023). MACRL 
applies a CL objective to an asymmetric siamese network, wherein one branch has both 
a higher masking ratio and stronger data augmentations than the other (Yao et al. 2022). 
MimCo uses a pretrained contrastive model as teacher model in combination with patch-
level and image-level reconstruction (Zhou et al. 2023c). Merged hybrid forms are the most 
diverse of the three subtypes, probably due to the greatest number of design degrees of 
freedom.

6  Pretext task design

Self-supervised pretraining can extract information relevant for the downstream task, but the 
results are highly dependent on the specific pretext-downstream-task combination (Jaiswal 
et al. 2020; Tsai et al. 2021). Ideally, the model should become invariant to the transforma-
tions applied in the pretext task while remaining discriminative to characteristics required 
for the downstream task  (Jaiswal et  al. 2020; Xiao et  al. 2021). The pretext transforma-
tions should not alter the training distribution significantly, as this could cause a negative 
domain shift, especially with a supervised downstream task (Moon et al. 2022; Tian et al. 
2022). Furthermore, the applied transformation modes have to be distinguishable to avoid 
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learning noisy features (Pal et al. 2019). Pretext design should be in accordance with the 
underlying assumptions of the different pretext task types: instance-based CL requires each 
sample being a unique semantic example, predictive learning requires all samples having a 
canonical view, clustering-based CL requires that the data has meaningful similarities, and 
generative approaches require that parts of the input can be masked with the context being 
sufficient to predict the blanks (Ericsson et al. 2022b). Equivariance and invariance of pre-
text and downstream task should be carefully aligned, e.g. for classification, invariance to 
spatial orientation is beneficial, while it is counter-productive for object location (Ericsson 
et al. 2022b). Still, evaluating the exact effect of the pretext task is impaired by the "dif-
ficulty in making objective and direct comparisons between methods" (Morningstar et al. 
2024). In the following chapters, the complexity, representation geometry, the influence of 
the pretext task on the downstream task and the benefits of multiple pretext tasks are exam-
ined in more detail.

6.1  Complexity of the pretext task

The complexity of the pretext task is determined by how difficult the task is to solve, 
which in turn influences the downstream performance and the learned representation qual-
ity (Goyal et al. 2019). Complex pretraining is especially beneficial on large architectures 
as it ensures that these architectures do not overfit on the downstream dataset (Goyal et al. 
2021). An appropriate degree of complexity can also prevent short-cut learning (Robinson 
et al. 2021b). Transformations induced in the pretext task should not produce easily detect-
able artifacts. According to Haja et al. (2023), complexer models outperform their simpler 
counterparts, although the effect size is small. The variety of learned features increases, but 
they do not necessarily become more complex  (Haja et  al. 2023). While the complexity 
depends on the specific pretext design and is generally difficult to compare, the ratio of miss-
ing information and the extend of spatial misalignment can be indications (Tian et al. 2022). 
Strategies to adjust complexity can vary greatly. CL with negative samples and InfoNCE 
can be modified by creating views which are easier or more difficult to distinguish (Robin-
son et al. 2021b). This can be achieved by choosing harder negative sampling strategies and 
adjusting the temperature in the InfoNCE loss term (Robinson et al. 2021b). For Jigsaw, the 
number of permutations can be increased to create a harder task, while for Colorization, the 
parameter k in the kNN calculation can be elevated (Goyal et al. 2019). Pretext tasks vary 
in sensitivity regarding pretext complexity: a more complex colorization task e.g. improves 
the results less significantly compared to a more complex jigsaw task (Goyal et al. 2019). 
Kim et al. (2018) complicate Jigsaw, Inpainting, and Colorization achieving higher accura-
cies for both classification (up to 1.2 percentage points improvement) and segmentation 
(up to 1.1 percantage points) using PASCAL VOC 2007, indicating that more difficult pre-
text tasks result in more useful representations. Tian et al. (2022) compare the influence of 
the difficulty regarding the pretext tasks zoom-in, zoom-out, image distortion, blurring and 
grayscale with ViT and ImageNet in a generative and token-based setting. All tasks prefer 
medium difficulty (Tian et al. 2022). Feng et al. (2020) reconstruct the whole image from a 
cropped part and conclude that oversized crops result in an inability to learn the semantics of 
the image, which causes trivial solutions, while the images contain too little information to 
recover the whole sample if the crop is too small. For CL, the difficulty of the discrimination 
task does not only determine the quality of the feature extraction, but also which features 
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are learned (Robinson et al. 2021b). Complex pretraining is especially beneficial on large 
architectures and large datasets, also to avoid overfitting (Goyal et al. 2021) and to enable 
learning useful representations. On the other hand, too hard and specific pretext tasks might 
lead to learning task-specific details that do not generalize well (Jing and Tian 2020). Thus, 
although the appropriate difficulty or complexity of the pretext task is an important factor, 
the correct level of difficulty must be determined individually in relation to the model size 
and the downstream task.

6.2  Representation geometry

The intrinsic dimensionality of the pretext representation can be understood as a tuneable 
hyperparameter  (Wallace and Hariharan 2020). Useful representations should be expres-
sive and reasonably sized  (Bengio et  al. 2013; Kumar et  al. 2022b). The representation 
dimensionality should be sufficiently large, lower-dimensional sub-spaces should be 
avoided (Dubois et al. 2022). The representation geometry is not tied to the respective SSL 
type, it can vary significantly within one framework (Cosentino et al. 2022b). While MoCo-
v1 and MoCo-v2 vary significantly in equivariance spread, PCL and SimCLR versions have 
a similar geometric representation (Cosentino et al. 2022b). Pretext tasks can vary across 
domains and the pretext task complexity does not necessarily determine the compactness 
of the learned representation (Wallace and Hariharan 2020). This might be one reason why 
harder pretext tasks do not necessarily result in a better downstream performance. Rota-
tion has a similar implicit dimensionality as the significantly more complex instance-dis-
crimination, while auto-enconding and Jigsaw have more compact representations (Wallace 
and Hariharan 2020). More complex pretext tasks might not necessarily make use of the 
available latent space (Wallace and Hariharan 2020). In turn, suitable data augmentations 
strategies can boost the representation quality of CL (Jaiswal et al. 2020; Misra and Maaten 
2020). According to Dubois et  al. (2024), increasing the representation dimensionality 
improves linear separability of the representation as the linear classifier is dependant on the 
input dimension. At the same time, this can decreases probe generalization due to overfit-
ting (Dubois et al. 2024). According to Cosentino et al. (2022b), it is possible to "predict 
the transfer learning capability for a specific model based on the geometric properties of its 
semantic and augmentation manifolds". They consequently link representation geometry 
and performance (Cosentino et al. 2022b). According to Gupta (2025), downstream tasks 
such as encoding relations of objects require rich structural relationships that cannot be cap-
tured by learning similarities. Instead, minimizing an equivariance objective can improve 
downstream performance (Gupta 2025). For downstream data similar to ImageNet, the per-
formance is negatively correlated with geometric properties such as semantic equivariance, 
spread of augmentation equivariance, rotation and augmentation affinity (Cosentino et al. 
2022b). Instead, linearization and invariance are key indicators of transferability (Cosentino 
et al. 2022b). Representations which are covariant to the pretext transformation are helpful 
for predicting 3D correspondences, but counter-productive regarding most semantic recog-
nition tasks, where invariant representations should be preferred (Ji et al. 2019; Misra and 
Maaten 2020). Covariant transformations are favored by pretext tasks predicting a property 
of the pretext image transformation (Misra and Maaten 2020). Transfer performance is cor-
related with higher-order statistics of the backbone encoder when the downstream dataset is 
more different from ImageNet (Cosentino et al. 2022b). The pretrained encoder representa-
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tions are more meaningful than those of the decoder, the latter come with a risk of overfitting 
inductive information (Zhang et al. 2023c).

6.3  Influence of pretext on downstream performance

The complex relationship of pretext and downstream task is a key to successful SSL (Wal-
lace and Hariharan 2020) and makes the effective pretext task design one of the most 
important challenges in SSL (Jing and Tian 2020). Obviously, the pretext task should learn 
features relevant to the downstream task (Yamaguchi et al. 2021) and its objective should 
be sufficiently similar to the downstream objective to be able to subsume it  (Mao 2020; 
Sehwag et al. 2019). Although the interaction of pretext and downstream task is so impor-
tant to SSL, the exact influence of the pretext task has hardly been studied. Most work 
focuses on improving the pretext task design by measuring downstream improvements on 
benchmarking data, while it is questionable how well this evaluation measures pretext rep-
resentation quality or downstream performance on other datasets (Abnar et al. 2021; Marks 
et al. 2025). Is the pretraining performance of different pretext tasks an indicator for their 
downstream performance? Do pretraining and downstream performance correlate? What 
are helpful metrics to evaluate the pretext task? How generalizable is the pretext task across 
different downstream tasks? These questions are discussed in the following sections.

6.3.1  Correlation of pretext and downstream performance

Xie et  al. (2023d) analyze different Swin-T-v2 models in combination with SimMIM as 
well as ImageNet-1K and ImageNet-22K for pretraining and FT on ImageNet-1K, iNatu-
ralist-18, MS COCO and ADE20K as downstream task. The correlation between training 
loss and downstream accuracy is negative in overfitting and positive in non-overfitting 
regimes (Xie et al. 2023d). El-Nouby et al. (2024) report a positive correlation of pretext 
DFN-2B validation loss and downstream Imagenet-1K top-1 validation accuracy with AIM 
on ViT. According to Yi et al. (2022), the loss of simple pretext tasks such as rotation cor-
relates with the downstream classification loss for CIFAR10, Caltech and Imagenet. Unfor-
tunately, this does not work for pretext tasks using contrastive loss, supposedly due to the 
class bias of contrastive loss and the strong influence of augmentations  (Yi et al. 2022). 
According to Marks et al. (2025), the pretext performance can be used for ranking, but not 
to estimate the absolute performance. Additionally, pretext task performance is not the only 
influencing factor, as larger models perform more effectively at a given pretext validation 
loss value (Chen et al. 2020d). Abnar et al. (2021) analyze the influence of the pretext on 
the downstream task using eight different pretraining datasets and JFT-300 for downstream 
training. Increasing training duration and model size as well as dataset size increases pretext 
performance (Abnar et al. 2021). Still, the pretext accuracy has a stronger predictive power 
than the other factors, so the authors argue that the effect of the model size and pretext task 
data size is only indirect via the pretext accuracy (Abnar et al. 2021).

Pretext and downstream performance are not always positively correlated  (Gui et  al. 
2024; Zhang et al. 2023c). SSL comes with a trade-off between learning invariant features 
useful for the pretext and for the downstream task: While pretext "representations with 
higher class separation" perform better on the pretext task, their features are less valuable 
for the downstream task (Kornblith et al. 2021). Pretraining in general can suffer from a 
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pretext category bias when only information related to the pretext task and its classes is 
learned (El-Nouby et al. 2021). In such cases, a higher pretext performances can even lead 
to worse downstream task performance (Tschannen et al. 2020). In turn, a higher pretext loss 
can result in a better downstream generalization, especially given harder pretext tasks (Ryali 
et al. 2021), as the pretext loss does not always behave monotonically in relation to the gen-
eralization ability (He et al. 2020; Kolesnikov et al. 2019; Ryali et al. 2021). Robinson et al. 
(2021b) train encoders with ResNet-18 backbones using SimCLR and report that a lower 
InfoNCE loss results in lower errors for MNIST and Trifeature color downstream tasks, 
while the correlation is negative regarding Trifeature shape, texture and STL10, indicating 
that this pretext task only improves learning some features.

Arora et al. (2019) discuss the problem for CL from a theoretical perspective: they con-
sider semantic similarity as latent classes, where similar pairs are sampled from the same 
latent class, while the downstream task consists of a subset of the latent classes. With a 
large number of latent classes, a small pretext loss should also result in a small (supervised) 
downstream loss  (Arora et  al. 2019). The pretext loss increases if positive and negative 
views come from different latent classes or if the intra-class deviation is high (Arora et al. 
2019). Abnar et  al. (2021) pretrain 2916 different models (1500 on ViT, 1400 on MLP-
Mixers, 16 on ResNets) on JFT-300 dataset for few-shot downstream tasks and discover a 
power-law relation between the two tasks. The downstream accuracy saturates considerably 
below 100% given a wide range of shots and pretext tasks (Abnar et al. 2021). This satu-
ration value is dependent on the Bayes error (an intrinsic error of the task definition), the 
amount of available samples and alignment of pretext and downstream task (Abnar et al. 
2021). The pretext-downstream performance curve shape also varies with dataset: Oxford-
IIIT-Pets, Cars, Caltech101, DTD, and UC Merced are rather characterized by a saturation 
curve, while Cifar100 and ImageNet are more similar to a linear relation and Colorectal 
Histolog is nearly horizontal (Abnar et al. 2021). Still, the pretext task ranking is consistent 
over different downstream tasks (Abnar et al. 2021).

These findings demonstrate that a high-performing pretext task does not guarantee a 
good downstream performance due to overfitting to the pretext objective and the saturation 
phenomenon. Furthermore, the pretext-downstream task relation varies with dataset, so a 
specific pretext task performance cannot be evaluated without taking the dataset and the 
downstream task into consideration.

6.3.2  Alternative evaluation metrics

The lack of a pretext-downstream performance correlation calls for another reliable eval-
uation metric. Possibilities are e.g. the effective rank of the SSL representation  (Garrido 
et al. 2023a), intra-class data continuity (HaoChen et al. 2022a), conditional independence 
(CI) between the pretext labels and the downstream data  (Zaiem et  al. 2022), MI  (Tian 
et al. 2020a) or the extent of pretext feature reuse (measured via Centered Kernel Align-
ment) (Neyshabur et al. 2021; Zhang et al. 2023c). Tian et al. (2020a) analyzed the relation 
between downstream performance and MI: When augmentations that manipulate the color-
space are applied, minimal MI results in the best LP accuracy on STL10. If the representa-
tions are learned using patches with different offsets from each other, very small or very 
high MI values degrade the performance (Tian et al. 2020a). In CL, views should not share 
all information as this discards nuisances, while no shared information withdraws the incen-
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tive for learning (Tian et al. 2020a). Low-dimensional SSL representations learned under 
the CI assumption "can express the ground truth label as a linear function" (Lee et al. 2021). 
The bounding function decreases quadratically with CI and linearly with the target data 
size (Zaiem et al. 2022). Still, the assumption of linear modeling could be very limiting for 
complex downstream tasks (Zaiem et al. 2022) and augmented samples are often strongly 
correlated (HaoChen et al. 2022a), so CI is far from a perfect metric and the CI condition 
is rarely satisfied in practice (Ericsson et al. 2022b; Teng et al. 2022). Dubois et al. (2024) 
propose a scaling law based on four sources of error (approximation, representation usabil-
ity, probe generalization and encoder generalization error) which is tested on 169 models. A 
small generalization error seems to be a good predictor (Dubois et al. 2024). More powerful 
pretext tasks also result in a higher confidence downstream calibration, meaning that wrong 
predictions are identifiable by low-confidence probabilities (Ericsson et al. 2021; Guo et al. 
2017). An improved pretext performance also correlates with larger attention areas, which 
can improve the transfer to recognition tasks (Ericsson et al. 2021).

6.3.3  Pretext generalization

Ideally, a pretext task should find features in every pretraining dataset that are useful to a 
wide range of downstream tasks. But how realistic is the ideal of a universal pretext task? 
While there are some cases of pretext tasks being superior across different types of down-
stream tasks and datasets (Abnar et al. 2021; Jing and Tian 2020), most SSL methods for CV 
are not optimized concerning transferability, especially if the downstream data is too differ-
ent from pretext data (Ericsson et al. 2021, 2022b; Goyal et al. 2019; Van Horn et al. 2021). 
In contrast, in NLP broader benchmarks are used and transferability is more in focus (Brown 
et al. 2020; Devlin et al. 2018; Ericsson et al. 2022b). For CV, pretext-ranking varies across 
downstream tasks, architectures and hyperparameter settings (Abnar et al. 2021; Newell and 
Deng 2020). Ericsson et al. (2021) compare 13 self-supervised models on 40 downstream 
tasks with diverse datasets and conclude that there is no universal pretext task. The pretext 
performance can vary significantly over different downstream task types: while PCL-v1 
performs best for semantic segmentation, it performs worse than all other analyzed frame-
works for linear many-shot recognition and few-shot recognition  (Ericsson et  al. 2022b; 
Li et  al. 2021e). Even very similar pretext tasks can have considerably different results 
across downstream task types: PCL-v2 has an average performance of 56.73% across 11 
datasets for linear many-shot recognition, while PCL-v1 has 69.13% (Ericsson et al. 2021). 
For semantic segmentation, both nearly have the same performance (Ericsson et al. 2021). 
Furthermore, different downstream task types require different pretext task characteristic 
as they rely on the exploitation of different data aspects (Zaiem et al. 2022). Consequently, 
pretext tasks suitable for downstream classification cannot automatically be generalized to 
other applications (Newell and Deng 2020). Still, several strategies to improve generaliza-
tion have been proposed. Saito et al. (2020) suggest to use self-supervised neighborhood 
clustering with entropy optimization to grasp the structure of the target domain instead of 
trying guessing the "category overlap" of the pretraining and the target domain for universal 
domain adaption. Automatic pretext design (Wang et al. 2021; Xie et al. 2021b), univer-
sal sub-networks  (Chen et al. 2021a), processing 2D as well as 3D images by including 
"switchable patch embedding" (Xie et al. 2022c), or combining multiple pretext tasks (Wu 
et al. 2021; Maninis et al. 2025) could be beneficial.
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6.4  Multiple pretext tasks

Several authors have combined multiple pretext tasks to boost performance  (Chen et  al. 
2020b) and generalization (Wu et al. 2021). The learned representations should have more 
representative features due to more diverse supervision, Jing and Tian (2020) even recom-
mend to use multiple pretext tasks "whenever possible". Combinations are especially rel-
evant for predictive SSL to increase difficulty and enable successful representation learning. 
Still, generative (e.g. (Tian et al. 2022)) and contrastive frameworks (e.g. PIRL (Misra and 
Maaten 2020)) can also benefit from combinations. Table 9 summarizes pretext task com-
binations tested on ImageNet using self-pretraining. Nearly all combinations are more ben-
eficial than just using one pretext task. Monocular depth estimation with NYUv2 and KNN 
classification on ImageNet are the only case where the addition of a pretext task (MIM) 
decreases the performance, although the decrease for ImageNet is very small (Maninis et al. 
2025). The improvements of the other examples vary: on the two MIM-based approaches, 
only minor improvements were achieved in contrast to contrastive PIRL and the predictive 
approaches. PIRL with Rotation achieves 60.2% top-1 accuracy on Imagenet and 62.2% 
with Jigsaw; but if Rotation and Jigsaw are combined, the accuracy is 63.1% (Misra and 
Maaten 2020). The tendency is similar for PASCAL VOC 2007, Places205 and iNatural-
ist  (Misra and Maaten 2020). Sole Jigsaw achieves 66.6% on classification of PASCAL 
VOC and 36.8% on segmentation, but the combination of Jigsaw, Inpainting and Coloriza-
tion reaches 69.2% and 39.3% (Kim et al. 2018). The combination of spatial masking and 
spatial misalignment improves pretraining with BEiT and ViT-Base/16 (Tian et al. 2022). 
Tian et  al. (2022) conclude that MIM pretraining profits mostly from missing informa-
tion, but including spatial transformation adds synergies. Zhang et  al. (2024b) combine 
Relative Orientation Regression and Relative Location Regression. Their pretext task MLT 
shows considerable improvements over SimCLR, BYOL, MAE, Jigsaw, Model Genesis, 
and Relative Location for ACDC CMR and Knee MRI classification given ID pretrain-
ing (Zhang et al. 2024b). The improvements are more considerable if the downstream data-
set is smaller (Zhang et al. 2024b). Ji et al. (2022) combine different SSL paradigms and 
stack pretext task, including semantic class prediction, rotation, and contrastive prediction. 
Their multi-task model is superior to a single pretext task in all analyzed cases where the 
backbone depth matches the dataset and the model is therefore able to optimize three tasks 
simultaneously (Ji et al. 2022).

Combining pretext tasks raises the question whether and how these interact and how to 
design an ideal combination. According to Zaiem et al. (2022), one key aspect for multi-
pretext models is understanding the interaction between the different pretext task labels. 
The pretext tasks can either be learned sequentially (e.g. with increasing difficulty (Shi et al. 
2023a)) or via joint optimization (Ma and Liu 2023). The sum of losses can be minimized 
together or the combination can be regarded as a single task with a joint distribution (Lee 
et al. 2020). There are different possibilities to balance multiple pretext tasks, the trade-
off has a significant influence on the final result  (Ma and Liu 2023). Tasks can e.g. be 
weighed according to the reciprocal of the average validation loss (Wu et al. 2021), their 
task-dependent uncertainty (Kendall et al. 2018; Ma and Liu 2023), the attention mecha-
nism (Li et al. 2021c) or estimated sparse weighting vectors based on CI (Zaiem et al. 2022). 
Additional difficulties are that training can end in pareto-optimal states, which causes early 
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stopping (Shi et al. 2023a) and the required computational resources (Noroozi et al. 2018). 
To date, most publications focus on a single pretext task.

7  Network size

The tendency of larger networks performing better is more pronounced for SSL compared 
to SL due to the additional information that must be absorbed, especially for FT (Chen et al. 
2020b; He et al. 2016; Kolesnikov et al. 2020; Mao 2020). Scaling up pretext training can 
both improve feature quality and generalization (El-Nouby et al. 2021; Hu et al. 2025; Khan 
et al. 2025b; Rani et al. 2023). Bigger networks are especially useful in combination with 
challenging pretext tasks and large pretext datasets (Chen et al. 2020c; Ericsson et al. 2022b; 
Devlin et al. 2018; Goyal et al. 2019; Jing and Tian 2020). Larger SSL models are charac-
terized by higher sample efficiencies and require less optimization steps (Xie et al. 2023d). 
According to Spencer et al. (2022), older SSL frameworks can outperform newer systems 
when simply updating the backbone on monocular reconstruction (e.g. ConvNeXt-B instead 
of ResNet-18), demonstrating the great impact of the architecture and size. They achieve 
relative improvements of up to 25% on 16 benchmarking datasets  (Spencer et al. 2022). 
Downstream performance often profits from higher pretraining network capacities, while 
the downstream model itself can be smaller (Chen et al. 2020c; Ericsson et al. 2022b; Goyal 
et al. 2019; Newell and Deng 2020). Decoupling the size of the pretext and downstream 
model can be a useful if both tasks have significantly different size requirements.

In general, both increasing network width and depth has a positive impact (Misra and 
Maaten 2020; Noroozi et  al. 2018; Zeng and Xie 2020; Zhang et  al. 2021c; Zhou et  al. 
2021). As shown in Fig. 7, all models increase LP top-1 ImageNet accuracy with higher 
widths of ResNet-50, but the improvements differ significantly and the increase slows down 
given bigger network sizes (Chen et al. 2020c). Augmenting the width from ResNet-50 to 
ResNet-50 (2x) boosts performance on average by 5.1%, increasing from ResNet-50 (2x) 
to ResNet-50 (4x) only results in 2.2% average improvement, according to the data from 
Fig. 7. VicReg is characterized by the lowest average improvement (1.6%), MoCo by the 
highest (6.4%). MoCo has the worst absolute performance, SwAV and BYOL have the best. 
Due to the different sensitivity regarding network width, the SSL framwework that performs 
best on ResNet-50 is not necessarily the best model on ResNet-50 (4x).

Fig. 8 demonstrates the influence of the network size on self-supervised ViT, either using 
FT (Fig. 8a) or LP (Fig. 8b). BeiT on ViT-H with LP, where the performance is 0.1 percent-
age points lower compared to ViT-L, is the only case where a bigger networks does not 
improve the performance. As CL tends to be better regarding LP and MIM regarding FT 
and many authors only test their models on the superior metric, Fig. 8a includes more MIM 
models and Fig. 8b includes more CL ones. The models that perform best on FT (Beit-v2, 
PeCo, CAE-v2, and data2vec) are all generative and the average FT-performance of genera-
tive models is 2.9 percentage points higher compared to contrastive models. In turn, the top 
LP models include two contrastive ones (Mugs and DINO), three generative ones (CAE-v2, 
iBot, MSN) and one hybrid model (MAE-CT). The results for FT (80.6%−88.3%) are much 
closer to each other compared to LP (51.8%−82.2%). LP seems to be significantly more 
sensitive regarding small network sizes. The average performance increase when scaling 
up from ViT-S to ViT-B is 6.7% for LP and 2.0% for FT. For the increase from ViT-B to 
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Fig. 8  Impact of ViT size on ImageNet top-1 accuracy with (a) FT top-1 ImageNet accuracy on different 
ViT architectures derived from the corresponding original publications (Baevski et al. 2022; Bao et al. 
2021; Caron et al. 2021b; Chen et al. 2021c, 2023c, 2024a; Dong et al. 2023a; He et al. 2022; Li et al. 
2022c; Mo et al. 2023; Peng et al. 2022; Wei et al. 2022a; Zhang et al. 2023e; Zhou et al. 2022a, b, 2023c) 
and Ozbulak et al. (2023) and (b) LP top-1 ImageNet downstream accuracy on different ViT architectures 
derived from the corresponding original publications (Assran et al. 2022b; Bao et al. 2021; Caron et al. 
2021a, b; Chen et al. 2020b, 2021c; Grill et al. 2020; He et al. 2022; Lehner et al. 2024; Mishra et al. 2022; 
Zhang et al. 2023e; Zhou et al. 2022a, b) as well as Ozbulak et al. (2023).

 

Fig. 7  Impact of varying ResNet-50 width on ImageNet top-1 downstream accuracy with LP and contras-
tive SSL according to the original publications (Bardes et al. 2021; Caron et al. 2021a; Chen et al. 2020b, 
c; Grill et al. 2020; He et al. 2020) and Ozbulak et al. (2023)
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ViT-L, the difference is reduced (4.6% vs. 2.1%), for the increase from ViT-L to ViT-H, 
the average improvement of FT is even slightly higher (0.9% LP vs. 1.3% FT). For LP, it 
is therefore particularly recommendable using at least ViT-B or ViT-L. Some models, e.g. 
PeCo, CAE-v2, and TinyMIM, do not change ranking no matter which ViT model is used, 
indicating that the choice of the pretext task is more influential than the choice of network 
size in some cases.

Different learning paradigms have different size requirements: In general, CL outper-
forms MIM given small ViT-networks, for large models MIM is more effective (Park et al. 
2023; Wang et  al. 2023d). MIM tends to require larger or more sophisticated models to 
manage higher degrees of complexity, especially if high masking ratios are applied (Filiot 
et al. 2023; Mao et al. 2022) to prevent trivial solutions (Wu et al. 2025). Furthermore, MIM 
is more sample efficient and can handle higher network capacities better given the same 
pretraining data (Moutakanni et al. 2024). Zhou et al. (2022c) suppose that reconstruction-
based pretext tasks result in more effective pretraining epochs than CL, consequently they 
can learn more in the same number of epochs and suffer less from overfitting given large 
models and long pretraining. Additionally, CL can require huge computational resources 
compared to MIM, where example interaction is limited, so scaling up MIM-models is 
easier (Gui et al. 2024). "Information encoded by the contrastive loss is limited", so CL can 
degrade when complex models are trained on smaller datasets (Cao and Wu 2021). Still, 
CL requires networks having a sufficiently high capacity to learn to discriminate between 
instances (Caron et al. 2021a; Chen et al. 2020b, c; Goyal et al. 2019; Grill et al. 2020) and 
MIM does not always benefit from large networks (Filiot et al. 2023). Filiot et al. (2023) 
test the scalability of MIM on different ViT sizes and histopathology data: while scaling 
from ViT-S to ViT-B results in an average increase of of 2.5% across all histopathology 
tasks, further enlarging to ViT-L does not come with clear improvements. In general, large 
models are hard to handle and computationally expensive (Ohri and Kumar 2021), perfor-
mance can plateau or decrease given an excess in pretraining capacity   (Cabannes et  al. 
2023; El-Nouby et  al. 2024; Grill et  al. 2020) and computational costs can grow faster 
than performance  (Fernandez et  al. 2025). Consequently, while larger networks lead to 
major improvements, it seems to be of equal importance that the dataset size matches the 
network size, the pretext task complexity, the KT type, as well as the data properties and 
the downstream task. Also, most of the demonstrated results use ImageNet. Girish et al. 
(2022) correlate the number of parameters and top-1 accuracy on different datasets using 
various variants of ResNet and MobileNet that have been pretrained with SimCLR and 
ImageNet. While large SSL models perform well on ImageNet (Caron et al. 2021a; Chen 
et al. 2020c, b; He et al. 2020), this is not the case for downstream tasks being significantly 
different (Girish et al. 2022). For ResNet-like architectures, the downstream performance on 
the Aircraft is better using lighter networks while for most datasets on MobileNet-like archi-
tectures, the relationships are highly non-linear and non-monotonic  (Girish et  al. 2022). 
This can be explained by architecture recipes being not transferable to other datasets (Girish 
et al. 2022). Therefore it important to note that no universal scaling laws seems to exist; only 
general trends can be observed.
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8  Influence of the pretext data

Self-supervised pretraining can be performed either with the downstream dataset itself 
(self-pretraining) or with an alternative (un)labeled dataset, which often is considerably 
larger (Zhou et al. 2023a). If different pretraining and downstream datasets are are used, 
there are two options: either a dataset from another domain is used for OOD pretraining 
(e.g. pretraining on natural images and downstream training on CT scans), or ID pretraining 
is possible if a pretraining dataset from the same domain is available. OOD-pretraining on 
a standard benchmarking data is common, but can introduce considerable discrepancies if 
the available data is too different (El-Nouby et al. 2021; Kawashti et al. 2023; Krishna et al. 
2023). What data properties should the ideal pretext dataset possess (Sect. 8.1)? How large 
should it be (Sect. 8.3)? Is ID pretraining important (Sect. 8.4)? Is self-pretraining beneficial 
(Sect. 8.5)? How representative are results obtained with the common benchmarking datas-
ets ImageNet (Sect. 8.2)? These questions and their implications for the pretext task design 
are analyzed in detail in this chapter. An overview of important datasets for SSL including 
their sizes and domains can be found in Table 10.

8.1  Dataset characteristics and quality

Pretraining is only beneficial if the pretext dataset properties and the design of the pre-
text task match with the downstream task and result in semantic knowledge gain (Su et al. 
2020). The properties of the downstream dataset have to be taken into account when design-
ing or choosing an appropriate pretext task  (Zhang et  al. 2023c). Since the pretext task 
strives to exploit the pretext data structure, its efficiency is dataset-dependent  (Ericsson 
et al. 2022b) and the relation between the pretraining and downstream data distributions is 
of great importance (Cole et al. 2022). Consequently, one SSL method does not dominate 
all others across datasets and domains  (Huang et  al. 2024a). Well-balanced and diverse 
distributions improve both performance and generalization if the pretext-downstream data 
distribution distance is low (Al Kader Hammoud et al. 2025; Li et al. 2021d). In contrast, 
if downstream and pretext distribution differ significantly, a high pretext data diversity can 
decrease downstream performance (Al Kader Hammoud et al. 2025). Dataset characteristics 
which can induce shortcut learning should be avoided, such as color aberrations, water-
marks or other exploitable low-level visual features  (Minderer et  al. 2020). The pretext 
dataset has to be in accordance with the pretraining objective, e.g. rotation captures pose 
well, but struggles to distinguish color and textures or rotation-invariant data (Wallace and 
Hariharan 2020; Yamaguchi et  al. 2021). Instead, rotation requires canonical orientation 
and has difficulties with highly symmetrical images (Su et al. 2020). Jigsaw needs objects 
of recognizable shapes and is not suitable for classification tasks requiring fine-grained dis-
tinctions in color or texture (Wallace and Hariharan 2020). The performance of predictive 
tasks based on spatial information also depends on the image size, as bigger images result in 
a higher pretext accuracy, but using comparable sizes for pretext and downstream task is a 
good approach (Taleb et al. 2000; Zhang et al. 2023c; Zhuang et al. 2019a). The image size 
"determines the amount of spatial information from which the network extracts features", 
which is especially relevant for segmentation (Zhang et al. 2023c). Reconstruction-based 
SSL can decrease in accuracy with color, texture, viewpoint, and lighting variations, prob-
ably because considerably more details have to be encoded which are not beneficial for the 
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Dataset Size Domain
3D CT (Jiang and Veeraraghavan 2024) 10,412 Medical
ACDC CMR (Bernard et al. 2018) 100 Medical
ADE20K (Zhou et al. 2019b) 27,574 Scenes
Aircraft (Maji et al. 2013) 10,200 Vehicles
BACH (Aresta et al. 2019) 400 Medical
BigEarth20k (Sumbul et al. 2019) 20,000 Geographical
BigEarthNet (Sumbul et al. 2019) 590,326 Geographical
Caltech101 (Li et al. 2022a) 9,146 General
Caltech256 (Griffin et al. 2007) 30,608 General
Cars (Krause et al. 2013) 16,185 Vehicles
Cashew1k (Yin et al. 2023) 1,750 Geographical
ChestX-ray14 (Wang et al. 2017) 112,120 Medical
ChestX-ray8 (Wang et al. 2017) 108,948 Medical
CheXpert (Irvin et al. 2019) 224,316 Medical
Cifar-10 (Krizhevsky 2009) 60,000 General
Cifar-100 (Krizhevsky 2009) 60,000 General
CityScapes (Cordts et al. 2016) 25,000 Scenes
CLEVR (Johnson et al. 2017) 100,000 Medical
Colorectal Histology MNIST (Kather et al. 2016) 5,010 Medical
COVID-CT (Yang et al. 2020b) 349 Medical
CRC (Kather et al. 2018) 100,000 Medical
CUB200 (Wah et al. 2011) 11,788 Birds
Derm (Azizi et al. 2021; Liu et al. 2020) 20,676 Medical
DermaMNIST (Yang et al. 2021, 2023e) 10,015 Medical
Describable Textures (DTD) (Cimpoi et al. 2014) 5,640 Textures
DFN-2B (Fang et al. 2023a) 2,000,000,000 General
DSBCC (Newton et al. 2015) 1,140 Medical
Eurosat (Helber et al. 2019) 27,000 Geographical
Fast MRI Knee (Zbontar et al. 2019) 1,398 Medical
Flowers-102 (Nilsback and Zisserman 2008) 8,189 Plants
Food-101 (Bossard et al. 2014) 101,000 Food
FT-300 M (Sun et al. 2017) 300,000,000 General
GeoLifeCLEF 2020 (GLC20) (Cole et al. 2020) 1,900,000 Geo./ Bio
IG-3B (Singh et al. 2022, 2023) 3,000,000,000 General
ImageNet modified (Ogidi et al. 2023) 1,200,000 General
ImageNet-1K (Deng et al. 2009) 1,431,167 General
ImageNet-20 (Zhang et al. 2021d) 26,348 General
ImageNet-21K (Russakovsky et al. 2015) 14,197,122 General
ImageNet-21K-P (Ridnik et al. 2021) 12,358,688 General
iNat21-Plants (Ogidi et al. 2023) 1,100,000 Plants
iNaturalist-17 (Van Horn et al. 2018) 857,877 Biological
iNaturalist-21 (Van Horn et al. 2021) 3,286,843 Biological
NYUv2 (Silberman et al. 2012) 1,449 Scenes
JFT-300 M (Sun et al. 2017) 300,000,000 General
JFT-3B (Zhai et al. 2022a) 3,000,000,000 General
LC (Jiang and Veeraraghavan 2024) 196 Medical
LRad (Bakr et al. 2018) 139 Medical
LUNA16 (Setio et al. 2017) 888 Medical

Table 10  Overview of important datasets including the respective sizes and domains
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downstream task (Newell and Deng 2020). In general, the modeling assumptions have to 
be aligned with the data characteristics: If a clear division between the decision boundaries 
and regions with high data density is expected, problems arise e.g. if the dataset actually 
consists of strongly overlapping Cauchy distributions (Gui et al. 2024). Pretext tasks with 
the underlying assumption of semantic consistency are not feasible for non-iconic datasets 
which are not consisting of single-centric-objects, as two views can be very distant (Li et al. 
2022f). Another important aspect to consider is image resolution: According to Cole et al. 
(2022), the top-1 accuracy on ImageNet using SimCLR and LP decreases with reduced 
pretext image resolution. Cao and Wu (2021) instead state that "fine-grained details in high 
resolution images may be unnecessary, or may even confuse the contrastive loss". Smaller 
resolutions furthermore allow bigger batch sizes, which is important for many CL frame-
works with negative samples (Cao and Wu 2021).

8.2  ImageNet for pretraining

Most pretext tasks are evaluated on ImageNet to ensure comparability. The curated dataset 
centers on one object per image, consists of fine-grained, balanced classes and its distri-
bution is less heavy-tailed compared to natural image collections  (Li et  al. 2022f; Tian 

Dataset Size Domain
MHIST (Wei et al. 2021) 3,152 Medical
Microsoft COCO (Lin et al. 2014) 328,124 Scenes
MMEarth (Nedungadi et al. 2024) 1,200,000 Geographical
MNIST (Deng 2012) 70,000 Digits
Montgomery-CXR (Jaeger et al. 2014) 138 Medical
Open Images (Kuznetsova et al. 2020) 1,910,098 General
OPPD (Leminen Madsen et al. 2020) 7,590 Plants
Oxford-IIIT-Pets (Parkhi et al. 2012) 7,349 Pets
PASCAL VOC 2007 (Everingham et al. 2007) 9,963 Scenes
PatchCamelyon (Veeling et al. 2018) 327,680 Medical
Places205 (Zhou et al. 2018) 2,500,000 Scenes
Places365 (Zhou et al. 2018) 1,811,528 Scenes
Pneumonia (Kermany et al. 2018) 5,863 Medical
Shenzhen Chest X-Ray (Jaeger et al. 2014) 662 Medical
Sport (Li and Fei-Fei 2007) 1,579 Sport
Stanford Knee MRI (Bien et al. 2018) 1,370 Medical
STL10 (Coates et al. 2011) 13,000 General
SUN-397 (Xiao et al. 2010) 108,753 Scenes
TCGA (Weinstein et al. 2013) 20,994 Medical
TCIA NSCLC (Aerts et al. 2015) 350 Medical
TFC (Field)/TFC5 (Beck et al. 2021) 540,000 Plants
TinyImageNet (Le and Yang 2015) 100,000 General
Trifeature (Hermann and Lampinen 2020) 100,000 Texture
TULIP (Kang et al. 2023) 15,672 Medical
UCM (Yang and Newsam 2010) 2,100 Geographical
Wukong (Gu et al. 2022) 101,483,885 General
YFCC100M (Thomee et al. 2016) 99,200,000 General

Table 10  (continued) 
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et al. 2021). An important question is whether ImageNet results can be generalized to other 
datasets, as this would avoid time-consuming analysis and allow practitioners to select the 
best model from an ImageNet-based comparison for their specific application. A higher dif-
ference between ImageNet and the downstream dataset makes pretraining with ImageNet 
less effective (Konstantakos et al. 2025). Experiments show that the more diverse content 
of uncurated images can be less easily exploited in pretext tasks tailored for curated datas-
ets (Tian et al. 2021). For ResNet50 and BYOL, ImageNet top-1 accuracy decreases from 
74.3% to 65.3% and 67.0% when pretrained on the uncurated datasets YFCC100M and 
JFT-300 M instead of ImageNet (Tian et al. 2021). The weights trained on ImageNet are 
supposed to focus on features helpful for diverse downstream dataset, so there should be no 
need of substantial weight changes during FT (Bengio et al. 2013; Matsoukas et al. 2022). 
This concept has been called into question by Raghu et al. (2019) who showed that instead 
of feature reuse, weight scaling and low-level statistics are the main reason for successful 
feature learning. While consistent and curated datasets enhance high-level visual represen-
tation learning, restricting pretraining to these may bias SSL development and limit down-
stream applications (Liu et al. 2021b).

CL frameworks, such as in MoCo, MoCo-v2, and SimCLR, do not actively ensure that 
the image category does not change due to data augmentations, they simply rely on the 
object-centric character of the images, especially regarding Crop (Purushwalkam and Gupta 
2020). Consequently, the object-centric nature of ImageNet guarantees the latent prior of 
CL, namely that different views originate from the same object (Liu et al. 2021b). Liu et al. 
(2021b) even attribute the success of contrastive instance-level classification to benchmark-
ing with ImageNet or similar datasets. According to Ericsson et al. (2021), representations 
can only be successfully transferred to other datasets with performance surpassing supervi-
sion in the many-shot regime using similar structured target datasets, the generalization of 
ImageNet results is lower for the few-shot regime. The transfer also works much better for 
recognition tasks compared to object detection and dense prediction (Ericsson et al. 2021). 
Girish et al. (2022) calculate rank correlation between top-1 accuracies on 11 downstream 
tasks obtained from ImageNet-pretrained ResNets and only report significant correlations 
for cases with target data very similar to ImageNet. Consequently, model rankings based on 
ImageNet can only generalize to similar datasets (e.g. Places205) (Kolesnikov et al. 2019), 
not to different domains (e.g. medical images (Raghu et al. 2019)). The utility of a transfer 
from ImageNet to images from the medical domain decreases with dataset size, domain 
gap as well as increased inductive bias  (Matsoukas et al. 2022). Still, the transfer utility 
decreases to a lower extent with reduced model capacity (Matsoukas et al. 2022).

If large downstream datasets that have low similarities with ImageNet are used, Ima-
geNet-pretraining is not recommendable (Matsoukas et al. 2022). Compared to more recent 
datasets such as Wukong (100 million image-text pairs), FT-300 M (300 million images) 
or JFT-3B (3 billion images), ImageNet (1 million images) is also rather small, which calls 
its general use for benchmarking into question. Pretext tasks might often overfit to Ima-
geNet characteristics, e.g. by adjusting the image augmentations too much to ImageNet 
requirements (Van Horn et al. 2021). Consequently, research might focus on phenomena 
that only target ImageNet and similar datasets, but which are not necessarily relevant for 
less structured image datasets. This demonstrates the importance of a higher pretraining 
dataset diversity within SSL research.
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8.3  Dataset size

While bigger pretraining datasets are likely to be beneficial for SL (Mensink et al. 2022; Hu 
et al. 2025; Xu et al. 2023), the scaling laws of SSL are yet to be uncovered (Lu et al. 2023). 
At the same time, pretraining on large datasets is the standard in SSL (El-Nouby et al. 2021; 
Reed et  al. 2022), which has largely supported the success of SSL  (Wang et  al. 2023b). 
The pretext task can be effective given large datasets, even if they are noisy, unlabeled or 
scarcely labeled  (Newell and Deng 2020). Large-scale pretraining almost always results 
in performance gains (Jonske et al. 2025), while the high capacity models often used for 
SSL tend to overfit given smaller datasets (El-Nouby et al. 2021). Still, in some cases large 
pretraining datasets can have negative effects, e.g. when pretraining a small model (Kolesn-
ikov et al. 2020) or when larger pretraining datasets result in a more significant pretext data 
bias (Jaiswal et al. 2020). This could be caused by bigger datasets reducing the generaliza-
tion of encoder and probe, which is shown by Dubois et al. (2024) with ImageNet-1K and 
ImageNet-22K. Also, pretraining can still be surprisingly good in case only small datasets 
are available (El-Nouby et al. 2021). Semantic equivariance, rotation affinity, augmentation 
affinity, and spread of augmentation equivariance even show a negative correlation with 
the dataset size (Xiao et al. 2021). Bigger downstream datasets also do not always profit 
from bigger pretraining datasets: BYOL classification on ImageNet-1K (1.8M) prefers the 
bigger JFT dataset (300 M), BYOL classification on Places-356 (1.8M) works better with 
the smaller JFT dataset (100 M) (Tian et al. 2021). According to Konstantakos et al. (2025), 
MAE and DINO on ViT-L are significantly more robust regarding low-data approaches 
compared to DeepCluster-v2 and SimCLR on ResNet-50. In the following chapters, the 
relationship between pretext dataset size and pretext paradigm (Sect. 8.3.1) as well as model 
size and pretext dataset size (Sect. 8.3.2) is discussed.

8.3.1  Dataset size and learning paradigm

The profitability of training MIM and CL with large datasets is a controversial topic with con-
tradictory research results. Due to masking, MIM provides a huge amount of data samples 
itself, so scaling could be different from SL and other SSL approaches (Kaplan et al. 2020; 
Xie et al. 2023d; Zhai et al. 2022a). While MIM requires large datasets to scale up computa-
tion and model parameters, it does not benefit from more data in non-overfitting scenarios 
opposed to Masked Language Models (MLM) or supervised pretrained CV models  (Xie 
et al. 2023d). Given SwinT-v2 in combination with SimMIM and sufficiently long training 
durations, there is a significant performance difference between large and small pretrain-
ing datasets (Xie et al. 2023d). Still, MAE seems to require less pretraining data compared 
to DINO "in order to learn generally applicable features that are inherently semantically 
discriminant and consistent with the visible objects" (Konstantakos et al. 2025). Lu et al. 
(2023) study the pretext scaling properties of self-supervised MIM with several downstream 
datasets (ImageNet, COCO, ADE20K and City Scapes). When the pretext dataset changes 
from ImageNet-1k to ImageNet-22k, which increases image quantity from  1 M to  14 M, 
there is a downstream performance gain with FT, especially on dense prediction tasks, but 
the performance gains saturate around 10 M images (Lu et al. 2023). Given LP, the pretrain-
ing size has a considerable influence if the pretraining domain differs from the downstream 
domain, so the saturation point increases to 100 M images (Lu et al. 2023). Consequently, 

1 3

Page 43 of 114    112 



L. Wittscher

MIM can train large-capacity models with large datasets, but does not necessarily benefit 
from an excess of data (El-Nouby et al. 2021; Li et al. 2024a; Konstantakos et al. 2025; Wei 
et al. 2022b; Xie et al. 2023d). When being trained with minimal training data, MIM models 
can even yield performances comparable to those of models trained with larger datasets (El-
Nouby et al. 2021). Consequently, MIM is an effective method to improve model capacity 
in low-data regimes (Lu et al. 2023).

While CL methods benefit from upscaling the network (El-Nouby et al. 2024; Oquab 
et al. 2024), they do not necessarily require large pretext datasets (Cole et al. 2022). Cole 
et al. (2022) show that SimCLR does only decrease in performance by 1 or 2% with 50% 
of ImageNet being available compared to the full dataset. Tian et al. (2021) use very large 
datasets instead of ImageNet without achieving considerable improvements, which could 
be attributed to a lack of experience with pretraining techniques for huge datasets (Wang 
et al. 2023b). Some CL frameworks also do not scale well with huge amounts of images, 
as each sample is considered as its own class and discriminating between them is expen-
sive (Caron et al. 2021b). Furthermore, contrastive approaches need larger amounts of data 
when trained on uncurated datasets to reach similar performance  (El-Nouby et al. 2021; 
Goyal et al. 2019). Another important aspect is the dimension of the learned representation 
with respect to the dataset size: larger and more complex representations are generally more 
useful for large datasets (Kolesnikov et al. 2019; Wallace and Hariharan 2020).

Table 11 analyzes the influence of the size of the pretraining dataset based on 29 combi-
nations. In only four cases (14%), using a larger pretraining dataset reduces performance. 
In five cases, performance remains the same for the largest dataset compared to the second 
largest (17%). Otherwise, larger pretraining datasets also lead to better results (69%). For 
MIM, there seems to be a tendency that smaller networks profit less from large pretraining 
datasets than bigger ones. Comparing the result obtained with the largest available pretrain-
ing dataset with the results of the second largest, the average improvement is 0.7%. Com-
paring the largest and the smallest dataset, the average improvement is 1.5%. According to 
the results of Table 11, the contrastive models benefit more from bigger pretraining datasets 
compared to the generative models. However, most of the experiments were only carried out 
with a few dataset sizes, and the architectures and downstream datasets used differ greatly. 
More experimental data would be required for a more systematic evaluation.

8.3.2  Dataset size and model size

In SSL, the pretext task allows to extract more information per sample, which facilitates 
to use bigger and more data-hungry models with fewer samples compared to supervised 
models (Bao et al. 2021; Mao 2020). When pretraining from scratch on ImageNet, ViT-B 
is 1.4 percentage points better compared to ViT-L, which has 3.6 more parameters  (Bao 
et al. 2021; Dosovitskiy et al. 2020). When applying SSL, the bigger model is 1.2 percent-
age points better, while the performance of both is significantly higher  (Bao et al. 2021; 
Dosovitskiy et  al. 2020). More efficient or harder pretext tasks might also benefit more 
from bigger datasets  (Wang et  al. 2023d): iBOT e.g. profits more from pretraining with 
ImageNet-22K instead of ImageNet-1K than BEiT (Zhou et al. 2022b). Still, SSL frame-
works might not benefit from large pretraining datasets in combination with standard archi-
tectures (Cole et al. 2022).
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Table 11 analyzes the impact of pretraining dataset and network size, indicating that the 
latter has a greater influence. When using SwinV2-G instead of SwinV2-B (1061 M instead 
of 87  M parameters) with SimMIM and Imagenet-1K for pretraining, top-1 accuracy is 
increased from 85.0% to 86.5% (Xie et al. 2023d). When using Imagenet-21K instead of 
Imagenet-1K, top-1 accuracy is only increased by 0.1 percentage points for SwinV2-B and 
there is no change with SwinV2-G (Xie et al. 2023d). With iNaturalist-18 as downstream 
dataset, the results are similar: the top-1 accuracy of SwinV2-L pretrained with Image-
Net1K is 2.2 percentage points higher compared to SwinV2-B, while ImageNet-21K only 
achieves 0.1 percentage points more than ImageNet-1K on both SwinV2-B and SwinV2-
L (Xie et al. 2023d). Increasing from ViT-B to ViT-L improves ImageNet-1K and ImageNet-
22K accuracy by 1.8 and 2.3 percentage points for BEiT as well as 1.2 and 2.2 percentage 
points for iBOT (Zhou et al. 2022b). Increasing the pretraining dataset size from ImageNet-
1K to ImageNet-22K only results in 0.3 (ViT-B) and 0.8 percentage points (ViT-L) gain for 
BEiT as well as 0.4 and 1.4 for iBOT (Zhou et al. 2022b). Consequently, ViT-L profits more 
from using the bigger dataset than ViT-B. In general, larger models seem to benefit more 
from bigger pretraining datasets (Baevski et al. 2023; Oquab et al. 2024; Singh et al. 2023) 
and bigger networks might be necessary to make use of large pretext datasets (Goyal et al. 
2019). Additionally, increasing the pretraining dataset size is most effective given small 
datasets: Increasing from 10% ImageNet-1K to full ImageNet-1K increases accuracy by 1.9 
percentage points on average, while increasing from ImageNet-1K to ImageNet-22K only 
yields 0.4.

When upscaling network and pretraining dataset size, saturation can occur. ViT model 
capacity saturates if the pretraining dataset is not upscaled in accordance with the archi-
tecture (Filiot et al. 2023). According to Table 11, increasing the pretraining size is always 
beneficial or neutral for architectures larger than ViT-B (86 M) and ResNet-50 (25.6M). 
Models pretrained with small dataset (6000 training samples or less) struggle to learn deeper 
layers, so smaller and more shallow architectures can be useful  (Cao and Wu 2021; Xie 
et  al. 2023d). Simple architectures will result in representations with lower dimensions 
which require less data (Cabannes et al. 2023), while large models tend to overfit with small 
data (Xie et al. 2023d). The model capacity, the dataset size and the computation resource 
improve the overall performance according to a power-law relation, unless one factor is 
bottlenecked by the others (Xie et al. 2023d).

To conclude, the following trends regarding the dependence of network size and data size 
have been observed: while network size seems to matter more than dataset size, it is most 
beneficial if both are increased in accordance. "Note that exclusively using more data or 
larger models may hurt performance; instead, both need to be increased in tandem" (Kole-
snikov et  al. 2020). The pretext task should be taken into account as it can increase the 
extraction of data per sample and thereby enable the usage of bigger models. Still, there can 
be saturation phenomenon with harder downstream tasks and bigger networks as well as 
pretraining datasets, so there is a limit to upscaling.

8.4  In-domain pretraining

Different domains come with significantly different data characteristics. Medical images 
e.g. often have a different structure than natural images, including cluttering, no canonical 
views, specific color distributions, complex textures and fields of views (Anton et al. 2022; 
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Kang et al. 2023; Pani and Chawla 2025). Consequently, generalizing a pretext task can be 
challenging if the pretext and downstream data are too different (Dimitrovski et al. 2024; 
Ericsson et al. 2021, 2022b; Goyal et al. 2019; Van Horn et al. 2021). Instead, SSL excels 
if pretraining and downstream data are from the same domain  (Chen et  al. 2020c; Cole 
et al. 2022; Konstantakos et al. 2025; Sanchez-Fernandez et al. 2024) or if the domain gap 
is small (Jing and Tian 2020). Still, most SSL algorithms are pretrained on general bench-
marking datasets. The large size of such pretraining datasets is supposed to compensate 
the domain discrepancy (El-Nouby et al. 2021), but there is no general rule regarding the 
required size for a successful trade-off.

Table 12 compares the performance of self-supervised pretraining using either ID data 
or out-of-domain (OOD Data) data including the respective pretext tasks method (Method) 
and model architectures (Models). The performance is evaluated on the downstream data 
(Down Data) using different metrics (mean Average Precision (mAP), accuracy (Acc), Aver-
age Precision50 (AP50), AUC, and dice coefficient (Dice)). The column "Ratio" describes 
the size ratio between the ID and the OOD dataset, "Gain" is the percentage improvement 
achieved through pretraining with the ID dataset compared to the OOD dataset and "KT" 
is the knowledge transfer method used. MoCo-v3 results on ResNet-18 originate from 
Kawashti et al. (2023), who use a support vector machine (SVM) as a linear classifier for 
feature extraction. MP-MAE results are from Nedungadi et al. (2024), MoCo results stem 
from Yang et al. (2020a). MoCo-v2 results with TCGA or TCGA+TULIP originate from 
Kang et al. (2023). SimCLR results with iNat21 as out-of-domain (OOD) dataset have been 
published by Girish et al. (2022), while Al Kader Hammoud et al. (2025) applied YFCC 
as OOD data with SimCLR. AlexNet and U-Net results are from Zhang et al. (2024b). On 
average, ID-pretraining improves the downstream performance by 7.7% according to the 
data in Table 12. For LP only, the average gain is 10.7%, for FT 6.8% and for SVM 2.1%. 
For 84.6% of all examples in the table, ID-pretraining is positive or neutral. In all scenarios 
where the ODD dataset is smaller or not significantly bigger than the ID dataset (ratio 1.1 or 
below), ID pretraining is beneficial. Still, there seems to be no clear relation between OOD/
ID size ratio and performance gain, as the examples with a gain higher than 10% vary from 
2840.7 to 1.1 ratio, so ID-pretraining can even be beneficial if the ID-dataset is extremely 
small compared to the OD-dataset (Zhang et al. 2024b). Additionally, ID dataset can still 
have very different class similarities, visual distances, etc. There are only few cases where 
OOD-pretraining is superior, which might depend on the specific domain gap size, which 
can significantly vary in one domain. Consequently, the specific similarity between the ID 
pretraining dataset and the downstream dataset might be of more importance than the sole 
ratio. The benefits of ID-pretraining depend on the specific ID-dataset, e.g. TCGA is disad-
vantageous for MHIST, but the combination of TCGA and TULIP is beneficial (Kang et al. 
2023). Furthermore, ID improvement is not symmetrically; if one pretraining dataset is very 
beneficial for a downstream dataset of the same domain, the roles cannot always be success-
fully reversed (Jonske et al. 2025). Design choices involved in the curation of a pretraining 
dataset should create optimal characteristics for the ID-effect, e.g. a large label granularity, 
a meaningful label hierarchy and a high alignment (Hong et al. 2023). Additionally, the spe-
cific SSL framework and architecture matter. ID-pretraining with TFC5 is e.g. detrimental 
for OPPD dataset with DenseCL, but advantageous with MoCo-v2 (Ogidi et al. 2023). ViTs 
in general seem to benefit more from domain-alignment than CNNs (Kang et al. 2023). The 
ID-effect might also be most relevant for "domain adaptive" pretraining  (Lahrichi et  al. 
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2025; Risojević and Stojnić 2022; Zhang et  al. 2022b). Upscaling both dataset size and 
model capacity generates higher performances in ID-training (Filiot et al. 2023). High spa-
tial resolutions are important for ID pretraining with remote sensing images, maybe more 
important than large datasets and high class diversity (Ghanbarzadeh and Soleimani 2024).

Although there are differences regarding the learning paradigms, ID-pretraining is ben-
eficial in most cases, especially for tasks with a high level of difficulty (Zheng et al. 2021), 
when the image characteristics of the target domain are very different from those of com-
mon pretraining datasets (e.g. in remote sensing (Dimitrovski et al. 2024)) or if the target 
dataset is rather small (Konstantakos et al. 2025; Sanchez-Fernandez et al. 2024). ID and 
low-data DINO-pretraining outperforms large-scale supervised pretraining in microscopy 
imaging, while there is a threshold of dataset size below which SSL is ineffective (50k – 
65k images in this case)  (Konstantakos et  al. 2025). Self-supervised ID pretraining can 
outperform large-scale pretraining given low data (50k-300k images) (Konstantakos et al. 
2025). Similarly, for remote sensing, ID SSL is competitive or even better than OOD SL 
although the respective OD dataset is 6.5-times bigger (Sanchez-Fernandez et al. 2024). CL 
rather focuses on high-level structures, probably being able to bridge domain gaps more 
easily (Zhang et al. 2023c). In contrast, predictive and generative SSL tend to be more sen-
sible regarding overfitting and data bias and therefore might be less useful for high domain 
gaps  (Zhang et  al. 2023c). Due to the similarity of ImageNet and common downstream 
datasets (e.g. Cars, Flowers, Pets or Food), the high performance could partly be explained 
with the ID-effect (Al Kader Hammoud et al. 2025).

However, it is essential to understand the causes of the ID-pretraining benefits. One 
aspect is the pretext data bias (Purushwalkam and Gupta 2020), which can be detrimental 
given significantly different downstream data characteristics. If the information extracted 
during the pretext task is not beneficial for the target task, negative transfer can occur, as 
poorly performing, rare or erroneously correlated features can be transferred, which hinders 
successful generalization (Yang et al. 2023b). As domain properties are reflected by Batch 
Normalization (BN) statistics, a large domain gap leads to the development of an unfavor-
able mixed data distribution within the BN layers during FT (Zhang et al. 2023c; Zhou et al. 
2022a). In contrast, ID pretraining results in a higher feature reuse rate and is also more 
beneficial for complex downstream tasks, smaller downstream datasets or in general when 
LP is performed (Jonske et al. 2025). ID-models also seem to have a "lower attentive diffu-
sion", they only encode key areas of the ID-data and are characterized by "focused feature 
extraction" (Anton et al. 2022). ID pretraining in low-data regimes for medical images is 
probably beneficial as the features of large-scale RGB datasets are not helpful for these tasks 
and SSL is less affected by class imbalance issues (Konstantakos et al. 2025).

In summary, SSL pretraining is most beneficial when source and target domain are 
similar, while small downstream datasets tend to benefit from SSL pretraining even if the 
domain gap is wider  (Al Kader Hammoud et  al. 2025; Matsoukas et  al. 2022). In cases 
where image characteristics vary significantly within one domain, ID pretraining may be 
less helpful than training with general benchmarking datasets  (Jonske et  al. 2025). The 
success of ID-pretraining raises the question if the design of suitable pretraining datasets is 
more important than pretext task optimization (Gui et al. 2024).
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8.5  Self-pretraining

Self-pretraining is a sub-type of ID-pretraining, where pretraining is executed with the 
downstream dataset to avoid domain discrepancies (Jiang and Veeraraghavan 2024; Krishna 
et al. 2023; Zhou et al. 2023a). Due to the effectiveness of ID-pretraining, the question arises 
whether the more extreme self-pretraining is beneficial, as there is no benefit in using a dif-
ferent pretraining dataset if all the necessary visual features can already be extracted from 
the downstream data  (Mensink et  al. 2022). Self-pretraining is e.g. common in medical 
image analysis (Jiang and Veeraraghavan 2024). Table 13 compares self-pretraining with 
standard pretraining taking the size ratio of both datasets into consideration. On average, 
self-pretraining improves the downstream performance by 14.5%. According to the results 
of Table 13, self-pretraining is always significantly better if pretraining and self-pretrain-
ing dataset have the same size: Cole et al. (2022) pretrain SimCLR on iNat21, ImageNet, 
Places365 and GLC20 using only 1 M of the full datasets to generate equal sizes for both 
pretraining and self-pretraining. They evaluate the downstream performance using LP and 
the full datasets (Cole et al. 2022). The generated improvements due to self-pretraining are 
very high (up to 163.6%) due to the bad pretraining performance. For a size ratio of up to 
16.9, self-pretraining is beneficial in most cases and slightly negative in few. For ratios of 
21.0 or higher, self-pretraining is mostly detrimental. Still, when using Derm dataset for 
downstream classification and ImageNet for pretraining with a ratio of 83.5, self-pretraining 
is better, probably due to the high domain gap (Azizi et al. 2021). The exact gain is hard to 
forecast, as the bigger CheXpert (Irvin et al. 2019) profits way more from ImageNet pre-
training than Derm (Azizi et al. 2021). Still, there seems to be a general trade-off between 
domain gap and data scarcity.

Jiang and Veeraraghavan (2024) compare standard pretraining with self-pretraining on 
both Swin and ViT regarding lung tumors segmentation with SMIT and PRCL-v2. Pre-
training is done with a large dataset (10,412 3D CT scans) with subsequent FT on 350 
scans, while self-pretraining only used these 350 scans (Jiang and Veeraraghavan 2024). To 
compensate for this difference, self-pretraining is four times longer (Jiang and Veeraragha-
van 2024). Self-pretraining performs worse, but both the huge difference in dataset size 
and the fact that the pretraining dataset and the self-pretraining dataset are from the same 
domain have to be taken into consideration  (Jiang and Veeraraghavan 2024). Similar to 
ID-pretraining, the effectiveness of self-pretraining seems to depend on whether the higher 
similarity can compensate for the smaller dataset size, as self-pretraining with small data-
sets can cause overfitting (El-Nouby et al. 2024). However, it is difficult to determine the 
specific dataset ratio for the trade-off. Self-pretraining with Flowers dataset is detrimental, 
which could be attributed to the low diversity of the dataset with high inter-class similarity 
used for fine-grained classification (Yangyang and Xiang 2019), which probably makes it 
relatively unsuitable for pretraining. Compared to ImageNet pretraining, self-pretraining 
generates on average 4.9% improvement, while compared to all other pretraining datas-
ets the improvement is 20.1%. This demonstrates the general suitability of ImageNet for 
pretraining. In general, self-pretraining seems to decrease performance most if both the 
downstream dataset and the domain gap are small. Still, it could be a good option given 
sufficiently large downstream data and a big domain gap. Consequently, self-pretraining is 
particularly useful if only an OOD dataset is available as alternative. If a larger ID dataset is 
available, this should probably be preferred. This conclusion is consistent with the findings 

1 3

  112   Page 52 of 114



A survey on design choices for self-supervised learning in computer…

M
et

ho
d

A
rc

hi
te

ct
ur

e
K

T
Pr

et
ra

in
 d

at
a

Se
lf-

pr
et

ra
in

 d
at

a
R

at
io

M
et

ric
Pr

et
ra

in
Se

lf-
pr

et
ra

in
G

ai
n

Si
m

C
LR

R
es

N
et

-5
0

LP
iN

at
21

 (1
 M

)
G

LC
20

 (1
 M

/F
ul

l)
1.

0
m

A
P

70
.7

76
.9

13
.1

Si
m

C
LR

R
es

N
et

-5
0

LP
iN

at
21

 (1
 M

)
Pl

ac
es

36
5 

(1
 M

/F
ul

l)
1.

0
A

cc
41

.6
50

.0
17

.1
Si

m
C

LR
R

es
N

et
-5

0
LP

Pl
ac

es
36

5 
(1

 M
)

G
LC

20
 (1

 M
/F

ul
l)

1.
0

m
A

P
18

.7
76

.9
12

6.
5

Si
m

C
LR

R
es

N
et

-5
0

LP
Pl

ac
es

36
5 

(1
 M

)
iN

at
21

 (1
 M

/F
ul

l)
1.

0
A

cc
29

.2
49

.3
25

.7
Si

m
C

LR
R

es
N

et
-5

0
LP

G
LC

20
 (1

 M
)

iN
at

21
 (1

 M
/F

ul
l)

1.
0

A
cc

18
.7

49
.9

16
3.

6
Si

m
C

LR
R

es
N

et
-5

0
LP

G
LC

20
 (1

 M
)

Pl
ac

es
 (1

 M
/F

ul
l)

1.
0

A
cc

32
.9

50
.1

52
.3

Si
m

C
LR

R
es

N
et

-5
0

LP
Im

ag
eN

et
 (1

 M
)

iN
at

21
 (1

 M
/F

ul
l)

1.
0

A
cc

37
.3

49
.3

32
.2

Si
m

C
LR

R
es

N
et

-5
0

LP
Im

ag
eN

et
 (1

 M
)

Pl
ac

es
36

5 
(1

 M
/F

ul
l)

1.
0

A
cc

48
.6

50
.1

3.
1

Si
m

C
LR

R
es

N
et

-5
0

LP
Im

ag
eN

et
 (1

 M
)

G
LC

20
 (1

 M
/F

ul
l)

1.
0

m
A

P
71

.6
76

.9
7.

4
M

A
E

V
iT

-B
FT

Im
ag

eN
et

C
O

C
O

5.
3

A
P

m
44

.6
44

.9
0.

7
Si

m
C

LR
R

es
N

et
-5

0
FT

Im
ag

eN
et

C
he

X
pe

rt
5.

7
A

U
C

0.
76

3
0.

76
5

0.
2

Si
m

C
LR

R
es

N
et

-5
0(

4x
)

FT
Im

ag
eN

et
C

he
X

pe
rt

5.
7

A
U

C
0.

76
8

0.
76

7
−0

.2
Si

m
C

LR
R

es
N

et
-1

52
(2

x)
FT

Im
ag

eN
et

C
he

X
pe

rt
5.

7
A

U
C

0.
76

7
0.

76
8

0.
2

M
A

E
V

iT
-L

FT
Pl

ac
es

36
5

C
O

C
O

7.
5

A
P

m
46

.6
47

.1
1.

1
M

A
E

V
iT

-B
FT

Pl
ac

es
36

5
C

O
C

O
7.

5
A

P
b

49
.2

50
.5

2.
6

M
A

E
V

iT
-L

FT
O

pe
n 

Im
ag

es
C

O
C

O
14

.7
A

P
m

47
.3

47
.1

−0
.4

M
oC

o
R

es
N

et
-5

0
FT

SU
N

-3
97

C
al

te
ch

-2
56

16
.9

A
cc

53
.9

56
.6

5.
0

M
oC

o
R

es
N

et
-5

0
FT

SU
N

-3
97

Fl
ow

er
s-

10
2

21
.0

A
cc

78
.1

57
.6

−2
6.

3
M

oC
o

R
es

N
et

-5
0

FT
SU

N
-3

97
Pn

eu
m

on
ia

22
.3

A
cc

93
.8

93
.4

−0
.3

SM
IT

V
iT

-B
FT

3D
 C

T/
LC

TN
/L

R
ad

29
.7

A
cc

66
.0

64
.0

−3
.0

SM
IT

Sw
in

-S
FT

3D
 C

T/
LC

TN
/L

R
ad

29
.7

A
cc

69
.0

63
.0

−8
.7

PR
C

L-
v2

ns
U

ne
t

FT
3D

 C
T/

LC
TN

/L
R

ad
29

.7
A

cc
46

.0
45

.0
−2

.2
M

A
E

V
iT

-B
FT

Im
ag

eN
et

A
D

E2
0k

63
.4

m
Io

U
47

.5
48

.2
1.

5
Si

m
C

LR
R

es
N

et
-5

0
FT

Im
ag

eN
et

D
er

m
83

.5
A

cc
62

.6
63

.7
1.

7

Ta
bl

e 
13

 I
m

pr
ov

em
en

ts
 (G

ai
n)

 d
ue

 to
 s

el
f-

pr
et

ra
in

in
g 

(S
el

f-
pr

et
ra

in
) c

om
pa

re
d 

to
 s

ta
nd

ar
d 

pr
et

ra
in

in
g 

(P
re

tra
in

) s
or

te
d 

by
 th

e 
ra

tio
 o

f t
he

 re
sp

ec
tiv

e 
da

ta
se

t s
iz

es
 (R

at
io

), 
in

-
cl

ud
in

g 
pr

et
ex

t t
as

ks
 (M

et
ho

d)
, m

od
el

 a
rc

hi
te

ct
ur

e 
(A

rc
hi

te
ct

ur
e)

 a
nd

 K
T 

m
et

ho
d 

(K
T)

. T
he

 se
lf-

pr
et

ra
in

in
g 

da
ta

se
t i

s a
lw

ay
s u

se
d 

fo
r d

ow
ns

tre
am

 tr
ai

ni
ng

. E
va

lu
at

io
n 

m
et

ric
s 

ar
e 

m
ea

n 
av

er
ag

e 
pr

ec
is

io
n 

(m
A

P)
, a

cc
ur

ac
y 

(A
cc

), 
A

U
C

, m
as

k 
av

er
ag

e 
pr

ec
is

io
n 

( A
P

m
), 

bo
x 

av
er

ag
e 

pr
ec

is
io

n 
( A

P
b
), 

an
d 

m
ea

n 
In

te
rs

ec
tio

n-
ov

er
-U

ni
on

 (m
Io

U
). 

Si
m

C
LR

 
re

su
lts

 w
ith

 L
P 

ar
e 

fr
om

 C
ol

e 
et

 a
l. 

(2
02

2)
 w

ho
 u

se
 o

nl
y 

1 
M

 o
f t

he
 re

sp
ec

tiv
e 

da
ta

se
t f

or
 b

ot
h 

ty
pe

s o
f p

re
tra

in
in

g,
 b

ut
 th

e 
fu

ll 
da

ta
se

ts
 fo

r t
he

 d
ow

ns
tre

am
 ta

sk
. S

im
C

LR
 re

su
lts

 
w

ith
 F

T 
or

ig
in

at
e 

fr
om

 A
zi

zi
 e

t a
l. 

(2
02

1)
, M

A
E 

re
su

lts
 fr

om
 H

u 
et

 a
l. 

(2
02

2)
 a

nd
 M

oC
o 

re
su

lts
 fr

om
 Y

an
g 

et
 a

l. 
(2

02
0a

). 
R

es
ul

ts
 w

ith
 S

M
IT

 a
nd

 P
R

C
L-

v2
 a

re
 fr

om
 Ji

an
g 

an
d 

Ve
er

ar
ag

ha
va

n 
(2

02
4)

, r
es

ul
t w

ith
 A

IM
 fr

om
 E

l-N
ou

by
 e

t a
l. 

(2
02

4)

1 3

Page 53 of 114    112 



L. Wittscher

M
et

ho
d

A
rc

hi
te

ct
ur

e
K

T
Pr

et
ra

in
 d

at
a

Se
lf-

pr
et

ra
in

 d
at

a
R

at
io

M
et

ric
Pr

et
ra

in
Se

lf-
pr

et
ra

in
G

ai
n

Si
m

C
LR

R
es

N
et

-5
0(

4x
)

FT
Im

ag
eN

et
D

er
m

83
.5

A
cc

64
.6

66
.9

3.
6

Si
m

C
LR

R
es

N
et

-1
52

(2
x)

FT
Im

ag
eN

et
D

er
m

83
.5

A
cc

66
.4

66
.4

0.
1

M
oC

o
R

es
N

et
-5

0
FT

SU
N

-3
97

C
O

V
ID

-C
T

37
4.

0
A

cc
79

.4
61

.7
−2

2.
2

A
IM

A
IM

-0
.6

B
LP

D
FN

-2
B

Im
ag

eN
et

15
06

.4
A

cc
74

.5
73

.5
−1

.3

Ta
bl

e 
13

 (
co

nt
in

ue
d)

 

1 3

  112   Page 54 of 114



A survey on design choices for self-supervised learning in computer…

for self-pretraining and NLP (Krishna et al. 2023). Clear threshold values cannot be deter-
mined as these are probably also dependent on other design choices and data characteristics.

9  Predictive learning

The choice of a suitable pretext task and the respective hyperparameters is essential to 
enable the network to learn semantically meaningful representations with predictive SSL 
and requires both domain adaption and knowledge (Jing and Tian 2020). Given different 
predictive approaches, the pretext task type seems to be more important than the network 
size: Comparing Jigsaw (ResNet-50 2x, 94 M), Rel. Position (ResNet-50 2x, 94 M) and 
Rotation (RevNet-50 4x, 86  M) for ImageNet classification, the smallest model has the 
highest performance 55.4%, followed by Rel. Position (51.4%) and Jigsaw (44.6%) (Wang 
et al. 2022a). However, the group of predictive SSLs is very heterogeneous, making gen-
eralizations difficult. The complexity and consequently the difficulty of the pretext tasks 
are an important factors for downstream performance (see 6.1). Predictive SSL is based on 
pseudo-labels generating pseudo-categories, so both difficulty and performance are highly 
influenced by how easily distinguishable these are (see Sect.  9.1). While CL and MIM 
include projectors or heads being discarded after pretraining as intermediate representa-
tions are more useful for downstream learning (Alkin et al. 2025; Ericsson et al. 2022b), for 
predictive SSL the question which layer to extract the features from is very relevant (see 
Sect. 9.2). Many predictive SSL models also combine multiple pretext task (see Table 9).

9.1  Pretext difficulty and distinguishable pseudo-categories

Most predictive pretext tasks are are influenced by the difficulty and the number of dis-
tinguishable pseudo-categories of the pretext task. Jigsaw includes e.g. a hyperparameter 
determining the number of patch permutations; higher values increase the difficulty and 
thereby the performance (Goyal et al. 2019; Noroozi and Favaro 2016). Still, the maximum 
value is restricted due to the number of learnable parameters in the output layer growing 
linearly with the number of patch permutations (Misra and Maaten 2020). Rel. Position has 
been developed to teach the model the spatial context of the objects (Doersch et al. 2015). 
Locating objects in different patches poses the danger of failing to learn the relationship 
between patches (Wang et al. 2023a). Furthermore, instead of semantically meaningful fea-
tures, trivial ones can be learned and global information is excluded (Wang et al. 2023a). 
Shortcut learning via texture continuity or boundary patterns has to be avoided by increasing 
the pretext difficulty e.g. by additional gaps, color channel shifting, random patch displace-
ment, or randomly jittered patches (Shurrab and Duwairi 2022; Wang et al. 2023a). Color-
ization requires pixel-level and semantic scene understanding, resulting in representations 
which are useful for object classification, detection, and segmentation (Jin et al. 2020; Lars-
son et al. 2016; Xiao et al. 2022; Zhang et al. 2016). Predicting color histograms is superior 
to a single color prediction, as many objects have more than one possible color (Larsson 
et al. 2016; Zhang et al. 2016). Colorization profits from complex networks, while complex 
architectures benefit from more complex colorization tasks (Larsson et al. 2016).

Although being a rather simple pretext task, Rotation helps the model to deal with dif-
ferent views, captures high-level features and requires semantic understanding of objects as 
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well as their locations and backgrounds (Jing et al. 2018). Furthermore, it does not increase 
computation complexity excessively and avoids learning trivial solutions, as it generates no 
artifacts (Jing et al. 2018). Rotation is only beneficial if learning rotation-invariant features 
contributes to the downstream task and if the dataset has a canonical orientation. The opti-
mal number of rotations for 2D images is consistent across tasks: Four rotational modes (0◦, 
90◦, 180◦, 270◦) appear to be a good trade-off between too few classes and indistinguish-
able orientations (Gidaris et al. 2018; Ji et al. 2022; Jing et al. 2018; Yamaguchi et al. 2021; 
Yi et al. 2022). For Rotation with 3D point clouds, Poursaeed et al. (2020) use Orientation 
Estimation and consider each point cloud as a regular polyhedron with several vertices. 
They achieve the best results using six rotation angles, while each can be understood as a 
direction on the three axes (Poursaeed et al. 2020). When applying more rotation angles, 
the accuracy decreases significantly, e.g. for 18 rotations angles it drops from 99.8% to 
89.0% (Poursaeed et al. 2020). These results show the importance of clearly distinguishable 
pseudo-categories for predictive learning.

9.2  Feature extraction layer

Choosing the best feature extraction layer for the downstream task is particularly crucial 
for predictive SSL (Ericsson et al. 2022b; Goyal et al. 2019), as the models mostly do not 
use a projector or head which is removed after pretraining. While the first layers encode 
more simple representations and later layers increasingly complex and abstract patterns, the 
best option is task- and data-specific and could profit from a combination of features from 
various layers (Ericsson et al. 2022b; Gidaris et al. 2018; Jing and Tian 2020). The repre-
sentation quality can decrease in deeper layers if the model loses general semantic features 
and becomes too specialized to the pretext task (Gidaris et al. 2018; Kolesnikov et al. 2019; 
Noroozi and Favaro 2016). Predictive SSL tends to be as good as SL in the first layers, while 
rather struggling with deeper layers (Mundhenk et al. 2018). For AlexNet on ImageNet, the 
best accuracies are achieved in layer three or four and the performance decreases again in 
the last layer (Kim et al. 2018). For the medical NCC dataset, U-Net based architectures and 
different predictive frameworks (Rotation, RPL, Rubik’s Cube), features from the first three 
layers are most useful for the downstream task (Zhang et al. 2023c). Similar observations 
regarding the superiority of intermediate layers are provided by Caron et al. (2018); Zhang 
et al. (2017); Zhuang et al. (2019b) and are in accordance with similar trends for contrastive 
and generative SSL.

10  Contrastive learning

The most important elements of CL regarding design choices are data augmentation, 
encoder, and projector (see Fig. 9). CL approaches with negative samples require additional 
sampling. Together, negative and positive samples determine which features are discrimi-
nated and dominate learning (Robinson et al. 2021b).
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10.1  Data augmentation strategy

CL is very sensitive regarding data augmentation (Albelwi 2022; Giakoumoglou et al. 2025; 
Grill et al. 2020), which is an integral part of the pretext task as it creates positive (and nega-
tive) views, which allow learning view-invariant representations (Hu et al. 2024b; Zhang 
et  al. 2024f). MIM are more sample-efficient and consequently require less augmenta-
tions (El-Nouby et al. 2024; Moutakanni et al. 2024). Data augmentations implicitly encode 
weak supervision (Bendidi et al. 2024) and shift the focus from instance classes to a direct 
comparison of image features with the applied transformations defining the learned invari-
ances (Caron et al. 2021a). Augmentations are crucial for sparsity, as the network learns 
feature representations focusing on spurious dense noise otherwise  (Wen and Li 2021). 
They enable "feature decoupling", so models concentrate on the features associated with the 
sparse signals instead of the ones related to noise (Jia and Chan 2022; Wen and Li 2021). 
Augmentations exploit domain-specific inductive biases such as symmetries or equivari-
ances (Chen et al. 2021b). Table 14 lists important contrastive models and the augmenta-
tions they apply, showcasing that most use similar combinations.

According to Morningstar et al. (2024), enhanced augmentation strategies can generate 
improvements of 2-4%, while algorithmic enhancements (such as novel loss functions or 
incorporating prediction networks) generate improvements below 1%. According to their 
work, optimizing data augmentation techniques is a more important driver of SSL success 
than optimizing pretraining, as the main performance gain when comparing older frame-
works (e.g. SimCLR) and newer ones (e.g. DINO) can be attributed to augmentations (5%), 
followed by model size (2.3%), momentum encoder (1.8%), and predictor (0.3%) (Morn-
ingstar et al. 2024). Zhang et al. (2021e) show that optimizing data-augmentation-related 
hyperparameters can have a greater effect than optimizing classical training hyperparameters 
such as learning rate, optimizer or weight decay. Wagner et al. (2022) compare the impact 
of diverse hyperparameters (learning rate, warmup epochs, warmup multiplier, optimizer, 
weight decay start and end) and augmentation strategies (e.g. color, quality and geometric 
transformations) on the model performance using SimSiam, ResNet-18 as well as the data-
sets CIFAR-10, CIFAR-100 and DermaMNIST. While hyperparameter optimization only 
results in marginal improvements, optimizing the data augmentation strategies increases 
performance by at least 1% to 2.3% (Wagner et al. 2022). In turn, optimizing the hyperpa-

Fig. 9  Important design choices for CL include the selection of augmentation strategies, their combina-
tion and strength. CL methods with negative views require negative sampling strategies. The size and 
architecture of encoder and projector, the encoder-projector relation and Guillotine regularization should 
also be considered
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rameters of the augmentations can achieve significant performance improvements (Bendidi 
et al. 2024; Chen et al. 2020b).

But what characterizes optimal augmentation strategies? Each positive view should be 
significantly different from all other images (Pal et al. 2019). The distribution of augmented 
images should have a low inter-class but a high intra-class overlap (Abnar et al. 2021). Opti-
mal views are task-dependent and influence the learned semantics (Balestriero et al. 2023; 
Tian et al. 2020b). The downstream task mainly benefits from polar (in-)variances, which is 
why data augmentation should be precisely adapted to the specific downstream feature (in-)
variances required (Ericsson et al. 2022a). Different methods of CL learn different invari-
ances as they apply different transformations, which in turn leads to features being invariant 
to that augmentation (Balestriero et al. 2023; Ericsson et al. 2022a). These invariances gen-
eralize to real-world transformations and strongly affect downstream performance (Erics-
son et al. 2022a). The views should only "share the minimal information" required for the 
downstream task and the MI between views should exclude nuisance variables (Tian et al. 
2020b). This requires massive changes in the visual appearance of images without manipu-
lation of the semantic meaning (Albelwi 2022). Transformation should preserve all required 
class information and therefore can be understood as a form of weak supervision (Bendidi 
et al. 2023). Consequently, the appropriate data augmentation strategies are domain-depen-
dent and require domain expertise (Bendidi et al. 2023). As a result, recipes developed for 
standard RGB-images benchmarking datasets (mostly ImageNet) might be less suitable for 
other datasets  (Bordes et al. 2023b; Scheibenreif et  al. 2022; Xiao et al. 2021). Further-
more, hand-crafted data augmentations are especially relevant given bigger model sizes, as 
more augmentation can mitigate the risk of overfitting (Moutakanni et al. 2024). Increasing 
the data augmentations is therefore an alternative to upscaling the pretraining dataset size 
with the network size (Moutakanni et al. 2024). According to Liang et al. (2023), applying 
semantic augmentations to each modality helps to preserve task-relevant information in 
multimodal settings. Multimodal augmentations are superior to unimodal ones (Liang et al. 
2023). However, augmentations removing information which is shared across modalities 
should be avoided (Liang et al. 2023). According to Dufumier et al. (2025), strong augmen-
tations are important to learn multimodal interactions. In the following sections, the most 
important data augmentation strategies and how to combine them are discussed.

10.1.1  Color augmentations

The most important color augmentations for CL are distortion, grayscale, and jitter. Chen 
et al. (2020b) define color distortion as a combination of color dropping, brightness, con-
trast, saturation, and hue. While having a huge influence on natural images  (Chen et  al. 
2020b; Wang et al. 2022a), the benefits seem to be similar to simple grayscale (Chen et al. 
2020a). Grayscale seems to be essential for both SimCLR and BT (Bordes et al. 2023b). 
Both are mostly used in combination with color jitter, which randomly adjusts hue, contrast, 
brightness and saturation (Balestriero et al. 2023) and consequently produce samples which 
are different from natural color changes (Purushwalkam and Gupta 2020; Zini et al. 2023). 
Both color distortion and jitter result in a loss of hue information while preserving object 
positions (Von Kügelgen et al. 2021). Self-pretraining results on CIFAR-100 with SimSiam 
drop by 18% in accuracy when removing all color augmentations, as less color invariance 
can be extracted by the encoder (Zini et al. 2023). With SimCLR, color modification and 
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cropping are the most effective strategies among crop, cutout, color, sobel, noise, blur and 
rotate regarding ImageNet Top-1 accuracy Chen et  al. (2020b). In contrast, CIFAR-pre-
training combined with Flowers-102 downstream classification profits from removing color 
augmentations (12.75% accuracy increase) as color augmentations can prevent CL models 
from learning color information, which is problematic for downstream tasks requiring this 
knowledge (Cole et al. 2022; Ericsson et al. 2021; Zini et al. 2023), demonstrating the data-
set- and downstream dependency of suitable augmentation choices.

10.1.2  Random resized cropping

Random resized cropping (Crop) is one of the most common augmentation techniques, 
mostly center crops with a resized final resolution of 224x224 are applied (Grill et al. 2020). 
SimCLR, BYOL and SimSiam are very sensitive regarding the removal of Crop (Berg et al. 
2022; Dangovski et al. 2021). Due to Crop, position information is discarded (Von Kügel-
gen et al. 2021) which is only useful if the image patches have a high amount of shared 
information (Tamkin et al. 2021). Presumably, Crop only leads to beneficial representation 
learning on object-centric datasets (Purushwalkam and Gupta 2020). The crop size should 
be in accordance with the required scale of details, fine-grained images require smaller crop 
sizes (Cabannes et al. 2023). Crop shifts the focus to details within the crop size (Cabannes 
et al. 2023). Eliminating long-range interactions between image parts can lead to erroneous 
features but causes a forced locality which is often beneficial for generalization (Cabannes 
et  al. 2023). SwAV introduces Multi-Crop, which combines small crops (96 x 96) with 
two big ones (224 × 224) and compares the big crops with all others (Caron et al. 2021a), 
creating a “local-to-global” augmentation (Zhou et al. 2022c). This multi-view strategy can 
improve both robustness and generalization as one sample can be observed from differ-
ent perspectives, improving the quality of the extracted features (Hu et al. 2024b). Models 
can consequently handle deformation, occlusion, and illumination better (Hu et al. 2024b). 
While SL does not benefit from Multi-Crop, it does improve most CL frameworks (Caron 
et al. 2021a) and is beneficial for feature quality (Caron et al. 2021b). According to Bales-
triero et al. (2023), varying the number and size of the crops can increase the performance 
between 0.3 and 4 percentage points. Overlaps of local and global crops can furthermore 
be beneficial (Hu et al. 2025). Morningstar et al. (2024) report an average improvement of 
2.5% top-1 LP accuracy due to Multi-Crop with SimCLR, BYOL, MoCo v2, SwAV, DINO, 
and MoCo-v3 on ViT-B, while DINO (+9.6%) and SwAV (+3.6%) profit most.

10.1.3  Advanced augmentation techniques

Several authors aim to use alternatives to handcrafted data augmentation techniques, such as 
reconstruction-based objectives, which avoids having to define specific invariances (Assran 
et al. 2023; Baevski et al. 2023; He et al. 2022), style-based augmentations, which try to store 
the style information contained in the augmentations (e.g. color) to improve downstream 
tasks that require such information (Dangovski et al. 2021; Gidaris et al. 2018; Scherr et al. 
2022; Xiao et al. 2021), equivariance encoding (Marchetti et al. 2023; Park et al. 2022), 
splitting representations as invariant and equivariant (Garrido et al. 2023b; Ibrahim et al. 
2022)  (Balestriero et al. 2023), learning hyper-representations of the network  (Schürholt 
et al. 2022), AutoAugment  (Cubuk et al. 2018) or Fast AutoAugment  (Lim et al. 2019). 
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Zhang et al. (2023f) propose changing the applied augmentation over the course of the train-
ing time, which improves classification of a subset of ImageNet with 100 classes by 1.1% on 
MoCo-v2 using LP. Zhang et al. (2024f) augment in the feature space for domain-agnostic 
results. Training a generative model to produce useful views for a given objective might be a 
strategy for more general CL without domain expertise or tailored pretraining (Tamkin et al. 
2021). As the standard transformations applied are rather simple and not representative for 
natural image variations, which might constrain both diversity and quality of the learned 
representations, generative augmentation could be one solution to guard the semantics of 
the source image (Ayromlou et al. 2025). Still, they work best in combination with standard 
augmentations (Ayromlou et al. 2025). Furthermore, there are several approaches to gener-
ate positive samples without augmentation  (Hu et al. 2024b): Quan et al. (2023) exploit 
the semantic context and use background information as negative samples, Dwibedi et al. 
(2021) select the most similar positive sample within a support set and Park et al. (2020) 
divide images into patches which are used as positive and negative samples.

10.1.4  Combining data augmentation strategies

Combining multiple data augmentations is the best strategy for effective representation 
learning: it improves results and generates more general features, prevents low-level short-
cuts and speeds up convergence (Cabannes et al. 2023; Chen et al. 2020b; Ohri and Kumar 
2021). Still, more original samples are even better than more views (Bardes et al. 2022; 
Cabannes et al. 2023). The combination of Crop, Color Distortion, Color Jitter, Horizon-
tal Flip, and Gaussian Blur is fundamental for most instance-wise CL frameworks (see 
Table 14, Bachman et al. (2019) and Bai et al. (2022)). Crop and then Color Distortion leads 
to 56.3% top-1 LP-accuracy on ImageNet with SimCLR, while sole Crop results in 33.1% 
and Sole Color Distortion in 18.8% (Chen et al. 2020b). According to Bordes et al. (2023b), 
the combination of Crop and Grayscale already yields very good performance for both Sim-
CLR and BT with ImageNet (63.5% top-1 accuracy with BT). With BYOL augmentations, 
Self-Classifier achieves 68.1% ImageNet Top-1 LP-accuracy after 100 epochs with Color 
Jittering, Gaussian Blur and Solarization, but they reach 72.4% if Multi-Crop and Nearest 
Neighbour Augmentation (Dwibedi et al. 2021) are added (Amrani et al. 2022). Morningstar 
et al. (2024) evaluate the impact of more diverse data augmentations on ImageNet top-1 
LP-accuracy for SimCLR, BYOL, MoCo v2, SwAV, DINO, and MoCo v3 on ViT-B. More 
diverse augmentations always seem to be beneficial, the relative increase can be up to 23% 
compared to sole Crop or 5% compared to the SimCLR augmentations (Morningstar et al. 
2024). BYOL augmentations increase performance on average by 2.3% compared to Sim-
CLR augmentations, although the only difference is the addition of Solarization and minor 
hyperparameter adjustments, which emphasizes the importance of augmentation optimiza-
tion (Morningstar et al. 2024).

While ImageNet, Cifar10, iNaturalist18 and Places205 clearly profit from applying 
Solarization with SimCLR; CLEVR-Dist and Eurosat do not (Bordes et al. 2023b). Zhang 
et al. (2023c) analyze the benefits of additional data augmentation (Flip, Rotation, and Ran-
dom Scaling) on medical data with SimCLR and BYOL. They conclude that strong addi-
tional augmentations degrade the performance, especially for SimCLR, while both models 
benefit from additional Rotation (Zhang et al. 2023c). Rotation decreases the downstream 
capabilities to classify rotation angles (Xiao et al. 2021), which might help with rotation-
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invariant data (Jaiswal et al. 2020). Removing Color Distortion decreases top-1 accuracy on 
ImageNet by 9.1 percentage points with BYOL, but 22.2 with SimCLR (Grill et al. 2020). 
SwAV and BT both are sensitive to Crop: When training on BigEarthNet without Crop, 
they collapse, while MoCo-v2 and SimSiam only suffer from a performance drop (Wang 
et al. 2022a). Consequently, CL frameworks differ significantly regarding their sensitivity 
towards the removal of specific data augmentation techniques.

10.1.5  Strength of data augmentations

Stronger augmentations can result in more structured representations, reducing the search 
space and preventing collapses (Cabannes et al. 2023). Harder augmentation methods (e.g. 
AutoAugment, Fast AutoAugment or Jigsaw) are especially effective for CL with negative 
samples (Bachman et al. 2019; Bai et al. 2022; Tian et al. 2020b; Zhou et al. 2022c). The 
appropriate complexity level of finding similarities in the augmented views has to be high 
enough to compensate for the labels, but the image should still be representative of the 
original distribution (Albelwi 2022) to avoid performance degradation and collapsed solu-
tions (Bai et al. 2022). Strong data augmentations help to learn effective features (Zhang 
et al. 2023f) and improve downstream classification accuracy by decreasing the MI between 
views  (Tian et  al. 2020b). The augmentation strength determines the degree of invari-
ance of the representations and how strongly each view and its nearest neighbor should 
be projected to opposite directions (Cosentino et al. 2022a). The strength determines if the 
projector rather than the encoder learns to be invariant to augmentations (Cosentino et al. 
2022a). Stronger and more diverse augmentations result in a higher tendency of the projec-
tor for dimensional collapse, which makes the encoder more suitable for the downstream 
task (Cosentino et al. 2022a). Cosentino et al. (2022a) propose an upper bound to InfoNCE 
loss which can be split into an invariance loss, a repulsion loss and a logarithmic term given 
a linear projection. Given light augmentations, the repulsion term dominates the loss func-
tion while stronger augmentations balance invariance and repulsion loss (Cosentino et al. 
2022a). While too hard data augmentation can be counterproductive in supervised settings 
as class boundaries can be transgressed, hard positive samples in SSL improve instance dis-
crimination (Appalaraju et al. 2020). Bachman et al. (2019) compare the effects of augmen-
tation strength, NCE loss regularization and multiscale feature learning: They use STL10 
and ImageNet with AMDIM and conclude that switching from basic to strong augmenta-
tions has the strongest effect. Still, strong augmentations come with disadvantages: due to 
the massive Crop in MoCo and PIRL, the learned representations are inferior at capturing 
viewpoint and instance invariance, which can hinder occlusion-invariant learning and object 
discrimination in non-object-centric dataset  (Appalaraju et  al. 2020; Purushwalkam and 
Gupta 2020). The network should not merely rely on the augmentation patterns instead of 
the underlying representation (Zhang et al. 2023f). Strong augmentations when training on 
the downstream task can degrade segmentation performance given medical images (Zhang 
et al. 2023c). Tian et al. (2020b) analyze the influence of the strength of Crop and Jitter on 
the ImageNet downstream accuracy: both methods show a reverse-U shape, indicating that 
medium values provide the best results. The strength of the augmentation must therefore be 
well tuned to enable successful CL. According to Bendidi et al. (2024), both the augmenta-
tion probability and intensity impact the accuracies of classes differently, as different classes 
are characterized by a different level of granularity and uniformity and different transfor-
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mations could corrupt class-defining information. In conclusion, stronger augmentations 
improve probe generalization and representation as they improve the invariance of the SSL 
encoder, thereby reducing the amount of task-irrelevant information that probes could other-
wise overfit on (Dubois et al. 2024; Mitrovic et al. 2020; Tian et al. 2020b; Tsai et al. 2021). 
They also increase the representation usability by decreasing the required capacity of the 
probes (Dubois et al. 2024, 2022).

10.2  Negative samples

Negative samples should help the model to differentiate between categories, to learn more 
discriminative features and to generate an improved understanding of the data complexity 
and diversity (Hu et al. 2024b). Sampling the negative views has to be in accordance with 
the downstream objective (Hu et al. 2024b) and the dataset to maximize benefits and avoid 
misleading effects. Negative examples that are very similar to semantically positive ones are 
referred to as false negative examples (Huynh et al. 2022). They result in relevant informa-
tion being discarded, slow convergence and decreased performance (Hu et al. 2024b; Huynh 
et al. 2022). Several strategies have been developed to detect and discard false negatives 
(e.g. Auh et  al. (2024); Balmaseda et  al. (2025); Huynh et  al. (2022)). While data aug-
mentation mostly determines the characteristics of the positive views, negative sampling is 
essential for those frameworks that include negative samples (Liu et al. 2023e; Wagner et al. 
2022). Harder samples in general increase the pretext task complexity (Dong et al. 2024). 
The number of available negative samples can have a significant influence, which makes 
the batch size an important factor (Chen et al. 2020b; He et al. 2020; Hu et al. 2024b; Misra 
and Maaten 2020; Wu et al. 2018). The presence of hard negative samples influences the 
balance between the attraction of positive and the repulsion of negative samples (Manna 
et al. 2024). Still, an excess of negative samples can result in negative pairs being seman-
tically similar and cause performance degradation (Arora et al. 2019; Li et al. 2021e). If 
their proximity in the embedding space is high, class collision can occur and impede the 
learning of global semantic structures, as the deviations within one class could become 
more important than the class differences (Arora et al. 2019; Li et al. 2021e). Augmenting 
negative samples  (Bordes et  al. 2023b) and hard sampling of negative views  (Robinson 
et al. 2021a; Zhang et al. 2022a) are possibilities to solve class collision problems. Negative 
augmentation strategies can also be optimized for specific data characteristics (see e.g. Hu 
et al. (2024a) for asymmetric augmentation for fine-grained objects). InfoNCE with cosine 
similarity dependent temperature scaling can optimize sample distribution in the feature 
space (Manna et al. 2024).

10.3  Projector

Many CL frameworks use a projector (or projection head) on top of the encoder (also back-
bone or feature extractor) (Cosentino et al. 2022b; Hu et al. 2024b; Ozbulak et al. 2023; 
Wang et al. 2020). The projector network has a shallow architecture (see Sect. 10.3.2), is 
destined for pretraining loss calculation and discarded after pretraining (Balestriero et al. 
2023; Gupta et al. 2022; Ma et al. 2023). The introduction of projectors stems from the 
observation that the last layer of a network is not always the ideal to extract knowledge 
for the actual task  (Chen et al. 2020c). Lower encoder layers also still include subclass-
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level features  (Xue et  al. 2024). Consequently, downstream learning is based on the 
encoder representations which often transfer and generalize better due to the reduced pre-
training bias (Cosentino et al. 2022a; Mialon et al. 2024; Przewikeźlikowski et al. 2024; 
Shwartz Ziv and LeCun 2024; Xue et al. 2024). Projectors increase downstream accuracy 
significantly (Bordes et al. 2023a), e.g. with VICReg and ImageNet, accuracy is improved 
by 20 percentage points when adding a projector during pretraining (Bardes et al. 2022). 
Downstream training without the projector can diminish the accidental retention of details 
specific to images (déjà vu memorization) as earlier layers have a more comparable infer-
ence accuracy of target and reference model (Meehan et al. 2023).

Projectors buffer between training loss and encoder (Ohri and Kumar 2021), thereby miti-
gating optimization problems and absorbing "any bias related to an ill optimization" (Bordes 
et al. 2023a). Therefore, projectors prevent training collapse (Ma et al. 2023), overfitting to 
the pretext task and foster pairwise independence among features (Balestriero et al. 2023; 
Mialon et  al. 2024). They separate "the information-rich features useful for downstream 
tasks (i.e. color, rotation, or shape of objects) from the more discriminative features that are 
more useful for the contrastive loss" (Appalaraju et al. 2020). Projectors choose the best 
subspace to apply the contrastive loss to and can mitigate some of the shortcomings of loss 
optimization  (Gupta et al. 2022). While the projector can in general avoid misalignment 
between pretext and downstream task, better matching of the two tasks can also render the 
projector unnecessary (Balestriero et al. 2023; Bordes et al. 2023a; Sariyildiz et al. 2023). 
According to Mialon et al. (2024), training the projector is not useful if no invariance is 
required, as projectors with random weights are already able to achieve pairwise indepen-
dent features, which is favorable to disentangle variations (Guo et al. 2019; Träuble et al. 
2021). Training without projectors delivers worse results compared to an initialization of a 
non-linear projector with a uniform distribution and freezing the parameters during pretrain-
ing (Appalaraju et al. 2020). This demonstrates that the learning capacity of the projector 
might not even be necessary, the non-linear transformation generated by the projector due to 
the additional layers and the separation of the pooled convolutional features from the final 
classification layer might already be beneficial (Appalaraju et al. 2020). Xue et al. (2024) 
identify reweighting as a key aspect of projectors and propose fixed reweighting projectors 
to generate improvements comparable to standard projectors. While most projectors con-
sider the overall image and are task-agnostic, pixel-level CL applies specialized projectors, 
e.g. in DenseCL for dense prediction tasks (Hu et al. 2024b; Wang et al. 2021).

10.3.1  Guillotine regularization

Bordes et  al. (2023a) name the practice of removing tailored projector layers Guillotine 
regularization (GR). The optimal layers to discard depend on the downstream task, the data 
and the training configuration (Bordes et al. 2023a). Similar ideas have already been dis-
cussed before, e.g. by Chen et al. (2020c), who fine-tuned from the middle layers of the 
projection head instead of abolishing the whole head, which increases performance and 
helps the model to profit more from deeper projectors. GR can mitigate misalignment of the 
pretext and downstream task due to insufficiently optimized networks, misaligned training 
objectives, or misalignment of train and test data distribution (Bordes et al. 2023a). It can 
improve generalization  (Przewikeźlikowski et  al. 2024), extract "augmentation invariant 
subspaces" and improve "transformation-related variability" (Yerxa et al. 2024). In SL, the 
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projector can actually be modified to control the trade-off between pretraining performance 
and transferability, as transferability increases with the number of hidden projector layers 
and their width (Sariyildiz et al. 2023). In CL, the optimal layer for feature extraction for the 
downstream task differs depending on how much the network suffers from pretext overfit-
ting (Bordes et al. 2023a). The more the positive views are aligned with the downstream task, 
the closer the optimal cut should be to the last layer of the projector (Bordes et al. 2023a). 
While the feature quality for the downstream task can vary widely depending on the layer 
in the supervised setting, for SSL there seems to be a more consistent trends which layers 
are most suitable for different tasks (Bordes et al. 2023a). SimCLR pretrained on ImageNet 
has the best downstream performance when including either only the encoder (ImageNet, 
CIFAR10, Places205) or the first projector layer (Eurosat, ImageNet 1%, CLEVR) (Bordes 
et al. 2023a). The need for tailored GR demonstrates "the inability to design experimental 
setups and training criteria that learn structured and truly invariant representations with 
respect to an appropriate set of factors of variation" (Bordes et al. 2023a). Still, aligning 
pretext and downstream task and generalizable data augmentation should be more important 
than optimized GR (Bordes et al. 2023a).

10.3.2  Architecture

Non-linear projectors are more popular than linear ones as they can improve the perfor-
mance by unlocking the expressive capabilities of the encoder (Hu et al. 2024b; Cosentino 
et al. 2022a). According to Chen et al. (2020b), a linear projector only improves their model 
performance by more than 3%, while a non-linear by more than 10%. Linear projectors can 
be restricting given complex relationships between views (Huang et al. 2021; Shwartz Ziv 
and LeCun 2024), but if they expand "the signal direction in the representations learned 
by encoders", they improve performance  (Gui et  al. 2023). Asymmetric projectors can 
lead to up to 5 percentage points improvement on TinyImageNet (Dubois et al. 2022). Ide-
ally, one projector should be large while the other’s architecture matches the downstream 
data (Dubois et al. 2022). More projector layers can bridge the gap between the performance 
difference using large and small batch sizes (Bordes et al. 2023b). Wider and deeper non-lin-
ear projectors result in less encoder limitation and better downstream performance (Cosen-
tino et al. 2022a). Mialon et al. (2024) suggest choosing wider over deeper projectors, as 
high depths can have negative effects on the test accuracy, while resampling can decrease 
the sensibility regarding projector width. Wider projectors improve the encoder’s represen-
tation learning and lower pairwise dependence  (Balestriero et al. 2023; Guo et al. 2019; 
Mialon et al. 2024). They can handle stronger augmentations better (Ryali et al. 2021) and 
their converged parameters are closer to the initial ones (Mialon et al. 2024). Harder pretext 
tasks also require larger projectors (Ryali et al. 2021). CL with feature decorrelation profits 
from high-dimensional projector outputs (Balestriero et al. 2023; Bardes et al. 2022; Gar-
rido et al. 2022; Zbontar et al. 2021). BT is more sensitive to projector dimensionality than 
BYOL or SimCLR regarding top-1 ImageNet accuracy, the best performance is achieved for 
the highest applied dimensionality (16384), while BYOL does not profit from deeper and 
wider projectors (Zbontar et al. 2021). For VICREg, 1024 dimensions are recommendable, 
as performance plateaus afterwards (Bardes et al. 2022). Consequently, large output dimen-
sions are not always required (Balestriero et al. 2023; Garrido et al. 2022). The sensitivity 
towards the number of embedding dimensions can be decreased by an adequate projec-
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tor architecture and good hyperparameter choices (Bardes et al. 2022; Garrido et al. 2022; 
Zbontar et al. 2021). The encoder size also has an influence: For linear projectors, combin-
ing a large encoder output layer and a small projector is favorable (Bordes et al. 2023c).

10.4  Encoder

The encoder typically is a ResNet or ViT model used for semantic feature extraction (Cosen-
tino et al. 2022b; Ma et al. 2023; Ozbulak et al. 2023). Three types are common: image encod-
ers, momentum encoders, and dictionaries (He et al. 2020; Rani et al. 2023). The encoder 
output is characterized by a lower entropy, better augmentation robustness and downstream 
task performance compared to the projector (Ma et al. 2023) but the use of a projector makes 
it harder to determine what has been learned in the encoder  (Bordes et  al. 2023b). The 
encoder representations is not directly affected by the loss function optimization (Xue et al. 
2024). During training, "layer-wise progressive feature weighting" occurs where lower lay-
ers are characterized by "more normalized and less specialized representations" (Xue et al. 
2024). Encoder representations in general profit significantly from SSL pretraining (Zhang 
et al. 2023c). The encoder size has a significant influence on the performance: Increasing 
the dimensionality of the last layer mitigates the pretraining bias and improves both SSL 
and SL (Bordes et al. 2023c). Top-1 accuracy for VICReg with ResNet-50 and ImageNet is 
improved by 7.6 percentage points when increasing the dimensions from 512 to 10240, and 
by additional 0.8 percentage points for 32768. For SimCLR, the increases are 8.0 and 1.4 
percentage points, for BYOL 8.6 and 1.7 (Bordes et al. 2023c). CL usually includes a hid-
den uniform prior and a dimensional bottleneck, which is responsible for the implicit feature 
selection not being in accordance with the downstream task; thus increasing the dimension-
ality has a positive effect (Assran et al. 2022a; Bordes et al. 2023c). The improvements are 
generally larger for smaller and less powerful models (Bordes et al. 2023c). Increasing the 
encoder dimensions is beneficial for both balanced and unbalanced datasets as well as linear 
and non-linear projectors of any dimension (Bordes et al. 2023c). For ResNet, increasing 
the output dimension is more beneficial than increasing the width and depth of the overall 
network (Bordes et al. 2023c). According to Dubois et al. (2024), larger encoders improve 
the linear separability of the learned representation. The encoder design furthermore plays 
an important role for multimodal approaches, they can either be designed modality-specific 
(no fusion or late fusion) or multimodal (unified or late fusion)  (Zong et  al. 2024). CL 
approaches typically employ modality-specific encoders to learn embeddings whose simi-
larity is computed via cross-modal dot products, which is easy but fails to capture complex 
multimodal interactions (Zong et al. 2024). Dual-encoders often use symmetric contrastive 
loss and allow scalable retrieval (Radford et al. 2021). Alternatively, "matching prediction 
can be carried out on a joint representation" which models "richer cross-modal interac-
tions" (Zong et al. 2024). Both approaches can also be combined or the "embeddings from 
different encoders can be projected to a shared latent space" (Zong et al. 2024).

10.5  Relation of projector and encoder

As projector and encoder have different objectives, the performance of the last encoder 
layer and the projector layers are not always correlated  (Bordes et  al. 2023a). For both 
CIFAR10 and CIFAR100 with SimCLR trained for 200 epochs on ResNet-18 encoder, the 
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encoder representation has a significantly higher downstream correlation and lower error 
rate compared to the projection head representation (Ma et al. 2023). While the encoder 
rather learns distributed representations, the projector is more specialized regarding the pre-
text task  (Yu et  al. 2024). The projector optimizes the uniformity objective and thereby 
ensures that dissimilar samples have a maximum distance, while the encoder rather fosters 
alignment by minimizing the distance between positive views (Ma et al. 2023). The rank of 
the projected features is lower than the ranks of the last encoder layers, probably because 
the projector optimizes the contrastive loss (Gupta et al. 2022). This makes the projector 
features not easily generalizable for the downstream task, as information which has been 
encoded before is ignored (Gupta et al. 2022). The projector is responsible for a significant 
share of the invariance to augmentation methods and tends to be style-invariant, so encoder 
information is more versatile and general (Bordes et al. 2023a; Gupta et al. 2022). Unsuit-
able data augmentations degrade representation quality of the projector more compared to 
the encoder (Xue et al. 2024).

11  Generative learning

Generative approaches based on MIM consist of four major components: masking, encoder, 
RT, and head (Li et al. 2024a). The associated design choices are visualized in Fig. 10 and 
will be discussed in the following chapters.

11.1  Masking

Masking is important for MIM as it determines the learned abstraction level  (Kong and 
Zhang 2023) and helps extracting local contextual information (Wang et al. 2022c). Conse-
quently, the locality strength of MIM, which allows aggregating neighbor pixels in the ViT 
attention heads, is highly correlated with masking ratio and patch size (Xie et al. 2023a). 
Masking enables learning data-agnostic as well as occlusion-invariant features (Kong and 
Zhang 2023) and can decrease token redundancy (Choi et al. 2024). It can be understood 
as the general data augmentation strategy for MIM (Assran et al. 2022b; Kong and Zhang 
2023). Due to the high token redundancy in CV, image token masking strategies differ from 
MLM (Kakogeorgiou et al. 2022).

Fig. 10  Important design choices for MIM including the reconstruction target (pixel, token, feature, or 
their combination), masking (strategy and masking ratio) as well as the architecture of both encoder and 
head
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11.1.1  Masking strategy

According to Li et al. (2024a), there are four main types of masking: Hard Sampling based 
on teacher-student frameworks, Mixture Masking where patches of diverse images are 
blended, Adversarial Masking based on adversarial learning, and Context Masking, where 
two patches from the same context are sampled. Hondru et al. (2025) distinguish between 
Random Masking and Informed Masking, which in turn can be divided into neural network 
based and feature based strategies. Although being one of the simplest approaches, Random 
Masking is overall the most popular strategy (Li et al. 2024a), especially for MIM based 
on raw and normalized pixels  (He et  al. 2022; Li et  al. 2024a; Xie et  al. 2022b; Zhang 
et  al. 2024a). Random Masking can effectively create general-purpose pretext tasks  (He 
et al. 2020). Given low-rank images, it preserves the original information while reducing 
computation resources (Cao et al. 2022). Still, Random Masking could be less useful for 
non-natural images, such as medical images (Xie et al. 2024). Blockwise Masking masks 
larger contiguous blocks instead of randomly scattered patches to remove structured infor-
mation and force the model to understand a broader context  (Bao et  al. 2021). Accord-
ing to Dong et al. (2022), Blockwise Masking improves FT performance on feature-level 
but decreases it on pixel-level compared to Random Masking. Attention-guided Masking 
for distillation-based MIM with a student-teacher framework determines the masked parts 
using an attention mechanism and can therefore cover semantic entities within redundant 
images (Kakogeorgiou et al. 2022). Zhang et al. (2023d) developed attention-guided mask-
ing for object-centric MIM in remote sensing object detection to improve capturing small-
scale objects. This offers a good balance between performance and computational cost (Li 
et al. 2024a). Multi-Masking can reduce the required batch sizes and training duration, as 
more information is extracted from the same amount of data, which demonstrates the inter-
dependence of masking strategy, batch size and training duration (Baevski et al. 2023). Liu 
et al. (2023a) replace masked tokens from one image with visible tokens from another to 
facilitate MIM on hierarchical ViT. Joint Masking jointly selects nearby patches (Hu et al. 
2022). Xie et al. (2023b) introduce frequency masking, a technique in which low-frequency 
image data is used to predict masked high-level visual information or vice versa. Shi et al. 
(2022) add a UNet based occlusion module that learns to mask semantically meaningful 
parts of the images adversarial to the feature encoder, which is superior to random masking, 
but requires high computational efforts  (Chin et  al. 2024). DPPMask aims to reduce the 
semantic change of the image due to masking (Xu et al. 2024). Low-level information can 
furthermore be included to improve masking (Hondru et al. 2025). Hinojosa et al. (2024) 
apply four filters to modify the uniform noise used for random masking, a strategy inspired 
by color noise used in image processing. Jarca et al. (2024) design masking as a curriculum 
learning problem and progressively increase the masking ratio, prioritizing patches with 
higher gradient magnitudes. Instead of designing and applying a masking strategy, some 
approaches attempt to learn an optimal masking strategy (Hondru et al. 2025): SemMAE (Li 
et al. 2022c) add semantic part learning, where attention maps capturing meaningful seman-
tic image components are learned before masking. Kakogeorgiou et  al. (2022) learn the 
masking strategy via a teacher network which uses the intact image to generate a mask 
for pretraining the student network. Wang et al. (2023f) apply a strategy based on direct 
feedback from the pretrained model, where those patches are masked that cause the highest 
reconstruction loss to focus on the most challenging regions during training.
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11.1.2  Masking ratio

An optimal masking ratio prevents the model from predominantly focusing on low-level 
information, which can impede its capability to learn more complex, higher-level semantic 
features  (Kong et  al. 2023). Due to the higher redundancy in image data, MIM in gen-
eral requires higher masking ratios than MLM (Li et al. 2024a; Zhang et al. 2023e). When 
training large segmentation models, large and diverse sets of masks improve generaliza-
tion (Kirillov et al. 2023). MIM approaches based on low-level features often require higher 
masking ratios to learn abstract representations (Hondru et al. 2025). Table 15 summarizes 
important research regarding the optimal masking ratio taking the pretext task, the model 
architecture, the KT method, and the patch size into consideration. Masking ratio values 
that differ slightly from the column name are indicated via footnotes. CAE-v2 results are 
from Zhang et al. (2023a), SimMIM from Xie et al. (2022b), CIM from Fang et al. (2022), 
mc-BeiT from Li et al. (2022b), MVMAE from Ji et al. (2023), BIM from Luo et al. (2023) 
and MAE with ViT-L from He et al. (2022). EMAE and MAE results with ViT-B and LP 
are from Li et al. (2024b), while MAE results with ViT-B and FT are from Xu et al. (2024), 
who use an ImageNet subset with 100 classes. The data shows that masking ratios above 
80% are not beneficial. Over-sized masks hinder high-level feature learning as “all observ-
able descendants of a desirable high-level variable” are covered (Kong et al. 2023). While 
the model can still recover shape and texture of an object when key parts are moderately 
masked, masking over 90% leads to a mere prediction of the object’s presence (Xie et al. 
2022b). Over-sized masks reduce pretraining efficiency, increase pretraining duration and 
can cause inconsistencies (Li et al. 2024b). Very small masking ratios of 15% and below 
seem to be only beneficial for small networks or high patch ratios. Small mask ratios have 
minimal impact on the semantics of images, they cannot conceal critical information and 
acquire a sufficient level of pretext task difficulty  (Li et al. 2024a). In combination with 
small patch sizes, small masking ratios result in low-level latent variables and prevent learn-
ing high-level features  (Kong et  al. 2023). Lower patch sizes in general result in more 
detailed representations which transfer worse (Xie et al. 2022b), which can be counterbal-
anced by increasing the masking ratio. Consequently, masking ratio and patch size should 
be optimized jointly. Most frameworks reach the best results around 50%, consequently 
medium masking ratios seem optimal in most cases. This is also corresponds to results from 
other domains, e.g. Xie et al. (2024) reach the best results for MedIM using 50% mask-
ing ratio for four different medical datasets. Still, the ideal masking ratio also depends on 
other design choices and on the input type (Chen et al. 2022a). Ratio and model size could 
be positively correlated, as networks with higher capacities should require more complex 
pretext tasks  (Zhang et  al. 2023a). High masking rates are more challenging  (Xie et  al. 
2023d) and could prevent overfitting in big networks (Zhang et al. 2023a). Furthermore, 
increasing the masking ratio can speed up training (Li et al. 2023b). The masking strategy 
furthermore seems to matter: for Blockwise Masking with patch size 16, smaller networks 
tend to require smaller masking ratios. Both ViT-Tiny examples require 15%, ViT-S works 
best with either 15% or 25%, ViT-B requires predominantly 50%. Random Masking (60% 
on average for ViT-B) seems to require slightly higher masking ratios, presumably due to 
redundancies (Kakogeorgiou et al. 2022). Uniform Masking (25% for ViT-B) seems to work 
best with low ratios (Li et al. 2022d). Consequently, the ideal masking ratio seems to be 
highly dependent on the masking strategy.
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11.2  Reconstruction targets

The RT influences the generation of supervision signals  (Li et al. 2024a) and the down-
stream performance  (Lu et  al. 2023) of MIM models. Table  16 summarizes RT includ-
ing examples, characteristics and contrastive elements. Hondru et  al. (2025) distinguish 
between low-level and high-level target features, while the high-level target features can 
be further distinguished into models with a pretrained teacher or simultaneous training of 
teacher and student. MIM-based approaches use tokenizers, pixels, features (Li et al. 2024a) 
or a combinations of several RT (Jiang et al. 2022b). Xue et al. (2023) also enable MIM 
without reconstruction. Yang et al. (2023a) compare two different RT: raw pixels and high-
level vision space which maps "patch features to a probabilistic distribution on a group of 
learnable weights". For LP, the high-level vision space improves accuracy by 9.4%, but 
for FT the difference is negligible (0.2%) (Yang et al. 2023a). Similarly, Ren et al. (2025) 
test both DeepMIM and MAE with different RT. MAE works best with DINO features or 
CLIP features (83.8% ImageNet top-1 accuracy), DeepMIM works best with CLIP features 
(84.8%) (Ren et al. 2025). Raw pixels generate the lowest performance (82.6% for MAE 
and 83.4% for DeepMIM) (Ren et al. 2025). Still, there seems to be no generally superior 
RT.

11.2.1  Pixel reconstruction

Pixels are the most fundamental reconstruction target (Li et al. 2024a). Targeting raw pix-
els (e.g. MAE and SimMIM) results in low computational overheads and a simple pretext 
pipeline, but those models tend to prioritize high-frequency details, which results in wasted 
modeling capacity (Liu et al. 2023c). They focus mostly on texture-rich details and might 
miss important foreground information  (Liu et  al. 2023d). Still, pixel-level pretext tasks 
have an outstanding performance in dense prediction downstream tasks (Xie et al. 2023a). 
iGPT treats each pixel as an individual token (Ren et al. 2024), also indicating the overlap of 
different reconstruction targets. SparK considers unmasked pixels as sparse voxels of point 
clouds (Tian et al. 2023). Pixel-based MIM approaches have been considered to be inferior 
to models with tokenizers, but recent improvements are closing this gap (Liu et al. 2023c), 
so they can be as effective as other targets (Gao et al. 2024; Ozbulak et al. 2023; Zhang et al. 
2023e). Most pixel-based approaches include no contrastive elements.

11.2.2  Tokenizer

Tokens are mapping functions which represent images as dictionaries, they correspond to 
high-level semantic features of specific image segments (Li et al. 2024a) and help to exploit 
local patterns via token-level self-supervision (Park et al. 2023). Tokenizers vary in com-
plexity and convert pixels into discrete tokens, masked tokens are then reconstructed by 
the decoder taking adjacent tokens into consideration, which is a non-differentiable pro-
cess (Bao et al. 2021; Hondru et al. 2025; Park et al. 2023). Consequently, semantic-rich 
visual tokenizers promote MIM from pixel-level to semantic-level. If discrete tokens cor-
respond well to the classes, these support the alignment of intra-class samples, which in 
turn increases the downstream performance (Du et al. 2024). In contrast, an inadequately 
designed tokenizer can obscure the distinctions between classes, resulting in performance 
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decline (Du et al. 2024). In general, tokenization can have a significant impact on the per-
formance. For BEiT, using visual tokens instead of predicting raw pixels is more influen-
tial than the masking strategy (Bao et al. 2021). iBot without a tokenizer leads to 29.8% 
LP accuracy on ImageNet-1K, while FT performance is 79.4%, consequently tokenization 
seems to be of considerable importance for LP (Zhou et al. 2022b).

Given that images are continuous and lack the "natural" token-structure of language, 
there are various approaches to tokenization  (Zhang et  al. 2023e; Zhou et  al. 2022b). 
BEiT, mc-BEiT, and CIM use dVAE derived from DALL-E (Ramesh et al. 2021), which 
mainly captures low-level semantics and local details (Zhou et al. 2022b). With dVAE, the 
encoder transforms continuous embeddings into discrete tokens (Hondru et al. 2025). mc-
BEiT applies dVAE for multiple-choice instead of single-choice by introducing soft-labels 
to avoid that patches with similar semantics have different token IDs  (Li et  al. 2022b). 
BeiT-v2, BeiT-v3, and CAE-v2 use CLIP (Radford et al. 2021), which is based on CL and 
can extract rich semantic information (Zhang et al. 2022a). CLIP includes multimodality 
knowledge, which can be beneficial for the downstream representations (Hou et al. 2022; 
Liu et al. 2023c, f). Both dVAE and CLIP require offline pretraining, which increases com-
putational complexity (Liu et al. 2023d; Ozbulak et al. 2023). VQGAN is another offline 
tokenizer learning tokens via a vector-quantized GAN, which combines advantages of MIM 
and GAN (Lee et al. 2024). iBOT introduced their own online tokenizer inspired by BYOL 

Table 16  Different RT of MIM including the respective subtype, examples of specific models, CL elements 
and properties. The table is based on the work of Gui et al. (2024), Li et al. (2024a) and Ozbulak et al. (2023)
RT Subtype Examples CL elements Properties
High-level feature Distillation DMJD, SdAE CLIP (DMJD) Feature/

self-distillation
High-level feature Offline teacher MILAN, Img2vec CLIP (MILAN) Pretrained teacher
High-level feature Online teacher data2vec, data2vec-

v2, dBOT
– Semantic features

High-level feature Fourier features PixMIM, A2MIM, 
Ge2AE

Head (Ge2AE) Fourier loss/masking

Low-level Feature HOG features MaskFeat, FastMIM – Local patterns
High-level feature Patch features ConMIM Hybrid Contrastive denoising
High-level feature Position prediction DILEMMA, DropPos – Postion encoding
Pixels Pixel-based voxels SparK – Sparse, hierarchical
Pixels Pixel-based tokens iGPT – Pixels as tokens
Pixels Normalized pixels MAE, SimMIM – Most basic target
Tokenizer CLIP (offline) BEiT-v2, BEiT-v3, 

CAE-v2
CLIP Multimodal tokenizer

Tokenizer dVAE (offline) BEiT, CIM, mc-
BEiT, PeCo

– Low-level semantics

Tokenizer iBot (online) mc-BEiT – Self-distilled tokens
Tokenizer VQGAN (offline) LVM, MAGE, 

SeiT++
Head (MAGE) GAN token learning

Combination Multiple MR-MAE, RC-MAE, 
MaskCLIP

Hybrid 
(MaskCLIP)

Hybrid

None Student-teacher MaskAlign – Visible patches
Hybrid MAE target 

generator
DeepMIM – Applicable to various 

RT
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using a twin-teacher with cross-view similarity learning (Ozbulak et al. 2023; Zhou et al. 
2022b).

11.2.3  Feature reconstruction

Features can either be low-level (Histograms of Oriented Gradients (HOG) Features, Posi-
tion, Fourier and Patch Features) or high-level (offline and online teachers, distillation) (Li 
et al. 2024a). While Img2vec and MILAN employ an offline teacher requiring additional 
pretraining, online teacher models such as data2vec, data2vec-v2, and dBOT either combine 
multiple modalities or a multi-stage distillation scheme (Liu et al. 2022c). Semantic-rich 
teachers use features as reconstruction targets and thereby improve both performance and 
capture rich semantic correlations across regions (Xue et al. 2023). Instead of reconstruct-
ing pixels or tokens, student models are trained to align their internal feature representations 
with those of the teacher (Wang and Yoon 2022). Methods that align student and teacher 
models efficiently without requiring explicit pixel or token reconstruction could reduce 
the computational cost, but come with a complex pipeline  (Wang and Yoon 2022). Fea-
ture distillation reaches comparable performance across diverse teachers, especially after 
multi-stage distillation, indicating that the improvements stem more from the asymmetric 
architecture than the distillation itself (Shi et al. 2023b). Furthermore, feature reconstruc-
tion methods use multiple elements of CL, demonstrating how different learning paradigms 
cross-fertilize and intermingle.

11.3  Encoder

The main purpose of the encoder in MIM is the prediction of the masked vector by process-
ing the visible patches (Hondru et al. 2025; Li et al. 2024a). Some encoders additionally use 
the masked patches (Li et al. 2024a). Although the encoder can have different architectures, 
the introduction of ViT encoders was essential for the development of MIM, as their stable 
representation propagation facilitates the generation of reliable reconstruction results (Cao 
et al. 2022). As CNN operate on small receptive fields, they need to be considerably deeper 
than ViT and rather reinforce the locality bias of MIM (Cao et al. 2022; Xie et al. 2023a). 
ViT have a more global approach, which e.g. might allow MAE to reconstruct images based 
on few unmasked patches (Cao et al. 2022). Still, some research focuses on the on compat-
ibility of MIM with CNN encoders (see e.g. Fang et al. (2022); Li et al. (2023d); Woo et al. 
(2023)). The different ViT encoder-blocks have different purposes (Alkin et al. 2025). Early 
blocks rather learn general features, which is beneficial for reconstruction loss and represen-
tation quality (Alkin et al. 2025). Intermediate ones foster abstraction, which is more favor-
able for feature quality, while later blocks focus more on reconstruction loss improvement, 
which is detrimental for the feature quality (Alkin et al. 2025). Additionally, bigger encoders 
increase the representation’s linear separability (Dubois et al. 2024). The encoder design is 
crucial for multimodal MIM. Cross-modal alignment can be fusion free resulting in a sim-
pler architecture and easier scaling, but cannot model all multimodal interactions, resulting 
in a poorer performance on downstream tasks such as visual reasoning (Zong et al. 2024). 
Alternatives are late fusion (e.g. applying cross-attention), which requires more computa-
tional resources, or unified encoders, which can process tokens from different modalities 
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and are less sensible regarding missing modalities, but can be inefficient regarding retrieval 
tasks (Zong et al. 2024).

11.4  Head

MIM heads use the latent feature representation of the encoder to reproduce the masked 
areas (Xie et al. 2022b) and predict the reconstruction loss (Li et al. 2024a). The choice of an 
appropriate head depends on the reconstruction target, most frameworks either use an MIM 
decoder, a contrastive head, or both (Li et al. 2024a). Similar to projectors in CL, heads are 
discarded after pretraining to prevent the backbone features from overfitting to the pretrain-
ing objective, thereby improving the transfer capability (El-Nouby et al. 2024; Chen et al. 
2021c, 2020b; Caron et al. 2021a, b; Grill et al. 2020) and enabling the encoder to learn 
high-level features required for the downstream task (El-Nouby et al. 2024). MIM heads can 
be linear (e.g. BEiT, BeiT-v2, data2vec), MLP, or ViT, which is the most popular option (Li 
et al. 2024a). They can also be combined with contrastive heads, e.g. by including addi-
tional contrastive loss (Li et al. 2024a; Mishra et al. 2022; Yi et al. 2023; Zhou et al. 2023c). 
The inclusion of contrastive heads can boost performance (Li et al. 2024a). Light-weighted 
heads, even those consisting simply of a linear layer, allow a performance comparable to 
more complex heads while reducing training time (Almalki and Latecki 2023; Fang et al. 
2022; Liu et al. 2024a; Xie et al. 2022b). When using a simple linear head, masked tokens 
should be included in the encoder input, so these can interact with the visible patches and 
enable effective reconstruction (Li et al. 2024a). Without the presence of these tokens, more 
complex architectures, such as transformers, are required (Li et al. 2024a). Xie et al. (2022b) 
compare linear, MLP and Swin heads and find that the linear heads performs best regarding 
ImageNet-1K FT performance; demonstrating that the strongest reconstruction capabili-
ties in MIM do not necessarily result in the highest downstream performance. While more 
complex heads and higher target resolutions enhance pretraining performance, the benefits 
do not automatically transfer to the downstream task (Xie et al. 2022b). Replacing an MLP 
head with a full-fledged ViT, while keeping the depth and width the same, can only provide 
minor improvements but increases computational cost significantly (El-Nouby et al. 2024). 
As heads can be discarded after pretraining, they can determine which layer the downstream 
features are extracted from. The highest representation quality can be achieved when the 
features are extracted from the middle of the network, as detailed pixel prediction or recon-
struction is not beneficial for downstream classifications (Chen et al. 2020d; El-Nouby et al. 
2024). The generative pretext objective does not necessary lead to the last layers having the 
highest semantic content (El-Nouby et al. 2024).

12  Knowledge transfer

As the KT between the pretext and downstream task has a considerable influence on the 
quality, evaluation, and usability of the transferred representations as well as their effective 
reuse for downstream training (Goyal et al. 2019; Kolesnikov et al. 2019; Misra and Maaten 
2020; Zhang et al. 2023c), KT is an important design choice. FT and LP are the most com-
mon types of KT. They are illustrated in Fig. 11. There is no inherent correlation between 
LP and FT performance, so the performance in one transfer setting might not be generaliz-
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able (Chen and He 2021; He et al. 2022; Marks et al. 2025; Newell and Deng 2020; Ozbulak 
et al. 2023). Instead, the two approaches can be employed to assess two distinct criteria. LP 
rather assesses the quality of the representation, whereas FT evaluates the pretext transfer-
ability (He et al. 2023). Still, the specific KT settings and their performance varies widely 
across SSL methods (Lee et al. 2023b). The choice between FT and LP is of considerable 
importance  (Ericsson et al. 2022b, 2021; Kolesnikov et al. 2019) and can have a higher 
impact on performance than the model size (Chen et al. 2021c).

12.1  Linear probing

During LP, all trainable parameters besides the last linear layer are frozen, which is trained 
on the downstream data, while the lower layers remain unchanged (Kumar et al. 2022a). The 
goal is to learn predictions from features which have been extracted in the pretext task, so 
the pretrained model is used as a feature extractor  (Ericsson et al. 2022b; Misra and Maaten 
2020; Ozbulak et al. 2023). LP requires sufficient dimensionality and equivalence classes 
that can be classified linearly for optimal representations (Dubois et al. 2022). Non-linear 
transfer techniques are superior given difficult domain adaptations, while LP is superior in 
easier scenarios, which could profit more from features extracted from deeper layers (Wu 
et al. 2024). Compared to FT, LP generates more comparable results due to the fewer param-
eters having to be tuned (Ericsson et al. 2022a), consequently it is used in numerous publica-
tions aiming to prove the performance of their SSL approach. Still, ranking models based 
on LP cannot be generalized to the FT performance (Newell and Deng 2020). While LP is 
used for evaluation, performance optimization (Balestriero et al. 2023) and hyperparameter 
testing (Bao et al. 2021), it cannot make use of non-linear features (Chen et al. 2024a; He 
et al. 2022; Yi et al. 2023). In turn, the degree of linear transferability is high when data from 
one class and different domains is more related to itself than to data from other classes (Hao-
Chen et al. 2022b; Marks et al. 2025). LP tests whether the pretext task generates repre-

Fig. 11  Schematic overview of FT and LP as the two main types of KT. FT employs the pretraining for 
parameter initialization and retrains the network on the downstream task and objective. In contrast, LP 
freezes the features after pretraining and only trains the last layer on the downstream task and objective
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sentations with linearly separable groups in the latent space (Scheibenreif et al. 2022) and 
works best on high-level pretext representations (Assran et al. 2023). The downstream task 
can benefit from reduced sample complexity thanks to learning good representations with 
LP (Arora et al. 2019). Besides, LP is in general beneficial if the downstream task is trained 
in a sparse data regime, as overfitting can rather be avoided due to the limited number of 
trainable parameters (Cole et al. 2022; Ericsson et al. 2022b; Dosovitskiy et al. 2015; Gao 
et al. 2020). Data and parameter efficiency are better with LP, while FT is characterized 
by a higher transfer performance  (Jiang et al. 2022a). Both have a comparable modality 
and task scalability (Jiang et al. 2022a). Pretext models trained on coarse-grained data are 
not good at discriminating fine-grained downstream classes when using LP (Heim 2023). 
Lee et al. (2023b) compare hyperparameter-sensitivity of LP of three contrastive (MoCov3, 
DINO, Mugs) and three MIM-based methods (MAE, iBot, MSN). Hyperparameters e.g. 
include epochs, batch sizes, optimizer, learning rate, weight decay, patch tokens, and BN 
layers  (Lee et  al. 2023b). MAE varies most with nearly 35 percentage points difference 
between the best and the worst setting for ImageNet on ViT-B/16 (Lee et al. 2023b). In gen-
eral, LP seems to be very sensitive to hyperparamter settings, which can be reduced using 
input normalization such as batch normalization or embedding normalization (Marks et al. 
2025; Lee et al. 2023b).

12.2  Fine-tuning

In contrast to LP, FT retrains the entire model on the downstream data and objective after 
pretraining (Misra and Maaten 2020; Ozbulak et al. 2023). Consequently, FT is a form of 
domain adaptation minimizing domain mismatches (Pan et al. 2023a). The initialization has 
an implicit regularization effect (Kumar et al. 2022a; Neyshabur et al. 2021). Ideally, FT 
should both preserve the helpful information from pretraining and adapt to the downstream 
objective (Lee et al. 2023a). Unlike LP, FT can tune both the feature extractor and the pre-
diction head to the downstream objective and could suffer from a pretraining bias (Kumar 
et  al. 2022a). While being computationally expensive, FT is characterized by a stronger 
transfer learning performance (Balestriero et al. 2023) and is the dominant KT approach for 
SSL models (Han et al. 2021). According to Zhang et al. (2023c), there are three common 
FT types: Fixed FT (Goyal et al. 2019), where the encoder is frozen and only the decoder 
stack or the fully-connected layers are fine-tuned, warm-up FT (Taleb et al. 2000), where 
the whole network is frozen for few epochs, then full FT is applied (Zhang et al. 2023c) and 
full FT (or end-to-end FT), where all weights are fine-tuned. Full FT is the most common 
approach in many domains, such as medical imaging (Khan and Fang 2023; Zhang et al. 
2023c) and is most beneficial in regimes with enough data to update all parameters, so large 
labeled downstream datasets are to be preferred (Chen et al. 2020c; Chi et al. 2021; Devlin 
et al. 2018; Ericsson et al. 2022b; Hu et al. 2020; Jiang et al. 2022a; Pathak et al. 2016). Still, 
there is little insight into whether this strategy is the best way to leverage pretext knowledge, 
especially given that different SSL paradigms focus on different features (Khan and Fang 
2023).

Zhang et  al. (2021d) compare different forms of FT: while the best approach (Core-
tuning) has 92.73% accuracy on ImageNet20, the worst (standard CE-based FT) reaches 
4.45 percentage points less. Consequently, different FT strategies have a huge impact on the 
performance (Zhang et al. 2021d). Furthermore, FT hyperparameter choices (such as batch 
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size, epochs or learning rate) can change significantly across frameworks and are often 
over-adapted to the downstream dataset (Lee et al. 2023b). Different frameworks show dif-
ferent sensitivities regarding the FT protocol, which seems to be influenced by the network 
size (Zhou et al. 2022b). Many SSL approaches require expertise and task-specific design 
choices and an excellent understanding of the training behavior (Azizi et al. 2023). Most 
common FT approaches have been designed for SL and prevent the downstream task to 
differ too much from the pretrained version, which can result in negative transfer  (Chen 
et al. 2019a) if the downstream and the pretext task differ significantly (Zhang et al. 2021d). 
Adaptions to SSL include improved model initialization (Pan et al. 2023a), such as inject-
ing noise into the initialized parameters before FT to decrease the pretraining bias and 
thereby the dataset gap (Wu et al. 2022). Random initialization of the fully-connected lay-
ers (RIFLE) (Li et al. 2020) can improve learning low-level features. Prototypical FT with 
non-parametric nearest-neighbor classification (Medina et al. 2020) and prototypical initial-
ization (Triantafillou et al. 2020) can enhance results in few-shot scenarios (Medina et al. 
2020). Surgical FT or layer-wise FT only fine-tune specific layers to enhance the adaption 
to distribution shifts (Lee et al. 2023a). Shallow FT fine-tunes a shallower network consist-
ing of the first three quarters of the original pretrained networks (layers 1-9 for MoCo and 
MAE) (Khan and Fang 2023). The last quarter of the network seems to be particularly dif-
ficult to adapt to the respective downstream task, fine-tuning them can significantly reduce 
the overall performance (Khan and Fang 2023). This can be attributed to the fact that the 
final layers could be too specialized for the pretext task, which prevents them from cap-
turing more general representations that benefit downstream tasks (Khan and Fang 2023). 
Shallow FT outperforms both full and surgical FT for MoCov3 and MAE with ViT-B and 
can improve accuracy on ImageNet by up to 5.48% (Khan and Fang 2023). Given ViT and 
small datasets, fine-tuning only the weights corresponding to the multi-headed self-attention 
residual block layers and freezing the feedforward network can exceed the results of full FT, 
as restricting the number of trainable weights probably has a regularizing effect (Touvron 
et al. 2022). In contrast, full FT is rather beneficial for larger datasets and larger versions of 
ViT (Touvron et al. 2022).

The appropriate FT strategy can differ depending on the learning paradigm. For MIM, 
concept-wise FT should improve feature representations on patch level by maximizing MI 
between samples from the same category and front-door adjustment (Yang et al. 2023b). 
Khan and Fang (2023) show that fine-tuning the second quarter of the network can be supe-
rior for CL, while fine-tuning the third quarter is best for MIM-based SSL. This is the case 
across a wide range of downstream data for for medical images with sizes from 100 to 
75.000 samples  (Khan and Fang 2023). In CL, discrepancies can arise due to an altered 
image scale caused by data augmentation, which can be mitigated by pretraining at a lower 
resolution and subsequently increasing it for FT (Touvron et al. 2022). SCL adds contrastive 
loss to FT (Gunel et al. 2020), which has both a regularizing and optimizing effect (Zhang 
et al. 2021d). Contrastive Initialization (COIN) adds a class-aware initialization stage to 
improve standard FT for CL (Pan et al. 2023a). COIN is supposed to compensate for the fact 
that two samples from the same class can be considered as far apart in the learned feature 
space during pretraining (Pan et al. 2023a). Compared to SCL, COIN increases accuracy by 
5.0% on ImageNet-20 and 2.6% on CIFAR-100 (Pan et al. 2023a). Contrast-regularized FT 
mines hard negative pairs and applies contrastive loss during FT, aiming to smooth the deci-
sion boundary of the classifier (Zhang et al. 2021d). Goyal et al. (2023) propose contrastive 

1 3

  112   Page 78 of 114



A survey on design choices for self-supervised learning in computer…

FT, where downstream labels are employed as prompts, thereby enabling the minimization 
of the contrastive loss between image and prompt embeddings during FT. These enhance-
ments demonstrate the importance of FT and the drive for further optimization. However, 
this paper will mostly focus on standard full FT.

12.3  Performance comparison

Given the specific characteristics of LP and FT, which form of KT is superior in which appli-
cation scenario? Gui et al. (2024) compare 26 SSL frameworks with predictive, contrastive 
or generative pretraining on ImageNet and test both methods on segmentation (Pascal VOC 
2007 COCO and ADE20K) as well as detection (Pascal VOC 2007, Pascal VOC 2007+12 
and COCO). FT results are superior to LP results for every tested SSL framework  (Gui 
et al. 2024). Regarding LP, CL approaches perform best, probably due "to the algorithm’s 
ability to generate well-structured latent spaces, wherein distinct categories are effectively 
separated, and similar categories are appropriate" (Gui et al. 2024). CL could be more suit-
able for LP as the discriminative loss function fosters linearly separable features (Wei et al. 
2022a). MIM can in turn achieve superior performance given FT, probably thanks to the 
expressive non-linear features (He et al. 2022), while CL has a tendency for overfitting (Gui 
et al. 2024; Wang and Qi 2023; Robinson et al. 2021b; Wei et al. 2022b).

Tables 17 and 18 compare FT and LP performance on ImageNet and supports these find-
ings. All models have a considerably higher FT than LP performance (on average 14.9% 
gain from FT compared to LP). The average gain of FT is only 7.8% for contrastive frame-
works (see Table 17), but 20.0% for generative and 13.1% for hybrid (see Table 18). The 

Table 17  Performance of contrastive ImageNet-1k self-pretraining with LP and FT depending on pretext 
task, model architecture and pretraining epochs including the improvement due to FT compared to LP (Gain). 
All results are from the original publications besides the DINO results with 3200 and 1600 epochs (Zhou 
et al. 2022c), MoCo-v3 with 600 epochs (Chen et al. 2024a), SimCLR (Mishra et al. 2022), SwAV (Caron 
et al. 2021b) and MoCo-v2 with ViT-H (Ozbulak et al. 2023)
Method Architecture Epochs LP FT Gain
BYOL ResNet-50 1000 74.3 77.7 4.6
DINO ViT-S 300 77.0 81.5 5.8
DINO ViT-B 300 78.2 82.8 5.9
DINO ViT-S 3200 77.0 82.0 6.5
DINO ViT-B 1600 78.2 83.6 6.9
MoCo ResNet-50 200 60.6 77.3 27.6
MoCo-v2 ResNet-50 800 71.1 75.5 6.2
MoCo-v3 ViT-B 300 76.7 83.2 8.5
MoCo-v3 ViT-L 300 77.6 84.1 8.4
MoCo-v3 ViT-S 600 73.1 81.7 11.8
MoCo-v3 ViT-B 600 76.2 83.0 8.9
Mugs ViT-S 3200 78.9 82.6 4.7
Mugs ViT-B 1600 80.6 84.3 4.6
SimCLR ViT-L 800 73.9 83.4 12.9
SimCLR-v2 ResNet-50 400 71.7 76.3 6.4
SimCLR-v2 ResNet-50 (2x) 400 75.6 79.1 4.6
SimCLR-v2 ResNet-101 400 73.6 78.2 6.3
SimCLR-v2 ResNet-101 (2x) 400 77.0 80.7 4.8
SwaV ResNet-50 800 75.3 77.8 3.3
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lowest difference of LP and FT is 2.3% (SwaV), the highest 58.3% (CAE on ViT-S). iBOT 
has the best overall FT accuracy (88.3%) of all analyzed approaches, MILAN has the high-
est LP accuracy (84.3%) and the second highest FT result (87.8%). All scenarios with a 
gain higher than 15% are generative. The models with the lowest LP performance (below 
70%) are all generative and have the highest gains, demonstrating that the high gains of 
MIM models rather stem from bad LP performances than extraordinary FT performances. 
One explanation is the tendency of MIM to learn a bias towards texture, while CL methods 
are rather biased regarding shape, which could be more beneficial for LP (Park et al. 2023). 
Additionally, data augmentation may enhance the capacity of CL methods to comprehend 

Table 18  Performance of generative and hybrid ImageNet-1k self-pretraining with LP and FT depending on 
pretext task, model architecture and pretraining epochs, including the improvement due to FT compared to 
LP (Gain). All results besides iBOT with ViT-S or ViT-B (Zhou et al. 2022c) as well as iBot with ViT-H and 
MaskFeat (Ozbulak et al. 2023) are from the original publications
G/H Method Architecture Epochs LP FT Gain
G BEiT Vit-B 800 56.7 83.2 46.7
G BEiT Vit-L 300 73.5 85.2 15.9
G BEiT-v2 ViT-B 300 80.1 85.0 6.1
G BigBiGAN ResNet-50 800 55.4 76.3 37.7
G BigBiGAN RevNet-50 (4x) 800 60.8 76.6 26.0
G BootMAE ViT-B 300 64.1 84.0 23.7
G CAE ViT-S 300 51.8 82.0 58.3
G CAE ViT-B 1600 70.4 83.9 19.2
G CAE Vit-L 1600 78.1 86.3 10.5
G CAE Vit-B 300 64.1 83.6 30.4
G CAE-v2 ViT-S 300 77.5 83.1 7.2
G CAE-v2 ViT-B 300 80.7 85.5 5.9
G CAE-v2 ViT-T 300 69.3 77.8 12.3
G iBOT ViT-S 3200 77.9 82.3 5.6
G iBOT ViT-B 1600 79.5 83.8 5.4
G iBOT ViT-H 1000 81.0 88.3 9.0
G iGPT GPT-L 100 65.2 72.6 11.3
G M-MAE ViT-B 200 62.4 83.1 33.2
G M-MAE Vit-L 200 66.0 84.3 27.7
G MAE Vit-B 1600 68.0 83.6 22.9
G MAE Vit-L 1600 75.8 85.9 13.3
G MAE Vit-L 800 75.1 85.1 13.3
G MAE ViT-H 1600 76.6 86.9 13.4
G MaPeT ViT-B 300 73.5 83.6 12.1
G MaskFeat ViT-L 1600 67.7 84.0 24.1
G MILAN ViT-B 400 79.9 85.4 6.9
G MILAN ViT-L 400 84.3 87.8 4.2
G MSG-MAE ViT-B 300 75.6 85.3 11.4
G SdAE ViT-B 300 64.9 84.1 29.6
G SiameseIM ViT-B 1600 78.0 84.1 7.8
G SparK ConvX-B 1600 54.7 84.8 55.0
H CAN ViT-B 800 74.0 83.4 12.7
H CAN Vit-L 800 76.2 84.7 11.2
H CMAE ConViT-B 1600 73.9 85.3 15.4
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representation consistency, thereby supporting the applicability of LP (Tian et al. 2022). The 
experiments conducted by Tian et al. (2022) indicate that the incompatibility of MIM and 
LP is primarily due to the difficulty of MIM in reconstructing semantic features. The lower 
semantic quality impedes the efficacy of LP or other "off-the-shelf" approaches  (Assran 
et  al. 2023). Token-based MIM usually requires FT to sufficiently learn semantics  (Tian 
et al. 2022) while the linear head of LP is ill-suited to exploit pretext features distributed 
across different tokens  (Tian et  al. 2022). Nevertheless, further investigation is required 
to determine whether the generative pretext task itself leads to a lack of suitability for LP 
or whether ViT backbones are disadvantageous for LP, which are more widely used for 
MIM (Marks et al. 2025). Interestingly, MIM with contrastive elements or hybrid models 
(e.g. CAE) are not characterized by a better LP performance compared to MIM without con-
trastive elements (e.g. MAE). Still, CLIP seems to increase LP performance considerably 
compared to dVAE (Ozbulak et al. 2023). Longer pretraining on larger and more diverse 
datasets can enhance the performance of LP on MIM (Assran et al. 2023), but it is no univer-
sal solution. While LP performance of CAE profits significantly from increasing pretraining 
duration (70.4% instead of 64.1% when training with 1600 instead of 300 epochs with CAE 
and ViT-B), the difference for MAE is not significant. Furthermore, the differences can be 
huge within one framework according to the network size: While CAE has the highest gain 
of all models on ViT-S (58.3%), the difference is considerably lower on ViT-L (10.5%). 
Increasing the transformer size nearly always decreases the gain for the same pretext task 
(besides when MAE Vit-L is upgraded to ViT-H and iBOT from ViT-B to ViT-H), which 
in turn means that LP profits more from bigger network sizes than FT does. Consequently, 
scaling up the size of the network can be seen as an important strategy for improving LP. In 
general, the performance difference of two similar pretext tasks can be huge. While MoCo 
has a gain of 27.6%, MoCo-v2 only has 6.2% (using ResNet-50), which could be attributed 
to the different data augmentation strategies. BeiT on Vit-B has 46.7%, while BeiT-v2 has 
only 6.1%, which could be attributed to the different tokens used. However, these self-
pretraining results with ImageNet cannot necessarily be generalized to other datasets, as KT 
is highly data-sensitive. For SimCLR, the gain due to FT varies with dataset: using iNat21, 
LP only reaches about 40%, while FT reaches about 70% top-1 accuracy (Cole et al. 2022). 
In contrast, the gain is below 10 percentage points for ImageNet and below 5 for Places 
365 (Cole et al. 2022). For CIFAR-10 with iGPT-L, LP or FT only makes a moderate differ-
ence (96.3% vs. 99.0%) (Chen et al. 2020d). Therefore, Sect. 12.4 takes a closer look at the 
relationship between KT and domain gap.

12.4  Domain gaps and knowledge transfer

In general, SSL is less sensitive to domain gaps compared to supervised transfer learn-
ing (Yang et al. 2020a). However, due to the different characteristics of FT and LP, their 
suitability for training SSL models with domain gaps might differ. Table 19 summarizes the 
accuracy gain due to FT compared to LP given different domain gaps for both contrastive 
and generative SSL models that have been pretrained on ImageNet data. All downstream 
datasets are significantly smaller than ImageNet. The domain gap is measured via Maximum 
Mean Discrepancy (MMD), calculated by Chen et al. (2022b). On average, FT is 14.0% bet-
ter. For MIM, FT always generates better results than LP, which could be caused by the low 
linear separability of representations learned with generative approaches while CL ensures 
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C/G Method Model Down data MMD LP FT Gain
C BT ResNet-50 ImageNet-1K 0.00 71.5 74.2 3.6
G BEiT-v2 ViT-B ImageNet-1K 0.00 80.1 85.0 6.1
C BYOL ResNet-50 ImageNet-1K 0.00 64.0 75.6 15.3
C DINO ViT-B ImageNet-1K 0.00 78.2 82.8 6.9
G EVA ViT-B ImageNet-1K 0.00 60.5 82.1 26.3
G MILAN ViT-B ImageNet-1K 0.00 76.4 84.4 9.5
G M-MAE ViT-B ImageNet-1K 0.00 62.4 83.1 33.2
C MoCo-v3 ResNet-50 ImageNet-1K 0.00 73.9 80.8 8.5
G PixMix ViT-B ImageNet-1K 0.00 49.5 79.2 37.5
C BYOL ResNet-50 Caltech-101 0.63 91.5 89.4 −2.3
C DeepCluster-v2 ResNet-50 Caltech-101 0.63 91.3 90.8 −0.6
C MoCo ResNet-50 Caltech-101 0.63 75.3 75.0 −0.4
C MoCo-v2 ResNet-50 Caltech-101 0.63 87.9 84.4 −4.1
C ReLIC-v2 ResNet-50 Caltech-101 0.63 92.8 93.2 0.4
C SimCLR ResNet-50 Caltech-101 0.63 90.3 92.1 2.0
C SwAV ResNet-50 Caltech-101 0.63 90.8 89.9 −1.0
C TWIST ResNet-50 Caltech-101 0.63 94.5 93.5 −1.1
C BYOL ResNet-50 DTD 0.74 75.5 76.2 0.9
C BYOL ResNet-50 DTD 0.74 76.9 73.6 −4.5
C DeepCluster-v2 ResNet-50 DTD 0.74 78.6 74.8 −5.1
C MoCo ResNet-50 DTD 0.74 68.8 65.4 −5.2
C MoCo-v2 ResNet-50 DTD 0.74 73.9 69.5 −6.3
C SimCLR ResNet-50 DTD 0.74 74.5 73.2 −1.8
C SimCLR ResNet-50 DTD 0.74 75.7 75.4 −0.4
C BT ResNet-50 CUB 1.62 71.4 86.8 17.7
C BYOL ResNet-50 CUB 1.62 71.0 93.5 24.1
G EVA ViT-B CUB 1.62 27.2 89.8 69.7
G MILAN ViT-B CUB 1.62 84.6 96.5 12.3
C MoCo-v3 ResNet-50 CUB 1.62 72.8 86.9 16.2
G PixMix ViT-B CUB 1.62 23.4 80.0 70.8
C BYOL ResNet-50 Flowers 1.64 94.5 94.5 0.0
C BYOL ResNet-50 Flowers 1.64 96.1 97.0 0.9
C DeepCluster-v2 ResNet-50 Flowers 1.64 94.7 95.3 0.6
C MoCo ResNet-50 Flowers 1.64 82.1 89.5 8.3
C MoCo-v2 ResNet-50 Flowers 1.64 90.1 94.4 4.6

Table 19  Relative improvement (gain) of FT compared to LP depending on the domain gap of ImageNet 
pretraining with contrastive SSL (C) or generative MIM (G) including the pretext tasks, model architecture 
and the different downstream datasets. The domain gap is measured via MMD by Chen et al. (2022b). The 
results show that FT is always superior for MMD = 0 and nearly always better for MMD > 1. ReLIC-v2 
results are from Tomasev et al. (2022) and TWIST results from Giakoumoglou et al. (2025). All BT, EVA, 
MILAN, MoCo-v3 and PixMix results are from Marks et al. (2025), BEiT-v2 from Peng et al. (2022), DINO 
from Caron et al. (2021b), M-MAE from Tan et al. (2024), iBot from Dimitrovski et al. (2024) and MAE 
from Gao et al. (2022). BYOL with MMD = 0.00 and MMD = 1.62 are from Marks et al. (2025). All MMD 
= 0.63 results are from Ericsson et al. (2021) besides the SimCLR result from Chen et al. (2020b). The MMD 
= 0.74 results are from Sirotkin et al. (2024) besides the first BYOL, the second SimCLR (Grill et al. 2020) 
as and the second SimCLR result (Chen et al. 2020b). All MMD = 1.64 results are from Ericsson et al. (2021) 
besides the second BYOL and the SimCLR result (Grill et al. 2020). MMD = 2.27 results are from Sirotkin 
et al. (2024) besides the first BYOL and the SimCLR result (Grill et al. 2020). For MMD = 2.39, the first 
BYOL, MoCo, MoCo-v2 and SwaV results are from Ericsson et al. (2021), while the second BYOL result 
from Marks et al. (2025) and the SimCLR result from Chen et al. (2020b). All MMD = 2.95 results are from 
Sirotkin et al. (2024) besides SimCLR from Grill et al. (2020)
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"linear separability because they maximize dot-product similarity" (Dubois et  al. 2024). 
Furthermore, FT is superior in all self-pretraining cases. Interestingly, for domain shifts 
with MMD below 1 (Caltech-101 and DTD), LP is mostly superior. FT could in general 
distort high-quality pretrained features given distribution shifts due to random or zero head 
initialization which is characterized by a high alignment error and can causes feature dis-
tortion (Kumar et al. 2022a). Improving head initialization or a coupled LP-FT approach 
could therefore also increase FT out-of-distribution performance (Kumar et al. 2022a). At 
the same time, it should be noted that only CL results are available for Caltech-101 and 
DTD, so they are therefore not necessarily generalizable to generative models. For higher 

C/G Method Model Down data MMD LP FT Gain
C ReLIC-v2 ResNet-50 Flowers 1.64 95.6 97.9 2.3
C SimCLR ResNet-50 Flowers 1.64 92.6 96.6 4.1
C SwAV ResNet-50 Flowers 1.64 94.6 95.5 0.9
C TWIST ResNet-50 Flowers 1.64 93.4 97.1 3.8
G iBot ViT-B UCM 1.89 96.0 97.4 1.4
G MAE ViT-B UCM (80%) 1.89 92.9 99.2 6.4
G MAE ViT-B UCM (50%) 1.89 84.5 97.9 13.7
C BYOL ResNet-50 CIFAR-10 2.27 91.3 97.8 6.6
C BYOL ResNet-50 CIFAR-10 2.27 93.3 97.0 3.8
C DeepCluster-v2 ResNet-50 CIFAR-10 2.27 94.0 97.1 3.2
C MoCo ResNet-50 CIFAR-10 2.27 80.2 93.9 14.6
C MoCo-v2 ResNet-50 CIFAR-10 2.27 92.3 96.5 4.4
C ReLIC-v2 ResNet-50 CIFAR-10 2.27 95.6 97.9 5.3
C SimCLR ResNet-50 CIFAR-10 2.27 90.5 97.4 7.1
C TWIST ResNet-50 CIFAR-10 2.27 74.4 97.9 31.6
C BT ResNet-50 CIFAR-100 2.39 57.1 84.1 32.1
C BYOL ResNet-50 CIFAR-100 2.39 77.9 84.0 7.3
C BYOL ResNet-50 CIFAR-100 2.39 54.2 71.0 23.7
G EVA ViT-B CIFAR-100 2.39 54.6 87.4 37.5
G MILAN ViT-B CIFAR-100 2.39 70.9 90.0 21.2
C MoCo ResNet-50 CIFAR-100 2.39 57.7 71.5 19.3
C MoCo-v2 ResNet-50 CIFAR-100 2.39 74.9 71.3 −5.0
C MoCo-v3 ResNet-50 CIFAR-100 2.39 76.5 79.6 3.9
G PixMix ViT-B CIFAR-100 2.39 50.0 81.1 38.3
C ReLIC-v2 ResNet-50 CIFAR-100 2.39 78.2 85.3 8.3
C SimCLR ResNet-50 CIFAR-100 2.39 71.6 85.9 16.6
C SwAV ResNet-50 CIFAR-100 2.39 79.6 84.4 5.7
C TWIST ResNet-50 CIFAR-100 2.39 66.8 86.5 29.5
C BYOL ResNet-50 Aircraft 2.95 53.9 79.5 32.2
C DeepCluster-v2 ResNet-50 Aircraft 2.95 54.5 82.5 33.9
C MoCo ResNet-50 Aircraft 2.95 35.6 75.6 52.9
C MoCo-v2 ResNet-50 Aircraft 2.95 41.8 79.9 47.7
C ReLIC-v2 ResNet-50 Aircraft 2.95 64.8 88.7 26.9
C SimCLR ResNet-50 Aircraft 2.95 49.8 87.6 43.2
C SwAV ResNet-50 Aircraft 2.95 54.0 83.1 35.0
C TWIST ResNet-50 Aircraft 2.95 53.6 85.7 59.9

Table 19  (continued) 
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MMD values, there is only one outlier with a negative gain (MoCo-v2 with ResNet-50 and 
CIFAR-100), otherwise FT is superior. This is in accordance with Ericsson et al. (2022b) 
and Zhang et al. (2023c), who state that FT is better at bridging domain as well as task gaps. 
FT could be more beneficial if pretext task or data are not perfectly aligned with the down-
stream objective as it enables task-specific adaptation, domain mismatch correction and 
performance enhancements  (Chen et al. 2020c; Chi et al. 2021; Devlin et al. 2018; Ericsson 
et al. 2022b; Hu et al. 2020; Pathak et al. 2016; Tao et al. 2023). Given e.g. the significant 
difference between ImageNet and remote sensing datasets, the fine-tuned version is always 
superior (Gao et al. 2022). According to He et al. (2023), for BYOL, Rotation and Mod-
els Genesis, LP is not beneficial given large data differences (brain MR and cardiac CT). 
Especially MIM-based approaches seem to profit from FT given large-domain shifts (Gao 
et al. 2022; Tao et al. 2023). Sorted by ascending domain discrepancy, ImageNet has an 
average gain of 14.6%, Caltech-101 −1.1%, DTD −3.2%, CUB 30.2%, Flowers 2.8%, UCM 
7.2%, CIFAR-10 6.6%, CIFAR-100 18.2%, Aircraft 40.8%. Probably a certain threshold of 
discrepancy must be reached for FT to be superior to LP, but MMD and average gain do 
not grow monotonically. Still, the results may be biased insofar as the results of generative 
models, which tend to have a higher gain, are not available for all datasets.

Domain-shifts both impact the accuracy and the ranking of the best transfer method (Marks 
et al. 2025). ID transfer methods have a higher Spearman rank correlation compared to their 
OOD counterparts (Marks et al. 2025). Both in ID and OOD settings, kNN and LP show 
a higher correlation with each other than with FT  (Marks et  al. 2025). ID-LP is a good 
predictor for OOD-LP performance, while ID-FT is only weakly correlated with OOD-
FT (Marks et al. 2025). Few-shot FT (10%) is more helpful to estimate the performance 
of OOD-FT (Marks et al. 2025). Marks et al. (2025) furthermore distinguish two types of 
domain shifts: style and categorical shifts (with coarse-grained or fine-grained features). 
The ID performance is a better predictor for the OD performance given categorical shifts 
than style shifts.

13  Conclusion

Design choices influence performance, generalization and robustness of SSL models sub-
stantially. The high level of interdependence of design choices makes their investigation 
complex and the analysis of the underlying causes of design choice sensitivity essential. 
Despite their importance, this survey is the first systematic review which contributes to a 
better understanding of design choices for SSL in CV. This conclusion summarizes the find-
ings of the preceding chapters into four principles of successful SSL design (illustrated in 
Fig. 12): (1) domain alignment and data focus, (2) a high sample count, meaning that the 
model is trained with a sufficiently high number of images or variations during pretraining, 
(3) large model pretraining ensuring an appropriate model capacity, and (4) a pretext repre-
sentations that has learned pretext invariance aligned with the downstream task. Since the 
datasets for a specific use case are usually predetermined, design choices should be made 
from a data perspective. All learning paradigms perform well provided domain-aligned 
pretraining and domain knowledge is a "key ingredient for successful" SSL (Kang et al. 
2023). Hence, domain alignment and data focus are important: they can be implemented 
via adapted masking, tailored augmentation strategies and samples with a higher relevance 
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for the downstream task (ID-pretraining). Increasing the sample count is also important 
to improve SSL performance  (Moutakanni et  al. 2024), e.g. via sample-efficient pretext 
method such as MIM (El-Nouby et al. 2024; Moutakanni et al. 2024). While network size 
seems to be more important than dataset size for SSL performance, ideally both should be 
increased accordingly, allowing large model pretraining. Lastly, the pretext representation’s 
equivariances and invariances have to be aligned with the downstream objective and the 
downstream dataset properties to ensure that it is useful for the downstream task (Ericsson 
et al. 2022b). This alignment can be ensured via the applied pretext task transformations, the 
pretext task complexity, and the data augmentation strategy.

13.1  Dependencies between design choices

Understanding how choices interact can guide the development of more reliable and effi-
cient SSL frameworks. Figure 13 presents important dependencies between design choices. 
The selected downstream data influences the pretraining data choice; both influence the size 
ratio between them, the data quality and the domain gap. Those three elements in turn influ-
ence whether OOD-, ID- or self-pretraining are the best option (see Fig. 14). If LP or FT 
should be applied for KT is influenced by the dataset sizes, the domain gap and the learning 
paradigm. The backbone architecture should be in accordance with the learning paradigm 
and the network capacity, while network capacity should take backbone architecture, com-
putational resources, task complexity and dataset sizes into consideration. The patch size 
depends on the backbone architecture and on the masking ratio, which in turn is influenced 
by the masking strategy. The learning paradigm should be chosen according to the data char-
acteristics and the training objective and align with the pretext task design. Training objec-
tives determine the task complexity, which in turn influences pretext task design, pretext 
complexity and the application of multiple pretext tasks. Each learning paradigm requires 
different design choices, some of these are also interdependent just like encoder and projec-
tor architecture as well as augmentation strategy and augmentation strength.

Fig. 12  Important principles of successful design choices for SSL are large model pretraining, high sam-
ple count, aligned pretext invariances and domain alignment as well as data focus. Although they cannot 
always be fulfilled, (e.g., domain-specific and large datasets are not always available), they contribute to 
improving performance
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Fig. 14  Decision chart whether OOD, 
ID or self-pretraining are more rec-
ommendable taking the domain gap, 
size ratio between pretraining and 
downstream dataset and data quality 
of the pretext data into consideration

 

Fig. 13  Important dependencies between design choices that should be considered. White boxes signify 
factors that are normally fixed given a specific project. Orange boxes are design choices related to the 
learning paradigm, red boxes to the pretext task design, purple to the datasets, blue to KT and green to 
the backbone architecture
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13.2  Practical considerations

As discussed in Sect. 13.1, the complex interactions among design choices make it impos-
sible to define universal strategies that always lead to optimal SSL performance. Neverthe-
less, the following practical recommendations can be derived from this work: 

1.	 Higher network capacities: Increasing the network capacity mostly improves the per-
formance and is therefore advisable, especially in combination with challenging pretext 
tasks and large pretext datasets (Chen et al. 2020c; Ericsson et al. 2022b; Devlin et al. 
2018; Goyal et al. 2019; Jing and Tian 2020). The average improvement on ImageNet-
1K for the available scenarios in Sect. 7 is e.g. 6.7% for LP and 2.0% for FT when 
increasing from ViT-S to ViT-B and 5.1% for LP when increasing from ResNet-50 
to ResNet-50 (2x). Smaller architectures and LP seem to profit more from upscaling 
than larger architectures and FT. It is therefore recommendable using at least ViT-B 
or ViT-L for LP. The extent to which different SSL frameworks profit from bigger net-
works varies significantly, some frameworks are considerably more robust regarding 
small networks.

2.	 Larger pretraining datasets:  Training with bigger pretraining datasets seems to be 
mostly beneficial. In the majority (86%) of the analyzed cases in Table  11, using a 
larger pretraining datasets is either positive or at least neutral, resulting in an average 
improvement of 1.5% when comparing the largest and the smallest available dataset 
on diverse downstream datasets and tasks. Increasing model capacity and dataset size 
should be considered jointly as one factor can bottleneck the other (Filiot et al. 2023; 
Xie et al. 2023d) and lager pretraining datasets seem to be most important for large 
models (Baevski et al. 2023; Goyal et al. 2019; Oquab et al. 2024; Singh et al. 2023). 
Still, bigger networks seem to be more important than bigger pretraining datasets.

3.	 ID pretraining:  ID pretraining seems to be more important than the size of the pre-
training dataset. According to Table  12, the average improvement of ID-pretraining 
across multiple downstream tasks and datasets is 7.7%. ID pretraining is especially 
recommendable when the available ODD dataset is smaller or not significantly bigger 
than the ID dataset (ratio 1.1 or below). Given the good performance of ID-pretraining, 
suitable pretraining datasets could be more important than optimizing the pretext task. 
Still, there seems to be no linear relation between OOD/ID size ratio and performance 
gain and ID-pretraining can also be disadvantageous.

4.	 Self-pretraining:  Self-pretraining can be particularly useful if only a small OOD data-
set is available. According to Table 13, self-pretraining is beneficial or only slightly 
negative if the self-pretraining dataset is at most about 20 times smaller than the pre-
training dataset (on average 21.6% improvement). Self-pretraining is disadvantageous 
if both the downstream dataset and the domain gap are small.

5.	 Pretraining dataset choice: In practice, the downstream dataset is usually fixed and 
(depending on the target domain) there is only a limited number of possible pretraining 
datasets. Therefore, the choice whether to apply OOD, ID or self-pretraining should 
be based on the available datasets and their characteristics. Figure 14 offers a decision 
chart based on the research results. The domain gap can e.g. be measured using the 
Maximum Mean Discrepancy (MMD) between the pretraining (Spre) and the down-
stream dataset (Sdown) (Chen et al. 2022b): 
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	 ∆domain = MMD(Spre, Sdown)

	  The size ratio is the quotient of the number of pretraining and downstream samples: 

	
rsize =

Npre

Ndown

	  If the domain gap is high but the pretraining dataset is considerably bigger than the 
downstream dataset, OOD pretraining is probably the best option. If the size ratio is 
low, then self-pretraining is probably better. Given a low domain gap and a high size 
ratio, ID pretraining is recommendable. If the size ratio is low, the pretext data quality 
should be considered, e.g. taking the balance and diversity into consideration, as these 
factors matter for generalization given low domain gaps  (Al Kader Hammoud et al. 
2025; Li et al. 2021d). Given a high quality, ID pretraining is probably superior, other-
wise self-pretraining is advisable.

6.	 FT for self-pretraining:  All analyzed models have a considerably higher FT than LP 
performance (FT is on average 14.9% better compared to LP) given self-pretraining 
on ImageNet (see Table 17 and 18). MIM models benefit even more than CL. Given 
small domain shifts (0 < MMD < 1), LP seems to be advantageous, while for larger 
domain shifts, FT also seems to be the better option. ID-LP is predictive for OOD-LP 
performance, whereas ID-FT exhibits only a weak correlation with OOD-FT (Marks 
et al. 2025).

7.	 No superior paradigm:  No SSL paradigm seems to be superior across domains, 
architectures, datasets and downstream tasks. In practice, selecting the optimal learning 
paradigm and pretext task should therefor be less relevant than curating extensive and 
domain-aligned pretraining datasets (Kang et al. 2023). All paradigms require specific 
design choices.

8.	 CL requires optimized augmentations and GR: Optimizing the augmentation strat-
egy is essential for CL and can generate more significant improvements (ca. 1-5%) than 
hyperparameter optimization or algorithmic enhancements  (Morningstar et  al. 2024; 
Wagner et al. 2022; Zhang et al. 2021e). Discarding the projector after pretraining is 
crucial to ensure that the more generalizable encoder representation is beneficial for the 
downstream task (Balestriero et al. 2023; Cosentino et al. 2022a; Gupta et al. 2022; Ma 
et al. 2023; Mialon et al. 2024; Przewikeźlikowski et al. 2024; Shwartz Ziv and LeCun 
2024; Xue et  al. 2024). Projectors mitigate eventual biases due to pretraining or ill 
optimization. The optimal layers to discard during GR depend on the downstream task, 
dataset, training configuration and pretext overfitting (Bordes et al. 2023a). Increasing 
the dimensionality of the last encoder layer increases the performance (Assran et al. 
2022a; Bordes et al. 2023c; Dubois et al. 2024).

9.	 MIM benefit from ViT and moderate masking ratios:  MIM models should prefer-
ably use large-capacity ViT backbones (El-Nouby et al. 2021; Li et al. 2024a; Konstan-
takos et al. 2025; Wei et al. 2022b; Xie et al. 2023d). They require masking strategies 
to learn higher-level semantic features. Very high masking ratios (≥ 90%) do not seem 
to be beneficial, probably they hinder higher-level learning (Kong et al. 2023; Li et al. 
2024b; Xie et al. 2022b). Very small masking ratios (≤ 15%) seem to be only beneficial 
for small networks (e.g. ViT-S) or high patch ratios. Most MIM models seem to benefit 
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from moderate masking ratios. Similar to projectors in CL, MIM profits from discard-
ing the head after pretraining.

10.	 MIM works best with FT:  While FT is most suitable for MIM, self-pretraining and 
large domain gaps, LP can be beneficial for CL and small domain gaps.

11.	 Predictive SSL requires distinctive pseudo-categories:  The distinctiveness of 
pseudo-categories is important for predictive SSL and should be considered for pre-
text design.During pretraining, the representation quality can decrease in deeper layers 
and becomes too adapted to the pretext task, so features should rather be extracted in 
intermediate layers to improve downstream transferability (Caron et al. 2018; Gidaris 
et al. 2018; Kim et al. 2018; Kolesnikov et al. 2019; Mundhenk et al. 2018; Noroozi 
and Favaro 2016; Zhang et al. 2023c; Zhuang et al. 2019b). Multiple pretext task can be 
beneficial if these are well aligned.

13.3  Limitations

Similar to hyperparameters, the gains from optimizing one design choice are often non-
linear and influenced by other design choices, which makes it difficult to transition from one 
design setup to another (Moutakanni et al. 2024). Determining which design choice has the 
greatest impact is challenging, as one single choice often is not isolated. Consequently, neg-
ative effects of one suboptimal design choice could be mitigated by another. Most publica-
tions vary several design choices and hyperparameters, making it challenging to draw clear 
conclusions. Even if such conclusions are possible for one specific case, they cannot always 
be generalized. Furthermore, it is difficult to determine which design choice exerts the most 
significant influence due to the difficulty in comparing the varying degrees of change in dif-
ferent design choices. For example, how to you compare an increase from ViT-B to ViT-L 
with an increase in dataset size from ImageNet-1K to ImageNet-21K when in the first case 
the relevant unit is “trainable parameters” and in the second case it is “data samples”? 
As research on SSL often focuses on few object-centric RGB datasets, such as ImageNet, 
findings can not always be generalized to other datasets  (Cole et al. 2022) and semantic 
information might not be preserved during SSL given images from other domains (Huang 
et al. 2023). Developing wider benchmarks to study SSL performance across multiple tasks 
and domains is therefore important to avoid designing and optimizing SSL only for few 
object-centered datasets (Ericsson et al. 2022b). Varying design choices and hyperparam-
eter settings across publications may also explain why research results sometimes appear 
contradictory.

13.4  Future work

This work lays the foundation for a better understanding of design choices for SSL, but fur-
ther research is required. The following aspects in particular should be investigated: 

1.	 Isolated and interacting effects: While the systematic examination of an isolated 
design choice can be of great interest, the interconnections should always be taken 
into account to better understand sensitivity and dependencies. Related design choices 
across paradigms should be jointly considered, as often phenomena are perceived as 
distinct when, in fact, they are similar or even identical. This is often due to different 
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terminologies or research contexts. For instance, the concepts of extraction layers and 
GR are regarded as distinct, despite sharing similarities. It would be worthwhile to 
study such design choices together to create a more holistic understanding.

2.	 Design choices and robustness: While this work mainly focuses on the impact of 
design choices on performance, future work should analyze how design choices influ-
ence robusteness, i.e. with respect to input perturbations, distribution shifts, and down-
stream task variability.

3.	 Disentangling backbone choice and pretext objective: More research is required to 
determine the extent to which the differences between contrastive and generative SSL 
are due to the fact that the former is mostly used with CNN backbones and the latter 
with ViT backbones, and to what extent they are actually caused by the different pretext 
tasks.

4.	 Design choices of hybrid SSL: Hybrid SSL could in general overcome the limitations 
of the individual paradigms (Deepa et al. 2025; Shi et al. 2023b) and will probably con-
tinue to increase importance. Consequently, a focus on design choices for hybrid SSL 
and how combining generative and discriminative elements creates synergies would be 
interesting.

5.	 Transparent reporting and reproducibility: It is particularly important that design 
choices are made transparent in all publications in order to create a basis for comparison 
and reproducibility.

Ultimately, deeper insight into design choices will be essential not only for improving per-
formance, but also for achieving robustness and reliability across diverse downstream tasks 
and data distributions.
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